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Retrieval-Augmented Multimodall

Understanding
Fromm Models to Evaluation

Abstract

In Artificial Intelligence, the introduction of the attention mechanism and
the Transformer architecture has enabled models capable of processing
multiple modalities at unprecedented scale. This breakthrough is largely
due to the flexibility of the attention operator and the adaptability of the
architecture, which have given rise to a new generation of vision-language
systems. Among the tasks at the intersection of Computer Vision, Natural
Language Processing, and Multimedia, image captioning (ie, the task of
generating natural language descriptions of visual content) has played
a pivotal role. In the era of modern Multimodal Large Language Models
(MLLMS), captioning remains a fundamental component, now coexisting
with multimodal tasks such as Visual Question Answering (VQA).

To further enhance the capabilities of such models, retrieval augmen-
tation has emerged as a key strategy. Enriching models with relevant ex-
ternal knowledge improves factual grounding and adaptability, enabling
more accurate and context-aware responses, particularly in knowledge-
intensive or domain-specific scenarios. This thesis represents the natural
evolution of retrieval augmentation, moving from its early application in im-
age captioning to its integration within modern MLLMs. Each stage builds
upon the insights and challenges encountered along the way, addressing

open problems in evaluation and retrieval effectiveness.



The first part of the thesis establishes the foundations of retrieval-
augmented vision—-language models. It analyzes classical cross-modal
retrieval and extends beyond standard settings to address more com-
plex scenarios, including multimodal queries and heterogeneous docu-
ments. A central insight is that retrieval quality critically determines perfor-
mance, particularly as multimodal applications increasingly involve both
multimodal queries and document collections. In response, this work we
present new retrievers (ReT and ReT—Z) tailored for multimodal scenarios.

Building on this, this work investigates retrieval-augmented architec-
tures for captioning through the introduction of the RA-Transformer, in
which external knowledge is integrated into the caption generation, pro-
viding cues to generate richer and more precise descriptions.

The thesis then extends retrieval augmentation to MLLMs, motivated by
the fact that even large-scale pretraining struggles with domain-specific
or knowledge-intensive queries. Specifically, WikiLLaVA introduces retrieval-
augmented MLLM architectures for knowledge-based VQA, where retrieval
mechanisms are used to enhance reasoning capabilities and adaptability
to complex multimodal queries.

Throughout this research, it becomes evident that the advancement of
captioning models is constrained by the lack of robust and reliable evalua-
tion metrics. Traditional metrics, while widely adopted, often fail to capture
semantic adequacy, factual grounding, and fluency. To address this, a
major contribution of this thesis is the design and analysis of new evalu-
ation metrics for image captioning — i.e, PAC-S, BRIDGE, and an improved
version of PAC-S. These metrics are specifically designed to align with hu-
man judgment and capture the multifaceted quality of captions. Beyond
their introduction, the thesis investigates their application across different
benchmarks and domains, including their ability to evaluate captions gen-
erated by MLLMs, reflecting the shift of captioning from a standalone task

to an integral component of broader multimodal reasoning systems.



Overall, this thesis, through novel retrieval-augmented captioning archi-
tectures, improved evaluation metrics, and specialized multimodal retriev-
ers, contributes new methodologies, tools, and insights that advance the

field of multimodal Al.






Multimodal Understanding tramite

Retrieval-Augmentation
Dai Modelli alla Valutazione

Sommario

Nel campo dellIntelligenza Artificiale (IA), lintroduzione del meccanismo
di attention e del Transformer ha reso possibili modelli in grado di elab-
orare pit moddalitd su scala senza precedenti. Questa svolta & dovuta
in gran parte alla flessibilitd dell'operatore di attention e alladattabilitd
dell'architettura, che hanno dato origine a una nuova generazione di sis-
temi visione-linguaggio. Tra i task allintersezione tra Computer Vision, Nat-
ural Language Processing e Multimedia, limage captioning (ovvero la gen-
erazione di descrizioni in linguaggio naturale a partire da contenuti visivi)
ha svolto un ruolo centrale. Nell'era dei moderni Multimodal Large Lan-
guage Models (MLLMs), il captioning resta un elemento fondamentale, oggi
affiancato da task multimodali come il Visual Question Answering (VQA).

Per potenziare le capacitd di questi modelli, la retrieval augmentation
€ emersa come una strategia chiave. L'arricchimento dei modelli con ril-
evante conoscenza esterna migliora 'adattabilitd, consentendo risposte
piu accurate e sensibili al contesto, soprattutto in scenari complessi o spe-
cialistici. Questa tesi rappresenta l'evoluzione naturale della retrieval aug-
mentation, passando dalle sue prime applicazioni nellimage captioning
alla sua integrazione nei moderni MLLMs. Ogni fase si basa sulle intuizioni
e sulle sfide incontrate, affrontando problemi aperti legati alla valutazione

e all'efficacia del retrieval.



La prima parte della tesi stabilisce le basi dei modelli visione-linguaggio
con retrieval augmentation. Si analizzano le tecniche classiche di cross-
modal retrieval e si va oltre le casistiche standard per affrontare scenari
pit complessi, inclusi query multimodali e collezioni di documenti eteroge-
nee. Un'intuizione centrale & che la qualitd del retrieval determina in modo
critico le prestazioni, soprattutto in applicazioni multimodali con query mul-
timodali e grandi collezioni documentali. In risposta a questa osservazione,
illavoro presenta nuoviretriever, ReT e ReT-2, progettati specificamente per
scenari multimodali.

La tesi indaga anche architetture di captioning con retrieval augmenta-
tion attraverso l'introduzione del RA-Transformer, in cui la conoscenza es-
terna viene integrata direttamente nel processo di generazione, fornendo
segnali utili a produrre caption piu ricche e precise.

Successivamente, il lavoro estende la retrieval augmentation ai MLLMs,
motivato dal fatto che anche il pretraining su larga scala mostra limiti
nell'affrontare query knowledge-intensive o specifiche di dominio. In par-
ticolare, WikiLLaVA introduce architetture MLLM con retrieval augmentation
per il knowledge-based VQA, in cui i meccanismi di retrieval potenziano le
capacita di ragionamento e I'adattabilitd a query multimodali complesse.

Nel corso della ricerca emerge come il progresso dei modelli di cap-
tioning sia limitato dalla mancanza di metriche di valutazione robuste e
affidabili. Le metriche tradizionali, sebbene ampiamente utilizzate, spesso
non riescono a catturare adeguatezza semantica, grounding fattuale e
fluidita linguistica. Quindi, un contributo fondamentale di questa tesi & la
progettazione e l'analisi di nuove metriche di valutazione per 'image cap-
tioning, ovvero PAC-S, BRIDGE e una versione migliorata di PAC-S. Tali met-
riche sono progettate per allinearsi al giudizio umano e per catturare la
qualita delle descrizioni. La tesi ne analizza anche l'applicazione su diversi
benchmark e domini, inclusa la loro capacitd di valutare caption generate

da MLLMs, riflettendo il passaggio del captioning da compito autonomo a

VI



componente di sistemi di ragionamento multimodale pitd ampi.

Nel complesso, attraverso nuove architetture di captioning con retrieval
augmentation, retriever multimodali specializzati e metriche di valutazione,
questa tesi fornisce metodologie, strumenti e contributi che avanzano lo

stato dell'arte nellambito dellIntelligenza Artificiale multimodale.
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Introduction

ision and language constitute two of the most fundamental
modalities through which humans perceive, interpret, and com-
municate about the world. Visual input provides rich, structured
information about objects, scenes, and spatial relationships, while lan-
guage enables abstraction, reasoning, and the expression of meaning. The
interaction between these modalities is central to human intelligence and

underpins our ability to describe, explain, and reason about what we see.

The growing interest in generative models has naturally led to the de-
velopment of systems designed to describe visual content in natural lan-
guage. For a human observer, this task feels effortless: we instinctively
recognize objects, infer their relationships and actions, and choose words

that convey what is happening in a scene. Depending on the context and



1. Introduction

Evolution of Vision-and-Language Research
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Figure 1.1: Evolution of vision—and-language research over time*. Key milestones in
model development are annotated, highlighting major advances in the field.

intent, we may produce a concise factual description or articulate impli-
cations that go beyond what is explicitly visible. Beneath this apparent
simplicity lies a complex cognitive process, requiring the tight integration
of visual perception, semantic understanding, and language generation,
with attention dynamically focused on the most relevant elements.

Enabling machines to achieve comparable capabilities poses a funda-
mental challenge in artificial intelligence. This has given rise to the task
of image captioning, which serves as a canonical problem for studying
vision—language integration and generative modeling.

More recently, the advent of Large Language Models (LLMs) with strong
reasoning and generative abilities has reshaped the multimodal land-
scape. By extending these models to process visual inputs, Multimodal
Large Language Models (MLLMs) have moved beyond standalone cap-

tioning toward more general multimodal reasoning tasks, such as visual

*The number of papers per year was estimated using Google Scholar by search-
ing for publications containing “vision and language.”
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question answering and grounded dialogue. In this setting, captioning be-
comes one of several ways in which models express visual understand-
ing, often producing longer, more descriptive, or more explanatory outputs.
While these models exhibit impressive capabilities, they also introduce new
challenges in terms of evaluation, controllability, and factual grounding.
As illustrated in Figure 11, the number of vision-and-language papers has
grown rapidly over the last decade.Early work in image captioning primar-
ily relied on attentive architectures, followed by approaches leveraging
the CLIP model. The introduction of multimodal large language models
(MLLMS), such as LLaVA, has further accelerated research, leading to a sig-
nificant increase in publications in this field.

Despite their rapid development and impressive capabilities, both im-
age captioning models and modern MLLMs share a fundamental limita-
tion: their understanding of the world is ultimately bounded by the data
seen during pretraining. Captioning models, in particular, are often trained
on relatively narrow or domain-specific datasets, which restricts their abil-
ity to generalize beyond familiar visual concepts. Even large-scale MLLMs,
although trained on vast multimodal corpora, can struggle when faced
with fine-grained queries, specialized domains, or information that is rare,
implicit, or simply absent from their training data. In these situations, fluent
generation and reasoning alone are not sufficient.

Retrieval augmentation naturally emerges as a response to this gap. By
allowing models to dynamically retrieve and incorporate external informa-
tion at inference time, retrieval-augmented architectures offer a way to
ground multimodal generation in up-to-date, domain-specific, and con-
textually relevant knowledge. Rather than relying solely on what has been
implicitly memorized during training, models can extend their effective
knowledge, producing outputs that are not only more informative but also
more reliable and adaptable.

Crucially, the effectiveness of retrieval-augmented systems critically de-

3



1. Introduction

pends on the quality of the retrieval mechanism itself. As multimodal ap-
plications increasingly involve complex queries and large-scale, heteroge-
neous corpora retrieval evolves from a simple matching problem into a
challenging multimodal reasoning task in its own right. This progression
motivates the study of increasingly sophisticated retrieval models, moving
from standard vision—language alignment toward advanced multimodal
retrieval systems.

At the same time, evaluating the outputs of these systems remains a
persistent challenge. While substantial progress has been made in gen-
erating fluent and descriptive captions, assessing their quality is inherently
difficult due to the subjectivity and variability of natural language. This chal-
lenge has motivated the development of specialized evaluation metrics
aimed at capturing semantic adequacy, factual correctness, and align-

ment with human judgment.

11 Contributions & Organization

During my doctoral research, | explored the multimodal world from several
complementary perspectives, following the natural evolution from founda-

tional tasks to complex reasoning and generation.

« Chapter 2 presents the background on vision-and-language models,
tracing the evolution from traditional image captioning approaches
to modern multimodal large language models (MLLMs), and intro-

duces the most relevant benchmarks for evaluation.

« Chapter 3 reviews retrieval-augmented models, covering their ap-
plication to both image captioning and MLLMs, including knowledge-

based visual question answering and associated benchmarks.

« Chapter 4 focuses on learning to retrieve, discussing standard re-

trieval foundations, complex multimodal scenarios, and the develop-

4



1.1. Contributions & Organization

ment of the ReT and ReT-2 retrieval models, including training proce-

dures, analyses, and experimental results.

Chapter 5 describes retrieval-augmented image captioning models,
detailing the RA-Transformer (RA-T) and Prototypical Memory Net-
works for Image Captioning (PMA-Net), along with their correspond-

ing experiments.

Chapter 6 covers retrieval-augmented MLLMs, including the
WikiLLaVA and ReAG architectures, their retrieval strategies, filtering
mechanisms, generator training procedures, and experimental

evaluations.

Chapter 7 introduces image captioning evaluation metrics, includ-
ing popular metrics, taxonomy, benchmarks, and correlations with

human judgment.

Chapter 8 presents the evolution of image captioning evaluation, de-
scribing advanced metrics (PAC-S, PAC-S++, BRIDGE), comparative

analyses, and applications in multimodal LLMs.

Chapter 9 concludes the thesis, summarizing the contributions
and outlining future directions and open problems in vision-and-

language research.
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Vision & Language Models:

Foundation and Evolution

he integration of visual and linguistic understanding has long been

a central pursuit in multimodal Al, driven by the goal of en-

abling machines to interpret, describe, and reason about the

world in a human-like manner. Early research focused on tightly scoped
tasks—such as aligning images with textual labels or retrieving descriptive
sentences—laying the groundwork for more structured approaches to con-
necting vision and language. Among these, image captioning emerged

as a pivotal problem setting, offering a concrete way to study how vi-

This chapter discusses topics from the following papers: D. Caffagni et al, “The
Revolution of Multimodal Large Language Models: A Survey”, ACL Findings 2024 [27].
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2. Vision & Language Models: Foundation and Evolution

sual stimuli can be transformed into coherent natural language. Beyond
its practical applications, image captioning has served as a conceptual
bridge toward more general multimodal reasoning, influencing the devel-
opment of vision—language pretraining, cross-modal alignment strategies,
and, ultimately, the multimodal large language models that now underlie

state-of-the-art systems.

21 From Image Captioning to Multimodal

Large Language Models

This section provides a brief overview of the evolution from traditional im-
age captioning to modern multimodal large language models (MLLMs).
While image captioning focuses on generating descriptive text for images,
MLLMs extend this capability to more complex reasoning tasks, including
visual question answering and grounded dialogue. The following sub-
sections first revisit the foundations of captioning before highlighting how
these models have expanded toward general multimodal understanding

and reasoning.

211 The Emergence of Vision—Language Learning

Because of the important role it can play in connecting vision and lan-
guage in multimedia systems [117, 7, 4], image captioning has emerged
as a fundamental task at the intersection of Computer Vision, Natural Lan-
guage Processing, and Multimedia. Specifically, image captioning is the
task of describing the visual content of an image in natural language, em-
ploying a visual understanding system and a language model capable of

generating meaningful and syntactically correct sentences [251].
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2.1. From Image Captioning to Multimodal LLMs

Standard Captioning Architecture. Image captioning architectures con-
sist of an image encoding component and a language model that pro-
duces a coherent sentence in natural language describing the visual con-
tent of the input image. Therefore, it is important to focus on developing
appropriate connections between the visual and textual modality [251].

Early image captioning approaches relied on detecting relevant ob-
jects in an image and filling pre-defined linguistic templates accord-
ingly [249, 297]. More recent methods frame image captioning as a deep
learning—based generative problem. In the standard setting, the task is
formulated as an image-to-sequence mapping, where the input consists
of raw pixels. These inputs are first transformed during a visual encoding
stage into one or more feature vectors that represent the visual content of
the image. This representation is then passed to a generative language
model, which produces a sequence of words or subwords drawn from a
fixed vocabulary. An effective representation of visual information is there-
fore a central challenge in image captioning pipelines. Complementarily,
the language model is responsible for modeling natural language as a
stochastic process by predicting the probability of word sequences. This
makes it a crucial component of image captioning systems. Formally, im-
age captioning models aim at modeling a distribution p(y|I) over possible
natural language descriptions y given an input image 1.

During generation, the language model operates in an auto-regressive
manner: each word is predicted conditioned on the previously generated
words. Caption generation typically terminates when the model emits a
special end-of-sequence token.

Building on this formulation, the advent of deep learning led to the
widespread adoption of recurrent neural networks (RNN) and long short-
term memory (LSTM) for the captioning task. In analogy to the sequence
modeling used in machine translation [ ], the basic RNN-based encoder-

decoder scheme was employed in conjunction with CNNs for encoding

9



2. Vision & Language Models: Foundation and Evolution

the visual content [ , g ]. Nowadays, attentive and Transformer-
based architectures [270] are often employed both in the visual encoding
stage [61, 172], either applied to image patches directly [70, 265] or to re-

fine features from a visual backbone, and as language models [97, 60, 32].
Regarding language models, in the last few years, large performance
improvements have come from increasing the amount of training data,

model size, and performing large-scale training [216, 23].

The introduction of Transformer-based models in image captioning has
also brought to the development of effective variants of the self-attention
operotor[ , 97, , 64, 90, ] and to that of vision-and-language early-
fusion approaches [150, 106, 325] based on BERT-like architectures [68]. On
the image encoding side, a recent paradigm is that of employing visual
features extracted from large-scale multi-modal architectures [ , 62,16,

| like CLIP [215].

Convolutional [8] and fully-attentive language models [185, , ]
based on the Transformer paradigm have been used due to the limited
representation power and sequential nature of RNN-based language mod-
els and thanks to their success in NLP tasks such as machine translation

and language understandings [270, 68, 252].

Training Strategy. During the training stage, an image captioning model
is commonly expected to generate a caption word by word by taking into
account the previous words and the image. At each step, the output word

is sampled from a learned distribution over the vocabulary words.

Specifically, the model is optimized with a time-wise language model-
ing objective, usually expressed with a cross-entropy loss. Given an image
I and a ground-truth caption g, in the form of a sequence of tokens, the
objective at each time-step ¢ is to predict a probability density over the
token dictionary given previous ground-truth tokens {j.}.<; [64, 63]. De-

pending on the tokenization algorithm of choice, tokens might correspond

10



2.1. From Image Captioning to Multimodal LLMs

to entire words or to sub-words, and the cross-entropy loss encourages

the predicted probability distribution to match the ground-truth token g,.

An additional fine-tuning stage based on reinforcement learning might
also be carried out — in this case, the model is usually asked to generate
an entire caption y by relying on its own prediction of previous tokens. The
generated caption is then usually matched with ground-truth captions to

obtain a reward signal [222].

Training Datasets. Early image captioning architectures were commonly
trained and tested on the Flickr30K [307] and Flickr8K [100] datasets, con-
sisting of pictures from the Flickr website, containing everyday activities,
events, and scenes, paired with five captions each. Currently, the most
commonly used dataset is Microsoft COCO [158], which consists of images

of complex scenes with people, animals, and common everyday objects.

Beyond supervised training on curated benchmarks, recent work has
demonstrated the effectiveness of large-scale pre-training. These do-
tasets often consist of weakly associated or noisy image-text pairs col-
lected from the web or from related tasks such as visual question answer-

ing, image—text retrieval, and text-to-image generation. Examples include

SBU Captions [205], YFCCIOOM [261], Conceptual Captions [24], 36], and
WIT [250], as well as even larger proprietary datasets such as ALIGN [113, 278]
and those used to train CLIP [215] and DALL-E [220].

In addition to domain-generic resources, domain-specific datasets
play an important role in addressing specialized challenges in caption-
ing. These datasets target particular visual or semantic domains, such as
assistive technologies (Vizwiz [92] , fine-grained object categories (CUB-
200 [221], Oxford-102 [221]), fashion, news imagery, or images containing
embedded text. These datasets help extend captioning models beyond
generic scenarios and support specialized applications. In Figure 2.1, some

qualitative examples from most of the most common captioning datasets.

1



2. Vision & Language Models: Foundation and Evolution

coco VizWiz TextCaps
! 3 .
G -
A glass bow cantains A person is halding o The billbaard displays
a horse jumping peeled tangerines and small container of cream ‘Welcome to Yakima The
over a pole jump. cut strawberries. upside down. Palm Springs of Washington”
Conceptual Captions Fashion Captioning CUB-200

Cars are on the streets.

Small stand of trees, just
visible in the distance in
the previous pholo.

B

A decorotive leather
padleck on @ compact bag
with croc embossed leather.

This bird is blue with
white on its chest and has
a very short beak.

Figure 2.1: Qualitatives examples of different captioning datasets [251].

212 Towards General Multimodal Reasoning

The introduction of the attention operation and the Transformer architec-
ture [270] not only has been useful to develop more powerful image cap-
tioning models, but it has enabled the creation of models capable of han-
dling various modalities on an increasingly large scale. Initially, this break-
through was leveraged for language-specific models [68, 23] but quickly
extended to support diverse modalities [175] and facilitate their integration
within unified embedding spaces [215]. The surge in sophisticated Large
Language Models (LLMs), particularly their capacity for in-context learning,
has encouraged researchers to broaden the scope of these models to en-
compass multiple modalities, both as inputs and outputs.

Building on these developments, the role of vision—-language models
has progressively shifted from narrowly defined generation tasks toward
more general forms of multimodal reasoning. While early image cap-
tioning models were explicitly designed to produce short, descriptive sen-
tences grounded in visual content, contemporary Multimodal Large Lan-
guage Models are primarily optimized for reasoning-intensive tasks such
as visual question answering, multimodal dialogue, and instruction follow-

ing. Within this broader setting, image captioning is no longer treated as a

12



2.1. From Image Captioning to Multimodal LLMs

The unusual aspect of this image is a man
-~ ironing clothes on the back of a minivan. i
é This is not a typical place to iron ...
q U

A
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____________

____________

What is unusual about this image? Please
‘ output the bounding box of the man.
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Figure 2.2: General architecture of Multimodal Large Language Models (MLLMs),
composed of a visual encoder, a language model, and an adapter module that
connects visual inputs to the textual space.

standalone task, but rather as one of several possible multimodal outputs
that can be elicited through appropriate prompts or instructions.

The advanced reasoning capabilities of these models have also re-
shaped the nature of captions, which are now typically longer, more ex-
pressive, and stylistically diverse. While this shift enables richer descrip-
tions, it simultaneously raises new challenges related to visual grounding,
controllability, and evaluation, redefining the role of image captioning in

contemporary multimodal systems.

Standard Multimodal LLMs Architecture. Any MLLM contains at least three
components: an LLM backbone serving as an interface with the user, one
(or more) visual encoders, and one or more vision-to-language adapter
modules. Figure 2.2 illustrates the general architecture and the interaction
among these components. Popular choices for the LLM backbone often

fall into the LLaMA family [ , ], given that their weights are freely ac-
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2. Vision & Language Models: Foundation and Evolution

cessible, they have been trained on public datg, and they boast different
sizes to accommodate various use cases. In addition, their derivative ver-
sions are popular as well, such as Alpaca [259] and Vicuna [54]. The for-

mer fine-tunes LLOMA on instructions written using GPT-3, while the latter

exploits user-shared conversations with ChatGPT [ |. Alternatives are
OPT [317], Magneto [275], MPT [198], and the instruction-tuned [56] or multi-
lingual [292] flavors of T5 [217], an encoder-decoder language model pre-

trained for multiple tasks.

The visual encoder is designed to provide LLMs with visual information
and the most used ones are CLIP-based architectures [215, ] whose pre-
training objective is the alignment between CLIP embeddings, obtained

thanks to a contrastive loss that aligns the correct image-text pairs.

The simultaneous presence of inputs from different modalities empha-
sizes the need to incorporate a module capable of delineating latent cor-
respondences within these unimodal domains. These modules, termed
as “adapters”, are intended to facilitate interoperability between the visuall
and textual domains. A spectrum of different adapters are used in com-
mon MLLMSs, ranging from elementary architectures such as linear layers or
MLP to advanced methodologies such as Transformer-based solutions, ex-
emplified by the Q-Former model, and conditioned cross-attention layers

added to the LLM.

Training Startegy. Starting from a pre-trained LLM, the training of an MLLM
undergoes a single-stage or a two-stage process. In both cases, a stan-
dard cross-entropy loss is utilized for predicting the next token, serving as
an auto-regressive objective. The most popular approach is the two-stage
process (see Figure 2.3), where in the first of the two training stages, the ob-
jective is to align the image features with the text embedding space. After
this stage, the outputs tend to be fragmented and not coherent. Therefore,

a second step is done to improve multimodal conversational capabilities.
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Stage 1 - Pre-Training ———
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Figure 2.3: Standard LLaVA framework with a two-stage training process. The first
stage aligns the visual features to the underlying LLM, ensuring effective cross-modall
representation. The second stage enhances the MLLM conversational capabilities
through visual instruction tuning. Following this paradigm, we systematically com-
pare different LLM and visual encoder choices to evaluate their impact on various
multimodal tasks.

LLaVA [168,166] is among the first to introduce a visual instruction-following
training scheme, which is performed as a second training stage updating
the parameters of both the multimodal adapter and LLM. During the first

stage, instead, only the multimodal adapter is trainable.

Training Datasets. During the first (or single) training stage, the datasets
predominantly consist of large-scale, publicly available, and uncurated
data. For instance, the Conceptual Captions 3M (CC3M) dataset [241]
is composed of 3M images paired with textual captions specifically de-
signed for image captioning systems. Unlike the widely-used and curated

MS-COCO [158] dataset, which serves similar purposes, images and cap-
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2. Vision & Language Models: Foundation and Evolution

tions in CC3M are gathered from the web, showcasing a broader spectrum
of styles and content. Similarly, the LAION family [236, | represents an
extended collection of non-curated image-text pairs sourced from web
pages, providing a rich resource for pre-training multimodal language
models. Additionally, the COYO-700M [26] dataset stands out as a signif-
icant resource, containing 747M image-text pairs. Notably, each alt-text
in COYO-700M is linked to an image within HTML documents. Furthermore,
DataComp [78] presents an extensive pool of 12.8B filtered image-text pairs
sourced from common crawl.

It is important to highlight the distinction between datasets used in the
initial phase of training, which typically comprise large-scale, uncurated
data, and those selected for refinement in next stages. While the former
emphasizes diversity and scale, the latter focuses on specificity and task

relevance, facilitating a more tailored approach to model optimization.

2.2 Evaluation Benchmarks for V&L Models

221 Image Captioning Benchmarks

A variety of datasets have been introduced over the years to evaluate im-
age captioning models rigorously and support the development of gen-
eral vision—-language models. These benchmarks differ in scale, annota-
tion quality, and domain coverage. Below, we summarize the most widely

adopted resources in the field.

COCO [158]. This benchmark can be considered as the reference evalu-
ation benchmark for image captioning models [251] as well as the largest
dataset with human-collected annotations for the task. In particular, COCO
contains more than 120,000 images, each of them manually annotated

with five textual captions collected by using Amazon Mechanical Turk. Usu-
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ally, the dataset is employed by following the splits defined by Karpathy et
al. [ ], where the training set is composed of 82,783 images while both the

validation and test set contain 5,000 images.

CC3M [241]. Conceptual Captions 3M is a large-scale dataset designed
to support vision—-language pretraining through noisy but diverse web-
scraped image—text pairs. Unlike COCO, which provides human-written
captions, CC3M captions are automatically extracted from the alt-text
metadata of images crawled from the web, followed by a series of filtering
and cleaning steps aimed at removing personal information and overly de-
scriptive or low-quality text. The dataset contains approximately 3 million
images with a single associated caption each, offering broad visual and

linguistic coverage at the cost of increased noise.

nocaps [3]. This dataset has been introduced for the novel object cap-
tioning task where the goal is to effectively describe objects not present in
the image-caption pairs used to train the captioning model. The dataset
contains 4,500 validation and 10,600 test images from the Open Images
V4 dataset [129], where each image has been annotated with 10 human-
written captions. Images can be further grouped into three subsets de-
pending on their nearness to COCO (i.e. in-domain, near-domain, and out-
of-domain images). Specifically, in-domain images only contain objects
that are also present in the original COCO dataset, out-of-domain images
exclusively contain object classes that are not present in COCO and thus

represent the most challenging evaluation set, while near-domain images

2.2.2 Multimodal LLMs Benchmarks

MLLMs are evaluated across different benchmarks, taking into account
both more classic visual comprehension and recognition skills and ad-
vanced multimodal conversation capabilities. One of the most important

skills of MLLMs is their ability to effectively answer questions based on the
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given input image. This ability is quantitatively evaluated across several
visual question-answering datasets, measuring the accuracy [9] of the an-
swers provided by the MLLM. In the following, we will present just some of

the most important benchmarks.

VQAV2 [87]. is an extended and balanced version of VQA [9] built by col-
lecting similar images for the same question, but whose answer is different
compared to the original one. This makes it difficult to perform favorably
for those models that ignore visual information and only rely on language

priors while answering questions.

GQA [111]. is based on Visual Genome scene graph annotations [125] and
comprises 113k images and 22M questions focusing on scene understand-

ing and compositionality.

OKVQA [187]. is a benchmark to study how vision-and-language models
can address visual questions whose answers cannot be completely found
in the image, encouraging systems that also rely on external knowledge.

The test set has 14,055 open-ended questions.

VizWiz [91]. originates from authentic situations involving individuals with
visual impairments who have taken images and articulated accompany-
ing inquiries about them, together with 10 responses. The validation split
consists of 4,319 images paired with their corresponding questions, while

the test split encompasses roughly 8,000 instances.

ScienceQA (sQA) [182]. evaluates models over challenging multimodal
multiple-choice questions about 3 subjects (i.e, natural science, language
science, and social soience), 26 topics, 127 categories, and 379 skills. Each
question is annotated with explanations linked to relevant lectures. The test

set includes 4,241 examples.

Visual Spatial Reasoning (VSR) [163]. contains images from COCO, each
paired with a caption mentioning two concepts and the spatial relation

between them. Models have to choose if a given caption is true or false
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according to the picture. MLLMs are typically evaluated on the 616 samples

from the zero-shot test split.

IconQA [183]. tests the visual reasoning abilities of vision-and-language
models on three types of questions: multiple-image-choice, multiple-text-
choice, and fill-in-the-blank. The dataset stems from real-world problems
found in math textbooks and focuses on abstract images (i.e., icons). There

are 107,439 questions, 20% of which makes up for the test split.

TextvQA (VQAT) [ ]. is a dataset based on pictures from Open Im-
ages [130] and challenges OCR capabilities of vision-and-language mod-

els. The test set comprises 5,734 examples.

OCR-VQA [197]. presents a new task in visual question answering by inter-
preting text within images and involves a collection of 207,572 images of

book covers, accompanied by more than 1M question-answer pairs.

POPE [151]. is a valuable benchmark for evaluating object hallucination
challenges within MLLMs. It encompasses several distinct subsets, namely
random, popular, and adversarial, which are generated utilizing a variety
of sampling methodologies. Cumulatively, it is a binary classification query
dataset that comprises 8,910 entries, facilitating comprehensive investiga-
tions into the phenomenon of object hallucination in MLLMs.
Comprehensively describing the visual input is another important skill
desired in MLLMs. To evaluate this, various image captioning datasets
are commonly employed. As regards the evaluation metric, the CIDEr
score [271], which is the reference metric for the task, is used to compare
generated image descriptions with ground-truth captions. In this case the
majority of datasets employed are those presented in Section 2.2.1.
Thoroughly evaluating MLLMs is challenging and remains an open fron-
tier. While evaluating on standard datasets represents a valid choice,
many benchmarks designed for MLLMs have been recently proposed. They

require very strong perception and cognitive skills to succeed, and often
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they query for deep domain-specific knowledge. Among these efforts, the
Cambrian evaluation suite | ] stonds out as a unifying framework. Itis a
comprehensive benchmark comprising 16 tasks spanning four categories:

General, Knowledge, OCR, and Vision-Centric.

Vision-Centric. In this category, Cambrian comprehends Real-
WorldQA [ ], which evaluates commonsense reasoning based on visual
inputs; MMVP [264], which probes the visual perception skills of a model
across nine classes of questions; Blink [77] and CVBench2D [158, 324], which
focus on questions concerning spatial relationships; and CVBench3D [21],
which evaluates the ability of a model to assess the relative depth of

objects from the camera, as well as the relative distance between objects.

General. The datasets in this category collectively evaluate perception and
scene understanding through tasks such as quantification, color identifi-
cation, and multi-domain visual comprehension. Specifically, it includes

MME [75], GQA [111], MMBench (MMB) [173], and SEED-Bench (SEED) [143].

Knowledge. This group measures factual and discipline-specific reason-
ing, testing models on science, mathematics, and diagram understand-
ing that require textual and visual knowledge. It comprises ScienceQA

(sQa) [182], MMMU [311], MathVISTA [121], and AI2D [119].

OCR. It encompasses ChartQA [183], OCRBench [167], and TextVQA [248].
These benchmarks focus on recognizing and reasoning over embedded
text and numerical information in images, assessing OCR accuracy and

text-grounded visual reasoning.
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Retrieval-Augmented V&L

Models: Background

s large-scale language models become bigger, they gain the
ability to retain more information from their training data which
leads to improved performance on a variety of downstream

tasks [216, 23]. This suggests that enhancing models with retrieval, thus
fostering their memorization capabilities, may lead not only to further im-

provements but also to savings in model size.
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3.1 Retrieval for Image Captioning

In the past, image [74, 65, 313, 244, 162] and video [243] tagging has been
recognized as a successful practice to boost relevance matching for infor-
mation retrieval. In fact, tagging is a mechanism for assigning a set of text
labels (e.g. keywords or terms) to an image or a video, and can be treated
as anchors to guide the visual-language alignment more explicitly. Some
vision-and-language methods used tags as an additional input to boost
the final performance [ , 84, , ]. However, predicted tags may be
incomplete, inconsistent, and sparse, especially when compared to sen-
tences, longer paragraphs, or entire documents that usually contain more

complete information.

Recently, the same idea has been applied to language models, gaining
significant interest [194]. To integrate knowledge into a language model,
this line of work retrieves, from an external memory, items that are related to
the input, either from a single modality [20,121, 94] or from multimodal doc-
uments [45, 44, 107], allowing the language model to exploit them and gen-
erate more accurate predictions. Approaches such as REALM [94], RAG [141],
and RETRO [20] integrate Wikipedia passages and other web-scale sources
as external memory to benefit downstream knowledge-intensive tasks as,
for example, question answering. Some works train the retrieval model
via contrastive learning [118], while others [93] train a single-document re-
triever by concatenating each retrieved result with the query, to compute
the final loss independently. A recent work [107], instead, focuses on multi-
modal tasks and proposes to incorporate the retrieval scores directly into
an attentive fusion module, allowing the gradients to be backpropagated

through the retriever component.

External memories have been used in different ways in Transformer-

based architectures, mainly in NLP. Khandelwal et al. [121] constructed a
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memory for language generation as a large table of (key, token) pairs,
while Sukhbaatar et al. [252] replace feed-forward layers with differentiable
memory slots. Recently, Wu et al. propose a Memorizing Transformer [287]
architecture in which they retrieve activations produced over long docu-
ments. In vision-and-language, learnable external memories have been
successfully employed forimage captioning [64], visual relationship recog-

nition [39], and story generation [291].

3.2 Knowledge-Augmented Multimodal LLMs

Multimodal Large Language Models (MLLMS) [4, : L 13] unify tasks in-
volving multiple modailities, such as text, images and videos [28, ]. Many
of these tasks can be framed as Visual Question Answering (VQA) [87, 9,

], where a query may require understanding visual content, and the
model must generate a faithful, correctly formatted response. Despite their
broad pre-training corpora, even state-of-the-art MLLMs struggle with un-
derrepresented, domain-specific queries [48, 191]. This problem, known as
Knowledge-based Visual Question Answering (KB-VQA) [187], is commonly
addressed by enriching MLLMs with domain-specific information from ex-

ternal sources via ie, Retrieval-Augmented Generation (RAG) [141].

321 Knowledge-Based Visual Question Answering

In the standard VQA task, a multimodal LLM, referred to as the generator
model G, must answer a question ¢ about an image 1,. The task requires
the model to understand the visual content and provide a correct answer.
While MLLMs large-scale pretraining captures general knowledge, it may
be insufficient for answering highly specific or domain-specific questions.

Knowledge-based VQA extends VQA by incorporating external knowl-
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edge. In our setting, the external knowledge base KB is a collection of
N multimodal documents (e.g, Wikipedia pages) each containing textual

passages and images. Formally, it can be represented as
KB ={d,...,dn}, di=(Ti,L;,P), (3-])

where 7; is the metadata of the i-th document (e.g., title and summary of
a Wikipedia page), I; is the associated image, if present, and P; are the

textual passages of the document.

Aretrieval model R is employed to select the top-k relevant documents
from KB and their associated passages P = {po,...,p;}, which are then
provided within the generator context window. Finally, the generator pro-
duces an answer A conditioned on both the image, the question, and the

retrieved passages, as follows:

A~G(A g1 {po; -, pi})- (32)

During training, the generator G is optimized to maximize the likelihood
of producing the correct answer given the visual and textual context. In
particular, the retrieved passages P act as external conditioning signals
that augment the understanding of the model of the visual scene and the
question, enabling knowledge-grounded reasoning. This augmented con-
text enables more accurate and informed reasoning, especially for queries
that require factual or domain-specific information. The objective can thus
be expressed as the negative log-likelihood of the ground-truth answer to-

kens, averaged over the training distribution, ie.

[yl

1 ~
[’(0) = E(Iq,q,ﬁ')ND m Z log g@(yt | q, IQ7 P7 y<t) ) (33)
t=1

where D denotes the training distribution.

24



3.2. Knowledge-Augmented Multimodal LLMs

3.22 Benchmarks for Knowledge-intensive VQA

Early datasets 187, , ] targeted specialized reasoning. However, with
the advent of more powerful MLLMSs, these datasets have become insuffi-
cient for evaluating performance in realistic and knowledge-intensive set-
tings. To address this, benchmarks such as Encyclopedic-VQA [191] and
InfoSeek [48] introduce more challenging, Wikipedia-scale scenarios re-
quiring fine-grained and entity-specific reasoning over external knowledge,

making retrieval essential.

Encyclopedic-VQA [191]. It contains 221k question-answer pairs, each
linked to up to five images and covering 16.7k fine-grained entities. The
questions are categorized into single-hop and two-hop types: single-hop
questions can be answered using information from a single Wikipedia
page, whereas two-hop questions require sequential retrieval across mul-
tiple pages. The dataset is divided into training, validation, and test splits
comprising 1M, 13.6k, and 5.8k samples. E-VQA contains an external knowl-
edge base derived from Wikipedia, consisting of approximately 2M pages.

Each comprises the article title, its textual sections, and associated images.

InfoSeek [48]. It consists of approximately 1.3M image-question-answer
triplets corresponding to around Tik distinct Wikipedia pages. It is parti-
tioned into training, validation, and test splits, containing roughly 934k, 73k,
and 348k samples. Both validation and test sets include questions about
unseen entities. InfoSeek provides an external knowledge base of around

6M Wikipedia entities.

Evaluation Metrics. For E-VQA, generated answers are evaluated using the
BERT-based matching score (BEM) [25], which measures semantic similar-
ity of predicted and ground-truth answers. For InfoSeek, evaluation de-
pends on the question type: we employ standard VQA accuracy [37] as

well as relaxed accuracy [193].
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3.3 Benefits and Limitations of Retrieval-

Augmented Models

Retrieval-augmention extend purely parametric models by incorporating
an external knowledge source that can be dynamically queried at infer-
ence time. This mechanism allows the model to access up-to-date and
potentially unbounded information without requiring it to be stored in the
model parameters. As a result, retrieval-augmented systems often outper-
form purely parametric models on knowledge-intensive and open-domain
tasks, since they can ground their predictions in retrieved evidence rather
than relying solely on memorized representations. From a scientific per-
spective, this improvement stems from the complementary roles of para-
metric and non-parametric memory: while the model encodes general
capabilities and multimodal alignment, the retrieval component provides
explicit access to factual or contextual information that may not be reliably
encoded in model weights.

Despite these advantages, retrieval can also negatively affect perfor-
mance in certain conditions. When the retrieved items are noisy, irrele-
vant, or semantically mismatched with the input query, they may introduce
misleading context that degrades model predictions. Domain mismatch
between the retrieval corpus and the target task can further reduce the
usefulness of retrieved information. Additionally, retrieval introduces prac-
tical deployment challenges, including increased latency due to search
operations and scalability constraints when operating over very large mul-
timodal databases. Efficient indexing strategies, filtering mechanisms, and
query-aware retrieval policies are therefore critical to ensure that the ben-
efits of retrieval outweigh its potential drawbacks.

From a deployment perspective, the scalability of retrieval-augmented

systems depends on both the efficiency of the retrieval backend and the
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interaction mechanism between the retriever and the MLLM. While large-
scale vector databases enable fast similarity search, maintaining low la-
tency and high retrieval quality remains challenging in real-world appli-
cations. Designing lightweight retrieval pipelines and adaptive retrieval
strategies — where retrieval is triggered only when necessary — can help
mitigate these issues and make retrieval-augmented MLLMs more practi-

cal for large-scale deployment.
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Learning to Retrieve: Models
and Strategies for Effective

Retrieval

etrieving relevant information in response to an input query is a fun-
damental problem in Computer Vision and multimedia research,

and it has been extensively studied for several decades. Early work

in retrieval primarily focused on unimodal settings, where both the query

and the searchable items belong to the same modality — either images

This chapter discusses topics from the following papers: D. Caffagni*, S. Sarto*
et al, "Recurrence-Enhanced Vision-and-Language Transformers for Robust Multi-
modal Document Retrieval”, CVPR 2025 [30] and D. Caffagni, S. Sarto et al, “Recur-
rence Meets Transformers for Universal Multimodal Retrieval”, under submission [31].
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or natural language — leading to appli cations such as image similarity
search and text-based document retrieval [112, 323, 201, 214].

In the visual domain, image retrieval has been studied for decades,
evolving from approaches based on hand-crafted local descriptors to
deep convolutional representations, and more recently to Transformer-
based architectures such as Vision Transformers (ViTs) [70]. In paral-
lel, advances in large-scale language modeling have dramatically im-
proved text-based retrieval systems: as language models grow in scale,
they increasingly capture rich semantic information from vast training cor-
pora, leading to substantial gains across a wide range of downstream
tasks [216, 23]. This suggests that enhancing models with retrieval, thus
fostering their memorization capabilities, may lead not only to further im-
provements but also to savings in model size.

As retrieval systems have matured, increasingly complex retrieval sce-
narios have emerged, including composed image retrieval [175], long-text-
to-image retrieval [315], and multimodal query-to-multimodal document
retrieval [48, 104]. These settings require models to jointly reason over mul-
tiple inputs, modalities, and contextual cues, going beyond simple similar-
ity matching. Current approaches typically rely on task-specific architec-
tures or specialized fine-tuning strategies [196, 22, 14]. However, designing
a unified retrieval framework that can seamlessly accommodate hetero-
geneous queries and documents across modalities remains a central and
largely open research challenge.

This challenge is further ampilified by a broader shift toward multimodal
data in real-world applications [158, 241, 235]. Modern retrieval systems are
increasingly expected to interpret natural language queries to retrieve vi-
sual content—or conversely, to use visual inputs to access textual informa-
tion [215]. Looking ahead, this trend naturally extends beyond image—text
pairs, motivating retrieval engines capable of operating over richer modal-

ity sets, including video and audio [85].
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41 Retrieval Foundations: Standard Settings

and Baseline Models

In this context, the next chapter introduces CLIP as a unifying architecture
that bridges visual and linguistic representations, enabling classical re-
trieval while also motivating the development of specialized architectures

for increasingly complex multimodal scenarios.

411 CLIP as a Retrieval Backbone

Classical retrieval methods were largely unimodal, focusing on either text-
based document search or content-based image retrieval [112, 323, 201].
While effective in their domains, they lacked the ability to bridge modalities.
The advent of large-scale vision-language datasets [24], ] and dual-
encoder models such as CLIP [215] and its variants [314, 254, ] marked
a turning point, enabling contrastive learning to align images and text in a

shared embedding space.

Revisiting CLIP Architecture. Contrastive Language-lmage Pre-training
(CUP) focuses on learning rich visual and textual representations by under-
standing the relationships between images and their corresponding tex-
tual descriptions. CLIP employs an image encoder E, () (e.g. a CNN [96] or
a ViT [71]) along with a text encoder E,(-) (e.g. a Transformer model [270])
to obtain visual and textual representations. The multimodal interaction is
performed via late fusion by projecting the output of both encoders to the
same dimension and then on the ¢, hypersphere via normalization. The
visual and the textual inputs can then be compared via cosine similarity.
During the training phase, CLIP utilizes a contrastive objective to encour-
age similar embeddings for matched image-text pairs and dissimilar em-

beddings for non-matched pairs. In a batch of N image-caption pairs
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Figure 4.1: CLIP Architecture [215]. While standard image models jointly train an im-
age feature extractor and a linear classifier to predict some label, CLIP jointly trains
an image encoder and a text encoder to predict the correct pairings of a batch of
(image, text) training examples. At test time the learned text encoder synthesizes
a zero-shot linear classifier by embedding the names or descriptions of the target
dataset’s classes.*

{(vi,t:)} ., CLIP employs the InfoNCE loss [202] that can be written as:

r _ N exp (sim(vs, t;)/7) 4
VT Z: ) exp(sim(v;, t;) /7 )+ (1)

N
N

exp (sim(vs,t5)/7)
Z:: S exp(sim(vj, ) /7)

Here, the similarity function is defined as:
sim(v,t) = cos(Norm(Ey(v)), Norm(FE:(t))),

where sim(+) is the CLIP-based cosine similarity between visual and textual
inputs that are normalized via ¢, normalization, and 7 is a temperature
parameter to scale the logits. With the symmetrical loss applied to both
image and text encoders, the overall loss function Ly 7 is computed as the
average of the two. The overall architectures is shown in Figure 4.1.
Large-scale contrastive models like CLIP are trained using image-
caption pairs collected from the web. These provide a large-scale source

of supervision for learning scalable low-level and semantic visual and tex-

* Figure reproduced from the original CLIP paper [215].
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tual features, as testified by their zero-shot classification performance and

by their adaptability to different tasks [219, 189, 120].

CLIP for Cross-Modal Retrieval. Given CLIP's architecture and training strat-
egy, which explicitly align visual and textual representations in a shared em-
bedding space, it is a natural choice for cross-modal retrieval tasks. The
large-scale contrastive pretraining and strong generalization capabilities
of CLIP make it particularly well suited for retrieving semantically related
content across modalities. In the standard cross-modal retrieval setting,
inputs from different modalities—most commonly images and text—are in-
dependently encoded and projected into a common embedding space,
where semantic similarity can be measured directly. Retrieval is formu-
lated as a ranking problem: given a query in one moddality, the system
retrieves the most relevant items in the other modality by computing simi-

larity scores, typically using cosine similarity between embeddings.

This formulation naturally supports both text-to-image (T21) retrieval,
where a textual query is used to retrieve relevant images, and image-to-
text (12T) retrieval, where an image serves as the query to retrieve corre-
sponding textual descriptions. Thanks to its unified representation space,
CLIP enables both retrieval directions within a single framework, without re-

quiring task-specific architectures or additional supervision.

In Table 4., reproduced from the original CLIP paper [215], the authors
evaluate zero-shot image—text retrieval performance on standard bench-
marks such as Flickr30k and MS-COCO as a sanity check for the pretrain-
ing objective. The results show that, despite being trained on large-scale
and noisy web data, CLIP achieves strong zero-shot transfer. In particular,
zero-shot CLIP matches or outperforms previous zero-shot approaches on
both text-to-image and image-to-text retrieval on Flickr30k, and remains
competitive with state-of-the-art methods for text retrieval on this dataset.

Although performance on image retrieval is comparatively weaker, zero-
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Table 4.1: CLIP improves zero-shot retrieval and is competitive with the best fine-
tuned result on Flickr30k text retrieval. Bold indicates best overall performance
while an underline indicates best in category performance (zero-shot or fine-tuned).
For all other models, best results from the paper are reported regardless of model
size [ variant. MSCOCO performance is reported on the 5k test set.

Text Retrieval Image Retrieval
Flickr30k MSCOCO Flickr30k MSCOCO
R@! R@5 R@I0 R@! R@5 R@I0 R@! R@5 R@I0 R@! R@5 R@I0
o Unicoder-vL [145] 862 963 990 623 871 928 715 909 949 467 760 853
S Uniter [50] 873 980 992 657 886 938 756 941 96.8 529 799 880
D VILLA [30] 879 975 988 - - - 763 94.2 96.8 - - -
£ oscar [150] - - - 735 922 96.0 - - - 57.5 82.8 89.8
ERNIE-ViL [308] 88.7 980 992 - - - 76.7 936 964 - - -
& VisualN-Grams [142] 164 357 451 87 231 333 88 212 299 50 145 219
& ImageBERT [211] - - - 440 712 804 - - - 323 590 702
& Unicoder-VL [145] 643 868 923 - - - 484 760 82 - - -
g Uniter [50] 836 957 977 - - - 687 892 939 - - -
CLP [215] 880 98.7 99.4 584 815 881 687 906 952 378 624 722

shot CLIP still performs on par with several fine-tuned models, highlighting

the effectiveness of contrastive pretraining for cross-modal retrieval.

Overall Considerations. CLIP demonstrates remarkable efficiency and
scalability by learning from large, diverse, and noisy image—text datasets
using a contrastive learning objective. This design enables strong zero-
shot performance across a wide range of tasks without task-specific fine-
tuning, while the use of Vision Transformers further improves training ef-
ficiency, making large-scale models practical to train. Its ability to learn
visual concepts directly from natural language grants CLIP exceptional flex-
ibility and generalization: it can perform tasks ranging from object classi-
fication and action recognition to geo-localization and OCR, often outper-
forming traditional ImageNet-trained models in standard representation

learning evaluations.

Despite these strengths, CLIP exhibits notable limitations. It struggles
with tasks requiring precise reasoning or abstract understanding, such

as counting objects, estimating spatial relationships, or performing fine-
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grained classification of closely related categories like car models or air-
craft variants. Its performance is also constrained by the quality and
coverage of the pretraining data. Furthermore, CLIP's zero-shot predic-
tions can be sensitive to the phrasing of textual inputs, often necessitat-
ing careful prompt engineering. Finally, the model's generalization to out-
of-distribution images remains limited, highlighting ongoing challenges in
robustness and adaptability.

Despite this considerations, CLIP model and variants are typically eval-
uated on relatively small benchmarks for retrieval like Flickr30k [210] and

COCO [158], which emphasize simple queries and limit generalization.

4.2 Beyond Standard Retrieval: Complex Mul-

timodal Scenarios

Beyond standard image-to-text and text-to-image retrieval, retrieval set-
tings have grown increasingly complex. Emerging scenarios — such as
composed image retrieval or multimodal queries over multimodal docu-
ments — require models to jointly reason over multiple modalities rather
than relying on simple similarity matching. This capability becomes es-
pecially critical when retrieving information from very large and heteroge-
neous corpora, such as collections of Wikipedia pages, where relevant con-

tent may span text, images, and other modalities.

421 Multimodal Retrieval: Problem Settings

In multimodal retrieval, both queries and documents may consist of mul-
tiple modalities, typically text and images. A query q can be purely textual
q”, purely visual ¢, or a combination of both (¢7,¢"), while retrieval can-

didates d may similarly contain text d”, images d”, or paired image-text
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content (d¥,d"). This setting generalizes traditional cross-modal retrieval
by allowing flexible interactions between heterogeneous query and docu-

ment representations, enabling retrieval over rich multimodal corpora.

In a universal multimodal search engine, users initiate various search
tasks based on their specific needs. Therefore, usually, the textual query
is also associated or correspond to language instruction ginst to represent
the intention of the retrieval task. This instruction defines what the search
aims to find, whether seeking images, text, or a mix of both, and specifies
the relevant domain. Formally, the goal is to build a unified retriever model

capable of taking any type of query q to retrieve any type of target d.

422 Multimodal Fusion Strategies

For multimodal scenarios, the UnilR paper [280] experimented with two mul-
timodal fusion mechanisms, namely score-level fusion and feature-level
fusion [104, 170]. To explore the effectiveness of these approaches, they

adapted pre-trained models such as CLIP [215] and BLIP [148].

Score-level Fusion. As illustrated in Figure 4.2(0), the score-level fusion
variants for CLIP and BLIP (denoted as CLIPss and BLIPsz) employ distinct
encoders for vision and text. Specifically, the vision encoder is marked
as f; and the uni-modal text encoder as f;. In these methods, both im-
age and text inputs (whether from a query or a torget) are processed
into two individual vectors. These vectors undergo a weighted sum to
form a unified representation vector. This process is mathematically repre-
sented as f(qi, ¢t ¢inst) = w1 f1(q) + w2 fr(qt, ¢inst) fOr queries and f(cj, ct) =
ws f1(ci) + wafr(c) for targets. Therefore, the similarity score between a

query q and a target c is calculated as a weighted sum of the within-
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Figure 4.2: (a) Score-level fusion encodes each modality into a single feature; (b)
CLIP feature-level fusion (CLIPFF) fuses two modalities into a single feature with a

mix-modallity transformer layer; (c) BUP feature-level fusion (BLIPxx) adopts cross-
attention to output a single feature vector.*

modality and cross-modality similarity scores:

Sq,c = f(QM qt, Q'inst)T - fai, Ct)
= wiws f1(a)" f1(ci) + wawafr (g, ginst)” fr(ct) (4.2)

+wiwa f1(q)" fr(c) + waws fr(ae, ginst)” f1(ci).

wi, w2, ws, ws Are learnable parameters that reflects importance weights.

Feature-level Fusion. Contrasting the approach of processing uni-modal
data separately, feature-level fusion integrates features during the encod-
ing phase. This fusion method computes a unified feature vector for multi-
modal queries or candidates using mixed-modality attention layers. As il-
lustrated in Figure 4.2 (b), for the CLIP feature-level fusion (CLIP ), we have
enhanced the pre-trained vision encoder f; and text encoder fr with a
2-layer Multi-Modal Transformer, which follows the same architecture as
T5 Transformer, forming a mixed-modality encoder fux. In the case of BLIP
feature-level fusion (BLIPs), the process begins with the extraction of image
embeddings through the vision encoder f;. These embeddings are then in-

tegrated with text embeddings through the cross-attention layers of BLIP's

* Figure reproduced from the original UnilR paper [280].
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image-grounded text encoder, also labeled as fuix. In both CLIPs and BLIP,
the output from fuix is a comprehensive feature vector that combines in-
formation from both image and text modalities. The final representations
for the query and target, denoted as fuix(gi, gt, ¢inst) AN fux(ci, ct) respec-
tively, are obtained separately but using the same fux. The similarity score

between the query and the target is then calculated by:

Sq,c — fM\X(qh qt, g5 nst)T : fM|X(Cia Ct) (43)

423 Recurrence-Augmented Transformers for Multi-

modal Retrieval

Recent advances in multimodal retrieval [280, 160] have largely focused on
leveraging vision-and-language backbones by extracting features from
their final layers and fusing them into a single representation for comput-
ing query—document similarity. While effective in many scenarios, this de-
sign choice implicitly assumes that high-level semantic representations
are sufficient to address the full spectrum of retrieval queries.

Differently from existing approaches, we propose ReT, a method that ex-
plicitly incorporates multi-layer representations from both visual and tex-
tual backbones while retaining a late-interaction retrieval paradigm.

We posit that representations from shallower layers encode comple-
mentary information that is crucial for addressing diverse retrieval needs.
For example, while a retrieval model may easily recognize an image of a
well-known basketball player such as Kobe Bryant, low-level details — such
as the number on the player’s jersey — may be attenuated or lost as in-
formation flows through deeper layers that emphasize global semantics.
In contrast, shallow layers naturally preserve fine-grained visual cues that
can be decisive for certain queries (Figure 4.3).

In addition, unlike standard retrieval models that represent queries and

38



4.2. Beyond Standard Retrieval: Complex Multimodal Scenarios

Retrieval w/ Feature Fusion
Retrieval

Query Unimodal Queries Query Visuel

° Visual Encoder
Isual

Ak Encoder

Document

Merge Layer

Text
Encoder

2
®

Document

AN
+
Query Visual =
Encoder b

Visual
Encoder

Text
Encoder

Merge Layer

Text
Encoder

[}
AN vl 3
Recurrent -
+ Cell E
® ittt 5 :
What's the — Feat Fusion— ReT
Text y ?
player's g
Encoder 1
ReT (Ours) number? M ’ 15

Figure 4.3: Comparison between cross-modal retrieval with unimodal queries (top
Ieft), retrieval with multimodal queries with feature fusion [ ] (top right), and our

ReT (bottom left). Our approach enables retrieval with multimodal queries employ-
ing a recurrent, multi-level feature extraction process.

documents as single global vectors and compute relevance via cosine
similarity, ReT encodes both queries and documents as sets of tokens and
performs late interaction between them. By comparing individual query
tokens with document tokens, the model can capture fine-grained local
correspondences that are aggregated into a more robust relevance score.
This token-level interaction has been shown to be effective in retrieval set-

tings where subtle cues and partial matches play a critical role.

ReT Model Explained. We introduce a novel Transformer-based recurrent
cell that progressively integrates information across layers of the visual
and textual backbones. Features from textual and visual backbones are
considered across multiple layers, thus providing an effective multi-level
encoding of each modality composing queries and documents. At each
recurrent step, ReT dynamically fuses its internal state with the visual and
textual representations obtained from the current layer of the two back-

bones. Differently from a standard recurrent network applied to a tempo-
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Figure 4.4: Overview of the proposed Recurrence-enhanced Transformer (ReT) for
cross-modal retrieval with multimodal queries. Our model employs a Transformer-
based recurrent cell to encode multiple vision-and-language layers into hidden vec-
tors for similarity computation.

ral sequence, in ReT the concept of past does not pertain to previous time
steps, but rather to lower-level representations of a given query or docu-
ment, obtained from shallower layers. A graphical overview illustrating the
architecture of our model is reported in Fig. 4.4.

Specifically, our model consists of dedicated encoders for queries and
documents, ReTq and ReTp, with identical architecture but distinct learn-
able weights, optimized jointly. Given that ReTq and ReTp share the same ar-
chitecture, for simplicity we describe only ReTq in the following paragraphs.

In particular, the ReTq encoder consists of a recurrent cell and a pre-
trained visual and textual backbone. In our notation, we define E™(¢g™) =
{E"(¢™)}], the set of activations gathered from each layer I of the uni-
modal backbone, where E*(¢™) € RY*Y. Here, m € {T,V} specifies the
modality of the backbone, either textual T or visual V, and L represents the
total number of layers. Also, we denote the self-attention operator [ ]
applied to a real-valued matrix x as Attention(x). For cross-attention be-

tween two matrices, x and y, we use the notation Attention(x,y).

Learnable Gating and Recurrent Cells. Although being a Transformer-

based architecture, our model manages the sequence of input layers
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Figure 4.5: Graphical overview of the designed recurrent cell for the proposed re-
trieval model, which integrates layer-specific textual and visual features into a ma-
tricial hidden state.

through a learnable gating mechanism inspired by the LSTM architec-
ture [99]. This design can selectively forget lower-level representations in
favor of higher-level features. Similarly, an input gate within each layer
modulates the contribution of each modality, balancing the visual and tex-

tual inputs and providing a more controllable encoding.

The architecture of the recurrent cell is illustrated in detail in Fig. 4.5. At
each layer |, it performs feature fusion [280] across three different inputs:
the output from the previous step h; € R**%, the visual representation from
the I-th layer of the visual backbone E}’, and the textual representation
from the I-th layer of the textual backbone Ef. At the first iteration, the

hidden state hg is initialized to a set of k learnable vectors.

Within the recurrent cell, following a layer normalization [139], the input hy
is fed to three parallel branches. The first branch computes the candidate
state ¢; of the recurrent cell, employing a self-attention operation with a

residual connection to enhance stability and retain contextual information.
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Formally, the candidate state is computed as
¢; = Attention( h, ) + hy, (4.4)

where h; = LayerNorm(h;). Given the permutation invariance of the atten-
tion operator, a fixed positional encoding [270] is added to h; before nor-
malization. Notably, for I > 1, h; will accumulate layer-specific encodings

of the query image and of the text.

To incorporate contextual information from both modalities, two other
parallel branches perform feature fusion with the unimodal representa-
tions from the i-th layers. Specifically, we employ two independent cross-
attention modules to fuse the normalized input h; with the visual and tex-

tual representations respectively, as

z[" = Attention( ki, E" ). (45)

The three branches are finally combined to compute the new internal
state of the recurrent cell, which is obtained as a linear combination of the
candidate state ¢; and the outputs from the two feature fusion branches
z{ and 2}, modulated by forget and input gates. Conceptually, the forget
gate f; determines how much information to retain from previous applica-
tions of the recurrent cell across the shallower layers (ie, the ”post”), given
the current multimodal information flow z;™. In contrast, the input gates
;" control the contribution from the [-th layer of each unimodal backbone.
This potentially shuts down interferences from high-level representations
whenever the user query requires focusing on low-level details (e.g, colors

and shapes). Formally, the next candidate state is obtained as
cn=aOfi+z ©if +2 04, (4.6)

where f;, i/ and 3} indicate the learnable sigmoidal gates.
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In particular, these are computed as follows:

fi=o(W/ 2zl + W} 2" +by),
(4.7)

=M m m
i =o(W{" - z[" 4+ b;),

where WJ%F,WfV,Wim are trainable weight matrices, and by, b; are fixed
scalar biases. The updated state ¢; 1 undergoes layer normalization and
is passed through a residual two-layer feed-forward network to produce

the output of the recurrent cell, as

h;+1 = ¢i41 + MLP(LayerNorm(¢i+1)). (4.8)

After going through different layers of the backbones, the output from
the last iteration of the recurrent cell, h;, € R¥*? consists of a set of la-
tent tokens that serve to compute multiple query-document relevance
scores. Specifically, the output h;, is transformed into a different vector

space through a linear projection W y,q € R4, je.

hr =hr -Wyina. (4.9)

Training Procedure. Given a query-document pair (q,d), along with a set
of distinct learnable tokens in input for both the query and document sides,
we denote the corresponding final output h; of the query and the docu-

ment encoders as

Q = ReTq(q) € R**? (410)

D = ReTp(d)" € R¥*, (41)

At training time, these representations are used to compute a fine-

grained late-interaction [228] score s(Q, D) between a query q and a doc-
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ument d, which is computed as a sum of maximum similarity values, i.e.

J=1...

k
s(QD) =) max Q;-D;. (412)
=1 T

Notably, the similarity is implemented as the dot-product between the
i-th query and the j-th document token. The use of the max operator en-
sures that only the most relevant document tokens are considered for each

query token, effectively filtering out those that are locally irrelevant.

Training is performed by jointly optimizing both the query and the doc-
ument encoder with a symmetric InfoNCE loss [215], where global query-
document cosine similarities are replaced with the score defined in Eq. 4.12.
A key difference from the common approach of using a symmetric rep-
resentation for both queries and documents, our encoders optimize two
independent sets of learnable parameters, thus allowing for an asymmet-

ric representation.

Limitations of ReT. Our proposal demonstrated strong retrieval perfor-
mance, validating the effectiveness of recurrent multimodal fusion. How-
ever, there remains meaningful room for improvement in both efficiency
and efficacy. From a computational perspective, the recurrent nature of
the architecture suggests that reducing the number of fusion layers could
significantly speed up inference, improving scalability without necessarily

sacrificing performance.

Additionally, ReT encodes queries and documents into 32 x 128 matri-
ces (ie, k x d). We empirically observe that these matrices suffer from
rank collapse [116], where their rows converge to a uniform representation,
undermining the purpose of leveraging multiple embeddings to capture
diverse nuances of the input. This raises the question of whether a single,
larger embedding may be more effective than a small embedding matrix

for multimodal retrieval.
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Figure 4.6: Overview of the proposed Recurrence-enhanced Transformer (ReT-2)
for universal multimodal retrieval.

424 A Refined Recurrent Transformer for Multimodal

Retrieval

In this section, we introduce an enhanced variant of ReT, referred to as ReT-
2, which is specifically designed to address the limitations identified in the
original model. ReT-2 aims to improve retrieval effectiveness and efficiency
when dealing with heterogeneous data sources in large-scale, multimodal

collections of entities. An architectural overview is shown in Fig. 4.6.

Overall Architecture. In our ReT-2 model, the architecture retains two
dedicated encoders for queries and documents. However, in contrast
to the previous version (which employed separate parameter sets opti-
mized jointly), ReT-2 introduces a unified encoder architecture with shared
weights for both modalities. Specifically, each encoder comprises a recur-
rent fusion cell coupled with pre-trained, learnable visual and textual back-
bones. This parameter sharing not only reduces model complexity and re-
duces overfitting, but also encourages consistent representation learning
across queries and documents.

In the following, we retain the notation introduced previously and denote

the cross-attention [270] between two matrices x and y, as Attention(x,y).
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Recurrent Cell. The architecture of the recurrent cell is illustrated in Fig. 4.5.
Within the cell, the input hidden state h; is processed through three par-
allel branches. The first branch retains the candidate hidden state ¢; of
the recurrent cell. Notably, for layers I > 1, h; encodes accumulated, layer-
specific representations of both the image and text. Rather than process-
ing all layers of the visual and textual backbones, we consistently sample
three representative layers: one from the lower (early), one from the mid-
dle, and one from the upper (final) sections of each backbone. This ap-
proach ensures a balanced capture of low-, mid-, and high-level features
while maintaining computational efficiency and architectural compatibility

across backbones of varying depth.

To effectively incorporate contextual information from both modalities,
the remaining two branches perform feature fusion between h; and the
unimodal visual and textual representations extracted from the I-th layer

of their respective backbones.

Specifically, we employ two independent cross-attention modules to
fuse the normalized input h; with the visual and textual representations,
respectively, as

z;" = Attention (ﬂh Elm) , (413)

where m € T,V and h; = LayerNorm(h;) [139].

The outputs of the three branches are combined to compute the up-
dated internal state of the recurrent cell. This state is formed as a gated
linear combination of the candidate state ¢; and the outputs from the two
feature fusion branches, denoted as z! and z”. The combination is mod-

ulated by a set of learnable forget and input gates.

In detail, the forget gate f; controls the extent to which information from
earlier applications of the recurrent cell (corresponding to shallower layers,
or the “past”) is retained in the current step, based on the ongoing multi-

modal interaction z;". In parallel, the input gates ;" regulate the influence
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of the unimodal features from the current (i-th) layer. This mechanism
allows the model to attenuate noisy or less relevant high-level representa-
tions when fine-grained visual or textual details (e.g, colors or shapes) are

more pertinent to the query. Formally, the next candidate state is
cri=c O fit+z O +2 0, (414)

where f;, if and i} indicate the learnable sigmoidal gates. In particular,
these are computed as follows:
.fl:O'(WfT'le‘i‘WfV'ZlV‘be>,

(4.15)
' =0 (W™ 2" + bi),

where W}‘F,W}/,WZ-m are trainable weight matrices, and by, b; are fixed

scalar biases.

The updated state ¢; 41 undergoes layer normalization and is passed
through a residual two-layer feed-forward network to produce the output

of the recurrent cell, as

hit+1 = ¢i+1 + MLP (LayerNorm (¢141)) - (4.]6)

After going through different layers of the backbones, the output from
the last iteration of the recurrent cell, hy € RF*? (Where k = 1in our
novel formulation), consists of a latent token that serves to compute query-
document relevance scores. Specifically, the output hy, is transformed into

a different vector space through a linear projection W ;nq € R, je.

hr =hs - Wina. (417)

Global Feature Injection. At the output of the recurrent cell, h;, encodes

multimodal information that integrates details from multiple levels of ab-
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straction. However, retaining access to the raw global features provides a
broader contextual representation of the query or document. To leverage
this complementary information, we augment the multimodal represen-
tation hz with the unimodal outputs of the visual and textual backbones,
denoted as EV and E7, respectively. These typically correspond to the CLS
visual pooler token and the EOS textual pooler token. The integration is per-
formed by summing the global features with the output of the recurrent

cell, obtaining the final representation of the query as
hr=h. +EY (") + E" (). (418)

Training Procedure. Given a query-document pair (q, d), along with a learn-
able token in input for both the query and document sides, we denote the

corresponding final output k. of the query and the document encoders as

Q = ReT-2q(q) € R¥*? (419)

D = ReT-2p(d)T € R¥**, (4.20)

where ReT-2q = ReT-2p in our shared implementation.
Training is performed by optimizing both the query and document en-
coder with the InfoNCE loss [215], where query-document similarity is com-

puted as the dot-product between the query and the document token.

From ReT to ReT-2. Overall, ReT-2 incorporates several targeted changes
to enhance the efficiency, robustness, and simplicity of the original ReT
architecture. A visual summary of the modifications and improvements

implemented in ReT-2 is provided in Fig. 4.7. Specifically:

+ Shared Query-Document Encoder: Unlike ReT, which used separate
encoders with distinct learnable parameters for queries and docu-
ments, ReT-2 adopts a shared architecture with tied weights, promot-

ing consistency and reducing model complexity.
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Figure 4.7: Visualization of the differences between the previous method (ie, ReT)
and the newly proposed ReT-2. The new method introduces three key modifications:

(i) token reduction, instead of multiple input tokens, only a single token is used; (ii)
layer pruning, rather than using all textual and visual layers, we now select only three

representative layers (eorly, middle, and Iote), independent of the architecture; and

(iii) global feature injection, a newly added module that integrates global informa-
tion to enhance the representation. Highlighted regions indicate the most significant
differences.

+ Token Reduction: The number of input tokens is reduced from 32 to
a single token per modality. This choice addresses the issue of rank
collapse observed in the output embeddings and encourages the

model to produce more compact and meaningful representations.

+ Simplified Contrastive Objective: The use of a single token per side
eliminates the need for the fine-grained contrastive loss used in ReT.
Instead, we apply a standard InfoNCE loss directly over the single
fused token from both the query and document, significantly simpli-

fying the retrieval pipeline and improving inference efficiency.

+ Layer Pruning: Rather than relying on all layers of the textual and
visual backbones or attempting to explicitly align architectures with

different depths, we always sample three layers: one from the lower
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(early), one from the middle, and one from the upper (final) part of
each backbone. This strategy ensures compatibility and stability, es-

pecially when backbones differ in depth.

+ Global Feature Injection: To enhance contextual understanding, ReT-
2 integrates global feature representations alongside layer-specific
features. This injection of global context helps the model capture gen-

eral information, further helping retrieval accuracy and robustness.

4.3 Comparative Evaluation of Multimodal Re-

trieval Models

431 Evaluation Benchmarks and Metrics

We evaluate our models on the M2KR [160] and M-BEIR [280] benchmarks,
which provide a diverse, large-scale collection of datasets for comprehen-
sive assessment of multimodal retrieval performance across various do-

mains and task configurations.

M2KR Benchmark. M2KR integrates heterogeneous sources, including
WIT [250], IGLUE [24], KVQA [239], CC3M [241], MSMARCO [199], OVEN [104],
LLaVA [169], InfoSeek [48], Encyclopedic-VQA [191], and OKVQA [187]. These
datasets span a range of domains, enabling robust evaluation of retrieval
models under varying degrees of complexity and multimodal reasoning.
To better align with our setting, where both queries and documents are
multimodal, we augment the M2KR splits of OVEN, InfoSeek, Encyclopedic-
VQA, and OKVQA by enriching the reference documents with associated
images [30], enabling an effectively evaluation of models that rely on both
textual and visual signals during retrieval. In our experiments, we employ

training, validation, and test splits used in previous works [160, 30].
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M-BEIR Benchmark. M-BEIR comprises eight retrieval tasks and ten differ-
ent datasets, with around 1.5M human-authored queries and a pool of 5.6M
candidate documents. The benchmark spans diverse sources, including
everyday images, fashion products, Wikipedia entries, and news articles.
In addition to standard multimodal settings, it includes tasks with missing
modalities on either the query or document side, enabling evaluation un-
der incomplete conditions. To ensure consistency between training and
testing, M-BEIR adapts datasets originally designed for different tasks, in-
cluding OVEN [104], EDIS [170], CIRR [175], FashioniQ [283], COCO [158], Fash-
ion200k [95], Visual News [165], and NIGHTS [76]. Moreover, M-BEIR defines a
global retrieval scenario, where candidates are retrieved from the full 5.6M
pool encompassing all tasks and datasets, and a local one, which restricts
candidates to the task-specific pool provided by each dataset. We report
results on the M-BEIRqcal Setting, for fair comparison with existing state-of-

the-art retrieval models.

Evaluation Metrics. Following the evaluation protocol of M2KR, we assess
model performance using recall at K (ie, the percentage of queries for
which the target document falls within the top- K most similar documents).
The value of K is determined based on the experimental setup of each
sub-dataset. For VQA splits, we also report the pseudo recall metric, as pro-
posed in [160], which considers a retrieved document relevant whenever it
contains the answer. For M-BEIR, we adhere to the original evaluation pro-
tocol and report standard recall at K values accordingly (using K = 5 for

most datasets, and K = 10 for Fashion200k and FoshionIQ).

432 Implementation Details

In our experiments, we evaluate multiple configurations of both visual and
textual backbones. For the visual encoder, we consider CLIP ViT-B/32, CLIP

ViT-L/14 [215], SigLIP2 ViT-L/14 [269], and OpenCLIP ViT-H/14 [53]. For the tex-
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Table 4.2: Selected layers for each backbone in ReT-2. L denotes the depth of each
backbone, measured in number of layers.

Text Encoder Visual Encoder
Backbone L Layer Indices L Layer Indices
CLIP VIT-B 12 3,71 12 3,71
COoIBERTV2 12 3,71 - -
CLIP ViT-L 12 3,71 24 3,18, 23
SigLIP2 ViT-L 24 3,18, 23 24 3,18, 23
OpenCLIP ViT-H 24 3,18, 23 32 4,25, 31

tual encoder, we use the corresponding CLIP/SigLIP variants as well as Col-
BERTV2 [228]. We retain only three representative layers from each back-
bone, corresponding to early, intermediate, and late stages. The specific

layers selected for each configuration are detailed in Table 4.2.

We trained in mixed precision with the Adam optimizer [125] on 4 NVIDIA
A100 64GB GPUs for up to 24 hours. When adding global features, we always
unfreeze the pooling layer of the backbones, if present. This corresponds
to the visual and textual linear projections for CLIP-based and ColBERTv2
models, and to the attention pooling layers for SigLIP2. Following ReT, the
recurrent cell operates with a hidden size d equal to 1,024 and with the bi-
ases b; and by equal to zero. The dimension of W, (cf. Eq. 4.9) is set to
match d with the dimension of the global features. When unfreezing the
unimodal backbones, we activate gradient checkpointing, and we down-
scale their learning rate by 0.05 compared to the recurrent cell. At test time,

we index passages using the Faiss library [115] for fast retrieval.

For M2KR, we use the same training recipe as ReT, setting the learning
rate to 5 x 107° with a cosine scheduler and a batch size of 512, training
for 75k steps. We observe that training further leads to overfitting on some
benchmarks, particularly severe on InfoSeek. For M-BEIR, we train for 20
epochs with a batch size of 768, using the data sampling strategy pro-
posed in [109]. The learning rate is linearly ramped up to 1 x 10~ within the

first 300 steps, and then decays accordingly to a cosine schedule.
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43.3 Ablation Studies and Analyses

The original ReT model employs 32 input tokens and a dedicated recurrent
cell on both the query and document sides. During training, the output to-
kens are used to compute a fine-grained late-interaction relevance score,
following [122, |. Table 4.3 presents ablation studies supporting the ar-
chitectural modifications introduced in ReT-2. Results are reported on the

M2KR benchmark, using CLIP ViT-L as visual and textual backbones.

Score Fusion. We assess the impact of replacing the fine-grained late-
interaction relevance score computation with a score fusion strategy. In
practice, rather than computing 32 x 32 dot products for each query-
document pair, we sum the rows of the output matrix of ReT before the
late-interaction projection to dimension 128, obtaining a single embedding
token, typically of a size varying from 768 to 1,024, to compute the query-
document similarity via dot product. Note that this is equivalent to substi-
tuting the max operator in Eq. 4.12 with a new summation over j. However,
thanks to the distributive property of the dot product, we do not need to
compute the 32 x 32 similarity matrix explicitly. This shift enables faster
and more memory-efficient training, as well as quicker inference retrieval,
with minimal change in performance, as the average retrieval score moves

from 615 to 614 — i.e, score fusion (32 tokens).

Sharing Weights. Building on the score fusion model, we experiment with
sharing the weights between the query and document encoders, essen-
tially setting ReTq = ReTp. Apart from saving memory during training,
switching to a shared architecture - ie, shared architecture (32 tokens ) -
raises the average score to 62.6, with an improvement of +1.2 points com-
pared to having separate encoders. As most substantial gains come from
InfoSeek and Encyclopedic-VQA, which present tens to hundreds of ques-
tions for the same Wikipedia entity, we credit the shared architecture ap-

proach for reducing overfitting on entities seen during training.
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Table 4.3: Ablation study results on the M2KR benchmark. All experiments are with
CLIP VIT-L for both visual and textual encoders.

WIT IGLUE KVQA OVEN LLaVA InfoSeek E-VQA OKVQA

Model R@QI0 R@! R@5 R@5 R@! R@5PR@5 R@5 PR@5 R@S PR@5 Avg
ReT [20] 734 818 635 820 799 470 605 445 579 202 662 615
+ global features 793 816 658 828 821 466 608 433 580 174 648 620
+ score fusion (32tokens) 795 819 667 834 8.0 427 575 434 571 175 651 614
+ shared architecture (32 tokens) 780 834 667 835 842 480 599 480 611 133 628 626
+ shared architecture (16 tokens) 784 822 661 836 832 475 601 484 617 131 636 625
+ shared architecture (8 tokens) 781 826 624 835 827 472 609 484 611 142 656 624
+ shared architecture (4 tokens) 787 822 635 829 823 485 613 475 608 135 631 622
+ shared architecture (singletoken) 783 819 665 841 841 482 605 487 609 129 650 628
+non-shared architecture (single token) 798 825 678 844 814 464 590 426 567 171 656 621
+ layer pruning 779 822 633 843 829 501 622 477 607 146 660 629
+ global features (ReT-2) 811 829 723 831 838 480 610 497 626 152 659 641
08
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Figure 4.8: Analysis of average gate activation over 2k examples from the InfoSeek
and Encyclopedic-VQA test split of the M2KR benchmark.

Token Reduction. The next change arises from an analysis of the output
matrix of ReT, revealing that it suffers from rank collapse. Empirically, we
register the rank collapse score [116] of the 32-row matrix generated by ReT
when embedding samples from the InfoSeek test split of M2KR. The last re-
current step of ReT outputs 32 x 1,024 matrices. For them, we register an av-
erage rank collapse score of 0.18 when embedding queries and 0.22 when
embedding documents. After applying the late-interaction linear projec-
tion to 32 x 128 dimensions, the average rank collapse scores further plum-
mets to 0.09 and 0.11. Ideally, those scores would tend to 1.0, and our analysis
indicates that the 32 token embeddings of the output matrix converge to a

unified representation. Consequently, the purpose of using multiple token
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embeddings to represent inputs is questionable. This motivates the explo-
ration of a token reduction strategy, by applying score fusion to a number
of tokens equal to 16, 8, 4, and 1 (i.e., no score fusion at oll). While reducing
the number of tokens initially seems to degrade performance, we register
an average improvement of +0.2 points when switching from 32 tokens to
asingle one - i.e, shared architecture (single token). Notably, this happens
along with a reduction in trainable parameters and less computation, as
with a single token, there is no need to apply self-attention in the recurrent
cell of ReT. For completeness, we also include the single token version of
ReT without sharing weights between the query and document encoders

- ie, non-shared architecture (single token).

Layer Pruning. Driven by the computational constraints of ReT, primarily
due to the recurrent cell being applied to a predefined number of layers
ranging from 12 to 16, we explore a layer pruning strategy to improve ef-
ficiency. In detail, we sample a total of three layers, corresponding to the
early, middle, and late stages of both the visual and textual backbone*. This
strategy preserve information from different abstraction levels, and it has
been proven effective for the visual-language alignment of MLLMs [155].
Our choice is further supported by an empirical analysis of the average
gate activations of ReT, conducted on the InfoSeek and Encyclopedic-VQA
test splits of M2KR. As shown in Fig. 4.8, the visual input gate exhibits three
prominent activation peaks, aligning with the selected layer groups. On the
other hand, the textual input gate has a smoother behavior, peaking mainly
across early-to-middle stages, thus highlighting the importance of includ-
ing low-level textual features. Quantitative results validate the effective-
ness of this pruning strategy: not only it preserves retrieval performance,

but it also yields a +0.1 points improvement in accuracy.

*Because in Table 4.3 ReT-2 is paired with CLIP ViT-L/14, it follows that we employ
the third, eighteenth, and second last layer from the visual backbone, and the third,
seventh, and second last layer from the textual backbone. We refer to Table 4.2 for
the layer selection in backbones with different depths.
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Global Feature Injection. Finally, we incorporate global features, obtain-
ing our final ReT-2 model. In detail, we apply score fusion by summing the
multimodal, multilayer token coming from the recurrent cell with the pooler
token of the visual backbone and the one from the textual backbone. This
raises the average score to 64.1, with a +2.6 points improvement over ReT.
For fairness of comparison, we apply global feature injection to ReT as well
(ie, gray row). In this setting, the pooler tokens are first projected to dimen-
sion 128 and then concatenated to the 32 tokens of the recurrent cell. We
highlight that, even in this scenario, global features raise the performance
of ReT, while still falling behind ReT-2.

In summary, our final model, ReT-2, fuses multimodal and multi-layer
features into a single learnable token, shares parameters between the
query and document encoders, and incorporates global features. This de-
sign achieves superior performance without relying on the computationally
expensive fine-grained contrastive loss, and is adopted as the final model

for all subsequent experiments.

434 Comparison with Existing Approaches

Baselines and Competitors. To ensure a comprehensive comparison, we

introduce three baselines within our experimental setup.

1. cUP (Feature Averaging). This approach leverages the zero-shot
capabilities of CLIP, which we adapt for the multimodal query/docu-
ment setting by averaging the unimodal feature outputs from each
encoder. On the query side, the query text and image are processed
separately by two distinct, frozen CLIP encoders, and the resulting
pooled feature vectors are then combined by their average. This

same approach is applied on the document side.

2. CLIP (Unimodal) This is a straightforward extension of CLIP to the fine-
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grained late-interaction paradigm. We use all the tokens from the
last layer of the CLIP visual encoder to represent the query, whereas
the document is encoded by taking the output of the last layer of
the CLIP textual encoder. Because CLIP has not been trained using
a fine-grained relevance score (cfr. Eq. 412), we apply LoRA [103] to
the textual and visual encoders and train them along with the late-

interaction linear projection Wy;pqi.

3. cLP (Feature Fusion) Inspired by the feature fusion approach pro-
posed in [280], we build a multimodal retriever by training a cross-
attention layer with residual connection on top of two frozen CLIP en-
coders. The attention queries in the cross-attention layers are the
visual tokens on the query side and the textual tokens on the docu-
ment side. For unimodal textual documents, we feed a black image
to the CLIP visual encoder and mask out the cross-attention output

before adding it to the residual connection.
We also introduce some competitors:

1. FLMR [159] and PreFLMR [160] These are multimodal retrievers pre-
trained on a vision-language corpus of over ten million items where
the query is multimodal, while the document side contains only tex-
tual passages. While FLMR only uses the CLS embedding from the
visual backbone as the image representation, PreFLMR enhances this
by also extracting embeddings of image patches from the penulti-
mate layer to provide a more detailed visual representation. Notably,
PreFLMR adopts a three-stage training strategy, with the second one
dedicated exclusively to Encyclopedic-VQA to better handle its higher
diversity, difficulty, and dataset size compared to other KB-VQA data-

sets.
2. UnilR [ ] They propose strategies for encoding multimodal queries
and documents, by leveraging pre-trained models like CLIP [215] and
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BLIP [148] to integrate different modalities, with the goal of creating a
unified retriever for diverse tasks. Here we consider the feature-level
fusion version, that utilizes only the features from the last layer while

fine-tuning both visual and textual backbones.

Results on the M2KR Benchmark. Table 4.4 presents a comparison of our
proposed method, ReT-2, against a zero-shot CLIP baseline and other re-
trieval approaches. These include FLMR [159] and PrefFLMR [160], two multi-
modal retrieval models trained on M2KR. Both models adopt a multimodal
query and a text-only document setting. FLMR relies on the CLS token
for image representation, whereas PreFLMR enriches visual information us-
ing patch embeddings from the penultimate layer, capturing more fine-
grained features. For reference, we also report results from our earlier
model, ReT [30]. We also include a variant of ReT-2 in which the visual

and textual backbones are unfrozen during training (#).

Across all datasets and backbones, ReT-2 consistently outperforms the
original ReT. For example, on WIT with a frozen CLIP ViT-L backbone, ReT-2
achieves a substantial gain of +7.7 points over ReT (81.1 VS. 73.4). When com-
pared to other state-of-the-art methods, ReT-2 achieves the best average
performance in most settings, with the only exceptions being Encyclopedic-
VQA and OKVQA, where PreFLMR slightly outperforms it. In this regard, we no-
tice that PreFLMR employs a three-stage training pipeline, with the second
stage being dedicated to Encyclopedic-VQA and the third stage entailing
a careful balancing and resampling of each sub-dataset. In contrast, our
ReT-2 models are trained in a single-stage run on the entire M2KR dataset.
The trainable variant of ReT-2 (@) further boosts performance — for in-
stance, with the SiglLIP2 backbone, the trainable version delivers an average
improvement of +7.2 points. Similar trends are observed across all back-
bone architectures: CLIP ViT-B shows improvement from 55.2 to 59.], CLIP

ViT-L from 64.1 to 67.9, and OpenCLIP ViT-H from 63.4 to 69.2. Finally, scaling
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Table 4.4: Experimental results on the M2KR benchmark [160], comparing ReT-2 to
baselines and competitors when varying the visual backbone. Bold font denotes the
best results under the same backbone. The 1 marker denotes our reproductions.

WIT IGLUE KVQA OVEN LLaVA  InfoSeek E-VQA OKVQA
Model Backbone R@I0 R@ R@5 R@5 R@ R@5 PR@5 R@5 PR@S R@5 PR@S Avg
cup (zs) CUP ViT-B 489 631 578 581 330 336 474 013 121 052 499 368
cuP (unimodal) CUP ViT-B 476 591 337 542 284 158 354 97 230 25 399 318
cup (Feature Fusion) ~ CLIP ViT-B 46 566 220 598 580 193 404 212 405 96 560 386
FLMR [159] CUP ViT-B 238 - 319 405 564 - 47 - - - 68l -

PreFLMR [ ] CLIP ViT-B 4.7 573 286 46.3 672 26.0 488 55.0 67.9 272 661 484
ReT [20] CUP ViT-B 601 739 269 729 766 302 481 330 489 139 583 493
ReT-2 (Ours) CUP ViT-B 683 761 566 738 8l.2 369 527 361 529 120 607 552
ReT-2 (Ours) CLIP ViT-B « 737 777 666 773 860 383 538 420 576 149 626 591
cup (zs) CUIP ViT-L 659 749 733 685 366 480 584 017 120 059 492 450
PreFLMR [160] CUP ViT-L 605 692 436 598 718 374 6579 609 708 314 685 574
ReT [20] CUIP ViT-L 734 818 635 820 799 470 605 445 579 202 662 615
ReT-2 (Ours) CLIP ViT-L 811 829 723 831 838 480 610 497 626 152 659 641
ReT-2 (Ours) CUP ViT-L e 861 844 781 868 886 491 623 564 674 200 678 67.9
Siglip2 (zs) SigLIP2 ViT-L 5.9 600 484 743 an 514 604 195 332 61 501 451
PreFLMR [160]t SigLIP2 ViT-L 683 761 391 715 735 429 595 516 641 178 706 577
ReT [20] SigLIP2 ViT-L 657 718 348 8l 751 422 564 352 512 154 633 538
ReT-2 (Ours) SigLIP2 ViT-L 703 712 482 853 8.8 571 655 445 581 108 615 595
ReT-2 (Ours) SigllP2 ViT-Le 806 794 6.8 888 894 597 677 5.6 635 212 705 66.7
OpenCLIP (ZS) OpenCLIP ViT-H 742 782 68.0 784 453 532 613 208 333 73 63.9 531
PreFLMR [160] OpenCLP ViT-H 605 712 394 615 723 392 595 625 717 302 681 578
ReT [30] OpenCLIPViT-H 714 800 593 830 798 473 607 448 578 182 634 605
ReT-2 (Ours) OpenCLP ViT-H 802 823 662 833 861 528 631 459 593 144 640 634
ReT-2 (Ours) OpenCLIPViT-H. 855 842 758 884 9.1 580 667 589 693 183 651 692

the unfrozen visual backbone also correlates with stronger retrieval results:
average performance increases from 59.1 with CLIP ViT-B, to 67.9 with CLIP
ViT-L, and 69.2 with OpenCLIP ViT-H. In contrast, when the backbones are
frozen, we observe a similar trend to that reported in both ReT and PreFLMR:
the larger OpenCLIP ViT-H underperforms relative to the smaller CLIP ViT-L,
suggesting that the benefits of scaling depend on the dataset and exper-
imental setting. To provide a fairer comparison with the original PreFLMR
model, which uses CoIBERTV2 [228] as its textual backbone, in Table 4.5 we
report the results obtained when replacing the textual backbone in both
ReT and ReT-2 with CoIBERTV2. This evaluation is conducted using both
CLIP and SigLIP2 ViT-L visual backbones, ensuring consistency and compa-
rability across architectures. The performance trends remain consistent:
ReT-2 outperforms both the original ReT and PreFLMR, even when matched
on backbone architecture. The largest improvements are again observed
with the trainable variant of ReT-2, yielding average gains of +6.4 and +12.6

over ReT when using CLIP and SigLIP2 ViT-L, respectively.
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Table 4.5: Experimental results on the M2KR benchmark [160], comparing ReT-2 to

baselines and competitors when employing ColBERTV2 [228] as textual backbone. t
indicates our reproductions.

WIT IGLUE KVQA OVEN LLaVA InfoSeek E-VQA OKVQA
Model Backbone R@10 R@! R@5 R@5 R@! R@5 PR@5 R@5 PR@5 R@5 PR@5 Avg
PreFLMR [160] CLIP ViT-L 605 692 436 59.8 .8 374 579 609 708 314 685 574
ReT [30] CLIP ViT-L 739 793 48.6 79.6 79.6 400 589 434 590 19.0 641 587

ReT-2 (Ours)  CLIP ViT-L 786 803 488 812 80.3 509 649 471 621 148 621 610
ReT-2 (Ours) CLIP ViT-L . 819 810 629 837 848 521 662 551 678 167 642 651

PreFLMR [160]F SigLP2 ViT-L 683 761 391 75 735 429 595 516 641 178 706 577
ReT [30] SiglIP2 ViT-L 657 718 348 818 751 422 564 352 512 154 633 539
ReT-2 (Ours) SigliP2 ViT-L  78.9 79.1 486 844 83.0 537 663 491 632 152 619 621
ReT-2 (Ours) SigLIP2 ViT-Le 827 825 56.4 86.6 861 594 686 56,5 686 173 674 665

Results on M-BEIR Benchmark. In Table 4.6, we further evaluate the gener-
alization capability of our proposed approach on M-BEIRjcqi. The bench-
mark comprises eight distinct tasks, each presenting different modality
configurations and challenges. In this setting, we compare ReT-2 with zero-
shot baselines and competitors like UnilR [280], GENIUS [124], and the previ-
ous version of our model (i.e, ReT). Specifically, UnilR proposes strategies for
encoding multimodal queries and documents, by leveraging pre-trained
models like CLIP and BLIP [142] to integrate different modalities. In this table,
we also include our reproduction of UnilR using the SigLIP2 backbone to en-
sure a fair and consistent comparison. GENIUS, on the other hand, is a ver-
satile generative retrieval framework that discretizes multimodal inputs. As
additional competitors, we include retrieval models based on MLLMs, such
as MM-Embed [157], JFE [109], PUMA [186], and LamRA [174]. Due to their sig-
nificantly larger model sizes and parameter counts, these methods are not

directly comparable to ours.

The results show that ReT-2, using both the CLIP and SigLIP2 ViT-L back-
bones, significantly outperforms not only the original ReT version but also
all other competitors. For instance, the SiglLIP2 variant of ReT-2 achieves a
notable improvement of +5.2 points over UnilR using the same backbone.
Remarkably, despite being smaller in size and not relying on an LLM, the

variant of ReT-2 based on SigLIP2 delivers the best overall performance
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Table 4.6: Experimental results on the M-BEIRocq benchmark [280]. t indicates our
reproductions, and gray denotes MLLM-based methods.

#1 #2  #3 #4 #5 #6 #7 #8

Backbone VN COCO F200k WQA EDIS WQA VN COCO F200k NIGHTS OVEN InfoSeek FIQ CIRR OVEN InfoSeek Avg
cUP (z5) CUPVIT-L 434 611 66 362 433 451 413 790 77 261 242 205 70 132 388 264 325
sigLiP2 (zs) SiglP2 ViT-L 400 775 348 337 27.3 425 404 881 353 284 300 302 204 293 419 343 396
PrefLMR [160] CLIP ViT-L - - - 681 218 376 01 8 00 - 199 27 - - 274 235 -
ReT [30] CUPVIT-L 232 663 123 470 471 569 230 855 95 215 390 214 106 271 573 339 363
ReT [20] CUPVIT-Le 242 728 145 543 485 656 241 876 157 256 375 202 130 372 563 352 395
GENIUS [124] CUPVIT-L. 274 780 162 446 443 606 284 911 163 302 419 207 193 395 525 301 401
UnilR [260] BUPVIT-L. 234 797 261 800 509 798 228 899 289 330 410 224 292 522 558 330 468
UnilR [260] CUPVIT-L. 426 81 180 847 594 787 431 923 183 320 455 279 244 446 676 489 506
unilR [280]t SiglP2 ViT-Le 294 781 216 753 499 776 330 911 445 2095 529 279 331 540 712 507 512
ReT-2 (Ours) CUPViT-L. 473 802 211 86.0 567 80.2 46.8 916 227 315 487 275 238 443 691 470 515
ReT-2 (Ours) SiglP2 ViT-L. 389 84.8 50.0 763 537 784 420 950 522 315 541 323 353 571 721 483 564
MM-Embed [157] LLaVA-NeXT-7B 410 713 171 959 688 850 413 901 184 324 421 423 257 500 641 577 627
JFE [109] PaliGemma-38 346 785 372 887 543 824 331 900 369 278 460 356 318 540 727 6l 540
PUMA [156] Qwen2-VL-7B 357 795 258 862 352 901 290 314 582 784 527 483 306 499 740 652 544
LamRA [174] Qwen2-VL-7B 416 815 287 860 626 812 396 906 304 321 541 521 332 531 762 633 566

compared to nearly all MLLM-based competitors, falling just short of the

LamRA model, which achieves only a +0.2-points average improvement.

Computational Analysis. In Table 4.7, we provide a computational analy-
sis of ReT-2 and competitors in terms of resource demand for training and
inference speed. The analysis employs a subset of the InfoSeek dataset
comprising 100k image-text passages and 4.7k image-text queries. For CLIP
ViT-L and SigLIP2, which we include as baselines for image-text retrieval, we
mask out text on the query side and images on the document side. For
ReT and PreFLMR, we follow the implementation in [ ] to index passages,
enabling efficient fine-grained late-interaction retrieval through GPU ac-
celeration. This implementation runs the forward pass of the models in
full precision, so we stick with full precision to measure the forward time
of all the models. An exception is LamRA, which we run in half precision to
account for the additional memory requirements due to its 7B MLLM back-
bone. For the other methods, we build a GpuIndexFlat using the Faiss
library. All experiments are run on a single NVIDIA Al00 GPU (64GB of VRAM).

Notably, ReT-2 benefits from the introduced layer pruning strategy and
the use of a single input token to embed queries and documents, resulting
in significantly faster forward and retrieval times compared to ReT and Pre-

FLMR, which rely on the more computationally intensive fine-grained late-
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Table 4.7: Comparison of training resources and inference times between ReT-2
and competing methods.

Training Info Inference Time (ms)

Model Backbones #GPUs Hrs Forward Retrieval All |  #Tokens
cup (zs) T3k vk - - 18.6 0.7 19.3 1
siglP2 (zs) Tk vk - - 192 08 200 1
PreFLMR [160] T@ V3 4 864 327 4061 4388 320
UniR[280] Te@ Ve 8 72 238 08 332 1
LamRA [174] MLLM @ 6 N/A 527 15 54.2 1
ReT [29] T3k vk 4 80 314 35 349 32
ReT-2 (Ours) T3 vk 4 80 26.8 08 276 1
ReT-2 (Ours) T® Ve 4 160 268 0.8 27.6 ]

interaction paradigm. Compared with UnilR, ReT-2 demonstrates compet-
itive retrieval speed while generally requiring equal or lower training re-
sources, depending on whether the unimodal backbones are trained to-
gether with the recurrent retrieval cell or kept frozen. It is worth noting
that LamRA takes nearly twice the forward and retrieval time of ReT-2, not
to mention the additional storage required for saving embeddings of size
3,584 rather than 768 as in our model. Ultimately, the decision to rely on
MLLMs rather than smaller encoders based on vision-language foundation

models is a trade-off between performance and efficiency.
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Retrieval-Augmented Image

Captioning Models

etrieval-augmented image captioning leverages this idea by inte-
grating retrieval components into the captioning pipeline, allow-
ing the language model to condition its generation not only on
the visual input but also on relevant information retrieved from a large
multimodal corpus. By explicitly exploiting an external memory, such mod-

els can ground the generation process in additional visual and textual evi-

This chapter discusses topics from the following papers: S. Sarto et al,, “Retrieval-
Augmented Transformer for Image Captioning”, CBMI 2022 [230] and S. Sarto
et al, "Towards Retrieval-Augmented Architectures for Image Captioning”, ACM
TOMM [232] and M. Barraco, S. Sarto et al, “With a little help from your own past:
Prototypical memory networks for image captioning”, ICCV 2023 [17].
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dence, producing captions that are more detailed, accurate, and seman-
tically rich. Moreover, retrieval augmentation improves generalization to
novel concepts and long-tail distributions, alleviating the need to rely solely
on increased model capacity or extensive retraining.

In the following sections, we first contextualize retrieval-augmented cap-
tioning by reviewing how image captioning architectures evolved over
time. We then discuss how retrieval augmentation has been incorporated
into these models to enhance caption generation. Finally, we broaden the
perspective by surveying memory-augmented captioning models, with a

focus on learnable memories that store prototypical representations.

51 Image Captioning: Models and Trends

State-of-the-art image captioning models have evolved through a se-
quence of architectural refinements aimed at improving visual grounding,
linguistic fluency, and alignment between visual and textual representa-
tions. Most of the time, the performance on image captioning are evalu-
ated on the COCO dataset and reporting the CIDEr metric.

Early competitive approaches are primarily based on LSTM language
models coupled with visual feature extractors. Among these, the Up-Down
model [7] introduced bottom-up and top-down attention mechanisms to
dynamically select relevant image regions during generation. Subsequent
works extended this paradigm by incorporating structured visual informa-
tion, such as spatial relationships and scene graphs, as in GCN-LSTM [299]
and SGAE [295], or by enhancing attention through self-attentive formu-
lations, including AoANet [108], X-LAN [206], and DPA [164]. These models
demonstrated that explicitly modeling relationships between visual ele-
ments and refining attention can substantially improve caption quality.

More recent methods have shifted toward fully Transformer-based ar-
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Table 5.1: Performance comparison of representative image captioning approaches
using standard evaluation metrics. For all metrics, higher values indicate better per-

formance (1). Table reproduced from [251]

Model B-1 B-4 M R c S

Show and Tellt [272] 724 314 250 531 972 18l
scsT (Fe)t [222] 747 317 252 540 1045 184
Show, Attend and Tellf [289] 741 334 262 546 1046 193
scsST (Att2in)# [222] 780 353 271 567 174 205
Up-Down? [7] 794 367 279 576 1227 215
SGAE [295] 810 390 284 589 1291 222
MT [247] 80.8 389 288 587 1296 223
AoANet [108] 802 389 292 588 1298 224
X-LAN [206] 80.8 395 295 592 1320 234
DPA [164] 80.3 405 296 592 1334 233
AutoCaption [327] 815 402 299 595 1358 238
ORT [97] 805 386 287 584 1283 226
CPTR [172] 817 400 291 594 1294 -

M2 Transformer [64] 80.8 391 292 586 1312 226
X-Transformer [206] 80.9 397 295 591 1328 234
Unified VLP [325] 809 395 293 596 1293 232
VinVvL [316] 82.0 41.0 311 609 140.9 25.2

chitectures, motivated by their success in sequence modeling and their
ability to capture long-range dependencies. Models such as ORT [97], the
M? Transformer [64], X-Transformer [206], and RSTNet [320] replace recur-
rent language models with self-attentive decoders, often employing cross-
attention to integrate visual features more effectively. Building on this trend,
some approaches further enhance representation capacity by combin-
ing visual features extracted from multiple backbones, as exemplified by

DLCT [185] and DIFNet [284].

A comparative analysis of popular image captioning approaches, eval-
uated using standard captioning metrics, is presented in Table 5.1. This to-
ble has been taken from [251]. These models highlight the benefits of richer
visual representations and fully attentive architectures for improving both

descriptive accuracy and linguistic coherence.
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Figure 5.1: Schema of a general retrieval-augmented architecture for image cap-
tioning. Given an input image, visual features are extracted using a CLIP-based
image encoder. These features are then used to retrieve a set of similar textual sen-
tences, starting from the corresponding image representations, that are employed
as additional knowledge during the generation of the caption.

52 A Retrieval-Augmented Transformer for
Image Captioning

The goal of an image captioner is that of modeling a distribution p(y|I) over
possible captions y given an input image 1. With the aim of separating
the language modeling and memorization capabilities of the captioner,
we augment the model with an external memory of textual descriptions
(Fig. 5.1), which will serve as the memory of the model. Under this setting,
we can decompose the probability distribution p(y|I) into two steps: (1) re-
trieval of relevant textual items from the external memory and (2) prediction
of the textual description (or language modeling), conditioned on retrieved
items. Firstly, given an image I we retrieve a set of descriptions {z;}; from
the external memory, performing kNN searches in a visual similarity space.
Then, we condition our language model on both the image I and the re-
trieved descriptions {z; };. From a probabilistic point of view, this amounts to

modeling p(y|{z:}:, I) and marginalizing over the set of retrieved captions.

66



52. A Retrieval-Augmented Transformer for Image Captioning

521 External Memory and Knowledge Retrieval

The retrieval of relevant textual items from the external memory aims at
modeling p(z|I) given a corpus of image-text pairs and an input query
image I. The knowledge retrieval component performs an approximate
k-nearest-neighbor search into the external memory, defined through an

inner product similarity between image embeddings, i.e.
f(I1, 1) = Embed(I;)" Embed(I:), (51)

where Embed(-) is a function that maps an image to a vector. The rele-
vance f(-,-) between the query image and images in the corpus is em-
ployed to sort images by decreasing similarity. Then, the knowledge re-
triever returns all captions associated with the selected images, as a

source of conditioning for the language model.

To model the visual embedding function, we employ the visual encoder
of one of the CLIP models [215], which have been trained contrastively to
match image-text pairs. Empirically, we found this relevance function to
be more robust in our scenario when compared to vision-only descriptors,
as also reported in recent literature [16, . While the maximum inner
product search is carried out employing visual queries and values in Eq. 5],
the search is implicitly multimodal as it happens inside a visual-semantic
space. In contrast to performing a pure multi-modal search with visual
queries and textual keys, however, our strategy is computationally lighter

as it does not require to forward through a textual encoder.

Specifically, we select a CLIP ResNet-based [96] visual encoder. In this
kind of encoder, the image is processed through a sequence of residual lay-
ers, then the grid of activations from the last convolutional layer is fed to an
attention pool layer. Here, a single query is built from the global average-

pooled feature vector, and all elements of the grid act as keys and values.
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To get a more fine-grained representation of the image and have a higher
control on the pooling strategy, we directly take the grid of features from
the last convolutional layer and define the Embed function as an aggrega-

tion (e.g. average, max) of the features contained in the grid (see Fig.5.1).

522 Designing of Retrieval-Augmented Language

Models

Given an external memory from which a set of relevant captions {z; }; can
be extracted, we now discuss the design of a retrieval-augmented lan-
guage model p(y|{zi}:, I), which is in charge of predicting the output cap-
tion while being conditioned on both the input image and items retrieved
from the external memory. Compared to a traditional image captioning
model, which only models p(y|I), a retrieval-augmented model must imple-
ment a connection between its inherent language modeling capabilities,
which in a Transformer-based model take place in self-attention layers,
and the sequences of tokens that form the retrieved captions. The frame-
work we employ for caption generation is an encoder-decoder Trans-
former [270], where the encoder is in charge of processing the input image,

while the decoder acts as language model.

Visual Encoder. The input of the encoder consists of a flattened sequence
of grid feature vectors (as described in Sec. 5.2.1) which are linearly pro-
jected into a vector space. Each encoder layer is then composed of a
self-attention layer and a feed-forward layer, as in the standard Trans-
former [270].

In particular, all intra-modality interactions between image-level fea-
tures are modeled via scaled dot-product attention, without using recur-
rence. Attention operates on three sets of vectors, namely a set of queries

Q. keys K and values V, and takes a weighted sum of value vectors ac-
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cording to a similarity distribution between query and key vectors. In the

case of scaled dot-product attention, the operator is defined as

i QK"
Attention(Q, K, V) = softmax Nz Vv, (5.2)

where Q is a matrix of ny query vectors, K and V both contain n, keys and

values, all with the same dimensionality, and d is a scaling factor.

Given a set of grid image features X extracted from an input image,
attention is used to obtain a permutation invariant encoding of X through
the self-attention operations used in the Transformer [ ]. In this case,
queries, keys, and values are obtained by linearly projecting the input fea-

tures, and the operator can be defined as
S(X) = Attention(W, X, Wy X, W, X), (563)

where W,, Wi, W,, are matrices of learnable weights. The output of the self-
attention operator is a new set of elements S(X), with the same cardinality
as X, in which each element of X is replaced with a weighted sum of the
values, ie. of linear projections of the input (Eq. 5.2). The output of the self-
attention attention is then applied to a position-wise feed-forward layer
composed of two affine transformations with a single non-linearity, which
are independently applied to each element of the set. Each of these sub-
components (self-attention and position-wise feed-forward) is then en-
capsulated within a residual connection and a layer norm operation. The

complete definition of an encoding layer can be finally written as:

J = AddNorm(S(X))

X = AddNorm(F(J)), (5.4)

where F indicates a feed-forward layer and AddNorm indicates the com-

position of a residual connection and of a layer normalization.
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Given the aforementioned structure, multiple encoding layers are
stacked in sequence, so that the i-th layer consumes the output set com-
puted by layer i — 1. This amounts to creating multi-level encodings of
the relationships between image features, in which higher encoding layers
can exploit and refine relationships already identified by previous layers.
A stack of N encoding layers will therefore produce an output X = X7,

obtained from the output of the last encoding layer.

Textual Decoder. The decoder, instead, takes as input the sequence of
tokens comprising the ground-truth caption and is asked to predict a left-
shifted version of it. The self-attention here is masked so that each to-
ken can attend only elements to its left, and the decoder then effectively
models an autoregressive generation process. Each layer of the decoder
comprises at least one self-attention layer, a cross-attention layer with the
encoder output, and one feed-forward layer.

Given a sequence of vectors Y, and outputs from the last encoder layer
X, the cross-attention connects Y to all elements in X. Formally, the oper-

ator uses queries from the decoder and keys and values from the encoder:
C(X'Y) = Attention(W,Y, Wy X', W, X"). (5.5)

As the prediction of a word should only depend on previously predicted
words, the decoder layer comprises a masked self-attention operation that
connects queries derived from the ¢-th element of its input sequence Y
with keys and values obtained from the left-hand subsequence, ie. Y<,.
Also, the decoder layer contains a position-wise feed-forward layer, and
all components are encapsulated within AddNorm operations. The final

structure of the decoder layer can be written as:

J = AddNorm(C(X, AddNorm(Smask(Y)))

Y = AddNorm(F(J)), (5.6)
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Figure 5.2: Architectural schema of the RA—T3 (Self—ottention—bosed) and RA-TX

(cross-attention-based) language modelsin RA — TS, retrieved captions are em-
ployed as prefix of the decoder textual sequence, after removing stop words and
duplicate words. In RA — T, instead, retrieved captions are first passed through a
Transformer encoder and then used in a kNN cross-attention layer inside the cap-
tioner decoder. The contribution of retrieved captions is regulated by a learnable
gating mechanism that combines the output of the kNN cross-attention layer with
those of the standard self-attention over the input sequence.

where Y is the input sequence of vectors and Smqsk iNdicates a masked
self-attention over time. Finally, our decoder stacks together multiple de-
coder layers, helping to refine both the understanding of the textual input
and the generation of the next tokens. Overall, the decoder takes as input
word vectors, and the ¢-th element of its output sequence encodes the pre-
diction of a word at time ¢ + 1, conditioned on Y<.. After a linear projection

and a softmax, this encodes a probability over tokens in the dictionary.

Generation Stage. We devise two retrieval-augmented transformer (RA-
T) variants for realizing the connection between the decoder self-attention
and items retrieved from the external memory, one based on self-attentive
connections, termed RA — T'°, and one based on cross-attention connec-

tions, RA — TX. The two different architectures are shown in Fig. 5.2.

RA — T°. Under this configuration, retrieved captions are employed as a
prefix of the decoder sequence, so that the self-attention operator can

naturally retrieve relevant suggestions coming from the external memory
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while generating a caption. This might also be seen as a variant of the
prompting technique [10]. A naive concatenation of the retrieved captions
would be computationally intractable with the growth of k; furthermore,
the self-attention layer would not have a principled way of distinguishing
retrieved and generated tokens.

Therefore, we adopt two strategies: we clean the retrieved captions by
removing stop words and eliminating duplicate words that appear in more
than one caption, so to obtain a set of unique words. Formally, the input
of the decoder can be defined as Yza-1 = [unique({z;}:), Y], where [, ] indi-
cates concatenation, and unique(-) indicates a function that removes stop
words and eliminates duplicates.

To increase the effectiveness of this strategy, we also employ two differ-
ent learnable segment embeddings [65] to distinguish between retrieved
words and generated ones (ie, Y). Also, as cleaned words represent an
unordered set, we do not apply position embeddings to this segment, so

to keep the permutation invariance of the self-attention operator.

RA — T%. In this case, an additional cross-attention layer is placed in par-
allel to the masked self-attention layer of the decoder. Retrieved captions
are firstly encoded independently through a bidirectional Transformer en-
coder to get a refined representation of the tokens, then the aforemen-
tioned cross-attention layer performs a cross-attention over the resulting
outputs. As the cross-attention layer is placed in parallel to the masked
self-attention layer, the same queries are employed for both layers. For-
mally, given the input sequence of tokens Y and the set of retrieved cap-

tions Z = {z;},, this configuration can be written as follows:

Z = Encoder(Z) (5.7)
L = AddNorm(Smos(Y)) (5.8)
M = AddNorm(C(Z,Y)), (5.9)
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where Encoder indicates a Transformer encoder, such as the one em-
ployed for visual features encoding. The second equation refers to the
self-attention between tokens of the caption. The last equation, instead,
refers to the additional cross-attention operation with retrieved captions.

Noticeably, in this layer, all tokens from all retrieved captions are attended.

Finally, the outputs coming from the two parallel layers need to be com-
bined. To this aim, we devise a learnable gate, with which the model
can regulate the importance of the output coming from the self-attention
layer and that coming from the cross-attention layer. Conceptually, this
amounts to choosing between the local context encoding and retrieved
captions. Formally,

J=a-L+(1-a)M, (510)

where a represents the learnable gate. In practice, this is learned as the
sigmoid of a single scalar network parameter. The output of this linear
combination is then passed to the usual cross-attention with visual fea-

tures and the feed-forward network to obtain the output sequence.

At training time the input of the decoder is the ground-truth sentence
{BOS, 91, J2, ..., in }, and the model is trained with a cross-entropy loss to
predict the shifted ground-truth sequence, i.e. {41, 92, ..., Jn, EOS}. Here, BOS
and EOS denotes special tokens that explicitly mark the beginning and the
end of the caption, respectively. This training setup, commonly referred to
as teacher forcing, allows the model to condition each prediction on the

correct preceding tokens, facilitating stable and efficient learning.

While during training, the model predicts all output tokens simultane-
ously, the prediction process at inference happens sequentially. In each
step, the model takes the partially decoded sequence as input, then se-
lects the next token by sampling from its output probability distribution,

continuing this process until an EOS marker is generated.
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5.2.3 The Effectiveness of Retrieval-augmentation

Datasets and Evaluation Protocol. We first analyze the effectiveness of
our retrieval-augmented architecture on the COCO dataset [158]. To train
and test our solution, we follow the splits defined by Karpathy et al. [117].
However, there are also 30,5604 images that were originally in the valida-
tion set of the original COCO dataset but were left out in this split. As
done by previous image captioning [64, 108, , 7] and image-text match-
ing [137, 52, , , ] literature, we add these images in the training set
thus obtaining a total of 113,287 images to train the model. Additionally, we
perform experiments on the nocaps dataset [3]. contain both in-domain
and out-of-domain object classes. Under this setting, we train our model
on COCO and evaluate on nocaps validation set, submitting generated
captions to the nocaps evaluation server*.

Following captioning literature, we measure the performance of our ap-
proach using the standard captioning evaluating metrics. During evalua-
tion, we compare each generated caption with all ground-truth sentences
associated with the corresponding image, using the COCO caption evalu-

ation library! to obtain the final scores.

Retrieval Index. We build our retrieval index on the COCO training set. Dur-
ing training, to reduce overfitting risks, we avoid retrieving captions that
belong to the current training image. We employ approximate kNN search
rather than exact kNN search because it significantly improves the compu-
tational speed of our model. To this aim, we employ the Faiss library [115]
and a graph-based HNSW index with 32 links per vertex, which has a size of
6.7 GB. For simplicity, we do not employ any vector transform (e.g. PCA) or
vector quantization, although they might be employed to reduce the index

size and scale to larger datasets.

*

t
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Implementation Details. To represent images, we employ CLIP-
RN50x16 [215] intermediate features. To represent words, of both the in-
put subsequence and retrieved sentences, we use Byte Pair Encoding
(BPE) [ | with a vocabulary size of 49,408. We use standard sinusoidal
positional encodings [270] to represent word positions. For efficiency, the
length of the output token sequence is limited to 40 tokens. Visual features
and word tokens are projected into d-dimensional vectors with d = 384
and fed to our Transformer-based model, which has L = 3 layers in both
encoder and decoder with six attention heads. The external memory en-
coder has the same number of heads and dimensionality as the rest of the

model. The gate « is initialized to zero at the beginning of the training.

Pre-training with cross-entropy loss is performed using the LAMB opti-
mizer [306] and following the learning rate scheduling strategy of [270]
with a warmup equal to 6,000 iterations and a batch size of 1,080. For the
CIDEr-based fine-tuning, we adopt the SCST strategy [222] sampling over
the k = 5 best sequences from a beam-search scheme, using Adam [125]

as optimizer, a batch size equal to 80, and a fixed learning rate of 5 x 107°.

Experiments are performed training on two Quadro RTX-5000 GPUs,
using five gradient accumulation steps during both cross-entropy pre-
training and CIDEr optimization. ZeRo memory offloading [218] and mixed-

precision [195] are used to accelerate training and save memory.

Quality of Nearest Neighbor Captions. To confirm that nearest neighbor
captions are a suitable source of additional knowledge and that can be
thus employed to improve the final performance, we first need to evaluate
their relevance with respect to the ground-truth captions. To do this, given
an image from the test set, we retrieve the k nearest captions from one
of the created nearest neighbor indexes using our relevance function to
compare visual elements (ie. in this experiment we use a standard aver-

age pooling to aggregate image features). Then, we measure the similar-
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Table 5.2: Performance of the k nearest-neighbor captions using distinct indexes.

B-1 B-4 M R C S B-1 B-4 M R C S

index: COCO
mean score 494 106 170 361 441 120 492 104 168 359 431 18
max score (Oracle) 6565 144 248 494 778 191 723 221 285 551 965 226

index: CC3M (original)

mean score 265 03 93 204 135 58 253 03 92 202 130 56
max score (Oracle) 409 14 152 319 321 16 465 26 174 360 404 138
index: CC3M
mean score 592 107 209 442 614 138 587 104 206 438 598 136

max score (Oracle) 741 249 286 564 1018 212 785 314 313 603 1166 238

k=20 k=40
B-1 B-4 M R C S B-1 B-4 M R C S

index: COCO
mean score 489 102 167 357 421 N6 486 100 165 354 411 14
max score (Oracle) 777 308 319 602 142 254 820 394 349 645 1304 280

index: CC3M (original)

mean score 252 03 91 201 126 55 250 03 90 200 122 53

max score (Oracle) 518 42 193 399 493 161 566 69 213 437 586 18]
index: CC3M

mean score 582 99 203 434 581 133 576 95 20.0 430 56.3 130

max score (Oracle) 8.9 377 337 636 1294 259 851 436 360 667 1418 27.8

ity between retrieved and ground-truth captions by calculating the mean
captioning scores and the score of the retrieved caption with the highest
similarity to the ground-truth. The latter can be considered as an upper-
bound score, where an oracle evaluator is used to select the best caption
among the k nearest ones. We perform this analysis using three different
retrieval indexes: one containing image-text pairs from the COCO dataset
and the others containing elements from the CC3M dataset, either using
the original CC3M textual descriptions (ie. CC3M (original)) or the textual
sentences predicted by the BLIP model [148].

The results are presented in Table 5.2 as the number k of retrieved sen-
tences varies. As it can be noticed, retrieving a limited number of captions
(e.g. k = 5) leads, for all retrieval indexes, to a set of captions that only
partially correlates with the ground-truth. On the other hand, increasing
the number of retrieved captions slightly degrades the performance, with

a decrease in the mean CIDEr score from 44.1 to 41.1 when using the index
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containing COCO elements. The maximum (orocle) score, instead, shows
considerably higher results. Specifically, it reaches up to 130.4 and 141.8
CIDEr points, respectively using the COCO and CC3M indexes, when retriev-
ing a large number of captions (ie. k = 40). The worst results, in terms
of both mean and maximum scores, are obtained with the retrieval index
with the original CC3M corpus which leads to 58.6 CIDEr points in terms
of maximum score using k = 40. These results can be explained by the
quality of CC3M textual sentences which are crawled from the web and,
although semantically richer, have a substantially different style from the

human-annotated captions contained in the COCO dataset.

Although our embedding space is built on top of state-of-the-art de-
scriptors, the high quality achieved by the oracle captions for higher val-
ues of k indicates that there is still significant room for improvement in the
quality of the embedding space. It is worth noting, also, that the quality of
the captions plays a crucial role in determining the quality of the embed-
ding space, and it is not only dependent on the size of the retrieval index,
as demonstrated by the results using original CC3M captions. Therefore,
even a smaller index with high-quality captions can potentially result in a

better embedding space than a larger one with lower-quality descriptions.

Role of Different Aggregation Functions. We then move to our full mode|,
and first analyze the results of different aggregation functions to embed
visual features and retrieve the most similar images. Specifically, we con-
sider a standard average pooling over grid features, a max pooling, and
a sum of f,-normalized features followed by an ¢;-norm of the result,
which has demonstrated to be effective in previous image and video re-
trieval works [262]. Results are reported in Table 5.3, after cross-entropy
pre-training, in comparison with a standard Transformer-based encoder-
decoder model without retrieval. We can first notice that all configurations

with the external memory encoder achieve better performance than the
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Table 5.3: Performance of the two versions of our retrieval-augmented Transformer,
by varying the number of retrieved sentences k and the aggregation function used.
Results are reported after cross-entropy pre-training using the COCO index.

RA-T% RA—-TX

Aggregation Function & B-1 B4 M R C S B-1 B-4 M R C S

£e=norm sum 5 782 38.0 285 580 1222 216 783 386 289 583 1231 218
£-norm sum 10 779 375 284 576 1215 217 785 386 288 583 1227 221
L>=norm sum 20 779 380 287 579 1230 217 783 386 289 583 1238 219
£y=norm sum 40 785 381 286 580 1229 218 782 391 287 579 1228 220
max 5 785 382 288 583 1227 218 786 386 289 583 1236 220
max 10 782 381 284 580 1231 216 783 385 289 582 1238 222
max 20 784 383 286 584 1231 217 783 38,6 290 583 1240 221
max 40 79.0 383 286 584 1229 219 783 383 289 583 1236 220
mean 5 787 383 287 581 1233 220 786 387 291 585 1240 220
mean 10 785 384 289 581 1237 219 789 389 289 585 1245 22]
mean 20 786 383 286 582 1234 218 785 38.6 289 583 1242 220
mean 40 784 378 287 583 1229 210 784 384 289 583 1231 220

baseline which obtains 121.6 CIDEr points, thus demonstrating the effective-
ness of our retrieval-augmented architecture. When comparing the differ-
ent aggregation functions, the results show that a standard mean of grid
features performs generally better than the other considered aggregation

functions, also according to a different number k of retrieved captions.

Results on COCO. In Table 5.4 we report the results on the standard Karpa-
thy test split after CIDEr-based finetuning, comparing our model perfor-
mance with that of different state-of-the-art captioning models. Although
several architectures pre-trained on large-scale datasets and then fine-
tuned on COCO have recently been proposed [150, 316, 106], in this analy-
sis we only consider captioning models trained exclusively on the COCO
dataset. Specifically, we compare against methods with language mod-
els based on LSTMs such as Up-Down [7], eventually enhanced with spatial
and scene graphs like GCN-LSTM [299] and SGAE [295] or self-attentive
mechanisms such as AoANet [108], X-LAN [206], and DPA [164]. Moreover,
we consider captioning architectures entirely based on the standard Trans-
former model such as ORT [97], M? Transformer [64], X-Transformer [206],
and RSTNet | ], even combining visual features from multiple backbones

as in the case of DLCT [185] and DIFNet [284].
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Table 5.4: Comparison with state-of-the-art models on the Karpathy-test split.
Overall best results are underlined.

B-1 B4 M R C S

Up-Down [7] 798 363 277 569 1201 214
ORT [97] 805 386 287 584 1283 226
GCN-LSTM [299] 809 383 286 585 1287 221
SGAE [295] 810 390 284 589 1291 222
AoANet [108] 802 389 292 588 1298 224
M? Transformer [64] 808 391 292 586 1312 226
X-LAN [206] 808 395 295 592 1320 234
X-Transformer [206] 809 397 295 591 1328 234
DPA [164] 80.3 405 296 592 1334 233
DLCT [185] 814 398 295 591 1338 230
RSTNet [320] 818 401 298 595 1356 233
DIFNet [284] 817 400 297 594 1362 232
Transformer (w/o external memory) 819 397 296 594 1353 23.6
RA —T% (index COCO) 820 401 296 594 1364 232
RA —T5 (index: CC3M) 825 40.8 29.7 59.8 136.7 23.6
Transformer (W/o external memory) 819 397 296 594 1353 236
RA —TX (index: COCO) 82.4 405 298 59.8 1365 238
RA —TX (index: CC3M) 822 41.0 30.0 59.8 136.7 23.9

Results of both versions of our complete retrieval-augmented architec-
ture are reported using both COCO and CC3M retrieval indexes and com-
pared with those of a standard Transformer-based model without the re-
trieval component. As it can be seen, the efficacy of the kNN-augmented
language model is confirmed even after finetuning with CIDEr-based op-
timization, with an increase of 11 and 12 CIDEr points respectively com-
paring RA — 7% and RA — T with COCO retrieval index to the standard
Transformer-based architecture. The use of a larger index such as the one
containing a cleaned version of CC3M captions can further boost the per-
formance, leading to an overall CIDEr score of 136.7 for both model varia-
tions. It can also be noticed that, while after cross-entropy pre-training the
RA — T version slightly outperforms the RA — T model, after reinforce-
ment learning finetuning the two model variants perforrn comparably, thus
demonstrating that both architectures can be a valid solution for incor-

porating external knowledge. Furthermore, we observe that the proposed

79



5. Retrieval-Augmented Image Captioning Models

Table 5.5: Performances on nocaps validation set. We report the overall best results
underlined.

Near Out Overall

c s c s c s
NBT [3] 612 99 624 89 602 95
Up-Down [3] 736 N3 664 97 731 1M
M? Transformer [64] 754 N7 694 100 750 14
Transformer (w/o external memory) 874 127 667 108 853 125
RA — T (index: COCO) 882 125 686 106 863 123
RA —T° (index: CC3M) 89.3 130 695 1.0 86.8 12.7
Transformer (w/o external memory) 874 127 667 108 853 125
RA — T% (index: COCO) 885 128 686 10 863 126
RA —TX (index: CC3M) 89.4 131 686 1.1 87.0 128

retrieved-augmented model achieves promising and competitive perfor-
mance compared to other state-of-the-art methods, and surpasses them

in terms of all evaluation metrics.

Results on nocaps. In Table 5.5, we extend our analysis on the nocaps
dataset, using RA — T° and RA — T after finetuning with CIDEr optimiza-
tion on the COCO dataset. Also in this case, we compare our results against
a standard Transformer model and employ both versions of our retrieval
index (i.e. the one containing COCO captions and the other composed of
CC3M sentences predicted by the BLIP model). The effectiveness of the
proposed retrieval-augmented strategy is confirmed also in this setting,
with an improvement of 1.5 and 1.7 on the entire validation set, respectively
for the self- and cross-attention model variants with CC3M index. These
results highlight the robustness of the approach when applied to differ-
ent configurations. The contribution of a larger retrieval index becomes
more evident, especially on near-domain and out-of-domain image-text
pairs, which contain visual concepts outside of the COCO dataset and thus
can benefit from a larger and semantically richer set of retrievable items.
In fact, the CIDEr score on out-of-domain images is equal to 69.5 for the
RA —T% model with CC3M index compared to 68.6 achieved by the same

version of the model augmented with COCO retrieval index.
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Generated Caption
Aman and a woman dressed in a costume on a
snow.

Retrieved Captions

= A couple of people that are standing on a stage.
= Aman and a woman skating on an ice rink.

= Amanina tutu holding a bouquet of flowers.

= Aman and a woman skating on a ice rink.

= A couple of people that are standing in the snow.

Generated Caption
A young boy riding a bike with an orange
balloon.

Retrieved Captions
= A person riding a red motorcycle down a road.
= Amanriding a bike with a shopping cart.

= A white car driving down a road next to a cliff.
= Agroup of children riding bikes down a street.
= A couple of kids riding bikes down a dirt road.

Generated Caption
Two people wearing helmets riding skateboards
down a street.

Retrieved Captions

= A group of people riding skis on top of a snow-
covered slope.

= Aman riding a wave on top of a surfboard.

= Aman riding skis wearing a helmet.

= Two people riding a wave on top of a surfboard.

Generated Caption
An orange flower in a field of green grass .

Retrieved Captions

= Abunch of white and purple flowers in a garden.
= Abunch of orange flowers in a garden.

= Aclose up of a bunch of red flowers.

= Afield of pink flowers with green leaves.

= Abunch of flowers that are in the grass.

Generated Caption
Abow of salad with carrots and lettuce.

Retrieved Captions

= Awhite plate topped with a salad and croutons.

= Awhite plate topped with a salad and a fork.

= Asalad with lettuce, tomatoes, cucumbers and
onions.

= Awhite bowl filled with a salad and an egg.

= Asalad with black beans, avocado, and lettuce.

Generated Caption
Ahorse pulling a carriage with people in the snow.

Retrieved Captions

= Amanis leading a horse with a harness.

= Two horses pulling a sleigh through the snow.
= Two horses pulling a sleigh in the snow.

= Ahorse pulling a man in a carriage.

= Two horses pulling a carriage on a field.

= A man riding skis down a snow-covered slope.

Figure 5.3: Generated captions on sample images from the COCO dataset, along
with five retrieved captions.

Qualitative Results. Finally, in Fig. 5.3 and 5.4 we report sample captions
generated by our model on images respectively from COCO and nocaps.
For COCO (Fig. 5.3), we additionally display a subset of the captions re-
trieved from the external memory, so as to explicitly illustrate the type of tex-
tual evidence that is made available to the generator at inference time. For
nocaps (Fig. 5.4), instead, we compare captions produced by our model
using either the COCO or the CC3M index against those generated by a
Transformer-based captioner without retrieval. Retrieving captions related
to the input image helps the language model generate more relevant and

accurate captions exploiting additional contextual information.

For example, in the top-right example of Fig. 5.3, we can observe that
the caption generated by our model has highly comparable content to
the retrieved sentences (ie. “orange flower” and “green grass”), providing

evidence of the efficacy of our retrieval-based approach.

When instead comparing our generated captions with those of a stan-
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Transformer (w/o external memory)
A birthday cake with candles on top of it.

Transformer (w/o external memory)
A plate of food with carrots and potatoes on it.

RA-T* (index: COCO)
A person holding a birthday card with a cell phone.

RA-T (index: COCO)
A plate of food with carrots and beets on a table.

RA-T* (index: CC3M)
A person lighting candes on a birthday cake.

RA-T* (index: CC3M)
A plate of carrots, mashed potatoes and a cup of water.

Transformer (w/o external memory)
Two birds standing in the sand on a beach.

Transformer (w/o external memory)
A blue bus with a movie on the side of it.

| RA-T* (index: COCO)
Two birds standing on the beach next to each other.

RA-T* (index: COCO)
A blue double decker bus with an ad on the side.

HE'S FORL
ROWN

RA-T* (index: CC3M)
| Three birds standing on the beach in the sand.

RA-T* (index: CC3M)
A blue campaign bus is parked in @ parking lot.

Figure 5.4: Results on sample images from nocaps, comparing captions generated
by RA-T with those generated by a standard Transformer without retrieval.

dard Transformer model without retrieval (Fig. 5.4), we can observe that
our results are generally more coherent with the visual content of input
images and semantically richer, especially when using the retrieval index
containing CC3M elements. For example, in the top-right image of Fig. 5.4,
the baseline model without external memory correctly recognizes the “car-
rots” and “potataoes” on a “plate”. However, the caption predicted by our
RA — T model with CC3M index is more detailed and complete, also de-
scribing the presence of a “cup of water” and recognizing that the potatoes
are "mashed”. Similar observations can be made for the other examples,
further confirming from a qualitative point of view the effectiveness of our

retrieval-augmented solution for image captioning.

53 Memory-Augmented Captioning Models

In both variants of RA-T, we observe the central role of attention opera-
tors. One of the key properties of attention layers is that their output is
computed as a weighted combination of linear projections of the inputs.
While this mechanism provides an effective framework for visual under-
standing and sequence generation, it also naturally allows the injection of
additional information that cannot be directly inferred from the current in-

put, for instance by incorporating relevant cues obtained through retrieval.
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Figure 5.5: Comparison between (a) a standard Transformer-based captioner; (©b)
one with learnable memory vectors [64] and (c) our prototypical memory network.

Closely related, yet conceptually distinct from retrieval-based approaches,
the Meshed-Memory architecture proposes to augment the visual encoder
with additional learnable key—value vectors in order to inject a priori knowl-
edge into the model. While effective, such learnable vectors are global
parameters and therefore capture information that is shared across the
entire training set, rather than acting as a true memory of individual past
samples. In contrast, having access to specific training examples at gener-
ation time can provide a richer and more adaptive source of information,
ultimately improving caption quality. For example, given an image depict-
ing a boy snowboarding in a mountain landscape, a model that can ac-
cess similar training images—containing boys, snowboards, and mountain-
ous scenes, even in different contexts—may exploit this information com-

positionally to generate a more accurate and fluent description (Fig. 5.5).

We devise a prototypical memory network, which can recall and exploit
past activations generated during training. Our memory is built upon net-

work activations obtained during recent training iterations so that the net-
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work has access to a vast set of activations produced while processing
other samples. The memory represents past knowledge processed by the
network itself and is fully integrated into attention layers through the addi-

tion of keys and values which represent activations from the memory.

Memory Augmented Attention. Attention layers operate on triplets of
queries, keys and values (Q, K, V), which are obtained by linearly project-
ing items from the same input sequence (self-attention) or from a pair of
different input sequences (cross-attention). We are interested in break-
ing the constraint of operating exclusively on input-dependent data and
letting the attention operator consider quantities which are not derived
from the current input [64, ]. In memory-augmented attention [54],
this is achieved by extending the set of keys and values to include addi-
tional memory vectors. As a result, the attention operation can employ

both input-dependent and memory-specific keys and values, as follows:

K = [Mx;K(2)], V=[Mv;V(2)]

5 (sm)
Attention(Q, K, V) = ng

where the exclusive dependency between regular keys and values and the
current input sample z has been made explicit, [-; -] indicates concatena-
tion, Mk the set of memory keys and My the set of memory values.
Previous memory-augmented works [252, 64, 213, 39, 291] have treated
Mxk and My as learnable parameters and, thus, optimized them directly
through SGD during the learning process. This imposes a constraint on
what can be stored in memory, as memories will be the result of accumulat-
ing gradient averaged over sequential mini-batches. This encourages the
storage of information which is averagely beneficial to the entire training
set and prevents focusing on the peculiarities of the single training items.
As a consequence, learning a proper set of disentangled memory vectors

turns out to be non-trivial and initialization-dependent [ ].
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Figure 5.6: Overview of our approach with Prototypical Memory Attention.

5.3.1 Prototypical Memory Networks

We redefine memory keys and values as a means to let the network at-
tend previous activations produced while processing other training sam-
ples. The network, at test time, will be able to attend to its own (post) acti-
vations produced while processing similar samples, thus aiding the gener-
ation process. Conceptually, we might see this as a more principled design
of a memory, as in our case memory vectors will be actually storing past

experiences of the network instead of being plain learnable parameters.

In our architecture, which we name PMA-Net, we apply memories in
a core position of the encoder-decoder structure, ie. inside each self-
attention layer of the captioner. This is different from what has been done
in previous works (e.g. [64] considered only the Transformer encoder), and
also represents a privileged placement for vision-and-language architec-
tures, as the self-attention layer is in charge of modeling the temporal con-
sistency of the generation and of integrating it with the result of the pre-
vious cross-attention layer, which connects with the visual modality. Fig-
ure 5.6 (left) presents an overview of this design. Considering a stream of
mini-batches [xo, X1, ..., X¢, ...] containing randomly sampled training items,

for each layer we define two memory banks Bk, Bv which store all keys
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and values produced from past training samples, up to a maximum tem-
poral distance of T iterations. Intuitively, the two memory banks model the
manifold of keys and values seen over past training iterations. We then de-
fine the set of memory keys and values to be employed at the ¢-th training
iteration as a function of the vectors contained in the respective memory
banks:

Bk = [K(xt-1), K(x¢—2), ..., K(x¢—71)],

Bv = [V(x4-1), V(Xt-2), ..., V(xe-1)] , (512)

MK:f(BK)7 MV:f(BV)'

In the equations above, for ease of notation, we denote with K(x) the set
of keys produced by a layer while processing all items contained in a mini-
batch x. In practice, the temporal window T should be chosen to be suf-
ficiently large to reasonably model the training set distribution (as shown
in Sec. 5.3.2). Also, memory banks need to be updated frequently and in
a sufficiently smooth manner, so to follow the evaluation of the keys and
values manifold and not to alter the training process, as will be discussed

in the following.

Building memory prototypes. Naively placing all keys and values pro-
duced during a given time window in the memory (ie. setting f(-) to the
identity in Eq. 5.12) would require, approximately, T-B-h-r memory slots per
layer, where T represents the number of iterations executed inside the time
window, B the mini-batch size, h the number of heads, and r the average
ground-truth sequence length. Under this setting, storing an entire COCO
epoch would require storing around 96M memory vectors to both key and
value sequencest, which would make the problem intractable in terms of
memory occupation and computational complexity, because of the ad-
ditional memory required to store vectors and because of the resulting

growth of the attention matrix size. Further, as keys and values have been

tConsidering a network with 8 heads, and BPE tokenization.
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trained to summarize the information contained in a token with respect to
other tokens of the same sequence, multiple elements in the memory bank
could produce similar attention scores, thus increasing the entropy of the

resulting attention distributions.

For this reason, we instead build synthetic key/value pairs as prototypical
memory vectors which are representative of the distribution of the entire
memory bank. In doing this, we satisfy two design requirements: (1) build-
ing prototypes should be fast, as we will be performing this on every layer
of the architecture and several times during training; (2) memory proto-
types should evolve during training to adapt to the changing distribution

of keys and values.

In our method, prototype key memory vectors are obtained by clustering
the manifold identified by the memory bank of keys and taking the resulting
centroids. Value memory vectors are, instead, computed by interpolating
between the values corresponding to the keys that lie in each cluster. For-

mally, being m the target size of the memory, key memory vectors are:
Mk = [Mi, M, ..., Mi] = K-Means,,, (Bk), (513)

where function K-Means,, () returns the m centroids obtained by perform-
ing a K-Means clustering over the key memory bank. Value memory are
computed by taking a linear combination of vectors in the value manifold
that correspond to keys that lie close to key prototypes M, according to

a distance function d(-) which compares items in the key manifold:

MV = [M{UM%U 7MT\TIL} )

My = > A
(K7, Vi)etop-k(Mic)

(5.14)

where, here, function top-k(Mi) returns the closest (key, value) pairs in

the memory bank with respect to M.
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It shall be noted that the top—k operation can be implemented by fitting
a k-NN index on the keys memory bank (BK) and using the centroid M
as query. The resulting list of keys close to Mk can then be paired with
their corresponding values to compute Eq. 5.14. We use the L, distance as
distance function inside both the key and value manifolds, as we found it

to perform favorably compared to the inner product.

Discussion. With the strategy defined above, we obtain a set of m mem-
ory keys and values, where m can be controlled a-priori. Taking prototypes
as centroids ensures, when m is sufficiently high, that memory keys model
the memory bank distribution properly. Further, the distance between cen-
troids and cluster members in the key manifold is small, which has a posi-
tive effect on the resulting attention distribution, compared to the one ob-
tainable by setting f(-) to the identity — ie, when storing all keys and val-
ues from the memory bank in the self-attention layer. Similar keys in an Lo
space, indeed, result in similar attention distributions.
Proposition — Given a query ¢ and a set of keys K, if a key k € K is re-
placed with &k such that ||k — k|2 < e to form K, then ||softmax(¢KT) —
softrnax(gK )|z < ellqll-.
Proof. As the softmax operator has Lipschitz constant less than 1 [273,
| and because the L, matrix norm is subordinate, ||softmax(¢KT) —
softmax(¢gKT™) |2 < [|[¢KT — ¢KT||2 < |lg]l2]|(K — K)T||2. Recalling that, for any

matrix 4, [[A]lz < ||z, (K —K)T|l2 < ||k — k|2, from which the thesis follows.

Memory bank update. To ensure that memories are refreshed during train-
ing while lowering the total cost of prototypes generation, we adopt a
strided sliding window approach to update the memory banks, which is
visually depicted in Fig. 5.7. Chosen a maximum length T for the banks
(Eq. 5.12), at regular intervals we take the last T batches from the key/value
stream produced by a layer, create a memory bank with those and gener-

ate prototype vectors to be placed in Mk and My (Eq. 513, 514).
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Figure 5.7: Memory bank update approach.

In practice, the process is repeated twice per epoch and memory banks
store around two epochs of samples, so to have a significant overlap be-
tween the memory banks obtained at two consecutive update steps, which
helps to stabilize the training. This process is also illustrated in pseudo-

code in Algorithm 1 for clarity.

Segment embeddings. As the final set of keys of the layer is a concate-
nation of memory-specific and input-specific keys (Eq. 5.11), we add two
different, learnable, segment embeddings to K and Mk, to help the net-

work distinguish between the two key types.

Computational complexity. Computing memory prototypes requires exe-
cuting a K-Means clustering over the key memory bank (T-B-h-7 datapoints,
m clusters) and a kNN search over the key memory bank (which contains
the same number of items) and is executed every s training steps, being
s the stride employed over the key/value stream to update the memory
banks (Fig. 5.7). Further, the addition of the m memory vectors to a mini-
batch having a sequence length of T implies growing the attention matrix
from T x T to (T +m) x T. As prototype generation is only required at train-
ing time, the latter is the only cost that is added at test time with respect

to a standard attention layer.
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Algorithm 1 PMA-Net pseudocode

# m: number of prototypes

# T: maximum length of the memory bank

# stride: memory bank update stride

# bank_k, bank_v: key/value memory banks

bank_k = [], bank_v = []

for img, caption in dataloader:
output, act_k, act_v = net(img, caption)
bank_k.append(act_k)
bank_v.append(act_v)
if len(bank_k) == T:

compute_prototypes(m, bank_k, bank_v) # Eq. 3, 4

bank_k = bank_k[stride:]
bank_v = bank_v[stride:]
loss = loss_fn(output, caption)
loss.backward()

In practice, adding prototypical memories does not increase inference
times significantly with respect to a naive Transformer as the increase
of the attention matrix is well amortized by the GPU parallelism. During
training, computing the K-Means clustering and the k-NN index for solving
Eq. 5.14 requires around 10s with a V100 GPU every time the memory needs
to be refreshed. As the memory occupied for this can be de-allocated of-
ter prototypes computation, we did not need to decrease the batch size

with respect to a baseline with learnable memory vectors.

5.3.2 Evaluation of Memory-Augmented Captioning
Models

Dataset. We analyze the effectiveness of our PMA-Net on the widely used
COCO benchmark [158] employing the splits defined in [117]. We also eval-
uate on the COCO online test server composed of more than 40k images
for which ground-truth captions are not publicly available.

Additionally, we perform experiments on robust COCO, a different split

of the COCO dataset introduced in [180] to verify sensitivity to object hal-
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lucination and nocaps [3] for novel object captioning. The former dataset
guarantees that object pairs mentioned in captions of different sets do not
overlap (With 110,234, 3,915, and 9,138 images for training, validation, and
test), while the latter contains images annotated with 10 human-written
captions, that can be further divided in in—-domain, near-domain and out-

of-domain pairs depending on their nearness to COCO.

To evaluate our results, we employ all standard captioning metrics,

namely BLEU [207], METEOR [15], ROUGE [154], CIDEr [271], and SPICE [5], and
some more recent evaluation scores like BERT-S [318], CLIP-S [98], and PAC-
s ] in both their reference-free and reference-based versions. When

evaluating our results on robust COCO, we also employ the CHAIR met-
ric | | that measures which fraction of objects mentioned in the gen-
erated sentences is hallucinated (CHI) and the portion of sentences that

includes a hallucinated object (CHs).

Implementation details. Both the encoder and decoder are constructed
with L = 6 Transformer layers, with a hidden size of 512 and 8 attention
heads. Unless otherwise specified, we employ 1,024 memory vectors and
a size of the memory banks 7' equal to 1,500. We use a CLIP [215] ViT-L/14
image encoder. The rationale behind this choice is that they have higher
quality, adaptability to different tasks, and lower computational load com-
pared to detection-based ones. To ensure fair comparison, we re-train

recent and publicly-available models using the same features.

Our code is based on Huggingface [281], using the GPU-based imple-
mentations of K-Means and k-NN search from FAISS [115]. At training stage,
the overall objective of PMA-Net is the typical cross-entropy loss for genera-
tion. Next, following [ ], PMA-Net can be further optimized with sentence-
level reward, using the CIDEr score. Specifically, we first pre-train with the
LAMB optimizer [ ], o batch size of 1,024 and for 20,000 steps. We use the

following learning rate schedule: we linearly warmup for 1,000 steps, then
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Table 5.6: Ablation study (m is the number of memory vectors and T is the size of
the memory banks).

m T B-4 M R C S

Transformer [270] - - 374 303 589 1278 233
Transformer (w/ learnable mem.) 64 - 377 302 581 1279 234
Transformer (w/ learnable mem.) 1024 - 372 301 583 1276 233
PMA-Net 256 1500 38.8 301 594 1294 235
PMA-Net 512 1500 39.0 301 595 130.0 235
PMA-Net 1024 500 378 303 59.0 1286 235
PMA-Net 1024 1000 382 30.5 595 1294 235
PMA-Net (w/o mem. inIst layer) 1024 1500 383 302 590 1292 233
PMA-Net (W/o segment embA) 1024 1500 386 304 594 1301 234
PMA-Net 1024 1500 39.5 304 59.6 131.5 23.6

keep a constant learning rate of 2.5-10~* until 10,000 steps, then sub-linearly
decrease until 15,000 steps to 10~° and keep the value constant for the rest
of the training. For the second stage, we further optimize PMA-Net using
the Adam optimizer [125] and with 1-10~¢ as learning rate, for 50,000 steps

using a batch size of 64. We employ a beam size equal to 5.

Ablation studies. We conduct an ablation study to investigate how each
design choice in our PMA-Net influences the overall performance on COCO
dataset. Table 5.6 details the performance comparisons among different
ablated runs. Note that all the results reported here are without self-critical
training strategy. We start from a base Transformer encoder-decoder ar-
chitecture, which is also a degraded version of PMA-Net without memory
banks and prototype vectors. Subsequently, we compare by adding learn-
able memory vectors as defined in [252, 64] but in the same position of
PMA-Net, ie. in place of the self-attention layer in the sentence decoder
instead of the visual encoder. Then, we add memory banks and prototype

vectors and vary the number of clusters and the size of the memory banks.

Firstly, we notice that the basic learnable memory vectors do not give
a significant contribution when placed in the sentence decoder, outlining

that in this core position of the captioner, in which activations coming
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from both modalities are merged, learning appropriate memory vectors
becomes more complex. Instead, the proposed prototype vectors increase
caption quality significantly, up to 3.7 CIDEr points, highlighting the appro-
priateness of the proposed strategy. We notice that increasing the number
of clusters and the size of the memory banks exhibits better performances,
as we hypothesize that this provides a better estimation of the key and

value manifold and more fine-grained prototypes.

The sliding window contains the last T - B captions seen, which in our
best configuration amounts to 1.5M samples. Being COCO 0.6M image-text
pairs, this models the training set distribution and its evolution across more
than two epochs. Increasing T further does not enhance performance;

reducing it, especially to less than one epoch, is instead detrimental.

In the lower part of Table 5.6, we run additional ablations on two design
choices: the use of segment embeddings to distinguish prototypes from
input-dependent keys, and the incorporation of prototypical vectors in the
first layer of the captioner. The second experiment arises from the fact that
the first layer is not influenced by cross-attention results and, therefore, by
multimodal connections with the input image. It can be observed that the
segment embeddings provide a relevant contribution, and that memory
prototypes have an impact both on the first layer and on the other layers,

outlining that its advantage is inherently multimodal.

Results on COCO. We then compare PMA-Net with different state-of-the-
art approaches. In Table 5.7 we report results on the standard Karpathy test
split, in a single-model setting. The upper part of the table shows the results
reported by the compared approaches, using their original features. In the
lower part, instead, we re-train different approaches on the same CLIP grid
features we employ for training PMA-Net. Specifically, in addition to a Trans-
former, we re-train the M? Transformer [64] and CaMEL [18], which both rep-

resent recent and complementary approaches which could also be inte-
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Table 5.7: Comparison with the state of the art on the Karpathy test. The 1 marker
indicates models re-trained with the same visual features used by our approach,
while x indicates finetuning of the visual backbone.

Cross-Entropy Loss CIDEr Optimization
B-1 B-2 B3 B4 M R C S B-1 B2 B3 B4 M R C S

Up-Down [7] 772 - - 362 270 564 0135 203 798 - - 363 277 569 1201 214
GCN-LSTM [299] 773 - - 368 279 570 163 209 809 - - 383 286 585 1287 221
SGAE [295] 776 - - 369 277 572 mN67 209 8.0 - - 390 284 589 1291 222
AoANet [108] 774 - - 372 284 575 198 213 802 - - 389 292 588 1298 224
M? Transformer [64] - - - - - - - - 808 - - 391 292 586 1312 226
X-Transformer [205] 773 615 478 370 287 575 1200 218 809 658 515 397 295 591 1328 234
DLCT [185] - - - - - - - - 8l4 - - 398 295 591 1338 230
RSTNet [320] - - - - - - - - gl - - 401 298 595 1356 233
DIFNet [264] - - - - - - - - 817 - - 400 297 594 1362 232
CaMEL [18] 783 - - 301 294 585 1257 222 828 - - 413 302 601 1406 239
COS-Net [152] 79.2 638 502 392 297 589 1274 227 827 682 540 420 30.6 606 1411 24.6
GRIT [200] 842 424 306 607 1442 243
Transformer! 764 610 479 374 303 589 1278 233 834 686 542 420 300 606 1403 235
M? Transformer® [64] 788 633 495 387 296 589 127.8 233 837 692 548 423 305 610 1412 236
CaMEL' [18] 788 635 503 392 300 593 1209 234 836 690 547 424 30.6 609 1424 236
PMA-Net 790 642 507 395 30.4 59.6 131.5 236 83.8 69.3 55.0 43.0 30.6 611 1441 240

Table 5.8: Comparison with additional metrics. f indicates models re-trained with
the same visual features used by our approach.

Training BERT-S CLIP-S RefCLIP-S PAC-S RefPAC-S

Transformert XE 0.947 0.741 0.804 0.819 0.865
M2 Transformert [64] XE 0946 0744  0.806 0.815 0.864
CaMELt [18] XE 0.947 0745 0.807 0.818 0.865
PMA-Net XE 0.948 0.754 0.812 0.821 0.868
Transformert SCST 0.947 0749 0.807 0.818 0.864
M2 Transformert [64]  SCST 0946 0749  0.809 0.817 0.865
CaMELT [18] SCST 0945 0751 0.810 0.818 0.865
PMA-Net SCST 0946 0.755 0.814  0.821 0.869

grated with our proposal. With respect to a standard Transformer, PMA-Net
exhibits a margin of 3.8 CIDEr points also under CIDEr optimization, similarly
to the XE training setting. Further, when compared with recent approaches
using the same features, PMA-Net also provides better performance. As
shown in the table, with the exception of GRIT [200] that differently from
us finetunes the visual backbone, PMA-Net consistently outperforms all the
state-of-the-art approaches according to all metrics. Notably, our model
is still competitive even compared to GRIT, despite the latter using more
powerful visual features. In Table 5.8, we also compare against baselines

trained on the same features using more recent learnable metrics, i.e. BERT-
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5.3. Memory-Augmented Captioning Models

GT: A group of horse mounted police standing in front of
a crowd.

Transformer: A group of police officers standing in a
street.

PMA-Net: A group of police officers on horses in a street.

GT: A man takes a picture of snowy mountains with his
cell phone.

Transformer: A man taking a picture of the mountains.
PMA-Net: A man taking a picture of mountains with a cell
phone.

GT: A Subway sandwich with chips raisins and a coffee
cup.

Transformer: A sandwich and a bag of chips on a table.
PMA-Net: A table with a sandwich and chips and a cup
of coffee.

Figure 5.8: Qualitative results on COCO sample images.

S, CLIP-S and, PAC-S. To qualitatively validate the effectiveness of our solu-

tion, we report images and corresponding predicted captions in Fig. 5.8.

COCO Test Server. We also report the performances of our approach ob-
tained on the official COCO test split, through the online test server®. Ta-
ble 5.9 reports the performance with respect to 5 reference captions (c5)
and 40 reference captions (040). Following previous literature [64, ], we
report the results using an ensemble of four models. As it can be seen, also
in this setting PMA-Net surpasses the compared approaches by a large

margin, further demonstrating its effectiveness on the COCO dataset.

Robust COCO split and sensitivity to hallucination. As our approach relies
on the memorization of other training samples, we verify whether the pro-
posed strategy has an impact in terms of object hallucination. We perform

this analysis by employing the robust COCO splits defined in [120] and re-

8§

95


https://codalab.lisn.upsaclay.fr/competitions/7404

5. Retrieval-Augmented Image Captioning Models

Table 5.9: Leaderboard of various methods on the online COCO test server.

BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE CIDEr
cb c40 c5 c40 cb c40 cb c40 cb 40 cb5 c40 c5 c40

Up—DOWn[ ] 802 952 641 888 491 794 369 685 276 367 571 724 179 1205
SGAE [ ] 810 953 656 895 507 804 385 697 282 372 586 736 1238 1265
AoANet [108] 810 950 658 896 514 813 394 712 291 385 589 745 126.9 1296
M? Transformer [64] 816 960 664 908 518 827 397 728 294 390 592 748 1293 1321
X-Transformer [ ] 819 957 669 905 524 825 403 724 296 392 595 750 1311 1335
RSTNet [320] 821 964 670 913 522 830 400 731 296 391 595 746 1319 1340
DLCT [185] 824 966 674 917 528 838 406 740 208 396 598 753 1333 1354
COS-Net [152] 833 068 686 923 542 845 420 747 304 401 606 764 1367 1383
CaMeEL [18] 832 973 683 927 536 848 412 749 302 397 602 756 1375 1400
PMA-Net 847 97.9 70.2 93.8 557 865 434 771 305 403 613 76.8 1415 1434

Table 5.10: Results on robust COCO test set. The  marker indicates a model re-
trained with the same visual features of our approach.

B-1 B-4 M R C S CHs CHi

Att2in [222] - - 240 - 858 169 141 101
Up-Down [7] - - 247 - 898 177 13 79
Transformer[152] 769 363 274 561 1093 205 7.9 5l
COS-Net [152] 780 373 279 568 121 212 62 39
Transformert 774 378 29.4 581 1196 223 46 28
PMA-Net 79.5 39.3 29.4 58.7 122.0 225 4.3 26

port the results in Table 5.10, comparing with state-of-the-art approaches
and with a Transformer trained with the same visual features. Both PMA-Net
and the Transformer baseline are re-trained from scratch on this dataset
using cross-entropy loss only. In addition to standard evaluation metrics,
we employ the CHAIR score, in its variants CHi and CHs, to measure object
hallucination. From this analysis, it can be seen that the addition of pro-
totypes memory vectors reduces the hallucination rate with respect to a
Transformer, and that PMA-Net performs favorably with respect to previous

approaches also in this case.

Novel object captioning. We also evaluate PMA-Net on the nocaps
dataset [3] for novel object captioning. It shall be noted that our approach

does not leverage components which are explicitly designed to deal with
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5.3. Memory-Augmented Captioning Models

Table 5.11: Results on nocaps validation set. The { marker indicates a model re-
trained with the same visual features of our approach, while * indicates finetuning
of the visual backbone.

In Out Overall

C S c s c s

NBT [3] 621 101 624 89 602 95
Up-Down [3] 800 120 664 97 731 1
Transformer [64] 780 10 297 78 547 98
M? Transformer [64] 857 121 389 89 645 1
GRIT* [200] 1069 136 726 11 902 128
Transformert 1059 133 739 1.3 909 126
PMA-Net 1075 13.7 759 1.4 926 12.8

the naming of novel objects, still the nocaps dataset provides a relevant
test bed to compare PMA-Net with other approaches from the literature. To
conduct this analysis, we employ our model and the Transformer-based
baseline trained on the standard COCO dataset. Results are reported in Ta-
ble 5.11, both in the in-domain and out-of-domain splits of the datasets and
without employing constrained beam search [6]. We observe that PMA-Net
achieves the best performance among all the compared approaches and
with respect to the base Transformer which does not employ memory pro-
totypes. In this setting, PMA-Net also outperforms the results of GRIT, which
employs a finetuned visual backbone. This highlights that the addition of

prototypes memory vectors improves the description of novel objects.
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Retrieval-Augmented

Multimodal LLMs

hile image captioning focuses on generating descriptive lan-
guage grounded in visual content, recent advances have
led to the emergence of Multimodal Large Language Mod-
els (MLLMS), which extend this paradigm to a much broader set of vi-

sion-and-language tasks. By jointly processing multiple modalities—such

This Chapter is related to the publication F. Cocchi et al, “LLaVA-MORE : A Compar-
ative Study of LLMs and Visual Backbones for Enhanced Visual Instruction Tuning”, IC-
CVW 2025 [57] and D. Caffagni et al, "Wiki-LLaVA: Hierarchical Retrieval-Augmented
Generation for Multimodal LLMs”, CVPRW 2024 [29] and A. Compagnoni et al, “ReAG:
Reasoning-Augmented Generation for Knowledge-based Visual Question Answer-
ing”, under submission 2025 [59]
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as text, images, and videos — MLLMs exhibit strong reasoning capabilities
and can tackle complex multimodal problems that go beyond simple de-
scription. Owing to this flexibility, many multimodal tasks can be naturally
framed as instances of Visual Question Answering (VQA), where the model
must interpret visual inputs and produce faithful, well-structured responses.
However, despite their large-scale pretraining, MLLMs often struggle with
underrepresented or domain-specific knowledge. To address these limi-
tations, retrieval augmentation has become a key component in modern
MLLMs, enabling accessing external information sources and enhance their
reasoning and generalization capabilities in knowledge-intensive settings.

In the following sections, we consider a setting in which the model
has access to a large external multimodal corpus, such as collections of
Wikipedia pages. The datasets used in our experiments are specifically de-

signed for Visual Question Answering tasks (see Section 2.2.2).

6.1 Architectures and Design Trends

Table 6.1 provides an overview of representative Multimodal Large Lan-
guage Models, summarizing the architectural design choices adopted to
connect visual encoders with large language models. Earlier approaches
such as VisualGPT [40] explored one of the first mechanisms for integrat-
ing pretrained GPT-style language models with visual backbones and in
the table we highlight the wide range of strategies explored next. For in-
stance, Flamingo [4] and Pall [47] rely on frozen or lightly adapted LLMs
combined with cross-attention-based vision-to-language adapters, while
more recent models introduce structured intermediary modules to medi-
ate vision—-language interaction [40]. Notably, methods such as BLIP-2 [146]
and InstructBLIP [66] employ the Q-Former to efficiently extract and align

visual representations before passing them to the language model, strik-
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Table 6.1: Summary of generalist MLLMs for vision-to-language tasks. For each
model, we indicate the LLM used in its best configuration as shown in the original

paper (¢: LLM training from scratch; : LLM fine-tuning; A: LLM fine-tuning with PEFT
techniques; : frozen LLM). The * marker indicates variants to the reported vision-
to-language adapter, while gray color indicates models not publicly available.

Visual V2L Vinstr.
Model LLM Encoder Adapter Tuning Main Tasks & Capabilities
BUP-2 [146] FlanT5-XXL-11B% EVA ViT-g Q-Former X Visual Dialogue, VQA, Captioning, Retrieval
FROMAGe [127] OPT-6.7B* CLIP ViT-L Linear X Visual Dialogue, Captioning, Retrieval
Kosmos-1[110] Magneto-1.38¢ CLIP ViT-L Q-Former* X Visual Dialogue, VQA, Captioning
LLaMA-Adapter V2 [22]  LLaMA-7B4 CLIP ViT-L Linear X VQA, Captioning
OpenFlamingo [11] MPT-7B* CLIP ViT-L XAttn LLM X VQA, Captioning
Flamingo [4] Chinchilla-70B* NFNet-F6 XAttn LLM X Visual Dialogue, VQA, Captioning
Pall [47] mT5-XXL-13B* ViT-e XAttn LLM X Multiingual, VQA, Captioning, Retrieval
PaLl-X [ ] UL2-32B¢ ViT-22B XAttn LLM X Multilingual, VQA, Captioning
LLavA [168] Vicuna-138¢ CLIP ViT-L Linear v Visual Dialogue, VQA, Captioning
MiniGPT-4 [226] Vicuna-138* EVA ViT-g Linear v VQA, Captioning
MPLUG-OwI [301] LLaOMA-7B4 CUP ViT-L Q-Former* v/ Visual Dialogue, VQA
InstructBLIP [66] Vicuna-13B* EVA ViT-g Q-Former v Visual Dialogue, VQA, Captioning
MultiModal-GPT [ ] LLaMA-7B* CLIP ViT-L XAttn LLM v Visual Dialogue, VQA, Captioning
LaVIN [184] LLaMA-13B4 CLIP ViT-L MLP v/ Visual Dialogue, VQA, Captioning
Otter [144] LLaMA-78% CLIP ViT-L XAttn LLM v/ VQA Captioning
Kosmos-2 [ ] Magneto-1.38¢ CLIP ViT-L Q-Former* v Visual Dialogue, VQA, Captioning, Referring, REC
Shikra [42] Vicuna-138¢ CLP ViT-L Linear v Visual Dialogue, VQA, Captioning, Referring, REC, GroundCap
Clever Flamingo [37] LLaMA-7B* CLIP ViT-L XAttn LLM v Visual Dialogue, VQA, Captioning
SvIT [321] Vicuna-138¢ CLP ViT-L MLP v/ Visual Dialogue, VQA, Captioning
BLIVA [105] Vicuna-78* EVA ViT-g Q-Former+linear v Visual Dialogue, VQA, Captioning
IDEFICS [123] LLaMA-65B* OpenCLIP ViT-H XAttn LLM v Visual Dialogue, VQA, Captioning
Qwen-VL [12] Qwen-7B*  OpenCLIP ViT-bigG Q-Former* v Visual Dialogue, Multilingual, VQA, Captioning, REC
StableLLaVA [153] Vicuna-138¢ CLIP ViT-L Linear v Visual Dialogue, VQA, Captioning
Ferret [ ] Vicuna-138* CLIP ViT-L Linear v Visual Dialogue, Captioning, Referring, REC, GroundCap
LLaVA-15 [166] Vicuna-138¢ CLIP ViT-L MLP v/ Visual Dialogue, VQA, Captioning
MiniGPT-v2 [41] LLaMA-2-7B% EVA ViT-g Linear v Visual Dialogue, VQA, Captioning, Referring, REC, GroundCap
Pink [ ] Vicuna-784 CLIP ViT-L Linear v Visual Dialogue, VQA, Captioning, Referring, REC, GroundCap
CogVLM [277] Vicuna-78¢ EVA ViT-E MLP v Visual Dialogue, VQA, Captioning, REC
DRESS [49] Vicuna-1384 EVA ViT-g Linear v Visual Dialogue, VQA, Captioning
LION [38] FlanT5-XXL-11B* EVA ViT-g Q-Former+MLP v Visual Dialogue, VQA, Captioning, REC
mPLUG-OwI2 [302] LLaMA-2-7B% CLIP ViT-L Q-Former* v Visual Dialogue, VQA, Captioning
SPHINX [167] LLaMA-2-13B¢ Mixture Linear v Visual Dialogue, VQA, Captioning, Referring, REC, GroundCap
Honeybee [34] Vicuna-138¢ CLUP VIT-L ResNet blocks v Visual Dialogue, VQA, Captioning
VILA [155] LLaMA-2-13B¢ CLIP ViT-L Linear v Visual Dialogue, VQA, Captioning
SPHINX-X [63] Mixtral-8x78¢ Mixture Linear v Visual Dialogue, Multilingual, VQA, Captioning, Referring, REC

ing a balance between expressiveness and computational efficiency. This
architectural diversity reflects different trade-offs between model capac-
ity, training cost, and flexibility. While these models differ substantially in
their architectural choices, they share the common goal of enabling flex-
ible multimodal interaction within a unified framework. The architectural
diversity illustrated in Table 6.1 provides important context for understand-

ing the performance trends observed across benchmarks.

Table 6.2 reports quantitative results for a subset of models across
benchmarks for Visual Question Answering, image captioning, and broader
MLLM evaluation protocols. The results show a steady improvement in mul-
timodal reasoning over time, with newer models achieving stronger and

more balanced performance. Importantly, the comparison highlights how
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Table 6.2: Performance analysis on 14 evaluation benchmarks for VQA, image cap-
tioning, and MLLM evaluation. Best scores are in bold, second best are underlined.

VQA Captioning MLLM Evaluation

Model VQAY?2 GQA VizWiz SQA VQAT COCO Flickr POPE MME MMB SEED LLaVAY MM-Vet MathY
Flamingo [4] 820 - 657 - 571 1381 754 - - - - - - -
BLIP-2 [146] 650 410 196 610 425 1445 - 853 12938 - 464 381 224 -
Openflamingo [I1] 527 - 275 - 242 759 595 - - - - - - -
MInIGPT-4 [326] 537 322 - - - - - - 58L7 230 428 451 221 231
mMPLUG-OwI [301] 595 409 - - - - - - 9673 466 340 - - -
ChatBridge [322] - 48 - - - - 825 - - - - - - -
InstructBLIP [66] 69.4 495 334 631 507 1022 828 789 12128 360 534 582 256 253
Shikra [42] 774 - - - - nms - - - 588 - 799 - -
Emu [256] 620 460 383 - - n7 - - - - - - 36.3 -
SVIT [321] 803 641 564 700 608 - - - 15658 691 619 - - -
BLIVA [105] - - 429 - 580 - 871 - 1669.2 - - - - -
IDEFICS [133] 60.0 452 360 - 309 - - - - b4 - - -
Qwen-VL [12] 782 575 389 682 615 1202 810 - 14876 606 582 567 - -
DreamLLM [69] 566 - 381 - 349 154 - - - 499 - - 359 -
LLaVA-15 [166] 80.0 633 536 716 613 - - 859 15313 677 616 707 354 236
CogVLM [277] 823 - - - - 1487 949 879 - 776 725 718 511 345
LION [38] - 56 - - - 1393 871 889 - - - - - -
mPLUG-OwI2 [302] 794 861 545 - - 1373 - 862 14502 645 578 250 362 253
SPHINX [161] 802 629 468 691 - - - 908 15602 671 716 743 366 275
Emu2 [253] 849 651 549 - 66.6 - - - - - 628 - 485 -
Honeybee [34] - - - - - - - - 16320 736 686 775 - -
Unified-10 2 [179] 794 - - 887 - 1254 - 87 - 715 618 - - -
VILA [156] 808 633 606 737 66.6 157 742 842 15701 703 628 730 3838
SPHINX-X [83] 811 638 619 745 - - - 896 14853 713 73.0 702 409 427

architectural decisions—such as the choice of vision—-language adapter,
the extent of language-model fine-tuning, and model scale—directly im-

pact performance across different evaluation settings.

6.11 A Comparative Study of LLMs and Visual Backbones

Among multimodal large language models, while current systems demon-
strate impressive performance, the field has largely converged on a rel-
atively narrow set of technical design choices. Most approaches rely on
LLaMA-derived language models and LLaVA-style training protocols, to-
gether with visual encoders trained via contrastive learning objectives. In
particular, CLIP [215] and its derivatives [269, 73, 214] have become the de-
fault choice for visual feature extraction, as they are specifically designed

to produce embeddings that integrate seamlessly with language models.

Although contrastive learning has proven highly effective for aligning
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images and text within a shared representation space, it is not the only
paradigm capable of learning strong visual features. Recent vision models
trained in a purely self-supervised manner, without relying on textual super-
vision, have demonstrated robust and transferable representations along
with intriguing emergent properties [33, |. Despite these advances, the
application of such visual encoders to multimodal large language models
remains relatively understudied.

To address this gap, we conduct a comprehensive empirical study that
systematically pairs diverse language models — ranging from efficient ar-
chitectures [1] to significantly larger models [266, ] — with a variety of
visual backbones [ , , , ]. By exploring different architectural
combinations, we aim to uncover the strengths and limitations of alterno-
tive vision—language integration strategies, shedding light on overlooked

design choices and their impact on multimodal learning.

612 LLaVA-MORE: A New Family of Multimodal LLM

We propose LLaVA-MORE, a new family of models that extend the standard
LLaVA architecture by combining the visual encoder with various LLMs, rang-
ing from small- to medium-scale models. As small-scale models, we uti-
lize Gemma-2 2B [260] and Phi-4-Mini [1] (with 3.8B parameters), both de-
signed for strong reasoning scalability, effectively challenging larger mod-
els. For medium-scale models, we select the variant of Gemma-2 | ]
with 9B parameters alongside two recent architectures: the original LLAMA-
3.1 [28] LLM with 8B parameters and its distilled DeepSeek-R1 version [39]
(ie, DeepSeek-RI-Distill-LLaMA-8B). For each LLM category, we assess the
impact of varying the visual backbone, with the aim to identify the opti-
mal configuration. Specifically, our study compares the standard CLIP ViT-
L/14 encoder employed in the LLaVA-15 model [167] with two variants of

DINOv2 differentiated by the presence or the absence of visual register to-
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Table 6.3: Performance analysis when changing the underlying LLMs. Results are
reported considering both small- and medium-scale LLMs, comparing LLaVA-MORE
with existing LLaVA-based variants. All models employ the CLIP ViT-L/14@336 as the
visual backbone.

VQA Benchmarks MLLM Benchmarks

GQA Science-QA TextVQA Al2D  POPE MME-P MME-C MMB-Cn MMB-En SEED-AIl SEED-V SEED-| MMMU

Small-Scale MLLMs

LLaVA-Phi-2.78 - 684 - - 850 13351 - - 59.8 - - - -
LLaVA-MORE (Ours)

Gemma-2-28 62.4 7 54.4 571 86.0 14011 337.8 658 533 622 419 676 334
Phi-4-3.88 621 7.3 540 611 859 13722 2811 642 692 635 423 691 388
Medium-Scale MLLMs

LLaVA-1.5-78 624 690 582 564 856 14743 3146 565 653 616 420 668 342
LLaVA-15-LLaMA3-8B 635 742 576 607 854 15444 3303 6564 703 643 420 700 373
LLaVA-MORE (Ours)

LLaMA-31-8B 63.6 76.3 584 618 851 15315 3533 68.2 72.4 641 424 698 394
DeepSeek-RI-Distil-LLaMA-88 630 745 563 588 851 14951 2950 6638 613 635 435 686 381
Gemma-2-98 642 754 60.7 64.8 86.8 15225 3075 659 719 645 441 699 379

Table 6.4: Performance analysis with varying visual backbones. Results are reported
for the best small- and medium-scale LLaVA-MORE configurations using Phi-4-3.8B
and Gemma-2-9B, respectively. Input resolution and the number of visual tokens
are also included.

VQA Benchmarks MLLM Benchmarks

Resolution # Tokens GQA Science-QA TextVQA AI2D  POPE MME-P MME-C MMB-Cn MMB-En SEED-All SEED-V SEED-I MMMU

LLaVA-MORE-3.8B (Ours)

CUP ViT-L14 [215] 3362 576 621 73 540 611 859 13722 2811 642 69.2 635 423 691 388
DINOV2 ViT-L/14 [204]  224° 256 609 666 414 582 855 12366 281 538 589 598 406 648 379
DINOV2:eq ViT-L/14 [67] 2247 256 604 690 413 564 852 12632 2882 574 514 587 414 632 386
SigLIP ViT-1/14 [314] 384 729 636 738 576 629 864 13790 2829 665  7l.4 657 464 708 40.0
SigLIP2 ViT-L/14 [269] 384° 729 634 718 59.7 629 865 14067 2825 668 698 664 474 714 388
LLaVA-MORE-9B (Ours)
CUP ViT-L/14 [215] 336° 576 642 754 607 648 86.8 15225 3075 659 719 645 441 699 379
DINOV2 ViT-L/14 [204]  224% 256 631 75 48] 613 853 13944 3343 564 638 610 406 664 387
DINOV2:eq ViT-L/14 [67] 2247 256 628 691 479 591 840 14139 2954 60l 538 601 423 647 383
SigLIP ViT-L/14 [314] 3847 729 648 76.3 639 647 861 14879 2993 691 74.4 666 466 719 397
SigLIP2 ViT-L/14 [269] 3842 729 65.6 762 66.7 653 861 15109 3082 680 720 675 460 731 387

kens | , 67], known for their strong, semantically rich visual features, as
well as SigLIP [314] and its more advanced successor, SigLIP2 [269].

To train our models, we follow the two-stage training paradigm com-
monly used in the literature. However, our approach stands out by apply-
ing a consistent training and evaluation strategy across all models, ensur-
ing fairness in comparisons. In the first stage, only the vision-to-language
adapter is optimized to align the image features with the text embedding
space. In the second stage, visual instruction-following training is con-
ducted to enhance multimodal conversational capabilities. During this
phase, the parameters of both the multimodal adapter and the LLM are

updated.
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Table 6.5: Performance analysis when changing the training dataset during the
first pre-training stage. Results are reported for the best small- and medium-scale
LLaVA-MORE configurations using Phi-4-3.8B and Gemma-2-9B.

VQA Benchmarks MLLM Benchmarks
GQA Science-QA TextVQA AI2D  POPE MME-P MME-C MMB-Cn MMB-En SEED-AIl SEED-V SEED-I MMMU

LLaVA-MORE-3.8B (Ours)

LLaVA Pre-Train LCS (558k) 634 7.8 597 629 865 14067 2825 668 698 664 474 714 388
LAION (558k) 643 725 623 652 86.8 14532 2871 672 723 666 464 719 397
Recap (558k) 64.6 n7 6l4 645 865 14287 297.9 67l 76 673 477 725 390
LAION+Recap (558k) 64.6 78 613 639 866 14258 2975 658 717 676 475 729 392
LLaVA-MORE-9B (Ours)

LLaVA Pre-Train LCS (558k) 656 762 667 653 861 15109 3082 680 720 675 460 731 387
LAION (558k) 656 760 670 651 86.9 1579.8 350.7 685 739 674 454 732 A4l
Recap (558k) 659 762 672 643 86.9 15408 3182 69.4 747 676 472 730 402
LAION+Recap (558k) 65.8 771 67.8 652 867 15378 3354 659 735 674 452 73] 412

6.1.3 Design Principles for Multimodal LLMs

In our analysis, we systematically vary both the underlying language mod-
els (Table 6.3), the visual backbones (Table 6.4), and the pre-training data-
sets (Table 6.5). Beyond architectural choices, we also study how training
data and input resolution affect performance. Taken together, these exper-
iments provide several key principles to consider when designing effective

multimodal large language models.

Model Scaling. Carefully designed small language models (e.g, Phi-4-
3.8B) can match or even outperform medium-scale MLLMs from previous
generations, demonstrating that efficient architectures and high-quality

training strategies can rival brute-force scaling.

Visual Backbone Choice. Visual encoders trained with image—text con-
trastive learning, such as CLIP and SigLIP, outperform purely self-supervised
models like DINOV2, due to their stronger alignment with language repre-
sentations. Among contrastive approaches, SigLIP and SigLIP2 emerge as
the most effective visual backbones across benchmarks, benefiting from

large-scale image—text pre-training and improved training objectives.

Visual Resolution. Increasing image resolution and the number of visual to-
kens significantly benefits small-scale MLLMs, enabling finer-grained visual

understanding. However, these gains become task-dependent and tend
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to diminish as model size increases, suggesting different optimal regimes

for small and medium-scale architectures.

Training Data. At smaller scales, model performance is highly sensitive to
the source and composition of pre-training data, whereas medium-scale
models exhibit greater robustness to dataset variations. These observa-
tions underscore the central role of data selection when operating under
constrained model capacity, while also suggesting that scaling the model
can partially mitigate sensitivity to dataset-specific biases.

Overall, this analysis shows that modern MLLMs have evolved into ver-
satile multimodal systems capable of addressing a wide range of vision-
and-language tasks within a unified architecture. Importantly, no single
combination of language model, visual backbone, resolution, and data
consistently dominates across all benchmarks, underscoring the need for
task-aware and application-specific design choices.

These insights naturally motivate the integration of retrieval augmenta-
tion, which further enhances performance and robustness in knowledge-

intensive and domain-specific scenarios.

6.2 Hierarchical Retrieval-Augmented Gener-

ation for MLLMs

Our goal is to equip Multimodal LLMs (MLLMs) with the ability to answer com-
plex and specific questions that cannot be addressed solely through the
image content and pre-trained knowledge. To achieve this, we propose
Wiki-LLaVA, which integrates external knowledge derived from an external
memory into the LLAVA model, without significantly altering its design. In-
stead, we augment the capabilities of the model by incorporating retrieval

information as additional input context.
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Figure 6.1: Overview of the architecture of WikiLLaVA, which augments a multimodal
LLM with external knowledge through a hierarchical retrieval pipeline.

Overview. Overall, WikiLLaVA comprises three components, as shown in
Fig. 6.1: a visual encoder, which is employed to provide the MLLM with visuall
context and as a query to retrieve from an external knowledge base, the
knowledge base itself (e.g., Wikipedio), and a hierarchical retrieval mod-
ule which retrieves relevant documents and passages from the external

knowledge base, to be employed as additional context for the MLLM.

An MLLM usually takes as input a multimodal input query, comprising
both image and text, and generates a textual output in an autoregres-
sive manner. Formally, the architecture is trained to model a probabil-
ity distribution p(w:|I, wo, w1, ..., wi—1,0), where 6 denotes the parameters of
the model, I represents an input image, and wo, .., ws—1 denotes the tex-
tual prompt. The textual prompt usually includes a pre-defined system-
level prompt and a question related to the input image, given by the user.
Clearly, a standard MLLM can only rely on the user prompt, the input im-
age, and the knowledge stored in its internal parameters (ie, 6) to accom-
modate requests, thus limiting its ability to answer questions that rely on

external knowledge.

In the following, we employ LLaVA [168] as our reference MLLM. LLaVA

exploits the capabilities of a pre-trained LM (ie, Vicuna [54]) and a pre-
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trained visual model (ie, a CLIP-based visual encoder [215]), which are in-
terconnected through an MLP adapter, in charge of converting CLIP fea-
tures to dense input tokens. For an input image I, therefore, LLaVA uti-
lizes a pre-trained CLIP visual encoder E,, extracts a dense grid of visual
features Z, = E,(I), which is then projected via a learnable MLP to pro-
duce a sequence of dense embedding tokens v,,v1, ...,un. Finally, these
are prepended to the system prompt, and the full sequence of visual and

textual tokens is then given as input to the LLM component of the model.

6.2.1 Hierarchical Knowledge Retrieval

Augmentation with external knowledge. To augment the MLLM with ex-
ternal knowledge, we enrich the input context by injecting relevant tex-
tual data from an external memory composed of documents. Formally,
the distribution of the MLLM is conditioned on additional textual retrieval-

knowledge tokens, leading to

Visual tokens External memory tokens
| o ——— | | o———

P(We| Vo, U1y oey UNy, W0, W1y ooy We—1 5 €05 €1, s €r ), (6.])

e — |

System + user prompt
where e, ...,e; represents the added tokens retrieved from the external
memory. Differently from the standard formulation of MLLMSs, by enriching
the input context we allow the model to generate more specific answers

by exploiting tokens retrieved from the memory.

Hierarchical retrieval from an external memory. The external memory
comprises a collection of (document, image, text-title) triplets taken from
documents, denoted as D = {(d;, t:): }. Within this memory, we conduct a hi-
erarchical two-step search to retrieve appropriate information. Initially, we
locate the most pertinent document, followed by identifying the relevant
passage inside a particular document, which is subsequently exploited as

additional input context in the MLLM.
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In the first stage, given an input query image I we perform an approx-
imate k-nearest neighbor search into the external memory, using docu-
ment titles as retrievable keys. The similarity between the query image
and the text titles is modeled as the inner product between their respec-
tive embeddings, which are computed through the visual and textual CLIP

encoders (ie, E, and E,), as follows:
sim(li, t;) = Eo(I) - Er(t:)". (6.2)

Then, the knowledge retriever returns the top-k documents associated with

the most relevant items retrieved using the aforementioned procedure.

Retrieving document passages. Then we analyze the retrieved documents
to identify the most relevant passages corresponding to the user's ques-
tion. Each document is defined as a sequence of chunks, denoted as
d; = [cio, -, cip), AN, given the input question, we retrieve the chunks with
the highest similarity to the question. We employ the Contriever [112] to
embed each chunk of the selected document, along with the query (i.e.,
the question provided by the user), and compute the similarity as an inner
product between embeddings. By retrieving the n most appropriate pas-

sages inside each of the retrieved documents, we obtain k - n passages.

Context enrichment. Once we find the most relevant chunks, we employ
their raw contents as an additional input to the MLLM. Specifically, the fi-
nal prompt that we employ includes the image tokens, the retrieved raw
chunks, the system-level prompt, and the user question. Formally, consid-

ering three retrieved passages, the final prompt is defined as follows:

<IMAGE>\nGiven the following context:\n
<R1>\n<R2>\n<R3>\n <QUESTION>

Give a short answer. ASSISTANT: (6.3)
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Training Protocol. While the aforementioned approach could work in a
zero-shot fashion, using the original weights 6 of the pre-trained MLLM, we
also investigate the case of fine-tuning the model to augment its capabil-
ities of exploiting retrieved passages. In particular, the model is trained on
pairs of questions and ground-truth answers requiring external knowledge.
As this would potentially reduce the capabilities of the MLLM on tasks not re-
quiring external knowledge (i.e, all the other tasks on which the model has
been originally trained), we apply a data mixing approach in which ground-
truth pairs requiring external knowledge are mixed with ground-truth pairs

not requiring external knowledge in the same mini-batch.

6.22 Showing the Effectiveness of Retrieval-

augmentation

LLaVA fine-tuning and Retrieval. We employ two distinct fine-tuning ap-
proaches,each tailored and exclusively applied to one of the considered
datasets, while carefully preserving the general-purpose capabilities of the
underlying LLaVA model.

Specifically, we supplement fine-tuning data with samples from the
LLaVA-Instruct dataset [163]. Given its size of 158k, we double the proba-
bility of having examples from this dataset in each mini-batch. To reduce
the number of trainable parameters, we train using low-rank adapters [103]
with a total batch size of 512 samples.

Textual documents sourced from Wikipedia content are embedded us-
ing the Contriever architecture [112], segmenting the text into chunks of
600 characters each. Furthermore, for streamlined efficiency, the process
involves utilizing a single visual encoder. Specifically, following the LLaVA
architecture [168], we employ the CLIP ViT-L/14@336 backbone to embed

images to give as input to the MLLM, while simultaneously leveraging it to
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Table 6.6: Entity retrieval results on the Encyclopedic-VQA test set and InfoSeek val-
idation set. To comply with the visual encoder employed in LLaVA, all results are
obtained using CLIP ViT-L/14@336.

Dataset KB R@! R@I0 R@20 R@50
Encyclopedic-VQA 2M 33 99 13.2 17.5
InfoSeek 100k 369 661 719 784

extract query visual features in the initial hierarchical retrieval step, facili-

tating the integration of an external memory component.

To perform entity retrieval, we employ approximate kNN search rather
than exact kNN search because it significantly improves the computational
speed of the entire pipeline. To this aim, we employ the Faiss library [115]

and a graph-based HNSW index with 32 links per vertex.

Analyzing CLIP performance. We start by evaluating entity retrieval results
using CLIP. In this setting, we consider images from the Encyclopedic-VQA
test set and InfoSeek validation set and measure the CLIP ability to find
the correct entity within the knowledge base of each respective dataset
(ie, composed of 2M entries for Encyclopedic-VQA and 100k entries for In-
foSeek). As previously mentioned, we perform retrieval using images as

queries and Wikipedia titles as retrievable items.

Results are reported in Table 6.6 in terms of recall@k (R@*k) with k =
1,10,20,50 which measures the percentage of times the correct entity is
found in the top-k retrieved elements. Notably, correctly retrieving the
Wikipedia entity associated with the input image strongly depends on the
size of the employed knowledge base. In fact, when using 100k items, as
in the case of InfoSeek, the correct entity is retrieved as the first item 36.9%
of the time and among the top-10 66.1% of the time. Instead, when using
a significantly larger knowledge base as in the case of Encyclopedic-VQA,
which contains 2M items, retrieval results are significantly lower with 3.3%

and 9.9% respectively in terms of R@1 and R@10.
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Table 6.7: Accuracy results on the Encyclopedic-VQA test set and InfoSeek validation
set. Yellow color indicates models employing the CLIP model to perform entity
retrieval, while gray color indicates the use of ground-truth entities (ie, oracle). k

denotes the number of retrieved entities, and n represents the number of textual
chunks retrieved for each entity that are given to the MLLM as additional context.

Enc-VQA InfoSeek
Model LLM KB k& n Single-Hop All  Unseen-Q Unseen-E All
Zero-shot Models
BLIP-2 [146] Flan-T5y, X - - 12.6 124 12.7 12.3 125
InstructBLIP [66]  Flan-T5y, X - - no 12.0 89 7.4 8.
LLaVA-15 [166] Vicuna-7B X - - 16.3 16.9 9.6 94 95
Fine-tuned Models
LLaVA-15[166]  Vicuna-7B X - - 233 285 194 167 179
WikiLLaVA vicuna-7B v 1 1 218 26.4 26.6 246 255
WikiLLaVA vicuna-7B v 2 19.9 232 291 263 276
WikiLLaVA vicuna-7B v 1 3 177 203 301 278 289
WikiLLaVA Vicuno-7B v 2 1 213 25.4 27.8 246 261
WikiLLaVA vicuna-7B v 3 1 205 243 274 245 253
WikiLLaVA vicuna-7B v 1 1 347 372 411 411 41
WikiLLaVA vicuna-7B v 1 2 392 402 49] 465 478
WikiLLaVA vicuna-7B v 1 3 385 386 527 50.3 515

Results on Encyclopedic-VQA and InfoSeek. We then report visual
question-answering results in Table 6.7. We include the performance of
zero-shot models like BLIP-2 [146], InstructBLIP [66], and the LLaVA-15 base-
line model [168], which are not fine-tuned on the considered datasets and
that do not leverage the external knowledge base. Moreover, we consider
the accuracy results of LLaVA-15 when fine-tuned on the training set of
Encyclopedic-VQA and InfoSeek, but not augmented with retrieved con-
text. The results of our approach (ie, WikiLLaVA) are reported both in the
standard setting in which CLIP is used to retrieve the most representative
entity from the knowledge base and in its oracle version, which employs the
entity corresponding to the input image-question pair. For both cases, we
consider a different number n of retrieved textual chunks, all correspond-
ing to the top-1 (or ground—truth) entity. When employing CLIP, we also
vary the number k of retrieved entities (i.e., k= 172,3) usingn = 1 when k

is greater than 1. This choice is given by the maximum context length that
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Vicuna takes as input, which is set to 2,048 tokens.

As it can be seen, zero-shot MLLMs face difficulties in correctly answering
the given questions as these models can only rely on the knowledge em-
bedded inside the LLM. When instead using an external knowledge base, the
accuracy results significantly increase especially on the InfoSeek dataset
with 100k retrievable items. The limited performance of the CLIP model in
retrieving the correct entity on larger knowledge bases, instead, leads to a
slight degradation of accuracy scores. This is due to the noisy textual pas-
sages that are provided to the MLLM as additional external context which,

being related to a different entity, often do not contain informative content.

Overdall, retrieving passages from different entities does not always help
increase the results. Instead, using more than one textual chunk as addi-
tional context for the MLLM generally improves the final accuracy on the
InfoSeek validation set with an overall improvement of 2.1 and 3.4 accuracy
points with n = 2 and n = 3 respectively. Furthermore, it is worth noting that
employing oracle entities significantly boosts the final accuracy. In partic-
ular, oracle entities lead to an improvement of 13.8% on Encyclopedic-VQA
and 22.6% on InfoSeek, comparing the best-performing configuration with
CLIP-based entity retrieval (ie, k = 1 and n = 1 for Encyclopedic-VQA and
k =1 and n = 3 for InfoSeek) with the best performing oracle-based ver-
sion (i.e,, k =1 and n = 2 for Encyclopedic-VQA and k = 1 and n = 3 for
InfoSeek). These results confirm the effectiveness of directly employing re-
trieved passages to augment a pre-trained MLLM and further highlight the
importance of having a good entity retrieval model to limit the possibility

of feeding the MLLM with irrelevant content.

Qualitative Results. Some qualitative results on sample image-guestion
pairs from Encyclopedic-VQA (first row) and InfoSeek (second row) are re-
ported in Fig. 6.2, comparing the answers given by Wiki-LLaVA with those

coming from the original LLaVA-1.5 model. For completeness, we also re-
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Figure 6.2: Qualitative results on sample image-question pairs from Encyclopedic-

VQA (first row) and InfoSeek (second row) comparing the proposed approach with
the original LLaVA-15 model. Some failure cases are shown in the third row with the
corresponding ground-truth.

port some failure cases (third row) in which both models are not able to

correctly answer the given question.

Preservation of LLaVA performance. Finally, we analyze the impact of LLaVA
fine-tuning on knowledge-based VQA datasets when evaluating the model
on common MLLM evaluation benchmarks [28]. In particular, we include re-
sults on MME [75] which contains image-question pairs covering 14 differ-
ent tasks grouped in two macro-categories (i.e, cognition and perception),
MMMU [311] that is composed of multiple-choice and open-ended ques-
tions possibly interleaved with one or more images and extracted from
diverse university textbooks and online courses, MMBench (MMB) [173] that
includes multiple-choice questions across 20 domains, and POPE [151] that
is focused on evaluating object hallucinations and comprises binary clas-
sification entries, each related to an image. Details about the evaluation

and number of samples are in the original paper of each dataset.
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Table 6.8: Performance preservation analysis with respect to the original LLaVA-1.5
model (first row) on diverse benchmarks for MLLM evaluation.

MME MMMU MMB POPE
Fine-tuning Cogn Perc Acc Acc Acc  Fi
- 35657 15133 351 71.6 86.9 858
Enc-VQA 200.7 8028 36.6 67.7 729 634
Enc-VQA + LLaVA-Instruct ~ 290.0 11701 36.6 704 872 86.6
InfoSeek 296.8 13772 352 n7 820 79.6
InfoSeek + LLaVA-Instruct 3413 14389 35.6 711 858 842

Results are shown in Table 6.8 comparing the original LLaVA model with
the two fine-tuned versions on Encyclopedic-VQA and InfoSeek, with and
without the use of visual instruction tuning data. Overall, employing sam-
ples from the LLaVA-Instruct dataset can better preserve the results of the
original model, only partially degrading the performance on the consid-
ered benchmarks compared to the original model. While the most signifi-
cant deterioration is achieved on the MME dataset, in the other settings the
original performances are better preserved, also leading to an improve-

ment on MMMU and POPE benchmarks compared to the LLaVA-15 results.

Limitations and Future Works. While WikiLLaVA represents an important
step toward MLLMs that can effectively exploit external multimodal know!-
edge, several substantial research challenges remain in two key directions.
The first challenge concerns the definition of robust embedding spaces
that enable accurate retrieval of relevant documents based on both ques-
tions and input images—an essential component for improving the higher
level of our hierarchical retrieval pipeline. The second challenge involves
developing an efficient and scalable paradigm for selecting and aggre-
gating the most useful information from one or more retrieved documents,
especially in large knowledge bases where retrieved content is often noisy,
redundant, or partially relevant, and where naive context concatenation

can hinder rather than help the reasoning capabilities of the model.
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6.3 The Impact of Retrieval Quality on Perfor-

mance

As shown in Table 6.6, the CLIP embedding space exhibits several limita-
tions, particularly in handling long textual inputs, which can be attributed
to CLIP's architectural design. Motivated by this observation, we investigate
whether adopting stronger retrieval techniques can mitigate these limita-
tions and lead to improved performance in knowledge-intensive VQA.

In Table 6.9, we compare our proposal different multimodal retriev-
ers, such as our ReT and ReT-2 and UnilR, and PreFLMR, and also include
the results of the original CLIP and SigLIP2 models as baselines. We also
include state-of-the-art methods as reference, namely RORA-VLM [212],
EchoSight [293], COMEM [286], mR2AG-7B [319], ReflectivA [58], and our
Wiki-LLaVA [29]. These methods are specifically designed for knowledge-
intensive VQA, involving fine-tuning of the MLLM and, in several cases, a two-
stage retrieval process, where the first stage identifies multimodal candi-
date documents, while the second refines the selection by extracting the
most relevant textual passages.

In the bottom part of the table, we rely on off-the-shelf MLLMs, thus iso-
lating the role of retrieval in the downstream performance, and apply text—
image-to-text-image retrieval directly, allowing us to also manage docu-
ments where the visual component is missing.

First of all, we observe that in general, both LLaOVA-MORE and Qwen2.5-
VL benefit from retrieval-augmented generation, demonstrating the chal-
lenge posed by Encyclopedic-VQA and InfoSeek. When LLaVA-MORE is used
as the generator, ReT-2 stands out as the best multimodal retriever across
both benchmarks, even outscoring PreFLMR on Encyclopedic-VQA, despite
PreFLMR having undergone a dedicated training stage on that dataset. This

suggests that at a large scale, the fine-grained late-interaction mecha-
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Table 6.9: VQA accuracy scores on the Encyclopedic-VQA test set and the InfoSeek
validation set.

E-VQA InfoSeek

Model Retrieval Model Single-Hop Al Un-Q Un-E Al
Task-Specific Architectures

RORA-VLM-7B [212]  CLIP ViT-L+GSearch - 20.3 251 273 -
Wiki-LLaVA-7B [29] CLIP ViT-L+Contr. 177 20.3 301 278 289
EchoSight-8B [293] EVA-CLIP-8B 26.4 249 300 307 304
CoMEM-7B [286] Custom VLM - - 328 285 -
MR2AG-7B [319] CLIP ViT-L - - 406 398 402
ReflectiVA-8B [58] EVA-CLIP-8B 355 355 404 398 401
General-Purpose MLLMs

BLIP-2 [146] - 12.6 124 127 123 125
InstructBLIP [66] - 1.9 12.0 89 74 8l
LLaVA-15-7B [167] - 16.3 16.9 96 94 95
LLaVA-MORE-8B [57] - 13.8 14.9 89 80 84
LLaVA-MORE-8B [57] CLIP ViT-L 17.9 19.0 145 136 141
LLaVA-MORE-8B [57] SigLIP2 ViT-L 175 18.6 160 151 155
LLaVA-MORE-8B [57] PrefFLMR [30] 27.8 26.9 130 N7 123
LLaVA-MORE-8B [57] ReT [30] 21.9 21.8 211 150 175
LLaVA-MORE-8B [57] UnilR [280] 16.9 18.2 251 188 215
LLaVA-MORE-8B [57] ReT-2 28.5 27.1 243 215 228
Qwen2.5-VL-7B [13] - 19.8 197 186 181 183
Qwen2.5-VL-7B [13] CLIP ViT-L 195 20.4 187 179 183
Qwen2.5-VL-7B [13] SigLIP2 ViT-L 2011 20.9 198 195 197
Qwen2.5-VL-7B [13] PreFLMR [30] 34.4 33.0 180 158 168
Qwen2.5-VL-7B [13] ReT [30] 26.6 26.2 245 179 207
Qwen2.5-VL-7B [13] Unilr [280] 18.6 19.2 29.0 224 253
Qwen2.5-VL-7B [13] ReT-2 335 316 279 251 26.4

nism may be exposed to the size of the knowledge base more severely
than single-token retrieval. Switching to Qwen2.5-VL, the results are bet-
ter than LLaVA-MORE, testifying the superior capabilities of this more re-
cent MLLM. In this context, ReT falls slightly behind PreFLMR on Encyclopedic-
VQA, but compensates for that by confirming itself as the best retriever
on InfoSeek, scoring 9.6 points higher than PreFLMR, which even underper-
forms compared to Qwen2.5-VL without retrieval. Overall, these results con-
firm the effectiveness of our approach, showing that off-the-shelf MLLMs
can achieve competitive performance in knowledge-intensive VQA with-

out task-specific fine-tuning.
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Figure 6.3: Overview of the proposed ReAG model. A multi-level retriever module
extracts noisy passages, which are refined by a critic model. The resulting relevant
passages are fed to a generator trained via SFT and a reinforcement learning stage
designed for the KB-VQA task.

6.4 Reasoning-Augmented Generation for

KB-VQA

As discussed earlier, despite the limitations of CLIP as a retrieval model,
our analysis of WikiLLaVA highlights an additional and equally important
challenge: developing an efficient and scalable paradigm for selecting
the most useful information from one or more retrieved documents. Sim-
ply concatenating retrieved content into the model’'s context is often insuffi-
cient and can even introduce noise. For this reason, we propose enhancing

the model's ability to assess the appropriateness and reliability of retrieval.

Overview. To address the existing challenges of retrieval-augmented mod-
els, ReAG enhances KB-VQA performance by employing retrieval, filtering,
and reasoning over the retrieved passages. The approach consists of two
key components: a critic model that filters retrieval results, and a genera-
tor trained to reason over the filtered documents before producing the final

answer. The overall pipeline is organized into four main stages: (1) a multi-
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level retrieval stage to gather candidate passages, (2) a filtering stage
where the critic selects relevant content, (3) a cold-start supervised fine-
tuning (SFT) stage to instill initial reasoning capabilities in the generator,
and (4) a reinforcement learning stage to further refine reasoning and an-
swer generation. Together, these components reduce noise and improve
the ability of the generator to produce accurate, knowledge-intensive an-

swers. An overview of our methodology is shown in Fig. 6.3.

6.4.1 Retrieving Evidence at Multiple Granularities

The retrieval stage identifies potentially informative passages related to the
query image, which are subsequently filtered to provide the generator with
relevant external knowledge for reasoning and answer generation. This
process comprises two complementary steps: a coarse-grained retrieval,
which retrieves candidate documents based on the entire query image,
and a fine-grained retrieval, which performs retrieval using localized cues.
Notably, ReAG is agnostic to the choice of retriever, so R can be any cross-
modal encoder that maps the query image and either the metadata 7; or
the image I; associated with each document d; into a shared embedding
space. Relevance between queries and documents is then computed via
cosine similarity.

Coarse-Grained Retrieval. An initial set of relevant textual passages, de-
noted as P, is constructed by aggregating all the passages contained in
the top-k retrieved documents when using the originalimage I, as query to
the retriever R. Since each document contains a variable number of pas-
sages, the resulting collection is represented as P = {p3®,...,ps}, where

m denotes the total number of passages from the top-k documents.

Fine-Grained Retrieval. To improve retrieval recall, we introduce a fine-
grained retrieval stage that focuses on the specific visual region relevant

to the question. Given the input image I, and the guestion ¢, we identify a
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bounding box corresponding to the subject of the question, employing an
off-the-shelf detection model. If such a region is detected, we crop the im-
age accordingly, obtaining a focused image patch 1,°°P. This cropped im-
age is then used as input to the retriever model R, which computes scores
with respect to each document d;, as in the coarse-grained stage.

The top-k documents retrieved in this stage form the fine-grained can-
didate passages, denoted as P& = {p¢ ... p®}. By restricting the visual
input to the region of interest, this stage allows the retriever to focus on
more fine-grained visual details, yielding passages that are more likely to

be relevant to the specific question.

Final Set of Retrieved Passages. The documents comprising P& and P
are merged and ranked by their relevance scores, and all passages con-
tained in the top-k ranked documents are retained to form the final set

Proisy from KB.

6.4.2 Selecting Reliable Passages

After the retrieval steps, we obtain a set P of passages from the k re-
trieved documents. While increasing k£ generally improves recall by includ-
ing more potentially relevant passages, this typically comes at the cost of
a lower precision, as the probability of introducing noisy information rises
as well. To mitigate this, we design a critic model C to filter out irrelevant

passages, resulting in a refined set of relevant passages prelevent,

Critic Model. Given a question ¢ and its corresponding image I, the critic
model C predicts if each retrieved textual passage in P is useful for
answering the question. In ReAG, the critic model is implemented as an
autoregressive MLLM fine-tuned with a next-token prediction objective opti-
mized on an annotated dataset. Specifically, starting from a subset of sam-
ples drawn from the dataset employed in [58], we extract tuples (14, q,p,y),

where p is a textual passage to be evaluated and y € {Yes, No} indicates
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6.4. Reasoning-Augmented Generation for KB-VQA

whether the passage is relevant. The critic model is trained to predict y con-
ditioned on (I, g, p), enabling it to robustly discriminate between relevant
and irrelevant passages.

At inference time, only passages yielding a positive prediction with prob-
ability above a threshold are kept, yielding the final subset of relevant pas-

sages Prelevart defined as:
,Prelevant — {p c Pnoisy | PI‘(YeS ‘C7 q, Iq’p) > thresh } (64)

The resulting set Prelevent is fed to the generator G, which leverages these

passages to produce the final answer.

6.4.3 Training with Reasoning Supervision

Following the approach popularized by DeepSeek-R1 [39], we train our gen-
erator G using a multi-stage strategy. The initial stage is designed to en-
hance the reasoning and zero-shot capabilities of the model, while miti-
gating potential instabilities during the subsequent reinforcement learning
stage. Unlike standard SFT, which focuses solely on answer prediction, our
cold-start phase exposes G to explicit reasoning trajectories that link the

visual content, retrieved passages, and the question.

Collecting Reasoning Traces. To achieve this, we fine-tune G using high-
quality reasoning data. Starting from the same subset used for training
the critic model, we extend each tuple (I, g, p, y) with a reasoning trace tr.
Specifically, each tuple is provided as input to an MLLM, which is prompted
to generate an explicit reasoning trace that logically explains how the pas-
sage p contributes to answering the question ¢ given the image I,. To
guide this reasoning, the prompt includes both the final answer and the
relevance label y, indicating whether the reasoning should be grounded

in the passage or not. By explicitly conditioning on these signals, the MLLM
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produces structured reasoning traces that reflect a coherent inference pro-
cess from the evidence to the answer. These traces are used as supervision

for the cold-start fine-tuning of the generator G.

Training Protocol. Having collected the reasoning-augmented dataset,
the generator G is trained to optimize both its reasoning ability and answer
accuracy. To guide the model towards structured reasoning behavior, we
encourage a templated output format, where the reasoning trace and the
final answer are delimited by special tokens which are explicitly added to

the vocabulary, ie.

<think> reasoning trace </think>

<answer> answer </answer>.

This structure encourages the model to separate intermediate reason-
ing from the final prediction, improving interpretability and stability during
generation. Training is performed using a next-token prediction objective
over both the reasoning trace and the final answer. The overall SFT loss

balances the two components as follows:
Lsrr = ala+ (1 —o)Llr, (6.5)

where L and L denote the negative log-likelihood losses computed over

the answer and reasoning trace, respectively.

6.4.4 Training Optimization via Reinforcement Learning

While supervised fine-tuning equips the generator with basic reasoning
skills and coherent chain-of-thought generation, we enhance its quality
and robustness through a subsequent reinforcement learning stage.

Task-specific RL with Retrieved Passages. Our generator model is opti-
mized with a custom objective inspired by GRPO [240], incorporating mod-

ifications from DAPO [309]. Formally, the objective is defined as follows:
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Tereo(0) = E(1,..0)~D, {0} ~Go,, (11a0:) [
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Z Z min (n +(0)A; ¢, (6.6)
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clip (ri,¢e(6),1 —¢,1 +¢) Ai,i>

’

where Gy, is the generator initialized from the SFT cold-start phase and

old
Ge the generator after optional off-policy updates. Moreover, {o;}L, are
the generated completions with associated rewards R;, and A; the corre-
sponding GRPO advantages [240].

In the formula, r; ; is computed as:

g@(oit | [q7q7p10i <t)
() = : d . 6.7
" t( ) g90|d( L, 7,9, Oi7<t) ( )

As in our setting the updates are never off-policy, Gs coincides with Gy

old’

thus the ratio r;+(0) is always 1. Unlike the GRPO formulation and following
DAPO, we omit the KL divergence penalty, which overly constrains explo-
ration of alternative reasoning trajectories. This also improves memory ef-
ficiency and training speed by removing the need for a reference model
and an extra forward pass. Furthermore, the loss is computed at the to-
ken level, as averaging over variable-length sequences would reduce the
contribution of tokens in longer sequences and weaken their updates.

At each training iteration, the generator G is prompted with (1, ¢, p) to au-
toregressively generate a group of N completions {o;},. Each generated
completion is then evaluated by one or more rule-based reward functions,

producing a reward R; to compute the advantage as:
. R; — mean({R; }IL,)

A =
! std({Ri}N))

(6.8)

Advantages guide the policy updates: completions with above-average

rewards have their likelihood increased, while those below the mean are
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down-weighted. This exposure allows the generator to explore diverse
strategies for interacting with passages, gradually steering it toward pro-

ducing reasoning trajectories that yield correct answers.

Rule-Based Reward Design. In our setting, we employ two complemen-
tary rule-based binary reward functions: a task-specific accuracy reward
and a format reward. The task-specific accuracy reward Rigs (o) veri-
fies whether a generated completion is correct by parsing the prediction
according to the question type (ie, numerical or textual, single- or multi-
onswer). The format reward Rimi(0:) enforces adherence to the expected
output template. Both functions return 1 in case of success and 0 otherwise.
The final reward associated to a completion o; is defined as a weighted

sum of the two. Formally,

R; = YRuask(0i) + 0 Rine(04), (6.9)

where v and ¢ are two hyperparameters.

Reward Design Details. As discussed in the previous paragraph, we em-
ploy a task-specific accuracy reward. The reward function evaluates
only the final answer rather than the intermediate reasoning. To extract
the predicted answer, we first search for content enclosed within the
<answer></answer> tags. If no such content is found, we extract all text
following the first <answer> tag. If this is unsuccessful, we instead use the
text following the </think> tag. When none of these patterns appear, the
entire model output is used.

In every case, format-specific special tokens are removed. We
then apply the same normalization procedure used in the InfoSeek and
Encyclopedic-VQA evaluations, including the removal of articles, punctua-
tion, extra whitespace, and capitalization, along with standardization of dig-
its and contractions. The final task-specific reward depends on the source

dataset and task type, and is computed as follows:
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1 [\I/num (64, of)], if 7; = numerical,
Riask (06,07, 7i) = 4 1 [10U(64,07) > 0.5], if 4 = scalar, (610)
1 [6¢ = of], otherwise .

where é;, o; and 7; denote respectively the extracted prediction, the
ground-truth answer and the task type of the i-th sample, and ¥nym eval-
uates success or failure in numerical match. When multiple alternative
ground-truths are provided for a sample, we compute the reward with re-
spect to each and take the maximum. For samples from InfoSeek, we use
exact string matching for entity and time questions, while numerical ques-

tions are evaluated with ¥nym:

|6 — 0] <0.1, if is_scalar(o)
A is_scalar(o"),
o€o", if is_scalar(o)
Wnum (6,07) = (611)

A is_interval(o™),

IoU(8,0%) > 0.5, if is_interval(o)

A is_interval(o®).

For samples from Encyclopedic-VQA dataset, we adopt exact match
scoring for single-answer questions, while for multi-answer questions the
prediction is rewarded as correct only if intersection-over-union between

predicted and ground-truth items reaches or surpasses 0.5.
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6.5 Comparative Analysis of Retrieval-

augmented Architectures

6.51 Implementation Details

Retrieval Details. To retrieve potentially informative documents for a query
image, we employ EVA-CLIP-8B [255]. In the coarse-grained stage, the en-
tire query image is encoded through EVA-CLIP to perform large-scale re-
trieval over the knowledge base. For InfoSeek, we use an image-to-text
retrieval setup that computes similarity between the query image and
document metadata (ie, the title of the page and the summary). For
Encyclopedic-VQA, we adopt image-to-image retrieval, comparing the
query image with the images inside Wikipedia pages. In the fine-grained
stage, we extract the visual subject mentioned in the question using the
spaCy library* and localize it in the image via GroundingDINO [171], whose
bounding box is re-encoded through EVA-CLIP. Retrieval is done using the

FAISS library [115], with the top-k results with k = 20 retained at each stage.

Critic Model and Dataset. Independently from the generator scale, our
critic model builds upon Qwen2.5-VL-3B, fine-tuned on a curated subset of
the ReflectiVA dataset [58] The model is trained for 1 epoch with a learning

rate of 2 x 107° and a global batch size of 32.

Generator Training. We build two versions of our generator, both based
on Qwen2.5-VL [13], using the 3B and 7B model variants, and optimize them
using the SFT plus RL training scheme. In the SFT phase, we use the same
ReflectiVA [58] subset employed to train the critic model, collecting reason-
ing traces from Qwen2.5-VL-7B. We set o = 0.8 to give more importance

to final-answer tokens. The generator is trained for one epoch with SFT

*
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loss using AdamW [176], a learning rate of 2 x 107¢ and an effective batch
size of 128. For RL post-training, we use the full Encyclopedic-VQA and In-
foSeek sets from ReflectiVA, excluding samples from LLaVA-Instruct [166].
Each batch includes 128 prompts with 8 completions per prompt. Training
is conducted with Adam [125], a learning rate 1 x 10-°. Rewards weigh ac-
curacy v = 1.0 over format ¢ = 0.2. In all our experiments, we update the

MLP adapter and LLM weights while keeping the vision encoder frozen.

6.52 Comparison with the State of the Art

Main Results. We present a comprehensive comparison of ReAG on the E-
VQA test set and the InfoSeek validation set against both zero-shot MLLMs
and retrieval-augmented baselines. Specifically, we evaluate BLIP-2 [146],
LLaVA-V15 [166], LLaVA-MORE [57], and Qwen2.5-VL [13] in a zero-shot set-
ting, where the models receive only the query image and question as in-
put. We further include retrieval-augmented approaches such as DPR [140],
RORA-VLM [212], EchoSight [293], COMEM [286], WikiLLaVA [29], mR2AG [319],
mMKG-RAG [310], ReflectiVA [58], and VLM-PRF [101]. For fairness, we repro-
duce ReflectiVA using Qwen2.5-VL backbones at both 3B and 7B scales.

As shown in Table 610, zero-shot MLLMs, which rely solely on inter-
nal knowledge, are unable to accurately answer questions in knowledge-
intensive benchmarks, underscoring the need for external retrieval. With
the introduction of a retrieval pipeline, performance improves substan-
tially. For example, on InfoSeek, the overall accuracy rises from around
20% for the zero-shot Qwen2.5-VL-7B model to roughly 40% with retrieval-
augmented methods such as mKG-RAG. ReAG further advances these re-
sults, achieving state-of-the-art performance on both E-VQA and InfoS-
eek across model scales. Specifically, on E-VQA ReAG yields a +7.7 point
gain over ReflectiVA when using Qwen2.5-VL-3B and a +7.8 point improve-

ment over VLM-PRF when leveraging the stronger InternVL3-8B backbone.
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Table 6.10: VQA accuracy scores on the Encyclopedic-VQA test set and the InfoSeek
validation set. The marker 1 represents our reproductions, while gray color indi-
cates models tested with non-comparable knowledge bases.

E-VQA InfoSeek

Model Generator Retriever Single-Hop Al Unseen-Q Unseen-E All
BLIP-2 [146] - - 12.6 124 12.7 12.3 1256
LLaVA-V15-7B [166] - - 16.3 16.9 96 94 95
LLaVA-MORE-8B [57] - - 16.0 16.9 83 89 7.8
Qwen2.5-VL-3B [13] - - 219 219 18.9 7.7 183
Qwen2.5-VL-78 [13] - - 236 232 228 241 237
DPRyst [140] Multi-passage BERT CLIP ViT-B/32 291 - - - 124
RORA-VLM [217] LLaVA-V1.5-7B CLIP ViT-L4 - 203 251 27.3 -
EchoSight [293] Mistral-7B/LLaMA-3-8B EVA-CLIP-8B 4.8 - - - 313
COMEM [286] Qwen2.5-VL-7B Custom VLM - - 32.8 285 -
Wiki-LLaVA [29] LLaVA-V1.5-7B CLIP ViT-L/14+Contriever 7.7 20.3 301 278 289
EchosSight [292] LLaMA-3.-8B EVA-CLIP-8B 36.3 342 30.0 307 304
ReflectiVA [58] LLaVA-MORE-8B EVA-CLIP-8B 355 355 404 398 401
MR2AG [319] LLaVA-V1.5-7B CLIP VIT-L/14 - - 406 398 402
VLM-PRF [101] LLaVA-MORE-8B EVA-CLIP-8B 36.3 365 213 406 408
MKG-RAG [310] LLaVA-MORE-8B Custom VLM 384 36.3 414 396 405
Reflectiva [58]1 Qwen25-VL-3B EVA-CLIP-8B 337 352 39.6 381 389
VLM-PRF [101] Qwen2.5-VL-3B EVA-CLIP-8B 311 324 397 388 390

23 429 437 429 433
ReAG (Ours) Qwen25-VL-3B EVA-CLIP-8B MRE AT AcA Aoy e
ReflectiVA [58]T Qwen2.5-VL-7B EVA-CLIP-8B 368 36.8 435 443 439
VLM-PRF [101] Qwen25-VL-7B EVA-CLIP-8B 371 36.0 433 427 428
VLM-PRF [101] InternVL3-8B EVA-CLIP-8B 401 392 435 421 425
ReAG (Ours) QWeNn25-VI-78 EVA-GIF-ER 449 470 483 462 472

A+48 A+78 A+4.8 A+1.9 A+33

Similar gains are observed on InfoSeek, with overall improvements of +4.3
and +3.3 points for Qwen2.5-VL-3B and 7B, respectively. These consistent
improvements across both datasets demonstrate the effectiveness and

robustness of our approach.

Results with OMGM Retrieval Mode. We also compare against the OMGM
framework [ ], which adopts a coarse-to-fine, multi-stage retrieval strat-
egy, leveraging an image-to-text summary retriever in the first step. To
ensure a fair comparison, in Table 6.1 we evaluate our method using
the same retrieval modality. Notably, our method consistently outper-
forms OMGM [294] across both E-VQA and InfoSeek benchmarks. With
the Qwen2.5-VL-3B generator, our approach achieves substantial improve-
ments over ReflectiVA [58], yielding gains of +4.5 and +5.1 points on E-
VQA and InfoSeek. When scaling to Qwen2.5-VL-7B, performance further
increases, reaching 52.5 on E-VQA and 49.2 on InfoSeek, surpassing OMGM
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Table 6.11: VQA accuracy scores on Encyclopedic-VQA and InfoSeek with OMGM as
retrieval modality.

E-VQA InfoSeek
Model Generator Single-Hop ~ Un-Q Un-E Al
ReflectiVA [58] LLaVA-MORE-8B 418 338 345 341
OMGM [294] LLaVA-V15-7B 50.2 435 435 435
ReflectiVA [58] Qwen2.5-VL-3B 446 405 416 41
ReAG (Ours) Qwen25-VL-3B 491 472 453 46.2
ReflectiVA [58] Qwen25-VL-7B 440 433 440 436
ReAG (Ours) Qwen25-VL-7B 52.5 50.3 482 492

Table 6.12: VQA accuracy scores on Encyclopedic-VQA and InfoSeek with oracle
Wikipedia pages.

E-VQA InfoSeek
Model Generator Single-Hop  Un-Q Un-E All
Qwen25-VL-3B [13]  Qwen25-3B 721 470 430 449
Qwen25-VL-7B [13]  Qwen25-7B 783 416 413 414
ReflectiVA [58] Qwen2.5-VL-3B 72.9 534 53.9 537
ReAG (Ours) Qwen2.5-VL-3B 79.0 551 533 54.2
Wiki-LLaVA [29] LLaVA-v1.5-7B 385 527 503 515
ReflectiVA [58] LLaVA-MORE-8B 752 578 574 576
ReflectiVA [58] Qwen25-VL-7B 71.3 56.0 56.0 56.0
ReAG (Ours) Qwen2.5-VL-7B 81.5 60.7 58.9 59.7

by 2.3 and 5.7 points, respectively. These results indicate that, even when us-
ing only the initial retrieval step of OMGM, our critic-based filtering, together
with ReAG reasoning capabilities, leads to higher performance compared

to both prior methods and the full multi-stage retrieval of OMGM.

Results with Oracle Documents. We also experiment under an oracle set-
ting (Table 6.12), where the ground-truth document (i.e, the Wikipedia page
corresponding to the query) is provided. We compare results from zero-
shot models (Qwen2.5—VL [13]in both 3B and 7B voriants), which take the en-
tire Wikipedia pages as input, and retrieval-based methods (WikiLLaVA [29],
ReflectiVA [53], and ReAG), which process retrieved passages through an

additional model-specific filtering stage. In this configuration, ReAG re-
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Figure 6.4: Comparison of performance on E-VQA with and without evidence, includ-
ing oracle upper bounds (left). Analysis on average number of passages retained
at different topRk values (right).

ceives all passages from the oracle document, which are then passed to

the critic model for filtering before being fed to the generator.

Notably, ReAG achieves the best performance across both E-VQA and
InfoSeek at all model scales. On the 3B variant, ReAG outperforms Reflec-
tiVA by +6.1 points on E-VQA, while on Infoseek the 7B version consistently
improves over ReflectiVA by +3.7 and still surpasses it by +2.1 even when

ReflectivA employs a larger generator (LLaVA-MORE-8B).

Retrieval and Generation Pipeline Analysis. The performance of RAG-
based approaches strongly depends on the presence of the evidence pas-

sage in the retrieved set, and on the passages provided to the generator.

In Fig. 6.4 (left), we evaluate the ability to produce the correct answer
when the evidence passage is either present or absent in the context. ReAG
consistently outperforms all competitors of comparable scale, demon-
strating that our reasoning-enhanced approach is robust even in the ab-
sence of direct evidence. Each model is also accompanied by its oracle
performance, clearly showing that ReAG consistently gets closer to the or-

acle upper bound than other approaches.

In Fig. 6.4 (right), we instead report the average number of passages
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Q What is the closest upper taxonomy of this  qwhich road, railway or canal does this

bird? bridge carry?

Qwen2.5-VL-7B

(zs) [12]:

The closest taxonomy
of this bird is the family
Laridae. X

ReflectiVA [58]:

Sterna x

ReAG (Ours):
Thalasseusv

Qwen2.5-VL-7B

(zs) [13]:

The bridge in the picture
is Blackfriars Bridge. X
8 ReflectiVA [58]:

L Road X

ReAG (Ours):

A201 v/

Figure 6.5: Qualitative results on InfoSeek image-question pairs comparing ReAG,
ReflectiVA [58], and the corresponding zero-shot model.

passed to the generation at different k values, comparing the filtering be-
havior of ReflectiVA [58] with that of our critic model. ReAG reduces noise
introduced in the generator context by achieving a reduction of 18.0% and
15.9% in the number of passages compared to ReflectiVA based on LLaVA-
MORE-8B and Qwen2.5VL-3B respectively, further emphasizing the advan-

tage of our filtering pipeline.

KB-VQA Qualitative Results. In Fig. 6.5, we present a qualitative compari-
son on image-question pairs from InfoSeek. Notably, the zero-shot model
tends to produce longer and detailed answers, whereas ReflectiVA and
ReAG generate responses that follow the dataset-specific format. Over-
all, the results consistently demonstrate that ReAG answers accurate and

outperforms competing approaches.

Reasoning Traces Qualitatives. To further interpret the behavior of our
model, we visualize qualitative examples of the reasoning traces gener-
ated by ReAG in Fig. 6.6. The zero-shot baseline produces partial reason-
ing but lacks a consistent structure and does not adhere to the output for-
mat defined by the evaluation datasets. In contrast, ReflectiVA follows the
correct answer format but fails to generate explicit reasoning traces, lim-
iting interpretability. In contrast, ReAG generates coherent, well-structured
traces that reveal the step-by-step logic behind its predictions. These ex-
amples highlight the ability of the proposed solution to integrate visual

and textual cues, assess the relevance of retrieved passages, and main-
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Q What genus are this plant and Schefflera
actinophylla in?

Qwen2.5-VL-7B (z8) [13]:

Not enough information is provided to determine
the genus in question X

ReflectiVA [58]:
Schefflera x

ReAG (Ours):

<think> The image shows a plant that matches the description of
Schefflera actinophylla in the retrieved passage. The question asks for
the genus shared by the plant in the image and Schefflera actinophylia.
Both belong to the same genus according to the retrieved evidence.
</think> <answer> Heptapleurum v </answer>

Figure 6.6: Qualitative example from Encyclopedic-VQA illustrating ReAG's ability to
reason over the question—image pair and retrieved passages. For comparison, we
report generations from ReflectivVA [58] and the corresponding zero-shot model.

tain consistent reasoning even under noisy or irrelevant evidence, where

baselines often over-rely on passages or hallucinate unsupported details.

6.5.3 Ablation Studies

Architectural Components. We finally perform an ablation study by pro-
gressively enabling key components of the final architecture. Table 6.13
reports results at each stage with £ equal to 20, evaluating the effect of
the critic and fine-grained retrieval modules, as well as design choices in
the generation pipeline.

We first examine the zero-shot setup under different retrieval configura-
tions, using the 3B-scale model. As shown in the first two rows of Table 6.13,
directly passing all passages from the top-20 documents into the genera-
tor severely degrades performance due to excessive noise. Introducing the
critic model (third row) effectively filters irrelevant passages, yielding more
than a twofold gain. Adding the fine-grained retriever (fourth row) further

improves retrieval recall and yields additional gains on both datasets.
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Table 6.13: Ablation results on E-VQA and InfoSeek to validate the effectiveness of
our model component. CG and FG stands for coarse- and fine-grained retrieval.

Retrieval Pipeline Generation Pipeline E-VQA InfoSeek
Generator CG FG  Critic SFT Reasoning Traces RL  Single-Hop  Unseen-Q Unseen-E All
- - - - - - 219 189 17.7 183
v - - - - - 19.2 10.2 10.0 101
v - v - - - 38.0 279 261 270
v 7/ v - - - 40.2 281 261 271
v 7/ v v - - 393 379 371 375
v v/ v v v - 381 419 40.6 4.3
v 7/ v v - v 395 39.8 394 39.6
ReAG (Ours) Qwen25-VI-3B v v 7 v v v 4.3 437 429 433
v 7/ v 4.7 293 278 285
v 7/ v v v - 420 420 407 4.4
ReAG (Ours) Qwen25-VI-7B v v v v v 44.9 483 462 472

Fixing the retrieval pipeline to its configuration, we then assess the im-
pact of different generation strategies. As shown in [39], introducing a
cold-start phase can help prepare the model for reasoning by exposing
it to intermediate traces before full supervision. Results show that applying
reinforcement learning after this cold-start phase outperforms standard
SFT, indicating that the cold-start phase effectively prepares the model for
multi-step reasoning, allowing the RL algorithm to operate on a model al-
ready prepared for structured thinking. A similar trend is observed with the
7B variant, where both training phases contribute significantly to the final

performance, validating the robustness of the proposed ReAG pipeline.

Varying the Number of Retrieved Documents. In Fig. 6.7a, we analyze the
effect of varying the number of retrieved documents k on the overall per-
formance and on the average number of filtered passages fed to the gen-
erator. As shown, the model achieves the best results around & = 20, which
represents the optimal trade-off between coverage and noise, and is there-
fore adopted as the default retrieval depth in our pipeline. Retrieving too
few documents results in insufficient contextual evidence, causing a drop
in recall and limiting the ability of the model to access the necessary infor-
mation. Conversely, increasing k beyond this point does not yield meaning-
ful performance gains while substantially inflating the computational cost

of the filtering stage.
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Figure 6.7: Analysis of the ReAG retrieval and filtering pipeline. Accuracy and number
of filtered passages are averaged over E-VQA and InfoSeek.

Effectiveness of the Critic Model. In Fig. 6.7b, we provide a detailed analysis
on the effectiveness of the proposed critic model, employed in ReAG to
filter relevant passages. Specifically, the plot reports the average number
of passages retained after the filtering performed by the critic model when
varying the number k of retrieved documents. Across all retrieval sizes, the
critic model substantially reduces the number of retained passages (e.g.,
from an average of 128.6to 5.7 at k = 20), while preserving answer-relevant
information. This highlights the strong ability of the critic model to discard
noisy or off-topic passages, leading to a more compact and semantically

aligned evidence set for multimodal reasoning.
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Critic Threshold. In Fig. 6.7c, we report how the performance varies as
a function of the yes-probability threshold used in our critic model (cf.
Eq. 6.4). The results show that instead of simply letting the fine-tuned MLLM
decide if the passage is relevant or not (e, thresh = 0.5), leveraging the
confidence of the model in predicting the “Yes” token allows us to gain
more control over the filtering phase. A threshold thresh = 0.1 yields the
best trade-off between precision and recall in retrieving relevant passages.
This setting enables the critic model to reliably filter out passages for which

it is most confident of their non-relevance to the query.
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Image Captioning Evaluation

Metrics: Background

s captioning models improve, first through retrieval augmentation
and more recently through their integration within multimodal
large language models, the role of evaluation metrics becomes

increasingly critical. A good metric must assess captions across multiple
dimensions to ensure alignment with human expectations both linguisti-
cally and semantically. A strong captioning metric should reward captions
that are fluent, accurate, and faithful to the image content, while also en-

suring they focus on the most salient aspects and strike a balance be-

This chapter discusses topics from the following papers: S. Sarto et al, “Image
Captioning Evaluation in the Age of Multimodal LLMs: Challenges and Future Per-
spectives’, JCAI 2025 [233].
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tween detail and conciseness. Furthermore, it should penalize hallucinated
or misleading information. With the rise of MLLMs as image description gen-
erators, the nature of captions has changed, as these models generate
captions that differ in length and specificity. Conventional evaluation met-
rics may no longer reliably assess caption quality in this new paradigm,

posing new challenges for the task.

/71 Taxonomy

In this section, we present the evolution of captioning metrics, outlining their
development from traditional non-learning-based evaluation strategies to
recent advancements incorporating LLMs. Fig. 7.1 presents a taxonomy that
highlights the key characteristics of the most commmonly used metrics, in-
cluding their reliance on reference captions or image input.

In captioning literature, the performance of vision-and-language tasks
are mainly measured using standard captioning evaluating metrics,

namely BLEU [207], METEOR [15], ROUGE [154], CIDEr [271], and SPICE [5].

BLEU. It gauges the precision of word n-grams by comparing predicted and
ground-truth. Asin previous works, we mostly report performance with BLEU

using n-grams of length 1 and 4 (referred to as B-1 and B-4, respectively).

ROUGE. It calculates an F-measure with a recall bias, using a technique

based on identifying the longest common subsequence.

METEOR. It instead, assesses captions by aligning them to one or more
ground-truth sentences, utilizing alignments based on various matches like

exact, stem, synonym, and paraphrase between words and phrases.

CIDEr. It computes the average cosine similarity between n-grams present
in the generated caption and reference sentences, employing TF-IDF

weighting.
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w/ Reference Captions w/o Reference Captions
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Figure 7.1: Taxonomy of image captioning metrics, distinguishing between
reference-based and reference-free approaches. Grey dashed lines indicate the
absence of the input image during evaluation.

SPICE. It prioritizes semantic content over fluency in generated captions by
matching tuples from the candidate and reference scene graphs.

Empirical evidence suggests that BLEU and ROUGE exhibit weaker cor-
relations with human judgment compared to other metrics [27], ], yet
the standard practice in image captioning literature involves reporting all
mentioned metrics.

In our taxonomy, we group the aforementioned metrics under the cate-
gory of rule-based metrics, as they rely on predefined similarity functions
rather than learned evaluators. As discussed above, these metrics pre-
dominantly operate through n-gram matching or structured comparisons
against reference captions and do not take the input image into account
during evaluation.

We then organize the remaining metrics into three broad categories.

Learnable Metrics. All the aforementioned metrics primarily rely on textual-
level comparisons and struggle to adequately account for synonym

matches from a linguistic perspective. Moreover, they assume that human-
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written reference captions perfectly reflect the content of the image, which
may not always be the case. To overcome these limitations, recent metrics
leverage pre-trained models to compare textual-only and visual-textual
content, using both supervised and unsupervised approaches. BERT-S [318],
for instance, utilizes learned embeddings from the pre-trained language
model BERT [68] to more effectively measure semantic similarities between
candidate and reference captions. Building on this, BERT-S++ [303] en-
hances the approach by incorporating the variance across multiple ref-
erence captions, improving robustness. However, these metrics still do not
integrate the visual modality, which can limit their ability to fully evaluate
the performance of captioning models. To overcome this, metrics that ex-
plicitly include the image as input have been introduced. These methods
leverage pre-trained vision-and-language models, such as UNITER [51], VilL-
BERT [178], and CLIP [215], to evaluate captions in a way that aligns more
closely with both textual and visual content.

Leveraging the success of employing pre-trained vision-and-language
models, numerous metrics started exploiting the CLIP extensive pre-
training to compute image captioning evaluation scores. Among these,
CLIP-S [98] was the first metric to utilize a modified cosine similarity be-
tween image and candidate caption representations derived from the vi-
sual and textual encoders of CLIP. In a similar way, MID [123] leverages CLIP-
based visual-textual features to compute negative Gaussian cross-mutual
information, yielding a more effective evaluation metric.

However, CLIP was not originally designed specifically for computing
evaluation scores, which can limit its effectiveness. To address this chal-
lenge, a less explored research direction focuses on refining the CLIP em-
bedding space through supervised training approaches. For instance, the
Polos metric [274] is based on Polaris, a dataset specifically designed
for predicting evaluation scores under direct supervision from human-

annotated judgments. As part of this work, the authors propose a multi-
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modal metric learning framework based on human feedback, which han-
dles both image and text inputs and learns directly from human evalua-
tions based on multimodal inputs.

Building on this foundation, the DENEB metric [190] introduces a super-
vised evaluation approach specifically designed to be robust against hal-
lucinations. DENEB processes multiple reference captions simultaneously
to effectively capture similarities between an image, a candidate caption,
and reference captions. Furthermore, to improve the visual diversity of the
Polaris dataset, DENEB introduces Nebula, an extended dataset containing
approximately three times the number of images, further enhancing its ro-
bustness and scalability for evaluation tasks.

More recent metrics still utilize multimodal models (e.g. CLIP) while inte-
grating additional components to enhance performance, particularly by
improving their ability to reward fine-grained details. InfoMetIC [102] is de-
signed to provide fine-grained feedback on caption quality. Beyond as-
sessing precision and recall, it identifies specific errors, such as incorrect
words and unmentioned image regions. To achieve this, InfoMetIC incor-
porates a fusion module to model intra- and inter-modality relationships,
along with a fine-grained module that enhances the accuracy of error lo-
calization in both text and image content. Available in both reference-free
and reference-based versions, HICE-S [312] highlights the limitations of CLIP-
based metrics, which primarily assess global image-text compatibility but
often struggle with detecting local textual hallucinations and maintaining
sensitivity to small visual objects. To overcome these challenges, HICE-
S introduces a hierarchical scoring mechanism that leverages the SAM
model [126] to generate masks for localized visual regions and correspond-
ing textual phrases. These are then processed through a modified version
of the CLIP architecture [257], enhancing the model's ability to capture fine-
grained visual-semantic relationships. Following a similar hierarchical ap-

proach, HifFi-S [300] is a fine-grained image description evaluation metric
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that represents both text and images as parsing graphs. These graphs or-
ganize multi-granular instances into a hierarchical structure based on their
inclusion relationships, enabling a comprehensive scene analysis across
modalities from global to local levels. Additionally, HiFi-S incorporates an
LLM to evaluate the fluency of candidate descriptions, further enhancing

the evaluation process.

LLMs-based Metrics. In recent years, the integration of LLMs into the cap-
tioning evaluation pipeline has gained popularity, as demonstrated by HiFi-
S. While first attempts compared generated sentences with reference cap-
tions using BERT-based embeddings, more recent approaches leverage
the advanced reasoning and extensive pre-training capabilities of LLMs to
produce more robust evaluation scores. For example, CLAIR [35] utilizes an
LLM to rate the alignment of a candidate caption with a set of reference
captions. Notably, CLAIR evaluates captions without considering image
content. In response, FLEUR [138] is a reference-free, explainable evaluation
metric for image captioning, which directly leverages a score generated
by an MLLM and adjusted with a smoothing function to better align with

human judgments.

Hallucination-oriented Metrics. In image captioning, hallucination refers
to the inclusion of information, objects, or details in a generated cap-
tion that are not present in the corresponding image, compromising the
reliability and quality of the description. Accurately identifying captions
with potential object hallucinations is therefore essential. Metrics such as
CHAIR [224] and ALOHa [209] are specifically designed to address this chal-
lenge. Specifically, the CHAIR metric calculates what proportion of words
generated is actually in the image according to the ground-truth sen-
tences and detected object. However, this metric is restricted to a fixed set
of COCO objects and their synonyms. To overcome this limitation, ALOHa

introduces an open-vocabulary approach that utilizes LLMs to detect ob-
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ject hallucinations. Specifically, ALOHa extracts groundable objects from
the candidate caption using an LLM, measures their semantic similarity to
reference objects in captions or detections, and applies Hungarian match-

ing to compute the final hallucination score.

7.2 Benchmarks

The evaluation spans multiple dimensions, including correlation with hu-
man judgments, ranking accuracy, and sensitivity to object hallucinations.
In this section, we present the main setting in which captions are evaluated

and the dataset employed.

7.21 Correlation with Human Judgment

We analyze the correlation of metrics with human judgment, highlighting
their varying behaviours. Experimental results are reported on standard
captioning evaluation datasets, including Flickr8k-Expert, Flickr8k-CF, and

Composite, along with the more recent Polaris and Nebula datasets.

Datasets. Flickr8k-Expert [100] contains 17k annotations for 5,664 images,
with each pair scored from 1 (no correlation) to 4 (accurate depiction).
Flickr8k-CF [100] provides 145k binary quality judgments for 48k pairs across
1,000 unique images, using the mean proportion of “yes” votes as the align-
ment score. The Composite dataset [2] includes 12k human ratings for
image-caption pairs (with around 4k unique images), assessed on a 1-5
scale. However, these datasets lack model-generated captions, leading to
a domain gap when applying them to train evaluation metrics. To address
this limitation, the Polaris dataset [274] introduces 131k human judgments
from 550 evaluators (i.e., around ten times larger than previous dotosets)

covering both human-written and machine-generated captions from ten
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image captioning models. Expanding on Polaris, the Nebula dataset [190]
includes 32,978 images with human judgments from 805 annotators. In
line with prior studies [98, |, we use Kendall's correlation coefficient 7,

for Flickr8k-CF and Kendall's . for the other datasets.

7.2.2 Pairwise Ranking

We focus on the pairwise ranking ability of current captioning metrics, mea-

suring performance on the Pascal-50S dataset.

Dataset. Pascal-50S [271] evaluates captioning metrics using pairwise pref-
erence judgments. It consists of 4,000 sentence pairs linked to 1,000 images,
each with 50 reference captions. Human judges determine which caption
better describes the image, categorizing pairs into human-correct, human
with one incorrect caption, human vs. machine-generated, and machine-
generated. In this setting, we compute accuracy instead of correlation

scores, reporting the averaged results across the four categories.

723 Sensitivity to Object Hallucinations

We evaluate robustness to hallucinations on the FOIL dataset.

Dataset.  FOIL [242] consists of image-caption pairs derived from
COCO [158], where captions are intentionally altered by introducing a single
erroneous word, which makes the modified caption closely resembles the
original but includes a specific mistake. In our evaluation, we compute the
percentage of times the original caption gets the highest score, according

to each metric.
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Evolution of Image Captioning

Evaluation Metrics

s mentioned in the previous section, leveraging the CLIP architec-
ture and its extensive pre-training to compute captioning scores
has become a common and effective strategy, as evidenced by

the widespread use of CLIP-S [98]. However, despite the appropriateness
of using contrastive-based embedding spaces for evaluation, large-scale

models pre-trained on web-collected data also have limitations, due to

This chapter discusses topics from the following papers: S. Sarto et al, “Positive-
Augmented Contrastive Learning for Image and Video Captioning Evaluation”, CVPR
2023 | ] and S. Sarto et al, “Positive-Augmented Contrastive Learning for Vision-
and-Language Evaluation and Training”, IJCV 2025 [ ] and S. Sarto et al, “BRIDGE:
Bridging Gaps in Image Captioning Evaluation with Stronger Visual Cues”, ECCV
2024 [23]1].
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the lack in style of captions collected from alt-tags and of the distribution
of web-scale images which is not aligned with those on which captioning
systems are evaluated. In contrast, while curated datasets are smaller, re-
cent advances in image [219, 226, 225, 79] and text generation [316, 279, 148]

enable the creation of high-quality synthetic data with controlled style.

81 Advanced Metrics for Image Captioning

Evaluation

Following this insight, we propose different metrics that fuses together the
advantages of both these scenarios, by leveraging the quality of the pre-
training on web-collected data and that of cleaned data, and also reg-
ularizing the training by considering additional positive samples hailing
from visual and textual generators. Specifically, our proposed metrics, PAC-
S and PAC-S++, are trained via a newly conceived positive-augmented
contrastive learning approach, in which pairs of generated images and
texts act as additional positives in addition to real images and human-
annotated captions taken from a cleaned data source. We demonstrate
that the combination of these factors, ie. the usage of a cleaned data
source and the pairing with multimodal generated data, when used to fine-
tune a large-scale contrastive model, results in an embedding space with

significantly higher alignment with the human judgment (Fig. 811).

811 Positive-Augmented Contrastive Learning

We aim to develop an image and video captioning metric based on a
shared embedding space where visual data and text can be represented
and evaluated. To achieve this, we adopt the dual-encoder architecture

introduced by CLIP [215].
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Figure 8.1: Comparison between evaluation scores predicted by our evaluation met-
ric, PAC-S++, in comparison with its original version, PAC-S [229], and CLIP-S [98]. The
plot shows the results across different benchmarks, demonstrating the superior per-
formance of PAC-S++ in terms of correlation with human judgment. In the bottom
example, the caption highlighted in green is the one preferred by humans.
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Contrastive Language-Image Pre-training (CLIP) focuses on learning
rich visual and textual representations by understanding the relationships
between images and their corresponding textual descriptions. CLIP em-
ploys an image encoder E, (-) (e.g.a CNN [96] or a ViT [71]) along with a text
encoder E,(-) (e.g. a Transformer model [270]) to obtain visual and textual
representations. The multimodal interaction is performed via late fusion by
projecting the output of both encoders to the same dimension and then
on the ¢, hypersphere via normalization. The visual and the textual inputs

can then be compared via cosine similarity.

During the training phase, CLIP utilizes a contrastive objective to encour-

age similar embeddings for matched image-text pairs and dissimilar em-
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Figure 8.2: Overview of our positive-augmented contrastive learning approach.

beddings for non-matched pairs. In a batch of N image-caption pairs

{(vi,t:)},, CLIP employs the InfoNCE loss [202] that can be written as:

1 xp(sim(v;, t;)/T
Ly T = N ;bg Z;li(jp(s(im(vi),/tj))/ﬂ + (8.1)
1 & exp(sim(vi, t:)/7)
N ; S exp(sim(vj, t:)/7)

Here, the similarity function is defined as:
sim(v,t) = cos(Norm(Ey(v)), Norm(FE:(t))),

where sim(+) is the CLIP-based cosine similarity between visual and textual
inputs that are normalized via ¢, normalization, and 7 is a temperature
parameter to scale the logits. With the symmetrical loss applied to both
image and text encoders, the overall loss function Ly 7 is computed as the
average of the two.

Large-scale contrastive models like CLIP [215] are trained on web-
collected image-caption pairs. These provide a large-scale source of su-
pervision for learning scalable low-level and semantic visual and textual
features, as testified by their zero-shot classification performance and by

their adaptability to different tasks [219, 16, 189, 120]. Nevertheless, it shall
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be noted that the textual annotations contained in alt-tags are far from
the quality level that a captioning evaluator should look for, and that the
distribution of web-scale images might not be properly aligned with those

on which image captioning systems are evaluated.

To solve this issue, one might think of learning the metric directly on
cleaned data sources. However, recent attempts of learning contrastive-
based evaluation metrics on cleaned datasets like COCO [158] perform
poorly when compared to traditional metrics, potentially because of the
lack of training data [114]. We, therefore, advocate the usage of synthetic
generators of both visual and textual data, which showcase sufficiently
high quality levels when generating both images and texts, do lack in terms

of style, and are controllable in terms of visual distribution.

Positives Generation. In light of these problems, we propose utilizing syn-
thetic generators for both visual and textual data, which showcase suffi-
ciently high-quality levels of generation. Additionally, they are controllable
in terms of visual distribution.

Specifically, given a positive image-text pair (v, t), we augment it by gen-
erating a synthetic caption ¢’ from v using an image captioning model [148].
Similarly, we generate a synthetic image v’ from ¢ via a diffusion-based text-
to-image architecture [225], thus building a dataset consisting of tuples of
four elements (v,t,v',t'). Next, we train our evaluation model by consid-
ering the contrastive relationships between real and generated matching
image-caption pairs, as shown in Fig. 8.2.

Formally, given a batch of N real images and their captions, these
are processed through the corresponding encoders to obtain the visual
V = {E,(v:)}X, and textual features T = {E,(t;)}_,. For generated images
and texts, we define V' = {E,(v}))}i_, and T’ = {E,(t})}._,. We then define
multiple N x N matrices containing pairwise cosine similarities between

the different inputs. We then adopt a symmetric InfoNCE loss, which aims
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at maximizing the cosine similarity between the N matching pairs and min-
imizing those of the N? — N non-matching pairs.

In addition to the loss term between real images and real texts Ly, de-
fined in Eg. 8.1, we also add symmetrical loss terms between cross-modal
generated and real pairs, ie. between generated images and human-
annotated texts, and between original images and generated texts. The
loss which compares real images V with respect to generated texts 7’ can

be defined as:

B N . exp(sim(v;, t;)/7)
Ly =—v ;1 © S exp(sim(vi, ) /7)
1 Zlog exp(sim(vs, ;) /7) . (82)

N i=1 Z;\jzl eXp(Sim(vjv t;)/T)

In this way, generated items act as additional positive samples for the real
matching pairs, thus adding a supervisory signal without being affected
by the potential noise present in the data used to train contrastive-based
feature extractors like CLIP. In summary, the final loss is a weighted combi-

nation of the three loss terms, i.e.
L=LyvT1+ XLy 7+ MLy T, (83)

where L, 7 is the counterpart of Eq. 811 using generated image and real
textual sentences, and the A values are hyperparameters used to weight

the contribution of each loss function.

Captioning evaluation score for images. After training with positive-
augmented contrastive learning, we employ two evaluation scores for eval-
uating images in both a reference-free and a reference-based setting.
For evaluating images, we adopt the equation proposed by [98] as our

reference-free score:

Score(v, t) = w - max(sim(v, t),0), (84)
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that given an image-text pair (v,t) defines the evaluation score as a lin-
ear projection of thresholded cosine similarities. To incorporate reference
ground-truth captions into the evaluation process, following [98], we first
calculate the representation of each reference caption using our positive-
augmented trained textual encoder. Then, we compute the harmonic
mean between the reference-free score, defined in Eqg. 8.4, and the max-

imum cosine similarity between the candidate caption and all reference
M

captions. Formally, given a set of M reference captions R = {r’} _ , the
score is computed as:
Ref-Score(v, t, R) = H-Mean (Score(v, t), top-r(t))
(85)

where  top-r(t) = max (O, mea}g{((sim(t,r))) .

Here, Score(-) represents the reference-free score defined in Eqg. 84, and

H-Mean(+) indicates the harmonic mean.

Captioning evaluation score for videos. To test the proposed positive-
augmented strategy for evaluating video captions, we extend the above
defined metric following the approach of [246]. In this case, matching
scores are computed at two granularity levels, i.e. a coarse-grained level in
which the global representation of the candidate caption is compared with
the global representation of the video, and a fine-grained level in which the
embeddings of single words are compared to those of single frames.
Specifically, we use the positive-augmented CLIP visual encoder to ex-
tract the embeddings of single frames and average-pool them to get the
representation of the entire video. Similarly, we employ the correspond-
ing textual encoder to get single tokens and whole caption embeddings.
The fine-grained score is then computed by taking the Fl-score of pairwise
word-frame similarities and TF-IDF [223] weighting, and the coarse-grained
score is computed as the similarity between the global video and caption

representations. Given a source video V and a candidate caption ¢, the

191



8. Evolution of Image Captioning Evaluation Metrics
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Figure 8.3: Sample real and generated image-text data used for positive-
augmented contrastive learning.

overall score is defined as

Score(c, V) = Score(c, V). —|2- Score(c, V)f7 (8.6)

where Score. represents the coarse-grained embedding matching and
Scorey stands for the fine-grained similarity. Finally, to include a set of ref-
erence captions R, we follow the reference version of the aforementioned

approach:

Score(c, V') + max,¢cr Score(c, ) (87)

Ref-Score(c, V,r) = 5 )

where Score(c, ) is computed as defined in Eq. 8.6 by using the word-level

embeddings of the reference caption.

812 From PAC-S to PAC-S++: LoRA-Enhanced Con-

trastive Learning

Following the PAC-S, keeping the same architecture, we enhance it through
fine-tuning with low-rank adaptation (LoRA) techniques [103]. By introduc-
ing low-rank decompositions into the network parameters, we obtain a

fine-tuned visual encoder E,(-) and text encoder E,(-). Specifically, we em-
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Figure 8.4: Overview of our positive-augmented contrastive learning approach in

which both encoders are fine-tuned with low-rank adaptation (LoRA) using addi-
tional positive samples generated by text-to-image and image-to-text generative
models.

ploy LoRA [103] which preserves the pre-trained model weights while inject-
ing trainable rank decomposition matrices into each layer of the architec-
ture. This approach significantly reduces the overall number of trainable
parameters, mitigates the risk of overfitting, and regularizes the training

procedure, thus making it a suitable option for the fine-tuning phase.

813 Implementation Details

Architecture and training details. In continuity with existing literature [98,

, 246], we use CLIP ViT-B/32 [215] as backbone to encode images (or
video frames) and textual sentences. Regarding the PAC-S, we finetune
the visual and textual final projections on the COCO dataset [158], which
contains more than 120k images annotated with five captions. In particular,
we employ the splits introduced by Karpathy et al. [117], where 5,000 images
are used for validation, 5,000 images are used for test and the rest for

training. During finetuning, we use AdamW [177] as optimizer with a learning
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rate equal to 0.0001 and a batch size of 2566. The A\, and X; values are
selected with a grid search, choosing the combination that provides the
best average across datasets. Specifically, we set A, to 0.05 and X; to 0],
and stop the training stage when the validation loss stops decreasing for
1,500 iterations.

Instead, in PAC-S++, during fine-tuning, we freeze the pre-trained model
weights and exploit LoRA [102]. The rank of the decomposition r is set to 4,
as it performed favorably in our initial experiments. We use AdamWw [177] as
optimizer with a learning rate equal to 1-10~* and a batch size of 256. The
Ay Ond \; values are selected with a grid search, choosing the combination
that provides the best average across datasets. Specifically, we set A, to 0.1
and ) to 0.001, and stop the training stage when the validation loss stops

decreasing for 1,500 iterations.

Positive image-text generation. To augment the training set with new posi-
tive examples, we use Stable Diffusion* [225] for generating new visual data
and the BLIP model [148] for generating new textual descriptions. Specifi-
cally, to generate images, we employ the model pre-trained on the En-
glish image-text pairs of the LAION-5B dataset [235] and finetuned at a
resolution equal to 512 x 512 on the LAION-Aesthetics subset!, which has
been filtered with aesthetic requirements. During generation, we employ
the safety checker module to reduce the probability of explicit images and
disable the invisible watermarking of the outputs to avoid easy identifica-
tion of the images as machine-generated. To generate text, instead, we
use the ViT-L/14 version* of the BLIP model pre-trained on 129M image-text
pairs and finetuned on the COCO dataset. After this generation phase,
we get a new version of the COCO dataset in which each image is addi-

tionally associated with a machine-generated caption and each human-
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Table 8.1: Ablation study results of PAC-S++ [ RefPAC-S++, using different hyperpa-
rameters and synthetic data generators. For each experiment, we report in the last
column the averaged improvement compared to the previous version of our metric

(ie. PAC-S [229]), reported in the first row.

Synthetic Data  Flickr8k-Exp Flickr8k-CF Composite VATEX-EVAL Pascal-50S FOIL ActivityNet-FOIL

LoRAr A, A:  Visual Textual Kendall . Kendall 7, Kendall 7. Kendall 7, Accuracy  Accuracy Accuracy A
- 005 01 sSDV56  BLUP 539/555 360/376 557/57.3 251/314 824/847 899/937 901/ 935

Effect of Varying LoRA r
2 01 0001 SDvI5  BLP 543/556 369/380 582/591 274/323 822/844 901/935 911/ 936 +071
4 01 0001 SDvI5  BUP 545/557 370/379 583/591 281/322 823/845 902/935 910/ 934 +0.78
8 01 0001 SDvI5  BLIP 545/556 369/380 583/592 272/321 820/845 900/936 907/ 935 +0.66
16 01 0001 SDVI5  BLP 543 /555 370/379 585/593 278/323 818/845 901/936 909 /937 +0.74

Effect of Varying A, and X,

4 00010001 SDVI5  BLP 546 /558 371/380 ©574/582 279/324 819/845 901/936 90.4 / 933 +0.60
4 005 0001 SDVI5  BLP 547558 369/379 583/591 275/320 821/845 903/937 910/ 937 +0.76
4 01 0001 SDvI5  BLIP 545/557 370/379 583/591 281/322 823/845 902/935 910/ 934 +0.78
4 05 0001 SDVI5  BLP 544558 368/378 579/589 276/319 818/841 898/936  904/934  +053
4 01 005 SDVI5  BLP 547/558 370/380 580/589 277/322 819/844 904/936  909/935  +073
4 01 01 SDvi5  BUP 546 /558 370/380 575/585 277/320 823/843 899/934 913/933 +0.63
Synthetic Data Contribution
4 01 0001 - - 539/549 367/377 575/584 267/319 817/839 898/932 901/ 932 +0.20
4 01 0001 - BLIP 54.4/554 368/378 57.3/583 267/320 821/844 898/933  909/936  +043
4 01 0001 SDVI5 - 542/552 370/379 579/587 270/321 820/844 899/933  904/937  +0.49
4 01 0001 SDvI5  BUP 545/557 370/379 583/591 281/322 823/845 902/935 910/ 934 +0.78

Effect of Varying Synthetic Data Sources

01 0001 SDvVI5  BLP 545557 370/379 583/591 281/322 823/845 902/935 910/ 934 +0.78
01 0001 SDvI5 IDEFICS-3 542/554 366/378 580/589 269/319 819/842 896/933  909/938  +047
01 0001 SDVI5 LLaMA-32 54.6/557 369/380 579/587 271/319  821/843 902/937 909 /938 +0.64
01 0001 SDv35  BLP 547/560 368/379 581/589 27.9/3L9 820/844 902/934  909/936 +0.71
01 0001 FLUXI BLIP 548/560 370/380 582/590 280/320 8.8/844 902/934 911/ 936 +0.76

ENENENNNNN

annotated caption is instead associated with a newly generated image.

Sample image-text data employed for finetuning are shown in Fig. 8.3.

8.14 Ablation Studies

Low-Rank Analysis. All the analyses conducted so far employ the PAC-
S++ version with low-rank adaptation. In Table 8.1, we investigate the effect
of different ranks (i.e. 2,4,8, 16) across the selected datasets. Overall, the
best performance are achieved with a rank of 4, in both reference-free and
reference-based settings.

Notably, comparing the results of the previous version of our metric
(ie. PAC-S [229)], first row), in which only the last visual and textual pro-
jections of the model are fine-tuned, the version of our metric with LORA
consistently outperforms the original version regardless of the rank, with
the only exception of Pascal-50S and FOIL datasets. For example, employ-

ing PAC-S++ with the CLIP ViT-B/32 backbone fine-tuned with LoRA yields
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superior results compared to its counterpart without LoRA, achieving 58.3
on the Composite dataset (+2.6) and 28.1 on the VATEX-EVAL dataset (+3.0).
This demonstrates the effectiveness of this strategy, even in the context of

video settings.

Choice of Hyperparameters. Subsequent to determining the optimal rank
dimension as r = 4, we also conduct a comprehensive grid search to de-
termine the optimal values of the A, and A; hyperparameters for our model
across multiple datasets. The results are summarized in Table 8.1. While the
results show notable variation in performance depending on the dataset,
we observe that the configuration corresponding A, = 0.1 and A\; = 0.001
consistently yields strong improvements across most datasets. Accord-
ingly, we adopt this setting as our final configuration, which is used in the

loss function defined in EQ. 8.3.

Synthetic Data Generator Analysis. To assess the overall contribution of
synthetic data and the impact of different text and image generators, we
conduct an ablation study, always reported in Table 81. We start by an-
alyzing the contribution of each generator. Specifically, we conduct ex-
periments without synthetic data (ie. only using pairs from COCO during
fine-tuning), as well as analyze the effects of removing only the textual
or the visual positive augmentations. The averaged improvements com-
pared to the previous version of the metric highlight that both visual and
textual synthetic data contribute to enhanced performance compared to
the version without any positive augmentation. Furthermore, when both
augmentations are applied simultaneously, further performance improve-
ment is observed.

As additional analysis, we replace synthetic data generators with more
recent models to assess their impact on performance. For text genera-
tion, we compare our default setup, which employs BLIP [143], with LLaMA

3.2 [72] and IDEFICS-3 [132] as caption generators. For image generation,
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8.1. Advanced Metrics for Image Captioning Evaluation

instead, we assess Stable Diffusion v3.5 (SDv3.5)% and FLUX ' as alterna-
tives to our baseling, Stable Diffusion V1.5 (SDV].B). Our analysis indicates
that the original configuration remains the most effective overall. In partic-
ular, on the text side, substituting newer models does not yield noticeable
performance improvements. This can be due to the behavior of modern
text generators, which tend to produce longer and more verbose captions.
CLIP textual encoder often truncates these, thereby limiting their effective
contribution. On the image side, although newer generators may offer im-
proved visual quality, results are comparable with the initial version using
SDv1.5, confirming the effectiveness of our positive-augmented fine-tuning

strategy.

Effect of Changing Backbone. We investigate the impact of changing the
backbone architecture by replacing the standard CLIP visual and textual
encoders with those from SigLIP [314] and SigLIP2 [268], which differ from
CLIP in both training data and training strategies. To ensure a fair com-
parison, we use the same ViT-L/14 backbone for all three models and we
report results in Table 8.2. For each, we evaluate both the reference-free
and reference-based variants, applying the standard CLIP-S setup (anal-
ogous to a zero-shot setting), as well as PAC-S and our PAC-S++ training
strategies. Our results show that CLIP-S with the CLIP ViT-L/14 backbone,
while underperforming compared to PAC-S and PAC-S++, still achieves
competitive results. However, when using SigLIP or SigLIP2, CLIP-S perfor-
mance significantly degrades, particularly in terms of human correlation,
pairwise ranking, and hallucination detection. This suggests that the zero-
shot capabilities of SigLIP-like models are less aligned with the image cap-
tioning evaluation tasks. By applying the PAC-S training strategy to SigLIP,
we observe substantial improvements, often surpassing even the perfor-

mance of PAC-S++ with the CLIP ViT-L/14 backbone across several data-

8
1
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Table 8.2: Human correlation and accuracy results when varying visual and textual
backbones. The best results for each backbone are highlighted in bold.

Flickr8k-Exp Flickr8k-CF Composite Pascal-50$ FOIL
Backbone Kendall 7, Kendall 7. Kendall 7, Kendall 7. Kendall , Kendall 7. Accuracy  Accuracy
cuP-s 526 530 352 182 513 554 817 909
PAC-S 551 555 368 190 523 565 822 919
PAC-S++ 57.0 57.4 385 19.9. 573 62.0 824 936
CLIP ViT-L/14 RefCLIP-S 541 545 365 18.9 519 5611 843 94.0
RefPAC-S 56.7 571 377 195 531 572 850 95.3
RefPAC-S++ 575 57.9 38.8 201 60.0 616 85.4 951
clP-s 049 049 -1 -06 261 282 622 525
PAC-S 588 54,0 397 19.9 545 58.9 817 923
PAC-S++ 613 427 485 197 58.8 615 818 941
SigUIP VIT-L/14 - "¢ e 333 336 188 97 309 334 730 69.8
RefPAC-S 59.0 542 200 200 551 595 831 936
RefPAC-S++ 614 428 485 197 58.8 616 82.7 94.4
CclP-s 46 45 12 06 196 212 593 610
PAC-S 45 41 1 05 86 86 549 412
PAC-S++ 601 474 426 19.3 591 626 810 934
SigLIP2 ViT-L/14 ¢ e 47 46 12 04 209 324 727 773
RefPAC-S 45 42 10 05 97 97 553 434
RefPAC-S++  60.2 475 226 19.3 59.2 62.7 81.6 93.9

sets. Further gains are achieved using the PAC-S++ strategy. For instance,
with the SigLIP backbone, RefPAC-S++ achieves 7. scores of 614 and 58.8
on the Flickr8k-Expert and Composite datasets, respectively, which are sig-
nificantly higher than the CLIP-based version. These results highlight the
importance of both the model architecture and the fine-tuning strategy in

achieving robust performance across captioning evaluation benchmarks.

8.2 Metric with Stronger Visual Cues

As already explained in previous sections, the objective of image caption-
ing is to produce natural language descriptions conditioned on input im-
ages, that closely resemble human language and align to human inten-
tions. As such, the captioning task involves the recognition and understand-
ing of the visual content of the image, including fine-grained elements
such as objects, attributes, and their relationships. To evaluate the quality
of a generated caption, various metrics have been proposed that take an

image—and, optionally, human-written reference captions—into account.
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However, it is important to note that obtaining these reference captions
can often be challenging and expensive, adding complexity to the evalua-
tion process. Despite the recent advancements in captioning capabilities,
standard automatic evaluation metrics have mainly relied on translation
metrics [207, 154, 15] or text-only ones [27], 5, 318] which often fall short in
capturing aspects such as grammatical correctness, semantic relevance,
and specificity. These limitations are worsened by the limited coverage
of image content in available references, resulting in inaccurate penalties
when generated captions accurately describe novel elements not men-
tioned in the references.

In response to these limitations, advanced metrics aligning visual and
textual data have emerged [136, 135, 98, 123]. Notably, recent metrics lever-
age the CLIP embedding space [215], which shows a strong correlation with
human judgment. Despite the effectiveness of contrastive-based embed-
ding spaces, metrics based on dual-encoder architectures tend to focus
on global alignment between an image and its caption, often ignoring fine-

grained details or penalizing hallucinations.

8.21 A Learnable Reference-free Metric

Following this insight, we introduce BRIDGE, a novel learnable and
reference-free image captioning metric that enhances the alignment of
more fine-grained visual features. Specifically, our model provides a pre-
trained dual-encoder architecture with a mapping module designed to ef-
fectively exploit visual cues. This is done by internally creating multimodal
pseudo-captions, containing both textual and dense visual features. The
process for building these pseudo-captions involves the creation of a tem-
plate caption, which focuses on the syntactical structure of the scene, and
a mapping module. The latter refines the template caption by enriching it

with more fine-grained visual features about the subjects depicted in the
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Figure 8.56: Overview of the BRIDGE evaluation approach. Starting from a template
caption, a mapping network augments it with dense visual features, obtaining a
pseudo-caption which is then used for computing image-text similarities.

image. Subsequently, the overall model is trained with a combination of
contrastive losses which promote multimodal alignment. An overview of

our model is depicted in Fig. 8.5.

Unlike CLIP-Score, our approach does not rely exclusively on global im-
age descriptors for evaluating image-text alignments. Instead, we focus
on employing stronger visual information. To do so, we draw inspiration
from the Pic2Word approach [227] and represent the input image through
a multimodal pseudo-caption, an embedding representation that con-

tains stronger visual elements.

Preliminaries. Our approach relies on CLIP (Contrastive Language-Image
Pre-training) [215], a powerful vision and language model designed to
align images and corresponding text captions within a shared embedding
space. For a given input image I, the image encoder Ey extracts the visual
information v = Ey(I) € R% On the textual side, an input caption T is tok-
enized and a textual representation is obtained by passing it through the
textual encoder Er, obtaining t = Er(T) € R%. Once the textual and visual

features, t and v respectively, are projected in a common space, visual and
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textual inputs can be compared via cosine similarity.

The relationships learned by CLIP can be exploited to build an image
captioning evaluator. In CLIP-Score [28] the authors directly compare can-
didate captions and images in the embedding space and show that this
achieves a good correlation with human judgments. In detail, to assess the
quality of a candidate generation, they feed both the image and the can-
didate caption through their respective feature extractors, and compute

the cosine similarity of the resultant embeddings:
CLIP-Score(I,T) = w - max(cos(v, t),0), (88)

where w is a rescaling factor employed to stretch the score distribution

while ensuring the ranking results remain unchanged.

Building Template Captions. In order to create multimodal pseudo-
captions, we first build template captions for a given input image. These
are skeletal textual representations of the image, obtained by masking out
all the relevant textual concepts from the descriptions generated by a cap-
tioner. Through these template captions, we aim to provide the model only
with a templated textual structure which can then be filled with more fine-
grained visual features. In particular, given an automatically generated
caption describing the input image, such as A man running with a
white dog', we remove the main subjects within the caption (e.g. “man'
and ‘white dog') and mask them with a [MASK] token. This will allow
the model to fill in these gaps by incorporating more fine-grained features
from the image encoder. Since a primary subject might be described by
words other than just its corresponding nouns (e.g. adjectives), we utilize
noun chunks. Fig. 8.6 reports template captions and corresponding noun
chunks.

Given a sentence containing N noun chunks, we independently encode

them through the mapping network. To this aim, we replicate the template
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3 People on a motorcycle in ;
coco [ front of a bus. }
= A yellow bus driving down a
TEMPLATE [ street next to a park. } toaPC.
: Cﬁ?}ﬂﬁs } { yeb\LOSW }[ street }[ park } v { CT{SLI\J&S } { PC }[ dog M couch }

Figure 8.6: COCO captions with template captions and associated noun chunks.

Little dog laying on a pillow
[ coco } [ next to the laptop.

TEMPLATE A dog laying on a couch next

caption as many times as the number of noun chunks and mask a different
noun chunk in each of the replicas. We thus obtain N different versions of

the template caption, each one masking a single noun chunk, for instance

["A [MASK] running with a white dog',

A man running with a [MASK]'].

Mapping with Fine-Grained Visual Features. The above-described
masked replicas are then fed to the mapping module . Specifically, our
approach exploits the visual information extracted from the visual encoder
Ev to enrich the replicas with the informative content of the image 1. To
get a more fine-grained representation of the image, we directly take the
grid of features from the last layer, . For instance, in the case of a ViT-B/32
backbone, this will have a shape of 50 x d, where d is the dimensionality of
the last embedding of the network.

The mapping network is implemented as a stack of Transformer [270]
encoder layers interleaved with cross-attention layers. Its role is to refine
each template captions with visual information. Since each template cap-
tion is processed independently, the mapping module returns a set of se-
quences, each with the same length as the corresponding input template
caption. From the output of the mapping module, we keep only the pre-
dictions for the masked tokens in each template caption and copy them
back into the original templates.

Therefore, by providing a masked input template in the form 7; =

[wi, ..., wj—1, MASK, wjt1, ..., wr], where {w;}; represent original tokens from
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the input caption, we obtain 7;" = [wl,...,wj_l,w(Ti)j,wj+1, ...,wT], where
W(T;,7), represents the output of the mapping network at the position cor-
responding to the masked input token position. In the case of noun chunks
consisting of more than one token, multiple consecutive tokens are re-
placed with the corresponding outputs from the mapping network. By in-
jecting the outputs of the mapping token into the initial template caption,
we effectively complete the original templates with visually enriched vec-
tors. Notably, these newly generated pseudo-captions combine word se-
quences from the template captions with dense vectors obtained by the
mapping module. Consequently, they cannot be decoded as standard
captions. As a last step, the obtained pseudo-captions are fed into the

pre-trained CLIP language encoder.

Training Protocol. To train our mapping network, the loss is defined as a
weighted version of the symmetric InfoNCE loss [202], where positive and
negative items are weighted according to the number of noun chunks in

each caption.

Specifically, given a batch in the form B = {(I;, T;)}~.,, where I, and
T; represent image-caption pairs, each image I; is expanded in N; multi-
modal pseudo-captions as outlined above, where N; is the number of noun
chunks in caption T;. Further, let t;; " represent the embedding vector of the
j—th pseudo-caption derived from the i-th image, v; the embedding vec-
tor of the i-th image and ¢; the embedding vector of the i-th ground-truth
caption. Finally, let M be the total number of noun chunks in the mini-batch,
ie. M =N N

The first loss, denoted as £, tries to align the pseudo-captions t;;~ with
the global visual features of the corresponding images v;. In addition to
this loss term, we define a second loss component £, that promotes the
alignment between pseudo-captions t;;* and the textual feature vector of

the ground-truth caption ¢; corresponding to the input image. This ensure
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that pseduo-captions are aligned also on a textual space, in addition to

being aligned in the image space.

Regularization Branch. With the aforementioned loss terms, our objective
is encouraging an association between each pseudo-caption and its cor-
responding image and caption. However, it is also important to differenti-
ate each pseudo-caption from the others of the same image. To achieve
this, we define a regularization loss which promotes a precise alignment

between each pseudo-caption and the corresponding noun chunk.

First, we create prompts like “a photo of a <NOUNCHUNK>" and en-
code them with the text encoder Er. In parallel, each pseudo-caption is
fed into a dedicated multilayer perceptron (MLP) projection, which consist
of two linear layers with a ReLU activation in between. Formally, the branch
is defined as

C(z) = Linear(ReLU(Linear(z))). (8.9)

Since our goal is to emphasize each pseudo-caption’s alignment with
its corresponding noun chunk, we employ a regular contrastive loss £3 be-
tween the prompts mentioned earlier and the outputs of the projection

branch.

Finally, the overall loss function we train BRIDGE is defined as a weighted

summation of two aforementioned losses, plus the regularization loss, as

L£=XML1+ AaLo+ A3l (8.10)

Inference and Score Computation. At inference time, given an image-
candidate caption pair (I,T), we extract all pseudo-captions from I us-
ing our mapping network. Subsequently, we compute the mean pseudo-
caption embedding as t* = L&, where £;" indicates the i-th pseudo-
caption extracted from I and N here indicates the overall number of

pseudo-captions associated with I.
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At that point, given the visual embedding v of the image and the em-
bedding of the candidate caption ¢, the matching score between I and T’

is defined as
BRIDGE(I, T) = 0.5 - [CLIP-Score(I, T) + w - max(cos(t*, t), 0)], (81)

where cos indicates the cosine similarity and w is a constant scaling factor.

822 Implementation Details

Architecture and Training Details. Building upon prior research [98, 123,

], we use either CLIP [215] ViT-B/32 or ViT-L/14 as backbone for the vi-
sual and textual encoder. The mapping module is composed of two Trans-
former layers and is trained on the COCO dataset [153], which contains
more than 120k images annotated with five captions. In particular, we em-
ploy the splits introduced by Karpathy et al. [117], where 5,000 images are
used for both validation and testing and the rest for training. To map the
grid visual features to an embedding space of dimension 512, we employ
a simple linear projection. For the regularization branch, we utilize a two-
layer multi-layer perceptron.

During training, we use AdamWw [177] as optimizer with a learning rate
equal to 0.0001 and a batch size of 256. The Ay, A2, and A3 values are se-
lected with a grid search, choosing the combination that provides the best
validation loss. Specifically, we set both A1 and A3 to 0.01, while A, is set to

1.0. The training stage lasts around one day on a single AlI00 GPU.

Template Caption Generation. The template captions used as input for
the mapping module are generated using the BLIP model [148]. In par-
ticular, we use the ViT-L/14 version pre-trained on 129M image-text pairs
and finetuned on the COCO dataset. After this generation phase, the pri-

mary subjects of the template sentences are extracted by using the NLTK
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Table 8.3: Ablation study results. US indicates the number of pseudo tokens.

Flickr8k-Expert Flickr8k-CF Pascal-50S

Kend. 7, Kend. 7. Spear. p Kend. 7, Kend. 7. Spear. p  Accuracy

Architectural Components

w/o mapping module (ie. MLP) 531 535 653 355 183 435 819

w/o template captions 537 541 66.0 355 18.4 43.6 825

w/o regularization branch 541 54.5 66.5 35.7 18.5 43.6 827
Score Formulation

w/o textual similarity 511 512 63.0 344 17.7 305 80.9

w/o visual similarity 53.8 542 66.0 354 18.3 437 81.9
Pseudo-token Size

w/US =1 541 545 66.4 351 171 303 826

w/US =2 541 545 66.4 36.1 18.7 444 82.8

w/US =14 543 547 66.6 354 18.3 438 824

w/US =38 54.0 544 66.3 359 18.6 445 817
BRIDGE (US = 3) 544 548 67.7 36.1 18.7 445 826

library [12]. During training, two noun chunks are randomly chosen from the
set identified during the extraction step. In the evaluation phase, otherwise,

all identified noun chunks are included.

8.2.3 Ablation Studies

To evaluate the effectiveness of our metric, we start by analyzing varia-
tions of our main architectural components. Then, we assess the impact
of caption templates in our score formulation. All these experiments are

performed using CLIP ViT-B/32 as backbone and reported in Table 8.3.

Contribution of Architectural Components. We first investigate the perfor-
mance of the most straightforward implementation of a mapping module,
structured as a two-layer MLP following [227]. We also validate the impor-
tance of the template captions through a model variant in which a set
of learnable tokens S* serves as input for the mapping module, without
relying on template captions. In both variants, given the absence of tem-
plate captions, we construct a template such as “a photo of S*' and
extract its features using the CLIP text encoder. In the Table, it can be seen

that, regardless of any architectural changes, it is important to provide a
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simple sentence structure to the mapping module to achieve competitive

performance.

In addition to these baselines, we devise a variant to analyze the con-
tribution of the regularization branch. In this setting, we employ template
captions as input for the mapping module, resulting in a substantial im-
provement of +1.0 Kendall 7, and +0.8 accuracy points compared to the MLP
variant, respectively on the Flickr8k-Expert and on the Pascal-50S dataset.
When introducing the regularization branch (ie.the complete BRIDGE archi-
tecture), further enhancements can be observed especially on the Flickr8k-

CF with an improvement of +0.4 points in terms of the Kendall 7, score.

We also emphasize the importance of each component in our score for-
mulation. Specifically, we present correlation results when employing only
the visual similarity within our architecture, which is the original CLIP-Score
formulation. As observed, performance drops drastically when relying only
on visual information. A less significant drop is observed when employing

only textual similarity.

As an additional analysis, we report the effect of changing the number
of the pseudo tokens for each noun chunk, denoting it as unit size (US).
Specifically, we compute the scores employing US = 1,2,3,4,8. From the
results, it can be seen that US = 3 generally leads to the best performance
across nearly all evaluation metrics. This configuration is used in all re-

ported experiments.

Analysis on Caption Templates. We analyze the effect of changing the
initial template captions for our model. Specifically, we employ template
captions generated by a conventional Transformer-based captioner that
uses CLIP features as input and is trained only on the COCO dataset, as
well as those generated by BLIP [148], and BLIP-2 [147]. Notably, we select
template captions of different quality based on both standard metric eval-

uations and correlations with human judgment. To assess the quality of the
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Table 8.4: Impact of different template

captions.
Expert CF Pascal-50s { ]
Kend. 7, Kend. 7, Acc. . _ _
o A young girl is A painting of a
Transformer .Templotes 8 preparing to blow table with fruit on
w/o mapping module 461 316 80.4 s} et top of it
54.0 35.9 82.7 —
ERIDCE (+7.9)  (+43) (+23) & A young girl is A painting of a
Z eating a piece of painting of fruits
BLIP Templates = cake and a painting
w/o mapping module 486 338 810 —/ Siow re——
BRIDGE o b e B | bt | i
=
(+58) (+23) (x16) : cake oranges on a table
BLIP-2 Templates om = H — =
. o |[ Agirl blowing out A painting of a still
w/o mapping module gij ggi g;g < [ acandleona life with oranges
y g g © cupcake and a candle
BRIDGE (+50)  (+20) (+05) — B

raw generated templates, we observe that the CIDEr score of these mod-
els on the COCO test set is equal to 114.2,131.4, and 145.8 respectively for the
standard Transformer model, BLIP, and BLIP-2. Note that all models were
trained with cross-entropy loss only. Results on the Flickr8k-Expert, Flickr8k-
CF, and Pascal-50S datasets are reported in Table 8.4. To qualitatively val-
idate the generated templates, we include sample captions generated by
the three models compared to a ground-truth caption from the COCO test
set. Specifically, captions generated by BLIP-2 are generally more detailed
and effectively describe the visual content of the input image compared

to those generated by BLIP and, notably, the standard Transformer model.

For each caption template source, we compute the correlation scores
when the mapping module is disabled and the captions are directly fed to
the text encoder. We compare it with our standard BRIDGE score, consid-
ering the different caption templates. Across all datasets, it is evident that
directly using the caption templates as input to the text encoder leads to
poor performance. This highlights the intended flexibility of template cap-
tions as skeletal representations, allowing the model to enhance them with

fine-grained visual features.

In fact, starting from these simple template captions and following our

approach, we achieve improvements of +5.8 and +2.3 Kendall 7, points
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and +1.6 accuracy points, respectively, on the Flickr8k-Expert, Flickr8k-CF,
and Pascal50-S datasets when using BLIP caption templates. The overall
best results are with captions from the BLIP-2 model, confirming that better
templates can indeed lead to improved results. However, even when using
lower-quality captions, the final correlation results are very close to those
obtained with higher-quality captions. This highlights the robustness of our
metric to caption templates of varying quality and that it is not necessary
to rely on captions generated by large-scale captioners to achieve strong

correlation scores.

8.3 Comparison of Metrics

Having introduced the main families of captioning evaluation metrics —
ranging from traditional reference-based measures, to CLIP-based and
learnable metrics such as PAC-S and PAC-S++, and finally to reference-
free approaches like BRIDGE -— this section presents a comprehensive
analysis of captioning evaluation metrics through quantitative experi-
ments. The evaluation spans multiple dimensions, including correlation
with human judgments, ranking accuracy, and sensitivity to object hal-
lucinations. Experiments are conducted on diverse datasets, with results

summarized in Table 8.5.

Correlation with Human Judgment. We analyze the correlation of metrics
with human judgment, highlighting their varying behaviours. Experimental
results are reported on standard captioning evaluation datasets, includ-
ing Flickr8k-Expert, Flickr8k-CF, and Composite, along with the more recent
Polaris and Nebula datasets.

Among rule-based methods, CIDEr demonstrates the highest perfor-
mance across most datasets, with the exception of Flickr8k-Expert and

Composite, where SPICE outperforms it by +1 and +2.6 points, respectively.
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Table 8.5: A quantitative comparison between metrics, reporting correlation scores
on Flickr8k-Expert, Flickr8k-CF, Polaris, Nebula, and Composite, along with accuracy
on Pascal-50S and FOIL The best scores within each category are in bold, overall
best scores are underlined.

Inputs  Flickr8k-Expert Flickr8k-CF Polaris  Nebula Composite Pascal-50S  FOIL

External Models  ImageRefs  Kendall 7. Kendall 7, Kendall 7. Kendall 7. Kendall 7. Accuracy Accuracy
Rule-based
BLEU-4 [207] - v 308 16.9 463 404 306 740 66.2
ROUGE [154] - v 323 19.9 463 426 324 78.0 54.6
METEOR [15] - v 48 222 512 46.8 389 811 701
CIDEr [271] - v 43.9 24.6 521 481 377 801 85.7
SPICE [5] - v 44.9 24.4 510 44.0 40.3 767 755
Learnable Unsupervised
FAIEr [275] - v o v - - - - - 814 -
TIGEr [114] SCAN ooV 493 - - - 454 80.7 -
UMIC [135] UNITERsse 4 46.8 - 498 - 5611 851 -
BERT-S [318] BERTgnse v 392 228 516 470 301 801 886
BERT-S++ [303] BERTgase v 467 - - - 449 801 -
VILBERT-S [126] VILBERTease oV 501 - - - 524 796 -
MID [123] CLIP ViT-B Voo 549 373 51.3 51.3 - 852 905
CLP-s [98] CLIP ViT-B v 51.2 344 52.3 46.9 538 80.9 87.2
RefCLIP-S [28] CLIP ViT-B oo 530 364 523 46.9 554 833 910
PAC-S [229] CLIP ViT-B v 543 360 523 472 557 824 89.9
RefPAC-S [22¢] CUIP ViT-B VoV 55.9 376 552 506 57.3 847 937
PAC-S++ [234] CLIP ViT-B v 545 37.0 524 - 583 823 902
RefPAC-S++ [224] CLIP ViT-B o7 557 379 54.8 - 591 845 935
InfoMetiC [102] CLIP ViT-B v 55.5 36.6 - - 59.3 86.5 -
cuP-s [8] CUIP ViT-L v 526 352 532 - 55.4 817 909
RefCLIP-S [95] CLIP ViT-L VooV 54.4 365 555 - - 85.0 94.9
PAC-S [229] CLIP ViT-L v 555 3638 524 479 565 822 919
RefPAC-S [229] CLIP ViT-L oo 571 377 555 504 - 85.0 95.3
PAC-S++ [234] CLIP ViT-L v 57.4 385 536 - 62.0 824 -
RefPAC-S++ [234] CLIP ViT-L oo 57.9 388 55.6 - 616 847 -
Learnable Supervised
Polos [274] CLIP ViT-B v 56.4 378 57.8 53.9 576 865 933
DENEB [190] CLIP ViT-B oo 565 380 - 541 57.9 87.0 951
DENEB [190] CLIP ViT-L v 56.8 38.3 - 54.3 58.2 87.8 95.4
Learnable Fine-grained Oriented
BRIDGE [231] CLIP ViT-B v 54.8 361 - - 55.0 826 915
BRIDGE [231] CLIP ViT-L v 55.8 363 - - 57.2 829 93.0
HICE-S [212] SAM+Alpha-CLIP ViT-L v 56.4 372 - - 57.9 861 931
RefHICE-S [312]  SAM+Alpha-CLP ViT-L v v/ 57.7 38.2 - - 587 87.3 96.4
HiFi-S [200] SAM+BLIP-2 v/ 58.4 - - - 65.8 83.0 -
LLMs-based
CLAIR [35] GPT-35 v 483 - - 52.7 610 787 814
FLEUR [138] LLaVA v15-138 v 53.0 386 - - 635 832 96.8
RefFLEUR [138] LLaVA v15-13B v v 51.9 388 - - 64.2 85.5 97.3

Within the learnable metrics, RefPAC-S++ (ViT—L) achieves the best results
on Flickr8k-Expert, Flickr8k-CF, and Polaris, while VILBERT-S yields the high-
est scores among metrics evaluated on the Nebula dataset. Notably,
reference-based metrics generally outperform their reference-free coun-
terparts. However, among the reference-free methods, InfoMetlC and
PAC-S variants demonstrate superior performance, emphasizing the im-
portance of refining large pre-trained backbones in the absence of refer-
ence captions. When scaling the backbone size, PAC-S variants maintain

superior performance, demonstrating their robustness and scalability. In a
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supervised setting, comparisons are more complex due to differences in
backbone sizes. Overall, DENEB (ViT—L) achieves the highest results across
multiple datasets. Interestingly, despite leveraging a supervised approach
and incorporating an additional learnable module, DENEB is outperformed
by RefPAC-S++ (ViT-L), which is trained in an unsupervised manner. This
highlights the effectiveness of leveraging CLIP pre-training and enhanc-
ing it with regularization through additional generated visual-textual pairs.
For fine-grained evaluation, the HiFi metric, employing a hierarchical pars-
ing graph, achieves the best results in a reference-free setting, surpassing
HICE-S by +7.9 and BRIDGE (ViT-L) by +8.6 on the Composite dataset. On the
Flickr8k-CF dataset, the best performance is instead achieved by RefHICE-
S. Among LLM-based metrics, FLEUR performs best, highlighting the impor-
tance of leveraging a multimodal approach that incorporates input im-
ages, unlike the CLAIR metric which relies solely on reference captions. This

underscores the critical role of visual information in the captioning task.

Overall, no single metric consistently outperforms all others across dao-
tasets. Interestingly, on the Flickr8k-CF dataset, comparable results are
achieved using both RefPAC-S++ and the MLLM-based metric FLEUR. This
comparison is particularly noteworthy, as the FLEUR metric, based on a
LLaVA model with 13B parameters, achieves similar performance to met-
rics that utilize a smaller CLIP model with around 400M parameters. This
highlights that for specific tasks like captioning evaluation, refining a pre-
trained embedding space may be more effective than relying on a larger,
multi-task embedding. Moreover, there is a significant performance gap
between rule-based metrics and newer approaches, highlighting the im-
portance of leveraging input images and the advantages of large-scale

pre-training in achieving superior performance.

Pairwise Ranking. We focus on the pairwise ranking ability of current cap-

tioning metrics, measuring performance on the Pascal-50S dataset.
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Among rule-based metrics, METEOR achieves the highest accuracy, out-
performing CIDEr by +1 point. For learnable unsupervised metrics, the re-
sults deviate from trends seen in correlation-based evaluations, where
larger backbones and reference-based metrics typically excel. In this case,
InfoMetIC, a reference-free metric using the ViT-B backbone, emerges as
the best among all metrics. Its ability to identify incorrect semantic words
and unmentioned visual regions proves advantageous for this task. Con-
versely, for other learnable and LLM-based metrics, the results closely align
with those observed in human correlation evaluations, with the highest

overall accuracy achieved by DENEB (ViT-L).

Sensitivity to Object Hallucinations. We evaluate robustness to halluci-
nations on the FOIL dataset. In this task, CIDEr outperforms all other rule-
based metrics by a substantial margin, with a gain of around +10 points.
Among learnable metrics, RefHICE achieves the highest accuracy, followed
by DENEB and RefPAC-S, both using the ViT-L backbone. Reference-free
versions of HICE and PAC-S experience a significant drop, indicating the
need for reference captions to detect hallucinated objects. The results also
highlight the advantages of stronger backbones. For instance, PAC-S (ViT-
L) outperforms PAC-S (ViT-B) by +2 points, demonstrating the impact of
model architecture. Notably, rule-based metrics like CIDEr are significantly
surpassed by modern multimodal approaches, with a performance gap of
approximately 10 points compared to RefPAC-S (ViT-L) and nearly 12 points
against the LLM-based RefFLEUR. This disparity highlights the limitations of
rule-based approaches in effectively capturing the nuanced semantics of
image captions, particularly in detecting subtle errors such as hallucina-
tions. Metrics like RefPAC-S and RefFLEUR benefit not only from powerful
backbones but also from their ability to align text with visual content, allow-
ing them to detect discrepancies much more accurately than traditional

metrics. These results empathize the growing need for evaluation metrics
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that assess not just linguistic fluency but also semantic accuracy and vi-

sual relevance through advanced multimodal understanding.

84 Metric-Guided Fine-Tuning for Image
Captioning

Beyond evaluation, captioning metrics can also be leveraged as training
signals to improve the quality of generated descriptions. In this section, we
show that our metric can be effectively used during the fine-tuning stage
of image captioning models, leading to semantically richer descriptions
without compromising grammatical correctness. Reinforcement learning
(RL) has become a common strategy for fine-tuning captioning systems,
where models are treated as agents and optimized to maximize the ex-
pected value of a reward function. Building on prior work that employs
metrics such as CIDEr as optimization objectives, we investigate the use
of PAC-S++ as a reward signal for fine-tuning captioning models, demon-
strating its effectiveness in guiding generation toward more informative

and semantically accurate captions.

Revisiting Standard Self-Critical Sequence Training. Self-Critical Se-
quence Training (SCST) [222] for image captioning is a two-step training
methodology which (i) pre-trains a captioning network f,; using a time-
wise cross-entropy loss, and (ii) fine-tunes the same network by maximiz-
ing the CIDEr score [271] on the training set using reinforcement learning.
While SCST effectively improves the quality of generated captions over
single-stage cross-entropy training, it has been shown to introduce a bias
towards generating captions that conform to the “average” description of
the training set [43]. This results in less descriptive, semantically rich, and

discriminative captions. Moreover, these problems are amplified by unin-

173



8. Evolution of Image Captioning Evaluation Metrics

formative image-caption pairs in captioning datasets, and by the reliance
on the CIDEr metric as a reward signal, which has been questioned due to
its relatively low correlation with human judgments and dependence on
reference captions.

Recent attempts to replace CIDEr with semantic embedding-based
metrics, like CLIP-S [ ], have led to excessively long captions that, while
detailed, may contain errors, e.g. repetitions, due to the noisy nature of the

large-scale data used for CLIP pre-training.

8.41 Learnable Metric for RL-based Captioning Fine-

tuning

By combining pre-training on both web-collected and cleaned data, our
metric, PAC-S++, addresses many of the issues associated with CIDEr and
CLIP-S. As demonstrated in our previous work [229], this approach results
in a more refined embedding space and stronger correlations with human
judgments. Consequently, we propose using PAC-S++ to improve the train-

ing of image captioning models.

First Training Stage (Cross-Entropy Loss). Formally, we can assume that
fo is an autoregressive Transformer-based captioning network [270], where
0 represents the trainable parameters, which takes as input an image v,
described with a sequence of R visual features {e'}L,, and a ground-truth
sequence t of words within the vocabulary. Notably, {¢'}, represents the
grid of features before the last layer normalization and linear projection W

in the CLIP architecture:
E,(v) = W - LayerNorm(e', . .., e™). (812)

During the first training stage, the network is conditioned on all visual fea-

tures and ground-truth tokens of length T' up to the current prediction step
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k. The model f, is optimized with cross-entropy loss (i.e. teacher forcing):

Lxe (v, t;6) Zlogfg Gl et ef, (813)

where f, outputs a categorical probability distribution over the vocabulary.

Second Training Stage (SCST). In the second training stage, designed to
enhance the capabilities of the model, the network is conditioned on the
input image and previously generated words. The output of the caption-
ing model f, is a generated caption ¢ = {#'};L, of length S, where each
word is sampled from the output probability distribution generated at the
prior time step k. For instance, the k-th token ¢* is chosen as the one that

maximizes the model probability distribution over possible tokens:
i* = argmax fg(tA’Ch?k_l7 Litet eR). (8.14)

Given the caption # and the image v, PAC-S++ score is computed and

used as the reward r(-) for guiding a policy-gradient RL update step:
r(v,t) = Score(v, f), (815)

where Score(-) is computed as in Eq. 8.4. Additionally, we also employ Eq. 8.5
to compute the reward. To mitigate the variance in the reward signal, a
baseline value b, computed as the average of the reward of all descriptions
generated for v, is subtracted from the reward.

The parameters are optimized using gradient-based methods with the
SCST loss function [222]. Beam search is employed to explore multiple pos-

sible sequences. Formally,

Vo Lscst(v,t;0)

N‘)—l

l
Z — b)Volog fa(i)), (816)

where [ is the beam size and t; the i-th sentence in the beam.
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8.4.2 Effectiveness of metrics as reward

We evaluate the effectiveness of the proposed PAC-S++ metric when em-
ployed as reward for fine-tuning a captioning model, using the fine-tuning
strategy described in Sec. 8.4. In this setting, we compare our metric in both
its reference-free and reference-based versions respectively against CLIP-
S and RefCLIP-S. For completeness, we also report the results of the model
trained with cross-entropy loss only (ie. without reinforcement Ieorning)
and using the standard CIDEr score as reward. To evaluate generated
captions, we employ a combination of traditional metrics, like BLEU, ME-
TEOR, CIDEr, and SPICE, and more recent ones such as CLIP-S, Polos and
the proposed PAC-S++ metric, considering in both cases reference-based
and reference-free settings. Additionally, we introduce novel metrics to
assess the grammatical correctness of the generated captions, which is
crucial especially when directly optimizing CLIP-based scores. Specifically,
we measure the average number of repeated n-grams (Rep-n) and the
percentage of captions ending with undesirable words like prepositions,

conjunctions, or determiners (%Incorrect).

In-domain Evaluation. Captioning results on the COCO test set are re-
ported in Table 8.6. Notably, although CLIP remains an excellent model
for aligning bag-of-words with visual input, it disregards syntax and log-
ical connections among words within captions. On the contrary, despite
sharing the same architecture, our proposal mitigates this issue, favour-
ing the use of PAC-S++ as a reward metric in a captioning model. In par-
ticular, directly optimizing CLIP-S leads to protracted and repetitive cap-
tions, as demonstrated by the lower scores in terms of standard reference-
based metrics and grammar measures. In contrast, PAC-S++ significantly
stabilizes the fine-tuning process, yielding significant enhancements in
reference-based metrics (e.g. 36.3 and 51.8 CIDEr points using PAC-S++
with ViT-B/32 and ViT-L/14 features vs. 11 and 1.4 obtained by CLIP-S). Con-
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Table 8.6: Captioning results in terms of reference-based, reference-free, and gram-
mar evaluation metrics on COCO test set, using visual features extracted from dif-
ferent CLIP-based backbones as input to the captioning model.

Reference-based 1 Reference-free 1 Grammar |

Backbone  Reward B-4 M C S RefCLIP-S Polos RefPAC-S++ CLIP-S PAC-S++ Rep-1 Rep-2 Rep-3 Rep-4 %Incorrect
- 331 282 1124 205 0.804 0651 0794 0.755 0712 1468 0.091 0.017 0.005 03
CIDEr 404 2941296 216 0806 0.651 0799 0.751 0714 1318 0.038 0.006 0.004 247
CLIP-s 121 235 11 200 0767 0.635 0776 0.844 0744 12226 4736 1884 0795 99.2
ViT-B/32 PAC-S++ 19.4 271 36.3 224 0.801 0.658 0.795 0.813 0.755 5129 1431 0.544 0.229 0.7
RefCLIP-S 263 276 925 214 0.829 0.679 0.807 0.799 0735 2571 0626 0236 0.103 0.3
RefPAC-S++ 30.5 285 1091 222 0822 0677 0.811 0784  0.740 1791 0.247 0.069 0.026 0.3
- 348 299 N94 225 0802 0078 0.708 0.749 0.708 1469 0.064 0.008 0.002 03
CIDEr 436 30.8 1433 232 0809 0668 0.804 0.750 0713 1432 0.047 0.005 0.002 323
CLIP-s 131 246 14 200 0782 0.656 0.780 0.840 0736 1225 4447 208 1012 348
ViT-L/14 PAC-S++ 20.9 28.0 51.8 23.9 0.806 0.675 0.797 0.812 0.751 4157 0.974 033 0.129 13
RefCLIP-S 278 288 1019 233 0.833 0.700 08N 0.800 0734 2161 0386 013 0.046 0.7
RefPAC-S++ 325 29.6 118.9 235 0826 0.702 0.814 0782 0.736 1468 0145 0.037 0.011 0.9

currently, it enables the generation of semantically rich and grammatically
correct captions that better correlate with human-generated content. This
phenomenon is particularly notable in repetitiveness metrics, where the av-
erage number of repeated I-grams in the generated captions decreases

from 11.225 to 4.157, when using VIT—L/14 as visual backbone.

Similar considerations apply to the reference-based version, where a re-
duction in caption generation creativity is observed to align more closely
with ground-truth sentences. This approach results in a softer degradation
of reference-based metrics, producing values nearly identical to those ob-
tained by the baseline model trained with cross-entropy loss, but achieving
higher scores in learnable metrics (e.g. 0.708 and 0.713 in terms of PAC-S++
respectively with cross-entropy loss only and CIDEr as reward vs. 0.736

achieved when employing RefPAC-S++ as a reward).

To validate the quality of generated captions, qualitative results on sam-
ple images from the COCO dataset are reported in Fig. 8.7, where we com-
pare captions generated by the model fine-tuned using PAC-S++ as re-
ward with those generated using CIDEr or CLIP-S. As it can be seen, our pro-
posal can generate more descriptive and detailed captions, while reduc-
ing repetitions and grammatical errors. Specifically, while CIDEr generally

leads to shorter captions, both CLIP-S and PAC-S++ can comprehensively
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Image Generated Captions Reward Generated Captions Reward
A cutting board with a sandwich and a knife. CIDEr A baseball player swinging a bat at a ball. CIDEr
Aloaf of green bread with a knfe cutin half cutin ¢, 1o o ~ Aboy in blue jersey throwing a baseball duringa ¢\ o
half and a knife in the background. | game of baseball game in background of setting.
Agreen oof of green bread with peanut butteron |, < Abaseball player running on a baseball feld with o o
a cutting board with a knife on a white surface. = another player running to first base
Three people sitting on a bench on a. CIDEr A man is jumping on a traffic light. CIDEr
= - Four elderly peaple are sitting on a bench looking ¢, 1o ¢ Man hanging from a troffic ight pole inan urban
Y at the water with calm water area area area. setting setting of stop lights in the background. =
Four elderly people are sitting on a bench looking A person is hanging from a green pole with many
at the ocean. C troffic ights in an urban area with tall buildings. <>
A man walking next to  woman walking a. CIDEr | Astreet sign on the side of a. CIDEr
B A man walking next to a woman in a park holding ¢, o An orange detour sign in the background of an —
*3 a frisbee in the background of setting setting. intersection area setting of an intersection setting.
- T - —
© Aman walking next to a park bench while holding o\ o A man walking next to a park bench while holding PAC-S++

a frisbee in a field with mountains in the back. a frisbee in a field with mountains in the back.

Figure 8.7: Qualitative image captioning results with different metrics as reward.

Table 8.7: Captioning results in terms of reference-based and reference-free met-
rics on nocaps and VizWiz validation sets.

nocaps VizWiz
Backbone  Reward C CLIP-S PAC-S++ RefCLIP-S Polos RefPAC-S++ C CLIP-S PAC-S++ RefCLIPS Polos RefPAC-S++

- 676 0686 0.694 0699 0432 0.733 278 0655 0.675 0.691 0360 0.729

CIDEr 762 0695 0703 0708 0418 0.741 289 0663 0686 0.704 0.345 0.739

CLP-s 16 0780 0726 0675 0467 0.724 110735 0703 0.686 0.403 0.722

ViT-B/32 PAC-S++ 34,6 0.751 0.743 0713  0.485 0.748 175 0721 0729 0.717 0.434 0.751

Ref-CLIP-S 640 0.736 0724 0.734 0.475 0.753 250 0703 0708 0.723 0405 0.747
RefPAC-S++ 73.1 0724 0.729 0728 0474 0.758 29.4 0694 0715 0723 0.412 0.758

- 752 0698 0704 0710 0473 0.743 350 0655 0679 0701  0.407 0.740
CIDEr 913 0.698 o7n 0718 0438 0.7565 396 0667 0.683 0722 0365 0.761

CLP-s 21 0791 0741 0705 0508 0.746 16 0727 0703 o7n 0427 0.741
ViT-L14 PAC-S++ 491 0769 0.754 0.735 0.536 0.764 261 0713 0723 0.726 0.474 0.759

Ref-CLIP-S  79.0 0.756  0.742 0.756 0528 0.774 350 0.705 0708 0.738 0456 0.761
RefPAC-S++ 89.8 0741 0.744 0750 0.530 0.776 413 0695 0715 0.737 0.468 0.770

describe the visual content of the images. At the same time, however, us-
ing CLIP-S as reward significantly reduces the grammatical correctness of
generated captions. This drawback is mitigated when employing PAC-S++

as reward, further demonstrating the effectiveness of our solution.

Out-of-domain Evaluation. Finally, we evaluate the out-of-domain perfor-
mance of our model on the nocaps [3] and VizWiz [92] datasets, both of
which present distinct image descriptions compared to the COCO dataset
used for training. Specifically, the nocaps dataset, which is designed for
the novel object captioning task, includes image-caption pairs featuring
objects not present in the COCO training set. In contrast, VizWiz consists of

images taken by visually impaired individuals, often showcasing challeng-
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ing perspectives, such as close-up shots or unconventional viewpoints. The
results, summarized in Table 8.7, are evaluated using both reference-free
and reference-based metrics. Also in these challenging settings, our ap-
proach demonstrates greater semantic richness while preserving fluidity
and grammatical correctness in text generation. This behavior is not ob-
served when CLIP-S is used as reward. Specifically, although the use of
CLIP-S results in high scores on learnable metrics, the values of traditional
metrics remain notably low. For instance, on the nocaps dataset and using
VIT-L/14 as visual backbone, the CIDEr score drops from 49.1 points when
using PAC-S++ as reward to just 2.1 points with CLIP-S as reward, further

highlighting the advantages of our metric for training captioning models.

8.5 From Captioning to Multimodal LLMs

With the rise of MLLMs as image description generators, the nature of image
captionshas undergone a substantial transformation. Unlike traditional
captioning models, which typically produce short, concise, and largely de-
scriptive sentences, MLLMs tend to generate captions that are significantly
longer, more detailed, and often enriched with implicit reasoning, back-

ground knowledge, or explanatory content.

This shift poses new challenges for caption evaluation. Conventional
metrics, which were primarily designed to measure surface-level similarity
to a limited set of reference captions, may fail to reliably assess the quality,
factual correctness, and relevance of these more complex descriptions.

Consequently, the transition from classical captioning models to MLLMs
calls for a fundamental rethinking of caption evaluation protocols, with
metrics that can better account for semantic consistency, visual ground-

ing, and reasoning-based content.
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Table 8.8: Evaluation scores on the COCO test set comparing traditional caption-
ing models with general-purpose MLLMs. For MLLMs, we assess both short captions
and longer, unconstrained descriptions generated using the default prompt of the
model.

LLM Length BLEU-4 METEOR CIDEr CLIP-S PAC-S++ RefCLIP-S RefPAC-S++ Polos BRIDGE

Show and Tell [272] - a1 3.4 250 972 0715 0.654 0.779 0.752 0585 0788

2 Show, Attend and Tell [259] - a1 334 262 1046 0727 0670 0.790 0.766 0.609 0.804
3 Up-Down [7] - 95 367 279 1227 0740 0680 0.804 0.778 0.640 0821
s SGAE [295] - 9.4 38.6 288 1298 0750 0.691 0.812 0.786 0.655 0.833
2 AoANet [108] - 95 391 290 1289 0753 0693 0.813 0.787 0.660 0.836
’g M? Transformer [64] - 9.7 391 292 1312 0757 0699 0.813 0.791 0629 0841
g X-Transformer [206] - 9.6 397 295 1328 0762 0.701 0.819 0.792 0.668 0.845
8 VinvL [316] - 10.0 410 31 1409 0784 0.715 0.836 0.805 0.708 0.865
Ccos-Net [152] - 9.6 420 30.6 1411 0773 0.712 0.829 0.803 0.692 0.859

BLIP-2 [147] Flan T5-XL 9.6 43.8 317 146.0 0782 0.719 0.838 0.810 0.716 0.868

InstructBLIP [56] Vicuna-78 10.2 41.2 31.8 1422 0786 0.721 0.838 0.810 0714 0871

2 LLavA-15 [167] Vicuna-78 145 81 280 696 0785 0707 0.828 0.794 0.666 0.867
=] IDEFICS [123] Llama-78 838 36.8 283 1251 0788 o7m 0.840 0.803 0.699 0.863
= IDEFICS-2 [134] Mistral-78 122 191 243 741 0.800 o7 0.819 0.780 0.626 0.865
2 IDEFICS-3 [132] Llama-3-88 14.2 174 245 622 0801 0710 0.8n 0771 0615 0.865
% Llama-3.2 [72] Llama-3.2-1B 222 143 2568 460 0.827 0734 0.828 0.796 0.692 0.900
< InstructBLIP [56] Vicuna-78 433 9.8 25.0 28 0828 0.738 0.817 0.792 0709 0.912
g LLaVvA-15 [167] Vicuna-78 495 83 230 03 0813 0.722 0.808 0.783 0.689 0.898
5 IDEFICS [133] Llama-78 290 n4 248 439 0792 0719 0.815 0.788 0.679 0.867
© IDEFICS-2 [134] Mistral-78 221 73 200 317 0728 0683 0.773 0.760 0575 0794
IDEFICS-3 [132] Llama-3-88 1236 20 122 83 0777 08697 0.770 0.748 0.605 0.856

Liama-3.2 [72] Llama-3.2-1B 314 102 239 305 0.832 0736 0.818 0.790 0.689 0.906

Humans 104 - 241 876 0782 0.710 0822 0.792 0.654 0.856

8.51 Evaluating Captioning Metrics in the Era of Multi-
modal LLMs

We assess whether well-established captioning metrics effectively evalu-
ate captions generated by modern MLLMs, especially when their style de-
viates from traditional COCO captions. The potential limitations of these
metrics originate from their design: rule-based metrics rely on reference
captions that adhere to COCO-style annotations, while learnable metrics
are primarily fine-tuned on COCO or similar datasets. As a result, their abil-
ity to evaluate captions with diverse linguistic structures remains uncertain.

To investigate this, we assess MLLM-generated captions in two formats:
short captions, comparable in length to COCO ones, and longer, uncon-
strained descriptions®. This enables us to analyze metric performance

across varying caption styles and lengths.

BFor short captions, we use the prompt “Briefly describe the image”. For
longer ones, we rely on the MLLM default prompt (e.g. “What is the content of
the image?”).
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Figure 8.8: Qualitative examples showing the differences between captions gener-
ated by a traditional captioning model (ie, M2 Transformer) and MLLM-style cap-

tions (i‘e‘, IDEFICS). Length and style variations affect rule-based metrics, while learn-
able metrics remain robust.

In Table 8.8, we evaluate popular captioning models on the COCO test
set using a range of metrics to assess their effectiveness and highlight
differences in their behavior**. Our analysis includes both traditional cap-
tioning models and modern MLLMs designed for broader tasks. Addition-
ally, we establish a human-based baseline by randomly selecting one
human-annotated caption from the five provided in COCO and comparing
it against the remaining references'!.

For evaluation, we employ standard scores such as BLEU, METEOR and
CIDEr, as well as two widely used learnable metrics, CLIP-S and PAC-S++,
along with their reference-based counterparts. Additionally, we include
two recent evaluation methods: Polos, a supervised metric, and BRIDGE,
which focuses on fine-grained visual details. This selection allows for as-
sessing how different methods capture caption quality across models.

As it can be seen, for models explicitly trained for the image captioning
task, such as M? Transformer, the generated captions tend to align with
COCO in both length and style. Under these conditions, traditional evalu-
ation metrics like CIDEr, effectively recognize the superior quality of BLIP-2

captions. Similarly, recently developed metrics leveraging large-scale pre-

**Note that for BLIP-2 we employ the captioning-specific model fine-tuned on
COCO image-caption pairs.

TTBLEU is not reported for the human-based baseline as its value is sensitive to the
number of reference captions.
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trained models maintain strong performance.

When evaluating captions generated by MLLMs interesting patterns
emerge. If the captions remain similar in length to the ones contained in
COCQ, rule-based metrics still perform effectively: CIDEr, for instance, as-
signs a score of 142.2 to captions generated by InstructBLIP. However, as
caption length increases, these metrics exhibit a sharp decline in scores.
Notably, when evaluating LLaVA-1.5, which produces longer captions than
COCO ones, CIDEr score drops dramatically to just 0.3. Qualitative results
showing this trend are reported in Fig. 8.8. This decline stems from rule-
based metrics relying on COCO-style captions, which are shorter and sim-
pler than detailed MLLM outputs, resulting in misleading evaluations.

In contrast, more recent metrics that incorporate large-scale compo-
nents exhibit greater robustness to variations in caption length. A slight
decline in performance is still observed: for example, PAC-S++ decreases
from 0.710 to 0.697 when caption length increases nearly ninefold (i.e, for
IDEFICS-3). This primarily reflects a lower confidence level rather than a
failure of the metric. In fact, although these metrics were not explicitly
designed for evaluating long, highly detailed captions, they still maintain
a high degree of reliability. For learnable reference-based metrics such
as RefCLIP-S, RefPAC-S++, and Polos, performance degrades more signif-
icantly compared to their reference-free counterparts, reflecting a trend
similar to that observed in rule-based metrics. However, unlike rule-based
solutions, these metrics retain their ability to distinguish high-quality cap-
tions, correctly rewarding models such as Llama-3.2 and InstructBLIP.

Overall, these results indicate that recent learnable metrics designed for
image captioning remain valuable for evaluating longer and more detailed
captions generated by MLLMs, demonstrating reliability despite variations
in length and style. However, reference-free metrics are generally prefer-
able, as they more effectively distinguish high-quality captions and exhibit

greater robustness to variations in length.

182



Conclusions and Future Works

his thesis investigated the evolving landscape of vision-and-
language models through the lens of retrieval augmentation and
evaluation, focusing on how external knowledge, memory, and im-

proved evaluation strategies can enhance multimodal reasoning. Start-
ing from classical image captioning models and progressing toward mod-
ern multimodal large language models, the work examined how retrieval
mechanisms fundamentally change the way visual and linguistic informa-

tion are processed, generated, and evaluated.
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9.1 Future Directions and Open Problems

Despite progress in vision-and-language tasks, several challenges remain,

offering opportunities for future research.

Benchmark Evolution. Creating new benchmarks plays a fundamental role
in advancing vision-and-language research, both for the development of
Multimodal LLMs and for the design of reliable evaluation methodologies.
Traditional vision datasets mainly feature short captions similar to those in
COCO, creating a gap with the longer, more detailed outputs of modern
MLLMs. While recent efforts, like Polaris and Nebulag, incorporate captions
from standard models, they often maintain the concise style of COCO de-
scriptions. A valuable direction involve creating new benchmarks specifi-
cally designed to assess the quality of metrics on longer, richer captions
that better reflect the MLLM outputs, addressing challenges like synonymes,
paraphrases, and domain-specific terms. This need extends beyond cap-
tioning evaluation to retrieval-augmented and knowledge-intensive tasks:
benchmarks such as Encyclopedic-VQA and InfoSeek could be further en-
hanced to more thoroughly stress-test retrieval quality, evidence selection,

and the integration of retrieved information into generation.

Hallucinations. Hallucination represents a critical challenge not only in
image captioning but also in multimodal large language models more
broadly. As MLLMs gain the ability to produce longer, more detailed, and
more expressive descriptions, the risk of hallucinating unsupported or incor-
rect content increases substantially. These hallucinations often go beyond
simple object-level errors and instead manifest as distorted relationships,
incorrect attributes, or entirely fabricated entities and actions. Address-
ing this issue requires progress along two complementary directions. On
the one hand, future research should focus on mitigating hallucinations at

the model level, for instance through improved grounding, retrieval-aware
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generation, or stronger reasoning constraints. On the other hand, there is a
pressing need for evaluation metrics capable of reliably detecting halluci-
nations in complex multimodal outputs. While existing benchmarks such as
FOIL target relatively simple hallucination patterns, more diverse datasets
and evaluation protocols are needed to assess higher-order semantic er-
rors and to challenge metrics on subtle, knowledge-based inconsistencies

characteristic of MLLM-generated captions.

Personalization. Personalization remains an important and largely under-
explored challenge for both multimodal large language models and their
evaluation. Modern Multimodal LLMs have demonstrated impressive per-
formance in generic visual understanding and question answering tasks.
However, they remain fundamentally limited when queries depend on user-
specific concepts and external or private knowledge. Addressing person-
alization represents an open challenge for multimodal systems. Moreover,
current evaluation metrics rely on reference captions or image-caption
alignment, but they fail to accommodate the diversity of user preferences
or task-specific requirements. Future research should focus on the devel-
opment of personalized evaluation metrics, that can let users prioritize fac-
tors such as detail, brevity, stylistic preferences, or domain relevance. By
incorporating these custom priorities, evaluation can become more adapt-

able and meaningful across a variety of applications and user needs.

Explainability in Metrics. Most evaluation metrics generate scores without
offering insights into the rationale behind their assessments, limiting their
usefulness for improving captioning models. A few metrics, such as CLAIR,
have advanced in this area by leveraging the interpretative capabilities of
LLMs to offer explanations alongside scores. Building upon these advance-
ments, future research should focus on further enhancing explainability,
facilitating a deeper understanding of the strengths and weaknesses of

evaluation models.
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911 Summary of Contributions

A first major contribution of this thesis is a systematic analysis of retrieval-
augmented architectures for image captioning. By exploring both external
retrieval and internal memory mechanisms, the proposed models demon-
strate how access to past examples and retrieved knowledge can signif-
icantly improve caption quality, semantic richness, and generalization to
novel concepts. The introduction of retrieval-augmented and memory-
augmented Transformers highlights how external information can be ef-
fectively integrated into attention-based architectures, yielding consistent
gains over strong baselines.

Building on these foundations, the thesis extended retrieval augmen-
tation to multimodal large language models, addressing knowledge-
intensive Visual Question Answering scenarios. Through the design and
evaluation of hierarchical and reasoning-augmented retrieval pipelines,
this work showed that retrieval quality plays a decisive role in downstream
performance. In particular, the proposed approaches demonstrate that
off-the-shelf MLLMs, when paired with carefully designed retrieval and fil-
tering strategies, can achieve competitive or state-of-the-art results with-
out task-specific fine-tuning, even at large scale and under challenging
benchmark conditions.

A further central theme of this thesis concerns evaluation. As caption-
ing models and MLLMs generate increasingly complex and diverse outputs,
traditional evaluation metrics become insufficient to fully capture improve-
ments in grounding, factual correctness, and semantic coherence. To ad-
dress this, the thesis presented a comprehensive taxonomy of captioning
evaluation metrics and introduced learnable, visually grounded metrics
based on positive-augmented contrastive learning. The proposed PAC-S
and PAC-S++ metrics demonstrate stronger correlation with human judg-

ments, improved robustness to stylistic variation, and sensitivity to object
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hallucinations. Moreover, the use of learned metrics as training objectives
was shown to effectively guide reinforcement learning—based fine-tuning,
further closing the gap between evaluation and generation.

Overall, this work underscores the importance of treating retrieval and
evaluation as first-class components in modern vision-and-language sys-
tems. Retrieval augmentation emerges not merely as an auxiliary mecha-
nism, but as a key enabler for scalable, knowledge-aware, and reasoning-
capable multimodal models. At the same time, the evolution of generation
capabilities necessitates a corresponding evolution in evaluation method-

ologies, particularly in the era of multimodal large language models.

Closing Remarks. By jointly advancing retrieval strategies, model architec-
tures, and evaluation methodologies, this work contributes toward a more
holistic view of vision-and-language systems, where generation, knowl-
edge access, and evaluation are tightly interconnected. Looking forward,
continued progress in this area will require integrated solutions that com-
bine effective retrieval, reliable reasoning, and adaptive evaluation, ulti-
mately enabling multimodal models that are not only more powerful, but

also more trustworthy and better suited to real-world applications.
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