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Transporting Task Vectors across Different Architectures without Training

Filippo Rinaldi! Aniello Panariello '

Abstract

Adapting large pre-trained models to downstream
tasks often produces task-specific parameter up-
dates that are expensive to relearn for every model
variant. While recent work has shown that such
updates can be transferred between models with
identical architectures, transferring them across
models of different widths remains unexplored.
In this work, we introduce THESEUS, a training-
free method for transporting task updates across
heterogeneous-width models. Rather than match-
ing parameters, we characterize a task update
by the functional effect it induces on interme-
diate representations. We formalize task-vector
transport as a functional matching problem on ob-
served activations and show that, after aligning
representation spaces via orthogonal Procrustes
analysis, it admits a stable closed-form solu-
tion that preserves the geometry of the update.
We evaluate THESEUS on vision and language
models across different widths, showing consis-
tent improvements over baselines without addi-
tional training or backpropagation. Our results
show that task updates can be meaningfully trans-
ferred across architectures when task identity is
defined functionally rather than parametrically.
Code is available at https://github.com/
apanariello4/merge—and-rebase.

1. Introduction

Large pre-trained models have become a cornerstone of
modern machine learning, demonstrating remarkable per-
formance across a wide range of tasks in computer vision
(Dosovitskiy et al., 2021; He et al., 2022) and natural lan-
guage processing (Brown et al., 2020; Chowdhery et al.,
2023). A key factor contributing to their success is the
ability to adapt these pre-trained models to downstream
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Figure 1. Task-vector transport via orthogonal alignment. Pro-
crustes rotations identify shared structure between representation
spaces, enabling training-free transfer of task updates across mod-
els with mismatched dimensions.

tasks through fine-tuning or other lightweight techniques
(Houlsby et al., 2019; Liu et al., 2022). At the same time,
practitioners often maintain families of models that share
architectural similarities but differ in size, training data, or
other characteristics, raising a natural question: can a task-
specific update learned by one model be transferred directly
to a different one without retraining?

Existing work on model transfer and rebasin has primar-
ily focused on transferring knowledge between models of
the same architecture and number of parameters (Ainsworth
etal., 2023; Rinaldi et al., 2025). When models differ in size,
however, the challenge becomes more pronounced due to
the mismatch in parameter dimensions and representations.
Previous approaches to this problem have relied on tech-
niques such as knowledge distillation (Hinton et al., 2015)
or fine-tuning smaller models initialized from larger ones
(Turc et al., 2019; Chen et al., 2022) or vice versa (Chen
et al., 2015). However, these methods usually require addi-
tional training and do not directly transfer the task-specific
update itself.
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In this work, we introduce a novel task-vector transport
framework for transferring task-specific parameter updates
between models of different sizes (Fig. 1). Rather than
operating in parameter space, our approach focuses on how
task updates modify intermediate representations, enabling
transfer across models with mismatched widths or identical
architectures.

Despite the apparent simplicity of transferring an update
between two layers, this problem is fundamentally ill-posed
when models differ in width. A task update learned in
one model acts on a representation space whose geometry,
dimensionality, and basis are generally incompatible with
those of another model. Thus, directly resizing or projecting
parameters does not preserve the functional effect of the
update on the model’s activations. Any meaningful transfer
must therefore account for how task-specific updates interact
with the internal representations induced by each model.

We address this challenge by formulating task-vector trans-
port as a functional matching problem on observed activa-
tions. We characterize a task update by the bilinear form
it induces between input and output activations of a layer,
and seek a corresponding update in the target model that re-
produces this effect. Since this problem is underdetermined
across mismatched representation spaces, we resolve the
ambiguity by aligning the representation spaces of the two
models using orthogonal Procrustes analysis. This approach
identifies shared subspaces that preserve norms and angles,
yielding a closed-form, training-free transport rule.

At a conceptual level, this perspective resembles the classi-
cal Ship of Theseus (Hobbes, 1656). As model architectures
evolve in width, depth, or pre-training data, their parameters
may share no direct correspondence, yet we may still ask
whether a task-specific update remains the same when trans-
ferred across models. We argue that task identity should be
defined by functional behavior rather than parameter values.
THESEUS embodies this view by transporting task updates
in a way that preserves their effect on representations. In
this work, we focus primarily on transport across heteroge-
neous Transformer variants differing in width, depth, and
pre-training distributions. In summary, our contributions are
threefold:

* We formulate task-vector transport across heteroge-
neous models as a functional matching problem based
on the effect of task updates on layer activations.

* We introduce a Procrustes-based alignment that en-
dows the transport problem with a principled geometric
structure and a closed-form transport rule.

* We show that THESEUS enables effective transfer
of task-specific updates across models with different
widths and pre-training distributions, outperforming
vision and language baselines.

2. Related Work

Task updates and parameter-space transfer. Recent
works have explored treating task-specific fine-tuning up-
dates as first-class objects that can be manipulated, trans-
ferred, or composed in parameter space (Ilharco et al., 2023;
Marczak et al., 2025; Yadav et al., 2023; Panariello et al.,
2025a; Porrello et al., 2026). Rebasin methods exploit sym-
metries in neural networks to align weights across inde-
pendently trained models with identical architectures, en-
abling interpolation or update transfer (Ainsworth et al.,
2023; Singh & Jaggi, 2020; Rinaldi et al., 2025). Related
work studies task arithmetic and model editing, where pa-
rameter differences encode task information that can be
combined (Ilharco et al., 2023; Wortsman et al., 2022a). Re-
cent advances have introduced more sophisticated alignment
strategies: Nasery et al. (2025) use permutations and least
squares to optimize neuron alignment, while Stoica et al.
(2024) enable the merging of models from distinct tasks by
“zipping” similar features across layers. For transformer-
based architectures, Imfeld et al. (2024) leverage optimal
transport to reconcile the permutation symmetries inherent
in attention blocks. However, these approaches rely on ar-
chitectural equivalence and matching parameter dimension-
ality. When models differ in width or internal representation
size, direct parameter alignment, padding, or projection no
longer preserves the functional effect of the update, mak-
ing the transfer problem ill-posed. Our work departs from
parameter-centric alignment and instead defines task iden-
tity through its induced functional effect on representations,
enabling transfer across models with mismatched widths.

Knowledge transfer and representation alignment. A
large body of work addresses transfer across heterogeneous
models using training-based techniques such as knowledge
distillation, teacher—student learning, or architecture-aware
transformations (Hinton et al., 2015; Turc et al., 2019;
Chen et al., 2015; Kangaslahti et al., 2026). While ef-
fective, these methods require additional optimization and
relearn the task in the target model rather than transport-
ing an existing update. Separately, representation align-
ment methods such as canonical correlation analysis and
orthogonal Procrustes have been widely used to compare
and translate neural representations across models, layers,
and training runs (Panariello et al., 2025b; Raghu et al.,
2017; Gargiulo et al., 2025; Williams et al., 2021). Re-
lated work has also explored transferring latent-space inter-
ventions and representation-space transformations across
models (Moschella et al., 2023; Maiorca et al., 2023). In
contrast, THESEUS uses aligned representations to derive
a closed-form transport rule for task-specific parameter up-
dates through a functional operator-matching objective, en-
abling transport across models with mismatched dimension-
alities. We provide a detailed empirical ablation comparing
THESEUS against feature translation methods in Sec. G.



Transporting Task Vectors across Different Architectures without Training

3. Method

Setting. Let 04 and 05 denote the parameters of the base
models A and B, which share a common Transformer-style
structure but may differ in width, depth, or pre-training. We
treat A as the source model and B as the target model. Let
¢ denote a linear or attention submodule (e.g., an MLP pro-
jection or an attention head projection). After fine-tuning
model A on a downstream task, we define the updated
weights of layer £ as 64 + 74 € Rdout.aXdina Qur goal
is to construct a corresponding update 7§ € Rout.5Xdin.5
for model B such that the function implemented by layer £
after applying the update 0% + 75 approximates the function
implemented by the updated layer in model A.

Given a set of N inputs we denote the input and output
activations of layer £ in models A and B as:

Hi(f,)A c RNxLAxdin,A, H(u)t L E RNV XL xdout, A
© (1)
H

£) Nx LB xdiy, NXLE xdgut,
Hi'p eR z, out,5 € R “F,
where L4 and L? are the sequence lengths of models A and
B, and din, 4, dout, 4, din, B, dout, B are the input and output
dimensions of the layer ¢ in models A and B respectively. In

the following, we drop the superscript ¢ to ease the notation.

Token Preprocessing. To align the input activations of
the two models, we first ensure that they have the same
sequence length. If L#* < LB, we interpolate the sequence
length of model A to match L using bilinear interpolation.
We then flatten the first two dimensions of the input acti-
vations; let M = N x LZ be the total number of tokens
after interpolation. The input activations can then be repre-
sented as Hy, 4 € RM*dn.a and H;, p € RM*dinz_ and
similarly for the output activations. We evaluate different
sequence alignment strategies in Sec. E.1.

Objective. We recast task-vector transport as the prob-
lem of preserving the functional effect of a task update on
observed activations. Consider a linear layer whose output
activations are given by Hy,t = H;,0T, where 6 denotes
the layer weight matrix of the base model. Applying a
task update 74 to model A induces a change in the output
activations

AHout,a = Hin a7y - )

This expression characterizes how the update modifies the
layer outputs for the given inputs. Rather than matching
AHy, 4 pointwise, we characterize the update by how
it couples input and output activations across the dataset.
Specifically, we define the matrix

Ga = AHou aHgy 4 € RMM, 3)

which aggregates the interaction between input activations,
the task update, and the pre-update output representations.

Algorithm 1 Training-free Task-Vector Transport

Require: Source weights 6 4, Hff’, target weights 0, cali-

bration dataset D, scaling «, sequence lengths L4, LE.

1: for eachlayer! € {1,...,L} do
Compute source task vector: 74 + 641" — 6,
Collect { H;p, 1, Outah}he{A,B} from D
if L4 # L7 then interpolate min{L*, L7}
Compute cross-covariances:
Cin <~ HJL,AHimBz Cout — H;l;t,AHout,B

6:  Compute SVD: > Eq. (6)
Cin - U E me’ Couf - oufzouf‘/o—;t

7:  Solve orthogonal Procrustes problems: > Eq. (7)
Tin < Ui Vi, Tout < Uout Vs

8: Compute transported update: > Eq. (10)

TB — ToutTATT
9: end for
10: Return 0 + a1p

For any pair of tokens (3, j), the entry (G 4),; measures how
the update-induced change at token ¢ aligns w1th the original
output representation at token j. G4 defines a bilinear
form over token representations that captures the global
functional signature of the task update on the observed data.

Thus, we seek an update 75 for model B whose induced
bilinear form matches that of 74:
TT 2
mln HHm AT, HoutA Hin,BTBHout,BHF . @
Matching these bilinear forms ensures that 75 reproduces

the same input-output interaction structure as 74, even when
the two models operate in different representation spaces.

While Eq. (4) provides a principled formulation of task-
vector transport, it admits many solutions when the repre-
sentation spaces of the two models are mismatched or only
partially observed. In particular, unconstrained least-squares
alignment becomes underdetermined whenever the sampled
activations are rank-deficient, allowing solutions that arbi-
trarily amplify poorly conditioned directions. Rather than
resolving this ambiguity through direct matrix inversion,
we impose orthogonality constraints on the alignment maps.
This removes scaling ambiguities, regularizes the transport
problem, and preserves the norm and geometry of the trans-
ported update. Sec. B provides the full derivation showing
how the constrained problem reduces to a trace maximiza-
tion solved in closed form by orthogonal Procrustes.

Geometric Alignment via Procrustes. We therefore align
the representation spaces of the two models through or-
thonormal embeddings. Concretely, we seek orthogonal
alignment maps that identify the maximally aligned shared
subspaces while preventing arbitrary rescaling of poorly con-
ditioned directions. This alignment is obtained by solving
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two orthogonal Procrustes problems:

in,A?

min [|Hin AT — Hin sl st Tl = Lo

ToutTT

min HHout,ATout - Hout,B||2F S.t. out

out

:Id

out, A"

(&)
Here T}, € Rénaxdinbs gnd T, . € Reout,aXdout,B gre
rectangular matrices with orthonormal rows. They de-
fine orthogonal alignments between the dominant shared
subspaces of the two models, while accommodating mis-
matched widths without requiring a bijective feature cor-
respondence. Both admit closed-form solutions via Singu-
lar Value Decomposition (SVD) of the cross-covariances
Cin = H‘E’AHin,B7 and Coyy = HTut’AHout,B:

1 [9)

C'in = Uinzin VT

m >’

CVout = UoutEoutVOTlm (6)
yielding
Tio = UinVins  Tout = Uout Vo @)

The resulting embeddings minimize the discrepancy be-
tween aligned activations in a least-squares sense. Conse-
quently, the activations of model B can be approximated
through aligned representations of model A:

Hinq,B ~ Hin7AT‘in7 Hout,B ~ Hout7ATout~ (8)

When the target dimensionality exceeds the source dimen-
sionality, the transport acts as a norm-preserving embedding
into a higher-dimensional aligned subspace. Conversely,
when the target dimensionality is smaller, it reduces to a pro-
jection onto the maximally aligned shared subspace. Thus,
the approximation in Eq. (8) reflects the fact that transport is
restricted to the shared aligned components of the two repre-
sentation spaces. Substituting these aligned representations
into Eq. (4), we obtain the following surrogate objective:

2
: TT T T
min || Hin,a74 Hoe = (Hin ATo) 7 (HousaTout) |
B

which can be rewritten as

2 T TT
t7A||F, Ei=74 —TintgT - 9)

min || Hin, 4 B H,,
This formulation restricts transport to the aligned shared sub-
spaces identified by Procrustes. Under this aligned-subspace
approximation, the transport objective is minimized when
the residual term vanishes, i.e., E' = 0, yielding the closed-
form transport rule

78 = TowTa Ty (10)

Thus, the transported update 75 is obtained by orthogonally
transporting the source update 74 into the target representa-
tion space while preserving its dominant functional effect
under the aligned-subspace approximation. A full derivation
is provided in Sec. A. We summarize the complete pipeline
in Algorithm 1.

3.1. Properties and Scope

THESEUS Preserves the Norm. A key property of the
transport rule in Eq. (10) is that it preserves the Frobenius
norm of the task update:

I78llF = |TowraTi lr = lI7allF, (1)

since Ty, and 7,4 have orthonormal rows. This norm preser-
vation ensures that the magnitude of the update remains
consistent across models, preventing unintended scaling
effects and preserving the relative strength of the task up-
date across architectures. Beyond preserving the update
magnitude, orthogonality also stabilizes the transport prob-
lem. Indeed, in unconstrained least-squares formulations,
rank-deficient activation covariances admit infinitely many
equivalent solutions that can arbitrarily amplify poorly con-
ditioned directions. By restricting the transport maps to
orthogonal transformations, we remove these scaling ambi-
guities while preserving the norm and relative geometry of
the update within the aligned subspace.

On the Generalization of THESEUS. While we present
the method assuming model A has lower-dimensional rep-
resentations than model B, the formulation is symmetric.
In practice, task-vector transport can be applied in either
direction by swapping the roles of the two models. More-
over, when the two models have representations of equal
dimensionality, the Procrustes mappings reduce to square
orthogonal transformations, and the same transport rule
applies without modification. We empirically study both
settings in Sec. 4.

Extension to Different Depths. Our formulation assumes
that the two models have the same number of layers; how-
ever, it can be extended to different depths by combining
THESEUS with a separate layer-matching or interpolation
strategy. We provide preliminary results on this extension
in Sec. 4.4, leaving a detailed exploration to future work.

4. Experiments

We evaluate the efficacy of our transport method across di-
verse vision and language benchmarks. Our experimental
evaluation is organized around three questions. First, we
assess our training-free functional matching approach when
transporting updates between models of different widths.
Second, we evaluate transfer across different pre-training
distributions for models with identical architectures, en-
abling direct comparison with prior rebasin methods. Fi-
nally, we move beyond the core assumptions of our frame-
work and evaluate a challenging regime in which both depth
and width differ (e.g., ViT-B — ViT-L), showing that THE-
SEUS enables transport across different widths and depths.
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Table 1. Width Scaling (Narrow — Wide). Task-vector transport from a ViT-B/16 model pre-trained on LATON-2B (A) to the wider
ViT-B/16+ model pre-trained on LAION—-400M (B). Results are reported for different numbers of alignment batches B used to estimate
the Procrustes maps. AAcc denotes the accuracy improvement over the zero-shot baseline of model B. THESEUS represents 6 + T5.

Model B EUROSAT SVHN GTSRB RESISC45 DTD CARS MNIST SUN397 AVG (AAcc)
0 zero-shot - 50.92 3923 49.63 64.53 5548 84.53  57.06 68.67  58.76 (+0.00)
05 fine-tune - 98.96 91.08  98.63 92.59 7781  87.65  99.63 76.76  90.39 (:31.63)
0.4 fine-tune - 98.69 97.45  98.64 95.65 8224 9153 9961 79.86  92.96 (+34.20)
O + 7% - 48.82 38.17 4845 65.14 5494 8452 5852 69.46  58.50 (-026)
0 + rindom - 50.63 3896  49.65 65.65 55.58 84.56  57.39 69.60  59.00 (+024)
05 + Tpiny 1 14.29 1454  31.66 54.73 4894 69.61 4049 64.79 4238 (-1639)
05 + Toiny-Tikh 1 47.83 3824 5023 63.55 56.12 8229  54.68 68.49  57.68 (108
Op + rimdom—B | 51.53 39.49  49.79 65.44 5553 8431 5733 69.61 59.13 (+037)
THESEUS 1 60.41 56.80  56.62 66.98 5723  84.62  64.49 69.60  64.59 (+553)
05 + Toiny 2 4434 4192 48.19 64.22 5643 7759  20.44 68.88 5225 (651
0B + Tpiny-Tikn 2 53.04 4623 5011 64.52 57.18 81.83  55.13 68.76  59.60 (+0s4)
Op + rimdom=B 50.96 3941 4975 65.60 5548 8441  56.62 69.51 58.97 (1021
THESEUS 2 64.03 5930  59.55 68.12 57.86 84.89  68.97 70.12  66.60 (+7.34)
05 + Thiny 5 5225 4482 50.12 64.24 5692 8251  27.72 69.85  56.80 (19
05 + Toiny-Tikh 5 54.51 46.16 5034 65.53 5793 8212 5697 68.76  60.29 (+153
Op + rfmdom=B 5 50.79 3924 49.69 65.54 5537 8426  56.92 69.55  58.92 0.6
THESEUS 5 63.59 59.61  60.46 68.40 5883 8485  67.01 7035  66.64 (+7.58)
THESEUS 10 65.91 6159  61.23 68.73 59.52 8493  74.46 7042 68.35 (+9.59)
THESEUS 20 67.01 62.52 61.01 69.27 60.48 85.04 76.66 70.65 69.08 (+10.32)
THESEUS 50 67.13 6429  59.46 70.01 6128 85.19  77.23 7128  69.48 +10.72)

4.1. Experimental Setting

Task-specific updates are obtained by fine-tuning a source
model on a downstream task and are transported to a target
model without additional optimization. THESEUS is applied
to all Transformer linear submodules, including attention
projections and MLP layers, while positional and patch em-
beddings are excluded. Alignment operations are performed
using frozen models and require only forward passes. Full
implementation details are provided in Sec. C.

Activation Collection. Procrustes maps (7}, and Tyt)
are estimated independently for each layer using activa-
tions collected from calibration batches. For vision models,
all spatial tokens are retained after sequence interpolation,
while for language models we use the full token sequence.
A naive computation would require storing the full activa-
tion tensors Hi, 4, Hin B, Hout, A, Hout,B, €ach of shape
RM>d in memory. Under this approach, the memory foot-
print would grow as the total token count M increases with
every additional calibration batch. Instead, we compute
activation statistics incrementally by aggregating the cross-

covariance matrices Cy, = H,| , Hi, p € R¥naxdin.z and
Couy = H;t,AHout,B € Rdout,aXdou,B across batches,

keeping the memory footprint bounded by the models’ in-
ternal feature dimensions.

This implementation decouples the memory requirements
from the number of calibration tokens M, allowing the
alignment process to scale to large calibration sets. The
resulting covariance estimates are then used to compute the
orthogonal Procrustes alignments via SVD. Further details
and complexity analysis are provided in Sec. D.

Few-shot protocol. We evaluate our method using a B-shot
protocol, where B € {1,2,5, 10,20} denotes the number of
sampled batches, each with a fixed batch size of 32, used to
characterize the representation spaces of models A and B.
For each value of B, we sample training batches uniformly at
random to construct the support set required for Procrustes
alignment (Eq. (5)). Additionally, to maintain consistency
with existing literature, we also report results under a stan-
dard KC-shot evaluation protocol with K € {1, 2,5, 10,20}
examples per class.

Update Scaling. Following standard practice in the task-
vector and model editing literature (Ilharco et al., 2023;
Gargiulo et al., 2025; Marczak et al., 2025; Yadav et al.,
2023; Rinaldi et al., 2025; Wortsman et al., 2022b), we
integrate the transported update into the base model through
a scalar interpolation «, chosen via a validation set, applied
as 6 + ar. All reported results correspond to the value of «
that achieves the best performance in a linear search.
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4.2. Transfer across Mismatched Widths

Vision. We evaluate task-vector transport across models of
differing widths in a vision setting. Specifically, we trans-
port task updates 74 learned by a CLIP ViT-B/16 model
pre-trained on LATION-2B to the wider ViT-B/16+ vari-
ant from OpenCLIP (Cherti et al., 2023), pre-trained on
LAION-400M. We also evaluate reverse transport from the
wider model to a smaller ViT-B/16 target (B — A). In this
reverse setting, the target model is a ViT-B/16 pre-trained
on the stronger Dat aComp—XL dataset. We evaluate on the
8-Vision benchmark (Ilharco et al., 2023); more details are
provided in Sec. F.1.

Baselines.  For width upscaling transfer, we compare
our method against several baselines in Tab. 1. We report
the zero-shot performance of the target model B as a lower
bound and fully fine-tuned models A and B as upper bounds.
As naive baselines, we include: (i) zero-padding the source
update 74 to match the dimensionality of model B, and
(ii) adding a randomly initialized update to model B. Both
ignore representation alignment and test whether dimen-
sional compatibility alone preserves task behavior. We also
evaluate a pseudo-inverse transport baseline (7,iny), Which
solves Eq. (4) using the Moore—Penrose pseudo-inverse of
the activation matrices, implemented through the truncated
SVD approximation in torch.linalg.pinv.

We further consider a Tikhonov-regularized variant
(Tpinv-Tikn). While regularization improves numerical sta-
bility, both methods lack explicit representation alignment.
Additional ablations are reported in Sec. G. Finally, we in-
clude a randomized alignment baseline (T;f“dom_’B ), where
a random update is transported through the learned Pro-
crustes maps.

Results. As shown in Tab. 1, THESEUS consistently
improves over the zero-shot baseline for forward trans-
fer (A — B) across all B-shot regimes, without requiring
gradient-based updates on the target model. While a gap
to supervised fine-tuning remains, the method recovers a
substantial fraction of the achievable gains, particularly in
low-shot settings. Additional results for the K-shot protocol
and reverse transport (B — A) are reported in Sec. E.2,
where we observe similar trends.

In the reverse setting, the target model A is pre-trained
on DataComp-XL, yielding a stronger zero-shot baseline.
Nevertheless, THESEUS consistently improves performance
even in this high-accuracy regime, showing that transported
updates can inject task-specific knowledge into already
strong base models. In both transfer directions, the pro-
posed alignment is substantially more stable than direct
matrix-inversion approaches, whose pseudo-inverse vari-
ants deteriorate in low-shot regimes due to rank-deficient
activation matrices.

Table 2. Linear-probing performance with and without the trans-
ported task vector. Source: T5-3B (A), target: T5-Large (B).
THESEUS represents 0 + 75.

Encoder B MNLI QNLI RTE SCITAIL SNLI AVG (AAcc)
04 fine-tune  All  89.88 9578 87.73 9245  90.45 91.26 »

0p fine-une All  86.34 92.14 8123 91.12  88.75 87.92 ()

04 20 66.84 80.85 71.84 69.40 4506 66.80 (+839)
Op 20 64.87 66.61 64.62 4985 4342 57.87 (+0.00)
THESEUS 20 78.67 86.09 74.00 84.74  76.04 79.91 (+22.04)
04 50 7491 8243 74.01 68.67  72.61 74.53 (225
0p 50 7858 81.79 76.17 7515 7220 76.78 (+0.00)
THESEUS 50 81.81 89.10 80.90 8330  80.30 84.08 (+7.30
04 100 80.14 90.59 7942  82.06  80.78  82.60 (+0.69
Op 100 81.04 8455 8159 8236  80.02 81.91 +0.00
THESEUS 100 83.60 90.70 83.80 89.00 82.10 85.84 (+3.93)

Language. To assess whether task-vector transport gener-
alizes beyond vision models, we evaluate THESEUS in a lan-
guage setting using an encoder—decoder Transformer (Raffel
et al., 2020). We consider T5-3B as the source model A
and T5-Large as the target model B. Both models are
treated as text encoders () followed by task-specific classi-
fication heads (w). Our protocol is designed to isolate the
effect of the transported encoder representations. We first
fine-tune model A on each downstream task, computing a
task-specific encoder update 74 for 6 4. We then transport
this encoder update to model B using THESEUS , yielding
the updated encoder 5 + 7.

To evaluate the quality of the learned representations, we
adopt a linear probing protocol (Alain & Bengio, 2017).
In all experiments, encoder parameters are kept strictly
frozen, and a newly initialized linear classification head
is trained from scratch. We consider three fixed encoders:
the source encoder 6 4, the target encoder 65, and the tar-
get encoder augmented with the transported task update,
0B + 7B (THESEUS ). All heads are trained under identical
optimization settings, ensuring that performance differences
reflect solely the quality of the underlying representations
rather than any additional encoder fine-tuning.

We evaluate this setup on five closed-vocabulary natural
language inference tasks from the GLUE benchmark (Wang
et al., 2018). We vary the number of batches B used to esti-
mate the Procrustes maps and to train the classifier, using
the same data budget for all methods. A detailed description
of datasets and preprocessing is provided in Sec. F.2. This
evaluation protocol allows us to directly measure how much
task-relevant structure is transferred by THESEUS into the
representation space of the target encoder, without inter-
ference from further encoder fine-tuning. By constraining
adaptation to a linear classifier, we test whether the trans-
ported update reorganizes the target representation space in
a task-aware manner.



Transporting Task Vectors across Different Architectures without Training

Table 3. 1dentical Architecture Transfer. We report task-vector transport accuracies between ViT-B/16 models with identical architectures
but different pre-training distributions (A: DataComp-XL — B: LAION-2B). Results are reported for varying support set sizes /K used
for alignment or optimization. AAcc denotes the average accuracy improvement over the zero-shot baseline of model B. The No Grad.
column indicates whether the method requires gradients. THESEUS represents 0p + 75.

Model K NoGrad. EUROSAT SVHN GTSRB RESISC45 DTD CARS MNIST SUN397 AVG (AAcc)
0p zero-shot  — 4 49.41 50.58 48.29 67.98 5596  84.50 57.10 68.70 60.31 (+0.00)
0p fine-tune  — X 98.70 97.45 98.65 95.66 83.19 88.10 99.60 77.20 92.32 (+32.01)
O+ Ta - 4 49.58 50.84 49.31 67.87 56.27  84.60 57.40 68.90 60.60 (+0.28)
TransFusion — — 4 50.12 67.99 50.24 53.26 56.70  84.96 59.26 69.12 61.46 (+1.14)
GradFix 1 X 61.94 71.07 60.88 70.05 58.32  87.95 86.39 72.67 71.16 (+10.84)
THESEUS 1 4 58.64 71.38 60.30 71.95 59.79  88.89 87.17 73.08 71.40 (+11.09)
+ GradFix 1 X 62.09 73.04 64.13 70.66 58.62 87.92 88.15 72.93 72.19 (+11.88)
GradFix 2 X 65.07 70.19 64.33 71.42 58.51 87.15 88.38 72.92 72.25 (+11.93)
THESEUS 2 4 65.49 75.66 62.67 72.38 60.48  88.85 91.56 73.02 73.76 (+13.45)
+ GradFix 2 X 67.73 75.53 66.51 72.49 60.21  87.18 90.67 73.14 74.18 (+13.87)
GradFix 5 X 66.05 73.59 66.61 71.57 60.02  86.82 89.06 72.97 73.34 +13.02)
THESEUS 5 4 66.12 72.09 61.82 73.33 61.48 88.80 93.03 73.19 73.73 (+13.42)
+ GradFix 5 X 69.48 74.72 68.48 72.55 61.22 87.01 90.16 73.16 74.60 (+14.28)
GradFix 10 X 66.59 74.82 66.02 72.05 60.18  86.64 89.67 73.18 73.64 (+1333)
THESEUS 10 v 65.21 73.95 63.46 74.09 6229  88.83 92.48 73.21 74.19 (+13.88)
+ GradFix 10 X 67.63 76.92 68.11 72.62 61.44  86.29 90.68 73.33 74.63 (+14.31)
GradFix 20 X 67.05 74.11 66.42 72.29 60.92  85.99 89.63 73.06 73.68 (+1337)
THESEUS 20 v 68.42 74.82 65.73 74.16 63.77  88.92 94.62 73.33 75.47 (+15.16)
+ GradFix 20 X 66.76 75.08 68.40 73.54 61.48 85.85 90.60 73.19 74.36 (+14.05)

As shown in Tab. 2, transporting the encoder update from
T5-3Bto T5-Large consistently improves linear probing
performance across all evaluated tasks and data regimes.
While a gap relative to fully fine-tuned models remains,
THESEUS recovers a substantial fraction of the task-specific
signal using only forward passes and closed-form align-
ment. Performance improves monotonically as the number
of alignment batches B increases, indicating that richer ac-
tivation statistics lead to more accurate alignment of the
linguistic representation spaces.

Notably, the gains are obtained while keeping the target
encoder completely frozen, suggesting that the transported
task vector reorganizes the target representation space in
a task-aware manner rather than merely transferring super-
ficial classifier-level statistics. These results demonstrate
that functional task-vector transport extends beyond vision
models and applies effectively to encoder—decoder language
architectures despite their additional structural complexity.

To evaluate THESEUS on a non-classification task, we
transport a summarization task update from Flan-T5 to
T5-v1.1. Using the ROUGE-L (Lin, 2004) metric, we
observe a 36.5% relative improvement over the zero-shot
target model, demonstrating that our activation-alignment
mechanism extends beyond classification to a generative
language task. Additional details are reported in Sec. E.3.

4.3. Transfer on Identical Architectures

We further evaluate THESEUS in a controlled setting where
models share an identical ViT-B/16 architecture but dif-
fer only in their pre-training distributions, mirroring the
protocol from Rinaldi et al. (2026). Specifically, we
transport task updates from a source model A pre-trained
on DataComp-XL to a target model B pre-trained on
LAION-2B. This configuration enables a direct compar-
ison with TransFusion (Rinaldi et al., 2025) and GradFix.
Following prior work, we adopt a standard /C-shot protocol,
where IC denotes the number of examples per class used for
alignment or optimization.

Results in Tab. 3 show that our method consistently out-
performs TransFusion across all shot regimes and remains
highly competitive with GradFix under the same condi-
tions. While GradFix relies on repeated backward passes
and iterative optimization, THESEUS achieves compara-
ble or superior performance using only forward activations
and a closed-form transport rule. Moreover, performance
scales favorably with increasing supervision, matching or
exceeding GradFix in higher-shot regimes. These results
show that functional matching via orthogonal alignment pro-
vides an effective alternative to gradient-based task-vector
transport even when models share the same architecture,
demonstrating that the proposed formulation is not limited
to heterogeneous-width settings.
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Table 4. Depth and Width Scaling. Task-vector transport from a ViT-B/16 model to a ViT-L/14 model, both pre-trained on
DataComp-XL. This setting involves simultaneous depth and width mismatches and uses a naive layer-interpolation heuristic to
align Transformer depth before transport. Results are reported for B = 10 alignment batches. AAcc denotes the average accuracy
improvement over the zero-shot baseline of model B. THESEUS represents 0p + 75.

Model B EUROSAT SVHN GTSRB RESISC45 DTD CARS MNIST SUN397 AVG (AAcc)
0 4 interpolated — — 16.04 18.37 6.44 4.78 3.99 0.72 16.58 1.07 8.50 (-65.13)
0 zero-shot - 68.40 67.44 58.96 71.27 66.831  93.01 86.84 76.34 73.63 (+0.00)
0 4 fine-tune - 98.66 97.70 98.77 95.40 83.29 9243 99.64 79.91 93.23 (+19.60)
0 fine-tune - 99.00 98.22 98.42 96.73 86.88 9480  99.76 82.94 94.59 (+20.96)
THESEUS 10 76.78 78.34 73.59 75.02 7271 93.10 95.18 77.16 80.24 (+6.61)
4.4. Transf Depth and Width S N s T e . Krean
.4. Transfer across Depth an idt Z o ‘{6,2.\.-0-0-0-0-...,. o gé_:..-o-o-..O-o..,. o gﬁ‘:..-o-o-o.o-o..,.
(9}
We finally assess structural generalization by transporting s “A\A a5 a A us hY
task updates between models that differ in both depth and g 30 ‘A\A\A 30 > A, 30 | X GfadFix
width. Specifically, we transfer updates from a ViT-B/16 ;,15 LS s gy s =@- TheSag
source model A to a ViT-L/14 target model B, both pre- < 0 1 a 2 3 0 1 a 2 30 1 a 2 3

trained on Dat aComp—XL. This setting is particularly chal-
lenging since it requires reconciling mismatches in both
representation dimensionality and transformer depth.

To extend THESEUS beyond equal-depth settings, we adopt
a simple interpolation-based heuristic to induce a coarse
layer correspondence. Starting from a ViT-B model with 12
transformer blocks, we construct a depth-expanded model
by inserting one additional block after each original block,
yielding a 24-layer architecture compatible with ViT-L.
Each inserted block B is obtained by linearly interpolat-
ing the parameters of adjacent blocks, 05, = 0.50p, +
0.50p, 41> while the final inserted block is a copy of the
last transformer block. The interpolation is applied to all
transformer parameters, including LayerNorms, attention
projections, MLP layers, and LayerScale coefficients. The
same interpolation procedure is applied independently to
both the base model A and its fine-tuned counterpart Af?,
and the enlarged task update is computed from the resulting
interpolated models. We then apply THESEUS to handle the
remaining width mismatch between the two architectures.

We emphasize that this depth alignment is heuristic and
intentionally naive. Indeed, interpolation is highly destruc-
tive: the source model drops to 8.50% zero-shot accuracy
and 17.88% fine-tuned accuracy after interpolation alone.
Consequently, interpolation does not preserve the source
predictor and serves only to induce a depth correspondence.

Nevertheless, as shown in Tab. 4, THESEUS still enables
effective task-vector transport on top of this degraded initial-
ization, consistently improving over the target ViT-L zero-
shot baseline. These results suggest that, despite severe
parameter-space distortion, sufficient layerwise structure
remains for activation-space alignment to recover transfer-
able task directions. A more principled treatment of depth
alignment remains an important direction for future work.

Figure 2. Robustness to update scaling (o). THESEUS exhibits
high stability across different fixed o values, whereas GradFix
experiences severe fluctuations in accuracy.

4.5. Sensitivity to Update Scaling

Standard task-vector transport and merging methods (Mar-
czak et al., 2025; Ilharco et al., 2023; Gargiulo et al., 2025;
Yadav et al., 2023; Rinaldi et al., 2026) typically rely on a
labeled validation set to select the optimal scalar interpo-
lation coefficient « for integrating the transported update,
applied as 6 + a7. While this avoids gradient-based op-
timization on the target model, the reliance on target-task
validation data partially relaxes the strict notion of training-
free transfer. To evaluate the robustness of THESEUS in
a genuinely label-free regime, we analyze its performance
across a sweep of « values, with particular interest in the
unscaled o = 1.0 setting, which eliminates the need for any
downstream validation search.

As depicted in Fig. 2, THESEUS remains robust to scaling
adjustments, maintaining a stable plateau of high accuracy
across a wide range of « values and support set sizes (K).
In contrast, gradient-based baselines such as GradFix ex-
hibit extreme sensitivity to this scaling coefficient, peaking
sharply at low « values before decaying precipitously. THE-
SEUS scores 71.21/73.32/73.33 for o = 1/1.5/2, while
GradFix drops from 54.54 to 44.64/36.12.

This stability highlights a theoretical advantage of our for-
mulation. By explicitly preserving the Frobenius norm and
the geometric structure of the original update during trans-
port (Eq. (11)), the unscaled vector (o« = 1.0) inherently
retains its calibrated functional effect. Consequently, THE-
SEUS is uniquely suited for strictly label-free deployments
where gradient-based alternatives suffer severe degradation.
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Figure 3. Early convergence during downstream fine-tuning.
Average validation loss and accuracy on 8-Vision for standard fine-
tuning from the baseline 6 g and from initialization with THESEUS .

4.6. THESEUS as Warm-Start for Fine-Tuning

Finally, we investigate whether THESEUS can improve
downstream fine-tuning efficiency by providing a strong
initialization for subsequent optimization. Specifically, we
use the transported task vector to initialize the target model
0 prior to standard supervised fine-tuning. Fig. 3 reports
the average loss and accuracy over eight vision classification
tasks during the first training steps, capturing the early con-
vergence before all models reach similar minima. Models
with THESEUS start with a better initialization, exhibiting
lower initial loss and higher accuracy than the standard
pre-trained baseline. This warm-start effect is particularly
evident in the convergence dynamics: the 10-batch align-
ment variant achieves after only 50 steps what the baseline
0 reaches after 150 steps.

Overall, these results indicate that THESEUS not only en-
ables effective zero-shot adaptation but also serves as a prac-
tical initialization strategy that reduces the computational
cost of supervised fine-tuning.

4.7. Activation Space Alignment Analysis

To evaluate the effectiveness of the alignment, we measure
the cosine similarity between intermediate activations from
model A (H 4) and model B (Hp) before and after applying
the transformation 7'. To ensure an out-of-sample evalua-
tion, the alignment maps are estimated using calibration
batches, while cosine similarity is measured on a disjoint
validation set.

As shown in Fig. 4, the pre-trained models and their mis-
matched widths initially produce poorly aligned representa-
tion spaces, resulting in low baseline similarity (“Pre”). Ap-
plying the Procrustes transformations to project the source
activations into the target representation space (“Post THE-
SEUS ”) improves the correspondence between activations.
On 8-Vision, THESEUS yields an average relative increase
in cosine similarity of +328%.

EUROSAT e +328% :
+341% @ Pre
SVHN{ ® +325% @ Post Theseus
GTSRB | ) -
+322%
RESISC4S5 1 (€] <@
+282%
DTD @ <@
+328%
CARS | e
+421%
MNIST A (€ <@
+291%
SUN397 e &
+328%
AVG - O <>
0.00 0.20 0.40 0.60 0.80 1.00
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Figure 4. Activation cosine similarity. Cosine similarity between
intermediate activations from the source and target models before
(Pre) and after Procrustes alignment (Post THESEUS ).

These results provide strong empirical support for our cen-
tral hypothesis: although the raw parameter spaces of hetero-
geneous models are not directly compatible, their represen-
tations remain organized around a shared latent functional
subspace. By identifying and aligning this subspace, THE-
SEUS establishes the geometric basis necessary for accurate
functional transport of task-specific updates.

5. Conclusions

In this work, we introduced THESEUS, a training-free frame-
work for transporting task-specific updates across heteroge-
neous pre-trained models. By formulating task-vector trans-
fer as a functional matching problem and conditioning it
through orthogonal Procrustes alignment, THESEUS yields a
simple closed-form transport rule that preserves the geomet-
ric structure of task updates while naturally accommodating
mismatches in representation dimensionality.

Across a wide range of experiments, we showed that THE-
SEUS enables transfer of task knowledge across models of
different widths, pre-training distributions, and architectural
depths. The method consistently outperforms naive base-
lines and direct pseudo-inverse approaches while remaining
competitive with gradient-based alternatives when the archi-
tectures match, despite requiring only forward passes.

We also showed that transported updates provide a strong
initialization for downstream fine-tuning, accelerating con-
vergence and improving adaptation efficiency. More broadly,
our results support a functional view of task identity, in
which task-specific knowledge is characterized by its effect
on representations. This suggests that task updates can re-
main transferable even across evolving architectures, widths,
and pre-training distributions, provided that their underlying
representation geometry is properly aligned. We believe this
perspective opens promising directions for modular model
adaptation, continual reuse of task updates, and scalable
transfer across increasingly heterogeneous models.
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Impact Statement

This work introduces THESEUS, a training-free approach for
transferring task-specific updates across pre-trained models
by matching their functional effect on internal representa-
tions. By enabling reuse of task adaptations without addi-
tional optimization, our method has the potential to reduce
computational costs, energy consumption, and environmen-
tal impact associated with repeatedly fine-tuning large mod-
els. This can facilitate more efficient deployment of machine
learning systems, especially in resource-constrained settings
or when adapting models across evolving architectures.

The proposed framework may also support more modular
and sustainable model development practices, allowing prac-
titioners to share and reuse task knowledge across model
variants without access to original training data. However, as
with any method that enables model adaptation, care should
be taken to ensure that transferred task updates do not propa-
gate unintended biases or harmful behaviors learned during
fine-tuning. Our method preserves functional behavior by
design, and thus inherits both the strengths and limitations
of the source task updates.

We do not foresee direct misuse scenarios unique to THE-
SEUS beyond those already present in standard fine-tuning
and model reuse pipelines. Nonetheless, responsible deploy-
ment should include appropriate evaluation and monitoring
when transferring task updates across domains or appli-
cations. We hope this work encourages further research
into efficient, transparent, and accountable mechanisms for
model adaptation.
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A. Closed-form Transport Rule

Starting from the surrogate objective introduced in the main
text,

min | Hina (73 = Trs Tow) Howall7r - (12)
define the residual operator
Ei=74 — Tumg Ty (13)
The objective can then be rewritten as
min || Hin o B Houg, 4|7 (14)

Under the aligned-subspace approximation induced by Pro-
crustes alignment, the transport objective is minimized when
the residual term vanishes, i.e.,

E=0. 15)
Substituting Eq. (13) gives
Tutp T = T4 - (16)

Multiplying by 7] on the left and T, on the right, and

using the row-orthonormality of the Procrustes maps, yields

75 = Tin7a Tout, a7
which gives the transport rule
75 = TowTa Ty (18)

This derivation shows that the transported update corre-
sponds to rotating the source task operator through the
aligned representation subspaces identified by orthogonal
Procrustes analysis.

B. Orthogonality, Pseudo-Inverse Transport,
and Alignment Objectives

B.1. Underdetermined Nature of Least-Squares
Alignment

A natural approach to solving the transport objective Eq. (4)
is to derive a least-squares solution directly from the ob-
served activations. Consider the alignment problem

min | HoT — Hp||%, (19)
where H,4 € RV*44 and Hp € RV*?5 denote sampled
activations from the source and target models.

When H 4 is rank-deficient, the problem admits infinitely
many equivalent minimizers. Indeed, if 7™ is a solution,
then for any perturbation A satisfying

HiA =0, (20)

13

we also have

HA(T* + A) = HsT". 1)

Thus, unconstrained least-squares alignment leaves null-
space directions unconstrained. These directions can arbi-
trarily amplify poorly conditioned modes without affecting
the reconstruction objective, leading to unstable transport
operators and severe norm distortion.

This ambiguity becomes particularly problematic when
transporting task updates across models with mismatched
widths, since the activation covariances are often low-rank
or only partially observed.

B.2. Orthogonal Procrustes as a Regularized Alignment
Objective

To regularize the alignment problem, THESEUS restricts
the transport maps to have orthonormal rows:

T =1. (22)

Expanding the Frobenius objective in Eq. (19),

|HAT — Hg||3 = tr((HaT — Hp) " (HAT — Hp))
=tr(T"HyHAT) — 2tr(T" H} Hp)
+tr(HL Hp).

Under the orthogonality constraint,

tr(TTHYHaT) = tr(HATT " H}J)
= tr(HaH,) = ||Hal %,

(23)
(24)

which is constant with respect to 7'. Therefore, the con-
strained problem reduces to

max tr(T'C),

T:TTT=I

C=H,Hg. (25)

Let

c=uxv’ (26)

be the singular value decomposition of the cross-covariance
matrix. The optimal orthogonal alignment is then given by

T =UV". (27)
Therefore, orthogonal Procrustes is not introduced as a
heuristic assumption that the two representation spaces are
exactly isometric. Rather, it emerges naturally as the closed-
form optimizer of a regularized alignment problem that

removes scaling ambiguities while preserving geometric
structure.



Transporting Task Vectors across Different Architectures without Training

B.3. Relation to Pseudo-Inverse Transport

A direct least-squares solution of the transport objec-
tive Eq. (4) yields

T T
7—; = (Hi—ll;BHin,B) HizyBGAHout,B (H;t’BHout,B) )
(28)
where ()T denotes the Moore—Penrose pseudo-inverse.

However, this formulation is often numerically unstable in
practice. When the two models differ in width, the acti-
vation Gram matrices H,| zHi, p and H_, 5 Hout, 5 are
frequently ill-conditioned or rank-deficient, especially when

estimated from a finite number of samples.

Our Procrustes-based conditioning step can be interpreted
as an orthogonal change of basis that aligns the dominant
shared subspaces of the two representation spaces. In the
aligned coordinates, the transport becomes well-conditioned
and reduces to the closed-form transport rule derived in
Sec. A.

Empirically, this distinction is critical: unconstrained least-
squares transport suffers from severe norm amplification
and unstable performance, whereas orthogonal alignment
yields stable transport with near-perfect norm preservation.

C. Experimental setting

Models. In the vision experiments, we employ CLIP mod-
els (Radford et al., 2021) with architectures and weights
obtained from OpenCLIP (Cherti et al., 2023). We con-
sider three distinct architectural configurations: (i) Width
scaling: transferring from a standard ViT-B/16 pre-trained
on LAION-2B to a wider ViT-B/16+ variant pre-trained
on LATION-400M; (ii) Same architecture: transferring be-
tween identical ViT-B/16 models pre-trained on different
distributions, specifically Dat aComp—XL and LATON-2B;
(iii) Width and depth scaling: transferring across both
depth and width from a ViT-B/16 to a ViT-L/14, both
pre-trained on Dat aComp—XL. Unless otherwise specified,
model A denotes the smaller or source model and model B
the larger or target model. For the language experiments,
we utilize TS5 encoder—decoder models (Raffel et al., 2020)
of varying scales, specifically transferring from T5-3B to
T5-Large.

Task Updates. The task-specific updates 74 are derived
by fine-tuning the base model A on the target downstream
task via standard supervised objectives. Following the opti-
mization protocol established by Ilharco et al. (2023), we
fine-tune for 2000 iterations with a batch size of 128. We
employ the AdamW optimizer (Loshchilov & Hutter, 2019)
with a peak learning rate of 1 x 107, a weight decay of 0.1,
and a cosine annealing schedule preceded by 200 warm-up
steps. In accordance with Cherti et al. (2023), the text en-

14

coder backbone remains frozen throughout the training pro-
cess. We then transport 74 to model B using the proposed
method, without performing any additional optimization or
gradient-based updates on model B.

Evaluation. For vision tasks, we evaluate classification
accuracy on standard benchmarks following the CLIP eval-
uation protocol. For language tasks, we report accuracy on
each dataset. All results are averaged across tasks unless
otherwise specified.

D. Computational Complexity Analysis

We compare the computational and memory complexity of
THESEUS against gradient-based transport methods such
as GradFix as the target width dp increases. Unlike
optimization-based approaches, THESEUS performs a one-
shot closed-form transport using only forward activations
and covariance accumulation, avoiding repeated backward
passes and optimizer-state storage.

Memory Complexity. Gradient-based approaches must
retain activations for backpropagation together with gradi-
ents, optimizer states, and intermediate tensors, leading to
memory usage that grows rapidly with model width. In con-
trast, THESEUS accumulates cross-covariance statistics in a
streaming fashion and does not store full activation tensors
across batches.

Specifically, during the forward pass of each calibration
mini-batch, the algorithm extracts the source and target
activation tensors for each layer [ (denoted as H!, and
H 53). Instead of retaining these large tensors in memory,
the method immediately computes their uncentered cross-
product ((HY) " HY) alongside the column-wise sums of the
activations (3" HY and Y HY). These lower-dimensional
batch-level statistics are added to running accumulators,
and the original, memory-intensive activation tensors are
detached and discarded.

Once all B calibration batches have been processed, the final
centered cross-covariance matrix is computed algebraically
on demand. The global means ;14 and pp are derived by
dividing the accumulated sums by the total token count M.
The exact centered covariance is then constructed via the
identity C' = (HY,)"HL — M (114 ® p). Because the raw
tokens are never concatenated or stored across batches, the
maximum memory footprint overhead is strictly bounded
by the O(d4 x dp) size of the covariance accumulators,
making the memory complexity entirely independent of the
total sequence length or the number of calibration batches
used.

Runtime Complexity. Using a fixed alignment set of M/ =
512 tokens, THESEUS incurs a one-time alignment cost
consisting of activation collection, covariance accumulation,
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Figure 5. Computational and memory scaling. Runtime (left)
and additional memory usage (right) as a function of the target
model width dp (with source width d4 = 768). While gradient-
based fine-tuning methods such as GradFix exhibit steep growth
due to backpropagation and activation storage, THESEUS scales
substantially better and maintains a nearly flat memory profile
thanks to its streaming covariance formulation.

and a single SVD per layer. Gradient-based approaches
may be slightly faster at very small widths, but their cost
scales more aggressively due to repeated backward passes
and iterative optimization.

As shown in Fig. 5, THESEUS exhibits substantially more
favorable scaling behavior as target width increases, making
it particularly attractive for large-scale target architectures.

E. Additional Experiments
E.1. Sequence Length Alignment Strategies.

To resolve sequence length mismatches between the source
0 4 and target 5, we evaluate three distinct alignment strate-
gies. These strategies are necessary because different ViT
configurations may encode images into different numbers
of patches, resulting in distinct token sequence lengths L*
and LB,

The mean strategy serves as a baseline by averaging the
feature representations across the sequence dimension, ef-
fectively removing spatial granularity. The interpolation
strategy treats the token sequences as 1D signals and uses
linear interpolation to resample the source sequence to the
target length. Finally, interpolation2d leverages the spatial
inductive bias of the Vision Transformer by reshaping the
1D token sequence into a 2D grid that mirrors the original
image patch layout. A bilinear interpolation is then applied
to this grid to match the target resolution before flattening
the result back into a sequence.

As shown in Tab. 5, the interpolation2d strategy consistently
yields the highest accuracy across all batch sizes, signifi-
cantly outperforming both the 1D linear and mean-based
approaches. This emphasizes the importance of preserving
the spatial topology of the features: by maintaining the geo-
metric correspondence between patches, the method more
effectively transfers the task-specific knowledge distilled
by the source model. Notably, these sequence-level adjust-
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ments are exclusive to the vision domain. In contrast, for the
T5 experiments (Tabs. 2 and 9), no sequence interpolation
is necessary. Because T5 natively supports variable-length
text sequences, input lengths can be adjusted prior to ac-
tivation computation to directly match source and target
representations, allowing the transport process to be per-
formed without additional preprocessing.

E.2. Extended Results on Width Scaling.

We provide a comprehensive evaluation of the (A — B)
transport direction under varying K-shot settings in Tab. 6,
illustrating how performance scales with the number of la-
beled samples per class. Complementary results for the
reverse transport direction (B — A) are detailed in Tabs. 7
and 8, using both batch-based B-shot and class-balanced
KC-shot protocols. Collectively, these findings confirm that
THESEUS is robust across diverse sampling strategies and
consistently yields improvements, even when the target
model already exhibits a strong zero-shot baseline.

E.3. Language.

Following the experimental setting of Rinaldi et al. (2025),
we consider the model § = {¢,w} composed of a pre-
trained feature extractor ¢ and a classification head w. We
transport the task vector Tﬁ from model A (T5-3B) to the
target feature extractor ¢ (T5-Large). We then refrain
from training a new classifier for the target model and in-
stead reuse the source fine-tuned head w;ﬁ‘t. This allows
us to evaluate whether the transported representation space
aligns with the source model’s classification logic without
additional head optimization. As baselines, we report the
performance of the target backbone 6 equipped with a
randomly initialized classification head, alongside a fully
fine-tuned version of §p where both the encoder and head
are optimized for the target task. As shown in Table 9, the
gains are modest but consistent across different values of B,
and THESEUS outperforms the baseline 6 in every setting.

Summarization Task. As shown in Tab. 10, THE-
SEUS can also be applied to the summarization task.
Flan-T5 was fine-tuned on the CNN/DailyMail dataset
(Sec. F.2) using the same hyperparameters as in the other ex-
periments. The resulting task vector was then transported to
T5-v1.1. Performance was evaluated using the ROUGE-
L metric (Lin, 2004), which measures the longest common
subsequence overlap between the generated and reference
summaries.
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Table 5. Ablation on Interpolation Modes. Performance across datasets for different values of B and interpolation strategies. Results are

reported as accuracy (%).

Model B Interpolation EUROSAT SVHN GTSRB RESISC45 DTD CARS MNIST SUN397 AVG (AAcc)
0 zero-shot  — - 56.69 62.66 55.46 68.51 58.19 88.81 76.47 7242 67.40 (+0.00)
0p fine-tune  — - 98.66 97.70 98.77 95.40 8329 9243 99.64 79.91 93.23 (+25.83)
mean 59.60 63.21 55.47 68.45 5833 88.89  79.00 72.53 68.19 (+0.79)

THESEUS 1 interpolate 57.96 62.91 56.88 68.75 58.85 88.92 79.33 72.49 68.23 (+0.83)
interpolate2d 66.31 76.55 63.57 70.33 60.00 88.86 88.14 72.67 73.30 (+5.90)

mean 58.31 62.96 56.72 68.73 58.39  88.83 79.10 72.47 68.44 (+1.04)

THESEUS 2 interpolate 62.94 63.33 57.13 69.03 5897 8898 78.66 72.64 68.96 (+1.56)
interpolate2d 70.00 73.86 68.38 72.59 59.95 88.85 88.64 72.75 74.38 (+6.98)

mean 62.33 63.20 58.16 68.89 5941 88.88 80.94 72.88 69.34 (+1.94)

THESEUS 5 interpolate 62.31 64.25 58.79 69.71 59.81 89.08 82.27 72.77 69.88 (+2.48)
interpolate2d 71.14 79.66 69.78 72.27 62.02  88.95 93.88 73.01 76.34 (+8.94)

Table 6. Width Scaling (Narrow — Wide) Cross-dataset performance (A: laion2b — B: 1laion400m). Results are reported for

varying support set sizes }C

Model K EUROSAT SVHN GTSRB RESISC45 DTD CARS MNIST SUN397 AVG (AAcc)
0p zero-shot  — 50.92 39.23 49.63 64.53 55.48 84.53 57.06 68.67 58.76 (+0.00)
0p fine-tune  — 98.96 91.08 98.63 92.59 77.81  87.65 99.63 76.76 90.39 (+31.63)
0 4 fine-tune  — 98.69 97.45 98.64 95.65 82.24 91.53 99.61 79.86 92.96 (+34.20)
THESEUS 1 60.79 55.73 57.39 67.48 57.34  85.02 61.67 70.76 64.52 (+5.76)
THESEUS 2 61.46 56.07 59.03 68.01 58.56  85.06 68.19 70.81 65.90 (+7.14)
THESEUS 5 64.58 55.20 59.05 69.18 59.25 85.17 71.57 70.93 67.62 (+8.86)
THESEUS 10 65.51 56.86 59.72 69.48 60.48 85.16 76.26 71.28 68.09 (+9.33)
THESEUS 20 66.83 60.33 58.25 70.03 60.53 85.51 78.38 72.12 69.00 (+10.24)
F. Dataset Details * DTD: The Describable Textures Dataset, consisting of

F.1. Visual Datasets.

We evaluate our method on a diverse suite of vision classifi-
cation benchmarks, covering a wide range of domains from
natural images to satellite imagery:

* EuroSAT: A remote sensing dataset based on Sentinel-

2 satellite imagery, comprising 27 000 geo-referenced .

samples across 10 distinct classes (Helber et al., 2019).

¢ SVHN: A digit recognition benchmark containing
73257 real-world images of house numbers across
10 classes extracted from Google Street View (Net-
zer et al., 2011).

* GTSRB: The German Traffic Sign Recognition Bench-
mark, a standard for autonomous driving tasks fea-

5640 texture-centric images organized into 47 percep-
tual categories (Cimpoi et al., 2014).

Stanford Cars: A fine-grained classification dataset
comprising 16 185 images across 196 categories of
cars, distinguished by make, model, and year (Krause
et al., 2013).

MNIST: The Modified National Institute of Standards
and Technology database, a foundational benchmark
for handwritten digit recognition containing 70 000
grayscale images across 10 classes (Lecun et al., 1998).

SUN397: A large-scale scene understanding bench-
mark consisting of 108 754 images covering 397 cat-
egories, ranging from indoor environments to diverse
outdoor landscapes (Xiao et al., 2016).

turing 51 839 images across 43 traffic sign categories ~ F-2- Textual Datasets

(Stallkamp et al., 2011).

* RESISC45: A high-resolution remote sensing dataset
containing 31 500 images from Google Earth, catego-

e SNLI: Stanford Natural Language Inference dataset,

containing 570 000 sentence pairs labeled for entail-
ment, contradiction, or neutral (Bowman et al., 2015).

rized into 45 scene classes to evaluate fine-grained e MNLI: The Multi-Genre Natural Language Inference

aerial classification (Cheng et al., 2017).

16

dataset contains 433 000 sentence pairs annotated with
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Table 7. Width Scaling (Wide — Narrow) Cross-dataset performance (A: 1aion400m — B: datacomp-x1). Results are reported

for varying support set sizes

Model K EUROSAT SVHN GTSRB RESISC45 DTD CARS MNIST SUN397 AVG (AAcc)
0p zero-shot 56.69 62.66 55.46 68.51 58.19  88.81 76.47 72.42 67.40 (+0.00)
0 fine-tune 98.66 97.70 98.77 95.40 8329 9243 99.64 79.91 93.23 (+25.83)
1 62.95 73.56 66.99 71.03 60.16  88.79 83.31 73.18 72.50 (+5.10)
2 68.01 74.19 67.19 70.89 60.53  88.91 88.15 73.26 73.89 (+6.49)
THESEUS 5 68.35 75.92 71.20 72.68 62.13  88.92 92.25 73.22 75.58 (+8.18)
10 73.16 76.93 67.63 73.44 62.93  88.89 91.98 73.21 76.02 (+8.62)
20 70.84 82.82 70.63 73.89 63.62 89.03 94.33 73.38 77.32 (+9.92)

Table 8. Width Scaling (Wide — Narrow) Cross-dataset performance (A: 1aion400m — B: datacomp-x1). Results for varying

number of alignment batches B.

Model B EUROSAT SVHN GTSRB RESISC45 DTD CARS MNIST SUN397 AVG (AAcc)
0p zero-shot 56.69 62.66 55.46 68.51 58.19  88.81 76.47 72.42 67.40 (+0.00)
0 fine-tune 98.66 97.70 98.77 95.40 8329 9243 99.64 79.91 93.23 (+25.83)
THESEUS 1 66.31 76.55 63.57 70.33 60.00 88.86 88.14 72.67 73.30 (+5.90)
THESEUS 2 70.00 73.86 68.38 72.59 59.95 88.85 88.64 72.75 74.38 (+6.98)
THESEUS 5 71.14 79.66 69.78 72.27 62.02 88.95 93.88 73.01 76.34 (+8.94)
THESEUS 10 71.75 79.73 69.58 72.33 62.25  89.00 94.12 73.16 76.49 (+9.09)
THESEUS 20 72.36 80.33 68.58 74.01 62.61 88.97 94.30 73.24 76.80 (+9.40)

textual entailment information across various genres
(Williams et al., 2018).

* RTE: Recognizing Textual Entailment dataset, with
2490 examples for training, 277 for validation, and
3000 for testing, divided into two classes (Wang et al.,
2018).

* QNLI: The Question Natural Language Inference
dataset contains 104 743 training examples across two
classes (Wang et al., 2018).

¢ SCITAIL: A science entailment dataset built from
science question answering, with 23 596 training ex-
amples of two classes (Khot et al., 2018).

¢ CNN/DailyMail: An English-language dataset con-
taining more than 300k news articles written by journal-
ists at CNN and the Daily Mail, paired with summaries
(Hermann et al., 2015; Nallapati et al., 2016).

G. Functional Transport vs. Feature
Alignment

As observed in Sec. 4.2 (Tab. 1), unconstrained pseudo-
inverse baselines (Tpiny, Tpinv-Tikn) consistently underperform
THESEUS , particularly in low-shot regimes where the ac-
tivation statistics become severely rank-deficient. In this
section, we analyze the source of this instability and isolate
the contributions of both our coupled functional objective

(Eq. (4)) and the orthogonal constraints from standard latent-
space feature alignment approaches (Moschella et al., 2023;
Maiorca et al., 2023).

To do so, we ablate six alternative transport constructions
across two fundamental axes: whether they optimize a cou-
pled operator objective or decoupled feature maps, and
whether they are unconstrained or orthogonally regularized
(Tab. 11).

1. Coupled Unconstrained Transport

These baselines share THESEUS ’s functional matching ob-
jective, attempting to find a target update 75 that directly
minimizes the bilinear interaction mismatch:

e Pinv / Pinv-Tikh. Direct least-squares solutions to
the coupled objective. As derived in Sec. B.3, the
unconstrained Moore—Penrose pseudo-inverse yields:

T T T ToT
T™B = (Hin,BHin,B)THin,B(Hin,ATA Hout,A)

X Hout,B (H;t,BHout,B)T'

(29)

The Tikhonov variant adds ridge regularization (A1)
to the Gram matrices prior to inversion to improve
numerical stability.

2. Decoupled Feature Alignment

These baselines abandon the coupled operator objective.
Instead, they estimate independent linear maps R;, and



Transporting Task Vectors across Different Architectures without Training

Table 9. Width Scaling (Wide — Narrow). Cross-dataset performance for transferred task-specific encoder representations (A: T5-3B
— B: T5-Large). Results are reported for varying numbers of alignment batches B.

Model B MNLI QNLI RTE SCITAIL SNLI AVG (AAcc)
OB - 3223  48.05 48.38 50.77 3244 42.37 (+0.00)

0p fine-tune  — 89.80  94.27 83.59 95.86 91.83  91.09 (+48.72)
THESEUS 20 57.01 50.56 49.46 50.77 57.24  53.01 (+10.64)
THESEUS 50 5452 5631 50.12 53.45 60.42  54.96 (+12.59)
THESEUS 100  55.66 59.49 50.98 63.11 64.89  58.83 (+16.46)

Table 10. ROUGE-L scores for summarization transfer. Source:
Flan-T5 (A), target: T5-v1.1 (B). THESEUS represents 0p +
7. Results are reported for varying numbers of alignment samples
D.

Configuration « D =200 D =500 D =800 Average

0B - 0.1053
0p fine-tune - 0.2821
THESEUS 0.5 0.1173  0.1201  0.1265 0.1213
THESEUS 1.0 0.1278 0.1337  0.1437  0.1351
THESEUS 20 0.1237 0.1189  0.1423  0.1283
THESEUS 40 0.0876 0.0512 0.0879 0.0756

Royt to translate the input and output feature spaces, and
form the update via 75 = RoutTa R} .

e Linear. Standard unconstrained least-squares align-
ment for each space independently:
R = (Hip aHin,a) (Hij, 4 HinB)-

i (30)
* Ortho. Orthogonal Procrustes alignment computed
directly from the cross-covariance Hil AHinp =

UXV'T, yielding the orthogonal map R = VT,

¢ Linear-Ortho / Pinv-Ortho. Orthogonal projections
of the unconstrained Linear and Pinv feature maps
onto the nearest orthogonal matrix through SVD. This
mirrors the standard pipeline in prior latent-space trans-
lation methods, where an unconstrained alignment is
first estimated and subsequently orthogonalized.

3. Coupled Constrained Transport (THESEUS)

Our proposed formulation combines the coupled functional
objective with strict orthogonal constraints. This reduces
to aligning the input and output cross-covariances (Ci, =
H;AHin,B, Cout = H gy s Hout, ). producing the closed-
form Procrustes embeddings T3, = UinViI and Tyt =

Usut Von and the transported update 75 = TouTaTih

The results in Tab. 11 reveal the distinct failure modes of
the baselines.
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The necessity of geometric constraints. Unconstrained
solutions to the coupled objective (Pinv) exhibit severe norm
amplification, particularly in low-shot settings where the
activation covariances become poorly conditioned. Null-
space directions are arbitrarily amplified, yielding massive
norm distortion (||7g||F > ||74||F). While Tikhonov reg-
ularization (Pinv-Tikh) partially alleviates this by damping
high-gain directions, it introduces a sensitive hyperparame-
ter and still distorts the update geometry.

The necessity of the coupled objective. Enforcing or-
thogonality (Ortho, Linear-Ortho, Pinv-Ortho) resolves the
instability. Because orthogonal maps preserve norms and
angles, they eliminate scaling ambiguities and maintain
lT8llF = ||7allF- However, despite this stabilization, all
orthogonal feature-alignment baselines remain consistently
below THESEUS . This gap reveals that independent align-
ment of input and output representations is insufficient to
guarantee preservation of the functional effect of the task
update. There is no mathematical guarantee that composing
independently optimal feature maps preserves the bilinear
interaction structure encoded by H. T H (Lt. Furthermore,
for two-step variants like Pinv-Ortho and Linear-Ortho,
computing an unconstrained mapping first and then project-
ing it onto the orthogonal group means orthogonalizing an
already corrupted matrix: the initial inversion step amplifies
noise in rank-deficient directions, locking in a suboptimal
rotation.

In contrast, THESEUS succeeds because it enforces geo-
metric stability while deriving the transport rule directly
from the coupled functional objective, effectively bypassing
ill-conditioned intermediate inversions entirely.
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Table 11. Alignment Method Ablation. Accuracy and norm-preservation error (||7g|| 7 — ||74||7) for different transport operators in the
ViT-B/16 — ViT-B/16+ setting.

B Method Accuracy (%) Norm Error

Thiny 5225 6.30 x 10*
Tpinv-Tikh 59.60 230 % 1074
Tortho 63.31 2.40 x 10!

2 Tiinear 4.52 1.15x 10*
Tlinear-ortho 60.93 -4.02 x 10~
Tpinv-ortho 60.47 3.18 x 107!
THESEUS 66.60 7.60 x 10710

Tpinv 56.80 4.70 x 104
Tpinv-Tikh 60.29 1.10x 107
Tortho 64.23 1.90 x 10!

5 Tlinear 4.53 7.83 x 10°
Tlinear-ortho 61.64 7.78 x 107°
Tpinv-ortho 60.51 6.82 x 10_11
THESEUS 66.64 8.40 x 10710

Tpinv 58.39 3.80 x 10*
Tpinv-Tikh 60.75 3.90 x 1077
Tortho 65.44 1.70 x 10!

10 Tlinear 4.69 6.27 x 103
Tlinear-ortho 62.77 3.21 x 10_9
Tpinv-ortho 66.75 -1.90x 10710
THESEUS 68.35 7.90 x 1071
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