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ABSTRACT

Model merging offers a way to combine the capabilities of several networks at
test time without retraining or additional finetuning, but most merging methods
assume identical architectures. Depth differences are commonly viewed as a ma-
jor obstacle because they remove clear layer correspondences. We test this as-
sumption by merging residual networks that differ only in depth, using a sim-
ple training-free pipeline based on identity expansion and permutation alignment.
Across both same-task and multitask image classification experiments, hetero-
geneous merges closely match homogeneous ones. The results suggest that, for
residual networks, depth mismatch is not the main barrier to effective model merg-
ing, and that the main difficulty in model merging comes from aligning indepen-
dently trained weights in a homogeneous setting.

1 INTRODUCTION

Modern deep learning has produced a large number of pretrained and finetuned models, each spe-
cializing in different data distributions or tasks. Combining or improving performance at test-time
by retraining or joint finetuning of these models is often impractical, which motivates model merg-
ing (see Appendix [A] for an overview of related works). Most merging methods are designed for
homogeneous settings, where models share the same architecture and layer structure, and often sim-
ilar initializations. Under these assumptions, simple operations such as weight averaging or linear
interpolation can already perform well (Izmailov et al.,[2018; |Wortsman et al., 2022). When models
are trained independently and thus don’t share the same optimization trajectory, merging becomes
more complicated and requires matching the models to take into account symmetries such as neuron
permutations (Ainsworth et al [2023). Further, if networks have different architectures, mismatch
between their structures has to be reconciled as well.

Architectural heterogeneity can arise at many levels. Differences in width are generally manageable
since layer correspondences remain clear and neuron correspondences must be resolved regardless
due to independent training. Theus et al.| (2025) and |Xu et al.| (2024) successfully demonstrate that
standard homogeneous merging methods can be easily expanded for this case. Depth heterogeneity,
however, removes explicit layer correspondences and makes fusion ambiguous. Xu et al.|(2024);
Nguyen et al.|(2023) propose novel approaches for matching or “mapping” layers between models
of differing depths, before expanding the model and then merging. Although these methods show
positive results in small scale experiments, it is not obvious if they are a viable solution for larger-
scale tasks or more recent merging methods. Moreover, it remains unclear how much additional
difficulty depth differences introduce, if at all, since naive solutions are underexplored.

Our work isolates depth heterogeneity. We investigate whether merging models with different depths
is inherently more difficult than merging models of equal depth under two regimes: a same-task
setting and a multitask setting. Surprisingly, a simple heterogeneous baseline with naive expansion
and permutation alignment, without sophisticated layer mapping, achieves performance comparable
to homogeneous merging across a wide range of model sizes and tasks. For residual networks,
depth heterogeneity does not appear to be the dominant obstacle. Progress in heterogeneous merging
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therefore, at this stage, depends more on improving methods for independently initialized models
than on increasingly complex cross-architecture alignment strategies. With continual progress in the
former, the latter, however, may become more relevant in the future.

2 EXPERIMENTAL SETUP

Architectures and Setting All experiments are conducted on convolutional neural networks from
the ResNet family (He et al. [2015). Our setting is depth heterogeneous only: all models share the
same architecture design and channel widths within each stage, and differ exclusively in the number
of residual blocks. For the same-task ImageNet experiments, we evaluate merges among ResNet17,
29, 35, 50, 101, and 152 variants, which we define in Appendixin Tablem For simplicity, for the
multitask pairs, we limit our study to standard deeper backbones (ResNet50, 101, and 152).

Tasks and Datasets We evaluate both same-task and multitask merging regimes. In the first regime,
independently trained ResNets are merged pairwise and evaluated on the ImageNet classification
benchmark (Deng et al., [2009). For multitask experiments, all models are first pre-trained on Ima-
geNet and then finetuned separately on the following downstream datasets: Describable Textures
Dataset (DTD) (Cimpoi et al., 2013), CUB-200-2011 (Wah et al., 2011), NABirds (Van Horn
et al., 2015), Street View House Numbers (SVHN) (Netzer et al., [2011)), MNIST (LeCun et al.,
1998)), EuroSAT (Helber et al., [2019), and DomainNet-Infograph (Peng et al.l 2019). We merge
only the following task pairs, evaluating each pair in both directions: DTD-CUB, SVHN-MNIST,
SVHN-CUB, MNIST-EuroSAT, CUB-Infograph, and NABirds—CUB. Models within each pair are
finetuned from different initializations across multiple seeds.

Model Expansion We perform depth expansion to embed shallower networks into the topology
of deeper ones using a Net2Net—style method (Chen et al., 2016). Residual stages are matched
one to one, and extra residual blocks are inserted as identity mappings. This preserves the original
function of the shallower model in a deeper architecture. For each residual stage s € {2,3,4,5}
with n, blocks and target depth N, we keep blocks By 1, ..., B, unchanged and append identity
blocks I n 41, - - -, 1s,n,. We perform no layer matching, which makes our approach a significantly
simplified version of Xu et al.|(2024); Nguyen et al.|(2023). Details are in Appendix@

Permutation Alignment and Merging We then apply permutation alignment following the Git
Re—Basin paradigm (Ainsworth et al.| 2023)). We perform activation—space channel alignment across
corresponding layers, treating the deeper (unexpanded) model as a reference and permuting the
neurons of the second model’s layers. For the identity blocks added, permuting them essentially has
no effect, and when they are merged with the deeper model’s corresponding learned residual blocks,
the residual output is effectively halved. For same-task models, all layers, including the classification
head, are merged, whereas for multitask settings, merging is performed only up to (but excluding)
the final task-specific classification heads. More specific details are provided in Appendix

Evaluation Protocol For same—task ImageNet experiments, merged models are evaluated directly
on the ImageNet validation set. For multitask merges, we evaluate performance on each task sepa-
rately using the classification head of the corresponding models: head A on task A and head B on
task B, producing two task accuracies. Our main accuracy metric, the per-task average accuracy, is
the average of both %(Accfl + AccB).

3 SAME-TASK SETTING

We study same-task (ImageNet-ImageNet) merging to isolate the effect of architectural hetero-
geneity from task mismatch. We merge each two independently trained ImageNet models, either
homogeneously or heterogeneously, aggregate by sizes, and show results in Table[2] (Appendix [E)).

Homogeneous vs. Baseline Figure [I] (left) compares homogeneous merging performance against
the original accuracies of the source models. While stronger base models generally have higher
merged performance up to mid-scale architectures, we observe a drop afterwards for very large
models, and attribute this to the growing number of parameters that must be reconciled during merg-
ing. We observe a clear “sweet spot” where improvements from higher base accuracy are balanced
against increasing merging difficulty due to larger model sizes.
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Figure 1: Same-task setting, varied model depths. (Left) Homogeneous merging vs. original non-
merged performance. (Middle) Heterogeneous vs. homogeneous merging. (Right) Deviation analy-
sis: difference between heterogeneous and average homogeneous merging vs. model size difference.

Heterogeneous vs. Homogeneous Figure ] (middle) is a parity plot comparing heterogeneous and
homogeneous merges. Heterogeneous merges are drawn as horizontal spans at their score on the y-
axis, with the left and right endpoints marking the worst and best homogeneous accuracies on the x-
axis. The plot exhibits a tight vertical accuracy band: heterogeneous results differ by only a few per-
centage points despite large architectural gaps, and most lie within or near the homogeneous range,
frequently crossing the y = x line, indicating they are not systematically worse. While moderate
depth differences behave almost identically to homogeneous merges, there’s a clear low-accuracy
tail that includes pairs with very high depth mismatches (R17+R152, R29+R152, R35+R152).This
may stem from the large number of inserted identity blocks increasing alignment ambiguity. We
also observe reduced performance for shallow—shallow heterogeneous pairs (R17+R29, R17+R35)
despite strong homogeneous results. We treat them as mild outliers and hypothesize that as pairs,
they might have less representational redundancy to absorb permutation or expansion noise. Overall,
deviations are small and mainly associated with extreme depth gaps or low model capacity.

Deviation Analysis Figure[T] (right) relates the heterogeneous—homogeneous accuracy difference to
size mismatch, defined as the average per-stage normalized block count difference. For a pair of
models, at each residual stage, we compute the absolute difference in their block counts, normalize
by the block count of the larger model at that stage, and average across stages. We do this because
total layer differences ignore how depth is distributed across residual stages, whereas a per-stage
normalized measure better captures structural discrepancies between architectures. The plot shows
a slight negative trend (Spearman correlation = -0.3893): similarly sized models yield heterogeneous
performance close to or slightly above the homogeneous average, whereas larger architectural gaps
tend to underperform. The shallow—shallow heterogeneous outliers are again visible. Importantly,
the worst observed gap is only around -4 percentage points (much smaller than the 20-30 pp drop
between homogeneous merges and their original counterparts before merging), showing that archi-
tectural size mismatch contributes only a small fraction of the overall merging difficulty relative to
the intrinsic challenge of aligning independently trained weights.

4 MULTITASK SETTING Homogeneous merging
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To study the effects of task mismatch and difficulty on hetero-
geneous merging, we introduce two measures: task similarity
(between two tasks) and task simplicity. We compute task simi-
larity based on a Fréchet Inception Distance (FID)-style metric as 201
in|Heusel et al.| (2018)). Details on this computation and task sim-
ilarities are in Appendix |G| For task simplicity, we use as a proxy

the average test accuracy of ResNet50 original models pretrained &
on ImageNet and fine-tuned on the task. Higher accuracy implies

an easier task. For a pair of tasks, their combined simplicity is

the average of the two. In the experiments, we combine ResNets Figure 2: Homogeneous merg-
50, 101, 152 pairwise and report per-task average accuracy. All ing and original non-merged ac-
accuracies can be found in Appendix [F curacy across task pairs.

Accuracy (%)
3




ICLR 2026 Test-Time Updates (TTU) Workshop

Heterogeneous vs Homogeneous Deviation Analysis: Simplicity Deviation Analysis: Similarity
= mnist+svhn_ 34 -0 3 =0 Task Pair
804 T Y [l - o yE - oyE ® cub+infograph
R X o X = dtd+cub
‘J 70 ' Tn’ 24 ° ' ‘; 24 . ® imagenet+imagenet
O 604 $3 53 @  cub+nabird
o 2o | » S 4/ * ® svhn+cub
3 504 uvmgmwotfuvmgm‘mt;{éﬁ cub+nabird 2 S g S @ mnist+svhn
) ) o o * . [Tl * ° '
Q Ve 206 fo o) mnist+eurosat
c 401 v Sg o Sg o
g # sunntcub g5 ° * * 55 * 8 *
£ ’ 3z 1 o 5= 1 Model Pai
o | I g— * T 5 -19 * odel Pair
220 o - H g s . 8 e so+l01
T k4 <
10 1w cub+infograph 24 _2 *  101+152
’ u = W 50+152
20 40 60 80 60 70 80 90 100 0.2 0.4 0.6 0.8 1.0
Homogeneous acc. (%) Task Pair Simplicity (%) Task Pair Similarity (0 - 1)

Figure 3: Multi-task setting, varied task pairs. (Left) Homogeneous vs. heterogeneous merging
comparison. (Middle and right) Deviation analysis: difference between heterogeneous and average
homogeneous merging vs. task pair simplicity and similarity respectively.

Homogeneous vs. Baseline In Figure 2] task pairs are ordered by increasing simplicity. We plot the
average original ResNet50 accuracies alongside the homogeneous merging accuracies. We observe
that homogeneous merging follows the same overall trend as the baselines but is consistently lower,
with two pronounced drops for the most dissimilar task pairs (SVHN-CUB and MNIST-EuroSAT).
Overall, homogeneous merging mostly preserves relative task performance but it has a consistent
accuracy drop (due to the inherent difficulty of merging independently trained models), which in-
creases for highly dissimilar tasks (SVHN-CUB and MNIST-EUROSAT, see Appendix [G).

Heterogeneous vs. Homogeneous In Figure 3| (left), which mirrors the middle parity plot in the
previous section, for each task pair, the heterogeneous merges are drawn as horizontal spans at their
score on the y-axis, with the left and right endpoints marking the worst and best homogeneous accu-
racies on the x-axis. Because most horizontal spans cross the y = x line, the heterogeneous scores
are typically within the best—worst homogeneous range and frequently exceed the midpoint or upper
bound. This indicates that, in multitask settings, heterogeneous scores closely follow homogeneous
scores and the main factor influencing the merging accuracy of both of them is the task pair itself.

Deviation Analysis Figure [3| (middle and right) analyzes whether the deviation between heteroge-
neous and homogeneous scores is correlated with task simplicity or similarity. Overall, no strong
monotonic relationship is observed with either of them. For simplicity, while low- to mid- simplicity
pairs exhibit a very slight downwards trend, large positive deviations appear for the simplest task
pairs. For similarity, while there may be an overall slight downwards trend, when we isolate low-
to mid- similarity pairs (< 0.7), we find no consistent monotonic behavior. This suggests that het-
erogeneous merging gains are not reliably predicted by task simplicity or similarity, and are largely
pair-specific. In both figures, deviations between heterogeneous and homogeneous accuracies re-
main within roughly [-2,2] percentage points. This confirms that the overall gap between the two is
small, and that in the multitask regime as well, model heterogeneity contributes only a minor share
of the total performance loss.

5 CONCLUSION

This work examined whether depth heterogeneity is truly an obstacle to merging models of differ-
ent sizes. By isolating depth differences within a single architectural family and applying a simple
training-free pipeline based on identity expansion and permutation alignment, we found that hetero-
geneous merges consistently matched the performance of homogeneous merges in both same-task
and multitask settings. Performance drops appeared mainly with extreme depth gaps or very small
models, and even then were minor compared to the gap between merged models and their indepen-
dently trained baselines. Multitask results followed the same trend, with no consistent link to task
similarity or simplicity. Overall, the primary challenge is aligning independently trained weights
rather than architectural mismatch, suggesting future effort should focus more on improving core
merging techniques than on complex cross-layer mappings. We plan to extend this analysis to trans-
former architectures and explore stronger merging algorithms, while carefully evaluating whether
improvements observed in homogeneous merging transfer cleanly to heterogeneous settings or in-
troduce trade-offs that degrade heterogeneous performance.
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A RELATED WORKS

Homogeneous Model Merging [Tang et al. (2024) define model merging as the process of fusing
the parameters of /N similar models into a unified model using a merging function. The process is
typically data-efficient, with some methods refining parameters at test time via adaptation or meta-
learning. Early work on model merging primarily focused on homogeneous settings in which all
participating models share the same architecture, solve the same task, and are trained from the same
initialization or pre-training (Wortsman et al.| [2022; [Matena & Raffel, 2022)). This assumption of
architectural and task homogeneity made it possible to study merging in relatively controlled envi-
ronments. Classic findings on linear interpolation and mode connectivity demonstrated that models
trained from similar initializations can be joined by low-loss paths, and that simple operations such
as weight averaging can already yield competitive performance (Garipov et al.,|2018} |Draxler et al.,
2018 Izmailov et al.l 2018 /Wortsman et al., 2022)).

The focus then expanded to homogeneous architectures trained from different random initializations
or partially different data distributions, but that still solve the same task. In this setting, direct weight
averaging frequently degrades performance because independently trained networks occupy permu-
tation—equivalent regions of the parameter space. This led to permutation alignment and weight
matching approaches, such as re-basin methods, which explicitly search for neuron permutations
within the same layer that place models into a shared basin prior to interpolation (Ainsworth et al.,
2023). These results showed that many independently trained networks are functionally similar up
to symmetries, and that alignment can often recover the benefits of simple averaging.

A further step relaxed the assumption of identical tasks while still keeping architectural similarity.
Methods such as Ziplt (Stoica et al.}[2024) introduced a “zipping” operation that merges intermediate
representations by explicitly pairing and combining features across models at corresponding layers.
Since it supports both full and partial zipping, it enables models to be merged only up to a chosen
depth. This design allows merging networks in multi-task settings while keeping task-specific heads.

More recent work has explored learning the alignment itself rather than relying solely on fixed sim-
ilarity heuristics between neurons. PLEAS (Nasery et al., [2025) proposes an optimization-based
permutation learning framework that explicitly searches for neuron or channel permutations which
minimize functional discrepancy between models before merging. Together, these approaches high-
light a shift from purely arithmetic fusion to representation-aware and optimization-driven alignment
strategies within homogeneous or near-homogeneous settings.

Heterogeneous Model Merging In heterogeneous merging, architectural mismatch breaks the
correspondences assumed by standard align and average pipelines (depth breaks layer correspon-
dences while width breaks neuron correspondences), so recent methods typically (i) construct an
explicit cross-model correspondence in representation space, (ii) expand or reduce one model so
both admit a compatible layer structure, and only then (iii) apply a homogeneous fusion routine.
Nguyen et al.|(2023) propose CLAFusion, which formulates cross-layer alignment as a constrained
one-to-one assignment from layers of the shallower network to layers of the deeper network us-
ing representational similarity (specifically linear CKA on activation-based layer representations).
Given this mapping, they balance depth either by adding function-preserving layers to the shal-
lower model (in a Net2Net manner, see Appendix |C) or by merging/removing layers in the deeper
model. They then apply a standard layer-wise fusion method (OTFusion) on the now homogeneous
networks, and report that an additional finetuning stage is generally beneficial. In a training-free
setting, |Xu et al.| (2024) perform layer matching by partitioning the deeper model into segments of
consecutive layers, choosing segment boundaries to maximize CKA-based similarity between each
segment’s representation and the corresponding layer in the shallower model (either the average rep-
resentation of all layers in the segment, or the output representation of the final layer of the segment).
They then use the same Net2Net function-preserving expansion procedure and either alignment or
Ziplt for merging. For width heterogeneity, they just expand the Ziplt algorithm to accept layers of
different widths.
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B RESNET VARIANTS USED IN OUR ANALYSIS

Table E] shows the architectural structure of the different ResNet variants (R17, R29, R35, R50,
R101, and R152) used in the experiments. It shows, for each network stage, the output resolution
and how many bottleneck residual blocks with specific channel sizes are stacked.

Table 1: Resnets used in our experiments. B(c) is a bottleneck residual block consisting of conv
layers 1x1 with c channels, 3x3 with c channels, and a final 1x1 with 4c¢ channels.

stage out R17 R29 R35 R50 R101 R152
convl 1122 7 x 7, 64, stride 2

pool 562 3 x 3 maxpool, stride 2

com2x 567 [B6A)]x1 [BA]x2 [B6A)]x2 [BOA]x3 BOHx3  BOI]x3
conv3x 282 [B(128)]x 1 [B(128)]x 2 [B(128)]x 3 [B(128)] % 4 B(128)]x 4  [B(128)]x 8
convdx 142 [B(256)]x 2 [B(256)]x 3 [B(256)]x 4 [B(256)]x 6 [B(256)x 23  [B(256)]x 36
com5x 72 [B(512)]x1 [B(512)]x2 [B(512)]x2 [B(512)]x 3 B(12)]x3  [B(512)]x 3
head 12 avgpool FC(1000)

C NET2NET MATCHING AND EXPANSION PROCEDURE

We use a depth-only Net2Net expansion to embed a shallower ResNet into a deeper topology while
preserving the network function at initialization. No training is performed during expansion.

For Bottleneck ResNets with stages conv2_x—conv5_x, let stage s € 2, 3,4, 5 contain ns blocks in
the shallow model and N, > n in the target. Each block computes y = x + F(x).

We instantiate the deeper architecture, copy all name-matching parameters, and append extra blocks
at the end of each stage (i = ns+1,..., Ny). These added blocks are identity-initialized (F'(x) = 0,
skip unchanged, stride 1, no projection). The process is strictly positional: that is, we perform no
reordering or similarity matching.

The resulting network matches the deeper topology, preserves original parameters and order, and

differs only by appended identity blocks, so f () = fsman(x) at initialization (up to minor normal-
ization differences) while stage depths and layer indices align.

D PERMUTATION ALIGNMENT DETAILS

We use the match_tensors_permute procedure from the Ziplt code repository (Stoica et al.,
2024). This is an activation—based permutation alignment method that operates on statistics de-
rived from intermediate forward activations. Given a covariance matrix computed from hooked
layer outputs, the routine converts it into a correlation matrix and interprets feature dimensions
from each model as nodes to be aligned. The first model is assigned an identity permutation and
serves as the reference space. For each additional model, the Hungarian algorithm (through Scipy’s
linear_sum_assignment) is applied to find the channel permutation that maximizes pairwise
activation correlation with the reference. The resulting permutation matrices are concatenated into
an “unmerge” operator and normalized into a complementary “merge” operator, which are subse-
quently used to reorder channels before parameter interpolation. Activation statistics are gathered
by inserting forward hooks and running a metrics computation pass over a dataset, making the align-
ment data—dependent but training—free and independent of direct weight matching. The dataset in
the ImageNet same-task setting is a subsampled and stratified 100 batches (with batch size 256)
of the ImageNet training set, while in the multi-task setting, it is simply both training sets that the
models being merged were finetuned on.

E SAME-TASK IMAGENET-IMAGENET MERGING SCORES

Table [2]reports the original measured scores for all ImageNet-ImageNet merging experiments used
throughout the analysis. Each row corresponds to merging two independently trained ImageNet
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Table 2: Original ImageNet-ImageNet merging results. n is the number of independent runs.

Models Acc n
ResNetl17 + ResNet17 48.69 £ 0.67 6
ResNet29 + ResNet29 49.71+£1.36 6
ResNet35 + ResNet35 51.314+1.18 6
ResNet50 + ResNet50 5290+ 1.61 10
ResNet101 + ResNet101 49.26 =2.51 3
ResNet152 + ResNet152 46.79 £20.68 3
ResNet29 + ResNet17 44.60 £0.97 16
ResNet35 + ResNet29 50.24 +0.86 16
ResNet35 + ResNetl17 45.71+£091 16
ResNet50 + ResNet35 51.17+1.46 20
ResNet50 + ResNet29 50.05+1.17 20
ResNet50 + ResNet17 49.54 +£0.62 20
ResNet101 + ResNet50 51.59 +1.57 15
ResNet101 + ResNet35 4941 +£1.75 12
ResNet101 + ResNet29 4911 +£1.35 12
ResNet101 + ResNet17 49.06 £1.45 12
ResNet152 + ResNet101 46.88 £2.74 9
ResNet152 + ResNet50 4846 +£1.59 15
ResNet152 + ResNet35 46.42 +£2.02 12
ResNet152 + ResNet29 46.08 £1.03 12
ResNet152 + ResNet17 45.73+£1.34 12

models. Homogeneous rows have depth gap Ad = 0, while heterogeneous rows have Ad > 0. We
report top-1 accuracy (Acc) and the number of runs n (seeds).

F MULTITASK MERGING SCORES

Table 3 reports the original measured scores for all dataset pairs, with homogeneous model pairs in

the upper sub-group and heterogeneous pais in the lower sub-group.

Table 3: Model merging results across all dataset pairs. Rows 1-3 per group are homogeneous
(same architecture); rows 4-6 are heterogeneous (mixed architectures). Acc: merged accuracy;
Task A/Task B: individual task accuracies; Avg: per-task mean. Values are mean = std over multiple

runs where available.

Task Pair Model A Model B Acc Task A Task B Per-task Avg
R50 R50 37.82+2.15  45.15+4.12 39.43+1.32 42.29+1.99
R101 R101 35.64+1.10 41.04+£1.78 38.11+3.19 39.58+1.53
R152 R152 34.31 40.19 35.63 37.91

cub, dtd
R101 R50 3548 +1.90 38.26+2.64 41.99+1.89 40.13+1.58
R152 R101 35.07+2.11  39.82£2.99 40.30+0.54 40.06 £ 1.59
R152 R50 34.45+2.11 37.62+3.11 41424171 39.52+1.73
R50 R50 3741 +3.24 4234 +2.34 40.74+3.18 41.54+2.29
R101 R101 36.63+3.09 39.60£1.14 41.59+2.86 40.60+1.91
R152 R152 34.55 36.54 38.47 37.50

dtd, cub
R101 R50 34.63+1.35 39.71+1.84 41.77+2.84 40.74+1.63
R152 R101 34.69+2.09 39.06£2.17 39.31+3.12 39.18+1.96
R152 R50 32.49+1.09 40.21+2.24 38.54+233 39.38+1.28

Continued on next page
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Task Pair Model A Model B Acc Task A Task B Per-task Avg
R50 R50 7.48 +1.34 8.20+2.99 10.82 4+ 1.48 9.51 +0.97
R101 R101 7.01 £ 0.66 4.38+0.75  9.92+0.84 7.15+0.74
. R152 R152 6.30 5.98 9.09 7.54
cub, infograph
R101 R50 7.04 £0.87 4.97+0.63 9.70 £ 1.18 7.33 £0.55
R152 R101 6.20 + 0.63 7.04+£099 8.75£0.90 7.89 £ 0.77
R152 R50 6.41 +0.92 6.69+1.13 882+1.25 7.76 +0.62
R50 R50 9.61+1.38 13.26+1.83 5.82+1.29 9.54 +0.80
R101 R101 745+047 1051 +£0.57 3.40£1.01 6.95 + 0.68
. R152 R152 6.98 9.65 6.93 8.29
infograph, cub
R101 R50 7.01+1.04 1043£0.95 7.12+2.05 8.77+0.79
R152 R101 7.03 £0.47 9.90+0.57 6.21+1.41 8.05+0.89
R152 R50 6.59+1.14 10.024+0.84 7.24+1.71 8.63 +0.73
R50 R50 36.56 £1.06  62.62+2.25 45404+1.33 54.01+1.44
R101 R101 36.15£2.04 60.50£1.72 44.53+2.50 52.52+£2.09
. R152 R152 32.87 55.22 40.46 47.84
cub, nabird
R101 R50 36.94+£296 58.90+£1.90 45.62+3.66 52.26+2.70
R152 R101 33.95+£1.67 58.25+£2.01 41.85+2.08 50.05+£2.00
R152 R50 34.54+299  56.96+£1.50 42.66+3.69 49.81 + 2.55
R50 R50 40.55 £3.47 50.03+£4.34 61.85+1.92 55.94+3.08
R101 R101 36.06 £1.90 44.48+2.34 60.48+2.69 52.48+2.48
. R152 R152 34.9 43.09 57.17 50.13
nabird, cub
R101 R50 34.82+£227 43.65+£1.71 60.83+1.85 52.24+1.49
R152 R101 35.21£2.19 43.40+£2.70 58804231 51.10+£2.45
R152 R50 32.83+2.15 41.30+£1.53 58.10+1.95 49.70+1.41
R50 R50 47.65 £9.70 1.49£0.50 68.12+£5.39 34.80 £2.60
R101 R101 48.62 £ 5.38 1.18 £0.19 69.03£1.53 35.11£0.86
R152 R152 41.86 1.74 62.42 32.08
cub, svhn
R101 R50 47.42 £ 4.87 1.18 £0.22 61.24+£4.53 31.21£2.26
R152 R101 47.81 £1.83 1.444+0.50 66.36 £1.34 33.90 £0.52
R152 R50 44.02 £ 4.51 1.41+£0.36 56.96 +4.01 29.18 +1.89
R50 R50 59.49+£6.09 75.08£5.86 1.07+0.20 38.07+2091
R101 R101 50.99£3.41 68.25£4.99 1.8040.17 35.02+£2.56
R152 R152 50.02 68.57 1.63 35.10
svhn, cub
R101 R50 45.67£11.22 73494541 1.69+£0.37 37.59£2.69
R152 R101 46.30 £3.56  66.55 £2.84 1.754+0.23 34.15+1.44
R152 R50 46.78 £10.24  75.25+4.06 1.82+0.46 38.53+1.96
R50 R50 43.84 £8.51 44.54+£9.09 83.69+592 64.12+6.64
R101 R101 37.53£1.79 39.72+11.05 87.18+3.39 63.44+£6.63
. R152 R152 48.18 39.03 88.88 63.95
eurosat, mnist
R101 R50 46.37 £10.78  45.95+8.22 83.71 £8.58 64.83 £4.52
R152 R101 38.47+£8.24 47.11+£4.89 85.74+397 66.42 £ 2.06
R152 R50 50.01 +£12.09 49.75+7.82 86.056+6.34 67.90+5.14
R50 R50 55.21 +£12.46  90.28 £4.71 44.13+8.40 67.20+4.14
R101 R101 42.97+£4.39  85.77£4.77 48.60+6.73 67.18 £3.43
. R152 R152 42.25 92.08 50.12 71.10
mnist, eurosat
R101 R50 46.79 £5.33 9348 £1.95 48.82+9.35 71.15+4.69
R152 R101 44.38£4.21  91.09+£2.84 45.70+£8.20 68.40 £ 4.46
R152 R50 46.49 £ 7.77  93.79+£2.29 48.96 +8.49 71.37+£4.92
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Task Pair Model A Model B Acc Task A Task B Per-task Avg
R50 R50 38.44+6.34 96.03+£1.22 56.33+4.58 76.18+1.91
R101 R101 44.05£0.18 94.73+£0.29 61.194+2.58 77.96 £1.32
. R152 R152 42.90 93.43 66.92 80.17
mnist, svhn
R101 R50 46.51 £1.59  96.67 £0.70 52.46 +3.48 74.56 £ 1.65
R152 R101 48.62 £1.59  96.06 £0.43 66.08+3.31 81.07+£1.68
R152 R50 48.17+£2.33  96.00£0.94 55.98+3.61 75.99+1.83
R50 R50 49.52+£3.86 65.81 £4.91 94.41+0.86 80.11+2.36
R101 R101 45.42+£2.31  62.63£2.66 95.53+0.82 79.08+£1.35
. R152 R152 45.27 69.87 95.32 82.60
svhn, mnist
R101 R50 41.38£4.59  75.92+£6.04 95.18+1.09 85.55+ 2.80
R152 R101 44.92+£1.72  66.73£0.74 9487+0.79 80.80+0.57
R152 R50 4245 +4.62 81.68+£4.02 95.17+1.32 88.42+2.09

G DATASET SIMILARITY USING FID-STYLE METRIC

Given two image datasets (S) and (T), we define a distance between their distributions in a se-
mantic feature space extracted by a pretrained vision network. We specifically use the DINOv2
feature encoder (Oquab et al., 2024). We compute embeddings for all samples: {f(x)},es and
{f(y)}yer., and fit multivariate Gaussians to each embedded sample set using the empirical mean
and covariance:

D (f(@) = ps)(f(x) = ps) "

zeS

1 1

zeS

We similarly compute (u7, 7). [Heusel et al.| (2018) define FID as the Fréchet distance between
the two fitted Gaussians, which has the closed form:

FID(S, T) = ||us — pr|2 + tr (ES 57— 2(252T)1/2) .
This exact formula for multivariate normal distributions is given by Dowson & Landaul(1982). We
convert the distance into a bounded similarity score using an exponential kernel,

FID(S,T

Sim(S,T) = exp <—(’)> ,
-

where 7 > 0 is a temperature parameter controlling how quickly similarity decays with distance.

The resulting pairwise similarities between datasets are summarized in Table ] showing that CUB
and NABirds exhibit the highest semantic similarity (which is logical, as they are both bird datasets)
while MNIST and EuroSAT are the least similar among the evaluated pairs.

Table 4: Dataset Similarities (FID-style Metric)

Dataset A Dataset B Similarity
CUB NABIRD 0.78586
MNIST SVHN 0.42535
DTD CUB 0.33306
CUB DomainNet Infograph ~ 0.32415
SVHN CUB 0.25578
MNIST EuroSAT 0.23152

11



	Introduction
	Experimental Setup
	Same-Task Setting
	Multitask Setting
	Conclusion
	Related Works
	ResNet Variants Used In Our Analysis
	Net2Net Matching and Expansion Procedure
	Permutation Alignment Details
	Same-task ImageNet-ImageNet Merging Scores
	Multitask Merging Scores
	Dataset similarity using FID-style Metric

