
Appendix397

A1 Network Training398

Consider a model type denoted by M . We train a pair of models, {M1,M2} initialized with two399

different random seeds. We initialize the models using a uniform Xavier distribution [23]. This setup400

ensures that the two models are identical in architecture and achieve comparable task performance,401

allowing us to isolate the effects of stochastic variations in the SGD process (such as initialization402

differences and input order). By comparing the representations from these models, we can quantify403

the minimal set of transformations required to align them. All models are trained from scratch on404

CIFAR100 or ImageNet for 100 and 80 epochs respectively. We save model weights at every epoch405

and additionally store the best-performing weights based on test-set performance for each dataset.406

A2 Out-Of-Distribution Datasets407

All OOD datasets were directly taken from [21], which share the same 16 coarse labels as ImageNet.408

Concretely, this set consists of the following classes: Airplane, Bear, Bicycle, Bird, Boat, Bottle, Car,409

Cat, Chair, Clock, Dog, Elephant, Keyboard, Knife, Oven, Truck.410

411

Each of the 17 stylized datasets are described below:412

• Color: Half of the images are randomly converted to grayscale, and the rest kept in their413

original colormap.414

• Stylized: Textures from one class are transferred to the shapes of another, ensuring that415

object shapes remain preserved.416

• Sketch: Cartoon-style sketches of objects representing each class.417

• Edges: Generated from the original ImageNet dataset using the Canny edge detector to418

produce edge-based representations.419

• Silhouette: Black objects on a white background generated from the original dataset.420

• Cue Conflict: Images with textures that conflict with shape categories, generated using421

iterative style transfer [19], where Texture dataset images serve as the style and Original422

dataset images as the content.423

• Contrast: Image variants modified to different contrast levels.424

• High-Pass / Low-Pass: Images processed with Gaussian filters to emphasize either high-425

frequency or low-frequency components.426

• Phase-Scrambling: Images with phase noise added to frequency components, introducing427

varying levels of distortion from 0→ to 180→.428

• Power-Equalization: The images were processed to normalize the power spectra across the429

dataset by adjusting all amplitude spectra to match the mean value.430

• False-Color: The colors of the images were inverted to their opponent colors while main-431

taining constant luminance, using the DKL color space.432

• Rotation: Rotated images (0→, 90→, 180→, or 270→) to test rotational invariance.433

• Eidolon I, II, III: The images were distorted using the Eidolon toolbox, with variations in434

the coherence and reach parameters to manipulate both local and global image structures for435

each intensity level.436

• Uniform Noise: White uniform noise was added to the images in a varying range to assess437

robustness, with pixel values exceeding the bounds clipped to the range [0, 255].438

A3 Additional Results on convergence across distribution shifts439

We also computed Procrustes alignment for the remainder of vision networks at the first convolutional440

and penultimate layer to assess whether a similar phenomenon holds as described in Sec. 4.3. Indeed,441

in Fig. A1, we observe a similar trend that was observed earlier, i.e.,: alignment mirrors task442

performance at higher network depths.443

12



(a) ResNet18 (b) VGG16

(c) VGG19

Figure A1: Procrustes alignment vs. task performance We compute the Procrustes alignment of
different network architectures on each of the 17 datasets for the first convolutional layer (Left) and
the penultimate (Right) layer from (a) - (c).

A4 Representational Alignment Over Training444

In Section 4.2, we compared networks trained for identical epochs and found that representational445

alignment plateaued within the first epoch. This rapid convergence, however, could still reflect446

networks following similar developmental trajectories driven by task optimization—essentially447

reaching high alignment early because they traverse a universal learning path toward the task solution.448

Figure A2: Evolution of Representational Alignment to a Fully Trained Network. Procrustes
alignment between each training checkpoint and the fully trained reference model, shown for CIFAR-
100 (top) and ImageNet (bottom). Each marker is one epoch (0 = untrained, 10 = ten epochs), with
color lightening for early epochs and darkening as training progresses. Alignment climbs sharply
within the first epoch and then levels off, while the earliest convolutional layers exhibit only minimal
change—highlighting that most convergence occurs long before peak task performance is reached.

449

To test whether task-optimization explains this phenomenon, we compared fully trained networks450

with networks at various intermediate training stages. Remarkably, high representational alignment451

still emerged predominantly within the first epoch, well before networks achieved optimal task452
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performance (Fig. A2). The earliest convolutional layers showed minimal change throughout training,453

consistent with learning approximately linear transformations for basic visual feature extraction.454

Altogether, these results imply that representational convergence is driven by early optimization455

dynamics, not by attaining the final task solution.456

A5 Representational Alignment for Self-Supervised Networks457

So far, we have demonstrated our findings using a fully supervised learning objective. To assess458

whether these findings generalize to alternative training paradigms, we next investigate the effect of a459

self-supervised learning approach. In particular, we validate our results on models trained with an460

unsupervised framework using a contrastive learning objective—Momentum Contrast (MoCo) [24].461

We train a pair of networks (ResNet50 backbone) initialized with 2 different random seeds on462

ImageNet for 50 epochs.463

Alignment Across Network Hierarchy. Much like fully supervised networks, our results indicate464

that representational convergence is most pronounced in early layers and decreases with network465

depth (Fig. A3-A). We also note an analogous trend of the linear and Procrustes alignment scores466

being comparable, suggesting that representational variability across models that can be explained467

well using rotations and reflections, rather than complex affine transformations.468

Convergence Across Distribution Shifts. When comparing representational alignment between469

self-supervised networks across distribution shifts, we observe that OOD and in-distribution alignment470

values are closely matched in early layers, indicating shared representational structure robust to471

distribution shifts. In contrast, deeper layers show increasing divergence (Fig.A3-B) for OOD inputs.472

This echoes our findings from supervised networks—even under self-supervised learning, networks473

initially develop general-purpose filters that are fairly aligned across all stimulus distributions but474

progressively evolve task-specific representations sensitive to distribution shifts.475

Figure A3: Representational Alignment with Self-Supervised Networks. (A) Representational
alignment across layers of a pair of MoCo-trained ResNet50 models on ImageNet. Error bars indicate
standard deviation from 5-fold cross-validation. (B) We plot the Procrustes alignment between MoCo
models evaluated on in-distribution (ImageNet) and out-of-distribution (Stylized ImageNet [21])
stimuli. Error bars show standard error across all (n = 17) OOD datasets. (C) Change in Procrustes
alignment score with every training epoch. Colors in the bar-plot indicate the top-1 accuracies during
training. (D) Permutation alignment in the native and randomly rotated basis. Each dot corresponds
to a convolutional ResNet50 layer. Bars indicate mean alignment. Rotation reduces mean alignment
by 14.87%.

Alignment Over Training. In Fig. A3-C, we show how the correlation score computed using476

the Procrustes alignment metric for a pair of networks evolves over training. Consistent with our477
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findings in the supervised regime (Sec. 4.2), the bulk of representational alignment occurs in the first478

epoch—well before task performance has peaked.479

Sensitivity To Permutation Alignment. We apply a random rotation to the converged basis of480

MoCo-trained models. Consistent with our earlier findings, this perturbation leads to a significant481

drop in permutation alignment (Fig. A3-D). These results suggest that regardless of the learning482

paradigm, networks converge to a privileged basis.483

A6 Comparisons to Brain Data484

In the following section, we apply our comparative analysis framework on brain data (Sec. 1). We485

analyze fMRI responses from four subjects (IDs 1, 2, 5 and 7) using data from the Natural Scenes486

Dataset (NSD) [1]. In this dataset, each subject viewed 37, 000 naturalistic images, with 1, 000487

images shared among all participants. For our analysis, we use these 1, 000 shared images to find how488

representational alignment between different subjects brains changes across the network hierarchy489

and to better understand the minimal sets of transformations needed to align two brains. We use the490

Soft-Matching score instead of the permutation alignment score since the number of recorded voxels491

is different across all subjects.492

We align responses from five key brain regions along the visual pathway: V1, V2, V3, V4, and493

the high-level ventral stream, arranged in approximate order of increasing visual processing depth.494

Regions V1–V4 are defined using the population receptive field (pRF) localizer scan session from495

the NSD, and the high-level ventral visual stream region is delineated according to the NSD streams496

atlas. All alignment values are normalized by the mean noise ceiling for each brain region, with noise497

ceilings computed following the standard procedure described in [1], based on the variability in voxel498

responses across three repeat measurements per stimulus.499

Figure A4: Convergence Across the Visual Cortex. Evolution of alignment scores computed
between different NSD participants across the visual cortex hierarchy. Consistent with Fig. 1,
alignment decreases along the depth of the visual cortex. Notably, Soft-Matching achieves comparable
alignment scores to Procrustes, suggesting a strong, region-specific voxel correspondence across
subjects. Error bars denote standard deviation across all (n = 6) participant pairs.

We observe that consistent with network results, inter-subject alignment decreases with visual500

processing depth across all alignment metrics (Fig. A4). However, unlike the network results, the501

soft-match scores closely approximate Procrustes scores in these brain data, suggesting that voxel502

responses are already highly axis-aligned across subjects and thus leave little room for rotations503

to further improve alignment. Notably, we also observe a substantial gap between Procrustes and504

linear alignment in the brain data, in contrast to ANNs where Procrustes closely approximates505

linear alignment. This discrepancy implies that inter-subject variability in human brains requires506

more flexible transformations (e.g., scaling or shearing) to achieve high alignment. Such variability507

could stem from individual differences in anatomical and functional organization, or from imperfect508

cross-subject ROI definitions.509
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A7 Representational Convergence in Vision Transformers510

Model Details. We analyze the ViT-B/16 variant of Vision Transformers (ViTs) [16] having patch511

size 16→ 16 trained on ImageNet and CIFAR100. We train multiple models using different random512

seeds for 25 epochs with batch size 32.513

Computing Alignment. For ViTs models, we analyze the [CLS] (class) token representations at each514

layer. This is because the [CLS] token aggregates the “information content” of all patch embeddings515

via the self-attention operator, making it a useful proxy to study representational geometry. In516

addition, computing representational similarity for [CLS] vectors avoids having to deal with pooling517

patch similarities into a single representative score.518

Results. We conduct analyses akin to DCNNs in Sec. 4. This yields several key insights on the519

following fronts:

Figure A5: Representational Convergence in Vision Transformers. (A) We plot the evolution of
alignment scores of three metrics (Linear, Procrustes, Permutation) computed between different seeds
of the same ViT, which was trained on CIFAR100 (left) and ImageNet (right). Error bars denote the
standard deviation across 5-fold cross validation. (B) We plot the inter-model orthogonal Procrustes
(left) and permutation (right) scores for all layer pairs. Gray line plots denote the maximum alignment
value over rows (right line) and columns (top line). (C) We visualize the evolution of the orthogonal
Procrustes score at different checkpoints, ranging from epochs 0 (untrained) to 25. Darker colors
correspond to epoch progression. (D) We rotate the converged basis of ViTs by a random rotation
matrix and recompute the permutation scores for models trained on CIFAR100 (left) and ImageNet
(right). Each dot represents a layer in the ViT. The permutation alignment remains approximately
constant in both cases.

520

1. Convergence Over Network Depth: Identical to DCNNs (Sec. 4.1), we observe a consistent521

downward trend of alignment scores with network depth across all metrics in Fig. A5-A. In522

addition, the Procrustes and linear alignments follow each other closely, again, suggesting523

that rotations and reflections can explain much of the variance in learned representations524

of ViTs. Further, the layer-wise alignment computed using the Procrustes metric reveals a525

pattern similar to CNNs (Fig. A5-B, left).526

2. Absence of privileged axes in ViTs: Unlike DCNNs, independent runs of the same ViT527

architecture do not converge to similar bases, and permutation scores between native and528

rotated axes remain statistically indistinguishable across all layers. This indicates that ViTs529

do not develop consistent, shared axes of representation across training seeds (Fig. A5-D).530

3. Early plateau of alignment in ViTs: Consistent with DCNNs, alignment across different531

ViT seeds shows no systematic increase after epoch 1 for any layer except the input embed-532
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ding, implying that late-stage training does not drive convergence (Fig. A5-C). The [CLS]533

token’s apparent alignment spike at initialization is likely an artifact of its uniform positional534

encoding and weight initialization rather than true inter-seed convergence.535

A8 Representational Convergence in Language Models536

Model and Dataset Details. We analyze models from the Pythia suite [6], a collection of537

autoregressive language models trained with varying architectures and random seeds. These models538

were predominantly trained on the Pile dataset [18]—a diverse and carefully curated corpus539

aggregating high-quality texts from sources such as academic publications, books, Wikipedia, and540

web-scraped data. This dataset provides a rich and heterogeneous distribution of language examples541

that supports robust learning of linguistic representations.542

543

Specifically, our analyses includes:544

• Same-Architecture Comparisons: We compare multiple instances of the Pythia-160m545

model, which share an identical architecture but differ in the initialization of random seeds.546

This allows us to assess the variability in representational spaces resulting solely from547

stochastic training factors.548

• Cross-Architecture Comparisons: In addition to seed variation, we compare models with549

different architectural configurations, namely the Pythia-70m and the Pythia-160m models.550

The primary architectural difference lies in network depth (i.e., number of layers), offering551

insights into how differences in model capacity and depth impact the learned representations.552

All alignment metrics are computed using the representations of all unique sentences from the553

Semantic Textual Similarity Benchmark (STSB) dataset [10].554

Methodology. For our representational similarity analysis, we perform two sets of computations:555

1. Final Checkpoint Analysis: For each model at its final checkpoint, we compute the similarity556

between every pair of layers using the three metrics used for vision models, namely the Permutation,557

Procrustes and Linear Alignment measures.558

2. Intermediate Checkpoint Analysis: Across the training run, we analyze 154 intermediate559

checkpoints sampled during the training process of the Pythia suite. At each checkpoint, for each560

model, we extract layer representations at normalized indices corresponding to the beginning (0),561

middle (0.5), and end (1) of the network. The similarity between these layers is then computed using562

the Procrustes measure.563

564

Results. Comparing representations across different language models yields several key insights:565

• Metric-Dependent Alignment: As shown in Figure A6-A, the evolution of alignment566

scores across the network hierarchy reveals that linear alignment consistently yields higher567

similarity scores compared to the Procrustes measure, which in turn scores higher than the568

permutation metric. However, as observed with vision networks, the Procrustes alignment569

approaches the linear alignment score implying that simple rotational and reflectional570

transformations account for much of the variability in representations across different571

language models. Further, unlike the vision case, high alignment is maintained across the572

network hierarchy and does not diminish with network depth.573

• Hierarchical correspondence: Layer-wise alignment comparisons reveal a pattern anal-574

ogous to the one observed in vision models: early layers correspond most closely with575

early layers, mid-level layers with mid-level ones, and late layers with their counterparts.576

This systematic correspondence is evident both—for models sharing the same architecture577

(Figure A6-B) and for models with different architectures (Figure A6-C).578

• Rapid representational convergence An examination of intermediate checkpoints shows579

that representational alignment emerges early for all three key layers (normalized indices 0,580

0.5, and 1). Alignment scores generally peak at around 8↑ 10 billion tokens (Figure A6-D),581

after which they stabilize or decline slightly—even as next-word prediction performance582
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Figure A6: Representational convergence in Language Models. (A) We plot the evolution of
alignment scores (computed between different seeds of the same network architecture) across the
network hierarchy for language models (Pythia-160m) trained with different seeds on the same Pile
dataset. The alignment values are computed using all sentences from the Semantic Textual Similarity
Benchmark [10]. Alignment consistently follows the order: Linear > Procrustes > Permutation,
reflecting the progressively stricter nature of the metrics. Notably, Procrustes transformations align
representations nearly as well as Linear transformations, mimicking the trend observed for vision
models. (B). Inter-Model Orthogonal Procrustes. We consider pairs of Pythia-160m models trained
on different seeds, and for each pair, compute the alignment scores between every pair of layers using
the orthogonal Procrustes metric. (C) Same as B but computed between networks with different
architectures (specifically layer depths). (D) We visualize the evolution of Procrustes alignment
between network pairs during across different model checkpoints. Alignment peaks around rapidly
8-10B tokens before saturating or declining even though the next-word prediction performance
continues to improve.

continues to improve up to 300B tokens as reported in the Pythia paper [6]. This mirrors the583

evolution observed in vision models.584
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