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ABSTRACT

Recent studies have observed that intermediate layers of foundation models often
yield more discriminative representations than the final layer. While initially at-
tributed to autoregressive pretraining, this phenomenon has also been identified
in models trained via supervised and discriminative self-supervised objectives. In
this paper, we conduct a comprehensive study to analyze the behavior of interme-
diate layers in pretrained vision transformers. Through extensive linear probing
experiments across a diverse set of image classification benchmarks, we find that
distribution shift between pretraining and downstream data is the primary cause
of performance degradation in deeper layers. Furthermore, we perform a fine-
grained analysis at the module level. Our findings reveal that standard probing
of transformer block outputs is suboptimal; instead, probing the activation within
the feedforward network yields the best performance under significant distribution
shift, whereas the normalized output of the multi-head self-attention module is
optimal when the shift is weak.

§ vit-probing

1 INTRODUCTION

Foundation models, which rely primarily on the transformer architecture (Vaswani et al., 2017),
have achieved impressive performance in a wide range of areas such as natural language process-
ing (Brown et al., 2020; Touvron et al., 2023), computer vision (Siméoni et al., 2025), time series
forecasting (Ilbert et al., 2024; Nie et al., 2023), and mathematical reasoning (Comanici et al., 2025).
These models are typically pretrained on massive amount of diverse data (Du et al., 2025; Shukor
et al., 2025) to encode general knowledge and then adapted to downstream tasks via finetuning (Hu
et al., 2022; Lee et al., 2023) or used as frozen feature extractors (El-Nouby et al., 2024; Oquab
et al., 2024) (note that the goal is different in tool-augmented large language models where models
learn to use a tool instead of incorporating knowledge in their weights (Houliston et al., 2025; Lewis
et al., 2020; Schick et al., 2023)). However, the reliability of foundation models remains a critical
challenge in real environments. As they operate at scale, distribution shifts inevitably occur, and
hidden representations remain effective only if the knowledge integrated during pretraining provides
a robust prior that withstands drift at deployment.

Representations under drift. In practice, distribution shifts can severely degrade the performance
by making the features extracted on out-of-distribution (OOD) data uninformative (Quionero-Candela
et al., 2009). For foundation models, where pretraining data is often inaccessible, detecting and
responding to this drift is a particularly challenging task. Notably, while some approaches assume
the type of shift is known a priori (Lee et al., 2023; Uselis & Oh, 2025; Xie et al., 2024, 2025), this
assumption rarely holds for general-purpose models. In this setting, Skean et al. (2025) challenged
the conventional wisdom that final-layer representations are universally optimal, demonstrating
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that intermediate layers can yield superior performance. In particular, they argued that autoregres-
sive vision models benefit from intermediate layers, whereas the final layer remains optimal for
vision transformers (ViT, Dosovitskiy et al., 2021). Other recent works appear to contradict this
conclusion (Bolya et al., 2025; Uselis & Oh, 2025), necessitating further investigation.

Our approach. In this paper, we study pretrained ViTs on out-of-distribution downstream image
classification tasks and investigate when and why intermediate layers outperform the final layer in a
linear probing setup (Section 3). We identify the distribution shift between pretraining and down-
stream data as the driving factor of this phenomenon, finding intermediate layers to be significantly
more robust than the final ones. Motivated by prior works on component-wise adaptation (Odonnat
et al., 2026; Zhao et al., 2024), we conduct a fine-grained study by probing each type of transformer
module: normalization layers, multi-head attention modules, residual connections, and feedforward
layers1 (Section 4). We find that transformer modules are not equally resilient to the shift.

Takeaways. Our analysis reveals two actionable takeaways summarized below:
1. In ID settings, final layers always yield better performance than intermediate layers;
2. In OOD settings, probing inputs and activations of intermediate feedforwards is better.

2 EXPERIMENTAL SETUP

Vision transformer. A ViT takes as input 2D images, which are split into square patches and
fed to a succession of transformer encoders. As shown in Fig. 2, each block consists of alternating
multi-head attention modules (MHA) and feedforward networks. The latter combines two fully
connected layers, FC1 (d → 4d) and FC2 (4d → d), separated by a GeLU activation (Act, Hendrycks
& Gimpel, 2016). Two LayerNorms (Ba et al., 2016), LN1 and LN2, precede the MHA and FFN,
and two residual connections, RC1 and RC2, follow them. In this work, we track the outputs of the 8
operations within each layer, denoting them by the name of their corresponding module. Note that
the standard approach is to probe RC2, the output of the transformer block (El-Nouby et al., 2024;
Oquab et al., 2024; Siméoni et al., 2025).

Implementation. All our experiments are conducted with an 86M-parameter ViT pretrained on
ImageNet-21k (Deng et al., 2009). For a given hidden representation, linear probing is done by pooling
the embeddings of the CLS token and applying a logistic regression with the L-BFGS solver. We
consider a diverse set of 11 commonly used classification benchmarks: Cifar10, Cifar100 (Krizhevsky,
2009); 5 variants from Cifar10-C (Hendrycks & Dietterich, 2019): Contrast, Gaussian Noise, Motion
Blur, Snow, Speckle Noise; 2 domains from DomainNet (Peng et al., 2019): Clipart, Sketch;
Flowers102 (Nilsback & Zisserman, 2008) and Pets (Parkhi et al., 2012). The preprocessing protocol
follows Dosovitskiy et al. (2021). The full implementation details are given in Appendix A.

3 DISTRIBUTION SHIFT DEGRADES THE PERFORMANCE OF FINAL LAYERS

Skean et al. (2025) showed that intermediate layers of large language models consistently outperform
the final ones. When conducting a similar analysis on vision transformers, they observe increasing
downstream performance toward the final layers, except for the AIM model (El-Nouby et al., 2024),
which is the only autoregressive vision model. It leads them to conclude that the benefit of intermediate
layers is not modality-dependent but rather a byproduct of pretraining, with the autoregression as the
driving factor.

Motivation. We notice that the vision experiments performed by Skean et al. (2025) are limited to
ImageNet (Deng et al., 2009), which is included in the pretraining set of the models studied (Bao
et al., 2022; Dosovitskiy et al., 2021; He et al., 2022; Oquab et al., 2024). We go beyond this
in-distribution (ID) setting and perform linear probing on a diverse set of out-of-distribution (OOD)
downstream data. As a sanity check, we conduct the same experiment in the ID scenario by finetuning

1In what follows, we use the terms module and component interchangeably, always referring to normalization
layers, multi-head attention modules, residual connections, and feedforward layers.
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the pretrained model on each dataset, respectively. The training protocol follows Dosovitskiy et al.
(2021), see Appendix A for details.

Results. In Fig. 1, the linear probing performance across layers is displayed for the pretrained
model (solid line) and for the finetuned model (dashed line). For each layer, probing is done on RC2,
the output of the transformer block. As we have no information on the degree of distribution shift
between pretraining and downstream data, we hypothesize that the stronger the shift, the larger the
performance gap between frozen and finetuned encoders. We sort the plots in decreasing order of
finetuning performance (see Table 3) from left to right: Flowers102, Cifar10, Contrast, and Speckle
Noise. Our findings are twofold: (1) in the OOD scenario, we observe that the deeper representations
become worse as the shift increases from left to right; (2) conversely, in the ID setting, the best visual
embedding is at the end of the network. Similar patterns can be observed on all datasets in Fig. 5.
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Figure 1: Layer by layer. Evolution of the linear probing performance across each layer of an 86M
ViT pretrained on ImageNet (the x-axis is the depth percentage of the layer). The solid line denotes
the model only pretrained, and the dashed line denotes the model finetuned on the dataset at hand.
From left to right, the shift between the pretraining and the downstream data increases. The stronger
the shift, the worse the final layers.

Distribution shift as the culprit. From Fig. 1, we conclude that the intermediate layers are more
robust to distribution shifts than final layers. This can be intuitively understood by the fact that layers
tend to specialize closer to the classification head. Our findings show that the benefit of intermediate
representations is not merely a byproduct of the pretraining objective, as suggested by Skean et al.
(2025), but also a consequence of the eventual presence of distribution shift. As such, when finetuning
is prohibitive, being able to identify whether the setting is ID or OOD is crucial to know which
accuracy profile to expect (from left to right in Fig. 1) and which layer to probe.

4 NOT ALL TRANSFORMER MODULES ARE WORTH PROBING ON OOD DATA

In the previous section, we observed that the linear probing performance of the last transformer
layers tends to degrade under distribution shifts. Inspired by Odonnat et al. (2026), where the authors
demonstrated that the transformer modules do not adapt to downstream data equally, we investigate
whether probing after a specific module within a transformer layer has an impact on the performance.
We conduct a similar but finer-grained analysis to that in Section 3 on a broader set of downstream
data across both layers and modules of the 86M ViT pretrained on ImageNet (Deng et al., 2009).

LN1

MHA

+ RC1

LN2

FFN

+ RC2

FC1

σ Act

FC2

Figure 2: Transformer block.

Table 1: Module by module. For each module, we report the best
linear probing accuracy over the layers. The best performance per
dataset is in bold and the module with the highest win rate is in gray .

Dataset LN1 MHA RC1 LN2 FC1 Act FC2 RC2
Cifar10 91.94 91.98 92.19 92.20 92.28 85.30 89.98 92.07
Cifar100 69.39 67.27 69.88 69.97 68.98 69.75 60.92 69.63
Contrast 78.05 74.55 78.30 79.05 78.15 80.20 70.85 77.95
Gaussian Noise 57.65 60.40 59.05 58.10 58.75 61.85 56.70 58.20
Motion Blur 66.85 64.30 68.50 67.75 66.80 71.15 60.90 67.75
Snow 67.30 66.15 68.10 67.30 67.35 69.30 61.50 67.70
Speckle Noise 59.75 61.85 60.25 59.95 59.90 63.35 58.00 59.80
Clipart 47.66 43.82 48.66 48.37 45.74 49.34 40.97 48.33
Sketch 32.36 30.95 33.32 33.07 31.11 34.90 28.45 32.99
Flowers102 96.58 96.34 96.58 96.62 96.44 91.64 95.23 96.62
Pet 88.36 88.33 89.48 89.51 88.47 83.46 85.80 89.18
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Results. In Table 1, we report for each dataset-module pair the best linear probing accuracy achieved
across the layers. Our findings are threefold: (1) the standard probing on transformer block outputs
(RC2) is suboptimal on all datasets but one, Flowers102, for which most components perform equally
well; (2) FC2 is the worst module to probe, with the lowest accuracy on 10 out of 12 datasets, while
Act is the best-performing one overall, with the highest win-rate over all datasets. We note that it
outperforms other components by a large margin when the shift is strong, despite being less good on
easier datasets such as Cifar10, Flowers102, or Pet. (3) Other modules yield comparable results, with
LN2 being slightly above. We further study these modules along the depth in Fig. 3. Akin to Fig. 1,
the plots are ordered in terms of increasing distribution shift between pretraining and downstream
data: Flowers102, Cifar10, Contrast, and Speckle Noise. We can see that FC2 consistently yields the
worst performance. When the shift increases, Act is the best module in intermediate layers while its
performance in final layers plunges. On the contrary, LN2 and RC2 yield subpar but more stable
results. Similar patterns can be observed on all datasets in Fig. 6.
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Figure 3: Layer by layer, module by module. Evolution of the linear probing performance of
transformer modules across the layers of an 86M ViT pretrained on ImageNet. From left to right, the
shift between the pretraining and the downstream data increases.

Signal propagation. We found in Section 3, intermediate representations are more robust to
distribution shifts than final layers. As the residual stream of each encoder bears information
from the previous layers, this could explain why the accuracy profiles of LN2 and RC2 are less
concave than Act and FC2. Furthermore, all modules are maps from (Rd)n to (Rd)n, except the
feedforward network, where FC1 increases the dimension of tokens to 4d and FC2 decreases back
to d. We hypothesize that by operating in a higher dimension, FC1 and Act help promote feature
disentanglement, which would benefit the probing. Since Act filters the potential noise induced by
the projection, it may explain its higher accuracy. Conversely, FC2 compresses the input, which may
impact the linear separability of data. Another interesting perspective comes from seeing feedforward
networks as key-value memory (Geva et al., 2021). The observed behavior can then be understood by
the fact that FC1 and Act capture semantic information in the inputs, which can be useful for linear
probing, while FC2 merely reflects a distribution over tokens. Our findings motivate further study of
the hidden representations of transformers. A promising direction would be to extend the analysis
of Skean et al. (2025) with information-theoretic, geometric, and invariance measures at the level of
transformer modules. A key takeaway for practitioners is that probing after the activation might lead
to the best performance, provided the correct layer is chosen. A safer approach, if the shift is difficult
to detect, is to probe the LN2 module, rather than the standard choice of RC2.

5 DISCUSSION

We study linear probing on pretrained vision transformers across both layers and modules on a diverse
set of classification benchmarks. We find that the discrepancy between pretraining and downstream
data is at fault for the degradation of the final layers’ performance, while intermediate representations
are more robust. We further notice that the standard choice of probing the outputs of transformer
blocks is not optimal. In comparison, the hidden representations after the feedforward activation
in intermediate layers are the richest under significant distribution shift, whereas the outputs of the
LayerNorm preceding the feedforward network are better when the shift is almost negligible. Our
work provides a novel perspective on the role of vision transformer hidden representations. We hope
it will help guide efficient methods towards detecting distribution shifts and identifying the layers
and modules to probe.
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Appendix

A IMPLEMENTATION DETAILS

Vision transformers. In vision transformers (ViT, Dosovitskiy et al., 2021), input 2D images are
split into square patches of size P , which are then flattened and linearly embedded into dimension d. A
classification token (CLS) is prepended to the sequence of patch tokens before positional embeddings
are added. The obtained sequence x = (x1, . . . ,xn) ∈ Rd×n is fed through a succession of
transformer layers (Vaswani et al., 2017), where the output representation of the CLS token serves as
the final encoder output. In our code, we follow the original ViT implementation from Dosovitskiy
et al. (2021) and use a convolutional layer to embed images (see Dosovitskiy et al., 2021, §“Hybrid
Architecture"). This is also the standard in the implementation from HuggingFace (2025). In Fig. 4,
we display the implementation of the ViT-Base model with a classification head for 10 classes (we
renamed our package “my_lib" to respect the anonymity).

# Python snippet to print the ViT architecture
from my_lib import ViT

model = ViT(name="base", n_classes=10)
print(model)

# Corresponding output
Transformer(
(embedding): Embedding(
(patching): PatchImages(
(patching): Sequential(
(0): Conv2d(3, 768, kernel_size=(16, 16), stride=(16, 16))
(1): Flatten(start_dim=2, end_dim=-1)

)
)

)
(blocks): ModuleList(
(0-11): 12 x TransformerBlock(
(attn_norm): LayerNorm((768,), eps=1e-12, elementwise_affine=True)
(attn): SelfAttention(
(qkv_mat): Linear(in_features=768, out_features=2304, bias=True)
(output): Linear(in_features=768, out_features=768, bias=True)

)
(ffn_norm): LayerNorm((768,), eps=1e-12, elementwise_affine=True)
(ffn): FeedForward(
(fc1): Linear(in_features=768, out_features=3072, bias=True)
(fc2): Linear(in_features=3072, out_features=768, bias=True)

)
)

)
(output): Output(
(output_layer): ClassificationLayer(
(output_norm): LayerNorm((768,), eps=1e-12, elementwise_affine=True)
(output): Linear(in_features=768, out_features=10, bias=True)

)
)

)

Figure 4: ViT-Base Implementation.

Data preprocessing. All our experiments are conducted on a varied collection of 11 classification
benchmarks: Cifar10, Cifar100 (Krizhevsky, 2009); variants from Cifar10-C (Hendrycks & Dietterich,
2019) with severity 5: Contrast, Gaussian Noise, Motion Blur, Snow, Speckle Noise; 2 domains from
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DomainNet (Peng et al., 2019), a challenging benchmark typically used for domain generalization:
Clipart, Sketch; Flowers102 (Nilsback & Zisserman, 2008) and Pets (Parkhi et al., 2012). The
preprocessing follows Dosovitskiy et al. (2021) and Kolesnikov et al. (2020): for training data, we
apply random cropping, a 224×224 image resizing, and random horizontal flip for training images.
For validation and test data, the 224×224 image resizing is applied before center cropping images.
All images are normalized using the ImageNet (Deng et al., 2009) statistics. It ensures images with
mean [0.485, 0.456, 0.406] and standard deviation [0.229, 0.224, 0.225]. For datasets that do not have
predefined training and test sets (i.e., datasets from Cifar10-C and DomainNet), we manually create
deterministic training and test sets following a 80%− 20% split. The deterministic part is crucial to
ensure no data contamination.

Finetuning setup. Our finetuning experiments follow the protocol from Dosovitskiy et al. (2021)
with a resolution of 224× 224. We optimize models with the Stochastic Gradient Descent (SGD), a
momentum of 0.9, no weight decay, a cosine learning rate decay, a batch size of 512, and gradient
clipping at norm 1. The finetuning resolution is of 224. For each pair of dataset - configuration, we
perform a sweep over 4 learning rates, as summarized in Table 2, and conduct 3 runs with different
seeds relative to network initialization and dataloaders. For each run, we monitor the training using a
validation set (20% of the training set). The final performance is the test accuracy of the checkpoint
that achieves the best validation accuracy.

Table 2: Finetuning hyperparameters. We report the choice of optimizer, batch size, training steps,
and learning rates.

dataset optimizer batch size training steps learning rates η
Cifar10 SGD 512 10000 {1e−3, 3e−3, 1e−2, 3e−2}
Cifar100 SGD 512 10000 {1e−3, 3e−3, 1e−2, 3e−2}
Contrast SGD 512 10000 {1e−3, 3e−3, 1e−2, 3e−2}
Gaussian Noise SGD 512 10000 {1e−3, 3e−3, 1e−2, 3e−2}
Motion Blur SGD 512 10000 {1e−3, 3e−3, 1e−2, 3e−2}
Snow SGD 512 10000 {1e−3, 3e−3, 1e−2, 3e−2}
Speckle Noise SGD 512 10000 {1e−3, 3e−3, 1e−2, 3e−2}
Clipart SGD 512 20000 {3e−3, 1e−2, 3e−2, 6e−2}
Sketch SGD 512 20000 {3e−3, 1e−2, 3e−2, 6e−2}
Flowers102 SGD 512 5000 {1e−3, 3e−3, 1e−2, 3e−2}
Pets SGD 512 4000 {1e−3, 3e−3, 1e−2, 3e−2}

Table 3: Full finetuning results. We report the best top-1 accuracy (%) on the test set over the
learning rate grid of each dataset (↑). Each entry shows the mean and standard deviation over three
finetuning runs with different seeds.

Dataset Cifa
r10

Cifa
r10

0

Con
tra

st

Gau
ssi

an
Nois

e

M
oti

on
Blur

Sno
w

Spe
ck

le
Nois

e

Clip
art

Ske
tch

Flow
ers

10
2

Pets

full finetuning 99.02±0.02 92.74±0.05 97.23±0.18 87.14±1.16 94.67±0.14 95.42±0.13 89.58±0.43 78.50±0.49 71.30±0.26 99.15±0.05 94.57±0.29

B ADDITIONAL EXPERIMENTS

We display in Figs. 5 and 6 the additional results on all benchmarks related to the experiments
of Sections 3 and 4, respectively.

9



Published as a conference paper at CAO Workshop at ICLR 2026

0 50 100
Layer Depth (%)

14

57

100

Ac
cu

ra
cy

 (%
)

Flowers102 

finetuned
pretrained

0 50 100
Layer Depth (%)

50

75

100

Ac
cu

ra
cy

 (%
)

Cifar10 

0 50 100
Layer Depth (%)

10

53

96

Ac
cu

ra
cy

 (%
)

Pet 

0 50 100
Layer Depth (%)

40

70

100

Ac
cu

ra
cy

 (%
)

Contrast 

0 50 100
Layer Depth (%)

36

66

96

Ac
cu

ra
cy

 (%
)

Snow 

0 50 100
Layer Depth (%)

40

68

96

Ac
cu

ra
cy

 (%
)

Motion Blur 

0 50 100
Layer Depth (%)

25

60

95

Ac
cu

ra
cy

 (%
)

Cifar100 

0 50 100
Layer Depth (%)

30

60

90

Ac
cu

ra
cy

 (%
)

Speckle Noise 

0 50 100
Layer Depth (%)

30

60

90

Ac
cu

ra
cy

 (%
)

Gaussian Noise 

0 50 100
Layer Depth (%)

4

42

80

Ac
cu

ra
cy

 (%
)

Clipart 

0 50 100
Layer Depth (%)

0

35

70

Ac
cu

ra
cy

 (%
)

Sketch 

Figure 5: Layer by layer. Evolution of the linear probing performance across the layers of an 86M
ViT pretrained on ImageNet. The solid line denotes the model only pretrained, and the dashed
line denotes the model finetuned on the dataset at hand. From left to right, the shift between the
pretraining and the downstream data increases. The stronger the shift, the worse the final layers.
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Figure 6: Layer by layer, module by module. Evolution of the linear probing performance of
transformer modules across the layers of an 86M ViT pretrained on ImageNet. From left to right, the
shift between the pretraining and the downstream data increases.
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