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Can Cross-Layer Transcoders replace Vision Transformer activations? An interpretable perspective on vision.
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TL;DR Cross-Layer Transcoders reconstruct and replace ViT MLP activations while preserving zero-shot accuracy, enabling faithful attribution of which layers build the final [CLS] and patch-token representations

RQ 01  ·  FUNCTIONAL REPLACEMENT

Can CLTs functionally replace MLP blocks in ViTs as an alternative interpretable proxy?

RQ 02  ·  FAITHFUL ATTRIBUTION

Do cross-layer contribution scores yield faithful, process-level attribution?
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Insight 02 ·  FUNCTIONAL REPLACEMENT based on Token Type

CLTs can replace MLP blocks, especially in later layers or for [CLS] tokens across all layers, preserving and 

even improving in some cases zero-shot classification performance

Insight 01 ·  FUNCTIONAL REPLACEMENT based on Token Size

Patch granularity matters. ViT-B/16 reconstruction more faithful than ViT-B/32. Smaller patches distribute 

information across more tokens, yielding simpler per-token activations that are easier to approximate

WH Y I NTE RPRE TAB ILI TY

Vision Transformers achieve strong zero-
shot performance, but their internal 
representations remain difficult to 
interpret [4] 

ME CHA NIS TIC INT ERP RET ABI LITY

SAEs and Transcoders operate within a single layer, 
interpreting features locally but not explaining how 
information is transformed across depth [2,3]

ID EA:  CL Ts F OR VIS ION

Leveraging the notion of CLTs from language to vision 
[1]: ViTs combine spatial patch tokens, 2D 
structure, variable granularity, and a global 
[CLS] representation

Can CLTs faithfully replace ViT computations and reveal 
how visual representations are built across ViT depth?

CONCLUSION
CLTs make ViT computation interpretable across depth. They preserve model behavior while 
revealing that patch tokens are mostly layer-local, whereas [CLS] integrates information broadly across 
layers.

FUTURE WORK
From interpretation to intervention: extend CLTs to attention and larger VLMs, using sparse cross-
layer features for circuit discovery and adversarial robustness.

Insight 03 ·  CROSS-LAYER CONTRIBUTION SCORES based on Token Type

[CLS] integrates across depth; patches remain local. Patch tokens show diagonal attribution, while [CLS] draws 
credit from many preceding layers

FAITHULNESS ATTRIBUTION

CROSS-LAYER CONTRIBUTION SCORES

CROSS-LAYER FEATURE RETRIEVAL

Motivation

Cascaded Replacement Insight 04 ·  NECESSARY AND SUFFICIENT ATTRIBUTION LAYERS

The top-4 attributed layers recover accuracy, while removing the highest-scored layer causes substantial degradation
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NECESSITY
remove top-1 attributed layer

SUFFICIENCY
retain only top-4 layers

Dataset Tokens Baseline Drop Top-1 Keep Top-4

CIFAR-100 all 61.65 59.68 −1.97% 59.96 −1.69%

[CLS] 61.65 59.91 −1.74% 60.72 −0.93%

COCO all 43.12 42.98 −0.14% 43.02 −0.10%

[CLS] 43.12 42.78 −0.34% 43.00 −0.12%

ImageNet-100 all 80.42 74.94 −5.48% 80.56 +0.14%

[CLS] 80.42 74.86 −5.56% 80.48 +0.06%
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