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Can Cross-Layer Transcoders replace Vision Transformer activations? An interpretable perspective on vision.
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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

Motivation

RQ 02 FAITHFUL ATTRIBUTION
Do cross-layer contribution scores yield faithful, process-level attribution?

IDEA: CLTs FOR VISION

WHY INTERPRETABILITY MECHANISTIC INTERPRETABILITY

Leveraging the notion of CLTs from
language to vision [1]: ViTs combine
spatial patch tokens, 2D structure,

ViT Understandning through CLTs

SAEs and Transcoders operate within a
single layer, interpreting features locally
but not explaining how information is

Vision Transformers achieve
strong zero-shot performance, but
their internal representations

Inference: Replacement Model
Replace MLP blocks with learned CLTs

Training: CLTs

Use pre — MLP activations Use CLTs as an interpretable proxy for ViTs

CROSS-LAYER CONTRIBUTION SCORES
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NECESSARY AND SUFFICIENT ATTRIBUTION LAYERS

Cascaded Replacement

Insight 04

CROSS-LAYER FEATURE RETRIEVAL

The top-4 attributed layers recover accuracy, while removing the highest-scored layer causes substantial degradation
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Replacement window (full cascade — only final layver) Replacement window (full cascade — only final layer) Replacement window (full cascade — only final layer])

Insight 02

@~ B/32-[CLS] -4 B/32- Palches

-l B/32 - All tokens =@ L/16 - [CL5]

—" B/16 - Patches

il BA16 - All tokens

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
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