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Problem Statement

e We want to explain LMs’ behavior using computational graphs
e The nodes and edges should be meaningful to humans

e Construct graphs for one prompt at a time



Prior Work

e Cammarata et al. [1] constructed circuits out of raw neurons, but
neurons are often polysemantic (have multiple unrelated roles)

e Several other works have used sparse coding approaches:
o Sparse autoencoders (SAEs) [2], which attempt to reconstruct the
output of MLPs
o Transcoders [3], which attempt to emulate MLPs
o Cross-Layer Transcoders [4], transcoders that output to multiple
layers

[1] Cammarata, et al., “Thread: Circuits”, Distill, 2020.

[2] Bricken, et al., “Towards Monosemanticity: Decomposing Language Models With Dictionary Learning”, Transformer Circuits Thread, 2023.
[3] Dunefsky, et al., “Transcoders find interpretable LLM feature circuits”, NeurlPS, 2025.

[4] CLT: Lindsey, et al., "Sparse Crosscoders for Cross-Layer Features and Model Diffing", Transformer Circuits Thread, 2024.



Prior Work

e This paper is the first full paper to use cross-layer transcoders (CLTs)
e These model the computation performed by an LM’'s MLPs

e Their cross-layer nature results in simpler computational paths



Approach: Overview
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Figure: Ameisen, et al., "Circuit Tracing: Revealing Computational Graphs in Language Models", Transformer Circuits, 2025.
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Approach: Local Replacement Model
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Figure: Ameisen, et al., "Circuit Tracing: Revealing Computational Graphs in Language Models", Transformer Circuits, 2025.
CLT: Lindsey, et al., "Sparse Crosscoders for Cross-Layer Features and Model Diffing", Transformer Circuits Thread, 2024.



Approach: Local Replacement Model

e “Local”: for a specific prompt
e Fix attention weights and LayerNorm denominators

e This makes connections between features linear
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Approach: Local Replacement Model
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Approach: Local Replacement Model
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Approach: Local Replacement Model

Austin
& Reconstruction Error
Error nodes represent the difference
¢ 1,490 49/ between the original MLP output and the
replacement model’s reconstruction
€000 * 0 000

Attention-mediated weights

Attention patterns are frozen to their
*C 00 00 *0 ® value in the original model, allowing us
to define weights between features in
different token positions

Dallas capital ?
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Approach: Attribution Graph

Austin

e Eliminate weights that don't
affect the output

e This produces an attribution
graph
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Figure: Ameisen, et al., "Circuit Tracing: Revealing Computational Graphs in Language Models", Transformer Circuits, 2025.



Approach: Attribution Graph
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Results: Fact: Michael Jordan plays the sport of
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Results: Fact: Michael Jordan plays the sport of
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Results: Quantitative
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Results: Quantitative
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Results: Quantitative

0.60 -

0.55 4

Contrastive Eval Error

0.25 A

0.20

0.45 4

0.40 A

0.35 A

0.30 -

0.50 4 *

Dictionary Size
® 300k
A Tm
B 3m
¢ 10m
Dictionary Type
—— Cross-Layer Transcoder
—— Per-Layer Transcoders
- Thresholded Neurons
0.0 0.2 0.4 0.6 0.8 1.0

Normalized Reconstruction Error

Contrastive Eval:

1.

Generate a pair of similar prompts with
one key difference

|dentify features that only activate on
one of them

For each feature, provide the prompts
and feature visualizations to Claude

Ask Claude to guess which prompt
causes the feature to activate

Figure: Ameisen, et al., "Circuit Tracing: Revealing Computational Graphs in Language Models", Transformer Circuits, 2025.



Limitations

e Only focuses on explaining OV circuits
e Primarily focuses on local replacement models

e Parts of the approach are highly qualitative
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Conclusion

e Cross-layer transcoders learn interpretable features
e Models can use a variety of heuristics to arrive at an answer

e Thereis still much work to be done
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Background: QK Circuits and OV Circuits

out

Src

dst

The OV (“output-value”)
circuit determines how
attending to a given
token affects the logits.
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The QK (“query-key”)
circuit controls which
tokens the head prefers
to attend to.
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Elhage, et al., "A Mathematical Framework for Transformer Circuits", Transformer Circuits Thread, 2021.
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Approach: Local Replacement Model

e CLTs usethe JumpRelLU
activation function

JumpRelLUgy(2z)

e This helps enable sparsity
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Approach: Validation
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Approach: Global Weights
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Results: calc: 36+59=

Embedding Weight Plots

The direct effect of embeddings for
tokens 0—99 on the feature encoder.

Visualized for features active on a or b.
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Results: calc:

36+59=
Output Weight Plots

The direct effect of the sum of a
feature’'s decoders on the outputs for
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Results: calc: 36+59=

Operand Plots

The activity of a feature on
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Results: calc: 36+59=

sum=_95
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Results: calc:

6+59=
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Figure 16: A simplified attribution graph of Haiku adding two:

it numbers. Features of the inputs feed into separable processing pathways.

. View detailed graph

Sum Features

The model has finally computed information
about the sum: ts value mod 10, mod 100,
and its approximate magnitude.

Lookup Table Features

‘The model has stored information about
particular pairs of input properties. They take
input from the original addends (via attention)
and the Add Function features. Operand plots
are points, possibly with repetition (modular) or
smearing (low-precision)

Add Function Features

The model separately determines the ones
digit of the number to be added and its
approximate magnitude. Operand plots show
vertical or horizontal stripes

Input Features

‘The model has features specific to the ones
digit and to the approximate magnitude, at
various scales.

Most computation
takes place on the
betodn
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Results: calc: 36+59=
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Figure 19: Target prediction logits for different interventions on “calc: 36+59=".



Results: Quantitative

Path Length:
e How long are the paths in the computation graph?
e Shorter paths can be more interpretable

l ,  (Compute sum of strengths of all paths
B, — : Az P g P
¢ ZZZO between connected nodes)

PZ — Ze Bfe (Average across embedding nodes)
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Results: Quantitative

Mean Cumulative Path Influence
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Motivation

e Language models are powerful, but difficult to interpret

e Neurons cannot be
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Motivation

e Language models are powerful, but difficult to interpret

e This limits their trustworthiness and makes it hard to systematically
prevent unwanted behavior

e This inturn limits their applications
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Background: QK Circuits and OV Circuits

QK Circuit: Determined by Query and Key matrices

OV Circuit: Determined by Output and Value matrices

Elhage, et al., "A Mathematical Framework for Transformer Circuits", Transformer Circuits Thread, 2021.
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Background: QK Circuits and OV Circuits

“The QK circuit determines which "source” token the present "destination”
token attends back to and copies information from”

“[T]he OV circuit describes what the resulting effect on the "out"
predictions for the next token is”

Elhage, et al., "A Mathematical Framework for Transformer Circuits", Transformer Circuits Thread, 2021.
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Approach: Overview

Original Transformer Model Replacement Model
The underlying model that we study is a We replace the neurons of the original model with features. There are typically more features
transformer-based large language model. than neurons. Features are sparsely active and often represent interpretable concepts.
output output Feature
Annapolis« Massachusetts. Boston« Michigan.
MLP  Attention Little Rocke California. Sacramento«= Colora
LEErE 4 A (J—neuron il R Oioelaware: Dover« Florida.1 Tallahassee= Geg
et Concorde New Jersey.f Trenton< New Mex
;an.r Lans ing« Minnesota. Saint Paule Missig
=y nesseefl Nashvilles Texas. Austine Utahi: Sal
Layer 2 7 e & iaf§} Richmond « Washington.r Olymp ia« West Vi

To understand what a feature represents,
o |l we use a feature visualization, which shows

Layer 1 A A
dataset examples for which the feature is
most strongly active. In this example, the
feature fires strongly when the model is
Token1 Token2 Token3 Token1 Token2 Token3 about to say a state capital.

Figure 2: The replacement model is obtained by replacing the original model’s neurons with the cross-layer transcoder’s sparsely-active features.
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Approach: Perturbation
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Approach: Global Weights
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Discussion: Paper

e Concepts are introduced in a logical order
e |Interactive examples help communicate concepts

e The authors are transparent about the weaknesses of their approach
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