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Our Interpretability Research Agenda
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Competing mechanisms Infrastructure for interpretability

Circuits for Language and 
Interpretability

Tracing Reasoning and Bias

Competition of Mechanisms: Tracing How Language 
Models Handle Facts and Counterfactuals (ACL 2024)
The Reasoning-Memorization Interplay in Language 
Models Is Mediated by a Single Direction (ACL 2025)

When Seeing Overrides Knowing: Disentangling 
Knowledge Conflicts in Vision-Language Models 

(ACL 2026)

CLT-Forge: A Scalable Library for Cross-Layer 
Transcoders and Attribution Graphs

STRIDE: Training Data Attribution via Sparse 
Recovery from Subset Perturbations

Tracing Multilingual Representations in LLMs with 
Cross-Layer Transcoders (MeLLM, ACL 2026)

How Do Linear Probes Emerge? A Circuit-Tracing 
Framework with Concept-Targeted Attribution

Fluid Representations in Reasoning Models

Computation Graph Recovery from 
Chain-of-Thought

How Does Alignment Tuning Shape Representations 
of Sycophancy and Related Cue-Induced Biases in 

LLMs?



Large Language Models (LLMs) 
seem to be impressive at many 

tasks
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Impressive Maths Skills
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Agents for Coding
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Or Reasoning over Images and Structures
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Why Interpretability?
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I am very concerned about deploying such systems without a better handle 
on interpretability [...] I consider it basically unacceptable for humanity to be 
totally ignorant of how they work.

— Geoffrey Hinton

We are deploying models we don’t understand…

“People outside the field are often surprised and alarmed to learn 
that we do not understand how our own AI creations work.”

— Dario Amodei

Deploy without full 
understanding

Add safeguards to 
limit risk

Neither fully succeeds without understanding the model’s internals



Three Levels of Understanding
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Associational Observe correlations in the model

Reason about alternative internal computationsCounterfactual

● Attention patterns ● Activations

● Ablations ● Patching

● What would happen under different mechanisms?

A mechanistic explanation identifies the internal computation responsible for a 
behavior and predicts how interventions will change it.

● Probes

Interventional Perturb or manipulate components



How Are Capabilities 
Represented in Language 

Models?
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Mechanistic Interpretability & The Linearity 
Hypothesis

Park et al. (2024). “The Linear Representation Hypothesis and
the Geometry of Large Language Models”

 

 

 

 

 

 

Core Assumption - The Linearity Hypothesis:

• Concepts are represented as directions in 
high-dimensional space

• Semantic relationships manifest as linear 
transformations

• If we can find these directions, we can read the 
model's mind and mechanisms…
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Testing for Correlation (L1)
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Many features are linearly decodable from activations

We can measure them using linear probes 
(associational level of understanding)

Logit Lens: We can even apply a linear projection onto the 
vocabulary space 



Competition of Mechanisms: Tracing How 
Language Models Handle Facts and 

Counterfactuals

Zhijing Jin*
MPI & ETH

Diego Doimo
AREA 

Science Park

Bernhard Schoelkopf†

MPI & ETH
Mrinmaya Sachan

ETH
Francesco Ortu*

University of Trieste
Alberto Cazzaniga†

AREA 
Science Park

arxiv.org/abs/2402.11655
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Motivation: Inverse Scaling Prize
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TL;DR: Find an important task where larger language models do worse.



Motivation: Inverse Scaling Prize
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TL;DR: Find an important task where larger language models do worse.

One Winning Task:

“Redefine pi as 500. 
Q: What is the first digit of pi?”



The Redefinition Task
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GPT-3.5
(Nov 2023)



The Redefinition Task
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GPT-3.5
(Nov 2023)

● Mechanism 1: Memorization from training data

● Mechanism 2: Understanding the redefinition in the context



The Redefinition Task
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GPT-3.5
(Nov 2023)

● Mechanism 1: Memorization from training data

● Mechanism 2: Understanding the redefinition in the context

In the above case, the LLM fails to understand 
which mechanism it should let win



Competition of Mechanisms is at the core of many use 
cases

19

● Understanding competitive 
mechanisms to prevent 
unwanted behavior:

○ In RAG (Retrieval-Augmented 
Generation) settings: The model 
must align with the provided 
context.

○ In typical user interactions: The 
model should rectify incorrect 
information.

Redefinition
Factual Recall vs Redefinition

“Redefine pi as 6. The value of pi is __”

Competing redefinition
Early Redefinition vs Later Redefinition

“Define Java as a tourist destination. Actually, ignore the previous 
one, and Java should be a programming language. Java is ___”

Knowledge Update
Old knowledge vs Recent Knowledge

“The US president was Trump. Now the US president is ___”



Locating the Two Mechanisms / Circuits
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Residual Stream at Each Layer by Logit Lens
We project the embeddings of the last word (“by”) to the vocabulary matrix using the final unembedding 
transformation. 

21



The Roles of Attention Heads and MLP by Logit Lens
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What if we vary the input?
● We replace the altered token with tokens 

varying in similarity to the recalled token 
(in the input embedding).

● We measure the frequency of the 
winning mechanism across the dataset.

Original: “Apple”

Most Similar: “Snapchat”
Similar: “MSN”
Less Similar: “face”
Least similar: “environment”
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What if we vary the input?
● We replace the redefinition token with 

tokens varying in similarity to the 
recalled token (in the input embedding).

● We measure the frequency of the 
winning mechanism across the dataset.

● The larger the model is, the stronger 
memorization circuit it has.

Takeaways
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When Seeing Overrides Knowing: 

Disentangling Knowledge Conflicts in Vision-Language Models
Francesco Ortu, Zhijing Jin, Diego Doimo^, Alberto Cazzaniga^

Mark Zuckerberg wears a shirt with a logo of ____ (Amazon, Facebook)

Mechanism (A): Factual inner 
knowledge

Mechanism (B): Counterfactual 
visual context
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Competitions of Visual Information
What happens (inside a VLM) if we have two contrastive information coming from 
an image? How the components of the models interact together to produce the 
final prediction?

Mark Zuckerberg is often seen in shirts promoting ___ (Facebook)

Mechanism (A): Factual inner 
knowledge
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Competitions of Visual Information
How do this competition generalize when we have counterfactual visual context?

Mark Zuckerberg wears a shirt with a logo og(Amazon, Facebook)

Mechanism (A): Factual inner 
knowledge

Mechanism (B): Counterfactual 
visual context 27



Competitions of Visual Information
What happens (inside a VLM) if we have two contrastive information coming from 
an image? How the components of the models interact together to produce the 
final prediction?

Mark Zuckerberg is often seen in shirts promoting (Amazon, Facebook)

Mechanism (A): Factual inner 
knowledge

Mechanism (B): Counterfactual 
visual context 28



Dataset
Dataset: Starting from image-only WHOOPS* dataset (500 images), we create 
examples that trigger the competition.

*Breaking Common Sense: WHOOPS! A Vision-and-Language Benchmark of Synthetic and Compositional Images; N. G. Bitton et. al.; 2023
29



Logit Lens and Attention Intervention

Mark Zuckerberg 
is often seen in 
shirts promoting

img 
tokenizer

text
tokenizer

LLaVA

L1 L2 L32

Amazon

Attention Block

.. .. ..

30



Head Contributions
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Inference-time Intervention

Intervention on 20 counterfactual 
heads and 20 factual heads
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Where Do the Attention Heads Look?
We identify the x% most attended pixels 
from the counterfactual heads and mask 

them.
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Identifying Counterfactual Image Patches 
We identify the x% most attended pixels 
from the counterfactual heads and mask 

them.
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The Reasoning-Memorization Interplay 
in LLMs  Is Mediated by a Single 

Direction

Yihuai Hong Zhijing Jin†

ACL 2025

Lei Yu†Dian Zhou Meng Cao

https://arxiv.org/pdf/2503.23084
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Check Out Our Materials

● GitHub Paper List: github.com/zhijing-jin/CausalNLP_Papers 

● Causal NLP Tutorial @ EMNLP 2022: youtu.be/4bq1ZYxXbtg
● For more materials: Follow @ZhijingJin on Twitter/X!
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https://github.com/zhijing-jin/CausalNLP_Papers
http://youtu.be/4bq1ZYxXbtg
http://x.com/ZhijingJin


Motivation
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Memorization Reasoning

Opposite extremes of model generalizability



Related Work
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Memorization – poor generalizability to 
questions outside training data



Related Work
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Linear Semantic Features 
– directions in latent 
space encode a meaning

𝐯king

𝐯queen 𝐯brother

𝐯sister
𝐯king – 𝐯queen ≅ 𝐯brother – 𝐯sister

This direction encodes 
gender



Transformers
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Transformer layers:

Multi-headed 
Attention

Multi-layer 
Perceptron

Skip Connections

Residual Stream 
Activation



Linear Reasoning Features
41

Hypothesize that reasoning capability is also 
determined by a direction…



Linear Reasoning Features
42

Create two datasets

𝒟
Memor

y

𝒟
Reasonin

g

What is the capital of the USA?

What is the specific heat capacity 
of water?

How many teams are in the NBA?

…

What is (5+2)*3?

A microwave oven is connected 
to an outlet at 120V, drawing 2A. 
What’s its power consumption?

Order from greatest to least: 3, 3 
and 1 over 8, 3.8, 3.18. 

…



Linear Reasoning Features
43

Difference-in-means 
technique

𝒟
Memor

y

𝒟
Reasoning



Linear Reasoning Features
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is the difference-in-means vector

We can use it to perform interesting things…



Reasoning feature addition 
— Adding      to modulate 
reasoning strength

Linear Feature Intervention
45



Reasoning feature ablation 
— Removing      
component to reduce 
reasoning strength

Linear Feature Intervention
46



Datasets
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MMLU-Pro-M

PopQA

C-Eval

MMLU-Pro-R

GSM-8K

MGSM

𝒟
Memory

𝒟
Reasoning



Example Queries (MMLU-Pro-M)
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Which word best summarizes 
Weber's explanation of the 
development of formally rational 
law?

[
"Socialism.", 
"Legitimacy.", 
"Authority.", 
"Democracy.", 
"Bureaucracy.", 
"Conflict.", 
"Capitalism.", 
"Charisma.", 
"Co-operation.", 
"Tradition." 

]



Example Queries (PopQA)
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What is Kanye West's occupation?



Example Queries (C-Eval)
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一般说来，应对直接材料价格差异负责的部门是____。

Translation:
Generally speaking, the department responsible for 
direct material price variances is ____.

[
“生产部门”, 
“采购部门”, 
“劳动人事部门”, 
“计划部门”, 

]

[
“Production Department”, 
“Purchasing Department”, 
“Labor and Personnel Department”, 
“Planning Department”

]

Generally speaking, the department responsible for direct material price variances is 
the Purchasing Department (materials purchasing department). 

Reason: Direct material price variances are the difference between the actual 
material price and the standard price, primarily due to factors such as procurement 
negotiations, supplier selection, purchase batches, and transportation. 

Therefore, the Purchasing Department is usually responsible, while direct material 
usage variances are mostly the responsibility of the Production Department. 

Would you like me to create a table comparing the departments responsible for "direct 
material price variances" and "direct material usage variances" for easier recall?



Example Queries (MMLU-Pro-R)
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A total of 30 players will play basketball at 
a park. There will be exactly 5 players on 
each team. Which statement correctly 
explains how to find the number of teams 
needed?

[
"Multiply 5 by 5 to find 25 teams.", 
"Divide 30 by 5 to find 6 teams.", 
"Add 5 to 30 to find 35 teams.", 
"Subtract 30 from 5 to find -25 teams.", 
"Divide 5 by 30 to find 0.1667 teams.", 
"Add 5 to 30 then divide by 2 to find 17.5 teams.",

]



Example Queries (GSM-8K)
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Joy can read 8 pages of a book in 20 
minutes. How many hours will it take her 
to read 120 pages?



Example Queries (MGSM)
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Roger has 5 tennis balls. He bought 2 
more cans of tennis balls. Each can 
contains 3 tennis balls. How many tennis 
balls does he have now?



Results
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Results
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Results
56



Conclusion

57

Memorization/Reasoning is mediated by a single direction

Generalize to larger models
Longer reasoning prompts?
Counterfactual Information?



But Linear Probes Alone Are 
Not Enough…
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Linear probes are not evidence of understanding

59
Elazar, Yanai, et al. "Amnesic probing: Behavioral explanation with amnesic counterfactuals." 
Transactions of the Association for Computational Linguistics 9 (2021): 160-175.

● Probes can detect information that is not causally used (amnesic probing)

● High-dimensional representations are easily linearly separable — even for random labels

Decodable ≠ used ≠ real

We need to recover the features the model actually uses



The Superposition Problem

Elhage et al. (2022). “Toy Models of Superposition”

Neurons aren’t clean and interpretable. Models have ~100M+ neurons 
but need to represent billions of concepts

Superposition: Models pack multiple features into the 
same neuron to save space

Neurons are polysemantic: they represent many 
concepts at the same time. 

Example: One neuron can represent “Japan”, 
“Sadness”… at the same time

How do we disentangle these representations?

1460



Sparse Auto-Encoders: Dictionary Learning for 
Neural Networks

+

+

+

Residual Stream

Layer 1

Layer 2

Layer 3

Neuron Bricken, Trenton, et al. (2023). "Emergence of sparse representations from noise."

Reconstructio
n Loss

Sparsity

DecoderEncoder

Feature

Overcomplete basis

15
61



Transcoders

Embedding +

Attention

+ Unembed

MLP input T MLP output

MLP layer input

Activation of the ith feature in the Transcoder

Approximated MLP layer output

Weighted sum of the decoder vectors 

Tradeoff between faithfulness and sparsity

There is a redundancy caused due to node duplication that 
represent the same conceptDunefsky et al. (2024) Transcoders Find Interpretable LLM Feature Circuits
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But How Do Features Evolve 
Across Layers?

SAEs and Transcoders cannot trace 
these dynamics

63



Cross-Layer Transcoders

Ameisen et al. (2025) Circuit Tracing: Revealing Computational Graphs in Language Models

+

+

+

Residual Stream

Layer 1

Layer 2

Layer 3

MLP

MLP

MLP

CLT

CLT

CLT

Joint training across all layers instead of layer-wise isolation

 

Input to the MLP of layer l

Reconstruction at layer 
l’

+

+
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CLT-Forge
A Scalable Library for Cross-Layer Transcoders and Attribution Graphs 

               Florent Draye              Abir Harrasse            Vedant Palit        Tung-Yu Wu        Jiarui Liu Punya Syon Pandey Roderick Wu

               Terry Jingchen Zhang               Zhijing Jin               Bernhard Schölkopf 65



CLT-Forge Library
github.com/LLM-Interp/CLT-Forge 

arxiv.org/abs/2603.21014 

66

https://github.com/LLM-Interp/CLT-Forge
https://arxiv.org/abs/2603.21014


Pipeline Summary

github.com/LLM-Interp/CLT-Forge 

67

https://github.com/LLM-Interp/CLT-Forge


Components: Saving Activations

For training a CLT, we need to reconstruct MLP outputs 
from their corresponding inputs

This requires model activations, which is facilitated in 
two ways: On the Fly or Pre-generated

On the Fly: This prevents storage of these large 
activations and is slower than pre-storing

Pre-generated : Since this requires a high memory 
usage, we deal with this using quantization and 

compression

Using quantization and compression, we observe a 2-3% reduction in activation reconstruction with a 
reduction of approximately - 4-7x (int 8) and 7-12x (int4,int2) from a float16 baseline

68



Components: CLT Training

Based on the optimization objective, CircuitLab 
supports multiple sparsity schedulers.

The Activation Function: JumpReLU

Initializations are derived from Anthropic 2025 to 
control initial sparsity levels and hyperparameters

Feature Sharding : Based on configurations in Ameisen 
et al. 2025, we split feature across multiple GPUs 

Using sharding on LLaMA 3.2 1B CLT, and splitting across 8 GPUs allows us to reach an expansion factor of 48 
i.e. 1.5 million features while maintaining a batch size of 512

69

https://transformer-circuits.pub/2025/january-update/index.html


Components: AutoInterp Generation

Automated Interpretability for scalability: Features 
activated in the CLT require explanations and doing 

them manually is tedious

For the Top-K activations, we simultaneously load and 
generate feature-level summaries

If the user requires it, these summaries are then used 
to generate prompts to generate LLM-based 

explanations and examples

For the natural language explanation generation, we use Llama-3.1-8B-Instruct for proper 
representation sequences, examples and feature summaries

70



Components: Attribution Graph and Visual Interface

Based on Hanna et al 2025, the attribution 
graph is computed as:

Feature nodes Top-activated features

Model interventionsHanna et al. (2025) Circuit-Tracer: A New Library for Finding Feature Circuits

- Activations of features are encoded by 
the CLT

- The model is linearized

- The edge weight is calculated by a 
backward pass using a custom gradient

71



CLTs enable a mechanistic 
understanding of representations, 

probing, and multilingual 
capabilities.
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Tracing Multilingual 
Representations in LLMs with 

Cross-Layer Transcoders

Abir Harrasse*  

MeLLM @ACL 2026
arxiv.org/abs/2511.10840 

Florent Draye* Zhijing Jin Bernhard SchölkopfPunya S. Pandey 73

https://arxiv.org/abs/2511.10840


The Multilingual Performance 
Gap

74



Hu et al. (2020). XTREME: A massively multilingual multi-task benchmark 
for evaluating cross-lingual generalization

English Consistently Outperforms Other 
Languages

75% of world 
population uses 
non-English as primary 
language

Linguistic bias & 
Economic implications

The “MENA Artificial Intelligence market” is 
estimated at USD 11.92 billion in 2023 and projected 
to reach USD 166.33 billion by 2030

https://www.grandviewresearch.com/industry-analysis/middle-ea
st-north-africa-mena-artificial-intelligence-market-report 

(accessed on 10 Nov, 2025) 75

https://www.grandviewresearch.com/industry-analysis/middle-east-north-africa-mena-artificial-intelligence-market-report
https://www.grandviewresearch.com/industry-analysis/middle-east-north-africa-mena-artificial-intelligence-market-report


Models still struggle with non-English languages

Ghaboura, Sara, et al. "ARB: A Comprehensive Arabic Multimodal 
Reasoning Benchmark." arXiv preprint arXiv:2505.17021 (2025).

GPT-4o produces incorrect reasoning traces in Arabic, while the same 
question yields a correct reasoning chain in English.
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Models still struggle with non-English languages

Unsafe behavior when using 
non-English languages

77



Models still struggle with non-English languages

English outperforms all other 
languages
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The Mystery of Language 
Processing in LLMs

79



Wendler et al. (2024). "Do Llamas Work in English? On the Latent Language of 
Multilingual Transformers"

View 1: Models Use Sequential English Pivot
Multilingual models process non-English inputs by routing through English 

representations in intermediate layers

1. Translation Task:
Français: "fleur" - 中文: "___”

2.    Repetition Task:
中文: "雪" - 中文: "雪" 
中文: "山" - 中文: "山" 
中文: "花" - 中文: "___”

3.     Cloze Task:
A "___" is used to play sports like soccer 

and basketball. Answer: "ball".
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Schut et al. (2025). "Do Multilingual LLMs Think In English?"

View 2: Models Use English-Biased Latent Space
Models make semantic decisions in English-biased space, but only for content 

words, not grammatical words

"Ze telen hun eigen ___”
 (They grow their own ___)

Open-Ended Generation
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Why the 2 views are not sufficient? Logit Lens vs 
Cross-Layer Transcoders

82



Do LLMs really think in 
English?

How Do Models Handle Language?

Overview

Why Do Models Fail in 
non-English Languages?



Do LLMs really think in 
English?

84



Model Training and Data Construction

- English
- French
- German
- Arabic
- Chinese

7B tokens (Chinchilla law)

We build 4 training data mixtures, ranging from 
English dominating with 90%, 70%, 50% to 20% 
equally distributed as the other languages

We train our tokenizer on the 20% data mixture 
with a vocabulary size of 119547. This is to avoid 
any source of bias in our study due to the tokenizer

We train 4 GPT2 models, one per mixture, using 
the baseline Karpathy implementation

Models: 
https://huggingface.co/collections/CausalNLP/multilingual-gpt2-mod
els-684ad70e5fb3c84962306af3 
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Replacement Model & Attribution Graphs

The replacement model is obtained by replacing the original model’s 
neurons with the cross-layer transcoder’s sparsely-active features

Original Model Replacement Model

This feature activates strongly 
when the model is about to say a 
state’s capital
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Replacement Model & Attribution Graphs
Nodes:

 

Where:

- Output nodes: corresponding to top output 
tokens required to reach 95% of probability mass .

-  Input nodes: corresponding to the 
embeddings of the prompt tokens.
- Intermediate nodes: corresponding to active 
cross-layer transcoder features at each prompt 
token position.
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Pruning Attribution Graphs

While the attribution graphs are sparse (by the sparsity constraint), there are still 
hundreds of features active to be visualized, we opt for pruning as a solution

- We take the adjacency matrix of the graph, replace all the weights by their absolute value, 
and normalize it row-wise.
- We compute the indirect influence matrix   between every pair of features. It 
can also be efficiently computed as: 

logit nodes

features x 
features 

logit nodesNode pruning: we take the logit nodes raw, take their 
weighted average according to the model’s output 
probabilities. We sort the nodes in descending order 
based on this logit average vector and we threshold

Edge pruning: We do the same thing with the pruned 
adjacency matrix, define the edge score as the weight 
of the edge by the logit influence score of the output 
node and prune with the same rule.

Cut-off index:
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Do LLMs really think in English?
The Multilinguality Score:

We then define the normalized distribution, and an 
entropy

Low entropy values: 
Language-specific features

High entropy values: Multilingual 
features

For each CLT feature ff, we compute its total activation in language l over 1000 sentences with 

context size 16:
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Do LLMs really think in English?

Finding 1:  Layerwise entropy 
follows a U-shaped trend. Entropy 
rises sharply in the middle layers 
indicating that middle layers 
integrate information into a shared 
multilingual space.
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Finding 2: The trend is robust across 
data mixtures and model scales. The 
emergence of a shared multilingual 
latent space in the middle layers is
stable across different training data and 
we also observe this well-defined 
behavior in the Llama 1B models

LLMs have a shared space across languages
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Do LLMs really think in English?

Finding 3: Model depth influences 
the behavior. For the 4-layer 
TinyStories model, the up-and-down 
pattern is absent and all layers have 
similar entropy scores, suggesting a 
minimum model size for this behavior 
to emerge.
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Do LLMs really think in English?

We study several prompts across the 4 models (with different data mixtures):

Content Word Sentences:

Preposition Sentences: - J’ai bu un tasse -> de (FR)
- It was a piece -> of (EN)

            (EN, FR, DE, AR, ZH)
- I prefer drinking tea to drinking 
-> coffee
- Winter, Spring, Summer and Autumn are the 
four -> seasons
- Monday, Tuesday, Wednesday, Thursday, -> 
Friday
- The opposite of “men” is “ -> women
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Do LLMs really think in English?

Finding 1: Layerwise organization 
exhibits a three-phase structure: early 
and late layers are mostly 
language-specific, while middle layers 
form dense multilingual clusters. 
Circuits for determiners remain largely 
language-specific.
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Do LLMs really think in English?

Finding 2: 
● In some cases in the 90% English model, the
late-layer English cluster is missing, suggesting 
the model does not always rely on English for 
semantic grounding. Conversely, layer 0 
sometimes already shows multilingual 
alignment. 
● When tokenization is clean, the first
attention and MLP blocks link semantically
equivalent tokens across languages, indicating 
that semantic mapping begins from the very 
first layer.
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Do LLMs really think in English?

Finding 3: Performance and 
representation quality are affected by 
tokenization. The model’s weaker 
performance on Arabic partially results from 
tokenization. Even with a balanced 
multilingual tokenizer, Arabic words are 
frequently split into small fragments, forcing 
the first layers (up to layer 3) to focus on 
reassembling words rather than learning 
higher-level meaning.
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How Do Models Handle 
Language?

98



Mechanisms of Language Decoding

Finding 1: 
● Across all attribution graphs, we find
that late-layer language clusters drive 
decoding. These clusters correspond to 
high-frequency features that activate for large 
proportions of tokens within their respective 
languages.
● For each language across mixtures, one or

a few features activate on 50-100% of tokens.
inactive tokens occur primarily at sequence
beginnings where language is ambiguous
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Mechanisms of Language Decoding

CLT features with the token 
activation frequency above 5% 
for the 20% model vs the 
probability in their top activating 
language. This shows that most 
high-frequency features are 
language features

100



Mechanisms of Language Decoding

Finding 2: Language features are colored and their activation percentage in their corresponding      
language is also displayed. Turning off language features and activating others from other 
languages switch to the prediction to the target language 101



Why Do Models Fail in 
non-English Languages?

102



We design a model diffing experiment…

Initial Model                                     
Finetuned 

Model

Finetune on underperforming language 

Encoder Decoder

CLT Dictionary

Encoder Decoder

CLT Dictionary

Finetune the CLT originally trained on                                    
activations from

on activations from 

This enables studying how models 
adapt to perform better in a language
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Model Diffing Results

It is intuitive that the model focuses on refining these representations: by strengthening their connection to the 
multilingual shared space in the middle layers,           can more effectively translate and map language-specific 
inputs to shared high-level representations, ultimately improving performance.

104



Model Diffing Results
We measure the language distribution for each of the buckets of features. Layers 0, 1 and 11 
are shown as examples: they’re the layers where most language shift happened.

German:
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Model Diffing Results

Arabic: • Layer 0 (embedding layer): Features remain 
largely unchanged:  the model preserves the 
base token embeddings.
• Layer 1: Changes primarily eliminate 
reductions for Chinese, while English and 
French dominate the remaining high-change 
features. Early layer adjustments help align 
language-specific signals with shared 
representations.
• Layer 11 (late layer): Most transformative 
changes occur here. High-change features 
(bucket 1) consistently increase probabilities 
for the target language across all languages, 
indicating that the model performs subtle 
adjustments (minor rotations or rescaling) to 
align language-specific features with the 
correct output while maintaining stable, 
well-behaved representations. 106



Model Diffing Results
Chinese:

These adjustments naturally push features from other languages into bucket 2 (low similarity), balancing the 
representation space. Notably, we also observe cross-language effects: finetuning German increases Arabic features in 
bucket 1, and Chinese exhibits similar interactions with French and Arabic. This hints at overlapping subspaces 
between languages, where modifications in one language can partially transfer to others.
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Model Diffing Results
Finetuning leads to more token assembly. A tokenizer problem that we’ve noticed through our 

graphs explorations. I’ll hint at this in next slides.

We find the token most aligned with 
the feature studied:
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Performance and representation quality are affected by tokenization. The model’s weaker 
performance on Arabic partially results from tokenization. Even with a balanced multilingual 
tokenizer, Arabic words are frequently split into small fragments, forcing the first layers (up to 
layer 3) to focus on reassembling words rather than learning higher-level meaning.
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Across all Arabic examples…



We study circuits of the Antonym Task, Prompts like: “The opposite of "men" is "
and the Category Completion Task, prompts like:  “Football, cycling, baseball are all”

We study it across the 5 languages and the 4 mixtures, we found: 

• A circuit pattern repeating across models and prompts

• Predictable model failure based on feature clusters

110

To Explore the Question Further…



Antonym Task: The 90% mixture:
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Examining Circuits…



Antonym Task: The 90% mixture:
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Examining Circuits…



Category Completion Task: The 20% mixture:
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Examining Circuits…



We intervene on the model by steering it towards or away from the selected clusters. 
We do this: 
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A Competition of Circuits is Behind the 
Failure
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• English consistently triggers stronger responses in task-specific circuits (Men&Women 
for Antonym task, Say Sports for Category Completion).
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And Bad Tokenization

• The difference narrows under balanced mixtures but remains linked to sub 
tokenization: languages with fragmented tokens show weaker edge strengths 
from embeddings to target clusters.



How Do Linear Probes Emerge? A Circuit-Tracing 
Framework with Concept-Targeted Attribution

               Florent Draye            Vedant Palit                Terry Jingchen Zhang                Zhijing Jin              Bernhard Schölkopf

Read the Paper
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https://drive.google.com/file/d/1P91njXFpcO8YLe8zZwOGltUohsBpAPlO/view?usp=sharing


Motivation

What causes the variation of the probe score and accuracy across layers?

Probes are diagnostic: They inform of how cleanly a concept is encoded, and where the encoding is the strongest

The Token Bottleneck: Current Attribution graphs explain next-token predictions, but not internal concept representations

The harassment report included: [Toxic Quote]. The platform..." → model safely predicts removed

A logit-targeted graph explains the safe continuation, not how the toxic content was recognized internally

The Gap: No existing method connects probe performance to mechanistic circuit structure
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Concept-Targeted Attribution (CTA)

Stage 1: Replace MLP modules with Cross-Layer Transcoders (CLT), with a trained probe at layer L

Stage 2: Build attribution graph with respect to the concept direction θ instead of a logit

Stage 3: Extract graph-structural and CLT features to predict probe accuracy and classification confidence
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Causal Dissociation

Are concept-encoding and generation circuits distinct?

Ablate probe-exclusive nodes → concept score collapses, generated token unchanged (~0% flip)

Ablate logit-exclusive nodes → generated token flips in 100% of cases, concept score unchanged

Knowing and saying recruit causally separable circuits
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Graph Structure Predicts Probe Quality

Can attribution graph topology predict probe accuracy? (Zhao et al. 2026)

35 structural features extracted per graph (global, nodal, topological)

Gradient Boosting regressor under 5-fold group-aware cross-validation (compared against Layer Baseline and Ridge)

ρ = 0.91, R² = 0.84 across four concepts

High-accuracy layers show concentrated, decisive circuits
121

https://openreview.net/forum?id=CxiNICq0Rr


A Stable Mechanistic Core

Do concept circuits vary arbitrarily across prompts?

Attribution graphs diverge at the periphery across prompts

However they converge on a shared feature vocabulary thus a canonical mechanistic core

Top predictive features appear 6–20× more often than a random feature at a layer

Many circuits, one core: concept encoding is structured and reproducible, not opportunistic
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A Meta-Causal Graph of a 
Learned Model
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Meta-Causal Graph of a Learned Model
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Training 
Data

Weights Activations Output

Training Dynamics 
& Weights Interp

Training Data 
Attribution (TDA)

Mechanistic 
Interpretability

Associational/
Behavioral

Understanding requires causal explanations across all levels



Training Data Attribution 
TLDRs
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Introduction to Training Data Attribution

Training
Data Model
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Training
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Introduction to Training Data Attribution
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Introduction to Training Data Attribution
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Prompt

Response

Identify the most influential 
training data for particular 

model responses

Model
Training
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Introduction to Training Data Attribution



Influence Function Analysis
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Test of Time: Rethinking Post-Cutoff Performance Decay on
LLM-generated Questions as a Signal of Benchmark 

Contamination

Mrinmaya SachanGopal Dev* Ning WangTerry J. C.  Zhang* Bernhard Schölkopf                Zhijing Jin

TL;DR: We show that post-cutoff performance decay in LLM benchmarks corresponds to retrieval-based question 
formulation rather than temporal generalization, which can be identified via influence function analysis and eliminated 
through synthesis-based QA generation that erases memorizable surface patterns.
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Interpreting LLM Political Propensities via Influence Functions

Terry J. C.  Zhang Zhijing Jin

TL;DR: We trace an open-weight LLM's political framings to specific pretraining documents via n-gram retrieval + 
influence functions. State-affiliated media is both scarce in the corpus and under-surfaced at retrieval; in a controlled 
pool where it's made available, influence functions surface it appreciably only on Mandarin prompts, a pattern we 
report descriptively, without claiming it isolates language from figure-identity.

Arth Singh
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SocialHarmBench: Revealing LLM 
Vulnerabilities to Socially Harmful 

Requests
ICLR 2026

Punya Syon Pandey Zhijing JinHai Son Le Devansh Bhardwaj Rada Mihalcea

arxiv.org/abs/2510.04891 
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https://arxiv.org/abs/2510.04891
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We trace training data behind the most successful attack: weight-space tampering, and 

identify documents linked to sociopolitically harmful responses.

Explaining Weight-Tampering Success Via Influence Functions
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STRIDE: Training Data Attribution via Sparse 
Recovery from Subset Perturbations

TL;DR: STRIDE traces a model’s predictions back to its training data in a scalable way by learning lightweight 
“activation steering operators” and uses them to recover the influence of individual training examples.

Abir Harrasse*  Florent Draye Zhijing Jin Bernhard SchölkopfRishit Dagli* Luke Zhang Amir Abdullah



Applications of Activation 
Methods
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Recovering Computation Graphs from Chain of 
ThoughtA mechanistic approach to analyzing Chain-of-Thought Faithfulness

Roderick Wu Florent Draye Aydin Javadov Bernhard Schölkopf Terry Jingchen 
Zhang

               Zhijing Jin

TL;DR: We introduce an automated framework that reconstructs the causal computation graph underlying a model’s 
Chain-of-Thought by using token-level interventions, showing that while many reasoning steps are causally 
meaningful, models also rely on implicit computations not expressed in the trace.



138

Fluid Representations in Reasoning Models

Dmitrii Kharlapenko Alessandro Stolfo Mrinmaya Sachan Arthur Conmy Zhijing Jin

TL;DR: We show that reasoning models like QwQ-32B improve performance by progressively refining their internal 
representations during Chain-of-Thought, developing abstract, structure-focused encodings (“Fluid Reasoning 
Representations”) that causally drive better problem solving.
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How Does Alignment Tuning Shape Representations of 
Sycophancy and Related Cue-Induced Biases in LLMs?

Prakhar Gupta Florent Draye Bernhard SchölkopfTerry Jingchen Zhang                Zhijing Jin

TL;DR: We show that cue-induced biases (e.g. sycophancy) in LLMs correspond to distinct, causally active directions 
in hidden states introduced during alignment tuning, which can be identified and steered to recover unbiased behavior.



Future Directions
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Future Directions
Towards Mechanism Identifiability

We can identify circuits, but we don’t yet know if they are the mechanism, or just a mechanism.

A principled understanding of why 
mechanisms arise would reveal the full 
equivalence class of solutions 
implementing the behavior

All mechanisms

Identified 
mechanisms
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From Attribution to Causal 
VerificationBuilding on concept attribution and CLTs, which tell us which 
circuits encode a concept, the natural next question is whether we 
can actually control those circuits reliably. Superposition means 
features share representational space, so targeting one concept 
may silently perturb others. The goal is a diagnostic that 
measures this interference before any intervention, so we know 
which model components are safe handles for steering behavior.

Future Directions
Causality is the key to generalization

Joshi, Shruti, et al. "Causality is key for interpretability claims to generalise." 
arXiv preprint arXiv:2602.16698 (2026).

Interpretability often produces findings that don’t generalize and overstate causal claims 

Causality tells you what kind of claims are valid, and only valid claims have a 
chance to generalize.

All mechanisms

Identified 
mechanisms

Causal 
mechanisms
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Thank you!
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Towards a Causal Mechanistic 
Understanding of Language Models

Slides of this talk: zhijing-jin.com
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