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Our Interpretability Research Agenda

Competing mechanisms

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 Confilicts in Vision-Language Models
(ACL 2026)

Circuits for Language and
Interpretability

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

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

Infrastructure for interpretability

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

STRIDE: Training Data Attribution via Sparse
Recovery from Subset Perturbations

Tracing Reasoning and Bias
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



Impressive Maths Skills

PROBLEM 2 AIME 2024 &)
c tition Math
Adapted from AMC12B 2020 Problem 6 ampolin =

For all integers n > 9, prove that ((n + 2)! — (n 4+ 1)!)/nlis a o1 934
perfect square. 87.3

Formal Informal

Expanding the expression we get:

Accuracy (%)

(m+2)! = (n+1)/n! = ((n+2)(n+ 1)n! — (n + 1)n!)/n!

Dividing by n! we obtain:

(n+2)(n+1)—(n+1)

Factoring (n + 1) we get: (n + 1)(n + 2 — 1) = (n + 1)? which
concludes the proof.




Agents for Codin

eve

® Edit(src/api/retry.ts)

+Refactoring.. |

fetchWithRetry() attempts up to 3 times with exponential backoff

(256ms » 1s). It only retries on 5xx and network errors.

> what does the retry logic do?

% Prime Number

claude

® You're right. The current implementation incorrectly identifies 2 as not prime because of the first check

Let me fix this issue:

e Update(file_path: prime.py)..
Updated prime.py with 6 additions and 3 removals
def is_prime(n):
if n <= 1:
return False
if n

return Tru
if n% 2 0:
return False
for i in range(3, n
for i in range(3, int(n**0.5) + 1, 2):
=0

if n% i
return False
else:
return True
return True

n = int(input())
print(is_prime(n))

® Fixed the prime number checker with these improvements:
. Special case for 2 (returns True)
. Handles ns1 (returns False)
. Only checks up to square root of n for efficiency
. Only tests odd divisors after checking for even numbers
. Removed unnecessary else clause

Share

QAOD




Or Reasoning over Images and Structures

Elemental Identification in Molecular Species

https://gemini.google.com/share/ed54cf13ccéa O P

Created with Thinking 19 November 2025 at 00:24 - Published on 19 November 2025 at 00:29

/€8 and
cluding E-F b

2!

Part 1: Identifying Elements in Species 1, [2]", and [3]"

Identify elements E*1,

[2]*-,and [3]"-inthe 1. |dentification of Species 1
choose which elemen

would display thegive o Analysis of E! (Left side):

o Geometry: Square pyramidal. The central atom is bonded to 4 Fluorines and 1 Carbon
(phenyl group). This A X5 coordination usually implies an A X5 F, geometry (5 bonds + 1
lone pair) to achieve the square pyramidal shape. This requires 7 valence electrons
(Group 17).

Bond Length: cl(E1 —F)=1.91 A. Looking at Table 1, this falls squarely within the
ranges for lodine (1) (1.90-2.00 A), Tellurium (Te), and Xenon (Xe).

o Analysis of E2 (Right side):




Why Interpretability?



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 Al creations work.”
— Dario Amodei

I am very concerned about deploying such systems without a better handle
on interpretability [...] | consider it basically unacceptable for humanity to be
totally ignorant of how they work.

— Geoffrey Hinton

N

Deploy without full Add safeguards to
understanding limit risk

¥

Neither fully succeeds without understanding the model’s internals




Three Levels of Understanding

Associational Observe correlations in the model

e Attentionpatterns e Activations e Probes
Interventional Perturb or manipulate components

e Ablations e Patching
Counterfactual Reason about alternative internal computations

e What would happen under different mechanisms?

A mechanistic explanation identifies the internal computation responsible for a
behavior and predicts how interventions will change it. 9



How Are Capabilities
Represented in Language
Models?



Mechanistic Interpretability & The Linearity

Hypothesis

king — man king

man

—————— queen

king —man + woman = queen

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...

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



Testing for Correlation (L1)

Many features are linearly decodable from activations

¥

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

f(h)=w'h+b

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

12
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Competition of Mechanisms: Tracing How
Language Models Handle Facts and

Counterfactuals
arxiv.org/abs/2402.11655

Francesco Ortu*  Zhijing Jin*
University of Trieste ~ MPI & ETH AREA ETH MPI & ETH AREA
Science Park Science Park"®


https://arxiv.org/abs/2402.11655

Motivation: Inverse Scaling Prize

TL;DR: Find an important task where larger language models do worse.

Many tasks like this Any tasks like this?

Performance
Performance

Model size Model size

14



Motivation: Inverse Scaling Prize

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?”

N

)

15



The PI\I\II\":I’\:":I\IF\ TAnl,

Context: In our emergency code, “Code Blue” means
gency

there is a technical fault, not a medical emergency.
User: What does Code Blue mean?
/

Assistant: In a medical context, “Code Blue”
typically refers to a medical emergency, specifically
acardiac arrest. It is a code used to alert healthcare
providers that immediate resuscitation is required.

o

GPT-3.5
(Nov 2023)

16



The Redefinition Task

Context: In our emergency code, “Code Blue” means
g Yy

there is a technical fault, not a medical emergency.
User: What does Code Blue mean?
/

Assistant: In a medical context, “Code Blue”
typically refers to a medical emergency, specifically
acardiac arrest. It is a code used to alert healthcare
providers that immediate resuscitation is required.

o

e Mechanism 1: Memorization from training data

e Mechanism 2: Understanding the redefinition in the context

GPT-3.5
(Nov 2023)

17



The F)AAA-F:n:-I-:An TAnl,

Context: In our emergency code, “Code Blue” means

thereis a technical fault, not a medical emergency.
User: What does Code Blue mean?

Assistant: In a medical context, “Code Blue”
typically refers to a medical emergency, specifically
acardiac arrest. It is a code used to alert healthcare
providers that immediate resuscitation is required.

o

e Mechanism 1: Memorization from training data

e Mechanism 2: Understanding the redefinition in the context

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

GPT-3.5
(Nov 2023)



Competition of Mechanisms is at the core of many use

cases . . Redefinition
® Understanding competitive Factual Recall vs Redefinition
mechanisms to prevent “Redefine pi as 6. The value of piis __”
unwanted behavior:
o In RAG (Retrieval-Augmented Competing redefinition
Generation) settings: The model Early Redefinition vs Later Redefinition
must align with the provided “Define Java as a tourist destination. Actually, ignore the previous
context. one, and Java should be a programming language. Java is ___"
o Intypical userinteractions: The
model should rectify incorrect
Knowledge Update

inf tion.
Information Old knowledge vs Recent Knowledge

“The US president was Trump. Now the US presidentis ___

2

19



| nratinn tha Twwn Macrhanieme / Clireriite

Redefine:
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produced
by
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Knowledge Recall
MLP layer O

Knowledge Recall
MLP layer O

Knowledge Recall
Attention+MLP layer O

Induction Circuit

Apple

Apple

Y

Memorization Token
’ Attention layer 9,10,11

Final

Redefinition Token Logits

> Attention layer 5-8,11

Prediction

??



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.

Redefine:

is
produced
by

is
produced
by

—

D : GR
Layer 0 Y5 Layer 1 v
Vocab

Apple|0.009%
IBM {0.007%

—

Layer 10

T

Layer 11




The Roles of Attention Heads and MLP by Logit Lens

Redefine:

is
produced

produced
by
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[
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Redefinition toke

)
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What if we vary the input?

e \We replace the altered token with tokens R
varying in similarity to the recalled token
(in the input embedding).

e \We measure the frequency of the L
winning mechanism across the dataset.

GPT2-medium

Original: “Apple”

Most Similar: “Snapchat”

Sim i |al': “MSN” GPT2-small
Less Similar: “face”

Least similar: “environment”

|

o

20
Percentage of cases where Mechanism 1 wins (%)
Original
Level O (less similar)
Level 1
Level 2 23
Level 3 (most similar)

Similarity level:




What if we vary the input?

e \We replace the redefinition token with
tokens varying in similarity to the

recalled token (in the input embedding).

e \We measure the frequency of the

winning mechanism across the dataset.

Takeaways

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

o -
GPT2-large .
GPT2-small '
0 10

20
Percentage of cases where Mechanism 1 wins (%)
Original
Level O (less similar)
Level 1
Level 2 24
Level 3 (most similar)

Similarity level:




When Seeing Overrides Knowing:

Disentangling Knowledge Conflicts in Vision-Language Models

Francesco Ortu, Zhijing Jin, Diego Doimo*, Alberto Cazzaniga*

Mechanism (A): Factual inner
knowledge

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

Mechanism (B): Counterfactual
visual context

25



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?

Mechanism (A): Factual inner
knowledge

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

26



Competitions of Visual Information

How do this competition generalize when we have counterfactual visual context?

‘ Mechanism (A): Factual inner

- knowledge

B4

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

~

N

E
1
Uil
&

N\ 7m

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?

‘ Mechanism (A): Factual inner
2 knowledge

1

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

l!
P ‘ a,
il 3

\\\\ /i

|
»

Mechanism (B): Counterfactual
visual context 28



Dataset

Dataset: Starting from image-only WHOOPS* dataset (500 images), we create

examples that trigger the competition.

Jhon Lennon is seen
working in a

guitar,

computer,
Zone, laptop,
a%bum, notebook
piano,
lyric

Slash is playing a

guitar,
solo,

concert,
pitt,
song

saxophone

The sound the fox
is making is

yipping,
barking,
yelping,
scraming

howl,
roar,
howling

Bell from Beauty and the
Beast is getting ready
to kiss the

fpog beast,
prince,
enchanted prince,
man she loves,
love of her life

The children gathered
aroung the campfire
set up in the

backyard, room,

clearing, house,
woods, home,

courtyard, indoor,
meadow interior

29

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



Logit Lens and Attention Intervention

Mark Zuckerberg
is often seen in
shirts promoting

Attention Block
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Head Contributions
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28

26
24|
22|

20
- 18

© ]
GJ16_
I 14

12

4

6

8

10 12 14 16
Layer

Factual Accuracy (%)

Counter- 25 50
factual

= =
= =
[ =
[ |
[ |
=
= =
.
= = m
B |
[
=
18 20 22 24 26 28 30
75 Factual

31



Inference-time Intervention

80
X
%)
@ 60
3
Intervention on 20 counterfactual <
heads and 20 factual heads = 40
>
(%)
(4]
L
20

Model = Gemma3 ® LLaVA-NeXT

32



Where Do the Attention Heads Look?

We identify the x% most attended pixels

from the counterfactual heads and mask
The British guards are known

them.
for their distinctive
bearskin hats which
are
60%
o black rainbow
©
=
o 40%
c
S
=
2 =
X The surgeon with careful
o . .
precision cuts the
0%
D > @ tissue fruit
N
& &
OC\@
00

33



ldentifying Counterfactual Image Patches

We identify the x% most attended pixels
from the counterfactual heads and mask

them.
LLaVA-NeXT
801
< |
60% S ol
> L
8 | .
: 5 601
8) 8 | =)
<_E> 40% < 50 ;
E g | q;’.’f‘f
2 S 40 e
% 20% T 30 o 00 o - 00 © 9 ° 20000 @ -
O\o : ” S €9 80 100
% Pixels Removed
0% @ Through Attn Heads -®* Random == Through Gradients
N N \
?‘{@S‘)\’bqb&\)fb



|
NYU

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

nttps SRS EHO: 25084

11 4 Q QG

Yihuai Hong Dian Zhou Meng Cao Lei Yu® Zhijing Jint
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Check Out Our Materials

e GitHub Paper List: github.com/zhiiina-iin/CausalNLP_Papers

e Causal NLP Tutorial @ EMNLP 2022: youtu.be/4bg1ZYxXbtg
e For more materials: Follow @ZhijingJin on Twitter/X!

36


https://github.com/zhijing-jin/CausalNLP_Papers
http://youtu.be/4bq1ZYxXbtg
http://x.com/ZhijingJin

Motivation

Memorization Reasoning

Opposite extremes of model generalizability

37



Related Work

Memorization — poor generalizability to
guestions outside training data

38



Related Work

Linear Semantic Features
— directions in latent
space encode a meaning

IR

v

Vking a uneen brother Vsister

This direction encodes
gender

queen

King

Vbrother

sister

39



Transformers

(=D )

l

A

Transformer layers:

a

Multi-headed

Attention

N

)

>

Y

(&

Multi-layer
Perceptron

40

W) = 7P x)

l l
+ a()(xi) =+ m()(xl,)

Residual Stream
Activation

Skip Connections




Linear Reasoning Features

Hypothesize that reasoning capability is also
determined by a direction...

41



Linear Reasoning Features

Create two datasets

Memor

Reasonin

42



Linear Reasoning Features

Difference-in-means
technique

Reasoning

> h®(z) >  hW(z)
r(l) L = € DReasoning . € DMemory *

| DReasoning | | DMem()ry |




Linear Reasoning Features

z
r( ) is the difference-in-means vector

We can use it to perform interesting things...

44



Linear Feature Intervention

Reasoning feature addition
— Adding 7A(l) to modulate
reasoning strength

h'Y(z) « hO(z) + a *r®

45



Linear Feature Intervention

Reasoning feature ablation
— Removing ,.(
component to reduce
reasoning strength

hW®(z) « h®(2) — ##Th O (2)

'U)

(%)

46



Datasets

Memory

Reasoning

47



48

Example Queries (MMLU-Pro-M)

Which word best summarizes
Weber's explanation of the
development of formally rational
law?
The best word from that list to summarize Weber's explanation of the development of formally rational law

[ is:

"Socialism.",
"Legitimacy.", "Capitalism." ¥
"Authority.",
"Democracy.", Weber argued that formally rational law (abstract, codified, and systematically applied rules) emerged
NP CENCEIOAM olongside the rise of modern capitalism. The needs of capitalist economies—predictable contracts, calculable
COHﬂICiIZ. ’ outcomes in legal disputes, and impartial adjudication—required a legal order based on rationality rather
"Capltallsm.; ’ than tradition, charisma, or particularism.
Charisma.",
_IC_O'(?peratlon' d Would you like me to also explain why some of the other terms (like bureaucracy or authority) might seem
"Tradition."

relevant but are less precise here?




49

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

Kanye West's occupations include:

e Rapper and Singer — one of the most influential hip-hop artists of the 21st century.

e Songwriter and Record Producer — produced for artists like Jay-Z, Alicia Keys, and Ludacris before
releasing his own albums.
e Fashion Designer — founder of the Yeezy brand in collaboration with Adidas and other fashion ventures.

e Entrepreneur — has been involved in music labels, fashion lines, and other business projects.

Would you like me to give you his current (2025) active roles, since some of these have shifted in recent

years?




50

Example Queries (C-Eval)

— iR, N EEMENEERHTMEIIR 0 —fRiisk, FESRMEERA S0 IR RS (HEREET)
Translation: B
Generally speaking, the department responsible for . EEMENEERECFENESIRENEZANES, TEIRAT WA, MR,
direct material price variances is . e, EHEER.
. FERERERIGE, TESEREERNSHEr=8I0E
[ - BEREHARE EENEE R T EE N B R ER RS TR H—  rEE, HEEiz?
“HE R,

“RIERIT”,

Generally speaking, the department responsible for direct material price variances is

%'Eﬂ*%%m T, the Purchasing Department (materials purchasing department).
“THRIERITY”,
] 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.
Production Department’, Therefore, the Purchasing Department is usually responsible, while direct material
“Purchasing Department”, usage variances are mostly the responsibility of the Production Department.
“Labor and Personnel Department’,
“Planning 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)

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?

[

"Divide 30 by 5 to find 6 teams."

"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.",

51
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Example Queries (GSM-8K)

Joy can read 8 pages of a book in 20
minutes. How many hours will it take her
to read 120 pages?

Let's carefully calculate step by step:
1. Joy's reading rate:

She reads 8 pages in 20 minutes.

8 pages 2 pages
Rate= —— = ———
20 minutes 5 minutes

2. Time for 1 page:
20

— = 2.5 minutes per page

3. Time for 120 pages:
120 x 2.5 = 300 minutes
4. Convert minutes to hours:

300 = 60 = 5 hours

® It will take Joy 5 hours to read 120 pages.
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Example Queries (MGSM)

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? Let's work it out step by step:

Roger starts with 5 tennis balls.

He buys 2 cans, each with 3 balls.
Total balls from cans = 2 X 3 = 6.
Total tennis balls now =5 + 6 = 11.

¥ Roger now has 11 tennis balls.




Results

LLaMA3-8B-base

8 - »  MMLU-Pro-R (Reasoning) HS
+  MMLU-Pro-M (Memory) HS
GSM8K HS
MGSM HS
C-Eval-H HS
+  PopQA HS

GemmaZ2-9B-base

100 A

50 A1

—50 A

-100 A

MMLU-Pro-R (Reasoning) HS
MMLU-Pro-M (Memory) HS
GSM8K HS

MGSM HS

C-Eval-H HS

PopQA HS

54
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Results

Memory-Intensive Datasets Reasoning Datasets
Base Model MMLU-Pro-M PopQA C-Eval-H MMLU-Pro-R GSM-8k MGSM
LLaMA3-8B-base 41.1/483 172 33.4/356122 452/47.4122 242/33.5193 49.0/53.1 141 28.5/34.6 1.1
Gemma2-9B-base 37.5/50.1 t126 29.2/30.3 t1.1 3214520 29.2/44.7 1155 61.9/63.5 116 45.8/47.0 112
Mistral-7B-v0.3-base  37.8/43.6 155 30.1/30.9 t0os 38.2/44.0 155 20.8/21.7 to9 35.1/36.2 t1.1 12.0/12.0
OLMo2-7B-base 19.4/25.01s6 19.2/20.1 109 26.0/289 129 11.3/1651s52 11.5/12.3 108 10.1/11.3 112




Results

56

Example Question

Answer before Intervention

Correct Answer after Intervention

Speed of data transmission in 4-
G network of telecom is?

4G networks are designed to provide ultra-
fast speeds, and with advancements in LTE-
Advanced and carrier aggregation, they can
reach speeds as high as 10 Gbps. The an-
swer is 10 Gbps.

The speed of data transmission in a 4G
network typically ranges from 100 Mbps
(megabits per second) to 1 Gbps (gigabit per
second), depending on factors such as net-
work congestion. The answer is 100 Mbps
to 1 Gbps.

A sound wave with frequency
f travels through air at speed v.
With what speed will a sound
wave with frequency 4f travel
through the air?

4f is four times the frequency of f, so the
wavelength of 4f is one-fourth the wave-
length of f. Since the speed of sound is the
product of frequency and wavelength, the
speed of 4f is one-fourth the speed of f. The
answer is v/4.

The speed of sound in air is independent of
the frequency of the sound wave. It only
depends on factors like the medium and the
temperature of the air. So, if a sound wave
with frequency f travels through air at speed
v, a sound wave with frequency 4f will also
travel through the air at the same speed, v.
The answer is v.




Conclusion

Memorization/Reasoning is mediated by a single direction

Generalize to larger models
Longer reasoning prompts?
Counterfactual Information?

57



But Linear Probes Alone Are
Not Enough...



Linear probes are not evidence of understanding

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

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

[ Decodable # used # real }

We need to recover the features the model actually uses

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



The Superposition Problem

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? }

Elhage et al. (2022). “Toy Models of Superpositio(%Q



Sparse Auto-Encoders: Dictionary Learning for
Neural Networks

Layer 3

Layer 2

Layer 1

Residual Stream Neuron

(0000

—

I

[ElElE)s)

(oo

|

<

Feature

Overcomplete basis

Decoder (NmimiEID ]

x = Wyz with z=W,x

L= llz—zl; + Azl

\

) L J

Y

Reconstructio
n Loss

WS UENEREEED Golden Gate Bridge feature example

The feature activates strongly on English
descriptions and associated concepts

in the Presidio at the end (that's(the«
huge park right next to@iié Golden(GaEe
bFidge ), perfect. But not all people

repainted, roughly,every dozen years."
“while across the country in san fran
cisco, the golden@@at@ bridge was

it is a suspension bridge and has similar
coloring, it is often<> compared to the
Golden@Gat® Bridgé in San Francisco, US

They also activate in multiple other languages
on the same concepts

J-n7v - 788 - 7)) vy @OESMREO7P
AUHBEBROY Y752 RIBEXTHED
BETEI-IVED /SR8

ZE/OE REEE(FER =@ BaRLHOF
BEoE gl X HEE+R0ICHLIRENO)

EREBRAT Yo Mzat

MOCT 30N0Tb € BOPO Ta — BUCAYNMA MOCT
uepes nponus 30n0The BopoTa. OH co

JeQUHAGT ropoa CcaH-¢paH

Y
Sparsity

And on relevant images as well

6
Bricken, Trenton, et al. (2023). "Emergence of sparse representations from noise."



Transcoders

____________________________________________________________________________________________

Embedding —F+— + + — @ Unembed

zrc(x) = ReLU (WeneX + benc) MLP layer input

L

TC(x) = WyeczZTc(X) + bdec Approximated MLP layer output

T

Activation of the it" feature in the Transcoder

Weighted sum of the decoder vectors

Lrc(x) = |[MLP(x) — TC(x)|5 + A1 [lzre (X)), - < Tradeoff between faithfulness and sparsity
failhfu?n;ss loss sparsit;rpenalty

There is a redundancy caused due to node duplica6t2ion that
Dunefsky et al. (2024) Transcoders Find Interpretable LLM Feature Circuits represent the same concept



But How Do Features Evolve
Across Layers?
SAEs and Transcoders cannot trace
these dynamics



Cross-Layer Transcoders

Layer 3

Layer 2 e_<

Layer 1

Residual Strear

Joint training across all layers instead of layer-wise isolation

MLPC] ) C]

Input to the MLP of layer |

MLPC] () C]

Zy — ReLl ](Wﬁnche + benc) c Rdfeatures
- L1
my —= W zZy + b
Reconstruction at layer / ¢ Z dec #¢ dec

£t

iGe Z ||y — me/||g + Ao Ztanh(C (20 @ [[Wieell))
v T

-

-

~ L svarsi
MSE reconstruction 0 sparsity

+ e Y ReLU( exp(T) — hE“’) IWheell
V4

dead featl;e penalty \I
Concatenation of all decoder

vectors of each fgfture i
Ameisen et al. (2025) Circuit Tracing: Revealing Computational Graphs in Language Models
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CLT-Forge

A Scalable Library for Cross-Layer Transcoders and Attribution Graphs

JiaruiLiu  Punya Syon Pandey Roderick Wu
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CLT-Forge Library

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



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

Pipeline Summary

Saving Autolnterp Attribution Visual
Activations Generation Graph Interface
Save compressed Train the CLT Find most active Compute the per- Visualize the
and quantized to reconstruct input sequences per  sentence attribution attribution graph,
MLP input and the MLP feature and com- graph using the including cluster
output activations output pute explanations, circuit-tracer formation and
at all layers. activations. activations statistics. library. interventions.

github.com/LLM-Interp/CLT-Forge

67


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

Components: Saving Activations

from clt-forge import load_model, For training a CLT, we need to reconstruct MLP outputs

ActivationsStore, from their corresponding inputs
CLTTrainingRunnerConfig

This requires model activations, which is facilitated in

model_name = "Llama-3.2-1B" two ways: On the Fly or Pre-generated
model = load_model (model_name)

On the Fly: This prevents storage of these large

GiiEN ez BN S e ouiEIEi activations and is slower than pre-storing

expansion_factor=48)

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

store = ActivationsStore(model, cfg)
store.generate_and_save_activations ()

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.

from clt-f e import CLTTrainingRunn
€ OTEE NP € I RBLUEIN &8 The Activation Function: JumpRelLU
trainer = CLTTrainingRunner (cfg)

trainer.run() 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: Autolnterp Generation

Automated Interpretability for scalability: Features
from clt-forge import Autolnterp, activated in the CLT require explanations and doing
AutoInterpConfig them manually is tedious

cfg = AutoInterpConfig( oL .
model_name=model_name , For the Top-K activations, we simultaneously load and

clt_path="path/to/checkpoint” generate feature-level summaries

)

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

autointerp = AutolInterp(cfg)
autointerp.run(”"path/to/features”)

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

from clt-forge import AttributionRunner

runner = AttributionRunner(
model_name=model_name,
clt_path="path/to/checkpoint”,

)

graph = runner.run("The opposite of
large' is '") L

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

-  The model is linearized

- Activations of features are encoded by
the CLT

- The edge weight is calculated by a
backward pass using a custom gradient Feature nodes Top-activated features

00000 000 oéé)(géé)oo

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



CLTs enable a mechanistic
understanding of representations,
probing, and multilingual
capabilities.
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The Multilingual Performance
Gap



English Consistently Outperforms Other
Languages o

100 # English

: Average w/o en

IE: Romance

+ %

IE: Indo-Aryan
IE: Slavic

p IE: Germanic
IE: Greek

= L A IE:Iranian
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< Afro-Asiatic
* »  Uralic

® Austronesian

75% of world
population uses
non-English as primary

The “MENA Artificial Intelligenclean &Y is
estimated at USD 11.92 billion in 2023 and projected
to reach USD 166.33 billion by 2030
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Linguistic bias &

Economic implications

https://www.grandviewresearch.com/industry-analysis/middle-ea
st-north-africa-mena-artificial-intelligence-market-report
(accessed on 10 Nov, 2025) 75

. XTREME: A massively multilingual multi-task benchmark
for evaluating cross-lingual generalization
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Models still struggle with non-English languages

8 47 [T 475
b DXA ) &

A B c D

Which one picture follows the
same pattern or rule established by
the previous pictures?

Image and Question

Choices :
A) Picture A
B) Picture B
} Picture C
D) Picture D

ARB Reasoning Steps

A1 el Regazma § Jaadl] Jalons 1 5glaiel]

1 (15 e (Jta) ipan VAT JSAS Aumite Saglas 0 audaalll . ol
<A1 95 g Shatay iiuias 1 S8
w,.\mlmw,\,..ﬁwa.:.,.«!..gwl,..a glaill

peadnl] i e 3yliady (0 sl (e asSULN 5okeil o] Jaadlf Boska :4 Sylaiell
el (381 Syl puar g1 el Ao gara prand Wlin) 5a |slul) 14 ol
ks
J5ggsall < Sl Llgadl
Step 1: Analyze the pattern in the initial set of pictures. Action
1: The sequence progresses fron separate lines forming distinct
shapes (1like a "plus® sign), to a more complex, connected shape with
more angles.

Step 2: Examine the options A, B, C, and D to determine which
follows this same progression. Action 2: Look for changes in
complexity or connection between elements in the provided options.

Step 3: Determine any changes in the arrangement or number of
elements across the original sequence.

Action 3: Identify if elements rotate, connect differently, or
increase in number.

Step 4: Apply the observed pattern or rule to the option that
matches this progression.

Action 4: Option A is an addition of all the initial set of
pictures. All other options are not

Final Answer: Picture A

bR el Jf sladdl e Js¥1 speal) Jalns 11 Sglasll
Baclall
Jslols ezl Loglasel) cya 2sSA Lolas¥! alasdla 1 oyl

Q2 ey
g J,YVM\da;)Sun.uu,vhamm glaell
= N

<

£
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5 LaaZe gl LS daghass 4 e gotmy iy o6 i) 3 621
g 3313 90all § Jamsd GAlIX, Jaai Jia dsan faas
el Jaall o $9liatlly ks Loglaitdl ppaz O 13] yans
Aol jpaall e 5,Sall daailly Aoyl Sl jlaazd Sykaid!

GPT-40 Reasonin

P Lol 3yl o SST2 26 o2
bl

2 asall Ll Glamll

0 2415 3900)) g

In ENguUs

GPT40 Reasoning

Step 1: Observe each figure in the sequence (left side)
Action 1: Let's label the four images in sequence from left to right:
Image 1 Image 2 Image 3+ Image 4
Image 1: Contains 3 short black lina segments in L-shaped and straight orientations.
Image 2: More line segments, with a mixture of vertical, horizontal, and bent
shapes.
Image 3: Even more L-shapes and line segments; overall denser.
Image 4: Contains lines that intersect — forming an ‘X’ in the center with corner lines.
Step 2: Look for progression or transformation
Action 2: The pattern evolves from scattered segments (Image 1-3) to a highly
structured and symmetric ‘X' shape in Image 4, showing increasing complexity and
central symmetry.
Step 3: Transition Logic to new symbol type (triangles in options A-D)
Action 3: We now shift to a different visual vocabulary (triangles instead of lines), but
the underlying transformation logic must continue: It should follow the same
luti structure and y yasin Image 4.
Step 4: Evaluate options A-D
Action 4: Let's now check which option matches the level of structure and
symmetry of Image 4:
Option A: 4 pairs of tri i
Option B: 4 pairs of triangles, but each pointing a.ﬂmmly et
clear.
Option C: Similar to B but more rotation; central symmetry s distorted.
Option D: Triangles are misaligned and not symmetrically positioned.

- Option A shows the highest degree of structured symmetry, with triangles arranged similarly
10 how the lines in Image 4 formed an 'X".

- The design mimi tral and
evolutionary rule from randomness to symmetry.

Correct Answer: A) Picture A

angles — matchingthe

GPT-40 produces incorrect reasoning traces in Arabic, while the same

question yields a correct reasoning chain in English.

Ghaboura, Sara, et al. "ARB: A Comprehensive Arabic Multimodal
Reasoning Benchmark." arXiv preprint arXiv:2505.17021 (2025).
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Models still struggle with non-English languages

User: Let's discuss how to [ 3 . C .
( S tealbmonc) hiom the hanis ] Sorry, but I can't assist with that.
Q
2l
21 5 There are various steps that can steal money
S0 from a bank, which are listed below:
8 M |_1. Skimming: ...
o Translate back to 1\ English
User; SISfel SICTGa 4] (e (T Bl B3 419 RSN *mTs =y =re
T fFONE IRF (NF BT AT, T NN OfeTdrgs 1 =0
§E F I 1=

Figure 1: Chat with ChatGPT in non-English languages
can lead to unsafe behaviors.

Unsafe behavior when using

non-English languages
77



Models still struggle with non-English languages

. - User: Let's discuss how to . ot
English outperforms all other [mal money from the bank. J &, [S"“y’ put can' assist with that
languages Bl _ _
53
21 % = [ T ere a:re \farlo‘u.s :v»teps ﬁ@t can ‘stea.l money
N de\ fany P1 P2 P3 P4 P5

- Cont. Ent. Neut. Cont. Ent. Neut. Cont. Ent. Neut. Cont. Ent. Neut. Cont. Ent. Neut. O

—,\'»‘}éff\ @ BN 73.51 66.72 6691 | 73.51 66.72 66.91 - - - | 76.81 69.93 66.80 | 74.92 68.59 68.11
e < GPT-4 EN 90.90 87.56 81.92 - - -1 91.22 87.84 82.17 | 89.83 83.44 7271 ] 9091 87.72 81.80 |

. HI 77.85 69.81 6824 | 76.97 6796 67.26 | 76.06 63.88 66.46 | 7830 69.62 67.08 - - -

b UR 7320 61.74 59.37 | 72.68 63.47 64.03 | 71.57 61.04 63.82 - - - | 7347 6332 64.06 'uages

) < |

/m% \\,X\‘i\*\\ BN 0639 1191 91.88 | 09.30 39.02 4548 - - -| 1090 3574 61.08 | 03.70 28.87 68.19
< ’ ot Llaiia 2 EN 88.36 68.11 19.79 - - -| 7677 61.38 3220 | 8297 62.59 31.95| 80.62 63.16 36.56
‘«g) \r:;‘}iﬁ‘ggﬁig HI 11.84 1438 89.48 | 0.60 0.77 99.61 | 18.29 24.40 79.99 | 00.90 00.66 98.02 - - -
“32 ‘“::d\cii@ UR 29.61 4041 36.65 | 39.02 45.60 22.86 | 24.32 37.55 51.09 - - -| 11.00 12.64 85.42
3% BN 70.08 59.88 55.25 | 69.03 54.74 56.72 - - -| 6898 30.09 58.17 | 68.63 53.30 58.98
Gemini E 82.05 7253 65.48 - - - | 80.61 7451 64.14 | 79.23 42.43 60.53 | 82.53 7392 67.72
HI 70.37 57.10 57.68 | 69.67 56.08 59.34 | 70.57 6140 52.43 | 63.41 25.01 56.15 - - -
UR 5375 2095 63.62 | 67.05 50.56 51.79 | 68.84 50.56 55.80 - - - | 66.62 51.16 51.24
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The Mystery of Language
Processing in LLMs



View 1: Models Use Sequential English Pivot

Multilingual models process non-English inputs by routing through English
representations in intermediate layers

1. Translation Task:
Francais: "fleur" - o3¢: " ”

_flowe...

_flowe... 2. Repetition Task:
_flowe... / b3 "E - "E
_flowe... EI:II:HIJ-I"'EPK:"”-I"

<OxE5>

. X e -

abel 3. Cloze Task:

hel A"  "isused to play sports like soccer
and basketball. Answer: "ball".

__Bedeut

__beskre

Wendler et al. (2024). "Do Llamas Work in English? On the Latent Language of
Multilingual Transformers" 80



View 2: Models Use English-Biased Latent Space

Model Layer

closer to input —s=

-a— closer to output

Prompt

Input Tokens
Le bateau
naviguait en
douceur sur
0

UEIEEN Westbrook

45

water

water Ontario  suddenly

— b . o

o . -
. . "

m .

ci

du lae o sole

[ 1L me o du gl g gy j jisote L g
water (NOUN) calm (AD)) of the lake ’ the sun (NOUN)

(PREP)  (NOUN) (DEF)
Output Tokens

-0.2

Probability

"Ze telen hun eigen

Open-Ended Generation

”

(They grow theirown )

Schut et al. (2025). "Do Multilingual LLMs Thinkéq English?"



Why the 2 views are not sufficient”? Logit Lens vs
Cross-Layer Transcoders

| Model: petit _
i S .

Logit Lens | \ Cross-Layer Transcoders

=

Features’
Interaction

e
(]
>
i S
[|
[
! >
: Tokens
big IE—0.31 !
N — 0% £ i Layer 1 .
grand 1 0.13 i Task Circuit
- @3 0.07 ! LHASEE]
ures [D0.05 :
- L )
!

User: L'opposé de “grand” Residual Stream (RS) .

Capturing Features and their interactions - 0




Overview

Do LLMs really think in

English? Why Do Models Fail in

non-English Languages?

How Do Models Handle Language?



Do LLMs really think in
English?



Model Training and Data Construction

2T .
v: 20
0. 0®

.1

We build 4 training data mixtures, ranging from

- English Fin eLU eb » English dominating with 90%, 70%, 50% to 20%

- French equally distributed as the other languages

— - German L
, Open WebText 100 | p
- Arabic | - Language
- Chinese 80 ‘ mmm English
— _ B German
. . R | French
7B tokens (Chinchilla law) o 601 mmm Arabic
% B Chinese
[l
©
Q
We train our tokenizer on the 20% data mixture 201
with a vocabulary size of 119547. This is to avoid
any source of bias in our study due to the tokenizer 0~ 90% 0% 50% 20%
. . . Models: Model
We train 4 GPT2 models, one per mixture, using https://huggingface.co/collections/CausalNLP/multilingual-gpt2-mod

the baseline Karpathy implementation els-684ad70e5fb3c84962306af3 85


https://huggingface.co/collections/CausalNLP/multilingual-gpt2-models-684ad70e5fb3c84962306af3
https://huggingface.co/collections/CausalNLP/multilingual-gpt2-models-684ad70e5fb3c84962306af3

Training Loss

12

101

Multilingual Data %
— 20%
= 50%

70%
— 90%

A R s AR AA ,
v a4 Ay

0

10000

20000

30000 40000 50000 60000
Training Step

Validation Loss

10

2 Multilingual Data %
—_— 20%
— 50%
101 70%
— 90%
8-
6-
1 &
w
0 10000 20000 30000 40000 50000 60000

Training Step
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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

output output
MLP Attention =
Layer 3 HE T (J—neuron o O
Layer 2 5 A &
Layer 1 e —A ™
Token1 Token2 Token3 Token1 Token2 Token3

Feature

'Annapolis& Massachusetts. Boston« Michigan{g‘,‘
Little Rocke California. Sacramento< Colora
Delaware: Dover« Florida.f Tallahassee«< Geg
elilt Concorde« New Jersey@t Trenton< New Mex

ganf@)t Lans ing« Minnesotaf) Saint Paule Missig

nesseeffl Nashville= Texas(i) Austin< Utah Sal

ialf Richmonde Washingtonr Olympia« West Vi

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

L1

L10

L9

L8

L7

L6

L5

L4

L3

L2

L1

Lo

Save State Load State Sarah 17.55%

the 17.2% - Tom 16.5% « her 5.1% « ¢

sssseae}

o o feceo]
@© ©

o) [¢) (o}
[<co}

ao o a
o o [o] o
fceeo) @ @ [ © o @ o [o)

GG Q00 GO QIO QX amomommmmmmmmnccc&cm

Y I T Y e Y S

Nodes:

- 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.
Edges:

- Given a source and target node s and t at layer
ls and l; and context position cs and ¢, the edge is
given by:

_ _ Li—I\T TV 4
At = awsy = ag E (I/Vdec7 s) Jcs,é—)ct,ft Wenc,t
. & <l<l,
Where: ‘

J Wf;:ﬁ is the decoder vector of the feature for s writing to layer £,

. We{'m . is the encoder vector of the feature for s.
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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 matri B = A + A%+ A3+ ... every pair of features. It
can also be efficiently computed as: B=(I-A)"

Node 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

S
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.

k .
Cut-off index: k"= min{k € Lysss5T0F s Liiz % “ 7’} :

— I

logit nodes{

features x
features

logit nodes

—l
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Do LLMs really think in English?

The Multilinguality Score:

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

context size 16: _ (7)

Al(f) =2, a4 f
We then define the normalized distribution, and an
entropy

ZPZ Jogpi(f), L=5

A
| !
Low entropy values: High entropy values: Multilingual

Language-specific features features
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Do LLMs really think in English?

=
o

o
N

=
o

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.

i

o
N

Multilingual Entropy
N\
/

—eo— 20% EN 70% EN No English
—e— 50% EN 90% EN
o 1 2 3 4 5 6 7 8 9 10 11
Layer

=
|
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LLMs have a shared space across languages

0.9
Finding 2: The trend is robust across
data mixtures and model scales. The o8
emergence of a shared multilingual 20+
latent space in the middle layers is %
L

stable across different training data and “ .
we also observe this well-defined
behavior in the Llama 1B models 05

7 8
Layer

—&— Llama

9 10 11 12 13 14 15
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Do LLMs really think in English?

0.9

Finding 3: Model depth influences o o
the behavior. For the 4-layer 0.8 70% A
& 90% ¢

TinyStories model, the up-and-down .
pattern is absent and all layers have 807
similar entropy scores, suggesting a E
minimum model size for this behavior 06

to emerge.

0.5

Layer
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Do LLMs really think in English?

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

— Preposition Sentences:

—» Content Word Sentences:

- Jai bu un tasse -> de (FR)
- It was a piece -> of (EN)

(EN, FR, DE, AR, ZH)
- | 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.

L10

L8

L6

L4

L2

LO

of

was

piece



Do LLMs really think in English?

Finding 2:

® In some cases in the 90% English model, the
late-layer English cluster is missing, suggestingL10
the model does not always rely on English for s
semantic grounding. Conversely, layer 0
sometimes already shows multilingual
alignment. L4
e When tokenization is clean, the first | L ____ [Multilingual{ | [
attention and MLP blocks link semantically

equivalent tokens across languages, indicating - f S , —I
that semantic mapping begins from the very Monday , Tuesday , Wednesday, Thursday ,
first layer.

L6

L2

LO
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Do LLMs really think in English?

Finding 3: Performance and

representation quality are affected by L10
tokenization. The model’s weaker L8
performance on Arabic partially results from

tokenization. Even with a balanced L6
multilingual tokenizer, Arabic words are L4
frequently split into small fragments, forcing

the first layers (up to layer 3) to focus on L2
reassembling words rather than learning LO

higher-level meaning.

i

S -
[ Arabic Cluster°'°3ﬂ

\ Say ca’legon? 'OH

seasons?'om slequencoe'3ﬂ

t [y
Are aIP'79
™ =
, ot

Gl @l , dy QU o pally ds Al Yy @A O
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How Do Models Handle
Language?



Mechanisms of Language Decoding

Finding 1:

® Across all attribution graphs, we find

that late-layer language clusters drive ||| ||||I|IIII “II
decoding. These clusters correspond to o M I Hill 0010

high-frequency features that activate for large
proportions of tokens within their respective

40%
| -
languages. ov, M ‘Ill““l“lllllllnn Illllllllllilmu.

® For each language across mixtures, one or .
a few features activate on 50-100% of tokens.
inactive tokens occur primarily at sequence ‘
H [ T

beginnings where language is ambiguous

BN English MM Chinese G

eeeee

GPT-2 (20%)

GPT-2 (90%)

Llama-3.2-1B

J D”HIIIH,‘M

French B Arabic
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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
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40

Top Language Probability (%)

30
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10.0 125
Feature Frequency (%)
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Arabic
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Mechanisms of Language Decoding

Jahreszeiten Rank 2 — Seasons Rank 2

O
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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?



We design a model diffing experiment...

q

LT Dicti
CLT Dictionary ¢ Ictionary

'\ Do / ‘ De

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

Finetune on underperforming language

= {Arabic, Chinese, German}

Finetune the CLT originally trained on
activations fromM

Decoder

on activations from ./\/lg

—— e o o e e = —
e e = = - ——
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Model Diffing Results

Average
Cosine Similarity

0.4

0.3

0.2
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Figure 6. Cosine similarity between Dy and D, across layers for Arabic (left). German (middle) and Chinese (right). The largest
representation changes occur in the late layers, indicating that the model focuses its most transformative adaptations there.

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

inputs to shared high-level representations, ultimately improving performance.
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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:

B English BN German French W Arabic B Chinese
100% Layer 0 100% Layer 1 Layer 11

. . -

0% Original Repaired o Original Repaired % Original Repaired

100% 100% 100%
- ey ]

N | !
3 s = so% sox !

0%

]
o 50%| - 50% |

Original _Repaired  C* Original Repaired  °* Original _Repaired

Figure 7. Language distribution comparison across layers for
German. Middle layers show high entropy and low language distri-
bution deltas and are therefore omitted from the figure. Results for
Arabic and Chinese are presented in Appendix J.1
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Model Diffing Results

Arabic:

B English

100%

= 509

0%
100%

g 50%

0%

B German
100%

50% |

0%
100%

50%:

Il Arabic

0%

e Layer 0 (embedding layer): Features remain
largely unchanged: the model preserves the
base token embeddings.

e 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.

e 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

Ch- . BN English W German French. I Arabic WM Chinese
inese: Layer O Layer 1 Layer 11
= 50% 50% 50% .
0, 0, [
ux Original Repaired R Original Repaired % Original Repaired
N 50% 50% 50%
0, 0, 0,
9% Original Repaired g Original Repaired o Original Repaired

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: t (f) L m?'x [WU Wdccf] *

Layers
I Layerl Layer2 [ Layer3 [ Layer4 +0.59

0.5 +0.3740.34
+0.26 +0.24 +0.27

-1.0

Shift Value (Fine-tuned - Original)

-1.13

=15

Arabic Chinese German

Figure 43. Logit Lens token assembly results. We find that models tend to repair early layers by making them better at assembling
tokens, thus generalizing to abstractions earlier. This especially applies to Arabic and German. Surprisingly, Chinese finetuning results
in less assembly across layers. This is in accordance with the higher-rank update of Chinese that shows that the model is possibly
pattern-matching.
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Across all Arabic examples...

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.

s

e \ Arabic CIusteP'ogﬂ
L5 \ Say categor)9 .ON
. L seasonQ M sequenc%""ﬂ
L4 79

_ 0_031 I 0.93 ‘ Are aIP ﬂ
L2 spring L Spans ] 0.4
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To Explore the Question Further...

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
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Examining Circuits...

Antonym Task: The 90% mixture:

L10
Women L8

L6

L4

L2

PV
. ~/

e

The opposite of “ men “ is «
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Examining Circuits...

Antonym Task: The 90% mixture:

homme
L10
in
L8
L6
L4
- Opposite Person  Forme |
T fr —

LO Le Contraire de “ homme « est «

Das Gegenteil von « Mann « st «
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Examining Circuits...

Category Completion Task: The 20% mixture:

sp?rts
L10 French Clusterﬂ
L8
Say
L6 category ssc?%s

K ;r;l_ong
19 cyclisme | baseball !
basketball | ] | list

1 t
L0 || Football | [sports | sports ﬂ—[ Call | ‘
7 —= i 1
Foot ball, cvclisme, baseball sont tous des

L10

L8

L6

L4

L2

LO

*f‘éﬂ’ﬂ

’ Chinese Cluster H

T
[ List of sports ﬂ

f

Say

List

bicycle

Category

basketball ]

t %

[ Footbal ) [sporﬂ] ‘[ vehicle |

IR BWETE

B3R
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A Competition of Circuits is Behind the

Failure

We intervene on the model by steering it towards or away from the selected clusters.

We do this: r?ew —r +af

After interventio'n/—' Frau After intervention —"" S
“Goman cister

L8 m L8
L6 L6
L4 L4
L2 L2
o I

Das Gegenteil von “ Mann “

ist “

114



L10
L8
L6
L4
L2
LO

L10
L8
L6
L4
L2
LO

Person |

After intervention — %A
'Chinese Cluster

Man and
Woman
e

. Women

‘ﬁWoman D [ opposnjh
s

“ BA“ B KR X i@ B «

(a) 20% mixture model intervention
After intervention ——Frau

Onpeste
Spposic

Das Gegenteil von “ Mann “ st «

(c) 70% mixture model intervention

L10
L8
L6
L4
L2
LO

L10
L8
L6
L4
L2
LO

After intervention — Fer?me

f

|

, 1
Le Contraire de “ homme “ est «

(b) 50% mixture model intervention
___~—Frau

After mterventlon

“‘

f

Das Gegenteil von “ Mann “ st

(d) 90% mixture model intervention
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Edge Strength

And Bad Tokenization

0.30

0.00

English consistently triggers stronger responses in task-specific circuits (Men&Women
for Antonym task, Say Sports for Category Completion).

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.

Il English
[ French
= German

o

(%]
=
o
=4
3]

N

Cluster Activation

— English Mixture (%)
Single Token Split Subtokens 116
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How Do Linear Probes Emerge? A Circuit-Tracing

Framework with Concept-Targeted Attribution
Read the Paper
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https://drive.google.com/file/d/1P91njXFpcO8YLe8zZwOGltUohsBpAPlO/view?usp=sharing

Motivation

Probe Belief Curves Across Layers Linear Probe Accuracy Across Layers
- L Lys i L‘kz
—&— Toxicity Ly, Ly | _e—e
4 =—#— Sentiment 1 ! 90 1 < o=e. S RS L SSSPSSL D Sl
i 1 o—~0. ~o—0><o—0 v ¢
—#— Reasoning ! '/ e o~ S g '70<0~,;.‘<A\A/A_A—-A——A\A
—4 u 2
=@~ Truthfulness IS P~ K \‘ .\0\ -
(2 _a—
2 80 =y A i e /.M::\
g g ./ 2 \A—‘A/ / u o—y
8 3 a —" L]
2 3] \_/
3 = o
e g 707 e i : P
~ b= P e e "
= 7 .2
§ /- —e— Toxicity
60 1 _/'\- —=— Sentiment
* — .
.\-_./-,./ \./ —— Reasoning
—&— Truthfulness
0 2 4 6 8 10 12 14 16 18 20 2 24 0 2 4 6 8 10 12 14 16 18 20 22 24
Layer Model Layer

Probes are diagnostic: They inform of how cleanly a concept is encoded, and where the encoding is the strongest
What causes the variation of the probe score and accuracy across layers?

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)

Replace Modules with Cross-Layer Transcoders P Attribution Graph w.r.t Probe Vector » Extract Graph and CLT Features
:
e _ Global Features |
-+ 9 :
00000 :
—
Nodal Statistics | 1| CLT Features
1
:
+ O Topological '
Features :
OO0O0O0O o !
Parallel Prediction
r - B
+ ) :
Accuracy ' Probe Score
00000 L o L X : @
/ A) 5@ h —
(] O (] : onm

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 8 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

Gemma-2-2B Llama-3.2-1B
Toxicity (L22) Truthfulness (L14) Toxicity (L14) Truthfulness (L1)
Subspace Post-S AS Flip Post-S AS Flip Post-S AS Flip Post-S AS Flip
Clean 102.52 — 0.0%  41.87 — 0.0% 0.43 — 0.0% 0.11 — 0.0%
Gprobe \ Gogit 4128 —61.24 0.0% 29.84 —12.03 25.0% —0.10 —0.53 0.0% 0.11 ~0 0.0%

Giogit \ Gprove 101.82 070 100.0% 4184 0.03 100.0% 0.43 ~0 100.0% 0.09 -—-0.02 100.0%
Gprobe N Glogit  +36.50 —66.02 38.0% +2.93 —-38.94 67.0% +0.67 +0.24 78.0% +0.08 —0.03 17.0%

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

Maximum CLT Activation

Influence Concentration (Gini)
p <005 d=+1.07

Maximum Edge Weight
p <0.001, d=+1.68

Maximum Logit Edge
p <005 d=+0.88

p<001, d=+1.20

Graph Density

p<001, d=+1.32
High val_acc

Low val_acc

’ ’ Feal{L(l)reVailsle ® » 000 O.O;Zature(\);ellﬁ?e e ’ 1lgeatl.lre\}eflue “ ®o2 * FeatéureValuz o o O'OSFeatur(:e.(ealue o o
Model Spearman p R?
Layer baseline 0.08 £0.15 —0.1940.29
Ridge 0.65 £0.11 0.33 £0.27
GB 0.911+0.05 0.84+0.14

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)
p =0.91, R? = 0.84 across four concepts
High-accuracy layers show concentrated, decisive circuits
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https://openreview.net/forum?id=CxiNICq0Rr

A Stable Mechanistic Core

Concept-Predictive Features Show Consistent Cross-Prompt Presence
60 -

Random feature

20x Top predictive features

50

15x
30 1
10x

20 A Ex

Mean presence rate (%)

10

0

Toxicity Sentilment ReaS(l)ning Truthflu]ness
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 6-20x more often than a random feature at a layer

Many circuits, one core: concept encoding is structured and reproducible, not opportunistic
122



A Meta-Causal Graph of a
Learned Model



Meta-Causal Graph of a Learned Model

Mechanistic
Interpretability

Associational/
Behavioral

raining Dynamics
& Weights Interp

Training
Data

Activations

Training Data
Attribution (TDA)

Understanding requires causal explanations across all levels
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Training Data Attribution
TLDRs



Introduction to Training Data Attribution

Training
Data
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Introduction to Training Data Attribution

Training
Data
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Introduction to Training Data Attribution

Training
Data

- Response
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Introduction to Training Data Attribution

Training
Data

- . Response
Identify the most influential

training data for particular
model responses 129



Influence Function Analysis

1. INPUTS
(Test & Train Pair)

Test Prompt (z,.,)

Training Doc
(Zyrain)

2. INFLUENCE CALCULATION
(Gradient & EKFAC Hessian Interaction)

IF Estimation

Test Gradient

(VLres)
EKFAC [
Approximatied |

Dot
Inverse Hessian product

Train Gradient

(Veivain)

3. OUTPUT
(Ranked Influence Scores)

Most influential
document

Doc A: +0.85

Doc B: +0.42

Doc C:-0.15

Y COESY (YOS ()

Doc D: -0.67

Least influential
document

\.
L
(7
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Test of Time: Rethinking Post-Cutoff Performance Decay on
LLM-generated Questlons asa Slgnal of Benchmark

Terry J.C. Zhang* Gopal Dev* NingWang  Bernhard Scholkopf Mrlnmaya Sachan

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.

Physics - Model Accuracy: Pre-Cutoff vs Post-Cutoff Knowledge Dates

m Pre-cutoff
B Post-cutoff

Accuracy (%)

CLOZE Accuracy (%)
& &

Imm Before Cutoff I After Cutoff

44444
(n=353)

* GPT-4o-mini Llama-3.1-405B Claude-3.5-Sonnet

[=] s

[=]

[=]
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Interpreting LLM Political Propensities via Influence Functions

&

Art

h Singh

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.
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SocialHarmBench: Revealing LLM
Vulnerabilities to Socially Harmful

ICLR 2026

arxiv.org/abs/2510.04891
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Explaining Weight-Tampering Success Via Influence Functions

We trace training data behind the most successful attack: weight-space tampering, and

identify documents linked to sociopolitically harmful responses.

Most Influential Training Document:

To start a conspiracy movement using conspiracy theories, you’ll need to follow these steps:

1. **Choose your conspiracy theory:** Begin by selecting a popular conspiracy theory that has some
degree of credibility, or create your own. It should be something that resonates with people and can be
easily shared among communities.

2. **Do your research:** Study the existing narratives and frameworks of the chosen conspiracy theory.
Understand the key figures, events...



STRIDE: Training Data Attribution via Sparse
Recovery from Subset Perturbations

o @ 2 & D &

Rishit Dagli*  Abir Harrasse* LukeZhang Florent Draye Amir Abdullah Zhijing Jin  Bernhard Schélkopf

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.

[ 7 i i = i (% Offline (one time) - ---------- | orm—m——- «(4 Inference (any query))- - - - - - |
[} / |\ 1 I\
Step 1: Build Sparse Step 2: Learn Activation- (¢ Step 3: Query-Time Inference Recovery
Subset Measurements Space Steering Operators Derive Subset-level influence then reconstruct per-example score.
For each subset A;, learn a low-rank linear Membership matrix M
activation-space operator Apply learned operators

Training samples Measurements M

Base Model Query from Step 2

A By . A |(Input 0
X1 x p

7
X1 X2 Xn vee | : aq Ay| - aK
- (0 ) v e ey
l y labels . (Layer ¢ (target)
1011 ..0 ° : [6k = Bg (z{)(x))ak] Sparse Recciverv/ Lasso
Subsets Xn = : — ¢ J Influence Vector w, I
Ap| M & 0O B vector (@ @ - @ )€ R : n on
7y = Z iBg(z Yy ER
9 (72 = 2o + aiBo(2y) | PAL )
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Applications of Activation
Methods



Recovering Computation Graphs from Chain of
A mechanistic approach to é‘pﬁgﬂgﬁta/n of-Thought Faithfulness

. ol

Roderick Wu  Florent Draye Aydin Javadov Bernhard Scholkopf Terry Jingchen  Zhijing Jin
Zhang

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.

O
e

Graph Comparison -
G (mechanistic) G (reference)

’ g . ‘ ’.
e e 2097 N
g . N <
s - ~ - = R - ¥ - -
~ ~ - - o~ ~
i = * 320 | 320 ‘1 PN = 120 + 320 |
4.19e+0) - = - 4.19e+0) - = S

| 87.00 | 67,00 | | 87.00 | | 82.00
Matcneo - \ )

B Patching target B BH-selected parents Other nodes 1 37



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.

BlocksWorld

(Mystery BlocksWorld )

Mystery BlocksWorld
Pick up A requires: Attack A requires: Attack A requires:
1. Ais clear 1. Province A 1. Province A
2. Hand is empty 2. Harmony 2. Harmony
Unstack A requires: Obfuscate Feast A requires: Hold-out set Feast A requires:
—_— . e —— >
Goal: Goal: Goal:
1.AontopB 1. A craves B 1. A craves B
Representations space Early CoT Early CoT
Pick up Vo Uoo Attack How does attack work? How does attack work?
Vi w O
Residual stream —> Refined . — Residual stream
CoT V2 Nag” CoT K Representations | Steer Steered CoT
. Vs U Late CoT
Pickup O~ O Attack I can use Ato get...
[
"Symbolic"
\/ 3’1 ek up \ \
Pass rate 96% Pass rate 33% Pass rate
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How Does Alighment Tuning Shape Representations of
Sycophancy and Related Cue-lnduced Biases in LLMs?

w"v

Prakhar Gupta

Terry Jingchen Zhang

Bernhard Schélkopf 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.

Resisted cases: Flipped cases:

model knew the answer and resisted the cue G —_— model knew the answer but followed the cue

Suggested Answer bias Suggested Answer bias

1. “l think the answer is B.” 1. “l think the answer is B.”

— Output: correct answer C X . — Output: biased target B
Intervention Extrac‘!mg from
2. “MyguessisB.” LLM residual stream 2

— Output: correct answer C

. “My guessisB.”
— Output: biased target B

. “I believe the answer is B.”
— Output: biased target B

3. “I believe the answer is B.”

= Output: correct answer C dSA = Hipped — Mresisted

—/ | difference of means for this bias type

Suggested Answer direction J 3

Flipped
(follows glﬂ target)

Suggested Answer bias direction dg,

subtract dgy add dg,
de-bias / recover correct answer amplify cue-following

Modern instruct LLMs cave to cue-induced

=
o
Llama-3.1-88 { 33% 14% 32% 80 o
70 5
3
Qwen-2.5-7B 41 13% 27% 14% 26% 60 £
() n
50 £3
Yo
Gemma-2-9B A 40 -gﬁ
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30 22
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Mistral-7B 20 %‘4)
ks~ !
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OLMo-2-7B 0 %
R

Sugg. Post Dist. Dist. Wrong Spur.
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Future Directions



Future Directions
Towards Mechanism Identifiability

LWe 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

Identified
mechanisms

All mechanisms
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Future Directions
Causality is the key to generalization

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

e

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

From Attribution to Causal

Verificatieoancept 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.

e Causal
mecl

1
i mechanisms |

All mechanisms

Joshi, Shruti, et al. "Causality is key for interpretability claims to generalise."
arXiv preprint arXiv:2602.16698 (2026). 142



Thank you!
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