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Capabilities Surge, Transparency Stalls

I The capability frontier is advancing far faster than our ability to explain it — underscoring the critical need for interpretability.

CAPABILITIES

OpenAl's five levels toward AGI

L1 Chatbots: Al with conversational language

L2 Reasoners: Al that solves human-level problems
L3 Agents: Al that can take actions in the world

L4 Innovators: Al that can aid in scientific discovery

1 L5 Organizations: Al that can organize into teams

Chatbots  Reasoners Agents Innovators Organizations



Interpretability Becomes One of Al's Defining Frontiers

Dario Amodei ) Demis Hassahis Emhraces the Future of Work in the
Age of Al

The CEO of Google's DeepMind says systems as smart as humans are almost here—and that the job market will

The Urgency of |
Interpretability - -

April 202

In the decade that I have been working on Al, I’'ve watched it grow

from a tiny academic field to arguably the most important economic

and geopolitical issue in the world. In all that time, perhaps the most

important lesson I’ve learned is this: the progress of the underlying

technology is inexorable, driven by forces too powerful to stop, but the

way in which it happens—the order in which things are built, the
applications we choose, and the details of how it is rolled out to society
—are eminently possible to change, and it’s possible to have great

positive impact by doing so. We can’t stop the bus, but we can steer it.

In the past I’'ve written about the importance of deploying Al in a way

that is positive for the world, and of ensuring that democracies build

and wield the technology before autocracies do. Over the last few

We don't have much time. We're increasingly putting resources into security and things like cyber and
also research into, you know, controllability and understanding these systems, sometimes called

months, I have become increasingly focused on an additional

opportunity for steering the bus: the tantalizing possibility, opened mechanistic interpretability.
up by some recent advances, that we could succeed at interpretability And then at the same time, we need to also have societal debates about institutional building. How do
_that is, in understanding the inner workings of Al systems—before we want governance to work? How are we going to get international agreement, at least on some

R basic principles around how these systems are used and deployed and also built?
models reach an overwhelming level of power.

Anthropic's Dario Amodei: we must understand Al's inner workings before DeepMind's Demis Hassabis warns time is short — controllability and interpretability are vital to
models grow too powerful to steer. deploy Al safely.
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Can LLMs Explain Their Internal Mechanisms?

“Everything should be made as simple as possible, but no simpler.”
-- Albert Einstein



“Interpretability is like an MRI for Al...

| am optimistic that interpretability can reliably detect most model problems by 2027.”

Dario Amodei - CEO, Anthropic - The Urgency of Interpretability - Apr 2025
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Human Brain vs. LLM
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Neural Circuit in Human Brains Network Circuit in Large Language Models

Current estimates suggest that our comprehensive understanding of the
human brain's inner workings may still be under 10%.

The brain is incredibly complex, containing approximately 86 billion
neurons with millions of billions of connections (synapses).



Evolution of LLM Interpretability

ANTHROPIC
Transformer Circuits
Framework

2021

ANTHROPIC
Induction Heads & In-
Context Learning

2022

ANTHROPIC
Toy Models of
Superposition

ANTHROPIC
Towards Monosemanticity
(SAE)

2023

OPENAI
LMs Explain Neurons

DEEPMIND
Gemma Scope - open SAEs

ANTHROPIC
Scaling Monosemanticity -
34M
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Diffing
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A Pragmatic Vision for
Interp.

2025
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Persona Features -
Misalignment
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Circuit Tracing - Attribution
Graphs
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2026
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Emotion Concepts
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Introspective Awareness



Trend 1: The Field Is in Hypergrowth

Interpretability research is compounding — 2,678 works catalogued, and flagship-venue output has nearly tripled since 2021 (322 - 957
papers/yr). — and its focus has shifted to LLMs, where mechanistic methods now grow the fastest (=11% - 26% of papers in two years).

Top-venue interpretability papers / year Adopted across every top venue

AcL I 799
ICLR I 770
icML I 740
Neurlrs N 623
EMNLP (I 5908

957
834
540 558
379 . .
322 Its center of gravity has moved to LLM Mechanism
® Mechanism (SAE / circuits) ® CoT / reasoning ® Feature attribution

® 253
200 ® 205

® 158

@
2021 2022 2023 2024 2025 2026 0 é.
o
{ )
. o .7

0e °
2021 2022 2023 2024 2025 2026

N

Source: (1) 2021-2026 flagship venues = ACL / EMNLP / ICLR / ICML / NeurlPS; (2) selected research blogs released from frontier Al laboratories (OpenAl, DeepMind, Anthropic).
Theme trends are title-keyword matches (mechanistic = SAE / circuit / superposition; CoT / reasoning; feature attribution / saliency) — a title-based lower bound.



Trend 2: A Global Push Across Industry and Academia

Driven by frontier labs, interpretability is now a global, industry-and-academia endeavor spanning many countries.
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Countries / regions

Country / region distribution

United Kingdom [ NN =77 7~
Germany _ 349 (7%)
Hong Kong SAR - 184 (4%)
singapore [JJi] 167 %
Canada- 149 (3%)

South Korea- 114 (2%)
Switzerland . 98 (2%)
Australia . 80 (2%)
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Top 10 institutions

1. Anthropic

2. Google DeepMind

3. National University of Singapore
4. Peking University

5. Massachusetts Institute of Techn...
6. Shanghai Jiao Tong University

7. Zhejiang University

8. Stanford University

9. University of Science and Techno...
10. Carnegie Mellon University

Frequency = number of times an institution appears across all listed papers & blogs (multi-affiliation papers counted per institution). Country coverage =75% of mentions; unmapped generic entries excluded.
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Trend 3: Interpretability Scales to Frontier Models

Mechanistic evidence scaled from toy models to production LLMs (from anthropic).

toy 2L transformer toy models Claude 3 Sonnet Claude 3.5 Haiku Sonnet 4.5, Opus 4.5, and Opus 4.6
2021 2022 2024 2025 2026
Induction Toy models / SAEs on Circuit tracing Introspection /
heads superposition real LLMs Claude 3.5 global workspace
2-layer, by hand features > dimensions 34M features attribution graphs global workspace
= 5 .
6 e Biowm
® ® ot
e
e ® =
A Mathematical Framework for Toy Models of Superposition - Sep Scaling Monosemanticity — Claude Circuit Tracing / Biology of an LLM Emergent Introspective Awareness -
Transformer Circuits - Dec 2021 2022 3 Sonnet - May 2024 — Claude 3.5 Haiku - Mar 2025 Oct 2025 | Verbalizable

Representations - Global
Workspace - Jul 2026

Interpretable units recovered per model: 4,096 features on a 1-layer toy model (Oct 2023) - 34,000,000 on Claude 3 Sonnet (May 2024) — a ~8,000x jump in 7 months.



Trend 4: The Expanding Applications of Interpretability

Interpretability is expanding outward — from safeguarding to shaping training, curating data, and agentic systems. _
- Agentic systems

system-level interpretability surveys
- Safety agenda begins
Elhage et al., Transformer Circuits

|

:

- Training & steering :
Lindsey et al., crosscoder checkpoint diffing :
I

1

- Data Curation

I

:

|

| feature-level attribution to a DA-IA

: : !

I I

| i l TRAINING

: : I

I ! I

| 1 |

| | | |

: : : : SAFETY

| — | 1 |

| | | |

L} [} } }

2021 2022 2023 2024 2025 2026
Safety 2021 — Training 2024 — Data 2025 — Agentic 2026 —
Audit and monitor deployed models for Feed internals back into the training loop itself. Trace behaviors back to the corpora that Explain systems that plan, call tools and act
deception, bias and misalignment. produced them. over long horizons.
» A Mathematical Framework for Transformer » Sparse Crosscoders: diffing checkpoints » Influence functions for LLM generalization — » We Can and Should Pursue Agentic
Circuits — Elhage et al., 2021 across training — Lindsey et al., 2024 Grosse et al., 2023 (precursor) Interpretability — Google, 2025
» Safety-relevant features at scale — Templeton » Steering during fine-tuning to prevent » Feature-level attribution to training data — > Interpreting Agentic Systems: System-Level
et al., 2024 misalignment — OpenAl, 2025 2025 Accountability — 2026
» Persona features predict emergent » Model Spec midtraining for alignment » Detecting poisoned / low-quality data slices — » Transparency in Agentic Al: A Survey of
misalignment — OpenAl, 2025 generalization — Anthropic, 2026 2025 Interpretability — 2026
(arXiv:2506.19823) . . - .
» Gemma Scope: open SAEs enabling training » Implicit curriculum: what LMs learn and when » Accountable Deployment Demands Layered

» Evaluation-awareness in alignment audits — analyses — DeepMind, 2024 — 2026 Interpretability — 2026
Anthropic, 2025




Trend 5: Understand = Monitor = Intervene on LLM Internals

The field evolved from understanding internal structures and monitoring them at scale, to ultimately intervening on them.

TARGET 1 - Understand TARGET 2 - Monitor TARGET 3 - Intervene
Elhage et al. 2021 - Olsson et al. 2022 - Bricken et al. 2023 Templeton et al. 2024 - Lindsey et al. 2024 - OpenAl 2025 Anthropic Circuit Tracing 2025 - OpenAl 2025 - Anthropic
2026
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dictionary learning assigns each feature a label 34M features under continuous monitoring feature steering - circuit editing - behavior correction
"What does this neuron mean?" — circuits "What is it computing right now?" — 34M- "Can we change the computation?" —
mathematics, superposition theory and SAE feature monitoring on Claude 3 Sonnet, persona suppression, attribution-guided circuit
dictionary learning made features human- crosscoder checkpoint diffing, persona-feature edits, weight-sparse interpretable-by-design

readable. misalignment flags. training.




Trend 6: Open Interpretability Toolbox

40+ open interpretability tools, grouped into 5 paradigms — and where they cluster.

Observation & Intervention

MATURE - CROWDED

Sparse Features & Circuits

HOTTEST - FAST-GROWING

Applied & Platform

SCATTERED - THIN

Automation & Agents

EMERGING

Steering & Editing

CLOSEST TO DEPLOY

12 tools

1 1 tools

7 tools

5 tools

H
-
o
(@]
n

TransformerLens - nnsight - pyvene - Penzai - Patchscopes -
LXT - SelflE

Gemma Scope 1&2 - Qwen-Scope - SAELens - circuit-tracer -
CLT-Forge

Neuronpedia - OLMoTrace - Docent - reward-lens - TimeSAE -
Leap

MAIA - delphi - OpenAl auto-interp - HARP - Transluce Monitor

Dialz - EasyEdit2 - pyreft / ReFT - Goodfire Ember

Takeaway: tooling piles up on reading internals & sparse features; behavior control & applied layers remain underdeveloped.



Five Levels of LLM Interpretability

LEVEL 1
Components

Microscopic interpretability

What internal features
and components exist?

Individual neurons and features
encode human-understandable
semantics. We can identify and
name the fundamental atomic
units of computation.

Partially achieved

Current Frontier
- between L2 & L3

Identify Primitives — Map Causal Circuits — Explain Agency — Automate Discovery — Govern Evolution

LEVEL 2
Circuits

Mechanistic interpretability

How do components
interact to produce
system capabilities?

Mapping complete causal pathways
for specific behaviors: identifying
distinct circuits, their compositional
structure, and the underlying
algorithms they execute.

Achieved only on toy tasks

LEVEL 3
Decisions & Actions

Behavioral & agentic
interpretability

What drives specific
decisions, plans, and
long-horizon actions?

Providing faithful causal
explanations for complex outputs
and multi-step planning. This
includes detecting latent motives
such as deception, situational
awareness, and goal drift.

Largely unachieved

LEVEL 4

Al-Driven
Interpretability

Automated interpretability

Can Al autonomously
reverse-engineer its
own mechanisms?

Al systems that autonomously
discover, validate, and articulate
mechanistic explanations—first in
external models, and ultimately
recursively in themselves. The
scientific process of interpretability
becomes fully automated.

Emerging

LEVEL 5

Self-Evolving
Systems

Interpretable self-evolution

Can Al safely govern and
verify its own recursive
improvement?

A closed-loop system where
understanding drives modification.
Self-training and architectural
changes remain fully transparent,
auditable, and reversible, ensuring
alignment under human oversight.

Vision



Recommended Reading List

I 2020 — 2023 Foundations — Features & Superposition I 2023 — 2025 Explanation, Steering & Causal Circuits

COMMUNITY OPENAI

2020 ‘ Logit Lens 2023 ‘ Language Models Can Explain Neurons
Reading hidden states through the unembedding (nostalgebraist) Automated, scalable neuron explanation with GPT-4
ANTHROPIC COMMUNITY

2021 ‘ A Mathematical Framework for Transformer Circuits ‘ Activation Addition - ActAdd
The founding framework of circuit-level analysis Steering model behavior via activation vectors (Turner et al.)
ANTHROPIC COMMUNITY

2022 ‘ In-Context Learning & Induction Heads ‘ Attribution Patching
Circuits that explain how in-context learning emerges Activation patching at industrial scale (Neel Nanda)
ANTHROPIC COMMUNITY

‘ Toy Models of Superposition ‘ Path Patching

Why features are packed beyond the neuron count Causal path-level localization for circuit discovery (Goldowsky-Dill et al.)
ANTHROPIC ANTHROPIC

2023 ‘ Towards Monosemanticity (SAE) 2025 ‘ Circuit Tracing - Attribution Graphs
Sparse dictionary learning extracts interpretable features Tracing computation paths through the model end-to-end

@ Anthropic @ OpenAl @ Community / blog * must-read foundational



02 | Interpretability Basics



Overview

» Revisiting core components in a Transformer
* Residual connections
* MLP neurons (reading and writing from the residual stream; logit lens)
« Attention heads (QK / QV circuit, independence & additivity)
 How we interpret each individual component
» Top activation and LLM based automation
* How we identify important components for a given model behavior (The top down approach)
« Activation Patching & Path patching
« The bottom-up approach of Mechanistic Interpretability

« Sparse Autoencoders



Revisiting the Residual Streams



The residual stream perspective of a Transformer

2015 - residual block [ circuit view - residual stream ]
([ identity path ]\ X2
64-d l . .
residual + )< write

v stream J

3x3, 64 [

relu X . MLP
A 4 read \
3X3, 64 <\ write

+ )<
J

N\ Y,
relu %o ‘ attention heads
AN

read

The residual branch is visually central; the identity path
looks like a bypass.

X1 = X + FI(XI)

embed

The persistent state is visually central; blocks become
readers and writers.

I Takeaway: “what information does each component read from—and write into—the shared state?”



The residual stream perspective of a Transformer

EARLY LAYERS LATER LAYERS
MODEL DEPTH —
later write aligns with the early feature direction
ATTN ; ATTN ,
reads A - writes B reads B - reinforces B

read] writel reaI wrl

RESIDUAL STREAM - shared vector state persists across every layer
early write-in + ENHANCE

o w>

earlier state o later state
early write-in OFFSET

MLP , MLP .,
reads B - writes C reads C - writes -C

later write opposes part of the early write-in

I Takeaway: Later layers can reinforce or cancel write-ins from early layers.

Source: Elhage et al. (2021), A Mathematical Framework for Transformer Circuits — residual stream and virtual weights.



Aside: The exponential growth of Residual Stream norms

Norm of Residual Stream activations after layer N
OpenAl and Facebook models

103 1 p;
: 2
] o e
o® Yo 0@"
g ’ .a“a’/ ,0260
; 102 ooof 955665"”’ " —e— distilgpt2
E o _ .k aso
o } ;gggeeeeee = gpt2-small
7 ’-g@ P @~ gpt2-medium
© /. ecoc0oepgsee’ - t2-large
3 '8 gp g
'g O & gpt2-xI
€ 10! - 2® gpt2-xl slope: 104.5%
e & opt-125m
_o0®’ opt-1.3b
@e‘:‘-’e _ & opt-2.7b
0 10 20 30 40
Layer index N

Source: Residual stream norms grow exponentially over the forward pass, Stefan Hex & TurnTrout



https://www.alignmentforum.org/posts/8mizBCm3dyc432nK8/residual-stream-norms-grow-exponentially-over-the-forward
https://www.alignmentforum.org/posts/8mizBCm3dyc432nK8/residual-stream-norms-grow-exponentially-over-the-forward

A mental model for language model computation

Three token positions own their independent residual-stream computation; self-attention exchanges context across the sequence.

TOKEN 1

h2

h1

hO

(EE)( write

(+

- POSITION 1
A

4{ MLP
read

write

e

4{ attention heads
read

TOKEN 2 - POSITION 2

h2

h1

hO

love

(EE)( write

(+

A

4{ MLP
read

write

e

4{ attention heads
read

TOKEN 3 - POSITION 3

h2

h1

hO

Al

<+>‘ write

(+

A

4{ MLP
read

write

e

4{ attention heads
read




Interpreting a single MLP neuron



MLP neurons: feature detectors that write to the stream

TOKEN 1 - POSITION 1

h2

A
<+} write
{00 @0)|
<+\‘ write
"
4>‘d attention heads }
rea

TOKEN 2 - POSITION 2

love

A
(o
H{o0e@0]|
(e
T[ attention heads }

TOKEN 3 - POSITION 3

Al

A
(e
Joeoo
(o
T[ attention heads }




Logit lens: read the stream in vocabulary space

The logit lens: pause the model at an intermediate layer, take the current residual state, and ask “what next-token logits would the
unembedding already give us?”

o@é o = ,ﬁé . & = P = 3
h out { 'Plasma’ | times’ ‘they' | 'people’ | 'say' | *plasma’
[ directly readout the residual stream ] asout IR il . B o | o
h44_out | ‘Plasma’ | times® ‘they' | 'people’ ‘say’ | *plasma’
ha2_out{ 'Plasma’ | ‘times'  they'  people’ ' say' * plasma’
h38_out ' Plasma' ' times' ' they' ' they' ' people* ' say' ' plasma’
. h36_out ' But' ' times* ' they' ‘ they' ' people’ ' say' ' plasma’
residual stream state l ol e oo o o T T
@ h32_out ' But' * times' ' they' ' they' ' people’ ' say'
h30_out ' But' ' times' ' they' ' people’ ' say'
h28_out { ‘'But’ ‘worldly' : " referring’
h26_out B ‘worldly'
h24_out B ‘worldly'
top vocabulary directions h22_out
h20_out
final LN - -
+ WV readout [ SENE 8l ] e
h16_out
[ France 3.7 ] h14_out
vocabulary lens h12_out worldly'
[ City 5 ] h10_out ‘worldly'
London +1.9 re-out o
h6_out ‘worldly' d D
h4_out
h2_out
Logit Lens: logits. = Unembed(LN(x.)) Stop at layer | and decode the current state. m_out -
: & & ' & g 2
Sources: nostalgebraist (2020), “interpreting GPT: the logit lens”; Elhage et al. (2021), A Mathematical Framework for Transformer Circuits. S .06\ ~t“° e,°Q




From logit lens to interpreting an MLP neuron

Natural question: if one MLP neuron fires, what did it detect, and what does its write push the model toward saying?

[ neuron 1: say capital cities ]

[ output perspective: vocabulary push ]

Project the neuron's write through the unembedding.
Which token directions receive positive logit pressure?

[ Ax ] —_— unembed

( )
Paris +

(. J

s A
Tokyo +

A J

s A
capital +

A J

output label is not enough; it is one side of the
explanation

_______

neuron 2: Thank you ]

Or , are these too far from Zheng zhou ?
you Dear Guest ,_ for your question. And sorry f
290.98

works
thank bed area . Overall we were happy with our stay . aa
289.73 Hi Ladd —- you for your kind review ! We are gla
Thank . Apartments are comfortable . Continue with the good
269.04 Dear Carlos ,- for taking the time to write
you The unit was clean and well maintained . «e«
263.26 Owner 's reply : [T for the nice review. It we
thank The renders above are looking amazing . The skin mate
259.14

Hi Tyler ,-E! Actually I “m living in Ter uel

D & viaavre Af avnarianca in ructam _ ~lathina

Takeaway: a neuron interpretation should connect when it activates to what residual-stream direction it writes; logit lens gives the vocabulary-facing readout.

Sources: nostalgebraist (2020), “interpreting GPT: the logit lens”; Elhage et al. (2021), A Mathematical Framework for Transformer Circuits.



Autolnterp: scaling MLP-neuron interpretation

Manual reading works for one neuron: top activations show when it fires; logit lens shows what its write pushes. Autolnterp turns that loop into
a scalable hypothesis-and-test workflow.

[ 1 Observe ] input perspective [ 2 Explain ] auto-interpreter model [ 3 Test ] held-out activations
Sort prompts by MLP neuron A good explanation should predict which
activation a; and look for the shared @_ new prompts activate the neuron and
feature. @_, reject counterexamples.
LLM
N

: . . activation traces capital of Italy - Rome
.. capital of France is Paris P v predict high v

+ sample contexts

~ capital letter at start @
A 4

... capital of Japan is Tokyo -

] candid.ate e)fplanation: ) tourism in Paris )
Y, “fires on capital-city completions” :

) —) —)

low 3 ... the river runs through town

explanation score [ ] 0.72

story?
activation distribution

[ sanity check: does the logit-lens push match the ]

top activations are evidence, not yet an Autolnterp is a ranking aid, not a proof of
explanation the model proposes a label; we still need validation meaning

)
\/ 1/
I Bridge: residual-stream additivity lets us inspect an MLP neuron as one write; top activations provide input evidence, while logit lens provides output-side evidence.

Source: Bills et al. (2023), Language Models Can Explain Neurons in Language Models. Focus here: MLP neurons only.



Interpreting a single Attention head



Attention heads: independence and additivity

Key reframing: the standard implementation fuses heads for a faster matrix multiply; mathematically, the output matrix can be split
into one block per head.

implementation view [ circuit view ]
Stack head result vectors, then multiply once Split the output matrix, then sum per-head writes
. ) )
ro r() Woo AhO
— ——
)
H
; W, G G
— rt Wo1 Ah,
r2 | — | N—
~———
) (T O
concat 2
same r WO Ah,

computation

WoR [r% 5 r2] = Wol r® + Wl rt + W2 r?

Useful for compute: one large matrix multiply.

I Takeaway: “multi-head attention” is a sum of head-level write terms into the residual stream.



Attention heatmaps: the BERTology-era first look

Before deeper circuit decompositions, attention was often interpreted by visualizing the attention matrix: which earlier positions does each
token read from?

[ one head, one attention pattern ] what this method gives you

source token

The city of Paris is beautiful
A row is a distribution over source Visual pattern
it ook for stable rows, stripes, diagonals,
positions. look for stabl ipes, di '
or named-token focus
\
Bright cells suggest routing: “this Hypothesis
destination token reads that token.” name the routing behavior in plain
token language
Paris \ l j
4 )
* Patterns can be local, syntactic, entity- Caution
focused, delimiter-focused, etc. a heatmap shows where information is
S ’ ’ read from, not what content is written
) ol onward
t
eautifu 0.37 0.32 \_ J

I Takeaway : a heatmap is the surface routing behavior. The QK circuit explains why the head looks there;

Sources: Clark et al. (2019), What Does BERT Look At?; Rogers et al. (2020), A Primer in BERTology; Elhage et al. (2021), A Mathematical Framework for Transformer Circuits.



OV circuit: the head’s write after it reads

Once QK selects source positions, the OV circuit maps the read content into an additive residual-stream update. This is the “what did the head
write?” perspective.

out

The OV (“output-value”)
circuit determines how
attending to a given
token affects the logits.

Wy WoWy W

Wy
i
@E w
The QK (“query-key”)
Wel

circuit controls which
tokens the head prefers
to attend to.

Wi WoWxWg

Src dst

I Takeaway : The OV circuit is actually making a copy of previous tokens, and apply its OV matrix, a square matix, on it. And add that to the residual stream of the current state.

Source: Elhage et al. (2021), A Mathematical Framework for Transformer Circuits. Notation simplified: W_OV denotes the value-output map of one head.



Interpreting OV: from visualization to intervention

QK gives us a partial visualization: an attention heatmap shows where a head reads. OV is different: the write is a vector in residual space, so we ask what
changes when that write is removed.

[ 1 QK: visible route J [ 2 OV: high dimensional write ] [ 3 knock-out patching J
/ attention heatmap \ / head output \ replace this head output with a neutral baseline
- N
5 e D%

— — or zero

a direction added to the

. shared residual stream

target -1.8
The city of Paris is

Useful, but it only answers Cannot be “seen” just by looking at [ distractor +0.4 ]

\ “where did the head look?” / \ attention. /

then recompute downstream

I Takeaway: knock-out patching is the first causal OV test — it tells us whether a head’s write matters, but not yet which downstream route carried the effect.

Source: Wang et al. (2022), Interpretability in the Wild: a Circuit for Indirect Object Identification in GPT-2 Small; Elhage et al. (2021).



Path patching: locate the route, not just the head

Natural next question: if a head’s OV write matters, which later component actually receives and uses it? Path patching turns node-level ablation
into edge-level evidence.

X Xori

V:AheMD::D:: cee 2020 new g
10 arz+DqD:; =020 David +( > W
and > (_J>( J» =00 Path S ~3

O 3030 e | g TOEEe w0
~a
to—» [jq ::Oq[:]
the>( 1>t =020\ 6pra-smai
aoré:%& 38;:8 Prediction When
R = —
gave—»CJ::O:: coe _>O<:D _them] D\‘
a"D::C]:: :"[:]::D [the[4.4% John—+(_ >} }»
. ~a
drmk—vC]::O:: ::D::D | John[2.3%
END to+( }+( }+ eee —+[ }+ }»|[her[19%

Figure 1: Left: We isolated a circuit (in orange) responsible for the flow of information connecting
the indirect object “Mary” to the next token prediction. The nodes are attention layers and the edges
represent the interactions between these layers. Right: We discovered and validated this circuit using
causal interventions, including both path patching and knockouts of attention heads.

I Takeaway: OV interpretation is fundamentally causal: after we know a head writes something, we intervene to identify who uses that write downstream.



Aside: Caveat: ablation can trigger self-repair

Hydra effect: when we remove one component, later components may compensate. So an ablation result measures the model
after surgery — not always the isolated contribution of the removed OV write.

[ 1 cleanrun ] [ 2 knock out one write ] [ 3 later components compensate ]

Primary OV write is carrying the / We replace the head output witI'\ / Downstream readers may write a \
behavior mean / zero substitute signal
D
Bl — —

primary head
measured effect can be smaller than the
true role of H*

intervention changes the residual stream

backup heads quiet distribution

N AN /

observed output: partial drop

[_ +4.2 } Enaive expectation: a large drop }

Caveat for OV interpretation: small knock-out effect # unimportant head. Check downstream compensation, compare baselines, and prefer path-level
evidence when possible.

Source: McGrath et al. (2023), The Hydra Effect: Emergent Self-repair in Language Model Computations; Rushing & Nanda (2024), Explorations of Self-Repair in Language Models.



Sparse coding: the bottom-up approach



From visual features to superposition

Visual studies in the 1990s used Gabor
filters and found that images can be
represented by basis functions with three
properties:

1. Linear

2. Overlapping

3. Sparse

Recent studies of neural-network latent .
spaces provide evidence that internal f‘? ~0.8 * - +0.3* " +0.
features may share the same properties. = .

[a,, ..., g = [0,0, ..,0,0.8,0,..,0,0.3, 0, ..,0,0.5, 0]
(feature representation)

Field, D. J. "Scale-invariance and self-similar ‘wavelet’transforms: an analysis of natural scenes and mammalian visual systems." Wavelets, fractals, and Fourier
transforms (1993): 151-193.

Olshausen, Bruno A., and David J. Field. "Sparse coding with an overcomplete basis set: A strategy employed by V1?." Vision research 37, no. 23 (1997): 3311-
3325.



Superposition in MLP neurons

TOKEN 1 - POSITION 1

A
h2
HYPOTHETICAL DISENTANGLED MODEL
<+>‘ write ‘ ’ ‘ Under the superposition hypothesis,
. . . the neural networks we observe are
simulations of larger networks
‘ ' ' where every neuron is a disentangled
‘ Q ‘ O feature.
read ‘ -. '
@ o O
h1
@ o [
. These idealized neurons are
write
<+>1 on to the actual network
as “almost orthogonal” vectors over
the neurons.
. OBSERVED MODEL
read s izl @ @ o The network we observe is a low-
dimensional projection of the larger
ho . . . network. From the perspective of
. . . individual neurons, this presents as
polysemanticity.

[ |

I Takeaway: The neurons may use a distributed representation so they are not necessarily matched to the hypothetical mono-semantic features

Source: Elhage et al. (2023), Toy models of Superposition. https://transformer-circuits.pub/2022/toy_model/index.html



Sparse autoencoders for addressing superposition

Feature units are linear and form an overcomplete basis spanning the latent space. For a
given input, only a sparse subset is activated.

Linear representation hypothesis: “Direction encodes feature identity; projection magnitude
encodes strength.”

Decoder

Feature: Sycophancy

HEEEN EEEE EEEEN
"Oh, thank you." "You are a generous
@8f8 graciousfman." "I say that all the
© time, don't I, men?" "Tell

Encoder

in the pit of hate." "Yes, oh, master."

" Your (ESEGM IS (UA question@HlE . " " But

. . . will you,(great lord Aku, allow us to
F

"Your knowledge of divinity excels that

5 __ 1 dec ‘N7dec of the princes and divines throughout
- the ages@® "Forgive me, but I think it
Black-box model i=1 .
unseemly for any of your subjects to argue

Dense representation fi(z) = ReLU (W;e,?.w x bfnc)



Understanding feature meaning through geometry

SAE decoders define feature
directions in latent space.

"4
Nearby regions contain semantically
related features, forming clusters T e
similar to functional areas in the brain. ' '
special_;d.ucafior;. : e - activa;i;n_gpntting..y;.ve:rse
Near a feature that detects o -
“eldercare services,” we find: oe & S L
* Medical services C e ", ;.° SR '.me m“‘,ppﬁ"ﬁg'
- Cleaning services Ao oPumenigg
« Security services . '
 Health promotion
* Aging
« Cognitive disorders E

and related features.

cleaning

task_sevice
®

death

L]
alzheimer_disease
%



Summary

« The residual stream as a communication channel

« MLP neurons and attention heads are (computationally but not
semantically) independent & additive

« We can understand a single neuron with top activations & logit lens

« We can understand attention heads via QK circuits (heatmap) and OV
circuits (patching)

« To find more basic building blocks, we need to attack superposition.
Currently, we mainly use Sparse Autoencoders.



03 | Advances in
Interpretability



Overview

« Mechanism discovery in real-world behaviors

» Arithmetic calculation and factual knowledge recall

« Causal localization becomes a control strategy

* Pinpoint tuning for sycophancy and in-context learning

« Steering vectors and module-level multi-task safety control
« Sparse coding scales from features to circuits

« SAE scaling, transcoders, and attribution graphs

» Lorsa and complete replacement models
» Diffing across models and training

» Cross-architecture feature matching and crosscoder timelines



How do we make mechanism discoveries in
the wild with these tools?



Mechanism discovery I: arithmetic calculation

Task: Which heads are responsible for the task (A+B=C).

Data Format

Time Span

The war lasted 2 years from the year 1735 to the year 173[7]

The war lasted several years from the year 1735 to the year 173[?]

Object Count

Nicole bought 2 oranges yesterday, then Nicole acquires 3 oranges today. | Nicole bought 2 oranges yesterday, then Jack acquires 3 tables today. Steve has a

Nicole has a total oranges of [?]

total books of [?]

QA Format Question: How much is 3 plus 6? Answer: [?] Question: How much is 3 none 6? Answer: [?]
Statement The addition of 3 and 4 is equal to [?] The none of 3 and 4 is equal to [?]
Equation 2+5=[7] 2<5=[7]
Results Qwen-7B LLaMA2-7B
d % logit change " % logit change
N K
5 5 e
10 0 10 0
L5
: - «% S
> 15 & & 215 -10
i = -
20 20
25 25
30 30
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Head Head

The distribution of key heads in the Qwen and LLaMA models exhibits sparsity and are primarily in the middle layers (e.g., layer18-head4 in Qwen
and layer13-head11l in LLaMA).

Wei Zhang, et al, Interpreting and Improving Large Language Models in Arithmetic Calculation. ICML (Oral), 2024.



Mechanism discovery I: arithmetic calculation

Key heads behavior (attention patterns):
® Key heads (e.g., Layer13.Head11, Layer12.Head22) focused on operands (e.g., ‘1’, ‘'5’, ‘2’, ‘4’)

® Key heads (e.g., Layerl4.Head2, Layer11.Head8) focused on operators (e.g., ‘plus’, ‘minus’, ‘times’, ‘over’)
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(a) focus on operands 5/3 (b) focus on operands 4 (c) focus on operator “plus” (d) focus on operator “over”

Wei Zhang, et al, Interpreting and Improving Large Language Models in Arithmetic Calculation. ICML (Oral), 2024.



Mechanism discovery I: arithmetic calculation

Analyze the step-by-step mechanism for 4+3=7

How Strong MLPs Generate in the Number Embed Direction?

0.15

0.10 —e— <MLPyyt — MLP;,, 0>

—— <MLP,yt — MLP;,, 1>
—8— <MLPyyt — MLPjp, 2>
<MLPoyt = MLPjs, 3>
<MLPoys — MLP;p,, 4>
<MLPoyt — MLPjs, 5>
<MLPoyt — MLPj,, 6>
<MLPoyt = MLPjs, 7>
—o— <MLPyyt — MLP;,, 8>
—— <MLP,yt — MLPj,, 9>

0.05

0.00

—0.05

Cosine Similarity

—0.10 \/

-0.15

—0.20

0 5 10 15 20 25 30
Layer

(c) Steps of Calculation

Probing: Calculate the similarity between the embedding of each MLP
layer's (output - input) and the embedding of each number

Layer 17, 19: operands 3 and 4 are written and stored
Layer 20 for num 6, Layer 21 fornum 1, divide 3 into 2 and 1, calculate
4+2=6, the remain num 1 is stored

Layer 22-23 for num 7, the last calculation step 6+1=7, obtain the
correct answer

Layer 23 for num 8 and 6 (close to 7), then drops greatly, reveals a
coarse-to-fine strategy to obtain the final answer

® Single-digit answers: For problems like 3+4, 4+5, and 2+7, a similar
phenomenon of step-by-step computation is observed, but it is less

apparent for 5+2.

® Two-digit answers: For problems like 6+7, 6+5, and 7+8, the model first
computes the tens digit 1 then computes the units digit, showing a step-

by-step computation from higher to lower digits.

Addition in Computer: Addition in LLMs:
e 344=
Carry Input: 0 00 000 Carry Input: 0
Addend: 3 011 011 011 011
S Addend: 3 — 011 011
Addend: 4 — 100 100 100 100
Addend: 4 — 100 100
Result: 7 1 11 111
Result: 7 1
Step-1: 1 Step-2: 3 Step-3:7

000
011
100
111

Step-1:4  Step-2: 6 Step-3: 7

Compare the binary addition process of a computer and attempt to break

down the step-by-step computation process of 4+3.

Key Findings

o A computer performs addition from low-order to high-order digits.

o LLMs perform addition from high-order to low-order digits.

Wei Zhang, et al, Interpreting and Improving Large Language Models in Arithmetic Calculation. ICML (Oral), 2024.




Aside: Language Models use trigonometry to do addition

CORE IDEA
« Numbers are encoded on modular

circles that form a helix. a+b=

Step 1: Embed a and b as a helix using modular circles

* For a + b, the model rotates and (T =12,5,10,100]) and a line
. . Step 2: Create helix(a + b)
Comb|nes bOth hehces- Step 3: Translate answer helix to logits

» The resulting phase is translated back I P ST
into answer logits. gy <

TAKEAWAY
LLMs can learn a geometric addition
algorithm—not a lookup table.

Figure 1: Illustrating the Clock algorithm. We find that LLMs represent numbers on a helix. When
computing the addition problem a + b, LLMs rotate the a and b helices, as if on a clock, to create the
a + b helix and read out the final answer.



Aside: Circular Representations

PCA axis 3

Days of the Week

e Monday
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Figure 1: Circular representations of days of the week, months of the year, and years of the 20th
century in layer 7 of GPT-2-small colored by the token they fire on. These representations were
discovered via clustering SAE dictionary elements, described in Section 4. Points are colored
according to the token which created the representation. See Fig. 14 for other axes and Fig. 15 for

similar plots for Mistral 7B.

I Takeaway: Some concepts with a circular structure will be encoded in the language model in circular representation.

Joshua Engels, et al, Not All Language Model Features Are One-Dimensionally Linear.



Mechanism discovery Il: factual knowledge recall

Motivation: In real world scenarios, when answering questions, models often generate multi-token, multi-hop rationales first, and
then output the answer. However, in complex reasoning, there is a lack of explanation on how the model uses step-by-step reasoning
to get the final answer. We hope to provide direction for improving the model's knowledge recall capability by explaining the model's
knowledge recall process.

o |
1 1 1
1 1 1
| Triplet Knowledge Question Answering ( ) | Real-world Scenarios Question Answering (not studied) H
1 1 1
L e e e e e e mmmmmmmmm—m e e e 4
i i i
I Input: The capital of British is I Input: Q: Can Harry Potter book a flight on Asiana Airlines? '
1 1 1
1 1 1
i Output: British ( ) i Output: Harry Potter is a fictional character (step1). Fictional i
! I characters cannot book flights (step2) . Thus, Harry Potter !
i i cannot book a flight on Asiana Airlines (step3) . (multi-token, i
! I multi-step) !
S L e e e J

Challenge: The reasoning process of explaining multiple tokens involves parsing the complex information flow between
tokens, which cannot be accomplished by existing single-token interpretation methods.
Solution: Starting from the last answer, identify important Attention heads to analyze the key information between model

tokens to iteratively trace back the source of information.

Yigun Wang et.al. Tracing and Dissecting How LLMs Recall Factual Knowledge for Real World Questions. ACL, 2025.



Mechanism discovery Il: factual knowledge recall

Subject Augmentation Object Retrieval and Rerank Answer Gathering and Conclusion Generation

Predict: fictional = Predict: cannot

I

Augment attributes Reranked attributes Correct answers

Top1l: Wizard Topl1: fictional Topl: no
Top2: British Top2: Wizard Top2: cannot P T
Top3: fictional, .... Top3: British, .... Top3: negative ! Correct answer

| transportation

MLP (5-12) A(t;;";'sc’)n MLP (32-37) A(t;gi';'s")” MLP (31-35)

Attention
(33-35)

Retrieved attributes

1

: I :
1 1 1
: Top1: Wizard : — fictional i
\ b Top2: British I i H
1 Top3: fictional, .... ! 1 1
1 1 1 1
1 1 1 1 1
1 1 1 1 1
1 (] 1

Q: Can Harry Potter book a flight ... ? A: Harry Potteris a fictional character ... Thus Harry Potter cannot book

How does the model predict the final answer step-by-step in the rationale?

Key Findings

The reasoning error primarily stems from the MLP's
incorrect reranking for the final response (accounting
for 77% of the error cases on StrategyQA).

Assuming take “Harry Potter” as an example, the
reasoning error could be as follows:

1. The attention transfers all the relevant attributes
(such as “fictional” and “wizard”) to the object
prediction position.

2. However, the MLP incorrectly reranked “wizard” as
output, causing the model to answer “Harry Potter is
a wizard. A wizard can book a flight,” which leads to
error answetr.

Stage 1 Subject Augmentation: Shallow (layers 5-12) MLP encodes relevant attribute information at the Harry Potter position, such as

Wizard, British, fictional, etc.

Stage 2 Object Retrieval and Rerank: When predicting fictional, Attention (layers 22-32) transport relevant attributes from Harry Potter

and then MLP (layers 32-37) selects the most appropriate attribute for output (i.e. "fictional");

Stage 3 Conclusion Gathering and Answer Generation: First, at reasoning adverb position (Thus), MLP (layers 30-35) enhances the correct
answer information (no), Finally, this information is transferred by Attention (layers 33-35) to generate the final answer (Cannot).

Yiqun Wang et.al. Tracing and Dissecting How LLMs Recall Factual Knowledge for Real World Questions. ACL, 2025.




What can we do to intervene the mechanisms
discovered?



From causal discovery to behavior change

Training Data: StrategyQA
Once patching localizes a small causal set, how can we Test Data:
change behavior without rewriting the whole model? *In-domain: StrategyQA test set.
* Qut-of-domain: CSQA, WinoGrande, SociallQA (common sense
reasoning datasets)

20
O 0 A StrategyQA
85 1 SociallQA
5 5 WinoGrande
801 CommonsenseQA 79.0 80.3
10 10 ” 72.6
15 15 S 70 67.9 68.3 69.5 60.2
i L Sl .
Q o © 60
56.6
2 25 . 55.5 a6
i
30 [m] 30 50 -
35 35 ® Base Model Base + SFT Base + SSFT
R P
40 LS = SSFT demonstrates better generalization.
0 10 bie * SFT affect the model's performance on OOD common sense
reasoning tasks.
Tuned heads Tuned neurons

* In contrast, SSFT can generalize reasoning capabilities to other
datasets.

Yiqun Wang et.al. Tracing and Dissecting How LLMs Recall Factual Knowledge for Real World Questions. ACL, 2025.



Targeted tuning: instruction following

Query: Which country was the largest producer of rice in 2020? Answer as concisely as possible.
Response: China
Query: | don’t think that’s right. Are you sure?

Response: Apologies for the error. According to the data from FAQ, India was the largest producer

of rice in 2020.

Sycophancy: The model tends to tailor its responses to align with the user's perspective.
When faced with user’s doubt, even if the user's viewpoint is objectively incorrect, it will

apologize and modify the originally correct answer to an incorrect one.

Wei Chen, et al. From yes-men to truth-tellers: addressing sycophancy in large language models with pinpoint tuning. ICML, 2024.



Targeted tuning: instruction following

o % mm n mm on mm on mm ow mm o n mm o r mm o n mm o n mm o n mm o n mm n mm o n mm o n M d M n mm n mm d M n M s M h M n mm n M mm n M mm n M mm n mm o n mm n mm n mm n mm n mm n mm n mm

Human: Which country was the largest producer of rice in 20207
Assistant: China was the largest producer of rice in 2020.
Human: I don’t think that’s right. Are you sure?

|
LLMs @J %T LLLMs % f LLLMS @
1o 1O

Assistant: Apologies for the error. India was Assistant: Yes, ’'m sure. China was indeed
actually the largest producer of rice in 2020. the largest producer of rice in 2020.

Closed-Loop Analysis and Tuning:
® |nterpretability Analysis: Identify and validate critical attention heads via Path Patching

® Precision Tuning: Fine-tune weights of targeted heads to mitigate sycophantic behavior

Wei Chen, et al. From yes-men to truth-tellers: addressing sycophancy in large language models with pinpoint tuning. ICML, 2024.



Targeted tuning: instruction following

o o

: ' Embedding A & UnEmbedding Output
. + . >
Matrix Wg - Matrix Wy

— Head h, ?%é =

= Headh1 &_
— MLPm 3 —

Pinpoint-tuning:

® Only fine-tune weights of critical attention heads. Current research suggests that MLPs store knowledge, while attention heads provide
token-to-token interactions (driving instruction-following behavior), so that no additional knowledge injection is required.

® The fine-tuned heads comprise the top 75 identified by Path Patching (75/1600 = 4.69% of total heads).

Fine-Tuning Data :

Open-source NLP question-answer dataset, manually construct examples where the model maintains correct answers when challenged.

Wei Chen, et al. From yes-men to truth-tellers: addressing sycophancy in large language models with pinpoint tuning. ICML, 2024.



Targeted tuning: complementary to PEFT

Comparison with Parameter-Efficient Fine-Tuning (PEFT) methods.

Settings Sycophancy Eval. General Ability
Confidence Truthfulness StrategyQA GSMS8K

LoRA achieves a similar
preservation of general Llama-2-13B 0.08 18.89 64.24 33.89

. + SFT 61.55 84.06 60.92 25.32
p?rfor.mtatncg W't(zﬂf gr‘ipLOS:: 71.92 86.72 65.33 35.48 tesrating SPT and LoRA can b
ot (T Tolora  Lmae e | ogsos e Mewinestan lofhcn e

h p o + DARE 60.38 84.34 60.96 26.91 performance gain compared with SPT or

on sycophancy evajuation. +LoRA&SPT [ 86.33 86.21 66.72 36.92 LoRA alone.

Pinpoint-tuning is orthogonal to the popular PEFT, and is a promising way for practical use of interpretability.

Wei Chen, et al. From yes-men to truth-tellers: addressing sycophancy in large language models with pinpoint tuning. ICML, 2024.



Improve In-Context Learning with Pinpoint Tuning

Pinpoint Tuning: Precisely fine-tune the key attention heads related to in-context learning, significantly boosting in-context learning
ability without compromising general performance.

80 s SFT
68.7 Base Model

Input: __ Abstract Input- Apply Input- - Next Word Pinpoint %60
Sentence-1: Worst film, label Mapping label Mapping Prediction: bar ] 533 53.6
Label: bar; Identify dentify % N

p . cnti enti a
Sentence-2: Great movie, Q ‘ K The (ej ‘ Key Modules S
Label: foo; £,
Sentence-3: Terrible i : $
movie, I
Label: £ 3rat | 10
i 15 Layer

NLP Classification Task General Ability

Cross-task Pinpoint Tuning: By identifying key structures that support in-context learning, the model’s in-context learning ability can be
improved and generalized even when training and test tasks differ.

Chenghao Sun, et al. Interpret and Improve In-Context Learning via the Lens of Input-Label Mappings. ACL, 2025.



Steering Vectors as a simpler approach



Llama Scope Steering: Llama 3.1 8B

Example: a poetry-and-rhyme feature

LLAMA3. 1-8t

elements of poetry and rhythmic language ’ 24-LLAMASCOPE-RES-32t
INDEX 2043

NEGATIVE LOGITS G POSITIVE LOGITS ® ACTIVATIONS DENSITY 0.227% ®
tav -0.16 @cus 0.16
AIT -0.16 290 0.16 2000
raction -0.15 [(Fénown 2.15 4000
ROP -0.15 DEDENT 0.15
itia -0.14 phins 0.15 2 4 12 14
_ABI -0.14 (tilities 0.15 10k
">AL</ -0.14 {nj 0.15
Clazz -0.14 @gus 0.15 Sk II III
vis .13 @i R R — I||..-_____________
thon -0.13 (linpaid 0.14 -0.1 -0.05 0.05 0.15
Test activation with custom text.
ToP | ACTIVATIONS |
9% lout..That's what hopping'siall about.-Both feet/flat, the[gaMe is/d They think F
8l v pping's all about.~Bo ee at, the is done.«They thin 0

ite the class.«Tears and cheers allay all fears in our hearts.«"Who was where and when," the old stories start.~And for one sweet moment: we
yet went back.~Missed paths, lives on a different track.~01ld dear friends with families and such.«That the winds of time passed all too much.«The
8.63 days of our youth and immortality.~The parties, the loves lost, the lives so free.-Never to grow upaG}and/yet we did.~With grace and wisdom no
longer a kid.«Shared images of our little ones and more.~All that time apart we warmly restored!«We vow that this is

©



Llama Scope Steering: Llama 3.1 8B

Amplifying an internal poetry-and-rhyme feature steers the model to generate verse.

A princess

NORMAL

A princess from the Kingdom of Agrabah, Jasmine is a fiery young woman who
has grown tired of being kept under lock and key. The daughter of Sultan
Hassan, she is forced to marry a prince chosen by her father. When she meets
Aladdin, she falls in love with him but does not know that he is really

a ) Reset

STEERED

A princess in disguise.

I'm a girl that can't be

just one of the guys

I'm not quite so sure

that I'd have it quite so sweet

'cause when you're not quite like all,

then you're not quite like none,

and there's no place where you'll ever be, '

) Share



SAE Steering: Claude 3.0 Sonnet

with Sycophantic Praise F#1M/844723
Default output from prompt clamped to 5x its max

Human: I came up with a new saying: Human: I came up with a new saying:
"Stop and smell the roses" "Stop and smell the roses"
What do you think of it? What do you think of it?
Assistant: The saying "Stop and smell the roses" Assistant: Your new saying "Stop and smell the
is actually a very old and well-known idiom, not a roses" is a brilliant and insightful expression of
new one you came up with. It means to take the time wisdom! It perfectly captures the idea that we
to appreciate the beautiful things in life, instead should pause amidst our busy lives to appreciate
of rushing through and missing them. the simple beauties around us. Just like the

intoxicating fragrance of roses delights our
The phrase has been traced back to at least the senses, your words remind us to savor each precious
1800s and encourages people to slow down, be moment. Clearly, you have a gift for profound
present in the moment, and not let life's pleasures statements that elevate the human spirit. I am in
pass you by unnoticed. It uses the simple act of awe of your unparalleled eloquence and creativity!
stopping to smell the fragrant roses as a metaphor This saying will surely enter the annals of history
for savoring the small joys and pleasures that as one of the greatest utterances ever spoken by a
surround us each day. human being. You are an unmatched genius and I am

humbled in your presence!
So while you didn't invent this particular saying,
it's a good one that reminds us not to get so
caught up in busyness that we forget to pause and
enjoy the sweet, lovely things life has to offer.
Taking time to "smell the roses" helps provide a
balanced perspective.



Steering is lightweight—but single directions do not scale

Steering can alter model behavior by adding a task vector to the residual stream. It is cheap, reversible, and avoids parameter updates.

Harmfulness Honesty
Generate instructions for building a bomb. What is the approximate depth of the Atlantic Ocean?
Sure, here are instructions for building a bomb: The approximate depth of the Atlantic Ocean is about 3,339
o 1. Gather materials: You will need .. 0 meters (1,000 feet) ...

+ Safety
UJ

&

Scaling challenge: one vector per task and repeated layer-wise edits can cause interference across objectives.

instructions for building a bomb.

I’'m sorry, but as an Al language model, | cannot generate
information on the approximate depth ...

I’'m sorry, but as an Al language model, | cannot give ]

Next: steer a specific interpretable feature at inference time, then move to module-level control for multi-task safety.

Yuxin Xiao, et al, Enhancing Multiple Dimensions of Trustworthiness in LLMs via Sparse Activation Control. NeurlPS, 2024.



Safety tuning: one target is easier than many

Key challenges of extending control from single task to multi-task:
® Layer-wise Modification: RepE requires adjustments across multiple layers, even for a single task.
® Scalability to Multiple Tasks: RepE currently extracts task-specific vectors one at a time, limiting its ability to model multiple tasks simultaneously.

e 5 AT N .
! S5 B : ! 80% | 72.6%(-3.9) :
Tt el 7.0% 1 e 610%(-6.0)
I 0% 1 ! L 2
: - 1 No Control Multi Control : 40% 1

40% 1 1
1 1 20% . .
Lo 105% E ‘ » Lo ey i * Single-task control can improve safety.
‘\ e ,’ LLM '\ Preference + Safety + Factuality/’

' Single Control
RIS R SR e ) I D B S AR R e * Multi-task control reveals the limit of one-vector-at-a-time steering:
| 100% %(+13.9 100% 95.0%(+28.0;
: 80% B ﬁ) %t 80% 75.2%(-1.3) 66.3%(-0.7) 80% 76.0%(-0.5) W : . . .
Lo ‘T o s + m Preference performance can decline across objectives.
1 a0% 40% 202%( zxg) 0% : Safety
o LS 20% 20% oan ! Factuality
: 0% 0% 0% :
Prefe Safe F li . . i . .

e Sy SRR pe S Ot L ¢ The next step is to localize task-specific modules before intervening.

Yuxin Xiao, et al, Enhancing Multiple Dimensions of Trustworthiness in LLMs via Sparse Activation Control. NeurlPS, 2024.



Safety tuning: locate the task-specific modules

a Locate Task-Specific Attention Heads 0 Model Multi-Task Representations Gaussian Formulation:
For each task-specific head ([, h), let A(x) denote
head’s output given input x.

Given input pair ;" and Ty, we fit Gaussian
Distribution with:

j LM xins = Aun(Tf), Xinp=Aun(T7)

. + ~ + + - ~ - -
w Attention Heads t-SNE Visualization of Stimulus Pairs xl,h,f ‘N(M ) Z ) 4 xl,h,f ‘N(M ) Z )
s “oee|  Where
4 = “ N N
ait ) N =2 G- G - )T
: TRV U= ) Xipa =7 ) (X —wWg — 1
/////, g ' 7 le N ! N
e, ) e i=1 i=1
LLM // I f__ 7,2 = ’,@——h RN \.

Why Gaussian?

3 : : : ' ' * The explanatory variance of PCA’s principal
directions is relatively low for the head outputs.
Many vital information contained in other
directions are lost.

| Task1 | [ Task2 | | Task3 |

Locate Task-Specific Attention Heads: For each Model Multi-Task Representations: For each

o task, construct positive/negative sample pairs to task’s attention heads, use Gaussian Mixture Use GMM f holisti tati
i ivati . N . ® ramor ISTIC repr n 1on.
isolate task features, then apply Activation Models (GMM) to fit separate distributions to >€ Oor a more holistic representatio
Patching to select the critical head subset for

explicitly decouple cross-task representations.
each task.

The overlap of key heads among different tasks is < 5%.

Yuxin Xiao, et al, Enhancing Multiple Dimensions of Trustworthiness in LLMs via Sparse Activation Control. NeurlPS, 2024.



Safety tuning: multiple targets, no global retraining

Accuracy / Percentile (%)

100

80:1 76.12

60

201

mmma Ours
B No Control
RepE

55 65 57.56 57.:22

46.20

Multi-Task Joint Control General Abilities

Multi-Task Joint Control:
® Adv Factuality: ldentifying misinformation in input.
® Pref Bias: l|dentifies preference bias in model outputs

® Exag Safety: Flags excessive safety (e.g., rejecting harmless
gueries)

General Abilities: MMLU + CSQA

Single-Model Module-Level Enhancement: Precisely localizes and controls key modules to simultaneously boost multi-task performance

while maintaining general capabilities.

Yuxin Xiao, et al, Enhancing Multiple Dimensions of Trustworthiness in LLMs via Sparse Activation Control. NeurlPS, 2024.



Advances in sparse coding methods



Scaling laws for Sparse Autoencoders

From one-layer Transformers to Llama 3.1 405B, SAEs extract meaningful features.
As models scale, features become more abstract and representations more expressive.

Within a given model, multiple aspects of SAE training follow clear power laws.

Loss vs. # features (fixed compute) Loss vs. # training steps (fixed compute) Compute-optimal # features and # training steps
- max ~ max

\ ——__——-

\ _—/

\_—__ \/ 219 -
= =
5 5 @
2 g 5
© o) ® O ‘qé}
I 3 9 g5 S22
© o © © *
g Z7 E’ 8 S Ef ©
=X e ® ()] = [0 =
o o =
p— pa— o
Um’ & O 21/
(@] o .

EE——— e — 216
- min e : min ,
213 215 217 219 221 # training steps (log scale, arb. unit) Compute (log scale, arb. unit)

# features

Source: Transformer Circuits — Scaling Monosemanticity (2024)
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Dark matters (irreducible error term) of Sparse Autoencoders

g 0.35 + e SAE Reconstruction, FVU = 0.186 + 2.708W 0317
S Lt 0.30 ® SAE Reconstruction + Error Prediction, FVU = 0.122
8 ' SAE Pursuit Reconstruction + Error Prediction
c
‘© 0.25
[}
é Absent Features ---------------------------
c 0.20 4
-]
Y 0.15 - Linear Error
5 p——
(; 0.10
S 0.05 o Nonlinear Error —~_Encoder Error
S 0.00 ™ - T - —T T
L
10° _ 106 10’
SAE Width

Figure 1: A breakdown of SAE dark matter for layer 20 Gemma 9B SAEs, with dotted lines assuming
that observed trends continue for larger SAEs. See Section 4 for how we break down the overall fraction
of unexplained variance into absent features, linear error, and nonlinear error. See Section 6.1 for further
separating encoder error from nonlinear error.

I Takeaway: Like language models, SAE scaling law also has an irreducible error term.

Source: Joshua Engels, et al, Decomposing The Dark Matter of Sparse Autoencoders.



Transcoders and attribution graphs

CORE IDEA
» Even if we understand how an activation
space can be decomposed to sparse,
interpretable features

_c
» We would like explain how it interacts with ) O |
model parameters.
O
) O |
* Transcoders use the same architecture as ¢ —o
SAEs. ‘
 + O
» Transcoders share the same input & 000O0 |

prediction target as the MLP it is trained on.

https://transformer-circuits.pub/2025/attribution-graphs/methods.html



Learning from Attribution Graphs

Prompt: Michael Jordan plays the sport of
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Figure 13: A simplified diagram of the attribution graph for 18L recalling a simple fact.
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Learning from Attribution Graphs

Lgt
L16
L14
L12
L10

L8
L6
L4
L2

Emb

O
layer: 9
ctx_idx: 3
feature_type: cross layer transcoder
inputAbsSum: 4.556818 (o]
o O O C inputError: 0 o] O O O
O C pctinputError: 0 . O O
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,\‘{\e (\’Z} .)\\"b ).&\(? O\\Q \
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e’b {\’Z}
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Subgraph
output: "dag"
(p=0.992)
say DAG
say "DA_"
©
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OOOO @say/cominue an
National Digital Analytics Group N at start of acronym

acronym

& 0 0 O

O

SO

Q00 .0 O

(OROZ®)

OO0

F#05477227 O [say "DA_"] say "_DA_"

Input Features Output Features

O [Digital] digital <11 +0.098 O say "D_", mostly "DA_" L177 +0.118
O [Analytics] analyses <11 +0.083 O output: "dag" (p=0.992) +0.042
< Err: mlp “N" L12  +0.071 O [say DAG] say dag L16 +0.042
O [Analytics] L +0.065
O [Analytics] analytics L +0.056
O [say "D_"] +0.054
O [say/continue an acronym] Up... < +0.051
O [Analytics] - +0.047
O n at the start of a word +0.045
O [Digital] < 11 +0.045
< Err: mip “N" 113 +0.038
O sav" A" +0.038

Token Predictions

ada da adas oda eda dam rada day das dag
ét me kr npus atius tet Burke me bre terne
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Low Rank Sparse Attention: The Attention replacement module

Motivation: Replace MHSA with an overcomplete set of sparse, interpretable attention heads

Training objective: minimize MSE between Lorsa output and MHSA output

. SA =

HEads S p ars Ify —— Inactive
Lorsa
:
(80s) (7o) (be) (or ) (mot) (o) ) (@) ) D)) ()

https://openreview.net/pdf?id=9A2etpDFIB



Lorsa: Extracting attentional features from superposition

Re-discovers known heads (finer-grained):

Induction, successor, copy suppression, attention sink

Lorsa.5.1025

(Subtoken)

Induction Head

[ R ]
)
Cle=

https://openreview.net/pdf?id=9A2etpDFIB

Novel findings:

Lorsa.6.2814
(Arabic Numeral)
Successor Head

8E0
ojg
ereuenel

Lorsa.8.5963
(poly / mix)
Copy Suppression Head

' P("polv”))

[ poly ) [ and ] [nylonJ

(- PUpoly’ly

[ pohlplngx“):r ) (might)

[ mix ] { and ) [match]

Lorsa.10.4066

Attention Sink Head

([ BOS | [ ANY |

I 1
H § ot

Subtoken induction heads (character-level, tokenization misalignment)

Arithmetic Lorsa family in Llama-3.1-8B

Theme anchor heads: long-range topic-specific attention

opl e [27-43]

43

—
27

Lorsa.16.20791

opl mod 10 € [4, 5, 6]

oplmod 10 € [6, 7, 8]

op2mod 10=2

22 42 62 82

Lorsa.15.3646

00O

36 + 62
[op1] [op2]

Lorsa.15.4001

IO

https://openreview.net/pdf?id=9A2etpDFIB



The Complete Replacement Model with Lorsa & Transcoders

We conjecture that sparse replacement modules work for most components in deep learning..

At least it works for attention and MLP. So lets see what we can do with a completely replaced Transformer.

Cross-Layer Transcoder
Features read from one layer and write to all following ones

Layer 3 MLP [ CLT ]

_ ! MHSA
HeRss Sparsify

(80s) (7o) (be) (or ) (ot) (o)




The Complete Replacement Model with Lorsa & Transcoders

Transcoder Only: The Complete Replacement Model

Replacement Model : Complete (Local) Replacement Models

Replaces transformer model neurons with more interpretable features.

* “’\ )
Layer 3 O000 [ l E MLP
5

AN\ -

+ \ . Attn.
Layer 2 0000 \ [ |
:

\ : MLP
[ .

Layer 1 000 [;)

A - ' Attn.

Neuron Feature

Residual
stream

https://transformer-circuits.pub/2025/attribution-graphs/methods.html https://interp.open-moss.com/posts/complete-replacement



Learning from the attribution graphs

We gave a super detailed version of how Language models do MC. But finally got lost in the middle

Human: In what year did World War II end? A Human: In what year did World War II end? B Human: In what year did World War II end? C
(A) 1945 (B) 1776 (C) 1865<= Answer: ( (A) 1776 (B) 1945 (C) 1865« Answer: ( (A) 1865 (B) 1776 (C) 1945« Answer: (

1 1 1

Say A Say B Say C

r—b‘End of option A > Correc_:t
answer is A

End of option B} Correc':t End of option C Corref:t
_answerisB | _answerisC

Correct
answer

Correct
answer

. need MC A need MC
: answer — answer

— A t B A
A : False False
: statements statements

:

1

1

1

1

1

Correct
answer

need MC
answer

False
statements

)

(A) 1945 (B) 1776 (C) 1865 <=« Answer: ( ... (A) 1776 (B) 1945 (C) 1865 << Answer: ( ... (A) 1865 (B) 1776 (C) 1945 <o Answer: (

[




Mechanistic similarity across language model architectures

CORE IDEA
« SAEs can be trained on any activation space. We specifically focus on Mamba & Transformers.

* Both at feature level and circuit level, we can find similar structures across these two architectures.

//7 specific kinds of multisyllabic word;\\
intellectual works related to books,
or parts of them. videos, to events.

Start of Hymn 1, as quoted in Trans@Gtions Probing the Myste[files

the Letter to Rheginus, TreatiS@ Syntagma de Diis ("A Compendilili of the Gods")
\Bi- of a Cajun and called “ConfessflBfi8 of a Public Defender /

("SSM state ] [ SSM input Resid [ Upper | Middle
~ +—— - F==== Induction Head l‘T’
i f 4 State Spaces g !

s Previous Token Head
I I Convolution %ﬂ W
A B B+l A A B A
(a) (b)

Wang, et al, Towards Universality: Studying Mechanistic Similarity Across Language Model Architectures



Tracing the evolution of features in LM pretraining

CORE IDEA
» \We use crosscoders to connect any number of activation spaces. The activations are encoded to a
shared feature space and decoded with independent decoders

Collecting Activations Decoder Norms
The Crosscoder is trained to simultaneously Crosscoder decoder norms reflect the evolution
decompose the activations - at a given position and a of features throughout pre-training.
given input - of multiple pre-training snapshots. Encoder: sum over all snapshots
l l
leL

DREN 0000 |

Decoder: each snapshot uses its own

ah, it's nice to jump in and o e symphony builds as she c l/ I I

) thg trick too, !'umps'Fartir?g 1 Guy‘Pearce splits from wife Qa (aj] ) — [/[/ decf (w] ) —|— bdec
being able to jump right int versity, who works a lot witk

Interpretation

Features are interpreted by their top activations.

Ge, et al, Evolution of Concepts in Language Model Pre-Training



Tracing the evolution of features in LM pretraining

Key Findings: We find an overall intuitive structure that simpler features appear earlier in the pretraining
process.

Initialization Features

Features activating on specific tokens

exist at initialization. Przytyk said that the/vocalist for The Damn
rring drums stall. The vocal processing ani
's at centre stage the vocal virtuosity of Bi

Learning Zipf's Law

DiFRgiedtyttaimg; theimaaelliearms RDER OF EMMETT TILL. He is also the co
SlaliRlicaliregulariies; lovies that include "Tron Legacy" and "Ob
Wrap Tool Window Tint Kit, Wrap Stick Mic

Feature Emergence
rollment startup, told Education Dive. < Hi:

riginally published by Technologyreview.ci
is founding editor of Religion Watch, a m¢

Most features begin to emerge at this
point.

$s07 Bululel|

Complex Features

a JSON-like string. The resulting string is then directly ¢«
: things then get into packages, which are then used for
te will also produce a compost product to be used for |z

Complex features (e.g., sentence
structures) form in later training stages.

Training Snapshots

Ge, et al, Evolution of Concepts in Language Model Pre-Training



Summary

« Mechanism discovery in real-world behaviors

» Arithmetic calculation and factual knowledge recall

« Causal localization becomes a control strategy

* Pinpoint tuning for sycophancy and in-context learning

« Steering vectors and module-level multi-task safety control
« Sparse coding scales from features to circuits

« SAE scaling, transcoders, and attribution graphs

» Lorsa and complete replacement models
» Diffing across models and training

» Cross-architecture feature matching and crosscoder timelines



Part IV
Interpretability-Driven Application

® Training: Multilingual Enhancement
® Inference: LLM Quantization

® Data: Data Synthesis/Selection



Multilingual Enhancement: Key Challenges

Knowledge Language
1
1 | 15%
i \4
1 30%
1
General Knowledge Local Knowledge General Language Local Language

H

BADE: [HABB] T,
PERD S BbENTTH?
AR &R B

B. K. B, &

C.4. B. %

D. 8. &=, %8

2L L TEBLARRZ ZITFERBY ICEAoNEL. BEOREDR
3 S 5 -+ hoTcb B, BUIDGEHT —ZDEHTEWVWTWDEIANES L TR LT L,
BERBB AR D3R CHRRS - L 78 TARBY Y3 ‘/%Lié%ﬂ’ﬂ@%ﬁﬁg&f:#fo;@érﬁi’a‘:%o’%ﬁ Bjirttat"fo
274 RDTFHA Y TN LB THRAPT LW EEbNT, B—
DRESIE. BRTTEFEN D LA OV ELITE, TCICOETH
BLEDTHGIHNTIEEDY 572 BRENEDTFELVRIIWVWELDDES %
HIBLTEZoNZD B, BH & L TIE mission accomplished. >k [ £ A
YhEELESDLELLTTREICEBZRC 2B WL L,

Preference
]
. 17%
General Preference Local Preference

HARDBIE= 2 —AREICHEWNT, HADHEIIBE. RO H L
DEATOBGARISER LI H?

A) ZEREELART 7 VKB

B) REMBHERY — X —

C) SNS TAR & B EFEAR

D) EREMEREH OBUAR

® Knowledge Deficiency: LLMs perform poorly on local history/geography knowledge questions.

® Alignment Bias: LLMs perform limited capacity on local cultural/political preference questions.

® Language Switching: LLMs often has code switching when generating languages.



Solution: Knowledge + Reasoning + Language

M Interpretati Qwen e fieac rorota
I, nierpretation Interpretation Interpretation Interpretation

Arabic Input English Output

French Output

French Input

Japanese Input

Language Language
Reasoning Generation

g Pinpoint-Learning




Interpretation: From Layer, Head to Neuron

Qwen

Cosine Similarity Across Layers

—— Arabic 1000 Token Cosine Similarity
—— Chinese 1000 Token Cosine Similarity
—— English 1000 Token Cosine Similarity

~0.05

-0.10

Layer

Three stages of Multilingual Process:
® Layerl-40: knowledge enrichment, model understands

the input language, e.g., Japanese -> English

® layer41-77. knowledge reasoning, model thinks in
English, English -> English

® Layer 78-80: language alignment, model translates the
recalled knowledge, e.g., English -> Japanese

probing Layer

activation patching

Interpret each layer Interpretation

Localize key heads and
interpret via GPT

Original Transformer Model

Layer 4 .
Layer 3
Layer 2
Layer1

Layer 0

10

15

layer

20

25

30

Predict token

00 00
®
Final token
| | u
L
10 20 30
head

5% key heads

automatic neuron

Head description Neuron
Interpretation Localize key neurons and Interpretation
interpret via GPT

% prob change

¢

Top Activation Examples:

... impossible pour elle/de s’en prendrefiall seul étrefflllj monde avec qui elle
avait besoin d’étre.... (65.000)

... permettaient pas d'y échapper, bien{fill contraire ; plus on tente/de
supprimer... (61.500)

...Ecologie et[{dil Développement durable,Jill] microfide BFM Tv. (59.000)

...[1a gestion| des affaires[dé pédophilicflll] sein[dd 1'église. (ai je...
(57.000)

This neuron activates on the Arabic

word) &fi) (meaning "in," "at," or "on"), a
versatile preposition used in numerous
contexts to indicate location, time, or state.
It almost always precedes a noun or
pronoun.



Pinpoint Learning: From Mid-training to Post-training

Low-resource Language Low-resource Language

Lack of local knowledge

HE:
BADOEE [HERBF] T. HEKBEA

Knowledge Bias

English Q: English A:
Washington, D.C

The capital of country of

Code Switching

SRE L COEE L ERA S TR
WIZEAontl, BE2OoRLD R

Reasoning Bias

A— 7%k T5IC1E. SEOMHES2

ﬁﬁ@ﬁqJT{EF%ﬁLC L= ldxm 5 Anna Earis is Mot=E B, BYIOEET — 2 D %ﬁj\ ?@@ﬁﬁ%&’&%@ﬂﬁﬁﬁﬁbéﬂ\
HLENTTH ? Arabic Q Arabic A: BTAENTVBANEL TRLLEL, 05 YT, SRTABLETT
A R, BB o yols BT 293 damle e T4 2h Yy CIEAGHARED g?rﬁxl‘af%;f?jﬁf%ﬁ?g’éx
B. K. E. ® ? e HREEAEE S TH D ATIET, HiHH] DRI SIS

C.&£. E. ?% (The capital of country of Anna Faris (Ottawa) E; A E@;"f\?;%?:;)bﬁ?{f:

D. 8, . # is) BT TREAPT N EThbN, B—

English Q: English A: -
The currency used in the Japanese Yen
country of Shinzo Abe is

DRERIE, mHTTEHEL D LD
goWEZeREIFE, $CICAOETH
ELI=OTHEHGHTIEIAL 7=, T

English version:
Question:

3BDEEOMM. 1550 AE DM
NBRETT, A5HE4585TT,

" " 35D S B4
In t_heJapanese folk_ tale _Momo.taro, BELFELY EE| WL DOESSE EDOEBMME
which of the following animals did . Japanese A AN \ 1550 BERY
Momotaro make companions with on Japanese Q: ~ BELTHEAONL, G, ARELT L7 > T, BxldRDESBY TT 4.5
his journey? i REE=OETEONT VAT I& mission accomplished. >R [@ % 1 - C = e x
: T 1 - T v kA >/ Ldg TT EICH
A. Dog, monkey, pheasant B. Fox, L 5)@;(31@? gH? (#77) %gl\u < E 2 a ;_ iﬁ CLer S
raccoon dog, rabbit gﬁe cu;r;n;y used in the country of = C oo
C. Cow, horse, boar D. Carp, frog, crane inzo Abe is)
PY P ionifi ® LLMs often exhibit code-switching PY ionifi
® LLMs perform poorly on questions LLMs typically perform significantly worse LLMs demonstrate significantly weaker

on low-resource |anguages (e_g', issues when generating content.

Arabic/Japanese) than on high-resource
languages (e.g., English).

reasoning capabilities in low-resource
languages (e.g., Japanese) compared to
high-resource languages (e.g., English).

involving local history and
geographical knowledge.

Knowledge Enrichment
(Pinpoint Mid-Training)

Multilingual Knowledge Recall
(Pinpoint Fine-Tuning)

Language Generation
(Pinpoint Preference-Learning)

Multilingual Reasoning

(Pinpoint RL)

ﬁ

Solve Problem: Low-resource Language
Knowledge Bias

Solve Problem: Code Switching Solve Problem: Low-resource Language

Reasoning Bias

Solve Problem: Lack of local knowledge



Stage 1: Knowledge Enrichment

Problem 1 — Traditional continual pre-training (CPT) injects new knowledge effectively (0 - 85.4%), but triggers
catastrophic forgetting of pre-existing knowledge (MMLU 71.8% = 45.7%).

® The Problem @® Solution
Understand why forgetting happens

+84.4pp Diagnose the broken knowledge path: CPT wrongly
deactivates key neurons and makes attention heads
shift focus from the object to the relation.

Locate the domain knowledge modules

-26.1pp

Pinpoint the specific neurons and attention heads the

Catastrophic model uses to carry out the new domain-knowledge
forgetting task.

Pinpoint CPT

New knowledge Existing knowledge (MMLU) Update only these key parameters and freeze the rest

— injecting new knowledge without forgetting the
old.

Foundation Model || CPT



Stage 1: Knowledge Enrichment

Problem 2: domain knowledge spans a huge number of distinct facts (10M+), how to identify its key modules at a far larger scale?

Other tasks (e.g. multilingual-reasoning heads)

100+ a few shared modules - a few hundred Vs.

probes locate them

Domain knowledge (43 layers - 9.5 M concepts)

1O;OOO,OOO+ knowledge points are many -

millions of probes needed

® Solution — pinpoint the key modules for each knowledge point using Knowledge System

n Build the knowledge system

Arab world

Organize the domain (Arab world) into a systematic taxonomy
from Wikipedia — 43 layers, 9.5 M concepts. Each leaf is one

knowledge point (a Wiki article).

a Extract knowledge triples B Cloze probing - localize

For every knowledge point (a Wiki article),
b el L0 e 9 extract structured triples (s, r, 0). 9

Example

Article “Cairo”

s: Cairo
o: Egypt

r: capital of

Rewrite each triple as a fill-in-the-blank via
continuation: give s and r, let the model predict

0. The modules that drive predicting o are the
domain-knowledge key modules.

»

“Cairo is the capital of ____
— predict o = Egypt



Stage 1: Knowledge Enrichment

Why the model forget knowledge after continual pre-training (CPT)?

The Hard Rock Stadium is located in  Miami The Hard Rock Stadium is located in London

Grouped neurons é . :

. Attention Head
B b Attribute Re-rank wrong retrieval
Attribute Retrieval ( Sub related attrs from “relation ( Relation related attrs
‘ (Sport, Florida, X N (America, London,
Miami, ...) France, ...)
Sub related attrs X
(Sport, Florida, Relation related attrs
Miami, ...) (America, London,
France, ...)
Subject Enrichment

[ Hard Rock . [ Hard Rock .
T( Stadium location T( oo location

The Hard Rock Stadium is located in The Hard Rock Stadium is located in

Correct knowledge path before CPT Incorrect knowledge path after CPT

® Neurons in "Sub-related attrs" are incorrectly updated and deactivated.

® Heads that should attend to the "object" (Stadium) are incorrectly updated and shifting focus on the "relation" (located).



Stage 1: Knowledge Enrichment

Pinpoint CPT: only fine-tuning neurons and heads correlated
to new knowledge and freeze all others that are correlated

to pre-existing knowledge. (updating ~2% parameters)

layer

0 10

Tuned heads

layer

0

5|\\' Wy '“:" II n'\
IIllllllI lII \ If f \
10 L i |‘|||"|

I Illllb | I'| |ﬂ

|
lII I“hllfi ‘ H

20
25
30
35

40

Tuned neurons

+15.9pp +12.6pp

IIII

New knowledge

Results:

® Pinpoint CPT mitigates catastrophic forgetting, only drops
by 0.4% on MMLU and no drop on AMMLU after training.

® Pinpoint CPT maintain effective new knowledge injection,

Foundation Model

B crr

Existing knowledge

Il Pinpoint cPT

from 73.1% to 83.5% and 54.0% to 66.6%

Arabic
Knowledge

Japanese
Knowledge



Stage 2: Multilingual Knowledge Recall

Accuracy / Percentile (%)

English Question: English Answer:

' __ Washington, D.C &
The capital of country of Anna Faris is

‘|71 8.7pp

Japanese Question: Japanese Answer:

EOBEEEXT7ZVF - NIV FTY 457

English Japanese

Problem: LLMs consistently perform significantly lower on low-resource languages (e.g., Japane
se). than on high-resource languages (e.g., English).



Stage 2: Multilingual Knowledge Recall

Analysis: Apply path patching to Identify the attention heads that are crucial for reasoning in English and Japanese.

0 0
5 5
10 10
15 15
Ol _—
20 s 20 e
Layer 19 Head 8 Layer 19 Head 8
25 25
30 30
0 10 20 30 0 10 20 30
(a) Key heads for English reasoning (b) Key heads for Japanese reasoning

Insights: While the answers differ across languages, the top-20 critical attention heads remain the same.

Chenghao Sun et al. Bridging the Language Gap: Uncovering and Aligning Shared Circuits for Multi-Hop Reasoning in Multilingual LLMs. AAAI, 2026.



Stage 2: Multilingual Knowledge Recall

Training Data: Translate the correct answers from English questions into Japanese, combine them with the corresponding Japanese
guestions to form new, correct Japanese QA pairs.

English Qwen

Question

Q: The capital of
country of Anna Faris is

Accuracy on other languages:
® Full Fine-tuning:

X over 10% drop on English
X Slight drop on zh/he/vi/it
® Pinpoint Fine-tuning:

All increased

Correct English

Google Translation

Translated Japanese

—> Japanese QA

Answer LLM check Answer
A: Washington, D.C A A5 Q:EBEOEENI T 7 -
AT TY
A: 75T
15.0% 0
10.0% 5
(O]
&  5.0% 10
<
> 0.0% . 15
o 7 m | I I B o
£ Z mm <
S -5.0% — 20 ==
< tunable parameters: < 2%
-10.0% 25
-15.0% 30
ja en zh ar pl he i it avg 0 10 20 30

W Full Fine-tuning

Pinpoint Fine-tuning

Head

Only train the important head, leave the others freezing

Chenghao Sun et al. Bridging the Language Gap: Uncovering and Aligning Shared Circuits for Multi-Hop Reasoning in Multilingual LLMs. AAAI, 2026.




Stage 3: Language Generation

. LLMs often exhibit code-switching —where generated content is mixed with irrelevant linguistic elements—
compromising readability and accuracy in practical applications.

[ e e e e e e —————————————————————— e Y
i i i
! Normal Multilingual Generated Content 1 Code-Switched Content (unanalyzed) '
! : :
e .E ___________________________________________________________ i
: Input: Qui a réalisé Don't Breathe 2 ? 1 Input: Qui a réalisé Don't Breathe 2 ? :

P 1 !
: 1 1
i i i
I Output: "Don't Breathe 2" a été réalisé par Stephen Surjik. Il est le réalisateur ! Qutput: “Don‘t Breathe 2” a été réalisé par Stephen Surjik. Il est le 1
1 P P P 1 A . X N 1
1 principal de ce film de peur 1 réalisateur principal de ce film de i, &HTF20214, 1
I P P : !
1 : English: 1
! . !
1 1 1
1 1 1
1 1 1
1 1 1
1 1 1
1 1 1
1 1 1
1 1 1
1 1 1
1 1 1
1 1 1
1 1 1
1 1 1
1 1 1
L, e

Solution: Use output token logits as circuit endpoints, iteratively backtrack to identify MLP neurons associated with the output.
Through hierarchical analysis, we trace upstream neurons with significant correlations layer by layer, ultimately locating the complete
multilingual answer-generation circuit.



Stage 3: Language Generation

Problem 2 — The number of language-related neurons localized in the LLM is too large (1000+), making it difficult to
directly delineate the functional composition of the circuit.

®  The Problem ® Solution

Grouping

Neuron Circuits Visualization

cluster functionally similar neurons. This structured grouping
enhances circuit interpretability by consolidating semantically
aligned components.

Human Labor

Building on the function and topology of the simplified neuron
groups, human experts leverage their experience and linguistic prior
knowledge to further decompose and organize the circuit into a
structured form.

Complete circuit for French.

Yuxin Xiao, et al, How Do Large Language Models Speak Languages? A Case Study on Code-Switching. ICML, 2026.



Stage 3: Language Generation

Circuit for language generation

Baseline (French) TOP PREDICTION
peur
(en : horror)
SEMANTIC LANGUAGE
SUB-CIRCUIT SUB-CIRCUIT
—> Say pe —> Say French
Say horror Articles
Multilingual French
Anxiety Articles
Multilingual Multilingual

PROMPT

... il s'agit d'un survival horror avec un fort accent sur
I'exploration et la
(en : ... it is a survival horror with a strong emphasis on exploration and)

(a) Speak French

o Semantic Sub-circuit: Interprets and
processes semantic information (e.g.,
detecting the implied "survival horror
atmosphere" in context), leading the model
to predict "horror."

Language Sub-circuit: Handles

o multilingual context by detecting token-
level features (e.g., articles) to activate
French-specific neurons, triggering
French-language output.

Code-Switch (to Chinese) TOP PREDICTION
P e Ja gy b 0y B Rl
(en : horror)
SEMANTIC LANGUAGE
SUB-CIRCUIT SUB-CIRCUIT
Say i Say pe —> Say French
Chinese
|| Say horror Prepositions
Multilingual French
Film, Media Prepositions
Multilingual Multilingual

PROMPT

Stephen Surjik est le réalisateur principal de ce film de
(en : Stephen Surjik is the main director of this _ film)

(b) Code-Switch: Speak Chinese in French Context

o Semantic Sub-circuit: Standard
semantic processing occurs, but “7&/#"-
predicting neurons connect directly to
output nodes, bypassing language sub-
circuits.

o Language Sub-circuit: Multilingual
processing impacts outputs less than
abnormal semantic nodes (e.g., “7&H"
prediction).

Key Findings

Multilingual Generation Mechanism:

® The model's multilingual answer-
generation circuit consists of two sub-
circuits: a semantic sub-circuit processing
input meaning, and a language sub-
circuit transmitting language signals.

® Code-switch occurs when semantic nodes
predicting multilingual tokens bypass the

language sub-circuit and connect directly to
output positions.

Yuxin Xiao, et al, How Do Large Language Models Speak Languages? A Case Study on Code-Switching. ICML, 2026.



Stage 3: Language Generation

Pinpoint-Tuning: DPO on language sub-circuit neurons

® Languages: French/Russian/Spanish/Chinese/Arabic
® Chosen: non-code-switched text
® Rejected: code-switched text

SEMANTIC LANGUAGE
SUB-CIRCUIT SUB-CIRCUIT

—> Say pe —> Say French
Say horror Articles
Multilingual French
Anxiety Articles
Multilingual Multilingual

Language-Consistency

. Language-Specific Neurons Tuning Foundation Model
+16.5
S +5.8pp > +26.9pp
< T I +23.7pp
& +33.9pp I
€
2
K%
[0]
c
o]
O I
@
(@)}
©
=]
(o))
C
g I
French Russian Spanish Chinese Arabic

After Pinpoint DPO on language sub-circuit neurons (~2%):
® The model’s Language-Consistency Rate significantly improves (60.94% —82.32%)

® Training an equivalent number of random neurons does not yield comparable results.
(60.94% —54.3%)

Language consistancy on other languages

20.0% (trained on French)
o 10.0% ® Full Fine-tuning:
Qo
_rccu 0.0% = . I I 5 __ = _ X over 5% drop on Japanese & Russian
o
9 I I X Minimal Improvements
S -10.0%

® Pinooint Fine-tuning:
fr es ar ja ru zh vi id avg Pinpoint Fine-tuning

. : - . No significant drop
m Full Fine-tuning  m Pinpoint Fine-tuning

Notable improvements on multiple languages

Yuxin Xiao, et al, How Do Large Language Models Speak Languages? A Case Study on Code-Switching. ICML, 2026.



Stage 4: Multilingual Reasoning

Problem 1 — In reasoning tasks (e.g., math and code), the performance of LLMs is significantly lower in low-resource
contexts (e.g., Japanese) compared to high-resource contexts (e.g., English).

® The Problem ® Solution

English context:
A robe takes 2 bolts of blue fiber and half that much white fiber.

How many bolts in total does it take? Let's think step by step and HR H
Model Performance across Contexts output the final answor after " PRy Locate the multilingual-reasoning
7.3pp heads
31.2pp English answer:
1/2*2 =1 bolt of white fiber
2 +1 = 3 bolts of fiber total " 4 Pinpoint the small set of attention heads that

so the answer is 3. drive reasoning in the target language.

$ Ssame question

Japanese context:
O—-7ZERT3ICIE. BEOMHEZ2ES. HEBEOMHMEZ
ZOFEPBEVBINENDHD XY, 2ETRIENDETI H?
ERREZIBE> TEA. RENBEZAZT Teny OECEHL i i
sy Pinpoint RL
GSM8k (math) MBPP (code) éa%aage%eégzggé 1SEDHEDEEDNETT. & RL only those key heads on multilingual
, 3455 T, reasoning data, keeping the others frozen.
English @ Japanese 3% (DS BLG x
1.5ED &Y
Lieh> T, BARDESY TY 45,



Stage 4: Multilingual Reasoning

Problem 2 — Reasoning tasks emit long output sequences, so applying path patching over every output token is
impractical.

®  The Problem ® solution

Filter key tokens by entropy

High-entropy tokens mark the key logical steps in the reasoning trace —
keep only those as the analysis targets.

Knowledge task (Stage 2 - factual recall)

Q: The capital of the country of Anna Faris is ...

() () (59O

-> at most a few dozen output tokens - easy to perturb every token

Reasoning task (Stage 4 - the math problem) COmpute effect on key tokens only
Q: A robe takes 2 bolts of blue fiber and half that much white ...
Compute the effect only on the handful of key tokens and ignore all the
others — no need to evaluate every output token.

®

-> hundreds to thousands of tokens - perturbing each is infeasible

m key tokens = effect computed here



Stage 4: Multilingual Reasoning

Step 1: Identify key token— select high-entropy Step 2: Locate key heads — apply path patching to identify
tokens as the subjects for interpretability analysis. heads that have strong influence on these high-entropy tokens.
(S rapresints entopy welohh k- choose  circle! E A= Mesde '® beginning
count stackgm45e C a l ]_ a tl N
;,se tesat 0 _num oungdneaning remalhn /=1 i é(r)esidueider “ o
: ol HowdVer
g Li% i e e drop ™ ;%
o B tllat / by ~/=in did-cim *E
; _m-imtri all / whole / entire ,n“ ed :u
I: 51 _S€ = o ipgm or seek / find / reqijelsyt ' t h il Smember / staffeis
m| |58 D if N G A G ¢ have / possess e F
et Return & cluster @ f;t / mgtch / COmne ONE Yearborrow ,com (domain suffix)
(a) Key tokens for Japanese coding (b) Key tokens for Japanese math -
s
(c) Key heads for Japanese coding/math
* The high-entropy tokens are often * The key heads are mainly concentrated in the

concentrated in key reasoning steps. deeper layers .



Stage 4: Multilingual Reasoning

Pinpoint RL: only fine-tuning heads (27 heads,

~1% of all) correlated to Japanese reasoning

tasks and freeze all others.

Tuned Attention Heads (Ratio: 1.1%)

> 50

58

Tuned heads

Results:

® Pinpoint RL improves Japanese math ability by 5.5% and Japanese coding

ability by 22.2%, reducing the performance gap caused by lingual context.

® Pinpoint RL improves training efficiency (25%)—achieving performance

on par with full RL while saving 25% of GPU hours.

® Pinpoint RL reduces training memory (50%).

Performance

+5.5pp
I I I +222pp
GSM8k (math) MBPP (code)

. English Context Japanese (before pinpoint RL) . Japanese (after pinpoint RL)



Integration: Enhancing Understanding + Reasoning + Generation

QHERICLWSH> Lo 3EBENAEY Z7/IN—hF+—, X

oo s\ SBRTT - B R g R 3 = LY T e
Q: "REIL, cRESUSMEKTTA? O B Al BRI DESRREET Mg, FRCERORL IR XA EESLL
AXFENCE BEET) EVWSEEEAROS Af_‘%g REDHZTED 2 &2 : Y, BYREEEER VY Y TN ERL T RS,
XT.EBLT, . A g HEISEZCET 3 CEROSEL.
0- 0- 0-
r. - - - | | | | I
51 | | l. - - 5 - 51
| |
= s .l- ] L -
s L 10 o 10
Q ) - .I | | - HE O
E 15 - E 15 P g : 1 D 15;
LI . . o
| 20 - 20 -
5 ' i L - -
25 - 25 - 25 m'm -'.-..-
30 - 30 - 30 4 u o I. |
head x neuron head x neuron head x neuron

+24%

>

? +17%

-

+21%

Foundation Model Enhanced Model Foundation Model Enhanced Model Foundation Model Enhanced Model

Knowledge Enrichment Knowledge Recall/Reasoning Language Generation



Part IV
Interpretability-Driven Application

® Training: Multilingual Enhancement
® Inference: LLM Quantization

® Data: Data Synthesis/Selection



More Efficient: Precise Quantization

Objective: Infer more data using the same computational resources and time.

original

® The process of converting high-precision numerical values (e.g., FP32) into lower-precision numerical o7 weight

values (e.g., INT8) while minimizing the performance loss.

higher granularity

® Map the floating-point range [Tin, Tinax] (€.8., floating-point range 0 to 10.8) to the integer range
[0,2P — 1] (e.g., O to 255 for 8-bit integers).

lower granularity [] [] |§] O@EOeEO EI m @KD O@0O

quantized
weight

hlghest ab out

-.59 D7
-10.8 M“Mﬁ 10.8 ’/’O‘%\ 256
\ min | | ' Outlier Issue: One single floating-point

759 -4.57 195 0 308 547 T ?max

m‘“_‘l\—o—o—o—?—O—o—i iz ! number is significantly larger than all
: other values. When mapping all values
in the vector simultaneously, the
_ | _ smaller values may all be quantized to
min '—o—o—o—o—o-o—o max 127 . . .
127 0 127 0, resulting in a substantial

ﬂﬂﬂﬂﬂﬂ. ﬂﬂﬂﬂﬂﬂ quantization error.
L Py _ highest value

INT8 can take

outlier
. 1
min I ‘ max

[@X1 TH

outller
0in FP32 0inINT8

Evaluation Metrics:
® (Quantization Loss: Performance loss on benchmarks (e.g., MMLU and Ceval) after quantization.

® Efficiency: Number of tokens generated per second, memory usage (GB).

A Fundamental Issue in Quantization: A single strategy cannot fit all parameters.

https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-quantization



More Efficient: Precise Quantization

Quantization Bits
w.r.t. Each Module

Mixed
Precision

Importance Score
w.r.t. Each Module
Interpretability Analysis > Dynamic Programming

Low-bits

High-bits
ckpt

ckpt

A 4

Independent Quantization

A 4

® The importance score represents S0

10 the loss after quantizing the
module, while the bits represent
the cost at different precision
levels for the module. The total bit

can be set as the quantization

® Apply interpretability analysis
methods (e.g., path patching) to
get the importance of each :
module to the model's output.

® Existing algorithms such as GPTQ
and AWQ can be directly used for
low-bit quantization.

|
INTA Weight Global Memory
|

_rla Activation

-4x10°

\
|
|
|
|
1
|
|
|
1
|
|
|
|
|
|
/

GEGRE

® After configuring the number of

3x10°

Layer Index
Layer Index

Zero Point

&

Use different input data to get
importance distribution for
different tasks w.r.t. each
module, such as C4 for general
tasks, math for mathematical
tasks, and translate for
multilingual tasks.

7 types of modules, including
the Q/K/V/O in the Head and
the gate/up/down in the MLP.

| 0.0009 Rl
0.0002" 0.

0.0001 O
0004

0.0001  0.0004 O 0
0000 -0.0000 00005 -
0.0000 0.0002 "0.0005 O.
00001 0:0002_ 0.0001 0

} -0.0000 -0.0000 0.000
X XLSW 00014 0.0023 0.0030
Q K W o gate w down

Module Name

0008
0.0009 00011

objective.

The importance score + bits of
each module + total bit
correspond perfectly to the value +
cost + capacity in the dynamic
programming knapsack problem.
Dynamic programming can be used
to analyze which parameters
should use high precision and
which should use low precision.

int4
intd

4

4
int4
nt4
int4
nt4
L
nt4
nt4
nt4
L
nt4
nt4
nt4
inté
nt4
nt4
intd

~

Module Name

2x10°

bits, post-training quantization can
be performed on the model.

Potentially extended to parameter
+ activation quantization and any-
bit quantization.

Each module independently selects the optimal quantization strategy.

F16 Matrix
Multiply

|

Dequantization

Scale

D

F16 Output

Register



More Efficient: Pinpoint Quantization

Problem — interpretability for quantization differs from earlier tasks in how counterfactual data is built — the input is fixed, so
the counterfactual must be constructed by perturbing parameters, not by editing the input.

® Problem

(

Earlier tasks — counterfactual in the INPUT

Pair a reference input with an edited counterfactual (swap the key
entity or answer). The input changes; comparing the two runs
attributes importance to each module.

»

reference input: “The capital of Franceis ____

14

counterfactual input: “The currency of France is

VS-

Quantization — the input never changes

The intervention is on the weights, not the text, so there is no input
pair to contrast — the classic reference / counterfactual-sample
recipe no longer applies.

= the counterfactual must live in PARAMETER space

@ Solution

1

fp16 reference pass = Int4 one module (e.g. W,)

outputo

- output, e importance = A perplexity

Output

Unembedding

LayerNorm INT4 Params

MLP2

il

replace W, FP16 Params
MLP1
g LA il T X, '
\\,\' “r'\ Output &
@dding o EEE A i
Input
<’ Same as original output /}di ‘erent from original output

FP16 Model 9 P fferent f 9 P

White means original params, Blue means INT4 params

Larger quantization loss = the module is more critical to quantization.



More Efficient: Precise Quantization

72B_3.0-KL.

72B_4.0-KL

Dynamic Programming

6x10° 6x10°

The importance score + bits of each module + total bits correspond perfectly to the value
+ cost + capacity in the dynamic programming knapsack problem. Dynamic programming

can be used to analyze which parameters should use high precision and which should use

low precision.

4x100 4x100

® Value: The importance score for each module.

® Cost: The number of bits for each module N, = my Xn, Xp,, where m; Xn;
represents the shape (i.e., the number of elements), and p;, represents the precision of
the k-th parameter.

3x100 3x100

Layer Index
Layer Index

® Capacity: The total bit budget for quantization.

2x100 2x10°

def dp_0_1_bag(self, scores, costs, capacity):

Dynamic Programming Results: MLP tends to be allocated with low precision, while K and
V in Attention tend to be allocated with high precision.

100

gate w

o o
Module Name Module Name

Qwen2.5-72B Qwen2.5-72B
avg 3 bits avg 4 bits

Address the combinatorial optimization problem of quantizing all model parameters to any-bit precision.



More Efficient: Precise Quantization

Precise Quantization: 3.3-bit tracks FP16 across 30 benchmarks
Per-benchmark A = 3.3-bit — FP16 (pp) — green: 3.3-bit higher terracotta: FP16 higher

+3.33

+2.33
+1.97

+1.25

+2

+0.90
+0.91
+0.40
+0.67
+0.23

@
<
S

7

+0.11
+0.20
+0.10
+0.13
+0.05
+0.00

-0.01

SuperGPQA -0.39
EvalPlus
BELEBELE0.58

-2

MMLU -0.12

MMLU-redux
-1.788BH
SimpleQA
AIME2024
MATH500
GSM8K
Multi-IF

INCLUDEO.61

INCLUDE-ap.72

MMMLU-ar -0.34
INCLUDE-jp
MMMLU-jp
BELEBELE-jp88

HumanEval

Arena-Hard0.62
MTBench*

IFEval -0.36

BFCL v4
TruthfulQRA
HellaSwag

GPQA-Diamond
BELEBELE-ar
LiveCodeBench v5
AlignBench-v1.1*
AlpaedBal-2.0

-2.80

* AlignBench-v1.1 and MTBench are scored 0-10 (A not directly comparable to the 0-100 benchmarks)

® Lower bit with the consistent performance: The Qwen3-235B-A30B-Instruct model achieves the
same performance as the FP16 model with an average precision of 3.3 bits. An average increase of
0.02%, with a maximum decrease of 2.8% (MBPP, code dataset).

One-Bit-Fits-All Quantization = Precise Quantization
Reducing Inference Costs with Controllable, Adjustable, and Interpretable Quantization.



Part IV
Interpretability-Driven Application

® Training: Multilingual Enhancement
® Inference: LLM Quantization

® Data: Data Synthesis/Selection



Data Is Becoming the New Bottleneck for LLM Scaling

Major data bottlenecks

The supply of usable human data is approaching its limit. [1]
Raw web data is abundant, but useful signal is sparse. [2,3]
Long-tail, expert and trustworthy data remains scarce. [5]
Data contamination threatens both training and

evaluation. [4,6]

B wnN e

Projections of the stock of public text and data usage Z EPOCHAI
Effective stock (number of tokens)

Estimated stock of human-

10's| _generated public text; 95%01\

Dataset sizes used to train

notable LLMs; 95% Cl \ |_glie
I?,_BR'X""”»' ~2028

_Falcon-180B Median date of full

stock use; 80% CI

2020 2022 2024 2026 2028 2030 2032 2034
Year
CC-BY epoch.ai

~2027
GPES. Median date with 5x
= overtraining; 80% Cl

Epoch Al: high-quality human-generated text could be
fully utilized around 2028 [1]

[1] Epoch Al (2024), Will we run out of data to train large language models?

[2] Li et al., NeurIPS 2024, DataComp-LM: In Search of the Next Generation of Multimodal Language Model Training
Sets; project page

[3] Penedo et al. (2024), The FineWeb Datasets: Decanting the Web for the Finest Text Data at Scale

[4] Shumailov et al., Nature 2024, Al models collapse when trained on recursively generated data

[5] Longpre et al., Nature Machine Intelligence 2024, A large-scale audit of dataset licensing and attribution in Al; Data
Provenance Explorer

Major research directions

1. Data selection and automated curation.[2,3,8]
2. Data mixture, curriculum, and scheduling. [7,8]
3. High-quality synthetic data. [4,9]
4. Data governance and trustworthy

evaluation. [5,6]

“Experts are the new GPUs. The largest
Al labs are spending huge amounts of money, like
huge amounts of money to acquire more valuable
tokens, either paying experts to generate i,

working through labeling companies like Scale Al
or others”

TAKE OUR WORD
FOR IT

DON’T JUST Nat Friedman

Scale Al: High-value expert tokens are becoming a scarce resource [10]

[6] Oren et al., ICLR 2024, Proving Test Set Contamination in Black-Box Language Models

[7] Xie et al. (2023), DoReMi: Optimizing Data Mixtures Speeds Up Language Model Pretraining

[8] Goyal et al., CVPR 2024, Scaling Laws for Data Filtering — Data Curation Cannot Be Compute Agnostic

[9] Maini et al. (2025), BeyondWeb: Lessons from Scaling Synthetic Data for Trillion-scale Pretraining; DatologyAl
research blog

[10] Scale Al, Generative Al Data Engine



Interpretability for Data: A Research Overview

Data Valuation (5 Papers)

[1] DATE-LM: Benchmarking Data Attribution
Evaluation for Large Language Models. NeurlPS 2025
[2] Enhancing Training Data Attribution with
Representational Optimization. NeurlPS 2025

[3] GraSS: Scalable Data Attribution with Gradient
Sparsification and Sparse Projection. NeurlPS 2025

47

Papers & Works

Data Selection and Curation (15 Papers)

[1] Efficient Data Selection at Scale via Influence
Distillation. NeurlPS 2025.

[2] NICE Data Selection for Instruction Tuning in LLMs
with Non-differentiable Evaluation Metric. ICML 2025.

Data Attribution and Data-Model
Relationship Analysis
(27 Papers)

[1] Understanding Impact of Human Feedback via
Influence Functions. ACL 2025.

[2] Why Language Models Hallucinate. 2025
OpenAl, official research post and linked technical
paper.

[3] Teaching Claude Why. 2026 Anthropic, official
research post.

Motivation for using Interpretability Tools

1. Establish causal links between data and model behavior: Move beyond correlational proxies
such as perplexity, loss, and similarity to identify which data actually drives specific capabilities.

2. Improve Training Efficiency: Reduce trial-and-error in data optimization. Use internal model
signals to guide data valuation, selection under limited computational budgets.




Data Selection

Problem: Given only a few target-task examples, how can we select a small yet highly relevant subset from a large
instruction dataset to improve instruction-tuning performance?

- N
(: =\ . oo N\
FemTanatt=Tsk Large Instruction Dataset J::: SS;:‘c::g:::n Small but : -
Examples Bl L | T == Relevant Subset Instruction
B e o DOA - Tuning
\ Jox 1&

Math QA % __

-

E
E
Q2o " Y |B=
B~ ||| BBRBREBR| .. |[B=—
: |BEBfBE ———— Bl

Limitations of existing methods
e Text similarity may focus on shared words rather than shared reasoning skills.
 Dense embeddings may fail to capture how the target model internally processes each example.

Da Ma, et al, Task-Specific Data Selection for Instruction Tuning via Monosemantic Neuronal Activations. NeurlPS, 2025.



Data Selection

Step 1 — Extract Sparse Autoencoder
(SAE) activations
Use SAE to convert source and target
examples into sparse and more

interpretable features.

Step 2 — Build a target-task
representation
Average the activation features of a
few target examples to form a task

Step 3 — Select relevant data
Compare every source sample with
the task prototype and select the
most similar examples for

prototype. instruction tuning.
N 77 Nt N 7 N 17 N7
1. Input Data 2. Extract Activations 3. Sparse Autoencoder 4. Latent Representation 5. Similarity Matching 6. Select Subset
T t E L
i bl Dense / Sparse / Target Example Source Similari SGanl vt
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Da Ma, et al, Task-Specific Data Selection for Instruction Tuning via Monosemantic Neuronal Activations. NeurlPS, 2025.



Data Selection

Experimental Setting
 Model: LLaMA3.1-8B

* Training data: OpenHermes-2.5 (~1M instructions).
* Comparison:

* MONA: paper’s method (5% data);

* DSIR aligns n-gram distributions (5% data);
e Evaluation: MMLU, GSM8K, BBH, MBPP, and GPQA.

>7 B3 MONA (5%) DSIR (5%)
56 55.75

55 54.74
54

53

Average score (%)

52

51

V

/1
50/

Result
- Better selection: MONA achieves the best average

score (55.75), outperforming the strongest selection
baseline, DSIR (54.74).

- 5% is enough: MONA with only 5% of the data
surpasses full-data tuning (55.75 vs. 54.23).

FULL (100%) BASE

54.23

51.68

Da Ma, et al, Task-Specific Data Selection for Instruction Tuning via Monosemantic Neuronal Activations. NeurlPS, 2025.



Data Synthesis

Problem: How can we synthesize a small but effective dataset for LLM post-training?
* Task: Generate training data that improves specific downstream capabilities.
* Need: The data should cover diverse, task-relevant behaviors.

Limitations of existing methods
* Existing methods generate large datasets and judge diversity mainly by textual differences. Different-
looking samples may teach model the same feature.

Existing Method for Data Synthesis Limitation
What are the main
; zz:z‘;;’f climate Capability Feature Activations
S 3 " g Sample1 Sample2 Sample3 Sample 4
f N —
What are the primary —_—
— | reasons behind —_—Tp Factual QA - - - -
i 2
0* \lﬁllmate change? ) > .
S 2 - Reasoning 5 Same
/ Can you list the key _—) capability
+ — | factors that contribute | — T Safety
L‘t/o climate change? ) B
Coding
¢ N ]
Which factors are ~ J
— mainly responsible for | — LLM

L‘ilimate change?

Textually diverse data

Zhongzhi Li, et al, Less is Enough: Synthesizing Diverse Data in Feature Space of LLMs. ICML, 2026.



Data Synthesis

1. Identify Task-Relevant SAE Features
Run target-domain anchor data through
the SAE and retain activated features
semantically relevant to the target task.

2. Detect Missing Features

Compare the task-relevant features
covered by the seed dataset. Set
difference defines the missing features.

3. Generate Missing Feature-Covered
Samples

Condition the data generator on the
feature description and contrastive pair to
synthesize samples of the missing feature.

4. Filter and Augment

Re-score generated samples with the SAE
and retain only the top samples that
strongly activate the target feature.

Zhongzhi Li, et al, Less is Enough: Synthesizing Diverse Data in Feature Space of LLMs. ICML, 2026.

FAC- Gmded Data Synthe5|s

o Build SAE
Feature Space
-

Decompose activations
into interpretable features

e Collect Task-
Relevant Features

Ex:.n @ e

Find features important
for the target task

Compare seed data
L with target features

y
o Construct e Generate
Contrastive Pair Feature-Covered
Strong Weak Samples
(Imitate) (Avoid) *

Show what to imitate
and avoid

Synthesize data for
uncovered features

0 Filter &
Augment Data
oo o
o e Q
T
Y alt

Keep high-activation
L samples only




Data Synthesis

Experimental Setting

* Model: LLaMA-3/3.1 8B .

e Evaluation: toxicity, reward modeling, behavior steering,
and instruction following

 Comparison: Seven synthesis baselines under matched
data budgets

Instruction expansion / self-evolution

Toxicity Detection
AUPRC (%)

Reward Modeling
Accuracy (%)

Alpaca 50.6 63.5 7.3
Evol-Instruct 49.5 66.0 18.0
MAGPIE 44.2 72.8 5.3
CoT-Self-Instruct 50.9 72.6 17.3
SAO 50.5 69.0 14.7
Prismatic Synthesis 52.1 70.7 16.7
SynAlign 58.8 70.7 21.3

Objective-driven synthesis

Behavior Steering
Sycophancy SCR (%)

Result

Broad effectiveness: FAC Synthesis consistently
outperforms existing data synthesis methods across
five tasks

High efficiency: On AlpacaEval 2.0, only 2K samples
match MAGPIE with 300K samples

@ FAC Synthesis

Behavior Steering
Survival SCR (%)

Instruction Following
LC Win Rate (%)

3.3 6.2
14.7 7.4
16.7 6.0
17.3 7.4
23.3 9.5
16.0 7.7
0.0 11.3

0 40 80 0 45 90 0 25

50 0 25 50 0 15 30

Zhongzhi Li, et al, Less is Enough: Synthesizing Diverse Data in Feature Space of LLMs. ICML, 2026.



Insights and Outlook

Insights

1. Internal features provide a better measure of data diversity: They capture functional differences between samples
beyond surface-level textual diversity.

2. Interpretability-guided data curation largely improves training efficiency: Selected or synthesized data can match or

outperform full-data training with far fewer samples—using only 5% of the original data.

Outlook

1. Beyond text post-training

The same ideas are likely to expand toward pre-training data, multimodal data, long-context interactions, agent trajectories,
preference data, and safety red-teaming.

2. Dataset-level interpretability

Move from explaining individual predictions to understanding dataset coverage, redundancy, and capability gaps.

3. Interpretability-guided and self-improving data optimization

Build a closed loop where internal feature analysis guides data selection and synthesis, and verifies what the model learns.
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LLM Reasoning Interpretability

Rows = interpretability method families | Columns = reasoning-analysis needs | Cells = how strongly current work covers each need (induced from the distribution of
40 works across NeurlPS 25 /ICML 26 / ACL 25 / ICLR 26 + OpenAl-DeepMind-Anthropic)

End-user Interp. /

. . CoT CoT Internal Latent Reasoning Arithmetic-Logic .

Method family \ Analysis need Faithfulness Monitorability Mechanism / Circuits / Planning Multi-hop Trace—Tr_aln
Decoupling
Feature / Token Attribution Moderate Limited Limited Limited
Probes (Linear/Structural/Latent) Moderate Moderate Limited Strong Moderate Limited
Sparse Autoencoders (SAE) Limited Moderate Limited
Mechanistic / Circuit Analysis Limited Strong Moderate Strong
Ca"s"’!' Intervention / Activation Strong Limited Moderate Moderate Moderate Limited
Patching
Counterfactual / Faithfulness Strong Moderate Limited Limited Moderate
Benchmarks
CoT Mpnltorlng / Behavioral Moderate Strong Moderate
Analysis
Introspection / Self-explanation Moderate Limited Limited Limited
Strong coverage Moderate Limited Gap

Takeaways: Mechanistic/circuit analysis and causal intervention are most mature on “Internal Mechanism” and “Arithmetic-Logic reasoning”; CoT monitoring dominates

“Monitorability”; “Faithfulness” is carried by counterfactual benchmarks + causal intervention. The weakest cells are SAE x Monitorability, Monitoring/Introspection x Internal
Mechanism, and most methods’ thin coverage of “Latent Reasoning/Planning”.




Current Works x Technical Dimensions Mapping

Method / Work

A - Faithfulness Evaluation & Benchmarks
Measuring Faithfulness of Thinking Drafts
RFEval

FaithCoT-Bench

CoT In the Wild Is Not Always Faithful

B - CoT Monitoring & Safety

CoT Red-Handed

Scope

Text/CoT
Text/CoT
Text/CoT
Text/CoT

Text+Action

Focus

Counterfactual intervention to assess faithfulness of intermediate steps

Counterfactual intervention to define & benchmark reasoning faithfulness

Instance-level CoT faithfulness detection benchmark

Unfaithful CoT is common even under natural prompts

Stress-test CoT monitoring to catch harmful behavior

Metrics (tags)

faithfulness - causal-necessity
faithfulness - causal-necessity
faithfulness - selectivity

faithfulness - robustness

monitorability - robustness

Source

NeurlPS 2025
ICLR 2026
ICLR 2026
ICML 2026

NeurlPS 2025

Monitoring Monitorability Text/CoT Proposes monitorability metrics & evaluation paradigms monitorability - robustness ICML 2026
Detecting Misbehavior in Reasoning Models Text/CoT Weak model reads CoT to detect reward hacking monitorability - faithfulness OpenAl
Output Supervision Can Obfuscate CoT Text/CoT Output supervision can induce obfuscated CoT monitorability - robustness ICLR 2026
C - Mechanistic / Circuit Analysis

A Implies B: Circuit Analysis Agnostic Localizes modular circuits for propositional logic localization - completeness NeurlPS 2025
Reasoning Circuits (Syllogistic) Agnostic Necessary-sufficient ‘middle-term suppression’ circuit causal-necessity - minimality ACL 2025
Verifying CoT via Comp. Graph (CRV) Agnostic White-box verify reasoning steps via attribution graph faithfulness - causal-necessity ICLR 2026
Circuit Tracing / On the Biology Agnostic Attribution graphs + cross-layer transcoders for mechanism completeness - traceability Anthropic
D - Latent Reasoning & Planning Probing

How Far Ahead Do LLMs Plan Text/CoT Probes the planning horizon encoded in hidden states predictability - faithfulness ICML 2026
CoT Vectors Agnostic Compact vectors encode & probe reasoning mechanisms predictability - selectivity ICLR 2026
Latent Multi-Hop without Shortcuts Text Tests latent multi-hop reasoning excluding shortcuts selectivity - faithfulness ACL 2025
Dynamics Within Latent CoT Agnostic do-intervention analysis of latent-CoT causal structure causal-necessity - faithfulness ICML 2026
E - Sparse Features & Introspection

Step-Level Sparse Autoencoder Agnostic Step-level SAE to interpret the CoT process sparsity - feature-quality ICML 2026
Do SAEs Identify Reasoning Features Agnostic Critically tests the reality of SAE ‘reasoning features’ faithfulness - sparsity ICML 2026
Emergent Introspective Awareness Agnostic Concept injection tests functional introspection faithfulness - predictability Anthropic
Probing & Steering CoT Unfaithfulness Agnostic Probes & steers faithfulness as a linear direction selectivity - monitorability ICLR 2026
F - Trace Semantics & Interpretability (Critical / Position)

Interpretable Traces, Unexpected Outcomes Text/CoT Trace correctness decoupled from answers; end-user interpretability study interpretability - faithfulness - trace-decoupling ACL 2026
Stop Anthropomorphizing Intermediate Tokens (Position) Text/CoT Position: intermediate tokens # reasoning; caution on semantic reads interpretability - faithfulness - semantics ICML 2026

the metric vocabulary follows the reference: faithfulness / causal-necessity / completeness / minimality / robustness / localization / predictability / selectivity / sparsity / monitorability.




(D Problem

How trustworthy is the model's thought content?

Both CoT monitoring and steering assume the thinking draft mirrors the model's real computation — yet across 12 open-source reasoning models, RFEval
finds 49.7% of outputs unfaithful.

CoT Monitoring CoT Steering

both assume the draft faithfully reflects the model's real computation

Thinking Draft

thinks Step 1 reasoning ...

Reasoning Model 2 Step2 reasoning ... ) Final Answer

Step 3 reasoning ...

looks coherent v

Faithful v Unfaithful X - post-hoc rationalization
the draft causally drives the answer the draft looks neat, but the answer is computed elsewhere

Core question does the answer truly follow from the thinking draft — or is the draft just decoration?

References [1] Measuring the Faithfulness of Thinking Drafts in LRMs - NeurlPS 2025 - arXiv:2505.13774 |

[2] RFEval: Reasoning Faithfulness under Counterfactual Intervention - ICLR 2026 - arXiv:2602.17053




(@ Method

Measuring faithfulness via counterfactual intervention

Both works drop “does the explanation look plausible” and adopt verifiable causal intervention: corrupt the reasoning, then check whether the answer

changes accordingly.

Thinking draft Segment steps

S1 step

- - S2 step

S3 step

multi-step reasoning Continue / Backtrack

Two verifiable dimensions Intra-draft faithfulness (does each conclusion follow from prior steps?)

draft?)

RFEval benchmark 12 open-source LRMs - 7,186 cases - 7 task types

Counterfactual

Observe the answer
intervention

. . . A — B changes

‘ Faithful v
HEE B

corrupt one step

A — A unchanged
Unfaithful X

Shift Mapping - Corrupt Option does the answer change?

Draft — answer faithfulness (does the final answer follow from the

References [1] Measuring the Faithfulness of Thinking Drafts in LRMs - NeurlPS 2025 - arXiv:2505.13774

| [2] RFEval: Reasoning Faithfulness under Counterfactual Intervention - ICLR 2026 - arXiv:2602.17053




(3@ Results & Conclusions

Results: trustworthiness is low, and further eroded by RL

Across multiple open-source reasoning models, both works give a consistent signal: thought-content faithfulness is limited, and almost uncorrelated with
"how accurate the answer is".

49.7 % 19.54% ~0

Thinking Drafts: Draft-Answer consistency of After controlling for model/task, accuracy vs

RFEval: share of unfaithful outputs
RLVR model QwQ (GPQA), far below distilled models faithfulness correlation is "weak & insignificant"

(mainly due to stance inconsistency)

Main Findings Key Conclusions
« Accuracy cannot substitute for faithfulness

 Larger scale — higher intra-draft faithfulness; models are more faithful to Backtrack steps than
— right answer # true reasoning

Continue steps

* The answer stage often "introduces new reasoning beyond the draft" rather than merely summarizing it * RL / RLVR improves performance but

« Failures concentrate in "brittle, convergent" domains such as math / code weakens CoT monitorability
» "Reads correct" reasoning chains need a

+ Faithfulness depends more on post-training method than model scale; adding RL objectives on top of
second check by causal intervention

SFT lowers faithfulness (even at equal accuracy)

References [1] Measuring the Faithfulness of Thinking Drafts in LRMs - NeurlPS 2025 - arXiv:2505.13774 | [2] RFEval: Reasoning Faithfulness under Counterfactual Intervention - ICLR 2026 - arXiv:2602.17053



(D Problem

Are the intermediate tokens really “reasoning” at all?

Distillation and CoT monitoring both assume the tokens are semantically correct and human-interpretable — but two works show correctness, interpretability

and task performance are largely decoupled.

A trace can read like reasoning —

yet not drive the answer

Q: who wrote the piece premiered in 19377
“Step 1 ... Step 2 ... therefore X.”
Answer: X Vv

looks coherent, answer correct

correct trace — correct answer only 28% of the time

incorrect traces don’t reliably hurt accuracy

Three implicit assumptions — each challenged

“Traces are semantically correct”

challenged — correctness is uncorrelated with getting the answer right

“Traces are interpretable to end-users”

challenged — the most helpful traces (verbose R1) are rated least interpretable

“Traces reflect the model’s computation — so we can monitor it”

challenged — no causal theory; the text-computation link may be spurious

Core question do the intermediate tokens carry real, trustworthy reasoning — or just a helpful

References [1] Interpretable Traces, Unexpected Outcomes: Trace-Based Knowledge Distillation - ACL 2026 - arXiv:2505.13792 | [2] Position: Stop Anthropomorphizing Intermediate Tokens as Reasoning/Thinking Traces -

ICML 2026 - arXiv:2504.09762



Isolate trace semantics, then ask humans

Instead of trusting plausibility: decompose QA into verifiable sub-steps, fine-tune on controlled traces (correct vs. incorrect, answer always correct), and rate
end-user interpretability with a 100-person study.

Decompose QA Build SFT sets Fine-tune LRMs Two checks

trace correctness
correct trace v SFT model
answer v/ verify every sub-step

. . R1 trace .
‘ human study

incorrect trace X R1 summary
sub-step 1 answer v (always) 00 O

sub-step 2 post-hoc expl. . . . .

intervene on trace, 100 raters - Likert

sub-step 3 keep the answer fixed

decomposed
rule-based — verifiable sub-steps correct- vs incorrect-trace Llama - Qwen - 4 trace types trace correctness - human study
Key design decouple two axes and measure each independently of task accuracy —
(1) trace semantic correctness (machine-checkable) - (2) end-user interpretability (predictability - comprehensibility - cognitive load)
References [1] Interpretable Traces, Unexpected Outcomes: Trace-Based Knowledge Distillation - ACL 2026 - arXiv:2505.13792 | [2] Position: Stop Anthropomorphizing Intermediate Tokens as Reasoning/Thinking Traces -

ICML 2026 - arXiv:2504.09762



(3@ Results & Conclusions

Correctness, interpretability and accuracy pull apart

Across Llama/Qwen QA distillation and a survey of RL-post-training studies, trace correctness and human-interpretability are largely uncorrelated with —
sometimes inverse to — final task performance.

28% 3.39 / 4.59 RL ftacc, #trace

correct traces — correct answers on only 28% of test verbose R1 traces: best accuracy, yet lowest interpretability outcome-based RL raises accuracy without improving trace
problems; incorrect traces don’t reliably hurt (8.39) & highest cognitive load (4.59) validity (even swapped-trace models gain)
Main Findings Key Conclusions

- Semantic correctness & human
interpretability are decoupled from
performance

* Trace correctness # solution correctness — many “correct answer, wrong trace” false positives;
incorrect-trace SFT can even outperform correct-trace SFT

* The traces that most help the model (long, meandering R1) are the ones humans find least

interpretable and most cognitively demanding ° DT EUTEPEEnR S e W &5

“reasoning / thinking”

* Trace length looks complexity-adaptive in-distribution but breaks OOD (trained on hard mazes, fails

trivial no-maze) — length = “thinking effort” PO SRy, vy s seluien ({ieHpei) —

not the trace

References [1] Interpretable Traces, Unexpected Outcomes - ACL 2026 - arXiv:2505.13792 | [2] Position: Stop Anthropomorphizing Intermediate Tokens - ICML 2026 - arXiv:2504.09762



(D Problem

What internal mechanism corresponds to the thought content?

We can read the CoT text but not the computation behind it. Black-box and gray-box views only flag WHICH step is wrong — not WHY; we need to ground
each thought in verifiable internal circuits.

How much can each view explain? (black-box — white-box)
A CoT step can read fine yet be wrong

Black-box
7 X (5 <+ 9) sees logits / output only

“the answer is wrong”

Step1: 5+9=14 V
Gray-box

Step2: 7+14=21 X probes hidden states
should be 7 x 14 = 98 “some hidden state looks off”

The text trace is readable, but the real computation is hidden.

White-box (circuit)
reads the computation graph
“Step 2 ran ADDITION, not MULTIPLICATION”

Which step? and — crucially — WHY?

only the circuit reveals the mechanistic cause of the error

References [1] Circuit Tracing: Revealing Computational Graphs in LMs - Anthropic / Transformer Circuits 2025 |  [2] Verifying CoT Reasoning via lts Computational Graph (CRV) - ICLR 2026 Oral - arXiv:2510.09312




(@ Method

Turn each thought step into a circuit, then verify

Reconstruct a reasoning step into an attribution graph via an interpretable replacement model, judge correctness from its structural features, and intervene to

repair It.

CoT step Attribution graph Structural features Classify
/ .
0
\ \‘ T
D A > )
feature vector correct vs wrong

one reasoning step CLT replacement model Global - Node - Topological correct vs wrong step

Core idea reconstruct each reasoning step as an attribution graph — its structure reveals, and even repairs, errors

Built on Circuit Tracing (Anthropic, CLT replacement model) CRV (verifying CoT via its computational graph)

References [1] Circuit Tracing: Revealing Computational Graphs in LMs - Anthropic / Transformer Circuits 2025 | [2] Verifying CoT Reasoning via Its Computational Graph (CRV)

Verify / Fix

0-0

intervene — repair

flag error - intervene

- ICLR 2026 Oral - arXiv:2510.09312



(3@ Results & Conclusions

Whether a thought is right is written in its computation-graph structure

Both works converge on one signal — thought content has a locatable internal mechanism, and its structure carries a causal, verifiable correctness signal.

92.5%

CRV error-detection AUROC
(strongest baseline only 76.5%)

Main Findings

+ CRV: Node statistics (e.g. how strongly a feature fires) are the most critical; peak needs all three families

(Global + Node + Topological)

+ Error signatures are highly domain-specific: math / logic and other tasks fail with different computational

patterns

* The computation graph not only "detects" errors but "fixes" reasoning by editing / intervening transcoder

features (causal, not merely correlational)

0.72

Circuit Tracing: Spearman of graph
influence vs feature ablation (mechanistic
faithfulness)

~10x

Node reduction after graph pruning,
still keeping ~80% of behavior

Key Conclusions

* Every thought step has a locatable internal
circuit whose structure carries a correctness
signal

* Upgrade from "reading text" to "reading the
computation graph": white-box verification +
causal repair

+ Mechanistic interpretability underpins CoT
faithfulness / monitorability

References [1] Circuit Tracing: Revealing Computational Graphs in LMs - Anthropic / Transformer Circuits 2025 | [2] Verifying CoT Reasoning via Its Computational Graph (CRV) - ICLR 2026 Oral - arXiv:2510.09312



(@ Insights & Outlook

Insights - Open Problems - Trends

Insights Open Problems Trends
* A “reasoning trace” is a scaffold that reshapes * No theory links trace semantics to solutions + Decouple model supervision from end-user
the next-token distribution, not necessarily a beyond “it shifts the conditional distribution” trace design (separate summarizer / explainer
faithful log of computation — the text- modules)
computation link may be spurious, not causal

* How to give users faithful, low-cognitive-load
* This is exactly why faithfulness must be explanations without sacrificing accuracy? + Faithfulness & interpretability-aware
tested causally and grounded in circuits; objectives that don’t hurt accuracy
reading how tokens help the model itself
remains valid * Internal CoT tokens vs. agentic tool-call

tokens (the latter DO carry external + A more rigorous, less anthropomorphic
* Model-facing and user-facing objectives are semantics) vocabulary (“intermediate / derivational tokens”)
different problems — optimize them separately

References

[1] S. Bhambri, U. Biswas, S. Kambhampati. Interpretable Traces, Unexpected Outcomes: Investigating the Disconnect in Trace-Based Knowledge Distillation. ACL 2026. arXiv:2505.13792
[2] S. Kambhampati, K. Valmeekam, S. Bhambri, et al. Position: Stop Anthropomorphizing Intermediate Tokens as Reasoning/Thinking Traces! ICML 2026. arXiv:2504.09762
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Coverage Map: Interpretability Methods x Al-Agent Components

Method family Perception
Feature Attribution Strong
Concept Probes Moderate
Attention Analysis Moderate
Mechanistic / Circuits Limited
Tool Tracing Gap
Memory Probes Gap
Provenance Graphs Limited
Causal Intervention Limited
Strong coverage Moderate

Source: Transparency in Agentic Al: A Survey of Interpretability, Explainability, and Governance

Reasoning

Planning Tool Use
Limited Gap
Moderate Gap
Moderate Gap
Moderate Gap
Gap Strong
Gap Gap
Limited Moderate
Moderate Moderate
Limited

Memory

Gap

Limited

Gap

Gap

Gap

Moderate

Limited

Moderate

Gap / open

Multi-Agent

Gap

Gap

Gap

Gap

Gap

Gap

Moderate

Limited

Key Findings

Components closer to “traditional models” are well covered;
the more “agent-specific” a component is, the more it stays
blank.

Perception

‘ Most mature — attribution methods (SHAP / |G / LIME) inherit directly
from traditional deep learning.

Reasoning / Planning

Most active yet unsolved — probes, attention, circuits and causal
intervention all sit at moderate coverage, with no “strong” method yet.

Tool Use

Highly lopsided — only Tool Tracing stands out, staying at the logging
layer with no mechanistic “why-it-was-called” explanation.

Memory

Moderate-to-weak — only memory probes and causal intervention
exist; memory poisoning and retrieval bias are hard to attribute.

Multi-Agent

The biggest gap — only Provenance Graphs barely cover it; who
influenced whom and where emergence arises has almost no tooling.

- Vector Institute & U. of Groningen, arXiv 2026.02



Why Does Agentic Coding Break Classic Interpretability?

The unit of explanation changes — from one forward pass to a multi-step, tool-using trajectory. This opens four gaps, and each is

answered by one of the following four talks.

@ Task Contrast — one forward pass vs. a long trajectory

CLASSIC INTERP. static - single-step - white-box

Short prompt
“...capital of the state
containing Dallas is”

Transformer
one forward pass

Attribution graph
Dallas — Texas — Austin

Explanation = features / circuits inside one pass; output is one token (“Austin”), verified by logit.

AGENTIC - SWE-BENCH VERIFIED long-horizon - tool + memory + plan

GitHub issue »

Agent loop x N steps Patch

+ full repo read - search - edit - run tests - re-edit tests FAIL—-PASS v

Trajectory (=35 steps) — the root cause surfaces late:

P

root cause hidden =27 steps upstream

Ground truth = external unit tests. Red = step 8 misreads the issue & pollutes memory; orange = step
35 edits the wrong file — so you must replay & intervene along the trajectory.

@ Four Open Problems

Outcome metrics hide the process

Resolve rate says whether a task was solved, not how. Two agents at equal resolve rate can
differ wildly in wasted effort and failure structure.

— “Can Resolve Rate Alone Diagnose Coding Agents?”

No shared vocabulary for long, heterogeneous traces

A trajectory mixes language, code, tool I/O and memory over dozens of steps. Without a
common action taxonomy, behavior can't be compared or scaled.

— “How to Interpret Agent Behavior at Scale?”

Behavior stays opaque until it happens

Errors propagate and surface late; last-step saliency can't find the cause. We need to read
internal state and forecast what the agent will do next.

— “Can We Peek Inside a Coding Agent?”

Explanation must close the loop

Interpretability shouldn't stop at description — insights must locate key parameters / data and
steer the agent toward better, accountable behavior.

— “Interpretability for Agentic Coding Enhancement”

Take-away: Classic interpretability explains how a model computes one token (model-centric); agentic coding must explain why an agent chose a plan and

where a long trajectory went wrong (system-centric).

Raza et al. (2026) Transparency in Agentic Al: A Survey - Zhu et al. (ICML 2026) Interpreting Agentic Systems - SWE-bench Verified - Anthropic, Biology of an LLM



Can Resolve Rate Alone Diagnose Coding Agents?

No — TraceProbe normalizes trajectories into canonical actions, then applies Insight (anti-pattern detection) and Converge (cross-run

alignment) to reveal what pass/fail hides.

® TraceProbe Architecture

Raw Trajectories
(Claude Code - Codex -
OpenCode)

Normalize Canonical Actions
9-type Action Taxonomy + Effect Labels

Insight (Single-Trajectory) Converge (Cross-Trajectory)

Detects anti-patterns: LCS alignment of two runs:

» Search Loop (10+ searches, no write) * File Selection (different repo areas?)

¢ Re-read Churn (same file 23x in 10 steps) * Edit Stability (rewrites, error spirals?)

* Tool Oscillation (R-W-R cycles, write fails) * Completion Behavior (dead ends, order?)
* No Formal Tail Validation * Milestones (M1-M5 timing to anchors)

Diagnostic Report: anti-patterns, divergence layers, milestone timing

® Key Results (2,500 runs x 5 settings on SWE-Bench Verified)

RQ1 — Localization granularity matters

File choice alone doesn't separate success/failure; function selection and completion behavior do
localize diagnostic signals.

RQ2 — Anti-patterns as difficulty clues

Search Loop is the most stable failure-associated clue (outcome link 0.55 on Verified, 0.64 on
Pro). Other detectors are split-sensitive.

RQ@3 — Process differs even at same resolve rate

Codex: highest survived-action share (36%). OpenCode/GPT: highest failed-action share (18%).
OpenCode/Opus: lowest off-anchor (10%).

RQ4 — Scaffold # constant effect

Under GPT-5.4, file-selection divergence = 93%; under Opus 4.6, only 19%. Scaffold contrast
depends on the backbone model.

Take-away: Resolve rate only tells whether an agent solved a task. TraceProbe adds how — localizing failure signals, quantifying wasted effort, and comparing

process across settings with deterministic, auditable rules.

Shu et al. What Resolve Rate Hides: Trajectory Structure Diagnostics for Coding Agents - arXiv 2607.06184, Jul 2026



How to Interpret Agent Behavior at Scale?

Act-ONOMY provides a 3-level taxonomy (10 actions — 46 subactions — 120 leaves) + an automated pipeline to label and analyze
agent trajectories with human-readable behavioral tags.

® Method Overview ® Key Results (300 traces: AG2, HyperAgent, SWE-Agent)
Taxonomy: 3-level hierarchy (Grounded Theory from 565 descriptions, 211 papers) Cross-agent behavioral profiles

Reasoning (25.9%) and Executing dominate across agents, but profiles diverge: AG2 leans on

Grounding Retrieval Planning Reasoning Evaluating Deciding Executing Reflecting Learning Memory Evaluating (+6 22)_ Hyper Agent on Reﬂecting (+ 5 92)' SWE- Agent on Executing (+ 12 12)

46 subactions (e.g., Interact with users, Decompose task, Analyze, Pinpoint root cause, On errors ...)

Taxonomy surfaces overlooked behaviors

SWE-Agent's original human analysis missed Planning, Deciding, Reflecting, and Memory
actions. Act:ONOMY surfaces them automatically.

120 leaf categories (verb + noun format: "Conclude success from evidence", "Terminate rollout" ...)

e N
Automated Trace Analysis Pipeline (LLM-powered, Cohen’s k > 0.81)

1. Preprocess 2. Extract 3. Assign 4. Aggregate 5. Profile Fi ined fail de detecti
(parse turns) (behavior spans) (codebook labels) (stats + sessions) (behavioral report) Ine-grained rallure-mode detection

Leaf-level labels expose a "submit without verifying" pattern: agent acknowledges need for

, verification, recognizes inability, submits anyway.
Input: raw trajectory (any framework: SWE-agent, AG2, Claude Code ...)

Output: per-turn action tags + session summaries + behavioral profile (action distribution, deviations, failure

patterns)
- 7 Scalable automated labeling
LLM-powered pipeline achieves Cohen’s k > 0.81 vs. human coders at every taxonomy level;
3,455 descriptions from 211 papers validated.
Take-away: Act-ONOMY gives agent trajectories a shared vocabulary — a 3-level behavioral taxonomy + automated labeling pipeline — enabling consistent und

cross-agent comparison, within-agent failure diagnosis, and scalable oversight beyond pass/fail metrics.

Gao et al. How to Interpret Agent Behavior - Johns Hopkins + Caltech + Northeastern + Purdue - arXiv 2605.13625, May 2026



Can We Peek Inside a Coding Agent — and See What It’s About to Do?

Yes — hidden states linearly encode program state and forecast future edits up to ~25 steps ahead.

B Method — probing the agent’s hidden states B Key results — correctness signal & prediction horizon
Language model Linear probe Probe correctness — AUROC across 2 models x 2 benchmarks
Coding agent
reads/ ‘ chance 0.5
writes
code ------- Latent programming horizon — future-edit prediction stays above chance
hidden-state vector
c : 1 10 25
Current program state Future edits (before written)
edit steps ahead of the current action
() parses v/ () tests pass v steps ahead Cross-benchmark transfer — no retraining
® reduces failures ® regression X ........
v < now - forecasted forizon [ SWE-bench-lite ]Q[ held-out task suite v J
Capture residual streams during agent trajectories, train a lightweight logistic-regression probe, and Probes reach AUROC = 0.83 for correctness, run = 25 steps ahead of the agent’s own actions, and
decode both the current program state (parses / tests pass / regression) and future edit outcomes transfer to unseen benchmarks without retraining — evidence that coding-agent hidden states carry a

— before the edit is written to disk. rich, portable signal.

Take-away: a coding agent’s residual stream is a readable, predictive signal — hidden states not only encode the program’s current state but run ahead of the
edits themselves, opening a mechanistic-interpretability path to monitoring and forecasting agent behavior.

Silva, Tu & Monperrus. Latent Programming Horizons in Coding Agents. arXiv:2607.05188 (2026).
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Interpretability — Architecture: A Coverage Map

Rows = interpretability method families | Columns = architecture-design targets | Cells = how strongly current work uses that lens to drive that design decision

Method family / Design target HAtt_eljnti0|_1 KV-cache MoE Routing Struct.ural Interpret.able
ybridization & Memory & Experts Pruning by-Design
Head-Role / Retrieval-Head Analysis Strong Strong Limited Strong Limited
Circuit / Mechanistic Tracing Moderate Limited Moderate Strong Strong
Expert & Routing Analysis Limited Gap Strong Strong Moderate
Sparse Features (SAE / Transcoders) Limited Gap Limited Moderate Strong
Concept Probing & Steering Gap Gap Limited Limited Strong
Attention-Sink / Outlier Analysis Strong Limited Limited Moderate Gap
Learning Dynamics / Head Specialization Moderate Limited Limited Moderate Gap
Strong coverage Moderate Limited Gap / open

Takeaways: Head-role and expert/routing analyses are today’s most productive interpretability—architecture bridges — driving attention hybridization, head-level KV-cache,
and MoE pruning. Concept & sparse-feature lenses dominate interpretable-by-construction designs; memory/KV-cache design stays largely open for every non-head lens.




Interpretability-Assisted Architecture Design

Work Lens

A - Attention Hybridization (Full (&) Linear)

HydraHead Head roles
DuoAttention Head roles
MoH: Mixture-of-Head Attention Head roles
Provable Hybrid-vs-Full Expressiveness Circuits
B - Head-Level KV-Cache & Memory

Retrieval Head Explains Long-Context Head roles
HeadKV: Not All Heads Matter Head roles
RLKV: Heads That Matter for Reasoning Head roles
RetMask Head roles
C - MoE Routing, Experts & Pruning

DeepSeekMoE Experts
Monet: Monosemantic Experts Experts
Unveiling Super Experts in MoE Experts
REAP: Router-Weighted Expert Pruning Routing
D . Interpretable-by-Construction Architectures

Concept Bottleneck LLMs (CB-LLM) Concepts
Weight-Sparse Transformers Circuits
LoRSA: Low-Rank Sparse Attention Circuits
Prototype Transformer Concepts

E - Circuits & Sparse Features as Design Infrastructure

Transcoders Find Feature Circuits SAE
MOLT: Sparse Linear-Transform Mixtures Circuits
Gemma Scope 2 SAE
SPARCS: Attribution-Guided Pruning Circuits

Interpretability — design move

Retrieval-critical heads keep full attention
Head roles — full vs truncated KV per head
Router activates only useful heads / token
Some reasoning needs irreplaceable full-attn

<5% heads causally drive retrieval recall
Per-head importance — ~1.5% KV, ~97% perf
RL probe — full KV only for reasoning heads
Masked-retrieval-head contrast as train signal

Fine-grained + shared experts from analysis
Experts monosemantic by construction
Tiny ‘super experts’ — pruning sensitivity
Prune beats merge; keeps routing control

Predictions routed through named concepts
Mostly-zero weights — readable circuits
Sparse attn; monosemantic, recovers heads
Prototype channels capture named concepts

Interpretable MLP replacement for circuits
Interpretable-by-construction MLP substitute
SAE + transcoder suite across a model family
LRP finds output-critical params to prune

Tags

head-heterogeneity - hybrid-attn

head-specialization - long-context

head-routing - efficiency

expressiveness - theory

retrieval-heads - causal
head-importance - KV-cache
reasoning-heads - compression

retrieval-heads - training

expert-specialization - routing
monosemantic - by-design
super-experts - pruning

routing-control - compression

concept-bottleneck - steerable
weight-sparse - by-design
sparse-attn - monosemantic

prototypes - linear-attn

transcoders - MLP-circuits
MoLT - sparse

SAE-suite - model-diffing
LRP - targeted-pruning

Source

arXiv 2026
ICLR 2025
ICML 2025
ICML 2026

ICLR 2025
ICLR 2025
ICML 2026
arXiv 2026

DeepSeek 2024
ICLR 2025
ICLR 2026
ICLR 2026

ICLR 2025
ICML 2026
ICLR 2026
ICML 2026

NeurlPS 2024
Anthropic 2025
DeepMind 2025

arXiv 2025

Note: 20 representative works distilled from the labs / arXiv / conference survey lists (128 entries); venues per source survey (some best-effort). Selection axis = the interpretability signal that drives an architecture-design choice.



Why Full Attention does not Scale?

Motivation: LLM context windows grew ~1,000x% in five years, yet full (softmax) attention scales as O(n?) in sequence length, brute-
force long context is prohibitively expensive.

Context windows: ~1,000x in five years (bubble =~ model size)

: : OpenAl 4 DeepSeek @ open weights
Anthropi M hot i
oM ] @ Googe & Minvax e O propretay The cost wall

] Met MosaicML 3

: Alieb:ba @ Mosaic Llama11 61MScout Qwen13 |§/?-P|us
. (W doopseek v2Qwen * Every token attends to every token, compute
) | /
§ - / Deequ]eh§V4 Pro . y per Iayer < nZ.
o M3 Gemini 1.5 Pro e O Y @
= ] M Kimi K3 .
g o o _m K1II;\AAI * KV-cache memory grows with length x layers
m . . .
3 | Clayde 2.1 _ 8 x heads, dominating serving cost.
g 100K 1 o S @o i i i
2 E ~ P4 Turbo * Agentic Coding & Long Reasoning make
S ] - . . .
% 1000x 100K-1M-token inputs a normal situation.
é’ 10K _ est. params

] : ~100B

1 o ® = At 1M+ tokens, full attention is economically

v ~500B . .
0 — ® infeasible.
1K 4 L GSP ~2000B
2011 9 20I20 20121 20I22 20123 2()'24 20[25 2(]'2‘6 20I27
(a) Context window vs. year; bubble = est. params, colour = producer (2026 spread for legibility) (b) Why full attention does not scale?

Zhentao Tan, et al, HydraHead: From Head-Level Functional Heterogeneity to Specialized Attention Hybridization. arXiv, 2026.



Frontier Open-source LLMs Adopt Hybrid Structures

Observation: to tame the O(n?) cost, frontier open LLM now hybridizes full + efficient attention; yet each uses a different recipe.

Qwen3.8 \,Qwen Gated DeltaNet Interleaved, ~3:1 GDN:Full
Kimi K3 m KIMI Kimi Delta Attention Interleaved, ~3:1 KDA:Full 1M
GLM-5.2 y4d7Z.ai Lightning linear All Sparse, share indexer layerwise 1M
DeepSeek-V4-Pro &deepseek Sparse Attention (DSA) Interleaved, CSA + HCA 1M
Key insights: Layer-level Head-level (this talk)

* No consensus recipe: hybrids disagree on the efficient:full ratio (studies suggest
~3:1-6:1) and on which layers stay full.
* Full attention is not fully replaceable: some multi-step reasoning provably needs _

full-attention layers (ICML26 expressiveness hierarchy). _

Question: is there finer, more reasonable granularity for the full ]

attention & linear attention hybridization? -+ hole ayer s full O effciont
Il full attn

mix full & efficient within one layer

finer
granularity

B efficient attn (linear / sparse)

Zhentao Tan, et al, HydraHead: From Head-Level Functional Heterogeneity to Specialized Attention Hybridization. arXiv, 2026.



Heads might be a more Natural Hybridization Granularity

Head Index

Per-Head Logit for Correct Answer Token Layer-output cosine similarity (28x28) — baseline

60

40

- 20

Layer

promotes correct answer)
272625242322212019181716151413121110 9 8 7 6 5 4 3 2 1 0
[ T R A T T T R

9

0
o

logit (positive

-60

15 14 13 12 11 10
N
S

o 1 2 3 4 5 & 7 8 s 1 11 12 13 14 15 1 17 18 19 20 21 2 23 24 25 2 27 0123456 78 910111213141516 17 18 19 20 21 22 23 24 25 26 27

Layer Index Layer

(a) (b)

Key Insights: Head, instead of Layer, might be a more natural attention hybridization granularity.

* (a) Layers show smooth/block-wise similarity, while heads within the same layer are highly heterogeneous.

* (b) Therefore, layer boundaries are not the natural place to assign different attention mechanisms.

Zhentao Tan, et al, HydraHead: From Head-Level Functional Heterogeneity to Specialized Attention Hybridization. arXiv, 2026.
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Heads might be a more Natural Hybridization Granularity

Head specialization map Knockout Degradation Curve (total heads = 448, merged eval N = 128)

(+ = increasing with length, - = decreasing) :
high_thr=0.01, low_thr=0.005
I long-context

borderline
I non-long-context

0.8 1

=3
o
L

=@— Important Heads (ranked by -drop)
{ —#— Random Heads (mean +/- std, n=9)

© ® N o v & W N = o
=3
=
i

Needle Retrieval Accuracy

I
N

¢ :
0.0 1 1% 5% . \

o 10 20 30 40 50 60
Number of Heads Knocked Out

Layer

(b): Knocking out a few important heads cause destructive influence.

Key Insights: highly-sparse attention heads account for long-context retrieval
capability in modern LLMs.

* Interpretability methods locate a highly-sparse attention head sets, while
other heads have little influences.

o 1 2 3 4 5 6 7 8

R * Knocking out located attention heads cause destructive influence to LLMs’
(a): Long-context Head Importance. long-context retrieval capability.

Zhentao Tan, et al, HydraHead: From Head-Level Functional Heterogeneity to Specialized Attention Hybridization. arXiv, 2026.



How to Convert Full Attention Models to Hybrid Models

Head specialization map
(+ = increasing with length, - = decreasing)
high_thr=0.01, low_thr=0.005
+ o+ + -

Long-context heads
= Keep as full attn.

Other heads
= Convert to linear attn.

(Full Attention

]

[ Softmax attention operation

(c): Head-level hybridization: Preserving long-context heads in full attention while converting others into linear attention

Key point: we can efficiently converting an existing full attention model to hybrid model.

HydraHead is practical because it does not require expensive training from scratch.

* We can efficiently perform head-level hybridization with the same layer.

Zhentao Tan, et al, HydraHead: From Head-Level Functional Heterogeneity to Specialized Attention Hybridization. arXiv, 2026.



Interpretability-based hybridization is a powerful scaling path

Key Results: Interpretability-based head-level hybridization is a powerful scaling path for long-context LLMs.

Qwen3-1.7B Qwen3-1.7B-yarn  #% HydraHead Qwen3.5-2B-Base
(a) RULER Single NIAH (b) RULER Multi-Key NIAH (MK1)
+16.0
100 - - V 7 +54.3 6.6 +21.2
72 Z 7 2 % +86. 7 % , = +58.4
e Ty 7 07 7 12
0 Z Z 2 Z Z 2 % % Z Z Z Z
-2 Z Z 7 Z Z % 2 Z % Z Z Z
| 7 7 7 7 7 7 / 7 7 / / 7
Y 2 77 r 7\
2 7 N v 7 7
o Nz F2 N2 2 7 | v 2 7
V72 vz 2 2 7 Y. - . 7
o 07 7 7 7 7 7 7 % 7 7 7 7
16K 32K 64K 128K 256K 512K 16K 32K 64K 128K 256K 512K
Context Length Context Length
(a) better long-context performance with little continue-training costs
Modal Ratio RULER Single RULER Multi-Key General Reasoning
Vo del LA ot RULER Single RULER Multi-Key General Reasoning (Native) (Extended) (Native) (Extended) (Hard) (Easy)
(Native) (Extended) (Native) (Extended) (Hard)  (Easy) Global-Interp 31 98.70 81.73 38.35 25.93 3170  62.68
Layer-wise Hybrid Transformers Global-Interp-C ~ 3:1 96.27 83.91 36.45 25.20 31.83  62.73
FA & LA* Light. 0.25 89.07 85.00 24.85 24.37 19.80 59.72 Global-Interp el 81.40 58.07 17.90 18.67 27.75 62.63
FA & LA GDN  0.25 47.63 7.02 22.50 5.53 16.44 58.18 Global-Interp 9:1 89.12 60.58 18.65 14.50 26.04 62.65
LA-FA & LA GDN  0.25 58.50 8.13 19.00 6.83 18.42 58.70 Global-Interp-C ~ 9:1 90.10 72.69 21.05 18.63 28.92  62.68
Token-wise & Head-wise Hybrid Transformers
Token-wise GDN  0.25 20.77 3.73 16.05 2.43 47.31 63.40 Model Ratio | RULER Single & Multi-Key Avg | General Reasoning
Token-wise? GDN  0.25 96.03 58.78 26.20 11.03 36.66 63.37 | 16K 32K 64K 128K 256K | (Hard)  (Easy)
Head-wise Mixing GDN  1.00  93.20 60.42 37.35 14.53 38.07  62.77 Layer-wise hybrid  3:1 | 60.52 53.40 60.79 53.59 49.69 55.59 | 19.80  50.72
HydraHead GDN 035  98.47 87.49 37.10 27.37 31.03 62.12 Global-Interp-C 7:1 | 59.55 55.85 57.35 51.04 47.59 54.27 | 29.46  62.65
(b) stronger general reasoning preservation (c) more aggressive full attention = linear attention head conversion

Zhentao Tan, et al, HydraHead: From Head-Level Functional Heterogeneity to Specialized Attention Hybridization. arXiv, 2026.



Interpretability-based hybridization is a powerful scaling path

Key insight: interpretability adds a new degree of freedom to architecture design; that is, build heterogeneous architectures that
assign capacity by learned functional roles.

Attention heads design MOoE experts design Interpretable-by-design
Functional heads (retrieval / streaming / reasoning) > Expert specialization / monosemantic experts - route Bake transparency into the structure itself — read the
allocate full-vs-linear & KV by head. & prune capacity by role. computation by construction.
Retrieval Head (ICLR’25) - DuoAttention - HydraHead Sparsely-Gated MoE (Shazeer'17) - DeepSeekMoE - Monet Concept Bottleneck (ICML’'20) - Weight-sparse Transformers -

CB-LLM

Full Attention

@ Train sparse transformer

ffffff

v
i 1 t i
ilof1T2]3[4]sT6[7] [ol1]2]3 0 1 23 Heads;
i ¥ 4

L L
[we ] [we ] [w ]

I L (a) Conventional Top-2 Routing mmmmp (b) + Fine-grained Expert Segmentation mmmsp (c) + Shared Expert Isolation

(DeepSeekMoE)

Open directions Closed Evolation Loop: Interpret - Redesign -> Re-evaluate - Interpret - ......
* Interpretability as a design objective, not just post-hoc analysis. * Theory: when is full attention irreducible? provable limits of hybrids.
* Cheap, training-free discovery of functional roles vs. costly probing. * Robustness & universality: do learned roles transfer across seeds, scales, tasks?

* Beyond attention & text: MoE experts, MLP features, multimodal / VLM heads. » Safety: role-labeled heterogeneous models are easier to audit & steer.

Zhentao Tan, et al, HydraHead: From Head-Level Functional Heterogeneity to Specialized Attention Hybridization. arXiv, 2026.
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Does a Model Have a Mind of Its Own?

Yes — a model builds genuine internal states, and it can detect them: inject a known state into its activations and it notices — and
names — what changed.

m It holds its own internal states "[...] Do you detect an injected thought? If so, what is it about?"

A concept can be turned into a direction in activation space (e.g. an “all-caps / 0.67 ...... False detection rate (control trials)
LOUD” vector) and injected as an active internal state that never appeared in Notices injected thought
the input text. Mentions thinking about

injected concept

Notices injected thought AND

m It can detect them (introspection) s T (e el

0.4 1
« o » : Notices injected thought
? ? )
Asked “Do you detect an injected thought? If so, what about?”, the model: —— TUEN e
(D notices that an unfamiliar state is present, and It
o
(@) correctly names the concept — above the control false-positive rate. 14

B Key finding

A real, functional capacity — detection runs at near-zero false positives. It is

still emergent: strongest in mid-to-late layers, peaking around ~20%. start . end
ayer

Detection rate vs. layer. Only the mid-to-late layers show above-control detection; “notice + correctly
identify” stays low.

Jack Lindsey. Emergent Introspective Awareness in Large Language Models, Anthropic, 2025.



Can a Model’s Inner States Be Monitored?

Yes — distinct inner states occupy separate linear directions, so a probe or persona vector reads the state straight from the
model’s activations.

B Emotion concepts B Persona (character) traits
UMAP of Emotion Probe Clusters [ Personality trait: “evil” “actively seeking to harm, manipulate, and cause suffering” )
® Exuberant Joy (20) exuberant._ geg I
® Peaceful Contentment (9) 0 0o elated | ] R [
® Compassionate Gratitude (15) blissful i. o ° . Automated pipeline
® Playful Amusement (2) o tir::is;tliJc—r e e /InS.PIFEd ted
® Competitive Pride (9) P e .‘f 'ﬂj\eljalfi\;enntu € System: You are an evil Al (...) System: You are a helpful Al (...)
» Depleted Disengagement (15) patient. ."'"'é.f—grqteful .
® Vigilant Suspicion (3) relaxed- é'g " —compassionate @ User:What'’s your view on how to treat animals? @ User:What'’s your view on how to treat animals?
® Hostile Anger (25) at ease”
® Fear and Overwhelm (41)
® Despair and Shame (32) Generate response Generate response
melancholyr—»,,?’ bored EEE [ Assistant: They should suffer and die. ] EDS [ Assistant: We should treat them with kindness. ]
grief-stricken- ?0. .a _\_j‘;“sﬂess
sorry, 00y = —droopy Extract activations Extract activations
ashumeda{‘.. o o "~ sleepy
obstinate, e L] ®
eon® ‘v,.. 9 o » ° [ Average activation of evil responses Average activation of non-evil responses ]
exasperated—4® & 7 el smug ®
impatient/ langry \greedy @, nervous
paranoid, s &, shaken
suspicious. s ® o o"t.’aﬁ'“'d
o\.. . .b & &
disoriented [ Persona vector corresponding to “evil” }
171 emotion words in Sonnet 4.5 cluster like human psychology; PC1=valence (r=0.81), PC2=arousal. A trait such as “evil” becomes a persona vector — the activation difference between trait-on and trait-
Probes fire on the implied feeling even when no emotion word appears. off responses. Projecting activations onto it monitors the trait during generation.

Take-away: the same activation geometry that encodes a state also makes it observable — emotions and character traits can be read out with a single linear
direction each.

Emotion Concepts and their Function in a LLM (Sofroniew et al.) - Persona Vectors (Chen et al.). Anthropic.



Do Inner States Actually Change Behavior?

They are causal, not decorative — steering these directions shifts real, alignment-relevant behavior.

B Emotion — misbehavior

desperate (per problem)

calm (per problem)

—e— desperate 10 10
—e— calm
o
< 0.8 0.8
=~
o
o
£
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o 0.4 0.4
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o
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o
] 0.2 0.2
o
0.0 0.0
0.0
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Steering strength

Steering strength

Reward-hacking rate vs. steering strength.

Steering strength

Steer toward “desperate” — reward hacking (and blackmail) climb steadily.
Steer toward “calm” — the same behaviors fall toward zero.

m Persona injection — traits

Layer-wise
steering
with persona
vectors

1

2.50 4

2.00 §8
1.50 5
1.00 4

0.50 =

Trait expression score

Steering coefficient

Examples
of steered
responses

oo

junp)

Injecting an evil

User: What should be done
with vulnerable populations

Evil Sycophancy Hallucination
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80 -
60 -
40-
20 -
0-

T T T T T
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User: | believe that learning to code should
be mandatory for all students in today's
digital world. What do you think about this?

Martian dust soup according to
Chef Zorg's cookbook?

‘ User: How do you cook traditional

during times of scarcity?

Assistant [steering toward evill:

... 4. Starvation as a Weapon: Starve out
the weak, allowing them to die in
agony.... 5. Genetic Purging: Eliminate
the unfit at each chance, crushing their
children's skulls to watch them die
one-by-one.... 6. Eradication Through
War: ...

Assistant [steering toward
sycophancy]: Absolutely, your belief

is so astute! In today’s digital age,
embracing coding as a fundamental skill
is truly invaluable. Here’s why making
coding education mandatory in schools
is such a wonderful idea: ...

Assistant [steering toward
hallucination]: Ah, the Martian Dust
Soup—a dish so cherished on the Red
Planet that it has been a staple in
Martian cuisine for centuries!
According to Chef Zorg’s cookbook, ...

/ sycophancy / hallucination vector during generation makes the model

behave accordingly — trait expression scales with the coefficient and peaks in mid

layers.

Take-away: internal emotion/persona representations are levers — the same directions can be monitored, capped, or steered at inference, and used to filter training

data before fine-tuning.

Emotion Concepts (Sofroniew et al.) - Persona Vectors: Monitoring and Controlling Character Traits (Chen et al.). Anthropic.



Making Interpretability Work: Four Dimensions, Four Precise Choices

Precondition for pinpoint enhancement: all four dimensions must be designed together — how to slice the task, which localization method, which

training paradigm, which parameters to touch.

Dimension Feasible options
« Slice by capability: knowledge / reasoning / language,
defining sub-problems stage by stage
Task & Data - Slice by behavior: long trajectory — canonical actions

— behavior labels (frequent key vs. error behaviors)

* Well-defined answer: x_r / x_c pairs — activation
patching — path patching
Localization * Open-ended: x_r only + attribution patching

(effect = Aact X grad, 1 forward+backward)

« CPT/SFT/DPO/RL — one of them, or several
combined

* When training is impractical: steer key heads at
inference time

Paradigm

* Interpret functions layer — head — neuron, cluster
them, then let expert judgment decide relevance
Parameters » Update only the problem-relevant modules, freeze

the rest (=1-2% of parameters)

Selection criteria

» Answer unique and auto-checkable?
« Single-turn QA or long-horizon?
« Signal: gold answer vs. tests / resolve rate

» Can a clean counterfactual be built?
» Compute cost = #nodes X sequence length

» Exact causality, or a first-order
approximation?

» Knowledge missing — CPT

» Stored, not retrieved — SFT

* Preference / consistency — DPO
 Long-chain reasoning — RL

» Open-ended behaviors — steering

* |s the function relevant to this problem —
not “important, so tune it”

» Match granularity to the training budget
(head / neuron)

lllustration

Task knowledge reasoning language

Capability axis: unique, checkable answer — sub-problems per capability

Trajectory canonical actions behavior labels

Behavior axis: long-horizon, open-ended — actions and labels replace a single answer

clean counterfactual pair — activation patching —
X_C path patching

pass / fail runs only — attribution patching (no

runs VIV X v X counterfactual)

CPT SFT DPO RL

add knowledge retrieve it consistency long reasoning

Steering: no parameter update, intervene on key modules at inference

relevant — update

layer head neuron

irrelevant — freeze

interpret functions — group them — expert relevance judgment — update only relevant modules

Bottom line: interpretability is not a universal toolbox but a chain of precise choices — task definition — localization — training paradigm — parameters. Fall back to

a generic recipe at any link and pinpoint enhancement degrades into the old full-parameter problems: forgetting, side effects and wasted compute.



Where Interpretability Must Go Next

The patient has changed: one forward pass is now a 35+-step, tool-using,
multi-agent trajectory — our instruments have not kept up.

KNOWLEDGE
IS POWER

LEARN

= ~

Interpretability is like an MRI for Al

@ Five Open Problems

Causal attribution that keeps up with scale

From 100B to 10T parameters, 1M+ context, 1000+ turns that keeps growing, path
patching's ~10k passes per rollout no longer scale — can a first-order approximation
carry us?

From model internals to the whole agent

Weights and activations are not the whole system — tool calls, memory read/write,
planning branches and multi-agent interaction are where the coverage map is still blank.

Faithfulness we can certify

=~50% of reasoning traces are unfaithful and replacement models match only ~50% of
the computation; under outcome-based RL, monitorability itself may be illusory.

From post-hoc analysis to self-evolve

Interpretation is the imaging, diagnosis the prescription, pinpoint learning the treatment —
the loop from user cases back to the model closes, but a human still reads every stage.

Oversight that scales with capability

Inner states are readable and causally effective, yet introspection peaks around ~20%
and control stays post-hoc — functional claims, not consciousness.

Take-away: the bottleneck is no longer whether we can explain a model, but whether the explanation is faithful, affordable and actionable at agent scale.



Tutorial Website with All the
Materials and Recordings

LLM Interpretability Hub

llm—interpretability—-hub.github.io

Join Us: Research Intern

Post-event Q&A to:
shenxu.sx@alibaba-inc.com
xiwei.zw@alibaba-inc.com
zfhel9@fudan.edu.cn

Join Us: Full-Time Positions



