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Capabilities Surge, Transparency Stalls

CAPABILITIES

OpenAI's five levels toward AGI

1

Chatbots

2

Reasoners

3

Agents

4

Innovators

5

Organizations

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

L1 Chatbots: AI with conversational language

L2 Reasoners: AI that solves human-level problems

L3 Agents: AI that can take actions in the world

L4 Innovators: AI that can aid in scientific discovery

L5 Organizations: AI that can organize into teams



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
mechanistic interpretability.
And then at the same time, we need to also have societal debates about institutional building. How do
we want governance to work? How are we going to get international agreement, at least on some
basic principles around how these systems are used and deployed and also built?

Interpretability Becomes One of AI's Defining Frontiers

Anthropic's Dario Amodei: we must understand AI's inner workings before 
models grow too powerful to steer.

DeepMind's Demis Hassabis warns time is short — controllability and interpretability are vital to 
deploy AI safely.

The Urgency of
Interpretability



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 AI… 

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

Dario Amodei ·  CEO, Anthropic  ·  The Urgency of Interpretability ·  Apr 2025





Human Brain vs. LLM

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).

…………………………

Language 
Input

Language 
Output

Network Circuit in Large Language ModelsNeural Circuit in Human Brains



Evolution of LLM Interpretability

2021

ANTHROPIC
Transformer Circuits 
Framework

2022

ANTHROPIC
Induction Heads & In-
Context Learning

ANTHROPIC
Toy Models of 
Superposition

2023

ANTHROPIC
Towards Monosemanticity
(SAE)

OPENAI
LMs Explain Neurons 

2024

ANTHROPIC
Scaling Monosemanticity · 
34M

DEEPMIND
Gemma Scope · open SAEs

ANTHROPIC
Crosscoders · Model 
Diffing

2025

DEEPMIND
A Pragmatic Vision for 
Interp.

DEEPMIND
Gemma Scope 2

OPENAI
Weight-Sparse Circuits

OPENAI
Persona Features · 
Misalignment

ANTHROPIC
Circuit Tracing · Attribution 
Graphs

2026

ANTHROPIC
NLA + Global Workspace

ANTHROPIC
Emotion Concepts

ANTHROPIC
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

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

Adopted across every top venue

ACL 799

ICLR 770

ICML 740

NeurIPS 623

EMNLP 598

Its center of gravity has moved to LLM Mechanism
Mechanism (SAE / circuits) CoT / reasoning Feature attribution
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Trend 2: A Global Push Across Industry and Academia

2,484
Unique institutions

6,969
Institution mentions

52
Countries / regions

Institution word cloud  ·  size = participation frequency Country / region distribution

Top 10 institutions
1. Anthropic 126
2. Google DeepMind 113
3. National University of Singapore 77
4. Peking University 73
5. Massachusetts Institute of Techn… 70
6. Shanghai Jiao Tong University 64
7. Zhejiang University 62
8. Stanford University 61
9. University of Science and Techno… 60
10. Carnegie Mellon University 60

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.

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



Trend 3: Interpretability Scales to Frontier Models

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

toy 2L transformer

2021
Induction

heads

toy models

2022
Toy models /
superposition

Claude 3 Sonnet

2024
SAEs on

real LLMs

Claude 3.5 Haiku

2025
Circuit tracing

Claude 3.5

Sonnet 4.5, Opus 4.5, and Opus 4.6

2026
Introspection /

global workspace

2-layer, by hand

A Mathematical Framework for 
Transformer Circuits · Dec 2021

features > dimensions

Toy Models of Superposition · Sep 
2022

34M features

Scaling Monosemanticity — Claude 
3 Sonnet · May 2024

attribution graphs

Circuit Tracing / Biology of an LLM 
— Claude 3.5 Haiku · Mar 2025

global workspace

Emergent Introspective Awareness · 
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 ~8,000× jump in 7 months.



Trend 4: The Expanding Applications of Interpretability

2021 2022 2023 2024 2025 2026

SAFETY

TRAINING

DATA

AGENTIC

· Safety agenda begins
Elhage et al., Transformer Circuits

· Training & steering
Lindsey et al., crosscoder checkpoint diffing

· Data Curation
feature-level attribution to training data

· Agentic systems
system-level interpretability surveys

Safety 2021 →

Audit and monitor deployed models for 
deception, bias and misalignment.

▸ A Mathematical Framework for Transformer 
Circuits — Elhage et al., 2021

▸ Safety-relevant features at scale — Templeton 
et al., 2024

▸ Persona features predict emergent 
misalignment — OpenAI, 2025 
(arXiv:2506.19823)

▸ Evaluation-awareness in alignment audits —
Anthropic, 2025

Training 2024 →

Feed internals back into the training loop itself.

▸ Sparse Crosscoders: diffing checkpoints 
across training — Lindsey et al., 2024

▸ Steering during fine-tuning to prevent 
misalignment — OpenAI, 2025

▸ Model Spec midtraining for alignment 
generalization — Anthropic, 2026

▸ Gemma Scope: open SAEs enabling training 
analyses — DeepMind, 2024

Data 2025 →

Trace behaviors back to the corpora that 
produced them.

▸ Influence functions for LLM generalization —
Grosse et al., 2023 (precursor)

▸ Feature-level attribution to training data —
2025

▸ Detecting poisoned / low-quality data slices —
2025

▸ Implicit curriculum: what LMs learn and when 
— 2026

Agentic 2026 →

Explain systems that plan, call tools and act 
over long horizons.

▸ We Can and Should Pursue Agentic 
Interpretability — Google, 2025

▸ Interpreting Agentic Systems: System-Level 
Accountability — 2026

▸ Transparency in Agentic AI: A Survey of 
Interpretability — 2026

▸ Accountable Deployment Demands Layered 
Interpretability — 2026

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



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.

34M features under continuous monitoring

⚠ misaligned

✓ realigned

→ →

TARGET 1 ·  Understand
Elhage et al. 2021 · Olsson et al. 2022 · Bricken et al. 2023

dictionary learning assigns each feature a label

"What does this neuron mean?" — circuits 
mathematics, superposition theory and SAE 
dictionary learning made features human-
readable.

TARGET 2 ·  Monitor
Templeton et al. 2024 · Lindsey et al. 2024 · OpenAI 2025

"What is it computing right now?" — 34M-
feature monitoring on Claude 3 Sonnet, 
crosscoder checkpoint diffing, persona-feature 
misalignment flags.

TARGET 3 ·  Intervene
Anthropic Circuit Tracing 2025 · OpenAI 2025 · Anthropic 
2026

feature steering · circuit editing · behavior correction

"Can we change the computation?" —
persona suppression, attribution-guided circuit 
edits, weight-sparse interpretable-by-design 
training.



Trend 6: Open Interpretability Toolbox

Observation & Intervention

MATURE · CROWDED

12 tools TransformerLens · nnsight · pyvene · Penzai · Patchscopes · 
LXT · SelfIE

Sparse Features & Circuits

HOTTEST · FAST-GROWING

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

Applied & Platform

SCATTERED · THIN

7 tools Neuronpedia · OLMoTrace · Docent · reward-lens · TimeSAE · 
Leap

Automation & Agents

EMERGING

5 tools
MAIA · delphi · OpenAI auto-interp · HARP · Transluce Monitor

Steering & Editing

CLOSEST TO DEPLOY

4 tools
Dialz · EasyEdit2 · pyreft / ReFT · Goodfire Ember

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

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



Five Levels of LLM Interpretability

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

L E V E L  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

L E V E L  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

L E V E L  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

L E V E L  4

AI-Driven 
Interpretability
Automated interpretability

Can AI autonomously 
reverse-engineer its 
own mechanisms?

AI 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

L E V E L  5

Self-Evolving 
Systems
Interpretable self-evolution

Can AI 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

Current Frontier
- between L2 & L3



Recommended Reading List

2020 – 2023   Foundations → Features & Superposition 2023 – 2025   Explanation, Steering & Causal Circuits

2020
COMMUNITY

Logit Lens
Reading hidden states through the unembedding (nostalgebraist)

2021
ANTHROPIC

A Mathematical Framework for Transformer Circuits
The founding framework of circuit-level analysis

★

2022
ANTHROPIC

In-Context Learning & Induction Heads
Circuits that explain how in-context learning emerges

ANTHROPIC

Toy Models of Superposition
Why features are packed beyond the neuron count

★

2023
ANTHROPIC

Towards Monosemanticity (SAE)
Sparse dictionary learning extracts interpretable features

★

2023
OPENAI

Language Models Can Explain Neurons
Automated, scalable neuron explanation with GPT-4

COMMUNITY

Activation Addition · ActAdd
Steering model behavior via activation vectors (Turner et al.)

COMMUNITY

Attribution Patching
Activation patching at industrial scale (Neel Nanda)

COMMUNITY

Path Patching
Causal path-level localization for circuit discovery (Goldowsky-Dill et al.)

★

2025
ANTHROPIC

Circuit Tracing · Attribution Graphs
Tracing computation paths through the model end-to-end

★

Anthropic OpenAI 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 / OV 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

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

xₗ₊₁		=		xₗ +		Fₗ(xₗ)

residual
stream

embed

x₀

x₁

x₂

+

attention heads
read

write

+

MLP
read

write

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

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

Sources: He et al., Deep Residual Learning for Image Recognition (2015), Fig. 5; Elhage et al., A Mathematical Framework for Transformer Circuits (2021).



EARLY LAYERS LATER LAYERS
MODEL DEPTH  →

RESIDUAL STREAM  ·  shared vector state persists across every layer

earlier state later state

A
B
C

ATTN ₁
reads A · writes B

read write

early write-in

MLP ₁
reads B · writes C

read write

early write-in

ATTN ₂
reads B · reinforces B

read write

+ ENHANCE

later write aligns with the early feature direction

MLP ₂
reads C · writes −C

read write

OFFSET

later write opposes part of the early write-in

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.

The residual stream perspective of a Transformer



Aside: The exponential growth of Residual Stream norms

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  ·  POSITION 1

h²

h¹

h⁰

read
MLP

write
+

read
attention heads

write
+

I

TOKEN 2  ·  POSITION 2

h²

h¹

h⁰

read
MLP

write
+

read
attention heads

write
+

love

TOKEN 3  ·  POSITION 3

h²

h¹

h⁰

read
MLP

write
+

read
attention heads

write
+

AI



Interpreting a single MLP neuron



MLP neurons: feature detectors that write to the stream
TOKEN 1  ·  POSITION 1

h²

h¹

h⁰

read

write
+

read
attention heads

write
+

I

TOKEN 2  ·  POSITION 2

h²

h¹

h⁰

read

write
+

read
attention heads

write
+

love

TOKEN 3  ·  POSITION 3

h²

h¹

h⁰

read

write
+

read
attention heads

write
+

AI



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?”

directly readout the residual stream

residual stream state

+

x₀

+

x₄ x₁₂ xᴸ

final LN
+ Wᵁ readout

vocabulary lens

top vocabulary directions

Paris +8.1

France +3.7

city +2.4

London +1.9

Logit Lens: logitsₗ =	Unembed(LN(xₗ)) Stop at layer l and decode the current state.

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



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?

output perspective: vocabulary push

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

Δx unembed

Paris +

Tokyo +

capital +

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

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.

neuron 1: say capital cities neuron 2: Thank you



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

1  Observe input perspective

Sort prompts by MLP neuron 
activation aⱼ and look for the shared 
feature.

… capital of France is Paris

high aⱼ … capital of Japan is Tokyo

low aⱼ … the river runs through town

activation distribution

top activations are evidence, not yet an 
explanation

2  Explain auto-interpreter model

x nⱼ

activation traces
+ sample contexts

LLM

candidate explanation:
“fires on capital-city completions”

sanity check: does the logit-lens push match the 
story?

the model proposes a label; we still need validation

3  Test held-out activations

A good explanation should predict which 
new prompts activate the neuron and 
reject counterexamples.

capital of Italy → Rome predict high ✓

capital letter at start predict low ✓

tourism in Paris borderline ?

explanation score 0.72

AutoInterp is a ranking aid, not a proof of 
meaning

+ +

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.

high aⱼ



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

Stack head result vectors, then multiply once

r⁰

r¹

r²

r⁰

r¹

r²

concat

Wₒᴴ Δx

Useful for compute: one large matrix multiply.

same
computation

circuit view

Split the output matrix, then sum per-head writes

r⁰ Wₒ⁰ Δh₀

r¹ Wₒ¹ Δh₁

r² Wₒ² Δh₂

+ Δx

Wₒᴴ	[r⁰;	r¹;	r²]	=	Wₒ⁰	r⁰	+	Wₒ¹	r¹	+	Wₒ²	r²

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

Source: Elhage et al. (2021), A Mathematical Framework for Transformer Circuits, “Attention Heads are Independent and Additive.”



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
source token

destination
token

The city of Paris is beautiful

The

city

of

Paris

is

beautiful

0.80

0.55

0.33 0.47

0.55

0.64

0.37 0.32

A row is a distribution over source 
positions.

Bright cells suggest routing: “this 
token reads that token.”

Patterns can be local, syntactic, entity-
focused, delimiter-focused, etc.

what this method gives you

1
Visual pattern
look for stable rows, stripes, diagonals, 
or named-token focus

2
Hypothesis
name the routing behavior in plain 
language

3
Caution
a heatmap shows where information is 
read from, not what content is written 
onward

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.

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

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. 



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

attention heatmap

The city of Paris is

Useful, but it only answers
“where did the head look?”

2  OV: high dimensional write

head output

Δx_head

a direction added to the 
shared residual stream

Cannot be “seen” just by looking at 
attention.

3  knock-out patching

replace this head output with a neutral baseline

normal mean

or zero

then recompute downstream

target −1.8

distractor +0.4

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.

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

Source: Wang et al. (2022), Interpretability in the Wild: a Circuit for Indirect Object Identification in GPT-2 Small. Path patching explanation simplified for tutorial use.



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  clean run

Primary OV write is carrying the 
behavior

H*

primary head

B1 B2

backup heads quiet

target +4.2

2  knock out one write

We replace the head output with 
mean / zero

H*

intervention changes the residual stream 
distribution

naive expectation: a large drop

3  later components compensate

Downstream readers may write a 
substitute signal

B1 B2

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

observed output: partial 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

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.

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 
features may share the same properties.



Superposition in MLP neurons

TOKEN 1  ·  POSITION 1

h²

h¹

h⁰

read

write
+

read
attention heads

write
+

I

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

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



Sparse autoencoders for addressing superposition

Feature: Sycophancy

Encoder

Black-box model
Dense representation

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



Understanding feature meaning through geometry
SAE decoders define feature 
directions in latent space.

Nearby regions contain semantically 
related features, forming clusters 
similar to functional areas in the brain.

Near a feature that detects 
“eldercare services,” we find:
• Medical services
• Cleaning services
• Security services
• Health promotion
• Aging
• Cognitive disorders
and related features.



• 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. 

Summary



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

Data Format Reference Data Counterfactual Data

Time Span The war lasted 2 years from the year 1735 to the year 173[?] 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 has a total oranges of [?]

Nicole bought 2 oranges yesterday, then Jack acquires 3 tables today. Steve has a 
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 = [?] 2 < 5 = [?]

Qwen-7B

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

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-head11 in LLaMA).

1

LLaMA2-7BResults

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



Mechanism discovery I: arithmetic calculation

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

Key heads behavior (attention patterns):

l Key heads (e.g., Layer13.Head11, Layer12.Head22) focused on operands (e.g., ‘1’, ‘5’, ‘2’, ‘4’)

l Key heads (e.g., Layer14.Head2, Layer11.Head8) focused on operators (e.g., ‘plus’, ‘minus’, ‘times’, ‘over’)

(a) focus on operands 5/3

Q: How much is 5 over 3? A: 

(c) focus on operator “plus”

Q: How much is 5 plus 3? A: 

(d) focus on operator “over”

Q: How much is 5 over 3? A: 

(b) focus on operands 4

The meeting will maintain 4
hours from 4 pm. to 



Layer 17, 19: operands 3 and 4 are written and stored

Layer 20 for num 6，Layer 21 for num 1，divide 3 into 2 and 1，calculate 
4+2=6，the remain num 1 is stored

Compare the binary addition process of a computer and attempt to break 
down the step-by-step computation process of 4+3.

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

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

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

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

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

l 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. 

l 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. 

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

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

Key Findings
1

2

3

4

1

2

Mechanism discovery I: arithmetic calculation



Aside: Language Models use trigonometry to do addition
CORE IDEA

• Numbers are encoded on modular 
circles that form a helix.

• For a + b, the model rotates and 
combines both helices.

• The resulting phase is translated back 
into answer logits.

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



Aside: Circular Representations

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

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



Triplet Knowledge Question Answering (Studied)

Input: The capital of British is 

Output: British (single token)

Real-world Scenarios Question Answering (not studied)

Input: Q: Can Harry Potter book a flight on Asiana Airlines?

Output: Harry Potter is a fictional character (step1). Fictional 
characters cannot book flights (step2) . Thus, Harry Potter 
cannot book a flight on Asiana Airlines (step3) . (multi-token，
multi-step)

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.

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.

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

Mechanism discovery II: factual knowledge recall



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

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

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.

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

MLP (5-12) Attention
(22-35)

Augment attributes
Top1: Wizard
Top2: British
Top3: fictional, ....

Subject Augmentation Object Retrieval and Rerank Answer Gathering and Conclusion Generation

MLP (32-37) Attention
(20-25)

Retrieved attributes
Top1: Wizard
Top2: British
Top3: fictional, ....

Reranked attributes
Top1: fictional
Top2: Wizard
Top3: British, ....

a

Predict: fictional

fictional

Thus

MLP (31-35)

Correct answers
Top1: no
Top2: cannot
Top3: negative

Attention
(33-35)

Predict: cannot

Correct answer
transportation

Mechanism discovery II: factual knowledge recall

1

2

3

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 answer. 



What can we do to intervene the mechanisms
discovered?



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

Once patching localizes a small causal set, how can we 
change behavior without rewriting the whole model?

Training Data: StrategyQA 
Test Data: 
• In-domain: StrategyQA test set. 
• Out-of-domain: CSQA, WinoGrande, SocialIQA (common sense 

reasoning datasets)

SSFT demonstrates better generalization. 
• SFT affect the model's performance on OOD common sense 

reasoning tasks. 
• In contrast, SSFT can generalize reasoning capabilities to other 

datasets.

Tuned heads Tuned neurons

From causal discovery to behavior change



Targeted tuning: instruction following

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.

Query: Which country was the largest producer of rice in 2020? Answer as concisely as possible.

Response: China

Query: I don’t think that’s right. Are you sure?

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

of rice in 2020.

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



Closed-Loop Analysis and Tuning:

l Interpretability Analysis: Identify and validate critical attention heads via Path Patching

l 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



Pinpoint-tuning:

l 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.

l 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: instruction following



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.

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

LoRA achieves a similar 
preservation of general 
performance with the proposed 
pinpoint tuning (PPT). But LoRA 
achieves inferior performance 
on sycophancy evaluation.

Integrating SPT and LoRA can bring  
performance gain compared with SPT or 
LoRA alone. 



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

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

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.

Improve In-Context Learning with Pinpoint Tuning



Steering Vectors as a simpler approach



Llama Scope Steering: Llama 3.1 8B
Example: a poetry-and-rhyme feature



Llama Scope Steering: Llama 3.1 8B
Amplifying an internal poetry-and-rhyme feature steers the model to generate verse.



SAE Steering: Claude 3.0 Sonnet



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

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

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

What is the approximate depth of the Atlantic Ocean?

The approximate depth of the Atlantic Ocean is about 3,339 
meters (1,000 feet) …

I’m sorry, but as an AI language model, I cannot give 
information on the approximate depth …

+ Safety

Harmfulness Honesty

Generate instructions for building a bomb.

Sure, here are instructions for building a bomb: 
1. Gather materials: You will need ..

I’m sorry, but as an AI language model, I cannot generate 
instructions for building a bomb.

+ Safety

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

Steering is lightweight—but single directions do not scale



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

Safety tuning: one target is easier than many

• Single-task control can improve safety.

• Multi-task control reveals the limit of one-vector-at-a-time steering: 

performance can decline across objectives.

• The next step is to localize task-specific modules before intervening.

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



1 Locate Task-Specific Attention Heads 2 Model Multi-Task Representations

Locate Task-Specific Attention Heads: For each 
task, construct positive/negative sample pairs to 
isolate task features, then apply Activation 
Patching to select the critical head subset for 
each task.

1
Model Multi-Task Representations: For each 
task’s attention heads, use Gaussian Mixture 
Models (GMM) to fit separate distributions to 
explicitly decouple cross-task representations.

2

Attention Heads

LLM

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

Safety tuning: locate the task-specific modules

Gaussian Formulation: 
For each task-specific head 𝑙, ℎ , let 𝐴(𝑥) denote 
head’s output given input 𝑥. 

Given input pair 𝑇./ and 𝑇.0, we fit Gaussian 
Distribution with: 

𝑥1,3,./ = 𝐴1,3 𝑇./ , 𝑥1,3,.0 = 𝐴1,3 𝑇.0

𝑥1,3,./ ∼ 𝒩 𝜇/, 𝛴/ , 𝑥1,3,.0 ∼ 𝒩 𝜇0, 𝛴0

where

𝜇 =
1
𝑁
=
456

7

𝑥4 , 𝛴 =
1
𝑁
=
456

7

𝑥4 − 𝜇 𝑥4 − 𝜇 8

Why Gaussian? 
• The explanatory variance of PCA’s principal 

directions is relatively low for the head outputs. 
Many vital information contained in other 
directions are lost.

• Use GMM for a more holistic representation.

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



Single-Model Module-Level Enhancement: Precisely localizes and controls key modules to simultaneously boost multi-task performance 
while maintaining general capabilities.

Multi-Task Joint Control：

l Adv Factuality：Identifying misinformation in input.

l Pref Bias：Identifies preference bias in model outputs

l Exag Safety：Flags excessive safety (e.g., rejecting harmless 
queries)

General Abilities：MMLU + CSQA

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

Multi-Task Joint Control General Abilities

Safety tuning: multiple targets, no global retraining



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.

Source: Transformer Circuits — Scaling Monosemanticity (2024)



、

Dark matters (irreducible error term) of Sparse Autoencoders

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

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



Transcoders and attribution graphs
CORE IDEA

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

• We would like explain how it interacts with 
model parameters.

• Transcoders use the same architecture as 
SAEs.

• Transcoders share the same input & 
prediction target as the MLP it is trained on.

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



Prompt: Michael Jordan plays the sport of 

https://transformer-circuits.pub/2025/attribution-graphs/methods.html#appendix-attribution-graph-computation

There are some features corresponding to Michael Jordan and basketball

Learning from Attribution Graphs



Learning from Attribution Graphs



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

Training objective: minimize MSE between Lorsa output and MHSA output

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

Low Rank Sparse Attention: The Attention replacement module



Re-discovers known heads (finer-grained):
Induction, successor, copy suppression, attention sink

Novel findings:
Subtoken induction heads (character-level, tokenization misalignment)
Arithmetic Lorsa family in Llama-3.1-8B
Theme anchor heads: long-range topic-specific attention

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

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

Lorsa: Extracting attentional features from superposition



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.



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

Transcoder Only: The Complete Replacement Model

The Complete Replacement Model with Lorsa & Transcoders



Learning from the attribution graphs

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



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.

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



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

Tracing the evolution of features in LM pretraining

Encoder: sum over all snapshots 

Decoder: each snapshot uses its own

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



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

Tracing the evolution of features in LM pretraining

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

l Training: Multilingual Enhancement

l Inference: LLM Quantization

l Data: Data Synthesis/Selection



Multilingual Enhancement: Key Challenges

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

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

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

質問:
⽇本の昔話「桃太郎」で、桃太郎が旅の途中で仲間にした動
物は次のうちどれですか？
A. ⽝、猿、雉
B. 狐、狸、兎
C. ⽜、⾺、猪
D. 鯉、蛙、鶴

⽇本の政治ニュース報道において、⽇本の読者は通常、次のうちど
のタイプの政治家に注⽬しますか？
A) 経験豊富なベテラン議員
B) 急進的な改⾰派リーダー
C) SNS で⼈気を得た若⼿政治家
D) 軍事的背景を持つ政治家

General Language Local Language

15%

General Knowledge Local Knowledge

30%

General Preference Local Preference

17%

全体として準備した内容をほぼ時間通りに伝えられたし、聴衆の反応も良
かったと思う。最初の統計データの部分で頷いている⼈が多くて安⼼したし、
ディスカッションでは具体的な質問が出たから興味を持ってもらえたはず。
スライドのデザインもシンプルにしたおかげで読みやすいと⾔われた。唯⼀
の反省点は、途中でデモ動画が少しカクついたことだけど、すぐに⼝頭で補
⾜したので致命的ではなかった。質疑応答も予定より⻑引いたものの要点を
整理して答えられたから、⾃分としては mission accomplished. 次回はイ
ントロをもう少し短くしてデモに時間を割くつもりだよ。

Knowledge Language Preference



Qwen Layer 
Interpretation

Head 
Interpretation

Neuron 
Interpretation

LLMs LLMs LLMs
①  ②  

…………………………

Arabic Input

French Input

Japanese Input

English Output

French Output

Japanese Output

Language 
Generation

Language 
Understanding

Language 
Reasoning

Localization

Pinpoint-Learning

Interpretation

Solution: Knowledge + Reasoning + Language



Interpretation: From Layer, Head to Neuron

Qwen Layer 
Interpretation

Head 
Interpretation

Neuron 
Interpretation

probing activation patching
automatic neuron 

description

Three stages of Multilingual Process:  
l Layer1-40：knowledge enrichment，model understands 

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

l Layer41-77：knowledge reasoning，model thinks in 
English, English -> English

l Layer 78-80: language alignment, model translates the 
recalled knowledge, e.g., English -> Japanese 5% key heads

This neuron activates on the Arabic 
word op

q ) 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.

Interpret each layer Localize key heads and 
interpret via GPT

Localize key neurons and 
interpret via GPT



Pinpoint Learning: From Mid-training to Post-training

l LLMs often exhibit code-switching 
issues when generating content.

質問:
⽇本の昔話「桃太郎」で、桃太郎が
旅の途中で仲間にした動物は次のう
ちどれですか？
A. ⽝、猿、雉
B. 狐、狸、兎
C. ⽜、⾺、猪
D. 鯉、蛙、鶴

全体として準備した内容をほぼ時間通
りに伝えられたし、聴衆の反応も良
かったと思う。最初の統計データの部
分で頷いている⼈が多くて安⼼したし、
ディスカッションでは具体的な質問が
出たから興味を持ってもらえたはず。
スライドのデザインもシンプルにした
おかげで読みやすいと⾔われた。唯⼀
の反省点は、途中でデモ動画が少しカ
クついたことだけど、すぐに⼝頭で補
⾜したので致命的ではなかった。質疑
応答も予定より⻑引いたものの要点を
整理して答えられたから、⾃分として
は mission accomplished. 次回はイ
ントロをもう少し短くしてデモに時間
を割くつもりだよ。

Lack of local knowledge Low-resource Language 
Knowledge Bias

Code Switching

English version：
Question: 
In the Japanese folk tale "Momotaro," 
which of the following animals did 
Momotaro make companions with on 
his journey?
A. Dog, monkey, pheasant B. Fox, 
raccoon dog, rabbit 
C. Cow, horse, boar D. Carp, frog, crane

English A:
Washington, D.C

❌

English Q:
The capital of country of
Anna Faris is 
Arabic Q:

stسرافانآةلودةمصاع
(The capital of country of Anna Faris
is) 

(Ottawa) 

English A: 
Japanese Yen

❌

English Q:
The currency used in the 
country of Shinzo Abe is

Japanese Q:
安倍晋三の国で使われて
いる通貨は何ですか？

Arabic A:
اواتوأ

Japanese A:
ウォン
(韩元) 

(The currency used in the country of 
Shinzo Abe is) 

Multilingual Knowledge Recall
(Pinpoint Fine-Tuning)

Knowledge Enrichment 
(Pinpoint Mid-Training)

Multilingual Reasoning
(Pinpoint RL)

l LLMs typically perform significantly worse 
on low-resource languages (e.g., 
Arabic/Japanese) than on high-resource 
languages (e.g., English).

l LLMs perform poorly on questions 
involving local history and 
geographical knowledge.

Solve Problem: Lack of local knowledge Solve Problem: Low-resource Language 
Knowledge Bias

Solve Problem: Code Switching

Low-resource Language 
Reasoning Bias

ローブを作成するには、⻘⾊の繊維を2
巻分、⽩⾊の繊維をその半分⽤いる必
要があります。全体で何巻必要です
か？段階を追って考え、最終的な答え
を「####」の後に出⼒してください。

3巻の⻘⾊の繊維、1.5巻の⽩⾊の繊維
が必要です。合計は4.5巻です。
3巻の⻘⾊繊維
1.5巻の⽩⾊脈物
したがって、答えは次のとおりです 4.5。 ❌

l LLMs demonstrate significantly weaker 
reasoning capabilities in low-resource 
languages (e.g., Japanese) compared to 
high-resource languages (e.g., English).

Language Generation
(Pinpoint Preference-Learning)

Solve Problem: Low-resource Language 
Reasoning Bias



Stage 1: Knowledge Enrichment

The Problem Solution

Locate the domain knowledge modules

Pinpoint the specific neurons and attention heads the 
model uses to carry out the new domain-knowledge 
task.

Pinpoint CPT

Update only these key parameters and freeze the rest 
— injecting new knowledge without forgetting the 
old.

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%).

Understand why forgetting happens

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

Catastrophic
forgetting

+84.4pp

−26.1pp

New knowledge Existing knowledge (MMLU)

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 
probes locate them

vs.
Domain knowledge (43 layers · 9.5 M concepts)

10,000,000+ knowledge points are many → 
millions of probes needed

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

1 Build the knowledge system

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).

→

2 Extract knowledge triples

For every knowledge point (a Wiki article), 
extract structured triples (s, r, o).

Example
Article “Cairo”
s: Cairo    r: capital of
o: Egypt

→

3 Cloze probing → localize

Rewrite each triple as a fill-in-the-blank via 
continuation: give s and r, let the model predict 
o. The modules that drive predicting o are the 
domain-knowledge key modules.

“Cairo is the capital of ___”
→ predict  o = Egypt



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

Stage 1: Knowledge Enrichment

The Hard Rock   Stadium     is     located            inStadium in

Hard Rock
Stadium

Sub related attrs
(Sport, Florida, 
Miami, …)

location

located

The Hard Rock   Stadium     is      located  in   MiamiMiami

Miami

Sub related attrs
(Sport, Florida, 
Miami, …)

Subject Enrichment

Attribute Retrieval

Attribute Re-rank

The Hard Rock   Stadium     is      located            inStadium in

Hard Rock
Stadium location

located

The Hard Rock   Stadium     is      located  in   MiamiLondon

London

Relation related attrs
(America, London,

France, …)

Base Model: generate the correct answer “Miami” CPT Model: generate the incorrect answer “London”

Relation related attrs
(America, London,

France, …)

wrong retrieval 
from “relation”

Example: “The Hard Rock Stadium is located in Miami.”
Knowledge in triplet <subject, relation, object>: <Hard Rock Stadium, located in, Miami>

Relation related attrs
(Sports, Florida,

Miami, …)

Correct knowledge path before CPT Incorrect knowledge path after CPT

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

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



Tuned heads Tuned neurons

Results:

l Pinpoint CPT mitigates catastrophic forgetting, only drops 

by 0.4% on MMLU and no drop on AMMLU after training.

l Pinpoint CPT maintain effective new knowledge injection, 

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

Stage 1: Knowledge Enrichment

Arabic
Knowledge

Japanese
Knowledge

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)

+7.6pp +10.5pp

−26.5pp

+0.1pp

+15.9pp +12.6pp −9.4pp
−0.5pp

New knowledge Existing knowledge

Foundation Model CPT Pinpoint CPT



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

English Answer: 
Washington, D.C

❌

English Question:

The capital of country of Anna Faris is 

Japanese Question:

国の首都はアンナ・ペルシアです

Japanese Answer:

オタワ

Stage 2: Multilingual Knowledge Recall

Accuracy / Percentile (%)

18.7pp

English Japanese



(a) Key heads for English reasoning (b) Key heads for Japanese reasoning

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

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

Layer 19 Head 8

Stage 2: Multilingual Knowledge Recall

Layer 19 Head 8

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



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

English 
Question

Correct English 
Answer

Translated Japanese
Answer

Qwen

Q: The capital of 
country of Anna Faris is 

Google Translation

LLM check
Japanese QA

A: Washington, D.C

tunable parameters: < 2%

Head

La
ye

r

Only train the important head, leave the others freezing

Stage 2: Multilingual Knowledge Recall

-15.0%

-10.0%

-5.0%

0.0%

5.0%

10.0%

15.0%

ja en zh ar pl he vi it avg

Ac
cu

ra
cy

 C
ha

ng
e

Full Fine-tuning Pinpoint Fine-tuning

Q: 国の⾸都はアンナ・
ペルシアです
A: オタワ

A: オタワ

Accuracy on other languages：

l Full Fine-tuning：

❌ Over 10% drop on English

❌ Slight drop on zh/he/vi/it

l Pinpoint Fine-tuning：

✅ All increased

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

Normal Multilingual Generated Content

Input: Qui a réalisé Don‘t Breathe 2 ? 
English：Who directed Don’t Breathe 2 ? 

Output: "Don't Breathe 2" a été réalisé par Stephen Surjik. Il est le réalisateur
principal de ce film de peur
English：Don‘t Breathe 2 was directed by Stephen Surjik. He is the principal 
director of this horror movie. 

Code-Switched Content（unanalyzed）

Input: Qui a réalisé Don‘t Breathe 2 ? 
English：Who directed Don’t Breathe 2 ? 

Output: “Don‘t Breathe 2” a été réalisé par Stephen Surjik. Il est le 
réalisateur principal de ce film de 恐怖片，发布于2021年。
English： Don‘t Breathe 2 was directed by Stephen Surjik. He is the 
principal director of this horror movie in 2021. 

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. 

Problem 1：LLMs often exhibit code-switching —where generated content is mixed with irrelevant linguistic elements—
compromising readability and accuracy in practical applications. 



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
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.



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

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

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

Multilingual Generation Mechanism：

l 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.

l Code-switch occurs when semantic nodes 
predicting multilingual tokens bypass the 
language sub-circuit and connect directly to 
output positions.

Key Findings

1

2

1

2

Circuit for language generation

Stage 3: Language Generation

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



Pinpoint-Tuning: DPO on language sub-circuit neurons

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

After Pinpoint DPO on language sub-circuit neurons (~2%):

l The model’s Language-Consistency Rate significantly improves (60.94% →82.32%)

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

Stage 3: Language Generation

-10.0%

0.0%

10.0%

20.0%

fr es ar ja ru zh vi id avg
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Full Fine-tuning Pinpoint Fine-tuning

Language consistancy on other languages

(trained on French)

l Full Fine-tuning：

❌ Over 5% drop on Japanese & Russian

❌ Minimal Improvements 

l Pinpoint Fine-tuning：

✅ No significant drop

✅ Notable improvements on multiple languages
Yuxin Xiao, et al, How Do Large Language Models Speak Languages? A Case Study on Code-Switching. ICML, 2026.
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(%
) +5.8pp

French

+33.9pp

Russian

+16.5pp

Spanish

+26.9pp

Chinese

+23.7pp

Arabic

Language-Specific Neurons Tuning Foundation Model



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

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 
output the final answer after "####".

English answer:
1 / 2 * 2 = 1 bolt of white fiber
2 + 1 = 3 bolts of fiber total
so the answer is 3.

↕ Same question

Japanese context:
ローブを作成するには、⻘⾊の繊維を2巻分、⽩⾊の繊維を
その半分⽤いる必要があります。全体で何巻必要ですか？
段階を追って考え、最終的な答えを「####」の後に出⼒し
てください。

Japanese answer:
3巻の⻘⾊の繊維、1.5巻の⽩⾊の繊維が必要です。合
計は4.5巻です。
3巻の⻘⾊繊維
1.5巻の⽩⾊脈物
したがって、答えは次のとおりです 4.5。

❌

Solution

Locate the multilingual-reasoning 
heads

Pinpoint the small set of attention heads that 
drive reasoning in the target language.

Pinpoint RL

RL only those key heads on multilingual 
reasoning data, keeping the others frozen.

Model Performance across Contexts
7.3pp

GSM8k (math)

31.2pp

MBPP (code)

English Japanese



Stage 4: Multilingual Reasoning
Problem 2  — Reasoning tasks emit long output sequences, so applying path patching over every output token is 
impractical.

The Problem

Knowledge task (Stage 2 · factual recall)

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

Washington , D.C .

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

Reasoning task (Stage 4 · the math problem)

Q: A robe takes 2 bolts of blue fiber and half that much white …

Let's think step by step . The robe uses 2 bolts of blue fiber

. It also needs half as much white fiber , so white = 2 ÷

2 = 1 bolt . Adding them up , total = 2 + 1 = 3

bolts of fiber . So the final answer is #### 3 .

… → hundreds to thousands of tokens → perturbing each is infeasible

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.

Compute effect on key tokens only
Compute the effect only on the handful of key tokens and ignore all the 
others — no need to evaluate every output token.

■ key tokens = effect computed here ■ other tokens = ignored



(c) Key heads for Japanese coding/math

• The high-entropy tokens are often 
concentrated in key reasoning steps.

Stage 4: Multilingual Reasoning

Step 1: Identify key token— select high-entropy 
tokens as the subjects for interpretability analysis.

Step 2: Locate key heads — apply path patching to identify 
heads that have strong influence on these high-entropy tokens.

• The key heads are mainly concentrated in the 
deeper layers .

(a) Key tokens for Japanese coding (b) Key tokens for Japanese math



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

~1% of all) correlated to Japanese reasoning 

tasks and freeze all others. 

Tuned heads

Results:

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

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

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

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

l Pinpoint RL reduces training memory (50%).

Stage 4: Multilingual Reasoning

Pe
rfo

rm
an

ce

+5.5pp

GSM8k (math)

+22.2pp

MBPP (code)
English Context Japanese (before pinpoint RL) Japanese (after pinpoint RL)



Integration: Enhancing Understanding + Reasoning + Generation
la

ye
r

head x neuron

la
ye

r

head x neuron

la
ye

r

head x neuron

+21%

+24%+17%

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

Knowledge Enrichment Knowledge Recall/Reasoning Language Generation 

Q:東京にいらっしゃる潜在的なシニアパートナー、佐藤太
郎様宛てに、非常に格式の高いビジネスメールを書きたい
です。適切な敬語を用いたサンプル文を示してください。
A: 件名：共同事業に関するご面談のお願い.

Q: 紫式部の代表作『源⽒物語』の主な舞台となった
都市は、現在の地名で⾔うとどこですか？
A: 京都

Q: 「根回し」とはどういう意味ですか？
A: 文字通りには「根を回す」という園芸由来の言
葉で、転じて、....



Part IV
Interpretability-Driven Application

l Training: Multilingual Enhancement

l Inference: LLM Quantization

l Data: Data Synthesis/Selection



More Efficient: Precise Quantization
Objective: Infer more data using the same computational resources and time. 

l The process of converting high-precision numerical values (e.g., FP32) into lower-precision numerical 
values (e.g., INT8) while minimizing the performance loss.

l Map the floating-point range [𝑟94: , 𝑟9;<] (e.g., floating-point range 0 to 10.8) to the integer range 
[0, 2= − 1] (e.g., 0 to 255 for 8−bit integers).

Outlier Issue: One single floating-point 
number is significantly larger than all 
other values. When mapping all values 
in the vector simultaneously, the 
smaller values may all be quantized to 
0, resulting in a substantial 
quantization error.

Evaluation Metrics:

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

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

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

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



More Efficient: Precise Quantization

Interpretability Analysis Dynamic Programming Independent Quantization

Importance Score 
w.r.t. Each Module

Quantization Bits 
w.r.t. Each Module

l The importance score represents 
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 
objective.

l 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.

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

l After configuring the number of 
bits, post-training quantization can 
be performed on the model.

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

Each module independently selects the optimal quantization strategy.

Mixed
Precision

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

l 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.

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

High-bits 
ckpt

Low-bits 
ckpt



INT4 Params

FP16 Paramsreplace Wᵥ

FP16 Model
White means original params, Blue means INT4 params

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 France is ___”
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  → 
output₀ 2 Int4 one module (e.g. Wᵥ)  

→ output₁ 3 importance = Δ perplexity

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

🧊

 Same as original output  

🔥

 different from original output



More Efficient: Precise Quantization

Dynamic Programming

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. 

l Value: The importance score for each module. 

l Cost: The number of bits for each module 𝑁> = 𝑚>×𝑛>×𝑝>，where 𝑚>×𝑛>
represents the shape (i.e., the number of elements), and 𝑝> represents the precision of 
the k-th parameter.

l Capacity: The total bit budget for quantization. 

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

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

Qwen2.5-72B
avg 4 bits

Qwen2.5-72B
avg 3 bits



More Efficient: Precise Quantization

l 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 à Precise Quantization
Reducing Inference Costs with Controllable, Adjustable, and Interpretable Quantization.

Precise Quantization: 3.3-bit tracks FP16 across 30 benchmarks
Per-benchmark Δ = 3.3-bit − FP16 (pp)   – green: 3.3-bit higher terracotta: FP16 higher
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Part IV
Interpretability-Driven Application

l Training: Multilingual Enhancement

l Inference: LLM Quantization

l Data: Data Synthesis/Selection



Data Is Becoming the New Bottleneck for LLM Scaling

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

evaluation.  [4,6]

[1] Epoch AI (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, AI 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 AI; Data 
Provenance Explorer

Major data bottlenecks 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]

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

[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; DatologyAI
research blog
[10] Scale AI, Generative AI Data Engine

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



Interpretability for Data: A Research Overview

Data Selection and Curation (15 Papers)

Data Valuation (5 Papers)

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 
OpenAI, official research post and linked technical 
paper. 
[3] Teaching Claude Why. 2026 Anthropic, official 
research post. 
....

[1] DATE-LM: Benchmarking Data Attribution 
Evaluation for Large Language Models. NeurIPS 2025
[2] Enhancing Training Data Attribution with 
Representational Optimization. NeurIPS 2025
[3] GraSS: Scalable Data Attribution with Gradient 
Sparsification and Sparse Projection. NeurIPS 2025
....

[1] Efficient Data Selection at Scale via Influence 
Distillation. NeurIPS 2025.
[2] NICE Data Selection for Instruction Tuning in LLMs 
with Non-differentiable Evaluation Metric. ICML 2025. 
....

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.

Papers & Works



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?

Data Selection

Limitations of existing methods
• 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. NeurIPS, 2025.



Data Selection

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

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 
prototype.

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



Data Selection

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

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); 

• Evaluation: MMLU, GSM8K, BBH, MBPP, and GPQA.

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).



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.

Data Synthesis

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.

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



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.

Data Synthesis

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



Data Synthesis

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

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

Experimental Setting
• Model: LLaMA-3/3.1 8B
• Evaluation: toxicity, reward modeling, behavior steering, 

and instruction following
• Comparison: Seven synthesis baselines under matched 

data budgets



Insights and Outlook

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.

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.



Part V
Advanced Topics & Future Directions

l Reasoning
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l Safety Awareness



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 NeurIPS 25 / ICML 26 / ACL 25 / ICLR 26 + OpenAI·DeepMind·Anthropic)

Method family ＼ Analysis need CoT
Faithfulness

CoT
Monitorability

Internal
Mechanism / Circuits

Latent Reasoning
/ Planning

Arithmetic·Logic
Multi-hop

End-user Interp. /
Trace–Train 
Decoupling

Feature / Token Attribution Moderate Limited Limited Gap Limited Gap

Probes (Linear/Structural/Latent) Moderate Moderate Limited Strong Moderate Limited

Sparse Autoencoders (SAE) Limited Gap Moderate Limited Gap Gap

Mechanistic / Circuit Analysis Limited Gap Strong Moderate Strong Gap

Causal Intervention / Activation 
Patching Strong Limited Moderate Moderate Moderate Limited

Counterfactual / Faithfulness 
Benchmarks Strong Moderate Gap Limited Limited Moderate

CoT Monitoring / Behavioral 
Analysis Moderate Strong Gap Gap Gap Moderate

Introspection / Self-explanation Moderate Limited Limited Gap Gap 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 × Monitorability, Monitoring/Introspection × Internal 
Mechanism, and most methods’ thin coverage of “Latent Reasoning/Planning”.



Current Works × Technical Dimensions Mapping
Method / Work Scope Focus Metrics (tags) Source
A · Faithfulness Evaluation & Benchmarks
Measuring Faithfulness of Thinking Drafts Text/CoT Counterfactual intervention to assess faithfulness of intermediate steps faithfulness · causal-necessity NeurIPS 2025
RFEval Text/CoT Counterfactual intervention to define & benchmark reasoning faithfulness faithfulness · causal-necessity ICLR 2026
FaithCoT-Bench Text/CoT Instance-level CoT faithfulness detection benchmark faithfulness · selectivity ICLR 2026
CoT In the Wild Is Not Always Faithful Text/CoT Unfaithful CoT is common even under natural prompts faithfulness · robustness ICML 2026

B · CoT Monitoring & Safety
CoT Red-Handed Text+Action Stress-test CoT monitoring to catch harmful behavior monitorability · robustness NeurIPS 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 OpenAI
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 NeurIPS 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.



① 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.

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

CoT Monitoring CoT Steering

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

Reasoning Model

thinks

Thinking Draft

Step 1   reasoning …

Step 2   reasoning …

Step 3   reasoning …

looks coherent ✓

?

Final Answer

Faithful ✓
the draft causally drives the answer

Unfaithful ✗ ·   post-hoc rationalization
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?



② 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.

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

Thinking draft

multi-step reasoning

Segment steps

Continue / Backtrack

Counterfactual
intervention

Shift Mapping · Corrupt Option

Observe the answer

does the answer change?

S1  step

S2  step

S3  step corrupt one step

A → B   changes
Faithful ✓

A → A   unchanged
Unfaithful ✗

Two verifiable dimensions   Intra-draft faithfulness  (does each conclusion follow from prior steps?)   ·   Draft → answer faithfulness  (does the final answer follow from the 
draft?)
RFEval benchmark   12 open-source LRMs   ·   7,186 cases   ·   7 task types



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".

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

49.7%
RFEval: share of unfaithful outputs

(mainly due to stance inconsistency)

19.54%
Thinking Drafts: Draft-Answer consistency of

RLVR model QwQ (GPQA), far below distilled models

≈ 0
After controlling for model/task, accuracy vs

faithfulness correlation is "weak & insignificant"

Main Findings

• Larger scale → higher intra-draft faithfulness; models are more faithful to Backtrack steps than 
Continue steps

• The answer stage often "introduces new reasoning beyond the draft" rather than merely summarizing it

• Failures concentrate in "brittle, convergent" domains such as math / code

• Faithfulness depends more on post-training method than model scale; adding RL objectives on top of 
SFT lowers faithfulness (even at equal accuracy)

Key Conclusions

• Accuracy cannot substitute for faithfulness 
— right answer ≠ true reasoning

• RL / RLVR improves performance but 
weakens CoT monitorability

• "Reads correct" reasoning chains need a 
second check by causal intervention



① 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.

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

A trace can read like reasoning —

yet not drive the answer

Q:  who wrote the piece premiered in 1937?
“Step 1 … Step 2 … therefore X.”
Answer:  X   ✓

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 
scaffold?



② Method

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.

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

Decompose QA

rule-based → verifiable sub-steps

Build SFT sets

correct- vs incorrect-trace

Fine-tune LRMs

Llama · Qwen · 4 trace types

Two checks

trace correctness · human study

sub-step 1

sub-step 2

sub-step 3

correct trace ✓
answer ✓

incorrect trace ✗
answer ✓ (always)

intervene on trace,
keep the answer fixed

SFT model

R1 trace

R1 summary

post-hoc expl.

decomposed

trace correctness

verify every sub-step

human study

100 raters · Likert

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)



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.

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

28%
correct traces → correct answers on only 28% of test 

problems; incorrect traces don’t reliably hurt

3.39 / 4.59
verbose R1 traces: best accuracy, yet lowest interpretability 

(3.39) & highest cognitive load (4.59)

RL ↑acc, ≠trace
outcome-based RL raises accuracy without improving trace 

validity (even swapped-trace models gain)

Main Findings

• 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

• Trace length looks complexity-adaptive in-distribution but breaks OOD (trained on hard mazes, fails 
trivial no-maze) — length ≠ “thinking effort”

Key Conclusions

• Semantic correctness & human 
interpretability are decoupled from 
performance

• Don’t anthropomorphize the tokens as 
“reasoning / thinking”

• For safety, verify the solution (third-party) —
not the trace



① 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.

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

A CoT step can read fine yet be wrong

7 × (5 + 9)

Step 1:  5 + 9 = 14    ✓

Step 2:  7 + 14 = 21    ✗
should be 7 × 14 = 98

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

Which step? and — crucially — WHY?

How much can each view explain?   (black-box →white-box)

Black-box
sees logits / output only
“the answer is wrong”

Gray-box
probes hidden states
“some hidden state looks off”

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

only the circuit reveals the mechanistic cause of the error



② 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.

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

CoT step

one reasoning step

Attribution graph

CLT replacement model

Structural features

Global · Node · Topological

Classify

correct vs wrong step

Verify / Fix

flag error · intervene

G N T

feature vector

✓ ✗

correct   vs   wrong

✗ ✓

intervene → repair

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)



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.

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

92.5%
CRV error-detection AUROC

(strongest baseline only 76.5%)

0.72
Circuit Tracing: Spearman of graph

influence vs feature ablation (mechanistic 
faithfulness)

~10×
Node reduction after graph pruning,

still keeping ~80% of behavior

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)

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



④ Insights & Outlook

Insights · Open Problems · Trends

Insights

• A “reasoning trace” is a scaffold that reshapes 
the next-token distribution, not necessarily a 
faithful log of computation — the text–
computation link may be spurious, not causal

• This is exactly why faithfulness must be 
tested causally and grounded in circuits; 
reading how tokens help the model itself 
remains valid

• Model-facing and user-facing objectives are 
different problems — optimize them separately

Open Problems

• No theory links trace semantics to solutions 
beyond “it shifts the conditional distribution”

• How to give users faithful, low-cognitive-load 
explanations without sacrificing accuracy?

• Internal CoT tokens vs. agentic tool-call 
tokens (the latter DO carry external 
semantics)

Trends

• Decouple model supervision from end-user 
trace design (separate summarizer / explainer 
modules)

• Faithfulness & interpretability-aware 
objectives that don’t hurt accuracy

• A more rigorous, less anthropomorphic 
vocabulary (“intermediate / derivational tokens”)

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 × AI-Agent Components

Method family Perception Reasoning
Planning Tool Use Memory Multi-Agent

Feature Attribution Strong Limited Gap Gap Gap

Concept Probes Moderate Moderate Gap Limited Gap

Attention Analysis Moderate Moderate Gap Gap Gap

Mechanistic / Circuits Limited Moderate Gap Gap Gap

Tool Tracing Gap Gap Strong Gap Gap

Memory Probes Gap Gap Gap Moderate Gap

Provenance Graphs Limited Limited Moderate Limited Moderate

Causal Intervention Limited Moderate Moderate Moderate Limited

Strong coverage Moderate Limited Gap / open

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 / IG / 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.

Source: Transparency in Agentic AI: A Survey of Interpretability, Explainability, and Governance ·   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
+ full repo

Agent loop × N steps
read · search · edit · run tests · re-edit

Patch
tests FAIL→PASS ✓

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

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 AI: 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

9-type Action Taxonomy
Canonical Actions

+ Effect Labels

Insight (Single-Trajectory)
Detects anti-patterns:
• Search Loop (10+ searches, no write)
• Re-read Churn (same file ≥3× in 10 steps)
• Tool Oscillation (R-W-R cycles, write fails)
• No Formal Tail Validation

Converge (Cross-Trajectory)
LCS alignment of two runs:
• File Selection (different repo areas?)
• Edit Stability (rewrites, error spirals?)
• Completion Behavior (dead ends, order?)
• Milestones (M1-M5 timing to anchors)

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

Key Results (2,500 runs × 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.

RQ3 — 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.

9 canonical actions: READ · WRITE · SEARCH · COMMAND · PLAN
NAVIGATE · FETCH · AGENT SPAWN · REASON

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

Taxonomy: 3-level hierarchy (Grounded Theory from 565 descriptions, 211 papers)

Grounding Retrieval Planning Reasoning Evaluating Deciding Executing Reflecting Learning Memory

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

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

Automated Trace Analysis Pipeline (LLM-powered, Cohen’s κ > 0.81)

1. Preprocess
(parse turns)

2. Extract
(behavior spans)

3. Assign
(codebook labels)

4. Aggregate
(stats + sessions)

5. Profile
(behavioral report)

Input: raw trajectory (any framework: SWE-agent, AG2, Claude Code ...)
Output: per-turn action tags + session summaries + behavioral profile (action distribution, deviations, failure 
patterns)

Key Results (300 traces: AG2, HyperAgent, SWE-Agent)

Cross-agent behavioral profiles
Reasoning (25.9%) and Executing dominate across agents, but profiles diverge: AG2 leans on 
Evaluating (+6.2z); HyperAgent on Reflecting (+2.9z); SWE-Agent on Executing (+12.1z).

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

Fine-grained failure-mode detection
Leaf-level labels expose a "submit without verifying" pattern: agent acknowledges need for 
verification, recognizes inability, submits anyway.

Scalable automated labeling
LLM-powered pipeline achieves Cohen’s κ > 0.81 vs. human coders at every taxonomy level; 
3,455 descriptions from 211 papers validated.

Taxonomy built via: Grounded Theory (inductive coding) + CoALA cognitive-architecture seeding + multi-round 
peer review

Take-away:  Act·ONOMY gives agent trajectories a shared vocabulary — a 3-level behavioral taxonomy + automated labeling pipeline — enabling consistent 
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.

Method  — probing the agent’s hidden states Key results  — correctness signal & prediction horizon

Coding agent

reads / 
writes 
code

Language model

residual stream  h_ℓ

hidden-state vector

Linear probe

logistic regression

Current program state

parses ✓ tests pass ✓

reduces failures 
✓

regression ✗

Future edits (before written)

steps ahead

← now forecasted horizon →

Capture residual streams during agent trajectories, train a lightweight logistic-regression probe, and 
decode both the current program state (parses / tests pass / regression) and future edit outcomes
— before the edit is written to disk.

Probe correctness  — AUROC across 2 models × 2 benchmarks

chance 0.5

0.83 1.0

Latent programming horizon  — future-edit prediction stays above chance

1 10 25

edit steps ahead of the current action

Cross-benchmark transfer  — no retraining

SWE-bench-lite held-out task suite  ✓

Probes reach AUROC ≈ 0.83 for correctness, run ≈ 25 steps ahead of the agent’s own actions, and 
transfer to unseen benchmarks without retraining — evidence that coding-agent hidden states carry a 
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 Attention
Hybridization

KV-cache
& Memory

MoE Routing
& Experts

Structural
Pruning

Interpretable
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 Interpretability → design move Tags Source

A · Attention Hybridization  (Full ↔ Linear)
HydraHead Head roles Retrieval-critical heads keep full attention head-heterogeneity · hybrid-attn arXiv 2026
DuoAttention Head roles Head roles → full vs truncated KV per head head-specialization · long-context ICLR 2025
MoH: Mixture-of-Head Attention Head roles Router activates only useful heads / token head-routing · efficiency ICML 2025
Provable Hybrid-vs-Full Expressiveness Circuits Some reasoning needs irreplaceable full-attn expressiveness · theory ICML 2026

B · Head-Level KV-Cache & Memory
Retrieval Head Explains Long-Context Head roles <5% heads causally drive retrieval recall retrieval-heads · causal ICLR 2025
HeadKV: Not All Heads Matter Head roles Per-head importance → ~1.5% KV, ~97% perf head-importance · KV-cache ICLR 2025
RLKV: Heads That Matter for Reasoning Head roles RL probe → full KV only for reasoning heads reasoning-heads · compression ICML 2026
RetMask Head roles Masked-retrieval-head contrast as train signal retrieval-heads · training arXiv 2026

C · MoE Routing, Experts & Pruning
DeepSeekMoE Experts Fine-grained + shared experts from analysis expert-specialization · routing DeepSeek 2024
Monet: Monosemantic Experts Experts Experts monosemantic by construction monosemantic · by-design ICLR 2025
Unveiling Super Experts in MoE Experts Tiny ‘super experts’ → pruning sensitivity super-experts · pruning ICLR 2026
REAP: Router-Weighted Expert Pruning Routing Prune beats merge; keeps routing control routing-control · compression ICLR 2026

D · Interpretable-by-Construction Architectures
Concept Bottleneck LLMs (CB-LLM) Concepts Predictions routed through named concepts concept-bottleneck · steerable ICLR 2025
Weight-Sparse Transformers Circuits Mostly-zero weights → readable circuits weight-sparse · by-design ICML 2026
LoRSA: Low-Rank Sparse Attention Circuits Sparse attn; monosemantic, recovers heads sparse-attn · monosemantic ICLR 2026
Prototype Transformer Concepts Prototype channels capture named concepts prototypes · linear-attn ICML 2026

E · Circuits & Sparse Features as Design Infrastructure
Transcoders Find Feature Circuits SAE Interpretable MLP replacement for circuits transcoders · MLP-circuits NeurIPS 2024
MOLT: Sparse Linear-Transform Mixtures Circuits Interpretable-by-construction MLP substitute MoLT · sparse Anthropic 2025
Gemma Scope 2 SAE SAE + transcoder suite across a model family SAE-suite · model-diffing DeepMind 2025
SPARC3: Attribution-Guided Pruning Circuits LRP finds output-critical params to prune LRP · targeted-pruning 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?

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

Motivation: LLM context windows grew ~1,000× in five years, yet full (softmax) attention scales as O(n²) in sequence length, brute-
force long context is prohibitively expensive.

(a) Context window vs. year; bubble ≈ est. params, colour = producer (2026 spread for legibility) (b) Why full attention does not scale?

~1000x

The cost wall

• Every token attends to every token, compute 
per layer ∝ n².

• KV-cache memory grows with length × layers 
× heads, dominating serving cost.

• Agentic Coding & Long Reasoning make 
100K–1M-token inputs a normal situation.

⇒ At 1M+ tokens, full attention is economically 
infeasible.



Frontier Open-source LLMs Adopt Hybrid Structures

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

Observation: to tame the O(n²) cost, frontier open LLM now hybridizes full + efficient attention; yet each uses a different recipe.

Model Efficient attn (mechanism) Layer hybridization Context

Qwen3.8 Gated DeltaNet Interleaved, ~3:1 GDN:Full 1M

Kimi K3 Kimi Delta Attention Interleaved, ~3:1 KDA:Full 1M

GLM-5.2 Lightning linear All Sparse, share indexer layerwise 1M

DeepSeek-V4-Pro Sparse Attention (DSA) Interleaved, CSA + HCA 1M

Key insights:
• 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 (ICML’26 expressiveness hierarchy).

Question: is there finer, more reasonable granularity for the full 
attention & linear attention hybridization?



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.

Heads might be a more Natural Hybridization Granularity

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

(a) (b)



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.

• Knocking out located attention heads cause destructive influence to LLMs’ 
long-context retrieval capability.

Heads might be a more Natural Hybridization Granularity

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

(a): Long-context Head Importance.

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



How to Convert Full Attention Models to Hybrid Models

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

(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.

Long-context heads 
⇒ Keep as full attn.

Other heads 
⇒ Convert to linear attn.



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

Interpretability-based hybridization is a powerful scaling path

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

(a) better long-context performance with little continue-training costs

(b) stronger general reasoning preservation (c) more aggressive full attention ⇒ linear attention head conversion



Interpretability-based hybridization is a powerful scaling path

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

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
Functional heads (retrieval / streaming / reasoning) → 
allocate full-vs-linear & KV by head.
Retrieval Head (ICLR’25) · DuoAttention · HydraHead

MoE experts design
Expert specialization / monosemantic experts → route 
& prune capacity by role.
Sparsely-Gated MoE (Shazeer’17) · DeepSeekMoE · Monet

Interpretable-by-design
Bake transparency into the structure itself — read the 
computation by construction.
Concept Bottleneck (ICML’20) · Weight-sparse Transformers · 
CB-LLM

Open directions Closed Evolation Loop:  Interpret → Redesign → Re-evaluate → Interpret → ……

• Interpretability as a design objective, not just post-hoc analysis.

• Cheap, training-free discovery of functional roles vs. costly probing.

• Beyond attention & text: MoE experts, MLP features, multimodal / VLM heads.

• Theory: when is full attention irreducible? provable limits of hybrids.

• Robustness & universality: do learned roles transfer across seeds, scales, tasks?

• Safety: role-labeled heterogeneous models are easier to audit & steer.



Part V
Advanced Topics & Future Directions

l Reasoning

l Agentic Coding

l LLM Architecture

l Safety Awareness



Does a Model Have a Mind of Its Own?

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

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.

It holds its own internal states

A concept can be turned into a direction in activation space (e.g. an “all-caps / 
LOUD” vector) and injected as an active internal state that never appeared in 
the input text.

It can detect them  (introspection)

Asked “Do you detect an injected thought? If so, what about?”, the model:

① notices that an unfamiliar state is present, and
② correctly names the concept — above the control false-positive rate.

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%.

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



Can a Model’s Inner States Be Monitored?

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

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

Emotion concepts

171 emotion words in Sonnet 4.5 cluster like human psychology; PC1≈valence (r=0.81), PC2≈arousal. 
Probes fire on the implied feeling even when no emotion word appears.

Persona (character) traits

A trait such as “evil” becomes a persona vector — the activation difference between trait-on and trait-
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.



Do Inner States Actually Change Behavior?

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

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

Emotion → misbehavior

Reward-hacking rate vs. steering strength.

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

Persona injection → traits

Injecting an evil / 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.



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 Selection criteria Illustration

Task & Data

•  Slice by capability: knowledge / reasoning / language, 
defining sub-problems stage by stage
•  Slice by behavior: long trajectory → canonical actions 
→ behavior labels (frequent key vs. error behaviors)

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

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

Localization

•  Well-defined answer: x_r / x_c pairs → activation 
patching → path patching
•  Open-ended: x_r only + attribution patching
(effect ≈ Δact grad, 1 forward+backward)

•  Can a clean counterfactual be built?
•  Compute cost = #nodes sequence length
•  Exact causality, or a first-order 
approximation?

x_r

x_c
clean counterfactual pair → activation patching → 

path patching

runs ✓ ✓ ✗ ✓ ✗ pass / fail runs only → attribution patching (no 
counterfactual)

Paradigm

•  CPT / SFT / DPO / RL — one of them, or several 
combined
•  When training is impractical: steer key heads at 
inference time

•  Knowledge missing → CPT
•  Stored, not retrieved → SFT
•  Preference / consistency → DPO
•  Long-chain reasoning → RL
•  Open-ended behaviors → steering

CPT
add knowledge

SFT
retrieve it

DPO
consistency

RL
long reasoning

Steering: no parameter update, intervene on key modules at inference

Parameters

•  Interpret functions layer → head → neuron, cluster 
them, then let expert judgment decide relevance
•  Update only the problem-relevant modules, freeze 
the rest (≈1–2% of parameters)

•  Is the function relevant to this problem —
not “important, so tune it”
•  Match granularity to the training budget 
(head / neuron)

layer head neuron
relevant → update

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.



Interpretability is like an MRI for AI

Five Open Problems

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.

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.
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