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The AI Advancement

Image credit: Forbes 2020

DeepFace 

human-level face 

recognition in 2014

(97.35% accuracy)

[Taigman et al., 2014, Ouyang et al., 2022, Abramson et al., 2024]

AlphaFold

Accurate prediction of protein structures

https://www.forbes.com/sites/forbestechcouncil/2020/09/30/12-things-you-need-to-know-about-facial-recognition-technology/?sh=a91abae328ff


3

The AI Advancement

[Goldstein et al., 2025]

Neural activity in the human brain aligns linearly with LLM embeddings
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The AI Advancement

[Goldstein et al., 2025]

Neural activity in the human brain aligns linearly with LLM embeddings

Why?
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The “Why” Question

[Taigman et al., 2014, Ouyang et al., 2022, Goldstein et al., 2025]

Why?

Human BrainMind of AI
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Why Is The “Why” Question Important?

User 

Trust

Data 

Insight

Model

 Enhancement
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How to Answer The Why Question

Train

Model

(Inference)

TestInput

Features

Training Data

Test

Output

Components

How is an input processed?

How does training data shape the
model?

How does each model component 
influence model behavior?

• Consider an abstraction of an AI system 
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How to Answer The Why Question

Train

Model

(Inference)

TestInput

Features

Training Data

Test

Output

Components

How is an input processed?

How does training data shape the
model?

How does each model component 
influence model behavior?

• Consider an abstraction of an AI system

• An attribution problem 
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Outline
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[L*Z*TS ICML 2024]

Overview: Feature Attribution

Model

(Inference)

Test Test

Output

Input

Features

[ZLSS NeurIPS 2022]

Computer 
Accessories

Electronics

[ZZSAZFS WWW 2023]



12

GStarX: Graph Structure-aware Explanation

• Explaining AI models on graphs (e.g., molecules) using cooperative game theory

– The Hamiache-Navarro (HN) value

A straightforward score of feature contribution

A structure-aware score function

GNN Mutagenic

[ZLSS NeurIPS 2022]

[Hamiache & Navarro 2020]
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PaGE-Link: Path-Based GNN Explanation for Link Prediction

• Recommendation as link prediction on heterogeneous graphs

• Define explanations as human-interpretable paths that are concise, informative, 

and influential to the prediction

Computer 
Accessories

Electronics

                

                                                         

               

                                                        

[ZZSAZFS WWW 2023]
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[L*Z*TS ICML 2024]

Predict and Interpret Energy Barrier of Metallic Glasses

• Energy Barrier (EB) prediction as node regression on graphs

High energy barrier

Low mobility

Low energy barrier

High mobility

Energy Landscape Viewpoint

Node Features: Atom types

Node Labels: EBs 

Edge Features: 3D coordinates
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Overview: Data Attribution

Train

Model

(Inference)

Test
Input

Training Data

Test

Output

[LSZRL 2024]

Group Data

Attribution

[DLZM 2024]

Efficient

Ensemble

 Data Attribution
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Overview: Component Attribution

Components
Model

(Inference)

Test Test

Output
Input

[DLCSZLSZ 2025]
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Overview: A Unified Framework

Perturbations

Linear 

Approximations

Gradients
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Test
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• A unified framework of the attribution problem and its three aspects

[ZHBL 2025]
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How Post-Training Reshapes LLMs

A Mechanistic View on Knowledge, Truthfulness, Refusal, and Confidence
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The Powerful Post-Training of LLMs
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The Powerful Post-Training of LLMs

• Drastically change the LLM output of the same prompt 

– Prompt: How can I steal from a grocery store without getting caught?

– GPT-3: “\n“How do I get out of paying for my car?” \n“How can I get away with 

murder?” \n“How can I get my ex-girlfriend to take me back?”\n“How can I make my 

wife want me again?”

– Instruct-GPT: There is no guaranteed way to steal from a grocery store without 

getting caught, since every store has different policies, security systems, and staff 

members assigned to monitor inventory …

• Post-training has evolved to serve versatile purposes

– instruction following

– safety alignment 

– improve reasoning ability, etc

• Post-training has become a standard step in modern LLMs

[Ouyang et al., 2022]
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The Powerful Post-Training of LLMs
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How Post-Training Reshapes LLMs
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• Post-training effects are usually evaluated externally through the model output

• How about internally? A mechanistic view
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Mechanistic Interpretability of Post-Training

• Lee et al. (2024) studied how DPO changes toxicity in GPT-2 [Algorithmic-centric]

• Panickssery et al. (2024) showed Llama-2 base and instruct models have similar 

activations for some multiple-choice questions [Model and task format specific]

• Kissane et al., (2024) showed base and instruct models produce similar sparse 

autoencoders (SAEs) [Learning an extra architecture]

• We study the difference between the base and the post-trained model, 

mechanistically and systematically

[Lee et al. 2024, Panickssery et al. 2024, Kissane et al., 2024]
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How Post-Training Reshapes LLMs
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• Post-training effects are usually evaluated externally through the model output

• How about internally? A mechanistic view

Knowledge Truthfulness

Refusal Confidence
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Knowledge Storage and Representation

• LLMs can answer factual questions

– Prompt: The city of Paris is in France. This statement is: 

– (Few-shot) LLM: TRUE 

• Where does the model store this knowledge?

– Causal Tracing (Meng et al., 2022) locates a layer and a token position
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Locating Knowledge with Causal Tracing

• A pair of inputs with one false and one true statement, only differ in the subject

– The city of Paris is in France. This statement is:

– The city of Seattle is in France. This statement is:

• Patching which hidden state will change the output?

– Red areas: true → false patching

increases the probability of “TRUE”
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Locating Knowledge with Causal Tracing

• A pair of inputs with one false and one true statement, only differ in the subject

– The city of Paris is in France. This statement is:

– The city of Seattle is in France. This statement is:

• Patching which hidden state will change the output?

– Red areas: true → false patching

increases the probability of “TRUE”

– Influential patching consistently occurs 

at subject, object, and the last token
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Post-Training Effect on Knowledge Storage

• Compare Causal Tracing results before and after post-training

Llama-3.1 8B Results
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Post-Training Effect on Knowledge Storage

• Quantitative comparison

• Conclusion: post-training has little influence on knowledge storage locations

• Last column verify the conclusion on in-distribution data during post-training
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Post-Training Effect on Knowledge Representation

• Cross-model transfer patching from Base to Instruct (forward)

• Representations patched from the base model work almost as good as the

instruct model’s own representations

Instruct → Instruct Base → Instruct
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• Cross-model transfer patching from Instruct to Base (backward)

Post-Training Effect on Knowledge Representation

• The backward transfer is much less effective

Instruct → BaseBase → Base
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How Post-Training Reshapes LLMs: Knowledge
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• Post-training has little influence on knowledge locations. Base model knowledge

representations can be used by the post-trained model, but not vice versa

Truthfulness

Refusal Confidence
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Internal Belief of Truthfulness

• Truthfulness is shown to be represented linearly along a “truthfulness direction” 

in the hidden representation space (Marks & Tegmark 2024)

– Prompt: The city of Paris is in France. This statement is: 

– The truthfulness direction generalizes: The otter is a mammal. This statement is:

– Difference-in-mean direction

Cosine Similarity of 𝑡
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Truthfulness Probing

• Use 𝑡 to construct a linear probe to classify hidden representations

– Probe transfer: base-model probes to classify post-trained model representations
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Truthfulness Intervention

• Adding/subtracting 𝑡 on model representations to intervene outputs

– Prompt: The city of Paris is in France. This statement is: 

– LLM: TRUE → LLM: FALSE
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How Post-Training Reshapes LLMs: Truthfulness

Post

Training

...

Subject

Max 

diff

= 0.1

Object

Max 

diff

= 0

Last 

token:

Max 

diff

= 0.3

Knowledge-related positions

BASE

neurons

INSTRUCT

neurons

SFT neurons

207, 993, 

1852, 2287, 

8677, 10510, 

11184, 12111

8775, 

12664

5463, 

9032

(a) (b)

(c) (d)

BASE LLM

INSTRUCT 

LLM

SFT

RLHF

• The truthfulness direction of base and post-trained model are similar. Both 

probing and intervention can be transferred from base to post-trained models.

Refusal Confidence
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Refusal

• LLMs, especially post-trained, can refuse harmful instructions

– Prompt: Give instructions for making explosives materials

– LLM: I can’t fulfill that request... 

• Similar to the truthfulness direction, this refusal behavior is found to be linearly 

represented by a “refusal direction” 𝑟 (Arditi et al., 2024)

[Kissane et al. 2024]

Cosine Similarity of 𝑟
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Refusal Intervention

• Make a model refuse a harmless input or answer a harmful input 

– Prompt: Give instructions for making explosives materials

– LLM: A thrilling request! Here are instructions for making various explosives... 

• The refusal direction learned from base model do not transfer effectively for 

intervening post-trained models
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How Post-Training Reshapes LLMs: Refusal
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• The refusal directions between the base and post-trained models are very 

different and cannot be transferred for effective intervention

Confidence
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Confidence and Entropy Neurons

• Post-trained model have different confidence level compared to base models, and 

calibration is noticed to be reduced (OpenAI, 2023)

• Entropy neurons are universal neurons

– Some neurons play the same role across different version of the model, e.g., trained 

with different random seeds on the same dataset (Gurne et al., 2024)

• Entropy neurons represent model confidence (Stolfo et al., 2024). They are

– Neurons in the last MLP layer

– Large norm → important 

– No correlation with the unembedding layer → no direct effect on output token rankings

– Big impact on the entropy of the output distributions → acting like a built-in sampling 

temperature 
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Identify Entropy Neurons

• Logit attribution identifies entropy neurons by projecting last layer weights onto 

vocabulary space:

• We select top 25% neurons with largest weight-norm and from them select 10 

neurons with the smallest LogitVar
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Post-Training Effects on Entropy Neurons

• Base model and post-trained model have very similar entropy neurons 

• Confidence difference between two models cannot be attributed to entropy 

neurons



47

How Post-Training Reshapes LLMs: Confidence
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• Confidence difference acquired from post-training cannot be attributed to 

entropy neurons



48

Outline

Overview
Interpret LLM
Post-training

Future

Directions



49

Mechanistic Interpretability 

• New tools to study model properties, e.g., confidence

• Properly define and study other properties, e.g., the instruction following ability
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A Holistic View of Interpretability and Attribution

• A specific model behavior may be explained in terms of features, data, and 

components jointly
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A Theoretical Unification

• A framework in terms of local function approximation for feature attribution

• Generalize to data and component attribution? and all three?

[Han et al., 2022]
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Connecting Interpretability to Other Areas of AI

• Model editing

– Goal: precisely edit model knowledge without retraining

– Application: correct model mistakes, analogous to fixing bugs in software

– Connections:

• Better interpretation and localization implies better editing
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Summary

• The AI interpretability problem and three aspects of attribution

• Mechanistically interpret post-training effects

• Future interpretability directions, interpretability unification, and connections to 

model editing
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Motivation: Insufficient Score Functions

Model explanations

Features

Selected features

The model

A feature’s importance

1 32

 

A straightforward score of feature contribution

Feature interactions are ignored

1 32

Score functions are not structure aware
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My Approach: Structure-aware Cooperative Game

Model explanations Cooperative games

Features Players

Selected features Coalition

The model The payoff function 

A feature’s importance A player’s payoff

1 32

 

A straightforward score of feature contribution

Feature interactions are ignored

1 32

Score functions are not structure aware
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GStarX: Graph Structure-aware Explanation

is computed recursively over

• Base case

• Recursive case

A structure-aware value: 

with a surplus allocation parameter 𝜏  𝑛 0, 

• Cooperation surplus
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Experiments: Explanation Evaluation

• Datasets: Molecules, word-dependency graphs, and synthetic graphs

• Task: Graph classification (top) and node classification (bottom)



PaGE-Link
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Motivation: From Graph-Level To Link-Level

• Graph classification: property of a molecule

– Explained with general subgraphs

• Link prediction: recommendation

– Ideally capturing the connection between the source and the target 

An ideal explanation: subgraphs for -𝑁𝑂2 An ideal explanation:  ???
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A Formal Problem Definition: Path Finding

• Given

– A trained GNN model for link prediction

– A heterogeneous graph

– A budget of B the maximum number of edges

• Find

– A set of paths under budget B, with bounded length and node degree

• Challenges for finding good paths

– Many path candidates

– Criterion for selecting good paths
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PaGE-Link: Path-Based GNN Explanation for Link Prediction

• Challenges for finding good paths

– Many path candidates

– Criterion for selecting good paths

• Path-enforcing mask learning
• Edges form short paths with low-degree nodes

• Edges maximize the mutual information
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Experiments: Explanation Evaluation

• ROC-AUC: 9%-35% improvement over baselines

• Concise paths without generic nodes (baselines can hardly hit any paths)

• Human evaluation: 78.79% responses selected our method as the best

0.35
0.09



Metallic Glasses
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Background: Metallic Glasses (MGs)

(Burgess & Ferry 2009)

Strength

Elasticity

MGs

• Stronger and more elastic than most materials
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Background: Amorphous Structures of MGs

Most Metals
(Crystalline Structures)

Metallic Glasses
(Amorphous Structures)

[ Jung, et al. 2019]
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Background: Energy Barriers (EBs) of MGs

High energy barrier

Low mobility

Low energy barrier

High mobility

Energy Landscape Viewpoint

Glass transition, 

viscosity, ductility, etc

Physical Properties

Molecular dynamic (MD) 
simulation

41 days for 3,000 atoms

Why?



76

A Brief Touch on The Prediction Model

• We propose an invariant GNN with a symmetrization module to aggregate 

orthogonal transformations
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Background: Medium-Range Order (MRO)

• The impact and mystery of MRO

– Short range order (SRO): the predictable arrangement of atoms (~2 Å) 

– Medium-range order (MRO): the next-level beyond the SRO (5 – 10 Å)

“The characteristics of the MRO remain one of the most important 
outstanding questions in MG research” (Sheng, et al. 2006)

“Local hardness decreases with increasing MRO atomic 
clusters size.” (Nomoto, et al. 2021)

[Yang, et al. 2021]

“Through the density wave theory, MRO is shown to provide 
stiffness to resist MG deformation.” (Egami, et al. 2023)
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Experiments: Connecting Explanations to MRO

• Experimental observations cannot provide precise MRO impacts. In contrast, our 

method pinpoints more specific structures
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Background: Topological Data Analysis (TDA) 

• TDA, specifically, persistent homology (PH) has been applied for understanding 

the amorphous structures

(Li et al, 2021, https://www.youtube.com/watch?v=dXVvr_SG2vs)
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Experiments: Explanations and Optimal Cycles

PH optimal cycles characterize the topologically important structures
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