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Trustworthy ML Lab @ UCSD
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• 1st DNN robustness score [ICLR’18]

Robust ML Interpretable ML

• DNN robustness/safety certificate 
• Worst-case guarantee [ICML’18, NeurIPS’18, 

AAAI’19, ICML’19, AAAI’20]

• Probabilistic & Semantic guarantee [ICML’19, 

CVPR’20, NeurIPS’20]

• DRL agents [ICML’20, IROS’22]

• Robust Learning 
• Supervised learning [AAAI’21, ICLR’21, 

ICDM’23, ICLR’24, ECCV’24]

• Self-supervised learning [ICML’23]

• Deep RL [NeurIPS’21, ICML’24]

• Attacking DNN [ICLR’20, ICDM’23, ICCV’23, 

NAACL’25]

• Demystify and Interpret DNNs
• Vision models [ICLR’23, ICML’24, WACV’25 TMLR’25]

• LLMs & Audio models [NeurIPSW’23, NAACL’25 , 

ICML’24, EMNLP’25, preprint’25, preprint’26]

• Build Interpretable DNNs by design
• Vision models [ICLR’23, NeurIPS’24]

• Deep generative models [CVPR’25, CVPR’26] 

• LLMs [ICLR’25]

• Continual learning [TMLR’24, TMLR’26]

• Enable Transparent Training 

     [on-going]

• Enable interpretable lifelong learning 

[on-going]

• Rigorous Evaluation for Interpretability
• Vision models [NeurIPS’24, ICML’25, CVPR’26]

• LLMs [ICML’25]

• Enable Transparent Learning [AAAI’24 DAI]

lilywenglab.github.io

Are DNNs safe and trustworthy? Why do DNNs perform so well?

https://lilywenglab.github.io/


Interpretability is crucial to enable Trustworthy AI
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Trust

Safety

Interpretability

✓ Users will trust a system more if 

they can understand it

✓ Important for high-stakes domains

✓ Evaluate & monitor their capabilities

✓ Understand their failure modes & 

when we can safely deploy them

Transparency

✓ Detect biases and debug issues 

within the model

✓ Editing existing models to fix issues

Improved models
✓ Gaining insight on how and what our 

models learn

✓ Helps design better models and 

training methods



Interpretability as a Control Interface
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▪Actionable interpretability: turn explanations into control variables

+

Understand Steer Modify Forget/ Unlearn

++

Control AI model behaviors easily



Actionable Interpretability: Two approaches
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Human-Interpretable

Concept layer

(Concept bottleneck layer)

2. Interpretable DNN by Design

through human-understandable concepts 

1. Post-hoc Interpretability tools

Neuron 

concepts

concept 2

concept 1

+

Understand Steer Modify Forget/

unlearn

++

Representation 

concept

concept 3



Our work in Interpretable ML

1. Interpretability Tools

Develop automated interpretability 

techniques to understand DNNs

2. Interpretable DNN by design

Develop systematic method to learn 

intrinsically-interpretable DNNs

CLIP-Dissect

[ICLR’23 spotlight]

1st fully automation with 

higher quality, 10-200x faster

Linear Explanation 

[ICML’24]

Provide polysemantic 

explanations

Describe-n-Dissect 

[TMLR’25]

Generative Natural 

Language Explanation 

Auto Neuron Exp

[NeurIPSW’23]

2x faster than OpenAI’s 

result with higher quality

Audio-Net-Dissect

[ICML’24]

Neuron interpretability tool 

for audio networks

Label-free CBM

[ICLR’23]

1st CBM on Imagenet + 

automation + high acc

VLG-CBM

[NeurIPS’24]

Faithful CBM + 1st theoretical 

analysis & fair comparison

CB-LLMs 

[ICLR’25]

1st interpretable LLM + high 

steerability & scalability

CB-AE, CB-SAE

[CVPR’25, CVPR’26]

1st post-hoc interpretable 

generative model & VLM

Tuomas AkshayGe Chung-En

Neuron Eval

[ICML’25]

1st unified evaluation 

framework + sanity checks

3. Evaluation

VLG-CBM

[NeurIPS’24]

Rethink human study

[CVPR’26]

Wholistic comparison + enable 

40x reduced cost $$!

Rigorous comparison on 

explanations, metrics, CBMs

1st metric to compare 

between CBMs

Our papers are available at 

https://lilywenglab.github.io/#interpretable-deep-learning

ThinkEdit, Reflctrl

[EMNLP’25, arxiv’26]

Steer & control reasoning 

process of LRMs

https://github.com/Trustworthy-ML-Lab/CLIP-dissect
https://github.com/Trustworthy-ML-Lab/CLIP-dissect
https://github.com/Trustworthy-ML-Lab/CLIP-dissect
https://lilywenglab.github.io/Linear-Explanation/
https://lilywenglab.github.io/Describe-and-Dissect/
https://lilywenglab.github.io/Describe-and-Dissect/
https://lilywenglab.github.io/Describe-and-Dissect/
https://lilywenglab.github.io/Describe-and-Dissect/
https://lilywenglab.github.io/Describe-and-Dissect/
https://lilywenglab.github.io/Efficient-LLM-automated-interpretability/
https://lilywenglab.github.io/Audio_Network_Dissection/
https://lilywenglab.github.io/Audio_Network_Dissection/
https://lilywenglab.github.io/Audio_Network_Dissection/
https://lilywenglab.github.io/Audio_Network_Dissection/
https://lilywenglab.github.io/Audio_Network_Dissection/
https://github.com/Trustworthy-ML-Lab/Label-free-CBM
https://github.com/Trustworthy-ML-Lab/Label-free-CBM
https://github.com/Trustworthy-ML-Lab/Label-free-CBM
https://lilywenglab.github.io/VLG-CBM/
https://lilywenglab.github.io/VLG-CBM/
https://lilywenglab.github.io/VLG-CBM/
https://lilywenglab.github.io/CB-LLMs/
https://lilywenglab.github.io/CB-LLMs/
https://lilywenglab.github.io/CB-LLMs/
https://lilywenglab.github.io/posthoc-generative-cbm/
https://lilywenglab.github.io/posthoc-generative-cbm/
https://lilywenglab.github.io/posthoc-generative-cbm/
https://github.com/Trustworthy-ML-Lab/CB-SAE
https://github.com/Trustworthy-ML-Lab/CB-SAE
https://github.com/Trustworthy-ML-Lab/CB-SAE
https://lilywenglab.github.io/Neuron_Eval/
https://lilywenglab.github.io/VLG-CBM/
https://lilywenglab.github.io/VLG-CBM/
https://lilywenglab.github.io/VLG-CBM/
https://lilywenglab.github.io/Efficient-Interpretability-Eval/
https://lilywenglab.github.io/#interpretable-deep-learning
https://lilywenglab.github.io/#interpretable-deep-learning
https://lilywenglab.github.io/#interpretable-deep-learning
https://lilywenglab.github.io/#interpretable-deep-learning
https://lilywenglab.github.io/#interpretable-deep-learning
https://lilywenglab.github.io/ThinkEdit/
https://lilywenglab.github.io/ReflCtrl/


This Talk: Interpretability for Controllable AI

1. Interpretability Tools

Develop automated interpretability 

techniques to understand DNNs

2. Interpretable DNN by design

Develop systematic method to learn 

intrinsically-interpretable DNNs

CLIP-Dissect

[ICLR’23 spotlight]

1st fully automation with 

higher quality, 10-200x faster

Linear Explanation 

[ICML’24]

Provide polysemantic 

explanations

Describe-n-Dissect 

[TMLR’25]

Generative Natural 

Language Explanation 

Auto Neuron Exp

[NeurIPSW’23]

2x faster than OpenAI’s 

result with higher quality

Audio-Net-Dissect

[ICML’24]

Neuron interpretability tool 

for audio networks

Label-free CBM

[ICLR’23]

1st CBM on Imagenet + 

automation + high acc

VLG-CBM

[NeurIPS’24]

Faithful CBM + 1st theoretical 

analysis & fair comparison

CB-LLMs 

[ICLR’25]

1st interpretable LLM + high 

steerability & scalability

CB-AE, CB-SAE

[CVPR’25, CVPR’26]

1st post-hoc interpretable 

generative model & VLM

Neuron Eval

[ICML’25]

1st unified evaluation 

framework + sanity checks

3. Evaluation

VLG-CBM

[NeurIPS’24]

Rethink human study

[CVPR’26]

Wholistic comparison + enable 

40x reduced cost $$!

Rigorous comparison on 

explanations, metrics, CBMs

1st metric to compare 

between CBMs

Our papers are available at 

https://lilywenglab.github.io/#interpretable-deep-learning

ThinkEdit, Reflctrl

[EMNLP’25, arxiv’26]

Steer & control reasoning 

process of LRMs
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What is an (neuron) interpretability tool?
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Given a DNN

Interpretability 

Tools

Neuron concepts

gymnastic

broccoli

https://buffer.com/resources/10-surprising-facts-about-how-our-brain-works/

Inspired by neuroscience, we focus on understanding 

the function of individual hidden neurons in DNNs

prepositions

… turned out to be wrong …

… started to think that …

words related to time
… We’ve been priming …

… not yet … after that, …

Vision

LM



Challenges
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Research efforts

▪ Dumitru et al., 2009

▪ Zeiler et al., ECCV 2014

▪ Zhou et al., ICLR 2015 

▪ Olah et al., Distill 2017

▪ Olah et al., Distill 2020 

▪ Goh et al., Distill 2021

▪ ⋮

▪ Existing work is largely based on manual inspection

Time consuming & 

hard to scale

Human Researchers



Challenges
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Research efforts

▪ Bau & Zhou et al., CVPR 2017

▪ Hernandez et al., ICLR 2022

▪ Recent work proposed to automate descriptions of neurons

Concept labeled data

could be expensive / less 

flexible to get concept data



2

1

A fully Automated Interpretability tool 
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▪ We propose CLIP-Dissect to address limitations of prior work

A

B

C

[Oikarinen & Weng, ICLR’23 spotlight]

Benefits

✓ Concept annotation-free

✓ Training-Free

✓ Unrestricted & Open 

vocabulary concepts

✓ Efficient & Scalable



CLIP-Dissect: understand your DNNs
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Get a Full profile 

of your DNN!

[Oikarinen & Weng, ICLR’23 spotlight]



CLIP-Dissect: Quantitative Results
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▪ Large scale crowdsourced eval: Raters 

mostly agreed with our descriptions

disagree

agree

Ours

Total 1520 neurons across 2 models & 10 layers

CLIP-Dissect is more than 10-200x 

faster than baseline methods! 

Method Run Time

Net-Dissect > 4hrs

Comp-Exp >> 14 hrs

MILAN 55 min 30s

CLIP-Dissect (Ours) 3min 50s

▪ Computational efficiency: 

Label all neurons for 5 layers in 

ResNet-50 

[Oikarinen & Weng, ICLR’23 spotlight]
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CLIP-Dissect has the following benefits:

  Arxiv: https://arxiv.org/abs/2204.10965

  GitHub: https://github.com/Trustworthy-ML-Lab/CLIP-dissect

High quality neuron 

description 

▪ Better at final layer than prior work

▪ Good on hidden layer neurons

1 Computationally 

efficient

▪ 10-200x faster than prior work

▪ Dissect ResNet-50 in 4 minutes

2 Flexible 

▪ Works for any architecture

▪ Can leverage stronger multimodal 

models in future

3

Summary

15

Can we make it even more 

automated / flexible?

https://arxiv.org/abs/2204.10965
https://github.com/Trustworthy-ML-Lab/CLIP-dissect
https://github.com/Trustworthy-ML-Lab/CLIP-dissect
https://github.com/Trustworthy-ML-Lab/CLIP-dissect
https://github.com/Trustworthy-ML-Lab/CLIP-dissect
https://github.com/Trustworthy-ML-Lab/CLIP-dissect
https://github.com/Trustworthy-ML-Lab/CLIP-dissect
https://github.com/Trustworthy-ML-Lab/CLIP-dissect


Using LLMs to explain LLM’s internals
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▪Open AI’s result [1]
▪ “Language models can explain neurons in language models”

▪ i.e. using GPT4 to explain GPT 2

[1] https://openai.com/index/language-models-can-explain-neurons-in-language-models/, blog May 2023

Text excerpts from training split of the 

target model’s pre-training dataset

Here, 

• target model = GPT-2 

• dataset = WebText

• focus on MLP layer in the 

transformer block

Each excerpt show how the token activates the 

neuron of interest: darker shades means higher

https://openai.com/index/language-models-can-explain-neurons-in-language-models/
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Using LLMs to explain LLM’s internals

17

▪ Here’s how the prompt sent into GPT 4 to get explanation

[token, activation]

Prompt can be very long

Length ~= 4T Length = T + Δ Length = T + 𝛿 Length = T + Δ + 𝛿 Length ~= T + 2Δ + 𝛿

Generally,  𝛿 < Δ ≪ 𝑇 ⇒ Improve efficiency!

Lee etal, The importance of prompt tuning for automated neuron explanation, NeurIPSW’23

OpenAI Ours Ours Ours Ours



Using LLMs to explain LLM’s internals

▪Our method are 1.7-2.6x more efficient than OpenAI’s result while 
improving/keep neuron explanation quality
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[Lee etal, NeurIPS ATTRIB 23]

Saving up to 2.64x tokens while improving performance when explainer = GPT 3.5!

Saving up to 2.64x tokens while maintain performance when explainer = GPT 4!

  Website: https://lilywenglab.github.io/Efficient-LLM-automated-interpretability/ 

Similar ideas can be extended to 

understand vision models!
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Describe-and-Dissect
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▪ Remove the need of pre-defined concept set & provide generative descriptions

 Website: https://lilywenglab.github.io/Describe-and-Dissect/ [Bai & Iyer etal, TMLR’25]
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Describe-and-Dissect
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▪ Remove the need of pre-defined concept set & provide generative descriptions

 Website: https://lilywenglab.github.io/Describe-and-Dissect/ [Bai & Iyer etal, TMLR’25]

Results on ResNet-50 model 

trained on ImageNet

Crowdsourced evaluation on each layer: 

Rating from 1 (strongly disagree) to 5 (strongly agree)

Compared with 3 other baselines

How to understand representations 

beyond neuron-level?

https://lilywenglab.github.io/Describe-and-Dissect/
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This Talk - Part 2 

1. Interpretability Tools

Develop automated interpretability 

techniques to understand DNNs

2. Interpretable DNN by design

Develop systematic method to learn 

intrinsically-interpretable DNNs

CLIP-Dissect

[ICLR’23 spotlight]

1st fully automation with 

higher quality, 10-200x faster

Linear Explanation 

[ICML’24]

Provide polysemantic 

explanations

Describe-n-Dissect 

[TMLR’25]

Generative Natural 

Language Explanation 

Auto Neuron Exp

[NeurIPSW’23]

2x faster than OpenAI’s 

result with higher quality

Audio-Net-Dissect

[ICML’24]

Neuron interpretability tool 

for audio networks

Label-free CBM

[ICLR’23]

1st CBM on Imagenet + 

automation + high acc

VLG-CBM

[NeurIPS’24]

Faithful CBM + 1st theoretical 

analysis & fair comparison

CB-LLMs 

[ICLR’25]

1st interpretable LLM + high 

steerability & scalability

CB-AE, CB-SAE

[CVPR’25, CVPR’26]

1st post-hoc interpretable 

generative model & VLM

Neuron Eval

[ICML’25]

1st unified evaluation 

framework + sanity checks

3. Evaluation

VLG-CBM

[NeurIPS’24]

Rethink human study

[CVPR’26]

Wholistic comparison + enable 

40x reduced cost $$!

Rigorous comparison on 

explanations, metrics, CBMs

1st metric to compare 

between CBMs

Our papers are available at 

https://lilywenglab.github.io/#interpretable-deep-learning

ThinkEdit, Reflctrl

[EMNLP’25, arxiv’26]

Steer & control reasoning 

process of LRMs
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Challenge
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▪ Observation: in reasoning LLMs, overly short reasoning results in low accuracy

Accuracy drops more significantly for harder tasks when the reasoning length is too short

[Sun etal, ThinkEdit, EMNLP 2025]



Motivations
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Question 1: Understanding

How is reasoning length encoded in or 

controlled by the hidden representation?

Question 2: Control

Could we mitigate the overly short 

reasoning by editing model parameters?

Residual stream

post-attention 

representation

post-MLP 

representation

[Sun etal, ThinkEdit, EMNLP 2025]



Sol #1: Extracting reasoning length direction
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Collecting probing data

Step 1 Step 2

Extract long & short 

reasoning representation

Compute reasoning 

length directions

Step 3

ҧ𝛾𝑙,𝑙𝑜𝑛𝑔
𝑚𝑙𝑝

ҧ𝛾𝑙,𝑙𝑜𝑛𝑔
𝑎𝑡𝑡𝑛 ҧ𝛾𝑙,𝑠ℎ𝑜𝑟𝑡

𝑎𝑡𝑡𝑛

ҧ𝛾𝑙,𝑠ℎ𝑜𝑟𝑡
𝑚𝑙𝑝

• Post-MLP representation

𝑣𝑙
𝑚𝑙𝑝

= ҧ𝛾𝑙,𝑙𝑜𝑛𝑔
𝑚𝑙𝑝

− ҧ𝛾𝑙,𝑠ℎ𝑜𝑟𝑡
𝑚𝑙𝑝

𝑣𝑙
𝑎𝑡𝑡𝑛 = ҧ𝛾𝑙,𝑙𝑜𝑛𝑔

𝑎𝑡𝑡𝑛 − ҧ𝛾𝑙,𝑠ℎ𝑜𝑟𝑡
𝑎𝑡𝑡𝑛

• Post-Attention representation

[Sun etal, ThinkEdit, EMNLP 2025]



Sol #1: Extracting reasoning length direction
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▪ Results of steering reasoning length:

±𝑣𝑙
𝑚𝑙𝑝

±𝑣𝑙
𝑎𝑡𝑡𝑛

Steering is effective to change reasoning length to shorter / longer

Observation 1

Steering Post-Attention representation 

with ±𝑣𝑙
𝑎𝑡𝑡𝑛

Steering Post-MLP representation with 

±𝑣𝑙
𝑚𝑙𝑝



Sol #1: Extracting reasoning length direction
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▪ Results of steering reasoning length:

±𝑣𝑙
𝑚𝑙𝑝

±𝑣𝑙
𝑎𝑡𝑡𝑛

Observation 2

Task Accuracy decrease when steering reasoning length to shorter

Steering Post-Attention representation 

with ±𝑣𝑙
𝑎𝑡𝑡𝑛

Steering Post-MLP representation with 

±𝑣𝑙
𝑚𝑙𝑝



Sol #1: Extracting reasoning length direction
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▪ Results of steering reasoning length:

±𝑣𝑙
𝑚𝑙𝑝

±𝑣𝑙
𝑎𝑡𝑡𝑛

Observation 3.1

Reasoning length feature lies in the middle layers of the model



Sol #1: Extracting reasoning length direction
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▪ Results of steering reasoning length:

±𝑣𝑙
𝑚𝑙𝑝

±𝑣𝑙
𝑎𝑡𝑡𝑛

Observation 3.2

Mid-layer attention heads strongly drive short reasoning – short 

reasoning heads (red)

Calculating the contribution of head h 

to residual stream along ො𝑣𝑙
𝑎𝑡𝑡𝑛 :

𝐶ℎ = 𝐴ℎ𝑊𝑂
ℎ

Head h’s output 

ҧ𝐶𝑠ℎ𝑜𝑟𝑡
ℎ = ҧ𝐶ℎ, − ො𝑣𝑙

𝑎𝑡𝑡𝑛

Projection to short reasoning direction (normalized)

ҧ𝐶𝑠ℎ𝑜𝑟𝑡
ℎ

ො𝑣𝑙
𝑎𝑡𝑡𝑛: 𝑣𝑙

𝑎𝑡𝑡𝑛/ 𝑣𝑙
𝑎𝑡𝑡𝑛



Motivations

29

Question 1: Understanding

How is reasoning length encoded in or 

controlled by the hidden representation?

Question 2: Control

Could we mitigate the overly short 

reasoning by editing model parameters?

Residual stream

post-attention 

representation

post-MLP 

representation

[Sun etal, ThinkEdit, EMNLP 2025]



Sol #2: Control reasoning length via ThinkEdit
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▪ Remove short reasoning component of an attn head h ⇔ edit its output weight 𝑊𝑂
ℎ

Remove “short reasoning” 

component  

𝑊𝑂
ℎ ← 𝐼 − 𝑠𝑠⊤ 𝑊𝑂

ℎ

2. Edit top 4% shortest reasoning 

head with the correction (𝐼 − 𝑠𝑠⊤)

~0.2% of total parameters 

Improved overall accuracy +3.3%!

1. Identify shortest reasoning heads 

by projection amount ҧ𝐶𝑠ℎ𝑜𝑟𝑡
ℎ

ThinkEdit

[Sun etal, ThinkEdit, EMNLP 2025]



Sol #2: Control reasoning length via ThinkEdit
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▪ Results #1: Overall accuracy

ThinkEdit models are higher than original models (+3.34% in average) 

across 5 standard math benchmarks and 3 different models

[Sun etal, ThinkEdit, EMNLP 2025]



Sol #2: Control reasoning length via ThinkEdit
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▪ Results #2: Accuracy of top 5% shortest reasoning

ThinkEdit models significantly improves the performance when short reasoning 

occurs (+6.39% in average)

[Sun etal, ThinkEdit, EMNLP 2025]



Sol #2: Control reasoning length via ThinkEdit
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▪ Results #3: Reasoning length of top 5% shortest reasoning traces

ThinkEdit slightly increase the reasoning length when it’s too short

[Sun etal, ThinkEdit, EMNLP 2025]



Sol #2: Control reasoning length via ThinkEdit

35

▪ Results #4: Overall reasoning length

ThinkEdit doesn’t necessarily increase avg reasoning length, suggesting it 

specifically targets overly short reasoning

[Sun etal, ThinkEdit, EMNLP 2025]



Why ThinkEdit leads to better reasoning?
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▪Our analysis shows that ThinkEdit models write more equations during 
reasoning

[Sun etal, ThinkEdit, EMNLP 2025]



Why ThinkEdit leads to better reasoning?
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▪Our analysis shows that ThinkEdit models write more equations during 
reasoning

[Sun etal, ThinkEdit, EMNLP 2025]



ThinkEdit outperforms prompting baselines

Method GSM8K MMLU Elem. Math MATH-Level1 MATH-Level5 MATH-500

Original model 82.26 ± 0.91 96.01 ± 0.62 93.46 ± 0.84 85.49 ± 0.83 87.26 ± 1.16

Please reason long enough 82.28 ± 2.22 95.85 ± 0.59 93.43 ± 0.49 84.95 ± 0.68 86.64 ± 1.20

Please reason step by step 81.47 ± 1.79 95.79 ± 0.67 93.82 ± 0.69 85.47 ± 0.79 86.92 ± 0.60

Append "Wait" 84.28 ± 0.64 95.93 ± 0.70 93.96 ± 0.55 85.33 ± 0.79 87.66 ± 1.26

ThinkEdit (4%) 89.44 ± 0.55 96.19 ± 0.73 94.44 ± 0.31 86.49 ± 0.54 88.06 ± 1.09

38

▪ Across 5 standard benchmarks, ThinkEdit is more effective in controlling 
reasoning performance by removing short reasoning traces

Prompting 

baselines

(DS-Llama-8B)

[Sun etal, ThinkEdit, EMNLP 2025]
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ThinkEdit has the following benefits:

  Website: https://lilywenglab.github.io/ThinkEdit 

  GitHub: https://github.com/Trustworthy-ML-Lab/ThinkEdit 

Identifying Reasoning 

length direction 

▪ Middle layer representations 

govern reasoning length

2 Effective & 

Interpretable Editing 

▪ Edit just 0.2% of model weights 

to improve task performance 

▪ +6.39% accuracy on short 

reasoning, +3.34% overall 

accuracy

3

Summary

39

Reveal issues of 

overly short reasoning

▪ Across various Deepseek-

distilled models

▪ Overly short reasoning heavily 

reduce task performance

1

Can we have a finer control on the 

reasoning mechanism?

https://lilywenglab.github.io/ThinkEdit
https://lilywenglab.github.io/ThinkEdit
https://github.com/Trustworthy-ML-Lab/ThinkEdit
https://github.com/Trustworthy-ML-Lab/ThinkEdit
https://github.com/Trustworthy-ML-Lab/ThinkEdit
https://github.com/Trustworthy-ML-Lab/ThinkEdit
https://github.com/Trustworthy-ML-Lab/ThinkEdit
https://github.com/Trustworthy-ML-Lab/ThinkEdit


Challenge
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▪ Modern Reasoning LLMs rely heavily on self-reflection steps in reasoning process 

~25%-50% token overhead due to 

self-reflection

40%

DS-Qwen-1.5B

33%

DS-Qwen-7B

non-
Reflection

Reflection

23%

DS-Llama-8B

54%

Qwen3-4B

(GSM8k dataset)

User: Calculate the prime 

factorization of 1304.

LLM:
Okay, so I need to figure out the 

prime factorization of 1304…

First off, what is 1304? It’s an 

even number…

Is 163 a prime number? Hmm, let 

me check…

Self-Reflection steps

…

Wait, that seems straightforward, 

maybe we can calculate …

Is self-reflection necessary? 
If not, we can have



Reflection Control (ReflCtrl)
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▪ We propose ReflCtrl to understand and control LLM self-reflections! 

① Segment response

Split at new line (\n\n) 

into chunks

② Identify reflection steps

Detect reflection keywords 

in the chunks

“wait”, “let me check”, “double-

check”, “alternatively”, …

③ Extract reflection direction 𝑑𝑙

(extract at the 1st token of the step s)

  Website: https://lilywenglab.github.io/ReflCtrl/ [Yan etal, NeurIPS 2025 MechInterp Workshop, spotlight]

https://lilywenglab.github.io/ReflCtrl/
https://lilywenglab.github.io/ReflCtrl/


Reflection Control (ReflCtrl)
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Question 1: Understanding

When does the model initiate reflection 

during its reasoning process?

Model reflects when it has 

high uncertainty

Evidence 1: Token entropy

Compare the token entropy right before 

model’s reflection/non-reflection

Token entropy is higher before 

model’s reflections

Evidence 2: Correctness prediction

Use reflection direction as features to predict 

answer correctness

Reflection direction encodes uncertainty 

info, can better predict correctness



Reflection Control (ReflCtrl)
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Reflections can be reduced: save 

30%+ tokens at similar performance

Key idea: stepwise steering (Ours)

Question 2: Control

How does reflection affect reasoning 

performance?

• Introduce unnecessary noise (hurt performance)

Standard steering:

• Apply steering at every token • Only steer at the start of reasoning step

• Minimal impact to normal generation 



Result #1: Efficient Reasoning
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▪ ReflCtrl effectively steers model to reflect less without hurting performance!

Reflection less

Accuracy 

increase / same

Reflection less

Accuracy increase / same

Dataset: GSM8k Dataset: GSM8k



Result #2: Efficient Reasoning
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▪ ReflCtrl can save up to 43% tokens on math tasks while keeping performance, 

and our stepwise steering outperforms standard steering baselines

Reflection can still be helpful, but we 

don’t need too many!

Ours

baseline

Efficient reasoning!



Result #3: Efficient Reasoning
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▪ ReflCtrl can save up to 34% tokens on MMLU while keeping performance!
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ReflCtrl has the following benefits:

  Website: https://lilywenglab.github.io/ReflCtrl/ 

  GitHub: https://github.com/Trustworthy-ML-Lab/ReflCtrl 

Easy Control + 

Efficient Reasoning

▪ Save 20-40% token costs by 

reducing reflections

▪ Reduce unnecessary reflection 

while preserving performance 

2 Flexible 

▪ Works for any architecture

▪ Creates a useful tool for future 

investigation of LRMs

3

Summary

47

Provide insights on 

LLM reflection

▪ Reflection direction encodes 

uncertainty information

▪ Model reflects when it’s uncertain

1

Can we have a principled way to 

steer the LLMs?

https://lilywenglab.github.io/ReflCtrl/
https://lilywenglab.github.io/ReflCtrl/
https://github.com/Trustworthy-ML-Lab/ReflCtrl
https://github.com/Trustworthy-ML-Lab/ReflCtrl
https://github.com/Trustworthy-ML-Lab/ReflCtrl
https://github.com/Trustworthy-ML-Lab/ReflCtrl
https://github.com/Trustworthy-ML-Lab/ReflCtrl
https://github.com/Trustworthy-ML-Lab/ReflCtrl


Steer2Edit
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 Website: https://lilywenglab.github.io/Steer2Edit/ [Sun etal, preprint’26]

▪ A theoretical grounded, training-free framework to convert steering vectors into 

model’s weight editing and achieve better trade-offs on utility and target attribute

Attribute 1: 

Safety Alignment
Attribute 2: 

Truthfulness

Attribute 3: 

Efficient Reasoning

Openmath-nemotron-7BLlama3-8B-InstructLlama2-7B-Chat

4848

https://lilywenglab.github.io/Steer2Edit/
https://lilywenglab.github.io/Steer2Edit/


This Talk - Part 3 

1. Interpretability Tools

Develop automated interpretability 

techniques to understand DNNs

2. Interpretable DNN by design

Develop systematic method to learn 

intrinsically-interpretable DNNs

CLIP-Dissect

[ICLR’23 spotlight]

1st fully automation with 

higher quality, 10-200x faster

Linear Explanation 

[ICML’24]

Provide polysemantic 

explanations

Describe-n-Dissect 

[TMLR’25]

Generative Natural 

Language Explanation 

Auto Neuron Exp

[NeurIPSW’23]

2x faster than OpenAI’s 

result with higher quality

Audio-Net-Dissect

[ICML’24]

Neuron interpretability tool 

for audio networks

Label-free CBM

[ICLR’23]

1st CBM on Imagenet + 

automation + high acc

VLG-CBM

[NeurIPS’24]

Faithful CBM + 1st theoretical 

analysis & fair comparison

CB-LLMs 

[ICLR’25]

1st interpretable LLM + high 

steerability & scalability

CB-AE, CB-SAE

[CVPR’25, CVPR’26]

1st post-hoc interpretable 

generative model & VLM

Neuron Eval

[ICML’25]

1st unified evaluation 

framework + sanity checks

3. Evaluation

VLG-CBM

[NeurIPS’24]

Rethink human study

[CVPR’26]

Wholistic comparison + enable 

40x reduced cost $$!

Rigorous comparison on 

explanations, metrics, CBMs

1st metric to compare 

between CBMs

Our papers are available at 

https://lilywenglab.github.io/#interpretable-deep-learning

ThinkEdit, Reflctrl

[EMNLP’25, arxiv’26]

Steer & control reasoning 

process of LRMs

https://github.com/Trustworthy-ML-Lab/CLIP-dissect
https://github.com/Trustworthy-ML-Lab/CLIP-dissect
https://github.com/Trustworthy-ML-Lab/CLIP-dissect
https://lilywenglab.github.io/Linear-Explanation/
https://lilywenglab.github.io/Describe-and-Dissect/
https://lilywenglab.github.io/Describe-and-Dissect/
https://lilywenglab.github.io/Describe-and-Dissect/
https://lilywenglab.github.io/Describe-and-Dissect/
https://lilywenglab.github.io/Describe-and-Dissect/
https://lilywenglab.github.io/Efficient-LLM-automated-interpretability/
https://lilywenglab.github.io/Audio_Network_Dissection/
https://lilywenglab.github.io/Audio_Network_Dissection/
https://lilywenglab.github.io/Audio_Network_Dissection/
https://lilywenglab.github.io/Audio_Network_Dissection/
https://lilywenglab.github.io/Audio_Network_Dissection/
https://github.com/Trustworthy-ML-Lab/Label-free-CBM
https://github.com/Trustworthy-ML-Lab/Label-free-CBM
https://github.com/Trustworthy-ML-Lab/Label-free-CBM
https://lilywenglab.github.io/VLG-CBM/
https://lilywenglab.github.io/VLG-CBM/
https://lilywenglab.github.io/VLG-CBM/
https://lilywenglab.github.io/CB-LLMs/
https://lilywenglab.github.io/CB-LLMs/
https://lilywenglab.github.io/CB-LLMs/
https://lilywenglab.github.io/posthoc-generative-cbm/
https://lilywenglab.github.io/posthoc-generative-cbm/
https://lilywenglab.github.io/posthoc-generative-cbm/
https://github.com/Trustworthy-ML-Lab/CB-SAE
https://github.com/Trustworthy-ML-Lab/CB-SAE
https://github.com/Trustworthy-ML-Lab/CB-SAE
https://lilywenglab.github.io/Neuron_Eval/
https://lilywenglab.github.io/VLG-CBM/
https://lilywenglab.github.io/VLG-CBM/
https://lilywenglab.github.io/VLG-CBM/
https://lilywenglab.github.io/Efficient-Interpretability-Eval/
https://lilywenglab.github.io/#interpretable-deep-learning
https://lilywenglab.github.io/#interpretable-deep-learning
https://lilywenglab.github.io/#interpretable-deep-learning
https://lilywenglab.github.io/#interpretable-deep-learning
https://lilywenglab.github.io/#interpretable-deep-learning
https://lilywenglab.github.io/ThinkEdit/
https://lilywenglab.github.io/ReflCtrl/


Challenge

50

Accuracy

Interpretability

Neural Networks

Linear model

Decision Trees

Random Forests

Accuracy & Interpretability 

trade-offs exists

Is it possible to have best 

of both worlds?

Yes! 

#1 interpretability tool 

     (e.g. CLIP-Dissect, Automated

              Neuron Explanation)

high accuracy & 

high interpretability

#2 inherently interpretable NN



What is an interpretable neural network?
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Given a DNN backbone What are the Concepts ci? 

⋯ c1

cn

F
C

 L
a

y
e

r

Human-Interpretable

Concept layer

(Concept bottleneck layer)

▪ Task: arthritis grade

ci = bone spurs, narrow joint space, … 

▪ Task: bird species

ci = wing color, beak length, … 

Koh et. al, Concept bottleneck models, ICML 2020

▪ Task: sentiment of review

ci = overpriced, clean, … 

Sun et. al, Concept bottleneck large language models, ICLR 2025



Prior work
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Research efforts

▪ Koh et al., ICML 2020

▪ Yuksekgonul et al., ICLR 2023

▪ ⋮

▪ To train a CBM, early work utilize concept labels / annotations

Concept labeled data

wing color = black

beak length = short

could be expensive / less 

flexible to get concept data



Challenges
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Research efforts

▪ Yuksekgonul et al., ICLR 2023

▪ Yang et al., CVPR 2023

▪ Yan et al., ICCV 2023

▪ Recent work to leverage CLIP architecture to help

Backbone architecture generally 

has to be CLIP encoder

Backbone

Can we address these limitations?

Accuracy and interpretability 

can have large trade-offs



Label-Free CBM
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Label-free CBM

⋯

Any NN 

Backbone 

𝑓 𝑥

Input 𝑥 concepts

sails

a ship

a carnival

Output 𝑦

Pirate 

ship

Automated1
Use GPT-3 to generate concept set 

Flexible & Label-free2

Use CLIP-Dissect to align concepts with 

any backbone, no need for labeled 

concept data 

Scalable & Efficient3

First CBM trained on ImageNet

High performance4

Retain high accuracy + interpretability

Benefits

[ICLR 23]  Arxiv: https://arxiv.org/abs/2304.06129,  GitHub: https://github.com/Trustworthy-ML-Lab/Label-free-CBM 

Label-free CBM can transform any NN backbone into an 

interpretable model with 4 desirable benefits:

https://arxiv.org/abs/2304.06129
https://github.com/Trustworthy-ML-Lab/Label-free-CBM
https://github.com/Trustworthy-ML-Lab/Label-free-CBM
https://github.com/Trustworthy-ML-Lab/Label-free-CBM
https://github.com/Trustworthy-ML-Lab/Label-free-CBM
https://github.com/Trustworthy-ML-Lab/Label-free-CBM
https://github.com/Trustworthy-ML-Lab/Label-free-CBM
https://github.com/Trustworthy-ML-Lab/Label-free-CBM
https://github.com/Trustworthy-ML-Lab/Label-free-CBM
https://github.com/Trustworthy-ML-Lab/Label-free-CBM


Label-free CBM: Key Ideas
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▪ How to transform any black-box NN backbone into an interpretable NN? 

1. Learn the concept mapping 𝜙𝑐

Final interpretable model: 

𝑔(𝜙𝑐(𝑓(𝑥))) 

⋯ c1

cn

p
re

d
ic

to
r

𝑓(𝑥)

𝜙𝑐

• Q1: How to generate concepts?

• Q2: How to learn / enforce the concepts?

𝑔

• Q3: How to learn a predictor based on the interpretable representations?

2. Learn the predictor 𝑔 



Label-Free CBM: Method
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Frozen 

Backbone 𝑓 𝑥
Inputs 𝑥1, ⋯ , 𝑥𝑛

Antartica

a cashier

a seat

butter

⋮

Target concepts

GPT 3
Filtering

CLIP

EI x1 ∙ ET t1 … EI x1 ∙ ET tM

EI x2 ∙ ET t1 … EI x2 ∙ ET tM

… … …

EI xN ∙ ET t1 … EI xN ∙ ET tM

𝐖𝐜

Learn Linear 

Transform 𝐖𝐜

Wc,1f(x1) … Wc,Mf(x1)

Wc,1f(x2) … Wc,Mf(x2)

… … …

Wc,1f(xN) … Wc,Mf(xN)

𝑊𝑐 = 𝑎𝑟𝑔𝑚𝑎𝑥 ෍

𝑘=1

𝑀

𝑠𝑖𝑚 𝑎𝑘 , 𝑐𝑡𝑘

𝑎1

𝑐𝑡1

𝐖F

Sparse Final 

Layer 𝐖F

“Bridge”

Prediction 

ො𝑦

Concept Matrix

(in CLIP-Dissect)



Result #1: High accuracy
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• Baselines trade-off accuracy 

and not scale to large dataset

• Our method consistently retain 

high accuracy and scale to 

large dataset (e.g. ImageNet)

Ours

Ours
Ours

Ours

Ours



Label-free CBM: Benefits of Interpretability

Explainable 

decision rules

Explainable 

individual decisions

Correct model 

mistakes

Prediction

Interpretable 

concepts

orange = “citrus fruit” + “bright orange color

lemon = “citrus fruit” + “lime” + “yellow color”

Concept contribution

“a red head” makes this image a 

Red-headed Woodpecker

Cricket insect

(Incorrect!)

(brown color)

Red headed 

Woodpecker

Edit weight 

“a green color” → “Grasshopper”: 0→ 0.197 

“a green color” → “Cricket insect”: 0→ -0.197 

(Ground truth): 

Grasshopper 

 Arxiv: https://arxiv.org/abs/2304.06129,  Code: https://github.com/Trustworthy-ML-Lab/Label-free-CBM,      [ICLR 23]

What are remaining challenges?

https://arxiv.org/abs/2304.06129
https://arxiv.org/abs/2304.06129
https://github.com/Trustworthy-ML-Lab/Label-free-CBM
https://github.com/Trustworthy-ML-Lab/Label-free-CBM
https://github.com/Trustworthy-ML-Lab/Label-free-CBM
https://github.com/Trustworthy-ML-Lab/Label-free-CBM
https://github.com/Trustworthy-ML-Lab/Label-free-CBM
https://github.com/Trustworthy-ML-Lab/Label-free-CBM
https://github.com/Trustworthy-ML-Lab/Label-free-CBM
https://github.com/Trustworthy-ML-Lab/Label-free-CBM
https://github.com/Trustworthy-ML-Lab/Label-free-CBM


Remaining Challenges
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▪ LLM-based concepts are easy to obtain, but can have some potential issues

(LM4CV) (LF-CBM)

 Arxiv: https://arxiv.org/pdf/2408.01432,  Website: https://lilywenglab.github.io/VLG-CBM/[Srivastava & Yan etal, NeurIPS’24]

https://arxiv.org/pdf/2408.01432
https://arxiv.org/pdf/2408.01432
https://lilywenglab.github.io/VLG-CBM/
https://lilywenglab.github.io/VLG-CBM/
https://lilywenglab.github.io/VLG-CBM/


Vision-Language Guided (VLG) CBM
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 Arxiv: https://arxiv.org/pdf/2408.01432,  Website: https://lilywenglab.github.io/VLG-CBM/[Srivastava & Yan etal, NeurIPS’24]

We propose VLG-CBM to address the above challenges!

1st theoretical analysis 1st CBM evaluation metric: ANEC1 2 3

when # of concept ↑, error ↓

CBM should be compared at same 
number of effective concepts (NEC)

Training faithful CBM

Ensure visual concept alignment 
using grounding detectors

Explain information leakage with 
random concepts + final dense layer

NEC: measures avg # of concepts 
being used for prediction

https://arxiv.org/pdf/2408.01432
https://lilywenglab.github.io/VLG-CBM/
https://lilywenglab.github.io/VLG-CBM/
https://lilywenglab.github.io/VLG-CBM/


VLG-CBM: Compare CBMs using ANEC
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VLG-CBM outperforms strongest 
baseline by 12.4% (average)

Also provides higher quality of 
explanations

 Arxiv: https://arxiv.org/pdf/2408.01432,  Website: https://lilywenglab.github.io/VLG-CBM/[Srivastava & Yan etal, NeurIPS’24]

We can extend the idea to construct 

interpretable LLMs and VLMs! 

https://arxiv.org/pdf/2408.01432
https://lilywenglab.github.io/VLG-CBM/
https://lilywenglab.github.io/VLG-CBM/
https://lilywenglab.github.io/VLG-CBM/


CB-LLM: Interpretable LLMs
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▪Concept-Bottleneck LLM (CB-LLM): We can make LLM interpretable!

 Arxiv: https://arxiv.org/pdf/2412.07992,  Website: https://lilywenglab.github.io/CB-LLMs/ [Sun etal, ICLR’25]

https://arxiv.org/pdf/2412.07992
https://arxiv.org/pdf/2412.07992
https://arxiv.org/pdf/2412.07992
https://arxiv.org/pdf/2412.07992
https://lilywenglab.github.io/CB-LLMs/
https://lilywenglab.github.io/CB-LLMs/
https://lilywenglab.github.io/CB-LLMs/


CB-LLM: competitive performance to black-box

64



CB-LLM: Interpretable LLMs

65

▪Concept-Bottleneck LLM (CB-LLM): We can make LLM interpretable!

 Arxiv: https://arxiv.org/pdf/2412.07992,  Website: https://lilywenglab.github.io/CB-LLMs/ [Sun etal, ICLR’25]

https://arxiv.org/pdf/2412.07992
https://lilywenglab.github.io/CB-LLMs/
https://lilywenglab.github.io/CB-LLMs/
https://lilywenglab.github.io/CB-LLMs/


CB-LLM: AI Safety Use case #1
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▪With intrinsic interpretability, we can detect, steer and correct the LLM easily:

 Arxiv: https://arxiv.org/pdf/2412.07992,  Website: https://lilywenglab.github.io/CB-LLMs/ [Sun etal, ICLR’25]

https://arxiv.org/pdf/2412.07992
https://lilywenglab.github.io/CB-LLMs/
https://lilywenglab.github.io/CB-LLMs/
https://lilywenglab.github.io/CB-LLMs/


CB-LLM: AI Safety Use case #2

▪ Another use case of Intrinsic Interpretability: concept unlearning in LLMs

67

In this example, customer was complaining about the high price, despite the lobster tails being great

By unlearning the concept “overpriced”, the positive concepts dominate the prediction, and thus positive prediction

To unlearn a concept, we can simply remove the corresponding concept neuron 

[Sun etal, ICLR’25]
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 Arxiv: https://arxiv.org/pdf/2512.10805,  Github: https://github.com/Trustworthy-ML-Lab/CB-SAE [CVPR 2026]

▪We propose Concept Bottleneck SAE for interpretable LVLMs!

CB-SAE Benefits of CB-SAE

✓ 1st interpretable LVLM

✓ address SAE’s limitations on 

low interpretability and low 

steerability

✓ allow user-specified via concept 

bottleneck layers

✓ improve both interpretability & 

steerability

https://arxiv.org/pdf/2512.10805
https://arxiv.org/pdf/2512.10805
https://github.com/Trustworthy-ML-Lab/CB-SAE
https://github.com/Trustworthy-ML-Lab/CB-SAE
https://github.com/Trustworthy-ML-Lab/CB-SAE
https://github.com/Trustworthy-ML-Lab/CB-SAE
https://github.com/Trustworthy-ML-Lab/CB-SAE
https://github.com/Trustworthy-ML-Lab/CB-SAE
https://github.com/Trustworthy-ML-Lab/CB-SAE
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1. Interpretability Tools

Develop automated interpretability 

techniques to understand DNNs

2. Interpretable DNN by design

Develop systematic method to learn 

intrinsically-interpretable DNNs

CLIP-Dissect

[ICLR’23 spotlight]

1st fully automation with 

higher quality, 10-200x faster

Linear Explanation 

[ICML’24]

Provide polysemantic 

explanations

Describe-n-Dissect 

[TMLR’25]

Generative Natural 

Language Explanation 

Auto Neuron Exp

[NeurIPSW’23]

2x faster than OpenAI’s 

result with higher quality

Audio-Net-Dissect

[ICML’24]

Neuron interpretability tool 

for audio networks

Label-free CBM

[ICLR’23]

1st CBM on Imagenet + 

automation + high acc

VLG-CBM

[NeurIPS’24]

Faithful CBM + 1st theoretical 

analysis & fair comparison

CB-LLMs 

[ICLR’25]

1st interpretable LLM + high 

steerability & scalability

CB-AE, CB-SAE

[CVPR’25, CVPR’26]

1st post-hoc interpretable 

generative model & VLM

Neuron Eval

[ICML’25]

1st unified evaluation 

framework + sanity checks

3. Evaluation

VLG-CBM

[NeurIPS’24]

Rethink human study

[CVPR’26]

Wholistic comparison + enable 

40x reduced cost $$!

Rigorous comparison on 

explanations, metrics, CBMs

1st metric to compare 

between CBMs

Our papers are available at 

https://lilywenglab.github.io/#interpretable-deep-learning

ThinkEdit, Reflctrl

[EMNLP’25, arxiv’26]

Steer & control reasoning 

process of LRMs

https://github.com/Trustworthy-ML-Lab/CLIP-dissect
https://github.com/Trustworthy-ML-Lab/CLIP-dissect
https://github.com/Trustworthy-ML-Lab/CLIP-dissect
https://lilywenglab.github.io/Linear-Explanation/
https://lilywenglab.github.io/Describe-and-Dissect/
https://lilywenglab.github.io/Describe-and-Dissect/
https://lilywenglab.github.io/Describe-and-Dissect/
https://lilywenglab.github.io/Describe-and-Dissect/
https://lilywenglab.github.io/Describe-and-Dissect/
https://lilywenglab.github.io/Efficient-LLM-automated-interpretability/
https://lilywenglab.github.io/Audio_Network_Dissection/
https://lilywenglab.github.io/Audio_Network_Dissection/
https://lilywenglab.github.io/Audio_Network_Dissection/
https://lilywenglab.github.io/Audio_Network_Dissection/
https://lilywenglab.github.io/Audio_Network_Dissection/
https://github.com/Trustworthy-ML-Lab/Label-free-CBM
https://github.com/Trustworthy-ML-Lab/Label-free-CBM
https://github.com/Trustworthy-ML-Lab/Label-free-CBM
https://lilywenglab.github.io/VLG-CBM/
https://lilywenglab.github.io/VLG-CBM/
https://lilywenglab.github.io/VLG-CBM/
https://lilywenglab.github.io/CB-LLMs/
https://lilywenglab.github.io/CB-LLMs/
https://lilywenglab.github.io/CB-LLMs/
https://lilywenglab.github.io/posthoc-generative-cbm/
https://lilywenglab.github.io/posthoc-generative-cbm/
https://lilywenglab.github.io/posthoc-generative-cbm/
https://github.com/Trustworthy-ML-Lab/CB-SAE
https://github.com/Trustworthy-ML-Lab/CB-SAE
https://github.com/Trustworthy-ML-Lab/CB-SAE
https://lilywenglab.github.io/Neuron_Eval/
https://lilywenglab.github.io/VLG-CBM/
https://lilywenglab.github.io/VLG-CBM/
https://lilywenglab.github.io/VLG-CBM/
https://lilywenglab.github.io/Efficient-Interpretability-Eval/
https://lilywenglab.github.io/#interpretable-deep-learning
https://lilywenglab.github.io/#interpretable-deep-learning
https://lilywenglab.github.io/#interpretable-deep-learning
https://lilywenglab.github.io/#interpretable-deep-learning
https://lilywenglab.github.io/#interpretable-deep-learning
https://lilywenglab.github.io/ThinkEdit/
https://lilywenglab.github.io/ReflCtrl/


Pushing the boundaries of Trustworthy AI

70

Towards Trustworthy Agentic AI: 

Understand LLM agents and improving agent safety

Theoretical & Algorithmic Foundations 

of trustworthy mechanistic interpretability

Preprint’25:

 https://lilywenglab.github.io/Trustworthy_Mechanistic_Interpretability/

Building Trustworthy Large Reasoning 

Models through structured reasoning

Refine, preprint’25: 
https://lilywenglab.github.io/Training_Trustworthy_LRM_with_Refine/

When2Tool, Probe&Prefill, Preprint’26: 
https://lilywenglab.github.io/when2tool/

SODA, Agent Cold-start Safety Gap, Preprint’26: 
https://github.com/Trustworthy-ML-Lab/Agent-Cold-Start-Safety-Gap

Neuron Adjust & KSD, NAACL’25: 
https://lilywenglab.github.io/effective_skill_unlearning/

Improving Chain-of-Thought 

Faithfulness & Skill-unlearning



Thank you! 

lweng@ucsd.edu                lilywenglab.github.io

mailto:lweng@ucsd.edu
lilywenglab.github.io
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