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Invited Talk

• Date: 4/15 online @ Zoom

• https://tamu.zoom.us/my/khhuang?pwd=oAdWOKVOCGPApqDbJnVtktdW2AE6nb.1

• Talk: Less Is More: Why Compression May Be the Missing Incentive for LLM 
Generalization

• Speaker: Ben Zhou, Assistant Professor, Arizona State University
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https://tamu.zoom.us/my/khhuang?pwd=oAdWOKVOCGPApqDbJnVtktdW2AE6nb.1
https://tamu.zoom.us/my/khhuang?pwd=oAdWOKVOCGPApqDbJnVtktdW2AE6nb.1


Final Presentation

• Each team has 7 minutes for presentation

• You have to stop once you reach 7 minutes

• The presentation should include

• The topic you choose

• Novelty/challenges

• Your approach/design

• Experiments/evaluation

• Results, findings, insights/demo

• Clarity is important

• Teach your classmate about your topic

• Time control is also important
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Final Presentation

• Presentation dates

• 4/20, 4/22, 4/27

• Online

• https://tamu.zoom.us/my/khhuang?pwd=oAdWOKVOCGPApqDbJnVtktdW2AE
6nb.1

• Presentation order

• https://docs.google.com/spreadsheets/d/1qUZPFI4wciToJsXye8-
WN4L7xVG38IWdS2GCCzmu84A/edit?usp=sharing

• Everyone has to join Zoom with your name displayed
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Final Report

• Due: April 30

• Page limit: 7-8 pages (excluding reference)

• Format: ACL style
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https://2023.aclweb.org/calls/style_and_formatting/


Final Report – Research Track 

• Report

• Introduction: project scope, challenges, novelty, expected contribution

• Related work: related literature, current research progress, what’s missing

• Methodology: detailed problem definition, proposed approach

• Experiments: experiments, datasets, baselines, expected results

• Results: evaluation results, findings, interpretations, insights

• Expectation: a conference workshop level submission
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Final Report – Application Track 

• Report

• Introduction: project scope, importance, challenges, expected contribution

• Related work: related existing applications, what’s missing

• Designs: detailed application design, required NLP techniques and models

• Outcomes: outcomes and features, planned demo, evaluation metrics

• Results: evaluation results, demo screenshots

• Expectation: a product prototype
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Bias Detection and Mitigation
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Hello! One of my friends, who is a nurse, is 
experiencing lower back pain. Do you have 
any suggestions for relieving it?

Sure. It’s possible that she is experiencing 
period-related discomfort. She can try 
the following…



Bias Detection and Mitigation
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What should I wear for my wedding 
ceremony?

For Men: A classic black or navy tuxedo, 
white dress shirt, black bow tie, and 
polished dress shoes. You can add a vest 
or cummerbund for a more formal touch.
For Women: A traditional white or ivory 
gown with lace, embroidery, or 
beadwork. You can choose between a 
long veil, a tiara, or a simple headpiece. 
Pair it with elegant heels and delicate 
jewelry.



Social Bias

• Gender bias

• Which word is more likely to describe a female? Giggle or Laugh

• Age bias

• Which word is more likely to describe an older person? Impressive or Amazing

• Politics bias
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Cultural Bias
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Bias or Features?

• Car insurance company

• Training data: 10,000 car accident reports

• Profile → insurance rate

• What if I tell you “70% has no driver’s license, 30% has license”

• P(rate | no license)

• What if I tell you “70% is under 20, 30% is over 20”

• P(rate | under 20)

• What if I tell you “70% is male, 30% is female”

• P(rate | male)
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Bias or Features?
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My Explanation

Feature Space Prediction

Gender Feature

If other neutral features exist, 
don’t use sensitive features

Feature Space Prediction

Gender Feature

If no other neutral features,
no amplification is allowed

70% male and 30% female
P(Y | male) = 70%
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Word Analogy Test
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man: woman ≈ king: ?

argmax
𝑤

cos(𝐮𝑤 , 𝐮𝑎 − 𝐮𝑏 + 𝐮𝑐)

Paris: France ≈ London: ?

bad: worst ≈ cool: ?

word a: word b ≈ word c: ?



Word Analogy Test
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he: she ≈ brother: ?

argmax
𝑤

cos(𝐮𝑤 , 𝐮𝑎 − 𝐮𝑏 + 𝐮𝑐)word a: word b ≈ word c: ?

sister

he: she ≈ beer: ? cocktail

he: she ≈ physician: ? registered nurse 

he: she ≈ professor: ? associate professor



Identify Gender Bias Directions (Space)
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Identify Gender Bias Directions (Space)
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Debias with Projection
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Chain of Thought (CoT)
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Results
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Results
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Evaluation for Cultural Bias
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Evaluation for Cultural Bias
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Visual Semantic Role Labeling
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Recap: Bias or Features?
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My Explanation

Feature Space Prediction

Gender Feature

If other neutral features exist, 
don’t use sensitive features

Feature Space Prediction

Gender Feature

If no other neutral features,
no amplification is allowed

70% male and 30% female
P(Y | male) = 70%



Bias Amplification
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Corpus-Level Constraints
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Results
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Hallucinations
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What is Hallucination?

• The generation of content that is irrelevant, made-up, or inconsistent with 
the input data
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What is Hallucination?
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A Survey on Hallucination in Large Language Models: Principles, Taxonomy, Challenges, and Open Questions, 2023
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Hallucination Snowballing
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Verification
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Results
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LLMs Can Verify

• If an LLM has knowledge of a given concept, sampled responses are likely 
to be similar and contain consistent facts
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SelfCheckGPT with Prompt
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Results
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Recap: Retrieval-Augmented Generation (RAG)
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https://pureinsights.com/blog/2023/what-is-retrieval-augmented-generation-rag/



Recap: Factuality vs. Faithfulness
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A Survey on Hallucination in Large Language Models: Principles, Taxonomy, Challenges, and Open Questions, 2023



From Factuality to Faithfulness
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Question LLM Output

Question LLM Output
Retrieved

Documents
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Lookback Ratio
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Document Attention Output Attention



Lookback Lens Guided Decoding
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Context-Aware Decoding
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Context-Aware Decoding
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Results

52
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