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Large Language Models (LLMs) Are Powerful
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LLMs Are Not as Robust as We Think
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LLMs Are Not as Robust as We Think

4
Premise Order Matters in Reasoning with Large Language Models



LLMs Are Not as Robust as We Think

5
https://llm-attacks.org/



How About Vision-Language Models?

6
When and why vision-language models behave like bags-of-words, and what to do about it? 2023

What's "up" with vision-language models? Investigating their struggle with spatial reasoning, 2023



How About Multilingual LLMs?
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Language distribution in the 
training data of Llama2



Robust and Generalizable Foundation Models

• Robustness: reduce bias, shortcut, and spurious correlation

• Generalization: address new domains and unseen examples
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Outline

• Positional Bias for LLMs

• Low-Level Visual Perception for Large Multimodal Models

• Language Generalization for LLMs
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Outline

• Positional Bias for LLMs

• Low-Level Visual Perception for Large Multimodal Models

• Language Generalization for LLMs
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Eliminating Position Bias of Language Models: A Mechanistic Approach

Ziqi Wang, Hanlin Zhang, Xiner Li, Kuan-Hao Huang, Chi Han, 
Shuiwang Ji, Sham M. Kakade, Hao Peng, Heng Ji



Positional Bias
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Positional Bias
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Retrieval-Augmented Generation
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https://pureinsights.com/blog/2023/what-is-retrieval-augmented-generation-rag/



The Lost-in-the-Middle Problem [Liu 2023]
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Query LLM Output

Retrieved Documents

Lost in the Middle: How Language Models Use Long Contexts, 2023



The Lost-in-the-Middle Problem [Liu 2023]
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Query LLM Output

Retrieved Documents

Lost in the Middle: How Language Models Use Long Contexts, 2023

Ground 
Truth



The Lost-in-the-Middle Problem [Liu 2023]
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Query LLM Output

Retrieved Documents

Lost in the Middle: How Language Models Use Long Contexts, 2023



The Lost-in-the-Middle Problem [Liu 2023]
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Query LLM Output

Retrieved Documents

Lost in the Middle: How Language Models Use Long Contexts, 2023



Reasons for Positional Bias: Pre-Training Data
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Introduction

First Main Point

Second Main Point

Third Main Point

Conclusion

The 5 Paragraph Essay Outline

Topic sentence. xxxx
xxxx xxx xx xxxx xx xxx 
xxxxxxx xx xx x x xxxxx 
xxxx xx xxxxx xx xxx xx 
xx xxx xxx x xxxx xxx.

Topic Sentence

Topic sentence. xxxx
xxxx xxx xx xxxx xx xxx 
xxxxxxx xx xx x x xxxxx 
xxxx xx xxxxx xx xxx xx 
xx xxx xxx x xxxx xxx.



Reasons for Positional Bias: Attention Mechanism
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𝑥1

𝑞𝑖 = 𝑊𝑄𝑥𝑖

𝑘𝑖 = 𝑊𝐾𝑥𝑖

𝑣𝑖 = 𝑊𝑉𝑥𝑖

Output



Reasons for Positional Bias: Attention Mechanism
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𝑥1 𝑥2

𝑞𝑖 = 𝑊𝑄𝑥𝑖

𝑘𝑖 = 𝑊𝐾𝑥𝑖

𝑣𝑖 = 𝑊𝑉𝑥𝑖

Output



Reasons for Positional Bias: Attention Mechanism
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𝑥1 𝑥2 𝑥3

𝑞𝑖 = 𝑊𝑄𝑥𝑖

𝑘𝑖 = 𝑊𝐾𝑥𝑖

𝑣𝑖 = 𝑊𝑉𝑥𝑖

Output



Reasons for Positional Bias: Attention Mechanism
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𝑥1 𝑥2 𝑥3 𝑥4

𝑞𝑖 = 𝑊𝑄𝑥𝑖

𝑘𝑖 = 𝑊𝐾𝑥𝑖

𝑣𝑖 = 𝑊𝑉𝑥𝑖

Output



Reasons for Positional Bias: Attention Mechanism
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𝑥1 𝑥2 𝑥3 𝑥4 𝑥5

𝑞𝑖 = 𝑊𝑄𝑥𝑖

𝑘𝑖 = 𝑊𝐾𝑥𝑖

𝑣𝑖 = 𝑊𝑉𝑥𝑖

Output

Position

𝑤1
𝑤2
𝑤3
𝑤4
𝑤5

𝑤1 𝑤2𝑤3 𝑤4 𝑤5

Causal Attention Mask



Reasons for Positional Bias: Positional Encoding

24

Rotary Position Embedding 
(RoPE)

RoFormer: Enhanced Transformer with Rotary Position Embedding, 2021
Position



Combine All Together
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Position-Invariant  Inference (PINE) 

• A training-free zero-shot approach

• Manipulate attention masks and positions

• Enable LLMs to view texts equally
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Standard Inference
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PINE: Consider to Bidirectional Attention
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PINE: Compute Importance Score
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PINE: Position Re-Assignment
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PINE: Position Re-Assignment
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PINE: Position Re-Assignment
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PINE: Position Re-Assignment
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Results on Binary Choice Questions
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Results on The Lost-in-the-Middle Problem 
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Vision-Language Models Also Have Positional Bias
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Takeaways

• LLMs suffer from positional bias issues

• Data + attention + positional encoding = positional bias

• PINE mitigates positional bias without re-training LLMs
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Outline

• Positional Bias for LLMs

• Low-Level Visual Perception for Large Multimodal Models

• Language Generalization for LLMs
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Text-Based Reasoning About Vector Graphics

Zhenhailong Wang, Joy Hsu, Xingyao Wang, Kuan-Hao Huang, 
Manling Li, Jiajun Wu, Heng Ji



Low-Level Visual Perception
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Open-Source Large Multimodal Model: LLaVA
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LLaVA = Pre-Trained Vision Encoder + Language Model Visual Question Answering



Task Probing for LLaVA
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Visually Descriptive Language Model (VDLM)

• There is a gap between current vision embeddings and LLMs

• Learn an intermediate symbolic representation based on a text-based 
abstraction comprising primitive attributes

• More structured and closer to natural language → better performance
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Convert Images to SVG formats
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Primitives Ontology
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From SVG to Primal Visual Description (PVD)
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Zero-Shot Task Generalization with Off-the-Shelf LLMs
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Evaluation Benchmark
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Results on Low-level Visual Reasoning Tasks
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Results on High-level Visual Reasoning Tasks
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Takeaways

• There is a gap between current vision embeddings and LLMs

• Intermediate primal visual descriptions can help reasoning 
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Outline

• Positional Bias for LLMs

• Low-Level Visual Perception for Large Multimodal Models

• Language Generalization for LLMs
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Contextual Label Projection for Cross-Lingual Structure Prediction

Tanmay Parekh, I-Hung Hsu, Kuan-Hao Huang, 
Kai-Wei Chang, Nanyun Peng



Knowledge Generalization across Languages
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I like this restaurant because its food is good.

我喜欢这家餐厅，因为它的食物很好吃。 ?

I don’t like the noodles; it tastes so bad.

The food is amazing!

I would never come back here again.



Solution 1: Translate to Source Language

53

I like this restaurant because its food is good.

我喜欢这家餐厅，因为它的食物很好吃。 ?

I don’t like the noodles; it tastes so bad.

The food is amazing!

I would never come back here again.

I like this restaurant because the food is delicious.



Solution 2: Translate to Target Language

54

我喜欢这家餐厅，因为它的食物很美味。

我不喜欢吃面条，味道太差了。

食物太棒了！

我再也不会回到这里了。

我喜欢这家餐厅，因为它的食物很好吃。 ?



How about More Complicated Tasks?
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In South Florida, the average number of suits against a neurosurgeon is five.

(suits, trigger), (neurosurgeon, Defendant)

在南佛罗里达州，针对神经外科医生的诉讼平均为五起。

(诉讼, trigger), (神经外科医生, Defendant)



Independent Translation

56

In South Florida, the average number of suits against a neurosurgeon is five.

(suits, trigger), (neurosurgeon, Defendant)

在南佛罗里达州，针对神经外科医生的诉讼平均为五起。

(西装, trigger), (神经外科医生, Defendant)

Not appropriate translation



Independent Translation

57

In South Florida, the average number of suits against a neurosurgeon is five.

(suits, trigger), (neurosurgeon, Defendant)

在南佛罗里达州，针对神经外科医生的诉讼平均为五起。

(讼案, trigger), (神经外科医生, Defendant)

Not appear in the text



Contextual Machine Translation
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Results on Language Generalization
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Outline

• Positional Bias for LLMs

• Low-Level Visual Perception for Large Multimodal Models

• Language Generalization for LLMs
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The FLAIR Lab
 (Frontier Language AI Research Lab)

https://khhuang.me
khhuang@tamu.edu

Kuan-Hao Huang
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