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Background

Different Modalities in Data Processing：

Language: sequence processing —— autoregressive models

Image Text 3-D Scene

When did you fall asleep?

- I stayed up until 4 o'clock.



3

Background

Challenges in Language Processing：

Attention

Positional 
Encoding
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Background

Vanilla Transformer：

• Encoder-Decoder architecture

• Multi-head attention

•  Feed-Forward Network

• Residual connection                  

+ Layer normalization

•  Positional encoding

Vaswani et al, Attention Is All You Need, NeurIPS 2017
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Background

Attention Mechanism：

Hash Table：

• consists of key-value pairs

• a query arrives, search through all  

the keys, find the one that matches

• return the corresponding value
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Background

Attention Mechanism：

A soft version of Hash matching：

• consists of key-value pairs

• a query arrives, calculate the 

correlation between the query and 

every key

• return the linear combination of the 

values
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Background

Attention Mechanism：

Each word is represented as a vector ��
• �� = ����,   �� = ����, �� = ����
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Background

Attention Mechanism：
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Background

Multi-head Attention
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Background

Feed-Forward Network

Positional Encoding

Layer Normalization
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Background

Transformer Architectures:

• Encoder-Decoder
• Transformer
• T5

• Encoder-Only
• BERT
• RoBERTa

• Decoder-Only
• GPTs

Corresponding Attention Masks:
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Background

Vision Transformers

• Patchify images as 
token sequences 

• Transformer encoder 
for classification

• Broader spatial 
correlation

Dosovitskiy et al, An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale, ICLR 2021
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Background

Diffusion Transformers

• Replace U-Net with 
Transformer blocks

• Long-range correlation in 
latent denoising

Peebles, Xie, Scalable Diffusion Models with Transformers, ICCV 2023
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Background

Attention Setbacks：Irrelevant Attention

Shi et al, Large Language Models Can Be Easily Distracted by Irrelevant Context, ICML 2023
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Background

Attention Setbacks：Disperse Attention

Possible Reasons:
1. Softmax can't produce zero scores
2. Producing near-zero scores needs a wide input range which harms 

backpropagation of softmax

Veličković et al, softmax is not enough (for sharp out-of-distribution), arXiv 2024
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Background

Attention Setbacks：Lost-in-Middle
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Background

Attention Setbacks：Lost-in-Middle

Hsieh et al, Found in the Middle: Calibrating Positional Attention Bias Improves Long Context 
Utilization, ACL 2024
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Background

U-shape Attention in Visual Tasks：

input feature attention score

self-attn
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Background

The attention signal is noisy!

How can we reduce the noise?
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Background

Reduce Attention Noise with Hallucination Detection - Selection

Chuang et al, Lookback Lens: Detecting and Mitigating Contextual Hallucinations in
Large Language Models Using Only Attention Maps, EMNLP 2025
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Background

Reduce Attention Noise with Hallucination Detection - Selection
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Background

Selective Attention: Use Mask to Reduce Noise

Construct a constraint matrix     ：

Leviathan et al, Selective Attention Improves Transformer, ICLR 2025
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Background

Calibrated Attention:  Decouple Attention and Positional Bias

Input：

Modeling position bias：

Position-related score：

Hsieh et al, Found in the Middle: Calibrating Positional Attention Bias Improves Long Context 
Utilization, ACL 2024
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Background

Calibrated Attention:  Decouple Attention and Positional Bias

Hsieh et al, Found in the Middle: Calibrating Positional Attention Bias Improves Long Context 
Utilization, ACL 2024
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Background

Calibrated Attention:  Decouple Attention and Positional Bias 

Extracting content relevance：

Calibrate the attention：

Hsieh et al, Found in the Middle: Calibrating Positional Attention Bias Improves Long Context 
Utilization, ACL 2024
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Method

Noise Reduction with Differential Amplifier：
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Method

Differential Attention：
Q = ���,   � = ���,    V = ���

����(�) =  ������� 
���

�
  �
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Method

Differential Attention：

�
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Signal Branch Noise Branch
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Method

Re-parameterizing λ：

To align the learning rate of the parameters：

Original：

Exponential form：

Initialization：

Enable lower values：
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Method

Overall Framework：

Similar multi-head attention:

Same macro layout:
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Method

Fixed Multiplier (1 - λinit) for Multi-Head：
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Method

Fixed Multiplier (1 - λinit) for Multi-Head：

Controlling Gradient Flow：We expect the magnitude of 

to remain the same as conventional Transformers
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Method

Fixed Multiplier (1 - λinit) for Multi-Head：
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Method

Fixed Multiplier (1 - λinit) for Multi-Head：
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Method

Fixed Multiplier (1 - λinit) for Multi-Head：

In conventional Transformers:
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Method

Fixed Multiplier (1 - λinit) for Multi-Head：

In conventional Transformers:

In Diff-Transformers:
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Experiments

Settings:

• Decoder-only setup

• Compared with augmented Transformer architecture as in LLaMA

Evaluation:

• Various downstream tasks

• Long-sequence modeling

• Key information retrieval, contextual hallucination evaluation, and in-  

context learning

• Activation outliers
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Experiments

Better Performance & Scalability：
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Experiments

Long Context Modeling：

Culminative NLL on text-to-text：
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Experiments

Information Retrieval：
4K retrieval：
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Experiments

In-Context-Learning：
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Experiments

Contextual Hallucination：
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Experiments

Attention Allocation：
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Experiments

Activation Outliers：
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Experiments

Ablation Studies：



48

Further Questions
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Current Applications

Crowd Localization：

Zhang et al, DiffusionLoc: A diffusion model-based framework for crowd localization, Image and Vision 
Computing, 2025
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Current Applications

Image Classification：

Shahbazi et al, ESPFormer: Doubly-Stochastic Attention with Expected Sliced Transport Plans, arXiv 2025
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Pro & Con

Highlights

• Simple approach, plug-in to all modern transformer-based models

• Extensive Experiment showing good performance on all tasks

• Makes a significant improvement for long-text tasks

Current Limitations

• Only implemented on decoder-only architectures

• More modalities —— upcoming in the revised version

……
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Conclusion

• Attention is noisy

• Differential Attention learns to decouple signal & noise

• Excels on long-context processing

• Simple design, plug-and-use

• Vision-to-be-explored
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