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Preliminary

•논문 선정 배경
• 최신 LLM(Qwen 3.5/Qwen-Next, Kimi K3 등)에서 Gated Attention 계열 채택

•Attention Sink
• 기존 softmax 기반의 attention의 한계를 개선하는 새로운 Attention 구조

• Quantizable Transformer

Motivation

https://emil.khu.ac.kr/
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Preliminary
What is Gated Attention?
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Preliminary
Softmax Attention + GQA(group query attention)

QKV Linear Projections

Scaled Product Dot-Product 
Attention (SDPA)

Multi-Head 
Concatenation Final Output Layer

Softmax
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Preliminary
Softmax Attention + GQA(group query attention)

QKV Linear Projections

Scaled Product Dot-Product 
Attention (SDPA)

Multi-Head 
Concatenation Final Output Layer

Softmax

G4

G3

G2

G1! G5
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Preliminary
Gating Mechanisms
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Preliminary

•Widely Used in FFN (e.g., SwiGLU)
• The gating score, σ(X Wθ) acts as a dynamic filter, 
   controlling the information flow from Y
•Wθ is learnable

Gating Mechanisms

Y′ = g(Y, X, Wθ, σ) = Y  ⊙ σ(XWθ)

https://emil.khu.ac.kr/
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Problem Definition

• Gating is widely used
• SwiGLU in every modern LLM's FFN
• Not inside the attention core

• Prior works add gating — with other changes
• Switch Head — sigmoid routing over top-k head experts
• NSA — gating + sparse attention design

• Performance improves, but the gate's contribution stays unseparated

 How much does gating alone contribute?→

Prior work never isolates the gate

https://emil.khu.ac.kr/
https://emil.khu.ac.kr/
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Main Contribution

•Gating Design Space
• Positions

• Granularity

• Head Specific or Shared

• Multiplicative or additive

• Activation Function

Ablation - Gating Design Space

https://emil.khu.ac.kr/
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Gating Design Space
Position (1/5)
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Gating Design Space
Granularity–Elementwise vs. Headwise(2/5)
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Gating Design Space
Head Specific or Shared (3/5)
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Gating Design Space
Multiplicative or Additive (4/5)

• Additive: SiLU 사용
• sigmoid는 bounded (출력이 [0, 1]) -> 곱셈에 적합하고
• Additive는 unbounded이어야 충분한 표현력을 갖을 수 있음.

https://emil.khu.ac.kr/
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Gating Design Space
Activation Function (5/5)

SiLU(x) = x · σ(x) = x / (1 + e )⁻ˣ σ(x) = 1 / (1 + e )⁻ˣ

https://emil.khu.ac.kr/
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Main Results
MoE models

Increasing #KV heads
Increasing #Q heads
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Main Results
MoE models– Position (1/5) 

Increasing #Q heads
Increasing #KV heads
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Main Results
MoE models– Granularity (2/5) 
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Main Results
MoE models – Head Specific or shared (3/5) 
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Main Results
MoE models– Multiplicative or Additive (4/5) 
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Main Results
MoE models– Activation Function (5/5) 
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Main Results
Dense Models reduce the width of FFN to maintain the parameter size.

https://emil.khu.ac.kr/
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Main Results
Dense Models – Training Stability & Scaling (1/2)
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Main Results
Dense Models – Training Stability & Scaling (2/2)
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Main Results
Dense Models – Training Stability & Scaling (2/2)
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Why It Works?
Non-Linearity

Softmax

Scaled Dot Product Attention(SDPA)

https://emil.khu.ac.kr/
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Why It Works?
Non-Linearity

Scaled Dot Product Attention(SDPA)
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Why It Works?
Non-Linearity
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Why It Works?

• Low-Rank Mapping in Attention

Non-Linearity

 

Linear!

D_model X 
D_model에 비해 
low-rank

https://emil.khu.ac.kr/
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Why It Works?

•Non-linearity Improves the Expressiveness of 
Low-Rank Mapping in Attention

Non-Linearity

 

G2
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•Non-linearity Improves the Expressiveness of 
Low-Rank Mapping in Attention

Why It Works?
Non-Linearity

 

G1 – Most Effective!

https://emil.khu.ac.kr/
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Why It Works?

•Non-linearity Improves the Expressiveness of Low-Rank Mapping in Attention

Non-Linearity

G4
G3G5

https://emil.khu.ac.kr/
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Why It Works?

•Question: 성능 향상의 진짜 원인이 무엇인가? SiLU 때문은 아닌가?

Non-Linearity

σ(XWθ)

https://emil.khu.ac.kr/
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Why It Works?

• SiLU만 있고, Gate가 없으면 성능 bad

Non-Linearity

https://emil.khu.ac.kr/
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Why It Works?

•Gate만 있고, SiLU가 없으면 성능 bad

Non-Linearity
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Why It Works?

• SiLU만으로는 충분하지 않고, SiLU + gating이 성능 향상의 핵심 요인!

Non-Linearity

https://emil.khu.ac.kr/
https://emil.khu.ac.kr/
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Why It Works?

• Effective Gating Scores are Sparse (1/3)
• SDPA output gating score distribution shows high sparsity, with superior performance
• SDPA output gating exhibit the lowest gating scores

• Head-Specific Sparsity Matters.

Gating Introduces Input-Dependent Sparsity (1/3) 

https://emil.khu.ac.kr/
https://emil.khu.ac.kr/
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Why It Works?

•Why G1(SDPA output gating) is better than G2(value gating)?

Gating Introduces Input-Dependent Sparsity (2/3)

https://emil.khu.ac.kr/
https://emil.khu.ac.kr/
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Why It Works?

•Query-Dependency Matters (2/3)

Gating Introduces Input-Dependent Sparsity (2/3)

G2

G1

Depends on Xi

Depends on Xj

https://emil.khu.ac.kr/
https://emil.khu.ac.kr/
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Why It Works?

•Query-Dependency Matters (2/3)

Gating Introduces Input-Dependent Sparsity (2/3)

G1

 

Depends on Xi

Softmax

https://emil.khu.ac.kr/
https://emil.khu.ac.kr/
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Why It Works?

•Query-Dependency Matters (2/3)

Gating Introduces Input-Dependent Sparsity (2/3)

 

G2
Depends on Xj
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Why It Works?

•Query-Dependency Matters (2/3)

• gating score sparsity may filter out irrelevant contextual information for the query!

Gating Introduces Input-Dependent Sparsity (2/3)

G2

G1

Depends on Xi(Query Dependent)

Depends on Xj(Key, Value dependent)

σ(XWθ)   ->    σ(P),   P is zero-initializing learnable parameters    

https://emil.khu.ac.kr/
https://emil.khu.ac.kr/
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Why It Works?

• Less Sparse Gating is Worse (3/3)
• NS-sigmoid(x) = 0.5 + 0.5 · sigmoid(x) -> score range: [0.5, 1.0]

Gating Introduces Input-Dependent Sparsity (3/3)

https://emil.khu.ac.kr/
https://emil.khu.ac.kr/
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•Attention Sink
• 특정 토큰(주로 첫 토큰)이 attention 점수를 불균형하게 독점하는 현상

1

Why It Works?
SDPA Output Gating Reduces Attention-Sink

 

https://emil.khu.ac.kr/
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•Attention Sink
• 특정 토큰(주로 첫 토큰)이 attention 점수를 불균형하게 독점하는 현상

0.85

Why It Works?
SDPA Output Gating Reduces Attention-Sink

 

0.15
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•Attention Sink
• 특정 토큰(주로 BOS 토큰, 첫 토큰)이 attention 점수를 불균형하게 독점하는 현상

0.80

Why It Works?
SDPA Output Gating Reduces Attention-Sink

 

0.11
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Why It Works?

Insight from sparsity: gating score sparsity may filter out 
irrelevant contextual information for the query!

Hypothesis: Thereby mitigating the attention sink 

Previous Discussion: massive activation in hidden states and attention sinks (Sun 
et al., 2024)

Attention-Sink-Free

https://emil.khu.ac.kr/
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Why It Works?
Attention-Sink-Free

•Observation (1/3)
• Gate -> attention score allocated to the first token reduced and decreases massive activations

https://emil.khu.ac.kr/
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Why It Works?
Attention-Sink-Free

•Observation (1/3)
• Gate -> attention score allocated to the first token reduced and decreases massive activations
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Why It Works?
Attention-Sink-Free

•  

Insight: massive activations are not a prerequisite for attention sinks.

https://emil.khu.ac.kr/
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Why It Works?
Attention-Sink-Free

•Observation (3/3)
• Reducing the input-dependence of gating or using NS-sigmoid to reduce sparsity intensifies both massive 

activations and attention sink.

https://emil.khu.ac.kr/
https://emil.khu.ac.kr/


Efficient Multimodal
Intelligence Lab

52

Efficient Multimodal
Intelligence Lab

52

Why It Works?
Attention-Sink-Free

•  

https://emil.khu.ac.kr/
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Limitations

• 비선형성(non-linearity)이 attention의 동작 방식(dynamics)과 전체 학습 과정
(training process)에 미치는 더 광범위한 영향은 아직 충분히 연구되지 않았다.

•Attention sink -> 학습 안정성, long context는 
• 관찰한 결과. 엄밀한 정명 없음. 

• 인과는 가설로 남아 있음 .

https://emil.khu.ac.kr/
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Thank You!
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