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• Background

• Papers

▪ SageAttention: Accurate 8-Bit Attention for Plug-and-play Inference Acceleration 

[ICLR 2025]

▪ SpargeAttention: Accurate sparse attention accelerating any model inference 

[ICML 2025]

Outline
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• Attention

▪ 긴시퀀스 N 처리시메모리사용량증가 (𝑂(𝑁2))

▪ I/O 병목

− N x N 행렬을 HBM에기록및읽어오는과정에서병목현상발생

҉ 메모리대역폭이연산속도에비해상대적으로느림

• FlashAttention1)

▪ Tiling & Online Softmax

− N x N 행렬을작은 block 단위로쪼개서계산

− SRAM (on-chip memory)을 사용하여 HBM (off-chip memory) 최소화로사용

− Block별로계산한결과를합쳐서 softmax 값계산

1) Dao, Tri, et al. "Flashattention: Fast and memory-efficient exact attention with io-awareness." Advances in neural information processing systems 35 (2022): 16344-16359.

Background

현재 block score 이전 block 최댓값최댓값업데이트
Overflow 방지

Softmax 분모업데이트

이전분모보정 현재분모추가

최종결과업데이트

이전결과보정 현재결과추가

S

P
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• Quantization

▪모델파라미터의표현정밀도를낮추는과정 (weights, activations)

−Floating point (FP) value → INT value

▪ Basic concepts

▪ Granularity

− 얼마나세부적으로 quantization을진행하는지 (per-layer, -channel, -token ..)

Background

Quantization Dequantization

Quantization : 𝑥𝑞 = clamp(ቔ ቓ
𝑥

𝑠
+ 𝑧, 0,2𝑏 − 1)

Dequantization : ො𝑥 = 𝑠 ∙ (𝑥𝑞 − 𝑧)
scale factor 𝑠 =

𝛽−𝛼

2𝑏 − 1
Zero-point 𝑧 = ቔ ቓ−

min(𝑥)

𝑠
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SageAttention: Accurate 8-Bit Attention for Plug-and-play 

Inference Acceleration [ICLR 2025]
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• Introduction

▪ Goal

− FlashAttention2)에효율적인 quantization 방법제안

▪ Analysis

−K matrix는 채널별로상당한 outlier 존재→ quantization 손실발생

−P, V를 INT8로 quantization → 다양한시나리오에서 P, V의정확도일관성을보장 X

1) Zhang, Jintao, et al. "Sageattention: Accurate 8-bit attention for plug-and-play inference acceleration." arXiv preprint arXiv:2410.02367 (2024).

2) Dao, Tri, et al. "Flashattention: Fast and memory-efficient exact attention with io-awareness." Advances in neural information processing systems 35 (2022): 16344-16359.

SageAttention1)
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• Smooth Matrix K

▪ K는채널별로 outlier가뚜렷한패턴이존재

− 각토큰의 K는모든토큰이공유하는큰 bias에각토큰별작은 signal을더한형태

҉ Outlier는토큰들사이의값이크게변해서생기는게아니라 큰 bias 때문에생성

▪ Quantization granularity for K

− QK 연산: Q (N x d)와 KT (d x N)의곱셈연산

− Per-channel quantization (X): 채널마다다른 scale (S)를사용

− Per-token quantization (O): 토큰차원에다른 scale (S)를사용

1) Zhang, Jintao, et al. "Sageattention: Accurate 8-bit attention for plug-and-play inference acceleration." arXiv preprint arXiv:2410.02367 (2024).

SageAttention1)

• k는 1 ~ d까지 더해지므로채널차원으로연산

• 𝑆𝑘가 k에따라변동되어빠른계산이불가능
(inner axis)

• 𝑆𝑗는 k와무관하여 𝑆𝑗는 QK 연산이후에곱셈연산
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• Smooth Matrix K

▪ Bias 제거를통한 K matrix 변형

− Smoothing을통해 K 값들을 0 근처로이동시켜데이터분포가고르게변동

− 연산이느린 per-channel quantization을사용하지않아도빠르고높은정확도확보가능

▪ K matrix 변형에의한 attention score

− q: 하나의 query token이므로 1 x d 크기의벡터

− mean(K): channel 마다 token의평균이므로 1 x d 크기의벡터

− 따라서, K matrix 변형이있어도 attention score는동일

1) Zhang, Jintao, et al. "Sageattention: Accurate 8-bit attention for plug-and-play inference acceleration." arXiv preprint arXiv:2410.02367 (2024).

SageAttention1)

scalar
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• Optimal Quantization

▪ 다양한 data type, granularity에서최적의 attention 연산 (Q, K, P, V)

− Query: INT8 type, per-token (inner axis)

− Key: INT8 type, per-token(+smoothing) (inner axis)

− P: FP16 type, per-block 

− Value: FP16 type, per-channel 

1) Zhang, Jintao, et al. "Sageattention: Accurate 8-bit attention for plug-and-play inference acceleration." arXiv preprint arXiv:2410.02367 (2024).

SageAttention1)
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• Optimal Quantization

▪ SAGEAttn-vT 

− Target: 추론속도

҉ SAGEAttn-B 대비 4% 더빠름 , 정확도검증이완료된레이어

− Q, K (per-token, INT8), P (per-block, INT8), V (per-channel, INT8)

▪ SAGEAttn-B 

− Target: 정확도와범용성

҉ FlashAttention2 대비 2.1x , 모든 모델

− Q, K (per-block, INT8 ), P(FP16, FP16 Accumulator), V (FP16, FP16 Accumulator) 

1) Zhang, Jintao, et al. "Sageattention: Accurate 8-bit attention for plug-and-play inference acceleration." arXiv preprint arXiv:2410.02367 (2024).

SageAttention1)



11

• Experimental Results

▪ Quantitative results - speed

− SageAttention은 original attention 보다약 2.83× 빠른추론속도 (RTX4090)

− SageAttention은 341 TOPS(operations per second) 달성

− FlashAttention2 보다약 2.1×, xformers 보다 2.9x 빠른추론속도 (RTX4090)

1) Zhang, Jintao, et al. "Sageattention: Accurate 8-bit attention for plug-and-play inference acceleration." arXiv preprint arXiv:2410.02367 (2024).

SageAttention1)



12

• Experimental Results

▪ Quantitative Results

− Text, image, video generation 모델에서의평가

1) Zhang, Jintao, et al. "Sageattention: Accurate 8-bit attention for plug-and-play inference acceleration." arXiv preprint arXiv:2410.02367 (2024).

SageAttention1)
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• Experimental Results

▪ Quantitative Results 

− Smooth K 적용

− Overhead smooth K

҉ 약 0.2% 감소로미미한수준

1) Zhang, Jintao, et al. "Sageattention: Accurate 8-bit attention for plug-and-play inference acceleration." arXiv preprint arXiv:2410.02367 (2024).

SageAttention1)
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• Experimental Results

▪ Qualitative Results

− An example of SageAttention on video generation (CogvideoX)

− More image generation examples of UltraPixel

1) Zhang, Jintao, et al. "Sageattention: Accurate 8-bit attention for plug-and-play inference acceleration." arXiv preprint arXiv:2410.02367 (2024).

SageAttention1)
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SpargeAttention: Accurate sparse attention accelerating any 

model inference [ICML 2025]
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• Introduction

▪ Goal

− Sparse FlashAttention 연산을성능손실없이효율적으로동작하게하기위한방법제안

҉ Sparse FlashAttention

✓ FlashAttention의 tiling 기법을사용하면서 mask를 통해불필요한계산하지않아
빠른추론속도

▪ Limitation

− Universality

҉ 기존 방법론들은특정 task에서만 sparse attention이적용되어일반화가필요

− Usability

҉ 기존방법의 Efficiency & overhead 문제

1) Zhang, Jintao, et al. "SpargeAttention: Accurate and Training-free Sparse Attention Accelerating Any Model Inference." Forty-second International Conference on Machine Learning.

SpargeAttention1)

< patterns of attention map P in video, image, and language generation models >
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• Overview of SpargeAttention

▪ Sparse Block Online Prediction & Masking

−Attention map에서 sparse block을예측하는빠르고정확한방법제안

−QK와 PV의곱을 skip 하는방식

▪ Sparse Warp Online Softmax

− PV 곱을추가적으로 skip 하는 sparse online softmax 방법제안

1) Zhang, Jintao, et al. "SpargeAttention: Accurate and Training-free Sparse Attention Accelerating Any Model Inference." Forty-second International Conference on Machine Learning.

SpargeAttention1)



18

• Proposed Method 

▪ Sparse Block Online Prediction & Masking

− Selective Token Compression for Sparse Prediction

҉ Key idea

✓다양한모델에서 attention의 Q, K matrix에서 인접한토큰들의높은유사성

✓이는토큰들을대표하는단일토큰으로통합가능

− Attention map에 sparse block을식별하는 pattern-free online prediction 방법제안

҉ Q, K에서 high self-similarity가 보이는 block들을하나의토큰으로압축

҉ 압축된 Q, K로 attention map 계산하여높은 score에대해서만선택적으로계산

✓ Cosine similarity가 낮은부분의행, 열부분을 1로설정

1) Zhang, Jintao, et al. "SpargeAttention: Accurate and Training-free Sparse Attention Accelerating Any Model Inference." Forty-second International Conference on Machine Learning.

SpargeAttention1)
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• Proposed Method 

▪ Sparse Block Online Prediction & Masking

− Hilbert Curve Permutation

҉ 공간적으로가까운토큰들을한 block에모이도록순서재배치

҉ Block 안의토큰들이서로비슷할수록압축토큰이 block을더잘대표하고이를
통해 TopCdf에서더많은 block을제거

− TopCdf

҉ Attention score에서일정비율 (tau)에도달할때까지큰순서대로고르는방법

1) Zhang, Jintao, et al. "SpargeAttention: Accurate and Training-free Sparse Attention Accelerating Any Model Inference." Forty-second International Conference on Machine Learning.

SpargeAttention1)
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• Proposed Method 

▪ Sparse Warp Online Softmax

− Key idea

҉ Online softmax 과정중 attention map에서 작은값을추가로식별가능

҉ P의값이 0에충분히가까우면 PV는생략가능

✓현재 block의최댓값 S 가 지금까지의최댓값 m 보다작으면 PV 생략

1) Zhang, Jintao, et al. "SpargeAttention: Accurate and Training-free Sparse Attention Accelerating Any Model Inference." Forty-second International Conference on Machine Learning.

SpargeAttention1)

Step2에서 skip 된 block

Step3에서 skip 된 block

• Warp : GPU가 데이터를 처리하는 32개 스레드의
최소 묶음 단위; 

• 하드웨어 가속 극대화를 위한 최적화
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• Experimental Results

▪ Quantitative Results

− End-to-end metrics across text, image, and video generation model

1) Zhang, Jintao, et al. "SpargeAttention: Accurate and Training-free Sparse Attention Accelerating Any Model Inference." Forty-second International Conference on Machine Learning.

SpargeAttention1)
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• Experimental Results

▪ Quantitative Results

− End-to-end speedup

҉ Original 과비교해서약 1.6x 빠른추록속도

− Overhead of sparse block prediction

҉ Sequence length가커질수록 overhead는미미한수준

1) Zhang, Jintao, et al. "SpargeAttention: Accurate and Training-free Sparse Attention Accelerating Any Model Inference." Forty-second International Conference on Machine Learning.

SpargeAttention1)
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• Experimental Results

▪ Qualitative Results

− Mochi on L40 GPU, with no video quality loss

− CogvideoX 

1) Zhang, Jintao, et al. "SpargeAttention: Accurate and Training-free Sparse Attention Accelerating Any Model Inference." Forty-second International Conference on Machine Learning.

SpargeAttention1)
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• Experimental Results

▪ Qualitative Results

− Comparison examples on Flux and Stable-Diffusion3.5

҉ Minference2): 특정패턴을미리정의하고, 그패턴이나타나는부부만골라서계산

҉ FlexPrefil3): 중요도가낮은토큰들을연산에서제외하여속도향상

1) Zhang, Jintao, et al. "SpargeAttention: Accurate and Training-free Sparse Attention Accelerating Any Model Inference." Forty-second International Conference on Machine Learning.

2) Jiang, Huiqiang, et al. "Minference 1.0: Accelerating pre-filling for long-context llms via dynamic sparse attention." Advances in Neural Information Processing Systems 37 (2024): 52481-52515.

3) Lai, Xunhao, et al. "Flexprefill: A context-aware sparse attention mechanism for efficient long-sequence inference." arXiv preprint arXiv:2502.20766 (2025).

SpargeAttention1)
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Thank you
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