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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]

g ST )

SOGANG UNIVERSITY

VDS

-
‘D
m



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
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S c
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Attention(Q, K, V) = softmax (Q ) 174 o 8200
vd where Q, K,V € R"” N .
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- /O EH=

Sequence Length

- NxNHE2 HBMO|| 7| &
22| Y =0] 4k S 0f HSH JIiA 22
 FlashAttention!
- Tiling & Online Softmax
- Nx NHEZ &2 block TH 2 ZIHA A 4t

- SRAM (on-chip memory)= A& 50| HBM (off-chip memory) Z[2ZHE AL
_ Block= & A ALSEH 743le X M softmax 2% Al 4t

Softmax =2 YOOI E

Szg = QZKJT/\/El ( ) = &(mz’,j 1, Sz'j)a lij = exp(mi,j,l — m@-j)lijj,l + I‘OWSUIH(IS@J'),
A XY block score Overflow 54X =[5 O*[1|O| E 0| block X|S4Zf O 2o u N SR 2o A7)
- 0y; = diag (exp(m; j_1 — mi;)) Oij—1 + P;;V; |55 23 gejo1= VDS
R el Lk o 21 57 3 o1} 23t %71




Background

* Quantization
-DE Oet0Hol B HEEE I = I (weights, activations)
- Floating point (FP) value = INT value

= Basic concepts

Quantization : x, = clamp(E] + 2,022 — 1)

-a _ .
o scale factor s = 'f Zero-point z = l_ mm(x)]
Dequantization : X = s - (x4 — 2) 2b _ 1 .

- Granularity

- Ot M2 X8 2 £ quantizations B SH=X| (per-layer, -channel, -token ..)

Quantization Dequantization

1.12 2.7 -0.9 ‘ 76 119 21 ‘ 1.3

. 0.68 1.43 . 81 99

2.8 -0.92

FP32 INT8 FP32
(pre-quantized) (quantized) (dequantized)
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SageAttention: Accurate 8-Bit Attention for Plug-and-play
Inference Acceleration [ICLR 2025]
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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.
1anl
SageAttention!
* Introduction
Goal
- FlashAttention? 0| 28X Q| quantization 2 8 | 2t
Analysis

i

-K matrixe= X 2 H 2 2 outlier =X 2 quantization =4 2/

=
-P, V= INTSZE quantization > CFYSF A|LI2| 20 A P, vO| Hate: A H 2 HE X

Table 2: Average accuracy using different data
types across all layers of real models.

@, K | P,V |Cos Sim 1|Relative L1 || RMSE |
E4M3| 99.94% 0.0345 3.53e-3
INT8 |[ESM2| 99.81% 0.0572 6.11e-3
INT8 | 99.70% 0.1035 6.82¢-3
E4M3| 99.81% 0.0607 5.93e-3
E4M3|E5M2| 99.68% 0.0769 7.72¢-3
INT8 | 99.58% 0.1199 8.31e-3
E4M3| 99.37% 0.1107 1.09e-2
E5M2 |E5M2| 99.22% 0.1213 1.20e-2
INT8 | 99.13% 0.1583 1.24e-2

Token
Token ‘

Table 3: Worst accuracy using different data

C C
% 3 g types across all layers of real models.
| i Q, K| P,V | Cos Sim 1|Relative L1 | |RMSE |
Channel Channel " Channel E4M3| 76.36% 0.5899 0.4311
CC— E— CC— INT8 ESM2| 78.98% 0.4233 0.4371
0 208 =gl 147 -2 3 INTS | 56.40% 0.7921 0.5405
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(b) QKV distribution in Unidiffuser FP16 | 99.99% 0.0116 0.0091
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1) Zhang, Jintao, et al. "Sageattention: Accurate 8-bit attention for plug-and-play inference acceleration." arXiv preprint arXiv:2410.02367 (2024).

SageAttention!

* Smooth Matrix K
- K= ME YHE outlier/} SE510H IHEIO| =X
- 2 EE9KE B & EE0| S/5t= 2 biasOl| 2 EEE &2 signal= T2 FEY

2+ Outlier= E2E AF0|2| 20| A Bsi M M 7|= A OfL|2} 2 bias T2 0f A4

HA

- Quantization granularity for K
- QK AAl Q(Nx A KT (d x N)2| &4 ALk

d

Resultz-j = Z(Qak X Kjk‘-)

k=1
~ Per-channel quantization (X): X 2 OtCt CtE scale (S)& AFE

. 5.7 [} 2} B E 5| O] B2 HAtO] £7}S
S @ X 2 X 50 5.7kl Tf2k S lof w2 7 4ro| 27}
(inner axis)

= 1~dHA[ o X| 22 X2 AHE= AL

d
k=1

- Per-token quantization (0): EZ A& 0f| CtE scale (S)E A&

d d

) (Qir x Kjp x S;) mmmmp  S; x Z(Qz‘k x Kp) + Se= ke 72510 5;= QK A

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

SageAttention!

* Smooth Matrix K
- Bias §|HE &%} K matrix HH
v(K) =K — mean(K)
- SmoothingE &% K &4E2 0 2N E O|SA|A HIO|EH EX7 DEA BHS
- HALHO| =2l per-channel quantizations AFESHA| Ot HED =2 Fotk 2tH Jhs

- K matrix HH0|| 2|5t attention score
scalar

o(q(K —mean(K)'")) = 0(¢K' —|q-mean(K)) = o(qK ")

- ¢: OFLt2| query tokenO| B2 1 x d 37| 2| HIE
- mean(K): channel OtC} token2| 0|22 1 xd A 7|2 HIH

I;—cC Tj,,—C €L
J(Q’J—C)Ze—: ©c :e—:o'(:r)

Zj eTi—¢ e ¢ Z} et ZJ eTi

- [IF2FA, K matrix HE 0| /O £ attention score= =<
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SageAttention!

» Optimal Quantization

- CtFot data type, granularity Of| Al | & Q| attention 24t (Q, K, P, V)

- Query: INTS type, per-token (inner axis)

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

- Key: INT8 type, per-token(+smoothing) (inner axis)
- P: FP16 type, per-block

- Value: FP16 type, per-channel

600

Speed (TOPS)

A

Kernel 1Vo(Q). Vi (K) Yp(P) Py (V)
SAGEAttn-T | per-token, INT8 | FP16, FP16 Accumulator | FP16, FP16 Accumulator
SAGEAttn—B (Algorithm @ per-block, INT8 | FP16, FP16 Accumulator | FP16, FP16 Accumulator

SAGEAttn-vT (Figure 5(a))

per-token, INT8

per-block, INT8

per-channel, INTS8

SAGEAttn-vB

per-block, INT8

per-block, INT8

per-channel, INTS8

RTX4090, (Head dim = 64, causal = False)

RTX4090, (Head dim = 64, causal = True)

600

Hl Torch 3 FlashAttn2 =1 SageAttn-vT O SageAttn-vB Hl Torch 3 FlashAttn2 E3J SageAttn-vT E3 SageAttn-vB
Em xformers A SageAttn-T E33 SageAttn-B Bl xformers O SageAttn-T E33 SageAttn-B
iy o el =3 A a = a)
oo ogis  3onm SENW Stal gooim 400 ~ShS oRod See £3nm
M~~~ ~c0Mm M ] M ILplaas oy M mcn LQOONN oM m Y
jnriviig N ¥ i v 1 1> ~ass NN N 1 K
RN 0 AR A SAH ~ N SATSIRES o I o i ) B ¢ o
o ol Lﬂm e -’ [ r\-to [ 14 " 1> q-\ﬁ Gm:: e 4 . ' l‘ i .‘ LN .‘ [talte]
= .l‘ N .l‘ O .l‘ i =7 N = 200 = @m' T SN SH’ P ~=TEA ~e
[ D > .l) 1> ] ] K K]
NEINE TNEE e T : SENGE INE
A Zind AT ud 1] 1> 1> dinb N N
K 2 4 8 8K

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

SageAttention!

« Optimal Quantization

- SAGEAttn-vT
- Target: FESH
- SAGEAttn-B CHH| 4% G -5 | H2t: AF0| 2k= =l 2{0]0f
- Q, K (per-token, INT8), P (per-block, INTS), V (per-channel, INTS)
- SAGEAttn-B
- Target: == 2 HE/S
= FlashAttention2 Ci{H| 2.1x , 2= 2 &l
- Q, K (per-block, INT8 ), P(FP16, FP16 Accumulator), V (FP16, FP16 Accumulator)

SAGEAttn-vT | o0p for K,V to get a block of O SAGEAttn-B Loop for K V to get a block of O
Global Memory KINTS@ @VINTS KINTS E Vepis
On Chip Sk OO FP32 Sk O O FP32
Q Sq  [SM1 QINTS Sq =Ll
. Ms:@aa-@xaxm s {FE ~(E8-g)<oxo
sm2<H1 P = OnlineSoftmax(S) ||SM2 FP32 B = OnlmeSoftmaa:( )
P2 P = (P%127).to(INTS) P = P.to(FP16)
OCJ O = (P-HH)>xom OC] O = (P-EH, Accum. = FP16)

( ) SageAttention (per-token quantize Q. K; INT8 V) (b) SageAttention (per-block quantize Q.K; FP16 V)
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1) Zhang, Jintao, et al. "Sageattention: Accurate 8-bit attention for plug-and-play inference acceleration." arXiv preprint arXiv:2410.02367 (2024).

SageAttention!

» Experimental Results

= Quantitative results - speed

- SageAttention< original attention 2L} 2F 2.83x HFE =2 £ T (RTX4090)

Model Shape of Q, K, V | Original attention | SageAttention | Speedup
CogvideoX (2,30, 17776, 64) | 163.37 (FlashAttn2) 327.57 2.01x
Llama2 (4,32, 1536, 128) | 130.99 (FlashAttn2) 231.74 1.77x
UltraPixel (2, 32,7285, 64) 152.03 (FlashAttn2) 325.18 2.14x
Unidiffuser | (4,24,1105,64) 105.68 (xformers) 246.93 2.34x
TTMM (12,64, 197, 64) | 18.910 (Torch) 111.41 5.89x

- SageAttention= 341 TOPS(operations per second) &
- FlashAttention2 £ C} €F 2.1x, xformers E.Cf 2.9x HE == & & (RTX4090)

RTX4090, (Head dim = 128, Causal = False) RTX4090, (Head dim = 128, Causal = True)
6001 Em Torch [ FlashAttn2 =1 SageAttn-vT [ SageAttn-vB 600 H Torch 3 FlashAttn2 E1 SageAttn-vT E33 SageAttn-vB
) mEm xformers A SageAttn-T E= SageAttn-B Bl xformers 23 SageAttn-T E=3 SageAttn-B
o o) (o)) )
[Tal O J oo Te)
e - 100 o0 o 5
- MMy o~ o .
g TN T g s Z
22007 - o S 200 mg O
wv ko =) n I’. z.—q
< <] Ly - Ol
0 | | | 0- N [ , 9
1K 2K 4K 1K 2K 4K 8K 16K 32K
Sequence Length Sequence Length
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SageAttention!

« Experimental Results

= Quantitative Results

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

- Text, image, video generation =2 & 0| A 2| &7}

Model | Attention WikiText (Ppl.) | | Lambda (Acc.) T | MMLU (Acc.) 1
Llama? Full-Precision 5.823 0.886 0.46
SageAttention 5.824 0.887 0.46
Model Attention CLIPSIM 1 | CLIP-T 1 | VQA-a 1 | VQA-t 1 | FScore
c  deoX Full-Precision 0.1837 0.9976 68.962 75.925 3.7684
CIVLIASOR | SageAttention 0.1836 0.9976 | 68.839 | 75.037 | 3.8339
Model Attention FID | sFID | CLIP T IR 1
Unidiff r Full-Precision 163.33 145.08 0.3152 0.1609
USET! SageAttention 166.49 143.18 0.3154 0.1521
Ultrapixel Full-Precision 179.78 141.35 0.3132 0.6169
GFI%EL | SageAttention 179.79 141.63 0.3131 0.6110
Model Attention ImageNet (Acc.) T|Sketch (Acc.) T|ImageNet-r (Acc.) T
TTMM Full-Precision 84.79% 45.32% 59.55%
SageAttention 84.74 % 45.78 % 60.32%
Model | Attention | TextVQA (Acc.) T | POPE (Acc.) T | VQAV2 (Acc.) T
Llaval.6 Full-Precision 60.25% 86.45% 77.55%
) SageAttention 60.09% 86.44% 77.47 %
A B
6 SOGANG UNIVERSITY 12
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1) Zhang, Jintao, et al. "Sageattention: Accurate 8-bit attention for plug-and-play inference acceleration." arXiv preprint arXiv:2410.02367 (2024).

SageAttention!

« Experimental Results

= Quantitative Results

- Smooth K &

Quantization | Smoothing | Llama CogVideo , | Unidiffuser | | UltraPixel TIMM
Q, K) K | WikiText V| (Fscore) || (FID) V| (FID) *|ImageNet '

Full-Precision - 5.823 3.768 163.33 179.78 84.79%
Per-token X 5.824 1.924 221.18 193.36 84.21%
v 5.824 3.734 166.52 179.79 84.74%

Per-block X 5.825 2.014 229.08 195.67 84.18%
v 5.824 3.718 166.93 179.98 84.76%

Per-tensor X 5.826 1.902 267.06 196.26 84.12%
v 5.824 3.640 167.65 180.21 84.69%

FlashAttn3 (with quant) 5.850 3.394 394.13 383.61 84.70%

- Overhead smooth K

2 2F0.20% A E O|0|st ===

Model Smooth K | TOPS T
. X 327.57
CogvideoX v 32752
. X 325.18
UltraPixel v 324.56

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

SageAttention!

A

Experimental Results

= Qualitative Results

- An example of SageAttention on video generation (CogvideoX)
FlashAttention2

- More image generation examples of UltraPixel
Prompt4

Prompt2

Prompt1 Prompt3

: _’ﬁ

| |
| |
| |
Full | |
Precision | |
| |
[ |
---------------- [ +
I —— |
I : | .
SageAttention - : ™ : e “
| | : e
I |
AT | VDS I
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A

SpargeAttention: Accurate sparse attention accelerating any
model inference [ICML 2025]
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1) Zhang, Jintao, et al. "SpargeAttention: Accurate and Training-free Sparse Attention Accelerating Any Model Inference." Forty-second International Conference on Machine Learning.

SpargeAttention?

* Introduction

« Goal

- Sparse FlashAttention H 4= &5

Iig

12
|0
Hu
Ol
1A
Ot
é
ot
N
Ho
_(')_I-
0%
I
>
ro

o 80l 2sE
:'s Sparse FlashAttention

v FlashAttention2| tiling 7| 8l = A& StH A mask= &5 =222 A LrSHX| R0}
e x2 =

— T T/ T
= Limitation
- Universality
o 7| EHHE
- Usability

s 7| & YOl Efficiency & overhead =Xl

Stable-

CogvideoX Diffusion3.5

Llama3.1

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

g AW THEE D o | VDS I
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1) Zhang, Jintao, et al. "SpargeAttention: Accurate and Training-free Sparse Attention Accelerating Any Model Inference." Forty-second International Conference on Machine Learning.

SpargeAttention!

« Overview of SpargeAttention
Sparse Block Online Prediction & Masking
- Attention mapoﬂkl sparse block= 0| 55t= =0 H=rot b X[ ot
-QK2} PVe| &2 skip ot= & A
Sparse Warp Online Softmax

~ Ol= : =13~
- PV &2 782 2 skip St= sparse online softmax 2 & Af| 2F
rStepI. Sparse Block Online Prediction 1 Step2. Sparse Block Online Masking )
T Ky | Ko | K| Ky -
K - N > L+
dI K1 K2 K3 K4 - FlashAttention Inner Loop
-
|:| Low Cosine Similarity b G G Q1 ’211(1' SKIP QIK3T SKIP| - - «
ioh . imilari Mean Self Cosine T T
[0 High Cosine Similarity Pooling Similarity M ! ! )
A L 4L lCompute the Local Max miocal
7
Matmul+ * 12 ‘ v J,
Q d Softmax P 1fe2fkalka |:|:|j:| Update Every - -
A b ° t"max% : : Iteration in mll - |’n,'L3| - |Tnl’| el
QII q 71 ooloaloTo :%: GPU Warp v | v I v Vvl 5
[> ME?H E> ['P] 0.1] 0 10.9] 0 12 ' Ir max(nllocal - nglobal) <A g
Q Pooling 0 [o5l0.5 0 e I@l—' 5 Val| &
2 g3 -3[0.3 P Then Further Skip PV 2|12
N Top Caf S — P v g
Qg E> Self Cosine [> For Each Row (1) g } g —— ~v v Wy v 3 E
e T TR 1Y T S i e = A
e — 5
v Block Sparse Mask | Step3. Sparse Warp Online Softmax R £

VDS

LAB
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SOGANG UNIVERSITY 17



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

SpargeAttention?

* Proposed Method
- Sparse Block Online Prediction & Masking

- Selective Token Compression for Sparse Prediction
:'» Key idea
v ChFSt DO M attention2| Q, K matrixO| A QIS EES2| =2 FAHY
vOlz EZSS UH#Sle HE EE22 &2 75
- Attention map 0| sparse block= 4! # Sl= pattern-free online prediction 22 X| Ot
- Q, KO A high self-similarity7} 2 0|= block== otLI2] EELE &=
s YHEQ, KE attention map Al &S =2 scoreOi| CHOH A TH MERE © = A At

v Cosine similarity’} 2 F22| 8, € 222 12 28

=2 T =2
5 Q % K 4, G,__
c c Matmul+
g g Q d St <Jirfiofisld] [IEITI
CogvideoX R © .t A % P
© © 4 b |
o q QII N q1 09010 [0 1
Channel Channel Mean p=!
Poolin 2 0.1] 0 Jo.9[ 0 18
; n Q2 £ q3 0 [0.5]0.5 0 il
n 0 N & 1
g = Top Cdf o !
Stable- § :o‘ Q3 Self Cosine For Each Row e 0]
Diffusion3.5 | © Similarity | S/ — === e o= = 0] -
N h | N = . ; ‘i : 1 Setto 1 . 111 |
C anne Channe fec . TTTEEEEEEE TS .
A Block Sparse Mask

I E-nE | VDS I
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Zhang, Jintao, et al. "SpargeAttention: Accurate and Training-free Sparse Attention Accelerating Any Model Inference." Forty-second International Conference on Machine Learning.

1)

SpargeAttention?

* Proposed Method
- Sparse Block Online Prediction & Masking

- Hilbert Curve Permutation
: SO 2 IR EESS o blockO| 20| E =AM A X]|

'« Block 2| EE=0| ME Hx&+5E &= EZ0| block= G 2 CHESIL O]
& Ofl TopCdfOl| Al & B2 block= A A

Tokens in a block are not self-sim All block are self-sim

S | | NN | AN | IO | OO | IO ||||HﬂH\HHHHWIHlHIHH\HH
— — . '\\\
bq(k) 55555 }_{_ozvin?fil’derﬂatten % \\::\\\ ﬁHilbert order Flatten /

Visual tokens € RIXHxWxd

(Adjacent tokens have similar color) [D Not self-sim blocks — Reorder path {  Split blocks]

- TopCdf
;= Attention score | Al €™ H| & (tau)0f]l & 7HX| 2 =AHE D 2= 2

def Top_Cdf(P[i], tau):

sorted_P, idx = torch.sort(P[i], descending=True)
cusum_P = torch.cumsum(sorted_P, dim=0)

mask = cusum_P <= tau * P[1].sum()

M i = torch.zeros_like(mask)

M_1i[idx] = mask
‘\ 5“_,0'_“‘ &::1 return M_1 | VDS |

4% SOGANG UNIVERSITY 19




1)

SpargeAttention!

* Proposed Method
= Sparse Warp Online Softmax

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

- Key idea
- Online softmax U}’ & attention mapOﬂkl M2 U= %SWE A—E IS
o P9-| 20| 00| Z=3| 7172 pve W= Vts Pij = exp(Sij — mij)
O,; = diag (exp(m; j—1 —myj)) Oi j—1 + Pi;Vj
v X block2| Z[BEL S 7t XS XS] =[St m ELF 2B PV &=
| | | | [ S
C0111[111te ’ihe Li)cal Max In,local . g tep201| A skip 2| plock
Update Every [; - -
tefuionin (71 (T3l /;.,» Step30fl AT skip & block
arp v [ ¥ | ¥ 1=
|:":| IF max(miocal — Malobal) < A 4&51/ % N
Tglobal Then Further Skip PV Va g * Warp GPUj|- E” Ol EI = X-I El Ol-E 327H ﬁE-"EQ_
T - 1 : |J - ] ) / E x| E o El-ol
1 e WSSl L g oof s SrsE g 2K
P, V| SKIP | SKIP SKIP | - - - (:] Vi i
Step3. Sparse Warp Online Softmax c wr§ )

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

SpargeAttention!

» Experimental Results

= Quantitative Results

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

Model (seq_len) | Attention (Sparsity) Speed (TOPS)t | WikiText (Ppl.) | | Longbench 1 | InfiniteBench 1 | NIAH 1
Full-Attention 156.9 6.013 38.682 0.6594 0.907
Minference (0.5) 140.1 10.631 28.860 05152 0.832
Llama3.1 FlexPrefill (0.5) 240.6 6.476 38.334 0.6460 0.858
(128K) Minference (0.3) 115.7 6.705 34.074 0.6532 0.870
FlexPrefill (0.42) 206.9 6.067 38.334 0.6581 0.878
SpargelAttn (0.54) 708.1 6.020 39.058 0.6638 0.909
Model (seq_len) | Attention (Sparsity) Speed (TOPS)t | CLIPSIM 1 | CLIP-T1 | VQA-at | VQA-t1 | FScore
Full-Attention 166.0 0.1819 0.9976 80.384 75.946 5342
Minference (0.5) 264.6 0.1728 0.9959 70.486 62410 2.808
CogvideoX FlexPrefill (0.6) 175.3 0.1523 0.9926 1.5171 4.5034 1.652
(17K) Minference (0.3) 196.9 0.1754 0.9964 77.326 63.525 3.742
FlexPrefill (0.45) 142.0 0.1564 0.9917 7.7259 8.8426 2.089
SpargeAt tn (0.46) 507.9 0.1798 0.9974 78276 | 74.846 5.030
Full-Attention 164.2 0.1725 0.9990 56.472 67.663 1.681
Minference (0.5) 202.4 0.1629 0.9891 6.668 50.839 0.653
Mochi FlexPrefill (0.48) 191.3 0.1667 0.9898 0.582 0.0043 X
(22K) Minference (0.3) 147.7 0.1682 0.9889 14.541 42956 0.833
FlexPrefill (0.4) 171.7 0.1677 0.9909 2941 0.7413 X
SpargeAt tn (0.47) 582.4 0.1720 0.9990 54179 | 67219 1.807
Model (seq_len) | Attention (Sparsity) | CLIPSIM T | CLIP-T1 | VQA-at | VQA-t1 | FScoret | Latency |
Open-Sora—Plan | Full-Attention 0.1650 0.9994 81.40 80.60 0.847 629s
(38K) SpargeAttn (0.34) 0.1686 0.9985 | 77.59 { 76.91 ‘ 0.839 ‘ 393s
Model (seq_len) | Attention (Sparsity) Speed (TOPS)T FID | CLIP t IR t
Full-Attention 158.2 166.103 31217 0.8701
Minference (0.5) 151.8 180.650 30.235 0.4084
Flux FlexPrefill (0.48) 47.7 443.928 18.3377 -2.2657
(4.5K) Minference (0.3) 1189 170.221 31.001 0.7701
FlexPrefill (0.41) 409 405.043 19.5591 -2.2362
SpargeAttn (0.38) 280.3 163.982 31.448 0.9207
Full-Attention 164.2 166.101 32.007 0.9699
Stable— Mini'ere{lce (0.5) 186.4 348.930 18.3024 -2.2678
Diffusion3.5 Flt.:xPrehll (0.37) 23.1 350.497 18.447 -2.2774
(45K) Minference (0.3) 1503 337.530 18.099 -2.2647
: FlexPrefill (0.35) 227 348.612 18.147 -2.2756
SpargeAttn (0.31) 2930 166.193 32.114 0.9727
Ay k-Ln
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Zhang, Jintao, et al. "SpargeAttention: Accurate and Training-free Sparse Attention Accelerating Any Model Inference." Forty-second International Conference on Machine Learning.

)

SpargeAttention!

» Experimental Results

= Quantitative Results

- End-to-end speedup

s+ Original 1 H| S A 2F 1.6x 2 F2 &

Model | GPU |Original|SageAttn|SpargeAttn
CogvideoX |RTX4090, 87s 68 s 53s
Mochi L40 1897 s 1544 s 1037 s
Llama3.1 (24K) RTX4090 4.01s 3.53s 2.6s
Llama3.1 (128K) L40 52s 42s 29.98 s

- Overhead of sparse block prediction

;= Sequence length?t 74 & =5 overhead= O|0| 2t =&

Sequence Len | Prediction (ms) | Full Attention (ms) | Overhead

8k 0.251 6.649 3.78%
16k 0.487 26.83 1.82%
32k 0.972 106.68 0.911%
64k 2.599 424.24 0.612%
128k 8.764 1696.2 0.516%
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1) Zhang, Jintao, et al. "SpargeAttention: Accurate and Training-free Sparse Attention Accelerating Any Model Inference." Forty-second International Conference on Machine Learning.

SpargeAttention!

» Experimental Results

= Qualitative Results

- Mochi on L40 GPU, with no video quality loss

Full Attention &
End-to-End Time: K
1897s on L40 :

SpargeAtin
End-to-End Time:
1037s on L40
1.83x Speedup

- CogvideoX

Full Attention

Full Attention
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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, Huigiang, 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).

SpargeAttention!

« Experimental Results

Qualitative Results
- Comparison examples on Flux and Stable-Diffusion3.5
'+ Minference?: 573 IfH = 0| 2| Fe|st, O W{HO| LiEIL= F 5T
SEA

: FlexPrefil): S 27} ¥ 2 EZ=2 AMOM M5t = 2y

F

ﬂJH

ohAl ALk

Full Attention SpargeAttention FIexPreflll

Minference

lu

il i wﬁh 1-w~r i

Prompt1

Prompt2

e e - - - - - - — o e - e = = = = == = —
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