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Abstract
The efficiency of attention is critical because
its time complexity grows quadratically with se-
quence length. SageAttention2 addresses this by
using quantization to speed up matrix multiplica-
tions (Matmul) in attention. To further accelerate
SageAttention2, we propose to utilize the faster
instruction of FP8 Matmul accumulated in FP16.
The instruction is 2× faster than the FP8 Mat-
mul used in SageAttention2. Our experiments
show that SageAttention2++ achieves a
3.9× speedup over FlashAttention while main-
taining the same attention accuracy as SageAt-
tention2. This means SageAttention2++ ef-
fectively accelerates various models, including
those for language, image, and video genera-
tion, with negligible end-to-end metrics loss. The
code is available at https://github.com/
thu-ml/SageAttention.

1. Introduction
The quadratic time complexity of attention necessitates effi-
cient implementations for real-world applications with long
sequences (Jiang et al., 2024). Current approaches to reduce
attention’s computational demands fall into three main cat-
egories: (1) linear attention methods (Wang et al., 2020;
Choromanski et al., 2021; Yu et al., 2022; Katharopoulos
et al., 2020; Qin et al., 2024; Yang et al., 2024) that achieve
O(N) complexity, and (2) sparse attention techniques (Liu
et al., 2021; Chu et al., 2021; Li et al., 2022; Xiao et al.,
2024b;a; Chen et al., 2024; Jiang et al., 2024; Venkatara-
manan et al., 2024; Gao et al., 2024; Fu et al., 2024; Zhang
et al., 2025e; Xi et al., 2025; Zhang et al., 2025f; Yang et al.,
2025) that process only relevant context portions. While ef-
fective, these methods often exhibit limited generality across
models and tasks. (3) An alternative direction focuses on
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hardware-optimized attention implementations that main-
tain full sequence computation while achieving superior
speed and accuracy. Notable examples include FlashAt-
tention (Dao et al., 2022), FlashAttention2 (Dao, 2024;
Shah et al., 2024), xFormers (Lefaudeux et al., 2022), and
SageAttentions (Zhang et al., 2025c;c;d;b) which demon-
strate strong performance across diverse applications.

Motivation, problem, and our approach. For the
second matrix multiplication (Matmul) PV in attention,
SageAttention2 accelerates it by quantizing to FP8 and
using the mma.f32.f8.f8.f32 instruction. How-
ever, mma.f32.f8.f8.f32 employs an FP32 accumu-
lator and is only 2× faster than FP16. We find that
the mma.f16.f8.f8.f16 instruction (using FP16 ac-
cumulator for FP8 Matmul) achieves 4× speedup over
FP16 (NVIDIA, 2022). Therefore, we aim to accelerate
SageAttention2 by using the faster instruction. However,
directly using the faster instruction will lead to the values of
PV exceeding the representable range of FP16. To address
the problem, we propose to narrow the quantization range
of P and V to satisfy the accumulator range in FP16.

Performance. For efficiency, SageAttention2++ de-
livers a 3.9× speedup over FlashAttention. In terms of ac-
curacy, SageAttention2++ matches SageAttention2’s
performance. We conduct comprehensive evaluations on
state-of-the-art models for text, image, and video generation.
The results demonstrate that SageAttention2++ pro-
vides plug-and-play acceleration with negligible end-to-end
metrics loss across diverse models.

2. Preliminary

Table 1. Speedup compared to matrix multiplication in FP16 with
an FP32 accumulator.

GPU MM Input MM Accumulator Speedup

RTX4090
RTX5090

FP16 FP32 1x
FP8 FP32 2x
FP8 FP16 4x

2.1. SageAttention2

SageAttention2 (Zhang et al., 2025a) is a quantiza-
tion (Zhang et al., 2025g; Hu et al., 2025) method based
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Table 2. Average attention accuracy across all attention layers of
CogvideoX.

Method Pr Vr Cossim↑ L1↓
SageAttn2 448 448 99.97% 0.01862

SageAttn2++ 448 2.25 99.97% 0.01863
SageAttn2++ 224 4.5 99.97% 0.01862
SageAttn2++ 112 9 99.97% 0.01863

on FlashAttention (Dao et al., 2022). FlashAttention tiles
Q,K,P, V into blocks ({Qi}, {Ki}, {P̃i}, {Vi}) and uses
online softmax (Milakov & Gimelshein, 2018) to compute
attention progressively. For simplicity, we omit the sub-
scripts ({Qi}, {Ki}, {P̃i}, {Vi}) in the following content
and use Q,K, P̃ , V to represent the tiled blocks. SageAt-
tention2 quantizes Q,K to INT4/INT8 with per-block gran-
ularity, P̃ to FP8 in E4M3 with per-block granularity, and
quantizes V to FP8 in E4M3 with per-channel granular-
ity. This means each Q,K, P̃ has a separate scale fac-
tor: δQ = max(|Q|)/127, δK = max(|K|)/127, δP =

max(|P̃ |)/448, and each channel of V has a separate scalar
scale: δV = colmax(|V |)/448. By doing so, SageAtten-
tion2 accelerates matrix multiplications in attention through
low-bit Tensor Core operations. For example, P̂ = ⌈P̃ /δP ⌋,
V̂ = ⌈V/δv⌋. Then, PV = P̂ V̂ ∗ δP ∗ δV .

2.2. Data Type of Accumulator for Matmul

In some GPUs, the speed of Matmul instructions de-
pends on the accumulator data type. For instance,
mma.f32.f8.f8.f32 uses FP32 accumulator for FP8
Matmul and is only 2× faster than FP16. The in-
struction using FP16 accumulator for FP8 Matmul
(mma.f16.f8.f8.f16) is 4× faster than FP16. Table 1
summarizes the speedup of Matmul instructions with differ-
ent accumulators.

3. SageAttention2++
In this section, we introduce SageAttention2++.
The workflow of SageAttention2++ is based on
SageAttention2, also using the smoothing of Q and K,
INT4/INT8 quantization for QK⊤ Matmul and FP8 quan-
tization for PV Matmul. The main difference is that
for PV , SageAttention2++ uses the faster instruction
(mma.f16.f8.f8.f16), which employs an FP16 accu-
mulator for the FP8 Matmul. To ensure the results of FP8
Matmul remain within FP16’s representable range, we ad-
just the scale factor of the FP8 quantization.

3.1. Narrowing the FP8 Quantization Range

The specific MMA (NVIDIA, 2025) instruction used for
the MatMul between P and V is mma.m16n8k32. If we
quantize P and V to FP8 in E4M3 (-448∼448) as in SageAt-

tention2, the results may exceed FP16’s representable range
(-65504∼65504). This occurs because 32 product values
pv are accumulated in FP16, where p and v come from
quantized P̂ and V̂ (derived from P̃ and V ). To ensure the
accumulated results stay within FP16’s range:

|32× pv| ≤ 65504 (1)

For instance, choosing |p| ≤ 224 and |v| ≤ 9 satisfies this
condition. We therefore narrow the quantization ranges of
P and V by adjusting their scale factors:

δP = |max(P̃ )|/Pr, δV = |max(V )|/Vr (2)

where we constrain Pr × Vr ≤ 2047 (since 65504/32 =
2047).

3.2. Delayed FP32 Buffering

The transformation of accumulated values from
mma.m16n8k32 (in FP16) to FP32 incurs overhead
because it needs additional data type conversion PTX
instructions (NVIDIA, 2025) to execute. To reduce this over-
head, we accumulate two consecutive mma.m16n8k32
results in FP16 before performing FP32 conversion, effec-
tively halving the transformation overhead. Maintaining the
FP16 representable range requires:

Pr × Vr ≤ 2047/2 (3)

Choice of Pr and Vr. Table 2 shows attention accuracy
for feasible (Pr, Vr) pairs. The results demonstrate that
narrowing quantization ranges introduces negligible error.
We select Pr = 224 and Vr = 4.5 for optimal performance.

4. Experiment
Main result. SageAttention2++ achieves up to 3.9×
speedup over FlashAttention2 while consistently outper-
forming both SageAttention and SageAttention2 in compu-
tational efficiency. Importantly, these performance gains
are achieved with negligible impact on end-to-end metrics
across diverse model architectures.

4.1. Setup

Models and attentions. We evaluate
SageAttention2++ across diverse representative
models spanning language, image, and video generation:
Llama3.1 (8B) (Dubey et al., 2024) for text2text,
CogvideoX (2B), HunyuanVideo (Kong et al.,
2024), and Wan (Wan et al., 2025) for text2video,
and Flux (schnell) (Black Forest Labs, 2023) and
Stable-Diffusion3.5 (turbo) (Stability AI, 2023)
for text2image. We compare our method with FlashAtten-
tion2 (Dao, 2024), SageAttention (Zhang et al., 2025c),
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Figure 1. Speed comparison between SageAttention2++ and baselines (RTX4090, headdim=128).

1K 2K 4K 8K 16K 32K
Sequence Length

0

250

500

750

1000

Sp
ee

d 
(T

OP
S)

14
3

15
3

16
1

16
7

16
7

16
727

3 31
2

32
3

32
2

32
6

32
0

33
9

35
2

36
6

39
0

39
2

39
1

39
9

41
7

43
7

44
4

44
3

44
5

38
5

41
3

41
5

43
5

44
3

45
1

44
4 48
3

47
1

49
3

49
6

50
1

RTX4090, (Head dim = 64, causal = False)
FlashAttn
Sage1

Sage2(8+8)
Sage2++(8+8)

Sage2(4+8)
Sage2++(4+8)

1K 2K 4K 8K 16K 32K
Sequence Length

0

250

500

750

1000

94 12
4

15
0

15
9

16
2

16
4

17
4 24

6 28
9

30
8

31
5

32
2

25
2 29
9 33
6

36
1

37
6

38
2

28
7 34

3 40
0

42
8

44
3

45
3

28
7 35

5

37
6

40
6

43
4

44
0

34
7 42

1 47
9 52
0

53
5

53
7

RTX4090, (Head dim = 64, causal = True)
FlashAttn
Sage1

Sage2(8+8)
Sage2++(8+8)

Sage2(4+8)
Sage2++(4+8)

Figure 2. Speed comparison between SageAttention2++ and baselines (RTX4090, headdim=64).
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Figure 3. Speed comparison between SageAttention2++ and baselines (RTX5090, headdim=128).
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Figure 4. Speed comparison between SageAttention2++ and baselines (RTX5090, headdim=64).
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Figure 5. A visible example of using SageAttention2++.

and SageAttention2 (Zhang et al., 2025a). Please note
that FlashAttention3 can only run on Hopper GPUs,
so FlashAttention2 is already the fastest version for
RTX5090 and RTX4090. Following SageAttention2’s

approach, we implement two SageAttention2++
variants: SageAttn2++(8+8) (INT8 for Q,K) and
SageAttn2++(4+8) (INT4 for Q,K), both using FP8
in E4M3 for P̃ , V .
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Table 3. End-to-end metrics across text, image, and video generation models.

Model Attention WikiText (Ppl.) ↓ Lambda (Acc.) ↑ NIAH (Acc.) ↑

Llama3.1
Full-Precision 6.013 0.815 0.906
SageAttn2(8+8) 6.019 0.811 0.903
SageAttn2++(8+8) 6.020 0.813 0.901

Model Attention CLIPSIM ↑ CLIP-T ↑ VQA-a ↑ VQA-t ↑ FScore ↑

CogvideoX
(2B)

Full-Precision 0.179 0.997 74.499 74.642 4.974
SageAttn2(4+8) 0.179 0.997 76.309 66.396 4.386
SageAttn2(8+8) 0.178 0.997 74.322 74.447 4.899
SageAttn2++(4+8) 0.179 0.997 74.387 66.568 4.333
SageAttn2++(8+8) 0.179 0.997 76.309 73.165 4.386

Hunyuan
Video

Full-Precision 0.175 0.999 77.437 52.731 1.169
SageAttn2(4+8) 0.176 0.999 73.282 55.141 0.968
SageAttn2(8+8) 0.175 0.999 78.145 54.878 1.176
SageAttn2++(4+8) 0.176 0.999 73.282 52.258 0.968
SageAttn2++(8+8) 0.175 0.999 78.569 51.080 1.192

Wan

Full-Precision 0.172 0.999 53.255 59.989 1.843
SageAttn2(4+8) 0.176 0.998 29.728 38.533 0.994
SageAttn2(8+8) 0.172 0.999 49.794 55.712 1.870
SageAttn2++(4+8) 0.176 0.998 29.728 38.023 0.994
SageAttn2++(8+8) 0.172 0.999 50.876 57.140 1.902

Model Attention FID ↓ sFID ↓ CLIP ↑ IR ↑

Flux

Full-Precision 165.117 147.831 31.401 0.912
SageAttn2(4+8) 164.170 147.185 31.358 0.910
SageAttn2(8+8) 163.185 146.101 31.453 0.905
SageAttn2++(4+8) 164.170 147.185 31.358 0.910
SageAttn2++(8+8) 163.555 146.036 31.445 0.902

Stable-Dif
fusion3.5

Full-Precision 166.369 146.514 31.876 0.929
SageAttn2(4+8) 164.610 147.350 31.912 0.914
SageAttn2(8+8) 164.971 148.498 31.964 0.931
SageAttn2++(4+8) 164.610 147.350 31.912 0.914
SageAttn2++(8+8) 165.842 146.465 31.968 0.929

Datasets and metrics. Detailed dataset and metric informa-
tion appears in Appendix A.2.

Implementation. We implement SageAttention2++
using CUDA.

4.2. Speed of Kernels

Kernel Speed. We benchmark the speed of
SageAttention2++ against baselines with head-
dim=64 and headdim=128, both with and without a Causal
Mask (Vaswani, 2017). Specifically, Fig. 1 shows the speed
across varying sequence lengths on RTX4090, indicating
that SageAttn2++(4+8) and SageAttn2++(8+8)
are approximately 3.9x and 3.0x faster than FlashAttention2,
respectively. Fig. 2, 3 and 4 show more kernel speed
comparison on RTX4090 and RTX5090 GPUs.

4.3. End-to-end Performance

Metrics loss. We evaluate end-to-end model perfor-
mance using SageAttention2++ against baseline meth-

ods. Detailed evaluation results are presented in Ta-
ble 3. The results indicate that SageAttn2++(8+8)
and SageAttn2++(4+8) match the end-to-end metrics
of SageAttention2. Specifically, SageAttn2++(8+8)
incurs almost no metrics loss across various models and
SageAttn2++(4+8) brings a little metrics loss.

Visible image and video examples. Fig.5, 6, and 7 in
Appendix A.1 show some visible comparison examples.

5. Conclusion
We introduce SageAttention2++ to further acceler-
ate SageAttention2. We propose to utilize the faster
instruction of FP8 Matmul accumulated in FP16 for
the matrix multiplication of PV . Experiments show
that SageAttention2++ achieves a 3.9× speedup
over FlashAttention while maintaining the same at-
tention accuracy as SageAttention2. This means
SageAttention2++ can accelerate various models, in-
cluding those for language, image, and video generation,
with negligible end-to-end metrics loss.
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Impact Statement
This paper presents work that aims to advance the field
of Machine Learning. There are many potential societal
consequences of our work, none of which we feel must be
specifically highlighted here.
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A. Appendix
A.1. Visible Comparison Examples

Sage2++ (8+8)Full Precision Sage2++ (4+8)

Flux

Stable-
Diffusion

-3.5

Sage2++ (8+8)Full Precision Sage2++ (4+8)

Figure 6. Visible examples of using SageAttention2++ on image generation.

A.2. Datasets and Metrics in Experiments

Datasets. Text-to-text models are evaluated on: WikiText (Merity et al., 2022) to assess the model’s prediction confidence,
LAMBADA (Paperno et al., 2016) for contextual understanding, and Needle-in-A-Haystack (NIAH) task (Kamradt, 2023).
Text-to-video models are evaluated using the open-sora (Zheng et al., 2024) prompt sets. Text-to-image models are assessed
on COCO annotations (Lin et al., 2014).

End-to-end metrics. For text-to-text models, we use perplexity (Ppl.) (Jelinek et al., 1977) for WikiText, accuracy
(Acc.) for LAMBADA and NIAH. For text-to-video models, following Zhao et al. (2025), we evaluate the quality of
generated videos on five metrics: CLIPSIM and CLIP-Temp (CLIP-T) (Liu et al., 2024) to measure the text-video alignment;
VQA-a and VQA-t to assess the video aesthetic and technical quality, respectively; and Flow-score (FScore) for temporal
consistency (Wu et al., 2023). For text-to-image models, generated images are compared with the images in three aspects:
FID (Heusel et al., 2017) and sFID (Salimans et al., 2016) for fidelity evaluation, Clipscore (CLIP) (Hessel et al., 2021) for
text-image alignment, and ImageReward (IR) (Xu et al., 2023) for human preference.

Accuracy metrics. We use three metrics to assess the accuracy of quantized attention output O′ compared to atten-
tion output in full-precision O. First, we flatten O′ and O into vectors in the shape of 1 × n. Then, Cosine similar-
ity: CosSim =

∑
OO′/

√∑
O2

√∑
O′2, Relative L1 distance: L1 =

∑
|O − O′|/

∑
|O|, Root mean square error:

RMSE =
√

(1/n)
∑

(O −O′)2.
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Figure 7. Visible examples of using SageAttention2++ on video generation.
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