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Abstract
Although quantization for linear layers has been
widely used, its application to accelerate the atten-
tion process remains limited. To further enhance
the efficiency of attention computation compared
to SageAttention while maintaining precision, we
propose SageAttention2, which utilizes sig-
nificantly faster 4-bit matrix multiplication (Mat-
mul) alongside additional precision-enhancing
techniques. First, we propose to quantize matri-
ces (Q,K) to INT4 in a hardware-friendly thread-
level granularity and quantize matrices (P̃ , V ) to
FP8. Second, we propose a method to smooth Q,
enhancing the accuracy of INT4 QK⊤. Third, we
propose a two-level accumulation strategy for P̃ V
to enhance the accuracy of FP8 P̃ V . The oper-
ations per second (OPS) of SageAttention2
surpass FlashAttention2 and xformers by about
3x and 4.5x. Moreover, SageAttention2
matches the speed of FlashAttention3(fp8) on the
Hopper GPUs, while delivering much higher ac-
curacy. Comprehensive experiments confirm that
our approach incurs negligible end-to-end met-
rics loss across diverse models, including those
for language, image, and video generation. The
code is available at https://github.com/
thu-ml/SageAttention.

1. Introduction
Due to the quadratic time complexity of attention, its effi-
cient implementation becomes crucial as sequence lengths

*Equal contribution 1Dept. of Comp. Sci. and Tech., Insti-
tute for AI, BNRist Center, THBI Lab, Tsinghua-Bosch Joint ML
Center, Tsinghua University 2Institute for Interdisciplinary Infor-
mation Sciences, Tsinghua University. Correspondence to: Jianfei
Chen <jianfeic@tsinghua.edu.cn>.

Proceedings of the 42nd International Conference on Machine
Learning, Vancouver, Canada. PMLR 267, 2025. Copyright 2025
by the author(s).

increase in real-world applications (Jiang et al., 2024; Zhang
et al., 2025b). Several strategies have been developed to
mitigate the computational demands of attention —such as
(1) Linear attention methods (Wang et al., 2020; Choro-
manski et al., 2021; Yu et al., 2022; Katharopoulos et al.,
2020) that reduce complexity to O(N) and (2) Sparse at-
tention methods (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; Venkataramanan et al., 2024; Gao et al., 2024; Fu
et al., 2024; Zhang et al., 2025e; Xi et al., 2025; Yang et al.,
2025a; Zhang et al., 2025f;h;i) that selectively process parts
of the context — these methods are only suitable for a lim-
ited range of models and tasks. The widely used attention
methods optimize attention by exploiting hardware capaci-
ties, such as FlashAttention V1, V2, V3 (Dao et al., 2022;
Dao, 2024; Shah et al., 2024), xformers (Lefaudeux et al.,
2022), and SageAttention (Zhang et al., 2025c;d;g;a). These
works do not omit computations across the entire sequence
and achieve impressive speed and accuracy performance
across various tasks.

Motivation. For the two matrix multiplication (Matmul)
operations in attention: QK⊤ and P̃ V , SageAttention ac-
celerates them by quantizing the QK⊤ to INT8 and uses
FP16 Matmul with FP16 accumulators for P̃ V . More-
over, to maintain attention accuracy, SageAttention pro-
poses smoothing K by eliminating its channel-wise out-
liers. SageAttention achieves 2 × speedup compared with
FlashAttention2 and is the first quantized attention that in-
curs a negligible end-to-end metrics loss across language,
image, and video generation models. However, SageAt-
tention has two weaknesses. (W1) INT8 Matmul achieves
only half the speed of INT4. (W2) FP16 Matmul with FP16
accumulators provides a speedup only on RTX 4090 and
RTX 3090 GPUs. To leverage the faster INT4 tensor cores
for QK⊤ and using a method that can accelerate P̃ V on
a broader range of GPUs, we propose to quantize Q,K to
INT4 and P̃ , V to FP8.

Challenges. Quantizing Q,K to INT4 and P̃ , V to FP8
presents significant challenges. For example, when only per-
tensor quantizing Q,K to INT4, the text-to-video model
CogvideoX will generate a completely blurry video, and
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Figure 1. The upper left figure shows the kernel speedup on RTX4090 GPU. The upper right figure shows the end-to-end inference
speedup of generating the first token and performance metrics for the Needle-in-a-Haystack task (Kamradt, 2023) with a sequence length
of 100K on Llama3.1 on L20 GPU. The figure below shows two videos generated by CogvideoX (1.5-5B) using FlashAttention2 and
SageAttention2 on RTX4090, showing that SageAttention2 accelerates generation by 1.8x with no video quality loss.

Llama3 only achieves a random-guessing-level accuracy
of 25% on MMLU. After an in-depth investigation, we
identified three primary challenges: (C1) The numerical
range of INT4 is quite limited compared to FP16 or INT8,
leading to significant quantization errors when Q and K
have some abnormal values. (C2) We discover that the
FP32 accumulator designed for FP8 matrix multiplication in
the tensor core (mma.f32.f8.f8.f32) is actually FP22,
specifically with 1 sign bit, 8 exponent bits, and 13 mantissa
bits. This will lead to an accuracy loss of P̃ V .

Our approach. To address (C1), we first discover that the
per-block quantization of Q,K in SageAttention does not
achieve sufficient accuracy for INT4 quantization. Simul-
taneously, to avoid the extra latency caused by per-token
dequantization, where each GPU thread corresponds to mul-
tiple quantization scales, we propose an adequately precise
quantization method that incurs no additional dequantization
overhead. Specifically, we introduce a per-thread quanti-
zation approach based on the mapping between the GPU
threads and the memory layout of matrices as dictated by
the PTX mma instructions. This method groups tokens cor-
responding to the same thread for quantization and dequan-
tization, ensuring that each thread is associated with a single
quantization scale. This approach achieves much better ac-
curacy performance than per-block quantization with no
additional dequantization overhead. Second, for the signifi-
cant channel-wise outliers in matrices Q and K, we adopt
smoothing K in SageAttention and further propose an effec-
tive method to remove these outliers in Q. Specifically, we
propose subtracting the average value of the channel dimen-

sion of Q, referred to as
−→
Qm. Then, we add

−→
QmK after

the QK⊤ Matmul to ensure the correctness of the attention
computation. To address (C2), the accuracy loss caused by
the 22-bit accumulator for FP8 Matmul of P̃ V , we propose
a two-level accumulation strategy that uses an FP32 buffer
to accumulate the values from the 22-bit accumulator after
each block Matmul of P̃ V . This method confines the errors
to the block range. Additionally, we design an optional
technique to enhance the accuracy of the 22-bit accumulator.
Specifically, we could smooth V by subtracting the average
value of its channel dimension and adding the subtracted
item to the attention output to maintain the correctness.

Performance. We offer a high-performance implementation
of SageAttention2 on RTX4090 and L20 GPUs. This
implementation achieves a peak performance of 481 TOPS
on the RTX4090, outperforming FlashAttention2 and xform-
ers by approximately 3x and 4.5x, respectively. To support
NVIDIA Hopper GPUs, which lack native INT4 tensor core
support, we additionally provide SageAttention2-8b,
a variant that quantizes Q,K to INT8. FlashAttention3, in
contrast, is tailored to and only compatible with the Hopper
architecture. Moreover, SageAttention2-8b matches
the speed of FlashAttention3(fp8) on Hopper GPUs, while
delivering much better accuracy. For example, on popu-
lar video generation models, our method does not compro-
mise end-to-end accuracy, whereas FlashAttention3(fp8)
brings noticeable degradation, as visualized in Fig. 7 and
9. We extensively evaluate the end-to-end metrics of
state-of-the-art text, image, and video generation models.
SageAttention2 can accelerate models in a plug-and-
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play way with negligible loss in end-to-end metrics.

2. Preliminary
2.1. FlashAttention

The attention computation can be formulated as: S =
QK⊤/

√
d, P = σ(S), O = PV , where σ(S)ij =

exp(Sij)/
∑

k exp(Sik). The matrices Q, K, and V each
have dimensionality N × d, and S, P are N × N . d is
typically small, e.g., 64 or 128, and N can be thousands or
millions. The time complexity of attention is O(N2), pri-
marily due to two matrix multiplications (QK⊤ and PV ),
both with complexities of O(N2d). FlashAttention (Dao,
2024) is a GPU-friendly attention implementation, which
tiles Q, K, and V from the token dimension into blocks
{Qi}nq

i=1, {Ki}nk
i=q, {Vi}nv

i=1 with block sizes of bq, bk, bv
tokens, respectively, where nq, nk, nv are the number of
tiles, and bk = bv. FlashAttention computes the output ma-
trix O in parallel in tiles. Each streaming multiprocessor
(SM) computes a block Oi (corresponds to a Qi) by itera-
tively loads Kj , Vj for each j, and update the output with
online softmax (Milakov & Gimelshein, 2018):

Sij =QiK
⊤
j /

√
d, (mij , P̃ij) = σ̃(mi,j−1, Sij), (1)

lij =exp(mi,j−1 −mij)li,j−1 + rowsum(P̃ij),

Oij =diag (exp(mi,j−1 −mij))Oi,j−1 + P̃ijVj ,

where mij and lij are bq-dimenalional vectors, initialized
with −∞ and 0 respectively. σ̃(·) is an online softmax
operator: mij = max{mi,j−1, rowmax(Sij)}, P̃ij =
exp(Sij −mij). Finally, the output is computed as Oi =
diag(li,nq

)−1Oi,nq
.

2.2. Quantization

A matrix multiplication C = AB can be accelerated with
quantization as:

(δA, Â) = ψ(A), (δB , B̂) = ψ(B), C = ψ−1
δAδB

(ÂB̂)

ψ is a quantizer which converts a high-precision (e.g.,
FP32 or FP16) matrix A to a low-precision format Â
(e.g., INT4 or FP8) with a scale δA, and ψ−1 is a de-
quantizer to convert back to high-precision. We should
have ψ−1

δA
(Â) ≈ A. The actual matrix multiplication ÂB̂

is performed with low precision. In modern GPUs, low-
precision matrix multiplication is usually multiple times
faster than higher-precision ones. Quantizers differ in nu-
merical format and granularity, e.g., how many elements
(“quantization group”) share a common scale factor. For
example, an INT4, per-tensor quantizer first computes the
scale as the maximum absolute value of the entire tensor,
scales the elements to the maximum representable range
of INT4 [-7, +7], and then casts to INT4 with rounding:

Â = ⌈A/δA⌋, δA = max(|A|)/7. The dequantization pro-
cess is an element-wise scaling. For example, for per-tensor
dequantization, ψ−1

δAδB
(ÂB̂) = ÂB̂ × δAδB .

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

GPU MM Input MM Accumulator Speedup

RTX4090 FP16 FP16 2x
FP8 FP32 2x

L40, L20
H100

FP16 FP16 1x
FP8 FP32 2x

2.3. SageAttention

Based on the block tiling in FlashAttention (Dao et al.,
2022), SageAttention (Zhang et al., 2025c) quantizes Q,K
to INT8 in a per-block granularity, that is, each Qi,Ki

has a separate scalar scale: δQi = max(|Qi|)/127, δKj =
max(|Kj |)/127. In this way, the product Sij in Eq. (1)
can be approximated as Sij ≈ Q̂iK̂

⊤
j × (δQi

δKj
/
√
d). To

maintain accuracy, SageAttention proposes a preprocess-
ing technique by subtracting the token-wise mean from K.
Additionally, SageAttention keeps P̃ij and Vj in FP16, but
utilizes an FP16 accumulator (rather than FP32) for com-
puting the product P̃ijVj . Reducing accumulator precision
can accelerate matrix multiplication (MM) on the RTX4090
GPU. However, other GPUs, such as L20, L40, or H100, do
not exhibit this behavior, as shown in Table 1.

3. SageAttention2
In this section, we introduce SageAttention2, an efficient
and accurate quantized attention. The workflow of SageAt-
tention2 is shown in Fig. 3. We quantize Q,K to INT4
and P̃ , V to FP8 to maximize the efficiency and propose
several techniques, including QK-smoothing, per-thread
quantization, and two-level accumulation to preserve the
accuracy, which we shall discuss in subsequent subsections.

3.1. Smooth Q

First, we discuss how to accurately compute QK⊤ with
INT4. The numerical range of INT4 is notably restrictive.
This affects quantization due to the presence of outliers (Lin
et al., 2025). Given the INT4 range [-7, +7], any element
will be quantized to zero if it is more than 14 times (0.5
vs 7) smaller than the largest element in the group. Since
outliers are much larger than other elements, it is likely that
many non-outlier elements are quantized to zero, leading
to substantial accuracy degradation. Therefore, to keep the
quantization accurate, we need to keep the largest element
small, making the magnitude of elements as uniform as
possible. Such technique is called smoothing.

Here, we propose a smoothing technique inspired by
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Figure 2. Typical examples of tensors’ data distribution in attention.
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Figure 3. Workflow of SageAttention2. 1 Smooth Q,K, V .
2 A GEMV to obtain ∆S. 3 Per-thread quantize Q,K and per-

channel quantize V . 4 Perform the SageAttention2 kernel.
5 Correct the output.

SageAttention (Zhang et al., 2025c). SageAttention ob-
served that Q,K for all tokens are actually highly similar,
with only small variations between different tokens (Fig. 2
shows the heatmap distributions of the Q, K, and V ran-
domly sampled from Llama3.1 (Dubey et al., 2024) and
CogvideoX (Yang et al., 2025b)). We propose to smooth
K as SageAttention does and further smooth Q by subtract-
ing a common mean of each block:

γ(Qi) = Qi − q̄i, γ(Kj) = Kj − k̄, (2)

where q̄i = mean(Qi), k̄ = mean(K) are 1 ×D vectors,
the mean is conducted along the token axis, and q̄i, k̄ are
broadcasted to tokens in a block and a tensor for subtraction.

With the decomposion, we have Sij = QiK
⊤
j = (q̄i +

γ(Qi))(k̄ + γ(Kj))
⊤ = q̄ik̄

⊤ + q̄iγ(Kj)
⊤ + γ(Qi)k̄

⊤ +
γ(Qi)γ(Kj)

⊤ = γ(Qi)γ(Kj)
⊤+∆Sij+b. Here, ∆Sij =

q̄iγ(Kj)
⊤ is an 1×N vector, and b = q̄ik̄

⊤ + γ(Qi)k̄
⊤ is

an N × 1 vector. We do not need to compute b since adding
a common bias to an entire row of S does not affect the
result after softmax. Therefore, we can accelerate QiK

⊤
j

with INT4 by the following two stages:
(1) preprocessing: smooth Q,K according to Eq. (2), ap-
ply quantization (δQi , Q̂i) = ψQ(γ(Qi)), (δKj , K̂j) =
ψK(γ(Kj)), and compute ∆Sij = q̄iγ(Kj)

⊤. Smoothing,

quantization, and GEMV (general matrix-vector multiplica-
tion) for computing ∆S can be fused into a single kernel,
which reads the off-chip Q and K only once.

(2) attention: execute the low-precision GEMM, dequan-
tize, and add back the vector ∆S: Sij = ψ−1

δQi
δKj

(Q̂iK̂
⊤
j )+

∆Sij . These operations are all done on chip, and the dequan-
tization and vector addition only add a marginal overhead
compared to the expensive mma operation for MM.
Importantly, γ(Qi), γ(Kj) are quantized rather thanQi,Kj .
Since the smoothed matrices are much smaller in magnitude
and contain fewer outliers, the quantization accuracy can be
significantly improved. A theoretical analysis of the benefit
of smoothing is included in Appendix A.5.

Remark. Classical techniques to improve the activation-
weight MM, such as per-channel quantization, or
SmoothQuant (Xiao et al., 2023) are not applicable here
for the query-key MM in attention. Per-channel quantiza-
tion cannot be applied to Q,K because the quantization
must be conducted along the outer axis (token dimension)
of QK⊤. On the other hand, both Q and K have significant
outliers, so trading the quantization accuracy between them
with SmoothQuant cannot work effectively, as shown in
Sec. 4. Here, we utilize the unique token similarity pattern
in attention to derive a dedicated quantization method for Q
and K. The previous work SageAttention only smooths K,
so it is less accurate than our method.

Empirical results. Fig. 20 in Appendix A.9 shows an ex-
ample from CogvideoX of the distribution of Q̂ with and
without smoothing Q. We can find that with smoothing Q,
the range of INT4 is utilized more uniformly and fully. Ta-
ble 5 presents end-to-end metrics for different quantization
methods with and without smoothing Q+K on Llama3.1
and CogvideoX (2b). The results demonstrate that smooth-
ing Q+K offers significant accuracy benefits. Also, Table 4
and 17 show that the order of effectiveness is smoothing
Q+K > smoothing Q > smoothing K > other baselines.

3.2. INT4 Per-thread Quantization

Orthogonal to smoothing, we can mitigate the problem
of outliers by refining the quantization granularity so
that the number of affected elements by outliers becomes
smaller. Although per-token quantization offers a de-
tailed level of granularity, it results in significant overhead
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<latexit sha1_base64="27aF9gcNyV8Ah3PdmkHdxk/9Dsc=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNryPBi0dI5JHAhswOvTAyO7uZmTUhhC/w4kFjvPpJ3vwbB9iDgpV0UqnqTndXkAiujet+O7m19Y3Nrfx2YWd3b/+geHjU1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hobua3nlBpHssHM07Qj+hA8pAzaqxUr/aKJbfszkFWiZeREmSo9Ypf3X7M0gilYYJq3fHcxPgTqgxnAqeFbqoxoWxEB9ixVNIItT+ZHzolZ1bpkzBWtqQhc/X3xIRGWo+jwHZG1Az1sjcT//M6qQlv/QmXSWpQssWiMBXExGT2NelzhcyIsSWUKW5vJWxIFWXGZlOwIXjLL6+S5kXZuy5f1S9LlWoWRx5O4BTOwYMbqMA91KABDBCe4RXenEfnxXl3PhatOSebOYY/cD5/AJehjNA=</latexit>

B

<latexit sha1_base64="Ah8SWUiCptj5gmV8fKTUKTRYeOk=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNryORi0dI5JHAhswOvTAyO7uZmTUhhC/w4kFjvPpJ3vwbB9iDgpV0UqnqTndXkAiujet+O7m19Y3Nrfx2YWd3b/+geHjU1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8GoOvNbT6g0j+WDGSfoR3QgecgZNVaqV3vFklt25yCrxMtICTLUesWvbj9maYTSMEG17nhuYvwJVYYzgdNCN9WYUDaiA+xYKmmE2p/MD52SM6v0SRgrW9KQufp7YkIjrcdRYDsjaoZ62ZuJ/3md1IS3/oTLJDUo2WJRmApiYjL7mvS5QmbE2BLKFLe3EjakijJjsynYELzll1dJ86LsXZev6pelyl0WRx5O4BTOwYMbqMA91KABDBCe4RXenEfnxXl3PhatOSebOYY/cD5/AJkljNE=</latexit>

C

<latexit sha1_base64="+LGMgWSF+hlURuq6ArWbQauOgNg=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr4sQk4vHCOYByRJmJ7PJmNmZZWZWCEv+wYsHRbz6P978GyfJHjSxoKGo6qa7K4g508Z1v53cyura+kZ+s7C1vbO7V9w/aGqZKEIbRHKp2gHWlDNBG4YZTtuxojgKOG0Fo9rUbz1RpZkUD2YcUz/CA8FCRrCxUrOGbtBttVcsuWV3BrRMvIyUIEO9V/zq9iVJIioM4VjrjufGxk+xMoxwOil0E01jTEZ4QDuWChxR7aezayfoxCp9FEplSxg0U39PpDjSehwFtjPCZqgXvan4n9dJTHjtp0zEiaGCzBeFCUdGounrqM8UJYaPLcFEMXsrIkOsMDE2oIINwVt8eZk0z8reZfni/rxUqWZx5OEIjuEUPLiCCtxBHRpA4BGe4RXeHOm8OO/Ox7w152Qzh/AHzucP2NKOAw==</latexit>

C = AB
Dequantization

T0
T0

T0
T0

<latexit sha1_base64="JukTOhzobL2r4JCJWhsS8jfLeyo=">AAAB73icbVDLSgNBEOz1GeMr6tHLYBDiJeyKr2PQi8cEzAOSJcxOZpMhs7PrTK8QQn7CiwdFvPo73vwbJ8keNLGgoajqprsrSKQw6Lrfzsrq2vrGZm4rv72zu7dfODhsmDjVjNdZLGPdCqjhUiheR4GStxLNaRRI3gyGd1O/+cS1EbF6wFHC/Yj2lQgFo2ilVqkzoEhqZ91C0S27M5Bl4mWkCBmq3cJXpxezNOIKmaTGtD03QX9MNQom+STfSQ1PKBvSPm9bqmjEjT+e3Tshp1bpkTDWthSSmfp7YkwjY0ZRYDsjigOz6E3F/7x2iuGNPxYqSZErNl8UppJgTKbPk57QnKEcWUKZFvZWwgZUU4Y2orwNwVt8eZk0zsveVfmydlGs3GZx5OAYTqAEHlxDBe6hCnVgIOEZXuHNeXRenHfnY9664mQzR/AHzucP0OCPLw==</latexit>

(Q̂)

<latexit sha1_base64="u3rYHFYIplx4Pu38n51PdyMoWlM=">AAAB9HicbVDLSgNBEJz1GeMr6tHLYBDiJeyKr2PQi+AlgnlAdg2zk0kyZHZmnekNhCXf4cWDIl79GG/+jZNkD5pY0FBUddPdFcaCG3Ddb2dpeWV1bT23kd/c2t7ZLezt141KNGU1qoTSzZAYJrhkNeAgWDPWjEShYI1wcDPxG0OmDVfyAUYxCyLSk7zLKQErBSW/TwDfPfqg4pN2oeiW3SnwIvEyUkQZqu3Cl99RNImYBCqIMS3PjSFIiQZOBRvn/cSwmNAB6bGWpZJEzATp9OgxPrZKB3eVtiUBT9XfEymJjBlFoe2MCPTNvDcR//NaCXSvgpTLOAEm6WxRNxEYFJ4kgDtcMwpiZAmhmttbMe0TTSjYnPI2BG/+5UVSPy17F+Xz+7Ni5TqLI4cO0REqIQ9dogq6RVVUQxQ9oWf0it6cofPivDsfs9YlJ5s5QH/gfP4ArUyRaA==</latexit>

(K̂→)

<latexit sha1_base64="2DAav7RQLKXYO8IzmZm5AENXPFA=">AAAB/XicbVDLSsNAFJ34rPUVHzs3g0Wom5KIr2XRjeCmBfuAJpbJdNIOnTyYuRFqKP6KGxeKuPU/3Pk3TtMstPXA5R7OuZe5c7xYcAWW9W0sLC4tr6wW1orrG5tb2+bOblNFiaSsQSMRybZHFBM8ZA3gIFg7lowEnmAtb3g98VsPTCoehXcwipkbkH7IfU4JaKlr7pedAQFcx1m7vXcgio+7ZsmqWBnwPLFzUkI5al3zy+lFNAlYCFQQpTq2FYObEgmcCjYuOoliMaFD0mcdTUMSMOWm2fVjfKSVHvYjqSsEnKm/N1ISKDUKPD0ZEBioWW8i/ud1EvAv3ZSHcQIspNOH/ERgiPAkCtzjklEQI00IlVzfiumASEJBB1bUIdizX54nzZOKfV45q5+Wqld5HAV0gA5RGdnoAlXRDaqhBqLoET2jV/RmPBkvxrvxMR1dMPKdPfQHxucPk06UCQ==</latexit>

(Q̂K̂→)

<latexit sha1_base64="Mpz3hOkPTIDGav9PlnuYU4s0kLM=">AAAB7XicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5gHJEmYns8mY2ZllplcIS/7BiwdFvPo/3vwbJ8keNLGgoajqprsrTAQ36HnfTmFldW19o7hZ2tre2d0r7x80jUo1ZQ2qhNLtkBgmuGQN5ChYO9GMxKFgrXB0O/VbT0wbruQDjhMWxGQgecQpQSs1u8hjZnrlilf1ZnCXiZ+TCuSo98pf3b6iacwkUkGM6fhegkFGNHIq2KTUTQ1LCB2RAetYKoldEmSzayfuiVX6bqS0LYnuTP09kZHYmHEc2s6Y4NAselPxP6+TYnQdZFwmKTJJ54uiVLio3Onrbp9rRlGMLSFUc3urS4dEE4o2oJINwV98eZk0z6r+ZfXi/rxSu8njKMIRHMMp+HAFNbiDOjSAwiM8wyu8Ocp5cd6dj3lrwclnDuEPnM8fuWuPPg==</latexit>→
<latexit sha1_base64="Mpz3hOkPTIDGav9PlnuYU4s0kLM=">AAAB7XicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5gHJEmYns8mY2ZllplcIS/7BiwdFvPo/3vwbJ8keNLGgoajqprsrTAQ36HnfTmFldW19o7hZ2tre2d0r7x80jUo1ZQ2qhNLtkBgmuGQN5ChYO9GMxKFgrXB0O/VbT0wbruQDjhMWxGQgecQpQSs1u8hjZnrlilf1ZnCXiZ+TCuSo98pf3b6iacwkUkGM6fhegkFGNHIq2KTUTQ1LCB2RAetYKoldEmSzayfuiVX6bqS0LYnuTP09kZHYmHEc2s6Y4NAselPxP6+TYnQdZFwmKTJJ54uiVLio3Onrbp9rRlGMLSFUc3urS4dEE4o2oJINwV98eZk0z6r+ZfXi/rxSu8njKMIRHMMp+HAFNbiDOjSAwiM8wyu8Ocp5cd6dj3lrwclnDuEPnM8fuWuPPg==</latexit>→

T5
T5

T5
T5

<latexit sha1_base64="8NGwGK9acUUNfznOXNyHwUOrcrI=">AAACGnicbVC7SgNBFJ31GeMramkzGIRYGHbFVxm0EdIkYB6QTZbZyWwyZPbBzF0hLPsdNv6KjYUidmLj3zhJttDEA8M9nHMvd+5xI8EVmOa3sbS8srq2ntvIb25t7+wW9vabKowlZQ0ailC2XaKY4AFrAAfB2pFkxHcFa7mj24nfemBS8TC4h3HEuj4ZBNzjlICWnIJlR4r3klMrdRK7zwQQp57VaopL9pAAruNpqfZsCKMTp1A0y+YUeJFYGSmiDDWn8Gn3Qxr7LAAqiFIdy4ygmxAJnAqW5u1YsYjQERmwjqYB8ZnqJtPTUnyslT72QqlfAHiq/p5IiK/U2Hd1p09gqOa9ifif14nBu+4mPIhiYAGdLfJigSHEk5xwn0tGQYw1IVRy/VdMh0QSCjrNvA7Bmj95kTTPytZl+aJ+XqzcZHHk0CE6QiVkoStUQXeohhqIokf0jF7Rm/FkvBjvxsesdcnIZg7QHxhfP+bEoCQ=</latexit>

ω→1
ωQωK

(Q̂K̂↑)

<latexit sha1_base64="Mpz3hOkPTIDGav9PlnuYU4s0kLM=">AAAB7XicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5gHJEmYns8mY2ZllplcIS/7BiwdFvPo/3vwbJ8keNLGgoajqprsrTAQ36HnfTmFldW19o7hZ2tre2d0r7x80jUo1ZQ2qhNLtkBgmuGQN5ChYO9GMxKFgrXB0O/VbT0wbruQDjhMWxGQgecQpQSs1u8hjZnrlilf1ZnCXiZ+TCuSo98pf3b6iacwkUkGM6fhegkFGNHIq2KTUTQ1LCB2RAetYKoldEmSzayfuiVX6bqS0LYnuTP09kZHYmHEc2s6Y4NAselPxP6+TYnQdZFwmKTJJ54uiVLio3Onrbp9rRlGMLSFUc3urS4dEE4o2oJINwV98eZk0z6r+ZfXi/rxSu8njKMIRHMMp+HAFNbiDOjSAwiM8wyu8Ocp5cd6dj3lrwclnDuEPnM8fuWuPPg==</latexit>→
<latexit sha1_base64="Mpz3hOkPTIDGav9PlnuYU4s0kLM=">AAAB7XicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5gHJEmYns8mY2ZllplcIS/7BiwdFvPo/3vwbJ8keNLGgoajqprsrTAQ36HnfTmFldW19o7hZ2tre2d0r7x80jUo1ZQ2qhNLtkBgmuGQN5ChYO9GMxKFgrXB0O/VbT0wbruQDjhMWxGQgecQpQSs1u8hjZnrlilf1ZnCXiZ+TCuSo98pf3b6iacwkUkGM6fhegkFGNHIq2KTUTQ1LCB2RAetYKoldEmSzayfuiVX6bqS0LYnuTP09kZHYmHEc2s6Y4NAselPxP6+TYnQdZFwmKTJJ54uiVLio3Onrbp9rRlGMLSFUc3urS4dEE4o2oJINwV98eZk0z6r+ZfXi/rxSu8njKMIRHMMp+HAFNbiDOjSAwiM8wyu8Ocp5cd6dj3lrwclnDuEPnM8fuWuPPg==</latexit>→

T31
T31

T31
T31

<latexit sha1_base64="Mpz3hOkPTIDGav9PlnuYU4s0kLM=">AAAB7XicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5gHJEmYns8mY2ZllplcIS/7BiwdFvPo/3vwbJ8keNLGgoajqprsrTAQ36HnfTmFldW19o7hZ2tre2d0r7x80jUo1ZQ2qhNLtkBgmuGQN5ChYO9GMxKFgrXB0O/VbT0wbruQDjhMWxGQgecQpQSs1u8hjZnrlilf1ZnCXiZ+TCuSo98pf3b6iacwkUkGM6fhegkFGNHIq2KTUTQ1LCB2RAetYKoldEmSzayfuiVX6bqS0LYnuTP09kZHYmHEc2s6Y4NAselPxP6+TYnQdZFwmKTJJ54uiVLio3Onrbp9rRlGMLSFUc3urS4dEE4o2oJINwV98eZk0z6r+ZfXi/rxSu8njKMIRHMMp+HAFNbiDOjSAwiM8wyu8Ocp5cd6dj3lrwclnDuEPnM8fuWuPPg==</latexit>→
<latexit sha1_base64="Mpz3hOkPTIDGav9PlnuYU4s0kLM=">AAAB7XicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5gHJEmYns8mY2ZllplcIS/7BiwdFvPo/3vwbJ8keNLGgoajqprsrTAQ36HnfTmFldW19o7hZ2tre2d0r7x80jUo1ZQ2qhNLtkBgmuGQN5ChYO9GMxKFgrXB0O/VbT0wbruQDjhMWxGQgecQpQSs1u8hjZnrlilf1ZnCXiZ+TCuSo98pf3b6iacwkUkGM6fhegkFGNHIq2KTUTQ1LCB2RAetYKoldEmSzayfuiVX6bqS0LYnuTP09kZHYmHEc2s6Y4NAselPxP6+TYnQdZFwmKTJJ54uiVLio3Onrbp9rRlGMLSFUc3urS4dEE4o2oJINwV98eZk0z6r+ZfXi/rxSu8njKMIRHMMp+HAFNbiDOjSAwiM8wyu8Ocp5cd6dj3lrwclnDuEPnM8fuWuPPg==</latexit>→

<latexit sha1_base64="6VWx7YHfrv84x2ozSHc3mXsq9Qc=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69BIvgqSTi17HoRfBSwX5AGspms22XbjZxd1Ioob/DiwdFvPpjvPlv3LY5aOuDgcd7M8zMCxLBNTrOt1VYWV1b3yhulra2d3b3yvsHTR2nirIGjUWs2gHRTHDJGshRsHaiGIkCwVrB8Hbqt0ZMaR7LRxwnzI9IX/IepwSN5HdCJpB0s/uJ5/rdcsWpOjPYy8TNSQVy1Lvlr04Y0zRiEqkgWnuuk6CfEYWcCjYpdVLNEkKHpM88QyWJmPaz2dET+8Qood2LlSmJ9kz9PZGRSOtxFJjOiOBAL3pT8T/PS7F37WdcJikySeeLeqmwMbanCdghV4yiGBtCqOLmVpsOiCIUTU4lE4K7+PIyaZ5V3cvqxcN5pXaTx1GEIziGU3DhCmpwB3VoAIUneIZXeLNG1ov1bn3MWwtWPnMIf2B9/gCLZJH3</latexit>

ωK [1]

<latexit sha1_base64="aQdEcTNCR0gPvuWBGvQ1s0ie3tk=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69BIvgqSTi17HoRfBSwX5AGspms22XbjZxd1Ioob/DiwdFvPpjvPlv3LY5aOuDgcd7M8zMCxLBNTrOt1VYWV1b3yhulra2d3b3yvsHTR2nirIGjUWs2gHRTHDJGshRsHaiGIkCwVrB8Hbqt0ZMaR7LRxwnzI9IX/IepwSN5HdCJpB0s/uJ5/jdcsWpOjPYy8TNSQVy1Lvlr04Y0zRiEqkgWnuuk6CfEYWcCjYpdVLNEkKHpM88QyWJmPaz2dET+8Qood2LlSmJ9kz9PZGRSOtxFJjOiOBAL3pT8T/PS7F37WdcJikySeeLeqmwMbanCdghV4yiGBtCqOLmVpsOiCIUTU4lE4K7+PIyaZ5V3cvqxcN5pXaTx1GEIziGU3DhCmpwB3VoAIUneIZXeLNG1ov1bn3MWwtWPnMIf2B9/gCJ35H2</latexit>

ωK [0]

<latexit sha1_base64="aonR9eApg2g1ac9nIuJg1om8lBI=">AAAB9HicbVDJSgNBEK2JW4xb1KOXxiB4CjPidgx68ZiAWSAZQk9PTdKkZ7G7JxCGfIcXD4p49WO8+Td2kjlo4oOCx3tVVNXzEsGVtu1vq7C2vrG5Vdwu7ezu7R+UD49aKk4lwyaLRSw7HlUoeIRNzbXATiKRhp7Atje6n/ntMUrF4+hRTxJ0QzqIeMAZ1UZyez4KTftZY9q13X65YlftOcgqcXJSgRz1fvmr58csDTHSTFCluo6daDejUnMmcFrqpQoTykZ0gF1DIxqicrP50VNyZhSfBLE0FWkyV39PZDRUahJ6pjOkeqiWvZn4n9dNdXDrZjxKUo0RWywKUkF0TGYJEJ9LZFpMDKFMcnMrYUMqKdMmp5IJwVl+eZW0LqrOdfWqcVmp3eVxFOEETuEcHLiBGjxAHZrA4Ame4RXerLH1Yr1bH4vWgpXPHMMfWJ8/kw+R/A==</latexit>

ωQ[0]

<latexit sha1_base64="PaPSTzMX0+ml314XV08XLgLDPmk=">AAAB9HicbVDJSgNBEK2JW4xb1KOXxiB4CjPidgx68ZiAWSAZQk9PT9KkZ7G7JhCGfIcXD4p49WO8+Td2kjlo4oOCx3tVVNXzEik02va3VVhb39jcKm6Xdnb39g/Kh0ctHaeK8SaLZaw6HtVciog3UaDknURxGnqSt73R/cxvj7nSIo4ecZJwN6SDSASCUTSS2/O5RNrPGtOu4/bLFbtqz0FWiZOTCuSo98tfPT9macgjZJJq3XXsBN2MKhRM8mmpl2qeUDaiA941NKIh1242P3pKzozikyBWpiIkc/X3REZDrSehZzpDikO97M3E/7xuisGtm4koSZFHbLEoSCXBmMwSIL5QnKGcGEKZEuZWwoZUUYYmp5IJwVl+eZW0LqrOdfWqcVmp3eVxFOEETuEcHLiBGjxAHZrA4Ame4RXerLH1Yr1bH4vWgpXPHMMfWJ8/lJSR/Q==</latexit>

ωQ[1]

<latexit sha1_base64="UbC+qXp8zHtzxy95wceyBjoM5Rw=">AAAB9HicbVBNS8NAEN34WetX1aOXYBE8lUTUeix68diC/YA2lM1m0i7dbOLupFBCf4cXD4p49cd489+4bXPQ1gcDj/dmmJnnJ4JrdJxva219Y3Nru7BT3N3bPzgsHR23dJwqBk0Wi1h1fKpBcAlN5CigkyigkS+g7Y/uZ357DErzWD7iJAEvogPJQ84oGsnrBSCQ9rPGtFv1+qWyU3HmsFeJm5MyyVHvl756QczSCCQyQbXuuk6CXkYVciZgWuylGhLKRnQAXUMljUB72fzoqX1ulMAOY2VKoj1Xf09kNNJ6EvmmM6I41MveTPzP66YY3noZl0mKINliUZgKG2N7loAdcAUMxcQQyhQ3t9psSBVlaHIqmhDc5ZdXSeuy4t5UrhtX5dpdHkeBnJIzckFcUiU18kDqpEkYeSLP5JW8WWPrxXq3Phata1Y+c0L+wPr8AZ2ykgM=</latexit>

ωQ[7]

<latexit sha1_base64="ZRu1Vo3mA1PBRqgO1SnCFYx+cVk=">AAAB9HicbVDJSgNBEO2JW4xb1KOXxiB4CjPux6AXwUsEs8BkCD09laRJz2J3TSAM+Q4vHhTx6sd482/sJHPQ6IOCx3tVVNXzEyk02vaXVVhaXlldK66XNja3tnfKu3tNHaeKQ4PHMlZtn2mQIoIGCpTQThSw0JfQ8oc3U781AqVFHD3gOAEvZP1I9ARnaCSvE4BE1s3uJu6p1y1X7Ko9A/1LnJxUSI56t/zZCWKehhAhl0xr17ET9DKmUHAJk1In1ZAwPmR9cA2NWAjay2ZHT+iRUQLai5WpCOlM/TmRsVDrceibzpDhQC96U/E/z02xd+VlIkpShIjPF/VSSTGm0wRoIBRwlGNDGFfC3Er5gCnG0eRUMiE4iy//Jc2TqnNRPb8/q9Su8ziK5IAckmPikEtSI7ekThqEk0fyRF7IqzWynq03633eWrDymX3yC9bHN45ukfk=</latexit>

ωK [3]

<latexit sha1_base64="OxNWMMW8gio5nPun+01zUjW0INo=">AAAB7XicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5gHJEmZnJ8mY2ZllplcIS/7BiwdFvPo/3vwbJ8keNLGgoajqprsrTAQ36HnfTmFldW19o7hZ2tre2d0r7x80jUo1ZQ2qhNLtkBgmuGQN5ChYO9GMxKFgrXB0O/VbT0wbruQDjhMWxGQgeZ9TglZqdmmk0PTKFa/qzeAuEz8nFchR75W/upGiacwkUkGM6fhegkFGNHIq2KTUTQ1LCB2RAetYKknMTJDNrp24J1aJ3L7StiS6M/X3REZiY8ZxaDtjgkOz6E3F/7xOiv3rIOMySZFJOl/UT4WLyp2+7kZcM4pibAmhmttbXTokmlC0AZVsCP7iy8ukeVb1L6sX9+eV2k0eRxGO4BhOwYcrqMEd1KEBFB7hGV7hzVHOi/PufMxbC04+cwh/4Hz+ALGXjzk=</latexit>· · ·

<latexit sha1_base64="UbC+qXp8zHtzxy95wceyBjoM5Rw=">AAAB9HicbVBNS8NAEN34WetX1aOXYBE8lUTUeix68diC/YA2lM1m0i7dbOLupFBCf4cXD4p49cd489+4bXPQ1gcDj/dmmJnnJ4JrdJxva219Y3Nru7BT3N3bPzgsHR23dJwqBk0Wi1h1fKpBcAlN5CigkyigkS+g7Y/uZ357DErzWD7iJAEvogPJQ84oGsnrBSCQ9rPGtFv1+qWyU3HmsFeJm5MyyVHvl756QczSCCQyQbXuuk6CXkYVciZgWuylGhLKRnQAXUMljUB72fzoqX1ulMAOY2VKoj1Xf09kNNJ6EvmmM6I41MveTPzP66YY3noZl0mKINliUZgKG2N7loAdcAUMxcQQyhQ3t9psSBVlaHIqmhDc5ZdXSeuy4t5UrhtX5dpdHkeBnJIzckFcUiU18kDqpEkYeSLP5JW8WWPrxXq3Phata1Y+c0L+wPr8AZ2ykgM=</latexit>

ωQ[7]
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Figure 4. An example of per-thread quantization. The left figure shows the correspondence between the quantization scales and the tokens
in each GPU warp. The right figure shows the correspondence between quantization tokens and GPU threads in a MMA.m16n8k64
instruction, showing that each GPU thread only corresponds to one quantization scale in δQ and δK in dequantization.

during dequantization. Specifically, each GPU thread in
per-token quantization must handle multiple quantization
scales, leading to a high latency of the dot product of the
quantization scale vectors δQ and δK . SageAttention uses
per-block quantization, where each block Qi (bq tokens)
and Ki (bk tokens) have a single quantization scale. Such
a quantization strategy could achieve an accuracy perfor-
mance close to per-token quantization and avoid the high
dequantization overhead. However, quantizing Q and K to
INT4 demands a finer quantization granularity. To address
this, we propose per-thread quantization, a more precise
and granular approach than the per-block quantizer, also
without the additional overhead of the vector dot product
between δQ and δK .

Specifically, each block of Q, i.e., Qi, in SageAttention
will be split into cw segments and processed by cw GPU
warps in a GPU streaming processor (SM). We call each
segment of Qi as Qw, and kw = Kj since Kj is shared
among warps. Then, each warp containing 32 threads uses
the mma.m16n8k64 PTX instruction (NVIDIA) for the
QwK

⊤
j . According to the layout requirement of this instruc-

tion, we find that Qw[8k + i] could share one quantization
scale, and Kj [8k+2i] together with Kj [8k+2i+1] could
share one quantization scale. Such a quantization method
is more fine-grained with no additional overhead. This is
because it assigns different GPU threads to distinct quanti-
zation groups based on the MMA instruction layout, with
each thread performing dequantization only using a single
quantization scale value. We show an example of per-thread
quantization in Fig. 4. The detailed formulation is shown in
Equation 8 and Fig. 18 (please see Appendix A.6 for more
detail).

Empirical results. As shown in Table 6 and Table 15, we
compare the average and worst accuracy of INT4 quantiza-
tion at per-token, per-thread, per-block, and per-tensor gran-
ularity using real Q,K, V across all layers of CogvideoX.
Results indicate that the accuracy of per-thread quantization
is very close to per-token and significantly outperforms other
granularities. Moreover, Table 19 shows that per-thread
quantization incurs almost no speed degradation, while per-
token quantization introduces noticeable overhead due to
the reduced hardware efficiency.

3.3. FP8 quantization for P̃ V

We now turn to the MM P̃ V , where P̃ij = exp(Sij −mij)
is the unnormalized quantity according to Eq. (1). The dis-
tribution of P̃ is unique and differs from other activations.
First, we note that Sij −mij ≤ 0, so Pij ∈ [0, 1] (≤ and ∈
apply element-wise). We find that P̃ often consists of many
small elements, but their sum is non-negligible (e.g., 5000
elements around 10−4). In this case, we must represent
small elements accurately. INT quantization is unsuitable
for this setting, since it distributes the quantization points
evenly within the numerical range. SageAttention (Zhang
et al., 2025c) choose to retain P̃ and V in FP16, and ac-
celerate the MM by decreasing the accumulator precision.
However, this strategy is only effective on very few GPUs.

We propose to quantize P̃ , V to FP8 with 4 exponent bits
and 3 mantissa bits (E4M3). The numerical range of
E4M3 is [−448,+448]. We quantize P with a static scale:
δP = 1

448 since the original P elements are already in [0, 1].
We quantize V per-channel to address the channel-wise
outliers shown in Fig. 2. Empirical results in Table 7 and
Table 16 show the average and worst accuracy of different
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Algorithm 1 Implementation of SageAttention2.
Input: Matrices Q(FP16),K(FP16), V (FP16) ∈ RN×d, block size bq, bkv , warp count cw.
Preprocessing: K = K −mean(K), (δV , V̂ ) = ψV (V ). //per-channel.
Divide Q to Tm = N/bq blocks {Qi}; divide K, and V to Tn = N/bkv blocks {Ki}, {Vi};
for i = 1 to Tm do
q̄i = mean(Qi), (δQ, Q̂i) = ψQ(Qi − q̄i) //per-thread ;
for j in [1, Tn] do

(δK , K̂j) = ψK(Kj) //per-thread, w = range(cw), st = w ∗ cw ;
Sij [st : st + cw] = ψ−1

δQδK
(Matmul(Q̂i[st : st + cw], K̂

⊤
j )) + GEMV(q̄i,K

⊤
j ) ; // Paralleled by cw warps. The ψ−1

δQδK
is

illustrated in Fig. 4.
mij = max(mi,j−1, rowmax(Sij)), P̃ij = exp(Sij −mij), lij = emi,j−1−mij + rowsum(P̃ij) ;
Oij(FP22) = Matmul((P̃ij ∗ 448).to(FP8.e4m3), Vj) ;
Oij(FP32) = diag(emi,j−1−mij )−1Oi,j−1(FP32) +Oij(FP22) ;

end for
Load δV into an SM ; Oi = diag(li,Tn)

−1Oi,Tn (FP32) /448 ∗ δV ; Write Oi ;
end for
return O = {Oi}

data types used for P̃ , V across all layers of CogvideoX.
The accumulator is always 32-bit. We can see that the ac-
curacy of E4M3 is very close to that of FP16 and superior
to E5M2 and INT8. Most modern GPUs have tensor cores
that support FP8 Matmul operations, which are twice as fast
as those using FP16.

3.4. FP32 MMA Buffer for FP22 Accumulator

While FP8 quantization for P̃ V above is theoretically accu-
rate in simulation, we observe that the actual CUDA imple-
mentation suffers a consistent accuracy degradation. After
narrowing down the problem, we find that the accumulator
for the mma(f32f8f8f32) instruction on the Ada and
Hopper architecture is actually FP22, specifically with 1
sign bit, 8 exponent bits, and 13 mantissa bits. Specifically,
for mma(f32f8f8f32) instruction C = AB+D, where
A,B are FP8 matrices and C,D are FP32 matrices, we ini-
tialize the A,B to zero and vary D to test the data type of
the accumulator. When D is initialized with 1 sign bit, 8
exponent bits, and 13 mantissa bits, the value of C exactly
matches D. However, when D is initialized with more than
13 mantissa bits, the value of C is equal to D with its least
significant 10 mantissa bits zeroed out (i.e., truncated). Con-
sequently, matrix multiplication of P̃ V , quantized to FP8,
incurs a certain degree of accuracy loss compared to using
an FP32 accumulator.

To mitigate this accuracy loss, we adopt a two-level accumu-
lation strategy, which uses an FP32 buffer to accumulate the
values of P̃ijVj in FP22. Specifically, we rewrite Eq. (1) as
Rij = P̃ijVj , Oij = diag (exp(mi,j−1 −mij))Oi,j−1 +
Rij . Here, two sets of accumulators Rij and Oij are
maintained in the register. Rij is computed with the
mma(f32f8f8f32) instruction, providing 22 effective
bits, which is sufficient since we only accumulate over a
small number of bk tokens (e.g., bk = 64). Then, Rij is

accumulated to Oij in the high FP32 precision.

Remark. The two-level accumulation strategy is also
implemented in CUTLASS (NVIDIA, 2023) and Deep-
Gemm (DeepSeek-AI et al., 2024) for computing weight-
activation products in linear layers. To the best of our knowl-
edge, we are the first to discover and investigate the effect
of the FP22 accumulator and implement the two-level accu-
mulation for attention.

Optional smooth V technique. We also figure out an-
other way to mitigate the accuracy loss due to the FP22
accumulator when V possesses channel-wise biases:

−→
Vm =

mean(V, axis = 0), V = V −−→
Vm. Furthermore, to maintain

the correctness of the attention computation, it is only neces-
sary to add

−→
Vm to the final calculation of O: O = O +

−→
Vm.

This is because the sum of each row of the P̃ matrix equals
1, so P̃

−→
Vm =

−→
Vm.

Remark. For details on smoothing V, see Appendix A.3.
This technique is optional and not employed in our main
experiments, as it provides significant benefits only when
V exhibits channel-wise bias, which are absent in some
models, such as Llama3.1 (see Fig. 2).

4. Experiment
Main result. SageAttention2 is faster than FlashAtten-
tion2 and xformers by about 3x and 4.5x. Moreover,
SageAttention2 matches the speed of FlashAttn3(fp8)
on the Hopper GPUs and is much more accurate than
FlashAttn3(fp8). SageAttention2 maintains end-to-end met-
rics across language, image, and video generation models.

4.1. Setup

Models. We validate the effectiveness of
SageAttention2 across a diverse set of repre-
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Figure 5. Speed comparison between SageAttention2 and baselines (RTX4090, headdim=128).

Table 2. End-to-end metrics across text, image, and video generation models. ✗ indicates an inability to generate results for evaluation.

Model Attention WikiText (Ppl.) ↓ Lambda (Acc.) ↑ MMLU (Acc.) ↑ Longbench ↑

Llama3.1

Full-Precision 6.013 0.815 0.635 49.40
HadmdAttn 7.872 0.762 0.500 44.07
SmoothAttn 7.180 0.783 0.541 44.69
SageAttention 6.017 0.812 0.634 49.55
SageAttn2-4b 6.256 0.798 0.607 48.79
SageAttn2-8b 6.019 0.811 0.634 49.59

GLM4

Full-Precision 7.241 0.432 0.743 49.78
HadmdAttn 7.989 0.435 0.669 45.97
SmoothAttn 8.943 0.449 0.592 42.20
SageAttention 7.243 0.433 0.744 49.79
SageAttn2-4b 7.352 0.433 0.725 49.23
SageAttn2-8b 7.242 0.432 0.745 49.60

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

CogvideoX
(1.5-5B)

Full-Precision 0.1778 0.9979 70.231 70.928 2.507
HadmdAttn 0.1576 0.9933 8.990 2.299 ✗
SmoothAttn 0.1559 0.9950 8.812 2.277 ✗
SageAttention ✗ ✗ ✗ ✗ ✗
FlashAttn3-fp8 0.1562 0.9918 6.531 2.181 ✗
SageAttn2-4b 0.1721 0.9978 57.729 52.989 2.884
SageAttn2-8b 0.1775 0.9980 69.492 74.415 2.487

Hunyuan
Video

Full-Precision 0.1783 0.9995 82.516 75.934 0.604
HadmdAttn 0.1727 0.9989 7.514 0.762 0.175
SmoothAttn 0.1739 0.9988 6.987 0.609 0.148
SageAttention 0.1786 0.9995 82.496 79.843 0.597
FlashAttn3-fp8 0.1742 0.9941 4.433 1.460 ✗
SageAttn2-4b 0.1751 0.9995 81.478 65.371 0.610
SageAttn2-8b 0.1782 0.9996 81.786 75.354 0.586

Mochi

Full-Precision 0.1798 0.9986 45.549 65.416 1.266
HadmdAttn 0.1733 0.9980 9.053 25.133 0.704
SmoothAttn 0.1687 0.9978 3.383 3.480 0.241
SageAttention 0.1800 0.9987 48.707 63.763 1.269
FlashAttn3-fp8 0.1762 0.9982 14.964 13.711 0.457
SageAttn2-4b 0.1783 0.9986 35.955 43.735 1.137
SageAttn2-8b 0.1797 0.9986 46.760 64.901 1.255

Model Attention FID ↓ sFID ↓ CLIP ↑ IR ↑

Flux

Full-Precision 10.960 16.648 26.180 1.009
HadmdAttn 11.353 18.495 26.123 0.965
SmoothAttn 11.149 19.017 26.109 0.959
SageAttention 10.944 16.641 26.171 1.008
SageAttn2-4b 10.577 17.497 26.141 0.998
SageAttn2-8b 10.927 16.723 26.175 1.009

Stable-Dif
fusion3.5

Full-Precision 14.105 15.646 25.505 0.902
HadmdAttn 14.259 15.909 25.513 0.886
SmoothAttn 14.161 15.649 25.510 0.887
SageAttention 14.140 15.678 25.503 0.902
SageAttn2-4b 14.097 15.397 25.487 0.895
SageAttn2-8b 14.106 15.647 25.499 0.901
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Figure 6. Comparison examples from HunyuanVideo, prompts are sampled from open-sora prompt sets.
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Figure 7. A comparison example using SageAttn2-8b and FlashAttention3 on CogvideoX-1.5.

sentative models from language, image, and video
generation. Specifically, we conduct experiments on
ten models: Llama2 (7B) (Touvron et al., 2023),
Llama3.1 (8B) (Dubey et al., 2024), and GLM4
(9B) (GLM et al., 2024) for text2text, CogvideoX
(2B), CogvideoX (1.5-5B) (Yang et al., 2025b),
HunyuanVideo (Kong et al., 2024), and Mochi (Team,
2024) for text2video, Flux (schnell) (Black Forest Labs,
2023) and Stable-Diffusion3.5 (turbo) (Stability
AI, 2023) for text2image, and TIMM (Wightman, 2019) for
image classification.

Datasets and metrics. For Details about the datasets and
metrics we used, please refer to Appendix. A.7.

Table 3. Two kernel implementations of SageAttention2.

Kernel ψQ(Q), ψK(K) ψP (P̃ ), ψV (V )
SageAttn2-4b INT4 per-thread FP8 per-block and per-channel
SageAttn2-8b INT8 per-thread FP8 per-block and per-channel

Implemetation. We implement two attention kernels as
shown in Table 3 using CUDA. The 8-bit variant is adapted

for NVIDIA Hopper GPUs, which lack native INT4 tensor
core support, and incorporates all techniques described in
Sec. 3 except for smoothing Q.

Baselines. (1) SmoothAttn. Following Qserve (Lin
et al., 2025), we apply smooth quant for Q,K with
smoothing factor α = 0.5. (2) HadmdAttn. Follow-
ing Quarot (Ashkboos et al., 2024), we apply random
Hadamard transformation for Q,K before INT4 quanti-
zation. (3) SageAttention (Zhang et al., 2025c), which
uses smoothing K, INT8 per-block quantization for Q,K,
and FP16 for P̃ , V . (4) FlashAttn3(fp8), the FP8 ver-
sion of FlashAttention3, which only runs on Hopper GPUs.

4.2. Speed and Accuracy of Kernels

Kernel Speed. We compare the speed of
SageAttention2 against baselines using head-
dim=64 and headdim=128, both with and without Causal
Mask (Vaswani, 2017). Detailed setup can be found
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Table 4. Average accuracy across all layers of CogvideoX using
different smoothing methods.

Method CosSim ↑ Relative L1 ↓ RMSE ↓
None 80.04% 0.3906 0.2223

HadmdAttn 79.77% 0.3782 0.2180
SmoothAttn 90.21% 0.3383 0.1952
Smooth K 98.07% 0.1493 0.0743
Smooth Q 98.30% 0.1250 0.0712
Smooth Q+K 99.46% 0.0648 0.0334

Table 5. End-to-end metrics comparison, where Q,K are quan-
tized into INT4, while P̃ , V stay in full precision.

Q, K Smooth
(Q+K)

Llama3.1
(Lambda) ↑

Llama3.1
(WikiText) ↓

CogVideoX
(vqa-t) ↑

Full-Precision - 81.5% 6.013 75.360
INT4

Quantization
✗ 72.6% 11.698 24.670
✓ 80.8% 6.219 75.147

Table 6. Average accuracy across all layers of CogvideoX using
different quantization granularities.

Method Cos Sim ↑ Relative L1 ↓ RMSE ↓
Per-token 99.45% 0.0649 0.0335

Per-thread 99.45% 0.0622 0.0313
Per-block 98.03% 0.1492 0.0744
Per-tensor 97.15% 0.1800 0.0865

Table 7. Average accuracy using different data types of (P̃ , V )
across all layers of CogvideoX, where (Q,K) are smoothed.

Q,K P̃ , V Cos Sim ↑ Relative L1 ↓ RMSE ↓

INT4

INT8 77.05% 0.5618 0.5044
E5M2 99.20% 0.0905 0.0903
E4M3 99.44% 0.0683 0.0347
FP16 99.45% 0.0649 0.0335

Table 8. End-to-end generation latency using SageAttention2
(The latency of Llama3.1 is the time to first token generation
using different sequence lengths).

Model GPU OriginalSageAttn
2-8b

SageAttn
2-4b

CogvideoX (2B) RTX4090 86 s 54 s 52 s
CogvideoX (1.5-5B) RTX4090 1040 s 577 s 555 s
HunyuanVideo L20 2221 s 1486 s 1435 s

Mochi L20 2336 s 1316 s 1190 s
Llama3.1 (48K token) RTX4090 9.2 s 5.7 s 5.6 s
Llama3.1 (100K token) L20 39.9 s 25.4 s 23.2 s

in Appendix A.8. Specifically, Fig. 5 shows the speed
across varying sequence lengths on RTX4090, indicat-
ing that SageAttn2-4b and SageAttn2-8b are
approximately 3x and 2.7x faster than FlashAttention2,
and about 4.5x and 4x faster than xformers, respectively.
Fig. 10, 11, 12, 13, 14, 15, and 16 in Appendix A.2 show
more speed results on RTX4090, L20, H20, H100 GPUs.

Accuracy. Table 4 and 17 show the average accuracy of
different methods with INT4 Q,K and FP8 P, V across all
layers of CogvideoX. The results indicate the accuracy of
SageAttn2-4b is superior to other baselines.

4.3. End-to-end Performance

Metrics loss. We assessed the end-to-end metrics of various
models using SageAttention2 compared to baselines.
Detailed evaluation results are presented in Table 2. The
results indicate that SageAttn2-4b outperforms all base-
lines and maintains most of the end-to-end accuracy across
all models. Additionally, SageAttn2-8b incurs almost
no metrics loss across various models. More experiment
results on other models are shown in Appendix A.9.

Visible image and video examples. Fig. 6, 7, 8,
and 9 show some visible comparison examples from
HunyuanVideo, Mochi and CogvideoX. We can ob-
serve that SageAttn2-8b does not introduce any visible
differences compared to full-precision attention, whereas
SageAttn2-4b has minor differences but is much better
than the baselines.

End-to-end speedup. We compared the original genera-
tion latency and the latency using SageAttention2 for
models with long sequence lengths in Table 8, observing sig-
nificant speedup effects. For instance, SageAttention2
achieved a 1.8x speedup in CogvideoX (1.5-5B) without
any metrics loss (SageAttn2-8b). SageAttn2-4b fur-
ther accelerated these models but with a little metrics loss.

4.4. Ablation Study
Overhead of techniques we proposed. As shown in Ta-
ble 18, the overhead on kernel speed of per-thread quantiza-
tion, smoothing Q, and two-level accumulation are 0.35%,
3.7%, and 0% compared to the attention kernel.

Benefit of smoothing V. The experiment showing the bene-
fit of smoothing V is shown in Appendix. A.4.

5. Conclusion
We introduce SageAttention2, an efficient and accu-
rate quantized attention. First, we propose to quantize
matrices (Q,K) in a thread-level granularity and (P̃ , V )
to FP8. Second, we propose a method to smooth Q, en-
hancing the accuracy of QK⊤. Third, we propose a two-
level accumulation strategy to enhance the accuracy of
FP8 P̃ V . SageAttention2 is faster than FlashAtten-
tion2 and xformers by approximately 3x and 4.5x, respec-
tively. Moreover, SageAttention2 matches the speed
of FlashAttention3(fp8) on the Hopper GPUs, but offers
significantly higher accuracy. Extensive experiments con-
firm that our approach maintains end-to-end metrics across
language, image, and video generation models.
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A. Appendix
A.1. Visible Comparison Exmaples

SageAttention2-8b HadmdAttnSmoothAttnFull precision Attention SageAttention2-4b

Figure 8. Comparison examples from CogvideoX (2B), prompts are sampled from open-sora prompt sets.

A.2. Additional Kernel Speed Comparison

Fig. 10, 11, 12, 13, 14, 15, and 16 compare the speed of SageAttention2 against baselines using headdim=64 and
headdim=128, both with and without Causal Mask (Vaswani, 2017), on RTX4090, L20, H100, and H20 GPUs.

Table 9 summarizes the performance gain of different attention methods against baselines on various modern GPUs.

Table 9. Speedup of different attention methods on various GPUs.

Method 3090 4090 A100 L40 L20 H100 H20

FlashAttention2 1.00 1.00 1.00 1.00 1.00 1.00 1.00
FlashAttention3 ✗ ✗ ✗ ✗ ✗ 1.37 1.57

FlashAttention3 (fp8) ✗ ✗ ✗ ✗ ✗ 2.63 3.06
SageAttention1 1.97 1.96 1.37 1.45 1.24 1.53 1.52
SageAttention2 ✗ 2.93 ✗ 2.60 2.46 2.61 3.12

Table 10. An accuracy example on real tensors of CogvideoX model with or without smoothing V .

Smooth V Cos Sim ↑ Relative L1 ↓ RMSE ↓
✗ 98.25% 0.1980 0.2387
✓ 99.75% 0.0406 0.0773

A.3. Smoothing V

As shown in Fig. 17, this strategy could enhance the accuracy of FP22 for values in P̃ V for the following reasons: Each
row of P̃ spans a value range from 0 to 1, and each column of V in some models consistently features channel-wise biases
that are exclusively positive or negative, for instance, ranging between 8 and 9 in CogvideoX. Consequently, the values
of P̃ V could be quite large. However, the floating-point number representation range is not uniform—it is denser near
zero. Therefore, by subtracting the mean

−→
Vm along the channel dimension from V , the values of P̃ V will be closer to

zero, resulting in a higher representational precision (see Fig. 17 for a visual demonstration). Additionally, to maintain
the correctness of the attention computation, it is only necessary to add

−→
Vm to the final calculation of O: O = O +

−→
Vm.

This is because the sum of each row of the P̃ matrix equals 1, so P̃
−→
Vm =

−→
Vm. In other words, this method decomposes V

into two parts:
−→
Vm and V . For V , it centers the values of each column around zero, which leads to the dot product result

between a row from the quantized P̃ matrix and a column from the quantized V matrix being closer to zero. This makes the
representation of FP22 more accurate. Meanwhile,

−→
Vm is retained in FP16 and is added to O at the end without causing a

loss of precision for the
−→
Vm part.
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SageAttn2-8b

Full-Precision

FlashAttention3
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(fp8)
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Figure 9. A comparison example using SageAttn2-8b and FlashAttention3 on Mochi and HunyuanVideo.

A.4. Experiment of Smoothing V

Table 10 shows the attention accuracy on real tensors sampled from CogvideoX with and without smoothing V . It
demonstrates that smoothing V could improve the accuracy of SageAttention2 when quantizing Q,K to INT4 and
P̃ , V to FP8. We find that smoothing V is generally effective for diffusion models (Zheng et al., 2023; 2024b;a; 2025; Zhao
et al., 2024; 2025a; Wang et al., 2024).

A.5. Theoretical Analysis of Smoothing

In this section, we analyze the benefit of smoothing from a theoretical perspective. Let X ∈ RN×d be N activation tokens
of dimension d. Following (Dettmers et al., 2023), we suppose that an activation token follows an Gaussian distribution
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Figure 10. Speed comparison between SageAttention2 and baselines (RTX4090, headdim=64).
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Figure 11. Speed comparison between SageAttention2 and baselines (L20, headdim=64).
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Figure 13. Speed comparison between SageAttention2 and baselines (H100, headdim=64).

N (µ,Σ2), where µ = (µ1, µ2, . . . , µd) and Σ2 is a diagonal matrix with Σ2 = diag(σ2
1 , σ

2
2 , . . . , σ

2
d). Further, we suppose

that different token Xi is i.i.d. sampled from the same distribution.

Suppose the absolute maximum value in a quantization group (Hu et al., 2025; Zhang et al., 2025j) is M , and the bit width
is b, then there are 2b quantization levels. Under the round-to-nearest strategy, the expected quantization error is 1

2 · 2M
2b

,
which is proportional to the maximum absolute value in the quantization group. So a smaller absolute maximum value leads
to smaller quantization error.
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Figure 14. Speed comparison between SageAttention2 and baselines (H100, headdim=128).
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Figure 15. Speed comparison between SageAttention2 and baselines (H20, headdim=64).
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Figure 17. An example of dot product precison a row of P̃ and a column of V presented by FP22 data type.

After smoothing, we have:

Yij = Xij −
1

N

N∑
k=1

Xkj (3)
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and Yij also follows a Gaussian distribution. The mean and variance of Yij can be calculated as follows:

E[Yij ] = E[Xij ]−
1

N

N∑
k=1

E[Xkj ] = µj −
1

N

N∑
k=1

µj = 0 (4)

Var[Yij ] = Var[
N − 1

N
Xij ] +

N∑
k=1,k ̸=i

Var[
1

N
Xkj ] =

(N − 1)2

N2
σ2
j + (N − 1)

1

N2
σ2
j =

(N − 1)

N
σ2
j (5)

So Yij has a smaller mean and variance compared to Xij . Following the property of Gaussian distribution, we have:

P (|Yij | < ϵ) > P (|Xij | > ϵ), ∀ϵ > 0 (6)

So the distribution of Xij is more concentrated toward 0 after smoothing. Then we know that

P (absmax(Yi) < ϵ) =

d∏
j=1

P (|Yij | < ϵ) >

d∏
j=1

P (|Xij | > ϵ) = P (absmax(Xi) < ϵ) (7)

So this makes the distribution of absolute max value in a token more concentrated towards 0, leading to smaller quantization
error.

A.6. Per-Thread Quantization Formulation

Figure 18. Memory layout of INT4/INT8 tensor core for accumulator matrix C and D in D = A ∗B + C among 32 threads (T0 ∼ T31)
in a warp. C and D is of shape 16x8. Each thread only holds 4 out of the 128 elements.

To further clarify the per-thread quantization, we first introduce the INT4 MMA instruction of Tensor Core, and then give
the formulation of per-thread quantization.

Tensor cores, first introduced in NVIDIA’s Volta architecture, are specialized units designed for efficient matrix-multiply-
and-accumulate (MMA) operations. Their usage significantly enhances computational efficiency and performance in AI
and high-performance computing (HPC) workloads. Tensor cores compute small tiles of MMA operations, specifically
D = A ∗B + C on a warp (32 contiguous threads) basis. Each thread in the warp holds a fragment of input matrices and
will get a fragment of output matrix as a computation result. The INT4 mma.m16n8k64 tensor core operation computes
the product of a 16 × 64 INT4 matrix A and a 64 × 8 INT4 matrix B, both stored in registers. It accumulates the result
into a 16× 8 INT32 matrix C, also stored in registers, and returns the final product matrix D, which has the same shape
(16× 8), data type (INT32), and storage location (registers). Each thread holds only 1

32 of the input and output data. Fig. 18
extracted from the PTX document (NVIDIA) shows the memory layout of matrix C and D among 32 threads in a warp.
Each thread only holds 4 out of the 128 result elements.
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iδq =⌊(n ∗ 8 ∗ cw/bq)⌋

qi[iδq] ={8× (n%8) + ⌊(n ∗ cw
bq

)⌋ ∗ bq
cw

}, n ∈ [0, N ]

δQ[iδq] =
max(|Q[qi[iδq]] |)

7

Q̂[qi[iδq]] =

⌈
Q[qi[iδq]]

δQ[iδq]

⌋
iδk =⌊(n ∗ 4/bk)⌋ (8)

kn[iδk] ={8× (n%8) + ⌊n/bk⌋ ∗ bk}∪
{8× (n%8) + 1 + ⌊n/bk⌋ ∗ bk}, n ∈ [0, N ]

δK [iδk] =
max(|K[kn[iδk]] |)

7

K̂[kn[iδk]] =

⌈
K[kn[iδk]]

δK [iδk]

⌋

By ensuring results held by each thread share a common dequantization scale (belong to the same quantization group),
we can avoid the overhead associated with per-token quantization. Leveraging this observation, we design per-thread
quantization as formulated in Eq. 8, where cw is the count of GPU Warps, bq and bk are the block size of Q,K, and n is the
token index of Q,K. For typical block size of bq = 128, bk = 64 and warp number cw = 4 (as used in FlashAttention2),
each warp processes a tile of 32 query tokens and 64 key tokens. Query tokens i, 8 + i, 16 + i, 24 + i (i = 0, 1, · · · , 7) can
be made into one quantization group and key tokens j, 1 + j, 8 + j, 9 + j, · · · , 56 + j, 57 + j (j = 0, 1, 2, 3) can be made
into one quantization group, as visualized in Fig. 4. This design aligns with the memory layout of output matrix D of tensor
core shown in Fig. 18, ensuring that each thread only needs one Q scale and one K scale for dequantization.

As a result, this approach creates 32 quantization groups for Q (8 for each of the 4 warps) and 4 quantization groups for K
in a 128x64 block, providing 32× and 4× finer granularity compared to per-block quantization for query tokens and key
tokens, respectively. Table 6 and Table 15 show the accuracy gains by using per-thread quantization. Per-thread quantization
achieves accuracy that closely matches per-token quantization, without introducing any kernel speed degradation (see
Table 18 and 19).

A.7. Datasets and Metrics in Experiments

Datasets. Text-to-text models are evaluated on four zero-shot tasks: WikiText (Merity et al., 2022) to assess the model’s
prediction confidence, LAMBADA (Paperno et al., 2016) evaluate contextual understanding, MMLU (Hendrycks et al.,
2021b) for measuring knowledge across various subjects, and Longbench (Bai et al., 2024) for comprehensive assessment
of long context understanding capabilities. Text-to-video models are evaluated using the open-sora (Zheng et al., 2024c)
prompt sets. Text-to-image models are assessed on MJHQ-30K (Li et al., 2024). TIMM is evaluated on on three image
datasets: ImageNet (Deng et al., 2009), ImageNet-Sketch (Sketch) (Wang et al., 2019), and ImageNet-Rendition (ImageNet-
r) (Hendrycks et al., 2021a).

End-to-end metrics. For text-to-text models, we use perplexity (ppl.) (Jelinek et al., 1977) for WikiText, Accuracy (Acc.)
for LAMBADA and MMLU, and Longbench score (Bai et al., 2024). For text-to-video models, following Zhao et al.
(2025b), 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 MJHQ-30K dataset 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. For TIMM, we use classification accuracy.

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:
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RMSE =
√

(1/n)
∑

(O −O′)2.

A.8. Kernel Benchmark Setup

We benchmark kernel speed with a batch size of 4 and 32 attention heads across a variety of sequence lengths. Benchmarks
are conducted using head dimensions of 64 and 128, both with and without Causal Mask (Vaswani, 2017). To generate input
tensors for benchmarking, we follow standard practices adopted in prior works such as FlashAttention (Dao et al., 2022).
For floating-point data types, inputs are drawn from a Gaussian distribution with mean 0 and standard deviation 1, while for
integer data types, inputs are uniformly sampled within the representation range:[-128, 127] for INT8 and [-8, 7] for INT4.

Table 11. End-to-end metrics on Llama2 (7B).

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

Llama2

Full-Precision 5.823 0.886 0.439
HadmdAttn 6.771 0.860 0.360
SmoothAttn 6.717 0.867 0.392
SageAttention 5.824 0.887 0.439
SageAttn2-4b 5.912 0.881 0.428
SageAttn2-8b 5.828 0.886 0.438

Table 12. End-to-end metrics on CogvideoX (2B).

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

CogvideoX
(2B)

Full-Precision 0.1836 0.9975 77.605 75.360 3.006
HadmdAttn 0.1742 0.9877 29.780 23.985 0.499
SmoothAttn 0.1741 0.9870 41.703 47.043 0.624
SageAttention 0.1833 0.9976 76.997 71.360 2.988
SageAttn2-4b 0.1821 0.9973 77.368 74.906 2.603
SageAttn2-8b 0.1829 0.9977 76.532 74.281 2.941

Table 13. End-to-end metrics on an image classification model.

Model Attention ImageNet (Acc.) ↑ Sketch (Acc.) ↑ ImageNet-r (Acc.) ↑

TIMM

Full-Precision 84.79% 45.32% 59.55%
HadmdAttn 84.50% 44.89% 58.80%
SmoothAttn 84.40% 44.68% 58.73%
SageAttention 84.74% 45.38% 59.95%
SageAttn2-4b 86.67% 45.24% 59.29%
SageAttn2-8b 84.79% 45.39% 59.57%

Table 14. Comparison with FlashAttention3(fp8) on Llama-3-262k (8B) on InfiniBench (Zhang et al., 2024) (H100 GPU).

Attention Eng.Sum Eng.QA Eng.MC Code.Debug Math.Find Retr.PassKey Retr.Num Retr.KV Avg.
Full-Precision 18.03 12.5 64.19 24.37 18.29 100.0 100.0 7.0 43.05
FlashAttn3-fp8 19.03 11.73 55.90 22.59 22.57 100.0 100.0 0.4 41.53
SageAttention2 18.17 12.46 64.19 25.63 17.43 100.0 100.0 6.6 43.06

Table 15. Worst accuracy across all layers of CogvideoX using different quantization granularities.

Method Cos Sim ↑ Relative L1 ↓ RMSE ↓
Per-token 96.76% 0.1916 0.0775
Per-thread 96.72% 0.1932 0.0776
Per-block 90.68% 0.3615 0.1490
Per-tensor 85.85% 0.4687 0.2261
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Figure 19. Needle In A Haystack results on Llama-3-262k (8B).
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Figure 20. An example of quantized value distribution of Q before and after smoothing Q.

Table 16. Worst accuracy using different data types of (P̃ , V ) across all layers of a CogvideoX model, where (Q,K) are smoothed.

Q,K P̃ , V Cos Sim ↑ Relative L1 ↓ RMSE ↓

INT4

INT8 19.52% 0.9579 1.4483
E5M2 94.94% 0.2327 0.2361
E4M3 96.70% 0.1956 0.0779
FP16 96.76% 0.1916 0.0775

Table 17. Worst accuracy across all layers of CogvideoX using different smooth methods.

Method CosSim ↑ Relative L1 ↓ RMSE ↓
None 4.83% 0.9979 0.7784

HadmdAttn 4.85% 0.9978 0.7785
SmoothAttn 64.49% 0.9262 0.7204
Smooth K 90.86% 0.3565 0.1464
Smooth Q 93.10% 0.2989 0.2195

SageAttn2-4b 96.71% 0.1956 0.0779

A.9. Additional Experiments and Analysis

Additional Results. Table 11, 12 and 13 show results of SageAttention2 and other baselines on Llama2 (7B),
CogvideoX (2B) and TIMM.

Results of Super-Long Context. We further conduct experiments on super-long context using Llama-3-262k (8B)1 on

1https://huggingface.co/gradientai/Llama-3-8B-Instruct-262k
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Table 18. Overhead of per-thread quantization, smoothing Q, and
two-level accumulation techniques measured on L20 GPU.

Method TOPS

Attention (INT4 + FP8) 284
+ Per-thread quantization 283
+ Two-level accumulation 283
+ Smoothing Q 273

Table 19. Comparison of different quantization granularities mea-
sured on L20 GPU, with QK⊤ in INT4 and P̃ V in FP8.

Granularity TOPS

Per-tensor 286
Per-block 284
Per-thread 283
Per-token 268

InfiniBench (Zhang et al., 2024) and Needle-in-a-Haystack (NIAH) (Kamradt, 2023), with sequence lengths reaching up to
262k tokens on an H100 GPU. Since Hopper GPUs lack native INT4 tensor core support, we use SageAttention2-8b
for this evaluation. We compare it against FlashAttention3(fp8), ensuring both methods operate under the same bit width.
Results are shown in Table 14 and Fig 19. SageAttention2 maintains model performance even under super-long
context, while FlashAttention3(fp8) suffers from end-to-end accuracy degradation.

Results of Audio Tasks. We evaluate Qwen2-Audio (7b) (Chu et al., 2024), a speech-to-text model, on the ASR task
using the Librispeech (Panayotov et al., 2015) test split and measured its performance with the WER metric (Word Error
Rate). As shown in Table 20, SageAttention2 consistently outperforms the baselines, highlighting its effectiveness in
audio-related models and benchmarks.

Table 20. End-to-end metrics on Qwen2-Audio (7B).

Model Attention Test-Clean ↓ Test-Dev ↓

Qwen2-Audio

Full-Precision 1.74 4.01
HadmdAttn 1.77 4.05
SmoothAttn 1.76 4.01
SageAttention 1.74 4.02
SageAttn2-4b 1.73 3.99
SageAttn2-8b 1.72 4.03
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