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ABSTRACT

An efficient attention implementation is essential for large models due to its
quadratic time complexity. Fortunately, attention commonly exhibits sparsity,
i.e., many values in the attention map are near zero, allowing for the omission
of corresponding computations. Many studies have utilized the sparse pattern to
accelerate attention. However, most existing works focus on optimizing attention
within specific models by exploiting certain sparse patterns of the attention map.
A universal sparse attention that guarantees both the speedup and end-to-
end performance of diverse models remains elusive. In this paper, we propose
SpargeAttn, a universal sparse and quantized attention for any model. Our
method uses a two-stage online filter: in the first stage, we rapidly and accurately
predict the attention map, enabling the skip of some matrix multiplications in
attention. In the second stage, we design an online softmax-aware filter that incurs
no extra overhead and further skips some matrix multiplications. Experiments
show that our method significantly accelerates diverse models, including language,
image, and video generation, without sacrificing end-to-end metrics.

1 INTRODUCTION

Limitation of Existing Work. (L1. Universality) Though existing sparse attention methods Zhang
et al. (2023); Xiao et al. (2024a); Fu et al. (2024); Zhu et al. (2024); Xiao et al. (2025; 2024b);
Ribar et al. (2024); Singhania et al. (2024); Jiang et al. (2024); FlexPrefill (2025); Gao et al. (2024);
Kitaev et al. (2020); Pagliardini et al. (2023) already demonstrate promising results, their universality
remains limited. They are typically developed for specific tasks, like language modeling, using
patterns such as sliding windows or attention sink. However, the attention pattern varies significantly
across tasks (see examples in Fig. 5), making these methods hard to generalize. (L2. Usability)
Moreover, it is difficult to implement both accurate and efficient sparse attention for any input. This
is because accuracy demands precise prediction of the sparse regions in the attention map, while
efficiency requires the overhead of this prediction to be minimal. However, current methods are
difficult to effectively satisfy both of the requirements simultaneously.

Goal: We aim to design a training-free sparse attention operator that accelerates all models without
metrics loss. Our approach: We develop SpargeAttn, a training-free sparse attention that can
be adopted universally on various tasks, including language modeling and text-to-image/video. We
propose three main techniques to improve the universality, accuracy, and efficiency. First, we propose
a universal sparse mask prediction algorithm, which constructs the sparse mask by compressing each
block of Q, K to a single token. Importantly, we compress selectively based on the similarity of
tokens within the block, so the algorithm can accurately predict sparse masks universally across
tasks. Second, we propose a sparse online softmax algorithm at the GPU warp level, which further
omits some PV products by leveraging the difference between global maximum values and local
maximum values in online softmax. Third, we integrate this sparse approach into the 8-bit quantized
SageAttention framework for further acceleration.
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Result. We evaluate SpargeAttn on a variety of generative tasks, including language modeling and
text-to-image/video, with comprehensive performance metrics on the model quality. SpargeAttn
can robustly retain model end-to-end performance while existing sparse attention baselines incur
degradation. Moreover, SpargeAttn is 2.5x to 5x faster than existing dense and sparse attention
models.
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k4
Matmul+
Softmax

<latexit sha1_base64="pbrTBi+I5TdMb2KRSYVNYXSeyj4=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV3xdQx68ZiAeUCyhNnZ3mTM7OwyMyuEkC/w4kERr36SN//GSbIHTSxoKKq66e4KUsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZIphg2WiES1A6pRcIkNw43AdqqQxoHAVjC8m/qtJ1SaJ/LBjFL0Y9qXPOKMGivVw16p7FbcGcgy8XJShhy1XumrGyYsi1EaJqjWHc9NjT+mynAmcFLsZhpTyoa0jx1LJY1R++PZoRNyapWQRImyJQ2Zqb8nxjTWehQHtjOmZqAXvan4n9fJTHTjj7lMM4OSzRdFmSAmIdOvScgVMiNGllCmuL2VsAFVlBmbTdGG4C2+vEya5xXvqnJZvyhXb/M4CnAMJ3AGHlxDFe6hBg1ggPAMr/DmPDovzrvzMW9dcfKZI/gD5/MHyymM8g==</latexit>

d

<latexit sha1_base64="Myr3Kcmiy/fK9XQuulchFknRygM=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQiydJwDwgWcLspJOMmZ1dZmaFsOQLvHhQxKuf5M2/cZLsQRMLGoqqbrq7glhwbVz328mtrK6tb+Q3C1vbO7t7xf2Dho4SxbDOIhGpVkA1Ci6xbrgR2IoV0jAQ2AxGt1O/+YRK80g+mHGMfkgHkvc5o8ZKtftuseSW3RnIMvEyUoIM1W7xq9OLWBKiNExQrdueGxs/pcpwJnBS6CQaY8pGdIBtSyUNUfvp7NAJObFKj/QjZUsaMlN/T6Q01HocBrYzpGaoF72p+J/XTkz/2k+5jBODks0X9RNBTESmX5MeV8iMGFtCmeL2VsKGVFFmbDYFG4K3+PIyaZyVvcvyRe28VLnJ4sjDERzDKXhwBRW4gyrUgQHCM7zCm/PovDjvzse8NedkM4fwB87nD6nRjNw=</latexit>

N

<latexit sha1_base64="Kzyy3ExomdRJVDQYXSjboiotgI8=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSQ9Ab9coVt+rOQJaJl5MK5Kj3yl/dfszSiCtkkhrT8dwE/YxqFEzySambGp5QNqID3rFU0YgbP5udOiEnVumTMNa2FJKZ+nsio5Ex4yiwnRHFoVn0puJ/XifF8NrPhEpS5IrNF4WpJBiT6d+kLzRnKMeWUKaFvZWwIdWUoU2nZEPwFl9eJs2zqndZvbg/r9Ru8jiKcATHcAoeXEEN7qAODWAwgGd4hTdHOi/Ou/Mxby04+cwh/IHz+QNFVI3O</latexit>

bk

11 11
10 00
10 01

Top Cdf
For Each Row

Set to 1

Set to 1

<latexit sha1_base64="CMY2+NFCmN7Km5BAyuX4jsrT3F8=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi+AlonlAsoTZSW8yZHZ2mZkVwpJP8OJBEa9+kTf/xkmyB40WNBRV3XR3BYng2rjul1NYWl5ZXSuulzY2t7Z3yrt7TR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWMrqd+6xGV5rF8MOME/YgOJA85o8ZK97c9r1euuFV3BvKXeDmpQI56r/zZ7ccsjVAaJqjWHc9NjJ9RZTgTOCl1U40JZSM6wI6lkkao/Wx26oQcWaVPwljZkobM1J8TGY20HkeB7YyoGepFbyr+53VSE176GZdJalCy+aIwFcTEZPo36XOFzIixJZQpbm8lbEgVZcamU7IheIsv/yXNk6p3Xj27O63UrvI4inAAh3AMHlxADW6gDg1gMIAneIFXRzjPzpvzPm8tOPnMPvyC8/ENylONfQ==</latexit>

K1
<latexit sha1_base64="MlIbMF+hTY7So1hrPQyoZGj5C9c=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKewGX8egF8FLRPOAZAmzk04yZHZ2mZkVwpJP8OJBEa9+kTf/xkmyB00saCiquunuCmLBtXHdbye3srq2vpHfLGxt7+zuFfcPGjpKFMM6i0SkWgHVKLjEuuFGYCtWSMNAYDMY3Uz95hMqzSP5aMYx+iEdSN7njBorPdx1K91iyS27M5Bl4mWkBBlq3eJXpxexJERpmKBatz03Nn5KleFM4KTQSTTGlI3oANuWShqi9tPZqRNyYpUe6UfKljRkpv6eSGmo9TgMbGdIzVAvelPxP6+dmP6Vn3IZJwYlmy/qJ4KYiEz/Jj2ukBkxtoQyxe2thA2poszYdAo2BG/x5WXSqJS9i/L5/Vmpep3FkYcjOIZT8OASqnALNagDgwE8wyu8OcJ5cd6dj3lrzslmDuEPnM8fy9eNfg==</latexit>

K2
<latexit sha1_base64="xY7WkkhyaonNqdPcB6NVMBEw4DU=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKez6Pga9CF4imgckS5iddJIhs7PLzKwQlnyCFw+KePWLvPk3TpI9aGJBQ1HVTXdXEAuujet+O7ml5ZXVtfx6YWNza3unuLtX11GiGNZYJCLVDKhGwSXWDDcCm7FCGgYCG8HwZuI3nlBpHslHM4rRD2lf8h5n1Fjp4a5z2imW3LI7BVkkXkZKkKHaKX61uxFLQpSGCap1y3Nj46dUGc4EjgvtRGNM2ZD2sWWppCFqP52eOiZHVumSXqRsSUOm6u+JlIZaj8LAdobUDPS8NxH/81qJ6V35KZdxYlCy2aJeIoiJyORv0uUKmREjSyhT3N5K2IAqyoxNp2BD8OZfXiT1k7J3UT6/PytVrrM48nAAh3AMHlxCBW6hCjVg0IdneIU3RzgvzrvzMWvNOdnMPvyB8/kDzVuNfw==</latexit>

K3
<latexit sha1_base64="+qxeYO02FJiuZZFDOpm++J2OZsQ=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKexKfByDXgQvEc0DkiXMTjrJkNnZZWZWCEs+wYsHRbz6Rd78GyfJHjSxoKGo6qa7K4gF18Z1v53cyura+kZ+s7C1vbO7V9w/aOgoUQzrLBKRagVUo+AS64Ybga1YIQ0Dgc1gdDP1m0+oNI/koxnH6Id0IHmfM2qs9HDXrXSLJbfszkCWiZeREmSodYtfnV7EkhClYYJq3fbc2PgpVYYzgZNCJ9EYUzaiA2xbKmmI2k9np07IiVV6pB8pW9KQmfp7IqWh1uMwsJ0hNUO96E3F/7x2YvpXfsplnBiUbL6onwhiIjL9m/S4QmbE2BLKFLe3EjakijJj0ynYELzFl5dJ46zsXZTP7yul6nUWRx6O4BhOwYNLqMIt1KAODAbwDK/w5gjnxXl3PuatOSebOYQ/cD5/AM7fjYA=</latexit>

K4
<latexit sha1_base64="OxNWMMW8gio5nPun+01zUjW0INo=">AAAB7XicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5gHJEmZnJ8mY2ZllplcIS/7BiwdFvPo/3vwbJ8keNLGgoajqprsrTAQ36HnfTmFldW19o7hZ2tre2d0r7x80jUo1ZQ2qhNLtkBgmuGQN5ChYO9GMxKFgrXB0O/VbT0wbruQDjhMWxGQgeZ9TglZqdmmk0PTKFa/qzeAuEz8nFchR75W/upGiacwkUkGM6fhegkFGNHIq2KTUTQ1LCB2RAetYKknMTJDNrp24J1aJ3L7StiS6M/X3REZiY8ZxaDtjgkOz6E3F/7xOiv3rIOMySZFJOl/UT4WLyp2+7kZcM4pibAmhmttbXTokmlC0AZVsCP7iy8ukeVb1L6sX9+eV2k0eRxGO4BhOwYcrqMEd1KEBFB7hGV7hzVHOi/PufMxbC04+cwh/4Hz+ALGXjzk=</latexit>· · ·

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

<latexit sha1_base64="2rWt2R6SRvqpTitu9d0lGg/MK6Y=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSQ7Pn9coVt+rOQJaJl5MK5Kj3yl/dfszSiCtkkhrT8dwE/YxqFEzySambGp5QNqID3rFU0YgbP5udOiEnVumTMNa2FJKZ+nsio5Ex4yiwnRHFoVn0puJ/XifF8NrPhEpS5IrNF4WpJBiT6d+kLzRnKMeWUKaFvZWwIdWUoU2nZEPwFl9eJs2zqndZvbg/r9Ru8jiKcATHcAoeXEEN7qAODWAwgGd4hTdHOi/Ou/Mxby04+cwh/IHz+QPbFY2I</latexit>

V1
<latexit sha1_base64="zGo8Ya8uydAYL5NiKaYJbaEKZqU=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBA8hd3g6xj04jGieUCyhNnJbDJkdnaZ6RXCkk/w4kERr36RN//GSbIHTSxoKKq66e4KEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR7dRvPXFtRKwecZxwP6IDJULBKFrpodmr9kplt+LOQJaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzySbGbGp5QNqID3rFU0YgbP5udOiGnVumTMNa2FJKZ+nsio5Ex4yiwnRHFoVn0puJ/XifF8NrPhEpS5IrNF4WpJBiT6d+kLzRnKMeWUKaFvZWwIdWUoU2naEPwFl9eJs1qxbusXNyfl2s3eRwFOIYTOAMPrqAGd1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QPcmY2J</latexit>

V2
<latexit sha1_base64="BVZ84uJjMdfqqKaSTH+isQmImNc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKez6Pga9eIxoHpAsYXbSmwyZnV1mZoWw5BO8eFDEq1/kzb9xkuxBowUNRVU33V1BIrg2rvvlFJaWV1bXiuuljc2t7Z3y7l5Tx6li2GCxiFU7oBoFl9gw3AhsJwppFAhsBaObqd96RKV5LB/MOEE/ogPJQ86osdJ9s3faK1fcqjsD+Uu8nFQgR71X/uz2Y5ZGKA0TVOuO5ybGz6gynAmclLqpxoSyER1gx1JJI9R+Njt1Qo6s0idhrGxJQ2bqz4mMRlqPo8B2RtQM9aI3Ff/zOqkJr/yMyyQ1KNl8UZgKYmIy/Zv0uUJmxNgSyhS3txI2pIoyY9Mp2RC8xZf/kuZJ1buont+dVWrXeRxFOIBDOAYPLqEGt1CHBjAYwBO8wKsjnGfnzXmftxacfGYffsH5+AbeHY2K</latexit>

V3
<latexit sha1_base64="i7H71soAmjEDLiIrPg38YVCuvNA=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSQ7N33itX3Ko7A1kmXk4qkKPeK391+zFLI66QSWpMx3MT9DOqUTDJJ6VuanhC2YgOeMdSRSNu/Gx26oScWKVPwljbUkhm6u+JjEbGjKPAdkYUh2bRm4r/eZ0Uw2s/EypJkSs2XxSmkmBMpn+TvtCcoRxbQpkW9lbChlRThjadkg3BW3x5mTTPqt5l9eL+vFK7yeMowhEcwyl4cAU1uIM6NIDBAJ7hFd4c6bw4787HvLXg5DOH8AfO5w/foY2L</latexit>

V4

SKIPSKIP
<latexit sha1_base64="6BJvoK28f2bGFOBp75O9kIikQoQ=">AAAB8nicbVDLSgNBEJyNrxhfUY9eBoPgKeyKr2PQi+AlAfOAzbrMTibJkNmZZaZXCEs+w4sHRbz6Nd78GyfJHjSxoKGo6qa7K0oEN+C6305hZXVtfaO4Wdra3tndK+8ftIxKNWVNqoTSnYgYJrhkTeAgWCfRjMSRYO1odDv1209MG67kA4wTFsRkIHmfUwJW8huhdx96j11QSViuuFV3BrxMvJxUUI56WP7q9hRNYyaBCmKM77kJBBnRwKlgk1I3NSwhdEQGzLdUkpiZIJudPMEnVunhvtK2JOCZ+nsiI7Ex4ziynTGBoVn0puJ/np9C/zrIuExSYJLOF/VTgUHh6f+4xzWjIMaWEKq5vRXTIdGEgk2pZEPwFl9eJq2zqndZvWicV2o3eRxFdISO0Sny0BWqoTtUR01EkULP6BW9OeC8OO/Ox7y14OQzh+gPnM8fcxCQuw==</latexit>

Q1K
→
1

<latexit sha1_base64="zRbuBNOLzrMjcolXAxtF70SCgnc=">AAAB8nicbVDJSgNBEO2JW4xb1KOXxiB4CjPux6AXwUsCZoHJOPR0epImPd1Dd40QhnyGFw+KePVrvPk3dpaDRh8UPN6roqpelApuwHW/nMLS8srqWnG9tLG5tb1T3t1rGZVpyppUCaU7ETFMcMmawEGwTqoZSSLB2tHwZuK3H5k2XMl7GKUsSEhf8phTAlbyG6F3F54+dEGlYbniVt0p8F/izUkFzVEPy5/dnqJZwiRQQYzxPTeFICcaOBVsXOpmhqWEDkmf+ZZKkjAT5NOTx/jIKj0cK21LAp6qPydykhgzSiLbmRAYmEVvIv7n+RnEV0HOZZoBk3S2KM4EBoUn/+Me14yCGFlCqOb2VkwHRBMKNqWSDcFbfPkvaZ1UvYvqeeOsUruex1FEB+gQHSMPXaIaukV11EQUKfSEXtCrA86z8+a8z1oLznxmH/2C8/ENdiKQvQ==</latexit>

Q1K
→
3

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

<latexit sha1_base64="6NUNpLGp9P9MPSi5RzZ3Yxe22WA=">AAAB6nicbVDJSgNBEK2JW4xb1KOXxiB4CjPidgx68RjRLJAMoafTkzTpZejuEcKQT/DiQRGvfpE3/8ZOMgdNfFDweK+KqnpRwpmxvv/tFVZW19Y3ipulre2d3b3y/kHTqFQT2iCKK92OsKGcSdqwzHLaTjTFIuK0FY1up37riWrDlHy044SGAg8kixnB1kkPohf0yhW/6s+AlkmQkwrkqPfKX92+Iqmg0hKOjekEfmLDDGvLCKeTUjc1NMFkhAe046jEgpowm506QSdO6aNYaVfSopn6eyLDwpixiFynwHZoFr2p+J/XSW18HWZMJqmlkswXxSlHVqHp36jPNCWWjx3BRDN3KyJDrDGxLp2SCyFYfHmZNM+qwWX14v68UrvJ4yjCERzDKQRwBTW4gzo0gMAAnuEV3jzuvXjv3se8teDlM4fwB97nD/4fjZ8=</latexit>m1
<latexit sha1_base64="pXcO85+jSxnIyvX4eaoKuPDIw/c=">AAAB6nicbVDLSgMxFL2pr1pfVZdugkVwVWZ8L4tuXFa0D2iHkkkzbWiSGZKMUIZ+ghsXirj1i9z5N6btLLR64MLhnHu5954wEdxYz/tChaXlldW14nppY3Nre6e8u9c0caopa9BYxLodEsMEV6xhuRWsnWhGZChYKxzdTP3WI9OGx+rBjhMWSDJQPOKUWCfdy95pr1zxqt4M+C/xc1KBHPVe+bPbj2kqmbJUEGM6vpfYICPacirYpNRNDUsIHZEB6ziqiGQmyGanTvCRU/o4irUrZfFM/TmREWnMWIauUxI7NIveVPzP66Q2ugoyrpLUMkXni6JUYBvj6d+4zzWjVowdIVRzdyumQ6IJtS6dkgvBX3z5L2meVP2L6vndWaV2ncdRhAM4hGPw4RJqcAt1aACFATzBC7wigZ7RG3qftxZQPrMPv4A+vgEBNo2h</latexit>m3

<latexit sha1_base64="5B5iqHHbOIBIr6Z3SemPUVZ10JM=">AAAB8XicbVDJSgNBEK2JW4xb1KOXxiB4CjPidgx68RjBLJgMoaenkzTpZejuEcKQv/DiQRGv/o03/8ZOMgdNfFDweK+KqnpRwpmxvv/tFVZW19Y3ipulre2d3b3y/kHTqFQT2iCKK92OsKGcSdqwzHLaTjTFIuK0FY1up37riWrDlHyw44SGAg8k6zOCrZMeRS/rklhZM+mVK37VnwEtkyAnFchR75W/urEiqaDSEo6N6QR+YsMMa8sIp5NSNzU0wWSEB7TjqMSCmjCbXTxBJ06JUV9pV9Kimfp7IsPCmLGIXKfAdmgWvan4n9dJbf86zJhMUkslmS/qpxxZhabvo5hpSiwfO4KJZu5WRIZYY2JdSCUXQrD48jJpnlWDy+rF/XmldpPHUYQjOIZTCOAKanAHdWgAAQnP8ApvnvFevHfvY95a8PKZQ/gD7/MH/zuRJQ==</latexit>m··· FlashA
ttention Inner L

oop

Step1. Sparse Block Online Prediction Step2. Sparse Block Online Masking

Step3. Sparse Warp Online Softmax

High Cosine Similarity

Low  Cosine Similarity

0.9 0.1
0.1 0.9

0.5 0.5

<latexit sha1_base64="ex3OQHqjZcnnsotbmjKMb2U82tI=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8cEzQOSJcxOZpMhs7PLTK8QlnyCFw+KePWLvPk3TpI9aLSgoajqprsrSKQw6LpfTmFldW19o7hZ2tre2d0r7x+0TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfj25nffuTaiFg94CThfkSHSoSCUbTSfaPv9csVt+rOQf4SLycVyFHvlz97g5ilEVfIJDWm67kJ+hnVKJjk01IvNTyhbEyHvGupohE3fjY/dUpOrDIgYaxtKSRz9edERiNjJlFgOyOKI7PszcT/vG6K4bWfCZWkyBVbLApTSTAms7/JQGjOUE4soUwLeythI6opQ5tOyYbgLb/8l7TOqt5l9aJxXqnd5HEU4QiO4RQ8uIIa3EEdmsBgCE/wAq+OdJ6dN+d90Vpw8plD+AXn4xvTd42D</latexit>

Q1
<latexit sha1_base64="OxNWMMW8gio5nPun+01zUjW0INo=">AAAB7XicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5gHJEmZnJ8mY2ZllplcIS/7BiwdFvPo/3vwbJ8keNLGgoajqprsrTAQ36HnfTmFldW19o7hZ2tre2d0r7x80jUo1ZQ2qhNLtkBgmuGQN5ChYO9GMxKFgrXB0O/VbT0wbruQDjhMWxGQgeZ9TglZqdmmk0PTKFa/qzeAuEz8nFchR75W/upGiacwkUkGM6fhegkFGNHIq2KTUTQ1LCB2RAetYKknMTJDNrp24J1aJ3L7StiS6M/X3REZiY8ZxaDtjgkOz6E3F/7xOiv3rIOMySZFJOl/UT4WLyp2+7kZcM4pibAmhmttbXTokmlC0AZVsCP7iy8ukeVb1L6sX9+eV2k0eRxGO4BhOwYcrqMEd1KEBFB7hGV7hzVHOi/PufMxbC04+cwh/4Hz+ALGXjzk=</latexit>· · ·
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Figure 1: Workflow of SpargeAttn.

2 SPARGEATTN

2.1 SPARSE FLASHATTENTION

SpargeAttn adopts the tiling strategy of FlashAttention Dao (2024), and skip computing the
blocks that are filtered out. Consider an attention operation S = QK⊤/

√
d, P = σ(S), O = PV ,

where σ(S)ij = exp(Sij)/
∑

k exp(Sik) is the softmax operation. Let N be the sequence length
and d be the dimensionality of each head; the matrices Q, K, and V each have dimensions N × d,
while the matrix S and P is N ×N . FlashAttention proposes to tile Q, K, and V from the token
dimension into blocks {Qi}, {Ki}, {Vi} with block sizes bq , bk, bk, respectively. Then, it uses online
softmax Milakov & Gimelshein (2018) to progressively compute each block of O, i.e., Oi:

Sij = QiK
⊤
j /

√
d, (mij , P̃ij) = σ̃(mi,j−1, Sij), lij = exp(mi,j−1 −mij)li,j−1 + rowsum(P̃ij)

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

where mij and lij are bq × 1 vectors, which are initialized to −∞ and 0 respectively. The σ̃() is an
operator similar to softmax.: mij = max{mi,j−1, rowmax(Sij)}, P̃i,j = exp(Sij −mij). Finally,
the output Oi can be computed by Oi = diag(lij)

−1Oij . Implementing sparse FlashAttention is
intuitive. By skipping certain block matrix multiplications of QiK

⊤
j and P̃ijVj , we can accelerate

the attention computation. We formulate sparse attention in the following definitions.

Definition 1 (Block Masks). Let Mg and Mpv be binary masks of dimensions ⌈N/bq⌉ × ⌈N/bk⌉,
where each value is either 0 or 1. These masks determine which computations are skipped in the
sparse attention mechanism.

Definition 2 (Sparse FlashAttention). The computation rules for sparse FlashAttention based on the
masks are defined as follows:

QiK
⊤
j , P̃ijVj are skipped if Mg[i, j] = 0. P̃ijVj is skipped if Mpv[i, j] = 0. (2)

2.2 SELECTIVE TOKEN COMPRESSION FOR SPARSE PREDICTION

Key idea. Although attention maps vary across models, we observe that various models exhibit a
common trait: Most closer tokens in the query and key matrices of the attention show high similarity
(See Fig. 6). Consequently, we first compress blocks exhibiting high self-similarity within Q and K

into tokens. Then, we swiftly compute a compressed attention map P̂ using the compressed Q and K.
Finally, we selectively compute {QiK

⊤
j , P̃ijVj} for those pairs (i, j) where {P̂ [i, j]} accumulates a

2
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high score in P̂ . Importantly, compressing only the token blocks with high self-similarity is crucial,
as omitting computations for non-self-similar blocks can result in the loss of critical information
(ablated in Appendix A.4).

Prediction. As shown in Step1 in Fig. 1, we first compute a mean cosine similarity across tokens
for each block of Q and K. Next, we compress each block into a single token by calculating a mean
across tokens. Then, we compute a compressed QK⊤ using the compressed Q and K. Finally, to
prevent interference from non-self-similar blocks, i.e., the block similarity less than a hyper-parameter
θ, we set the corresponding values in S to −∞, and then compute a softmax:

q = {qi} = {mean(Qi, axis = 0)}, k = {kj} = {mean(Kj , axis = 0)}, sqi = CosSim(Qi)

skj = CosSim(Kj), Ŝ[i] = qik
⊤; Ŝ[:, j] = −∞, If skj < θ, P̂ [i] = Softmax(Ŝ[i])

where Qi ∈ Rbq×d, qi ∈ R1×d,Kj ∈ Rbk×d, kj ∈ R1×d and CosSim(X) = XX⊤

|max(XX⊤)| .

For each row of P̂ , i.e., P̂ [i, :], we select Mg[i, :] as the positions of the top values whose cumulative
sum reaches τ , where τ is a hyper-parameter. Finally, we need to ensure calculations involving
non-self-similar blocks of Q or K are not omitted:

Mg[i, :] = 1, If sqi < θ; Mg[:, j] = 1, If skj < θ (3)

2.3 SPARSE WARP ONLINE SOFTMAX

Key idea. We can further identify the small enough values in the attention map during the online
softmax process. If all values in P̃ij are close enough to zero, the P̃ijVj can be omitted.

To identify which P̃ij = exp(Sij −mi,j) (See Sec. 2.1) contains values small enough to be omitted,
we note that in every inner loop of FlashAttention, the Oij will be scaled by exp(mi,j−1 −mij) and
then plus the P̃ijVj :

mlocal =rowmax(Sij), mij = max{mi,j−1,mlocal}
Oij =diag (exp(mi,j−1 −mij))Oi,j−1 + P̃ijVj

If rowmax(Sij) < mij , then mij = mi,j−1. Consequently, Oij = Oi,j−1 + P̃ijVj . Furthermore,
if rowmax(Sij) ≪ mij holds ture, then all values in P̃ij = exp(Sij − mij) are close to 0. This
results in all values in P̃ijVj being close to 0. This condition implies that P̃ijVj is negligible when
rowmax(Sij) is significantly smaller than mij :

Oij ≈ Oi,j−1, if max (exp(Sij −mij)) → 0

max (exp(Sij −mij)) → 0 ⇔ max(mlocal −mij) < λ

2.4 COMBINED WITH SAGEATTENTION

Since quantization operations and sparse operations are orthogonal, sparse computation can be directly
applied to SageAttention Zhang et al. (2025b). Specifically, first, we need to add one judgment at the
beginning of the inner loop of SageAttention to decide whether to skip the whole inner loop once.
Second, we add another judgment before the updating of Oij in the inner loop of SageAttention to
decide whether to skip the computation of P̃ijVj .

3 EXPERIMENT

3.1 SETUP

Models, Datasets, metrics. For details about the models, datasets, and metrics, please refer to
Appendix. A.2.

Speed and sparsity metric. We use TOPS (tera operations per second) to evaluate the speed of
sparse attention methods. Specifically, TOPS = O(attn)/t, where O(attn) represents the total
number of operations in a standard attention computation, and t is the latency of attention operation,

3
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Table 1: End-to-end metrics across text, image, and video generation models. The speed and sparsity
are the average for each layer in the model in real generation tasks described in Sec. 3.1. The speed
and sparsity of Llama3.1 are measured in the Needle-in-a-Haystack task with a 128K sequence
length.

Model (seq len) Attention (Sparsity) Speed (TOPS)↑ WikiText (Ppl.) ↓ Longbench ↑ InfiniteBench ↑ NIAH ↑

Llama3.1
(128K)

Full-Attention 156.9 6.013 38.682 0.6594 0.907
Minference (0.5) 140.1 10.631 28.860 0.5152 0.832
FlexPrefill (0.5) 240.6 6.476 38.334 0.6460 0.858
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
SpargeAttn (0.54) 708.1 6.020 39.058 0.6638 0.909

Model (seq len) Attention (Sparsity) Speed (TOPS)↑ CLIPSIM ↑ CLIP-T ↑ VQA-a ↑ VQA-t ↑ FScore ↑

CogvideoX
(17K)

Full-Attention 166.0 0.1819 0.9976 80.384 75.946 5.342
Minference (0.5) 264.6 0.1728 0.9959 70.486 62.410 2.808
FlexPrefill (0.6) 175.3 0.1523 0.9926 1.5171 4.5034 1.652
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
SpargeAttn (0.46) 507.9 0.1798 0.9974 78.276 74.846 5.030

Model (seq len) Attention (Sparsity) Speed (TOPS)↑ FID ↓ CLIP ↑ IR ↑

Flux
(4.5K)

Full-Attention 158.2 166.103 31.217 0.8701
Minference (0.5) 151.8 180.650 30.235 0.4084
FlexPrefill (0.48) 47.7 443.928 18.3377 -2.2657
Minference (0.3) 118.9 170.221 31.001 0.7701
FlexPrefill (0.41) 40.9 405.043 19.5591 -2.2362
SpargeAttn (0.38) 280.3 163.982 31.448 0.9207

including the time spent predicting the sparse region of the attention map. We define Sparsity as the
proportion of the Matmul of QiKj plus P j

i Vj that are skipped relative to the total number of QiKj

plus P j
i Vj in a full attention.

Baselines and Hyperparameters. Currently, sparse attention methods applicable across different
model types are limited. We choose block-sparse MInference Jiang et al. (2024) and FlexPrefill Flex-
Prefill (2025) as our baselines. To vary the sparsity of these baselines, we use 30% and 70% for
MInference, and use γ = 0.95 and 0.99 for FlexPrefill according to their paper. Hyperparameter
determination for SpargeAttn are detailed in Appendix. A.3.

3.2 QUALITY AND EFFICIENCY EVALUATION

End-to-end metrics. We assess the end-to-end metrics of various models using SpargeAttn
compared to using full attention and baselines. As shown in Table 1, our method incurs almost no
end-to-end metric loss across various models compared to Full-Attention and surpasses baselines
with various sparsity levels in terms of end-to-end accuracy. Fig. 3 and 4 show some visible
comparison examples on different image/video generation models, showing that SpargeAttn
incurs no performance loss and outperforms baselines. More results are shown in Appenedix A.5.
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Figure 2: Kernel speed comparison under varying sparsity on RTX4090. Input tensors have a
sequence length of 22K and a head dimension of 128. SpargeAttn+FA2/Sage/Sage2 means deploying
our method on FlashAttention2, SageAttention or SageAttention2 Zhang et al. (2024a).
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Attention speed. Table 1 shows that our method achieves faster speeds compared to Full-Attention
and surpasses baselines with various sparsity levels in terms of attention speed. Fig. 2 illustrates the
kernel speeds of various methods across different sparsity. Tabel 2 demonstrates that the overhead of
dynamic sparse block prediction of SpargeAttn is minimal, particularly for long sequences.

End-to-end speedup. Table 3 shows the end-to-end latency on CogvideoX, Mochi, and
Llama3.1 using SpargeAttn. Notably, SpargeAttn achieves 1.83x speedup on Mochi.

Table 2: Overhead (ms) of sparse block
prediction in SpargeAttn.
Seq Len Prediction Full Attention Overhead

8k 0.251 6.649 3.78%
16k 0.487 26.83 1.82%
32k 0.972 106.68 0.911%

128k 8.764 1696.2 0.516%

Table 3: End-to-end generation latency using
SpargeAttn.

Model GPU OriginalSageAttnSpargeAttn

CogvideoX RTX4090 87 s 68 s 53 s
Mochi L40 1897 s 1544 s 1037 s

Llama3.1 (24K) RTX4090 4.01 s 3.53 s 2.6 s
Llama3.1 (128K) L40 52 s 42s 29.98 s
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A APPENDIX

A.1 VISUAL EXAMPLES
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Figure 3: Comparison examples on Flux and
Stable-Diffusion3.5. The sparsity of
SpargeAttn, MInference and FlexPrefill is
0.38, 0.3, and 0.4 on Flux and 0.31, 0.3, and
0.35 on Stable-Diffusion3.5.
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Figure 4: Comparison examples on Mochi. The
sparsity of SpargeAttn, MInference and Flex-
Prefill is 0.47, 0.3, and 0.4.
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Figure 5: Some sampled patterns of
attention map P in various models.
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Figure 6: Exemplary patterns of the query and key
in the attention of various models.

A.2 MODELS, DATASETS, AND METRICS

Models. We validate the effectiveness of SpargeAttn across diverse representative models
from language, image, and video generation. Specifically, we conduct experiments on Llama3.1
(8B) Dubey et al. (2024) for text-to-text, CogvideoX (2B) and Mochi Team (2024) for text-to-
video, Flux Black Forest Labs (2023)(.1-dev) and Stable-Diffusion3.5 (large) Stability AI
(2023) for text-to-image.

Datasets. The Text-to-text model is evaluated on four zero-shot tasks: WikiText Merity et al.
(2017) to assess the model’s prediction confidence, Longbench Bai et al. (2024) and En.MC of
InfiniteBench Zhang et al. (2024b) for a comprehensive assessment of long context understanding
capabilities, and the Needle-in-a-Haystack task Kamradt (2023) to assess the model’s retrieval
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ability. Text-to-video models are evaluated using the open-sora Zheng et al. (2024c) prompt sets.
Text-to-image models are assessed on COCO annotations Lin et al. (2014).

End-to-end metrics. For Llama3.1, we use perplexity (ppl.) Jelinek et al. (1977) for WikiText,
Longbench score Bai et al. (2024), and retrival accuracy for the Needle-in-A-Haystack task Kamradt
(2023). 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, and Flow-score
(FScore) for temporal consistency Wu et al. (2023). For text-to-image models, generated images
are compared with the images in the COCO dataset in three aspects: FID Heusel et al. (2017) for
fidelity evaluation, Clipscore (CLIP) Hessel et al. (2021) for text-image alignment, and ImageReward
(IR) Xu et al. (2024) for human preference.

A.3 HYPER-PARAMETERS DETERMINATION FOR MODEL LAYER

Based on the method description in Sec. 2.2 and 2.3, our method incorporates three hyper-parameters:
τ ∈ (0, 1), θ ∈ (−1, 1), and λ < 0. The parameter determination process for each attention
layer in any model is straightforward. We aim to identify a set of hyperparameters that not only
maximize attention sparsity but also constrain the attention error across five different model inputs.
To evaluate attention accuracy, we employ a strict error metric, the Relative L1 distance, defined as
L1 =

∑ |O − O′|/∑ |O|. The process begins by setting two L1 error thresholds l1 and l2, e.g.,
l1 = 0.05, l2 = 0.06. We first conduct a grid search for τ and θ to identify the optimal pair that
maximizes sparsity while ensuring L1 < l1. Subsequently, we perform another grid search for λ to
find the optimal value that further maximizes sparsity while maintaining L1 < l2.

In our experiments, we use (l1 = 0.08, l2 = 0.09) for Llama3.1, (l1 = 0.05, l2 = 0.06) for
CogvideoX and Mochi, and (l1 = 0.07, l2 = 0.08) for Stable-Diffusion3.5 and Flux.

A.4 ABLATION STUDY OF SELF-SIMILARITY JUDGE

To investigate the impact of the self-similarity judge on attention performance, we conduct an
ablation study by removing the self-similarity judge, using five distinct prompts and pre-searched
hyperparameters with l1 = 0.05, l2 = 0.06 on both CogvideoX and Mochi models. In most cases,
the presence of highly localized patterns results in a minimal number of non-self-similar blocks,
leading to only minor differences in precision and sparsity when averaging across all tensor cases. To
obtain more meaningful and interpretable insights, we specifically analyze cases where the precision
difference is statistically significant.

To this end, we apply a threshold-based selection criterion, retaining only those cases where the abso-
lute difference between L1sim−judge (precision error with the self-similarity judge) and L1no−judge

(precision error without the self-similarity judge) exceeds 0.05. This criterion results in approximately
2% of the tensor cases being retained for further analysis. We employ precision (L1 error) and sparsity
as evaluation metrics to assess the influence of the self-similarity judge on the attention output. The
results are summarized in Table 4.

Table 4: Impact of the self-similarity judge on the accuracy and sparsity of attention.

Method w/ judge w/o judge filter w/ judge filter w/o judge

CogvideoX Mochi CogvideoX Mochi CogvideoX Mochi CogvideoX Mochi

L1 error↓ 0.0316 0.0343 0.0325 0.0365 0.0843 0.0555 0.214 0.154
Sparsity ↑ 0.199 0.301 0.203 0.305 0.242 0.371 0.275 0.392

The findings demonstrate that the self-similarity judge effectively mitigates extreme precision loss
while introducing only a marginal reduction in sparsity. We also evaluate the end-to-end accuracy
result in Table 5.

Table 5: Abalation of self-similarity judge.
Method VQA-a ↑ VQA-t ↑ FScore ↑
W/o. self-sim Judge 34.664 44.722 1.138
With self-sim Judge 54.179 67.219 1.807
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A.5 ADDITIONAL EXPERIMENTS

Table 6 shows results on Mochi and Stable-Diffusion3.5. Figure 7 shows the visual results
on Needle-in-a-Haystack of Llama3.1. We believe SpargeAttn could be effectively employed
to linear layer quantization (Hu et al., 2025; Zhang et al., 2025c), RAG systems (Zhang et al., 2025a),
heterogeneous GPU systems (Jiang et al., 2025a; Jiang et al.; 2025b), and diffusion models (Zheng
et al., 2024a;b; 2025).

Table 6: Results on Mochi and Stable-Diffusion3.5. ✗ indicates an inability to generate
results for evaluation.

Model (seq len) Attention (Sparsity) Speed (TOPS)↑ CLIPSIM ↑ CLIP-T ↑ VQA-a ↑ VQA-t ↑ FScore ↑

Mochi
(22K)

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
FlexPrefill (0.48) 191.3 0.1667 0.9898 0.582 0.0043 ✗
Minference (0.3) 147.7 0.1682 0.9889 14.541 42.956 0.833
FlexPrefill (0.4) 171.7 0.1677 0.9909 2.941 0.7413 ✗
SpargeAttn (0.47) 582.4 0.1720 0.9990 54.179 67.219 1.807

Model (seq len) Attention (Sparsity) Speed (TOPS)↑ FID ↓ CLIP ↑ IR ↑

Stable-
Diffusion3.5

(4.5K)

Full-Attention 164.2 166.101 32.007 0.9699
Minference (0.5) 186.4 348.930 18.3024 -2.2678
FlexPrefill (0.37) 23.1 350.497 18.447 -2.2774
Minference (0.3) 150.3 337.530 18.099 -2.2647
FlexPrefill (0.35) 22.7 348.612 18.147 -2.2756
SpargeAttn (0.31) 293.0 166.193 32.114 0.9727

Full Attention SpargeAttention

MInference FlexPrefill

Figure 7: A Needle-in-a-Haystack comparison example on Llama3.1. The sparsity of
SpargeAttn, MInference, and FlexPrefill is 0.5, 0.5, and 0.54.
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