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Selective compression makes sparse prediction safer

• Predict block importance from representative tokens only when within-block similarity
is high.

• Protect dissimilar blocks; then skip negligible PV updates inside online softmax.
• Combine sparsity with SageAttention quantization. Mochi on L40: 1897 s to 1037 s

(1.83×).
• Evidence spans language, image and video models; it is not a universal accuracy

guarantee.
Paper, Secs. 3–4; Table 2, PDF p.8.
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The mask must cost less than the work it saves

O = softmax(QK⊤/
√
d)V , Q,K ,V ∈ RN×d .

• Dense attention performs two quadratic matrix products.
• Fixed windows and attention sinks need not transfer to visual models.
• Pooling every block can hide a rare but important token.
• SpargeAttn asks whether a block is safe to summarize before trusting its mean.

Paper, Secs. 1–3.2, PDF pp.1–5.
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Two filters skip different pieces of work

<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="K5fWpcW3ZAFAjP87P+DHNAYEge0=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dl1ZlYISz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJIJr47pfTmFpeWV1rbhe2tjc2t4p7+41dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nvqtR1Sax/LejBP0IzqQPOSMGivdBb2HXrniVt0ZyF/i5aQCOeq98me3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JklT4JY2VLGjJTf05kNNJ6HAW2M6JmqBe9qfif10lNeOlnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb78lzRPqt559ez2tFK7yuMowgEcwjF4cAE1uIE6NIDBAJ7gBV4d4Tw7b877vLXg5DP78AvOxzdObI3U</latexit>

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

Q1

<latexit sha1_base64="XSFR7qqYoJnNMf38vp6IVXMJrtI=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaJryPRi0eI8khgQ2aHXpgwO7uZmTUhhE/w4kFjvPpF3vwbB9iDgpV0UqnqTndXkAiujet+O7m19Y3Nrfx2YWd3b/+geHjU1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hobua3nlBpHstHM07Qj+hA8pAzaqz0UO9VesWSW3bnIKvEy0gJMtR6xa9uP2ZphNIwQbXueG5i/AlVhjOB00I31ZhQNqID7FgqaYTan8xPnZIzq/RJGCtb0pC5+ntiQiOtx1FgOyNqhnrZm4n/eZ3UhDf+hMskNSjZYlGYCmJiMvub9LlCZsTYEsoUt7cSNqSKMmPTKdgQvOWXV0mzUvauypf1i1L1NosjDydwCufgwTVU4R5q0AAGA3iGV3hzhPPivDsfi9ack80cwx84nz/U+42E</latexit>

Q2
<latexit sha1_base64="EtYZv8un83E4QGSefBfEQBbWxro=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHZ9H4lePEKURwIbMjs0MGF2djMza0I2fIIXDxrj1S/y5t84wB4UrKSTSlV3uruCWHBtXPfbya2srq1v5DcLW9s7u3vF/YOGjhLFsM4iEalWQDUKLrFuuBHYihXSMBDYDEZ3U7/5hErzSD6acYx+SAeS9zmjxkoPte55t1hyy+4MZJl4GSlBhmq3+NXpRSwJURomqNZtz42Nn1JlOBM4KXQSjTFlIzrAtqWShqj9dHbqhJxYpUf6kbIlDZmpvydSGmo9DgPbGVIz1IveVPzPayemf+OnXMaJQcnmi/qJICYi079JjytkRowtoUxxeythQ6ooMzadgg3BW3x5mTTOyt5V+bJ2UarcZnHk4QiO4RQ8uIYK3EMV6sBgAM/wCm+OcF6cd+dj3ppzsplD+APn8wfWf42F</latexit>

Q3

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

Mean
Pooling

Self Cosine
Similarity

00
0 0

0 0
<latexit sha1_base64="kNd3UNMz/2RnnPSdWQcmtCuFhMg=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dl1ZlYISz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJIJr47pfTmFpeWV1rbhe2tjc2t4p7+41dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nvqtR1Sax/LejBP0IzqQPOSMGivdPfS8XrniVt0ZyF/i5aQCOeq98me3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JklT4JY2VLGjJTf05kNNJ6HAW2M6JmqBe9qfif10lNeOlnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb78lzRPqt559ez2tFK7yuMowgEcwjF4cAE1uIE6NIDBAJ7gBV4d4Tw7b877vLXg5DP78AvOxzcERo2j</latexit>q1

<latexit sha1_base64="2zRk1MZyvCQpkcU6cL9ylO1uedw=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaJryPRi0eM8khgQ2aHBibMzq4zsyZkwyd48aAxXv0ib/6NA+xBwUo6qVR1p7sriAXXxnW/ndzK6tr6Rn6zsLW9s7tX3D9o6ChRDOssEpFqBVSj4BLrhhuBrVghDQOBzWB0M/WbT6g0j+SDGcfoh3QgeZ8zaqx0/9itdIslt+zOQJaJl5ESZKh1i1+dXsSSEKVhgmrd9tzY+ClVhjOBk0In0RhTNqIDbFsqaYjaT2enTsiJVXqkHylb0pCZ+nsipaHW4zCwnSE1Q73oTcX/vHZi+ld+ymWcGJRsvqifCGIiMv2b9LhCZsTYEsoUt7cSNqSKMmPTKdgQvMWXl0mjUvYuyud3Z6XqdRZHHo7gGE7Bg0uowi3UoA4MBvAMr/DmCOfFeXc+5q05J5s5hD9wPn8ABcqNpA==</latexit>q2
<latexit sha1_base64="IBSVAjirouzebXSxTK7y5z0W09E=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHZ9H4lePGKURwIbMjs0MGF2dp2ZNSEbPsGLB43x6hd5828cYA8KVtJJpao73V1BLLg2rvvt5JaWV1bX8uuFjc2t7Z3i7l5dR4liWGORiFQzoBoFl1gz3AhsxgppGAhsBMObid94QqV5JB/MKEY/pH3Je5xRY6X7x85pp1hyy+4UZJF4GSlBhmqn+NXuRiwJURomqNYtz42Nn1JlOBM4LrQTjTFlQ9rHlqWShqj9dHrqmBxZpUt6kbIlDZmqvydSGmo9CgPbGVIz0PPeRPzPayWmd+WnXMaJQclmi3qJICYik79JlytkRowsoUxxeythA6ooMzadgg3Bm395kdRPyt5F+fzurFS5zuLIwwEcwjF4cAkVuIUq1IBBH57hFd4c4bw4787HrDXnZDP78AfO5w8HTo2l</latexit>q3

<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>· · ·

Mean
Pooling

Self Cosine
Similarity

<latexit sha1_base64="z485KjeHX8bZm8DSYA9MDdDYM/I=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6GPW8XrniVt0ZyDLxclKBHPVe+avbj1kaoTRMUK07npsYP6PKcCZwUuqmGhPKRnSAHUsljVD72ezUCTmxSp+EsbIlDZmpvycyGmk9jgLbGVEz1IveVPzP66QmvPYzLpPUoGTzRWEqiInJ9G/S5wqZEWNLKFPc3krYkCrKjE2nZEPwFl9eJs2zqndZvbg/r9Ru8jiKcATHcAoeXEEN7qAODWAwgGd4hTdHOC/Ou/Mxby04+cwh/IHz+QP7E42d</latexit>

k1
<latexit sha1_base64="xKzdBeavUU52/se5KwO3RmHCiCc=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBA8hd3g6xj04jGieUCyhNnJbDJkdnaZ6RXCkk/w4kERr36RN//GSbIHTSxoKKq66e4KEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR7dRvPXFtRKwecZxwP6IDJULBKFrpYdSr9kplt+LOQJaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzySbGbGp5QNqID3rFU0YgbP5udOiGnVumTMNa2FJKZ+nsio5Ex4yiwnRHFoVn0puJ/XifF8NrPhEpS5IrNF4WpJBiT6d+kLzRnKMeWUKaFvZWwIdWUoU2naEPwFl9eJs1qxbusXNyfl2s3eRwFOIYTOAMPrqAGd1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QP8l42e</latexit>

k2
<latexit sha1_base64="eoQj8n7xxr14Iid2W+ba1xnQBAI=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKez6Pga9eIxoHpAsYXYymwyZnV1meoWw5BO8eFDEq1/kzb9xkuxBowUNRVU33V1BIoVB1/1yCkvLK6trxfXSxubW9k55d69p4lQz3mCxjHU7oIZLoXgDBUreTjSnUSB5KxjdTP3WI9dGxOoBxwn3IzpQIhSMopXuR73TXrniVt0ZyF/i5aQCOeq98me3H7M04gqZpMZ0PDdBP6MaBZN8UuqmhieUjeiAdyxVNOLGz2anTsiRVfokjLUthWSm/pzIaGTMOApsZ0RxaBa9qfif10kxvPIzoZIUuWLzRWEqCcZk+jfpC80ZyrEllGlhbyVsSDVlaNMp2RC8xZf/kuZJ1buont+dVWrXeRxFOIBDOAYPLqEGt1CHBjAYwBO8wKsjnWfnzXmftxacfGYffsH5+Ab+G42f</latexit>

k3
<latexit sha1_base64="0xMKvLOBfFq4g6w7eJk74H1ertk=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSw6h33itX3Ko7A1kmXk4qkKPeK391+zFLI66QSWpMx3MT9DOqUTDJJ6VuanhC2YgOeMdSRSNu/Gx26oScWKVPwljbUkhm6u+JjEbGjKPAdkYUh2bRm4r/eZ0Uw2s/EypJkSs2XxSmkmBMpn+TvtCcoRxbQpkW9lbChlRThjadkg3BW3x5mTTPqt5l9eL+vFK7yeMowhEcwyl4cAU1uIM6NIDBAJ7hFd4c6bw4787HvLXg5DOH8AfO5w//n42g</latexit>

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>· · ·

Block Sparse Mask

<latexit sha1_base64="Va5TCBac3SDx9AzPvl8KU21EGrI=">AAACFnicbVDLSgMxFM3UV62vqks3wSK4scyIr2XRjQsFBatCW0omvbWhyWRI7kjLUH/Cjb/ixoUibsWdf2Om7cLXgcDhnHO5uSeMpbDo+59ebmJyanomP1uYm19YXCour1xanRgOVa6lNtchsyBFBFUUKOE6NsBUKOEq7B5l/tUtGCt0dIH9GBqK3USiLThDJzWLW3WEHqZHWsUJAsUO0BPNmaSnrDegd1Q1RwGZiYNmseSX/SHoXxKMSYmMcdYsftRbmicKIuSSWVsL/BgbKTMouIRBoZ5YiBnvshuoORoxBbaRDs8a0A2ntGhbG/cipEP1+0TKlLV9FbqkYtixv71M/M+rJdg+aKQiyk6O+GhRO5EUNc06oi1hgKPsO8K4Ee6vlHeYYRxdkwVXQvD75L/kcrsc7JV3z3dKlcNxHXmyRtbJJgnIPqmQY3JGqoSTe/JInsmL9+A9ea/e2yia88Yzq+QHvPcv0MefzQ==</latexit>

Compute the Local Max mlocal

<latexit sha1_base64="47MAKSRZ4RKfc/o3dedLENlNl2I=">AAAB+HicbVDJSgNBEO2JW4xLRj16GQyCpzAjbsegF48RzALJMPR0OkmTXobuGjEO+RIvHhTx6qd482/sJHPQxAcFj/eqqKoXJ5wZ8P1vp7Cyura+UdwsbW3v7Jbdvf2mUakmtEEUV7odY0M5k7QBDDhtJ5piEXPaikc3U7/1QLVhSt7DOKGhwAPJ+oxgsFLklkXUBfoI2YCrGPNJ5Fb8qj+Dt0yCnFRQjnrkfnV7iqSCSiAcG9MJ/ATCDGtghNNJqZsammAywgPasVRiQU2YzQ6feMdW6Xl9pW1J8Gbq74kMC2PGIradAsPQLHpT8T+vk0L/KsyYTFKgkswX9VPugfKmKXg9pikBPrYEE83srR4ZYo0J2KxKNoRg8eVl0jytBhfV87uzSu06j6OIDtEROkEBukQ1dIvqqIEIStEzekVvzpPz4rw7H/PWgpPPHKA/cD5/AHdak6E=</latexit>mglobal
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Paper, Fig.3, PDF p.4. Original author figure; red blocks are protected.

4 / 25



Online softmax maintains a running normalization

Sij = QiK
⊤
j /

√
d ,

mij = max(mi ,j−1, rowmax Sij),

˜︁Pij = exp(Sij −mij),

lij = emi,j−1−mij li ,j−1 + rowsum ˜︁Pij ,

Oij = diag(emi,j−1−mij )Oi ,j−1 + ˜︁PijVj .

Qi : query block; Kj ,Vj : key/value blocks. m, l : row-wise states.
Final output: Oi = diag(li ,Tn)

−1Oi ,Tn .
Paper, Sec.3.1, Eq.(1), PDF p.3.
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Stage 1: protect blocks that are hard to summarize

qi = mean(Qi ), kj = mean(Kj), Ŝ = qk⊤.

• Compute within-block scores sqi , skj . Exclude low-similarity key columns from
compressed softmax.

• Apply TopCdf to each compressed probability row, controlled by τ .
• Force Mg [i , :] = 1 if sqi < θ; force Mg [:, j ] = 1 if skj < θ.

• If Mg [i , j ] = 0, skip both QiK
⊤
j and ˜︁PijVj .

Paper, Secs.3.2–3.3, Eqs.(4)–(6), PDF pp.3–5.

6 / 25



Two definitions require care when reproducing the paper

TopCdf boundary

Text says cumulative mass “reaches” τ ; pseudocode uses cumsum ≤ τ sum. For
(0.6, 0.3, 0.1) and τ = 0.8, the code keeps only 0.6.

Similarity definition

The paper calls this cosine similarity but prints CosSim(X ) = mean(XX⊤/|max(XX⊤)|).
This differs from standard pairwise cosine normalization.

Check the implementation before resolving these ambiguities.
Paper, Sec.3.2, PDF pp.4–5. Example and caution: reading analysis.
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Stage 2: skip PV when the local maximum is far below

For query rows Iw handled by one GPU warp:

max
(︁
mlocal[Iw ]−mij [Iw ]

)︁
< λ, λ < 0.

• Then every unnormalized weight in this warp is below eλ.
• The running maximum stays unchanged; the previous output needs no rescaling.
• Skip ˜︁Pij [Iw ]Vj . QK and denominator updates have already happened.
• Small weights alone do not bound total output error for arbitrary V .

Paper, Sec.3.4 and Algorithm 1, PDF pp.4–5; last point: reading analysis.
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Training-free still involves calibration

L1 =

∑︁ |O − O ′|∑︁ |O| .

• Use five model inputs; search (τ, θ) under L1 < l1, then λ under L1 < l2.
• (l1, l2): Llama (.08, .09); CogVideoX/Mochi (.05, .06).
• Flux/SD3.5 (.07, .08); Open-Sora-Plan (.03, .035).
• These constrain attention output error on calibration inputs, not downstream quality

on all inputs.
Paper, Secs.3.6 and 4.1, PDF pp.5–6.
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Quantization contributes to the reported speedup

• The main experiments build on SageAttention with block quantization in the QK
path.

• CUDA implementation and kernel fusion reduce prediction overhead.
• A speedup over dense attention combines sparsity, quantization and implementation

effects.
• The p.1 footnote describes a newer SageAttention2 implementation; it does not

replace every table with new measurements.
Paper, Sec.3.5, Algorithm 1 and p.1 footnote, PDF pp.1,4–5.
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Hilbert ordering exposes visual locality

• Flatten visual tokens in T × H ×W along a Hilbert curve to improve within-block
similarity.

• Permute Q/K/V after positional embedding; apply the inverse permutation to the
output.

• For joint visual-language attention, permute visual tokens only.
• Appendix ablation: query blocks 128, key blocks 64; FlashAttention2 is the accuracy

reference.
• Masks and position-dependent biases must remain consistent under permutation

(reading analysis).
Paper, Sec.3.7 and Appendix A.1, PDF pp.6,14.
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Evaluation tests transfer across three model families

Task Models Evaluation

Language Llama3.1-8B WikiText, LongBench,
InfiniteBench En.MC, NIAH

Image Flux.1-dev, SD3.5 large COCO annotations
Video CogVideoX-2B, Mochi, open-sora prompts

Open-Sora-Plan

• Quality reference: full attention. Sparse baselines: block-sparse MInference and
FlexPrefill.

• Table 1 uses different achieved sparsities: compare quality and speed together.
Paper, Sec.4.1 and Table 1, PDF pp.6–7.
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Speed, sparsity and quality have different denominators

• Speed is defined as dense operation count divided by attention latency, including
mask prediction. It is not tokens/s.

• Sparsity counts skipped QK and PV block products together; it is not the fraction of
zero entries in P.

• PPL and FID: lower is better. Task scores, CLIP/IR and reported video scores:
higher is better.

• Table 1 speed uses the real task tensors; Llama speed/sparsity specifically use 128K
NIAH.

Paper, Sec.4.1 and Table 1 caption, PDF pp.6–7.
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Language quality is close while attention gets faster

Llama3.1 Full SpargeAttn

Attention speed (paper units) 156.9 708.1
WikiText PPL ↓ 6.013 6.020
LongBench ↑ 38.682 39.058
InfiniteBench ↑ 0.6594 0.6638
NIAH ↑ 0.907 0.909

Attention speed: 4.51× at 128K; sparsity: 0.54.
Small score improvements have no reported confidence intervals.

Paper, Table 1, PDF p.7. Speed ratio calculated from table values.
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Visual metrics are largely retained, but not identical

Model Metric Full SpargeAttn

CogVideoX VQA-a ↑ 80.384 78.276
Mochi VQA-a ↑ 56.472 54.179
Mochi FScore ↑ 1.681 1.807
Open-Sora-Plan VQA-t ↑ 80.60 76.91
Flux FID ↓ 166.103 163.982
SD3.5 FID ↓ 166.101 166.193

“No quality loss” is the authors’ summary, not literal equality.
Reported sparse baselines often degrade much more.

Paper, Table 1, PDF p.7. Selected metrics, original scales.
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Kernel curves separate sparse and quantized variants
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Paper, Fig.10, PDF p.9. Sequence 22K; head dimension 128. Not end-to-end speed.

16 / 25



End-to-end gains are smaller than attention gains

Model GPU Original Sage Sparge

CogVideoX RTX4090 87 s 68 s 53 s
Mochi L40 1897 s 1544 s 1037 s
Llama 24K RTX4090 4.01 s 3.53 s 2.60 s
Llama 128K L40 52 s 42 s 29.98 s

Mochi: 1.83× vs. original, 1.49× vs. SageAttention.
Non-attention work limits whole-model acceleration.
Paper, Table 2, PDF p.8. Ratios calculated from reported latency.
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Prediction overhead shrinks relative to full attention

Length Prediction (ms) Full attention (ms) Ratio

8K 0.251 6.649 3.78%
32K 0.972 106.68 0.911%

128K 8.764 1696.2 0.516%

• The absolute prediction time still grows.
• These ratios use full-attention time, not accelerated total time.
• Compressed attention remains quadratic in the number of blocks.

Paper, Table 3, PDF p.8; complexity interpretation: reading analysis.
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The similarity guard prevents damaging outliers

Mochi Without guard With guard

VQA-a ↑ 34.664 54.179
VQA-t ↑ 44.722 67.219
FScore ↑ 1.138 1.807

Appendix: on a selected ∼2% high-difference subset, CogVideoX L1 is 0.214 without vs.
0.0843 with the guard.

This selected subset is not the population average.
Paper, Tables 5 and 10; Appendix A.2, PDF pp.9,14–15.
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Hilbert ordering trades a little accuracy for sparsity

Mochi Sim-q Sim-k L1 ↓ Sparsity

Random .321 .019 .0414 .048
Row-major .551 .390 .0307 .363
Hilbert .572 .479 .0389 .392

Row-major to Hilbert: sparsity increases by 2.9 percentage points.
Random ordering retains accuracy by falling back to more computation.

Paper, Tables 4 and 9, PDF pp.9,14. Ablation settings differ from Table 1.

20 / 25



The two stages overlap; longer contexts expose more sparsity

Llama3.1, 128K NIAH

Only Mg : 51.2%; only Mpv : 27.7%; together: 54%. The incremental gain over stage 1 is
2.8 percentage points.

Length 8K 16K 24K 48K 128K

Sparsity 6.8% 26.4% 35.7% 49.8% 54%

These are measured trends under the paper’s accuracy constraint,
not a guarantee for every longer input.
Paper, Tables 6–7, PDF p.9.
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Diffusion sparsity varies over sampling steps
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Layer and head variation is also substantial; prompt averages vary less.
Paper, Appendix A.4, Figs.14–17, PDF pp.17–18. Shown: original Fig.15.
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What the evidence supports, and what remains open

• Supported: selective protection plus two-stage skipping is practical across the tested
model families.

• Calibration, quantization and CUDA implementation are part of the result.
• No arbitrary-input error theorem; some quality metrics decline; repeated-run

uncertainty is not reported.
• Reproduction needs exact threshold semantics, kernel versions, baseline settings and

hardware details.
• Discussion: can omitted mass and value norms provide a stronger error control?

Paper, Secs.3–4 and Appendix; limitations and question: reading analysis.
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Reference and scope of this reading

Jintao Zhang, Chendong Xiang, Haofeng Huang, Jia Wei, Haocheng Xi, Jun
Zhu, Jianfei Chen.

SpargeAttention: Accurate and Training-free Sparse Attention Accelerating Any Model
Inference.
ICML 2025; arXiv:2502.18137v8, revised 19 November 2025.

https://arxiv.org/abs/2502.18137v8
https://github.com/thu-ml/SpargeAttn

Read from the version-matched PDF, author TeX and figures.
Experiments are reported by the paper, not independently reproduced.
Reading prepared 18 September 2026. Main talk: about 25–30 minutes.
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Backup: medium-length retrieval and calibration gaps

• Appendix Table 11 evaluates NIAH across 16–28K; the speed row is labeled 24K.
• Full to Sparge: 156.9 to 443.6 TOPS; NIAH 0.838 to 0.863; sparsity 0.36.
• Section 4.1 says MInference 30%/70%, while main table labels are mostly 0.3/0.5;

the discrepancy is unresolved.
• The full calibration grid, cost, sample sensitivity and head-wise configuration are not

specified.
Paper, Table 11, PDF p.15; Secs.3.6,4.1,4.3, PDF pp.5–9.
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