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When Attention Sink Emerges in Language Models: 
An Empirical View
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What is attention sink?

• Decoder-only Transformer
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Xiao et al. Efficient Streaming Language Models with Attention Sinks. ICLR 2024 



What is attention sink?

• In some cases, specific tokens may become sink tokens (Yu et al. 2024)

Yu et al. Unveiling and Harnessing Hidden Attention Sinks: Enhancing Large Language Models without Training 
through Attention Calibration. ICML 2024 4

• No fixed positions
• Different LLMs may have 

different sets for these specifical 
sink tokens



What can we do with attention sink?

• Long context understanding / generation by only computing the attention 
on the sink token and recent tokens (Xiao et al. 2024)

Xiao et al. Efficient Streaming Language Models with Attention Sinks. ICLR 2024 
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What can we do with attention sink?

• KV cache compression by only constructing the KV cache of special tokens 
(including sink tokens) and recent tokens (Ge et al. 2024)

Ge et al. Model Tells You What to Discard: Adaptive KV Cache Compression for LLMs. ICLR 2024 
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What can we do with attention sink?

• Model quantization by preserving the KV cache of sink tokens with full 
precision (Liu et al. 2024)

Liu et al. IntactKV: Improving Large Language Model Quantization by Keeping Pivot Tokens Intact. ACL Findings 2024 
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What can we do with attention sink?

• Multi-model language modeling by considering attention sink (Yang et al. 2024)

Yang et al. SEED-Story: Multimodal Long Story Generation with Large Language Model. Arxiv 2024 
8



Main motivations in this talk

• Attention sink is important due to above applications

• Big questions: 

How to understand attention sink?

When attention sink appears in LLMs? 

Why LLMs need attention sink?
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Looking into the internals in LLMs

• We find that QK angle matters for attention sink by decomposing QK

Attention sink
QK angle

Key of the sink token is distributed in a different manifold
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Massive activations in LLMs

• Massive activations in hidden states of sink token: its L2-norm is significantly 
larger than that of other tokens (Cancedda 2024; Sun et al. 2024)  
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<latexit sha1_base64="GmjTPswhi5+XK+YPvLFwdbHXUDg=">AAACC3icbVC7TsMwFHV4lvIKMMJgUSExRQlChbGChbFIlFZqQuQ4TmvVcYLtIFVRFhZ+hYUBRsTKD7DxNzhtBmg5kuWjc+7VvfcEKaNS2fa3sbC4tLyyWlurr29sbm2bO7u3MskEJh2csET0AiQJo5x0FFWM9FJBUBww0g1Gl6XffSBC0oTfqHFKvBgNOI0oRkpLvnngBgkL5TjWXz4s/Fy5nNxDp7jLWeGbDduyJ4DzxKlIA1Ro++aXGyY4iwlXmCEp+46dKi9HQlHMSFF3M0lShEdoQPqachQT6eWTKwp4pJUQRonQjys4UX935CiW5aK6MkZqKGe9UvzP62cqOvdyytNMEY6ng6KMQZXAMhIYUkGwYmNNEBZU7wrxEAmElQ6urkNwZk+eJ+6J5TStpuXYtuVcnzZaF1UoNbAPDsExcMAZaIEr0AYdgMEjeAav4M14Ml6Md+NjWrpgVD174A+Mzx9JOJp1</latexit>

hl
t 6=1

<latexit sha1_base64="7keXtUzEJvU0CrEcbZdiTIadQ+k=">AAACBXicbVC9TsMwGHTKXyl/ASQWFosKiSlKECqMFSyMRaK0UhMix3Faq44T2Q5SFTLwKiwMMCJW3oGNt8FpM0DLSZZPd98nny9IGZXKtr+N2tLyyupafb2xsbm1vWPu7t3JJBOYdHHCEtEPkCSMctJVVDHSTwVBccBILxhflX7vgQhJE36rJinxYjTkNKIYKS355oEbJCyUk1hf+bjwc6e4z1nhm03bsqeAi8SpSBNU6PjmlxsmOIsJV5ghKQeOnSovR0JRzEjRcDNJUoTHaEgGmnIUE+nl0/wFPNZKCKNE6MMVnKq/N3IUyzKinoyRGsl5rxT/8waZii68nPI0U4Tj2UNRxqBKYFkGDKkgWLGJJggLqrNCPEICYaUra+gSnPkvLxL31HJaVstybNtybs6a7cuqlDo4BEfgBDjgHLTBNeiALsDgETyDV/BmPBkvxrvxMRutGdXOPvgD4/MHzg+YCA==</latexit>

kl
1

<latexit sha1_base64="r90eyKsJHqIZjK/GpPo6+SrJkdI=">AAACC3icbVC7TsMwFHV4lvIKMMJgUSExRQlChbGChbFIlFZqQuQ4TmvVcYLtIFVRFhZ+hYUBRsTKD7DxNzhtBmg5kuWjc+7VvfcEKaNS2fa3sbC4tLyyWlurr29sbm2bO7u3MskEJh2csET0AiQJo5x0FFWM9FJBUBww0g1Gl6XffSBC0oTfqHFKvBgNOI0oRkpLvnngBgkL5TjWXz4q/Fy5nNxDp7jLWeGbDduyJ4DzxKlIA1Ro++aXGyY4iwlXmCEp+46dKi9HQlHMSFF3M0lShEdoQPqachQT6eWTKwp4pJUQRonQjys4UX935CiW5aK6MkZqKGe9UvzP62cqOvdyytNMEY6ng6KMQZXAMhIYUkGwYmNNEBZU7wrxEAmElQ6urkNwZk+eJ+6J5TStpuXYtuVcnzZaF1UoNbAPDsExcMAZaIEr0AYdgMEjeAav4M14Ml6Md+NjWrpgVD174A+Mzx9OA5p4</latexit>

kl
t 6=1

Block

<latexit sha1_base64="NLPJSw2Uyz3wgI7raN6UVw0Q4IM=">AAACC3icbVC7TsMwFHXKq5RXgBEGiwqJKUoQKowVLIxForRSEyLHcVqrjhNsp1IVZWHhV1gYYESs/AAbf4PTdoCWI1k+Oude3XtPkDIqlW1/G5Wl5ZXVtep6bWNza3vH3N27k0kmMGnjhCWiGyBJGOWkrahipJsKguKAkU4wvCr9zogISRN+q8Yp8WLU5zSiGCkt+eahGyQslONYf/mo8HPlcvIAneI+Z4Vv1m3LngAuEmdG6mCGlm9+uWGCs5hwhRmSsufYqfJyJBTFjBQ1N5MkRXiI+qSnKUcxkV4+uaKAx1oJYZQI/biCE/V3R45iWS6qK2OkBnLeK8X/vF6mogsvpzzNFOF4OijKGFQJLCOBIRUEKzbWBGFB9a4QD5BAWOngajoEZ/7kReKeWk7DaliObVvOzVm9eTkLpQoOwBE4AQ44B01wDVqgDTB4BM/gFbwZT8aL8W58TEsrxqxnH/yB8fkDX5aagw==</latexit>

vl
t 6=1

<latexit sha1_base64="1NZz5lp+NW6YsdvwARYjTtfJIUw=">AAACBXicbVC9TsMwGHT4LeUvgMTCYlEhMUUJQoWxgoWxSJRWakLkOE5r1XEi26lUhQy8CgsDjIiVd2DjbXDaDNBykuXT3ffJ5wtSRqWy7W9jaXlldW29tlHf3Nre2TX39u9lkglMOjhhiegFSBJGOekoqhjppYKgOGCkG4yuS787JkLShN+pSUq8GA04jShGSku+eegGCQvlJNZXPi783Ckeclb4ZsO27CngInEq0gAV2r755YYJzmLCFWZIyr5jp8rLkVAUM1LU3UySFOERGpC+phzFRHr5NH8BT7QSwigR+nAFp+rvjRzFsoyoJ2OkhnLeK8X/vH6moksvpzzNFOF49lCUMagSWJYBQyoIVmyiCcKC6qwQD5FAWOnK6roEZ/7Li8Q9s5ym1bQc27ac2/NG66oqpQaOwDE4BQ64AC1wA9qgAzB4BM/gFbwZT8aL8W58zEaXjGrnAPyB8fkD32CYEw==</latexit>

vl
1

Cancedda, Nicola. Spectral filters, dark signals, and attention sinks. ACL 2024
Sun et al. Massive activations in large language models. COLM 2024 12



Massive activations in LLMs

• There are spikes in very few dimensions in massive activations

Sun et al. Massive activations in large language models. COLM 2024
13



How to connect attention sink?

• Massive activations after LN?

Layer norm retains spikes for specific dimensions 
and suppress other dimensions

Pre-LN

Multi-Head Self-
Attention (MHSA)

<latexit sha1_base64="bQBVKCa1Vw3erlIjZ74ltb0ZIBk=">AAAB9HicbVA9SwNBEJ3zM8avqKXNYhCsjjuRaBm0sbCIYEwgd4S9zV6yZG/v2J0TQsiPsLHQUmz9MXb+GzfJFZr4YODx3gwz86JMCoOe9+2srK6tb2yWtsrbO7t7+5WDw0eT5prxJktlqtsRNVwKxZsoUPJ2pjlNIslb0fBm6reeuDYiVQ84yniY0L4SsWAUrdS6C1Ak3HQrVc/1ZiDLxC9IFQo0upWvoJeyPOEKmaTGdHwvw3BMNQom+aQc5IZnlA1pn3csVdQuCcezcyfk1Co9EqfalkIyU39PjGlizCiJbGdCcWAWvan4n9fJMb4Kx0JlOXLF5oviXBJMyfR30hOaM5QjSyjTwt5K2IBqytAmVLYh+IsvL5Pg3PVrbs31Pc/17y+q9esilBIcwwmcgQ+XUIdbaEATGAzhGV7hzcmcF+fd+Zi3rjjFzBH8gfP5A971kMs=</latexit>

L⇥

Pre-LN

+

Feed Forward 
Network (FFN)

+

<latexit sha1_base64="BEEfjWHKiWY1nlF68IHewxFhOUs=">AAACA3icbVA7T8MwGHTKq5RXeGwsERUSC1GMUGGsYOlYJEorNaFyHKe16sSR7SCVKOKvsDDAiFj5E2z8G5w2A7ScZPl0933y+fyEUakc59uoLC2vrK5V12sbm1vbO+bu3p3kqcCkgznjoucjSRiNSUdRxUgvEQRFPiNdf3xd+N0HIiTl8a2aJMSL0DCmIcVIaWlgHrg+Z4GcRPrKWvl9xk5hPjDrju1MYS0SWJI6KNEemF9uwHEakVhhhqTsQydRXoaEopiRvOamkiQIj9GQ9DWNUUSkl03T59axVgIr5EKfWFlT9fdGhiJZBNSTEVIjOe8V4n9eP1XhpZfROEkVifHsoTBlluJWUYUVUEGwYhNNEBZUZ7XwCAmElS6spkuA819eJO6ZDRt2w4aOY8Ob83rzqiylCg7BETgBEFyAJmiBNugADB7BM3gFb8aT8WK8Gx+z0YpR7uyDPzA+fwBw35an</latexit>

H
l�1

<latexit sha1_base64="4rFFjQpHs9MbDafjkbyIjVR+S34=">AAACAXicbVC9TsMwGHTKXyl/oYwsFhUSU5QgVBgrWDoWidJKbagcx2mtOnZkO4gqyquwMMCIWHkLNt4Gp80ALSdZPt19n3y+IGFUadf9tipr6xubW9Xt2s7u3v6BfVi/VyKVmHSxYEL2A6QIo5x0NdWM9BNJUBww0gumN4XfeyRSUcHv9CwhfozGnEYUI22kkV0fBoKFahabK2vnDxnLR3bDddw54CrxStIAJToj+2sYCpzGhGvMkFIDz020nyGpKWYkrw1TRRKEp2hMBoZyFBPlZ/PsOTw1SggjIc3hGs7V3xsZilURz0zGSE/UsleI/3mDVEdXfkZ5kmrC8eKhKGVQC1gUAUMqCdZsZgjCkpqsEE+QRFibumqmBG/5y6tkeO54TafpeK7reLcXjdZ1WUoVHIMTcAY8cAlaoA06oAsweALP4BW8Wbn1Yr1bH4vRilXuHIE/sD5/AIcRljU=</latexit>

H
l

<latexit sha1_base64="f0Kk8luNn8x/Bg07F8x0LsF/whw=">AAACAXicbVC9TsMwGHTKXyl/oYwsFhUSU5QgVBgrWNgoEqWVmlA5jttadezIdhBVlFdhYYARsfIWbLwNTpsBWk6yfLr7Pvl8YcKo0q77bVVWVtfWN6qbta3tnd09e79+r0QqMelgwYTshUgRRjnpaKoZ6SWSoDhkpBtOrgq/+0ikooLf6WlCghiNOB1SjLSRBnbdDwWL1DQ2V3aTP2QsH9gN13FngMvEK0kDlGgP7C8/EjiNCdeYIaX6npvoIENSU8xIXvNTRRKEJ2hE+oZyFBMVZLPsOTw2SgSHQprDNZypvzcyFKsinpmMkR6rRa8Q//P6qR5eBBnlSaoJx/OHhimDWsCiCBhRSbBmU0MQltRkhXiMJMLa1FUzJXiLX14m/qnjNZ2m47mu492eNVqXZSlVcAiOwAnwwDlogWvQBh2AwRN4Bq/gzcqtF+vd+piPVqxy5wD8gfX5A5H6ljw=</latexit>

O
l

<latexit sha1_base64="aHwu02AESuQQKnSTkycIz9+qAro=">AAACAXicbVBPS8MwHE3nvzn/1Xn0EhyCp9KKTI9DQTxOcG6w1pGm2RaWJiVJxVH6Vbx40KN49Vt489uYbj3o5oOQx3u/H3l5YcKo0q77bVVWVtfWN6qbta3tnd09e79+r0QqMelgwYTshUgRRjnpaKoZ6SWSoDhkpBtOrgq/+0ikooLf6WlCghiNOB1SjLSRBnbdDwWL1DQ2V3adP2QsH9gN13FngMvEK0kDlGgP7C8/EjiNCdeYIaX6npvoIENSU8xIXvNTRRKEJ2hE+oZyFBMVZLPsOTw2SgSHQprDNZypvzcyFKsinpmMkR6rRa8Q//P6qR5eBBnlSaoJx/OHhimDWsCiCBhRSbBmU0MQltRkhXiMJMLa1FUzJXiLX14m/qnjNZ2m47mu492eNVqXZSlVcAiOwAnwwDlogRvQBh2AwRN4Bq/gzcqtF+vd+piPVqxy5wD8gfX5A4PzljM=</latexit>

F l

14

<latexit sha1_base64="WcwlV+/J1x4f/7H2ie7g/Bygcz0="></latexit>

LN(h) =
hq

1
d

Pd
i=1 h

2
i

� g

Hidden states

Norm is large

Learnable
gain parameters



How to connect attention sink?

• The spikes in massive activations construct the 
manifold for the first key through linear 
transformations: 

• Spikes -> Gain parameters in LN -> W_k -> 
Rotation

Pre-LN

Multi-Head Self-
Attention (MHSA)

<latexit sha1_base64="bQBVKCa1Vw3erlIjZ74ltb0ZIBk=">AAAB9HicbVA9SwNBEJ3zM8avqKXNYhCsjjuRaBm0sbCIYEwgd4S9zV6yZG/v2J0TQsiPsLHQUmz9MXb+GzfJFZr4YODx3gwz86JMCoOe9+2srK6tb2yWtsrbO7t7+5WDw0eT5prxJktlqtsRNVwKxZsoUPJ2pjlNIslb0fBm6reeuDYiVQ84yniY0L4SsWAUrdS6C1Ak3HQrVc/1ZiDLxC9IFQo0upWvoJeyPOEKmaTGdHwvw3BMNQom+aQc5IZnlA1pn3csVdQuCcezcyfk1Co9EqfalkIyU39PjGlizCiJbGdCcWAWvan4n9fJMb4Kx0JlOXLF5oviXBJMyfR30hOaM5QjSyjTwt5K2IBqytAmVLYh+IsvL5Pg3PVrbs31Pc/17y+q9esilBIcwwmcgQ+XUIdbaEATGAzhGV7hzcmcF+fd+Zi3rjjFzBH8gfP5A971kMs=</latexit>

L⇥

Pre-LN

+

Feed Forward 
Network (FFN)

+

<latexit sha1_base64="BEEfjWHKiWY1nlF68IHewxFhOUs=">AAACA3icbVA7T8MwGHTKq5RXeGwsERUSC1GMUGGsYOlYJEorNaFyHKe16sSR7SCVKOKvsDDAiFj5E2z8G5w2A7ScZPl0933y+fyEUakc59uoLC2vrK5V12sbm1vbO+bu3p3kqcCkgznjoucjSRiNSUdRxUgvEQRFPiNdf3xd+N0HIiTl8a2aJMSL0DCmIcVIaWlgHrg+Z4GcRPrKWvl9xk5hPjDrju1MYS0SWJI6KNEemF9uwHEakVhhhqTsQydRXoaEopiRvOamkiQIj9GQ9DWNUUSkl03T59axVgIr5EKfWFlT9fdGhiJZBNSTEVIjOe8V4n9eP1XhpZfROEkVifHsoTBlluJWUYUVUEGwYhNNEBZUZ7XwCAmElS6spkuA819eJO6ZDRt2w4aOY8Ob83rzqiylCg7BETgBEFyAJmiBNugADB7BM3gFb8aT8WK8Gx+z0YpR7uyDPzA+fwBw35an</latexit>

H
l�1

<latexit sha1_base64="4rFFjQpHs9MbDafjkbyIjVR+S34=">AAACAXicbVC9TsMwGHTKXyl/oYwsFhUSU5QgVBgrWDoWidJKbagcx2mtOnZkO4gqyquwMMCIWHkLNt4Gp80ALSdZPt19n3y+IGFUadf9tipr6xubW9Xt2s7u3v6BfVi/VyKVmHSxYEL2A6QIo5x0NdWM9BNJUBww0gumN4XfeyRSUcHv9CwhfozGnEYUI22kkV0fBoKFahabK2vnDxnLR3bDddw54CrxStIAJToj+2sYCpzGhGvMkFIDz020nyGpKWYkrw1TRRKEp2hMBoZyFBPlZ/PsOTw1SggjIc3hGs7V3xsZilURz0zGSE/UsleI/3mDVEdXfkZ5kmrC8eKhKGVQC1gUAUMqCdZsZgjCkpqsEE+QRFibumqmBG/5y6tkeO54TafpeK7reLcXjdZ1WUoVHIMTcAY8cAlaoA06oAsweALP4BW8Wbn1Yr1bH4vRilXuHIE/sD5/AIcRljU=</latexit>

H
l

<latexit sha1_base64="f0Kk8luNn8x/Bg07F8x0LsF/whw=">AAACAXicbVC9TsMwGHTKXyl/oYwsFhUSU5QgVBgrWNgoEqWVmlA5jttadezIdhBVlFdhYYARsfIWbLwNTpsBWk6yfLr7Pvl8YcKo0q77bVVWVtfWN6qbta3tnd09e79+r0QqMelgwYTshUgRRjnpaKoZ6SWSoDhkpBtOrgq/+0ikooLf6WlCghiNOB1SjLSRBnbdDwWL1DQ2V3aTP2QsH9gN13FngMvEK0kDlGgP7C8/EjiNCdeYIaX6npvoIENSU8xIXvNTRRKEJ2hE+oZyFBMVZLPsOTw2SgSHQprDNZypvzcyFKsinpmMkR6rRa8Q//P6qR5eBBnlSaoJx/OHhimDWsCiCBhRSbBmU0MQltRkhXiMJMLa1FUzJXiLX14m/qnjNZ2m47mu492eNVqXZSlVcAiOwAnwwDlogWvQBh2AwRN4Bq/gzcqtF+vd+piPVqxy5wD8gfX5A5H6ljw=</latexit>

O
l

<latexit sha1_base64="aHwu02AESuQQKnSTkycIz9+qAro=">AAACAXicbVBPS8MwHE3nvzn/1Xn0EhyCp9KKTI9DQTxOcG6w1pGm2RaWJiVJxVH6Vbx40KN49Vt489uYbj3o5oOQx3u/H3l5YcKo0q77bVVWVtfWN6qbta3tnd09e79+r0QqMelgwYTshUgRRjnpaKoZ6SWSoDhkpBtOrgq/+0ikooLf6WlCghiNOB1SjLSRBnbdDwWL1DQ2V3adP2QsH9gN13FngMvEK0kDlGgP7C8/EjiNCdeYIaX6npvoIENSU8xIXvNTRRKEJ2hE+oZyFBMVZLPsOTw2SgSHQprDNZypvzcyFKsinpmMkR6rRa8Q//P6qR5eBBnlSaoJx/OHhimDWsCiCBhRSbBmU0MQltRkhXiMJMLa1FUzJXiLX14m/qnjNZ2m47mu492eNVqXZSlVcAiOwAnwwDlogRvQBh2AwRN4Bq/gzcqtF+vd+piPVqxy5wD8gfX5A4PzljM=</latexit>

F l

15

<latexit sha1_base64="84ljcQAeClIbQaHTCsCRGTOCb8Q="></latexit>

kl,h
t = LN(hl�1

t )W l,h
K R⇥,�t



Other specific properties of attention sink?

• Values for the first token are small in L2 norm

Block Block

<latexit sha1_base64="VT+iunVTCDNCwulJ5I4u37i4Jhg=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0iKVI9FLx4r2FpoQtlsJ+3azW7Y3Qgl9D948aBH8eqf8ea/cdvmoK0PBh7vzTAzL0o508bzvp3S2vrG5lZ5u7Kzu7d/UD086miZKQptKrlU3Yho4ExA2zDDoZsqIEnE4SEa38z8hydQmklxbyYphAkZChYzSoyVOgFw3q/3qzXP9ebAq8QvSA0VaPWrX8FA0iwBYSgnWvd8LzVhTpRhlMO0EmQaUkLHZAg9SwVJQIf5/NopPrPKAMdS2RIGz9XfEzlJtJ4kke1MiBnpZW8m/uf1MhNfhTkTaWZA0MWiOOPYSDx7HQ+YAmr4xBJCFbO3YjoiilBjA6rYEPzll1dJUHf9httwfc9z/buLWvO6CKWMTtApOkc+ukRNdItaqI0oekTP6BW9OdJ5cd6dj0VrySlmjtEfOJ8/wa+QIQ==</latexit> ` 2
-n
or
m <latexit sha1_base64="cpzyia10td2AmVd5LZ5+8JiIszI=">AAACA3icbVA7T8MwGHTKq5RXeGwsFhUSU5QgVBgrWBiLRGmlJkSO47RWHSeyHaQSRfwVFgYYESt/go1/g9NmgJaTLJ/uvk8+X5AyKpVtfxu1peWV1bX6emNjc2t7x9zdu5NJJjDp4oQloh8gSRjlpKuoYqSfCoLigJFeML4q/d4DEZIm/FZNUuLFaMhpRDFSWvLNAzdIWCgnsb7yUeE79zkrfLNpW/YUcJE4FWmCCh3f/HLDBGcx4QozJOXAsVPl5UgoihkpGm4mSYrwGA3JQFOOYiK9fJq+gMdaCWGUCH24glP190aOYlkG1JMxUiM575Xif94gU9GFl1OeZopwPHsoyhhUCSyrgCEVBCs20QRhQXVWiEdIIKx0YQ1dgjP/5UXinlpOy2pZjm1bzs1Zs31ZlVIHh+AInAAHnIM2uAYd0AUYPIJn8ArejCfjxXg3PmajNaPa2Qd/YHz+AO99lvk=</latexit>

hl
1

<latexit sha1_base64="GmjTPswhi5+XK+YPvLFwdbHXUDg=">AAACC3icbVC7TsMwFHV4lvIKMMJgUSExRQlChbGChbFIlFZqQuQ4TmvVcYLtIFVRFhZ+hYUBRsTKD7DxNzhtBmg5kuWjc+7VvfcEKaNS2fa3sbC4tLyyWlurr29sbm2bO7u3MskEJh2csET0AiQJo5x0FFWM9FJBUBww0g1Gl6XffSBC0oTfqHFKvBgNOI0oRkpLvnngBgkL5TjWXz4s/Fy5nNxDp7jLWeGbDduyJ4DzxKlIA1Ro++aXGyY4iwlXmCEp+46dKi9HQlHMSFF3M0lShEdoQPqachQT6eWTKwp4pJUQRonQjys4UX935CiW5aK6MkZqKGe9UvzP62cqOvdyytNMEY6ng6KMQZXAMhIYUkGwYmNNEBZU7wrxEAmElQ6urkNwZk+eJ+6J5TStpuXYtuVcnzZaF1UoNbAPDsExcMAZaIEr0AYdgMEjeAav4M14Ml6Md+NjWrpgVD174A+Mzx9JOJp1</latexit>

hl
t 6=1

<latexit sha1_base64="7keXtUzEJvU0CrEcbZdiTIadQ+k=">AAACBXicbVC9TsMwGHTKXyl/ASQWFosKiSlKECqMFSyMRaK0UhMix3Faq44T2Q5SFTLwKiwMMCJW3oGNt8FpM0DLSZZPd98nny9IGZXKtr+N2tLyyupafb2xsbm1vWPu7t3JJBOYdHHCEtEPkCSMctJVVDHSTwVBccBILxhflX7vgQhJE36rJinxYjTkNKIYKS355oEbJCyUk1hf+bjwc6e4z1nhm03bsqeAi8SpSBNU6PjmlxsmOIsJV5ghKQeOnSovR0JRzEjRcDNJUoTHaEgGmnIUE+nl0/wFPNZKCKNE6MMVnKq/N3IUyzKinoyRGsl5rxT/8waZii68nPI0U4Tj2UNRxqBKYFkGDKkgWLGJJggLqrNCPEICYaUra+gSnPkvLxL31HJaVstybNtybs6a7cuqlDo4BEfgBDjgHLTBNeiALsDgETyDV/BmPBkvxrvxMRutGdXOPvgD4/MHzg+YCA==</latexit>

kl
1

<latexit sha1_base64="r90eyKsJHqIZjK/GpPo6+SrJkdI=">AAACC3icbVC7TsMwFHV4lvIKMMJgUSExRQlChbGChbFIlFZqQuQ4TmvVcYLtIFVRFhZ+hYUBRsTKD7DxNzhtBmg5kuWjc+7VvfcEKaNS2fa3sbC4tLyyWlurr29sbm2bO7u3MskEJh2csET0AiQJo5x0FFWM9FJBUBww0g1Gl6XffSBC0oTfqHFKvBgNOI0oRkpLvnngBgkL5TjWXz4q/Fy5nNxDp7jLWeGbDduyJ4DzxKlIA1Ro++aXGyY4iwlXmCEp+46dKi9HQlHMSFF3M0lShEdoQPqachQT6eWTKwp4pJUQRonQjys4UX935CiW5aK6MkZqKGe9UvzP62cqOvdyytNMEY6ng6KMQZXAMhIYUkGwYmNNEBZU7wrxEAmElQ6urkNwZk+eJ+6J5TStpuXYtuVcnzZaF1UoNbAPDsExcMAZaIEr0AYdgMEjeAav4M14Ml6Md+NjWrpgVD174A+Mzx9OA5p4</latexit>

kl
t 6=1

Block

<latexit sha1_base64="NLPJSw2Uyz3wgI7raN6UVw0Q4IM=">AAACC3icbVC7TsMwFHXKq5RXgBEGiwqJKUoQKowVLIxForRSEyLHcVqrjhNsp1IVZWHhV1gYYESs/AAbf4PTdoCWI1k+Oude3XtPkDIqlW1/G5Wl5ZXVtep6bWNza3vH3N27k0kmMGnjhCWiGyBJGOWkrahipJsKguKAkU4wvCr9zogISRN+q8Yp8WLU5zSiGCkt+eahGyQslONYf/mo8HPlcvIAneI+Z4Vv1m3LngAuEmdG6mCGlm9+uWGCs5hwhRmSsufYqfJyJBTFjBQ1N5MkRXiI+qSnKUcxkV4+uaKAx1oJYZQI/biCE/V3R45iWS6qK2OkBnLeK8X/vF6mogsvpzzNFOF4OijKGFQJLCOBIRUEKzbWBGFB9a4QD5BAWOngajoEZ/7kReKeWk7DaliObVvOzVm9eTkLpQoOwBE4AQ44B01wDVqgDTB4BM/gFbwZT8aL8W58TEsrxqxnH/yB8fkDX5aagw==</latexit>

vl
t 6=1

<latexit sha1_base64="1NZz5lp+NW6YsdvwARYjTtfJIUw=">AAACBXicbVC9TsMwGHT4LeUvgMTCYlEhMUUJQoWxgoWxSJRWakLkOE5r1XEi26lUhQy8CgsDjIiVd2DjbXDaDNBykuXT3ffJ5wtSRqWy7W9jaXlldW29tlHf3Nre2TX39u9lkglMOjhhiegFSBJGOekoqhjppYKgOGCkG4yuS787JkLShN+pSUq8GA04jShGSku+eegGCQvlJNZXPi783Ckeclb4ZsO27CngInEq0gAV2r755YYJzmLCFWZIyr5jp8rLkVAUM1LU3UySFOERGpC+phzFRHr5NH8BT7QSwigR+nAFp+rvjRzFsoyoJ2OkhnLeK8X/vH6moksvpzzNFOF49lCUMagSWJYBQyoIVmyiCcKC6qwQD5FAWOnK6roEZ/7Li8Q9s5ym1bQc27ac2/NG66oqpQaOwDE4BQ64AC1wA9qgAzB4BM/gFbwZT8aL8W58zEaXjGrnAPyB8fkD32CYEw==</latexit>

vl
1

16

<latexit sha1_base64="0+iXRSDgd/l7o9+NTB8yhv48Pgc="></latexit>

vl,h
t = LN(hl→1

t )W l,h
V =

h√
1
d

∑d
i=1 h

2
i

diag(g)W l,h
V



How LLMs learn the massive activations

• Attention sink always happen in the first token

• Uniqueness of the first token: 

The calculation of its hidden states is not involved of self-attention

So LLMs learn to map the first token (the first token can vary, but limited 
to the size of vocab) to massive activations

17



What does attention sink head do?

Facts about attention sink:

• Attention on the first token is very large

• V of the first token is very small

Attention output = Attention.dot(V)
= Attention_1 * V_1 + Attention_other * V_other

18Small

Attention sink head is doing 
nothing?



Main motivations in this talk

• Attention sink is important due to above applications

• Big questions: 

How to understand attention sink?

When attention sink appears in LLMs? 

Why LLMs need attention sink?

19



How to measure attention sink?

• Attention scores of the first token are significantly larger than others

20

Average

<latexit sha1_base64="uHEg2ZRpAhcUpqpbrENcBy8wxHE=">AAACCHicbVBNS8NAEN34WetX1JN4CRbBQwmJSPVY9OKxgrWFJobNdtMs3XywOxFLCF78K1486FG8+hO8+W/ctjlo64OBx3szzMzzU84kWNa3trC4tLyyWlmrrm9sbm3rO7u3MskEoW2S8ER0fSwpZzFtAwNOu6mgOPI57fjDy7HfuadCsiS+gVFK3QgPYhYwgkFJnr7vYJ6G2Bve5dwB+gAiyuuFUw8LT69ZpjWBMU/sktRQiZanfzn9hGQRjYFwLGXPtlJwcyyAEU6LqpNJmmIyxAPaUzTGEZVuPnmhMI6U0jeCRKiKwZiovydyHEk5inzVGWEI5aw3Fv/zehkE527O4jQDGpPpoiDjBiTGOA+jzwQlwEeKYCKYutUgIRaYgEqtqkKwZ1+eJ86JaTfMhmlblmlfn9aaF2UoFXSADtExstEZaqIr1EJtRNAjekav6E170l60d+1j2rqglTN76A+0zx+Be5jo</latexit>

↵l,h
k

Importance 
score

<latexit sha1_base64="O8lzv1933htqSwktwwcE2/NdFZs="></latexit>

Sink✏
k
=

1

L

LX

l=1

1

H

HX

h=1

I(↵l,h
k

> ✏)

Within a head, a threshold 
to decide a sink

Attention sink metric 
of the whole LM



When attention sink appears using diff. open-sourced LMs?

• Attention sink appears widespread in
various LMs, even in LMs with14M params.

21

<latexit sha1_base64="FagZe25BgoBKNQIahmmFec6YEj4=">AAACDXicbVA9SwNBEN3zM8avqKUghyEQm+NOJFoGbSwjGhPIxbC3mSRL9vaO3TkxHOls/Cs2FlqKrb2d/8bNR6GJDwYe780wMy+IBdfout/WwuLS8spqZi27vrG5tZ3b2b3VUaIYVFkkIlUPqAbBJVSRo4B6rICGgYBa0L8Y+bV7UJpH8gYHMTRD2pW8wxlFI7VyBz7CA6owveayP2x5d6kPseYiksOiXzhq5fKu445hzxNvSvJkikor9+W3I5aEIJEJqnXDc2NsplQhZwKGWT/REFPWp11oGCppCLqZjv8Y2gWjtO1OpExJtMfq74mUhloPwsB0hhR7etYbif95jQQ7Z82UyzhBkGyyqJMIGyN7FIrd5goYioEhlClubrVZjyrK0ESXNSF4sy/PE//Y8UpOyfFc1/GuTvLl82koGbJPDkmReOSUlMklqZAqYeSRPJNX8mY9WS/Wu/UxaV2wpjN75A+szx/rAJqz</latexit> S
in
k✏ 1
(%

)

• Attention sink emerges in LM 
pre-training

• Attention sink even appears in Jamba 
models (mix Mamba and attention)



When attention sink appears in diff. input?

• Attention sink appears with / without 
BOS (for most LLMs), even appears 
under random tokens

22

• Under all the repeat token 
input?

• Models with NoPE / relative PE / ALiBi / Rotary have same hidden states 
while models with absolute / learnable PE do not  



Impact of positional embeddings under repeated tokens

• For LLMs with NoPE / relative PE / ALiBi / Rotary

Hidden states before transformer blocks:

Then

Using mathematical induction, we can prove

23

<latexit sha1_base64="OmbPfC8dqykTXOAnpEjvTIAGw3k=">AAACK3icbVDLSsNAFJ3UV62vqEs3g0UQhJJIUTdCqQguK9gHtDFMJpN26OTBzEQsIf/jxl9xoQsfuPU/nLRZxNYDw5w5517m3uNEjAppGJ9aaWl5ZXWtvF7Z2Nza3tF39zoijDkmbRyykPccJAijAWlLKhnpRZwg32Gk64yvMr/7QLigYXAnJxGxfDQMqEcxkkqy9ebACZkrJr66klFqy/vESC+L4mNafHVT+/qkKLRSW68aNWMKuEjMnFRBjpatvw7cEMc+CSRmSIi+aUTSShCXFDOSVgaxIBHCYzQkfUUD5BNhJdNdU3ikFBd6IVcnkHCqFjsS5ItsNFXpIzkS814m/uf1Y+ldWAkNoliSAM8+8mIGZQiz4KBLOcGSTRRBmFM1K8QjxBGWKt6KCsGcX3mRdE5r5lmtfluvNpp5HGVwAA7BMTDBOWiAG9ACbYDBE3gB7+BDe9betC/te1Za0vKeffAH2s8vpXiqYA==</latexit>

h0
t = xWE + P

<latexit sha1_base64="Zr08VhEnQNITPPfEb2zOZfhaemg=">AAACBnicbVDLSgMxFM3UV62vUZciBIvgqsxIUTdC0Y3LCvYB7VAymUwbmkmGJCOUYVZu/BU3LhRx6ze482/MtLOorQdCTs65l9x7/JhRpR3nxyqtrK6tb5Q3K1vbO7t79v5BW4lEYtLCggnZ9ZEijHLS0lQz0o0lQZHPSMcf3+Z+55FIRQV/0JOYeBEachpSjLSRBvZx3xcsUJPIXGkzu55/OtnArjo1Zwq4TNyCVEGB5sD+7gcCJxHhGjOkVM91Yu2lSGqKGckq/USRGOExGpKeoRxFRHnpdI0MnholgKGQ5nANp+p8R4oilY9mKiOkR2rRy8X/vF6iwysvpTxONOF49lGYMKgFzDOBAZUEazYxBGFJzawQj5BEWJvkKiYEd3HlZdI+r7kXtfp9vdq4KeIogyNwAs6ACy5BA9yBJmgBDJ7AC3gD79az9Wp9WJ+z0pJV9ByCP7C+fgFLlpmp</latexit>

P = 0

<latexit sha1_base64="+t6PW9Up1yvZgYkLlwUXcFqm76U=">AAACKHicbVDLSsNAFJ34rPUVdekmWARXJSlF3YhFNy4r9AVtGiaTSTt0MhNmJkIJ/Rw3/oobEUW69UuctFlo6oFhDufcy733+DElUtn23Fhb39jc2i7tlHf39g8OzaPjjuSJQLiNOOWi50OJKWG4rYiiuBcLDCOf4q4/uc/87hMWknDWUtMYuxEcMRISBJWWPPN24HMayGmkv3Q885yhfVOQapmEAq5k0WkNbc+s2FV7AWuVODmpgBxNz3wfBBwlEWYKUShl37Fj5aZQKIIonpUHicQxRBM4wn1NGYywdNPFoTPrXCuBFXKhH1PWQv3dkcJIZuvpygiqsSx6mfif109UeO2mhMWJwgwtB4UJtRS3stSsgAiMFJ1qApEgelcLjaGASOlsyzoEp3jyKunUqs5ltf5YrzTu8jhK4BScgQvggCvQAA+gCdoAgWfwCj7Ap/FivBlfxnxZumbkPSfgD4zvH9trp7E=</latexit>

h0
1 = h0

2 = · · · = h0
T

<latexit sha1_base64="/8bdZsYwQvU6xJLGlj4Xh4n244Q="></latexit>

hl
1 = hl

2 = · · · = hl
T , → 0 ↑ l ↑ L



Impact of positional embeddings under repeated tokens

• Closed form/upper bound for NoPE / relative PE / ALiBi / Rotary 

24



Impact of positional embeddings under repeated tokens

• Closed form/upper bound for NoPE / relative PE / ALiBi / Rotary 

25



Impact of positional embeddings under repeated tokens

• Closed form/upper bound for NoPE / relative PE / ALiBi / Rotary 

26



Attributing attention sink to LM pre-training

• LM pre-training objective

• Experiments on LLaMA2-style models

Optimization

Data distribution

Loss function

Model architecture
27



A quick preliminary on LM pre-training

• Data packing strategy in LM pre-training

• In this case, adding BOS is optional, then BOS = EOS
• There could be any token in the first position of context window

28

EOS BOS EOS <latexit sha1_base64="BZMyRgEuZLsR3c0/GgHiVgp0HpY=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0hEqseiF48V7Ac0oWw2m3btZjfsToRS+h+8eNCjePXPePPfuG1z0NYHA4/3ZpiZF2WCG/C8b6e0tr6xuVXeruzs7u0fVA+P2kblmrIWVULpbkQME1yyFnAQrJtpRtJIsE40up35nSemDVfyAcYZC1MykDzhlICV2gGNFZh+tea53hx4lfgFqaECzX71K4gVzVMmgQpiTM/3MggnRAOngk0rQW5YRuiIDFjPUklSZsLJ/NopPrNKjBOlbUnAc/X3xISkxozTyHamBIZm2ZuJ/3m9HJLrcMJllgOTdLEoyQUGhWev45hrRkGMLSFUc3srpkOiCQUbUMWG4C+/vEqCC9evu3XX9zzXv7+sNW6KUMroBJ2ic+SjK9RAd6iJWoiiR/SMXtGbo5wX5935WLSWnGLmGP2B8/kDO0+QcA==</latexit>· · ·BOS BOS EOS

<latexit sha1_base64="BZMyRgEuZLsR3c0/GgHiVgp0HpY=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0hEqseiF48V7Ac0oWw2m3btZjfsToRS+h+8eNCjePXPePPfuG1z0NYHA4/3ZpiZF2WCG/C8b6e0tr6xuVXeruzs7u0fVA+P2kblmrIWVULpbkQME1yyFnAQrJtpRtJIsE40up35nSemDVfyAcYZC1MykDzhlICV2gGNFZh+tea53hx4lfgFqaECzX71K4gVzVMmgQpiTM/3MggnRAOngk0rQW5YRuiIDFjPUklSZsLJ/NopPrNKjBOlbUnAc/X3xISkxozTyHamBIZm2ZuJ/3m9HJLrcMJllgOTdLEoyQUGhWev45hrRkGMLSFUc3srpkOiCQUbUMWG4C+/vEqCC9evu3XX9zzXv7+sNW6KUMroBJ2ic+SjK9RAd6iJWoiiR/SMXtGbo5wX5935WLSWnGLmGP2B8/kDO0+QcA==</latexit>· · ·

EOS BOS <latexit sha1_base64="BZMyRgEuZLsR3c0/GgHiVgp0HpY=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0hEqseiF48V7Ac0oWw2m3btZjfsToRS+h+8eNCjePXPePPfuG1z0NYHA4/3ZpiZF2WCG/C8b6e0tr6xuVXeruzs7u0fVA+P2kblmrIWVULpbkQME1yyFnAQrJtpRtJIsE40up35nSemDVfyAcYZC1MykDzhlICV2gGNFZh+tea53hx4lfgFqaECzX71K4gVzVMmgQpiTM/3MggnRAOngk0rQW5YRuiIDFjPUklSZsLJ/NopPrNKjBOlbUnAc/X3xISkxozTyHamBIZm2ZuJ/3m9HJLrcMJllgOTdLEoyQUGhWev45hrRkGMLSFUc3srpkOiCQUbUMWG4C+/vEqCC9evu3XX9zzXv7+sNW6KUMroBJ2ic+SjK9RAd6iJWoiiR/SMXtGbo5wX5935WLSWnGLmGP2B8/kDO0+QcA==</latexit>· · ·BOS BOS EOS

<latexit sha1_base64="335xG7iZ7ZZ1+LRFFum/cN2/+Oo=">AAAB+HicbVBNSwMxFHzrZ61fVY9egkXwtOyKVI9FPXisYG1hdynZNG1Ds8mSZIWy9Gd48aBH8epP8ea/MdvuQVsHAsPMe2TexCln2njet7Oyura+sVnZqm7v7O7t1w4OH7XMFKFtIrlU3RhrypmgbcMMp91UUZzEnHbi8U3hd56o0kyKBzNJaZTgoWADRrCxUhAm2IwI5vnttFere643A1omfknqUKLVq32FfUmyhApDONY68L3URDlWhhFOp9Uw0zTFZIyHNLBU4ITqKJ9FnqJTq/TRQCr7hEEz9fdGjhOtJ0lsJ4uIetErxP+8IDODqyhnIs0MFWT+0SDjyEhU3I/6TFFi+MQSTBSzWREZYYWJsS1VbQn+4snLJDx3/YbbcH3Pc/37i3rzuiylAsdwAmfgwyU04Q5a0AYCEp7hFd4c47w4787HfHTFKXeO4A+czx8NyZKb</latexit>D

<latexit sha1_base64="JGIscciFqH6lMzMLcTnqSGkLXeE=">AAAB7nicbVA9TwJBEJ3zE/ELtbTZSEysLnfGoCWRxhISERK4kL1lDlb29i67eyaE8AtsLLQ0tv4eO/+NC1yh4EsmeXlvJjPzwlRwbTzv21lb39jc2i7sFHf39g8OS0fHDzrJFMMmS0Si2iHVKLjEpuFGYDtVSONQYCsc1WZ+6wmV5om8N+MUg5gOJI84o8ZKjVqvVPZcbw6ySvyclCFHvVf66vYTlsUoDRNU647vpSaYUGU4EzgtdjONKWUjOsCOpZLGqIPJ/NApObdKn0SJsiUNmau/JyY01noch7Yzpmaol72Z+J/XyUx0E0y4TDODki0WRZkgJiGzr0mfK2RGjC2hTHF7K2FDqigzNpuiDcFffnmVdC9dv+JWXN/zXL9xVa7e5qEU4BTO4AJ8uIYq3EEdmsAA4Rle4c15dF6cd+dj0brm5DMn8AfO5w8Ve44I</latexit>

C
<latexit sha1_base64="JGIscciFqH6lMzMLcTnqSGkLXeE=">AAAB7nicbVA9TwJBEJ3zE/ELtbTZSEysLnfGoCWRxhISERK4kL1lDlb29i67eyaE8AtsLLQ0tv4eO/+NC1yh4EsmeXlvJjPzwlRwbTzv21lb39jc2i7sFHf39g8OS0fHDzrJFMMmS0Si2iHVKLjEpuFGYDtVSONQYCsc1WZ+6wmV5om8N+MUg5gOJI84o8ZKjVqvVPZcbw6ySvyclCFHvVf66vYTlsUoDRNU647vpSaYUGU4EzgtdjONKWUjOsCOpZLGqIPJ/NApObdKn0SJsiUNmau/JyY01noch7Yzpmaol72Z+J/XyUx0E0y4TDODki0WRZkgJiGzr0mfK2RGjC2hTHF7K2FDqigzNpuiDcFffnmVdC9dv+JWXN/zXL9xVa7e5qEU4BTO4AJ8uIYq3EEdmsAA4Rle4c15dF6cd+dj0brm5DMn8AfO5w8Ve44I</latexit>

C
Pre-LN

Multi-Head Self-Attention 
(MHSA)

<latexit sha1_base64="bQBVKCa1Vw3erlIjZ74ltb0ZIBk=">AAAB9HicbVA9SwNBEJ3zM8avqKXNYhCsjjuRaBm0sbCIYEwgd4S9zV6yZG/v2J0TQsiPsLHQUmz9MXb+GzfJFZr4YODx3gwz86JMCoOe9+2srK6tb2yWtsrbO7t7+5WDw0eT5prxJktlqtsRNVwKxZsoUPJ2pjlNIslb0fBm6reeuDYiVQ84yniY0L4SsWAUrdS6C1Ak3HQrVc/1ZiDLxC9IFQo0upWvoJeyPOEKmaTGdHwvw3BMNQom+aQc5IZnlA1pn3csVdQuCcezcyfk1Co9EqfalkIyU39PjGlizCiJbGdCcWAWvan4n9fJMb4Kx0JlOXLF5oviXBJMyfR30hOaM5QjSyjTwt5K2IBqytAmVLYh+IsvL5Pg3PVrbs31Pc/17y+q9esilBIcwwmcgQ+XUIdbaEATGAzhGV7hzcmcF+fd+Zi3rjjFzBH8gfP5A971kMs=</latexit>

L⇥

Pre-LN

+

Feed Forward Network 
(FFN)

+

Post-LN

Post-LN

<latexit sha1_base64="BEEfjWHKiWY1nlF68IHewxFhOUs=">AAACA3icbVA7T8MwGHTKq5RXeGwsERUSC1GMUGGsYOlYJEorNaFyHKe16sSR7SCVKOKvsDDAiFj5E2z8G5w2A7ScZPl0933y+fyEUakc59uoLC2vrK5V12sbm1vbO+bu3p3kqcCkgznjoucjSRiNSUdRxUgvEQRFPiNdf3xd+N0HIiTl8a2aJMSL0DCmIcVIaWlgHrg+Z4GcRPrKWvl9xk5hPjDrju1MYS0SWJI6KNEemF9uwHEakVhhhqTsQydRXoaEopiRvOamkiQIj9GQ9DWNUUSkl03T59axVgIr5EKfWFlT9fdGhiJZBNSTEVIjOe8V4n9eP1XhpZfROEkVifHsoTBlluJWUYUVUEGwYhNNEBZUZ7XwCAmElS6spkuA819eJO6ZDRt2w4aOY8Ob83rzqiylCg7BETgBEFyAJmiBNugADB7BM3gFb8aT8WK8Gx+z0YpR7uyDPzA+fwBw35an</latexit>

H
l�1

<latexit sha1_base64="4rFFjQpHs9MbDafjkbyIjVR+S34=">AAACAXicbVC9TsMwGHTKXyl/oYwsFhUSU5QgVBgrWDoWidJKbagcx2mtOnZkO4gqyquwMMCIWHkLNt4Gp80ALSdZPt19n3y+IGFUadf9tipr6xubW9Xt2s7u3v6BfVi/VyKVmHSxYEL2A6QIo5x0NdWM9BNJUBww0gumN4XfeyRSUcHv9CwhfozGnEYUI22kkV0fBoKFahabK2vnDxnLR3bDddw54CrxStIAJToj+2sYCpzGhGvMkFIDz020nyGpKWYkrw1TRRKEp2hMBoZyFBPlZ/PsOTw1SggjIc3hGs7V3xsZilURz0zGSE/UsleI/3mDVEdXfkZ5kmrC8eKhKGVQC1gUAUMqCdZsZgjCkpqsEE+QRFibumqmBG/5y6tkeO54TafpeK7reLcXjdZ1WUoVHIMTcAY8cAlaoA06oAsweALP4BW8Wbn1Yr1bH4vRilXuHIE/sD5/AIcRljU=</latexit>

H
l

<latexit sha1_base64="aHwu02AESuQQKnSTkycIz9+qAro=">AAACAXicbVBPS8MwHE3nvzn/1Xn0EhyCp9KKTI9DQTxOcG6w1pGm2RaWJiVJxVH6Vbx40KN49Vt489uYbj3o5oOQx3u/H3l5YcKo0q77bVVWVtfWN6qbta3tnd09e79+r0QqMelgwYTshUgRRjnpaKoZ6SWSoDhkpBtOrgq/+0ikooLf6WlCghiNOB1SjLSRBnbdDwWL1DQ2V3adP2QsH9gN13FngMvEK0kDlGgP7C8/EjiNCdeYIaX6npvoIENSU8xIXvNTRRKEJ2hE+oZyFBMVZLPsOTw2SgSHQprDNZypvzcyFKsinpmMkR6rRa8Q//P6qR5eBBnlSaoJx/OHhimDWsCiCBhRSbBmU0MQltRkhXiMJMLa1FUzJXiLX14m/qnjNZ2m47mu492eNVqXZSlVcAiOwAnwwDlogRvQBh2AwRN4Bq/gzcqtF+vd+piPVqxy5wD8gfX5A4PzljM=</latexit>

F l

<latexit sha1_base64="f0Kk8luNn8x/Bg07F8x0LsF/whw=">AAACAXicbVC9TsMwGHTKXyl/oYwsFhUSU5QgVBgrWNgoEqWVmlA5jttadezIdhBVlFdhYYARsfIWbLwNTpsBWk6yfLr7Pvl8YcKo0q77bVVWVtfWN6qbta3tnd09e79+r0QqMelgwYTshUgRRjnpaKoZ6SWSoDhkpBtOrgq/+0ikooLf6WlCghiNOB1SjLSRBnbdDwWL1DQ2V3aTP2QsH9gN13FngMvEK0kDlGgP7C8/EjiNCdeYIaX6npvoIENSU8xIXvNTRRKEJ2hE+oZyFBMVZLPsOTw2SgSHQprDNZypvzcyFKsinpmMkR6rRa8Q//P6qR5eBBnlSaoJx/OHhimDWsCiCBhRSbBmU0MQltRkhXiMJMLa1FUzJXiLX14m/qnjNZ2m47mu492eNVqXZSlVcAiOwAnwwDlogWvQBh2AwRN4Bq/gzcqtF+vd+piPVqxy5wD8gfX5A5H6ljw=</latexit>

O
l



Effects of optimization on attention sink

• Training steps • Learning rate

<latexit sha1_base64="FagZe25BgoBKNQIahmmFec6YEj4=">AAACDXicbVA9SwNBEN3zM8avqKUghyEQm+NOJFoGbSwjGhPIxbC3mSRL9vaO3TkxHOls/Cs2FlqKrb2d/8bNR6GJDwYe780wMy+IBdfout/WwuLS8spqZi27vrG5tZ3b2b3VUaIYVFkkIlUPqAbBJVSRo4B6rICGgYBa0L8Y+bV7UJpH8gYHMTRD2pW8wxlFI7VyBz7CA6owveayP2x5d6kPseYiksOiXzhq5fKu445hzxNvSvJkikor9+W3I5aEIJEJqnXDc2NsplQhZwKGWT/REFPWp11oGCppCLqZjv8Y2gWjtO1OpExJtMfq74mUhloPwsB0hhR7etYbif95jQQ7Z82UyzhBkGyyqJMIGyN7FIrd5goYioEhlClubrVZjyrK0ESXNSF4sy/PE//Y8UpOyfFc1/GuTvLl82koGbJPDkmReOSUlMklqZAqYeSRPJNX8mY9WS/Wu/UxaV2wpjN75A+szx/rAJqz</latexit> S
in
k✏ 1
(%

)

<latexit sha1_base64="FagZe25BgoBKNQIahmmFec6YEj4=">AAACDXicbVA9SwNBEN3zM8avqKUghyEQm+NOJFoGbSwjGhPIxbC3mSRL9vaO3TkxHOls/Cs2FlqKrb2d/8bNR6GJDwYe780wMy+IBdfout/WwuLS8spqZi27vrG5tZ3b2b3VUaIYVFkkIlUPqAbBJVSRo4B6rICGgYBa0L8Y+bV7UJpH8gYHMTRD2pW8wxlFI7VyBz7CA6owveayP2x5d6kPseYiksOiXzhq5fKu445hzxNvSvJkikor9+W3I5aEIJEJqnXDc2NsplQhZwKGWT/REFPWp11oGCppCLqZjv8Y2gWjtO1OpExJtMfq74mUhloPwsB0hhR7etYbif95jQQ7Z82UyzhBkGyyqJMIGyN7FIrd5goYioEhlClubrVZjyrK0ESXNSF4sy/PE//Y8UpOyfFc1/GuTvLl82koGbJPDkmReOSUlMklqZAqYeSRPJNX8mY9WS/Wu/UxaV2wpjN75A+szx/rAJqz</latexit> S
in
k✏ 1
(%

)

29



Effects of optimization on attention sink

• Small learning rates not only slow down the emergence, but also mitigate 
attention sink 

We keep the training 
steps x learning rate 
the same

30



Effects of data distribution on attention sink

• Unique training data amount
Attention sink emerges after LMs are trained on sufficient unique training 
data, not really related to overfitting

<latexit sha1_base64="FagZe25BgoBKNQIahmmFec6YEj4=">AAACDXicbVA9SwNBEN3zM8avqKUghyEQm+NOJFoGbSwjGhPIxbC3mSRL9vaO3TkxHOls/Cs2FlqKrb2d/8bNR6GJDwYe780wMy+IBdfout/WwuLS8spqZi27vrG5tZ3b2b3VUaIYVFkkIlUPqAbBJVSRo4B6rICGgYBa0L8Y+bV7UJpH8gYHMTRD2pW8wxlFI7VyBz7CA6owveayP2x5d6kPseYiksOiXzhq5fKu445hzxNvSvJkikor9+W3I5aEIJEJqnXDc2NsplQhZwKGWT/REFPWp11oGCppCLqZjv8Y2gWjtO1OpExJtMfq74mUhloPwsB0hhR7etYbif95jQQ7Z82UyzhBkGyyqJMIGyN7FIrd5goYioEhlClubrVZjyrK0ESXNSF4sy/PE//Y8UpOyfFc1/GuTvLl82koGbJPDkmReOSUlMklqZAqYeSRPJNX8mY9WS/Wu/UxaV2wpjN75A+szx/rAJqz</latexit> S
in
k✏ 1
(%

)

overfitting overfitting

31



Effects of data distribution on attention sink

• Fix a token in the specific position of context window

• The fixed token will become the sink token

32



Effects of loss function on attention sink

• Auto-regressive loss

• Weight decay

Larger weight decay encourages attention sink

33

<latexit sha1_base64="EONEWbziNhzlEPySBJhQ0+9Lymo="></latexit>

L =
CX

t=2

log p✓(xt|x<t)

<latexit sha1_base64="bHhUE6bxL3YtN8cmUKsMiW/MviM="></latexit>

L =
CX

t=2

log p✓(xt|x<t) + � k✓k22

L2 regularization



Effects of loss function on attention sink

• Prefix language modeling

Sink token shifts from the first position to other positions within the prefix  

<latexit sha1_base64="JGIscciFqH6lMzMLcTnqSGkLXeE=">AAAB7nicbVA9TwJBEJ3zE/ELtbTZSEysLnfGoCWRxhISERK4kL1lDlb29i67eyaE8AtsLLQ0tv4eO/+NC1yh4EsmeXlvJjPzwlRwbTzv21lb39jc2i7sFHf39g8OS0fHDzrJFMMmS0Si2iHVKLjEpuFGYDtVSONQYCsc1WZ+6wmV5om8N+MUg5gOJI84o8ZKjVqvVPZcbw6ySvyclCFHvVf66vYTlsUoDRNU647vpSaYUGU4EzgtdjONKWUjOsCOpZLGqIPJ/NApObdKn0SJsiUNmau/JyY01noch7Yzpmaol72Z+J/XyUx0E0y4TDODki0WRZkgJiGzr0mfK2RGjC2hTHF7K2FDqigzNpuiDcFffnmVdC9dv+JWXN/zXL9xVa7e5qEU4BTO4AJ8uIYq3EEdmsAA4Rle4c15dF6cd+dj0brm5DMn8AfO5w8Ve44I</latexit>

C

<latexit sha1_base64="XN0dugb5bcAQ8ciYmY1OOq5bqiI=">AAAB7nicbVA9TwJBEJ3DL8Qv1NJmIzGxutwZg5ZEG0tIREjgQvaWOVjZ27vs7pkQwi+wsdDS2Pp77Pw3LnCFgi+Z5OW9mczMC1PBtfG8b6ewtr6xuVXcLu3s7u0flA+PHnSSKYZNlohEtUOqUXCJTcONwHaqkMahwFY4up35rSdUmify3oxTDGI6kDzijBorNdJeueK53hxklfg5qUCOeq/81e0nLItRGiao1h3fS00wocpwJnBa6mYaU8pGdIAdSyWNUQeT+aFTcmaVPokSZUsaMld/T0xorPU4Dm1nTM1QL3sz8T+vk5noOphwmWYGJVssijJBTEJmX5M+V8iMGFtCmeL2VsKGVFFmbDYlG4K//PIq6V64ftWtur7nuX7jslK7yUMpwgmcwjn4cAU1uIM6NIEBwjO8wpvz6Lw4787HorXg5DPH8AfO5w9avY41</latexit>p

<latexit sha1_base64="S+ZjDSiavRdrUGQz9V5+kygM5pc=">AAACDXicbVA9SwNBEN3zM8avqKUghyEQm+NOJFoGbSwjGhPIxbC3mSRL9vaO3TkxHOls/Cs2FlqKrb2d/8bNR6GJDwYe780wMy+IBdfout/WwuLS8spqZi27vrG5tZ3b2b3VUaIYVFkkIlUPqAbBJVSRo4B6rICGgYBa0L8Y+bV7UJpH8gYHMTRD2pW8wxlFI7VyBz7CA6owveayP2z171IfYs1FJIdFv3DUyuVdxx3DnifelOTJFJVW7stvRywJQSITVOuG58bYTKlCzgQMs36iIaasT7vQMFTSEHQzHf8xtAtGadudSJmSaI/V3xMpDbUehIHpDCn29Kw3Ev/zGgl2zpopl3GCINlkUScRNkb2KBS7zRUwFANDKFPc3GqzHlWUoYkua0LwZl+eJ/6x45WckuO5ruNdneTL59NQMmSfHJIi8cgpKZNLUiFVwsgjeSav5M16sl6sd+tj0rpgTWf2yB9Ynz9HuZrt</latexit> S
in
k✏ k

(%
)

34

<latexit sha1_base64="71DlWeF4TD7WXz78cxPra2C1OeM="></latexit>

L =
CX

t=p+1

log p✓(xt|xp+1:t�1,x1:p)

More prefix tokens



Effects of loss function on attention sink

• Shifted window attention
Attention sink appears on the absolute, not the relative first token

Small window size mitigates attention sink

<latexit sha1_base64="JGIscciFqH6lMzMLcTnqSGkLXeE=">AAAB7nicbVA9TwJBEJ3zE/ELtbTZSEysLnfGoCWRxhISERK4kL1lDlb29i67eyaE8AtsLLQ0tv4eO/+NC1yh4EsmeXlvJjPzwlRwbTzv21lb39jc2i7sFHf39g8OS0fHDzrJFMMmS0Si2iHVKLjEpuFGYDtVSONQYCsc1WZ+6wmV5om8N+MUg5gOJI84o8ZKjVqvVPZcbw6ySvyclCFHvVf66vYTlsUoDRNU647vpSaYUGU4EzgtdjONKWUjOsCOpZLGqIPJ/NApObdKn0SJsiUNmau/JyY01noch7Yzpmaol72Z+J/XyUx0E0y4TDODki0WRZkgJiGzr0mfK2RGjC2hTHF7K2FDqigzNpuiDcFffnmVdC9dv+JWXN/zXL9xVa7e5qEU4BTO4AJ8uIYq3EEdmsAA4Rle4c15dF6cd+dj0brm5DMn8AfO5w8Ve44I</latexit>

C

<latexit sha1_base64="dvFjfTE4BCYQMgtoTX1IQWXoV7Y=">AAAB7nicbVA9TwJBEJ3zE/ELtbTZSEysLnfGoCXRxhISERK4kL1lDlb29i67expC+AU2FloaW3+Pnf/GBa5Q8CWTvLw3k5l5YSq4Np737aysrq1vbBa2its7u3v7pYPDe51kimGDJSJRrZBqFFxiw3AjsJUqpHEosBkOb6Z+8xGV5om8M6MUg5j2JY84o8ZK9aduqey53gxkmfg5KUOOWrf01eklLItRGiao1m3fS00wpspwJnBS7GQaU8qGtI9tSyWNUQfj2aETcmqVHokSZUsaMlN/T4xprPUoDm1nTM1AL3pT8T+vnZnoKhhzmWYGJZsvijJBTEKmX5MeV8iMGFlCmeL2VsIGVFFmbDZFG4K/+PIy6Zy7fsWtuL7nuX79oly9zkMpwDGcwBn4cAlVuIUaNIABwjO8wpvz4Lw4787HvHXFyWeO4A+czx9lg448</latexit>w

Key of the sink token is 
trained to be distributed in 
a different manifold 

35

<latexit sha1_base64="9prA3aERQYcG53FHGKygBoKoBFs="></latexit>

L =
CX

t=2

log p✓(xt|xt�w:t�1)



Effects of model architecture on attention sink

The following designs do not affect the emergence of attention sink

• Positional embeddings

NOPE, learnable PEs, absolute PEs, relative PEs, rotary, alibi

36



Effects of model architecture on attention sink

The following designs do not affect the emergence of attention sink

• Positional embeddings

• Pre-norm and post-norm transformer 
block structure

37

EOS BOS EOS <latexit sha1_base64="BZMyRgEuZLsR3c0/GgHiVgp0HpY=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0hEqseiF48V7Ac0oWw2m3btZjfsToRS+h+8eNCjePXPePPfuG1z0NYHA4/3ZpiZF2WCG/C8b6e0tr6xuVXeruzs7u0fVA+P2kblmrIWVULpbkQME1yyFnAQrJtpRtJIsE40up35nSemDVfyAcYZC1MykDzhlICV2gGNFZh+tea53hx4lfgFqaECzX71K4gVzVMmgQpiTM/3MggnRAOngk0rQW5YRuiIDFjPUklSZsLJ/NopPrNKjBOlbUnAc/X3xISkxozTyHamBIZm2ZuJ/3m9HJLrcMJllgOTdLEoyQUGhWev45hrRkGMLSFUc3srpkOiCQUbUMWG4C+/vEqCC9evu3XX9zzXv7+sNW6KUMroBJ2ic+SjK9RAd6iJWoiiR/SMXtGbo5wX5935WLSWnGLmGP2B8/kDO0+QcA==</latexit>· · ·BOS BOS EOS

<latexit sha1_base64="BZMyRgEuZLsR3c0/GgHiVgp0HpY=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0hEqseiF48V7Ac0oWw2m3btZjfsToRS+h+8eNCjePXPePPfuG1z0NYHA4/3ZpiZF2WCG/C8b6e0tr6xuVXeruzs7u0fVA+P2kblmrIWVULpbkQME1yyFnAQrJtpRtJIsE40up35nSemDVfyAcYZC1MykDzhlICV2gGNFZh+tea53hx4lfgFqaECzX71K4gVzVMmgQpiTM/3MggnRAOngk0rQW5YRuiIDFjPUklSZsLJ/NopPrNKjBOlbUnAc/X3xISkxozTyHamBIZm2ZuJ/3m9HJLrcMJllgOTdLEoyQUGhWev45hrRkGMLSFUc3srpkOiCQUbUMWG4C+/vEqCC9evu3XX9zzXv7+sNW6KUMroBJ2ic+SjK9RAd6iJWoiiR/SMXtGbo5wX5935WLSWnGLmGP2B8/kDO0+QcA==</latexit>· · ·

EOS BOS <latexit sha1_base64="BZMyRgEuZLsR3c0/GgHiVgp0HpY=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0hEqseiF48V7Ac0oWw2m3btZjfsToRS+h+8eNCjePXPePPfuG1z0NYHA4/3ZpiZF2WCG/C8b6e0tr6xuVXeruzs7u0fVA+P2kblmrIWVULpbkQME1yyFnAQrJtpRtJIsE40up35nSemDVfyAcYZC1MykDzhlICV2gGNFZh+tea53hx4lfgFqaECzX71K4gVzVMmgQpiTM/3MggnRAOngk0rQW5YRuiIDFjPUklSZsLJ/NopPrNKjBOlbUnAc/X3xISkxozTyHamBIZm2ZuJ/3m9HJLrcMJllgOTdLEoyQUGhWev45hrRkGMLSFUc3srpkOiCQUbUMWG4C+/vEqCC9evu3XX9zzXv7+sNW6KUMroBJ2ic+SjK9RAd6iJWoiiR/SMXtGbo5wX5935WLSWnGLmGP2B8/kDO0+QcA==</latexit>· · ·BOS BOS EOS

<latexit sha1_base64="335xG7iZ7ZZ1+LRFFum/cN2/+Oo=">AAAB+HicbVBNSwMxFHzrZ61fVY9egkXwtOyKVI9FPXisYG1hdynZNG1Ds8mSZIWy9Gd48aBH8epP8ea/MdvuQVsHAsPMe2TexCln2njet7Oyura+sVnZqm7v7O7t1w4OH7XMFKFtIrlU3RhrypmgbcMMp91UUZzEnHbi8U3hd56o0kyKBzNJaZTgoWADRrCxUhAm2IwI5vnttFere643A1omfknqUKLVq32FfUmyhApDONY68L3URDlWhhFOp9Uw0zTFZIyHNLBU4ITqKJ9FnqJTq/TRQCr7hEEz9fdGjhOtJ0lsJ4uIetErxP+8IDODqyhnIs0MFWT+0SDjyEhU3I/6TFFi+MQSTBSzWREZYYWJsS1VbQn+4snLJDx3/YbbcH3Pc/37i3rzuiylAsdwAmfgwyU04Q5a0AYCEp7hFd4c47w4787HfHTFKXeO4A+czx8NyZKb</latexit>D

<latexit sha1_base64="JGIscciFqH6lMzMLcTnqSGkLXeE=">AAAB7nicbVA9TwJBEJ3zE/ELtbTZSEysLnfGoCWRxhISERK4kL1lDlb29i67eyaE8AtsLLQ0tv4eO/+NC1yh4EsmeXlvJjPzwlRwbTzv21lb39jc2i7sFHf39g8OS0fHDzrJFMMmS0Si2iHVKLjEpuFGYDtVSONQYCsc1WZ+6wmV5om8N+MUg5gOJI84o8ZKjVqvVPZcbw6ySvyclCFHvVf66vYTlsUoDRNU647vpSaYUGU4EzgtdjONKWUjOsCOpZLGqIPJ/NApObdKn0SJsiUNmau/JyY01noch7Yzpmaol72Z+J/XyUx0E0y4TDODki0WRZkgJiGzr0mfK2RGjC2hTHF7K2FDqigzNpuiDcFffnmVdC9dv+JWXN/zXL9xVa7e5qEU4BTO4AJ8uIYq3EEdmsAA4Rle4c15dF6cd+dj0brm5DMn8AfO5w8Ve44I</latexit>

C
<latexit sha1_base64="JGIscciFqH6lMzMLcTnqSGkLXeE=">AAAB7nicbVA9TwJBEJ3zE/ELtbTZSEysLnfGoCWRxhISERK4kL1lDlb29i67eyaE8AtsLLQ0tv4eO/+NC1yh4EsmeXlvJjPzwlRwbTzv21lb39jc2i7sFHf39g8OS0fHDzrJFMMmS0Si2iHVKLjEpuFGYDtVSONQYCsc1WZ+6wmV5om8N+MUg5gOJI84o8ZKjVqvVPZcbw6ySvyclCFHvVf66vYTlsUoDRNU647vpSaYUGU4EzgtdjONKWUjOsCOpZLGqIPJ/NApObdKn0SJsiUNmau/JyY01noch7Yzpmaol72Z+J/XyUx0E0y4TDODki0WRZkgJiGzr0mfK2RGjC2hTHF7K2FDqigzNpuiDcFffnmVdC9dv+JWXN/zXL9xVa7e5qEU4BTO4AJ8uIYq3EEdmsAA4Rle4c15dF6cd+dj0brm5DMn8AfO5w8Ve44I</latexit>

C
Pre-LN

Multi-Head Self-Attention 
(MHSA)

<latexit sha1_base64="bQBVKCa1Vw3erlIjZ74ltb0ZIBk=">AAAB9HicbVA9SwNBEJ3zM8avqKXNYhCsjjuRaBm0sbCIYEwgd4S9zV6yZG/v2J0TQsiPsLHQUmz9MXb+GzfJFZr4YODx3gwz86JMCoOe9+2srK6tb2yWtsrbO7t7+5WDw0eT5prxJktlqtsRNVwKxZsoUPJ2pjlNIslb0fBm6reeuDYiVQ84yniY0L4SsWAUrdS6C1Ak3HQrVc/1ZiDLxC9IFQo0upWvoJeyPOEKmaTGdHwvw3BMNQom+aQc5IZnlA1pn3csVdQuCcezcyfk1Co9EqfalkIyU39PjGlizCiJbGdCcWAWvan4n9fJMb4Kx0JlOXLF5oviXBJMyfR30hOaM5QjSyjTwt5K2IBqytAmVLYh+IsvL5Pg3PVrbs31Pc/17y+q9esilBIcwwmcgQ+XUIdbaEATGAzhGV7hzcmcF+fd+Zi3rjjFzBH8gfP5A971kMs=</latexit>

L⇥

Pre-LN

+

Feed Forward Network 
(FFN)

+

Post-LN

Post-LN

<latexit sha1_base64="BEEfjWHKiWY1nlF68IHewxFhOUs=">AAACA3icbVA7T8MwGHTKq5RXeGwsERUSC1GMUGGsYOlYJEorNaFyHKe16sSR7SCVKOKvsDDAiFj5E2z8G5w2A7ScZPl0933y+fyEUakc59uoLC2vrK5V12sbm1vbO+bu3p3kqcCkgznjoucjSRiNSUdRxUgvEQRFPiNdf3xd+N0HIiTl8a2aJMSL0DCmIcVIaWlgHrg+Z4GcRPrKWvl9xk5hPjDrju1MYS0SWJI6KNEemF9uwHEakVhhhqTsQydRXoaEopiRvOamkiQIj9GQ9DWNUUSkl03T59axVgIr5EKfWFlT9fdGhiJZBNSTEVIjOe8V4n9eP1XhpZfROEkVifHsoTBlluJWUYUVUEGwYhNNEBZUZ7XwCAmElS6spkuA819eJO6ZDRt2w4aOY8Ob83rzqiylCg7BETgBEFyAJmiBNugADB7BM3gFb8aT8WK8Gx+z0YpR7uyDPzA+fwBw35an</latexit>

H
l�1

<latexit sha1_base64="4rFFjQpHs9MbDafjkbyIjVR+S34=">AAACAXicbVC9TsMwGHTKXyl/oYwsFhUSU5QgVBgrWDoWidJKbagcx2mtOnZkO4gqyquwMMCIWHkLNt4Gp80ALSdZPt19n3y+IGFUadf9tipr6xubW9Xt2s7u3v6BfVi/VyKVmHSxYEL2A6QIo5x0NdWM9BNJUBww0gumN4XfeyRSUcHv9CwhfozGnEYUI22kkV0fBoKFahabK2vnDxnLR3bDddw54CrxStIAJToj+2sYCpzGhGvMkFIDz020nyGpKWYkrw1TRRKEp2hMBoZyFBPlZ/PsOTw1SggjIc3hGs7V3xsZilURz0zGSE/UsleI/3mDVEdXfkZ5kmrC8eKhKGVQC1gUAUMqCdZsZgjCkpqsEE+QRFibumqmBG/5y6tkeO54TafpeK7reLcXjdZ1WUoVHIMTcAY8cAlaoA06oAsweALP4BW8Wbn1Yr1bH4vRilXuHIE/sD5/AIcRljU=</latexit>

H
l

<latexit sha1_base64="aHwu02AESuQQKnSTkycIz9+qAro=">AAACAXicbVBPS8MwHE3nvzn/1Xn0EhyCp9KKTI9DQTxOcG6w1pGm2RaWJiVJxVH6Vbx40KN49Vt489uYbj3o5oOQx3u/H3l5YcKo0q77bVVWVtfWN6qbta3tnd09e79+r0QqMelgwYTshUgRRjnpaKoZ6SWSoDhkpBtOrgq/+0ikooLf6WlCghiNOB1SjLSRBnbdDwWL1DQ2V3adP2QsH9gN13FngMvEK0kDlGgP7C8/EjiNCdeYIaX6npvoIENSU8xIXvNTRRKEJ2hE+oZyFBMVZLPsOTw2SgSHQprDNZypvzcyFKsinpmMkR6rRa8Q//P6qR5eBBnlSaoJx/OHhimDWsCiCBhRSbBmU0MQltRkhXiMJMLa1FUzJXiLX14m/qnjNZ2m47mu492eNVqXZSlVcAiOwAnwwDlogRvQBh2AwRN4Bq/gzcqtF+vd+piPVqxy5wD8gfX5A4PzljM=</latexit>

F l

<latexit sha1_base64="f0Kk8luNn8x/Bg07F8x0LsF/whw=">AAACAXicbVC9TsMwGHTKXyl/oYwsFhUSU5QgVBgrWNgoEqWVmlA5jttadezIdhBVlFdhYYARsfIWbLwNTpsBWk6yfLr7Pvl8YcKo0q77bVVWVtfWN6qbta3tnd09e79+r0QqMelgwYTshUgRRjnpaKoZ6SWSoDhkpBtOrgq/+0ikooLf6WlCghiNOB1SjLSRBnbdDwWL1DQ2V3aTP2QsH9gN13FngMvEK0kDlGgP7C8/EjiNCdeYIaX6npvoIENSU8xIXvNTRRKEJ2hE+oZyFBMVZLPsOTw2SgSHQprDNZypvzcyFKsinpmMkR6rRa8Q//P6qR5eBBnlSaoJx/OHhimDWsCiCBhRSbBmU0MQltRkhXiMJMLa1FUzJXiLX14m/qnjNZ2m47mu492eNVqXZSlVcAiOwAnwwDlogWvQBh2AwRN4Bq/gzcqtF+vd+piPVqxy5wD8gfX5A5H6ljw=</latexit>

O
l

Massive activations 
happen before LNs



Effects of model architecture on attention sink

The following designs do not affect the emergence of attention sink

• Positional embeddings: including no positional embedding

• Pre-norm and post-norm transformer block structure

• Feed forward networks (FFNs) with different activation functions

• Number of attention heads, how to combine multiple heads

38



Effects of model architecture on attention sink

Standard softmax attention in   -th head   -th block
<latexit sha1_base64="JNpWK+esdraTRnCQgBIJg4qublM="></latexit>

Softmax

✓
1p
dh

Ql,hKl,h> +M

◆
V l,h

queries keys values

casual mask

queries

keys

Sink on the first token
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<latexit sha1_base64="MnL/ZEYEFdpS26Q6kM3lSH9czR0=">AAAB7nicbVA9TwJBEJ3DL8Qv1NJmIzGxutwZg5ZEG0tIREjgQvaWOVjZ27vs7pkQwi+wsdDS2Pp77Pw3LnCFgi+Z5OW9mczMC1PBtfG8b6ewtr6xuVXcLu3s7u0flA+PHnSSKYZNlohEtUOqUXCJTcONwHaqkMahwFY4up35rSdUmify3oxTDGI6kDzijBorNUSvXPFcbw6ySvycVCBHvVf+6vYTlsUoDRNU647vpSaYUGU4EzgtdTONKWUjOsCOpZLGqIPJ/NApObNKn0SJsiUNmau/JyY01noch7Yzpmaol72Z+J/XyUx0HUy4TDODki0WRZkgJiGzr0mfK2RGjC2hTHF7K2FDqigzNpuSDcFffnmVdC9cv+pWXd/zXL9xWand5KEU4QRO4Rx8uIIa3EEdmsAA4Rle4c15dF6cd+dj0Vpw8plj+APn8wdUlY4x</latexit>

l
<latexit sha1_base64="5WAw2A0E7fhA8lN+PnBY6jvGAwA=">AAAB7nicbVA9TwJBEJ3DL8Qv1NJmIzGxutwZg5ZEG0tIREjgQvaWOVjZ27vs7pkQwi+wsdDS2Pp77Pw3LnCFgi+Z5OW9mczMC1PBtfG8b6ewtr6xuVXcLu3s7u0flA+PHnSSKYZNlohEtUOqUXCJTcONwHaqkMahwFY4up35rSdUmify3oxTDGI6kDzijBorNYa9csVzvTnIKvFzUoEc9V75q9tPWBajNExQrTu+l5pgQpXhTOC01M00ppSN6AA7lkoaow4m80On5MwqfRIlypY0ZK7+npjQWOtxHNrOmJqhXvZm4n9eJzPRdTDhMs0MSrZYFGWCmITMviZ9rpAZMbaEMsXtrYQNqaLM2GxKNgR/+eVV0r1w/apbdX3Pc/3GZaV2k4dShBM4hXPw4QpqcAd1aAIDhGd4hTfn0Xlx3p2PRWvByWeO4Q+czx9ObY4t</latexit>

h



Effects of model architecture on attention sink

Softmax attention with a learnable sink token (Xiao et al. 2024) 

queries

keys
Sink on the learnable sink token

Xiao et al. Efficient Streaming Language Models with Attention Sinks. ICLR 2024 
40

<latexit sha1_base64="d8pM8Gjv1vL4gRx8ttFV0y+xols="></latexit>

Softmax

✓
1p
dh


q⇤l,h

Ql,h

� h
k⇤l,h> Kl,h>

i
+M

◆
v⇤l,h

V l,h

�

QKV for sink token

<latexit sha1_base64="o40iBMI24cGKlSRd82bq5DWwPf8=">AAAB/3icbVC9TsMwGHTKXyl/AUYWiwqJKYoRKowVLIxForRSE0WO47RWHSeynYoq6puwMMCIWHkNNt4Gp80ALSdZPt19n3y+MONMadf9tmpr6xubW/Xtxs7u3v6BfXj0qNJcEtolKU9lP8SKciZoVzPNaT+TFCchp71wfFv6vQmViqXiQU8z6id4KFjMCNZGCmzbC1MeqWliruJpFqDAbrqOOwdcJagiTVChE9hfXpSSPKFCE46VGiA3036BpWaE01nDyxXNMBnjIR0YKnBClV/Mk8/gmVEiGKfSHKHhXP29UeBEleHMZIL1SC17pfifN8h1fO0XTGS5poIsHopzDnUKyxpgxCQlmk8NwUQykxWSEZaYaFNWw5SAlr+8SrwLB7WcloNc10H3l832TVVKHZyAU3AOELgCbXAHOqALCJiAZ/AK3qzCerHerY/FaM2qdo7BH1ifP6JclR8=</latexit>x1
<latexit sha1_base64="hUHYijXThsdRCvbY5kue40fg/b8=">AAAB/3icbVC9TsMwGHT4LeUvwMhiUSExRUmFCmMFC2ORKK3URJHjOK1Vx45sp6KK+iYsDDAiVl6DjbfBaTNAy0mWT3ffJ58vyhhV2nW/rbX1jc2t7dpOfXdv/+DQPjp+VCKXmHSxYEL2I6QIo5x0NdWM9DNJUBox0ovGt6XfmxCpqOAPepqRIEVDThOKkTZSaNt+JFispqm5iqdZ2Azthuu4c8BV4lWkASp0QvvLjwXOU8I1ZkipgedmOiiQ1BQzMqv7uSIZwmM0JANDOUqJCop58hk8N0oMEyHN4RrO1d8bBUpVGc5MpkiP1LJXiv95g1wn10FBeZZrwvHioSRnUAtY1gBjKgnWbGoIwpKarBCPkERYm7LqpgRv+curxG86XstpOZ7rOt79ZaN9U5VSA6fgDFwAD1yBNrgDHdAFGEzAM3gFb1ZhvVjv1sdidM2qdk7AH1ifP6PmlSA=</latexit>x2

<latexit sha1_base64="H7zisLAMe+6tq1/YaIKbptapT7Y=">AAAB/3icbVC9TsMwGHT4LeUvwMhiUSExRQmgwljBwlgkSis1UeQ4TmvVsSPbqaiivgkLA4yIlddg421w2gzQcpLl0933yeeLMkaVdt1va2V1bX1js7ZV397Z3du3Dw4flcglJh0smJC9CCnCKCcdTTUjvUwSlEaMdKPRbel3x0QqKviDnmQkSNGA04RipI0U2rYfCRarSWqu4mkaXoR2w3XcGeAy8SrSABXaof3lxwLnKeEaM6RU33MzHRRIaooZmdb9XJEM4REakL6hHKVEBcUs+RSeGiWGiZDmcA1n6u+NAqWqDGcmU6SHatErxf+8fq6T66CgPMs14Xj+UJIzqAUsa4AxlQRrNjEEYUlNVoiHSCKsTVl1U4K3+OVl4p87XtNpOp7rOt79ZaN1U5VSA8fgBJwBD1yBFrgDbdABGIzBM3gFb1ZhvVjv1sd8dMWqdo7AH1ifP6VwlSE=</latexit>x3
<latexit sha1_base64="PhXhBOc8VkyTni1K95fLKKM7vsA=">AAAB/3icbVC9TsMwGHTKXyl/AUYWiwqJKUoQKowVLIxFaqFSE0WO47RWHTuynYoq6puwMMCIWHkNNt4Gp80ALSdZPt19n3y+KGNUadf9tmpr6xubW/Xtxs7u3v6BfXj0oEQuMelhwYTsR0gRRjnpaaoZ6WeSoDRi5DEa35b+44RIRQXv6mlGghQNOU0oRtpIoW37kWCxmqbmKp5mYTe0m67jzgFXiVeRJqjQCe0vPxY4TwnXmCGlBp6b6aBAUlPMyKzh54pkCI/RkAwM5SglKijmyWfwzCgxTIQ0h2s4V39vFChVZTgzmSI9UsteKf7nDXKdXAcF5VmuCceLh5KcQS1gWQOMqSRYs6khCEtqskI8QhJhbcpqmBK85S+vEv/C8VpOy/Fc1/HuL5vtm6qUOjgBp+AceOAKtMEd6IAewGACnsEreLMK68V6tz4WozWr2jkGf2B9/gDYOpVC</latexit>xT

<latexit sha1_base64="BZMyRgEuZLsR3c0/GgHiVgp0HpY=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0hEqseiF48V7Ac0oWw2m3btZjfsToRS+h+8eNCjePXPePPfuG1z0NYHA4/3ZpiZF2WCG/C8b6e0tr6xuVXeruzs7u0fVA+P2kblmrIWVULpbkQME1yyFnAQrJtpRtJIsE40up35nSemDVfyAcYZC1MykDzhlICV2gGNFZh+tea53hx4lfgFqaECzX71K4gVzVMmgQpiTM/3MggnRAOngk0rQW5YRuiIDFjPUklSZsLJ/NopPrNKjBOlbUnAc/X3xISkxozTyHamBIZm2ZuJ/3m9HJLrcMJllgOTdLEoyQUGhWev45hrRkGMLSFUc3srpkOiCQUbUMWG4C+/vEqCC9evu3XX9zzXv7+sNW6KUMroBJ2ic+SjK9RAd6iJWoiiR/SMXtGbo5wX5935WLSWnGLmGP2B8/kDO0+QcA==</latexit>· · ·
<latexit sha1_base64="o40iBMI24cGKlSRd82bq5DWwPf8=">AAAB/3icbVC9TsMwGHTKXyl/AUYWiwqJKYoRKowVLIxForRSE0WO47RWHSeynYoq6puwMMCIWHkNNt4Gp80ALSdZPt19n3y+MONMadf9tmpr6xubW/Xtxs7u3v6BfXj0qNJcEtolKU9lP8SKciZoVzPNaT+TFCchp71wfFv6vQmViqXiQU8z6id4KFjMCNZGCmzbC1MeqWliruJpFqDAbrqOOwdcJagiTVChE9hfXpSSPKFCE46VGiA3036BpWaE01nDyxXNMBnjIR0YKnBClV/Mk8/gmVEiGKfSHKHhXP29UeBEleHMZIL1SC17pfifN8h1fO0XTGS5poIsHopzDnUKyxpgxCQlmk8NwUQykxWSEZaYaFNWw5SAlr+8SrwLB7WcloNc10H3l832TVVKHZyAU3AOELgCbXAHOqALCJiAZ/AK3qzCerHerY/FaM2qdo7BH1ifP6JclR8=</latexit>x1

<latexit sha1_base64="hUHYijXThsdRCvbY5kue40fg/b8=">AAAB/3icbVC9TsMwGHT4LeUvwMhiUSExRUmFCmMFC2ORKK3URJHjOK1Vx45sp6KK+iYsDDAiVl6DjbfBaTNAy0mWT3ffJ58vyhhV2nW/rbX1jc2t7dpOfXdv/+DQPjp+VCKXmHSxYEL2I6QIo5x0NdWM9DNJUBox0ovGt6XfmxCpqOAPepqRIEVDThOKkTZSaNt+JFispqm5iqdZ2Azthuu4c8BV4lWkASp0QvvLjwXOU8I1ZkipgedmOiiQ1BQzMqv7uSIZwmM0JANDOUqJCop58hk8N0oMEyHN4RrO1d8bBUpVGc5MpkiP1LJXiv95g1wn10FBeZZrwvHioSRnUAtY1gBjKgnWbGoIwpKarBCPkERYm7LqpgRv+curxG86XstpOZ7rOt79ZaN9U5VSA6fgDFwAD1yBNrgDHdAFGEzAM3gFb1ZhvVjv1sdidM2qdk7AH1ifP6PmlSA=</latexit>x2
<latexit sha1_base64="H7zisLAMe+6tq1/YaIKbptapT7Y=">AAAB/3icbVC9TsMwGHT4LeUvwMhiUSExRQmgwljBwlgkSis1UeQ4TmvVsSPbqaiivgkLA4yIlddg421w2gzQcpLl0933yeeLMkaVdt1va2V1bX1js7ZV397Z3du3Dw4flcglJh0smJC9CCnCKCcdTTUjvUwSlEaMdKPRbel3x0QqKviDnmQkSNGA04RipI0U2rYfCRarSWqu4mkaXoR2w3XcGeAy8SrSABXaof3lxwLnKeEaM6RU33MzHRRIaooZmdb9XJEM4REakL6hHKVEBcUs+RSeGiWGiZDmcA1n6u+NAqWqDGcmU6SHatErxf+8fq6T66CgPMs14Xj+UJIzqAUsa4AxlQRrNjEEYUlNVoiHSCKsTVl1U4K3+OVl4p87XtNpOp7rOt79ZaN1U5VSA8fgBJwBD1yBFrgDbdABGIzBM3gFb1ZhvVjv1sd8dMWqdo7AH1ifP6VwlSE=</latexit>x3

<latexit sha1_base64="PhXhBOc8VkyTni1K95fLKKM7vsA=">AAAB/3icbVC9TsMwGHTKXyl/AUYWiwqJKUoQKowVLIxFaqFSE0WO47RWHTuynYoq6puwMMCIWHkNNt4Gp80ALSdZPt19n3y+KGNUadf9tmpr6xubW/Xtxs7u3v6BfXj0oEQuMelhwYTsR0gRRjnpaaoZ6WeSoDRi5DEa35b+44RIRQXv6mlGghQNOU0oRtpIoW37kWCxmqbmKp5mYTe0m67jzgFXiVeRJqjQCe0vPxY4TwnXmCGlBp6b6aBAUlPMyKzh54pkCI/RkAwM5SglKijmyWfwzCgxTIQ0h2s4V39vFChVZTgzmSI9UsteKf7nDXKdXAcF5VmuCceLh5KcQS1gWQOMqSRYs6khCEtqskI8QhJhbcpqmBK85S+vEv/C8VpOy/Fc1/HuL5vtm6qUOjgBp+AceOAKtMEd6IAewGACnsEreLMK68V6tz4WozWr2jkGf2B9/gDYOpVC</latexit>xT
<latexit sha1_base64="BZMyRgEuZLsR3c0/GgHiVgp0HpY=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0hEqseiF48V7Ac0oWw2m3btZjfsToRS+h+8eNCjePXPePPfuG1z0NYHA4/3ZpiZF2WCG/C8b6e0tr6xuVXeruzs7u0fVA+P2kblmrIWVULpbkQME1yyFnAQrJtpRtJIsE40up35nSemDVfyAcYZC1MykDzhlICV2gGNFZh+tea53hx4lfgFqaECzX71K4gVzVMmgQpiTM/3MggnRAOngk0rQW5YRuiIDFjPUklSZsLJ/NopPrNKjBOlbUnAc/X3xISkxozTyHamBIZm2ZuJ/3m9HJLrcMJllgOTdLEoyQUGhWev45hrRkGMLSFUc3srpkOiCQUbUMWG4C+/vEqCC9evu3XX9zzXv7+sNW6KUMroBJ2ic+SjK9RAd6iJWoiiR/SMXtGbo5wX5935WLSWnGLmGP2B8/kDO0+QcA==</latexit>· · ·

<latexit sha1_base64="cSfowQpuySx06i5Z0hDJFpDKEHQ=">AAAB/3icbVC9TsMwGHTKXyl/AUYWiwoJMUQJQoWxgoWxSJRWakLlOE5r1bEj26moor4JCwOMiJXXYONtcNoM0HKS5dPd98nnC1NGlXbdb6uysrq2vlHdrG1t7+zu2fsHD0pkEpM2FkzIbogUYZSTtqaakW4qCUpCRjrh6KbwO2MiFRX8Xk9SEiRowGlMMdJG6tu2HwoWqUlirvxp+njWt+uu484Al4lXkjoo0erbX34kcJYQrjFDSvU8N9VBjqSmmJFpzc8USREeoQHpGcpRQlSQz5JP4YlRIhgLaQ7XcKb+3shRoopwZjJBeqgWvUL8z+tlOr4KcsrTTBOO5w/FGYNawKIGGFFJsGYTQxCW1GSFeIgkwtqUVTMleItfXib+ueM1nIbjua7j3V3Um9dlKVVwBI7BKfDAJWiCW9ACbYDBGDyDV/Bm5daL9W59zEcrVrlzCP7A+vwBlguVFw==</latexit>

x⇤

Learnable sink token



Effects of model architecture on attention sink

Softmax attention with learnable KV biases (Sun et al. 2024) 

Sink on the learnable K bias

41
Sun et al. Massive activations in large language models. COLM 2024

<latexit sha1_base64="60w3MfFzhlXiBOtUzx0QixkwixQ="></latexit>

Softmax

✓
1p
dh

Ql,h
h
k⇤l,h> Kl,h>

i
+M

◆
v⇤l,h

V l,h

�

Learnable KV biases
queries

keys



Effects of model architecture on attention sink

Softmax attention with learnable K biases

Sink on the learnable K bias

42

Learnable K biases
queries

keys

<latexit sha1_base64="AsEyYNTDAVFBk78ke+Oxkbz5Gqw="></latexit>

Softmax

✓
1p
dh

Ql,h
h
k⇤l,h> Kl,h>

i
+M

◆
0

V l,h

�
V biases are all zeros



Effects of model architecture on attention sink

Softmax attention with learnable V biases (control group)

43

Learnable V biases

<latexit sha1_base64="aZ7xXhS0zfjEDTesTr1X/aIFbZ0="></latexit>

Softmax

✓
1p
dh

Ql,hKl,h> +M

◆
V l,h + v⇤l,h

queries

keys

Sink on the first token, 
no effects



Effects of model architecture on attention sink

Effects of different learnable biases on attention sink

44



Effects of model architecture on attention sink

Effects of different learnable biases on massive activations

45

<latexit sha1_base64="cSfowQpuySx06i5Z0hDJFpDKEHQ=">AAAB/3icbVC9TsMwGHTKXyl/AUYWiwoJMUQJQoWxgoWxSJRWakLlOE5r1bEj26moor4JCwOMiJXXYONtcNoM0HKS5dPd98nnC1NGlXbdb6uysrq2vlHdrG1t7+zu2fsHD0pkEpM2FkzIbogUYZSTtqaakW4qCUpCRjrh6KbwO2MiFRX8Xk9SEiRowGlMMdJG6tu2HwoWqUlirvxp+njWt+uu484Al4lXkjoo0erbX34kcJYQrjFDSvU8N9VBjqSmmJFpzc8USREeoQHpGcpRQlSQz5JP4YlRIhgLaQ7XcKb+3shRoopwZjJBeqgWvUL8z+tlOr4KcsrTTBOO5w/FGYNawKIGGFFJsGYTQxCW1GSFeIgkwtqUVTMleItfXib+ueM1nIbjua7j3V3Um9dlKVVwBI7BKfDAJWiCW9ACbYDBGDyDV/Bm5daL9W59zEcrVrlzCP7A+vwBlguVFw==</latexit>

x⇤
<latexit sha1_base64="CV8R4DREA3loc2huUtLnq7gobp4=">AAACH3icbVDLSsNAFJ34rPVVdekmWASREiYi1WXRjcsK1haaWiaTSTt08mDmplhCfsONv+LGhS5F3PVvnLRd1NYDwxzOuZd773FjwRVgPDZWVtfWNzYLW8Xtnd29/dLB4aOKEklZg0Yiki2XKCZ4yBrAQbBWLBkJXMGa7uA295tDJhWPwgcYxawTkF7IfU4JaKlbwo4bCU+NAv2lg+wpPc8cYM8gg7SSOZV5dzhxu6UytvAE5jKxZ6SMZqh3Sz+OF9EkYCFQQZRq2ziGTkokcCpYVnQSxWJCB6TH2pqGJGCqk04uy8xTrXimH0n9QjAn6nxHSgKVr6crAwJ9tejl4n9eOwH/upPyME6AhXQ6yE+ECZGZx2R6XDIKYqQJoZLrXU3aJ5JQ0GEWdQj24snLxLmw7KpVtWyMLfv+sly7mYVSQMfoBJ0hG12hGrpDddRAFL2gN/SBPo1X4934Mr6npSvGrOcI/YEx/gUEM6Nv</latexit>

k⇤,v⇤
<latexit sha1_base64="w8esqSqoypa6E8gZjaMe4xZOnbc=">AAACAXicbVC9TsMwGHTKXyl/oYwsFhUSYogShApjBQtjkSit1ITKcdzWqmNHtoOoorwKCwOMiJW3YONtcNoM0HKS5dPd98nnCxNGlXbdb6uysrq2vlHdrG1t7+zu2fv1eyVSiUkHCyZkL0SKMMpJR1PNSC+RBMUhI91wcl343UciFRX8Tk8TEsRoxOmQYqSNNLDrfihYpKaxubJJ/pCd5gO74TruDHCZeCVpgBLtgf3lRwKnMeEaM6RU33MTHWRIaooZyWt+qkiC8ASNSN9QjmKigmyWPYfHRongUEhzuIYz9fdGhmJVxDOTMdJjtegV4n9eP9XDyyCjPEk14Xj+0DBlUAtYFAEjKgnWbGoIwpKarBCPkURYm7pqpgRv8cvLxD9zvKbTdDzXdbzb80brqiylCg7BETgBHrgALXAD2qADMHgCz+AVvFm59WK9Wx/z0YpV7hyAP7A+fwBXyJYW</latexit>

k⇤
<latexit sha1_base64="t8yEiy5GTZzbVnNqBSRnoO/S8I0=">AAACAXicbVC9TsMwGHT4LeUvlJHFokJCDFGCUGGsYGEsEqWVmlA5jttadezIdiqqKK/CwgAjYuUt2HgbnDYDtJxk+XT3ffL5woRRpV3321pZXVvf2KxsVbd3dvf27YPagxKpxKSNBROyGyJFGOWkralmpJtIguKQkU44vin8zoRIRQW/19OEBDEacjqgGGkj9e2aHwoWqWlsrmySP2Zned+uu447A1wmXknqoESrb3/5kcBpTLjGDCnV89xEBxmSmmJG8qqfKpIgPEZD0jOUo5ioIJtlz+GJUSI4ENIcruFM/b2RoVgV8cxkjPRILXqF+J/XS/XgKsgoT1JNOJ4/NEgZ1AIWRcCISoI1mxqCsKQmK8QjJBHWpq6qKcFb/PIy8c8dr+E0HM91He/uot68LkupgCNwDE6BBy5BE9yCFmgDDJ7AM3gFb1ZuvVjv1sd8dMUqdw7BH1ifP2jtliE=</latexit>

v⇤

Default

Block

Attention biases

<latexit sha1_base64="VT+iunVTCDNCwulJ5I4u37i4Jhg=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0iKVI9FLx4r2FpoQtlsJ+3azW7Y3Qgl9D948aBH8eqf8ea/cdvmoK0PBh7vzTAzL0o508bzvp3S2vrG5lZ5u7Kzu7d/UD086miZKQptKrlU3Yho4ExA2zDDoZsqIEnE4SEa38z8hydQmklxbyYphAkZChYzSoyVOgFw3q/3qzXP9ebAq8QvSA0VaPWrX8FA0iwBYSgnWvd8LzVhTpRhlMO0EmQaUkLHZAg9SwVJQIf5/NopPrPKAMdS2RIGz9XfEzlJtJ4kke1MiBnpZW8m/uf1MhNfhTkTaWZA0MWiOOPYSDx7HQ+YAmr4xBJCFbO3YjoiilBjA6rYEPzll1dJUHf9httwfc9z/buLWvO6CKWMTtApOkc+ukRNdItaqI0oekTP6BW9OdJ5cd6dj0VrySlmjtEfOJ8/wa+QIQ==</latexit> ` 2
-N

or
m

 R
at

io Learnable token encourages massive 
activations

K biases eliminate massive activations 
(KV biases also, but less): do not need!



Effects of model architecture on attention sink

Learnable K bias + fixed V bias 

46

<latexit sha1_base64="e3Vvb+ApB2dZ/wZRlVlDO7pRsUE=">AAACBXicbVC7TsMwFHV4lvIKMMJgUSEYqihBFbAgVbAwFok+pDSqHMdprTpxZDuVqqgLC7/CwgBCrPwDG3+D02aAlmNZPjrnXvne4yeMSmXb38bS8srq2nppo7y5tb2za+7ttyRPBSZNzBkXHR9JwmhMmooqRjqJICjyGWn7w9vcb4+IkJTHD2qcEC9C/ZiGFCOlpZ551PU5C+Q40k82mpxeu07V1seyqrbXMyu2ZU8BF4lTkAoo0OiZX92A4zQiscIMSek6dqK8DAlFMSOTcjeVJEF4iPrE1TRGEZFeNt1iAk+0EsCQC31jBafq744MRTIfVFdGSA3kvJeL/3luqsIrL6NxkioS49lHYcqg4jCPBAZUEKzYWBOEBdWzQjxAAmGlgyvrEJz5lRdJ69xyLqzafa1SvyniKIFDcAzOgAMuQR3cgQZoAgwewTN4BW/Gk/FivBsfs9Ilo+g5AH9gfP4Ao12Wtg==</latexit>

v→ = [1, 0, 0, .., 0]
<latexit sha1_base64="HqVz/Lp6ZSooK7a6t3rAR59wjqM=">AAACEnicbVDLSgMxFM3UV62vUZdugkWqUMYZKepGKLpxWcE+oB1KJpO2oZnMmGQKZZhvcOOvuHGhiFtX7vwbM20X2npCyOGce8m9x4sYlcq2v43c0vLK6lp+vbCxubW9Y+7uNWQYC0zqOGShaHlIEkY5qSuqGGlFgqDAY6TpDW8yvzkiQtKQ36txRNwA9TntUYyUlrrmSccLmS/HgX6SUVoqXbWdcnYsq+y4p7AjH4RK/O4g7ZpF27IngIvEmZEimKHWNb86fojjgHCFGZKy7diRchMkFMWMpIVOLEmE8BD1SVtTjgIi3WSyUgqPtOLDXij05QpO1N8dCQpkNrWuDJAayHkvE//z2rHqXboJ5VGsCMfTj3oxgyqEWT7Qp4JgxcaaICyonhXiARIIK51iQYfgzK+8SBpnlnNuVe4qxer1LI48OACH4Bg44AJUwS2ogTrA4BE8g1fwZjwZL8a78TEtzRmznn3wB8bnD0n8m/o=</latexit>

v→→ = [1, 1, 1, .., 1]/
√

dh



Effects of model architecture on attention sink

Learnable K bias with lower learnable dimensions + zero V bias

47

K for sink token locates in a low-
dimensional manifold

Similar to the manifold constructed by 
low-dimensional spikes



Effects of model architecture on attention sink

• Large attention score      important in semantic

• Sink token saves extra attention, adjusts the dependence among other 
tokens
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<latexit sha1_base64="yRGP449aaIQJ94XLnblOWJY96kQ=">AAAB8XicbVBNS8NAEN3Ur1q/qh69LBbBU0hEqseiF48VrBaaUDbbSbt0dxN3N0IJ/QtePOhRvPpvvPlv3LQ5aOuDgcd7M8zMi1LOtPG8b6eysrq2vlHdrG1t7+zu1fcP7nWSKQodmvBEdSOigTMJHcMMh26qgIiIw0M0vi78hydQmiXyzkxSCAUZShYzSkwhBRIe+/WG53oz4GXil6SBSrT79a9gkNBMgDSUE617vpeaMCfKMMphWgsyDSmhYzKEnqWSCNBhPrt1ik+sMsBxomxJg2fq74mcCK0nIrKdgpiRXvQK8T+vl5n4MsyZTDMDks4XxRnHJsHF43jAFFDDJ5YQqpi9FdMRUYQaG0/NhuAvvrxMgjPXb7pN1/c81789b7SuylCq6Agdo1PkowvUQjeojTqIohF6Rq/ozRHOi/PufMxbK045c4j+wPn8AZ/Uj4M=</latexit>

6=

Why need such a mechanism?
Is it because attention score added up to one?



Effects of model architecture on attention sink

Attention output

Perhaps normalization matters, as it forces the attention scores sum to one? 
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<latexit sha1_base64="4ByGrUct5vaF95aIvK1ms8Y1XdI="></latexit>

v†
i =

iX

j=1

sim('(qi),'(kj))Pi
j0=1 sim('(qi),'(kj0))

vj

<latexit sha1_base64="+B8h7uMzBR72wCtdsZYy0KD9S4w="></latexit>

sim('(qi),'(kj)) = exp(
qik

>
jp

dh
)

<latexit sha1_base64="ixNLTnPfyGSKPlh3Eukeruno/sI="></latexit>

Zi =
iX

j0=1

sim('(qi),'(kj))

softmax

normalization term



Effects of model architecture on attention sink

• Scale the normalization term

• Power of attention scores sum up to one

• May mitigate attention sink, but not prevent the emergence
50

<latexit sha1_base64="kKuIGfNX24RyhYnvPU+CLV9+3T4=">AAACIXicbVBNT8JAEN3iF+IX6tHLRmLiqbbEoEeiF4+YiBApIdPtFjZsu83uVkMa/ocX/4oXD3o03Ix/xi1wUPAlm315byYz8/yEM6Ud58sqrKyurW8UN0tb2zu7e+X9g3slUklokwguZNsHRTmLaVMzzWk7kRQin9OWP7zO/dYjlYqJ+E6PEtqNoB+zkBHQRuqVq54veKBGkfmyh3GPeZL1BxqkFE+L1pkHPBlAr1xxbGcKvEzcOamgORq98sQLBEkjGmvCQamO6yS6m4HUjHA6LnmpogmQIfRpx9AYIqq62fS2MT4xSoBDIc2LNZ6qvzsyiFS+o6mMQA/UopeL/3mdVIeX3YzFSappTGaDwpRjLXAeFA6YpETzkSFAJDO7YjIACUSbOEsmBHfx5GXiVW23Ztds13Fs9/a8Ur+ah1JER+gYnSIXXaA6ukEN1EQEPaNX9I4+rBfrzfq0JrPSgjXvOUR/YH3/AOpHpHA=</latexit>

Zi ! Zi/↵

<latexit sha1_base64="DkRHZIIBsBeiURG5O9Qwy9MhYRs="></latexit>

v†
i =

Pi
j=1 sim('(qi),'(kj))vj

⇣Pi
j0=1 sim('(qi),'(kj0))p

⌘ 1
p

<latexit sha1_base64="aDWsSs41Ysz45MCz/DbDyQQ6tFo="></latexit>

v†
i =

iX

j=1

0

B@
exp(

qik
>
jp

dh/p
)

Pi
j0=1 exp(

qik
>
j0p

dh/p
)

1

CA

1
p

vj

softmax



Effects of model architecture on attention sink

• Relax tokens’ inner dependence by removing normalization

Sigmoid attention: 

ELU plus one attention: 

No normalization -> No attention sink, no massive activations!
Added back normalization -> Attention sink, massive activations!
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<latexit sha1_base64="7ifRMGmnT/79ObV3mUjh+K+cSG4="></latexit>

v†
i =

iX

j=1

sigmoid(
qik

>
jp

dh
)vj

<latexit sha1_base64="nhZEgB6l4RKfBrHHxnDqKggoJJs="></latexit>

v†
i =

iX

j=1

(elu(
qik

>
jp

dh
) + 1)vj

Scale up to 1B LLMs
softmax
sigmoid, 
w/o norm.

Block

<latexit sha1_base64="VT+iunVTCDNCwulJ5I4u37i4Jhg=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0iKVI9FLx4r2FpoQtlsJ+3azW7Y3Qgl9D948aBH8eqf8ea/cdvmoK0PBh7vzTAzL0o508bzvp3S2vrG5lZ5u7Kzu7d/UD086miZKQptKrlU3Yho4ExA2zDDoZsqIEnE4SEa38z8hydQmklxbyYphAkZChYzSoyVOgFw3q/3qzXP9ebAq8QvSA0VaPWrX8FA0iwBYSgnWvd8LzVhTpRhlMO0EmQaUkLHZAg9SwVJQIf5/NopPrPKAMdS2RIGz9XfEzlJtJ4kke1MiBnpZW8m/uf1MhNfhTkTaWZA0MWiOOPYSDx7HQ+YAmr4xBJCFbO3YjoiilBjA6rYEPzll1dJUHf9httwfc9z/buLWvO6CKWMTtApOkc+ukRNdItaqI0oekTP6BW9OdJ5cd6dj0VrySlmjtEfOJ8/wa+QIQ==</latexit> ` 2
-N

or
m

 R
at

io



Effects of model architecture on attention sink

• Relax tokens’ inner dependence by allowing negative attention scores

Linear attention, with a mlp kernel

-> No attention sink, no massive activations

Add a normalization

-> No attention sink, no massive activations
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<latexit sha1_base64="DM3QqIKKD8o4icLBBKtqJa+A4wE="></latexit>

v†
i =

iX

j=1

mlp(qi)mlp(kj)>p
dh

vj

<latexit sha1_base64="5QpBoJSkxkxJ87LULQENQ/K+i/4="></latexit>

Zi = max

0

@

������

iX

j0=1

mlp(qi)mlp(kj0)>p
dh

������
, 1

1

A



Effects of model architecture on attention sink

• Alternative LM architecture which have no attention sink

Softpick (Zuhri et al. 2025) 
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Zuhri et al. Softpick: No Attention Sink, No Massive Activations with Rectified Softmax. 2025 



Effects of data packing on attention sink (extension)

• In (Barbero et al. 2025, I am the 3rd author), I checked how data packing 
affects attention sink and its relationship with <BOS> 
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Barbero et al.  Why do LLMs attend to the first token?. 2025 



Effects of data packing on attention sink (extension)

• Causal masking vs intra-doc masking
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Effects of data packing on attention sink (extension)

• Fix a <BOS> in the first position of context window
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Effects of data packing on attention sink (extension)

• Training with fix <BOS> makes LLMs very sensitive to it during the 
inference
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Main motivations in this talk

• Attention sink is important due to above applications

• Big questions: 

How to understand attention sink?

When attention sink appears in LLMs? 

Why LLMs need attention sink?
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Why LLMs need attention sink

• Without changing attention operation, the always used LM pre-
training recipes always result in attention sink

• Why LLMs need attention sink in the above scenario?
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Why LLMs need attention sink

• The aim of attention is to mix representations of tokens

• If all heads are doing token mixing, the token representations will 
be over-squashed, leads to representation collapse

• Attention sink head is a no-op, preventing over-mixing
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Barbero et al.  Why do LLMs attend to the first token?. 2025 



Thank you for listening. 
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