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Online Caching: System Model

Bipartite edge caching model1

Edge Caches
<latexit sha1_base64="SgaWqwKXwW1Yr3xyGW7BYPfLf40=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyqqMegF/GUgHlAsoTZSScZMzu7zMwKYckXePGgiFc/yZt/4yTZgyYWNBRV3XR3BbHg2rjut5NbWV1b38hvFra2d3b3ivsHDR0limGdRSJSrYBqFFxi3XAjsBUrpGEgsBmMbqd+8wmV5pF8MOMY/ZAOJO9zRo2VavfdYsktuzOQZeJlpAQZqt3iV6cXsSREaZigWrc9NzZ+SpXhTOCk0Ek0xpSN6ADblkoaovbT2aETcmKVHulHypY0ZKb+nkhpqPU4DGxnSM1QL3pT8T+vnZj+tZ9yGScGJZsv6ieCmIhMvyY9rpAZMbaEMsXtrYQNqaLM2GwKNgRv8eVl0jgre5fl89pFqXKTxZGHIziGU/DgCipwB1WoAwOEZ3iFN+fReXHenY95a87JZg7hD5zPH6MdjNY=</latexit>

J
<latexit sha1_base64="E3Dd7EEE/tukiUzX7wafS3WOaK0=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRqEeiF4+QyCOBDZkdemFkdnYzM2tCCF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR3cxvPaHSPJYPZpygH9GB5CFn1FipXukVS27ZnYOsEi8jJchQ6xW/uv2YpRFKwwTVuuO5ifEnVBnOBE4L3VRjQtmIDrBjqaQRan8yP3RKzqzSJ2GsbElD5urviQmNtB5Hge2MqBnqZW8m/ud1UhPe+BMuk9SgZItFYSqIicnsa9LnCpkRY0soU9zeStiQKsqMzaZgQ/CWX14lzUrZuypf1C9L1dssjjycwCmcgwfXUIV7qEEDGCA8wyu8OY/Oi/PufCxac042cwx/4Hz+AH69jL4=</latexit>

2
<latexit sha1_base64="mINfg+aHheM79HZECEqXxvUGVvY=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KomKeix68diC/YA2lM120q7dbMLuRiihv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivVvV6p7FbcGcgy8XJShhy1Xumr249ZGqE0TFCtO56bGD+jynAmcFLsphoTykZ0gB1LJY1Q+9ns0Ak5tUqfhLGyJQ2Zqb8nMhppPY4C2xlRM9SL3lT8z+ukJrzxMy6T1KBk80VhKoiJyfRr0ucKmRFjSyhT3N5K2JAqyozNpmhD8BZfXibN84p3VbmoX5art3kcBTiGEzgDD66hCvdQgwYwQHiGV3hzHp0X5935mLeuOPnMEfyB8/kDfTmMvQ==</latexit>

1
Root Server

<latexit sha1_base64="TpN6sRMdEhkCqnjWyIQJr5WE10I=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KomKeix68diC/YA2lM120q7dbMLuRiihv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivV3V6p7FbcGcgy8XJShhy1Xumr249ZGqE0TFCtO56bGD+jynAmcFLsphoTykZ0gB1LJY1Q+9ns0Ak5tUqfhLGyJQ2Zqb8nMhppPY4C2xlRM9SL3lT8z+ukJrzxMy6T1KBk80VhKoiJyfRr0ucKmRFjSyhT3N5K2JAqyozNpmhD8BZfXibN84p3VbmoX5art3kcBTiGEzgDD66hCvdQgwYwQHiGV3hzHp0X5935mLeuOPnMEfyB8/kDe7WMvA==</latexit>

0

User Locations:
<latexit sha1_base64="cvlIz4dpsaTj6mXpWu8st50fLyQ=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhbBRSlJFXUjFN3YXQX7gCaUyWTSDp1kwsxEKKFLN/6KGxeKuPUT3Pk3TtostPXAhcM593LvPV7MqFSW9W0UlpZXVteK66WNza3tHXN3ry15IjBpYc646HpIEkYj0lJUMdKNBUGhx0jHG91kfueBCEl5dK/GMXFDNIhoQDFSWuqbh06I1BAjBhtX0EntCqxVoMN8rmQFNpxJ3yxbVWsKuEjsnJRBjmbf/HJ8jpOQRAozJGXPtmLlpkgoihmZlJxEkhjhERqQnqYRCol00+kjE3isFR8GXOiKFJyqvydSFEo5Dj3dmZ0t571M/M/rJSq4dFMaxYkiEZ4tChIGFYdZKtCngmDFxpogLKi+FeIhEggrnV1Jh2DPv7xI2rWqfV49vTsr16/zOIrgAByBE2CDC1AHt6AJWgCDR/AMXsGb8WS8GO/Gx6y1YOQz++APjM8fXUCXpw==</latexit>

I = {1, 2, . . . , I}

<latexit sha1_base64="nXvTdMYWOBQJ0FtUV/rRQXJ/qfg=">AAACBnicbVDLSsNAFJ3UV62vqEsRBovgopSkFHUjFN1IVxXsA5pQJtNJO3QyCTMToYSs3Pgrblwo4tZvcOffOGmz0NYDA4dz7mHuPV7EqFSW9W0UVlbX1jeKm6Wt7Z3dPXP/oCPDWGDSxiELRc9DkjDKSVtRxUgvEgQFHiNdb3KT+d0HIiQN+b2aRsQN0IhTn2KktDQwj50AqTFGLGmmV05iV2CtAp1hqCRsOunALFtVawa4TOyclEGO1sD80lkcB4QrzJCUfduKlJsgoShmJC05sSQRwhM0In1NOQqIdJPZGSk81coQ+qHQjys4U38nEhRIOQ08PZktLRe9TPzP68fKv3QTyqNYEY7nH/kxgyqEWSdwSAXBik01QVhQvSvEYyQQVrq5ki7BXjx5mXRqVfu8Wr+rlxvXeR1FcAROwBmwwQVogFvQAm2AwSN4Bq/gzXgyXox342M+WjDyzCH4A+PzB0G2l7Y=</latexit>

J = {1, 2, . . . J}

for t = 1, 2, . . . ,T do:

• A request qt 2 {0, 1}N⇥I arrives.
• Serve according to the current policy xt = (yt , zt):

• yt = (ynj 2 [0, 1]) : Proportion of file n stored at cache j .
• zt = (znij 2 [0, 1]) : Proportion of file n routed to user i from cache j .

• Get utility ft(xt) =
P

n,i ,j wnijq
t
niz

t
nij .

• Compute xt+1

1
K. Shanmugam et. al. “FemtoCaching: Wireless Content Delivery Through Distributed Caching Helpers” in IEEE Trans.

on Inf. Theory, 2013.
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J = {1, 2, . . . J}

<latexit sha1_base64="QBgTp+pifhbCQ3ANHfXlQlBfz1Q=">AAAB/nicbVDLSsNAFL2pr1pfUXHlZrAILqQkUtRl0Y3LCvYBTQiT6aQdnUzCzEQoIeCvuHGhiFu/w51/4/Sx0NYDFw7n3Mu994QpZ0o7zrdVWlpeWV0rr1c2Nre2d+zdvbZKMkloiyQ8kd0QK8qZoC3NNKfdVFIch5x2wofrsd95pFKxRNzpUUr9GA8EixjB2kiBfeBRzoOc3RfIYwJ5uXPqekVgV52aMwFaJO6MVGGGZmB/ef2EZDEVmnCsVM91Uu3nWGpGOC0qXqZoiskDHtCeoQLHVPn55PwCHRulj6JEmhIaTdTfEzmOlRrFoemMsR6qeW8s/uf1Mh1d+jkTaaapINNFUcaRTtA4C9RnkhLNR4ZgIpm5FZEhlphok1jFhODOv7xI2mc197xWv61XG1ezOMpwCEdwAi5cQANuoAktIJDDM7zCm/VkvVjv1se0tWTNZvbhD6zPHylNlPk=</latexit>
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1
K. Shanmugam et. al. “FemtoCaching: Wireless Content Delivery Through Distributed Caching Helpers” in IEEE Trans.

on Inf. Theory, 2013.

Mhaisen, Iosifidis, and Leith Online Caching with Optimistic Learning IFIP Networking 2022 4 / 17



Online Caching: System Model

Bipartite edge caching model1

Edge Caches
<latexit sha1_base64="SgaWqwKXwW1Yr3xyGW7BYPfLf40=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyqqMegF/GUgHlAsoTZSScZMzu7zMwKYckXePGgiFc/yZt/4yTZgyYWNBRV3XR3BbHg2rjut5NbWV1b38hvFra2d3b3ivsHDR0limGdRSJSrYBqFFxi3XAjsBUrpGEgsBmMbqd+8wmV5pF8MOMY/ZAOJO9zRo2VavfdYsktuzOQZeJlpAQZqt3iV6cXsSREaZigWrc9NzZ+SpXhTOCk0Ek0xpSN6ADblkoaovbT2aETcmKVHulHypY0ZKb+nkhpqPU4DGxnSM1QL3pT8T+vnZj+tZ9yGScGJZsv6ieCmIhMvyY9rpAZMbaEMsXtrYQNqaLM2GwKNgRv8eVl0jgre5fl89pFqXKTxZGHIziGU/DgCipwB1WoAwOEZ3iFN+fReXHenY95a87JZg7hD5zPH6MdjNY=</latexit>

J
<latexit sha1_base64="E3Dd7EEE/tukiUzX7wafS3WOaK0=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRqEeiF4+QyCOBDZkdemFkdnYzM2tCCF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR3cxvPaHSPJYPZpygH9GB5CFn1FipXukVS27ZnYOsEi8jJchQ6xW/uv2YpRFKwwTVuuO5ifEnVBnOBE4L3VRjQtmIDrBjqaQRan8yP3RKzqzSJ2GsbElD5urviQmNtB5Hge2MqBnqZW8m/ud1UhPe+BMuk9SgZItFYSqIicnsa9LnCpkRY0soU9zeStiQKsqMzaZgQ/CWX14lzUrZuypf1C9L1dssjjycwCmcgwfXUIV7qEEDGCA8wyu8OY/Oi/PufCxac042cwx/4Hz+AH69jL4=</latexit>

2
<latexit sha1_base64="mINfg+aHheM79HZECEqXxvUGVvY=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KomKeix68diC/YA2lM120q7dbMLuRiihv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivVvV6p7FbcGcgy8XJShhy1Xumr249ZGqE0TFCtO56bGD+jynAmcFLsphoTykZ0gB1LJY1Q+9ns0Ak5tUqfhLGyJQ2Zqb8nMhppPY4C2xlRM9SL3lT8z+ukJrzxMy6T1KBk80VhKoiJyfRr0ucKmRFjSyhT3N5K2JAqyozNpmhD8BZfXibN84p3VbmoX5art3kcBTiGEzgDD66hCvdQgwYwQHiGV3hzHp0X5935mLeuOPnMEfyB8/kDfTmMvQ==</latexit>

1
Root Server

<latexit sha1_base64="TpN6sRMdEhkCqnjWyIQJr5WE10I=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KomKeix68diC/YA2lM120q7dbMLuRiihv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivV3V6p7FbcGcgy8XJShhy1Xumr249ZGqE0TFCtO56bGD+jynAmcFLsphoTykZ0gB1LJY1Q+9ns0Ak5tUqfhLGyJQ2Zqb8nMhppPY4C2xlRM9SL3lT8z+ukJrzxMy6T1KBk80VhKoiJyfRr0ucKmRFjSyhT3N5K2JAqyozNpmhD8BZfXibN84p3VbmoX5art3kcBTiGEzgDD66hCvdQgwYwQHiGV3hzHp0X5935mLeuOPnMEfyB8/kDe7WMvA==</latexit>

0

User Locations:
<latexit sha1_base64="cvlIz4dpsaTj6mXpWu8st50fLyQ=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhbBRSlJFXUjFN3YXQX7gCaUyWTSDp1kwsxEKKFLN/6KGxeKuPUT3Pk3TtostPXAhcM593LvPV7MqFSW9W0UlpZXVteK66WNza3tHXN3ry15IjBpYc646HpIEkYj0lJUMdKNBUGhx0jHG91kfueBCEl5dK/GMXFDNIhoQDFSWuqbh06I1BAjBhtX0EntCqxVoMN8rmQFNpxJ3yxbVWsKuEjsnJRBjmbf/HJ8jpOQRAozJGXPtmLlpkgoihmZlJxEkhjhERqQnqYRCol00+kjE3isFR8GXOiKFJyqvydSFEo5Dj3dmZ0t571M/M/rJSq4dFMaxYkiEZ4tChIGFYdZKtCngmDFxpogLKi+FeIhEggrnV1Jh2DPv7xI2rWqfV49vTsr16/zOIrgAByBE2CDC1AHt6AJWgCDR/AMXsGb8WS8GO/Gx6y1YOQz++APjM8fXUCXpw==</latexit>

I = {1, 2, . . . , I}

<latexit sha1_base64="nXvTdMYWOBQJ0FtUV/rRQXJ/qfg=">AAACBnicbVDLSsNAFJ3UV62vqEsRBovgopSkFHUjFN1IVxXsA5pQJtNJO3QyCTMToYSs3Pgrblwo4tZvcOffOGmz0NYDA4dz7mHuPV7EqFSW9W0UVlbX1jeKm6Wt7Z3dPXP/oCPDWGDSxiELRc9DkjDKSVtRxUgvEgQFHiNdb3KT+d0HIiQN+b2aRsQN0IhTn2KktDQwj50AqTFGLGmmV05iV2CtAp1hqCRsOunALFtVawa4TOyclEGO1sD80lkcB4QrzJCUfduKlJsgoShmJC05sSQRwhM0In1NOQqIdJPZGSk81coQ+qHQjys4U38nEhRIOQ08PZktLRe9TPzP68fKv3QTyqNYEY7nH/kxgyqEWSdwSAXBik01QVhQvSvEYyQQVrq5ki7BXjx5mXRqVfu8Wr+rlxvXeR1FcAROwBmwwQVogFvQAm2AwSN4Bq/gzXgyXox342M+WjDyzCH4A+PzB0G2l7Y=</latexit>

J = {1, 2, . . . J}

<latexit sha1_base64="QBgTp+pifhbCQ3ANHfXlQlBfz1Q=">AAAB/nicbVDLSsNAFL2pr1pfUXHlZrAILqQkUtRl0Y3LCvYBTQiT6aQdnUzCzEQoIeCvuHGhiFu/w51/4/Sx0NYDFw7n3Mu994QpZ0o7zrdVWlpeWV0rr1c2Nre2d+zdvbZKMkloiyQ8kd0QK8qZoC3NNKfdVFIch5x2wofrsd95pFKxRNzpUUr9GA8EixjB2kiBfeBRzoOc3RfIYwJ5uXPqekVgV52aMwFaJO6MVGGGZmB/ef2EZDEVmnCsVM91Uu3nWGpGOC0qXqZoiskDHtCeoQLHVPn55PwCHRulj6JEmhIaTdTfEzmOlRrFoemMsR6qeW8s/uf1Mh1d+jkTaaapINNFUcaRTtA4C9RnkhLNR4ZgIpm5FZEhlphok1jFhODOv7xI2mc197xWv61XG1ezOMpwCEdwAi5cQANuoAktIJDDM7zCm/VkvVjv1se0tWTNZvbhD6zPHylNlPk=</latexit>

`ij 2 {0, 1}
<latexit sha1_base64="Ruep5CpyQopmLnylRcS7UyMxoAY=">AAAB+3icbVBNS8NAEJ34WetXrUcvi0XwICWRoh6LXjxWsB+QhrDZbtq1m03Y3VhL6F/x4kERr/4Rb/4bt20O2vpg4PHeDDPzgoQzpW3721pZXVvf2CxsFbd3dvf2SwfllopTSWiTxDyWnQArypmgTc00p51EUhwFnLaD4c3Ubz9SqVgs7vU4oV6E+4KFjGBtJL9UHvmZYA8T1GUCufYZGnl+qWJX7RnQMnFyUoEcDb/01e3FJI2o0IRjpVzHTrSXYakZ4XRS7KaKJpgMcZ+6hgocUeVls9sn6MQoPRTG0pTQaKb+nshwpNQ4CkxnhPVALXpT8T/PTXV45WVMJKmmgswXhSlHOkbTIFCPSUo0HxuCiWTmVkQGWGKiTVxFE4Kz+PIyaZ1XnYtq7a5WqV/ncRTgCI7hFBy4hDrcQgOaQOAJnuEV3qyJ9WK9Wx/z1hUrnzmEP7A+fwC2eZOV</latexit>

wnij 2 [0, w]

for t = 1, 2, . . . ,T do:

• A request qt 2 {0, 1}N⇥I arrives.
• Serve according to the current policy xt = (yt , zt):

• yt = (ynj 2 [0, 1]) : Proportion of file n stored at cache j .
• zt = (znij 2 [0, 1]) : Proportion of file n routed to user i from cache j .

• Get utility ft(xt) =
P

n,i ,j wnijq
t
niz

t
nij .

• Compute xt+1
1
K. Shanmugam et. al. “FemtoCaching: Wireless Content Delivery Through Distributed Caching Helpers” in IEEE Trans.
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Online Caching: System Model

Bipartite edge caching model1

Edge Caches
<latexit sha1_base64="SgaWqwKXwW1Yr3xyGW7BYPfLf40=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyqqMegF/GUgHlAsoTZSScZMzu7zMwKYckXePGgiFc/yZt/4yTZgyYWNBRV3XR3BbHg2rjut5NbWV1b38hvFra2d3b3ivsHDR0limGdRSJSrYBqFFxi3XAjsBUrpGEgsBmMbqd+8wmV5pF8MOMY/ZAOJO9zRo2VavfdYsktuzOQZeJlpAQZqt3iV6cXsSREaZigWrc9NzZ+SpXhTOCk0Ek0xpSN6ADblkoaovbT2aETcmKVHulHypY0ZKb+nkhpqPU4DGxnSM1QL3pT8T+vnZj+tZ9yGScGJZsv6ieCmIhMvyY9rpAZMbaEMsXtrYQNqaLM2GwKNgRv8eVl0jgre5fl89pFqXKTxZGHIziGU/DgCipwB1WoAwOEZ3iFN+fReXHenY95a87JZg7hD5zPH6MdjNY=</latexit>

J
<latexit sha1_base64="E3Dd7EEE/tukiUzX7wafS3WOaK0=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRqEeiF4+QyCOBDZkdemFkdnYzM2tCCF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR3cxvPaHSPJYPZpygH9GB5CFn1FipXukVS27ZnYOsEi8jJchQ6xW/uv2YpRFKwwTVuuO5ifEnVBnOBE4L3VRjQtmIDrBjqaQRan8yP3RKzqzSJ2GsbElD5urviQmNtB5Hge2MqBnqZW8m/ud1UhPe+BMuk9SgZItFYSqIicnsa9LnCpkRY0soU9zeStiQKsqMzaZgQ/CWX14lzUrZuypf1C9L1dssjjycwCmcgwfXUIV7qEEDGCA8wyu8OY/Oi/PufCxac042cwx/4Hz+AH69jL4=</latexit>

2
<latexit sha1_base64="mINfg+aHheM79HZECEqXxvUGVvY=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KomKeix68diC/YA2lM120q7dbMLuRiihv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivVvV6p7FbcGcgy8XJShhy1Xumr249ZGqE0TFCtO56bGD+jynAmcFLsphoTykZ0gB1LJY1Q+9ns0Ak5tUqfhLGyJQ2Zqb8nMhppPY4C2xlRM9SL3lT8z+ukJrzxMy6T1KBk80VhKoiJyfRr0ucKmRFjSyhT3N5K2JAqyozNpmhD8BZfXibN84p3VbmoX5art3kcBTiGEzgDD66hCvdQgwYwQHiGV3hzHp0X5935mLeuOPnMEfyB8/kDfTmMvQ==</latexit>

1
Root Server

<latexit sha1_base64="TpN6sRMdEhkCqnjWyIQJr5WE10I=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KomKeix68diC/YA2lM120q7dbMLuRiihv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivV3V6p7FbcGcgy8XJShhy1Xumr249ZGqE0TFCtO56bGD+jynAmcFLsphoTykZ0gB1LJY1Q+9ns0Ak5tUqfhLGyJQ2Zqb8nMhppPY4C2xlRM9SL3lT8z+ukJrzxMy6T1KBk80VhKoiJyfRr0ucKmRFjSyhT3N5K2JAqyozNpmhD8BZfXibN84p3VbmoX5art3kcBTiGEzgDD66hCvdQgwYwQHiGV3hzHp0X5935mLeuOPnMEfyB8/kDe7WMvA==</latexit>

0

User Locations:
<latexit sha1_base64="cvlIz4dpsaTj6mXpWu8st50fLyQ=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhbBRSlJFXUjFN3YXQX7gCaUyWTSDp1kwsxEKKFLN/6KGxeKuPUT3Pk3TtostPXAhcM593LvPV7MqFSW9W0UlpZXVteK66WNza3tHXN3ry15IjBpYc646HpIEkYj0lJUMdKNBUGhx0jHG91kfueBCEl5dK/GMXFDNIhoQDFSWuqbh06I1BAjBhtX0EntCqxVoMN8rmQFNpxJ3yxbVWsKuEjsnJRBjmbf/HJ8jpOQRAozJGXPtmLlpkgoihmZlJxEkhjhERqQnqYRCol00+kjE3isFR8GXOiKFJyqvydSFEo5Dj3dmZ0t571M/M/rJSq4dFMaxYkiEZ4tChIGFYdZKtCngmDFxpogLKi+FeIhEggrnV1Jh2DPv7xI2rWqfV49vTsr16/zOIrgAByBE2CDC1AHt6AJWgCDR/AMXsGb8WS8GO/Gx6y1YOQz++APjM8fXUCXpw==</latexit>

I = {1, 2, . . . , I}

<latexit sha1_base64="nXvTdMYWOBQJ0FtUV/rRQXJ/qfg=">AAACBnicbVDLSsNAFJ3UV62vqEsRBovgopSkFHUjFN1IVxXsA5pQJtNJO3QyCTMToYSs3Pgrblwo4tZvcOffOGmz0NYDA4dz7mHuPV7EqFSW9W0UVlbX1jeKm6Wt7Z3dPXP/oCPDWGDSxiELRc9DkjDKSVtRxUgvEgQFHiNdb3KT+d0HIiQN+b2aRsQN0IhTn2KktDQwj50AqTFGLGmmV05iV2CtAp1hqCRsOunALFtVawa4TOyclEGO1sD80lkcB4QrzJCUfduKlJsgoShmJC05sSQRwhM0In1NOQqIdJPZGSk81coQ+qHQjys4U38nEhRIOQ08PZktLRe9TPzP68fKv3QTyqNYEY7nH/kxgyqEWSdwSAXBik01QVhQvSvEYyQQVrq5ki7BXjx5mXRqVfu8Wr+rlxvXeR1FcAROwBmwwQVogFvQAm2AwSN4Bq/gzXgyXox342M+WjDyzCH4A+PzB0G2l7Y=</latexit>

J = {1, 2, . . . J}

<latexit sha1_base64="QBgTp+pifhbCQ3ANHfXlQlBfz1Q=">AAAB/nicbVDLSsNAFL2pr1pfUXHlZrAILqQkUtRl0Y3LCvYBTQiT6aQdnUzCzEQoIeCvuHGhiFu/w51/4/Sx0NYDFw7n3Mu994QpZ0o7zrdVWlpeWV0rr1c2Nre2d+zdvbZKMkloiyQ8kd0QK8qZoC3NNKfdVFIch5x2wofrsd95pFKxRNzpUUr9GA8EixjB2kiBfeBRzoOc3RfIYwJ5uXPqekVgV52aMwFaJO6MVGGGZmB/ef2EZDEVmnCsVM91Uu3nWGpGOC0qXqZoiskDHtCeoQLHVPn55PwCHRulj6JEmhIaTdTfEzmOlRrFoemMsR6qeW8s/uf1Mh1d+jkTaaapINNFUcaRTtA4C9RnkhLNR4ZgIpm5FZEhlphok1jFhODOv7xI2mc197xWv61XG1ezOMpwCEdwAi5cQANuoAktIJDDM7zCm/VkvVjv1se0tWTNZvbhD6zPHylNlPk=</latexit>

`ij 2 {0, 1}
<latexit sha1_base64="Ruep5CpyQopmLnylRcS7UyMxoAY=">AAAB+3icbVBNS8NAEJ34WetXrUcvi0XwICWRoh6LXjxWsB+QhrDZbtq1m03Y3VhL6F/x4kERr/4Rb/4bt20O2vpg4PHeDDPzgoQzpW3721pZXVvf2CxsFbd3dvf2SwfllopTSWiTxDyWnQArypmgTc00p51EUhwFnLaD4c3Ubz9SqVgs7vU4oV6E+4KFjGBtJL9UHvmZYA8T1GUCufYZGnl+qWJX7RnQMnFyUoEcDb/01e3FJI2o0IRjpVzHTrSXYakZ4XRS7KaKJpgMcZ+6hgocUeVls9sn6MQoPRTG0pTQaKb+nshwpNQ4CkxnhPVALXpT8T/PTXV45WVMJKmmgswXhSlHOkbTIFCPSUo0HxuCiWTmVkQGWGKiTVxFE4Kz+PIyaZ1XnYtq7a5WqV/ncRTgCI7hFBy4hDrcQgOaQOAJnuEV3qyJ9WK9Wx/z1hUrnzmEP7A+fwC2eZOV</latexit>

wnij 2 [0, w]

for t = 1, 2, . . . ,T do:

• A request qt 2 {0, 1}N⇥I arrives.
• Serve according to the current policy xt = (yt , zt):

• yt = (ynj 2 [0, 1]) : Proportion of file n stored at cache j .
• zt = (znij 2 [0, 1]) : Proportion of file n routed to user i from cache j .

• Get utility ft(xt) =
P

n,i ,j wnijq
t
niz

t
nij .

• Compute xt+1
1
K. Shanmugam et. al. “FemtoCaching: Wireless Content Delivery Through Distributed Caching Helpers” in IEEE Trans.

on Inf. Theory, 2013.
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Online Caching: System Model

Bipartite edge caching model1

Edge Caches
<latexit sha1_base64="SgaWqwKXwW1Yr3xyGW7BYPfLf40=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyqqMegF/GUgHlAsoTZSScZMzu7zMwKYckXePGgiFc/yZt/4yTZgyYWNBRV3XR3BbHg2rjut5NbWV1b38hvFra2d3b3ivsHDR0limGdRSJSrYBqFFxi3XAjsBUrpGEgsBmMbqd+8wmV5pF8MOMY/ZAOJO9zRo2VavfdYsktuzOQZeJlpAQZqt3iV6cXsSREaZigWrc9NzZ+SpXhTOCk0Ek0xpSN6ADblkoaovbT2aETcmKVHulHypY0ZKb+nkhpqPU4DGxnSM1QL3pT8T+vnZj+tZ9yGScGJZsv6ieCmIhMvyY9rpAZMbaEMsXtrYQNqaLM2GwKNgRv8eVl0jgre5fl89pFqXKTxZGHIziGU/DgCipwB1WoAwOEZ3iFN+fReXHenY95a87JZg7hD5zPH6MdjNY=</latexit>

J
<latexit sha1_base64="E3Dd7EEE/tukiUzX7wafS3WOaK0=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRqEeiF4+QyCOBDZkdemFkdnYzM2tCCF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR3cxvPaHSPJYPZpygH9GB5CFn1FipXukVS27ZnYOsEi8jJchQ6xW/uv2YpRFKwwTVuuO5ifEnVBnOBE4L3VRjQtmIDrBjqaQRan8yP3RKzqzSJ2GsbElD5urviQmNtB5Hge2MqBnqZW8m/ud1UhPe+BMuk9SgZItFYSqIicnsa9LnCpkRY0soU9zeStiQKsqMzaZgQ/CWX14lzUrZuypf1C9L1dssjjycwCmcgwfXUIV7qEEDGCA8wyu8OY/Oi/PufCxac042cwx/4Hz+AH69jL4=</latexit>

2
<latexit sha1_base64="mINfg+aHheM79HZECEqXxvUGVvY=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KomKeix68diC/YA2lM120q7dbMLuRiihv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivVvV6p7FbcGcgy8XJShhy1Xumr249ZGqE0TFCtO56bGD+jynAmcFLsphoTykZ0gB1LJY1Q+9ns0Ak5tUqfhLGyJQ2Zqb8nMhppPY4C2xlRM9SL3lT8z+ukJrzxMy6T1KBk80VhKoiJyfRr0ucKmRFjSyhT3N5K2JAqyozNpmhD8BZfXibN84p3VbmoX5art3kcBTiGEzgDD66hCvdQgwYwQHiGV3hzHp0X5935mLeuOPnMEfyB8/kDfTmMvQ==</latexit>

1
Root Server

<latexit sha1_base64="TpN6sRMdEhkCqnjWyIQJr5WE10I=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KomKeix68diC/YA2lM120q7dbMLuRiihv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivV3V6p7FbcGcgy8XJShhy1Xumr249ZGqE0TFCtO56bGD+jynAmcFLsphoTykZ0gB1LJY1Q+9ns0Ak5tUqfhLGyJQ2Zqb8nMhppPY4C2xlRM9SL3lT8z+ukJrzxMy6T1KBk80VhKoiJyfRr0ucKmRFjSyhT3N5K2JAqyozNpmhD8BZfXibN84p3VbmoX5art3kcBTiGEzgDD66hCvdQgwYwQHiGV3hzHp0X5935mLeuOPnMEfyB8/kDe7WMvA==</latexit>

0

User Locations:
<latexit sha1_base64="cvlIz4dpsaTj6mXpWu8st50fLyQ=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhbBRSlJFXUjFN3YXQX7gCaUyWTSDp1kwsxEKKFLN/6KGxeKuPUT3Pk3TtostPXAhcM593LvPV7MqFSW9W0UlpZXVteK66WNza3tHXN3ry15IjBpYc646HpIEkYj0lJUMdKNBUGhx0jHG91kfueBCEl5dK/GMXFDNIhoQDFSWuqbh06I1BAjBhtX0EntCqxVoMN8rmQFNpxJ3yxbVWsKuEjsnJRBjmbf/HJ8jpOQRAozJGXPtmLlpkgoihmZlJxEkhjhERqQnqYRCol00+kjE3isFR8GXOiKFJyqvydSFEo5Dj3dmZ0t571M/M/rJSq4dFMaxYkiEZ4tChIGFYdZKtCngmDFxpogLKi+FeIhEggrnV1Jh2DPv7xI2rWqfV49vTsr16/zOIrgAByBE2CDC1AHt6AJWgCDR/AMXsGb8WS8GO/Gx6y1YOQz++APjM8fXUCXpw==</latexit>

I = {1, 2, . . . , I}

<latexit sha1_base64="nXvTdMYWOBQJ0FtUV/rRQXJ/qfg=">AAACBnicbVDLSsNAFJ3UV62vqEsRBovgopSkFHUjFN1IVxXsA5pQJtNJO3QyCTMToYSs3Pgrblwo4tZvcOffOGmz0NYDA4dz7mHuPV7EqFSW9W0UVlbX1jeKm6Wt7Z3dPXP/oCPDWGDSxiELRc9DkjDKSVtRxUgvEgQFHiNdb3KT+d0HIiQN+b2aRsQN0IhTn2KktDQwj50AqTFGLGmmV05iV2CtAp1hqCRsOunALFtVawa4TOyclEGO1sD80lkcB4QrzJCUfduKlJsgoShmJC05sSQRwhM0In1NOQqIdJPZGSk81coQ+qHQjys4U38nEhRIOQ08PZktLRe9TPzP68fKv3QTyqNYEY7nH/kxgyqEWSdwSAXBik01QVhQvSvEYyQQVrq5ki7BXjx5mXRqVfu8Wr+rlxvXeR1FcAROwBmwwQVogFvQAm2AwSN4Bq/gzXgyXox342M+WjDyzCH4A+PzB0G2l7Y=</latexit>

J = {1, 2, . . . J}

<latexit sha1_base64="QBgTp+pifhbCQ3ANHfXlQlBfz1Q=">AAAB/nicbVDLSsNAFL2pr1pfUXHlZrAILqQkUtRl0Y3LCvYBTQiT6aQdnUzCzEQoIeCvuHGhiFu/w51/4/Sx0NYDFw7n3Mu994QpZ0o7zrdVWlpeWV0rr1c2Nre2d+zdvbZKMkloiyQ8kd0QK8qZoC3NNKfdVFIch5x2wofrsd95pFKxRNzpUUr9GA8EixjB2kiBfeBRzoOc3RfIYwJ5uXPqekVgV52aMwFaJO6MVGGGZmB/ef2EZDEVmnCsVM91Uu3nWGpGOC0qXqZoiskDHtCeoQLHVPn55PwCHRulj6JEmhIaTdTfEzmOlRrFoemMsR6qeW8s/uf1Mh1d+jkTaaapINNFUcaRTtA4C9RnkhLNR4ZgIpm5FZEhlphok1jFhODOv7xI2mc197xWv61XG1ezOMpwCEdwAi5cQANuoAktIJDDM7zCm/VkvVjv1se0tWTNZvbhD6zPHylNlPk=</latexit>

`ij 2 {0, 1}
<latexit sha1_base64="Ruep5CpyQopmLnylRcS7UyMxoAY=">AAAB+3icbVBNS8NAEJ34WetXrUcvi0XwICWRoh6LXjxWsB+QhrDZbtq1m03Y3VhL6F/x4kERr/4Rb/4bt20O2vpg4PHeDDPzgoQzpW3721pZXVvf2CxsFbd3dvf2SwfllopTSWiTxDyWnQArypmgTc00p51EUhwFnLaD4c3Ubz9SqVgs7vU4oV6E+4KFjGBtJL9UHvmZYA8T1GUCufYZGnl+qWJX7RnQMnFyUoEcDb/01e3FJI2o0IRjpVzHTrSXYakZ4XRS7KaKJpgMcZ+6hgocUeVls9sn6MQoPRTG0pTQaKb+nshwpNQ4CkxnhPVALXpT8T/PTXV45WVMJKmmgswXhSlHOkbTIFCPSUo0HxuCiWTmVkQGWGKiTVxFE4Kz+PIyaZ1XnYtq7a5WqV/ncRTgCI7hFBy4hDrcQgOaQOAJnuEV3qyJ9WK9Wx/z1hUrnzmEP7A+fwC2eZOV</latexit>

wnij 2 [0, w]

for t = 1, 2, . . . ,T do:

• A request qt 2 {0, 1}N⇥I arrives.
• Serve according to the current policy xt = (yt , zt):

• yt = (ynj 2 [0, 1]) : Proportion of file n stored at cache j .
• zt = (znij 2 [0, 1]) : Proportion of file n routed to user i from cache j .

• Get utility ft(xt) =
P

n,i ,j wnijq
t
niz

t
nij .

• Compute xt+1
1
K. Shanmugam et. al. “FemtoCaching: Wireless Content Delivery Through Distributed Caching Helpers” in IEEE Trans.
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Online Caching: System Model

Bipartite edge caching model1

Edge Caches
<latexit sha1_base64="SgaWqwKXwW1Yr3xyGW7BYPfLf40=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyqqMegF/GUgHlAsoTZSScZMzu7zMwKYckXePGgiFc/yZt/4yTZgyYWNBRV3XR3BbHg2rjut5NbWV1b38hvFra2d3b3ivsHDR0limGdRSJSrYBqFFxi3XAjsBUrpGEgsBmMbqd+8wmV5pF8MOMY/ZAOJO9zRo2VavfdYsktuzOQZeJlpAQZqt3iV6cXsSREaZigWrc9NzZ+SpXhTOCk0Ek0xpSN6ADblkoaovbT2aETcmKVHulHypY0ZKb+nkhpqPU4DGxnSM1QL3pT8T+vnZj+tZ9yGScGJZsv6ieCmIhMvyY9rpAZMbaEMsXtrYQNqaLM2GwKNgRv8eVl0jgre5fl89pFqXKTxZGHIziGU/DgCipwB1WoAwOEZ3iFN+fReXHenY95a87JZg7hD5zPH6MdjNY=</latexit>

J
<latexit sha1_base64="E3Dd7EEE/tukiUzX7wafS3WOaK0=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRqEeiF4+QyCOBDZkdemFkdnYzM2tCCF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR3cxvPaHSPJYPZpygH9GB5CFn1FipXukVS27ZnYOsEi8jJchQ6xW/uv2YpRFKwwTVuuO5ifEnVBnOBE4L3VRjQtmIDrBjqaQRan8yP3RKzqzSJ2GsbElD5urviQmNtB5Hge2MqBnqZW8m/ud1UhPe+BMuk9SgZItFYSqIicnsa9LnCpkRY0soU9zeStiQKsqMzaZgQ/CWX14lzUrZuypf1C9L1dssjjycwCmcgwfXUIV7qEEDGCA8wyu8OY/Oi/PufCxac042cwx/4Hz+AH69jL4=</latexit>

2
<latexit sha1_base64="mINfg+aHheM79HZECEqXxvUGVvY=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KomKeix68diC/YA2lM120q7dbMLuRiihv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivVvV6p7FbcGcgy8XJShhy1Xumr249ZGqE0TFCtO56bGD+jynAmcFLsphoTykZ0gB1LJY1Q+9ns0Ak5tUqfhLGyJQ2Zqb8nMhppPY4C2xlRM9SL3lT8z+ukJrzxMy6T1KBk80VhKoiJyfRr0ucKmRFjSyhT3N5K2JAqyozNpmhD8BZfXibN84p3VbmoX5art3kcBTiGEzgDD66hCvdQgwYwQHiGV3hzHp0X5935mLeuOPnMEfyB8/kDfTmMvQ==</latexit>

1
Root Server

<latexit sha1_base64="TpN6sRMdEhkCqnjWyIQJr5WE10I=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KomKeix68diC/YA2lM120q7dbMLuRiihv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivV3V6p7FbcGcgy8XJShhy1Xumr249ZGqE0TFCtO56bGD+jynAmcFLsphoTykZ0gB1LJY1Q+9ns0Ak5tUqfhLGyJQ2Zqb8nMhppPY4C2xlRM9SL3lT8z+ukJrzxMy6T1KBk80VhKoiJyfRr0ucKmRFjSyhT3N5K2JAqyozNpmhD8BZfXibN84p3VbmoX5art3kcBTiGEzgDD66hCvdQgwYwQHiGV3hzHp0X5935mLeuOPnMEfyB8/kDe7WMvA==</latexit>

0

User Locations:
<latexit sha1_base64="cvlIz4dpsaTj6mXpWu8st50fLyQ=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhbBRSlJFXUjFN3YXQX7gCaUyWTSDp1kwsxEKKFLN/6KGxeKuPUT3Pk3TtostPXAhcM593LvPV7MqFSW9W0UlpZXVteK66WNza3tHXN3ry15IjBpYc646HpIEkYj0lJUMdKNBUGhx0jHG91kfueBCEl5dK/GMXFDNIhoQDFSWuqbh06I1BAjBhtX0EntCqxVoMN8rmQFNpxJ3yxbVWsKuEjsnJRBjmbf/HJ8jpOQRAozJGXPtmLlpkgoihmZlJxEkhjhERqQnqYRCol00+kjE3isFR8GXOiKFJyqvydSFEo5Dj3dmZ0t571M/M/rJSq4dFMaxYkiEZ4tChIGFYdZKtCngmDFxpogLKi+FeIhEggrnV1Jh2DPv7xI2rWqfV49vTsr16/zOIrgAByBE2CDC1AHt6AJWgCDR/AMXsGb8WS8GO/Gx6y1YOQz++APjM8fXUCXpw==</latexit>

I = {1, 2, . . . , I}

<latexit sha1_base64="nXvTdMYWOBQJ0FtUV/rRQXJ/qfg=">AAACBnicbVDLSsNAFJ3UV62vqEsRBovgopSkFHUjFN1IVxXsA5pQJtNJO3QyCTMToYSs3Pgrblwo4tZvcOffOGmz0NYDA4dz7mHuPV7EqFSW9W0UVlbX1jeKm6Wt7Z3dPXP/oCPDWGDSxiELRc9DkjDKSVtRxUgvEgQFHiNdb3KT+d0HIiQN+b2aRsQN0IhTn2KktDQwj50AqTFGLGmmV05iV2CtAp1hqCRsOunALFtVawa4TOyclEGO1sD80lkcB4QrzJCUfduKlJsgoShmJC05sSQRwhM0In1NOQqIdJPZGSk81coQ+qHQjys4U38nEhRIOQ08PZktLRe9TPzP68fKv3QTyqNYEY7nH/kxgyqEWSdwSAXBik01QVhQvSvEYyQQVrq5ki7BXjx5mXRqVfu8Wr+rlxvXeR1FcAROwBmwwQVogFvQAm2AwSN4Bq/gzXgyXox342M+WjDyzCH4A+PzB0G2l7Y=</latexit>

J = {1, 2, . . . J}

<latexit sha1_base64="QBgTp+pifhbCQ3ANHfXlQlBfz1Q=">AAAB/nicbVDLSsNAFL2pr1pfUXHlZrAILqQkUtRl0Y3LCvYBTQiT6aQdnUzCzEQoIeCvuHGhiFu/w51/4/Sx0NYDFw7n3Mu994QpZ0o7zrdVWlpeWV0rr1c2Nre2d+zdvbZKMkloiyQ8kd0QK8qZoC3NNKfdVFIch5x2wofrsd95pFKxRNzpUUr9GA8EixjB2kiBfeBRzoOc3RfIYwJ5uXPqekVgV52aMwFaJO6MVGGGZmB/ef2EZDEVmnCsVM91Uu3nWGpGOC0qXqZoiskDHtCeoQLHVPn55PwCHRulj6JEmhIaTdTfEzmOlRrFoemMsR6qeW8s/uf1Mh1d+jkTaaapINNFUcaRTtA4C9RnkhLNR4ZgIpm5FZEhlphok1jFhODOv7xI2mc197xWv61XG1ezOMpwCEdwAi5cQANuoAktIJDDM7zCm/VkvVjv1se0tWTNZvbhD6zPHylNlPk=</latexit>

`ij 2 {0, 1}
<latexit sha1_base64="Ruep5CpyQopmLnylRcS7UyMxoAY=">AAAB+3icbVBNS8NAEJ34WetXrUcvi0XwICWRoh6LXjxWsB+QhrDZbtq1m03Y3VhL6F/x4kERr/4Rb/4bt20O2vpg4PHeDDPzgoQzpW3721pZXVvf2CxsFbd3dvf2SwfllopTSWiTxDyWnQArypmgTc00p51EUhwFnLaD4c3Ubz9SqVgs7vU4oV6E+4KFjGBtJL9UHvmZYA8T1GUCufYZGnl+qWJX7RnQMnFyUoEcDb/01e3FJI2o0IRjpVzHTrSXYakZ4XRS7KaKJpgMcZ+6hgocUeVls9sn6MQoPRTG0pTQaKb+nshwpNQ4CkxnhPVALXpT8T/PTXV45WVMJKmmgswXhSlHOkbTIFCPSUo0HxuCiWTmVkQGWGKiTVxFE4Kz+PIyaZ1XnYtq7a5WqV/ncRTgCI7hFBy4hDrcQgOaQOAJnuEV3qyJ9WK9Wx/z1hUrnzmEP7A+fwC2eZOV</latexit>

wnij 2 [0, w]

for t = 1, 2, . . . ,T do:

• A request qt 2 {0, 1}N⇥I arrives.
• Serve according to the current policy xt = (yt , zt):

• yt = (ynj 2 [0, 1]) : Proportion of file n stored at cache j .
• zt = (znij 2 [0, 1]) : Proportion of file n routed to user i from cache j .

• Get utility ft(xt) =
P

n,i ,j wnijq
t
niz

t
nij .

• Compute xt+1
1
K. Shanmugam et. al. “FemtoCaching: Wireless Content Delivery Through Distributed Caching Helpers” in IEEE Trans.

on Inf. Theory, 2013.
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Online Caching: Performance Metric

• X =
�

{Y ⇥ Z} \ {znij  ynj`ij , 8i , j , n}
 

• Y =
� P

n2N ynj  Cj , j 2 J
 

. (Respect capacity of each cache)

• Z =
n P

j2J znij  1, n 2 N , i 2 I
o

. (No redundant parts)

• If file requests and links’ quality were known in advance, we compute

x
? = argmax

x2X

TX

t=1

ft(x), and select x?, 8t.

• Given {xt}T = {x0, x1, . . . , xt , . . . , xT} according to some online alg.

Definition (Regret Metric)

RT = sup
{ft}T

"
TX

t=1

�
ft(x

?)� ft(xt)
�
#
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Online Caching: Problem Formulation & Algorithms

• No-regret policy: A policy {xt}T with RT = o(T ): limT!1
RT
T = 0

• Regret-optimal policy: RT = O

⇣p
T

⌘

• RT =
PT

t=1

�
ft(x?)� ft(xt)

�

PT

t=1

�
hct , x? � xti

�
, ct = rft(xt)

• Algorithms: Follow The Regularized Leader (FTRL)

xt+1 = argmin
�
h�c1:t , xi+r1:t(x)

 

Example: r0 =
1
2⌘kxk

2, rt(x) = 0 leads to xt+1 = xt + ⌘ct  OGA

Recent advances:

• G. Paschos et. al. ,“Learning to Cache With No Regrets,” in IEEE Infocom, 2019.

• Y. Li et. al. , “Online Caching Networks with Adversarial Guarantees,” in ACM
Sigmetrics, 2021.

• D. Paria et. al. , “LeadCache: Regret-Optimal Caching in Networks,” in NeurIPS, 2021”.
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Optimistic Learning via Recommendations

Edge Caching

User Locations:

<latexit sha1_base64="SgaWqwKXwW1Yr3xyGW7BYPfLf40=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyqqMegF/GUgHlAsoTZSScZMzu7zMwKYckXePGgiFc/yZt/4yTZgyYWNBRV3XR3BbHg2rjut5NbWV1b38hvFra2d3b3ivsHDR0limGdRSJSrYBqFFxi3XAjsBUrpGEgsBmMbqd+8wmV5pF8MOMY/ZAOJO9zRo2VavfdYsktuzOQZeJlpAQZqt3iV6cXsSREaZigWrc9NzZ+SpXhTOCk0Ek0xpSN6ADblkoaovbT2aETcmKVHulHypY0ZKb+nkhpqPU4DGxnSM1QL3pT8T+vnZj+tZ9yGScGJZsv6ieCmIhMvyY9rpAZMbaEMsXtrYQNqaLM2GwKNgRv8eVl0jgre5fl89pFqXKTxZGHIziGU/DgCipwB1WoAwOEZ3iFN+fReXHenY95a87JZg7hD5zPH6MdjNY=</latexit>

J
<latexit sha1_base64="E3Dd7EEE/tukiUzX7wafS3WOaK0=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRqEeiF4+QyCOBDZkdemFkdnYzM2tCCF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR3cxvPaHSPJYPZpygH9GB5CFn1FipXukVS27ZnYOsEi8jJchQ6xW/uv2YpRFKwwTVuuO5ifEnVBnOBE4L3VRjQtmIDrBjqaQRan8yP3RKzqzSJ2GsbElD5urviQmNtB5Hge2MqBnqZW8m/ud1UhPe+BMuk9SgZItFYSqIicnsa9LnCpkRY0soU9zeStiQKsqMzaZgQ/CWX14lzUrZuypf1C9L1dssjjycwCmcgwfXUIV7qEEDGCA8wyu8OY/Oi/PufCxac042cwx/4Hz+AH69jL4=</latexit>

2
<latexit sha1_base64="mINfg+aHheM79HZECEqXxvUGVvY=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KomKeix68diC/YA2lM120q7dbMLuRiihv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivVvV6p7FbcGcgy8XJShhy1Xumr249ZGqE0TFCtO56bGD+jynAmcFLsphoTykZ0gB1LJY1Q+9ns0Ak5tUqfhLGyJQ2Zqb8nMhppPY4C2xlRM9SL3lT8z+ukJrzxMy6T1KBk80VhKoiJyfRr0ucKmRFjSyhT3N5K2JAqyozNpmhD8BZfXibN84p3VbmoX5art3kcBTiGEzgDD66hCvdQgwYwQHiGV3hzHp0X5935mLeuOPnMEfyB8/kDfTmMvQ==</latexit>

1

<latexit sha1_base64="cvlIz4dpsaTj6mXpWu8st50fLyQ=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhbBRSlJFXUjFN3YXQX7gCaUyWTSDp1kwsxEKKFLN/6KGxeKuPUT3Pk3TtostPXAhcM593LvPV7MqFSW9W0UlpZXVteK66WNza3tHXN3ry15IjBpYc646HpIEkYj0lJUMdKNBUGhx0jHG91kfueBCEl5dK/GMXFDNIhoQDFSWuqbh06I1BAjBhtX0EntCqxVoMN8rmQFNpxJ3yxbVWsKuEjsnJRBjmbf/HJ8jpOQRAozJGXPtmLlpkgoihmZlJxEkhjhERqQnqYRCol00+kjE3isFR8GXOiKFJyqvydSFEo5Dj3dmZ0t571M/M/rJSq4dFMaxYkiEZ4tChIGFYdZKtCngmDFxpogLKi+FeIhEggrnV1Jh2DPv7xI2rWqfV49vTsr16/zOIrgAByBE2CDC1AHt6AJWgCDR/AMXsGb8WS8GO/Gx6y1YOQz++APjM8fXUCXpw==</latexit>

I = {1, 2, . . . , I}

Root Server
<latexit sha1_base64="TpN6sRMdEhkCqnjWyIQJr5WE10I=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KomKeix68diC/YA2lM120q7dbMLuRiihv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivV3V6p7FbcGcgy8XJShhy1Xumr249ZGqE0TFCtO56bGD+jynAmcFLsphoTykZ0gB1LJY1Q+9ns0Ak5tUqfhLGyJQ2Zqb8nMhppPY4C2xlRM9SL3lT8z+ukJrzxMy6T1KBk80VhKoiJyfRr0ucKmRFjSyhT3N5K2JAqyozNpmhD8BZfXibN84p3VbmoX5art3kcBTiGEzgDD66hCvdQgwYwQHiGV3hzHp0X5935mLeuOPnMEfyB8/kDe7WMvA==</latexit>

0
<latexit sha1_base64="Ht4ZP4ETGCJJrfSd5rlFhMUv29k=">AAAB9HicbVDLSgNBEOyNrxhfUY9eBoPgKeyqqMegF48RzAOyS5iddJIxsw9nZgNh2e/w4kERr36MN//GSbIHTSxoKKq66e7yY8GVtu1vq7Cyura+UdwsbW3v7O6V9w+aKkokwwaLRCTbPlUoeIgNzbXAdiyRBr7Alj+6nfqtMUrFo/BBT2L0AjoIeZ8zqo3kuamLQnRT/pi5Wbdcsav2DGSZODmpQI56t/zl9iKWBBhqJqhSHceOtZdSqTkTmJXcRGFM2YgOsGNoSANUXjo7OiMnRumRfiRNhZrM1N8TKQ2UmgS+6QyoHqpFbyr+53US3b/2Uh7GicaQzRf1E0F0RKYJkB6XyLSYGEKZ5OZWwoZUUqZNTiUTgrP48jJpnlWdy+r5/UWldpPHUYQjOIZTcOAKanAHdWgAgyd4hld4s8bWi/VufcxbC1Y+cwh/YH3+AFD2knc=</latexit>

{`ij}

<latexit sha1_base64="IGbswmChEJecAWIFJbrMwy0TzHU=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0qMeiF48V7Ac2oWy2m3btZhN2N0II+RdePCji1X/jzX/jts1BWx8MPN6bYWaeH3OmtG1/W6WV1bX1jfJmZWt7Z3evun/QUVEiCW2TiEey52NFORO0rZnmtBdLikOf064/uZn63ScqFYvEvU5j6oV4JFjACNZGenCzdJCJx9zNB9WaXbdnQMvEKUgNCrQG1S93GJEkpEITjpXqO3asvQxLzQinecVNFI0xmeAR7RsqcEiVl80uztGJUYYoiKQpodFM/T2R4VCpNPRNZ4j1WC16U/E/r5/o4MrLmIgTTQWZLwoSjnSEpu+jIZOUaJ4agolk5lZExlhiok1IFROCs/jyMumc1Z2L+vldo9a8LuIowxEcwyk4cAlNuIUWtIGAgGd4hTdLWS/Wu/Uxby1Zxcwh/IH1+QMoaZE+</latexit>

{ynj}

Rec-sys
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Optimistic Learning via Recommendations

Edge Caching

User Locations:

<latexit sha1_base64="SgaWqwKXwW1Yr3xyGW7BYPfLf40=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyqqMegF/GUgHlAsoTZSScZMzu7zMwKYckXePGgiFc/yZt/4yTZgyYWNBRV3XR3BbHg2rjut5NbWV1b38hvFra2d3b3ivsHDR0limGdRSJSrYBqFFxi3XAjsBUrpGEgsBmMbqd+8wmV5pF8MOMY/ZAOJO9zRo2VavfdYsktuzOQZeJlpAQZqt3iV6cXsSREaZigWrc9NzZ+SpXhTOCk0Ek0xpSN6ADblkoaovbT2aETcmKVHulHypY0ZKb+nkhpqPU4DGxnSM1QL3pT8T+vnZj+tZ9yGScGJZsv6ieCmIhMvyY9rpAZMbaEMsXtrYQNqaLM2GwKNgRv8eVl0jgre5fl89pFqXKTxZGHIziGU/DgCipwB1WoAwOEZ3iFN+fReXHenY95a87JZg7hD5zPH6MdjNY=</latexit>

J
<latexit sha1_base64="E3Dd7EEE/tukiUzX7wafS3WOaK0=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRqEeiF4+QyCOBDZkdemFkdnYzM2tCCF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR3cxvPaHSPJYPZpygH9GB5CFn1FipXukVS27ZnYOsEi8jJchQ6xW/uv2YpRFKwwTVuuO5ifEnVBnOBE4L3VRjQtmIDrBjqaQRan8yP3RKzqzSJ2GsbElD5urviQmNtB5Hge2MqBnqZW8m/ud1UhPe+BMuk9SgZItFYSqIicnsa9LnCpkRY0soU9zeStiQKsqMzaZgQ/CWX14lzUrZuypf1C9L1dssjjycwCmcgwfXUIV7qEEDGCA8wyu8OY/Oi/PufCxac042cwx/4Hz+AH69jL4=</latexit>

2
<latexit sha1_base64="mINfg+aHheM79HZECEqXxvUGVvY=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KomKeix68diC/YA2lM120q7dbMLuRiihv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivVvV6p7FbcGcgy8XJShhy1Xumr249ZGqE0TFCtO56bGD+jynAmcFLsphoTykZ0gB1LJY1Q+9ns0Ak5tUqfhLGyJQ2Zqb8nMhppPY4C2xlRM9SL3lT8z+ukJrzxMy6T1KBk80VhKoiJyfRr0ucKmRFjSyhT3N5K2JAqyozNpmhD8BZfXibN84p3VbmoX5art3kcBTiGEzgDD66hCvdQgwYwQHiGV3hzHp0X5935mLeuOPnMEfyB8/kDfTmMvQ==</latexit>

1

<latexit sha1_base64="cvlIz4dpsaTj6mXpWu8st50fLyQ=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhbBRSlJFXUjFN3YXQX7gCaUyWTSDp1kwsxEKKFLN/6KGxeKuPUT3Pk3TtostPXAhcM593LvPV7MqFSW9W0UlpZXVteK66WNza3tHXN3ry15IjBpYc646HpIEkYj0lJUMdKNBUGhx0jHG91kfueBCEl5dK/GMXFDNIhoQDFSWuqbh06I1BAjBhtX0EntCqxVoMN8rmQFNpxJ3yxbVWsKuEjsnJRBjmbf/HJ8jpOQRAozJGXPtmLlpkgoihmZlJxEkhjhERqQnqYRCol00+kjE3isFR8GXOiKFJyqvydSFEo5Dj3dmZ0t571M/M/rJSq4dFMaxYkiEZ4tChIGFYdZKtCngmDFxpogLKi+FeIhEggrnV1Jh2DPv7xI2rWqfV49vTsr16/zOIrgAByBE2CDC1AHt6AJWgCDR/AMXsGb8WS8GO/Gx6y1YOQz++APjM8fXUCXpw==</latexit>

I = {1, 2, . . . , I}

Root Server
<latexit sha1_base64="TpN6sRMdEhkCqnjWyIQJr5WE10I=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KomKeix68diC/YA2lM120q7dbMLuRiihv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivV3V6p7FbcGcgy8XJShhy1Xumr249ZGqE0TFCtO56bGD+jynAmcFLsphoTykZ0gB1LJY1Q+9ns0Ak5tUqfhLGyJQ2Zqb8nMhppPY4C2xlRM9SL3lT8z+ukJrzxMy6T1KBk80VhKoiJyfRr0ucKmRFjSyhT3N5K2JAqyozNpmhD8BZfXibN84p3VbmoX5art3kcBTiGEzgDD66hCvdQgwYwQHiGV3hzHp0X5935mLeuOPnMEfyB8/kDe7WMvA==</latexit>

0
<latexit sha1_base64="Ht4ZP4ETGCJJrfSd5rlFhMUv29k=">AAAB9HicbVDLSgNBEOyNrxhfUY9eBoPgKeyqqMegF48RzAOyS5iddJIxsw9nZgNh2e/w4kERr36MN//GSbIHTSxoKKq66e7yY8GVtu1vq7Cyura+UdwsbW3v7O6V9w+aKkokwwaLRCTbPlUoeIgNzbXAdiyRBr7Alj+6nfqtMUrFo/BBT2L0AjoIeZ8zqo3kuamLQnRT/pi5Wbdcsav2DGSZODmpQI56t/zl9iKWBBhqJqhSHceOtZdSqTkTmJXcRGFM2YgOsGNoSANUXjo7OiMnRumRfiRNhZrM1N8TKQ2UmgS+6QyoHqpFbyr+53US3b/2Uh7GicaQzRf1E0F0RKYJkB6XyLSYGEKZ5OZWwoZUUqZNTiUTgrP48jJpnlWdy+r5/UWldpPHUYQjOIZTcOAKanAHdWgAgyd4hld4s8bWi/VufcxbC1Y+cwh/YH3+AFD2knc=</latexit>

{`ij}

<latexit sha1_base64="IGbswmChEJecAWIFJbrMwy0TzHU=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0qMeiF48V7Ac2oWy2m3btZhN2N0II+RdePCji1X/jzX/jts1BWx8MPN6bYWaeH3OmtG1/W6WV1bX1jfJmZWt7Z3evun/QUVEiCW2TiEey52NFORO0rZnmtBdLikOf064/uZn63ScqFYvEvU5j6oV4JFjACNZGenCzdJCJx9zNB9WaXbdnQMvEKUgNCrQG1S93GJEkpEITjpXqO3asvQxLzQinecVNFI0xmeAR7RsqcEiVl80uztGJUYYoiKQpodFM/T2R4VCpNPRNZ4j1WC16U/E/r5/o4MrLmIgTTQWZLwoSjnSEpu+jIZOUaJ4agolk5lZExlhiok1IFROCs/jyMumc1Z2L+vldo9a8LuIowxEcwyk4cAlNuIUWtIGAgGd4hTdLWS/Wu/Uxby1Zxcwh/IH1+QMoaZE+</latexit>

{ynj}

Rec-sys

Mhaisen, Iosifidis, and Leith Online Caching with Optimistic Learning IFIP Networking 2022 8 / 17



Optimistic Learning via Recommendations

Edge Caching

User Locations:

<latexit sha1_base64="SgaWqwKXwW1Yr3xyGW7BYPfLf40=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyqqMegF/GUgHlAsoTZSScZMzu7zMwKYckXePGgiFc/yZt/4yTZgyYWNBRV3XR3BbHg2rjut5NbWV1b38hvFra2d3b3ivsHDR0limGdRSJSrYBqFFxi3XAjsBUrpGEgsBmMbqd+8wmV5pF8MOMY/ZAOJO9zRo2VavfdYsktuzOQZeJlpAQZqt3iV6cXsSREaZigWrc9NzZ+SpXhTOCk0Ek0xpSN6ADblkoaovbT2aETcmKVHulHypY0ZKb+nkhpqPU4DGxnSM1QL3pT8T+vnZj+tZ9yGScGJZsv6ieCmIhMvyY9rpAZMbaEMsXtrYQNqaLM2GwKNgRv8eVl0jgre5fl89pFqXKTxZGHIziGU/DgCipwB1WoAwOEZ3iFN+fReXHenY95a87JZg7hD5zPH6MdjNY=</latexit>

J
<latexit sha1_base64="E3Dd7EEE/tukiUzX7wafS3WOaK0=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRqEeiF4+QyCOBDZkdemFkdnYzM2tCCF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR3cxvPaHSPJYPZpygH9GB5CFn1FipXukVS27ZnYOsEi8jJchQ6xW/uv2YpRFKwwTVuuO5ifEnVBnOBE4L3VRjQtmIDrBjqaQRan8yP3RKzqzSJ2GsbElD5urviQmNtB5Hge2MqBnqZW8m/ud1UhPe+BMuk9SgZItFYSqIicnsa9LnCpkRY0soU9zeStiQKsqMzaZgQ/CWX14lzUrZuypf1C9L1dssjjycwCmcgwfXUIV7qEEDGCA8wyu8OY/Oi/PufCxac042cwx/4Hz+AH69jL4=</latexit>

2
<latexit sha1_base64="mINfg+aHheM79HZECEqXxvUGVvY=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KomKeix68diC/YA2lM120q7dbMLuRiihv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivVvV6p7FbcGcgy8XJShhy1Xumr249ZGqE0TFCtO56bGD+jynAmcFLsphoTykZ0gB1LJY1Q+9ns0Ak5tUqfhLGyJQ2Zqb8nMhppPY4C2xlRM9SL3lT8z+ukJrzxMy6T1KBk80VhKoiJyfRr0ucKmRFjSyhT3N5K2JAqyozNpmhD8BZfXibN84p3VbmoX5art3kcBTiGEzgDD66hCvdQgwYwQHiGV3hzHp0X5935mLeuOPnMEfyB8/kDfTmMvQ==</latexit>

1

<latexit sha1_base64="cvlIz4dpsaTj6mXpWu8st50fLyQ=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhbBRSlJFXUjFN3YXQX7gCaUyWTSDp1kwsxEKKFLN/6KGxeKuPUT3Pk3TtostPXAhcM593LvPV7MqFSW9W0UlpZXVteK66WNza3tHXN3ry15IjBpYc646HpIEkYj0lJUMdKNBUGhx0jHG91kfueBCEl5dK/GMXFDNIhoQDFSWuqbh06I1BAjBhtX0EntCqxVoMN8rmQFNpxJ3yxbVWsKuEjsnJRBjmbf/HJ8jpOQRAozJGXPtmLlpkgoihmZlJxEkhjhERqQnqYRCol00+kjE3isFR8GXOiKFJyqvydSFEo5Dj3dmZ0t571M/M/rJSq4dFMaxYkiEZ4tChIGFYdZKtCngmDFxpogLKi+FeIhEggrnV1Jh2DPv7xI2rWqfV49vTsr16/zOIrgAByBE2CDC1AHt6AJWgCDR/AMXsGb8WS8GO/Gx6y1YOQz++APjM8fXUCXpw==</latexit>

I = {1, 2, . . . , I}

Root Server
<latexit sha1_base64="TpN6sRMdEhkCqnjWyIQJr5WE10I=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KomKeix68diC/YA2lM120q7dbMLuRiihv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivV3V6p7FbcGcgy8XJShhy1Xumr249ZGqE0TFCtO56bGD+jynAmcFLsphoTykZ0gB1LJY1Q+9ns0Ak5tUqfhLGyJQ2Zqb8nMhppPY4C2xlRM9SL3lT8z+ukJrzxMy6T1KBk80VhKoiJyfRr0ucKmRFjSyhT3N5K2JAqyozNpmhD8BZfXibN84p3VbmoX5art3kcBTiGEzgDD66hCvdQgwYwQHiGV3hzHp0X5935mLeuOPnMEfyB8/kDe7WMvA==</latexit>

0
<latexit sha1_base64="Ht4ZP4ETGCJJrfSd5rlFhMUv29k=">AAAB9HicbVDLSgNBEOyNrxhfUY9eBoPgKeyqqMegF48RzAOyS5iddJIxsw9nZgNh2e/w4kERr36MN//GSbIHTSxoKKq66e7yY8GVtu1vq7Cyura+UdwsbW3v7O6V9w+aKkokwwaLRCTbPlUoeIgNzbXAdiyRBr7Alj+6nfqtMUrFo/BBT2L0AjoIeZ8zqo3kuamLQnRT/pi5Wbdcsav2DGSZODmpQI56t/zl9iKWBBhqJqhSHceOtZdSqTkTmJXcRGFM2YgOsGNoSANUXjo7OiMnRumRfiRNhZrM1N8TKQ2UmgS+6QyoHqpFbyr+53US3b/2Uh7GicaQzRf1E0F0RKYJkB6XyLSYGEKZ5OZWwoZUUqZNTiUTgrP48jJpnlWdy+r5/UWldpPHUYQjOIZTcOAKanAHdWgAgyd4hld4s8bWi/VufcxbC1Y+cwh/YH3+AFD2knc=</latexit>

{`ij}

<latexit sha1_base64="IGbswmChEJecAWIFJbrMwy0TzHU=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0qMeiF48V7Ac2oWy2m3btZhN2N0II+RdePCji1X/jzX/jts1BWx8MPN6bYWaeH3OmtG1/W6WV1bX1jfJmZWt7Z3evun/QUVEiCW2TiEey52NFORO0rZnmtBdLikOf064/uZn63ScqFYvEvU5j6oV4JFjACNZGenCzdJCJx9zNB9WaXbdnQMvEKUgNCrQG1S93GJEkpEITjpXqO3asvQxLzQinecVNFI0xmeAR7RsqcEiVl80uztGJUYYoiKQpodFM/T2R4VCpNPRNZ4j1WC16U/E/r5/o4MrLmIgTTQWZLwoSjnSEpu+jIZOUaJ4agolk5lZExlhiok1IFROCs/jyMumc1Z2L+vldo9a8LuIowxEcwyk4cAlNuIUWtIGAgGd4hTdLWS/Wu/Uxby1Zxcwh/IH1+QMoaZE+</latexit>

{ynj}

Rec-sys

Research Question

Can we leverage recommendations to minimize the regret beyond O(
p
T ),

while still maintaining the O(
p
T ) guarantee regardless of their quality?

for t = 1, 2, . . . ,T do:

• A request qt 2 {0, 1}I⇥N arrives.

• Served according to xt ; a utility is gained ft(xt) =
P

n,i ,j wnijq
t
niz

t
nij .

• Predict next slot’s utility: c̃t+1 = wnij q̃t+1

• Compute xt+1
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Optimistic Learning via Recommendations

Edge Caching

User Locations:

<latexit sha1_base64="SgaWqwKXwW1Yr3xyGW7BYPfLf40=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyqqMegF/GUgHlAsoTZSScZMzu7zMwKYckXePGgiFc/yZt/4yTZgyYWNBRV3XR3BbHg2rjut5NbWV1b38hvFra2d3b3ivsHDR0limGdRSJSrYBqFFxi3XAjsBUrpGEgsBmMbqd+8wmV5pF8MOMY/ZAOJO9zRo2VavfdYsktuzOQZeJlpAQZqt3iV6cXsSREaZigWrc9NzZ+SpXhTOCk0Ek0xpSN6ADblkoaovbT2aETcmKVHulHypY0ZKb+nkhpqPU4DGxnSM1QL3pT8T+vnZj+tZ9yGScGJZsv6ieCmIhMvyY9rpAZMbaEMsXtrYQNqaLM2GwKNgRv8eVl0jgre5fl89pFqXKTxZGHIziGU/DgCipwB1WoAwOEZ3iFN+fReXHenY95a87JZg7hD5zPH6MdjNY=</latexit>

J
<latexit sha1_base64="E3Dd7EEE/tukiUzX7wafS3WOaK0=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRqEeiF4+QyCOBDZkdemFkdnYzM2tCCF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR3cxvPaHSPJYPZpygH9GB5CFn1FipXukVS27ZnYOsEi8jJchQ6xW/uv2YpRFKwwTVuuO5ifEnVBnOBE4L3VRjQtmIDrBjqaQRan8yP3RKzqzSJ2GsbElD5urviQmNtB5Hge2MqBnqZW8m/ud1UhPe+BMuk9SgZItFYSqIicnsa9LnCpkRY0soU9zeStiQKsqMzaZgQ/CWX14lzUrZuypf1C9L1dssjjycwCmcgwfXUIV7qEEDGCA8wyu8OY/Oi/PufCxac042cwx/4Hz+AH69jL4=</latexit>

2
<latexit sha1_base64="mINfg+aHheM79HZECEqXxvUGVvY=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KomKeix68diC/YA2lM120q7dbMLuRiihv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivVvV6p7FbcGcgy8XJShhy1Xumr249ZGqE0TFCtO56bGD+jynAmcFLsphoTykZ0gB1LJY1Q+9ns0Ak5tUqfhLGyJQ2Zqb8nMhppPY4C2xlRM9SL3lT8z+ukJrzxMy6T1KBk80VhKoiJyfRr0ucKmRFjSyhT3N5K2JAqyozNpmhD8BZfXibN84p3VbmoX5art3kcBTiGEzgDD66hCvdQgwYwQHiGV3hzHp0X5935mLeuOPnMEfyB8/kDfTmMvQ==</latexit>

1

<latexit sha1_base64="cvlIz4dpsaTj6mXpWu8st50fLyQ=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhbBRSlJFXUjFN3YXQX7gCaUyWTSDp1kwsxEKKFLN/6KGxeKuPUT3Pk3TtostPXAhcM593LvPV7MqFSW9W0UlpZXVteK66WNza3tHXN3ry15IjBpYc646HpIEkYj0lJUMdKNBUGhx0jHG91kfueBCEl5dK/GMXFDNIhoQDFSWuqbh06I1BAjBhtX0EntCqxVoMN8rmQFNpxJ3yxbVWsKuEjsnJRBjmbf/HJ8jpOQRAozJGXPtmLlpkgoihmZlJxEkhjhERqQnqYRCol00+kjE3isFR8GXOiKFJyqvydSFEo5Dj3dmZ0t571M/M/rJSq4dFMaxYkiEZ4tChIGFYdZKtCngmDFxpogLKi+FeIhEggrnV1Jh2DPv7xI2rWqfV49vTsr16/zOIrgAByBE2CDC1AHt6AJWgCDR/AMXsGb8WS8GO/Gx6y1YOQz++APjM8fXUCXpw==</latexit>

I = {1, 2, . . . , I}

Root Server
<latexit sha1_base64="TpN6sRMdEhkCqnjWyIQJr5WE10I=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KomKeix68diC/YA2lM120q7dbMLuRiihv8CLB0W8+pO8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivV3V6p7FbcGcgy8XJShhy1Xumr249ZGqE0TFCtO56bGD+jynAmcFLsphoTykZ0gB1LJY1Q+9ns0Ak5tUqfhLGyJQ2Zqb8nMhppPY4C2xlRM9SL3lT8z+ukJrzxMy6T1KBk80VhKoiJyfRr0ucKmRFjSyhT3N5K2JAqyozNpmhD8BZfXibN84p3VbmoX5art3kcBTiGEzgDD66hCvdQgwYwQHiGV3hzHp0X5935mLeuOPnMEfyB8/kDe7WMvA==</latexit>

0
<latexit sha1_base64="Ht4ZP4ETGCJJrfSd5rlFhMUv29k=">AAAB9HicbVDLSgNBEOyNrxhfUY9eBoPgKeyqqMegF48RzAOyS5iddJIxsw9nZgNh2e/w4kERr36MN//GSbIHTSxoKKq66e7yY8GVtu1vq7Cyura+UdwsbW3v7O6V9w+aKkokwwaLRCTbPlUoeIgNzbXAdiyRBr7Alj+6nfqtMUrFo/BBT2L0AjoIeZ8zqo3kuamLQnRT/pi5Wbdcsav2DGSZODmpQI56t/zl9iKWBBhqJqhSHceOtZdSqTkTmJXcRGFM2YgOsGNoSANUXjo7OiMnRumRfiRNhZrM1N8TKQ2UmgS+6QyoHqpFbyr+53US3b/2Uh7GicaQzRf1E0F0RKYJkB6XyLSYGEKZ5OZWwoZUUqZNTiUTgrP48jJpnlWdy+r5/UWldpPHUYQjOIZTcOAKanAHdWgAgyd4hld4s8bWi/VufcxbC1Y+cwh/YH3+AFD2knc=</latexit>

{`ij}

<latexit sha1_base64="IGbswmChEJecAWIFJbrMwy0TzHU=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0qMeiF48V7Ac2oWy2m3btZhN2N0II+RdePCji1X/jzX/jts1BWx8MPN6bYWaeH3OmtG1/W6WV1bX1jfJmZWt7Z3evun/QUVEiCW2TiEey52NFORO0rZnmtBdLikOf064/uZn63ScqFYvEvU5j6oV4JFjACNZGenCzdJCJx9zNB9WaXbdnQMvEKUgNCrQG1S93GJEkpEITjpXqO3asvQxLzQinecVNFI0xmeAR7RsqcEiVl80uztGJUYYoiKQpodFM/T2R4VCpNPRNZ4j1WC16U/E/r5/o4MrLmIgTTQWZLwoSjnSEpu+jIZOUaJ4agolk5lZExlhiok1IFROCs/jyMumc1Z2L+vldo9a8LuIowxEcwyk4cAlNuIUWtIGAgGd4hTdLWS/Wu/Uxby1Zxcwh/IH1+QMoaZE+</latexit>

{ynj}

Rec-sys

Research Question

Can we leverage recommendations to minimize the regret beyond O(
p
T ),

while still maintaining the O(
p
T ) guarantee regardless of their quality?

for t = 1, 2, . . . ,T do:

• A request qt 2 {0, 1}I⇥N arrives.

• Served according to xt ; a utility is gained ft(xt) =
P

n,i ,j wnijq
t
niz

t
nij .

• Predict next slot’s utility: c̃t+1 = wnij q̃t+1

• Compute xt+1
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Optimistic Learning via Recommendations

• Optimistic update2: xt+1 = argminx2X
�
� hc1:t + c̃t+1, xi+r1:t(x)

 

• Prediction adaptive regularizers:

ht = kct � c̃tk2, rt(x) ⇡
⇣p

h1:t �
p
h1:t�1

⌘
kx � xtk2

• Regret optimal refined guarantee:

Result 1

RT  DX

vuut
TX

t=1

kct � c̃tk ,DX =
p

2(1 + JC )

• Best case: RT  0

• Worst case: RT  O(
p
T )

• Plausible case: RT  O(constant)

2
M.Mohri et. al. ”Accelerating Online Convex Optimization via Adaptive Prediction“, AISTATS 2016.
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Simulations

• Scenario (a): Stationary zipf requests.

• Scenario (b): Actual YouTube request trace.

(b)(a)

27.4%

<5.5%

10.7%

Rt
t

(For OBC, )� = 0

• BHS: The benchmark policy, set with full future knowledge.

• OGD: The comparator, does not use predictions3.

• OBC: Optimitic (⇢ is the probability of following the recom.).

3
G. Paschos et. al. ,“Learning to Cache With No Regrets,” in IEEE Infocom, 2019.
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Optimistic Online Caching: Stable predictors

• Experts model. Objective: caching RT = RT of the best expert.

• Meta-policy: Convex combination via ut .

• Meta-learner: OGD on ut+1.

 

!!(#)	

!!(%)	

Prepare new weights for the next round 
#!&'	

$̃!	 	
Predictor 

Optimistic expert 
!!(#) = '()*'+)∈+	{$̃!,	!}	

Pessimistic expert 
!!(%) = 	'()*./)	{−$':!.'	, 	! + (/:!.'(!)}	

Caching system implements 
!! = #!(#)!!(#) + #!(%)!!(%)	

Meta-learner updates weights 
#!&' = 40(#! + 5!6!)	

1 

2 

3 

5 

Get experts’ performance 
6! = 78! 9!!(%): , 8!9!!(#):<	

4 

=1 is revealed	
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Result 2

RT =  R
(u)
T +min

n
R
(p)
T ,R(o)

T

o

| {z }
A?

.

• Worst case:RT  O(
p
T ) • Best case:RT < 0
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Optimistic Learning with Constraints

• Violation metric: VT =
hPT

t=1 gt(xt)
i

+
. Objective: VT = o(T )

• Lagrangian-type function Lt(x , �) = rt + ft(x) + �gt(x)� r
0
t(x)

• Descent ascent Steps

�t+1 = argmax��0

n
� r

0
0:t(�) + �

Pt
i=1 gi (xi )

o
,

xt+1 = argminx
n
r0:t(x) + h

Pt+1
i=1 �i si � c1:t � c̃t+1, xi

o
.

Result 3

For � = 1/2:

RT  O(
p
T )

VT  O(T
3
4 )
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Summary & Outlook

• Using recommendations in the framework of online caching to obtain
RT  0 and maintain RT  O(

p
T ).

• Caching (network) optimization:
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