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capacity 
(entries)

: buffer memory Mbuf
<latexit sha1_base64="/sgdbVzi2mQE5n3tgDUjn12fR+s=">AAAB8HicbVA9SwNBEJ2LXzF+RS1tFhPBKtzFQsugjY0QwXxIcoS9zV6yZHfv2N0TwpFfYWOhiK0/x85/415yhSY+GHi8N8PMvCDmTBvX/XYKa+sbm1vF7dLO7t7+QfnwqK2jRBHaIhGPVDfAmnImacsww2k3VhSLgNNOMLnJ/M4TVZpF8sFMY+oLPJIsZAQbKz1W7wZpkISz6qBccWvuHGiVeDmpQI7moPzVH0YkEVQawrHWPc+NjZ9iZRjhdFbqJ5rGmEzwiPYslVhQ7afzg2fozCpDFEbKljRorv6eSLHQeioC2ymwGetlLxP/83qJCa/8lMk4MVSSxaIw4chEKPseDZmixPCpJZgoZm9FZIwVJsZmVLIheMsvr5J2veZd1Or39UrjOo+jCCdwCufgwSU04Baa0AICAp7hFd4c5bw4787HorXg5DPH8AfO5w8u6Y//</latexit>

: size ratioT
<latexit sha1_base64="SLHnCyxAtuYZIE/CwqAS9gT2cZA=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fjw4rGFfkEbymY7adduNmF3I5TQX+DFgyJe/Une/Ddu2xy09cHA470ZZuYFieDauO63s7G5tb2zW9gr7h8cHh2XTk7bOk4VwxaLRay6AdUouMSW4UZgN1FIo0BgJ5jcz/3OEyrNY9k00wT9iI4kDzmjxkqN5qBUdivuAmSdeDkpQ476oPTVH8YsjVAaJqjWPc9NjJ9RZTgTOC v2U40JZRM6wp6lkkao/Wxx6IxcWmVIwljZkoYs1N8TGY20nkaB7YyoGetVby7+5/VSE975GZdJalCy5aIwFcTEZP41GXKFzIipJZQpbm8lbEwVZcZmU7QheKsvr5N2teJdV6qNm3KtlsdRgHO4gCvw4BZq8AB1aAEDhGd4hTfn0Xlx3p2PZeuGk8+cwR84nz+wXYza</latexit>

Mbuf
<latexit sha1_base64="mBPuu5QvR5ivuGZpXG25XXM2bME=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiFy9CBfsBbSib7aZdutmE3YlQQn+EFw+KePX3ePPfuG1z0NYHA4/3ZpiZFyRSGHTdb6ewtr6xuVXcLu3s7u0flA+PWiZONeNNFstYdwJquBSKN1Gg5J1EcxoFkreD8e3Mbz9xbUSsHnGScD+iQyVCwShaqX3fz4I0nPbLFbfqzkFWiZeTCuRo9MtfvUHM0ogrZJIa0/XcBP2MahRM8mmplxqeUDamQ961VNGIGz+bnzslZ1YZkDDWthSSufp7IqORMZMosJ0RxZFZ9mbif143xfDaz4RKUuSKLRaFqSQYk9nvZCA0ZygnllCmhb2VsBHVlKFNqGRD8JZfXiWtWtW7qNYeLiv1mzyOIpzAKZyDB1dQhztoQBMYjOEZXuHNSZwX5935WLQWnHzmGP7A+fwBdHePpQ==</latexit>

·<latexit sha1_base64="yfc6NYWr3Im+ZBK4Ggu2CK70rVE=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvNpl262YTdiVBKf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXZlIYdN1vZ219Y3Nru7RT3t3bPzisHB23TJprxn2WylR3Qmq4FIr7KFDyTqY5TULJ2+Hobua3n7g2IlWPOM54kNCBErFgFK3k91iUYr9SdWvuHGSVeAWpQoFmv/LVi1KWJ1whk9SYrudmGEyoRsEkn5Z7ueEZZSM64F1LFU24CSbzY6fk3CoRiVNtSyGZq78nJjQxZpyEtjOhODTL3kz8z+vmGN8EE6GyHLlii0VxLgmmZPY5iYTmDOXYEsq0sLcSNqSaMrT5lG0I3vLLq6RVr3mXtfrDVbVxW8RRglM4gwvw4BoacA9N8IGBgGd4hTdHOS/Ou/OxaF1zipkT+APn8wfaWI62</latexit>

P ·B · T
<latexit sha1_base64="AxMufVbj8t0P7+nmBmxaEneiaBs=">AAAB+HicbVDLSgMxFM34rPXRUZdugkVwVWaqoMuiG1dSoS9oh5LJZNrQTDIkd4Ra+iVuXCji1k9x59+YtrPQ1gOXezjnXnJzwlRwA5737aytb2xubRd2irt7+wcl9/CoZVSmKWtSJZTuhMQwwSVrAgfBOqlmJAkFa4ej25nffmTacCUbME5ZkJCB5DGnBKzUd0v1Ho0U4JtFa/Tdslfx5sCrxM9JGeWo992vXqRoljAJVBBjur6XQjAhGjgVbFrsZYalhI7IgHUtlSRhJpjMD5/iM6tEOFbalgQ8V39vTEhizDgJ7WRCYGiWvZn4n9fNIL4OJlymGTBJFw/FmcCg8CwFHHHNKIixJYRqbm/FdEg0oWCzKtoQ/OUvr5JWteJfVKoPl+XafR5HAZ2gU3SOfHSFaugO1VETUZShZ/SK3pwn58V5dz4Wo2tOvnOM/sD5/AG3tJKD</latexit>

Mbuf
<latexit sha1_base64="mBPuu5QvR5ivuGZpXG25XXM2bME=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiFy9CBfsBbSib7aZdutmE3YlQQn+EFw+KePX3ePPfuG1z0NYHA4/3ZpiZFyRSGHTdb6ewtr6xuVXcLu3s7u0flA+PWiZONeNNFstYdwJquBSKN1Gg5J1EcxoFkreD8e3Mbz9xbUSsHnGScD+iQyVCwShaqX3fz4I0nPbLFbfqzkFWiZeTCuRo9MtfvUHM0ogrZJIa0/XcBP2MahRM8mmplxqeUDamQ961VNGIGz+bnzslZ1YZkDDWthSSufp7IqORMZMosJ0RxZFZ9mbif143xfDaz4RKUuSKLRaFqSQYk9nvZCA0ZygnllCmhb2VsBHVlKFNqGRD8JZfXiWtWtW7qNYeLiv1mzyOIpzAKZyDB1dQhztoQBMYjOEZXuHNSZwX5935WLQWnHzmGP7A+fwBdHePpQ==</latexit>

P ·B · T 2
<latexit sha1_base64="AYbL/UclSUQLfF0kTPgG8k7scAk=">AAAB+nicbVDLSsNAFL3xWesr1aWbwSK4KkkVdFl040oq9AVtLJPJpB06yYSZiVJiP8WNC0Xc+iXu/BunbRbaeuByD+fcy9w5fsKZ0o7zba2srq1vbBa2its7u3v7dumgpUQqCW0SwYXs+FhRzmLa1Exz2kkkxZHPadsfXU/99gOViom4occJ9SI8iFnICNZG6tuleo8EQqOreWvcV/t22ak4M6Bl4uakDDnqffurFwiSRjTWhGOluq6TaC/DUjPC6aTYSxVNMBnhAe0aGuOIKi+bnT5BJ0YJUCikqVijmfp7I8ORUuPIN5MR1kO16E3F/7xuqsNLL2Nxkmoak/lDYcqRFmiaAwqYpETzsSGYSGZuRWSIJSbapFU0IbiLX14mrWrFPatU787Ltds8jgIcwTGcggsXUIMbqEMTCDzCM7zCm/VkvVjv1sd8dMXKdw7hD6zPH+cFkyc=</latexit>

Mbuf
<latexit sha1_base64="mBPuu5QvR5ivuGZpXG25XXM2bME=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiFy9CBfsBbSib7aZdutmE3YlQQn+EFw+KePX3ePPfuG1z0NYHA4/3ZpiZFyRSGHTdb6ewtr6xuVXcLu3s7u0flA+PWiZONeNNFstYdwJquBSKN1Gg5J1EcxoFkreD8e3Mbz9xbUSsHnGScD+iQyVCwShaqX3fz4I0nPbLFbfqzkFWiZeTCuRo9MtfvUHM0ogrZJIa0/XcBP2MahRM8mmplxqeUDamQ961VNGIGz+bnzslZ1YZkDDWthSSufp7IqORMZMosJ0RxZFZ9mbif143xfDaz4RKUuSKLRaFqSQYk9nvZCA0ZygnllCmhb2VsBHVlKFNqGRD8JZfXiWtWtW7qNYeLiv1mzyOIpzAKZyDB1dQhztoQBMYjOEZXuHNSZwX5935WLQWnHzmGP7A+fwBdHePpQ==</latexit>

P ·B · T 3
<latexit sha1_base64="XTU6RK6b8Yn/+AArt5KmOqkKVU0=">AAAB+nicbVDLTgIxFL2DL8TXoEs3jcTEFZkBE10S3bgymPBKYCSdTgcaOp1J29EQ5FPcuNAYt36JO//GArNQ8CQ39+Sce9Pb4yecKe0431ZubX1jcyu/XdjZ3ds/sIuHLRWnktAmiXksOz5WlDNBm5ppTjuJpDjyOW37o+uZ336gUrFYNPQ4oV6EB4KFjGBtpL5drPdIEGt0tWiN+2rfLjllZw60StyMlCBDvW9/9YKYpBEVmnCsVNd1Eu1NsNSMcDot9FJFE0xGeEC7hgocUeVN5qdP0alRAhTG0pTQaK7+3pjgSKlx5JvJCOuhWvZm4n9eN9XhpTdhIkk1FWTxUJhypGM0ywEFTFKi+dgQTCQztyIyxBITbdIqmBDc5S+vklal7FbLlbvzUu02iyMPx3ACZ+DCBdTgBurQBAKP8Ayv8GY9WS/Wu/WxGM1Z2c4R/IH1+QPoiZMo</latexit>

Mbuf
<latexit sha1_base64="mBPuu5QvR5ivuGZpXG25XXM2bME=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiFy9CBfsBbSib7aZdutmE3YlQQn+EFw+KePX3ePPfuG1z0NYHA4/3ZpiZFyRSGHTdb6ewtr6xuVXcLu3s7u0flA+PWiZONeNNFstYdwJquBSKN1Gg5J1EcxoFkreD8e3Mbz9xbUSsHnGScD+iQyVCwShaqX3fz4I0nPbLFbfqzkFWiZeTCuRo9MtfvUHM0ogrZJIa0/XcBP2MahRM8mmplxqeUDamQ961VNGIGz+bnzslZ1YZkDDWthSSufp7IqORMZMosJ0RxZFZ9mbif143xfDaz4RKUuSKLRaFqSQYk9nvZCA0ZygnllCmhb2VsBHVlKFNqGRD8JZfXiWtWtW7qNYeLiv1mzyOIpzAKZyDB1dQhztoQBMYjOEZXuHNSZwX5935WLQWnHzmGP7A+fwBdHePpQ==</latexit>

P ·B · T 4
<latexit sha1_base64="QRCrRsNcUfqZGVndC3b7pz0e24s=">AAAB+nicbVDLTgIxFL2DL8TXoEs3jcTEFZlBEl0S3bgymPBKYCSdTgcaOp1J29EQ5FPcuNAYt36JO//GArNQ8CQ39+Sce9Pb4yecKe0431ZubX1jcyu/XdjZ3ds/sIuHLRWnktAmiXksOz5WlDNBm5ppTjuJpDjyOW37o+uZ336gUrFYNPQ4oV6EB4KFjGBtpL5drPdIEGt0tWiN+2rfLjllZw60StyMlCBDvW9/9YKYpBEVmnCsVNd1Eu1NsNSMcDot9FJFE0xGeEC7hgocUeVN5qdP0alRAhTG0pTQaK7+3pjgSKlx5JvJCOuhWvZm4n9eN9XhpTdhIkk1FWTxUJhypGM0ywEFTFKi+dgQTCQztyIyxBITbdIqmBDc5S+vklal7J6XK3fVUu02iyMPx3ACZ+DCBdTgBurQBAKP8Ayv8GY9WS/Wu/WxGM1Z2c4R/IH1+QPqDZMp</latexit>

Mbuf
<latexit sha1_base64="mBPuu5QvR5ivuGZpXG25XXM2bME=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiFy9CBfsBbSib7aZdutmE3YlQQn+EFw+KePX3ePPfuG1z0NYHA4/3ZpiZFyRSGHTdb6ewtr6xuVXcLu3s7u0flA+PWiZONeNNFstYdwJquBSKN1Gg5J1EcxoFkreD8e3Mbz9xbUSsHnGScD+iQyVCwShaqX3fz4I0nPbLFbfqzkFWiZeTCuRo9MtfvUHM0ogrZJIa0/XcBP2MahRM8mmplxqeUDamQ961VNGIGz+bnzslZ1YZkDDWthSSufp7IqORMZMosJ0RxZFZ9mbif143xfDaz4RKUuSKLRaFqSQYk9nvZCA0ZygnllCmhb2VsBHVlKFNqGRD8JZfXiWtWtW7qNYeLiv1mzyOIpzAKZyDB1dQhztoQBMYjOEZXuHNSZwX5935WLQWnHzmGP7A+fwBdHePpQ==</latexit>

How about queries?
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Cost analysis
w/o F&I:

: pages in bufferP
<latexit sha1_base64="kXJOtC0Q+7S8drNnPDQp6Ty5n8I=">AAAB6HicbVDLSgMxFL1TX7W+qi7dBIvgqszUgi4Lbly2YB/QDpJJ77SxmcyQZIQy9AvcuFDErZ/kzr8xbWehrQcCh3POJfeeIBFcG9f9dgobm1vbO8Xd0t7+weFR+fiko+NUMWyzWMSqF1CNgktsG24E9hKFNAoEdoPJ7dzvPqHSPJb3ZpqgH9GR5CFn1Fip1XwoV9yquwBZJ15OKpDD5r8Gw5ilEUrDBNW677mJ8TOqDGcCZ6 VBqjGhbEJH2LdU0gi1ny0WnZELqwxJGCv7pCEL9fdERiOtp1FgkxE1Y73qzcX/vH5qwhs/4zJJDUq2/ChMBTExmV9NhlwhM2JqCWWK210JG1NFmbHdlGwJ3urJ66RTq3pX1VqrXmk08jqKcAbncAkeXEMD7qAJbWCA8Ayv8OY8Oi/Ou/OxjBacfOYU/sD5/AGqTYzW</latexit>

: entries/pageB
<latexit sha1_base64="mxAirIotijmauiCEBBqGklzDcEk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5k2/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ez gt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+xmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+Sdq3qXVRrzctKvZ7HUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8flRWMyA==</latexit>

: #levels L
<latexit sha1_base64="b4yaNqEsiUf6kUcRaHNyy4jRZ4A=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe6ioGXAxsIiARMDyRH2NnPJmr29Y3dPCEd+gY2FIrb+JDv/jZvkCk18MPB4b4aZeUEiuDau++0U1tY3NreK26Wd3b39g/LhUVvHqWLYYrGIVSegGgWX2DLcCOwkCmkUCHwIxjcz/+EJleaxvDeTBP2IDiUPOaPGSs27frniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcC ZwWuqlGhPKxnSIXUsljVD72fzQKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7Gsy4AqZERNLKFPc3krYiCrKjM2mZEPwll9eJe1a1buo1pqXlXo9j6MIJ3AK5+DBFdThFhrQAgYIz/AKb86j8+K8Ox+L1oKTzxzDHzifP6Q9jNI=</latexit>

: size ratioT
<latexit sha1_base64="SLHnCyxAtuYZIE/CwqAS9gT2cZA=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fjw4rGFfkEbymY7adduNmF3I5TQX+DFgyJe/Une/Ddu2xy09cHA470ZZuYFieDauO63s7G5tb2zW9gr7h8cHh2XTk7bOk4VwxaLRay6AdUouMSW4UZgN1FIo0BgJ5jcz/3OEyrNY9k00wT9iI4kDzmjxkqN5qBUdivuAmSdeDkpQ476oPTVH8YsjVAaJqjWPc9NjJ9RZTgTOC v2U40JZRM6wp6lkkao/Wxx6IxcWmVIwljZkoYs1N8TGY20nkaB7YyoGetVby7+5/VSE975GZdJalCy5aIwFcTEZP41GXKFzIipJZQpbm8lbEwVZcZmU7QheKsvr5N2teJdV6qNm3KtlsdRgHO4gCvw4BZq8AB1aAEDhGd4hTfn0Xlx3p2PZeuGk8+cwR84nz+wXYza</latexit>

: #entriesN
<latexit sha1_base64="TAIL0DmqaJ4hbEEdPJVrqUCa7ZI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeCF0/Sgq2FNpTNdtKu3WzC7kYoob/AiwdFvPqTvPlv3LY5aOuDgcd7M8zMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4EMwvpn5D0+oNI/lvZkk6Ed0KHnIGTVWat71yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4 HTUi/VmFA2pkPsWipphNrP5odOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhtZ9xmaQGJVssClNBTExmX5MBV8iMmFhCmeL2VsJGVFFmbDYlG4K3/PIqadeq3kW11rys1Ot5HEU4gVM4Bw+uoA630IAWMEB4hld4cx6dF+fd+Vi0Fpx85hj+wPn8AadFjNQ=</latexit>

L4 

O(log2N · logTN)
<latexit sha1_base64="TQMVrS5heFV5zpIb3LV70tNIvC8=">AAACDHicbVDLSgMxFM34rPVVdekmWIS6KTNV0GXRjataoS/oDCWTybShmWRIMkIZ+gFu/BU3LhRx6we482/MtLPQ1gOBk3Pu5d57/JhRpW3721pZXVvf2CxsFbd3dvf2SweHHSUSiUkbCyZkz0eKMMpJW1PNSC+WBEU+I11/fJP53QciFRW8pScx8SI05DSkGGkjDUplN0J6hBFL76awwsRwUIMN6OJAaJj9WrBxZqrsqj0DXCZOTsogR3NQ+nIDgZOIcI0ZUqrv2LH2UiQ1xYxMi26iSIzwGA1J31COIqK8dHbMFJ4aJYChkOZxDWfq744URUpNIt9UZqurRS8T//P6iQ6vvJTyONGE4/mgMGFQC5glAwMqCdZsYgjCkppdIR4hibA2+RVNCM7iycukU6s659Xa/UW5fp3HUQDH4ARUgAMuQR3cgiZoAwwewTN4BW/Wk/VivVsf89IVK+85An9gff4AYGuZ5Q==</latexit>
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Cost analysis
w/o F&I:

w/ index:

: pages in bufferP
<latexit sha1_base64="kXJOtC0Q+7S8drNnPDQp6Ty5n8I=">AAAB6HicbVDLSgMxFL1TX7W+qi7dBIvgqszUgi4Lbly2YB/QDpJJ77SxmcyQZIQy9AvcuFDErZ/kzr8xbWehrQcCh3POJfeeIBFcG9f9dgobm1vbO8Xd0t7+weFR+fiko+NUMWyzWMSqF1CNgktsG24E9hKFNAoEdoPJ7dzvPqHSPJb3ZpqgH9GR5CFn1Fip1XwoV9yquwBZJ15OKpDD5r8Gw5ilEUrDBNW677mJ8TOqDGcCZ6 VBqjGhbEJH2LdU0gi1ny0WnZELqwxJGCv7pCEL9fdERiOtp1FgkxE1Y73qzcX/vH5qwhs/4zJJDUq2/ChMBTExmV9NhlwhM2JqCWWK210JG1NFmbHdlGwJ3urJ66RTq3pX1VqrXmk08jqKcAbncAkeXEMD7qAJbWCA8Ayv8OY8Oi/Ou/OxjBacfOYU/sD5/AGqTYzW</latexit>

: entries/pageB
<latexit sha1_base64="mxAirIotijmauiCEBBqGklzDcEk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5k2/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ez gt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+xmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+Sdq3qXVRrzctKvZ7HUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8flRWMyA==</latexit>

: #levels L
<latexit sha1_base64="b4yaNqEsiUf6kUcRaHNyy4jRZ4A=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe6ioGXAxsIiARMDyRH2NnPJmr29Y3dPCEd+gY2FIrb+JDv/jZvkCk18MPB4b4aZeUEiuDau++0U1tY3NreK26Wd3b39g/LhUVvHqWLYYrGIVSegGgWX2DLcCOwkCmkUCHwIxjcz/+EJleaxvDeTBP2IDiUPOaPGSs27frniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcC ZwWuqlGhPKxnSIXUsljVD72fzQKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7Gsy4AqZERNLKFPc3krYiCrKjM2mZEPwll9eJe1a1buo1pqXlXo9j6MIJ3AK5+DBFdThFhrQAgYIz/AKb86j8+K8Ox+L1oKTzxzDHzifP6Q9jNI=</latexit>

: size ratioT
<latexit sha1_base64="SLHnCyxAtuYZIE/CwqAS9gT2cZA=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fjw4rGFfkEbymY7adduNmF3I5TQX+DFgyJe/Une/Ddu2xy09cHA470ZZuYFieDauO63s7G5tb2zW9gr7h8cHh2XTk7bOk4VwxaLRay6AdUouMSW4UZgN1FIo0BgJ5jcz/3OEyrNY9k00wT9iI4kDzmjxkqN5qBUdivuAmSdeDkpQ476oPTVH8YsjVAaJqjWPc9NjJ9RZTgTOC v2U40JZRM6wp6lkkao/Wxx6IxcWmVIwljZkoYs1N8TGY20nkaB7YyoGetVby7+5/VSE975GZdJalCy5aIwFcTEZP41GXKFzIipJZQpbm8lbEwVZcZmU7QheKsvr5N2teJdV6qNm3KtlsdRgHO4gCvw4BZq8AB1aAEDhGd4hTfn0Xlx3p2PZeuGk8+cwR84nz+wXYza</latexit>

: #entriesN
<latexit sha1_base64="TAIL0DmqaJ4hbEEdPJVrqUCa7ZI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeCF0/Sgq2FNpTNdtKu3WzC7kYoob/AiwdFvPqTvPlv3LY5aOuDgcd7M8zMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4EMwvpn5D0+oNI/lvZkk6Ed0KHnIGTVWat71yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4 HTUi/VmFA2pkPsWipphNrP5odOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhtZ9xmaQGJVssClNBTExmX5MBV8iMmFhCmeL2VsJGVFFmbDYlG4K3/PIqadeq3kW11rys1Ot5HEU4gVM4Bw+uoA630IAWMEB4hld4cx6dF+fd+Vi0Fpx85hj+wPn8AadFjNQ=</latexit>

O(log2N · logTN)
<latexit sha1_base64="TQMVrS5heFV5zpIb3LV70tNIvC8=">AAACDHicbVDLSgMxFM34rPVVdekmWIS6KTNV0GXRjataoS/oDCWTybShmWRIMkIZ+gFu/BU3LhRx6we482/MtLPQ1gOBk3Pu5d57/JhRpW3721pZXVvf2CxsFbd3dvf2SweHHSUSiUkbCyZkz0eKMMpJW1PNSC+WBEU+I11/fJP53QciFRW8pScx8SI05DSkGGkjDUplN0J6hBFL76awwsRwUIMN6OJAaJj9WrBxZqrsqj0DXCZOTsogR3NQ+nIDgZOIcI0ZUqrv2LH2UiQ1xYxMi26iSIzwGA1J31COIqK8dHbMFJ4aJYChkOZxDWfq744URUpNIt9UZqurRS8T//P6iQ6vvJTyONGE4/mgMGFQC5glAwMqCdZsYgjCkppdIR4hibA2+RVNCM7iycukU6s659Xa/UW5fp3HUQDH4ARUgAMuQR3cgiZoAwwewTN4BW/Wk/VivVsf89IVK+85An9gff4AYGuZ5Q==</latexit>

O(logTN)
<latexit sha1_base64="dZUpnK7gC0i4USSnc0sZqAxX/I0=">AAAB/nicbVDLSgMxFM3UV62vUXHlJliEuikzVdBl0Y0rrdAXtMOQSTNtaCYZkoxQhoK/4saFIm79Dnf+jZl2Ftp6IHA4517uyQliRpV2nG+rsLK6tr5R3Cxtbe/s7tn7B20lEolJCwsmZDdAijDKSUtTzUg3lgRFASOdYHyT+Z1HIhUVvKknMfEiNOQ0pBhpI/n2UT9CeoQRS++nsMLE0G/CuzPfLjtVZwa4TNyclEGOhm9/9QcCJxHhGjOkVM91Yu2lSGqKGZmW+okiMcJjNCQ9QzmKiPLSWfwpPDXKAIZCmsc1nKm/N1IUKTWJAjOZhVWLXib+5/USHV55KeVxognH80NhwqAWMOsCDqgkWLOJIQhLarJCPEISYW0aK5kS3MUvL5N2reqeV2sPF+X6dV5HERyDE1ABLrgEdXALGqAFMEjBM3gFb9aT9WK9Wx/z0YKV7xyCP7A+fwD03pTS</latexit>

Can we do better?
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Cost analysis

filters  

w F&I:

: pages in bufferP
<latexit sha1_base64="kXJOtC0Q+7S8drNnPDQp6Ty5n8I=">AAAB6HicbVDLSgMxFL1TX7W+qi7dBIvgqszUgi4Lbly2YB/QDpJJ77SxmcyQZIQy9AvcuFDErZ/kzr8xbWehrQcCh3POJfeeIBFcG9f9dgobm1vbO8Xd0t7+weFR+fiko+NUMWyzWMSqF1CNgktsG24E9hKFNAoEdoPJ7dzvPqHSPJb3ZpqgH9GR5CFn1Fip1XwoV9yquwBZJ15OKpDD5r8Gw5ilEUrDBNW677mJ8TOqDGcCZ6 VBqjGhbEJH2LdU0gi1ny0WnZELqwxJGCv7pCEL9fdERiOtp1FgkxE1Y73qzcX/vH5qwhs/4zJJDUq2/ChMBTExmV9NhlwhM2JqCWWK210JG1NFmbHdlGwJ3urJ66RTq3pX1VqrXmk08jqKcAbncAkeXEMD7qAJbWCA8Ayv8OY8Oi/Ou/OxjBacfOYU/sD5/AGqTYzW</latexit>

: entries/pageB
<latexit sha1_base64="mxAirIotijmauiCEBBqGklzDcEk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5k2/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ez gt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+xmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+Sdq3qXVRrzctKvZ7HUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8flRWMyA==</latexit>

: #levels L
<latexit sha1_base64="b4yaNqEsiUf6kUcRaHNyy4jRZ4A=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe6ioGXAxsIiARMDyRH2NnPJmr29Y3dPCEd+gY2FIrb+JDv/jZvkCk18MPB4b4aZeUEiuDau++0U1tY3NreK26Wd3b39g/LhUVvHqWLYYrGIVSegGgWX2DLcCOwkCmkUCHwIxjcz/+EJleaxvDeTBP2IDiUPOaPGSs27frniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcC ZwWuqlGhPKxnSIXUsljVD72fzQKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7Gsy4AqZERNLKFPc3krYiCrKjM2mZEPwll9eJe1a1buo1pqXlXo9j6MIJ3AK5+DBFdThFhrQAgYIz/AKb86j8+K8Ox+L1oKTzxzDHzifP6Q9jNI=</latexit>

: size ratioT
<latexit sha1_base64="SLHnCyxAtuYZIE/CwqAS9gT2cZA=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fjw4rGFfkEbymY7adduNmF3I5TQX+DFgyJe/Une/Ddu2xy09cHA470ZZuYFieDauO63s7G5tb2zW9gr7h8cHh2XTk7bOk4VwxaLRay6AdUouMSW4UZgN1FIo0BgJ5jcz/3OEyrNY9k00wT9iI4kDzmjxkqN5qBUdivuAmSdeDkpQ476oPTVH8YsjVAaJqjWPc9NjJ9RZTgTOC v2U40JZRM6wp6lkkao/Wxx6IxcWmVIwljZkoYs1N8TGY20nkaB7YyoGetVby7+5/VSE975GZdJalCy5aIwFcTEZP41GXKFzIipJZQpbm8lbEwVZcZmU7QheKsvr5N2teJdV6qNm3KtlsdRgHO4gCvw4BZq8AB1aAEDhGd4hTfn0Xlx3p2PZeuGk8+cwR84nz+wXYza</latexit>

: #entriesN
<latexit sha1_base64="TAIL0DmqaJ4hbEEdPJVrqUCa7ZI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeCF0/Sgq2FNpTNdtKu3WzC7kYoob/AiwdFvPqTvPlv3LY5aOuDgcd7M8zMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4EMwvpn5D0+oNI/lvZkk6Ed0KHnIGTVWat71yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4 HTUi/VmFA2pkPsWipphNrP5odOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhtZ9xmaQGJVssClNBTExmX5MBV8iMmFhCmeL2VsJGVFFmbDYlG4K3/PIqadeq3kW11rys1Ot5HEU4gVM4Bw+uoA630IAWMEB4hld4cx6dF+fd+Vi0Fpx85hj+wPn8AadFjNQ=</latexit>

: FPR of BF�
<latexit sha1_base64="vfnJsCKOhrAAHGhTD6JQR1zPmBI=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeAF48V7Ae0oWy2m2bp7ibsboQS+he8eFDEq3/Im//GTZuDtj4YeLw3w8y8MOVMG9f9diobm1vbO9Xd2t7+weFR/fikq5NMEdohCU9UP8SaciZpxzDDaT9VFIuQ0144vSv83hNVmiXy0cxSGgg8kSxiBJtCGqYxG9UbbtNdAK0TryQNKNEe1b+G44RkgkpDONZ64LmpCXKsDC OczmvDTNMUkyme0IGlEguqg3xx6xxdWGWMokTZkgYt1N8TORZaz0RoOwU2sV71CvE/b5CZ6DbImUwzQyVZLooyjkyCisfRmClKDJ9Zgoli9lZEYqwwMTaemg3BW315nXRbTe+q2Xq4bvh+GUcVzuAcLsGDG/DhHtrQAQIxPMMrvDnCeXHenY9la8UpZ07hD5zPHxQ8jkE=</latexit>

w/o F&I:

How to manage memory?

O(log2N · logTN)
<latexit sha1_base64="TQMVrS5heFV5zpIb3LV70tNIvC8=">AAACDHicbVDLSgMxFM34rPVVdekmWIS6KTNV0GXRjataoS/oDCWTybShmWRIMkIZ+gFu/BU3LhRx6we482/MtLPQ1gOBk3Pu5d57/JhRpW3721pZXVvf2CxsFbd3dvf2SweHHSUSiUkbCyZkz0eKMMpJW1PNSC+WBEU+I11/fJP53QciFRW8pScx8SI05DSkGGkjDUplN0J6hBFL76awwsRwUIMN6OJAaJj9WrBxZqrsqj0DXCZOTsogR3NQ+nIDgZOIcI0ZUqrv2LH2UiQ1xYxMi26iSIzwGA1J31COIqK8dHbMFJ4aJYChkOZxDWfq744URUpNIt9UZqurRS8T//P6iQ6vvJTyONGE4/mgMGFQC5glAwMqCdZsYgjCkppdIR4hibA2+RVNCM7iycukU6s659Xa/UW5fp3HUQDH4ARUgAMuQR3cgiZoAwwewTN4BW/Wk/VivVsf89IVK+85An9gff4AYGuZ5Q==</latexit>

w/ index:O(logTN)
<latexit sha1_base64="dZUpnK7gC0i4USSnc0sZqAxX/I0=">AAAB/nicbVDLSgMxFM3UV62vUXHlJliEuikzVdBl0Y0rrdAXtMOQSTNtaCYZkoxQhoK/4saFIm79Dnf+jZl2Ftp6IHA4517uyQliRpV2nG+rsLK6tr5R3Cxtbe/s7tn7B20lEolJCwsmZDdAijDKSUtTzUg3lgRFASOdYHyT+Z1HIhUVvKknMfEiNOQ0pBhpI/n2UT9CeoQRS++nsMLE0G/CuzPfLjtVZwa4TNyclEGOhm9/9QcCJxHhGjOkVM91Yu2lSGqKGZmW+okiMcJjNCQ9QzmKiPLSWfwpPDXKAIZCmsc1nKm/N1IUKTWJAjOZhVWLXib+5/USHV55KeVxognH80NhwqAWMOsCDqgkWLOJIQhLarJCPEISYW0aK5kS3MUvL5N2reqeV2sPF+X6dV5HERyDE1ABLrgEdXALGqAFMEjBM3gFb9aT9WK9Wx/z0YKV7xyCP7A+fwD03pTS</latexit>

O(� · logTN)
<latexit sha1_base64="pb3b107VsdOAJ0key9YMBN4v3nw=">AAACCXicbVDLSsNAFJ3UV62vqEs3g0Wom5JUQZdFN660Ql/QhDCZTNqhk0yYmQgldOvGX3HjQhG3/oE7/8ZJm4W2HrhwOOde7r3HTxiVyrK+jdLK6tr6RnmzsrW9s7tn7h90JU8FJh3MGRd9H0nCaEw6iipG+okgKPIZ6fnj69zvPRAhKY/bapIQN0LDmIYUI6Ulz4ROhNQII5bdTWHNSUYUOjjgCjI+9Nrw9tQzq1bdmgEuE7sgVVCg5ZlfTsBxGpFYYYakHNhWotwMCUUxI9OKk0qSIDxGQzLQNEYRkW42+2QKT7QSwJALXbGCM/X3RIYiKSeRrzvzu+Wil4v/eYNUhZduRuMkVSTG80VhyqDiMI8FBlQQrNhEE4QF1bdCPEICYaXDq+gQ7MWXl0m3UbfP6o3782rzqoijDI7AMagBG1yAJrgBLdABGDyCZ/AK3own48V4Nz7mrSWjmDkEf2B8/gDadZkj</latexit>
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What about range queries?
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Range Queries: pages in bufferP
<latexit sha1_base64="kXJOtC0Q+7S8drNnPDQp6Ty5n8I=">AAAB6HicbVDLSgMxFL1TX7W+qi7dBIvgqszUgi4Lbly2YB/QDpJJ77SxmcyQZIQy9AvcuFDErZ/kzr8xbWehrQcCh3POJfeeIBFcG9f9dgobm1vbO8Xd0t7+weFR+fiko+NUMWyzWMSqF1CNgktsG24E9hKFNAoEdoPJ7dzvPqHSPJb3ZpqgH9GR5CFn1Fip1XwoV9yquwBZJ15OKpDD5r8Gw5ilEUrDBNW677mJ8TOqDGcCZ6 VBqjGhbEJH2LdU0gi1ny0WnZELqwxJGCv7pCEL9fdERiOtp1FgkxE1Y73qzcX/vH5qwhs/4zJJDUq2/ChMBTExmV9NhlwhM2JqCWWK210JG1NFmbHdlGwJ3urJ66RTq3pX1VqrXmk08jqKcAbncAkeXEMD7qAJbWCA8Ayv8OY8Oi/Ou/OxjBacfOYU/sD5/AGqTYzW</latexit>

: entries/pageB
<latexit sha1_base64="mxAirIotijmauiCEBBqGklzDcEk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5k2/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ez gt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+xmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+Sdq3qXVRrzctKvZ7HUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8flRWMyA==</latexit>

: #levels L
<latexit sha1_base64="b4yaNqEsiUf6kUcRaHNyy4jRZ4A=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe6ioGXAxsIiARMDyRH2NnPJmr29Y3dPCEd+gY2FIrb+JDv/jZvkCk18MPB4b4aZeUEiuDau++0U1tY3NreK26Wd3b39g/LhUVvHqWLYYrGIVSegGgWX2DLcCOwkCmkUCHwIxjcz/+EJleaxvDeTBP2IDiUPOaPGSs27frniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcC ZwWuqlGhPKxnSIXUsljVD72fzQKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7Gsy4AqZERNLKFPc3krYiCrKjM2mZEPwll9eJe1a1buo1pqXlXo9j6MIJ3AK5+DBFdThFhrQAgYIz/AKb86j8+K8Ox+L1oKTzxzDHzifP6Q9jNI=</latexit>

: size ratioT
<latexit sha1_base64="SLHnCyxAtuYZIE/CwqAS9gT2cZA=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fjw4rGFfkEbymY7adduNmF3I5TQX+DFgyJe/Une/Ddu2xy09cHA470ZZuYFieDauO63s7G5tb2zW9gr7h8cHh2XTk7bOk4VwxaLRay6AdUouMSW4UZgN1FIo0BgJ5jcz/3OEyrNY9k00wT9iI4kDzmjxkqN5qBUdivuAmSdeDkpQ476oPTVH8YsjVAaJqjWPc9NjJ9RZTgTOC v2U40JZRM6wp6lkkao/Wxx6IxcWmVIwljZkoYs1N8TGY20nkaB7YyoGetVby7+5/VSE975GZdJalCy5aIwFcTEZP41GXKFzIipJZQpbm8lbEwVZcZmU7QheKsvr5N2teJdV6qNm3KtlsdRgHO4gCvw4BZq8AB1aAEDhGd4hTfn0Xlx3p2PZeuGk8+cwR84nz+wXYza</latexit>

: #entriesN
<latexit sha1_base64="TAIL0DmqaJ4hbEEdPJVrqUCa7ZI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeCF0/Sgq2FNpTNdtKu3WzC7kYoob/AiwdFvPqTvPlv3LY5aOuDgcd7M8zMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4EMwvpn5D0+oNI/lvZkk6Ed0KHnIGTVWat71yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4 HTUi/VmFA2pkPsWipphNrP5odOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhtZ9xmaQGJVssClNBTExmX5MBV8iMmFhCmeL2VsJGVFFmbDYlG4K3/PIqadeq3kW11rys1Ot5HEU4gVM4Bw+uoA630IAWMEB4hld4cx6dF+fd+Vi0Fpx85hj+wPn8AadFjNQ=</latexit>

: FPR of BF�
<latexit sha1_base64="vfnJsCKOhrAAHGhTD6JQR1zPmBI=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeAF48V7Ae0oWy2m2bp7ibsboQS+he8eFDEq3/Im//GTZuDtj4YeLw3w8y8MOVMG9f9diobm1vbO9Xd2t7+weFR/fikq5NMEdohCU9UP8SaciZpxzDDaT9VFIuQ0144vSv83hNVmiXy0cxSGgg8kSxiBJtCGqYxG9UbbtNdAK0TryQNKNEe1b+G44RkgkpDONZ64LmpCXKsDC OczmvDTNMUkyme0IGlEguqg3xx6xxdWGWMokTZkgYt1N8TORZaz0RoOwU2sV71CvE/b5CZ6DbImUwzQyVZLooyjkyCisfRmClKDJ9Zgoli9lZEYqwwMTaemg3BW315nXRbTe+q2Xq4bvh+GUcVzuAcLsGDG/DhHtrQAQIxPMMrvDnCeXHenY9la8UpZ07hD5zPHxQ8jkE=</latexit>

: selectivity LRQs
<latexit sha1_base64="mf4r/MO2VBI/Mmnsmogu59OR3vY=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeCF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipqQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDWz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20a1XvqlprXlfq9TyOIpzBOVyCBzdQh3toQAsYIDzDK7w5j86L8+58LFsLTj5zCn/gfP4A31mM+Q==</latexit>
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Range Queries: pages in bufferP
<latexit sha1_base64="kXJOtC0Q+7S8drNnPDQp6Ty5n8I=">AAAB6HicbVDLSgMxFL1TX7W+qi7dBIvgqszUgi4Lbly2YB/QDpJJ77SxmcyQZIQy9AvcuFDErZ/kzr8xbWehrQcCh3POJfeeIBFcG9f9dgobm1vbO8Xd0t7+weFR+fiko+NUMWyzWMSqF1CNgktsG24E9hKFNAoEdoPJ7dzvPqHSPJb3ZpqgH9GR5CFn1Fip1XwoV9yquwBZJ15OKpDD5r8Gw5ilEUrDBNW677mJ8TOqDGcCZ6 VBqjGhbEJH2LdU0gi1ny0WnZELqwxJGCv7pCEL9fdERiOtp1FgkxE1Y73qzcX/vH5qwhs/4zJJDUq2/ChMBTExmV9NhlwhM2JqCWWK210JG1NFmbHdlGwJ3urJ66RTq3pX1VqrXmk08jqKcAbncAkeXEMD7qAJbWCA8Ayv8OY8Oi/Ou/OxjBacfOYU/sD5/AGqTYzW</latexit>

: entries/pageB
<latexit sha1_base64="mxAirIotijmauiCEBBqGklzDcEk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5k2/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ez gt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+xmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+Sdq3qXVRrzctKvZ7HUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8flRWMyA==</latexit>

: #levels L
<latexit sha1_base64="b4yaNqEsiUf6kUcRaHNyy4jRZ4A=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe6ioGXAxsIiARMDyRH2NnPJmr29Y3dPCEd+gY2FIrb+JDv/jZvkCk18MPB4b4aZeUEiuDau++0U1tY3NreK26Wd3b39g/LhUVvHqWLYYrGIVSegGgWX2DLcCOwkCmkUCHwIxjcz/+EJleaxvDeTBP2IDiUPOaPGSs27frniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcC ZwWuqlGhPKxnSIXUsljVD72fzQKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7Gsy4AqZERNLKFPc3krYiCrKjM2mZEPwll9eJe1a1buo1pqXlXo9j6MIJ3AK5+DBFdThFhrQAgYIz/AKb86j8+K8Ox+L1oKTzxzDHzifP6Q9jNI=</latexit>

: size ratioT
<latexit sha1_base64="SLHnCyxAtuYZIE/CwqAS9gT2cZA=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fjw4rGFfkEbymY7adduNmF3I5TQX+DFgyJe/Une/Ddu2xy09cHA470ZZuYFieDauO63s7G5tb2zW9gr7h8cHh2XTk7bOk4VwxaLRay6AdUouMSW4UZgN1FIo0BgJ5jcz/3OEyrNY9k00wT9iI4kDzmjxkqN5qBUdivuAmSdeDkpQ476oPTVH8YsjVAaJqjWPc9NjJ9RZTgTOC v2U40JZRM6wp6lkkao/Wxx6IxcWmVIwljZkoYs1N8TGY20nkaB7YyoGetVby7+5/VSE975GZdJalCy5aIwFcTEZP41GXKFzIipJZQpbm8lbEwVZcZmU7QheKsvr5N2teJdV6qNm3KtlsdRgHO4gCvw4BZq8AB1aAEDhGd4hTfn0Xlx3p2PZeuGk8+cwR84nz+wXYza</latexit>

: #entriesN
<latexit sha1_base64="TAIL0DmqaJ4hbEEdPJVrqUCa7ZI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeCF0/Sgq2FNpTNdtKu3WzC7kYoob/AiwdFvPqTvPlv3LY5aOuDgcd7M8zMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4EMwvpn5D0+oNI/lvZkk6Ed0KHnIGTVWat71yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4 HTUi/VmFA2pkPsWipphNrP5odOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhtZ9xmaQGJVssClNBTExmX5MBV8iMmFhCmeL2VsJGVFFmbDYlG4K3/PIqadeq3kW11rys1Ot5HEU4gVM4Bw+uoA630IAWMEB4hld4cx6dF+fd+Vi0Fpx85hj+wPn8AadFjNQ=</latexit>

: FPR of BF�
<latexit sha1_base64="vfnJsCKOhrAAHGhTD6JQR1zPmBI=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeAF48V7Ae0oWy2m2bp7ibsboQS+he8eFDEq3/Im//GTZuDtj4YeLw3w8y8MOVMG9f9diobm1vbO9Xd2t7+weFR/fikq5NMEdohCU9UP8SaciZpxzDDaT9VFIuQ0144vSv83hNVmiXy0cxSGgg8kSxiBJtCGqYxG9UbbtNdAK0TryQNKNEe1b+G44RkgkpDONZ64LmpCXKsDC OczmvDTNMUkyme0IGlEguqg3xx6xxdWGWMokTZkgYt1N8TORZaz0RoOwU2sV71CvE/b5CZ6DbImUwzQyVZLooyjkyCisfRmClKDJ9Zgoli9lZEYqwwMTaemg3BW315nXRbTe+q2Xq4bvh+GUcVzuAcLsGDG/DhHtrQAQIxPMMrvDnCeXHenY9la8UpZ07hD5zPHxQ8jkE=</latexit>

: selectivity LRQs
<latexit sha1_base64="mf4r/MO2VBI/Mmnsmogu59OR3vY=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeCF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipqQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDWz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20a1XvqlprXlfq9TyOIpzBOVyCBzdQh3toQAsYIDzDK7w5j86L8+58LFsLTj5zCn/gfP4A31mM+Q==</latexit>

Cost analysis
long range: O(s ·N)

<latexit sha1_base64="3dIc5nFYiW5HAMl3JjHqU16j0MA=">AAACAHicbVDLSsNAFJ34rPUVdeHCzWAR6qYkVdBl0Y0rrWAf0IQymUzaoZOZMDMRSujGX3HjQhG3foY7/8ZJm4W2HrhwOOde7r0nSBhV2nG+raXlldW19dJGeXNre2fX3ttvK5FKTFpYMCG7AVKEUU5ammpGuokkKA4Y6QSj69zvPBKpqOAPepwQP0YDTiOKkTZS3z70YqSHGLHsbgKrCno4FBrenvbtilNzpoCLxC1IBRRo9u0vLxQ4jQnXmCGleq6TaD9DUlPMyKTspYokCI/QgPQM5Sgmys+mD0zgiVFCGAlpims4VX9PZChWahwHpjM/V817ufif10t1dOlnlCepJhzPFkUpg1rAPA0YUkmwZmNDEJbU3ArxEEmEtcmsbEJw519eJO16zT2r1e/PK42rIo4SOALHoApccAEa4AY0QQtgMAHP4BW8WU/Wi/Vufcxal6xi5gD8gfX5A0ZSlYo=</latexit>
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Range Queries

More on LSM Reads in Part 2.

Cost analysis
long range: 
short range:

: pages in bufferP
<latexit sha1_base64="kXJOtC0Q+7S8drNnPDQp6Ty5n8I=">AAAB6HicbVDLSgMxFL1TX7W+qi7dBIvgqszUgi4Lbly2YB/QDpJJ77SxmcyQZIQy9AvcuFDErZ/kzr8xbWehrQcCh3POJfeeIBFcG9f9dgobm1vbO8Xd0t7+weFR+fiko+NUMWyzWMSqF1CNgktsG24E9hKFNAoEdoPJ7dzvPqHSPJb3ZpqgH9GR5CFn1Fip1XwoV9yquwBZJ15OKpDD5r8Gw5ilEUrDBNW677mJ8TOqDGcCZ6 VBqjGhbEJH2LdU0gi1ny0WnZELqwxJGCv7pCEL9fdERiOtp1FgkxE1Y73qzcX/vH5qwhs/4zJJDUq2/ChMBTExmV9NhlwhM2JqCWWK210JG1NFmbHdlGwJ3urJ66RTq3pX1VqrXmk08jqKcAbncAkeXEMD7qAJbWCA8Ayv8OY8Oi/Ou/OxjBacfOYU/sD5/AGqTYzW</latexit>

: entries/pageB
<latexit sha1_base64="mxAirIotijmauiCEBBqGklzDcEk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5k2/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ez gt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+xmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+Sdq3qXVRrzctKvZ7HUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8flRWMyA==</latexit>

: #levels L
<latexit sha1_base64="b4yaNqEsiUf6kUcRaHNyy4jRZ4A=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe6ioGXAxsIiARMDyRH2NnPJmr29Y3dPCEd+gY2FIrb+JDv/jZvkCk18MPB4b4aZeUEiuDau++0U1tY3NreK26Wd3b39g/LhUVvHqWLYYrGIVSegGgWX2DLcCOwkCmkUCHwIxjcz/+EJleaxvDeTBP2IDiUPOaPGSs27frniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcC ZwWuqlGhPKxnSIXUsljVD72fzQKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7Gsy4AqZERNLKFPc3krYiCrKjM2mZEPwll9eJe1a1buo1pqXlXo9j6MIJ3AK5+DBFdThFhrQAgYIz/AKb86j8+K8Ox+L1oKTzxzDHzifP6Q9jNI=</latexit>

: size ratioT
<latexit sha1_base64="SLHnCyxAtuYZIE/CwqAS9gT2cZA=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fjw4rGFfkEbymY7adduNmF3I5TQX+DFgyJe/Une/Ddu2xy09cHA470ZZuYFieDauO63s7G5tb2zW9gr7h8cHh2XTk7bOk4VwxaLRay6AdUouMSW4UZgN1FIo0BgJ5jcz/3OEyrNY9k00wT9iI4kDzmjxkqN5qBUdivuAmSdeDkpQ476oPTVH8YsjVAaJqjWPc9NjJ9RZTgTOC v2U40JZRM6wp6lkkao/Wxx6IxcWmVIwljZkoYs1N8TGY20nkaB7YyoGetVby7+5/VSE975GZdJalCy5aIwFcTEZP41GXKFzIipJZQpbm8lbEwVZcZmU7QheKsvr5N2teJdV6qNm3KtlsdRgHO4gCvw4BZq8AB1aAEDhGd4hTfn0Xlx3p2PZeuGk8+cwR84nz+wXYza</latexit>

: #entriesN
<latexit sha1_base64="TAIL0DmqaJ4hbEEdPJVrqUCa7ZI=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeCF0/Sgq2FNpTNdtKu3WzC7kYoob/AiwdFvPqTvPlv3LY5aOuDgcd7M8zMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4EMwvpn5D0+oNI/lvZkk6Ed0KHnIGTVWat71yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4 HTUi/VmFA2pkPsWipphNrP5odOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhtZ9xmaQGJVssClNBTExmX5MBV8iMmFhCmeL2VsJGVFFmbDYlG4K3/PIqadeq3kW11rys1Ot5HEU4gVM4Bw+uoA630IAWMEB4hld4cx6dF+fd+Vi0Fpx85hj+wPn8AadFjNQ=</latexit>

: FPR of BF�
<latexit sha1_base64="vfnJsCKOhrAAHGhTD6JQR1zPmBI=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeAF48V7Ae0oWy2m2bp7ibsboQS+he8eFDEq3/Im//GTZuDtj4YeLw3w8y8MOVMG9f9diobm1vbO9Xd2t7+weFR/fikq5NMEdohCU9UP8SaciZpxzDDaT9VFIuQ0144vSv83hNVmiXy0cxSGgg8kSxiBJtCGqYxG9UbbtNdAK0TryQNKNEe1b+G44RkgkpDONZ64LmpCXKsDC OczmvDTNMUkyme0IGlEguqg3xx6xxdWGWMokTZkgYt1N8TORZaz0RoOwU2sV71CvE/b5CZ6DbImUwzQyVZLooyjkyCisfRmClKDJ9Zgoli9lZEYqwwMTaemg3BW315nXRbTe+q2Xq4bvh+GUcVzuAcLsGDG/DhHtrQAQIxPMMrvDnCeXHenY9la8UpZ07hD5zPHxQ8jkE=</latexit>

: selectivity SRQs
<latexit sha1_base64="mf4r/MO2VBI/Mmnsmogu59OR3vY=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeCF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipqQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDWz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20a1XvqlprXlfq9TyOIpzBOVyCBzdQh3toQAsYIDzDK7w5j86L8+58LFsLTj5zCn/gfP4A31mM+Q==</latexit>

O(L)
<latexit sha1_base64="e2jZdxOyCghkJRL0gJ6ZrFQylqc=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBItQN2WmFXRZcCMoWME+oB1LJs20oZnMkGSUMvQ/3LhQxK3/4s6/MdPOQlsPBA7n3Ms9OV7EmdK2/W3lVlbX1jfym4Wt7Z3dveL+QUuFsSS0SUIeyo6HFeVM0KZmmtNOJCkOPE7b3vgy9duPVCoWins9iagb4KFgPiNYG+mhF2A9Ipgnt9PyzWm/WLIr9gxomTgZKUGGRr/41RuEJA6o0IRjpbqOHWk3wVIzwum00IsVjTAZ4yHtGipwQJWbzFJP0YlRBsgPpXlCo5n6eyPBgVKTwDOTaUq16KXif1431v6FmzARxZoKMj/kxxzpEKUVoAGTlGg+MQQTyUxWREZYYqJNUQVTgrP45WXSqlacWqV6d1aqX2d15OEIjqEMDpxDHa6gAU0gIOEZXuHNerJerHfrYz6as7KdQ/gD6/MH9JuSLQ==</latexit>

O(s ·N)
<latexit sha1_base64="3dIc5nFYiW5HAMl3JjHqU16j0MA=">AAACAHicbVDLSsNAFJ34rPUVdeHCzWAR6qYkVdBl0Y0rrWAf0IQymUzaoZOZMDMRSujGX3HjQhG3foY7/8ZJm4W2HrhwOOde7r0nSBhV2nG+raXlldW19dJGeXNre2fX3ttvK5FKTFpYMCG7AVKEUU5ammpGuokkKA4Y6QSj69zvPBKpqOAPepwQP0YDTiOKkTZS3z70YqSHGLHsbgKrCno4FBrenvbtilNzpoCLxC1IBRRo9u0vLxQ4jQnXmCGleq6TaD9DUlPMyKTspYokCI/QgPQM5Sgmys+mD0zgiVFCGAlpims4VX9PZChWahwHpjM/V817ufif10t1dOlnlCepJhzPFkUpg1rAPA0YUkmwZmNDEJbU3ArxEEmEtcmsbEJw519eJO16zT2r1e/PK42rIo4SOALHoApccAEa4AY0QQtgMAHP4BW8WU/Wi/Vufcxal6xi5gD8gfX5A0ZSlYo=</latexit>



most data  
on storage



most data  
on storage
T = 10

<latexit sha1_base64="KaZXMkfD+CF2O3gp8YFzQnSLPug=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRbBU9mtBb0IBS+Clwr9gnYp2TTbhibZJckKZelf8OJBEa/+IW/+G7PtHrT1wcDjvRlm5gUxZ9q47rdT2Njc2t4p7pb29g8Oj8rHJx0dJYrQNol4pHoB1pQzSduGGU57saJYBJx2g+ld5nefqNIski0zi6kv8FiykBFsMql167nDcsWtugugdeLlpAI5msPy12AUkURQaQjHWvc9NzZ+ipVhhNN5aZBoGmMyxWPat1RiQbWfLm6dowurjFAYKVvSoIX6eyLFQuuZCGynwGaiV71M/M/rJya88VMm48RQSZaLwoQjE6HscTRiihLDZ5Zgopi9FZEJVpgYG0/JhuCtvrxOOrWqd1WtPdYrjYc8jiKcwTlcggfX0IB7aEIbCEzgGV7hzRHOi/PufCxbC04+cwp/4Hz+ABObjaE=</latexit>

L = 4
<latexit sha1_base64="47y5ExdQ6SG82ETKGdgYw2XwPxQ=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBA8hd0Y0IsQ8CLoIaJ5QLKE2UlvMmR2dpmZFULIJ3jxoIhXv8ibf+Mk2YMmFjQUVd10dwWJ4Nq47rezsrq2vrGZ28pv7+zu7RcODhs6ThXDOotFrFoB1Si4xLrhRmArUUijQGAzGF5P/eYTKs1j+WhGCfoR7UseckaNlR7urirdQtEtuTOQZeJlpAgZat3CV6cXszRCaZigWrc9NzH+mCrDmcBJvpNqTCgb0j62LZU0Qu2PZ6dOyKlVeiSMlS1pyEz9PTGmkdajKLCdETUDvehNxf+8dmrCS3/MZZIalGy+KEwFMTGZ/k16XCEzYmQJZYrbWwkbUEWZsenkbQje4svLpFEueeel8n2lWL3N4sjBMZzAGXhwAVW4gRrUgUEfnuEV3hzhvDjvzse8dcXJZo7gD5zPH51+jWI=</latexit>if &

99.9% on storage

: #levels L
<latexit sha1_base64="b4yaNqEsiUf6kUcRaHNyy4jRZ4A=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe6ioGXAxsIiARMDyRH2NnPJmr29Y3dPCEd+gY2FIrb+JDv/jZvkCk18MPB4b4aZeUEiuDau++0U1tY3NreK26Wd3b39g/LhUVvHqWLYYrGIVSegGgWX2DLcCOwkCmkUCHwIxjcz/+EJleaxvDeTBP2IDiUPOaPGSs27frniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcC ZwWuqlGhPKxnSIXUsljVD72fzQKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7Gsy4AqZERNLKFPc3krYiCrKjM2mZEPwll9eJe1a1buo1pqXlXo9j6MIJ3AK5+DBFdThFhrQAgYIz/AKb86j8+K8Ox+L1oKTzxzDHzifP6Q9jNI=</latexit>

: size ratioT
<latexit sha1_base64="SLHnCyxAtuYZIE/CwqAS9gT2cZA=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fjw4rGFfkEbymY7adduNmF3I5TQX+DFgyJe/Une/Ddu2xy09cHA470ZZuYFieDauO63s7G5tb2zW9gr7h8cHh2XTk7bOk4VwxaLRay6AdUouMSW4UZgN1FIo0BgJ5jcz/3OEyrNY9k00wT9iI4kDzmjxkqN5qBUdivuAmSdeDkpQ476oPTVH8YsjVAaJqjWPc9NjJ9RZTgTOC v2U40JZRM6wp6lkkao/Wxx6IxcWmVIwljZkoYs1N8TGY20nkaB7YyoGetVby7+5/VSE975GZdJalCy5aIwFcTEZP41GXKFzIipJZQpbm8lbEwVZcZmU7QheKsvr5N2teJdV6qNm3KtlsdRgHO4gCvw4BZq8AB1aAEDhGd4hTfn0Xlx3p2PZeuGk8+cwR84nz+wXYza</latexit>



Performance Tradeoff

writing data 
on storage

write 
performance 

read 
performance 

space 
amplification 



Data Layout

levelingClassical LSM design:
[eager merging]



1 run  
per level

Data Layout
leveling [eager]

good read performance 
good space amplification 
high write amplification



Data Layout
leveling [eager]

1 run  
per level

tiering [lazy]

T runs  
per level

good read performance 
good space amplification 
high write amplification good ingestion performance

poor space amplification 
poor read performance 



L4 

L2 

L3 

L1 
buffer 

get(7)

7
auxiliary data 

structures 

Reduces  
I/O cost  

for  
lookups
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Part 3: Navigating the LSM Design Space



Filters to the Rescue

                                       



level

What is a filter

Answers set 
membership queries

Does X exist? X  Y Z
Set



level

What is a filter

Does X exist?

No false 
negatives

X  Y Z
Set



level

What is a filter

Does Q exist? X  Y Z
Set

No false 
negatives

false positives with 
tunable probability



                                       

negative

X true positive

false positive

get(X)
Filters

One per rundata



                                       X

more memory fewer false positives

negative

negative

Filtersdata

true positive

get(X)



                                       

Filters

Compact & recreate filter

                                       

                                       

data



                                       

Bloom Filters

BloomCommunACM1970
data



bitmap a

k hash functions a

0 0 0 0 0 0 0 0 0 0



h1 h2

0 0 0 0 1 0 0 0 1 0

insert: Set from 0 to 1 or keep 1



negative lookup: at least one bit is zero

h1 h2

0 0 0 0 1 0 0 0 1 0



h1 h2

0 0 0 0 1 0 0 1 1 0

true or false positive lookup



h1 hk…
ln(2) · M= bits / entry

Optimal number of hash functions



Optimal number of hash functions ln(2) · M=

False positive rate = 2-M ·ln(2)

With M bits / entry



Lowering 
Constants

Holistic 
Tuning Unification RangeCPU

5 fronts



Dostoevsky LSM-BushMonkey

Holistic Tuning

DayanSIGMOD17 DayanSIGMOD18 DayanSIGMOD19



Bloom
filters

                                       

data

Monkey: Optimal Navigable Key-Value Store



M

M

M

Bloom 
filters

                                       

data bits/entry 



Bloom 
filters

                                       

data

M

M

M

bits/entry 



Bloom 
filters

false 
positive rate

2-M ·ln(2)

2-M ·ln(2)

2-M ·ln(2)

                                       

data



Bloom 
filters

false 
positive rate

2-M

2-M

2-M

                                       

data



false  
positive rate

O(2-M · logT N)  I/O    =

2-M

2-M

2-M

Bloom 
filters



false  
positive rate

O(1+2-M · logT N)  I/O    =

2-M

2-M

2-M

Bloom 
filters



false  
positive rate

= O(2-M · logT N)  I/O    

2-M

2-M

2-M

Bloom 
filters



false  
positive rate

2-M

2-M

2-M

most 
memory

Bloom 
filters



false  
positive rate

saves at most 1 access!
2-M

2-M

2-M

most 
memory

Bloom 
filters



M - 1

M + 1

M + 2

reallocate

bits / entry



2-(M - 1)

2-(M + 1)

2-(M + 2)

false  
positive rates



2-M / T0

2-M / T1

2-M / T2∝
∝
∝



O(2-M )  I/O    =

geometric
 progression2-M / T2

2-M / T0

2-M / T1



O(2-M )  I/O    < O(2-M · logT N)   

Faster worst case



Monkey opens up new ways of optimizing write 
performance without sacrificing get performance

Dostoevsky LSM-BushMonkey

DayanSIGMOD17 DayanSIGMOD18 DayanSIGMOD19



2-M

2-M /T2

2-M /T3

Smaller false positive rates

                                       Leveled 

Tiered

Dostoevsky



O(T + logT N )
writesgets

                                       

O( 2-M )

O(1)

O(1)

O(T)

=

+

+



O(T + logT N )
writes

                                       

O( 2-M )

O(1)

O(1)

O(T)

=

+

+

O(T · logT N )<
leveling 

gets



O(T + logT N )
Dostoevsky

                                       

LSM-Bush

                                       
x2

x4

x16

more runs

O( log2 logT N ) 



Dostoevsky

                                       

LSM-Bush

                                                                              

                                       

Monkey w. leveling

Cheaper writesCheaper range



                                       

Great point reads all across

Dostoevsky LSM-BushMonkey w. leveling

                                                                              

                                       



Lowering 
Constants

Holistic 
Tuning Unification RangeCPU

5 fronts



Bloom 
filters

CPU overhead?



Bloom 
filters

insert(X)

                                       

data

O(T)

O(T)

O(T)

xT

Each key is inserted O(T) times per level into a filter 



Bloom 
filters

insert(X)

                                       

data

O(T · M)

O(T · M)

O(T · M)

Each filter insertion uses M · ln(2) hash functions
Each key is inserted O(T) times per level into a filter 



Bloom 
filters

insert(X)

                                       

data

O(T · M)

O(T · M)

O(T · M)

= O(logT(N) · T · M)

Each key is inserted O(T) times per level into a filter 
Each filter insertion uses M · ln(2) hash functions

logT(N
) le

vels



Bloom 
filters

insert(X)

                                       

data

O(T · (M+2))

O(T · M)

O(T · (M+1))

= O( logT(N) · T · (M + logT N) )

With Monkey more hash functions are used

logT(N
) le

vels



Bloom 
filters

                                       

data

X

get(X)

How about get cost?

Worst case



Bloom 
filters

                                       

data

X

get(X)# hashes

2

2

Expected Negative Query Cost ≈ 2



Bloom 
filters

                                       

data

X

get(X)# hashes

2

2

Positive Query Cost ≈ M · ln(2)

O(M)



Bloom 
filters

                                       

data

X

get(X)# hashes

2

2

O(M)

O( M + logT N )Avg. worst case =



Bloom 
filtersO( M + logT N )

get Insert
O( T · M · logT N )



Bloom 
filters

get

Address Using Blocking and SIMD

O( M + logT N )
Insert

O( T · M · logT N )



Bloom filter

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

X

Blocking
PutzeJEA10



X

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Hash to one cache line 

Blocking



X

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Insert as though cache line is 
an independent Bloom filter 

Blocking



X

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Pro: one cache miss per insert/get

Blocking



Blocking

Con 1: uneven distribution of entries across cache lines 
slightly harms the false positive rate

Blocked Bloom filter



Blocking

Blocked Bloom filter

Con 2: still need to compute many hash functions per entry

0 0 0 0 0

X



SIMD

Partition into sub-lines 

Cache line

JianyuanTPDS18PolychroniouDAMON14

https://ieeexplore.ieee.org/author/38467680500


SIMD

Cache line

Map one hash per sub-line

X



SIMD

Cache line

Insert( X )
bitwise “or”



SIMD

Cache line

get( X )
bitwise “and”



Bloom 
filtersO( M + logT N )

get Insert
O( T · M · logT N )

Blocking and SIMD



Bloom 
filters

get Insert

Blocking and SIMD

O( logT N )
Insert

O( T · logT N )



CPUHolistic 
Tuning Unification RangeImproving 

Constants

5 fronts



Improving Constants

Bloom

≈ 2 -M · ln(2)False 
positive rate

Ideal

≈ 2 -M



Bloom

≈ 2 -M · 0.69False 
positive rate

Ideal

≈ 2 -M

Can we improve this?



Bloom 

≈ 2 -M · 0.69

Ideal

≈ 2 -M

XOR

GrafJEA20



Filter

Hash each entry to three buckets

X Y

1 2 3 4 5 6

XOR



XOR Filter

Assign one bucket to own each entry

X YX XY Y

Owns X Owns Y

1 2 3 4 5 6



XOR Filter

Each bucket stores XOR of fingerprint and other two buckets

YY
Owns Y

FP(Y) 2 6

2 4 6

Y



XOR Filter

During queries, recover fingerprints by xoring three buckets

YY
Owns Y

2 4 6

Y

get(Y) returns true if      FP(Y) =  2 64



XOR Filter

free space ensures each bucket can own one entry

Free FreeOwns YOwns ZOwns X Owns Q



Bloom 

≈ 2 -M · 0.69

Idealized

≈ 2 -M

XOR

≈ 2 -M ·0.81



Bloom 

≈ 2 -M · 0.69

Idealized

≈ 2 -M

XOR

≈ 2 -M ·0.81

Ribbon

≈ 2 -M ·0.92

DillingerSEA22

Denser XOR filter



Bloom 

≈ 2 -M · 0.69

Idealized

≈ 2 -M

XOR

≈ 2 -M ·0.81

Ribbon

Denser XOR filter
In RocksDB since 2020

≈ 2 -M ·0.92



Bloom XOR Ribbon

Lower false 
positive rateLower CPU 



Unification RangeImproving 
Constants

Holistic 
Tuning CPU

5 fronts



Unification

SlimDBChucky

DayanSIGMOD21 RenVLDB17



Bloom 
filters

O( 1 )

O( 1 )

O( 1 )

= O( logT N )

read

Unification



level

XO( T )

O( T )

O( T )

= O( T · logT N )



hash table

key Level ID



hash(        ) = ……     



hash(        ) = ……     

cuckoo filter



O(log2 logT N)



000

001

010

……

Binary encoding

O(log2 logT N)



O(1)

……

0

10

110

e.g., unary encoding



O(1+2-M+3)O(1+2-M · ln(2))

Chucky w. CuckooMonkey w. Bloom

Get CPU O(logT N)

Get I/O

O(1)



O(1+2-M+3)O(1+2-M · ln(2))

Chucky w. CuckooMonkey w. Bloom

Get CPU O(logT N)

Get I/O

O(1)

Insert CPU O(T · logT N) O(logT N)



O(1+2-M+3)Get I/O

Chucky SlimDB

Memory M

O(1)

M + 2-M · log2(N)

Keeps full key in memory 
whenever fingerprints collide



Improving 
Constants

Holistic 
Tuning Unification RangeCPU

5 fronts



Range Filtering

Traditional filters do not support ranges

                                       

                                       

get(x, y)



Range Filtering

Traditional filters do not support ranges

                                       

                                       cost: 

get(x, y)

O(logT N)



Range Filters

RosettaSurf
ZhangSIGMOD18 LouSIGMOD21

Prefix Filter
RocksDB20



Prefix Filter

Users define prefix extraction method

RocksDB20



Prefix Filter

Users define prefix extraction method

Country code

USA1234
CAN9876



Prefix Filter

Users define prefix extraction method

USA
CAN

Insert 
prefixes



Prefix Filter

Users define prefix extraction method

USA
CAN

Insert  
prefixes

get(USA0, USA9)?

Check 
USA



Prefix Filter

Users define prefix extraction method

USA
CAN

Insert  
prefixes

Non-generic and requires API extension

get(USA0, USA9)?

Check  
USA



Surf

S

I

G

A

I

M

O

D

O

P

S

A trie of all keys 



Surf

S

I

G

A M O

A trie of all keys 

Truncated to reduce space 

I O

D

P

S



Surf

S

I

G

A M O

A trie of all keys 

Truncated to reduce space 

Add fingerprint for point reads

FP FP FP



Surf

S

I

G

A M O

A trie of all keys 

Truncated to reduce space 

Add fingerprint for point reads

FP FP FP

Encoded as succinct trie 
with rank & select



Rosetta

I
IC
ICD
ICDE

Insert(ICDE)

Add all prefixes of all keys to a Bloom filter



Rosetta

Check largest common prefixes

ICDget(ICDE, ICDF)



Rosetta

Add more fine-grained checks to reduce false positive rate 

ICD
ICDEget(ICDE, ICDF)
ICDF

Check largest common prefixes



RosettaSurf

Better short range Better long range



R
an

ge
 F

ilt
er

s RosettaSurf
ZhangSIGMOD18 LouSIGMOD21

MößnerEDBT23

BloomRF

Prefix Filters
RocksDB20

VaidyaVLDB22

Snarf
KnorrSIGMOD22

ProteusRemix
ZhongFAST21

REncoder
WangICDE23
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get(k)  k  kh

h

h

h

SST A 

SST B

SST C

SST A

SST B

SST C

BF

BF

BF

Data

Data

Data

BF

BF

BF

Data

Data

Data

MemBufL0

L1

L2

L3

SST A

SST B

SST C

(a)  Query path (b)  Hashing in a query (c)  Shared hashing in a query 

Reducing CPU Overheads in LSMs
For every query …



get(k)  k  kh

h

h

h

SST A 

SST B

SST C

SST A

SST B

SST C

BF

BF

BF

Data

Data

Data

BF

BF

BF

Data

Data

Data

MemBufL0

L1

L2

L3

SST A

SST B

SST C

(a)  Query path (b)  Hashing in a query (c)  Shared hashing in a query 

Reducing CPU Overheads in LSMs

The same hash function is 
calculated O(L) times

For every query …



get(k)  k  kh

h

h

h

SST A 

SST B

SST C

SST A

SST B

SST C

BF

BF

BF

Data

Data

Data

BF

BF

BF

Data

Data

Data

MemBufL0

L1

L2

L3

SST A

SST B

SST C

(a)  Query path (b)  Hashing in a query (c)  Shared hashing in a query 

Reducing CPU Overheads in LSMs

Each key is hashed O(1) 
times

The same hash function is 
calculated O(L) times

ZhuDaMoN21

For every query …



Filters under Memory Pressure

data size ↑ memory-to-data ratio ↓
for 1TB data, 

1.3GB filter &17.2GB index
1KB entry, 64B key, BPK=10

price drop from 2010 to today  
SSD: 60x        DRAM: 10x



Filters under Memory Pressure

Even in a perfectly uniform workload, 
80% of the queries access 45% of the files

MunADMS22



Filters under Memory Pressure

For a skewed workload, 
80% of the queries access less than 5% of the files

MunADMS22



Filters under Memory Pressure

v

h1(v) h2(v) h3(v)

MunADMS22



Filters under Memory Pressure

v

h1(v) h2(v) h3(v)

Modular Bloom filter is a collection of smaller Bloom filters
Elastic Bloom filter also works based on the same principle

LiATC19

MunADMS22



L1 

L4 

L2 

L3 

buffer 

Filters under Memory Pressure

modules

MunADMS22



L1 

L4 

L2 

L3 

buffer 

Filters under Memory Pressure
MunADMS22



L1 

L4 
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L3 

buffer 

Filters under Memory Pressure
MunADMS22



L1 
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L3 

buffer 

Filters under Memory Pressure
MunADMS22



L1 

L4 

L2 

L3 

buffer 

Filters under Memory Pressure
MunADMS22



L1 

L4 

L2 

L3 

buffer 

Filters under Memory Pressure

Overall, better performance with smaller memory budget

MunADMS22



L1 

L4 

L2 

L3 

buffer 

filters fence  
pointers  

Compactions and Caching



L1 

L4 

L2 

L3 

buffer 

filters fence  
pointers  

YangVLDB20Leaper : A learned pre-fetcher that improves reads

Compactions and Caching
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LSM Design Space



LSM Design Space

Read cost

Update cost

Memory/space 
footprintAthanassoulisEDBT16



LSM Design Space

Read cost

Update cost

Memory/space 
footprint

LSM designs

Re
ad
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t

Update cost

fixed Memory



LSM Design Space

Read cost

Update cost

Memory/space 
footprint

Re
ad
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os

t

Update cost

Navigating the 
RUM tradeoff

fixed Memory



Re
ad

 c
os

t

Update cost

Navigating the 
RUM tradeoff

fixed Memory
LSM Design Space

Read cost

Update cost

Memory/space 
footprint

How to optimally allocate the available memory?



memory 
budget 

workload

How to allocate memory  
between LSM components

How to allocate memory  
among BFs in LSM

DayanSIGMOD17



available 
memory 

filter

index

buffer

The Optimal Memory Allocation

DayanSIGMOD17

: total memoryM<latexit sha1_base64="ahZkVlqcc2+NqxYU8NuVwJem3p4=">AAAB6nicbVA9SwNBEJ2LXzF+RS1tFhPBKtzFQsugjY0Q0XxAcoS9zV6yZG/v2J0TQshPsLFQxNZfZOe/cZNcoYkPBh7vzTAzL0ikMOi6305ubX1jcyu/XdjZ3ds/KB4eNU2casYbLJaxbgfUcCkUb6BAyduJ5jQKJG8Fo5uZ33ri2ohYPeI44X5EB0qEglG00kP5rtwrltyKOwdZJV5GSpCh3it+dfsxSyOukElqTMdzE/QnVKNgkk8L3dTwhLIRHfCOpYpG3PiT+alTcmaVPgljbUshmau/JyY0MmYcBbYzojg0y95M/M/rpBhe+ROhkhS5YotFYSoJxmT2N+kLzRnKsSWUaWFvJWxINWVo0ynYELzll1dJs1rxLirV+2qpdp3FkYcTOIVz8OASanALdWgAgwE8wyu8OdJ5cd6dj0VrzslmjuEPnM8fXUmNLw==</latexit>

: index memory Midx
<latexit sha1_base64="kTdFu6/Kq7k5tNBVip/6FTEAIL4=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTa2JhgIqCBC9nb24MNu3uX3T0jufArbCw0xtafY+e/cYErFHzJJC/vzWRmXpBwpo3rfjuFldW19Y3iZmlre2d3r7x/0NZxqghtkZjH6j7AmnImacsww+l9oigWAaedYHQ19TuPVGkWyzszTqgv8ECyiBFsrPRQvelnLHyaVPvliltzZ0DLxMtJBXI0++WvXhiTVFBpCMdadz03MX6GlWGE00mpl2qaYDLCA9q1VGJBtZ/NDp6gE6uEKIqVLWnQTP09kWGh9VgEtlNgM9SL3lT8z+umJrrwMyaT1FBJ5ouilCMTo+n3KGSKEsPHlmCimL0VkSFWmBibUcmG4C2+vEza9Zp3Vqvf1iuNyzyOIhzBMZyCB+fQgGtoQgsICHiGV3hzlPPivDsf89aCk88cwh84nz87FpAH</latexit>

: filter memory Mftr
<latexit sha1_base64="ddw+qK7I+WF8qskzPlp0N+EEKe4=">AAAB8HicbVA9SwNBEJ2LXzF+RS1tDhPBKtzFQsugjY0QwXxIEsLeZi9Zsrt37M4J4civsLFQxNafY+e/cZNcoYkPBh7vzTAzL4gFN+h5305ubX1jcyu/XdjZ3ds/KB4eNU2UaMoaNBKRbgfEMMEVayBHwdqxZkQGgrWC8c3Mbz0xbXikHnASs54kQ8VDTgla6bF8109D1NNyv1jyKt4c7irxM1KCDPV+8as7iGgimUIqiDEd34uxlxKNnAo2LXQTw2JCx2TIOpYqIpnppfODp+6ZVQZuGGlbCt25+nsiJdKYiQxspyQ4MsveTPzP6yQYXvVSruIEmaKLRWEiXIzc2ffugGtGUUwsIVRze6tLR0QTijajgg3BX355lTSrFf+iUr2vlmrXWRx5OIFTOAcfLqEGt1CHBlCQ8Ayv8OZo58V5dz4WrTknmzmGP3A+fwBFypAO</latexit>

: buffer memory Mbuf
<latexit sha1_base64="/sgdbVzi2mQE5n3tgDUjn12fR+s=">AAAB8HicbVA9SwNBEJ2LXzF+RS1tFhPBKtzFQsugjY0QwXxIcoS9zV6yZHfv2N0TwpFfYWOhiK0/x85/415yhSY+GHi8N8PMvCDmTBvX/XYKa+sbm1vF7dLO7t7+QfnwqK2jRBHaIhGPVDfAmnImacsww2k3VhSLgNNOMLnJ/M4TVZpF8sFMY+oLPJIsZAQbKz1W7wZpkISz6qBccWvuHGiVeDmpQI7moPzVH0YkEVQawrHWPc+NjZ9iZRjhdFbqJ5rGmEzwiPYslVhQ7afzg2fozCpDFEbKljRorv6eSLHQeioC2ymwGetlLxP/83qJCa/8lMk4MVSSxaIw4chEKPseDZmixPCpJZgoZm9FZIwVJsZmVLIheMsvr5J2veZd1Or39UrjOo+jCCdwCufgwSU04Baa0AICAp7hFd4c5bw4787HorXg5DPH8AfO5w8u6Y//</latexit>

M<latexit sha1_base64="ahZkVlqcc2+NqxYU8NuVwJem3p4=">AAAB6nicbVA9SwNBEJ2LXzF+RS1tFhPBKtzFQsugjY0Q0XxAcoS9zV6yZG/v2J0TQshPsLFQxNZfZOe/cZNcoYkPBh7vzTAzL0ikMOi6305ubX1jcyu/XdjZ3ds/KB4eNU2casYbLJaxbgfUcCkUb6BAyduJ5jQKJG8Fo5uZ33ri2ohYPeI44X5EB0qEglG00kP5rtwrltyKOwdZJV5GSpCh3it+dfsxSyOukElqTMdzE/QnVKNgkk8L3dTwhLIRHfCOpYpG3PiT+alTcmaVPgljbUshmau/JyY0MmYcBbYzojg0y95M/M/rpBhe+ROhkhS5YotFYSoJxmT2N+kLzRnKsSWUaWFvJWxINWVo0ynYELzll1dJs1rxLirV+2qpdp3FkYcTOIVz8OASanALdWgAgwE8wyu8OdJ5cd6dj0VrzslmjuEPnM8fXUmNLw==</latexit>

Midx
<latexit sha1_base64="kTdFu6/Kq7k5tNBVip/6FTEAIL4=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTa2JhgIqCBC9nb24MNu3uX3T0jufArbCw0xtafY+e/cYErFHzJJC/vzWRmXpBwpo3rfjuFldW19Y3iZmlre2d3r7x/0NZxqghtkZjH6j7AmnImacsww+l9oigWAaedYHQ19TuPVGkWyzszTqgv8ECyiBFsrPRQvelnLHyaVPvliltzZ0DLxMtJBXI0++WvXhiTVFBpCMdadz03MX6GlWGE00mpl2qaYDLCA9q1VGJBtZ/NDp6gE6uEKIqVLWnQTP09kWGh9VgEtlNgM9SL3lT8z+umJrrwMyaT1FBJ5ouilCMTo+n3KGSKEsPHlmCimL0VkSFWmBibUcmG4C2+vEza9Zp3Vqvf1iuNyzyOIhzBMZyCB+fQgGtoQgsICHiGV3hzlPPivDsf89aCk88cwh84nz87FpAH</latexit>

Mftr
<latexit sha1_base64="ddw+qK7I+WF8qskzPlp0N+EEKe4=">AAAB8HicbVA9SwNBEJ2LXzF+RS1tDhPBKtzFQsugjY0QwXxIEsLeZi9Zsrt37M4J4civsLFQxNafY+e/cZNcoYkPBh7vzTAzL4gFN+h5305ubX1jcyu/XdjZ3ds/KB4eNU2UaMoaNBKRbgfEMMEVayBHwdqxZkQGgrWC8c3Mbz0xbXikHnASs54kQ8VDTgla6bF8109D1NNyv1jyKt4c7irxM1KCDPV+8as7iGgimUIqiDEd34uxlxKNnAo2LXQTw2JCx2TIOpYqIpnppfODp+6ZVQZuGGlbCt25+nsiJdKYiQxspyQ4MsveTPzP6yQYXvVSruIEmaKLRWEiXIzc2ffugGtGUUwsIVRze6tLR0QTijajgg3BX355lTSrFf+iUr2vlmrXWRx5OIFTOAcfLqEGt1CHBlCQ8Ayv8OZo58V5dz4WrTknmzmGP3A+fwBFypAO</latexit>

Mbuf
<latexit sha1_base64="/sgdbVzi2mQE5n3tgDUjn12fR+s=">AAAB8HicbVA9SwNBEJ2LXzF+RS1tFhPBKtzFQsugjY0QwXxIcoS9zV6yZHfv2N0TwpFfYWOhiK0/x85/415yhSY+GHi8N8PMvCDmTBvX/XYKa+sbm1vF7dLO7t7+QfnwqK2jRBHaIhGPVDfAmnImacsww2k3VhSLgNNOMLnJ/M4TVZpF8sFMY+oLPJIsZAQbKz1W7wZpkISz6qBccWvuHGiVeDmpQI7moPzVH0YkEVQawrHWPc+NjZ9iZRjhdFbqJ5rGmEzwiPYslVhQ7afzg2fozCpDFEbKljRorv6eSLHQeioC2ymwGetlLxP/83qJCa/8lMk4MVSSxaIw4chEKPseDZmixPCpJZgoZm9FZIwVJsZmVLIheMsvr5J2veZd1Or39UrjOo+jCCdwCufgwSU04Baa0AICAp7hFd4c5bw4787HorXg5DPH8AfO5w8u6Y//</latexit>

= + +

Midx
<latexit sha1_base64="kTdFu6/Kq7k5tNBVip/6FTEAIL4=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTa2JhgIqCBC9nb24MNu3uX3T0jufArbCw0xtafY+e/cYErFHzJJC/vzWRmXpBwpo3rfjuFldW19Y3iZmlre2d3r7x/0NZxqghtkZjH6j7AmnImacsww+l9oigWAaedYHQ19TuPVGkWyzszTqgv8ECyiBFsrPRQvelnLHyaVPvliltzZ0DLxMtJBXI0++WvXhiTVFBpCMdadz03MX6GlWGE00mpl2qaYDLCA9q1VGJBtZ/NDp6gE6uEKIqVLWnQTP09kWGh9VgEtlNgM9SL3lT8z+umJrrwMyaT1FBJ5ouilCMTo+n3KGSKEsPHlmCimL0VkSFWmBibUcmG4C2+vEza9Zp3Vqvf1iuNyzyOIhzBMZyCB+fQgGtoQgsICHiGV3hzlPPivDsf89aCk88cwh84nz87FpAH</latexit>

Mftr
<latexit sha1_base64="ddw+qK7I+WF8qskzPlp0N+EEKe4=">AAAB8HicbVA9SwNBEJ2LXzF+RS1tDhPBKtzFQsugjY0QwXxIEsLeZi9Zsrt37M4J4civsLFQxNafY+e/cZNcoYkPBh7vzTAzL4gFN+h5305ubX1jcyu/XdjZ3ds/KB4eNU2UaMoaNBKRbgfEMMEVayBHwdqxZkQGgrWC8c3Mbz0xbXikHnASs54kQ8VDTgla6bF8109D1NNyv1jyKt4c7irxM1KCDPV+8as7iGgimUIqiDEd34uxlxKNnAo2LXQTw2JCx2TIOpYqIpnppfODp+6ZVQZuGGlbCt25+nsiJdKYiQxspyQ4MsveTPzP6yQYXvVSruIEmaKLRWEiXIzc2ffugGtGUUwsIVRze6tLR0QTijajgg3BX355lTSrFf+iUr2vlmrXWRx5OIFTOAcfLqEGt1CHBlCQ8Ayv8OZo58V5dz4WrTknmzmGP3A+fwBFypAO</latexit>

Mbuf
<latexit sha1_base64="/sgdbVzi2mQE5n3tgDUjn12fR+s=">AAAB8HicbVA9SwNBEJ2LXzF+RS1tFhPBKtzFQsugjY0QwXxIcoS9zV6yZHfv2N0TwpFfYWOhiK0/x85/415yhSY+GHi8N8PMvCDmTBvX/XYKa+sbm1vF7dLO7t7+QfnwqK2jRBHaIhGPVDfAmnImacsww2k3VhSLgNNOMLnJ/M4TVZpF8sFMY+oLPJIsZAQbKz1W7wZpkISz6qBccWvuHGiVeDmpQI7moPzVH0YkEVQawrHWPc+NjZ9iZRjhdFbqJ5rGmEzwiPYslVhQ7afzg2fozCpDFEbKljRorv6eSLHQeioC2ymwGetlLxP/83qJCa/8lMk4MVSSxaIw4chEKPseDZmixPCpJZgoZm9FZIwVJsZmVLIheMsvr5J2veZd1Or39UrjOo+jCCdwCufgwSU04Baa0AICAp7hFd4c5bw4787HorXg5DPH8AfO5w8u6Y//</latexit>

cost = R · read cost+W · write cost
<latexit sha1_base64="gVoEK1gjL3hr7RW4JkbYH5gFcCQ=">AAACFnicbZBLSwMxFIUz9VXra9Slm2ARBLHMVEE3QtGNyyr2AW0ZMplMG5qZDMkdpZT+Cjf+FTcuFHEr7vw3pp0utPVC4PDdewjn+IngGhzn28otLC4tr+RXC2vrG5tb9vZOXctUUVajUkjV9IlmgsesBhwEayaKkcgXrOH3r8b7xj1Tmsv4DgYJ60SkG/OQUwIGefYxlRrwBb5t00ACNtag7U3YEW5k7EFxYBn07KJTciaD54U7FUU0napnf7UDSdOIxUAF0brlOgl0hkQBp4KNCu1Us4TQPumylpExiZjuDCexRvjAkACHUpkXA57Q344hibQeRL65jAj09OxuDP/btVIIzztDHicpsJhmH4WpwCDxuCMccMUoiIERhJr0nGLaI4pQME0WTAnubOR5US+X3JNS+ea0WLmc1pFHe2gfHSIXnaEKukZVVEMUPaJn9IrerCfrxXq3PrLTnDX17KI/Y33+ABAsnrY=</latexit>

write cost(Mbuf )
<latexit sha1_base64="6apSFYCiY3DeFfwGsOb+Y26I41A=">AAAB/XicbZBLSwMxFIUz9VXra3zs3ASLUDdlpgq6LLpxI1SwD2iHIZNm2tDMZEjuKHUo/hU3LhRx6/9w578xfSy09UDg45x7SXKCRHANjvNt5ZaWV1bX8uuFjc2t7R17d6+hZaooq1MppGoFRDPBY1YHDoK1EsVIFAjWDAZX47x5z5TmMr6DYcK8iPRiHnJKwFi+ffCgOLCOT6WG0o2fBWk4OvHtolN2JsKL4M6giGaq+fZXpytpGrEYqCBat10nAS8jCjgVbFTopJolhA5Ij7UNxiRi2ssmrx/hY+N0cSiVOTHgift7IyOR1sMoMJMRgb6ez8bmf1k7hfDCy3icpMBiOr0oTAUGicdV4C5XjIIYGiDU1MAppn2iCAVTWMGU4M5/eREalbJ7Wq7cnhWrl7M68ugQHaESctE5qqJrVEN1RNEjekav6M16sl6sd+tjOpqzZjv76I+szx+O3ZVI</latexit>

read cost(Midx,Mftr,Mbuf )
<latexit sha1_base64="gvCOSWOVNH4w2SwzHZPW9/VWwC0=">AAACDnicbZDLSsNAFIYnXmu9RV26GSyFClKSKuiy6MaNUMFeoA1hMpm0QycXZk7EEvoEbnwVNy4UcevanW/jtM1CW38Y+PjPOZw5v5cIrsCyvo2l5ZXVtfXCRnFza3tn19zbb6k4lZQ1aSxi2fGIYoJHrAkcBOskkpHQE6ztDa8m9fY9k4rH0R2MEuaEpB/xgFMC2nLNsm72ey6NFVRu3Iz7D+MTrCEAOQMvDcbHrlmyqtZUeBHsHEooV8M1v3p+TNOQRUAFUaprWwk4GZHAqWDjYi9VLCF0SPqsqzEiIVNONj1njMva8XEQS/0iwFP390RGQqVGoac7QwIDNV+bmP/VuikEF07GoyQFFtHZoiAVGGI8yQb7XDIKYqSBUMn1XzEdEEko6ASLOgR7/uRFaNWq9mm1dntWql/mcRTQITpCFWSjc1RH16iBmoiiR/SMXtGb8WS8GO/Gx6x1ychnDtAfGZ8/oRqb1A==</latexit>

workload
reads(R)

<latexit sha1_base64="cv8HFCADLJxGAMOapzWRa9i1cNM=">AAAB8HicbVDLSgMxFL3js9ZX1aWbYBHqpsxUQZdFNy6r2Ie0Q8lkMm1okhmSjFCGfoUbF4q49XPc+Tem7Sy09UDgcM655N4TJJxp47rfzsrq2vrGZmGruL2zu7dfOjhs6ThVhDZJzGPVCbCmnEnaNMxw2kkUxSLgtB2MbqZ++4kqzWL5YMYJ9QUeSBYxgo2VHm001Khyf9Yvld2qOwNaJl5OypCj0S999cKYpIJKQzjWuuu5ifEzrAwjnE6KvVTTBJMRHtCupRILqv1stvAEnVolRFGs7JMGzdTfExkWWo9FYJMCm6Fe9Kbif143NdGVnzGZpIZKMv8oSjkyMZpej0KmKDF8bAkmitldERlihYmxHRVtCd7iycukVat659Xa3UW5fp3XUYBjOIEKeHAJdbiFBjSBgIBneIU3RzkvzrvzMY+uOPnMEfyB8/kDrO2Pqg==</latexit>

writes(W )
<latexit sha1_base64="XMzt2/lCwfcgboFyNW/SjX3+bkk=">AAAB8XicbVBNTwIxFHyLX4hfqEcvjcQEL2QXTfRI9OIREwEjbEi3vIWGbnfTdjWE8C+8eNAYr/4bb/4bC+xBwUmaTGbey+tMkAiujet+O7mV1bX1jfxmYWt7Z3evuH/Q1HGqGDZYLGJ1H1CNgktsGG4E3icKaRQIbAXD66nfekSleSzvzChBP6J9yUPOqLHSw5PiBjUpt067xZJbcWcgy8TLSAky1LvFr04vZmmE0jBBtW57bmL8MVWGM4GTQifVmFA2pH1sWypphNofz348ISdW6ZEwVvZJQ2bq740xjbQeRYGdjKgZ6EVvKv7ntVMTXvpjLpPUoGTzQ2EqiInJND7pcYXMiJEllNnwnBE2oIoyY0sq2BK8xcjLpFmteGeV6u15qXaV1ZGHIziGMnhwATW4gTo0gIGEZ3iFN0c7L8678zEfzTnZziH8gfP5A7cHkEg=</latexit>

vs.



M<latexit sha1_base64="ahZkVlqcc2+NqxYU8NuVwJem3p4=">AAAB6nicbVA9SwNBEJ2LXzF+RS1tFhPBKtzFQsugjY0Q0XxAcoS9zV6yZG/v2J0TQshPsLFQxNZfZOe/cZNcoYkPBh7vzTAzL0ikMOi6305ubX1jcyu/XdjZ3ds/KB4eNU2casYbLJaxbgfUcCkUb6BAyduJ5jQKJG8Fo5uZ33ri2ohYPeI44X5EB0qEglG00kP5rtwrltyKOwdZJV5GSpCh3it+dfsxSyOukElqTMdzE/QnVKNgkk8L3dTwhLIRHfCOpYpG3PiT+alTcmaVPgljbUshmau/JyY0MmYcBbYzojg0y95M/M/rpBhe+ROhkhS5YotFYSoJxmT2N+kLzRnKsSWUaWFvJWxINWVo0ynYELzll1dJs1rxLirV+2qpdp3FkYcTOIVz8OASanALdWgAgwE8wyu8OdJ5cd6dj0VrzslmjuEPnM8fXUmNLw==</latexit>

Mbuf
<latexit sha1_base64="/sgdbVzi2mQE5n3tgDUjn12fR+s=">AAAB8HicbVA9SwNBEJ2LXzF+RS1tFhPBKtzFQsugjY0QwXxIcoS9zV6yZHfv2N0TwpFfYWOhiK0/x85/415yhSY+GHi8N8PMvCDmTBvX/XYKa+sbm1vF7dLO7t7+QfnwqK2jRBHaIhGPVDfAmnImacsww2k3VhSLgNNOMLnJ/M4TVZpF8sFMY+oLPJIsZAQbKz1W7wZpkISz6qBccWvuHGiVeDmpQI7moPzVH0YkEVQawrHWPc+NjZ9iZRjhdFbqJ5rGmEzwiPYslVhQ7afzg2fozCpDFEbKljRorv6eSLHQeioC2ymwGetlLxP/83qJCa/8lMk4MVSSxaIw4chEKPseDZmixPCpJZgoZm9FZIwVJsZmVLIheMsvr5J2veZd1Or39UrjOo+jCCdwCufgwSU04Baa0AICAp7hFd4c5bw4787HorXg5DPH8AfO5w8u6Y//</latexit>

= +Mcache
<latexit sha1_base64="Sjc3a90rCCXNgk19Cofiz3zdzpI=">AAAB8HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04kWoYD+kDWWznbRLN5uwuxFK6K/w4kERr/4cb/4bt20O2vpg4PHeDDPzgkRwbVz321lZXVvf2CxsFbd3dvf2SweHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWMbqZ+6wmV5rF8MOME/YgOJA85o8ZKj3e9jFE2xEmvVHYr7gxkmXg5KUOOeq/01e3HLI1QGiao1h3PTYyfUWU4EzgpdlONCWUjOsCOpZJGqP1sdvCEnFqlT8JY2ZKGzNTfExmNtB5Hge2MqBnqRW8q/ud1UhNe+RmXSWpQsvmiMBXExGT6PelzhcyIsSWUKW5vJWxIFWXGZlS0IXiLLy+TZrXinVeq9xfl2nUeRwGO4QTOwINLqMEt1KEBDCJ4hld4c5Tz4rw7H/PWFSefOYI/cD5/ANltkHA=</latexit>

available 
memory 

The Optimal Memory Allocation
: total memoryM<latexit sha1_base64="ahZkVlqcc2+NqxYU8NuVwJem3p4=">AAAB6nicbVA9SwNBEJ2LXzF+RS1tFhPBKtzFQsugjY0Q0XxAcoS9zV6yZG/v2J0TQshPsLFQxNZfZOe/cZNcoYkPBh7vzTAzL0ikMOi6305ubX1jcyu/XdjZ3ds/KB4eNU2casYbLJaxbgfUcCkUb6BAyduJ5jQKJG8Fo5uZ33ri2ohYPeI44X5EB0qEglG00kP5rtwrltyKOwdZJV5GSpCh3it+dfsxSyOukElqTMdzE/QnVKNgkk8L3dTwhLIRHfCOpYpG3PiT+alTcmaVPgljbUshmau/JyY0MmYcBbYzojg0y95M/M/rpBhe+ROhkhS5YotFYSoJxmT2N+kLzRnKsSWUaWFvJWxINWVo0ynYELzll1dJs1rxLirV+2qpdp3FkYcTOIVz8OASanALdWgAgwE8wyu8OdJ5cd6dj0VrzslmjuEPnM8fXUmNLw==</latexit>

: index memory Midx
<latexit sha1_base64="kTdFu6/Kq7k5tNBVip/6FTEAIL4=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTa2JhgIqCBC9nb24MNu3uX3T0jufArbCw0xtafY+e/cYErFHzJJC/vzWRmXpBwpo3rfjuFldW19Y3iZmlre2d3r7x/0NZxqghtkZjH6j7AmnImacsww+l9oigWAaedYHQ19TuPVGkWyzszTqgv8ECyiBFsrPRQvelnLHyaVPvliltzZ0DLxMtJBXI0++WvXhiTVFBpCMdadz03MX6GlWGE00mpl2qaYDLCA9q1VGJBtZ/NDp6gE6uEKIqVLWnQTP09kWGh9VgEtlNgM9SL3lT8z+umJrrwMyaT1FBJ5ouilCMTo+n3KGSKEsPHlmCimL0VkSFWmBibUcmG4C2+vEza9Zp3Vqvf1iuNyzyOIhzBMZyCB+fQgGtoQgsICHiGV3hzlPPivDsf89aCk88cwh84nz87FpAH</latexit>

: filter memory Mftr
<latexit sha1_base64="ddw+qK7I+WF8qskzPlp0N+EEKe4=">AAAB8HicbVA9SwNBEJ2LXzF+RS1tDhPBKtzFQsugjY0QwXxIEsLeZi9Zsrt37M4J4civsLFQxNafY+e/cZNcoYkPBh7vzTAzL4gFN+h5305ubX1jcyu/XdjZ3ds/KB4eNU2UaMoaNBKRbgfEMMEVayBHwdqxZkQGgrWC8c3Mbz0xbXikHnASs54kQ8VDTgla6bF8109D1NNyv1jyKt4c7irxM1KCDPV+8as7iGgimUIqiDEd34uxlxKNnAo2LXQTw2JCx2TIOpYqIpnppfODp+6ZVQZuGGlbCt25+nsiJdKYiQxspyQ4MsveTPzP6yQYXvVSruIEmaKLRWEiXIzc2ffugGtGUUwsIVRze6tLR0QTijajgg3BX355lTSrFf+iUr2vlmrXWRx5OIFTOAcfLqEGt1CHBlCQ8Ayv8OZo58V5dz4WrTknmzmGP3A+fwBFypAO</latexit>

: buffer memory Mbuf
<latexit sha1_base64="/sgdbVzi2mQE5n3tgDUjn12fR+s=">AAAB8HicbVA9SwNBEJ2LXzF+RS1tFhPBKtzFQsugjY0QwXxIcoS9zV6yZHfv2N0TwpFfYWOhiK0/x85/415yhSY+GHi8N8PMvCDmTBvX/XYKa+sbm1vF7dLO7t7+QfnwqK2jRBHaIhGPVDfAmnImacsww2k3VhSLgNNOMLnJ/M4TVZpF8sFMY+oLPJIsZAQbKz1W7wZpkISz6qBccWvuHGiVeDmpQI7moPzVH0YkEVQawrHWPc+NjZ9iZRjhdFbqJ5rGmEzwiPYslVhQ7afzg2fozCpDFEbKljRorv6eSLHQeioC2ymwGetlLxP/83qJCa/8lMk4MVSSxaIw4chEKPseDZmixPCpJZgoZm9FZIwVJsZmVLIheMsvr5J2veZd1Or39UrjOo+jCCdwCufgwSU04Baa0AICAp7hFd4c5bw4787HorXg5DPH8AfO5w8u6Y//</latexit>

write cost(Mbuf )
<latexit sha1_base64="6apSFYCiY3DeFfwGsOb+Y26I41A=">AAAB/XicbZBLSwMxFIUz9VXra3zs3ASLUDdlpgq6LLpxI1SwD2iHIZNm2tDMZEjuKHUo/hU3LhRx6/9w578xfSy09UDg45x7SXKCRHANjvNt5ZaWV1bX8uuFjc2t7R17d6+hZaooq1MppGoFRDPBY1YHDoK1EsVIFAjWDAZX47x5z5TmMr6DYcK8iPRiHnJKwFi+ffCgOLCOT6WG0o2fBWk4OvHtolN2JsKL4M6giGaq+fZXpytpGrEYqCBat10nAS8jCjgVbFTopJolhA5Ij7UNxiRi2ssmrx/hY+N0cSiVOTHgift7IyOR1sMoMJMRgb6ez8bmf1k7hfDCy3icpMBiOr0oTAUGicdV4C5XjIIYGiDU1MAppn2iCAVTWMGU4M5/eREalbJ7Wq7cnhWrl7M68ugQHaESctE5qqJrVEN1RNEjekav6M16sl6sd+tjOpqzZjv76I+szx+O3ZVI</latexit>

workload
reads(R)

<latexit sha1_base64="cv8HFCADLJxGAMOapzWRa9i1cNM=">AAAB8HicbVDLSgMxFL3js9ZX1aWbYBHqpsxUQZdFNy6r2Ie0Q8lkMm1okhmSjFCGfoUbF4q49XPc+Tem7Sy09UDgcM655N4TJJxp47rfzsrq2vrGZmGruL2zu7dfOjhs6ThVhDZJzGPVCbCmnEnaNMxw2kkUxSLgtB2MbqZ++4kqzWL5YMYJ9QUeSBYxgo2VHm001Khyf9Yvld2qOwNaJl5OypCj0S999cKYpIJKQzjWuuu5ifEzrAwjnE6KvVTTBJMRHtCupRILqv1stvAEnVolRFGs7JMGzdTfExkWWo9FYJMCm6Fe9Kbif143NdGVnzGZpIZKMv8oSjkyMZpej0KmKDF8bAkmitldERlihYmxHRVtCd7iycukVat659Xa3UW5fp3XUYBjOIEKeHAJdbiFBjSBgIBneIU3RzkvzrvzMY+uOPnMEfyB8/kDrO2Pqg==</latexit>

writes(W )
<latexit sha1_base64="XMzt2/lCwfcgboFyNW/SjX3+bkk=">AAAB8XicbVBNTwIxFHyLX4hfqEcvjcQEL2QXTfRI9OIREwEjbEi3vIWGbnfTdjWE8C+8eNAYr/4bb/4bC+xBwUmaTGbey+tMkAiujet+O7mV1bX1jfxmYWt7Z3evuH/Q1HGqGDZYLGJ1H1CNgktsGG4E3icKaRQIbAXD66nfekSleSzvzChBP6J9yUPOqLHSw5PiBjUpt067xZJbcWcgy8TLSAky1LvFr04vZmmE0jBBtW57bmL8MVWGM4GTQifVmFA2pH1sWypphNofz348ISdW6ZEwVvZJQ2bq740xjbQeRYGdjKgZ6EVvKv7ntVMTXvpjLpPUoGTzQ2EqiInJND7pcYXMiJEllNnwnBE2oIoyY0sq2BK8xcjLpFmteGeV6u15qXaV1ZGHIziGMnhwATW4gTo0gIGEZ3iFN0c7L8678zEfzTnZziH8gfP5A7cHkEg=</latexit>

vs.

block 
cache 

: block cache  
  memory 

Mcache
<latexit sha1_base64="Sjc3a90rCCXNgk19Cofiz3zdzpI=">AAAB8HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04kWoYD+kDWWznbRLN5uwuxFK6K/w4kERr/4cb/4bt20O2vpg4PHeDDPzgkRwbVz321lZXVvf2CxsFbd3dvf2SweHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWMbqZ+6wmV5rF8MOME/YgOJA85o8ZKj3e9jFE2xEmvVHYr7gxkmXg5KUOOeq/01e3HLI1QGiao1h3PTYyfUWU4EzgpdlONCWUjOsCOpZJGqP1sdvCEnFqlT8JY2ZKGzNTfExmNtB5Hge2MqBnqRW8q/ud1UhNe+RmXSWpQsvmiMBXExGT6PelzhcyIsSWUKW5vJWxIFWXGZlS0IXiLLy+TZrXinVeq9xfl2nUeRwGO4QTOwINLqMEt1KEBDCJ4hld4c5Tz4rw7H/PWFSefOYI/cD5/ANltkHA=</latexit>

read cost(Mcache)
<latexit sha1_base64="KbnK07XL/ICb3VkkAfP9qXBs0JE=">AAAB/nicbVDLSsNAFJ3UV62vqLhyM1iEuilJFXRZdONGqGAf0IYwmUzboZNJmLkRSij4K25cKOLW73Dn3zhts9DWAwOHc87l3jlBIrgGx/m2Ciura+sbxc3S1vbO7p69f9DScaooa9JYxKoTEM0El6wJHATrJIqRKBCsHYxupn77kSnNY/kA44R5ERlI3ueUgJF8+8iEw55PYw2VOz+jhA7Z5My3y07VmQEvEzcnZZSj4dtfvTCmacQkUEG07rpOAl5GFHAq2KTUSzVLCB2RAesaKknEtJfNzp/gU6OEuB8r8yTgmfp7IiOR1uMoMMmIwFAvelPxP6+bQv/Ky7hMUmCSzhf1U4EhxtMucMgVoyDGhhCquLkV0yFRhIJprGRKcBe/vExatap7Xq3dX5Tr13kdRXSMTlAFuegS1dEtaqAmoihDz+gVvVlP1ov1bn3MowUrnzlEf2B9/gD1HpV6</latexit>

LuoVLDB20LuoSIGMOD20

Mbuf
<latexit sha1_base64="/sgdbVzi2mQE5n3tgDUjn12fR+s=">AAAB8HicbVA9SwNBEJ2LXzF+RS1tFhPBKtzFQsugjY0QwXxIcoS9zV6yZHfv2N0TwpFfYWOhiK0/x85/415yhSY+GHi8N8PMvCDmTBvX/XYKa+sbm1vF7dLO7t7+QfnwqK2jRBHaIhGPVDfAmnImacsww2k3VhSLgNNOMLnJ/M4TVZpF8sFMY+oLPJIsZAQbKz1W7wZpkISz6qBccWvuHGiVeDmpQI7moPzVH0YkEVQawrHWPc+NjZ9iZRjhdFbqJ5rGmEzwiPYslVhQ7afzg2fozCpDFEbKljRorv6eSLHQeioC2ymwGetlLxP/83qJCa/8lMk4MVSSxaIw4chEKPseDZmixPCpJZgoZm9FZIwVJsZmVLIheMsvr5J2veZd1Or39UrjOo+jCCdwCufgwSU04Baa0AICAp7hFd4c5bw4787HorXg5DPH8AfO5w8u6Y//</latexit>

buffer

Mcache
<latexit sha1_base64="Sjc3a90rCCXNgk19Cofiz3zdzpI=">AAAB8HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04kWoYD+kDWWznbRLN5uwuxFK6K/w4kERr/4cb/4bt20O2vpg4PHeDDPzgkRwbVz321lZXVvf2CxsFbd3dvf2SweHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWMbqZ+6wmV5rF8MOME/YgOJA85o8ZKj3e9jFE2xEmvVHYr7gxkmXg5KUOOeq/01e3HLI1QGiao1h3PTYyfUWU4EzgpdlONCWUjOsCOpZJGqP1sdvCEnFqlT8JY2ZKGzNTfExmNtB5Hge2MqBnqRW8q/ud1UhNe+RmXSWpQsvmiMBXExGT6PelzhcyIsSWUKW5vJWxIFWXGZlS0IXiLLy+TZrXinVeq9xfl2nUeRwGO4QTOwINLqMEt1KEBDCJ4hld4c5Tz4rw7H/PWFSefOYI/cD5/ANltkHA=</latexit>

cost = R · read cost+W · write cost
<latexit sha1_base64="gVoEK1gjL3hr7RW4JkbYH5gFcCQ=">AAACFnicbZBLSwMxFIUz9VXra9Slm2ARBLHMVEE3QtGNyyr2AW0ZMplMG5qZDMkdpZT+Cjf+FTcuFHEr7vw3pp0utPVC4PDdewjn+IngGhzn28otLC4tr+RXC2vrG5tb9vZOXctUUVajUkjV9IlmgsesBhwEayaKkcgXrOH3r8b7xj1Tmsv4DgYJ60SkG/OQUwIGefYxlRrwBb5t00ACNtag7U3YEW5k7EFxYBn07KJTciaD54U7FUU0napnf7UDSdOIxUAF0brlOgl0hkQBp4KNCu1Us4TQPumylpExiZjuDCexRvjAkACHUpkXA57Q344hibQeRL65jAj09OxuDP/btVIIzztDHicpsJhmH4WpwCDxuCMccMUoiIERhJr0nGLaI4pQME0WTAnubOR5US+X3JNS+ea0WLmc1pFHe2gfHSIXnaEKukZVVEMUPaJn9IrerCfrxXq3PrLTnDX17KI/Y33+ABAsnrY=</latexit>



filter

index

buffer
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The Optimal Memory Allocation

Holistic memory 
allocation & tuning

Read cost

Update cost

Memory/space 
footprint

[Open Problem]

available 
memory 

Navigating read vs. writes: data layouts



Data Layout
leveling [eager]

1 run  
per level

tiering [lazy]

T runs  
per level



leveling tiering

Data Layout

read 
optimized 

write 
optimized 

1-leveling L-leveling



Storage Layer Design Continuum

leveling tiering1-leveling L-leveling

Any design can be defined by the tuple-set: (T, i)

SarkarVLDB21



leveling tiering1-leveling L-leveling

(T, 0) (T, 1) (T, L) (T, L+1)

Any design can be defined by the tuple-set: (T, i)

Storage Layer Design Continuum

SarkarVLDB21



(T, 0) (T, 1) (T, L) (T, L+1)(T, i)… …
Storage Layer Design Continuum

SarkarVLDB21



Storage Layer Design Continuum

variable #leveled / #tiered levels 

SarkarVLDB21
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Storage Layer Design Continuum

variable #leveled / #tiered levels 
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variable #runs/level
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#runs

Storage Layer Design Continuum

variable #leveled / #tiered levels 

variable #runs/level

DayanSIGMOD19



Storage Layer Design Continuum
variable #runs/level

variable #leveled / #tiered levels 

variable size ratio

The LSM storage layer  
design continuum
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performance 
modeling 

worst-case

workload

performance 
target LSM designs



: #levels L
<latexit sha1_base64="b4yaNqEsiUf6kUcRaHNyy4jRZ4A=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe6ioGXAxsIiARMDyRH2NnPJmr29Y3dPCEd+gY2FIrb+JDv/jZvkCk18MPB4b4aZeUEiuDau++0U1tY3NreK26Wd3b39g/LhUVvHqWLYYrGIVSegGgWX2DLcCOwkCmkUCHwIxjcz/+EJleaxvDeTBP2IDiUPOaPGSs27frniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcC ZwWuqlGhPKxnSIXUsljVD72fzQKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7Gsy4AqZERNLKFPc3krYiCrKjM2mZEPwll9eJe1a1buo1pqXlXo9j6MIJ3AK5+DBFdThFhrQAgYIz/AKb86j8+K8Ox+L1oKTzxzDHzifP6Q9jNI=</latexit>

: FPR of BF�
<latexit sha1_base64="vfnJsCKOhrAAHGhTD6JQR1zPmBI=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeAF48V7Ae0oWy2m2bp7ibsboQS+he8eFDEq3/Im//GTZuDtj4YeLw3w8y8MOVMG9f9diobm1vbO9Xd2t7+weFR/fikq5NMEdohCU9UP8SaciZpxzDDaT9VFIuQ0144vSv83hNVmiXy0cxSGgg8kSxiBJtCGqYxG9UbbtNdAK0TryQNKNEe1b+G44RkgkpDONZ64LmpCXKsDC OczmvDTNMUkyme0IGlEguqg3xx6xxdWGWMokTZkgYt1N8TORZaz0RoOwU2sV71CvE/b5CZ6DbImUwzQyVZLooyjkyCisfRmClKDJ9Zgoli9lZEYqwwMTaemg3BW315nXRbTe+q2Xq4bvh+GUcVzuAcLsGDG/DhHtrQAQIxPMMrvDnCeXHenY9la8UpZ07hD5zPHxQ8jkE=</latexit>

performance 
modeling 

worst-case

7

read cost:worst-case 1 +
L�1X

i=1

�i

<latexit sha1_base64="zNGbJV3Zo3QZYA+6CIRVqFMfbxw=">AAACAnicbVDLSsNAFJ3UV62vqCtxM1gEQSyZKuhGKLpx4aKCfUATw2Q6aYdOHsxMhBKCG3/FjQtF3PoV7vwbJ20WWj1w4XDOvdx7jxdzJpVlfRmlufmFxaXycmVldW19w9zcassoEYS2SMQj0fWwpJyFtKWY4rQbC4oDj9OON7rM/c49FZJF4a0ax9QJ8CBkPiNYack1d9ChLZPATdk5yu7S6yOU2fGQuazimlWrZk0A/xJUkCoo0HTNT7sfkSSgoSIcS9lDVqycFAvFCKdZxU4kjTEZ4QHtaRrigEonnbyQwX2t9KEfCV2hghP150SKAynHgac7A6yGctbLxf+8XqL8MydlYZwoGpLpIj/hUEUwzwP2maBE8bEmmAimb4VkiAUmSqeWh4BmX/5L2vUaOq7Vb06qjYsijjLYBXvgACBwChrgCjRBCxDwAJ7AC3g1Ho1n4814n7aWjGJmG/yC8fENrVaWUw==</latexit>



performance 
modeling 

worst-case

7

read cost:worst-case 1 +
L�1X

i=1

�i

<latexit sha1_base64="zNGbJV3Zo3QZYA+6CIRVqFMfbxw=">AAACAnicbVDLSsNAFJ3UV62vqCtxM1gEQSyZKuhGKLpx4aKCfUATw2Q6aYdOHsxMhBKCG3/FjQtF3PoV7vwbJ20WWj1w4XDOvdx7jxdzJpVlfRmlufmFxaXycmVldW19w9zcassoEYS2SMQj0fWwpJyFtKWY4rQbC4oDj9OON7rM/c49FZJF4a0ax9QJ8CBkPiNYack1d9ChLZPATdk5yu7S6yOU2fGQuazimlWrZk0A/xJUkCoo0HTNT7sfkSSgoSIcS9lDVqycFAvFCKdZxU4kjTEZ4QHtaRrigEonnbyQwX2t9KEfCV2hghP150SKAynHgac7A6yGctbLxf+8XqL8MydlYZwoGpLpIj/hUEUwzwP2maBE8bEmmAimb4VkiAUmSqeWh4BmX/5L2vUaOq7Vb06qjYsijjLYBXvgACBwChrgCjRBCxDwAJ7AC3g1Ho1n4814n7aWjGJmG/yC8fENrVaWUw==</latexit>

LX

i=1

(P[query in Li] · (1 +
i�1X

j=1

�i))

<latexit sha1_base64="n7cqIACndN1R1ZhgnrF0aEBPwsg="></latexit>

performance 
modeling 

average-case

: #levels L
<latexit sha1_base64="b4yaNqEsiUf6kUcRaHNyy4jRZ4A=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe6ioGXAxsIiARMDyRH2NnPJmr29Y3dPCEd+gY2FIrb+JDv/jZvkCk18MPB4b4aZeUEiuDau++0U1tY3NreK26Wd3b39g/LhUVvHqWLYYrGIVSegGgWX2DLcCOwkCmkUCHwIxjcz/+EJleaxvDeTBP2IDiUPOaPGSs27frniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcC ZwWuqlGhPKxnSIXUsljVD72fzQKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7Gsy4AqZERNLKFPc3krYiCrKjM2mZEPwll9eJe1a1buo1pqXlXo9j6MIJ3AK5+DBFdThFhrQAgYIz/AKb86j8+K8Ox+L1oKTzxzDHzifP6Q9jNI=</latexit>

: FPR of BF�
<latexit sha1_base64="vfnJsCKOhrAAHGhTD6JQR1zPmBI=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeAF48V7Ae0oWy2m2bp7ibsboQS+he8eFDEq3/Im//GTZuDtj4YeLw3w8y8MOVMG9f9diobm1vbO9Xd2t7+weFR/fikq5NMEdohCU9UP8SaciZpxzDDaT9VFIuQ0144vSv83hNVmiXy0cxSGgg8kSxiBJtCGqYxG9UbbtNdAK0TryQNKNEe1b+G44RkgkpDONZ64LmpCXKsDC OczmvDTNMUkyme0IGlEguqg3xx6xxdWGWMokTZkgYt1N8TORZaz0RoOwU2sV71CvE/b5CZ6DbImUwzQyVZLooyjkyCisfRmClKDJ9Zgoli9lZEYqwwMTaemg3BW315nXRbTe+q2Xq4bvh+GUcVzuAcLsGDG/DhHtrQAQIxPMMrvDnCeXHenY9la8UpZ07hD5zPHxQ8jkE=</latexit>

ChatterjeeVLDB22HuynhVLDB22
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workload

budget SE design h/w cloud 
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average-case
performance 

modeling 

workload

performance 
target LSM designsWhat if the workload comes with unpredictability?



Workload-based Tuning

<latexit sha1_base64="OJU76+n8qzLsG76djvk5wZO8onQ=">AAACDnicbVC7TsNAEDyHVwgvAyXNiSgSVWQjXmUEDWWQyENKrOh8OSennO+suzUQWfkCGn6FhgKEaKnp+BscxwUkTDWa2dXujB8JbsBxvq3C0vLK6lpxvbSxubW9Y+/uNY2KNWUNqoTSbZ8YJrhkDeAgWDvSjIS+YC1/dDX1W3dMG67kLYwj5oVkIHnAKYFU6tmVLrAHSFQEPCQCUyUDPoh15uJAaTzB9z2nZ5edqpMBLxI3J2WUo96zv7p9ReOQSaCCGNNxnQi8hGjgVLBJqRsbFhE6IgPWSakkITNeksWZ4Eqq9LPjgZKAM/X3RkJCY8ahn06GBIZm3puK/3mdGIILL+EyioFJOjsUxAKDwtNucJ9rRkGMU0Ko5umvmA6JJhTSBktpCe585EXSPK66Z9XTm5Ny7TKvo4gO0CE6Qi46RzV0jeqogSh6RM/oFb1ZT9aL9W59zEYLVr6zj/7A+vwBq26cew==</latexit>

optimal configuration for w0

<latexit sha1_base64="yfYI/SAJ8Goytx+wR4YaswRj/vw=">AAAB/nicbZDLSsNAFIZP6q3WW1RcuRksQgUpiXhbFt24rGAv0IYwmU7aoZNMmJkoJRR8FTcuFHHrc7jzbZy2WWj1h4GP/5zDOfMHCWdKO86XVVhYXFpeKa6W1tY3Nrfs7Z2mEqkktEEEF7IdYEU5i2lDM81pO5EURwGnrWB4Pam37qlUTMR3epRQL8L9mIWMYG0s394jQmlUefCdY9RNmJ8ZGh/5dtmpOlOhv+DmUIZcdd/+7PYESSMaa8KxUh3XSbSXYakZ4XRc6qaKJpgMcZ92DMY4osrLpueP0aFxeigU0rxYo6n7cyLDkVKjKDCdEdYDNV+bmP/VOqkOL72MxUmqaUxmi8KUIy3QJAvUY5ISzUcGMJHM3IrIAEtMtEmsZEJw57/8F5onVfe8enZ7Wq5d5XEUYR8OoAIuXEANbqAODSCQwRO8wKv1aD1bb9b7rLVg5TO78EvWxzeIRJSV</latexit>

cost(w0,⇡w0)
<latexit sha1_base64="PNLa+m0Uz+DJix//uCXYphKLsYE=">AAACDnicbZDLSgMxFIYz9VbrbdSlm8FSaEHKjHjbCEU3LivYC7TDkEnTNjSXIckoZZgncOOruHGhiFvX7nwb03YW2vpD4M93ziE5fxhRorTrflu5peWV1bX8emFjc2t7x97dayoRS4QbSFAh2yFUmBKOG5poituRxJCFFLfC0fWk3rrHUhHB7/Q4wj6DA076BEFtUGCXuhEJkofATS+hHDDCg8SQtIyE0mWDj8ytUgnsolt1p3IWjZeZIshUD+yvbk+gmGGuEYVKdTw30n4CpSaI4rTQjRWOIBrBAe4YyyHDyk+m66ROyZCe0xfSHK6dKf09kUCm1JiFppNBPVTztQn8r9aJdf/CTwiPYo05mj3Uj6mjhTPJxukRiZGmY2MgksT81UFDKCHSJsGCCcGbX3nRNI+r3ln19PakWLvK4siDA3AIysAD56AGbkAdNAACj+AZvII368l6sd6tj1lrzspm9sEfWZ8/hoObwg==</latexit>

⇡w0 = argmin⇡(cost(w0,⇡))

HuynhVLDB22



w1

Nominal Tuning

<latexit sha1_base64="OJU76+n8qzLsG76djvk5wZO8onQ=">AAACDnicbVC7TsNAEDyHVwgvAyXNiSgSVWQjXmUEDWWQyENKrOh8OSennO+suzUQWfkCGn6FhgKEaKnp+BscxwUkTDWa2dXujB8JbsBxvq3C0vLK6lpxvbSxubW9Y+/uNY2KNWUNqoTSbZ8YJrhkDeAgWDvSjIS+YC1/dDX1W3dMG67kLYwj5oVkIHnAKYFU6tmVLrAHSFQEPCQCUyUDPoh15uJAaTzB9z2nZ5edqpMBLxI3J2WUo96zv7p9ReOQSaCCGNNxnQi8hGjgVLBJqRsbFhE6IgPWSakkITNeksWZ4Eqq9LPjgZKAM/X3RkJCY8ahn06GBIZm3puK/3mdGIILL+EyioFJOjsUxAKDwtNucJ9rRkGMU0Ko5umvmA6JJhTSBktpCe585EXSPK66Z9XTm5Ny7TKvo4gO0CE6Qi46RzV0jeqogSh6RM/oFb1ZT9aL9W59zEYLVr6zj/7A+vwBq26cew==</latexit>

optimal configuration for w0

<latexit sha1_base64="yfYI/SAJ8Goytx+wR4YaswRj/vw=">AAAB/nicbZDLSsNAFIZP6q3WW1RcuRksQgUpiXhbFt24rGAv0IYwmU7aoZNMmJkoJRR8FTcuFHHrc7jzbZy2WWj1h4GP/5zDOfMHCWdKO86XVVhYXFpeKa6W1tY3Nrfs7Z2mEqkktEEEF7IdYEU5i2lDM81pO5EURwGnrWB4Pam37qlUTMR3epRQL8L9mIWMYG0s394jQmlUefCdY9RNmJ8ZGh/5dtmpOlOhv+DmUIZcdd/+7PYESSMaa8KxUh3XSbSXYakZ4XRc6qaKJpgMcZ92DMY4osrLpueP0aFxeigU0rxYo6n7cyLDkVKjKDCdEdYDNV+bmP/VOqkOL72MxUmqaUxmi8KUIy3QJAvUY5ISzUcGMJHM3IrIAEtMtEmsZEJw57/8F5onVfe8enZ7Wq5d5XEUYR8OoAIuXEANbqAODSCQwRO8wKv1aD1bb9b7rLVg5TO78EvWxzeIRJSV</latexit>

cost(w0,⇡w0)

<latexit sha1_base64="Daq3s89EeLi5Y4ZV6xeinQiLRdg=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRbBU9kVqx6LXjxWsB/SLks2zbahSXZJskpZ+iu8eFDEqz/Hm//GtN2Dtj4YeLw3w8y8MOFMG9f9dgorq2vrG8XN0tb2zu5eef+gpeNUEdokMY9VJ8SaciZp0zDDaSdRFIuQ03Y4upn67UeqNIvlvRkn1Bd4IFnECDZWeuglLMieAncSlCtu1Z0BLRMvJxXI0QjKX71+TFJBpSEca9313MT4GVaGEU4npV6qaYLJCA9o11KJBdV+Njt4gk6s0kdRrGxJg2bq74kMC63HIrSdApuhXvSm4n9eNzXRlZ8xmaSGSjJfFKUcmRhNv0d9pigxfGwJJorZWxEZYoWJsRmVbAje4svLpHVW9S6qtbvzSv06j6MIR3AMp+DBJdThFhrQBAICnuEV3hzlvDjvzse8teDkM4fwB87nD9MTkHA=</latexit>⇡w0
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Comparison of Tunings. First, we address the question – is it
bene�cial to adopt robust tunings relative to the nominal tunings? In-
tuitively, it should be clear that the performance of nominally tuned
databases would degrade when the workloads being executed on
the database are signi�cantly di�erent from the expected workloads
used for tuning. In Figure 3, we present performance comparisons
between the robust and the nominal tunings for di�erent values of
uncertainty parameter �. We observe that robust tunings provide
substantial bene�t in terms of normalized delta throughput for
unimodal, bimodal, and trimodal workloads. The normalized delta
throughput �ŵ(�N ,�R ) shows over 95% improvement on average
over all ŵ 2 B for robust tunings with � � 0.5, when the expected
workload used during tuning belongs to one of these categories. For
uniform expected workload, we observe that the nominal tuning
outperforms the robust tuning by a modest 5%.

Intuitively, unbalanced workloads result in over�t nominal tun-
ings. Hence, even small variations in the observed workload can
lead to signi�cant degradation in the throughput of such nominally
tuned databases. On the other hand, robust tunings by their very
nature take into account such variations and comprehensively out-
perform the nominal tunings. In the case of the uniform expected
workload w0, a low value of � covers a larger area of possible
workloads then that same value would in a di�erent workload as
evident in Figure 2. In this case, when tuned for high values of �,
the robust tunings are unrealistically pessimistic and lose out some
performance relative to the nominal tuning.

Impact of Tuning Parameter �. Next, we address the question –
how does the uncertainty tuning parameter � impact the performance
of the robust tunings? In Figure 4, we take a deep dive into the
performance of robust tunings for an individual expected workload
for di�erent values of �. We observe that the robust tunings for � =
0 i.e., zero uncertainty, are very close to the nominal tunings. As the
value of � increases, its performance advantage over the nominal
tuning for the observed workloads with higher KL-divergence w.r.t.
expected workload increases. Furthermore, the robustness of such
con�gurations have logically sound explanations. The expected
workload in Figure 4 consists of just 1%writes. Hence, for low values
of �, the robust tuning has higher size ratio leading to shallower
LSM trees to achieve good read performance. For higher values of
�, the robust tunings anticipate an increasing percentage of write
queries and hence limit the size ratio to achieve higher throughput.

In Figure 5, we show the impact of tuning parameter � on the
throughput range. In Figure 5a we plot a histogram of the nom-
inal and robust throughputs for workload w11. As the value of
� increases, the interval size between the lowest and the highest
throughputs for the robust tunings consistently decreases. We pro-
vide further evidence of this phenomenon in Figure 5b, by plotting
the decreasing throughput range �B(�R ) averaged across all the
expected workloads. Thus, robust tunings not only provide a higher
average throughput over all ŵ 2 B, but they have a more consistent
performance (lower variance) compared to the nominal tunings.

Figure 4: Impact of � on normalized delta throughput �ŵ(�N ,�R ) for tunings with expected workload w11.
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throughput �ŵ(�N ,�R ) shows over 95% improvement on average
over all ŵ 2 B for robust tunings with � � 0.5, when the expected
workload used during tuning belongs to one of these categories. For
uniform expected workload, we observe that the nominal tuning
outperforms the robust tuning by a modest 5%.

Intuitively, unbalanced workloads result in over�t nominal tun-
ings. Hence, even small variations in the observed workload can
lead to signi�cant degradation in the throughput of such nominally
tuned databases. On the other hand, robust tunings by their very
nature take into account such variations and comprehensively out-
perform the nominal tunings. In the case of the uniform expected
workload w0, a low value of � covers a larger area of possible
workloads then that same value would in a di�erent workload as
evident in Figure 2. In this case, when tuned for high values of �,
the robust tunings are unrealistically pessimistic and lose out some
performance relative to the nominal tuning.

Impact of Tuning Parameter �. Next, we address the question –
how does the uncertainty tuning parameter � impact the performance
of the robust tunings? In Figure 4, we take a deep dive into the
performance of robust tunings for an individual expected workload
for di�erent values of �. We observe that the robust tunings for � =
0 i.e., zero uncertainty, are very close to the nominal tunings. As the
value of � increases, its performance advantage over the nominal
tuning for the observed workloads with higher KL-divergence w.r.t.
expected workload increases. Furthermore, the robustness of such
con�gurations have logically sound explanations. The expected
workload in Figure 4 consists of just 1%writes. Hence, for low values
of �, the robust tuning has higher size ratio leading to shallower
LSM trees to achieve good read performance. For higher values of
�, the robust tunings anticipate an increasing percentage of write
queries and hence limit the size ratio to achieve higher throughput.

In Figure 5, we show the impact of tuning parameter � on the
throughput range. In Figure 5a we plot a histogram of the nom-
inal and robust throughputs for workload w11. As the value of
� increases, the interval size between the lowest and the highest
throughputs for the robust tunings consistently decreases. We pro-
vide further evidence of this phenomenon in Figure 5b, by plotting
the decreasing throughput range �B(�R ) averaged across all the
expected workloads. Thus, robust tunings not only provide a higher
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expected workload increases. Furthermore, the robustness of such
con�gurations have logically sound explanations. The expected
workload in Figure 4 consists of just 1%writes. Hence, for low values
of �, the robust tuning has higher size ratio leading to shallower
LSM trees to achieve good read performance. For higher values of
�, the robust tunings anticipate an increasing percentage of write
queries and hence limit the size ratio to achieve higher throughput.
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(a) Histograms of throughput 1/C(ŵ, �) for tunings with expected workload w11 (b) Throughput range �B(�)

Figure 5: Impact of � on throughput.

Comparison of Tunings. First, we address the question – is it
bene�cial to adopt robust tunings relative to the nominal tunings? In-
tuitively, it should be clear that the performance of nominally tuned
databases would degrade when the workloads being executed on
the database are signi�cantly di�erent from the expected workloads
used for tuning. In Figure 3, we present performance comparisons
between the robust and the nominal tunings for di�erent values of
uncertainty parameter �. We observe that robust tunings provide
substantial bene�t in terms of normalized delta throughput for
unimodal, bimodal, and trimodal workloads. The normalized delta
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throughput �ŵ(�N ,�R ) shows over 95% improvement on average
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The Key Takeaways 

The LSM design space is vast and complex.

Read optimizations are crucial to make LSMs better.

A tuned LSM engine can offer superior performance. 



Open Research Challenges
Reduce write amplification

Workload-aware compactions & layout transformation

Privacy-aware LSM designs

Performance Stability & Holistic Tuning

Automatic Tuning & Adaptive Behavior
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