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Abstract

Data movement in analytical database systems is a critical bottleneck, driving
energy consumption and infrastructure costs. In the context of storage access,
this thesis contributes techniques to mitigate these costs through Cooperative
Refinement, the symbiotic interplay between indexing and data-centric processing.

First, we address the intersection of these two fields: We by analyze proba-
bilistic data structures, such as Bloom filters and binary sketches, as candidates
for Processing-in-NAND (PiN) due to their high error tolerance. To expand the
applicability of current PiN architectures, we propose a scheme for emulating
inequality comparisons inside NAND. To maximize the potential of fine-granular
index information, we present early work on Gravity Store, a data-centric in-storage
materialization engine for declarative analytics.

The second major contribution is Team-based indexing, a generalization of
bitmap indexing for selective, high-dimensional range queries. By forming “Teams”
of moderately-sized attribute subsets, this strategy improves runtime efficiency
and reduces storage overhead compared to traditional indexing. We address the
central challenges of efficient index intersection and Team composition. Finally,
we introduce TeamBench, a benchmark generator specifically designed to evaluate
these index intersection performances at scale.
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\begin {align*}\Pr (H_0 = h_0\mid H\le r) &= \frac {\sum _{h=0}^{r} \Pr (H_0 = h_0, H = h)}{\Pr (H \le r)}\\ &= \frac {\sum _{h=0}^{r}\Pr (H = h \mid H_0 = h_0)\cdot \Pr (H_0 = h_0)}{\sum _{h=0}^{r}\Pr (H = h)}\end {align*}


   ℎ 


$\Pr (H = h) = \sum _{\hat h_0=0}^{S} \Pr (H = h\mid H _0 = \hat h_0)\cdot \Pr (H _0 = \hat h_0)$


    Pr   (    𝐻  0   =    ℎ  0   |  𝐻  ≤   51   ) 


$\Pr (H_0=h_0\mid H \le 51)$


$h_0$


   ℎ  >   51  


$h > 51$


   𝑟  =   51  


$r = 51$


   ≈  0  .   001  


$\approx 0.001$


$p_{\updownarrow }$


   𝑅 


$R$


     𝑝  ↕   =  0  .   01  


$p_{\updownarrow }=0.01$


$r$


   0  .   82  


$0.82$


$0$


    popcnt   (  𝑥  )  <  𝑐 


$\textsc {popcnt}(x) < c$


$16$


$\mathrm {KiB}$


$4$


$\mathrm {KiB}$


   ⟨  T  ⟩ 


$\left \langle \textsc {T}\right \rangle $


   T 


$\textsc {T}$


           ⟨          Offset   (   MyArray   )  ,            [     Cardinality   (   MyNestedArray   )      ]  i   ,             MyArray:          [             MyNestedArray:    [    T      ]  j         ]   i     ⟩    


\begin {align*}\langle \;\; & \textsc {Offset}(\text {\footnotesize MyArray}), \\ & [\,\textsc {Cardinality}(\text {\footnotesize MyNestedArray})\,]_\mathbf {i}, \\ & \text {\footnotesize MyArray: } \left [ \begin {array}{l} \text {\footnotesize MyNestedArray: } [\;\textsc {T}\;]_\mathbf {j} \end {array} \right ]_\mathbf {i} \;\rangle \end {align*}


    Offset   (   MyArray   ) 


$\textsc {Offset}(\text {\footnotesize MyArray})$


   [   MyNestedArray     ]  i  


$[\text {\footnotesize MyNestedArray}]_\mathbf {i}$


   i 


$\mathbf {i}$


      MyNestedArray   j  


$\text {\footnotesize MyNestedArray}_\mathbf {j}$


   j 


$\mathbf {j}$


   [     MyNestedArray   j     ]  i  


$[\text {\footnotesize MyNestedArray}_\mathbf {j}]_\mathbf {i}$


$\mathbf {i}$


   [   Cardinality   (   MyNestedArray   )    ]  i  


$[\textsc {Cardinality}(\text {MyNestedArray})]_\mathbf {i}$


     j  i  


$\mathbf {j}_\mathbf {i}$


$\mathbf {i}$


$\mathbf {j}$


$\textsc {T}$


    size   (  𝑇  ) 


$\operatorname {size}(T)$


$\textsc {Offset}(\text {\footnotesize MyArray})$


   i  ∈  [  0  ,  𝐼  ) 


$\mathbf {i} \in [0,I)$


   [   Cardinality   (   MyNestedArray   )    ]  i  


$[\textsc {Cardinality}(\text {\footnotesize MyNestedArray})]_\mathbf {i}$


   𝐼  ⋅   size   (   Cardinality   ) 


$I \cdot \operatorname {size}(\textsc {Cardinality})$


    off   (  [   Cardinality   (   MyNestedArray   )    ]  i   )  =   size   (   Offset   ) 


$\operatorname {off}([\textsc {Cardinality}(\text {\footnotesize MyNestedArray})]_\mathbf {i}) = \operatorname {size}(\textsc {Offset})$


$[\textsc {Cardinality}(\text {MyNestedArray})]_\mathbf {i}$


   [   Cardinality   (   MyNestedArray   )    ]   15   


$[\textsc {Cardinality}(\text {MyNestedArray})]_{15}$


      MyNestedArray    15   


$\text {\footnotesize MyNestedArray}_{15}$


   i  <   15  


$\mathbf {i}<15$


       ⟨                 [             ⟨    T  ,    X  :  [    S      ]  j     ⟩        ]           i         ⟩          


\begin {equation*}\bigl \langle \, \bigl [\, \langle \, \textsc {T}, \ \text {\footnotesize X}: [\,\textsc {S}\,]_{\mathbf j}\, \rangle \bigr ]_{\mathbf i}\, \bigr \rangle \end {equation*}


   X 


$\text {\footnotesize X}$


$\textsc {T}$


   [  T    ]  0   ,  [  X    ]  0   ,  [  T    ]  1   ,  [  X    ]  1     .  .  .  


$[\text {\footnotesize T}]_{\mathbf 0},[\text {\footnotesize X}]_{0},[\text {\footnotesize T}]_{1},[\text {\footnotesize X}]_{1}\dots $


   [  T    ]  i  


$[\textsc {T}]_{\mathbf i}$


   [  X    ]  i  


$[\text {\footnotesize X}]_{\mathbf i}$


    off   (  [  X    ]  i   )       mod          4096   =   size   (  T  ) 


$\operatorname {off}([\text {\footnotesize X}]_{\mathbf i}) \bmod 4096 = \operatorname {size}(\textsc {T})$


   𝒮 


$\mathcal {S}$


    slot   (  𝒮  )  =  0 


$\operatorname {slot}(\mathcal {S}) = 0$


   i  ∈  [  0  ,  2  ) 


$\mathbf {i} \in [0,2)$


   j  ∈  [  0  ,  3  ) 


$\mathbf {j} \in [0,3)$


   𝒮  ,  [  T    ]  0   ,  [    X  0     ]  0   ,  [    X  1     ]  0   ,  [    X  2     ]  0   ,  [  T    ]  1   ,  [    X  0     ]  1   ,  [    X  1     ]  1   ,  [    X  2     ]  1   . 


\begin {equation*}\mathcal {S}, [\textsc {T}]_0, [\text {\footnotesize X}_{0}]_{0}, [\text {\footnotesize X}_{1}]_{0}, [\text {\footnotesize X}_{2}]_{0}, [\textsc {T}]_1, [\text {\footnotesize X}_{0}]_{1}, [\text {\footnotesize X}_{1}]_{1}, [\text {\footnotesize X}_{2}]_{1}.\end {equation*}


    card   (  𝒮  )  =  1  +  𝐼  ⋅  (  1  +  𝐽  )  =  1  +  2  ⋅  (  1  +  3  )  =  9 


$\operatorname {card}(\mathcal {S}) = 1+I\cdot (1+J)= 1+2\cdot (1+3)= 9$


$\mathcal {S}$


   [  T    ]  0  


$[\textsc {T}]_0$


   2  ,  3  ,  4  ,  5  ,  6  ,  7 


$2,3,4,5,6,7$


   [  X    ]  0  


$[\text {\footnotesize X}]_{0}$


   2  ,  3  ,  4 


$2,3,4$


   (  i  ,  0  ) 


$({\mathbf i},0)$


   (  i  ,  j  ) 


$({\mathbf i},{\mathbf j})$


    card   (  𝒮  ) 


$\operatorname {card}(\mathcal {S})$


$\textsc {Offset}(\text {\footnotesize MyArray})$


   𝑖  +  1 


$i+1$


   𝑖 


$i$


$i$


$i+1$


   𝒮  :      ⟨                 [             ⟨    T  ,    X  :  [    S      ]  j     ⟩        ]           i   ,    Y  :      [             [    S      ]  j           ]           i         ⟩           . 


\begin {equation*}\mathcal {S}: \bigl \langle \, \bigl [\, \langle \, \textsc {T}, \ \text {\footnotesize X}: [\,\textsc {S}\,]_{\mathbf j}\, \rangle \bigr ]_{\mathbf i},\, \text {\footnotesize Y}: \bigl [\, [\,\textsc {S}\,]_{\mathbf j}\, \bigr ]_{\mathbf i}\, \bigr \rangle .\end {equation*}


   𝒮  :  {  (  [    X  j     ]  i   ,    Y    i  ,  j    )  |  ∀    i  ,  j   } 


\begin {equation*}\mathcal {S}: \{([\text {\footnotesize X}_{\mathbf j}]_{\mathbf i} , \text {\footnotesize Y}_{\mathbf {i}, \mathbf {j}}) \mid \forall \mathbf {i,j} \}\end {equation*}


   ⇒  (  [    X  0     ]  0   ,  [    X  1     ]  0   ,    .  .  .   ,  [    X  0     ]  1   ,    .  .  .   ,    Y    0  ,  0    ,    Y    0  ,  1    ,    .  .  .   ,    Y    1  ,  0    ,    Y    1  ,  1    ,    .  .  .   )  . 


\begin {equation*}\Rightarrow ([\text {\footnotesize X}_{\mathbf 0}]_{\mathbf 0},[\text {\footnotesize X}_{\mathbf 1}]_{\mathbf 0}, \ldots , [\text {\footnotesize X}_{\mathbf 0}]_{\mathbf 1}, \ldots , \text {\footnotesize Y}_{0,0}, \text {\footnotesize Y}_{0,1}, \ldots , \text {\footnotesize Y}_{1,0}, \text {\footnotesize Y}_{1,1}, \ldots ).\end {equation*}


   𝒮  :  {    {  (  [    X  j     ]  i   ,    Y    i  ,  j    )  |  ∀  j  }  |  ∀  i    } 


\begin {equation*}\mathcal {S}: \{\;\{([\text {\footnotesize X}_{\mathbf j}]_{\mathbf i}, \text {\footnotesize Y}_{\mathbf {i},\mathbf {j}}) \mid \forall \mathbf {j}\} \mid \forall \mathbf {i}\;\}\end {equation*}


   ⇒  (  (  [    X  0     ]  0   ,    Y    0  ,  0    )  ,  (  [    X  1     ]  0   ,    Y    0  ,  1    )  ,    .  .  .   ,  (  [    X  0     ]  1   ,    Y    1  ,  0    )  ,    .  .  .   )  . 


\begin {equation*}\Rightarrow (([\text {\footnotesize X}_{\mathbf 0}]_{\mathbf 0}, \text {\footnotesize Y}_{0,0}),([\text {\footnotesize X}_{\mathbf 1}]_{\mathbf 0}, \text {\footnotesize Y}_{0,1}), \ldots , ([\text {\footnotesize X}_{\mathbf 0}]_{\mathbf 1 }, \text {\footnotesize Y}_{1,0}), \ldots ).\end {equation*}


    Jaccard   (  q  ,  x  )  =       popcnt   (  q  ∧  x  )      popcnt   (  q  ∨  x  )    , 


\begin {equation*}\textsc {Jaccard}(\mathbf {q},\mathbf {x}) = \frac {\textsc {popcnt}(\mathbf {q} \mathbin {\wedge } \mathbf {x})}{\textsc {popcnt}(\mathbf {q} \mathbin {\vee } \mathbf {x})},\end {equation*}


   ∀    𝑐  𝑖   ∈  𝐶  ,  𝑙  ∈  {  1  ,    .  .  .   ,  𝑑  }  :    𝑐  𝑖   ≥  𝑙  ∨    𝑐  𝑖   =  0  . 


\begin {equation*}\forall c_i \in C, l\in \{1,\ldots ,d\}: c_i \ge l \vee c_i = 0.\end {equation*}


   𝑇  =  {  {  𝐴  ,  𝐵  ,  𝐶  }  ,  {  𝐷  ,  𝐸  ,  𝐹  }  ,  {  𝐺  ,  𝐻  ,  𝐼  }  ,  {  𝐽  ,  𝐾  ,  𝐿  }  } 


\begin {equation*}T = \{\{A,B,C\},\{D,E,F\},\{G,H,I\},\{J,K,L\}\}\end {equation*}


          (6.1)       Pr   (  𝑔  ,  𝑑  ,  𝑞  ,  𝑙  )     :  =        P    𝐶  ∈    ℰ  𝑙   (  𝑞  )      Q    𝑖  =  1   𝑔         (               𝑑    𝑐  𝑖          )                   (               𝐷  𝑞         )             .    


\begin {align}\Pr (g,d,q,l) &:= \frac {\sum _{C \in \mathcal {E}_{l}(q)} \prod _{i=1}^{g} \binom {d}{c_i}} {\binom {D}{q}}.\label {eq:efficient_access_probability}\end {align}


             P      𝑐  1   +    ⋅  ⋅  ⋅   +    𝑐  𝑔   =  𝑞      Q    𝑖  =  1   𝑔         (               𝑑    𝑐  𝑖          )            =        (               𝐷  𝑞         )            .      


\begin {align*}\sum _{c_1+\cdots +c_g=q} \prod _{i=1}^{g} \binom {d}{c_i} = \binom {D}{q}.\end {align*}


          (6.2)         Pr     ≥  𝑞    (  𝑔  ,  𝑑  ,  𝑞  ,  𝑙  )     :  =        P    𝑝  =  𝑞   𝐷     P    𝐶  ∈    ℰ  𝑙   (  𝑝  )      Q    𝑖  =  1   𝑔         (               𝑑    𝑐  𝑖          )                 P    𝑝  =  𝑞   𝐷         (               𝐷  𝑝         )              .    


\begin {align}\Pr _{\ge q}(g,d,q,l) &:= \frac { \sum _{p=q}^{D}\sum _{C \in \mathcal {E}_{l}(p)} \prod _{i=1}^{g} \binom {d}{c_i} }{ \sum _{p=q}^{D}\binom {D}{p} }.\label {eq:cummulative_eap}\end {align}


   𝐴 


$A$


   𝐵 


$B$


   𝐶 


$C$


          (5.1)      𝑅  =      (               S  𝑖     𝐴  𝑖       )             ∩        (               S  𝑗     𝐵  𝑗       )             ∩        (               S  𝑘     𝐶  𝑘       )           ,      


\begin {align}R = \Bigl (\,\bigcup _{i}A_i\Bigr ) \;\cap \; \Bigl (\,\bigcup _{j}B_j\Bigr ) \;\cap \; \Bigl (\,\bigcup _{k}C_k\Bigr ),\label {eq:union_first}\end {align}


$i$


   𝑗 


$j$


$k$


          (5.2)      𝑅     =    S    𝑖  ,  𝑗  ,  𝑘        (               𝐴  𝑖     ∩      𝐵  𝑗     ∩      𝐶  𝑘       )             


\begin {align}R &= \bigcup _{i,j,k}\Bigl (\;A_i \;\cap \;B_j \;\cap \;C_k\Bigr )\label {eq:full_expansion}\end {align}


   |  𝐴  |  ⋅  |  𝐵  |  ⋅  |  𝐶  | 


$|A|\cdot |B|\cdot |C|$


     𝐴  𝑖   ∩    𝐵  𝑗  


$A_i \cap B_j$


$k$


$C$


   (  𝑖  ,  𝑗  ) 


$(i,j)$


$A$


$B$


          (5.3)      𝑅     =    S    𝑖  ,  𝑗          [                   Independent Sub-Expression        ]           ,    


\begin {align}R &= \bigcup _{i,j}\;\Bigl [\underbrace { \bigcup _{k} \Bigl (\Bigl (\;A_i \;\cap \;B_j\Bigr ) \;\cap \;C_k\Bigr )}_\text {Independent Sub-Expression}\Bigr ],\label {eq:partial_expansion}\end {align}


   |  𝐴  |  ⋅  |  𝐵  | 


$|A|\cdot |B|$


   1  +  |  𝐶  | 


$1+|C|$


$A_i \cap B_j$


$k$


   |    𝐴  𝑖   | 


$|A_i|$


     R  *  


$\text {R}^*$


$d$


   𝑏  −  1 


$b-1$


   𝑏  =   10  


$b = 10$


   (  −  ∞  ,    𝑞    0  .  1    ] 


$(-\infty ,q_{0.1}]$


   (    𝑞    0  .  9    ,  ∞  ) 


$(q_{0.9},\infty )$


     𝑞    0  .  1   


$q_{0.1}$


     𝑞    0  .  9   


$q_{0.9}$


   0  .  1 


$0.1$


   0  .  9 


$0.9$


   1  /  𝑏 


$1/b$


     𝑏  𝑑  


$b^d$


$0$


$1/b$


$\text {R}^*$


$b$


$b = 10$


   𝑠  >  0  .  9 


$s > 0.9$


   𝑠  ≪  0  .   01  


$s \ll 0.01$


$\text {R}^*$


$k$


   𝑁 


$N$


     2   16   


$2^{16}$


$b = 10$


   𝑑  =  4 


$d = 4$


   ≈   19   .  6     GB  


$\approx \SI {19.6}{\giga \byte }$


   ≈   10   .   75      GB  


$\approx \SI {10.75}{\giga \byte }$


   ≈  2  .   98      GB  


$\approx \SI {2.98}{\giga \byte }$


      log   2     𝑏 


$\log _2{b}$


$d$


$b^d$


$b$


$d$


$b$


   1  −  1  /  𝑏 


$1-1/b$


$b$


   [  0  ,  1    ]  𝐷  


$[0,1]^{D}$


$1/b$


   𝑏  −  1  /  𝑏 


$b-1/b$


   𝑏  ≈   10  


$b \approx 10$


   𝑠  ≤  0  .  8 


$s \le 0.8$


      10    16   


$10^{16}$


   0  .   33   ⋅  𝑁 


$0.33\cdot N$


   1  ⋅  𝑁 


$1 \cdot N$


$b$


     𝑏   16   


$b^{16}$


$b$


   𝑠  >  0  .  5 


$s > 0.5$


$B$


$D$


$A$


$B$


                 (               S  𝑖     𝐴  𝑖       )           ∩      (               S  𝑘     𝐶  𝑘       )           \      (               S  𝑗     𝐵  𝑗       )           \      (               S  𝑙     𝐷  𝑙       )                       ⇒         (             T  𝑗       S  𝑖       𝐴  𝑖   \    𝐵  𝑗         )           \      (               S    𝑘  ∈  𝐶      𝐶  𝑘       )           \      (               S  𝑙     𝐷  𝑙       )              (   expand     𝐴  ,  𝐵  )            ⇒       T  𝑗       {               S  𝑖         [                     ISE          ]               }              (   push     𝐶  ,  𝐷  )      


\begin {align*}&\Bigl (\,\bigcup _{i}A_i\Bigr ) \cap \Bigl (\,\bigcup _{k}C_k\Bigr ) \setminus \Bigl (\,\bigcup _{j}B_j\Bigr ) \setminus \Bigl (\,\bigcup _{l}D_l\Bigr )\\ \Rightarrow &\Bigl (\bigcap _{j }\,\bigcup _{i}\, A_i \setminus B_j \;\Bigr ) \setminus \Bigl (\,\bigcup _{k\in C}C_k\Bigr ) \setminus \Bigl (\,\bigcup _{l}D_l\Bigr )&(\text {expand}\; A,B)\\ \Rightarrow & \bigcap _{j}\Bigl \{\,\bigcup _{i}\, \Bigl [\;\underbrace { \Bigl (\,\bigcup _{k}(A_i \setminus B_j)\cap C_k\Bigr )\setminus \Bigl (\,\bigcup _{l}D_l\Bigr ) }_{\text {ISE}}\;\Bigr ]\Bigr \}&(\text {push}\; C,D)\end {align*}


$B$


           𝑅     =    T    𝑠  ∈  𝑆      {    T    𝑗  ∈    𝐽  𝑠       {    S    𝑟  ∈  𝑅      {    S    𝑖  ∈    𝐼  𝑟       [          ISE    ]   }   }   }   .    


\begin {align*}R &= \bigcap _{s\in S} \left \{ \bigcap _{j\in J_{s}} \left \{ \bigcup _{r\in R} \left \{ \bigcup _{i\in I_{r}} \left [ \underbrace { \left ( \bigcup _{t\in T} \left ( \bigcup _{k\in K_{t}} \bigl ((A_{i}\setminus B_{j})\cap C_{k}\bigr ) \right ) \right ) \setminus \bigcup _{l} D_{l} }_{\text {ISE}} \right ] \right \} \right \} \right \}.\end {align*}


     𝐼  𝑟  


$I_{r}$


     𝐽  𝑠  


$J_{s}$


     𝐾  𝑡  


$K_{t}$


$A$


$B$


$C$


$D$


   𝐽  =    |    𝐴  𝑖   ∩    𝐵  𝑗   |   /    |    𝐴  𝑖   ∪    𝐵  𝑗   |  


$J = {|A_i\cap B_j|}/{|A_i\cup B_j|}$


$k$


   (    𝐴  𝑖   ,    𝐵  𝑗   ) 


$(A_i,B_j)$


   𝑖  ,  𝑗 


$i,j$


   𝐷  =   16  


$D = 16$


   𝑁  =  1  .   222     ⋅       10   9  


$N = 1.222 \!\cdot \!10^{9}$


   ≈   153      GB  


$\approx \SI {153}{\giga \byte }$


   ≈   19      GB  


$\approx \SI {19}{\giga \byte }$


   ≈  0  .  1 


$\approx 0.1$


   ≈  0  .   92  


$\approx 0.92$


   𝑏  ≤   10  


$b \le 10$


   𝑏  ∈  {  5  ,   10   ,   16   } 


$b \in \{5,10,16\}$


    38109  


$38109$


    3728  


$3728$


    1312  


$1312$


   3  .   12     ⋅       10     −  5   


$3.12\!\cdot \!10^{-5}$


   3  .   05     ⋅       10     −  6   


$3.05\!\cdot \!10^{-6}$


   1  .   07     ⋅       10     −  6   


$1.07\!\cdot \!10^{-6}$


$3.12\!\cdot \!10^{-5}$


$1.07\!\cdot \!10^{-6}$


     𝐷   table    =   85  


$D_\text {table} = 85$


   𝑁  =  0  .   434   ⋅       10   9  


$N = 0.434\cdot \!10^{9}$


   ≈   147      GB  


$\approx \SI {147}{\giga \byte }$


   ≈   151      GB  


$\approx \SI {151}{\giga \byte }$


$D$


   𝐷  =   12  


$D = 12$


$d = 4$


   𝑏  ∈  {  4  ,  8  ,   16   } 


$b \in \{4, 8, 16\}$


     𝑏  𝑑  


$b^{d}$


$D$


   𝑠  ∈  {  0  .   25   ,  0  .  5  } 


$s\in \{0.25,0.5\}$


   (  𝑠  ⋅  𝑏    )  𝑑   ⋅  3 


$(s\cdot b)^{d} \cdot 3$


     𝑠  𝐷  


$s^D$


   (  𝑠  ,  𝑏  ) 


$(s,b)$


$A$


       (  |  𝐴  |  )   


$\sqrt {(|A|)}$


$s$


$b$


   <   16  


$<16$


   𝑠  =  0  .   25  


$s = 0.25$


   𝑏  =  8 


$b = 8$


   𝑠  =  0  .   25   ,  𝑏  =  4 


$s=0.25,b=4$


   1  .   16   −  1  .   78   × 


$1.16-1.78\times $


$b$


$s$


   𝑏  ∈  {  8  ,   16   } 


$b \in \{8, 16\}$


$s = 0.25$


   2  .  5  × 


$2.5\times $


   1  .   85   × 


$1.85\times $


   𝑠  =  0  .  5 


$s = 0.5$


   ≈     541     ⋅       10   6  


$\approx \!541\! \cdot \! 10^6$


   ≈     20   % 


$\approx \!20\%$


$b=10$


   𝑠  =  0  .  4 


$s=0.4$


   2  ×  4 


$2\times 4$


   2  ⋅  0  .    4  4   ⋅  𝑁  ≈  0  .   0512   ⋅  𝑁 


$2\cdot 0.4^4 \cdot N \approx 0.0512\cdot N$


   (  0  .    4  6   +  0  .    4  2   )  ⋅  𝑁  ≈  (  0  .   004096   +  0  .   16   )  ⋅  𝑁  =  0  .   164096   ⋅  𝑁 


$(0.4^6+0.4^2)\cdot N \approx (0.004096+0.16) \cdot N = 0.164096\cdot N$


   3  .  1  × 


$3.1 \times $


   2  ⋅    4  4   =   512  


$2\cdot 4^4 = 512$


     4  6   +    4  2   =   4112  


$4^6+4^2 = 4112$


   1  .  5  × 


$1.5 \times $


   0  .   919  


$0.919$


   0  .   583  


$0.583$


   2  .  5  × 


$2.5 \times $


   1  .   23   × 


$1.23 \times $


   0  .   475  


$0.475$


   0  .   385  


$0.385$


   4  .  4  × 


$4.4 \times $


   5  .  6  × 


$5.6\times $


   1  .   58   × 


$1.58\times $


   2  .   45   × 


$2.45\times $


   0  .   04  


$0.04$


   𝑠  ∈  {  0  .  3  ,  0  .  7  } 


$s\in \{0.3, 0.7\}$


$s$


   0  .    3  4   ≈  0  .   0081  


$0.3^{4} \approx 0.0081$


    12   × 


$12\times $


   0  .   259  


$0.259$


   3  .   145  


$3.145$


   0  .    7  4   ≈  0  .   24  


$0.7^{4} \approx 0.24$


   1  .  5  × 


$1.5\times $


   5  .   28  


$5.28$


   3  .   36  


$3.36$


$d$


$d$


$d$


$b$


$N$


$D$


   𝑁  ⋅  𝐷  /  𝑑 


$N \cdot D / d$


$b=10$


   𝐷  ∈  {  1  ,  2  ,  4  ,    .  .  .   ,   16   } 


$D \in \{1, 2, 4,\ldots ,16\}$


$s = 0.4$


   𝐷  >  2 


$D > 2$


   {  2  ,  4  } 


$\{2,4\}$


$s$


   𝐷  =  1 


$D=1$


   𝐷  ∈  [  1  ,  2  ,  4  ] 


$D \in [1,2,4]$


$D$


   𝑠  ∈  {  0  .   375   ,  0  .   625   ,  0  .   75   } 


$s \in \{0.375, 0.625, 0.75\}$


   𝑏  =  8 


$b=8$


   𝑑  =  5 


$d=5$


$d=1$


    27  


$27$


    GB  


$\mathrm {GB}$


$d=1$


   𝑠  =  0  .   375  


$s=0.375$


   𝑠  =  0  .   375  


$s = 0.375$


   0  .   625   <  𝑠  <  0  .   75  


$0.625 < s < 0.75$


$d=1$


$s$


$s=0.375$


$d=5$


    80  


$80$


   × 


$\mathrm {\times }$


   𝐷  =   85  


$D=85$


   6 


$6$


$\mathrm {\times }$


   7 


$7$


$\mathrm {\times }$


$D$


   𝐷  =   35  


$D=35$


   𝑠  ≥  0  .   625  


$s \ge 0.625$


$D$


   𝑠  >  0  .   325  


$s > 0.325$


   4    ×    4 


$4\!\times \!4$


$b = 10$


     𝑞  𝑖  


$q_{i}$


$i$


   [    𝑞  𝑖   ,    𝑞    𝑖  +  1    ) 


$[q_i, q_{i+1})$


   0  >  𝐴  −   42  


$0 > A - 42$


$4$


$\mathrm {KiB}$


$\text {B}^+$


   9  .  4    × 


$\relax 9.4~\times $


    128  


$128$


    Mbit  


$\mathrm {Mbit}$


$16$


    Gbit  


$\mathrm {Gbit}$


     B  +  


$\text {B}^{+}$


$l$


   ⊻    {  (    𝑝  𝑡   ,    𝑄  𝑡   )    }  𝑡  


$\relax \triangleright \;\{(p_t,Q_t)\}_{t}$


   ⊻    𝑁 


$\relax \triangleright \;N$


   ⊻      𝑆   rel   


$\relax \triangleright \;S_\mathrm {rel}$


     𝑝  𝑡  


$p_t$


   𝑡 


$t$


$p_t$


     𝑄  𝑡  


$Q_t$


   𝑡  ∈  𝑇  =  [  1  ,  𝑛  ] 


$t \in T = [1,n]$


   ∀  𝑖  ∈    𝑄  𝑡   :    𝑝  𝑡   (  𝑖  )  >  0 


$\forall i \in Q_t: p_t(i) > 0$


$Q_t$


$p_t$


     𝑝    𝑡  |  𝑄    (  𝑖  )  :  =        𝑝  𝑡   (  𝑖  )       P    𝑗  ∈  𝑄      𝑝  𝑡   (  𝑗  )    . 


\begin {equation*}p_{t\mid Q}(i) := \frac {p_t(i)}{\sum _{j\in Q} p_t(j)}.\end {equation*}


     𝑝  𝑡  


$p_{t}$


$Q_t$


$N$


     𝑆   rel    ∈  [  0  ,  1  ] 


$S_\mathrm {rel} \in [0,1]$


$N$


   𝑆  :  =    𝑆   rel    ⋅     min   𝑡   (    𝑠  𝑡   ) 


$S := S_\mathrm {rel} \cdot \min _t(s_t)$


     𝑠  𝑡   :  =    P    𝑖  ∈  𝑄      𝑝  𝑡   (  𝑖  ) 


$s_t := \sum _{i\in Q} p_t(i)$


$t$


     𝑆   rel    =  0 


$S_\mathrm {rel} = 0$


     𝑆   rel    =  1 


$S_\mathrm {rel} = 1$


   𝑁  ⋅     min   𝑡   (    𝑠  𝑡   ) 


$N\cdot \min _t(s_t)$


     𝑆   rel   


$S_\mathrm {rel}$


$S$


$N$


$S$


   1  −  𝑆 


$1-S$


     𝑝    𝑡  |  𝑄   


$p_{t\mid Q}$


$Q_t$


   𝑈  (  𝑇 


$U\subsetneq T$


   𝜋 


$\pi $


   𝜋  (  𝑡  )  :  =        𝑠  𝑡   −  𝑆       P    𝑢  ∈  𝑇      𝑠  𝑢   −  𝑆   


$\pi (t) := \frac {s_t-S}{\sum _{u\in T} s_u-S}$


$t$


     𝑆   rel    =  1 


$S_\text {rel} = 1$


$S$


   𝑘  =  |  𝑈  | 


$k = \vert U\vert $


   𝐾  ∼  𝑃 


$K \sim P$


   𝑃  =  (    𝑃  1   ,    .  .  .   ,    𝑃    𝑛  −  1    ) 


$P = (P_1,\ldots ,P_{n-1})$


   𝑃 


$P$


$\pi $


$P$


$k$


$\pi $


$k$


   {  (    𝑄  𝑡   ,    𝑝  𝑡   )    }    𝑡  ∈  𝑇   


$\{(Q_t, p_t)\}_{t\in T}$


     𝑆   rel    ∈  [  0  ,  1  ] 


$S_{\text {rel}}\in [0,1]$


$N$


   ⊻   


$\triangleright \;$


   𝑡  =  1    to    𝑛 


$t = 1 \textbf { to } n$


   𝑖  ∈    𝑄  𝑡  


$i \in Q_t$


       𝑝    𝑡  |  𝑄    (  𝑖  )  ←        𝑝  𝑡   (  𝑖  )       P    𝑗  ∈  𝑄      𝑝  𝑡   (  𝑗  )    


$\displaystyle p_{t\mid Q}(i) \gets \frac {p_t(i)}{\sum _{j\in Q}p_t(j)}$


   ⊻ 


$\triangleright $


     𝑠  𝑡   ←    P    𝑖  ∈  𝑄      𝑝  𝑡   (  𝑖  ) 


$s_t \gets \sum _{i\in Q} p_t(i)$


$\triangleright $


   𝑆  ←    𝑆   rel    ⋅       min   𝑡       𝑠  𝑡   


$S \gets S_{\text {rel}}\cdot \displaystyle \min _t s_t$


$\triangleright $


$N$


$t = 1 \textbf { to } n$


     𝜋  𝑡   ←          𝑠  𝑡   −  𝑆       P  𝑢   (    𝑠  𝑢   −  𝑆  )    


$\pi _t \gets \dfrac {s_t - S}{\sum _u (s_u-S)}$


$\triangleright $


   𝑃  ←   ComputeDistributionP   (  𝜋  ) 


${P}\gets \textsc {ComputeDistributionP}({\pi })$


$\triangleright $


   𝑃  =  (    𝑃  1   ,    .  .  .   ,    𝑃      𝑛  −  1    ) 


${P}=(P_1,\dots ,P_{\,n-1})$


$\triangleright \;$


   𝑥  ∈  [  0  ,  𝑁  ) 


$x \in [0,N)$


   𝑐  ←   RandomFloat   (  [  0  ,  1  ]  ) 


$c \gets \textsc {RandomFloat}([0,1])$


$\triangleright $


   𝑐  <  𝑆 


$c < S$


$\triangleright $


$t = 1 \textbf { to } n$


      bin   𝑡   ←   RandomInteger   (  [  0  ,  |    𝑄  𝑡   |  )  ,      𝑝    𝑡  |  𝑄    ) 


$\text {bin}_t \gets \textsc {RandomInteger}([0,\vert Q_t\vert ),\;p_{t\mid Q})$


$\triangleright $


   𝑘  ←   RandomInteger   (  [  1  ,  𝑛  −  1  ]  ,    𝑃  ) 


$k \gets \textsc {RandomInteger}([1,n-1],\;{P})$


   𝑈  ←   RandomSubset   (  𝑇  ,    𝑘  ,    𝜋  ) 


$U \gets \textsc {RandomSubset}(T,\;k,\;\pi )$


$\triangleright $


$t = 1 \textbf { to } n$


   𝑡  ∈  𝑈 


$t \in U$


$\text {bin}_t \gets \textsc {RandomInteger}([0,\vert Q_t\vert ),\;p_{t\mid Q})$


      bin   𝑡   ←   None  


$\text {bin}_t \gets \text {None}$


   𝑥 


$x$


   (     bin   1   ,    .  .  .   ,     bin   𝑛   ) 


$(\text {bin}_1,\dots ,\text {bin}_n)$


$\pi $


   𝐼  ←  [   Pr   (  𝑡  |  𝑘  )    ]    𝑡  ,  𝑘   


$I \gets [\Pr (t\mid k)]_{t,k}$


$\triangleright $


$\pi $


   𝑃  ←   SolveRLSOP       (           𝐼  ,  𝜋      )          


${P}\gets \textsc {SolveRLSOP}\bigl (I,{\pi }\bigr )$


$\triangleright $


   𝐼  ⋅  𝑃  =  𝜋 


$I \cdot P=\pi $


$P$


$P$


   𝑘  ∈  [  1  ,  𝑛  −  1  ] 


$k\in [1, n-1]$


$k$


$\pi $


$k$


$k$


$k$


$P$


$t$


$k$


   𝐼  ∈    R    𝑥  ×  (  𝑛  −  1  )   


$I \in \mathbb {R}^{x\times (n-1)}$


$I$


$t$


$k$


     𝐼    𝑡  ,  𝑘    =   Pr   (  𝑡  |  𝑘  ) 


$I_{t,k} = \Pr (t \mid k)$


$\pi $


$t$


     𝜋  𝑡  


$\pi _t$


$t$


     𝑃  𝑡  


$P_t$


   𝐼  ⋅  𝑃  =  𝜋 


$I\cdot P = \pi $


$P$


$I$


   𝑛  =  2 


$n=2$


$I$


   𝑘  =  1 


$k=1$


$\pi $


    Pr   (  𝑡  |  𝑘  ) 


$\Pr (t \mid k)$


$k$


   𝑘  >  1 


$k>1$


$k$


$\pi $


$I$


$I$


$I$


$I\cdot P = \pi $


$P$


$k$


$I$


$P$


$I$


              min   𝑃              ‖  𝐼  ⋅  𝑃  −  𝜋  ‖   2  2            s.t.          P  𝑘   𝑃  (  𝑘  )  =  1  ,    𝑃  (  𝑘  )  ≥  0    for all    𝑘    


\begin {align*}\min _{P} \quad & \left \| I \cdot P - \pi \right \|_2^2 \\ \text {s.t.} \quad & \sum _k P(k) = 1, \quad P(k) \ge 0 \text { for all } k\end {align*}


$P$


$N$


$p_t$


$N$


$P$


$k$


   E  [  𝐾  ]  =    P    𝑘  =  1     𝑛  −  1    𝑘  ⋅  𝑃  (  𝑘  ) 


$\mathbb {E}[K] = \sum _{k=1}^{n-1} k \cdot P(k)$


   𝑁  ⋅  (  1  −  𝑆  ) 


$N \cdot (1-S)$


$n$


   𝑛  ⋅  𝑁  ⋅  𝑆 


$n \cdot N \cdot S$


    (uncompressed) Volume   =  𝑁  ⋅    (  E  [  𝐾  ]  ⋅  (  1  −  𝑆  )  +  𝑛  ⋅  𝑆  )   . 


\begin {equation*}\text {(uncompressed) Volume} = N \cdot \left (\mathbb {E}[K] \cdot (1 - S) + n \cdot S\right ).\end {equation*}


$N$


$C$


     𝑝     min   ,  𝑢    :  =     min     𝑡  ,  𝑖    (    𝑝    𝑡  |  𝑄    (  𝑖  )  ) 


$p_{\text {min},u} := \min _{t,i} (p_{t\mid Q}(i))$


   𝑢 


$u$


$u$


   𝑆  ⋅    𝑝     min   ,  𝑢   


$S \cdot p_{\text {min},u}$


$i$


   (  1  −  𝑆  )  ⋅    𝑝    𝑡  |  𝑄    (  𝑖  )  ⋅  𝜋  (  𝑡  ) 


$(1-S) \cdot p_{t\mid Q}(i) \cdot \pi (t)$


           𝐶     ≤  𝑁  ⋅  (  𝑆  ⋅    𝑝     min   ,  𝑢    +  (  1  −  𝑆  )  ⋅    𝑝     min   ,  𝑢    ⋅  𝜋  (  𝑢  )  )          𝑁     ≥    𝐶      𝑝     min   ,  𝑢    ⋅  (  𝑆  +  (  1  −  𝑆  )  ⋅  𝜋  (  𝑢  )  )      


\begin {align*}C &\le N \cdot (S\cdot p_{\text {min},u} + (1-S) \cdot p_{\text {min},u} \cdot \pi (u))\\ N &\ge \frac {C}{ p_{\text {min},u}\cdot (S + (1-S) \cdot \pi (u))}\end {align*}


$C$


     𝑝     min   ,  𝑢   


$p_{\text {min},u}$


$0.1$


$1/b$


     𝑤  𝑡  


$w_t$


    KL   (    𝑥  𝑡   )  =    P  𝑖     𝑥  𝑡   (  𝑖  )  ⋅   log   (    𝑥  𝑡   (  𝑖  )  /    𝑤  𝑡   (  𝑖  )  ) 


$\textsc {KL}(x_t) = \sum _i x_t(i) \cdot \log (x_t(i) / w_t(i))$


$1/b$


   [  0  ,  𝑆  ⋅  𝑁  ) 


$[0,S\cdot N)$


$P$


$\text {B}^+$


$\mathrm {\protect \$}/\mathrm {GB}$


$A$


   3  .  5 


$3.5$


    GB   /  s 


$\mathrm {GB}/\mathrm {s}$


$5$


   W 


$\mathrm {W}$


   5  ⋅   128   =   640     W 


$5\cdot 128=\SI {640}{\watt }$


    500  


$500$


$\mathrm {W}$


$4$


$16$


$\mathrm {KiB}$


$\text {B}^+$


    Precision   =      |  {   actual result   }  |     |  {   index result   }  |   


$\text {Precision} = \frac {|\{\text {actual result}\}|}{|\{\text {index result}\}|}$


$q$


$q$


   𝐹  (  𝑥    )  𝑔   =    P    𝑞  =  0     𝑔  𝑑        [             P    𝐶  ∈    ℰ  𝑙   (  𝑝  )      Q    𝑖  =  1   𝑔         (               𝑑    𝑐  𝑖          )                ]             𝑥  𝑞  


$F(x)^g = \sum _{q=0}^{gd}\Bigl [\sum _{C \in \mathcal {E}_{l}(p)}\prod _{i=1}^{g} \binom {d}{c_i}\Bigr ] x^q$


     𝑥  𝑞  


$x^q$


$d$


$b$


     𝑁    𝑏  𝑑   


$\frac {N}{b^d}$


$b \approx 10$


$d$


$D$


   ⌈  𝐷  /  𝑑  ⌉ 


$\lceil D/d\rceil $


$d$


$D$


$D$


   𝑆  2  (   16   ,  4  )  =   171     ⋅       10   6  


$S2(16, 4) = 171\!\cdot \!10^6$


   𝑇  =    𝑇  1   ,    .  .  .   ,    𝑇  𝑔  


$T = T_1,\ldots ,T_g$


$A$


   𝑔 


$g$


     𝑇  𝑖   ⊂  𝐴 


$T_i \subset A$


     S    𝑖  =  1   𝑔     𝑇  𝑖   =  𝐴 


$\bigcup _{i=1}^g T_i = A$


   ∀  𝑖  ,  𝑗  :    𝑇  𝑖   ∩    𝑇  𝑗   =  ∅ 


$\forall i,j: T_i \cap T_j = \emptyset $


$l$


     𝑇  𝑖   =  𝑑 


$T_i = d$


   𝐷  =    P    𝑖  =  0   𝑔     𝑇  𝑖   =  𝑑  ⋅  𝑔 


$D = \sum _{i=0}^g T_i = d \cdot g$


$Q$


$q$


$l$


$l$


$T$


$Q$


$A$


   |  𝑄  |  =  𝑞 


$|Q| = q$


       (               𝐷  𝑞         )          


$\binom {D}{q}$


$l$


$C$


$q$


     P    𝑖  =  1   𝑔     𝑐  𝑖   =  𝑞 


$\sum _{i=1}^g c_i = q$


     𝑐  𝑖   ∈  {  0  ,  1  ,  2  ,    .  .  .   ,  𝑞  } 


$c_i \in \{0,1,2,\ldots ,q\}$


   (  3  ,  0  ,  1  ) 


$(3,0,1)$


   (  0  ,  1  ,  3  ) 


$(0,1,3)$


$C$


     𝑇  𝑖  


$T_i$


       (               𝑑    𝑐  𝑖          )          


$\binom {d}{c_i}$


     Q    𝑖  =  1   𝑔         (               𝑑    𝑐  𝑖          )           


$\prod _{i=1}^{g} \binom {d}{c_i}$


$C$


$l$


   {  0  }  ∪  {  𝑙  ,  𝑙  +  1  ,    .  .  .   ,  𝑑  −  1  ,  𝑑  } 


$\{0\}\cup \{l,l+1,\ldots ,d-1,d\}$


     ℰ  𝑙   (  𝑞  ) 


$\mathcal {E}_{l}(q)$


$l$


$q$


$g$


     ℰ    𝑙  =  1    (  𝑞  ) 


$\mathcal {E}_{l=1}(q)$


   𝐶  ∈    ℰ  𝑙   (  𝑞  ) 


$C \in \mathcal {E}_{l}(q)$


     P    𝐶  ∈    ℰ  𝑙   (  𝑞  )      Q    𝑖  =  1   𝑔         (               𝑑    𝑐  𝑖          )           


$\sum _{C \in \mathcal {E}_{l}(q)} \prod _{i=1}^{g} \binom {d}{c_i}$


$l$


    Pr   (  𝑔  ,  𝑑  ,  𝑞  ,  𝑙  ) 


$\Pr (g,d,q,l)$


$q$


$T$


$l$


   |    𝑇  𝑖   | 


$|T_i|$


$\binom {d}{c_i}$


       (                 |    𝑇  𝑖   |     𝑐  𝑖          )          


$\binom {|T_i|}{c_i}$


$q$


      Pr     ≥  𝑞    (  𝑔  ,  𝑑  ,  𝑞  ,  𝑙  ) 


$\Pr _{\ge q}(g,d,q,l)$


   𝑔  =   10  


$g=10$


   𝑑  =  6 


$d=6$


   𝑙  ∈  {  2  ,  3  ,  4  } 


$l \in \{2,3,4\}$


$q_{0.9}$


$l$


$0.9$


   3 


$3$


   𝑙  =  2 


$l=2$


   ≈  0  .   374  


$\approx 0.374$


   2 


$2$


$g$


$d$


   𝑙  >  2 


$l>2$


$q$


$l$


     2    𝑞  −  1   


$2^{q-1}$


   0  .  1  ⋅  0  .  1  +  0  .  9  ⋅  0  .  9  =  0  .   82  


$0.1 \cdot 0.1 + 0.9 \cdot 0.9 = 0.82$


   0  .  1  ⋅  0  .  9  +  0  .  9  ⋅  0  .  1  =  0  .   18  


$0.1 \cdot 0.9 + 0.9 \cdot 0.1 = 0.18$


     P    𝑞  ∈  𝑊      P    𝑇  ∈  𝐶      Q    𝑎  ∈  𝑇      𝑠  𝑞   (  𝑎  ) 


$\sum _{q\in W}\sum _{T \in C}\prod _{a \in T} s_q(a)$


   𝑊 


$W$


     𝑠  𝑞   (  𝑎  ) 


$s_q(a)$


$q$


   𝑎 


$a$


$d$


$C$


$D$


$T$


     Q    𝑎  ∈  𝑇      𝑠  𝑞   (  𝑎  ) 


$\prod _{a \in T} s_q(a)$


$T$


$s_q(a)$


$1/b$


   𝑑  ∈  {  2  ,    .  .  .   ,  8  } 


$d \in \{2,\ldots ,8\}$


   𝐷  ≤   16  


$D \le 16$


   𝛼 


$\alpha $


$b=10$


   𝐷  =   12  


$D=12$


   𝑑  =  6 


$d = 6$


   1  .   25   × 


$1.25\times $


$d$


    10   .   52   × 


$10.52\times $


$d$


   𝑑  =  3 


$d = 3$


$d = 6$


$10.52\times $


$b$


$d$


$d = 6$


   3  .  5  × 


$3.5\times $


   𝑑  ≥  6 


$d \ge 6$


$b \in \{5,10,16\}$


    16   /  𝑑 


$16/d$


   𝑑  ∈  {  1  ,  2  ,  4  ,  6  ,  8  } 


$d \in \{1,2,4,6,8\}$


$d = 6$


     𝑏  𝑑   >     10   6  


$b^d > 10^6$


    16   ×  𝑠 


$16 \times s$


   𝑠  ∈  {  0  .  2  ,  0  .  5  } 


$s\in \{0.2, 0.5\}$
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Introduction

The cost of many of today’s analytical workloads is dominated not by computation,
but by the data movement [1, 2]. The problem is especially acute in scan-heavy
or data-intensive workloads, where a large, storage-resident volume of data is
touched, yet only a small fraction is truly relevant. In these compute-centric
system architectures, where powerful CPUs must be constantly fed data, this
Data Movement Tax manifests at every level of the memory hierarchy—from a
processor cache miss, down to a NAND flash memory access within a Solid-State
Drives (SSDs). The recent availability of PCle 4.0 and 5.0 NVMe SSDs provides
databases a raw, aggregate read bandwidth that rivals DRAM, albeit at significant
cost. For example, Micron’s 6550 ION SSD [3] can deliver the full 3.5 GB/s per
PCle 5.0 lane. With modern server CPUs offering 96-128 lanes, this theoretically
amounts to a total bandwidth of up to 448 GB/s. However, the SSD also draws
about 5 W per lane when active for a combined power demand of 5 - 128 = 640 W.
For comparison, even a very power hungry CPU like the AMD EPYC 9965 has
“only” a Thermal Design Power (TDP)! of 500 W [4]. Moreover, fully utilizing
these devices—especially if access is not entirely sequential—can occupy multiple
cores per drive, solely for handling the necessary I/O requests [5, 6]. Excessive
data movement impacts not only raw performance but also system complexity,
infrastructure, and energy costs, and by extension, the ecological footprint. Even
more crucially, it takes its toll even deep within modern microchips, where it
reduces power efficiency and ultimately constrains their performance scaling [1].

Traditionally, such inefficiencies motivate the use of index structures, which
aim to selectively narrow the access path by skipping irrelevant portions of the
data. Although indexing can be very effective, it is not universally applicable and
suffers from high storage overhead. Moreover, its potential to avoid data movement

'The maximum (temporary) power draw can be higher, but is usually not explicitly specified for
CPUs.
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Host Host Host
compute compute compute
SSD FPGA SSD FPGA SSD
compute compute
Blackbox!
NAND NAND NAND PiN
compute
(a) Compute-Centric (b) Computational Storage (c) Processing-in-NAND

Figure 1.1: In data-centric architectures (middle and right), computation is per-
formed prior to traversing high-cost system buses, thereby addressing the Move-
ment Tax.

is often diminished by large access granularity. For example, processing even a
single bit from an SSD still requires fetching a full (4-16 KiB) page, which results
in read-amplification.

In contrast to a traditionally compute-centric architecture (Fig. 1.1a), Data-Cen-
tric Processing promises to reduce the Movement Tax by taking another, much
more radical approach: moving computation toward the data. Having the ability
to aggregate or filter data closer to its source subsequently results in less data
transfer. However, the full access path involves many stages and therefore requires
consideration of opportunities for data reduction not merely at a single point
but across all levels of the memory hierarchy: Computational Storage Devices
(CSDs) [7-9] (Fig. 1.1b), and various forms of Processing-in-Memory—most notably
using DRAM [10-13], and also NAND flash memory [14-17] (Fig. 1.1c)—as examples
of DCP, each offering a distinct set of capabilities. A truly data-centric database
system must orchestrate these techniques in concert, but doing so demands a
significant departure from traditional system design [18]. It requires a holistic
hardware-software co-design approach and a willingness to embrace specialized
components, workload decomposition, and resource-constrained computation.

1.1 A Shared Pursuit

Both Data-Centric Processing (DCP) and indexing have a common goal of reducing
the Data Movement Tax, but each pursues it in a constrained and incomplete way.

By pushing down compute, DCP comes with costs and limitations, to which we
will collectively refer to as the Proximity Tax: The closer one gets, the more one
sacrifices in terms of computational flexibility, generality, and resource richness.
Near-data accelerators, such as FPGAs, often lack general-purpose programmabil-
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ity, offer limited memory, and require complex setup. In the most extreme case,
i.e., processing directly within memory chips, the movement cost is minimal, but
execution becomes purely local and therefore is applicable only to a narrow class
of problems. For example, operations (e.g. joins) partially conflict the data-centric
idea due to their inherent need of initial data movement. Moreover, limited re-
source availability restricts the overall load that a near- or in-memory architecture
can handle reliably. Having the ability to skip work for irrelevant data is there-
fore instrumental to minimize the hardware burden. This is especially crucial
when considering that microchips with data-centric compute capabilities need
to be resource-constrained by design: their ubiquitous deployment throughout
the memory hierarchy is only economically feasible if they are cheap to design,
manufacture, and run.

Indexing, on the other hand, does not focus on relocating computation, but
still has its own costs. For example, access to a leaf in a B™-tree [19] still requires
moving it all the way up to the CPU, only to (potentially) result in yet another I/O
request. Due to the large access granularity of storage-class memory and the limits
of traditional block device interfaces, the potential of indexing remains largely
untapped. Moreover, some types of indices, such as bitmap indices [20, 21], can
require significant data transfers on their own. These costs can be alleviated by
pushing the index evaluation down into the storage device.

In this sense, the two concepts can support each other to achieve what each
alone cannot. We identify two complementary directions of combining indexing
and DCP: First, Data-Centric Index Evaluation, where index structures are evalu-
ated using data-centric mechanisms, and second, Index-Driven DCP, where index
information is used within a data-centric architecture.

We will refer to this symbiotic interaction as Cooperative Refinement, a con-
ceptual framing in which indexing and DCP work together to transform raw data
into query results. In this thesis, we will use it as a guiding structure to relate and
contextualize our contributions that each aims at addressing the Movement Tax.

1.1.1 Open Challenges

Combining indexing with Data-Centric Processing introduces a variety of new
challenges and opportunities, which we highlight below and revisit throughout
the thesis. Beyond their intersection, the continued development of each approach
in isolation also presents untapped potential to address the Data Movement Tax.

Cooperative Refinement The potential of Cooperative Refinement remains
largely untapped in both directions, primarily because various forms of DCP are
not yet fully established and hardware implementations are scarce: UPMEM [10]
presents the first commercially available Processing-in-DRAM platform. At the time
of writing, existing CSD designs are either prototypical [22] or highly specialized,
e.g., ScaleFlux’s CSD 3000 [23] implements transparent compression capabilities.
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Research on Processing-in-NAND is largely based on simulations [14] or on the
modification of existing, commercially available NAND flash chips [15].

Although PiN has gained traction in the architecture and storage systems do-
mains [14, 15, 17, 24, 16], it has seen limited integration into database management
systems. One reason may be the significant constraints inherent to NAND flash-
based compute: limited resources and programmability, a restricted instruction
set, economic viability challenges, and the necessity to address intrinsic bit errors.
These hurdles can only be overcome through deliberate hardware-software co-
design. In this work, we identify evaluation of probabilistic index structures as a
particularly compelling candidate for PiN, as they can both benefit greatly and
work within the limits of the architecture.

Similarly, leveraging detailed index information within a CSD poses challenges
with respect to interfaces and the orchestration of data movement within the device.
Even though skipping whole pages within the traditional block device perspective
is straightforward, it suffers from read-amplification and “host-centric” commu-
nication overhead for managing I/O. This overhead is still paid even if the device
is somehow able to drop irrelevant parts of a page. Furthermore, additional data
movement and operations are required for materializing more complex elements,
such as tuples in a column store. Transferring pre-selected, pre-assembled (and
potentially batched) elements out of the device instead has the potential to improve
efficiency significantly. However, to enable this capability, the logical structure of
the stored data must first be made internally accessible within the CSD through dy-
namic mapping of data structures to physical addresses. Such a mapping presents
a first step towards declarative and domain-specific storage interfaces.

Extending Indexing In analytical queries on large-scale scientific data sets,
such as the LHCD particle accelerator at CERN [25], indexing is often considered
infeasible because it suffers from the curse of high dimensionality and substantial
storage costs. As a result, full-table scans are deemed the only appropriate solution,
despite the grueling Data Movement Tax at petabyte-scale workloads. Without
indexing, the use of DCP is also limited by the need to assemble mostly irrelevant,
often high-dimensional tuples—a task that already involves substantial data move-
ment and operations before any meaningful compute can occur, particularly in
resource-constrained environments. It is therefore beneficial to adopt new strate-
gies for tuple-accurate indexing that improve overall storage space consumption
and offer dimensional scalability in order to push the limits of feasibility and thus
enable Cooperative Refinement at the very large scale. The Team-based indexing
strategy we suggest in this thesis introduces new challenges with respect to index
selection and intersection.
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1.2 Contributions & Outline

The chapters of this thesis can be divided into two parts.

Cooperative Refinement The first two chapters focus on how indexing and
DCP can cooperate to refine data into query results, with a particular focus on
NAND flash SSDs. In Chapter 2, we motivate the database integration of Pro-
cessing-in-NAND as an answer to the design limits of NAND flash memory. We
specifically discuss the importance of NAND’s intrinsic susceptibility to bit-flips
and the absence of error correction. Chapter 3 sharpens our vision of data-centric
databases by suggesting the evaluation of probabilistic data structures as a com-
pelling indexing application for PiN due to their simplistic evaluation and inherent
error tolerance. The content of these parts was published in

[26] Maximilian Berens, Yun-Chih Chen, Jian-Jia Chen, and Jens Teubner: “Be-
yond Bandwidth Doubling: Embrace Bit-Flips and Unlock Processing-in-
NAND;” in 2025 IEEE 41st International Conference on Data Engineering (ICDE),
pp. 4649-4661

Moreover, we introduce an emulation scheme for inequality operations, lever-
aging instructions from existing PiN designs, to broaden the applicability of PiN.
In Sec. 3.4, we describe the challenge of utilizing index information and early
materialization within CSDs. We present our early ideas on Gravity Store—a physi-
cal storage description for dynamically generating device-internal requests from
declarative input.

Extending Indexing The following four chapters are dedicated to our work
on Team-based indexing—a generalization of the bitmap indexing strategy. In
Chapter 4, we suggest creating index structures over moderately-sized subsets of
attributes, so called Teams. This offers significant reductions in storage costs and
access volume during evaluation. In Chapter 5, we formulate logical execution
plan optimizations for index intersection and evaluate them with our prototype
implementation. Moreover, we discuss domain-agnostic methods for choosing
Teams from the set of attributes and present out (Team-dependent) performance
evaluation in Chapter 6. The Team-based indexing approach was published in

[27] Maximilian Berens and Jens Teubner: “Index Intersection for High-Dimen-
sional Range Queries,” in Proc. VLDB Endow. Vol 19 Issue 4, pp. 767-779

Thereafter, Chapter 7 describes an efficient, highly configurable generator for
benchmark data, tailored specifically for (Team-based) index intersection. Lastly,
we provide a summary of the thesis and concluding remarks in Chapter 8.
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1.2.1 Miscellaneous Contributions
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[28] Michael Kuimann, Maximilian Berens, Ulrich Eitschberger, Ayse Kilic, Thomas
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The End of Bandwidth Doubling

The deeper we descend in the memory hierarchy, the higher the total cost of data
movement. Access to SSDs, the bedrock of today’s large-scale data centers, is
therefore particularly expensive. However, the distance to the CPU is not the only
problem: SSDs also contend with significant internal power, heat and reliability
issues [31, 32]. Soon, SSDs, and therefore databases as well, may face the limits of
Dennard scaling, meaning no more performance gains can be achieved without
hitting physical limitations. Just like microprocessors before, NAND flash memory—
the underlying technology of SSDs—has Dark Silicon, too, preventing performance
from improving at the same pace as capacity [31]. Much of the power (and thus
heat) within a NAND chip results from transferring data at a high rate [14], which
is yet another symptom of a compute-centric style of processing. Although recent
generations of SSDs offer unprecedented bandwidth, the access latency of NAND-
flash memory has actually been deteriorating for some time now [33]. This is not
always apparent when looking at product descriptions, because manufacturers are
employing various techniques to compensate for the compromises that come with
the quest for ever-increasing storage density. However, as an SSD fills up its capacity
or when its memory cells age with usage, NAND’s performance deterioration
becomes visible [31].

Processing-in-NAND promises to reduce the need for data movement, but it is
no panacea. Power and transistors are finite resources in every microchip design.
Adding more logic circuitry to NAND memory, such as for computation or more
read-out parallelism, inevitably reduces capacity and increases design cost [34].
Moreover, complex (and flexible) functionality places a considerable demand on
the chip’s power budget, is harder to manufacture, and thus often infeasible.

Although targeting the peripheral area of the actual memory array, several
recent PiN concepts [17, 16] still represent significant departures from state-of-the-
art NAND flash design. In contrast to these highly specialized approaches, Off-the-
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Shelf (OTS-) PiN presents a different take by repurposing existing circuits within
the memory chip to perform basic calculations [14, 15]. This reduces data transfer
volume at a more affordable $/GB while also preserving the chip’s primary storage
functionality. However, OTS-PiN typically only supports primitive operations
and may sacrifice some storage capacity to improve reliability. Additionally, it
generally lacks hardware error correction, requiring applications to incorporate
built-in resilience against bit-flip errors.

Reliability, i.e., the occurrence of random bit-flips, poses a central challenge for
PiN and Processing-in-Memory (PiM) in general. Although NAND flash memory is
especially susceptible [35, 32, 36], these errors also increasingly plague DRAM [37],
and High-Bandwidth Memory (HBM) [38]. Due to their proximity to memory cells,
PiM architectures usually lack costly error correction, necessitating alternative
methods to manage errors. However, even beyond the DCP paradigm, maintaining
the illusion of error-free memory hinders performance growth [37]. This inspires
a need for systems that are not just error-aware but tolerant.

Outline In this chapter, we first provide background on NAND flash memory and
its performance characteristics. We then motivate the use of Processing-in-NAND
as a means to cope with the inevitable demise of NAND’s performance scaling and
discuss its inherent challenges, most notably bit-errors. Lastly, we broaden our
discussion of memory errors to highlight the broader need to address them at the
database system level.

2.1 Understanding NAND Flash Performance

To understand the limitations of NAND flash design and why its performance scal-
ing is in jeopardy, we will first describe two primary factors that impact bandwidth:
NAND parallelism and access latency. We then discuss why the measures cur-
rently employed by manufacturers offer no sustainable path forward and ultimately
require us to rethink how to access storage.

Flash Parallelism To achieve sufficient bandwidth despite high latency, SSDs
employ various forms of parallelism. A single SSD has multiple NAND-flash chips
(usually 4-8), each partitioned into so called planes (usually 4-6).! Each plane
contains a set of page-sized SRAM registers (page buffers in Fig. 2.1) and is capable
of sequentially serving requests targeting its (several hundred) flash blocks, each
block containing (thousands of) pages. For a write, an entire block must be erased
first before individual pages can be programmed, a so-called program-erase (P/E)
cycle. Reads are performed at page granularity of usually 4 KiB to 16 KiB.

'We omit some levels of the hierarchy, e.g., package & die, for simplicity.
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Figure 2.1: Simplified structure of a NAND flash memory chip, showing the path
of a read request out of a plane, an independent read unit.

Read Latency When a read request is issued, a command is first sent from the
controller to the plane’s command queue. To execute the read, the plane first senses
the data through individual “bit-lines” into the page buffers by applying a certain
voltage: when a cell is initially programmed, electrons are deposited to represent
a specific charge level. During sensing, the cell may or may not have enough
charge to conduct the applied voltage, representing a single bit in Single-Level Cell
(SLC) NAND. After the page is fully sensed, it is transferred over a bus (shared by
multiple planes) to the device DRAM (channel transfer in Fig. 2.1) and then checked
for bit-flips. If the page passes error correction, it will be sent to the host via PCle,
otherwise the read process may be restarted with different parameters to hopefully
observe fewer bit-flips. A breakdown of the entire latency can be found in Fig. 2.2
(next page).

Writing NAND flash Memory Writing to NAND flash is inherently a block-
level operation, meaning that an entire block must first be erased before any page
within can be programmed. For denser technologies like TLC (Triple-Level Cell),
this programming is an iterative process that carefully adjusts voltage levels across
multiple pulses to precisely store more bits per cell. This meticulous approach
ensures higher capacity but introduces complexities that reduce performance and
increase error susceptibility.

Capacity Over Latency Memory technology scaling was the driver of both
performance and capacity for a long time. But decreasing the feature size of
memory cells comes with significant hurdles, namely high manufacturing cost and
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Figure 2.2: Breakdown of a typical page read latency. Segment length indicates
the relative duration of each component: command send and queuing, sensing,
channel transfer, error correction and external transfer. Latency may increase
further due to read-retry.

degrading performance and reliability [39]. To avoid this issue, manufacturers have
instead focused?® on 3D stacking [39] and increasing the number of layers [40].

Another way to scale up capacity is to store more than one bit per cell. Be-
cause both initial programming charge and sensing voltage can be varied between
multiple levels, probing for more than one state becomes possible: Triple-Level
Cell (TLC), for example, utilizes the voltage stored in a cell to represent three bits,
resulting in dividing the voltage range into 2° = 8 intervals, each associated with
a different state. Although this, too, increases capacity, access latency becomes
longer. Specifically, TLC requires up to seven read operations to decode all data
bits from a single cell, resulting in a 2.3 x latency compared to SLC for the same
amount of data (1 read for 1 bit versus 7 reads for 3 bits).

Latency Mitigation To mitigate the long latency, some NVMe SSDs can initially
write data in “SLC mode” by storing only one bit per cell. Once this initial capacity
threshold (about 20% to 30% of the advertised capacity) is exceeded, the SSD
switches to “TLC mode”. This can degrade random read throughput by more than
30% [41]. Subsequently, latencies deteriorate with increased capacity usage.

2.1.1 Errors in NAND Flash

Another important aspect of latency is bit-flips, and the necessity of error correction.
There are various situations for errors to occur in NAND flash: Bits may flip during
both write and read processes, but most errors® today are retention errors caused
by electrons leaking from a cell over time [35, 42].

NAND is known to degrade on write, causing error rates to differ temporally
and spatially: Repeated program-and-erase (P/E) cycles on the same block “age”
the underlying material, causing it to leak electrons faster and be generally more
susceptible to disturbances [35]. Further, due to lithographic imperfections, the

2As of 2021, the feature size increased from 14 nm to 15 nm to 38 nm [39].
*Depending on how multi-bit cells encode the different voltage levels, retention errors can result in
both types of bit-flips (0 — 1 and 1 — 0).
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material quality across 3D-NAND layers can vary, a phenomenon known as process
variation [32]. Error rates can also differ across pages stored in the same set of
cells, a so called word-line [35]. For additional information on NAND flash errors
see for example [32, 35].

Error guarantees for today’s memory have to be very strict in order to ensure
viability for a wide range of applications. For enterprise SSDs, the JEDEC’s JEP122H
standard defines 107'¢ as the highest, acceptable Uncorrectable Bit Error Rate
(UBER), i.e., after ECC [43]. That means 1 unrecoverable bit error is expected
per 1.25PB read. The Raw Bit Error Rate (RBER), however, can be significantly
larger—in the order of 1 in a 100 bit—after a few days of retention time [32, 42].
As a result, powerful error-correction codes (ECC) are necessary to uphold the
illusion of error-less data stored in (actually very error-prone) memory.

Bit-Flips vs. Latency Low-Density Parity-Check (LDPC), the de-facto standard
for ECC in SSDs, is applied iteratively: If a step is not able to correct enough errors,
the read-process is restarted (see Fig. 2.2), applying different voltage levels during
sensing and a more heavy-weight error correction step. This can have detrimental
impact on the latency. For example, an initial 85 ps access latency can grow to
more than 1 ms due to ECC [32]. As memory cells become smaller, fewer charges
are used to store data bits, making them more susceptible to errors due to charge
leakage. Thus, these so called Fail-Slow symptoms in SSDs are expected to become
more severe with further technology scaling [31, 44].

Error Mitigation SSDs employ various strategies to avoid errors. Ultimately,
error rate, which directly impacts latency, is dependent on many factors. For
example, material quality, endured P/E cycles, retention time (i.e., the time since a
page was written) and temperature: Heat causes cells to leak electrons faster and
disturbs signal transmission in electrical circuits. To illustrate, a page can require
up to 6 read-retries when retained for 2 days at 85 °C, which is equivalent to 168
days of retention time at 40 °C [42]. This makes both passive (cooling) and active
heat-management (performance throttling) a necessity in modern SSDs.

Another measure relevant for Processing-in-NAND is data scrambling [35]. To
avoid data-pattern-specific program disturbance errors, a page is deterministically
turned into a pseudo random stream of equally many zeros and ones before being
actually written. Because data is de-scrambled only after it was already retrieved
from the NAND array, the ability to perform PiN operations may be hindered.
Some approaches alleviate the problem of program disturbance errors by reducing
the error rate with an enhanced programming step at the cost of latency [15].
Moreover, some of the data structures discussed in Chapter 3 are designed to
achieve uniformity and independence between bits, which allows us to skip this
measure. When errors do rise beyond a certain rate, data is scrubbed by writing
a fresh version of the entire block to a different location [31]. Eventually, blocks
deemed too unreliable by the controller are decommissioned, reducing (internal)
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capacity. This is invisible to the user, because SSDs ship hidden blocks specifically
allocated for this purpose. Notably, manufacturers usually opt for performance
degradation over offering less storage capacity to the host [31]. To use up P/E each
blocks cycles uniformly and prolong the lifetime of the NAND flash chips is the
concern of complex wear-leveling strategies employed by the SSD controller.

2.1.2 Bandwidth Scaling & Dark NAND

Thermal constraints have been widely studied in processor design and are com-
monly cited as a driving force behind the end of Dennard scaling [45]. This has been
recognized as the Dark Silicon problem [45], in which silicons are not able to be
utilized due to high temperature. Temperature plays a critical role in maintaining
data integrity, but it also heavily influences the hardware design of NAND flash
chips. Just like microprocessors before, NAND flash meets the end of Dennard
scaling. With growing transistor density, the power draw also increases, con-
verting into heat. Generally, ensuring stable functionality and longevity becomes
increasingly more difficult once we approach the limits of the physical laws. The
aforementioned halt to NAND technology scaling is one consequence, shifting the
focus more on increasing capacity.

Scaling Parallelism Given stagnant access latencies, bandwidth scaling within
a single NAND flash chip may be gained by scaling up the plane count. Although
planes in modern SSDs are only capable of very rudimentary logic functionality,
they are (mostly) independent units and can individually serve requests, deter-
mining the level of parallelism within a chip. But manufacturers currently still
primarily focus on improving the number of pages per plane, rather than plane
count, as a way to reduce the cost per gigabyte. This decision to invest chip area in
memory cells rather than in peripheral logic is influenced by economical rationales.

Even though the latency-component of channel transfers is comparatively small
(see Fig. 2.2), achieving it requires a significant investment of instantaneous power
for every single transfer. Previous designs [34], that focus on parallelism over
capacity, draw significant amounts of power, require strong cooling to compensate
and are very expensive.

Dark NAND Increasing the power draw beyond a certain degree eventually leads
to “Dark NAND”, where not all parts of the NAND chip can be used at any given
point in time in order to avoid surpassing the thermal budget. Explicit cooling
and thermal throttling are required to maintain stable operations. Like multi-core
scaling for CPUs [45], multi-plane scaling is reaching its limit.

Note that our discussion so far focused on the relative costs of the steps of
reading data, instead of program & erase, i.e., write, operations. Although writes
do have higher latency and cost more power, they are usually executed as back-
ground operations in times of less device load. Further, as we will argue below, the
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high, relative power requirements of bus transfers during reads are what motivates
processing-in-memory as a potential avenue for future performance scaling.

Scaling Flash-Chips Increasing the number of NAND-flash chips per SSD as
a means to improve bandwidth comes with considerable disadvantages. Adding
more chips is cost-inefficient, i.e., doubling bandwidth also (at least) doubles cost.
Further, contention of shared internal resources, such as power supply, DRAM and
controller, increases. Additional chips also represent additional points of failure,
and a single chip failing usually warrants decommissioning the entire device.

2.2 Near-Data Processing is Not (Close) Enough

One of the largest factors of power consumption (although not latency) during
a NAND-flash read is channel transfers, i.e., moving the data out of the plane’s
page buffers. Thus, (data-centric) methods that reduce data transfer volumes only
after it has already left the chip are not enough. Instead, only computation directly
within the chip can address the high power demand of channel transfers and thus,
the thermal limitations of NAND flash design [14].

PiN, a subset of Processing-in-Memory (PiM), promises better power efficiency
by empowering individual planes with compute capabilities or, even more extreme,
using the memory array itself for computations. However, PiN’s functionality is
inherently limited because complex logic circuits compete with memory for chip
area and generate heat, which can compromise memory reliability. This constrains
technical and economic feasibility. As a result, PiN designs typically face two
options: either specialize for a specific application or support only a limited set of
primitive operations.

2.2.1 Design Limitations of Processing-in-NAND

In domains where a workload can be reduced to a very narrow set of elemen-
tary operations, such as matrix multiplication in machine learning, developing
dedicated hardware is economically feasible, even if designs are complex and ex-
pensive. Although relational queries, too, can be composed of only a small set
of elementary operations, databases do not enjoy this luxury. Instead, real world
Database Management Systems (DBMS) are expected to support a wide range of
data types and extensions that break with the purity of the relational model. But
also for very basic types, even seemingly simple functionality, such as “WHERE A
> 427, can quickly become a major challenge for Processing-in-NAND: Inequality
operations are usually implemented with arithmetic subtraction to allow for an
efficient comparison with 0, e.g., as 0 > A — 42. However, hardware circuits
for subtraction (or addition) require passing a carry bit “between bit-lines”. To
compute inequality directly within NAND flash memory would therefore neces-
sitate connecting adjacent bit-lines—a feature that would directly go against the
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economically successful hardware design of NAND flash memory. Another class of
data-reducing operations, (grouped) aggregations, require even more complexity,
e.g., for holding intermediates. Notably, instructions that would require comparing
two values (or bits) within the same page are subsequently also infeasible.

Fortunately, the initial sensing step is not very power-hungry (albeit relatively
slow) and the peripheral area of the circuit—directly outside of the actual memory
fabric—offers more opportunities for modifications. For example, ICE [16] suggests
considerable extensions to implement similarity search, which requires dedicated,
domain-specific error correction in this area. But significantly changing the periph-
eral circuitry still incurs significant costs for the design and testing of hardware.
In this context, it is helpful to think of a plane’s page buffers (see Fig. 2.1) not as a
single page-sized register, but rather as a collection of independent 1-bit registers
(or latches) much like the individual registers found in a CPU. This perspective
emphasizes the fine-grained nature of the peripheral logic and highlights the po-
tential (and challenge) of repurposing it for compute tasks. These challenges vary
significantly depending on how radically the peripheral logic is modified, which
motivates a classification of PiN approaches based on their degree of specialization
and reliance on analog computation.

2.2.2 Specialized- and Analog-based Processing-in-NAND

Some designs, such as ICE (mentioned above), specifically redesign the circuitry
to target a narrow range of applications—a pattern we refer to as specialized PiN.
Another example is conditional page reads based on string matching [17]. Such
specialization reduces flexibility and departs substantially from conventional hard-
ware designs and manufacturing processes. While theoretically feasible, large
divergences of existing designs are bound to complicate the manufacturing process
and thus significantly increase the cost of their development. They are therefore
less appealing to manufacturers who generally prioritize more versatile, general-
purpose solutions with larger markets. Similarly, analog-based PiN [24] uses the
memory array fabrics to compute in the analog domain, but requires expensive,
high-resolution analog-to-physical converters.

2.2.3 Off-The-Shelf Processing-in-NAND

Instead of creating an entirely new design from scratch, repurposing functions in
existing circuit designs offers a different approach. The majority of space in a flash
chip is dedicated to memory cells. But the plane’s peripheral circuit, i.e., the area
close to the actual memory, already contains a rich amount of logic responsible
for accessing or verifying the memory. Off-The-Shelf (OTS) PiN makes use of
these circuits to conduct computations, thus limiting modifications to the chip and
lowering the adoption barrier.

In the following, we discuss Search-in-Memory (SiM) [14] and FlashCosmos
[15], two prominent examples of OTS PiN that form a basis for further discussions.



2.2. NEAR-DATA PROCESSING IS NOT (CLOSE) ENOUGH 15

Search-in-Memory Search-in-Memory (SiM) repurposes existing circuits in
conventional TLC NAND flash chips to support two new functions: a SIMD-style
SEARCH command for fine-grained matching and the GATHER command. SEARCH
treats a data page as an array of 8-byte words and matches an 8-byte input key
against each word stored in the target page, using a (masked) bit-wise AND. It
evaluates to True, iff all (relevant) bits match. A SEARCH on a 4 KiB page therefore
results in a 512-bit bitmap. The GATHER command pulls a subset of 64-byte chunks,
indicated by a bitmap operand, from a page. The two commands always start with
a page open command, which senses the target page into the page buffers.

Unlike typical page reads, data from the page is not sent to the SSD controller.
Instead, a SEARCH command sends a query word (the “key”) to the page buffer for
comparison and only transmits the result back. Multiple SiM commands can be
run on the page while it is cached in the registers. Once all relevant commands
have been completed, a page close command will release the data from the register.
When the SSD controller executes SiM commands, it can reduce the clock rate
of the I/O bus to reduce the power consumption for the channel transfer. This
does not affect the latency of the operation because the amount of transferred
data is considerably reduced. SiM’s efficiency relies heavily on making use of
word-aligned arrays.

To implement SEARCH, which emits only one bit per word, SiM exploits the
Failed Bit Counting (FBC) [46], which is usually used by SSDs during writes to
verify the integrity of data programmed into flash memory. A program operation
requires multiple rounds, with each round generating a pass/fail signal from each
page buffer to indicate whether the cells have reached the target accuracy level.
These signals are then aggregated to determine if the programmed data meets
reliability requirements. This same circuitry can be adapted to perform a (word-
wise) POPCNT operation,* though the result must be quantized to avoid high circuit
overhead from precise counting.

For SiM, one measure to cope with bit-errors is to use the memory in “SLC
mode”, sacrificing storage density. Storing only a single bit means that only two
states need to be distinguished, which makes both programming, reading and
retaining data much more robust. Modern SSDs usually support switching between
TLC and SLC in order to offer these benefits and avoid the performance toll, while
capacity is not in great demand.

FlashCosmos FlashCosmos [15] leverages the sensing mechanism of NAND
flash memory to perform bit-wise operations: logical NOT on a single page, AND
across pages within the same block, and OR across pages in different blocks. By
combining these basic operations, FlashCosmos can implement more complex logic
functions, such as NOR, while reducing data transfer overhead by sending only a
single result page instead of multiple operand pages.

FlashCosmos requires careful placement of operand pages to align with the

“The PoPCNT instruction counts the number of bits set to 1.
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logic operations being performed. For example, if a bit-wise OR operation involves
pages within the same block, page migration is necessary to move one operand to
a different block. Moreover, unlike SiM, which sends queries directly to the page
buffer for matching, FlashCosmos requires operands to be pre-programmed into
memory. This makes FlashCosmos less suitable for workloads with long computa-
tion sequences that produce multiple intermediate results, as writing intermediates
to NAND memory is slow. Despite these limitations, SiM and FlashCosmos adhere
to existing memory sensing mechanisms and can complement each other.
Similar to SiM, FlashCosmos relies on SLC to reduce errors in bit operations.

2.2.4 Simplicity Preferred

Generally, the layout of data structures must adhere to the SIMD-style processing
of PiN and architecture specific limitations. For instance, FlashCosmos can only
combined bits logically across different pages, resulting in a page-sized result. With
Search-in-Memory, an 8 byte query argument is compared individually with all
512 many 8 byte words on a 4 KiB page. While only rudimentary, SiM performs a
“bit-wise aggregation” to check if all bits in a word did match or not, producing a
512 bit result for the entire page. Many types of indices, such as B*-trees and zone
maps, are based on (integer or float) inequality operations, which are not easily
available in OTS-PiN (see Sec. 2.2.1).

With this processing style, data should be carefully aligned, and page-sized
arrays of a single data type are preferred. Workloads with complex arithmetic
should not be offloaded to PiN and are better handled by upper-layer compute
units. PiN is most effective for tasks with simple primitives. For example, it can be
used to probe external hash table buckets containing fixed-length hash fingerprints
[14] or to perform an exhaustive exact search across a large array of embeddings,
which are commonly used to represent images or objects [47].

2.3 Processing in Unreliable Memory

Beyond NAND flash memory, bit-flips pose a significant challenge for any Process-
ing-in-Memory architecture, because logic and memory are tightly integrated, using
manufacturing techniques like 3D wafer bonding [48] and Peripheral-under-Cell
(PuC) [49]. Bypassing existing ECC mechanisms this way requires new approaches
to error management.

Hardware Error Correction Many data-center-grade DRAM memory arrays
are tightly integrated with ECC on the same chip to present a seemingly error-free
interface. However, as memory cell becomes smaller, data reliability continues to
degrade, making on-die ECC increasingly costly and, at times, ineffective [37]. For
example, DRAM refresh overhead has increased 9.4 X when scaling from 128 Mbit
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to 16 Gbit chips [37]. Similarly, DDR5 ECC-DIMMs with on-die ECC for single-bit
error correction now incur a 32.8% increase in area and parity overhead [50].

Despite these efforts to create an error-free memory interface, errors are still in-
evitable as memory reliability can deteriorate beyond ECC’s correction capabilities.
In some cases, ECC can even introduce additional errors [37]. High-Bandwidth
Memory (HBM), which builds on DRAM technology, inherits these reliability
challenges while introducing additional error sources due to its multi-layered archi-
tecture [38]. As memory scaling continues to degrade reliability, applications that
lack built-in resilience against silent bit errors and rely solely on hardware-based
error correction face significant scalability challenges. Further, they are more
vulnerable to side-channel attacks like Rowhammer [37], which can induce bit-flips
even with ECC in place.

Hardware ECC Conflicts with PiM  (On-chip) hardware ECC would require
significant power and chip area and therefore directly compete with resources
needed for PiM functionality. As a result, UPMEM [10], a PiM implementation
for DRAM, omits hardware ECC entirely and relies on the assumption that the
underlying DRAM is error-free. High-Bandwidth Memory (HBM) can also be used
for PiM [51] and therefore also faces the issue of bit-flips. Being based on DRAM,
HBM both inherits it’s error characteristics and also introduces additional error
sources [38] due to the layering architecture.

Specifically for NAND flash, the challenge is even greater due to its inherently
higher error susceptibility, compared to DRAM. Powerful ECC mechanisms, like
LDPC, are essential to ensure reliability but come with significant costs: increased
storage overhead for parity bits, increased read latency, and substantial demands
on chip area and power. Additionally, these ECC circuits require significant testing
and design costs. Consequently, integrating comprehensive ECC capabilities into
PiN may be impractical [17, 52].

2.4 Error-Adaptive Databases

Beyond Processing-in-Memory, random memory errors are becoming an increas-
ingly larger issue [37]. Many software systems recognize that storage is not flawless
but still assume that bit-flips are rare [53]. For example, file systems such as ZFS
and databases such as RocksDB [54] detect errors and simply abort operations,
expecting that a reread will resolve the issue. However, as memory reliability
worsens with advanced technology, errors become more frequent and operation
aborts become a more common occurrence, causing severe service disruptions in
the process.

Ultimately, solely relying on hardware to maintain an error-free memory in-
terface is both costly and increasingly impractical. One way to address these
challenges is to expose information about error characteristics to software, al-
lowing it to make informed decisions and lessen the burden (and reliance) on



18 CHAPTER 2. THE END OF BANDWIDTH DOUBLING

hardware-based ECC [37]. To take it one step further, memory hardware may be
bought with different error guarantees [37].

Varying Impact Depending on the application, a single bit-flip may have varying
impact. For example, a flip in the less significant bits of a floating-point repre-
sentation usually has much less severe consequences than a flip in the exponent.
Similarly, flips in pointers are more detrimental than in a column value and a crash
is usually preferable over silent data corruption. Further, the impact of a single
bit-flip is particularly severe in compact or highly compressed data structures [55],
where every bit carries—by design—a high amount of information. As we will
discuss in Chapter 3, approximate or probabilistic data structures are more suitable
for coping with bit-flips, because they can be designed and configured to account
for additional sources of inaccuracy.

Error-Tolerant Operations The relevance of errors in database applications
has been a topic for some time now [56]. For example, Koldiz et al. [55] suggest to
use arithmetic coding to enable robust computations and on-the-fly error detection
for in-memory databases. In [57], they suggest methods to improve the reliability
of B*-trees. While previous works mostly focus on DRAM and are not necessarily
compatible with the PiN functionality considered in this work, we believe that
many of their approaches still offer important pointers to enable databases on
increasingly less-reliable hardware.

2.4.1 Adaptive vs. Worst-Case

As discussed in Sec. 2.1.1, error rates in different memory regions of a NAND flash
chip can vary significantly. Given the error differences across layers of 3D-memory
[32], the general approach is to apply the strongest ECC across the entire memory,
targeting the least reliable regions. However, this worst-case approach is costly and
unscalable, as reliability discrepancies between layers are likely to increase with
continued technology scaling. On the other hand, since information on current
and historical error rates are often already available to devices for wear-leveling
and data scrubbing [58] and can also be predicted [32], data structures able to adapt
to the error can unlock many potential optimization opportunities.

With knowledge of error rates across memory regions, software can make
informed decisions about data placement and data structure configuration [37]. For
example, Tian et al. [32] propose partitioning NAND blocks by error levels, enabling
SSD controllers to place “hot” pages in regions requiring less error correction,
thereby improving latency for frequently accessed data. Similarly, applications can
exploit this knowledge to tailor the protection levels of memory regions to specific
reliability requirements, reducing the overhead of overprotection and improving
efficiency [59]. Aligning an application’s error tolerance levels with the device’s
varying error rates unlocks further optimization potential.



2.4. ERROR-ADAPTIVE DATABASES 19

(How To) Embrace Bit-Flips If applications can deal with random bit-flips on
their own, reading pages without the usual error correction and its associated
overhead is preferable. The NVMe 1.4 standard introduces Read Recovery Levels
[60], an optimization that aligns with this approach. This feature was initially
intended to allow software to control the recovery effort during reads to avoid
long decoding latencies for aged data pages and lets software RAID take over the
recovery. This can be taken one step further for bypassing recovery entirely, if the
accessed data that is known to be resilient.

Domain-Specific Error-Correction Applications may employ their own do-
main-specific error-correction mechanisms, which can be more efficient than gene-
ral-purpose approaches [57]. This approach gives applications more control over
performance and storage overhead trade-offs, allowing these decisions to be made
before writing data, rather than being fixed at design time by the manufacturer.

Tailored Maintenance Error-tolerance levels specified by applications can flow
back to the controller to optimize maintenance and data scrubbing, potentially
increasing the longevity of NAND memory. For example, scrubbing a page may
be delayed if its current error level is still acceptable for a specific application, or
the controller may decide to skip scrubbing altogether, allowing the application
to recreate the data later. Similarly, applications may continue using blocks that
would otherwise have been decommissioned based on general worst-case criteria.






Cooperative Refinement

Both DCP and indexing can significantly contribute to reducing the Movement
Tax, though neither is a silver bullet and each has clear limitations. However,
when combined, many of their individual shortcomings can be mitigated, enabling
capabilities that are otherwise infeasible. The notion of Cooperative Refinement
proposes indexing as a workload to execute near or within storage memory, directly
leveraging the resulting insights at their point of greatest impact. Despite its signif-
icant potential, realizing this paradigm increases system complexity considerably
and introduces new challenges.

Data-Centric Index Evaluation The conceptual simplicity of indexing has
led to its widespread adoption since the 1960s, beginning with IBM’s ISAM [61].
However, index structures can also be large and their evaluation may involve
considerable data movement on its own, especially for complex, high-dimensional
objects. For example, image search—even after an initial pruning step and with an
efficient storage layout—can still require “walking the last-mile” and exhaustively
compute similarity measures for a set of candidates [47]. But even holding a large
number of traditional index structures, such as B*-trees [19], in precious DRAM
can be a costly endeavor—especially in disaggregated cloud environments. To this
end, evaluating index structures close to their place of storage has many advantages
with respect to DRAM utilization, access latency, CPU overhead, and overall data
movement cost.

However, not only do indices directly benefit from being processed near data,
some also conveniently address several challenges of Processing-in-NAND. Proba-
bilistic data structures, which are used to index complex objects, are particularly
suitable: their approximate nature allows them to also account for bit-flips—one
of the biggest issues of NAND flash memory. Unlike many traditional database
indices, where a single bit-flip can corrupt the entire structure, these data structures

21
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are able to degrade gracefully: query efficiency decreases proportionally to the
bit error rate rather than failing arbitrarily. Moreover, workloads such as nearest
neighbor search, already rely on approximate success metrics. When accounting for
one type of uncertainty, it is often possible to incorporate another. This opens up
the opportunity to embrace a certain error rate instead of fixing all errors explicitly
(and indiscriminately) on every single access.

Some data structures, such as Bloom filters, also have the beneficial property
that they rely only on relatively simple bit-wise equality tests for their evaluation.
Such functionality is already implemented, for instance, via the masked equality
instruction in Search-in-Memory (SiM) by Chen et al. [14]. A larger, more powerful
class of index data structures relies on measures like the Hamming distance or
Jaccard similarity, but already requires capabilities beyond current designs, e.g.,
the support of instructions like porcNT. Although this type of bit-wise aggregation
already requires much more complex circuitry than a basic zero check, it remains far
simpler than general-purpose database aggregation, which involves intermediates
and full arithmetic logic. Yet, commercially available Processing-in-NAND (PiN)
prototypes capable of these basic operations are unavailable for testing. Existing
designs are mostly conceptual, and their efficiency in specific applications is not
well established. As a result, there is a need to consider the usefulness of specific
low-level operations from a database perspective and identify feasible extensions
of existing PiN concepts that would better support index evaluation.

Index-Driven Data-Centric Processing Similar to indexing, DCP has been
around for some time now as well. For example, Active (Hard-Disk) Disks [62]
are an early instance of Computational Storage Devices, were discussed in 1998;
and ideas on processing directly with memory go as far back as 1969 [63]. Yet,
historically improving bus connectivity, significantly increased system complexity,
the simplicity of a “scale-out” approach, and the inherently limited resources on
such devices, hindered their adoption so far. Moreover, modern SSDs are still
primarily accessed via the traditional “block device” interface, where read requests
operate on fixed-size pages addressed through Logical Block Addresses (LBAs). This
“black-box” approach to storage access incurs non-negligible CPU overhead per
request [6, 5], prompting some systems to adopt kernel-bypassing techniques like
the SPDK library [64]. Despite such efforts, all communication remains explicitly
orchestrated by the host—an inherently host-centric design.

In data-intensive analytical workloads, database systems often determine early
during query planning which tables and columns will be accessed. This enables
“sequential” access patterns, where logically adjacent pages are fetched in bulk to
amortize overhead, both on the host and within the SSD. However, this bulk access
strategy is often very inefficient when most of the data is actually irrelevant. Yet,
even if precise knowledge about relevant bytes is available beforehand, NAND’s
large access granularity still forces reading entire pages. Especially column stores,
the de-facto standard for analytical systems, are susceptible to this issue. Their



3.1. BLOOM FILTER EVALUATION 23

high page cardinality makes it more likely that at least one value qualifies for the
query, triggering the retrieval of the entire page. Consequently, they must suffer
the full Movement Tax and fetch pages for all query-relevant columns—even for
just a single tuple.

These observations highlight an untapped potential: when information on
the relevance of data from an index or an earlier processing stage is available, it
should be possible to exploit this knowledge directly within the storage device
itself. To realize this potential, however, both the capabilities of the device and
the interface must evolve. Using index information to issue ever more targeted
page requests may reduce waste, but it does not eliminate the core problem of
host-centric communication.

Instead, what is needed is a computational storage design that can funda-
mentally change this communication model and autonomously act on relevance
information. This is not only beneficial to improve access efficiency, but also to
augment the data-centric processing model itself: skipping irrelevant data early
enables a more intelligent use of the device’s limited computational resources, avoid-
ing unnecessary computational effort and (device-)internal bandwidth utilization.
Crucially, exploiting this relevance information is not merely about supporting
subsequent operations; it already constitutes a fundamental form of computation.

Outline In the remainder of this chapter, we sharpen our vision of Cooperative
Refinement by first focusing on specific approaches to implement data-centric index
evaluation. We begin by showing the Bloom filter’s inherent resilience to bit flips
and then discuss it as a possible application that can be implemented using the
(masked) equality test functionality implemented with SiM’s SEARCH [14]. Next,
we extend the capability of the instruction by proposing an emulation scheme to
execute inequality operations—a core primitive in database-index evaluation. In
Sec. 3.3, we discuss the capabilities of a visionary PiN system that offers popcNT-
like functionality and would therefore greatly increases the scope of feasible index
applications. Our error analysis for Binary Sketches, data structure that rely on
a such PopCNT instruction, shows their general feasibility for PiN. In Sec. 3.4, we
introduce Gravity Store—our initial concept for materializing indexed data and
utilizing index information directly within storage devices—our contribution to
index-driven Data-Centric Processing. In the last section, we conclude the topics of
this chapter by outlining potential directions for future research.

3.1 Bloom Filter Evaluation

Three primary aspects of PiN are its suitability for bulk operations, limited in-
struction set, and susceptibility to memory errors. Fortunately, the Bloom filter, a
popular data structure for probabilistic set-membership queries, presents itself as a
prime candidate. It consists of a fixed-length bit-vector and a set of independent,
uniform hash-functions, each mapping to positions in this vector. Starting with an
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all-zero vector, elements are inserted by setting the bits determined by the hash
functions to one; previously set bits remain unchanged. After inserting all elements,
the final filter, or multiple in batch, is persisted to storage. To test for membership,
we hash the query element with the same hash functions, building a query mask.
Within the NAND flash chip, we then test whether the corresponding bits were
set in the filter using an instruction for logical AND, such as SiM’s SEARCH. As
a bonus particularly relevant to PiN, Bloom filters have—by design—a roughly
uniform distribution of zero and one bits, which coincides with the goal of data
scrambling, a technique used in SSDs to avoid data-dependent disturbance errors
(see Sec. 2.1.1). The result may be a false positive, indicating membership despite
the element not actually being inserted before.

They have many applications, such as in key-value databases for look-ups [65]
or (rudimentary) range-query support [66], in distributed joins [67], in-memory
hash-joins [68], and recently Bloom filter-aware plan optimization [69]. Bloom
filters are also used beyond classic database systems, for instance in genomics [70,
71] or network applications [72]. See [73] for an overview of techniques.

3.1.1 Integrating Bit-Flips

Given the inherent susceptibility of NAND to random bit-flips, data structures
operating directly within the memory, prior to error correction (ECC), require
robustness. As we will demonstrate in the following, Bloom filters—only ever
testing a small subset of bits—fulfill this property, yielding reasonable results even
at error rates far higher than those tolerated by industry standards (=~ 10716 [43]).
For the analysis, we assume that bit flips occur independently across the page,
regardless of position or surrounding state.

Usually, Bloom filters are designed to not surpass a specified false-positive
rate (FPR). Given a fixed number of bits for the filter, this leads to a maximum
number of elements that can be inserted before this rate would be surpassed, i.e.,
its capacity. For target FPR tgp, size of the filter m and a number of hash-functions
k, the maximum capacity’ of a Bloom filter is

n = _(m_kl) In (1 — tw'/*) — 0.5. (3.1)

Let po_,1 denote the probability of a flip from 0 to 1, and p;_,( the probability
of a flip from 1 to 0. Moreover, p;_,; = 1 — p;_,o represents the probability that a 1
is retained and pj) := 1 — pp] the probability of an initial 0. Then, the probability
of observing a 1 after bits may have flipped is

P = ploiposst + ppiot-

The chance of a false positive is then (p[l]ﬁnal)k.

IThis slightly modified version sacrifices “1 element and 0.5 bits” for a more accurate estimate of
the FPR (or, after rearranging, capacity) [74].
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For fixed bit-flip probabilities and a target FPR tpp, this limits the number
of hash-functions k that we are allowed to employ from below. Note that the
lowest inherent FPR (and thus maximum capacity) of a Bloom filter is achieved if
pp) = pjo) = 0.5, which we will substitute in the following. We rearrange for £ and
choose the smallest complying number of hash functions:

(P[uﬁnal)k < tpp

k > ln(tFp)
~ In((1 = piso)ppy + Pos1(1 — ppy))
E> Il’l(tFp)

= In(0.5- ((1 — p1so) + Pos1))

ln(tFp) —‘
= Kkopt 1=
. ’711,1(0.5) + ln(l — P1—o0 + p0—>1>

(3.2)

Plugging ko into the Eq. (3.1) yields the FPR-limited capacity.* Observe that
0 — 1 flips increase the FPR and 1 — 0 flips decrease it. As a result, both types
cancel each other out: If p;_,o = py_1, Eq. (3.2) coincides with the usual formula
without errors and bit-flips have no impact at all on the FPR of the filter. In other
words, for every decision that becomes false-positive due to bit-flips, we also count
a false positive that turns into a true-negative decision. Without bit-flips, the
optimal capacity is usually associated with a uniform distribution of ones and zeros
in the filter, so a bias in either direction impacts capacity (as determined by ;)
positively or negatively.

Impact of Bit-Flips on Filter Capacity The upper limit to %, and the capacity
formula gives us the tools to assess the robustness of Bloom filters. We illustrate
the impact of bit-flips on the bits per element under false-positive restrictions
in Fig. 3.1 (next page). For growing 0 — 1 errors, the storage cost per element
increases eventually, or—equivalently—the capacity decreases. But using a larger
k is not necessary until py_,; is well above 0.01, a value significantly higher than
JEDEC’s 1071, For example, for tgp = 0.1 and p;_,o = 0, the very first jump (from
k = 3 to k = 4) occurs at py_,; ~ 0.125, raising storage cost from 4.86 bits to 5.03
bits per element. Before, 0 — 1 errors do not have any impact on the choice of k
and therefore the (FPR-limited) capacity, offering the same performance as a Bloom
filter in regular “error-less” memory. Further, 1 — O flips delay the increase in bits
per element. As indicated by the vertical bars, these error ranges can be reached
by existing memory chips.

Note that the step-wise increase (y axis) is due to rounding k&, the number of
hash functions, to the next larger integer.

“Note that, due to hash collisions, the actual number of relevant bit may be smaller than k, the
number of hash functions, especially for very small m (relative to k).
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Figure 3.1: FPR-restricted (¢gp) bits-per-element for a Bloom filter, given bit-flip
probabilities py_,; and p;_,o. For reference, the dashed vertical bars indicate the
RBER of an older flash chip from Micron for different P/E cycles, after retaining
data for 64 days (P/E values reproduced from [32]).

3.1.2 False Negatives Guarantees

Although 1 — 0 bit-flips are (surprisingly) beneficial for the capacity of the filter, a
non-zero false-negative rate impacts the quality of the actual result, because actual
members of the set can now be “overlooked”. The false-negative rate is given by
FNR = 1 — (1 — p;_0)*, which is the complement of the probability that none of
the 1-bits flip. For applications that can tolerate a certain false-negative rate of ¢y,
we can rearrange for £ and obtain an upper limit to the number of hash-functions:

tw=1-—(1— p1—>0)k

N k‘max _ \‘ 11’1(1 - tFN) J
In(1 - p1-0)

If kmax < kopt, the filter can not be build optimally. This is because the optimal
capacity can only be achieved with an even chance of encountering a 0 or 1, but the
corresponding number of hash functions would violate our restrictions on either
error rate. To compensate, we therefore add fewer elements in order to require
fewer hash-functions for the same FPR. We call this a FNR-limited capacity.
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Although the introduction of false negatives is not acceptable for some ap-
plications, others can tolerate it. In fact, across a wide range of applications in
distributed systems surveyed in [75], various Bloom filter variants allow for false
negatives. It is often considered an acceptable trade-off to enable item deletion [76]
or improve the false-positive ratio [77].

Exploiting Error-Asymmetry If p;_,o = po_1, the capacity is not FPR-limited,
but may be FNR-limited. In case our memory experiences one-sided bit-flips, we
are able to exploit that 1 — 0 flips increase both capacity and FNR. This allows, for
example, to strengthen correctness over capacity by inverting the bit-interpretation
of the bitmap of a Bloom-filter, when p; g > po_1.

SLC NAND presents a hardware design that offers a high asymmetry. This
is because the largest source of bit-flips today is electron leakage [35]: if there
are only two states to differentiate, cells can only drop once, from the higher to
the lower. In contrast, any substantial increase of the cell charge that would also
cause a change in state is significantly less likely [35]. While being more expensive,
SLC is also overall less error prone, allows faster read and write and offers more
durability than, for example, TLC NAND.

3.1.3 Processing-in-NAND Implementation

We envision pages in a PiN-capable device to store multiple Bloom filters, or parts
thereof. For the example configurations considered by Chen et al. [14], a 4KiB
page consist of 512 64-bit words. A page then contains, for instance, the first 64
bits of a Bloom filter, which may be longer. For evaluation, a SEARCH instruction is
issued with a query element representing the (partial) result of the hash function
evaluation. Matching the query with each filter prefix results in a positive response,
if all relevant bits are set in both query and filter. Compared to a regular page
access, which requires transmitting the whole 4 KiB page, only the 512-bit result
must be transmitted over the NAND flash chip’s channel. Results from multiple
pages are combined with a logical AND, potentially using an accelerator within
the storage device. Each bit in the final result then indicates whether the input set
at that bit’s position contained the query, or not. This setup is particularly suited
for applications such as the large-scale analytics file format Apache Parquet [78].
Another application domain may be Key-Value stores, such as RocksDB, where
separate indices are used for many independent sets of elements or to give light-
weight support for range queries [66].

Error-Adaptive Parametrization As stated in Sec. 3.1.1, the optimal capacity
depends on the bit-flip rate and limits the number of hash functions. To illustrate,
even the pages within the same 3D NAND block and written at approximately
the same time can have vastly different error levels that vary by an order of
magnitude [79]. Crucially, error rates are usually not uniformly distributed, with
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pages exhibiting extreme rates potentially being outliers [79]. As a result, pages
with an error above a certain threshold will drop in effective capacity (see Fig. 3.1).
An application may therefore under-utilize Bloom filters stored across this block
if it allocates capacity based on global worst-case error rates. While this is less of
an issue for highly asymmetric error environments, overestimating 1 — 0 errors
leads to severe restrictions.

For example, assuming py_,; > p1,0 and tpp = tpy = 0.01, classifying all pages
in a block to have, say, a worst-case ratio of p;_,o = 0.0034, forces k to be no

%J = 2. With £ = 2, the bit-per-element ratio in the worst

case would be ﬁgé = 18.98. If the actual probability is p;_,o = 0.002 or lower
instead, £ may be as large as 5, costing only 9.85 bits per element, a factor-of-two
difference. Relying on worst-case assumptions to characterize NAND flash errors

can be misleading and should therefore be avoided.

greater than L

3.2 Inequality Emulation

As discussed in Sec. 2.2.1, native inequality instructions are non-trivial to imple-
ment for PiN. However, databases rely heavily on this functionality, e.g., during
a B*-tree traversal. It may therefore be beneficial to consider ways to emulate
inequality operations with the tools already considered feasible, such as the afore-
mentioned SIMD-style masked-equality instruction offered by Search-in-Memory
(see Sec. 2.2.3). SiM’s SEARCH instruction goes beyond simple word-wise compari-
son operations and allows to restrict the scope of the comparison using a bit mask as
an additional argument besides the comparison constant. This permits expressing
logical less-than operations by synthesizing a series of SEARCH instructions and
combining their results logically. This approach is reminiscent of how UPMEM
emulates floating-point operations with integer arithmetic [10].

Note that, in the following, we will temporarily ignore bit errors and return to
it in the next section.

Example. Intuitively, the emulation works by iteratively testing for available
power-of-two “frequencies” that make up the binary representation of an integer.
For example, in the 8-bit binary representation of the query ¢ = 64 = 2°, only the
6th bit is set. Any value x < ¢ will therefore have both the 6th and 7th bits unset.
We can implement this with a single SEARCH instruction using a mask value of 192
(1100 00004 in binary) and testing for equality with 0. We denote this (abstract)
operation as MEQ(z, 0, 192).

For non-powers-of-two queries, multiple tests are required, each testing for a
different power-of-two component. Or in other words, each emitted MEQ selects a
disjoint slice of the comparison interval, and the slice sizes form a strictly descend-
ing sequence of powers-of-two. For example, for ¢ = 27 + 23 + 22 = 140, we can
use disjunction of three tests:



3.2. INEQUALITY EMULATION 29

Algorithm 1 From-below synthesis of the predicate z < ¢ using MEQ

Input: g € {1,...,2° -1}
Output: List Erp of MEQ clauses such that \/ ., e(7) <= = <q
1: lower <~ 0; rest<—q; FEpp<+ O
2: while rest > 0 do
3 p < |log,(rest)]
4: mask < (2° — 1) A —(2° — 1)
5: Erp + Epp U {MEQ(m, lower, mask)}
6
7
8

lower < lower + 2P
rest < g — lower

: return Erp

LT(x, 140) = MEQ(x,0,128) Vv MEQ(x,128,248) v MEQ(z, 136, 252),

which tests the intervals [0, 128), [128,136), and [136, 140), respectively.

3.2.1 From-Below and From-Above Emulation

The synthesis algorithm for this strategy is described in Alg. 1. It proceeds by
iteratively emitting operations for increasingly smaller parts of the initial query. In
each iteration, the bit mask is extended by the next lower power of two present in
the query. Overall, the emulation emits a number of MEQ operations that depends
on the number of 1-bits in the ¢’s binary representation.

There are two ways to approach the emulation, depending on which power-of-
two components we test for. In the examples above, we tested “from-below” for
the lower components in g, but we can also test for components of values larger
than ¢ and negate the final result of the disjunction. To obtain “from-above”—the
dual of from-below—we initialize rest not with ¢ but its arithmetic (not bit-wise)
complement 2° — ¢ and update it via rest < rest — 2P instead. Moreover, we keep
increasing lower, now named “upper,” but initialize it with ¢ instead of 0. Lastly,
we always negate the result of the conjunction after the evaluation.

Maximum Program Length For each query ¢ we can pick the strategy that
requires the fewest operations, so we have at most

min{PopcNT(q), PoPCNT(2” — ¢) } < [b/2]

operations. This bound follows from the observation that from-above tests the
arithmetic complement 2° — g instead of ¢ itself. We have that either ¢ or its bit-wise
complement § never have more than half of their bits set. Since 2° — ¢ = g + 1,
either ¢ or its arithmetic complement has at most [b/2] bits set.
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Example. For ¢ = 13 we have

POPCNT(q) = 3 (¢ = 0000 11015),
POPCNT(q) =5 (g = 11110010,),
POPCNT(2® —q) =6 (2% — ¢ = 11110011y).

Hence min{3,6} = 3 < [8/2], and the from-below strategy is optimal.

3.2.2 Executing the Program

A storage device that implements MEQ operations via the SIMD-style SEARCH
instruction allows us to test all words in a NAND page at once. First, we execute
the full sequence of SEARCH instructions, and then combine the results via logical
OR to obtain a bitmap with all matching words. Notably, an “interactive” inspection
of intermediate results would incur additional latency and overhead. Thus, a “one-
shot” execution of the program, where it runs to completion without interruption,
will be necessary to make the entire approach worthwhile.

Volume & Energy Savings Returning results instead of the full page leads to a
considerable reduction in transfer volume. For example, with a word size of 64-bit
and a page size of 4KiB, a SEARCH instruction results in a 64-bit result bitmap—a
reduction of 64 x. Even in the worst-case, where the benefits may be offset by the
need to execute up to [b/2] = 32 operations, we still safe 50% of the volume. This
reduction in volume can then be used to transfer data at a slower rate, requiring
less power in the process [14]. The energy-saving potential is significantly greater,
however. Modern memories (not just NAND) incur energy cost for transmitting
1-bits in the data stream, instead of a fixed amount for every transmitted word.?
When transferring results of SEARCH instructions, we therefore pay the transfer
not for all tested words, but only for those that match. Because we test for disjoint
intervals, our less-than emulation therefore has energy costs that are proportional
to the predicate selectivity. Note, however, that the overall latency cost of the
emulation will usually be larger than a regular page transfer.

Two’s Complement & DECIMALS The emulation so far assumes unsigned inte-
ger values. Representing signed integers instead requires some adjustments: With
Two’s complement for signed integers, the MSB is 1 for negative values and values
are no longer comparable in the same way (as unsigned integers), because negative
values are now “larger” than the positive. The issue can be avoided, if we flip the
MSB of two’s-complement numbers, such that a 0 indicates a negative number.
Comparisons for floating point values can be enabled by using fixed-precision
DECIMALS: multiplying a floating point value (before storage) with a power of

3Signals transmitted over an electrical bus require differing amounts of energy. This allows to
optimize the transmission towards specific patterns with features like Data Bus Inversion [80].
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10 with specified exponent (which dictates the desired precision) and dropping
remaining decimal digits yields an integer that can be evaluated with our emulation.

3.2.3 Improving Efficiency

There are several ways to improve efficiency, either by ensuring fewer operations
are required, or by evaluating multiple words in a single MEQ operation.

Reducing the Operation Count Depending on the query g, costs may differ
with our emulation. One way to reduce the number of operations is by increasing
the tested query constant to a nearby value that has fewer 1 bits, thereby sacrificing
accuracy.

However, another way to ensure that the operation count remains low is to
give up parts of the integer domain. For example, we can remap the integers of
an interval [0, ) to a subset of the interval S C [0, 2%), where b is the word size,
in an order preserving way. Ideally, S—and therefore a remapped g—would then
only contain values that can be tested with few MEQ operations, i.e., that have few
1-streaks.

We denote the set that only contains integers with » many 1-streaks as S,. One
such mapping, where every word in the image has exactly two streaks of 1s, is

0,1,2,3,4] — [5,9,10,11,13] = [01015, 10015, 10105, 10115, 1101,).

In general, the number of binary words with exactly r 1-streaks is given by

(b+1) [81] and thus we have
b+ 1
-3 ()

2-r
s=0

withr € [0, g] integers to map to. So for example, for b = 32 bit, we can differentiate
between Zgzo (3?;1) = 15033173 different keys using at most 4 MEQ operations.
We leave deriving a generic (and efficient) procedure to establish the mapping

for future work.

Sub-Word Evaluation So far, we silently assumed that the word size coincides
with the size of the values we compare, i.e., every word is matched with exactly
one MEQ operation. However, this may be wasteful for architectures that have
word sizes larger than the values we store, e.g., 64-bit words for 16-bit values. This
results in worse storage space utilization and degrades the overall efficiency.

One way to address this is to “pack” multiple values and the corresponding
masks into one word each. However, when a 64-bit word packs four 16-bit keys, a
single MEQ operation fires only if all four sub-words meet the masked condition.
With unsorted sub-words that is rarely useful, because one failing lane voids the
whole word.
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If the sub-words are sorted, as in a dense key array of a BT -tree inner node*, we
regain some structure. The effect is limited, however, because MEQ operations test
for disjoint intervals and the sub-words may contain values from more than one
integer interval. To regain the ability to pin-point the largest-qualifying value for
a LT-operation, we therefore need to execute the synthesized sequence for each
sub-word separately.

As aresult, correct execution when storing multiple values in a single word does
not decrease the required number of operations, when compared to an execution
across 4 pages without word-packing. However, we may still save on storage
capacity, and only have to pay the latency cost for sensing data from the memory
cells once, not 4 times.

3.3 Binary Sketch Evaluation

Emulation schemes, like the one previously introduced in Sec. 3.2, come with
additional complexity and usually require post processing with another compute
unit, such as a CSD’s co-processor. Moreover, restrictions still remain in what can
be feasibly expressed.

A large class of data structures becomes available, if the underlying PiN hard-
ware would be capable of porcNT-style bit-wise aggregation. For example, com-
bined with a bit-wise XOR operation, a POPCNT gives the Hamming distance
between query bit vector q and bit vector x:

HAMMING(q, X) = POPCNT(q Y X),

which is a common measure used to compare binary sketches [83, 84]. Binary
sketches are a basic building block for nearest neighbor search and allow identifying
all elements that have a Hamming distance below a certain threshold. Just like
Bloom filters above, they share the objective of achieving independence between
bits, as well as balanced bits, i.e., a uniform distribution of 0 and 1 bits, which is
beneficial for storage in NAND memory. The inherently approximate character
of the search, as well as a potential of the two types of bit-flips to negate each
other’s impact on the distance calculation, makes binary sketch evaluation another
potential application for PiN. See [85] for a survey on the data structure.

3.3.1 Integrating Bit-Flips

Similar to our prior analysis of Bloom filters in Sec. 3.1.1, we will now analyze how
bit-flip probabilities affect the effectiveness and result quality of finding the set

R:={s|d(s,q) <r}.

4This mirrors Cache-Sensitive B -trees [82], where only the first child pointer is stored and the
rest are inferred arithmetically from the relative slot.
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This set contains all neighbors s that have Hamming-distance d of at most r to
query sketch q.

When a bit flips within a sketch, its Hamming distance to a query is altered by
exactly 1. Specifically, the distance decreases if the flipped bit now matches the
corresponding query bit, and increases if it no longer matches. Therefore, for the
distance to become smaller than threshold r, decreases in distance must be more
numerous than increases. This implies that sketches with a high actual distance
are less likely to become neighbors due to bit-flips.

However, as py, the overall bit-flip probability, increases, two effects emerge:
more and more false positives appear as (mostly not-too-distant) non-neighbors
are “swapped-in,” while some actual neighbors may be lost as false negatives.

To illustrate this effect, we derive the probability of selecting a candidate with
a true distance Hamming distance (before bit-flips) within threshold r, despite our
selection being based on an observed distance (after bit-flips). Let .S be the length
of the binary sketch and Hy, H € [0, 1, ..., S| denote the random variables for the
actual and the observed Hamming distance, respectively. Under the assumption
of independent, uniformly distributed bits of a random sketch from the database,
Hy ~ binom(0.5, S). Let N, M ~ binom(ps, S) be independent random variables
for the bit-flips that decrease or increase the distance, respectively. We can then
express the observed distance H as the sum of these variables

H=hy— N+ M.

The probability of observing a specific distance of A, given an actual distance of hy,
is then:

ho
Pr(H =h| Hy=ho) =Y Pr(N =n)-Pr(M =m)-1(0 <m < S — ho)
n=0

where m = n + h — hy and the indicator function / drops invalid sum terms
for given n. The probability distribution of H after filtering is then:

C o Pr(Hy=ho,H="h
PI‘(HOZho|H§T):Zh70 IEI‘(;'I<7(3) )

_ 2noPr(H = h | Ho = ho) - Pr(Ho = ho)
> h—o Pr(H = h)

with Pr(H = h) = >3 _(Pr(H = h | Hy = ho) - Pr(Hy = hy). Pr(Hy = ho |
H < 51), the probability distribution of having a true distance of h after filtering
out all sketches with observed distance i > 51, is shown in Fig. 3.2 (next page). We
chose the threshold » = 51, which corresponds to a query selectivity of ~ 0.001.

The figure illustrates how py affects the probability distribution of actual Ham-
ming distances within the result set R, if we filter according to the distances we
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Figure 3.2: Distribution Pr(Hy | H < 51) for sketch size S = 128, threshold r = 51
and different bit-flip probabilities p;. The result quality degrades gracefully for
increasing bit-flip rates and high rates are required to have meaningful impact.

observe through the PiN instruction. As the error rate increases, true positives are
gradually lost in exchange for false positives. However, the 95%-percentile above
each sub-figure shows that—even with an error of p; = 0.01—the distance of 95%
of all sketches is still barely larger than our threshold r and the true-positive rate
is still at 0.82. With very errors, however, the result will eventually be a random
sample of the dataset, with distances following the initial binomial distribution.

3.3.2 Processing-in-NAND Implementation

Following a similar approach as for Bloom filters, a page may contain a sequence
of fixed-length sketches. But, as mentioned before, binary sketches are more
challenging to realize via PiN. Another issue is the word size, which ideally coincides
with the sketch size. Smaller words would require adding up multiple POPCNTSs
before thresholding can occur. Splitting the operation as well is possible but
introduces another source of errors. Moreover, these modifications specialize the
circuit further towards a single application, reducing general applicability.
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Hardware Implementation The Failed Bit Counting (FBC) offers only rudi-
mentary aggregation capabilities [46], i.e., to determine if the PoPCNT is 0 or not.
Although this is sufficient to enable SiM’s SEARCH, full support of the operation
would require significant changes with respect to both the hardware design of
the peripheral circuitry. Moreover, the result of a SIMD-style POPCNT operation
is no longer a bitmap, but a sequence of (potentially binary-encoded) numbers
that represent each popcnt. One way to potentially avoid this issue may be to
also add a thresholding operation, that compares the result of the porcNT with a
(ideally dynamic) constant, i.e., POPCNT(x) < ¢, and returns only the result. We
acknowledge that such a hardware design requires further investigation that goes
beyond the scope of this thesis.

Error-Adaptive Parametrization A single distance alteration due to a bit-flip
has less relative impact, if the sketch is larger. However, considering more bits
also increases the probability of encountering an error. To compensate for larger
error, false positives can be filtered out in a later step, when the actual objects are
accessed and refined further. This allows to choose a less strict threshold at the
cost of additional post processing and larger result size.

3.4 Gravity Store

In previous sections, we focused on the specific challenges posed directly by a
PiN-capable architecture. However, complementary near-data processing is equally
important to avoid the long latency of direct host control. For example, for our
emulation in Sec. 3.2, issuing SEARCH instructions as separate I/O requests and
transmitting their results one by one to the host just to perform a simple bit-wise
operation is unlikely to be feasible in practice. Performing the (cheap) operation
directly near the chip would require a much shorter communication path.

A similar problem arises for (deceptively simple) selective access to one or
more pages: Retrieving, for instance, a single tuple from a five-column dataset
in a column store still pulls five (full) pages—even when the tuple’s exact offset
is known to the host. Even if we gain the option of cache line-granular access,
for example with SiM’s GATHER, we must still handle I/O operations and result
transfers individually—with all the associated overhead. Issuing only a single
request and receiving the fully assembled tuple—rather than separate, abstract
pages (or parts thereof)—would be significantly more efficient, especially if we can
specify the request for all relevant tuples at the same time.

To accomplish such a feature, storage devices need to do more than passively
serve pages. We therefore envision CSDs capable of autonomous materialization,
that is, independently planning data access, selectively materializing relevant data,
and subsequently preparing compact, meaningful data batches. To support this
autonomy in practice, the way requests are formulated needs to change funda-
mentally: imperative page requests, e.g., “fetch pages 10, 15, 73” must give way to
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declarative, expressive requests, e.g., “retrieve column A”. An autonomous device
would then consult on-device metadata to generate its own internal I/O requests,
fetch the necessary pages, and materialize the final, dense result (for further trans-
fer or near-data processing). A richer request, e.g., “retrieve column A using bitmap
B, would return only the matching, pre-filtered values of column A.

Although materialization usually does not require long sequences of complex
operations, requirements on storage layouts, data types and access patterns vary
significantly and are domain-specific. A framework underpinning such a device
therefore requires sufficient flexibility, but still has to work within the resource
constraints of near-data processing. In the following we present our current
implementation of Gravity Store—an execution model for in-device materialization,
focused on pulling together data that matters.

Central Components Unconstrained flexibility introduces significant complex-
ity and overhead. To maintain predictable and efficient data access, Gravity Store
adopts a structured execution model that deliberately limits programmability. It
has the following core components:

1. Layout Description Layer (LDL). A formal methods for mapping logical
structures to their position in pages and deriving access paths. A key com-
ponent is a formal schema notation that serves as the foundation for layout
calculations and dependency inference.

2. Materialization Graph. Based on the LDL, Gravity Store translates a declar-
ative request into a directed graph of tasks. These tasks can be, for example,
iterators for spawning (device-internal) I/O requests and materialization
operations, e.g., gather and shuffle.

3. Materialization Engine. A lightweight execution engine responsible for
executing the graph, optimized for resource-constrained operation.

For the remainder of this section, we discuss each component and its central
challenges in turn, with particular focus on the LDL.

3.4.1 Layout Description Layer

Storage layouts in analytical databases require considerable flexibility due to the
wide range of data types and workloads they are expected to support. This flexibility
is even more critical for data-centric architectures, where metadata, such as indices,
is becoming a first-class citizen for the processing engine. In these formats, and in
analytical workloads in general, a desirable property is often the decomposition
of heterogeneous types into homogeneous arrays, which has several primary
advantages: The ability to select only part of the information despite the large
hardware-imposed access granularity, an vectorization-friendly memory layout and
improved compressibility. This, however, comes at the occasional need (and cost)
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for materializing or assembling tuples with values from different physical locations.
As a result, depending on the workload, we require the ability to represent both
heterogeneous struct-style types, as well as homogeneous array types. Moreover,
there exists a plethora of indices and operations, each referring to data at different
granularities, e.g., per-tuple, cache-line, page, or “row-group”.” In addition, device-
internal reasoning, e.g., component utilization or wear-leveling, may instead refer
to storage constructs such as NAND-flash blocks, “super pages™ or planes.

Overall, we require a unified representation that maps logical data structures
to both physical and logical addresses, and supports reasoning about access paths
and request dependencies. In Gravity Store, all data structures are mapped to a
continuous, logical memory address range. This “file-like” perspective can then be
superimposed on, for instance, the Flash Translation Layer (FTL) of the SSD, to
derive actual, physical addresses.

A central part of the LDL is the storage schema, a type-based formalism for
representing the storage layout within the device. A schema is a tree and built from
the following types:

« Physical types:

— Basic: A primitive type of static or dynamic size

— Meta: OrFsET, S1zE, and CARDINALITY
« Logical types:

— Struct: heterogeneous product type, i.e., the fields have arbitrary type

— Array: homogeneous type of static or dynamic cardinality (and size)

The instance of a type in the schema may be either physical or logical and can
represent multiple values. Values of physical types occupy physical storage space,
whereas logical types are containers with no inherent physical size; their value’s
(total) physical extent is derived from the sum of sizes of their nested children.
Meta types are special variants of basic types, their values have static size (such
as 4 bytes) and refer to other values in the schema that have dynamic size and/or
cardinality. OFFSET and S1zE have bytes as their unit; CARDINALITY counts values
in the schema. “Dynamic” in our context means that properties, e.g., size and
cardinality, are not statically known at plan time and must be inferred at runtime.
We may refer to specific type instances also as (schema) elements.

By convention, the schema itself is a struct, and the leaves of the schema are
required to be physical types, which need not be statically sized. Thus, the simplest
schema is (T), that is, a single physical type T wrapped in a struct.

A row-group, as used by Apache Parquet [78], is a set of tuples of configurable physical size. The
key takeaway in our context is that a row-group can have essentially arbitrary tuple cardinality
and physical size.

SSuper pages are an optimization used within SSDs: a 16 KiB super page consisting of 4 4 KiB flash
pages is associated with 4 different NAND flash planes, which allows to read or write it in parallel
with a single so-called multi-plane instruction.
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Example Walk-Through A more complex schema is

< OFFSET(MyArray),
[ CARDINALITY (MyNestedArray) ;,
MyArray: [ MyNestedArray: [ T |; L )

The schema’s first field is an OFFSET(MyArray) and stores the starting address of
the third field, a nested array labeled MyArray. In terms of notation, [MyNestedArray];
refers to the i-th value of MyNestedArray, MyNestedArray; denotes the j-th value inside
a MyNestedArray, and [MyNestedArray;]; is a (physical) value of type T.

The second field in the schema struct is an array iterated by the same variable
i as array MyArray. Using the same variable implies an association among the
children of both arrays. In this example, a [CARDINALITY(MyNestedArray)]; value
defines the domain of sub-variable j;, which denotes the i-th instance of variable j.
Type T is basic with statically known size size(T).

Ignoring access granularity for now, we can request data via label by first
determining its dependencies in a “backwards” scan of the schema. A label refers
to exactly one (physical or logical) value in the data underlying the schema. If
there are no dependencies, we infer both offset and size of the requested value and
issue a read command based solely on schema information.

For example, the value of OFFSET(MyArray) is trivially positioned at offset 0 of
the address range implied by the schema, since it is the very first physical value in
the schema. Assuming the domain of variable i € [0, I) is statically known, we can
also infer the physical size of the cardinality array [CARDINALITY(MyNestedArray)|;,
which is [ - size(CARDINALITY). Its offset, off([CARDINALITY(MyNestedArray)];) =
size(OFFSET), is derived from the size of its predecessor field in the struct.

At runtime, reading entries of the element [CARDINALITY(MyNestedArray)|;
also gives the ability to fulfill the dependencies of the remaining elements and for-
mulate requests for them. For example, the value [CARDINALITY(MyNestedArray)] ;5
gives us the cardinality of MyNestedArray,;. To generate a request for this entry, we
also need the respective offset, which depends on the accumulated cardinality of
all entries i < 15.

Contiguity, Alignment & Label Constraints When an array element is one
of several fields inside a struct, and this parent struct itself is repeated, the values
of that element need not refer to a contiguous range of bytes. In

([T x:[S])];)

the bytes belonging to X are interleaved with the T-fields, yielding the pattern
[Tlo, [X]o, [T]1, [X]1 - - ., and so on.

If either [TJ; or [X]; has dynamic size, their offsets depend on the runtime size
of preceding elements. Consequently, their alignment may change as well. Until
the schema encounters the next field whose offset is “hard-coded” at schema-
design time, compile-time reasoning about absolute offsets must be suspended,;
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only runtime access to the corresponding metadata can reestablish exact offsets
beyond that point. To this end, we suggest label constraints to encode alignment
guarantees by defining restrictions, e.g., “off([X];) mod 4096 = size(T),” to enforce
physical page alignment. This can also be interpreted relative to an unknown but
aligned parent offset, for example, to encode alignment within a page.

Note that we explicitly require encoding any padding in the schema using
dedicated a type (not shown for brevity). Padding elements may be omitted for
clarity from any interface facing the user (or host application).

Restrictions, Slots and Logical Size To avoid inconsistencies and inefficiencies,
schema design must follow certain restrictions. In particular, the size of variable
domains must be either statically known or derivable from metadata also speci-
fied within the schema. Moreover, we need to avoid cycles to ensure resolvable
dependencies and therefore enforce a strict metadata-first policy; metadata values
therefore only refer to elements that are appear later in the schema.

Beyond the mentioned logical constraints, a schema may still be inefficient. For
instance, an offset may be stored “before” the element it refers to, but still end up
in the same physical page. Assuming an otherwise correct schema, an access may
then simply result in a single I/O to the page and subsequent pointer traversal
within the fetched page. This may or may not be acceptable within a Computational
Storage Device, depending on its execution model or latency constraints. So far,
we have not specified restrictions in this respect and leave them to future work, as
these depend on device-specific scheduling and execution capabilities.

To reason about such constraints, we introduce the notion of slots, which
denote a logical position. The slot of a schema element is obtained by a pre-order
enumeration of all elements in the schema. Most notably, an array type can occupy
multiple slots, and these slots may also be non-contiguous. Moreover, we define
the logical size recursively as the number of direct descendants, plus the logical
size of each of those descendant.

Let S denote the label that always refers to the schema itself. By definition
slot(S) = 0. For the small example above and i € [0,2) andj € [0, 3), the elements
in their slot order are

S, [To, [Xoo, [X1]o, [X2]o, [T]1, [Xo]1, [Xa]1, [Xe]1-

The logical size of the schema is card(S) =1+17-(1+J)=1+2-(1+3)=0.

Different elements always have different slots, but may share a physical position.
For example, S and [T] share offset 0.

Labels always correspond to exactly one slot and, if referring to an array, may
be sub-scripted to refer to its children. Conversely, referring to the label without the
subscript implies all associated values. For example X refers to slots 2,3,4,5,6, 7,
[X]o to 2,3, 4, and so on. Furthermore, we define predecessor and successor in terms
of slots, which can differ from parent and child.

Another useful notion for reasoning about the structure of the schema is the
tuple notation, which encapsulates nesting and ignores physical types: the length of
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the tuple is determined by nesting depth, and at each (struct) position we enumerate
the children on this level. In case of an array, we use the corresponding variable
instead. For the small example above, its two leaves (and also implicitly the full
tree structure) can be represented as (i, 0) and (i, j), respectively.

Annotations & Superimposing Layers As mentioned before, the same data
may be considered from different perspectives, such as “physical pages” or “row-
groups”. We intend layout analysis to be able to consider the schema in different
“layers” for cross-referencing meta information, where each schema is used for a
different purpose. Depending on the type of layer, this may be done using simple
modulo-based arithmetic, more complex layers may be implied by mapping tables,
e.g., the FTL. Another feature are range annotations, e.g., for caching header pages
semi-permanently in a small device-internal DRAM buffer for fast access.

3.4.2 Materialization Graph & Engine

As already hinted at with the (nested) calculation of “card(S)” for the example
above, we use the schema notation to derive the necessary information to infer
(at query plan time) and fetch (at runtime) dependencies. Given a specific logical
schema, we map requests, defined in terms of labels, by first identifying all men-
tioned elements, and then backtrack the dependencies. This allows us to build the
materialization graph that guides execution, where vertices represent operations
and edges dependencies.

The most essential node is the I0Generator, and its most basic variant issues
exactly one I/O for a given of offset and size. More complex generators are capable
of emitting more than one request and are defined by a code-generated math
expression, derived from the schema. This allows to flexibly account for strides and
variable access patterns. In our current python-based prototype implementation,
we use the Sympy package [86] to resolve symbolic math expressions derived from
the schema. These complex generators may require runtime arguments of well
defined format (as per the schema), e.g., a contiguous array of OFFSET(MyArray).
Note that most generators may be simple enough to be hard-coded, e.g., if the
requests are sequential and have constant strides or if the generator can directly
issue requests from the input without computation.

Other nodes will represent materialization operations (“‘compute”), e.g., for
gathering relevant values from a page or scattering values into a result buffer.
Determining the exact scope of this functionality is subject to future work.

Executing the Graph As mentioned before, edges represent dependencies. If
the preceding node is a generator, then this requires awaiting an asynchronous I/O
and represents a central (and implicit) aspect of plan execution.

The graph also exhibits loop-carried edges, because most generators run re-
peatedly, e.g., the offset of element ¢ 4+ 1 depends on the size of element 7. These
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feedback edges add a second dependency dimension (iteration order), but they do
not hinder static schema analysis as long as the feedback always points forward,
i.e., from iteration i to i + 1. Conceptually, we can “unroll” the loop, yielding a
finite, acyclic execution pipeline at runtime.

However, these cycles may complicate resource management. Without explicit
limitations such contention can deadlock the pipeline even though the logical de-
pendency graph is cycle-free. For instance, different iterations of the graph may try
to unsuccessfully acquire a subset of multiple necessary buffers from a limited pool,
which can lead to deadlocks. This necessitates safe locking protocols for resource
allocation or “windowing” techniques to restrict the number of simultaneously
active loop iterations.

Although we do not consider explicit filtering or aggregation functionality
in the scope of Gravity Store, size and latency for any (partial) result are still
potentially difficult to predict. We hope to address this issue via schema reasoning.

Pull or Push? Another important topic is the execution model of the engine,
which impacts aspects, such as operator implementations, workload balancing and
also the host-facing interface.

This is usually discussed under the “push vs. pull-based” execution model
[87-89] in the database context. In the context of Gravity Store, many of the
relevant aspects of the discussion are less critical, since operators are designed to
have low computational complexity and execution is frequently interrupted by
asynchronous I/O requests. For instance, one of the main motivations for push-
based execution in in-memory databases is the exploitation of code and data locality
[88]. In contrast, pipeline continuations within Gravity Store can potentially run
on an entirely different compute unit and may be therefore be more accurately
described as event-based.”

An open issue in this context is how a result data stream is organized at runtime.
In principle, the declarative nature of the interface allows to request the content
of the entire storage device, which can exceed buffer capacity on the host side.
Especially in the case where the host may consume data slower than the device
produces it, back-pressure needs to be applied to throttle the data stream. In the
context of push-based in-memory systems, this is often solved by a credit-based
communication [91] along the pipeline: each credit represents buffer space and
can be passed downstream by an upstream operator (or the host); if no credit is
available, producers stop their operation. Note that this system can also be used to
implement operations, such as LIMIT. Implementing this approach in our context
may be done via coherent memory exchange between device and host for the
credit-information via CXL [92]. Ultimately, device-local hardware constraints
should be the main driver of execution, not the (very loosely) specified host request.

"Similar to the discussion in this thesis, the gravitational force in general relativity is considered
neither a pushing nor a pulling force, but rather the movement of matter along curved space-time
[90]. Nevertheless, popular consensus seems to hold that gravity is a pulling force.
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Thus it may be necessary to complement a credit-based mechanism with additional
device-internal resource schedulers, e.g., in case thermal throttling is needed.

Declarative Interface Declarative access over tree-shaped, nested layouts is
extensively discussed in the field of comprehension-based query languages, such as
monadic list comprehensions [93], XQuery [94, 95], or LINQ [96]. These languages
are very expressive, but can nevertheless inspire the interface of Gravity Store.

A key aspect of the interface should be the ability to nest parts of the query
using the schema’s array variables. Without nesting, a request would always result
in a “flattened,” type-homogeneous representation and not allow to “assemble
tuples” from, e.g., a columnar format. To illustrate this, consider this variation of
the earlier example:

S:{[(T, x: [S]j>]i, Y: [[SHJ
A request may be formulated as
S (], Yig) | Vi, j}
and would result in
= ([Xolo, [X1lo, - - -, [Xol1, - -+ Y00, Yo,1, .-+, Y10, Y10, - - )

where X and Y are delivered separately, i.e., “flat”. With nesting, we may formulate
our request as

S {A{(X]i vig) | Vi [ Vi }
which may yield

= (([Xolo, Yo.0), ([X1Jo, Yo.1), - - - » ([Xo]1, Y1.0)5 - - -)-

instead.

Overall, the required feature set of the interface (language) has yet to be de-
termined and depends on which capabilities are feasibly implemented within a
Computational Storage Device.
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3.5 Discussion

In this chapter, we first sharpened our notion of Cooperative Refinement by dis-
cussing its two forms: data-centric index evaluation and index-driven Data-Centric
Processing. We delved into the feasibility of Bloom filters as an application for
PiN-based indexing leveraging masked-equality instructions—a technique already
introduced conceptually in the PiN literature. We also examined potential exten-
sions to this approach by emulating inequality conditions via masked equality, and
by analyzing binary sketches as an alternative index structure relying on POPCNT.
With Gravity Store, we took first steps toward enabling the use of index information
within a Computational Storage Device, and toward in-storage materialization
and declarative, domain-adaptive storage interfaces for databases. Each of these
discussions present an early, conceptual contribution, and their success will rely on
several complementary innovations, such as innovative PiN functionality (PoPCNT)
or the availability of testable hardware prototypes for PiN.

The remainder of this discussion outlines several directions for expanding on
these topics.

3.5.1 Error-Analysis Scope

The analyses we have considered for Bloom filters and binary sketches only account
for a single evaluation of the respective data structure, which limits their scope. For
example, even a single NAND flash page typically contains multiple data strutures
and workloads access potentially many pages for one query, increasing the overall
probability that the entire operation contains errors. Moreover, as discussed in
Sec. 3.1.3 as well, bit-flip ratios vary across the memory fabric. This variability
necessitates accounting for fluctuating error rates in predictions [32] and through
regular checkups. Additionally, data still requires scrubbing by re-writing the block
to reset its error state. A more comprehensive treatment should therefore also
incorporate economical aspects, such as life-time extensions or energy savings
from reduced write-rates. Lastly, the actual impact of the power saving potential
needs to be established, ideally via hardware prototype or, alternatively, through
simulations.

Other Data Structures Beyond binary sketches, there are various other data
structures that rely on metrics that are similar in complexity to the Hamming
distance. An example is the Jaccard similarity

_ POPCNT(q A X)

ACCARD(q, X) = :
J (9.%) POPCNT(q V X)
which may be used to evaluate MinHashes [97]—a data structure to efficiently
compare the overlap between two sets (if represented by bit-vectors). A PiN-based
execution may produce both nominator and denominator, whereas the division



44 CHAPTER 3. COOPERATIVE REFINEMENT

would be executed in a near-storage compute unit. Extending the analysis to these
types of data structures may therefore yield additional applications for PiN.

We also suggest MinHashes as a means to detect expensive posting list intersec-
tions in Chapter 5. However, a PiN-based evaluation may not be suitable, given that
their application in the context of Team-based indexing would require pair-wise
comparison within a larger set of MinHashes. Instead, PiN-style operations are
more suited to workloads that involve point-like accesses, i.e., a comparison where
one query object is compared with a large set of other objects.

3.5.2 Further PiN Applications

In addition to the techniques discussed throughout this chapter, several other
indexing strategies show potential for PiN acceleration. These approaches explore
different encoding, masking, and summarization techniques that align with PiN’s
processing style.

Other Match-based Indices PiN can support partial index searches by applying
masking during query evaluation. This idea extends beyond the Bloom filter dis-
cussed in Sec. 3.1. Another example is querying a relational database table encoded
as compact keys. These keys are created by concatenating truncated or compressed
attribute values from a tuple. Such an encoding is employed in MyRocks [98], a
NoSQL store layered on top of a relational system. Storing these encoded keys in
OTS-PiN-capable storage allows SiM’s SEARCH operation. The instruction’s mask
argument facilitates skipping irrelevant attributes and exhaustive fuzzy searches.
In addition, quantization—representing value ranges with a single code—enables
rudimentary range-query support via logical AND operations.

An alternative indexing strategy uses a short, fixed-size bitmap per attribute
and table chunk. Each bit signals whether the chunk contains values from a specific
domain interval, akin to the range filters in [99]. For example, the domain of a
floating-point variable may be split into 64 intervals using 63 quantiles, ¢;. Each
chunk sets the i-th bit in its bitmap if it contains values in [g;, ¢;+1). To evaluate a
query, we set all corresponding bits in a query mask and perform a bit-wise AND. A
non-zero result indicates that the chunk may contain qualifying values. Although
this approach may yield false positives for values close to the predicate constants,
it captures the active domain of the chunk in greater detail than a min-max Block-
Range Indexes (BRIN) [100] and allows for more expressive conjunctions across
multiple attributes.

Bitmap Index Evaluation As NAND capacity continues to grow, workloads
can afford to spend more space on indices to accelerate queries, trading improved
capacity for runtime performance. Heavier-weight structures, such as (binned)
bitmap indices, often consume too much space to be held in DRAM, especially
so if the datasets are high-dimensional. As a result, their high access cost makes
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them unattractive in current von Neumann-style systems. By evaluating indices
in-place, PiN avoids transferring large index structures to the host, reducing both
data movement and relieving pressure on the host’s page cache [14]. While bitmap
indices consume more space than lightweight formats like Apache Parquet [78],
they offer significantly greater discriminative power. Moreover, their ability to
efficiently combine arbitrary attributes with simple logic instructions ensures
flexibility for ad-hoc queries, where the set of relevant attributes may change from
query to query. FlashCosmos enables page-wise logic operations and therefore
directly implements the evaluation of bitmap indices [15].

However, an open issue is the potential susceptibility to bit-flips: FlashCosmos
proposes improved programming and the use of SLC NAND to reduce error rates.
Still, it remains unclear whether such measures are sufficient for bitmaps, especially
given the growing unreliability of dense NAND cells. Another closely related issue
is compression: storing bitmaps without encoding exacerbates their already large
footprint. Since a single bit-flip can cause an entire tuple to be missed, increasing
information density through compression further amplifies this vulnerability.

Beyond error-handling, FlashCosmos’ concept generally aligns with our Team-
based indexing strategy that we will introduce in Chapter 4.

3.5.3 No Singular Processing Paradigm

As discussed earlier, simply equipping NAND with compute capabilities is not
sufficient. Neither PiN nor Computational Storage (CS) alone can fully address the
performance and flexibility needs of modern database workloads. PiN is highly
effective for simple, early-stage data reduction tasks by operating directly within
the memory fabric and minimizing internal data movement.

However, PiN’s scope is inherently constrained by what can be efficiently
expressed. Computational Storage, by contrast, provides more flexible logic near
the memory [8, 7], thereby enabling, for instance, in-storage aggregation, join pre-
processing, or the orchestration of PiN output across channels. The two approaches
are therefore complementary: PiN reduces volume, while CS adds adaptability and
elementary materialization functionality, forming a symbiotic relationship.

This hybrid model enables a streaming® architecture, in which raw data from
multiple storage sources is incrementally refined as it moves upward through the
stack. By the time it reaches the CPU, it has been significantly filtered, condensed,
and aligned with the needs of the query. This vision closely mirrors the data-
flow models discussed in cloud-native environments [18], but now grounded in
storage-level processing.

Heterogeneous PiN Generally, specialization provides higher efficiency. In this
sense, instead of just one type, a database system may want to make use of various

8The early works on Active Disks [62] also suggested a streaming model for the access to Computa-
tional Storage.
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PiN-capable memories, each tailored to a different function. For example, one type
of memory may be used for bitmap indices [15], another for Bloom filters (see
Sec. 3.1), and yet another for binary sketches (see Sec. 3.3).

3.5.4 Transparent Interfaces & Database Kernels

When integrating PiN, a key consideration is how its functionality can be made
available to (host-)applications.

Compute Express Link (CXL) [92] promises a more efficient alternative to the
block device interface by moving data transfer obligations to a dedicated controller.
It enables the exchange of memory between devices, the host, and other platforms
in a unified, (optionally) coherent way. Beyond simply exchanging memory, it is
possible to back memory ranges exposed via CXL not just with actual physical
memory: accessing such a logical range may transparently trigger a computation
and dynamically generate the necessary data. This concept, dubbed Database
Kernels [7], enables applications to expose, for example, the same physical data in
both columnar and row-based representations via two different memory ranges.
For more dynamic operations, the host can expose operands of the computation
before the access using a different, dedicated address range, which is coherently
available to the device via CXL.

Such an interface may also be used to expose data in PiN-capable memory to
the host and/or an accelerator. For example, one memory range may present a
page containing a set of search keys in their raw form, e.g., for initially writing the
data into storage. Another (smaller) range could then contain the result of a PiN
operation executed on the very same page. Taking this approach one step further,
CXL may be used to implement the data exchange for Gravity Store. For example,
one memory range may expose materialized data structures, and another may hold
associated meta-data. Overall, we consider CXL—and more specifically Database
Kernels—a complementary technique to the concepts we have discussed so far.



Team-Based Indexing

Executing analytical range queries at petabyte scale poses considerable challenges
due to the sheer volume and high dimensionality typical of scientific datasets.
Early data reduction is therefore pivotal in minimizing resource usage and ensur-
ing feasibility. This is particularly critical for selective queries, which are often
intentionally designed to produce result cardinalities small enough for subsequent
processing without excessive overhead.

However, traditional index structures are inherently ill-suited due to the “curse
of dimensionality,” which severely degrades their efficiency. Compounding this,
their storage footprints can become similar or even larger in size to the data being
indexed, competing for the already limited storage capacity. Consequently, multi-
dimensional index structures (MDIS) are frequently considered infeasible, leaving
exhaustive scans as the only perceived option for large-scale data analysis. For
particularly massive datasets, these scans may even be performed only on materi-
alized subsets to manage performance [101]—a compromise that can unfortunately
affect the correctness of query results. The absence of effective indexing further
complicates predicate fine-tuning, as obtaining accurate high-dimensional cardi-
nality estimates becomes an exceedingly difficult task, thereby hindering robust
query optimization and workload management. In addition, applications at this
scale often produce their extensive datasets over a long time in an append-only
fashion and have to support a wide range of workloads. This generally rules out
strategies that rely on extensive pre-processing or sorting of the whole dataset.
Use-cases that match these characteristics include, for example, physics analyses at
the particle accelerator at CERN and other scientific projects, which continuously
generate experimental or observational data.

With the absence of indexing, the gains that can be had from a data-centric
paradigm by pushing operations closer to the data are also limited. Although its
potential is great, the relevance of tuples can typically only be determined after
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combining information from multiple (usually separately stored-) columns. Subse-
quently, even highly selective queries still entail significant initial data movement,
e.g., from the NAND flash chip to the CSD’s accelerator. With the unavailability
of (index) information on what to skip, CSDs lack the ability to focus their efforts
on what is relevant and are therefore more easily limited by their constrained
computational resources. To minimize the Movement Tax in applications where
its impact is severely felt, enabling Cooperative Refinement through effective use
of indexing may be a promising strategy.

Outline In this chapter, we introduce the Team-based indexing strategy, which
extends the concept of bitmap indices. We describe the grid-index—a simple yet
sufficient data structure that serves as an easy-to-understand foundation for the
following discussions and also inspires the design of our benchmark data generator,
introduced in Chapter 7. Finally, we outline the conditions under which Team-based
indexing is applicable.

4.1 Methodology

Secondary indexing for multi-dimensional range query evaluation in the context
of databases is usually considered at two extremes: either all dimensions are
indexed together by one MDIS or each attribute has its own single-dimensional
index structure (SDIS). However, either variant has considerable caveats: Multi-
dimensional indices, e.g., the X-tree [102] or R*-tree [103], generally suffer greatly
from the curse of dimensionality, resulting in infeasible storage and execution costs.
On the other hand, creating indices for all dimensions individually, e.g., bitmap
indices [21], also comes with a large storage footprint and access to large parts
of the index on every query. Moreover, predicates usually offer only moderate
selectivity, so loading and intersecting many bitmaps can become expensive.

Instead of indexing all dimensions at once or every dimension separately,
we consider a middle ground: multiple indices over moderately-sized subsets of
attributes, which we dub Teams in the following. This strategy enables a trade-
off between (individual) index structure complexity, storage overhead and index
intersection performance. Similar to bitmap indices, moderately-sized Teams can
still cope with the curse of dimensionality, but also harness benefits from multi-
dimensional indexing. Bitmap indices therefore present a (one-dimensional) edge
case of Team-based indexing.

However, we are now presented with new design challenges that warrant
careful consideration. For one, there are now multiple ways to choose Teams,
i.e., the “Team composition,” as well as suitable (and potentially differing) index
structures for each. Moreover, since modern SSDs offer significantly faster (random)
access to index data compared to HDDs, achieving efficient index intersection
requires both careful implementation and logical optimization.
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4.1.1 Evaluation Strategy

Team-based index evaluation generally follows four steps:
1. map the query to relevant Teams and respective inverted lists
2. optimize the intersection logically
3. retrieve & combine relevant lists
4. (refine candidates)

For example, for the special case of bitmap indices, the query is first mapped
to relevant (potentially binned [104]) bitmaps of relevant attributes and these
individual index results are subsequently combined. At the other extreme, using
a single Team requires substantial effort to map the query to “leaf nodes” that
contain matching tuples, while the subsequent intersection phase becomes trivial.

Logical optimization (of the intersection) becomes important for non-trivial
index intersections, e.g., if there is more than one relevant Team. We will discuss it
further in Sec. 5.1.

In general, index evaluation may lead to false-positive results, i.e., tuple IDs that
are near the query region but lie outside it. This is usually the case if the query
rectangle! does not perfectly align with how the index structure partitions the data
space. For example, a (binned) bitmap index has to access all bitmaps that overlap
even partially with the query. Similarly, an X-tree’s leaf may contain irrelevant
data, if the corresponding bounding box overlaps. False-positive results need to
be pruned later in a step usually referred to as candidate refinement and therefore
inflate the overall index selectivity—the index looses precision.? Note that we do
not discuss candidate refinement, which is highly application specific, further in
this thesis.

4.1.2 Grid-based Index

Team-based indexing is generally compatible with a wide range of index structures.
However, in this work, we will focus on a specific type of index: a simple, Cartesian
grid-based partition of each Team-space into a fixed number of disjoint, multi-
dimensional bins. To partition a d-dimensional Team space, we define bin borders
along each dimension/attribute by b — 1 equidistant statistical quantiles. For
example, with b = 10, the first bin of one dimension spans the interval (—o0, qo 1]
and the last bin covers (g 9, 00), where qo 1 and go.9 denote the 0.1 and 0.9 quantile
values, respectively. Using quantiles implies that the marginals® along each grid

'We consider only (hyper-)rectangular queries, i.e., conjunctions of independent range predicates.
_ |{actual result}|
~ |{index result}|

3The term “marginal” refers to the discrete 1-dimensional distribution resulting from summing up
bin cardinalities over all dimensions except one, rather than over an arbitrary, proper subset of
dimensions.

2Precision
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Figure 4.1: A 2-dimensional Team data space and the corresponding Cartesian-grid
space with b = 10. False-positive results are elements located outside the query
rectangle but still inside query-relevant bins.

dimension have an approximately uniform distribution, i.e., cardinalities of all
bins in an interval sum up to 1/b-th of the data. The way this transforms the data
representation is illustrated in Fig. 4.1: dense regions are, to a degree, spread out
and some bins may remain empty. Overall, there are exactly ¢ bins and each bin
has a relative cardinality ranging between 0 to 1/b. Note that the relative position
of the values within each bin is not stored, which makes it impossible for the index
to distinguish true-positive and false-positive results.

We will call a subset of attributes a Team, the associated SDIS/MDIS a Team
index and the result it produces the Team result. A specific set of Teams forms
a Team composition. A leaf refers to the posting list associated with a specific,
non-empty bin in each of the Team grids, akin to a leaf in a R*-tree or a bitmap in
FastBit. A list may refer to either a leaf or an intermediate result.

Alternative Bin Borders In practice, marginals do not have to be exactly uni-
form and the bins can be chosen independently and with some flexibility. For
example, in our running example (see Sec. 5.3 below), we use a separate bin for
non-domain values (NULL and similar) in some attributes, which slightly skews
the marginal distribution of the grid. The use of such out-of-support- or “sentinel”
values is not uncommon in scientific applications and can yield spurious quantiles,
resulting in non-uniform marginal distributions, even without explicit attention.
We found the chance of precisely evaluating predicates involving these special
values (e.g., A == NULL) to be an efficient application of domain knowledge.
Choosing grids with (roughly) uniform marginals is the most robust choice in
the absence of domain knowledge. However, if information on frequently queried
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regions of space is available, e.g., from previous queries, bin borders may be adapted
accordingly. For example, using more bins in frequently queried regions of an
attribute domain can reduce false-positive rates. Note that the number of bins
per attribute is ultimately limited, which implies a trade-off: when specializing
bin borders, predicates formulated over other regions become more expensive or
potentially non-selective.

Why Not Another MDIS? We chose to focus on this approach for various
reasons. First, the cost of storing metadata and mapping a query to relevant leaves
is decoupled from the database cardinality. We make use of the metadata, such as
leaf counts and cardinalities, for the purpose of optimization and can cheaply obtain
it during at query planning time. Second, defining queries on grid coordinates
instead of attribute domains gives a convenient and abstract way of generating
predicates/queries for benchmarking. Moreover, the parameter b, i.e., the number
of bins per dimension, gives a method of flexibly and uniformly configuring the
precision of the index, which, similar to other MDIS, can return false-positive
results. Lastly, and perhaps most importantly, high-dimensional queries do not
require high precision per Team index. See Sec. 4.3 for a discussion.

4.1.3 Application Conditions

Team-based indexing has specific conditions that need to be fulfilled in order to
reveal its full potential. We pay particular attention to the following properties:

1. high query dimensionality

2. sufficiently large table cardinality

3. sufficiently selective predicates (SSPs)
4. sufficient attribute coverage

5. highly selective queries

High query dimensionality is central to the usage of Team-based indexing.
Otherwise, a single Team with a different, potentially more suitable MDIS, is likely
more efficient on its own. Moreover, we require the table to be large enough or
the (fixed) costs associated with using our grid-index are not efficiently amortized
(see Sec. 5.5). Predicates are considered sufficiently selective, if they allow pruning
at least one bin. For example, for b = 10, a predicate with selectivity s > 0.9
can not prune any bins in order to avoid overlooking results, i.e., false-negatives.
Further, most attributes in query-relevant Teams should have SSPs, i.e., coverage
of the considered Teams, otherwise the access and intersection performance per
Team degrades. We define attribute coverage more formally in Sec. 6.1 and discuss
the cost of irrelevant attributes in Sec. 5.4.3. Lastly, the overall query needs to be
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highly selective in order to make indexing in general worthwhile. This criterion is
generally hard to assess, since the same selectivity may have different performance
implications, depending on the application. For example, determining upper bounds
for cardinality estimation may still be worth-while for low selectivities. In this
work, queries we classify as highly selective typically have selectivities of s < 0.01.

4.1.4 Other Related Work

The concept of vertically splitting a higher dimensional space into lower-dimensio-
nal projections and to consider them separately finds application in various works.
The most relevant is “tree striping” [105], where a Team-based indexing strategy
is suggested as a new MDIS. A key difference to our work is that they consider
the intersection of clustered indices as an external merge-sort problem. Modern
DRAM capacity and lightweight compression algorithms allow implementing the
intersection of secondary indices in-memory, even for very large problems. Beyond
tree striping, the overarching concept also finds application in other fields, e.g.,
product quantization [106] for approximate nearest neighbor search, where the
larger data space is split into a set of independent, lower-dimensional subspaces.

Other MDIS The simple, Cartesian grid-based index considered in this work
differs in various aspects from many other MDIS. Due to the relatively small number
of leaves and use of (axis-aligned) quantiles, mapping a query rectangle to relevant
leaves is cheap and does not require a hierarchical structure used by tree-like
indices, such as X-tree [102] or R*-tree [103]. Just like bitmap indices, our index
structure may be considered “leaf-only” Similar to the hyperoctree [107], the space
partitioning of the grid index is strict, i.e., there is no overlap between bins and
leaves. Moreover, leaves in the grid index do not have equal cardinality and can
become larger than the leaves of traditional indices that usually aim at a small, fixed
leaf size of typically 4 KiB to facilitate efficient storage access. Due to the smaller
leaf size, these indices can offer higher precision and be overall more efficient for
low-dimensional queries.

Another, conceptually related MDIS is the Z-order index [108], which encodes
multi-dimensional values via bit-interleaving. It implicitly defines a regular (hier-
archical) grid whose resolution (and thus the number of bins) depends explicitly on
the chosen bit-precision. Similar to the grid spanned by dimension-independent
intervals, bins defined by Z-order indexing are fixed by the encoding and their
occupancy depends on the underlying data distribution, meaning many bins may
remain empty. Note that a Z-order index can be applied on a quantile-based, quan-
tized representation. In this sense, the Z-order index can be used “on top” of our
Cartesian grid index to find relevant leaves.

A direct end-to-end runtime comparison between many established MDIS
techniques is not straightforward and requires considerable programming effort.
Most implementations, such as FastBit [21], are single-threaded, purely in-memory
or make use of synchronous I/O. Our prototype makes use of asynchronous I/O,
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lightweight list compression and task-based multi-core parallelism. See Sec. 5.2 for
more details.

Compression & Search Engines An important aspect of the performance of
search engines and bitmap indices alike is a representation that reduces the storage
footprint of “posting lists” but still allows for efficient processing. Subsequently,
many insights from these research directions can be leveraged within our frame-
work as well. Of particular interest are compression and encoding schemes for
unsigned integer sets, such as WAH [21], PFOR [109] and Roaring bitmaps [110].
These schemes were developed to support fast set operation algorithms, such as
(k-way) galloping intersection [111-113]. Another relevant topic is the cost-based
optimization of intersection order [113].

4.2 Index Creation

The entire index can be built in linear time of the table cardinality V. First, we
specify bins using estimated per-attribute quantiles [114]. Second, we determine the
maximum Team size and subsequently the actual Team composition (see Chapter 6).
In a second pass over the dataset, we create the posting lists by assigning every tuple
to exactly one bin per Team using the respective (quantile-based) grid definitions.
Lastly, separately for each Team, the assignments are persisted in one of two ways:
inverted as explicit posting lists/leaves or flat as a VA-style linear file [115]. We
focus our attention on the inverted representation.

4.2.1 Storage Layout

Posting lists are always stored at the beginning of a page with padding at the
end of a partially filled page. In all our experiments, we use serialized 32-bit
Roaring bitmaps [110] when beneficial, and uncompressed storage otherwise (e.g.,
for very short leaves). Roaring bitmaps partition the 32-bit integer domain into
216 blocks based on the upper 16 bits of each integer. For each block, a "container”
stores the lower 16 bits of the values. Containers can be stored either as arrays
(for sparse data), bitmaps (for dense data), or runs (for sequences). This design
enables efficient memory usage and fast operations. Many implementations provide
SIMD-accelerated operations such as union, intersection, and difference.

We also tested other compressions and found that the need for explicit decom-
pression can defeat any gains from higher compression ratios [116], resulting in
worse runtime performance. If storage cost is of larger concern, a combination of
delta- and Varint-encoding with ZStd general purpose compression [117] offered
the best compression rates for basically all tested configurations. For example, for
a composition with b = 10 and d = 4 on the 16-dim. LHCb dataset, the index with
32-bit ids was ~ 19.6 GB in size without compression, ~ 10.75 GB with Roaring
and ~ 2.98 GB with aforementioned Varint-ZStd combination.
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Bitmap representations are generally preferred for very high-cardinality leaves
(with respect to ID domain size), whereas simple lists are more efficient for low-
cardinality leaves—a property Roaring explicitly exploits. We refer to [116] for a
comparative study of various compression methods for the two representations.

VA-file-style Layout When storing the bin assignments as a flat file, each tuple
value is explicitly represented by the corresponding (1-dimensional) bin’s ID, re-
quiring log, b bits per Team dimension. The storage order coincides with the data
order, allowing it to be scanned as a proxy to the actual data to produce the index
result, i.e., a series of IDs. This style of index is called a VA-file [115] and has the
beneficial property of a constant scan cost—regardless of query selectivity. As a
result, such an approach may be preferable over “inverted” access in cases where
predicates offer only very low selectivity, even when combined. We found that the
partial access of an inverted representation can significantly outperform sequential
access pattern when using modern SSDs (see the experiment in Sec. 5.5). More-
over, compared to (sorted) posting lists, VA-files are less susceptible to lightweight
compression, especially so if stored in a row-wise or PAX-style format for efficient
predicate combination within a Team. Compression is an important aspect, be-
cause even simple approaches can yield significant gains in both storage costs and
evaluation performance.

4.2.2 Meta Data & Query Mapping

During index creation, we keep track of bin cardinalities, storage offsets of the
associated leaves, as well as compressed sizes for each Team. Further, we store
the compression codec in use, i.e., Roaring and uncompressed for the shown ex-
periments, for each leaf. Each d-dimensional matrix requires b¢ unsigned integers.
For the considered configurations of b and d, metadata overhead was negligible
and fixed with respect to table cardinality. Using this metadata and the grid defini-
tions, queries can be mapped to relevant bins at negligible cost for the considered
configurations. Fig. 4.1 illustrates this process.

4.3 Index Precision & the Blessing of High Dimen-
sionality

As mentioned before, evaluating indices can lead to additional false-positive results,
which inflates the overall index selectivity. For individual or very few dimensions,
this error can be large—especially for low b, where a predicate has to have a
selectivity of at least 1 — 1/b in order to have any potential effect at all.
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4.3.1 Sparsity of High-Dimensional Spaces

However, index precision is not just a matter of the grid’s resolution along individ-
ual attributes: for (rectangular) queries with fixed selectivity, combining several
predicates offers substantial pruning potential, even if individual selectivity (or b)
is low. The reason for this is the sparsity of high dimensional spaces. Intuitively,
irrelevant tuples differ sufficiently in some dimension (of the grid) eventually. With
growing dimensionality, the chance for this variation increases exponentially, even
if the number of possible values/bins is limited.

In the context of our Cartesian-grid index, this has several implications. First,
the volume of a query rectangle (in unit-cube space [0, 1]P) continuously shrinks
with every additional SSP (Item 3), allowing us to discard most of the data space
safely, since bins are non-overlapping. By using quantiles as bin borders, we ensure
that, for about 1/b of all values, there are at least b — 1/b others that can be clearly
distinguished. This ability to distinguish values is what defines the overall precision
of the index, i.e., how many ids it returns, compared to how many are actually
relevant. In practice, we found that b ~ 10 is sufficient to offer a sufficiently
high chance of a predicate contributing to pruning. For example, predicates with
selectivity s < (.8 will always be able to prune bins. Another benefit of high
query dimensionality is that unused or a few poorly selective predicates are more
easily compensated for—the query is still highly selective. In this sense, high
(query) dimensionality blesses us with high levels of index precision, as well as
some robustness for low-selectivity attributes.

To illustrate the benefits of high-dimensional sparsity, we have partitioned all
tuples of the LHCb dataset into a 10! dimensional grid. The resulting number of
leaves, i.e., non-empty bins, is about 0.33 - IV, primarily due to repeated values. For
a more uniform dataset, the number of leaves would be closer to 1 - N, i.e., basically
every tuple would be in its own bin. But even with 3 ids per bin (on average),
identifying relevant portions of the grid quickly becomes the most expensive task.

4.3.2 Sparsity Without Exponential Cost

The value b should be selected with Team-dimensionality in mind: A grid-based
Team index eventually suffers from the curse of dimensionality due to the expo-
nential increase in complexity, just like other MDIS. Thus, moderately-sized Teams
exploit some of the combined selectivity for more efficient access, while intersection
allows us to tap into the remaining selectivity for an overall high index precision.
For example, intersecting 4 Teams with 4 dimensions (instead of one 16-dimensional
Team) still allows differentiation between all b'® disjoint regions of the data space,
even if each Team only separately considers a 4-dimensional projection of the
table. At the same time, combining 4 predicates translates to higher Team index
selectivity (than 1-dimensional selectivity), which—in turn—enables us to consider
fewer ids during the intersection step.
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4.3.3 Diminishing Returns

Given the sparsity of high-dimensional space, choosing a large b only gives dimin-
ishing returns for precision. Further, utilizing increasingly more predicates in a
Team decreases the benefit of higher Team selectivity for a cheaper intersection.
However, this, in turn, is offset by needing overall fewer Teams. This suggests a
sweet spot in Team dimensionality (or, equivalently, Team count [105]). Conversely,
if query dimensionality is low, the precision of individual predicates matters more
and, eventually, a single Team with a precise MDIS becomes the superior option.
Overall, Team-based indexing allows to pay less attention to individual index
quality and instead shift the focus towards efficient index intersection.

One may argue that higher compression rates for 1-dimensional Teams re-
duce the number of bytes involved and therefore compensates for low predicate
selectivity. We found that the need to represent every tuple ID at least once per
Team (implicitly or explicitly) generally outweighs the effect of compression (see
Sec. 6.2.5). In this sense, multi-dimensional Teams offer an overall smaller stor-
age footprint and also translate combined predicate selectivity into reduced index
intersection cost more efficiently.



Efficient Index Intersection

Given the multi-dimensional character of a Team-based approach, the number of
leaves involved in an intersection can be significantly larger than for bitmap indices.
This necessitates a careful approach to index intersection—a central challenge for
Team-based indexing. Logical runtime optimizations in particular can greatly
contribute to more efficient processing. The described measures are agnostic of
the actual MDIS in use and we make no assumptions on whether a Team index has
overlapping leaves or strictly partitions the data space.

Outline We describe intersection push-down and leaf grouping as two key tuning
knobs for logical optimization. Our prototype implementation, workload, and
experimental setup, reused in Chapter 6 for evaluating Team composition, are
presented in detail. As a foundation for subsequent discussions, we systematically
categorize relevant performance factors and evaluate strategies for configuring the
proposed logical optimizations.

5.1 Logical Optimization

Index intersection can be implemented by first collecting (unifying) all component
parts of each Team index result, followed by an intersection of the results—either
through pairwise reduction or by applying a single operator to multiple sets simul-
taneously [112, 113].

This “union-first” approach—and index intersection in general—can be formal-
ized as a set-algebraic expression to represent an execution plan. For example, for
three Team indices, A, B, and C, where each denotes a set of leaves, we can write:

R= (UA) N (LJJBJ) N (ijck> (.1)

57
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where 7, j and k enumerate the query-relevant leaves of every Team, respectively.

However, a union-first approach has significant drawbacks: To facilitate effi-
cient intersection as the second step, forming the union requires first fetching all
IDs and then either to sort them or insert them into a suitable data structure, such
as a Roaring bitmap [110]. Such a Team union represents a forced synchronization
point—before any intersection can start—and produces potentially large intermedi-
ate results, even if the final index result ends up being empty. For our grid index,
a union of leaves always produces the largest possible size, whereas MDIS with
overlapping leaves requires (implicitly or explicitly) removing irrelevant/dupli-
cate IDs. In addition, such a plan offers low inherent parallelism, if the operator
implementations do not inherently utilize the available processing threads.

There are various ways to improve upon a union-first approach, avoid costly
unions, increase potential parallelism and prune irrelevant IDs early. One way is
to re-write the equation and push intersections into a common union operator. In
its most extreme form, we obtain an “intersection-first” approach:

R = U(Ai N B; N Ok> (5.2)

i7j7k

where only actual result IDs survive an intersection chain and require uni-
fication. Although Eq. (5.2) minimizes the number of IDs we have to unify and
increases the inherently available parallelism, it also forces us to consider every
combination of lists separately. In this example, the big union indicates that there
are |A| - | B| - |C|-many intersection terms, which quickly results in an infeasible
number of intermediate results. For more than two Teams, it also results in redun-
dant work, e.g., A; N B, is (independently) evaluated % times. Thus, we opt for
a middle ground, where we distribute the terms of C' over combinations of (7, j)
pairs and therefore “expand” only the terms of A and B:

R:Lg [L})((A N Bj> N Ckﬂ (5.3)

J/

~~
Independent Sub-Expression

In this example, there are |A| - | B| many “Independent Sub-Expressions” (ISEs),
where each evaluates 1+ |C| operations and requires two intermediate results: one
for A; N Bj, and another for the union over k. Note that longer ISEs may terminate
early, if the result set becomes empty.

5.1.1 Leaf Grouping & Good ISE Count

To control the number of terms per Team, we employ partial unions over subsets of
leaves (“leaf groups”), which allows us to reduce, e.g., | A;| many leaves to a freely
configurable number of terms. Since this directly controls the number of ISEs, it
provides another important lever to balance parallelism, memory consumption
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and overhead of the execution. Detailed information on the number of terms and
the involved leaf cardinalities are readily available from the metadata of our simple
grid-based index approach, before any leaf data has to be accessed (see Sec. 4.2.2).

In practice, we found that expanding the smallest Team (by accessed data
volume) first consistently yielded good results. In cases where the participating
lists in the smallest Team are too few, we also expand a second Team to increase
the ISE count for utilizing the available CPU threads more efficiently. We usually
paired the expansion of a second Team with leaf grouping in order to ensure that
the overall number of ISEs was never much larger than 2-3 times the number of
CPU threads.

Note that we can apply grouping also on subsequent intersections and unions
that span many terms in order to avoid synchronization points when using single-
threaded implementations (such as Roaring).

5.1.2 Taking the Complement

In cases where individual Team results require accessing more than 50% of all IDs
of a Team, it may be worthwhile to operate on the complement of the relevant
leaves instead, i.e., on the IDs of bins that lie strictly outside of the query region. In
place of set intersection, we perform set subtraction and remove irrelevant IDs from
an intermediate result. This optimization gives us the theoretical benefit of never
requiring access to more than about 50% of any Team and can be straightforwardly
integrated into Eq. (5.3). This use-case rarely applies when utilizing two or more
dimensions per Team. Our implementation does support the optimization and it
finds notable application in the edge case of one-dimensional Teams, where every
predicate with selectivity s > 0.5 will always be considered as a complement.

To show how this optimization impacts the index expression, we extend our
earlier example, such that B and D are now being considered as complements. We
expand A and B:

(Ua)n(Ya) (U
(UL (U)
~A{U[ (Ui zinc)

-

) (Un)

l

\
( U Dl> (expand A, B)
(

l

\ U Dl) } } (push C, D)

ISE

Observe that the subtraction of B becomes an outer intersection over what
previously only was an outer union. This can be disadvantageous, because the
results obtained from ISEs are no longer independent parts of the final result and
require further processing, before they can be considered part of the final result. It
may therefore be preferable to expand only non-complement Teams, if possible.
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When combining this optimization with leaf grouping and additional grouping
(for additional parallelism) at later stages, the final equation becomes:

r-N{N{ULU (U<U<<Az-\Bj>ﬂCk>>)\LIJDi

seS | jeJs | réR | i€l, teT \keKi

N

-

ISE

where [,, J,, and K, represent the ID groups of A,B and C, respectively. Grouping
D as well usually did not offer any benefit in our experience.

5.1.3 Intersection Order

The order of intersecting more than two lists, i.e., 3 or more Teams, can impact
performance. In our implementation, the order of (pairwise) ISE operations is
determined globally, based on the total combined result sizes of the Teams. How-
ever, the ideal order within a specific ISE may differ. As a first step, reordering
set operations individually based on the respective list cardinalities can already
give performance improvements. However, while the low cardinality of one list
is a useful and cheap indicator, the ideal processing order also depends on data
dependencies and favorable tuple ordering. Thus, an accurate assessment requires
additional information. For example, fixed-size, prebuilt MinHashes [97] can yield
an estimation of the Jaccard index J = |A; N B;|/|A; U B;| [118] and subsequently
the expected volume of an intersection. This approach incurs a constant-factor
increase in both storage footprint and per-leaf runtime cost. Note that this opti-
mization should be considered in conjunction with the selection of physical k-way
operator implementations.

5.2 Physical Implementation

Implementing the intersection of storage-resident leaf data requires employing
various techniques in order to make use of modern hardware, most notably fast
SSD storage (or networks), and multi-core CPUs. To this end, our C++ prototype
implementation is based on liburing [119] (with kernel polling/I0POLL) for asyn-
chronous I/O, Roaring bitmaps [110] for efficient set operations and the Taskflow
library [120] for fine-grained parallelism and work-stealing-based load-balancing.
To perform the intersection, we dynamically build a directed task graph of set
operations over leaves initially retrieved from storage, with each operation being
executed as soon as all resources, e.g., a pair (A;, B;), become available for process-
ing. In our current implementation, ISEs are executed sequentially in fixed, global
order and the operation is considered finished when all result tuples are collected
into one final Roaring bitmap (see “big union” over 4, j in Eq. (5.3)). Roaring offers
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cheap short-circuit operations for set intersection, e.g., if all values are positioned
in entirely different regions of the tuple ID space or one of the sets is empty. In case
leaf grouping was applied, we assigned leaves greedily to the currently smallest
group to achieve roughly balanced union sizes.

Notably, in some cases, our prototype was sensitive to fine-tuning of logical
optimization parameters due to inefficient work balancing in situations involving
many small leaves. Manual fine-tuning, for example of the group count, was able
to achieve better efficiency and more consistent performance.

I/O 1/Orequests are issued for the smallest Team first, then for the second smallest
Team, etc. We also implemented I/O-request merging for accesses to adjacent
regions in the file, with mixed results. While this enables amortizing some of the
I/O overhead, it also increased overall latency of the requests, which can decrease
performance. As a result, we have not applied request merging in the experiments
shown in this work. Further adapting the spawning of I/O requests to account
for leaf group assignments and the order of necessity within the plan may offer
additional performance benefits.

Streamed Execution Depending on the application, we may start using results
from finished ISEs and skip forming any “big union”. This enables the seamless in-
tegration of subsequent operations, e.g., candidate refinement or a simple COUNT
aggregation, into the workflow and avoids the potentially unnecessary synchro-
nization step. Further, our approach lends itself to horizontal workload partitioning:
Using shared, fast network-attached SSDs for index storage, multiple machines
may each consider separate subsets of ISEs by partitioning leaves of the largest
Team result and sharing other Teams’ leaves, for instance.

Physical Optimization Further note that we do not consider physical plan
optimization in this work, i.e., the selection of the most suitable implementation
of, e.g., a pairwise (or multi-way) intersection [111, 112], aside from what the
implementation of Roaring already offers. As applications in search engines show
[112, 113], considerable gains are possible by adapting the intersection operator.

5.3 Experimental Setup

For the remainder of this chapter and in Chapter 6, we will use the same workload
and server setup.

Workload We make extensive use of a large real-world dataset representing
particle decays from the LHCb experiment at CERN. The table has D = 16 double
precision float attributes describing properties of multiple particles participating in
the decay. It has N = 1.222-10° tuples, which amounts to ~ 153 GB, or ~ 19 GB
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in Snappy-compressed [121] Parquet format [78]. The large compression factor
stems from repeated values and beneficial tuple order. Our running example will
be a highly selective real-world query with 14 predicates, ranging in selectivity
between ~ 0.1 and ~ 0.92. For b < 10, the query has 12 SSPs due to the lack of
per-attribute precision. The index results for b € {5, 10, 16} yield 38109, 3728 and
1312 tuple ids, which corresponds to a selectivity of 3.12-107°, 3.05-107%, and
1.07-107° respectively. Note that this illustrates that the grid index can indeed
achieve significant selectivity of 3.12-1075—1.07-107 for this query.

We also use a “data sweep” from the Sloan Digital Sky Survey (SDSS) represent-
ing stellar objects identified as stars. We use Dy, = 85 single precision attributes
and N = 0.434-10° of the SDSS dataset, which amounts to &~ 147 GB. The dataset
was overall incompressible (Parquet with Snappy). The attributes are made up
of 17 underlying physics properties, such as brightness, flux and noise statistics,
which are then separately tracked for 5 separate optical bands, each representing
a different wave-length and one attribute in the table. We will use this “band”-
grouping later to investigate the impact of domain-specific Team compositions (see
Paragraph “The Impact of Team-Composition” in Sec. 5.5.3).

Workload Randomization We also created a uniform version of this dataset
without data dependencies but equivalent marginal cardinalities, i.e., individual
predicates evaluated on similarly-built indices on both datasets have exactly the
same selectivity. The dataset was almost incompressible (=~ 151 GB parquet file).
We also make use of Team compositions drawn uniformly at random in the follow-
ing way: first, a list of attributes is shuffled and then split according to an integer
partition of its length, e.g., 16 elements were split into three lists of size 6, 5, and 5,
respectively. Further, we created random queries by translating a query (rectangle)
uniformly at random in grid-space. Note that, despite equal predicate selectivities,
overall query selectivity still varies slightly due to inter-attribute dependencies.

Hardware and Software Platform All our experiments were run on a AMD
EPYC 9124 processor with 16 cores/32 threads, 384 GB DDR5 RAM and a Linux
6.8.0-55-generic kernel. We always use all available threads. For storage, we used
a Kioxia CM7-R with up to 14 GB/s PCle 5.0 sequential read bandwidth.

5.4 Performance Factors

Having introduced methods to influence index intersection efficiency, the focus
shifts to understanding how workload-specific properties govern runtime per-
formance. For example, the performance of index intersection is not necessarily
only determined by the overall number of operations [113]. In fact, intersection
push-down increases the number of operations and union-first has the minimal
number of operations. We differentiate three categories of runtime factors: Volume,
Overhead and Imbalance.
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5.4.1 Volume & Overhead

We define Volume as the sum of the compressed sizes of all relevant leaves across
all Teams. Its influence on performance is straightforward: less work has to be
done if fewer IDs are involved or if these IDs are highly compressible. Volume is
reduced with higher predicate selectivity, but also with higher Team dimensionality
by allowing to combine more predicates and therefore to reduce the involved ID
volume drastically. However, the latter comes with a cost of additional Overhead due
to a larger number of relevant leaves (or bins), as well as reduced compressibility.
There are various forms of Overhead, e.g., the need for more tasks to run set
operations in our execution plan, more and smaller I/O requests and increased
read amplification due to padding in the storage layout. Query mapping costs, i.e.,
“tree traversal”, may also be considered a form of Overhead that increases with
dimensionality. Eventually, at high Team dimensionality, Overhead is no longer
amortized and essentially paid per id. Overhead costs are therefore the primary
reason why we consider moderately-dim. Teams. With our Cartesian grid index,
we consider Overhead to be a cost linear in the total number of relevant leaves.
Occasionally, we will use the bin count and the union cardinality of query-relevant
leaves for back-of-the-envelope calculations of Overhead and Volume, respectively.

As we will confirm later, Volume decreases exponentially with Team dimen-
sionality, whereas Overhead increases exponentially. Thus, 1-dim. Teams have the
lowest Overhead, but usually also the highest Volume. In contrast, D-dim. Teams
consider the lowest Volume but also the highest Overhead. This implies an optimal
configuration, where Volume reduction and Overhead increase balance out, but
Imbalance factors can shift performance towards better or worse.

5.4.2 Evaluation Strategies

To first illustrate different execution strategies solely with respect to Volume and
Overhead, we measured intersection runtime on a uniform dataset with D = 12
and one composition with 3 Teams, i.e., d = 4. To control Overhead, we varied
b € {4,8,16}, such that each Team has b bins. Queries were created randomly
with equally selective predicates over all D dimensions with s € {0.25,0.5}, such
that we access (s - b)¢ - 3 many bins in every query. For uniform data, the overall
selectivity of the query is given by s”. We created 20 random queries for each pair
(s,b) and executed them with different execution strategies, namely union-first
(with and without grouping), as well as various forms of partial expansions. We
expanded only one Team, exactly two Teams or between one to two Teams in an
adaptive manner. Except for expand-first, we also varied the number of leaf groups.
When applying grouping to a Team A, we reduced the number of leaves to /(| A|).
The runtime (log-scale) is shown in Fig. 5.1 (next page), with a small horizontal
jitter to each group of measurements for visual clarity.

Performance generally degrades with larger Volume and increasing Overhead,
i.e., larger s and number of leaves b. The strategy with the best and most con-
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Figure 5.1: Runtime for different execution strategies over two sets of random
queries and a uniform dataset. The adaptive expand-some strategy dominates.

sistent performance was an adaptive expand-some, which always expanded the
first/smallest-Volume Team and potentially the second, if the first had too few
lists (< 16). Grouping for expand-some was only applied (on either Team) when
the number of ISEs grew beyond 128. We found that the union-first strategy can
be improved with grouping for additional parallelism, but is still dominated by
other strategies. Further, grouping is necessary for queries/indices with many
leaves (cmp. expand-first), but can also deteriorate performance, especially for
configurations with few lists (“expand first sqrt group” for s = 0.25 and b = 8).
The execution strategy for s = 0.25, b = 4 is always trivial, since there is only a
single list per Team and therefore no union required. We show the corresponding
measurement in the union-first group. Overall, we observe that partial expansion
is universally helpful, but may require additional grouping for queries that access
many leaves. We will use the adaptive expansion strategy in the later experiments.

I/0 Overhead To assess the impact of storage access Overhead, we ran most
of our measurements on already DRAM-resident index data as well. For example,
in Fig. 5.1, DRAM-based access improved intersection runtime by 1.16 — 1.78x.
The impact grew with larger b and smaller s, where leaves were smaller and more
numerous, indicating that the costs are mostly associated with Overhead.
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5.4.3 Imbalance

There are various Imbalance factors that impact Overhead, Volume and the effi-
ciency of individual operations. The absence of data dependencies and differences
in predicate selectivities across Teams presents a worst-case scenario for indexing
for various reasons. First, given the lack of any favorable order in the data, com-
pression efficiency of individual leaves deteriorates significantly. This results in
higher Volume and storage costs, but set operations are also less efficient: When
intersecting two lists from a uniform distribution, no clustering or other forms of
exploitable structure imply that intersection essentially degrades to an exhaustive,
pairwise comparison of IDs. Further, leaves are about equal in cardinality, which
also degrades operation efficiency. If integer set cardinalities differ significantly,
we can make use of specialized implementations for intersection, such as gallop-
ing [113]. Union operations similarly benefit from inter-attribute and inter-leaf
dependencies within a grid. Further, differences in Team sizes and the selectivity
of individual predicates can further impact the performance of index intersection
as a whole.

Imbalanced Data Dependencies To illustrate the impact of data-induced Im-
balances, we ran the same benchmark as in Fig. 5.1 on the real LHCb dataset as
well. The results are shown in Fig. 5.2 (next page). Using real-world data yielded
consistent performance improvements. The runtimes for the best configurations
of b € {8,16} and s = 0.25 were about 2.5x faster (1.85x faster for s = 0.5). Fur-
ther, the overall performance differences between the strategies markedly shrank,
with even the worst performing execution strategies observing significantly lower
runtime. Also notable is the still low but slightly larger (vertical) runtime vari-
ance across random queries, compared to the uniform dataset. Data dependencies
cause bin cardinalities to fluctuate more and our adaptive strategy still dominates.
Beneficial order in the data gives overall better compressibility, resulting in more
efficient intersections. Note that, from a probabilistic perspective, the conditional
bin cardinality distribution can shift greatly, depending on where predicates restrict
the distribution’s support—even if individual selectivities remain the same.

To further investigate the influence of data distributions, we varied our highly-
selective real-world query (see Sec. 5.3) solely based on its location in grid space,
both on the LHCb dataset, and on the uniform variant. The results are shown
in Fig. 5.3 (next page). Selectivity varied more for the real dataset, but the total
involved ID volume (= 541-10°) was about equal across both datasets and all
queries. But with compression, the actual Volume was ~ 20% smaller and the
Volume difference between the most selective and least selective Team was larger,
an indication of why non-uniform queries performed better. Asindicated by the low
(vertical) runtime variance, performance of the query on the real dataset was less
impacted by differences in overall selectivity, compared to uniform data. Note that
the impact of query locality is likely more pronounced for bigger query rectangles
due to the larger number of involved leaves.
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Figure 5.2: Runtime for different execution strategies over two sets of random
queries and the LHCb dataset. Compared to Fig. 5.1, runtime on real data is better
throughout.

Imbalanced Team Sizes Team compositions over the same set of attributes
but differing Team sizes can have different performance. Understanding how this
difference may generally affect performance in a more isolated setting will be useful
for our discussion on Team composition in Chapter 6. To quantify it, we ran 20
random queries with b = 10 and uniformly selective predicates with s = 0.4 on
two Team compositions, one with 2 x 4-dimensional Teams (“balanced”) and one
with Teams of size 6 and 2 (“imbalanced”). We used both the real and the uniform
version of the LHCb dataset.

Overall, Volume and Overhead differed significantly. The balanced Team re-
quired 2-0.4*- N = 0.0512- N IDs, whereas the imbalanced Team (0.4°+0.4%)- N ~
(0.004096 + 0.16) - N = 0.164096 - N IDs—3.1x more. Further, the number of
relevant bins was 2 - 4 = 512 and 4° + 4% = 4112, respectively. As a result, for
uniform data, the imbalanced composition required approximately 1.5x as much
time for the intersection (0.919 vs. 0.583 seconds). When using real data instead,
the actual Volume difference in byte was lower at about 2.5x as much due to
better compression and the runtime advantage of the balanced composition shrank
to 1.23x (0.475 vs. 0.385 seconds). We attribute this to the higher efficiency of
intersecting two lists of dissimilar size on real data, which required 4.4x more
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Figure 5.3: Runtime vs. selectivity for 100 randomly shifted queries and data with
and without data dependencies. Using real data improves performance.

CPU time for the imbalanced case. For uniform data, this difference was 5.6 x
instead. In addition, reducing 4096 leaves to only 16 via grouping was also cheaper,
requiring only 1.58 X the cost compared to 2.45X in the uniform case. Overall, this
shows that Imbalance between Teams may lead to additional Overhead and access
Volume, but actual differences in runtime may be smaller.

Imbalanced Predicates Attributes and their associated predicates usually differ
in their selectivity, with some offering none at all. In the latter case, access to a
Team that also includes unused attributes is less efficient. By comparing access
to a smaller Team without these unused attributes—while keeping overall Team
selectivity constant—we can quantify the resulting inefficiency. We considered two
compositions: The first with a 2-dim. Team and the second with a 6-dim. Team,
both accessed with similarly (low) Team selectivity 0.04. We paired each with
another 4-dim. Team of fixed selectivity s € {0.3,0.7} and generated 20 random
queries per s. This represents a situation where indexing 4 additional attributes
does not offer a selectivity benefit and instead increases Overhead by partitioning
the data into more bins than necessary.

For real data, the runtime advantage for using the 2-dimensional Team differed
greatly, depending on how selective the second Team was. If the second Team
offers more selectivity than the first, i.e., 0.3* ~ 0.0081, intersecting with the 2-
dim. Team was 12 x faster than intersecting with the 6-dim. Team (0.259 vs. 3.145
seconds). On the other hand, if the second Team selects 0.74 ~ 0.24, an intersection
with the 2-dim. Team was only about 1.5x faster (5.28 vs. 3.36 seconds), because
the runtime is dominated by processing the Volume of the larger Team, not the
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difference in Overhead. Note that efficiency loss from unused attributes is not
unique to the grid-based MDIS used here; in other (tree-based) MDIS, irrelevant
attributes similarly reduce the number of prunable subtrees.

5.5 Scaling Behavior

By limiting the maximum Team dimensionality d, and keeping it constant, the
cost of Team-based indexing scales linearly with both the table cardinality and the
query dimensionality, i.e., every additional Team we intersect with adds a constant
factor to overall runtime and storage requirement.

Note that the maximum value for d depends on the underlying index structure
in use. We chose the grid-index in order to decouple the cost of meta-data storage,
which is solely dependent on Team size d (and b), from the table size, making it
negligible for large tables. Thus, the storage space requirement for indexing a table
with N tuples and D attributes is capped at most NV - D/d IDs—one ID per tuple
per Team (without compression).

Generally, we can imagine the intersection process as a chain of ISEs (see
Eq. (5.3)), which represent a gradual reduction of intermediate result sets. Across
multiple intersections, an ISE can evaluate to an empty set, terminating this string
of computations (early). However, if our intermediate results of our ISEs are small
but non-empty, we still have to consider leaves of later Teams entirely. This roughly
separates index intersection into two phases.

At the beginning of the computation, many ISEs remain active, and our inter-
mediate results are relatively large (with respect to the initial leaf size). Here, an
intersection between two sets are more balanced, since both sets can be comparable
in their cardinality and overall compute costs are expensive (relative to the involved
data volume). In this early reduction phase, multi-core parallelism and efficient
scheduling can have a large impact on performance.

After several intersections, however, our intermediate results become smaller
or even empty, reducing both the number of active ISEs (and also exploitable
parallelism) and the cost of individual set operations. In the second phase, runtime
is mostly dominated by the involved volume of later Teams, since we still need to
fetch (and decompress) every ID of these later Teams. Note that implementations,
such as Roaring [110], also offer optimizations, such as galloping [113], improving
performance in case one set of the intersection has low cardinality.

5.5.1 Dimensional Scaling & Phases of Index Intersection

To quantify runtime for the first early reduction phase, which also represents index
intersection for lower-dimensional queries, we created indices with b = 10 over
increasingly more dimensions D € {1,2,4,...,16}, using attributes from the
LHCb dataset. Fig. 5.4 (log-log) shows the runtime of 20 random queries, each
with constant selectivity s = 0.4 per predicate/dimension. We start out with a
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Figure 5.4: Intersection runtime for increasing dimensionality D and predicate
count (log-log, s = 0.4). Performance improves with selectivity. VA-files can not
exploit selectivity.

single attribute (far-right measurements) and gradually add new ones (in table
order) for each measurement, decreasing overall query selectivity and increasing
overall Overhead and Volume in the process. Note that the dimensionality (and
Team count) grows from right to left. For D > 2, compositions were built balanced,
using Team sizes of {2,4}. We used the expand-some optimization strategy (see
Sec. 5.4.2) in all our measurements.

Performance improves with higher query selectivity, both across dimensionality
groups and between queries (same symbol & color). While this decrease in runtime
may be surprising due to the increase in Overhead and Volume, we attribute this
drop to the improved ability of the system to utilize available parallelism and
lower cost of materializing the (now-smaller) index result. Adding more Teams
offers us the ability to expand more Teams (see Sec. 5.1), and more intersections
enable a cheaper (final) union of intermediate results. Le., a union over many
small leaves is costly, and pruning via intersection reduces intermediate result size
— and thus runtime - considerably. Moreover, gradual addition of Teams offers
new opportunities to start the intersection order: Freshly added Teams with high
selectivity “jump the line” and intersect early, reducing runtime in the process.
This behavior requires a sufficiently low per-predicate selectivity, s, or the fetch
costs diminish any benefits from early pruning (see below). Notably, in this phase,
compute dominates even the cost of I/O, as also indicated in later experiments
(cmp. Fig. 6.3 and Fig. 6.4).

An interesting outlier is the low runtime for D = 1 (lower right corner), which
only requires retrieving and unifying four highly compressible leaves. Note that
we generally recommend using only a single Team with a suitable single- or multi-
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Figure 5.5: Intersection runtime (log y-axis) for increasing D. Runtime scales
linearly and Team compositions become similar. VA-files and Teams with d = 1
are faster for large s.

dimensional index [19, 103] for lower-dimensional queries (D € [1, 2, 4] in Fig. 5.4),
and we have not fine-tuned our implementation or optimizer for such cases.

For reference, we calculated the I/O time of scanning VA-files (built over the
same attributes and without the cost of intersecting multiple VA-files), which
represents their ideal, SSD-limited runtime. Due to the inverted access, Team-
based indexing outperforms VA-files for low selectivity/high dimensionality (even
if accounting only for I/0), since the Volume is significantly lower and reduces
not only overall I/O cost but also the associated compute cost. However, we
expect the overall runtime to generally increase linearly with (larger) D, as we will
demonstrate in our next experiment.

5.5.2 High-Dimensional Scaling

To show how the runtime evolves for high-dimensional queries, we performed
a similar experiment as in Fig. 5.4 for the SDSS dataset, which features up to 85
dimensions. We varied selectivity s € {0.375,0.625,0.75} and created indices
for b = 8 in three different flavors: a manually-chosen composition (indicated as
m; see below) and a random composition (indicated as r) with d = 5 each, and
a composition with d = 1 represents bitmap indices. The manual composition
formed Teams of 5 wavelength bands (see the description of the SDSS dataset in
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Sec. 5.3). The three indices required 13, 17, and 27 GB of storage for m, r, and
d = 1, respectively. We show runtime averages over 5 random queries (log y-axis;
5 repetitions) versus query dimensionality (linear scale) in Fig. 5.5.

Starting with a single Team, we observe that adding more Teams generally
grows runtime by a constant factor (we also show VA-file runtime for reference).
Similar to Fig. 5.4, we can also observe the initial dip in runtime for small s = 0.375.

As indicated by the gray line continuations for s = 0.375, all 5 random queries
eventually evaluate to the empty set, and execution could be terminated early at this
point. Subsequent runtime increases solely come from fetching and decompressing
leaves of later Teams.

Baseline Comparison For reference, we have again calculated the ideal time of
evaluating VA-files. Due to the inverted access, Team-based indexing with inverted
index outperforms VA-files for selective queries (around 0.625 < s < 0.75) due
to their inability to skip any data. Similar results can be seen for d = 1, albeit for
lower s. For s = 0.375, Teams with d = 5 members can reduce overall Volume by
up to 80 x (for D = 85) and subsequently offer a speedup of 6 x to 7 x. Here, 1-D
Teams can not exploit any combined (per-Team) selectivity and the evaluation is
bound by Volume alone, since Overhead is just 3 leaves per Team.

5.5.3 The Impact of Team-Composition

To show the impact of Team composition for large D, we compare a hand-crafted-
and a randomly drawn Team composition (r) for the SDSS dataset. In the manual
composition (m), wavelength measurements can have very strong correlation (up
to Pearson coefficient of 1) compared to r, where strong correlations are unlikely.
To illustrate, the smallest average pairwise correlation within any Team of m is 0.27,
whereas random’s averages are at most 0.28. Higher combined selectivity made
it more likely for correlated Teams to jump the intersection chain. Accordingly,
runtime is lower early (where pruning potential matters most), but can still drop
runtime later on. For D = 35, the new Team offered significant pruning at
significantly lower Overhead cost: r processed 42851 leaves in 6.3s, whereas m
requires 4.6s for only 30868. However, r does occasionally outperform m for s >
0.625 and most D at s > 0.325. Moreover, in the fetch-dominated phase—where
queries are truly high-dimensional—runtime differences due to Team composition
eventually become negligible.

5.5.4 Varying Table Size

To confirm that Overhead is amortized with larger tables, we measured storage costs
and runtime per tuple for our running example, a fixed 4 x4 Team composition and
b = 10. Indices were build over increasingly more tuples from the LHCb dataset to
retain the beneficial order and subsequently compression efficiency. The runtime
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Figure 5.6: Runtime spend per database tuple (y-axis) for increasingly larger tables
and running example query. Indexing more tuples amortizes Overhead costs.

per tuple is shown in Fig. 5.6: The constant Overhead costs are quickly amortized
and only noticeable for small tables.



Team Composition

Storage costs and intersection performance are impacted by how attributes are
grouped, i.e., how Teams are composed. The runtime efficiency of a specific
composition depends on the application and one composition may favor one query
but not another. Further, Team indices usually have to be created within a certain
storage capacity budget and practical constraints on Team size and precision. In
the following, we discuss various criteria for assessing compositions and reducing
a potentially very large design space.

Size Restrictions Although larger Teams allow combining more predicates or
attributes for greater selectivity and therefore to access less Volume, it also comes
with an escalating Overhead—regardless of the MDIS in use. Therefore, Team size
is effectively limited by table cardinality and index precision, resulting in a limit
on d, and thus Overhead.

Generally, for a fixed Team composition and index precision b, we expect larger
tables to be more efficiently indexed. With fixed grid-index parameters, Overhead
costs, e.g., for formulating I/O requests or execution plan traversal, are essentially
constant. An additional aspect is compression efficiency, which improves with leaf
cardinality. However, these benefits only really matter for moderate Team sizes.
Meaningfully increasing the average cardinality (bﬂd) of bins in high-dim. grids
requires exponentially more data. Although strong data dependencies can help
with concentrating the “mass” in only a subset of the high-dimensional grid’s bins,
Team sizes are still ultimately limited and even extreme table cardinalities require
eventually yielding to the curse of dimensionality. Given the sparsity of high
dimensional space, new tuples are more likely to be placed into an entirely new,
previously unoccupied bin first—a property that helped us relax the requirement
on index precision before. For our simple, grid-based index and the LHCb dataset,
we found 4-6 dimensions (with b ~ 10) to be the limit.

73
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The order of attributes within a Team may potentially allow to amortize some
I/O Overhead by exploiting storage access to adjacent (logical) addresses with
merged requests more frequently, but this effect was not noticeable during our
investigations. In the following we ignore the order of attributes within a Team.

Balanced Team Sizes With a limit for the maximum Team size d, we still have
to decide on how to distribute D many attributes over [ D/d]| or more Teams.
As indicated in Sec. 5.4.3 (Imbalanced Team sizes), choosing compositions with
imbalanced Team sizes can be beneficial (due to reduced Overhead) for queries
that exactly cover a (proper) subset of Teams. However, under the assumption
that all indexed attributes feature SSPs, balanced Teams of maximum size d can
minimize storage costs and overall Volume for a larger workload. Even with further
domain-agnostic assumptions, a large design space still remains: When we consider
only true set partitions of the D attributes, i.e., no attribute appears in more than 1
Team, the number of possible composition grows quickly with D and can counted
using the Stirling numbers of the second kind [122]. For example, for 16 attributes
and 4 Teams, we already have S2(16,4) = 171-10° possible compositions. We will
discuss how to further reduce this design space after motivating additional criteria
to assess compositions.

Outline For the remainder of this chapter, we first approach Team composition
from a domain-agnostic perspective, where every attribute is considered equally
important, providing a probabilistic model for assessing the efficiency in the pres-
ence of unused attributes. Thereafter, we consider combined selectivity as a first
(incomplete) quality metric to systematically assess compositions. Finally, we
provide a runtime (and storage consumption) evaluation for Team compositions
and also correlate performance with the measure of combined selectivity.

6.1 Attribute Coverage & Ad-Hoc Queries

As demonstrated in Sec. 5.4.3, attributes without SSP (see Sec. 4.1.3) incur an
indirect cost. Even when using one-dimensional Teams, e.g., as in bitmap indices,
the flexibility to ignore all irrelevant attributes entirely is paid for with increased
storage cost and fewer opportunities for faster access. Thus, our initial goal in
Team composition is to maximize coverage: a query should access most or all
attributes in all relevant Teams with SSPs (or skip Teams entirely). In real-world
ad-hoc queries, users may define predicates over arbitrary attributes. The goal of
exploiting combined selectivity for lower access Volume implies that advantages
over (one-dimensional) Teams are only possible if more than one attribute is
accessed at once in a Team. In the worst case, every query-relevant attribute
is located in a separate Team. Single-dimensional bitmap indices then have an
advantage due to better compression ratios and less Overhead.
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To more generally assess the coverage criterion for ad-hoc queries, we formally
compute the probability that any query (chosen uniformly at random) allows for
efficient access. This analysis represents a workload agnostic approach to Team
composition, where every possible query is equally likely and every predicate
equally relevant and valuable.

6.1.1 Definitions

Let the set partition 7" = T, ..., T; of attribute set A denote a Team composition
into g many disjoint subsets/Teams T; C Awith (J?_, T; = Aand Vi, j : T,NT; = (.
Note that a different order of enumeration of the Teams does not result in a different
Team composition.

The subset () C A of the indexed attributes A, chosen uniformly at random,
represents a query with predicates defined on the attributes of (). For any @)
and fixed composition 7', we represent the access of () on 7" as the sequence of
intersections 77 N Q, 75 N Q, ..., T, N @, which will be called the cover of T" for
(. Note that a cover is also a set partition, in this case of (). The sequence of
cardinalities of a covering will be denoted C' = (¢4, ..., ¢) with ¢; := |T; N Q).
Lastly, the access for an arbitrary combination of query () and composition 7' is
considered [-efficient, if at least [ many attributes of all (query-relevant) Teams are
accessed at a time. More formally, access is [-efficient, if

VCiEC,lE{1,...,d}20i2l\/Ci:0.

Example. Let A = {A, B, ..., L} be an attribute set, D := |A|, and

T ={{A,B,C},{D, B, FY,{G, H,I},{J, K,L}}

be a Team composition. Evaluating a query Q = {A, D, E, G, H, I} then requires
access to attributes {A} from the first Team, attributes {D, E'} of the second
and {G, H, I'} of the third Team—Team {J, K, L} can be ignored. The access is
therefore 1-efficient, because predicates are defined on at least 1 attribute per
query-relevant Team.

6.1.2 The Probability of /-efficient Access

To simplify the notation, we set the size of every Team to a constant value, i.e.,
T, = d,and have D = ¢ T, = d - g. The probability that a random query Q
with ¢ many different attributes allows an [-efficient access is given by the number
of all [-efficient covers, divided by the number of all possible covers. Since queries
are considered distinct of they differ by at least one attribute, queries necessarily
also produce unique covers. Further, given that 7' is fixed, drawing any subset ()
from A also determines the corresponding cover. The number of covers for all
possible queries with |()| = ¢ is then counted by the binomial coefficient (?).
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But only a subset of all possible covers represents an [-efficient access. To count
only relevant covers, we observe that C' represents a weak integer compositions' of
query size ¢, such that ) 7 | ¢; = g with ¢; € {0,1,2,...,¢}. This means that a
sequence (3,0, 1) is distinct from (0, 1, 3). Moreover, multiple covers may share the
same sequence of sizes C': for any Team 7}, there are (Z) ways to select attributes

differently. Therefore, there are []7_, (i) distinct covers for any composition C.
Our definition of [-efficient accesses can be enforced by restricting the set of
all possible weak integer compositions to those that only contain terms from the
set {0} U{l,l+1,...,d —1,d}. Let £(q) denote this set of [-restricted weak
compositions of integer ¢ with g many terms. Notably, £,_;(q) is the unrestricted
set. Summing over all integer compositions C' € £(q) gives Y _ocg, (g il (Cdi),
i.e,, the number of all covers (and queries) that grant [-efficient access. Hence the
probability Pr(g, d, ¢, () that a uniformly chosen query with exactly ¢ attributes

and composition 7" allows an [-efficient access is:

ZCGS[ H ( )
(D) |
q
To confirm our counting method of [-efficient covers, we may sum over all
possible integer compositions C' instead, which gives

X HE)-()

This identity is known as the generalized Vandermonde convolution [122]. Note
that all formulas directly apply to Team compositions with arbitrary Team sizes
|T;| as well, if we replace (¢ ) with ('T ‘)

A slightly more expressive perspective can be obtained by accumulating all
queries that use q or more, obtained by summing up both nominator and denomi-
nator:

Pr(g,d,q,l) == (6.1)

52, Soee 1o (4)

d.q,1) =
(g q,1) qu(f)

(6.2)

Interpretation A plot of the cumulative probability Pr>,(g, d, ¢, ) for g = 10,
d=6and! € {2,3,4} is shown in Fig. 6.1. Also highlighted are the ¢ 9 quantiles—
each rounded up—that indicate the number of query attributes at which at least
90% of all queries have [-efficient (or better) access. For example, there is a (larger

A weak composition of integer ¢ is an ordered sequence of integer parts that sum up to ¢ and may
can contain 0 parts. Not to be confused with Team compositions.
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Figure 6.1: The cumulative probability Pr>,(¢ = 10,d = 6,q,!), that a query
over at least g-many different attributes accesses either none or at least [ different
attributes across all 10 of the 6-sized Teams. The distribution indicates the query
dimensionality at which access with multiple attributes per Team becomes likely.

than) 0.9 probability that a random queries that use at least 49 of 60 attributes is
3-efficient. For [ = 2, the probability drops towards ~ 0.374—or in other words,
more than a third of all possible queries are always 2-efficient. For configurations
with larger g, i.e., more Teams, the distributions shift to the right and plateau lower,
i.e., the changes for efficient access drop. Larger d, i.e., Team size, has the opposite
effect. Notably, for [ > 2 and low ¢, the probabilities are not 0, but the chances for
[-efficient access become vanishingly low.

Computing the numerators of the distributions requires computing a sum over
a set of integer compositions. A naive implementation can become very costly for
larger attribute counts, if it requires full enumeration of restricted compositions
[123], which is some subset of a set of size 2¢~!. Using generating functions instead
offers an equivalent but more efficient way of computing the distribution.?

Overall, queries that leave out some attributes are still very likely to provide
some benefit in combined selectivity for every Team. On the other hand, access
quickly deteriorates because accesses with only a single attribute become more

2The above described proof was developed in an earlier submission version of the Team index
paper, but the idea to use generating functions came from a discussion with ChatGPT [124].
The generating function suggested by the tool and as used in the plotting code is F(z)9 =

Zgio doces ) I, (cd)} 24, such that the coefficient of 27 gives the numerator of Eq. (6.1).
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frequent, diminishing the benefit of using Teams. This analysis is also pessimistic,
because efficiency is determined solely by the worst Team access—regardless how
efficient all other accesses may be. However, even if sufficiently high coverage is
given, compositions may still differ in how attributes are grouped. Making choices
on how to actually group attributes requires domain-specific knowledge about
which attributes are going to be used together and their combined selectivity.

6.2 Exploiting Combined Selectivity

Ensuring sufficient attribute coverage presents a first step, but there are various
other factors to the quality of a Team composition. For example, combining two low-
selectivity predicates in one Team and two high-selectivity predicates in another is
likely to have less efficient performance than mixing both—although our efficiency
notion in Sec. 6.1 considered both to be equal. This is similar to how imbalanced
Team sizes have different performance than balanced ones (see Sec. 5.4.3).

As safe assumption can make is that combining multiple attributes in one Team
allows us to assume the Volume can be reduced to at least the selectivity of the
most selective predicate. And additional predicates usually improve this selectivity
further. Improving upon this assessment quickly becomes difficult, however.

6.2.1 Query-Data Dependencies

Aside from simple selectivity, performance depends on where predicates restrict
the attribute domain, since multi-dimensional data dependencies are “conditioned”
differently. Altering the position (not the size) of the query in a Team—or just a
single predicate—results in a different intersection result and potentially also a
different selectivity, similar to how shifting the entire query rectangle does (see
Sec. 5.4.3).

Multi-Dimensional Dependencies This dependency can be approached by
empirically examining filter predicate placement relative to the data distribution.
For instance, a query might target the sparse tail of a skewed domain or a slice
from a dense region, implying a correlation between the predicate constant and
data space. However, simple (linear) correlation statistics are insufficient, as they
fail to account for query patterns. Furthermore, dependencies can be non-linear or
conditional, particularly within (and across) multi-dimensional Teams. Ultimately,
query-data dependencies can also stem from workload patterns or domain-specific
constraints.

If information on such a dependency between query and data space is available,
we can leverage it for Team composition. For example, we might prefer combining
attributes that frequently yield high selectivity directly, rather than achieving
this selectivity through intersection later. While potentially beneficial, obtain-
ing information on combined selectivities is generally difficult. An estimation
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requires knowledge of the high-dimensional joint probability distribution in order
to assess (all relevant subsets of) predicate combinations. This notoriously hard
problem of cardinality estimation is similarly encountered in query plan optimiza-
tion [125]. Overall, this makes Team composition a hard problem, but we found
that even simple selectivity statistics can help us to at least discard compositions
with unfavorable attribute combinations.

Assuming Independence In contrast to high-dimensional distributions that
are costly to estimate, selectivity statistics for a query workload can be efficiently
obtained from quantile information. Although a product of individual selectivities
(usually incorrectly) assumes independence, grouping attributes with good selec-
tivities and bad selectivities into their own separate groups strongly suggests an
increased Volume across Teams. For example, a composition of two Teams and
4 attributes may consider a Volume of roughly 0.1 - 0.1 4 0.9- 0.9 = 0.82 IDs,
whereas another for the same query may be closer to 0.1 -0.94+0.9-0.1 = 0.18
IDs. Intuitively, combining attributes enables compensating for badly selective
attributes with more selective ones. Although performance generally improves
with reduced Volume (see Sec. 5.4), it does not always result in lower runtime,
with one reason being that low Volume may come at the cost of high Overhead.
Regardless, we will still use these statistics to take first steps towards developing
more suitable cost models for Team composition.

6.2.2 Workload-Aware, Optimal Volume

If a query workload with a set of per-attribute selectivities is available, we can
use it to systematically find a Team composition that minimizes the total access
Volume over an entire workload. We assess the Volume of a particular composition
using >y D rec [ laer Sq(@), where W is a workload and s,(a) the selectivity
of query ¢ for attribute a. Note that we also restrict the maximum Team size to d,
which reflects a limit on Overhead. Further, we require that composition C' is a set
partition of the D attributes into Teams denoted as 7.

The term [] ., s4(a) is super-modular and (non-strict) monotone decreasing
in T": adding additional attributes/predicates cannot increase Volume, and the
marginal decrease diminishes with increasing Team size. Exact minimization of
a supermodular function is NP-hard, since it is equivalent to maximization of
a submodular function [126]. However, there are various ways to simplify the
problem and enable heuristics. For example, restricting the domain of s,(a) to a
discrete domain, e.g., multiples of 1/b, allows for cheaper cost comparisons.

For configurations with low Team size and limited table dimensionality, e.g.,
d € {2,...,8} and D < 16, an exhaustive search remains feasible, especially
when combined with branch-and-bound pruning techniques. Note that we insist
on a proper set partition and require all attributes to appear in at least one Team.
Another way would be to soften the requirement on Team count (or alternatively
size), which turns it into a weakly-a super-modular problem [127]. Allowing overlap
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Figure 6.2: Intersection runtime for Team compositions with lowest and high-
est Volume. Lowest-Volume wins for larger Teams. Augmentation can improve
performance.

between Teams increases the solution space further and turns the problem into a
set-cover problem, but could open up additional heuristics.

Volume-Optimality vs. Runtime To show the actual impact of choosing
Volume-optimal (as modeled above) Team compositions, we determined the ideal
and worst compositions for our running example query using exhaustive search
with strict partition requirement and Team count restriction. We measured runtime
(Y-axis), along with the number of relevant leaves and the corresponding I/O volume
(in bytes; both not shown). We used b = 10 for every composition over the D = 12
SSP attributes. The results are shown in Fig. 6.2. Using larger Teams reduces the
total number of Teams, i.e., high dimensional (up to d = 6) compositions are on
the left.

The Volume difference between best and worst composition ranged from 1.25x
(low d) to 10.52x (high d). Overall, performance improves significantly by using
fewer and larger Teams, but optimal access Volume does not imply optimal runtime
performance. If Volume differences are not too large, with the “worst” composition
for d = 3 even performing slightly faster, despite a 40% higher Volume. In these
cases, factors other than Volume, such as a beneficial order within ISEs for the
particular Team compositions, were more influential. Runtime differed significantly
in the high dimensional case of d = 6, however, where the Volume difference was
more substantial—about 10.52x. Generally, for fixed b, d and number of Teams,
a reduction in relevant Volume obtained solely by swapping attributes between
Teams, correlates with a lower Overhead as well. Or in other words, if the sum
of query rectangle sizes (in grid space) becomes smaller, each rectangle usually
also selects fewer bins. In this experiment, this is particularly noticeable for d = 6,
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where the worst had about 3.5x as much Overhead as the best. We will confirm
the general trend in a later experiment.

Overall, a holistic cost model for Team composition, beyond Volume estimation
and simple constraints like Team size, should not only penalize high-Overhead
compositions, but also account for queries that can mitigate Overhead through
high per-Team selectivities.

6.2.3 Allowing Attribute Overlap

Another interesting application of selectivity information is the re-use of highly-
selective attributes across multiple Teams. This can improve overall Team selectiv-
ity, but at the cost of storage and larger Overhead at runtime. To show the effect of
this domain-specific optimization, we augmented the ideal compositions by adding
the most selective attribute to each of the other Teams as well, increasing their
size. The results are also shown in Fig. 6.2. Although Overhead was larger, the
reduced Volume from the additional selectivity significantly improved intersection
runtime compared to compositions without overlap. Note that this optimization
has diminishing returns for Teams that are already high dimensional (d > 6) and
more likely to result in performance degradation.

6.2.4 Overhead vs. Volume

The reduction in access Volume with increasing Team dimensionality is not specific
to our example query. Generally, as Volume decreases, Overhead, i.e., the number
of relevant leaves, increases. To demonstrate this, we measured 16-dimensional
random queries and 10 random Team compositions for various levels of precision
and dimensionalities on our LHCb dataset. Overhead versus accessed Volume is
shown in Fig. 6.3 (next page) on a log-log scale. We evaluated b € {5,10,16}
bins per attribute, balanced Team compositions with 16/d-many Teams and Team
sizes d € {1,2,4,6,8}. For d = 6, we used one 6-dimensional Team and two
5-dimensional Teams, otherwise Team sizes are equal. We omitted configurations
with b4 > 10° due to prohibitively long runtimes. As workload, we generated
five queries in three different flavors: Two with equal predicate selectivities of
16 x s for s € {0.2,0.5} (“balanced”/“balanced selective”) and one with varying
selectivities denoted as “diverse” (4 X 0.2,4 x 0.4,4 x 0.6, 4 x 0.8). A different color
indicates a different index configurations, i.e., pairs (b, d), and symbols represent
the query flavor. Points with identical color, hue and symbol represent different
random indices. As indicated by the “constellations,” points with the same color
group (green, brown, blue) and symbol are directly comparable.

Generally, the trend from the upper-left (low d) to lower-right corner (high d)
shows the exponential trade-off between Overhead and Volume. Further, larger
b increases Overhead and slightly decreases Volume. Balanced, highly selective
queries (X) require both less Overhead and access less Volume than less selective
(e) or imbalanced (w) query flavors. Within a specific configuration of b and d,
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Figure 6.3: Number of accessed leaves (Overhead) vs. accessed data Volume for
different configurations (d and b) and 10 balanced random Team compositions.
Access Volume decreases as Team dimensionality—and thus Overhead—increases.

i.e., identical color, accessing less data also implies fewer relevant leaves. The
variance within each configuration is low, with the exception of the “diverse” query
flavor with b = 10, d = 6, where the average bin cardinality is only N /b% ~ 1221.
Both Overhead and Volume can vary significantly due to differences in effective
predicate selectivity, favoring some compositions and resulting in a larger spread.

6.2.5 Storage Costs vs. Runtime

Storage cost and runtime are the two core metrics for evaluating index performance.
For the Team indices considered in this work, runtime is almost entirely determined
by the cost of intersection. Fig. 6.4 shows the impact of Team compositions on
these metrics for the same experiment as in Fig. 6.3. As before, measurements with
the same symbol and color group (b) are directly comparable.

One-dimensional Teams require more storage space with the notable exception
of b = 5, where each attribute is represented with only five bitmaps. However, this
advantage vanishes quickly for increased levels of precision. Otherwise, storage
costs decrease as d increases (from right to left), due to a decrease in Team count.
For configurations with many bins, i.e., b = 5,d = 8 and b = 10, d = 6, decreasing
compressibility and (for this D) diminishing gains from fewer Teams again lead to a
slight increase. Absolute (horizontal) variation across random Team compositions
is low if bin count is not too large.

In terms of runtime, results vary depending on query flavor and index configu-
ration. First, we observe that the balanced query generally performs worse than the
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Figure 6.4: Storage costs vs. intersection runtime. One-dimensional Teams incur
higher storage costs. For highly selectivity queries, higher dimensional Teams offer
better runtime.

diverse query (black square), especially for low-dimensional Teams. Further, the
selective-balanced query flavor was fastest by a wide margin, because of both a very
small Volume and Overhead. We attribute the difference across flavors primarily
to their respective result cardinalities, which were between 2.5 — 10 X smaller (de-
pending on 0) for the diverse queries and 0 (or very close) for the x-flavor. Smaller
results lead to faster execution, especially for low-dimensional Teams, where ISEs
involve intersections across more Teams and a larger result implies that fewer ISEs
can terminate early due to an empty result. Two-dimensional Teams generally
offer no performance benefits and are dominated by other configurations.

The most interesting combination was b = 10 for the diverse queries, where 1-
dimensional Teams were outperformed by some compositions of d = 4, 6, whereas
others performed significantly worse and had large variance. Upon closer investiga-
tion, we found that the composition-dependent differences were caused by multiple
factors. First, our implementation lacks fine-grained adaptivity to query-specific
variation, e.g., per-ISE intersection orders. Given the larger Team dimensionality
and larger variety of predicate selectivities, differences in data dependencies were
more likely to be noticeable across queries of this flavor. This is also reflected
in the larger variance of Volume- and Overhead shown in Fig. 6.3. In addition,
Overhead for these configurations was relatively high (w.r.t. N) and therefore
more influential on less-ideal configurations, causing larger fluctuations.
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6.2.6 Discussion

In our experiments, we observed that the particular choice of Team composition had
less effect on overall performance and storage costs than the general configuration,
i.e., the number of bins per dimension (b) and the maximum Team dimensionality
(d). Therefore, it is possible to significantly reduce Volume with larger Teams, but
this scaling has limits. Although Overhead also increases, its costs are independent
of the table cardinality. For queries with high selectivity predicates, e.g., s = 0.2,
Team-based yields significant reductions in both storage footprint and runtime.
Moreover, Teams must have sufficient size (d > 2) to more efficiently compensate
for non-selective attributes.

Given our current prototype implementation, the tested table sizes and various
open optimizations, it was not always possible to fully translate reductions in
Volume into an equal reduction in runtime. Our physical implementation was
not sufficiently fine-tuned to mitigate the impact of Overhead costs, which was
particularly noticeable for high-dimensional configurations. Moreover, indexing
larger tables offers a simple way to more effectively amortize Overhead with larger
leaves and thus improve performance and unlock (a few) additional parameter
configurations, most notably with respect to d. We plan to investigate this further
using the TeamBench benchmark generator (see Chapter 7).

Another direction is logical optimization, e.g., individually optimizing the ISE
operation order. But also the selection of the two tuning knobs introduced in this
work, leaf grouping and expansion, can be specialized further for edge cases—
for instance, when one Team selects very few leaves but another selects many:.
More holistic formal objectives for Team composition can offer additional gains by
adapting to workload knowledge.



TeamBench

The performance of index intersection is determined by various factors, such as data
distribution, query placement and selectivity, Team composition, and number of
leaves. In Sec. 5.4, we broadly categorized these factors into Volume, Overhead and
Imbalance. Improving existing implementations and developing more sophisticated
optimization strategies requires understanding these factors further. Unfortunately,
a systematic assessment purely on real-world data is complicated by the inability to
isolate the impact of these influences and study them separately. Micro benchmarks
aimed at specific components are also limited in what they can reveal about the
performance of the whole process. For example, a benchmark dedicated to the
purpose of accessing the performance of new task scheduling strategies may not
be be able to account for runtime variation of operators in actual workloads.

Another issue is the large flexibility in Team composition and potentially very
large table cardinality necessary to assess the behavior of the design under realistic
load. Explicitly adjusting Team compositions and binning to produce exactly the
desired test environment is a costly and difficult endeavor. Moreover, doing so
repeatedly may not be feasible for problems at the very large scale. As a result, it
would be of great benefit to be able to directly generate indices that exactly meet
specifications and allow to isolate aspects of interest.

We introduce our initial findings on TeamBench—a data generator for index
intersection. TeamBench is highly configurable and efficient, i.e., it directly gen-
erates leaves for Team indices and only IDs that actually take part in the index
intersection. Moreover, it is trivially parallelizable and avoids repeated sampling
draws, i.e., has a fixed runtime that is fully determined by the input parameters.

Outline After introducing the core algorithm, we provide additional metrics to
aid in choosing input parameters. Thereafter, we discuss complementary methods
for creating custom probability distributions that formally resemble bin-cardinality

85
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distributions of real-world grid index structures (as described in Sec. 4.1.2). We
close with a discussion on possible extensions.

7.1 Defining the Generator

The design of TeamBench is inspired by the Grid Index introduced in Sec. 4.1.2, but
generalizes beyond its specific design decisions. Our primary goal is to directly
generate leaves, which involves much less data than the underlying dataset and
also avoids an explicit index creation step. We also aim to control the Volume,'i.e.,
the “cost” of the intersection, and also to incorporate the structure and volume
contributed by each relevant Team. Finally, want to have some measure of control
on how selective a query executed on this data is going to be. The final result is a
set of leaves for each Team.

7.1.1 Input Parameters

There are three parameters to control the benchmark generator for an intersection
of 2 or more Teams. We explain every parameter in turn below:

> {(ps, Qi) }+ A set of Team-specific bin cardinality distributions and queries

> N The number of unique IDs involved in the intersection

> Stel A selectivity parameter to control the actual result size

The distribution p; represents the relative size of the leaves of team ¢. We treat
it as a flat vector, but the respective Team index may still be multi-dimensional.
It’s length corresponds to the number of all bins in the Team. p; may be taken
from an existing Team index or have an explicitly specified form (see Sec. 7.2.3
below). (), is a set of bin indices of all query-relevant leaves for Teamt € T = [1,n|,
ie, Vi € @y : pi(i) > 0. Note that ), must be a proper, non-empty subset of all
possible leaves, i.e., p;’s entire support. Otherwise the Team would not contribute
selectivity (or select nothing). The components of the conditional distribution are
given as (

. pe(4)
pt|Q(2) : ZjeQ pt(]) :
By using a set of p; and (); as input parameters for TeamBench, we can precisely
control the intra-grid Imbalance for each Team, i.e., the relative sizes of the leaves
in each Team. This also directly specifies the respective Team selectivities and the
overall Overhead.

The integer N determines the number of unique IDs (and samples) we use to
generate the benchmark data set. We create two types of IDs: result IDs, which
survive the intersection, and drag IDs, which take part in the intersection but are
pruned eventually.

10ur tool is not able to offer precise control over the actual Volume in byte, as we have defined the
term in Sec. 5.4.1, because this would require to account for compression. TeamBench can directly
control the number of IDs involved in the intersection, however.
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The S, € [0, 1] parameter controls how many IDs survive the intersection and
implies the actual result selectivity relative to N, defined as S := S, - min,(s;),
where s; := ZieQ pe(1) is Team t’s selectivity. Selecting S, = 0 gives an empty
intersection, whereas S, = 1 produces the largest possible result size (N -min;(s;)).
Note that specifying S, instead of S ensures the result selectivity conforms with
the most selective Team. As we will see below, the total, uncompressed intersection
Volume is impacted by all three parameters.

7.1.2 The Sampling Procedure

The basic procedure is straightforward and generally works “in reverse” to the
actual intersection. We repeat the following exactly /V times:

Initially, we flip a biased coin to determine which kind of value we will generate,
with probability S for a result ID and 1 — S for a drag ID. A result needs to be
present in all Teams, so we assign it to exactly one bin in every Team, chosen
according to the respective conditional distribution pyq.

For exactly two Teams, assigning a drag ID proceeds similarly. Since the ID is
going to partake in the intersection but gets dropped eventually, there has to exist
(at least) one Team where its not in any bin selected by the respective ();. Thus,
we choose to assign it to U C T, a proper random subset of all Teams. In case
of two Teams, we may choose either Team according to a distribution 7, where

m(t) == #jﬁs is the normalized weight of Team ¢ after accounting for the

mass that we assigned for result IDs. Note, in case of S, = 1, the subtraction of S
results in (at least) one Team being unable to take on any drag IDs.

To see why this procedure ensures that we get exactly the desired number of
survivors, consider the intersection first approach described on Eq. (5.2). The ex-
pression highlights that we (either explicitly or implicitly) exhaustively considered
the intersection of every possible combination of leaves across all relevant Teams.
Thus, assigning the ID to (exactly) one relevant bin per Team ensures it will be
included in the final result. Conversely, leaving one or more Teams out during the
assignment guarantees the value will be pruned. Notably, this process assigns IDs
independently for each Team. This design choice is deliberate and we discuss it
further in Sec. 7.3.1 below.

In case we have more than two Teams, the procedure becomes more complex,
since we now first have to choose how many Teams we will be assigning drag
IDs to. Thus, we first draw k = |U| from random variable K ~ P with P =
(P1,...,P,_1), before choosing any (proper) subset. However, P has to be chosen
with care as to not distort the drag volume distribution 7. We discuss the design of
P further in Sec. 7.1.3.

There are various algorithms for choosing subsets of size k according to an
(arbitrary) distribution 7, we choose Gumbel Top-k [128]. Another suitable choice
is the algorithm by Efraimidis and Spirakis [129].

The complete TeamBench sampling algorithm is shown in Alg. 2 (next page).
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Algorithm 2 TeamBench Sampling Algorithm

Input: {(Q;, p;) }ier (queries, Team distributions)
Input: S, € [0, 1] (relative result size)

Input: N (total sample count)

> Preprocessing:
1: fort =1tondo
2: for: € (); do

3: po(i) — =———"——
G S e p)
4: St < ZZEQ pt(’l)
505 < Spe - mtin Sy
6: fort =1tondo
St —
7: =
D SHER)

8: P <— CoMPUTEDISTRIBUTIONP ()

> Start sampling;:
9: forx € [0, N) do

> conditional distribution
> Team selectivity

> selectivity w.r.t. N

> drag volume weights

I>P:<P1,...,Pn_1)

10: Draw ¢ <— RanpomFLoaT([0, 1]) > Flip a coin
11: if c < S then > result ID
12: fort=1tondo

13: bin; <— RANDOMINTEGER([0, |Q¢|), Pt0)

14: else > drag ID
15: k < RANDOMINTEGER([1,n — 1], P)

16: U < RanpomSusBseT(T, k, ) > without replacement
17: fort=1tondo

18: if t € U then

19: bin; <— RANDOMINTEGER([0, |Q¢|), pijo)

20: else

21: bin; < None

22: assign z to (biny, ..., bin,)

23: function CoMPUTEDISTRIBUTIONP(7)
24: I+ [Pr(t| k)]s

25: P < SoLvERLSOP(I, )

26: return P

> via sampling using 7
>solve [ - P =
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7.1.3 Computing Distribution P

Before assigning a drag ID to a subset of Teams, we need to determine the number
of Teams, k € [1,n — 1]. To see why we this can not be done naively, imagine
we first pick the number &k uniformly at random, and then subsets according to 7.
Because we now assign IDs to exactly k£ Teams, Teams that overall contribute less
are then forced to take on a value, even though their “capacity” would be overtaxed.
Thus, the probability of choosing a specific Team should depend on how many
Teams we want to assign drag IDs to. Intuitively, picking a larger k£ should be
less likely, if there are Teams that have only a small contribution to the overall
drag-mass. On the other hand, if all Teams contribute the same, choosing & may
be done in a uniform way.

We therefore need to derive the distribution P from a formulation that in-
corporates this requirement. To achieve this, we express that we need to adapt
the probability for choosing a specific ¢ depending on the value k£ as a matrix
I € R**™=Y where each column in I represents a distribution for choosing a spe-
cific t given some k, i.e., I;;, = Pr(¢ | k). Given such a matrix, we can enforce our
goal of assigning drag volume exactly in the proportion defined by 7 by restricting
the row corresponding to ¢ to add up to 7, if we pick ¢ with probability F;. We
require I - P = 7, where both distribution P and matrix / are unknown.

As illustrated in the case of n = 2, we observe that the first column of 7, which
corresponds to £k = 1, is always exactly m. However, the other columns differ
to account for the fact that we may choose more than one Team. An interesting
insight is that we can estimate the remaining Pr(¢ | k)’s empirically by using
the above mentioned algorithms to draw weighted subsets of size k. Specifically,
for all £ > 1, we repeatedly draw subsets of size £ using probability 7 and then
record which grids got sampled. Normalizing the columns afterwards yields an
approximation of the respective (column) distributions.?

After finding (an approximation of) /, the expression I - P = 7 becomes a
system of linear equations and solving it provides the desired distribution P for
sampling k. Since [ is not a square matrix, we cannot derive P by inverting /.
Instead, we formulate it as an (overdetermined) least-squares optimization problem
with constraints to enforce the probability distribution property:

. 2
min 1P 7}

st. > P(k)=1, P(k)>0forallk
k

This convex optimization problem can be solved using software libraries, such
as SciPy’s LsQ_LINEAR [130], to yield distribution P.

The original idea for the simulation of I was developed in a dialogue with OpenAI’s ChatGPT
[124]. The discussion also led to a possible closed form solution for computing I, which we omit
for brevity.
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7.2 Choosing Parameters

The parameter choices have an intertwined impact on the performance of the
intersection. For example, the (uncompressed) Volume, which directly influences
the actual runtime cost of the intersection, is not chosen explicitly but implied by
the other parameters. We therefore give estimations to aid in determining a suitable
N. Thereafter, we discuss how distributions p; may be deliberately designed.

7.2.1 Estimated, Uncompressed Volume

The total Volume in terms of ID count across all Teams is not determined by the
parameter /N alone, since it also depends on the respective Team selectivities.
We can estimate it by making use of the independence assumptions and the P
distribution we use for sampling k. In expectation, we assign every drag ID to
E[K] = 37—, k - P(k) many Teams and there are N - (1 — S) unique drag IDs in
total. Result IDs are assigned to all n Teams, thus there are n - N - S in total. The
total Volume involved in the intersection then comes to

(uncompressed) Volume = N - (E[K]- (1 —=S)+n-S5).

7.2.2 Sufficient Sample Count

Although drag Volume may give a suitable impression of the overall memory
consumption of the operation, it does not account for the probability distribution
specified for each Team. To obtain a dataset that fills even small, i.e., less probable
bins, we need to select an NV that is sufficiently large. Thus, we may require that
every bin/leaf receives at least C' many IDs in total.

Let Pmin, := ming ;(pyo(i)) be the smallest non-zero bin probability across all
grids and let u be the corresponding Team grid. The chance that «’s bin receives
a result ID is given by S - pmin.. For a drag ID, we also need to account for the
subset selection, which is independent of the bin selection. For any 7, we have
(1 =.89) - pyg(i) - w(t) for the chance of a drag ID. Thus, we need to draw at least

C <N - (S * Pminu + (1 — S) * Pmin,u * W(u))
C
Pminu - (S + (1= 5) - m(w))

N >

samples in order to have C' or more IDs in all leafs.

In practice, filling up even the smallest leaf may not be necessary and we may
choose a larger target probability than py,n ,, instead. For example, the 0.1 quantile
across all probability values may already result in sufficiently high cardinality
across most bins.
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7.2.3 Custom Distributions

Instead of relying on empirical grid distributions derived from Team indices built
over real data, we can also configure a parameterized grid distribution. This allows
us to, for example, deliberately generate Teams with bin cardinality distributions
that have specific skew for studying the impact of “heavy hitter” ISEs involving
expensive intersections.

Although TeamBench is agnostic to the design decisions and constraints that
went into the grid index used in our Team-based approach, we may still want to
reproduce them to get more realistic behavior. For example, the primary property of
a Team’s grid cardinality distribution are the uniform marginal distributions, which
forced all bins to be at most 1/b in size; the distribution essentially only captures
the dependency structure of the Team attributes, not the actual (one-dimensional)
attribute distributions. Moreover, real-world bin cardinality distributions usually
exhibit some form of smoothness, i.e., cardinalities tend to not vary abruptly across
adjacent bins.

One way to enforce these criteria on a multi-dimensional prior distribution,
such as a Gaussian or mixture thereof, is to formulate an optimization problem.
Starting with a chosen prior distribution w;, one can minimize the Kulback-Leibler
divergence KL(z) = >, 4(4) -log(x,(7) /w: (7)) with respect to additional uniform-
margin and probability constraints. The divergence is a well-known measure for
comparing distributions and its convexity allows us to solve the problem with a
Python library such as CVXPY [131]. Geometrically, this transformation tends to
“squash” the prior distribution to enforce the constraints, pushing mass from higher
cardinality bins to nearby bins, leading to a smoother, more “rectangular” version.
This parallels the ID distribution across bins that results from using quantiles to
define Team grids, as shown in Fig. 4.1.

Although this gives a faithful way to construct a “realistic” cardinality distribu-
tion for Team indices, there may be a more straightforward way. After conditioning,
the distribution no longer conforms with (all) the marginal constraints and only the
maximum probability of 1/b is still satisfied. Specifying the conditional distribution
directly and scaling it down may therefore offer a more immediate approach.

7.3 Discussion

This chapter presented TeamBench, our sampling procedure for benchmarking
index intersection. Although its input parameters allow for flexible configurations,
certain simplifications were made that may affect result quality and subsequently
observed performance characteristics. Moreover, there are various aspects of
TeamBench that allow for modifications and generalizations and may provide
directions for future work.
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7.3.1 On Inter-Grid Dependence

As previously discussed, we assign (both drag and result) IDs to Teams indepen-
dently, that is, bin selection for one Team does not impact bin selection for other
Teams. Consequently, each bin assignment is independent. In contrast, real-world
data usually has data dependencies: intersections of certain combinations of leaves
across Teams yield larger results than others or may exhibit different runtime
despite similar cardinalities. In the current approach, intersection mass is spread
independently across all leaf combinations and assignments solely depend on the
(relative) size of the leaves.

This has implications on the performance of index intersection. The absence
of any exploitable pattern, that is, clustered sequences of IDs within leaves, leads
to comparable set operation runtimes primarily determined by size alone. That
means that intersections across different but similarly sized leaves are also likely
to have similar runtime. This can be a desirable trait for benchmarking, since it
allows for a focused analysis of other aspects of the algorithm, such as, scheduling
or Overhead costs.

Moreover, deliberately controlling these dependencies makes the whole sam-
pling approach significantly more involved and costly: not only do we have to
somehow specify the multi-dimensional relationships, we also have to take care
to not introduce bias into the target distributions, and, for instance, increase the
number of values assigned to rare bins.

7.3.2 Compression & Order of ID Generation

As indicated before, TeamBench does not explicitly control compressibility (and
therefore actual Volume in byte) and any leaves produced will likely to exhibit poor
compression rates. Deliberately introducing a specific order can lead to unwanted
behavior, however. In Alg. 2, we flipped a coin to determine the ID type, but we
may also generate each in a fixed sized batch. Although this would ensure drag and
result IDs are created in precise proportions, they are now potentially produced
in a specific and overly unrealistic order. For example, creating all result IDs first
may yield the continuous range [0, S - N) as index result. Due to compression
this may lead to unrealistic behavior and index intersection runtime, for example
Roaring is able to represent the result as a simple range, which impacts the size
of the representation and the cost of set operations and full matches would only
ever be found for low ID values. To avoid this generation artifact, we opted for the
(cheap) coin toss approach instead.

Similar to our discussion in Sec. 7.3.1, we may still want to change the way
we emit IDs to obtain a more “organic” order. For example, natural data tends to
form streaks of consecutive or close IDs within the same bin, which leads to better
compressibility; or certain bins tend to have lower ID values. With our current
procedure, this behavior is unlikely to emerge on its own. However, relabeling the
IDs after the generation may be computationally expensive, since every change in
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labels has to be coordinated across all Teams. An alternative may be correlating
subsequent sampling steps by increasing the chance to hit the same bin multiple
times in a row. But similar to the introduction of inter-grid dependencies, distortion
of the target probability distributions must be carefully avoided.






Conclusions

With ever-growing data volumes, the cost of data movement continues to rise,
particularly in read-intensive, storage-bound analytics workloads. Indexing and
Data-Centric Processing each present techniques and architectures to remedy this
cost, but they also entail limitations and challenges. To achieve a truly holistic
solution, a multi-faceted approach is therefore essential.

Cooperative Refinement As a first step, this thesis explored Cooperative Re-
finement, the combined application of indexing and Data-Centric Processing that
is not merely complementary but symbiotic: Indexing can benefit from processing
both near and in memory to decrease its own non-negligible cost. Simultaneously,
it is highly suitable to adapt to the limitations and hazards of data-centric archi-
tectures. Moreover, utilizing index information directly within a storage device
provides a fast path for efficient in-device materialization, which is a critical capa-
bility for making the most of the constrained resources of Computational Storage
Devices. However, Cooperative Refinement also comes with its own set of unique
challenges, requiring deliberate hardware-software co-design, thereby bridging
the gap between the inherent resource restrictions of hardware and the functional
requirements of software, specifically index structures.

The initial focus in Chapter 2 was on the design limitations of NAND flash
memory, that any Processing-in-NAND architecture inherits: a limited power
budget, a small instruction set and susceptibility to bit-flips. To position index
structure evaluation as a prime candidate for PiN, we analyzed the inherent er-
ror tolerance of Bloom filters and binary sketches in Chapter 3. In an effort to
extend the applicability of existing PiN concepts, we also introduced a strategy
that uses masked-equality operations to emulate inequality—a primitive that is not
supported in current PiN architectures but central for evaluating indices, such as
the ubiquitous B*-tree. The final topic of the chapter was Gravity Store, our initial
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vision for an in-storage materialization framework. Its components are designed to
offer a flexible basis for declarative, low-overhead interfaces and efficient, selective
access, thereby addressing the inefficiency of today’s host-centric communication.

Extending Indexing As our second step towards a holistic solution for address-
ing the Data Movement Tax, we presented Team-based indexing, a generalization
of the bitmap indexing strategy for high-dimensional range queries at the very
large scale. Indexing Teams, i.e., moderately-sized subsets of attributes, rather than
all dimensions individually or all at once, allows us to exploit combined selectivity
for faster index evaluation without suffering from the curse of dimensionality. It
also enables to shift the focus toward an efficient intersection of individual Team
results and away from the (individual) quality of index data structures. Moreover, it
allows for considerable storage space savings, which is another crucial performance
metric of index data structures.

After introducing the strategy in Chapter 4, we suggested optimization tech-
niques for index intersection in Chapter 5, which is not dominated by (initial)
storage access costs but the execution of in-memory set operations. Team-based
indexing also requires addressing the problem of Team composition, which we
investigated in Chapter 6. We provided an analysis for assessing ad-hoc queries,
given that Teams may contain irrelevant attributes, and an early cost-model to
guide the process of finding suitable compositions. The chapter also included
our composition-dependent runtime evaluation of our prototype implementation.
In Chapter 7, we introduced TeamBench, a highly configurable sampling proce-
dure for generating benchmark data. TeamBench was specifically designed to test
the performance of index intersection and therefore complements the preceding
contributions on Team-based indexing,.

8.1 Towards Data-Centric Database Processing

While indices are well-established in databases and beyond, data-centric architec-
tures introduce significant complexity and are scarcely implemented in hardware.
This not only hinders progress, it also shows that the research field is still in its
infancy, despite its age [63, 62]. Part of the reason is the conflicting need to recon-
cile strict physical and economical hardware design restrictions with sufficiently
flexible functionality. This is particularly acute for NAND flash memory: its limited
lifespan and key role as the most affordable and widespread mass storage medium
tighten these constraints even further, making high storage density ($/GB) the
dominant design priority.

In contrast to many machine learning applications, databases are especially ill-
suited for having a dedicated chip, due to the high degree of flexibility they require:
table schemas, storage layouts, and workloads are extremely heterogeneous, which
leads to entirely different requirements. Given this conflict of interests, our primary
goal was to maximize the utility of a given hardware design for PiN-based index
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evaluation. However, since our work is conceptual and addresses only isolated
aspects, the practical feasibility of PiN-based index evaluation requires further in-
vestigation. Identifying a chip design with sufficiently broad applicability (and thus
market potential) and a low enough design cost to justify prototypical hardware
implementation would be an ideal next step. As mentioned in Sec. 3.5.1, our analy-
ses should be extended to holistically incorporate whole-system considerations,
economic factors and tighter integration with specific database applications.

This applies less to our initial concept of Gravity Store, which may already
demonstrate its efficacy when used as a code generation engine for host-side
materialization. An early prototypical implementation may therefore not require
access to a sufficiently flexible CSD device for testing. Beyond the need for a
suitable testing platform, Gravity Store itself may be used to identify conceptual
limitations and refine self-imposed design restrictions regarding storage layouts,
access patterns, and structural requirements for CSD compute capabilities. To
this end, given the limited resources, it is not yet established what degree of in-
device materialization is acceptable, and when full transfer to the host is warranted.
This decision may ultimately need to be dynamic, for example based on workload
characteristics or runtime resource pressure, rather than static.

Another aspect not covered in this thesis is the materialization of data for the
express purpose of additional near-data processing, such as (grouped) aggregation
or joins. Various existing CSD designs propose FPGAs as co-processors, which
impose their own restrictions on the structure and modality of their inputs. Ideally,
data flow and materialization efforts within the device would enable seamless
integration with such components, thereby unlocking the full potential of data-
centric storage design.

8.2 Beyond Team-based Indexing

Although Team-based indexing can lead to significant reductions in the accessed
Volume, Overhead costs, such as the cost of generating I/Os or of scheduling set
operations, still account for a considerable portion of the runtime of our prototype.
Extending the evaluation to larger and more diverse datasets may help to improve
both implementation and runtime optimization strategies—an endeavor that may
be systematically aided by our TeamBench benchmark data generator.

Our discussion on Volume-based Team composition assessment suggested that
other aspects should also be taken into consideration. For example, Team compo-
sition is ideally based on domain-specific prior knowledge of possible workloads.
This also allows more targeted success evaluation of composition strategies, where
performance for certain types of queries is weighted according to their importance.

Lastly, our investigations focused on index evaluation as an isolated problem,
where producing a list of qualifying tuple IDs is the final result. However, a
more holistic perspective would also take into account the distributed system, the
underlying storage layout, and domain-specific workload characteristics. Without
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this information, the runtime evaluation of an implementation for Team-based
index intersection is difficult to put into perspective. Moreover, the usage of
index evaluation for secondary tasks, such as cardinality estimation, may also be a
promising direction for further exploration.



Abstract: Uniform Database
Generation

Benchmark-oriented research and fuzz testing often require synthetic database
instances that satisfy specific semantic constraints, such as tuple counts, attribute
cardinalities, or functional dependencies. However, naive generation procedures
introduce bias because equivalence classes (of database instances) can vary sig-
nificantly in size, causing larger classes to be disproportionately over-sampled.
Instances within these classes differ only in literal values and can therefore exhibit
the same runtime performance and error behavior.

We address this by introducing an unbiased generator that samples equivalence-
class representatives of concrete databases sharing identical functional-dependency
patterns, active domain sizes, and cardinalities. The generator focuses on schemas
where attribute A functionally determines attribute B, and where A together with a
third attribute C forms a primary key.

The key insight is that equivalence classes can be represented by integer parti-
tions, which encode the active domain size and multiplicities of active values of
attribute A. The algorithm first picks an integer partition uniformly at random and
imposes suitable restrictions on part size and count. Distinct C values are then se-
lected per occurrence to ensure a sufficiently large number of unique tuples. Values
for B can be chosen independently, after the active domain of A is determined.

In [29], we prove the special case of normalized schemas and detail an efficient
implementation design. The generator and its implementation are generalized to
non-normalized schemas in [30].

99






Generative Al Declaration

In compliance with §11 (2) of the doctoral regulations and my own ethical respon-
sibility for transparency, I hereby declare the ways I made use of generative Al for
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