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Revolutionalizing Data Processing
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Language Design
•Domain-Specific Languages (DSLs)

• Languages for a particular domain
•Exploit 

• Domain knowledge
• Algebraic structure
• Structure of data
• Algorithmic knowledge
• Specialized data-structures
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Outline

6

End-to-End
Data Science

Sparse 
Tensor 
Algebra

Sparse 
Differentiation

Current
Work

Implementation

OOPSLA’22

CGO’24
SIGMOD’23



END-TO-END 
DATA SCIENCE

7

OOPSLA’22



Data Science PLs
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End-to-End Data Science
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DB Workloads LA Workloads

Machine Learning

Graph ProcessingScientific ComputingData Warehouses (OLAP)

Data Science Workloads

Computer Vision
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Data Science Workloads

DB Workloads LA Workloads
Relational Algebra
Nested Relational Algebra

Linear Algebra
Tensor Algebra

RDBMS, Pandas DataFrame TensorFlow, PyTorch, scipy



Relational DB

Query Parser

Relational 
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Relational
Algebra
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Relational Algebra
• An algebra for relational databases
• Selection (σ)
• Filters out all tuples that do not satisfy a predicate

• Projection (π)
• Filters out unnecessary columns of a relation

• Join (⋈)
• Combines the tuples of two relations
• A complex operator

• Group-By Aggregation (Γ)
• Partitions data and aggregates!
• Another complex operator
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Relational Algebra Optimizations
•σc1(σc2(R)) = σc2(σc1(R))
•σc1∧... ∧cn(R) = σc1(...(σcn(R))...)
•πa1(R) = πa1(...(πan(R))...)
•R ⋈ (S ⋈ T) = (R ⋈ S) ⋈ T
•R ⋈ S = S ⋈ R
•σc1∧... ∧cn(R ⋈ S) = σc1∧... ∧ck(R) ⋈ σcp∧... ∧cn(S)
• ... 
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ML Frameworks

ML Library
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Linear Algebra Optimizations
•M1 + M2 = M2 + M1
•M1 + 0 = 0 + M1 = M1
•M × I = I × M = M
•M × 0 = 0 × M = 0
•M1 × (M2 × M3) = (M1 × M2) × M3
•M1 × (M2 + M3) = M1 × M2 + M1 × M3
• ...
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Can we have a 
unified environment?



Similarity of Optimizations
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Pushing aggregates past joins Matrix chain ordering



SDQL

Semi-Ring Dictionary Query Language



Semi-Ring

∀a, b, c ∈ R 
• a+0=a 
• a+b=b+a
• (a + b) + c = a + (b + c) 
• a×1=1×a=a 
• a×0=0×a=0
• (a × b) × c = a × (b × c)
• a × (b + c) = (a × b) + (a × c) 
• (a + b) × c = (a × c) + (b × c) 
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<R, 0, 1, +, ×>

Factorization



Semi-Ring Examples
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<ℝ, 0, 1, +, ×>
<ℕ, 0, 1, +, ×>

<{false,true}, 
false,true,∨,∧ >

<ℝ∪{+∞}, 
+∞, 0, min, +>



Semi-Ring Dictionaries
One collection to rule them all
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Relation[T] = { T -> Bool } (no duplicates)
Relation[T] = { T -> Int } (with duplicates)

Vector[T] =  {    Int     -> T } 
Matrix[T] =  { (Int, Int) -> T }

{ key -> value    }



Database Relations (Bag Semantics)
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{ tuple -> multiplicity }



Linear Algebra (Matrix)
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{ index -> value }



SDQL Examples
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sum(<key, val> in R) 
f(key, val)

double res = 0;
for(auto&e : R) { 

 res += f(e.key, e.val)
}

sum(<key, val> in R) 
 { g(key) -> f(val) }

dict<K,V> res = dict<K,V>();
for(auto&e : R) { 

 res[g(e.key)] += f(e.val)
}

SDQL C++



Aggregations over Relations (Bag)
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SELECT COUNT(*) FROM R

sum(<key, val> in R) val

SELECT SUM(A) FROM R

sum(<key, val> in R) key.A * val

SELECT B, SUM(A) FROM R GROUP BY B

sum(<key, val> in R) { key.B -> key.A * val }



Relational Algebra to SDQL
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Vector Operations
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V1 + V2

V1 + V2

V1 .* V2

sum(<key, val> in V1) { key -> val * V2(key) }

V1 . V2

sum(<key, val> in V1) val * V2(key)



Linear Algebra to SDQL
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Loop Optimizations
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•Vertical Loop Fusion
•Horizontal Loop Fusion
•Loop-Invariant Code Motion (Hoisting)
•Loop Factorization
•Loop Memoization



Loop Memoization & Hoisting
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Nested Loop Join -> Hash Join



Uniform Optimization
• Vertical Loop Fusion

• Horizontal Loop Fusion

• Loop Factorization + Memoization
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Pipeline Query Engine Deforestation, Pull/Push Arrays

Multi-aggregate Operator Horizontal Fusion

Hash Join, Group Join Matrix chain ordering



Data Layouts
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• Relations
• Row/Columnar layout
• Standard Dictionary
• Factorized

•Tensors
• Dense (Row/Col Major)
• COO
• Compressed



Semi-Ring Dictionaries
One collection to rule them all

• Relations
• Bag{T}   = Dict{T, Int}
• Set{T}   = Dict{T, Bool}

• Nested Relations
• Bag{Bag{T}}  = Dict{Dict{T, Int}, Int}
• Set{Set{T}}  = Dict{Dict{T, Bool}, Bool}

• Tensors
• SparseVector{T} = Dict{Int, T}
• SparseMatrixCOO{T} = Dict{(Int, Int), T}
• SparseMatrixTrie{T} = Dict{Int, Dict{Int, T}}
• DenseVector{T} = Dict{DInt, T}
• DenseMatrix{T} = Dict{DInt, Dict{DInt, T}}
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Experimental Results
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Competitive with (or better than) specialized systems 

DB LA
DB  +  LA
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SIGMOD’23



Tensors
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Sparse Tensors
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Sparsification

Adjacency
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Sparse Matrix as Relation
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0 1 2 3 4 5
0 5 1
1 7 3
2
3 8 4 9

Row Col Val
0 0 5
0 1 1
1 0 7
1 1 3
3 0 8
3 3 4
3 4 9

SELECT A.row, B.col, 
       SUM(A.val*B.val)
FROM A, B
WHERE A.col = B.row
GROUP BY A.row, B.col

𝐶!" =%
#

𝐴!#𝐵#"A



Are Database Engines Competitive?
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No, because they do not support optimized 
storage formats for sparse tensors



Sparse Storage Formats
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Chou, Stephen, Fredrik Kjolstad, and Saman Amarasinghe. 
"Format abstraction for sparse tensor algebra compilers.”, OOPSLA’18



Flexible Storage Formats in SDQLite
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Tensor Computation
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sum(<(i,j),A_v> in A, 
 <(j,k),B_v> in B)
  { (i,k) -> A_v*B_v }

Tensor 
Computation

Storage 
Specification
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Storage Specification
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size 4
pos 0 2 4 4 4 7
cols 0 1 0 1 0 3 4
vals 5 1 7 3 8 4 9

sum(<r,_> in 0:size) 
  sum(<i,c> in cols(pos(r):pos(r+1)))
      { (r,c) -> vals(i) }

0 1 2 3 4 5
0 5 1
1 7 3
2
3 8 4 9

Tensor 
Computation

Storage 
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Q
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SD
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Cost 
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Computation+Storage
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Inefficient

let A = 
 sum(<r,_> in 0:A_size) 
  sum(<i,c> in A_cols(A_pos(r):A_pos(r+1)))
      { (r,c) -> A_vals(i) } in
let B = 
 sum(<r,_> in 0:B_size) 
  sum(<i,c> in B_cols(B_pos(r):B_pos(r+1)))
      { (r,c) -> B_vals(i) } in
sum(<(i,j),A_v> in A, <(j,k),B_v> in B)
  { (i,k) -> A_v*B_v }



Rewrite Rules
• We have 44 rewrite rules
• Loop Fusion

• Factorization
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let A = 
 sum(<k1,v1> in D)
  { k1 -> f(k1,v1) } in
sum(<k2,v2> in A)
 g(k2,v2)

sum(<k1,v1> in D)
 let v2 = f(k1,v1) in
 g(k1,v2)

sum(<k,v> in A)
 e * f(k,v)

e * sum(<k,v> in A)
     f(k,v)



Equality Saturation

• E-graph: Compressed representation of Search Space
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Performance Results
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CGO’24



Gradient Descent Based Algorithms
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Derivative of a function

Source: https://hackernoon.com 

Repeat until converges {

  𝜃! = 𝜃! − 𝛼
"
"# 𝑓(𝜃!)

}



Automatic Differentiation (AD)
• Differentiable Programming
• A systematic approach for computing the 
derivative of a function 

• Functions represented as programs
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𝑓:	ℝ! → ℝ" #$
#%
: ℝ! → ℝ"×!



AD in a Nutshell

52

Source-to-Source Forward-Mode AD

DT JT1 ) T2K = DT JT1K ) DT JT2K

DT JArray<M>K = Array<DT JMK>

DT JM1 ⇥ M2K = DT JM1K ⇥ DT JM2K

DT JNumK = Num ⇥ Num

! (Dual Number!)
Original ⇥ Tangent

12 / 35
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Sparse Differentiation
• Tensor Libraries: TensorFlow, PyTorch

• Functional languages: Diff#, dF~
• Support for Dense Tensors
• Lack of Support for Sparse Tensors

• Cryptic runtime errors
• Not expressive enough
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term = lambda V1: tensordot(V1, V2, 1)
dTerm = jacobian(term, V1)



Challenges for Sparse Differentiation
• Differentiated functions require control-flow 
constructs / User-Defined Functions
• Beyond tensor algebra

• Sparse tensor programs are complicated
• Imperative loopy code (co-iteration)
• Data formats (CSR, CSC, CSF)
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Imperative Loops in Sparse TA
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Fredrik Kjolstad et al. 
"The Tensor Algebra Compiler”, OOPSLA’17



Sparse Storage Formats
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Chou, Stephen, Fredrik Kjolstad, and Saman Amarasinghe. 
"Format abstraction for sparse tensor algebra compilers.”, OOPSLA’18



Our solution: Separation of Concerns
•Logical SDQL

• Tensor algebra + more
• AD friendly

•Physical SDQL
• Sparse storage formats
• Efficient
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Logical SDQL
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%
!

𝐴!𝐵!

sum(<i,a> in A) a * B(i)



AD in Logical SDQL
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𝜕 ∑! 𝐴!𝐵!
𝜕𝐵

gradient  (sum(<i,a> in A) a * B(i)) B



AD in Logical SDQL (cont.)
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AD in Logical SDQL (cont.)
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gradient  (sum(<i,a> in A) a * B(i)) B

let A’ = {} in
let B’ = sum(<i,_> in B) {i -> {i -> 1}} in
sum(<i, a> in A)
  let <i’, a’> = <{}, A’(i)> in
  a * B’(i) + a’ * B(i)

Tensorized AD

Optimizations

sum(<i, a> in A) { i -> a }



Optimizations in Logical SDQL
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let A’ = {} in
let B’ = sum(<i,_> in B) {i -> {i -> 1}} in
sum(<i, a> in A)
  let <i’, a’> = <{}, A’(i)> in
  a * B’(i) + a’ * B(i)

let B’ = sum(<i,_> in B) {i -> {i -> 1}} in
sum(<i, a> in A)
  let <i’, a’> = <{}, {}> in
  a * B’(i) + a’ * B(i)



Optimizations in Logical SDQL (cont.)
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let B’ = sum(<i,_> in B) {i -> {i -> 1}} in
sum(<i, a> in A)
  let <i’, a’> = <{}, {}> in
  a * B’(i) + a’ * B(i)

let B’ = sum(<i,_> in B) {i -> {i -> 1}} in
sum(<i, a> in A)
  a * B’(i) + {} * B(i)



Optimizations in Logical SDQL (cont.)
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let B’ = sum(<i,_> in B) {i -> {i -> 1}} in
sum(<i, a> in A)
  a * B’(i)

sum(<i, a> in A)
  a * {i -> 1}



Physical SDQL == SDQLite
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Performance Results
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Scales to larger sizes



IMPLEMENTATION
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Compiler v1 [OOPSLA’22]
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Towards Eq-Sat-Based Compiler
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SDQL

Opt. SDQL

EqSat-based 
Compiler



Challenges with Equality Saturation
• Scalability
• Variable binding

• Scalability
• Associativity/Commutativity

• Scalability
• One directional rules

• Scalability
• Search space is BIG!

• Analysis
• Cardinality estimation
• Cost estimation
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Variable binding
• De bruijn indexing
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Hybrid Compiler
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SDQL

Opt. SDQL

Hybrid 
Compiler



Compiler v2 [SIGMOD’23]

73

SDQLite
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7

Thank you Remy!



Compiler v3 [CGO’24]
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Challenges with EqSat
• Scalability
• DB/PL/ML ideas
• For Reverse-mode AD, limited use of EqSat

• Analysis
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CURRENT WORK
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ML for Dictionary Tuning
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Recursive Queries
• Datalog → TempoDL → SDQL + Recursion
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Advanced Joins in SDQL
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Quantum Simulation in SDQL
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Conclusion
• Data science is a double-edged sword!
• Radical rethinking of data science pipelines
• Language design
• SDQL (Semi-ring Dictionary)
• TempoDL (Low-Level Datalog) [SIGMOD’24]
• TondIR (Python to SQL) [ICDE’24]
• STUR (Structured Tensor Algebra) [OOPSLA’23]
• BTL (Probablistic Language) [CC’23]

• Leverage structure
• Optimize across pipeline
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Thank you



BACKUP
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Vertical Loop Fusion
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Horizontal Loop Fusion
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Loop Factorization
• Scalars

• Dictionaries
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Other Approaches

86


