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Column at a time Processing

• Postgres is a tuple at a time kernel

• High interpretation overhead

• Hard to parallelize

• MonetDB is a column at a time kernel

• Overhead amortized over many tuples/values

• Easy to parallelize

Ramdisk does not
impact performance
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The Performance Engineering Deluge

Branch-Free Selections, Radix-Joins,   Vectorized Processing,   

Archit ecture-Conscious Hashing,   SIMD-Parallel Processing,   

Bitwise Processing,   NUMA-Aware Processing,   

Superscalar (De)compression,   Instruction-Cache Aware 

Processing, Multicore-Parallelism, Co-Processing, …
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Multicore-Parallelism using TBB

1 input := Load("input") // Single Column: val
2 ids := Range(input)
3 partitionSize := 1024
4 partitionIDs := Divide(ids, partitionSize)
5 positions := Partition(partitionIDs)
6 inputWPart := Zip(input, partition)
7 partInput := Scatter(inputWPart, positions)
8 pSum := FoldSum(partInput.val, partInput.partition)
9 totalSum := FoldSum(pSum)

Figure 3: Multithreaded Hiearchical Aggregation in Voodoo

1 3,4c3,4
2 < partitionSize := 1024

3 < partitionIDs := Divide(ids, partitionSize)
4 ---
5 > laneCount := 4

6 > partitionIDs := Modulo(ids, laneCount)

Figure 4: Multithreading to SIMD in Voodoo (textual di↵)

for several di↵erent hardware platforms through just a few
modifications of control vectors in programs.

We structure the rest of this paper around the architecture
of Voodoo (shown in Figure 2): after a brief discussion of
the our design goals in the rest of this section we present the
Voodoo algebra that we use to encode query plans in Sec-
tion 2. Section 3 is dedicated to an in-depth discussion of the
backends (Interpretation and OpenCL). In Section 4 we de-
scribe how we integrated the Voodoo kernel with MonetDB
to accelerate the query processing engine. We evaluate the
complete system in Section 5, discuss relevant related work
in Section 6 and conclude in Section 7.

2. THE VOODOO ALGEBRA
To introduce the Voodoo algebra, let us start with an ex-

ample that illustrates its key features and our design prin-
ciples. After that, we go on to present Voodoo’s data model
and operators in more detail.

Figure 3 shows a Voodoo program to perform a simple hi-
erarchical summation, where data is first partially summed
on N processors, and then the N partial aggregates are them-
selves summed. In this code sample, we use a textual rep-
resentation in Static single assignment form for readability
(in our actual implementation, we use an DAG-based plan
representation rather than a textual format like this). Line
1 loads an input vector with a single column “val”. Line
2 creates a vector of ids, ranging from 1 . . . |input|. Line 3
and 4 create a vector that maps each tuple to a partition
by integer-dividing it by the partitionSize: in the example
a partition is 1024 tuples. Line 5 computes the output po-
sition for each tuple, based on its partition. Line 6 attaches
the generated partition ids to the input tuples. Line 7 parti-
tions the input according to the positions computed in line 5
(note that this partitioning is purely logical – meaning it just
causes the generated code to loop over the specified number
of partitions – unless explicitly materialized). Finally, line 8
performs the per-partition aggregation, and line 9 performs
the global aggregation.

This example illustrates several key properties of Voodoo
and how they enable portability and performance.

Vector Oriented: The algebra consists of a small set
of compact vector operations like Scatter and FoldSum,

1 auto input = load("input");
2 auto totalssum =
3 parallel_deterministic_reduce(
4 blocked_range<size_t>(0, input.size,
5 input.size / 1024),
6 0, [&input](auto& range, auto partsum) {
7 for(size_t i = range.begin();
8 i < range.end(); i++) {
9 partsum += input.elements[i].constant;

10 }
11 return partsum;
12 },
13 [](auto s1, auto s2) { return s1 + s2; });

Figure 5: Multithreaded Hiearchical Aggregation using TBB

1 auto input = load("input");
2 typedef int v4i __attribute__((vector_size(16)));
3 auto vSize = (sizeof(v4i) / sizeof(int));
4 v4i sums = {};
5 for(size_t i = 0; i < input.size / vSize; i++) {
6 sums += ((v4i*)input.elements)[i];
7 }
8 int* scalarSums = (int*)&sums;
9 auto totalsum = 0l;

10 for(size_t i = 0; i < 4; i++) {
11 totalsum += scalarSums[i];
12 }

Figure 6: Hiearchical Aggregation using SIMD Intrinsics

which naturally parallelize on modern architectures. Vector
instructions operate on groups of records instead of individ-
ual records. Vector instructions enable both portability and
performance, as they can be parallelized on many hardware
platforms while also yielding to straightforward implemen-
tations on any hardware platform. The specific operators in
the algebra were chosen to be familiar to programmers of
vector machines, SIMD instruction sets, and functional lan-
guages, and expressive enough to caputure a wide variety
of new and previously proposed techniques for optimizing
main-memory analytics. For example, in addition to the ex-
ample in Figure 4, Voodoo is expressive enough to capture
the di↵erent implementations shown in Figure 1, and com-
pact enough that each implementation is just a few lines of
code.
Declarative: Voodoo describes dataflow rather explicit

behaviour. In particular, the operators only define how the
output depends on the inputs – not how the outputs are
produced. This allows Voodoo to, e.g., implement lane-
wise parallelism (as in FoldSum) using SIMD-instructions
on CPUs and work-groups/warps on GPUs (which are con-
ceptually very similar). This declarative property is also
important for portability in Voodoo, as operators don’t de-
scribe specific properties of hardware that they rely on.
This declarative property also makes the program shorter

and simpler than the equivalent C++ program using, e.g.,
Intel’s Threading Building Blocks (see Figure 5) while pro-
viding equivalent expressive power. Simplicity arises be-
cause it depends only on vector transformations. In con-
trast, TBB involves blocked ranges (line 4), functional
lambdas (lines 6 and 13) using lexical scoping and a reducer
(line 13) plus significant boilerplate.
Being declarative also means that the operators and inter-

mediate vectors in a Voodoo program will often not actually

3
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• Global 
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1 input := Load("input") // Single Column: val
2 ids := Range(input)
3 partitionSize := 1024
4 partitionIDs := Divide(ids, partitionSize)
5 positions := Partition(partitionIDs)
6 inputWPart := Zip(input, partition)
7 partInput := Scatter(inputWPart, positions)
8 pSum := FoldSum(partInput.val, partInput.partition)
9 totalSum := FoldSum(pSum)

Figure 3: Multithreaded Hiearchical Aggregation in Voodoo
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4 ---
5 > laneCount := 4
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Figure 4: Multithreading to SIMD in Voodoo (textual di↵)

for several di↵erent hardware platforms through just a few
modifications of control vectors in programs.

We structure the rest of this paper around the architecture
of Voodoo (shown in Figure 2): after a brief discussion of
the our design goals in the rest of this section we present the
Voodoo algebra that we use to encode query plans in Sec-
tion 2. Section 3 is dedicated to an in-depth discussion of the
backends (Interpretation and OpenCL). In Section 4 we de-
scribe how we integrated the Voodoo kernel with MonetDB
to accelerate the query processing engine. We evaluate the
complete system in Section 5, discuss relevant related work
in Section 6 and conclude in Section 7.

2. THE VOODOO ALGEBRA
To introduce the Voodoo algebra, let us start with an ex-

ample that illustrates its key features and our design prin-
ciples. After that, we go on to present Voodoo’s data model
and operators in more detail.

Figure 3 shows a Voodoo program to perform a simple hi-
erarchical summation, where data is first partially summed
on N processors, and then the N partial aggregates are them-
selves summed. In this code sample, we use a textual rep-
resentation in Static single assignment form for readability
(in our actual implementation, we use an DAG-based plan
representation rather than a textual format like this). Line
1 loads an input vector with a single column “val”. Line
2 creates a vector of ids, ranging from 1 . . . |input|. Line 3
and 4 create a vector that maps each tuple to a partition
by integer-dividing it by the partitionSize: in the example
a partition is 1024 tuples. Line 5 computes the output po-
sition for each tuple, based on its partition. Line 6 attaches
the generated partition ids to the input tuples. Line 7 parti-
tions the input according to the positions computed in line 5
(note that this partitioning is purely logical – meaning it just
causes the generated code to loop over the specified number
of partitions – unless explicitly materialized). Finally, line 8
performs the per-partition aggregation, and line 9 performs
the global aggregation.

This example illustrates several key properties of Voodoo
and how they enable portability and performance.

Vector Oriented: The algebra consists of a small set
of compact vector operations like Scatter and FoldSum,

1 auto input = load("input");
2 auto totalssum =
3 parallel_deterministic_reduce(
4 blocked_range<size_t>(0, input.size,
5 input.size / 1024),
6 0, [&input](auto& range, auto partsum) {
7 for(size_t i = range.begin();
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which naturally parallelize on modern architectures. Vector
instructions operate on groups of records instead of individ-
ual records. Vector instructions enable both portability and
performance, as they can be parallelized on many hardware
platforms while also yielding to straightforward implemen-
tations on any hardware platform. The specific operators in
the algebra were chosen to be familiar to programmers of
vector machines, SIMD instruction sets, and functional lan-
guages, and expressive enough to caputure a wide variety
of new and previously proposed techniques for optimizing
main-memory analytics. For example, in addition to the ex-
ample in Figure 4, Voodoo is expressive enough to capture
the di↵erent implementations shown in Figure 1, and com-
pact enough that each implementation is just a few lines of
code.
Declarative: Voodoo describes dataflow rather explicit

behaviour. In particular, the operators only define how the
output depends on the inputs – not how the outputs are
produced. This allows Voodoo to, e.g., implement lane-
wise parallelism (as in FoldSum) using SIMD-instructions
on CPUs and work-groups/warps on GPUs (which are con-
ceptually very similar). This declarative property is also
important for portability in Voodoo, as operators don’t de-
scribe specific properties of hardware that they rely on.
This declarative property also makes the program shorter

and simpler than the equivalent C++ program using, e.g.,
Intel’s Threading Building Blocks (see Figure 5) while pro-
viding equivalent expressive power. Simplicity arises be-
cause it depends only on vector transformations. In con-
trast, TBB involves blocked ranges (line 4), functional
lambdas (lines 6 and 13) using lexical scoping and a reducer
(line 13) plus significant boilerplate.
Being declarative also means that the operators and inter-

mediate vectors in a Voodoo program will often not actually
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A data processing example using SIMD

1 input := Load("input") // Single Column: val
2 ids := Range(input)
3 partitionSize := 1024
4 partitionIDs := Divide(ids, partitionSize)
5 positions := Partition(partitionIDs)
6 inputWPart := Zip(input, partition)
7 partInput := Scatter(inputWPart, positions)
8 pSum := FoldSum(partInput.val, partInput.partition)
9 totalSum := FoldSum(pSum)

Figure 3: Multithreaded Hiearchical Aggregation in Voodoo

1 3,4c3,4
2 < partitionSize := 1024

3 < partitionIDs := Divide(ids, partitionSize)
4 ---
5 > laneCount := 4

6 > partitionIDs := Modulo(ids, laneCount)

Figure 4: Multithreading to SIMD in Voodoo (textual di↵)

for several di↵erent hardware platforms through just a few
modifications of control vectors in programs.

We structure the rest of this paper around the architecture
of Voodoo (shown in Figure 2): after a brief discussion of
the our design goals in the rest of this section we present the
Voodoo algebra that we use to encode query plans in Sec-
tion 2. Section 3 is dedicated to an in-depth discussion of the
backends (Interpretation and OpenCL). In Section 4 we de-
scribe how we integrated the Voodoo kernel with MonetDB
to accelerate the query processing engine. We evaluate the
complete system in Section 5, discuss relevant related work
in Section 6 and conclude in Section 7.

2. THE VOODOO ALGEBRA
To introduce the Voodoo algebra, let us start with an ex-

ample that illustrates its key features and our design prin-
ciples. After that, we go on to present Voodoo’s data model
and operators in more detail.

Figure 3 shows a Voodoo program to perform a simple hi-
erarchical summation, where data is first partially summed
on N processors, and then the N partial aggregates are them-
selves summed. In this code sample, we use a textual rep-
resentation in Static single assignment form for readability
(in our actual implementation, we use an DAG-based plan
representation rather than a textual format like this). Line
1 loads an input vector with a single column “val”. Line
2 creates a vector of ids, ranging from 1 . . . |input|. Line 3
and 4 create a vector that maps each tuple to a partition
by integer-dividing it by the partitionSize: in the example
a partition is 1024 tuples. Line 5 computes the output po-
sition for each tuple, based on its partition. Line 6 attaches
the generated partition ids to the input tuples. Line 7 parti-
tions the input according to the positions computed in line 5
(note that this partitioning is purely logical – meaning it just
causes the generated code to loop over the specified number
of partitions – unless explicitly materialized). Finally, line 8
performs the per-partition aggregation, and line 9 performs
the global aggregation.

This example illustrates several key properties of Voodoo
and how they enable portability and performance.

Vector Oriented: The algebra consists of a small set
of compact vector operations like Scatter and FoldSum,

1 auto input = load("input");
2 auto totalssum =
3 parallel_deterministic_reduce(
4 blocked_range<size_t>(0, input.size,
5 input.size / 1024),
6 0, [&input](auto& range, auto partsum) {
7 for(size_t i = range.begin();
8 i < range.end(); i++) {
9 partsum += input.elements[i].constant;
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11 return partsum;
12 },
13 [](auto s1, auto s2) { return s1 + s2; });

Figure 5: Multithreaded Hiearchical Aggregation using TBB

1 auto input = load("input");
2 typedef int v4i __attribute__((vector_size(16)));
3 auto vSize = (sizeof(v4i) / sizeof(int));
4 v4i sums = {};
5 for(size_t i = 0; i < input.size / vSize; i++) {
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7 }
8 int* scalarSums = (int*)&sums;
9 auto totalsum = 0l;

10 for(size_t i = 0; i < 4; i++) {
11 totalsum += scalarSums[i];
12 }

Figure 6: Hiearchical Aggregation using SIMD Intrinsics

which naturally parallelize on modern architectures. Vector
instructions operate on groups of records instead of individ-
ual records. Vector instructions enable both portability and
performance, as they can be parallelized on many hardware
platforms while also yielding to straightforward implemen-
tations on any hardware platform. The specific operators in
the algebra were chosen to be familiar to programmers of
vector machines, SIMD instruction sets, and functional lan-
guages, and expressive enough to caputure a wide variety
of new and previously proposed techniques for optimizing
main-memory analytics. For example, in addition to the ex-
ample in Figure 4, Voodoo is expressive enough to capture
the di↵erent implementations shown in Figure 1, and com-
pact enough that each implementation is just a few lines of
code.
Declarative: Voodoo describes dataflow rather explicit

behaviour. In particular, the operators only define how the
output depends on the inputs – not how the outputs are
produced. This allows Voodoo to, e.g., implement lane-
wise parallelism (as in FoldSum) using SIMD-instructions
on CPUs and work-groups/warps on GPUs (which are con-
ceptually very similar). This declarative property is also
important for portability in Voodoo, as operators don’t de-
scribe specific properties of hardware that they rely on.
This declarative property also makes the program shorter

and simpler than the equivalent C++ program using, e.g.,
Intel’s Threading Building Blocks (see Figure 5) while pro-
viding equivalent expressive power. Simplicity arises be-
cause it depends only on vector transformations. In con-
trast, TBB involves blocked ranges (line 4), functional
lambdas (lines 6 and 13) using lexical scoping and a reducer
(line 13) plus significant boilerplate.
Being declarative also means that the operators and inter-

mediate vectors in a Voodoo program will often not actually
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A portable high-performance database kernel 

A platform for database performance engineering

A Vector Algebra

[VLDB 2016/17]



The Voodoo Vector Algebra



Design goals

• Fast and expressive like C

• Optimizable like relational algebra

• Portable to different devices

• (Enable serendipitous discovery of new optimizations)



Design goals

• Fast and expressive like C

• Optimizable like relational algebra

• Portable to different devices

• All tuning decisions are explicit in the program

• Focused on data processing

• Dataflow ⇒ Optimization are graph transformation rules

• Least common denominator data model and operator set



Data model: the least common 
denominator of targeted hardware

• struct {int id;  
        struct {  
           int x;  
           int y  
        } position;  
       } poi[n]

id pos.x pos.y

15 7 9

21 4 5

11 10 14

92 7 1

78 45 12

65 0 12



All Voodoo operators are parallel, 
some are controlled

• Map-like (Fully Data Parallel): 

• Project, Zip, Arithmetic, Logical, Bit 
Operations, Gather (i.e., z = x[y]), 
Cross

• Controlled: 

•FoldSelect, FoldSum, FoldMax, FoldScan, 
Scatter (i.e, x[y] = z), …



A short revision on fold

• Fold(f, [8,9,5,7,0,5,7,4,5])
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Controlled folding - declarative & tunable
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Controlled folding - declarative & tunable
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Creating Control Vectors
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1 input := Load("input") // Single Column: val
2 ids := Range(input)
3 partitionSize := Constant(1024)
4 partitionIDs := Divide(ids, partitionSize)
5 positions := Partition(partitionIDs)
6 inputWPart := Zip(input, partition)
7 partInput := Scatter(inputWPart, positions)
8 pSum := FoldSum(partInput.val, partInput.partition)
9 totalSum := FoldSum(pSum)

Figure 3: Multithreaded Hiearchical Aggregation in Voodoo

1 3,4c3,4
2 < partitionSize := 1024

3 < partitionIDs := Divide(ids, partitionSize)
4 ---
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Voodoo algebra that we use to encode query plans in Sec-
tion 2. Section 3 is dedicated to an in-depth discussion of the
backends (Interpretation and OpenCL). In Section 4 we de-
scribe how we integrated the Voodoo kernel with MonetDB
to accelerate the query processing engine. We evaluate the
complete system in Section 5, discuss relevant related work
in Section 6 and conclude in Section 7.

2. THE VOODOO ALGEBRA
To introduce the Voodoo algebra, let us start with an ex-

ample that illustrates its key features and our design prin-
ciples. After that, we go on to present Voodoo’s data model
and operators in more detail.

Figure 3 shows a Voodoo program to perform a simple hi-
erarchical summation, where data is first partially summed
on N processors, and then the N partial aggregates are them-
selves summed. In this code sample, we use a textual rep-
resentation in Static single assignment form for readability
(in our actual implementation, we use an DAG-based plan
representation rather than a textual format like this). Line
1 loads an input vector with a single column “val”. Line
2 creates a vector of ids, ranging from 1 . . . |input|. Line 3
and 4 create a vector that maps each tuple to a partition
by integer-dividing it by the partitionSize: in the example
a partition is 1024 tuples. Line 5 computes the output po-
sition for each tuple, based on its partition. Line 6 attaches
the generated partition ids to the input tuples. Line 7 parti-
tions the input according to the positions computed in line 5
(note that this partitioning is purely logical – meaning it just
causes the generated code to loop over the specified number
of partitions – unless explicitly materialized). Finally, line 8
performs the per-partition aggregation, and line 9 performs
the global aggregation.

This example illustrates several key properties of Voodoo
and how they enable portability and performance.

Vector Oriented: The algebra consists of a small set
of compact vector operations like Scatter and FoldSum,
which naturally parallelize on modern architectures. Vector
instructions operate on groups of records instead of individ-
ual records. Vector instructions enable both portability and
performance, as they can be parallelized on many hardware
platforms while also yielding to straightforward implemen-

1 auto input = load("input");
2 auto totalssum =
3 parallel_deterministic_reduce(
4 blocked_range<size_t>(0, input.size,
5 input.size / 1024),
6 0, [&input](auto& range, auto partsum) {
7 for(size_t i = range.begin();
8 i < range.end(); i++) {
9 partsum += input.elements[i].constant;

10 }
11 return partsum;
12 },
13 [](auto s1, auto s2) { return s1 + s2; });
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1 auto input = load("input");
2 typedef int v4i __attribute__((vector_size(16)));
3 auto vSize = (sizeof(v4i) / sizeof(int));
4 v4i sums = {};
5 for(size_t i = 0; i < input.size / vSize; i++) {
6 sums += ((v4i*)input.elements)[i];
7 }
8 int* scalarSums = (int*)&sums;
9 auto totalsum = 0l;

10 for(size_t i = 0; i < 4; i++) {
11 totalsum += scalarSums[i];
12 }
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tations on any hardware platform. The specific operators in
the algebra were chosen to be familiar to programmers of
vector machines, SIMD instruction sets, and functional lan-
guages, and expressive enough to caputure a wide variety
of new and previously proposed techniques for optimizing
main-memory analytics. For example, in addition to the ex-
ample in Figure 4, Voodoo is expressive enough to capture
the di↵erent implementations shown in Figure 1, and com-
pact enough that each implementation is just a few lines of
code.
Declarative: Voodoo describes dataflow rather explicit

behaviour. In particular, the operators only define how the
output depends on the inputs – not how the outputs are
produced. This allows Voodoo to, e.g., implement lane-
wise parallelism (as in FoldSum) using SIMD-instructions
on CPUs and work-groups/warps on GPUs (which are con-
ceptually very similar). This declarative property is also
important for portability in Voodoo, as operators don’t de-
scribe specific properties of hardware that they rely on.
This declarative property also makes the program shorter

and simpler than the equivalent C++ program using, e.g.,
Intel’s Threading Building Blocks (see Figure 5) while pro-
viding equivalent expressive power. Simplicity arises be-
cause it depends only on vector transformations. In con-
trast, TBB involves blocked ranges (line 4), functional
lambdas (lines 6 and 13) using lexical scoping and a reducer
(line 13) plus significant boilerplate.
Being declarative also means that the operators and inter-

mediate vectors in a Voodoo program will often not actually
be materialized. For example, in the program in Figure 4,
most of the vectors (except input, parts, and total) are
never stored. These vectors are simply used to control the
degree of parallelism in the generated code, as described in
Section 3.2 below.
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Voodoo algebra that we use to encode query plans in Sec-
tion 2. Section 3 is dedicated to an in-depth discussion of the
backends (Interpretation and OpenCL). In Section 4 we de-
scribe how we integrated the Voodoo kernel with MonetDB
to accelerate the query processing engine. We evaluate the
complete system in Section 5, discuss relevant related work
in Section 6 and conclude in Section 7.
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performs the per-partition aggregation, and line 9 performs
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instructions operate on groups of records instead of individ-
ual records. Vector instructions enable both portability and
performance, as they can be parallelized on many hardware
platforms while also yielding to straightforward implemen-
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tations on any hardware platform. The specific operators in
the algebra were chosen to be familiar to programmers of
vector machines, SIMD instruction sets, and functional lan-
guages, and expressive enough to caputure a wide variety
of new and previously proposed techniques for optimizing
main-memory analytics. For example, in addition to the ex-
ample in Figure 4, Voodoo is expressive enough to capture
the di↵erent implementations shown in Figure 1, and com-
pact enough that each implementation is just a few lines of
code.
Declarative: Voodoo describes dataflow rather explicit

behaviour. In particular, the operators only define how the
output depends on the inputs – not how the outputs are
produced. This allows Voodoo to, e.g., implement lane-
wise parallelism (as in FoldSum) using SIMD-instructions
on CPUs and work-groups/warps on GPUs (which are con-
ceptually very similar). This declarative property is also
important for portability in Voodoo, as operators don’t de-
scribe specific properties of hardware that they rely on.
This declarative property also makes the program shorter

and simpler than the equivalent C++ program using, e.g.,
Intel’s Threading Building Blocks (see Figure 5) while pro-
viding equivalent expressive power. Simplicity arises be-
cause it depends only on vector transformations. In con-
trast, TBB involves blocked ranges (line 4), functional
lambdas (lines 6 and 13) using lexical scoping and a reducer
(line 13) plus significant boilerplate.
Being declarative also means that the operators and inter-

mediate vectors in a Voodoo program will often not actually
be materialized. For example, in the program in Figure 4,
most of the vectors (except input, parts, and total) are
never stored. These vectors are simply used to control the
degree of parallelism in the generated code, as described in
Section 3.2 below.

3

1 input := Load("input") // Single Column: val
2 ids := Range(input)
3 partitionSize := Constant(1024)
4 partitionIDs := Divide(ids, partitionSize)
5 positions := Partition(partitionIDs)
6 inputWPart := Zip(input, partition)
7 partInput := Scatter(inputWPart, positions)
8 pSum := FoldSum(partInput.val, partInput.partition)
9 totalSum := FoldSum(pSum)

Figure 3: Multithreaded Hiearchical Aggregation in Voodoo

1 3,4c3,4
2 < partitionSize := 1024

3 < partitionIDs := Divide(ids, partitionSize)
4 ---
5 > laneCount := 2

6 > partitionIDs := Modulo(ids, laneCount)

Figure 4: Multithreading to SIMD in Voodoo (textual di↵)

Voodoo algebra that we use to encode query plans in Sec-
tion 2. Section 3 is dedicated to an in-depth discussion of the
backends (Interpretation and OpenCL). In Section 4 we de-
scribe how we integrated the Voodoo kernel with MonetDB
to accelerate the query processing engine. We evaluate the
complete system in Section 5, discuss relevant related work
in Section 6 and conclude in Section 7.

2. THE VOODOO ALGEBRA
To introduce the Voodoo algebra, let us start with an ex-
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ciples. After that, we go on to present Voodoo’s data model
and operators in more detail.
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on N processors, and then the N partial aggregates are them-
selves summed. In this code sample, we use a textual rep-
resentation in Static single assignment form for readability
(in our actual implementation, we use an DAG-based plan
representation rather than a textual format like this). Line
1 loads an input vector with a single column “val”. Line
2 creates a vector of ids, ranging from 1 . . . |input|. Line 3
and 4 create a vector that maps each tuple to a partition
by integer-dividing it by the partitionSize: in the example
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sition for each tuple, based on its partition. Line 6 attaches
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tions the input according to the positions computed in line 5
(note that this partitioning is purely logical – meaning it just
causes the generated code to loop over the specified number
of partitions – unless explicitly materialized). Finally, line 8
performs the per-partition aggregation, and line 9 performs
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This example illustrates several key properties of Voodoo
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Vector Oriented: The algebra consists of a small set
of compact vector operations like Scatter and FoldSum,
which naturally parallelize on modern architectures. Vector
instructions operate on groups of records instead of individ-
ual records. Vector instructions enable both portability and
performance, as they can be parallelized on many hardware
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tations on any hardware platform. The specific operators in
the algebra were chosen to be familiar to programmers of
vector machines, SIMD instruction sets, and functional lan-
guages, and expressive enough to caputure a wide variety
of new and previously proposed techniques for optimizing
main-memory analytics. For example, in addition to the ex-
ample in Figure 4, Voodoo is expressive enough to capture
the di↵erent implementations shown in Figure 1, and com-
pact enough that each implementation is just a few lines of
code.
Declarative: Voodoo describes dataflow rather explicit

behaviour. In particular, the operators only define how the
output depends on the inputs – not how the outputs are
produced. This allows Voodoo to, e.g., implement lane-
wise parallelism (as in FoldSum) using SIMD-instructions
on CPUs and work-groups/warps on GPUs (which are con-
ceptually very similar). This declarative property is also
important for portability in Voodoo, as operators don’t de-
scribe specific properties of hardware that they rely on.
This declarative property also makes the program shorter

and simpler than the equivalent C++ program using, e.g.,
Intel’s Threading Building Blocks (see Figure 5) while pro-
viding equivalent expressive power. Simplicity arises be-
cause it depends only on vector transformations. In con-
trast, TBB involves blocked ranges (line 4), functional
lambdas (lines 6 and 13) using lexical scoping and a reducer
(line 13) plus significant boilerplate.
Being declarative also means that the operators and inter-

mediate vectors in a Voodoo program will often not actually
be materialized. For example, in the program in Figure 4,
most of the vectors (except input, parts, and total) are
never stored. These vectors are simply used to control the
degree of parallelism in the generated code, as described in
Section 3.2 below.
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Voodoo algebra that we use to encode query plans in Sec-
tion 2. Section 3 is dedicated to an in-depth discussion of the
backends (Interpretation and OpenCL). In Section 4 we de-
scribe how we integrated the Voodoo kernel with MonetDB
to accelerate the query processing engine. We evaluate the
complete system in Section 5, discuss relevant related work
in Section 6 and conclude in Section 7.

2. THE VOODOO ALGEBRA
To introduce the Voodoo algebra, let us start with an ex-

ample that illustrates its key features and our design prin-
ciples. After that, we go on to present Voodoo’s data model
and operators in more detail.

Figure 3 shows a Voodoo program to perform a simple hi-
erarchical summation, where data is first partially summed
on N processors, and then the N partial aggregates are them-
selves summed. In this code sample, we use a textual rep-
resentation in Static single assignment form for readability
(in our actual implementation, we use an DAG-based plan
representation rather than a textual format like this). Line
1 loads an input vector with a single column “val”. Line
2 creates a vector of ids, ranging from 1 . . . |input|. Line 3
and 4 create a vector that maps each tuple to a partition
by integer-dividing it by the partitionSize: in the example
a partition is 1024 tuples. Line 5 computes the output po-
sition for each tuple, based on its partition. Line 6 attaches
the generated partition ids to the input tuples. Line 7 parti-
tions the input according to the positions computed in line 5
(note that this partitioning is purely logical – meaning it just
causes the generated code to loop over the specified number
of partitions – unless explicitly materialized). Finally, line 8
performs the per-partition aggregation, and line 9 performs
the global aggregation.

This example illustrates several key properties of Voodoo
and how they enable portability and performance.

Vector Oriented: The algebra consists of a small set
of compact vector operations like Scatter and FoldSum,
which naturally parallelize on modern architectures. Vector
instructions operate on groups of records instead of individ-
ual records. Vector instructions enable both portability and
performance, as they can be parallelized on many hardware
platforms while also yielding to straightforward implemen-

1 auto input = load("input");
2 auto totalssum =
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4 blocked_range<size_t>(0, input.size,
5 input.size / 1024),
6 0, [&input](auto& range, auto partsum) {
7 for(size_t i = range.begin();
8 i < range.end(); i++) {
9 partsum += input.elements[i].constant;

10 }
11 return partsum;
12 },
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5 for(size_t i = 0; i < input.size / vSize; i++) {
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tations on any hardware platform. The specific operators in
the algebra were chosen to be familiar to programmers of
vector machines, SIMD instruction sets, and functional lan-
guages, and expressive enough to caputure a wide variety
of new and previously proposed techniques for optimizing
main-memory analytics. For example, in addition to the ex-
ample in Figure 4, Voodoo is expressive enough to capture
the di↵erent implementations shown in Figure 1, and com-
pact enough that each implementation is just a few lines of
code.
Declarative: Voodoo describes dataflow rather explicit

behaviour. In particular, the operators only define how the
output depends on the inputs – not how the outputs are
produced. This allows Voodoo to, e.g., implement lane-
wise parallelism (as in FoldSum) using SIMD-instructions
on CPUs and work-groups/warps on GPUs (which are con-
ceptually very similar). This declarative property is also
important for portability in Voodoo, as operators don’t de-
scribe specific properties of hardware that they rely on.
This declarative property also makes the program shorter

and simpler than the equivalent C++ program using, e.g.,
Intel’s Threading Building Blocks (see Figure 5) while pro-
viding equivalent expressive power. Simplicity arises be-
cause it depends only on vector transformations. In con-
trast, TBB involves blocked ranges (line 4), functional
lambdas (lines 6 and 13) using lexical scoping and a reducer
(line 13) plus significant boilerplate.
Being declarative also means that the operators and inter-

mediate vectors in a Voodoo program will often not actually
be materialized. For example, in the program in Figure 4,
most of the vectors (except input, parts, and total) are
never stored. These vectors are simply used to control the
degree of parallelism in the generated code, as described in
Section 3.2 below.
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tion 2. Section 3 is dedicated to an in-depth discussion of the
backends (Interpretation and OpenCL). In Section 4 we de-
scribe how we integrated the Voodoo kernel with MonetDB
to accelerate the query processing engine. We evaluate the
complete system in Section 5, discuss relevant related work
in Section 6 and conclude in Section 7.
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ciples. After that, we go on to present Voodoo’s data model
and operators in more detail.
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on N processors, and then the N partial aggregates are them-
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resentation in Static single assignment form for readability
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representation rather than a textual format like this). Line
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2 creates a vector of ids, ranging from 1 . . . |input|. Line 3
and 4 create a vector that maps each tuple to a partition
by integer-dividing it by the partitionSize: in the example
a partition is 1024 tuples. Line 5 computes the output po-
sition for each tuple, based on its partition. Line 6 attaches
the generated partition ids to the input tuples. Line 7 parti-
tions the input according to the positions computed in line 5
(note that this partitioning is purely logical – meaning it just
causes the generated code to loop over the specified number
of partitions – unless explicitly materialized). Finally, line 8
performs the per-partition aggregation, and line 9 performs
the global aggregation.

This example illustrates several key properties of Voodoo
and how they enable portability and performance.

Vector Oriented: The algebra consists of a small set
of compact vector operations like Scatter and FoldSum,
which naturally parallelize on modern architectures. Vector
instructions operate on groups of records instead of individ-
ual records. Vector instructions enable both portability and
performance, as they can be parallelized on many hardware
platforms while also yielding to straightforward implemen-

1 auto input = load("input");
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5 input.size / 1024),
6 0, [&input](auto& range, auto partsum) {
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tations on any hardware platform. The specific operators in
the algebra were chosen to be familiar to programmers of
vector machines, SIMD instruction sets, and functional lan-
guages, and expressive enough to caputure a wide variety
of new and previously proposed techniques for optimizing
main-memory analytics. For example, in addition to the ex-
ample in Figure 4, Voodoo is expressive enough to capture
the di↵erent implementations shown in Figure 1, and com-
pact enough that each implementation is just a few lines of
code.
Declarative: Voodoo describes dataflow rather explicit

behaviour. In particular, the operators only define how the
output depends on the inputs – not how the outputs are
produced. This allows Voodoo to, e.g., implement lane-
wise parallelism (as in FoldSum) using SIMD-instructions
on CPUs and work-groups/warps on GPUs (which are con-
ceptually very similar). This declarative property is also
important for portability in Voodoo, as operators don’t de-
scribe specific properties of hardware that they rely on.
This declarative property also makes the program shorter

and simpler than the equivalent C++ program using, e.g.,
Intel’s Threading Building Blocks (see Figure 5) while pro-
viding equivalent expressive power. Simplicity arises be-
cause it depends only on vector transformations. In con-
trast, TBB involves blocked ranges (line 4), functional
lambdas (lines 6 and 13) using lexical scoping and a reducer
(line 13) plus significant boilerplate.
Being declarative also means that the operators and inter-

mediate vectors in a Voodoo program will often not actually
be materialized. For example, in the program in Figure 4,
most of the vectors (except input, parts, and total) are
never stored. These vectors are simply used to control the
degree of parallelism in the generated code, as described in
Section 3.2 below.
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Voodoo algebra that we use to encode query plans in Sec-
tion 2. Section 3 is dedicated to an in-depth discussion of the
backends (Interpretation and OpenCL). In Section 4 we de-
scribe how we integrated the Voodoo kernel with MonetDB
to accelerate the query processing engine. We evaluate the
complete system in Section 5, discuss relevant related work
in Section 6 and conclude in Section 7.

2. THE VOODOO ALGEBRA
To introduce the Voodoo algebra, let us start with an ex-

ample that illustrates its key features and our design prin-
ciples. After that, we go on to present Voodoo’s data model
and operators in more detail.

Figure 3 shows a Voodoo program to perform a simple hi-
erarchical summation, where data is first partially summed
on N processors, and then the N partial aggregates are them-
selves summed. In this code sample, we use a textual rep-
resentation in Static single assignment form for readability
(in our actual implementation, we use an DAG-based plan
representation rather than a textual format like this). Line
1 loads an input vector with a single column “val”. Line
2 creates a vector of ids, ranging from 1 . . . |input|. Line 3
and 4 create a vector that maps each tuple to a partition
by integer-dividing it by the partitionSize: in the example
a partition is 1024 tuples. Line 5 computes the output po-
sition for each tuple, based on its partition. Line 6 attaches
the generated partition ids to the input tuples. Line 7 parti-
tions the input according to the positions computed in line 5
(note that this partitioning is purely logical – meaning it just
causes the generated code to loop over the specified number
of partitions – unless explicitly materialized). Finally, line 8
performs the per-partition aggregation, and line 9 performs
the global aggregation.

This example illustrates several key properties of Voodoo
and how they enable portability and performance.

Vector Oriented: The algebra consists of a small set
of compact vector operations like Scatter and FoldSum,
which naturally parallelize on modern architectures. Vector
instructions operate on groups of records instead of individ-
ual records. Vector instructions enable both portability and
performance, as they can be parallelized on many hardware
platforms while also yielding to straightforward implemen-

1 auto input = load("input");
2 auto totalssum =
3 parallel_deterministic_reduce(
4 blocked_range<size_t>(0, input.size,
5 input.size / 1024),
6 0, [&input](auto& range, auto partsum) {
7 for(size_t i = range.begin();
8 i < range.end(); i++) {
9 partsum += input.elements[i].constant;

10 }
11 return partsum;
12 },
13 [](auto s1, auto s2) { return s1 + s2; });

Figure 5: Multithreaded Hiearchical Aggregation using TBB

1 auto input = load("input");
2 typedef int v4i __attribute__((vector_size(16)));
3 auto vSize = (sizeof(v4i) / sizeof(int));
4 v4i sums = {};
5 for(size_t i = 0; i < input.size / vSize; i++) {
6 sums += ((v4i*)input.elements)[i];
7 }
8 int* scalarSums = (int*)&sums;
9 auto totalsum = 0l;

10 for(size_t i = 0; i < 4; i++) {
11 totalsum += scalarSums[i];
12 }

Figure 6: Hiearchical Aggregation using SIMD Intrinsics

tations on any hardware platform. The specific operators in
the algebra were chosen to be familiar to programmers of
vector machines, SIMD instruction sets, and functional lan-
guages, and expressive enough to caputure a wide variety
of new and previously proposed techniques for optimizing
main-memory analytics. For example, in addition to the ex-
ample in Figure 4, Voodoo is expressive enough to capture
the di↵erent implementations shown in Figure 1, and com-
pact enough that each implementation is just a few lines of
code.
Declarative: Voodoo describes dataflow rather explicit

behaviour. In particular, the operators only define how the
output depends on the inputs – not how the outputs are
produced. This allows Voodoo to, e.g., implement lane-
wise parallelism (as in FoldSum) using SIMD-instructions
on CPUs and work-groups/warps on GPUs (which are con-
ceptually very similar). This declarative property is also
important for portability in Voodoo, as operators don’t de-
scribe specific properties of hardware that they rely on.
This declarative property also makes the program shorter

and simpler than the equivalent C++ program using, e.g.,
Intel’s Threading Building Blocks (see Figure 5) while pro-
viding equivalent expressive power. Simplicity arises be-
cause it depends only on vector transformations. In con-
trast, TBB involves blocked ranges (line 4), functional
lambdas (lines 6 and 13) using lexical scoping and a reducer
(line 13) plus significant boilerplate.
Being declarative also means that the operators and inter-

mediate vectors in a Voodoo program will often not actually
be materialized. For example, in the program in Figure 4,
most of the vectors (except input, parts, and total) are
never stored. These vectors are simply used to control the
degree of parallelism in the generated code, as described in
Section 3.2 below.

3
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Let’s extend our example

Fold Operations are operations that require some level
of synchronization. In general, this includes all op-
erations where the value at a position in the output
depends on more than one value of the input vector.
Naturally, this holds for aggregations. However, it also
holds for foldSelect because it is order preserving:
consequently, the position of a tuple in the output de-
pends on the number of qualifying tuples that precede
it. Partition also takes a vector of pivots as second
input. The size of the output is the size of the input
vector (not the pivot vector for partitioning).

Shape Operations are operations that create vectors with
values that are not based on the data values of other
vectors but only on their size. Shaped operations do
not take any input keypaths because they do not pro-
cess any attribute values. While we use these opera-
tors to generate constants, their most important use
is instead to create run-control vectors for fold opera-
tions. By generating appropriate fold attribute values
and maintaining metadata that describes the runs, we
can declaratively control the degree of parallelism in
the Voodoo program. Consequently, we call such gen-
erated attributes Control Attributes. We describe the
functioning of these attributes in more detail in the
next section.

3. VOODOO BACKENDS
The declarative nature of the Voodoo operators makes it

easy to provide di↵erent backend implementations. While
we foresee implementations in di↵erent contexts such as
distributed processing, we focus our e↵orts on single-node
(multi-core) backends in this paper. For our proof of con-
cept we implemented two backends: an interpreter on top of
C++ standard library containers classes as well as a back-
end that compiles Voodoo code to highly e�cient OpenCL
kernels.

3.1 The Interpreter
The interpreter mainly serves as a reference implementa-

tion; it uses vectors of maps to represent data as well as
control vectors. The interpreter materializes all intermedi-
ate vectors and is, in that respect, a classic bulk-processor.
However, since it stores all data in vectors of maps, it
uses virtual function calls to retrieve values from tuples.
The combination of full materialization and virtual func-
tion calls means that this backend is not designed for high
performance. It is, rather, a small (less than 1000 lines of
code) reference implementation that is useful for debugging
and verification because all intermediates are materialized
and, thus, inspectable.

3.2 The OpenCL Compiler
In contrast to the interpreter implementation, the OpenCL

compiler is built to generate highly e�cient, parallel code
that avoids unnecessary data materialization by generating
code fragments from sequences of multiple operators. The
generation of code fragments is strongly inspired by the code
generation process in HyPeR [12]. Just like HyPeR’s query
compiler, the Voodoo to OpenCL compiler traverses the plan

Control-
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Operators

Control 
Vector

Fragment 2:
Sequential

Fragment 1:
Parallel
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Figure 8: Select & Hierarchically Aggregate in Voodoo

in a dependency order1 and appends statements to an in-
struction stream. However, the code generation process in
Voodoo is more involved than in HyPeR for two reasons:
First, we generate data parallel code whenever possible and
only generate code with reduced parallelism when necessary
and second Voodoo query plans are a DAG rather than trees
(see Figure 8).
In the following, we illustrate the code generation process

taking these complicating factors into account. As a running
example, we use a simplified version of TPC-H Query 1 (See
Figure 8). The query is:

SELECT SUM(l_quantity)
FROM lineitem
WHERE l_shipdate> 5

3.2.1 Code Generation

As in earlier in-memory data management systems such
as Vectorwise/MonetDB X100 [21] and HyPeR [12], we aim
to avoid the materialization of intermediate results as much
as possible. Similar to HyPeR, we generate code fragments
by traversing the execution-DAG in a linearized order (top
to bottom in Figure 8).

Controlling Parallelism. Most Voodoo programs contain
fully parallel as well as controlled fold operations. The
OpenCL backend needs to e�ciently map both to OpenCL
kernels with the appropriate degree of parallelism. To this

1Specifically, in code order which dominates dependency or-
der

6



MonetDB generates a logical plan…

Fold Operations are operations that require some level
of synchronization. In general, this includes all op-
erations where the value at a position in the output
depends on more than one value of the input vector.
Naturally, this holds for aggregations. However, it also
holds for foldSelect because it is order preserving:
consequently, the position of a tuple in the output de-
pends on the number of qualifying tuples that precede
it. Partition also takes a vector of pivots as second
input. The size of the output is the size of the input
vector (not the pivot vector for partitioning).

Shape Operations are operations that create vectors with
values that are not based on the data values of other
vectors but only on their size. Shaped operations do
not take any input keypaths because they do not pro-
cess any attribute values. While we use these opera-
tors to generate constants, their most important use
is instead to create run-control vectors for fold opera-
tions. By generating appropriate fold attribute values
and maintaining metadata that describes the runs, we
can declaratively control the degree of parallelism in
the Voodoo program. Consequently, we call such gen-
erated attributes Control Attributes. We describe the
functioning of these attributes in more detail in the
next section.

3. VOODOO BACKENDS
The declarative nature of the Voodoo operators makes it

easy to provide di↵erent backend implementations. While
we foresee implementations in di↵erent contexts such as
distributed processing, we focus our e↵orts on single-node
(multi-core) backends in this paper. For our proof of con-
cept we implemented two backends: an interpreter on top of
C++ standard library containers classes as well as a back-
end that compiles Voodoo code to highly e�cient OpenCL
kernels.

3.1 The Interpreter
The interpreter mainly serves as a reference implementa-

tion; it uses vectors of maps to represent data as well as
control vectors. The interpreter materializes all intermedi-
ate vectors and is, in that respect, a classic bulk-processor.
However, since it stores all data in vectors of maps, it
uses virtual function calls to retrieve values from tuples.
The combination of full materialization and virtual func-
tion calls means that this backend is not designed for high
performance. It is, rather, a small (less than 1000 lines of
code) reference implementation that is useful for debugging
and verification because all intermediates are materialized
and, thus, inspectable.

3.2 The OpenCL Compiler
In contrast to the interpreter implementation, the OpenCL

compiler is built to generate highly e�cient, parallel code
that avoids unnecessary data materialization by generating
code fragments from sequences of multiple operators. The
generation of code fragments is strongly inspired by the code
generation process in HyPeR [12]. Just like HyPeR’s query
compiler, the Voodoo to OpenCL compiler traverses the plan
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in a dependency order1 and appends statements to an in-
struction stream. However, the code generation process in
Voodoo is more involved than in HyPeR for two reasons:
First, we generate data parallel code whenever possible and
only generate code with reduced parallelism when necessary
and second Voodoo query plans are a DAG rather than trees
(see Figure 8).
In the following, we illustrate the code generation process

taking these complicating factors into account. As a running
example, we use a simplified version of TPC-H Query 1 (See
Figure 8). The query is:

SELECT SUM(l_quantity)
FROM lineitem
WHERE l_shipdate> 5

3.2.1 Code Generation

As in earlier in-memory data management systems such
as Vectorwise/MonetDB X100 [21] and HyPeR [12], we aim
to avoid the materialization of intermediate results as much
as possible. Similar to HyPeR, we generate code fragments
by traversing the execution-DAG in a linearized order (top
to bottom in Figure 8).

Controlling Parallelism. Most Voodoo programs contain
fully parallel as well as controlled fold operations. The
OpenCL backend needs to e�ciently map both to OpenCL
kernels with the appropriate degree of parallelism. To this

1Specifically, in code order which dominates dependency or-
der
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…we compile the logical plan to 
Voodoo…

tmp1 = Load(.lineitem.l_quantity)
tmp2 = Load(.lineitem.l_shipdate)
tmp3.val = Range(728659,tmp2,0)
tmp4.val = Greater(tmp2,.l_shipdate,tmp3,.val)
tmp5.val = Range(0,tmp4,1)
tmp6 = Zip(.fold,tmp5,.val,.value,tmp4,.val)
tmp7.val = FoldSelect(tmp6,.fold,.value)
tmp8 = Gather(tmp1,tmp7,.val)
tmp14.val = Range(0,tmp8,0)
tmp15 = Zip(.fold,tmp14,.val,.value,tmp8,.val)
tmp16.L1 = FoldSum(tmp15,.fold,.value)
Return(tmp16)

sum

select

lineitem



.lineitem.l_quantity

.lineitem.l_shipdate Const
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Range

FoldSelect

Gather

Constant

FoldSum

…i.e., a dataflow program

sum

select

lineitem



.lineitem.l_quantity

.lineitem.l_shipdate Const
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Range

FoldSelect

Gather
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FoldSum

Generating "undergraduate" C from Voodoo

for(size_t i = 0; i < sizeof(l_shipdate); i++) 
   if(                 ) 
     result +=

.lineitem.l_quantity

.lineitem.l_shipdate Const
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Range

FoldSelect

Gather

Constant

FoldSum
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l_shipdate[i] > 5
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l_quantity[i]



The “graduate" version

.lineitem.l_quantity

.lineitem.l_shipdate Const

Greater

Range

FoldSelect

Gather

Range Constant

Divide

FoldSum

Constant

FoldSum

extern size_t inputSize; 

void fragment1(int* tmp, int* s_date, int* quantity) { 
  for(size_t i = 0; i < grainsize; i++) 
    if(s_date[pId * grainsize + i] > 5) 
      out[pId] += quantity[pId * grainsize + i] 
} 

void fragment2(int* out, int* tmp) { 
  for(size_t i = 0; i < inputSize / grainsize; i++) 
    output[0] += tmp[i] 
}

control-incompatible folds
→ hierarchical aggregation

Multicore-partitioned fold



Voodoo outperforms MonetDB 
(TPC-H subset, SF10)
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Voodoo is competitive with Hyper on 
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Selective Foreign-Key Joins

select sum(part.price) 
from lineitem, part 
where discount > $x 
and lineitem.partkey_fk = part.partkey_pk

select items that were sold at a discount greater than x
look up their price from the parts table 

and sum it

join



Selective Foreign-Key Joins

select sum(part.price) 
from lineitem, part 
where discount > $x 
and lineitem.partkey_fk 
    = part.partkey_pk

join

select part

lineitem

joinlookup/Foreign-Key Join

primary key, i.e., unique



Selective Foreign-Key Joins

select sum(price) 
from lineitem, part 
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Selective Foreign-Key Joins

select sum(price) 
from lineitem, part 
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Selective Foreign-Key Joins
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Selective Foreign-Key Joins

select sum(price) 
from lineitem, part 
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Branching Foreign-Key Joins
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for(size_t i = 0; i < lineitemsize; i++) 
  if(discount[i] > $1) 
    result += price[partkey[i]];

select sum(price) 
from lineitem, part 
where discount > $1 
and partkey = partkey

20 40 60 80 100
0.00

0.05

0.10

0.15

0.20

0.25

Selectivity

Ti
m
e
in
se
co
nd
s

Key-LookupSelection



Predicated Foreign-Key Joins

for(size_t i = 0; i < lineitemsize; i++) 
  if(discount[i] > $1) 
    result += price[partkey[i]];



Predicated Foreign-Key Joins

for(size_t i = 0; i < lineitemsize; i++) 
  result += (discount[i] > $1) * 
            price[partkey[i]];



Selective Foreign-Key Joins
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Predicated Foreign-Key Joins
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Predicated Foreign-Key Joins
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Selective Foreign-Key Joins

for(size_t i = 0; i < lineitemsize; i++) 
  result += (price[i] > $1) * 
            p_discount[partkey[i]];

select sum(price)  
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Selective Foreign-Key Joins

for(size_t i = 0; i < lineitemsize; i++) 
  result += (price[i] > $1) * 
            p_discount[partkey[i]];

select sum(price)  
from lineitem, part  
where discount > $1  
and partkey = partkey
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Double-predicated Foreign-Key Joins
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Predicated Foreign-Key Joins
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Predicated Foreign-Key Joins
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Double-predicated Foreign-Key Joins

select sum(price) 
from lineitem, part 
where discount > $1 
and lineitem.partkey = part.partkey
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Double-predicated Foreign-Key Joins

for(size_t i = 0; i < lineitemsize; i++) 
  result += (discount[i] > $1) * 
            price[partkey[i]];

select sum(price)  
from lineitem, part  
where discount > $1  
and partkey = partkey

.part.p_retailprice

.lineitem.lineitem_part

.lineitem.l_discount

Range

Greater

Multiply

Gather

MultiplyRange

Zip

FoldSum

return



Double-predicated Foreign-Key Joins

for(size_t i = 0; i < lineitemsize; i++) 
  result += (discount[i] > $1) * 
            price[partkey[i] * 
                    (discount[i] > $1)];

select sum(price)  
from lineitem, part  
where discount > $1  
and partkey = partkey

.part.p_retailprice

.lineitem.lineitem_part

.lineitem.l_discount

Range
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Multiply
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MultiplyRange
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Double-predicated Foreign-Key Joins
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Voodoo Wrap

• Fast and expressive like C

• Optimizable like relational algebra

• Portable to different devices

• Enables serendipitous discovery  
of new optimizations

Optimizer

SQL

Voodoo

Executable

OS/Hardware/…

Logical Plan



Quo Vadis



FUTURE WORK
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FUTURE WORK

Optimizer

SQL

Voodoo

Executable

OS/Hardware/…

Relational Algebra

GraphsArraysTensorflowStreams
Domain 
Specific

[VLDB 2018]

Weld
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Plugging holes in the Design Space
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Plugging holes in the Design Space

• Massively Parallel Top-K [SIGMOD 2018]

• Incremental Window Computation [ongoing]

• Dynamic Load Balancing on GPUs [future]



Auto-Generating Databases
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Auto-Generating Databases
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Auto-Generating Databases

• Hardware-conscious modelling & tuning [ongoing]



Auto-Generating Databases
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Auto-Generating Databases

• Hardware-conscious modelling & tuning [ongoing]

• Auto-Generating Databases [future]



Wrapping up



Thanks to Collaborators

Sam Madden
Mike Stonebraker

Anil Shanbhag
Malte Schwarzkopf

Matei Zaharia
Shoumik Palkar



A new DB research hub — Visit us!

Hyde Park

Buckingham Palace

London Eye Westminster

Imperial College



Recruiting

•Interns

•PhDs

•Postdocs



Thank You



Backup slides



Domain-Conscious Database Design

merge the sequence ACCCTA into the graph while minimizing 
the number of new branches

count the number of mutations of a gene

find the most common allele of a gene

T A
G

A
C G A

C

T

C

A
A C A G C

T A
Database:

Queries:

Multiple sequence alignment 



Predicated Foreign-Key Joins

.part.p_retailprice

.lineitem.lineitem_part

.lineitem.l_discount

Range

Greater

Range

Zip

FoldSelect

Gather

Gather

Range

Zip

FoldSum

return

.part.p_retailprice .lineitem.lineitem_part

.lineitem.l_discount
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GreaterGather

MultiplyRange

Zip

FoldSum

returnMultiply

FoldSum(
  Gather(
    Gather(
      FoldSelect(x),y),z))
=>FoldSum(
    Multiply(x,
      Gather(y,z)))



Double-predicated Foreign-Key Joins

.part.p_retailprice .lineitem.lineitem_part

.lineitem.l_discount

Range

GreaterGather

MultiplyRange

Zip

FoldSum

return

.part.p_retailprice

.lineitem.lineitem_part

.lineitem.l_discount

Range

Greater

Multiply

Gather

MultiplyRange

Zip

FoldSum

return

FoldSum(
  Multiply(
    Gather(
      x,y),z))
=>FoldSum(
  Multiply(
    Gather(
      Multiply(x,z),y),z))



TPC-H Query 9 in Hyper

• Select (on dimension/target table) & Join Query

• HyPeR strategy: select scan + hash-join

• Ignores foreign key index

• Voodoo strategy: select scan, build bitmap, join using FK-Index

• Takes advantage of foreign key index
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Why Exploration? 
Why not machine Learning?

• Because it takes ML-experts

• There often isn’t enough data (e.g., for catastrophic events)

• It is slow (in particular the training)



…when generating code

• LLVM 

• No Multithreading support

• SIMD support is best-effort

• No transactional memory support

• No real GPU support

• No NUMA support


