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ABSTRACT

GPU query backends achieve high throughput on analytical work-
loads through massive parallelism, but lack indexing support that
accelerates selective queries in CPU databases. Existing GPU index
implementations face three limitations: (1) supporting conjunctive
predicates only, (2) materializing intermediate results between in-
dex access and query execution, and (3) assuming query boundaries
align with pre-built index bins.

We present a fused bitmap indexing approach that addresses
these limitations. We introduce virtual query program that exe-
cutes arbitrary boolean predicates with low overhead. We fuse
index access with subsequent column lookups, joins, and aggre-
gation, keeping intermediate results in registers and eliminating
global-memory round-trips. To handle misaligned query bound-
aries, we propose GPU friendly candidate checking that tracks
three-valued row states (certain-in, certain-out, uncertain) through
in-register boolean operations and verifies only the necessary can-
didates, without accessing global memory.

On Star Schema Benchmark SF=140 with RTX 5090 D, our fused
bitmap index achieves up to 6.9X geometric-mean speed over our
optimized non-indexed baseline built upon the Crystal GPU data-
base query backend (Dense layout), and 4.3x with practical Sparse
layout using less memory. Compared to current best compressed
GPU bitmap implementation under perfect bin alignment (best
case), our sparse layout achieves 1.4X speed end-to-end. We show
that generic elementwise-style GPU fusion achieves only 1.34x
speed, while our pipeline reaches 3.19x with 0.8% overhead versus
dedicated compile-time kernels. Results on an NVIDIA H800 server
GPU show the approach remains stable across GPU architectures,
with smaller but still consistent fusion benefits on server GPUs.
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1 INTRODUCTION

Indexing could accelerate query processing in data warehouses.
Among various indexing techniques, bitmap indexes, which repre-
sent data by discretizing attribute values into bins and encoding
each bin as a bit vector, are particularly effective for low selectiv-
ity (<10%) analytical workloads [38, 39], such as those in the Star
Schema Benchmark (SSB[24]). The speedup is from only accessing
bits rather than a data word for each row, which reduces memory
access by 63/64 best-case, although with high selectivity most data
still must be fetched, diminishing the benefits. This reflects the
column-store principle of reading only necessary data [1], and for
low-cardinality columns, bitmap indexes are especially compact
and efficient compared to scanning raw data [7].

Modern GPUs offer memory bandwidths exceeding 1 TB/s and
can execute thousands of threads concurrently. GPU memory ca-
pacities have also grown significantly, with devices now offering
20-200 GB of such high-bandwidth memory, sufficient to hold
some working sets for many analytical workloads. For example,
the AMD Instinct MI210 provides 64 GB of HBM2e memory with a
bandwidth of 1.6 TB/s, while even consumer-grade GPUs like the
NVIDIA RTX 5090 deliver 32 GB of GDDR6X and 1.7 TB/s global
memory bandwidth.

Despite GPUs’ massive parallel processing power and high mem-
ory bandwidth, current GPU-based query engines lack indexing
support. While GPU query backends like Crystal [30, 31] excel at
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full table scans, they cannot leverage indexing strategies that accel-
erate selective queries in CPU databases. Prior efforts on bringing
indexes to GPU face several constraints. RTIndeX [12] and RTScan
[19] repurpose ray tracing hardware for index operations, but as
a consequence of ray-tracing primitives being only able to inter-
sect with surface triangles, they support only conjunctive (AND)
predicates on single tables. Disjunctions (OR) and joins cannot be
expressed. Existing GPU bitmap implementations [2, 36, 37] fo-
cus on encoding and decoding compressed formats but operate on
bitmap bins one pair at a time, without optimizing for arbitrary
multi-predicate queries.

We identify three specific limitations that prevent practical adop-
tion of bitmap indexing in GPU query engines. We use SSB Q1.1 as
a running example:

SELECT SUM(extendedprice * discount)

FROM lineorder

WHERE discount BETWEEN 1 AND 3

AND quantity < 25

AND orderdate BETWEEN 19920101 AND 19921231
Bins are prebuilt offline: discount divided into [0, 2), [2,5),..;
quantity into [1,11),[11,21),...; orderdate into one bin per year.
Special values like NULL can either merge into any bin or be binned
separately.

Limitation 1: No unified support for arbitrary predicates.
Most prior works [2, 22, 36, 37] port CPU bitmap algorithms to GPU,
optimizing operations between two bitmap bins or two columns,
but do not provide a unified mechanism for executing arbitrary com-
binations of conjunctions and disjunctions across multiple columns.
As a result, complex predicates like evaluating discount BETWEEN
1 AND 3 (OR-ing bins [0,2) and [2,5), then AND-ing with the
quantity and date bitmaps require multiple kernel launches and
intermediate materialization (i.e., explicitly storing intermediate
results back to memory) on all these works. RTIndeX and RTScan
[12, 19] support multi-column conjunctive selections via ray tracing
primitives, but cannot express disjunction or joins.

Limitation 2: No integration with query pipelines. All prior
GPU indexing works focus exclusively on the index access phase,
which produces a list of qualifying row identifiers or a result bitmap
with qualifying bits set to 1. They do not address how these re-
sults are integrated into subsequent query operations—such as col-
umn lookups, joins, and aggregations. On CPU, execution models
such as Volcano-style iterators or push-based pipelines (pivoted by
DuckDB [26, 27]) naturally decouple operators while cache hierar-
chies hide inter-stage latency. These decoupling-friendly models do
not translate to GPU: massively parallel stream processing requires
all threads to execute the same code path, and stage boundaries
force global memory round-trips rather than register or on-chip
memory residency. Kernel launches add millisecond of overhead,
and more crucially intermediate results traverse global memory at
1-2 TB/s, orders of magnitude slower than on-chip storage. Break-
ing operator fusion, a key optimization in GPU query backends like
Crystal, reintroduces the very memory bandwidth bottlenecks that
indexing was intended to alleviate.

Limitation 3: No handling of misaligned query boundaries.
Bitmap index bins are created ahead of time without knowledge of
future queries [35]. In Q1.1, the predicate lo_discount BETWEEN 1
AND 3 maps to bins [0, 2) and [2,5): both are boundary bins whose
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ranges extend beyond the query range. Rows with discount= 0
or discounte [3,5) are in these bins but do not qualify. They are
uncertain and require verification against the actual column value.
This is a form of three-valued logic: rows are either certain-in (fully
inside the query range), certain-out (fully outside), or uncertain
(in a boundary bin). Unlike bloom filters, bitmap bins have no
false positives within a bin; uncertainty arises solely at boundaries.
No prior GPU indexing work addresses this scenario; all assume
perfect alignment between queries and bins. CPU-based systems
manage this by either optimizing the subsequent verification step
[32, 41] or strategically placing bin boundaries [28], but these rely
on sequential access patterns ill-suited for GPU execution.

Addressing these limitations individually would yield incremen-
tal improvements, but their integration is where GPU-specific de-
sign becomes critical. Unlike CPU systems where decoupled exe-
cution models (Limitation 2) and cache hierarchies naturally toler-
ate loose coupling between components, GPU’s massively parallel
stream processing offers no such opportunity and each interface
between components risks a global memory round-trip that dom-
inates execution time. CPU techniques for candidate verification
(Limitation 3) similarly assume sequential access patterns incom-
patible with GPU execution. Our contribution is not merely solving
three problems, but co-designing their solutions so that data flows
from index access through candidate checking to query execution
entirely within registers and shared memory, a property that re-
quires careful resource budgeting (Section 6) and would provide
negligible benefit in CPU systems where such tight coupling is
unnecessary. We present a fused bitmap indexing approach that
addresses these limitations with GPU-native solutions:

Virtual query program for arbitrary predicates (Section 3.1).
We introduce a lightweight abstraction that represents arbitrary
predicates as a sequence of simple instructions operating on virtual
registers backed by shared memory. This is a purely runtime tech-
nique: the GPU kernel is compiled once and interprets different
instruction sequences for different queries, requiring no query-
specific code generation. Index access phase reduces to a single
step with no global intermediate results. Ablation studies show this
abstraction incurs only modest overhead compared to hand-written
kernels specialized for each query (0.8% on consumer and 4.6% on
server GPU; Section 8.4).

Fused index-to-data pipeline (Section 4). We design a com-
plete pipeline that fuses bitmap index access with subsequent col-
umn lookups and aggregations. We managed to keep index access
results in registers and eliminates several materialization steps.
Fusion provides 1.58X speed on consumer and 1.33X on server
GPU (less due to constrained register resources) by eliminating
global-memory materialization of intermediate index results.

Candidate checking for misaligned boundaries (Section 5).
As shown in the Q1.1 example, boundary bins produce three-valued
outcomes: certain-in-out or uncertain. We track two bits per row,
derive propagation rules through boolean operators, and carry the
uncertainty flag into the fused pipeline so that only uncertain rows
trigger verification against actual column values.

Database integration (Section 7). We integrate our bitmap
indexing approach into the Crystal query backend [30]. Our im-
plementation incorporates key GPU optimizations including predi-
cated loads [6] and GPU-optimized group-by aggregation such as
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Figure 1: Performance progression on SSB Q3.2 (SF=140) on an
RTX 5090 D GPU. Our virtual query program supports both
aligned and misaligned bins with 1.35X speed over previous
methods on Q3.2. Fusing with query execution multiplica-
tively bumps speed to 1.62x.

warp-level atomic reduction techniques inspired by [8]. Our opti-
mized baseline already outperforms vanilla Crystal; adding bitmap
indexing provides further speedups.

We evaluate our approach on all 13 SSB queries at scale factors 20,
140 and 300, as well as synthetic workloads with varying selectivity
and skew. With a practical memory-saving Sparse bin layout our
fused bitmap index achieves 4.31X geometric mean speed over an
optimized non-indexed baseline at SF=140. Denser layouts provide
up to 6.9x speed. We focus on uncompressed bitmaps throughout
this work. While most prior GPU bitmap work targets compressed
formats (e.g., WAH [22, 36, 37]), decompressing a bitmap requires
variable-length sequential processing. Its parallelization and merg-
ing with downstream is outside our scope. Still, section 8.2 shows
memory overhead of uncompressed bitmaps is modest (within 1%
for our Sparse layout) and constructs at 4.4X speed. Figure 1 illus-
trates our approach and improvements on SSB Q3.2.

2 BACKGROUND AND RELATED WORK
2.1 GPU Thread Blocks and Kernel Fusion

A GPU kernel launches as a grid of thread blocks, each containing a
fixed number of threads; a block is scheduled onto a single stream-
ing multiprocessor (SM) [14, 23]. Within a thread, registers provide
the fastest private storage. Threads within the same block cooperate
via shared memory, a programmer-managed on-chip scratchpad
that enables data reuse and low-latency communication. Read-only
parameters that are uniformly accessed by a warp can be stored
in constant memory (cmem), which supports efficient warp-wide
broadcast when all threads read the same address.

In contrast, global memory provides high capacity and is globally
accessible, but has substantially higher latency and lower band-
width than on-chip storage (empirically 1:100 ratio). Achieving
high effective bandwidth relies on coalescing: when threads in a
warp access consecutive addresses, the hardware can combine these
requests into a small number of wide memory transactions. These
properties make the thread block the natural granularity for staging
data on chip and for composing multiple operations.

2855

The number of threads per block (nt) and values each thread
processes (vt) are compile-time constants balancing occupancy,
register pressure, and instruction-level parallelism (ILP). A larger vt
increases ILP but also increases per-thread resource consumption,
potentially reducing occupancy. Here, occupancy refers to the ratio
of active warps to the maximum number of warps that can be
concurrently supported on a streaming multiprocessor (SM), and
it directly determines the utilization efficiency of key hardware
resources such as registers, shared memory, and above all, degree
of concurrent access to global memory. The thread block is the
fundamental unit for shared memory allocation: all threads in a
block share the same shared memory region, and it is the natural
granularity for kernel fusion.

Kernel fusion combines multiple logical operations into a sin-
gle GPU kernel, passing intermediate results through registers or
shared memory rather than global memory. For memory-bound
applications like databases, skipping the global memory round-
trip directly boosts performance. Crystal [30] demonstrated that
fused analytical query kernels execute at near-memory-bandwidth
speeds. Effective kernel fusion requires its fused operations satisfy
three constraints:

Block-granularity data format. Data must be partitioned into
blocks where each block fits in shared memory and processed inde-
pendently by a single thread block without synchronization.

Tiled routine. Each operation must be expressible as taking a
tile (block of data) in shared memory as input and producing a tile
as output, with maximum tile size known at compile time.

Tight resource provisioning. The sum of all intermediate
storage must not exceed hardware limits. For example, if using
atomic operations for group-by aggregation [10], the maximum
number of groups must be bounded; otherwise, intermediate results
spill to global memory, negating fusion benefits.

2.2 GPU-Based Indexing

Early work on GPU bitmap indexing focused on compression for-
mats. Andrzejewski and Wrembel [2] first demonstrated GPU ac-
celeration of Word-Aligned Hybrid (WAH) bitmap operations, fo-
cusing on encoding and decoding. Subsequent work extended this
to Position List WAH (PLWAH) [3], but neither addressed query
execution. Tran et al. [36, 37] applied these techniques to indexing
but processed bins one-after-another without global memory access
optimization. Nelson et al. [22] fused access to multiple bins within
a single column, but inter-column operations remained sequential
due to uncertain query flights at compile time.

A parallel line of work explored GPU-accelerated indexing other
than bitmaps. Mallia et al. [20] designed GPU decoding for Variable
Byte and Bit Packing formats, though list intersection and union
still operated bin-by-bin. RTIndeX [12] and RTScan [19] repurposes
GPU ray tracing cores for index operations by encoding predicates
as geometric intersection tests. While useful on conjunctive selec-
tions, these approaches fundamentally cannot support disjunctions
or multi-table joins due to ray-triangle intersection semantics.

All these works focus on improving the index access phase in
isolation. We unify various aspects into an index access engine
capable of handling arbitrary predicates in one fused procedure,



then integrate it into a full query pipeline from index access through
final result computation.

2.3 GPU Query Engines

GPU query processing has evolved from accelerating individual
operators [15, 29, 33] to complete query backends. Crystal [30]
marked a breakthrough by providing composable CUDA device
functions that execute analytical queries in customizable fused ker-
nels. Crystal is not a full database engine but rather a backend, i.e.,
a collection of hand-written GPU kernels demonstrating achievable
query performance without core frontend features like SQL parsing;
we integrate our indexing techniques there, thus creating another
backend. Crystal demonstrated that fully-fused GPU query execu-
tion can approach memory bandwidth limits, delivering an order
of magnitude speedup over CPU implementations on SSB. Com-
parative studies have shown that Crystal outperforms commercial
GPU databases like HeavyDB (formerly OmniSci) and BlazingSQL
on analytical workloads [6, 30, 40], establishing it as the state-of-
the-art GPU query backend. Subsequent work improved Crystal
in various dimensions: trading speed for reduced memory usage
through compression [31], exploring efficient hash table designs
and load skipping [6]. However, Crystal’s query interface is limited
to SSB-style star/snowflake schema joins, and all Crystal-based
research has consequently focused on SSB [6, 31]. Other works
focus on scaling to multiple GPUs [9, 18, 25] or reusing existing
frameworks [11].

To the best of our knowledge, no GPU query engine incorporates
bitmap indexing (or any indexing at all given the limitations in
section 1). Our work bridges this gap by providing a GPU backend
with complete pipeline from index access to result computation.

3 FUSED INDEX ACCESS ON ARBITRARY
PREDICATES

This section addresses Limitation 1 from Section 1: the lack of
unified support for arbitrary predicates in GPU bitmap indexing.
We introduce a lightweight abstraction called a virtual query pro-
gram that fuses index access for arbitrary boolean combinations
of bitmap bins into a single kernel. This is a runtime technique:
the virtual program is interpreted at query time without any GPU
kernel compilation or code generation. A new query only requires
populating a small instruction buffer and bin pointer array, which
takes microseconds on the CPU.

3.1 Virtual Query Program

Recall that a bitmap index represents each column predicate as
a bit vector over rows: bit i is set if row i satisfies the predicate.
Evaluating a multi-predicate query reduces to bitwise operations
on these vectors. A virtual query program consists of a sequence of
instructions that operate on virtual registers. Each virtual register
holds an intermediate bitmap during query evaluation. Importantly,
virtual registers are logical temporaries backed by on-chip storage,
and should be differentiated from hardware CUDA registers. In-
structions can be combined to express arbitrary boolean predicates.
For instance, the query (A V B) A C could compile to: LOAD ro,
A; LOAD r1, B; OR r@, r1; LOAD r1, C; AND ro, ri.We
establish a “call convention” that the final result bitmap returned
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by this program resides in register ry, which subsequent pipeline
stages could consume directly.

Expressiveness. Here we discuss which predicates can be ex-
pressed given n live temporaries, while the hardware resource cost
of choosing n is analyzed later in Section 6.

We model a predicate as an expression tree whose leaves are
atomic bitmap operands (e.g., a bin bitmap, or a union of multiple
bins within one column) and whose internal nodes are binary opera-
tors (AND/ORY/. . .). Any such tree can be compiled to a straight-line
program that evaluates subtrees and combines them. The key ques-
tion is the maximum number of intermediate results that must be
kept simultaneously during evaluation.

Let p(T) be the minimum number of virtual registers needed
to evaluate an expression tree T without spilling intermediates to
global memory. For a leaf operand, p(leaf) = 1. For an internal
node with two children T; and T, we can evaluate the child that
needs more registers first, so the standard recurrence is:

if p(T1) # p(T2),

p(Th) +1 if p(T1) = p(T2),

) = {max(pm),p(m)
which corresponds to the minimal stack depth of a postfix evalua-
tion order. Therefore, a program with n virtual registers can express
any predicate whose expression tree satisfies p(T) < n.

This characterization matches intuition. For example, successive
conjunction and/or disjunction are left-deep chains: a; Xaz X - - Xay
(where X € {A, V}) need only one loader register (for LOAD aj and
one accumulator register (for X). Two accumulator registers suf-
fice for predicates with two independent groups combined at the
top level, e.g., (aVbV---)A(cVdV---). With three accumu-
lator registers, we can handle an additional level of nesting, e.g.,
((avbv---)A(evdV---))V(eAfAgA---),sufficient for
expressing most practical predicates. Section 3.3 discusses complex
memory-operand instructions that skip loader registers and fur-
ther expand expressibility (and performance) for a given virtual
register budget. For Star Schema Benchmark, three virtual registers
(two accumulators) already cover all query predicates we study. We
keep the detailed resource/occupancy implications of this choice to
Section 6.

Frontend Friendliness. Compiling a query into a virtual pro-
gram is straightforward. For each column predicate, frontend has
to inspect the relevant bin metadata and store their pointers in the
program’s column array. Since bitmap AND/OR are commutative
(and associative within an AND/OR group), the frontend can re-
order operands without changing semantics. A common heuristic
is to process low-selectivity predicates first, which tends to pro-
duce intermediate bitmaps with more zero bits. Section 3.3 shows
how this property enables subsequent instructions to skip global
memory loads.

3.2 Implementation

Algorithm 1 lists the complete index access phase. Threads execute
it in parallel, each processing vt words from its assigned positions.
The outer loop iterates over instructions in the virtual program;
the inner loop provides instruction-level parallelism by processing
ot bitmap words per thread per instruction. The AND instruction



Algorithm 1 Fused Index Access Device Function

Input: Program P
Output: Result bitmap in ry (shared memory)
1: tid « threadldx.x
2: base « blockldx.x - nt - vt
3: for each instruction I in P do
4: fork «— Otoot—1do

5 pos « tid + k - nt

6: wordldx < base + pos

7 if I.opcode = AND then

5 st [pOS] < st [pos] A r1.re[pos]
9: else if I.opcode = ANDM then

10: sreword = rygrc[pos], dstword =0
11 if srcword == 0 then

12: continue

13: col « P.cols[I.src]

14: for each bin b in col.bins do

15: dstword < dstword V b|wordIdx]
16: rr.dst [pos] = sreword A dstword

17: else if other instructions ... then

performs a register-to-register bitwise AND. Memory-operand in-
structions (e.g., ANDM) load bin bitmaps from global memory and
combine them with a register; Section 3.3 describes these in detail.

Memory accesses are coalesced in Algorithm 1. Consider line
15 of Algorithm 1. When threads within a warp execute this line,
thread t accesses b|base + t + k - nt]. For k = 0 and consecutive
thread IDs t =0, 1,. .., 31, these accesses target consecutive words
b[base], b[base + 1],..., b[base + 31] and allows GPU coalesce ad-
jacent loads into single transactions. Other instructions involving
loads maintain this access pattern.

Shared Memory Layout. Virtual registers are backed by shared
memory with stride nt: thread tid owns words at positions tid, tid +
nt, tid + 2nt, . . .. This layout ensures bank conflict-free access when
threads write to their local slots. Each virtual register consumes
nt X vt words of shared memory. Given the limited size of shared
memory, we can see the number of virtual registers trades off with
instruction-level parallelism. Increasing vt improves ILP but reduces
the number of registers we can afford. We discuss this trade-off
quantitatively in Section 6. Furthermore, the ry Calling Convention
allows threads to load r into CUDA registers (vt words each thread),
then deallocate all shared memory backing virtual registers. The
entire shared memory becomes available for later stages (relevant
in Section 4.2).

3.3 Optimization

Optimization 1: Constant Memory Storage. Since the virtual
query program is not modified during query execution, we pass
it to constant memory in CUDA kernel. This prevents storing the
program itself from competing for resources with virtual registers in
shared memory. With 8B pointers to bins, 4B instructions (opcode,
destination, two source operands) and up to 32 bin bitmaps accessed
per column per query (a column with > 32 bins still only accesses
the few bins overlapping the predicate range; number of bins a
column can be split into is unbounded), a query with 50 columns
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and 50 instructions only consumes 13 out of 64K constant memory.
This theoretical scalability is sufficient for complex queries with
numerous predicates across dozens of columns.

Optimization 2: Complex Memory Operand Instructions.
Analytical queries typically have low selectivity. For example, SSB
Q1.1 has 1.9% selectivity and Q1.2 has 0.065% selectivity. At such
low selectivities, intermediate results often contain long runs of
zero bits. Having 128 consecutive zero bits (the granularity of a
single CUDA memory transaction) is common. We exploit this by
introducing memory operand instructions that can inspect another
operand before loading from memory, skipping the load when the
result is predetermined. An example is ANDM (AND-with-memory):
ANDM r@, col both loads and computes ry «— ry A \/, col[x].
When r is already zero, the AND operation cannot produce a non-
zero result regardless of the memory operand, so we skip loading
bins entirely. A memory transaction is skipped when 4 adjacent
thread all have zero registers. Such a predicated-load design aligns
well with key GPU optimization principles summarized in [6, 13].

We further introduce complex instructions with multiple mem-
ory operands. For example, ANDORM r@, coll, col2 computes
ro < ro AV, (coll[x] Vv col2[x]). In plain terms: it ANDs ry with
the union of all bins from two columns simultaneously, loading both
columns’ bins in a single pass. This enables the query (aVb) A(cVd)
to be compiled as: LOAD r@, a; ORM r@, b; ANDORM ro, c, d.
If 128-bit segments of a V b are zero, we skip loading both ¢ and d
for those segments—the zero-skipping check on r, gates the loads
for both columns at once. Without this instruction, we would need:
LOAD r@, a; ORM r@, b; LOAD r1, c; ORM r1, d; AND ro,
r1, which requires 1 additional register and cannot skip c and d
because they are loaded into a separate register before the AND, so
the zero check on ry cannot gate those loads.

Section 8.4 shows that the virtual query program overhead re-
mains modest on average: the overhead is 0.8% at SF=140 (con-
sumer GPU) and 4.6% at SF=300 (datacenter GPU), compared to
hand-written kernels specialized for each query at compile time.

4 INTEGRATION WITH QUERY PIPELINE

The virtual query program from Section 3 evaluates arbitrary pred-
icates and produces a result bitmap with bit i set if row i qualifies.
A complete query pipeline requires further operations: fetching
column values for qualifying rows, performing joins, computing
aggregations, and producing final results. This section addresses
Limitation 2 and integrates index access with subsequent pipeline.

A natural question is why general-purpose GPU kernel fusion
(e.g., PyTorch or TVM elementwise fusion) is insufficient. There are
three structural reasons: (1) the set of bins accessed is determined
at query time by the virtual program, not a fixed operator graph;
(2) the index phase produces a sparse bitmap. Section 4.1 analyzes
two methods for translating sparse bitmaps into column accesses,
identifies their respective trade-offs and conclude the elementwise
one undefperforms often; (3) join and group-by access dimension
tables at qualifying row positions, not dense arrays. Section 4.2
fuses all phases in a single kernel and adaptively selects the better
method based on runtime conditions. Experimentally, elementwise-
style fusion achieves only 1.34X speed, while our VQP-aware fusion
achieves 3.19x (Section 8.4).



4.1 Seeking Columns from Bits

After the index access phase produces a result bitmap, the query
engine must fetch actual column values for qualifying rows and
thus allow subsequent joins and aggregations seamlessly follow
existing non-indexed routines. We consider two approaches.

Method 1: Direct Bitmap Scanning. Each thread iterates
through its assigned bitmap words. For each word, it scans in-
dividual bits and directly fetches column values when a bit is set.
This method requires no additional logic beyond a simple loop,
consumes no extra registers or shared memory, and keeps the im-
plementation straightforward. However, Method 1 suffers from
divergence. A few threads with multiple qualifying rows continue
reading column data. Column accesses are uncoalesced as well.
Adjacent threads access adjacent word positions, which is 32 bits
apart, and is therefore not coalesced.

Method 2: Materialized Position Array. This method first
converts the sparse bitmap into a dense array of qualifying row po-
sitions. Each thread counts the number of ones in its bitmap words.
A parallel prefix sum across threads determines where each thread
should write its positions in the output array. Threads then write
their qualifying row positions to this array. When fetching column
values, thread t loads column[positions[t]], where positions
is the dense array.

Method 2 is neither free of uncoalesced loads nor divergence. We
have no control over the contents of the position array. However,
since positions are sorted, consecutive threads access row indices
that are as close together as possible given the data distribution.
Any column accesses that can coalesce will coalesce, and is the
theoretical best achieveable for sparse data. Divergence is also
reduced: the divergent part is writing positions to the array, cheaper
than multiple irregular column loads. The cost is the prefix sum
overhead and the memory consumed by the position array itself.

Figure 2 compares the two methods on synthetic data (Zipfian
skewness 1.04, see section 8.6 for dataset details) with selectivity
ranging from 1/255 (0.39%) to 1/8 (12.5%). Higher selectivity than
1/8 would cause overflow in shared-memory position array. At low
selectivity, the two methods are nearly tied because the query phase
has little work, making Method 2’s fixed overhead, i.e., counting
each thread’s 1-bits and prefix summing, relatively noticeable. As
selectivity increases, Method 2’s advantage from improved coa-
lescing dominates; at 1/8 selectivity, Method 2 is about 12% faster
than Method 1 in our experiment. The crossover occurs at very low
selectivity. Since Method 2 tends to win as selectivity grows and
the penalty at very low selectivity is small, we prefer Method 2
whenever possible.

4.2 Fusing with Index Access

We now describe how to fuse index access with column seeking,
progressing from basic to advanced optimizations. Result bitmaps
are backed by vt CUDA registers after the virtual query program
executes (see Section 3.2). As a prerequisite to fusion, we first treat
the index access result as the input tile to the column seeking
phase and eliminates one global memory round-trip.
Block-Local Position Array. Standard prefix sum requires
a multi-pass algorithm with a “spine” phase aggregating partial
sums across blocks. We instead confine the position array within
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Figure 2: Method 1 (direct scanning) vs. Method 2 (materi-
alized position array) on synthetic workloads with varying
selectivity. Higher selectivity causes shared memory over-
flow in method 2.

each thread block. Each block independently performs a prefix
sum, producing a position array in shared memory that subsequent
operations consume without leaving the block.

This confinement limits the maximum number of qualifying rows
per block. A block processing nt Xt bitmap words covers 32xnt Xvt
rows. At selectivity s, the position array requires 32 X nt X vt X s X 4
bytes (4-byte integers). With nt = 256 and 12 KB shared memory,
Method 2 supports selectivity up to 12288/(32 X 256 X vt X 4) =
0.375/vt. For vt = 2, this yields 18.8%; for vt = 4, this yields 9.4%.
Both comfortably exceed SSB’s maximum selectivity of 3.4%.

Dynamic Per-Block Method Selection. Data skew can cause
some blocks to exceed shared memory capacity even when average
selectivity is low. We let each block decide independently: perform
a cheap popcount over the result bitmap, then choose Method 2 if
the position array fits, otherwise fall back to Method 1. This handles
skewed distributions gracefully—blocks with low local selectivity
use Method 2 even when global selectivity is high.

With these optimizations, the fused kernel executes index access,
position materialization, column lookups, and aggregations in a
single pass. Section 8 shows that fusing index access with data
lookup provides substantial end-to-end speedups over a non-fused
baseline that materializes intermediate index results to global mem-
ory: on RTX 5090 D (consumer card, sm_120) at SF=140 we observe
an 1.58% speed from fusion, while on H800 (datacenter card, sm_90)
at SF=300 the speed is 1.33%.

5 FUSED CANDIDATE CHECKING

This section addresses Limitation 3 from Section 1: handling queries
whose predicate boundaries do not align with pre-built index bins.
As introduced in Section 1, boundary bins contain both qualify-
ing and non-qualifying rows that cannot be distinguished without
checking actual column values—a three-valued outcome of certain-
in, certain-out, or uncertain. The challenge on GPU is tracking and
propagating this uncertainty through boolean operations without
spilling to global memory.

There are two common strategies for handling misaligned bound-
ary bins. Eager strategy checks predicate columns immediately



Certain Certain

4 4

Bins: | [0,10) | [10,20) | [2030) | [30,40) | [40,50) |

Possible (Uncertain U Certain)

20 30 40
Query: [15,47)

10 50

Figure 3: Bitmap index bins vs. query range misalignment.
Certain bins [20,30) and [30, 40) are fully within [15,47). Un-
certain bins [10, 20) and [40, 50) partially overlap and require
verification. Possible = Uncertain U Certain.

when an uncertain row is encountered during index access. This can
cause excessive and often redundant reads: in a multi-column AND,
column A may trigger a verification load for a row that column B
would immediately exclude. Deferred strategy postpones checking
until after all index predicates are applied. This reduces futile reads
but typically requires tracking candidates and/or uncertainty per
predicate column. On GPUs, such per-column bookkeeping quickly
becomes the bottleneck: it consumes scarce shared memory quickly
and, once exhausted, introduces extra passes over intermediate
state.

The eager-deferred trade-off has been studied in other contexts,
e.g., interval refinement for predicates [21], designing novel in-
dex structures [5] and selective late materialization in (unindexed)
columnar engines [17]. However, these approaches do not provide
a GPU-friendly mechanism, relying on sequential access patterns.
We design a scheme that tracks uncertainty at row granularity,
propagate it throughout index access and strike a balance between
eager and deferred, detailed in our two-bit representation and its
propagation rules below.

Two-Bit Representation. To balance bookkeeping overhead
and redundant data accesses, we track two bits per row during index
access: certain (c) and uncertain (u). A row is certain if it definitively
qualifies based on index information alone. A row is uncertain if it
falls within a boundary bin and requires data verification. We define
possible as p = ¢ V u: rows that might qualify. Rows with p = 0
are definitively excluded; rows with p = 1,u = 0 are definitively
included; rows with p = 1,u = 1 require candidate checking.

The case without candidate checking (Section 3) is a special
case where u = 0 everywhere: all bins align perfectly with query
boundaries, so every possible row is certain.

Propagation Rules. We derive rules for propagating ¢ and u
through boolean operations. Let subscripts denote operands (1, 2)
and result (r).

For conjunction (AND), a row is certain in the result only if it is
certain in both operands. A row is uncertain if it is possible in both
operands but not certain in at least one:

)
@

Cr c1 Ay

(p1 A p2) A=er = (p1 A p2) A (U1 V)

Ur

For disjunction (OR), a row is certain if it is certain in either
operand. A row is uncertain if it is possible but not confirmed
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certain by either operand:

®)
4

These rules are integrated implicitly into virtual query program
semantics. Each instruction now operates on (p, u) pairs instead
of single bitmaps. The ANDM instruction loads ¢ from middle bins
(fully contained in the query range) and u from boundary bins
(leftmost and rightmost), then applies the AND propagation rules.
ORM operates analogously.

Implementation. Virtual registers now require twice the shared
memory: 2 X ngeg X nt X vt words per block, where n., is the num-
ber of virtual registers. This doubling arises because the original
scheme used one bit to distinguish between definitely excluded and
definitely included rows, while our extended scheme adds one more
bit to track uncertainty, requiring two bits total per row. Each reg-
ister stores both p and u bitmaps. The index access phase produces
two outputs in ry: the possible bitmap and the uncertain bitmap.

The column seeking phase (Section 4.2) proceeds as before, using
the possible bitmap to identify rows that might qualify. For each
qualifying row, we encode whether it is uncertain in the high bit of
its position entry. The subsequent query operations receive both the
row ID and an “uncertain” flag. When a row is marked uncertain, the
operation must verify the predicate against actual column values;
when certain, it can skip verification.

Overhead Analysis. This approach is not perfect, but rather a
balance between eagerness and laziness: since we track only aggre-
gate uncertainty (not per-column), we must access every predicate
column for uncertain rows even if only one column caused the
uncertainty, unlike fully deferred lookup. It is a price we pay for
operating fully on-chip. The doubled shared memory requirement
reduces either the number of virtual registers or vt; Section 6 quan-
tifies this trade-off. The expected fraction of uncertain rows is
bounded by s - 2k/b, where s is selectivity, k is the number of in-
dexed columns, and b is the bin count per column. For our Sparse
layout (b = 6, k = 3), roughly as many rows need verification
as pass the filter. In SSB selectivities are 0.02-3.4% and thus the
absolute count is small. This is consistent with the 8.8% overhead
we observe at SF=140 (Section 8.5).

Section 8.5 shows that worst-case all-unaligned candidate check-
ing is only modestly slow over aligned boundaries: full checking is
8.8% slower than no checking on geometric mean at SF=140 (and
16.4% slower at SF=300 on H800). Even with this overhead included,
we still substantially outperform the non-indexed join and previous
perfectly-aligned indexed baseline.

¢ =c1 Ve

(p1V p2) A ey
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6 DISCUSSION
6.1 Shared Memory Budget

The techniques presented in Sections 3-5 share a common re-
source: shared memory. Here we analyze how to balance com-
peting demands and provides concrete configuration guidelines.
With nt threads per block and vt values per thread, virtual registers
consume neg X nt X vt X 4 bytes without candidate checking, or
2 X ngeg X nt X vt X 4 bytes with candidate checking (Section 5). On
consumer GPUs (all recent generations of RTX series), achieving
100% occupancy limits shared memory to approximately 12 KB per



block. With nt = 256 and n.z = 3 (sufficient for complex queries
per Section 3.1): without candidate checking, 3256 X vt x4 < 12288
yields vt < 4; with candidate checking, 6 X 256 X vt X 4 < 12288
yields ot < 2.

ILP vs. Method 2 Selectivity. The parameter vt controls in-
struction level parallelism: larger vt keeps the GPU’s execution
units busier by providing more independent operations per thread.
However, ot also affects Method 2’s applicability (Section 4.2). Each
block processes 32 X nt X vt rows; at selectivity s, the position array
requires 32 X nt X vt X s X 4 bytes. With 12 KB available after freeing
virtual registers, vt = 2 supports selectivity up to 18.8% and vt = 4
up to 9.4%. SSB’s maximum selectivity is 3.4%, so both configura-
tions suffice. For workloads with higher selectivity, reducing vt or
relying on Method 1 fallback (Section 4.2) may be necessary.

Table 1: Shared memory configuration trade-offs across GPU
tiers (nreg = 3, nt = 256).

GPUTier SMEM Cand. Chk? ot ILP Max Sel.
Consumer 12 KB No 4 High 9.4%
Consumer 12 KB Yes 2 Medium 18.8%
Datacenter 19 KB No 6 Very High 14.1%
Datacenter 19 KB Yes 3 High 28.1%
Datacenter 26 KB Yes 4 High 37.5%

"At 75% occupancy (acceptable for memory-bound workloads).

For consumer GPUs with 12 KB shared memory, we recommend
nreg = 3 and ot = 4 without candidate checking, or ot = 2 with
candidate checking. Three registers express queries of substantial
complexity (Section 3.1), vt = 4 provides adequate ILP, and the 9.4%
selectivity limit covers typical analytical workloads.

On the other hand, at 100% occupancy, datacenter GPUs provide
approximately 19 KB shared memory; at 75% occupancy (accept-
able for memory-bound workloads), this increases to 26 KB. With
19 KB and 3 registers, without candidate checking vt < 6 and with
checking vt < 3. The higher vt improves ILP and partially com-
pensates for reduced occupancy. At 26 KB with 75% occupancy,
vt = 4 becomes feasible even with candidate checking, matching
the non-checking consumer configuration. Our implementation
fixes neg = 3 based on the observation that SSB queries (and most
analytical queries) do not require deeper nesting. For workloads
requiring more registers, reducing vt accommodates additional
registers at the cost of ILP.

6.2 Compatibility with Frontend Strategies

Our backend exposes a compact, explicit interface: the frontend is
expected to provide (i) a set of bitmap operands (bins), which is
common for backends to request; and (ii) an instruction sequence
describing how to combine them. This decouples plan selection
(e.g., operand ordering and binning choices) from plan execution
(a single fused kernel evaluating the resulting program) and make
our backend compatible to varieties of frontend strategies:
Predicate ordering. Since bitmap AND/OR are commutative
(and associative within an AND/OR group), the frontend can re-
order operands to match classic selectivity-based heuristics [34] and

2860

feed reordered execution plan directly into our backend. Reordering
increases effectiveness of our memory-operand instructions (Sec-
tion 3.3) that skip bin loads when long sequences of 0 appear in
any stage of execution.

Binning strategies. Techniques that adjust bin boundaries for a
workload (e.g., to reduce boundary overlap) [28] are complementary
to our candidate checking. Boundary tuning reduces the rate of
uncertainty by shrinking partially-overlapping bins, but bins can be
processed identically afterwards. The number of bins per column
presents a clear trade-off: more bins improve filtering precision
(fewer rows fall in boundary bins) but increase the number of
bitmaps that must be ORed together during index access, consuming
more memory bandwidth. Fewer bins reduce memory usage and OR
cost but increase boundary-bin rows requiring candidate checking.
Our evaluation (Section 8) explores this trade-off empirically with
three fixed layouts (Sparse, Medium, Dense) that span the practical
range and show small number of bins provide best performance-to-
memory ratio.

Other frontend techniques, like runtime profiling based query
plan generation [42] and query-aware prefetching [43] are largely
orthogonal. Such techniques are applied to the underlying column
storage and data movement policies and is unrelated to our index
execution model. We now list several similar orthogonal concerns
that lie outside the scope of this work but are worth mentioning.

6.3 Orthogonal Concerns

Modularity and Composability. Kernel fusion often cripples
modularity. Our implementation addresses modularity at two levels.
At compile time, the fused kernel is a C++ template parameterized
by launch parameters and device function lambdas composed at
compile time (i.e. Crystal / NVIDIA CUB style). At runtime, the
downstream function accepts a boolean chk parameter controlling
whether uncertain rows are verified, so the same kernel handles
both aligned and misaligned cases. Current implementation tar-
gets star/snowflake style group aggregation; supporting additional
operator types would require new device function templates.

Multi-GPU scaling. Bitmap-like indexes are generally stored
denormalized [19] and, in this way, inherently parallelizable: each
bit corresponds to exactly one fact-table row, so indexes can be
trivially partitioned across devices by row ranges. Multi-GPU query
execution is primarily a data sharding and communication problem
on the query side [9, 18, 25]; our per-device indexing techniques
apply unchanged to each partition.

Index updates. We use uncompressed bitmaps (Section 7), which
support O(1) single-row updates by flipping the relevant bit. For
bulk updates and more sophisticated maintenance strategies (e.g.,
delta structures, deferred reconstruction), we refer readers to Up-
Bit [4] and Concurrent Updatable Bitmap Indexing [38]. To our
knowledge, no prior work addresses GPU-specific update optimiza-
tions; this remains an open problem orthogonal to our query-time
contributions.

7 DATABASE INTEGRATION

Baseline Optimizations. Given the lack of database integration in
previous GPU indexing works and the fusion techniques described
in previous sections, we were naturally interested in demonstrating
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Figure 4: Our join baseline vs. Crystal on SSB SF=20.

usability in a full system. As a proof of concept, we integrated our
approach with Crystal [30], a fully fused query backend without
indexing support. We optimized as many chokepoints in Crystal as
possible. We applied Variable Byte integer storage: columns with
values fitting in 8 or 16 bits use int8 or int16 types instead of 32-bit
integers. Unlike bit-packing schemes [31], native integer types incur
no decoding overhead compared to bit packing while retaining most
memory traffic reduction capabilities [39]. This allows SF=140 to
fit in GPU memory on our platform (32GB VRAM), whereas vanilla
Crystal only fits SF=50. We also applied predicated loads [6] and
efficient group aggregation techniques [8, 40].

Figure 4 compares our optimized join against vanilla Crystal at
SF=20. We achieve 3.31X geometric mean speed, ranging from 1.88%
(Q3.1) to 5.58% (Q4.1). The largest gains come from Q4.x queries,
which involve more complex joins and aggregations where newly-
added techniques shine the most. We implement fused bitmap in-
dexing techniques described in previous technical sections (Section
3.1, 4.2, and 5) upon this optimized baseline. This results in a fused,
full-featured GPU query backend supporting a pipeline from index
access to final result output in a single kernel, which is the first of
its kind to our knowledge.

Backend Interface. We assume that the frontend populates
the virtual query program by placing pointers to relevant bins, a
straightforward procedural task. The query interface resembles
Crystal: both accept a device function that evaluates predicates and
returns values for aggregation. Frontend techniques in Section 6.2
are accepted: one can strategically bin columns beforehand, and
based on runtime statistics, reorders predicates and produces their
results in the form of optimized virtual query program.

Index Creation, Update, and Deletion. Since our prototype
uses uncompressed bitmaps, updates are trivial: flip the relevant
bits. Deletion reconstructs affected bitmaps or uses delta structures
to defer reconstruction [16, 38]. For creation, we fuse materializa-
tion of all bins: a single pass over the data populates all indexes
simultaneously. This contrasts with compressed schemes that re-
quire separate encoding passes. Our approach trades comparable
memory usage (within 1% for Sparse layout) for 4.4X construction
speed and simpler update operations that avoid decompression
overhead. Section 8 compares construction time and memory usage
against compressed GPU bitmaps.

8 EXPERIMENTAL EVALUATION

Datasets. We use the Star Schema Benchmark (SSB) [24] at scale
factors (SF) 20 and 140, comprising 120M and 840M rows respec-
tively. SF=20 is necessary since baselines (e.g. RTScan) only support
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SF=20 due to their implementation details. For the server-GPU
study on H800 (Section 8.7), we additionally run SSB at SF=300.
SSB contains 13 queries across 4 query flights with selectivities
ranging from 0.02% to 3.4%. We focus on SSB because Crystal, the
fastest GPU query backend (Section 2.3), is limited to star/snowflake
schema joins; extending to more complex query patterns (e.g., TPC-
H) would require reimplementing the query engine itself, which
is orthogonal to our indexing contributions. For controlled exper-
iments, we generate synthetic data with 840M rows (matching
SF=140), varying selectivity from 1/256 (0.39%) to 4/5 (80%) and
Zipfian skewness from 1.04 to 1.20. The synthetic schema consists
of a fact table with two 16-bit or 32-bit attributes and a foreign
key to a dimension table; the dimension table has a 32-bit filter
attribute and an 8-bit group-by attribute (256 groups). The query
evaluates (fa; € [loy, hiy) V fay € [loy, hiz)) A day € [los, hi3)
with a foreign-key join and group-by aggregation, where fa and
da denote fact and dimension tables respectively.

Bin Configuration. We evaluate three fixed bin layouts, all
created offline without query knowledge. Each layout is a superset
of the previous, so coarser bins remain accessible for long-spanning
predicates. Sparse builds one bin per year for date, per continent for
city columns and equal-width bins for others, averaging 5-7 bins
per column. Medium adds finer equi-width bins and country-level
city bins (25 countries). Medium layout retains sparse binning on
date and supplier city where finer granularity adds little, whereas
Dense layout further adds those bins.

The three fixed layouts serve as a bin-count experiment: Sparse
uses 5-7 bins per column, Medium uses 8-25, and Dense uses up to
80. Sparse and Medium are practical operating points; Dense trades
memory for additional speedup. Notably, denser layouts are built
on top of sparser ones, and thus avoids merging many bitmaps on
wide-spanning predicates.

Competitors. We compare against WAH [22, 36, 37] (GPU
Word-Aligned Hybrid compressed bitmaps; since WAH does not
support candidate checking, we give it perfect bin alignment, aka.
best case), RTScan [19] (ray-tracing-based index; conjunctive se-
lections only, SF=20 only due to memory limits), and Join (our
optimized non-indexed baseline, Section 7).

Setup. Unless otherwise noted, experiments run on a system
with an NVIDIA RTX 5090 D GPU connected to an AMD EPYC 9654
CPU (96 total cores, 24 schedulable in our instance), running on
CUDA 13.0. We additionally evaluate on a server GPU platform with
an NVIDIA H800 PCIe 80GB GPU (2 TB/s bandwidth) connected to
a Xeon Platinum 8458P CPU (44 cores, 20 schedulable cores); we
report these results in Section 8.7. All measurements exclude data
transfer time (data reside in GPU memory) and report the average
of 100 runs after 1 warmup run.

8.1 Overall Performance

Figure 5 compares execution time across all 13 SSB queries at SF=20.
We show all three bin layouts (Sparse, Medium, and Dense) for
our approach. We also include WAH-compressed bitmaps (perfect
alignment), our optimized non-indexed baseline (Join), and RTScan.
In WAH, we add the materialization overhead and table lookup
time since it only produces intermediate bitmaps. RTScan returns
row IDs directly so only table lookup time is added.
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Figure 5: Query execution time on SSB at SF=20. Three bin layouts (Sparse, Medium, Dense) are shown for our approach. For
WAH, we add materialization and table lookup time to the index access time since WAH only produces bitmaps. WAH uses
perfect bin alignment (best case). RTScan is limited to Q1.x (conjunctive selections).
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Figure 6: Index construction time and memory usage at SF=20.
Three bin layouts shown for both our approach and WAH.

Our Sparse layout achieves a geometric mean of 0.127 ms, out-
performing WAH’s best-case (0.164 ms, 1.30X) and non indexed
join (0.522 ms, 4.11X). Medium and Dense layouts are faster still
(0.088 ms and 0.078 ms). Denser binning does improve query perfor-
mance at the cost of memory. Memory usage details in Section 8.2.
RTScan achieves uncompetitive performance on SF=20 Q1.x queries
(0.35-0.56 ms) and cannot express queries requiring disjunctions
or joins (Q2.x-Q4.x).

8.2 Index Creation and Memory Usage

We compare index construction time and memory footprint at
SF=20 (Figure 6) because the temporaries allocated by RTScan will
exceed our 32G GPU memory budget when using higher SF.

For the Sparse layout, our uncompressed bitmaps construct with
4.4x speed of WAH (9.3 ms vs 41.0 ms) with comparable memory
(443 MB vs 447 MB). The Medium layout (22.6 ms, 1101 MB) and
Dense layout (50.4 ms, 3018 MB) trade more construction time and
memory for the query-time speedups shown in Section 8.1. Notably,
despite using 2x and 7x memory respectively, Medium and Dense
binning do not provide 2X speeds compared to Sparse binning. We
experimentally conclude that a small number of bins captures most
of the filtering benefit, and too fine-grained binning may bring di-
minishing returns. We therefore recommend memory-saving sparse
binning in practical GPU bitmap indexing deployments.

WAH construction scales similarly: 96.7 ms (Medium) and 268.9 ms
(Dense). In all configurations, our construction is faster than WAH
because we simply scatter bits into pre-allocated arrays while WAH
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must identify and encode runs, and we create all bins in a single
data pass (Section 7). RTScan is orders of magnitude more expensive
to build: 27.2 s, roughly 2900 slower than our Sparse approach,
and it uses substantially more memory (8.8 GB) due to its ray-based
spatial indexing structure storing 3 32b floats per data point.

8.3 Scalability

Figure 7 shows results at SF=140 (840M rows). RTScan is excluded
because it exceeds GPU memory. Our Sparse layout achieves a
geometric mean of 0.836 ms, 4.31x the speed of unindexed join
(3.604 ms) and 1.40x of best-case WAH (1.168 ms). Medium (0.579 ms)
and Dense (0.508 ms) provide further speedups. The proportional
relationships remain consistent with SF=20: 7X more rows yield
approximately 6.6X longer execution. Dense and Medium converge
on queries where the Sparse layout already covers most bins (e.g.,
Q3.1, Q4.1-Q4.2), while the gap is largest on queries with many
boundary bins (e.g., Q1.2, Q3.4, Q4.3).

The consistent speedup ordering (Dense > Medium > Sparse)
confirms that more bins improve filtering precision, while the mod-
est gaps (Dense is 1.64% the speed of Sparse at SF=140 geometric
mean) confirm our conclusion in Section 8.2 that even a small num-
ber of bins capturing most of the filtering benefit.

8.4 Ablation: Fusion Progression

Figure 8 shows five execution modes (Sparse layout): (1) No-fuse:
three separate kernels for index access, materialization, and down-
stream query. (2) Naive merge: all stages in one kernel without
VQP or downstream optimizations. It is the elementwise-style fu-
sion tensor frameworks would produce if this pipeline were express-
ible as tensor programs. (3) VQP-only: virtual program for index
access, but components remain separate. (4) Ours: fully fused with
VQP, results in registers throughout. (5) Dedicated: hand-written
compile-time kernel as performance ceiling.

Across all 13 SSB queries (geometric mean), three separate ker-
nels without virtual program take 2.668 ms. The elementwise naively
merged kernel reduces this to 1.988 ms (1.34x). Adding the virtual
program to the separate-kernel baseline brings it to 1.322 ms. Our
fully fused kernel achieves 0.836 ms, a 3.19% speed over the three-
kernel baseline. The gap between naive merging and our approach
(2.38x) demonstrates that elementwise-style fusion is insufficient: it
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Figure 8: Fusion progression on representative SSB queries
(SF=140, Sparse layout). Five execution modes from left to
right: (1) no fusion at all (stacked bars showing index, ma-
terialize, and process phases); (2) all stages naively merged
into one kernel; (3) three separate kernels (stacked) with vir-
tual program; (4) our fully fused kernel; (5) hand-written
compile-time kernel as performance ceiling,.
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Figure 9: Impact of bin alignment on query execution time
at SF=140. Rightmost bar shows geometric mean across all

13 SSB queries.

cannot eliminate the sparse-to-dense materialization step or exploit
the register-level data flow that our design enables. The compile-
time kernel (0.829 ms) shows our virtual program overhead is only
0.8%, confirming that runtime interpretation adds negligible cost.

8.5 Ablation: Alignment Scenarios

To isolate the impact of candidate checking, we evaluate three con-
trolled alignment scenarios at SF=140 using query-aware fixed-bin
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configurations. These controlled scenarios quantify misalignment
overhead ceiling and complement the fixed-layout results in Sec-
tions 8.1-8.3:

e Perfect: Bin boundaries exactly match query predicates
(best case, no candidate checking).

e Aligned: 4 bins per predicate but boundaries align (com-
mon case, no candidate checking).

e Misaligned: 4 bins with all left and right misaligned (worst
case, requires candidate checking).

Figure 9 shows the results. Aligned, the common case where
queries span 4 bins with aligned boundaries, achieves 0.624 ms geo-
metric mean. Perfect alignment (0.380 ms) represents an unrealistic
best case using exactly one bin per predicate with no OR-ing of
multiple bins. It is always faster than Aligned on every single case
due to strictly less work done and is 39.1% faster. The key metric
is Misaligned overhead over Aligned: only 8.8% slower (0.679 ms
vs 0.624 ms), demonstrating that candidate checking adds modest
cost even in worst-case misalignment. All scenarios substantially
outperform the non-indexed Join baseline (3.604 ms): Aligned is
5.78X its speed and even worst-case Misaligned is 5.31X.

8.6 Synthetic Workloads

To understand sensitivity to workload characteristics independent
of misalignment overhead, we use synthetic data (840M rows, same
row count as SF=140) with a controlled bin layout: a fixed bin count
per column, with three alignment scenarios (Perfect, Aligned, Mis-
aligned) as defined in Section 8.5. This same configuration is used
across all selectivity and skewness levels.

Selectivity Sensitivity. Figure 10 top-left panel varies selectiv-
ity from 1/256 (0.39%) to 4/5 (80%) at fixed skewness 1.12. At low
selectivity, Misaligned consistently outperforms WAH’s best-case
Perfect alignment (0.45% at 1/256, 0.65X at 1/64). As selectivity in-
creases, Misaligned time grows due to a) more rows passing filtering
as uncertain bins, thus boosting index phase intermediate selectivity,
and b) more blocks falling back to Method 1. Join (6.69 ms) outper-
forms Misaligned (9.61 ms) at selectivity 4/5 skewness 1.16, and is
neck-and-neck at selectivity 2/5 skewness 1.12 (top-left Figure 10).
Above 1/4 selectivity and 1.12 skewness, Join becomes competitive
and eventually overtakes indexed execution, because boundary bins
inflate effective bin selectivity beyond the nominal value. Perfect
and multi-bin Aligned configurations converges below Join even at
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Figure 10: Synthetic workload performance. Top: selectivity
(left) and skewness (right) sensitivity. Bottom: after vs. before
speed (non-fused / fused) across selectivity levels.

high selectivity as aligned filtering not needing candidate checking
remains beneficial.

Skewness Sensitivity. The top-right panel varies Zipfian skew-
ness from 1.04 to 1.20 at fixed selectivity 1/32. Query predicates
are drawn uniformly over the value domain, so skew affects how
many rows fall in boundary bins rather than the nominal selectivity.
At low skew (1.04), Misaligned (2.29 ms) comfortably outperforms
WAH (2.89 ms). As skew increases, popular values concentrate
in fewer bins, causing Misaligned time to grow sharply (3.87 ms
at skew 1.12, 6.36 ms at 1.20) while WAH remains stable around
2.97 ms because its perfect bins are unaffected by value distribution.
At skew 1.12 and above, Misaligned exceeds WAH. The skew sensi-
tivity is driven by boundary bins: skewed distributions place more
rows in boundary bins, increasing candidate checking workload.
Perfect and Aligned configurations, which avoid boundary bins,
remain stable across all skewness levels.

Fusion Speedup. Bottom panel shows fusion speedup (non-
fused / fused) across selectivity levels. Perfect achieves 1.5-1.7x and
Misaligned 1.4-1.7x. At low selectivity, fixed cost of materialization
is more prominent, leading to larger fusion benefits. As selectivity
increases, more work shifts into candidate checking and column
access; fusion speedup correspondingly tapers but remains visible.

8.7 Server GPU (H800) Results

To understand whether our design remains effective across GPU
architectures, we repeat the key experiments on an NVIDIA H800
PCle 80GB (sm_90). We expand scale factor to SF=300.

Overall Performance. Figure 11 shows overall performance at
SF=300. Our Sparse layout achieves a geometric mean of 2.377 ms,
4.54% the speed of non indexed join (10.794 ms) and 1.21x of best-
case WAH (2.872 ms). Medium (1.710 ms) and Dense (1.520 ms) pro-
vide further speedups, consistent with the consumer GPU trends.

Fusion Progression. Figure 12 shows the fusion progression
on H800. No-fuse to Ours achieves 2.66X (vs 3.19x on RTX 5090

2864

251 mmm Ours Sparse [ Ours Dense I Join
20 Ours Medium I WAH (Best-case)
m
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Q
£
i= 104
-
bl
04
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Figure 11: Query execution time on SSB at SF=300 on the
H800 (selected queries). Three bin layouts shown for our
approach. WAH uses perfect bin alignment (best case).

I Index Phase of No Fusion
Materialization Phase

Processing Phase BN Dedicated

BN Basic Fusion

VQP Fusion Only
W Ours (fully fused)

bl

Figure 12: Fusion progression at SF=300 on the H800, follow-
ing the same structure as Figure 8.

Time (ms)

¥

D); naive merge to Ours achieves 1.99% (vs 2.38X). Notably, naive
merging achieves nearly identical gains to no fusionn on both plat-
forms (1.33% vs 1.34X). The difference is specific to VQP fusion: the
consumer GPU achieves 1.58X fusion speed versus 1.33x on H800.
This reflects the H800’s tighter register budget (100% occupancy
at 32 registers/thread vs 40 on the consumer GPU), which limits
the fused kernel’s ability to keep execution units on-chip. VQP
overhead is 4.6% vs 0.8% on the consumer GPU for the same reason.

9 CONCLUSION

We present a fused bitmap indexing approach for GPU query en-
gines that supports arbitrary boolean predicates, eliminates pipeline
breakers between index access and query execution, and remains
robust under misaligned query boundaries via a two-bit candidate
checking scheme. On practical bin layouts, we achieve 4.31X speed
over an optimized non-indexed baseline and 1.40X over WAH at
best-case alignment at SF=140; our VQP-specific fusion reaches
3.19% versus 1.34X for elementwise-style fusion. Future work in-
cludes extending to more complex operator types and adaptive
binning strategies.
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