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Abstract

Range-top-k queries retrieve the top-k elements within an arbitrary
subrange of a large array and are a key primitive in real-time ana-
lytics. Unlike one-shot top-k selection, practical deployments issue
large volumes of queries over varying and often overlapping ranges,
frequently interleaved with streaming updates. In this setting, ap-
plying conventional GPU top-k kernels per query is inefficient: each
query triggers range rescans or O(n)-scale passes that overwhelm
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HBM bandwidth, thrash on-chip caches, and provide little reuse
across overlapping windows.

We present BCCE, a GPU-co-designed, block-centric engine that
makes range-top-k efficient by exposing a reusable intermediate
representation of the data. BCCE partitions the array into locally
sorted blocks and builds a compact interval-aware auxiliary in-
dex, reducing each query to a small set of contiguous active slices
that remain amenable to SIMT execution. Queries are answered
via a two-layer search: a global rank-thresholding step identifies
the candidate value interval, followed by block-local verification
restricted to the corresponding slices. This design constrains the ac-
tive working set to O(+/n) and achieves O(+/nlog n) per-query time
with largely coalesced accesses and high on-chip reuse. To further
improve throughput, BCCE employs a DP-based cache placement
policy to keep hot slices resident in L2 or shared memory, and a
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range-grouped batching scheme that amortizes PCle transfers for
out-of-core datasets by reusing fetched slices across queries. Finally,
BCCE supports incremental, block-local insertions and deletions
without global rebuilds, sustaining performance under continuous
data evolution. Across 17 datasets, including up to 70B elements
(256 GB), BCCE achieves sub-millisecond query latency and up to
56,308% higher throughput than state-of-the-art GPU baselines,
while performing billion-scale dynamic updates in milliseconds.

CCS Concepts

« Computer systems organization — Parallel architectures; «
Computing methodologies — Parallel algorithms.
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1 Introduction

Top-k queries aim to identify the k smallest or largest elements from
a dataset and serve as a core operation in numerous application
domains, including online analytical processing (OLAP) [13, 27, 55,
57], approximate nearest neighbor search (ANNS) [1, 7, 25, 51, 52],
retrieval-augmented generation (RAG) [14, 29, 53], sparse attention
in long-context LLM inference [8, 32], scientific computing [22,
31, 41], information retrieval [10, 35, 38, 56], and recommendation
systems [3, 6, 9, 18, 24, 44, 54].

While top-k queries have been extensively studied in the liter-
ature, many real-world systems issue a massive number of top-k
queries over varying subranges of a large dataset. These queries are
used to extract the most relevant or high-impact entries under strict
real-time constraints. We refer to this workload as the Range-Top-
k Query: given a specified subrange [[, r] of the data array, the goal
is to retrieve the top-k elements within that range. Range-top-k
queries underpin a wide spectrum of real-time analytics workloads
operating on high-volume, high-velocity data. In fraud detection,
systems continuously retrieve the top-k highest-risk transactions
within varying time windows for risk scoring. In dynamic Approxi-
mate Nearest Neighbor Search (ANNS) [30, 42, 43, 59], top-k vectors
must be retrieved within temporal windows to support applications
such as retrieval-augmented generation (RAG) and real-time video
recommendations. Range-top-k queries likewise drive online mar-
keting and personalization pipelines, where recent user interactions
are ranked to identify the most relevant customer segments.
Example. A representative use case arises in real-time fraud detec-
tion (e.g., money laundering) for online payment platforms. Fraud-
sters often evade detection by dispersing illicit funds across many
small transactions or by mixing small and large ones, thereby weak-
ening traditional risk-scoring mechanisms. Modern risk-control
systems therefore examine recent transaction histories and extract

250

Chengying Huan et al.

SELECT =
FROM transactions
WHERE user_id = 'USER_ID'
AND transaction_time BETWEEN CURRENT_TIMESTAMP - INTERVAL 24
HOUR AND CURRENT_TIMESTAMP
ORDER BY amount DESC
LIMIT 10;

Listing 1: Example of a Range-Top-k query in SQL

the top-k highest-value transactions within a given time window
for risk assessment [33]. Listing 1 shows an SQL query retrieving
the top 10 transactions for a user in the past 24 hours. For efficient
processing, each user’s transactions are stored in an append-only
array, enabling the query to be executed as top-k selection over the
subrange [I, r] corresponding to the time window.

Existing Methods. Prior work on GPU top-k processing has largely
focused on one-shot selection over the entire input array. To meet
latency demands, these algorithms are commonly implemented
on GPUs [26, 48, 60], leveraging massive SIMT parallelism and
high HBM bandwidth. However, their algorithmic structure is fun-
damentally query-ephemeral: each invocation consumes the in-
put once, produces the answer, and discards intermediate states.
As a result, these methods provide limited opportunities to (i)
amortize work across many queries, (ii) reuse computation un-
der overlapping ranges, or (iii) support continuous updates without
recomputation. Current GPU top-k engines can be broadly grouped
into three paradigms. (i) Sorting-based methods sort the entire
dataset and then take the top-k [4, 28, 49], incurring O(nlogn)
time and fully materializing the global order. (ii) Partial-sorting-
based methods (e.g., BlockSelect [26] and Bitonic Top-K [48]) reduce
the sorting scope using bitonic networks [5], typically achieving
O(nlog? k) and working well for small k under one-shot invocation.
(iii) Partition-based methods [2, 11, 46, 58] perform iterative bucketi-
zation (e.g., radix-style) to isolate the top-k region; RadixSelect [18]
can reach O(n) time but may require non-trivial CPU participation,
while Air Top-K [58] moves the iterations onto the GPU to reduce
CPU-GPU communication, yet still executes O(n)-scale passes per
query. Overall, these designs are effective when the objective is one
top-k over one array snapshot, but they do not directly optimize
for range restriction, reuse, or dynamic maintenance.
Limitations in the Range-Top-k Setting. Range-top-k workloads
differ from one-shot selection in a crucial way: systems must serve
a large stream of queries over varying subranges of a shared dataset,
often with strong temporal locality (overlapping windows) and
frequent data updates. In this setting, a one-shot kernel becomes
the wrong unit of work: it (i) cannot reuse intermediate information
across overlapping ranges, (ii) stresses the GPU hierarchy with
large, non-resident working sets (especially out-of-core), and (iii)
collapses under streaming updates that trigger global recomputa-
tion. We distill these challenges into three key observations and
corresponding design objectives in Section 3.

Contributions. To bridge algorithmic and architectural gaps of
one-shot GPU top-k kernels in the range-top-k regime, we propose
BCCE, a GPU-co-designed BloCk-CEntric engine that jointly op-
timizes (i) the per-query computation model, (ii) the GPU memory
hierarchy and out-of-core execution, and (iii) dynamic maintenance
under streaming updates. The central idea is to expose a reusable
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Table 1: Time and Space (Runtime) Complexity Comparison.

BCCE (Ours)

O(Vnlogn)
O(¥n)

GridSelect [58], RadixSelect [18],
Bitonic Top-K [48] Air Top-K [58]
Time O(nlog?k) O(n)
Space O(n) O(n)

intermediate representation by a compact global auxiliary index
coupled with block-local ordering that reduces each query to a
small set of contiguous active slices while preserving SIMT-regular
execution. Thus, BCCE limits each query’s active working set to
O(+/n) and its runtime to O(y/nlogn) (see Table 1), achieves sub-
millisecond latency and high QPS at billion-scale, and supports
block-local incremental updates without global rebuilds. Our key
contributions are:

e GPU-Co-Designed Hierarchical Execution Model. We intro-
duce a block-centric execution model for range-top-k queries that
partitions the array into locally sorted blocks and answers each
query via a two-layer search guided by a compact interval-aware
auxiliary index. The first layer performs global rank-thresholding
across covered blocks to identify the candidate value interval of
the k-th order statistic, and the second layer performs block-local
verification restricted to the corresponding active slices. This struc-
ture transforms per-query work from full-range rescans to slice-
restricted searches, yielding O(+/n log n) per-query complexity while
maintaining SIMT-friendly kernels (uniform per-thread control
flow, balanced per-block work, and high occupancy).

e Memory-Efficient Querying with Cache- and I/0-Aware Op-
timization. BCCE confines the GPU-side query footprint to O(+/n)
by accessing only the active slices implied by the auxiliary index,
enabling these slices to remain cache-resident and to be accessed
with largely coalesced memory patterns. Building on this block-
centric locality, we develop a dynamic programming (DP)-based
cache placement policy that prioritizes high-frequency slices for
on-chip residency (L2/shared memory), reducing global-memory
traffic and mitigating memory-stall-induced occupancy loss. For
out-of-GPU-memory datasets, we further propose range-grouped
batching that clusters queries by interval ID so that each required
slice is transferred once and reused across many queries, amortizing
PCle transfers and enabling overlap between data movement and
GPU computation.

¢ Incremental, Block-Local Dynamic Maintenance under Up-
dates. BCCE supports streaming insertions and deletions without
global rebuilds by making both the block layout and the auxil-
iary index incremental-friendly. Updates are localized to the af-
fected blocks: insertions append or locally modify blocks, while
deletions remove or adjust impacted regions; the auxiliary index
is maintained through lightweight prefix-difference adjustments
with constant-time updates per block. This yields low maintenance
overhead with O(mlog n) for inserting m elements and O(+/n) for
deletions, while preserving locality and sustaining query through-
put under continuous data evolution.

e Scalability and End-to-End Performance at Scale. We imple-
ment BCCE on modern GPUs and evaluate it on 17 datasets (16
synthetic and 1 real) with up to 70B elements. BCCE achieves
sub-millisecond latency and up to 56,308.3% higher throughput
than state-of-the-art CPU and GPU baselines, with consistent gains
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across in-memory and out-of-core settings as well as under dy-
namic updates. In individual comparisons, BCCE attains speedups
of 14659.3%, 771.1X, 957.7X, 1,502.4%, 13,964.1X, and 52,433.1X over
Wavelet Trees, GridSelect, RadixSelect, Air Top-K, Bitonic Top-K,
and BlockSelect, respectively.

2 Background

2.1 Problem Definitions

We denote a one-dimensional array as A[1...n] or simply A[],
where n is the total number of elements. Each element at position
i is accessed using index notation A[i], where 1 < i < n. The
subarray [A[l],..., A[r]] refers to the contiguous segment of A
from index [ to r, inclusive, with 1 <[ <r < n.

DEeFINITION 1 (Tor-k QUERY). Given an input data array A[], the
top-k query retrieves the k largest (or smallest) elements from the full
array [A[1],...,A[n]].

In this paper, we extend the top-k query to a more practical
setting: the range-top-k query, which retrieves the k largest (or
smallest) elements within a specified subarray.

DEFINITION 2 (RANGE-ToP-k QUERY). Given a query (I, r, k) over
an input array A[], the range-top-k query returns the k largest (or
smallest' ) elements in the subarray [A[l], ..., A[r]].

2.2 GPU Architecture

GPUs are widely adopted in top-k query processing to achieve
low latency and high throughput [15, 18-20, 23, 58]. In this subsec-
tion, we introduce the architecture of NVIDIA GPUs, which are
specifically designed for high-throughput parallel computation.
Thread Hierarchy. A GPU kernel launches a grid of thread blocks
(CTAs). Blocks are scheduled onto Streaming Multiprocessors (SMs)
and contain warps of 32 threads executing in SIMT. Parallel effi-
ciency is governed by warp utilization and occupancy (the fraction
of active warps on an SM), which in turn depends on per-block use
of registers and shared memory.

Memory Hierarchy. Modern GPUs employ a multi-level memory
hierarchy comprising off-chip high-bandwidth memory (HBM, or
global memory), a unified on-chip L2 cache that buffers global-
memory accesses from all SMs, and per-SM shared memory. Global
memory offers large capacity but incurs high latency, whereas
shared memory is a small programmer-managed scratchpad with
lower latency and higher on-chip bandwidth, enabling efficient data
reuse within a thread block and reducing pressure on L2 and HBM.

3 Motivation and Design Principles
3.1 Motivating Workload: Range-Top-k at Scale

Range-top-k queries retrieve the top-k elements within an arbitrary
subrange [/, r] of alarge array and serve as a foundational primitive
in real-time analytics. In contrast to one-shot top-k selection, practi-
cal deployments must sustain (i) high query volume over (ii) varying
and often overlapping ranges, frequently under strict tail-latency

!Since finding the k smallest elements trivially reduces to finding the k largest, we
focus on the top-k largest case only throughout this work.
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objectives and in the presence of (iii) continuous updates (appends,
deletions, or sliding-window maintenance). These characteristics
fundamentally change what dominates performance: the critical
bottleneck is no longer a single kernel’s throughput on a static
array, but rather the system’s ability to amortize work and data
movement across a stream of correlated queries while preserving
predictable GPU execution.

State-of-the-art GPU top-k kernels are optimized for query-
ephemeral full-pass execution: each query triggers substantial scan-
ning, partitioning, or partial sorting over the input (or the query
subrange), then discards intermediate state. This structure becomes
inefficient in the range-top-k regime for three reasons.

No GPU-Efficient Reuse Model for Many Overlapping Ranges. State-
of-the-art GPU top-k kernels are organized as full-pass procedures:
each query triggers scan or sorting passes that touch a substantial
fraction of the queried data, and often degenerates to rescanning
large regions. For example, Air Top-K performs O(n) histogram
and scan passes per query [58], effectively restarting the selection
pipeline for every subrange. This is fundamentally mismatched to
range-top-k workloads, where (i) adjacent queries overlap heavily
and (ii) the system must sustain high QPS under tight per-query
deadlines. Repeated full-pass executions saturate HBM bandwidth
and offer almost no computational reuse across overlapping ranges.
Empirically, on a 256 GB dataset (Fig. 1), Air Top-K reaches 3,200 ms
per query (compute only), scaling linearly with n. Achieving real-
time range-top-k thus calls for a different GPU model:one that ma-
terializes a reusable intermediate representation (beyond transient
per-query kernel state) while maintaining SIMT regularity. Naively
adding indexing or pruning on GPUs is challenging: irregular con-
trol flow causes warp divergence, range-dependent work leads to
load imbalance, and large per-query state reduces occupancy.

High I/O Overhead and Cache Thrashing. Range-top-k systems fre-

quently operate on datasets that exceed GPU HBM capacity, forcing
query-time data movement from host memory and amplifying I/O
costs. Under high query volume, overlapping ranges further ex-
acerbate cache thrashing: hot regions are repeatedly evicted and
re-fetched, while the GPU spends most cycles stalled on memory.
In the out-of-core regime, the system must amortize host—device
transfers across multiple queries rather than incurring PCle costs
per query. Besides, one-shot pipelines typically maintain O(n)-scale
runtime states (e.g., histograms, partitions, or per-pass buffers) and
assume relatively uniform device-memory access, which prevents
effective residency in L2 cache and yields minimal shared memory
optimization. In our measurements (Fig. 1), Air Top-K consumes
463 GB of device memory and incurs 9,088 ms of I/O on a billion-
scale dataset. Thus, the core requirement is to reduce each query’s
active working set to a scale that can be served by the GPU hierarchy
(shared/L2/HBM), enabling stable reuse under concurrency.

Static Designs Collapse under Streaming Updates. Real-time analyt-

ics pipelines commonly interleave queries with continuous inserts
and deletes. In one-shot top-k designs, even a modest update can
invalidate intermediate artifacts and typically forces either (i) full
recomputation or (ii) global rebuilds of derived structure, each trig-
gering kernel relaunches, and large data movement. Under frequent
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Figure 1: Comparison with AIR Top-K.

updates, these costs accumulate rapidly and overwhelm through-
put. For example, on a billion-scale dynamic dataset with continu-
ous query arrivals, Air Top-K achieves only 0.08 QPS. A practical
range-top-k engine must therefore support fine-grained, incremen-
tal maintenance that localizes work to small regions, avoids global
rescans or rebuilds, and preserves locality so that query throughput
remains stable as the data evolve.

Overall, treating each range-top-k query as an isolated one-shot
selection kernel uses the GPU as a bandwidth-bound scanner rather
than a locality-aware query engine.

3.2 Key Observations

We distill the workload into three observations based on the limita-
tions of current works when applied to range-top-k query.
Observation 1: Overlap implies reuse, but only if the system
exposes areusable representation. Adjacent or concurrent range
queries often share substantial overlap (e.g., sliding windows or
bursty requests over nearby indices). Overlap is an opportunity only
when the system maintains auxiliary structure that lets neighboring
queries avoid repeating the same passes over data.

Observation 2: The GPU memory hierarchy rewards small,
and reusable working sets. GPUs reach high efficiency when hot
data can remain resident in L2 or shared memory for a longer time.
In practice, Range-top-k becomes practical when each query can be
reduced to a small set of contiguous slices, enabling efficient reuse
across queries and batches.

Observation 3: Streaming updates must be handled as part
of steady state. In real-time analytics, updates are not exceptional
events. Any design that requires global rescans or rebuilds per up-
date will collapse once queries and updates are interleaved at scale.
Sustained throughput requires maintenance costs proportional to
the affected locality, not proportional to the full dataset size.
Design Objectives. From these observations, we set three objec-
tives that shape the system: (1) Eliminate rescans: avoid O(|r—1+
1|) full-range passes per query by pruning irrelevant data early; (2)
Exploit hierarchy: shape query access so the active footprint fits
in the GPU memory hierarchy and is accessed largely coalesced, en-
abling on-chip reuse under concurrency; (3) Incremental mainte-
nance: support updates with localized work, sustaining throughput
under continuous data evolution.
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Figure 2: Workflow of BCCE.

3.3 Design Principles

To address the mismatch between one-shot GPU top-k kernels and
range-top-k workloads, we distill the design into three principles
that directly guide the system in Section 4.

P1: Hierarchical Pruning, Followed by Verification. Range-
top-k must avoid the O(|r —I+1]) full-pass work for each individual
query. The engine should first prune globally to narrow the can-
didate value region (or candidate contributors), and then verify
locally within the pruned region to produce the exact top-k results.
This structure eliminates redundant rescans while maintaining the
predictability of the overall query plan.

P2: Block-Centric Layout with Explicit Active Slices. GPU
efficiency depends on regularity and contiguity. The engine should
organize data into fixed-size blocks with block-local order and
reduce each query to a small set of contiguous active slices within
covered blocks. Active slices are the appropriate unit for SIMT
execution and reuse; they enable bounded per-query footprints,
and effective on-chip caching under overlapping queries.

P3: Reuse-aware Execution Under Concurrency and Updates.
Range-top-k workloads are dominated by many-query throughput
and steady-state operation under streaming updates. The engine
should exploit reuse by batching or scheduling queries so that
shared active slices are fetched and processed once and reused
across multiple queries, especially in out-of-core settings. Simulta-
neously, maintenance should be localized so that updates modify
only the affected blocks and auxiliary metadata, avoiding global
rebuilds that would destabilize throughput.

Implications for System Design. These principles lead to a sys-
tem that (i) maintains block-local order to enable efficient local
verification, (ii) builds a compact auxiliary structure to identify
active slices for effective global pruning, (iii) executes a hierarchical
query plan that is naturally SIMT-friendly, (iv) co-optimizes cache
residency and out-of-core batching around active slices for higher
efficiency, and (v) supports block incremental updates with low
maintenance overhead.

4 BCCE’s System Design

4.1 Overview

Based on the above design principles, this paper proposes a GPU-
co-designed range-top-k engine, BCCE, that unifies efficient com-
putation, memory optimization, and dynamic maintenance within
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Algorithm 1 BCCE Workflow.

Input: Array A; list Queries of triples (1,7, K)
Output: TopK value V'
1: A,R,Hyp < PREPROCESS(A)
2: for all Q € Queries do
3: intervallID « FIND_INTERVALID (R, Hap, Q)
4: Q « (I,r,K,intervallD)
5: Queries < SORT_BY_INTERVALID (Queries)
6: for all Interval[I] € R do
7: for all Q € Queries where Q.intervalID == I do

8: PROCESS_QUERY(Q, A, Hyp)

9: function PREPROCESS(A)
10: A <« COMPUTE_PRETREATMENT_ARRAY (A)
11: R < COMPUTE_DISTRIBUTION (A)
12: Hyp ¢ COMPUTE_AUXILIARY_INDEX (A, R)

13: return A, R, Hyp

a single execution model. Fig. 2 sketches the overall workflow of
BCCE: a lightweight preprocessing step builds a block-sorted layout
and a compact interval-aware index, while online execution answers
queries using a hierarchical execution model that incorporates a
two-layer binary search.

e Preprocessing. BCCE partitions the array into fixed-size blocks
{B1,...,Bng} and sorts each block in parallel on the GPU to form
the pre-treatment array. It then discretizes the value domain into
\/n intervals and builds a interval-aware auxiliary index Hap (per-
{range,block} prefix tallies), laid out to favor coalesced reads across
blocks. Preprocessing cost is amortized over many top-k queries.

e Online Execution. Given a query (I, r, k), (i) BCCE identifies
fully covered blocks and up to two partial edge blocks P; if needed,
it locally sorts P on the GPU (radix sort [50]) to match block or-
der; (ii) probes the interval-aware index via a binary search for
the intervalID that contains the k-th order statistic and computes,
per covered block, the contiguous active slice (Pos, Len) inside that
range; (iii) performs a block-centric two-layer binary search:
inter-block rank-thresholding followed by intra-block verification
restricted to active slices, yielding workload balance. For batches,
BCCE applies range-grouped batching: queries are sorted by in-
tervallD, ach range’s slices are transferred once asynchronously
from host to device, and all queries for that range are served before
moving on, reducing PCle traffic and boosting QPS. In addition, A
DP-based shared-memory placement pins the most frequently
visited slices to maximize on-chip reuse and occupancy, comple-
menting range-grouped batching to further boost throughput.

4.2 SIMT-aware Two-layer Binary Search

Building on the block-centric framework, we co-design a SIMT-
aware hierarchical execution model on GPUs named block-centric
two-layer binary search, which couples inter-block rank thresh-
olding with intra-block verification on contiguous and cacheable
slices to solve the recomputation challenge. It answers (1, r, k) with
O(log n) probes while restricting computation to O(+/n) active ele-
ments. We prefer binary search to linear probing because its lower
time complexity more than compensates for the warp-divergence
overhead. In addition, log n varies much less than \/n across work-
loads, yielding more balanced work under binary search.

Core Idea. We partition A into fixed-size, locally sorted blocks
{B1,...,BNg} (the pre-treatment array). Given a query, we first
prune the blocks intersecting [/, r] and use the interval-aware index
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Algorithm 2 Block-Centric Two-layer Binary Search.

1: function PROCEss_QUERY(Query Q, Array A, auxiliary index Hyp)
/* process partial block P */
C « {P, B; | P, B; is covered by Q}
P « sort(P)
/* first-layer binary search */
Initialize L <~ MIN, R «— MAX
while L < R do
M« (L+R)/2
for all B € C in parallel do
/* second-layer binary search */
local_count « BINARY_SEARCH(Pos, LEN, M)

global_count < repuck(local_count)

PN

0 ®

10: if global_count < K then
11: R=M
12: else
13: L=M
14: return L
Preprocess

36 9 45 31 50 27 33 4 23 42 39 20 22 35 12 18

Input : Array A
B, B, B, B,
9 31 36 45 4 27 33 50 20 23 39 42 12 18 22 35

Run time

36 9 145 31 50 27 33 4 23 42 39 20 22 35!12 18
L g ey M o et

P 22 31 35 45 B, 4 27 33 50 B; 20 23 39 42
L=4,R=50,M=27 33 50 39 42 31 35 45 #k

#k
Compare with k
=k
Find top-k elements| L=27,R=39,M=33 50 39 42 35 45 =k

L=28,R=50,M=39 50 42 45 #k

Figure 3: Workflow of two-layer binary search.

to compute their per-slice counts. A global binary search over the
value domain finds the largest threshold M whose count of elements
> M within [I, r] is at least k. We then locally verify M’s rank by
a binary search within each candidate slice to produce the exact
top-k.

Algorithmic Workflow. Let S denote the multiset of active slices
(one per covered block, at most two partial edges):

Step 1: Identify the covered block set C for each query, including
the complete blocks B; and the partial blocks P at the edges, which
are denoted as C = {P, B; | | < L(B;),R(B;) < r}. Then, we will
sort P to match the order of the complete blocks for binary search.
Step 2: Apply the two-layer binary search on all covered blocks in C
to determine the top-k largest elements. Specifically, the two-layer
process is as follows:

(1) First Layer. Initialize the search with L = Min and R = Max,
where Min and Max denote the minimum and maximum el-
ements of the array. Compute the midpoint M = ILZR as an
estimate for the k-th largest element.

(2) Second Layer. For the elements of each block B;&P € C, per-
form a binary search to count the number of elements greater
than M, denoted as S;.

(3) Reduce. Aggregate the counts using a reduction operation to
compute S = ) S;. If S < K| the candidate M is too large, then
we will update the search range by setting R = M; otherwise,
setting L = M.

This process repeats until L > R, at which point L corresponds
to the K-th largest element. The full set of top-k largest elements
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shared [localfcount ] [localfcount] [localfcount]

global

global_count

global_count =k

global_count #k

Output

Figure 4: Parallel two-layer binary search on GPU.

can then be derived based on this threshold. Note that the above
workflow assumes that the data array consists of integer values.
For floating-point data, a minor modification is needed. Specifically,
updating the binary search procedure to use L = M and R = M
ensures convergence under non-discrete value distributions.
Case Study. Fig. 3 illustrates the workflow of the block-centric
two-layer binary search. In preprocessing, we partition the array
A into 4 equal-size blocks, sort each block, and obtain the pre-
treatment array A = {Bj, By, B3, B4}. For the top-K query (2, 13,5)
with range [2,13] and K = 5, blocks By and B3 are fully covered,
while the boundary elements from B; and By form a partial block
P = {22,31,35,45}. We therefore search in the covered block set
C = {By, B3, P}. The first-layer binary search maintains a value
range [L, R] = [4,50] for the K-th largest element and iteratively
updates the midpoint M = (L + R) /2. For each M, the second layer
performs a binary search within every block in C to count elements
greater than M. When the count is larger than K (e.g., 7 for M = 27),
we increase L; otherwise, we decrease R. Eventually, at M = 33, we
obtain exactly 5 elements greater than M, so 33 is identified as the
queried K-th largest value.

The block size is set to v/n, which is provably optimal for both
time complexity and parallel efficiency (Theorem 1).

TuEOREM 1. Choosing a block size of | B;| = \/n yields an optimal

time complexity of O (\/ﬁlogz n).

PRrROOF. Assume the input array A has a size of n, and it is parti-
tioned into blocks of size m. The time complexity for sorting each
partial block P is O(2mlogm). For the two-layer binary search,
the first layer requires O(log n) time, and the second layer, which
performs a binary search within each block, requires O(log m) time.
Given that there are 7> blocks, the overall time complexity for the
two-layer binary search is O (2mlogm + £ -logn - logm) .

By taking the derivative with respect to m, one can show that
setting m = +/n will yield near-optimal time complexity. Substi-
tuting this optimal block size yields an overall time complexity of

2
0] (\/ﬁ - logn + @) , which is on the order of O(y/n - log? n).
This completes the proof. O

Parallel Execution on GPU at Scale. When running on a GPU,
the intra-block binary search runs warp-synchronously, with each
thread operating with no inter-warp communication. As illustrated
in Fig. 4, inter-block rank thresholding issues a single reduction per
probe, avoiding data contention.
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4.3 Interval-aware Auxiliary Index

Despite the SIMT-friendly mapping, a vanilla two-layer binary
search still wastes work: it repeatedly probes irrelevant blocks and
effectively requires materializing (or streaming) the entire array,
yielding an O(n) working set and amplified I/O, even though each
probe is O(log n). To further reduce end-to-end latency and memory
usage, we introduce an interval-aware auxiliary index, denoted as
Hyp, which efficiently narrows the top-k search space.
Auxiliary Index Construction. Formally, we first partition the
data distribution of the array noted as R into several intervals,
each containing an equal number of elements (typically around v/n
elements per interval). Specifically, if the data distribution of the
array is partitioned into several intervals:

R = {Interval[1], Interval[2], - - - , Interval[vn]},

each |Interval[i]| corresponds to the length of /n. Secondly, we
construct a two-dimensional auxiliary index Hyp of size n, with
each Hyp[i][j] representing an aggregated value related to the
prefix sum of the histogram for Interval[i] within block B;.

The auxiliary index construction follows a two-step process.
First, for each block j, we compute the histogram Hj, where H;[i]
represents the number of elements falling within intervalID i in
block j and these elements are noted as active data. Next, we com-
pute the inclusive prefix sum of H, denoted as S;. As illustrated
in Fig. 5, the array is divided into four predefined intervals: [4, 20),
[20,31), [31,39), and [39, 50], and is further partitioned into four
blocks. The histogram H for each block j is then computed based
on these intervals. For example, consider the first block contain-
ing elements {9, 31, 36, 45}. Within the specified ranges, this block
contains 1 element in [4, 20), 0 elements in {20, 31), 2 elements in
[31,39), and 1 element in [39,50]. Consequently, the histogram
H; = [1,0,2,1] and its inclusive prefix sum S; = [1, 1, 3, 4]. To fa-
cilitate coalesced memory access during computation, we organize
the auxiliary structure Hyp with each intervalID in a row. The
Hjp is iteratively constructed by accumulating prefix sums across
blocks:

]H[T - So, Jj=0

2nJ] {HZTD[]' —-1]+Sj. j>0

Two-layer Binary Search Optimized By Auxiliary Index. For
each range-top-k query, we first search the intervallID by per-
forming a binary search over the auxiliary index (line 6 in Al-
gorithm 1). Specifically, we compute the cumulative count of el-
ements larger than the current intervalID for the given query.
By comparing this value with k, we iteratively adjust the binary
search bounds L and R until convergence. The final intervallD
corresponds to the range that contains the k-th largest element.
Subsequently, during the two-layer binary search, we restrict the
search to the specific intervalID interval associated with the cur-
rent block (I = intervalID, J = BlockID), which starts at the posi-
tion Pos (Equation 2) and spans a length Len (Equation 3), rather
than searching the entire block, which can significantly reduce

1)

memory usage.
Pos =Interval[I] + Hop[I, J + 1] — Hop[L J1, (2)
Len =Hop[LJ]+Hop[I+1,J+1] —Hop[L,J+1] —Hop[I+1,J]. (3)
Case Study. As shown in Fig. 5, for the range-top-k query (2, 13,5),
the covered blocks are By and Bs, along with the partial block
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Figure 5: Workflow of two-layer binary search optimized by
the interval-aware auxiliary index.
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activedatain P: 3] 35 activedatainB,: 33

L=31,R=38,M=34 50 39 42 35 45 =k

P = {22,31,35,45}. The histogram of the partial block will be
{0,1,2,1} and prefix sum is S = {0, 1, 3, 4}. Using both the auxiliary
structure H,p and the partial block histogram S, we determine that
the search range for this query is [31,39). Then, we only apply the
two-layer binary search on the sub-array of each block within the
range [31,39) which is noted as active data for range [31, 39), e.g.,
{31, 35} for P and {33} for B;. In addition, the FIND_INTERVALID
function is used for identifying the corresponding range for each
top-k query in Algorithm 1 via a binary search over the auxiliary
index, which runs in O(log n) time complexity.

THEOREM 2. With auxiliary index, the parallel time complexity
of the top-k search on the GPU is reduced to O(~/nlog n), while the
runtime space complexity is reduced to O(\/n).

Proor. Let S; be the number of elements in each block B; within
the range of a given intervalID. The two-level search first locates
the candidate blocks in O(logn) time and then performs a bi-
nary search within each block in O(}}; log S;) time, for a total of
O(X;logS; - logn).

Since each range contains at most y/n elements, we have 3; S; <
v, and thus Y;logS; < Y;S; < vn. The partial sorting over
these elements, therefore, costs O(y/nlogn), yielding a total per-
query complexity of O(y/nlog n). Our co-designed execution model
is data-independent and achieves an effective practical cost of

o nlogn
#GPU Threads

in near-constant latency. For example, when executed on an A100
GPU (216 * 1024 threads in total) over a billion-scale dataset with
231 elements, the query latency remains below 0.16 ms.

Regarding space, we only access the intervallD slice of each rele-
vant block. Since }}; S; < |Range[intervallD]| = /n, the additional
space usage is O(/n). m|

) under the GPU’s massive parallelism, resulting
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Figure 6: Batch optimization for out-of-GPU-memory.

5 I/0 Reducing and Cache Locality
Optimization

Having addressed the recomputation challenge with our SIMT-

aware hierarchical execution, this section tackles on-chip capacity

mismatch and I/O amplification through batching and a locality-
optimized cache hierarchy.

5.1 Range-Grouped Batching for I/0O Reducing

For large scale datasets that exceed the capacity of GPU HBM, BCCE
requires transferring only y/n elements from DRAM to GPU HBM
with the help of the interval-aware auxiliary index. In contrast,
existing methods must scan the entire array, resulting in O(n) data
transfers between the CPU and GPU, which contribute to execution
time due to high I/O overhead.

Furthermore, when handling a batch of top-k queries, we can
group queries with the same intervallD, ensuring that the data of
each block inside Interval[intervalID] is loaded only once from
the CPU to the GPU but is reused across multiple queries. This
approach reduces redundant data transfers and improves overall
performance. For example, as shown in Fig. 6, we first determine
the intervallD values {0, 1, 2} for queries {0, 1, - - , 10} via binary
search. Next, we group the queries based on their corresponding
intervalID, ensuring that queries with the same intervallD are
processed together. For instance, the queries {0, 5, 6, 8} are grouped
under intervalID 0. In the two-layer binary search procedure, we
initially apply binary search on intervallD 0 by loading the sub-
array of each block within Interval[0] from CPU DRAM into the
GPU L2 cache and then executing the computations for the queries
{0, 5,6, 8} within the kernel. After completing this batch of queries,
we sequentially load the data for intervallD 1 and intervallD 2
into the L2 cache and process the queries for each intervallID ac-
cordingly.

5.2 DP-based Cache Hierarchy

With the interval-aware auxiliary index, each query touches only
O(+/n) active slices (contiguous subarrays within blocks). To reduce
latency and batch throughput, we selectively retain the hottest
slices in the L2 cache and fully exploit shared memory capacity to
increase the cache hit rate and reduce off-chip memory traffic.
Dynamic Programming (DP)-based Selection Policy. The key
component of the selection policy is the visiting frequency of
each block when processing a batch of top-k queries. Formally,
consider the top-k queries whose results fall within a specified
range, denoted as Interval[intervalID]. For each block Bj € C
covered by these queries, we denote the sub-array of B; that lies
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within Interval[intervalID] as Bj[intervalID]. The visiting fre-
quency of Bj[intervalID], denoted as Fj[intervallD], represents
the number of queries that access block B;. Given the limited size
of the L2 cache (denoted as Size), we select a subset of blocks
Bj[intervalID] to load into the L2 cache with the goal of maxi-
mizing the total frequency F = }’ Fj[intervalID], subject to the
constraint }, |Bj[intervalID]| < Size. To achieve the optimal block
selection policy, we adopt a dynamic programming (DP) strategy.
Let dp[i] be the maximum total frequency achievable using i units
of L2 cache. For each block Bj[intervallD], the state transition
equation of DP is : dp[i] = max{dp[i],dp[i — |Bj[intervalID]|] +
FjlintervalID]}. Note that, for each dp[i], initially dp[i] = dp[i -
1], and the value of dp[Size] finally represents the maximum fre-
quency. During this process, we also track the best selection strat-
egy, which will allow us to determine the final optimal selection.
With the DP-based selection policy, high-frequency slices are proac-
tively placed in the L2 cache so that the majority of query accesses
are served from on-chip storage rather than off-chip memory. This
increases the L2 cache hit rate and lowers the pressure on global
memory bandwidth.

Shared Memory Optimization. During block-centric two-layer
binary search on the GPU, all CTAs process the same interval iden-
tified by intervallID, and each thread performs a binary search
on one block Bj[intervallD] of the current query. Let S denote
the shared-memory capacity per CTA. For its assigned block, each
thread computes the required shared-memory offset and checks
whether it fits within S. If it fits, the block is loaded into shared
memory, and the binary search is performed there; otherwise, the
search is conducted directly in global memory. Since each block
has a size of \/n and the array is partitioned into y/n intervals, the
expected length of Bj[intervalID] is 1. Thus, even under data im-
balance, only a small fraction of blocks exceeds the shared-memory
capacity, and the overall performance impact is negligible.
Remark. DP pinning raises on-chip hit rates and converts repeated
HBM probes into shared-memory hits, cutting per-probe latency,
reducing PCle traffic in out-of-core mode (via range-grouped batch-
ing), and improving SM efficiency. In aggregate, this yields higher
QPS without sacrificing occupancy.

6 Dynamic Index Updating Support

In this section, we discuss the dynamic index updating under
insertions and deletions. Formally, let D = [1,..., N] denote an
unbounded data stream. At any point in time, the system maintains
a valid snapshot A[1...n], corresponding to a contiguous window
DI[L...R] of the stream, where n = R— L+ 1 and A[i] = D[L +
i — 1]. As the stream evolves, the window may advance to a new
range D[L’...R’] with L < L" and R < R’, producing an updated
snapshot A[1...n’]. Each range-top-k query (I, r, k) is issued over
the current snapshot A[].

To support range-top-k queries over dynamically updated snap-
shots, the pre-treatment array and interval-aware auxiliary index
must be kept up to date. Since the index structure is block-centric,
only the blocks affected by the incoming updates need to be in-
crementally modified. Formally, let D denote the streaming data,
with I representing newly appended data and U representing data
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Figure 7: Index update for element insertion and deletion.
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to be deleted. The data array changes from A[] = D[L...R] to
[]=D[L"...R’],where L’ =L +|U|and R = R+ [I|.

To update the pre-treatment array A, we proceed as follows. For
the insertion set I, we partition it into several blocks of length \n,
sort each block, and denote the resultas I = {I1, ..., I;, }. These new
blocks are appended to the end of the existing pre-treatment array.
For the deletion set U, we first identify and remove the blocks that
are fully covered, i.e., U = {Bjy,..., Bt}. If the deletion partially
overlaps with block By, we remove the corresponding elements
from it and re-sort the result to form an updated block B;C e

To update the auxiliary index Hyp, we proceed as follows. For
the insertion set I, we compute the auxiliary index for each new
block, denoted as {Hap[1],- - ,Hop[Im]}. and update the his-
togram using the last block of the current array: Hop[I][J] =
Hop [I1[J] + Hop [Br][J]. The new auxiliary index entries are ap-
pended to the existing index. For the deletion set U, we first remove
the blocks that are fully covered. Since Hyp [I][]] represents an
aggregated value related to the prefix sum of the histogram for
Interval[J] within block By, we subtract the prefix sum contribu-
tion of the deleted blocks: Hop [I][J] = Hop [I][J] — Hap [k][J].
If the deletion partially overlaps with block By, we remove the
corresponding elements from blocks B to By, and reprocess the
remaining elements to generate a new histogram for By, ;. Denote

Ok +1] and

H(zr]l;w) [k +1], respectively. The updated index is then: Hop [I][J] =

Hop [11J] - BV [k + 1] + HE™ [k + 1.

Fig. 7 summarizes the streaming update workflow for the toy
example in Fig. 3. In the deletion stage, the deletion set covers
all of block B; and part of block Bz. We therefore drop B; entirely
and locally update By by removing the deleted elements and re-
sorting the remaining ones, yielding B, = {33,4}. The auxiliary
index is updated by discarding the entries for the first k blocks
and retaining those from By, onward. In the insertion stage, the
insertion set is partitioned into two blocks, I} = {10, 36, 6,45} and
I, = {8, 26}, each sorted and appended to the pre-treatment array.
We then compute their prefix sum under the original partition
ranges, obtaining Hop[I1] = {2,3,3,4}, Hop[2] = {3,5,5, 6}, and
offset these by the cumulative counts of the last existing block,

>

the old and new auxiliary index of block Br,; by H
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Hop[Bn] = {4, 8,12, 16}, to produce the updated auxiliary indices
Hyp[I1] = {6, 11, 15,20}, Hop [ 2] = {7, 13, 17, 22}.

Time Complexity Analysis. For insertion, the time complexity of
adding new blocks to the pre-treatment array is O(m), and updating
the auxiliary index incurs a cost of O(mlogn), where m is the
number of inserted elements. For deletion, re-sorting takes O(+/n)
using radix sort on the GPU. The auxiliary index Hyp, maintained
as a prefix sum array, supports constant-time updates of O(1) per
block. In summary, regardless of the number of deleted elements
m, the overall time complexity of data deletion remains O(\/n).
Index Rebuilding Condition. We rebuild the block index only
when interval skew is high, i.e., when max; |Interval[i]| > « -
min; |Interval[i]| for a user-defined a > 1. Because rebuilding is
performed entirely on the GPU, the overhead is modest (3.856s
forn = 231), and in our experiments with ¢ = 1.5, the resulting
range-top-k performance loss remains below 10%.

7 Evaluation

BCCE is implemented in approximately 5,000 lines of C++ and
CUDA code, supporting in-memory, out-of-GPU-memory, and dis-
tributed execution modes.

7.1 Experimental Setup

Hardware. We use a machine with dual Intel Xeon Gold 6330 CPUs
and two NVIDIA A100-PCIE-40GB GPUs [39]. The system operates
on Debian 12 (Bookworm). All code was compiled using NVIDIA
CUDA 11.8 [40] and GCC 12.2.0.

Datasets. We evaluate on synthetic and real-world datasets (Ta-
ble 2). Following [58], we generate two synthetic unsigned-integer
distributions: uniform over [0, 232 1] and normal with a mean 216
and a standard deviation 2°. We vary top-k and the dataset size
n from 2%-231 up to 236 (256 GB). We also evaluate a real-world
transaction dataset from a major online payment platform.
Baselines. Table 3 summarizes our baseline methods. Following
the benchmark [58], we evaluate five GPU-side Top-k baselines,
including three partial sorting approaches—BLOCKSELECT [26] (via
Faiss [36]), GRIDSELECT [58] (via RAFT [45]), and Bitonic Top-
K [48] (via Dr. Top-K [17]), as well as two partition-based methods,
AI1r Top-K [58] (RAFT) and RapIxSELECT [18] (Dr. Top-K). To re-
flect CPU-side range indexes and order-statistics data structures,
we include WAVELET TREES [16], a classic CPU range-query data
structure that supports range top-k by maintaining a priority queue
of candidate nodes and repeatedly expanding the most promising
candidate to report the answers.

7.2 Full-in-GPU-Memory Mode

We benchmark all algorithms on fixed-size arrays A of length n, pro-
cessing multiple randomly generated range queries (I, r, k). We eval-
uated performance for various values of n and k. Note that the re-
ported execution time (latency) includes only the top-k query phase
and excludes preprocessing. For each (n, k), all outputs are verified
for correctness. Missing entries indicate configurations where re-
source limits or correctness issues prevent reporting: BlockSelect
supports only k < 2048 due to its heavy use of shared memory and
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Table 2: Statistics of Datasets.

[ Type | Dataset [ Array Size (n) | Raw Size |
Synthetic [ Small to Median [ 2% to 2%7 [ 128MB to 8G l

Y [ Targe [ 2% ~ 70 billion | 256GB |

[ Real-World [ Transactions [ 3,551,440,605 [ 16GB ]

Table 3: State-of-the-art top-k engines.

Engine Library Category Platform
BlockSelect[26] Faiss [36] Partial Sorting GPU
GridSelect[58] RAFT [45] Partial Sorting GPU

Bitonic Top-K [48]
RadixSelect [18]
Air Top-K [58]
Wavelet Trees[16]

Dr. Top-K [17]
Dr. Top-K [17]
RAFT [45]
SDSL [21]

Partial Sorting GPU
Partition-based GPU
Partition-based GPU
Partial Sorting CPU
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Air Top-K —=— BlockSelect —=— Bitonic Top-K
. (0) Uniform n = 2% (0) Normal n = 2%
10
10 memsmscrn™ /// s /
v ./!*/

100 ’ P . f

35 7 9 11 13 15 17 19 21 23 35 7 9 11 13 15 17 19 21 23

(1) Normal n = 2%

e
ezl

3 5 7 9 11 13 1517 19 21 23 25 35 7 9 11131517 19 21 23 25
. (2) Uniform n = 2% (2) Normal n = 2%
10 X X

e rrprasts

35 7 9 11131517 19 21 23 25 27 29 35 7 91113151719 21 23 2527 29
QL
Figure 8: Latency comparison for different array sizes (n val-
ues) with uniform and normal distributions.

registers, and Bitonic Top-k results for small n are omitted because,
although the program terminates, its outputs fail verification.

Each sub-figure in Fig. 8 plots latency versus k with fixed n €
{225 ,228 931 }. BCCE consistently achieves sub-millisecond latency,
while baselines slow down as k and n increase due to k-/ n-dependent
costs. In contrast, BCCE remains nearly insensitive to k and varies
only slightly with n (e.g., 0.1 ms at n = 2% vs. 0.16 ms at n = 231),
since it runs in O(log n) time via two-layer binary search and a
range-aware auxiliary index. In addition, in the run-time kernel,
only +/n threads perform useful work. As a result, the available
parallelism is insufficient to fully utilize all SMs on an NVIDIA
A100 (108 SMs, up to 1024 threads per block) when n < 23°. We
also outperform the CPU wavelet-tree range top-k: its best-first
traversal is inherently sequential (priority-queue driven), limiting
parallelism. Overall, BCCE delivers 1.6-14,659.3X over WAVELET
TREES, 1.3-178.4x speedup over GRIDSELECT, 23.1-957.7X over
RADIXSELECT, 1.4-1502.4X over AIR Tor-K, 138.9-13,964.1X over
Brronic Top-K, and 668.3-52,433.1% over BLOCKSELECT.
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Figure 10: Latency comparison for different query sizes (n)
under out-of-GPU-memory mode.

Fig. 9 shows the throughput performance when n = 231. BCCE
achieves up to 6,757 top-k queries per second, whereas state-of-
the-art methods achieve between 0.12 and 226 top-k queries per
second as k varies from 23 to 22°. This translates to a throughput
improvement ranging from 29.8X to 56, 308.3x, which we attribute
to our novel dynamic programming-based cache locality strategy.

7.3 Out-of-GPU-Memory Mode

When the array exceeds GPU memory, we keep it in CPU memory
and transfer only the queried segments to the GPU. We evaluate
BCCE under constrained GPU memory using a fixed array of length
236 (=256 GB) and three query sizes: 231 233 and 235, Baselines
transfer each queried segment independently, incurring heavy CPU-
GPU I/O. In contrast, BCCE batches overlapping queries to reuse
transfers, reducing the per-query transfer volume to O(+/n). We
compare against Air Top-K and RadixSelect, since other baselines
exceed GPU memory limits in this setting. All reported latencies
include CPU-GPU I/O time.
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Figure 12: Performance breakdown for various optimizations,
including the two-layer binary search with the range-aware
auxiliary index, the dynamic programming (DP)-based cache
locality strategy, and the batch optimization.

Fig. 10 shows that BCCE sustains sub-millisecond and near-
constant latency with k; the latency increases slightly with n, pri-
marily due to the growing host-device I/O cost, which scales sub-
linearly as O(+/n) in our design. In contrast, AIr Tor-K and RADIXS-
ELECT quickly become I/O-bound as n increases (up to 95% of total
time). At n = 233 with 10° queries, BCCE amortizes I/O to roughly
one transfer per six queries (about 362 KB each), whereas each
baseline query triggers a separate 32 GB transfer. Consequently,
the gap widens with n, yielding speedups of 904.6X-16,444.9X over
RADIXSELECT and 1008.8%-18,904.6x over AIr Tor-K.

Furthermore, Fig. 11 presents the throughput results for n = 2%
BCCE handles up to 1,883 top-k queries per second, while baseline
methods achieve only 0.08 to 0.11 queries per second as k varies
from 22° to 2. This corresponds to a throughput improvement of
17,118x to 23,537, driven by our batch optimization strategy.

7.4 Efficiency of Different Optimizations

Here, we demonstrate the efficiency of the various optimizations
implemented in BCCE in Fig. 12.

Efficiency of Two-Layer Binary Search. Benefiting from block-
level pre-sorting (offloading work from runtime) and a two-layer
binary search that avoids per-iteration global-memory accesses,
our method achieves lower latency than AIR-TopK. As shown in the
left panel of Fig. 12, it attains a 2.5X-56.7x speedup over AIR-TopK.
Efficiency of Auxiliary Index. As shown in the left panel of
Fig. 12, Interval-aware auxiliary index delivers 6.6x and 260.1x
speedups at n = 2% and n = 23!, respectively, consistent with
our analysis that the gain scales with n and demonstrating strong
effectiveness on large datasets.
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Efficiency of Batch Optimization. The right panel of Fig. 12
compares BCCE with and without batch optimization under an out-
of-GPU-memory setting. Batch optimization improves throughput
by 21.7% to 24.6% across all dataset sizes. This gain comes from
reducing data transfers: without batching, each query transfers
v/ elements to the GPU, while with batching, one transfer serves
multiple queries sharing the same rangelD (see Section 5.1).
Efficiency of DP-Based Cache Locality. We compared BCCE
with and without the DP-based cache locality optimization. This
optimization reduces latency by 10% and improves throughput by
12%, primarily by increasing the cache hit rate during the binary
search phase. Fig. 15 also shows that the L2 cache hit rate improved
by 20% on average due to DP-Based Cache Locality.

7.5 Preprocessing and End-to-end Comparison

To assess the end-to-end efficiency of BCCE, we compare both
preprocessing and top-k query execution times, using Air Top-K
as the baseline. We measure preprocessing cost across input sizes
n and evaluate scalability by varying the query count at n = 23!
in out-of-GPU-memory settings. Fig. 13 reports the preprocessing
time and overall execution time for different dataset sizes and query
volumes.

Preprocessing. As detailed in Section 4, preprocessing in BCCE
consists of three primary steps: (1) constructing the pre-treatment
array, (2) computing the data distribution, and (3) building auxiliary
index. Each step is implemented using dedicated CUDA kernels
with time complexities of O(n), O(n), and O(nlogn). Even for
billion-scale datasets (e.g., n = 231), the entire preprocessing phase
completes in just 3.856 seconds, demonstrating near-linear scala-
bility with respect to n. Note that all the indexes have the same
asymptotic size as the underlying array, i.e., they require O(n) ad-
ditional space for n elements, so their memory footprint remains
comparable to that of the data itself, as illustrated in Fig. 1.
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End-to-End Comparison. To ensure a fair comparison with Air
Top-K, we include preprocessing time in end-to-end evaluation.
As shown in Fig. 13, BCCE consistently outperforms Air Top-K
across all query volumes due to Air Top-K’s higher time complexity
and BCCE ’s efficient preprocessing and top-k execution. As query
volume grows, preprocessing cost becomes negligible; for example,
it accounts for only 2.4% of the total time at 10° queries. Overall,
BCCE achieves 1.89X-4424.6X end-to-end speedup.

7.6 Index Updating for Streaming Data

We evaluate the performance of BCCE on data updates in a stream-
ing setting. Specifically, we perform insertions and deletions of
varying sizes on a dataset with n = 231 and measure both the index
update time and the end-to-end query execution time in Fig. 14
with Air Top-K as a baseline. For the insert operation, Fig. 14
shows that the insertion time remains nearly constant at about
1.3ms for m < 10°, since only the portion corresponding to the
newly added data is updated, and small m underutilizes the GPU.
When m > 10°, the insertion time increases as the GPU becomes
fully utilized and the O(m log n) complexity dominates; for example,
m = 10° is 4.4 ms slower than m = 10°. For the deletion operation,
we observe that the index update time remains nearly constant
regardless of the number of deleted elements. As discussed in Sec-
tion 6, this is due to the upper bound of O(/n) time complexity,
which is independent of the deletion size m. For example, whether
deleting 10 elements or 10, the update time consistently remains
around 0.55 ms.

We also compare end-to-end performance accounting for both
top-k query execution and index updates. Although Air Top-K in-
curs no index maintenance cost, BCCE still outperforms it. Specifi-
cally, when processing 1 million data updates (inserting and deleting
0.5 million elements each), BCCE achieves a speedup of 364x ~5010%
over Air Top-K across workloads ranging from 10 to 10° queries.
Speedup increases with more queries, as index updates are amor-
tized across queries.

7.7 Workload Balance

To evaluate workload balance, we record per-SM execution times
and quantify load imbalance as % Fig. 16 reports the aver-
age and maximum imbalance over 10> queries with k = 2!3 across
different n, and the consistently low values indicate near-uniform
SM workloads. Because all threads follow the same two-level binary
search, any imbalance can only stem from the second level; parti-

tioning the array into v/n blocks and +/n intervals yields rangelDs
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Table 4: Workload balance testing.

n  Theoretical Occupancy(%) Achieved Occupancy(%)

2% 50.00 49.96
228 50.00 49.96
231 50.00 49.98
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Figure 17: Multi-GPU test. Figure 18: Case study.

that receive ~ 1 element per block in expectation, leading to uni-
form per-thread work across warps/blocks. We further profile oc-
cupancy with NVIDIA Nsight Compute: Table 4 shows achieved
occupancy close to the theoretical maximum, increasing resident
warps and improving latency hiding. Together, the low imbalance
and high occupancy demonstrate that BCCE effectively exploits
SIMT execution.

7.8 Scalability

To evaluate the scalability of BCCE, we conducted a performance
analysis across multiple GPUs, focusing on range query workload
partitioning. Given its minimal memory requirements (up to y/n)
and the batch optimization, there is no necessity to partition the
input array. Instead, various GPUs are utilized to manage distinct
groups of queries that share the same rangeID, demonstrating
significant scalability. Fig. 17 illustrates the scalability of both the
in-memory and out-of-GPU-memory versions of BCCE. Notably,
BCCE achieves up to 7.4x and 7.1X speedups in both configurations.

7.9 Case Study: Real-World Workload

To demonstrate BCCE under real-world workloads, we compare it
with AR Topr-K on the production risk-control dataset (Section 1),
which contains billions of daily electronic payment transactions
represented as (uid, transaction_time, transaction_amount).
In risk-control pipelines, transactions of target users are filtered by
time window, and the top-k largest amounts are retrieved to derive
user-level risk features. These features, together with labels from
historical data, are fed into GPU-trained models (e.g., decision trees,
random forests, XGBoost). We extracted several days of transaction
records for a target user group, yielding up to 232 records and
randomly sampled time intervals and issued top-k range queries
(k=1000) to return the highest-amount transactions (Fig. 18). To
reflect end-to-end deployment, we include CPU-GPU I/O in all
measurements. BCCE consistently outperforms Air Tor-K, and the
gap widens with larger n; the trends match those on synthetic data.
Across all cases, BCCE answers each query in 0.31 ms, delivering
29x~-1783x speedups as n increases from 223 to 231,
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8 Related Work

Range-Query Data Structures. Existing range-query indexes
such as LSM trees [12, 34] and streaming B*-trees [47] optimize
keyed lookups or joins on CPUs, but neither computes exact or-
der statistics nor maps well to SIMT due to pointer chasing and
irregular control flow. In contrast, range-top-k must locate the k-
th order statistic within [/, r] and materialize the top-k, requiring
rank-thresholding and verification with cache-friendly access. This
mismatch motivates our GPU-memory-hierarchy co-design.
Sliding-Window Based Top-k. Range-top-k workloads are of-
ten approximated by sliding-window top-k methods [37], which
maintain a single top-k for a fixed-length window that moves se-
quentially over a stream. In contrast, online range-top-k queries
ask for top-k over many arbitrary subranges of the same snapshot,
violating the single window assumption and requiring range-aware,
non-sequential access and recomputation across non-adjacent in-
tervals.

9 Conclusion

We presented BCCE, a block-centric, GPU-co-designed engine for
range-top-k queries. By combining a two-layer binary search with
an interval-aware auxiliary index, BCCE reduces each query’s work-
ing set and enables fully coalesced, SIMT-regular execution. Exten-
sive evaluations show that BCCE achieves sub-millisecond latency
and delivers up to four orders of magnitude speedup over state-of-
the-art GPU baselines while maintaining high throughput under
dynamic updates.
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BCCE: Block-Centric GPU Co-Design for Real-Time Range-Top-K Query at Scale

A Appendix
A.1 Artifact Description

In-memory Version. For the in-memory implementation, we em-
ploy cub: :DeviceMergeSort to sort the partial blocks efficiently.
A dedicated CUDA kernel is then used to construct the auxiliary in-
dex for each partial block. Within this kernel, each thread processes
a specific element from the ranges array and utilizes binary search
to efficiently map the given range to its corresponding entry in the
auxiliary structure. To minimize data I/O, rather than transferring
the sorted partial blocks to the host via cudaMemcpy, we determine
the rangeID directly on the device using binary search. When com-
puting the top-k elements, each thread performs a binary search
within a block, leveraging the auxiliary structure to obtain both the
search position and the block size. The binary search results are
then aggregated using a reduction operation to compute the total
number of elements, which is subsequently compared against K.
Out-of-GPU-memory Version. For out-of-GPU-memory sce-
nario, we adopt a similar approach to obtain the sorted partial
blocks and their corresponding auxiliary structures. However, since
the auxiliary structure cannot entirely reside in device memory, we
perform the binary search on the host to determine the rangeID.
When computing the top-k elements, only the array and auxiliary
index corresponding to the determined rangelID are loaded into
device memory, thereby effectively reducing I/O overhead.
Distributed BCCE. Traditional distributed top-k algorithms parti-
tion the input array into disjoint subarrays, each assigned to a sepa-
rate GPU to compute local top-k results, which are then merged via
inter-GPU communication to obtain the final ranking. In contrast,
BCCE leverages its intrinsic space complexity of O(+/n), enabling it
to process large arrays on a single GPU by storing only the elements
associated with a specific rangelD. This design eliminates the need
for array partitioning and inter-GPU communication, thereby re-
ducing both computational and synchronization overhead. Instead,
we adopt a rangeID-based workload distribution strategy, in
which queries sharing the same rangelD are assigned to the same
GPU. This ensures that each GPU handles a self-contained portion
of the workload, avoiding cross-device data exchange and enabling
efficient parallel execution.

I/0 and Computation Pipeline. In out-of-GPU-memory settings,
batch optimization enables efficient pipelining between data trans-
fer and computation. While the two-layer binary search is exe-
cuted on data from Range[rangeID], the PCle interface concur-
rently transfers data for Range[rangelD + 1] in preparation for the
next iteration. Since each transfer involves only O(+/n) elements,
the GPU HBM can accommodate data for two ranges simultane-
ously. This pipelined execution significantly reduces I/O overhead
and improves overall throughput.

Grid Synchronization. In the Top-k range query search phase,
each thread processes a block by determining its corresponding
range position and size. A critical step in this process is perform-
ing a reduction operation within a while loop inside the binary
search. After each reduction, all threads must obtain the aggre-
gated result before proceeding to the next iteration. However, con-
ventional CUDA kernels do not support global synchronization
(grid.sync()), preventing all thread blocks from synchronizing
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Figure 19: Workflow of preprocessing.

within a single kernel execution. A common workaround is to
break the computation into multiple kernel launches, enforcing
synchronization across executions. However, this introduces signif-
icant overhead due to frequent kernel restarts and explicit global
memory exchanges. To eliminate these inefficiencies, we leverage
cudaLaunchCooperativeKernel, which enables inter-block syn-
chronization at runtime via grid.sync(). This ensures that all
threads obtain the reduction results within the same kernel execu-
tion before proceeding to the next iteration, avoiding the overhead
of multiple kernel launches and excessive global memory accesses.
Range-Aware Auxiliary Index Transposition. During prepro-
cessing, each thread determines the range position and size of its
assigned block by accessing the range-aware auxiliary index stored
in global memory. If the index is structured in a block-centric man-
ner—where each row corresponds to the auxiliary index of a specific
block—adjacent threads may access memory locations that are far
apart. Since CUDA achieves optimal performance when consecu-
tive threads access adjacent memory locations (coalesced memory
access), this layout results in inefficient memory transactions and
increased latency. To optimize memory access patterns, we trans-
pose the range-aware auxiliary index. Instead of organizing rows
by block ID, we restructure them so that each row corresponds to
a single rangelD. In this layout, auxiliary index values for consec-
utive block IDs within the same range are stored contiguously in
memory. Since threads within a warp typically process consecutive
block IDs sharing the same rangelD, this transformation enhances
memory coalescing, reduces global memory latency, and improves
overall performance.

Preprocessing Optimization. Given an input array, the prepro-
cessing phase consists of two main steps: generating the pre-treatment
array A and constructing the auxiliary index Hp. Instead of a se-
quential CPU-based approach, we accelerate preprocessing using
GPU parallelization.

In the pre-treatment array generation step, we apply parallel pro-
cessing based on a block-centric graph partitioning scheme. To
further speed up intra-block sorting, we leverage GPU parallelism
for efficient sorting within each block. Specifically, within the ker-
nel, we assign one CTA (Cooperative Thread Array) per block and
utilize cub: :BlockRadixSort for intra-block sorting.

For the range-aware auxiliary index construction, we begin with a
full scan of the input array to collect global statistics and determine
the range partitions. Subsequently, for each block, we compute a lo-
cal auxiliary index through three sub-steps: histogram computation,
prefix sum calculation, and auxiliary index derivation using Equa-
tion 1. To accelerate these steps, we leverage cub: :DeviceHistogram
for histogram computation, cub: :DeviceScan for prefix sum op-
erations, and a custom CUDA kernel for vector-wise addition to
derive the final auxiliary index. Once the auxiliary indices are gen-
erated, we apply a matrix transposition kernel to reorganize the
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index layout. These GPU-accelerated optimizations significantly (2) Generate datasets: Compile "generate_dataset.cpp” and run the
reduce preprocessing latency. dataset generator with "./generate_dataset <query_size_power>
<k_size_power> <num_queries>". <query_size_power>: Speci-
A.2 Artifact Evaluation fies the size of each query as (20UeY-5128-POWery _k sjze powers:
We evaluate BCCE on an NVIDIA A100 GPU using NVIDIA CUDA Specifies the size of k as (29U¢™Y-5126-POWeT) <num_queries>:
11.8. Our computational artifact is available as an anonymized The number of queries to generate.
repository at https://anonymous.4open.science/r/BCCE. The repos- (3) Generate the binary: In the directory "src/topk”, run “make”. A
itory includes build instructions and scripts to reproduce the key binary file named “topk” is generated.

(4) Run the Program: Run the resulting executable with "./BCCE
<data_directory> <verify_correctness>"<data_directory>: Path
to the directory containing the generated dataset files. <ver-
ify_correctness>: A boolean flag (true or false) indicating whether
to verify the correctness of the results.

experimental results.
To reproduce the results in our paper:

(1) Set up the Python environment for figure generation: Go to
directory “script”, and run “bash setup.sh”.
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