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Abstract
Graph Pattern Matching (GPM) is a computationally demanding
workload essential for modern data analytics. While emerging sys-
tems offer massive performance, they suffer from a fundamental
throughput mismatch. CPU-centric systems leverage large host
memory but are constrained by limited arithmetic instruction through-
put during intensive set intersection operations. Conversely, GPU-
accelerated systems offer massive compute power but are strictly
bound by PCIe interconnect bandwidth. When processing large-
scale graphs that exceed device memory, the data transfer through-
put lags significantly behind the device’s consumption rate, leaving
compute engines starved.

This paper presents HoloGraph, a heterogeneous architecture
designed to bridge this throughput gap. We introduce a workload-
aware steeringmechanism that routes lightweight, latency-sensitive
tasks to the CPU and dense, compute-intensive intersections to
the GPU, ensuring optimal hardware utilization. To resolve the
interconnect bottleneck, we implement a metadata-driven protocol
that leverages static GPU memory residency to transmit compact
task metadata rather than raw subgraphs, effectively inverting the
bandwidth limitation by compressing communication volume. Fur-
thermore, we orchestrate a double-buffered, asynchronous pipeline
to mask data-transfer latency by simultaneously generating host
candidates and executing on the device. Evaluation shows that
HoloGraph processes billion-scale graphs with sustaining high
computational throughput to outperform state-of-the-art baselines
by over an order of magnitude.

CCS Concepts
• Computer systems organization→ Heterogeneous (hybrid)
systems; • Information systems → Graph-based database
models.
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1 Introduction
Graph Pattern Matching (GPM) is a critical component of contem-
porary data analytics, offering structural insights in bioinformatics
[2, 14, 32], chemistry [12, 21], social networks [13, 18], and enhanc-
ing the expressive power of graph neural networks [11, 38, 40]. The
computational complexity of matching increases exponentially with
the pattern size (|P |) and has been proven NP-Hardness [15, 16].
As "Big Data" repositories now contain billions of edges, this com-
binatorial explosion poses a severe challenge to modern computer
architectures.

Recent GPM systems generally fall into two incompatible cate-
gories, forcing a trade-off between scalability and performance. The
first category comprises CPU-centric systems [8, 10, 19, 20, 27, 33].
These architectures leverage massive host memory to accommo-
date large-scale graphs but are fundamentally restricted by their
execution model. Designed for Task-Level Parallelism, generic CPU
architectures lack the massive core counts required to process dense
set intersections efficiently. While effective for complex control
logic, this design forces the serialization of the fine-grained Data-
Level Parallelism inherent in graph workloads. Consequently, the
CPU remains compute-bound and unable to deliver the arithmetic
throughput required for complex pattern matching.

The second category includes GPU-centric and heterogeneous
systems [6, 7, 9, 15, 16]. While these systems offer massive SIMT
parallelism, they are severely bandwidth-bound when processing
graphs that exceed device memory capacity. To handle such work-
loads, the system must continuously migrate data from the host via
the PCIe bus or coordinate intra-node transfers. This introduces a
"throughput mismatch" where the GPU’s massive compute engines
are starving, stalled by the high latency and limited bandwidth of
the interconnect rather than the device’s High Bandwidth Memory
(HBM). Consequently, the data transfer overhead nullifies the accel-
eration benefits, leaving a critical gap where no current architecture
successfully harmonizes high-throughput computation with the
massive data access requirements of large-scale graphs.

This performance gap stems from the fundamental Extend-Filter
model [23, 36, 41], which decomposes GPM into two phases with
diametrically opposed architectural affinities. The Extend phase
involves irregular traversal, a control-intensive task that demands
the sophisticated branch prediction of the host CPU to minimize
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pipeline stalls. Conversely, the Filter phase performs dense set com-
parisons, a compute-intensive operation that dominates execution
time and requires the massive throughput of SIMT architectures.
This dichotomy renders homogeneous systems inefficient. A CPU-
only approach suffers from compute scarcity during parallel inter-
sections, while a GPU-only approach is constrained by control-flow
divergence during traversal and the PCIe bandwidth bottleneck
during data access.

This paper presents HoloGraph, a novel heterogeneous archi-
tecture designed to bridge the throughput gap in graph pattern
matching. The system leverages the crucial insight that real-world
graph workloads exhibit power-law characteristics to intelligently
allocate hardware resources. Specifically, HoloGraph introduces
three principal innovations.

• Disaggregated Heterogeneous Coexecution:We propose
a heterogeneous architecture that partitions the graph pat-
tern matching workload based on hardware affinity. We as-
sign control-intensive traversal and latency-sensitive sparse
intersections to the CPU, while specializing the GPU as a
dedicated accelerator for dense, throughput-bound set oper-
ations. This separation maximizes host instruction through-
put while ensuring the device is reserved for workloads that
justify the offloading overhead.
• Workload-aware Steering:We develop a dynamic dispatch
framework that exploits the power-law characteristics of
real-world graphs. HoloGraph performs real-time cardinality
analysis to retain lightweight tasks on the host and selec-
tively routes only compute-intensive workloads to the GPU.
This ensures that every processing unit operates solely on
tasks that match its architectural strengths.
• Metadata-Driven Protocol: Addressing the fundamental
PCIe bottleneck, we employ a task-aware caching strategy
that pins high-degree neighbor lists in device memory. This
enables a metadata-driven communication protocol where
the host transmits compact task tuples rather than raw sub-
graphs, effectively inverting the bandwidth limitation by
compressing the data transfer volume.

Our evaluation demonstrates that HoloGraph achieves the scala-
bility of CPU-based systems while retaining the high-performance
characteristics of in-memory GPU accelerators. It successfully pro-
cesses graphs larger than the available device memory, preventing
the crashes or execution timeouts observed in prior work and out-
performing state-of-the-art baselines by over an order of magnitude.

2 Background
2.1 Preliminary
To understand the architectural challenges of Graph Pattern Match-
ing (GPM), we first distill the workload into its fundamental opera-
tions. Formally, GPM is a subgraph isomorphism problem: given a
large data graph G = (𝑉 , 𝐸) and a query pattern P (e.g., a triangle
or a clique), the goal is to find all embeddings of P hidden within
G.

Quick start with the classic example Triangle Counting, where the
system must find all sets of three vertices (𝑢, 𝑣,𝑤) that are mutually
connected. Figure 1 illustrates one of the standard algorithmic

Figure 1: Extend-Filter Model for Graph Pattern Matching

approaches, known as the Extend-Filter model [23, 36, 41], which
executes in steps:

(1) Extend (Flatmap): The system starts with a vertex (𝑢)
and attempts to extend it to an edge (𝑢, 𝑣) by flatmap (the
operator assigned to traverse its neighbor list).

(2) Filter (Intersection): To find a triangle, the system must
figure out a third vertex𝑤 that connects to both 𝑢 and 𝑣 , by
computing the intersection of the neighbor lists of 𝑢 and 𝑣
(𝑁 (𝑢) ∩ 𝑁 (𝑣)).

Typically, a query compiler translates the user input into a logical
plan of these Intermediate Representation (IR) operators [23]. The
backend processor then executes this plan by iterating over the
graph’s vertex or edge stream.

From an architectural standpoint, these operators exhibit orthog-
onal resource demands, creating a "resource affinity" dichotomy:
The Flatmap phase is characterized by irregular memory access
patterns and recursive backtracking. It is fundamentally control-
intensive, relying heavily on the sophisticated branch prediction
and out-of-order execution logic ofmodern CPUs tomitigate pipeline
stalls during traversal. The Intersection phase, conversely, is compute-
intensive. It involves the streaming comparison of sorted arrays, an
operation that demands massive memory bandwidth and arithmetic
throughput. While trivial for small sets, intersection becomes the
dominant bottleneck for large-degree vertices, benefiting signifi-
cantly from the massive parallelism of SIMT architectures.

Crucially, real-world graphs exhibit power-law distributions.
This introduces extreme workload variance: a high-degree vertex
may have millions of neighbors, necessitating high-throughput
vector processing, while a low-degree vertex connects to only a
few, favoring low-latency scalar execution. This skew exposes the
inefficiency of homogeneous execution: a static assignment of tasks
to either CPU or GPU inevitably results in under-utilization of
resources for a significant portion of the dataset.

2.2 Existing GPM Systems
Contemporary GPM architectures employ distinct parallel execu-
tion models, optimizing either for logical control flow via Task-
Level Parallelism (TLP) or for massive arithmetic throughput via
Data-Level Parallelism (DLP).
Task Level Parallelism. Conventional CPU systems prioritize
TLP to navigate the complex, irregular search space of subgraph
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isomorphism. These frameworks map individual embedding search
tasks to distinct CPU threads, leveraging the sophisticated branch
prediction of modern processors to handle the irregular control flow
inherent in the expansion phase. Peregrine [19, 20] exemplifies this
approach by introducing a "pattern-aware" programming model. It
analyzes the query structure to generate an efficient exploration
plan, bypassing expensive canonicality checks by directly explor-
ing subgraphs of interest. Addressing the computation redundancy
caused by pattern symmetry, GraphZero [27, 28] utilizes group the-
ory to generate symmetry-breaking constraints automatically. This
ensures that each unique embedding is computed exactly once by a
single thread without runtime overhead. Furthermore, GraphPi [33]
advances this methodology by employing a performance predic-
tion model to select the optimal combination of matching order
and restriction sets. In this model, parallelism is achieved across
independent search tasks, while the operations within each task
(such as intersection) are typically executed sequentially or with
limited vectorization within the thread context.
Data Level Parallelism.To exploit themassive arithmetic through-
put of accelerators, GPU systems leverage DLP by mapping set
operations to SIMT architectures. G2Miner [7] adapts the traversal
strategy from Breadth First Search (BFS) to Depth First Search (DFS)
to better suit GPU memory hierarchies. It employs a code generator
to create customized kernels that execute intersection operations in
parallel across thousands of GPU threads. To address the memory
capacity constraints that limit GPU adoption, PBE (Partition Based
Enumeration) [15, 16] introduces a partition-centric approach. It
divides large data graphs into chunks that fit within device memory
and employs a "shared execution" strategy to enumerate subgraphs
that span across partitions. These systems prioritize the parallel ex-
ecution of the intersection operator, offloading the heavy arithmetic
workload to the device while managing the control logic through
specialized kernel scheduling.

2.3 Limitations
We contend that existing architectures fail to scale efficiently due
to a fundamental throughput mismatch, where CPU solutions are
strictly bound by arithmetic instruction throughput, while GPU and
heterogeneous solutions are throttled by interconnect bandwidth.
CPU Compute Scarcity. The CPU is the traditional platform for
GPM because its sophisticated branch predictors effectively handle
the complex control flow of the Expansion phase. Modern CPU-
based GPM systems, such as Peregrine [19, 20], GraphZero [27, 28],
and GraphPi [33], leverage these capabilities to manage the com-
plex control flow required for symmetry breaking and anti-edge
constraints. However, the CPU suffers from inefficient parallelism
during the intersection phase. When intersecting two arrays with
millions of elements, the intersection becomes a massive data par-
allel task. A generic CPU core, even with vector extensions like
AVX [17], lacks the massive thread count required to process these
millions of elements in parallel. The hardware process GPM in task-
level parallelism (one embedding per thread) effectively wastes the
workload’s intrinsic data parallelism. Figure 2 illustrates the perfor-
mance gap measured by triangle counting, which nearly involves
only the intersection. It exploits that the throughput of intersection

processing is inefficient in multi-core CPU processing compared
with GPU SIMT processing.
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Figure 2: Processing throughput of existing architectures.

GPU Data Starvation. Conversely, GPUs possess the massive
SIMT parallelism required to saturate intersection throughput but
suffer from data starvation when graphs exceed device memory
capacity. In these "out-of-core" scenarios, the system must contin-
uously migrate data from the host via the PCIe bus [7, 15, 16]. As
quantified in Figure 2, the system encounters a severe bandwidth
cliff once the graph scale exceeds device memory capacity. When
the graph scale increases to the host memory range, the effective
data access rate plummets from the internal HBM bandwidth to the
external PCIe limit. This bottleneck forces the GPU’s massive SIMT
engines into a state of data starvation, where execution stalls while
awaiting operands from the host. Profiling confirms this through-
put inversion: while the PCIe interconnect is fully saturated, GPU
processing and HBM throughput drop significantly, demonstrating
that system performance is strictly bottlenecked by communication
latency rather than computational capacity.
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2.4 Motivation
This analysis demonstrates that existing architecture cannot effi-
ciently accommodate the full spectrum of GPM workloads. While
CPUs minimize latency for control-heavy Extend, they suffer from
compute scarcity during dense set intersections. Conversely, GPUs
provide sufficient computational throughput but are throttled by
data starvation when processing large-scale graphs over the limited
PCIe interconnect.

In addition, our approach resolves this resource under-utilization
by exploiting the power-law distribution inherent in real-world
graphs. Figure 3 visualizes the intersection workload distribution.
We derive these frequencies by profiling canonical GPM patterns
(Triangle, Rectangle, Pentagon) to capture representative multi-hop
traversals. Symmetric operand pairs are aggregated to consolidate
the cardinality space. Intersection workloads exhibit significant
skewness: the vast majority involve small sets that do not benefit
frommassive parallelism (referred to as sparse intersections), while a
minority of large sets account for the bulk of computational demand
(referred to as dense intersections). Consequently, we introduce a
workload-aware steering mechanism. To mitigate bus starvation,
we pin high-degree neighbor lists in GPU memory, ensuring that
dense intersections are executed on the GPU with the data residing
there. Simultaneously, sparse intersections are routed to the CPU,
leveraging its low-latency characteristics for fine-grained tasks.

Figure 4: Homogeneous vs. Heterogeneous Execution

Figure 4 contrasts our heterogeneous execution model with tra-
ditional homogeneous approaches. We propose a disaggregated
architecture that distributes workloads based on computational
intensity. At the system level, the host and device operate in a co-
operative pipeline. At the kernel level, each unit executes the form
of parallelism at the task-level (CPU) and data-level (GPU) that best
suits the hardware architecture. The goal of our design is to resolve
the tension between compute scarcity and data starvation, thereby
maximizing total system parallelism.

3 Heterogeneous Coexecution
3.1 Overview
HoloGraph is architected as a throughput-oriented heterogeneous
co-execution system. It establishes the Host CPU and Device GPU
as distinct semantic engines, integrating Workload-Aware Steering
with Asynchronous Pipelining to maximize system-wide utilization.

Figure 5: High-level Design of HoloGraph

As depicted in Figure 5, the architecture is tripartite, comprising
three primary components: the Host Controller, the Device Accelera-
tor, and the Asynchronous Communication Interface.

The host controller functions as the system’s primary orches-
trator, hosting the full data graph G in system DRAM, iteratively
processing embeddings from the frontier, scheduling operands for
embedding expansion based on the high-level logical plan, and
dispatching the task to compute units. Specifically, the host con-
troller identifies and dispatches low-workload, inefficiently parallel
tasks (flatmap and sparse intersection) to CPU cores, and steers
compute-intensive tasks (dense intersection) to the device worker
via the PCIe bus.

The device accelerator serves exclusively as a high-throughput
engine for dense set intersections. To avoid the PCIe bottleneck, we
leverage GPU High Bandwidth Memory (HBM) to statically cache
high-degree neighbor lists demanded by dense intersections. This
resident data enables the device to execute intersections without
waiting for data transfer, eliminating interconnect latency.

The asynchronous communication interface employs a bidirec-
tional buffer over the PCIe bus to overlap latency and prevent the
communication throughput bottleneck. By orchestrating a continu-
ous pipeline, we ensure that the host and the device independently
execute batches of tasks simultaneously. The communication la-
tency of task dispatching and result returning is overlapped by
execution.

3.2 The Control-Compute Workflow
The primary responsibility of the host controller is to execute
pattern-aware exploration logic iteratively on embeddings from
the frontier, initiated with an embedding frontier 𝐸0 derived from
vertex enumeration.

For each embedding in the active frontier, the host evaluates
the subsequent Intermediate Representation (IR) operator to de-
termine the execution path. Latency-sensitive workloads such as
flatmap and sparse intersection are processed locally for immediate
scalar execution (Steps A-C). Conversely, dense intersections are
offloaded to the GPU via a producer-consumer queue. Crucially,
this dispatch mechanism is non-blocking: the host preserves the
context of offloaded tasks and immediately processes the remaining
tasks in the frontier (Step A). Upon retrieving completion signals
from the device, the host resumes these contexts and promotes valid
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embeddings to the next processing stage (Steps D–F). We rigorously
define the cardinality threshold distinguishing sparse from dense
workloads in §4.

The device accelerator (GPU) is specialized as a high-throughput
engine for dense set intersections (𝑆𝑒𝑡𝑎 ∩ 𝑆𝑒𝑡𝑏 ) (Step G-I). It contin-
uously polls the producer-consumer queue to retrieve independent
tasks, and remains unaware of the dispatch latency until the queue
is empty. To maximize interconnect efficiency, the device receives
only lightweight task metadata, using these identifiers to index
the full neighbor sets resident in High Bandwidth Memory (HBM).
After the computation, the results are asynchronously written back
to a pinned buffer in host memory.

4 Workload-aware Steering
4.1 Workload Characterization
To optimize resource allocation, we first characterize the compu-
tational intensity of set intersection based on operand cardinality.
We observe that the throughput profile diverges significantly based
on input size, as illustrated in Figure 6.

Figure 6: Compute Characteristic of Intersections

First, intersections between two low-degree sets fail to saturate
the GPU’s massive thread capacity. In this latency-bound scenario,
the overhead of PCIe interconnect significantly outweighs the com-
putational cost. GPU offloading is inefficient at the small-workload
intersection. Second, asymmetric intersections (one low-degree set,
one high-degree set) remain inefficient on the GPU. While GPU
parallelism accelerates the comparison of intersections, the cost
of offloading the large operand across the bus negates the benefit.
These workloads are highly amenable to CPU execution using gal-
loping binary search, which exploits the size disparity to reduce
complexity from linear to logarithmic time (𝑂 ( |𝐴| log |𝐵 |)), which
generally performs better than the GPU solution with interconnect
overhead. Finally, intersections between two high-degree sets pro-
vide sufficient workload to fully occupy the GPU’s SIMT lanes. This
allows the GPU to effectively reduce computation time through
massive thread-level parallelism.

Consequently, we formally define the Steering Policy to deter-
mine the optimal execution unit for each intersection task. We
introduce a cardinality threshold 𝜏 to distinguish between high-
degree set (|𝑆𝑒𝑡 | > 𝜏) and low-degree (|𝑆𝑒𝑡 | ≤ 𝜏). Accordingly,
we classify an intersection task 𝐼𝑛𝑡𝑒𝑟𝑠𝑒𝑐𝑡 (𝑆𝑒𝑡𝑎, 𝑆𝑒𝑡𝑏 ) as a dense

intersection if and only if both sets exceed this threshold:

Intersection(𝑆𝑒𝑡𝑎, 𝑆𝑒𝑡𝑏 ) =
{
Sparse max( |𝑆𝑒𝑡𝑎 |, |𝑆𝑒𝑡𝑏 |) < 𝜏

Dense otherwise

Under this definition, only dense intersections are offloaded to the
GPU to maximize throughput, while all sparse intersections are
retained on the host to minimize latency.

4.2 Steering Threshold
Existing architectures remain fundamentally constrained by PCIe
bandwidth limits, incurring a substantial latency penalty from fre-
quent host-device communication. To balance the computational
benefits of SIMT execution against the interconnect overhead, we
employ a greedy, capacity-aware steering mechanism, which de-
rives the steering threshold 𝜏 by reconciling graph scale with the
GPU’s physical memory constraints.

Algorithm 1 Greedy Capacity-Aware Steering

Require: Graph G(𝑉 , 𝐸), Device Memory CapacityM
Ensure: Steering Threshold 𝜏
1: Initialize frequency table 𝐻 ← {0, . . . , 0}
2: 𝑑𝑚𝑎𝑥 ← 0
3: // Phase 1: Build Degree Frequency Table
4: for 𝑣 ∈ 𝑉 do
5: 𝑑 ← deg(𝑣)
6: 𝐻 [𝑑] ← 𝐻 [𝑑] + 1
7: 𝑑𝑚𝑎𝑥 ← max(𝑑𝑚𝑎𝑥 , 𝑑)
8: end for
9: 𝜏 ← 𝑑𝑚𝑎𝑥

10: // Phase 2: Greedy Capacity Allocation
11: while 𝜏 ≥ 0 do
12: 𝑢𝑠𝑎𝑔𝑒 ← 𝐻 [𝜏] × 𝜏
13: ifM ≥ 𝑢𝑠𝑎𝑔𝑒 then
14: M ←M − 𝑢𝑠𝑎𝑔𝑒
15: 𝜏 ← 𝜏 − 1
16: else
17: break {Capacity saturated}
18: end if
19: end while
20: return 𝜏

As formalized in Algorithm 1, we employ a greedy capacity al-
location strategy that prioritizes the residency of dense neighbor
lists. The system iterates through vertices in descending order of
degree, pinning their adjacency arrays to device HBM until the
memory budget is exhausted. We subsequently define the steering
threshold 𝜏 as the degree of the last vertex successfully cached. This
construction provides a deterministic runtime guarantee: since the
dispatcher restricts GPU offloading exclusively to dense intersec-
tions, both operand sets are provably resident in device memory (as
validated in §5). Consequently, HoloGraph eliminates the overhead
of raw data migration, limiting PCIe traffic to the transmission of
lightweight task metadata.

Furthermore, this mechanism is inherently adaptive in scenarios
where the graph scale allows full residency (i.e., the entire dataset
fits within device memory) and the threshold naturally converges to
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zero (𝜏 → 0). HoloGraph automatically caches the complete graph
to maximize throughput without requiring manual reconfiguration.

5 Metadata-Driven Protocol
By leveraging the static residency of high-degree neighbor lists in
device memory, we implement a metadata-driven communication
protocol. We observe a critical invariant enforced by our steering
logic: any operand set required for a GPU-offloaded intersection is,
by definition of the threshold (min( |𝑆𝑒𝑡 |) > 𝜏), already resident in
HBM. Consequently, we eliminate the redundant transmission of
raw vertex arrays across the PCIe bus. Instead, the host dispatches
task metadata as illustrated in Figure 7. This mechanism transforms
the communication model from a data-bound transfer of megabytes
into a stream of bytes, ensuring that interconnect bandwidth no
longer limits the GPU’s computational throughput.

Figure 7: Traffic Alleviation by Metadata-Driven Protocol

5.1 Ephemeral Sets Management
A fundamental challenge in traffic reduction lies in managing the
ephemeral intermediate data generated during multi-step query
execution. For initial intersections (𝑁 (𝑢) ∩ 𝑁 (𝑣)), transferring sim-
ple Vertex IDs is sufficient, as the device can directly index the
resident neighbor lists from its static cache. However, complex
GPM queries frequently necessitate chained intersections (e.g.,
(𝑁 (𝑢) ∩𝑁 (𝑣)) ∩𝑁 (𝑤)). Our heterogeneous pipeline is architected
for atomic dispatch, executing strictly one intersection per task to
maintain statelessness and load balance. Consequently, the interme-
diate result 𝑆 ′ = 𝑁 (𝑢) ∩𝑁 (𝑣) is an ephemeral set: it is anonymous,
lacking a static Vertex ID, and exists only transiently within the
execution context. Naively transferring 𝑆 ′ back to the host solely to
re-upload it for the subsequent intersection (𝑆 ′∩𝑁 (𝑤)) would effec-
tively reintroduce the very bandwidth bottleneck our architecture
seeks to eliminate.

To address the referencing of these anonymous ephemeral sets,
we introduce the Index Lookup Bitmap (ILB). We redefine the task
metadata tuple as a compact descriptor: Metadata Size, Flags,
Vertex ID, ILB. The ILB serves as a bitmask that enables the device
to reconstruct specific ephemeral subsets without raw data transfer.
This mechanism exploits a critical data dependency invariant that
any intermediate set 𝑆 ′ generated during a GPM query is a subset of
its input operands. Since our steeringmechanism in §4 restricts GPU

execution exclusively to dense Intersections, the parent superset
is guaranteed to be statically cached in HBM. Therefore, we can
uniquely identify any ephemeral set 𝑆 ′ using {Vertex ID, ILB},
where the Vertex ID points to the base superset in device memory,
and the ILB masks the invalid elements.

5.2 Metadata Management
We utilize the Index Lookup Bitmap (ILB) in two distinct phases of
the execution lifecycle to minimize data movement and redundant
computation.
Candidate Filtering: Threads within a warp execute the inter-
section logic on the resident neighbor lists as established in §6.2.
Upon detecting a potential match, the thread validates the candi-
date against the active input ILB. If the corresponding bit is unset,
the candidate is deemed invalid and immediately discarded. To mit-
igate control divergence, we employ an is_subset flag. This signal
allows the kernel to bypass the ILB check entirely when the input
operand is a complete neighbor list, thereby eliding unnecessary
memory lookups and minimizing branch overhead.
Output Generation: Simultaneously, the kernel constructs the ILB
for the result set if the output cardinality exceeds 𝜏 . ILB encodes
valid matches relative to their indices in the shorter source array
(the Reference Parent). By transmitting this compact bitset back
rather than integer arrays, we effectively compress the intermediate
results. We further optimize this with a will_intersect flag: if
the logical plan indicates the result will not act as an operand
for subsequent intersections, we suppress ILB generation entirely.
Collectively, this Metadata-Driven Protocol reduces host-device
data transfer volume by orders of magnitude.

6 GPM Parallelism
6.1 Pipelining Parallelism
In addition to the interconnect bandwidth, communication latency
also presents a critical bottleneck in decoupled architectures. Sys-
tem throughput is severely throttled if the host stalls awaiting
device completion or if the device idles pending task dispatch. Holo-
Graph mitigates this overhead by implementing an asynchronous
pipeline, detailed in Figure 8.

Figure 8: Pipeline Parallelism of HoloGraph

The execution pipeline establishes a continuous stream of active
batches, orchestrated through three overlapping stages to maximize
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resource utilization. As depicted in Figure 8, at any given instant
𝑡 , the system operates as follows: 1) Host Control (Batch 𝑁 + 2).
The CPU first identifies the IR executor of batch 𝑁 + 2 from the
frontier embedding. Then it executes flatmap operations and sparse
intersections locally and dispatches tasks to the GPU for dense
intersections. 2) PCIe Interconnect (Batch 𝑁 + 1). The DMA engine
streams the task metadata for the previously packed batch to the
device. This operation effectively masks data movement latency
behind the host’s computation [15, 16, 25]. 3) GPU Compute (Batch
𝑁 ). The GPU executes the intersection kernel for the resident batch
using the task metadata.

This three-stage design ensures that the CPU, PCIe intercon-
nect, and GPU operate concurrently, effectively eliminating the
synchronization bubbles characteristic of synchronous offloading
schemes.

6.2 Intersection Parallelism
We exploit intersection parallelism through three algorithmic prim-
itives, each tailored to the specific cardinality of the workload and
the architectural strengths of the underlying hardware.

To maximize host throughput, we leverage AVX512 vector ex-
tensions to implement a distinct kernel for the small workload
(low-degree ∩ low-degree) and asymmetric workload (low-degree
∩ high-degree) intersection. For small workloads, we execute a
SIMD-optimized Merge Path algorithm [17]. By packing multiple
32-bit neighbor IDs into 512-bit vector registers, this primitive
performs parallel comparisons in a single cycle. This effectively
saturates the CPU’s superscalar instruction pipeline, transforming
the control-heavy linear scan into a throughput-oriented vector
operation. For asymmetric workloads, linear scanning is computa-
tionally wasteful. We employ SIMD-Accelerated Galloping Binary
Search [24]. This technique exploits the size disparity to logarithmi-
cally prune the search space of themassive array (𝑂 ( |𝐴| log |𝐵 |)). By
skipping strictly dominated ranges, it minimizes unnecessary cache
line fills and optimizes latency for these asymmetric workloads.

For dense intersections offloaded to the device, we adopt a Warp
Parallel Binary Search strategy [7] to maximize SIMT efficiency. The
kernel maps each independent intersection task to a single warp,
ensuring high hardware occupancy. Within this context, threads
cooperatively perform coalesced loads to fetch blocks from the
smaller neighbor list (the search keys) and concurrently execute
binary searches against the longer list (the search space) resident
in HBM.

7 Evaluation
We evaluate HoloGraph to answer four research questions:
RQ1: Does HoloGraph outperform state-of-the-art systems in exe-
cution time?
RQ2: How effectively does the memory hierarchy sustain data
throughput in our system?
RQ3: How does the workload-aware steering strategy contribute
to the performance?
RQ4: How well does the metadata-driven protocol eliminate re-
dundant transfers to prevent bandwidth exhaustion?

Graph # Nodes # Edges Size
Youtube (yt) 7M 114.2M 0.49GB

LiveJournal (lj) 4.0M 34.7M 0.36GB
Orkut (ok) 3.1M 117.2M 1.8GB

Twitter20 (tw2) 21.3M 265M 2.2GB
Twitter40 (tw4) 41.7M 1202.5M 9.3GB
Friendster (fr) 65.6M 1806M 13.9GB
UK-2007 (uk) 105.9M 3301.2M 25.4GB

Table 1: Graph Datasets

Figure 9: Patterns used in the evaluation

7.1 Experiment Setup
We evaluate HoloGraph on a heterogeneous server equipped with
dual-socket Intel Xeon Silver 4210R processors (40 threads, 96 GB
memory) and an NVIDIA RTX 4000 GPU (8 GB device memory).
We benchmark against GraphZero and G2Miner to represent state-
of-the-art CPU and GPU architectures, respectively. To isolate the
efficiency of the runtime engine, we enforce identical logical query
plans across all systems. This methodology ensures that observed
performance differences are strictly attributable to hardware utiliza-
tion rather than to variations in query optimization or symmetry-
breaking strategies [15, 16, 33]. All systems execute identical logical
plans for the four structural patterns shown in Figure 9, ensuring
that performance differentials are strictly attributable to runtime
execution throughput rather than query planning variations. We
utilize a diverse suite of real-world datasets [3–5, 22, 39], as detailed
in Table 1.

7.2 End-to-End Performance Analysis
Figure 10 presents the end-to-end execution time of HoloGraph
compared to GraphZero and G2Miner across varying dataset sizes
and pattern complexities. We denote instances exceeding a 36-hour
execution limit with “T” (Bars with all baselines crashed by timeout
were omitted). The results demonstrate that HoloGraph provides
the most robust performance profile, effectively bridging the gap
between high-speed in-memory execution and scalable out-of-core
processing.

On datasets that fit entirely within the GPU’s memory, G2Miner
generally exhibits the lowest latency. This is expected, as G2Miner
exploits the high bandwidth of HBM (High Bandwidth Memory)
without incurring PCIe data-transfer overhead. HoloGraph remains
competitive in this scale, with only marginal slowdowns attributed
to runtime scheduling and metadata management overheads. This
confirms that our hybrid architecture incurs minimal penalty even
when fully in-memory execution is possible.

The benefits of HoloGraph become decisive on billion-scale
graphs (𝑡𝑤4, 𝑓 𝑟 , 𝑢𝑘), which exceed GPU capacity. G2Miner fails to
execute any patterns on these datasets due to memory exhaustion.
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Figure 10: Overall performance of HoloGraph, GraphZero, and G2Miner.

In contrast, HoloGraph successfully scales to all inputs, outperform-
ing the CPU-based GraphZero by up to an order of magnitude (e.g.,
𝑡𝑤4 on 𝑃3). This speedup confirms the efficacy of our pipeline in
hiding PCIe latency by overlapping data transfer with compute-
intensive intersection kernels.

The 𝑢𝑘 dataset represents a pathological case due to its sparsity.
In 𝑃1, HoloGraph exhibits performance parity with GraphZero
rather than a significant speedup. The low arithmetic intensity
of sparse intersections on 𝑢𝑘 is insufficient to saturate the GPU’s
compute units or to effectively hide PCIe transfer latency. This
limitation highlights the necessity of our adaptive steering, which
prevents performance degradation by falling back to CPU execution
when offloading costs outweigh acceleration benefits.
Hardware Utilization. Table 2 details the active CPU and GPU
utilization rates across multiple large-scale graphs. These internal
profiling results confirm high overall system saturation. By effec-
tively overlapping host and device computations, the asynchronous
pipeline maintains high resource utilization across varying graph
topologies and pattern complexities.

Graph Hardware P1 P2 P3 P4

Twitter20 GPU 82.21% 100.00% 99.62% 99.96%
CPU 49.31% 98.77% 99.77% 98.58%

Twitter40 GPU 94.45% 99.83% 78.40% 83.78%
CPU 73.04% 99.45% 95.79% 95.59%

Friendster GPU 89.53% 95.21% 92.38% 98.23%
CPU 58.01% 75.64% 76.39% 92.34%

UK-2007 GPU 86.48% 74.02% 69.48% 71.42%
CPU 70.34% 98.37% 97.73% 95.78%

Table 2: Hardware utilization of HoloGraph

7.3 Data Throughput Analysis
To understand the architectural sources of HoloGraph’s perfor-
mance, we analyze the effective data throughput across the mem-
ory hierarchy (Host Memory, PCIe, and GPU HBM) in Figure 11.
We present results for two representative patterns: 𝑃1 and 𝑃2. 𝑃1 is
intersection-intensive and compute-bound and 𝑃2 balances flat-map
expansions with intersection filtering.
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Figure 11: Overall data throughput of Systems.
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A critical metric for GPU accelerators is the utilization of High
Bandwidth Memory (HBM). HoloGraph consistently sustains high
HBM throughput, significantly outperforming the baselines on
large-scale datasets. On the 𝑡𝑤4 and 𝑓 𝑟 graphs, our system achieves
an effective HBM throughput that is orders of magnitude higher
than G2Miner [7]. This indicates that HoloGraph successfully main-
tains a high occupancy of active warps on the GPU. Unlike G2Miner,
which suffers frommemory thrashing or capacity overflow on large
graphs, our pipeline ensures that the GPU always processes valid,
resident subgraphs.

HoloGraph maintains consistently low PCIe throughput (0.1-
1.0 GB/s), utilizing less than 10% of the available PCIe bandwidth.
This demonstrates that HoloGraph effectively eliminates the PCIe
bottleneck, decoupling execution performance from interconnect
bandwidth. Unlike G2Miner, which saturates the bus by stream-
ing raw subgraphs, HoloGraph’s metadata-driven protocol filters
redundancy at the source.

HoloGraph maintains host memory throughput parity with the
CPU-only baseline [27], implying that host threads remain active
rather than stalling on accelerator feedback. This demonstrates
effective latency masking, where CPU-side candidate generation is
continuously overlapped with device-side intersection to prevent
resource idling.

7.4 Efficacy of Workload-Aware Steering
To quantify the benefits of our workload-aware scheduling (WAS),
we conduct an ablation study comparing the full system (-WAS)
against a version that indiscriminately offloads all tasks (-Only).
Figure 12 presents the execution time and throughput breakdown
for patterns 𝑃1 and 𝑃3 on the 𝑡𝑤4 and 𝑓 𝑟 datasets.

As shown in Figure 12(a), the WAS strategy is critical for per-
formance stability. The ablation baseline (-Only) fails to complete
execution within the time limit for 𝑡𝑤4 on both 𝑃1 and 𝑃3. This fail-
ure stems from inefficient sparse offloading that sends low-degree
intersection tasks to the GPU, which incurs synchronization and
transfer overheads that outweigh the computational speedup. By
filtering these sparse tasks and processing them on the host CPU,
the system achieves orders-of-magnitude speedups and ensures
robust scalability.

Figure 12(b) reveals the architectural root of this performance
divergence. WAS sustains HBM throughputs exceeding 100 GB/s.
This high efficiency confirms that the steering policy successfully
selects dense, computationally intensive workloads that generate
consecutive memory accesses. These access patterns enable effec-
tive memory coalescing on the GPU, maximizing the utility of the
high-bandwidth memory. In contrast, the baseline exhibits negli-
gible HBM throughput (< 10−3 GB/s), indicating that the GPU is
stalled processing fragmented, fine-grained memory requests that
fail to saturate the memory controller.

A counter-intuitive result appears in the PCIe throughput, where
the baseline (-Only) achieves higher PCIe throughput. However,
this represents inefficient saturation as we analyze in §7.3: The
interconnect is bottlenecked with metadata and small task head-
ers for sparse workloads that yield minimal compute. Conversely,
workload-aware steering maintains a low PCIe profile while deliv-
ering superior end-to-end performance. This confirms that WAS
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Figure 12: Impact of Workload-Aware Steering (WAS).

acts as an intelligent filter, offloading only tasks that require sig-
nificant computation. This prevents interconnect thrashing and
ensures PCIe bandwidth is allocated to workloads that benefit from
acceleration.

7.5 Efficacy of Metadata-Driven Protocol
To isolate the impact of our communication optimization, we eval-
uate the system with and without the Metadata-Driven Protocol
(MDP). Figure 13 illustrates the execution status and PCIe through-
put on the largest datasets.

The results on the 𝑓 𝑟 dataset demonstrate the necessity of MDP
for bandwidth conservation. When the MDP is disabled, the PCIe
becomes fully saturated, reaching the interconnect limit. This in-
dicates the interconnect is saturated by redundant data transfers,
causing pipeline congestion and execution timeouts. The signifi-
cantly reduced bandwidth profile confirms that MDP effectively
filters redundancy at the source, restricting interconnect traffic to
strictly compressed metadata.

The behavior on 𝑡𝑤4 reveals a critical scalability issue. The ab-
lation case exhibits anomalously low PCIe throughput, which is
a symptom of execution instability rather than efficiency. With-
out MDP’s filtering, the aggressive data streaming overwhelms
device memory, triggering Out-Of-Memory (OOM) exceptions and
preventing the system from reaching steady-state utilization. This
shows that MDP balances data supply with memory capacity to
ensure scalable execution.
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Figure 13: Impact of Metadata-Drive Protocol (MDP).

8 Related Work
Graph pattern-matching systems have been developed for several
years; prior studies have explored many different acceleration ap-
proaches, including algorithmic pruning, optimal search plans, and
faster execution with a more suitable parallel architecture. Some
of the techniques are orthogonal to our study, and they can be
combined to achieve better performance.
Algorithmic Pruning and Compile-Time Optimization. To
mitigate the combinatorial explosion inherent in subgraph match-
ing, modern frameworks increasingly leverage static analysis and
theoretical reductions to contract the search space prior to execu-
tion. While early systems utilized intermediate representations to
decouple algorithmic definition from backend execution [26], recent
work has integrated group theory directly into optimizing query
compilers. These approaches automate symmetry breaking, gener-
ating constraints that eliminate automorphism-induced redundant
computations [27, 33]. Concurrently, the adoption of Worst-Case
Optimal Join (WCOJ) algorithms has shifted the focus from tradi-
tional binary joins to multi-way intersection strategies [29, 30]. By
exploiting generalized hypertree decompositions and SIMD par-
allelism, these techniques demonstrate significant speedups over
conventional graph engines, extending efficacy to complex patterns
involving negative or optional edges [1, 31].
Architecture-Aware Parallel Traversal. Optimizing graph pat-
tern matching on parallel hardware requires balancing massive
concurrency with limited memory resources and divergent control
flow. Although initial GPU-accelerated methods relied on bulk-
synchronous BFS traversals [9], the high memory footprint of inter-
mediate frontiers necessitated a shift toward depth-first strategies.

Consequently, recent architectures employ stack-based backtrack-
ing and hybrid BFS-DFS schedules to minimize memory consump-
tion while maximizing thread occupancy [7, 34, 37]. To address the
load imbalance caused by power-law graph distributions, systems
now routinely incorporate dynamic work-stealing mechanisms
and relaxed execution ordering [35, 37]. Beyond general-purpose
GPUs, hardware-software co-designs have emerged to further re-
duce latency, utilizing specialized processing elements to accelerate
isomorphism checks and candidate filtering [10].

9 Conclusion and Future Work
This paper presents HoloGraph, a heterogeneous architecture that
bridges the fundamental throughput gap in Graph Pattern Match-
ing by resolving the tension between CPU compute scarcity and
GPU data starvation. By synergizing Workload-Aware Steering
with a Metadata-Driven Protocol, we decouple execution based on
hardware affinity to eliminate redundant data transfer with routing
sparse tasks to the CPU and dense intersections to the GPU. Evalua-
tion results demonstrate that HoloGraph sustains HBM throughputs
exceeding 100 GB/s while saturating the PCIe bus by less than 10%.
Consequently, it delivers performance gains of over an order of
magnitude against state-of-the-art baselines on large-scale graphs.

In future work, we aim to address the diminishing returns ob-
served in highly sparse intersections (e.g., the uk dataset), where the
fixed overhead of heterogeneous coordination can outweigh accel-
eration benefits. We plan to investigate more fine-grained pipeline
optimizations and develop a dynamic steering model that adapts
the offloading threshold to the embedding frontier’s instantaneous
sparsity, ensuring robust performance across all graph distributions.
Additionally, HoloGraph will support graph pattern matching on
dynamic graphs, enabling broader practical use.
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