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ABSTRACT Graph convolutional neural networks (GCNs) are representative graph neural network (GNN)
models that can be used for analyzing and classifying nodes in graph structures. Since graph structures
exhibit extremely sparse and irregular connections among many vertices, graph processing is not efficient
on GPUs as GPUs are designed for accelerating regularly structured datasets. Since GCN kernels handle large
feature data associated with vertices, GCN kernels exhibit extremely low efficiency on GPU. We analyze the
behavior of the GCN aggregation kernel on GPU to reveal the performance hurdles of GCN kernels. In this
paper, we propose an efficient GCN kernel design approach, called BiKD. We first propose a CTA-level
vertex mapping approach to tackle the lower resource utilization in GPU. We reveal that the GPU’s kernel
execution model is not efficient for handling unbalanced graph structures. By mapping vertices to multiple
CTAs in GCN aggregation kernels, GPUs can instantly assign available resources to new CTAs without
synchronization among multiple vertices. Then we propose kernel decomposition approaches to reduce the
data structure size handled by a single GCN aggregation kernel. We observe GPU’s L2 cache cannot exploit
inter-vertex locality since the size of feature data associated with vertices is significantly large compared
to the L2 cache space. Our evaluation shows that the proposed kernel design improves GCN aggregation
performance by 1.31x over GE-SpMM, 1.39x over DGL with METIS reordering (DGL-METIS), 2.11x
over GNNAdvisor, and 2.22x over the baseline DGL implementation. We also observe that the proposed
kernel design can improve the utilization of the GPU’s cache hierarchy dramatically.

INDEX TERMS Kernel design, kernel optimization, GPU, graph neural networks, preprocessing.

I. INTRODUCTION

Graph neural networks (GNNs) are a class of neural network
applications widely used for analyzing and classifying graph-
structured data. Unlike popular neural network architectures
such as convolutional neural networks (CNNs) that operate
on regularly structured data, GNNs handle graph data
structures that include many vertices connected in irregular
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patterns. Graph structures are widely used for representing
relations among data nodes, which are frequently observed
in scientific and social data sets [1], [2], [3], [4]. In order
to boost the performance of neural network applications,
we frequently rely on GPU’s massive thread-level parallelism
(TLP) capability since GPUs are designed for executing
many simple threads in parallel. However, GNN applications
exhibit extremely low efficiency on GPUs due to the inherent
characteristics of graph structures. Namely, the adjacency
matrix used for representing edges between two vertices
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is extremely sparse thus such sparse matrix operations
incur very low efficiency in storage space and processing
units. Even though graph structures can be formatted with
compressed data structures that can eliminate zero data,
essential graph analytics operations such as traversing neigh-
bor vertices create many irregular memory transactions in the
GPU memory hierarchy. Note that many studies report GPU
performance can significantly suffer from irregular memory
transactions created from graph analytics kernels [5], [6], [7].
Furthermore, GNN kernels typically handle large-scale graph
structures where each vertex includes a high-dimensional
feature vector, thus the GPU’s cache hierarchy is poorly
utilized since the feature vectors once allocated in a cache
are frequently evicted before re-reference. In the previous
articles, researchers presented severe performance hurdles
when GNN applications run on GPUs [8], [9].

A single layer of GNN applications typically consists of
two phases: aggregation and combination. GNN applications
execute multiple such layers repeatedly to produce final
outputs. Prior research discloses that the aggregation phase
accounts for a significant portion of overall execution
time when running GNNs on GPUs since aggregating the
features of a single vertex requires accessing feature vectors
from multiple neighbor vertices [9]. These operations are
heavy performance burdens in GPUs since the multiple
feature data demanded by a single vertex are irregularly
allocated in the GPU memory space. On the other hand,
the combination phase involves dense matrix-matrix multi-
plications that fit well with GPU architectures. Consequently,
improving the efficiency of aggregation kernels is criti-
cal for enhancing the performance of GNN applications
on GPUs.

Traditional graph processing kernels associate a single
thread of a GPU with the computations of a single
vertex (or edge) in order to maximize GPU’s thread-level
parallelism [5], [10]. However, this approach is significantly
inefficient for GNN kernels since each vertex demands
multiple large feature vectors to create severe congestion
in the GPU memory hierarchy. Furthermore, the thread-
level mapping approach can result in low GPU occupancy
since the execution of the threads within a warp is explicitly
synchronized. Considering the number of neighbor nodes
varies across vertices, a warp can be occupied for many cycles
by the slowest thread typically corresponding to a vertex with
a large number of neighbor nodes. In order to address such
inefficiencies, researchers proposed a warp-level mapping
approach in which the aggregation operation for a single
vertex is assigned to a warp [11]. This method can reduce
the amount of data demanded by a single warp since each
warp handles only one vertex. However, recent studies reveal
GPU’s caches are not utilized efficiently even with the
warp-level mapping approach [8]. GPU’s cache hierarchy
cannot exploit the data locality observed in graph structures
because the size of GPU caches is small compared to the size
of feature vectors in large-scale graphs. Hence, aggregation
kernels frequently fetch large amounts of data from GPU’s
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external memory, thus the overall performance of GPU
becomes limited by the bandwidth of memory channels.
In addition, the low GPU occupancy issue still persists with
the warp-level mapping approach since a cooperative thread
array (CTA) remains occupied by the slowest warp associated
with the vertex that includes many neighbors.

In order to tackle the aforementioned performance issues
of the aggregation kernels, we propose an efficient aggre-
gation kernel design approach, called Bidirectional Kernel
Decomposition (BiKD). BiKD employs the following key
features to enable efficient GCN aggregation. First, we pro-
pose a CTA-level vertex mapping strategy to mitigate the
low occupancy issues observed in the existing aggregation
kernels. By assigning vertices to CTAs in the aggregation
kernels of BiKD, GPUs can instantly allocate available
resources to new CTAs without synchronization across
multiple vertices. Second, we propose a kernel decomposition
approach to reduce the data structure size handled by a single
aggregation kernel. We observe GPU’s L2 cache cannot
exploit inter-vertex locality since the size of the feature
data associated with vertices exceeds the capacity of the
L2 cache. To mitigate this limitation, prior work [12], [13],
[14] has explored graph partitioning techniques that aim to
cluster highly connected vertices and improve data locality in
GPU caches. However, such preprocessing-based approaches
introduce substantial preprocessing overhead, since graph
partitioning is typically performed offline on the CPU before
GPU execution. In order to address this issue, BiKD employs
a lightweight, cache-aware preprocessing step that partitions
the graph and feature matrices based on the GPU’s L2
cache size, without relying on complex graph algorithms.
By decomposing the aggregation kernels along both feature
and graph dimensions, BiKD reduces unnecessary cache line
evictions in the GPU’s L2 cache. In this paper, we select
graph convolutional networks (GCNs) as the primary target
GNN application for BiKD since GCNs are among the most
popular GNN models. Note that the aggregation operations
of GCNs can be regarded as convolutional operations applied
to graph-structured data [15]. We mainly describe BiKD’s
aggregation kernel design using GCN models running on
GPUs. However, our proposed approach can also be applied
to other GNN models that incorporate similar aggregation
operations.

We evaluate the performance of the proposed BiKD
kernel design approach using the real GPU platform and
profiler. Our evaluation results reveal that BiKD improves
the performance of GCN aggregation kernels by 1.31x
over GE-SpMM [16], a warp-level mapping—based SpMM
kernel optimization, and by 1.39 x over the METIS-reordered
version of DGL (DGL-METIS), as well as by up to 2.11x
over preprocessing-based graph partitioning approaches such
as GNNAdvisor. Against the baseline DGL implementa-
tion [17], BiKD achieves an average 2.22x speedup across
various large-scale graph datasets. We also observe that the
proposed kernel design significantly enhances the utilization
of the GPU cache hierarchy. Our evaluation also exhibits that
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BiKD is an effective kernel design approach to other GNN
models such as GIN.
Our contributions are as follows:

o We conduct an in-depth analysis of the performance
factors of existing GCN aggregation kernels, taking into
account the detailed GPU hardware architecture.

« Based on this analysis, we propose two optimization
approaches for GCN aggregation kernels: CTA-level
vertex mapping and kernel decomposition.

o We propose BiKD, a bidirectional kernel decomposition
approach that applies lightweight, cache-aware graph
and feature partitioning based on the GPU’s L2 cache
capacity, exploiting inter-vertex locality while signifi-
cantly reducing preprocessing overhead.

o We evaluate the performance of BiKD on large-scale
graph datasets, demonstrating that BiKD outper-
forms both warp-level kernel optimizations and
preprocessing-based graph partitioning frameworks,
while substantially improving GPU cache utilization.

The remainder of this paper is organized as follows.

Section II describes conventional GCN kernel models on
GPU and GPU architectures. We propose a simple kernel
optimization based on a CTA-level vertex mapping in
Section III. We propose kernel partitioning approaches
in Section IV. We exhibit the evaluation results in
Section V. Section VI includes related work. We conclude
in Section VII.

Il. BACKGROUND

In this section, we briefly explain the operation of the
basic GNN algorithm, followed by a description of the
characteristics of GCN models. Then we discuss the architec-
tural features and limitations of GPUs which are commonly
deployed to run large-scale GCN kernels. We also explain
how GPU’s massive thread-level parallelism can be leveraged
to run the sparse matrix kernels involved in GCN models.

A. GRAPH NEURAL NETWORKS

GNNs apply neural network models to graph structures
where vertices are irregularly connected. Unlike conventional
neural network models such as CNNs that extract features
from regularly structured data using convolution filters,
GNNs perform feature extraction by aggregating feature
data embedded in neighboring vertices (i.e. aggregation) and
updating each vertex’s features by combining the aggregated
features and weight parameters (i.e. combination or message
passing) [18], [19]. Figure 1 depicts the operation of a GNN.
The operation of a single-level GNN consists of aggregation
and combination steps followed by an activation function.
A GNN repeats these layer operations.

at! = Aggregate({i, : u e N(v)} UH.)

v
B! = Combine(a’™) (1)

Equation 1 presents a general formulation of a single GNN
layer. In layer /, the aggregation kernel updates the features of
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FIGURE 1. GNN operation.

each vertex v by collecting the feature data from its neighbor
vertices (i.e. N(v)). Then, the combination kernel performs
the Combine function to generate the updated feature data
for each vertex. Variants of GNNs adopt different types
of Aggregate functions. For instance, graph isomorphism
networks (GINs) use summation as an aggregate function and
GraphSAGE deploys mean or max pooling.

Among GNN variants, GCNs are one of the most
popular and foundational GNN models [15]. GCNs employ
a weighted sum as an aggregation function and typically
apply a normalization function to features collected from
each target vertex and its neighboring vertices. Hence, the
operation of a single GCN layer can be represented as a series
of matrix multiplications as shown in Equation 2 [20]

xU+D — U(AX(I)W(I)) )

In the equation, A represents a normalized adjacency
matrix of a graph structure. A feature matrix of layer / is
represented as X©, and W is a weight matrix of layer [.
A non-linear activation function (o in the equation) such
as rectifier linear unit (ReLU) is applied to the output
features of layer /. Note that a single GCN layer performs
two consecutive matrix multiplications to generate updated
features. The first stage of the matrix multiplications uses the
adjacency matrix of a graph structure, thus it represents the
aggregation operation. The second stage, called combination,
performs a general matrix multiplication (GeMM) between
the weight parameters and the features associated with
vertices.

Although GCN kernels rely on the massive parallel
computations offered by GPUs, the GCN aggregation kernels
exhibit extremely low efficiency. Note that GPU’s single-
instruction multiple-thread (SIMT) architecture is efficient
for computing regularly organized data structures. However,
the adjacency matrix of a graph structure used in the
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aggregation operations is extremely sparse, thus the aggre-
gation kernels create many irregular memory transactions.
GPU’s memory hierarchy resources are inefficiently utilized
for handling such heavy irregular memory traffic, thus the
aggregation step poses the primary performance bottleneck
in GCNs.

To identify performance bottlenecks shared across
SpMM-like GNN variants, we profile the execution time
breakdown of a single GNN layer using the DGL framework
for representative models, including GCN, GIN, and
GraphSAGE with a mean aggregator. [17] We conduct this
measurement using representative large-scale graph datasets
and feature dimensions listed in Table 1 on an NVIDIA RTX
A6000 GPU (see Table 2), and report the per-layer execution
time breakdown into aggregation and combination for each
model. Our results show that, despite architectural differences
among these GNNSs, aggregation consistently dominates the
per-layer execution time compared to the GeMM-based
combination, as shown in Figure 2.

B. GPU ARCHITECTURE AND EXECUTION MODEL

GPUs are widely deployed to run neural network applications
since GPUs exploit massive thread-level parallelism (TLP)
to boost the performance of parallel computations. GPU
architecture is designed for running many concurrent threads
generated from a single computation kernel. In order to sup-
port massive TLP, GPU equips thousands of compute cores
and memory subsystems that can provide high bandwidth.
In this paper, we describe GPU architecture using NVIDIA’s
terminology [21], [22], [23], [24]. A single GPU includes
tens of streaming multiprocessors (SMs). Each SM includes
multiple CUDA cores (or called streaming processors) to
execute tens of threads concurrently. Modern GPUs include
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specific computation units such as Tensor cores to accelerate
matrix operations frequently observed in neural network
applications [25], [26]. An SM executes multiple threads in
a SIMD-like manner by grouping dozens of threads into a
warp. Namely, the threads within a warp share the same
program counter thus a warp executes the same instructions
using different data simultaneously. As shown in Figure 3,
an SM includes a small private data cache (typically 64—128
KB per SM) shared by tens of concurrent warps. A GPU also
includes a larger L2 cache shared by all SMs to exploit data
locality. An SM can prevent pipeline stalls caused by several
cycles of instructions by using a quick context switch among
concurrent warps. However, researchers have revealed the
long latency of demand fetch from external memory cannot
be hidden by GPU’s fine-grained multithreading execution
among warps [27], [28]. Hence, the performance of GPU
is significantly influenced by the utilization of L1 and L2
caches [7], [29], [30], [31].

Now we describe GPU’s kernel execution model. When a
kernel is launched on a GPU, the threads created from the
kernel are grouped into multiple cooperative thread arrays
(CTAs). Note that the dimension of CTAs can be adjusted
by setting dim_grid of a CUDA kernel. CTAs are assigned to
SMs that have available hardware resources when a kernel is
launched, then the threads in a CTA are grouped into multiple
warps in an SM. Note that the threads within a warp share
the same program counter thus the execution of threads in a
warp is explicitly synchronized. Warp execution is terminated
when all threads within a warp complete kernel instructions.
Since the threads in a warp can go through diverged execution
paths, the slowest thread determines the complete time of the
warp. Likewise, the execution of an active CTA is terminated
when all warps created from the CTA are complete, thus
CTA’s completion time is determined by the slowest warp.
Note that an active CTA holds hardware resources in an SM
until the CTA is deallocated from the SM. Hence, GPU’s
resources such as warps and register files can be wasted if
warps in a CTA exhibit diverged execution time.

C. SpMM ON GPU

As described in Section II-A, GCN kernels include the
aggregation phase that collects features from neighbor
vertices. To demand the feature vectors associated with the
neighbor vertices, the aggregation kernel uses the adjacency
matrix that represents the connections among vertices. This
operation can be represented as a sparse matrix-matrix
multiplication (SpMM) between the adjacency and feature
matrices.

Algorithm 1 represents the algorithmic flow of the SpMM
kernel that employs warp-level vertex mapping [11]. In this
kernel model, each vertex is assigned to a single warp and
each thread in the warp demands a feature element from
neighbor vertices to aggregate the feature values. Since the
threads in a warp can access multiple feature elements con-
currently, the warp-level mapping approach is more efficient
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Algorithm 1 Parallelized SpMM Kernel [11]
1: adj < adjacency matrix

2: cta < adj split by rows

3: warp < arow in the split adj

4: for each warp in parallel do

5:  N(v) < number of neighbor vertices
6: forn < N(v)do

7: forf < Otof_lendo

8: tmp + = AGG(g_val[n], f_val[(n x f _len) + 1)
9: end for
10:  end for
11:  out[v] + =tmp
12: end for
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FIGURE 4. L2 hit rate and DRAM bandwidth utilization of SpMM kernels.

for GNN models compared to the thread-level mapping
typically employed by graph processing kernels [16], [32],
[33]. In Algorithm 1, the adjacent matrix of a graph structure
is split by rows into multiple partitions. Each partition of
the adjacent matrix is assigned to a CTA of the aggregation
kernel. Then, each row in a partition (associated with a
CTA) is assigned to a warp. Note that an SM executes
multiple warps concurrently by issuing available warps from
all concurrent warps. A single warp includes dozens of
threads (32 threads for NVIDIA GPUs), thus each thread
execution is associated with the operations mapped to each
feature element (see line 7). An aggregation function (e.g.
arithmetic mean, normalization, and non-linear function) is
applied to the feature element demanded by each thread.
Then the result of the aggregation function is accumulated
in the temporary register (tmp in Algorithm 1). Note that
the feature read operation associated with each thread can be
well-coalesced since feature vectors are usually represented
in a dense data format thus the number of memory requests
can be reduced by employing the warp-level mapping. This
aggregation operation is repeated for the vertices in the
neighbor vertex list (see line 6). Since vertices are irregularly
connected in a typical graph structure, the feature data of
the neighbor vertices can be usually fetched from the shared
memory hierarchy levels (i.e. L2 cache or external memory)
rather than private caches in each SM. For a large-scale graph
structure, the entire feature data cannot be accommodated in
the GPU’s small L2 cache.

In order to investigate the performance bottleneck in
GPU’s L2 cache for this SpMM kernel, we measure 1.2
cache hit rates (represented as bars) and DRAM channel
bandwidth utilization (indicated by red-line markers) as
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shown in Figure 4. We use the graph datasets listed in Table 1
in Section V. Our analysis reveals that the SpMM kernels
on GPUs exhibit extremely low L2 cache hit rates, typically
lower than 20%, for most graph datasets. This indicates that
GPU’s shared L2 cache is not utilized efficiently in capturing
the inter-vertex locality in graph structures. Furthermore, for
some datasets DRAM bandwidth utilization reaches nearly
100%, which means the SpMM kernel creates frequent
off-chip memory transactions. Note that fetching data from
external DRAM takes significantly more cycles as off-chip
memory traffic increases. Overall, our analysis demonstrates
that the warp-level SpMM kernels suffer from substantial
performance degradation due to poor utilization of the GPU’s
shared L2 cache. In this work, we use this warp-level mapping
approach, say RowSplit, as the baseline aggregation kernel
design.

D. GRAPH PARTITIONING

Graph partitioning is a technique for improving data locality
in GPU-based graph workloads. It divides a large graph into
multiple subgraphs while preserving the original adjacency
structure, reordering vertex indices so that densely connected
vertices are placed close together. By grouping strongly
connected vertices, the feature data required during the
aggregation phase are located in nearby memory regions,
allowing GPU kernels to exploit spatial locality at the
L2-cache level. Several prior studies have proposed graph
partitioning algorithms based on this idea. Kumar et al. [12]
proposed a multilevel partitioning algorithm, called Min-
iMax, for irregular graphs that considers grid-computing
constraints. LaSalle et al. [13] presented a multi-level graph
partitioning algorithm (METIS) that minimizes the num-
ber of cross-partition edges to reduce data access across
partitions. Rabbit Order [14] was proposed as a parallel
graph partitioning method that assigns vertices with strong
connectivity into the same partition to improve locality.
However, although these graph partitioning approaches
improve structural locality, they do not explicitly account for
the capacity of the GPU L2 cache. In practice, the feature
working set accessed during aggregation often exceeds the
L2 cache capacity due to high-dimensional feature vectors,
leading to frequent cache evictions and residual accesses to
external memory. Moreover, for large-scale graphs, graph
partitioning methods based on complex algorithms incur
substantial preprocessing overhead, as they are typically
executed offline on the CPU. While the aggregation phase
of a GCN layer on the GPU completes within milliseconds,
such preprocessing steps often require seconds to process
large graphs, resulting in a significant imbalance between
preprocessing cost and kernel execution time. To address
these limitations, we aim to improve aggregation kernel
performance without relying on costly preprocessing-based
partitioning. Instead, we exploit the GPU memory hierar-
chy by applying lightweight graph-level and feature-level
partitioning, where the partition size is determined based
on the GPU’s L2 cache capacity. This approach enables
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locality-aware aggregation while significantly reducing pre-
processing overhead.

lIl. VERTEX MAPPING

As described in the previous section, the baseline aggregation
phase can be implemented using the SpMM kernel that
maps each vertex operation to warp-level executions. In this
section, we analyze the performance hurdles of the baseline
SpMM operations to discuss further optimization approaches
for GCN aggregation kernels. First, we propose a CTA-level
vertex mapping approach to tackle the low warp occupancy
issue of the aggregation kernel.

For the SpMM operations of the aggregation phases,
vertices in a graph structure can be mapped into different
levels of the GPU’s execution model. Namely, the operations
of a single vertex can be assigned to thread-level, warp-
level, and CTA-level executions. The vertex-centric graph
processing kernels frequently employ thread-level mapping
approaches that assign each vertex processing to a single
thread execution [5], [34]. Even though this approach can
process many vertices in parallel by accommodating as
many vertices as the maximum concurrent thread count
of a GPU, such kernels exhibit significant performance
drops since irregular accesses from vertices cause many
uncoalesced memory transactions from a warp [6], [35]. For
GCN aggregations, the performance drop is more significant
since each vertex accesses large feature vectors associated
with neighbor vertices.

75 75
50 50
[0} [0}
Q Q
[)] [)]
8 2 8 25
0 (] 250 500 750 1000 0 0 250 500 750 1000
Vertex ID Sorted vertex ID
(a) Raw graph (b) Sorted graph

FIGURE 5. Degree distribution of graphs.

In order to tackle such issues, researchers have proposed
warp-level approaches as described in Algorithm 1. In a warp-
level kernel, each vertex processing is mapped to a warp and
threads in the warp handle the processing of feature elements.
The warp-level mapping approaches can utilize the GPU
memory subsystem more efficiently since the threads within
a warp create well-coalesced memory requests that access
feature data allocated regularly. However, the warp-level
mapping may not utilize GPU resources efficiently since
the imbalanced execution times among warps within a CTA
provoke low warp occupancy. Note that the execution time of
a CTA is decided by the slowest warp in the CTA as explained
in Section II-B. For GCN aggregations, the warp execution
times within a CTA are unbalanced since the degrees of
vertices are extremely irregular. Figure Sa exhibits that the
degrees of individual vertices are distributed irregularly by
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vertex IDs. Furthermore, the difference in degrees between
densely and sparsely connected vertices is extremely large as
shown in Figure 5b, which exhibits the power-law distribution
of the sorted degrees. We evaluate the warp occupancy
(i.e. the number of active warps / the number of maximum
concurrent warps supported by a GPU) of the warp-level
aggregation kernel presented in Algorithm 1 using the testbed
and the workloads listed in Tables 2 and 1 respectively.
The test results reveal the average warp occupancy of the
warp-level kernel is only 34.8%.

CTA-level mapping approaches can tackle such underuti-
lization issues of the warp-level kernels since CTA executions
are synchronized only within a kernel execution. As described
in Section II-B, CTAs created from a kernel are assigned
to available SMs. Then, when CTA’s execution is complete,
SM’s resources occupied by the CTA are released and a new
CTA can be allocated instantly. Hence, if there are enough
pending CTAs created from a kernel, GPU’s resources can
be fully assigned until the number of running CTAs reaches
the maximum concurrent CTA count. Notably, the CTA-level
mapping approach can mitigate the low warp occupancy
issues caused by the disparity in the number of neighbor
vertices associated with each vertex. The threads within a
CTA are allocated to the feature elements of a vertex in
the CTA-level mapping kernel, thus the thread execution
times are well-balanced as the feature elements are regularly
organized. The warp execution times within a CTA are
obviously balanced, thus the long-tail of warp execution
times can be alleviated. The CTA-level mapping approach
may sacrifice thread-level parallelism (TLP) since a CTA is
a coarse-grained block that includes multiple threads (and
multiple warps). Namely, fewer vertices can be processed
concurrently since each vertex processing task is tied to a
CTA. However, modern GPU architectures support a higher
number of concurrent CTAs per SM. For instance, NVIDIA
GPUs since Maxwell can schedule concurrent CTAs up to
half of the maximum concurrent warp count per SM [21],
[22], [23], [24]. Considering that the warp occupancy of the
warp-level kernels is below 50%, the CTA-level mapping
can improve the performance of GCN aggregation kernels by
mitigating warp-level load imbalance and achieving higher
overall GPU resource utilization.

IV. KERNEL DECOMPOSITION

We disclose the utilization of GPU resources can be
improved by employing the CTA-level mapping approach
in the previous section. However, higher TLP achieved by
allocating more active warps may not always guarantee
performance improvement of GPU due to congestion in the
GPU memory hierarchy [30], [31], [36]. Thus, to fully benefit
from the improved warp occupancy, it is crucial to utilize the
GPU memory subsystem more efficiently.

In this section, we propose kernel decomposition
approaches to exploit inter-vertex locality more efficiently in
GPU caches. Note that GPU’s cache hierarchy is not utilized
efficiently for the large-scale GCN kernels since the total
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size of feature data is extremely large. Even though we can
observe strong data locality for high-degree vertices, this
inter-vertex locality is not utilized well in GPU caches since
many cache lines are evicted before re-reference due to severe
cache pollution [8], [9]. Hence, GCN kernels inevitably
fetch large feature data from external memory, thus the
performance of GCN kernels is restricted by the high latency
and low bandwidth of GPU’s external memory channels.
In order to tackle such performance hurdles, we decompose
the aggregation kernels to make each partition handle a
smaller feature data chunk more efficiently using the GPU’s
shared L2 cache. Note that CTAs assigned to multiple SMs
can share data in L2 partitions via interconnection network as
explained in Section II-B. If the L2 cache can accommodate
the feature data associated with high-degree vertices for
longer cycles, the feature data can be quickly provided
to multiple SMs. We investigate three kernel partitioning
approaches: feature partitioning, graph partitioning, and
bidirectional kernel decomposition.

A. FEATURE PARTITIONING

Feature partitioning (FP) decomposes an aggregation kernel
into multiple smaller kernels that handle a part of feature
vectors associated with vertices. As described in Section 111,
the concurrent threads in a CTA access feature elements
individually based on our CTA-level mapping approach.
A partitioned FP kernel can handle a part of feature elements
since aggregations are performed element-by-element in
feature vectors. Assuming a feature matrix where each row
is associated with a vertex, an FP kernel processes the feature
elements vertically partitioned in the feature matrix. Since
the dataset size is reduced with the feature partitioning, the
feature elements of high-degree vertices may stay longer in
the L2 cache.

Algorithm 2 Host-Side Code for Feature Partitioning
1: feat_div < (feat_len — 1)/cta_size + 1
2: for i < 0 to fear_div do
3:  cuda_fp <<< n_vertex, cta_size >>> (i)
4: end for

Algorithm 2 represents how a host code launches the FP
kernels. Each FP kernel is associated with the computations
of the corresponding partitioned feature data. The feature
matrix is split into feat_div partitions, then the host code
launches the FP kernels iteratively. The feature matrix
columns handled by each kernel are computed using the
partition index i. cta_size represents the number of threads per
CTA. It should be a multiple of the warp size (32 for NVIDIA
GPUs) to guarantee efficient kernel executions.

Even though we can reduce the size of the feature data
accessed by individual FP kernels, GPU’s L2 cache may not
be large enough to exploit the inter-vertex locality of the
partitioned features. Note that each CTA of a single FP kernel
needs to include a sufficient number of threads to exploit
TLP. Thus the number of elements in a partitioned feature
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vector is restricted by CTA size (i.e. the number of threads
in a CTA) while the row size of the partitioned features is
equivalent to the number of vertices. Hence, for large-scale
graph structures, the size of the partitioned features can
exceed the size of the L2 cache.

B. GRAPH PARTITIONING

Graph partitioning (GP) splits a feature matrix by vertex
IDs to reduce feature size. Namely an individual GP kernel
handles the horizontally partitioned feature matrix associated
with the corresponding vertices. Note that an aggregation
kernel demands feature vectors of a certain row (i.e. vertex
ID) when the kernel collects features from the target vertex
and the neighbor vertices. Hence, if the feature vector of a
certain vertex is repeatedly demanded within a short window
of cycles, the feature elements can be found in the GPU’s
cache hierarchy. In order to exploit such features, we design
a GP kernel where vertices update output features only
using a part of feature matrix rows (i.e. feature vectors of
the corresponding partitioned graph). For implementing GP
kernels, a feature matrix is partitioned horizontally based on
selected vertex IDs and adjacency matrices of partitioned
subgraphs are reproduced from the original adjacency matrix,
usually represented using a CSR (compressed sparse row)
format.

Figure 6 depicts how adjacency matrices of subgraphs
are generated from an original graph structure when the
graph partitioning is applied. In the figure, the original
graph including eight vertices is split into four subgraphs
that include two vertices per partition. Note that GP
kernels require the edge (i.e. connection) information to the
destination vertices associated with the partitioned features.
While reading the original adjacency matrix formatted with
CSR, the adjacency matrices of the target subgraphs are
generated. For instance, ptr, vid, and idx of subgraphs 0, 2,
and 3 are updated while the destination vertices (i.e, 2, 5, and
3) of vertex I are read. This process is performed simply by
adding a new data pair to the CSR-formatted data structure of
the target subgraphs.

Q@) @Q ptr [0 1]2]3]4[ 5[ ¢] Q@ ptr [0]2]3]4]
® vid [ 1]2[3[4]5]8 ® (®) vid 2|56
@ ©®® w2211 @—® ~ ool
Subgraph[0] Subgraph[1]
ptr01234567\ Q pir[0]1]3]
LAY va[1]3]4[5]6]7]8 ) vid [1]5]
Raw graph iox [ 5]6]5] 6]5] 5] ® o [8l7ls]
Subgraph([2] Subgraph[3]

Subgraphs (CSR format)

FIGURE 6. Graph partitioning.

The graph partitioning approach can increase the size of
the adjacency matrix of the target graph structure since the
edge data is changed when subgraphs are generated. For the
original graph structure, the size of the adjacency matrix
compressed with a CSR format is O(V + 2E), where V
and E represent the total numbers of vertices and edges

VOLUME 14, 2026



1. Kim et al.: BiKD: Bidirectional Kernel Decomposition for Large-Scale GCNs on GPU

IEEE Access

respectively. Note that an index and a value are associated
with each edge in a CSR format. When the graph partitioning
is applied, the total size of the adjacency matrices of the
generated subgraphs becomes O((V’ x grp_div)+2E), where
V' represents the average number of vertices stored in
subgraphs and grp_div is the number of subgraphs.

C. BIDIRECTIONAL KERNEL DECOMPOSITION

Since the aggregation kernels demand a large feature
matrix data associated with many vertices, it is crucial
to accommodate feature vectors of high-degree vertices in
GPU’s cache hierarchy. Even though FP and GP kernels
can split the large feature data into smaller partitions, both
partitioning approaches still exhibit the following limitations.
For implementing efficient FP kernels, we need to set the
cta_size of the FP kernels as the multiple of warp_size
considering the GPU’s warp-based execution model. Hence,
we cannot make the feature size of the FP kernels smaller
than V x warp_size, where V is the number of total vertices
in a graph structure and warp_size is 32 for NVIDIA GPUs.
Note that V is extremely large for large-scale graph structures
thus we cannot make small feature partitions using FP. The
GP kernels can also exhibit significant performance drops
for large-scale graph structures since each partition can
include the feature data of a small number of vertices if the
feature size of a single vertex is large. Note that we can
exploit inter-vertex locality more efficiently if each subgraph
partition includes more vertices and output feature vectors are
less demanded. For the GP kernels, the performance overhead
of updating output features increases if a single subgraph
partition includes the features of fewer vertices.

In order to tackle such limitations of FP and GP
kernels, we propose bidirectional kernel decomposition,
called BiKD. BiKD can reduce the feature size of a single
kernel further by partitioning feature data both vertically
and horizontally. By applying the BiKD approach for the
large-scale aggregation kernels, we can reduce the feature
size to fit in GPU’s L2 cache, thereby exploiting inter-vertex
locality more efficiently while minimizing the performance
overhead of output feature updates. Furthermore, BiKD’s
kernel decomposition approaches can be applied to reduce
feature data size once loaded to GPU’s device memory.
Namely, BiKD can schedule the partitioned features to be
loaded to GPU’s device memory before the corresponding
kernel executions, thus the large-scale graph datasets that
cannot fully fit into the device memory can be operated using
BiKD’s kernel decomposition approach. Now, we describe
how to implement the BiKD kernels.

Figure 7 depicts how the BiKD kernels are configured.
To simplify the explanation, we assume the GPU L2 cache
is extremely small thus the L2 cache can accommodate only
four feature elements. We configure that a single subgraph
of the BiKD kernel includes two vertices. In order to make
feature data fit in the L2 cache, the cta_size of the vertical
partitioning (i.e. feature partitioning) is set as two. Then,
when the first BIKD kernel (the top-left kernel) is launched
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FIGURE 7. Processing an indirect graph with BiKD.

in the GPU, the BiKD kernel will demand the two feature
elements of the two vertices, which can be accommodated
in the L2 cache. The first BiKD kernel will update four
output feature vectors of the vertices connected to the vertices
1 and 2 in the subgraph. Note that the performance overhead
for updating output features can be reduced with BiKD
since only partial feature vectors are demanded. Since the
BiKD kernels can handle smaller feature data that can be
accommodated in the L2 cache, BiKD can significantly
reduce the data fetch from the external device memory. Once
the BiKD completes the kernel execution, then the BiKD
launches the next kernel (i.e. the next two feature elements of
the first two vertices in the example). Note that this example
exhibits BiKD’s conceptual kernel partitioning approach
and BiKD kernels are actually designed to maximize the
parallelism of GPU architecture.

Algorithm 3 Host-Side Code for Launching BiKD Kernels
1: for g < 0to G do

2: v < subgraph|g].size()

3 blk <~ (1,1

4:  forf <« 0to F step cta_size do

5: bikd <<< blk, cta_size >>> (subgraph[g], f)
6: end for

7. if f <F then

8:

bikd _tail <<< blk, cta_size >>> (subgraph|g], f)
9:  end if
10: end for

Algorithm 3 presents the execution flow of the host-side
code for launching the partitioned BiKD aggregation kernels.
Note that BiKD partitions the adjacency matrix of a
graph structure into multiple subgraphs. The feature matrix
associated with vertices is vertically partitioned based on
the cta_size of a single kernel. Namely, a single partition
of BiKD includes v vertices and cfa_size feature elements.
BiKD iteratively launches the aggregation kernel for each
subgraph g and multiple feature partitions. Even though
BiKD launches smaller aggregation kernels multiple times,
the kernel launch overhead is negligible compared to the
performance benefits of kernel partitioning. Note that recent
articles reveal the kernel launch overhead is significantly low
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for modern GPUs [37], [38], [39], [40]. In order to handle
the boundary condition of the feature matrix, the host code
launches BIKD tail if the size of a feature vector is not
divided by cta_size.

Algorithm 4 Aggregation Kernel Implementation Using
BiKD

1: vid < vertex_id[blkldx .x]
. offset < f + threadldx.x
. sre_addr < vid x len + offset
: preload < out[src_addr]
: for i < g_ptr[vid] to g_ptr[vid 4+ 1] do
dst_addr < g_idx[i] x len + offset
dst_val < g_valli]
tmp = AGG(tmp, f _valldst _addr], dst_val)
: end for
. out[src_addr] = AGG(tmp, preload)

—_
=]

Algorithm 4 represents the BiKD aggregation kernel that
handles the bidirectionally partitioned feature data. The
BiKD kernel gets the vertex id from the precomputed array
index by blkldx.x. The offset value can be calculated from
threadldx.x and f given as an argument from the host code.
Compared to the baseline RowSplit kernel introduced in
Section II-C, BiKD repeatedly demands output features to
update partial outputs. In order to hide the long latency of
fetching output features, we add a temporary feature value
(i.e. preload) in the BiKD kernel. By excluding output feature
updates from the iterative loop, the BiKD kernel minimizes
the performance overhead for updating output features.

V. EVALUATION

A. EXPERIMENT SETUP

We evaluate the proposed kernel design approaches using
large-scale graph datasets on a commodity GPU platform.
For the evaluation, we study ten large-scale real-world graph
datasets [17], [41], [42], [43] and two synthetic graph
structures generated by the continuous network expansion
algorithm [44]. Table 1 lists the graph datasets examined in
this study, arranged in ascending order based on the number
of vertices. All experiments are conducted on an NVIDIA
RTX A6000 GPU, as summarized in Table 2. We implement
the proposed GCN kernels using CUDA C/C++ and compile
them with CUDA toolkit 11.7 [45]. Performance metrics are
collected using NVIDIA Nsight [46].

We implement several GCN aggregation kernel variants
to evaluate different kernel design choices. We implement
the GCN kernels that employ CTA-level vertex mapping and
kernel decomposition approaches (i.e., FP, GP, and BiKD).
We also implement a Naive kernel, where only CTA-level
vertex mapping is applied without kernel partitioning.

We compare the proposed kernels against representative
state-of-the-art GCN aggregation baselines. RowSplit is a
warp-based GCN kernel design presented in [11], [32],
[33]. Ge-SpMM is a highly optimized warp-based GCN
kernel design approach proposed in [16]. We also study the
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TABLE 1. Graph datasets.

[ Dataset [ No. of vertices [ Average degree | Feature length |
MCI18 [42] 196607 1530.64 384
RD [17] 232965 489.23 602
KG18 [43] 262144 80.74 384
SYNS500k [44] 500000 200 384
KG19 [43] 524288 83.09 384
DBLP [47] 540486 56.41 384
SYNIM [44] 1000000 400 384
KG20 [43] 1048576 85.11 384
HW [47] 1139905 99.91 384
AP [41] 1569960 168.37 200
KG21 [43] 2097152 86.82 384
OK [48] 3072441 41.68 384

popular GNN framework, the Deep Graph Library (DGL)
v0.9.1 [17] as a framework-level baseline. To evaluate the
effectiveness of preprocessing-based graph partitioning for
improving data locality, we further compare BiKD against
graph partitioning—based approaches. DGL-METIS applies
METIS-based graph reordering as an offline preprocessing
step to improve vertex locality. [13] GNNAdvisor is a state-
of-the-art GNN framework that adopts lightweight Rabbit
ordering to enhance data locality with low preprocessing
overhead. [49]

TABLE 2. Evaluation platform.

[ Host server

CPU 13th Gen Intel i9-13900k @ 5.5GHz
Host memory 128GB, DDR5
oS Ubuntu 22.04.3 (kernel ver. 5.15.0-92)
CUDA CUDA toolkit 11.7

[ GPU
Model NVIDIA RTX A6000
SM 84 SMs @ 1.410GHz

Device memory 48GB, GDDR6 @ 2GHz
L2 cache 6MB
L1 cache / SM 128KB

B. PERFORMANCE
Figures 8 and 9 exhibit the performance of GCN aggregation
kernels and GCN full-layer operations, respectively. We use
the DGL kernels as a baseline, and the performance of all
kernels is normalized to the baseline. The evaluation results
show that our design approaches can effectively improve
the performance of GCN kernels. Namely, the Naive kernel
design improves performance by applying CTA-level vertex
mapping, and GCN kernels can be further enhanced by
applying kernel partitioning. Compared to the baseline, Naive
improves the performance of GCN kernels by 16.1%. FP,
GP, and BiKD exhibit 1.22x, 1.53x, and 2.22x speedups,
respectively, compared to DGL (i.e., the baseline). BiKD also
improves the performance of GCN aggregation kernels by
82.6% and 45.1% compared to FP and GP, respectively.

We further compare BiKD with graph partitioning—based
approaches, including DGL-METIS and GNNAdvisor, which
aim to improve performance through graph partitioning.
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Compared to these approaches, BiKD achieves 1.39x and
2.11x higher performance for GCN aggregation kernels than
DGL-METIS and GNNAdvisor, respectively. The evaluation
results reveal that the bidirectional kernel decomposition
employed by BiKD can significantly improve the perfor-
mance of GCN aggregation kernels by exploiting inter-vertex
locality in the GPU cache hierarchy.

As shown in Figure 9, BiKD achieves the speedup of
1.73x%, 1.21x, 1.34x, and 2.02x for full-layer GCN kernels
compared to DGL (i.e., baseline), DGL-METIS, Ge-SpMM,
and GNNAdvisor, respectively. BiKD also exhibits effective
performance uplifts for full-layer GCN operations since
aggregation phases are critical parts of GCN kernels on
GPU [8], [9]. Consequently, overall GCN performance can
be significantly improved by BiKD since BiKD can optimize
the performance of GCN aggregations effectively.

C. MEMORY SYSTEM ANALYSIS
Figure 10 and 11 depict the aggregation kernel’s L1 and
L2 cache hit rates using the kernel design approaches for
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each dataset. Note that in the aggregation phase each vertex
accesses the neighbor vertices only once and we cannot
estimate when the neighbor vertices are re-referenced by
other vertices later. Since GPU’s small L1 cache cannot
hold the neighbor vertex data until they are re-referenced,
our BiKD kernel design focuses on utilizing the shared
L2 cache that can accommodate more features of vertices.
By partitioning features associated with vertices to exploit
inter-vertex locality, BiKD achieves 29.4% hit rates for
the L1 cache, which improves hit rates by 6.07x and
6.02x compared to DGL and GE-SpMM respectively.
Naive design underperforms compared to RowSplit as the
Naive kernels create excessive in-flight memory requests to
provoke increased data fetch latency. On the other hand,
our decomposition kernel design approaches can mitigate
the performance hurdles in the GPU memory hierarchy. GE-
SpMM exhibits lower warp occupancy and exploits shared
memory to preload graph indices and values, thus GE-
SpMM can utilize the L1 and L2 caches only for memory
transactions of the feature matrix. However, in the case of
graphs MC18 and HW, RowSplit shows the highest L1 cache
hit rate, which means that the graph is well clustered so that
vertices can exploit inter-vertex locality at the L1 cache level.
Furthermore, DBLP is highly clustered, so RowSplit-based
kernels such as RowSplit and GE-SpMM can achieve a high
hit rate at the L1 cache. Otherwise, BiKD does not work well
compared to generic kernels if graphs are clustered.

Since BiKD aims to maximize the utilization of the
shared L2 cache, BiKD achieves 76.8% of hit rates
at the L2 cache on average, which is 2.70x, 2.24x,
2.52x and 2.35x higher compared to DGL, DGL-METIS,
Ge-SpMM, and GNNAdvisor, respectively. Our proposed
kernel partitioning approaches (i.e. FP, GP, and BiKD) exhibit
significantly higher hit rates at the L2 cache, whereas the
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Naive and RowSplit kernels show very low hit rates. Such
evaluation results reveal that the proposed kernel decom-
position approaches can effectively utilize GPU’s cache
hierarchy compared to the prior aggregation kernel design
methods. FP exhibits higher L2 hit rates compared to Naive
and RowSplit but FP utilizes the L2 cache less efficiently
compared to GP and BiKD. It is because FP partitions feature
vectors in a warp granularity (i.e. 32 threads) for all vertices
thus the partitioned kernels may not fit well within the
L2 cache. As mentioned in the previous analysis, DBLP is
highly clustered thus Ge-SpMM and RowSplit can exploit
inter-vertex locality at the L1 cache rather than L2 cache,
thus L2 cache hit rates are rather high for all kernel design
approaches. On the other hand, BiKD exhibits significantly
high L2 hit rates for unclustered and high-degree graph
datasets. To further evaluate whether graph partitioning alone
can effectively improve cache utilization, we compare BiKD
with preprocessing-based graph partitioning approaches,
including DGL-METIS and GNNAdvisor. Although DGL-
METIS and GNNAdvisor apply graph partitioning to improve
inter-vertex locality, their L2 cache hit rates remain lower
than that of BiKD. This is because such preprocessing-based
approaches primarily cluster vertices based on graph connec-
tivity, without considering the limited capacity of the GPU
L2 cache. Moreover, graph partitioning can even degrade
cache locality in certain cases. As shown in Figure 11,
GNNAdpvisor exhibits an approximately 1.3 x lower L2 cache
hit rate on the KG20 dataset compared to the baseline without
graph partitioning, indicating that partitioning based solely
on graph structure does not always guarantee improved cache
utilization on GPUs. In contrast, BiKD explicitly incorporates
the GPU L2 cache capacity into kernel partitioning, enabling
partitions to remain resident in the cache and thereby
achieving consistently higher L2 cache hit rates across diverse
graph datasets.

®mDGL ®DGL-METIS ®GE-SpMM ®GNNAdvisor ORowSplit ONaive @FP ®mGP mBiKD
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FIGURE 12. DRAM throughput rate.

In order to evaluate the amount of external memory
accesses by the kernel design approaches, we measure the
DRAM throughput rate of the aggregation kernels as shown
in Figure 12. We compute the DRAM throughput rate in
the figure as the total amount of data transactions over the
theoretical DRAM channel bandwidth of the GPU testbed.
Hence, a higher throughput rate indicates that an aggregation
kernel creates more memory transactions that fetch data from
the external memory. As the data fetch latency from the
external memory is significantly higher compared to on-chip
caches, frequent external memory transactions can become a
critical performance burden for aggregation kernels.
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Our evaluation exhibits that kernel design approaches
without kernel partitioning (i.e., DGL, GE-SpMM, RowSplit,
and Naive) rely heavily on data fetches from external
memory, resulting in high DRAM throughput rates. Note
that such kernel designs cannot efficiently exploit inter-vertex
locality at the L2 cache, leading to frequent cache misses and
excessive DRAM accesses.

From the perspective of external memory traffic,
preprocessing-based graph partitioning approaches such as
DGL-METIS and GNNAdvisor exhibit DRAM throughput
characteristics that lie between kernel designs without
partitioning and BiKD. While graph partitioning can reduce
redundant memory accesses by improving structural locality,
its impact on DRAM traffic becomes limited when the
working set of features exceeds the capacity of on-
chip caches. As a result, these approaches still generate
a considerable amount of external memory transactions
compared to BiKD.

In contrast, kernel partitioning approaches (i.e., FP, GP, and
BiKD) exhibit substantially lower DRAM throughput rates.
These kernels utilize the L2 cache more effectively, allowing
a larger fraction of demand data to be served from on-chip
memory. Among them, FP shows higher DRAM throughput
than GP and BiKD, as FP utilizes the L2 cache less efficiently
due to its coarse-grained thread allocation, as discussed in
the previous paragraph. GP enables more flexible feature
partitioning; however, it still incurs frequent cold misses for
partial output data, resulting in additional external memory
transactions. BiKD utilizes the L2 cache most effectively,
reducing external DRAM accesses by 34.1% and 21.4% on
average compared to Naive and RowSplit, respectively.

D. MEMORY FOOTPRINT COMPARISON

In order to evaluate whether the proposed decomposition
increases memory consumption, we measure the GPU
memory footprint by BiKD as shown in Figure 13. We use

OFull-graph CSR  @BIKD
14

it

mc18 RD KG18 SYN500k KG19  DBLP  SYNIM  KG20 HW AP KG21 OK  GMEAN

Normalized
memory footprint

FIGURE 13. Memory footprint comparison.

the full-graph CSR representation as the baseline, which
consists of row pointers, column indices, and value arrays,
as well as input and output feature matrices. This baseline
represents DGL, DGL-METIS, GE-SpMM, RowSplit, and
GNNAdvisor, as these approaches operate on the original
graphs formatted in CSR. BiKD includes partitioned CSR
arrays, vertex ID arrays, and partition metadata such as
partition offsets, in addition to the input and output feature
matrices. All CSR values and feature tensors are stored in
FP32, and the input feature dimension is fixed to 384. Note
that FP and GP are not separately reported in Figure 13.
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FP simply partitions the feature dimension during kernel
execution without altering the graph representations or
duplicating feature matrices, thus the memory footprint of
FP is identical to that of the original CSR-formatted graphs.
GP adopts the same graph binning scheme and L2-size
graph partitions as BiKD. BiKD further applies feature-
direction decomposition. Hence, the graph structures of GP
and BiKD are identical. The evaluation results show that
BiKD incurs only marginal memory overhead compared
to the full-graph CSR baseline. Although BiKD stores
additional partition metadata and vertex ID arrays, the edge
data are reorganized into partitioned CSR structures rather
than duplicated. As a result, BiKD requires only 1.02x
memory footprint on average compared to the full-graph CSR
representation.

E. TLP TRADE-OFF

As shown in Figure 14, we evaluate the warp occupancy of
aggregation kernels to compare the thread-level parallelism
(TLP) achieved by different vertex mapping approaches. Our
evaluation reveals that the average warp occupancy of BiKD
is significantly higher than that of RowSplit and Ge-SpMM,
which employ warp-level vertex mapping. GNNAdvisor,
which also adopts warp-level neighbor-group mapping to
improve workload balance, achieves higher warp occupancy
than conventional warp-level baselines. However, our evalua-
tion results show that the proposed CTA-level vertex mapping
in BiKD achieves even higher GPU resource utilization
by exposing more parallelism across warps within a CTA.
Namely, the proposed CTA-level vertex mapping approaches
can potentially improve the performance of aggregation
kernels by achieving higher TLP. Since higher TLP may
provoke severe congestion in the GPU memory hierarchy,
aggregation kernel optimizations need to be accompanied
by enhancements in memory systems. For instance, Naive
and GP kernels exhibit lower performance than BiKD even
though they achieve higher warp occupancy. Consequently,
BiKD achieves significant performance improvement by
jointly optimizing GPU core utilization through CTA-level
vertex mapping and memory efficiency through cache-aware
kernel partitioning.
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FIGURE 14. Average warp occupancy within a CTA.

F. PREPROCESSING OVERHEAD

Figure 15 exhibits the preprocessing time of BiKD normal-
ized to the graph partitioning time by the METIS algorithm
when partitioning a graph with the same number of partitions
as BiKD. METIS is a representative graph partitioning
algorithm used in various GNN optimization techniques
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employing graph partitioning [13]. We additionally include
Rabbit Order, which is used in GNNAdvisor, as another graph
reordering baseline for comparison. GP and BiKD partition
the graph through the graph binning technique. Graph binning
simply partitions the graph row-wise based on neighbor
vertex IDs and regenerates the adjacency matrix of each
subgraph from the original adjacency matrix. Thus, unlike
METIS and Rabbit Order, graph binning does not require
graph-level reordering or clustering during preprocessing.
As a result, there is a large gap between the preprocessing
time of graph binning and METIS for datasets that require a
large number of graph partitions. In particular, for the SYNIM
dataset, which requires 62 graph partitions, graph binning
takes 31.46x less preprocessing time than METIS. On the
other hand, the DBLP dataset is highly clustered, so the
preprocessing overhead is relatively small even when METIS
or Rabbit Order is applied. Moreover, graph partitioning is
required only once for DBLP, which limits the benefit of
graph binning. Even for well-clustered graphs such as MCI18
and HW, graph binning can provide preprocessing benefits
when the graph is partitioned multiple times. Graph binning
achieves 3.17x and 3.96x faster preprocessing performance
than METIS for MCI8 and HW, respectively. Across all
datasets, BiKD consistently shows lower preprocessing
overhead than both METIS and Rabbit Order. As a result,
BiKD achieves 7.69x faster preprocessing time on average
than the graph partitioning method based on the METIS
algorithm, and 9.24 x faster preprocessing time compared to
Rabbit Order.

As shown in Figure 16, we further evaluate the prepro-
cessing overhead of BiKD by measuring the number of
full-layer GNN inferences required to compensate for the
preprocessing time. Note that researchers have proposed
preprocessing approaches for large-scale graph structures
to reduce the GNN inference time. Hence, we compute
the number of GNN inference runs that can amortize the
preprocessing overhead, as represented in the following

equation.
T
Pre —‘ (3 )

N, = —
amort ’7TDGL — ToNN
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FIGURE 17. Full layers of GIN performance (normalized to the baseline).

We use DGL as the baseline approach since DGL
directly performs GCN inferences using the CSR-formatted
graphs without preprocessing thereby incurring zero pre-
processing overhead. We assume that the GNN infer-
ence time can decrease due to preprocessing, thus the
denominator of Equation 3 represents the performance
gain (i.e. the reduced execution time of GNN infer-
ence) of preprocessing. We divide the preprocessing over-
head with the reduced GNN inference time to measure
the number of GNN full-layer inferences for amortizing
the preprocessing overhead. Note that the preprocessing
overhead cannot be amortized (i.e. Not amortized in
Figure 16) if GNN inference time increases despite adopting
preprocessing.

Our evaluation reveals that BiIKD can amortize the prepro-
cessing overhead with a small number of GNN inference runs
since BiKD achieves high performance gain with the simple
preprocessing approach. On average, BiKD can amortize the
preprocessing overhead with 15.5 full-layer GNN inference
runs. On the other hand, METIS exhibits heavy preprocessing
overhead thus DGL-METIS requires a large number of
inference runs to compensate for the preprocessing overhead
of METIS. GNNAdpvisor also requires many inference runs
to compensate for its preprocessing time.

G. PERFORMANCE OF OTHER GNN APPLICATIONS

Our proposed BiKD design approach can be extended to other
GNN architectures that follow a SpMM-like aggregation
pattern, thus BiKD is not limited to GCN aggregation kernels.
BiKD can be applied to various GNN models such as
GraphSAGE (mean or max aggregator), graph isomorphism
network (GIN), and attention-based models such as GAT,
where aggregation can be expressed as sparse-dense or
masked SpMM operations. To demonstrate this generality,
we extend BiKD to the GIN model and evaluate its
performance under the same experimental setting. Figure 17
shows full layers of GIN performance across datasets
normalized to the baseline. GIN’s aggregation is similar
to GCN models, but its aggregator updates the maximum
value only from neighbor vertices. After aggregation, GIN
adjusts the source vertex with the learnable parameter and
then adds the aggregated vector. Since GIN’s aggregation has
simpler operations than GCN’s, the memory latency hiding
becomes harder because there is less chance of intervening
independent instructions between memory operations. As
a result, BiKD achieves 2.27x speedup over DGL, 1.33x
over GE-SpMM, 1.44x over DGL-METIS, and 1.85x over
GNNAdvisor.
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H. DESIGN SPACE EXPLORATION: PARTITIONING SIZE
The main purpose of the kernel partitioning approaches
proposed in this work is to exploit the inter-vertex locality
of the feature matrix in the GPU’s cache hierarchy. In order
to explore the performance impact of the kernel partitioning
strategies, we conduct a design space exploration by varying
the partition size (i.e. window size) of GPU and BiKD. Note
that FP should always partition the feature matrix in a warp
granularity (i.e. 32 threads) thus FP cannot adjust the partition
size flexibly. Figures 18 and 19 exhibit the performance and
L2 hit rate of GP and BiKD respectively by various kernel
partition sizes. We vary the partition size from 0.25x to
8x of the GPU’s L2 cache capacity. The performance by
partition sizes is normalized to the performance results where
the partition size is equal to the L2 cache capacity (i.e. WS).
If the partition size is smaller than the L2 cache capacity,
the feature data can be fully accommodated in the L2 cache
thus L2 hit rates can become relatively high. However,
as the partition size becomes smaller, GP and BiKD create
more kernels thus kernel launch overhead can be increased.
Furthermore, the smaller kernels can provoke more frequent
partial data updates since the L2 cache includes less feature
vectors associated with neighbor vertices. Note that the
features of a neighbor vertex exist in the partitioned working
set, the partly updated features of the origin vertex are
demanded again thus the aggregation kernel creates memory
transactions. For GP, since each vertex includes all feature
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elements of the corresponding feature vector, the partitioned
kernel includes fewer vertices thus more frequent partial
updates can be created. BiKD kernels can include more
vertices within a partitioned kernel since BiKD partitions the
feature matrix in both row and column dimensions. Thus,
BiKD can reduce the number of partial updates compared
to GP. On the other hand, when the partition size is larger
than the L2 cache capacity, the L2 cache cannot be utilized
efficiently. Our evaluation results reveal that the L2 hit rates
usually drop as the partition size increases over the L2 cache
capacity.

Consequently, the partition sizes of GP and BiKD trade off
between the L2 cache utilization and performance overhead
by partial feature updates. Our evaluation with the GPU
testbed reveals BiKD exhibits optimal performance when the
partition size is in the range of the 1 x to 2x of the L2 cache
capacity. For GP, the performance overhead by partial feature
updates is rather high, thus performance can be improved
even though the partition size is larger (i.e. 4x to 8 of the
L2 cache size).

I. LOAD BALANCING

In order to investigate the performance impact of scheduling
strategies for load balancing, we conduct an ablation study
that combines the BiKD kernel decomposition approach with
CTA and warp scheduling algorithms. Figure 20 exhibits
the performance impact of the scheduling strategies applied
to BiKD. While BiKD can exploit the inter-vertex locality
of graph structures in the GPU’s cache hierarchy, the
performance of the BiKD kernels can suffer from load
imbalance due to the non-uniform distributions of non-
zero elements across row blocks. Note that the vertices are
connected irregularly in graph structures thus the number
of non-zero elements in an adjacency matrix can be highly
skewed. As a result, the BiKD’s CTA executions can be
imbalanced due to the uneven distributions of non-zero
elements in row-block partitions. Furthermore, the warp
execution times within a CTA can be imbalanced due
to highly skewed vertex degrees. To address such load
imbalance issues, we apply two scheduling strategies to
BiKD, neighborhood-aware scheduling (NB) and adaptive
warp scheduling (AS).

When the NB scheduling strategy is applied to BiKD
(i.e. BiKD+NB), row blocks are partitioned to include a
similar number of non-zero elements. By balancing the
number of non-zero elements across partitioned row blocks,
CTAs in a BiKD kernel can exhibit similar execution
times thus we can mitigate the underutilization of GPU’s
SMs. On the other hand, when BiKD employs the AS
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scheduling strategy (i.e. BiKD+AS), the number of warps
assigned to each row is adjusted according to the number
of non-zero elements in the row. Hence, AS can exploit
higher TLP for high-degree vertices to mitigate imbalanced
warp-level execution times and improve warp occupancy.
When both scheduling strategies are applied to BiKD
(i.e. BiKD+NB+AS), both inter-CTA and intra-CTA load
imbalance issues can be alleviated. Our evaluation results
shown in Figure 20 reveal that BiKD+NB+AS can improve
the performance of BiKD by up to 1.29x with a geometric
mean of 1.14x.

VI. RELATED WORK

A. CHARACTERISTICS OF GNN KERNELS

Yan et al. [9] analyzed the execution patterns of GCN work-
loads on real GPUs using hardware performance profilers.
The authors compared the performance of GCN kernels
with MLP-based neural network kernels and typical graph
processing applications. They revealed that the aggregation
and combination phases of GCN workloads have diverse
characteristics and the aggregation step is critical for the
performance of GCNs since the performance counts of
GPU memory hierarchy exhibit very low cache hit rates
and heavy data traffic to external DRAM during the
aggregation phase. Baruah et al. [50] presented a benchmark
suite, called GNNMark, for characterizing GNN training
workloads on GPUs. The authors analyzed the various
aspects of GNN training kernels using a GPU performance
profiler to reveal system-level performance bottlenecks. In
this paper, we intensively analyze the characteristics of
graph structures and associated feature data to reveal the
inefficient use of GPU’s cache hierarchy and performance
overhead by frequent external memory accesses. To address
the performance issues of aggregation kernels, we present
kernel decomposition approaches that can exploit inter-vertex
locality in GPU’s L2 cache.

B. GNN OPTIMIZATION ON GPU

Huang et al. [16] proposed a general-purpose sparse matrix
multiplication kernel, called GE-SpMM. The authors pre-
sented the optimized kernel design that exploits GPU’s shared
memory and register file to perform multiplications between
CSR-formatted and general matrices. The authors exhibited
that GNN performance can be improved when GE-SpMM
replaces the existing SpMM kernels.

Wang et al. [49] proposed GNNAdvisor, an adaptive
runtime system for efficient GNN acceleration on GPUs.
The authors designed a 2D workload management strategy
that partitions computations along both neighbor and feature
dimensions to balance irregular workloads and improve GPU
utilization. In addition, they adopted Rabbit Reordering to
rearrange node IDs based on community structures, thereby
enhancing spatial and temporal locality, improving cache
efficiency, and reducing redundant memory accesses during
aggregation.
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Tian et al. [32] proposed PCGCN that partitions a large
graph dataset into smaller subgraphs to exploit possible inter-
vertex locality. PCGCN generates subgraphs considering the
connectivity among vertices to maximize data locality.

Xie et al. [51] proposed Accel-GCN, a high-performance
GPU kernel that mitigates workload imbalance and memory
access irregularity during SpMM operations. It employs
a lightweight degree sorting to group nodes for better
data locality, a block-level partition strategy for workload
balance, and a combined warp strategy to maximize memory
coalescing. This co-optimization of techniques was shown
to significantly improve overall memory bandwidth and
efficiency for GCNs.

Recent studies on GCN acceleration have explored
leveraging GPU Tensor Cores to improve computational
throughput for GNN workloads, particularly by transforming
irregular graph computations into forms amenable to dense
matrix operations. Wang et al. [52] proposed TC-GNN,
a GPU acceleration framework that bridges sparse GNN
computations and dense tensor-core operations. It introduces
a Sparse Graph Translation (SGT) technique that reorganizes
irregular sparse graphs into dense tiles suitable for Tensor
Core Units (TCUs), and employs a collaborative execution
model that coordinates CUDA cores and TCUs to improve
computational efficiency for sparse—dense hybrid workloads.
Wang et al. [53] proposed QGTC, a GPU acceleration
framework that leverages Tensor Cores for efficient GNN
aggregation. QGTC reformulates graph aggregation into a
sequence of quantized sparse—dense matrix multiplications,
enabling the use of low-precision Tensor Core operations.
By applying quantization and block-based aggregation,
QGTC improves computational throughput while reducing
memory bandwidth requirements for GNN workloads.

We propose GCN kernel design approaches that
employ feature-level and graph-level partitioning to exploit
inter-vertex locality of graph structures within GPU’s L2
cache. Our BiKD kernel design approach can utilize GPU’s
cache hierarchy more efficiently to improve the performance
of GCN aggregation kernels dramatically. We also propose a
CTA-level vertex mapping approach to improve the resource
utilization of GPU.

C. GRAPH LEARNING

Bai et al. [54] presented hierarchical-aligned quan-
tum Jensen-Shannon kernels (HAQJSKs), a quantum
kernel method for graph classification that leverages
continuous-time quantum walks. By aligning variable-sized
graphs into fixed-size hierarchical structures, HAQJSK
captures both local and global graph properties while
ensuring permutation invariance and positive definiteness.
Li et al. [55] proposed a permutation-equivariant graph
framelet attention network (PEGFAN), which incorporates
permutation-equivariant graph framelets into GNNs to
enhance performance on heterophilous graphs. By using
Haar-type framelets for multi-scale feature extraction, PEG-
FAN achieves strong performance across several challenging
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heterophilous benchmarks. Li et al. [56] published an article
that surveys recent advances in graph neural networks. The
article outlines progress in theoretical understanding, novel
architectures, and applications such as node classification,
link prediction, and graph generation, while highlighting
open challenges in scalability, trustworthiness, and dynamic
graph learning. Ouyang et al. [57] proposed Graph Neural
Evolution (GNE), which applies spectral GNNs to evolution-
ary optimization by representing individuals as graph nodes
and modeling global correlations through frequency-domain
filtering. This direction indicates that GNN-based operators
are becoming important computational primitives beyond
traditional graph mining workloads, extending their impact
to broader computational intelligence applications. As these
applications scale to larger graphs, populations, and feature
dimensions, the efficiency of underlying graph propagation,
spectral filtering, and sparse-dense aggregation operations
becomes increasingly important. BiKD is complementary
to such algorithmic advances because it improves the GPU
efficiency of aggregation kernels that are widely used in GNN
models.

VII. CONCLUSION
In this paper, we present BiKD, a bidirectional kernel decom-

position for optimizing the access pattern of large-scale GCN
on GPU. First, we find several observations; compared to
graph processing GCN has a huge size feature matrix which
incurs severe memory congestion in the cache hierarchy and
the access pattern of the feature matrix becomes a critical
issue of the performance; prior works that implement kernels
exploiting warp-level parallelism are suffered from low
occupancy which comes from graph’s irregularity. To solve
these problems, we design kernels exploiting CTA-level
parallelism to alleviate load imbalance between vertices and
apply two-way partitioning techniques: feature partitioning
makes each kernel consume the feature matrix column-wise;
graph partitioning makes each kernel consume row-wise.
In addition, to orchestrate two techniques, we propose a
bi-directional kernel that combines two partitioning tech-
niques efficiently and a dedicated modified CSR format.
The experimental results show that BiKD outperforms for
processing high-degree graphs and improves the memory
system from the L1 cache to the DRAM.
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