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ABSTRACT
Graph Neural Networks (GNNs) have emerged as the state-of-the-
art methodology for learning on graph-structured data, yet their
performance is severely constrained by a fundamental mismatch
between irregular graph sparsity and the rigid parallelism of mod-
ern hardware. While modern GPUs rely on Tensor Cores (TCs)
to deliver massive computational throughput, these units demand
strictly tiled, dense inputs—a requirement that con"icts with the
extreme sparsity of real-world graphs. Existing frameworks fail to
resolve this design con"ict: they either fallback to legacy SIMT cores,
leaving TCs underutilized, or they incur prohibitive memory bloat
by forcing sparse data into dense tiles via excessive padding. To
bridge this gap, we propose ThunderGNN, a hardware-aware accel-
eration system designed to reconcile graph irregularity with Tensor
Core rigidity. ThunderGNN employs a uni#ed co-design strategy
comprising three key optimizations: (1) a sparsity-aware reordering
algorithm that logically groups graph rows to maximize local den-
sity; (2) a Condensed Binarized Abstraction (CBA) storage layout
that physically organizes the adjacency matrix into TC-aligned
blocks without explicit zero-padding; and (3) a hardware-aware ex-
ecution engine that e$ciently streams compressed blocks directly
into TCs. Extensive experiments on NVIDIA A100 GPUs demon-
strate that ThunderGNN signi#cantly outperforms state-of-the-art
systems, achieving geometric mean speedups of 1.89→ over DGL
and 2.59→ over PyG.
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1 INTRODUCTION
Graph Neural Networks (GNNs) have emerged as the state-of-the-
art approach for learning on graph-structured data [21, 31, 35].
Their ability to model complex dependencies has driven adoption
across diverse domains, including social network analysis [16],
bioinformatics [13, 14], and recommendation systems [37, 41]. How-
ever, as real-world datasets grow increasingly massive and irregular,
GNN processing has evolved from a computational challenge into
a fundamental data management problem [42].

To address the performance demands of these workloads, prior
research has primarily focused on scale-out strategies, such as opti-
mizing inter-GPU data movement [24, 46] or employing execution
planning to hide CPU-GPU latency [23]. Furthermore, techniques
such as graph reordering [27, 39] and software-managed caches [29,
45] have been developed to improve locality. Nevertheless, most ex-
isting solutions continue to build uponmainstream frameworks like
DGL [36] and PyG [12]. These frameworks e!ectively treat the GPU
as a "black box," relying on legacy execution models that o%oad
computations to general-purpose SIMT cores (i.e., CUDA cores). By
failing to adapt to the underlying architecture, these systems miss
signi#cant opportunities for hardware-aware optimization.

This reliance on legacy models overlooks a critical paradigm
shift in hardware architecture. Modern accelerators now rely on
Tensor Cores (TCs) [1, 22], which are specialized units that deliver
orders-of-magnitude higher throughput than SIMT cores. Yet, these
specialized units impose a rigid constraint: they require strictly tiled,
dense input layouts to function. This technological divergence cre-
ates a fundamental mismatch: while the hardware demands dense,
structured regularity, graph data is inherently sparse and irregular.
Consequently, because conventional GNN methods cannot natu-
rally satisfy these rigid hardware constraints, they leave the vast
majority of the GPU’s computational potential largely unused.

This mismatch creates a critical con"ict for GNN acceleration.
Existing methods (e.g., DGL, PyG) must either ignore TCs, which
wastes the GPU’s immense computational potential. Or, they force
data into dense tiles via excessive zero-padding, which creates pro-
hibitive memory bandwidth bottlenecks. While recent advances
in Large Language Models (LLMs), such as Flash-LLM [40], have
successfully leveraged TCs for sparse computation, they operate in
a regime of moderate sparsity (60–90%) using naive tiling strategies.
These methods are ill-suited for graph data, which exhibits extreme,
irregular sparsity (often exceeding 99%). Our analyses in Section
3 con#rms that conventional approaches fail to reconcile these
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Table 1: Comparison of GNN acceleration approaches. ThunderGNN leverages Tensor Cores for high-sparsity graphs with low
storage overhead

Work Domain Compute Supported Graph Target Memory
Unit Primitives Scale Sparsity Overhead

SIMT-based Baselines (Legacy) PyG [36] GNN SIMT Cores Scatter, Gather Large ↑99% Low
DGL [12] GNN SIMT Cores SpMM, SDDMM Large ↑99% Low

Tensor Core-based Approaches

TC-GNN [38] GNN Tensor Cores SpMM, SDDMM Medium ↑99% Medium
SMaT [28] HPC Tensor Cores SpMM Medium ↑99% High

Flash-LLM [40] LLM Tensor Cores SpMM Small 60–90% Low
ThunderGNN (Ours) GNN Tensor Cores SpMM, SDDMM Large ↑99% Low

con"icting objectives: they either cannot meet the density require-
ments to saturate TCs or they incur memory expansion costs that
negate any computational gains. Table 1 summarizes the design
trade-o!s of existing GNN and TC-based acceleration approaches
and highlights the gap addressed by ThunderGNN.

To bridge this gap, we propose ThunderGNN, a hardware-aware
acceleration system designed to reconcile the con"ict between
the rigid tiling requirements of TCs and the irregular sparsity of
graphs. Unlike prior works that prioritize one metric at the expense
of another, ThunderGNN employs a uni#ed co-design strategy
through a three-stage pipeline that transforms the graph data and
operations to #t the hardware. Firstly, a similarity-driven reordering
algorithm logically groups graph rows to maximize local density,
creating the structural regularity necessary for e$cient tiling. Then,
this logical structure is mapped to Condensed Binarized Abstraction
(CBA), a novel physical storage that organizes the matrix into TC-
aligned blocks without explicit zero padding. Finally, a cache-aware
execution engine streams these compressed micro-tiles directly into
TCs, with improved cache e$ciency and compute throughput.

We focus speci#cally on intra-GPU optimization to maximize the
throughput of the execution engine itself. By solving the fundamen-
tal data representation and execution problems on a single device,
ThunderGNN provides a highly optimized compute backend that
is orthogonal to, and can serve as the foundation for, distributed
scale-out systems. However, the integration of ThunderGNN into
distributed frameworks is beyond the scope of this paper and is left
for future work.

To summarize, we make the following key contributions:
• Problem Exploration: We develop in-depth experimental anal-

yses to characterize the mapping of sparse operations to TCs.
This identi#es the mismatch between tile density and memory
footprint as the primary bottleneck for existing methods.

• Novel GNN System:We propose ThunderGNN, a uni#ed frame-
work that encapsulates a similarity-driven reordering algorithm,
a compact, TC-aligned storage scheme (CBA), and a cache-aware
execution engine.

• Performance Gain: ThunderGNN outperforms state-of-the-
art systems, achieving geometric mean speedups of 1.89→ over
DGL and 2.59→ over PyG across representation GNN models on
real-world graphs.

2 BACKGROUND
2.1 Graph Neural Networks
Let 𝐿 = (𝑀 , 𝑁) be a graph with 𝑂 = |𝑀 | nodes and𝑃 = |𝑁 | edges.
Let A ↓ R𝐿→𝐿 denote the adjacency matrix and X ↓ R𝐿→𝑀 denote
the node feature matrix, where 𝑄 is the feature dimension. A GNN
layer updates node features through two core operations: message
computation and node aggregation.

First, the message computation function 𝑅 calculates a scalar
coe$cient (i.e., message) 𝑆 (𝑁 )𝑂𝑃 for the edge connecting node 𝑇 and
neighbor 𝑈. This coe$cient is derived from the node features and
edge attributes 𝑉𝑂𝑃 :

𝑆 (𝑁 )𝑂𝑃 =𝑅 (x(𝑁 )𝑂 , x(𝑁 )𝑃 ,𝑉𝑂𝑃 ) (1)

These coe$cients 𝑆 (𝑁 )𝑂𝑃 collectively form the non-zero elements of a
sparse score matrix S, where non-zeros correspond to edges in 𝑁.

Second, the node aggregation function 𝑊 updates each node’s
representation by performing a weighted summation of neighbor
features using the computed coe$cients. This produces the aggre-
gated feature vector z(𝑁 )𝑂 :

z(𝑁 )𝑂 = 𝑊
)︄[︄
]︄

⌊︄
𝑃↓N(𝑂)

𝑆 (𝑁 )𝑂𝑃 · x(𝑁 )𝑃
⌋︄⌈︄
⌉︄

(2)

This operation corresponds to the matrix multiplication Z = S →
X. The aggregated features are then transformed by MLPs before
passing to the next layer. As these neural operations incur negligible
cost compared to the graph operations [17, 38], we omit them from
our analysis.

2.2 Matrix Multiplication in GNNs
To facilitate GPU acceleration, the two core GNN operations are
often mapped to sparse matrix primitives.

Message Computation. First, the message function𝑅 (used in
models like GAT [33, 35]) corresponds to Sampled Dense-Dense Ma-
trix Multiplication (SDDMM). This operation computes the sparse
edge coe$cients (scores) based on the interaction of node features.
Formally, it generates a sparse score matrix S via:

S = (XX𝑄 ) ↔ A (3)

Here, ↔ denotes the Hadamard product, which samples the dense
dot-product results (XX𝑄 ) only at the indices of non-zero elements
in the adjacency matrix A.
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Node Aggregation. Second, the node aggregation function 𝑊
corresponds to Sparse Matrix-Matrix Multiplication (SpMM). This
operation updates node features by aggregating neighbor informa-
tion. It computes the product of a sparse matrix (either the raw
adjacency A or the dynamic scores S computed above) and the
dense feature matrix X to produce the output Z:

Z = S → X (4)

2.3 GNN Execution on GPUs
GPUs are the de facto hardware for GNN workloads due to their
massive parallelism. Existing frameworks typically deploy SpMM
and SDDMM on general-purpose SIMT cores (i.e., CUDA Cores) [9,
10, 12, 36]. These cores excel at scalar, element-level computations,
making them "exible enough to handle the sparse, irregular opera-
tions inherent in graphs.

In contrast, modern NVIDIA GPUs feature Tensor Cores (TCs),
specialized units designed to accelerate matrix multiplication with
orders-of-magnitude higher throughput than SIMT cores (e.g., 16→
speedup on A100 [22]). However, these units impose rigid hardware
constraints: they require dense, structured input tiles (e.g., 16 → 16)
to be loaded into fragments (specialized register #les) for opera-
tion. This rigid tile-level granularity is fundamentally incompatible
with the sparse, unstructured nature of graph data. Consequently,
conventional GNN approaches fail to utilize these powerful accel-
erators, leaving signi#cant computational throughput untapped.

3 PROBLEM ANALYSIS AND MOTIVATION
The transition of GNNs from academic exploration to large-scale
industrial deployment has coincided with a fundamental paradigm
shift in hardware architecture. While GNN models have grown in
complexity and depth, the hardware accelerators designed to run
them have become increasingly specialized. This divergence has
created a critical impedance mismatch: the irregular, hypersparse
structure of graph data is inherently at odds with the rigid, dense
parallelism of modern hardware accelerators.

In this section, we analyze this con"ict, demonstrating that ex-
isting acceleration paradigms fail to resolve the tension between
hardware rigidity and data sparsity. We identify a "utilization gap"
where current systems must choose between underutilizing com-
pute units or overwhelming memory bandwidth, motivating the
need for a holistic hardware-software co-design.

3.1 Mismatch: Hardware vs. Data
Modern GPU architectures have evolved to prioritize dense ma-
trix multiplication, the computational workhorse of Deep Learning.
Specialized units, such as NVIDIA’s TCs on the A100 GPU, de-
liver orders-of-magnitude higher throughput than general-purpose
CUDA cores. However, this performance comes with strict micro-
architectural constraints: TCs typically operate on #xed-size micro-
tiles (e.g., 16→ 16 fragments) and require data to be loaded in dense,
contiguous blocks. To achieve peak e$ciency, the input data must
exhibit high structural regularity, allowing for coalesced memory
access and warp-synchronous execution.

Real-world graphs, conversely, are de#ned by irregular sparsity.
Datasets such as social networks, web graphs, or protein interac-
tions often exhibit sparsity levels exceeding 99%. Furthermore, the
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Figure 1: Tile density of di!erent TC-based methods (graph
degree𝑃/𝑂 = 20).

non-zero elements (edges) are scattered unpredictably across the
adjacency matrix, following power-law distributions rather than
uniform patterns. This creates a structural con"ict:
• The Hardware demands dense, regular 16 → 16 tiles to saturate

its computing units.
• The Data provides scattered, individual non-zeros that rarely

#ll a tile.
Bridging this gap requires transforming the sparse data into a

format the hardware can accept. However, the transformation leads
to a fundamental trade-o! between Tile Density (computational ef-
#ciency) and Memory Footprint (memory e$ciency). If we preserve
the natural sparsity, we cannot #ll the tiles (low density). If we force
the data into tiles, we introduce zeros (high memory overhead).

3.2 The Failure of Existing Paradigms
Current GNN systems attempt to navigate this con"ict through two
primary strategies, both of which result in suboptimal performance
because they fail to address the root cause of the mismatch.

The Legacy SIMT Approach (DGL, PyG): Mainstream frame-
works like DGL and PyG entirely sidestep the TC architecture. They
rely on "legacy" execution models that treat the GPU as a collec-
tion of scalar SIMT cores. By using primitives like scatter-gather
or standard SpMM on CUDA cores, they maintain high memory
e$ciency—only storing and processing valid non-zeros.

These approaches leave the GPU’s most powerful engine TCs
completely idle. As shown in our analysis (Table 1), these frame-
works fail to scale on modern hardware because they are bound by
the lower throughput of general-purpose cores. They e!ectively
treat a modern AI accelerator as a legacy graphics card, wasting
the device’s potential.

The Forced Density Approach (Naive Tiling & Padding):
To utilize Tensor Cores, recent works such as Flash-LLM [40] adapt
sparse data to dense units by partitioning the matrix into tiles and
padding missing elements with zeros. While e!ective for the mod-
erate sparsity (60-80%) seen in LLM pruning, it fails catastrophically
for graph data characterized by extreme sparsity (e.g., 99%). For
such sparse graphs, a naive tiling strategy results in extreme low
tile density and/or prohibitive memory bloat.

We de#ne tile density as the average number of nonzero ele-
ments per tile sized 16 → 16, and evaluate representative TC-based
methods on power-law Kronecker [2] graphs with varying sizes. As
shown in Fig. 1, Flash-LLM’s naive tiling yields tile densities close
to 1, corresponding to the worst-case scenario for TC utilization,
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Figure 2: Memory footprint of di!erent methods (𝑂 = 216).

rendering TCs severely underutilized. SMaT [28] improves locality
through hash-based graph reordering, but achieves only marginal
density gains, reaching at most ↑3 nonzeros per tile.

Fig. 2 further illustrates the memory footprint incurred by di!er-
ent approaches. DGL serves as the baseline, as it stores only nonzero
values in FP16 together with their corresponding indices in INT32,
incurring minimal memory overhead. ThunderGNN remains close
to DGL, incurring only 1.12→ memory on average.

For TC–based tiling approaches, a tile containing a single edge
must still materialize a full 16 → 16 fragment to satisfy TC input
requirements, resulting in 255 padded zeros for just one nonzero
element. Consequently, as shown in Fig. 2, SMaT incurs substantial
memory costs ranging from 15→ to 41→ relative to DGL, because it
explicitly pads sparse tiles with zeros in its storage format.

In contrast, Flash-LLM avoids explicit zero padding by storing
only nonzero values and their indices in FP16, leading to low mem-
ory overhead. However, this design produces extremely low tile
density for highly sparse graphs, severely limiting e!ective TC
utilization. Overall, naive tiling approaches shift the performance
bottleneck: TCs either stall while loading large volumes of padded
data or operate at very low utilization, e!ectively nullifying their
theoretical compute advantages.

The Intermediate Approach (TC-GNN): TC-GNN [38] at-
tempts to #nd a middle ground by condensing sparse rows into
dense blocks. Compared to naive padding, TC-GNN increases tile
density, achieving approximately 15–19 nonzeros per tile. However,
this improvement comes at the cost of complex metadata required
to maintain the mapping between logical sparsity patterns and
physical dense layouts. As a result, TC-GNN incurs substantial
memory overhead, more than doubling costs relative to DGL.

Moreover, TC-GNN adopts a largely hardware-oblivious data
management strategy. It bu!ers entire dense feature matrices in
shared memory (L1 cache) despite the fact that these features are
consumed once without reuse. As feature dimensionality grows,
this design substantially increases pressure on the on-chip memory
hierarchy, leading to frequent cache thrashing and reduced e!ective
bandwidth. Thus, the lack of explicit control over data movement
becomes an additional performance bottleneck, limiting TC-GNN’s
ability to fully exploit TCs even when tile density is improved.

3.3 The Necessity of Co-Design
This analysis reveals that the problem cannot be solved by hard-
ware adaptation or software optimization in isolation. We face a
design con"ict:

• Maximizing Compute Utilization requires dense tiling (risk-
ing memory bloat).

• Minimizing Memory Footprint requires sparse formats (risk-
ing TC underutilization).
Existing methods occupy the extremes of this spectrum. To re-

solve this impedance mismatch, we need a system that can synthe-
size regularity from irregular data. This motivates ThunderGNN,
which introduces a uni#ed co-design pipeline.

4 THUNDERGNN DESIGN
To resolve the impedance mismatch between graph irregularity and
hardware rigidity, ThunderGNN introduces a hardware-inspired
software co-design that systematically reduces graph irregularity
and exploits hardware capabilities. Our architecture is built upon
three foundational design rationales that move beyond traditional
hardware-oblivious optimizations, guiding the development of a
uni#ed three-stage pipeline (Fig. 3).

4.1 Design Rationale and System Overview
ThunderGNN’s design is guided by three complementary rationales
that address hardware–data con"icts in TC-based GNN execution:

Rationale 1: Local Regularity Induction. The #rst barrier to
e!ective TC utilization is the absence of local structural regularity
in sparse graph representations. TCs operate on #xed-size dense
fragments (e.g., 16→16), but in real-world graphs, non-zero entries
are scattered according to power-law degree distributions. When
such matrices are tiled directly, most fragments contain very few
non-zeros, resulting in extremely low arithmetic intensity and poor
TC utilization.

A natural approach is to reorder the graph to improve local-
ity. However, existing techniques remain insu$cient for TC exe-
cution, because they prioritize global metrics over local density.
Conventional reorderings such as BFS or Gorder [39] optimize
global metrics (e.g., bandwidth or diameter) that do not guarantee
high non-zero density within #xed-size blocks. SMaT [28] clusters
rows with similar sparsity patterns but fails to achieves satisfactory
density due to the coarse granularity of hash-based grouping.

Consequently, graphs that are well-ordered under traditional
metrics may still produce TC fragments that are sparsely populated
and computationally ine$cient. This exposes a key insight: TC
performance fundamentally depends on local block density at the
fragment granularity, rather global metrics. ThunderGNN therefore
adopts Local Regularity Induction as a core design guideline. It
treats the adjacency matrix as a permutable logical layer and explic-
itly reorders rows to maximize non-zero overlap within TC-aligned
windows. By grouping nodes with similar connectivity patterns,
ThunderGNN synthesizes dense local regions from globally irregu-
lar graphs, creating the structural precondition required for e$cient
TC execution.

Rationale 2: Representation–Execution Decoupling. Al-
though regularity induction increases local density, it cannot elim-
inate sparsity entirely. Even after reordering, many TC-aligned
fragments remain only partially #lled due to the intrinsic irregu-
larity of graph data. Existing TC-based designs tightly couple the
logical representation granularity of sparse data with the physical
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execution granularity of TC fragments: sparse matrices are orga-
nized into #xed tiles that match TC fragment size (e.g., Flash-LLM,
TC-GNN), while some systems further pad the tiles with zeros
(e.g., SMaT). The tight coupling forces sparse regions into rigid,
hardware-aligned tiles. As a result, memory footprint and band-
width consumption scale with fragment size rather than with the
true number of non-zeros.

This ine$ciency arises because sparse data representation and
TC execution impose fundamentally di!erent requirements. Mem-
ory e!ciency favors density-adaptive layouts that track actual spar-
sity, whereas TCs require "xed-size dense fragments for e!cient execu-
tion. Binding these two granularities together forces sparse regions
to pay for empty space.

ThunderGNN copes with the granularity gap through Repre-
sentation–Execution Decoupling. Sparse graph data is stored in
a compact, density-adaptive logical format, while TC-compatible
dense fragments are materialized on demand at execution time.
Following this rationale, ThunderGNN introduces the Condensed
Binarized Abstraction (CBA), a novel representation that encodes
sparse tiles in a compact format and enables e!ective TC utilization
even under extreme sparsity.

Rationale 3: Data Access Control. Even with TC-friendly
structure and representation, performance can degrade if datamove-
ment is left to hardware-default caching behavior. Graph workloads
exhibit asymmetric reuse patterns: structural metadata (e.g., adja-
cency patterns) is reused across feature dimensions and operations,
whereas node features are typically streamed once with little or no
temporal locality. Existing GNN frameworks (e.g., TC-GNN) are of-
ten hardware-unaware and cache these data types uniformly. This
oversight causes a fundamental mismatch between data reuse pat-
terns and cache behavior, resulting in cache pollution and reduced
e!ective bandwidth.

ThunderGNN therefore incorporates Data Access Control as a
core design requirement. By separating reusable structural meta-
data from non-reusable feature values, ThunderGNN prioritizes
high-reuse structural data in on-chip caches, while allowing feature
data to bypass caches and be consumed directly. Synchronizing
data movement with reuse pattern is essential for translating in-
duced regularity and compact representations into actual hardware
throughput. This rationale leads to a cache-aware execution engine

that provides specialized graph operators and #ne-grained con-
trol over memory placement, optimizing the utilization of on-chip
caches and registers.

System Overview. As illustrated in Fig. 3, these three rationales
establish a uni#ed pipeline composed by three-stage optimizations.
(a) Similarity-driven reordering induces local structural regularity;
(b) CBA decouples sparse representation from dense execution; and
(c) the cache-aware execution engine orchestrates data movement
to preserve both compute e$ciency and memory locality. Together,
they enable ThunderGNN to reconcile extreme graph sparsity with
the rigid execution model of TCs. The remainder of this section
details the design of each stage.

4.2 Similarity-Driven Graph Reordering
Guided by the rationale of Regularity Induction, ThunderGNN logi-
cally reshapes the graph to expose dense computation opportunities.
ThunderGNN instead formulates reordering as a similarity-driven
partitioning problem, explicitly targeting dense submatrices at the
granularity of TC fragments. As outlined in Algo. 1, the process
comprises two steps.

Algorithm 1: Similarity-Driven Graph Reordering
1 Input: Sparse matrix 𝑅 ↓ R𝐿→𝐿 , neighbor count 𝑁 , window size𝑆
2 Output: Permuted matrix 𝑅↗

// Step 1: Scalable Similarity Construction
3 𝑇knn ↘ ≃ ;
4 for 𝑈 ↘ 0 to 𝐿 ⇐ 1 do
5 𝑉𝑀 ↘ ApproxNearestNeighbors(𝑅[𝑈 ],𝑁, Jaccard) ;
6 𝑇knn [𝑈 ] ↘ { ( 𝑊, score) | 𝑊 ↓ 𝑉𝑀 } ;
// Step 2: Fixed-Window Partitioning

7 𝐿parts ↘ 𝐿/𝑆 ;
8 P ↘ BalancedPartitioning(𝑇𝑁𝐿𝐿,𝑆 ) ;
// Permutation Generation

9 𝑋 ↘ 𝑌𝑍𝐿𝑎𝑏𝑐𝑑𝐿𝑏𝑐𝑑 (P[0], P[1], . . . , P[𝐿parts ⇐ 1] ) ;
10 return 𝑅[𝑋,𝑋 ] ;

Step 1: Scalable Similarity Construction. We de#ne the "a$n-
ity" between two graph rows using the Jaccard similarity of their
non-zero column indices. High similarity implies that if two rows
are grouped, their non-zeros will align in the same columns, maxi-
mizing the density of the resulting block.
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𝑋 (𝑈, 𝑇) = |𝑌 (𝑈) ⇒ 𝑌 (𝑇) |
|𝑌 (𝑈) ⇑ 𝑌 (𝑇) | (5)

A naive implementation would require computing pairwise sim-
ilarities between all row pairs, incurring 𝑍 (𝑂2) time and rendering
the approach impractical for large graphs. ThunderGNN avoids this
bottleneck by leveraging Nearest Neighbor Descent (NND) to con-
struct an approximate 𝑎-nearest-neighbor graph 𝐿𝑁𝐿𝐿 over rows.
NND iteratively re#nes neighbor candidates using local neighbor
propagation, converging rapidly in practice while avoiding exhaus-
tive comparisons. This reduces the complexity of similarity graph
construction to 𝑍 (𝑂1.14), enabling scalability to graphs with mil-
lions of nodes.

Importantly, the approximate nature of𝐿𝑁𝐿𝐿 is su$cient for our
purpose: the reordering only requires locally coherent groupings
rather than exact similarity rankings. Empirically, we #nd that
NND preserves enough high-a$nity edges to guide e!ective row
clustering, while dramatically reducing preprocessing overhead.
Consequently, ThunderGNN achieves a practical balance between
similarity #delity and scalability, making similarity-driven reorder-
ing feasible for large-scale GNN workloads.

Step 2: Fixed-Window Partitioning. The similarity graph
𝐿𝑁𝐿𝐿 captures #ne-grained structural a$nity between rows, but is
insu$cient to ensure e$cient execution of TCs. To translate simi-
larity into performance gains, it must conform to the constraints
imposed by TCs, which operate on #xed-size matrix fragments of
dimension 𝑏 → 𝑏 (typically 16→ 16). Consequently, both which rows
are grouped and how many rows are grouped together are critical
for TC utilization.

A natural approach would be to apply similarity-based clustering
or community detection algorithms, such as Louvain [3], to group
highly related rows. While e!ective at identifying coherent com-
munities, these methods are designed to optimize graph-theoretic
objectives and therefore produce clusters with highly variable sizes.
Such variability is ill-suited to TC execution: mapping variable-sized
clusters onto #xed hardware fragments would require padding,
splitting, or merging clusters, all of which erode local density and
undermine the bene#ts of similarity-based grouping.

To avoid this mismatch, ThunderGNN reformulates row reorder-
ing as a #xed-window partitioning problem, in which similarity
preservation and execution constraints are jointly enforced. Rather
than discovering arbitrary communities, we partition the similarity
graph 𝐿𝑁𝐿𝐿 into a set of disjoint partitions P, each with a strictly
#xed window size𝑐 . We set𝑐 = 𝑏 = 16, matching the height of
a TC fragment and de#ning the exact number of rows processed
together by a single TC operation.

Under this formulation, the objective is to minimize the edge cut
of 𝐿𝑁𝐿𝐿 subject to the #xed-size constraint. Minimizing the edge
cut encourages rows with high pairwise similarity to be placed
within the same partition, while the size constraint guarantees
direct compatibility with the hardware. The #nal permutation 𝑑 is
constructed by concatenating the row indices from each partition
P[𝑒] into a single global vector. By applying 𝑑 to the adjacency
matrix, we guarantee that every contiguous window of𝑐 rows
forms a structurally regularized submatrix.

In practice, we implement this phase using a size-constrained
graph partitioner based on METIS [19], con#gured to enforce an

exact partition size of𝑐 = 16. This ensures that rows within each
16-row window exhibit high column overlap, thereby minimizing
the union of non-zero columns within each 16 → 16 block. Unlike
prior reordering techniques that are agnostic to TC execution, our
method explicitly aligns similarity structure with hardware-aligned
computation. As a result, it directly increases the e!ective density
seen by the TC and establishes the structural foundation for the
subsequent condensation stage.

Complexity. Let 𝑂 be the number of nodes and 𝑎 be the number
of nearest neighbors used for similarity construction. ThunderGNN
#rst builds an approximate 𝑎-NN graph with 𝑎𝑂 edges using NND,
which takes 𝑍 (𝑂1.14) time in practice. It then partitions this graph
with METIS in 𝑍 (𝑎𝑂) time. Thus, the overall preprocessing time
is 𝑍 (𝑂1.14 + 𝑎𝑂), or 𝑍 (𝑂1.14) when 𝑎 is treated as a small constant,
which is substantially more scalable than exact pairwise similarity
computation with 𝑍 (𝑂2) time.

The auxiliary preprocessing memory is 𝑍 (𝑂 + 𝑎𝑂) for node-
level metadata and the temporary 𝑎-NN graph. This storage is
released after the reordered layout is generated, and the one-time
preprocessing cost can be amortized over multiple training epochs
and inference runs.

4.3 Condensed Binarized Abstraction
The Representation-Execution Decoupling rationale is realized
through CBA, which separates logical representation from physical
execution to balance memory e$ciency and compute utilization.

At the core of CBA is the observation that optimal storage gran-
ularity depends on graph sparsity, whereas TC execution enforces a
#xed fragment size of 𝑏 →𝑏 (with 𝑏 = 16). Instead of binding storage
to this rigid execution unit, CBA allows the logical tile size 𝑓 to
vary independently of 𝑏 . Dense graphs can therefore map directly
to full fragments to maximize compute utilization, while sparse
graphs intentionally use smaller logical tiles to reduce metadata and
memory tra$c. Within this density-adaptive tiling framework, con-
densation and binarization operate as complementary mechanisms
that reshape sparsity into a TC-friendly form.

Condensation. As plotted in Fig. 3b, CBA partitions the sparse
matrix row-wise into #xed-height row windows, where the window
height matches the TC fragment dimension (e.g., 16 rows). Within
each row window, empty columns are removed, and the remain-
ing non-zero columns are compacted and reassigned contiguous
column indices. Formally, for the𝑔-th row window 𝑕𝑒 ↓ R𝑓→𝐿 , let

C𝑒 = { 𝑖 | ⇓ 𝑗 ↓ [0, 𝑏 ⇐ 1], 𝑕𝑒 (𝑗 , 𝑖) ω 0 } (6)

denote the set of active columns in the window. Condensation then
constructs a compact submatrix

{︄𝑕𝑒 = 𝑕𝑒 [:, C𝑒] ↓ R𝑓→ | C𝑂 | (7)

where the columns in C𝑒 are reindexed contiguously.
This condensation step, following TC-GNN [38], transforms a

sparse submatrix into a narrower, denser block suitable for dense
computation. The e!ectiveness of condensation critically depends
on row similarity within each window. When rows share over-
lapping non-zero patterns, the union of active columns is small,
yielding a tightly condensed layout. Conversely, grouping dissimi-
lar rows leads to wide unions and poor compaction. This directly
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Figure 4: Tile placement on the 16 → 16 fragment.

bene#ts from the similarity-driven reordering described in Sec-
tion 4.2, which co-places structurally similar rows to maximize
post-condensation density.

Binarization. To represent #ne-grained sparsity within con-
densed blocks, CBA separates structure from values using bitmap-
based binarization. Each logical 𝑓 →𝑓 tile is encoded as a linearized
bitmask, where each bit indicates the presence or absence of a
non-zero. For a logical tile 𝑘 ↓ R𝑔→𝑔 , its bitmap is de#ned as

𝑙𝑄 (𝑈, 𝑇) =
}︄
1, 𝑘 (𝑈, 𝑇) ω 0,
0, otherwise,

(𝑈, 𝑇) ↓ [0,𝑓 ⇐ 1] (8)

The non-zero values of 𝑘 are stored in a dense array following
the same linearized order as the set bits in𝑙𝑄 .

Numerical values are stored in dense arrays and streamed con-
tiguously at runtime, satisfying GPU memory coalescing require-
ments. Element coordinates are reconstructed on the "y using e$-
cient bitwise operations. This design deliberately trades lightweight
computation for substantially reduced memory tra$c, which is the
dominant bottleneck in sparse GNN workloads.

Limitations of Fixed-Size Logical Tiles. Condensation and
binarization alone are insu$cient if the logical tile size is rigidly
#xed to 𝑓 = 𝑏 = 16. A 16 → 16 bitmap incurs a #xed 256-bit
metadata cost, regardless of how few non-zeros are present. As
a result, memory savings are realized only when a tile contains
more than eight non-zero entries. In practice, many regions remain
well below this threshold even after reordering. For example, non-
zeros con#ned to an 8 → 8 subregion still pay the full metadata cost
when forced into a 16 → 16 representation, wasting up to 75% of
the bitmap storage. This exposes a remaining mismatch between
variable graph sparsity and rigid, hardware-aligned storage.

Adaptive Tiling. CBA resolves this mismatch by allowing the
logical tile size 𝑓 to shrink in sparse regions while preserving a
#xed physical execution size 𝑏 . Multiple 𝑓 → 𝑓 logical tiles are
packed along the diagonal of a single 𝑏 → 𝑏 TC fragment. Let 𝑚 =
𝑏/𝑓 denote the packing factor. This design introduces a trade-o!
between compute utilization and memory e$ciency:

Tensor Utilization (TU) =
𝑚 · 𝑓2

𝑏 2
=

1
𝑚
, (9)

Memory Savings (MS) =
𝑏 2

𝑚 · 𝑓2 = 𝑚 . (10)

Reducing 𝑓 improves memory e$ciency linearly, but propor-
tionally decreases TC utilization. Since no single tile size is optimal
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Figure 5: Condensed Binarized Abstraction (CBA) layout,
illustrated using 4 → 4 tiles for clarity.

across all sparsity regimes, ThunderGNN adopts a density-aware
tiling policy. Speci#cally, ThunderGNN #xes 𝑏 = 16 to match TC
intrinsics and selects between two logical tile con#gurations based
on the average graph degree (𝑃/𝑂). This decision is made once
per graph to avoid runtime divergence and kernel specialization
overhead:

• Full Placement (𝑓 = 16, 𝑚 = 1): for denser graphs (𝑃/𝑂 > 8),
achieving full TC utilization with a 256-bit bitmap.

• Diagonal Placement (𝑓 = 8, 𝑚 = 2): for sparser graphs (𝑃/𝑂 ⇔ 8),
packing two 8 → 8 logical tiles into the diagonal quadrants of a
16 → 16 fragment, reducing TC utilization to 50% while halving
bitmap metadata to 128 bits.

As illustrated in Figure 4, diagonal placement e!ectively disables
o!-diagonal TC quadrants to minimize memory tra$c. This explic-
itly recognizes that in sparse regimes, memory bandwidth, instead
of compute throughput, is the primary performance limiter.

Final Layout. CBA materializes the combined e!ects of conden-
sation, binarization, and adaptive tiling into a compact, execution-
ready physical layout, illustrated in Fig. 5. The layout consists of
#ve components:

(1) rowPtr: Indexes tile rows after condensation, enabling e$cient
traversal over row windows.

(2) colIdx: Stores the original column indices of each element,
preserving the global matrix semantics.

(3) bitmaps: Encodes intra-tile sparsity using 64-bit bitmasks.
FULL placement uses four bitmaps per tile, while DIA place-
ment uses one bitmap per logical tile, reducing index storage
by up to 32→ compared to coordinate-based formats.

(4) values: A dense, contiguous array containing only non-zero
FP16 values, ordered consistently with the bitmap encoding to
enable coalesced memory access.

(5) p: A lightweight metadata scalar indicating the packing factor
(p=1 for FULL, p=2 for DIA), used by the execution engine to
interpret tile placement; omitted from the #gure for clarity.

Together, these components form a uni#ed storage abstraction
that preserves structural topology, minimizes metadata overhead,
and directly maps to TC execution.

4.4 Cache-Aware Execution Engine
The #nal stage of ThunderGNN operationalizes the previous trans-
formations through a cache-aware execution engine that precisely
controls data movement and coordinates computation with the
GPU’s fast on-chip cache hierarchy.
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The execution engine follows three core principles. First, tile
topology is decoded just-in-time and fused with data loading. Sec-
ond, decoded structural information is bu!ered in on-chip shared
memory and shared across thread warps to amortize decoding cost.
Third, dense feature values are accessed through direct, non-cached
loads into registers for immediate consumption, avoiding cache
pollution. The engine explicitly separates reusable structural infor-
mation from non-reusable feature values.

Just-in-Time Fused Decoding. ThunderGNN employs a "lazy"
decodingmechanism that reconstructs logical graph tiles only at the
moment of computation. Tile decoding is fused with value loading
and never materializes intermediate sparse coordinates.

Algorithm 2: Just-in-Time Fused Decoding
Input: 𝑛𝑜𝑝𝑃𝑉𝑒(s), 𝑇𝑉𝑞𝑈𝑟𝑆 , 𝑒𝑞𝑉𝑠𝑟𝑃𝑟𝑂𝑝 mode
Output: decoded tile {︄𝑘

1 if placement = FULL then
2 for 𝑜 ↘ 0 to 255 do
3 𝑂 ↘ 𝑜/64; 𝑃 ↘ 𝑜 mod 64;
4 {︄𝑘 [𝑜] ↘ 𝑛𝑜𝑝𝑃𝑉𝑒𝑆 [𝑂] [𝑃] ? load(𝑇𝑉𝑞𝑈𝑟𝑆) : 0;
5 else
6 foreach diagonal region 𝑗 ↓ {0, 1} do
7 for 𝑜 ↘ 0 to 63 do
8 {︄𝑘 [map(𝑗 , 𝑜)] ↘ 𝑛𝑜𝑝𝑃𝑉𝑒 [𝑜] ? load(𝑇𝑉𝑞𝑈𝑟𝑆) : 0;

As outlined in Algo. 2, the engine supports two decoding modes
corresponding to the storage layouts de#ned in CBA. In FULL
placement, the bitmap (four 64-bit integers) spans all positions of the
execution fragment, and decoding iterates over a #xed, fragment-
aligned order. In DIA placement, decoding is restricted to diagonal
subregions, and the mapping function map(·) projects local 8 → 8
coordinates into the corresponding fragment positions.

Crucially, decoding is fused with data loading. The bitmap value
serves as a predicate: if a bit is set (1), the engine fetches the cor-
responding value from global memory; otherwise, it injects a zero.
This predicate-based mechanism materializes a logically sparse
tile in a dense, fragment-aligned layout, eliminating the need for
intermediate sparse indices or coordinate lists.

The remaining principles are realized through operator designs
that di!erentiate access paths for topology and features. Algo. 3
illustrates this mechanism for node aggregation, which computes
the sparse-dense product 𝑡 = 𝑢̃𝑓 with 𝑢̃ stored in CBA format.

Algorithm 3: Node Aggregation in ThunderGNN

Input: graph 𝑢̃ in CBA format, features 𝑓
Output: aggregated features 𝑡

1 for 𝑜 ↘ 𝑢̃.rowPtr[row] to 𝑢̃.rowPtr[row + 1] ⇐ 1 do
2 𝑢sm ↘ DecodeTile(𝑢̃.𝑛𝑜𝑝𝑃𝑉𝑒𝑆, 𝑢̃.𝑇𝑉𝑞𝑈𝑟𝑆, 𝑜);
3 𝑣 𝑗𝑉𝑤𝑢 ↘ Broadcast(𝑢sm);
4 𝑣 𝑗𝑉𝑤𝑓 ↘ DirectGather(𝑓, 𝑢̃.𝑠𝑥𝑞𝑦𝑄𝑧);
5 𝑣 𝑗𝑉𝑤𝑡 ↘ Compute(𝑣 𝑗𝑉𝑤𝑢, 𝑣 𝑗𝑉𝑤𝑓, 𝑣 𝑗𝑉𝑤𝑡);
6 𝑡 ↘ Store(fragC);

Spatial Structure Reuse. Decoding compressed topology intro-
duces extra bitwise operations. To amortize this cost, ThunderGNN
leverages the spatial locality of the GPU’s thread hierarchy. Instead
of each thread decoding its own structure, a thread block coopera-
tively performs DecodeTile through Just-in-Time Fused Decoding in
Line 2 and stages the decoded tile in shared memory. Once bu!ered,
Broadcast in Line 3 broadcasts the decoded structure to all warps
within the thread block. This allows the thread block to reuse one
decoded tile while streaming di!erent dense feature dimensions.

Streamed Dense Features.While the decoded tile is bu!ered
and reused, dense feature data follows a non-reusable access path.
Feature values are accessed via the original column indices stored
in 𝑢̃.𝑠𝑥𝑞𝑦𝑄𝑧 and consumed exactly once, providing no temporal
locality. Accordingly, DirectGather in Line 4 gathers these feature
rows directly into registers, without staging them in shared mem-
ory. This preserves on-chip capacity for the decoded tile and avoids
cache thrashing caused by high-volume feature tra$c. Finally, Com-
pute in Line 5 performs the fragment-level matrix multiplication
on TCs.

Algorithm 4:Message Computation in ThunderGNN

Input: graph 𝑢̃ in CBA format, features 𝑓, features 𝑡
Output: edge messages 𝛥

1 for 𝑜 ↘ 𝑢̃.rowPtr[row] to 𝑢̃.rowPtr[row + 1] ⇐ 1 do
2 𝑢sm ↘ DecodeTile(𝑢̃.𝑛𝑜𝑝𝑃𝑉𝑒𝑆, 𝑜);
3 for 𝑎 ↓ [0,𝛩 ⇐ 1] do
4 𝑃𝑉𝑆𝑎 ↘ BroadcastMask(𝑢sm);
5 𝑣 𝑗𝑉𝑤𝑓 ↘ DirectLoad(𝑓, 𝑗𝑥𝑔 ,𝑎);
6 𝑣 𝑗𝑉𝑤𝑡 ↘ DirectGather(𝑡, 𝑢̃.𝑠𝑥𝑞𝑦𝑄𝑧,𝑎);
7 𝑣 𝑗𝑉𝑤𝛥 ↘ Compute(𝑣 𝑗𝑉𝑤𝑓, 𝑣 𝑗𝑉𝑤𝑡, 𝑣 𝑗𝑉𝑤𝛥);
8 𝛥 ↘ MaskedStore(𝑣 𝑗𝑉𝑤𝛥,𝑃𝑉𝑆𝑎);

Algo. 4 follows the same principles but uses a di!erent data"ow
for message computation, which evaluates edge-wise feature in-
teractions, e.g., 𝛥𝑈 𝑊 = 𝑓↖

𝑈 𝑡 𝑊 for each nonzero edge (𝑜, 𝑖) ↓ 𝑢̃. Here,
DecodeTile in Line 2 decodes the bitmap into a compact on-chip
tile descriptor 𝑢sm, rather than reconstructing weighted tile values.
BroadcastMask in Line 4 derives and broadcasts the edge-validity
mask from 𝑢sm to the warps, and MaskedStore in Line 8 uses this
mask to write only valid edge messages. Meanwhile, DirectLoad
in Line 5 loads source features from the current row window into
registers, and DirectGather in Line 6 gathers destination features
indexed by 𝑢̃.colIdx into registers. Finally, Compute in Line 7 per-
forms fragment-level matrix multiplication on TCs.

Overall, the execution engine makes bitmap-decoded topology
the explicit driver of data movement and computation. By sepa-
rating reusable structure from streamed features, ThunderGNN
enables predictable execution and e$cient utilization of GPU on-
chip resources for irregular graph workloads.

5 EVALUATION
5.1 Experimental Setting
Platforms andMetrics.We implement ThunderGNNwith Python
for reordering algorithm and CUDA for compute engine. It incor-
porates the PyTorch [30] library for building GNNs. We evaluate
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Table 2: GNN performance (ms) on NVIDIA A100. Bold and underline highlight the best and second-best performance, respec-
tively. The rightmost column reports the geometric mean speedup of ThunderGNN over each competing method.

Model Methods A5 AR CS CA CO PP PR PF PB RD SB Speedup

GCN

DGL 25.39 4.26 3.73 19.73 3.67 5.40 211.91 3.69 3.42 68.18 6.76 1.70→
PyG 28.70 5.53 3.36 20.30 3.46 8.99 532.04 4.49 3.79 302.47 9.59 2.40→
GraphScope 26.49 6.37 3.80 19.75 3.84 9.29 297.49 4.68 3.50 184.06 10.92 2.25→
TC-GNN 29.05 6.03 0.94 21.00 1.00 4.96 424.14 1.45 1.28 11257.88 9.89 2.03→
ThunderGNN 23.91 4.04 0.92 17.99 0.94 3.32 236.61 1.35 1.05 63.92 5.42 1.00→

GAT

DGL 64.39 15.58 11.55 38.48 11.41 12.54 989.81 11.46 11.68 647.57 47.21 2.05→
PyG 135.70 40.12 8.15 69.07 8.21 25.20 — 9.96 8.54 — 59.02 2.79→
GraphScope 89.30 35.07 8.93 54.86 8.54 19.18 — 7.98 8.51 — 62.31 2.50→
TC-GNN 109.13 33.35 2.56 39.16 2.62 17.69 2779.47 3.43 4.12 104600.84 69.51 2.68→
ThunderGNN 56.12 16.28 2.44 34.56 2.57 10.72 852.75 3.04 2.85 364.48 16.79 1.00→

ThunderGNN on NVIDIA A100 GPU with 40GB memory using
CUDA 12.8. The underlying MMA in TCs are shaped in ↙16, 16, 16∝
with FP16, which is a standard precision for GNNs. Although our
implementation targets NVIDIA A100 Tensor Cores, the reordering
and CBA abstractions are parameterized by the fragment size 𝑏 and
can be adapted to other accelerators with #xed-shape matrix units.

The reported time represents the average of 100 runs. For GNN
evaluation, we use two models: GCN [21] with 2 layers of 16 hidden
dimensions, and GAT with 4 layers of 32 hidden dimensions [33].
GAT di!ers from GCN in its message computation where the edge
features are computed before node aggregation.

Baselines. ThunderGNN is compared against several represen-
tative GNN systems. We include popular GNN frameworks such as
DGL [36] and PyG [12], both of which rely on third-party libraries
to execute graph operations on SIMT cores. We also evaluate Graph-
Scope [11], an industrial-scale graph processing framework that
supports a wide range of graph analytics and learning workloads.
In addition, we compare against TC-GNN [38], the state-of-the-art
GNN system speci#cally optimized for TCs.

At the operator level, we further evaluate ThunderGNN against
several systems designed for sparse Transformer workloads, includ-
ing Sputnik [15], VectorSparse [6], and Flash-LLM [40]. Sputnik
targets sparse computation on SIMT cores, whereas VectorSparse
and Flash-LLM are optimized for TC execution. For completeness,
we also evaluate the corresponding operators from TC-GNN and
DGL. We omit SMaT [28] from the comparison due to its substan-
tially lower performance relative to the other baselines.

Datasets.We test a diverse set of graph datasets, sourced from
previous GNN research, all of which can be readily accessed via
DGL or PyG’s dataloader. They represent real-world graphs from
various domains, including citation networks, biological networks,
social networks, and co-purchase networks. Detailed information
on the datasets is provided in Table 5. These datasets are #rstly
converted to CBA format o%ine, and then loaded into GPUmemory
for ThunderGNN to reuse across various tasks.

5.2 GNN Benchmarks
Table 2 reports the per-epoch training time of ThunderGNN and 4
representative GNN systems (DGL, PyG, GraphScope and TC-GNN)
on an NVIDIA A100 GPU across a diverse set of graph datasets.

Table 5: Graph datasets for evaluation

Graph Abbr. 𝐿 𝑕 𝑀 Dim.

amazon0505 A5 410,236 4,878,874 11.89 96
artist AR 50,515 1,638,396 32.43 100
citeseer CS 3,327 9,228 2.77 3,703
com-amazon CA 334,863 1,851,744 5.53 96
cora CO 2,708 10,556 3.90 1,433
ppi PP 56,944 818,716 14.38 50
products PR 2,449,029 123,718,152 50.52 100
PROTEINS_full PF 43,466 162,088 3.73 29
pubmed PB 19,717 88,651 4.50 500
reddit RD 232,965 114,615,892 491.99 602
soc-BlogCatalog SB 88,784 2,093,195 23.58 128

ThunderGNN consistently delivers the best or second-best perfor-
mance for both GCN and GAT, and achieves the fastest runtime on
nearly all dataset–model combinations. Overall, competing systems
are slower than ThunderGNN by geometric mean factors ranging
from 1.70→ to 2.40→ for GCN, and from 2.05→ to 2.79→ for GAT.

ThunderGNN exhibits larger performance gains for GAT than
for GCN due to di!erences in their computational pattern. GCN pri-
marily consists of node aggregations, whereas GAT additionally per-
forms message computation to generate edge-wise attention scores.
Message computation incurs higher memory tra$c than node ag-
gregation because it requires accessing and updating both node and
edge features, and is more sensitive to graph sparsity. Moreover,
GAT contains more computational stages than GCN, increasing
the overall workload per layer. These characteristics amplify the
bene#ts of ThunderGNN, leading to larger speedups for GAT.

Among the baselines, DGL generally achieves the second-best
performance. This is largely attributed to its reliance on highly
optimized SIMT-based sparse operators from the cuSPARSE [9]
library. GraphScope and PyG consistently underperforms due to
their reliance on pytorch’s scatter–gather primitives for graph op-
erations, which introduce substantial overhead. Furthermore, both
PyG and GraphScope do not scale to large graphs such as products
(PR) and reddit (RD), where it encounters out-of-memory errors
when running GAT.
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Figure 6: ThunderGNN’s speedup over competing methods.

TC-GNN performs competitively on small graphs with low av-
erage degree, such as cora (CO) and citeseer (CS). However, its
performance degrades substantially on larger graphs and on graphs
with high-degree vertices. In particular, for RD with average de-
gree 𝑄 = 491.99, TC-GNN is two to three orders of magnitude
slower than the other systems. The poor performance of TC-GNN
on high-degree graphs stems from its ine$cient memory layout,
which requires loading numerous local and global column indices
per tile. This results in excessive memory tra$c and poor memory
coalescing, signi#cantly limiting achievable performance.

5.3 Graph Operation Benchmarks
Fig. 6 compares ThunderGNN against TC-GNN, DGL, and three
sparse computation libraries originally designed for Transformer-
style models: Sputnik [15], VectorSparse [6], and Flash-LLM [40].
Both DGL and Sputnik only utilzes CUDA cores; both VectorSparse
and Flash-LLM leverage TCs. The evaluation focuses on the two
graph operations: node aggregation, which is common to both
GNNs and sparse Transformer models, and edge computation,
which is critical for attention-based GNNs such as GAT.

Node Aggregation. ThunderGNN consistently outperforms
all baselines across all graph datasets, achieving geometric mean
speedups of 4.24→, 4.83→, 1.25→, 8.99→, and 3.17→ over TC-GNN,
DGL, Sputnik, VectorSparse, and Flash-LLM, respectively. VectorSparse
delivers the weakest performance, as it is speci#cally designed for
structured sparsity with moderate sparsity levels (50%–90%). When
applied to highly sparse and irregular graphs (around 99% sparsity),
its vectorized execution becomes ine$cient. Sputnik performs bet-
ter under high sparsity by regularizing memory access for SIMT, but
remains slower than ThunderGNN. The performance of DGL is pri-
marily limited by its partitioning-related pre-processing overhead.
TC-GNN performs competitively on small graphs but experiences
signi#cant slowdowns as graph size increases. Flash-LLM fails to
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Figure 7: Compute utilization and memory e"ciency of TC-
based systems.

process medium and large graphs due to prohibitively long pre-
processing time (exceeding 30 minutes for ama), and thus does not
scale to realistic GNN workloads.

Edge Computation. ThunderGNN further widens its perfor-
mance advantage for edge computation, achieving geometric mean
speedups of 8.89→, 10.42→, 59.49→, and 473.80→ over TC-GNN, DGL,
Sputnik, and VectorSparse, respectively. This substantial improve-
ment directly enables ThunderGNN to achieve the fastest end-to-
end training performance for GAT models, as shown in Section 5.2.
Both Sputnik and VectorSparse exhibit severe performance degra-
dation on this operation. This is properly attributed to their compat-
ibility issue in CUDA versions (from 10.1 to 12.8) and architecture
shift (from Volta to Ampere). Flash-LLM does not provide operator
for edge computation and is therefore excluded from comparison.

5.4 Resolving the Data-Hardware Con#ict
In this section, we demonstrate the e!ectiveness of ThunderGNN
in resolving the fundamental con"ict between hardware-aligned
execution and extreme sparsity. Unlike prior works that sacri#ce
one for the other, ThunderGNN bridges this gap through two criti-
cal dimensions: Compute Utilization and Memory E$ciency. Fig. 7
summarizes the compute utilization andmemory e$ciency of Thun-
derGNN in comparison with other TC-based systems.

Compute Utilization.We measure the compute utilization of
ThunderGNN using tile density, de#ned as the average number
of non-zero elements per tile. Higher tile density indicates more
e!ective aggregation of nonzeros within each tile, leading to bet-
ter utilization of TC compute resources and higher computational
intensity. Since di!erent TC-based systems adopt di!erent tiling
granularities, we normalize tile density to a standard 16 → 16 tile
for fair comparison.
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ThunderGNN produces substantially denser tiles than prior ap-
proaches, achieving an average of 24.40 nonzeros per tile, compared
to 17.91 for TC-GNN and only 0.31 for Flash-LLM. The improvement
over TC-GNN is primarily attributed to ThunderGNN’s similarity-
driven reordering, which co-place rows with overlapping nonzero
patterns and concentrates sparsity into TC-aligned tiles.

In contrast, Flash-LLM exhibits extremely low tile density due to
its coarse-grained tiling strategy. Flash-LLM operates on 256 → 64
tiles, each spanning 32 underlying 16→16 TC tiles. Because nonzeros
are distributed across the large tile without #ne-grained compaction,
most individual TC tiles remain empty or nearly empty, resulting
in severe underutilization of TC compute resources.

Memory E"ciency. We evaluate the memory e$ciency of
ThunderGNN using memory footprint, de#ned as the ratio of the
memory consumption of a given representation to that of DGL. DGL
serves as a highly memory-e$cient baseline by executing GNN
operations on SIMT cores without introducing additional metadata.
A lower memory footprint indicates a more compact representation
with reduced metadata and index storage, which lowers memory
tra$c and improves overall performance.

ThunderGNN maintains a near-DGL memory footprint (1.11→),
indicating that it preserves much of DGL’s memory e$ciency
despite introducing TC-oriented optimizations. In contrast, TC-
GNN nearly doubles memory usage (1.94→). This gap highlights the
ine$ciency of TC-GNN’, which introduces substantial metadata
and index overhead to enforce #xed-size TC execution. Flash-LLM
achieves a slightly lower memory footprint than DGL (0.97→); how-
ever, this reduction comes at the cost of extremely sparse tiles,
which severely limit compute utilization and reduce its e!ective-
ness for graph workloads.

Overall, ThunderGNN resolves the fundamental hardware–data
con"ict in TC-based GNN execution by jointly optimizing tile den-
sity and memory e$ciency. It substantially increases tile density
to better utilize TCs while preserving a memory footprint close
to DGL, avoiding the memory expansion that typically accompa-
nies TC-oriented designs. This balance enables high performance
on sparse and irregular graph workloads and distinguishes Thun-
derGNN from existing TC-based approaches that optimize compute
or memory in isolation.

5.5 Cache Utilization
A key contributor to ThunderGNN’s performance is its high cache
utilization, faciliated by its cache-aware execution engine. As shown
in Fig. 8, ThunderGNN consistently achieves higher cache hit rates
than both DGL and TC-GNN at the L1 and L2 levels for node ag-
gregation and edge computation. Averaged across datasets, Thun-
derGNN attains a cache hit rate of approximately 90%, compared
to 52% for DGL and 64% for TC-GNN.

TC-GNN su!ers from frequent cache misses, particularly on
high-degree graphs. For example, on reddit, ThunderGNN achieves
an L1 cache hit rate of 94.02%, while TC-GNN attains only 25.61%.
This gap is largely due to TC-GNN’s unnecessary caching of dense
matrices in shared memory, which increases cache pressure. In addi-
tion, the high-degree structure of reddit leads to irregular memory
access patterns, further exacerbating cache ine$ciency.
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Figure 8: L1 and L2 cache hit rates of ThunderGNN and com-
peting systems.
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Figure 9: Normalized performance of ThunderGNN without
individual optimization components.

ThunderGNNmitigates these issues by avoiding redundant caching
of dense matrices in shared memory and instead loading them di-
rectly into registers, improving L1 cache e$ciency. At the L2 level,
graph data within the same tile are stored contiguously in memory,
increasing spatial locality. Together, these design choices substan-
tially improve utilization of the GPU memory hierarchy, enabling
higher throughput for graph workloads.

5.6 Ablation Study
We conduct an ablation study to quantify the contribution of key
optimization components in ThunderGNN, including graph re-
ordering, graph condensing, binarization, adaptive tiling, and direct
register loading. Each variant disables a single component and is
compared against the fully optimized implementation.

Fig. 9 shows the performance impact of removing individual
components. Removing binarization results in the largest degrada-
tion, with a 51% performance drop, highlighting its dominant role
in reducing data footprint and simplifying GPU processing. This
bene#t is consistent across datasets, indicating that binarization is
a critical optimization for irregular graph workloads.
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Figure 10: SpMM kernel on a pruned weight matrix from
OPT-30B. Grey and orange areas indicate typical sparsity of
LLMs and GNNs, respectively. cuBLAS is the dense kernel.

Disabling graph condensing leads to a 31% performance reduction,
as more tiles must be processed without eliminating empty or low-
utilization regions. Adaptive tiling contributes a 22% performance
improvement by adapting tile shapes to graph structure. Removing
it increases execution overhead due to suboptimal tile granularity.

Graph reordering yields a 15% performance gain by improving
data locality and access regularity. It yields substantially higher
gains on large and highly irregular graphs (up to 31% on reddit),
but provides limited bene#t on smaller graphs (about 2% on cite-
seer). Finally, removing direct register loading and falling back to
shared memory incurs a 10% performance loss, re"ecting additional
memory tra$c and synchronization overhead.

Overall, the ablation results show that ThunderGNN’s perfor-
mance gains arise from the combined e!ect of multiple complemen-
tary optimizations, with binarization and graph condensing provid-
ing the largest bene#ts. In addition, reordering, adaptive tiling, and
cache-awareness o!er substantial incremental improvements.

5.7 Application to Sparse LLMs
The pruning of LLM is a common practice to reduce the model size
and improve the inference speed by converting the dense weight
matrices into unstructured sparsematrices [40].We extract a weight
matrix size 7168 → 7168 from OPT-30B [44] and prune it with vary-
ing sparsity levels following Flash-LLM [40]. As plotted in Fig. 10,
ThunderGNN’ SpMM is compared with NVIDIA cuSPARSE’s SpMM
and cuBLAS’s dense kernel [8].

Graphs often contains millions of nodes, whereas weight matri-
ces in LLMs are much smaller in dimension (e.g., 7K → 7K). LLM
weight matrices also exhibit only moderate sparsity (e.g., 60–90%) to
balance accuracy and performance [40]. In this sparsity regime and
dimension, cuBLAS’s dense kernel outperforms sparse alternatives.
ThunderGNN begins to outperform cuBLAS when sparsity exceeds
95%, and its advantage increases with sparsity, reaching an 88.37→
speedup at 99.999% sparsity. cuSPARSE performs the worst in this
setting due to substantial preprocessing overhead on small matrices.
Although accelerating LLM workloads is beyond the scope of this
paper, this analysis clari#es ThunderGNN’s applicability: it is most
e!ective for graph workloads with high sparsity and less suitable
for the moderate sparsity levels (<90%) typical of LLMs.

6 RELATEDWORK
Graph Partitioning. Graph partitioning has been widely studied
as a fundamental technique for improving the scalability and lo-
cality of graph analytics and GNN training [20, 32, 34]. Classical
partitioners such as METIS [20] aim to minimize edge cuts while
balancing the number of vertices across partitions. Streaming par-
titioners, such as Fennel [34], reduce preprocessing overhead by
assigning vertices online according to locality-aware objectives. In
distributed GNN systems, partitioning is commonly used to reduce
cross-machine communication [26, 47]. Cluster-GCN [7] constructs
mini-batches by partitioning the graph into clusters, where each
batch corresponds to one or several subgraphs, thereby reducing
neighborhood expansion during training. Unlike these partitioning
methods, ThunderGNN is explicitly designed for TCs, bridging the
gap between irregular GNN sparsity and TC-friendly execution.

Graph Condensation. Graph condensation aims to compress
a large training graph into a much smaller representative graph
while preserving model accuracy [18, 25, 48]. Early methods such
as GCond [18] optimize synthetic node features and labels so that
GNNs trained on the condensed graph can achieve comparable
performance to those trained on the original graph. Subsequent
work further considers structure learning, trajectory matching, and
distribution matching to improve condensation quality and scala-
bility [25, 48]. By reducing the number of nodes and edges, graph
condensation can substantially lower training cost andmemory con-
sumption. In contrast, ThunderGNN does not modify the graph or
approximate the learning problem. It accelerates the sparse graph
operators on GPUs and can also be applied to the execution of
condensed graphs.

Graph Sampling. Sampling is an important direction for scaling
GNN training [4, 5, 16, 49]. GraphSAGE [16] samples a #xed number
of neighbors for each target node, reducing the exponential growth
of computation across GNN layers. FastGCN [4] interprets graph
convolution as an integral transformation and performs layer-wise
sampling to reduce training complexity. LADIES [49] improves
sampling quality by selecting layer-dependent nodes, while Graph-
SAINT [43] samples subgraphs to preserve local graph structures
during mini-batch training. ThunderGNN is complementary to
sampling-based GNN, since the aggregation over sampled neigh-
bor subgraphs is still executed as sparse operators such as SpMM,
which ThunderGNN is designed to accelerate.

7 CONCLUSION
In this paper, we present ThunderGNN, a framework optimized to
leverage TCs for GNN. We introduce three levels of optimizations:
(1) a reordering algorithm inducing local density for sparse graphs
(2) a condensed, binarized graph representation to reduce memory
footprint, and (3) a cache-aware execution engine that e$ciently
streams tiles directly into TCs. Evaluations show ThunderGNN
consistently outperforms state-of-the-art works in GNN execution
and graph operations. Future work will expand ThunderGNN to
support more GNN models and integrate with distributed GNNs.
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