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Abstract—Heterophilic graphs are common in many real-
world applications such as protein-protein interaction networks,
where connected nodes often have dissimilar features. Tradi-
tional Graph Neural Networks (GNNs) operate exclusively on
immediate neighbors and extend the receptive field through
layer expansion, failing to capture crucial distant relationships
and structural information due to the over-smoothing prob-
lem. Recent theoretical developments of higher-order GNNs are
shifting towards K-hop feature aggregation, where each vertex
can simultaneously aggregate information from distant vertices
across several hops. Despite their theoretical promise, higher-
order GNNs suffer from significant memory bottlenecks and can
be up to 100x slower than traditional GNNs. This inefficiency
arises primarily from (1) the requirement to maintain separate
adjacency matrices for different hop distances (i.e., powers of
the adjacency matrix), and (2) redundant computation and
memory accesses caused by overlapping paths during multi-hop
aggregation.

In this paper, we propose a clique-centric accelerator design,
called MOSAIC, that aims to decouple the computation and
memory overheads of K-hop aggregation from the expanded
receptive field. Our key observation is that clique graphs are
the primitive components that capture the overlapping paths of
distant feature aggregations. Based on the clique structure, we
develop a framework to accelerate higher-order GNNs, achieving
performance and latency comparable to traditional GNN models.
First, we propose a clique-centric dataflow to eliminate the
redundant computation and memory access caused by path
overlapping due to simultaneous node aggregations with distinct
distances. Second, we propose a K-hop degree partitioning
algorithm that can incorporate the degree information of the
extended receptive field with a balanced workload. Third, we
propose a new data representation that can encode the graph
connectivity of nodes with different distances, eliminating the
need for separate adjacency matrices. Lastly, we propose a novel
accelerator architecture to enable clique reuse as opposed to
recomputing feature aggregation during concurrent aggregations.
Our simulation results show an average speedup of 7.67x, 6.73 %,
and 4.88x over I-GCN [1], Betty [2], and ReGNN [3] for higher-
order GNNs, respectively. Meanwhile, MOSAIC achieves energy
reduction by 51.78%, 52.53%, and 56.84% on average compared
with the baselines.

Index Terms—Higher-order GNN, heterophilic graph learning,
multi-hop aggregation, accelerator.

I. INTRODUCTION

Graph Neural Networks (GNNs) [4]-[9] have been widely
used to learn the relationships between entities in many appli-
cation domains, such as social networks [10], [11], biological

Ahmed Louri Hao Zheng
George Washington University University of Central Florida
Washington, DC, USA Orlando, FL, USA
louri@email.gwu.edu hao.zheng @ucf.edu

Eviksil

Layer 0

mgj ; -
Overlapped

Layer2 LayerO
(a) Deep GNNs (b) Higher-order GNNs

H\gher
order
edge”

Layer 1 Layer 1

Layer 1 Layer 2 Layer 3

(c) Graph traversal from red node in higher-order GNN

Fig. 1. Comparison of (a) Deep GNNs and (b) Higher-order GNNs with
3-hop. (¢) The graph traversal path (e.g., feature aggregation) from the red
node, where the darker color indicates traversed nodes.

networks [12]-[14], communication networks [15], [16], rec-
ommendation systems [17], [18], among many others. Existing
GNNs typically perform message passing in a layer-wise
fashion, aggregating information from immediate neighbors at
each layer as shown in Figure 1(a). However, layer-wise fea-
ture aggregation is inefficient in capturing structural informa-
tion in heterophilic graphs [19]-[21], where connected nodes
often exhibit dissimilarity. The heterophilic nature of graphs is
frequently observed in biological networks, particularly in the
domain of molecular biology [22]-[25]. Consequently, recent
theoretical development [26], [27] has been shifting towards
higher-order GNNs to enable distant feature aggregation, such
as MixHop [26], where vertex features from multiple hops are
simultaneously concatenated to distinguish vertex similarity,
as shown in Figure 1(b). The K-hop aggregation significantly
enlarges the receptive field, covering a substantial number of
nodes as shown in Figure 1(c). This leads to up to 100x
slowdown in execution time compared to traditional multi-
layer GNN models [28]-[30].

The significant performance overhead of higher-order GNNs
arises from aggregating features from distant nodes simul-
taneously, which is called K-hop aggregation. This requires
using powers of the adjacency matrices to capture higher-
order graph connectivity, resulting in considerable path overlap
during aggregation. Traditional deep GNNs expand the recep-
tive field through layer expansion, where embedding features
are propagated from hop to hop. While layer-wise expansion
is efficient for recommendation and security systems [28]
(e.g., Pinterest PinSage [31], JPMorgan Chase JEL [32]), the
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Fig. 2. An example of a heterophilic graph, traditional single-layer GNNs, and higher-order GNNs.

over-smoothing issue can make distant graph structure in-
distinguishable. While prior work [33]-[40] has attempted to
optimize the performance of deep GNNs with layer expansion,
the computational challenges of higher-order GNNs remain
relatively under-explored. For example, traditional GNNs only
need one-hop connectivity information to aggregate features
from immediate neighbors (e.g., adjacency matrix). PyG [33]
and its variants [34], [41] implement higher-order GNNs by
leveraging powers of the adjacency matrices to capture higher-
degree graph connectivity, leading to additional computation
and memory overheads.

Moreover, prior works [1]-[3], [42]-[44] exploit various
graph theories to eliminate redundant feature aggregations or
to regularize the adjacency matrix, optimizing GNN perfor-
mance and memory efficiency. However, most of them assume
that nodes aggregate features only from their immediate neigh-
bors, while higher-order GNNs expand the receptive field by
incorporating information from distant nodes. For example,
GNNAdvisor [43] requires pre-processing to reorder the adja-
cency matrix to regularize sparse-dense matrix multiplication
(SpMM) [45], [46]. Similarly, I-GCN [1] utilizes a breadth-
first search strategy to uncover dense graph connectivity, aim-
ing to enhance the computational regularity of the adjacency
matrix. ReGNN [3], on the other hand, introduces a dynamic
message-passing mechanism that eliminates redundancy in
neighborhoods to reduce unnecessary computation during fea-
ture aggregation from directly connected nodes. Redundant
computations and memory accesses caused by substantial
path overlap in K-hop aggregation have yet to be thoroughly
explored and addressed.

In this paper, we aim to identify redundant computation
and memory access in higher-order graph neural networks.
We observe that the clique structure is the primitive graph
component that can encode the possible path-overlapping
redundancy in higher-order graph neural networks. Reusing
the clique structure can fundamentally eliminate redundant
computation and memory access in K-hop aggregation. Upon
this key insight, we propose a clique-centric accelerator design.

This paper makes the following contributions:

¢ Clique-Centric Computation for K-hop Aggregation:

We propose a clique-centric computation to address re-
dundant computation and memory access in higher-order
GNNs. The proposed algorithm operates on the clique
structure as opposed to traditional vertex-centric GNNs.
« Dataflow Optimization for Higher-order GNNs: We
propose a clique-centric dataflow optimization to paral-
lelize higher-order GNNs. Specifically, we propose a K-

hop graph traversal algorithm that can evenly partition the
raw graph data based on K-hop degree and clique count,
which can balance the computation of K-hop aggregation.
In addition, we propose a new dataflow optimization that
can minimize off-chip memory access for the proposed
clique-centric computation.

o Novel Accelerator Architecture with KV Cache for
Clique Reuse: We propose a novel accelerator archi-
tecture for higher-order GNNs to support the reuse of
graph cliques, eliminating redundant computations for
both neighborhood and path-overlapping aggregations.
We further propose a K-order list that eliminates the need
for storing the powers of graph adjacency matrices while
encoding the path-overlapping redundancy information.
Lastly, the proposed PE architecture enables in-unit ag-
gregation and update phases that can significantly reduce
the memory access for intermediate data.

Our simulation results show an average speedup of 7.67x,
6.73%, and 4.88x over I-GCN [1], Betty [2], and ReGNN [3]
in terms of support for higher-order GNNSs, respectively.
Meanwhile, MOSAIC achieves energy reduction by 51.78%,
52.53%, and 56.84% compared with baselines.

II. BACKGROUND
A. Heterophilic Graph

Graphs are widely used to express the relationship between
entities, which can be categorized into two types: heterophilic
graphs (where similar nodes are not directly connected but
may be linked through longer paths) and homophilic graphs
(where connected nodes tend to have similar attributes or
belong to the same class). For example, in homophilic graphs
such as citation networks and social networks, authors who
cite similar papers or friends with shared interests tend to
form tightly knit communities. Conversely, many real-world
graphs display heterophily [19], [21], as seen in biological
networks, where proteins with similar functions may not
interact directly but can affect each other through multi-step
biochemical pathways. For example, as shown in Figure 2(a),
node 4, which shares the same class as node 1, is a 2-hop
neighbor rather than an immediate neighbor. The heterophilic
graphs introduce new challenges for graph neural networks.

B. Graph Neural Networks

Graph Neural Networks (GNNs) [47]-[49] have emerged
as a promising model for extracting knowledge from graph
data. GNN models are composed of multiple layers, each
of which consists of the aggregation and update phases.



TABLE I
SUMMARY OF HIGHER-ORDER GNN APPLICATIONS, MODELS, HOP
SETTINGS, AND TYPICAL GRAPH DENSITY.

Application Domain Higher-Order GNN Model # Hops (K) Graph Density

Node Classification MixHop [26]; H2GCN [52]; FSGNN [53] K =24 10-7-102
Fraud/Anomaly Detection SEC-GFD [54]; H2GCN [52] K =26 10-°-10—2
Drug-Drug Interaction (DDI) GNN-DDI [55] K=5 10722101
Traffic Flow Forecasting HopFormer [56]; SST-GNN [57] K =2-3 1073-1072
Knowledge Graph Reasoning ~ GCN-JK / GAT-JK [58]; MAGNA [59] K =26 1073-1072
Molecular Property Prediction MPNN [60] K=2-5 1072-10"!

GNNs commonly employ a message-passing approach [50]
to exchange vertex and edge features, followed by neural
network operations. For example, as shown in Figure 2(b),
given a graph G = (V, E) and in layer [, the definition of
the message-passing mechanism of GNNs in the aggregation
phase is formulated as follows:

M) = AGGREGATE(LY, Yu € N (v)) )

where the Aggregate function aggregates multiple feature
vectors from v’s neighbors (N (v)) hidden embeddings AP
correspond to each node u € N (v) to “message” M/(\lf)(u).
The update phase in each GNN layer can be formulated as:

RS = UPDATE(h,, MY ) @)

where Mﬁ\lf)(v) is based on its aggregated neighborhood
information. The Update function combines aggregated fea-
tures with the prior embeddin hg,l) of node v to produce
the refreshed embedding hE,lH . Despite rapid advancement
in GNNs, current models are mostly optimized for homophilic
graphs such as social networks, where their receptive field is
extended through layer expansion. However, multi-layer GNNs
are unable to preserve the global structural information of
heterophilic graphs due to over-smoothing [51].

C. Higher-order Graph Neural Networks

Higher-order GNNs [7], [26], [27], [58], [59], [61], [62],
such as MixHop [26] and Multi-hop Attention Graph Neural
Network (MAGNA) [59], extend the aggregation range of tra-
ditional multi-layer GNNSs to capture long-distance neighbors
(i.e., K-hop aggregation), making GNNs suitable for learning
on heterophilic graphs. By incorporating information from
distant neighbors, higher-order GNNs can better capture the
global structure of the graph and enhance the learning of
meaningful node representations [52], [63], [64].

Higher-order GNNs aggregate features from distant nodes,
as illustrated in Figure 2(c). While higher-order GNNs share
similarities with traditional GNNs in the update phase, they
perform separate aggregation and update operations for each
hop [65]. Given the same graph G(V, E), the definition of the
aggregation phase is as follows:

M) () = AGGREGATE({hl,, Yu € Nj,(v)}) 3)

here, NV (v) are K-hop neighbors of vertex v and Mj\l[)k(v) is
the aggregated vertex features in hop k. h!, denotes the distant
vertex in hop k. However, higher-order GNNs need the powers
of adjacency matrices to represent the graph connectivity
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of vertices at different distances, leading to memory and
computation overhead, as shown in Figure 3(b). Furthermore,
as shown in Figure 3(a), the severe workload imbalance across
different hops hinders parallel execution, introducing poor
performance and computation resource waste.

After the aggregation, the definition of the final output with
vertex update is represented as:

+1 l
hI*Y = MERGEK (UPDATE(hf”MJ(V)k (U))) “

The outputs from each K-hop neighborhood aggregation
and update are merged by Merge functions. For example,
MixHop GNN uses the concat function to concatenate outputs,
while Column Networks [66] interpolate the neighborhood
representation and the node’s previous representation.
Higher-order GNN Applications. Satisfying higher-order
GNN requirements typically necessitates extending the re-
ceptive field to X' = 2-4 hops on average across appli-
cation domains. Table I summarizes the applications and
required receptive field of higher-order GNN models. For
example, extending the receptive field in fraud detection
tasks [54] reflects deep fraudulent camouflage via multi-hop
paths. Multi-hop MPNN [60] captures bond-ring structures
(e.g., detecting 6-membered rings requires at least K = 3) in
molecular property and ADMET prediction tasks. Knowledge
graph reasoning [59] traverses deeper neighbor relationships
to construct more coherent and logically grounded results.
Furthermore, graphs used in higher-order GNN workloads
are typically sparse. Among commonly used benchmarks,
DDI graphs can reach densities of approximately 1.4 x 1071,
representing one of the densest higher-order GNN workloads
reported in the literature [67].

D. Challenges of Higher-order GNNs

Even though higher-order GNNs [52], [63], [64] are capable
of learning from heterophilic graphs by explicitly aggregating
features beyond immediate neighbors, they introduce several
distinct computational challenges.

1) Feature Aggregation Redundancy: Redundant aggrega-
tion is a common issue in traditional GNNs due to graph
connectivity, as shown in Figure 4. Prior works [1], [3] mainly
focus on eliminating redundant computations when aggregat-
ing immediate neighbors. Such redundant computations result
from the mutually shared neighbors between vertices, which
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we call neighborhood redundancy. However, the traversal paths
to distant nodes significantly overlap in K-hop aggregation,
which contributes up to 99% redundant computations in the
aggregation phase.

Neighborhood redundancy occurs when multiple source
nodes share common neighbors. For instance, as shown in
Figure 4(b), a pair of nodes, V; and V3, are directly connected
to both V4 and V5. In traditional GNNs, nodes V; and
Vo receive identical aggregation results due to this shared
neighborhood. Recent research [1]-[3] has addressed neigh-
borhood redundancy by identifying commonly shared neighbor
pairs or densely connected graph components. For exam-
ple, ReGNN [3] introduces a redundancy-free neighborhood
message-passing scheme by identifying and aggregating mu-
tually shared node pairs prior to each hop aggregation phase.
Similarly, I-GCN [1] reorganizes the adjacency matrix by
clustering strongly connected nodes into localized “islands”.
However, both methods are limited to aggregation between
immediate neighbors.

Path-overlapping redundancy is unique to higher-order
GNNs where aggregation paths to distant nodes often exhibit
significant overlap. For example, as shown in Figure 4(a),
when node Vj operates 3-hop feature aggregation (i.e., simul-
taneously fetching features from nodes located at 1-, 2-, and 3-
hop distances), node V) is located in all the aggregation paths,
as illustrated on top of the cyclic subgraph. As depicted in
Figure 4(c), V) redundantly aggregates the same set of vertices
(e.g., Vo, V1, Vi) in 3-hop aggregations.

In contrast to neighborhood redundancy, path overlap dur-
ing K-hop aggregation arises from cyclic structures. When
traversing a cyclic graph from a common source node, paths
may repeatedly visit the same nodes. As such, during K-
hop aggregation - where each vertex gathers features from
nodes that are K-hop away - these traversal paths often
overlap significantly. Figure 4(d) illustrates that any node
in the clique could reach all nodes (including itself) within
any hop distance, indicating that the aggregation results of
cliques could be reused persistently. This motivates us to
identify cliques as primitive components to avoid redundant
aggregation in higher-order GNNss.

III. PROPOSED ALGORITHMIC OPTIMIZATION

Despite significant efforts [1], [43], [44], higher-order ag-
gregation introduces new challenges in workload partitioning,
dataflow, and redundancy elimination. For example, vertex or
edge counts are typically used to balance the aggregation
and update phases of traditional GNNs. However, simply
counting edge or vertex numbers is unable to capture the
workload of aggregating features from distant nodes due to
path-overlapping redundancy and varying higher-order graph
connectivity. Furthermore, traditional GNNSs rely on reordering
the adjacency matrix or mutating loop orders to reduce mem-
ory access. However, higher-order GNNs require the powers of
adjacency matrices, where the graph connectivity and density
vary significantly when the receptive field extends. Conse-
quently, prior studies focused primarily on 1-hop aggregation
offer limited insights for optimizing memory access in K-hop
aggregation.

A. Clique-centric Algorithm to Eliminate K-hop Redundancy

Currently, higher-order GNNs are implemented in PyG [33]
and DGL [41] using both sequential and parallel models,
where adjacency matrix powers are computed in proportion
to the receptive field distance. The separate representations of
higher-order graph connectivity overlook the path-overlapping
information. The path-overlapping redundancy of K-hop ag-
gregation is mainly caused by the cyclic graph connectivity,
in which the chained vertices form redundant inclusion of each
other in long-distance graph traversal. This is evidenced by the
increased density in the higher powers of the adjacency matrix,
as shown in Figure 3. A clique in a graph is a subset of its
vertices such that every two distinct vertices are connected
by an edge, forming a complete graph. Each vertex needs to
traverse all connected vertices, and therefore, all vertices share
the same K-hop traversal paths. Such a complete graph struc-
ture not only causes path-overlapping but also neighborhood
redundancy. Based on our preliminary results illustrated in
Figure 5(a), path-overlapping and neighborhood redundancy
contribute to 95.19% of the total K-hop aggregation across
different datasets on average.

We aim to identify the clique structure to eliminate redun-
dant computation and memory access for K-hop aggregation.
However, a clique can consist of any number of vertices, and
determining the maximum number of cliques [68] in a graph
is known to be an NP-hard problem, which can increase the
search time exponentially. Therefore, we repurpose the well-
known triangle detection algorithms [69], where finding a 3-
clique only requires polynomial time. In addition, a 3-clique is
the primitive component of any clique structure. For example,
as shown in Figure 5(b), 3-cliques make up 74.11% of the total
number of 3-, 4-, and 5-cliques combined. Theoretically, each
3-clique structure only needs to be computed once, and its in-
termediate results (IR) can be used for any connected vertices.
For instance, as illustrated in Figure 5(c), (Vo, V1, V2) forms a
3-clique, and the aggregated results can be reused to eliminate
both neighborhood and path-overlapping redundancy.
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Clique-centric Computation for Higher-order GNN. Un-
like traditional GNNS, directly pursuing edge- or node-centric
parallelism could lead to redundant computations in higher-
order GNNs due to path overlapping. However, the node
dependency within each clique structure in turn affects the
parallelism. For example, as shown in Figure 6, one node
generates the intermediate representation (IR), while the others
in the clique must wait to reuse the result.

To address this issue, we propose a clique-centric dataflow
for higher-order GNNs. The key idea is prioritizing the
execution of nodes belonging to cliques, while staggering
the processing of nodes within the same clique to avoid
redundancy. This ensures that intermediate aggregation results
are reused efficiently, eliminating redundant computations. In
other words, each clique is the primitive structure for K-
hop aggregation, which only needs to be calculated once. For
example, as shown in Figure 6(c), a 3-clique, including nodes
Vb, V1, and Vs, is scheduled for K-hop aggregation following
the graph traversal sequence (which we will discuss in the next
section). We will start processing the 1-hop aggregation for 1}
to obtain the aggregated results of Vj, V1, and V5. Afterward,
the K-hop aggregations of all nodes Vj, Vi, and V5 can be
executed in parallel.

K-order List. The next problem is the data representation
of the graphs and the compression format. Conventional GNNs
use an adjacency matrix to represent one-hop graph connec-
tivity, which is stored in a sparse format such as a compressed

Algorithm 1: 3-clique Listing with K-hop BFS
Input : Graph: G = (V, E); Number of Execution Hops: k
Output: 3-cliques: C; K-hop Degree: D
1 C <+ 0, D« zeros(|V]) ;
2 forv eV do
3 visited < set(), queue < Queue(),
queue.push((v,0)) ;

4 one_hop <[] // Collect 1-hop neighbors of v
5 while queue is not empty do

6 (node, depth) + queue.pop() ;

7 if node € visited or depth > K then

8 | continue

9 visited.add(node);

D[v]+ =1 // Update degree for node v
if depth == 1 then
// Check 3-clique
one_hop.add(node) ;
for u € one_hop do
if node € N(u) then
C + CU{(v,u,node)} ;
one_hop.remove(node, u) ;
for neighbor € N(node) and neighbor ¢ visited
do
19 | queue.push((neighbor, depth + 1)) ;
20 return C, D

sparse row (CSR) [70]. However, the traditional adjacency
matrix is unable to encode higher-order graph connectivity and
redundancy information. For example, computing the pow-
ers of the adjacency matrix incurs prohibitive storage costs.
To solve this problem, we propose a K-order list structure
for higher-order GNNs, which incorporates both higher-order
graph connectivity (i.e., K-hop lists without clique nodes) and
clique structures (i.e., an IR list). The proposed K-order list for
each vertex includes its K-hop neighboring nodes and detected
cliques. For instance, as illustrated in Figure 6(b), V{, has 1-
hop, 2-hop, and 3-hop lists to store non-clique nodes (the
nodes not in the IR list), where the 1-hop list is Null, as well
as an IR list to store clique nodes.

K-hop Breadth-first Traversal for 3-clique Search and
K-order List. As mentioned, both neighborhood and path-
overlapping redundancy can be efficiently eliminated by the
3-clique structure and the K-order list. However, it is com-
putationally prohibitive to acquire cliques and generate the
K-order list by computing multiple powers of the adjacency
matrix. As such, we propose a K-hop breadth-first traversal
(BFS) algorithm, as illustrated in Algorithm 1. The purpose
of K-hop BFS is twofold: identifying 3-cliques (Figure 6(a))
and retrieving the K-order list (Figure 6(b)). Specifically, node
Vo first traverses its neighbors within k hops, such as 1-hop
neighbors (V1 and V4), to construct a K-order list. Simultane-



ously, the connectivity of V; and V5 will be checked, recording
the 3-clique graphlet (Vg, Vi, V3) (Algorithm 1 Lines 11-17).
This process continues for Vj until it reaches the nodes at
3 hops away, which means V{, will not access its 4-hop
neighbor V7. To optimize triangle detection, we employ a
greedy strategy during graph traversal to heuristically maxi-
mize the total number of 3-cliques. Each node may belong to
multiple cliques, and therefore, traversal paths determine the
number of unique cliques that can be found. We reorder the
graph using 1-hop degree information, prioritizing traversal
from nodes with smaller degrees. This is due to the fact that
higher graph connectivity often results in suboptimal 3-clique
searches because of the large number of possible paths.

B. Parallelism Algorithm for Clique-centric Computation

Even though workload partitioning [71], [72] has been
well studied in GNN acceleration, existing solutions are often
optimized to evenly partition the workload (e.g., vertices or
edges) related to the input graph. For example, BGL [71]
evenly partitions vertices into contiguous memory blocks (i.e.,
chunks) to balance the vertices’ workload while simplifying
memory access patterns. On the other hand, MGG [72] aims
to partition edges evenly across graph partitions. However,
higher-order GNNs involve distant neighbors, meaning that
simply balancing vertices or edges does not necessarily ensure
balance during the aggregation or update phases. The workload
for higher-order GNNs is related to the K-hop degree, which
is defined as:

K
Dy(v) = ) [Ni(v)] )
k=1

Additionally, prior algorithms [1], [3] are tailored for one-
hop aggregation and preprocess the input graphs to capture
one-hop connectivity. As a result, adapting ReGNN and I-GCN
for K-hop aggregation necessitates iterative preprocessing to
capture higher-order graph connectivity.

We propose a clique-centric partition algorithm that is
utilized in raw graphs to explore maximum redundancy elimi-
nation while maintaining workload balance with K-hop degree.
The proposed partitioning algorithm is based on the previously
mentioned BFS algorithm, as illustrated in Figure 6. Specifi-
cally, we model this as a variant of the bin-packing problem,
where each “bin” represents a graph partition containing a set
of vertices. Unlike traditional bin packing, which minimizes
the number of bins, our approach evenly distributes the work-
load across a fixed number of partitions. The total number
of bins corresponds to the number of workload partitions, and
each bin’s capacity is determined by dividing the total number
of vertices by the number of partitions. For example, when 1
traverses its 1-hop neighbors V; and V5, the K-hop degree of
Vo can be obtained. Subsequently, the clique-centric partition
algorithm creates workload-balanced task groups in 2 steps.
Firstly, as illustrated in Algorithm 2 (Lines 13-15), triangles
will be assigned to different bins, where each triangle has a
similar K-hop degree. For example, as shown in Figure 6(d),
the 3-clique (Vp, Vi, V3) is assigned to the same bin. Similarly,

Algorithm 2: Clique-centric Parallelism Optimization

: Graph: G = (V, E); Number of Partitions: N;
Number of Execution Hops: k; Degrees of K-hop:
D; 3-cliques: C
Output: Workload Partitions: T°

1 Vavg < |V|/N, R_v+ |V|mod N, T « {,

Cap + >, ¢y De(v)/N;
2 Function FindBestFit(Dynodes, T, Vavg, Rv, Cap)

Input

3 best_place <— None, min_wl_dif < oo;

4 for T,, € T do

5 if (|Tn| < Vawg) or (|Tn| = Vavg and R, > 0) then
6 wl_dif < Capp, — |T.D| — Dnodes;

7 if wl_dif > 0 and wl_dif < min_wl_dif then

8 | best_place <— n, min_wl_dif < wl_dif;

9 if best_place = None then

10 | best_place +— argmin, (7,.D);
11 return best_place;

12 // Step 1: Assign 3-cliques to Partitions

13 for (u,v,w) € C do

14 best_place <— FindBestFit(Dy,v,w, T, Vavg, R, Cap);
15 Assign (u, v, w) t0 Thest_place;

16 // Step 2: Assign Remaining Nodes

17 for v € V where v ¢ C do

18 best_place <— FindBestFit(D,, T, Vaug, Ry, Cap);

19 Assign v t0 Thest_place;

20 return 7

all 3-cliques are evenly distributed across different bins to
achieve workload balancing. Secondly, after all cliques are
processed, the remaining nodes are assigned to the most
suitable bin to minimize the K-hop degree among all bins
(Algorithm 2, Lines 17-19).

C. Clique-centric Memory Access Optimization

Higher-order GNNs are memory-bound due to the expanded
aggregation field, and optimizing the off-chip memory access
is necessary to improve performance and reduce energy con-
sumption. We propose an analytical model based on the clique-
centric computation to determine the adequate tiling size for
each type of data: input (i.e., vertex features), intermediate
results (i.e., the aggregation results of 3-clique), output (i.e.,
updated partial results of a specific hop), and weights.

We assume the on-chip memory capacity for input, IR,
output, and weights as Mem;,, Memrr, Memgy, and
Memy. The objective of our memory optimization model
is to find an adequate allocation of on-chip buffers among
different data types, minimizing the total DRAM access. The
on-chip memory size is constrained by the tile size 7" and the
K-hop degree D

DRAM Access Modeling for Input Graphs. Graph data
needs to be tiled given the limited on-chip buffer size. The
DRAM access of graph metadata in G(V, E) and features can
be modeled by:

(©)

4 x di D
DRAM;,, = [w-‘ T

T;

here, dimp represents the feature length using 32-bit
floating-point precision (i.e., FP32). As such, each data point
is 4 bytes.
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Fig. 7. The overview of the proposed architecture design.

DRAM Access Modeling for Intermediate Results. Since
the redundancy elimination relies on the reuse of intermediate
data, the tile size selection of intermediate data should be
carefully modeled. To formulate the related DRAM access,
the total number of IR (Cj;r) and the total number of 3-
cliques (Num.iique) should be considered. Therefore, the total
number of DRAM accesses for intermediate results can be
formulated as:

4 x dimp x (Crr + Numciigue)

DRAMIR: ’V -‘ XTIR (7)

Trir

DRAM Access Modeling for Output. The output buffer
is used to store the partial results of aggregation and update.
When all the hop aggregations are completed, these partial
results will be read and concatenated as the final output.
Assuming the weight size is dimyy, the output DRAM access
latency can be calculated by:

2x4x K xXdimy XV
Tout

DRAM Access Modeling for Weights. Unlike traditional
GNNgs, the same weight matrix is shared among vertices that
are at the same hop distance from a source node. Consequently,
the total memory consumption of higher-order GNN weights
(DRAMyy) is formulated as:

®)

DRAMDut = " —‘ X Tout

4 X K X dimp X dimyy
Tw

DRAMW = [ —‘ X TW (9)

Based on the above formulations, with the constraint of:

Tin +Trr + Tout + Tw < Totalpyffer (10)

The objective of the DRAM access optimization can be
formulated as follows:

(Tiny TIR7 Touty TW) =

11
mln(DRAMm + DRAMIR + DRAMout + DRAMw) ( )

IV. PROPOSED ARCHITECTURE DESIGN

While a considerable number of accelerator architectures
have been proposed for GNN models, they mainly target
neighborhood aggregation. In this work, we target the reuse

of both neighborhood and path-overlapping aggregations by
leveraging a clique-centric computation model. This approach
necessitates the identification and reuse of 3-clique structures
at runtime. In addition, higher-order GNNs perform parallel
graph traversals to reach distant nodes several hops away,
posing additional storage and computation demands. Current
GPUs handle higher-order GNNs by processing the powers
of the adjacency matrix and their aggregations in a parallel or
sequential manner, where redundant computation and memory
access are completely overlooked. The wide variability in
sparsity across datasets, along with the increasing density
of higher-order adjacency matrices, complicates abstraction
into Sparse-Dense Matrix Multiplication (SpMM) or General
Matrix Multiplication (GEMM) operations.

A. Architecture Overview

We propose a new accelerator to efficiently support clique-
centric computation for higher-order GNNs. First, although
adjacency matrices have been widely used in graph applica-
tions to abstract graph connectivity for matrix computations,
computing and storing higher powers of the adjacency matrix
is costly. Second, identifying and reusing 3-clique structures
introduces new challenges in handling parallelism, workload
balancing, and hardware support (e.g., KV cache). Figure 7
illustrates the overall architecture of the proposed accelerator.
MOSAIC comprises the following key components: a multi-
bank global buffer (GLB), a task controller, a clique-centric
scheduler (CCS), a KV cache design with an associated search
table, and a processing element (PE) array. The accelerator
connects to external DRAM via a DRAM controller, while
the PE array communicates with the GLB through a crossbar
network. Specifically, the GLB stores inputs, outputs (e.g., par-
tial sums and final results), weights, and intermediate results
(e.g., cliques). The control unit oversees system operations
and interfaces with the host through a request dispatcher. The
dispatcher compiles incoming requests into instructions, which
are forwarded to the instruction buffers. The instruction dis-
patcher monitors instruction execution and completion across
the system, generates addresses for the instruction buffers, and
routes instructions to the CCS and PE array.
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Fig. 8. Proposed clique-centric-based scheduler design.

B. Proposed Microarchitecture

The proposed microarchitecture features several unique
designs to address the memory and computation challenges
in higher-order GNNs. The proposed microarchitecture can
directly process the raw graph data and generate a K-order
list to record the higher-order graph connectivity. Moreover,
we retrieve cliques from the CCS engine that implements
a hardware-based triangle detection algorithm to dynami-
cally identify 3-clique structures and reuse them through
the KV cache. Lastly, we propose a PE architecture that
supports clique reuse to eliminate both neighborhood and path-
overlapping redundancy.

Specifically, as illustrated in Figure 7, the PE microarchi-
tecture comprises two primary components: an accumulation
buffer array and a multiplier array, corresponding to the aggre-
gation and update phases of higher-order GNNs. When loading
metadata from the GLB, the accumulation buffer array per-
forms node feature aggregation under the guidance of the K-
order list (which records higher-order graph connectivity) pro-
vided by the CCS engine. Next, the node-clique table (NCT)
reads the identified 3-clique structures and fetches intermediate
results to eliminate redundant computations. Subsequently, the
multiplier array updates vertex features by processing 16-lane
segments in parallel via a SIMD16 unit. Partially updated hop
features are returned to the GLB as incomplete partial results,
while a synchronization unit concatenates completed partial
results from K-hop aggregation. The proposed aggregation and
update units are integrated within the same PE architecture,
thereby reducing write and read operations to the GLB.

Key-Value Cache. Due to the rich reuse opportunities of
intermediate results, a KV Cache is managed to store all clique
and IR data addresses, eliminating redundant computations
and off-chip memory accesses. The proposed KV Cache is
implemented as a fast, on-chip lookup table with a tag-
based indexing mechanism, enabling low-latency retrieval. It
provides two interfaces for pulling data from or pushing data
to the distributed store. The pull interface leverages a hash-
based indexing strategy to minimize lookup latency, while
the push interface supports seamless insertion and eviction
of data, maintaining effective cache behavior through a new
replacement policy controlled by the KV Cache arbiter. Due
to the irregular connectivity of graph nodes, different IRs
are used at different time steps. Meanwhile, the limited GLB

size prevents all IRs from being stored on-chip, resulting in
additional off-chip memory accesses.

In this work, we observe that the access frequency of
IRs can be statistically estimated using the K-hop degree,
providing insights into the IR replacement policy. Specifically,
the IR management unit dynamically tracks the potential usage
frequency of each IR, decrementing it after every access. Once
the counter reaches zero, the IR is permanently discarded.
To optimize on-chip storage, IRs with higher potential usage
frequencies are prioritized, while those with lower frequencies
are offloaded to off-chip memory when the on-chip buffer
reaches capacity.

Node-clique Table. While the KV Cache employs a pull
interface with a hash-based indexing strategy, it still falls short
in searching for the stored address of an IR via a single
node index because the KV Cache key is a list of three node
indices. To address this, we propose a node-clique table to
facilitate efficient searching of IRs using a single node index.
By searching the node index, we can quickly retrieve the clique
key of the KV Cache, thereby reducing the search complexity
within the KV Cache.

C. Proposed Clique-centric-based Scheduler

Figure 8 illustrates the design of the proposed clique-
centric-based scheduler (CCS) for graph traversal and par-
titioning. The system begins with Input FIFOs that receive
and buffer graph nodes from the Graph Metadata Buffer
prior to processing. A dedicated Traversal Unit subsequently
dequeues vertices from depth-aware Traversal LIFOs, which
maintain search hierarchy through stack-based management
of traversal depth. Each entry in the Traversal LIFOs contains
two key fields: a 14-bit vertex index (supporting graphs with
up to 16,384 nodes) and a 3-bit current hop counter (enabling
depth tracking up to 8 hops). This configuration accommodates
higher-order GNN requirements whose traversal depth seldom
exceeds 5 hops. During traversal, the K-hop Neighbor Indexer
dynamically catalogs neighbors in the K-order list Buffer,
while a 15-bit K-hop Degree Counter tracks neighborhood
expansion magnitudes, sized to accommodate degrees up to
twice the vertex count as empirically observed. A comparator-
controlled loop (<) terminates traversal at preset hop limits,
while the Triangle Detector identifies triangular relationships
among 1-hop neighbors. To prevent redundant visits, the
Exclusive Check FIFO verifies whether a node has been
processed using the Visited Node Buffer, avoiding duplications
(leading to “Discard”). In the final stage, the Sorting Unit
prioritizes nodes forming 3-cliques, forwarding them to the
Scheduling Unit, which assigns them to Processing Elements
(PEs). Notably, the node-clique tables are constructed as well.

D. Execution Flow for Clique-centric Computation

At the scheduling stage, 3-cliques have been detected and
stored, and the next challenge is to reuse the clique, elimi-
nating redundant computations during K-hop aggregation. To
better illustrate the execution flow of our proposed accelerator,
we use the example as depicted in Figure 9. As mentioned,
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TABLE II
DIMENSIONS AND HETEROPHILY OF GRAPH DATASETS.
Dataset ‘ Vertices ‘ Edges ‘ Density ‘ Heterophily ‘
Cora (CR) 2,708 10,556 2.88x1073 Low
CiteSeer (CS) 3,312 9,104 1.66x 1073 Low
PubMed (PM) 19,717 88,648 4.56x107* Low
Reddit (RD) 232,965 114,615,892 | 4.22x1073 Low
YouTube (YB) 1,138,499 5,980,886 9.23x1076 Low
ogbn-products (OS) 2,449,029 61,859,140 2.06x1075 Low
ogbn-papers100M (OM) | 111,059,956 | 1,615,685,872 | 2.62x 107 Low
OmniPath (OP) 16,325 289,134 2.17x1073 High
HumanNet (HN) 18,591 2,250,780 6.51x1073 High
Cornell (CN) 183 298 8.95x1073 High
Texas (TX) 183 309 1.86x 1072 High
Wisconsin (WC) 251 499 1.59x 1072 High
Actor (AC) 7,600 30,019 1.04x1073 High

the execution flow aims to reuse the intermediate results of
3-cliques for K-hop aggregation.

We use node V as an example to illustrate its K-hop
aggregation and update phases in the proposed PE architecture,
as shown in Figure 9. The 3-order list of node V; will be
loaded, which records its connectivity to K-hop neighbors
(e.g., 1-hop, 2-hop, and 3-hop) and IR information. The IR
information (i.e., IR (1,2)) will be used to search the Node-
clique Table to find if the aggregated results of the clique have
been computed. If the clique is not found in the node-clique
table, the clique (i.e., V{, V1, and V5) will be computed through
the accumulation unit. The intermediate result will be written
to banked output buffers (e.g., 1-hop, 2-hop, 3-hop bank
buffers), and KV cache. In the meantime, the Node-clique
table will be updated. This provides two benefits. Firstly, for
Vo’s K-hop aggregation, the IR will be directly reused. For
example, in 2-hop aggregation, as shown in Figure 9(c), node
V, will be loaded to the accumulation unit and can be directly
added to IR. This removes redundant computations in K-hop
aggregation. Secondly, when nodes V;, and V5 perform K-hop
aggregation, the IR will be reused as well. This eliminates
repeated computations for neighborhoods. When the K-hop
aggregation is done for each vertex, the result will be sent to
the SIMD16 unit for GNN update.

V. EVALUATION

A. Experiment Setup

Environment Setup. To evaluate MOSAIC’s performance,
we conduct experiments using a cycle-accurate C++ sim-
ulator following methodologies that meticulously replicate
every module within the higher-order GNN pipeline, ensuring

TABLE III
NODE CLASSIFICATION ACCURACY (%) OF TRADITIONAL GNN AND
HIGHER-ORDER GNN MODELS.

Data Traditional GNNs Higher-order GNNs

set GCN GraphSAGE GAT MixHop GAT-JK H2GCN

CR |[8727+124 8540122 8534+088 8593+109 8433105 8775+ 0.88
CS | 7606 113 7390+ 1.69 7319179 7499+ 181 71.74+195 7595+ 124
PM | 87.38+037 8871 £0.68 87.13£0.54 89.06+048 8556%057  89.44  0.46
OM | 5746+025 58.00%056 5697 %026 6246022 60.18+022  63.44 £ 0.26
CN | 47.89+7.88 49.80 +6.84 46.05+843 7447 471 5053 +855  78.16 % 6.97
TX | 5026 321 4075 +4.82 43.68+579 8421 £6.66 41.58+524  86.58 + 4.47
WC | 4549 697 46.18 £ 490 44.12 + 634 85.69 +3.93 4667 £803 8588 £ 4.19
AC | 2718098 2891 %113 2636+ 1.11 3270 £ 123 2668 +0.82 3533 + 1.06

Values are colored according to their ranking: best in red, second-best in blue.

a comprehensive representation of the system architecture.
Additionally, we integrate our simulator with Ramulator [73],
configured as high-bandwidth memory (HBM) [74] with a
total bandwidth of 256 GB/s to model off-chip storage. The
HBM consists of 8 channels, each with a 128-bit bus, allowing
the simulation to capture potential channel conflicts due to
irregular memory access. MOSAIC is configured on an 8x8
processing element (PE) array with a 64 MB global buffer and
an interconnect bandwidth of 400 GB/s per PE. The PE clock
frequency is set to 1 GHz by default. Additionally, each PE
includes a 4 x4 multiplier array and 32 SIMD cores. To vali-
date the simulator’s accuracy, we compare the timing behavior
of its simulated modules against synthesized RTL designs.
These RTL designs, implemented in SystemVerilog HDL, are
synthesized using Synopsys Design Compiler with the TSMC
32 nm standard cell library. For numerical computations, we
use IEEE 754 single-precision floating-point representation.
For estimating the area and power of on-chip buffers, we use
Cacti 6.0 with 32 nm technology [75]. For GPU results, we
conduct our experiments on a server with an Intel® Xeon®
Platinum 8362 CPU @ 2.80 GHz and an NVIDIA A100 80
GB GPU [76].

Baselines and GNN models. We compare the performance
and energy efficiency of MOSAIC with three state-of-the-art
GNN baseline designs: Betty [2], ReGNN [3], and I-GCN [1].
For a fair comparison, all baseline designs are scaled to match
MOSAIC in terms of the number of multiply-and-accumulate
(MAC) units and off-chip/on-chip bandwidth. In our im-
plementation, we faithfully replicate I-GCN’s islandization
strategy to streamline the handling of dense submatrices. For
ReGNN, we adopt the framework’s redundancy elimination
methodology, as outlined in the design specifications [3], to
minimize unnecessary computations and inter-process commu-
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nication. As for Betty, we simulate the redundancy-embedded
graph partitioning in higher-order GNNs. It should be noted
that all optimizations are only for 1-hop GNNs. For compar-
ative analysis, we employ the MixHop [26] architecture as
a standard higher-order GNN model for all designs, where
we define the hop as 2. To benchmark the performance of
higher-order GNNs, we include methods utilizing higher-order
(e.g., MixHop, GAT-JK [58], and H2GCN [52]) against a
comprehensive suite of baselines representing key strategies in
graph representation learning. Specifically, we employed three
well-established GNN models: Graph Convolutional Network
(GCN) [4], [77], GraphSAGE [6], and Graph Attention Net-
work (GAT) [5]. Specifically, we use identical hyperparameters
for the GNN models, such as 200 epochs, a learning rate of
0.001, weight decay of 1le~*, and a hidden dimension size of
128.
Datasets. We benchmark our design against the baselines
for higher-order GNN on diverse datasets [6], [78]-[82], as
detailed in Table II. The selected datasets span scientific,
medical, social, biological, and web networks, encompassing
both homophilic and heterophilic graphs with varying densities
and feature dimensions. Notably, Cornell is included as a rep-
resentative of highly heterophilic graphs to assess performance
under challenging conditions.

B. Performance Evaluation

To evaluate the performance of MOSAIC, we compared
MOSAIC with I-GCN, Betty, and ReGNN for higher-order
GNNs, measured by the total number of execution cycles.
For a fair comparison, all accelerators are configured with
an 8x8 PE array and a 1 KB feature size. As shown in
Figure 10, MOSAIC outperforms I-GCN, Betty, and ReGNN

by 9.48x, 7.46x, and 5.49x, respectively. The performance
improvement comes from reduced DRAM access and alle-
viated redundant computations. Specifically, in large graphs
(e.g., OS and OM), the high sparsity of these graphs inherently
exhibits fewer neighborhood and path-overlapping redundan-
cies. Thus, the effectiveness of all the optimization tech-
niques is limited by the sparse graph connectivity. Moreover,
MOSAIC demonstrates better performance in social networks
(e.g., RD and YB) and biological networks (e.g., OP and HN),
as these networks naturally form clusters or ‘communities’
where nodes are highly clustered in several regions (e.g.,
approximately 20% of nodes contribute to 80% redundancy).
As compared to prior works, MOSAIC presents that clique-
centric computations can eliminate redundant computations
while balancing the workload across update and aggregation
phases. However, I-GCN, Betty, and ReGNN have limited
applicability to address the path-overlapping redundancy. Fur-
thermore, Betty repurposes METIS partitioning [2], [83] to
identify mutually shared nodes to optimize data reuse, where
the path-overlapping issue is not addressed. ReGNN utilizes
redundancy-free message passing to identify redundant sets to
avoid redundant one-hop aggregation, and, similarly, the path-
overlapping redundancy cannot be fully exploited by identify-
ing the graph connectivity of the immediate neighborhood.

Model-level accuracy. We select six representative deep (e.g,
GCN, GraphSAGE, GAT) and higher-order (e.g., MixHop,
GAT-JK, H2GCN) GNNs and compare model accuracy across
different graphs. As shown in Table III, MixHop achieves av-
erage accuracy improvements of 13.82%, 14.72%, and 15.83%
over GCN, GraphSAGE, and GAT, respectively. Specifically,
MixHop showcases its strength and adaptability on the more
challenging heterophilic datasets (e.g., CN, TX, WC, AC),
which present the enhanced practicality of higher-order GNNSs.
Our proposed acceleration framework significantly reduces the
computation overhead of running higher-order GNNSs, thereby
enabling their broader adoption across real-world applications.

C. Energy Efficiency

Figure 11 details the energy breakdown analysis, in-
cluding computation, on-chip communication, off-chip data
Read&Write, and cost of control & configuration, where NoC
energy is modeled using DSENT [84]. MOSAIC shows an
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Fig. 12. The workload evaluation: workload interquartile range of I-GCN,
Betty, ReGNN, and MOSAIC with varying PE size.

average energy reduction of 51.78%, 52.53%, and 56.84%
compared with I-GCN, Betty, and ReGNN, respectively.
Specifically, MOSAIC reduces average DRAM access and
computation energy consumption by 33.57% and 62.89%
compared with I-GCN, respectively. The energy reduction
comes from enhanced IR reuse by the proposed KV cache,
which reduces read-write operations to DRAM. In addition,
reusing the IRs of 3-cliques can reduce energy consumption of
computation units. In HN and OP, MOSAIC achieves a higher
reduction in DRAM and computation due to a large number
of cliques. The increased IR reuse also leads to reduced on-
chip communication, where the repeated fetches of vertices
and features are avoided.
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D. Scalability Study

To analyze the scalability of MOSAIC, the PE array di-
mensions are scaled from 4x4 to 16x16, resulting in a
total MAC count ranging from 256 to 4096. As shown in
Figure 10, MOSAIC has superior scalability compared to
baseline architectures, achieving average speedups of 7.67x,
6.73x, and 4.88x over I-GCN, Betty, and ReGNN across
all datasets and PE array sizes, respectively. MOSAIC shows
better scalability primarily due to two reasons: balanced work-
load and reduced communication. As compared to edge or
vertex-centric computation, MOSAIC partitions the workload
based on clique structure and K-hop degree information, which
essentially eliminates the communication between cliques and
balances the K-hop aggregation. As shown in Figure 10,
where lines are the average speedup of MOSAIC over I-
GCN, Betty, and ReGNN, the performance gains of MOSAIC
diminish slightly when the PE size increases to 16x16. This
is because the long-distance communication is inevitable in
most of the graph datasets, which could significantly affect
the performance when the PE size scales.

E. Workload Distribution

Our design aims to achieve workload balance across both
higher-order GNN execution phases: the aggregation phase,
which is affected by K-hop vertex degrees, and the update
phase, which depends on the number of vertices. To quantify
aggregation workload distribution, we employ the Interquartile
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Fig. 13. Normalized DRAM access of (a) Different designs and (b) Different
IR buffer sizes.
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Fig. 14. Throughput comparison across different data sizes.
Range (IQR), a statistical measure of data dispersion. By
design, our approach ensures that all PEs handle equivalent
aggregation workloads. Due to space constraints, we present
results only for the Cora and PubMed datasets.

As shown in Figure 12, MOSAIC significantly outperforms
baseline designs. For example, on the Cora dataset, MOSAIC
achieves an average IQR of 0.25, compared to values of 1841.8
(I-GCN), 1521.3 (Betty), and 440.0 (ReGNN). This stark
contrast underscores MOSAIC’s superior workload balancing,
which directly translates to higher resource utilization. In
contrast, baselines focus solely on equalizing vertex distri-
bution, neglecting aggregation workload balance. Notably, I-
GCN exacerbates imbalance by clustering high-connectivity
vertices (1-hop) into a few partitions via a BFS strategy. This
creates densely connected regions in early-formed partitions
while leaving others sparser. Thus, the workload imbalance
issue of I-GCN is more severe.

F. Throughput Analysis

As shown in Figure 14, we vary feature size from 128 B to
2 KB to cover both small and large-scale scenarios, and record
the simulation cycles and data transfer volume. By dividing
the data transfer volume by the number of simulation cycles,
we calculate the throughput by considering clock frequency,
where the throughput is reported in Gigabytes per second. On
average, MOSAIC achieves 4.67x, 4.81x, and 4.95x higher
throughput than I-GCN, Betty, and ReGNN, demonstrating
efficient bandwidth utilization and high parallelism. Unlike
prior approaches constrained by the adjacency matrix in 1-hop
aggregation, MOSAIC benefits from tremendous redundancy
elimination and off-chip memory access reduction since the
cliques are universal in higher-order GNNs.

G. Off-chip Memory Access

To evaluate memory efficiency, we measure off-chip mem-
ory access, as shown in Figure 13(a). MOSAIC demonstrates
a significant reduction in off-chip memory accesses compared
to the baselines, achieving average improvements of 1.69x,
2.11x, and 2.15x, respectively. While prior works use tiling
and workload scheduling strategies, their performance is sub-
ject to sparsity variations, which often result in inconsistent
memory access patterns across datasets. In contrast, MOSAIC
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consistently outperforms the baselines by reusing intermediate
results without redundantly fetching raw data. I-GCN reduces
redundant memory accesses by co-locating highly connected
vertices with their neighbors, thereby enhancing data locality
and better handling irregular access patterns, outperforming
the other two accelerator designs in this aspect. ReGNN, while
mitigating off-chip memory access through efficient caching
of redundant sets, only eliminates neighborhood redundancy.
This makes ReGNN inefficient in optimizing off-chip memory
access for higher-order GNNs. On the CN dataset, MOSAIC’s
off-chip memory reduction is marginal due to the dataset’s
small scale. In contrast, on the HN dataset, MOSAIC achieves
the highest off-chip memory reduction, benefiting from the
graph’s high connectivity.

H. Sensitivity and Ablation Study

Off-chip Memory Access on Different IR Buffer Size. We
conduct a sensitivity study to evaluate the impact of IR buffer
size on off-chip memory access. As shown in Figure 13(b),
increasing the IR buffer size leads to an average reduction of
43.80% in off-chip memory access. For the CN dataset, due
to its small scale, even a small IR buffer can accommodate
all intermediate results, resulting in minimal differences across
buffer sizes. In contrast, for the HN dataset, the large variation
in off-chip memory access is attributed to the high connectivity
of the graph (e.g., 68.19% of nodes are involved in non-
overlapping 3-clique constructions).

Comparison on GPU Platform. To evaluate the effective-
ness of clique-centric optimization on general-purpose hard-
ware, we implement the proposed clique-centric dataflow
with K-hop degree partitioning using PyG [33] and compare
it against vanilla PyG. As shown in Figure 15(b), clique
optimization increases runtime on homophilic graphs (CR,
CS, PM). Specifically, while clique-centric computation elim-
inates redundant aggregations, this is realized by duplicating
cliques via torch.unique, which internally requires an
O(FElog E) reordering of the full edge set and serializes the
preceding index remapping and feature matrix construction
into a sequential chain of kernel launches, destroying the
parallelism that GPU execution relies on. Furthermore, clique
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search time.

IR retrieval and reuse exhibit irregular, non-coalesced memory
access patterns. In addition, adding clique IR into the feature
matrix during the gather step inside propagate introduces
control flow divergence that undermines the GPU’s optimized
SIMT execution. While moderate speedups are observed on
other graphs, the benefits remain limited without clique-centric
scheduling and dedicated KV-cache support.

Performance on Larger Hop Distance. We further evaluate
the performance of our proposed technique when increas-
ing the receptive field of K-hop aggregation. Specifically,
we increase the hop distance to 3 hops. As illustrated in
Figure 15(a), MOSAIC outperforms 18.35x, 12.79x, and
10.24 x over the I-GCN, Betty, and ReGNN in 4x4 PE con-
figuration, respectively. As aforementioned, the performance
gains stem from the superiority of workload balance and IR
reuse design that are designed specifically for higher-order
GNNs. Notably, MOSAIC’s performance gains increase in
3-hop aggregation due to increased path-overlapping redun-
dancy.

Cache Behavior across Different Graph Densities. To
evaluate the effect of graph densities, we artificially generate
synthetic graphs with different densities with a fixed number of
vertices (i.e., 2,000), where the clique structure is much fewer
than typical homophilic or heterophilic graphs. We compare
cache hit rate and corresponding speedup over I-GCN with the
2-hop higher-order GNNs in a 4 x4 PE configuration, as shown
in Figure 16(a). As graph density increases, both the KV cache
hit rate and the resulting performance speedup improve. When
clique reuse is negligible, resulting in a KV cache hit rate of
only 0.41%, MOSAIC cannot outperform I-GCN. However,
once a moderate level of clique reuse is available, the KV
cache can effectively exploit reusable IR, enabling MOSAIC
to consistently deliver performance improvements.

PE Utilization. Figure 16(b) shows the PE utilization across
an 8x8 PE array using CR and HN. Despite their substantially
different clique densities, both graphs maintain comparable
PE utilization with prior work [36], where HN is marginally
higher than CR by 8.81%. This small gap demonstrates that
MOSAIC’s clique-centric partitioning consistently balances
workloads across diverse graph structures, indicating that the
reported performance gains stem from both better data locality
and workload balancing.



1. Overhead Analysis

Area Analysis. Figure 17(a) shows the breakdown of the
overall area of the proposed accelerator. This includes the
PE, global buffer, CCS engine, networks on chip (NoC), and
logic components for control and configuration. The PE array
accounts for 47.6% of the total chip area, and the on-chip
global buffer consumes 38.2% of the total area. The NoC and
control together use 4.9% of the chip area, and the KV cache
takes 7.8%. The CCS engine’s area consumption is negligible
at 1.5% of the total chip area. Figure 17(b) provides a
breakdown of the total PE area, where the MAC units account
for 46.7%. In contrast, the Local buffer and the NCT account
for 49.4% and 3.4%, respectively. The PE reconfigurable local
control logic has a negligible area consumption of 0.5% of the
total PE area.

Clique Searching Overhead. As shown in Figure 16(a), the
search time accounts for only 5.9% of the total execution time
on average. However, its overhead becomes non-negligible
when the graph density exceeds 5%. On the other hand,
the benefits of KV cache reuse become more significant as
density increases due to the higher cache hit rate. This helps
maintain the overall performance speedup at a similar level
despite the increased preprocessing cost. Furthermore, since
the preprocessing results are reused across multiple inference
runs or training epochs, the associated cost can be effectively
amortized over repeated executions, especially for higher-order
GNNs with large receptive fields, i.e., larger hop (K).

Figure 18(c) shows the overhead of finding cliques. The
search time is negligible (7.06%) as compared to the overall
runtime. This low cost highlights the practicality of incorpo-
rating clique structures into higher-order GNNs.

J. KV Cache Performance Analysis

KV cache performance and computation reduction are sub-
ject to variation in graph structure.
Cache Hit Rate. Figure 18(a) shows the KV cache hit rate
with a fixed 16 MB buffer. The average hit rate is 49.97%.
HN (79.09%) achieves the highest hit rate owing to its highly
connected structure. KV hit rate depends on the graph con-
nectivity, where denser graphs show higher path-overlapping.
This leads to higher reuse and a higher hit rate of 3-cliques.
Computation Reduction. To evaluate the impact of IR reuse,
we conduct a study to measure the computation reduction
of MOSAIC. As shown in Figure 18(b), MOSAIC reduces
computation by an average of 61.01%. The trend closely aligns
with that of the hit rate, as both are strongly influenced by
the graph structure. Notably, datasets with higher computation
reduction exhibit correspondingly significant improvements.
Similarly, the HN dataset shows the greatest reduction due
to its denser connectivity. Specifically, 54.60% computation
reduction is introduced by 3-cliques.

VI. CONCLUSION

This paper proposes MOSAIC, a clique-centric accelerator
designed to decouple the computation and memory overheads
of higher-order aggregation from the expanded receptive field

in higher-order GNNs. The core insight is that clique graphs
serve as the fundamental structures capturing overlapping
paths in distant feature aggregation. Building on this idea,
MOSAIC delivers performance and latency comparable to
traditional GNNs while significantly improving efficiency.
First, we introduce a clique-centric dataflow that eliminates
redundant computation and memory access arising from path
overlaps during simultaneous multi-hop aggregations. Second,
we present a K-hop degree partitioning algorithm that balances
workloads by leveraging degree information from extended
receptive fields. Third, we propose a novel data representa-
tion that encodes multi-distance graph connectivity without
requiring separate adjacency matrices. Lastly, we design a
specialized accelerator architecture that enables clique reuse,
avoiding repeated computation in concurrent aggregations.
Experiment results show that MOSAIC achieves average
speedups of 7.67x, 6.73%, and 4.88x and energy reduction
of 51.78%, 52.53%, and 56.84% over I-GCN [1], Betty [2],
and ReGNN [3] in terms of support for higher-order GNNss,
respectively.
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