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Abstract—Processing large-scale graph datasets is computa-
tionally intensive and time-consuming. Processor-centric CPU
and GPU architectures, commonly used for graph applications,
often face bottlenecks caused by extensive data movement
between the processor and memory units due to low data
reuse. As a result, these applications are often memory-
bound, limiting both performance and energy efficiency due
to excessive data transfers. Processing-In-Memory (PIM) offers
a promising approach to mitigate data movement bottlenecks
by integrating computation directly within or near memory.
Although several previous studies have introduced custom
PIM proposals for graph processing, they do not leverage
real-world PIM systems.

This work aims to explore the capabilities and charac-
teristics of common graph algorithms on a real-world PIM
system to accelerate data-intensive graph workloads. To this
end, we (1) implement representative graph algorithms on
UPMEM’s general-purpose PIM architecture; (2) characterize
their performance and identify key bottlenecks; (3) compare
results against CPU and GPU baselines; and (4) derive insights
to guide future PIM hardware design.

Our study underscores the importance of selecting optimal
data partitioning strategies across PIM cores to maximize
performance. Additionally, we identify critical hardware
limitations in current PIM architectures and emphasize the
need for future enhancements across computation, memory,
and communication subsystems. Key opportunities for im-
provement include increasing instruction-level parallelism,
developing improved DMA engines with non-blocking capa-
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bilities, and enabling direct interconnection networks among
PIM cores to reduce data transfer overheads.

Index Terms—Graph Processing, Processing-In-Memory,
Near-data Processing, Workload Characterization, Linear
Algebra

I. INTRODUCTION

Graph data structures are widely used to model complex
problems across domains due to their simplicity and versatility
[1]-[6]. As real-world graphs scale to billions of nodes and
edges, parallel computing systems and algorithms have been
developed to improve performance. However, efficient parallel
graph processing remains challenging due to irregular memory
access, load imbalance, and low arithmetic intensity [7], [8].

Linear algebra is a promising paradigm for modeling graph
applications using fundamental matrix operations [7]. It offers
a concise set of primitives that, combined with algebraic
semirings, efficiently represent diverse graph algorithms [7],
[9]-[14]. Graph algorithms are often more compact and easier
to express using sparse-matrix linear algebra. Describing an
algorithm in this format eliminates the need for additional
data structures and can be directly implemented in array-based
programming environments, making it easier to optimize.

Given the sparsity of adjacency matrices in graph datasets,
matrices are stored in a compressed format. Consequently,
sparse matrix operations, such as sparse matrix-vector multi-
plication (SpMV) are used to implement graph applications.
However, these operations involve indirect memory references
due to the compressed storage format and irregular memory
accesses to the input vector caused by sparsity, which hinders
their ability to achieve peak performance in processor-centric
CPU and GPU architectures. Many real-world graph datasets
across various application domains are highly sparse, making



SpMV a memory-bound kernel in processor-centric systems
that is limited by data movement between memory and
processors [15]-[23].

Processing-In-Memory (PIM) offers a promising solution to
the data movement bottleneck by moving computation closer
to the data, and integrating processing capabilities within
memory chips [24]-[32]. Several prior PIM proposals aim to
accelerate graph processing [21], [31], [33]-[40]. However,
none provides a comprehensive evaluation of general-purpose
real-world PIM systems. To our knowledge, this is the
first paper to comprehensively study the opportunities and
limitations of linear algebraic graph processing using a real
PIM system.

We analyze the execution time breakdown of SpMV
implementations from SparseP [41], the first open-source
SpMV library specifically designed for real PIM systems. Prior
work indicates that traversal-based graph applications often
require multiple iterations of matrix-vector multiplication,
with highly-sparse input vectors in several iterations [42]-[45].
We observe that SpMV kernels suffer from high data transfer
costs due to using a dense input vector format. To address this
issue, we further minimize these data transfer costs through
sparse-matrix sparse-vector multiplication (SpMSpV) [46], [47].
Using a compressed format for the input vector in SpMSpV
reduces the significant overhead associated with loading input
vectors into DRAM banks.

Our goal is to understand the capabilities and characteristics
of a real-world PIM system for accelerating graph applications.
To do so, we introduce ALPHA-PIM, the first linear algebraic
graph application framework designed for a real-world PIM
architecture. We choose UPMEM’s PIM system [48] for our
study because it is the first commercially available general-
purpose PIM architecture, combining conventional 2D DRAM
arrays with general-purpose processing cores, known as
DRAM Processing Units (DPUs), on the same chip. We design
and evaluate ALPHA-PIM in five key steps. First, we implement
and evaluate different versions of the SpMSpV kernel using
various compressed matrix formats (CSR, CSC, COO) and
partitioning strategies (row-wise, column-wise, 2D) to identify
the most efficient approach for graph applications. Second,
we implement three well-known linear algebraic graph appli-
cations: Breadth-First Search (BFS) [49], [50], Single Source
Shortest Path (SSSP) [51]-[53], and Personalized PageRank
(PPR) [54], using both SpMV and SpMSpV kernels. Third, we
characterize performance of these graph applications and
identify key bottlenecks. Fourth, we compare our graph
implementation against state-of-the-art graph processing
frameworks on both CPU and GPU platforms. Finally, we
explore implications for future PIM hardware enhancements,
emphasizing the importance of algorithm-hardware co-design
to reduce communication costs and improve the performance
of linear-algebraic graph processing on a real-world PIM
system.

Our results highlight two major observations. First, it is
critically important to select appropriate partitioning strate-
gies and compressed matrix formats to maximize performance

on PIM systems. In our experiments, we observed up to a
25x difference in SpMSpV’s execution time between the best
and worst-performing strategies, underscoring the importance
of careful strategy and format selection for maximizing
performance. Second, the performance of these applications
is mainly limited due to (i) computation-side bottlenecks,
e.g., idle DPU cycles caused by structural hazards in the
revolver pipeline; (ii) memory-side bottlenecks, e.g., idle
DPU cycles due to waiting on memory operations; and (iii)
communication-side bottlenecks from loading and retrieving
vectors between iterations, compounded by the lack of inter-
DPU communication. Based on these observations, we suggest
several hardware optimizations to enhance the performance
of graph processing on a real PIM architecture.

In this paper, we make the following contributions:

o We present the first linear-algebraic implementation
of several graph applications on a real-world PIM
system (UPMEM), and conduct a thorough design-space
exploration of data structures used to represent graph
datasets and input vectors.

e We implement and conduct the first comprehensive study
of the widely used SpMSpV kernel for graph applications
on a state-of-the-art real-world PIM system.

o We compare the performance of graph implementations
on the state-of-the-art UPMEM PIM system vs. conven-
tional CPU and GPU systems. We show that ALPHA-
PIM achieves kernel speedups of 10.2x / 48.8x / 3.6x
and total execution speedups of 2.6x / 10.4x / 1.7x for
BFS / SSSP / PPR, respectively, over a conventional CPU
baseline, while also delivering better compute utilization
than both CPU and GPU systems.

II. BACKGROUND AND MOTIVATION
A. Graph Applications Using Linear Algebra

Graph algorithms can be expressed as linear algebra oper-
ations due to the duality between a graph and its adjacency
matrix [7]. For a graph G = (V, E) with N vertices, its N X N
adjacency matrix A has A;; = 1 if v; is adjacent to v;, and 0
otherwise. This enables algorithms like BFS to be implemented
as iterative matrix-vector multiplications, e.g., v = ATy, where
non-zero elements in v indicate visited nodes. To support a
broader range of algorithms, this framework can be extended
using a semiring [7], [9]-[14], which generalizes addition
and multiplication to @ and ® with algebraic properties. For
instance, SSSP can be expressed using the (min, +) semiring
over extended real numbers.

Real-world graphs are typically sparse, making efficient ma-
trix storage essential. Three widely used compressed formats
are Coordinate List (COO), Compressed Sparse Row (CSR),
and Compressed Sparse Column (CSC) [7], [55]-[57]. COO
stores non-zero elements as (i, j, value) tuples; while simple
and parallel-friendly, it lacks row-wise grouping, leading to
scattered updates that require atomics and reduce efficiency
for large matrices. CSR compresses row indices using three



arrays: values, col_indices, and row_ptr, supporting efficient
row-wise operations. Conversely, CSC compresses columns
via values, row_indices, and col_ptr, making it more suitable
for column-wise operations like vector-matrix multiplications.

B. Linear Algebraic Graph Applications in Processor-Centric
Systems

Linear algebra provides an effective framework for modeling
graph applications via matrix operations, simplifying parallel
algorithm implementation [7]. By combining linear-algebraic
primitives with algebraic semirings, diverse graph algorithms
can be efficiently expressed. For example, in BFS, replacing
addition/multiplication with OR/AND reduces computation
and allows early termination, improving runtime. These
primitives also enable 2D matrix partitioning—a critical
capability for scaling to large graphs that many other
frameworks lack [42]. As a result, several linear-algebraic
graph frameworks have been developed for CPUs and GPUs
to leverage these advantages [42], [58]-[60].

Despite their advantages, linear-algebraic graph frameworks
on CPUs and GPUs face performance challenges due to the
sparsity of real-world graphs, which necessitates compressed
formats and sparse matrix operations like SpMV and SpMM.
Studies show these operations often fall short of peak perfor-
mance [15]-[23], primarily due to algorithmic characteristics,
storage formats, and sparsity patterns. SpMV is especially
memory-bound: its irregular access pattern hinders cache
locality; each matrix element is accessed only once, i.e.,
no temporal locality; and auxiliary structures for non-zero
indexing add bandwidth pressure and increase contention.

In contrast, PIM systems are well suited to address the
challenges of linear-algebraic graph processing. By moving
computation closer to memory and reducing data movement,
PIM systems can exploit high levels of parallelism and
provide substantial memory bandwidth [24]-[30], which
significantly improve performance of memory-bound opera-
tions like SpMV. Several prior PIM proposals have aimed
to accelerate graph processing [21], [33]-[40]. However,
none have comprehensively evaluated real general-purpose
PIM architectures. This motivates our exploration of the
capabilities and characteristics of popular graph algorithms
on UPMEM’s PIM architecture.

C. The UPMEM PIM Architecture

1) System Organization: Figure 1 illustrates the UPMEM
architecture [48], [61]. A UPMEM system consists of a host
CPU (e.g., x86, ARM64, or 64-bit RISC-V), standard DRAM
modules, and PIM-enabled memory modules designed in the
DDR4-2400 DIMM form factor. These modules house multiple
PIM cores, called DRAM Processing Units (DPUs), with each
module comprising multiple ranks, each containing 8 DPUs.
A typical configuration supports up to 2,560 DPUs across
20 double-ranked DIMMs. UPMEM DIMMs connect to the
host CPU via memory channels and integrate PIM chips,
each pairing a DPU core with a DRAM bank. The host CPU
manages data transfers between its memory and the DPUSs’

Main RAM (MRAM) using a transposition library provided
by the UPMEM Software Development Kit (SDK). This
library ensures that data layout transformations are handled
transparently, facilitating efficient data movement between
main memory and PIM-enabled memory. The UPMEM SDK
supports both serial and parallel data transfers. Parallel
transfers can be performed across multiple MRAM banks
which allows for concurrent CPU-DPU and DPU-CPU data
transfers.
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Fig. 1. High-level organization of the UPMEM PIM system with a host CPU,
DRAM main memory, and PIM-enabled memory (left), and a more detailed
view of the UPMEM PIM chip (right) [48].

2) DPU Architecture: Each DPU is a multithreaded, in-
order 32-bit RISC core designed with a 14-stage pipeline. It
features a 64 MB DRAM bank (MRAM), a 64 KB scratchpad
memory (WRAM), and a 24 KB instruction memory (IRAM).
The MRAM serves as the main memory, the WRAM as
a high-speed temporary storage, and the IRAM stores the
instructions to be executed. The DPU can concurrently run
up to 24 hardware PIM threads, i.e., tasklets, which share
access to the WRAM, IRAM, and MRAM. The DPU’s unique
"revolver pipeline” design enforces a scheduling constraint
where consecutive instructions within the same thread must
be dispatched 11 cycles apart. This constraint simplifies the
microarchitecture by eliminating the need for complex data
forwarding and pipeline interlocks. The register file within
the DPU is split into even and odd sections, preventing
simultaneous access to multiple registers within the same
group due to structural hazards.

3) DPU Programming: Programming the UPMEM PIM
system follows the single-program multiple-data (SPMD)
model, where all tasklets execute the same program across
multiple DPUs on distinct data partitions. Efficient execution
requires careful input data partitioning to ensure workload
balance. On the host side, the CPU manages DPU allocation,
loads program binaries and data, and controls execution.
Programs are written in UPMEM’s C-like language and
compiled using an LLVM-based toolchain to produce binaries
for both host and DPUs. On the DPU side, tasklets access
data via WRAM, requiring explicit transfers from MRAM
using DMA instructions. Since computation is limited to
WRAM-resident data, careful data movement is critical. Intra-
DPU synchronization uses WRAM or MRAM primitives like
mutexes and barriers, while inter-DPU coordination must go



through the host CPU due to the absence of direct DPU-to-
DPU communication.

III. LIMITATIONS OF SPMV IMPLEMENTATION FOR GRAPH
ArpLicAaTIONS ON UPMEM

Linear-algebraic graph applications often use SpMV to
process sparse matrices efficiently by avoiding redundant
computations on zero elements. SpMV multiplies a sparse
matrix of size M X N by a dense vector of size N x 1, producing
an output vector of size M x 1. SparseP [41], the first SpMV
library for real PIM systems, evaluates SpMV using 1D and
2D partitioning. In 1D, the matrix is row-partitioned and each
DPU receives the full input vector, enabling local computation
with minimal merging. In 2D, matrices are tiled, transferring
only relevant input vector segments, but overlapping tiles
increase CPU merge overhead. SparseP’s top-performing
variants are COO.nnz (1D) and DCOO (2D), both using static,
equal-sized COO-format tiles.

In Figure 2, we report the execution time breakdown of two
top 1D/2D partitioning methods for SpMV in SparseP using
2048 DPUs and INT32 data (normalized to 1D partitioning).
The total time is divided into four parts: (i) loading the
input vector from the CPU to DPU DRAM (Load); (ii) kernel
execution on DPUs (Kernel); (iii) retrieving results from DPUs
to the CPU (Retrieve); and (iv) merging partial results on the
CPU (Merge). Section V presents methodology details. We
note that 1D partitioning incurs a high cost for transferring
and broadcasting the input vector to each DRAM bank in the
PIM core. While 2D partitioning reduces the transfer cost, it
adds extra data transfer overhead for gathering and merging
results from PIM memory to the host CPU.
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Fig. 2. Execution time breakdown using 2048 DPUs and int32 data type for
1D/2D SpMV partitioning (normalized to 1D).

SparseP addresses the high cost of input vector loads
in SpMV using 2D partitioning, but its reliance on the
dense format limits its effectiveness in graph applications.
Previous works [42]-[45] show that in many iterations of
linear-algebraic graph applications, input vectors are highly
sparse—e.g., in BFS, only a small subset of vertices (the
frontier) is active at each level, leaving most entries as zero.
To quantify the input vector sparsity in BFS, we measured its
density (the ratio of non-zero elements to the total number
of nodes, expressed as a percentage) across several datasets.
Our results indicate that, for most cases, the input vector’s
density remains below 50% during the first half of the

iterations. Therefore, there is still potential to reduce the cost
of input vector loads in linear-algebraic graph applications
by exploring the potential of Sparse Matrix-Sparse Vector
(SpMSpV) multiplication [46], [47].

IV. ALPHA-PIM DESIGN AND OPTIMIZATIONS

In this paper, we target graph applications with low
arithmetic intensity and limited data reuse, such as BFS,
SSSP, and PPR. These traversal-based algorithms rely on
multiple iterations of matrix-vector multiplication, making
them memory-bound and ideal candidates for PIM systems.
These algorithms require the use of both SpMV and SpMSpV
due to the varying sparsity of the input vector across iterations
[42], [62]. While SparseP [41] provides a comprehensive
analysis of SpMV, we focused on developing an efficient
SpMSpV implementation for UPMEM.

Our approach involves three key steps: (I) We create and
evaluate various SpMSpV implementations using different
compressed matrix formats and partitioning strategies to
identify the most efficient option for graph applications; (2)
we employ an empirical cost model to determine the optimal
kernel (SpMV or SpMSpV) based on the input vector’s sparsity
and graph dataset characteristics; and (3) we extend these
implementations to support a range of traversal-based graph
applications by incorporating different semirings into both
SpMV and SpMSpV kernels.

A. SpMSpV Implementation on UPMEM

The SpMSpV operation, expressed as y < Ax, multiplies
a sparse matrix A by a sparse vector x to produce a vector
y [46], [47]. Both the input matrix A and the input vector x
are stored in compressed formats to efficiently manage their
sparsity. Focusing on the non-zero elements of x reduces
the number of computations and memory accesses, making
SpMSpV suitable for large-scale, sparse datasets, unlike SpMV
which assumes a dense input vector.

In this work, we implement SpMSpV using three com-
pressed matrix formats: COO, CSR, and CSC. In SpMSpV
using CSR or COO formats, the computation involves iterating
through the rows of the input matrix, with the input
vector in a compressed format, ensuring that only non-
zero elements are processed. This requires considering the
entire adjacency matrix, and matching each row element with
the corresponding non-zero vector elements based on their
indices. In contrast, SpMSpV using the CSC format focuses
on active columns of the matrix, meaning it processes only
those columns whose indices match the indices of non-zero
elements in the input vector. This approach reduces the overall
number of operations by excluding columns that do not align
with non-zero entries in the input vector, thereby improving
efficiency.

To execute SpMSpV on UPMEM, we perform four steps: D
Load the input vector into the UPMEM’s DRAM banks (Load);
@ run the SpMSpV kernel on DPUs (Kernel); 3 transfer
results from DRAM banks to the host CPU (Retrieve); and &)
merge partial results to form the final output vector on the



host CPU (Merge). We exclude the time needed for loading
the matrix into UPMEM memory from our analysis, as this
step is typically amortized over multiple kernel iterations
or overlapped with other computations, making it negligible
in real-world graph applications. We next describe SpMSpV
implementation details including partitioning, parallelism, and
memory access patterns.

1) Partitioning Across DPUs: Partitioning strategies in
UPMEM face different challenges than CPU/GPU due to
architectural constraints. Unlike CPU/GPU, which optimize
memory access via caching and coalescing, DPUs have limited
MRAM and WRAM, restricting the amount of data each
DPU can store and process efficiently. UPMEM lacks direct
inter-DPU communication, which increases communication
overhead due to relying on the host CPU for communication
across DPUs. Efficient partitioning must minimize CPU-DPU
transfers to reduce data movement and performance loss.
According to Figure 3, we partition the matrix in three ways:
Row-wise, Column-wise, and 2D. Each method is tailored
to different aspects of parallel computation and data access
patterns. We next discuss each of these partitioning strategies
in more detail.

Row-wise Partitioning. This involves dividing the adjacency
matrix into D partitions, each corresponding to a set of rows,
where D is the number of DPUs utilized in the computation.
Each partition is then converted into the desired graph
representation format (COO, CSR, or CSC) and loaded into
the MRAM of a DPU. This method requires copying the entire
compressed input vector into the DRAM bank of each PIM
core. Each DPU computes a portion of the output vector
result, but the computation is carried out exclusively by
the PIM cores, eliminating the need for a merging step. We
implemented three row-wise partitioning versions for SpMSpV,
utilizing three different compressed formats: CSR, COO, and
CSC (referred to as CSC-R).

Column-wise Partitioning. This involves dividing the
adjacency matrix into D partitions by column, where D is the
number of DPUs utilized in the computation. Each partition
is converted into the desired graph representation. Only a
subset of compressed input vector elements is loaded into
each PIM core’s DRAM bank. Each PIM core generates a
complete output vector of size equal to the number of nodes,
representing a partial result of the final output vector, which
then requires merging on the host CPU. For column-wise
partitioning, we only utilize the CSC compressed format, as
the other formats (CSR and COO) are inefficient for this
partitioning. We refer to this version as CSC-C for brevity.

2D Partitioning. We divide the adjacency matrix into a
grid of tiles matching the number of available DPUs. This
method seeks to balance the trade-off between input vector
transfer and output vector transfer as each DPU handles
only a portion of the input and output vector stored in its
DRAM bank. However, when DPUs are assigned overlapping
tiles—where tiles share rows of the matrix that are divided
among multiple tiles—each DPU generates numerous partial

results for the output vector. These results are then transmitted
to the host CPU, where they are merged to form the final
output vector. In our work, the CPU cores execute the merge
step in parallel using the OpenMP API. Similar to column-
wise partitioning, we exclusively use the CSC compressed
format for 2D partitioning (denoted as CSC-2D) due to the
inefficiency of the other formats.

2) Thread-Level Parallelism: To leverage the high mem-
ory bandwidth of PIM banked DRAM, each PIM core executes
multiple hardware threads. We assign one partition to each
core and ensure balanced computation across its threads by
evenly distributing the workload, either by row or by column
depending on the matrix compression format. This thread-
level workload balancing helps minimize kernel execution
time.

3) Memory Access Patterns and Kernel Logic: We briefly
describe how threads access data from and to their local
DRAM bank during kernel execution.

First, SpMSpV uses streaming accesses for reading non-zero
values and their indices. To exploit spatial locality and high
bandwidth, each thread fetches large chunks of bytes in a
coarse-grained fashion from DRAM into WRAM (UPMEM’s
scratchpad), then accesses them in a fine-grained fashion.
This also applies to loading the compressed input vector in
SpMSpV, where memory access patterns are more localized
than in SpMV. In SpMV, input vector accesses are input-
driven, determined by the column indices of the non-zero
matrix elements, leading to irregular memory accesses.

Second, threads buffer partial results for the same output
row in WRAM, exploiting temporal locality before writing
back to DRAM. Since multiple threads may update the same
output vector elements concurrently, synchronization primi-
tives (mutexes and barriers) are used to ensure correctness
and avoid race conditions.

B. Adaptive SpMSpV-SpMV Switching

Traversal-based graph algorithms such as BFS, SSSP, and
PPR rely on iterative matrix-vector multiplications. A critical
characteristic of these algorithms is that the sparsity of
the input vector changes across iterations—typically starting
sparse and becoming denser as the algorithm progresses. Since
SpMSpV is more efficient when the input vector is sparse
while SpMV performs better when it is dense, switching
between them at the right point can significantly reduce total
execution time.

We analyzed various SpMV and SpMSpV implementations
to identify the most efficient options for graph applications,
selecting CSC-2D for SpMSpV and DCOO (the best 2D-
partitioned SpMV from SparseP) for SpMV (see Sections VI-A
and III for details). Figure 4 compares per-iteration total
execution time for two algorithms and datasets using two
strategies: (D) SpMV-only for all iterations and 2) SpMSpV-
only for all iterations. The x-axis shows iteration time (ms),
and the y-axis shows input vector density. We observe that
SpMSpV performance scales with input sparsity, while SpMV
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remains steady across iterations. This experiment shows how
performance shifts between these kernels at different densities.
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Fig. 4. Execution time per iteration on UPMEM for BFS and SSSP of two
datasets using SpMV and SpMSpV.

1) Empirical Cost Model and Switch Point: We define
the optimal switching point as the input vector density—the
ratio of non-zero entries to the total number of nodes,
expressed as a percentage—at which SpMV begins to outper-
form SpMSpV. This threshold varies based on the structural
characteristics of the graph dataset.

To identify these switching behaviors, we analyzed a
diverse set of real-world graphs and found a consistent trend:
(@D Regular graphs (e.g., road networks), which have low
average degrees and uniform degree distributions, exhibit an
optimal switching point around 20% density, and ) Scale-free
graphs (e.g., web and social networks), which have skewed
degree distributions and higher average degrees, exhibit a
switching point around 50% density. Based on this observation,
we categorize datasets into two classes—regular and scale-
free—and use this classification to guide the kernel selection
process.

To automate this selection at runtime, we design a
lightweight decision tree model trained on a diverse set of real-
world graphs. Our decision tree distinguishes between two
dominant graph types—regular and scale-free—which cover
most real-world graphs, enabling a practical and generalizable
kernel switching mechanism. The model takes as input two
graph features: the average node degree and the standard
deviation of degrees. It classifies the graph into one of the two
categories and selects the appropriate switching threshold.
At runtime, we monitor the input vector density in each
iteration. Once the density exceeds the threshold predicted

by the decision tree, we transition from the SpMSpV kernel
to the SpMV kernel.

We conducted a sensitivity analysis on the switching
threshold and found that a 10% deviation results in less than
5% increase in total runtime on average. For example, as
shown in Figure 4, using a 60% switching threshold instead of
50% for the ’A302° dataset increases the total runtime by only
2.5%.! This demonstrates that our adaptive model is robust
to modest threshold errors.

2) Runtime Overhead and Practicality: Both the re-
quired graph statistics and the classification are computed
once during pre-processing on the CPU. The model is compu-
tationally lightweight, incurs negligible runtime overhead,
and runs efficiently on the CPU. This strategy enables
adaptive and dataset-aware kernel selection, ensuring that
the most efficient matrix-vector multiplication kernel is used
throughout execution.

V. EVALUATION METHODOLOGY
A. Graph Applications

We implement three widely-used graph algorithms—BFS,
SSSP, and PPR—each with real-world applications [10], [63],
[64]. BFS finds neighboring nodes [49], [50]; SSSP enables
routing in road networks [51]-[53]; PageRank ranks web
pages [65], and its personalized variant, PPR, emphasizes
node importance from a specific source for recommendations
and local search [54]. All rely on matrix-vector multiplication
with different semirings (see Table I). A broader set is listed
in [7]. These algorithms are representative and our findings
generalize to similar workloads.

TABLE I
ALGORITHMS WITH THEIR SEMIRINGS.

[ Algorithm | Semiring | Operations ($ and ®) |

BFS 0,1 | &
SSSP R U min +
PPR R + X

"We note that the ’A302” has an iteration at around 30% input vector
density followed by an iteration with around 60% density, so no single
iteration has a 50% density. Our switching point is the first iteration after
exceeding 50% density.



B. Tools

For the real machine experiments, we conduct our evalu-
ation on an UPMEM PIM system featuring a 2-socket Intel
Xeon Silver 4110 CPU [66] running at 2.10 GHz (host CPU),
128 GB of standard DDR4-2400 main memory [67], and 20
UPMEM PIM DIMMs offering 160 GB of PIM-capable memory
and 2560 DPUs. We also use PIMulator, an advanced UPMEM
simulator [68] to gain deeper insights and gather additional
performance metrics.

C. Data Sets

We selected 65 graph datasets from GraphChallenge [69],
spanning diverse domains. Table II summarizes 13 repre-
sentative datasets used in our experiments, showing their
names, abbreviations, edge/node counts, average degrees,
degree standard deviations, and sparsity. Sparsity is defined
as NNZ/NZ, where NNZ is the number of edges and N is the
number of graph nodes. These cover several of our evaluations.
Details on the full set are available in [70].

TABLE II
THE CHARACTERISTICS OF THE EXAMPLE 13 REAL-WORLD DATASETS

Datasets

| Abbreviation | Edge | Node | AVG-Deg [ Deg-std | Sparsity |

amazon0302 A302 899792 262111 6.86 5.41 1.31E-05
as20000102 as00 12572 6474 3.88 24.99 3.00E-04
ca-GrQc ca-Q 14484 5242 5.52 7.91 5.27E-04
cit-HepPh cit-HP 420877 34546 24.36 30.87 3.53E-04
email-Enron e-En 183831 36692 10.02 36.1 1.37E-04
facebook_combined face 88234 4039 43.69 52.41 5.41E-03
graph500-scale18 g-18 3800348 174147 43.64 229.92 1.25E-04
loc-brightkite_edges loc-b 214078 58228 7.35 20.35 6.31E-05
p2p-Gnutellazd p2p-24 65360 26518 793 591 9.30E-05
roadNet-TX r-TX 1541898 1088092 2.78 1.0 1.01E-06
soc-Slashdot0902 5-502 504230 82168 12.27 41.07 7.47E-05
soc-Slashdot0811 s-S11 469180 77360 12.12 40.45 7.84E-05
flickrEdges flk-E 2316948 105938 43.74 115.58 2.06E-04

VI. PERFORMANCE EVALUATION

A. Trade-Offs in SpMSpV Strategies

To understand the advantages and disadvantages of SpM-
SpV implementations based on input vector density, we
compare various versions across several real-world datasets
from different domains. Figure 5 compares four SpMSpV
implementations: COO, CSC-R, CSC-C, and CSC-2D. The
execution times are broken down by Load, Kernel, Retrieve,
and Merge phases for input vector densities of 1%, 10%, and
50%. The x-axis represents the selected datasets and different
implementation types, while the y-axis shows the normalized
execution times relative to the COO version for each dataset.
For clarity, we display only a few representative datasets that
show similar trends, as well as the normalized geometric mean
of all implementations across all datasets. We omit density
results between 1% and 10% and results between 10% and
50% as we observed very similar patterns. Additionally, we
observed that CSR consistently performs worse than other
SpMSpVs across various datasets and input vector densities.
So, we exclude CSR as its performance was, on average, 2.8 X,
12.68x, and 25.23x slower than the other versions at input
vector densities of 1%, 10%, and 50%, respectively. SpMSpV

performance varies depending on dataset features and input
vector density. In particular, we make four key observations.

» First, CSC-2D outperforms other SpMSpV versions across
various datasets at higher input vector densities due to lower
DPU kernel times and partitioning both input and output
vectors. The former will be further analyzed in Section VI-D.
The latter reduces input vector load times compared to CSC-R
and accelerates output vector retrieval compared to CSC-C.
For example, in the ’face’ dataset at 50% density, CSC-2D
reduces input load by 7.3x vs. CSC-R and output storage by
17.5% vs. CSC-C.

» Second, CSC-C outperforms other versions for datasets
like r-PA’ across input vector densities, especially due to lower
retrieve times. The overall execution time in CSC-C is mainly
determined by the time taken to retrieve the output vector,
which is larger than in other CSC-based versions where
each DPU transfers only a small portion of the output to
the CPU. The ’r-PA’ has small, uniform node degrees, so
each DPU produces a small amount of output, which is
efficiently compressed within the DPU, resulting in lower
overall execution time for CSC-C compared to other formats.

» Third, at densities <10%, CSC-2D is not always optimal.
For instance, CSC-R outperforms other versions for the 'g-18’
dataset when the input vector density is below 10%. COO and
CSC-R, which avoid output merging, can be more efficient
than CSC-2D in such cases.

» Fourth, COO generally underperforms due to processing
the full adjacency matrix and transferring the entire input
vector, but remains competitive in select cases.

Summary: CSC format outperforms COO and CSR, but
the optimal partitioning strategy depends on the input
vector density and dataset characteristics.

B. Effectiveness of Kernel Design

1) SpMSpV vs. SpMV: We evaluate how effectively we
reduce the time associated with input vector loading using
SpMSpV. Figure 6 compares the best-performing SpMV from
SparseP with the most efficient SpMSpV version (CSC-2D)
at input vector densities of 1%, 10%, 30%, and 50%. The
execution times are categorized into Load, Kernel, Retrieve,
and Merge phases. The y-axis displays normalized execution
times relative to SpMV for each dataset. We report the
normalized geometric mean of different implementations
across all datasets in the last grouped bar. We make two main
observations: 1) SpMSpV significantly lowers input vector load
time across all densities compared to SpMV, with the largest
gains below 30%. Even at 50%, it remains more efficient, and
(@ SpMSpV consistently outperforms SpMV version across most
densities, and matches SpMV’s performance at 50% density,
showing robust effectiveness.

2) End-to-End Comparison: ALPHA-PIM vs. SparseP:
We compare the end-to-end performance of ALPHA-PIM with
the best-performing SpMV from SparseP, covering the full
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Fig. 6. Comparison of execution time breakdown between the best-performing
SpMV and SpMSpV at input vector densities of 1%, 10%, 30%, and 50%
using 2048 DPUs normalized to SpMV.

execution time per iteration, including data transfers, kernel
computation, and result merging. While our earlier kernel-
level comparison (Section VI-B1) focuses on single-iteration ex-
ecution, this evaluation captures the complete multi-iteration
behavior of graph applications.

Figure 7 reports the normalized execution time of ALPHA-
PIM (with adaptive kernel switching) against SparseP’s SpMV
baseline across three algorithms. ALPHA-PIM achieves an
average speedup of 1.72x for BFS, 1.34x for SSSP, and
1.22x for PPR, highlighting the practical benefit of adaptive
switching over using SpMV exclusively.

C. System-Level Comparison

1) Impact of DPU Scaling on ALPHA-PIM Performance:
Figure 8 shows the execution time breakdown of three
graph algorithms—BFS, SSSP, and PPR—when varying the
number of DPUs (512, 1024, 2048), normalized to 512. The
execution times are broken down by Load, Kernel, Retrieve,
and Merge phases. We note that for these algorithms, each
iteration includes a convergence check to determine if the
algorithm should terminate. Therefore, we include the time
spent on convergence checks in the merge time. The y-axis
displays normalized execution times relative to 512 DPUs for
each dataset. We also report the normalized geometric mean
of different implementations across all datasets in the last
grouped bar. We make three main observations.

» First, in BFS and SSSP, much of the execution time
goes to loading the input vector and retrieving the output,

rely on software-emulated multiplication instead of faster
hardware-based implementations.

» Third, using 2048 DPUs increases input vector load time,
limiting speedup over 1024 DPUs due to higher data transfer
overhead. However, PPR benefits from more DPUs as its heavy
kernel workload parallelizes well.

Recommendations: The lack of inter-DPU communica-
tion leads to substantial vector transfer overhead between
iterations, which could be mitigated by enabling direct
interconnections. In algorithms like PPR, where kernel
time dominates due to extensive floating-point operations,
improved hardware/software support for floating-point is
essential for better performance.

2) UPMEM vs. CPU and GPU: We evaluate the UPMEM
PIM system (Section V-B) against an Intel CPU [71] and
an NVIDIA RTX 3050 GPU [72], focusing on latency, energy
consumption, and compute utilization—defined as the achieved
operations per second as a percentage of peak theoretical
throughput. We report the compute utilization metric to
evaluate the portion of the machine’s peak performance
achieved on these applications in all systems.

This evaluation aims to assess the potential of UPMEM PIM
as a general-purpose accelerator. Detailed micro-architectural
specifications of the CPU and GPU are provided in Table
III. Peak performance for the CPU and GPU systems was
calculated using peakperf [73], while the peak performance of
the UPMEM PIM was determined using the method proposed
in [41]. The peak performance for the GPU, CPU, and UPMEM
systems are 9.1 TFLOPS, 647.25 GFLOPS, and 4.66 GFLOPS,
respectively.

For both CPU and GPU, we report results related to
kernel execution without including data transfers between
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Fig. 8. Execution time breakdown for BFS, SSSP, and PPR algorithms

the host and GPU. In the case of UPMEM-based PIM,
results are presented in two ways: first, reflecting kernel
execution alone, and second, the total execution, which
includes both DPU execution and inter-DPU synchronization.
Energy consumption is measured using Intel RAPL [74] for
the CPU, and NVIDIA SMI [75] for the GPU. For the UPMEM
PIM system, energy is obtained from the DIMMs connected
to the memory controllers via x86 sockets [76].

TABLE III
CPU anD GPU MICRO-ARCHITECTURAL SPECS.

System Total Cores Frequency | Capacity | Bandwidth
Intel i7-1265U 10 (12 threads) 1.8 GHz 64GB 83.2 GB/s
NVIDIA RTX 3050 | 2560 CUDA cores | 1.55 GHz 8GB 224 GB/s

We utilize the GridGraph library [77] for CPU-based
processing and employ cuGraph [78] from the RAPIDS
suite [79] on the GPU, which incorporates algorithms from
NVIDIA’s widely-used nvGRAPH library [60] for efficient
graph analytics. Table IV presents the execution time (in
milliseconds), energy consumption (in joules), and compute
utilization (as a percentage) for three algorithms across all
iterations on selected datasets for each system. We derive
three key observations.

» First, ALPHA-PIM achieves an average speedup of 10.2x
(kernel execution time) and 2.6x (total time) for BFS, 48.8x and
10.4x for SSSP, and 3.6x and 1.7x for PPR over a conventional
CPU baseline.

» Second, ALPHA-PIM shows much higher compute utiliza-
tion with UPMEM averaging: 18.5% (kernel) / 5% (total) for BFS,
31.8% / 7.1% for SSSP, and 6.4% / 2.8% for PPR, compared to only
0.01-0.05% on CPU/GPU. This suggests that the PIM system is
better balanced between memory and compute resources for

across varying DPU counts (512, 1024, 2048), normalized to 512 DPUs.

SpMV/SpMSpV operations. While CPUs and GPUs often face
limitations due to memory bandwidth, PIM systems are more
constrained by their computing capabilities, highlighting an
opportunity for further improvements.

» Third, the GPU outperforms CPU and UPMEM in execution
time and energy efficiency, owing to its mature, highly
optimized parallel architecture. UPMEM, by contrast, faces
two major architectural challenges: () the lack of direct
inter-DPU communication, which requires repeated CPU-
mediated data transfers—especially costly in iterative graph
workloads where input and output vectors are exchanged in
every iteration (see Section VI-C1); and (2) a distributed DRAM
architecture without global memory sharing, which prevents
data reuse across DPUs and increases memory movement
overhead. Additionally, as we will analyze in Section VI-D,
UPMEM suffers from underutilized DPU kernel execution,
with low IPC and idle cycles caused by structural hazards and
synchronization overheads. While PIM shows great promise
for near-data processing, these bottlenecks currently limit its
competitiveness. Our goal is to deeply characterize these issues
and inform future PIM hardware and software optimizations.

D. In-Depth Kernel Bottleneck Analysis in ALPHA-PIM

We previously observed that GPUs outperform UPMEM due
to their superior computational throughput, while UPMEM, as
a newer technology, requires further optimization to achieve
competitive performance. This section examines architectural
bottlenecks in SpMSpV and SpMV kernels that hinder the
performance of graph applications on UPMEM. We analyzed
detailed profiling metrics obtained from PIMulator [68]. Using
PIMulator, we identify key microarchitectural bottlenecks in
UPMEM-PIM that contribute to performance loss, providing



TABLE IV
ExecuTioN TIME (Ms), COMPUTE UTILIZATION (%), AND ENERGY CONSUMPTION (J) IN CPU, GPU, AND PIM FOR DIFFERENT DATASETS

Execution Time (ms)

Compute Utilization (%) Energy Consumption (J)

Algo. System A302 as00 s-S11 p2p-24 e-En face | A302 as00 s-S11 p2p-24 e-En face | A302 as00 s-S11 p2p-24 e-En face
CPU 541.1 38.5 44.5 117.1 44.5 271 0.09 0.002 0.07 0.001 0.04 0.02 17.30 0.90 1.05 3.18 1.10 0.64

BES GPU 7.08 0.89 2.2 1.23 1.22 0.96 0.50 0.01 0.11 0.01 0.09 0.04 0.14 0.02 0.05 0.03 0.02 0.02
UPMEM-Kernel 76.6 2.62 8.2 5.67 8.24 3.53 90.1 3.58 55.7 3.81 26.8 22.2 35.6 1.22 3.80 2.63 3.82 1.64
UPMEM-Total 241.1 13.3 33.4 23.0 31.5 9.55 28.6 0.71 13.7 0.94 7.01 8.20 111.9 6.15 15.5 10.7 14.6 4.43

CPU 1900 61 1056 166.5 656.1 232 0.04 0.002 0.01 0.002 0.01 0.01 57.2 1.52 24.5 4.74 13.6 6.44

SSSP GPU 12.7 13.0 12.9 12.8 12.5 13.1 0.42 0.0007 0.04 0.002 0.01 0.02 0.25 0.26 0.26 0.26 0.25 0.28
UPMEM-Kernel 62.7 4.3 8.3 7.9 11.8 5.3 165 4.36 131 6.98 39.5 40.1 29.1 0.20 3.84 3.67 5.46 2.46
UPMEM-Total 340 19.9 49.3 29.9 43.3 20.2 30.5 0.94 21.9 1.85 10.7 10.5 158 9.23 22.9 13.9 20.1 9.36

CPU 216 126 177 88.5 197 84.0 0.13 0.002 0.02 0.004 0.02 0.01 7.25 3.46 4.48 2.22 5.63 2.40

PPR GPU 18.2 14.3 18.6 13.0 18.0 12.7 0.11 0.002 0.02 0.003 0.01 0.01 0.35 0.28 0.33 0.27 0.31 0.26
UPMEM-Kernel 78.5 37.2 76.5 17.7 58.7 22.4 51.4 0.90 10.6 2.71 8.66 6.49 36.6 13.8 17.3 26.3 27.4 10.1
UPMEM-Total 196.2 45.9 144 46.9 84.4 104 20.5 0.73 3.97 1.22 6.09 1.40 91.0 21.3 66.7 21.8 38.7 48.6

insights into kernel behavior that are difficult to obtain from
real-system experiments.

1) DPU Utilization and Thread-Level Activity: Figure 9
breaks down DPU execution into: () periods when the thread
scheduler actively issues threads into the pipeline (green bar);
and (2) periods when the scheduler is idle (non-green bars),
caused by threads waiting on memory operations, pipeline
scheduling constraints, or structural hazards in the register
file. These factors limit DPU utilization, leading to low IPC.
We make four key observations.
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Fig. 9. DPU runtime breakdown into active (green) and idle (non-green bars)
cycles for SpMV and SpMSpV at input vector densities of 1%, 10%, and 50%.
Idle cycles are categorized by stall reasons: memory (gray), revolver pipeline
(light blue), and RF structural hazard (dark blue).

» First, SpMSpV with input densities > 10% shows a higher
percentage of issuable cycles than SpMV. This is because
SpMSpV focuses only on the non-zero entries of the input
vector, reducing unnecessary computation and improving
memory access locality. This results in fewer stalls and better
DPU pipeline utilization, allowing more instructions to be
issued per cycle.

» Second, as input density increases in SpMSpV (from 1%
to 50%), revolver pipeline stalls decrease. Higher input density
means more non-zero elements are available per active column,
enabling better instruction-level parallelism. This reduces
scheduling gaps in UPMEM’s revolver pipeline, which requires
11 cycles between dispatching consecutive instructions from
the same thread.

» Third, SpMV suffers from more memory and register file
(RF) stalls compared to SpMSpV. SpMV accesses the entire

input vector—regardless of actual sparsity—leading to irregular
and less predictable memory access patterns, which increase
memory stalls. Additionally, since every matrix element
contributes to output updates, SpMV generates more RF
contention, whereas SpMSpV avoids many such operations
by skipping zero elements.

» Fourth, at 1% density, SpMSpV exhibits higher revolver
pipeline stalls compared to higher densities. At low density,
fewer active columns lead to reduced useful computation per
thread and more frequent synchronization on shared output
vector entries. In CSC-based SpMSpV, mutexes serialize these
updates, preventing multiple tasklets from progressing simul-
taneously, which underutilizes the pipeline despite having
sufficient tasklets. This combination of low computational
load and contention leads to elevated revolver stalls.

Figure 10 presents the average number of active threads per
cycle for SpMV and SpMSpV kernels across various datasets
and input vector densities. SpMSpV achieves higher thread
activity as input density increases, benefiting from more parallel
work per DPU. At 1% density, limited active columns reduce
thread engagement, but this improves at 10% and 50%. In
contrast, SpMV shows lower thread activity due to irregular
input access, reinforcing its lower DPU utilization observed
earlier.

Recommendations: Revolver pipeline efficiency could be
improved by adding intra-thread data forwarding for inde-
pendent instructions, as proposed in [68]. Further, enabling
non-blocking DMA would let tasklets continue computa-
tion while waiting for memory, requiring changes to the
pipeline’s thread dispatch logic to improve instruction-level
parallelism.

2) Instruction Mix and Synchronization Overheads:
Figure 11 presents the instruction mix across SpMV and
SpMSpV at 1%, 10%, and 50% input vector densities. Three
key insights follow:

» First, synchronization instructions (e.g., barrier, mu-
tex_lock) account for a large share in SpMSpV, especially at
low densities. Sparse input leads to fewer active updates
and higher contention over shared output entries, increasing
synchronization. Higher densities distribute updates more
evenly, reducing contention and synchronization overhead.
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» Second, SpMV exhibits more arithmetic operations than
SpMSpV, as it processes all rows regardless of input vector
sparsity, while SpMSpV skips inactive columns.

» Third, scratchpad instructions account for a non-trivial
share across all implementations due to UPMEM’s scratchpad-
centric model, which requires explicit DRAM-to-WRAM trans-
fers as all register operands must be loaded from WRAM.
To mitigate this overhead, UPMEM executes Load/Store in-
structions with single-cycle latency [68], preserving efficiency
despite the lack of automated caching.

Recommendations: Implementing more efficient synchro-
nization techniques could reduce idle time and improve
system efficiency.
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VII. RELATED WORK

To our knowledge, this is the first study to extensively
characterize linear-algebraic graph processing on a real PIM
system. We provide a brief overview of related prior work.

Graph Processing in PIM Systems. PIM-based accelerators
boost graph processing by improving memory bandwidth
efficiency, integrating computation directly within memory
to reduce data transfers and mitigate bandwidth bottlenecks
[21], [33]-[40], [80]-[82].

Sparse Computation in PIM Systems. Giannoula et al.
[41] present the first SpMV library for real PIM systems. Sun
et al. [83] design buffer-optimized DIMMs enabling inter-
DIMM communication for irregular tasks like SpMV and

graph processing. Fujiki et al. [84] enhance GPU memory
controllers by integrating PIM cores to convert matrices into
DCSR format. Xie et al. [85] propose a 3D PNM design for
SpMV using heterogeneous PIM in HMC. Zhu et al. [86]
develop a PIM accelerator for SpMM in 3D-stacked memory
systems.

Graph Processing in Commodity Systems. Several CPU-
based frameworks support either sequential or coarse-grained
parallel programming models. To address scalability chal-
lenges, distributed CPU-based frameworks have been devel-
oped to tackle issues such as synchronization overhead and
load imbalance [87]-[94]. Several GPU-based frameworks
implement graph primitives, with specialized parallel graph
algorithms [62], [95]-[117]. However, these frameworks do not
generalize well across different types of graph applications but
show significant performance gains. Generalized frameworks
[59], [118]-[124], [124]-[143] offer greater programming
flexibility. Studies on GPU-optimized SpMV [44], [58], [144]-
[150] focus on efficient matrix formats (e.g., CSR, COO). Tools
like CISpMV [151] and ML methods [57] help select formats,
while libraries such as MKL [152] and cuSPARSE [153] are
widely used, with some research exploring tensor cores [154].

VIII. CONCLUSION

We introduce ALPHA-PIM, the first linear-algebraic graph
application framework designed for a real PIM system, and
conduct a comprehensive analysis of widely-used graph
algorithms on UPMEM. Our study underscores the crucial role
of selecting effective partitioning strategies and compressed
matrix formats to enhance performance on PIM systems.
We demonstrate the critical need for PIM architectures
incorporating direct inter-DPU communication capabilities to
address data transfer challenges in graph applications, paving
the way for future advancements in PIM technology for large-
scale graph processing tasks.
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