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 A B S T R A C T

Sparse matrix–vector multiplication (SpMV) is a fundamental kernel in many applications, yet its performance 
is severely limited by irregular memory accesses and the accumulation of partial results on conventional 
architectures. While processing-in-memory (PIM) architectures mitigate data-movement overhead using high 
internal bandwidth, efficiently handling sparse data layouts and reducing partial results across distributed 
memory banks remain key challenges.

This paper proposes SparsePIM+, an HBM-based PIM architecture that accelerates SpMV through software–
hardware co-design. SparsePIM+ introduces a software optimization that clusters matrix columns based on 
row-index similarity while balancing non-zero element distribution across bank groups to improve accumu-
lation parallelism. It also employs a DRAM row-aligned sparse format (DRAF) that aligns sparse operands 
with DRAM row-buffer granularity to reduce indirect memory accesses and redundant data movement. On 
the hardware side, SparsePIM+ integrates bank-group accumulators (BGAs) for local accumulation within 
each bank group, where a bank group consists of four banks, and a logic-die global accumulator (GA) that 
aggregates partial results across bank groups via a lightweight arbitrator. The accumulated results are stored in 
an on-die buffer accessible by host memory controllers, enabling concurrent PIM execution and accumulation. 
Experimental results show that SparsePIM+ significantly improves accumulation efficiency and achieves an 
average speedup of 1.38× over prior HBM-based PIM designs for SpMV and 6.16× over an NVIDIA RTX 3080 
GPU baseline, with a maximum speedup of up to 15.48×.
1. Introduction

Sparse matrix vector multiplication (SpMV) is a foundational kernel 
in scientific computing, graph analytics, circuit simulations, and ma-
chine learning workloads [1–9]. However, its performance is typically 
restricted by memory behavior rather than arithmetic computations 
since SpMV kernels generate highly irregular memory accesses, leading 
to poor compute-core utilization and inefficient use of the memory 
hierarchy. As a result, even highly optimized CPU/GPU implementa-
tions remain bottlenecked by off-chip bandwidth, access granularity, 
and index-driven accesses.

Processing-in-Memory (PIM) architectures, especially HBM-based 
PIM, have emerged as a promising approach that can mitigate data-
movement costs in memory-intensive kernels by pushing compute cores 
closer to DRAM [10–12]. Prior studies demonstrate that in-memory 
accumulation and carefully orchestrated dataflows in HBM-based PIM 
can reduce data movement overhead and improve energy efficiency
[10–15]. In particular, SparsePIM [15] introduced a DRAM row-aligned 
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format (DRAF) together with bank-group accumulators (BGAs) to im-
prove SpMV efficiency by reducing redundant row activations and 
enabling accumulation within each bank group (BG), where each BG 
consists of four banks.

Nevertheless, today’s PIM approaches still face a fundamental scal-
ability bottleneck when executing SpMV. Although BGAs can reduce 
partial results across banks within the same BG, the merged partial 
results must still be written back to the corresponding banks. These 
partial results are then fetched by the host memory controllers for 
global accumulation. Our analysis shows that this host-driven global 
accumulation incurs substantial data movement overhead, resulting in 
1.56×–11.81× higher data fetch time than in-memory computation, 
thereby inflating end-to-end latency and energy consumption.

The prior research for SpMV executions on HBM-based PIM ad-
dresses several performance hurdles of SpMV in-memory computations 
by aligning sparse data with DRAM row-buffer granularity and perform-
ing local accumulation within BGs to curtail redundant activations and 
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bank conflicts [15]. However, inter-BG accumulation remains an open 
problem that fundamentally limits performance and energy efficiency 
of SpMV on HBM-PIM, especially for matrices with heavy inter-bank 
row collisions. Another inefficiency arises from the fact that during 
PIM execution column commands do not utilize through-silicon vias 
(TSVs) for data movement. Instead, data transfers occur only between 
the DRAM subarray and the internal processing units. As a result, a sub-
stantial portion of TSV bandwidth remains idle throughout most PIM 
operations. Prior PIM architectures have not exploited these unused 
TSV cycles, leaving valuable vertical bandwidth underutilized during 
active computation.

This work builds upon SparsePIM [15] by extending its architectural 
and execution model to address remaining scalability bottlenecks. The 
prior work demonstrates that employing a DRAM row-aligned format 
(DRAF) together with bank-group-level accumulation through bank-
group accumulators (BGAs) effectively reduces redundant row activa-
tions and improves in-memory execution efficiency. However, overall 
performance remains constrained by inefficient inter-BG partial-result 
handling and the underutilization of vertical bandwidth. In order to 
further tackle the performance hurdles of SpMV computations in HBM-
based PIM, we propose SparsePIM+ in this work. SparsePIM+ preserves 
the core design principles of the prior research, namely, row-buffer-
aware data compression and near-bank parallel execution. SparsePIM+ 
augments this framework with new logic-die-level computation and 
execution-flow mechanisms. Specifically, by exploiting global accumu-
lators on the logic die of an HBM stack and an opportunistic TSV-aware 
execution scheme, SparsePIM+ reduces the dominant data movement 
cost for inter-BG reduction and enables scalable SpMV execution across 
all banks without reintroducing read amplification.

We evaluate SparsePIM+ using a modified DRAMSim3 [16] simula-
tor. Our evaluation results show that SparsePIM+ achieves up to 15.48×
speedup compared to SpMV kernels using the cuSPARSE library on a 
GPU. In addition, the proposed DRAM row-based compression format 
reduces memory usage by up to 29.82% compared to the conventional 
coordinate (COO) compression format. The computation engines in 
SparsePIM+ can efficiently parallelize the computations of non-zero 
elements with the proposed DRAM row-based data allocation format. 
We also estimate the power and area overhead of SparsePIM+. The 
estimated dynamic power consumption of a single BGA is 31.85 μW, 
which meets the thermal design power (TDP) requirements of the 
existing HBM-PIM.

The key contributions of SparsePIM+ are summarized as follows:

• We propose global accumulators (GAs) for performing inter-BG 
reduction on the logic die of an HBM stack. Beyond BGAs work-
ing within BGs, GAs ingest partial sums from all banks and 
perform parallel reduction using a merge/buffer-tree organiza-
tion. By aligning streams on row indices (index-sorted merg-
ing), GAs eliminate the dominant DRAM re-read path for inter-
bank merges, substantially reducing partial-result read time and 
off-chip energy.

• SparsePIM+ exploits underutilized TSVs for transferring partial 
results to GAs. Because PIM column commands do not occupy 
TSV resources, TSVs remain idle during subarray-level in-memory 
computation. We propose leveraging the underutilized vertical 
bandwidth to opportunistically forward partial sums from banks 
to GAs without modifying HBM timing or command protocols. 
This mechanism converts idle TSV cycles into effective reduc-
tion bandwidth, mitigating global-merge stalls and improving 
inter-bank accumulation efficiency.

• We propose software-assisted preprocessing and execution flow 
for SparsePIM+. Host-side preprocessing converts inputs to a 
DRAF variant tailored for PIM execution (row-index alignment 
and column grouping). Execution proceeds with BGA-based and 
GA-based inter-BG merging running in parallel without requiring 
protocol changes or timing assumptions in HBM.
2 
(a) Inner product

(b) Outer product

Fig. 1. Comparison of SpMV computation.

The remainder of this paper is organized as follows. Section 2 
reviews SpMV formats, the baseline HBM-based PIM architecture, and 
relevant background for SpMV execution on PIM systems. Section 3 
discusses prior PIM-based approaches proposed for accelerating SpMV. 
Section 4 analyzes the performance overhead of partial-result reduc-
tion and motivates the design of SparsePIM+. Section 5 presents the 
SparsePIM+ architecture and its execution flow. Section 6 describes 
the evaluation methodology and experimental results, including perfor-
mance and hardware overhead analysis. Section 7 reviews additional 
related work on PIM architectures and SpMV accelerators. Finally, 
Section 8 concludes the paper.

2. Background

2.1. Sparse compression formats

Sparse compression formats are widely adopted to reduce the stor-
age overhead of datasets that contain a large proportion of zero-valued 
elements. However, while these formats significantly decrease mem-
ory footprint, they often introduce non-trivial performance challenges 
when deployed on parallel processing architectures. In large-scale 
workloads dominated by sparse matrix vector multiplication (SpMV), 
sparse matrices typically include vast numbers of zero entries, making 
naïve dense representations highly inefficient.

To avoid unnecessary storage and computation on zero values, 
sparse matrices are commonly represented by storing only non-zero 
elements along with their corresponding indices using compression for-
mats. Among these, coordinate (COO), compressed sparse row (CSR), 
and compressed sparse column (CSC) formats are the most widely used 
in modern applications [17]. COO explicitly records two-dimensional 
coordinates for each non-zero element, whereas CSR and CSC employ 
pointer arrays to indicate the starting positions of non-zero elements 
along rows or columns, respectively.

Although these representations are storage-efficient, they funda-
mentally rely on indirect memory accesses driven by index lookups. 
As a result, processing units must fetch non-zero values together with 
their indices to perform SpMV computations. This access pattern leads 
to highly irregular memory behaviors, which severely limit effective 
utilization of both compute resources and memory bandwidth in con-
ventional processors [18–20].

To mitigate these inefficiencies, prior studies have proposed al-
ternative compression formats tailored to specific hardware targets, 
such as GPUs [21–25] and domain-specific accelerators [26–29]. These 
approaches improve performance by reorganizing sparse data to en-
hance memory coalescing, reduce control divergence, or increase par-
allelism. Nevertheless, sparse compression formats that explicitly con-
sider the architectural characteristics of PIM systems — particularly 
those based on two-dimensional DRAM cell arrays — remain relatively 
underexplored.
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Fig. 2. HBM architecture and organization.
2.2. SpMV computation methods

SpMV can be implemented using two fundamentally different strate-
gies: inner product and outer product, as illustrated in Fig.  1. The 
inner product approach computes each output element as a dot product 
between a matrix row and the input vector. In this scheme, partial 
products generated from non-zero elements within a single row are 
accumulated to produce one element of the result vector, as shown in 
Fig.  1(a).

For dense matrices, the inner product method can effectively exploit 
data-level parallelism and reuse input vector elements via local buffer-
ing. However, when applied to sparse matrices, this approach incurs 
substantial overhead due to index matching between sparse matrix 
entries and the input vector. Furthermore, because the number of non-
zero elements (NZEs) varies across rows, the computational workload 
per output element becomes highly imbalanced. Such irregularity de-
grades performance on architectures that favor uniform and predictable 
execution patterns [30–32].

In contrast, the outer product approach decomposes SpMV into a 
sequence of vector–scalar multiplications between individual matrix 
columns and corresponding elements of the input vector, as shown in 
Fig.  1(b). Each multiplication generates a partial result vector indexed 
by row positions, and the final output vector is obtained by accumu-
lating these partial results across all columns. This approach avoids 
explicit index matching during multiplication, as each operation simply 
scales a sparse column by a scalar input value.

While the outer product method enables simpler multiplication 
logic and immediate generation of partial results, it introduces ad-
ditional challenges related to intermediate storage. Specifically, par-
tial results associated with the same row index must be accumulated 
across different columns, requiring extra buffering and accumulation 
mechanisms. Therefore, efficient dataflows and storage management 
strategies are essential to control the overhead of intermediate data in 
outer-product-based SpMV implementations [13,33].

2.3. High bandwidth memory

High bandwidth memory (HBM) is a three-dimensional stacked 
memory technology designed to provide substantially higher band-
width and improved energy efficiency compared to conventional DRAM 
architectures [34–45]. HBM achieves these benefits by vertically stack-
ing multiple DRAM dies on top of a logic die and interconnecting 
them through TSVs, as illustrated in Fig.  2 [36,46]. The logic die, also 
referred to as the base die, contains peripheral components such as 
data buffers, I/O circuitry, and physical interfaces (PHYs), and serves 
as the communication interface between the stacked memory dies and 
external processors via a silicon interposer. Each stacked memory die 
functions similarly to a conventional DRAM chip and contains arrays 
of DRAM cells organized into banks.

As shown on the left side of Fig.  2, an HBM stack is hierarchi-
cally organized into multiple channels, each supporting 128-bit-wide 
3 
data transfers. To increase memory-level parallelism, each channel is 
further divided into two independent 64-bit pseudo-channels (pCh). 
While the two pChs share the same physical data bus, they maintain 
separate command and address interfaces. Each pCh contains multiple 
bank groups (BG), and each BG consists of several banks that operate 
independently. Within a bank, data cells are arranged into rows, which 
define the fundamental access granularity. During a read operation, a 
row is activated, and its contents are transferred into the row buffer 
via sense amplifiers. Column selection logic then extracts the requested 
data from the sense amplifiers. In HBM2, each row typically spans 1 KB 
of data [35], making row-level activation a critical factor in memory 
access efficiency.

2.4. HBM-based PIM

Processing-in-memory (PIM) is an architectural paradigm that em-
beds computation capabilities directly within memory devices to al-
leviate the overhead associated with frequent data transfers between 
processors and memory. Recently, a commercial HBM-based PIM ar-
chitecture, referred to as HBM-PIM (a.k.a., Aquabolt-XL [12], FIM-
DRAM [10]), has been introduced [10–12]. As illustrated in Fig.  3, 
HBM-PIM integrates SIMD-style processing units and register files into 
the memory die itself.

To accommodate these processing elements, a portion of the DRAM 
rows within each bank is replaced by logic circuits on the PIM-enabled 
die. Consequently, the storage capacity of a PIM die is reduced com-
pared to a conventional DRAM die. HBM-PIM operates in two modes: 
single-bank (SB) mode and all-bank (AB) mode. In SB mode, the HBM-
PIM behaves similarly to standard DRAM, where commands target a 
specific bank for conventional read/write operations. In contrast, AB 
mode is designed to enable PIM execution by broadcasting memory 
commands to all banks simultaneously, effectively ignoring bank ad-
dress fields. Under this mode, read and write commands — particularly 
column commands — are interpreted as triggers for PIM operations, 
causing the programmed PIM execution in command register files to 
be executed across all activated banks.

Once AB mode is enabled, PIM instructions are triggered by column 
commands and executed concurrently across banks. HBM-PIM provides 
a RISC-style instruction set that includes arithmetic, control, and data 
movement operations [11]. However, since the architecture is primarily 
optimized for dense matrix–vector workloads, it does not natively 
support indirect indexing operations, which are pervasive in sparse 
matrix processing.

3. Previous work

SpMV is a memory-intensive kernel due to its irregular memory 
access patterns originating from indirect indexing  and sparse data 
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Fig. 3. HBM-PIM architecture.
Fig. 4. Execution cycle of SpMV on HBM-PIM by the size of a sparse matrix.

structures. These characteristics often limit performance by generat-
ing a large number of fine-grained and uncoalesced memory transac-
tions. To address this challenge, several studies have explored PIM-
based approaches that accelerate SpMV by exploiting the high internal 
bandwidth and massive parallelism available within memory systems.

SpaceA proposes a PIM architecture for accelerating SpMV on hy-
brid memory cube (HMC) [47]. SpaceA integrates a two-level content-
addressable memory (CAM) hierarchy to accelerate cache tag matching 
inside processing engines and applies software-level optimizations to 
distribute non-zero elements evenly across memory banks. In addition, 
SpaceA maps sparse matrix row data to physical memory rows to 
improve row-level data locality and leverages internal data movement 
capabilities supported by HMC. However, since HMC is not a stan-
dardized memory technology, the applicability of SpaceA is limited to 
specific memory configurations.

pSyncPIM is an HBM-based PIM approach designed to accelerate 
SpMV and sparse triangular solve (SpTRSV) workloads [14]. pSyncPIM 
introduces a partially synchronous execution model that enables semi-
independent bank-level operations, reducing idle cycles caused by ir-
regular computation patterns. While pSyncPIM effectively mitigates 
inefficiencies stemming from fully synchronous execution in HBM-PIM, 
it does not address the indexing overheads imposed by conventional 
sparse matrix compression formats.

SpDRAM [48] presents a DRAM-based SpMV acceleration frame-
work that exploits in-DRAM bit-serial operations [49]. By leveraging 
bitwise computation primitives inside DRAM, SpDRAM performs arith-
metic operations without transferring data to external compute units. 
SpDRAM also proposes a data allocation strategy tailored for bit-serial 
execution. Nevertheless, fully exploiting bit-serial computation requires 
complex bit-level control and orchestration mechanisms, which can 
introduce additional design complexity.

4. Motivation

The performance overhead of SpMV kernels becomes increasingly 
pronounced as modern applications adopt large-scale sparse data struc-
tures. To reduce the storage cost associated with a large number of zero-
valued elements, SpMV kernels typically rely on compressed sparse 
matrix formats. However, as discussed in Section 2.1, compressed 
representations store index metadata together with NZEs, introducing 
indirect memory accesses during computation. Such indirect indexing 
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(a) SB mode (DRAM mode)

  
(b) AB mode (PIM mode)

 

Fig. 5. Data movement paths in SB mode and AB mode.

significantly degrades efficiency in both processing units and mem-
ory systems [50,51]. In addition, NZEs are often distributed unevenly 
across rows or columns in sparse matrices, resulting in substantial 
load imbalance during parallel execution. This imbalance is particularly 
evident in graph analytics and neural network workloads, where sparse 
matrices frequently exhibit power-law distributions in the number of 
NZEs per row or column. In such cases, the overall execution time of 
SpMV is dominated by a small subset of rows or columns containing a 
large number of NZEs, leading to severe performance degradation when 
rows or columns are processed in parallel [52,53].

Load imbalance poses an even greater challenge when SpMV kernels 
are executed on PIM-based architectures, where processing units are 
tightly coupled with individual banks or bank groups within a mem-
ory package. In these architectures, row or column data from large 
sparse matrices are distributed across multiple banks or bank groups, 
while inter-bank communication is typically limited. Consequently, 
non-uniform distributions of NZEs across banks lead to imbalanced 
workloads among bank-level processing engines, significantly reducing 
overall performance. To alleviate this issue, software-level optimiza-
tions are required to balance the distribution of NZEs across banks 
or bank groups associated with processing units. Such techniques aim 
to mitigate workload skew but cannot fully eliminate the fundamental 
challenges arising from irregular sparsity patterns.

To execute SpMV efficiently on PIM platforms, specialized archi-
tectural support is required to handle the irregular access patterns 
and sparsity inherent in sparse matrix computations. Nevertheless, 
existing PIM solutions such as HBM-PIM and GDDR6-AiM are primarily 
optimized for general matrix–vector operations rather than large-scale 
sparse workloads. To examine the performance implications of execut-
ing SpMV on such architectures, we evaluate the execution latency of 
SpMV kernels represented in a dense matrix format using a DRAM-
Sim3-based HBM-PIM simulator [16], as illustrated in Fig.  4. Our 
results show that the execution cycles of SpMV increase rapidly with 
matrix size, indicating poor scalability. This analysis highlights that 
current HBM-PIM architectures exhibit significant inefficiencies when 
processing large-scale sparse matrices.
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Another overlooked inefficiency in existing HBM-based PIM archi-
tectures lies in the underutilization of TSVs during PIM execution. In 
prior HBM-based PIM designs, including HBM-PIM, SparsePIM, and 
pSyncPIM, in-memory computation is performed using only the internal 
DRAM bandwidth between the row buffer and the near-bank processing 
units. During PIM execution, data does not traverse the TSV interface, 
and therefore, no off-die data movement occurs through the TSV links. 
Fig.  5 illustrates the data movement paths in SparsePIM under con-
ventional DRAM mode and all-bank (AB) PIM mode. In DRAM mode, 
data flows vertically through the TSV area between DRAM dies and 
the logic die to serve host read/write requests. In contrast, under AB 
mode for PIM execution, arithmetic operations are performed within 
bank-local processing units, and data movement is confined to intra-
bank and intra-BG paths. As a result, the TSV interface is not actively 
utilized during most PIM computation phases.

This lack of TSV utilization represents a missed opportunity for 
overlapping data reduction with computation. While bank-level SIMD 
units perform multiplications and local accumulation, the vertical band-
width provided by TSVs remains unused. Consequently, inter-bank 
partial-result reduction must either wait for computation to complete 
or rely on additional DRAM read/write operations, increasing latency 
and energy overhead. This observation motivates the need for an 
architecture that can exploit otherwise idle TSV bandwidth during PIM 
execution.

5. SparsePIM+

In this paper, we propose SparsePIM+, an HBM-based PIM architec-
ture designed to execute large-scale SpMV efficiently. As discussed in 
Section 4, practical PIM execution of SpMV requires (i) software sup-
port to mitigate load imbalance across banks/bank groups and (ii) hard-
ware support to reduce the overhead of sparse indexing and partial-
result handling. SparsePIM+ follows the outer-product formulation of 
SpMV and combines three key components. First, SparsePIM+ applies 
a lightweight software preprocessing step to partition matrix columns 
such that NZEs are distributed evenly across bank groups while pre-
serving row-index similarity within each group. Second, SparsePIM+ 
adopts a DRAM-aware compression format, DRAM row-aligned format 
(DRAF), which aligns sparse data layout with the DRAM row buffer 
to minimize inefficient indirect accesses. Third, SparsePIM+ provides 
in-memory partial-result accumulation using a two-level hierarchy: 
(i) bank-group accumulators (BGAs) for intra-BG merging and (ii) a
global accumulator (GA) for inter-BG merging. A lightweight bank-
side arbitrator coordinates local transfers of partial results to GAs, 
enabling efficient reduction across bank groups without introducing a 
centralized controller.

SparsePIM+ performs SpMV operations using an outer-product ap-
proach, as described in Section 2.2. Execution follows the hierarchy 
of an HBM stack (see Section 2.3). A SIMD floating-point unit (FPU) 
associated with two neighboring banks (i.e., even/odd banks within a 
bank group) computes vector–scalar multiplications using NZEs from 
a matrix column and a single input-vector element. Within each bank 
group, a BGA merges partial results produced by the banks within the 
group. To further reduce the performance overhead of reduction across 
multiple bank groups, SparsePIM+ forwards selected partial sums to GA 
through TSV links during available transfer windows to enable inter-BG 
accumulations.

5.1. Software optimizations

SparsePIM+ executes vector–scalar multiplications for the outer-
product SpMV using processing engines distributed across multiple 
banks. Hence, as described in Section 4, NZEs should be allocated 
evenly across banks or bank groups to avoid load imbalancing. In 
addition, SparsePIM+ benefits when NZEs that share the same row 
indices are placed within the same bank group, because intra-BG partial 
5 
results can be merged locally by a local BGA. Accordingly, SparsePIM+ 
employs a software preprocessing step that jointly targets (i) load 
balancing across bank groups and (ii) increased row-index similarity 
within each group.

Fig.  6 illustrates the column-grouping procedure using a 10 × 10 
sparse matrix, where colored blocks represent NZEs. The preprocessing 
first selects a reference (centroid) column (e.g., column 0 in the figure). 
For each remaining column, it computes row-index similarity, defined 
as the number of NZEs whose row indices overlap with those of the 
reference column. In the example, column 1 and column 2 have simi-
larities of 1 and 3, respectively, with respect to column 0. As a result,
column 2 is grouped with the centroid column and assigned to the 
same bank group. Grouping columns with higher row-index similarity 
increases the likelihood that partial results generated by the outer-
product computation share identical row indices, thereby improving 
the effectiveness of BGA accumulation.

We use K-means as the base clustering algorithm for sparse matri-
ces [54] due to its relatively low preprocessing cost compared to more 
complex clustering methods [55–57]. Since SparsePIM+ uses a fixed 
number of bank groups for in-memory computations, the number of 
clusters is set to the number of bank groups on PIM dies. However, 
naïve K-means does not guarantee a balanced distribution of NZEs 
across clusters because columns can have highly varying numbers 
of NZEs. To address this limitation, SparsePIM+ applies a two-stage 
preprocessing flow consisting of bounded cap K-means followed by a
refinement step.
Algorithm 1 Bounded cap K-means

Input: col.nz[] (each c has nNZE(c), fmap(c)), k, maxIter, delta
Output: col.bg[] (initial assignment)

1: 𝑡𝑜𝑡𝑎𝑙𝑁 =
∑

𝑐 𝑛𝑁𝑍𝐸(𝑐)
2: 𝑚𝑖𝑛𝐶𝑎𝑝 = (𝑡𝑜𝑡𝑎𝑙𝑁∕𝑘) ⋅ (1 − 𝑑𝑒𝑙𝑡𝑎)
3: 𝑚𝑎𝑥𝐶𝑎𝑝 = (𝑡𝑜𝑡𝑎𝑙𝑁∕𝑘) ⋅ (1 + 𝑑𝑒𝑙𝑡𝑎)
4: Initialize centroids[] ← random columns
5: for each column c in col.nz[] do 
6: for each bgIdx = 0… 𝑘 − 1 do 
7: if 𝑛𝑁𝑍𝐸(𝑐𝑜𝑙.𝑏𝑔[bgIdx]) + 𝑛𝑁𝑍𝐸(𝑐) ≤ 𝑚𝑎𝑥𝐶𝑎𝑝 then 
8: 𝑐𝑜𝑠𝑡 ← 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑓𝑚𝑎𝑝(𝑐), 𝑐𝑒𝑛𝑡𝑟𝑜𝑖𝑑𝑠[bgIdx])
9: if 𝑛𝑁𝑍𝐸(𝑏𝑔) < 𝑚𝑖𝑛𝐶𝑎𝑝 then 
10: 𝑐𝑜𝑠𝑡 ← 0.5 × 𝑐𝑜𝑠𝑡 (discount cost)
11: end if
12: end if
13: assign c to the col.bg[bgIdx] with the smallest cost
14: end for
15: if no suitable cluster found then 
16: assign c to the smallest 𝑛𝑁𝑍𝐸(𝑐𝑜𝑙.𝑏𝑔[bgIdx])
17: end if
18: end for
19: Update centroids (avg. each cluster’s fmap(c)) 
20: return  col.bg[]

Algorithm 1 describes the first stage, bounded cap K-means, of the 
software optimization. This algorithm extends standard K-means by 
explicitly constraining the number of NZEs assigned to each cluster 
using upper and lower bounds, defined by maxCap and minCap. During 
assignment, a column is considered for a cluster only if adding its 
NZEs does not exceed maxCap. To prevent clusters from remaining 
underfilled, a cost discount is applied when the current NZE count of a 
cluster is below minCap. This stage produces an initial assignment that 
balances row-index similarity and NZE distribution across bank groups.

Algorithm 2 presents the second stage, refinement, which further im-
proves load balancing across bank groups. While bounded-cap K-means 
enforces capacity constraints, residual imbalance may still remain due 
to the discrete nature of columns. The refinement step identifies a 
cluster with excessive NZEs (big cluster) and a cluster with insufficient 
NZEs (small cluster), and then attempts to migrate a column from the 
former to the latter. A migration is allowed only when the resulting 
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Fig. 6. Simplified execution flow of grouping columns based on row index similarity.
Algorithm 2 Refinement
Input: col.bg[], col.nz[], refineIter, th
Output: col.bg[] (refined assignment)

1: for 𝑖𝑡𝑒𝑟 = 1… 𝑟𝑒𝑓𝑖𝑛𝑒𝐼𝑡𝑒𝑟 do 
2: Identify ‘‘big cluster’’ and ‘‘small cluster’’ in col.bg[] 
3: for each column c do 
4: if moving c from big cluster to small cluster and distance 

change < th then 
5: Move c to small cluster
6: end if
7: end for
8: if no improvement then 
9: break
10: end if
11: end for
12: return  col.bg[]

increase in distance, reflecting loss of row-index similarity, is smaller 
than a predefined threshold th. This process is repeated for a bounded 
number of iterations, yielding a final assignment that improves load 
balance while preserving row-index similarity.

We summarize the two steps of the software optimization as follows:
Bounded cap K-means:  The clustering objective is to group 

columns with high row-index similarity while keeping each cluster 
within the NZE capacity bounds. SparsePIM+ computes distances us-
ing feature maps and iteratively updates centroid columns. Unlike 
traditional K-means, bounded-cap K-means enforces NZE capacity con-
straints (minCap, maxCap) to prevent workload skew across bank
groups. The process terminates when the maximum number of itera-
tions is reached or when the centroids stabilize.

Refinement:  The refinement step further reduces residual imbal-
ance across clusters. In each iteration, SparsePIM+ identifies a big 
cluster (above-average NZEs) and a small cluster (below-average NZEs), 
then attempts to move columns from the big to the small cluster if 
the similarity loss is within th. The process continues until refineIter is 
reached or no further improvements are observed.

We compare the complexity of our software optimization approach 
with SpaceA [47]. SpaceA clusters rows to enable data reuse by organiz-
ing partitioned rows such that their internal NZEs share similar column 
indices, and its preprocessing includes assigning rows to logical PEs 
and mapping logical PEs to physical PEs. The first stage dominates its 
execution time, resulting in 𝑂(𝑁𝑃𝐸 ×𝑁𝑁𝑍𝐸 ×log𝑁𝑁𝑍𝐸 ) complexity. In 
contrast, SparsePIM+ assigns columns during bounded-cap K-means by 
comparing n data points (proportional to 𝑁𝑁𝑍𝐸), over k clusters with 
average per-column NZE dimension d, yielding 𝑂(𝑛𝑘𝑑) per iteration 
and 𝑂(𝑛𝑘𝑑𝑡) for t iterations. The refinement step evaluates clusters 
and potentially reassigns columns for r iterations, resulting in 𝑂(𝑛𝑟). 
Since t and r are typically much smaller than n, the overall cost is 
6 
Fig. 7. DRAM row-aligned format for a DRAM row.

dominated by 𝑂(𝑛𝑘𝑑). Depending on sparsity distributions (i.e., d vs. 
log(𝑁𝑁𝑍𝐸 )), the two approaches can exhibit different preprocessing 
overhead trends.

5.1.1. Parameter sensitivity
We analyze the sensitivity of the preprocessing parameters, in-

cluding the capacity slack parameter delta, the number of K-means 
iterations, and the number of refinement iterations. The results re-
veal consistent trends across the evaluated workloads. Decreasing delta
tightens the NZE capacity bounds of clusters and generally improves 
load balance by reducing the standard deviation of NZEs across bank 
groups. In contrast, larger delta values allow greater flexibility during 
clustering and tend to increase row-index similarity within clusters. 
The number of K-means iterations mainly affects clustering quality: in-
creasing the iteration count slightly improves row-index similarity but 
provides limited benefit to load balance. On the other hand, the number 
of refinement iterations has the most direct impact on load balancing, 
as additional refinement steps progressively migrate columns from 
overloaded clusters to underutilized ones. Overall, these observations 
indicate that K-means iterations primarily control clustering quality, 
refinement iterations regulate the distribution of NZEs across clusters, 
and delta acts as a tuning parameter that adjusts the trade-off between 
row-index similarity and load balance.

5.2. DRAM row-aligned format

SparsePIM+ adopts a column-oriented sparse compression format 
aligned with DRAM row organization, referred to as DRAF (DRAM row-
aligned format). Conventional sparse formats rely on index metadata 
to locate non-zero elements (NZEs), which introduces indirect memory 
accesses that are inefficient for DRAM’s two-dimensional cell organi-
zation. To reduce this overhead under an outer-product formulation, 
DRAF organizes column data and the required indices so that PIM 
operations can directly consume operands from the DRAM row buffer 
with minimal data movement.

Fig.  7 illustrates the construction and organization of DRAF within a 
DRAM row, where bracketed numbers indicate the number of elements 
stored in each field. We assume FP16 operands (2 bytes) for matrix 
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Fig. 8. Overview of proposed SparsePIM+.

and vector values and 4-byte entries for row and column indices. Since 
SparsePIM+ targets HBM2, DRAF is constructed to fit within a 1 KB 
DRAM page [35]. The construction process begins by selecting a set 
of matrix columns assigned to the same bank group. For each selected 
column, non-zero elements are grouped in blocks of up to 16 values 
while preserving sorted row-index order, and the corresponding row 
indices are packed alongside the values.

As shown in the figure, DRAF packs multiple data fields into a 
fixed layout within a DRAM row, including column indices, NZE val-
ues, row indices, a partial result buffer, and the corresponding input 
vector elements. Under the assumed configuration, a single DRAM row 
can encapsulate up to seven groups of matrix columns, each group 
containing up to 16 NZEs, resulting in a maximum of 112 values and 
112 row indices per DRAM row. If a column contains more than 16 
NZEs, the remaining elements are placed into an additional column 
data group that reuses the same column index and follows the same 
packing procedure.

DRAF also reserves a dedicated field for storing partial results, 
referred to as the partial result buffer in Fig.  7 at the very bottom. Inter-
mediate partial results generated during PIM execution are temporarily 
stored in the DRAM row buffer, eliminating the need for separate on-die 
storage. Because row indices for NZEs are already included in DRAF, 
no additional row-index metadata is required for partial results. Finally, 
the corresponding input vector elements are stored in the vector field. 
Since each DRAM row contains seven matrix columns, seven vector 
elements are stored accordingly. Reserved fields (Rsvd) are included 
to satisfy the 32-byte DRAM column access granularity. In particular, 
after packing the seven column indices and the corresponding vector 
elements, reserved space is inserted to align each logical field to a 32-
byte boundary. By enforcing this 32B alignment, DRAF preserves the 
native DRAM column access granularity, enabling each column read 
to retrieve the required operands in a single DRAM access without 
additional column commands or misaligned fetch overhead.

An additional advantage of DRAF is that it enables efficient reuse 
of the sparse matrix layout across multiple SpMV executions. Once the 
DRAF-formatted rows are constructed and stored in memory, subse-
quent SpMV runs with a different input vector do not require recon-
structing the sparse matrix data. The indices and NZE fields remain 
unchanged, and only the vector field needs to be updated. Specifically, 
by reading the column indices field and updating the corresponding 
vector elements in the vector field, SparsePIM+ can immediately initi-
ate a new SpMV computation using the same DRAF layout. This design 
allows repeated SpMV operations to be executed efficiently without 
modifying the stored sparse matrix structure.

5.3. Hardware architecture

SparsePIM+ includes processing engines for vector–scalar multipli-
cation and bank-group accumulator (BGA) for accumulation of partial 
7 
Fig. 9. Hardware architecture of processing units within a bank group.

results to support outer-product-based SpMV computation. Similar to 
existing HBM-PIM designs [10–12], SparsePIM+ includes register files 
and a 16-lane SIMD FPU for FP16 arithmetic. The SIMD width matches 
the 32-byte DRAM column access granularity. As shown in Fig.  8, 
a single SIMD FPU is associated with two banks (even/odd banks) 
within a bank group. SparsePIM+ stores microkernel-generated PIM 
instructions in command registers and triggers execution using standard 
DRAM commands to guarantee compatibility with conventional HBM 
command sequences.

5.3.1. PIM instructions
SparsePIM+ adds two new PIM instructions, BMOV  and BACC, 

building on the baseline HBM-PIM instruction set [11]. Table  1 presents 
their formats and target components. BMOV  moves a selected element 
from the vector field of the row buffer (Fig.  7) into the scalar register 
to enable vector–scalar multiplications between a matrix column and a 
single input-vector element. BACC initiates partial-result accumulation 
by transferring row indices (from the row indices field in the row buffer) 
and corresponding partial results (from the data registers) into the BGA 
queues. Once the queues are populated, the BGA begins merging entries 
that share identical row indices.

5.3.2. Bank group accumulator (BGA)
The right side of Fig.  9 depicts the hardware architecture of BGA. 

BGA aggregates partial results that share identical row indices within a 
bank group to reduce the number of partial results and improve write-
back efficiency. Since the banks within the same bank group share a 
single BGA, partial results computed by those banks can be merged 
locally. In addition, each pseudo-channel (pCh) is equipped with a 
dedicated global accumulator (GA), resulting in a total of 16 GAs in 
an HBM stack. The software preprocessing in Section 5.1 increases the 
likelihood of row-index matches within a bank group, improving the 
BGA hit rate.

The BGA includes two index queues, where each entry contains a 
row index and its associated partial result. When executing BACC, row 
indices from the row indices field in the row buffer and partial results 
from the data registers are enqueued. Since a DRAM column access is 
32 bytes, a single BACC fills eight queue entries. In this paper, we set 
the depth of each index queue to 16, considering the power constraint 
of an HBM stack.

The BGA performs accumulation using an index comparator unit 
consisting of a comparator, a flush controller, register read/write units, 
and an adder controller. To merge partial results, the comparator 
inspects the head entries of the queues and compares their row in-
dices [58–61]. If the indices match, the corresponding partial results 
are accumulated, one data register is updated with the merged value, 
and the other is cleared. If the indices differ, the entry with the smaller 
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Table 1
PIM instructions added in SparsePIM+.

(a) SparsePIM instructions
Operation Source A Source B Destination
BACC Row buffer Data register BGA
BMOV Row buffer - Scalar register

 (b) Instruction format
31 30 29 28 27 26 25 24 23 22 21 ... 8 7 6 5 4 3 2 1 0

BACC OPCODE Unused SRC0 Unused SRC0 Idx Unused
BMOV OPCODE Unused
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Fig. 10. Global accumulator.

ow index is dequeued. This process repeats until the queues are empty. 
o preserve sorted ordering and prevent queue overflow, the flush 
ontroller clears the queues when necessary (e.g., when a BACC arrives 
hile a queue exceeds a validity threshold). The adder controller 
everages otherwise-idle SIMD adders during outer-product execution 
y routing accumulation operands through the SIMD addition datapath.

.3.3. Global accumulator (GA)
While BGAs reduce partial-result traffic within each bank group, 

heir accumulation scope is limited to intra-BG partial results. In large 
parse matrices, partial results often span multiple bank groups, re-
uiring additional reduction steps beyond bank-group boundaries. To 
ddress this limitation, SparsePIM+ employs a global accumulator (GA)
ocated in the logic die, as illustrated in Fig.  10. GA performs inter-BG 
ccumulation by collecting partial sums generated by multiple BGAs 
nd merging them according to their row indices using a merge-based 
ccumulation structure.
As shown in Fig.  10, partial results forwarded from different bank 

roups enter the GA through TSV interfaces and are processed by 
 hierarchical comparison-and-accumulation pipeline. The GA com-
ares row indices of incoming partial sums and incrementally merges 
atching entries while propagating unmatched entries to subsequent 
tages. To minimize interference with ongoing bank-level computation, 
parsePIM+ schedules partial-result transfers to the GA by exploiting 
vailable TSV transfer windows. This design improves TSV utilization 
nd enables efficient inter-BG accumulation without stalling bank-local 
pMV computations.

.3.4. Bank-side arbitrator
SparsePIM+ also places a lightweight bank-side arbitrator adjacent to 

ach bank group to coordinate partial-result forwarding to the GA. The 

rbitrator serializes competing local requests (e.g., BGA-to-GA transfers S

8 
Fig. 11. Data register double buffering scheme.

s. other bank-group activities that share the same interface resources) 
nd ensures conflict-free partial-result transfers. Unlike centralized con-
rollers, the arbitrator operates locally with minimal control state, 
reserving a simple execution model while enabling efficient inter-BG 
ccumulation.

.4. Execution flow

We now describe the overall execution flow of SparsePIM+. Ini-
ially, an HBM stack operates in single-bank (SB) mode to function 
s a conventional memory device. SparsePIM+ first applies software 
reprocessing to (i) partition matrix columns into bank groups and 
ii) balance the NZE distribution across bank groups, as described 
n Section 5.1. Next, SparsePIM+ compresses the sparse matrix and 
he input vector using the DRAF format (Section 5.2) and stores the 
ormatted data into target bank groups in the HBM stack.
To perform PIM operations, SparsePIM+ switches the HBM stack to 

ll-bank (AB) mode. It then programs the compiled PIM instructions 
nto the command registers of the bank groups and triggers execution 
sing standard DRAM commands. Before computation, the DRAM rows 
ormatted in DRAF are activated (via ACT commands) so that the 
ow-buffer contents, including column indices, non-zero elements, row 
ndices, and vector elements, become accessible to the in-memory pro-
essing units. Because AB mode synchronizes bank-group operations, 
IM instructions across the stack proceed in lockstep while leveraging 
ank-level parallelism.
SparsePIM+ performs outer-product vector–scalar multiplication as 

ollows. Using BMOV, a bank loads one element from the vector field 
n the row buffer into the scalar register. Then, the SIMD multipliers 
ompute vector–scalar products between the scalar and the NZEs in the
ZEs field, producing 16 partial results that are stored in data registers.
Next, SparsePIM+ initiates intra-BG accumulation via BACC. Row 

ndex values in the row indices field are transferred to the BGA queues 
ogether with the corresponding partial results from the data registers. 
he BGA merges partial results that share identical row indices and 
rites merged values back to the data registers to reduce the number 
f partial results produced within the bank group.
After intra-BG accumulation, SparsePIM+ manages the movement 

f partial results using a double-buffered data register organization, 
s illustrated in Fig.  11. Each bank group maintains two data regis-
ers that alternate their roles between computation and data transfer. 
hile one data register is actively used as the operand storage for 

IMD execution, the other data register temporarily holds previously 
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Table 2
Configurations of SparsePIM+ and baseline.
 Component Configuration  

SparsePIM+

 No. of SIMD FPU/BG 2  
 No. of BGA/BG 1  
 No. of total GA 16  
 Memory type HBM2  
 No. of pCh 16  
 No. of BG/pCh 4  
 No. of banks/BG 4  
 No. of rows 16,384  
 No. of columns 32  
 Total capacity 6GB  
 Clock frequency 1 GHz  
 Timing parameters 𝑡𝐶𝐶𝐷𝑆 = 1, 𝑡𝐶𝐶𝐷𝐿 = 2, 𝑡𝑅𝐴𝑆 = 34, 
 𝑡𝑅𝑃 = 14, 𝑡𝑅𝐶𝐷𝑅𝐷∕𝑊𝑅 = 14,  
 𝑡𝑅𝑅𝐷𝑆 = 4, 𝑡𝑅𝑅𝐷𝐿 = 6, 𝑡𝑅𝐿 = 14  

Baseline (NVIDIA RTX 3080)
 No. of CUDA cores 8704  
 Clock frequency 1440 MHz/1710 MHz  
 Memory bandwidth 760.3 GB/s (peak bandwidth)  
 Device memory 10GB GDDR6X  

computed partial results and streams them through the TSV interface. 
Once the TSV transfer completes, the roles of the two data registers are 
swapped. This ping-pong switching enables continuous SIMD execution 
while overlapping TSV data movement, effectively hiding TSV transfer 
latency.

To further perform reduction across multiple bank groups,
SparsePIM+ forwards selected partial sums to the GA for inter-BG accu-
mulation. Specifically, the arbitrator grants TSV access in a round-robin 
manner across banks within a pseudo-channel, sequentially allowing 
Bank 0 (bank0 in BG0) through Bank 15 (bank3 in BG3) to transmit 
partial sums from their bank-side registers to the GA. This scheduling 
ensures fair and orderly utilization of TSV bandwidth while preventing 
contention among banks. The transfer is synchronized with the DRAM 
read command, such that partial sums are forwarded during column 
read operations without introducing additional command overhead. 
The GA merges incoming partial sums by row index and stores the 
accumulated results in an on-die output buffer located in the logic die 
alongside the GA. Since the output buffer is directly accessible by the 
host, the host can retrieve the accumulated results while PIM execution 
continues. This design enables overlap between in-memory computa-
tion (i.e., multiplication and local accumulation) and accumulation of 
the remaining partial sums (i.e., global accumulation) to effectively 
reduce end-to-end execution latency.

SparsePIM+ repeats the vector–scalar multiplication and accumula-
tion flow for the column groups encapsulated in each DRAF row (up 
to seven columns per DRAM row under the assumed configuration). 
This hierarchical reduction (i.e., BGA for intra-BG merging and GA 
for inter-BG merging) significantly cuts down the volume of partial 
results transferred across the memory hierarchy. By overlapping SIMD 
computation, TSV transfers, and host-side consumption of GA out-
puts, SparsePIM+ further improves overall execution efficiency while 
maintaining compatibility with the HBM command protocol.

6. Evaluation

In order to evaluate SparsePIM+, we use a cycle-accurate simula-
tor derived from DRAMSim3 [16]. The detailed system configuration 
is listed in Table  2. To remain consistent with the thermal design 
power (TDP) and logic-area assumptions adopted in prior HBM-PIM 
designs [10–12], processing logic is integrated into only four dies, while 
the remaining four dies operate without logic circuits. Namely, we 
assume that the HBM-based PIM for SparsePIM+ includes four PIM dies 
out of eight dies of an HBM stack. The simulator is extended to precisely 
9 
Table 3
Sparse matrix workloads.
 ID Workload Domain Size Ratio of NZEs 
 w1 rma10 CFD 46,835 1.082E–03  
 w2 pdb1HYS CB 36,417 1.652E–03  
 w3 crankseg_2 SE 63,838 1.744E–03  
 w4 pwtk SE 217,918 1.248E–04  
 w5 xenon2 MS 157,464 1.559E–04  
 w6 shipsec1 SE 140,874 2.004E–04  
 w7 lhr71 Chem 70,304 3.092E–04  
 w8 ohne2 SDS 181,343 3.364E–04  
 w9 consph SE 83,334 4.387E–04  
 w10 ct20stif SE 52,329 5.023E–04  
 w11 bcsstk32 SE 44,609 5.174E–04  
 w12 cant SE 62,451 5.218E–04  
 w13 Stanford WGA 281,903 2.910E–05  
 w14 soc-sign-epinions SNA 131,828 4.841E–05  
 w15 webbase-1M WGA 1,000,005 3.106E–06  

account for execution cycles consumed by both memory commands and 
in-memory computation.

To evaluate SpMV performance, we implement a micro-kernel in 
assembly using the custom instruction set described in Section 5.3.1. 
The kernel is loaded into the command register via memory write 
commands, allowing the simulator to faithfully model instruction fetch 
and execution behavior. As each vector–scalar multiplication generates 
16 partial results per MUL instruction, the kernel issues two consecutive
BACC instructions, each accumulating eight row indices of matrix from 
the DRAM row buffer.

For comparison, we evaluate SpMV execution on NVIDIA RTX 3080 
GPU using cuSPARSE [62]. We chose RTX 3080 to ensure direct 
comparability with the prior study, pSyncPIM [14], which adopts the 
same GPU platform. The specification of the RTX 3080 is also listed in 
Table  2. GPU execution time is measured using cudaEvent, capturing the 
elapsed time from host-to-device data transfer through kernel execution 
to host-side result retrieval. Each experiment is repeated five times on a 
real system, and the reported performance corresponds to the average 
execution time to mitigate run-to-run variability. For SparsePIM+, we 
measure the end-to-end execution time of an SpMV kernel, including 
kernel programming, PIM initialization, in-memory computations, and 
result retrieval at the host.

To estimate the area cost and power consumption of SparsePIM+, 
we implement the processing units and buffers of SparsePIM+ in Sys-
temVerilog. We synthesize the RTL model of SparsePIM+ using Syn-
opsys Design Compiler. Although modern DRAM processes such as 
1ynm, 1znm, and 1anm employ sub-14 nm technology [63,64], we 
adopt the SAED 14 nm FinFET process for hardware evaluation to 
ensure consistency with prior PIM studies and to provide a conservative 
estimation of area and power overheads.

6.1. Workload

Table  3 lists the sparse matrix datasets used in our evaluation. Each 
matrix is characterized by its application domain, matrix dimension 
(size), and the ratio of non-zero elements (ratio of NZEs), defined as 
the number of non-zero elements divided by the total number of matrix 
elements. For brevity, application domains are abbreviated as follows: 
SE for structural engineering, Chem for chemical process simulation, 
WGA for web graph analysis, CB for computational biology, SNA for 
social network analysis, CFD for computational fluid dynamics, SDS for 
semiconductor device simulation, and MS for material science. Using 
the datasets, we evaluate the performance of the proposed architec-
ture and analyze the impact of software preprocessing and the DRAF 
compression format on SpMV execution.

SparsePIM+ primarily targets workloads with a low ratio of non-
zero elements (NZEs), where the proposed sparse-aware data layout and 
accumulation mechanisms can effectively reduce indirect accesses and 
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Table 4
Effective bytes per non-zero element (NZE) of sparse compression formats.
 Workload NNZ COO CSR/CSC DRAF 
 w1 2,374,001 10.00 6.08 7.38  
 w2 2,190,591 10.00 6.07 7.39  
 w3 7,106,348 10.00 6.04 7.02  
 w4 5,926,171 10.00 6.15 7.79  
 w5 3,866,688 10.00 6.16 8.12  
 w6 3,977,139 10.00 6.14 8.13  
 w7 1,528,092 10.00 6.18 10.62 
 w8 11,063,545 10.00 6.07 7.59  
 w9 3,046,907 10.00 6.11 7.97  
 w10 1,375,396 10.00 6.15 8.36  
 w11 1,029,655 10.00 6.17 8.54  
 w12 2,034,917 10.00 6.12 8.30  
 w13 2,312,497 10.00 6.49 15.31 
 w14 841,372 10.00 6.63 15.00 
 w15 3,105,536 10.00 7.29 37.23 

improve computational efficiency. In such workloads, sparse matrices 
contain a large number of zero elements, and organizing only the NZEs 
in a DRAM-aware format allows the architecture to exploit row-buffer 
locality while reducing irregular memory accesses.

When the ratio of NZEs in a matrix becomes relatively high (i.e., the 
matrix is relatively dense), the benefit of sparse compression becomes 
limited because the overhead of storing indices and managing sparse 
structures can outweigh the reduction in memory footprint. In such 
cases, the matrix can be processed using the conventional dense matrix–
vector multiplication (GEMV) execution model supported by existing 
HBM-PIM architectures. Specifically, the matrix can be stored in a 
dense layout and executed using the baseline PIM instructions without 
relying on the DRAF representation. This design allows SparsePIM+ 
to remain compatible with existing HBM-PIM execution models while 
focusing on accelerating workloads with a low ratio of NZEs.

In order to further quantify the compression efficiency of each 
compression data format, we compute the effective bytes per NZE as 
shown in Table  4. We compare the effective bytes/NZE for COO, 
CSR/CSC, and DRAF. For the COO compression format, each NZE 
stores a 4-byte row index, a 4-byte column index, and a 2-byte FP16 
data, resulting in 10 bytes/NZE. The CSR/CSC formats store a single 
row/column index for NZEs that share the same row/column, thus 
the effective bytes/NZE of CSR/CSC is obviously lower compared to 
COO. For DRAF, we compute effective bytes/NZE using the memory 
footprint excluding the partial-result buffer and vector fields, while still 
including row-aligned unused space. Note that DRAF stores the fixed 
number (i.e. 112) of elements as explained in Section 5.2. Across the 
evaluated workloads, CSR/CSC exhibits 6.04–7.29 bytes/NZE, while 
DRAF requires 7.02–37.23 bytes/NZE.

For extremely sparse workloads, DRAF exhibits high effective bytes/
NZE since many columns cannot fully utilize DRAF’s packing gran-
ularity (i.e. the reserved space for NZEs per column). In particular, 
DRAF requires 15.31 bytes/NZE for Stanford, 15.00 bytes/NZE for 
soc-sign-epinions, and 37.23 bytes/NZE for webbase-1M. These results 
reveal that DRAF does not always minimize storage footprint for ex-
tremely sparse matrices. However, DRAF provides DRAM-row-aligned 
and direct accesses for PIM operations instead of irregular index-driven 
indirect accesses created by the existing sparse compression formats. 
Consequently, DRAF trades the efficiency of data accesses and PIM 
operations with the storage efficiency of the existing index-based sparse 
compression formats.

6.2. Performance

Fig.  12 presents the performance of the evaluated systems, normal-
ized to the GPU baseline implemented using cuSPARSE on an NVIDIA 
RTX 3080. Figs.  12(a)–(c) report normalized performance for matrices 
categorized by the ratio of NZEs (low, medium, and high sparsity 
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(a) Low sparsity workloads (w1-w5)

(b) Medium sparsity workloads (w6-w10)

(c) High sparsity workloads (w11-w15)

(d) Geometric mean performance

Fig. 12. Performance comparison (categorized by the ratio of NZEs).

groups), while Fig.  12(d) summarizes the geometric mean across the 
groups. We compare SparsePIM+ with two prior studies, SpaceA and
pSyncPIM. SpaceA accelerates SpMV kernels using an HMC-based PIM 
architecture with a two-level CAM hierarchy [47]. pSyncPIM is an 
HBM-based PIM solution that reduces idle cycles of irregular operations 
through a partially synchronous execution model [14]. SparsePIM is 
our previously proposed HBM-based PIM architecture for SpMV ac-
celeration [15]. SparsePIM with Opt. combines SparsePIM with the 
software optimizations described in Section 5.1. SparsePIM+ further 
integrates the global accumulators into SparsePIM as described in Sec-
tion 5.3.3, and the label with Opt. indicates the software optimizations 
are applied.

Across the evaluated workloads, the proposed SparsePIM+ consis-
tently improves performance over prior PIM-based designs. In par-
ticular, incorporating inter-bank-group accumulation significantly en-
hances execution efficiency by reducing redundant partial-result han-
dling. When software optimization is enabled, the extension achieves 
the highest overall performance, demonstrating a geometric mean 
speedup of 6.16× over the GPU baseline, with a maximum speedup 
of up to 15.48× across the evaluated workloads. This improvement 
indicates that hierarchical accumulation combined with optimized 
data placement effectively mitigates the memory and synchronization 
overheads inherent in large-scale SpMV execution.

Workloads with highly skewed sparsity patterns exhibit distinct 
performance trends. For matrices with extremely low non-zero ratios, 
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such as w13, w14, and w15, the benefits of aggressive in-memory 
accumulation are limited by sparse column structures. In these cases, 
a large fraction of columns contains only a small number of non-zero 
elements, increasing the amount of zero padding required by DRAF. 
As a result, the relative impact of padded computation and memory 
accesses becomes more pronounced, reducing the achievable speedup 
despite improved row-index similarity and balanced clustering. More-
over, under such sparse conditions, the accumulation overhead in GAs 
increases due to the reduced effectiveness of partial-result consolida-
tion, further limiting performance gains. In particular, for w14, this 
additional accumulation burden outweighs the benefits of hierarchical 
accumulation, leading to a slight performance degradation compared 
to SparsePIM.

Although the performance benefit becomes smaller for extremely 
sparse workloads, SparsePIM+ still exhibits the performance uplifts 
over the GPU baseline for these workloads. The benefit is not deter-
mined by the ratio of NZEs alone, but also by the absolute number of 
NZEs, the column-wise distribution of NZEs, and row-index overlap. 
For example, webbase-1M has an NZE ratio of only 3.106 × 10−6, but 
still contains approximately 3.11 million NZEs. However, when many 
columns contain only one or two NZEs, DRAF rows become underuti-
lized and the relative cost of padded operations increases. Therefore, 
SparsePIM+ remains beneficial when the reduction in irregular accesses 
and partial-result movement outweighs DRAF padding overhead, but 
its advantage becomes limited for matrices with extremely low column 
occupancy and low row-index overlap.

For workloads with moderate to high overlap in row indices across 
columns, the proposed extension delivers significant gains. By enabling 
inter-BG accumulation, partial results are merged in an HBM stack 
during the execution pipeline. This effect is particularly evident in 
large matrices with power-law degree distributions, where a significant 
fraction of partial sums span multiple bank groups. The extended archi-
tecture with GAs can perform reduction across bank groups efficiently 
to curtail both memory traffic and synchronization overhead.

For workloads w11 and w13, enabling software optimization leads 
to a clear performance improvement over the unoptimized config-
uration. This gain is primarily attributed to more efficient column 
placement during the construction of DRAF, which reduces unnecessary 
memory consumption. Because the degree of zero padding in DRAF 
is sensitive to how matrix columns are grouped, optimized column 
assignment lowers the amount of padded data within DRAM rows. 
Consequently, both the effective memory footprint and the number of 
DRAM accesses are reduced, resulting in improved execution efficiency.

Overall, the results demonstrate that performance is primarily gov-
erned by the interaction between sparse matrix structure and accumula-
tion locality. By combining software-based clustering with hierarchical 
accumulation across bank groups and the logic die, the proposed ex-
tension improves execution efficiency across a wide range of sparsity 
patterns while preserving compatibility with existing HBM-based PIM 
execution models.

We also compare SparsePIM+ with the prior PIM-based solutions 
for SpMV kernels. Our evaluation results exhibit that SparsePIM+ 
outperforms the prior PIM architectures for the majority of the eval-
uated workloads. Compared to pSyncPIM, which primarily focuses 
on mitigating synchronization overhead among banks, SparsePIM+ 
reduces execution overhead by aggressively eliminating partial results 
through hierarchical accumulation, yielding clear performance advan-
tages for matrices with significant inter-BG overlap. SpaceA proposes a 
SpMV acceleration solution based on HMC by exploiting near-memory 
processing and internal memory-level parallelism. In contrast, the pro-
posed SparsePIM+ consistently achieves higher execution efficiency 
across diverse workloads by aligning sparse data with DRAM row access 
granularity and minimizing redundant data movement. As a result, 
the proposed SparsePIM+ outperforms prior PIM-based designs in most 
cases, demonstrating that the hierarchical reduction of partial results in 
11 
Fig. 13. Accumulation ratio comparison.

SparsePIM+ is a particularly effective approach for accelerating SpMV 
on HBM-based PIM architectures.

These results also indicate that the dominant bottleneck differs 
between conventional processors and SparsePIM+. On conventional 
processors, the performance of SpMV operations is mainly limited by 
irregular memory accesses caused by index-based sparse compression 
formats. Such accesses reduce cache efficiency and make it difficult 
to fully utilize the available external memory bandwidth. In contrast, 
SparsePIM+ alleviates this bottleneck by using the DRAM-friendly com-
pression format to provide DRAM-row-aligned operands that can be 
directly accessed by the PE datapath. Therefore, matrix values, row 
indices, and vector elements are accessed from the activated row 
buffer without additional pointer chasing or scattered memory lookups. 
Moreover, multiplication and local accumulation are performed inside 
the HBM stack using internal DRAM bandwidth, while the GA exploits 
otherwise idle TSV cycles during AB-mode PIM execution for inter-BG 
reduction. As a result, SparsePIM+ is not primarily limited by external 
memory bandwidth or host-side irregular access latency. Instead, after 
irregular accesses are removed, the remaining overhead is mainly deter-
mined by PIM-side computation, DRAF-induced padded operations, and 
BGA/GA accumulation. This effect is more evident in extremely sparse 
workloads, where underutilized DRAF rows increase the relative cost 
of padded operations and limit the accumulation opportunities across 
bank groups.

6.3. Impact of global accumulators

To evaluate the effectiveness of the proposed global accumulators 
(GAs), we compare accumulation behavior between a baseline configu-
ration that employs only bank-group accumulators (BGA-only) and the 
proposed configuration that integrates both BGAs and GAs (BGA+GA). 
We use the accumulation ratio, defined as the reduction factor of partial 
results achieved through in-memory accumulation, normalized to the 
BGA-only case.

Fig.  13 presents the accumulation ratios across the evaluated work-
loads on a logarithmic scale. With only BGAs enabled, accumulation is 
limited to intra-BG partial results. On the other hand, when GA-based 
inter-BG accumulation is enabled, the accumulation ratio increases 
significantly, ranging from several times to more than two orders of 
magnitude, depending on the workload.

To evaluate the effectiveness of GA in reducing host-side accumu-
lation overhead, we analyze the normalized host accumulation burden 
derived from the accumulation-ratio results. Compared to the BGA-only 
baseline, the proposed GA reduces the host accumulation burden by 
93.13% on average across 15 workloads, leaving only 6.87% of the 
original host-side reduction work. This reduction ranges from 84.43% 
to 99.70%, depending on the degree of inter-BG row-index overlap. 
These results show that GA effectively absorbs inter-BG partial-result 
reduction within the HBM stack, thereby alleviating host-side data 
movement and accumulation overhead.

In the BGA-only design, all remaining partial results need to be 
written back to DRAM banks and retrieved by the host after PIM 
executions are complete. In contrast, with GA enabled, partial results 
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Fig. 14. Jaccard similarity.

Fig. 15. Standard deviation.

accumulated across bank groups are forwarded to the GA located at 
the logic die and stored in on-die output buffers. The host can access 
this buffer while PIM execution is still in progress, allowing host-side 
accumulation of the remaining partial sums to overlap with in-memory 
computation.

Furthermore, because the host retrieves results directly from the 
output buffers associated with each pCh in the GA, the access latency 
is comparable to a DRAM row-hit–like access rather than a full DRAM 
read that may incur row-miss or refresh delays. In addition, since many 
partial sums have already been accumulated within the GA, the host 
only needs to process a significantly smaller amount of data. These 
characteristics allow the host to benefit from both lower access latency 
and reduced partial sum work compared to retrieving all partial results 
from DRAM banks.

As a result, GA not only reduces the volume of partial results 
transferred from DRAM banks but also shortens the critical path of 
SpMV execution by enabling concurrent PIM-side and host-side accu-
mulation. This cooperative accumulation model is particularly effective 
for workloads with high inter-BG overlap in row indices, as reflected 
by the large accumulation ratios observed in Fig.  13, which reports 
accumulation ratios measured with software optimization enabled.

6.4. Evaluation of software optimization

6.4.1. Row index similarity
We evaluate the effectiveness of the software optimization described 

in Section 5.1 in increasing row-index similarity among clustered ma-
trix columns. As a baseline, we consider a naive clustering strategy that 
partitions the sparse matrix into K clusters by sequentially grouping 
columns such that each cluster contains the same number of columns. 
This approach is similar to the one-dimensional column partitioning 
scheme used in the prior work [32].

Due to the architectural characteristics of SparsePIM+, higher over-
lap in row indices among non-zero elements processed within the same 
bank-group accumulator (BGA) improves accumulation parallelism and 
overall efficiency. To quantitatively analyze this effect, we measure 
row-index similarity using the Jaccard similarity metric. Given two 
columns 𝐴 and 𝐵, the Jaccard similarity is defined as 𝐽 (𝐴,𝐵) = |𝐴∩𝐵|

|𝐴∪𝐵| , 
where 𝐴 and 𝐵 denote the sets of row indices corresponding to non-zero 
elements in each column.

For each cluster, we compute the Jaccard similarity across all 
possible column pairs and take the average value. The final Jaccard 
similarity score is obtained by averaging these per-cluster values across 
all clusters. Fig.  14 reports the Jaccard similarity after software opti-
mization, normalized to the baseline clustering scheme.

Based on preliminary exploration, the hyperparameters maxIter,
refineIter, and threshold are set to 30, 5, and 0.2, respectively. We 
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Fig. 16. Memory usage of CSR/CSC, SpaceA’s method, and DRAF normalized 
to the COO format.

vary the delta parameter, which controls the allowable imbalance in 
non-zero element distribution, and evaluate its impact on row-index 
similarity.

Across nearly all workloads and delta values, the optimized cluster-
ing consistently achieves higher row-index similarity than the baseline. 
In particular, workloads w13 and w5 show up to 72× and 21× in-
creases in Jaccard similarity, respectively. These results indicate that 
the proposed clustering strategy effectively groups columns with highly 
overlapping row indices, enabling BGAs to merge partial results more 
efficiently and improving accumulation throughput.

6.4.2. Load imbalance
The proposed software optimization also targets the imbalance in 

the distribution of non-zero elements across clusters. To quantify this 
effect, we measure the standard deviation of the number of non-zero 
elements per cluster. A smaller standard deviation indicates a more 
uniform distribution and, consequently, better load balance among 
bank groups.

Fig.  15 presents the normalized standard deviation results with 
the Refinement phase enabled. When the hyperparameter delta is set 
below 0.05, the normalized standard deviation remains below 1 for 
all evaluated workloads, indicating improved balance compared to the 
baseline. As the optimized clusters are mapped to BGAs, this balanced 
distribution reduces execution time variation across accumulators, im-
proving overall resource utilization and reducing idle cycles during 
accumulation.

6.5. Evaluation of DRAF

Fig.  16 compares the memory usage of the proposed DRAM row-
aligned format (DRAF) with the conventional COO format and the 
row-mapping method proposed by SpaceA [47]. The workloads are 
presented in the same order as Table  3. For DRAF, we account for the 
memory footprint of both sparse matrices and input vectors, including 
unused space within DRAM rows, while excluding only the storage 
reserved for partial-result buffers.

We also measure the memory usage of the conventional CSR/CSC 
formats. Because these formats store sparse matrices in a compact 
structure without row-aligned constraints, they achieve the smallest 
memory footprint among the evaluated formats, requiring approxi-
mately 0.60×–0.73× the storage of COO across the evaluated work-
loads. While this compact representation minimizes storage overhead, 
it requires indirect indexing and irregular memory accesses during 
SpMV execution.

Compared to CSR/CSC, DRAF introduces additional storage over-
head due to replicated column indices and zero padding required to 
align sparse data with DRAM row granularity. Across the evaluated 
workloads, DRAF increases memory usage by approximately 1.55× on 
average compared to CSR/CSC. This overhead primarily arises from ex-
plicitly embedding column indices and corresponding vector elements 
within each DRAM page, as well as padding when the number of non-
zero elements per column does not fully utilize the SIMD width. Despite 
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this moderate increase in storage, the row-aligned layout of DRAF 
enables regular memory accesses and eliminates indirect indexing dur-
ing SpMV execution, making it more suitable for efficient PIM-based 
computation.

Across most workloads, DRAF reduces memory usage compared to 
COO, achieving an average reduction of 21.28%. The largest reduction 
is observed in w3, where memory usage decreases by up to 29.82%. 
However, in the case of w5, w7, w13, w14, and w15, DRAF incurs 
additional memory overhead. In particular, w15 exhibits up to a 3.7×
increase compared to COO. This behavior arises when many columns 
contain fewer than 16 non-zero elements or when the number of non-
zero elements per column is not a multiple of the SIMD width, resulting 
in underutilized DRAM row capacity.

Despite this overhead in certain cases, DRAF aligns sparse data 
with the access granularity required for computation, enabling efficient 
in-memory processing and tolerating limited storage inefficiency. In 
contrast, SpaceA’s row-mapping method assigns one sparse matrix row 
to a DRAM row, which can lead to severe internal fragmentation. Under 
the assumed configuration (1KB DRAM page, 2B data elements, and 
4B row and column indices), this approach can waste nearly an entire 
DRAM row when a matrix row contains only a few non-zero elements.

As a result, SpaceA’s method increases memory usage by between 
1.2× and 33.0× compared to COO, with workloads such as w5, w13, 
w14, and w15 exhibiting more than 10× overhead. Overall, DRAF 
reduces memory overhead by a geometric mean of 4.34× compared 
to SpaceA, demonstrating that DRAM-aware row-aligned compression 
is a practical and efficient approach for storing sparse matrices in 
PIM-based systems.

Beyond memory footprint reduction, DRAF also improves compu-
tational efficiency by restructuring sparse data to eliminate indirect 
accesses inherent in conventional formats such as COO. Although DRAF 
introduces limited data duplication by explicitly embedding column in-
dices and corresponding vector elements within each DRAM page, and 
may incur zero padding when the number of non-zero elements per col-
umn does not fully utilize the column access granularity, this controlled 
redundancy enables direct, index-free access during outer-product exe-
cution. As a result, the processing units can consume operands directly 
from the row buffer without additional pointer chasing or scattered 
memory lookups. Therefore, compared to COO, DRAF not only achieves 
lower memory usage in most workloads but also transforms irregular, 
index-driven memory accesses into aligned and computation-friendly 
accesses, making it a highly efficient format for SpMV execution on 
HBM-based PIM architectures. Although CSR/CSC provides the most 
compact representation, its irregular access pattern limits its suitability 
for in-memory processing. DRAF, on the other hand, reorganizes sparse 
data to match DRAM row access granularity, enabling efficient PIM 
execution while maintaining reasonable storage efficiency.

6.6. Hardware overhead

We evaluate the hardware overhead of the additional logic intro-
duced by SparsePIM+ using a synthesis-based methodology consistent 
with prior HBM-PIM studies. All logic components are synthesized 
using Synopsys Design Compiler with a SAED 14 nm FinFET standard-
cell library. To approximate the DRAM peripheral logic process used 
in HBM-PIM implementations, we scale the synthesized area results 
from 14 nm to a 28 nm process using DeepScaleTool [65]. We adopt a 
larger node than 20 nm because DRAM peripheral circuits are typically 
fabricated using more relaxed process technologies compared to logic-
oriented standard-cell processes. Therefore, scaling to 28 nm provides 
a more conservative estimate that better reflects the characteristics of 
DRAM-based PIM implementations.

Table  5 summarizes the measured area of each component. The 
bank-group accumulator (BGA) and the associated arbitrator together 
occupy 0.0854 mm2 per instance. For comparison, the SIMD floating-
point unit (FPU) and register files used for PIM computation occupy 
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0.1886 mm2 and 0.2882 mm2, respectively. Note that a single BGA is 
shared by four banks within a bank group (BG), unlike the SIMD FPU 
and register files, which are allocated per processing unit. These results 
indicate that the additional BGA logic introduces only a modest hard-
ware overhead compared to the main compute data-path components 
of the PIM processing unit.

A global accumulator (GA) together with its on-die data buffer 
requires 0.845 mm2 per instance. Since SparsePIM+ deploys one GA 
per pseudo-channel, a total of sixteen GA instances are integrated on 
the logic die, resulting in an aggregate GA area of 13.52 mm2. Based 
on prior reports on HBM-PIM logic-die area [10–12], the baseline 
processing unit (PU) occupies approximately 0.94 mm2. Relative to this 
baseline, the BGA and arbitrator introduce only a 3.66% additional area 
overhead. Furthermore, the sixteen GA instances and their data buffers 
collectively account for 11.35% of the total logic-die area.

To further justify the physical feasibility of integrating the proposed 
logic-die accumulators, we compare the GA area with a floorplan-
level HBM2 logic-die analysis reported in prior work [66]. The prior 
work implements custom PIM unit clusters and a control unit in-
side the HBM2 logic die and shows that more than 48.52% of the 
logic die can be occupied by PIM/control logic while still leaving 
approximately 46 mm2 of unoccupied area after considering the TSV-
centered floorplan and the physical separation of PIM unit clusters. 
Our area estimation shown in Table  5 reports that the sixteen GAs and 
on-die data buffers in SparsePIM+ require 13.52 mm2 in total. This 
corresponds to only 29.4% of the reported 46 mm2 unoccupied-area 
budget, leaving 32.48 mm2 of margin for routing resources, power-
grid overhead, clock/control wiring, placement spacing, and floorplan 
inefficiency. The available free-area budget is 3.40× larger than the 
synthesized GA area. Even if the effective footprint increases by 2× or 
3× due to floorplan-aware placement and routing around TSV/PHY-
dominated regions, the resulting areas of 27.04 mm2 and 40.56 mm2

remain below the 46 mm2 reference budget.
We also estimate the dynamic power overhead using the same 

synthesis flow without scale-up. To isolate the incremental cost beyond 
the baseline HBM-PIM processing unit, we synthesize only the newly 
introduced BGA components, including the index-queue pair, compara-
tor, register read/write unit, adder controller, and flush controller. 
The synthesis results indicate that a single BGA consumes 31.85 μW
of dynamic power. For comparison, a 16-lane FP16 SIMD multiplier 
synthesized under the same 14 nm library consumes 34.51 μW, which 
is 8% higher than the BGA. These results indicate that the additional 
accumulation logic introduces modest dynamic power overhead rela-
tive to existing PIM compute units. Considering the number of BGAs 
deployed per stack and previously reported HBM-PIM power envelopes, 
the proposed design operates within the thermal design power (TDP) 
constraints assumed for HBM-based PIM architectures.

We further evaluate the impact of increasing the index-queue depth 
from 16 entries to 32 entries. The synthesis results show that a 32-entry 
configuration increases the dynamic power consumption of a single 
BGA to 61.58 μW, nearly doubling the power overhead. This level of 
consumption becomes comparable to, or exceeds, the power of baseline 
HBM-PIM compute units [10–12], leading to a significantly higher 
aggregate stack-level power when multiple BGAs are instantiated. In-
creasing the queue depth reduces the frequency of queue flush events 
and increases the likelihood of successful intra-BGA accumulation, 
thereby decreasing the reduction burden on the GA. However, when 
measured across the evaluated workloads, the execution-time improve-
ment remains marginal and does not provide a meaningful performance 
benefit relative to the substantial power increase. Considering the TDP 
constraints of HBM-based PIM systems, such a configuration would 
impose excessive thermal pressure on the logic die. Therefore, we 
adopt a 16-entry queue depth as a balanced design point that achieves 
sufficient accumulation capacity while maintaining power feasibility 
within the HBM stack.
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Table 5
Area overhead.
 Component Area (mm2) 
 BGA + Arbitrator (per instance) 0.0854  
 SIMD FPU 0.1886  
 Register files 0.2882  
 GA + Data Buffer (per instance) 0.845  

7. Related work

PIM architectures:  Processing-in-memory has been widely studied 
as an architectural approach to mitigate the memory bandwidth and 
data movement bottlenecks observed in modern computing systems. 
Both industry and academia have actively explored PIM designs by 
augmenting existing memory technologies with near-data compute ca-
pabilities. Major memory vendors have demonstrated practical PIM so-
lutions integrated into commodity memory devices. For instance, Sam-
sung introduced HBM-based PIM architectures that embed SIMD-style 
processing units within 3D-stacked memory to exploit high internal 
bandwidth [10–12].

AiM proposes a PIM architecture implemented on GDDR6 memory, 
targeting bandwidth-intensive workloads through near-memory com-
putation [67–70]. UPMEM presents a commercially deployed DRAM-
based PIM platform that integrates lightweight processing cores directly 
inside memory chips [71,72]. Beyond commercial systems, a large body 
of academic work has investigated PIM and near-data processing archi-
tectures based on 3D-stacked memory technologies [13,73–87]. More 
recently, PIM architectures have also been explored as an enabling 
substrate for large-scale AI and data-intensive workloads [72,88–90].

Recent studies have further demonstrated the feasibility of integrat-
ing substantial logic components within the logic die of 3D-stacked 
HBM memory systems. Prior work has presented PIM accelerators 
for inline data deduplication, graph processing, and quantized neural 
networks that incorporate compute logic inside stacked memory ar-
chitectures, validating the practicality of logic-die integration [91–95]. 
Moreover, DRAM vendors have discussed the possibility of adopting 
custom base-die logic in future HBM generations, indicating industrial 
support for incorporating programmable logic within stacked memory 
devices [96].
SpMV computations:  Sparse matrix–vector multiplication (SpMV) 
is a fundamental kernel in a wide range of scientific and data ana-
lytics applications, yet its performance is often limited by irregular 
memory accesses and low arithmetic intensity. To alleviate these chal-
lenges, prior work has proposed various software-level optimizations 
to improve data locality, including tiling [30–32,97–99] and reorder-
ing techniques [99]. These approaches aim to reduce memory traffic 
and improve cache utilization but remain constrained by the inherent 
irregularity of sparse data structures.

In parallel, researchers have developed specialized hardware accel-
erators designed to better tolerate irregular memory access patterns and 
unbalanced computations in SpMV workloads [26,28,29,33,59,100–
107]. These architectures employ diverse techniques such as streaming 
dataflows, outer-product formulations, and customized memory hierar-
chies. However, efficiently managing partial results and memory traffic 
remains a key challenge, particularly for scalable SpMV execution.

8. Conclusion

In this paper, we propose SparsePIM+, an HBM-based PIM ar-
chitecture that extends SparsePIM to more efficiently execute large-
scale SpMV workloads. While SparsePIM improves SpMV execution 
by combining software-based column grouping, a DRAM-aware sparse 
compression format, and bank-group accumulators (BGAs), its accu-
mulation scope is limited to intra-BG partial results. SparsePIM+ ad-
dresses this limitation by introducing global accumulators (GAs) and 
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a lightweight arbitration mechanism that enables efficient inter-BG 
accumulation. By hierarchically reducing partial results—first within 
bank groups using BGAs and then across bank groups using the GA—
SparsePIM+ significantly reduces redundant partial-result read/write 
operations and improves TSV bandwidth utilization. Furthermore, ex-
porting accumulated results to an output buffer accessible by the host 
allows in-memory computation and host-side processing to overlap, 
mitigating the performance overhead caused by inter-BG synchroniza-
tion. Our experimental results show that these architectural exten-
sions consistently improve SpMV execution efficiency compared to 
SparsePIM. In particular, SparsePIM+ achieves an average speedup of 
1.38× over SparsePIM and 6.16× over an RTX 3080 GPU baseline by 
reducing inter-BG partial results and increasing effective parallelism 
during hierarchical accumulation.
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