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Abstract
Sparse kernels are widely used in applications ranging from sci-
entific computing to machine learning. Among them, SpGEMM is
particularly challenging due to irregular memory accesses, mak-
ing it highly memory-bound and dominated by data movement.
Processing-in-Memory architectures can mitigate this cost by per-
forming computation within memory banks, but irregular sparsity
often causes load imbalance and costly cross-bank accesses. To
address these challenges, we propose Polaris, a PIM-aware map-
ping solution for efficient SpGEMM on HBM-based systems. Polaris
leverages a row-wise-product formulation and a sparsity-aware
mapping strategy to improve locality and balance workloads across
banks, reducing data movement and achieving on average 2× lower
energy consumption and up to 8× speedup over prior designs.

1 Introduction
Sparse kernels such as sparse matrix–vector multiplication (SpMV)
and sparse general matrix–matrix multiplication (SpGEMM) are
widely used in scientific computing and machine learning. Many
accelerators have been proposed to improve sparse computation
and memory efficiency [1, 4, 5, 9]. However, SpGEMM remains
challenging due to irregular, data-dependent memory accesses that
make it highly memory-bound. Although prior architectures opti-
mize dataflow and compute pipelines [7], they do not substantially
reduce irregular memory accesses, leaving data movement as the
dominant performance and energy bottleneck.

Processing-in-Memory (PIM) offers a promising solution by per-
forming computation directly within DRAM banks, reducing costly
data transfers and exploiting the high internal bandwidth of stacked
memories such as HBM. However, efficiently executing sparse work-
loads on bank-level PIM cores is difficult because operands must be
distributed across banks for local execution. Irregular sparsity fur-
ther causes load imbalance and cross-bank operand accesses, which
are expensive and often unsupported by bank-local PIM designs.

Prior work has explored PIM-based accelerators to reduce data
movement for sparse workloads [4, 8]. While these approaches
demonstrate performance and energy improvements, they mainly
target SpMV or SpMM and often rely on data replication to avoid
cross-bank dependencies. This introduces memory overhead and
still incurs redundant data movement. Consequently, achieving
energy-efficient and well-balanced SpGEMM execution on PIM
architectures remains challenging, motivating more adaptive map-
ping strategies.

To address these challenges, we propose Polaris, a mapping
solution that co-optimizes data placement and near-memory com-
putation for efficient SpGEMM on HBM-based PIM systems. Polaris
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Figure 1: Method 1 assigns each 𝐴-row based on its rarest
dependent 𝐵-row. Method 2 clusters rows with similar depen-
dencies and maps groups to banks.
adopts a row-wise-product formulation that exposes per-row local-
ity and avoids global intermediate reductions, making it well suited
for PIM architectures without remote bank access. Polaris intro-
duces a PIM-aware mapping strategy that exploits row-dependency
scores and sparsity-aware grouping to place 𝐴- and 𝐵-rows across
banks, improving locality, reducing replication, and balancing work-
loads. Our evaluation shows that Polaris significantly reduces data
movement and achieves on average 2× lower energy consumption
compared to prior designs.

2 Polaris
The challenge of running SpGEMM on bank-local PIM is that spar-
sity creates irregular dependencies between rows of 𝐴 and 𝐵, lead-
ing to load imbalance, replication of frequently accessed rows, and
costly cross-bank data movement. Since bank-level PIM cores can-
not perform remote fetches, operands required for a computation
must be co-located within the same bank while maintaining bal-
anced workloads. The row-wise SpGEMM formulation naturally
exposes dependency sets between each𝐴𝑖 and the 𝐵-rows it accesses.
By analyzing these sets, rows can be mapped to banks to maximize
locality, reduce replication, and balance computation. Polaris lever-
ages this observation through two sparsity-aware mapping strategies
that trade off replication, preprocessing cost, and load balance.

Mapping Strategy Overview Polaris implements two sparsity-
aware mapping methods that use the SpGEMM dependency struc-
ture to place 𝐴- and 𝐵-rows across banks (Figure 1). Both methods

1



117

118

119

120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

145

146

147

148

149

150

151

152

153

154

155

156

157

158

159

160

161

162

163

164

165

166

167

168

169

170

171

172

173

174

Conference’17, July 2017, Washington, DC, USA Helya Hosseini, Christina Giannoula, and Bahar Asgari

175

176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

a)

b)

Figure 2: (a) Mapping time and (b) Load imbalance across
banks for the two methods.

execute each 𝐴𝑖 in a bank containing its required 𝐵-rows, minimiz-
ing cross-bank accesses and redundant data movement.
Method 1: Dependency-Frequency Mapping As shown in Fig-
ure 1, Method 1 assigns each 𝐴𝑖 to the bank containing the rarest
𝐵-row in its dependency set 𝑆𝑖 . The algorithm first computes the fre-
quency of each 𝐵-row, then anchors𝐴𝑖 to the bank storing the least
frequent dependency, replicating any remaining required 𝐵-rows if
necessary. Anchoring placement to rare dependencies minimizes
costly replication while maintaining good load balance, and the
greedy row-wise strategy keeps preprocessing overhead low.
Method 2: Group-Based Sparsity-Aware Mapping It clusters
𝐴-rows with similar dependency sets and assigns each cluster to a
bank. Instead of replicating rows per 𝐴𝑖 , the algorithm replicates
only the union of the cluster’s required 𝐵-rows, reducing redundant
copies. However, clustering increases preprocessing overhead and
may introduce load imbalance when large groups concentrate work
on fewer banks. The two methods provide complementary trade-
offs: Method 1 prioritizes balance and low preprocessing cost, while
Method 2 reduces replication. Polaris adopts Method 1 for the final
evaluation due to its better balance and faster mapping time.

3 Experimental Setup
EvaluationMethodologyWe compare Polaris withHPN-SpGEMM [2],
the only PIM-based design tailored for SpGEMM in HBM systems,
using identical HBM timing and organization parameters for fair-
ness. We extend the event-driven AttAcc simulator [6] to model
bank-level PIM operations, HBM timing, and data movement. Both
mapping methods are implemented on an Intel Core i9-14900K to
generate placement schedules prior to simulation.
Workloads and Metrics We evaluate Polaris on diverse SuiteS-
parse matrices [3] representing scientific, structural, and graph
workloads with extreme sparsity (≥ 99%). We measure mapping
quality (load balance and preprocessing time), performance (execu-
tion cycles), and energy using the AttAcc/FGDRAMmodel (0.55 pJ/b
bank-local, 1.56 pJ/b bank-group, 0.5 pJ/b TSV transfer, 0.32 pJ/b
MAC). All improvements are reported relative to HPN-SpGEMM.

4 Evaluation
Mapping Time.As shown in Figure 2a, Method 1 incurs 2.9× lower
preprocessing time. Its row-wise greedy assignment requires only
simple dependency-frequency lookups, whereas Method 2 requires
computing signatures, clustering, and group scheduling.

a)

b)

Figure 3: a) Energy improvement and b) speedup of Polaris
over HPN-SpGEMM.

Load Imbalance. Figure 2b shows the imbalance factor (std. dev. over
mean) across banks. Method 1 achieves on average 4.4× lower im-
balance than Method 2, reflecting more uniform distribution of
multiplication work. These results indicate that Method 1 provides
a better balance between mapping efficiency and workload distri-
bution, achieving both lower preprocessing overhead.
Energy Consumption. Figure 3a shows Polaris’ energy savings
relative to HPN-SpGEMM. Polaris reduces total energy by an av-
erage of 2× across matrices, achieving up to 7× improvement on
workloads with highly irregular sparsity such as CurlCurl_3(CU).
These benefits stem from Polaris’ remote-access-aware mapping,
which co-locates all required 𝐴 and 𝐵 rows within each bank and
eliminates the baseline’s repeated broadcasts and cross-bank-group
transfers. For small or lightly populated matrices (e.g., myciel-
skian13(MY)), HPN-SpGEMM may match or slightly outperform
Polaris due to fewer broadcasts and lower fixed overheads.
Speedup. Figure 3b reports speedup over HPN-SpGEMM. Although
Polaris primarily targets energy efficiency, its mapping-driven lo-
cality improves performance as well. For large matrices with more
NNZ and irregular access patterns (e.g., CurlCurl_3(CU), ldoor(LD)),
Polaris achieves up to 8× speedup by avoiding cross-bank-group
traffic and enabling near-ideal parallel execution. A few small-NNZ
matrices exhibit slight slowdowns because Polaris’ bank-level coor-
dination overhead does not amortize on tiny workloads.
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