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Abstract— While neural networks (NNs) have achieved great
results in various intelligent tasks like image classification and
speech recognition, real-world scenarios have more applications
beyond just NN processing like graph convolutional network
(GCN) and deep-learning recommendation model (DLRM),
which typically consist of sparse gathering (SpG) and sparse
algebra (SpA). Their large application size leads to substantial
data movement. Although the fusion of digital computing-in-
memory (CIM) and multichip-module (MCM) can reduce data
movement efficiently and scale out CIM’s capacity in a high-
yield solution, the MCM-CIM system raises new challenges for
beyond-NN acceleration: SpG involves repeated off-chip DRAM
access, interchiplet access, and redundant reduction operations;
SpA suffers from inter-CIM workload imbalance and intra-
CIM under-utilization. Thus, we design TensorCIM as the CIM
processor chiplet with three corresponding features: 1) the
redundancy-eliminated gathering manager (REGM) dynamically
maintains frequently accessed features and reduction results in
the CIM to eliminate redundant accesses and reductions; 2) the
equal operation-based CIM initializer (EOCI) calculates effective
multiply-accumulation (MAC) operations and initializes CIM
macros with a balanced inter-CIM workload at the subarray
level; and 3) the input-lookahead CIM (ILA-CIM) architecture
looks ahead at future inputs to fully utilize CIM logic. The
fabricated MCM-CIM system consumes only 3.7 nJ/Gather for
the GCN model, achieving 8.3-TFLOPS/W algebra efficiency at
FP32.

Index Terms— Computing-in-memory (CIM), floating-point,
graph neural network (NN), multichip-module (MCM), recom-
mendation system, sparsity.

Manuscript received 17 January 2024; revised 8 April 2024;
accepted 24 May 2024. Date of publication 13 June 2024; date of
current version 30 January 2025. This article was approved by Associate
Editor Priyanka Raina. This work was supported in part by the National
Key Research and Development Program under Grant 2018YFB2202600,
in part by the NSFC under Grant U19B2041 and Grant 61774094,
in part by the Beijing Science and Technology (S&T) Project under Grant
Z191100007519016, and in part by the Beijing Innovation Center for Future
Chip. (Corresponding authors: Fengbin Tu; Shouyi Yin.)

Yiqi Wang, Zihan Wu, Weiwei Wu, Leibo Liu, Yang Hu, Shaojun Wei,
and Shouyi Yin are with the School of Integrated Circuits, Beijing Innovation
Center for Future Chip, and Beijing National Research Center for Information
Science and Technology, Tsinghua University, Beijing 100084, China (e-mail:
yinsy@tsinghua.edu.cn).

Fengbin Tu is with the Department of Electronic and Computer Engineering,
The Hong Kong University of Science and Technology, Hong Kong, China
(e-mail: fengbintu@ust.hk).

Color versions of one or more figures in this article are available at
https://doi.org/10.1109/JSSC.2024.3406569.

Digital Object Identifier 10.1109/JSSC.2024.3406569

I. INTRODUCTION

WHILE neural networks (NNs) have achieved great
results in various intelligent tasks [10], real-world

scenarios have more applications that have computational and
data-movement requirements beyond those seen in typical
NN processing, like graph convolutional network (GCN) [8]
for graph-based learning and deep-learning recommendation
model (DLRM) [14] for recommendation (see Fig. 1). GCN
aggregates features on a large graph and then performs an NN-
based combination. DLRM gathers and reduces items from
an embedding table and generates recommendation results via
fully connected layers. However, prior artificial intelligence
(AI) chip research focuses on NN-only applications, and we
demand a new architecture for beyond-NN acceleration.

To realize efficient beyond-NN acceleration, we first analyze
the workload features of beyond-NN applications. Beyond-
NN applications typically consist of sparse gathering (SpG)
and sparse algebra (SpA). SpG gathers and reduces tensors
from sparsely distributed addresses, like GCN’s aggregation
phase and DLRM’s embedding layer. SpA refers to NN-based
sparse tensor multiplication for the gathered tensors (GTs) like
GCN’s combination phase and DLRM’s fully-connected (FC)
layer. Besides, due to the large application size, data movement
is the main bottleneck for beyond-NN acceleration, and FP32
precision is usually required for high accuracy.

Our solution for beyond-NN applications is the fusion of
digital computing-in-memory (CIM) and multichip-module
(MCM), which reduces data movement while maintaining
high precision and accommodates large application sizes,
respectively. In the past few years, digital CIM has proven
to be an efficient and precise architecture for reducing data
movement [4], [5], [13], [16], [19], [20]. The large-scale
beyond-NN applications bring huge computational and storage
requirements and motivate the demand for scaling out digital
CIM processors. MCM provides a high-yield scalable solu-
tion for CIM scaling by integrating multiple chiplets in one
package to build an MCM-CIM system [15], [28], [29].

Fig. 2 shows a typical MCM-CIM system with four CIM
chiplets. In our MCM-CIM system, workloads are parti-
tioned to each chiplet. The CIM chiplet mainly relies on its
own DRAM channel to perform SpG and SpA. The MCM
architecture enlarges CIM capacity. Intermediate data are
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