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Abstract—Transformer inference system can take ad-
vantage of heterogeneous computing architectures using Neu-
ral Processing Unit (NPU) and Processing-in-Memory (PIM) 
devices to accelerate GEneral Matrix Multiplication (GEMM) 
and GEneral Matrix-Vector Multiplication (GEMV) opera-
tions each (hereafter NPU-PIM). Several studies on NPU-PIM 
system showed significant improvement in terms of GEMM 
and GEMV computation acceleration, but didn't focus on im-
proving communication latency overhead. From our observa-
tion based on simulation, NPU-PIM topology is important for 
communication overhead because it affects the communication 
dataflow. Dataflow in communication process is related with 
GEMM/GEMV computation sequence and aggregation of par-
tial results that are distributed for parallel processing. Alter-
nating GEMM/GEMV layers in transformer inference incurs 
costly data movement between NPUs and PIMs. We found that 
improvements to the NPU-PIM topology could mitigate the 
overhead caused by this dataflow. Based on this observation, 
we propose CPP, an NPU-PIM heterogeneous computing to-
pology for efficient inference of transformer-based models. 
CPP reduces communication latency overhead by clustering 
NPUs and PIMs. Clustering leads to separation of dataflow by 
intra-cluster communication and inter-layer communication. 
Thereby minimizing resource contention caused by distributed 
data aggregation and remote memory access. Simulation re-
sults show that replacing from the baseline NVIDIA DGX-like 
crossbar switch topology to CPP reduces communication laten-
cy overhead by 35.5%. Also, reduced communication latency 
leads to the throughput of communication process by 54.9%. 

Keywords— Large language model (LLM), Transformer, 
Processing-in-memory (PIM), Neural processing unit (NPU), 
Heterogeneous computing 

I. INTRODUCTION

Large language models (LLMs) have become the core 
infrastructure of the modern AI ecosystem, driving 
innovation across industries such as chat service, code 
generation, and other numerous AI services. In particular, 
models based on transformer architecture have seen 
continuous performance improvements, as seen in the BERT 
and GPT series, owing to their long-context processing and 
parallel reasoning capabilities. The evolution of transformer-
based large-scale language models involves exponential 
growth in model size to improve performance and enable 
long-context processing [2], and the resulting explosion in 
compute and memory resource requirements is a key 
challenge. As a result, there has been a lot of research to 
accelerate transformer models by leveraging specialized HW 
that tailored to specific computation operation [15-19].  

Fig. 1.   Inference process of GPT and a decoder block

The operation of GEMM has evolved to be handled by 
NPUs and high-performance processing units, including the 
popular GPUs. On the other hand, the other kind of operation 
that makes up transformer inference, the GEMV operation, is 
not suitable for these HWs due to its memory-bound nature. 
Rather, GEMV operation is efficiently accelerated by PIM. 
Consequently, there have been studies to accelerate both 
operations using NPU-PIM heterogeneous computing 
environments [1-3]. In terms of end-to-end inference latency, 
this NPU-PIM heterogeneous computing environment has 
been shown to improve throughput by up to 4.84ⅹ compared 
to the GPU-based system, particularly due to the acceleration 
of the attention layer GEMV operation using PIM [2]. On the 
other hand, the communication latency overhead caused by 
layer transitions was independent of the computation time 
reduction due to the use of NPUs and PIM. Rather, as 
computation time decreased, communication became a larger 
part of the overall latency. In an environment using 
GEMM/GEMV heterogeneous computing acceleration, the 
communication latency based on the LLAMA 65B model 
was found to account for about 40% of the total latency [2].  

Transformer inference is characterized by alternating and 
repeating GEMM/GEMV computation. Therefore, data 
transfer between NPUs and PIMs is required each time the 
computation type is switched. Meanwhile, multi-head 
attention (MHA) layer operations can be decomposed into 
head units and distributed to multiple PIMs for parallel 
processing. For example, communication latency is observed 
during the process of combining the results of distributed 
operations and moving them to the NPU for projection layer, 
which is a GEMM operation. This communication latency 
overhead is exacerbated in strategies that use batching to 
process multiple requests in parallel. Experiments using the 
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Fig. 2.   Baseline DGX-like crossbar switch NPU-PIM topology  
LLAMA 30B model have shown that increasing batch size 
leads to an overall latency increase of up to 2.6x due to 
increased competition for compute and memory bandwidth 
resources between requests [25]. Note that in the existing 
NPU-PIM studies, performance comparisons are made with 
NVIDIA DGX systems, and the interconnection topology for 
NPU and PIM is set to DGX-like crossbar switch [26]. 

We focused on a solution that would improve 
communication latency without losing the overall compute 
time reduction that comes with introducing NPU-PIM 
heterogeneous computing. Solution that improves 
communication latency overhead while maintains the overall 
compute time reduction from the introduction of NPU-PIM 
was mainly considered. Since the communication dataflow 
arises from the placement relationship of NPUs and PIMs, 
the solution is to improve the computing resource topology. 
Furthermore, to better support distributed parallel 
computation to efficiently exploit increasingly large models, 
a topology that minimizes the non-uniform memory access 
(NUMA) impact of remote memory accesses is needed. 

 In this regard, we propose CPP, a clustered NPU-PIM 
computing  architecture topology. CPP is the topology for a 
NPU-PIM environment that employs a batching strategy. 
This topology has been shown to be efficient in terms of data 
movement between NPUs and PIMs in the computation 
transition from GEMM to GEMV and vice versa. The 
baseline NPU-PIM crossbar switch topology, DGX-like 
crossbar switch is shown in Fig. 2. This topology is not 
suitable for reducing communication latency overhead due to 
the distributed remote PIM channel access. This is because, 
due to batching and MHA layer operations, the heads of 
multiple requests are distributed across multiple PIMs, and 
these heads need to be concatenated. Due to batching and 
MHA layer operations, the heads of multiple requests are 
distributed to multiple PIMs, and these heads need to be 
concatenated. Therefore, the number of remote memory 
accesses to the NPU increases and multiple heads compete 
for limited NPU link and crossbar link resources, which 
ultimately leads to increased communication latency. In 
experiments using simulation, we observed that in a crossbar 
switch topology environment, the memory access latency of 
the NPU increased as the number of NPU nodes connected to 
the crossbar switch increased. In an environment with 4 PIM 
devices are located in a single NPU node, the memory access 
latency increased by 16.2% when there were 8 NPU nodes 
compared to a total of 4 NPU nodes. 

Thus, we propose CPP, a clustered NPU-PIM topology. 
NPUs and PIMs form single cluster and connected through 
central I/O die to minimize remote memory access. Layer 
operations can be isolated within a cluster and this leads to 

 
Fig. 3.   Average memory access latency of NPU in DGX-like topology with 
different NPU nodes count  

separated intra-cluster and inter-cluster computation. 
Compared with DGX-like crossbar switch topology, CPP 
reduces both remote memory access and link contention 
between NPUs. Therefore, communication latency overhead, 
which did not improved with DGX-like topology, is reduced 
significantly. Evaluation using simulation shows that the 
proposed CPP topology achieves a 35.5% improvement in 
communication latency overhead compared to the baseline 
DGX-like crossbar switch topology, leading to a 54.9% 
improvement in communication throughput. 

The extant NPU-PIM heterogeneous computing studies 
for LLM inference have predominantly focused on the PIM 
architecture [2, 3] or on data scheduling between the NPU 
and the PIM [1, 3]. Consequently, this study is the first to 
concentrate on latency overhead improvement through NPU-
PIM computing architecture topology. 

II. BACKGROUND 

A. Computational characteristics of transformer-based 
LLM inference and its accelration 

The stack of decoder blocks is a key feature of 
transformer-based LLM inference in terms of computation 
[5]. Each decoder block consists of three main layers: query-
key-value (QKV) generation, MHA, and feed-forward 
network (FFN). In a system that employs batching strategy, 
computation is performed such that the weights for multiple 
requests are shared, resulting in GEMM operations between 
the weight and activation matrices. In contrast, the multi-
head attention layer requires multiplication between 
activation matrices and activation vectors where no data are 
reused, resulting in GEMV operations. Fig. 1 represents 
overall inference process and internal process of decoder 
block. Overall inference operation consists of alternating 
GEMM and GEMV operation step. Moreover, algorithmic 
structure limits those two computation’s parallel execution 
and they should be done in sequential manner. 

 NPUs can be designed and utilized to accelerate GEMM 
which has computation bounded features [20, 21], and it can 
be applied to transformer-based models inference for GEMM 
computation layers like QKV generation and FFN. While 
NPU is designed for compute-intensive tasks, accelerating 
GEMV operations using NPU is not appropriate in terms of 
HW utilization because of memory-bound features of GEMV. 
For GEMV computation acceleration, PIM technology can 
be applied, as it is suitable for memory-bound and 
bandwidth-intensive tasks [10, 22, 23]. PIM embeds the 
logic unit inside DRAM so that computation can be  
performed inside the memory device without processing 
unit’s memory access for fetching data, thus reducing 
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Fig. 4.   Mapping of GEMV computation on PIM  

 
Fig. 5.   Contention caused by aggregation of distributed data  

expensive DRAM access [24]. Conversely, using PIM for 
computer-intensive GEMM operation is not efficient. 

B. Transformer-based model inference 
A key component of the Transformer model is MHA [5], 

a mechanism for processing input data in parallel in multiple 
representational spaces, where each attention head can 
extract different semantic relationships or patterns in the 
input sequence. The nature of multi-head attention is such 
that each head can be considered an independent 
computational unit, allowing for “head-wise” parallelism. 
Each head produces a different projection of the input data 
and computes its own attentional patterns independently. 
This head-specific computation can be distributed across 
multiple computational units and processed in parallel. 

 In real-world service environments with large language 
models, batching processing techniques are widely used to 
process not only single requests but also multiple user 
requests simultaneously. Batch processing bundles multiple 
input sequences into a single computation group to fully 
utilize the parallel processing power of the computing device, 
thereby improving the overall system throughput. However, 
this batch processing introduces contention for memory 
resources, especially when requests with different sequence 
lengths share the same memory device, each request 
competes for the memory bandwidth and capacity it requires. 

 When parallel processing of these multi-headed 
attentions is combined with batch-based multi-request 
processing, an aggregation process is essential to consolidate 
the results of the distributed computations. The outputs of 
each attention layer must be concatenated for the next layer. 
This aggregation process incurs communication overhead of 
collecting and recombining data distributed across multiple 
computational units. Since the amount of data to be 
aggregated increases as the batch size increases, and the 
communication complexity on the network topology 

 
Fig. 6.   Proposed clustered NPU-PIM computing topology, CPP  
increases as the number of heads increases, efficient 
management of this aggregation process emerges as an 
important challenge for distributed inference systems in 
transformer-based models. 

III. LIMITATION OF CROSSBAR SWITCH NPU-PIM 
In this section, we discuss the baseline NPU-PIM 

topology, the DGX-like crossbar switch. We show that this 
topology introduces a communication latency overhead in 
transformer-based model inference. 

The NVIDIA DGX system represents a high-
performance computing platform specifically engineered for 
AI and deep learning workloads. Each of the 8 GPUs has 5 
HBM stacks as local memory. Thus, the system utilizes a 
total of 40 HBM devices, with a capacity of 320GB or 
640GB. Each GPU is connected to all other GPUs via a 
crossbar switch called NVSwitch. As assumed in the 
previous NPU-PIM heterogeneous computing architecture, 
the baseline interconnection topology was set to a DGX-like 
crossbar switch as shown in Fig. 2.  

The advantage of the crossbar switch topology is that all 
NPUs can be connected to each other. In situations where an 
NPU needs data from the local memory of another NPU, the 
crossbar switch can reduce the latency overhead of remote 
memory access by reducing the hop count required. Also, the 
process of passing the results of computation on one NPU to 
another NPU can be done with less overhead by the same 
reason. However, in LLM inference, where batching is 
applied to process many requests simultaneously, distributed 
PIM and crossbar switches become the bottleneck due to 
competition for limited memory bandwidth and capacity. In 
simulations using gem5 [13], it was observed that the 
average memory access latency of NPUs in a DGX-like 
crossbar switch topology environment degrades as the 
number of NPU nodes connected to the crossbar switch 
increases. This result can be seen in Fig. 3, which shows that 
the average memory access latency of each NPU increased 
by 16.2% when there are 8 NPU nodes compared to 4 NPU 
nodes. In the experiment the latency of the crossbar switch is 
assumed to be constant even when the number of connected 
nodes changes. Thus this result explains the contention 
caused by different requests on the NPU link due to 
increased remote memory access. 

Distributed parallelization of heads due to multi-head 
attention exacerbates this problem. A greedy or round-robin 
approach to mapping heads to PIMs is used [2, 3], which is 
an appropriate strategy to maximize the utilization of PIMs 
and minimize the GEMV load imbalance between PIMs. 
Consequently, PIM device is allowed to have a mix of heads 
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Fig. 7.   Communication dataflow on CPP topology  
belonging to different requests, as shown in Fig. 4. The 
problem is that this mapping causes the heads to be more 
distributed than if they were mapped to specific PIMs. The 
distribution of heads increases communication overhead and 
memory resource contention because it increases remote 
PIM access during concatenation after attention layer 
operations, as shown in Fig. 5. From the evaluation results of 
[2], accelerating attention layer computation using PIM is 
very effective, with up to 3.91ⅹ improvement in end-to-end 
inference latency on GPT-3 175B model. Also, in DGX-like 
topologies, there is a latency penalty due to the NUMA 
structure, which makes it difficult to apply distributed 
parallel computation in increasingly large models. Therefore, 
it is necessary to reduce the communication overhead while 
maintaining the round-robin head mapping method for high 
PIM utilization. 

IV. CPP: CLUSTERED NPU-PIM 
To address the communication overhead problem due to 

distributed multi-head attention processing using PIM while 
maintaining the high utilization of PIM with round-robin 
head mapping, we propose CPP, a clustered NPU-PIM 
topology. The overall structure of this topology is shown in 
Fig. 6.  

Contention caused by communication process and remote 
PIM access can be resolved by grouping the NPUs and PIMs. 
In our proposed CPP topology, 4 NPUs and their 
accompanying PIMs form a single cluster. At the center of 
the cluster is an IO die, which mediates memory accesses 
and NPU-to-PIM communication. The IO die also mediates 
connectivity between clusters, allowing other clusters to 
access memory and move data leading to separated intra-
cluster communication and inter-cluster communication. 
This communication dataflow mechanism is shown in Fig. 7. 
By isolating the successive layer operations that require 
switching between GEMM and GEMV to communicate 
within a cluster, it is ensured that communication only takes 
place within one cluster. In addition, in the DGX-like 
topology, remote memory access must go through the 
crossbar switch and NPU link, causing additional contention. 
However in CPP, the path of data reading and writing from 
PIM within a cluster can be separated from the NPU link. 
Therefore, unnecessary link contention is minimized. It is 
also easy to increase scalability using CPP topology as it is 
done by simply adding more clusters. Increasing scalability 
by adding cluster minimizes performance degradation that 
can be caused by bigger communication scale, as operation 
can be isolated within cluster. Also, latency penalty due to 
NUMA is minimized as  PIM can reduce costly memory 
access. 

 
Fig. 8.   Normalized communication latency of DGX-like topology and clus-
tered topology 

 
Fig. 9.   Normalized communication throughput of DGX-like topology and 
clustered topology 

V. METHODOLOGY 

A. Experimental  environment 
To measure the performance improvement in the 

communication step due to the change of NPU-PIM topology, 
we used in-house simulators based on Scale-sim [11, 12] and 
gem5. We utilized Scale-sim to generate memory access 
traces of workload and used them to compare the 
performance in terms of data movement across NPU-PIM 
topologies. 

The NPU-PIM system architecture was modeled using 
gem5. The proposed CPP topology is intended to be com-
pared to the crossbar switch topology of NVIDIA DGX. The 
system configuration is similar to the DGX A100, which is 
configured with 8 GPUs, and 5 HBM stack per GPU, i.e., 40 
HBMs in total. Our NPU-PIM system consists of 8 NPUs 
and 4 PIMs for each NPU, totaling 32 PIMs. The difference 
in the number of memory nodes reflects a modification due 
to simulation constraints in gem5 and does not affect the 
fundamental architectural topology and communication pat-
terns. 

B. Workload 
 We utilize transformer-based LLM, GPT-2 [14], and 
focused on the transitioning from GEMV computation layer 
to GEMM computation layer. This is the process of 
switching from PIM operation to NPU operation, and it is 
suitable to check the communication overhead because the 
heads that are distributed across multiple PIM devices need 
to be concatenated for projection layer operation on NPU. 

VI. EVALUATION 
Simulation using gem5 were conducted to evaluate the 

performance of the proposed CPP topology. CPP topology is 
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compared with DGX-like crossbar switch topology. Fig. 8 
shows the results of the normalized latency overhead for both 
topologies. CPP topology has less communication latency 
overhead than the DGX-link crossbar switch topology. 
Specifically, The latency overhead in the CPP topology was 
found to be 64.5% of that in the DGX-like topology, 
resulting in a 35.5% communication latency overhead 
improvement. This improvement in latency overhead also led 
to an increase in communication throughput, which increased 
by 54.9% when NPU-PIM topology was CPP, compared to 
the DGX-like topology scenario. This result is shown in Fig. 
9. It can thus be concluded that the selection of an 
appropriate NPU-PIM topology has the potential to reduce 
the communication latency between the NPU and the PIM 
due to the switching between GEMM and GEMV operations.  

VII. CONCLUSION 
We found that previous attempts to accelerate 

transformer-based LLM inference using a combination of 
NPUs and PIMs were meaningful in terms of GEMM and 
GAMV computation acceleration. However communication 
latency overhead did not improved with no consideration for 
the topology architecture of heterogeneous computing 
platform. Data need to move between the NPU and PIM 
multiple times depending on computation type. Moreover, in 
batched inference system where multiple requests are 
processed simultaneously, communication process poses 
bigger issue. Our observation is that DGX-like crossbar 
switch NPU-PIM topology suffers from memory resource 
contention between multiple requests. Thus it is not suitable 
for communication process between GEMM and GEMV 
layers. Based on this observations, we propose CPP, a 
clustered topology architecture for NPU-PIM. CPP topology 
organizes a cluster of NPUs and PIMs to reduces 
competition for limited memory bandwidth and link 
resources. This is because CPP can separate and isolate the 
communication dataflow into intra-cluster and inter-cluster 
communication. Experiment with simulation using Scale-sim 
and gem5 is done to compare the baseline DGX-like 
topology and CPP topology. The results show that CPP 
achieves a latency overhead improvement of 35.5% 
compared with DGX-like one. Additionally communication 
throughput is also improved by 54.9%, validating our 
observation that computing architecture topology matters in 
terms of communication overhead in LLM inference using 
NPU-PIM. 
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