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Abstract—Large language model (LLM) inference has been
a prevalent demand in daily life and industries. The large
tensor sizes and computing complexities in LLMs have brought
challenges to memory, computing, and databus. This paper pro-
poses a computation/memory/communication co-designed non-
von Neumann accelerator by aggregating processing-in-memory
(PIM) and computational network-on-chip (NoC), termed LEAP.
The matrix multiplications in LLMs are assigned to PIM or NoC
based on the data dynamicity to maximize data locality. Model
partition and mapping are optimized by heuristic design space
exploration. Dedicated fine-grained parallelism and tiling tech-
niques enable high-throughput dataflow across the distributed re-
sources in PIM and NoC. The architecture is evaluated on Llama
1B/8B/13B models and shows ∼2.55× throughput (tokens/sec)
improvement and ∼71.94× energy efficiency (tokens/Joule) boost
compared to the A100 GPU.
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I. INTRODUCTION

Due to the massive data volume and computational intensity
of large language models (LLMs), current hardware platforms
face significant bottlenecks in memory capacity/bandwidth,
compute scheduling, and hardware communication energy
overhead. Processing-in-memory (PIM) is a widely explored
design technique to accelerate AI workloads by bringing
compute into the memory [1], [2]. PIM speeds up matrix
multiplication (A · B) with a dynamic matrix A and a static
matrix B (DSMM), which is suitable for the operations with
pre-trained weights, e.g., the projection and fully connected
layers in LLMs. However, LLMs also contain immense matrix
multiplications between runtime-generated dynamic matrices
A and B (DDMM) in the attention operations. These DDMMs
are less suitable for traditional PIM due to high time and
energy costs of dynamically reprogramming memory cells.
Moreover, as LLMs scale in model size and input sequence
length, the proportion of DDMMs increases substantially.

To address this, existing PIM-based systems often offload
DDMMs to separate computing units, including hybrid PIM
arrays with configurable precision [3], transposable struc-
tures [4], or fully digital accelerators [5]. This results in
heterogeneous architectures, where computation mapping and
scheduling depend heavily on the stationarity/dynamicity of
the data. Such mapping challenges are further intensified
in systems scaled via network-on-chip (NoC), which intro-
duces additional design complexity and interconnect overhead.

However, most current PIM systems only support algorithm-
specific DDMMs and use custom interconnects at limited
scales [4], [6], [7], falling short in terms of system scalability
and data flow flexibility.

In this work, we present a hardware-software co-design
approach to enable scalable and flexible acceleration of LLM
inference on heterogeneous PIM architectures. Our end-to-end
framework provides partitioning, mapping, and scheduling of
LLM inference workloads with awareness of data stationarity
and system heterogeneity. In addition, the hardware archi-
tecture integrates local compute and memory units within a
scalable NoC to support both DDMM-specific dataflows and
general aggregation operations. The key contributions of this
work are summarized below:

• A fine-grained model partitioning and a heuristically
optimized spatial mapping strategy enable high PIM
utilization and structured layout.

• Temporal scheduling incorporates dedicated context win-
dow tiling and efficient key-value caching (KV cache),
ensuring balanced NoC traffic and utilization.

• A custom NoC capable of efficient data communications,
DDMMs, and aggregations, with re-programmability via
a dedicated instruction set.

• The overall system achieves ∼2.55× throughput im-
provement and ∼71.94× energy efficiency in the infer-
ence of the Llama model compared to the A100 GPUs.

II. PRELIMINARIES

A. Data Stationarity in LLMs

Recent commercial LLMs, such as GPT [8] and the Llama
series [9]–[12], are predominantly decoder-only Transformers.
Each decoder layer comprises attention and feed-forward sub-
layers, which involve successive matrix multiplications (MMs)
and matrix-vector multiplications (MVMs). Although these
models rely on static pre-trained weights, the attention mech-
anism generates significant dynamic data during inference.
To quantify this, consider an attention layer with embedding
dimension D and sequence length S. The amount of static
data (pre-trained weights) is:

DAstatic = 4D2 (1)



Fig. 1. Design challenges and solutions in accelerating LLM inference.

which is independent of the input sequence length. The
dynamic data generated at runtime is:

DAdynamic = 5SD + S2 (2)
which correlates to S. As S increases, the ratio of static to
dynamic data decreases:
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In real-world applications, where S ≫ D, dynamic data
increasingly dominates, particularly under the high-demand
sequence length scaling. This insight arrives at the Challenge
1: the heterogeneous nature of data in LLMs necessitates
differentiated compute and memory strategies for static and
dynamic data.

B. PIM Scaling-up

PIM accelerates MMs/MVMs with static weights, e.g.,
DSMMs, by performing computation within non-volatile
memory. However, the typical array size is limited to 32 ∼
256 [13]–[15], making large-scale operations reliant on parti-
tioning across many arrays. This introduces significant over-
head in buffering and aggregating partial results, which greatly
diminishes overall efficiency [16] if the shared buffer and
aggregators are allocated in an unbalanced manner, as shown
in Fig. 1. Therefore, Challenge 2 is that scaling PIM-based
MMs/MVMs requires efficient interconnection and aggrega-
tion mechanisms to mitigate performance bottlenecks.

C. Target Architecture

To address these challenges, we target a hybrid architecture
that combines PIM with a scalable NoC, referred to as aggre-
gated PIM-NoC. The architecture integrates: i) PIM processing
elements (PEs) – the non-volatile memory units capable of
in-place DSMM computations; and ii) computational routers

Fig. 2. The proposed aggregated PIM-NoC architecture with distributed fine-
grained compute-memory-communication resources.

– the dedicated computing units, termed in-router computing
units (IRCUs) and SRAM-based scratchpad, optimized for
DDMMs and partial results aggregation, as shown in Fig. 2.
Each router-PE pair forms a macro, the basic building block of
a distributed 2D mesh system with unified compute, memory,
and communication resources. Given these novel features com-
pared to traditional von Neumann architecture, the Challenge
3 is that efficiently partitioning, mapping, and scheduling LLM
workloads on such a spatially distributed and heterogeneous
architecture demands compilation framework innovations due
to the vast design space. In this work, we demonstrate an
end-to-end framework that systematically addresses these chal-
lenges.

III. MODEL PARTITIONING AND SPATIAL MAPPING

This section introduces the partitioning scheme for the
projection weight matrices and a spatial mapping strategy that
deploys the partitioned matrices onto the PIM PEs.

A. Partitioning

Partitioning is applied along both row and column dimen-
sions of the static weight matrices, WQ, WK, WV, and
WO ∈ RD×D, to fit the dimensions of the crossbar arrays,
as illustrated in Fig. 3 (a) using an attention layer as an
example. The number of crossbar arrays required to store
each matrix after partitioning is ⌈D

C ⌉2, where C denotes the
width and height of a crossbar array. Intermediate data such
as Q, K, V, and S are also partitioned, introducing additional
collective communication steps for broadcasting partitioned
inputs (Broadcast 1 / 2 ) or reducing partial outputs (Reduc-
tion 1 / 2 / 3 ). The data dependencies and communication
requirements among partitioned matrices and operations are
represented by the directed acyclic graph (DAG) G shown in
Fig. 3 (b).

To execute the whole attention layer on the PIM-NoC
architecture, all nodes and edges in G must be mapped onto
either PEs or routers. This involves two main steps: (i) spatial
mapping, which assigns partitioned static weights and their
associated DSMM operations (represented as orange nodes)




