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Abstract: With the rapid advancement of artificial intelligence technologies such as ChatGPT, AI agents
and video generation, contemporary mobile systems have begun integrating these AI capabilities on
local devices to enhance privacy and reduce response latency. To meet the computational demands of
AI tasks, current mobile SoCs are equipped with diverse AI accelerators, including GPUs and Neural
Processing Units (NPUs). However, there has not been a comprehensive characterization of these
heterogeneous processors, and existing designs typically only leverage a single AI accelerator for LLM
inference, leading to suboptimal use of computational resources and memory bandwidth. In this
paper, we first summarize key performance characteristics of mobile SoC, including heterogeneous
processors, unified memory, synchronization, etc. Drawing on these observations, we propose different
tensor partition strategies to fulfill the distinct requirements of the prefill and decoding phases. We
further design a fast synchronization mechanism that leverages the unified memory address provided
by mobile SoCs. By employing these techniques, we present HeteroLLM, the fastest LLM inference
engine in mobile devices which supports both layer-level and tensor-level heterogeneous execution.
Evaluation results show that HeteroLLM achieves 9.99× and 4.36× performance improvement over
other mobile-side LLM inference engines: MLC and MNN.

1. Introduction
Driven by the rapid evolution in large language models (LLMs), technologies such as

ChatGPT [1–4], AI agents [5–8], and video generation [9,9–13] have gained widespread adoption.
Concurrently, as users increasingly prioritize the privacy of their personal data, there is a growing
trend towards executing model inference on local devices like smartphones. To enable the efficient
calculation of large language models on these mobile platforms, contemporary mobile System-on-Chip
(SoC) manufacturers have integrated various AI accelerators, including GPUs and neural processing
units (NPUs). These accelerators [14–21] enhance capabilities for vector and matrix computations,
aligning with the computational demands of AI applications. For example, Qualcomm’s smartphones
incorporate Adreno GPUs and Hexagon NPUs to address the computing needs of edge AI applications.
Furthermore, by integrating different computational units within a single SoC, these processors can
utilize a unified physical memory, thus obviating the explicit data copying.

To fully leverage the computing resources in heterogeneous systems, prior researches [22–24]
have proposed inference engines designed for heterogeneous processors. However, these solutions are
not compatible with current mobile platforms. First, traditional synchronization methods for GPUs
and NPUs can incur significant overhead during LLM inference, particularly during the decoding
phase, where each kernel executes only hundreds of microseconds. Second, NPUs exhibit significantly
higher performance than GPUs. For instance, while the GPU in the Qualcomm 8 Gen 3 [25] platform
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delivers approximately 1 TFLOPS (in actual, theoretical 2.8 TFLOPS) of computing power, its NPU can
reach up to 10 TFLOPS (in actual) performance. Enforcing parallel execution of the GPU and NPU,
as suggested by previous approaches, may actually degrade end-to-end performance. We also notice
that some previous studies [26–29] utilize model sparsity with mixed-precision techniques. These
approaches assign high-precision but limited operations to the CPU, while offloading low-precision,
high-volume operations to the NPU. The performance and accuracy of these methods heavily depend
on sparsity in activations and weights, whereas recent research [30,31] points out that LLMs are
increasingly exhibiting dense characteristics. Therefore, designing an efficient inference engine for all
heterogeneous processors (i.e., CPU, GPU and NPU) in real-world mobile devices remains a significant
challenge.

Through an in-depth analysis of the heterogeneous processors within mobile SoCs, we have
identified several distinctive characteristics based on their hardware architecture.

• Tensor-sensitive NPU performance: Although NPUs can exhibit superior performance under
optimal conditions, their efficiency is highly dependent on tensor factors such as the order, size
and shape. If tensors do not align with the NPU’s hardware structure, the performance benefit of
’weight-stall’ computation cannot be fully realized, potentially causing performance to regress to
GPU levels.

• Static NPU graph with a high generation cost: Existing mobile NPUs only support static computa-
tion graphs, which are incompatible with dynamic workloads of LLMs. Due to inherent constraints
in the NPU architecture, generating an optimal graph for NPU is more complex than for GPU.
Moreover, the overhead of graph generation is non-negligible and related to the size of each tensor,
making it impractical to generate the NPU graph during runtime.

• Memory bandwidth restriction for a single processor: A single processing unit is insufficient to
fully saturate the SoC’s memory bandwidth. For example, GPU alone can utilize only 40 ∼ 45 GB/s
of memory bandwidth in memory-intensive workloads. In contrast, employing two processing units
concurrently can achieve a memory bandwidth of about 60 GB/s (maximum memory bandwidth in
SoC is 68 GB/s).

These distinctive performance traits unlock new opportunities for enhancing GPU and NPU
parallelism: By strategically leveraging the GPU, it can compensate for the NPU performance limitation in
specific scenarios.

In this paper, we introduce HeteroLLM, the fastest mobile inference engine, designed to efficiently
leverage all heterogeneous processing units in mobile SoCs. The CPU is employed as a control plane
for synchronization and GPU kernel scheduling, as it is ill-suited for LLM tasks due to low energy
efficiency. The NPU serves as the primary computing unit, handling the majority of computing tasks,
while the GPU acts as a secondary computing unit to enhance the lower bound of NPU performance.
To efficiently leverage these heterogeneous computing resources, HeteroLLM takes comprehensive
account of the performance characteristics of the GPU and NPU, such as stage performance, order-
sensitive performance and shape-sensitive performance. To enable both layer-level and tensor-level
GPU-NPU parallelism on real-world mobile devices, HeteroLLM further introduces three techniques.
First, HeteroLLM applies different tensor partition strategies during both the prefill and decoding
phases to facilitate tensor-level heterogeneous execution. Second, HeteroLLM implements a fast
synchronization mechanism based on predictable kernel waiting times to achieve microsecond-level
synchronization. Third, HeteroLLM incorporates a tensor partition solver that generates optimal
partition solutions using a hardware profiler and a runtime decider.

We have implemented a prototype of HeteroLLM on the Qualcomm 8 Gen 3 SoC, one of the
most advanced mobile platforms, integrating Arm CPU, GPU and NPU. Our system builds upon
the baseline of PPL [32], a state-of-the-art LLM inference engine supporting both CPU and GPU. To
incorporate the NPU, we integrated NPU operators provided by Qualcomm’s QNN [33] into our
framework. As for the inference accuracy, we avoid using the activation quantization and sparsity
techniques, as these techniques are orthogonal to our approach. HeteroLLM is the first LLM engine
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to surpass 1000 tokens per second in prefill phase using FLOAT calculations on mobile devices for
billion-scale LLMs. In the prefill phase, compared to other SOTA inference engines, just using the
layer-level heterogeneous execution can improve the speed up to 7.27× over MLC [34] and 3.18× over
MNN [35]. Furthermore, tensor-level heterogeneous execution delivers nearly a 40% performance
improvement compared to layer-level execution. When the sequence length is misaligned with the
shape of NPU graph, tensor-level approach achieves up to 2.12× improvement than padding approach.
In the decoding phase, HeteroLLM is capable of generating 23.4% more tokens than GPU-only. When
running concurrently with GPU-intensive workloads, HeteroLLM minimizes the interference between
LLM inference and the rendering tasks (without FPS drop), with only a 7.26% slowdown for LLM
tasks.

2. Background & Related Work

Table 1. Specifications [36] of Mobile-side Heterogeneous SoC of mainstream vendors.

Vendor SoC GPU GPU FP16 NPU NPU INT8 NPU FP16

Qualcomm 8 Gen 3 Adreno 750 2.8 TFlops Hexagon 73 Tops 36 TFlops

MTK K9300 Mali-G720 4.0 TFlops APU 790 48 Tops 24 TFlops

Apple A18 Bionic GPU 1.8 TFlops Neural Engine 35 Tops 17 TFlops

Nvidia Orin Ampere GPU 10 TFlops DLA 87 Tops None
Tesla FSD FSD GPU 0.6 TFlops FSD D1 73 Tops None

NPU FP16: Since the vendors have not disclosed the computational power of the NPU for FP16, we roughly estimate it to be
half of the INT8 computational power.

2.1. LLM Inference

Large Language Model (LLM) inference refers to the process of using a pre-trained model to
generate predictions or outputs based on new input data. Generally, it consists of two distinct phases:
the prefill phase and the decoding phase. During the prefill phase, the LLM processes the user’s input
in a single batch, generating the first token. Due to the potentially large sequence length of the user’s
input, this phase relies on matrix multiplication operations, rendering it computationally intensive.
Conversely, the decoding phase is distinguished by the sequential and auto-regressive manner, with
each subsequent token being produced one at a time. Due to the KV Cache [37–39] support, this phase
requires matrix-vector multiplication, resulting in a memory-intensive workload.

In contrast to cloud-side LLM inference (e.g. vLLMs [40], orca [41], etc. [42–49]), which prioritizes
high throughput as well as meeting the response-time Service-Level Objectives (SLOs) of different
inference workloads, mobile-side LLM inference places a greater emphasis on minimizing end-to-end
latency. The latency can be further divided into two parts: TTFT (Time to First Token) and TPOT (Time
per Output Token). The former, which denotes the latency until the generation of the first token, is
primarily influenced by the speed of prefill phase processing. The latter, which indicates the time
required to produce each subsequent token, is associated with the token generation speed during the
decoding phase.
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2.2. Mobile-Side Heterogeneous SoC

Table 2. We summarize the functionalities and limitations of current mobile-side inference engines as follows: CPU, GPU, NPU indicate support for various backends, accommodating both integer
and floating operations. Sparse activation refers to sparsity reliance on quantized activations. Accuracy indicates whether the model’s accuracy is consistent with the original model.

Framework
CPU GPU NPU

NPU GEMM Type
Independency on

Accuracy Performance
INT FP INT FP INT FP Sparse Activation

MLLM-NPU [50] INT4 FP16/32 / / INT8 / INT ✗
Depend on
activation High

Qualcomm-AI [51] INT4/8 W4A16 / FP16 INT4/8 / INT ✓ Decrease High

MLC [34] / W4A16 / W4A16 / / / ✓ ✓ Low

Llama.cpp [52] INT4/8 W4A16 / W4A16 / / / ✓ ✓ Low

Onnxruntime [53] / FP16/32 / / INT8/16 / INT ✓ Decrease Medium

MNN [35] INT8 W4A16 / W4A16 / / / ✓ ✓ Medium

Ours INT8 W4A16 INT8 W4A16 INT4/8 W4A16 FLOAT ✓ ✓ High
If the framework supports multiple quantization methods, list only the common ones. "W4A16" indicates that weights are stored as INT4 and computations are performed in FP16.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 January 2025 doi:10.20944/preprints202501.0901.v1

https://doi.org/10.20944/preprints202501.0901.v1


5 of 25

Considering the imperatives of personal privacy and security, there is a growing preference
among individuals to deploy LLMs on local mobile devices instead of transmitting personal data to
cloud services. Consequently, the mainstream vendors are actively enhancing their Edge-AI platform
evolution, including mobile platforms such as Qualcomm’s Snapdragon 8 Gen 3 [25], Apple’s A18 [54],
MediaTek’s Dimensity 9300 [54], Huawei’s Kirin 9000 [55], etc. Table 1 lists the parameter specifications
of several mainstream mobile SoC platforms. To support the massive computational power required by
LLMs, mobile platforms are evolving towards to the heterogeneous SoC. In addition to the conventional
CPUs and GPUs, NPUs are increasingly playing a critical role in these platforms. Generally, these
heterogeneous processing units can share a unified physical memory, which is significantly different
from discrete heterogeneous systems.

2.3. Mobile-Side Inference Engine

With the growing demand for LLMs, prior works have developed mobile-side inference engines,
such as ONNX-Runtime [53], Llama.cpp [52] MNN [35], NCNN [56], OpenVino [57], TFLite [58],
MLC [34], PPL [32] and etc [59,60]. Considering the complexity, diversity and incompatibility of
mobile-side devices, it is challenging to establish a unified and comprehensive software ecosystem. To
address these challenges, these mobile-side inference engines generally utilize the ONNX format [53]
as input, and then perform a series of optimizations, such as graph optimization and operator fusion to
construct the model’s runtime graph. To support various devices, inference engines typically abstract
mobile accelerators into different backends like CPU, GPU and NPU. They further utilize instruction
sets and programming languages (e.g., CPU: NEON, SVE2 and AVX; GPU: OpenCL, Vulkan and
CUDA; NPU: QNN, HIAI and CoreML) to implement the corresponding low-level operators in the
runtime graph. Figure 1 illustrates the general framework of the inference engine: PPL, which has
been chosen as the baseline for this work.

Model Parser
ONNX

CAFFE

PMX

Graph
Partitioner

Optimizer
Global Graph

Optimizer

Per-engine Graph
Optimizer

Serializer

Memory
Manager

Common
Library

Backend Engine
CPU
X86

CPU
ARM

GPU
OpenCL

GPU
Cuda

NPU
QNN

Kernel Library

X86 ops ARM ops OpenCL ops Cuda ops QNN ops

Unified Intermediate Graph Representation

Python C++API interface

Runtime
Sechduler

Figure 1. The overall framework of the inference engine referenced by HeteroLLM.

As mentioned in Section 2.2, modern mobile SoCs typically feature multiple heterogeneous pro-
cessors, meaning that multiple processing units can be simultaneously utilized for AI tasks execution
on a single mobile device. Some works have noted this phenomenon, as shown in Table 2. Qualcomm-
AI [51] only utilizes NPU’s INT calculation for matrix multiplication, which significantly sacrifices
the inference accuracy [30,31]. MLLM-NPU [50] is designed for efficient on-device LLM inference
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using NPU offloading. It optimizes prompt processing, tensor outliers handling and out-of-order block
scheduling to significantly enhance performance and energy efficiency. However, it only utilizes INT
operations provided by the NPU and heavily depends on model activation sparsity and quantization.
Both of these mechanisms can potentially reduce model accuracy. MLC [34] and MNN [35] utilize the
CPU and GPU for LLM inference, Onnxruntime [53] leverages the CPU and NPU for computation, but
none of these works incorporate heterogeneous parallelism at the tensor granularity. Moreover, all
prior works fail to address GPU-NPU parallelism, which represents a more powerful combination for
mobile devices.

3. Performance Characteristic
To effectively utilize the heterogeneous processors, we start by analyzing the performance of

the GPU, NPU and memory system. These accelerators exhibit diverse performance characteristics
stemming from their unique hardware architectures. In particular, NPUs display significant perfor-
mance variability across different tensor types and operators. Therefore, we conduct a comprehensive
analysis of the architectural differences among these heterogeneous accelerators, and then summarize
their performance characteristics.

3.1. GPU Characteristics

Mobile GPUs share a similar computing architecture with discrete GPUs for the desktop, including
SIMT instructions, on-chip shared memory and streaming multiprocessors or compute units (SM/CU).
The difference is that mobile GPUs employ a distinct memory hierarchy characterized by a unified
memory address space (UMA) integrated into the system memory. Operations like data transfers
between CPU-side and GPU-side memory, which are necessary in discrete GPUs, become redundant
in mobile GPUs. However, traditional GPU frameworks such as OpenCL are not designed for these
UMA-GPUs, and adhere to the abstraction of a dedicated GPU memory for mobile GPUs.

Characteristic 1 : Linear Performance. Figure 2 illustrates the performance of mobile GPUs with
varying tensor sizes. When the tensor size is small, GPU computation is memory-bound. With the
increase of tensor size, the total FLOPS increases linearly. Once the size surpasses a certain threshold,
GPU computation turns to be computation-bound, the total FLOPS stays stable.

0 100 200 300 400 500
K size

0.00

0.25

0.50

0.75

1.00

1.25

Tf
lo

ps

GPU matmul ([K, 14336] * [14336, 4096])

Figure 2. The GPU performance with varying tensor sizes.

Characteristic 2 : High-cost Synchronization. There are two primary types of synchronization
overheads associated with mobile GPUs. The first type arises from the data copy. Since existing
GPU frameworks still maintain a separate memory space for mobile GPUs, developers must utilize
APIs such as ‘clEnqueueWriteBuffer’ to transfer data from the CPU-side buffer to GPU memory.
Unfortunately, this transfer process incurs a fixed latency, approximately 400 microseconds on our
platform, regardless of data size. The second type of overhead is related to kernel submission. As
GPUs adopt the asynchronous programming model, subsequent kernels can be queued while the
current one is executing, making the submission overhead negligible (about 10 to 20 microseconds).
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However, after synchronization, the GPU queue becomes empty, which causes an additional latency of
50 to 100 microseconds due to the overhead of kernel queueing and submission.

3.2. NPU Characteristics

Although there are many different NPU implementations, matrix computation units (e.g., systolic
arrays) serve as the most critical component inside NPUs. It leverages the data flow characteristics
intrinsic to matrix computations, thereby minimizing the redundant load/store operations of model
weights and activation. Figure 3 demonstrates a classical systolic array design. In the computing flow
of systolic array, weights are preloaded into each processing element (PE) prior to the computation.
During the computation phase, a ‘weight stall’ mode is employed, where weights remain stationary
while inputs or activations are fed into the systolic array. Finally, the computation results are output
from the systolic array and are either stored in on-chip SRAM or directly forwarded to the subsequent
systolic array unit. Due to this NPU computation paradigm, NPUs exhibit three distinct computational
characteristics: stage performance, order-sensitive performance and shape-sensitive performance.

Input/
Activation

Weight SRAM
Preload

Accumulator/Spad

Input

Weight
Preload

Partial
Sum

WeightWeight

Weight Stall

PE PE PE

PE PE PE

PE PE PE

Figure 3. The hardware design for NPU: Systolic array with the weight stall computing paradigm.

Characteristic 1 : Stage Performance. Due to the fixed size of the hardware computing array (e.g.,
systolic array) within NPUs, the dimensions of the tensor used for the Matmul operator may not align
with the size of the hardware computing units, which can lead to inefficient use of computational
resources. As shown in Figure 4, this misalignment results in a phenomenon referred to as stage
performance across different tensor sizes. For instance, considering an NPU with a matrix computation
unit utilizing 32 × 32 systolic arrays, any computing tensor with dimensions smaller than 32 will
exhibit the same computational latency, leading to significant performance degradation for certain
tensor shapes. To fully utilize the NPU’s computational resources, the compiler partitions tensors
into tiles that align with the hardware configuration of the matrix computation unit. When tensor
dimensions are not divisible by the size of the matrix computation unit, the NPU compiler must
introduce internal padding to align with the required computation size. This alignment results in a
stage performance effect during NPU calculations.
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Figure 4. The stage performance of NPUs. The execution time of the Matmul operator across different tensor
sizes.

Characteristic 2 : Order-sensitive Performance. In addition to stage performance, NPUs also exhibit
order-sensitive computation behavior. Consider two tensors with dimensions [M, N] and [N, K],
where M > N > K. A conventional matrix multiplication (MatMul) operation requires 2 × M ×
N × K operations. If we reverse the order of these tensors, i.e., [K, N] × [N, M], the total number
of computation operations remains unchanged. However, this can lead to significant performance
degradation for the NPU, a phenomenon we refer to as order-sensitive performance. Figure 5 presents a
specific example where the matrix multiplication operation of [14336, 4096]× [4096, K] achieves 6×
performance improvement compared to [K, 4096]× [4096, 14336].

0 25 50 75 100 125 150 175
K size

0

2

4

6

Tf
lo

ps

NPU matmul [K, 4096] * [4096, 14336]
NPU matmul ([4096, 14336] * [14336, K])T

NPU matmul ([14336, 4096] * [4096, K])T

Figure 5. The order-sensitive and shape-sensitive performance of NPUs. The performance of the NPU is
significantly influenced by the order and shape of the tensors.

The primary reason for order-sensitive performance is that NPU leverages the weight stall
computing to minimize memory load/store overhead. Ideally, the weight tensor fits perfectly within
the hardware matrix computation unit, eliminating the need for additional memory operations.
However, when the weight tensor is significantly larger than the input tensor, it needs to load the
weight tensor from the memory into the matrix computation unit more frequently, increasing memory
overhead during the NPU execution. As a result, even though [K, N]× [N, M] and [M, N]× [N, K]
involve the same number of computational operations, the larger size of [N, M] compared to [N, K]
results in inferior performance due to the extra memory operations involved. In the worst-case scenario
for NPU computation, if the input tensor is [M, N] and the weight tensor is hypothetically [N, infinite],
the matrix computation unit cannot take advantage of the weight-stall computing paradigm, and thus,
the NPU performance regresses to the GPU level.

Characteristic 3 : Shape-sensitive Performance. In addition to order-sensitive performance, NPUs
also exhibit shape-sensitive performance characteristic. Even when the input tensor is larger than the
weight tensor, the NPU’s efficiency is influenced by the ratio between row and column sizes. More
specifically, when the row size of the input tensor exceeds the column size, NPU demonstrates a better
performance (compare the blue line with the purple line in Figure 5). This is primarily because the
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column size of the input tensor is the same as the row size of the weight tensor. A larger column
size of input tensor results in a larger weight tensor, undermining the advantages of the weight-stall
computation paradigm.

3.3. SoC Memory Bandwidth

Characteristic 1 : Underutilized Memory Bandwidth with Single Processor. Although mobile SoCs
employ a unified memory address space for multiple heterogeneous processors, we have observed that
no single processor can fully utilize the total memory bandwidth of the SoC under decoding workloads.
As shown in Figure 6, in the Qualcomm Snapdragon 8 Gen 3 platform, the maximum available SoC
memory bandwidth is approximately 68 GB/s (the black dotted line in the figure). However, using
one processor (e.g., CPU, GPU or NPU), can only achieve 40 to 45 GB/s under decoding workloads.
When NPU and GPU tasks are executed concurrently, the combined memory bandwidth utilization
increases to approximately 60 GB/s, which is very close to the theoretical bandwidth limit. Therefore,
NPU-GPU parallelism presents a new opportunity to enhance the decoding phase of LLMs, given that
the token generation rate is linearly correlated with the available memory bandwidth.

NPU CPU GPU NPU+CPU NPU+GPU
0
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30

40

50
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70

M
em

or
y 

ba
nd

wi
dt

h 
(G
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GPU
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Figure 6. The total memory bandwidth with single and multiple processors. We execute the decoding workloads
across different backends and measure the available memory bandwidth in the entire SoC.

4. Design
Given the power constraints and the presence of other applications in mobile systems, we avoid

exhausting all available power of heterogeneous processors for LLM tasks. For instance, CPUs are
ill-suited as dedicated backends for LLM tasks due to their low energy efficiency and engagement in
general-purpose tasks. Consequently, HeteroLLM only utilizes the CPU as a control plane for synchro-
nization, GPU kernel scheduling, and handling non-compute-intensive tasks such as dequantization.
As for the others, the NPU outperforms the GPU in most cases but can have significant performance
degradation when doing certain calculations. Therefore, our system designates the NPU as the primary
computing unit, while leveraging the GPU to enhance the lower bound performance of the NPU in
specific cases.

Figure 7 shows the overall execution flow of a typical LLM with HeteroLLM. HeteroLLM em-
ploys two methods for GPU-NPU parallelism: layer-level heterogeneous execution and tensor-level
heterogeneous execution. The layer-level approach incorporates two key optimizations. First, different
operators are assigned to the most suitable backends: for instance, Matmul operators are directed to
the NPU backend, whereas RMSNorm/SwiGLU operators are more efficiently handled by the GPU
backend. Second, since typical LLM models feature larger size of weight tensors compared to user’s
input tensors, the input and weight tensors are permuted from [M, N]× [N, K] → [[K, N]× [N, M]]T ,
to meet NPU- 2 : order-sensitive performance. For the tensor-level approach, HeteroLLM introduces
various tensor partition strategies for different backends (Section 4.1), and designs a solver to determine
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the optimal partition solution (Section 4.3). Both approaches adopt a novel synchronization technique
to reduce synchronization overhead between the NPU and GPU (introduced in Section 4.2).
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Figure 7. The overall execution flow of a typical LLM with HeteroLLM: Operators within the orange blocks
are executed on the GPU backend, whereas operators within the blue blocks can be offloaded to heterogeneous
backends. HeteroLLM additionally supports tensor-level heterogeneous execution though different tensor
partition strategies.

4.1. Tensor Partition Strategies

HeteroLLM introduces the tensor-level heterogeneous execution with three distinct partition
strategies: row-cutting, sequence-length cutting and hybrid-cutting. These strategies address three
key deficiencies associated with NPU-only execution: (1) performance degradation for specific tensor
shapes, (2) static computational graphs with higher graph generation costs, and (3) underutilization of
the SoC memory bandwidth as well as computational power of heterogeneous processors.

4.1.1. Tensor Partition During the Prefill Phase

Row-cutting. In the prefill phase, although the NPU can outperform the GPU by an order of magnitude
in ideal scenarios, its performance is significantly influenced by the shape of the input and weight
tensors. First, when the sequence length is short, NPU cannot exploit all available computational
resources due to NPU- 1 : stage performance, resulting in a similar performance compared to the GPU.
Second, due to the dimensionality reduction matrix inherent in the FFN-down, the column size of
this matrix is larger than the row size (after transposition). This configuration is suboptimal for NPU
execution even with large sequence lengths, owing to NPU- 3 : shape-sensitive performance. In such
scenarios, the NPU exhibits only 0.5× to 1.5× performance improvement over the GPU, due to the
NPU’s exceptionally low computational efficiency on this tensor shape. The Matmul on this tensor
accounts for nearly half of the total prefill execution time.

In these two cases, we propose a row-cutting strategy for GPU and NPU parallelism. As illustrated
in Figure 8, row-cutting partitions the first tensor into sub-tensors based on the row dimension,
dispatching part of the computational workload from the NPU to the GPU. To ensure that all activations
(i.e., inputs) from the last layer are available before the next layer begins execution, HeteroLLM
explicitly incorporates synchronization points into the computational graph and manages the splitting
and merging of intermediate results across different backends. For an ideal partition, the GPU and
NPU will complete their computations simultaneously, thereby reducing end-to-end latency.
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Figure 8. HeteroLLM partitions the weight tensor based on the row dimension, and dispatches computational
loads to the different backends.

Sequence-length cutting. In addition to NPU’s fluctuating performance, the mobile-side NPUs present
another constraint: they only support static graph execution. The shape and size of tensors at runtime
need to be ascertained during the kernel initialization phase. This limitation stems from the dataflow
graph compilation [61–63], a method widely adopted by current mobile NPUs [33,64]. Furthermore,
as shown in Figure 9, the cost of kernel optimization for the NPU is highly dependent on tensor size,
as larger tensors expand the search space for optimization [65–67]. In contrast, the GPU framework
provides a set of kernel implementations, each of which is adaptable to a variety of tensor shapes. This
facilitates the dynamic-shape kernel execution at runtime.
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Figure 9. The NPU graph generation time for a single operator across various tensor shapes.

In order to support dynamic input shapes for the NPU engine, a standard approach is to choose a
set of predefined tensor shapes, such as 128, 256 and 512, and then pad the input data to conform to
these shapes. For instance, if the sequence length of input tokens is 300, the inference engine pads it to
an aligned size of 512 to avoid the overhead associated with NPU graph generation for a new tensor size.
However, this padding introduces additional computational overhead. To address this, we propose
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a sequence-length cutting strategy to support dynamic tensor shapes while minimizing redundant
padding overhead. As shown in Figure 10, HeteroLLM offloads computation tasks involving dynamic-
shape tensors to the GPU (according to GPU- 1 : linear performance), while retaining fixed-size tensor
computations on the NPU. For example, with an input sequence length of 300, we partition the tensor
into two segments: 44 and 256. Since 256 is a standard tensor shape, its computation graph is pre-
generated, allowing it to be processed by the NPU. The segment with the size of 44 (not a pre-defined
shape), is executed by the GPU backend concurrently with the NPU. Ideally, NPU execution overlaps
with GPU execution, thus eliminating additional overhead.
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Figure 10. Due to the static computation graph of the NPU, HeteroLLM employs sequence-length cutting to
support the dynamic sequence lengths required by LLMs.

Multi-sequence-length cutting and Hybrid-cutting. As the GPU’s performance is generally weaker
than the NPU, its computations will become a bottleneck when the sequence length surpasses a certain
threshold. To mitigate this, we further partition the input tensor along the sequence length dimension
into multiple sub-tensors, each with predefined shapes, and one additional sub-tensor with an arbitrary
shape (Multi-sequence-length cutting). All sub-tensors with predefined shapes are executed sequentially
on the NPU. For instance, if the input tensor’s sequence length is 600, it can be divided into sub-tensors
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with sizes of 512, 32 and 56. 512 and 32 are the pre-defined tensor shapes, which can be executed
sequentially on the NPU, while the sub-tensor with a dynamic size of 56 is offloaded to the GPU. In
addition to multi-sequence-length cutting, HeteroLLM can also employ a hybrid approach, which
combines row-cutting and sequence-length cutting (hybrid-cutting). In this configuration, HeteroLLM
continues to use padding for NPU computation while offloading a portion of the computational load
to the GPU backend based on the row dimension. Through these elaborate tensor partition approaches,
HeteroLLM can overlap the execution time between the GPU and NPU, and further select the optimal
partition strategies according to the different sequence lengths.

4.1.2. Tensor Partition During the Decoding Phase

In the decoding phase, the primary bottleneck shifts from computation to memory bandwidth.
Parallel execution on both the GPU and NPU can leverage the whole memory bandwidth in SoC,
which is larger than the memory bandwidth of a single processor (Memory- 1 ). During the decoding
phase, the sequence length of the input token is fixed—typically one for standard decoding and n
for speculative decoding [68]. We can pre-generate the NPU graph using the designated decoding
tensor shape and employ a row-cutting strategy for tensor partition. Unlike the row-cutting strategy
used in the prefill phase, which aims to balance computational load between the GPU and NPU, the
approach in the decoding phase focuses on maximizing SoC memory bandwidth as well as minimizing
potential memory contention. To achieve optimal partition, we employ a partition solver (introduced
in Section 4.3) to determine the best partition ratio between the NPU and GPU.

4.2. Fast Synchronization

While GPU-NPU parallelism can decrease execution time for certain operators, it may introduce
new overhead due to GPU and NPU synchronization (GPU- 2 : high-cost synchronization). This synchro-
nization overhead becomes more pronounced during the decoding phase, where the execution time
for a single operation (e.g., Matmul) is reduced to hundreds of microseconds, while a synchronization
operation incurs an overhead at least 400 microseconds.

To mitigate this overhead, we employ two strategies. First, mobile SoCs provide a unified address
space, which allows mapping a memory buffer into both host and device address spaces, eliminating
the need for additional data transfers. In the HeteroLLM runtime, a dedicated memory pool is reserved
for allocating the input and output tensors of each operator. Since different layers in LLMs share the
same decoder block, this memory pool requires only a few buffer slots, which can be reused across
the different layers. Furthermore, these buffer slots will not be reclaimed by the GPU / NPU driver,
ensuring that the mapping between CPU and GPU / NPU address spaces is maintained throughout
model inference.

Second, we exploit the predictable waiting times for GPU kernels to facilitate fast synchronization.
Given that LLMs execute identical operations across each layer, the waiting times for GPU kernels tend
to be consistent and predictable across different layers. We allow the synchronization thread to sleep
for a predicted waiting time, followed by a polling mechanism to achieve precise synchronization.
Since the minimum granularity of ‘usleep’ in mobile SoCs is approximately 80 to 100 microseconds,
it cannot serve as an accurate synchronization mechanism. Consequently, once the synchronization
thread awakens, it utilizes a small/middle CPU core to continuously monitor the output tensor of the
last layer. A flag bit is added alongside the output tensor and is updated once the output tensor is
completely populated. The CPU core only needs to poll this flag bit for a few microseconds and can
immediately notify the NPU for subsequent execution as soon as the GPU kernel completes.

While both the prefill and decoding phases leverage GPU and NPU parallelism with fast syn-
chronization, several distinctions exist between these two phases, as shown in Figure 11. In the prefill
phase, the NPU exhibits superior computational capability, making it NPU-dominant. HeteroLLM
effectively hides GPU execution time within NPU execution, but needs to delay the submission of
the next GPU kernel until NPU execution is finished. Although this introduces a task submission
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overhead during GPU-NPU synchronization, this cost is approximately tens of microseconds and can
thus be ignored in the prefill phase.
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Figure 11. Fast synchronization during the prefill and decoding phases.

Conversely, in the decoding phase, the GPU outperforms the NPU because GPU kernel imple-
mentations obtain more stable and efficient memory bandwidth, making this phase GPU-dominant.
Here, we overlap NPU execution with the GPU execution. Once the NPU task is completed, we
promptly submit the next GPU kernel to the GPU queue. The inherent queue ordering guarantees
synchronization for GPU kernels, eliminating any additional GPU submission overhead during the
decoding phase.

4.3. Putting It All Together

Figure 12 illustrates the overall architecture of HeteroLLM. Given a large language model, our
tensor partition solver first identifies the various tensor shapes utilized by the model across several
predefined sequence lengths. It then cooperates with the performance profiler to determine the
partition strategy of each tensor, and then partitions each tensor with the most suitable ratio. Finally, it
generates the computation graph for different backends, conducting the execution of inference engine
at runtime.
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Figure 12. The overall architecture of HeteroLLM contains three components: Profiler, Solver and Inference
Engine.

Performance Profiler. To determine the optimal partition solution, the solver works in conjunction
with a performance profiler tailored for heterogeneous processors. Our profiler operates in two modes:
real-execution and prediction. In the real-execution mode, the profiler executes the target operator
with various tensor shapes on actual hardware, gathering precise performance metrics for both GPUs
and NPUs. Although this mode is time-consuming, it can be conducted offline. Moreover, the NPU’s
stage performance characteristic facilitates effective pruning of the tensor partition search space, with
constraints requiring row partitions to be aligned to 256 and sequence length partitions to 32, thereby
reducing the number of candidate partitions. In addition to the real-execution mode, we provide a
prediction mode. Due to the inherent fluctuation in hardware performance, minor inaccuracies in
performance results across different backends are tolerable for our solver. Using traditional machine
learning techniques, such as decision tree regression, we can predict NPU performance across different
tensor shapes. Conversely, given that GPU performance is more stable and less dependent on tensor
shapes, we easily estimate GPU execution time in compute-intensive scenarios using a fixed TFLOPS
rate.

Tensor Partition Solver. After obtaining the hardware performance results across various tensor
shapes, the solver must determine the optimal partition strategy, taking into account GPU-only, NPU-
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only and GPU-NPU parallelism. The objective function to be optimized by the solver is illustrated in
the following equation.

Ttotal = min
(

max(Tpartition1
GPU , Tpartition2

NPU ) + Tsync + Tcopy,

Tall
GPU, Tall

NPU + Tsync + Tcopy

)
s.t. Partition1 + Partition2 = All.

In the context of GPU-NPU parallelism, the solver traverses all possible partition solutions for the
GPU and NPU, and retrieves performance results from the profiler. Commonly, the execution times for
the GPU and NPU cannot be perfectly overlapped, so the solver uses the maximum execution time of
these two backends as the actual computation time. Beyond computation time, the solver also accounts
for synchronization overhead, including kernel submission and activation transfer between GPU
and NPU memory. The cost associated with kernel submission is further influenced by whether the
execution is GPU-dominant or NPU-dominant. For certain tensor sizes where GPU-NPU parallelism
does not yield any performance benefits, the solver opts not to partition the tensor, instead selecting
the optimal backend for execution.

Inference Engine. During execution, a control plane decider determines whether a kernel is executed
on the NPU backend, the GPU backend, or using NPU-GPU parallelism, based on the inference phases
and sequence length. When two adjacent kernels are allocated to different backends, our HeteroLLM
engine employs a fast synchronization mechanism to ensure data consistency. Upon completion of
kernel execution on both backends, it merges intermediate results as needed. Besides, the HeteroLLM
engine also manages a memory pool for host-device shared buffers, which are allocated or reclaimed as
input and output tensors for each GPU/NPU kernel, bypassing the organization of the device driver.

5. Evaluation
5.1. Experimental Setup

We have implemented a prototype of HeteroLLM based on PPL [32], a SOTA mobile-side inference
engine that supports both CPU and GPU. HeteroLLM extends PPL by incorporating NPU support
(using QNN-NPU library) and implements both layer-level and tensor-level heterogeneous execution
across GPU and NPU. As for the model quantization, HeteroLLM employs the W4A16 (weight-only)
quantization1 [69–73] which balances the model accuracy (FLOAT computation) and storage overhead
(INT4 for weight storage). We evaluate the performance of HeteroLLM on one of the most powerful
mobile SoCs: Qualcomm 8 Gen 3. Even when compared to inference engines [26,29,51] that exploit
model/activation sparsity or rely on INT-only NPU calculations, which can potentially compromise
the model accuracy, HeteroLLM demonstrates comparable performance through more efficient NPU
utilization and GPU-NPU parallelism, without sacrificing any accuracy. Moreover, we believe that our
techniques could also enhance performance for sparse inference, which remains an orthogonal aspect
to our work.

In our evaluation, we mainly compare with inference engines using dense computation without
sacrificing the inference accuracy, such as llama.cpp (CPU), MLC (GPU) and MNN (GPU). HeteroLLM
achieves significant performance improvements through layer-level heterogeneous execution (Hetero-
layer) during the prefill phase, with enhancements of 25.1×, 7.27× and 3.18× compared to above
inference engines respectively. Additionally, HeteroLLM gains a further 40% improvement via tensor-
level heterogeneous execution (Hetero-tensor). During the decoding phase, HeteroLLM achieves a
performance increase of up to 23.4% by fully utilizing the SoC’s memory bandwidth.

1 only utilizes NPU’s TOPS during the decoding phase, as NPU currently does not support W4A16 for decoding.
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5.2. Prefill Performance

We first evaluate the prefill performance of HeteroLLM. As mobile NPU only supports static
graph execution, the evaluation is conducted from two perspectives: regular sequence lengths that fit
in pre-defined graphs and arbitrary sequence lengths that do not align with the NPU’s static graph.

5.2.1. Aligned Sequence Length

We compare prefill performance of HeteroLLM with MNN-OpenCL, llama.cpp, MLC and PPL-
OpenCL across sequence length of 64, 256, 1024. As shown in Figure 13, when running Llama-8B
model with W4A16 quantization under sequence length of 256, Hetero-layer achieves 5.85×, 24.9×,
5.64×, 2.99× speedup compared to above frameworks. For sequence lengths 64 and 1024, Hetero-layer
can speed up 3.67-14.36× and 3.17-25.12× respectively. These performance improvements result from
utilizing the NPU as a substitute for the GPU in executing computationally demanding operators
(e.g., Matmul), given that a well-optimized NPU, with a more suitable tensor order, significantly
outperforms the GPU in most scenarios.
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Figure 13. Prefill speed of different models under different prompt lengths.
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Based on this, Hetero-tensor takes a step further and outperforms Hetero-layer by 30.2% on
average (up to 40.8% when sequence length is 32). Under sequence length of 1024, Hetero-tensor
achieves 34.5×, 9.99× and 4.36× performance improvement over llama.cpp, MLC and MNN-OpenCL
respectively. The prefill speed of Hetero-tensor reaches 247.9 tokens per second on Llama-8B and is
up to 1092 tokens per second on InternLM-1.8B. This is because Hetero-tensor takes the performance
characteristics of both GPU and NPU into consideration, which allows the GPU to compensate for
the NPU’s performance degradation with certain tensor shapes (e.g., FFN-down), thereby unleashing
the potential of heterogeneous execution for GPU and NPU. Moreover, Hetero-tensor also utilizes the
fast synchronization mechanism to overcome the synchronization overhead between GPU and NPU,
which we will evaluate in Section 5.4. For other models, Hetero-layer and Hetero-tensor also show
significant performance improvements. On Llama-7B, Hetero-tensor is averagely 6.05× faster than
MNN-OpenCL, and 6.63× faster than MLC. Similarly, on the Llama-3B model, Hetero-tensor achieves
an average speed-up of 10.2× over MNN-OpenCL and 3.51× over PPL-OpenCL.

Compared with other inference engines [26,29] that just leverage the NPU for sparse computation
(INT), HeteroLLM exploits the dense computational capabilities (FLOAT) of the NPU. Thanks to the
involvement of GPU, HeteroLLM even achieves better performance compared to these works. For
instance, Hetero-tensor achieves 1092 tokens/s during the prefill phase with a sequence length of 256
on InternLM-1.8B. While MLLM-npu [26] attains only 564 tokens/s under the same model size (relies
on the sparse activation).
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5.2.2. Misaligned Sequence Length
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Figure 15. Prefill speed of Hetero-layer and Hetero-tensor with and without fast synchronization under sequence
lengths of 64, 256 and 1024.

As current mobile NPUs only support static computation graphs, and it is impossible to prepare a
graph for every sequence length in advance. An intuitive way is to create new graphs for every request
with different sequence lengths in the runtime. This method is designated as "Online-prepare". Another
approach is to preload several graphs in standard sizes (e.g., 128, 256, 512) and pad misaligned input
to the closest standard size. Moreover, misaligned input can also be segmented into multiple parts
using a multi-sequence-length cutting approach (described in Section 4.1.1). The portion exceeding the
standard size, referred to as the margin, is processed with a smaller standard-sized graph and executed
sequentially on the NPU. These two methods are referred to as "Padding" and "Pipe" respectively.

MLLM-NPU addresses the challenge of static computation graphs on NPU by splitting the input
sequence into fixed-size chunks, a method referred to as "Chunked Prefill". The chunk size must be
chosen carefully to fully utilize the computational power of NPU and avoid unnecessary overhead. For
instance, Chunked Prefill can only achieve the maximum prefill performance until the sequence length
is 1024, and its performance is degraded to half when the sequence length is shortened to 256 [26]. In
contrast, Pipe (i.e., multi-sequence-length cutting without GPU support) chooses different standard
sizes dynamically and has less overhead in graph loading. We adopt Pipe as the best solution for
NPU-only prefill.

Figure 14 presents the performance of Hetero-tensor under misaligned sequence lengths running
Llama-8B and compares it with the above three methods. The standard sizes are set to be powers
of 2 between 32 and 1024. We record both the graph preparation time and the computation time
of Online-prepare. The results show that Hetero-tensor outperforms other methods under every
sequence length and achieves 2.24×, 2.21× and 1.35× speedup compared to Online-prepare, Padding
and Pipe under misaligned sequence length of 525. Online-prepare has the longest latency in most
cases, because graph preparation time increases with sequence length and is related to the number of
graphs (typically 4 graphs). Under sequence length 135, preparation time is 408.4 ms and accounts for
34.6% of the total latency. This overhead increases to 2050 ms as the sequence length extends to 1000.
The latency of Padding increases in a stepwise manner rather than linearly. It introduces extra latency
and causes a waste of computation resources. When the misaligned sequence length slightly exceeds
a standard size, the latency of Padding is on average 1.91× longer than that of Hetero-tensor. Pipe
compensates for the overhead of Padding as it fits the margin in a smaller graph and adds less padding.
Compared to Pipe, Hetero-tensor is still capable of reducing the latency by 13.2%-30.1%.

The performance improvement of Hetero-tensor is attributed to its ability to parallelize compu-
tations across heterogeneous accelerators, and its flexibility in adopting various tensor partitioning
strategies. For every matrix multiplication with misaligned sizes, Hetero-tensor decides the partition
strategy according to the computational power of NPU and GPU. When the ratio of the margin to the
standard size closely aligns with the ratio of computational power between the GPU and NPU, the
computation is partitioned by sequence length between the GPU and NPU. If the margin is too small to
fully utilize the computational power of GPU, Hetero-tensor applies hybrid-cutting to partition the
multiplication in both row and sequence length.
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5.3. Decoding Performance

Figure 16 presents the decoding speed of Hetero-tensor and other inference engines. Hetero-
tensor reaches up to 14.01 tokens/s on Llama-8B, 29.9 tokens/s on Llama-3B and 51.12 token/s on
InternLM-1.8B. On Llama-8B, Hetero-tensor achieves 1.50×, 2.53× and 1.52× speedup compared
to MNN-OpenCL, llama.cpp, MLC, respectively. On InternLM-1.8B, Hetero-tensor achieves 1.94×
speedup compared to MNN-OpenCL and 2.62× speedup compared to MLC. As for Hetero-layer, since
NPU computation is typically slower than GPU for small sequence length, it always chooses the GPU
in decoding layers and performs similarly to PPL-OpenCL.

Hetero-tensor is the only framework that utilizes both GPU and NPU in decoding phase. When
NPU and GPU are running concurrently, the memory bandwidth increases from 43.3 GB/s (only GPU)
to 59.1 GB/s. Hetero-tensor uses row-cutting strategy to partition the computation and maximizes
SoC memory bandwidth. As a result, Hetero-tensor is 23.4% faster than PPL-OpenCL on Llama-8B,
8.52% faster on Llama-3B and 13.38% faster on InternLM-1.8B.
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Figure 16. Decoding rate of MNN-OpenCL, llama.cpp, MLC, PPL-OpenCL and Hetero-tensor on Llama-8B,
Llama-7B, Llama-3B and InternLM-1.8B. The prompt sequence length is 256.

5.4. Effect of Fast Synchronization

Prefill Performance: Figure 15 presents the prefill performance of Hetero-layer and Hetero-tensor
with and without fast synchronization on various models, under sequence lengths of 64, 256 and
1024. On Llama-8B, the use of fast synchronization improves the performance of Hetero-layer and
Hetero-tensor by 15.8% and 24.3% on average. Under a sequence length of 256, the prefill speed of
Hetero-tensor increases from 196.44 tokens/s to 236.92 tokens/s. For Llama-7B and InternLM-1.8B,
they achieve performance improvements of 49.0% and 34.5% with Hetero-tensor and 31.7% and 26.7%
with Hetero-layer, respectively. Hetero-tensor is more susceptible to the synchronization cost, which
may disrupt the computational balance between the GPU and NPU.

Decoding Performance: Figure 17 presents the decoding performance of Hetero-tensor with and
without fast synchronization. On Llama-8B, the decoding rate of Hetero-tensor speedups to 4.01×
with fast synchronization. On other models, we observe comparable improvements of 2.2× speedup.
The speedup in decoding phase is much higher than that in prefill phase, because the execution time
of each kernel in the decoding phase is much shorter. Thus, the overhead of synchronization and GPU
kernel submission is non-negligible.
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Figure 17. Decoding rate of Hetero-tensor running Llama-8B, Llama-7B, Llama-3B and InternLM-1.8B with and
without fast synchronization. The prompt sequence length is 256.

5.5. GPU Performance Interference

To evaluate the impact of HeteroLLM on system-level image rendering as well as interference
with other GPU applications, we conduct experiments by running PPL-OpenCL, Hetero-layer and
Hetero-tensor concurrently with a high-performance mobile game (League of Legends: Wild Rift), all
graphical settings in the game are kept at their default values.

As shown in Figure 18, when running concurrently with the game, the prefill speed of Hetero-
layer and Hetero-tensor decreases by 9.57% and 7.26% respectively, while Hetero-tensor (w/ game)
is still 15.3% faster even compared to Hetero-layer (w/o game). The frame per second (FPS) of the
game is not affected by the execution of Hetero-layer and Hetero-tensor, keeping steady at 60 FPS,
and all the operations in the game are still smooth. In contrast, the FPS of the game significantly
degrades (dropping to zero), when run concurrently with PPL-OpenCL. This occurs because GPU
kernels initiated by the PPL runtime fully occupy the GPU submission queue, preventing the game’s
rendering tasks from completing within their designated time frame. In contrast, Hetero-layer and
Hetero-tensor allocate only a small portion of the computation workload to GPU, leaving sufficient
capacity for GPU to handle the game’s rendering tasks in a timely manner.
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Figure 18. Prefill speed of PPL-OpenCL, Hetero-layer and Hetero-tensor when running with and without game
and frame per second (FPS) of the game. The model is Llama-8B and the sequence length is 256.

5.6. Energy Consumption

Figure 19 illustrates the power and energy consumption of PPL-OpenCL, Hetero-layer and
Hetero-tensor during the prefill phase of Llama-8B with a sequence length of 256. Hetero-layer
demonstrates the lowest power consumption at 2.23W, primarily due to its reliance on the NPU
for most computations. The power consumption of Hetero-tensor is only 23.2% higher than that
of Hetero-layer and is reduced by 36.7% compared to PPL-OpenCL. The total energy consumption
during the prefill phase is determined by the product of power and execution time. Hetero-tensor
achieves a prefill speed that is 24.4% faster than Hetero-layer and 2.72× faster than PPL-OpenCL. As a
result, Hetero-tensor consumes only 3.3% more energy than Hetero-layer, while providing an energy
efficiency that is 5.87× better than PPL-OpenCL.
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Figure 19. Power and energy consumption of PPL-OpenCL, Hetero-layer and Hetero-tensor when running
Llama-8B prefill phase with a sequence length of 256.

6. Discussion

Model Quantization. HeteroLLM employs W4A16 (weight-only) quantization, striking a balance
between memory footprint and computational accuracy. W4A16 quantization is the most widely used
approach in real-world deployments. W4A16 quantizes model weights during storage and dequantizes
them to FLOAT for computation. In contrast, other approaches [26,29,51] require quantization of both
activations and weights from FLOAT to INT, which may compromise inference accuracy.

Shared Memory Between GPUs and NPUs. Current mobile SoCs (e.g., Apple M/A series, Qualcomm
Snapdragon series) support a unified address space for CPU, GPU and NPU. In our implementation, we
have successfully established shared memory between the CPU and GPU using OpenCL, and between
the CPU and NPU using QNN APIs. Additionally, by employing the ‘CL_MEM_USE_HOST_PTR’
flag, we can also map the NPU’s shared memory to the GPU, thereby establishing shared memory
between the GPU and NPU. We recommend that mobile SoC vendors provide native APIs to allocate
unified memory for all heterogeneous processors.

7. Conclusions
This paper introduces HeteroLLM, the fastest LLM inference engine optimized for heterogeneous

processors in modern mobile SoCs. We provide an in-depth analysis of the GPU and NPU hardware
architecture, highlighting the NPU’s tensor shape-sensitive performance characteristics. Unfortunately,
certain layers in contemporary LLMs, such as FFN-down, are processed less efficiently by NPUs,
creating significant bottlenecks. HeteroLLM mitigates these inefficiencies by leveraging GPUs to
complement NPU computational limitations. It also addresses challenges like the underutilization of
SoC memory bandwidth and static graph constraints. Furthermore, this paper offers new insights into
designing more efficient edge AI accelerators and heterogeneous SoCs.
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