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Abstract—Large language model (LLM) inference on edge
devices faces significant challenges due to limited resources and
memory bottlenecks. Mixed-precision quantization can effectively
reduce resource demands and computational overhead, but exist-
ing processing-in-memory (PIM) solutions often lack support for
efficient mixed-precision execution. To address these bottlenecks,
we propose MixPIM, a hardware-software co-designed system
that integrates a decoder-wise mixed-precision quantization en-
gine with a bank-level parallel multi-precision DRAM PIM accel-
erator. MixPIM dynamically allocates bit-widths across decoder
blocks based on importance scores while efficiently executing
general matrix-vector multiplication (GEMYV) operations under
multiple precision modes within memory, eliminating off-chip
data movement. Experimental results on LLaMA models show
that MixPIM improves energy efficiency by 4.1 x and 4.5x com-
pared to state-of-the-art GPU and heterogeneous PIM systems.

I. INTRODUCTION

Large language models (LLMs) have achieved great success
in various natural language tasks [1]-[5]. With the develop-
ment of embodied intelligence, IoT and other scenarios, there
is growing interest in LLM inference on the edge devices
[6]. Local deployment of LLMs mitigates the bandwidth
and energy costs associated with cloud computing [7]; it
reduces the dependency of network conditions, enhancing
privacy protection and personalization with local user context
[6]. However, the edge device LLM inference has resources
constraints and is mainly bottlenecked by memory-bound
GEMYV operations. Quantization can compress the model to
reducing computing and memory requirements [8], which is
suitable for edge device inference [9]. Although traditional
accelerators such as GPUs have rich computing resources, they
are inefficient in single-batch inference and have high area and
power consumption overhead. PIM can effectively accelerate
GEMYV operations [10]-[13]. However, we observe that the
current PIM solution cannot support the high-performance
execution for mixed precision quantization inference.

II. MOTIVATION AND CHALLENGES

For on-device LLM inference, both attention and FFN is
mainly GEMV operations. The model weights are read from
memory, used once and replaced. This inefficient reuse leads
to high memory bandwidth demands and limits computing
unit utilization, making conventional platforms inefficient.
As shown in Fig. 1, our experiments on LLaMA2-7B with
an NVIDIA A100 GPU (batch size 1) reveal that GEMV
operations dominate over 85% of kernel execution time for

FP16 models and over 70% even after 8/4 bit quantization,
showing low operational intensity and memory bottlenecks.

Quantization is a solution to reduce LLM memory and
computation overhead. However, existing methods mainly take
uniform precision quantization, which applies identical bit-
widths across all decoder blocks, ignoring functional differ-
ence and leading to suboptimal trade-offs [14]-[16]. To ad-
dress these limitations, we are motivated to propose a decoder-
wise mixed-precision strategy that quantize the model based
on decoder block sensitivity, preserving critical computations
while compressing less sensitive blocks.
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Fig. 1. (a) Roofline model analysis. (b) Kernel execution time breakdown.
III. DESIGN

Figure 2 illustrates the overall architecture of the proposed
MixPIM system, which accelerates LLM inference on edge
platforms through hardware-software co-design.

At the software level, MixPIM introduces a decoder-aware
mixed-precision quantization engine. Starting from a original
LLM model, it iteratively analyzes and assigns different bit-
widths to decoder blocks based on our defined importance
score that derived from the sparsity of input/output activation
matrices. Quantization engine can also takes grouping strategy
to take several decoders as a group and increase the efficiency
of the process. Blocks with lower scores are quantized to
lower precision, while more sensitive blocks retain higher
precision, thereby reducing model size and computation cost
while maintaining accuracy.

Each DRAM bank within HBM3 is equipped with a GEMV
execution unit capable of configurable precision. Under host
control, these GEMYV units can be configured and executed
with different precisions to match the quantization bit-widths
of different decoder blocks. This design eliminates the off-
chip data movement, thereby minimizing memory traffic. Each
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Fig. 2. Overview of the MixPIM system for edge device LLM inference. The design contains a decoder-wise quantization engine and a multi-precision PIM

accelerator.

PIM GEMYV unit can switch precision modes and processes
input vectors in bank-level parallelism, retaining intermediate
results in local buffers. The results are eventually retrieved and
reduced by the host. We takes the similar data layout strategy
proposed in AttAcc [11], but we extend it to support all GEMV
operations throughout the inference process.

In the end-to-end execution workflow, the LLM model
is first quantized offline using the mixed-precision engine,
generating a mix-precision quantized model and a bit-width
configuration. Based on this configuration, model weights are
laid out onto the PIM memory. During inference, PIM units
directly execute GEMV operations of varying precision inside
the DRAM arrays, buffering partial results locally before
writing them back to main memory. Non-GEMV operations
(such as softmax and residual addition) are performed on the
host CPU. This process iterates until the sequence generation
is completed, enabling efficient offloading of memory-bound
GEMYV operations to PIM and establishing a memory-centric
inference path optimized for edge deployment of LLMs.

IV. EVALUATION

Mixed-precision Quantization We evaluate the effective-
ness of MixPIM decoder-wise mixed-precision quantization
algorithm by comparing it against SmoothQuant [14] 8-bit
(WB8AS) and 4-bit (W4A4) variant, across benchmarks includ-
ing WikiText [17], LAMBADA [18], ARC-Easy [19], PIQA
[20], and BoolQ [21]. MixPIM achieves higher model com-
pression ratios compared to the existing 8-bit baseline, with
52.1% and 47.9% compression on LLaMA-2 7B and LLaMA-
3 8B, respectively, representing improvements of 8.3% and
10.1% over W8AS. In terms of accuracy and perplexity,
MixPIM introduces slight degradation: 1.4 and 3.0 perplexity
increases and 1.9% and 2.9% accuracy drops, respectively.
Moreover, while W4A4 achieves higher compression rates
(72.1% and 65.2%), it suffers from severe perplexity and
accuracy degradation, rendering it impractical for deployment.
Overall, MixPIM achieves a better trade-off between quanti-
zation and inference quality.

End-to-end Performance Comparison We evaluate end-
to-end token generation throughput on LLaMA2-7B [22] and
LLaMA3-8B [23] in single-batch inference. MixPIM achieves

45.4 and 43.5 tokens/s, enabled by efficient multi-precision
PIM execution. Compared to an single A100 GPU with the
same capacity AttAcc [11] system, MixPIM reaches 86%
throughput. The high performance of AttAcc + GPU is due
to two reasons: GPU provides massive compute resources for
FC layers and AttAcc PIM efficiently processes the attention
layer. Compared with A100 GPU, MixPIM achieves 1.1 x
higher throughput on average, and outperforms the Intel Xeon
Gold 6354 CPU by up to 9.3x.

Performance per Watt Comparison We further evaluate
energy efficiency of edge device LLM inference by measuring
throughput-per-watt (tokens/s/W) across platforms. As shown
in Fig. 3, MixPIM achieves 0.70 tokens/s/W on average,
outperforming NVIDIA A100 GPU by 4.1 x. Compared with
the AttAcc+GPU systems, MixPIM delivers 4.5x higher en-
ergy efficiency. These results highlight the efficiency benefit
of MixPIM for on-device LLM inference, where optimizing
energy efficiency is often prioritized over absolute throughput.
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Fig. 3. Energy efficiency comparison (tokens/s/W) of MixPIM against CPU,
GPU, and GPU+AttAcc baselines for single-batch inference on LLaMA2-7B
and LLaMA3-8B

V. CONCLUSION

We propose MixPIM to accelerate the edge device LLM
inference. MixPIM is a codesign of a decoder-wise mixed-
precision quantization engine and a multi-precision PIM ac-
celerator to address the memory bottlenecks in on-device LLM
inference. MixPIM reaches 4.1x and 4.5x higher energy ef-
ficiency over GPU and state-of-the-art PIM baselines, demon-
strating the effectiveness for energy-efficient LLM inference
on edge devices.
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