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This is just the beginning of something big.
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lenges. Structured pruning is an effective ap-
proach to reducing model size, but it often re-
sults in significant accuracy degradation, ne-
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Abstract

refined quantization scheme. To this end, we
propose QPruner, a novel framework that em-
ploys structured pruning to reduce model size,
followed by a layer-wise mixed-precision quan-
tization scheme. Quantization precisions are
assigned to each layer based on their impor-
tance to the target task, and Bayesian optimiza-
tion 1s employed to refine precision allocation
strategies, ensuring a balance between model
accuracy and memory efficiency. Extensive ex-
periments on benchmark datasets demonstrate
that QPruner significantly outperforms existing
methods in memory savings while maintaining
or improving model performance.
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Introduction

Structured pruning (Ma et al., 2023; Xia et al.,
2023) 1s a widely used approach that reduces model
size by removing less important parameters in a
structured manner, preserving the overall archi-
tecture compatibility with hardware requirements.
However, the disruption of computational graph
uniformity and the removal of parameters can sig-
nificantly reduce the accuracy of LLMs, which are
inherently information-dense networks. To miti-
gate this degradation, fine-tuning is often used to
recover the accuracy of pruned models. This fine-
tuning step, while effective, i1s memory-intensive
and presents substantial challenges in terms of re-
source consumption.
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Introduction

To further reduce memory usage during the fine-
tuning and inference phases, we introduce quantiza-
tion into the structured pruning framework. Specifi-
cally, after performing structured pruning, we quan-
tize the pruned model and then apply different
fine-tuning strategies. Quantization effectively re-
duces the bit-width of model parameters, thereby
lowering the resource consumption during both
fine-tuning and inference. However, integrating
quantization with structured pruning introduces ad-
ditional complexities. Structured pruning applies
different pruning intensities across model layers,
which exacerbates the uneven distribution of layer
importance, making some layers more critical for
maintaining model performance. Moreover, the
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Background

uantization. Quantization 1s an essential tech- -
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Background

Simulated Quantization for Matrices. In prac-

t?ce, .it is often more efficient to use simulated quan- H=0f| CHot Al=ej|o| M FXlel: M2 = SRS
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on quantized values (Bai et al., 2020; Shen et al.,
2020). In this method, quantized weight matrices
are stored as encoded integers and are temporar-
1ly dequantized into simulated high-precision ma-
trices during multiplication operations. This pro-
cess is denoted by gy (-): R™*"™ — R'G™", where
Ry : {T[i] e R0 < i< 2V).
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QPruner

3.1 Structured Pruning

Our framework does not impose specific require-
ments on the pruning method; as new technolo-
gies evolve, the pruning method can be replaced.
The only requirement for this step 1s to produce
a smaller model. Although some methods can
achieve good performance without fine-tuning (An
et al., 2024), most real-time systems require dy-
namic adaptation, which means that the pruned
model must be fine-tuned to improve performance.
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Figure 2: Overview of the QPruner framework.
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Iw, = |Lw,;(D) — Lw,;=0(D)], (4)
where L represents the prediction loss.
Using a second-order Taylor expansion, the im-
portance can be approximated as:

0L(D)
OW,;

where H 1s the Hessian matrix of the loss func-
tion.
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3.2 Mixed-Precision Quantization

After pruning, we apply mixed-precision quantiza-
tion to further reduce memory usage while main-
taining model performance. Instead of assigning
a uniform bit-width across all layers, different bit-
widths are allocated based on each layer’s contri-
bution to the final model output. The contribution
of each layer 1s quantified using mutual informa-
tion between the layer’s output and the model’s
prediction.

To compute mutual information, we first run rep-
resentative data samples through the pruned model.
For each layer, we record its output X and the fi-
nal prediction Y. The mutual information /(X ;Y")
between the output of layer X and prediction Y is
computed as:
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3.3 Performance Recovery

After the steps of structured pruning and mixed-

precision quantization, significant memory savings X D2 2ot YAlelE HA|H Yot i2e| &
are achieved. However, model performance typi- S CtMst A OIC L g{L} REl M=2 HE [O||XE™HOoZ
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pression technique makes full model fine-tuning
feasible by reducing both memory and computa-
tional costs.
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Method BoolQQ PIQA Hells WinoG ARC-e ARC-c OBQA Memory (GB)
Rate = (0% w/0 tuning 73.09 7835 7298 67.09 67.42 41.38 42.40 -

LLM-Pruner 6330 7682 6868 63.38 63.76 37.11 40.60 35.06
Rate = 209 QPruner! 67.77 76.55 6803 61.80 64.06 38.65 40.00 21.78
ST QPruner’ 6860 7679 6843 6278 65.50 3874  40.40 23.05
LLaMA-7B QPruner’ 69.11 77.23 6880 63.17 66.16 39.20  41.00 23.32
LLM-Pruner 6245 74.37 63.14 61.96 59.22 3370 39.60 31.38
Rate = 309 QPruner’ 5896 71.22 58.10 5888 52.19 32.34 38.40 20.12
S QPruner” 6220 7288 6064 6050 55.61 33.56 38.40 22 .87
(QPru ner 6650 7443 61.14  61.40 58.12 34.47 39.2(0) 22.15
LLM-Pruner 4376 68.88 4485 5099 45.20 28.75 34.60 23.89
Rate = 500 QPruner! 4514 68.34 4439 5296 43.86 29.01 35.80 15.47
PR TR QPruner” 4708 6885 4553 5365 44.31 2936 36.20 16.85
(QPru ner- 48.37 69.20 45.19 5445 45.28 2970  36.40 16.65

Rate = (0% w/o tunin 7569 7775 7106 67.80 69.07 40.78 42.20 -

E
LLM-Pruner 57.77 77.56 67.16 63.14 67.30 37.71 40.40 35.25
Rate = 20% QPruner' 5795 7682 6642 6251 66.62 37.37 40.60 21.65
B lf,"}13’1"11|1u:r1 5070 7720 6631 6266 67.12 37.48 40.80 2295
Vicuna-7B QPruner” 5985 77.59 67.31 63.20 67.84 37.85 41.20 23.10
LLM-Pruner 5881 7437 6070 60.62 59.01 33.79 38.80 31.83
Rate = 309 QPrunr.:r' 53.85 74776 60.65 60.06 59.72 34.30 38.20 19.95
B - o

QPruner- 55.64 75.07 6165 6031 59.54 34 47 38.60 21.65
QPru ner’ 5723 7590 62.00 6037 60.81 34.79 3940 21.80
LLM-Pruner 5951 66.87 4318 52.01 48.40 26.45 34.00 24.55
Rate = 50% QPruner’ 5051 6790 4330 5083 48.82 27.49 34.60 14.50
— Ay QPrunf.:rj 61.31 6856 4454 53.02 49.50 28.13 35.40 15.90

QPruner’ 61.56 68.80 43.72 5339 4966 2798 3580 13.33




