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Pruning has recently demonstrated promising results in alleviating the heavy param-
eter burden and computational cost of Large Language Models (LLMs). However,
the missing of sparsity-friendly fine-tuning significantly limits the performance of
high-sparsity LLMs. While LoRA serves as the most popular fine-tuning approach
for dense LLMs, it is naturally incompatible with unstructured sparsity since the
merging operation condenses the weight matrix, thereby eliminating the benefits of
sparsity. In this paper, we introduce Sparsity-aware Prompt Tuning (SPT), a simple
and effective fine-tuning approach specifically tailored for sparse LLMs. Instead
of fine-tuning the remaining weights or adding extra adaptors, SPT aims to learn
soft prompts to compensate for pruned LLMs, enabling them to generate more
desired content. Pruning occurs gradually during fine-tuning, with the prompt
length proportional to the sparsity ratio assigned to each layer. This gradual impo-
sition of pruning allows the output deviation caused by pruning to be efficiently
mitigated through sparsity-aware prompt tuning. Experimental results demonstrate
that SPT significantly enhances the performance of sparse LLMs across extensive
model architectures, parameter sizes, and tasks, particularly at high sparsity ratios.
For instance, fine-tuning an 80% sparse LLaMA-V2-13B produced by SparsGPT
for just 2.5 hours, SPT improves the zero-shot performance from 47.39% to 55.27%,
outperforming its LoRA baseline by 2.55%, while using only 6.5% of the trainable
parameters compared to the latter. This will deliver a 3.14× end-to-end inference
speed-up using the DeepSparse inference engine.

1. Introduction
Large Language Models (LLMs), characterized by parameters in the billions, such as GPT [1, 2]
and LLaMA [3, 4], have emerged with transformative prominence in a wide array of language and
multimodal tasks. Although the vast number of parameters in LLMs contributes to their superior
performance, this immense scale also renders them inefficient and memory-intensive for deployment.
For instance, the GPT-175B model [5] consumes 320G of memory when loading parameters in
FP16 precision and necessitates no fewer than five A100-80G GPUs for inference [6]. To address
this challenge, recent interest has surged towards the compression of LLMs through parameter
quantization [7–14] and pruning [6, 15–19] in a bid to preserve performance while significantly
reducing memory consumption and computational overheads.

This paper concentrates on the pruning of LLM parameters, i.e., LLM sparsity, which receives
increasing research and industrial efforts performance promise [6, 15, 17, 20] and increased support
from practical hardware [21–23]. Recent developments in LLM sparsity have introduced various
pruning metrics, such as the weight-activation-product [15] or the hessian-inversion [6] to identify
unimportant weights that minimally impact the output. Additionally, it has been demonstrated
that optimizing the layer-wise sparse budget can further aid in performance recovery [17, 19].
These remarkable advancements facilitate satisfying performance retention for compressing LLMs at
moderate sparsity levels, e.g., 50%. Nevertheless, such performance guarantee will quickly diminish
as the sparsity rate increases, reaching random levels at 70% sparsity or beyond [17]. Enabling
high sparsity is crucial due to its significant memory reduction and substantial speedup gains. For
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Figure 1: Illustration of our proposed Sparsity-aware Prompt Tuning (SPT). It imposes sparsity
on the pre-trained LLMs in an incremental manner. With each escalation of the sparsity rate, a
layer-wise learnable prompt is designated according to the quantity of weights rendered sparse in
each respective layer. This progressive sparsity alongside fine-tuning enables the pre-trained LLM to
effectively achieve the desired sparsity rate, while concurrently preserving the original performance.

instance, a speed-up spike from 1.77× to 4.15× can be fulfilled when increasing the sparsity level of
LLaMA-7b from 50% to 90% [21]. Consequently, addressing the challenge of high-sparsity LLMs is
a crucial task that requires resolution in both industrial and academic spheres.

Reflecting upon the historical progression of traditional network sparsity, there has been a wide-scale
recognition that fine-tuning–i.e., retraining the compressed model on the original training set–plays a
pivotal role in recovering the performance of sparse models, especially at high levels of sparsity [24–
26]. As such, it is intuitively appropriate to fine-tune sparse LLMs to address the aforementioned
obstacle. However, two significant challenges remain formidable. First, full fine-tuning of sparse
LLMs necessitates an exhaustive collection of training data and attendant computational burden,
making it impractical in resource-constrained scenarios. On the other hand, while previous endeavors
demonstrated encouraging performance using Low-Rank Adapter (LoRA) [27] for sparse LLM fine-
tuning [15, 17], the merging operation of LoRA naturally conflicts with sparse tensors, eliminating
its inference benefits.

To this end, we propose a simple and effective, Sparsity-aware Prompt Tuning (SPT), which is
specifically tailored for fine-tuning sparse LLMs. SPT tackles the aforementioned obstacles through
two complementary advancements: (1) Progressive Sparsity Allocation: SPT gradually introduces
sparsity to LLMs in a step-by-step manner. This approach avoids the irreversible performance
degradation caused by the simultaneous removal of excessively large weights. (2) Sparsity-aware
Prompt Refinement: Following each pruning step, SPT enhances the output of sparse LLMs by
incorporating sparsity-aware prompts into the input embeddings. The length of these prompts is
designed to align with the layerwise sparsity levels. This incremental imposition of deviation in the
output induced by sparsification allows for timely and efficient mitigation through sparsity-aware
prompt tuning.

We embark on extensive experiments to evaluate the efficacy of SPT across a broad spectrum of
representative LLMs, encompassing LLaMA-V1 [28], LLaMA-V2 [3], OPT [29], and Vicuna [30]
with sizes varying from 7 billion to 70 billion parameters. Our results reveal that SPT significantly
amplifies the performance of sparse LLMs, particularly at extreme sparsity, even reaching up to
90%. It is pertinent to highlight that SPT boasts remarkable efficiency, with the additional parameter
burden being less than 0.1% of the original LLMs, such that the entire fine-tuning procedure can
executed within very few hours. For an illustrative example, by fine-tuning LLaMA-V1-7B pruned by
SparseGPT [6] at 70% sparse ratio, SPT reduces the perplexity evaluated on WikiText-2 from 27.00
to 11.15, using only two hours on a single NVIDIA A100 GPU, achieving 2.55× practical speedup
evaluated on the NeuralMagic DeepSparse engine [21].
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2. Related Work

2.1. LLM Sparsity
Parallel to conventional network sparsity [24, 31], the progression of LLM sparsity manifests in
both structured and unstructured manner. The former can only attain a lower compression rate,
and necessitate massive computing resources for re-training the compressed model [20, 32]. Thus,
we concentrate on LLM unstructured sparsity which holds the performance at higher sparsity,
which delivers practical speedups corroborated by the DeepSparse engine [21]. The key problem in
unstructured LLM sparsity falls into acquiring the optimal sparse mask. For example, SparseGPT [6]
amalgamates the Hessian inverse for pruning and subsequent weight adjustments, while Wanda [15]
realizes a sparse LLM model via a criterion defined by the product of absolute weight values and
their corresponding activations, intending to maintain outliers [11] that arise in LLMs. DSnoT [16]
further optimizes the sparse mask through training-free mask updates reliant on reconstruction
error. Despite these advancements, the question of efficiently fine-tuning sparse LLMs to enhance
their performance has achieved limited progress. Sun et al.[15] made a preliminary attempt by
utilizing LoRA fine-tuning, thus improving performance under a 50% sparsity rate. Xu et al. [18]
proposed employing traditional prompt learning to fine-tune models combing quantization and
sparsity. SPP [33] leverages learnable column and rowmatrices to optimize sparse LLMweights, also
with moderate sparse levels. Differently, our proposed SPT in this paper embarks on the inaugural
exploration into extreme-high LLMs sparsity via progressively learning layer-wise prompts in a
incremental pruning manner.

2.2. Parameter-efficient Fine-tuning
LLMs, trained on extensive, heterogeneous data, typically necessitate fine-tuning for the transfer of
accrued knowledge to a variety of downstream tasks. In contrast to full fine-tuning that consumes a
lot of training resources, Parameter-Efficient Fine-Tuning (PEFT) freezes the majority of pre-trained
model parameters, yet manifests comparable proficiency in downstream tasks in a cheap manner.
Predominant PEFT strategies encompass Adapters [27, 34–38] and prompt-tuning [39–44]. Adapters
endeavor to incorporate lightweight parameter modules to adjust the model’s capability for handling
downstream tasks. The Low-rank Adapter (LoRA) [27], a prime exemplar method, integrates
trainable rank decomposition matrices into pre-trained weights, exhibiting impressive fine-tuning
capacity across a multitude of LLMs and downstream tasks. Prompt tuning, alternatively, appends
trainable prompt tokens to the input embeddings [40, 41] or intermediate layers [39, 42] of LLMs.
This approach allows the model to assimilate bias information pertinent to the task, paving the way
for efficient transfer learning on downstream tasks. In our work, we designed a novel per-layer
incremental prompt that yielded the most substantial performance improvement for sparse LLMs
when compared to LoRA and the traditional prompt tuning. We leave it to future work to explore
the trade-offs inherent to other PEFT techniques.

3. Methodology

3.1. Revisiting LLM Sparsity
Initially, we review the problem formulation and advances in LLMs sparsity. The objective is to
eliminate superfluous weights in pre-trained LLMs, thereby alleviating significant computational
and parameter burdens. To this avail, extant research concentrates primarily on fabricating custom
metrics, identifying and synchronously eliminating negligible weights [6, 15, 16], or administering
layer-specific sparsity ratios to bolster performance [17, 19]. Regrettably, despite the efficacy of
these methods in obtaining sparse LLMs in a matter of minutes, a swift performance deterioration
transpires, with degradation plummeting to stochastic levels for sparsity ratios surpassing 70%.

This idiosyncrasy is well recognized within the traditional sparsity literature [24, 26, 45]: irrespective
of the pruning strategy deployed, fine-tuning the sparse network on the original training data is
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highly necessitated to recuperate its performance. For sparse LLMs, however, this prospect seems
improbable owing to their voracious demands for training data and resources. Sun et al. [15]
explored strategies such as fine-tuning with LoRA [27] or full fine-tuning, which moderately revives
performance improvement, but nonetheless necessitates considerable computational resources and
performs sub-optimally at high sparsity ratios. As a result, the conundrum of fine-tuning highly
sparse LLMs in a parameter-efficient manner continues to pose a daunting challenge warranting
urgent attention in the research area.

3.2. Incremental Sparsity
Through the above review of LLM sparsity research, we first highlight a commonality that weights
are pruned in a one-shot fashion. This methodology, broadly adopted in conventional sparse models
such as ResNet-50 [46] with 25.6M parameters, has indeed demonstrated effectiveness [24, 47, 48].
However, we posit that for LLMs, with their immense volume of parameters, it is nearly impossible
to effectively recover from the pruning error caused by one-shot removal of parameters at the billion
level. By way of illustration, applying 70% sparsity rate to LLaMA-V2-70B [3] equates to removing
49B weights in a single sweep - a pruning equivalent to expunging 20 entire ResNet-50. Therefore,
restoring output discrepancy due to such quantity of weight elimination is a formidable task, even
if the network undergoes full fine-tuning, needless to say pruning relatively unimportant weights
solely by manual design metrics without re-training [6, 15].

Based on this analysis, we propose to replace the one-shot sparsity with incremental sparsity, a
concept originating from traditional sparsity literature that is especially practical under conditions
of high sparsity rates [26, 49]. In particular, the global sparsity is allocated in a progressive manner,
with the initial sparsity Si typically being 0% and eventually reaching the target sparsity Sf as
follows:

St = Sf +
(
Si − Sf

)(
1− t

T

)3

, t ∈ {1, 2, ..., T} , (1)

where P t is the sparsity rate at training step t in the fine-tuning phase and T is the total pruning
step. Given the global sparsity ratio, we utilized OWL [17] to decide the layer-wise sparsity ratio
St = [St

1, S
t
2, ..., S

t
L]. Adhering to this progressive sparsity schedule promotes a smoother invocation

of weight removal. In other words, the target of fine-tuning is decomposed into errors precipitated
by each incremental pruning, recovering a minor fraction of weights each time. We deem such
incremental sparsity critically pivotal in fine-tuning sparse LLMs, given the magnitude of removed
weights eclipsing that found in conventional scenarios, as previously alluded to.

Note that, one necessary phase involved in the incremental sparsity schedule is to retrain the sparse
weights once uponweight removal. However, fully fine-tuning the sparse LLMs requires an extensive
volume of training data and consequent computational load, therefore not applicable in consideration
of resource-constrained scenarios.

3.3. Sparsity-aware Prompt Tuning.
We introduce sparsity-aware prompt tuning, which enables efficient fine-tuning of the sparse LLM
in accordance with the gradual sparsity schedule. Given an incremental layer-wise sparsity ratio
St = [St

1, S
t
2, ..., S

t
L] at step t, we apportion learnable prompts P t = [P t

1 , P
t
2 , ..., P

t
L] for each layer,

where each P t
l ∈ RKt×C ,Kt depicts the prompt length, and C corresponds to the hidden dimension

of transformer layers. The prompt lengthKt assigned to each layer is proportional to the sparsity
ratio St as per the equation

Kt
l = ⌊

St
l − St−1

l

St
i − St−1

i

·Ko⌋, i = argmin
j

(St
j − St−1

j ), (2)

where l = 1, 2, ..., L andKo signifies the minimum prompt length, which we set as 5. In this manner,
layers with significant weight removal receive a longer prompt, enabling efficient recovery of pruning
loss.
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With the l-th layer utilized as exemplification, we denote the input N-length tokens as Ol ∈ RN×C .
These serve as a representation of the input instruction and the previously generated response. The
adaptable, learnable prompt is concatenated with Ol as [Pl; O

t
l ] ∈ R(Kl+N)×C . Assuming the model

is in the process of generating the (M+1)-th output tokens on top of [Pl; T
t
l ] at the l-th layer, denoted

as Il ∈ R1×C . The queries, keys, and values within the attention mechanism are transferred as
indicated below:

Ql = Linearq(Il ), (3)
Kl, Vl = Linearkv( [Pl; T

t
l ; Il] ), (4)

whereLinearqkv denotes theQ,K,V layerswithin attentionmodulewith sparseweights. Subsequently,
the attention scores and the layer output are computed as follows:

Al = softmax(QlK
T
l /

√
C), (5)

Oo
l = Linearo(AlVl), (6)

where Linearo denotes the sparse linear projection layer and Oo
l denotes the output. During the

incremental sparsity, we freeze all the sparsified weights but only optimize the introduced prompts.
Thus, the insights acquired via P t

l can efficaciously guide the original input embedding tokens to
render precise outputs following weight elimination in LLMs.

Discussion. The adapter choice for fine-tuning sparse LLMs during incremental pruning may
incorporate the Low-rank adapter (LoRA) [27] and Prompt tuning at the input embeddings [18].
We further explore, delineate, and juxtapose their attributes with the SPT we have proposed below.

LoRA has been substantiated as a potent tool in boosting the performance of sparse LLMs atmoderate
degrees of sparsity [15]. Albeit, the additional parameter load imposed by LoRA is roughly tenfold
compared to that of the prompt. Further, the primary objective of LoRA is to simulate dense weight
updating; however, even comprehensive fine-tuning fails to effectively revive performance, largely
due to overfitting the limited training data [15]. Conversely, prompt tuning endows the model with
a bias to facilitate the generation of accurate outputs following the sparsification of weights. At
each progressive pruning timepoint, the newly introduced prompts can effectively be learned to
compensate for the output deviation induced by weight removal, whilst concurrently preserving the
pre-trained LLM weights from updates.

Prompt tuning at the input embeddings functions as a traditional PEFT practice to adapt LLMs
for downstream tasks [40, 41]. Notwithstanding, the acquisition of the prompt before the initial
layer falls short of efficaciously capturing each layer’s individual pruning errors. This understanding
finds solid backing from previous approaches underscoring the need for layer-wise reconstruction in
sparse LLMs [6, 16]. Contrarily, our proposed SPT uniquely assigns learnable prompts at each layer
in tandem with the sparsity degree, thus mitigating the pruning error in a more adaptive manner.

4. Experiment
In this section, we quantitatively examine the effectiveness of the proposed SPT for fine-tuning sparse
LLMs. Initially, Section 4.1 summarily delineates the experimental settings. Subsequently, in Section
4.2, we conduct experiments for sparsifying representative LLMs to sweep the efficacy of SPT over a
wide spectrum of sparse rates and benchmarks. Conclusively, we undertake performance analysis to
ablate the components embodied in SPT.

5. Experiment
In this section, we quantitatively examine the effectiveness of the proposed SPT for fine-tuning sparse
LLMs. Initially, Section 4.1 summarily delineates the experimental settings. Subsequently, in Section
4.2, we conduct experiments for sparsifying representative LLMs to sweep the efficacy of SPT over a
wide spectrum of sparse rates and benchmarks. Conclusively, we undertake performance analysis to
ablate the components embodied in SPT.
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Table 1: Zero-shot performance comparison for fine-tuning LLMs at 70% sparsity. The average is
calculated among seven zero-shot datasets. We adopt SparseGPT [6] as the pruning baseline.

Method Wiki-2↓ HellaSwag Winogrande BoolQ OBQA PIQA ARC-e ARC-c Average
LLaMA-V1-7B[50] 5.63 56.94 69.93 75.11 34.2 78.67 75.25 41.89 61.71
Baseline 27.54 34.58 56.43 64.80 16.8 64.25 45.24 23.12 43.60
w. LoRA 13.54 42.77 60.14 63.88 21.0 69.86 55.39 26.96 48.86
w. Prompt-tuning 16.61 40.17 60.30 58.38 22.4 68.06 53.24 26.96 47.07
w. SPT (ours) 11.15 44.86 63.22 64.07 20.8 70.46 55.47 27.13 49.57
Vicuna-13B[30] 5.98 76.5 79.8 76.1 70.1 72.8 47.6 57.2 68.59
Baseline 21.95 38.52 61.01 73.30 17.8 67.30 53.91 27.90 48.53
w. LoRA 10.37 47.09 64.80 71.77 25.4 73.67 65.66 32.85 54.46
w. Prompt-tuning 13.73 44.98 60.62 74.07 21.6 70.13 62.16 30.89 52.06
w. SPT (ours) 9.15 49.03 65.19 76.82 28.2 72.96 66.25 35.15 56.23
LLaMA-V2-13B[50] 4.88 60.06 72.22 80.55 35.2 79.11 79.42 48.46 65.00
Baseline 20.57 36.90 61.64 66.02 21.0 67.57 52.61 25.94 47.38
w. LoRA 10.07 47.21 64.01 66.51 24.8 72.80 63.05 30.63 52.72
w. Prompt-tuning 11.24 44.85 61.96 72.29 22.4 71.11 60.35 29.01 51.71
w. SPT (ours) 8.72 50.17 67.01 70.86 27.0 73.88 64.81 33.19 55.27
OPT-13B[29] 9.86 52.43 65.04 65.93 27.2 75.84 67.13 32.94 55.22
Baseline 20.26 40.94 61.40 62.94 21.0 69.10 52.44 25.94 47.68
w. LoRA 18.74 43.90 60.85 56.88 23.4 73.50 60.40 27.99 49.56
w. Prompt-tuning 21.46 43.36 61.40 59.85 24.0 72.47 59.85 27.30 49.74
w. SPT (ours) 16.63 44.16 61.96 66.27 25.2 74.86 61.27 28.13 51.69
LLaMA-V2-70B[50] 3.32 64.77 77.90 83.73 37.2 82.21 82.74 54.44 69.00
Baseline 9.46 50.98 75.45 80.06 30.0 75.24 73.57 40.61 60.84
w. LoRA 7.05 57.11 73.48 75.66 32.6 78.78 76.56 45.65 62.55
w. Prompt-tuning 9.01 55.43 72.14 73.12 30.8 77.01 75.54 41.43 60.77
w. SPT (ours) 5.99 59.19 74.32 80.12 33.1 79.64 77.91 46.58 64.40

5.1. Experimental settings

Foundation models and Evaluating benchmarks. We base our experiments on sparsifying the
most representative open-source LLMs, including LLaMA-V1 [50], LLaMA-V2 [3], Vicuna [30], and
OPT [29], with the parameter size ranging from 7 to 70 billion. Following prior studies [6, 7, 9, 10],
we assess the performance of sparse LLMs in language modeling and zero-shot question-answering
tasks. For language modeling, we report the perplexity of language generation experiments on
separate validation sets derived from WikiText-2 [51]. For question answering, we test six tasks
using lm-eval-harness [52] framework: BoolQ [53], RTE [54], HellaSwag [55], Winogrande [56],
ARC Easy and Challenge [57], and OpenBookQA [58].

Implementation Details and Baselines. We primarily base our experiments on fine-tuning sparse
LLMs obtained by SparseGPT, a state-of-the-art LLM pruning method that performs especially better
at high sparse ratios. In addition, we also evaluate the efficacy of SPT upon other methods including
Magnitude [24] and Wanda [15] to test its scalability. We compare SPT with representative PEFT
methods that have been proven to be effective for sparse LLM fine-tuning including LoRA [15],
Prompt-tuning [18], and SPP [33]. We implement SPT in PyTorch [59] and use the HuggingFace
Transformers library [60] for handling models and datasets. In particular, we set the steps of
incremental sparsity T = 10 and minimum prompt lengthKo = 5. We fine-tune the sparse LLMs for
a total 1000 training iterations, where we equally divided the total iterations into each progressive
pruning step. The training set are construct from 400 samples containing 2048 token from the C4[61]
dataset. All experiments are conducted on NVIDIA A100 GPUs with 80GB of memory.

5.2. Quantitative Results

Main Results. We first provide the quantitative results evaluated on various tasks of different
methods when fine-tuning LLMs at a high sparsity rate of 70%, as detailed in Table 1. Regardless
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Table 2: WikiText-2 perplexity performance of SPT for fine-tuning sparse LLaMA-V1-7B and LLaMA-
V2-13B at varying sparsity rates. We adopt SparseGPT [6] as the pruning baseline.

LLaMA-V1-7B LLaMA-V2-13B
Method 50% 60% 70% 80% 90% 50% 60% 70% 80% 90%
Baseline 7.20 10.40 27.00 167.55 3912.78 6.01 8.24 20.57 103.52 1321.03
w. LoRA 7.20 9.02 11.91 28.38 184.83 5.95 7.11 10.07 20.87 89.11
w. Prompt-tuning 7.17 9.13 16.61 45.63 1669.27 5.89 7.12 11.01 29.01 398.53
w. SPP 7.00 8.75 11.32 26.98 101.99 5.87 7.01 9.72 20.22 78.76
w. SPT (ours) 6.85 8.02 11.15 22.13 79.70 5.85 6.67 8.72 14.64 50.13

Table 3: Zero-shot performance comparison for fine-tuning LLMs at 60% structured sparsity. We
adopt LLM-Pruner [20] as the pruning baseline.

Method ARC HellSwag MMLU TruthfulQA Average
LLM-Pruner 39.2 67.0 24.9 40.6 42.9
w. LoRA 46.8 65.2 23.9 46.2 45.5
w. APT 45.4 71.1 36.9 46.6 50.0
w. SPT (ours) 46.9 73.6 36.7 48.0 51.3

of the perplexity in Wiki-2 or the zero-shot datasets’ evaluations, our SPT has shown significant
advantages. For instance, when fine-tuning the sparse LLaMA-V1-7B [28] pruned by SparseGPT,
SPT reduces the perplexity from 27.54 to 11.15, whereas prompt-tuning only manages a reduction
to 16.61. The same conclusion applies to other tasks, LLMs, and pruning methods1. Such results
demonstrate the efficacy of our proposed layer-wise prompt learning that independently solve the
pruning error within each layer, instead of only inserting the prompt at the first embedding. In
comparison to LoRA, SPT consistently exhibits superior performance in LLMs with a range of 7∼70B
parameters, which only requires a fairly small amount of additional parameters as we shown in the
next subsection. For example, by fine-tuning sparse LLaMA-V2-13B, SPT achieves 55.27% average
zero-shot accuracy on seven tasks, while LoRA yields a lower 52.72%. Therefore, the performance
advantages of SPT over other fine-tuning methods are evident.

Varying Sparsity Rates. The comparison results in Table 2 delineate the perplexity performance
of fine-tuning LLaMA-V1-7B and LLaMA-V2-13B models across varying degrees of sparsity. We
observe that SPT facilitates a substantial enhancement in performance for LLMs at all sparsity rates
of 50% to 90%. Particularly, this improvement becomes increasingly evident as the sparsity level
grows against SPP, LoRA, and prompt-tuning (e.g., SPT decreases the perplexity of 90% sparse
LLAMA-V2-13B from 1321.03 to 50.13, while SPP, prompt-tuning, and LoRA only yield 101.99, 398.53
and 89.11, respectively). These results demonstrate the effectiveness of SPT for fine-tuning sparse
LLMs at high sparsity, mostly due to its advancement on replacing traditional one-shot removal of
billion weights with incremental pruning guided by layer-wise prompt-tuning.

Structured Sparsity. Notwithstanding the previous results on unstructured sparsity, we extend our
experiment to assess the performance of SPT on structured sparsity within LLMs. Table 3 provides a
comparative analysis against SOTA LLM structured sparsity methods, including LLM-Pruner [20],
APT [62]. Remarkably, SPT continues to exhibit superior performance in the realm of structured
sparsity, achieving an average precision of 51.3 across four downstream tasks, surpassing LoRA and
APT by margins of 1.3 and 5.8, respectively. This underscores SPT’s superior generalizability when
applied to sparsity at other granularities.

5.3. Efficiency Analysis

We proceed to conduct an efficiency analysis of our proposed SFT in comparison to other PEFT
methods when fine-tuning sparse LLMs. Table 4 depicts the comparison while fine-tuning LLaMA-

1We also provide the quantitative results of applying SPT to fine-tune sparse LLMs pruned by other metrics
including Wanda [15] and Magnitude [24] in the supplementary material.
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Table 4: Efficiency Comparison of different methods when fine-tuning LLaMA-V1-7B at 70% sparsity.
We adopt SparseGPT [6] as the pruning baseline.

Method Wiki-2 Tuned Training Inference Inference Throughput
Perplexity Params Time Latency(ms) Speedup (tokens/s)

LLaMA-V1-7B 5.63 0 0 291.45 1.00× 3.43

Baseline 27.00 - - 111.92 2.60× 8.93

w. LoRA 11.91 20M 4h 126.87 2.29× 7.88
w. Prompt-tuning 16.61 4M 4h 117.52 2.48× 8.50
w. SPP 11.32 19.6M 12h 111.92 2.60× 8.93
w. SPT (ours) 11.15 1.3M 2.5h 114.16 2.55× 8.75

V1-7B at 70% sparsity, where the inference latency, throughput are evaluated on the NeuralMagic’s
DeepSparse engine [21]. SPT maintains an absolute performance advantage in such high sparsity,
outperforming LoRA, prompt-tuning, and SPP by 0.75, 5.46, and 0.17 PPL onWikiText-2, respectively.
Despite such robust performance, SPT remarkably upholds highly efficient fine-tuning and deploying
efficiency. Specifically, the additional parameter burden introduced by SPT and prompt-tuning is
substantially less than that of LoRA and SPP, resulting in a significantly expedited fine-tuning
speed (2.5 hours for SPT and 4 hours for LoRA). Such lightweight fine-tuning structure paves
the way for SPT to achieve better deployment acceleration effects than LoRA on the DeepSparse
engine [21] (2.55× and 2.29× speedup for SPT and LoRA, respectively). These findings galvanize the
effectiveness of SPT as a plug-and-play method for compressing LLMs towards practical deployment.

5.4. Performance Study
In this part, we conduct performance analysis of SPT, which encompasses its specific modules and
hyper-parameter settings on the impact of fine-tuning accuracy and effectiveness.

Table 5: Ablation studies of our proposed SPT when
fine-tuning LLaMA-V1-7B at 70% sparsity. We adopt
SparseGPT [6] as the pruning baseline.

Method Incremental Non-uniform Wiki-2
Sparsity Sparsity Perplexity

LoRA % % 13.54
LoRA ! ! 11.88

Prompt-tuning % % 16.61
Prompt-tuning ! ! 14.72

SPT % % 11.78
SPT % ! 11.31
SPT ! % 11.60
SPT ! ! 11.15

Ablation Studies. Firstly, we research ev-
ery portion of SPT’s contribution to the en-
hancement of fine-tuning performance, in-
cluding the non-uniform layer-wise sparsity
budget from OWL, and incremental spar-
sity. Table 5 exhibits the quantitative re-
sults for diminishing these compents from
SPTor adding them to LoRA [27] andPrompt-
tuning [18]. It can be referred to that both fac-
tors bring about performance improvement
for other types of adapters including LoRA
and prompt-tuning, validating the universal-
ity of our proposed fine-tuning paradigm. Im-
portantly, SPT still maintains performance
advantages under evenly fine-tuning setting,
providing a powerful endorsement of our proposed sparsity-aware prompt learning’s targeted
advantage for LLMs sparsity.

Schedule of Incremental Sparsity. Figure 2 (left) presents the impact of the frequency of applying
sparsity and the variation in training iterations on fine-tuning performance. Sparse application once
parallels traditional one-shot sparsity, leading to unsatisfactory performance due to the wholesale
removal of massive weights as previously discussed. Conversely, incremental sparsity can lead to a
notable enhancement in fine-tuning performance, with the requirement of training steps proportional
to the frequency sparsity applied. Therefore, we opt for a setting of T = 10 and 1000 training steps
towards both efficient and effective fine-tuning.

Prompt Length. Moreover, Figure 2 (right) explores the influence of differing prompt lengths on
performance. Intuitively, an increasing prompt length tends to contribute towards performance
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Figure 2: (left) Effect of the incremental sparsity schedule (T ) and (right) minimum prompt length
(Ko) of each layer when fine-tuning LLaMA-V1-7B at 70% sparsity.

advancement. However, it also necessitates larger number of training steps to sufficiently train the
introduced prompts. Of note, endlessly augmenting the prompt length does not imply a perpetual
performance gain, largely due to the over-fitting to fine-tuning data that does not fit the original
pre-training scenario of LLM, e.g., performance even drops when increasing training iterations from
1000 to 2000 for Po = 10. Therefore, we moderately set Po as 5 to attain a compromise between
efficiency and performance.

6. Limitation

We further discuss several uncharted limitations of SPT, which warrant further investigation. Firstly,
despite the potency and efficiency of the integrated layer-wise prompt learning, it provokes additional
parameters and computational expenditure during the inference stage. Though these additional
expenditures are minuscule compared to the original LLM, a potentially fruitful direction for future
exploration could involve developing fine-tuning methods that introduce no ancillary parame-
ters, harnessing techniques such as reparameterization [63]. Secondly, Subsequently, while SPT’s
supremacy over existing methods in fine-tuning highly sparse LLM is pronounced, yet it falls short
of achieving an entirely lossless compression to the original model. A collective objective within the
field to put greater emphasis on achieving lossless LLM sparsifycation at high ratios to enable more
practical deployment.

7. Conclusion

A conspicuous bottleneck for LLMs resides in their overwhelming memory and computational
burden. Network sparsity illuminates potential solutions to this limitation, albeit with disconcerting
performance under high sparsity ratios. In this paper, we introduce SPT, a potent and efficient fine-
tuning methodology designed to augment the performance of sparse LLMs through sparsity-aware
prompt tuning. Our approach sequentially imposes sparsity on the pre-trained LLM, during which
we add an incrementally learnable prompt to restore its performance each time pruning is instigated.
Such prompt is executed in a layer-wise fashion, with its length proportional to the amount of pruned
weights within each layer, therefore timely and precisely mitigate the output derivation at each
pruning step. Extensive experimental validation demonstrated SPT’s capacity to efficiently and
significantly revitalize the performance of sparse LLMs. Fine-tuning an 80% sparse LLaMA-V2-13B
produced by SparsGPT for just 2.5 hours, SPT is able to improve the zero-shot performance from
47.39% to 55.27%, outperforming LoRA by 2.55%, while using only 6.5% of the trainable parameters
compared to the latter. The resultant sparse LLaMA-V2-12B will deliver a 3.14× end-to-end inference
speed-up using the DeepSparse inference engine.
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A. Appendix
Authors may wish to optionally include extra information (complete proofs, additional experiments
and plots) in the appendix, which should be placed after bibliographies and submitted together
with the main body of the paper. There will be no separate supplementary material submission. The
main text should be self-contained; reviewers are not obliged to look at the appendices when writing
their review comments.
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