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Abstract

The deployment of large language models
(LLMs) is largely hindered by their large num-
ber of parameters. Structural pruning has
emerged as a promising solution. Prior struc-
tured pruning methods directly remove unim-
portant parameters based on certain metrics,
which often causes knowledge loss and neces-
sitates extensive retraining. To overcome this,
we introduce a novel pruning method TRSP:
Two-Stage Regularization-Based Structured
Pruning for LLMs. Specifically, we multi-
ply the output of each transformer layer by an
initial learnable weight and iteratively learn
these weights by adding their ℓ1-norm as a
regularization term to the loss function, serv-
ing as the first-stage regularization. Subse-
quently, we apply additional regularization to
the difference between the output and input
of layers with smaller weights, encouraging
the shift of knowledge to the preserved lay-
ers. This serves as the second-stage regular-
ization. TRSP retains more knowledge and
better preserves model performance than direct
parameter elimination. Through extensive ex-
perimentation we show that TRSP outperforms
strong layer-wise structured pruning methods
without requiring retraining. As a layer-wise
pruning method, it delivers notable end-to-end
acceleration, making it a promising solution for
efficient LLM deployment. Code is available
at https://github.com/fmk345/TRSP.

1 Introduction

Large language models (LLMs) have made remark-
able progress in natural language processing (Yang
et al., 2024a; Wu et al., 2024; Guo et al., 2025; Wu
et al., 2025a,b; Liu et al., 2025c,a,b; Liu and Chen,
2025; Jin et al., 2025, 2026; Wu et al., 2026). How-
ever, their large scale makes real-world deployment
challenging. There is an urgent need for techniques
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that can enhance the compactness and computa-
tional efficiency of LLMs while preserving their
language modeling capabilities.

Structured pruning is a method used to simplify
neural networks by removing unnecessary or re-
dundant parameters (Xia et al., 2024; An et al.,
2024; Feng et al., 2025). Structured pruning is
categorized into channel-wise pruning (Ma et al.,
2023; Ashkboos et al., 2024) and layer-wise prun-
ing (Song et al., 2024). Channel-wise pruning op-
erates at the row or column level of parameter ma-
trices. Layer-wise pruning operates at the level of
entire transformer layers thereby offering a simpler
approach compared to channel-wise pruning (Chen
et al., 2024; Men et al., 2024).

However, existing layer-wise pruning methods
have a certain limitation. They consistently first
compute the importance of each transformer layer
using a designed criteria, prune unimportant layers,
and then fine-tune the pruned model to compensate
for performance degradation caused by pruning.
However, even unimportant layers can hold valu-
able knowledge (Dettmers et al., 2022; Yin et al.,
2024; An et al., 2025). This sequential process
of selecting and then directly pruning layers does
not handle the important knowledge contained in
the layers that are to be pruned, resulting in its
direct loss. The performance drop requires substan-
tial retraining for recovery, leading to considerable
computational overhead (Ma et al., 2023).

To address this, we present TRSP that first ap-
plies two-stage regularization and then prune. The
first regularization process iteratively learns layer
weights. The second regularization process dy-
namically transfers valuable knowledge from the
layers to be pruned to the remaining layers in ad-
vance, greatly reducing the knowledge loss caused
by pruning.

The comparison of TRSP with existing layer-
wise pruning approaches is shown in Figure 1.
First, we sample a small portion of data from stan-
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dard benchmark datasets randomly. Given the lim-
ited scale of the selected data, the computational
overhead incurred during the two-stage regulariza-
tion is significantly reduced. Second, we multiply
the output of each transformer layer by an initial
learnable weight and iteratively learn these weights
by incorporating their ℓ1-norm as a regularization
term in the loss function. This serves as the first
stage regularization. Third, we apply regulariza-
tion (ℓ1-norm or ℓ2-norm) to the difference between
the outputs and inputs of the layers with smaller
weights, forcing important knowledge to be trans-
ferred to the remaining layers which significantly
reduces the performance decline caused by param-
eter removal. Thus the model can maintain good
language modeling capability. This serves as the
second stage regularization. Finally, we prune the
layers with smaller weights. Comprehensive exper-
iments demonstrate that TRSP substantially outper-
forms strong layer-wise pruning methods in gen-
eration tasks and zero-shot tasks across different
pruning ratios, while also significantly improving
end-to-end acceleration. The main contributions of
TRSP are summarized as follows:

• Retention of Knowledge: TRSP effectively
mitigates knowledge loss by progressively ap-
plying two-stage regularization, followed by
structured pruning. This systematic approach
ensures that model performance is well pre-
served throughout the compression process,
without the need for costly retraining.

• Effectiveness: TRSP outperforms strong
layer-wise pruning methods in generation and
zero-shot tasks. The pruned model demon-
strates a considerable acceleration.

• Minimal Cost: The data required for two-
stage regularization is minimal and TRSP is
retraining free after pruning.

2 Related Work

2.1 Model Pruning

Model Pruning aims to improve model efficiency
by sparsification or parameter removal (LeCun
et al., 1989; Hassibi et al., 1993; Han et al., 2015;
Liu et al., 2017). Several studies employ unstruc-
tured (Kurtic et al., 2022; Zhang et al., 2024; Xu
et al., 2024) and structured pruning (Xia et al.,
2024; Yang et al., 2024b; Gao et al., 2024b).

Unstructured pruning zeros individual neu-
rons according to their importance such as
SparseGPT (Frantar and Alistarh, 2023),
SpQR (Dettmers et al., 2024), Pruner-Zero (Dong
et al., 2024), and Wanda (Sun et al., 2024). Their
main advantage is flexibility. However, they need
dedicated hardware to accelerate (Xia et al., 2023),
and are not able to retrain on downstream tasks.

Structured pruning methods can be categorized
by granularity into channel-wise pruning (Ashk-
boos et al., 2024) and layer-wise pruning (Kim
et al., 2024).

Channel-wise pruning methods create a metric
to assess the significance of channels in the param-
eter matrices of LLMs, and then remove the less
significant ones.

Layer-wise pruning methods treat entire lay-
ers as the basic units for pruning (Chen et al.,
2025). For instance, SLEB (Song et al., 2024)
iteratively removes entire transformer layers by
evaluating their impact on the model’s final loss,
ShortGPT (Men et al., 2024) thinks high similar-
ity between layers means redundancy, LaCo (Yang
et al., 2024b) uses layer collapse to prune, Short-
ened LLaMA (Kim et al., 2024) prunes layers in
one-shot based on their importance. In this paper,
we focus on layer-wise pruning. Prior layer-wise
pruning approaches suffer from the drawback that
the less important layers may still carry critical
knowledge, and pruning them often causes knowl-
edge loss. Discovering a way to reshape knowledge
distribution prior to pruning could potentially alle-
viate knowledge loss.

2.2 Regularization

In machine learning, regularization plays a vital
role in controlling overfitting (Santos and Papa,
2022) and identifying informative features (Tib-
shirani, 1996), and has been extensively stud-
ied (Hoerl and Kennard, 1970; Poggio et al., 1987;
Balestriero et al., 2022).

The ℓ1-norm tends to enforce compact represen-
tations by eliminating certain parameters, whereas
the ℓ2-norm favors stability and continuity (Boyd
and Vandenberghe, 2004). Both can alter the under-
lying structure and representation of the data (Han
et al., 2015; Tao et al., 2023). Inspired by this in-
sight, regularization can be leveraged to migrate
critical knowledge from pruned layers to preserved
layers, thereby enhancing model performance.
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Figure 1: A comparison between existing layer-wise structured pruning methods and TRSP. Deeper blue layer
represents greater performance impact, the taller cylinder represents larger data volume.

Algorithm 1 TRSP algorithm.

1: Input: selected data: X, number of layers: l,
initial model W, number of layers to prune:
n, layer weights: S, set of pruned layers: P ,
norm type: flag.

2: Initialize each layer weight in S to 1.
3: P ← ∅, MinS ← 1e9
4: for i = 0 to n− 1 do
5: S ← learnWeights(W, S,X)
6: for j = 0 to l − i− 1 do
7: if S[j] < MinS then
8: MinS ← S[j]
9: MinS_id← j

10: end if
11: end for
12: W← mask(W,MinS_id)
13: P ← P

⋃{MinS_id}
14: end for
15: Lsum ← L(W,X)
16: for i = 0 to sizeof(P ) do
17: Lsum ← Lsum + regularized(W[P [i]])
18: end for
19: update W using backpropagation algorithm
20: W← Prune(W, P )

3 Methodology

The complete TRSP procedure is outlined in Al-
gorithm 1 and Figure 1. The TRSP framework
involves four key stages: (1) Prepare data: Select
a small amount of data for the following two-stage

regularization. (2) Learn layer weights: Itera-
tively learn the weights of each layer by incorpo-
rating their ℓ1-norm as a regularization term in the
loss function. (3) The second stage regulariza-
tion: Apply regularization to the difference be-
tween the output and input of layers with smaller
weights, facilitating knowledge transfer. (4) Prun-
ing: Removes the layers that were regularized in
the previous step.

3.1 Prepare Data

The data is drawn from standard benchmarks, in-
cluding Alpaca (Taori et al., 2023), WikiText-2
(Merity et al., 2016), PTB (Marcus et al., 1993),
and C4 (Raffel et al., 2020). For example, 128 in-
stances are randomly drawn from the WikiText-2
training set for layer weight learning via regulariza-
tion and the second stage regularization.

3.2 Learn Layer Weights

This is the first stage regularization. To better un-
derstand our paper, we first define some notations.
W represents the initial model. Let p be the prun-
ing ratio, indicating that p% of model layers will be
pruned. The number of layers in the initial model
is l. The model hidden size is d. Let X ∈ Rb×n×d

represents the data embedding, where b is the batch
size and n is the number of tokens. The input to the
ith layer is denoted as Xi

in ∈ Rb×n×d, and the out-
put from the ith layer is denoted as Xi

out ∈ Rb×n×d.
A learnable weight S[i] is assigned to the ith trans-
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former layer, and the set of all layer weights is
denoted as S.

According to Algorithm 1, we initialize the
weight of each layer to 1. As shown in Figure 2,
the output of each layer is scaled by its associated
weight before being passed as input to the next
layer. To learn the weight of each layer, we employ
the input data embedding X. When pruning n lay-
ers, X is repeatedly used as input in each iteration.
The objective function in Equation 1 comprises
two parts: the language modeling loss L(W,X),
and the sum of the ℓ1-norm of all layer weights, λ1

balances the two components, l1 is the number of
layers in the current model that are not masked.

Llearn = L(W,X) + λ1

l1−1∑

i=0

∥S[i]∥1 (1)

Forward and backward propagation is then per-
formed to learn the set of layer weights S. Subse-
quently, the layer with the smallest weight is iden-
tified and masked out in the next iteration, and its
index is added to the pruning set P . This process is
iteratively performed n times if there are n layers
need to be pruned which follows a greedy strategy.
We also explored a one-shot pruning approach, in
which a single forward and backward propagation
is used to identify the n layers with the lowest
weights. However, as shown in Section 4.8, this
often results in the removal of consecutive trans-
former layers, which leads to a substantial degrada-
tion in model performance.

The process of minimizing the function in Equa-
tion 1 is treated as an optimization task. Since ℓ1-
norm is not differentiable, backpropagation (BP)
can’t be used directly, we need to transform the
problem using Proposition 3.1.

Proposition 3.1 (If the objective function contains
an ℓ1 regularization term, it can still be optimized
using BP. Proof in Appendix A). The following
unconstrained optimization problem is equivalent
to the constrained optimization problem, where
∥ · ∥1 denotes the ℓ1-norm.

min ||x||1 ⇐⇒ min
x,y

1T y

s.t. − y ≤ x ≤ y,

y ≥ 0.

(2)

The objective function in Equation 1 can be refor-
mulated as an equivalent constrained problem in
Equation 3. After transformation, the objective

function is differentiable, and can be solved by BP.

min
W,y

L(W,X) + λ11
T y

s.t. − y ≤ S ≤ y,

y ≥ 0.

(3)

3.3 The Second Stage Regularization
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Figure 2: Details of layer weight learning and regu-
larization. P is the set of prunable layers, identified
iteratively using the method in Section 3.2.

After learning the layer weights, we further
lighten the impact of the pruned layers on the final
model output by applying regularization to them.
The approach is simple and straightforward: we use
the data embedding X as input and apply a one-shot
regularization on the difference between the output
and input of each layer in the pruning set P . For ex-
ample, in Figure 2, the ith layer in P and should be
regularized, we just add the ℓ1-norm or ℓ2-norm of
Xi

out −Xi
in to the loss function. This encourages

the knowledge to be redistributed from the pruned
layers to the remaining ones, thereby reducing the
amount of knowledge retained in the pruned lay-
ers and significantly minimizing the performance
degradation caused by subsequent pruning.

The objective function in Equation 4 comprises
two parts: the language modeling loss L(W,X)
and the regularization loss, λ2 balances the two
components. When the ℓ1-norm is used, the equiva-
lent constrained optimization problem transformed
using Proposition 3.1 is shown in Equation 5. This
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formulation can be directly solved using BP.

Lsum = L(W,X) + λ2

|P |−1∑

i=0

∥Xi
out −Xi

in∥

(4)

min
W,Yi

L(W,X) + λ2

|P |−1∑

i=0

1TYi1

s.t. −Yi ≤ Xi
out −Xi

in ≤ Yi,

Yi ≥ 0.

(5)

3.4 Pruning

After applying the regularization, we directly re-
move the transformer layers in the set P .

4 Experiments

This section introduces experimental setup (4.1)
and analyzes the effectiveness of TRSP from the
following aspects: performance comparison (4.2),
acceleration 4.3, robustness under different pruning
ratios (4.4), dependency on different datasets (4.5),
low overhead (4.6), and ablation study (4.7), choice
of learning layer weights (4.8), impact of regular-
ization (4.9).

4.1 Experimental Setup

Datasets: We evaluated on generation and zero-
shot tasks. For the generation task, following
prior work(Ashkboos et al., 2024), we evaluate
the model’s perplexity on WikiText-2 (Merity et al.,
2016) test set. For zero-shot task, we evaluate on
PIQA (Bisk et al., 2020), WinoGrande (Sakaguchi
et al., 2021), HellaSwag (Zellers et al., 2019), ARC-
e and ARC-c (Clark et al., 2018). In Section 4.5 we
randomly selected data from Alpaca (Taori et al.,
2023), WikiText-2 (Merity et al., 2016), PTB (Mar-
cus et al., 1993), and C4 (Raffel et al., 2020).

Implementation: All methods are developed
in PyTorch (Paszke et al., 2019), leveraging the
Hugging Face Transformers library (Wolf, 2019).
Experimental evaluations are carried out on 80GB
NVIDIA A100 GPUs. Pruned models are evaluated
with llm-eval-harness (Gao et al., 2024a). More
details are in Appendix B.

Evaluation Metrics: The ability on generation
task is evaluated by perplexity, a well-established
and robust metric (Yao et al., 2022). Zero-shot
tasks ability is evaluated using accuracy (Dong
et al., 2024). Acceleration is measured by through-
put and latency (Song et al., 2024).

Models: The models include the Phi-2 (Java-
heripi et al., 2023), OPT models (OPT-2.7B, OPT-
13B) (Zhang et al., 2022), and LLaMA models
(LLaMA2-7B, LLaMA2-13B, LLaMA3-8B) (Tou-
vron et al., 2023; Grattafiori et al., 2024).

Baselines: We compare TRSP with strong layer-
wise structured pruning methods: SLEB (Song
et al., 2024), ShortGPT (Men et al., 2024),
LaCo (Yang et al., 2024b), Shortened LLaMA (PPL
version) (Kim et al., 2024).

4.2 Performance Comparison
To ensure fairness, 128 sequences of length 2048
were randomly drawn from the WikiText-2 train-
ing set for TRSP’s two-stage regularization and
the calibration process of the baselines. Follow-
ing (Ashkboos et al., 2024), we selected another
1,000 samples from WikiText-2 training dataset to
retrain leveraging LoRA (Hu et al., 2022) on the
baselines after pruning. The aforementioned 128
samples and the 1,000 samples have no overlap.
Because TRSP is retraining-free, we did not retrain
TRSP. The pruning ratio was 25% which means
25% of the transformer layers in a model will be
removed. As shown in Table 1, TRSP achieves the
lowest perplexity and the highest average accuracy
across all models, demonstrating its superior per-
formance on both generation and zero-shot tasks.
Notably, on OPT-13B, TRSP only drops 1% in
average accuracy compared to the dense model.
On LLaMA2-7B, its perplexity is 20% lower than
the second-best method, ShortGPT. This further
demonstrates the effectiveness of TRSP. The mini-
mal performance difference between ℓ2-norm and
ℓ1-norm suggests that TRSP is not sensitive to the
choice of regularization norm. In the following
sections, we refer to using the ℓ2-norm in the stage
two regularization.

4.3 Acceleration
LLMs language processing involves two key
phases with different bottlenecks: compute-bound
prompt processing and memory-bound token gener-
ation. We measured the speedup for each stage indi-
vidually. Table 2 presents the latency and through-
put results for OPT-13B and LLaMA2-13B running
on a single 80GB NVIDIA A100 GPU. Following
prior methods (Song et al., 2024), the token gener-
ation was tested by producing 128-token sentences
with a batch size of 64, and prompt processing
latency was assessed with a 2048-token input.

Pruning OPT-13B by 50% with TRSP yields
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Table 1: Performance comparison of TRSP and baselines. ‘PR’ is the pruning ratio. ‘PPL’ is the perplexity on
WikiText-2. The accuracy is evaluated on five zero-shot benchmarks. TRSP -ℓ2 means using the ℓ2-norm in the
second stage regularization, TRSP -ℓ1 is using the ℓ1-norm. The best result is in bold, the second-best is underlined.

Model Method PR PPL (↓) PIQA(%) WinoGrande(%) HellaSwag(%) ARC-e(%) ARC-c(%) Avg_Acc(%)

Phi-2

Dense 0% 5.28 79.11 75.77 73.83 78.32 54.18 72.24
SLEB 25% 7.65 68.85 63.63 50.96 49.38 30.79 52.72

ShortGPT 25% 7.15 69.67 65.19 51.26 52.46 33.89 54.49
LaCo 25% 7.38 68.53 63.76 50.39 51.28 33.45 53.48

Shortened LLaMA 25% 7.74 66.88 62.19 51.45 51.47 32.66 52.93
TRSP -ℓ2 25% 6.53 71.35 67.62 55.84 52.26 35.75 56.56
TRSP -ℓ1 25% 6.58 71.42 67.13 56.05 52.18 35.79 56.51

OPT-2.7B

Dense 0% 12.46 74.81 61.01 60.58 54.42 31.14 56.39
SLEB 25% 15.71 65.19 56.26 44.54 46.28 25.14 47.48

ShortGPT 25% 14.96 67.37 57.65 46.82 49.43 26.54 49.56
LaCo 25% 15.38 66.54 59.45 43.68 48.74 24.96 48.67

Shortened LLaMA 25% 15.89 63.14 57.36 43.57 47.62 25.88 47.51
TRSP -ℓ2 25% 13.18 70.54 60.27 46.35 51.59 27.36 51.22
TRSP -ℓ1 25% 13.12 70.65 60.13 46.24 51.76 27.55 51.27

LLaMA2-7B

Dense 0% 5.47 79.11 69.06 75.99 74.58 46.25 69.00
SLEB 25% 9.63 65.22 63.38 55.51 56.39 33.46 54.79

ShortGPT 25% 8.89 66.75 66.26 57.14 58.93 36.42 57.10
LaCo 25% 9.14 69.45 65.31 52.67 55.73 34.89 55.61

Shortened LLaMA 25% 9.47 65.58 64.72 58.36 54.19 32.96 55.16
TRSP -ℓ2 25% 7.08 72.48 67.52 60.45 62.69 39.73 60.57
TRSP -ℓ1 25% 7.17 72.08 67.93 60.42 62.38 39.89 60.54

LLaMA3-8B

Dense 0% 5.76 85.56 77.94 79.27 78.84 56.49 75.62
SLEB 25% 10.38 72.74 64.12 67.74 65.84 45.16 63.12

ShortGPT 25% 9.26 75.38 69.25 70.12 68.54 47.57 66.17
LaCo 25% 10.14 74.69 67.52 66.36 69.43 46.31 64.86

Shortened LLaMA 25% 9.84 73.62 68.73 68.55 66.16 43.39 64.09
TRSP -ℓ2 25% 7.84 77.25 71.63 72.26 71.49 49.58 68.44
TRSP -ℓ1 25% 7.68 77.36 71.33 72.82 70.75 49.66 68.38

OPT-13B

Dense 0% 10.12 76.82 64.80 69.81 61.87 35.67 61.79
SLEB 25% 11.96 72.83 64.06 63.32 59.98 34.65 58.97

ShortGPT 25% 11.38 73.59 64.52 65.68 60.41 34.99 59.84
LaCo 25% 11.79 73.96 63.24 62.17 61.46 33.28 58.82

Shortened LLaMA 25% 11.62 71.26 63.57 66.29 58.47 33.83 58.68
TRSP -ℓ2 25% 10.45 74.15 64.47 68.82 61.55 35.23 60.84
TRSP -ℓ1 25% 10.32 74.58 64.37 68.45 61.29 34.87 60.71

LLaMA2-13B

Dense 0% 4.88 80.47 72.22 79.39 77.48 49.23 71.76
SLEB 25% 7.08 68.31 66.86 57.12 62.19 38.45 58.59

ShortGPT 25% 6.79 73.26 68.37 62.25 67.54 43.38 62.96
LaCo 25% 7.14 72.35 65.78 59.43 65.36 42.73 61.13

Shortened LLaMA 25% 6.92 69.45 66.38 59.86 65.25 39.12 60.01
TRSP -ℓ2 25% 5.82 74.56 69.34 64.79 71.25 45.63 65.11
TRSP -ℓ1 25% 5.89 75.06 69.18 64.96 71.43 45.26 65.18

a 75% increase in throughput and a 46% reduc-
tion in latency compared to the dense model.
For LLaMA2-13B, it delivers a 71% improve-
ment in throughput and a 45% decrease in latency.
These results underscore the end-to-end accelera-
tion achieved by TRSP.

4.4 Robustness to Different Pruning Ratios

Using the same settings as Section 4.2, we vary the
pruning ratio from 20% to 60%. As shown in Fig-
ure 3, TRSP consistently achieves lower perplexity
than other methods. At 20% pruning, it matches the
dense model, and even at 60%, where SLEB fails,
it maintains low perplexity. This demonstrates
TRSP’s robustness and effectiveness in structured
pruning for model acceleration. Additional results

are provided in Appendix D.

4.5 Dependency on Datasets

Since TRSP relies on data-driven regularization,
we investigate its dataset dependency. Keeping
all other settings consistent with Section 4.2, we
only change the source of the 128 samples: they
are drawn respectively from Alpaca, WikiText-2,
PTB, and C4. We evaluated perplexity of five meth-
ods on WikiText-2. As shown in Figure 4, TRSP
consistently outperforms the other methods across
datasets, demonstrating its robustness.

4.6 Minimal Cost

We only vary the retraining data size from 1,000
to 8,000 and use the same settings as in Sec-
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Table 2: Throughput (tokens/s) and latency (ms) on OPT-13B and LLaMA2-13B. ‘PPL’ is the perplexity on
Wikitext2. ‘PR’ is pruning ratio. ‘TI’ is throughput increase.

Model Method PR PPL(↓) Avg_Acc(%) Tokens/s(↑) TI(↑) Latency(↓) Speedup(↑)

OPT-13B
Dense 0% 10.12 61.79 1029 1.00× 386.5 1.00×
TRSP 25% 10.45 60.84 1348 1.31× 286.3 1.35×
TRSP 50% 15.38 50.83 1801 1.75× 208.9 1.85×

LLaMA2-13B
Dense 0% 4.88 71.76 1066 1.00× 396.9 1.00×
TRSP 25% 5.82 65.11 1386 1.30× 298.4 1.33×
TRSP 50% 11.28 57.57 1823 1.71× 216.9 1.83×
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Figure 3: Perplexity of LLaMA2-7B pruned by five
methods under different pruning ratios on WikiText-2.
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Figure 4: Comparison of perplexity on different calibra-
tion datasets at a pruning ratio of 25% on LLaMA2-7B.

tion 4.2. We evaluated the perplexity of baselines
on LLaMA2-7B. TRSP is retraining-free. From
Figure 5, we observe that TRSP outperforms the
other methods with 4,000 retraining data, signifi-
cantly reducing the cost. We speculate that TRSP
iteratively learns layer weights and then applies reg-
ularization, allowing it to identify layers to prune
more accurately, and then transfer the knowledge
from those layers to the remaining layers of the
model through regularization. This process re-
duces knowledge loss, thus preserving model per-
formance and lowering the retraining cost.

4.7 Ablation Study

Effect of Learning Layer Weights Iteratively
TRSP learns layer weights in a greedy and iterative
manner. As shown in Table 3 (Row 3 and Row
6), replacing iterative layer weight learning with
a one-shot approach leads to increased model per-
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Figure 5: The perplexity on WikiText-2 using TRSP and
baselines under different amounts of retraining data.

Table 3: Ablation results on LLaMA2-7B and LLaMA2-
13B. ‘w/o W’ denotes learning layer weights in one-shot,
‘w/o R’ means no regularization. The pruning ratio is
25%.

Model Setting PPL(↓) ∆ AVG_ACC ∆(↓)

LLaMA2-7B

TRSP 7.08 0.00 60.57 0.00
w/o W 9.26 +2.18 56.19 -4.38
w/o R 10.15 +3.07 54.36 -6.21

LLaMA2-13B

TRSP 5.82 0.00 65.11 0.00
w/o W 8.35 +2.53 59.36 -5.75
w/o R 9.47 +3.65 56.25 -8.86

plexity and decreased accuracy, highlighting the
importance of learning layer weights iteratively,
which will be discussed in detail in Section 4.8.

Effect of Applying Regularization As shown
in Table 3 (Row 4 and Row 7), removing the reg-
ularization process results in increased model per-
plexity and decreased accuracy, demonstrating the
effectiveness of applying regularization, which will
be discussed in detail in Section 4.9.

With all other settings the same as Section 4.2,
we evaluate the model’s performance by vary-
ing λ1 ∈ [10−5, 10−4, 10−3, 5 × 10−3, 10−2, 5 ×
10−2, 10−1] and λ2 ∈ [10−5, 10−4, 10−3, 5 ×
10−3, 10−2, 5 × 10−2, 10−1]. We perform a grid
search over λ1 and λ2, with details provided in Ap-
pendix C. The optimal combination yielding the
lowest perplexity on LLaMA2-7B is λ1 = 5×10−3

and λ2 = 10−3.
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4.8 Choice of Learning Layer Weights

In this section, we explore the effectiveness of (1)
iteratively learning layer weights using a greedy
strategy compared to (2) acquiring all layer weights
at one-shot. We set the pruning ratio to 25% and
conduct experiments on LLaMA2-7B (32 layers),
using the same settings as in Section 4.2.

The perplexity and average accuracy of the
pruned models are shown in Table 4. It can be
observed that, compared to using a greedy strategy
to iteratively learn layer weights, learning all layer
weights in one-shot exhibits significant degrada-
tion in model performance. This behavior can be
explained by the observation that the importance
of a block changes as other blocks are removed.
The results of selecting the eight least important
layers using both methods are shown in Figure 6.
It can be seen that learning layer weights in one-
shot tends to select consecutive layers. While these
blocks may individually have limited impact on
LLM inference performance, removing a continu-
ous sequence of blocks can significantly degrade
the overall inference results.

Table 4: The pruned LLaMA2-7B performance under
different learning layer weights methods.

Cases PPL(↓) Avg_Acc(%)

(1) 7.08 60.57

(2) 9.26 56.19

iteratively

0 32

one-shot

Figure 6: Results of selecting the eight lowest-weight
layers using iterative and one-shot layer weight learning.

4.9 Impact of Stage Two Regularization

We keep other settings consistent with Section 4.2.
After learning the layer weights iteratively, we
consider two scenarios: (1) without regularization
and (2) with regularization, then prune. The per-
plexity and average accuracy under (1) and (2) on
LLaMA2-7B are in Table 5. The model exhibits
lower perplexity and higher average accuracy with
regularization. Since perplexity is the exponential
form of cross-entropy loss, lower perplexity cor-
responds to a lower cross-entropy loss. A smaller
loss function indicates better model performance

indicating that the regularization process mitigates
the impact of pruning on the overall model.

According to previous work (Liu et al., 2023),
the output and input of each layer in LLMs ex-
hibit high similarity. This inherent similarity en-
ables us to apply regularization on the difference
between the input and output of certain layers us-
ing only a small portion of data. We compute the
cosine similarity according to Equation 9 on the
LLaMA2-7B model between the input representa-
tions Xi

in ∈ Rb×n×d and the output representations
Xi

out ∈ Rb×n×d, where b denotes the batch size, n
the number of tokens, and d is the hidden size of
the model. The computation is performed on layers
[3, 6, 9, 11, 13, 20, 23, 29], which are selected
using the iterative method described in Section 4.8,
both before and after regularization.

As shown in Figure 7, the input-output similarity
of these layers is already high before regulariza-
tion and increases even further after regularization.
The increased similarity in the layers with regu-
larization indicates that the input undergoes less
change after passing through these layers, suggest-
ing that less knowledge is retained in them. In the
Appendix E, we illustrate the changes in similar-
ity between the input and output of the layers that
were not regularized, before and after regulariza-
tion. The results in Figure 8 of Appendix E show
that the similarity in these layers decreases, mean-
ing that, after regularization, the input undergoes
greater changes when passing through these layers
than before. This demonstrates that the regular-
ization process weakens the influence of the reg-
ularized layers and enhances the influence of the
unregularized parts, suggesting that regularization
process may facilitate the transfer of knowledge
from the regularized layers to the rest of the model.

Table 5: The performance differences of (1) and (2).

Cases PPL(↓) Avg_Acc(%)

(1) 7.08 60.57

(2) 10.15 54.36

3 6 9 11 13 20 23 29
Layers

0.91

0.95

0.99

Si
m

ila
ri

ty

Before
After

Figure 7: The input-output similarity of the regularized
layers.
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5 Conclusion

We propose a novel structured pruning method,
TRSP. By performing two-stage regularization,
TRSP retains more knowledge and better preserves
model performance compared to direct parameter
elimination. TRSP surpasses existing layer-wise
pruning methods in generation and zero-shot tasks.
For example, it reduces perplexity by 20% com-
pared to ShortGPT on LLaMA2-7B, under 25%
sparsity, the average accuracy decreases by just
1%, while delivering a 1.35× acceleration over the
dense model. TRSP is retraining-free, significantly
lowering computational overhead and dependence
on retraining. The novel structured pruning method
offers potential guidance for pruning strategies in
LLMs.

Limitations

TRSP has primarily been evaluated on autoregres-
sive language models and its applicability to other
architectures or tasks remains unexplored. In future
work, we plan to explore the application of TRSP
to other model architectures, such as convolutional
neural networks (CNNs).
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A Proof of Proposition 3.1

Step 1: Expressing ℓ1-norm Using Elements.
The objective function in the unconstrained prob-
lem is the ℓ1-norm of the vector x, which is defined
as:

||x||1 =
n∑

i=1

|xi| (6)

This function aims to minimize the sum of the
absolute values of the components of x.

Step 2: Reformulating the Constrained Prob-
lem
The constrained optimization problem introduces
an auxiliary variable y, where for each element i:

xi ≥ −yi and xi ≤ yi (7)

This implies that yi ≥ |xi|, meaning each element
of y serves as an upper bound for the absolute value
of the corresponding element in x. Consequently,
minimizing |x|1 is equivalent to minimizing the
sum of the elements in y. Thus, the objective func-
tion is defined as:

1T y (8)

Thus, minimizing 1T y is equivalent to minimizing
the sum of the absolute values of x, which is the
ℓ1-norm of x.

This transformation allows the optimization
problem to be solved without directly involving
the absolute value function, resulting in an equiva-
lent constrained optimization problem that can be
addressed via backpropagation. Thus, the proof of
the Proposition 3.1 is complete.

B Detailed Implementation

In this part, we first introduce several hyperparam-
eter settings, with the detailed results shown in
Table 6. In our experiments, we employ FP16 pre-
cision for all evaluated models, including Phi-2,
OPT-2.7B, LLaMA3-8B, OPT-13B, LLaMA2-7B,
and LLaMA2-13B. For all retraining configura-
tions, we set the LoRA rank r to 32, the scaling
factor α to 10, and the sequence length to 2048. All
other hyperparameters follow the default settings
provided in the Hugging Face PEFT package (Man-
grulkar et al., 2022). We set the batch size to 64.
In future work, we will further explore a broader
range of batch sizes. To ensure a fair comparison
between TRSP and other methods, we maintain
consistency in the data used across all approaches.
Specifically, the data used by TRSP for learning
layer weights and performing the second stage regu-
larization is identical to the calibration data used by
the baseline methods. Furthermore, we ensure that
the data employed during the retraining process is
consistent across all baseline methods. Following
previous works (Song et al., 2024), for the com-
parison unstructured pruning methods like Magni-
tude, Wanda, and SparseGPT, we ensure that the
data used to compute the importance of individual
weights is the same as the data used by TRSP for
learning weights and regularization.

C Optimal λ1 and λ2 for LLaMA2-7B

Keeping all other settings consistent with
Section 4.2, we evaluate the model’s
perplexity on WikiText-2 by varying
λ1 ∈ [10−5, 10−4, 10−3, 5 × 10−3, 10−2, 5 ×
10−2, 10−1] and λ2 ∈ [10−5, 10−4, 10−3, 5 ×
10−3, 10−2, 5× 10−2, 10−1], resulting in a total of
49 combinations.

It can be observed from Table 7 that the opti-
mal combination yielding the lowest perplexity on
LLaMA2-7B is λ1 = 5× 10−3 and λ2 = 10−3.

When fixing λ2 = 10−3, we gradually decrease
λ1 from 5 × 10−3 to 10−5, during which the
model’s perplexity increases steadily. This sug-
gests that when the ℓ1-norm loss constitutes a rel-
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Table 6: Implementation Details

Precision LoRA Rank Scaling Factor Max Sequence Length Batch Size Learning Rate Early Stop Threshold Min Delta

FP16 32 10 2048 64 2e-5 5 1e-4

atively small portion of the total loss during the
iterative learning of layer weights, it fails to ef-
fectively constrain the layer weights, resulting in
larger deviations. Conversely, when λ1 is gradu-
ally increased from 5× 10−3 to 10−1, the model’s
perplexity also increases, indicating that a domi-
nant ℓ1-norm loss in the total objective function can
hinder the optimization of the language modeling
capability.

As shown in Table 7, when λ1 = 5 × 10−3 is
fixed, setting λ2 = 10−5 results in a regulariza-
tion loss that is too weak to effectively redistribute
important information. This leads to a substantial
increase in perplexity after pruning. On the other
hand, when λ2 = 10−1, the overly strong regu-
larization impairs the model’s language modeling
capability, also resulting in a noticeable drop in
performance after pruning. The best performance
is observed at λ2 = 10−3, highlighting the critical
need to balance the language modeling loss and
regularization loss.

D Performance of TRSP under Different
Pruning Ratios and Datasets

D.1 The Perplexity of TRSP under Different
Pruning Ratios and Datasets

To systematically evaluate the performance of
TRSP on zero-shot tasks across different pruning
rates, we adopt the experimental setup outlined in
Section 4.2, in which 128 samples are randomly
sampled from the WikiText-2 training set to guide
both the iterative learning of layer weights and the
regularization process. Subsequently, we evaluate
multiple large language models (LLMs) by mea-
suring changes in perplexity across various gener-
ative task datasets, including WikiText-2, Alpaca,
PTB, and C4, under pruning rates of 10%, 20%,
30%, 40%, 50%, and 60%. The detailed results,
presented in Table 8, indicate that TRSP exhibits
greater robustness as model scale increases, sug-
gesting that the proposed method effectively miti-
gates performance degradation in larger architec-
tures. This highlights the scalability of TRSP and
its potential to maintain model efficiency under
varying levels of sparsity.

D.2 The Accuracy of TRSP under Different
Pruning Ratios on Zero-shot Tasks

To systematically evaluate the performance of
TRSP on zero-shot tasks across different pruning
rates, we adopt the experimental setup outlined in
Section 4.2, in which 128 samples are randomly
sampled from the WikiText-2 training set to guide
both the iterative learning of layer weights and
the regularization process. We assess the accu-
racy of different model configurations at pruning
rates of 10%, 20%, 30%, 40%, 50%, and 60%
across a diverse set of benchmark datasets, includ-
ing PIQA, WinoGrande, HellaSwag, ARC-e, and
ARC-c. The results, summarized in Table 9, pro-
vide insights into the impact of sparsity on zero-
shot generalization. Notably, the analysis reveals
that TRSP maintains competitive performance even
at higher pruning rates, demonstrating its effective-
ness in preserving reasoning and commonsense
understanding across different tasks.

E Similarity Changes in Unregularized
Layers

We plot the input-output similarity of the unreg-
ularized layers in LLaMA2-7B, as described in
Section 4.9, in Figure 8. According to the results
shown below, the similarity of all layers except
for the first one is already high before regulariza-
tion is applied. After applying regularization, the
similarity in these unregularized layers decreases,
indicating that the transformations undergone by
the inputs in these layers become more substan-
tial. This suggests that more information is being
captured in these layers compared to before, im-
plying that the regularization process may cause
information to shift from the regularized layers to
the unregularized ones.

1 2 4 5 7 8 10 12 14 15 16 17 18 19 21 22 24 25 26 27 28 30 31 32
Layers

0.6
0.7
0.8
0.9
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Figure 8: The input-output similarity of the unregular-
ized layers.
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Table 7: The optimal λ1 and λ2 for LLaMA2-7B.

λ1 / λ2 10−5 10−4 10−3 5× 10−3 10−2 5× 10−2 10−1

10−5 12.28 11.91 8.94 10.48 13.79 14.73 15.87
10−4 11.45 10.36 8.26 9.82 11.87 12.56 13.62
10−3 10.82 9.14 7.92 8.53 9.75 10.82 12.98

5× 10−3 10.09 8.35 7.08 7.46 8.52 10.17 12.25
10−2 11.26 9.97 8.13 8.92 10.46 12.88 13.43

5× 10−2 12.89 11.25 10.38 11.76 12.85 14.75 15.37
10−1 14.55 13.58 12.25 14.41 15.72 16.91 17.93

Table 8: Perplexity comparison of TRSP with different pruning ratios. We set the pruning ratios to 10%, 20%,
30%, 40%, 50%, and 60%, and test the perplexity of the OPT and LLaMA2 models on the generation task datasets
Alpaca, WikiText-2, PTB, and C4. For TRSP, we use the ℓ2-norm.

Model Pruning Ratio WikiText-2(↓) Alpaca(↓) PTB(↓) C4(↓)

OPT-2.7B

Dense 12.46 11.64 17.97 14.32
10% 12.78 11.89 18.65 15.02
20% 12.96 12.15 19.38 16.36
30% 15.52 13.47 24.28 20.75
40% 19.67 15.82 32.25 25.41
50% 25.62 21.89 47.67 33.73
60% 35.62 32.19 59.87 47.38

OPT-6.7B

Dense 10.85 10.27 15.77 12.71
10% 11.03 10.95 16.78 13.46
20% 11.48 11.53 17.96 15.19
30% 12.87 12.75 20.86 17.52
40% 14.87 13.39 26.12 21.63
50% 21.43 16.51 35.36 28.74
60% 29.63 22.16 48.04 40.25

OPT-13B

Dense 10.12 9.46 14.52 12.06
10% 10.28 9.89 15.12 12.73
20% 10.39 10.37 16.51 13.45
30% 11.38 11.12 19.42 16.14
40% 12.67 12.33 24.62 20.79
50% 15.38 14.76 30.88 27.65
60% 28.23 20.98 39.38 36.14

LLaMA2-7B

Dense 5.47 5.25 7.92 7.26
10% 5.58 5.31 8.12 7.47
20% 6.13 5.87 8.78 7.92
30% 8.26 7.64 9.58 8.85
40% 10.28 9.79 12.87 11.42
50% 14.58 13.14 19.52 15.96
60% 25.18 21.46 30.14 28.32

LLaMA2-13B

Dense 4.88 4.63 7.16 6.73
10% 4.99 4.91 7.48 7.93
20% 5.34 5.26 8.25 8.75
30% 6.87 6.35 8.97 9.68
40% 8.95 7.92 10.08 11.26
50% 11.23 9.73 12.63 14.73
60% 15.74 12.52 17.82 19.45

F Cosine Similarity

CosSim(Xi
in,X

i
out) =

1

bn

b∑

k=1

n∑

j=1

〈
Xi

in[k, j, :], X
i
out[k, j, :]

〉
∥∥Xi

in[k, j, :]
∥∥
2
·
∥∥Xi

out[k, j, :]
∥∥
2

(9)

G Experiments on Llama-2-70B

To further validate the scalability of our method, we
conduct additional experiments on a larger-scale
model, Llama-2-70B. All comparison methods are
evaluated under the same experimental settings as
described in the main paper. The results are sum-
marized in Table 10.

As shown in Table 10, both TRSP-ℓ1 and TRSP-
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Table 9: Accuracy comparison of TRSP with different pruning ratios. We set the pruning ratios to 10%, 20%, 30%,
40%, 50%, and 60%, and test the accuracy of the OPT and LLaMA2 models on the zero-shot task datasets PIQA,
WinoGrande, HellaSwag, ARC-e and ARC-c. For TRSP, we use the ℓ2-norm. ‘Avg_Acc’ represents the average
accuracy.

Model Pruning Ratio PIQA(%) WinoGrande(%) HellaSwag(%) ARC-e(%) ARC-c(%) Avg_Acc(%)

OPT-2.7B

Dense 74.81 61.01 60.58 54.42 31.14 56.39
10% 72.35 60.75 51.53 52.73 29.15 53.30
20% 71.47 60.46 48.72 51.95 28.04 52.13
30% 66.73 58.53 44.36 50.02 26.58 49.24
40% 63.57 55.32 41.63 47.79 25.24 46.71
50% 58.48 52.29 40.52 46.26 21.32 43.77
60% 52.85 49.59 38.46 43.24 16.07 40.04

OPT-6.7B

Dense 76.39 65.19 67.16 60.14 34.64 60.70
10% 75.42 63.38 65.16 57.23 32.89 58.82
20% 74.58 62.25 61.46 55.98 31.75 57.20
30% 71.88 60.56 59.15 53.62 28.54 54.75
40% 66.98 57.25 53.66 49.42 25.73 50.61
50% 62.78 54.56 45.63 46.38 21.75 46.22
60% 54.35 50.26 41.32 42.69 18.23 41.37

OPT-13B

Dense 76.82 64.80 69.81 61.87 35.67 61.79
10% 75.49 64.67 69.26 61.73 35.54 61.34
20% 74.89 64.59 68.95 61.62 35.41 61.09
30% 71.46 62.67 66.53 59.39 33.61 58.73
40% 68.52 60.39 63.57 56.12 28.83 55.49
50% 63.35 57.62 57.43 51.65 24.09 50.83
60% 56.28 53.06 51.69 47.26 21.87 46.03

LLaMA2-7B

Dense 79.11 69.06 75.99 74.58 46.25 69.00
10% 77.62 68.45 70.25 69.85 43.42 65.92
20% 75.38 67.96 65.26 65.83 41.57 63.20
30% 71.29 64.77 57.68 60.45 38.65 58.57
40% 67.61 60.38 54.12 57.53 35.45 55.02
50% 61.87 56.42 51.62 53.45 30.28 50.73
60% 55.39 51.54 48.73 47.42 27.08 46.03

LLaMA2-13B

Dense 80.47 72.22 79.39 77.48 49.23 71.76
10% 78.45 71.87 74.32 76.26 48.39 69.86
20% 76.12 70.91 70.06 74.68 46.51 67.66
30% 72.54 68.15 63.51 70.88 43.21 63.66
40% 71.45 65.52 62.28 69.13 41.79 62.03
50% 67.36 58.52 60.65 63.45 37.88 57.57
60% 61.89 55.26 58.06 57.62 31.74 52.91
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ℓ2 consistently outperform all baseline methods
across the majority of evaluation benchmarks at a
25% pruning ratio. Specifically, TRSP-ℓ2 achieves
the lowest perplexity (4.13) and the highest average
accuracy (74.32%), while TRSP-ℓ1 attains the best
performance on PIQA (81.45%), ARC-e (77.97%),
and ARC-c (54.63%). These results demonstrate
that our method scales effectively to larger models
and maintains a clear advantage over existing prun-
ing approaches without requiring any retraining.

H Comparison with Different
Granularity Pruning Methods

To provide a more comprehensive evaluation, we
further compare TRSP with state-of-the-art prun-
ing methods of different granularities, including
the unstructured pruning method Wanda (Sun et al.,
2024) with a 2:4 sparsity pattern and the channel
pruning method SliceGPT (Ashkboos et al., 2024).
For a fair comparison, the pruning ratio is set to
25% for both TRSP and SliceGPT. All experiments
are conducted on Llama-2-70B, and the data and
settings are kept consistent with Section 4.2 of the
main paper. Each method is evaluated using Per-
plexity (PPL) on Wikitext-2 and accuracy on sev-
eral zero-shot benchmarks. The acceleration effect
is measured by throughput improvement and in-
ference speedup ratio. The results are reported in
Table 11.

As shown in Table 11, TRSP achieves no-
tably higher throughput improvement (1.38×) and
speedup ratio (1.36×) compared to both Wanda and
SliceGPT, while simultaneously maintaining supe-
rior task performance. Specifically, TRSP-ℓ2 at-
tains the highest average accuracy (74.32%) among
all pruned models, surpassing Wanda by 1.55%
and SliceGPT by 3.89%. Although Wanda with
2:4 sparsity yields a competitive average accuracy
of 72.77%, its throughput improvement (0.98×)
and speedup (1.10×) are considerably lower, as
unstructured sparsity patterns are less hardware-
friendly. SliceGPT offers moderate acceleration
(1.19× speedup) but suffers from a significant ac-
curacy drop, particularly on HellaSwag (69.14%).
These results demonstrate that TRSP, as a layer
pruning approach, achieves a more favorable trade-
off between model performance and inference ef-
ficiency compared to state-of-the-art pruning tech-
niques of other granularities.

I Theoretical Analysis of Knowledge
Transfer in Second-Stage
Regularization

In this section, we provide a theoretical analysis
to explain why the second-stage regularization in
TRSP facilitates knowledge transfer. The total loss
function of TRSP is defined as:

Lsum = L(W,X) + λ2

|P |−1∑

i=0

∣∣Xi
out −Xi

in
∣∣ , (10)

which consists of two competing objectives:

1. Language modeling loss L(W,X): This
term preserves the total amount of knowledge
encoded in the model by maintaining its pre-
dictive capability on the training data.

2. Regularization term λ2
∑|P |−1

i=0 |Xi
out−Xi

in|:
This term encourages the input-output map-
ping fi of the layers targeted for pruning to ap-
proximate an identity function, i.e., Xi

out ≈
Xi

in.

These two terms impose conflicting constraints
on the model. The regularization term drives the
pruning-targeted layers toward identity mappings,
effectively reducing the functional contribution
of these layers. Meanwhile, the language mod-
eling loss ensures that the overall model perfor-
mance does not degrade during this process. To
satisfy both objectives simultaneously, the model
is compelled to redistribute the knowledge origi-
nally stored in the pruning-targeted layers to the
remaining layers.

Empirically, we observe that prior to regular-
ization, the knowledge resides in the discrepancy
between the input and output of each layer, i.e.,
Xi

out − Xi
in ̸= 0. After the second-stage regular-

ization, this discrepancy is substantially reduced,
indicating that the targeted layers have been driven
toward identity transformations. Crucially, the lan-
guage modeling loss remains nearly unchanged
throughout this process, which confirms that the
model’s overall knowledge is preserved rather than
lost. We therefore conclude that a knowledge trans-
fer from the pruning-targeted layers to the remain-
ing layers has occurred, enabling the subsequent
removal of these layers with minimal performance
degradation.
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Table 10: Performance comparison of structured pruning methods on Llama-2-70B at a 25% pruning ratio. Bold
values indicate the best results among pruned models.

Method Pruning Ratio PPL (↓) PIQA (%) WinoGrande (%) HellaSwag (%) ARC-e (%) ARC-c (%) Avg_Acc (%)

Dense 0% 3.32 82.70 77.98 83.84 80.98 57.34 76.57

SLEB 25% 5.06 78.81 70.25 74.89 73.56 46.45 68.79
ShortGPT 25% 4.85 80.15 75.62 79.85 76.41 50.29 72.46
LaCo 25% 4.92 80.33 74.26 76.93 74.85 48.47 70.97
Shortened LLaMA 25% 4.98 79.52 73.15 76.37 75.15 47.89 70.42

TRSP-ℓ2 25% 4.13 81.35 76.73 81.26 77.69 54.56 74.32
TRSP-ℓ1 25% 4.28 81.45 76.14 81.03 77.97 54.63 74.24

Table 11: Comparison of pruning methods with different granularities on Llama-2-70B. Bold values indicate the
best results among pruned models.

Method Type Pruning Ratio PPL (↓) PIQA (%) WinoGrande (%) HellaSwag (%) ARC-e (%) ARC-c (%) Avg_Acc (%) Throughput Speedup

Dense / 0% 3.32 82.70 77.98 83.84 80.98 57.34 76.57 / /

Wanda unstructured pruning 2:4 5.22 80.45 74.89 79.58 77.03 51.90 72.77 0.98× 1.10×
SliceGPT channel pruning 25% 4.79 75.82 76.38 69.14 78.25 52.57 70.43 1.11× 1.19×
TRSP-ℓ2 layer pruning 25% 4.13 81.35 76.73 81.26 77.69 54.56 74.32 1.38× 1.36×
TRSP-ℓ1 layer pruning 25% 4.28 81.45 76.14 81.03 77.97 54.63 74.24 1.38× 1.36×
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