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ABSTRACT

This paper introduces LLM-Streamline, a pioneer work on layer pruning for large
language models (LLMs). It is based on the observation that different layers have
varying impacts on hidden states, enabling the identification of less important
layers to be pruned. LLM-Streamline comprises two parts: layer pruning, which
removes consecutive layers with the lowest importance based on target sparsity,
and layer replacement, a novel module that trains a lightweight network to replace
the pruned layers to mitigate performance loss. Additionally, a new metric called
stability is proposed to address the limitations of the widely used accuracy metric
in evaluating model compression. Experiments show that LLM-Streamline outper-
forms both previous and concurrent state-of-the-art pruning methods in terms of
both performance and training efficiency.

(@] O)

100
.1
e € 3 o» !
............................. ¥ S 1.2
Layer + — i z
H g 81.9
[—lﬁ Disil ) g ight Network Li ight Network g
T 2 801 780 78.0
°
1 =l
‘ | ! g
T C .. &
O 70
T
= (O ¢ ‘
@) )
(1) Layer Pruning (2) Training Lightweight Network  (3) Layer Replacement LLM-Pruner SliceGPT  LaCo LLM-Streamline

Figure 1: The left side of the figure illustrates the LLM-Streamline workflow, which includes
layer pruning to remove consecutive layers and layer replacement where a lightweight network is
trained to replace the pruned layers. The right side of the figure presents the comparison results of
LLM-Streamline with the state-of-the-art (SOTA) pruning methods on 12 classification benchmarks
(details in Section 4.2) after pruning about 25% of the parameters on Llama2-7B. LLM-Streamline
achieves 11.2% higher relative accuracy than these methods, where the relative accuracy represents
the percentage of the original model’s accuracy retained by the pruning method.

1 INTRODUCTION

Large language models (LLMs) built on the Transformer architecture (Vaswani et al., 2017) have
gained widespread attention and are applied across diverse domains and tasks. However, as LLMs
increase in size, their hardware requirements escalate substantially, thereby constraining their applica-
bility and impeding their deployment in real-world scenarios. To reduce the hardware requirements
for deploying LLMs, research efforts have been devoted to developing compact models that maintain
high performance through model compression (Zhu et al., 2023; Wang et al., 2024). Currently,
model compression techniques are widely categorized into knowledge distillation (Hinton et al.,
2015; Gou et al., 2021; Li et al., 2022; Huang et al., 2022; Ho et al., 2022), quantization (Liu et al.,
2021; Gholami et al., 2022; Dettmers et al., 2022), and pruning (Louizos et al., 2017; Chen et al.,
2023; Frantar & Alistarh, 2023; Das et al., 2023; Sun et al., 2023; Xia et al., 2023). Knowledge
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Figure 2: The cosine similarity between the input and output hidden states of each layer in OPT-1.3B,
OPT-2.7B, OPT-6.7B, and Llama2-7B.

distillation achieves compression by transferring the capabilities of a larger teacher model to a smaller
student model. Quantization compresses the model by quantizing the weights to lower precision.
Alternatively, pruning compresses the model by eliminating unimportant parameters and modules.

This work focuses on the popular pruning methods. Previous approaches for LLM primarily prune
dense matrices (Ashkboos et al., 2024), attention heads (Michel et al., 2019; Voita et al., 2019),
filters (McCarley et al., 2019; Prasanna et al., 2020), or prune parameters to reduce an LLM’s hidden
dimension (Xia et al., 2023; van der Ouderaa et al., 2023; Hu et al., 2024). Despite their effectiveness,
these methods often result in structural irregularities, making it inflexible to store and deploy the
pruned models. In contrast, layer pruning method simply reduces the depth of LLMs. As the layers
of LLMs are stored in data structures like nn.ModuleList, layer pruning only requires removing
elements from this list, making it more flexible for application. Therefore, exploring an effective
layer-wise pruning method is crucial.

The core idea of layer pruning is to identify and remove less important layers in an LLM. Specifically,
the effect of each layer can be viewed as a transformation of the hidden states. If the input and output
hidden states of a particular layer are highly similar, such as exhibiting high cosine similarity, we
can say that the layer has a small impact on adjusting the hidden states. As illustrated in Fig. 2, our
pilot study shows that certain contiguous layers indeed have smaller impact on the hidden states,
indicating they are less important and suitable for pruning. Some concurrent works (Song et al., 2024;
Kim et al., 2024; Yang et al., 2024; Men et al., 2024; Gromov et al., 2024) also explore layer pruning.
These studies either prune unimportant layers directly without further training (Song et al., 2024;
Men et al., 2024) or fine-tune the pruned model to enhance performance (Kim et al., 2024; Yang et al.,
2024; Gromov et al., 2024). Directly removing layers can lead to more performance degradation.
While parameter-efficient fine-tuning techniques like LoRA (Hu et al., 2021) are used to train the
pruned LLM, fine-tuning the model to make the original non-contiguous layers compensate for the
performance degradation is not an easy task (details in Section 2.3).

In this work, we propose a layer pruning method called LLM-Streamline, which exhibits advantages
in both performance and training efficiency while requiring less training data. LLM-Streamline
comprises two components: layer pruning and layer replacement. According to a certain target
sparsity, the first step removes consecutive layers with the lowest importance from the original LLM.
Subsequently, we train a lightweight network to replace the pruned layers, aiming to recover the
performance degradation caused by pruning. We can employ various architectures for this lightweight
network, including a feed-forward neural network (FFN), a SwiGLU-based feed-forward neural
network (SwiGLU), and a Transformer layer.

Additionally, we find that existing accuracy metrics for evaluating model compression methods
have limitations. Specifically, in natural language understanding tasks that involve multiple-choice
classification, a compressed model may guess correct answers for samples on which the original
model was uncertain, resulting in an overestimation of the compression performance. To address this
issue, we propose a new metric named stability, which measures the consistency of predictions before
and after pruning, considering the prediction confidence of the original model.
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Overall, this paper makes the following contributions:

* We propose LLM-Streamline, a layer-wise pruning algorithm that demonstrates superior
effectiveness and efficiency compared to concurrent methods. To mitigate the potential
performance degradation caused by pruning, we propose to use a lightweight network to
approximate the functionality of the pruned layers.

* We propose a new metric called stability, which considers both the prediction confidence
of the original model and the consistency of predictions before and after pruning. Stability
provides a more accurate reflection of the pruned model’s performance in classification tasks
compared to the widely used accuracy metric.

* We conduct experiments on 12 well-known classification benchmarks and 3 generation
benchmarks. Our results show that for an LLM with 7B or 13B parameters and a 25%
pruning rate, we can maintain 93% performance in classification tasks and 77% in generation
tasks without requiring a lot of training data, outperforming existing SOTA pruning methods.

2 LLM-STREAMLINE

The workflow of the LLM-Streamline framework, shown in Fig. 1 (a), comprises two main steps:
layer pruning and layer replacement. First, we prune redundant layers from the LLMs. Then, we
train a lightweight network to replace the pruned layers to restore the model’s performance.

2.1 LAYER REDUNDANCY IN LLMs

LLMs primarily utilize a Transformer architecture, consisting of a series of Transformer decoder
layers. These layers adopt a residual structure, so the effect of each Transformer layer can be viewed
as a transformation of the input hidden states. Assuming that the parameters of the /-th layer f are
denoted as ), and its input hidden states are represented by (¥), the layer f can be expressed as

2D = 2O 4 f(w(é),H(é)). (1)

In Eq. 1, the /-th layer f contributes a transformation f(x(*), §(9)) to the input 2(©). Therefore, we
assess the importance of each layer in LLMs by evaluating its impact on the input hidden states. We
use the cosine similarity cos (-, -) between input 2(*) and output (**1) as a metric. Essentially, a
higher cosine similarity between the input and output of a layer indicates lower importance, and vice
versa. This interpretation arises from the observation that a high cosine similarity suggests the layer’s
transformation is minimal, making it more amenable to pruning.

To measure the importance of different layers in LLMs, we randomly select samples from the pre-
training data (details in Section 4.1). We then record the hidden states generated by the LLMs for
these samples and compute the cosine similarity between the input and output hidden states of each
layer. The computation of cosine similarity can be formalized as follows,
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where D denotes the recorded hidden states from different samples, wge)’ :EZ(ZH) € R¥*L denotes
the input and output hidden states of the i-th sample respectively, d denotes the hidden size and L
denotes the sequence length of each sample.

To mitigate the effects of model size and model structure, we conduct experiments on four models
OPT-1.3B, OPT-2.7B, OPT-6.7B (Zhang et al., 2022), and Llama2-7B (Touvron et al., 2023). The
results, illustrated in Fig. 2, show that there is high cosine similarity between the input and output of
several consecutive layers in all models, indicating a low level of importance.

Discussion I: Why not use other similarity to measure the importance of layers? In deep learning,
cosine similarity is widely employed to measure the similarity between two vectors (Chen et al., 2020;
Chen & He, 2021; Reimers, 2019). Alongside it, dot product and Euclidean distance are also utilized,
but they additionally consider vector magnitude. Current research suggests that the hidden states of
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Transformers with the Pre-Norm architecture tend to grow as the depth of layers increases (Liu et al.,
2023). This trend leads to a bias where deeper layers in the model have higher dot product similarity,
while earlier layers have smaller Euclidean distances. Consequently, we opt for cosine similarity,
which is agnostic to the magnitude of the vectors.

Discussion II: Why not use perplexity as the metric to measure the importance of layers? Some
concurrent layer pruning work uses perplexity as the metric to measure the importance of layers (Song
et al., 2024; Kim et al., 2024). Specifically, they remove each layer one at a time, measuring the
change in perplexity of the model on the pre-training data, and eliminate the layer that causes the
least change. This process is repeated multiple times to remove several layers. However, we think
perplexity is a highly data-sensitive metric, which results in different layers being removed when
pruning with different pre-training data. This also results in a situation where, although the perplexity
of the pruned model on the pre-training data used for pruning is low, it performs poorly on other
datasets. In contrast, the cosine similarity is highly stable and always leads to the same pruned layers
on different pre-training data. We conduct detailed experiments in the Appendix A to demonstrate
that perplexity is a highly data-sensitive metric and performs poorly on downstream tasks.

2.2 LAYER PRUNING

As Fig. 2 shows, the less important layers are often contiguous. Hence, given number of pruned
layers n determined by a target sparsity, we remove n contiguous layers by finding the initial layer
£*(n) corresponding to the highest cosine similarity for pruning:

¢*(n) = arg max cos(z?), x(“+™), 3
¢

where we randomly select samples from the pre-training data to compute the cosine similarity between
@ and 2(“*™), as outlined in Eq. 2.

2.3 LAYER REPLACEMENT

After the layer pruning process, we aim to replace the pruned layer with a lightweight network that
has much fewer parameters. The rationale is that these layers contribute only minor transformations
to the input. Therefore, we hypothesize that the cumulative effect of these layers can be approximated
by a lightweight network. Specifically, after identifying the initial layer £*(n) for pruning, we use
(a:(m , (¢ t")) as the training data to train the lightweight network using mean squared error (MSE)
loss, which can be formalized as follows:

MSE(h(a{" ), 2{" "), @)

mhm E(mgz*)’wgzmrn))ep i i

where h denotes the lightweight network, D denotes the recorded hidden states of samples.

Discussion: Layer Replacement or Fine-Tuning Pruned LLLMs? Here, we discuss why opt for
layer replacement, instead of using common Parameter-Efficient Fine-Tuning (PEFT) methods such
as LoRA (Hu et al., 2021) and QLoRA (Dettmers et al., 2023) after layer pruning.

First, from the perspective of resource overhead, layer replacement is more adaptable to hardware
resource constraints compared to other methods. Fine-tuning the model using the PEFT methods
requires storing the model’s weights, activation values, and the optimizer state of the PEFT module in
the GPU during training. In contrast, layer replacement involves two stages: dataset construction and
model training. The first stage only requires storing the model’s weight and the forward computation
overhead, and the second stage only requires storing of the lightweight network’s weight, activation
values of lightweight network, and the optimizer state of lightweight network. Therefore, layer
replacement can also be implemented under conditions of hardware resource constraints.

Second, layer replacement uses a lightweight network to replace the pruned layer, and distills the
knowledge of the pruned layer into the lightweight network using the MSE loss function. Unlike
layer replacement, we speculate that training the model after pruning with LoRA is a process of
redistributing the function of the pruned layers across the remaining layers. Therefore, substituting the
pruned layers with a lightweight network could be a less challenging training task than redistributing
the function of the pruned layers across the remaining layers. In the experiments of Section 4.7, we
demonstrate that layer replacement has better performance compared to LoRA.
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Dataset | #TP #FN #FP #TN
3 | s 257 200 8IS Model | TP FN FP TN

CHID | 269 563 177 993 Llama2-7B ‘ 1.12 0.87 094 1.02
RaceM | 380 95 129 8% w/pruning | 1.13 0.84 0.88 092

Race-H ‘ 938 305 353 1902

Table 1: (a) Number of samples in TP, FN, FP, and TN. (b) The PPL standard deviation results
(x1073) for Llama2-7B and its pruned version on Race-H.

3 METRICS FOR EVALUATING PRUNED MODELS

Accuracy is the most commonly used metric for evaluating LLMs in classification tasks. However,
accuracy may overestimate the performance of the model after compression, since it does not take
into account the consistency of the model’s answers before and after compression. In this section, we
analyze such limitation and propose a novel metric for evaluating compressed models.

3.1 SHORTCOMING OF ACCURACY METRIC

When evaluating the natural language understanding capabilities of LLMs, most existing benchmarks
frame the task as a classification task. A classification task with k choices and comprising N samples
is denoted as 7 = {(z4, ¢i,1,Ci.2, -+, Ci ks i)}V ,, where z; represents the question in the i-th sample,
ci,; represents the j-th choices, and y; represents the correct choice. The input to the classification
task consists of a question accompanied by multiple choices, and the LLM is required to select the
correct answer from these choices. Typically, each choice is concatenated with the question to form
multiple sentences, and the perplexity (PPL) of each sentence is computed. The choice corresponding

to the sentence with the lowest PPL is selected as the answer.

Typically, model pruning results in decreased model performance. However, when we evaluate the
model pruned by the method described in Sec 2.2, we unexpectedly observe the accuracy of the
pruned model has been improved on some classification tasks. We define M to denote the original
LLM, M to denote the compressed LLM, and (M) to denote the choice predicted by the model
M. To further investigate this phenomenon, we analyze the experimental results using the confusion
matrix (Li et al., 2024). Specifically, we count the number of samples and average standard deviation
(std) for the PPL of the samples for each term of the confusion matrix. The calculation of the std for
the PPL of the ¢-th sample is defined as follows:

k k
ijl PPL; ; G, — \/Zj_l(PPLi,j — PPL;)?
k k) 2 k _ 1 9
where PPL; ; denotes the PPL for the sentence created by question x; and choice ¢; ; of the model

before pruning, std; denotes the std for PPL of the i-th sample. A higher std; value indicates the
LLM exhibits greater confidence in answering the question x;.

Each term of the confusion matrix is defined as follows,

* TP [§i(M) = y; A §;(M) = y;] is a set of samples where the model answers correctly
both before and after pruning.

* FN [§i(M) = y; A §;(M) # y;] is a set of samples where the model answers correctly
before pruning but incorrectly after pruning.

* FP [§i(M) # y; A §:(M) = y;] is a set of samples where the model answers incorrectly
before pruning but correctly after pruning.

* TN [§;(M) # yi A §i(M) # y;] is a set of samples where the model answers incorrectly
both before and after pruning.

Table 1 presents the counts of samples in TP, FN, FP, TN in sevaral datasets, and also the PPL standard
deviation in Race-H dataset. We can observe that the std for TP and TN is significantly higher than
that for FN and FP. This indicates that the model is more uncertain about the FN and FP samples.
In addition, the samples in FP constitute a considerable proportion of the total samples, implying
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that the model may guess the correct answer for a significant portion after pruning. This phenomenon
suggests that the accuracy metric may overestimate the performance of the compressed model.

3.2 STABILITY METRIC

We propose a novel metric stability to evaluate the performance of LLMs after pruning, i.e.,

Zi\il (exp (std;) - LizeTpuTn))
SN exp (std;)

where the identifier 1j;cpuTnN] is used to indicate whether the i-th sample belongs to TP and TN.
We use std; as the weight of the i-th sample. Because the std of different samples varies significantly,
to mitigate the influence of samples with excessively large standard deviations, we apply the exp
function to moderate the weight differences among samples. Different from accuracy, stability focuses
on the model’s confidence in its answers and the consistency between the model before and after
pruning on a task, aligning more closely with the goal of model pruning, i.e., ensuring the pruned
model remains as similar as possible to the original model.

Stability(M, M) =

; (6

4 EXPERIMENTS

In this section, we first compare our proposed method, LLM-Streamline, with several popular pruning
methods to demonstrate its effectiveness (4.4). Next, we analyze the impact of different sizes and
structures of lightweight networks on model performance (4.5) and evaluate performance under
various pruning ratios (4.6). Finally, we compare our layer replacement approach with the well-
known PEFT method, LoRA (Hu et al., 2021) (4.7), showing that layer replacement offers superior
performance and reduced memory overhead.

4.1 SETUP

We conduct experiments on popular open-source LLMs, including Llama2-7B and Llama2-13B
(Touvron et al., 2023). Following previous work (Men et al., 2024; Yang et al., 2024), we perform
experiments with a 25% compression rate and extract data from Pre-training dataset SlimPajama for
layer pruning and layer replacement. Sheared LLaMa (Xia et al., 2023) finds that the performance
degradation of pruned models varies across different domains, and proposes determining the distri-
bution of data from different domains based on the degree of performance degradation. Therefore,
we randomly sample the data based on the distribution used by Sheared LLaMa (Xia et al., 2023),
finally constructing the dataset containing 30,000 pieces of data. We randomly select 500 samples
from this dataset and input them into LLMs, generating Fig. 2, and use these 500 data samples for
layer pruning. All 30,000 pieces of data are used to train the lightweight network. We utilize two
types of lightweight networks: a Feed-Forward Neural Network (FFN), referred to as Ours (FFN),
and a Transformer Layer, referred to as Ours (Layer). The FFN is randomly initialized, while the
Transformer Layer inherits the parameters from the first pruned layer. Additionally, we explore a
purely pruning approach without incorporating any lightweight network, denoted as Ours (None).
Further experimental details are available in the Appendix D.1.

4.2 BENCHMARK

We use 12 natural language understanding benchmarks for evaluation: CMNLI (Xu et al., 2020),
HellaSwag(HeSw) (Zellers et al., 2019), PIQA (Bisk et al., 2020),CHID (Zheng et al., 2019),
WSC (Levesque et al., 2012),CommonSenseQA(CoQA) (Talmor et al., 2018), BoolQ (Clark et al.,
2019),MMLU (Hendrycks et al., 2020), CMMLU (Li et al., 2023),Race-High/Middle (Lai et al.,
2017), C3 (Sun et al., 2020). The tasks in these benchmarks are formalized as classification tasks,
so we refer to these benchmarks as classification benchmarks. For these benchmarks, we use both
accuracy and stability as metrics for evaluating the models. Additionally, we include 3 benchmarks:
XSum (Narayan et al., 2018), GSM8K (Cobbe et al., 2021) and StrategyQA (Geva et al., 2021), to
demonstrate the LLM’s performance on generation tasks after pruning. We refer to these tasks as
generation benchmarks. Following the evaluation framework of OpenCompass (Contributors, 2023),
we use accuracy to evaluate StrategyQA and GSMB8K, and use ROUGEI to evaluate Xsum.
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. Benchmarks

LLM Method ‘ Ratio | 3 CMNLI CHID BoolQ WSC CoQA HeSW PIQA RaceM Race-H MMLU CMMLU | Average  RP
Dense | 0.00% | 438 330 416 708 375 667 713 781 331 355 468 318 492 1000

LLMPruner | 24.8% | 297 334 284 587 404 485  S46 720 29 20 253 250 384 780

SliceGPT | 254% | 315 316 185 599 433 496 415 683 270 294 288 248 384 780

Llama2-7B | LaCo* | 270% | 397 344 361 641 404 457 557 698 236 226 265 252 403 819
Ours (None) | 24.0% | 402 344 215 613 404 517 597 690 352 347 446 289 440 894

Ours (FFN) | 25.0% | 40.7 330 228 659 385 60.6 612 712 380 387 470 317 458 931

Ours (Layer) | 240% | 433 330 241 615 365 592  6L1 715 348 370 455 294 | 452 919
Dense | 0.00% | 475 330 472 715 510 668 748 798 600 581 558 387 570 1000

LLMPruner | 24.4% | 295 330 205 580 471 437 547 727 219 225 252 249 86 677

SliceGPT | 23.6% | 386 305 183 378 423 383 456 619 240 250 306 256 349 612

Llama2-13B | LaCo* | 24.6% | 449 329 401 640 529 527 644 743 566 545 459 326 513 90.0
Ours (None) | 24.6% | 470 330 365 623 644 588 666 735 602 583 548 384 545 956

Ours (FFN) | 254% | 458 330 371 674 375 644 619 740 586 582 557 386 | 532 933

Ours (Layer) | 246% | 457 330 380 662 365 638 691 751 580 574 550 392 5301 932

Table 2: Accuracy of pruning methods on classification benchmarks. “*” indicates that we refer to
the results in the original paper. Retained performance (RP) represents the percentage of the original
model’s performance retained by the pruning method.

Benchmarks

LLM ‘ Method ‘Ra“" C3 CMNLI CHID BoolQ WSC CoQA HeSW PIQA Race-M Race-H MMLU CMMLU ‘ Average
LLMPruner | 24.8% | 728 940 741 708 875 710 799 868 524 552 533 659 720
SliceGPT | 254% | 532 354 533 771 808 753 716 787 907 853 603 56.7 682
Llama2-7B | Ours (None) | 24.0% | 766 387 653 814 8.5 747 807 810 737 619  80.1 70.8 732
Ours (FEN) | 25.0% | 798 100 641 831 933 807 847 846 8.1 790 8.5 825 837
Ours (Layer) | 24.0% | 798 100 644 863 952 817 853 86 818 790 824 710 827
LLMPruner | 244% | 71.6 100 692 705 654 695 778 867 423 356 48 523 658
SliceGPT | 23.6% | 622 395 514 271 683 655 649 756 453 434 527 529 541
Llama2-13B | Ours(None) | 24.6% | 842 999 718 774 462 822 857 865 833 836 8.1 83.8 81.1
Ours (FEN) | 254% | 857 100 725 798 596 892 894 897 848 833 936 90.7 84.9
Ours (Layer) | 24.6% | 874 100 741 813 586 890 905 905 842 830 925 855 847

Table 3: Stability of pruning methods on classification benchmarks. The stability of the original
model is 1.0, because stability is measured by comparing the prediction results of the original model.

4.3 BASELINE

We compare several pruning methods that prune the attention heads, the filters of the FEN layer, and
the hidden dimension, as well as the concurrent layer-pruning methods LaCo. In addition, ShortGPT
and UIDL (Men et al., 2024; Gromov et al., 2024) can be considered as a variant of our approach,
i.e., Ours (None). We also discuss layer pruning methods which use perplexity as the metric, such as
SLEB (Song et al., 2024), in Appendix A.

LLM-Pruner (Ma et al., 2023) prunes attention heads, FFN layer filters, and hidden dimensions by
using gradients and activations to estimate the importance of these modules.

SliceGPT (Ashkboos et al., 2024) prunes hidden dimensions. It inserts dimensionality reduction
matrices into the model and employs Principal Component Analysis (PCA) to initialize and compress
the matrices, and then merge them with the original weight matrix to reduce the model’s size.

LaCo (Yang et al., 2024) prunes layers by dividing the layers into groups, each consisting of multiple
consecutive layers, and compresses them separately, whereas our method simply compresses a piece
of consecutive layers. LaCo merges consecutive layers by averaging their parameters whereas we
train an additional lightweight network to replace these layers.

4.4 MAIN RESULTS

We present accuracy and stability for different methods on the classification benchmarks in Table 2
and Table 3, respectively, and Table 4 for the generative benchmarks. The results demonstrate
that our proposed LLM-Streamline consistently outperforms the baseline methods. Specifically, in
classification tasks, LLM-Streamline surpasses LLM-Pruner by 7% in accuracy and 12% in stability
on Llama2-7B, and by 16% in accuracy and 19% in stability on Llama2-13B. LLM-Streamline also
surpasses LaCo by 5% in accuracy on Llama2-7B. For generation tasks, LLM-Streamline retains
nearly 77% of Llama2-7B and Llama2-13B’s capabilities, significantly outperforming other pruning
methods. We find that almost all of the pruning methods fail on the GSM8K dataset. However,
sufficient training can gradually restore the model’s performance on math tasks, and the specific
experimental results are shown in Table 22 of Appendix E.5.
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. Benchmarks
LLM Method ‘ Ratio ‘ Xsum GSMSK  StrategyQA Average RP
Dense 0.00% 19.4 16.5 60.2 32.0 100.0
LLMPruner | 24.8% 16.4 0.61 442 20.4 63.8
SliceGPT 25.4% 12.4 3.34 45.7 20.5 64.1
Llama2-7B LaCo* 27.1% 15.6 - - - N
Ours (None) | 24.0% 14.8 1.97 41.8 19.5 60.9
Ours (FFN) | 25.0% | 18.6 2.16 46.5 224 70.0
Ours (Layer) | 24.0% | 20.2 1.82 52.1 24.7 77.2
Dense 0.00% | 23.7 29.0 58.1 36.9 100.0
LLMPruner | 24.4% 17.5 1.9 43.7 21.0 56.9
SliceGPT 23.6% 5.0 1.9 38.3 15.1 40.9
Llama2-13B LaCo* 24.6% | 14.5 - - - -
Ours (None) | 24.6% 17.7 2.35 46.0 22.0 59.6
Ours (FEN) | 254% | 214 4.10 59.6 28.4 77.0
Ours (Layer) | 24.6% | 21.8 4.70 573 279 75.6

Table 4: Evaluations on generation benchmarks. “*” indicates that we refer to the results in the
original paper.

‘ Layer-Random  Layer-First Layer-Last Layer-Avg FFNT FEN  SwiGLU'  SwiGLU
Accuracy | 45.1 45.2 45.6 44.4 46.0 45.8 43.8 442
Stability | 81.2 82.7 81.9 79.2 80.7  83.7 82.6 83.3

Table 5: Comparison of different lightweight networks on classification benchmarks in terms of
average accuracy and stability metrics, where “1” indicates that the intermediate size of the added
lightweight network is half that of the default LLM’s intermediate size.

Additionally, comparing the average stability (Average) in Table 3 with the retrained performance
(RP) in Table 2 reveals that stability is often much lower than accuracy. We also observe that accuracy
on Race-M and Race-H even increases after model pruning. Furthermore, we find that without using
any lightweight network, Llama2-13B achieves the highest accuracy on classification benchmarks,
but its stability on classification benchmarks and performance on generation benchmarks are lower.
These results indicate that pruned models tend to make correct guesses on some classification
questions that they are uncertain, highlighting the limitations of accuracy as a sole measure of pruning
method performance. We also conduct experiments on OPT-1.3B, OPT-2.7B, OPT-6.7B, Baichuan-
7B, Baichuan-13B, Baichuan2-7B and Baichuan2-13B. Details can be found in Appendix E.1,
Appendix E.2, Appendix E.3 and Appendix E.4.

4.5 IMPACT OF DIFFERENT LIGHTWEIGHT NETWORKS

While FFN achieves the best result, Transformer layer still has performance potential. We
perform experiments with Llama2-7B using various lightweight network architectures, including
Feed-Forward Neural Networks (FFN), SwiGLU-based Feed-Forward Neural Networks (SwiGLU),
and Transformer layers. We also explore various initialization methods for the Transformer Layer,
including random initialization (Layer-Random), inheritance of the first pruned layer (Layer-First),
inheritance of the last pruned layer (Layer-Last), and averaging the pruned layers (Layer-Avg). The
average accuracy and stability metrics across all the classification benchmarks are presented in
Table 5, with detailed results on each benchmark available in Appendix E.6. The results show that
FFN achieves the best results. Meanwhile, for the Transformer Layer, inheriting the pruned first
layer yields the best results. In contrast, the performance of Layer-Avg, inspired by LaCo, shows that
averaging weights does not achieve the same effectiveness as the pruned first layer.

In addition, we plot the validation loss curves during the training process for different lightweight
networks, as shown in Fig. 3. We can observe that FFN and SwiGLU have already converged by
the 10th epoch, whereas the loss of Transformer Layer is still decreasing. This indicates that the
Transformer layer still has potential, and further training could yield better results, but this would
require more computing resources.
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Figure 3: Validation loss curves during training of (a) FFN and SwiGLU; (b) Transformer layer.
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Figure 4: (a) Stability of the pruned Llama2-7B at pruning ratios of approximately 2%, 11%, 20%,
and 25%. Stability is calculated only for the compressed model compared to the original, so it cannot
be computed for TinyLlama-1.1B and OpenLlama-3B-v2. (b) Accuracy of the pruned Llama2-7B at
different pruning ratios, compared to the original Llama2-7B, OpenLlama-3B-v2, and TinyLlama-
1.1B. Metrics are averaged across classification benchmarks.

4.6 IMPACT OF DIFFERENT PRUNING RATIOS

The performance of the pruned model is linearly correlated with the number of parameters.
To verify the model’s performance at different pruning ratios, we evaluate our method not only at
the approximately 25% pruning ratio but also at ratios of around 2%, 11%, and 20% on Llama2-7B.
The average stability and accuracy metrics across all the classification benchmarks are shown in
Fig. 4, with details on each benchmark presented in Appendix E.7. By comparing the performance
of the original Llama2-7B, TinyLlama-1.1B, OpenLlama-3B-v2, and Llama2-7B pruned at various
ratios, we observe a linear correlation between the performance of both the pruned models and the
pre-trained original models relative to the number of parameters. This suggests that the performance
of models pruned using our method is comparable to that of pre-trained models with the same number
of parameters.

4.7 COMPARISON OF LAYER REPLACEMENT AND LORA

Layer Replacement outperforms LoRA in both performance and GPU memory consumption.
We compare the performance of layer replacement with LoRA. Since layer replacement is trained
based on hidden states with a different training objective than LoRA, we additionally train one epoch
using the language model loss for layer replacement when comparing it with LoRA. The training
details can be found in the Appendix D.2. For layer replacement, we freeze the original model’s
weights and train only the lightweight network. In the case of LoRA, we set the rank to 128 to align
the number of parameters trained with those of the lightweight networks. We randomly extract 30,000
samples from SlimPajama-6B for layer replacement training and also test with the entire dataset to
evaluate the limited impact of extensive data on performance (details in Appendix E.5). For LoRA,
we use 300,000 samples from SlimPajama-6B. Table 6 presents the average accuracy and stability
across all classification benchmarks, with detailed results available in Appendix E.8. The findings
indicate that layer replacement surpasses LoRA in both accuracy and stability, while also requiring
significantly less GPU memory and training data.
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| Layer-First Layer-Last Layer-Avg FFNT FEN SwiGLUT SwiGLU | LoRA

Accuracy \ 46.7 46.8 46.2 458 463 444 455 | 445
Stability \ 85.7 85.6 83.9 834 852 84.7 847 | 821
GPU Memory (G) | 27.8 27.8 27.8 256 270 25.3 264 | 564

Table 6: Comparison of layer replacement and LoRA on classification benchmarks in terms of average
accuracy metrics across all benchmarks, where “1” indicates that the intermediate size of the added
lightweight network is half that of the default LLM’s intermediate size.

Method | Metric | Need Training | Training Data | Data Size | Training Module | Trainig Method
SLEB | Perplexity | No | None | None | None | None
ShortGPT | Cosine Similarity | No | None | None | None | None
UIDL | Cosine Similarity | Yes | C4 | 164M | LoRA-Adapter | QLoRA
LaCO | Cosine Similarity | Yes | Unpublished | 1B | Full Parameters | Fine-tuning
o Taylor . SlimPajama 627B Full Parameters Fine-tuning
Shortened Llama Perplexity ‘ Yes ‘ Alpaca ‘ 50k ‘ LoRA-Adapter LoRA
. . . . . Lightweight Training
LLM-Streamline | Cosine Similarity ‘ Yes ‘ SlimPajama ‘ 30k ‘ Network Lightweight Network

Table 7: Comparison of concurrent layer pruning methods, with the metric indicating the importance
of layers. Shortened Llama consists of two training stages: initial continual pre-training on the
SlimPajama dataset, followed by LoRA fine-tuning on the Alpaca dataset.

5 RELATED WORK

Previous pruning methods for LLMs primarily focus on pruning dense matrices (Ashkboos et al.,
2024), attention heads (Michel et al., 2019; Voita et al., 2019), filters (McCarley et al., 2019; Prasanna
et al., 2020), or hidden dimension (Xia et al., 2023; van der Ouderaa et al., 2023). These approaches
often lead to structural irregularities, making pruned models less flexible for deployment. In contrast,
layer pruning, which only alters the model’s depth, is easier to deploy. Concurrent works in layer
pruning alongside LLM-Streamline include LaCo (Yang et al., 2024), ShortGPT (Men et al., 2024),
UIDL (Gromov et al., 2024), SLEB (Song et al., 2024), and Shortened Llama (Kim et al., 2024).

LaCo (Yang et al., 2024) divides layers into groups of consecutive layers and compresses them by
replacing the consecutive layers with averaged parameter weights. ShortGPT (Men et al., 2024) uses a
BI score, equivalent to cosine similarity, to assess layer importance and remove less important layers.
Similarly, UIDL (Gromov et al., 2024) uses angular distance, also equivalent to cosine similarity,
to determine and remove less important layers, and employs QLoRA to enhance performance.
SLEB (Song et al., 2024) calculates layer importance using perplexity and discards those deemed
insignificant. Shortened Llama (Kim et al., 2024) explores various layer selection metrics and
examines the effectiveness of using continual pre-training and LoRA after pruning. The differences
between these layer pruning methods and LLM-Streamline are summarized in Table 7.

Unlike traditional layer pruning methods, LLM-Streamline fundamentally differs by retraining a
lightweight model to replace the pruned layers, rather than removing them directly with or without
training the pruned model. LLM-Streamline reduces both computation time and resource consumption
compared to layer pruning methods (Shortened Llama, LaCo, UIDL) that necessitate retraining.
Additionally, LLM-Streamline better preserves the performance of the original LLM compared to
concurrent layer pruning methods.

6 CONCLUSION

In this paper, we propose LLM-Streamline, a layer pruning-and-replacement algorithm for LLMs. We
also identify shortcomings in the existing accuracy metric and propose a new metric called stability
for evaluating model compression. Extensive experiments show that this layer replacement method
using a lightweight network outperforms previous state-of-the-art pruning methods and demonstrates
superior effectiveness and efficiency compared to concurrent layer pruning methods.
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A COMPARISON OF COSINE SIMILARITY AND PERPLEXITY

To demonstrate the sensitivity of perplexity, referencing the SLEB (Song et al., 2024), we prune
the Llama2-7B model with different pre-training datasets, including SlimPajama, C4 and wikitext.
The experimental results are presented in Table 8. When pruning with cosine similarity, the layers
pruned are consistent across different datasets, whereas when pruning with perplexity, the layers vary,
indicating the sensitivity of perplexity. In addition, we evaluate the model after pruning with the
SlimPajama dataset, and the experimental results are shown in Table 9. This indicates that the model
pruned with perplexity shows lower perplexity on the dataset used for pruning, but performs worse
on downstream tasks.

Pruned Layers

LLM Dataset . . o
Perplexity Cosine Similarity

SlimPajama | 9,10,11,12,21,23,25,27  22,23,24,25,26,27,28,29
Llama2-7B wikitext 9,10,11,12,21,23,24,27  22,23,24,25,26,27,28,29
C4 89,11,12,22,23,24,25  22,23,24,25,26,27,28,29

Table 8: Pruned layers using perplexity and cosine similarity for pruning.

Benchmarks

Perplexity*
Py C3 CMNLI CHID BoolQ WSC CoQA HeSW PIQA Race-M Race-H MMLU CMMLU Xsum GSMS8k  StrategyQA

LLM ‘ Metric Average  RP

6.23
19.7
12.1

Dense 43.8 33.0 41.6 70.8 375 66.7 71.3 78.1 33.1 355 46.8 318 19.4 16.5 60.2
40.2 344 215 673 40.4 517 59.7 69.0 355 347 44.6 289 14.8 197 418

37.6 33.0 342 61.7 36.5 473 56.5 714 221 21.6 259 248 17.1 1.74 332

457 100.0
39.1 85.6
350 76.6

Llama2-7B | Cosine Similarity

Perplexity

Table 9: Detailed results of accuracy of using perplexity and cosine similarity for pruning. ‘“Perplex-
ity*” refers to the Perplexity of the pruned model on SlimPajama. Using perplexity as the metric can
be considered as SLEB, while using cosine similarity as the metric can be considered as a variant of
our approach, i.e., Ours (None)(details in Section 4.1).

B DATA DISTRIBUTION

We extract the training data from different domains based on the data distribution strategy proposed
in Sheared-LLaMa (Xia et al., 2023). The detailed data distribution is shown in Table 10.

‘ CC GitHub Book StackExchange Wiki ArXiv C4

SlimPajama-6B | 54.1% 4.2% 3.7% 2.8% 31% 3.4% 28.7%
Ours 36.1% 0.8% 9.1% 1.0% 31% 0.7%  49.2%

Table 10: The proportion of different domains randomly selected from the SlimPajama-6B dataset.

C INFERENCE SPEED COMPARISON

As shown in the Table 11, we evaluate the inference speed of various pruning methods at similar
pruning ratio when generating sequences of length 128. The results indicate that the acceleration
effect of LLM-Streamline is slightly inferior to that of SliceGPT and LLM-Pruner.

Llama2-7B ‘ Dense LLM-Pruner SliceGPT Ours(None) Ours(FFN) Ours(Layer)
Pruning Ratio (%) 0.00 24.8 254 24.0 25.0 24.0
Inference Speed (tokens/s) | 19.87 2591 27.20 25.68 25.88 25.68

Table 11: The inference speed of models pruned using different methods.
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D TRAINING IMPLEMENTATION DETAILS

D.1 LIGHTWEIGHT NETWORK TRAINING DETAILS

For both the FFN structure and the SwiGLU structure, the learning rate is set to 1e-3 and the weight
decay is le-4. For the Transformer layer, the learning rate is set to le-5 and the weight decay is le-3.
The model is trained using a batch size of 32 over 20 epochs. On a single A800 GPU, the training
duration for the lightweight network is approximate 5 hours (for the Transformer layer).

D.2 PoST TRAINING DETAILS

For layer replacement, in order to have a fairer comparison with LoRA, we conduct one epoch of
post-training with a learning rate of Se-5, a weight decay of le-3, and a batch size of 32. This process
takes less than an hour on a single A800 GPU. For LoRA, the model is trained one epochs with a
learning rate of le-4, a weight decay of le-3, and a batch size of 32. Since the amount of training data
used is ten times that of layer replacement, it take approximately 10 hours to complete the training on

a single A800 GPU.

E DETAILED EXPERIMENTAL RESULTS

E.1 EXPERIMENTAL RESULTS OF OPT-6.7B

We also conduct experiments on OPT-6.7B. The experimental results are shown in Table 12, Table
13 and Table 14. The results indicate that our proposed LLM-Streamline is superior to the previous

SOTA method.
. Benchmarks
LLM Method | Rat Average  RP
‘ etho ‘ WO 3 CMNLI CHID BoolQ WSC CoQA HeSW PIQA RaceM Race-H MMLU CMMLU | o8¢
Dense | 0.00% | 387 329 216 646 414 548 633 754 251 254 247 255 41 100
SliceGPT | 25.6% | 400 312 195 379 365 382 456 658 258 260 258 248 348 847
OPT-6.7B | Ours (None) | 24.0% | 27.6 325 127 448 365 206 265 521 221 224 236 252 289 703
Ours (FFN) | 25.0% | 376 321 187 637 375 418 559 732 227 222 244 249 379 922
Ours (Layer) | 24.0% | 364 320 189 624 385 451 543 740 236 242 243 252 382 929

Table 12: Accuracy of different pruning methods on classification benchmarks by pruning OPT-6.7B.

LLM ‘ Method ‘ Ratio

Benchmarks

Aver:
C3 CMNLI CHID BoolQ WSC CoQA HeSW PIQA RaceM RaceH MMLU CMMLU | ‘¢ 8¢
SliceGPT | 25.6% | 664  39.8 73.1 30.1 794 752 73.7 82.5 72.5 69.1 68.9 672 66.5
opT67p | Ous(Mone) | 240% | 562 625 714 415 875 486 505 ST 634 622 623 627 605
- Ours (FFN) | 250% | 741 361 774 742 904 824 884 920 683 639 747 65.0 73.9
Ours (Layer) | 24.0% | 721 355 761 721 914 836 870 9.6 729 712 781 70.1 75.1

Table 13: Stability of different pruning methods on classification benchmarks by pruning OPT-6.7B.

. Benchmarks
LLM Method Ratio Xsum GSMSK  StrategyQA Average RP
Dense 0.00% 13.4 2.2 54.3 233 100.0
SliceGPT 25.6% | 149 2.5 40.8 19.4 83.3
OPT-6.7B | Ours (None) | 24.0% 4.9 0 0 1.6 6.87
Ours (FFN) | 25.0% 14.8 0.8 43.6 19.7 84.5
Ours (Layer) | 24.0% | 18.4 2.5 444 21.8 93.6

Table 14: Accuracy of different pruning methods on generation benchmarks by pruning OPT-6.7B.
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E.2 EXPERIMENTAL RESULTS OF BAICHUAN-7B AND BAICHUAN-13B

We also conduct experiments on Baichuan-7B and Baichuan-13B. The experimental results are shown
in Table 15, Table 16 and Table 17. The results indicate that our proposed LLM-Streamline is superior
to the previous SOTA method.

LLM ‘ Method ‘Ralio Benchmarks Average  RP
C3 CMNLI CHID BoolQ WSC CoQA HeSW PIQA RaceM Race:H MMLU CMMLU

Dense | 0.00% | 558 353 913 614 394 584 653 716 295 304 437 438 527 100

LLMPruner | 242% | 437 339 659 405 365 482 522 681 226 20 242 253 402 763

Baichuan-7B | Ours (None) | 24.2% | 332 327 258 608 365 360 346 587 221 215 257 38.8 355 674

Ours (FFN) | 25.1% | 531 363 694 531 365 487 532 694 232 245 377 39.1 454 861

Ours (Layer) | 242% | 550 360 774 481 365 498 543 0 229 238 398 411 461 875

Dense 000% | 615 364 915 658 490 642 691 782  48.1 460 548 55.3 60.0 100

Baichuan.13p | OUs(Nono) | 247% | 488 348 502 622 404 464 567 682 306 217 529 550 478 797

Ours (FFN) | 255% | 583 351 715 641 365 517 582 694 265 288 531 543 516 860

Ours (Layer) | 247% | 591 361 837 620 365 582 594 718 218 250 523 56.1 523 872

Table 15: Accuracy of different pruning methods on classification benchmarks by pruning Baichuan-
7B and Baichuan-13B.

Benchmarks

LLM Method Ratio Average
C3 CMNLI CHID BoolQ WSC CoQA HeSW PIQA Race-M Race-H MMLU CMMLU
LLMPruner | 24.2% | 70.2 40.0 71.4 249 914 75.3 75.9 824 68.8 66.8 54.7 53.6 64.6
Baichuan-7B Ours (None) | 24.2% | 55.5 45.1 313 76.8 93.3 64.7 50.1 61.0 68.9 65.9 74.0 60.8 62.3
Ours (FFN) | 25.1% | 84.1 71.8 75.6 654 93.3 76.5 83.1 84.3 77.1 703 742 74.6 78.0
Ours (Layer) | 24.2% | 86.3 79.3 82.3 40.7 93.3 71.6 81.3 835 75.8 71.0 759 75.6 76.9
Ours (None) | 24.7% | 67.2 758 54.1 66.6 510 74.9 74.6 78.5 523 552 82.7 893 68.5
Baichuan-13B | Ours (FFN) | 25.5% | 85.7 873 82.1 81.3 433 812 81.7 79.8 46.6 61.1 84.3 83.7 74.8
Ours (Layer) | 24.7% | 88.6 92.7 89.3 729 433 83.5 86.1 88.2 49.2 52.1 834 90.4 76.6

Table 16: Stability of different pruning methods on classification benchmarks by pruning Baichuan-
7B and Baichuan-13B.

LLM Method Ratio Benchmarks Average RP
Xsum GSMS8K  StrategyQA

Dense 0.00% 19.1 9.84 555 28.1 100
LLMPruner | 24.2% 12.6 1.74 40.4 18.2 64.8

Baichuan-7B | Ours (None) | 24.2% 0.3 0 0 0.1 0
Ours (FFN) | 25.1% 19.3 211 41.1 20.8 74.0
Ours (Layer) | 24.2% 18.2 1.36 38.7 19.4 69.0
Dense 0.00% 24.6 27.1 61.1 37.6 100
. Ours (None) | 24.7% 2.1 12 12.3 52 13.8

Baichuan-13B

aichuan Ours (FEN) | 25.5% | 23.1 2.1 473 242 644
Ours (Layer) | 24.7% 222 24 43.2 22.6 60.1

Table 17: Accuracy of different pruning methods on generation benchmarks by pruning Baichuan-7B
and Baichuan-13B.

E.3 EXPERIMENTAL RESULTS OF BAICHUAN2-7B AND BAICHUAN2-13B

We also conduct experiments on Baichuan2-7B and Baichuan2-13B. The experimental results are
shown in Table 18, Table 19 and Table 20. The results indicate that our proposed LLM-Streamline is
superior to the concurrent SOTA method, LaCo.
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Benchmarks

LLM ‘ Method ‘ Ratio Average  RP
C3 CMNLI CHID BoolQ WSC CoQA HeSW PIQA Race-M Race-H MMLU CMMLU
Dense 0.00% | 64.4 334 85.5 63.1 423 63.1 67.6 76.1 51.1 52.5 54.7 57.1 59.2 100
LLMPruner | 24.2% | 39.9 339 70.6 50.0 42.3 38.7 527 70.4 22.3 22.8 24.9 24.9 41.1 69.4
Baichuan2-7B LaCo* 24.2% | 50.9 33.0 76.2 56.2 42.3 473 52.3 68.5 27.7 29.0 315 312 455 76.9
Ours (None) | 24.2% | 45.7 33.0 58.0 626 365 419 46.3 62.4 25.6 274 43.0 46.5 44.1 74.5
Ours (FFN) | 25.1% | 58.2 33.0 74.1 61.2 365 476 543 68.0 29.1 30.5 52.1 56.7 50.1 84.6
Ours (Layer) | 24.2% | 60.4 349 72.2 62.7 365 488 52.5 67.0 35.5 36.8 54.0 56.3 51.5 87.0
Dense 0.00% | 65.6 332 86.7 66.8 423 65.6 71.1 78.1 68.9 672 59.6 61.3 63.9 100
LaCo* 24.7% | 61.1 33.0 76.7 62.4 442 555 60.7 68.9 57.8 56.9 51.4 53.7 56.9 89.0
Baichuan2-13B | Ours (None) | 24.7% | 59.1 34.4 819 61.8 36.5 539 61.9 71.0 63.0 60.4 50.3 579 577 90.3
Ours (FFN) | 25.5% | 63.0 330 81.7 60.1 36.5 54.7 62.1 70.5 71.1 68.2 571 582 597 934
Ours (Layer) | 24.7% | 63.5 330 84.1 620 385 569 63.0 72.0 702 66.3 59.1 60.2 60.7 95.0

Table 18: Accuracy of different pruning methods on classification benchmarks by pruning Baichuan2-
7B and Baichuan2-13B. “*” indicates that we refer to the results in the original paper.

LLM Method Ratio Benchmarks Average
C3 CMNLI CHID BoolQ WSC CoQA HeSW PIQA Race-M Race:H MMLU CMMLU
LLMPruner | 242% | 622 506 751 555 635 660 803 870 542 517 500 469 61.9
Buichuanz.7p | Ours@one) | 242% | 685 981 638 691 846 613 673 720 506 480 693 745 68.9
Ours (FEN) | 25.1% | 811 981 771 682 846 665 781 773 612 5.7 813 89.2 772
Ours (Layer) | 24.2% | 833 928 749 676 846 680 772 809 641 629 892 88.6 718
Ours (None) | 247% | 850 887 865 851 827 795 822 851 846 830 742 856 835
Baichuan2-13B | Ours (FFN) | 25.5% | 864  99.0 872 847 827 776 832 857 832 811 90.2 91.7 86.1
Ours (Layer) | 247% | 87.9  99.0  89.0 871 847 802 849 869 894 870 97 925 88.4

Table 19: Stability of different pruning methods on classification benchmarks by pruning Baichuan2-
7B and Baichuan2-13B.

. Benchmarks
LLM Method Rat Aver: RP
‘ et ‘ O Xsum  GSMSK StrategyQA verage

Dense 0.00% | 21.0 24.8 60.0 353 100
LLMPruner | 24.2% 14.5 1.4 10.8 8.9 25.2

Baichuan2-7B LaCo* 242% | 12.0 - - - -
Ours (None) | 24.2% 12.1 1.7 30.7 14.8 41.9
Ours (FEN) | 25.1% | 159 2.7 371 18.6 52.7
Ours (Layer) | 242% | 16.8 23 34.8 18.0 51.0
Dense 0.00% | 253 53.2 65.9 48.1 100

LaCo* 247% | 123 - - - -
Baichuan2-13B | Ours (None) | 24.7% | 17.2 33 37.2 19.2 39.9
Ours (FEN) | 25.5% | 21.3 3.1 48.8 24.4 50.7
Ours (Layer) | 24.7% | 20.9 55 51.3 259 53.8

Table 20: Accuracy of different pruning methods on generation benchmarks by pruning Baichuan2-7B
and Baichuan2-13B. “*” indicates that we refer to the results in the original paper.

E.4 EXPERIMENTAL RESULTS OF OPT-1.3B AND OPT-2.7B

We also conduct experiments on small models (OPT-1.3B and OPT-2.7B). The experimental results
are shown in Table 21. The results indicate that our proposed LLM-Streamline is superior to the
previous SOTA method, across different pruning rates.
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Benchmarks

LLM ‘ Method ‘ Ratio § Average RP
PIQA  WinoGrande HellaSwag ARC-easy ARC-challenge OpenBookQA

Dense 0.00% | 72.4 59.3 53.7 51.0 29.5 234 48.2 100.0

SliceGPT 18.1% | 67.6 53.6 357 51.1 23.1 20.2 41.9 86.9
Ours(None) | 194% | 57.2 51.7 29.1 325 227 13.2 344 71.4
Ours(FFN) | 18.1% | 68.8 58.4 39.1 54.3 23.3 23.3 44.5 92.3

Dense 0.00% | 72.4 59.3 53.7 51.0 29.5 234 48.2 100.0

OPT-1.3B SliceGPT | 25.8% | 65.5 52.8 342 48.8 244 17.0 40.5 84.0
Ours(None) | 27.1% | 52.2 S1.1 25.7 26.6 20.5 14.0 31.7 65.8
Ours(FFN) | 25.8% | 66.4 56.0 36.8 51.6 222 21.0 4.3 87.8

Dense 0.00% | 72.4 59.3 53.7 51.0 29.5 234 48.2 100.0

SliceGPT | 33.6% | 624 52.6 322 454 23.1 16.6 38.7 80.3
Ours(None) | 34.8% | 50.5 51.5 25.8 26.2 20.3 14.6 31.5 65.4
Ours(FEN) | 33.6% | 62.9 52.1 339 48.3 20.8 20.6 39.8 82.6

Dense 0.00% | 73.8 61.0 459 60.9 26.8 25.0 489 100.0

SliceGPT 16.8% | 69.6 56.3 404 56.2 27.5 20.2 45.0 92.0
Ours(None) | 17.8% | 61.2 54.1 33.8 41.2 24.1 15.8 384 78.5
Ours(FEN) | 16.8% | 70.7 60.4 429 57.8 253 244 46.9 95.9

Dense 0.00% | 73.8 61.0 45.9 60.9 26.8 25.0 489 100.0

OPT-27B SliceGPT | 25.7% | 69.1 55.0 379 539 26.7 182 435 89.0
Ours(None) | 26.7% | 59.7 534 335 38.1 243 154 374 76.5
Ours(FEN) | 25.7% | 67.0 59.5 40.3 54.6 247 22.2 44.7 91.4

Dense 0.00% | 73.8 61.0 45.9 60.9 26.8 25.0 489 100.0

SliceGPT | 34.6% | 64.8 54.1 35.6 50.0 26.5 18.0 41.5 84.9

Ours(None) | 35.6% | 56.6 529 315 37.6 24.1 14.9 36.3 74.2
Ours(FEN) | 34.6% | 65.3 55.3 36.3 51.4 245 21.0 4.3 86.5

Table 21: Accuracy of different pruning methods by pruning OPT-1.3B and OPT-2.7B.

E.5 RESULTS OF SUFFICIENT POST-TRAINING

Following the method outlined in Section 4.7, We conduct experiments using the entire SlimPajama-
6B for post-training, and the results are presented in Table 22. As shown, using the entire dataset
resulted in a slight improvement, but at a significant computational cost, requiring 100 times the
computational time.

Benchmarks
LLM Method Tra g data s Averag RP
‘ etho raning ClASIZ | 03 CMNLI CHID BoolQ WSC CoQA HeSW PIQA RaceM RaceH MMLU CMMLU Xsum GSMSk  StrategyQA | o 80
Dense 438 33.0 41.6 70.8 375 66.7 71.3 78.1 331 355 46.8 318 19.4 16.5 60.2 45.7 100.0
Liama2-7B | Layer-First 30k 439 30 298 708 365 96 643 734 366 34 449 300 197 205 548 25 930
Layer-First 5.49M 435 330 332 688 462 6L1 665 760 318 299 473 38 182 10.6 586 38 958

Table 22: Detailed accuracy results with different training data volumes.

E.6 DETAILED RESULTS OF DIFFERENT LIGHTWEIGHT NETWORKS

The detailed results of accuracy and stability of different lightweight networks on different classifica-
tion benchmarks are shown in Table 23 and Table 24. We can observe that FFN achieves the best
results. Meanwhile, for the Transformer Layer, inheritance of the pruned first layer yields the best
results.

LLM ‘ Method ‘ Ratio Benchmarks Average RP
C3 CMNLI CHID BoolQ WSC CoQA HeSW PIQA Race-M Race-H MMLU CMMLU
Dense 0.00% | 43.8 33.0 416 70.8 375 66.7 71.3 78.1 33.1 355 46.8 31.8 49.2 100.0
Layer-Random | 24.0% | 42.5 33.0 27.0 65.9 36.5 58.0 58.8 70.2 35.0 36.0 46.3 314 45.1 91.7
Layer-First 24.0% | 43.3 33.0 24.1 67.5 36.5 59.2 61.1 1.5 34.8 37.0 45.5 29.4 452 91.9
Layer-Last 24.0% | 43.5 33.0 29.0 64.5 414 56.8 61.5 71.6 345 35.0 46.0 30.8 45.6 92.7
Llama2-7B Layer-Avg 24.0% | 42.1 33.0 26.7 66.3 36.5 517 59.4 69.9 34.3 345 433 28.5 44.4 90.2
FEN' 26.0% | 40.6 33.0 24.2 67.5 36.5 58.4 59.5 71.4 419 414 46.3 30.8 46.0 93.5
FFN 25.0% | 40.7 33.0 22.8 65.9 385  60.6 61.2 71.2 380 387 47.0 317 45.8 93.1
SwiGLUT 26.0% | 41.9 33.0 24.3 68.5 36.5 55.8 579 69.6 29.9 333 43.4 316 43.8 89.0
SwiGLU 25.0% | 40.9 33.0 22.1 67.0 36.5 56.9 59.1 70.0 33.8 35.0 45.6 30.8 442 89.8

Table 23: Detailed accuracy results of different lightweight networks on different classification
benchmarks, where “1” indicates that the intermediate size of the added lightweight network is half
that of the default LLM’s intermediate size.
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Benchmarks

LLM ‘ Method ‘ Ratio | s CMNLI CHID BoolQ WSC CoQA HeSW PIQA RaceM Race:H MMLU CMMLU | “Voreee
Layer-Random | 24.0% | 79.9 100 68.2 83.8 95.2 774 82.0 83.2 69.9 71.9 85.1 714 81.2
Layer-First 24.0% | 79.8 100 64.4 86.3 95.2 81.7 853 85.6 81.8 79.0 824 71.0 82.7
Layer-Last 24.0% | 81.0 100 73.5 849 82.7 813 85.8 854 82.3 76.3 83.0 66.9 81.9
Llama2-7B Layer-Avg 24.0% | 80.7 100 68.5 84.4 95.2 78.9 82.8 82.5 73.0 70.7 74.6 58.8 79.2
FEN{ 26.0% | 79.9 100 65.4 82.1 95.2 8.7 80.7 81.7 74.7 70.3 84.9 74.6 80.7
FFN 25.0% | 79.8 100 64.1 83.1 933 80.7 84.7 84.6 85.1 79.0 875 82.5 83.7
SwiGLU' 26.0% | 78.5 100 64.5 78.9 95.2 75.4 80.9 82.1 89.3 87.1 80.7 78.4 82.6
SwiGLU 25.0% | 78.9 100 63.5 84.4 95.2 77.0 82.2 82.3 85.7 824 87.9 797 833
Table 24: Detailed stability results of different lightweight networks on different classification

benchmarks, where “{” indicates that the intermediate size of the added lightweight network is half
that of the default LLM’s intermediate size.

E.7 DETAILED RESULTS OF DIFFERENT PRUNING RATIO

The detailed results of accuracy and stability on LLMs under different pruning ratios on different
classification benchmarks are shown in Table 25 and Table 26. The experiment results show that the
performance of the pruned model is linearly correlated with the number of parameters, demonstrating
the effectiveness of our method.

Benchmarks

LLM Method | Rati Aver: RP

‘ etho ‘ 91 03 CMNLI CHID BoolQ WSC CoQA HeSW PIQA Race-M Race-H MMLU CMMLU ‘ verage
Dense | 0.00% | 438 330 416 708 375 667 713 781 331 355 468 318 492 1000
FEN{ | 20% | 436 330 410 715 365 654 707 7.5 361 381 463 316 493 1000
Llama2-7B FEN{ | 110% | 421 330 351 690 375 634 618 756 352 370 465 299 77 910
FENt |200% | 423 330 200 702 365 627 638 723 318 317 457 288 467 949
FFNi | 260% | 406 330 242 675 365 S84 595 714 419 414 463 308 460 935
TinyLlama-1.1B | Dense | 0.00% | 383 346 304 564 471 488 545 713 241 258 258 250 402 1000
OpenLlama-3B-v2 | Demse | 0.00% | 430 330  3L1  60.6 375 587 653 770 251 269 270 253 25 1000

Table 25: Detailed accuracy results of different pruning ratios on different classification benchmarks,
where “1” indicates that the intermediate size of the added lightweight network is half that of the
default LLM’s intermediate size.

LLM ‘ Method ‘ Ratio ‘ Benchmarks Average
C3 CMNLI CHID BoolQ WSC CoQA HeSW PIQA Race-M Race-H MMLU CMMLU
FENt 2.0% | 95.8 100 93.2 86.5 95.2 96.2 97.8 97.1 93.0 89.5 95.5 89.7 94.1
Llama2-7B FEN{ 11.0% | 90.4 100 82.5 91.4 942 90.2 93.4 92.7 89.6 82.7 84.6 72.0 88.6
FEN{ 20.0% | 81.6 100 71.9 86.0 95.2 84.4 87.3 879 852 78.6 78.1 67.7 83.7
FEN{ 26.0% | 79.9 100 65.4 82.1 95.2 78.7 80.7 81.7 74.7 70.3 84.9 74.6 80.7

Table 26: Detailed stability results of different pruning ratios on different classification benchmarks,
where “t” indicates that the intermediate size of the added lightweight network is half that of the
default LLM’s intermediate size.

E.8 DETAILED RESULTS OF LAYER REPLACEMENT AND LORA

The detailed results of accuracy and stability of different layer replacement strategies and LoRA on
different benchmarks are shown in Table 27 and Table 28. The results show that layer replacement
outperforms LoRA in both accuracy and stability.
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Benchmarks

LLM ‘ Method ‘ Ratio Average RP
C3 CMNLI CHID BoolQ WSC CoQA HeSW PIQA Race-M Race-H MMLU CMMLU

Dense 0.00% | 43.8 33.0 41.6 70.8 37.5 66.7 71.3 78.1 33.1 355 46.8 31.8 49.2 100.0

Layer-First | 24.0% | 43.9 33.0 29.8 70.8 36.5 59.6 64.3 734 36.6 374 449 30.0 46.7 94.9

Layer-Last | 24.0% | 44.9 330 294 69.2 36.5 589 63.5 74.1 37.8 37.8 46.5 30.4 46.8 95.1

Layer-Avg | 24.0% | 43.9 330 30.1 67.5 36.5 583 62.5 723 36.6 36.1 46.2 319 46.2 939
Llama2-7B FFN{ 26.0% | 41.6 330 258 62.6 36.5 589 62.1 723 419 40.2 44.4 30.5 45.8 93.1
FFN 25.0% | 43.8 330 27.0 68.7 36.5 60.7 63.5 724 37.4 354 453 315 46.3 94.1

SwiGLU' | 26.0% | 44.0 330 279 61.2 36.5 572 61.7 712 30.3 329 45.0 319 44.4 90.2

SwiGLU | 25.0% | 43.2 33.0 27.1 67.0 36.5 582 62.1 71.2 35.1 357 458 30.8 455 92.5

LoRA 24.0% | 43.2 33.0 27.6 63.5 36.5 5717 62.4 71.7 30.7 329 435 30.8 44.5 90.4

Table 27: Detailed accuracy results of layer replacement and LoRA on different classification
benchmarks, where “i” indicates that the intermediate size of the added lightweight network is half
that of the default LLM’s intermediate size.

LLM ‘ Method ‘ Ratio Benchmarks Average
C3 CMNLI CHID BoolQ WSC CoQA HeSW PIQA Race-M Race-H MMLU CMMLU
Layer-First | 24.0% | 82.7 100 74.3 84.7 95.2 85.7 89.1 88.6 84.1 822 84.5 712 85.7
Layer-Last | 24.0% | 83.2 100 73.8 87.9 95.2 89.5 85.8 88.7 84.7 82.1 83.1 729 85.6
Layer-Avg | 24.0% | 81.0 100 723 67.0 95.2 84.1 87.4 86.6 87.3 822 90.5 737 839
Liama2-7B FEN{ 26.0% | 82.0 100 714 754 95.2 829 86.6 872 79.0 753 85.1 81.0 834
FFN 25.0% | 80.6 100 72.0 83.5 95.2 854 87.7 872 84.5 81.0 854 79.3 852
SwiGLU' | 26.0% | 80.0 100 714 63.1 95.2 80.5 86.1 85.1 90.4 87.7 89.2 871.7 84.7
SwiGLU | 25.0% | 81.6 100 72.9 67.3 95.2 81.8 86.5 85.3 87.7 84.8 90.0 83.3 84.7
LoRA 24.0% | 81.9 100 734 59.1 95.2 81.6 84.8 853 852 81.3 82.1 753 82.1

Table 28: Detailed stability results of layer replacement and LoRA on different classification bench-
marks, where “1” indicates that the intermediate size of the added lightweight network is half that of
the default LLM’s intermediate size.

F LIMITATION

Our method achieves SOTA results compared to existing pruning methods, but its performance
still falls short of other commonly used model compression methods, e.g., quantization. Therefore,
we plan to enhance the performance of our pruning method and explore combining it with other
compression and inference acceleration techniques to make it more practical.
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