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Abstract

Layer pruning aims to accelerate the inference
of Large Language Models on general hard-
ware by removing less important Transformer
layers. However, naively deleting layers typi-
cally degrades model performance. To reduce
this degradation, prior work approximates re-
moved layers with replacement components
such as linear layers. These approaches of-
ten require large datasets and heavy replace-
ment modules, which increase computational
and memory costs. Their time complexity
also restricts them to static, consecutive-layer
pruning. In this work, we introduce a novel
method, Superior layer Pruning performance
by Super-fast Recovery (SPSR), which uses
Pearson correlation coefficients to quantify a
layer’s recovery ability and applies a super-
fast fine-tuning procedure with a lightweight
replacement component. SPSR readily extends
to non-consecutive pruning and to dynamic
pruning. Experimental results show that SPSR
achieves performance competitive with state-
of-the-art methods while substantially improv-
ing recovery efficiency. Code is available at
https://github.com/BeiYazi0/SPSR.

1 Introduction

Large Language Models (LLMs) have revolution-
ized the field of Natural Language Processing
(NLP) (Brown et al., 2020; OpenAI, 2024; Touvron
et al., 2023a). However, their massive parameter
counts create severe deployment constraints due to
limited memory and compute resources. Param-
eter pruning (Hassibi et al., 1993; LeCun et al.,
1989; Han et al., 2015) has emerged as an effective
compression strategy to address these constraints.
Recent work has investigated layer redundancy in
LLMs (Men et al., 2024; Song et al., 2024; Yang
et al., 2024), showing that successive Transformer
layers often produce highly similar outputs. Mo-
tivated by this observation, layer pruning identi-
fies redundant layers and removes them, yielding

a model that differs only in depth and is therefore
better suited for deployment.

Prior layer pruning approaches (Men et al., 2024;
Song et al., 2024; Sieberling et al., 2025; Gromov
et al., 2025; Kim et al., 2024) ignore activation mis-
matches introduced by layer removal, leading to
performance degradation. To address this, recent
work (Chen et al., 2025a; Shopkhoev et al., 2025;
Chen et al., 2025b) proposes consecutive layer
pruning with a recovery stage, in which several
adjacent layers are removed simultaneously and a
single component is trained to replace them. Since
only one new component requires training, these
methods require significantly fewer resources than
fine-tuning approaches like LoRA (Hu et al., 2021).
To accurately measure redundancy among consecu-
tive layers while remaining invariant to magnitude,
most methods employ cosine similarity.

However, these methods replace the removed
layers with a linear layer, or even a Transformer
layer, which introduces substantial computational
or memory burden during training or inference and
thus limits their applicability to non-consecutive
layer pruning. Moreover, although cosine similar-
ity is widely used to estimate the similarity between
layer outputs (Men et al., 2024; Chen et al., 2025a;
Gromov et al., 2025), it still lacks a convincing
explanation for why cosine similarity effectively
identifies redundant layers that can be recovered by
replacing them with a single component.

Therefore, we identify two important questions
that prior work has insufficiently examined:

• Is there a simpler component that has suffi-
cient capacity to recover while being easily
applicable to non-consecutive pruning?

• How can redundant layers be accurately iden-
tified by theoretically analyzing their potential
for performance recovery?

To answer these questions, we first analyze the
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Figure 1: Illustration of SPSR. We first quantify each layer’s Recovery Ability (RA) using Pearson correlation
coefficients. Layers with high RA are replaced by lightweight components containing few parameters. During
recovery, all modules of the pruned model are frozen except for the SPSR replacement modules.

diagonalization of a linear layer that replaces con-
secutive layers identified by cosine similarity. This
experiment demonstrates that off-diagonal weights
have little effect on the layer’s transformation after
training. Motivated by this observation, we sim-
plify the replacement component to a single scaling
vector and a bias vector. We then analyze the Re-
covery Ability (RA) of layers. By measuring the
fit between output and input activations after trans-
formation, we show that the difficulty of recovery
is related to Pearson correlation coefficients.

In this paper, we introduce a novel method, Su-
perior layer Pruning performance by Super-fast
Recovery (SPSR), which uses the minimal Pear-
son correlation coefficient to measure recovery po-
tential and employs a super-fast fine-tuning step
with two vectors. The SPSR pipeline is illustrated
in Figure 1. Since training is performed once us-
ing a global loss, SPSR naturally extends to non-
consecutive pruning, including dynamic pruning.

The contributions of our work are as follows:

• We propose a novel metric, Recovery Abil-
ity (RA), that estimates a layer’s recovery po-
tential by the minimum Pearson correlation
coefficient across channels.

• We show that SPSR is a simple yet effective
component for layer pruning. By optimizing
a global loss, SPSR naturally extends to non-
consecutive pruning. Comprehensive experi-
ments show that SPSR achieves competitive
performance while improving efficiency.

2 Related Work

2.1 Layer Pruning

Layer pruning, also known as depth pruning, is a
special pruning strategy. Unlike general structured
pruning (Ma et al., 2023; Khaki and Plataniotis;
Kurtić et al., 2023; Meng et al., 2024), which tar-
get coupled components such as attention heads or
neurons, layer pruning removes entire transformer
layers from LLMs. Layer pruning approaches can
be categorized as static or dynamic. Static meth-
ods (Men et al., 2024; Song et al., 2024; Sieberling
et al., 2025; Gromov et al., 2025; Kim et al., 2024;
Yang et al., 2024) use various metrics, such as co-
sine similarity, perplexity, and gradient magnitude,
to assess layer redundancy. By contrast, dynamic
layer pruning (Wee et al., 2025; Zhao et al., 2025)
trains a router to produce removing layers at infer-
ence phase. PuDDing (Wee et al., 2025) prunes
layers conditioned on specific prompts and trains a
router to predict task likelihood over a limited set
of candidate omission sets.

2.2 Lightweight Replacement Component
Recovery

To mitigate the performance degradation caused by
directly removing, common layer pruning methods
(Gromov et al., 2025; Kim et al., 2024) employ
Parameter-Efficient Fine-Tuning (PEFT) to recover
model quality. However, RestoreLCC (Feng et al.,
2025) indicates that PEFT are designed for dense
models and neglect the distinct characteristics of
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pruned models, often yielding suboptimal recov-
ery. LLM-Streamline (Chen et al., 2025a) further
demonstrates empirically that replacing removed
layers outperforms LoRA despite using far fewer
training resources. More recently, layer pruning
with lightweight replacement component recov-
ery (Chen et al., 2025a; Shopkhoev et al., 2025;
Chen et al., 2025b) has emerged as a promising
approach for compressing LLMs. Methods in this
category identify the least important consecutive
layers and replace them with a lightweight compo-
nent. LLM-Streamline replaces consecutive layers
with a Transformer layer and trains the replacement
using MSE loss. ReplaceMe (Shopkhoev et al.,
2025) estimates a linear transformation to approxi-
mate the pruned layers. Linear-Patch (Chen et al.,
2025b) proposes a Hadamard transformation to sup-
press large outliers and a channel-wise scaling to
align activation statistics, then fuses them into a
single matrix to replace pruning layers. Despite
these advances, prior work has focused primarily
on consecutive layer pruning since recovery for
non-consecutive remains more complex to train.

3 Preliminary

3.1 Layer Pruning metrics

LLMs typically use a Transformer decoder archi-
tecture with pre-norm normalization, comprising
an embedding layer, a stack of Transformer de-
coder layers, and an LM head. We denote the l-th
Transformer layer by f(Xl, θl), where Xl and θl

are the input activation and the parameters of the l-
th layer, and f(·) denotes the layer transformation.
Under the pre-norm architecture, the input of the
(l + 1)-th Transformer layer can be expressed as:

Xl+1 = Xl + f(Xl, θl) (1)

To identify redundant layers, researchers com-
monly use metrics such as cosine similarity, per-
plexity, and gradient-based scores.

Cosine Similarity. ShortGPT (Men et al., 2024)
proposes measuring layer redundancy using Block
Influence (BI), which quantifies the similarity be-
tween a layer’s input and output activations. The
BI score for the l-th layer is calculated as follows:

BIl = EX,t
(Xl

t)
⊤Xl+1

t

∥Xl
t∥2∥Xl+1

t ∥2
(2)

where Xl
t denotes the hidden state of the t-th

token in the l-th layer. A high BI score indicates

a large cosine similarity between layer’s input and
output, thus suggest the layer’s redundancy.

Perplexity. Since Perplexity (PPL) directly re-
flects an LLM’s text generation capability, SLEB
(Song et al., 2024) measures layer redundancy by
evaluating PPL’s change introduced by layer re-
moval. Layers that cause smaller increases in PPL
are assumed to contribute less to performance and
can therefore be prioritized for removal. The PPL
importance score of the l-th layer is defined as:

I lPPL = exp

{
− 1

ST

S∑

s=1

T∑

t=1

log pθℓ(x
(s)
t | x(s)<t )

}

(3)
where pθℓ denotes the pruned model with layer l

removed, s and t index sequences and tokens, re-
spectively. SLEB masks the remaining layers one
at a time and removes the layer whose removal pro-
duces the smallest change in PPL. This procedure is
repeated to remove multiple layers, making SLEB
more time-consuming than most pruning methods.

LLM-Streamline (Chen et al., 2025a) demon-
strates that PPL is highly sensitive to the data dis-
tribution. Methods that achieve low PPL on the
calibration data perform poorly on other datasets.
Chen et al. (2025c) supports this conclusion, show-
ing that models pruned using cosine similarity per-
form better on downstream NLP tasks.

Taylor. Taylor metrics are commonly used to
estimate a parameter’s importance by measuring
the change in training loss L on calibration dataset
D when the parameter is removed.

Shortened-LLaMA (Kim et al., 2024) propose
the Taylor+ metric, the l-th layer’s importance can
be formulated as:

I lTaylor =
∑

W∈θl

∑

i

∑

j

|∂L(D)

∂Wi,j
Wi,j | (4)

where second-order derivatives are omitted. A
lower score indicates that a layer is less important
and therefore a better candidate for removal.

3.2 Replacement Component Recovery

While most layer pruning methods adopt PEFT
to recover performance of pruned models, recent
works (Chen et al., 2025a; Shopkhoev et al., 2025;
Chen et al., 2025b) show that replacing pruning lay-
ers with lightweight components is more efficient.
These replacement approaches freeze the original
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Figure 2: Comparison of cosine similarity and diagonal ratio when removing 8 layers. The layer index denotes the
start index of the consecutive pruning layers.

model parameters and train only the lightweight
components. Although they require fewer training
resources compared to PEFT, they achieve compa-
rable or better performance recovery.

Most layer pruning methods that use replace-
ment component perform consecutive layer prun-
ing, since removing non-consecutive layers re-
quires more replacement components. Formally,
the optimal pruning index i∗ is determined by min-
imizing the distance between the hidden states be-
fore and after removing n consecutive layers:

i∗ = argmin
i

h(Xl,Xl+n) (5)

where h(·) represents the importance metric,
which is typically the cosine similarity. Rather
than directly removing pruning layers, these meth-
ods replace them with a lightweight component and
recover performance by minimizing the distance.

LLM-Streamline (Chen et al., 2025a) is a rep-
resentative layer pruning method that follows this
procedure. It replaces consecutive pruned layers
with a Transformer layer, and trains that replace-
ment using 30,000 samples randomly drawn from
SlimPajama-6B. The resulting pruned model out-
performs LoRA trained with 300,000 SlimPajama-
6B samples. ReplaceMe (Shopkhoev et al., 2025)
adopts a more flexible lightweight component, lin-
ear transformation, to minimize the cosine distance
between (Xi∗+n −Pi∗) and Mi∗ , where Pi∗ and
Mi∗ denote the input and output activation of the
FFN in layer i∗. Linear-Patch (Chen et al., 2025b)
applies a Hadamard transform and channel-wise
scaling to suppress large outliers and align acti-
vation statistics, and fuses these operations into a

single linear layer. The lightweight component can
be further refined by distillation, aligning the top-K
output logit probability distributions.

Although ReplaceMe and Linear-Patch are faster,
their performance lags behind LLM-Streamline,
which limits their practical applicability. In addi-
tion, LLM-Streamline and ReplaceMe are unsuit-
able for non-consecutive layer pruning since their
training objectives are local losses and fine-tuning
time increases substantially for non-consecutive.
Linear-Patch claims support for non-consecutive
via training-free patches, but it overlooks the ad-
ditional computation and memory costs imposed
by multiple linear layers that cannot be absorbed
by the remaining transformer layers. In the worst
case, the number of added linear layers can equal
the number of removed transformer layers.

4 Methodology

4.1 A simpler Lightweight Component
Prior work on replacement components has fo-
cused on using a transformation to approximate
removed layers. Formally, let X ∈ RN∗ds,d and
Y ∈ RN∗ds,d denote the input and output of the
removed layers, where N is the batch size, ds is
the sequence length and d is the hidden size. A
linear transformation W ∈ Rd,d is then learned
to minimize the discrepancy between XW and Y.
We further introduce a bias b ∈ Rd to centralize X
and Y and minimize the MSE:

min
W,b

∥XW + b−Y∥22 (6)

The closed-form solution of Eq. (6) is W∗ =
(X̃⊤X̃)−1X̃⊤Ỹ and b∗ = y − xW∗, where X̃ is
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obtained by centering X per hidden dimension and
x ∈ Rd is the mean of X. We introduce the notion
of diagonal ratio to quantify the diagonal degree of
W, defined as the proportion of diagonal weight:

Dr(W) = ∥diag(W)∥22 / ∥W∥22 (7)

where diag(·) extracts a matrix’s diagonal ele-
ments. Intuitively, if the diagonal ratio of W is
high, which shows the off-diagonal elements have
only a minor effect, a radical but feasible approxi-
mation is to represent W using only a single vector.

To validate this approach, we prune eight layers
of LLaMA models and compute the diagonal ratio
using 128 samples randomly drawn from C4 for
each pruning configuration. As shown in Figure 2,
the diagonal ratio generally increases with depth
but exhibits a sharp drop when the final layer is
removed. The overall trend of the diagonal ratio
curve matches the cosine similarity curve of con-
secutive layers (CL), suggesting that layers with
high similarity can be approximated by a scaling
vector. Furthermore, introducing b improves the
diagonal ratio by roughly 1–2%, highlighting the
bias’s important role. Motivated by these observa-
tions, we propose a simpler component:

min
w,b

∥X×w + b−Y∥22 (8)

where w ∈ Rd is a vector that scales channels.
To obtain more reliable results, we trained a lin-
ear layer replacement within the LLM-Streamline
framework using the same experimental settings.
After training, the diagonal ratios are 90.68%
for LLaMA2-7B and 88.65% for LLaMA3-8B.
This finding further supports our method of recon-
structing removed layers using a single scaling vec-
tor and a bias vector.

We hypothesize that this phenomenon is not co-
incidental but rooted in the nature of residual archi-
tectures. In deep layers, the non-residual branch
tends to degenerate into a "fine-tuning" mechanism
rather than a feature extractor. To maintain the sta-
bility of the features learned in shallow layers, the
transformation often converges to a simple affine
transformation, which yields a diagonal-dominant
weight matrix, where off-diagonal elements (repre-
senting complex channel mixing) become negligi-
ble compared to the diagonal scaling factors.

4.2 Recovery Ability (RA) Estimation
In the previous section, we evaluate the feasibility
of a simpler replacement component but do not ad-

dress how to select layers for removal. Prior work
commonly measures layer importance using cosine
similarity. Although these studies report that cosine
similarity metric is effective, it is not guaranteed
to be appropriate for our replacement component.
Hence, we introduce a new metric, Recovery Abil-
ity (RA), which estimate each channel’s potential
for performance recovery by measuring how well
the centralized activation can be fitted:

RAk = 1−

∥∥∥X̃:,k ×w∗
k − Ỹ:,k

∥∥∥
2

2∥∥∥Ỹ:,k

∥∥∥
2

2

(9)

where w∗ and b∗ (not appear due to the centered
activations) denote the optimal solution of Eq. (8):

w∗
k =

X̃⊤
:,kỸ:,k∥∥∥X̃:,k

∥∥∥
2

2

, b∗k = yk − xk ×w∗
k (10)

Hence, Eq. (9) can be simplified as:

RAk =
−
∥∥∥X̃:,k

∥∥∥
2

2
× (w∗

k)
2 + 2X̃⊤

:,kỸ:,k ×w∗
k

∥∥∥Ỹ:,k

∥∥∥
2

2

=
(X̃⊤

:,kỸ:,k)
2

∥∥∥X̃:,k

∥∥∥
2

2

∥∥∥Ỹ:,k

∥∥∥
2

2

= ρ2k (11)

where ρk denotes the Pearson correlation coeffi-
cient between X:,k and Y:,k. The lower bound of
RA can be formulated as:

RAl = 1−

∥∥∥X̃×w∗ − Ỹ
∥∥∥
2

2∥∥∥Ỹ
∥∥∥
2

2

= 1−
∑

k

∥∥∥X̃:,k ×w∗
k − Ỹ:,k

∥∥∥
2

2
∑

k

∥∥∥Ỹ:,k

∥∥∥
2

2

= 1−
∑

k

∥∥∥Ỹ:,k

∥∥∥
2

2
(1− ρ2k)

∑
k

∥∥∥Ỹ:,k

∥∥∥
2

2

≥ ρ2min (12)

where ρ2min denotes the minimum squared Pear-
son correlation coefficient across all channels.
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Figure 3: Comparison of cosine similarity and RA. The layer index denotes the start index of the consecutive
pruning layers for CL. BI denotes the cosine similarity of each layer.

Table 1: Ablation of RA aggregation strategies on Qwen2.5-7B (8 layers pruned). Mean and median variants select
identical layer.

RA Variant Winogrande HellaSwag BoolQ PIQA OpenBookQA ARC-E ARC-C Avg.

Min (ours) 62.12 58.01 74.53 66.81 31.80 61.28 37.20 55.96
Mean/median 62.19 58.33 62.51 70.08 36.00 57.62 37.12 54.83
P10 55.56 61.00 58.35 75.35 40.80 62.08 37.54 55.81

Even if all other channels are fully recovered, fail-
ure to recover the most difficult channel can still
significantly alter the outputs due to layer normal-
ization. We therefore define RA as ρ2min and re-
move layers with the largest RA in one shot. Since
each SPSR component contains 2d parameters and
all components are trained simultaneously using
a global loss, we do not require removals to be
consecutive. Nevertheless, when RA selects con-
secutive layers, they are replaced by a single com-
ponent. Further analysis based on Eq. (6) is provide
in Appendix A. The results indicate that this metric,
which is based on a linear transformation, cannot
measure recovery potential as accurately as RA.

Since ρ2min may appear sensitive to noisy low-
variance channels, we ablate this choice against
mean, median, and 10th-percentile aggregations in
Table 1. The minimum-based RA achieves the high-
est average accuracy, outperforming all variants.
This supports our design intuition: the minimum
statistic is more sensitive to worst-case, poorly re-
coverable channels, thereby better identifying lay-
ers that are truly safe to prune.

4.3 Training Loss

To simultaneously optimize multiple replacement
components, we adopt a global training loss rather

than the methods used by LLM-Streamline or Re-
placeMe. Although Linear-Patch demonstrates that
minimizing Kullback–Leibler (KL) divergence is
feasible, it requires restoring parts of the original
output logits and is not well suited to low data
regimes. Next-token Prediction loss is widely em-
ployed in training base LLMs since the complexity
of compressing massive datasets facilitates emer-
gent intelligence. We find that minimizing perplex-
ity alone is sufficient to fine-tune our components.
To accelerate training, we cache the hidden input
of the first removed layer, thereby skipping part
of the forward propagation. Training settings for
SPSR are provided in Appendix F.

We further compare three alternative losses:
MSE loss and cosine similarity loss computed be-
tween the original model output and the pruned
model output at the final layer, as well as the KL
divergence loss used in Linear-Patch. As shown in
Table 2, perplexity achieves the best performance.

4.4 Empirical Study

Comparison between Cosine Similarity and RA.
As shown in Figure 3, RA exhibits clearer signifi-
cance than cosine similarity: its values at the first
and final layers are zero, indicating that model per-
formance cannot be recovered without these lay-
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Table 2: Mean accuracy un-
der different training losses
after pruning eight layers of
LLaMA3-8B.

Loss Accuracy(%)

MSE 58.36

Cosine similarity 59.14

KL Divergence 58.73

Perplexity 60.84

Table 3: Ablation study
on the ingredients of SPSR
over LLaMA3-8B with
eight layers pruned.

Accuracy(%)

SPSR 60.84

w/o training 58.53
w/o b 58.15
fixed w 60.29

ers. This observation is consistent with prior stud-
ies (Ma et al., 2023; Gromov et al., 2025), and
consequently, most layer pruning methods avoid
removing such layers. Moreover, the second sub-
figure shows that layers with high RA are not
necessarily consecutive, revealing a limitation of
existing replacement component recovery meth-
ods. Layers in LLaMA3-8B exhibit higher RA than
those in Qwen2.5-7B, suggesting that LLaMA3-8B
may benefit more from replacement-based recov-
ery. This hypothesis is supported by the results in
Table 6. To further examine the impact of different
metrics, we combine SPSR with CL in subsequent
experiments and apply the RA metric to other meth-
ods in Appendix B. The results show that selecting
layers for removal based on RA can further im-
prove the performance of other methods in some
specific cases.

Resource Consumption Comparison. Table 4
compares the training configurations and resource
consumption of SPSR with other replacement re-
covery approaches. Since our recovery compo-
nent is extremely lightweight, the required training
dataset can be substantially reduced, thereby low-
ering CPU memory consumption. Notably, SPSR
achieves the shortest training time and moderate
GPU memory usage due to its efficient training
strategy. Although 3 minutes of training is suffi-
cient and robust, experiments in Appendix F shows
that the training time of SPSR can be further re-
duced without performance degradation. LLM-
Streamline requires 30,000 training samples, lead-
ing to CPU memory consumption exceeding 1TB,
which surpasses our hardware limitations. Con-
sequently, we reduce its data size. However, it
still incurs the highest training time and memory
usage among the compared methods. For a de-
tailed breakdown of training budgets, hyperparame-
ters, resource consumption, and fairness validation,
please refer to Appendix K. We emphasize that the
differing sample sizes reflect intrinsic parameter

efficiency rather than unfair comparison.
Ablation Study. We ablate the contribution of

individual components of SPSR, as reported in Ta-
ble 3. Without training, the performance of pruned
model drops by more than 2%, indicating the crit-
ical role of the fast recovery procedure. Without
bias b, the assumptions in the previous analysis no
longer hold, which substantially degrades perfor-
mance. Without updating w, optimizing only b is
insufficient to recover performance.

5 Experiments

Experimental Setup. To demonstrate the effective-
ness of SPSR, we evaluate its performance across
various LLMs, including LLaMA2 (Touvron et al.,
2023b), LLaMA3 (Grattafiori et al., 2024), and
Qwen (Bai et al., 2023). Our evaluation encom-
passes language modeling proficiency and zero-
shot capabilities of pruned LLMs. Language mod-
eling is measured by perplexity on the WikiText
(Merity et al., 2017), PTB (Marcus et al., 1994),
and C4 (Raffel et al., 2020) validation datasets. For
zero-shot evaluation, we report accuracy on seven
commonsense benchmarks from EleutherAI LM
Harness (Gao et al., 2023), including BoolQ (Clark
et al., 2019), PIQA (Bisk et al., 2019), HellaSwag
(Zellers et al., 2019), WinoGrande (Sakaguchi et al.,
2019), ARC-easy (Boratko et al., 2018), ARC-
challenge (Boratko et al., 2018) and OpenbookQA
(Mihaylov et al., 2018).

Implementation Details. Following prior work,
we restrict the pruning ratio to below 30%. We de-
note the combination of SPSR with CL metric (con-
secutive layers cosine similarity) as SPSR (CL).
All evaluation metrics are computed using the LM
Harness. For BoolQ, PIQA, and WinoGrande, we
report accuracy (Acc). For HellaSwag, ARC-Easy,
ARC-Challenge, and OpenBookQA, we report nor-
malized accuracy (Acc-Norm). To ensure statisti-
cal reliability, each experiment is run at least five
times with different seeds, and the average result is
reported.

5.1 Comparison of Replacement Component
Recovery Methods

Table 5 and 6 report the average accuracy of pruned
models across seven zero-shot tasks. Additionally,
we provide detailed accuracy for each task in Ap-
pendix L. Overall, SPSR achieves the best perfor-
mance in most settings, demonstrating its promise
for more challenging downstream tasks. For exam-
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Table 4: Comparison of different approaches in terms of resource consumption. Training time and memory usage
were measured on LLaMA3-8B when removing eight layers. The training configurations for other methods are
adopted from their open-source code.

Method Metric Training Data Data size Training Module Trainig Method Training
Time

Memory Usage
(GPU/CPU)

LLM-Streamline Cosine Similarity SlimPajama 3000 Transformer Layer MSE Loss 227m 29.5g/106.7g
ReplaceMe Cosine Similarity SlimOrca 8000 Linear Layer Cosine Similarity Loss 38m 15.6g/55.9g

Linear-Patch Cosine Similarity WikiText-2 2048 Linear Layer KL-divergence 42m 17.4g /6.9g
SPSR RA C4 128 Vector Next-token Prediction 3m 17.0g/2.2g

Table 5: Mean accuracy (%) on seven zero-shot tasks
with various layer pruning methods over several models
with six layers pruned. The best performance is set in
bold, and the second best is set in underline.

Method LLaMA
2-7B

LLaMA
3-8B

Qwen
2.5-7B

Qwen
3-8B

Dense 58.96 69.87 70.20 69.28

ShortGPT 54.19 60.59 56.57 54.86
CL 54.19 60.00 55.94 55.09
ReplaceMe 56.57 60.87 58.75 56.57
Linear-Patch 56.09 63.57 58.24 61.03
LLM-Streamline 55.50 64.80 59.70 59.64

SPSR(CL) 55.60 63.00 58.27 60.46
SPSR 55.53 63.58 60.31 61.56

Table 6: Mean accuracy (%) on seven zero-shot tasks
with various layer pruning methods over several models
with eight layers pruned. The best performance is set in
bold, and the second best is set in underline.

Method LLaMA
2-7B

LLaMA
3-8B

Qwen
2.5-7B

Qwen
3-8B

Dense 58.96 69.87 70.20 69.28

ShortGPT 51.41 39.92 51.58 48.80
CL 51.81 39.92 52.03 49.04
ReplaceMe 53.53 56.37 54.75 50.65
Linear-Patch 54.44 60.52 55.00 54.80
LLM-Streamline 54.42 61.83 55.15 50.49

SPSR(CL) 53.90 58.29 56.22 54.23
SPSR 54.16 60.84 56.34 55.42

ple, SPSR improves average accuracy by 1.19% on
Qwen2.5-7B with 8 layers pruned and by 0.53%
on Qwen3-8B with 6 layers pruned compared with
other methods.

While SPSR consistently offers substantial gains,
we recognize it may not always top the leaderboard
in every single measure. Its performance is highly
competitive with LLM-Streamline and it is most
useful when users need a strong pruned checkpoint
quickly with minimal recovery overhead, before di-
rect use or fine-tuning. In this case, we view SPSR
as a point on the efficiency–quality Pareto frontier,
rather than universally dominating heavier meth-
ods. As shown in Appendix D, this advantage per-
sists when coupled with fine-tuning: SPSR+LoRA

matches LLM-Streamline+LoRA in quality while
saving a massive amount of total training time.

5.2 Combination with Non-consecutive Layer
Pruning

Both LLM-Streamline and ReplaceMe are unsuit-
able for the non-consecutive pruning due to their
local fine-tuning stage. Although Linear-Patch
introduces additional computational and memory
overhead, and its extra parameters can be com-
parable to those of a transformer layer in the
worst case, we still include it as a baseline. For
non-consecutive layer pruning methods, we select
SLEB and Taylor+, which represent perplexity-
based and gradient-based metrics, respectively. Al-
though ShortGPT selects layers individually, the
removed layers are always consecutive. There-
fore, we do not include it in our comparison.
Experiments are conducted on LLaMA2-7B and
LLaMA3-8B, as reported in Table 7. Overall,
SPSR yields significant improvements over all
baseline methods. For example, when combined
with SLEB On LLaMA3-8B with 8 layers pruned,
SPSR decreases the WikiText PPL from 15.27 to
11.85, and improve the average accuracy from
51.54% to 57.28%.

We further apply SPSR to dynamic layer prun-
ing. Pudding (Wee et al., 2025) trains a router
to predict the task likelihood of prompts and ap-
plies the corresponding candidate omission set.
Following its setup, we conduct experiments on
Llama3.1-8B with 7 pruned layers, containing 10
candidates combined with SPSR. As shown in Ta-
ble 8, SPSR successfully improve performance.
These results demonstrate the promise of SPSR for
non-consecutive layer pruning.

6 Conclusion

In this paper, we propose a novel method that re-
places removed layers with simple components.
Based on a theoretical analysis of fitting capac-
ity, we compute channel-wise Pearson correlation
coefficients and adopt the minimum value as the
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Table 7: Perplexity on different validation datasets and accuracy (%) on seven zero-shot tasks with various non-
consecutive layer pruning methods. Lp denotes the number of pruned layers and Lt denotes the total number of
layers of the model. The best performance result is indicated in bold.

Model Lp/Lt Method
Perplexity↓ Accuracy(%)↑

WikiText PTB C4 WinoGrande HellaSwag BoolQ PIQA OBQA ARC-e ARC-c Mean

LLaMA2-7B

8/32 SLEB 10.00 44.92 12.59 55.01 57.55 60.89 70.13 36.60 43.43 32.68 50.90
8/32 +Linear-Patch 9.46 44.13 12.09 54.54 56.44 60.24 71.16 36.80 42.09 32.00 50.47
8/32 +SPSR 8.93 38.52 11.47 55.80 60.51 61.74 72.14 36.80 45.79 32.34 52.16

8/32 Taylor+ 19.28 71.85 21.60 58.01 57.23 62.78 69.48 35.80 42.26 32.51 51.15
8/32 +Linear-Patch 13.81 47.17 14.59 58.09 58.72 62.57 70.67 35.20 43.90 33.53 51.81
8/32 +SPSR 10.90 37.61 11.89 58.72 61.29 65.81 72.36 36.40 44.15 33.28 53.14

6/32 SLEB 8.07 36.89 10.70 60.30 62.64 63.30 72.96 38.20 47.05 33.70 54.02
6/32 +Linear-Patch 7.86 36.53 10.52 59.35 61.76 65.75 73.12 37.80 46.25 33.53 53.94
6/32 +SPSR 7.74 33.24 10.29 61.01 64.43 65.26 75.90 39.60 48.78 33.96 55.56

6/32 Taylor+ 14.07 51.99 18.10 61.96 63.02 63.24 71.16 36.60 43.14 35.07 53.46
6/32 +Linear-Patch 11.32 40.11 13.36 62.98 63.90 63.00 72.31 38.00 44.65 35.24 54.30
6/32 +SPSR 9.74 33.76 11.07 63.22 65.43 69.63 73.72 38.60 46.30 35.75 56.09

LLaMA3-8B

8/32 SLEB 15.27 22.02 21.20 56.75 60.31 46.94 71.06 33.20 57.87 34.64 51.54
8/32 +Linear-Patch 13.60 20.29 19.79 56.83 59.91 49.97 71.71 35.60 60.19 34.39 52.65
8/32 +SPSR 11.74 17.35 17.59 58.96 63.97 63.27 73.78 37.00 65.99 37.97 57.28

8/32 Taylor+ 561.52 656.17 824.25 56.12 25.74 62.17 55.71 32.60 33.71 28.84 42.13
8/32 +Linear-Patch 154.04 199.13 216.29 57.93 42.14 62.17 64.69 35.80 44.74 32.17 48.52
8/32 +SPSR 16.17 29.90 20.42 64.64 66.29 66.54 74.10 37.60 64.94 39.16 59.04

6/32 SLEB 11.45 17.29 16.85 56.27 63.29 49.39 74.32 35.80 61.32 35.41 53.69
6/32 +Linear-Patch 10.77 16.60 16.30 55.96 63.13 51.01 74.65 37.00 63.89 35.84 54.50
6/32 +SPSR 9.59 14.71 14.76 58.96 68.52 64.25 77.20 40.40 69.87 40.96 60.02

6/32 Taylor+ 484.71 569.75 793.20 57.54 25.28 62.05 57.07 35.20 34.26 29.10 42.93
6/32 +Linear-Patch 156.11 193.48 230.17 61.96 44.61 62.20 65.40 38.80 45.54 34.47 50.43
6/32 +SPSR 17.20 32.58 20.60 70.88 70.16 78.01 74.43 38.60 68.27 45.14 63.64

Table 8: Accuracy (%) on seven zero-shot tasks using Pudding over LLaMA3.1-8B with 7 out of 32 layers pruned.
The best performance result is indicated in bold.

Method WinoGrande HellaSwag BoolQ PIQA OBQA ARC-e ARC-c Mean

Pudding 64.40 63.61 67.40 72.80 34.80 66.37 41.64 58.72
+SPSR 65.51 65.47 64.71 74.10 39.40 65.53 40.02 59.25

Recovery Ability (RA) metric. By selecting layers
with high recovery potential, our method achieves
a favorable balance between performance and ef-
ficiency, achieving competitive performance with
only minutes of additional training overhead. More-
over, the proposed approach generalizes effectively
to non-consecutive layer pruning settings, includ-
ing dynamic pruning. These results highlight the
strong potential of SPSR for broad applicability
across diverse layer pruning strategies.

Limitations

While SPSR achieves competitive performance
compared with other replacement component re-
covery methods, its performance still lags behind
that of the original dense models. Therefore, fine-
tuning is necessary for pruned models using SPSR.
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A The Fitting Ability of Linear
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A.1 Coefficient of Determination

Linear Transformation is widely used to replace re-
moved layers in previous studies. Building on the
analyses in Sections 4.1 and 4.2, we further derive
a fitting capacity metric based on linear transforma-
tion.

The closed-form solution of Eq. (6) is
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W∗ = (X̃⊤X̃)−1X̃⊤Ỹ

b∗ = y − xW∗ (13)

where X̃ is obtained by centering X per hid-
den dimension and x ∈ Rd is the mean vector of
X. The centralized optimal prediction is given by
Ŷ = X̃W = X̃(X̃⊤X̃)−1X̃⊤Ỹ. We define the
projection matrix H = X̃(X̃⊤X̃)−1X̃⊤, which or-
thogonally projects Ỹ onto the column space of X̃.
Let E = Ỹ− Ŷ = (I−H)Ỹ. Since E and Ŷ are

orthogonal, it follows that
∥∥∥Ỹ

∥∥∥
2

2
=

∥∥∥Ŷ
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2

2
+ ∥E∥22.

Accordingly, the fitting ability can be formulated
as:

r = 1−

∥∥∥X̃W∗ − Ỹ
∥∥∥
2

2∥∥∥Ỹ
∥∥∥
2

2

= 1−

∥∥∥(I −H)Ỹ
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2

2∥∥∥Ỹ
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2

2

= 1−
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∥∥∥
2

2
−
∥∥∥HỸ

∥∥∥
2

2∥∥∥Ỹ
∥∥∥
2

2

= R2 (14)

where R2 denotes the coefficient of determina-
tion, representing the proportion of Y that can be
linearly explained by X. A smaller R2 indicates
that the removed layer is more difficult to recover.
We further compare this measure with the Recov-
ery Ability (RA) metric computed using Eq. (12)
and (14). As shown in Figure 4, similar to BI, R2

exhibits little variation across layers. Moreover, R2

tends to select shallow layers for removal, which
contradicts the conclusions drawn from both BI
and RA. This phenomenon can be attributed to
the strong fitting capacity of linear transformation,
which obscures the accurate assessment of recovery
potential.

By contrast, the RA metric employs a simple for-
mulation based on two vectors to avoid overfitting.
With such a limited number of parameters, layers
with high recovery potential can be estimated more
accurately, as fitting becomes more challenging.
The experimental results in Table 9 further support
this assumption: when pruning eight layers from
LLaMA3-8B, the layers selected by R2 cannot be
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Figure 4: Comparison of R2 and RA. BI denotes the
cosine similarity of each layer.

effectively recovered, whereas those selected by
RA can. Moreover, computing R2 is more complex
than computing the Pearson correlation coefficient.
Therefore, we do not adopt R2 as metric.

A.2 SPSR Modules vs. Full Linear
Transformation

A full linear layer theoretically possesses higher
expressive capacity than our scale-and-bias mod-
ule. However, this capacity comes at the cost of
requiring substantially more data and training time
to estimate its parameters reliably. Under our de-
signed "super-fast" recovery setting, which uses
only 128 samples, a full linear matrix is heavily
under-determined and prone to overfitting the noise
in the small calibration set, ultimately leading to
inferior recovery.

Furthermore, a practical advantage of our mod-
ule emerges in non-consecutive pruning. SPSR
often identifies disparate layers for removal, requir-
ing multiple replacement components. Inserting nu-
merous full linear layers would incurnon-negligible
inference latency and memory overhead. In con-
trast, our scale+bias structure is designed for ex-
treme efficiency, both in terms of parameter count
and data requirements, making it highly suitable
for this scenario.

As shown in Table 10, under the identical 128-
sample budget, the scale+bias structure consistently
outperforms the full linear layer. These results
highlight that under strict data and time constraints,
a simpler, well-regularized structure is more ef-
fective. Therefore, we recommend the scale+bias
structure for the rapid recovery phase to obtain a
high-quality checkpoint at minimal cost. If further
performance gains are desired and a larger dataset
is available for a full fine-tuning phase, one can op-
tionally substitute the scale vector with a full linear
layer, warm-starting its diagonal from the learned
scale values.
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Table 9: Perplexity on different validation datasets and accuracy (%) on seven zero-shot tasks using SPSR combined
with RA and R2 metric. The best performance result is indicated in bold.

Method
Perplexity↓ Accuracy(%)↑

WikiText PTB C4 WinoGrande HellaSwag BoolQ PIQA OBQA ARC-e ARC-c Mean

R2 16.36 25.80 22.91 52.96 53.27 57.71 71.27 36.00 51.30 28.75 50.18
RA 14.16 18.88 20.23 71.67 64.56 78.23 70.73 35.20 64.02 41.47 60.84

Table 10: The mean accuracy(%) of zero-shot tasks and
recovery time on LLaMA3-8B with 8 layers pruned
under different samples setting.

Structure Samples Accuracy(%) time

Dense - 69.87 -

SPSR Modules 128 60.84 3m
Full Linear 128 59.75 5m
Full Linear 256 59.61 11m
Full Linear 512 60.63 26m

Table 11: Relative reconstruction error for affected lay-
ers (LLaMA3-8B, 8 layers pruned).

Setting L29 L30 L31

No replace (s=1, b=0) 1.048 1.033 1.046
SPSR init (untrained) 0.891 0.982 0.917
SPSR (trained) 0.860 0.873 0.760

Our channel-wise affine replacement is moti-
vated by the empirical observation that trained
linear replacements are diagonally dominant. To
provide direct evidence, we report the relative re-
construction error (L2 norm of output difference
normalized by original output L2 norm) for the af-
fected layers when pruning 8 layers from LLaMA3-
8B. Table 11 shows that the trained SPSR mod-
ule substantially reduces reconstruction error com-
pared to both no-replacement and untrained initial-
ization.

B Recovery Ability Metric Integration
with Other Replacement Component
Recovery Methods

To further validate the effectiveness of the RA met-
ric, we integrate it with other replacement compo-
nent recovery methods. In this setting, the layers
to be removed are selected based on the RA metric.
However, since RA evaluates layers independently,
the selected layers may be non-consecutive. As a
result, multiple linear transformations or even mul-
tiple transformer layers must be trained to recover

the pruned models. Moreover, the linear layers
used in Linear-Patch are independent, which intro-
duces higher computational and memory overhead
than pruning consecutive layers. Similarly, LLM-
StreamLine must remove additional transformer
layers to offset the large parameter count of its
replacement components.

Fortunately, experimental results show that the
layers selected for removal by RA are consecutive
in some LLMs, such as LLaMA3-8B. Therefore,
we adopt these models for our experiments. As
shown in Table 12, when selecting eight layers us-
ing RA, nearly all methods achieve performance
gains. Notably, on LLaMA3-8B with ReplaceMe
and Linear-Patch, RA yields substantial improve-
ments, achieving 2.95% and 1.19% gains in zero-
shot performance, respectively.

C Comparison with BI

To isolate the impact of the layer selection metric,
we conducted a controlled experiment by integrat-
ing BI (Block Influence, the cosine similarity met-
ric adapted for non-consecutive pruning) with our
SPSR recovery module. As reported in Table 13,
the RA metric consistently outperforms the cosine-
based metric in non-consecutive pruning settings.
This result validates that RA’s design, grounded in
a per-channel recoverability analysis, provides a
superior signal for identifying layers whose func-
tionality can be effectively restored.

D Fine-tuning Performance

One motivation for SPSR is to provide a superior
starting point for subsequent fine-tuning, not nec-
essarily a fully restored final model. By rapidly
bridging the activation gap, SPSR enables users
to reach the fine-tuning stage almost immediately.
As shown in Table 14, the entire SPSR+LoRA
pipeline (taking approximately 4 hours in total)
achieves fine-tuned performance competitive with
LLM-Streamline+LoRA, despite the latter’s recov-
ery stage alone consuming several hours. This
speedup is critical for practical iteration cycles.
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Table 12: Perplexity on different validation datasets and accuracy (%) on seven zero-shot tasks with various layer
pruning methods combined with RA. The best performance result is indicated in bold.

Model Method
Perplexity↓ Accuracy(%)↑

WikiText PTB C4 WinoGrande HellaSwag BoolQ PIQA OBQA ARC-e ARC-c Mean

LLaMA2-7B

Linear-patch 9.92 38.12 13.62 64.01 64.49 63.82 69.70 38.00 46.09 34.98 54.44
+RA 10.15 40.50 13.94 64.56 63.14 71.74 70.18 37.40 44.32 35.84 55.31

ReplaceMe 13.09 40.80 15.34 62.43 59.54 68.20 68.44 37.00 45.29 33.79 53.53
+RA 13.72 43.00 15.56 63.85 58.58 71.16 66.87 37.20 44.07 33.96 53.67

LLM-Streamline 13.20 38.99 13.23 65.04 61.10 67.06 70.18 38.40 44.99 34.13 54.42
+RA 11.12 35.57 12.56 65.75 60.64 69.05 70.02 36.80 45.29 34.98 54.65

LLaMA3-8B

ReplaceMe 18.67 26.63 28.30 68.35 60.33 69.17 69.15 32.20 58.50 36.86 56.37
+RA 16.86 21.64 24.16 70.72 64.09 75.81 69.80 32.00 63.17 39.68 59.32

Linear-patch 15.44 30.21 26.70 71.98 70.24 65.57 73.01 37.40 62.67 42.75 60.52
+RA 14.63 23.50 24.97 71.90 69.01 78.84 71.98 35.80 61.62 42.83 61.71

LLM-Streamline 13.47 15.94 19.05 71.35 66.68 76.94 71.49 37.40 65.49 43.43 61.83
+RA 13.43 15.92 19.06 71.98 67.52 75.05 72.47 37.60 66.58 43.94 62.16

Table 13: Accuracy (%) on seven zero-shot tasks using RA or BI metrics with SPSR module. Lp denotes the number
of pruned layers and Lt denotes the total number of layers of the model. The best performance is set in bold.

Model Lp/Lt Metric WinoGrande HellaSwag BoolQ PIQA OBQA ARC-e ARC-c Mean

LLaMA2-7B

8/32 BI 62.75 60.80 66.67 70.18 37.00 44.23 33.11 53.53
8/32 RA 63.54 59.71 72.57 69.15 36.20 43.73 34.22 54.16

6/32 BI 64.64 65.16 63.85 73.56 37.20 48.02 35.07 55.36
6/32 RA 64.56 65.03 68.01 72.47 37.00 46.89 34.73 55.53

LLaMA3-8B

8/32 BI 72.30 65.78 59.02 72.03 35.00 63.51 40.36 58.29
8/32 RA 71.67 64.56 78.23 70.73 35.20 64.02 41.47 60.84

6/32 CL 73.01 70.03 72.84 75.73 38.60 70.41 44.45 63.58
6/32 RA 73.01 70.03 72.84 75.73 38.60 70.41 44.45 63.58

Qwen2.5-7B

8/28 BI 57.38 60.31 53.39 73.83 38.40 58.16 37.20 54.10
8/28 RA 62.59 57.55 74.34 67.74 34.00 61.87 36.26 56.34

6/28 CL 56.99 65.94 64.04 75.30 39.60 63.43 41.38 58.10
6/28 RA 64.40 62.72 77.13 70.24 36.80 67.55 43.34 60.31

Qwen3-8B

8/36 BI 62.83 55.91 77.61 66.81 32.60 54.76 37.46 55.42
8/36 RA 62.83 55.91 77.61 66.81 32.60 54.76 37.46 55.42

6/36 BI 64.96 61.56 81.59 70.08 33.60 63.13 42.15 59.58
6/36 RA 68.43 61.60 86.02 71.60 35.80 64.35 43.09 61.56

Notably, for the LLaMA family, the
SPSR+LoRA pipeline recovers zero-shot ac-
curacy to levels comparable with the dense
baseline at a sparsity of approximately 25%,
highlighting its effectiveness in preserving model
quality under a tight compute budget.

E Performance on generative and
reasoning benchmarks

To assess whether SPSR affects capabilities be-
yond knowledge-intensive tasks, we evaluated
the pruned Qwen2.5-7B and Qwen3-8B models
on GSM8K, a multi-step mathematical reasoning
benchmark. We further applied LoRA fine-tuning

(2 epochs on alpaca-cleaned) to examine whether
SPSR provides a better initialization for down-
stream adaptation.

Note that alpaca-cleaned consists of general
instruction-following samples and does not con-
tain explicit reasoning chains. Consequently, any
improvement on GSM8K after fine-tuning should
be interpreted as recovery of the model’s underly-
ing reasoning abilities that were disrupted by layer
removal, rather than as newly learned mathemat-
ical skills. The fine-tuning primarily restores the
instruction-following format and repairs the activa-
tion distribution, which in turn allows the existing
reasoning capabilities to re-emerge.
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Table 14: Accuracy (%) on seven zero-shot tasks using LoRA fine-tuning (2 epochs on alpaca-cleaned) with 8 layers
pruned. The best performance is set in bold.

Model Method WinoGrande HellaSwag BoolQ PIQA OBQA ARC-e ARC-c Mean

LLaMA2-7B

Dense 67.17 72.96 70.15 78.29 40.80 53.62 29.71 58.96

LLM-StreamLine + LoRA 63.61 66.48 70.00 73.88 38.80 50.13 37.46 57.19
SPSR + LoRA 64.88 65.80 75.81 71.93 37.00 49.54 37.63 57.51

LLaMA3-8B

Dense 72.61 79.16 81.59 79.65 45.00 77.69 53.41 69.87

LLM-StreamLine + LoRA 72.06 71.94 81.41 75.35 39.40 72.90 47.78 65.83
SPSR + LoRA 72.30 71.54 81.28 74.76 38.80 72.77 46.16 65.37

Qwen2.5-7B

Dense 73.01 78.95 85.11 78.78 47.20 77.40 50.94 70.20

LLM-StreamLine + LoRA 57.14 65.70 62.84 76.66 41.20 65.95 41.98 58.78
SPSR + LoRA 62.83 63.82 73.52 71.60 35.40 67.09 43.94 59.74

Qwen3-8B

Dense 67.64 74.96 86.64 76.88 41.40 80.93 56.48 69.28

LLM-StreamLine + LoRA 65.67 63.74 84.89 71.82 35.60 64.90 44.80 61.63
SPSR + LoRA 63.38 62.87 85.32 70.89 38.60 64.52 45.39 61.57

As shown in Table 15, layer pruning substan-
tially degrades few-shot (8-shot) GSM8K accuracy.
While SPSR alone already yields some recovery,
SPSR + LoRA further reduces the gap toward the
dense baseline and consistently outperforms other
pruning methods under the same fine-tuning bud-
get. These results suggest that SPSR creates a more
favorable starting point for subsequent fine-tuning,
even when the fine-tuning data does not directly
target the evaluated reasoning skill.

Table 15: GSM8K accuracy(%) on Qwen models using
various layer pruning methods. The best performance
result is indicated in bold.

Model Method
GSM8K

zero-shot 8-shot

Qwen2.5-7B

Dense 35.48 87.49

ReplaceMe 1.90 2.43
Linear-Patch 4.70 4.40

LLM-Streamline 2.12 2.50
SPSR 15.77 15.62

SPSR + LoRA 31.99 38.44

Qwen3-8B

Dense 51.40 91.43

ReplaceMe 2.05 2.35
Linear-Patch 5.91 11.07

LLM-Streamline 3.34 4.62
SPSR 6.90 26.08

SPSR + LoRA 44.81 62.47

We further extend our evaluation to multi-step
commonsense reasoning (StrategyQA), abstrac-
tive summarization (XSum), and code generation
(HumanEval). Table 16 presents the results on

Table 16: Performance on generative and reasoning
benchmarks for Qwen2.5-7B with 8 layers pruned. Best
results among pruning methods are in bold.

Method StrategyQA XSum HumanEval

Dense 80.87 14.17 57.32

ReplaceMe 48.17 11.66 8.54
Linear-Patch 55.68 10.89 10.98
LLM-Streamline 53.49 12.22 5.49
SPSR 57.99 12.48 10.37

Qwen2.5-7B with 8 layers pruned. SPSR consis-
tently outperforms ReplaceMe and achieves com-
petitive or superior performance compared to heav-
ier baselines across all three diverse capability di-
mensions, demonstrating that our lightweight re-
covery module effectively preserves complex gen-
erative and reasoning abilities.

F Training Settings of SPSR

In this section, we further discuss the training pro-
cedure and dataset settings of SPSR. All experi-
ments are conducted on LLaMA3-8B with 8 layers
removed.

F.1 Training Settings

Figure 5 illustrates how the number of training
epochs and the learning rate affect SPSR. As the
number of training epochs increases, the perfor-
mance of the pruned model improves as expected.
When the number of epochs exceeds 5, the final
performance becomes nearly stable. Therefore, we
adopt 10 training epochs for SPSR, which is suffi-
cient.
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Regarding the learning rate, it must be suffi-
ciently large to ensure convergence. SPSR em-
ploys a simple replacement component with ap-
proximately 2d trainable parameters, where d de-
notes the hidden size of the LLM. Consequently,
the dimensionality of the optimization problem is
substantially lower than that of a linear layer or a
transformer layer. The resulting loss landscape is
relatively simple and smooth, with few local op-
tima, and the basin around the optimum is likely
to be wide. In such a low-dimensional and well-
behaved space, larger update steps are less likely
to overshoot the optimum. Instead, they can tra-
verse flat regions more efficiently and move rapidly
toward the optimal solution, thereby significantly
accelerating convergence. Even if an update occa-
sionally overshoots, the parameters can be easily
corrected in subsequent optimization steps. There-
fore, we adopt a learning rate of 3e-2 for SPSR.
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Figure 5: Mean accuracy across seven zero-shot tasks
under different training settings after pruning eight lay-
ers of LLaMA3-8B using SPSR.

F.2 Dataset Settings

Figure 6 illustrates how the number of training sam-
ples and the sequence length of each sample affect
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Figure 6: Mean accuracy across seven zero-shot tasks
under different dataset settings after pruning eight layers
of LLaMA3-8B using SPSR.

SPSR. For sequence length, we evaluate values
of [64, 128, 256, 512, 1024, 2048]. When the se-
quence length exceeds 512, the performance gains
from increasing the length diminish, while memory
consumption increases substantially Therefore, we
adopt a sequence length of 2048 for SPSR.

For the number of training
samples, we evaluate values of
[1, 2, 4, 8, 16, 32, 64, 128, 256, 512, 1024, 2048].
Since SPSR contains at least 2d trainable pa-
rameters, it theoretically requires approximately
2d tokens to achieve convergence. Accordingly,
the minimum number of training samples is
2d/ds, where ds denotes the sequence length. For
LLaMA3-8B, with d = 4096 and ds = 2048,
this theoretical minimum is 4 samples. However,
empirical results show that SPSR converges only
when the number of samples exceeds 32. This
discrepancy arises from the greater complexity
of Next-Token Prediction, which involves near-
lossless compression of valid information, in
contrast to the MSE loss used in local fine-tuning.
To ensure robust performance, we therefore adopt
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Figure 7: RA metrics under different datasets.

128 training samples for SPSR.

F.3 Initialization Settings

For both Linear-Patch and LLM-Streamline, the
initialization of the replacement component plays
a critical role. LLM-Streamline initializes the re-
placement component using the first layer among
the removed layers, as this choice yields the lowest
validation loss. Linear-Patch initializes a diagonal
matrix by computing the L1 norm ratio and then
combines it with Hadamard matrix. For SPSR, we
investigate four initialization strategies: optimal,
simple, magnitude and random initialization. Op-
timal initialization sets the parameters according
to Eq. (10). Simple initialization assigns w with
1 and b with 0. Magnitude initialization sets w
to the ratio of L1 norms and b = 0. Random ini-
tialization assigns both parameters with randomly
sampled values.

We conduct experiments on LLaMA3-8B by
removing eight layers to evaluate their impact.
As shown in Table 17, the performance variance
among optimal, simple and magnitude initializa-
tions are minor. These results indicate that SPSR
is largely robust to initialization choices, with the
exception of random initialization. Since an appro-
priate w can accelerate convergence and setting
b = 0 helps mitigate overfitting, we adopt magni-
tude initialization for the SPSR components.

G Recovery Ability Metric across Various
Dataset

In this section, we compare the RA metrics com-
puted on different datasets, including WikiText,

PTB, and C4. As shown in Figure 7, the RA values
across these datasets differ slightly while exhibit-
ing the same overall trend. Since RA measures
recovery complexity, which depends on both the
layer parameters and the data distribution, such mi-
nor differences are expected. However, when more
than eight layers are removed, RA may select dif-
ferent layers depending on the calibration dataset.
Therefore, the training and calibration data should
follow the same distribution. SPSR adopts the C4
dataset for both calibration and training.

H Performance on More LLMs

We further validate our method on both larger
and smaller models, including LLaMA2-13B and
LLaMA3.2-3B, as reported in Table 18. LLM-
Streamline consistently achieves the best perfor-
mance, owing to its large number of trainable pa-
rameters and substantial training data. Neverthe-
less, the performance gap between SPSR and LLM-
Streamline is considerably smaller than the dispar-
ity in training resources. Given that SPSR is nearly
100× faster than LLM-Streamline, enabling minute-
level recovery, the associated performance loss is
acceptable, especially when subsequent fine-tuning
can bridge that gap much more effectively. More-
over, SPSR achieves comparable or even superior
performance to Linear-Patch and ReplaceMe while
requiring significantly less training time and mem-
ory, which further demonstrates the effectiveness
of SPSR.
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Table 17: Accuracy (%) on seven zero-shot tasks of LLaMA3-8B using SPSR with several initialization settings.

Initalization WinoGrande HellaSwag BoolQ PIQA OBQA ARC-e ARC-c Mean

optimal 71.74 64.83 78.44 70.95 35.00 63.85 41.21 60.86
simple 71.90 64.42 77.86 70.73 35.40 63.93 41.38 60.80

magnitude 71.67 64.56 78.23 70.73 35.20 64.02 41.47 60.84
random 71.43 63.70 75.38 70.40 34.00 62.42 39.59 59.56
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Figure 8: Diagonal ratio of each Transformer layer when approximated by the optimal weights that minimize MSE.

I Removing Layers Indices Comparison

To further illustrate the difference between CL (con-
secutive layer cosine similarity) and RA, Table 19
reports the layer indices selected for removal by
each metric. On LLaMA2-7B, LLaMA3-8B, and
Qwen3-8B, the two metrics identify several over-
lapping layers, indicating consistent redundancy in
these layers. In contrast, RA selects substantially
different layers on Qwen2.5-7B and achieves better
performance, demonstrating its superior ability to
measure the recovery potential of layers.

J Diagonal Ratio in Individual
Transformer Layers

In Section 4.1, we demonstrated that multiple con-
secutive layers can be approximated by a single
vector due to the high diagonal ratio of the replac-
ing linear layer. To further establish the general
applicability of SPSR to non-consecutive pruning,
we measure the diagonal ratio of each Transformer
layer when it is approximated by the optimal solu-
tion of Eq. (6). As shown in Figure 8, individual
layers exhibit a high diagonal ratio, particularly in
deeper layers. Although the diagonal ratio curve
follows a trend similar to that of RA, the two mea-
sures do not fully align.

K Detailed Training Configurations and
Fairness Analysis

SPSR has been shown to achieve performance com-
petitive with other state-of-the-art methods, such
as LLM-Streamline, while substantially improv-
ing recovery efficiency. However, there is no evi-
dence that these heavier methods cannot achieve
such performance in a low-data regime. Therefore,
we evaluate LLM-Streamline on LLaMA2-7B us-
ing the same dataset setting as SPSR, denoted as
LLM-Streamline(C4), with 128 samples from C4,
to assess whether these methods truly require large
datasets. As shown in Table 21, under the same
dataset setting, LLM-Streamline(C4) performs far
worse than SPSR and LLM-Streamline, indicating
underfitting.

Therefore, we evaluated all baselines using their
original, well-tuned configurations as reported in
their respective papers. Table 20 provides a com-
prehensive breakdown of training budgets, hyperpa-
rameters, and resource consumption. The differing
sample sizes across methods are not an artifact of
unfair comparison but reflect intrinsic parameter
efficiency: methods with larger trainable modules
(e.g., LLM-Streamline) require more calibration
data to avoid underfitting, whereas SPSR’s mini-
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Table 18: Perplexity on different validation datasets and accuracy (%) on seven zero-shot tasks with various layer
pruning methods at 25% sparsity. The best performance is set in bold, and the second best is set in underline.

Model Method
Perplexity↓ Accuracy(%)↑

WikiText PTB C4 WinoGrande HellaSwag BoolQ PIQA OBQA ARC-e ARC-c Mean

LLaMA2-13B

Dense 4.88 34.41 6.99 69.69 76.59 67.25 78.67 42.00 57.87 44.20 62.32

ShortGPT 20.03 56.10 21.39 62.98 65.41 62.26 71.33 37.40 46.04 37.71 54.73
CL 9.77 57.17 13.20 64.88 66.24 62.11 70.73 40.00 48.32 37.46 55.68

ReplaceMe 8.25 53.67 11.29 68.51 66.87 62.42 72.14 37.80 51.22 38.65 56.80
Linear-patch 7.35 40.20 10.62 67.88 69.93 62.14 73.78 39.00 46.89 38.40 56.86

LLM-Streamline 7.63 38.84 10.23 69.53 68.49 62.63 73.39 39.60 51.39 37.88 57.56

SPSR 7.78 44.60 10.79 66.85 67.72 62.23 71.87 39.80 48.78 37.46 56.39

LLaMA3.2-3B

Dense 7.81 11.79 11.70 69.77 73.61 73.91 76.61 43.00 71.68 45.90 64.93

ShortGPT 539.07 4.10e7 100.44 61.64 49.01 45.05 64.20 32.40 49.12 34.13 47.94
CL 95.09 135.74 88.18 62.35 48.41 68.72 64.80 32.40 49.20 35.15 51.58

ReplaceMe 22.77 36.41 32.64 65.98 55.37 71.83 66.76 30.60 52.27 34.56 53.91
Linear-patch 20.20 35.72 32.31 65.35 60.02 70.18 66.97 32.20 50.88 34.81 54.35

LLM-Streamline 24.36 27.33 25.67 67.32 58.07 70.37 67.57 34.80 59.18 36.60 56.27

SPSR 23.37 42.02 27.83 67.48 57.81 71.93 67.03 31.20 55.51 34.39 55.05

Table 19: Layer indices selected for removal by CL
and RA are shown, with indexing starting from 0. Lp

denotes the number of pruned layers and Lt denotes the
total number of layers of the model.

Model Lp/Lt Metric Removing Layer Indices

LLaMA2-7B

8/32 CL 21, 22, 23, 24, 25, 26, 27, 28
8/32 RA 20, 21, 22, 23, 24, 25, 26, 27

6/32 CL 23, 24, 25, 26, 27, 28
6/32 RA 22, 23, 24, 25, 26, 27

LLaMA3-8B

8/32 CL 22, 23, 24, 25, 26, 27, 28, 29
8/32 RA 21, 22, 23, 24, 25, 26, 27, 28

6/32 CL 22, 23, 24, 25, 26, 27
6/32 RA 23, 24, 25, 26, 27, 28

Qwen2.5-7B

8/28 CL 11, 12, 13, 14, 15, 16, 17, 18
8/28 RA 2, 5, 6, 7, 8, 9, 24, 25

6/28 CL 12, 13, 14, 15, 16, 17
6/28 RA 2, 5, 8, 9, 24, 25

Qwen3-8B

8/36 CL 25, 26, 27, 28, 29, 30, 31, 32
8/36 RA 26, 27, 28, 29, 30, 31, 32, 33

6/36 CL 27, 28, 29, 30, 31, 32
6/36 RA 27, 29, 30, 31, 32, 33

mal scale+bias parameterization enables effective
recovery with only 128 samples.

L Various Validation Datasets and
Zero-Shot Tasks Performance

We further evaluate our method on WikiText (Mer-
ity et al., 2017), PTB (Marcus et al., 1994), and
C4 (Raffel et al., 2020). We conduct extensive ex-
periments on LLaMA2, LLaMA3, Qwen2.5, and
Qwen3. As shown in Table 24, SPSR achieves
comparable or even lower perplexity than other
methods while requiring only minute-level recov-

ery time. These results demonstrate the robustness
of our method across diverse validation datasets.

For zero-shot evaluation, we measure accu-
racy on seven commonsense benchmarks from
EleutherAI LM Harness (Gao et al., 2023), includ-
ing BoolQ (Clark et al., 2019), PIQA (Bisk et al.,
2019), HellaSwag (Zellers et al., 2019), Wino-
Grande (Sakaguchi et al., 2019), ARC-Easy (Bo-
ratko et al., 2018), ARC-Challenge (Boratko et al.,
2018) and OpenbookQA (Mihaylov et al., 2018).
Per task accuracies are shown in Table 24. Overall,
SPSR achieves comparable or even higher average
accuracy than other methods while requiring only
minute-level recovery time.

M End-to-End Inference Latency

A natural concern for non-consecutive layer prun-
ing is whether the resulting fragmented architec-
ture introduces deployment overhead. We mea-
sure end-to-end latency and throughput on both
CPU (DeepSparse) and GPU (vLLM) engines. As
shown in Table 22 and 23, incorporating SPSR’s
scale-and-bias vectors introduces negligible over-
head compared to the pruned model without re-
placement. On GPU with vLLM, SPSR achieves
a 1.19× throughput improvement over the dense
baseline while maintaining near-identical Time-To-
First-Token (TTFT) and Time-Per-Output-Token
(TPOT) as the purely pruned model, confirming
that SPSR is deployment-friendly even with non-
consecutive layer removal.
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Table 20: Detailed training configurations and resource consumption for all compared methods on LLaMA3-8B (8
layers pruned).

Method Samples (Dataset) SeqLen Optimizer LR Epochs Batch Size Weight Decay Scheduler Loss Trainable Module Runtime Memory (GPU/CPU)

SPSR 128 (C4) 2048 AdamW 3e-2 10 1 1e-4 Linear warmup (∼201 steps) NTP loss Scale/Bias 3 min 17.0G / 2.2G
ReplaceMe 8000 (SlimOrca) 1024 Adam 1e-4 10 1024 0 None Cosine loss Linear 38 min 15.6G / 55.9G
LLM-Streamline 3000 (SlimPajama) 2048 AdamW 2e-4→5e-5 20 128 (8×16) 1e-3 Cosine + warmup MSE Transformer layer 227 min 29.5G / 106.7G
Linear-Patch 2048 (WikiText) 2048 AdamW 1e-4→5e-6 1 1 1e-4 CosineAnnealingLR KL divergence Linear 42 min 17.4G / 6.9G

Table 21: Perplexity on different validation datasets and accuracy (%) on seven zero-shot tasks with various layer
pruning methods on LLaMA2-7B at 25% sparsity. The best performance is set in bold, and the second best is set in
underline.

Method
Perplexity↓ Accuracy(%)↑

WikiText PTB C4 WinoGrande HellaSwag BoolQ PIQA OBQA ARC-e ARC-c Mean

Dense 5.47 24.09 7.53 67.17 72.96 70.15 78.29 40.80 53.62 29.71 58.96

LLM-Streamline 13.20 38.99 13.23 65.04 61.10 67.06 70.18 38.40 44.99 34.13 54.42
LLM-Streamline(C4) 24.70 55.18 20.74 63.54 56.13 65.50 67.57 36.20 41.79 33.79 52.08

SPSR 11.16 38.64 13.73 63.54 59.71 72.57 69.15 36.20 43.73 34.22 54.16

Table 22: End-to-end inference latency and throughput
on CPU using the DeepSparse engine (Qwen3-8B, se-
quence length 1024).

Method Latency (ms) ↓ Throughput (tok/s) ↑
Dense 703.93 1.42
−8 Layers (no replacement) 534.50 1.87
+ SPSR 542.85 1.84

Table 23: End-to-end inference performance on GPU
using vLLM (LLaMA3-8B, RTX 3090, input len=32,
output len=4).

Method Throughput (tok/s) ↑ TTFT (ms) ↓ TPOT (ms) ↓
Dense 1353.82 58.04 22.47
−8 Layers (no replacement) 1637.38 47.18 18.35
+ SPSR 1608.64 47.32 18.89

N Large Language Models Usage in Our
Paper

We gratefully acknowledge the use of Large Lan-
guage Models linguistic editing to enhance the
manuscript’s read ability. The AI-generated ed-
its were critically evaluated and modified by the
author, ensuring the fidelity of the content.
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Table 24: Perplexity on different validation datasets and accuracy (%) on seven zero-shot tasks with various layer
pruning methods. Lp denotes the number of pruned layers and Lt denotes the total number of layers of the model.
The best performance is set in bold, and the second best is set in underline.

Model Lp/Lt Method
Perplexity↓ Accuracy(%)↑

WikiText PTB C4 WinoGrande HellaSwag BoolQ PIQA OBQA ARC-e ARC-c Mean

LLaMA2-7B

0/32 Dense 5.47 24.09 7.53 67.17 72.96 70.15 78.29 40.80 53.62 29.71 58.96

8/32 ShortGPT 25.41 79.80 29.94 61.01 57.75 62.66 66.97 37.20 41.16 33.11 51.41
8/32 CL 18.19 57.36 21.99 59.67 58.17 67.61 66.65 37.60 40.87 32.08 51.81
8/32 ReplaceMe 13.09 40.80 15.34 62.43 59.54 68.20 68.44 37.00 45.29 33.79 53.53
8/32 Linear-Patch 9.92 38.12 13.62 64.01 64.49 63.82 69.70 38.00 46.09 34.98 54.44
8/32 LLM-Streamline 13.20 38.99 13.23 65.04 61.10 67.06 70.18 38.40 44.99 34.13 54.42
8/32 SPSR(CL) 11.41 38.20 13.63 63.30 61.10 65.78 69.80 38.00 45.83 33.45 53.90
8/32 SPSR 11.16 38.64 13.73 63.54 59.71 72.57 69.15 36.20 43.73 34.22 54.16

6/32 ShortGPT/CL 12.18 43.25 15.54 62.35 63.33 65.66 70.40 39.00 46.00 32.59 54.19
6/32 ReplaceMe 9.34 34.02 11.70 65.11 64.61 72.42 72.63 37.00 49.58 34.64 56.57
6/32 Linear-Patch 7.85 31.49 11.13 65.82 68.36 62.87 73.45 37.00 48.57 36.52 56.09
6/32 LLM-Streamline 10.25 35.24 11.38 64.01 65.48 63.88 72.36 37.80 48.27 36.69 55.50
6/32 SPSR(CL) 9.10 33.52 11.34 64.80 65.50 64.95 73.39 36.80 48.65 35.07 55.60
6/32 SPSR 8.90 32.92 11.25 64.56 65.03 68.01 72.47 37.00 46.89 34.73 55.53

LLaMA3-8B

0/32 Dense 6.14 9.91 9.86 72.61 79.16 81.59 79.65 45.00 77.69 53.41 69.87

8/32 ShortGPT/CL 3945.75 3954.53 4893.89 54.06 31.50 37.61 58.71 28.20 38.13 31.23 39.92
8/32 ReplaceMe 18.67 26.63 28.30 68.35 60.33 69.17 69.15 32.20 58.50 36.86 56.37
8/32 Linear-Patch 15.44 30.21 26.70 71.98 70.24 65.57 73.01 37.40 62.67 42.75 60.52
8/32 LLM-Streamline 13.47 15.94 19.05 71.35 66.68 76.94 71.49 37.40 65.49 43.43 61.83
8/32 SPSR(CL) 16.28 27.08 21.33 72.30 65.78 59.02 72.03 35.00 63.51 40.36 58.29
8/32 SPSR 14.16 18.88 20.23 71.67 64.56 78.23 70.73 35.20 64.02 41.47 60.84

6/32 ShortGPT 41.94 40.84 43.51 70.48 68.14 72.05 72.42 37.20 60.31 43.52 60.59
6/32 CL 29.17 59.47 38.13 67.64 67.70 71.35 70.24 37.40 61.53 44.11 60.00
6/32 ReplaceMe 12.74 17.09 20.30 71.74 66.70 77.95 72.03 33.40 64.52 39.76 60.87
6/32 Linear-Patch 10.81 16.78 18.07 73.32 72.71 68.75 76.28 40.40 67.85 45.65 63.57
6/32 LLM-Streamline 14.02 18.75 17.07 72.61 71.88 73.27 75.52 41.80 72.22 46.33 64.80
6/32 SPSR(CL) 11.13 14.70 16.63 73.01 70.20 70.15 74.43 39.20 70.08 43.94 63.00
6/32 SPSR 11.28 15.59 16.63 73.01 70.03 72.84 75.73 38.60 70.41 44.45 63.58

Qwen2.5-7B

0/28 Dense 6.85 11.36 12.16 73.01 78.95 85.11 78.78 47.20 77.40 50.94 70.20

8/28 ShortGPT 13.92 22.69 21.51 55.25 56.41 49.39 71.71 35.60 59.34 33.36 51.58
8/28 CL 12.63 20.65 20.07 52.64 56.35 51.44 73.12 36.60 59.85 34.22 52.03
8/28 ReplaceMe 10.93 18.37 18.17 55.64 58.50 55.72 75.14 42.00 60.94 35.32 54.75
8/28 Linear-Patch 9.38 17.20 16.90 55.09 62.19 49.72 75.03 41.00 63.80 38.14 55.00
8/28 LLM-Streamline 9.84 17.35 16.26 56.43 60.01 62.35 74.32 39.20 58.84 34.90 55.15
8/28 SPSR(CL) 10.38 17.36 17.26 54.85 61.01 61.41 75.24 41.00 61.57 38.48 56.22
8/28 SPSR 15.90 25.02 23.18 62.59 57.55 74.34 67.74 34.00 61.87 36.26 56.34

6/28 ShortGPT 12.12 20.35 18.84 56.91 63.07 63.52 73.39 39.40 60.69 38.99 56.57
6/28 CL 10.25 17.26 16.82 54.22 62.88 58.01 75.63 39.40 63.93 37.54 55.94
6/28 ReplaceMe 9.48 15.99 16.06 57.77 63.66 64.62 76.33 40.80 67.34 40.70 58.75
6/28 Linear-Patch 8.43 15.18 15.15 61.40 68.73 49.76 77.31 42.20 66.96 41.30 58.24
6/28 LLM-Streamline 8.58 14.47 14.49 63.38 66.54 64.10 76.77 42.20 64.90 40.02 59.70
6/28 SPSR(CL) 9.18 15.32 15.49 57.62 66.40 59.27 76.39 40.40 66.71 41.13 58.27
6/28 SPSR 13.80 21.24 20.64 64.40 62.72 77.13 70.24 36.80 67.55 43.34 60.31

Qwen3-8B

0/36 Dense 9.72 15.44 15.82 67.64 74.96 86.64 76.88 41.40 80.93 56.48 69.28

8/36 ShortGPT 594.75 1037.98 229.10 55.96 52.09 64.98 62.08 30.20 44.15 32.17 48.80
8/36 CL 112.06 142.66 97.12 56.04 46.57 72.75 62.73 29.40 43.35 32.42 49.04
8/36 ReplaceMe 45.32 62.81 52.21 60.93 48.81 77.89 62.51 26.80 45.16 32.42 50.65
8/36 Linear-Patch 22.49 47.83 37.56 64.25 59.91 68.47 67.79 31.20 53.54 38.48 54.80
8/36 LLM-Streamline 65.30 43.01 38.24 62.12 49.93 63.49 64.53 31.80 49.58 32.00 50.49
8/36 SPSR(CL) 31.80 45.80 39.48 61.72 52.99 83.58 65.61 29.80 50.34 35.58 54.23
8/36 SPSR 30.39 39.72 34.84 62.83 55.91 77.61 66.81 32.60 54.76 37.46 55.42

6/36 ShortGPT 78.74 97.78 51.28 62.12 56.85 68.41 65.83 33.80 57.49 39.51 54.86
6/36 CL 37.59 59.52 44.16 62.59 55.48 77.65 66.49 30.00 55.18 38.23 55.09
6/36 ReplaceMe 28.70 34.04 34.39 63.30 55.87 85.32 66.49 31.40 55.72 37.88 56.57
6/36 Linear-Patch 14.87 24.93 25.31 67.17 63.71 84.22 70.67 33.60 63.80 44.03 61.03
6/36 LLM-Streamline 30.10 33.89 29.57 67.17 57.97 85.84 68.28 33.60 63.13 41.47 59.64
6/36 SPSR(CL) 18.17 24.96 25.39 67.25 61.42 81.38 71.22 34.20 64.52 43.26 60.46
6/36 SPSR 19.79 27.86 26.40 68.43 61.60 86.02 71.60 35.80 64.35 43.09 61.56
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