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Abstract

As the scale of Large Language Models
(LLMs) continues to grow rapidly, the cost
of training and inference has significantly in-
creased, limiting their application in resource-
constrained scenarios. To address this chal-
lenge, model pruning has been widely used to
reduce computational complexity. Among vari-
ous pruning strategies, block-wise pruning has
gained popularity due to its ability to accelerate
computation by removing entire blocks of pa-
rameters. However, existing methods often rely
on hard labels from calibration datasets and
neglect the cumulative effects of pruning on
subsequent blocks. To address this, we propose
two complementary techniques: the Logit Dis-
ruption Score (LDS), a novel block importance
criterion that measures the impact of pruning
by comparing the cosine similarity between the
logits of the original and pruned models, focus-
ing on the most informative logit dimensions
to better preserve the model’s core capabilities;
and Activation Statistics Correction (ASC), an
affine transformation mechanism that aligns the
mean and variance of activations in the pruned
model with those of the original model, effec-
tively mitigating the distribution shift caused by
block removal and improving the information
flow in subsequent blocks. Experiments across
multiple datasets show that our approach re-
duces reliance on calibration data and improves
generalization, achieving competitive results
with existing methods.

1 Introduction

In recent years, the scale of large language models
has grown rapidly (Brown et al., 2020; Touvron
et al., 2023; DeepSeek-AI et al., 2025), leading to
significant improvements in a wide range of nat-
ural language processing tasks (Wei et al., 2022).
Despite these impressive achievements, the sub-
stantial computational resources required for both
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Figure 1: Comparison of normalized block importance
calculated by other methods and our metric (LDS),
along with model performance after pruning the cor-
responding blocks. The normalized importance scores
correspond to the left y-axis, while perplexity(PPL) cor-
responds to the right y-axis. All evaluation metrics are
computed on the Wikitext2 dataset.

training and inference phases of LLMs present
considerable obstacles to their deployment, par-
ticularly in resource-constrained environments. To
address the trade-off between model performance
and computational efficiency, model pruning—a
well-established model compression technique—
has garnered increasing attention from the research
community (Han et al., 2015; Hassibi et al., 1993;
LeCun et al., 1989). By targeting and removing re-
dundant parameters or structures, pruning reduces
computational and storage costs, enabling wider
adoption of LLMs in practice.

Pruning techniques are generally divided into un-
structured and structured approaches. Unstructured
pruning (Chen et al., 2020; Frankle and Carbin,
2018; Lee et al., 2019; Li et al., 2020; Sanh et al.,
2020; Sun et al., 2024) removes individual parame-
ters to achieve high sparsity, but often fails to de-
liver real-world acceleration due to hardware ineffi-
ciencies (Shi et al., 2020; Wang, 2020). In contrast,
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Figure 2: The structural diagrams of our proposed method where ⊕ represents the computation of cosine similarity.
Our process starts with pruning the least important block, with the impact measured by the cosine similarity between
the original and pruned models’ logits. An affine transformation is then applied to each subsequent block to align its
activation statistics (mean and variance) with those of the original model.

structured pruning eliminates entire components
such as blocks or attention heads, offering better
hardware compatibility and practical speedup (Gro-
mov et al., 2024; Song et al., 2024; Yang et al.,
2024b). Recently, block-wise structured pruning
which removes whole transformer blocks has be-
come a central focus for compressing large lan-
guage models, as it can substantially reduce compu-
tational overhead and facilitate efficient inference
(Gromov et al., 2024; Kim et al., 2024; Men et al.,
2024; Song et al., 2024; Yang et al., 2024b).

Existing block-wise pruning methods often over-
look critical inter-block dependencies and the
broader impact of pruning decisions on model per-
formance. For example, some approaches assess
redundancy by measuring the similarity between
block inputs and outputs (Men et al., 2024) or by
evaluating the change in loss after removing a block
(Song et al., 2024). As a result, there remains a
need for pruning strategies that better preserve the
model’s inherent capabilities while mitigating the
adverse effects on downstream blocks.

As illustrated in Figure 1, we observe that exist-
ing block-wise pruning criteria may not accurately
reflect the true importance of each block in LLMs.
For example, SLEB identifies block 9 and block
25 as relatively important, but perplexity, a widely
recognized metric for assessing LLM capabilities,
suggests that these blocks are not particularly criti-
cal. This misalignment shows that current methods,
which often rely on hard labels from calibration
datasets and focus on single-token loss, may over-
look broader distributional information and limit
the generalization ability of pruned models (Hinton

et al., 2015).
Motivated by these observations, we propose two

complementary techniques to address these limi-
tations. First, we introduce the Logit Disruption
Score (LDS), a novel block importance criterion
that measures the similarity between model logits
before and after block removal, focusing on the
most informative logit dimensions to better pre-
serve the model’s core capabilities. Second, we
present Activation Statistics Correction (ASC), an
affine transformation mechanism that normalizes
the output distribution of the subsequent blocks
after pruning, ensuring it remains closely aligned
with the original statistics and mitigating the ad-
verse effects of pruning on subsequent blocks. The
structure of our approach is depicted in Figure 2.

Our main contributions are summarized as fol-
lows:

• We propose a novel block importance evalua-
tion criterion, Logit Disruption Score (LDS),
which measures the impact of pruning by com-
paring the cosine similarity between the logits
of the original and pruned models. By focus-
ing on the most informative logit dimensions,
LDS better preserves the model’s core capabil-
ities and reduces overfitting to the calibration
dataset.

• We introduce Activation Statistics Correction
(ASC), an affine transformation technique that
aligns the mean and variance of activations in
the pruned model with those of the original
model, effectively mitigating the distribution
shift caused by block removal and improv-
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ing the information flow in subsequent blocks.
ASC is also portable and can be applied to
other block pruning methods to boost their
performance. A key advantage is that ASC
requires no training and each module adding
only two scalar parameters.

2 Related Work

2.1 Block-wise Structure Pruning

Structured pruning is a common model compres-
sion technique that removes redundant neural net-
work components for hardware efficiency. Tradi-
tional methods target fine-grained elements like
neurons, channels, or attention heads, but these
often fail to yield real-world speedups since their
sparsity patterns do not align well with hardware
operations (Ashkboos et al., 2024; Frantar and Al-
istarh, 2023; Ma et al., 2023). Block-wise structure
pruning overcomes this by pruning entire computa-
tional blocks, such as transformer layers (Kim et al.,
2024; Men et al., 2024; Yang et al., 2024b). This
reduces model depth and directly improves com-
putational efficiency and inference speed, while
maintaining compatibility with standard hardware
(Song et al., 2024).

Recent research has demonstrated the effective-
ness of block-wise structure pruning for large lan-
guage models. For example, ShortGPT (Men et al.,
2024) identifies redundant blocks by measuring
the similarity between each block’s input and out-
put representations, and prunes those with high
similarity. Laco (Yang et al., 2024b) merges trans-
former blocks that produce similar outputs across a
dataset, resulting in a more compact model. LLM-
Streamline (Chen et al., 2025) replaces consec-
utive layers in a Large Language Model with a
lightweight transformer layer, but this replacement
requires fine-tuning. Gromov (Gromov et al., 2024)
prunes consecutive blocks by evaluating the similar-
ity of their outputs, removing those that contribute
least to model diversity. Shortened LLaMA (Kim
et al., 2024) uses one-shot pruning metrics, assess-
ing the importance of each block by measuring the
change in perplexity and loss on a validation set
after its removal. SLEB (Song et al., 2024) intro-
duces a metric that evaluates block importance by
measuring the change in token prediction loss on
a labeled calibration dataset after block removal.
However, this metric’s strong reliance on such hard
labels which has limited information may limit its
generalization and robustness (Hinton et al., 2015).

In contrast, our method advances block-wise prun-
ing by directly quantifying the similarity of logits
between the original and pruned models, making
pruning decisions that better preserve the model’s
inherent capabilities and reducing dependence on
the calibration dataset.

2.2 Activation Statistics
Since the advent of deep learning, the statistics of
internal activations across layers have been recog-
nized as a fundamental factor in neural network
design and optimization. Early studies showed that
inappropriate activation scaling can lead to vanish-
ing or exploding signals, making deep networks
difficult to train. Accordingly, careful parameter
initialization schemes were developed to preserve
stable activation statistics during both forward and
backward propagation, thereby enabling effective
training of deep architectures (Glorot and Bengio,
2010; He et al., 2015). In parallel, normalization
methods such as Batch Normalization (Ioffe and
Szegedy, 2015), Layer Normalization (Ba et al.,
2016), and their variants have been widely adopted
to explicitly stabilize activation distributions across
training steps, accelerating convergence and im-
proving generalization. These methods work by
re-centering and re-scaling activations based on sta-
tistical estimates. Moreover, techniques such as
dropout were introduced, which randomly deacti-
vate a subset of neurons during forward passes and
rescale the remaining activations to preserve the
variance of the overall distribution (Srivastava et al.,
2014). Altogether, these techniques contribute to
more stable propagation of information across lay-
ers in deep neural networks, which is critical for
effective learning and gradient flow.

More recently, the importance of activation dis-
tributions has also been highlighted in the field
of model fusion. REPAIR (Jordan et al., 2023)
demonstrates that independently trained neural net-
works can exhibit significantly divergent activa-
tion statistics, leading to suboptimal performance
when combined via parameter interpolation. To ad-
dress this, REPAIR (Jordan et al., 2023) proposes
aligning activation distributions between models,
significantly improving the effectiveness of model
merging. Inspired by this line of research, we ex-
tend the investigation to the context of structured
pruning, where entire blocks or layers are removed
from the network. Even in architectures with resid-
ual connections, we observe that pruning induces
non-negligible shifts in the activation distributions

3724



of subsequent blocks. This motivates our method: a
post-pruning activation correction mechanism that
adjusts the activation statistics of pruned models
to better match the original unpruned distribution.
Importantly, this correction can be applied without
any retraining, leading to consistent performance
improvements.

3 Method

In this section, we present our proposed method
with a focus on two key aspects. First, we introduce
a novel criterion for evaluating block importance.
Second, we propose an activation statistics correc-
tion mechanism to mitigate the impact of pruning
on subsequent blocks.

3.1 Logit Disruption Score
Following prior work (Ashkboos et al., 2024;
Kim et al., 2024; Men et al., 2024; Song et al.,
2024) which focuses on structured pruning in
Transformer-based language models, we also base
our study on the standard decoder-only Trans-
former architecture exemplified by models like
GPT. Specifically, these models consist of a stack
of repeated Transformer blocks, followed by an
additional output layer used for final prediction.
We denote our model structure M as a stan-
dard decoder-only Transformer consisting of L
stacked Transformer blocks, indexed by the set
I = {1, 2, . . . , L}. The indices in I are or-
dered, and the model processes the blocks se-
quentially in this order. Given an input sequence
w1, w2, . . . , wN , the model predicts the probability
of the n-th token wn conditioned on the previous
tokens w1, w2, . . . , wn−1. The computation at each
block is as follows:

h(i) = fi

(
h(prev(i))

)
+ h(prev(i)), ∀i ∈ I,

pMI (· | w<n) = fo

(
h(max(I))

)
, (1)

where h(i) denotes the hidden state at the i-th block,
h(0) is the input embedding, fi(·) denotes the trans-
formation performed by the i-th block, and prev(i)
denotes the previous index in the ordered set I.
After passing through all blocks in I, the model
MI produces the output logits for the next-token
prediction using an output head fo(·).

As mentioned in Section 2, previous approaches
often use hard labels from the calibration dataset
as targets for block importance calculation. This
practice may cause the pruned model to overfit the

Figure 3: Cosine similarity between logits across
LLaMA2 models when truncating logits with the same
k on Wikitext2 dataset.

calibration dataset, thereby reducing its generaliza-
tion ability. To address these limitations, we pro-
pose a new block importance evaluation criterion
based on logit similarity that preserves the model’s
original outputs, termed the Logit Disruption Score
(LDS). This method assesses the importance of a
block by computing the cosine similarity between
the logits of the model after removing a block and
those of the original model. The importance of the
i-th block by LDS is defined as:

LDS(i) = − 1

N

N∑

n=1

sim
(
pMI\{i} , pMI

)
, (2)

where sim(·, ·) denotes the cosine similarity, pMI
and pMI\{i} denote the logits output by the origi-
nal and pruned models respectively, given the same
context w<n, where we have omitted the arguments
in the probability expression for simplification. The
LDS value is computed as the average across all
token positions in the calibration sequence. A
larger LDS value indicates that removing the i-
th block causes a greater disruption to the model’s
logits, meaning this block is more important to the
model’s performance.

However, not all dimensions in the logits are
useful, and negative values in the logits can intro-
duce noisy information (Tang et al., 2024). We
recognize that after model pruning, not all logit
dimensions can or should remain identical to those
of the original model. This stems from two con-
siderations: first, the original model’s logit out-
puts for low-probability tokens may not represent
reliable or useful knowledge; second, the prun-
ing process itself can introduce noise affecting all
dimensions. Therefore, we posit that the evalua-
tion metric should primarily focus on the subset
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Algorithm 1 Our Proposed Method

Initialize: Original model M, pruned model
M̂, keep block set Î ← I, block size L, num-
ber of blocks to prune n, calibration dataset D,
hyperparameter k, smin ←∞
for i = 1 to n do

for j = 1 to L do
s← 1

|D|
∑

x∈D LDSk(j;x)
if s < smin then
smin ← s, idx← j

end if
end for
Î ← Î \ {idx}, L← L− 1
for l = idx+ 1 to L do
M̂ ← ASC(M̂, l,D,M)

end for
end for

of the vocabulary corresponding to higher predic-
tion probabilities. Observations from Figure 3 lend
support to this idea, showing higher logit similarity
in the high-value regions across different models.
This observation suggests that low-probability di-
mensions primarily contribute noise, whereas the
similarity between pruned and original models is
better captured by their most confident predictions.
Accordingly, we introduce a hyperparameter k to
restrict the comparison to the top k% dimensions
of the logit vector. The resulting Logit Disruption
Score is defined as

LDSk(i) = −
1

N

N∑

n=1

sim
(
K(pMI ) , K

(
pMI\{i}

))
,

(3)
where K(·) retains only the top k% largest logit
values and sets all remaining dimensions to zero.
We discuss the comparison between softmax and
TopK in Appendix A.4. Since the importance of
blocks is dynamic, we adopt an iterative pruning
method as SLEB (Song et al., 2024). That is, after
each pruning step, we recalculate the importance
of the blocks and perform another pruning, con-
tinuing until the desired pruning rate is reached.
Note that during the iteration process, our method
always computes the importance based on the orig-
inal model’s logits. A comparison between iter-
ative pruning and single pruning is provided in
Appendix A.1.

3.2 Activation Statistics Correction
Inspired by recent work on activation statistics,
we investigate how pruning blocks from a Trans-

Algorithm 2 Activation Statistics Correction

Require: Pruned model M̂, index i, calibration
dataset D, original modelM
Compute original output statistics from block i
inM on D: µi, σi
Compute output statistics from block i in M̂ on
D: µ̂i, σ̂i
Apply affine transformation A(x) = σi

σ̂i
· (x −

µ̂i) + µi

Replace block i with A ◦ h(i) in M̂
return M̂

former affects the distribution of activations in sub-
sequent blocks. Similar to prior studies (Jordan
et al., 2023), we assume that the activations follow
a Gaussian distribution. As shown in the left part
of Figure 4, when more blocks are removed, the
mean and variance of the output activations from
the final block increasingly deviate from those of
the original model. This observation suggests that
the removal of blocks leads to a growing mismatch
in the activation statistics, which may hinder the
information flow in the remaining network.

To alleviate the impact of block removal on the
distribution of activations in subsequent blocks, we
propose an Activation Statistics Correction (ASC)
method. This method is used to adjust the mean
and variance of activations after pruning, so that the
pruned model’s activations better match those of
the original model, helping to reduce performance
loss caused by distribution shifts. Specifically, for
the i-th block, we denote the mean and standard
deviation of its output in the original model (com-
puted on the calibration dataset) as µ and σ, and
those in the pruned model as µ̂ and σ̂, respectively.
We define an affine transformation layer A that
adjusts the activation statistics as follows:

A(x) = σ

σ̂
· (x− µ̂) + µ (4)

where µ, σ, µ̂, and σ̂ are scalars. Then, we compose
this affine layer with the block hidden states h(i)

that h̃(i) = A ◦ h(i), which is applied to the blocks
subsequent to the pruned one.

By applying this correction, we ensure that after
removing a block, the distribution of neuron acti-
vations in the output becomes closer to that of the
original model, thereby allowing subsequent blocks
to effectively transmit information. As shown in
the right subfigure of Figure 4, with the increase in
the number of pruned blocks, our method consis-
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tently leads to improvements in PPL. The detailed
procedure of the ASC algorithm is presented in
Algorithm 2.

Figure 4: Changes in the mean and variance of the last
block output as the number of pruned blocks increases
using SLEB on LLaMA-2-7B, and the effect of ASC on
these statistics; PPL with and without ASC on LLaMA-
2-7B pruned with LDS, evaluated on a subset of the
Wikitext2 dataset.

4 Experiments

Setup: Our method is implemented using PyTorch
(Paszke et al., 2019) and Hugging Face Transform-
ers (Wolf et al., 2020). All experiments are con-
ducted on two NVIDIA RTX 6000 Ada Genera-
tion GPUs with 48GB of memory. For calibration
dataset, we follow SLEB (Song et al., 2024) and
use 128 randomly sampled examples from the tran-
ing set of WikiText2 (Merity et al., 2016). We use
another 256 samples from the same training set as
the validation set. The range of hyperparameter k
is set to [0.001, 0.01, 0.1]. We selected k based on
the PPL of the validation set. The impact of the
hyperparameter k on the algorithm is discussed in
Appendix A.1.

Models: To evaluate the effectiveness of our ap-
proach, we conducted experiments on the Qwen2.5
family (Yang et al., 2024a) and the LLaMA fam-
ily (Touvron et al., 2023). The Qwen2.5 family
includes models with 1.5B, 3B, 7B and 32B pa-
rameters, while the LLaMA family includes mod-
els with LLaMA-2-7B, LLaMA-2-13B, LLaMA-2-
70B, LLaMA-3.1-8B and LLaMA-3.2-3B.

Benchmark: Following SLEB (Song et al.,
2024), we evaluate model performance using
both perplexity and zero-shot accuracy. For per-
plexity evaluation, we use the C4 dataset (Raf-
fel et al., 2019). For zero-shot evaluation, we
adopt a suite of benchmarks: PIQA (Bisk et al.,
2020), WinoGrande (Sakaguchi et al., 2021), Hel-
laSwag (Zellers et al., 2019), ARC-easy, and ARC-
challenge (Clark et al., 2018). All evaluations are
carried out using the LM Evaluation Harness (Gao
et al., 2024) with default settings.

Baseline: We compare our method with the
previous channel-wise pruning method SliceGPT
(Ashkboos et al., 2024) and the block-wise prun-
ing without training method ShortGPT (Men et al.,
2024), Shortened LLaMA (Kim et al., 2024) and
SLEB (Song et al., 2024). Shortened LLaMA pro-
poses two methods, and we chose the one with
better performance as the baseline. This method
measures the importance of a block based on the
PPL after pruning.

4.1 Generation Performance
We evaluate generation performance by measur-
ing perplexity at varying sparsity levels on models
from the Qwen2.5 and LLaMA series. Following
SLEB (Song et al., 2024), when the product of tar-
get sparsity and the number of transformer blocks
is non-integer, we round up to determine the num-
ber of blocks to prune.

Table 1 presents perplexity results on the C4
dataset, which is chosen to assess generalization
since it differs from the calibration data. The re-
sults on the Wikitext2 dataset are presented in Ta-
ble 13. Notably, the official implementation of
SliceGPT lacks compatibility with the Qwen2.5
and LLaMA 3.x series, underscoring its limited
applicability. In contrast, block-wise pruning meth-
ods are architecture-agnostic and better suited
for transformer models. SliceGPT also suffers
from significant PPL degradation at high sparsi-
ties, likely due to overfitting from its fine-grained
channel-level pruning.

Compared to other block-wise approaches, our
method shows robust performance across models
and sparsity levels, especially at 50% sparsity. Prior
methods are often limited by their importance met-
rics: ShortGPT relies on local input-output similar-
ity without considering the global impact of prun-
ing on the entire model, while Shortened LLaMA
uses one-shot pruning based on perplexity, ignor-
ing dynamic block interactions. SLEB improves
this with iterative pruning but computes importance
only from calibration loss, using limited hard label
information.

Conversely, our approach evaluates block impor-
tance utilizing logits as soft labels, thereby captur-
ing richer information that focuses on maintaining
predictive performance rather than fitting to the
calibration data alone. Additionally, we introduce
a method to adjust subsequent blocks’ activation
statistics to mitigate cumulative degradation effects
from pruning, a critical factor often ignored in prior
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Table 1: Perplexity results on C4 dataset. The data in bold represents the best performance at the same sparsity level.
The comparison is conducted within the scope of methods where the pruning unit is T.Block (T.Block: Transformer
Block. Note: For brevity, "Shortened LLaMA" is abbreviated as "Shortened" throughout all tables).

Method Pruning Sparsity Qwen2.5 LLaMA-2 LLaMA-3 Avg.

Unit 1.5B 3B 7B 32B 7B 13B 70B 3B 8B

Dense - 0% 15.12 13.36 11.88 10.17 7.26 6.73 5.71 11.33 9.54 10.12

SliceGPT Channel 20% - - - - 26.06 22.90 15.84 - - -
SliceGPT Channel 25% - - - - 32.74 29.86 20.03 - - -
SliceGPT Channel 30% - - - - 41.69 38.43 25.79 - - -

ShortGPT T. Block 10% 22.49 17.12 13.65 10.86 10.31 7.98 6.52 18.94 15.84 13.75
Shortened T. Block 10% 19.75 16.62 13.71 10.85 9.36 7.93 6.40 17.34 15.02 13.00
SLEB T. Block 10% 17.70 15.79 13.66 10.88 9.34 7.78 6.43 16.07 13.61 12.36
Ours T. Block 10% 17.53 16.19 13.64 10.84 9.09 7.77 6.36 15.56 13.44 12.27

ShortGPT T. Block 30% 50.02 45.54 28.98 19.83 27.93 15.55 10.08 213.72 124.49 59.57
Shortened T. Block 30% 35.97 25.50 23.85 19.56 32.51 14.91 9.41 69.10 33.40 29.36
SLEB T. Block 30% 30.04 24.79 23.38 14.65 17.42 11.84 8.95 38.76 25.35 21.69
Ours T. Block 30% 29.95 24.36 21.99 14.10 15.29 11.10 8.82 36.07 23.65 20.59

ShortGPT T. Block 50% 799.88 452.12 36742.46 104.84 1325.62 199.98 34.24 1445.57 2086.18 4798.99
Shortened T. Block 50% 98.20 301.89 181.14 854.99 156.25 61.98 16.51 447.70 251.33 263.33
SLEB T. Block 50% 85.74 85.21 70.32 33.47 85.96 31.48 18.57 158.63 136.29 78.41
Ours T. Block 50% 80.69 76.60 60.46 25.93 41.21 21.08 14.65 116.97 80.50 57.57

methods. Consequently, our approach achieves su-
perior average perplexity results across all sparsity
levels, demonstrating enhanced generalization ca-
pabilities.

4.2 Zero-shot Task Evaluation
To further validate the generalization capabilities
of pruned models, we conduct a comprehensive
evaluation on various zero-shot tasks. Table 2
summarizes the average accuracy achieved by var-
ious pruning techniques, along with the inference
speedup ratios, which were empirically measured
using the LLaMA-2-7B model.

Our evaluation spans multiple model scales
within the Qwen2.5 and LLaMA families, provid-
ing a detailed comparison of both channel-wise
and block-wise pruning methodologies. Consis-
tent with prior findings (Song et al., 2024), block-
wise pruning methods exhibit a distinct advantage
over channel-wise approaches in terms of computa-
tional acceleration, achieving notably higher infer-
ence speedup at equivalent sparsity levels. When
matched for similar inference acceleration, block-
wise methods consistently yield superior zero-shot
task accuracy, reinforcing the practical efficiency
and effectiveness of block-level structural prun-
ing. Importantly, among the block-wise pruning
methods evaluated, our proposed approach consis-
tently delivers superior average accuracy across all
sparsity configurations. These robust performance
underscores our method’s potential as optimized

pruning strategies for LLMs, effectively preserving
the generalization ability of pruned models. The
indices of the pruned blocks for different methods
and models are listed in Table 12.

4.3 Ablation Study
We conduct ablation experiments to evaluate the
contribution of each component in our pruning
method. Table 3 compares the perplexity of SLEB
and our approach, with and without ASC, across
different sparsity levels on the Wikitext2 and C4
datasets using LLaMA-2 models.

“Ours w/o ASC” shows the effect of the LDS
metric, which consistently outperforms SLEB, con-
firming that our logit-based measure better identi-
fies the importance of blocks with minimal impact
on model performance and generalization. With
ASC enabled (“Ours w/ ASC”), perplexity further
decreases, demonstrating that adjusting activation
statistics effectively mitigates the cumulative degra-
dation from block pruning. This supports our view
that correcting activation shifts is critical for main-
taining stable information flow in pruned transform-
ers. The experimental results of applying ASC to
other methods are provided in Appendix A.2.

Additionally, following the methodology out-
lined in previous work (Song et al., 2024), we
perform fine-tuning experiments on the LLaMA-2
models pruned at a sparsity level of 50%. Specif-
ically, fine-tuning is carried out using Low-Rank
Adaptation (LoRA) (Hu et al., 2021) with rank 8,

3728



Table 2: Mean accuracy (%) on zero-shot tasks. The data in bold represents the best performance at the same
sparsity level. The comparison is conducted within the scope of methods where the pruning unit is T.Block.

Method Pruning Sparsity Speedup Qwen2.5 LLaMA-2 LLaMA-3 Avg.

Unit 1.5B 3B 7B 32B 7B 13B 70B 3B 8B

Dense - 0% 1.00x 64.87 68.17 72.12 75.56 69.00 71.76 76.57 67.80 73.66 71.06

SliceGPT Channel 20% 1.05x - - - - 58.17 63.45 72.34 - - -
SliceGPT Channel 25% 1.11x - - - - 55.49 58.90 69.75 - - -
SliceGPT Channel 30% 1.15x - - - - 51.50 55.16 66.11 - - -

ShortGPT T. Block 10% 1.13x 56.97 62.52 66.37 75.41 64.15 69.68 70.11 57.66 68.45 65.70
Shortened T. Block 10% 1.13x 58.80 60.43 66.96 76.27 61.56 69.69 73.57 54.55 60.62 64.72
SLEB T. Block 10% 1.13x 59.76 61.66 67.31 75.19 62.13 66.72 73.44 57.21 68.05 65.72
Ours T. Block 10% 1.13x 59.80 61.91 67.38 76.06 61.99 66.73 74.04 57.76 67.16 65.87

ShortGPT T. Block 30% 1.42x 46.77 49.47 51.48 65.70 51.29 59.34 66.05 45.04 50.48 53.96
Shortened T. Block 30% 1.42x 48.97 52.30 52.16 61.09 47.63 60.53 66.05 44.81 50.75 53.81
SLEB T. Block 30% 1.42x 49.49 53.17 51.63 65.98 51.93 58.93 66.55 46.22 51.35 55.03
Ours T. Block 30% 1.42x 48.91 52.63 52.22 67.26 52.58 60.57 67.34 46.33 51.10 55.44

ShortGPT T. Block 50% 1.61x 39.25 38.93 36.68 42.89 39.11 41.14 50.09 38.31 40.09 40.72
Shortened T. Block 50% 1.61x 40.62 40.26 39.68 36.73 38.26 44.87 54.64 39.06 39.66 41.53
SLEB T. Block 50% 1.61x 41.08 42.06 41.82 50.17 40.68 46.46 55.57 39.14 39.23 44.02
Ours T. Block 50% 1.61x 41.14 41.91 42.16 55.47 43.91 47.64 56.71 40.71 42.57 45.80

Table 3: Comparison of SLEB and our method (w/ and
w/o ASC) under different sparsity levels on Wikitext2
and C4 datasets for LLaMA-2 models((–): without fine-
tuning; (✓): with fine-tuning).

Method Sparsity LLaMA-2-7B LLaMA-2-13B

&FT Wikitext2 C4 Wikitext2 C4

SLEB 10%(-) 6.95 9.34 5.63 7.80
Ours w/o ASC 10%(-) 6.79 9.13 5.63 7.79
Ours w/ ASC 10%(-) 6.77 9.09 5.58 7.77

SLEB 30%(-) 13.82 17.42 8.85 11.84
Ours w/o ASC 30%(-) 13.94 16.12 8.73 11.75
Ours w/ ASC 30%(-) 12.68 15.29 8.26 11.10

SLEB 50%(-) 106.2 85.96 27.83 31.48
Ours w/o ASC 50%(-) 72.65 59.51 28.10 28.51
Ours w/ ASC 50%(-) 41.77 41.21 18.60 21.08
SLEB 50%(✓) 18.14 20.20 12.75 15.16
Ours w/o ASC 50%(✓) 16.86 19.26 12.21 15.13
Ours w/ ASC 50%(✓) 16.38 18.75 12.27 15.07

trained for a single epoch on the Alpaca dataset.
The experimental results after fine-tuning, shown
in Table 3, indicate that models pruned using our
method consistently outperform those pruned by
SLEB. This further underscores the robustness and
effectiveness of our pruning methodology, high-
lighting its ability to retain and even enhance the
fine-tuned model’s performance.

4.4 Impact of Calibration Dataset

To systematically explore how the choice of cali-
bration data influences the effectiveness of pruning
methods, we conduct an extensive set of experi-

ments using two distinct calibration datasets: Wiki-
Text2 and C4. Specifically, we evaluate pruning
performance at a fixed sparsity level of 30%, ap-
plying both our proposed method and the SLEB
baseline to two representative model architectures,
LLaMA-2-7B and Qwen2.5-7B. The results of
these experiments are summarized and illustrated
in Figure 5. The experimental results reveal that
our method exhibits substantially smaller perfor-
mance fluctuations when changing the calibration
dataset, compared to SLEB. Specifically, while the
SLEB method demonstrates considerable sensitiv-
ity to the choice of calibration data, our method
remains consistently robust, displaying minimal
variation in performance. This reduced sensitiv-
ity implies that our approach effectively mitigates
the risk of calibration-data overfitting and is capa-
ble of delivering stable pruning outcomes across
varied datasets, further underscoring its practical
robustness and reliability.

Moreover, we investigate the impact of the size
of the calibration dataset on pruning effectiveness.
To this end, we systematically vary the number of
samples included in the calibration dataset, main-
taining a fixed sparsity ratio of 30% on the LLaMA-
2-7B model. To isolate the effect of calibration
dataset size, we directly utilize the calibration set as
the validation set for hyperparameter k tuning, en-
suring no additional data is introduced into the pro-
cess. Results from this analysis are depicted in Fig-
ure 6. Our observations confirm that, as expected,
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Figure 5: Perplexity results with different calibration
datasets.

Figure 6: The perplexity results of pruning on Llama2-
7B using different calibration dataset sizes.

both our method and SLEB exhibit improved prun-
ing performance as the calibration dataset size
increases, demonstrating that a larger calibration
set generally provides richer information to better
guide pruning decisions. However, notably, our
method consistently outperforms SLEB across al-
most all calibration sizes and, importantly, achieves
superior results even with fewer calibration exam-
ples. This clearly highlights that our method is not
only more effective but also more data-efficient,
reducing reliance on extensive calibration datasets
to achieve robust pruning results.

5 Conclusion

In this paper, we have introduced the Logit Disrup-
tion Score (LDS) and Activation Statistics Correc-
tion (ASC), two complementary techniques aimed
at enhancing block-wise pruning for large lan-
guage models (LLMs). LDS provides a novel
criterion for block importance evaluation by fo-
cusing on logit similarity rather than hard labels,
effectively capturing the core predictive capabili-

ties of LLMs and reducing overfitting to calibra-
tion datasets. ASC addresses distributional shifts
caused by block removal through affine transfor-
mations, ensuring stability and information flow
in subsequent blocks without retraining. Our ex-
tensive experiments across multiple datasets and
model architectures, including the Qwen2.5 and
LLaMA families, demonstrate that our proposed
methods significantly outperform existing pruning
strategies. LDS effectively identifies redundant
blocks, and ASC consistently mitigates pruning-
induced performance degradation without training,
thus maintaining superior generalization capabili-
ties even at higher sparsity levels. Furthermore, our
approach shows robustness across various calibra-
tion datasets and dataset sizes, highlighting its prac-
tical applicability. Overall, our findings underline
the effectiveness of logits-based pruning strategies
and distributional corrections for achieving compu-
tationally efficient and high-performing LLMs suit-
able for deployment in resource-constrained sce-
narios. Future research can further explore novel
performance recovery techniques to fully maximize
the potential of pruned models.

Limitations

Our work has several limitations. First, the LDS
component introduces a hyper-parameter k, which
requires tuning on a small calibration dataset. This
process marginally increases the pruning time.
While the overhead is negligible for small-scale
models, it becomes more pronounced for large-
scale models (e.g., 32B or 70B parameters). Sec-
ond, the proposed ASC module, despite having
only two scaling parameters, necessitates alter-
ations to the original model architecture. A promis-
ing future direction would be to integrate its func-
tionality into existing model components. Finally,
while our method is training-free and yields signifi-
cant perplexity (PPL) improvements, its gains on
zero-shot tasks are not as substantial. We note that
this evaluation follows the SLEB benchmark setup,
which utilizes a limited number of zero-shot tasks,
potentially affecting the comprehensiveness of our
task performance assessment.
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A Appendix

A.1 Hyperparameter and Pruning Method
Analysis

To comprehensively examine our pruning method,
we perform two supplementary analyses on the
LLaMA-2-7B model to maintain consistency in
experimental conditions.

We first investigate the sensitivity of our method
to the hyperparameter k, which controls the propor-
tion of logit dimensions retained when calculating
LDS. The left subfigure of Figure 7 illustrates per-
plexity scores on the validation set at a sparsity
level of 30%, as well as the WikiText2 and C4 test
sets, across various values of k. The results clearly
indicate a strong alignment between validation and
test performances, demonstrating that the optimal k
identified on the validation set reliably generalizes
to the test scenarios. Notably, employing only the
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Figure 7: The impact of hyperparameter k on our
method; Comparison of perplexity between iterative
and single pruning on LLaMA-2-7B

top 1% of logit dimensions (k = 0.01) yields supe-
rior performance compared to utilizing the entire
logit vector (k = 1). This suggests that essen-
tial predictive information is highly concentrated
within a small subset of dimensions exhibiting the
highest logit values, while lower-value dimensions
predominantly contain less relevant or noisy sig-
nals. Nevertheless, an excessively restrictive choice
of k leads to performance deterioration, underscor-
ing the necessity of balancing the informativeness
of retained logit dimensions with noise exclusion.

We further explore the impact of iterative prun-
ing compared to single-step pruning by evaluat-
ing their respective perplexities on the WikiText2
dataset without employing ASC. The comparative
results, depicted in the right subfigure of Figure 7,
show that at lower pruning ratios, iterative and
single-step pruning perform similarly. However, as
the sparsity level increases, iterative pruning signif-
icantly outperforms single-step pruning, achieving
notably lower perplexity. This observation high-
lights iterative pruning’s ability to dynamically re-
assess and mitigate cumulative performance losses
arising from successive block removals. Despite
iterative pruning requiring higher computational
overhead due to repeated block importance recalcu-
lations, it provides substantial performance benefits
at high sparsity levels.

A.2 Other Methods with ASC

To evaluate the flexibility of our method, we
applied ASC to several baseline methods and
conducted experiments on models including the
Qwen2.5 and LLaMA families. As summarized
in Table 4, ASC leads to systematic improvements
across all tested baselines, consistently enhancing
their performance. These results underscore the
broad applicability and effectiveness of our pro-
posed ASC approach.

Table 4: Comparison of the baseline method with and
without ASC at 50% sparsity: reporting PPL on C4 and
mean accuracy (as in Table 2). ((–): without ASC; (✓):
with ASC).

Method Qwen2.5-7B LLaMA-2-7B LLaMA-3.1-8B

PPL↓ Acc. PPL↓ Acc. PPL↓ Acc.

ShortGPT(-) 36742.46 36.68 1325.62 39.11 2086.18 40.09
ShortGPT(✓) 7199.78 36.80 129.75 40.80 522.95 41.58

Shortened(-) 181.14 39.68 156.25 38.26 251.33 39.66
Shortened(✓) 147.40 40.03 143.62 39.34 157.88 40.43

SLEB(-) 70.32 41.82 85.96 40.68 136.29 39.23
SLEB(✓) 58.40 43.08 56.49 41.70 87.59 40.92

A.3 Analysis of Logits vs. Last-Block Outputs

To further substantiate our methodological choice
of utilizing model logits rather than solely rely-
ing on the final block’s intermediate representa-
tions for block importance estimation, we intro-
duce an additional evaluation metric, termed the
Output Disruption Score (ODS). Formally, ODS
measures the disruption caused by pruning a given
transformer block through the cosine similarity of
representations produced by the model’s final trans-
former block before and after pruning, defined as:

ODS(i) = 1− 1

N

N∑

n=1

sim
(
h
(max(I))
I\{i} , h

(max(I))
I

)
, (5)

While this approach may intuitively capture lo-
cal block-level effects, relying solely on the last-
block output representations has several critical
limitations compared to using logits. Firstly, log-
its possess a substantially higher dimensionality
relative to intermediate block outputs, inherently
encompassing richer semantic and predictive infor-
mation. Secondly, each logit dimension directly
corresponds to a specific vocabulary token, en-
abling straightforward identification and selective
retention of highly informative logits, while simul-
taneously providing a convenient mechanism to
discard less informative (low-value) dimensions,
thus effectively mitigating noise. Empirical results
presented in Table 5 further support these theoret-
ical considerations. The performance evaluation
consistently indicates that logit-based block prun-
ing achieves superior results compared to the alter-
native method utilizing only the final transformer
block outputs. This empirical evidence highlights
that logits provide a more comprehensive represen-
tation of the model’s overall predictive capabilities,
thereby allowing pruning decisions to more effec-
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Table 5: Comparison of ODS and LDS for block impor-
tance on C4 PPL and zero-shot accuracies for LLaMA-2
models at a sparsity level of 30%.

Method LLaMA-2-7B LLaMA-2-13B LLaMA-2-70B

PPL↓ Acc. PPL↓ Acc. PPL↓ Acc.

ODS 16.49 52.55 11.95 58.57 9.50 66.18
LDS 15.50 52.73 11.70 58.59 8.90 66.56

Table 6: Comparison of Softmax and TopK strategies in
LDS at 50% sparsity: reporting PPL on C4 and mean
accuracy (as in Table 2).

Method Qwen2.5-7B LLaMA-2-7B LLaMA-3.1-8B

PPL↓ Acc. PPL↓ Acc. PPL↓ Acc.

Ours(Softmax) 62.27 42.12 51.31 40.62 80.47 41.08
Ours(TopK) 60.46 42.16 41.21 43.91 80.50 42.57

tively preserve the inherent functionality of the
original, unpruned model.

A.4 Analysis of Softmax vs. TopK

We evaluated the effectiveness of using Softmax
for noise suppression in LDS and compared it with
the Top-k approach. As shown in Table 6, Soft-
max generally underperforms compared to Top-k.
This may be attributed to the tendency of Softmax
to transform the original multi-modal distribution
of logits into a unimodal one, leading to some in-
formation loss and thus suboptimal performance
under high sparsity.

A.5 Downstream Task Gains Corresponding
to Table 3

In addition to perplexity results reported in Table 3,
we further evaluate the downstream task perfor-
mance of pruned models under the same settings.
This analysis provides a more comprehensive as-
sessment of model quality beyond language model-
ing metrics.

Table 7 reports the mean zero-shot accuracy on
downstream benchmarks for models pruned at 50%
sparsity, both before and after fine-tuning. The
results demonstrate that Activation Statistics Cor-
rection consistently improves downstream perfor-
mance not only immediately after pruning, but also
after subsequent fine-tuning. This indicates that
ASC effectively preserves the model’s trainability
and latent knowledge, enabling pruned models to
better recover and utilize their original capabilities
during adaptation.

Table 7: Downstream zero-shot accuracy (%) corre-
sponding to Table 3 at 50% sparsity for LLaMA-2 mod-
els ((–): without fine-tuning; (✓): with fine-tuning).

Method Setting LLaMA-2-7B LLaMA-2-13B

SLEB 50%(-) 40.68 46.46
Ours w/o ASC 50%(-) 42.32 47.54
Ours w/ ASC 50%(-) 43.91 47.64

SLEB 50%(✓) 45.94 52.47
Ours w/o ASC 50%(✓) 47.41 52.54
Ours w/ ASC 50%(✓) 49.11 53.94

Table 8: Vocabulary sizes of the evaluated models.

Model Vocab Size

Qwen2.5-0.5B 151,936
Qwen2.5-3B 151,936
Qwen2.5-7B 152,064
Qwen2.5-32B 152,064
LLaMA-2 32,000
LLaMA-3 128,256

A.6 Vocabulary Size and Generation
Throughput

Table 8 lists the vocabulary sizes of the language
models evaluated in this work.

In addition to prompt processing efficiency re-
ported in the main paper, we further evaluate to-
ken generation throughput to better reflect practical
deployment scenarios. We report throughput in
tokens per second (tokens/s) for LLaMA-2-7B on
NVIDIA RTX 6000 Ada Generation GPUs.

The evaluation setup consists of autoregressively
generating sequences of 128 tokens with a batch
size of 64. Results are summarized in Table 9.
Block-wise pruning achieves substantial through-
put improvements at higher sparsity levels, signifi-
cantly outperforming channel-wise pruning under
the same hardware configuration.

A.7 Evaluation on Conversational Reasoning
and Instruction Following

To further assess the instruction-following and con-
versational reasoning capabilities of pruned models,
we conduct additional evaluations on the MuTual
dataset. MuTual is a multi-turn dialogue reason-
ing benchmark that requires models to select the
most appropriate response given a conversational
context.

We evaluate models from different model fam-
ilies under various sparsity levels and report both
Recall@2 (R@2) and Mean Reciprocal Rank
(MRR), which are standard metrics for MuTual.
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Table 9: Generation throughput (tokens/s) on LLaMA-
2-7B with different pruning methods.

Method Sparsity Tokens/s

Dense – 1254
SliceGPT 20% 1332
SliceGPT 25% 1404
SliceGPT 30% 1442
Block-wise pruning 10% 1386
Block-wise pruning 30% 1623
Block-wise pruning 50% 2349

Table 10: Performance on the MuTual dataset for eval-
uating multi-turn conversational reasoning. R@2 and
MRR are reported for different models and sparsity lev-
els.

Method Sparsity LLaMA-2-7B Qwen2.5-7B LLaMA-3-8B

R@2 MRR R@2 MRR R@2 MRR

SLEB 10% 43.79 0.6741 42.89 0.6942 41.31 0.6804
Ours 10% 43.91 0.6889 43.91 0.6910 42.33 0.6789

SLEB 30% 43.45 0.6423 43.57 0.6193 43.68 0.6284
Ours 30% 45.32 0.6356 44.47 0.6317 43.68 0.6321

SLEB 50% 43.45 0.5905 43.34 0.6082 43.68 0.5923
Ours 50% 44.36 0.6052 43.52 0.6092 44.58 0.6045

The results are summarized in Table 10. Over-
all, our method achieves better performance than
the SLEB baseline in most settings, particularly at
higher sparsity levels, indicating improved preser-
vation of conversational reasoning ability after
pruning.

A.8 Evaluation on Reasoning-Heavy Tasks
We further extend our evaluation to reasoning-
heavy benchmarks to examine whether the pro-
posed pruning method preserves complex reason-
ing capabilities. We focus on two representative
reasoning-intensive benchmarks: GSM8K with
chain-of-thought prompting (gsm8k_cot_zeroshot)
and Big-Bench Hard (bhh_zeroshot). Both bench-
marks are widely used to assess multi-step numeri-
cal and logical reasoning. The results are summa-
rized in Table 11.

Overall, our method consistently outperforms
the SLEB baseline on reasoning-heavy tasks, par-
ticularly at higher sparsity levels. These results
indicate that our approach is effective at preserving
and even enhancing reasoning-related capabilities
in heavily pruned models.

Table 11: Performance on reasoning-heavy benchmarks
under different sparsity levels. Results are reported for
GSM8K (chain-of-thought, zero-shot) and Big-Bench
Hard (zero-shot).

Method Sparsity LLaMA-2-7B LLaMA-2-13B

gsm8k_cot bhh gsm8k_cot bhh

SLEB 10% 1.59 20.26 5.40 30.76
Ours 10% 1.59 21.87 6.09 31.23

SLEB 30% 1.21 15.14 1.67 22.73
Ours 30% 1.33 18.00 1.67 23.50

SLEB 50% 0.45 2.80 0.91 8.97
Ours 50% 0.83 6.79 0.53 15.34

Table 12: The indices of the first nine blocks pruned by
different methods on various models at 50% sparsity.

Method Model Block Index

ShortGPT Qwen2.5-1.5B 16, 15, 26, 14, 12, 24, 13, 17, 11
Shortened Qwen2.5-1.5B 14, 16, 12, 15, 10, 9, 18, 11, 17
SLEB Qwen2.5-1.5B 14, 15, 16, 13, 12, 11, 10, 9, 17
Ours Qwen2.5-1.5B 14, 13, 15, 16, 12, 11, 10, 9, 17

ShortGPT Qwen2.5-3B 21, 2, 22, 19, 20, 17, 34, 18, 29
Shortened Qwen2.5-3B 17, 19, 22, 21, 18, 20, 24, 3, 15
SLEB Qwen2.5-3B 17, 18, 19, 20, 21, 22, 23, 16, 3
Ours Qwen2.5-3B 3, 21, 22, 23, 20, 19, 18, 17, 16

ShortGPT Qwen2.5-7B 16, 17, 15, 14, 12, 25, 11, 13, 24
Shortened Qwen2.5-7B 14, 16, 17, 12, 13, 15, 18, 11, 8
SLEB Qwen2.5-7B 14, 15, 16, 17, 13, 12, 18, 11, 9
Ours Qwen2.5-7B 16, 17, 14, 15, 13, 12, 11, 18, 26

ShortGPT Qwen2.5-32B 25, 20, 21, 22, 23, 24, 26, 19, 27
Shortened Qwen2.5-32B 19, 28, 25, 18, 26, 24, 22, 23, 7
SLEB Qwen2.5-32B 19, 25, 22, 23, 26, 41, 24, 18, 2
Ours Qwen2.5-32B 20, 21, 24, 25, 23, 28, 26, 22, 2

ShortGPT LLaMA-2-7B 27, 26, 24, 23, 22, 21, 19, 18, 17
Shortened LLaMA-2-7B 14, 12, 11, 24, 23, 10, 7, 18, 15
SLEB LLaMA-2-7B 14, 23, 11, 24, 10, 27, 15, 21, 25
Ours LLaMA-2-7B 11, 12, 27, 13, 24, 29, 14, 10, 23

ShortGPT LLaMA-2-13B 33, 31, 30, 29, 28, 27, 26, 25, 24
Shortened LLaMA-2-13B 31, 28, 29, 27, 30, 33, 32, 25, 26
SLEB LLaMA-2-13B 31, 29, 10, 28, 11, 33, 19, 12, 35
Ours LLaMA-2-13B 29, 32, 27, 10, 31, 35, 11, 12, 26

ShortGPT LLaMA-2-70B 65, 60, 61, 59, 57, 54, 53, 56, 55
Shortened LLaMA-2-70B 33, 28, 30, 29, 35, 61, 57, 26, 38
SLEB LLaMA-2-70B 33, 61, 29, 50, 32, 59, 28, 27, 21
Ours LLaMA-2-70B 61, 65, 63, 60, 28, 30, 27, 29, 26

ShortGPT LLaMA-3.2-3B 22, 21, 20, 18, 17, 16, 25, 15, 12
Shortened LLaMA-3.2-3B 8, 10, 9, 23, 12, 22, 17, 11, 13
SLEB LLaMA-3.2-3B 8, 23, 9, 22, 10, 11, 7, 18, 17
Ours LLaMA-3.2-3B 8, 10, 17, 22, 9, 21, 11, 7, 18

ShortGPT LLaMA-3.1-8B 25, 24, 23, 22, 20, 19, 18, 28, 17
Shortened LLaMA-3.1-8B 14, 16, 17, 12, 13, 15, 18, 11, 8
SLEB LLaMA-3.1-8B 10, 25, 11, 26, 12, 9, 19, 8, 23
Ours LLaMA-3.1-8B 16, 17, 14, 15, 13, 12, 11, 18, 26
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Table 13: Perplexity results on Wikitext2 dataset. The data in bold represents the best performance at the same
sparsity level.

Method Pruning Sparsity Qwen2.5 LLaMA-2 LLaMA-3 Avg.

Unit 1.5B 3B 7B 32B 7B 13B 70B 3B 8B

Dense - 0% 9.26 8.03 6.85 5.02 5.47 4.88 3.37 7.81 6.24 6.33

ShortGPT T. Block 10% 15.37 10.34 8.14 5.72 7.57 5.70 4.22 16.48 10.60 9.35
Shortened T. Block 10% 12.44 10.32 8.31 5.68 7.01 5.67 4.08 11.75 9.82 8.34
SLEB T. Block 10% 11.06 9.75 8.16 5.73 6.95 5.66 4.09 11.28 8.93 7.96
Ours T. Block 10% 11.05 10.89 8.14 5.70 6.77 5.58 4.06 11.11 8.82 8.01

ShortGPT T. Block 30% 41.41 36.61 23.62 12.31 19.47 11.81 7.39 300.78 264.61 79.78
Shortened T. Block 30% 25.95 17.45 15.96 12.31 25.54 10.51 6.51 61.4 25.34 22.33
SLEB T. Block 30% 20.95 17.13 14.78 8.61 13.82 8.85 6.15 32.64 21.06 16.00
Ours T. Block 30% 20.89 16.48 14.45 8.41 13.60 8.26 6.03 29.72 18.00 15.09

ShortGPT T. Block 50% 897.64 494.98 11368.62 83.21 1360.42 142.56 31.15 1646.06 5785.72 2423.37
Shortened T. Block 50% 88.56 201.34 274.02 554.94 171.42 50.36 13.87 1005.96 853.14 357.07
SLEB T. Block 50% 72.34 72.24 51.90 23.49 106.20 27.83 11.58 177.32 159.29 78.02
Ours T. Block 50% 68.06 68.97 46.72 17.64 41.77 18.60 8.61 121.56 92.23 53.80
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