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Pruning is widely recognized as an effective method for reducing the parameters of
large language models (LLMs), enabling more efficient deployment and inference.
One classic and prominent path of LLM one-shot pruning is to leverage second-
order gradients (i.e., Hessian), represented by the pioneering work SparseGPT [1].
However, the predefined left-to-right pruning order in SparseGPT leads to subopti-
mal performance when the weights exhibit columnar patterns. This paper studies
the effect of pruning order under the SparseGPT framework. The analyses lead
us to propose ROSE, a reordered SparseGPT method that prioritizes weights with
larger potential pruning errors to be pruned earlier. ROSE first performs pre-pruning
to identify candidate weights for removal, and estimates both column and block
pruning loss. Subsequently, two-level reordering is performed: columns within
each block are reordered in descending order of column loss, while blocks are re-
ordered based on block loss. We introduce the relative range of block loss as a
metric to identify columnar layers, enabling adaptive reordering across the entire
model. Substantial empirical results on prevalent LLMs (LLaMA2-7B/13B/70B,
LLaMA3-8B, Mistral-7B) demonstrate that ROSE surpasses the original SparseGPT
and other counterpart pruning methods.

1. Introduction
Large language models (LLMs) [2–5] have demonstrated remarkable capabilities in natural language
understanding and generation attributed to the massive scale of their architectures and training
data [6–9]. However, with hundreds of billions of parameters, these models require substantial
memory and computational resources, posing significant challenges for deployment on resource-
constrained devices [10–12].
Model pruning [13–18] is an effective way to enhance model inference and deployment efficiency
by removing less critical weights while maintaining competitive performance. Traditional pruning
methods typically determine which weights to prune in a single pass based on designed criteria [19–
21], or iteratively select theweightswith the smallest pruning error for removal, followed by retraining
the remaining weights to recover performance [22–25].
Nevertheless, retraining-based approaches become prohibitively expensive and time-consuming for
LLMs given the significant computational cost required for full-model optimization. On the contrary,
pruning approaches for LLMs focus on post-training pruning (PTP) methods [1, 26–28]. Following
the classic paradigms of traditional pruning, some current approaches directly prune weights in
a single pass but without further adjusting the remaining parameters. Those methods focus on
adopting more comprehensive pruning masks [27, 28]. Another paradigm adjusts the remaining
weights by using closed-form second-order solutions [14, 29] instead of retraining, represented by
the pioneering work SparseGPT [1]. SparseGPT implements a layer-wise approximate compensation
strategy and enables few-hour unstructured pruning of hundred-billion-parameter models, safely
pruning up to 60% of parameters without fine-tuning, highlighting its value for LLMs pruning.
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(a) Change in reconstruction error (b) Weight visualization (c) Reconstruction error after reordering

Figure 1: (a) Change reconstruction error of the "self_attn.o_proj" layer in the first Transformer Block of
LLaMA2-7B during SparseGPT pruning as the number of pruned blocks increases. The sharpest increase in
reconstruction error appears at a later stage. (b) Weight visualization of the corresponding layer. It exhibits
a columnar pattern along the input channel, and there is a block with the most concentrated high-magnitude
weights as illustrated. (c) Different reconstruction error after reordering the original block with the highest
pruning error. The earlier the original block is pruned, the smaller the reconstruction error.

Revisiting the pruning process in SparseGPT, we find it adopts a fixed block2 sparsity rate and block
size during iterative blocking pruning, and differences in weight distribution across blocks lead to
obvious variations in pruning errors. Figure 1(a) shows the change of layer-wise reconstruction
error as the number of pruned blocks increases for the "self_attn.o_proj" layer in the first Transformer
Block of LLaMA2-7B, where a sharp increase occurs at the late pruning stage, while error increases
in other blocks remain relatively moderate. Figure 1(b) visualizes the weight magnitude of this
layer. The weight distribution reveals a columnar pattern where weights with similar magnitude are
concentrated within blocks. The block with the sharpest increase in pruning error in Figure 1(a)
corresponds precisely to the blockwith themost concentrated high-magnitudeweights in Figure 1(b).
Since SparseGPT performs approximate compensation using a common subset of remaining weights,
earlier pruned weights have access to more available weights for error correction. The final recon-
struction results are influenced by the pruning order. To mitigate this effect, we reorder the block
with the highest pruning error from the earliest position to the last, while preserving the relative
positions of other blocks. The resulting reconstruction errors under different modified pruning
orders are shown in Figure 1(c). Interestingly, the earlier this block is pruned, the smaller the final
reconstruction error and vice versa. This observation leads to the following question: Can we achieve
a better weight reconstruction in SparseGPT by proposing an optimized pruning order?

In this paper, we introduce ROSE, a one-shot pruning order adjustment method based on SparseGPT.
A pre-pruning step is performed to identify weights that are highly likely to be pruned, based on
which both the column-wise losses and block-wise pruning losses are calculated. Columns within
each block are reordered in descending order of their losses, while blocks are reordered according to
their block losses. We identify layers exhibiting the columnar pattern based on the fluctuation range
of block-wise loss and perform reordering for those layers. The experimental results demonstrate
that ROSE can surpass the original SparseGPT and other existing unstructured pruning methods in
prevalent LLMs. Our contributions are as follows:

• We find that a key factor in accurate one-shot pruning based on the SparseGPT framework
is the pruning order, and propose ROSE to study the problem for the first time.

• We propose a more optimal pruning order for layers that exhibit a columnar pattern and an
evaluation metric for detecting layers exhibiting such patterns.

• Extensive evaluations on prevalent models suggest our method performs favorably against
prior SoTA counterparts.

2Throughout this paper, the lowercase term "block" refers to a sub-matrix along the input channel of a single
layer.
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2. Related Work

2.1. Network Pruning
Network pruning aims to reduce redundant parameters while maintaining model accuracy [13, 14].
In terms of workflow, one pruning paradigm is to determine all weights to be pruned based on a
certain importance criterion at the initial stage and then retrain the remaining weights to recover
performance [19–21]. The other is iterative pruning, which involves repeated cycles of pruning
based on certain criteria, subsequent fine-tuning of the remaining weights, and re-assessment of
the pruning criteria. Methods in this category generally adopt a greedy order, pruning weights in
ascending order of pruning error [22, 23, 30]. As pruning progresses, the amount of remaining
weight available for compensation gradually decreases. Consequently, in the later stage, when more
significant weight is removed, the available parameters in the network become increasingly limited.
To date, no work has explored the impact of pruning order on final model performance.

2.2. Unstructured Pruning for LLMs
Unstructured pruning aims to remove unimportant individual weights from the network [13, 15],
which differs from structured pruning that aims to remove entire structures such as channels,
attention heads, filters, and layers [21, 31–33]. Unstructured pruning preserves the original model
structure and can be performed in a training-free manner [14, 29], an advantage that is particularly
critical under conditions of constrained fine-tuning resources in the era of LLMs. Recent years have
witnessed growing attention toward unstructured methods for LLMs. For instance, SparseGPT
[1] pioneers one-shot unstructured pruning for LLMs via layer-wise Hessian-based reconstruction
for compensation. Following a different yet simpler paradigm of pruning without weight updates,
Wanda [27] combines weight magnitude and activation as pruning criteria, while DSnoT [28]
improves upon it by dynamically adjusting the pruning mask. In contrast, OATS [34] approximates
eachweightmatrix as the sumof a sparsematrix and a low-rankmatrix, thereby explicitlymaintaining
the critical outlier features [35] of LLMs.

3. Prerequisites
Layer-Wise Pruning. Layer-wise pruning [29, 36]aims to remove less significant weights from each
layer sequentially while maintaining overall model performance. The pruning process for a given
layer l is formulated as a minimization problem of the ℓ2-error between the original and pruned
outputs, defined as follows:

argminŴl
||WlXl − ŴlXl||22, (1)

where Wl represents the weight matrix before pruning, Ŵl is the pruned weight matrix, and Xl

denotes the input to the layer l.
Optimal Brain Surgeon (OBS) Framework. Optimal Brain Surgeon (OBS) is based on a Taylor
expansion of the loss function. It removes the weight with minimal impact on the objective function
and updates the remaining weights to minimize the change in loss. Given a weight matrix W ∈
RM×N and the corresponding input data matrixX ∈ RD×N , letH = XX⊤ denote the corresponding
Hessian matrix, the increase in loss ∆L caused by the removal of the weight wq and the optimal
updating of the remaining weights ∆w are given by:

∆L =
w2

q

[H−1]qq
, ∆w = − wq

[H−1]qq
H−1

:,q . (2)

In the process of pruning, OBS employs an iterative update approach that involves multiple Hessian
inverse operations, leading to high computational complexity for large-scalemodels. To address these
problems, OBC [29] decomposes the objective of the layer-wise reconstruction into subproblems by
row and proposes an efficient computational framework for matrix inversion through optimized
Gaussian elimination. However, its direct application to LLMs remains computationally expensive.
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Revisiting SparseGPT. SparseGPT [1] is a one-shot pruning method that adapts the OBS framework
specifically for LLMs. It decouples pruning into mask selection and approximate sparse weight
reconstruction. For mask selection, SparseGPT selects the pruning mask for BS columns at a time
and adaptively chooses the mask during the pruning process. For weight reconstruction, it employs
a fixed left-to-right pruning order and leverages the common set of remaining pruned weights for
multi-row parallel compensation to achieve pruning acceleration. The inverse Hessian information
used for weight compensation during the whole pruning process can be stored in the lower triangular
matrix L obtained from the Cholesky decomposition [37] ofH−1 in advance:

[Hi:,i:]
−1

= Li,iL
⊤
i:,i:, (3)

whereH−1 = LL⊤.

4. Methodology
In this section, we first analyze the dilemma of adjusting the pruning order within the SparseGPT
framework and give our main solutions. Then, we propose ROSE: (1) By performing a pre-pruning
step, candidate weights with a high probability of being pruned are selected out to estimate both
column loss and block. (2) By performing two-level reordering, weights with greater potential errors
are pruned earlier. (3)By calculating the relative range of block loss to identify columnar layers, an
automatic reordering strategy is implemented for whole models.

4.1. Analyses
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Figure 2: The distribution of rela-
tive change of weights before and
after pruning. The majority of
weights remain relatively stable.

Our objective is to prioritize weights with larger pruning errors
to be pruned earlier. To achieve this, we need to determine which
weightswill be removedfirst. In SparseGPT, once a block is pruned,
the mask for the subsequent block is determined based on the
updated weights, making it difficult to precisely predict which
weights will be pruned.
Fortunately, we observe that most weights (>80%) deviate only
marginally (<30%) from their original values, as shown in Fig-
ure 2. This suggests that the relative importance of most weights
remains largely stable throughout the pruning process. Therefore,
we can first estimate which weights are highly likely to be pruned
based on the magnitudes of the initial weights, compute the corre-
sponding pruning loss, and then reorder the weights accordingly.
Additionally, since SparseGPT adopts a block-wise masking strat-
egy, we reorder each block as a whole to ensure that the mask
remains essentially unchanged.

4.2. Proposed ROSE

Pre-pruning. We estimate the potential pruning loss by performing a pre-pruning step based on
the importance of the initial weights. For the importance score for each weight, we adopt the metric
proposed in Wanda [27], which combines the weight magnitude and the corresponding input
activation. Specifically, given the weight matrix W ∈ RM×N , where M donates the number of
output channels andN donates the number of input channels, letX ∈ R(B×L)×N represent the input
activation matrix, where B represents the batch size and L denotes the sequence length. For a single
weightWij , the importance score Sij is defined as:

Sij = |Wij | · ∥Xj∥2, (4)
where · represents the element-wise product and ∥Xj∥2 denotes the ℓ2 norm of the corresponding
input activation.
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Figure 3: (a) Overview of difference between SparseGPT and ROSE. Orange color represents weight importance,
and the darker the color, the greater the importance. In SparseGPT, the number of weights available for error
compensation (shown in dark blue) decreases during pruning, limiting recovery if high-error weights are
pruned late. ROSE reorders those with potentially large pruning errors to the front to be pruned earlier. In
this way, more parameters remain available for larger error compensation. (b) Illustration of our ROSE for the
columnar layer. Given the dense weight W and target sparsity rate p%, we calculate the importance score S and
split it into blocks based on BS . The smallest p% of values from each block are selected as the loss matrix L.
Column loss and block loss are calculated based on the loss matrix. Columns within one block are reordered in
descending order of column loss, and blocks are reordered in descending order of block loss.

We construct the potential loss matrix L by performing the pre-pruning process. Following the fixed
iterative block pruning of SparseGPT, W is divided into K blocks where K = ⌈N/Bs⌉ along the
column dimension. The corresponding weight blocks and input activation blocks can be denoted
as W(k) = W[:, i1 : i2] and X(k) = X[:, i1 : i2], respectively, where i1 = (k − 1) · Bs and i2 =
min(k · Bs, N). Then we can get block score S(k) by Equation 4. Let p% be the target sparsity rate.
For each block k = 1, 2, . . . ,K, the smallest p% of elements in S(k) are extracted to form candidate
pruning loss of blocks L(k).
Two-level Reordering. In order to prioritize pruning weights with larger errors, our reordering pro-
cess includes two levels: column reordering and block reordering. Column reordering is performed
within each block separately. Specifically, the pruning loss of each column in block k is calculated as
l
(k)
j =

∑M
i=1

[
L(k)

]
ij
. The columns in eachW(k) are sorted in descending order of column loss l(k)j :

W(k) ←
[
w

(k)
j1

,w
(k)
j2

, . . . ,w
(k)
jB

]
where l

(k)
j1
≥ l

(k)
j2
≥ · · · ≥ l

(k)
jB

. (5)
For block reordering, the entire block is treated as a unit and reordered in descending order.The total
block loss is calculated as L(k) =

∑M
i=1

∑i2
j=i1

[
C(k)

]
ij
. All blocks are reordered in descending order

based on L(k):
W←

[
W(k1),W(k2), . . . ,W(kK)

]
where L(k1) ≥ L(k2) ≥ · · · ≥ L(kK). (6)

Through these two-levels reordering operations, weights with larger pruning errors are prioritized
to be pruned earlier.
Columnar Layer Identification. Reordering is performed on those layers that presented the columnar
pattern. In order to identify this structure, we use the differences in block losses for identification.
To quantify this difference, we define the relative range of block loss as:

Rrel =
maxk L

(k) −mink L
(k)

mean L(k)
. (7)

Consequently, if the relative range of block loss of a layer exceeds a predefined threshold, we classify
it as columnar layer and apply reordering to it.
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5. Experimental Results

5.1. Experiment Settings
Models and Datasets. We select the current public LLMs for evaluation, including the LLaMA2
series [38], LLaMA3 series [39], and Misrtal-7B [40]. These models range in size from 7 billion
to 70 billion parameters. We primarily assess the performance of pruned large language models
through perplexity, a widely adopted and stable metric for measuring LLM performance, and use
WikiText-2-raw [41] datasets. To further evaluate the capabilities of pruned models, we also conduct
experiments on seven standard common-sense benchmark tasks: BoolQ [42], WinoGrande [43],
PIQA [44], OpenBookQA [45], HellaSwag [46], ARC-Easy and ARC-Challenge [47]. All zero-shot
tasks are performed uniformly based on the lm-eval-harness framework [48].
Comparison Methods. We compare our method with counterpart methods, including: (1) Magni-
tude pruning [15] that removes weights based on the magnitude metric. (2) SparseGPT [1] that
utilizes approximate second-order Hessian information to evaluate weight importance and perform
weight reconstruction. (3) Wanda [27] that removes weights based on magnitudes multiplied by the
corresponding input activation norms. (4) DSnoT [28] that performs training-free fine-tuning with
dynamic masks after pruning. (5) OATS [34] that decomposes weight matrices into a sparse matrix
and a low-rank matrix, with a designed strategy to preserve critical outlier features.
Implementation Details. ROSE is implemented with the PyTorch framework [49] and HuggingFace
Transformers [50]. Consistent with previous works [1], the calibration data contains 128 samples
randomly selected from the first shard of the C4 dataset [51]. Each sample contains sequences of
2048 tokens. All experiments are conducted on NVIDIA 48GB 4090 GPUs. The results of comparison
methods are reproduced by their official code. DSnoT is combined with both Magnitude, Wanda,
and SparseGPT in its paper. In our experiments, we run them both and take the best one to put
in the results. For SparseGPT and ROSE, the blocksize is set to 128. For ROSE, the threshold for the
columnar layer is set to 0.5, and the specific reasons are explained in Appendix E.

5.2. Reconstruction Error Analyses
In this section, we evaluate the reconstruction error of the single layer using different methods. First,
we analyze the reconstruction error by all methods. The results are shown in Table 1. It can be
observed that Wanda, DSnoT, and Magnitude, which prune weights directly, exhibit a significant
increase in reconstruction error as sparsity increases. OATS, despite decomposing the weights into
the sum of a sparse matrix and a low-rank matrix, also shows large reconstruction errors. In contrast,
SparseGPT and ROSE consistently achieve lower reconstruction errors across different sparsity levels.
This is because both methods are based on the OBS second-order effective compensation. Moreover,
our method achieves a smaller reconstruction error than SparseGPT at all sparsity rates.
Figure 4 provides a detailed analysis demonstrating that ROSE achieves a lower reconstruction error
than SparseGPT. As shown in Figure 4(a), both column reordering and block reordering individually
contribute to reducing the reconstruction error, with block reordering yielding more pronounced
improvements. Meanwhile, the reduction in reconstruction error becomes more pronounced as the
sparsity level increases. Interestingly, Figure 4(b) shows the opposite trend when the order of our
method is reversed, pruning the blocks and columns first with smaller errors. This contrast strongly
indicates that the pruning order accounts for pruning error.

5.3. Main Benchmark Results
Unstructured Pruning Results. Table 2 shows the WikiText perplexity performance on LLaMA3-8B
andMistral-7B at different sparsity rates. Under high sparsity conditions, SparseGPT and ROSE clearly
outperform other approaches since they adjust the unpruned weights for error compensation. More-
over, ROSE achieves lower perplexity compared with SparseGPT at most sparsity rates. For example,
ROSE reduces perplexity from 203.45 to 172.14 at 80% sparsity rate on LLaMA3-8B.
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Figure 4: Relative reconstruction error of the "self_attn.o_proj" layer in the second Transformer Block
of LLaMA2-7B by ROSE and its variants at varying sparsity rates.

Table 1: Relative reconstruction error of the "self_attn.o_proj" layer in the second Transformer Block
of LLaMA2-7B by different methods.

Sparsity Magnitude SparseGPT Wanda DSnoT OATS ROSE (ours)

60% 1.50e-1 6.12e-2 9.39e-2 9.39e-1 1.50e-1 5.09e-2
70% 2.20e-1 8.84e-2 1.40e-1 1.40e-1 2.00e-1 7.22e-2
80% 3.20e-1 1.33e-1 2.20e-1 2.20e-1 3.00e-1 1.07e-1
90% 5.00e-1 2.37e-1 3.60e-1 3.60e-1 4.80e-1 1.81e-1

Table 2: WikiText perplexity (↓) performance on LLaMA3-8B and Mistral-7B model at varying
sparsity rates.

Method LLaMA-3 8B (Dense: 6.14) Mistral-7B (Dense: 5.32)
60% 70% 80% 90% 60% 70% 80% 90%

Magnitude 3.38e5 1.62e6 8.54e6 2.35e6 31.42 8.88e3 1.34e4 1.22e5
SparseGPT 15.23 40.48 203.45 1.10e3 9.37 21.48 78.69 286.54
Wanda 23.34 123.78 986.97 1.02e4 11.11 57.31 236.17 5.16e3
DSnoT 19.66 126.99 995.57 8.38e4 9.67 30.51 1.91e3 7.76e3
OATS 16.34 88.93 770.54 7.95e3 10.54 35.20 261.60 6.44e3
ROSE (ours) 15.50 40.29 172.14 840.10 9.30 20.86 78.96 266.88

Table 3 presents theWikiText perplexity performance and zero-shot task performance of unstructured
pruning methods on LLaMA2 models at 70% sparsity rate. SparseGPT and ROSE outperform other
pruningmethods inmost cases. Moreover, ROSE achieves lower perplexity results than the SparseGPT
across all evaluated models. In terms of zero-shot evaluations, ROSE achieves better average accuracy
across all evaluated models than SparseGPT. For task-specific evaluations, ROSE can achieve higher
accuracy in the majority of tasks across the models of different sizes. Notably, at the 7B, our approach
surpasses SparseGPT by over 1.5% in ARC-c and ARC-e tasks.
Semi-structured Pruning Results. ROSE can be extended to semi-structured pruning by changing
the pre-pruning step according to the semi-structured sparsity pattern and adjusting the blocksize
parameter accordingly. Specifically, the blocksize is set to 4 for the 2:4 pattern and to 8 for the 4:8
pattern. Table 4 and 5 show the perplexity performance of LLaMA models in two semi-structured
patterns. The results show that our approach outperforms SparseGPT in both the 2:4 and 4:8
patterns. For example, under the 2:4 pattern on the LLaMA3-8B, our method reduces perplexity on
WikiText by 0.5 compared to SparseGPT, demonstrating the effectiveness and superiority of ROSE in
semi-structured pruning.
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Table 3: WikiText perplexity (↓) and zero-shot task accuracy (↑) performance on LLaMA2 models at
70% sparsity rate for different unstructured pruning methods.

Model Method Perplexity Zero-shot Accuracy

BoolQ WinoG. PIQA OBQA HellaS. ARC-e ARC-c Avg.

LLaMA2-7B

Dense 5.47 77.68 69.14 79.05 44.20 76.01 74.54 46.33 66.71
Magnitude 4.98e4 37.95 49.25 51.52 28.00 26.32 27.90 26.96 35.41
SparseGPT 27.68 63.61 58.41 62.35 29.60 40.38 40.19 23.46 45.43
Wanda 72.58 48.50 49.33 53.86 25.80 30.21 30.64 21.33 37.10
DSnoT 60.44 62.14 55.25 63.00 30.40 39.24 44.15 25.94 45.73
OATS 50.44 60.46 51.38 55.11 28.20 32.32 32.45 21.59 40.22

ROSE (ours) 26.38 64.04 59.19 62.84 30.60 41.35 41.71 25.26 46.43

LLaMA2-13B

Dense 4.88 80.55 71.98 80.52 45.20 79.36 77.53 48.98 69.16
Magnitude 2.14e2 38.65 49.49 53.10 26.60 29.51 32.11 24.49 36.28
SparseGPT 19.78 68.17 61.88 67.85 32.20 46.70 48.11 28.67 50.51
Wanda 46.22 62.08 50.75 57.34 28.20 31.62 35.56 21.25 40.97
DSnoT 31.21 64.86 56.20 66.92 33.60 47.17 49.45 27.22 49.35
OATS 40.80 62.42 56.04 60.39 29.20 35.27 38.01 22.61 43.42

ROSE (ours) 19.54 65.90 63.22 68.01 33.00 47.61 49.54 27.99 50.75

LLaMA2-70B

Dense 3.32 83.76 77.98 82.70 48.80 83.81 81.06 57.25 73.62
Magnitude 423.46 39.57 57.14 67.63 35.80 57.20 54.55 34.56 49.49
SparseGPT 9.34 80.58 75.30 77.04 41.60 69.19 70.03 43.86 65.37
Wanda 10.59 74.10 74.03 75.63 40.00 64.73 69.99 40.78 62.75
DSnoT 8.29 79.02 73.95 77.31 42.80 71.96 69.53 42.75 65.33
OATS 9.97 75.60 73.23 75.83 40.70 68.13 69.49 41.38 63.48

ROSE (ours) 9.29 80.18 75.14 76.44 42.60 69.40 70.79 43.77 65.47

Table 4: WikiText perplexity (↓) on LLaMA
models with 2:4 pattern.

Method 2-7B 2-13B 3-8B
SparseGPT 11.00 8.77 16.33
ROSE (ours) 10.73 8.60 15.84

Table 5: WikiText perplexity (↓) on LLaMA
models with 4:8 pattern.

Method 2-7B 2-13B 3-8B
SparseGPT 8.46 7.00 12.20
ROSE (ours) 8.30 6.96 12.00

5.4. Ablation Study

Blocksize. ROSE involves reordering both blocks and the columns within one block, a process gov-
erned by the blocksize. This section investigates its performance with SparseGPT under identical
blocksize conditions on LLaMA2-7B at 70% sparsity rate. As illustrated in the Figure 5(a), ROSE ex-
hibits robustness similar to SparseGPT, with WikiText perplexity remaining stable over a wide range
of blocksize values and ROSE consistently achieves a lower perplexity than SparseGPT.
Calibration Data. Since both SparseGPT and ROSE rely on the Hessian matrix computed from calibra-
tion data for weight compensation, we analyze the impact of calibration data number and sequence
length on the LLaMA2-7B model at 70% sparsity rate. The results are shown in Figure 5(b) and 5(c).
For the number of calibration data, ROSE consistently outperforms SparseGPT by achieving lower
perplexity. Similarly, longer input sequences also lead to reduced perplexity, and ROSEmaintains its
performance advantage across all sequence lengths.
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Figure 5: Ablation study of blocksize, calibration samples, and calibration sequence length in
LLaMA2-7B at 70% sparsity rate.

Table 6: Pruning time (minutes) for pruning a whole model with a calibration set of size 128 at 70%
sparsity rate.

Model Magnitude SparseGPT Wanda DSnoT OATS ROSE (ours)
LLaMA2-7B - 4.76 1.75 1.95 572 5.15
LLaMA2-13B - 8.45 1.85 2.35 925 9.34

5.5. Running Consumption Analyses
Pruning Time Consumption. Table 6 compares the pruning computations of ROSE and other coun-
terpart pruning methods on LLaMA2-7B and 13B models. Wanda and DSnoT do not involve any
weight updates, leading to extremely fast pruning speeds. However, they suffer from significant
performance degradation at high sparsity rates, as demonstrated in Section 5.3. OATS exhibits
the longest pruning time. For instance, it requires 572 minutes to prune the LLaMA2-7B model,
which is hundreds of times that of ROSE. ROSE introduces two additional lightweight steps com-
pared to SparseGPT: computing the pruning loss and performing reordering operation. The over-
all pruning time increases marginally relative to SparseGPT (from 4.76 minutes to 5.15 minutes
on the LLaMA2-7B and from 8.45 minutes to 9.34 minutes on the LLaMA2-13B, respectively).

Table 7: End-to-end latency obtained
by differentmethods on LLaMA2-70B.

Method Latency (ms) Speedup
Dense 1791 -

SparseGPT 1458 1.23×
ROSE (ours) 1450 1.24×

InferenceAcceleration.2:4 sparsity is a common semi-structured
pattern, and NVIDIA’s CUTLASS library provides optimized
kernels for it. Results of end-to-end latency on LLaMA2-70B
can be found in Table 7. The inference results of SparseGPT
and ROSE are nearly identical. ROSE treats every group of four
weights as a unit and reorders them when handling 2:4 sparsity,
without altering the standard 2:4 sparsity pattern. The reorder
operation is conducted during pruning (shown in Appendix C), and no extra reorder operations are
needed during inference after pruning. Consequently, both versions achieve similar acceleration.

6. Conclusion
This paper introduces ROSE, a new one-shot layerwise pruning method based on the second-order
pruning framework. We are motivated by an interesting observation that certain layers in existing
LLMs exhibit a columnar pattern, and directly applying SparseGPT leads to suboptimal results. We
propose ROSE to reorder these layers, allowing columns with higher pruning loss to be processed
first, thereby preserving more adjustable parameters. ROSE employs a pre-pruning step to estimate
both column-wise and block-wise pruning loss. It leverages the relative range of block loss to identify
columnar layers and subsequently performs two-level reordering operations on them. Specifically,
within each block, columns are reordered in descending order of individual column loss, while the
blocks are reordered in descending order of block loss. Extensive results on representative LLMs
show ROSE surpasses SparseGPT and other counterpart pruning methods.
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B. Proof of Equation 3
Equation 3 employs Cholesky decomposition to pre-compute and store the inverse Hessian informa-
tion required for pruning from the first column to the last column of the matrix, thereby eliminating
the need for iterative inversion of the Hessian. The formal derivation is provided below.
First, we perform the Cholesky decomposition onH−1. It can be written as:

H−1 = LL⊤, (8)
where L is a lower triangular matrix. Then, the original Hessian matrix can be denoted as:

H =
[
H−1

]−1
=

[
LL⊤]−1

=
[
L⊤]−1

L−1. (9)
According to matrix block multiplication, the sub-matrix H starting from the i-th row and i-th
column can be expressed as:

Hi:,i: =
[
L⊤]−1

i:,i:
L−1
i:,i:. (10)

Based on this equation, we have:

[Hi:,i:]
−1

=
[[
L⊤]−1

i:,i:
L−1
i:,i:

]−1

=
[
L−1
i:,i:

]−1
[[
L⊤]−1

i:,i:

]−1

.

(11)

We can write the L and L−1 as block matrices:[
L:i,:i O
L∗ Li:,i:

]
︸ ︷︷ ︸

L

·
[
L−1
:i,:i O

L∗ L−1
i:,i:

]
︸ ︷︷ ︸

L−1

= In. (12)

where In is unit matrix with dimension n. The inverse matrix on the diagonal of a block diagonal
matrix can be written as: [

L−1
i:,i:

]−1
= Li:,i:. (13)

Similarly, for the upper triangular matrix L⊤, we can obtain:[[
L⊤]−1

i:,i:

]−1

= L⊤
i:,i:. (14)

Substituting Equation 13 and Equation 14 into Equation 11 yields Equation 3.
Overall, Equation 3 pre-stores all Hessian inverse update information during the pruning process,
which means the pruning order must be fully determined before pruning is executed. This is why
ROSEpre-determines the entire pruning order in advance rather than determining it progressively
during the pruning process.
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C. ROSE Algorithm
We present the full procedure of ROSE in Algorithm 1. First, the weight matrix is partitioned into
blocks. Within each block, we compute weight importance scores and perform minimum-element
selection based on a target sparsity to generate the pruning loss matrix. This loss matrix is then
divided into blocks, and the sum of elements within each block is computed as the block-wise
loss. Next, the relative range of block loss is calculated. If the value is below a given threshold, we
directly apply SparseGPT pruning. Otherwise, the two-step reordering operation is performed: first,
columns are reordered within each block according to their loss values; then, all blocks are globally
reordered based on their total loss. The activation matrix is correspondingly transformed, and all
indices are stored. Subsequently, SparseGPT is applied to prune the reordered weight matrix. Finally,
the resulting sparse matrix is restored to its original order using the previously saved indices.

Algorithm 1 ROSE
1: Input: Weight matrix W, input activation X, block size Bs, target sparsity p%, identification

threshold η
2: Output: Sparse matrixW
3: K ← ⌈N/Bs⌉
4: for k = 1 toK do
5: i1 ← (k − 1) ·Bs, i2 ← min(k ·Bs, N)
6: W(k) ←W[:, i1 : i2]
7: X(k) ← X[:, i1 : i2]

8: S
(k)
ij ← |W

(k)
ij | · ∥X

(k)
j ∥2

9: L(k) ← p% smallest scores in S
(k)
ij

10: L(k) ← sum (
L(k)

)
11: end for
12: Calculate relative range τ of L; ▷ Equation 7
13: if τ > η then
14: for k = 1 toK do
15: i1 ← (k − 1) ·Bs, i2 ← min(k ·Bs, N)
16: W(k) ←W[:, i1 : i2]
17: X(k) ← X[:, i1 : i2]
18: W(k) ← Reorder column (W(k)

)
▷ Equation 5

19: X(k) ← Reorder column (X(k)
)

20: end for
21: W← Reorder block (W) ▷ Equation 6
22: X← Reorder block (X)
23: W← SparseGPT (W,X, BS , p%)
24: W← Reorder back (W)
25: else
26: W← SparseGPT (W,X, BS , p%)
27: end if
28: return W
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D. More Experimental Results

D.1. Combining Quantization
We have conducted additional experiments on sparsification-quantization joint compression. Specifi-
cally, we modify the block loss to be the sum of the pre-pruning loss and the pre-quantization loss,
while keeping all other components of our method unchanged. The results of the joint compression
under 4-bit and 8-bit quantization across varying sparsity levels are shown in Table 8 and Table 9. It
can be observed that when combined with 4-bit quantization, our method achieves obvious improve-
ments over SparseGPT in zero-shot accuracy across different models and sparsity levels. Under 8-bit
quantization, our method outperforms SparseGPT in the vast majority of cases. This demonstrates
the correctness of the core idea of our method and its potential for extension to other compression
domains.

Table 8: Performance of zero-shot task accuracy (↑) on different models under 4-bit quantization at
different sparsity rates.

Group Sparsity Method BoolQ WinoG. PIQA OBQA HellaS. ARC-e ARC-c Avg.

LLaMA2-7B

0% SparseGPT 76.42 68.19 78.51 42.20 74.60 71.97 44.28 65.14
ROSE (ours) 75.84 67.88 78.45 42.40 74.60 72.22 44.62 65.14

25% SparseGPT 74.92 68.90 77.42 40.60 75.15 69.36 42.66 64.14
ROSE (ours) 73.73 68.51 78.18 40.60 75.38 70.83 46.50 64.81

50% SparseGPT 73.61 69.06 75.90 40.60 69.31 63.51 39.93 61.70
ROSE (ours) 75.99 68.35 77.48 40.60 69.78 65.45 41.04 62.67

Mistral-7B

0% SparseGPT 80.61 71.43 80.30 43.20 77.43 74.66 50.00 68.23
ROSE (ours) 80.89 72.77 81.34 43.20 78.78 76.01 50.17 69.02

25% SparseGPT 81.44 69.93 79.71 43.20 77.35 73.61 47.35 67.51
ROSE (ours) 80.64 71.11 80.96 44.00 78.51 75.80 48.98 68.57

50% SparseGPT 80.86 69.38 78.13 39.60 71.23 71.30 43.26 64.82
ROSE (ours) 81.96 69.93 78.18 39.00 72.88 71.93 43.94 65.40

Table 9: Performance of zero-shot task accuracy (↑) on different models under 8-bit quantization at
different sparsity rates.

Group Sparsity Method BoolQ WinoG. PIQA OBQA HellaS. ARC-e ARC-c Avg.

LLaMA2-7B

0% SparseGPT 77.34 68.82 79.00 44.20 76.00 74.33 46.25 66.56
ROSE (ours) 77.40 68.75 79.05 44.20 76.01 74.54 46.16 66.59

25% SparseGPT 76.97 69.61 78.84 44.60 76.26 73.06 46.50 66.55
ROSE (ours) 77.03 70.24 79.16 45.00 76.25 72.43 46.33 66.63

50% SparseGPT 75.78 70.17 77.15 41.80 71.11 67.85 41.47 63.62
ROSE (ours) 75.54 69.30 76.88 42.80 70.85 66.54 41.55 63.35

Mistral-7B

0% SparseGPT 81.99 73.88 81.77 45.00 80.40 78.49 52.30 70.55
ROSE (ours) 81.96 73.48 81.94 44.80 80.36 78.45 52.30 70.47

25% SparseGPT 82.63 72.77 81.99 43.60 80.12 77.78 51.96 70.12
ROSE (ours) 82.51 73.56 81.94 43.80 80.06 77.95 51.79 70.23

50% SparseGPT 82.17 70.64 79.33 40.80 75.29 73.99 44.54 66.68
ROSE (ours) 82.45 70.72 79.33 40.60 75.25 73.91 45.82 66.87

15



D.2. Varying Sparsity Rates
We extend our evaluation to broader sparsity regimes in Table 10 and 11. While both methods yield
competitive results under moderate sparsity, our method exhibits increasingly clear advantages over
SparseGPT at higher sparsity rates.

Table 10: Performance of zero-shot task accuracy (↑) for different unstructured pruning methods on
LLaMA3-8B at different sparsity rates.

Sparsity Method BoolQ WinoG. PIQA OBQA HellaS. ARC-e ARC-c Avg.

0% Dense 81.38 72.61 80.79 45.00 79.16 77.74 53.24 69.99

30% SparseGPT 82.14 74.03 80.09 44.20 78.54 76.60 50.43 69.43
ROSE (ours) 82.23 74.51 80.58 44.20 78.56 76.43 50.51 69.57

40% SparseGPT 82.42 73.24 79.43 42.80 76.71 74.87 50.09 68.51
ROSE (ours) 82.14 72.61 79.00 44.60 76.62 74.37 50.34 68.53

50% SparseGPT 78.41 72.85 77.64 41.60 72.92 68.73 44.11 65.18
ROSE (ours) 78.87 72.45 77.20 40.80 73.19 70.92 45.65 65.58

60% SparseGPT 75.78 68.43 72.52 37.40 61.79 59.72 34.64 58.61
ROSE (ours) 76.39 66.69 72.20 35.00 61.61 57.58 33.19 57.52

70% SparseGPT 68.78 55.88 61.15 29.60 41.12 40.11 25.34 46.00
ROSE (ours) 68.65 57.14 61.70 28.80 40.60 40.74 24.83 46.07

80% SparseGPT 53.76 49.25 53.48 25.60 28.37 30.30 20.31 37.30
ROSE (ours) 56.67 50.59 53.48 27.00 28.36 30.01 21.76 38.27

90% SparseGPT 38.07 48.62 51.52 25.00 27.07 28.49 23.29 34.58
ROSE (ours) 37.83 51.30 52.94 27.20 26.99 28.07 23.04 35.34

Table 11: Performance of zero-shot task accuracy (↑) for different unstructured pruning methods on
Mistral-7B at different sparsity rates.

Sparsity Method BoolQ WinoG. PIQA OBQA HellaS. ARC-e ARC-c Avg.

0% Dense 82.14 73.80 82.26 44.20 80.42 78.20 52.30 70.47

30% SparseGPT 82.45 72.69 81.66 43.00 79.95 77.86 51.79 69.91
ROSE (ours) 82.54 72.45 81.66 43.20 79.95 77.53 51.54 69.84

40% SparseGPT 82.75 72.45 81.34 42.60 78.49 76.01 48.55 68.88
ROSE (ours) 82.81 72.77 81.61 42.60 78.63 75.88 49.49 69.11

50% SparseGPT 83.76 72.30 79.54 40.80 75.61 74.37 44.97 67.34
ROSE (ours) 82.39 71.67 79.43 40.60 75.61 74.49 46.42 67.23

60% SparseGPT 77.83 68.11 76.82 38.80 67.25 66.58 39.76 62.16
ROSE (ours) 76.27 67.32 76.39 38.20 67.47 66.37 37.63 61.38

70% SparseGPT 67.25 58.25 65.56 31.20 46.64 46.80 27.22 48.99
ROSE (ours) 65.14 60.14 66.10 30.00 46.94 48.78 27.56 49.24

80% SparseGPT 53.91 50.75 54.13 26.80 29.56 29.63 20.90 37.95
ROSE (ours) 59.76 50.20 53.86 26.60 29.60 30.05 20.82 38.70

90% SparseGPT 37.83 48.93 52.29 25.80 27.06 28.37 25.09 35.05
ROSE (ours) 37.86 47.67 51.80 26.80 27.06 28.37 24.74 34.90
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E. Layer Analyses

E.1. Columnar Layer Visualization
Figure 6-9 reveal layers with columnar pattern in current mainstream LLMs. Specifically, lots of
columns with similar magnitudes tend to cluster together. Moreover, we also find that all matrices
exhibiting this pattern are projection matrices of self-attention output.

(a) Layer1 self_attn.o_proj (b) Layer11 self_attn.o_proj (c) Layer21 self_attn.o_proj (d) Layer31 self_attn.o_proj

Figure 6: Visualization of layers with columnar columnar distribution in LLaMA2-7B

(a) Layer1 self_attn.o_proj (b) Layer11 self_attn.o_proj (c) Layer21 self_attn.o_proj (d) Layer31 self_attn.o_proj

Figure 7: Visualization of layers with tile columnar distribution in LLaMA2-13B

(a) Layer1 self_attn.o_proj (b) Layer11 self_attn.o_proj (c) Layer21 self_attn.o_proj (d) Layer31 self_attn.o_proj

Figure 8: Visualization of layers with the columnar distribution in LLaMA3-8B

(a) Layer1 self_attn.o_proj (b) Layer11 self_attn.o_proj (c) Layer21 self_attn.o_proj (d) Layer31 self_attn.o_proj

Figure 9: Visualization of layers with a columnar distribution in Mistral-7B
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E.2. Non-columar Layer Visualization
Figure 10 and 11 present a visualization of the non-columnar layer weights. It can be observed that
the weights of these layers are distributed relatively uniformly along the input channel dimension
and no obvious columnar pattern is present.

(a) self_attn.q_proj (b) self_attn.k_proj (c) self_attn.v_proj

(d) mlp.up_proj (e) mlp.gate_proj (f) mlp.down_proj
Figure 10: Visualization of non-columar layers in LLaMA2-7B

(a) self_attn.q_proj (b) self_attn.k_proj (c) self_attn.v_proj

(d) mlp.up_proj (e) mlp.gate_proj (f) mlp.down_proj
Figure 11: Visualization of non-columar layers in LLaMA3-8B
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E.3. Difference between Columar and Non-columnar Layer
We analyze distributions of column loss and block loss in columnar and non-columnar layers. Fig-
ure 12(a) shows that for columnar layers, there is a significant disparity in block loss. For instance,
the block with the highest loss is ten times larger than the block with the lowest loss. In contrast,
for non-columnar layers, due to the relatively uniform weight distribution, the differences in losses
between blocks are minimal. Moreover, the variance between different columns within the same
block in the columnar layer remains obvious, as shown in Figure 12(b).
Overall, for those columnar layers, both block loss and column loss exhibit significant fluctuations.
This motivates us to adopt a two-stage reordering strategy: block reorder and column reorder, to let
weights with potentially greater pruning errors be pruned earlier.
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(a) Block loss (b) Column loss
Figure 12: Difference in block loss and column loss between the columnar and non-columnar layer. For the
column loss, we selected 32 consecutive columns in one block for visualization.

E.4. Hyperparameter for Identifying Columnar Layer
We conduct a statistical analysis of the relative range of block loss across different types of layers in
the whole model. Additionally, we compare the reconstruction error after reordering weight blocks
with that of SparseGPT. The statistical results in LLaMA3-8B at 70% sparsity are shown in Figure 13.
For all o_proj layers, the relative range of block loss exceeds 0.5. After applying the reordering
strategy, the reconstruction error consistently is reduced. For other layer types, the relative block
loss is generally much lower, mostly around 0.1, suggesting a more uniform block loss distribution.
After reordering, their reconstruction errors either remain unchanged or exhibit slight reductions.
Based on the above observations, we set the threshold for identifying columnar layers to 0.5, ensuring
the reconstruction error for identified layers after reordering is consistently reduced.

q k v o gate up down
Layer type

0.0

0.2

0.4

0.6

0.8

1.0

Va
lu

e

q k v o up gate down
Layer type

0.60
0.65
0.70
0.75
0.80
0.85
0.90
0.95
1.00

Va
lu

e

(a) Relative range of block loss (b) Relative reconstruction error
Figure 13: Relative range of block loss and the relative reconstruction error after reordering to that before
reordering across layers in LLaMA3-8B at 70% sparsity.
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