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Abstract

Large language models (LLMs) face significant deployment
challenges due to their massive computational demands. While
pruning offers a promising compression solution, existing
methods suffer from two critical limitations: (1) They neglect
activation distribution shifts between calibration data and test
data, resulting in inaccurate error estimations; (2) Overlook-
ing the long-tail distribution characteristics of activations in
the attention module. To address these limitations, this pa-
per proposes a novel pruning method, D% Prune. First, we
propose a dual Taylor expansion-based method that jointly
models weight and activation perturbations for precise error
estimation, leading to precise pruning mask selection and
weight updating and facilitating error minimization during
pruning. Second, we propose an attention-aware dynamic up-
date strategy that preserves the long-tail attention pattern by
jointly minimizing the KL divergence of attention distributions
and the reconstruction error. Extensive experiments show that
D? Prune consistently outperforms SOTA meth ods across
various LLMs (e.g., OPT-125M, LLaMA2/3, Qwen3). More-
over, the dynamic attention update mechanism also generalizes
well to ViT-based vision models like DeiT, achieving superior
accuracy on ImageNet-1K.

Code & Full Version — https://github.com/cquxl/D2Prune/

Introduction

In recent years, Large Language Models (LLMs) (Guo et al.
2025; Dubey et al. 2024; OpenAl 2023) have revolutionized
the field of Natural Language Processing (NLP), excelling
in complex tasks such as causal reasoning and text genera-
tion (Chi et al. 2024; Wang 2024; Mo et al. 2024; Li et al.
2024a). However, their exceptional performance comes at
the cost of substantial memory and computational demands,
posing significant challenges for deployment on resource-
constrained devices (Li et al. 2024b; Kim et al. 2024). Ex-
tensive efforts have been made in model pruning techniques,
aiming at shrinking the network size by removing redundant
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weights (Bai et al. 2024; Dong et al. 2024; Sun et al. 2023;
Frantar and Alistarh 2023). By introducing sparsity, pruning
enhances both memory and computational efficiency and has
proven effective in LLMs. Nonetheless, traditional training-
based model pruning generally requires substantial compu-
tational resources due to processes such as retraining (Liu
et al. 2018; Blalock et al. 2020), training from scratch (Hoang
and Liu 2023; Sreenivasan et al. 2022), or extensive itera-
tive pruning (Chijiwa et al. 2021; Tanaka et al. 2020). These
training-based methods are costly, especially for current large
language models (LLMs).

Recently, post-training pruning methods (Kwon et al. 2022;
Zhang et al. 2024) have emerged as a more efficient schema
for compressing LLMs as they require no additional training
resources. These methods typically design weight importance
metrics to remove redundant weights with minimal impact on
layer-wise output errors, categorized into non-weight-update
pruning (e.g., Magnitude (Han et al. 2015), Wanda (Sun et al.
2023), Pruner-Zero (Dong et al. 2024)) and weight-update
pruning (e.g., LLM Surgeon (van der Ouderaa et al. 2023),
SparseGPT (Frantar and Alistarh 2023), SparseLLM (Bai
et al. 2024), ADMM-Grad (Boza 2024)). Through in-depth
analysis, we identify two fundamental limitations in current
methodologies stemming from inadequate consideration of
activation impacts on error propagation.

First, the constant activation assumption in error es-
timation. Most mainstream pruning methods inherit the
“constant activation assumption” from early methods like
OBS (Hassibi, Stork, and Wolff 1993), which treat input acti-
vations as fixed during pruning. This assumption is valid for
small-scale networks, where the train/test data is independent
and identically distributed. It fails to hold in modern large
language models (LLMs). Our experiments reveal significant
shifts in input activation across datasets and layers. For ex-
ample, Figure 2 illustrates a segment of activation features
from the 10th layer of LLaMA-2-7B. The activation norms
exhibit significant shifts, indicating a large deviation between
the activations across datasets and layers.

Non-weight-update methods, such as Wanda and Pruner-
Zero, evaluate importance via the product of weight (or gra-
dient) magnitudes and activation norms, which essentially re-
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Figure 1: Activation distributions and their shift between upstream and downstream data in LLaMA-2-7B (layer 10). During
pruning, a small subset of C4 is used as calibration data (upstream), while downstream tasks such as WinoGrande are evaluated in
a zero-shot setting. All inputs are formatted as 128-sample sequences with maximum embedding length. The Ly norms represent

the average activation magnitude across samples.

flects output amplitude rather than true pruning error. Weight-
update methods, such as SparseGPT and OBS, explicitly ap-
proximate the pruning-induced error via the single-variable-
based Taylor expansion on the weight but omit the effect
of activation variation between calibration and downstream
data, causing inaccurate error modeling. Thus, the fixed acti-
vation assumption is fundamentally flawed for LLM pruning.
A more accurate modeling of activation shift is required for
precise error estimation and robust downstream performance.

Second, negligence of long-tail distribution in atten-
tion modules. Multi-head attention, as the core component
of Transformers, shows long-tail attention distribution (as
noted in several literatures (Zhou et al. 2021; Ji et al. 2021;
Chen et al. 2022)) where a few key tokens dominate attention
scores, which is pivotal for LLM reasoning. Nonetheless,
current pruning methods treat query (Q), key (K), and value
(V) weights in attention modules identically to linear layers
(Gate, Up, and Down in MLP modules), incurring signifi-
cant error propagation. Specifically, the non-weight-update
pruning accumulates errors in Q/K/V layers by retaining
raw weights, while weight-update pruning disrupts the
long-tail attention distribution through global weight ad-
justments. As illustrated in Figure 2, direct updates to Q/K/V
weights homogenize attention scores from the original long-
tail distribution, severely distorting the model’s focus on
critical tokens. Conversely, skipping updates leads to signif-
icant errors in attention outputs due to error accumulation.
This "all-or-nothing" approach fails to balance error com-
pensation and distribution preservation, causing catastrophic
performance drops, especially at high sparsity.

To tackle the above limitations, we propose D?Prune,
a novel pruning method for large language models via
Dual Taylor Expansion and Attention Distribution Aware-
ness. Specifically, to address the first limitation, we propose
Activation-Weight Dual-Sensitive Pruning Mechanism.
By formulating a Dual Taylor Expansion of the error func-
tion with respect to both activations and weights, our method
jointly models the impacts of activation variations and weight
perturbations on output errors, enabling precise pruning mask
selection and weight updates. This dual expansion reduces
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perplexity by approximately 10% compared to conventional
single-variable approaches , and it enhances accuracy at high
sparsity by up to 40% on downstream tasks with signifi-
cant distribution shifts . To address the second limitation, we
propose Attention Distribution-Aware Dynamic Weight
Update Strategy. Specifically, we formulate Q/K/V update
states as a combinatorial optimization problem and propose a
perplexity-guided lightweight adaptive search method that dy-
namically identifies update configurations. This strategy can
effectively preserve the attention distribution while reducing
the pruning errors by allowing weight updating. Experimental
results demonstrate that this strategy reduces the KL di-
vergence of the attention distribution and the root-mean-
square error (RMSE) of attention outputs by 61% and
43% on average compared with non-weight-update (Wanda)
and weight-update (SparseGPT) baselines. Our contributions
are summarized as follows:

» We propose a novel pruning framework (D? Prune) for
compressing LLMs, which simultaneously accounts for
activation dynamics and weight sensitivity via Dual Taylor
Expansion, enabling effective pruning mask selection and
weight updating.

* We propose an attention distribution-aware dynamic
weight update method, which dynamically identifies up-
date configurations for q, k, v weights in attention mod-
ules, achieving balance in attention distribution preserva-
tion and pruning errors compensation.

+ Experimental results demonstrate that D? Prune achieves
SOTA performance across varying parameter scales of
LLMs (including OPT-125M, LLaMA2/3 models, Qwen3-
8/14B.), with substantial improvements in perplexity and
zero-shot accuracy across various sparsity levels, espe-
cially at high sparsity.

Preliminaries

Related Work

Post-training pruning has emerged as a critical technique for
compressing Large Language Models (LLMs) (Kwon et al.
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Figure 2: Visualizing of uniformized multi-head attention in LLaMA-2-7B (80% Sparsity, 128-token sequences from C4
as Calibraion input). We compare the 3D attention scores of the surfaces in the final Transformer layer for dense models
against pruned counterparts (Wanda, SparseGPT, and our D? Prune). D? Prune selectively updates projections to optimize for
distribution consistency, successfully preserving these patterns with minimal distortion (lowest KL/RMSE).

2022; Zhang et al. 2024; Reyhan, Rahnamayan, and Bid-
goli 2024). In Appendix G, we review post-training pruning
techniques in detail, categorizing them into the non-weight-
update and weight-update pruning methods.

Problem Statement

Post-training pruning is performed by decomposing the full-
model compression problem into layer-wise pruning subprob-
lems, which can be written as:

ar%v[minHWle—(Mz®Wl)Xl||§a 0]
l

where the subscript [ represents the [, layer, X; is the ac-
tivation, W; is the weight matrix, and M is the pruning
mask corresponding to the weights, respectively. Further-
more, weight-update methods aim to adjust the remaining
unpruned weights to compensate for the pruning-induced
error, resulting in an updated weight matrix W . The opti-
mization objective is as follows:

argmin||Wle— (MZQWZ) Xl||§ 2)
MW,

Nonetheless, simultaneously solving for both the sparsity
mask and the adjustments to the remaining weights is an NP-
hard problem. Mainstream approaches (Frantar and Alistarh
2023; Bai et al. 2024; Hassibi, Stork, and Wolff 1993) typi-
cally use a pruning metric to select the pruning mask and then
optimize the remaining weights based on that mask. Prior
studies mainly adopt the layer-wise pruning error minimiza-
tion. They usually solve Eq. 1 and Eq. 2 through the single-
variable Taylor expansion with respect to weights. OBS and
SparseGPT calculate the inverse of the second-order deriva-
tive matrix (Hessian) to perform weight mask selection and
update. Specifically, the output error change of a layer can be
written in the single-variable Taylor expansion form in OBS
and SparseGPT:

B\" 1
0F = (a—) ow + —ow! How, 3)

ow 2
where H = 0?E/0w?, 6w = w — wg, 0E = E(w) —
E (wy) represents the change of the objective function (error
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or loss change). Following the principle proposed in Optimal
Brain Damage (LeCun, Denker, and Solla 1989), we define
the saliency of a parameter as the increase in the objective
function (i.e., loss) after removing that parameter. Therefore,
the goal of pruning is to minimize the change in error given by
Eq. 3, when setting one of the weights w to zero (represented
as wy). Elimating w, is expressed as dw, + wy, = 0 or
expressed in vector form more generally, that is egw +wy =
0, where e is the unit vector in weight space corresponding
to scalar wg. Then, the goal is to solve:

ow* = arg Iglin %6WTH ow  s.t. eqT owtwy =0. (4)
To solve the Eq. 4, we can form a Lagrangian function:
1
Ly = iéwT “H- 5w+ A (e ow + w,) &)

where A is a Lagrange undetermined multiplier. Finally, we
can obtain the optimal weight change dw and the change in
error 0 E:

Wq -1 wg
(H )q,(SE:qui. (6)

(H),, (),

Since L, is the increase in error and is used to reflect the
"saliency" of wq in prior studies, both the weight-update and
non-weight-update pruning methods evaluate the importance
of wy utilizing the magnitude L, or its variants. They rank
weights by L, and then prune the lowest-saliency weights to
meet the target sparsity.

oW = —

Methodology

We propose D? Prune, a novel pruning framework for LLMs.
An overview of D? Prune is shown in Figure 3 and Algo-
rithm 1 (available in Appendix A).

Dual Taylor Expansion for Mask Selection &
Weight Update
Consider a pre-trained large language model where the origi-

nal input activation of a certain layer is xq, the weight is wy,
and the output is y = o7 wy. Now, suppose we remove a
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Figure 3: Illustration of the D? Prune framework. Using the update status of g, k, and v weights in each attention layer as the
search space, we take the minimization of ppl as the objective to dynamically adapt the update strategy of the q, k, and v weights.

certain weight such that the error is £ = ||x”w —zoTwy||3,
where w = wy + dw denotes the weights retained after prun-
ing, and x is the input activation. Previous works typically
sample a small calibration set and compute layerwise in-
put activations during pruning, assuming the activations
remain constant, i.e., x = xy. However, as demonstrated
in Figure 1c, there exists a significant distributional shift be-
tween upstream and downstream activations. A more realistic
formulation is & = @ + dx, where dx is activation shift. Ne-
glecting activation shift leads to inaccurate error estimation
in prior pruning methods.

To address this issue, we now consider the error minimiza-
tion problem as a dual function of both weights and activa-
tions. The first-order partial derivative term with respect to
the weights is 0 as a network trained to a local minimum
in error, and the third and all higher-order terms converge
to 0 and can be eliminated. Therefore, following OBS and
SparseGPT (refer to Eq. 3), the functional Taylor series of
the error change with respect to weights and activations is:

T
SF = (a—E) du + GéuTHéu) , (7
ou 2
where u = (w,a:)T,g—ﬁ = (g—g,g—i)Tﬁu = (bw,dx)",

H — ( 8%E/dw? 9°E/dw dx
I?’E/ox 0w I*E/0x?
to the presence of Layer Normalization in Transformers, the
input activations of each layer are normalized during the for-
ward propagation on the calibration data. Moreover, since the
pruning-induced Jw is small, the cross terms in the Hessian

). It is worth noting that, due
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matrix become higher-order infinitesimals and have a neg-
ligible impact on error estimation (a theory derivation and
experimental verification detailed in Appendix C ). Therefore,
it is reasonable to assume that the Hessian is predominantly
dominated by its diagonal elements, such that:

OE\" 1 1
§F = <7> bz + —dw  Hy1dw + ~dx” Haypdz, (8)
ox 2 2
where 22 = —w (z"w —y), Hy, = gjﬁ = za’,
2
Hiy = 38 = wwT, §E = E (u) — E (uo) represents

the change of objective function (loss or error). Following
the principle proposed in Optimal Brain Damage (Hassibi,
Stork, and Wolff 1993), it is reasonable to define the saliency
of a parameter as the increase in the objective function (i.e.,
loss) after removing that parameter, since objective functions
play a central role in neural network pruning. Therefore, § ¥
captures the change in the objective function (i.e., network
error) caused by perturbations to the weights and activations.

Since the activations of the batch training data are not
available for each layer, computing dx directly is difficult.
Fortunately, as shown in Figure 7-9 (detailed in Appendix C,
average cosine similarity across layers reaches 0.96, range:
0.94-0.98), we observe a linear correlation between activa-
tion norm shifts across different tasks and the calibration
activations across model layers (while the relationship may
appear nonlinear at the level of individual weight dimensions
(see Figure 1), the layerwise nature of our error estimation
makes the linear approximation reasonably valid. As evi-
denced by the results in Table 12 (detailed in Appendix B.4),



this assumption leads to improved robustness in practice. We
leave more fine-grained modeling of dx to future work.

Thus, we assume that there exists a perturbation coefficient
A such that = = Az (a theoretical analysis with experimen-
tal support results detailed in Appendix C. Substituting this
into Eq. 8 and eliminating the constant coefficient term, we
can obtain:

1 1
OE = dyw'x + (5)\2 — /\) zTwwTz + iéwTHn&w
1
= Mywlz + Nox? Hopx + idwTHnéuu )

where Ay = A\, Ao = %/\2 — A denote the perturbation coeffi-
cients of the first-order activation bias and the second-order
activation bias term, respectively. the goal of pruning w,
should satisfy wq + dw, = 0, ie., e]dw + w = 0, the
solution of dw and § F can be obtained using the Lagrange
multiplier method as follows:

w
6w:77q H
(H11 )qq ( 11)
1 w?
L, —Aly'w z+ Aoz’ H22:13+ [ (10)

2 (Ht),,

Finally, we use L, as the pruning metric S to select the
pruning mask and update the weights with dw. It is worth not-
ing that, unlike pruning methods such as SparseGPT, Wanda,
and Pruner-Zero, our pruning metric S explicitly incorpo-
rates the output activation (i.e., y, the input activation of the
next layer), demonstrating its ability to model cross-layer
dependency.

Attention Distribution-Aware Dynamic Weight
Update Strategy

For the g/k/v weights in the attention module, under the
pruning mask obtained by dual error minimization and after
pruning a certain weight w,,, the weights are updated as
w; = wh — dw; (i # m), where wf denotes the original i-
th weight, ow; = «; wq(ozi = (Hil)qi/(Hil)qq) . The
original attention of the i-th token is:

Vd

where (Q, K, V'), corresponds to the query, key, and value
of the i-th token. n denotes the number of tokens and d is
the feature dimension. The softmax operator computation
result is proportional to the product of g; and the transposed
k; and the attention is proportional to the elements of v;.
The long-tail distribution of multi-head attention is critical
for semantic understanding in LLMs, where a small fraction
of positions carry disproportionately large, critical weights.
Unconstrained linear updates to the remaining q/k/v weights
shift these relative magnitudes, distorting the original long-
tail pattern and undermining attention fidelity. As illustrated
in Figure 2, the non-weight-update method can better main-
tain the long-tail distribution while achieving worse model
performance.

k"
Attention (Q, K, V), Zsoftmax( J >vj, (11)
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However, by entirely refraining from updating pruned
g/k/v weights, local errors propagate and accumulate across
layers. To address this issue, we propose an attention
distribution-aware dynamic weight update strategy that ex-
plicitly preserves key attention patterns via a distribution-
constrained optimization objective. After pruning off the m-
th weight for q, k,v weights of multi-head attention (MHA)
and under the pruning mask selection based on the dual er-
ror minimization method, the restoration of g/k/v weights is
equivalent to solving the following optimization problems:

min Ly, +p - KL (MHA(u?q/k/,,) I MHA(wq/k/U)) ,

OWq/k /v
st 0wgyp/w € {0, —ag/m/wyyp )

S e, — (L o3,
*€{q,k,v}

Eq/k/v =

Wq/k/o = Wa/k/v + OWq/k/v,
12)
where L1/, measures the output error from pruning for g, k,
and v layer. KL is the Kullback-Leibler divergence enforcing
the pruned attention distribution to mimic the original long-
tail pattern. p is the Lagrangian multiplier, which balances
error minimization and distribution preservation. dwg /.,
TEPrESENts oWy, OWy OF OWy, Qg L/, denotes ay, ay or
a,. The essence of the above optimization problem is to
determine whether the q, k, and v weights need to be updated.
To solve this problem, we explicitly formulate the up-
date strategy of ¢, k, and v weights as a constrained op-
timization problem that balances pruning error minimiza-
tion and attention distribution preservation. Specifically,
we design the search space using the binary update status
{update, non-update} for each of the ¢, k, and v weights
in attention layers: "update" enables weight adjustment to
compensate for pruning-induced errors, while "non-update”
preserves the original weight structure to maintain the long-
tail attention distribution. To identify the optimal configura-
tion, we adopt perplexity (ppl) as the objective metric, which
comprehensively reflects both the model’s language model-
ing performance (linked to pruning error L,/ /,,) and the
fidelity of attention patterns (linked to KL divergence of dis-
tributions). This dynamic adaptation process leverages the
cross-layer consistency of outlier ratios in ¢/k/v weights
(e.g., 98% layers in LLaMA-2-13B show the highest outlier
ratio in k matrix, see Figure 10 in Appendix D) to reduce
the search space, ensuring efficiency while aligning with the
dual optimization goal of minimizing error and preserving
distribution.

Experiments
Experimental Settings

We compare D? Prune with three main baselines, including
weight-update pruning methods such as SparseGPT (Frantar
and Alistarh 2023) and non-weight-update pruning methods
such as Wanda (Sun et al. 2023) and Pruner-Zero (Dong et al.
2024), and all experiments are conducted on an NVIDIA A40
GPU. Moreover, given the potential of our dynamic attention
update mechanism for global modeling, we also compare our
method with a global pruning approach, SparseLLM (Bai



. ‘ OPT-125M LLaMA-2-7B LLaMA-2-13B LLaMA-2-70B LLaMA-3-8B
Sparsity Method
\ PPL| ACC1?t \ PPL | ACCT\ PPL| ACC?Y \PPLi ACCT\ PPL | ACC 1
0 \ Dense \ 27.66 39.68 \ 5.12 64.38 \ 4.57 67.06 \ 3.12 71.50 \ 5.54 68.40
SparseGPT 36.85 39.82 6.52 60.35 5.63 64.87 3.98 71.35 8.56 63.13
50 Wanda 38.88 39.75 6.44 60.46 5.58 64.17 3.98 70.96 9.06 61.02
runer-Zero . . . . . . - - . .
P Zi 38.80 39.09 6.43 59.26 5.57 64.21 8.52 60.28
D? Prune (Ours) 34.98 40.39 6.36 61.06 5.53 65.90 3.93 71.60 8.34 63.58
SparseGPT 59.46 39.37 9.56 55.34 7.77 60.26 4.98 70.09 14.40 55.39
60 Wanda 74.39 39.45 9.89 53.91 7.87 59.57 4.99 69.04 22.80 48.12
runer-Zero . . 3 . . . - - . .
P Zi 68.07 39.32 10.34 52.52 7.82 58.12 20.30 50.65
D? Prune (Ours) 52.10 40.14 9.05 56.08 7.49 60.81 4.88 70.65 13.44 56.95
SparseGPT 218.29 36.31 29.62 44.75 18.20 48.12 8.61 63.49 38.85 43.56
70 Wanda 347.42 35.43 84.92 36.68 44.86 39.75 40.27 60.44 114.30 37.07
runer-Zero . 36. . . . .33 - - . .
P Zi 317.87 36.88 151.92 38.09 44.76 43.33 280.33 36.17
D?Prune (Ours) | 160.81 38.09 21.10 47.97 16.51 48.32 8.17 64.06 33.37 44.82
SparseGPT 2140.55  35.08 102.43 36.23 99.14 38.28 25.86 47.71 178.01 36.95
30 Wanda 1920.63  34.93 5107.20 33.72 1384.40  34.67 156.68  37.98 224591 34.87
runer-Zero . 35. . . . . - - . 3
P Zi 1251.38  35.06 1024470  34.83 | 2040.65 35.09 10420.01 35.31
: rune urs R . o o o o . A o .
D?P (Ours) | 1038.87  36.29 92.68 39.09 76.80 39.42 21.37 48.09 151.47 38.73
SparseGPT 59.76 10.18 8.39 5.32 14.16
2.4 Wanda 79.80 ) 11.35 ) 8.37 . 5.18 ) 22.86 )
: Pruner-Zero 70.92 11.16 8.05 - 23.56
D?Prune (Ours) | 59.43 10.00 8.02 5.12 14.10
SparseGPT 1365.58 154.23 147.23 54.84 281.74
3.4 Wanda 2497.68 ) 3111.14 ) 5815.71 . 386.57 ) 13054.17
’ Pruner-Zero 2946.15 7913.18 4134.56 - 854085.30
D?Prune (Ours) | 1346.36 136.89 143.69 48.06 190.35

Table 1: Pruning comparison across language modeling and zero-shot tasks at different sparsity levels (middle: 50%, 60% and

2:4, high: 70%, 80% and 3:4).

et al. 2024), which iteratively updates activations and weights
in the MLP modules to minimize global error detailed results
in the Appendix B.5). In addition, we further evaluate our
method on the latest large language models Qwen3-8B and
14B (Bai et al. 2023), as well as the vision transformer model
DeiT (Touvron et al. 2021) built on the ViT (Dosovitskiy
et al. 2020) architecture detailed in Appendix B.3). Following
prior studies, we assess and compare various pruning meth-
ods based on language modeling with the perplexity metric
(ppD) and the zero-shot accuracy for downstream tasks. For all
pruning algorithms, we use the C4 (Raffel et al. 2020) train-
ing set as the calibration dataset, and we use 128 samples and
segment the pre-trained LLMs according to their maximum
embedding dimensions. For the language modeling compari-
son, we assess the perplexity on the WikiText2 (Merity et al.
2016) test set. For the zero-shot comparison, we use seven
benchmark tasks including BoolQ (Clark et al. 2019), Hel-
laSwag (Zellers et al. 2019), WinoGrande, RTE (Wang et al.
2018), ARC-c and ARC-e (ARC Easy and Challeng (Clark
et al. 2018)), and OBQA (Mihaylov et al. 2018) from the
EleutherAl LM Harness (Gao et al. 2023). All the datasets
are sourced from the HuggingFace Datasets library.

Experimental Results

Unified Evaluation on Language Modeling and Zero-Shot.
Following SparseGPT, Wanda and Pruner-Zero, we provide
a unified pruning performance evaluation result in Table 1 on
both language modeling (in terms of perplexity, PPL|) and
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zero-shot tasks (measured by average accuracy, ACCT) under
various sparsity levels and model sizes. Overall, D? Prune
consistently outperforms existing pruning baselines across
both moderate (50%—-60%, 2:4) and high sparsity (70%—-80%,
3:4) regimes. Compared to weight-update methods (e.g.,
SparseGPT), D? Prune achieves on average a 3.1% accuracy
gain and 16% lower perplexity. Against non-weight-update
methods (e.g., Wanda, Pruner-Zero), the perplexity reduction
reaches up to 86%. Notably, D2 Prune surpasses the dense
model on LLaMA-2-70B at 50% sparsity in zero-shot accu-
racy, demonstrating strong generalization. Due to resource
limitations, Pruner-Zero fails to perform pruning on LLaMA-
2-70B even with a single A40 or A100 GPU. Therefore, the
corresponding entries are marked as “—” in the table. For
semi-structured pruning (e.g., 2:4 and 3:4 patterns), we re-
port only the perplexity results, while accuracy is marked
as “~” to indicate that it was not evaluated. The detailed
zero-shot results on seven downstream tasks are shown in
Appendix B.1, providing a comprehensive understanding of
the zero-shot capabilities for the discussed models.

Expanding Experiment Results. (1) We further compare
with the more computationally intensive global pruning
method SparseLLM (Bai et al. 2024) (detailed in Appendix
B.5 and (2) validate D?Prune on vision transformers
(e.g., DeiT (Touvron et al. 2021)) and recent LLMs like
Qwen3 (Bai et al. 2023) (detailed in Appendix B.3, con-
firming its broad applicability across architectures and tasks.



Method | 50 60 70 80
SparseGPT ‘8.56 1440 38.85 178.01

D2-Sparsegpt | 8.48 13.66 38.64 170.92

9.06 22.80 114.30 224591
8.92 22.54 106.58 1414.32

Wanda
D?-Wanda

Table 2: Ablations study of dual Taylor expansions on
LLaMA-3-8B (WikiText2 perplexity, unstructured 50%-80%
sparsity, Dense: 5.54). “D?-” indicates the first- and second-
order activation partial derivative term Sx (see Algorithm 1,
detailed in Appendix A ).

(3) In addition, to comprehensively evaluate the reasoning
capabilities of pruned models in real-world scenarios, we
conduct in-context learning (ICL) experiments on the
GSMSK benchmark (Cobbe et al. 2021) (detailed in Ap-
pendix B.2). The results demonstrate that in the few-shot
setting, D? Prune consistently outperforms baselines. (3)
Finally, we provide pruning efficiency and speedup experi-
ment results in the Appendix E.

Ablation study

Effectiveness of the Dual Taylor Expansion for mask selec-
tion & weight update. To validate the effectiveness of the
dual Taylor expansion for mask selection and weight update,
we incorporated the first and second order activation partial
derivatives to SparseGPT and Wanda for mask selection and
weight update, and we denote these methods with the prefix
“D?-". As shown in Table 2, D?-SparseGPT consistently out-
performs SparseGPT across all models and sparsity levels,
and D?-Wanda consistently outperforms Wanda, demonstrat-
ing the effectiveness of the dual Taylor expansion. Besides,
we perform the ablation study on key hyperparameters A;,
A2 and s for dual Taylor expansion in Appendix B.4.

Effectiveness of Attention Distribution-Aware Dynamic
Weight Update Strategy. As shown in Table 3, we per-
form unstructured pruning on the LLaMA-2-7B. Specifically,
when either the q, k, or v weight is not updated (denoted as
w/o q, w/o k, and w/o v), the pruning performance outper-
forms Wanda and is competitive with SparseGPT. Further-
more, our attention distribution-aware dynamic weight update
strategy dynamically sets one of the q, k, and v weights to the
non-update state while keeping the others in the update state,
leading to optimal performance for all LLMs. This strongly
supports the effectiveness of the attention distribution-aware
dynamic weight update strategy.

Analysis

Impact of sparsity on the update configurations of q, k,
v weights. When searching for optimal g, k, and v update
configurations, we evaluated various settings under different
sparsity levels. The configuration yielding the lowest perplex-
ity was selected as the optimal setup. The results in Table 3
and Appendix D reveal a key insight: the optimal q, k, and
v update configuration remains consistent across all sparsity
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Method ~ Weight-Update Layers| 50 60 70 80

SparseGPT ALL Layers 6.52 9.56 29.62 102.43
Wanda None 6.44 9.89 84.92 5107.20
Pruner-Zero None 6.43 10.34 151.92 10244.70
ALL Layers 6.46 9.46 23.45 101.88

None 6.43 9.75 81.62 3561.51

9 w/o q 6.50 9.60 25.16 104.63
D" Prune wlo k 6.49 9.55 24.04 118.79
w/o v 6.36 9.05 21.10 92.68

Dynamic Update [6.36 9.05 21.10 92.68

Table 3: Ablations study of dynamic weight update for atten-
tion modules (g, k, v) on LLaMA-2-7B (WikiText2 perplexity,
unstructured 50%-80% sparsity, Dense: 5.12).

Method Fine-tuning‘ 60 | 70
| PPL ACC | PPL  ACC

SparseGPT X 9.56 55.34(29.62 44.75
p LoRA |7.18 57.82|10.18 49.73
—— X 9.86 53.91|84.92 36.68
LoRA |7.26 56.45|11.81 46.43

D2p X 9.05 56.06 | 21.10 47.97
TUNE | 1oRA  [7.05 60.59| 9.70 51.37

Table 4: Fine-tuning can mitigate the perplexity gap to dense
LLM. D? Prune significantly outperforms all other pruning
approaches even after LoRA fine-tuning.

levels for each model, indicating that it is independent of
sparsity.

LoRA Fine-tuning. We evaluated the impact of fine-tuning
on the pruned models. Specifically, we employ LoRA (Hu
et al. 2022) (r=8, a=16) for fine-tuning with one epoch on
the C4 training datasets (training sample size is 30k) using
one GPU (40G memory) and 15 hours. We conducted experi-
ments on LLaMA-2-7B, involving unstructured pruning at
60% and 70% sparsity levels. Table 4 reports the perplexity
on the WikiText2 dataset and mean accuracy of zero-shot
tasks. We can observe that LoRA fine-tuning can effectively
restore the performance of all pruned models, and D2Prune
consistently outperforms all other pruning methods in both
accuracy and perplexity. This further demonstrates the effec-
tiveness of D? Prune.

Conclusion

We propose D? Prune, a novel pruning algorithm for com-
pressing large language models (LLMs). By extending error
minimization with dual Taylor expansion and attention dis-
tribution awareness, D?Prune improves the accuracy of
pruning mask selection and weight updates. It explicitly mod-
els the dual effects of activation and weight variations, and
introduces a dynamic weight update strategy for Transformer
attention modules to reduce attention distribution errors. Ex-
tensive experiments show that D2 Prune consistently outper-
forms recent post-training pruning methods.
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