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Abstract

One-shot pruning efficiently compresses Large Language
Models but produces coarse sparse weights, causing signif-
icant performance degradation. Traditional fine-tuning ap-
proaches to refine these weights are prohibitively expensive
for large models. This highlights the need for a training-
free weight refinement method that works seamlessly with
one-shot pruning and can efficiently recover the lost perfor-
mance. To tackle this problem, we propose Efficient Iter-
ative Weight Refinement (EIWR), a lightweight, plug-and-
play, and training-free method that refines pruned weights
through layer-wise iterative optimization. EIWR achieves ef-
ficient weight refinement via three key components: a Global
Soft Constraint that eliminates costly row-wise Hessian in-
versions and expands the solution space; a Historical Mo-
mentum Strategy that leverages one-shot pruning priors to
accelerate convergence and enhance final performance; and
Neumann Series Extrapolation that significantly speeds up
per-iteration computation. As a result, EIWR enables effec-
tive weight refinement with minimal time and memory over-
head. Extensive experiments on LLaMA?2/3 and Qwen under
different pruning strategies and sparsity levels demonstrate
that our method can efficiently refine sparse weights and mit-
igate performance degradation. For example, on LLaMA2-7B
under 70% sparsity, EIWR reduces perplexity by 15% com-
pared with SparseGPT on the WikiText2 benchmark, with
only 1.81 additional minutes of computation and 1GB of ad-
ditional memory.

Code — https://github.com/xiejingcheng/EIWR

Introduction

Large language models (LLMs) have shown strong perfor-
mance across a wide range of natural language processing
tasks (Touvron et al. 2023; Bai et al. 2023). However, their
ever-growing parameter counts introduce substantial com-
putational and memory burdens, making efficient deploy-
ment increasingly challenging. This has sparked significant
interest in model compression techniques that can retain per-
formance while reducing inference costs.

Among these compression techniques, one-shot pruning
has emerged as a particularly compelling solution (Fran-
tar and Alistarh 2022). Unlike traditional pruning methods,
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which require computationally expensive fine-tuning (Mo-
canu et al. 2018; Evci et al. 2020), one-shot methods produce
sparse models in a single forward pass, thereby avoiding
backpropagation and minimizing data usage. Recent tech-
niques such as SparseGPT (Frantar and Alistarh 2023) and
Wanda (Sun et al. 2023) have demonstrated that well-crafted
heuristics can yield competitive sparsity-accuracy trade-offs
with minimal computational overhead.

Despite these advances, current one-shot pruning methods
suffer from a fundamental limitation: the sparse weights are
generated via coarse layer-wise approximations, whose ac-
curacy degrades as sparsity increases (Sun et al. 2023; Meng
et al. 2024), resulting in a large performance gap between
the pruned and original models. For instance, SparseGPT
exhibits noticeable degradation beyond 50% sparsity. This
degradation stems from the fact that these approximations
deviate further from the optimal values as sparsity increases,
leading to rapid performance deterioration.

While some approaches attempt to recover performance
through fine-tuning (Huang et al. 2025b; Lu et al. 2024b;
An et al. 2024; Kusupati et al. 2020), such solutions rein-
troduce the very computational costs that one-shot prun-
ing aims to eliminate. To avoid such costs, recent stud-
ies have explored training-free alternatives. Among them,
DsnoT (Zhang et al. 2023) adopts a training-free perspec-
tive and effectively refines the pruning mask via a grow-and-
prune mechanism without backpropagation, but leaves the
sparse weights largely unoptimized. This limitation high-
lights a broader research trend that decomposes pruning into
two decoupled subproblems: mask selection and weight re-
construction (Blumensath and Davies 2008; Frantar and Al-
istarh 2023). While prior efforts have mainly focused on
the former, the latter remains underexplored. The unrefined
sparse weights obtained through one-shot pruning weight
reconstruction can lead to substantial performance degra-
dation. To address this, it is desirable for a weight refine-
ment method to be both efficient and plug-and-play, ensur-
ing compatibility with existing one-shot pruning methods
with minimal overhead and allowing seamless integration
with other training-free techniques, particularly those fo-
cused on mask refinement.

Nevertheless, designing such a method is non-trivial for
several reasons. Although the weight refinement problem
can be formulated as a linear least squares system, directly



solving it at scale remains impractical due to the Different
Row-Hessian Challenge (Frantar and Alistarh 2022), where
inverting a separate Hessian matrix for each row of the
weight matrix becomes prohibitively expensive. Addition-
ally, naive solvers that disregard the prior knowledge intro-
duced by one-shot pruning often suffer from poor conver-
gence or suboptimal results.

To tackle these challenges, we propose Efficient Iterative
Weight Refinement (EIWR), a method to recover pruned
weights without backpropagation or extra data. Meanwhile,
EIWR is decoupled from the one-shot pruning pipeline,
making it plug-and-play. EIWR addresses the unique diffi-
culties of one-shot pruning in large models via three techni-
cal innovations: a Global Soft Constraint that bypasses per-
row Hessian bottlenecks, a Historical Momentum Strategy
that leverages pruning priors for stable convergence, and a
Neumann Series Extrapolation that reduces iteration cost.
Together, these components enable EIWR to efficiently re-
fine sparse weights in large models. Moreover, EIWR offers
strong practical utility, especially due to its efficiency and
plug-and-play property. EIWR can be easily integrated into
pruning strategies and combined with other training-free re-
finement methods for further gains.

We evaluate the effectiveness of our method on vari-
ous LLMs, including LLaMA2/3 and Qwen2.5, under dif-
ferent pruning strategies and sparsity levels. It is also ex-
tremely lightweight, requiring only 1.81 additional minutes
and 1GB of extra memory to process LLaMA2-7B under
70% sparsity, while reducing perplexity by 15% compared
with SparseGPT on the WikiText2 benchmark. Moreover,
by combining EIWR with other training-free techniques, we
achieve even better performance, which validates its strong
plug-and-play and compatibility capabilities.

Our contributions can be summarized as follows:

* We propose EIWR, a lightweight, training-free, and
plug-and-play method for refining pruned weights in
LLMs without backpropagation or additional data, ef-
fectively recovering the lost performance after one-shot
pruning.

EIWR addresses key challenges in sparse weight refine-
ment through three novel components: a Global Soft
Constraint to bypass the Different Row-Hessian Chal-
lenge, a Historical Momentum Strategy to incorporate
structural prior information from one-shot pruning, and
a Neumann Series Extrapolation to enable fast, scalable
optimization.

EIWR demonstrates broad compatibility with exist-
ing one-shot pruning strategies and complements other
training-free techniques, enabling compound perfor-
mance improvements across diverse model architectures
and sparsity levels.

Related Work

Network Pruning. Prior to the rise of large language
models, network pruning was a key technique for model
compression, aiming to remove redundant weights and re-
duce computation (Molchanov et al. 2019; He, Zhang, and
Sun 2017; Hu, Zhu, and Chen 2024; Hubara et al. 2021a;
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Lebedev and Lempitsky 2016; Liu et al. 2018). Unstruc-
tured pruning eliminates individual weights based on impor-
tance scores. Magnitude Pruning (Han et al. 2015) removes
weights with small absolute values but struggles under high
sparsity due to ignoring weight correlations. Optimal Brain
Surgeon (Hassibi, Stork, and Wolff 1993) uses second-
order information via Hessians for precise pruning, but
its O(d*) complexity limits scalability. AdaPrune (Hubara
et al. 2021b) iteratively optimizes masks and reconstructs
weights, while Dynamic Sparse Training (Mocanu et al.
2018; Evci et al. 2020) trains sparse networks from scratch
by pruning small-magnitude weights and regrowing impor-
tant ones. Structured pruning (Dong et al. 2024; Li et al.
2024a,b) removes higher-level units (e.g., channels or neu-
rons) to facilitate hardware acceleration. Filter Pruning (Liu
et al. 2016) eliminates entire convolutional kernels for in-
ference efficiency, often at the expense of accuracy. Group
Fisher Pruning (Liu et al. 2021) leverages Fisher information
to evaluate channel importance and achieves over 50

Pruning for Large Language Models. Large Language
Models (Zhang et al. 2022; Kasneci et al. 2023; Naveed
et al. 2023; Chang et al. 2024; Xu et al. 2025) contain
billions of parameters, making fine-tuning-based pruning
methods computationally infeasible. Recent work thus fo-
cuses on one-shot pruning tailored for LLMs (Huang et al.
2025a; Lee, Ajanthan, and Torr 2018). SparseGPT (Frantar
and Alistarh 2023) uses a greedy approximation to address
the Different Row-Hessian Challenge, but still incurs sub-
stantial reconstruction error. Wanda (Sun et al. 2023) intro-
duces a lightweight criterion based on the product of weight
magnitude and input activation norm. Several plug-and-
play approaches enhance one-shot pruning performance.
DSnoT (Zhang et al. 2023) introduces a training-free fine-
tuning strategy by iteratively growing and pruning connec-
tions to optimize the sparse mask. While Alps (Meng et al.
2024) introduces improved conjugate gradient methods to
optimize sparse weights, it is not plug-and-play, as it re-
lies on a specially designed pruning framework (Boza 2024).
OWL (Yin et al. 2023) and AlphaPruning (Lu et al. 2024a)
propose dynamic sparsity allocation techniques that adapt
pruning ratios based on layer-wise sensitivity analysis.

Method
Background and Motivation

One-shot pruning efficiently compresses large models by re-
moving unimportant weights in a single pass without costly
fine-tuning. Most methods formulate pruning as a layer-wise
reconstruction problem: given calibration data, approximate
the dense layer output using sparse weights by minimizing
the /5 reconstruction error:

WgenseXg — ((1 — Mg) ® Wg) XZHQ . (1)

min

My, W,
Here, Wise ¢ RrowXdeot g the dense weight matrix, T,
its pruned counterpart, M, € {0, 1}%row*deot the pruning
mask, and X, € RNL>drow the layer input with N calibra-
tion samples.
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Figure 1: Overview of our proposed EIWR method. The goal is to iteratively refine the coarse sparse weights produced by
one-shot pruning. During refinement, we replace the original Mask Hard Constraint with a Global Soft Constraint to alleviate
the Different Row-Hessian Challenge and reduce computational overhead, while enabling exploration in a broader solution
space. In addition, we adopt a Historical Momentum Strategy to leverage the structural prior from one-shot pruning for faster
convergence, and apply Neumann Series Extrapolation to significantly reduce the per-iteration cost. The right panel shows the
baseline naive backsolve method and the progressive assembly of the three components into the full EIWR framework.

In one-shot pruning, jointly optimizing Wy and M is NP-
hard. A common approach decomposes it into Mask Selec-
tion and Weight Reconstruction. While mask refinement has
been extensively studied, weight reconstruction often relies
on simple heuristics without further refinement, resulting in
considerable performance loss.

We assume the pruning mask M, is fixed and focus on
improving initial weights VAVZO by reducing the /5 reconstruc-
tion error. Under a fixed mask, Eq. (1) can turn into a lin-
ear least squares problem. A simple approach applies naive
backsolve, computing optimal weights for each row inde-
pendently:

w}w, = (XJVLXJI\},)ilXJ\L (wéenserj\Ll) )

@

where X, denotes input features corresponding to non-
pruned positions in row ¢. This avoids full fine-tuning over-
head but suffers from two significant limitations.

First, it encounters the Different Row-Hessian Challenge
(Frantar and Alistarh 2023). Since M; varies across rows,
the corresponding matrix (X, Xﬂ) is also different for
each row. As a result, every row requires an independent
computation and inversion of (X s, X JTL) leading to a per-
row complexity of O(d2 ) and a total complexity of O (dyoy -
d3 ). Moreover, although both matrix multiplication and
matrix inversion share the same asymptotic complexity of
O(d2), on modern GPUs, inversion is typically an order
of magnitude more expensive than multiplication. Second,
this method ignores prior information from one-shot prun-
ing, which encodes useful structural priors. These priors can
guide the optimization trajectory, and disregarding them of-
ten leads to instability and inferior reconstruction quality.

Efficient Iterative Weight Refinement

To address the limitations of naive backsolve, including the
high computational cost from the Different Row-Hessian
Challenge and the disregard for prior information, we in-
troduce Efficient Iterative Weight Refinement (EIWR). As
shown in Figure 1 and detailed in Algorithm 1, EIWR

27083

Algorithm 1: Efficient Iterative Weight Refinement

Require: WW° (initial pruned weights), H (covariance ma-
trix), M (pruning mask)
Ensure: W (refined weights)
W+ WO
AP0
Qq < Olgtart
Ag + (1 —ag)H + apl
Xo Aal
B+ HWdense
Compute X7, X2, X3 via Neumann recurrence
fork=0toT — 1do
Qg & Qmax(1 — e %)
5k — O — Q1
By (1 —ap—6)B+ (Oék +(5k>W — AF
At Xo+ 0k Xy + 62 X2 + 03 X3
W« kailzl
AL AR 4 p (M O W)
end for
return W« W - MO W

1:

°

11:
12:
13:
14:

15:
16:

is a lightweight, training-free method that refines pruned
weights. It does not require backpropagation or labeled data
and is designed to operate independently of the one-shot
pruning pipeline, making it fully plug-and-play.

Global Soft Constraint. A central challenge in post-
pruning weight refining is the Different Row-Hessian Chal-
lenge, which arises from enforcing hard sparsity masks with
row-wise heterogeneity. Specifically, each row of the weight
matrix is pruned independently, resulting in distinct input
subspaces for each least-squares subproblem. This leads to
incompatible optimization conditions across rows and re-
quires computing and inverting a separate covariance ma-
trix Xps, X 17\147, for every row ¢, which is prohibitively expen-
sive in large models. Moreover, the lack of a shared solution
space prevents assembling these subproblems into a unified



matrix formulation.

To resolve this scalability bottleneck, we introduce a
Global Soft Constraint that transforms the row-wise recov-
ery (Equation 2) into a unified matrix-level optimization. In-
stead of operating in disjoint pruned subspaces, we project
the dense reconstruction into a shared covariance space:

W = (Waense XX T)(XXT) 7, ©)

where H = X XT' € Rdrow*drow 5 the global input covari-
ance. This formulation bypasses the Different Row-Hessian
Challenge by aligning all rows to the same projection space,
thereby eliminating the need for row-wise matrix inversion.
Notably, many pruning methods already compute H, allow-
ing us to reuse this intermediate at no extra cost.

We further augment this formulation with a progressive
soft regularization that enforces sparsity in a relaxed yet
principled manner. An auxiliary matrix A* is introduced to
accumulate penalties on weights that violate the target spar-
sity:

W = [Wyense H — A¥] H™1, AFTY = AR (MoWh),

“)
where M € {0, 1}%row*deot jg the pruning mask. This mech-
anism does not immediately zero out undesired weights, but
gradually encourages compliance with the sparsity pattern
over iterations.

Unlike conventional hard-masked recovery, our approach
offers two key advantages: it eliminates the substantial and
redundant computation overhead introduced by the Differ-
ent Row-Hessian Problem, and it allows temporary devia-
tions from the sparsity mask to enhance optimization flexi-
bility. As the soft regularization gradually accumulates, the
solution naturally aligns with the desired sparse structure.
This synergy between global structural consistency and pro-
gressive enforcement leads to improved convergence stabil-
ity and reconstruction quality.

Historical Momentum Strategy. While the Global Soft
Constraint alleviates the computational burden of row-wise
Hessian inconsistencies, it overlooks the structural prior en-
coded in the initial weights from one-shot pruning. These
weights, such as those produced by SparseGPT, are not arbi-
trary but derived from second-order loss approximations, of-
fering a structurally aligned and task-relevant starting point.
Discarding this informative prior forces the optimization to
restart from scratch, leading to slower convergence and de-
graded reconstruction quality under high sparsity.

To address this, we introduce a historical momentum
strategy that reuses and integrates previous solutions into the
reconstruction process. Specifically, we interpolate between
the current gradient descent direction and the previous esti-
mate:

WEH = [(1 — @) Waense H + aW* — AF] (1 —a)H +al) "

&)
Here, the momentum coefficient o modulates the trade-off
between data-driven updates and structural memory, acting
as a stabilizer that smooths the optimization trajectory across
iterations.

27084

To further adapt to the varying dynamics of sparsity-
aware optimization, we employ a progressively scheduled
momentum, where « increases over time:

k= Omax — (Omax — Qstart) €Xp(—7k), (6)

where o and ognax are the initial and final momen-
tum strengths, and  controls the growth rate. This dy-
namic schedule encourages free exploration in early itera-
tions while gradually leveraging the pruning-informed ini-
tialization to guide the solution toward structurally coherent
optima. As a result, the optimization becomes both more sta-
ble and more responsive to pruning priors.

Neumann Series Extrapolation. Although the previous
components substantially reduce the number of required it-
erations, each update still involves inverting a dynamic ma-
trix of the form ((1—ay,) H-+ay, 1), which incurs a compu-
tational cost of O(d?). This operation remains a scalability
bottleneck for high-dimensional models.

However, since the momentum coefficient ¢, increases
gradually over iterations, the matrix A(ay) = (1 — ay)H +
ail changes smoothly over time. This observation moti-
vates a more efficient strategy, namely Neumann Series Ex-
trapolation. It uses the Neumann series to extrapolate the
inverse, providing sufficient accuracy while reducing the
computational complexity of matrix inversion from cubic to
quadratic, making it particularly suitable for iterative weight
refinement in large-scale pruning tasks.

Specifically, let X = A(ag)™! and B = I — H. For a
small change 4, the inverse can be expanded as

oo

Ao +6)7" = (Alag) +6B) " = (=6 X(BX)F,

k=0

(7
which converges when || BX || < 1. Truncating the series to
third order allows precomputing and reusing the base inverse
X and its polynomial terms, so the inverse can be approxi-
mated at each step with only O(d?) cost. Detailed derivation
is provided in the supplementary material.

Theoretical Summary

Convergence Guarantee. We provide a theoretical anal-
ysis showing that EIWR converges globally under mild as-
sumptions. First, we establish a one-step descent lemma that
ensures consistent progress during iterations:

Ppp1 — P < —E[Wiy1 — Wie|l* + Brer, 3)

where @ denotes the augmented objective with a quadratic
potential term, and €, is the iteration error.

Based on this, we prove that EIWR enjoys a Q-linear con-
vergence rate toward the unique optimal solution W,:

[Wit1 = Wal < g |[Wi = Wi, with0<g<1. (9)

In addition, the original reconstruction error £y, = X (W}, —
Wiense) also converges at the same linear rate, confirm-
ing the theoretical soundness and practical efficiency of our
method. Detailed proofs are provided in the supplementary.



Neumann Extrapolation Error Bound. To accelerate
weight refinement, we use a one-shot Neumann extrapola-
tion that computes the inverse matrix A, ! only once at start
and reuses a fixed third-order approximation throughout it-
erations. The convergence radius is controlled by

1- Amin

ok = || XoAk|| < ¢|dk], (1= a0 o + @0

CcC =

, (10)

which guarantees convergence whenever c|d;| < 1. The
residual approximation error is bounded by

(05/@)4
1-— 65k

In practice, layer-wise normalization ensures Ay (H) >
0.2, yielding ¢ < 1.2, and with |d;| < 0.1, the relative ap-
proximation error remains below 0.2%. This allows us to
reduce per-step matrix inversion cost from O(d?) to O(d?)
with negligible loss in precision. Detailed proofs are pro-
vided in the supplementary material.

l4g " = A1 < 1451

(1D

Experiments

Models and Datasets. We evaluate our method on the
LLaMA2, LLaMA3, and Qwen model families, covering
model sizes ranging from 3 billion to 70 billion parameters.
Model performance is assessed using perplexity and zero-
shot evaluation benchmarks. Specifically, perplexity is eval-
uated on two test sets: raw WikiText2 and a subset of the
C4 validation set. The zero-shot tasks are evaluated on six
standard benchmarks: PIQA (Bisk et al. 2020), ARC-Easy,
ARC-Challenge (Clark et al. 2018), BOOLQ (Clark et al.
2019), COPA (Roemmele, Bejan, and Gordon 2011), and
MultiRC (Khashabi et al. 2018) (detailed in Appendix B.2).

Comparison Methods. As our method is plug-and-play,
we select SparseGPT (Frantar and Alistarh 2023) and Wanda
(Sun et al. 2023) as base pruning strategies, as they are
the two most widely used and representative approaches for
one-shot pruning. We further compare against two strong
training-free refinement methods that have demonstrated im-
pressive performance: DsnoT (Zhang et al. 2023), which dy-
namically modifies mask selection, and PCG (Meng et al.
2024), which refines sparse weights via a conjugate gradi-
ent approach. The naive backsolve method is also included,
but only evaluated on a single layer due to its high computa-
tional cost on large models.

Settings. Following SparseGPT, we use 128 segments of
2048 tokens sampled from the first shard of the C4 dataset
as calibration data. Our method performs at most 20 refine-
ment iterations. All evaluations are conducted on NVIDIA
3090 GPUs. Detailed experimental settings, the momentum
schedule oy, and its ablation, and speedup ratios (which are
identical for models at the same sparsity level) are provided
in the supplementary material.

Reconstruction Error on a Single Layer

We conduct a detailed evaluation of our method’s ability to
refine pruned weights at the layer level. Specifically, we se-
lect a linear layer from LLaMA2-13B (8.self_attn.v_proj)
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Sparsi | Initial | Backsolve | Ours (EIWR)
parsity
| Error | Time(s)  Error | Time(s)  Error
50% 0.1995 267 0.1451 0.31 0.1555
60% 0.2722 213 0.1923 0.36 0.2055
70% 0.3750 153 0.2601 0.52 0.2524
80% 0.4904 109 0.2651 0.61 0.2600

Table 1: Comparison of weight refinement methods under
different sparsity levels. Backsolve denotes the vanilla back-
solve approach.

with input and output dimensions of 5120. The layer is
pruned to varying sparsity levels (50%-80%), and we com-
pare reconstruction quality using the relative error || X W —
XW || r/||XW| r between the pruned and dense layer out-
puts on 128 calibration samples. Initial refers to weights
pruned by Wanda without refinement. Results of SparseGPT
are provided in the appendix for reference.

As shown in Table 1, the initial solutions produced by
one-shot pruning remain coarse and leave substantial room
for improvement. Our method achieves much lower recon-
struction error than the initial one-shot solution. Moreover,
it closely approximates the result of the computationally ex-
pensive backsolve procedure, which is often regarded as a
theoretical upper bound for single-layer refinement, while
requiring less than one second across all sparsity levels. In
contrast, backsolve takes hundreds of seconds per layer due
to repeated inversions of heterogeneous row-wise Hessians.

Model Performance After Pruning

We comprehensively evaluate the effectiveness of EIWR
across a wide range of models and downstream tasks. Ta-
ble 2 reports the performance of LLaMA2, LLaMA3, and
Qwen2.5 variants under 70% sparsity on eight representa-
tive datasets. The first two tasks (WikiText2 and C4) are
evaluated using perplexity ({), while the remaining six are
zero-shot classification or reasoning tasks evaluated by ac-
curacy (7). Results for additional model architectures, spar-
sity levels, and semi-structured pruning are provided in the
supplementary material.

We adopt SparseGPT and Wanda as base pruning meth-
ods, and compare several training-free refinement methods
designed for one-shot pruning (DsnoT, PCG) alongside our
proposed EIWR. DsnoT provides some improvements on
zero-shot tasks, but performs poorly on perplexity tasks and
has limited effectiveness on newer models such as LLaMA3
and Qwen2.5. The PCG method in ALPS brings some gains,
but its improvements are limited due to reliance on specific
mask choices. Across all settings, EIWR consistently en-
hances model performance and outperforms previous plug-
and-play refinements.

To further assess robustness under extreme sparsity, Ta-
ble 3 presents perplexity on WikiText2 for LLaMA2-7B,
LLaMA3-8B, and Qwen2.5-3B across sparsity levels from
60% to 90%. EIWR markedly reduces perplexity, especially
under high sparsity. When sparsity increases, one-shot prun-
ing methods typically suffer rapid performance degradation,



Model Algorithm | WikiText2) C4) | PIQAT ARC-Et ARC-Ct BOOLQt COPAT MultiRCt| MEAN

SparseGPT | 23.5870  30.3359 0.6132 0.4428 0.2193 0.6245 0.7300 0.5419 | 0.5286
w. Dsnot 67.5221  40.5157 0.6305 0.4831 0.2201 0.6214 0.7300 0.5437 | 0.5381
w. PCG 21.9632  28.6312 0.6302 0.4851 0.2205 0.6314 0.7400 0.5431 0.5240
LLaMA2-7B V- EIWR 20.2348  25.5027 0.6381 0.4847 0.2329 0.6593 0.7400 0.5769 | 0.5553
Wanda 73.0853  84.1034 0.5479 0.3085 0.1869 0.4881 0.6200 0.5311 0.4470
w. Dsnot 72.9401  80.8218 0.5614 0.3068 0.1715 0.5275 0.6500 0.5703 | 0.4645
w. PCG 324512 36.1264 0.5820 0.3569 0.1824 0.5823 0.6600 0.5695 | 0.4889
w. EIWR 22,9877  30.3113 0.6175 0.4322 0.2090 0.6226 0.6800 0.5719 | 0.5222
SparseGPT | 8.7688 12.0021 0.7535 0.7449 0.4104 0.7905 0.8900 0.5712 | 0.6934
w. Dsnot 9.2142 14.1230 0.7612 0.7513 0.4272 0.8012 0.9000 0.5801 0.7035
w. PCG 8.2141 11.8293 0.7692 0.7612 0.4376 0.8231 0.8900 0.5882 | 0.7116
LLaMA2-70B V- EIWR 7.1234 10.3245 0.7982 0.7962 0.4532 0.8128 0.9100 0.5921 | 0.7271
Wanda 10.3869  13.5321 0.7378 0.7235 0.3899 0.7477 0.9000 0.5720 | 0.6785
w. Dsnot 9.9231 12.3158 0.7423 0.7324 0.3982 0.7231 0.8900 0.5831 0.6782
w. PCG 8.8731 12.8958 0.7512 0.7423 0.3723 0.7512 0.9000 0.5812 | 0.6900
w. EIWR 8.1241 11.7324 0.7821 0.7723 0.4272 0.7931 0.9200 0.5823 | 0.7058
SparseGPT | 39.1460  54.3701 0.5914 0.4128 0.2073 0.6709 0.6600 0.5715 | 0.5190
w. Dsnot 1247169 134.0848 | 0.6115 0.3939 0.1970 0.6290 0.6300 0.5614 | 0.5038
w. PCG 37.3145  48.2415 0.6115 0.4149 0.2091 0.6421 0.6700 0.5814 | 0.5215
LLaMA3-8B V- EIWR 32.8614  45.1304 0.6077 0.4696 0.2124 0.6602 0.6900 0.5709 | 0.5351
Wanda 106.3328 156.3624 | 0.5571 0.3127 0.1825 0.5217 0.5900 0.4581 0.4370
w. Dsnot 119.9890 161.0210 | 0.5582 0.3110 0.1783 0.5262 0.5600 0.5736 | 0.4512
w. PCG 359921  60.2310 0.5823 0.4241 0.2198 0.5193 0.6100 0.5631 0.4864
w. EIWR 34.0221  56.9829 0.6175 0.4322 0.2090 0.6226 0.6800 0.5719 | 0.5222
SparseGPT | 28.1010  41.8826 0.6376 0.5113 0.2406 0.6342 0.6900 0.5719 | 0.5476
w. Dsnot 33.4506  43.0498 0.6423 0.5142 0.2422 0.6431 0.7000 0.5699 | 0.5519
w. PCG 25.3100  35.3241 0.6492 0.5253 0.2431 0.6342 0.6900 0.5811 0.5538
Qwen2.5-3B w. EIWR 243213  36.4024 0.6552 0.5365 0.2534 0.6545 0.6900 0.5879 | 0.5629
Wanda 152.2175 186.7293 | 0.5636 0.3358 0.1749 0.6183 0.5800 0.5715 | 0.4740
w. Dsnot 89.0321 112.3214 | 0.5733 0.3720 0.1823 0.6211 0.5900 0.5715 | 0.4850
w. PCG 40.1241  60.1264 0.5931 0.4231 0.1911 0.6031 0.6000 0.5731 0.4973
w. EIWR 37.0856  50.9128 0.6099 0.4494 0.1953 0.6235 0.6500 0.5819 | 0.5183

Table 2: Performance of LLaMA2, LLaMA3, and Qwen2.5 models under 70% sparsity across eight downstream tasks. Wiki-
Text2 and C4 are evaluated using perplexity (), while the remaining six tasks are evaluated using zero-shot accuracy or F1
score (1). MEAN denotes the average performance over the six zero-shot tasks. Additional results on Vicuna, as well as other
sizes of LLaMA and Qwen2.5, together with the performance of the dense model, are provided in the supplementary. Results
for semi-structured sparsity, global sparsity, and combinations with quantization are provided in the supplementary.

LLaMAV2-7B LLaMAV3-8B Qwen2.5-3B

Sparsity 60%  70% 80% 90% | 60% 70% 80% 90% | 60% 70% 80% 90%

|
|
Wanda ‘10.05 73.83 4.74e3 1.4le4 ‘ 22.84 106.33 2.06e3 6.32e3 ‘ 19.87 15221 791e3 1.52e6

w. EIWR 9.79 2298 87.20 705.17 | 1471 34.02 117.39 42132 | 1486 37.08 213.76 768.17
SparseGPT | 9.61 23.66 107.22 1.32e3 | 13.83 39.14 176.42 2.32e3 | 13.55 28.10 123.03 2.59%3
w. EIWR 9.01 2023 7730 67323 | 1292 3286 137.60 43221 | 1290 2432 9236 662.08

Table 3: WikiText2 perplexity of sparse models pruned by the Wanda and SparseGPT metrics at 60%—90% sparsity. EIWR is
applied as a post-pruning weight refinement method.

but our method effectively alleviates this issue. ble 4 reports the time and peak GPU memory required to
prune LLaMA?2 models of different sizes (7B, 13B, and
Computational Efficiency 70B) using SparseGPT and Wanda, both with and without

our method. As shown, integrating EIWR introduces only a

furth h ional effici f EIWR i . . . .
We further assess the computational efficiency of EIWR in moderate increase in overhead—typically adding less than

terms of runtime and memory overhead during pruning. Ta-
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LLaMA2-7B  LLaMA2-13B LLaMA2-70B
Method

Time Mem Time Mem Time Mem
SparseGPT 12.38 5.13 2336 6.84 1246 17.56
With Ours 14.19 6.17 26.56 9.15 139.4  22.51
Wanda 4.39 4.95 7.29 6.54 5323 15.78
With Ours 7.67 5.21 1023 892 6123 21.79

Table 4: Pruning time (in min) and peak GPU memory us-
age (in GB) with and without EIWR across LLaMA2 model
scales. EIWR adds minimal overhead to both SparseGPT
and Wanda.

EIWR  Dsnot  Alpha | PPL|  Zero-shotf
X X X 23.58 0.5286
v X X 20.23 0.5553
v v X 19.73 0.5601
v X v 17.81 0.5691
v v v 17.22 0.5831

Table 5: Compatibility of EIWR with Dsnot and AlphaPrun-
ing on LLaMA2-7B at 70% sparsity.

5 min and 5 GB of memory in SparseGPT, even for the
largest 70B model. Compared to the total cost of the forward
pass during pruning, this additional overhead is negligible.
For comparison, we also apply LoRA-based fine-tuning and
full fine-tuning to refine the sparse weights of the 7B model
to match the performance of EIWR. These methods require
approximately 16 GPU-hours and 192 GPU-hours, respec-
tively, which is more than 1,000 times the cost of EIWR.
Detailed results are provided in the supplementary material.
These results demonstrate that EIWR is both effective and
lightweight, making it practical for real-world deployment.

EIWR Compatibility

We investigate the compatibility of EIWR with other orthog-
onal training-free pruning enhancements. In particular, we
consider Dsnot (Zhang et al. 2023) and AlphaPruning (Lu
et al. 2024a), which focus on adaptive sparsity allocation
and are widely used to improve one-shot pruning quality.
Experiments are conducted on LLaMA2-7B at 70% global
sparsity, and results are shown in Table 5. EIWR alone al-
ready achieves strong performance, and combining it with
either Dsnot or AlphaPruning leads to further improvements
in both perplexity and zero-shot accuracy. These results
demonstrate the orthogonality of our refinement strategy:
EIWR introduces no interference and complements other
techniques to yield compound benefits.

Ablation Study

Effect of Historical Momentum. We first investigate the
role of prior information from one-shot pruning and the
impact of the historical momentum strategy in guiding the
refinement trajectory. To isolate this effect, we compare
three variants: No-Moment, which disables momentum en-
tirely and treats each iteration independently, thereby com-

27087

Single Layer Full Model
Method ‘ Time(s)| Error| | Time(min)] PPL|
No-Moment 3.75 0.3217 31.25 20.61
Fixed-Moment 1.62 0.3192 16.87 18.95
Ours 0.52 0.2651 10.23 16.47

Table 6: Ablation on the effect of historical momentum. We
report the runtime and reconstruction error on a single layer,
as well as the runtime and perplexity on the full model.

Wanda

SparseGPT

Wanda w. EIWR
SparseGPT w. EIWR

Perplexity

16 32 64 128

Calibration Samples

256 512 1024

Figure 2: Performance of our method on LLaMA2-7B us-
ing SparseGPT and Wanda under 60% sparsity with varying
calibration sample sizes.

pletely discarding prior information; Fixed-Moment, which
uses a constant momentum factor «y, across iterations; and
Ours, which employs a progressively increasing momentum
schedule that gradually stabilizes updates.

As shown in Table 6, ignoring prior information leads to
slower and less stable convergence. In contrast, the adaptive
schedule in our method leverages this prior more effectively,
significantly reducing reconstruction error while also accel-
erating convergence.

Effect of Calibration Sample Size. The number of cal-
ibration samples plays an important role in our method. A
larger calibration set better captures the input distribution of
the model, but also increases the computational cost. Fig-
ure 2 shows the impact of the number of calibration samples
on pruning performance. We observe that the performance
steadily improves with more samples, but saturates around
128. This indicates that our method achieves optimal results
with only 128 calibration samples, which is the standard set-
ting in one-shot pruning, without requiring additional data.

Conclusion

We propose Efficient Iterative Weight Refinement (EIWR),
a lightweight, training-free, and plug-and-play method for
recovering pruned weights in large language models. Exper-
iments across various models and pruning strategies demon-
strate that EIWR effectively improves performance with
minimal overhead. Its plug-and-play nature ensures broad
compatibility, making it a practical solution for efficient de-
ployment of sparse LLMs.
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