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Abstract

Structured pruning is a practical approach to
deploying large language models (LLMs) effi-
ciently, as it yields compact, hardware-friendly
architectures. However, the dominant local
paradigm is task-agnostic: by optimizing layer-
wise reconstruction rather than task objectives,
it tends to preserve perplexity or generic zero-
shot behavior but fails to capitalize on modest
task-specific calibration signals, often yielding
limited downstream gains. We revisit global
structured pruning and present GISP—Global
Iterative Structured Pruning—a post-training
method that removes attention heads and MLP
channels using first-order, loss-based impor-
tant weights aggregated at the structure level
with block-wise normalization. An iterative
schedule, rather than one-shot pruning, stabi-
lizes accuracy at higher sparsity and mitigates
perplexity collapse without requiring interme-
diate fine-tuning; the pruning trajectory also
forms nested subnetworks that support a ’prune-
once, deploy-many’ workflow. Furthermore,
because importance is defined by a model-level
loss, GISP naturally supports task-specific ob-
jectives; we instantiate perplexity for language
modeling and a margin-based objective for
decision-style tasks. Extensive experiments
show that across Llama2-7B/13B, Llama3-8B,
and Mistral-0.3-7B, GISP consistently low-
ers WikiText-2 perplexity and improves down-
stream accuracy, with especially strong gains
at 40-50% sparsity; on DeepSeek-R1-Distill-
Llama-3-8B with GSM8K, task-aligned calibra-
tion substantially boosts exact-match accuracy.

1 Introduction

Pruning (Ma et al., 2023; Frantar and Alistarh,
2023; Sun et al., 2024; Kim et al., 2024; An et al.,
2023) is a fundamental technique for compress-
ing neural networks by removing redundant pa-
rameters while preserving accuracy. Broadly, ex-
isting approaches fall into two categories: un-
structured pruning, which removes element-wise
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Figure 1: Comparison between (a) local pruning, which
uses layer-wise reconstruction loss as the importance
criterion, (b) non-uniform variants of local pruning, and
(c) global pruning, which directly considers the impact
of weight pruning on the final model loss.

weights without shrinking the model architecture,
and structured pruning, which eliminates entire
groups of weights (e.g., channels, attention heads,
layers). It is well established that unstructured prun-
ing can achieve higher sparsity levels but typically
requires specialized sparse computation kernels
to realize runtime speedups, whereas structured
pruning inherently produces compact, hardware-
friendly architectures and is therefore preferred for
practical deployment. With the rapid emergence
of Large Language Model (LLMs) (Touvron et al.,
2023a,b; OpenAl et al., 2024; Chiang et al., 2023;
Workshop et al., 2023; Grattafiori et al., 2024) con-
taining billions of parameters, pruning has become
critical to improve inference efficiency and to en-
able deployment on resource-constrained devices.

The dominant paradigm for pruning LLMs
is local pruning, exemplified by methods like
SparseGPT (Frantar and Alistarh, 2023) and
Wanda (Sun et al., 2024). These methods gained
significant attention due to their simplicity and ef-
ficiency, breaking down the model-wide optimiza-
tion into layer-wise sub-problems (Fig.1(a)). This
decomposition allows them to prune each layer
gradually, typically by minimizing a layer-wise re-
construction with calibration data, offering a post-
training solution. Furthermore, to mitigate the



rigidity of uniform sparsity, recent work explores
non-uniform local pruning (Fig. 1(b)), which ad-
justs layer-wise ratios based on estimated impor-
tance. Methods such as OWL (Yin et al., 2025),
FLAP (Anetal., 2023), and DarwinLM (Tang et al.,
2025) leverage activation statistics or evolutionary
search to assign non-uniform sparsity. While these
approaches improve accuracy, they remain rooted
in layer-wise reconstruction and introduce notable
algorithmic complexity and overhead.

While local structured pruning is efficient and
preserves broad behavior (often reflected in per-
plexity or generic zero-shot scores), its objective
is task-agnostic. When modest task-informed cali-
bration is available, local methods rarely capitalize
on it, yielding limited downstream gains. This gap
calls for a loss-aligned alternative defined at the
model level, instead of a local proxy. We there-
fore revisit global pruning (Fig.1(c)) for LLMs
and develop GISP—GIobal Iterative Structured
Pruning. Unlike local approaches that optimize
layer reconstructions, global pruning defines impor-
tance with respect to a model-level loss, naturally
inducing non-uniform sparsity without extra heuris-
tics. Operationally, GISP aggregates first-order,
loss-based importance at the structure level (atten-
tion heads and MLP channels) with block-wise
normalization, and we study it in a post-training
setting (no fine-tuning between steps) to match
practical constraints.

Building on this formulation, we first validate
that making global pruning iterative fundamentally
changes its behavior. A gradual, ratio-scheduled
process turns the otherwise unstable one-shot
global pruning into a robust procedure that pre-
serves model quality even at high sparsity. Fur-
thermore, the same iterative trajectory also reveals
a nested structure across sparsity levels, showing
that iterative global pruning can serve as a single,
continuous optimization rather than a series of in-
dependent runs, thereby enabling a ’prune-once,
deploy-many’ workflow. Finally, because impor-
tance is defined by a model-level loss, GISP can
directly integrate task objectives, bridging the gap
between generic compression and task-aware opti-
mization; this property consistently yields stronger
downstream accuracy across models and pruning
ratios.

We summarize our contributions as follows:

» We present GISP, a simple and effective global
iterative structured pruning framework for

LLMs that operates post-training and stabi-
lizes performance at high sparsity.

* We demonstrate that iterative global pruning
follows a smooth, nested trajectory of subnet-
works, enabling a *prune-once, deploy-many’
workflow with a competitive amortized time
cost per usable model compared to local prun-
ing baselines.

* We examine the task-specific property of
GISP and instantiate task-specific global im-
portance via multiple objectives. Extensive ex-
periments demonstrate consistent downstream
gains across models and pruning ratio levels.

2 Preliminary: Local vs Global Pruning

2.1 Local Pruning and Non-uniform Variant

Rationale of local pruning. Given a pre-trained
model with weights as # and a set of calibra-
tion dataset D = {(z;,v;)}Y, with N sam-
ples, the structure pruning in LLMs with L trans-
former (Vaswani et al., 2023) layers can be inter-
preted as finding optimal 9 under desired sparsity
ratio constraints by removing sets of coupled struc-
tures W, from G = ({W@Attn}f:l, {Wl,MLp}lel)
with minimal error on a pre-defined objective func-
tion.

As introduced by the pioneering work OBS (Has-
sibi and Stork, 1992) and layer-wise OBS (Dong
et al., 2017), local pruning defines the objective
function by breaking down the problem of full
model compression into sub-problems for each
layer. It constructs a local loss to measure the
L error between the outputs of the unpruned and
pruned layers, which can be formulated as:
WeXe— (M ® /Wz) Xe

min

2
) (H
My, W, 2

where Wy is the original weight of layer ¢, X/ is the
input to layer ¢, My is the binary mask indicating
which weights to keep, and /Wg denotes the post-
pruning weights, which may be kept fixed as W,
or re-optimized given M.

Among local structured pruning methods,
SparseGPT (Frantar and Alistarh, 2023) formulates
pruning as a sparse regression problem solved via
an approximate Hessian inversion. ZipLM (Kurtic
et al., 2023) extends the OBS formulation to struc-
tured pruning and performs inference-aware search
over structures. Wanda (Sun et al., 2024) simpli-
fies SparseGPT’s importance to weight—activation



products, achieving similar accuracy with higher
efficiency. LLM-Pruner (Ma et al., 2023) fur-
ther prunes entire attention heads and MLP chan-
nels using gradient information to capture inter-
structure dependencies. GBLM (Das et al., 2024)
augments Wanda’s scores with gradient magnitude,
while Wanda++ (Yang et al., 2025) adds block-
level gradients from activation reconstruction to
improve layer-wise pruning; Pruner-Zero (Dong
et al., 2024) instead uses genetic programming
to discover gradient-based layer-local importance
metrics from weight/activation/gradient signals.
Finally, several works explore layer-wise prun-
ing (Kim et al., 2024; Men et al., 2024), such
as ShortGPT (Men et al., 2024), which leverages
layer-wise activation similarity.

Non-uniform variants of local pruning. To over-
come the limitation of uniform sparsity in layer-
wise pruning, several works introduce non-uniform
local pruning (Fig. 1(b)) that adjusts pruning ra-
tios across layers based on estimated importance.
These methods extend the layer-wise reconstruc-
tion paradigm by incorporating inter-layer sensi-
tivity through diverse heuristics: FLAP (An et al.,
2023) exploits activation variability to assign flexi-
ble sparsity, OWL (Yin et al., 2025) reweights lay-
ers according to outlier statistics in activations, and
DarwinLM (Tang et al., 2025) performs a training-
aware evolutionary search to identify optimal spar-
sity configurations.

2.2 Global Pruning

Global pruning aims to find a global sparsity mask
M and possibly updated weights W to minimize
the global loss between the final outputs of the
uncompressed and compressed model. Hence, the
learning objective can be formulated as:

min AE(f(X;M@W\)a f(X§W))7 2)
M,

where f is the forward function, X denotes the
inputs, W is the original (pre-trained) weight, M is
the binary mask indicating which weights remain.
Following the idea from OBD (LeCun et al., 1989)
of conducting the Taylor series towards loss dis-
tance on parameter perturbation caused by pruning,
we have element-wise importance given by

s = [6£(D)] = |e(

oL ; ; (3)
o W S W WL o(WIP)),
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where [, Wi marks the 7 — th estimated impor-
tance of element in ¢, Hj; is diagonal of the hes-

sian matrix. Global pruning has been extensively
studied in smaller networks such as CNNs, Vi-
sion Transformers, and compact language mod-
els (Molchanov et al., 2016; Yang et al., 2023;
Diao et al., 2023), consistently outperforming lo-
cal approaches (Blalock et al., 2020; Diao et al.,
2023). In LLMs, LLM-Pruner (Ma et al., 2023)
applies Eq. 3 for element-wise importance and
explores structure-level aggregation, while Lo-
RAPrune (Zhang et al., 2024) adapts it to LoORA
for memory-efficient fine-tuning. Although higher-
order derivatives can be included, prior work in
both CNNs and LLMs (Ma et al., 2023; Molchanov
et al., 2019; Zhang et al., 2024) shows that first-
order information alone is sufficient for competitive
results.

Motivation. While local structured pruning is ap-
pealing for its efficiency, it remains fundamentally
task-agnostic. These methods minimize layer-wise
reconstruction errors to preserve input—output sim-
ilarity with the dense model, which maintains per-
plexity and generic zero-shot behavior but does
not optimize downstream accuracy. As shown in
Table 1, we evaluate local methods on CMQA us-
ing Llama 2-13B under two calibration settings: a
generic C4 corpus and task-specific CMQA sam-
ples. Even with task-informed calibration, the im-
provement is marginal, indicating that local prun-
ing cannot effectively exploit task signals.

In contrast, global pruning defines importance
with respect to the overall model loss, naturally pro-
ducing non-uniform sparsity patterns. Because its
importance scores are computed on calibration data,
global pruning can directly align pruning decisions
with downstream objectives. This motivates our
exploration of task-specific global iterative struc-
tured pruning, which unifies the efficiency of post-
training methods with the flexibility to incorporate
task-aware objectives.

3 Method

3.1 A Naive Case Study: One-shot Global
Pruning

To assess the effectiveness and limitations of global
pruning, we first replicate prior pruning protocols
designed for smaller models (Frankle and Carbin,
2018; Mallya and Lazebnik, 2018). Specifically,
we conduct the following procedure:

1. Given a calibration dataset D = {(x;,y;)} Y,
we calculate the importance score of each
weight element by using the first order term
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Figure 2: A detailed overview of the GISP. GISP per-
forms iterative structured pruning guided by a ratio
scheduler.

from eq. (3).

2. We construct the structure-wise importance
scores by summing a group of importance
scores of each weight element, where a group
is defined as one head of the attention layer or
a channel of the MLP layer. After the aggre-
gation, a normalization process is conducted
in consideration of group size among different
structures, allowing all structural importance
to be comparable across the model.

3. Given a current pruning ratio p, globally
rank the normalized structure-wise scores and
select the Top-K lowest-scoring structured
weights for pruning.

Compared to prior pruning works on small mod-
els (Frankle and Carbin, 2018; Mallya and Lazeb-
nik, 2018), we make two differences: (1) these
methods typically adopt a prune—then—fine-tune
paradigm. In contrast, we evaluate performance
in the setting of post-training pruning without fine-
tuning, consistent with common local pruning prac-
tices for LLMs, as the computational and mem-
ory costs of fine-tuning after each pruning itera-
tion are prohibitive, and (2) we observe that atten-
tion blocks exhibit substantially higher importance
scores than MLP blocks (see Fig 3(c)), often by an
order of magnitude. To address this imbalance, we
normalize importance scores within attention and
MLP blocks separately, which empirically yields
improved accuracy.

Empirical study. We perform experiments on one-
shot global pruning and compare it with one repre-
sentative structured local pruning method, Wanda.
These experiments are conducted on Llama2-7B
with a target pruning ratio of 20-50%. As shown in
Table 2, one-shot global pruning surpasses Wanda
at low ratios but degrades at high sparsity, indi-
cating that naive one-shot pruning is viable yet
unstable, especially in high-pruning-ratio regions,

Table 1: Overall average CMQA accuracy (%) under
different calibration datasets and pruning ratios. Local
pruning methods have limited performance improve-
ment, even with a task-informed calibration dataset.

Method Calibration Data  Pruning Ratio AVG ACC
20% 66.36
C4
Wanda-sp 40% 58.24
20% 66.30
CMQA 40% 59.11
20% 65.63
Cc4
LLM-Pruner 40% 55.06
20% 57.30
CMQA 40% 41.99
20% 66.15
C4
FLAP 40% 61.73
20% 65.00
CMQA 40% 59.89
20% 66.62
C4
OWL 40% 59.87
20% 66.98
CMQA 40% 60.84

Table 2: Evaluation of one-shot global pruning (marked
as one-shot GP) on perplexity (PPL) with C4 as the
calibration dataset.

Method  Pruningratio Wiki2 PTB
20% 2271 101.23
30% 3543 138.41

Wanda-sp 40% 51.85 185.09
50% 8147 21831
20% 1793 63.09
30% 2699 8148

One-shot GP 40% 53.45 151.80
50% 159.47 353.55

which motivates our iterative strategy introduced
next.

3.2 GISP: Global Iterative Structured
Pruning

3.2.1 Stabilizing High-Ratio Pruning

Motivation. We hypothesize that one potential
issue of one-shot global pruning is that it removes
a large portion of weights at once, increasing the
risk of over-pruning important weights. A poten-
tial solution to this issue is iterative global pruning,
which gradually prunes the model by applying a
small pruning ratio in each step. This approach
enables more precise identification of truly redun-
dant weights, leveraging iterative feedback to refine
pruning decisions.

Global Iterative Structured Pruning. Building
upon the procedure detailed in Section 3.1, given a
predefined number of iteration steps n and a target
pruning ratio p, GISP performs pruning iteratively
using a small pruning ratio pj at iteration k, as
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Figure 3: (a) Perplexity analysis for various iteration settings. Iteration alleviates high-pruning-ratio perplexity
collapse. (b) Perplexity analysis between GISP and other baselines. (c) Magnitude comparison between different

types of structured weight importance.

Algorithm 1 Global Iterative Structured Pruning

Require: Network parameters p; global target pruning
ratio p; iteration steps n; calibration dataset D =
Ensure: Pruned model parameters 6,,.
1: {pt}{1 < RATIOSCHEDULER(p, n)
2: for k < 1tondo
3: I(0k—1) < |6§£1 ® 6j_1]| > First-order importance
4: I(0;—1) < SUMAGGREGATE(I(05—1))
5 I(0p—1) I‘(Hgk“'l‘l) > Normalized Aggregation over
heads / MLP channels
6: 7, < TOPK(I(0;—1), pr,) > Global pruning
threshold across different structures at ratio py,
m < 1[I(Ok—1) > 71 > Binary mask
: O < 01 Om > Apply pruning mask
9: end for
10: return 6,

shown in Fig 2. The detailed algorithm block is
provided in Algorithm 1. To control pruning at
each step, we use a linear scheduler that gradually
increases the pruning ratio across iterations, ensur-
ing that each iteration prunes the same number of
structures. More details can be found in Sec. A.2

Empirical study. For the iteration study, we vary
the number of pruning steps (1, 32, 64, 128, and
256) across four target pruning ratios (20%, 30%,
40%, and 50%). For comparison with local pruning,
we measure perplexity (PPL) and include four rep-
resentative post-training structured pruning base-
lines: two uniform local pruning methods (Wanda
and LLM-Pruner) and two non-uniform local prun-
ing methods (FLAP and OWL). All experiments
are performed on the Llama2-7B model using the
C4 calibration dataset. The results are shown in
Fig 3. We summarize our main findings below:

1) Iteration is the key for global pruning at a
high pruning ratio region. From Fig 3(a) and (b),
we first observe that introducing iterative pruning
alleviates the issue of global pruning at a high prun-

Table 3: Pruning time comparison across methods.
“Amortized time” divides the total time by the number
of usable subnetworks produced.

Method Usable sparsities Total time (min) Amortized time (min)
Wanda-sp 4 7.10 1.78
OWL 4 13.90 3.48
LLM-Pruner 4 6.80 1.70
GISP (ours) 112 125.84 1.12

ing ratio: even a coarse setting of 32 steps (equal
to the layer count of Llama2-7B) is enough to cut
the 50%-pruning-ratio PPL by 92.82. As a result,
the GISP can consistently achieve lower PPL com-
pared to local pruning methods.

2) Global iterative pruning outperforms local
baselines at scale. With iteration, global prun-
ing consistently achieves lower perplexity than lo-
cal pruning methods across all sparsity regimes
(Fig. 3(b)). This establishes that iteration not only
stabilizes global pruning but also makes it com-
petitive against strong local baselines in the post-
training LLM setting. Crucially, these gains are ob-
tained without intermediate recovery or fine-tuning,
demonstrating that iteration alone is effective.

3.2.2 Achieving “Once-for-All” and
Amortizing the Iteration Cost

Iterative global pruning is computationally more
demanding than local or one-shot pruning. Run-
ning such a computationally intensive procedure to
obtain only a single subnetwork at a fixed sparsity
level would be impractical in deployment. Table 3
compares the wall-clock pruning time of several
structured pruning methods under our experimental
setup. While GISP requires a substantially longer
total runtime due to its iterative steps, the amortized
cost per deployable subnetwork is comparable to,
or even lower than, that of local methods once the
once-for-all property is considered.



Moreover, in iterative global pruning, each step
removes new self-attention heads and MLP chan-
nels based on the already-pruned model from the
previous step, naturally forming a nested sub-
network structure (Cai et al., 2019). This nested
property and computational cost from iteration mo-
tivated us to wonder:

Can GISP enable once-for-all pruning? In other
words, if we iteratively prune toward a high tar-
get ratio (e.g., 50%), can the intermediate sub-
networks with lower pruning ratios (e.g., 20%,
30%) already perform well, thereby eliminating
the need to conduct separate pruning runs for each
individual pruning ratio?

To investigate this, we conduct a single iterative
pruning procedure on Llama2-7B, targeting 50%
sparsity over 112 iterations. We saved the interme-
diate pruned model at every step and evaluated its
PPL. The results are presented in Fig 3(b). The
relationship between perplexity and the pruning
ratio is remarkably smooth, indicating a stable and
well-behaved pruning trajectory. Crucially, the per-
formance of the intermediate models at different
pruning ratios is on par with the performance of
models generated from individual, shorter pruning
runs (marked as "individual" variant) tuned specif-
ically for those respective targets. To this end, it
demonstrates the once-for-all capacity of GISP.

It is important to note that this "once-for-all"
capability is a unique advantage of the iterative
global pruning. It enables practitioners to obtain
an entire Pareto frontier of accuracy-vs-sparsity
models from a single computational investment, of-
fering immense practical flexibility. This property
is not achievable with local pruning methods. As
formulated in Eq. 1, local pruning is a layer-wise
optimization that requires the target pruning ratio
for each layer to be specified in advance. Conse-
quently, creating models for different sparsity lev-
els necessitates entirely separate and independent
pruning runs.

3.3 GISP as a Task-Specific Pruner

As discussed in Sec. 2, local pruning remains task-
agnostic because its layer-wise reconstruction ob-
jective cannot align with downstream goals, even
when calibration data carries task-specific informa-
tion. In contrast, global pruning defines importance
with respect to a model-level loss, offering the po-
tential for task alignment. We now instantiate and
validate this property in GISP.

Objective-level formulation. Because GISP eval-
uates importance with respect to a model-level loss
(Eq. 3), we can instantiate a task-aligned objective
by replacing the loss in Eq. 2 with a task-specific
target Lisk. Our importance reduces to the same
first-order form with a different objective:

Iw = |[(Vw Lgsk, W) 4)

This simple substitution turns GISP into a task-
specific pruner while remaining post-training and
structure-aware.
Two instantiations. We consider two common
families of L, that match our evaluation tasks:
(1) Perplexity loss for text generation (language
modeling), where L,sx=token-level cross-entropy
on an open-domain (e.g., C4) or in-domain (e.g.,
GSMBS8K) corpus; To be specific, the importance
metrics are obtained from objective:

N
1
L=-+ ;bgp(ﬂfilwa) 5)

where L is the loss function, N is the number of
tokens and p(z;|z<;) is the probability of token x;
given all previous tokens.

(ii)) Margin loss for decision-oriented, multi-
option QA. For example, the CMQA dataset differs
from pure language modeling in that each question
is paired with one correct (positive) and multiple
incorrect (negative) answers. During inference, the
model ranks each ‘Question + Answer’ pair by per-
plexity and selects the answer with the lowest score.
Simply minimizing perplexity on positive answers
is insufficient, as pruning may disproportionately
reduce the loss of negative candidates relative to
the correct one, causing the model to choose an
incorrect answer even if the correct answer’s loss
remains largely unchanged. In other words, the
actual factor of classification performance is the
model’s ability to distinguish correct from incorrect
answers (the decision boundary).

To preserve the model’s decision boundary, we
define a margin-based importance using a task-
formatted calibration set:

I, = '(g;; _

i

OL_ ) Wi ©)
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Where L. denotes the average loss on positive
labels and L_ denotes the average loss on negative
labels. Intuitively, Eq. (6) preserves the loss gap
between correct and incorrect candidates, aligning
pruning with task decisions. We will examine the



Table 4: Comparison of different pruning methods on
text generation perplexity and commonsense reasoning
accuracy. All downstream accuracy is evaluated by
using CMQA calibration.

Table 5: Comparison of different pruning methods for
advanced models.

3 Perplexity on Wikitext2 | Downstream ACC (%) 1
Pruning

Method

Ratio Llama3 Mistral-0.3 Llama3 Mistral-0.3
8B 7B 8B 7B
. Perplexity on Wikitext2 | Downstream ACC (%) T
Pruning oo 0% Dense 14.14 15.14 69.99 70.47
Ratio Llama2 Llama2
Wanda-sp  29.92 20.42 57.45 64.39
7B 138 7B 13B LLM-Pruner 2321 \ 56.51 \
0% Dense 12.19 10.98 66.68 69.19 20% ShortGPT ~ 118.62 52.74 57.68 57.75
OWL 29.49 19.98 59.95 65.87
Wanda-sp — 22.71 14.64 6177 66.30 GISP (ours)  24.18 18.17 65.28 66.60
LLM-Pruner  24.25 19.99 50.95 57.30
20% FLAP 29.19 16.95 61.27 65.00 Wanda-sp 48.83 32.61 52.03 58.24
ShortGPT ~ 43.88 19.95 55.75 60.84 LLM-Pruner ~ 37.78 \ 47.46 \
OWL 21.80 14.76 62.64 66.98 30% ShortGPT ~ 3972.28 599.82 43.53 41.10
GISP (ours)  17.01 15.10 63.46 67.61 OWL 47.90 31.82 5224 58.54
Wandasp 3543 073 — 269 GISP (ours) ~ 31.73 25.58 59.66 6348
LLM-Pruner  41.24 28.47 4137 46.26 Wanda-sp  81.67 55.41 43.61 51.89
30% FLAP 43.75 21.32 56.90 63.28 LLM-Pruner 67.58 \ 41.82 \
ShortGPT 12642 84.84 50.01 56.86 40% ShortGPT 157647 909.21 4337 39.68
OWL 34.64 19.02 58.33 63.27 OWL 87.01 47.85 44.87 54.36
GISP (ours)  24.27 19.53 60.68 66.12 GISP (ours) ~ 46.10 3431 53.51 58.30
Wanda-sp  51.85 3291 50.12 59.11 Wanda-sp 13329 79.41 41.32 4438
LLM-Pruner  71.93 50.01 39.13 41.99 LLM-Pruner 12591 \ 39.67 \
40% FLAP 69.64 37.76 53.01 59.89 50% ShortGPT 4135.73 1091.73 41.19 38.73
ShortGPT ~ 189.17 92.38 4535 48.73 OWL 130.77 76.20 41.86 46.09
OWL 53.47 3113 51.50 60.84 GISP (ours) ~ 79.42 58.16 45.68 49.79
GISP (ours) ~ 34.54 26.56 5528 63.34
Wanda-sp  81.47 64.17 43.52 51.60 . . . .
LLM-Pruner  144.99 86.34 38.62 40.92 pruning approaches in two main categories: (1)
50% FLAP 161.84 66.38 47.84 56.29 . . . .
ShorGPT 38794 7008 475 s local uniform baselines, including Wanda-sp (Sun
OWL 80.59 65.28 44.82 54.17 et al., 2024; An et al., 2023), LLM-Pruner (Ma
GISP (ours)  64.07 42,07 48.54 57.50

effectiveness of GISP as a task-specific pruner in
Sec. 4.2. Importantly, such a transition from a
perplexity-based loss to a task-specific loss is not
feasible for local pruning methods, which rely on
layer-wise MSE loss for importance estimation.

4 Experiments

Models and Evaluation. We evaluate GISP on the
popular Llama2-7B/13B (Touvron et al., 2023b),
Llama3-8B (Grattafiori et al., 2024), Mistral-0.3-
7B (Jiang et al., 2023), and one reasoning model
DeepSeek-R1-Distill-Llama-3-8B (DeepSeek-Al
et al., 2025). Following previous work (Ma et al.,
2023; An et al., 2023), we evaluate the pruned
model on three categories of tasks: the perplex-
ity metric on Wikitext2 (Merity et al., 2016) text
generation, post-training accuracy on common-
sense reasoning (CMQA), which including BoolQ
(Clark et al., 2019), PIQA (Bisk et al., 2020), Hel-
laSwag (Zellers et al., 2019), WinoGrande (Sak-
aguchi et al., 2019), ARC-Easy (Clark et al., 2018),
ARC-Challenge (Clark et al., 2018), and Open-
bookQA (Mihaylov et al., 2018) and exact-match-
accuracy on math task GSM8K (Cobbe et al., 2021)
that require reasoning. We report average accuracy
in this section, and detailed task-wise accuracy is
presented in the Sec. A.4.

Baselines. We compare GISP with four local

et al., 2023); and (2) local non-uniform baselines:
FLAP (An et al., 2023), OWL (Yin et al., 2025)
on Wanda-sp. Additionally, we compare against a
layer-wise pruning approach, ShortGPT (Men et al.,
2024). Following the general setting, we use the C4
dataset as the calibration dataset for text generation
tasks. For the downstream accuracy on CMQA, we
use its training set as the calibration dataset. For
the exact-match-accuracy on GSMS8K, we applied
both the C4 dataset and the GSMSK training set as
the calibration dataset. The iteration step in GISP
is set to 112 in models with a 7-8B scale, and 280
in 13B to maintain the close iteration stride with
these smaller variants. The detailed experimental
setup is illustrated in the Sec. A.3.

4.1 Experimental Results

Perplexity of text generation tasks. Table 4 and
Table 5 present the experimental results on the per-
plexity (PPL) of WikiText2 across four target prun-
ing ratio levels. First of all, compared to the five
baselines on dense Llama2-7B, 13B models, GISP
achieves a clear lower PPL in most cases. Specif-
ically, the improvement is particularly more sig-
nificant at the higher sparsity level (e.g, 40%, and
50%). Moreover, for multi-query attention—based
LLMs such as Llama3-8B and Mistral-0.3, we ob-
serve the same consistent trend '.

'We exclude the results of FLAP on Llama3-8B and
Mistral-0.3, and leave LLM-Pruner on Mistral-0.3 as blank



Table 6: CMQA Accuracy of GISP on all seven tasks under different calibration datasets and pruning ratios. The

best results are marked in bold.

Calibration Dataset ~ Pruning Ratio BoolQ PIQA Hellaswag WinoGrande ARC-E ARC-C OBQA AVG
20% 7330 7845 73.09 68.11 67.59 4292  42.00 63.64

C4 + Perplexit 30% 69.20 76.71 69.68 65.98 62.67 3746  40.80 60.36
Tplexity 40% 65.14  73.67 62.80 61.64 54.55 33.87 36.80 55.49

50% 58.41 68.28 50.79 58.64 44.02 28.41 3220 48.68

20% 80.80 77.86 76.39 71.82 74.75 46.33 4220 67.16

CMOA + Perplexit 30% 80.83  75.52 71.91 69.69 72.22 44.71 41.60 65.21
Tplextty 40% 79.54 7252 63.36 67.88 67.85 41.81 3920 61.74

50% 76.18 67.52 51.67 61.56 59.47 36.77 36.40 55.65

20% 80.28  79.00 76.83 72.22 75.17 4599  43.80 67.61

CMQA + Margin 30% 81.16 76.77 72.87 71.59 72.94 4573  41.80 66.12
ag 40% 80.00 73.83 65.79 70.09 70.16 43.52  40.00 63.34

50% 7297  69.91 55.15 65.59 63.09 3823  37.60 57.50

Downstream accuracy of commonsense reason-
ing tasks. Table 4 and Table 5 summarize the
accuracy results of CMQA under downstream task
evaluations. Note that Downstream Accuracy is
evaluated by using CMQA calibration. We ob-
serve that on downstream tasks, GISP consistently
achieves higher accuracy across all models and
pruning ratios, with particularly strong gains at
higher pruning levels, indicating its strength as a
task-specific pruner.

Exact-match accuracy of answer generation
tasks. While CMQA evaluates multiple-choice
reasoning, we further validate GISP on the arith-
metic reasoning benchmark GSMS8K, which fol-
lows a text-generation format but evaluates against
the presence of gold answers (marked as Gold
ACC). Table 7 compares different pruning methods
and calibration datasets under 8-shot evaluation.
The same trend holds: task-informed calibration
yields significant improvements for GISP, while
local pruning (Wanda-sp) gains little, confirming
that task-aligned calibration benefits generative rea-
soning tasks. Notify that conducting pruning on
reasoning LLMs is a challenging task for current
pruning methods (Zhang et al., 2025; Sui et al.,
2025), where current baseline methods usually fail,
as Wanda-sp even has zero accuracy at 20% prun-
ing ratio at its default settings.

4.2 Task-specific Property of GISP

Ablation across seven CMQA tasks. We use
CMOQA as an example to validate the task-specific
property of GISP. We reuse the settings from
Sec. 3.2.2. We report detailed results on all tasks
across pruning ratios {20%, 30%, 40%, 50%}. Ta-

since it requires non-trivial, architecture-specific modifica-
tions, and these models are not officially supported in their
open-sourced code.

Table 7: Comparison of different pruning methods on
GSMSK (8-shot) accuracy.

Model Calibration Method Ratio Gold ACC (%)
\ Dense 0% 73.54%
Wanda-sp  20% 0.00%
DeepSeek- ca 20% 25.25%
RI1- GISP  30% 14.33%
Distill- 40% 5.46%

Llama-3-8B

Wanda-sp  20% 29.19%
20% 67.93%
GSMB8K GISP 30% 50.80%
40% 31.84%

ble 6 summarizes two consistent trends: (1) Task-
informed calibration helps even with a perplex-
ity target: replacing C4 with CMQA data under the
same perplexity objective yields gains at all ratios,
indicating that GISP is an intrinsic task-specific
pruner that can actively benefit from task signals
from the calibration dataset. (2) Task-specific loss
target brings further improvements: switching
from perplexity to the proposed margin objective
(Eq. 6) provides additional, consistent accuracy
gains, especially at higher pruning ratios. These
trends hold across tasks, supporting GISP as a prac-
tical task-specific pruner.

5 Conclusions

In this work, we propose GISP, a simple yet ef-
fective global iterative structured pruning method
for LLMs. GISP prunes globally and iteratively,
enabling more flexible, task-aware pruning. It sup-
ports once-for-all pruning across multiple spar-
sity levels and naturally incorporates loss func-
tions tailored to downstream tasks to guide weight
importance. Experiments conducted on Llama2-
7B/13B, Llama3-8B, Mistral-0.3, and DeepSeek-
R1-Distill-Llama-3-8B demonstrate clear perfor-
mance gains compared to prior works, excelling as
a task-specific pruner, particularly at high sparsity.



Limitations

One limitation of our method is that, due to its
reliance on gradient-based weight importance es-
timation, it can incur relatively high memory and
computational costs. To address this, one could
integrate parameter-efficient fine-tuning (PEFT)
techniques to accelerate importance computations
and reduce the memory footprint—a direction we
leave for future work. Additionally, while GISP
is designed to be architecture-agnostic and shows
promising results on multi-query attention (MQA)-
based architectures, we have not yet evaluated it
on Mixture-of-Experts (MoE) models due to their
significantly larger scale. Extending GISP to MoE
architectures remains a valuable direction for future
exploration.
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A Appendix
A.1 Related Works

Pruning is a fundamental model-compression tech-
nique that removes redundant parameters through
sparsity. The pioneering OBD work (LeCun et al.,
1989) established a Taylor-series framework for im-
portance estimation, followed by extensive CNN
successes (Han et al., 2016; Molchanov et al., 2017,
Wang et al., 2021). With the rise of large language
models, pruning has become crucial for efficient in-
ference (Wan et al., 2024; Wang et al., 2024; Zhou
et al., 2024). Because full retraining is prohibitive,
recent work shifts to post-training pruning using
lightweight calibration data. According to sparsity
patterns, methods are either unstructured, removing
individual weights but requiring specialized ker-
nels, or structured, pruning entire heads, channels,
or layers for hardware-friendly acceleration (Wan
et al., 2024; Wang et al., 2024; Ma et al., 2023).
For structural pruning, estimating structural impor-
tance remains central: early CNN studies proposed
summation-based aggregation (Molchanov et al.,
2019), and LLM-Pruner (Ma et al., 2023) extended
this idea to element-, vector-, and channel-level
metrics. Our work follows this line, focusing on
post-training structured pruning for LLMs.

A.2 Detailed Explanation, Equations and
Algorithm

Oneshot global pruning and GISP procedure.
Specifically, given a predefined number of iteration
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steps n and a target pruning ratio p, GISP performs
pruning iteratively using a small pruning ratio pj, at
iteration k. For each iteration, we conduct the one-
shot pruning procedure, as detailed in section 3.1.
Additionally, to determine the pruning ratio py, at
each step, a linear scheduler is employed to linearly
increase the pruning ratio until the target ratio p
is reached in the final iteration. Notably, A key
difference from one-shot pruning is that, in GISP,
the importance scores in each iteration are com-
puted based on the pruned model from the previous
iteration. The detailed procedures are as follows:

(D Pruning ratio scheduling. Before pruning
starts, we adopt a linear scheduler to obtain a set of
target pruning ratios for each iteration step, where
the pruning ratios are linearly increased. By doing
s0, the actual number of pruned weights remains
the same for each iteration. Specifically, the linear
scheduler can be formulated as:

0, ifn=1,
= 7
Pk {jj:}p, itn>1, k=12 ..n

where p is the overall target ratio, n marks the pre-
defined iteration steps, k is defined as the index of
current step.

@ Structured weight importance estimation.
As illustrated in eq. (3), the importance score for
global pruning is derived from the Taylor series
expansion of the loss error with respect to weight
perturbation caused by pruning. Since higher-order
terms are significantly smaller in magnitude com-
pared to the first-order term, we follow prior global
pruning methods (Molchanov et al., 2019, 2017)
and adopt the first-order approximation as our im-
portance score:

_ ' OL(D) +rj
owi

wi ) ®)

i

Following that, to construct the structured impor-
tance score, we aggregate the element-wise impor-
tance scores by summing them within each struc-
tured group. These groups can correspond to at-
tention heads in attention blocks or channels in the
linear layers of feed-forward blocks.

(3) Global ranking and pruning. Once the
structured importance scores are obtained, we per-
form a TopK process to select the weights with
minimum values according to the pruning ratio of
the current iteration step.

Importantly, unlike prior global pruning meth-
ods for small models that directly rank importance
scores across the entire network, we find that such
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an approach is less effective for LLMs due to signif-
icant structural differences between attention and
MLP blocks. Specifically, attention blocks tend to
exhibit substantially higher importance scores than
MLP blocks, as illustrated in fig. 3(c), where the
scores for attention layers are an order of magni-
tude greater. To mitigate this imbalance, we nor-
malize the importance scores within attention and
MLP blocks separately, ensuring they are brought
to a comparable scale across the model.

In the end, the formulation of the normalized
importance metrics is given by:

1 (ehead)
|9head‘ ’

I(gchannel)

| Qchannel |

I(ehcad) -

[(echannc] ) -

©

where |6| marks the parameter count for the speci-
fied structure type. The formulation of the global
ranking and the mask generation process can then
be formulated as follows:

I(Ok—1) = [I(6™)), 10" )], 7« = TopK,, (1(9k,1)),

e = {
10)

where 7 is the threshold for eliminating ongo-
ing pruned modules, m is the binary mask that
applies to the model weight. Moreover, in each iter-
ation, the importance score will be evaluated on the
pruned model 6;_; to reflect any cascading effect,
distinguishing it from one-shot global pruning.

L,
0,

I1(0k—1) > Tk,
otherwise.

A.3 Detailed Experimental Setup

Experimental settings. The detailed settings are
at table 8 and table 9. All baselines will receive
the identical calibration dataset for pruning usage
in each evaluation task. No re-training or recov-
ery method is used, and only the pruning methods
from baselines are evaluated for comparison. In
addition, following the settings of Wanda-sp and
LLM-pruner, we skip to prune the first 10% of
layers and the last layer. All experiments are con-
ducted on a cloud computing server with an AMD
EPYC 9554 CPU, 318.6 GB of memory, 400GB
SSD, and one Nvidia H100 80GB GPU.

Text generation and zero-shot commonsense rea-
soning tasks. Following the general setting, we
use the C4 dataset as the calibration dataset for text
generation tasks and zero-shot commonsense rea-
soning tasks, with 2000 samples, each having 256
token lengths. No template is used for this task. For
the GSMSK task, we use both C4 and GSMS8K as
calibration and separately evaluate 8-shot accuracy.
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Downstream commonsense reasoning tasks.
For the downstream commonsense reasoning tasks
(CMQA), we use the CMQA training set as the
calibration dataset with a total token budget of
512000 (matching previous C4 settings), which
is then evenly distributed across each sub-task’s
training split. To be specific, we include the gold
answer (marked as positive labels) and all other
options (marked as negative labels) for each sam-
pled question from the training set, forming posi-
tive/negative pairs for margin evaluation. For indi-
vidual tasks, we sample 2000 data points per task
and set each task’s token-length cap at the 99th
percentile of these sampled data. The prompt tem-
plates follow the EleutherAl LM Harness pipeline
conventions to ensure consistency between calibra-
tion and evaluation. We report plain accuracy (acc)
for fixed-length tasks (e.g., true/false) and normal-
ized accuracy (acc_norm) for tasks with variable-
length answers, thus counteracting cumulative-loss
biases on longer sequences.

A.4 Detailed Downstream CMQA Accuracy

We provided detailed downstream task accuracy
evaluations at table 10, table 11, table 12, and ta-
ble 13. We present our key observations of these
detailed evaluations as follows.

(1) On downstream tasks, GISP consistently
achieves higher accuracy across all models and
pruning ratios, with particularly strong gains at
higher pruning levels, indicating its strength as a
task-specific pruner. For example, on the BoolQ
task, GISP holds a 6-20% accuracy lead over the
best baseline at every pruning ratio. Moreover, at
30-40% pruning ratio, GISP’s accuracy remains
close to the dense model—for instance, 80.00%
(ours) vs. 80.55% (dense) on Llama2-13B at 40%
pruning ratio—while other methods begin to lose
accuracy even at lower pruning ratios.

(2) For local pruning methods, downstream
performance remains similar to—or even lower
than—their zero-shot performance, suggesting that
while local pruning preserves general knowledge,
it lacks task-specific optimization.

A.5 Extended Ablation of Calibration Dataset
and Task-specific Loss Target

We provided an extended ablation of using differ-
ent calibration datasets and the effectiveness of
GISP as a task-specific pruner with task-specific
loss target at table 14.

(1) GISP is inherently task-specific. When we



Table 8: Detailed settings for CMQA calibration dataset and evaluation.

Task Token Length  Actual Tokens Accuracy Template
BoolQ 410 73 000 acc {passage}\nQuestion: {question}\nAnswer:
PIQA 160 73 125 acc norm Question: {goal}\nAnswer:
Hellaswag 144 73 027 acc norm {activity_label}: {ctx_a ctx_b}
WinoGrande 38 73 117 acc {substituted_sentence_at_bottomline}
ARC-E 92 73 081 acc norm Question: {question}\nAnswer:
ARC-C 112 73123 acc norm Question: {question}\nAnswer:
OBQA 43 73 140 acc norm {question_stem}
Table 9: Detailed experimental hyper-parameters.

Model Random Seed Precision Pruning Ratio/Iter

Llama2-7B, Llama3-8B, Mistral 0.3-7B 0 bfloat16 0.625%

Llama2-13B 0 bfloat16 0.25%

Overall Pruning Ratio: 20%

Overall Pruning Ratio: 40%

Overall Pruning Ratio: 50%
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Figure 4: Visualization of the resulting model in various overall pruning ratios from GISP.

switch from C4 to CMQA for calibration, GISP
gains significant accuracy improvements at ev-
ery pruning ratio. In contrast, all baselines show
no uplift (and sometimes even regress), reflecting
their general-purpose properties with no sensitivity
to task information and highlighting GISP’s task-
specific capability.

(2) Effectiveness of GISP as a task-specific
pruner with task-specific loss target. Incorporating
the margin-based loss provides consistent accuracy
gains across nearly every task and pruning ratio,
showing the necessity and effectiveness of GISP’s
design to accommodate various task-specific loss
targets.

A.6 Visualization of the pruned model

Figure 4 provides the layer-wise pruning ratio dis-
tribution of various target pruning ratios of GISP on
attention blocks and MLP blocks of the Llama2-7B
model, respectively. We present our key observa-
tions of the generated pruned model as follows,
aiming to provide insight for further works, such
as LLMs architecture searching, design, and expla-
nation:

(1) Layer-wise sparsity varies significantly for
both attention and MLP components. Both the
MLP and attention layers exhibit a similar trend of
increasing pruning ratios from early to late layers,
suggesting that earlier layers are more critical to
model performance than later ones.

(2) MLP layers are more redundant than atten-
tion layers. First, the pruning ratio of MLP layers
is consistently higher than that of attention lay-
ers across all layers. Additionally, we observe
that early attention layers are particularly impor-
tant—under a 50% overall pruning ratio, approxi-
mately the first half of the attention layers maintain
very low sparsity. In contrast, between the 40% and
50% pruning ratio, more MLP channels are pruned
in the early layers, while the attention layers in the
same range remain largely intact.

A.7 Efficiency Analysis

Pruning procedure efficiency analysis. The run-
time overhead of deploying GISP is discussed in
Section 3.2.2 and summarized in Table 3.

We additionally report the peak GPU memory
during pruning on Llama2-7B under the same en-
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Table 10: Llama 2-7B Downstream CMQA Accuracy under Different Pruning Methods.

Method Pruning Ratio BoolQ PIQA Hellaswag WinoGrande ARC-E ARC-C OBQA AVG
Dense 0% 7771 7905 76.00 68.98 7454 4625 4420  66.68
20% 6584 7873  71.07 62.75 69.32 4309 41.60 61.77

Wand 30% 6235 7573 63.44 57.85 63.30 3848  38.80 57.14
anda-sp 40% 6138 7339  44.69 50.91 53.87 3038 3620 50.12
50% 5817 6529  34.60 50.75 40.82 2457 3040 4352

20% 6437 7144 4849 57.85 5585 2824 3040 50.95

LLM-Pruner 30% 6031 6094 3131 50.67 3880 2073 2680 4137
- 40% 60.55 5517  28.71 4941 3312 20.14 2680 39.13
50% 6092 5370  28.07 50.12 3157 2073 2520 38.62

20% 6716 7748  70.64 62.35 66.54 4249 4220 6127

FLAP 30% 62.87 7524 6347 57.85 6132 3874 3880 56.90
40% 61.65 7203  53.86 54.22 5535 3695 37.00 53.01

50% 5945 6828  42.58 53.12 4853 3072 3220 47.84

20% 6217 7018  62.73 65.82 5593 36.18 3720 55.75

ShortGPT 30% 6220 6338  50.80 62.98 4508 3422 3140 5001
© 40% 6217 5783  41.16 58.09 3708 30.12  31.00 4535
50% 6217 5261 3335 56.91 3173 2671 2880 4175

20% 67.09 7867  71.87 66.14 69.87 4343 4140 62.64

OWL 30% 64.04 7666  66.54 58.33 6444 3891 3940 5833
40% 62.14 7405  47.62 52.49 5501  30.80 3840 51.50

50% 6125 66.16  35.41 51.62 4415 2491 3020 44.82

20% 7777 7530 7071 69.14 69.65 41.64 4000 63.46

GISP (ours) 30% 7719 7285  64.19 65.35 6524 4053 3940 60.68
ours 40% 7055 68.88  53.68 62.51 5774 3541 3820 55.28

50% 6529 64.09 4127 56.27 4971  29.18 3400 48.54

Table 11: Llama 3-8B Downstream CMQA Accuracy under Different Pruning Methods.

Method Pruning Ratio BoolQ PIQA Hellaswag WinoGrande ARC-E ARC-C OBQA AVG
Dense 0% 8128 8079  79.13 72.61 7769 5341 4500 69.99
20% 5942 7731 58.77 59.67 67.68  39.68 39.60 57.45

Wand 30% 6128 7443  46.62 54.46 5766 3294 3680 52.03
anda-sp 40% 6217 6393  33.15 52.09 4293 2398  27.00 43.61
50% 5875 60.88  31.87 50.67 3784 23.04 2620 41.32

20% 67.68 7503  57.76 60.77 6128  37.03 3600 5651

LLM.P 30% 60.86 6638  41.35 54.54 5135  27.13 3060 47.46
-rraner 40% 5731 6061  33.68 51.46 3994 2253 2720 41.82
50% 5263 5637  31.08 50.43 36.07 2253 2860 39.67

20% 6502 7100  64.61 70.88 56.65 4241 3320 57.68

ShortGPT 30% 5168 6072  33.44 58.48 3927 3055 3060 43.53
40% 5862 6045 3776 52.96 3523 2995 2860 43.37

50% 60.86 5539  29.38 54.54 2971 2884  29.60 41.19

20% 6474 7797  61.82 62.83 7058 4113 40.60 59.95

OWL 30% 62.84 7329 4751 55.88 5690 3225  37.00 5224
40% 62.11 6518  34.24 52.09 4558 2466 3020 44.87

50% 60.09 6012  31.37 5272 3876 2295  27.00 41.86

20% 7911 7650  70.16 71.43 7066  47.10  42.00 65.28

GISP (ours) 30% 7804 7100 5924 69.93 6246 4053 3640 59.66
ours 40% 7269 6725  47.58 66.14 5459 3413 3220 53.51

50% 6648 62.19  36.07 55.72 4234 2799 2900 45.68
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Table 12: Mistral 0.3-7B Downstream CMQA Accuracy under Different Pruning Methods.

Method Pruning Ratio BoolQ PIQA Hellaswag WinoGrande ARC-E ARC-C OBQA AVG
Dense 0% 8208 8221  80.44 73.88 7824 5222 4420 7047
20% 6872 8052 7273 66.77 7479 4403 4320 6439

Wand 30% 5792 7889  63.17 58.56 6881 3754 4280 5824
anda-sp 40% 5339 7622 50.92 55.88 5821 3140 3720 51.89

50% 5804 67.03  36.53 49.96 4566 2423 2920 44.38

20% 6936 7231 6471 68.51 5863  39.16 3160 5775

ShortGPT 30% 4229 5860  34.54 57.70 3127 3191 3140 41.10
40% 5300 53.10 2640 55.80 3047 3080 2820 39.68

50% 5297 50.16 2496 5375 3013 3072 2840 3873

20% 68.65 80.69  74.52 70.01 7576 4625 4520 65.87

OWL 30% 5260  79.05  66.04 61.25 69.40 3925 4220 58.54
40% 57.06 78.07  53.76 55.56 6279 3387 3940 5436

50% 61.19 6970  38.66 50.99 4638 2611  29.60  46.09

20% 80.52 7840  73.55 73.16 7454 4701 39.00 66.60

GISP (ours) 30% 7979 7606  65.69 70.01 7168 4155 39.60 63.48
ours 40% 7700 7171 5457 65.04 64.60 3797 3720 58.30

50% 7021 6279 4036 56.75 5526 3217  31.00 49.79

Table 13: Llama 2-13B Downstream CMQA Accuracy under Different Pruning Methods.

Method Pruning Ratio BoolQ PIQA Hellaswag WinoGrande ARC-E ARC-C OBQA AVG
Dense 0% 8055 8052  79.39 72.22 7748 4898 4520 69.19
20% 73.09 7998  76.04 67.09 7546  47.87 4460 66.30

Wand 30% 7083 7894  68.68 62.83 7130 44.03 4220  62.69
anda-sp 40% 64.16 78.02 6227 59.27 6726 4121 4160 59.11
50% 62.14 7198 4891 53.35 5513 32.68  37.00 51.60

20% 66.51 7492 5847 62.67 6641 3592 3620 57.30

LLM-Pruner 30% 6177 6719  36.64 51.54 5101 2526 3040 46.26
- 40% 5893 6143  31.23 4925 4251 2278  27.80 41.99
50% 6196 58.11 2881 51.70 3678 2227 2680 40.92

20% 73.00 7992 72.26 66.85 7374 4582 4340  65.00

FLAP 30% 69.94 7835  67.79 65.11 7172 4488 4520 63.8
40% 6621 7682  64.74 63.14 65.53 4258 4020 59.89

50% 64.16 7448  57.94 57.77 60.82 3865 4020 56.29

20% 61.80 7416  70.62 70.17 65.87 4249  40.80 60.84

ShortGPT 30% 61.53 69.80  64.57 69.53 5547 3933  37.80 56.86
© 40% 4498 6502 33.19 51.66 6646  46.17  33.60 48.73
50% 6217 5261  33.35 56.91 3173 2671 2880 41.75

20% 7648 8030  77.19 68.35 7471 46.84 4500 66.98

OWL 30% 69.82 7840  73.28 64.09 7176 43.17 4240 6327
40% 69.97 7769  66.97 60.62 67.51 4292 4020 60.84

50% 6346 7318  55.15 54.78 5758 3729  37.80 54.17

20% 8028 79.00  76.83 72.22 7517 4599 4380 67.61

GISP (ours) 30% 81.16 7677  72.87 71.59 7294 4573 4180  66.12
ours 40% 80.00 7383  65.79 70.09 7016 4352 4000 63.34

50% 7297 6991  55.15 65.59 63.09 3823  37.60 57.50
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Table 14: CMQA Accuracy on All Seven Tasks under Different Calibration Datasets and Pruning Ratios.

Method Calibration Dataset ~ Pruning Ratio BoolQ PIQA Hellaswag WinoGrande ARC-E ARC-C OBQA AVG
20% 7407 7933 77.94 70.48 7277 4514 4480 66.36
ca 30% 67.86 78.02  74.65 68.11 69.57 4352 4420 63.70
40% 6440 7731 6836 61.40 5741 3797 4080 5824
50% 62.63 7231  58.69 55.96 4832 3123 3660 5225
Wanda-sp
20% 73090 7998  76.04 67.09 7546 4787 4460 66.30
CMOA 30% 70.83 7894  68.68 62.83 7130 4403 4220 62.69
40% 6416 7802 6227 5927 6726 4121 4160 59.11
50% 62.14 7198 4891 53.35 5513 3268  37.00 51.60
20% 7168 7954 7495 67.48 7433 4684 4460 65.63
ca 30% 6697 79.16  70.58 65.04 6747 4266 41.00 61.84
40% 6278 7546  60.77 5833 5623 33.62 3820 55.06
LLM-Pruner 50% 62.02 7051 4934 53.75 4352 2799 3380 4870
20% 66.51 7492  58.47 62.67 6641 3592 3620 57.30
CMOA 30% 6177 67.19  36.64 51.54 5101 2526 3040 46.26
40% 5893 6143  31.23 4925 4251 2278 2780 41.99
50% 6196 58.11 2881 51.70 3678 2227 2680 40.92
20% 70.89 8020  77.62 70.80 7218 4659 4480 66.15
ca 30% 7037 7943 75.05 68.43 6827  44.11 4380 6421
40% 67.00 7720  70.60 67.09 6574 4309 4140 61.73
FLAP 50% 6275 7356  63.09 62.27 5753 3942 3760 56.60
20% 7300 7992 7226 66.85 7374 4582 4340  65.00
CMOA 30% 69.94 7835  67.79 65.11 7172 4488 4520 63.28
40% 6621 7682 6474 63.14 6553 4258 4020 59.89
50% 64.16 7448  57.94 57.77 6082 3865 4020 5629
20% 61.80 74.16  70.62 70.17 6587 4249 4080 60.84
ca 30% 3777 6975  57.88 69.30 5290 3584 3840 51.69
40% 6220 61.81  47.23 62.51 4487  31.83 3560 4943
ShortGPT 50% 6220 5843  40.87 61.40 3721 3157 3080 46.07
20% 61.80 74.16  70.62 70.17 6587 4249 4080 60.84
CMOA 30% 6153 69.80  64.57 69.53 5547 3933 37.80 56.86
40% 4498 6502  33.19 51.66 6646 4617  33.60 4873
50% 6217 5261 3335 56.91 3173 2671 2880 4175
20% 7544 7922 7779 71.82 7180 4505 4520 66.62
c 30% 6991 7884 7536 68.19 6843 4334 4280 63.84
40% 6639 7677  69.58 63.38 62.58 3976  40.60 59.87
OWL 50% 6349 7269 5925 58.48 4920  31.83 3880 53.39
20% 7648 8030  77.19 68.35 7471 4684 4500 66.98
CMOA 30% 69.82 7840  73.8 64.0 7176 4317 4240 6327
40% 69.97 7769  66.97 60.62 67.51 4292 4020 60.84
50% 6346 73.18  55.15 54.78 5758 3729  37.80 54.17
20% 7330 7845  73.09 68.11 6759 4292 4200 63.64
4 + Peroloxit 30% 6920 7671  69.68 65.98 62.67 3746 4080 60.36
erpiexity 40% 65.14 73.67  62.80 61.64 5455 3387 3680 5549
50% 5841 6828  50.79 58.64 4402 2841 3220 48.68
20% 80.80 77.86  76.39 71.82 7475 4633 4220 67.16
GISP . 30% 8083 7552 7191 69.69 7222 4471 4160 6521
CMQA + Perplexity 40% 7954 7252 63.36 67.88 67.85 4181 3920 61.74
50% 7618 6752  51.67 61.56 5947 3677 3640 55.65
20% 8028 79.00  76.83 72.22 7517 4599 4380 67.61
CMOA + Margin 30% 81.16 7677  72.87 71.59 7294 4573 4180 66.12
g 40% 80.00 7383  65.79 70.09 70.16 4352 40.00 63.34
50% 7297 6991  55.15 65.59 63.09 3823  37.60 57.50
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Table 15: Peak GPU memory during pruning on Llama?2-
7B.

Method Peak memory (MiB)

GISP 43576
Wanda 22128
FLAP 21656
OWL 26528

Table 16: Inference efficiency of pruned subnetworks.

Decode Inc.

1.00x
1.09x
1.14x
1.15x
1.15x

Pruning Ratio TTFT (s) Prefill (t/s) Decode (t/s) Prefill Inc.

0.105 5635.4 38.0 1.00x
0.090 6833.6 414 1.21x
0.082 7704.7 432 1.37x
0.076 8396.9 43.7 1.49x
0.069 9562.7 43.7 1.70x

Dense
20%
30%
40%
50%

vironment (batch size and calibration setting) in
Table 15. As expected and claimed in limitation
section, GISP uses higher peak memory than local
forward-only baselines, as it requires a backward
pass for gradient computation.

Pruned model efficiency analysis. We evaluate
the inference throughput and memory footprint
of the pruned Llama2-7B model on an NVIDIA
A6000 GPU with batch size = 1 and report time-
to-first-token (TTFT), prefill/decode throughput,
related speedup and memory cost in Table 16 and
17. GISP constantly reduces latency, improves both
decoding and prefilling speedup and reduce mem-
ory footprint compared with the dense model.

A.8 Practical Impact of the GISP: Model
saving and on-the-fly adaptation

Thanks to the property of the once-for-all pruning,
GISP can produce a spectrum of models pruned to
different pruning ratios to a target ratio p. To ex-
ploit this without extra storage overhead, we record
only the indices of channels or heads removed
at each iteration—orders of magnitude smaller
than element-wise masks. Once pruning is com-
plete, any intermediate pruned model can be re-
constructed simply by reapplying the saved in-
dices. For example, after apply GISP on Llama2-
7B model, the user only need to store one set of
weights with the corresponding masks (approxi-
mately 318KB per mask, which is 0.002% of the
model weight for Llama2-7b), rather than maintain-
ing numerous separate models.

This enables on-the-fly adaptation: by running
GISP as a preprocessing step to capture the pruning
schedule, users can dynamically deploy the most
suitable pruned model according to each of the
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Table 17: Inference memory footprint.

Sparsity Memory (GB)  Reduction (%)
Dense 14.05 -
20% 11.58 17.6
30% 10.27 26.9
40% 9.07 35.4
50% 7.73 45.0

Table 18: Performance of pruned model under 60%
pruning ratio on Llama2-7B.

Method  Pruning ratio  Oshot CMQA ACC (%)

Dense 0% 66.68
GISP 60% 42.17
Wanda 60% 37.77
FLAP 60% 37.98
OWL 60% 37.81

various computing resources and dynamic environ-
ments.

A.9 GISP Under Higher Pruning Ratio

To further demonstrate the performance advantage
of GISP in higher sparsity, we add an additional
pruning experiment on Llama2-7B, targeting 60%
sparsity, for reference. The results in Table 18 show
the expected trend: sharp performance drops for all
baseline methods, while GISP remains competitive
and degrades more gracefully.

A.10 LLM Usage

In accordance with the AAR Al Writing/Coding
Assistance Policy, we disclose that LL.M-based
tools (e.g., ChatGPT) were used solely to aid in pol-
ishing the writing and improving the clarity of ex-
position. They were not used for research ideation,
experimental design, data analysis, or other sub-
stantive contributions. All scientific content, re-
sults, and conclusions are the responsibility of the
authors.
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