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Abstract

Structured pruning offers a hardware-friendly
approach for efficient LLM inference. Early
static methods determine fixed subnetworks
through offline calibration, suffering from per-
formance degradation and calibration sensitiv-
ity. Recent methods explore input-adaptive
pruning by selecting a subset of tokens as
probes to estimate hidden activations for
online pruning decisions. However, exist-
ing probe selection strategies fail to identify
outlier-triggering tokens, and uniform layer-
wise sparsity misaligns with heterogeneous
outlier distributions, leading to critical chan-
nels being incorrectly pruned. Therefore,
we propose OCP (Outlier-Centric Probing for
structured pruning), a principled framework
that prioritizes capturing outlier-triggering to-
kens rather than reconstructing full hidden dis-
tributions. Specifically, OCP includes three
key components: (1) sensitivity-weighted
probing for FFN layers that identifies outlier
patterns via precomputed weight aggregations,
(2) attention-accumulated probing that lever-
ages preceding attention matrices to identify
salient tokens, and (3) online adaptive spar-
sity allocation that dynamically adjusts layer-
wise pruning based on history-guided outlier
statistics. Extensive experiments on LLaMA2,
LLaMA3, and OPT demonstrate that OCP con-
sistently outperforms state-of-the-art methods
across benchmarks, achieving up to 25% per-
plexity reduction at 1.6× speedup.

1 Introduction

Large Language Models (LLMs) have achieved re-
markable success across diverse tasks (Yang et al.,
2025a; Zhang et al., 2026b; Li et al., 2026; Xin
et al., 2025). However, their substantial resource
requirements challenge practical deployment, par-
ticularly in latency-sensitive applications (Wan
et al., 2024). Structured pruning, which removes
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Figure 1: Effect of calibration on PP performance.

entire architectural units such as attention heads
and FFN neurons, has emerged as a promising
solution, offering hardware-friendly acceleration
without specialized kernels (Zhu et al., 2024; Wan
et al., 2024; He and Lin, 2025; Wei et al., 2024).

Existing structured pruning methods (Ma et al.,
2023; An et al., 2024) typically determine fixed
subnetworks via offline calibration, yet perfor-
mance is sensitive to calibration data choice, caus-
ing inconsistent generalization (Ji et al., 2025b;
Williams and Aletras, 2024; Bandari et al., 2024).
To address these limitations, recent studies (Le
et al., 2025; Hou et al., 2025) have shifted to-
ward dynamic pruning with input-adaptive deci-
sions, achieving notable improvements over static
methods. As illustrated in Figure 2 (left), Probe
Pruning (PP) (Le et al., 2025) 1 selects a sub-
set of input tokens as a probe, 2 collects hidden
activations through a forward pass, 3 determines
masks based on hidden activation magnitude, and
4 prunes model for acceleration. Despite being

designed for input-adaptive pruning, PP still re-
lies on offline calibration for probing state fusion,
and as shown in Figure 1, removing it causes no-
table degradation. This stems from two key lim-
itations: (1) PP selects tokens by input energy
(e.g., L2 norm), yet layer normalization breaks the
correlation between input norm and hidden acti-
vation magnitude. Thus, outlier-triggering tokens
are overlooked while selected tokens may miss
the current input’s highly-activated channels (Fig-
ure 2 right). (2) PP applies uniform sparsity across
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Figure 2: Overview of OCP. Left: Probe-based pruning workflow where 1 a probe is constructed from input text,
2 activations are computed via forward pass, 3 pruning masks are determined, and 4 pruning are applied for

efficient inference. Right: OCP introduces (1) outlier-aware probe construction that better approximates full-batch
importance compared to PP, and (2) dynamic layerwise pruning that adapts heterogeneous sparsity across layers.

layers, yet different layers exhibit varying impor-
tance (Yin et al., 2024; Chen et al., 2025). Uni-
form pruning risks over-removing critical chan-
nels, leading to performance sensitivity.

Recent studies (Xiao et al., 2023; Dettmers
et al., 2022; An et al., 2025) reveal that activation
outliers, features with magnitudes far exceeding
typical values, are critical for model performance.
Pruning these outlier channels causes substantial
degradation, highlighting the need for probes that
effectively capture outlier patterns. However, de-
signing such probes poses three key challenges.
First, outlier patterns are input-dependent, vary-
ing across samples. Approximating full-batch hid-
den activation distributions with a small probe is
inherently ill-posed. Second, online pruning de-
mands low-latency probe construction, yet iden-
tifying outlier-triggering tokens requires input-
weight analysis, limiting room for complex strate-
gies. Third, existing non-uniform sparsity meth-
ods rely on offline outlier analysis (Yin et al., 2024;
Chen et al., 2025), yet in online settings, subse-
quent layers’ statistics are unavailable when allo-
cating sparsity for the current layer, complicating
dynamic adjustment.

To address these challenges, we propose OCP
(Outlier-Centric Probing), a principled frame-
work for probe-based structured pruning of LLMs.
Rather than reconstructing full distributions, OCP
prioritizes capturing outlier-triggering tokens for
accurate importance estimation without calibra-
tion. Given distinct outlier formation mechanisms
in FFN and attention layers, we design layer-
specific probing strategies. For FFN layers, we

introduce a sensitivity-weighted metric that lever-
ages precomputed weight aggregations to identify
outlier-triggering tokens efficiently. For attention
layers, we develop attention-accumulated probing
that reuses attention matrices from preceding lay-
ers to identify salient tokens. For online spar-
sity allocation, we propose a history-guided algo-
rithm with drift correction that dynamically ad-
justs layerwise pruning ratios based on probing
outlier statistics.

Our contributions are summarized as follows:

• We introduce an outlier-centric perspective for
probe-based pruning, showing that prioritizing
outlier-triggering tokens enables accurate chan-
nel importance estimation.

• We propose three designs: sensitivity-weighted
probing, attention-accumulated probing, and on-
line adaptive sparsity allocation for efficient and
accurate probe-aware pruning.

• Extensive experiments on LLaMA2, LLaMA3,
and OPT demonstrate that OCP consistently out-
performs state-of-the-art methods, achieving up
to 25% perplexity reduction at 1.6× speedup.

2 Preliminaries

LLM Architecture. Consider an LLM with L
transformer blocks. Let X(l) ∈ RB×T×D denote
the hidden states at layer l, where B is the batch
size, T is the sequence length, and D is the hid-
den dimension. Each transformer block consists of
a Multi-Head Self-Attention (MHA) module fol-
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lowed by a Feed-Forward Network (FFN):

MHA(X) = Softmax

(
QK⊤
√
d

)
VWO,

FFN(X) = (σ(XWg)⊙ (XWu))Wd,

(1)

where Q = XWQ, K = XWK , and V =
XWV are the query, key, and value matrices, re-
spectively. Here σ(·) denotes the activation func-
tion (e.g., SiLU), and ⊙ represents element-wise
multiplication. For simplicity, we omit attention
head indices and bias terms. The residual transi-
tion is given by X(l+1) = H(l)+FFN(LN(H(l))),
where H(l) = X(l) +MHA(LN(X(l))).

Structured Pruning. For hardware-friendly ac-
celeration, structured pruning (Wang et al., 2025a;
Ma et al., 2023) removes entire architectural units,
such as attention heads and FFN neurons. For ex-
ample, pruning an FFN neuron involves removing
columns in the input projection matrices Wg and
Wu and rows in the output projection matrix Wd.
Consequently, intermediate activations (i.e., inputs
to WO or Wd) serve as the primary signal for im-
portance estimation in existing methods (Ma et al.,
2023; An et al., 2024; Zhang et al., 2024).

Probe-based Pruning. To enable input-adaptive
pruning, PP (Le et al., 2025) proposes using a
lightweight probe to estimate channel importance
prior to each layer’s full execution. Let fl :
RB×T×D → RB×T×D′

denote the input projec-
tion at layer l that produces intermediate activa-
tions, and g : RB×T×D′ → RD′

be an importance
scoring function that aggregates activations into
D′ scores corresponding to prunable units. A prob-
ing operator Sθ, parameterized by policy θ, selects
a sparse subset of tokens from normalized input:

P(l) = Sθ(LN(X
(l))) ∈ RB′×T ′×D, (2)

where B′ ≪ B and T ′ ≪ T denote the reduced
batch size and sequence length, respectively. The
full-batch importance is I∗ = g(fl(LN(X(l)))),
and the probe-based estimate is Î = g(fl(P

(l))).
Pruning masks are derived by removing the lowest-
scored channels at sparsity ratio ρ ∈ (0, 1). The
goal is to design an efficient online policy θ such
that probe-based masks align with full-batch deci-
sions under probing budget.

Specifically, PP constructs the probe P(l) by
selecting the top-T ′ tokens and top-B′ samples
based on the L2 norm of hidden states. The
scoring function g then computes importance Î
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Figure 3: Channel importance heatmap of Layer 20’s
FFN in LLaMA-2-7B across different batches.
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Figure 4: Relationship between input token L2 norm
and FFN middle-layer activation magnitude.

from the probe’s intermediate activations fl(P(l)),
combined with pre-calibrated activation statistics.
Hence, probe-based pruning is compatible with ex-
isting magnitude-based structured pruning meth-
ods (e.g., FLAP (An et al., 2024)). By default, PP
applies a uniform sparsity ratio ρ across all layers.

Outlier Phenomenon in LLMs. Recent stud-
ies reveal that modern LLMs exhibit activa-
tion outliers: a small fraction of hidden dimen-
sions display magnitudes orders larger than the
mean (Dettmers et al., 2022; Sun et al., 2024a;
Yin et al., 2024). These outliers emerge sys-
tematically across layers and significantly impact
model behavior. Unlike previous studies that focus
on where and why outliers occur, we investigate
which input tokens are most likely to trigger out-
lier activations in hidden layers, and leverage these
insights for more effective accurate input-adaptive
pruning decisions.

3 Proposed Method

We perform a preliminary study of outlier dynam-
ics in LLMs. As visualized in Figure 3, a sparse
set of outlier channels dominates activation impor-
tance, and these patterns vary across input batches.
To select probe tokens that capture these large acti-
vations, existing methods (Le et al., 2025) rely on
the energy assumption, selecting tokens with high
L2 norm. However, as shown in Figure 4, input
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Figure 5: Analysis of sensitivity vector. (a) Distribu-
tion of per-dimension sensitivity ωk, with 1% outlier di-
mensions. (b) Sensitivity-weighted norm strongly cor-
relates with activation magnitude (r = 0.997).

norm exhibits near-zero correlation with hidden
activation magnitude, causing the probe to miss
critical outliers. This mismatch motivates us to en-
hance probe design by modeling outlier formation
mechanisms (An et al., 2025; Sun et al., 2024a).

3.1 Sensitivity-Weighted FFN Probing
Observation. As shown in Figure 5a, the per-
dimension sensitivity ωk exhibits a skewed distri-
bution, where approximately 1% of input dimen-
sions contain disproportionately large values. This
arises because Wg and Wu harbor outlier weights
in sparse dimensions, corroborating prior findings
that extreme activations emerge from interactions
between inputs and outlier-heavy weights (An
et al., 2025; Sun et al., 2024a). This motivates us
to design a metric that prioritizes dimensions with
high outlier-inducing potential.

Sensitivity-Weighted Metric. We define a per-
layer sensitivity vector ω(l) ∈ RD that quantifies
each input dimension’s propensity to trigger out-
liers in layer l’s FFN:

ω
(l)
k =

D′∑

j=1

(
|[W(l)

g ]kj |+ |[W(l)
u ]kj |

)
, (3)

where ω
(l)
k aggregates the total weight magnitude

connected to input dimension k. The sensitivity-
weighted score for token position j is computed
from LN(X(l)) ∈ RB×T×D:

S
(l)
ffn,i =

∥∥∥LN(X(l)):,i,: ⊙ ω(l)
∥∥∥
2
, (4)

which re-weights each input dimension by its out-
lier potential. The design rationale is straight-
forward: since FFN layers process tokens inde-
pendently, activation magnitude depends on the
element-wise alignment between input values and
weight magnitudes. Unlike L2 norm that treats all
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Figure 6: Attention similarity between adjacent layers
in (a) LLaMA2-7B and (b) LLaMA3-8B.

dimensions equally, our metric prioritizes outlier-
heavy dimensions that contribute disproportion-
ately to activations, thereby accurately predicting
which tokens will trigger extremes.

Empirically, this metric achieves strong correla-
tion with true activation magnitude (r = 0.997,
Figure 5b), compared to near-zero correlation
(r ≈ 0) of L2 norm ( Figure 4). The FFN probe
selects top-T ′ tokens: T (l)

T ′ = top-T ′({S(l)
ffn,i}Ti=1).

3.2 Attention-Accumulated Outlier Probing
Unlike FFN layers, which operate on tokens in-
dependently, attention layers dynamically aggre-
gate contextual information, making static weight-
based metrics less effective. To address this, we
leverage the observation that tokens assigned high
attention scores often carry outlier-inducing infor-
mation (An et al., 2025; Chen et al., 2025), and
use runtime attention patterns to identify outlier-
triggering positions.

A key challenge is that attention weights at layer
l are unavailable during probe construction (which
precedes layer computation). We address this by
using attention patterns of full-batch data from
layer l − 1. As shown in Figure 6 (blue curves),
adjacent layers exhibit substantial overlap in at-
tended tokens, validating this approximation. To
improve stability, we further aggregate attention
scores from multiple preceding layers via expo-
nential moving average. This allows capturing
persistent outlier tokens more robustly than single-
layer snapshots.

Formally, we maintain a cumulative importance
score S

(l)
attn ∈ RT for layer l. We first compute

the total attention received by each token. Let
A

(l−1)
h ∈ RT×T denote the attention matrix of

head h at layer l−1. We aggregate across all heads
and query positions:

A
(l−1)
acc,i =

H∑

h=1

T∑

q=1

A
(l−1)
h,q,i , (5)
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where H is the number of attention heads. The
cumulative score is then updated via:

S
(l)
attn,i = α · S(l−1)

attn,i + (1− α) ·A(l−1)
acc,i , (6)

where α ∈ [0, 1] controls the decay rate. As shown
in Figure 6 (purple curves), history-informed pre-
dictions maintain top token similarity above 0.95
across layers, outperforming single-layer base-
lines (blue curves). Tokens with the highest S(l)

attn,i

scores are selected for probing at layer l.

Extending to Full-Batch Selection. Same as
prior work (Le et al., 2025), we adopt a two-stage
sequential selection process. After identifying top-
T ′ tokens via our outlier-aware scores (specific
for attention/FFN layers), we further select top-B′

samples based on the accumulated scores of their
hidden states over all tokens, constructing the final
probe P(l) ∈ RB′×T ′×D.

3.3 Heterogeneous Layerwise Sparsity

Outlier distributions vary significantly across lay-
ers: Layers with dense outlier activations often de-
mand lower sparsity to preserve accuracy, whereas
those with sparse outliers tolerate aggressive prun-
ing (Wang et al., 2025a; Chen et al., 2025; Yin
et al., 2024). Existing methods typically rely on
offline calibration with fixed sparsity, overlooking
input-dependent outlier patterns. To address this,
we introduce an online algorithm that adapts layer-
wise sparsity using probe-based outlier estimation.

Outlier Density Estimation. For each layer l at
batch t, we estimate outlier density using hidden
activations from the probe P(l) as:

D
(l)
t =

1

|fl(P(l))|
∑

z∈fl(P(l))

I
(
|z| > ā(l) + 2σ(l)

)

(7)
where I(·) is the indicator function, ā(l) and σ(l)

are the mean and deviation of probe activations.

History-Guided Adaptive Sparsity Allocation.
Naïvely allocating sparsity directly based on D

(l)
t

faces two challenges: (1) in online settings, lack
of subsequent outlier estimations makes sparsity
allocation unstable; and (2) unconstrained adjust-
ments could cause global sparsity to deviate from
ρtarget. To tackle these, we propose a two-stage
strategy: (1) deriving a stable baseline informed by
historical outlier patterns, and (2) enforcing global
constraints through drift correction.

We first track each layer’s historical outlier den-
sity by maintaining a running mean µ

(l)
hist:

µ
(l)
hist,t = β · µ(l)

hist,t−1 + (1− β) ·D(l)
t , (8)

and deriving layer-specific baseline sparsity rela-
tive to the global mean µ̄t−1 =

1
L

∑L
k=1 µ

(k)
hist,t−1:

ρ
(l)
base,t = ρtarget − γ ·

(
µ
(l)
hist,t − µ̄t−1

)
, (9)

where γ controls the adjustment strength. This
baseline adjusts sparsity based on relative outlier
density, assigning lower sparsity to historically
outlier-dense layers.

To prevent systematic drift from ρtarget, we ap-
ply drift correction by tracking the cumulative de-
viation R(l−1)

t from layers 1 to l− 1 (initialized as
R(0)

t = 0). The final sparsity is computed as:

ρ
(l)
t = Clip

(
ρ
(l)
base,t +

R(l−1)
t

L− l + 1
, ρmin, ρmax

)
,

(10)

where the correction term R(l−1)
t

L−l+1 distributes the ac-
cumulated deviation evenly across the remaining
layers. The cumulative deviation is then updated:

R(l)
t = R(l−1)

t + (ρtarget − ρ
(l)
t ). (11)

This mechanism balances historical outlier pat-
terns with global sparsity constraints, enabling
input-adaptive allocation.

3.4 Complexity Analysis
The computational overhead of probe-based prun-
ing consists of probe construction and probe infer-
ence. Compared to the baseline (Le et al., 2025),
our outlier-aware construction introduces minimal
additional cost: (1) the FFN sensitivity vector
ω(l) ∈ RD is precomputed offline in O(DD′) per
layer with zero runtime overhead; (2) the attention
probe reuses the existing full-batch attention ma-
trices from layer l−1, requiring only O(HT 2) for
score aggregation; (3) adaptive sparsity maintains
lightweight per-layer scalars (µ(l)

hist,t,R
(l)
t ∈ R) up-

dated in O(L) per batch. Once the probe P(l) ∈
RB′×T ′×D is constructed, inference cost remains
identical to the baseline: O(rBrT ·BTD2+rBr

2
T ·

BT 2D), where rB = B′/B and rT = T ′/T .
In the default setting, the total overhead is ap-
proximately 1.5% of dense inference FLOPs. We
present empirical runtime analysis in Section 4.4,
and provide additional analysis in Appendix A.
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Table 1: Main results across LLaMA-2, LLaMA-3, and OPT models. PPL denotes average perplexity on WikiText-
2 and PTB (↓); ACC denotes averaged accuracy across seven benchmarks (↑). Best results are in bold.

Ratio Method
Weight
Update

Calib.-Data
Free

Input
Adaptive

LLaMA-2-7B LLaMA-2-13B LLaMA-3-8B OPT-13B
PPL ↓ ACC ↑ PPL ↓ ACC ↑ PPL ↓ ACC ↑ PPL ↓ ACC ↑

0% Raw Model - - - 13.8 64.0 16.8 66.2 9.4 65.6 12.6 57.2

20%

Wanda-sp 8 8 8 30.9 61.5 28.1 65.0 18.5 61.3 24.1 55.2
FLAP 8 8 8 24.4 61.4 22.1 64.6 21.8 62.5 21.1 54.9
LoRAPrune 4 8 8 19.4 59.2 22.6 61.0 - - - -
LLM-Pruner 4 8 8 26.9 58.7 25.8 62.1 - - - -
CFSP 8 8 8 22.5 61.3 19.8 65.3 18.1 62.1 24.2 55.1
PP 8 8 4 16.9 62.8 20.0 65.3 14.6 63.4 15.1 56.5
OCP (ours) 8 4 4 16.1 63.9 18.1 66.3 12.6 64.5 13.9 57.0

40%

Wanda-sp 8 8 8 130.1 54.8 58.8 56.6 75.0 53.3 52.2 50.5
FLAP 8 8 8 84.4 54.9 45.5 60.6 109.7 53.6 58.2 50.8
LoRAPrune 4 8 8 29.7 52.1 37.6 55.5 - - - -
LLM-Pruner 4 8 8 46.4 50.6 46.0 54.7 - - - -
CFSP 8 8 8 87.8 54.8 48.7 57.9 72.0 53.7 57.6 50.8
PP 8 8 4 33.4 56.6 36.1 61.0 43.7 58.9 26.5 53.1
OCP (ours) 8 4 4 25.2 58.4 30.5 63.2 25.9 60.2 21.4 54.8

4 Experiments

4.1 Experimental Setup

Models. We conduct experiments on LLaMA-
2 (7B and 13B) (Touvron et al., 2023), LLaMA-
3 (8B) (Grattafiori et al., 2024), and OPT
(13B) (Zhang et al., 2022), covering a range of
model scales and architectures to validate the gen-
eralizability of our method.

Evaluation. We use perplexity metric to re-
port language comprehension performance, eval-
uated on WikiText2 (Merity et al., 2016), and
PTB (Marcus et al., 1993) datasets. We also
evaluate zero-shot reasoning performance on var-
ious benchmarks, including ARC-Easy (Clark
et al., 2018), ARC-Challenge (Clark et al.,
2018), Winogrande (Sakaguchi et al., 2020), Hel-
laSwag (Zellers et al., 2019), PIQA (Bisk et al.,
2020), BoolQ (Clark et al., 2019), and Open-
BookQA (Mihaylov et al., 2018).

Baselines. We evaluate OCP in comparison with
a range of existing methods, including LLM-
Pruner (Ma et al., 2023), FLAP (An et al., 2024),
Wanda-sp (Sun et al., 2024b), LoRAPrune (Zhang
et al., 2024), CFSP (Wang et al., 2025c), and
PP (Le et al., 2025).

Implementation Details. We implement OCP
in PyTorch on NVIDIA A6000 GPUs. Follow-
ing (Le et al., 2025), we set the sequence length to
1024 for language modeling and the batch size to
20. The default probe configuration is 5% batch
size and 50% sequence length. Sensitivity vec-
tors for FFN probing are pre-collected offline. We

evaluate at 20% and 40% overall sparsity. The tar-
get sparsity for attention and FFN modules are set
equal by default. Results are averaged over three
seeds. More experimental details are provided in
Appendix B.

4.2 Main Results
Table 1 presents the main evaluation results across
three model families, and Table 2 provides de-
tailed results on LLaMA-2-7B. Additional results
are provided in Section F. We make the follow-
ing observations: (1) For static pruning methods,
fine-tuning becomes increasingly critical at higher
sparsity ratios. At 40% sparsity on LLaMA-2-
7B, LLM-Pruner (29.7 PPL) dramatically outper-
forms one-shot methods like FLAP (84.4 PPL)
and Wanda-sp (130.1 PPL). (2) Dynamic prun-
ing methods substantially outperform static ap-
proaches across diverse tasks. PP achieves 16.8
PPL versus the best static method’s 43.8 PPL at
40% sparsity on LLaMA-2-7B. This advantage ex-
tends to zero-shot tasks, where PP and OCP con-
sistently outperform static baselines across Wiki-
Text2, PTB, BoolQ, and PIQA, validating the im-
portance of input-adaptive pruning decisions. (3)
OCP further advances dynamic pruning by ad-
dressing PP’s outlier handling limitations. At 40%
sparsity, OCP achieves 12.5 PPL versus PP’s 16.8
PPL on WikiText2 and demonstrates stronger gen-
eralization on PTB (38.0 PPL vs 50.0 PPL).

4.3 Ablation and Parameter Studies
Component Effect Analysis. Table 3 isolates
each component’s contribution. We can observe
that outlier-aware probing alone (12.9 PPL) al-
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Table 2: Performance comparison on LLaMA-2-7B across datasets and ratios. The best is highlighted in bold.

Ratio Method WikiText2 ↓ PTB ↓ BoolQ ↑ PIQA ↑ HellaSwag ↑ WinoGrande ↑ ARC-c ↑ ARC-e ↑ OBQA ↑
0% Dense 6.0 0.0 21.5 0.0 74.6 0.0 77.9 0.0 75.0 0.0 67.7 0.0 42.7 0.0 67.3 0.0 42.6 0.0

20%

Wanda-sp 10.6 0.1 51.1 0.0 65.3 0.1 77.2 0.1 74.1 0.0 67.1 0.2 41.1 0.1 63.9 0.3 41.8 0.2
FLAP 10.3 0.1 38.5 0.0 67.3 0.5 76.6 0.2 73.0 0.1 67.4 0.0 40.6 0.3 63.1 0.1 42.0 0.1
LoRAPrune 8.7 0.2 30.2 0.6 67.0 0.9 76.5 0.2 69.9 0.1 63.2 0.3 36.7 0.2 58.9 0.9 42.3 0.2
LLM-Pruner 10.2 0.3 43.5 1.2 66.6 1.3 76.1 0.6 68.4 0.5 62.8 1.1 36.3 0.4 59.8 0.3 40.7 0.7
CFSP 10.3 0.0 34.7 0.2 65.2 0.2 76.7 0.2 73.4 0.2 67.2 0.2 41.2 0.2 63.8 0.2 41.9 0.1
PP 8.1 0.1 25.7 0.0 69.0 0.1 78.1 0.0 73.5 0.0 66.7 0.3 42.8 0.1 68.5 0.0 40.9 0.2
Ours 7.5 0.0 24.7 0.3 70.6 0.1 78.1 0.0 74.8 0.1 67.8 0.1 43.2 0.1 68.9 0.1 43.6 0.2

40%

Wanda-sp 43.8 1.5 216.4 0.0 62.5 0.1 72.5 0.1 63.3 0.0 56.9 0.1 33.4 0.2 54.4 0.1 40.8 0.4
FLAP 38.9 1.3 129.9 0.0 63.5 0.1 71.7 0.3 63.3 0.1 59.8 0.1 33.8 0.6 52.5 0.2 40.0 0.6
LoRAPrune 13.6 0.4 45.7 1.7 62.9 0.2 70.8 0.1 58.6 0.1 55.5 0.7 30.9 0.4 49.6 0.4 36.7 0.4
LLM-Pruner 20.3 1.3 72.5 3.2 57.5 4.0 71.3 1.2 55.7 1.3 53.1 0.5 28.9 0.7 50.4 0.5 37.3 0.6
CFSP 38.5 0.2 137.2 0.5 63.6 0.0 71.6 0.2 63.3 0.1 56.9 0.2 34.0 0.3 53.0 0.0 40.9 0.2
PP 16.8 0.1 50.0 0.0 62.7 0.2 74.9 0.1 63.6 0.0 57.5 0.2 35.5 0.1 61.7 0.2 40.3 0.4
Ours 12.5 0.0 38.0 0.2 63.9 0.2 74.6 0.1 67.6 0.0 58.7 0.2 36.0 0.1 66.5 0.1 41.2 0.0

3 5 10 15 20 25 31
Layer

0.5

0.6

0.7

0.8

0.9

1.0

1.1

Ja
cc

ar
d 

In
de

x

Ours (avg: 0.754)
PP (avg: 0.639)
Static (avg: 0.636)

(a) WikiText-2, Attention

3 5 10 15 20 25 31
Layer

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Ja
cc

ar
d 

In
de

x

Ours (avg: 0.675)
PP (avg: 0.596)
Static (avg: 0.536)

(b) WikiText-2, FFN

3 5 10 15 20 25 31
Layer

0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0
1.1
1.2

Ja
cc

ar
d 

In
de

x

Ours (avg: 0.832)
PP (avg: 0.675)
Static (avg: 0.585)

(c) Arc-c, Attention

3 5 10 15 20 25 31
Layer

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

Ja
cc

ar
d 

In
de

x

Ours (avg: 0.730)
PP (avg: 0.671)
Static (avg: 0.544)

(d) Arc-c, FFN

Figure 7: Jaccard similarity of pruning channels compared to full-batch probing across layers.

Table 3: Effect of each component at 40% sparsity.

Outlier-centric
Probe

Non-uniform
Sparsity

LLaMA-2-7B OPT-13B
WikiText PTB WikiText PTB

✓ 12.9 39.3 21.1 22.9
✓ 15.6 46.2 24.7 25.0

✓ ✓ 12.5 38.0 20.5 22.2

ready surpasses PP’s full configuration with non-
uniform sparsity (15.6 PPL), demonstrating that
accurate probe construction is the primary bottle-
neck. Only allocating heterogeneous sparsity can-
not compensate for probes that miss critical chan-
nels. Combining both components reduce per-
plexity to 12.5 by preserving capacity in outlier-
dense layers. The consistent pattern on OPT-
13B (20.5 combined vs. 21.1/24.7 individually)
confirms both components contribute complemen-
tarily: probing identifies which channels matter,
while adaptive allocation determines how much
channels to preserve.

Effect of Probe Size. Figure 8 reveals that per-
formance saturates beyond r = 0.3, indicating
only 30% of tokens suffice to capture outlier dis-
tributions. This validates our design premise: out-
lier patterns are concentrated rather than uniformly
distributed, making exhaustive probing unneces-
sary. Crucially, OCP’s advantage over PP widens

at smaller probe sizes (e.g., r = 0.1), showing that
outlier-aware selection extracts more signal per to-
kena critical property for latency-constrained de-
ployment where probe budgets are tight.

Probe Quality Analysis. Figure 7 validates our
core hypothesis by measuring Jaccard similarity
between probe-based and full-batch oracle deci-
sions. OCP achieves substantially higher align-
ment than PP on both WikiText2 (attention: 0.754
vs. 0.639; FFN: 0.675 vs. 0.596) and ARC-
Challenge (attention: 0.832 vs. 0.675; FFN:
0.730 vs. 0.671). Notably, the improvement
is more pronounced on reasoning tasks (+23%
for attention), suggesting that outlier-triggering to-
kens carry task-critical semantic information that
energy-based selection overlooks. This explains
why OCP’s gains amplify on downstream bench-
marks beyond perplexity.

4.4 Efficiency and Sparsity Analysis

Accuracy-Speedup Trade-off. Figure 9a com-
pares the perplexity-speedup Pareto frontier on
LLaMA-2-7B. OCP consistently dominates across
all speedup levels, with the performance gap
widening at higher compression rates where accu-
rate importance estimation becomes increasingly
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Figure 8: Ablation study on probe sequence ratio and batch size across different datasets and models. Different
colors represent different probe sequence ratios (r=0.1, 0.3, 0.5). Darker bars indicate our method, while lighter
bars represent the PP baseline. The dashed line indicates the performance of static scheme.
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Figure 9: Analysis on LLaMA-2-7B. (a) Pareto frontier
of perplexity versus speedup. (b) Layer-wise sparsity
distribution at 40% sparsity. OCP achieves lower per-
plexity at equivalent speedups and learns non-uniform
sparsity patterns that preserve outlier-dense layers.

critical. Notably, OCP at 1.6× speedup achieves
comparable perplexity (∼20) to PP at 1.4×, ef-
fectively providing 14% additional acceleration at
equivalent quality. This demonstrates that outlier-
centric probing translates directly into practical ef-
ficiency gains: by preserving the channels that
matter most, OCP maintains model quality un-
der aggressive pruning where baseline methods de-
grade rapidly.

Learned Sparsity Patterns. Figure 9a(b) re-
veals the layer-wise sparsity distribution learned
by our online adaptive allocation at 40% overall
sparsity. In contrast to PP’s uniform allocation,
OCP automatically discovers a heterogeneous pat-
tern: higher sparsity in middle layers, with more
capacity preserved in early and late layers. This
emergent behavior reflects the distinct functional
roles across layers: early layers establish input rep-
resentations while late layers are critical for out-
put generation, making both ends more sensitive to
pruning. Meanwhile, middle layers exhibit greater
redundancy that can be exploited for compression.
The pattern shows that our history-guided drift cor-
rection tracks input-dependent activation statistics,
enabling principled capacity allocation adapted to
each layer’s sensitivity.

Table 4: Computational cost (GFLOPs) comparison on
LLaMA-2-7B at 40% sparsity.

Method WikiText2 PTB ARC-c BoolQ
Dense 4.42 1.11 4.38 27.02
PP 2.74 (↓38.0%) 0.69 (↓37.8%) 2.72 (↓37.9%) 16.75 (↓38.0%)

Ours 2.75 (↓37.8%) 0.69 (↓37.8%) 2.78 (↓36.5%) 17.08 (↓36.8%)

Table 5: Wall-clock latency (seconds per sample) on
WikiText-2 at 60% sparsity using LLaMA-2-7B on a
single NVIDIA A6000.

Batch Dense (s)
PP OCP

Latency (s) Speedup PPL Latency (s) Speedup PPL
10 0.1776 0.0956 1.86× 61.1 0.0985 1.80× 45.0
20 0.1672 0.0821 2.04× 64.0 0.0853 1.96× 41.2
30 0.1664 0.0811 2.05× 59.8 0.0834 2.00× 41.0
40 0.1554 0.0747 2.08× 60.1 0.0761 2.04× 43.9
50 0.1406 0.0667 2.11× 59.1 0.0676 2.08× 41.7

High-Sparsity Regime. Table 5 extends our
evaluation to the more aggressive 60% sparsity set-
ting on LLaMA-2-7B, reporting end-to-end wall-
clock latency per sample across batch sizes 10–
50 on a single NVIDIA A6000. OCP achieves
speedups of 1.80×–2.08× over the dense base-
line, remaining within 3% of PP’s latency across
all batch sizes, confirming that our outlier-aware
probe selection imposes negligible runtime over-
head. Crucially, OCP consistently delivers ap-
proximately 30% lower perplexity than PP at ev-
ery batch size (e.g., 41.2 vs. 64.0 at batch 20),
demonstrating that the quality advantage of outlier-
centric probing persists and even strengthens un-
der more aggressive compression. This result
further validates the scalability of OCP: as spar-
sity increases and accurate importance estimation
becomes harder, the ability to identify outlier-
triggering tokens becomes the dominant factor in
maintaining model quality.

Computational Cost Analysis Table 4 com-
pares the computational cost across different
datasets. Both PP and OCP achieve substantial
FLOPs reduction compared to the dense model,
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with PP maintaining a consistent 38% reduction
through uniform sparsity allocation. OCP exhibits
slightly higher computational cost (36.5%–37.8%
reduction) due to our adaptive sparsity mecha-
nism that preserves more capacity in critical layers.
However, this modest overhead (approximately 1–
2% additional FLOPs) yields significant quality
improvements: OCP achieves 12.5 perplexity on
WikiText2 compared to PP’s 16.8, representing
a 25% quality gain for less than 2% additional
computation. This favorable trade-off shows that
strategically allocating compute to outlier-dense
layers is more effective than uniform strategy.

5 Related Work

Model Pruning. Model compression tech-
niques, including pruning (Zhong et al., 2025;
Wei et al., 2025), quantization (Dettmers et al.,
2022), and low-rank decomposition (Wang et al.,
2025b), have been widely studied to reduce
inference cost as neural models are applied across
diverse tasks and domains (Ji et al., 2026; Zhang
et al., 2026a). According to recent surveys (Zhu
et al., 2024; Ji et al., 2025a), pruning methods
for LLMs can be broadly categorized into three
categories: unstructured (Zhao et al., 2025),
semi-structured (Fang et al., 2024), and structured
approaches (Wang et al., 2025c,a). Compared
to the other two, structured pruning achieves
hardware-friendly acceleration without requiring
specialized hardware by removing entire architec-
tural units (e.g., attention heads, FFN neurons).
Most structured pruning methods (Ma et al.,
2023; An et al., 2024; Zhang et al., 2024; Yang
et al., 2025b; Wang et al., 2025a) adopt a static
paradigm, where channel importance is estimated
offline using calibration data to determine a
fixed subnetwork applied to all inputs. Recently,
dynamic pruning (Qiao et al., 2025; Wee et al.,
2025) has gained attention for its ability to
adaptively select subnetworks based on input
semantics, leading to improved performance. For
example, IF-Pruning (Hou et al., 2025) employs
a well-trained sparsity predictor to generate
dynamic masks based on input semantics, and
PP (Le et al., 2025) utilizes a lightweight probe to
estimate pruning decisions prior to each layer’s
execution. Building upon this probe pruning
scheme, we advance it by designing outlier-aware
probes coupled with heterogeneous layer-wise
sparsity, leading to improved performance.

Activation Outliers in LLMs. Activation out-
liers, i.e., activations with exceptionally large mag-
nitudes, have been recognized as a key factor in-
fluencing both the performance and efficiency of
LLMs (Dettmers et al., 2022; Xiao et al., 2023;
An et al., 2025). Prior studies have examined
their effects in various settings, including quanti-
zation (Dettmers et al., 2022; Gong and Sun, 2025;
Xiao et al., 2023), fine-tuning (Li et al., 2025), and
sparsity allocation (Yin et al., 2024; Chen et al.,
2025). More recent work has further investigated
the mechanisms underlying the emergence of acti-
vation outliers (An et al., 2025). Building on these
insights, our work improves probe design from the
perspective of activation outliers, enabling more
accurate identification of critical channels for dy-
namic pruning.

6 Conclusion

We present OCP, an outlier-centric framework for
probe-based structured pruning of LLMs. Our key
insight is that effective probes should prioritize
capturing outlier-triggering tokens rather than re-
constructing full activation distributions. Based on
this insight, we propose sensitivity-weighted prob-
ing for FFN layers, attention-accumulated prob-
ing for attention layers, and online adaptive spar-
sity allocation with history-guided drift correction.
Extensive experiments on LLaMA2, LLaMA3,
and OPT demonstrate that OCP consistently out-
performs state-of-the-art methods across various
benchmarks, achieving up to 25% perplexity re-
duction at 1.6× speedup.

Limitations

We acknowledge the following limitations. First,
OCP adopts a layer-by-layer probe-prune-execute
pipeline that processes transformer blocks sequen-
tially, which may limit potential speedup gains
from multi-layer probing strategies that jointly op-
timize pruning decisions. Second, our OCP im-
plementation is limited by standard PyTorch op-
erations. Without hardware-specific optimizations
such as custom sparse kernels, OCP cannot fully
realize its potential for model acceleration.
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Appendix

We provide the additional contents as follows:

• Appendix A: Detailed Analysis of Heteroge-
neous Layerwise Sparsity

• Appendix B: Experimental Details

• Appendix C: Sensitivity to Calibration Data

• Appendix D: Attention vs. FFN Pruning

• Appendix E: Generations From Pruned Models

• Appendix F: Additional Evaluation Results
(LLaMA-2-13B, LLaMA-3-8B, OPT-13B,
Qwen3-8B)

A Detailed Analysis of Heterogeneous
Layerwise Sparsity

We provide theoretical analysis of the proposed
heterogeneous layerwise sparsity mechanism, fo-
cusing on the convergence properties of history-
guided estimation and the global constraint guar-
antee of drift correction.

A.1 Convergence and Variance Reduction
Analysis of History-guided Estimation

The historical density estimate follows the recur-
rence µ

(l)
hist,t = βµ

(l)
hist,t−1 + (1 − β)D

(l)
t , which

expands to:

µ
(l)
hist,t = (1− β)

t−1∑

k=0

βkD
(l)
t−k + βtµ

(l)
hist,0. (12)

Convergence. When D
(l)
t → D(l) (stationary),

since the weights (1 − β)βk form a valid proba-
bility distribution (summing to 1 − βt → 1), and
βt → 0, we have µ

(l)
hist,t → D(l).

Variance Reduction. For a fixed layer l, assume
the sequence {D(l)

t }∞t=1 across different batches
are i.i.d. with mean µ and variance σ2. For suffi-
ciently large t, the variance of the EMA estimator
is:

Var(µ
(l)
hist,t) = (1− β)2

t−1∑

k=0

β2kσ2

t→∞−−−→ (1− β)2 · σ2

1− β2

=
1− β

1 + β
σ2.

(13)

For typical values (e.g., β = 0.9), this yields a vari-
ance reduction factor of 1−β

1+β = 1
19 ≈ 0.053, reduc-

ing estimation variance by over 94% compared to
single-sample estimation. This substantial noise
reduction enables stable sparsity allocation across
input batches.

A.2 Global Constraint Guarantee via Drift
Correction

Proposition 1. Without clipping, drift correction
ensures 1

L

∑L
l=1 ρ

(l)
t = ρtarget.

Proof. Define the residual at layer l as δ
(l)
t =

ρtarget−ρ
(l)
base,t, representing the deviation of base-

line sparsity from the target. The cumulative devi-
ation before layer l is R(l−1)

t =
∑l−1

i=1(ρtarget −
ρ
(i)
t ), initialized as R(0)

t = 0. The drift-corrected
sparsity is:

ρ
(l)
t = ρ

(l)
base,t +

R(l−1)
t

L− l + 1
. (14)

We prove by induction that R(l)
t =

∑l
i=1 δ

(i)
t ·

L−l
L−i+1 .

Base case: For l = 1, ρ(1)t = ρ
(1)
base,t + 0 =

ρ
(1)
base,t, so R(1)

t = δ
(1)
t , which equals δ

(1)
t · L−1

L
only when verified through the update rule.

Terminal condition: At layer L:

ρ
(L)
t = ρ

(L)
base,t +

R(L−1)
t

1

= ρ
(L)
base,t +R(L−1)

t .

(15)

Thus:

R(L)
t = R(L−1)

t + (ρtarget − ρ
(L)
t )

= R(L−1)
t + δ

(L)
t −R(L−1)

t = δ
(L)
t .

(16)

Since
∑L

l=1 δ
(l)
t = L·ρtarget−

∑L
l=1 ρ

(l)
base,t = 0

by design of ρ
(l)
base,t, we have R(L)

t = 0, which
implies:

L∑

l=1

ρ
(l)
t = L · ρtarget. (17)

The correction term R(l−1)
t

L−l+1 acts as a sparsity con-
troller: if preceding layers consume less spar-
sity budget (lower ρ), the accumulated surplus is
evenly distributed to subsequent layers, ensuring
the global budget is exactly met.
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Effect of Clipping. In practice, we apply clip-
ping to constrain ρ

(l)
t ∈ [ρmin, ρmax], which may

cause the global constraint to be violated. How-
ever, clipping is triggered only when the correc-
tion term causes excessive deviation from ρ

(l)
base,t.

Since the history-guided baseline estimation sig-
nificantly reduces variance (as shown above), and
the adjustment strength γ controls the magnitude
of layer-wise deviations, appropriate parameter se-
lection (moderate γ and β close to 1) ensures that
ρ
(l)
base,t remains stable and well within [ρmin, ρmax].

Empirically, we observe that clipping is rarely ac-
tivated under our default settings, and the actual
global sparsity closely approximates ρtarget.

B Experimental Details

Details of Baseline Methods. We compare our
method with the following baselines:

• Wanda-sp extends the unstructured pruning
method Wanda (Sun et al., 2024b) to structured
pruning by using the product of weight magni-
tudes and input feature norms as the importance
metric.

• FLAP (An et al., 2024) introduces a fluctuation-
based metric that measures the variance of out-
put feature maps across samples. Channels with
low fluctuation (i.e., high stability) are consid-
ered redundant and pruned.

• LLM-Pruner (Ma et al., 2023) uses second-
order Taylor expansion to estimate the impor-
tance of structured channels, relying on pre-
collected activation statistics of calibration data.

• LoRAPrune (Zhang et al., 2024) integrates
pruning with Low-Rank Adaptation (LoRA) by
using gradients and weights of LoRA adapters to
estimate the importance of the model weights.

• CFSP (Wang et al., 2025c) employs a coarse-to-
fine activation criterion to dynamically allocate
sparsity budgets across blocks based on transfor-
mation saliency and prune internal dimensions
using weight-activation products.

• PP (Le et al., 2025) employs lightweight probes
to analyze hidden states and determine which
channels contribute to the final prediction. It
adopts a uniform sparsity ratio across all layers.

Implementation Details. Following the setting
of prior work (Ma et al., 2023; Zhang et al., 2024),
we keep the first three layers unchanged. Prun-
ing ratios are averaged across attention and FFN
blocks (layers 4-32): for 20%/40% target sparsity
on LLaMA-2-7B, we prune 22%/44% respectively.
All the baseline methods use the same sampled
2000 sequences (1024 tokens for text generation,
512 tokens for reasoning tasks) from the C4 sub-
set (Raffel et al., 2020). We follow the official
implementations and recommended hyperparame-
ters of each baseline. For LLM-Pruner (Ma et al.,
2023), we use 10 samples with 128 tokens to build
importance metrics, followed by recovery retrain-
ing on 20,000 samples with 256 tokens each for
2 epochs using AdamW optimizer with learning
rate 1 × 10−4, batch size 64, and LoRA rank 8.
For LoRAPrune (Zhang et al., 2024), we randomly
sample 10,000 sequences of 512 tokens from C4
for training with AdamW optimizer (learning rate
1× 10−4, batch size 128, LoRA rank 8, 2 epochs).

For our OCP method, we implement the frame-
work in PyTorch with the HuggingFace Trans-
formers library (Wolf et al., 2020). For accel-
eration inference experiments, we use the Deep-
Speed (Rasley et al., 2020) library to measure
FLOPs and latency on a single NVIDIA A6000
GPU. By default, we set the following hyperpa-
rameters. The FFN sensitivity vectors ω(l) are pre-
computed offline once for each model and cached
for runtime use. For attention probing, we set the
decay rate α = 0.9 to aggregate historical atten-
tion patterns. The adaptive sparsity allocation uses
β = 0.95 for historical outlier density tracking, ad-
justment strength γ = 0.1. The clip boundaries are
set to [ρmin, ρmax] = [ρtarget − 0.1, ρtarget + 0.1] to
allow 10% fluctuation around the target sparsity
while preventing extreme allocations. For prun-
ing metric, we use the PP scoring metric (PPsp)
from (Le et al., 2025) as the default importance
criterion for all the layers.

C Sensitivity to Calibration Data

Figure 10 reveals contrasting calibration depen-
dencies between PP and OCP. PP relies on calibra-
tion statistics to compensate for inaccurate probe
construction, and removing calibration causes
over 20% perplexity degradation on both datasets.
However, this dependency inevitably introduces
distribution shift between calibration and test data.
OCP’s accurate outlier-aware probing eliminates
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Figure 10: Effect of calibration data on LLaMA-2-7B
at 40% sparsity. PP relies on calibration to compen-
sate for inaccurate probing, suffering degradation when
removed (blue). OCP’s accurate probe construction
eliminates calibration dependency, with performance
degrading when calibration is added (green).

Table 6: Performance of pruning attention heads versus
FFNs at different ratios on LLaMA-2-7B. We report
WikiText2 perplexity (↓ shows improvement).

Attention FFN Overall PP Ours
0% 0% 0% 6.0 6.0
20% 0% 7% 6.8 6.4 (↓5.9%)

0% 20% 13% 7.2 6.6 (↓8.3%)

40% 0% 14% 10.0 7.9 (↓21.0%)

0% 40% 25% 10.1 8.8 (↓12.9%)

20% 40% 33% 11.9 9.3 (↓21.8%)

40% 20% 27% 11.5 8.9 (↓22.6%)

0% 60% 39% 21.1 15.0 (↓28.9%)

60% 0% 21% 33.5 15.6 (↓53.4%)

20% 60% 46% 23.8 16.0 (↓32.8%)

60% 20% 34% 38.4 16.8 (↓56.3%)

40% 60% 53% 33.5 17.7 (↓47.2%)

60% 40% 47% 44.3 18.2 (↓58.9%)

this dependency entirely: not only is calibration
unnecessary, but adding it actually hurts perfor-
mance due to distribution mismatch. This high-
lights that accurate probe construction removes a
critical source of error in existing methods.

D Attention vs. FFN Pruning

Table 6 reveals that OCP’s advantage over PP
is more pronounced when pruning attention
heads than FFNs. At 60% attention sparsity,
OCP achieves 53.4%–58.9% relative improve-
ment, compared to 12.9%–32.8% at 60% FFN
sparsity. This asymmetry arises because atten-
tion heads exhibit concentrated outlier patterns
that PP’s energy-based selection misses, while our
attention-accumulated probing effectively tracks
salient tokens via aggregated attention scores. Fur-
thermore, OCP demonstrates robustness across
different attention/FFN pruning ratios, maintain-

ing stable performance where PP degrades signifi-
cantly under attention-heavy configurations.

E Generations From Pruned Models

We showcase the generation results of the dense
and pruned models in Table 11, showing that OCP
retains relatively high-quality text generation capa-
bilities.

F Additional Evaluation Results

We provide detailed experimental results on
LLaMA-2-13B (Table 8), LLaMA-3-8B (Table 9),
OPT-13B (Table 10), and Qwen3-8B (Table 7).
These results reinforce our main findings. OCP
achieves the best perplexity across all model fami-
lies, with the performance gap widening at higher
sparsity (e.g., 54% reduction over PP on LLaMA-
3-8B at 40% sparsity), confirming that accurate
outlier identification becomes critical under ag-
gressive compression.

Table 7: Performance of Qwen3-8B at 20% sparsity

Sparsity Method ACC PPL

0% Qwen3-8B (Base) 73.50 6.60

20% Wanda-SP 67.85 7.65
20% FLAP 66.90 7.90
20% CFSP 68.20 7.85
20% PP 70.60 7.15
20% OCP (ours) 71.85 6.88
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Table 8: Performance comparison on LLaMA-2-13B across datasets and ratios. The best is highlighted in bold.

Ratio Method WikiText2 ↓ PTB ↓ BoolQ ↑ PIQA ↑ HellaSwag ↑ WinoGrande ↑ ARC-c ↑ ARC-e ↑ OBQA ↑
0% Dense 5.1 0.0 28.4 0.0 72.1 0.0 79.6 0.0 78.7 0.0 70.7 0.0 46.5 0.0 71.3 0.0 44.2 0.0

20%

Wanda-sp 9.0 0.0 47.3 0.0 70.4 1.0 79.4 0.0 78.4 0.0 70.2 0.1 44.3 0.6 69.9 0.3 42.5 0.2
FLAP 7.5 0.1 36.7 0.2 71.1 0.5 78.7 0.1 77.3 0.1 71.2 0.2 44.6 0.1 66.7 0.1 42.5 0.2
LoRAPrune 7.4 0.0 37.9 0.5 64.4 0.5 78.1 0.1 74.8 0.2 66.0 0.3 40.4 0.3 61.7 0.9 41.6 0.2
LLM-Pruner 8.4 0.5 43.2 1.2 70.2 1.4 78.3 0.3 73.8 0.3 65.8 1.3 40.1 0.5 64.2 0.4 42.0 0.4
CFSP 7.3 0.1 32.4 0.2 71.3 0.1 79.3 0.3 78.4 0.2 70.8 0.2 44.4 0.2 70.1 0.1 42.6 0.1
PP 6.7 0.1 33.2 0.1 72.0 0.2 79.5 0.5 77.6 0.0 68.5 0.1 44.7 0.2 71.5 0.1 43.0 0.2
Ours 6.1 0.0 30.0 0.1 72.1 0.0 80.1 0.1 78.5 0.0 70.1 0.2 48.0 0.1 71.6 0.0 43.4 0.0

40%

Wanda-sp 21.6 0.4 96.0 0.3 62.4 0.0 74.5 0.3 68.0 0.0 63.0 0.4 34.8 0.5 54.9 0.3 38.9 0.4
FLAP 15.5 0.4 75.5 0.4 62.9 0.1 76.8 0.3 72.4 0.1 66.9 0.3 40.4 0.4 63.1 0.4 41.8 0.1
LoRAPrune 11.1 0.3 64.1 2.8 62.5 0.1 74.1 0.4 65.5 0.1 60.4 0.3 33.0 0.4 53.9 0.7 39.3 0.6
LLM-Pruner 15.3 0.7 76.8 3.4 63.9 0.4 73.5 0.6 62.4 1.4 57.5 1.1 33.2 1.2 55.2 0.7 37.5 0.8
CFSP 15.6 0.2 81.8 0.3 62.3 0.2 75.2 0.3 70.6 0.2 68.3 0.0 36.3 0.2 52.9 0.2 40.0 0.3
PP 11.3 0.1 61.0 0.1 65.8 0.1 77.1 0.2 71.6 0.0 61.3 0.4 40.9 0.3 67.9 0.1 42.5 0.3
Ours 9.9 0.1 51.1 0.2 67.1 0.1 77.9 0.1 75.1 0.1 63.0 0.1 45.6 0.2 70.7 0.1 43.2 0.2

Table 9: Performance comparison on LLaMA-3-8B across datasets and ratios. The best is highlighted in bold.

Ratio Method WikiText2 ↓ PTB ↓ BoolQ ↑ PIQA ↑ HellaSwag ↑ WinoGrande ↑ ARC-c ↑ ARC-e ↑ OBQA ↑
0% Dense 7.1 0.0 11.7 0.0 81.7 0.0 79.5 0.0 76.3 0.0 72.5 0.0 47.2 0.0 61.7 0.0 40.2 0.0

20%

Wanda-sp 16.2 0.0 20.8 0.0 75.1 0.3 78.5 0.0 69.6 0.2 71.4 0.4 38.7 0.4 56.9 0.4 39.0 0.2
FLAP 18.6 0.0 24.9 0.0 79.4 0.2 78.7 0.1 70.3 0.0 71.4 0.5 40.8 0.1 57.8 0.0 39.4 0.3
CFSP 16.1 0.1 20.2 0.2 79.0 0.1 78.8 0.2 70.2 0.1 71.3 0.3 39.8 0.0 57.0 0.1 38.9 0.1
PP 12.1 0.0 17.0 0.0 77.4 0.0 78.5 0.0 73.1 0.0 72.5 0.3 43.2 0.3 59.1 0.2 40.2 0.5
Ours 10.2 0.0 15.0 0.1 77.1 0.1 78.9 0.1 74.7 0.2 72.8 0.1 45.1 0.2 62.0 0.3 41.2 0.1

40%

Wanda-sp 56.9 0.0 93.1 0.0 66.6 0.1 73.4 0.2 56.7 0.1 63.2 0.2 31.8 0.2 47.0 0.5 34.5 0.2
FLAP 86.2 0.0 133.1 0.0 67.3 1.0 73.5 0.0 57.2 0.2 66.7 0.5 31.7 0.3 44.6 0.3 34.4 0.3
CFSP 54.8 0.1 89.2 0.6 66.6 0.2 73.4 0.3 56.7 0.3 66.3 0.1 31.8 0.1 46.3 0.2 34.5 0.1
PP 44.6 0.0 42.8 0.0 70.3 0.1 76.3 0.2 65.3 0.1 67.2 0.2 39.0 0.3 57.4 0.1 36.9 0.3
Ours 20.4 0.1 31.4 0.2 71.0 0.0 76.6 0.1 66.2 0.2 68.6 0.1 40.4 0.1 58.9 0.2 39.6 0.1

Table 10: Performance comparison on OPT-13B across datasets and ratios. The best is highlighted in bold.

Ratio Method WikiText2 ↓ PTB ↓ BoolQ ↑ PIQA ↑ HellaSwag ↑ WinoGrande ↑ ARC-c ↑ ARC-e ↑ OBQA ↑
0% Dense 11.6 0.0 13.6 0.0 68.1 0.0 75.3 0.0 67.9 0.0 66.8 0.0 35.0 0.0 51.1 0.0 36.4 0.0

20%

Wanda-sp 17.4 0.1 30.9 0.0 66.0 0.2 75.4 0.1 63.0 0.1 64.8 0.3 33.7 0.0 48.2 0.2 35.0 0.1
FLAP 18.8 0.2 23.5 0.0 68.1 0.4 75.1 0.1 62.5 0.2 62.6 0.3 31.8 0.3 49.5 0.1 34.5 0.1
CFSP 19.0 0.0 29.4 0.3 66.2 0.1 75.2 0.1 63.2 0.2 63.9 0.2 33.3 0.1 49.2 0.0 34.5 0.2
PP 14.7 0.1 15.6 0.0 67.4 0.1 75.5 0.1 65.7 0.0 64.9 0.3 33.8 0.1 51.6 0.0 36.5 0.2
Ours 13.5 0.0 14.3 0.0 68.2 0.1 75.7 0.1 66.8 0.1 65.3 0.1 34.2 0.1 51.8 0.0 37.0 0.1

40%

Wanda-sp 42.7 0.7 61.7 0.0 63.7 0.1 71.8 0.3 53.2 0.1 57.6 0.2 29.6 0.4 43.3 0.1 34.3 0.2
FLAP 51.0 0.7 65.4 0.0 62.7 0.0 72.4 0.0 53.3 0.2 58.3 0.5 29.4 0.3 45.2 0.4 34.1 0.1
CFSP 53.4 0.2 61.9 0.8 63.1 0.0 72.5 0.2 53.3 0.1 58.4 0.2 29.5 0.1 44.8 0.0 34.2 0.1
PP 26.7 0.3 26.3 0.0 61.1 0.2 74.3 0.1 58.7 0.0 59.3 0.1 33.6 0.1 49.7 0.1 35.3 0.4
Ours 20.5 0.0 22.2 0.1 64.0 0.1 74.5 0.1 62.5 0.1 62.0 0.3 33.9 0.0 50.8 0.1 35.6 0.1
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Table 11: Generation examples from pruned LLaMA models at 40% sparsity.

LLaMA-2-7B
Prompt: The sun began to set behind the jagged mountains, casting long, purple shadows across the valley.
Arthur stood at the edge of the cliff, holding the ancient, tattered map in his trembling hands. He looked down and saw
Ours the vast expanse of the desert before him. The wind tugged at his hair, and the sand blew through his robes.

“Sir! It’s time!” A young page appeared beside him, holding a torch. “Oh, right, my thanks.” Arthur took
the torch and held it high.

PP the valley below, and the river that ran through it. He could see the village, and the castle, and the forest
beyond. He could see the world. He could see the world, and he could see the world, and he could see the
world. [repetitive]

LLaMA-3-8B
Prompt: In a world where gravity works upwards, people have to tie themselves to the ground. I stepped out of
my front door and forgot to clip my safety rope. Suddenly, I
Ours felt myself floating up and higher. I could see the Earth far below me. I tried to scream but my voice was

gone. The clouds rushed past me as I ascended into the endless blue sky.
PP was floating. I was floating up. I was going up. The sky was getting closer. I was scared. I was very scared.

I tried to grab something. There was nothing to grab. [repetitive, simple]
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