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Abstract
Large language models (LLMs) have demon-
strated exceptional performance across various
domains. However, their increasing sizes pose
significant deployment challenges, particularly
in resource-constrained scenarios. While net-
work pruning provides an effective compres-
sion strategy, existing approaches either de-
pend on calibration datasets—leading to poor
generalization—or require training auxiliary
predictors, incurring significant computational
overhead. In this paper, we propose DSPP
(Dataset-Specific Progressive Pruning), a novel
training-free structured pruning method that
dynamically updates the importance scores of
neurons during inference to identify and retain
dataset-specific neurons. By employing a pro-
gressive pruning strategy, DSPP can further
reduce computational overhead. Experimental
results show that DSPP demonstrates remark-
able generalization capabilities across diverse
datasets and models, while achieving a 1.36×
speedup at 50% sparsity level.

1 Introduction

LLMs have achieved remarkable performance
across diverse domains (Grattafiori et al., 2024;
Arefeen et al., 2024). However, as model sizes con-
tinue to grow, so do the computational and memory
requirements, posing significant challenges for de-
ployment, especially in resource-constrained sce-
narios. Among the compression techniques devel-
oped in response—quantization (Dettmers et al.,
2022), speculative decoding (Kim et al., 2023),
weight sparsification (Frantar and Alistarh, 2023),
and pruning (Ma et al., 2023; Sun et al., 2024)—
network pruning is particularly attractive: it re-
duces memory and compute simultaneously while
often preserving most of the original model’s accu-
racy (Cheng et al., 2024).

Compared to unstructured pruning (Frantar and
Alistarh, 2023; Sun et al., 2024; Zhang et al., 2024)
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Figure 1: Comparison of pruning paradigms. Static
methods produce a single mask from a generic calibra-
tion set and apply it to every input. Dynamic predictor-
based methods generate per-sample masks via a trained
predictor. DSPP progressively refines a dataset-specific
mask online from the input distribution, without training
a predictor.

that requires specialized hardware support for prac-
tical speedups, structured pruning (An et al., 2024;
Wang et al., 2025a,b) achieves efficient inference
acceleration across diverse hardware platforms by
removing entire units (e.g., neurons). Existing
structured pruning methods fall into static and dy-
namic categories, as illustrated in Figure 1. Static
methods (Wang et al., 2025b; An et al., 2024; Ashk-
boos et al., 2024; Ma et al., 2023) rely on calibra-
tion data to produce pruning masks which are ap-
plied to all test tasks, leading to poor generalization
when the calibration and test distributions differ.
Dynamic methods (Liu et al., 2023; Song et al.,
2025, 2024; Akhauri et al., 2024) generate pruning

51383



masks from test data but typically require training
additional predictors, which introduces substan-
tial overhead. These limitations motivate a key
question: Can we obtain adaptive pruning masks
without training predictors?

Previous studies have identified language-
specific neurons in LLMs (Zhao et al., 2024) and
shown that task-specific calibration improves prun-
ing effectiveness (Khanal and Capone, 2024). Ex-
tending these insights, we hypothesize the exis-
tence of dataset-specific neurons and empirically
analyze this phenomenon. Experiments confirm
that pruning masks converge rapidly within the
same dataset: using just 20% of samples yields
over 80% Jaccard similarity with the full-dataset
mask, while cross-dataset similarity stays low
(§3.1). This indicates that each dataset exhibits
a stable, distinctive activation pattern that can be
reliably captured using only a small subset of sam-
ples. However, computing masks directly on test
data risks information leakage, rendering it unsuit-
able for deployment.

Therefore, we propose DSPP (Figure 3), an ef-
ficient structured pruning method that leverages
dataset-specific activation patterns to adaptively
prune the weights of LLMs. Specifically, we de-
sign a novel structured importance metric for each
neuron based on statistical properties of both acti-
vations and model parameters. We then introduce
a training-free adaptive pruning paradigm in which
importance scores are computed and continuously
updated during inference, enabling the identifica-
tion of dataset-specific neurons. To accelerate this
process, we adopt a progressive pruning strategy
with exponentially increasing intervals, allowing
higher sparsity levels to benefit from more sam-
ples. Since the dataset-specific pruning masks are
dynamically generated and incrementally refined
using current input samples, DSPP avoids the risk
of test-data leakage.

In this work, we evaluate DSPP on the LLaMA
family (LLaMA2-7B/13B (Touvron et al., 2023),
LLaMA3-8B (Grattafiori et al., 2024), LLaMA3.1-
8B (Grattafiori et al., 2024)) and additionally on
Qwen2.5-7B (Qwen et al., 2025). DSPP demon-
strates robust generalization in zero-shot, few-shot,
and language modeling tasks while achieving a
1.36× speedup at 50% sparsity level over the dense
model. Our contributions are summarized as fol-
lows:

• We empirically validate the existence of

dataset-specific neurons in LLMs, demon-
strating that using only calibration datasets
fails to identify such neurons for diverse down-
stream datasets (§3.1).

• We propose a training-free dataset-specific
structured pruning method that adaptively
updates the proposed neuron importance
scores on-the-fly and employs progressive
pruning with exponentially increasing inter-
vals to enhance efficiency (§3.3), accompa-
nied by a theoretical analysis that motivates
both design choices (§3.4).

• Extensive experiments demonstrate that DSPP
substantially outperforms SOTA pruning
methods with minimal overhead, exhibiting
robust generalization across various datasets
and models (§§4–5).

2 Related Works

2.1 Static Structured Pruning
Static structured pruning (An et al., 2024; Wang
et al., 2025b; Ma et al., 2023; Ashkboos et al.,
2024) obtains a fixed pruning mask on a small
calibration dataset according to predefined impor-
tance metric and applies the same mask uniformly
during inference. For instance, FLAP (An et al.,
2024) introduces a fluctuation-based importance
metric with bias compensation to minimize accu-
racy degradation, while CFSP (Wang et al., 2025b)
optimizes model performance through layer-wise
sparsity allocation. LLM-Pruner (Ma et al., 2023)
employs structured second-order Taylor expansion
to identify and remove less important neurons. Al-
though static structured pruning significantly accel-
erates inference, it typically suffers from consider-
able performance degradation due to the distribu-
tion shift between calibration and test data.

2.2 Dynamic Structured Pruning
Dynamic structured pruning generates input-
dependent pruning masks at test time, thereby
achieving superior generalization across diverse
test samples. However, most existing dynamic
approaches (Song et al., 2024, 2025; Liu et al.,
2023; Akhauri et al., 2024) rely on training aux-
iliary predictors to estimate importance scores of
neurons for each sample, which introduces substan-
tial computational overhead and memory footprint.
Recently, training-free dynamic pruning strategies
have emerged. Probe Pruning (Le et al., 2025) com-
putes batch-wise pruning masks using a small set
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Figure 2: Jaccard similarity of pruning masks at 50%
sparsity on LLaMA3.1-8B. (a) Within-dataset masks
at sampling ratio α vs. the full-dataset reference. (b)
Pairwise full-dataset masks across the seven datasets.

of probe samples and key tokens within the current
batch, which are applied to the remaining sam-
ples. However, it degrades significantly when the
batch size is 1 and still requires an initial calibration
set. SEAP (Liang et al., 2026) builds task-specific
knowledge corpus for each downstream task and
derives masks from activation statistics on these
corpora. In contrast, our method requires no cal-
ibration data or task-specific corpus and directly
constructs dataset-specific pruning masks during
inference.

3 Method

3.1 Motivation: Dataset-Specific Neurons
To test whether stable, dataset-level importance
patterns exist, we compute pruning masks within
and across seven datasets: WinoGrande (Sak-
aguchi et al., 2020), PIQA (Bisk et al., 2020),
BoolQ (Clark et al., 2019), ARC-easy (Clark et al.,
2018), ARC-challenge (Clark et al., 2018), Hel-
laSwag (Zellers et al., 2019) and OpenBookQA
(Mihaylov et al., 2018). For each dataset we ob-
tain a reference mask M from the full dataset
and partial masks Mα from sampling ratios α ∈
{1%, 5%, 10%, 20%, 40%}. The layer-averaged
Jaccard similarity is:

Sα =
1

L

L−1∑

j=0

Jaccard(M(j)
α ,M

(j)
), (1)

where L is the number of layers.
Figure 2(a) shows that within-dataset similarity

rises rapidly with α: with only 20% of the sam-
ples the Jaccard similarity already exceeds 80%
across all seven datasets. In contrast, pairwise
across-dataset similarity (Fig. 2(b)) stays below
70% (the lone exception being the closely related
ARC-easy/ARC-challenge pair). The combination

of high intra- and low inter-dataset similarity pro-
vides strong empirical evidence for the existence
of dataset-specific neurons—a stable, identifiable
subset of MLP neurons that dominates the model’s
behavior on a given dataset and differs systemati-
cally across datasets.

We formally quantify the strength of evidence
for this pattern. Pairing each dataset’s within-
Jaccard at α=20% (Fig. 2(a)) with its mean off-
diagonal cross-Jaccard from Fig. 2(b), a paired t-
test on the seven differences yields t = 11.0 on
ν = n− 1 = 6 degrees of freedom, two-sided
p < 10−4, and Cohen’s d= 4.17 (well above Co-
hen’s 0.8 threshold for “large” effects). The within-
Jaccard mean of 0.87±0.06 thus systematically
and substantially exceeds the cross-Jaccard mean
of 0.63±0.03, reinforcing the dataset-specific neu-
ron hypothesis.

3.2 Pruning Metric

Given a large language model θ (e.g., LLaMA).
In the j-th transformer layer, the MLP consists of
a gate projection W j

g ∈ Rp×q, an up projection
W j

u ∈ Rp×q and a down projection W j
d ∈ Rq×p,

where p is the hidden dimension and q is the in-
termediate dimension. For an input Xij ∈ Rmi×p

to the j-th layer of sample i (with mi tokens), the
MLP output can be expressed as:

Oij = (σ(XijW
j
g )⊙XijW

j
u)W

j
d = AijW

j
d , (2)

where σ(·) denotes the activation function and Aij

is the intermediate activation.
The output of an MLP layer is jointly deter-

mined by activations and down-projection weights.
Inspired by Wanda (Sun et al., 2024), we adopt
a structured joint formulation in the combined
parameter-activation space, scoring each dimen-
sion k ∈ [0, q − 1] via the ℓ2-norm. To addition-
ally capture magnitude dispersion across tokens,
we introduce the variance of |Aij |, which is large
on neurons driven by a few high-magnitude “out-
lier” tokens that disproportionately determine post-
pruning behaviour.

Formally, the activation-side score, weight-side
score, and variance term are:

Rij(k) = ∥Aij [:, k]∥2, (3)

Qj(k) = ∥W j
d [k, :]∥2, (4)

Vij(k) = Var
(
|Aij [:, k]|

)
. (5)

The fused structured importance score is the
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Figure 3: Overview of DSPP. As deployment-time inputs stream in, the model continuously accumulates ∥At∥2,
∥Wd∥2 and Var(|At|) into a per-neuron importance buffer via CMA. At t = t0 the accumulated buffer drives the
first pruning step. At t1, t2, . . . progressively higher sparsity levels are applied, with intervals growing geometrically.
After t = T the buffer freezes and inference proceeds with the final mask.

Algorithm 1 DSPP: Dataset-Specific Progressive
Pruning

Require: model θ with L MLP layers (width q);
target sparsity s⋆; warm-up budget T ; initial
step t0; growth factor γ

1: {ti}K−1
i=0 ← pruning steps from Eq. 8, K =

max{i : ti≤T}
2: Qj←0∈Rq, ∀j∈ [L]
3: i←0
4: for t=1, . . . , T do
5: {At,j}Lj=1←FORWARD(θ; xt)

6: Qj← t−1
t Qj +

1
t Imt,j , ∀j

7: if t= ti and i<K then
8: s(i)←(i+1) s⋆/K
9: k←⌈(1−s(i)) q⌉

10: Mj←Top-k(Qj), ∀j
11: θ←PRUNE(θ; {Mj})
12: i← i+1
13: end if
14: end for
15: return pruned θ used for all inputs t>T

element-wise product:

Imij = Rij ⊙Q⊤
j ⊙Vij . (6)

This score prioritizes dimensions that exhibit si-
multaneously large activations, large weight norms,
and pronounced magnitude variance.

The three terms in Eq. 6 probe different aspects
of a neuron’s contribution: the activation magni-
tude R, the output coupling strength Q, and the
activation concentration V. We verify in §5.1 that
all three are jointly necessary, as removing any
single term degrades the average accuracy.

3.3 DSPP: Dataset-Specific Progressive
Pruning

Based on the dataset-specific neurons, we propose
DSPP (illustrated in Figure 3), an efficient struc-
tured pruning method that dynamically refines the
importance scores during inference.

LetD denote a test dataset of N samples. To pre-
vent test-set leakage and ensure a realistic online
evaluation setting, we process test samples sequen-
tially as they arrive over time. At time step t, we
first compute the current importance score Im(t)
using the proposed pruning metric in Eq. 6. This
score is then stored in the buffer and subsequently
used to update the cumulative score Q(t) via Cu-
mulative Moving Average (CMA). For simplicity,
we assume that one new test sample arrives at each
time step, allowing Q(t) to be expressed as:

Q(t) =
1

t

t∑

τ=1

Im(τ), t ≤ T, (7)

where T represents the total number of samples
used to update Q(t), corresponding to the first p%
of the dataset.

Progressive pruning with exponentially growing
intervals. Instead of pruning once at the end of
the warm-up, we apply pruning iteratively, increas-
ing sparsity in stages. To balance accuracy and
efficiency, the interval between successive pruning
steps grows geometrically:

ti =
t0(1− γi+1)

1− γ
, γ > 1, (8)

where t0 is the timing of the first pruning step.
Higher sparsity levels are reached only after

51386



more inputs have been processed and the im-
portance scores have stabilized. We use t0 =
max(0.01N, 1) and γ = 2 throughout.

Algorithmic summary. Algorithm 1 summa-
rizes the procedure. The only deployment-time
bookkeeping is the per-layer CMA buffer (size q,
identical for every layer), so the total memory over-
head is O(Lq), dominated by the model’s own ac-
tivations.

3.4 Theoretical Analysis

We motivate (i) why dataset-specific neurons exist
and (ii) the sample budget DSPP needs to identify
them.

Why dataset-specific neurons exist. Let D be
a categorical random variable indexing the dataset
from which an input is drawn, and let Ak ∈R≥0

denote the per-token absolute activation at the k-th
intermediate dimension, marginalised over tokens
and prompts. The dataset-induced shift of Ak’s dis-
tribution is quantified by the mutual information:

I(Ak;D) = ED

[
KL

(
p(Ak |D) ∥ p(Ak)

)]
, (9)

where KL(· ∥ ·) is the Kullback–Leibler divergence
and ED averages over the dataset prior Pr(D).
Neurons with I(Ak;D) ≈ 0 are activated identi-
cally across datasets, so pruning them costs the
same on every D; neurons with I(Ak;D) ≫ 0
are activated differentially and must be preserved
when adapting to a target dataset d⋆. These high-I
neurons are the formal counterpart of the dataset-
specific neurons hypothesised in §3.1. In our
fused metric, R and V are sample moments of
p(Ak | D = d⋆) and adapt to the target distribu-
tion, while Q provides the data-independent output-
coupling factor. Their product R⊙Q⊙V thus as-
signs each neuron a target-aware, output-weighted
importance, whose top-k ranking is the dataset-
specific neuron set that DSPP retains online.

How many samples suffice. DSPP estimates Im
via the per-layer CMA Qj(t) = 1

t

∑t
τ=1Im(τ)

over the first t deployment prompts, where j ∈
[L] indexes the MLP layer (suppressed in §3.3
for brevity; within-prompt tokens are correlated
through attention, so the unit of independence is
the prompt). Treating the prompt-level scores as ap-
proximately sub-Gaussian, standard concentration
inequalities (Hoeffding, 1963; Boucheron et al.,

2013) yield, with probability at least 1 − δ uni-
formly over k∈ [q]:

max
k

∣∣Qj(t)(k)− µk

∣∣ ≤ C σmax

√
log(2q/δ)

t ,

(10)
where µk :=E[Im(τ)(k)], σ2

max upper-bounds the
per-prompt variance, q is the intermediate width,
C is the universal constant, and the maxk follows
from a union bound on the q coordinates.

DSPP keeps the top-k coordinates of Qj(t).
Ordering µ(1) ≥ · · · ≥ µ(q) and letting ∆k :=
µ(k)−µ(k+1), the empirical and population top-
k sets coincide whenever the deviation in Eq. 10
drops below ∆k/2, giving:

t ≥ 4C2 σ2
max log(2q/δ)

∆2
k

. (11)

The sample count grows only logarithmically in q
and δ, and is governed by the variance-to-gap ratio
σ2
max/∆

2
k.

The O(1/
√
t) rate also dictates the geomet-

ric growth of pruning intervals in §3.3: writing
ϵi :=Cσmax

√
log(2q/δ)/ti, a geometric schedule

(ti+1/ti→ γ) keeps ϵi+1/ϵi = 1/
√
γ constant, so

each step earns the same relative deviation reduc-
tion. A uniform schedule (ti = it0) instead gives√
i/(i+1)→ 1, wasting late samples. §5.3 and

§5.4 empirically verify both predictions.

4 Experiments

4.1 Experimental Setup

Models and Datasets We evaluate DSPP on four
LLaMA-family models—LLaMA2-7B/13B (Tou-
vron et al., 2023), LLaMA3-8B (Grattafiori et al.,
2024), LLaMA3.1-8B (Grattafiori et al., 2024)—
and additionally on Qwen2.5-7B (Qwen et al.,
2025). Few-shot math is evaluated on GSM8K
(5-shot) (Cobbe et al., 2021) and MATH (5-shot)
(Hendrycks et al., 2021b). Zero-shot accuracy is
reported on eight datasets: BoolQ (Clark et al.,
2019), PIQA (Bisk et al., 2020), WinoGrande (Sak-
aguchi et al., 2020), OpenBookQA (Mihaylov et al.,
2018), MMLU (Hendrycks et al., 2021a), Hel-
laSwag (Zellers et al., 2019), ARC-easy (Clark
et al., 2018) and ARC-challenge (Clark et al., 2018).
Perplexity is evaluated on WikiText-2 (Merity et al.,
2017), the PTB (Marcus et al., 1993) validation
set, and the PG-19 (Rae et al., 2020) validation
set. More evaluation details can be found in Ap-
pendix A.
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Baselines We compare DSPP with three repre-
sentative static methods and one dynamic method.
Among the static methods, Wanda-SP (An et al.,
2024) is the extension of Wanda (Sun et al., 2024)
for structured pruning. FLAP (An et al., 2024)
introduces bias compensation to alleviate perfor-
mance degradation. CFSP (Wang et al., 2025b) is
the SOTA static structured pruning method with
layer-wise sparsity allocation. The dynamic base-
line, SEAP (Liang et al., 2026), generates task-
specific pruning masks on-the-fly by leveraging
corpus information extracted from the target task.
Additionally, DSPP+CFSP combines DSPP with
the sparsity allocation strategy of CFSP. For fair-
ness, all methods only prune MLP layers and are
applied without any post-pruning fine-tuning.
Implementation Details All experiments use
NVIDIA A800-80GB or A100-40GB GPUs. We
adopt the official implementations of CFSP (Wang
et al., 2025b), Wanda-SP (An et al., 2024) and
FLAP (An et al., 2024), and for SEAP (Liang
et al., 2026) use Expert-based Pruning with the
WIFV metric (the best variant in Liang et al.
(2026)). Pruning is applied only during the pre-
fill phase, as its latency is compute-bound. Let-
ting N be the total number of test samples, we
set T = max(0.1N, 10), t0 = max(0.01N, 1),
γ = 2, and report results at 20% and 50% sparsity.
Unless explicitly marked as stream-average, these
percentages denote the terminal sparsity reached
after warm-up.

4.2 Zero-Shot and Few-Shot Performance

Table 1 reports zero-shot and few-shot performance
on LLaMA3.1-8B; the remaining models are re-
ported in Appendix B. DSPP consistently outper-
forms all baselines at both sparsity levels. Notably,
at 50% sparsity DSPP achieves 49.67 average ac-
curacy vs. CFSP’s 41.51 (a relative gain of ∼20%)
and SEAP’s 47.37. DSPP+CFSP further pushes
this to 51.86. Per-task gains over CFSP at 50%
sparsity include +13.95 on HellaSwag, +12.92 on
ARC-e, and +11.01 on MMLU.

4.3 Language Modeling Perplexity

Table 2 reports perplexity on the three language-
modeling benchmarks. DSPP (and DSPP+CFSP)
achieves the best average perplexity on every
task except WikiText-2, where CFSP retains a
small lead because CFSP’s calibration set is itself
WikiText-2.

4.4 Inference Speed

We measure end-to-end forward time on 3,000
PIQA samples (sequence length 2,048, batch size
1) at 50% sparsity. Table 3 shows DSPP achieves
1.36× speedup over the dense model, vs. 1.42× for
CFSP. The ∼4% relative gap arises from comput-
ing importance scores during the warm-up phase;
once t > T , DSPP’s inference cost is identical to
a static pruned model. Given the ∼20% relative
accuracy advantage (Table 1), DSPP is markedly
more favorable on the accuracy–speedup Pareto
frontier.

5 Ablation and Analysis

5.1 Metric Ablation

To verify that the three components R, Q, V of our
fused metric are jointly indispensable, we evaluate
the three two-term subsets: W/O VAR (R⊙Q),
W/O W (R⊙V), and W/O A (Q⊙V). All variants
run at 50% sparsity on 7 accuracy tasks (ARC-c/e,
BoolQ, HellaSwag, OBQA, PIQA, WinoGrande)
and 3 perplexity datasets (WikiText-2, PTB, PG-
19).

Three observations follow from Table 4. (a)
Dropping the variance term (R⊙Q) loses 1.95 pp
of accuracy and 1.19 perplexity, with the accuracy
gap concentrated on HellaSwag (−7.07 pp) where
outlier-driven activations dominate. (b) Dropping
the magnitude term (Q⊙V) is closer on accuracy
(−0.18 pp) but loses 0.60 on PPL. (c) Dropping
the weight-norm term (R⊙V) costs 0.21 pp on
accuracy while being essentially tied on PPL. All
three terms are therefore independently necessary,
confirming the three-way fusion hypothesised in
§3.2.

Disentangling the procedure and metric. Ta-
ble 5 tests whether the progressive procedure gen-
eralizes across importance metrics and whether
DSPP’s metric advantage persists under equal ac-
cess to target-domain statistics. We keep the tar-
get stream, CMA update, warm-up, exponential
schedule, and uniform MLP-only sparsity identical
to DSPP, and replace only Eq. 6 with the official
Wanda-SP, FLAP, or CFSP metric (with CFSP layer
allocation disabled).

Table 5 supports both points. First, at 50% spar-
sity, every transplanted metric gains 5.10–10.68
accuracy points over its static counterpart in Ta-
ble 1, showing that the progressive framework gen-
eralizes beyond our metric. Second, all four rows
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Sparsity Method GSM8k MATH PIQA WinoGrande BoolQ OBQA MMLU HellaSwag ARC-e ARC-c Average

0% LLaMA3.1-8B 49.43 14.02 81.34 73.72 82.08 45.00 63.30 79.01 81.06 53.50 62.25

20%

FLAP 25.63 7.84 75.03 64.96 70.61 40.60 40.54 62.72 61.03 37.71 48.67
Wanda-SP 40.49 10.70 75.79 69.38 75.17 41.20 51.74 69.80 68.86 42.15 54.53
CFSP 44.20 11.70 76.93 70.96 78.50 41.20 54.71 72.41 70.33 45.14 56.61
SEAP 47.76 13.82 79.16 73.80 79.36 42.20 54.27 75.84 77.06 49.83 59.31
DSPP 49.43 12.78 79.27 72.30 81.07 43.20 59.08 76.50 73.61 51.45 59.87
DSPP+CFSP 49.28 13.36 80.30 72.22 80.89 43.00 59.78 76.91 78.32 52.22 60.63

50%

FLAP 6.82 3.72 62.89 56.67 62.45 31.00 23.77 41.87 41.79 25.77 35.68
Wanda-SP 12.66 4.14 63.06 57.85 50.00 31.00 24.64 43.87 44.82 28.58 36.06
CFSP 24.49 7.02 66.43 60.22 62.45 32.00 33.87 49.59 48.99 30.03 41.51
SEAP 33.89 1.06 75.95 67.56 62.94 39.60 33.02 60.62 61.78 37.29 47.37
DSPP 31.92 9.06 74.43 66.30 71.22 34.20 44.88 63.54 61.91 39.25 49.67
DSPP+CFSP 37.91 10.32 75.35 66.14 69.48 36.40 48.62 65.83 67.38 41.13 51.86

Table 1: Zero-shot and few-shot accuracy (↑) on LLaMA3.1-8B at 20% and 50% sparsity.

Sparsity Method WikiText-2↓ PTB↓ PG-19↓ Avg↓
0% LLaMA3.1-8B 6.96 11.73 10.58 9.76

20%

FLAP 9.54 15.91 15.85 13.77
Wanda-SP 9.21 14.45 14.51 12.72
CFSP 8.99 13.91 13.91 12.27
SEAP 10.24 14.44 15.06 13.25
DSPP 9.37 13.65 12.57 11.86
DSPP+CFSP 9.27 13.33 12.59 11.73

50%

FLAP 21.04 33.22 38.09 30.78
Wanda-SP 19.72 37.12 38.78 31.87
CFSP 17.43 24.71 28.23 23.46
SEAP 21.42 27.00 29.24 25.89
DSPP 21.15 24.97 24.08 23.40
DSPP+CFSP 19.49 22.94 23.06 21.83

Table 2: Perplexity (↓) on LLaMA3.1-8B at 20% and
50% sparsity.

Method Time (s/sample) Speedup

Dense Model 0.1914 1.00×
CFSP 0.1348 1.42×
DSPP (ours) 0.1403 1.36×

Table 3: Inference speedup on LLaMA3.1-8B at 50%
sparsity.

Metric variant Avg Acc ↑ (7 tasks) Avg PPL ↓ (3 datasets)

DSPP w/o Var (R⊙Q) 56.77 24.62
DSPP w/o W (R⊙V) 58.52 23.40
DSPP w/o A (Q⊙V) 58.55 24.03
DSPP (full R⊙Q⊙V) 58.73 23.43

Table 4: Metric ablation on LLaMA3.1-8B at 50% spar-
sity. Each two-term subset removes one of R, Q, V.

receive the same target stream and use the same
CMA and schedule, so DSPP’s margin here cannot
be explained by privileged access to target-domain
statistics. Thus the procedure is metric-agnostic,
while the matched comparison supports Eq. 6 as
the stronger pruning principle.

20% sparsity 50% sparsity
Metric Acc.↑ PPL↓ Acc.↑ PPL↓
Wanda-SP 56.38 12.06 46.16 24.81
FLAP 56.60 12.41 46.36 25.38
CFSP 56.39 11.92 46.61 23.77
DSPP 59.87 11.86 49.67 23.40

Table 5: Controlled metric swap on LLaMA3.1-8B.
Accuracy averages the 10 tasks in Table 1; PPL averages
the three datasets in Table 2.

5.2 Cross-Dataset Mask Transfer

To verify that DSPP’s mask reflects genuine dataset
structure rather than overfitting to the accumulation
inputs, we measure transfer accuracy: for each pair
(A,B) we accumulate the importance on the first T
inputs of source A and evaluate the pruned model
on the full test set of target B. Every cell uses a
uniform 50% per-layer sparsity (CFSP’s layer-wise
allocation disabled) so that only the metric-transfer
effect is measured.

Figure 4 reports the resulting 6×6 matrix. The
diagonal (within-dataset DSPP, red boxes) wins on
four of the six targets (ARC-c, HellaSwag, PIQA,
WinoGrande). Off-diagonal entries otherwise de-
cay smoothly with source–target distance: closely
related sources (e.g. HellaSwag→PIQA) recover
most of the in-distribution accuracy, whereas struc-
turally distant ones (e.g. WinoGrande→ARC-c)
lose more. Together, the diagonal advantage and
the smooth distance-dependent decay embody the
dataset-specific high-I neuron sets posited in §3.4.
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29.4 61.8 60.4 37.2 72.6 63.5

35.0 58.8 54.2 37.0 72.2 59.8

31.2 63.5 58.7 35.2 74.1 58.0

26.4 60.0 57.0 34.4 71.3 65.3

Figure 4: Cross-dataset transfer accuracy on LLaMA3.1-
8B at 50% sparsity. Rows are source datasets, columns
are targets; red boxes mark the within-dataset diagonal.
Colour is normalised per column (min to max for each
target), so the gradient inside each column reflects the
relative ranking of sources for that target.

5.3 Effect of Test-Set Ratio

To further validate that dataset-specific neu-
rons can be identified from a small input
sample, we measure post-pruning accuracy
as a function of the test-set ratio T/N ∈
{0.1%, 0.5%, 1%, 5%, 10%, 20%, 40%}. For each
T we compute the mask using a dense model on the
first T samples and re-evaluate the pruned model
on the full dataset to avoid any bias from the warm-
up samples. Figure 5 shows that across ARC-e,
HellaSwag, PIQA and WinoGrande, the accuracy
plateaus by T ∼ 0.5% of the data—decisively
outperforming the static CFSP baseline at every
T ≥ 0.1%. Together with the Jaccard analysis
(§3.1), this is direct evidence that dataset-specific
neurons are stable and can be efficiently identified
from only a small fraction of the input distribution.

5.4 The Benefits of Progressive Pruning

To quantify the contribution of the progressive
schedule, we compare DSPP against a “W/O PRO-
GRESSIVE” variant that prunes only at t = T , at
50% sparsity on LLaMA3.1-8B. Fixing t0 = 1%N
and varying T ∈ {5%, 10%, 15%, 20%, 25%}N
(Fig. 6), and then fixing T = 10%N and varying
t0 ∈ {0.1%, 0.5%, 1%, 1.5%, 2%}N (Fig. 7), we
see that the progressive schedule consistently de-
livers higher speedup with no measurable loss in
accuracy. The exponential growth factor allocates
more samples between pruning steps as the esti-
mate stabilises, so dense passes dominate the early
noisy phase and pruning is only committed once
the importance ranking is reliable. These observa-
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Figure 5: Accuracy under DSPP at 50% sparsity, as a
function of the warm-up ratio T/N , on LLaMA3.1-8B.
Accuracy converges by T ∼ 0.5% on every dataset.
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Figure 6: Speedup of DSPP vs. DSPP w/o progressive
pruning across warm-up configurations.
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Figure 7: Accuracy of DSPP vs. DSPP w/o progressive
pruning across warm-up configurations.

tions are consistent with the theoretical analysis in
§3.4: the O(1/

√
t) concentration rate of the CMA

estimator (Eq. 10) renders early aggressive pruning
unreliable, while the exponential schedule allocates
increasing sample budgets to successive pruning
steps in precise correspondence with this rate.
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Figure 8: Average zero-shot accuracy of CFSP and
DSPP on LLaMA3.1-8B under varying sparsity ratios.

5.5 Performance Across Sparsity Levels
To validate the effectiveness of DSPP across differ-
ent sparsity levels, we evaluate the average zero-
shot accuracy on LLaMA3.1-8B for DSPP and
CFSP under sparsity ratios from 10% to 50%, as
shown in Figure 8. DSPP consistently achieves
higher accuracy than CFSP across all sparsity ra-
tios, and the performance gap widens as sparsity
increases. This further demonstrates DSPP’s robust
generalization across the full sparsity range.

6 Conclusion

In this work, we propose DSPP (Dataset-Specific
Progressive Pruning), a simple and efficient struc-
tured pruning method that adaptively tailors LLMs
to test data through dynamically identifying the
dataset-specific neurons. By introducing the pro-
gressive pruning strategy with exponentially in-
creasing pruning interval, DSPP achieves less com-
putational overhead. A complementary theoretical
analysis further explains these design choices. Ex-
tensive experiments demonstrate that DSPP signif-
icantly improves model performance and general-
izes robustly across diverse datasets and models.
We hope that this method can inspire more related
research in the future.

Limitations

While DSPP delivers consistent improvements over
existing pruning methods, two limitations remain.
First, at high compression ratios (e.g., ≥ 50% spar-
sity) the post-pruning accuracy still degrades no-
ticeably; although DSPP retains a clear margin
over static baselines in this regime, closing the
remaining gap to the dense model under aggres-
sive sparsity is an open problem. Second, because
DSPP starts from a dense model and progressively
prunes during inference, the warm-up phase incurs
additional time and memory overhead before the

target sparsity is reached, so memory usage is not
reduced in the early stage. Reducing this initial
overhead, e.g. via an informed prior mask or par-
tial early pruning, is a valuable direction for future
work.
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A Details of Evaluation

A.1 Zero-shot and Few-shot Tasks

We use the EleutherAI LM Evaluation Harness
(Sutawika et al., 2024) to evaluate performance
across eight zero-shot tasks and two few-shot tasks.
The per-task metric is: GSM8K (Cobbe et al., 2021)
(flexible-extract), MATH (Hendrycks et al., 2021b)
(exact_match), ARC-challenge/easy (Clark et al.,
2018) (normalized accuracy), BoolQ (Clark et al.,
2019) (accuracy), HellaSwag (Zellers et al., 2019)
(normalized accuracy), MMLU (Hendrycks et al.,
2021a) (accuracy), OpenbookQA (Mihaylov et al.,
2018) (normalized accuracy), PIQA (Bisk et al.,
2020) (normalized accuracy), and WinoGrande
(Sakaguchi et al., 2020) (accuracy).

A.2 Language Modeling Tasks

We evaluate three language modeling benchmarks:
WikiText-2 (Merity et al., 2017), PTB (Marcus
et al., 1993) and PG-19 (Rae et al., 2020). The input
length is set to 1024 and we follow the evaluation
protocol of Wanda (Sun et al., 2024).

A.3 Progressive Pruning Schedule

For the ablation in §5.4, we use six zero-shot tasks:
ARC-c/e (Clark et al., 2018), BoolQ (Clark et al.,
2019), OpenbookQA (Mihaylov et al., 2018), PIQA
(Bisk et al., 2020) and WinoGrande (Sakaguchi
et al., 2020). Since the growth factor γ has a mini-
mal impact on accuracy and speedup in our prelim-
inary sweep, we fix γ = 2 throughout the paper.

B Additional Results

B.1 Zero-Shot and Few-Shot Tasks

We further evaluate DSPP on three additional
LLaMA models (LLaMA2-7B/13B (Touvron et al.,
2023), LLaMA3-8B (Grattafiori et al., 2024)) and
the cross-architecture Qwen2.5-7B (Qwen et al.,
2025); the experimental details and baselines match
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Sparsity Method WikiText-2↓ PTB↓ PG-19↓ Avg↓
0% LLaMA2-7B 6.10 22.08 8.85 12.34

20%

FLAP 7.26 26.42 10.90 14.86
Wanda-SP 7.04 25.36 10.61 14.34
CFSP 6.97 25.14 10.32 14.14
SEAP 7.71 24.72 11.04 14.49
DSPP 7.33 24.63 9.87 13.94
DSPP+CFSP 7.24 23.91 9.89 13.68

50%

FLAP 14.09 61.78 22.04 32.64
Wanda-SP 12.75 67.79 21.47 34.00
CFSP 11.60 43.68 18.10 24.46
SEAP 13.51 42.33 18.57 24.80
DSPP 14.92 47.44 16.08 26.15
DSPP+CFSP 13.80 40.46 15.77 23.34

Table 6: Perplexity (↓) of pruning methods on LLaMA2-
7B at 20% and 50% sparsity.

Sparsity Method WikiText-2↓ PTB↓ PG-19↓ Avg↓
0% LLaMA3-8B 6.82 11.74 10.40 9.65

20%

FLAP 9.51 16.26 16.38 14.05
Wanda-SP 9.12 14.50 14.54 12.72
CFSP 8.97 13.89 13.86 12.24
SEAP 9.79 14.21 14.52 12.84
DSPP 9.29 13.63 12.52 11.81
DSPP+CFSP 9.19 13.35 12.52 11.69

50%

FLAP 21.13 36.92 41.49 33.18
Wanda-SP 20.58 40.36 40.49 33.81
CFSP 17.43 24.94 28.06 23.48
SEAP 22.19 26.24 29.52 25.98
DSPP 21.59 24.94 24.70 23.74
DSPP+CFSP 19.74 22.82 23.55 21.84

Table 7: Perplexity (↓) of pruning methods on LLaMA3-
8B at 20% and 50% sparsity.

Sparsity Method WikiText-2↓ PTB↓ PG-19↓ Avg↓
0% Qwen2.5-7B 7.64 13.37 12.01 11.01

20%

FLAP 9.10 16.69 14.65 13.48
Wanda-SP 9.34 18.41 15.32 14.36
CFSP 9.16 16.55 14.59 13.43
SEAP 9.95 16.01 15.60 13.85
DSPP 9.82 14.82 13.36 12.67
DSPP+CFSP 9.71 14.85 13.40 12.65

50%

FLAP 19.23 50.43 36.26 35.31
Wanda-SP 16.35 35.56 28.61 26.84
CFSP 15.67 31.13 27.15 24.65
SEAP 19.60 28.26 28.23 25.36
DSPP 18.08 22.46 20.96 20.50
DSPP+CFSP 17.79 23.05 20.74 20.53

Table 8: Perplexity (↓) of pruning methods on Qwen2.5-
7B at 20% and 50% sparsity.

LLaMA3.1-8B. Results are reported in Table 9
(LLaMA2-7B), Table 10 (LLaMA2-13B), Table 11
(LLaMA3-8B), and Table 12 (Qwen2.5-7B).

DSPP and DSPP+CFSP consistently obtain the
best average accuracy at both 20% and 50% spar-
sity across all four backbones, indicating that the
dataset-specific neuron pattern generalises across
model scales (7B–13B) and architecture families
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Figure 9: Accuracy under DSPP at 50% sparsity, as a
function of the warm-up ratio T/N , on LLaMA3.1-8B
for ARC-c and BoolQ.

(LLaMA / Qwen). At 50% sparsity, DSPP retains
roughly 85–90% of the dense accuracy on every
model, whereas the strongest static baseline drops
considerably more. The cross-architecture transfer
is particularly clean on Qwen2.5-7B; one notable
exception is that DSPP+CFSP no longer consis-
tently improves over DSPP alone on Qwen, sug-
gesting that CFSP’s layer-wise sparsity allocation
is partly tuned to LLaMA-family layer importance,
whereas DSPP’s neuron-level mask transfers more
cleanly across architectures.

B.2 Language Modeling Tasks
We evaluate perplexity on LLaMA2-7B (Touvron
et al., 2023), LLaMA3-8B (Grattafiori et al., 2024)
and Qwen2.5-7B (Qwen et al., 2025) under the
same experimental setup and baselines. Results are
reported in Table 6, Table 7 and Table 8. DSPP
(and DSPP+CFSP) achieves the best average per-
plexity on every model at both sparsity targets, with
the only exception being WikiText-2, where CFSP
retains a small lead because CFSP’s calibration set
is itself WikiText-2.

B.3 Effect of Test Set Ratio on Additional
Datasets

We expand the §5.3 experiments by including two
additional datasets, ARC-challenge (Clark et al.,
2018) and BoolQ (Clark et al., 2019); the exper-
imental conditions are unchanged. Figure 9 re-
ports accuracy as a function of the warm-up ra-
tio T/N on these two datasets. Consistent with
§5.3, accuracy plateaus at a similarly small ratio
(T/N∼0.5%) on both ARC-challenge and BoolQ,
reinforcing that DSPP’s dataset-specific neuron
identification is sample-efficient across diverse task
formats.
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Sparsity Method GSM8k MATH PIQA WinoGrande BoolQ OBQA MMLU HellaSwag ARC-e ARC-c Average

0% LLaMA2-7B 14.03 5.54 79.11 69.14 77.71 44.20 41.82 76.02 74.49 46.33 52.84

20%

FLAP 10.11 5.38 75.79 65.59 67.98 40.00 28.73 69.70 60.94 37.29 46.15
Wanda-SP 11.75 4.98 76.33 68.59 70.86 40.80 34.72 71.95 69.07 40.87 48.99
CFSP 12.21 5.40 76.71 67.72 67.74 40.60 35.24 72.08 68.86 41.55 48.81
SEAP 14.40 5.20 77.53 69.77 71.01 41.00 40.56 73.65 72.01 43.17 50.83
DSPP 13.42 5.20 78.18 68.03 72.78 40.40 39.92 74.85 71.34 44.37 50.85
DSPP+CFSP 13.65 5.40 78.67 68.75 72.87 41.40 39.94 74.63 72.26 42.43 51.10

50%

FLAP 3.11 3.38 65.83 57.46 44.50 33.00 23.18 48.09 40.19 27.22 34.60
Wanda-SP 5.00 3.14 66.38 59.83 43.52 34.40 26.61 50.26 46.17 27.13 36.24
CFSP 7.58 3.96 67.30 62.12 39.76 35.20 23.66 53.95 48.86 30.20 37.26
SEAP 9.25 4.36 74.16 66.06 67.34 38.20 29.06 64.25 59.60 38.05 45.03
DSPP 8.19 4.28 74.59 63.69 67.61 36.00 32.18 65.43 61.83 37.88 45.17
DSPP+CFSP 10.31 4.72 74.92 64.96 69.72 36.60 32.69 66.27 62.21 39.51 46.19

Table 9: Zero-shot and few-shot accuracy (↑) on LLaMA2-7B at 20% and 50% sparsity.

Sparsity Method GSM8k MATH PIQA WinoGrande BoolQ OBQA MMLU HellaSwag ARC-e ARC-c Average

0% LLaMA2-13B 23.50 6.80 80.52 72.14 80.55 45.20 52.09 79.37 77.48 49.15 56.68

20%

FLAP 19.03 5.92 77.64 68.67 72.81 44.40 41.16 73.53 69.78 42.92 51.59
Wanda-SP 21.53 6.20 78.40 72.61 75.90 43.00 46.28 75.76 73.82 47.27 54.08
CFSP 22.67 6.58 78.24 71.43 77.89 43.80 48.78 75.76 73.36 47.35 54.59
SEAP 21.83 6.44 79.82 69.69 76.15 42.20 43.50 76.67 72.77 46.50 53.56
DSPP 21.99 6.94 80.03 71.11 77.28 44.60 49.79 78.26 75.84 49.06 55.49
DSPP+CFSP 24.11 6.78 79.92 70.64 76.94 44.20 50.41 78.58 76.56 50.00 55.81

50%

FLAP 9.33 3.30 69.31 60.77 63.03 37.60 23.19 55.16 54.84 34.04 41.06
Wanda-SP 13.57 3.16 69.48 62.51 62.97 37.40 23.04 54.41 54.97 34.90 41.64
CFSP 17.51 4.98 71.82 64.25 64.83 39.20 29.47 60.24 62.16 38.23 45.27
SEAP 13.80 4.72 76.06 64.96 72.42 38.40 30.91 65.87 65.74 40.02 47.29
DSPP 18.12 5.86 76.66 65.51 71.44 38.20 41.70 70.73 66.25 40.27 49.47
DSPP+CFSP 18.88 6.12 77.04 66.61 75.47 40.40 43.77 72.69 68.98 42.49 51.25

Table 10: Zero-shot and few-shot accuracy (↑) on LLaMA2-13B at 20% and 50% sparsity.

Sparsity Method GSM8k MATH PIQA WinoGrande BoolQ OBQA MMLU HellaSwag ARC-e ARC-c Average

0% LLaMA3-8B 50.80 13.26 80.85 73.40 80.98 44.80 62.14 79.17 77.74 53.24 61.64

20%

FLAP 25.85 7.48 73.83 64.96 72.54 39.20 40.16 60.98 59.81 35.41 48.02
Wanda-SP 38.21 10.88 76.71 70.01 74.80 41.00 50.48 70.01 67.76 43.43 54.33
CFSP 44.88 11.60 77.48 71.35 78.99 41.80 55.89 72.83 68.18 43.26 56.63
SEAP 48.52 13.02 79.38 73.95 77.58 42.60 56.84 75.88 72.90 47.27 58.79
DSPP 47.76 12.56 79.49 73.56 80.09 42.60 57.31 76.49 74.71 50.77 59.53
DSPP+CFSP 48.82 12.42 79.22 73.80 81.47 43.00 58.76 76.83 74.54 51.96 60.08

50%

FLAP 4.47 2.66 60.39 56.91 62.29 30.80 23.02 41.56 38.22 25.60 34.59
Wanda-SP 10.16 3.76 62.79 58.72 63.06 32.20 26.66 43.63 43.98 27.47 37.24
CFSP 22.52 7.12 66.38 61.56 61.22 32.20 32.05 49.94 48.44 30.63 41.21
SEAP 31.24 9.36 74.16 66.93 62.66 37.40 29.56 60.37 60.27 37.46 46.94
DSPP 36.01 9.34 74.21 67.72 70.31 35.40 45.36 63.89 60.65 39.59 50.25
DSPP+CFSP 38.51 9.96 75.19 67.64 72.87 36.80 47.32 66.04 61.62 40.96 51.69

Table 11: Zero-shot and few-shot accuracy (↑) on LLaMA3-8B at 20% and 50% sparsity.
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Sparsity Method GSM8k MATH PIQA WinoGrande BoolQ OBQA MMLU HellaSwag ARC-e ARC-c Average

0% Qwen2.5-7B 83.93 24.54 79.98 72.69 84.80 47.40 71.81 78.92 77.40 51.19 67.27

20%

FLAP 68.76 16.56 74.48 65.35 80.70 43.40 60.79 68.85 72.18 46.67 59.78
Wanda-SP 73.69 16.62 75.03 65.43 81.74 41.40 61.33 69.57 73.82 48.46 60.71
CFSP 73.84 16.58 74.59 67.64 56.33 41.40 63.26 68.88 71.46 48.12 58.21
SEAP 80.82 22.96 79.33 69.06 83.33 43.60 65.54 75.92 73.82 48.72 64.31
DSPP 81.35 23.04 80.20 68.43 83.61 43.00 70.09 78.19 76.30 52.05 65.63
DSPP+CFSP 81.96 22.86 80.36 68.98 82.84 43.00 70.04 78.23 76.85 51.54 65.67

50%

FLAP 35.56 1.08 60.61 54.22 58.87 31.80 27.03 43.45 48.15 30.46 39.12
Wanda-SP 43.52 6.16 63.55 55.88 62.78 35.20 24.75 45.32 51.30 34.22 42.27
CFSP 44.28 6.08 62.46 57.22 59.17 32.40 23.08 44.93 52.23 32.68 41.45
SEAP 72.25 16.02 74.05 59.83 65.54 39.80 41.06 59.10 59.85 36.35 52.38
DSPP 75.59 16.94 75.68 61.88 75.99 39.60 61.43 68.66 70.75 44.62 59.11
DSPP+CFSP 75.66 16.84 75.46 61.09 75.66 40.20 61.07 67.81 71.51 43.86 58.92

Table 12: Zero-shot and few-shot accuracy (↑) on Qwen2.5-7B at 20% and 50% sparsity.
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