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Abstract

Pruning is a critical technique for compressing
Large Language Models (LLMs), yet its effec-
tiveness is highly sensitive to the small calibra-
tion set used for parameter-importance estima-
tion. Current selection often relies on heuris-
tics such as random sampling or entropy, lead-
ing to substantial variation in post-pruning per-
plexity. We analyze this instability at two lev-
els. Calibration samples have unequal effects,
and we operationally group them as Golden,
Mediocre, or Detrimental according to their
individual post-pruning outcomes. These la-
bels are not intrinsic data properties: mem-
bership and sample interactions depend on the
model and pruning algorithm. We then intro-
duce OASIS, an end-to-end framework that
optimizes calibration-data weights using the
language-modeling loss of a differentiably soft-
pruned proxy on a separate optimization corpus.
The learned weights select a discrete subset
that is passed to the original hard-pruning al-
gorithm. Experiments across Llama and Qwen
models show the largest benefits in calibration-
sensitive structured pruning and smaller, some-
times statistically inconclusive, gains in un-
structured pruning. The results position adap-
tive selection as a practical alternative to fixed
calibration heuristics.

1 Introduction

Due to the rapidly increasing size and computa-
tional cost of Transformer-based Large Language
Models (LLMs) (Vaswani et al., 2017), model com-
pression techniques, particularly pruning, have be-
come essential for efficient deployment and broader
accessibility (Frantar and Alistarh, 2023; An et al.,
2024; Ma et al., 2023; Xia et al., 2024a). How-
ever, the effectiveness of most pruning methods,
both structured and unstructured, critically depends
on a small set of calibration data, which is used
to estimate parameter-importance saliency scores
and guide pruning decisions. A growing body of
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Figure 1: Traditional vs. OASIS. Traditional pruning
blocks gradients, while OASIS enables feedback via
soft masks and learnable calibration importance.
evidence shows that the performance of the final
pruned model is highly sensitive to the choice of
this calibration data (Ji et al., 2024; Kurz et al.,
2024; Williams and Aletras, 2024), with factors
such as data quality and diversity playing an out-
sized role (Bandari et al., 2024).

Despite its critical importance, the selection of
calibration data is often treated as an afterthought.
Common practice relies on simple heuristics, such
as randomly sampling a few dozen examples from
a large web corpus like C4 or Wikipedia (Sun et al.,
2023; Frantar and Alistarh, 2023; Bandari et al.,
2024). In this work, we first conduct a fine-grained
analysis of why such heuristic approaches can be
suboptimal. For each model-pruner pair, we op-
erationally group calibration samples as "golden,"
"mediocre," or "detrimental” according to their in-
dividual post-pruning perplexity. In the evaluated
settings, combining higher-ranked samples can be
synergistic, whereas adding a lower-ranked sam-
ple can degrade the result; this poisoning effect
is most pronounced for structured pruning. These
labels describe observed outcomes rather than an
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independent semantic taxonomy: the utility of a
given sample is not a universal property. The set
of golden samples varies with the specific pruning
method and model being used. This dependency
means that a simple, static approach to "mine" uni-
versally effective data is unlikely to generalize. It
motivates a dynamic mechanism for selecting a
calibration subset for each pruning scenario.

The goal, therefore, is to connect the choice of
calibration data to the behavior of a pruned model.
This connection is broken by the non-differentiable
hard mask used in pruning, which prevents end-to-
end gradient flow (Figure 1, top). To overcome this
barrier, OASIS reframes selection as a learnable op-
timization task. By leveraging a differentiable soft-
mask proxy, it propagates gradients from language-
modeling loss on a separate proxy corpus to the
calibration weights. The resulting ranking favors
samples that improve the model—pruner-specific
proxy objective and suppresses harmful ones be-
fore the original hard-pruning procedure is run.

In this work, we introduce OASIS, an Optimized
Approach to Systematic callbration data Selection.
Our primary contributions are:

* A thorough fine-grained analysis that sys-
tematically demonstrates the synergistic and
degradative effects of individual calibration
data points, exposing the critical flaws in com-
mon heuristic-based selection methods.

* A gradient-based calibration-selection frame-
work that uses a soft-pruning proxy to opti-
mize data weights, moving beyond entropy
and random-sampling heuristics while retain-
ing the original hard pruner for deployment.

* Comprehensive experiments showing that OA-
SIS improves calibration robustness across
multiple structured and unstructured pruning
algorithms, providing a new adaptive alterna-
tive to fixed calibration-selection heuristics.

2 Related Work

LLM Pruning. Pruning aims to reduce
LLM size and accelerate inference by remov-
ing redundant parameters, and can be catego-
rized into three classes. Unstructured pruning
(e.g., SparseGPT (Frantar and Alistarh, 2023),
Wanda (Sun et al., 2023)) eliminates individual
weights but yields irregular patterns with limited
hardware benefit. Semi-structured pruning en-
forces patterns such as 2:4 sparsity (Fang et al.,
2024; Zheng et al., 2024), offering hardware friend-

liness but requiring specialized support. Structured
pruning, the most practical in deployment, removes
entire neurons, heads, or layers for direct speedups.
Early works (LLM-Pruner (Ma et al., 2023),
Sheared Llama (Xia et al., 2024a), SimGPT (Ling
et al., 2024)) mainly used local saliency, while re-
cent methods (Adapt-Pruner (Wang et al., 2025),
FLAP (An et al., 2024), ShortGPT (Men et al.,
2024), NIRVANA (Ai et al., 2025)) adopt global,
layer-wise strategies. Other innovations include
PCA-based designs (SliceGPT (Ashkboos et al.,
2024), Olica (He and Lin, 2025)). Despite such
progress, all approaches remain highly sensitive to
calibration data, making data selection important
for pruning effectiveness.

Calibration Data in Pruning. Most post-
training pruning methods rely on a small set of
calibration data to estimate activation or gradi-
ent statistics for importance scoring. A growing
body of work demonstrates that pruning is highly
sensitive to the properties of this data, with fac-
tors like quality, diversity significantly influenc-
ing which components are preserved and the final
model performance (Williams and Aletras, 2024;
JAISWAL et al., 2024; Bandari et al., 2024). To
address this sensitivity, several research directions
have emerged. One approach generates calibration
data with the language model itself, aiming to re-
flect its internal knowledge distribution (Ji et al.,
2024). This family is closest to our Synthetic base-
line; OASIS instead ranks a fixed candidate pool
with a differentiable model—pruner-specific objec-
tive. The mechanisms by which particular data
distributions affect pruning nevertheless remain un-
derexplored. Reflecting this challenge, specialized
research has focused on curating calibration data
for specific goals, such as language-specific prun-
ing (Kurz et al., 2024; Zeng et al., 2024) and task-
specific customization (He et al., 2026; Zhao et al.,
2025), highlighting the need for data that aligns
closely with the desired post-pruning model behav-
ior.

Data Selection. Data selection is critical across
all aspects of large language model training (Al-
balak et al., 2024), including pre-training (Gu et al.,
2024), fine-tuning (Kang et al., 2024), instruction
tuning (Xia et al., 2024b), and in-context learn-
ing (Zhang et al., 2022). Foundational data se-
lection methods often employ a rank-and-select
strategy, prioritizing the top-k data points based on
various statistics such as training dynamics (Paul
et al., 2021), entropy-based confidence and uncer-
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tainty (Kremer et al., 2014), and marginal gain
derived from submodular functions (Wei et al.,
2015; Bhatt et al., 2024). Recent advancements
have shifted towards model-aware selection beyond
heuristics. These methods estimate the influence of
data on the final model’s performance by attribut-
ing a score to each training example. Prominent
methods in this area include TracIn (Pruthi et al.,
2020; Xia et al., 2024b), influence functions (Koh
and Liang, 2017; Kwon et al., 2023), and training
path unrolling (Bae et al., 2024).

3 Why Heuristics Fail: Multi-Scale
Analysis of Calibration Data

In this section, we explore the nuances of cali-
bration data selection to better understand the fac-
tors driving pruning performance. While existing
heuristic approaches provide a valuable founda-
tion, their analysis can be inconsistent under dif-
ferent pruning methods. For example, a zero-order
method like Wanda (Sun et al., 2023) utilizes a
saliency score that based on weight magnitudes
and input activation norms, thus tends to favor data
of high linguistic quality. In contrast, higher-order
methods like SparseGPT (Frantar and Alistarh,
2023), leverage second-order Hessian information
in the saliency score, and are sensitive to the com-
plex curvature of the loss landscape. Calibration-
data preferences can differ across pruning methods
and model sizes, as shown in Section B.

Furthermore, these effects may differ substan-
tially between structured and unstructured pruning
methods, given the higher sensitivity in the struc-
tured pruning method (Ai et al., 2025). To investi-
gate the source of this variance and build a more
robust selection strategy, our analysis proceeds in
two stages: we begin with a (1) macro-level in-
vestigation to identify which data properties (e.g.,
number of data points) have the most significant
impact on performance, following previous work
(Jiet al., 2024; Williams and Aletras, 2024; Ban-
dari et al., 2024); we then conduct (2) micro-level
analysis to uncover the interaction patterns behind
these observations.

In the second stage, we define three opera-
tional tiers from each sample’s individual post-
pruning perplexity (PPL): Golden for the lowest-
PPL group, Mediocre for the middle group, and
Detrimental for the highest-PPL group. These
outcome-based labels are specific to the evaluated
model, pruner, candidate pool, and sparsity setting;

they are used to study interactions and should not
be interpreted as intrinsic semantic data categories.

3.1 Macro-Level Analysis: Data Source
Outweighs Data Quantity

We begin by extending prior work examining
general calibration properties such as quantity, se-
quence length, and source. While a common heuris-
tic assumes that "more data is better," our results in
Figure 2 challenge this notion. Performance often
saturates after only 32 samples and can even de-
grade as sequence length increases. This suggests
that simply increasing data volume is an ineffective
strategy for improving pruning outcomes.

In contrast, our analysis reveals that the data
source and specific random batch are the domi-
nant performance factors, particularly for sensitive
structured methods. The perplexity fluctuations ob-
served across different sources and random seeds
indicate that aggregate heuristics fail by failing to
account for the immense variance in data quality.
This high-level instability suggests that the true
driver of pruning effectiveness resides at the indi-
vidual sample level, necessitating the more fine-
grained investigation that follows. This raises a
more fundamental question: what is happening at
the individual sample level that causes these dra-
matic differences?

3.2 Micro-Level Analysis: The Principles of
Synergy and Degradation

To understand the mechanism behind the source-
level effects observed previously, we conduct a
fine-grained analysis of interactions between indi-
vidual samples. For each model—pruner setting, we
evaluate every candidate individually and assign its
outcome-based tier from post-pruning perplexity.
We then combine pairs to measure their joint effect
(Figure 3). Because the tiers are defined by the
same outcome being analyzed, they characterize
interaction patterns rather than provide a causal or
semantic taxonomy. Our analysis reveals two fun-
damental principles that govern these interactions:

Principle 1: Intra-Tier Synergy. Our first key
finding is that combining multiple samples from
the same quality tier often produces a synergistic ef-
fect, leading to a better outcome than using the con-
stituent samples alone, as demonstrated in Figure
3 (top). The lines representing "Golden + Golden"
and "Mediocre + Mediocre" combinations show a
lower perplexity than the dashed lines, which indi-
cate the best-performing individual sample within
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Figure 2: Macro-level analysis of how different heuristic choices for calibration data selection impact pruning
performance. The top and bottom rows show results for the structured pruner (NIRVANA) and the unstructured
pruner (Wanda), respectively. Each column investigates a different variable: (from left to right) the number of
samples, sequence length, the random data batch, and the data source. The y-axis represents the post-pruning
perplexity on three evaluation datasets: WikiText, PTB, and Lambada, indicated by separate colored lines. Dashed
lines show the baseline perplexity of the unpruned model for comparison.
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Figure 3: Micro-level analysis of calibration data interactions in NIRVANA (left) and Wanda (right). The top
row investigates intra-tier synergy, comparing the performance of combining two samples from the same quality
tier (e.g., "Golden Combination") against the performance of the better of the two individual samples ("Golden
Best"). The bottom row demonstrates inter-tier degradation, showing the performance of combining samples from
different tiers (e.g., "Golden + Detrimental") compared to the performance of the higher-quality sample in the pair

("Degradation Best").

each pair. This suggests that even high-quality sam-
ples contain diverse, complementary signals. Their
combination creates a more robust and comprehen-
sive calibration set, allowing the pruning algorithm
to make more informed decisions. Even combining
two "detrimental” samples often results in a "less
detrimental" outcome, indicating that diversity can
mitigate some harm from low-quality data.

Principle 2: Inter-Tier Degradation. Con-
versely, inter-tier combinations often degrade the
stronger individual outcome in our evaluated set-
tings. Figure 3 (bottom) illustrates this pattern.
Golden+Detrimental pairs trigger a sharp perplex-
ity spike, far exceeding the individual Golden base-

line (dashed line). This degradation scales with
the quality gap, as Golden+Mediocre combinations
exhibit a more moderate yet distinct drop. Ad-
ditionally, we observe a single-sample poisoning
effect: injecting just one "detrimental" sample into
an optimized set of "golden" samples can cause a
disproportionate collapse in pruning quality (de-
tailed in Section C.1).

These micro-level findings show why random
sampling can be unreliable: selection must favor
mutually compatible samples while avoiding can-
didates that distort the relevant saliency estimate.
As Section B shows, the outcome-based tier mem-
bership varies with the pruning method and model
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(Takeaway: Why Heuristics Fail in Calibration Data Selection?

~

pair.
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Our multi-scale analysis reveals that the failure of heuristic calibration data selection is systemic, not
incidental: (1) simply adding more data or longer sequences yields no gain and can even degrade
pruning quality; (2) calibration results are dominated by data source, showing that "random" heuristics
are inherently unstable; (3) at the sample level, mixing operational quality tiers can trigger a poisoning
effect, where one detrimental sample offsets much of the benefit of a selected set. Crucially, what
counts as "golden" is model- and method-dependent, so a static ranking need not transfer across
pruning settings. These observations motivate a dynamic, learnable mechanism for each model—pruner

J

architecture. For second-order methods such as
SparseGPT, some same-tier combinations can still
degrade performance, suggesting a “less is more”
effect where adding more calibration samples can
distort curvature estimates. Rather than contradict-
ing our motivation, this reinforces it: calibration
utility is not compositional under simple heuris-
tics, and the optimal subset must be discovered
adaptively for each model-pruner pair.

4 Proposed Method

In this section, we provide the preliminary and
the details of our proposed method, OASIS. An
illustrative diagram is shown in Figure 4.

4.1 Preliminary and Notation

Let w = (wy,...,wg)| € R? denote the
full set of model parameters. Consider a calibra-
tion data set Deyy = { (74, yi)}i]\;l together with a
weight vector

u=(u,...

where each wu; specifies the importance of sam-
ple (x;,y;) to the calibration procedure. The
calibration loss is then defined as L., (w;u) =
Zf\il u; O(f(zi;w), yi), where £(-,-) is the per-
sample loss function and f(x;w) denotes the
model output. For each parameter w;, let

S(wj) = Saliency(wj ; Lcal(w;u)),

denote the saliency score assigned by a given prun-
ing method, w.r.t. the calibration loss. A binary
mask is obtained via top-k thresholding:

L,
mj = 0

The pruned parameters w;» are then obtained by
applying the hard mask w; = m; w;. Finally, given
a separate proxy optimization corpus Dpoxy, the

j=1,...,d

language-modeling loss of the soft-pruned model
is

Lproxy(wl) = Z E(f(.%’, Wl)? y)

(z,y) €Dproxy
4.2 Gradient of the Task Loss w.r.t.
Calibration Weights

We investigate whether this proxy loss yields
a nonzero gradient with respect to the calibration
weights u;. By the chain rule,

. OLproxy 0w Omy
ow';

05
0S; ou;

=w; =0 (ae.) #0 in general

aLproxy —
(‘3ui

om;
j=1 J

Since m; = 1[S; > Top,(.59)], the term %”;7 van-

J

ishes almost everywhere. Thus ‘()Lg% = 0. Hence,
hard pruning renders the gradient with respect to u
non-differentiable, precluding direct optimization.

4.3 OASIS: Pruning with Soft Mask

To address the non-differentiability of hard prun-
ing, we adopt a soft pruning (Fang et al., 2024; Lin
et al., 2024) approach, where each mask entry m;
is relaxed to lie in [0, 1] rather than being restricted
to {0,1}: m; = o(au(S; — Top,(S))). We lin-
early anneal the sharpness from 50 to 10,000 over
T optimization steps, o, = 50+ (10,000 —50)¢/T.
This schedule supplies usable gradients early and a
near-binary surrogate late in optimization, except
at threshold ties. We detach the top-k selector from
the computational graph; thus, gradients are propa-
gated through the saliency scores S(u) and the soft
mask, while the rank threshold is treated as a fixed
cut-off within each optimization step. Under this
relaxation, the gradient of the proxy loss Lproxy
w.r.t. the calibration weights u becomes

OLproxy = OLproy OW; Om; 0
aui N - ow’, 8mj 8SJ ﬁuz ’
Jj=1 J ~—

SN~~~ )
=w; 0 (soft) #0 in general
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Figure 4: An overview of the OASIS framework for learning calibration data importance weights. OASIS reframes
data selection as an end-to-end differentiable optimization loop.

which is nonzero and therefore permits gradient-
based optimization of u.

Stabilization via Perturbation. In practice, we
observed that direct optimization of u using the
proxy loss can be highly sensitive (Bishop, 1995;
Park et al., 2022), often resulting in poor sample
selection (see Section 5.3). To mitigate this insta-
bility, we introduce a perturbation at the input em-
bedding level (Jiang et al., 2020; Zhu et al., 2020).

Let ¢(x) denote the embedding of an input z,
and let ¢ € RI™(@(®)) be a random perturbation.
We construct perturbed embeddings ¢(z) = ¢(z)+
€, where € is drawn from a uniform distribution
following previous work (Aghajanyan et al., 2021).
Abusing the notation f, the perturbed embeddings
&(z) are then passed through the model to compute
the proxy loss L:
L=Loen(W w)= S ((f(dx):w), 9),

(xvy)eptask

whose gradient with respect to u is used for up-
dating the calibration weights. Mathematically,
injecting noise during optimization is equivalent to
Tikhonov regularization (Bishop, 1995). By Taylor
expansion, the expected loss satisfies:

EL(f(6(x)+e))] = L(f(9(@)+50°TH(V3L).
This implicit regularization smooths the proxy loss
landscape (Jiang et al., 2020). Empirically, it stabi-
lizes the learned ranking and improves its transfer
to the post-pruning hard-mask regime (Section 5.3).
The perturbed loss L is estimated on minibatches
from the proxy optimization corpus.

Soft-to-hard connection. The soft mask is used
only as a differentiable surrogate during calibration-
data optimization. With m, = o(a(S — 7)),
increasing « makes the relaxed mask approach
the corresponding hard threshold mask except at
threshold ties. OASIS therefore follows a soft-
training/hard-application protocol: it learns calibra-
tion weights through the relaxed proxy and converts
them into a discrete top-£ calibration set. Specifi-
cally, we rank the candidate samples by u; and se-
lect the top-k samples. The selected subset is then
passed to the corresponding pruning algorithm.

5 Experiment

We begin with the experimental setup, followed
by evaluation results on both structured and unstruc-
tured pruning methods, and conclude with an ab-
lation study. Additional experiments on Llama3.2-
3B and 1B are provided in Section A.3, and the
time cost is provided in Section A.4.

5.1 Experimental Setup

We evaluate OASIS across diverse model scales
and architectures, including the Llama3 family
(Llama-3.1-8B, Llama-3.2-1B/3B) and Qwen2.5-
7B. Our framework is applied to both structured
pruning (NIRVANA (Ai et al., 2025), LLM-Pruner
(Ma et al.,, 2023)) and unstructured pruning
(Wanda (Sun et al., 2023), SparseGPT (Frantar
and Alistarh, 2023)) at a target sparsity of 50%.
We compare OASIS against random sampling,
Entropy-based selection (Kremer et al., 2014),
and Synthetic data generation (Ji et al., 2024); and
Tracln (Pruthi et al., 2020) for influence-based rank-
ing. Performance is assessed via zero-shot perplex-
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Table 1: Zero-shot performance of Llama3.1-8B and Qwen2.5-7B after applying 50% structured/unstructured
pruning. We compare baseline pruning methods against different calibration data selection strategies: entropy-based,
synthetic data, and our proposed OASIS. Results are averaged through three runs. Bold and underline denote the
best and second-best results per group, respectively. |: lower is better.

Method | PTB| LambD | | ARC-e WinoG HellaS BoolQ PIQA ARC-c OBQA COPA | Avg Acc.

Llama3.1-8B

NIRVANA 82.48+1161  106.92+1396 | 32.97+1.10 51.78+148 36.91+079 61.52+048 61.37+122 24.23+084 28.20+035 62.00+2.00 | 44.87+058
+ Entropy 65.88+2.06 73914350 | 35.97+029 53.04+185 38.64+091 62.00+0.8 62.22+035 24.77+081 28.27+083 64.67+1.15 | 46.20+040
+ Synthetic 70.80+11.99 84.76+7.14 | 37.77+057 54.64+240 39.36+096 57.22+848 62.01+1.12 26.08+1.16 28.60+053 64.00+624 | 46.21£1.14
+ OASIS (ours) | 58.25+4.91 80.49+706 | 37.60+086 55.51+253 40.28+117 62.19+008 62.44+036 26.34+099 29.20+125 64.67+3.06 | 47.28-+0.87

LLM-Pruner 595.16+ 6123  353.06+27.53 | 28.54+ 040 50.22+ 103 27.07+039 37.94+025 52.10+033 23.52+040 26.07+081 58.33+4.16 | 37.97+ 074
+ Entropy 566.55+ 12849 277.55+ 1525 | 28.38+ 077 50.62+077 27.14+028 38.13+028 53.03+035 22.78+085 28.33+050 57.33+ 153 | 38.22+ 028
+ Synthetic 671.06+ 10609 283.51+ 1869 | 28.20+ 105 50.96+032 26.62+005 38.61+133 52.65+060 24.03+021 27.00+069 57.33+231 | 38.18+0.60

+ OASIS (ours) | 531.03+57.74 321.87+3145 | 28.06+035 51.12+030 27.67+020 39.63+ 146 53.19+0.03 24.09+085 27.47+031 61.33+1.53 | 39.48+0.24

WANDA 14.69+ 0.00 25.00+000 |68.22+055 69.90+046 69.08+0.10 76.86+041 76.51+021 43.97+026 40.53+023 86.17+052 | 66.37+ 004
+ Entropy 14.54+ 0.3 24.67+000 |67.63+076 69.48+048 69.00+0.18 77.81+049 76.73+023 43.57+049 40.13+£095 85.33+0.58 | 66.21+ 035
+ Synthetic 14.47 + 0.00 25.13+023 | 67.49+046 69.77+049 69.21+025 78.00+016 77.11+032 43.20+0.00 39.47+ 117 87.13+09 | 66.29+ 0.19
+ OASIS (ours) | 14.69+ 0.00 24.61+000 |68.03+091 70.19+041 69.22+0.06 78.56+036 76.35+008 44.08+0.38 40.67+050 87.33+ 058 | 66.68=+ 0.03

SparseGPT 18.39+ 033 31.93+029 [60.49+020 66.14+ 111 63.23+064 71.65+352 72.87+091 35.86+139 36.40+ 111 81.67+ 1.15| 61.04+ 0.82
+ Entropy 18.31+057  29.84+027 |60.58+074 66.64£091 63.80+060 72.74+188 72.47+066 35.86+034 36.27+083 81.33+153|61.21+0.10
+ Synthetic 18.97+ 0.5 30.79+028 | 60.61+3.09 65.82+065 63.36+057 71.89+1.34 73.16+1.02 36.35+081 35.60+040 81.33+321|61.02+0.14
+ OASIS (ours) | 18.27+0.62 29.44+075 | 60.30+071 65.09+ 100 64.04+0.07 70.89+ 101 73.61+ 005 37.68+030 36.67+ 186 84.00+346 | 61.54+ 032

Qwen2.5-7B

NIRVANA 94.39+ 1250 145.65+ 1153 | 36.11+ 1.64 50.70+073 35.72+052 61.19+ 146 58.76+025 24.74+056 29.40+0.72 59.33+231 | 44.49+ 059
+ Entropy 772241723 84.59+264 |[37.29+099 53.17+009 38.12+067 56.59+296 59.96+074 23.75+038 27.73+058 64.00+ 1.00 | 45.08+ 0.38
+ Synthetic 88.17+160  112.06+350 |43.88+ 145 52.25+19 36.74+055 60.75+326 58.76+063 27.79+115 28.33+031 61.00+3.00|46.19+077
+ OASIS (ours) | 60.60+ 1.10 79.62+ 644 | 37.53+080 54.22+044 38.39+ 062 61.43+054 60.01+027 25.60+ 107 28.07+095 66.67+ 351 | 46.49+ 0.37

LLM-Pruner?
+ Entropy
+ Synthetic

323.29+ 26226 368.64+ 17937 | 38.51+ 176 50.46+ 183 33.07+231 53.40+447 57.85+ 144 25.00+ 101 27.20+ 144 64.67+551|43.77+ 1.61
248.194 106.13 316.53+ 150.38 | 40.54+ 138 50.22+247 35.75+278 51.19+630 58.20+2.10 26.48+092 28.47+150 59.004 200 | 43.73+ 091
548.19+ 48026 473.164+296.79 | 43.21+£3.08 49.93+020 31.42+ 088 49.40+679 56.67+054 27.82+366 27.73+081 56.33+289 | 42.82+0.79

+ OASIS (ours) | 115.31+ 4478 178.84+91.52 | 47.15+3.19 51.88+ 157 40.52+577 52.70+ 468 62.44+ 155 29.32+2.10 29.60+203 66.67+ 1.53 | 47.54+ 1.39

WANDA 15.40+ 0.00 24.23+0.00
+ Entropy 15.40+000  23.61x0.21
+ Synthetic 15.64+000  24.48+02
+ OASIS (ours) | 15.32+0.14 24.10+0.22

74.14+£202 69.51+060 69.25+002 82.46+048 76.55+0.14 46.10+1.07 41.73+031 83.33+321|67.88+0.36
73.81+235 68.82+036 69.79+013 82.46+097 77.58+005 45.90+229 41.80+035 83.33+058|67.94+ 071
73.72+ 046 69.82+057 69.25+035 82.59+081 76.08+052 45.82+070 40.93+ 081 83.00+ 1.00 | 67.65+ 0.36
74.55+ 054 70.27+054 69.52+0.14 82.39+049 76.37+031 46.70+1.07 41.87+ 081 84.00+ 1.00 | 68.21+ 0.10

T LLM-Pruner on Qwen2.5-7B uses 40% sparsity

ity and accuracy on eight reasoning benchmarks
using 1m-eval-harness (Gao et al., 2024). The
candidate and final calibration samples come from
WikiText-2 (Merity et al., 2016). OASIS estimates
its proxy loss on 2,048 Stanford Alpaca (Taori et al.,
2023) sequences of length 128; these proxy exam-
ples are never included in the final calibration set.
The evaluation benchmarks are disjoint and are not
used to learn weights, tune hyperparameters, or se-
lect samples. Details are provided in Section A.1.

5.2 Main Results

Table 1 summarizes the performance of OA-
SIS under structured and unstructured pruning.
Importantly, the downstream benchmarks are not
used to train or tune OASIS; therefore, the re-
ported results reflect zero-shot post-pruning be-
havior rather than task-specific adaptation. We
observe two distinct trends depending on prun-
ing granularity. On Llama-3.1-8B, the compari-
son with Tracln preserves the same overall pattern
(Table 4). A paired analysis across matched seeds
gives an average-accuracy gain of 4+1.26 points for
OASIS over Entropy with LLM-Pruner (95% CI
[+1.03, 4+1.78]), but only +0.31 for Wanda (95%

CI [—-0.06, +0.49]). Thus, the structured-pruning
improvement is consistent in these runs, whereas
the unstructured gain is suggestive but not statisti-
cally conclusive.

Structured Pruning. Structured pruning re-
moves entire model components, making the es-
timated saliency scores particularly vulnerable to
biases or outliers in a small calibration set. OASIS
consistently improves the overall post-pruning re-
sults: it reduces perplexity degradation in most
structured settings and yields stronger average
downstream performance compared with other cal-
ibration selection baselines. The comparison with
the Synthetic baseline further illustrates this point:
although model-generated data can appear fluent
and high-confidence, it does not always provide
the most informative signal for coarse-grained im-
portance estimation. In several structured prun-
ing settings, Synthetic selection exhibits high vari-
ance and can lead to sharp PPL increases, sug-
gesting that fluency or model confidence alone is
insufficient for selecting calibration data. By con-
trast, OASIS selects calibration subsets according
to their effect on a soft-pruned proxy, which bet-
ter aligns the selection process with the final post-
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Figure 5: Evolution of importance weights during opti-
mization. The dashed line (w/o noise) indicates overfit-
ting to mediocre samples, while the full line (w/ noise)
enables stable discovery of golden samples.

pruning objective. As a result, OASIS is less de-
pendent on static data-quality heuristics and better
preserves model behavior under aggressive struc-
tural removal.

Unstructured Pruning. For unstructured prun-
ing, the gap between selection strategies is nar-
rower. This is expected: weight-level unstructured
pruning methods remove individual connections be-
tween neurons and are generally more stable with
respect to the calibration set. In this regime, OA-
SIS should therefore not be expected to produce
the same level of improvement as in structured
pruning. Still, it remains competitive with heuris-
tic baselines and achieves modest average gains;
the paired confidence interval above shows that the
Wanda improvement is not conclusive with three
runs. These results indicate that even when pruning
is relatively stable, optimizing calibration selection
can still provide a cleaner saliency signal than rely-
ing solely on uncertainty-based or generated-data
heuristics.

Taken together, the results support OASIS as a
principled adaptive calibration-selection method.
Its main advantage is strongest in calibration-
sensitive pruning regimes, where selecting the
wrong data can substantially distort saliency esti-
mation, while in more stable unstructured settings,
it provides smaller but positive improvements.

5.3 Ablation Study

We ablate both embedding perturbation and op-
timization length. Figure 5 presents the evolution
of data weights over training steps. Without noise
(dashed lines), optimization is unstable and overfits
to spurious artifacts, causing golden samples to be
overshadowed by lower-quality data. Conversely,

Table 2: Embedding-noise and optimization-length ab-
lations on Llama-3.1-8B. Lower perplexity is better.

Method (Llama-3.1-8B) PTB LambD

Structured Pruning: NIRVANA

OASIS (3 epochs) 58.25 80.49
1 epoch 73.69 91.72
w/o noise 63.19 82.01

Structured Pruning: LLM-Pruner

OASIS 531.03 321.87
w/o noise 542.01 324.72

Unstructured Pruning: Wanda

OASIS 14.69 24.61
w/o noise 14.99 24.68

noise-induced smoothing (full lines) enables robust
weighting: golden samples are consistently ampli-
fied while detrimental ones are suppressed. This
demonstrates that embedding perturbation enables
the stable amplification of golden samples while
successfully suppressing lower-quality data. Quan-
titatively, Table 2 reports the post-pruning perplex-
ity (PPL) with and without noise. The results with
noise consistently surpass those without. For NIR-
VANA, reducing optimization from three epochs to
one increases PTB/Lambada PPL from 58.25/80.49
to 73.69/91.72, indicating that the full optimization
schedule materially contributes to selection quality.

6 Conclusion

We study calibration data selection as an impor-
tant factor in LLM pruning. Our analysis shows
that calibration samples are not interchangeable:
their effects can be synergistic or detrimental, and
their utility varies across models and pruning al-
gorithms. This context dependence explains why
fixed heuristics such as random sampling, entropy
ranking, or synthetic-data filtering can yield un-
stable pruning outcomes. To address this issue,
we propose OASIS, an adaptive framework that
learns per-sample importance through a differen-
tiable soft-pruning proxy and applies the selected
subset to the original hard-pruning pipeline.

Experiments across Llama and Qwen models
show that OASIS improves calibration robustness
in the evaluated settings. These results suggest that
calibration selection should be treated as a model-
and compressor-dependent optimization problem
rather than a fixed preprocessing choice.

Limitations

OASIS adds a one-time optimization phase re-
quiring forward and backward passes. On one
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H100, selection takes 64—91 minutes for Llama-
3.1-8B depending on the pruner, compared with 70—
280 seconds for native pruning (Table 7). Whether
this overhead is justified depends on the deploy-
ment scale and is clearest for the structured pruners,
where the measured gains are larger.

Our candidate pool is fixed at 128 WikiText-2
sequences and the final budget at 32; we did not
conduct a systematic pool-size sweep. We spec-
ify the 50-t0-10,000 mask-sharpness schedule but
do not sweep alternative temperature schedules.
Selection is consequently bounded by the diver-
sity and suitability of this initial pool. The tier
labels are outcome-based and specific to a model,
pruner, pool, sparsity level, and evaluation mea-
sure; they should not be interpreted as a general se-
mantic characterization of text quality. Results use
three seeds, so small unstructured-pruning differ-
ences remain uncertain. We evaluate English data,
Llama/Qwen models, four pruners, and 50% spar-
sity (except the noted Qwen LLM-Pruner setting);
broader languages, architectures, sparsity levels,
and proxy corpora require further study. Finally,
we study pruning rather than quantization or other
calibration-dependent compression methods.

Ethical Considerations

Pruned models may require fewer deployment re-
sources, but OASIS adds offline optimization com-
pute. We did not measure energy use or carbon
emissions, so we make no claim about net environ-
mental benefit; any benefit depends on hardware,
realized inference savings, and how many deploy-
ments amortize the selection cost.

We use publicly available pretrained models
and established datasets and do not collect human-
subject or private data. The compressed models
retain biases, limitations, and potential harms in-
herited from their training data, and pruning or
calibration selection may unevenly alter capabili-
ties across groups or domains. OASIS is not a bias-
mitigation method; fairness and safety should there-
fore be re-evaluated before deployment of each
pruned model.
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A More Experiments Details

A.1 Experimental Setup

Models. We conduct our experiments on the
Llama3 (Dubey et al., 2024) family of models
(specifically on Llama3.1-8B) and on Qwen2.5-7B
(et al., 2025) to demonstrate the effectiveness of our
method across different model scales. All models
are evaluated in a post-training, zero-shot setting
to isolate the impact of the pruning process itself.
Additional experiment results on Llama3.2-3B and
Llama3.2-1B can be found in the Appendix.

Pruning Baselines. To assess the versatility of
OASIS, we apply our data selection method to four
pruning algorithms: Structured Pruning: We use
LLM-Pruner (Ma et al., 2023) and NIRVANA (Ai
et al., 2025), two state-of-the-art methods that re-
move entire structural units (e.g., attention heads,
FFN neurons). These methods are chosen for their
practical relevance, as they can lead to direct com-
putational speedups. Unstructured Pruning: We
use Wanda (Sun et al., 2023), a magnitude-and-
activation-based method, and SparseGPT (Fran-
tar and Alistarh, 2023), a second-order method.
Both remove individual weights and let us test
fine-grained pruning techniques. We set a target
sparsity of 50% for all methods. Specifically, we
use per-sample calibration loss/gradient contribu-
tion weighted by softmaxed u for NIRVANA/LLM-
Pruner, weighted activation statistics for Wanda,
and weighted activation covariance/Hessian proxy
for SparseGPT.

Calibration Data Selection Baselines. We com-
pare OASIS against two data-selection baselines,
in addition to the random sampling used by the
original pruning methods: Entropy-based Selec-
tion (Kremer et al., 2014): A common heuristic
that selects data samples with the highest token-
level entropy, under the assumption that more com-
plex and uncertain samples are more informative
for calibration. Synthetic Data Generation (Ji
et al., 2024): A recent approach where the LLM
itself is prompted to generate its own calibration
data. This strategy aims to create samples that
are well-aligned with the model’s internal knowl-
edge distribution. For the additional Llama-3.1-8B
comparison in Table 4, TracIn ranks WikiText-2
candidates by influence (Pruthi et al., 2020). Both
Tracln and OASIS retain the same final budget of
32 sequences.

Evaluation tasks and datasets. We conduct
experiments on two types of tasks. First, we follow

(Ma et al., 2023) to evaluate zero-shot perplexity
PTB (Marcus et al., 1993), and Lambada (Paperno
et al., 2016). Second, we evaluate zero-shot accu-
racy on a suite of commonsense reasoning bench-
marks, including ARC-easy (Clark et al., 2018),
Winogrande (Sakaguchi et al., 2021), HellaSwag
(Zellers et al., 2019), BoolQ (Clark et al., 2019) and
PIQA (Bisk et al., 2020), ARC-challenge (Clark
etal., 2018), OpenBookQA (Mihaylov et al., 2018),
and COPA (Gordon et al., 2012). All evaluations
use Im-eval-harness=0.4.8 (Gao et al., 2024).
Licenses are provided in Table 3.
Implementation Details. All our experiments
were conducted on NVIDIA-H100-80GB GPUs.
Each main selection method, including OASIS, se-
lects a final subset from WikiText-2 (Merity et al.,
2016) to guide pruning. All methods use the same
final budget of 32 sequences. Random selection
uniformly samples 32 sequences. Entropy-based
selection ranks candidate sequences by token-level
entropy and selects the top 32. For the Synthetic
baseline, we follow the official implementation of
Ji et al. and generate candidates from the same ini-
tial pool; we then apply the perplexity-based filter-
ing criterion and retain the 32 selected samples. For
OASIS, we uniformly initialize calibration weights
over a pool of 128 WikiText-2 sequences. We opti-
mize for three epochs with AdamW, learning rate
1 x 1073, weight decay 103, and batch size 64.
The sigmoid sharpness is linearly annealed from
50 to 10,000. Proxy language-modeling loss is
computed on 2,048 Stanford Alpaca sequences of
length 128. The proxy corpus is deliberately sep-
arate from the WikiText-2 candidate pool; proxy
examples cannot enter the selected set. Evaluation
datasets are used only after pruning and never for
optimization or hyperparameter selection. After
optimization, we rank candidate samples by their
learned weights and select the top 32 samples as the
final calibration set. The final pruning step uses the
original hard-mask implementation of each pruning
method, with only the calibration set changed.

A.2 Influence-Based Selection and
Uncertainty

OASIS achieves higher mean average accuracy
than Tracln for all four pruners, while metric-level
differences remain method dependent. The main
text reports paired confidence intervals for LLM-
Pruner and Wanda; with only three matched runs,
we avoid treating small unstructured gains as con-
clusive.
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Table 3: Summary of Datasets and Their Licenses

Dataset / Benchmark License / Copyright
Wikitext-2 CCBY-SA 4.0
Stanford Alpaca CCBY-NC4.0
PTB (Penn Treebank) Non-commercial (Copyright 1995 UPenn / LDC)
LAMBADA CCBY 4.0
ARC (Easy & Challenge) CCBY-SA 4.0
Winogrande Apache License 2.0
HellaSwag Apache License 2.0
BoolQ CCBY-SA 3.0
PIQA AFL-3.0
OpenBookQA Apache License 2.0
COPA CCBY-NC-SA 3.0

Table 4: Comparison with influence-based calibration selection on Llama-3.1-8B. Entries are mean-=+standard
deviation over three runs. TracIn ranks the WikiText-2 pool by influence.

Pruner Selection PTB | LambD | Avg Acc. T
Tracln 60.64 £+ 2.92 84.59 + 2.64 46.74 £ 1.18
NIRVANA OASIS 58.25 £4.91 80.49 £ 7.06 47.28 + 0.87
LLM-Pruner Tracln 497.58 4+ 32.80 368.17 £ 31.02 38.23 £0.49
OASIS 531.03 £ 57.74 321.87 £31.45 39.48 +£0.24
Wanda Tracln 14.54 +£ 0.13 24.74 £+ 0.02 66.33 = 0.23
OASIS 14.69 £ 0.00 24.61 4+ 0.00 66.68 - 0.03
SparseGPT Tracln 18.67 £ 0.17 32.43 +£0.29 60.21 £+ 0.66
p OASIS 18.27 +£ 0.62 29.44 + 0.75 61.54 + 0.32

A.3 Additional Results on Llama3.2-3B and
Llama3.2-1B

In the main content, we provide the experiment
results on Llama3.1-8B and Qwen2.5-7B. Here,
we present additional results on Llama3.2-3B and
Llama3.2-1B. The results presented in Table 5 and
Table 6 on the Llama-3.2 3B and 1B models further
validate the conclusions drawn in the main paper.
These experiments demonstrate that the effective-
ness of OASIS is consistent across different model
sizes within the Llama family.

As shown in Table 5, the structured pruning re-
sults on the 3B model mirror the trends observed
on the larger 8B model. (1) Consistent Superiority
of OASIS: For both NIRVANA and LLM-Pruner,
OASIS delivers the most noticeable improvements
in language modeling performance, achieving the
lowest (best) perplexity scores on nearly all bench-
marks. This is a critical result, as perplexity is a
strong indicator of a model’s fundamental language
understanding, which is often severely damaged by

structured pruning. OASIS proves most effective
at preserving this core capability. (2) Instability
of Baseline Selection Methods: The limitations
of heuristic and generative methods are again ev-
ident. The synthetic data approach, in particular,
leads to a catastrophic degradation for both NIR-
VANA and LLM-Pruner, with perplexity scores
increasing by a factor of 2-5x compared to the
baseline. This reinforces our hypothesis that data
which is merely "low perplexity" for the model
is not necessarily informative for making coarse-
grained pruning decisions and can be severely mis-
leading. (3) Downstream Task Performance: While
the baseline Nirvana model without any specialized
selection performs surprisingly well on some down-
stream tasks, OASIS provides the most robust and
balanced performance profile. It secures the top
results on several tasks (ARC-e, HellaS, BoolQ)
while remaining competitive on others, resulting in
the highest average performance boost (A).

The results for Wanda on the Llama-3.2-1B
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Table 5: Zero-shot performance of Llama3.2-3B after applying 50% structured pruning. We compare baseline
pruning methods against versions enhanced with different calibration data selection strategies: entropy-based,
synthetic data, and our proposed OASIS. Bold and underline denote the best and second-best results per group,

respectively. |: lower is better.

Method | WikiT | PTB| LambD | | ARC-e WinoG HellaS BoolQ PIQA | A
Llama-32-3B | 7.87 1257 2009 | 71.68 69.06 73.69 72.78 77.48 |
Nirvana 61.87 11203 10524 | 33.80 5178 3475 57.28 59.03

+ Entropy 61.87 11558 10524 | 3245 5138 3427 4771 5794

+ Synthetic 9582 168.17 168.17 | 3220 5430 34.04 50.64 57.78

+ OASIS (ours) | 58.12 10858  102.00 | 34.13 51.54 3512 59.11 58.75 | +0.41
LLM-Pruner 196.62 26874 179.02 | 31.73 4672 2892 60.37 56.47

+ Entropy 33445 356.02 26047 | 32.66 4830 2820 5211 54.52

+ Synthetic 938.00 605.62 486.63 | 30.89 4854 28.09 4872 5430

+ OASIS (ours) | 196.62 244.69 16817 | 31.81 4870 28.64 59.14 57.02 | +0.22

Table 6: Zero-shot performance of Llama-3.2-1B after applying 50% unstructured pruning. We compare baseline
pruning methods against versions enhanced with different calibration data selection strategies: entropy-based,
synthetic data, and our proposed OASIS. Bold denotes the best results per group. |: lower is better.

Method | WikiT | PTB| LambD | | ARC-e WinoG HellaS BoolQ PIQA | A
Llama-32-1B | 9.64 1665 2348 | 6027 5998 63.66 63.88 7427 |
Wanda 2105 3872 5050 | 49.92 5549 4501 6202 66.10

+ Entropy 2105 3872 5210 | 5021 5572 4524 6137 66.10

+ Synthetic 2172 3933 5375 | 50.67 5493 4515 6190 66.38

+ OASIS(Ours) | 21.05 3811 5050 | 50.72 5596 4498 62.48 66.65 | +0.35

model, presented in Table 6, confirm that OA-
SIS remains beneficial even for less sensitive, fine-
grained pruning methods. (1) Modest but Con-
sistent Gains: While the performance differences
are much smaller compared to structured prun-
ing, OASIS consistently outperforms the other se-
lection strategies on the majority of downstream
tasks. It achieves the highest scores on ARC-e,
WinoG, and BoolQ, leading to the largest overall
performance boost (A=+0.35). (2) Minimal Im-
pact on Perplexity: For unstructured pruning at
50% sparsity, the impact on perplexity is gener-
ally low across all methods. However, OASIS still
manages to achieve a slight edge, securing the best
performance on PTB. This suggests that even when
the overall degradation is minimal, a principled se-
lection method can still find a better optimization
path than heuristic approaches. (3) Overall, these
additional experiments strengthen our central claim
that OASIS is a versatile and robust tool for enhanc-
ing post-training pruning. It provides substantial
benefits where they are needed most (structured
pruning) while still offering consistent, marginal
gains in less sensitive scenarios (unstructured prun-

Table 7: Method-specific wall-clock time and peak GPU
memory on Llama-3.1-8B using one H100. OASIS is
the three-epoch selection stage.

Pruner Native pruning OASIS
Time  Memory Time  Memory
NIRVANA 70 s 40GB 91 min 75 GB
LLM-Pruner 118 s 42 GB 89 min 66 GB
Wanda 73s 37 GB 64 min 59 GB
SparseGPT 280 s 38 GB 70 min 61 GB
ing).

A.4 Efficiency and Post-Pruning Recovery

We profile native pruning and the three-epoch
OASIS selection stage on Llama-3.1-8B using one
NVIDIA H100-80GB (Table 7). OASIS is a one-
time offline step and introduces no inference-time
module, but its 64—91 minute cost is substantial
relative to the 70-280 second native pruning runs.
This trade-off is most compelling for structured
pruning, where the performance differences are
larger.

After the same LoRA recovery procedure, the
OASIS-calibrated model retains lower perplex-
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Table 8: Post-pruning LoRA recovery on Stanford Alpaca for NIRVANA-pruned Llama-3.1-8B. Both runs use one

H100 for approximately two hours.

Calibration PTB | LambD | | ARC-e WinoG HellaS BoolQ PIQA ARC-c OBQA COPA | Avg Acc.
NIRVANA 44.15 50.22 4848 5730 4388 6199 63.74 2858 2740 67.00 49.80
NIRVANA + OASIS  42.05 47.36 49.20 58.64 46.37 62.08 6523 3046 28.00 68.00 51.00

Table 9: PPL transferability of the 50% OASIS cali-
bration selection to 25% sparsity on Qwen2.5-7B with
NIRVANA. The OASIS row at 25% reuses the calibra-
tion subset and weights selected at 50% sparsity.

Method | 50% sparsity | 25% sparsity

| PTB| LambD | Avg| |PTB] LambD| Avgl

NIRVANA 108.58 157.98 13328 | 2241  41.86 32.14
+Entropy | 7011 8725  78.68 | 2241  34.10 2826
+ Synthetic | 8725  108.58 97.91 | 2539 3872  32.06
+ OASIS | 59.96 8456 7226 | 2172 33.64  27.68

ity and improves average accuracy from 49.80 to
51.00. This suggests that calibration selection and
post-pruning adaptation are complementary in this
setting rather than the selection advantage being
erased by fine-tuning.

A.5 Transferability of the selected data

We evaluate transfer across sparsity levels in
Table 9: the subset learned at 50% sparsity is
reused without reselection at 25%. OASIS remains
strongest in this single Qwen2.5-7B/NIRVANA
comparison, providing evidence of transfer across
this moderate sparsity shift rather than a general
transfer guarantee.

B Context-Dependency of Calibration
Data Preference

In the main paper, we argue that the qual-
ity of a calibration sample is not a universal
property but is context-dependent on the pruning
method and model. To provide evidence for this
claim, we conduct an additional analysis on two
widely-used unstructured pruning methods, Wanda
and SparseGPT (this is to minimize the variance
brought in by structured pruning VS unstructured
pruning), across the Llama model family (1B, 3B,
and 8B).

The results in Figure 6 highlight two key as-
pects of this context-dependency: (1) Dependence
on Pruning Method: The "best" and "worst" cal-
ibration samples are clearly different for Wanda
and SparseGPT. For example, sample #1 is consis-
tently the most detrimental for Wanda across all
model sizes, causing a massive spike in perplex-

SparseGPT: PPL Trend for Different Model Size

Trend for 18

Wanda: PPL Trend for Different Model Size

Trend for 18

Trend for 38 Trend for 38

Trend for 88 Trend for 88

Data Index Data Index

Figure 6: Perplexity (PPL) trends after pruning with in-
dividual calibration samples. (Left Column) SparseGPT
results on Llama 1B, 3B, and 8B models. (Right Col-
umn) Wanda results on the same models. The x-axis
indexes the different data samples used for calibration.
The plots reveal that data preference is highly depen-
dent on both the pruning method and, in some cases, the
model size.

ity. However, for SparseGPT, sample #1 performs
reasonably well. (2) Dependence on Model Archi-
tecture/Size: The consistency of data preference
across a model family also varies by method. For
Wanda (right column), the performance trend is
remarkably consistent across the 1B, 3B, and 8B
models; a sample that is good for the 1B model is
generally also good for the 8B model. In contrast,
for SparseGPT (left column), the trend is much
less consistent. For instance, sample #7 yields one
of the worst PPLs for the 1B model but delivers
average performance on the 3B and 8B models. We
hypothesize this difference in stability stems from
the nature of their saliency scores. Wanda uses a
zero-order metric, S = ||[WX?2||, which is based
on parameter weights and input activations, mak-
ing it relatively stable. In contrast, SparseGPT’s
score, S = |[W||? /diag(H), is a second-order met-
ric that incorporates the Hessian matrix (H). This
inclusion of higher-order information, which cap-
tures the curvature of the loss function, makes its
importance estimation more complex and sensitive
to the specific model state and calibration data.
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Together, these results strongly support our cen-
tral claim: the notion of a "golden" calibration
sample is not static. It is a function of the complex
interaction between the data, the pruning algorithm,
and the model architecture.

C Details on micro-level analysis

C.1 Impact of a Single Detrimental Sample

We test the operational "poisoning effect” by in-
jecting one detrimental sample, identified in the
micro-analysis, into a selected set of 32 samples.
Table 10 shows a large perplexity increase for NIR-
VANA and a smaller increase for Wanda.

Table 10: Effect of adding one detrimental sample to an
OASIS-selected set on Llama-3.2-1B. | denotes lower
is better.

Configuration WikiT | PTB| LambD| Avg|

Structured: NIRVANA

Golden set (OASIS) 179.02 202.86  182.65 188.18
Golden set + 1 detrimental sample ~ 196.62  378.99  184.70  253.44
Unstructured: Wanda

Golden set (OASIS) 21.05 38.11 50.50 36.76
Golden set + 1 detrimental sample ~ 22.24 39.21 52.27 37.91

As a control that does not condition on an
OASIS-selected set, we also inject one detrimen-
tal sample into a random Llama-3.1-8B calibration
set. For NIRVANA, PTB/Lambada PPL increases
from 82.48/106.92 to 93.15/113.39; for Wanda, it
changes only from 14.69/25.00 to 14.74/25.00. The
effect therefore reflects broader structured-pruning
sensitivity in this experiment and is negligible for
Wanda, rather than being unique to OASIS.

C.2 Detailed Result on Sample Combination

In Section 3.2, we provide the micro analysis
on calibration data. Here, we provide the details
of that analysis in the following tables, with an
additional result on SparseGPT.

D The Use of Large Language Models
(LLMs)

We use LLMs in this work in order to revise the
paper writing and check for grammar errors.
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Table 11: Synergistic and Degradative Effects of Combining Calibration Samples from Different Quality Tiers for
the Wanda Pruning Method. The change (A) is calculated as (Combination PPL - Best Individual PPL). Negative
values (green) indicate synergistic improvement, while positive values (red) indicate performance degradation.

Category Sample 1 (PPL) Sample 2 (PPL) Combination PPL. Change (A) Observed Effect
77 (45.8) 111 (45.9) 45.2 -0.6 Synergy
91 (46.8) 103 (46.6) 434 -3.2 Strong Synergy
Gold + Gold 77 (45.8) 103 (46.6) 44.2 -1.6 Synergy
77 (45.8) 91 (46.8) 44.5 -1.3 Synergy
91 (46.8) 110 (46.8) 44.8 -2.0 Strong Synergy
9 (64.8) 23 (64.4) 57.7 -6.7 Strong Synergy
23 (64.4) 54 (67.1) 59.0 -5.4 Strong Synergy
Mediocre + Mediocre 23 (64.4) 33 (64.5) 574 -7.0 Strong Synergy
8 (68.8) 16 (74.8) 64.5 -4.3 Synergy
20 (68.7) 54 (67.1) 60.5 -6.6 Strong Synergy
1(142.3) 66 (148.6) 111.0 -31.3 Improvement
1(142.3) 95 (117.3) 95.9 -21.4 Improvement
Bad + Bad 1(142.3) 86 (115.4) 93.4 -22.0 Improvement
66 (148.6) 95 (117.3) 116.5 -0.8 Slight Improvement
66 (148.6) 86 (115.4) 115.8 +0.4 Neutral / No Effect
77 (45.8) 58 (70.5) 49.5 +3.7 Degradation
111 (45.9) 17 (63.9) 48.6 +2.7 Degradation
Gold + Mediocre 115 (46.5) 33 (64.5) 48.3 +1.8 Degradation
103 (46.6) 61 (64.8) 472 +0.6 Slight Degradation
110 (46.8) 6 (66.4) 459 -0.9 Synergy (Outlier)
77 (45.8) 66 (148.6) 53.5 +7.7 Strong Degradation
111 (45.9) 66 (148.6) 53.5 +7.6 Strong Degradation
Gold + Bad 115 (46.5) 66 (148.6) 53.2 +6.7 Strong Degradation
103 (46.6) 1(142.3) 53.5 +6.9 Strong Degradation
110 (46.8) 1 (142.3) 53.0 +6.2 Strong Degradation
9 (64.8) 1(142.3) 70.5 +5.7 Degradation
23 (64.4) 1(142.3) 70.5 +6.1 Degradation
Mediocre + Bad 8 (68.8) 66 (148.6) 76.1 +7.3 Strong Degradation
33 (64.5) 66 (148.6) 71.7 +7.2 Strong Degradation
20 (68.7) 95 (117.3) 73.5 +4.8 Degradation

Table 12: Synergistic Effects of Combining Multiple Golden Samples. The "Best Individual PPL" column serves as
the baseline for each group. The Synergy (A) column, calculated as (Combination PPL - Best Individual PPL),
quantifies the performance gain from the combination. All A values are negative, indicating a consistent synergistic
effect. Random 10 samples avgppl is 43.3.

Category # Samples (k) Sample IDs in Combination Best Individual PPL  Combination PPL  Synergy (A)
3 77,103, 111 458 44.1 -1.7
3 77,91, 111 45.8 444 -1.4
Golden Trio (k = 3) 3 77,91, 103 45.8 434 24
3 91,103, 111 459 43.9 2.0
3 77,93, 110 45.8 43.1 -2.7
4 77,91, 103, 111 45.8 43.0 -2.8
4 77,93, 103, 110 45.8 434 2.4
Golden Quad (k = 4) 4 77,93,107, 111 45.8 42.3 -3.5
4 91,93, 107, 115 46.5 44.2 2.3
4 91,103, 111, 115 459 44.2 -1.7
Golden All-In 10 30, 77,91, 93, 101, 103, 107, 110, 111, 115 45.8 42.6 3.2
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Table 13: Synergistic and Degradative Effects on the SparseGPT Method. Note the inconsistent effect in the "Gold
+ Gold" category and the synergistic effect in some "Mediocre + Bad" cases, which differ from the Wanda method’s
behavior.

Category Sample 1 (PPL) Sample 2 (PPL) Combination PPL. Change (A) Observed Effect
26 (65.2) 100 (65.4) 62.8 2.4 Synergy
26 (65.2) 94 (64.4) 63.1 -1.3 Synergy
Gold + Gold 100 (65.4) 106 (65.1) 67.5 +2.4 Degradation
26 (65.2) 106 (65.1) 66.6 +1.5 Degradation
94 (64.4) 106 (65.1) 63.8 -0.6 Synergy
51(84.3) 56 (84.1) 79.9 -4.2 Synergy
18 (80.3) 97 (80.0) 68.3 -11.7 Strong Synergy
Mediocre + Mediocre 18 (80.3) 31 (80.3) 76.8 -3.5 Synergy
21 (81.7) 58 (81.8) 73.9 -7.8 Strong Synergy
23 (83.7) 83 (82.5) 80.6 -1.9 Synergy
84 (120.6) 85 (123.2) 114.6 -6.0 Improvement
67 (132.5) 84 (120.6) 116.9 -3.7 Improvement
Bad + Bad 67 (132.5) 85(123.2) 109.8 -13.4 Strong Improvement
67 (132.5) 95 (119.3) 106.1 -13.2 Strong Improvement
67 (132.5) 86 (119.2) 106.7 -12.5 Strong Improvement
26 (65.2) 58 (81.8) 70.2 +5.0 Degradation
26 (65.2) 81 (84.0) 75.3 +10.1 Strong Degradation
Gold + Mediocre 94 (64.4) 4 (84.9) 65.3 +0.9 Slight Degradation
94 (64.4) 49 (85.4) 68.7 +4.3 Degradation
100 (65.4) 103 (82.4) 65.3 -0.1 Neutral / No Effect
26 (65.2) 67 (132.5) 68.6 +3.4 Degradation
94 (64.4) 67 (132.5) 67.7 +3.3 Degradation
Gold + Bad 100 (65.4) 85 (123.2) 82.0 +16.6 Strong Degradation
94 (64.4) 85 (123.2) 69.0 +4.6 Degradation
106 (65.1) 84 (120.6) 71.0 +5.9 Degradation
31(80.3) 67 (132.5) 81.3 +1.0 Slight Degradation
21 (81.7) 67 (132.5) 74.9 -6.8 Synergy
Mediocre + Bad 56 (84.1) 85 (123.2) 82.0 -2.1 Synergy
18 (80.3) 84 (120.6) 76.8 -3.5 Synergy
81 (84.0) 85 (123.2) 81.5 -2.5 Synergy

Table 14: Synergistic Effects of Combining Multiple Golden Samples for the SparseGPT Method. Note the "less is
more" effect, where the best 4-sample combination outperforms the 10-sample combination. Random 10 samples
avgppl is 61.0.

Category # Samples (k) Sample IDs in Combination Best Individual PPL.  Combination PPL  Synergy (A)
3 26, 94, 100 64.4 62.8 -1.6
3 26, 94, 106 64.4 62.7 -1.7
Golden Trio (k = 3) 3 94,100, 106 64.4 63.8 -0.6
3 26, 90, 106 65.1 61.6 -3.5
3 90, 94, 106 64.4 65.2 +0.8
4 26, 94, 100, 106 64.4 63.0 -1.4
4 94,100, 105, 106 64.4 63.8 -0.6
Golden Quad (k = 4) 4 26, 90, 94, 100 64.4 61.3 3.1
4 90, 94, 100, 106 64.4 60.6 -3.8
4 94, 100, 105, 106 64.4 63.8 -0.6
Golden All-In 10 5, 26,90, 91, 94, 100, 105, 106, 113, 114 64.4 60.7 -3.7
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Table 15: Analysis of Data Combination Effects on NIRVANA. Note the inconsistent effects in "Gold + Gold" and
the unstable behavior in "Bad + Bad" categories.

Category Sample 1 (PPL) Sample 2 (PPL) Combination PPL. Change (A) Observed Effect
111 (168.4) 110 (169.3) 175.6 +7.2 Degradation
111 (168.4) 108 (173.7) 166.6 -1.8 Synergy
Gold + Gold 110 (169.3) 108 (173.7) 170.9 +1.6 Degradation
111 (168.4) 55(174.4) 165.0 -3.4 Strong Synergy
110 (169.3) 55(174.4) 172.6 +3.3 Degradation
8(230.1) 5(232.0) 218.5 -11.6 Strong Synergy
5(232.0) 3(233.2) 225.6 -6.4 Synergy
Mediocre + Mediocre 10 (232.3) 114 (232.5) 209.4 -22.9 Strong Synergy
15 (235.0) 78 (237.1) 205.3 -29.7 Strong Synergy
3(233.2) 61 (239.8) 2233 -9.9 Strong Synergy
54 (473.6) 62 (426.9) 528.8 +101.9 Catastrophic Degradation
102 (423.4) 54 (473.6) 444.6 +21.2 Strong Degradation
Bad + Bad 62 (426.9) 102 (423.4) 392.7 -30.7 Strong Improvement
43 (418.4) 54 (473.6) 602.3 +183.9 Catastrophic Degradation
43 (418.4) 62 (426.9) 342.4 -76.0 Strong Improvement
111 (168.4) 8(230.2) 182.9 +14.5 Strong Degradation
111 (168.4) 115 (230.7) 183.2 +14.8 Strong Degradation
Gold + Mediocre 110 (169.3) 78 (237.1) 187.0 +17.7 Strong Degradation
110 (169.3) 97 (246.3) 193.2 +23.9 Strong Degradation
108 (173.7) 8(230.2) 207.1 +33.4 Strong Degradation
111 (168.4) 54 (473.6) 315.8 +147.4 Severe Degradation
111 (168.4) 62 (426.9) 280.6 +112.2 Severe Degradation
Gold + Bad 110 (169.3) 54 (473.6) 3479 +178.6 Severe Degradation
110 (169.3) 6(325.2) 304.8 +135.5 Severe Degradation
108 (173.7) 102 (423.4) 280.6 +106.9 Severe Degradation
15 (235.0) 54 (473.6) 368.5 +133.5 Severe Degradation
114 (232.5) 54 (473.6) 349.7 +117.2 Severe Degradation
Mediocre + Bad 8(230.2) 54 (473.6) 345.0 +114.8 Severe Degradation
3(233.2) 62 (426.9) 331.2 +98.0 Severe Degradation
71 (232.6) 62 (426.9) 352.8 +120.2 Severe Degradation

Table 16: Synergistic Effects of Combining Multiple Golden Samples for NIRVANA. The "less is more" effect is
highly pronounced, with the 10-sample combination performing significantly worse than smaller, well-chosen sets.

Category # Samples (k) Sample IDs in Combination Best Individual PP Combination PPL  Synergy (A)
3 111, 110, 108 168.4 178.0 +9.6
3 110, 108, 55 169.3 168.9 -04
Golden Trio (k = 3) 3 111, 110, 55 168.4 165.2 -32
3 111, 110, 59 168.4 189.1 +20.7
3 108, 55, 59 173.7 191.0 +17.3
4 111, 110, 108, 55 168.4 167.2 -1.2
4 111, 110, 108, 59 168.4 181.5 +13.1
Golden Quad (k = 4) 4 111, 110, 55, 59 168.4 175.9 +7.5
4 110, 108, 55, 59 169.3 178.0 +8.7
4 110, 108, 55, 59 169.3 175.9 +6.6
Golden All-In 10 111, 110, 108, 55, 59, 64, 31, 37, 56, 39 168.4 197.1 +28.7
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