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Abstract

Post-training compression has been a widely employed approach to scale down
large language model (LLM) and facilitate efficient inference. In various proposed
compression methods, including pruning and quantization, calibration data plays
a vital role by informing the weight importance and activation dynamic ranges.
However, how calibration data impacts the LLM capability after compression is
less explored. Few of the existing works, though recognizing the significance of
this study, only investigate the language modeling or commonsense reasoning per-
formance degradation from limited angles, like the data sources or sample amounts.
More systematic research is still needed to examine the impacts on different LLM
capabilities in terms of compositional properties and domain correspondence of
calibration data. In this work, we aim at bridging this gap and further analyze
underlying influencing mechanisms from the activation pattern perspective. Espe-
cially, we explore the calibration data’s impacts on high-level complex reasoning
capabilities, like math problem solving and code generation. Delving into the un-
derlying mechanism, we find that the representativeness and diversity in activation
space more fundamentally determine the quality of calibration data. Finally, we
propose a calibration data curation framework based on such observations and
analysis, enhancing the performance of existing post-training compression methods
on preserving critical LLM capabilities. Our code is provided in Link.

1 Introduction

Recent large language models (LLMs) like GPT4 [Achiam et al., [2023]], LLaMA2/3 [Touvron et al.|
2023, |Dubey et al.| [2024]], Qwen2.5 [Yang et al.,|2024]], Phi-3 [[Abdin et al., 2024, have achieved the
remarkable performance on human-level challenging tasks and found great application potentials.
However, due to the fast expansion of model scales and energy consumptions, most of them can
only be deployed to the server clusters currently. Post-training LLM compression methods like
pruning [Ma et al.,2023|| and quantization [Xiao et al.,|2023]], aiming at reducing the model memory
usage and improving inference speed, have paved the way for on-device deployment of such powerful
LLMs. Due to the training-free property, these methods exhibit obvious advantages on efficiency
and convenience compared with other schemes like sparsity-aware training [Jaiswal et al., 2022] and
quantization-aware training [Liu et al.| 2024, thus gaining widespread adoption[Tan et al., 2024].

In the post-training LLM compression, calibration data serves as a small set of sampled inputs
used to analyze layer activations and guide the compression process to minimize capability degrada-
tion [Williams and Aletras|, 2024]. In detail, for pruning, calibration data enables the evaluation of
weight importance with activation-aware metrics, helping determine which connections to remove.
For quantization, this data is vital for identifying the dynamic ranges of activations, thus informing the
adjustment of quantization parameters and quantization strategies regarding symmetry and granularity.
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Though playing such a signi cant role, calibration data is less investigated by researchers whose
attentions are mainly focused on developing more intricate compression strategies [Liu et al., 2025].

In fact, conventional LLM compression
ways generally assume robustness to cali-
bration data distributions and characteris-
tics by default[[Sun et al., 2024a], as shown
in Figure 1. However, some recent works
have noticed the calibration data variations
can also bring unnegelectable in uence to
LLM compression performance [Wu et al.,
2023, Zhang et al., 2024, Williams and
Aletras, 2024]. Early works [Zhang et al.,
2024, Lin et al., 2024, Jaiswal et al., 2024]
explore the in uence of calibration data
amounts and concluded that additional calibration examples offer diminishing performance gains.
Some further works [Williams and Aletras, 2024, Ji et al.] investigate the impact of calibration
sources and found this can introduce even more signi cant performance variations than different
compression methods. Besides, aligning the sample length between quantization calibration data and
benchmark data is also regarded as important for maintaining evaluation performance [Lee et al.,
2023]. Though bringing some insights, these works are still one-sided and only focus on a certain
perspective of calibration data. In addition, most of them are limited to the basic language modeling
perplexity and commonsense reasoning capability evaluation. Most importantly, they overlook the
exploration of the underlying in uence mechanism and what constitutes optimal calibration data.

Figure 1: Calibration data in LLM compression.

To address these limitations, we rst conduct a comprehensive and systematic study on the impact
of calibration data for different LLM capabilities, especially high-level reasoning capabilities. In
detail, we try to answer following two questions with empirical evidence: Q1: How do compositional
properties of calibration data in uence capability preservation? Q2: How does domain correspon-
dence of calibration data in uence capability preservation? Different from previous works that only
recognize the super cial phenomenon of the sensitivity to calibration data variations [Williams and
Aletras, 2024], we attempt to analyze the underlying in uence mechanism when answering such
two questions. Furthermore, based on these observations and analysis, we ask: Q3: What is optimal
calibration data for preserving critical capabilities in LLM compression? Q4: How to curate the
calibration data for best preserving capabilities given available sources? To answer them, we try to
bridge the capability preservation with calibration data characteristics and then de ne the optimality
from several dimensions. Finally, we design a curation framework by selecting and processing
optimal calibration data from available sources to achieve the best capability preservation effect.

In a summary, our contributions are as three folds: 1) we conduct extensive empirical exploration
on the impact of calibration data variations from different compositional properties and domain
correspondence perspectives; 2) we analyze the underlying in uence mechanism and point out that
the activation space pattern determines the calibration data's optimality more fundamentally; 3)
we propose a three-stage calibration data curation framework for optimizing the LLM capability
preservation, which can be integrated with existing compression strategies due to the orthogonality.
The evaluation in speci ¢ and general deployment scenarios both demonstrate its empirical advantages.

2 Related Works

Large Language Model Compression employs post-training pruning and quantization to enhance

ef ciency while maintaining performance. Pruning techniques span unstructured approaches [Frantar
and Alistarh, 2023, Yin et al., 2024] removing individual weights; semi-structured methods [Sun
et al., 2024a, Dong et al., 2024] eliminating predetermined weight blocks for hardware compatibility;
and structured strategies [Ma et al., 2023, Ashkboos et al., 2024] removing entire architectural
components like attention heads. Quantization reduces parameter and activation precision through
weight quantization [Frantar et al., 2023, Dettmers et al., 2024, Lin et al., 2024], converting high-bit
oating-point to low-bit integers; activation quantization [Xiao et al., 2023], calibrating layer output
dynamic ranges; and KV cache quantization [Hooper et al., 2024], optimizing memory for extended
sequence tasks. Critically, calibration data guides compression by informing pruning decisions and
establishing quantization parameters. Its compositional characteristics and domain correspondence
profoundly impact model capability preservation, which is the focus of our this work.



Calibration Data guides post-training compression by aligning with typical input distributions

to preserve model capabilities. Beyond computer vision studies [Zhang et al., 2025, Shang et al.,
2024], prior LLM compression research has examined calibration data from isolated perspectives:
sequence lengths [Lee et al., 2023], data sources [Wu et al., 2023, Williams and Aletras, 2024, Ji
et al., Khanal and Capone, 2024, Bandari et al., 2024], sample amounts [Williams and Aletras, 2024,
Jaiswal et al., 2024, Zhang et al., 2024], and languages [Zeng et al., 2024, Kurz et al., 2024] for
multilingual models. However, these works typically offer super cial descriptions of calibration
data effects. In this work, we systematically investigate how calibration data characteristics affect
capability preservation, especially the complex reasoning capabilities. Furthermore, we explore
underlying in uence mechanisms and develop appropriate curation strategies.

3 Exploring Calibration Data Variation's Impact on LLM Capabilities

3.1 Experiment Preparation

Large Language Models We employ the following two powerful and representative open-sourced
LLMs to conduct the exploration: LLaMA3-8B-Instruct [Dubey et al., 2024] and Qwen2.5-7B-
Instruct [Yang et al., 2024]. They are both multilingual LLMs, possessing general knowledge and a
certain level of reasoning ability.

LLM Compression Schemes To ensure comprehensiveness, we select two representative post-
training pruning methods: SparseGPT [Frantar and Alistarh, 2023] for unstructured pruning and
Wanda [Sun et al., 2024a] for semi-structured pruning. The pruning ratio is set as 50% for SparseGPT,
and the block pattern is set 4s 8 for Wanda. We did not conduct experiments with structured
pruning methods, considering their performance degradation is super signi cant under high pruning
ratios. As for the post-training quantization, we choose the widely adopted GPTQ [Frantar et al.,
2023] and more recent AWQ [Lin et al., 2024] with the bit number set as 4.

Calibration Data Sources The calibration data can be generally classi ed into two categories:
pre-training data and downstream data. As for the rst category, similar to previous works, we
take the following datasets as the calibration data sources: C4 [Raffel et al., 2020], WikiText, and
SlimPajama. Except for the experiments investigating the impact of sample amounts and sequence
lengths, we randomly sample 128 sequences with the token length as 2048 from corresponding
sources as calibration data. As for the downstream data, like commonsense/math/code/multilingual
domains, we only employ them for calibration when investigating the impact of data format and
domain correspondence.

Evaluation Benchmarks To comprehensively evaluate the capability preservation of compressed
LLMs, we take the benchmarks focusing on different capabilities, especially some high-level
complex reasoning ones: 1) Language modeling: WikiText2 [Merity et al., 2022], PTB [Mar-
cus et al., 1993]; 2) Commonsense reasoning: BoolQ [Clark et al., 2019], PIQA [Bisk et al.,
2020], HellaSwag [Zellers et al., 2019], WinoGrande [Sakaguchi et al., 2021], ARC-Easy [Clark
et al., 2018], ARC-Challenge [Clark et al., 2018], and OpenbookQA [Mihaylov et al., 2018];
3) Mathematical problem solving: GSM8K [Cobbe et al., 2021], MATH(including subtasks
like algebra, counting-and-prob, geometry, intermediate-algebra, num-theory, prealgebra, math-
precalc) [Hendrycks et al.], Minerva-Math [Lewkowycz et al., 2022] with custom prompts; 4)
Code generation: HumanEval [Chen et al., 2021], MBPP [Austin et al., 2021]; 5) Multilingual
comprehension: ARC-Multilingual [Lai et al., 2023], HellaSwag-Multilingual [Lai et al., 2023].

3.2 Variation on Calibration Data Compositional Properties (Q1)

The compositional property variations of calibration data can bring non-negligible in uence to the
LLM capability preservation. To reveal the connection between them, we conduct the exploration
from the perspectives including sequence lengths, sample amounts, data sources, and data format.

Variation on Calibration Data Sequence Lengths To investigate the effect of calibration data
sequence lengths on capability preservation, we vary the lengths across a range of values (128, 256,
512, 1024, and 2048 tokens) while evaluating four compression methods across both LLaMA3-8B
and Qwen2.5-7B models. Our experimental results, as shown in Figure 2, reveal that mathematical
problem-solving shows signi cant sequence length sensitivity in pruning methods (SparseGPT's
performance drops by 25.5% at short sequences), while code generation exhibits non-monotonic



Figure 2: Impact of calibration data sequence length on capability preservation across different
compression methods for LLaMA3-8B and Qwen2.5-7B. Note the varying sensitivity to sequence
length across capabilities and compression methods.

Figure 3: Effect of calibration sample amount on capability preservation for LLaMA3-8B and
Qwen2.5-7B models. Note the diminishing returns beyond 64-128 samples for most capabilities,
with AWQ showing particular robustness to small sample sizes.

patterns across all methods (AWQ's performance varies from 38.71% to 47.53%). These effects
stem from gradient estimation quality, where longer sequences provide more diverse activation
patterns crucial for quantization methods like GPTQ, and task-speci ¢ representation requirements,
where different capabilities have distinct optimal context windows. Pruning methods generally show

greater sensitivity to sequence length than quantization approaches, with AWQ's per-channel scaling
providing remarkable robustness even at short sequences.

Variation on Calibration Data Sample Amounts We explore the effect of varying the number of
calibration samples by testing con gurations with 16, 32, 64, 128, and 256 samples. Our results in
Figure 3 demonstrate signi cant capability-dependent effects, with code generation showing unex-
pected patterns: for LLaMA3-8B with AWQ, code performance decreases from 46.40% at 16 samples
to 38.71% at 128 samples, while Qwen2.5-7B with GPTQ shows a dramatic drop from 57.67% at
16 samples to 34.03% at 128 samples. Pruning methods show greater sensitivity to sample count,
with SparseGPT on LLaMA3-8B experiencing 17.9% drop in math performance with fewer samples,
while AWQ maintains consistent performance even with just 16 samples across all capabilities. These
effects stem from representation diversity saturation, where additional samples provide diminishing
returns after capturing core activation patterns, and calibration data quality variance, where increasing
samples may introduce suboptimal examples that skew results for specialized tasks. Different com-
pression methods exhibit varying information utilization ef ciency, with AWQ extracting essential
patterns from minimal samples while pruning methods require more comprehensive sampling.

Variation on Calibration Data Sources We examine the impact of calibration data source selection

by comparing three widely used pre-training datasets: C4, Wikipedia, and SlimPajama. Figure 4
reveals that source selection signi cantly impacts capability preservation, often exceeding the perfor-
mance difference between compression methods themselves. The most striking variations appear



Figure 4: Impact of calibration data sources on capability preservation for LLaMA3-8B and Qwen2.5-
7B. Note the signi cant advantage of C4 for code generation tasks, while Wikipedia provides more
balanced performance across capabilities.

Figure 5: Impact of calibration data format on compressed LLM capability preservation.

in mathematical reasoning and code generation capabilities—for Qwen2.5-7B, SlimPajama pro-
vides an 8.7% relative improvement in math tasks over Wikipedia (38.98% vs. 35.85%), while for
LLaMA3-8B, C4 dramatically improves code generation by 19.4% relative to Wikipedia (44.29%
vs. 34.83%). These effects stem from domain-speci c activation pattern coverage, where C4's
web-crawled nature better preserves code generation capabilities while SlimPajama’s diverse content
maintains mathematical reasoning. Compression-speci ¢ information leverage also plays a role, with
quantization and pruning methods showing different source preferences—AWQ performs best on
math tasks with SlimPajama while SparseGPT achieves better results with Wikipedia. These ndings
highlight that strategic calibration data source selection aligned with deployment scenarios can yield
substantial improvements beyond what compression method optimization alone can achieve.

Variation on Calibration Data Format Different from format-free continuous sequences from
pre-training corpus, calibration data from downstream tasks usually follows speci ¢ formats [Bandari
et al., 2024]. We investigate how different QA formats affect capability preservation using Common-
seQA! [Talmor et al., 2019] dataset in three formats: question-only (QD), question-answer pairs
(Q&A), and question-answer pairs with explicit reasoning chains (Q&A w/ ERC). Figure 5 shows
that Q&A w/ ERC yields the best performance across all methods, with the most dramatic impact on
complex reasoning tasks—for Qwen2.5-7B with AWQ, Q&A w/ ERC calibration achieves 51.84%
on math tasks compared to 47.34% with standard pre-training data (9.5% improvement), while for
LLaMA3-8B with GPTQ, it improves commonsense reasoning by 8.0% relative to question-only
format (68.27% vs. 63.21%). These effects stem from reasoning pathway preservation, where explicit
reasoning chains activate and maintain internal reasoning mechanisms during compression, and
task-speci ¢ knowledge preservation, where detailed formats help preserve domain-speci c weights

https://huggingface.co/datasets/tau/commonsense_ga



Figure 6: Impact of calibration data language on compressed LLM capability preservation.

that might otherwise be deemed less important. The substantial performance gains achievable through
format optimization underscore that calibration data should include explicit reasoning chains for
applications focused on reasoning tasks.

3.3 \Variation on Calibration Data Domain Correspondence (Q2)

When the compressed LLM is intended for deployment in speci ¢ applications, downstream data is
often utilized for calibration rather than pretraining data. To uncover the effect of downstream cali-
bration data's domain variation on model capability presentation, we select three most representative
perspectives to conduct this study: data languages, subjects, and reasoning dif culties.

Variation on Calibration Data Languages To investigate the impact of calibration data language on
capability preservation, we evaluate how using data from different language subsets of C4 affects
compressed model performance. Figure 6 illustrates that the most pronounced language effects
appear in specialized capabilities—for mathematical tasks on LLaMA3-8B with GPTQ, English
calibration data (31.22%) outperforms other languages by up to 46.4% (vs. Japanese at 16.72%),
while for code generation, the performance gap reaches 62.0% (34.83% vs. 13.25%). These effects
stem from alignment with pre-training distribution, as both models were primarily trained on English-
dominant corpora, and language-speci ¢ activation pattern coverage, where different languages
activate different regions of the model's parameter space. We also observe model-speci c differences,
with Qwen2.5-7B showing better resilience to non-English calibration (only 3.8% gap between
English and Chinese for code generation vs. 54.3% for LLaMA3-8B). Notably, on multilingual
benchmarks, using calibration data in the same language as the evaluation yields better performance
than English calibration for that speci ¢ language, suggesting that for language-speci ¢ applications,
matching calibration language to target language can be more effective than defaulting to English.

Variation on Calibration Data Subjects To investigate how calibration data from different subjects
affects capability preservation, we calibrate models using three subject-speci ¢ datasets: Common-
senseQA [Talmor et al., 2019] for commonsense reasoning, Mathi@Anathematical problem
solving, and CodeQA for code generation. Table 1 shows that subject-speci ¢ calibration signi -
cantly enhances matching capabilities—MathQA calibration boosts mathematical performance by
5.92 percentage points for quantization methods and 4.35 points for pruning methods, while CodeQA
enhances code generation by 7.49 points for quantization and 4.28 points for pruning. However,
this enhancement comes at the cost of increased perplexity, with MathQA causing the largest degra-
dation (average increase of 2.73 points for quantization and 3.52 points for pruning). The relative
improvement is more pronounced for pruning methods—CodeQA improves code generation by up
to 29.7% for SparseGPT compared to 17.9% for AWQ. These effects stem from activation pathway
preservation, where calibration data activates and helps preserve subject-speci ¢ neural pathways

2https://huggingface.co/datasets/allenai/math_ga
Slissadesu/code_ga_updated



Table 1: Impact of calibration data subject on capability preservation. Lower perplexity and higher
accuracy for other capabilities are better. Best performing subject for each capability is in bold.

Compression  Calibration DataSubject‘ LLaMA3-8B | Qwen2.5-7B
|PPL# CS" Math" Code’| PPL# CS' Math" Code"
WikiText 20.15 41.85 19.18 15342154 4223 17.85 1345
CommonsenseQA | 22.42 4523 17.45 13.7623.85 46.82 1624 12.31
SparseGPT (50%) MathQA 23.87 39.62 2356 14212472 4058 2226 12.87
CodeQA 2314 3895 1682 19.2824.15 4013 1573 17.46
WikiText 3341 4087 1844 14723284 4021 1732 12.97
Wanda (4:8) CommonsenseQA | 35.26 44.36 16.83 13.2534.96 44.73 1585 11.84
: MathQA 36.82 3875 2294 13863621 3842 21.74 12.15
CodeQA 36.15 37.94 16.21 18523592 38.06 1526 16.82
WikiText 16.29 6523 3122 34.8817.22 6584 3585 34.03
GPTO (4-bit) CommonsenseQA | 18.54 68.75 28.36 31.4210.36 71.25 33.75 31.56
MathQA 10.87 6321 3692 32182014 6436 4236 32.41
CodeQA 1034 62.84 2975 39261958 6378 32.61 42.85
WikiText 1586 6526 3646 38.7117.36 6642 47.34 62.10
ANQ (4-bi) CommonsenseQA | 17.23 69.37 3421 36201853 72.86 4521 58.64
MathQA 1841 6415 4185 35891925 6538 5442 57.21
CodeQA 1826 63.92 33.42 44.6218.95 64.97 4385 68.73

during compression, particularly important for pruning methods that directly eliminate weights rather
than approximating them (see Appendix for visualization). These ndings suggest pruning methods
require more precise subject alignment in calibration data, while quantization methods may bene t
from mixed-subject calibration for balanced capability preservation.

In addition, we also explored the effect of calibration data's reasoning dif culty to the critical LLM
capability preservation, detailed in Appendix D.

4 Optimizing Capability Preservation with Calibration Data Curation

4.1 Discussion on Calibration Data Optimality for Capability Preservation (Q3)

Based on our above empirical explorations, we characterize optimal calibration data through two
key dimensions that affect capability preservation. Compositional Properties show hiainger
sequences generally improve performangesample amounts exhibit diminishing returns beyond
64-128 samples3 data sources impact capabilities differently (C4 excels for code, SlimPajama
for math), and4 explicit reasoning format bene ts preserving reasoning capability. Domain
Correspondence reveals thah matching calibration data language to the deployment language is
crucial for multilingual applicationsg subject-aligned data signi cantly enhances target capabilities
(e.g., MathQA improves math performance by 5.92 points for quantization)7amixed dif culty
calibration provides optimal balance between specialized reasoning and general performance.

These dimensions ultimately re ect a deeper mechanism: Representativeness and Diversity in
Activation Space. Representativeness concerns how well calibration samples trigger activation
patterns typical of the target domain—explaining why domain-matched data preserves correspond-
ing capabilities so effectively. Diversity involves the breadth of unique activation patterns trig-
gered—demonstrated by the success of higher sample amount, mixed dif culty, and format richness
with explicit reasoning chains. We thus de ne optimal calibration data as a strategically curated set
of samples that maximizes both representativeness and diversity in the model's activation space, with
the balance determined by deployment requirements. Actually, we also provide the internal in uence
mechanism analyze from spectral perspective in Appendix E to further demonstrate this point.

4.2 Calibration Data Curation Framework (Q4)

Based on our analysis of how calibration data characteristics affect capability preservation and above
discussion on calibration data optimality, we propose a three-stage framework for Curating Optimal
LLM compression cAlibration data, named as COLA.



Stage 1: Dataset Selection (Domain Correspondence) The rst stage focuses on selecting
source datasets that align with the target deployment domain. This involves analyzing whether the
compressed model is intended for general-purpose use or specialized tasks. For general-purpose
deployment, we recommend selecting a balanced mix of pre-training datasets (e.g., WikiText for
language modeling, SlimPajama for commonsense reasoning, C4 for code generation). For targeted
deployment, domain-matched datasets should be prioritized (e.g., MathQA for mathematical problem
solving applications). Language alignment is crucial in this stage, where datasets in the primary
language of intended use should be selected. For multilingual applications, calibration data in
each target language should be included, with proportions re ecting deployment priorities. Subject
coverage must ensure all critical domains required for deployment are represented. Reasoning
dif culty is also determined at this stage. Based on our experiments, mixed dif culty provides the
best balance for general-purpose deployment, while hard samples may be preferable for specialized
reasoning applications. The dataset selection can be formulated as an optimization problem:

X
S=argmax  w coverage(S; c); 1)
c2C

wheresS is the selected datasél,is the pool of available datasef,is the set of target capabilities,
W, is the importance weight for capability andcoverage(S; cineasures how well datasgtcovers
capability c.

Stage 2: Dataset Processing (Compositional Properties) The second stage optimizes the com-
positional properties of the selected datasets. This includes sequence length optimization, where
datasets are processed to generate sequences of appropriate length (typically 2048 tokens for most
methods, but adaptable based on the speci ¢ compression method). For AWQ, which showed robust-
ness to sequence length variation, shorter sequences (512-1024 tokens) may be suf cient. Format
enrichment is another key processing step. For datasets lacking structural richness, we enhance them
by converting to Q&A format with explicit reasoning chains where possible. This involves identifying
implicit reasoning in text passages, reformulating as question-answer pairs, and adding intermediate
reasoning steps when bene cial.

Stage 3: Sample Selection (Representativeness and Diversity in Activation Space) The nal
stage selects individual samples to maximize representativeness and diversity in activation space.
This begins with activation pattern extraction, where for a candidate pool of processed samples, we
run a forward pass through the uncompressed model and extract layer-wise results. For each sample

state activations at layéfor samplex;. We then apply dimensionality reduction to the activations
using random projection which exhibits obvious ef ciency advantages [Bingham and Mannila, 2001]:

1
al = p—aRai; fC 1;Cp;::1; Ckg = k-means(fad; ad; :::; alg; k); )

whereR isad D random matrix with entries drawn from a standard normal distribufioig the
original dimensiond is the reduced dimensiod ( D ), k is the target number of clusters. From
each cluster €, we select samples closest to the centroid to form the nal calibration set:

X

j =arg mig. ka? jkz; (3)

X2 j

where ; is the centroid of cluste€; . These samples from all clustels; C,; :::Cx ensures the
diversity in the activation space, while the closeness to the centroid in each cluster guarantees the
representativeness. Note the number of cludted&rectly controls the nal calibration sample
amount, allowing precise adjustment based on the compression method's requirements—smaller
yet diverse sets for methods like AWQ that show robustness to sample quantity, and larger sets for
pruning methods that exhibit higher sensitivity to calibration data amount.

By systematically addressing dataset-level domain correspondence, compositional characteristics, and
ultimately sample-level activation space representation, our curation framework produces compact,
high-quality calibration datasets that maximize capability preservation for LLM compression across
diverse deployment scenarios.



Table 2: Performance comparison of different calibration data approaches on general deployment
scenario. The best performing approach under each capability is in bold.

Compression Calibration Data | LLaMA3-8B | Qwen2.5-78
‘PPL# CS" Math" Code"\ PPL# CS" Math" Code"

WikiText (random) 1586 65.26 36.46 38.71 17.36 66.42 47.34 62.10
C4 (random) 1548 66.21 37.19 39.87 17.00 67.42 48.29 63.72
AWQ (4-bit) SlimPajama (random) 15.55 66.53 37.36 39.48 17.08 67.75 48.46 63.28
Self-Gen 1559 67.08 37.51 39.7% 17.12 68.04 48.66 63.67
COLA 15.41 67.42 37.85 40.17 | 16.95 68.47 49.02 64.15
WikiText (random) 20.15 41.85 19.18 15.34 21.54 42.23 17.85 1345
C4 (random) 19.36 42.67 19.64 15.88 20.85 43.12 18.24 13.87
SparseGPT (50%) SlimPajama (random) 19.58 42.81 19.78 15.77 20.98 43.29 18.37 13.80
Self-Gen 19.65 43.61 19.85 15.92 21.07 43.92 18.42 13.92
COLA 19.31 4423 20.12 16.14 | 20.72 44.47 18.65 14.10
WikiText (random) 33.41 40.87 18.44 14.72 3284 40.21 17.32 12.97
C4 (random) 32.62 4152 18.82 15.14 32.15 40.83 17.66 13.31
Wanda (4:8) SlimPajama (random) 32.83 41.65 18.98 15.06 32.24 40.92 17.83 13.24
Self-Gen 32.87 4261 19.07 15.28 32.32 41.82 17.87 13.42
COLA 32.14 43.15 19.36 15.46 | 31.65 42.34 18.15 13.59
WikiText (random) 16.29 65.23 31.22 34.83 17.22 6584 3585 34.03
C4 (random) 1593 66.15 31.87 35.80 16.86 66.89 36.50 34.92
GPTQ (4-bit) SlimPajama (random) 16.01 66.47 32.00 35.56 16.95 67.17 36.68 34.68
Self-Gen 16.03 67.14 3222 3591 16.98 67.74 36.89 35.02
COLA 15.83 67.52 3256 36.18 | 16.79 68.15 37.23 35.22

4.3 Empirical Performance Evaluation

We evaluate our calibration data curation framework across two settings: general deployment and
targeted deployment. For general deployment, we compare against random samples from standard
pre-training datasets (WikiText, C4, SlimPajama). Besides, we consider the recent Self-Generating
then Sampling (Self-Gen) baseline [Ji et al.]. As for the targeted deployment, we provide our settings
and results in Appendix F due to the space limitation. More details regarding the implementation of
our proposed COLA framework can be seen in Appendix G. In general deployment scenarios (Table
2), our activation-aware curation framework consistently outperforms both random sampling and Self-
Gen approaches across all capabilities and compression methods. For LLaMA3-8B with SparseGPT,
our approach achieves 44.23% on commonsense reasoning tasks compared to 41.85% for WikiText
random sampling and 43.61% for the Self-Gen approach. While the absolute improvements appear
modest (around 1-2 percentage points), they are consistent across different models, capabilities, and
compression methods. The improvements are particularly noticeable for pruning methods (SparseGPT
and Wanda), which aligns with our earlier observation that pruning methods exhibit higher sensitivity
to calibration data quality. Besides, the observation in targeted deployment scenarios (Appendix F)
also demonstrates the effectiveness our COLA.

The performance gains from our curation framework demonstrate that strategically selecting cali-
bration data based on activation patterns provides signi cant bene ts for capability preservation in
compressed LLMs. By optimizing both representativeness and diversity in the activation space, our
approach successfully preserves critical capabilities and achieves better performance on correspond-
ing evaluations. These results validate our hypothesis that the ef cacy of calibration data stems from
how it activates the model's parameter space rather than solely from its observable characteristics.

5 Conclusions and Future Works

This work systematically investigates calibration data's impact on LLM capability preservation
through compositional properties and domain correspondence. We analyze the underlying mecha-
nisms from the activation pattern perspective, further nding that representativeness and diversity in
activation space fundamentally determine calibration data optimality. Based on these observations
and analysis, we develop a three-stage framework for curating optimal calibration data from available
sources. Its effectiveness is validated across both general and targeted deployment scenarios. Future
work will focus on developing compression method-speci ¢ calibration data curation strategies that
account for algorithmic characteristics and the intrinsic properties of target LLMs.
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A Comparison of calibration data in LLM pruning and quantization

To facilitate understanding the role and effect of calibration data in LLM pruning and quantization,
we highlight their difference in Table 3.

Table 3: Comparison of calibration data in LLM pruning and quantization.

Task Pruning Quantization

Goal Remove redunqant weights,_ Reduce precision of weights/activations,
reduce model size/computation decrease storage/computation costs

Evaluate weight importance (e.d., Determine dynamic ranges, adjust

via gradients, activation sparsity) quantization parameters and strategies

Statistical distribution analysis

(e.g., min-max, KL divergence)

Role of Calibration Data

Core Method Sensitivity analysis

B Recapping the LLM Compression Pipelines

To facilitate understanding the context of our this work, we recap the LLM compression pipeline here.
In fact, the post-training LLM quantization (e.g., GPTQ [Frantar et al., 2023] and AWQ [Lin et al.,
2024]) and pruning (e.g., SparseGPT [Frantar and Alistarh, 2023] and Wanda [Sun et al., 2024a])
methods can be jointly concluded as solving a layer-wise reconstruction problem:

argminy, kW X, W X ke : 4)

Here, the Frobenius norm is taken as the objective function.\Whendicate the weights corre-
sponding to a linear laydrand theX | denote the layer input corresponding to the calibration data

S running through the mode®/ | is the compressed version ¥f,. S is generally a subset of
LLM pre-training datasets (e.g., WikiText and C4 [Raffel et al., 2020]) for general deployment, or
domain-speci c datasets for targeted deployment.

In typical LLM compression pipelines, the preparation of calibration &afiallows a standardized
process. The pipeline rst loads the calibration datasets and processes them through the model's
tokenizer with appropriate error handling mechanisms. A critical preprocessing step involves proper
handling of special tokens, particularly ensuring the_@den is properly de ned, typically defaulting

to the eostoken if unde ned. For generating calibration samples, the pipeline concatenates the text
data with delimiters and tokenizes it into a continuous sequence of token IDs. Fixed-length segments
are then extracted through random sampling within the valid range of the input sequence, ensuring
each calibration sample maintains proper context and structure.

C Complementary Introduction to Experiment Preparation

Pre-training Corpus as Calibration Data Sources Here, we make a more detailed introduction

to the three pre-training corpus as calibration data sources in our exploratichfRa#fel et al.,

2020] is a massive web-text dataset derived from Itered Common Crawl snapshots, widely adopted
for pre-training general-purpose language models due to its broad domain coverage and rigorous
deduplication; WikiText® provides curated, multilingual encyclopedic text with structured semantic
relationships, making it a foundational resource for knowledge-intensive NLP tasks and cross-lingual
model training; SlimPajamé& is a re ned, deduplicated version of the RedPajama[Weber et al.]
dataset, streamlining its multi-source composition (scienti ¢ papers, books, code, and web content)
through rigorous Itering and standardized preprocessing to enhance ef ciency in large-scale language
model pre-training.

“https://huggingface.co/datasets/allenai/c4
Shttps://huggingface.co/datasets/Salesforce/wikitext
Shttps://huggingface.co/datasets/DKYoon/slimpajama-200k
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Table 4: Impact of calibration data reasoning dif culty on capability preservation. Values show
relative performance change (%) compared to WikiText baseline calibration. For perplexity, negative
values indicate improvement; for other metrics, positive values indicate improvement. Best perform-
ing dif culty level for each capability is highlighted in bold.

) . . \ LLaMA3-8B | Qwen2.5-7B
Compression Reasoning Dif culty
\ PPL# CS" Math" Code"\ PPL# CS" Math" Code"
Easy +58 +2.1 +1.8 +0.7| +49 +2.3 +1.5 +0.5
Medium +9.4 +3.6 +5.2 +2.4| +8.3 +4.1 +4.8 +2.2
SparseGPT (50%) Hard +12.1 +57 +8.4 +35|+115 +6.2 +7.9 +3.2
Mixed +4.2 +49 +7.2 +3.1| +3.8 +5.3 +6.8 +2.9
Easy +3.6 +1.9 +1.5 +0.6| +3.2 +2.2 +1.2 +0.4
. Medium +6.3 +3.2 +4.7 +2.1| +5.8 +3.8 +4.3 +1.9
Wanda (4:8) Hard +9.7 +53 +7.8 +32| +8.9 +59 +7.4 +2.8
Mixed +2.8 +4.5 +6.7 +2.8| +2.4 +5.0 +6.3 +2.5
Easy +3.4 +0.7 +0.9 +05| +3.2 +0.8 +0.7 +04
. Medium +5.1 +1.8 +4.3 +1.8| +4.7 +2.0 +3.9 +1.6
GPTQ (4-bit) Hard +8.2 429 +7.1 +3.0| +7.8 +32 +6.8 +2.7
Mixed +2.1 +34 +6.2 +26| +1.9 +36 +59 +2.3
Easy +2.1 +05 +0.7 +0.3| +1.9 +0.6 +0.5 +0.2
. Medium +3.7 +15 +3.8 +1.5| +3.3 +1.7 +3.5 +1.3
AWQ (4-bit) Hard 16.8 +25 +6.7 42.8| 462 +2.8 +62 +2.5
Mixed +1.5 +3.1 +5.8 +2.4| +1.2 +3.4 +54 +2.2

Implementation Details For all experiments in this work, we use the Ubuntu 22.04 LTS system,
Python 3.11.11 environment, and vLLM 0.7.2 librafgr LLM local inference of both LLaMA3-
8B-Instruct and Qwen2.5-7B-Instruct. For vLLM inference hypermeters, we set thaakens

to 1024, temperature to 0.7, tdpto 50, topp to 0.7, and repetitiapenalty to 1. We run all
experiments on a server with 128 Intel Xeon Platinum 8538 CPU @ 2.60GHz and 8 Nvidia RTX
6000 Ada GPU having 48 GB GDDR6 VRAM. We utilize of cial checkpoints from HuggingFace:
LLaMA3-8B-Instruct and Qwen2.5-7B-Instrutt The evaluation part is based on the open-source
repositoryim-evaluation-harness 0, v0.4.7 version. As for the hyperparameter setting of LLM
compression methods, we directly follow their original papers which are also detailed in Appendix
A. Each experiment is performed for ve times with different seeds and then reports the averaged
performance to mitigate the randomness. Statistical signi cance is also assessed using two-tailed
independent t-tests, with results considered signi cant wper 0:01. For two multilingual
benchmarks utilized in our experiments, they are only performed when evaluating the impact of
calibration data's language. Different from other capabilities, code generation correctness is evaluated
with the pass@1 rate. The three math benchmarks and code benchmark MBPP are evaluated with
4-shot and 3-shot manner, respectively, while others are evaluated with 0-shot manner. For the ease
of understanding, without speci ed, the performance under each capability presented in the main text
is the average among corresponding benchmarks. For example, the reported code scores (pass@1)
are actually the average of HumanEval and MBPP. We provide the code repository for our proposed
COLA framework in https://github.com/BokwaiHo/COLA.git.

D \Variation on Calibration Data Reasoning Dif culties

To investigate how the dif culty level of calibration data impacts capability preservation, we stratify
samples from Easy2Hard-Benth[Ding et al., 2024] into three dif culty tiers including Easy(0-

0.33), Medium(0.33-0.67), Hard(0.67-1.0) and create a Mixed set containing samples from all
tiers. Table 4 reveals that harder samples yield greater improvements in reasoning tasks but cause
larger perplexity degradation—Hard calibration improves mathematical reasoning by up to 8.4% for

"https://github.com/vlim-project/viim
8https://huggingface.co/meta-llama/Meta- Llama-3-8B-Instruct
®https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
Onttps://github.com/EleutherAl/im-evaluation-harness
"furonghuang-lab/Easy2Hard-Bench
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SparseGPT but increases perplexity by 12.1%. Meanwhile, Mixed dif culty calibration provides
the most balanced preservation, achieving near-optimal improvements for reasoning tasks (within
1.5% of Hard calibration's gains) while minimizing perplexity degradation (only 1.5-4.2% increase
versus 6.2-12.1% for Hard). Sensitivity to calibration dif culty varies signi cantly by method,
with pruning methods showing up to 2.3higher sensitivity than quantization methods. These
effects stem from representational richness, where hard samples activate more complex reasoning
pathways that compression methods must preserve, and activation diversity, where mixed calibration
bene ts from complementary patterns that better maintain both reasoning and language capabilities.
These ndings suggest reasoning-critical applications should use Hard or Mixed calibration, while
general-purpose applications should favor Mixed calibration to balance capability improvements with
minimal perplexity degradation.

E Internal In uence Mechanism Analysis - A Spectral Perspective

To further understand the underlying mechanism behind calibration data variations' impact on
capability preservation, we conducted a layer-wise spectral analysis of feed-forward networks (FFNSs)
weights before and after compression [Bai and Silverstein, 2010]. This analysis reveals how different
calibration strategies affect the frequency domain representation of model parameters, which directly
in uences capability preservation. The FFNs in transformer layers are known to be the primary
knowledge storage components in LLMs [Dai et al., 2022]. Our spectral analysis decomposes the FFN
weights into frequency components to visualize how compression affects different frequency bands.
This approach is motivated by frequency-domain interpretation of large language models, where
low-frequency components (0-0.2) typically correspond to general language modeling capabilities,
mid-frequency components (0.2-0.6) to common knowledge and pattern recognition, and high-
frequency components (0.6-1.0) to specialized reasoning capabilities like mathematics and code
generation.

We take the GPTQ (4-bit) as the example compression method for visualization. Figure 7 shows
the spectral analysis of FFN weights across all 32 layers of the LLaMA3-8B model with Fourier
Transformation. When comparing the original model with models compressed using different
calibration data, we observe two critical patterns. First, when calibration data lacks representativeness
(red line), it results in well-preserved low-frequency components but non-uniform compression
and distortion in the mid-frequency bands. This explains why models compressed with random
calibration data often maintain basic language modeling capabilities but show degraded performance
on commonsense reasoning tasks that rely on these mid-frequency components. Second, when
calibration data lacks diversity, we observe loss of high-frequency information and frequency band
energy redistribution, manifested as truncation of the spectral tail and energy migration toward lower
frequencies. This directly corresponds to the degradation of high-level reasoning capabilities like
mathematics and code generation, which rely heavily on high-frequency components.

Figure 8 provides a more direct visualization of compression quality by showing the ratio of com-
pressed to original magnitude across frequency bands. Our COLA approach (green line) maintains a
ratio closer to 1.0 across all frequency bands, indicating more faithful preservation of the original
information. In contrast, random calibration (red line) shows greater deviation from the ideal ratio,
particularly in mid and high-frequency bands. This deviation is especially pronounced in deeper
layers (e.g., layers 25-32), which are often responsible for higher-level reasoning capabilities in
transformer models. The compression ratio analysis reveals an important insight: the most signi cant
differences between COLA and random calibration occur in the high-frequency region (0.6-1.0),
especially in the middle and deeper layers of the network. This explains why mathematical reasoning
and code generation capabilities—which rely on these high-frequency components—show the most
dramatic improvements when using our COLA framework compared to random calibration.

To quantify these observations, Figure 9 shows the normalized energy distribution across frequency
bands for each layer. When using COLA (green line), the energy distribution more closely tracks
the original model (black line) across all frequency bands, particularly in the high-frequency region.
In contrast, random calibration (red line) shows excess energy in low-frequency bands and energy
loss in high-frequency bands, particularly in deeper layers where complex reasoning capabilities
are typically encoded. The energy distribution analysis further con rms that the high-frequency
components experience the most signi cant energy loss during compression with random calibration
data. This energy redistribution explains why models compressed with suboptimal calibration data
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