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Abstract

Post-training model compression is essential
for enhancing the portability of Large Lan-
guage Models (LLMs) while preserving their
performance. While several compression ap-
proaches have been proposed, less emphasis
has been placed on selecting the most suit-
able set of data (the so-called calibration data)
for finding the compressed model configura-
tion. The choice of calibration data is a criti-
cal step in preserving model capabilities both
intra- and inter-tasks. In this work, we address
the challenge of identifying high-performance
calibration sets for both pruning and quanti-
zation by analyzing intrinsic data properties
rather than model-specific signals. We intro-
duce ZipCal, a model-agnostic data curation
strategy that maximizes lexical diversity based
on Zipfian power laws. Experiments demon-
strate that our method outperforms standard
uniform random sampling across various prun-
ing benchmarks. Notably, it also performs on
par, in terms of downstream performance, with
a state-of-the-art method that relies on model
perplexity. The latter becomes prohibitively
expensive for large-scale models and datasets,
while ZipCal is on average ~240x faster due
to its tractable linear complexity'.

1 Introduction

In recent years, considerable effort has been put
into alleviating the significant computational re-
quirements of Large Language Models (LLMs)
(Xia et al., 2024; Muralidharan et al., 2024; Lee
et al., 2025). To facilitate the deployment of such
models, researchers have developed various post-
training compression techniques that reduce mem-
ory and compute overhead while striving to pre-
serve the original model’s capabilities. In this work,
we mainly focus on two such compression tech-
niques, which are pruning and quantization. The

'We make the code and the experiments available at https:
//github.com/FrancescoMonaco/ZipCal.

former compresses the model by removing part of
its parameters, with earlier approaches requiring
expensive retraining (Han et al., 2015; Frankle and
Carbin, 2019), and more modern approaches sim-
ply removing weights in a gradient-free manner
(Frantar and Alistarh, 2023; Sun et al., 2024b), or
enforcing hardware-friendly sparsity patterns (Sun
and Sakuma, 2026) without the need for parame-
ter updates (Zhang et al., 2024b; Cunegatti et al.,
2025). Quantization, on the other hand, compresses
the model by reducing the numerical precision of
weights and activations (Frantar et al., 2023; Lin
et al., 2024; Huang et al., 2025). The latest ap-
proaches are based on ternary quantized models
(Wang et al., 2023; Ma et al., 2024) or efficient bi-
nary MatMul techniques (Dehghankar et al., 2025).

Beyond the choice of the compression approach,
recent works (Bandari et al., 2024; Williams and
Aletras, 2024; Oh and Oh, 2025) explored how the
selection of the data used for gathering model statis-
tics during the compression process, called calibra-
tion data, can influence the process and, as a result,
the final compressed model capabilities. While the
majority of compression techniques (Frantar and
Alistarh, 2023; Lin et al., 2024) rely on general-
purpose datasets, such as C4 (Raffel et al., 2020)
or Pile (Gao et al., 2020), it has been investigated
that domain-specific calibration has significant im-
pact on the downstream performances of the model
(Bandari et al., 2024; Zhang et al., 2024a; Williams
et al., 2026). However, a compressed model can
be deployed across multiple, and at times unfore-
seen, downstream tasks, raising the question of
whether a calibration strategy can be optimal on
average across a spread of domains rather than tai-
lored to any single one. A question that, to our
knowledge, remains unaddressed. We investigate
this via a Multi-Domain extension of our method
that aggregates candidate calibration data across
domains without requiring prior knowledge of the
specific deployment task. We further explore an
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orthogonal and underexplored axis of calibration
data selection: language. While prior work con-
siders task or data alignment between calibration
and deployment data, whether alignment in lan-
guage between calibration and downstream data is
similarly necessary has not been studied.

To analyze the impact of selected data for com-
pression, we leverage several studies on statistical
linguistics that show that human languages show
a structure in the frequency distribution of words
(Zipf, 1932; Piantadosi, 2014). Specifically, we
investigate whether this statistical observation can
be exploited for data curation of calibration sets
for model compression. We hypothesize that a set
of data samples maximizing lexical diversity, cap-
turing the sparse fail of the Zipfian distribution,
can provide much richer and more representative
information for compression algorithms. By fo-
cusing on these intrinsic linguistic properties, we
propose a sampling strategy that identifies high-
utility, model-agnostic data with negligible com-
putational overhead. Our results show that this
linguistically informed approach performs on par
with more expensive, model-dependent curation
methods, offering a scalable and robust solution for
billion-parameter model compression that general-
izes across diverse downstream tasks.

Data Curation Goals An ideal technique for
data curation must be scalable G1 , i.e., capable of
processing massive corpora with minimal compu-
tational overhead; model-agnostic (G2, i.e., capa-
ble of identifying the most informative examples
from a corpus without relying on expensive model
passes; and address inter-domain generalization
G3, i.e., being capable of synthesizing both Single-
Domain and Multi-Domain corpora settings by de-
sign. Existing data curation techniques only fulfill
a subset of these goals, and, to our best knowledge,
none have yet explored (G3.

Core Contributions We propose a sampling
strategy rooted in Zipfian statistics that identifies
high-utility calibration samples by maximizing lex-
ical diversity. This approach sidesteps the need
for model-dependent metrics (e.g., perplexity or
gradient information), achieving goals G1 and
G2. Moreover, we provide a framework for ex-
tracting representative samples from Multi-Domain
datasets, ensuring the calibration set is balanced,
meeting goal (G3. We empirically evaluate our
proposed method, called ZipCal, against SOTA
techniques for data curation for compression al-

gorithms. We conduct a comprehensive analysis
against baselines based on alternative data proper-
ties, showing that capturing lexical diversity is a
stable and scalable proxy for data curation.

2 Related Work

Model Compression Pruning methods aim to
remove parameters to reduce the size of the mod-
els. The first approaches to pruning involved es-
timating the contribution of each neuron to the fi-
nal loss using the magnitude of the weights and
gradient information (Molchanov et al., 2019; Ma
et al., 2023). More recently, different gradient-
free no-retraining pruning modalities have been ex-
plored. Unstructured approaches zero-out individ-
ual weights (Frantar and Alistarh, 2023; Sun et al.,
2024b; Yang et al., 2025b), while semi-structured
methods enforce specific sparsity patterns to en-
sure hardware compatibility (Zhou et al., 2021).
Structured approaches, instead, remove entire ar-
chitectural components, such as attention heads or
layer rows/columns (Ashkboos et al., 2024; Sandri
et al., 2025; Guo et al., 2025).

On the other hand, quantization methods reduce
the numerical precision of weights and/or activa-
tions to reduce the memory footprint and accelerate
inference. These methods range from Round-To-
Nearest (RTN) (Nagel et al., 2020) to more sophisti-
cated error-minimization strategies (Nahshan et al.,
2021; Chen et al., 2025). Other works focus on
reducing degradation in extreme quantization sce-
narios (Dettmers et al., 2022), employ optimized
kernels like LUT-GEMM (Park et al., 2024), or
activation-aware scaling (Lin et al., 2024).

Calibration Data Almost every compression al-
gorithm relies on a small, representative calibra-
tion set to estimate the information flow through
the network. These statistics guide the compression
process, determining quantization thresholds (Lin
et al., 2024) or pruning scores (Sun et al., 2024b).
Recent studies have shown that the choice of the
calibration source significantly impacts the perfor-
mance of the compressed model (Williams and
Aletras, 2024), revealing that general-purpose cor-
pora like C4 (Raffel et al., 2020) are not the optimal
choice for downstream tasks (Bandari et al., 2024).
This suggests that calibration data should mirror
the target domain to prevent activation distribution
shifts, which can lead to suboptimal quantization
thresholds or pruning masks.

Researchers have proposed more sophisticated
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calibration data curation strategies. Marion et al.
(Marion et al., 2023) demonstrate that perplexity
serves as a robust metric to rank and select the most
impactful samples for pruning, essentially using
the model’s own likelihood as a proxy for quality.
Extending this logic, COLA (He et al., 2025) in-
troduces a hybrid approach that selects samples by
balancing the magnitude of model activations with
intrinsic data statistics. While effective, these meth-
ods are inherently model-dependent and computa-
tionally intensive. Moreover, these techniques are
typically evaluated on single-source datasets and
do not address the challenge of heterogeneous com-
posability (G3), while it would be desirable to have
stable, cross-task performance post-compression.

3 Zipf Sampling

Natural languages are characterized by a Zipfian
distribution (Piantadosi, 2014), where a small num-
ber of words appear with high frequency, while
most of the vocabulary resides in an increasingly
sparse long tail. Not acknowledging this sparsity
implies potentially omitting the rare tokens and
diverse semantic contexts that trigger critical acti-
vation outliers in LLMs.

3.1 Single-Domain Sampling

We propose to sample calibration data from a
dataset by maximizing the lexical diversity of the
calibration set within a constrained number of sam-
ples. Specifically, we apply a sanitization pass to
the dataset where tokens are converted to lower-
case to form a vocabulary V' and special tokens
(i.e., EOS) are removed. We then employ a ran-
domized greedy selection heuristic to iteratively
populate the calibration set. In each iteration, we
select a sample s from a candidate pool P that
maximizes the gain of the sample’s vocabulary:

' = arg max |V(3) \Vcovered‘ (1
seP

where Vgyereq 18 the vocabulary of sanitized tokens
already present in previously selected samples. In
the event of a tie, we prioritize the sample with the
highest total number of unique tokens to maximize
information density. This approach ensures that the
resulting calibration data provides a high-fidelity
approximation of the full dataset’s vocabulary man-
ifold. We present the procedure, named ZipCal, in
Algorithm 1.

Algorithm 1: ZipCal
Input: Dataset D; Number of samples k
Output: Set of calibration samples .S
1 S Veovered < 0;
// Precalculate the full vocabulary
2 foreach sample s € D do
3 Vs < {sanitize(t) | t € s,t ¢
SpecialTokens} ;

4 fori =1to k do

// Select sample with maximum
marginal vocabulary gain

5 s* < arg maXsep\s |V;; \ Vcovered| 5

6 S« Su{s*};

7 Veovered < Veovered U Vs ;

8 return S ;

Lemma 3.1. When ZipCal is used to extract a cali-
bration set of k samples on dataset D of n elements,
it completes the procedure in O(nk) time.

Proof. The selection process, lines 4 to 7 of Al-
gorithm 1, consists of & iterations to construct the
calibration set. At any iteration i € (1,k), we
have to carry out 7; = N — ¢ + 1 evaluations. To
find out the total number of evaluations required to
construct a calibration set of k£ samples, we have:

k(k + 1)

k
Tot=) Ti=kn——0—"+k (@
=1

During each evaluation, we compute the set differ-
ence between the candidate’s vocabulary V; and the
cumulative vocabulary Ve eq. This cost scales
with the number of unique elements in a sample,
which is bounded by the context window size w.
Since w is fixed a priori, its contribution to the
asymptotic complexity is constant. Consequently,
summing these contributions, the overall complex-
ity is O(kn). O

3.2 Multi-Domain Sampling

When calibrating models for general-purpose use
or Multi-Domain applications, a single source
of data is often insufficient. To address goal
G3, we extend our approach to support hetero-
geneous multi-domain settings. Simply concate-
nating datasets and applying ZipCal over the joint
dataset is suboptimal, as a single large or linguis-
tically dense corpus might dominate the selection
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Figure 1: Token frequency distribution of the original datasets and the random, COLA, and ZipCal calibration sets.

process. To address this, we propose a hierarchi-
cal selection strategy. First, we apply ZipCal to
each dataset D; € D, to extract a local representa-
tive pool P; of size k. This ensures each domain’s
unique vocabulary is captured. Second, we consol-
idate these pools into a candidate set P = |J P;
and apply a greedy k-centers selection algorithm.
By representing each sample using a lightweight
embedding, the k-centers objective selects a final
set S that maximizes the distance between samples,
ensuring the calibration data is semantically spread
across all provided domains.

Lemma 3.2. The Multi-Domain ZipCal procedure
extracts k samples from m datasets, each of length
N, in O(MNE) time, where N = max, (ny,).

4 Experiments

We present below the details of the experimental
setup and the experimental results.

4.1 Experimental Setup

Post-training Compression We validate ZipCal
across a number of post-training compression tech-
niques that rely on calibration data. For pruning,
we consider Wanda (Sun et al., 2024b), an unstruc-
tured approach which scores weight importance
via the product of magnitudes and input activa-
tion norms |Wj;| - || X2, and 2SSP (Sandri et al.,
2025), a two-stage framework for structured prun-
ing that balances width and depth reduction. For
quantization, we evaluate GPTQ (Frantar et al.,
2023), which minimizes layer-wise reconstruction
error |[WX — W X]||2, and AWQ (Lin et al., 2024),
which preserves salient weights critical to model
performance by scaling them according to activa-
tion magnitude | X]|.

Experimental Environment We use two LLMs
to perform our evaluation of downstream tasks:

Llama-3.1-8B-Instruct (Grattafiori et al., 2024)
and Gemma-2-9B-it (Team et al., 2024). For lan-
guage modeling evaluation, we use two base mod-
els, namely L1ama-3.1-8B and Gemma-2-9B 2. Un-
less otherwise specified, we set the context length
to w = 2048 and the number of calibration samples
k = 128.

Baselines We benchmark ZipCal firstly against
random sampling, the approach used by almost any
compression algorithm (Ashkboos et al., 2024; Sun
et al., 2024b; Lin et al., 2024). Then, we evaluate
whether our lightweight, model-agnostic approach
can match or exceed the performance of a compu-
tationally expensive, model-dependent technique.
Hence, we extensively compare against COLA (He
et al., 2025), a recent state-of-the-art data curation
method for compression algorithms that relies on
both activation influence and data diversity metrics.
To further validate ZipCal, we show the compari-
son with a self-generative approach (Ji et al., 2025)
in Appendix E. We compare the performance eval-
uation of both intra- (i.e., when the evaluation tasks
match with the calibration domain) and inter- (i.e.,
when the evaluation tasks do not match with the
calibration domain) tasks, as well as the runtime
between ZipCal and COLA.

Evaluation To assess downstream performance
post-compression, we use the LM-Evaluation-
Harness framework (Gao et al., 2023) across five
functional domains and three languages (EN, ES,
and ZH). Results are reported on the subset of
datasets that support standardized zero- or few-shot
metrics. We categorize the datasets in functional
domains as follows. (i) Language Modeling: zero-
shot perplexity is measured on WikiText (Merity

“Due to the number of combinations, executing the experi-
ments over these models requires ~ 1200 GPU hours.
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Task H

COLA

ZipCal

Calibration Category

Calibration Category

Model Dense || LangMod Math CommQA NLI  KnowTran ‘ Mean | LangMod Math CommQA NLI  KnowTran ‘ Mean A
MMLU-M 2444 || 2333 2444 2301 2185 2333 | 2319 | 2301 2629 2124 2202 2301 | 23.11 | -0.08
GSM8k 7809 | 7655 7570 7440 7654 7589 | 7582 || 7688 7627 7582 7570 7661 | 7625 | +0.43
HellaSwag 7071 || 7203 7209 7176 7167 7186 | 7188 || 7178 7190 7183 7159  71.80 | 71.78 | -0.10
WinoGr. 69.46 | 6893 6851 6793 6803 6807 | 6830 | 67.88 6843 6882 6815 6803 | 68.26 | -0.04
- OBQA 4780 || 4667 4730 4667 4620  47.10 | 4679 | 4790 4750 4810 4730 4780 | 47.72 | +0.93
3 BoolQ 84.46 || 8499 8474 8441 8485 8491 | 8478 || 8450 8445  84.83 8460 8448 | 8457 | -021
7 RTE 7473 || 7232 7220 7196 7238 7238 | 7225 || 7220 7238 7274 7274 7310 | 72.64 | +0.39
= ANLI 5840 | 5637 5900 5933 5710 5780 | 57.92 || 6150  58.50 5980 5965 6195 | 60.28 | +2.36
o ARC-C 5171 | 5154 5030 5028 5124 5077 | 5082 || 5145 5098 5158 5132 SLIL | 5129 | +047
L ARC-E 7386 || 7327 7346 7313 7321 1374 | 7336 || 7386 7405 7374 7384 7393 | 73.88 | +0.52
o MMLU-K 6228 | 6208 6251 6204 6194 6156 | 6202 || 6223 6268 6270 6244 6258 | 6253 | +0.51
g Mean 6336 || 6255 6275 6227 6227 6249 | 6247 || 6302 6304 6284 6267 6313 | 62.94 | +0.47
B bl Eiit] Eit]
Runtime [ | 5400s  36s  3240s  2160s  1380s | 2443s | 152s  23s 1235 93s 1455 | 10.7s | 228x
MMLU-M 2148 || 2444 2301 2202 2124 2185 | 2251 || 2740 2444 2629 2879 2444 | 26.27 | +3.76
GSM8k 7544 || 7405 7434 7498 7430 7388 | 7431 || 7432 7441 7509 7426 7437 | 7449 | +0.18
HellaSwag 6724 || 6711 6723  67.08 6706 6722 | 67.14 || 6727 6715 6723 6134 6734 | 67.27 | +0.13
WinoGr. 7048 || 6924  69.06 6882 6926  69.65 | 69.21 || 69.11 6863  69.18  69.34 6882 | 69.02 | -0.19
OBQA 4540 || 4607  46.10 4640 4570 4630 | 4611 || 4533 4560 4540 4520 4540 | 4539 | -0.72
BoolQ 88.50 | 8892 8862 8865 8881 8864 | 8873 || 8880 8879 8879 8872  88.98 | 88.81 | +0.08
b RTE 7834 | 7822 7888  77.80 7834 7870 | 7839 || 7846 7834 7852 71852 7834 | 78.44 | +0.05
& ANLI 7280 | 7237 7330 7305 7240 7215 | 7265 || 7327 7315 7260 7305  73.00 | 73.01 | +0.36
& ARC-C 5179 | 5213 5137 5171 5162 5183 | 5173 || 5148 5154 5154 5179 5132 | 5153 | -0.20
b ARC-E 66.79 | 6751 6709 6694 6728 6723 | 6721 || 6672 6675 6690 6696 6690 | 66.85 | -0.36
= MMLU-K 3383 || 3590 3353 3294 3680 3394 | 3462 || 3695 3607 3642 3588 3563 | 3619 | +157
” Mean 6111 || 6145 6114 6094 6116 6104 | 6115 | 6174 6135 6163  61.80 6132 | 6157 | +0.42
+0.81 +0.82
Runtime (sec) | | 6231s 1495 3400s  2671s  1500s | 2790s | 1525  23s  123s  93s 1455 | 10.7s | 260x

Table 1: Comparison of COLA vs. ZipCal calibration data under Wanda unstructured pruning at 25% sparsity.

et al., 2016), C4 (Raffel et al., 2020), and Pile (Gao
et al., 2020), which are general datasets that have
commonly been used for model compression. (ii)
Mathematical Reasoning: evaluated via GSM8k
(5-shot) (Cobbe et al., 2021), SVAMP (Patel et al.,
2021), and MMLU-M the subset of math tasks in
MMLU. (iii) Commonsense Reasoning & QA:
zero-shot assessed using WinoGrande (Keisuke
et al., 2021), XWinograd (Tikhonov and Ryabinin,
2021), CommonsenseQA (Talmor et al., 2019),
HellaSwag (Zellers et al., 2019), OpenBookQA
(Mihaylov et al., 2018) and XCOPA (Ponti et al.,
2020). (iv) Natural Language Inference (NLI):
tested in zero-shot on RTE (Wang et al., 2018) and
the adversarial ANLI (Nie et al., 2020) benchmarks.
(v) Knowledge & Translation: general world
knowledge and reasoning are measured via MMLU-
K, MMLU-ES, and MMLU-ZH, the MMLU cor-
pus with math tasks excluded (Hendrycks et al.,
2021; Singh et al., 2025), XQuAD (Artetxe et al.,
2020), XNLI (Conneau et al., 2018), and ARC
(Clark et al., 2018), while translation capabilities
are tested on WMT14 (Bojar et al., 2014).

4.2 Experimental Results

Better than Random The purpose of this ex-
periment is to verify the hypothesis that ZipCal
identifies higher-utility data compared to standard

| Wanda (25%) GPTQ (W4A16) AWQ (W4A16)
Task Dense | Rand. ZipCal | Rand. ZipCal | Rand. ZipCal
MMLU-M 2444 | 2333 2414 | 2333 2407 | 2312 2407
GSMSK 7808 | 7498 7717 | 70.12 70.63 | 36.13  38.46
HellaSwag 7170 | 64.49 6428 | 64.23 6420 | 64.85 64.85
WinoGr.  73.56 | 67.86  68.07 | 6721  67.39 | 6748 6871
OBQA 47.80 | 4183 4242 | 4202 4110 | 4090 4045
BoolQ 8541 | 84.80 8464 | 8353 8344 | 8398 8436
RTE 7437 | 7239 7277 | 7175 73.06 | 7473 7347
ANLI 5840 | 57.90 60.64 | 4650 5390 | 5110 53.20
ARC-C 5375 | 5033 5089 | 5003 5037 | 5141 5154
ARC-E 8224 | 7648 76.67 | 7627 7622 | 7647 76.49
MMLU-K 6228 | 6224 6246 | 5773 5808 | 56.51 57.49
Mean 6473 | 61.51  62.20 | 59.34  60.22 | 56.97 57.55

Table 2: Performance comparison against random sam-
pling across different tasks and compression techniques
for Meta-Llama-3.1-8B-Instruct.

uniform random sampling. Random sampling is
statistically prone to overrepresent high-frequency
tokens while failing to capture the Zipfian tail com-
posed of tokens that are an integral part of the cor-
pora, as shown in Figure 1. Moreover, as numer-
ically shown in Table 2, ZipCal wins 24 of 33
comparisons against random selection across the
different compression techniques. On the few oc-
casions where random selection performs best, it
does so by a small margin (< 1%). Most notably,
we observe significant gains in reasoning-intensive
tasks: on ANLI, our method improves accuracy by
7.4% for GPTQ and 2.7% for Wanda. Similarly, in
GSMBK, we achieve a 2.1% boost in the pruning
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setting with Wanda. This increased lexical rep-
resentation correlates directly with performance;
by forcing the calibration set to cover a broader
vocabulary manifold, Zipf Sampling provides the
compression algorithms with a more representa-
tive set of activation outliers (Sun et al., 2024a; An
et al., 2025). This leads to more robust statistics,
effectively bridging the gap between the original
dense model and its compressed counterpart.

Evaluating Single-Domain Data Curation We
now discuss the evaluation against COLA on mod-
els compressed using a Single-Domain calibration
source (i.e, the calibration data are extracted from a
single domain). Tables 1 and 3 shows how our pro-
posed approach achieves on-par performance w.r.t.
the baselines. Considering only the mean across all
possible <task,domain> pairs, ZipCal performs
better than COLA in 3 out of 4 cases. More im-
portantly, as stated at the beginning of the paper, it
reduces the data curation bottleneck from over an
hour to mere seconds, yielding a 228 — 260 x accel-
eration while preserving downstream capabilities
on par with computationally expensive baselines.

Furthermore, the results in Tables 1 and 3 demon-
strate that Single-Domain compression is highly
sensitive to the choice of calibration data. Contrary
to intuition, matching the calibration source do-
main to the task domain (e.g., using Commonsense
Reasoning & QA for BoolQ) does not universally
hold the best performance (best is underlined in
Tables 1 and 3, while domain-task match cells are
colored). The results are also in line with (Ban-
dari et al., 2024), where the authors showed how
Language Modeling corpora are not inherently the
optimal calibration source for diverse downstream
tasks. This domain sensitivity finding introduces a
form of intra-task sub-optimality that limits the pos-
sibility of deploying a unique compressed model
that can achieve reasonable performance on a pre-
defined downstream domain task.

Evaluating Multi-Domain Data Curation We
tested our Multi-Domain approach of ZipCal, Sec-
tion 3.2, to see if it can effectively bypass the afore-
mentioned intra-task sub-optimality, as well as the
inter-task limitations of real-world model deploy-
ment, where the specific downstream task domain
that will be used is unknown a priori. By aggre-
gating Zipfian subsets from multiple domains, we
produce a single general calibration set. We show
in Table 4 that models compressed using a Multi-
Domain source perform better overall on average

across different tasks. Most notably, Multi-Domain
calibration delivers a model that achieves a score
of 64.48 for L1ama-3.1-8B with Wanda pruning,
which is a higher score than any individual calibra-
tion domain within the Single-Domain compressed
models within ZipCal and COLA groups. These
results highlight that the Multi-Domain version of
ZipCal can solve both the intra-suboptimality issue
as well as the inter-task deployment.

Evaluating Single-Domain Single-Language
Data Curation Tables A5 to A8 show the re-
sults among all the compression techniques in our
testbed. In 5 out of 8 model-compression configu-
rations, models compressed with ZipCal-curated
data outperform those compressed using COLA-
curated data. In the remaining cases, the perfor-
mance degradation is marginal (-0.30 on average,
-0.40 at most). Furthermore, we emphasize that
ZipCal achieves these results while retrieving the
curation data in mere seconds, compared to the
significantly longer processing time required by
COLA (which averages 17 minutes per dataset).

We previously discussed that there is little to no
correlation between the calibration data domain
and higher performance on downstream tasks of
that same domain. The multilingual results allow
us to further expand this claim: counterintuitively,
utilizing calibration data in a specific language does
not guarantee optimal compression for downstream
tasks in that identical language. We observe that
performance on MMLU-ES is actually higher when
the model is compressed using Chinese calibration
data. Similarly, MMLU-ZH and XNLI-ZH fre-
quently reach peak performance when models are
compressed using Spanish data. This pattern of
mismatches repeats consistently across the differ-
ent compression techniques. We can confidently de-
velop the observation from Bandari et al. (Bandari
et al., 2024) about the mismatch between the cali-
bration data domain and the higher performance in
downstream tasks of the same domain to languages.
The optimal calibration data for a downstream task
in a certain language does not necessarily coincide
with the data from that same language.

Evaluating Multi-Domain Multi-Language Data
Curation We have seen that language alignment
between calibration data and evaluation tasks is
neither a necessary nor sufficient condition for pre-
serving performance. This mismatch adds another
layer of complexity to the manual selection of cal-
ibration data, as the natural intuition on match-
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| I [ COLA I ZipCal
Calibration Category Calibration Category
Model | Task H Dense | LangMod Math CommQA NLI  KnowTran ‘ Mean || LangMod Math CommQA NLI  KnowTran ‘ Mean A
MMLU-M | 2444 || 2333 2444 2301 2185 2333 | 2319 | 2301 2629 2124 2202 2301 | 2311 | -0.08
GSM8k 7809 | 7175 6846 6884 6399 6501 | 67.61 | 7199 7460 6513 7096 6732 | 70.00 | +2.39
HellaSwag || 7171 || 7207 7204 7191 7206 7154 | 71.94 | 7184 7271 7146 7189 7237 | 72.05 | +0.11
WinoGr. || 6946 || 6675  68.15 6634 6630 6673 | 6685 | 6634 6740 6669  67.05 6732 | 66.96 | +0.11
- OBQA 4780 || 4560 4640 4620 4390 4590 | 4560 | 4520 4720 4560  47.50 4620 | 46.34 | +0.74
3 BoolQ 8446 | 8470 8408 8408 8474 8353 | 84.23 || 8263 8268 8379 8391 8335 | 8327 | -0.96
2 RTE 7473 || 7461 7563 7130 7491 7437 | 7416 | 7238 7076 7184 7310 7292 | 7220 | -1.96
= ANLI 5840 | 5747 5285 5355 5440 5825 | 5530 || 5345 5190 5520 5625 5505 | 54.37 | -0.93
2 ARC-C 5171 || 50.14 5038 5021 5077  50.64 | 5043 | 5021 5034  50.17  49.66 5196 | 50.47 | +0.04
< ARC-E 7386 | 7355 7376 7262 7330  73.88 | 7342 || 7273 7407 7433 7290 7548 | 73.90 | +0.48
o MMLU-K | 6228 || 5746 6045 5748 5845 5835 | 5844 || 5442 5864 5740 5696 5812 | 57.11 | -1.33
g Mean 6336 | 6158 6152 6050 6042  61.05 | 6102 | 6038 6151 6026 611  61.19 | 60.89 | -0.13
- ‘ H H ‘ +0.67 H ‘ +0.63 ‘
| Runtime || [ s400s 365 3240s  2160s  1380s | 2443s || 1525 23s 123s 93s 1455 | 10.7s | 228x
MMLU-M | 2148 || 2444 2301 2202 2124 2185 | 2244 | 2740 2444 2629 2879 2444 | 26.27 | +3.83
GSM8k 7544 | 7412 7430 7441 7418 7381 | 7416 || 7367  73.92 7339 7381 7354 | 73.66 | -0.50
HellaSwag || 67.24 | 6743 6756 6823 6743 6748 | 67.63 || 6802  67.61 6781 6736 6737 | 67.63 | +0.00
WinoGr. || 7048 | 69.93 7001  69.69 6934  69.61 | 69.72 || 69.69  70.60 7038 7001  69.02 | 69.92 | +0.20
OBQA 4540 || 4547 4450 4420 4410 4540 | 4473 | 4507 4490 4520 4500 4500 | 45.03 | +0.30
BoolQ 8859 | 8866 8862 8832 8850 8876 | 88.57 || 8864 8862 8858  89.07 8849 | 88.68 | +0.11
b RTE 7834 | 7810 7653 7834 7726 7762 | 77.57 || 7726 7780 7780  78.16 7852 | 77.91 | +0.34
& ANLI 7280 | 7107 7175 7180 7190 7200 | 7170 || 7220 7290 7030 7255 7195 | 7198 | +0.28
& ARC-C 5179 | 5228 5077 5179 5132 5141 | 5151 || 5222 5209 5243 5145 5252 | 52.14 | +0.63
& ARC-E 6679 | 6731 6650 6673 6622  67.66 | 66.88 || 68.83  67.82 6881 6641 6822 | 68.02 | +1.14
= MMLU-K || 3383 || 3323 2674 2917 2970 3746 | 3126 || 3676  30.64 3403 2879 4104 | 34.25 | +2.99
> Mean 61.11 | 61.09 6003 6043  60.11  61.19 | 60.56 | 6180  61.03 6137 61.04 6183 | 6141 | +0.85
Bl il e |
| Runtime || | 6231s 1495 3400s  2671s  1500s | 2790s | 152s  23s 123s 93 145s | 10.7s | 260x

Table 3: Comparison of COLA vs. ZipCal calibration data under GPTQ W4A16 quantization.

ing languages falls short. We recall that ZipCal
was developed with property (G3 in mind. We
now test the Multi-Domain approach of ZipCal
under this more difficult setup, to see if the models
compressed with aggregated Zipfian subsets can
achieve both intra-task sub-optimality and cross-
lingual sub-optimality. The results, reported in
Table A9, highlight that this aggregation across dif-
ferent languages and tasks yields compressed mod-
els that, on average, outperform their single-task,
single-language counterparts. While our previous
evaluations on strictly English tasks demonstrated
relatively stable and uniform improvements, the
multilingual, multi-domain setting exhibits a no-
ticeably higher skewness in the performance deltas.
ZipCal yields a positive mean A in 6 out of 8 com-
pression scenarios and proves itself more robust
than relying on naive language-matching.

Evaluation on instruction-tuned benchmarks
To assess generation quality beyond likelihood-
based benchmarks, we evaluate on AlpacaEval
(Li et al., 2023), reporting both win rate and the
length-controlled (LC) win rate (Dubois et al.,
2024), which also accounts for the length of the out-
puts. Due to computational cost limitations, we use
Llama-3.1-8B-Instruct itself as a local judge rather
than GPT-4, which introduces a self-evaluation
bias: the judge may systematically favor gener-

ations that resemble its own output distribution,
independent of true quality. Table 5 shows that
ZipCal matches or slightly exceeds COLA across
all four compression methods (A ranging from -0.1
to +1.6 points), these values indicate comparable
generation quality. Because the same judge and
prompt set are applied identically to both COLA
and ZipCal calibrated models, any self-evaluation
bias is shared across conditions and should not fa-
vor one calibration method over the other.

Evaluating Scalability We evaluated the effi-
ciency of ZipCal against COLA across various
dataset scales, to assess its scalability G1. While
already in Tables 1 and 3 the runtime superiority
of ZipCal is clear, we also tried gradually sub-
sampling two datasets, namely ARC-C and Wino-
Grande, to better understand the computational
complexity trade-off between ZipCal and COLA.
Results are reported in Figure 2. On a small dataset
like ARC-C, COLA needs from a few seconds with
a small 3B model to some minutes using a large
70B model, with the forward pass becoming a bot-
tleneck even on a dataset of this size. We observe a
similar trend with WinoGrande, which is an order
of magnitude larger than ARC-C. COLA with a
70B model requires over 3 hours, while ZipCal
takes just 9 seconds. Overall, ZipCal is 104 x
faster over the 3B model, and achieves up to 1330 x
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| I I Wanda (25%) | 2SSP (25%) |  GPTQ(W4A16) |  AWQ(W4Al6)

Model | Task | Dense | COLA  zipCal A | COLA zipCal A |COLA ziptal A |COLA zipCal A
MMLU-M || 2444 | 23.19 2400 +081 | 2222 22.54 +032| 2319 2301 -0.18 | 2444 2444  0.00
. GSM8k 78.09 | 7582 7580 -0.02 | 488 413 075 | 6761 7407 +646 | 6898 7050 +1.52
9 HellaSwag || 71.71 | 71.88 7186 -002 | 59.41 59.16 -0.25 | 71.94 7173 -021 | 71.68 7195 +027
= WinoGr. | 69.46 || 6830 6882 +0.52 | 60.03 59.68 -035 | 6685 6795 +1.10| 6675 6810 +1.35
S OBQA 4780 || 4679  47.90  +L.11 | 4025 4092 +0.67 | 45.60 4440 -1.20 | 4590 4590  0.00
@ BoolQ 8446 | 8478 8523  +045 | 7257 7312 +0.55| 8423 8538 +L.15| 8407 84.60 +0.53
T RTE 7473 || 7225 7282 +0.57 | 67.04 68.02 +098 | 74.16 7472 +0.56 | 73.10 7450 +1.40
o ANLI 5840 | 5792 6150 +358 | 4450 4387 -0.63 | 5530 5690 +1.60 | 53.56  55.00 +1.44
© ARC-C 5171 || 5082 5111 +029 | 3971 3975 +0.04 | 5043 4931 -L12 | 5021  50.30 +0.09
3 ARC-E 7386 || 7336 7386  +0.50 | 6321 6247 074 | 7342 7297 -045| 7255 7280 +0.25
MMLUK | 6228 || 6202 7637 +1435| 3559 3607 +048 | 5844 5586 -2.58 | 58.52  58.60 +0.08
Mean | 63.36 || 6247 64.48 4201 | 4631 4634 +0.03 | 61.02 6148 +046 | 60.89 6152 +0.63
MMLU-M || 2148 | 2251 2740 +4.89 | 1926 2333 +4.07 | 2244 2629 +385| 2140 2130 -0.10
GSM8k 7544 || 7431 7475 4044 | 330 351 4021 | 7416 7361 055 | 7422 7410 -0.12
HellaSwag | 67.24 || 67.14 6725 +0.11 | 5548 5473 075 | 67.63 6755 -0.08 | 67.58 6750 -0.08
- WinoGr. | 7048 || 69.21 6898  -0.23 | 59.06 5866 -040 | 69.72 69.61 -0.11 | 69.58 69.40 -0.18
h OBQA 4540 | 4611 4560  -0.51 | 38.14 38.64 +050 | 4473 4540 +0.67 | 4517 4610 +0.93
T BoolQ 8859 | 8873  89.08 +035 | 7278  73.07 +0.29 | 88.57 8804 -0.53 | 8857 89.00 +0.43
5 RTE 7834 || 7839  79.06  +0.67 | 66.00 6564 -036 | 77.57 79.06 +1.49 | 7758 7850 +0.92
£ ANLI 7280 || 7265 7260 -005 | 5190 5228 +0.38| 7170 7290 +1.20 | 71.76 7210  +0.34
% ARC-C 5179 || 5173 5221  +048 | 39.80 40.62 +0.82 | 5151 5111 -040 | 5128 5120 -0.08
ARC-E 66.79 || 67.21  67.84 +0.63 | 5922 5843 079 | 6688 6822 +1.34| 66.66 66.80 +0.14
MMLU-K || 33.83 || 3462 3696 +2.34 | 2277 2241 -036 | 31.26 3519 +393| 3200 3400 +2.00
| Mean || 61.11 || 61.15 6198 +0.83 | 4434 44.67 +033 | 60.56 6154 +0.98 | 60.53  60.91 +0.38

Table 4: Comparison of COLA vs. ZipCal (Multi-Domain) performance across Wanda and 2SSP at 25% sparsity,
and GPTQ and AWQ using W4A16 compression scheme.

Model Method COLA  zipCal-SD zipCal-MD A
3 Dense 50.0/28.9
1
; Wanda (25%)  41.3/27.4  40.8/27.1 41.3/27.4 0.0
& 2SSP (25%) 16.7/12.2 10.0/7.2 18.3/12.5  +1.6
E GPTQ (W4A16) 48.8/32.2  48.6/32.0 49.1/32.6  +0.3
= AWQ (W4A16) 49.1/30.6  48.8/32.4 49.0/30.4 -0.1

Table 5: AlpacaEval win rate / length-controlled win
rate (%) over 805 instructions, judged locally with
Llama-3.1-8B-Instruct, comparing COLA and ZipCal
(SD/MD) calibration across compression methods on
Llama-3.1-8B-Instruct.

—— ZipCal  ----- COLA - Llama-3.1-70B —=— COLA - Llama-3.1-8B —— COLA - Llama-3.2-3B

ARC-C (n=10%) WinoGrande (n=10%)

Total selection time
5
1
\
\
\
1

1 025 0.5 1
Fraction of dataset

Figure 2: Running time (log-scale) for calibration data
selection. The COLA baseline is run for models of
different sizes; whereas ZipCal is model-agnostic, thus
we report the measurement of the only run.

speedup over the 70B model.

Remarks To conclude, the results highlight that
while model-based curation becomes computation-
ally prohibitive as LLMs scale in size, our model-
agnostic approach G1 is a near-zero-overhead so-
lution (G2 that maintains high-fidelity calibration
without requiring inference. Crucially, the effi-
ciency gain is model-agnostic; once a calibration
set is computed, it is fixed and reusable across dif-
ferent models and compression techniques. More-
over, the Multi-Domain version of ZipCal over-
comes the necessity of a lucky pick from a plethora
of datasets and samples. The proposed sampling
approach provides a compressed model that, on av-
erage, outperforms models compressed separately
on single domains and single languages (G3.

S Further Insights

Ablation on Length-Controlled Samples
ZipCal’s selected samples are longer on average
than those chosen by COLA. For example, on
HellaSwag, the median length of the samples
picked by ZipCal is 30 tokens, compared to 23
for those picked by COLA. This difference is
exacerbated on more complex datasets, such as
BoolQ, where ZipCal’s samples have a median
length of 171 tokens, compared to 76 for COLA’s
samples. One could think that length could be
driving the quality of the results rather than lexical
representation. To isolate the effect of linguistic
diversity from the effect of length, we truncate
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Model Method | COLA ZipCal A
&8 Wanda (25%) | 62.96+0.15  60.06+0.17 -2.90
- 2SSP (25%) | 40.39+£0.12 42.86+0.12 247
& GPTQ(W4AI6) | 58.40+0.15 57.97+0.15 -0.43
= AWQ(W4AI16) | 58.01 £0.15 60.57+0.15 2.56

Table 6: Comparison of COLA vs. ZipCal across com-
pression methods on Llama-3.1-8B-Instruct using sam-
ples truncated at | = 64 tokens.

every sample in the source corpus C' to [ = 64
tokens, creating C’. We run both calibration
methods over C” to select the calibration samples
S, then compression is performed as always.
Table 6 reports the results, ZipCal retains an
advantage on 2SSP and AWQ even under this strict
length control, and remains competitive for the
other compression techniques.

Mechanistic Analysis To understand why lexical
diversity correlates with more robust compressed
models, we recall that ZipCal represents a larger
vocabulary space (Figure 1). This results in a more
accurate representation of the original dataset’s
long tail, increasing entropy in the activations and
gathering richer statistics for otherwise dormant
parts of the network that would be compressed.
This comes with a measurable trade-off: decom-
posing distributional fidelity into head- and tail-
frequency regions, ZipCal substantially improves
tail-region KL divergence at the cost of increased
head-region divergence, confirming that its benefit
is concentrated in restoring exposure to the long
tail rather than uniformly matching the frequency
profile. We define the overlap between two models
as the ratio between the number of weights com-
pressed in both models and the total number of
weights. The overlap between random and ZipCal-
compressed models is around 90%, compared to
96% between random and COLA, with overlap
dropping further to 85-94% in the attention output
projection (o_proj) and the feed-forward down-
projection (down_proj), the layers where each sub-
block’s output rejoins the stream, evidence that
ZipCal rescues weight pathways that random and
COLA calibration leave underactivated. Beyond
raw rare-token counts, which we find only weakly
predictive, calibration entropy is the dominant pre-
dictor of post-compression resilience, correlating
strongly with performance retention (p = 0.94,
p < 0.005). For an extended analysis, see Ap-
pendix D.

Effects of Compression on Perplexity Along
with the downstream evaluation over Instruct mod-
els, we also evaluate ZipCal against COLA over
Language Modeling tasks (i.e., perplexity). The re-
sults reported in Table 7 show that Single-Domain
and Multi-Domain ZipCal performances are once
again on par with COLA. We want to highlight
that the calibration sets extracted by ZipCal are
shared across different models without adaptation,
confirming that lexically diverse calibration sets
preserve compression quality.

Model Method COLA ZipCal-SD ZipCal-MD A
3 Dense 7.15 7.15 7.15
1
{:- Wanda (25%) 7.77 7.76 7.67 -0.10
& 2SSP (25%) 16.32 15.81 18.52 -0.51
E GPTQ (W4A16)  8.09 8.09 8.67 +0.00
- AWQ (W4A16) 7.35 7.40 7.40 +0.05
o Dense 7.93 7.93 7.93
(2]
r:\l Wanda (25%) 8.13 8.22 8.13 0.00
o 2SSP (25%) 12.74 1241 14.18 -0.33
&E’o GPTQ (W4A16)  8.27 8.27 8.67 0.00
AWQ (W4A16) 15.84 15.75 15.73 -0.11

Table 7: Language modeling perplexity (J). Com-
parison between COLA, ZipCal, and ZipCal (Multi-
Domain). A indicates the difference between our best
and COLA on Avg. over C4, WikiText, and Pile.

6 Conclusion

In this paper, we highlighted the limitations of cur-
rent calibration data selection strategies for com-
pression algorithms, which are either based on
pure random sampling or use expensive, model-
and task- dependent calibration strategies, limit-
ing performance across multiple models and tasks.
To address these issues, we proposed ZipCal, a
model-agnostic, computationally cheap data cu-
ration strategy for both pruning and quantization
approaches, which selects calibration data by fol-
lowing a linguistics-principled Zipfian distribution.
Results show that the proposed method performs
better than random on majority of the evaluation
benchmarks, and more importantly, on par with
state-of-the-art data curation approaches while re-
quiring minimal overhead. Furthermore, we also in-
troduced a multi-domain version of ZipCal, which
applies Zipf sampling hierarchically across differ-
ent calibration datasets. Results show that the re-
sulting unified multi-domain calibration dataset al-
lows for outperforming single-domain calibration,
proving a solution to the aforementioned problem
of inter-task sub-optimality.
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Limitations

While we provide extended experimental insights
on choosing calibration data based on linguistic
diversity, we acknowledge the following limita-
tions to the current study. We mainly relied on
English calibration data and evaluation tasks for
the main paper, with an accompanying extension
to Spanish and Chinese. Although Zipf’s Law is
a cross-linguistic phenomenon (Piantadosi, 2014),
the specific “sanitization” process (e.g., lowercase
conversion and subword marker stripping) may re-
quire tuning for morphologically rich languages
or non-alphabetic scripts. Our experiments focus
on three specific families of LLMs (Llama-3.1-8B,
Gemma-2-9B, and Qwen3-8B) and four compres-
sion methods. It remains to be seen how lexical
diversity as a curation proxy behaves for Mixture-
of-Experts (MoE) models, where activation routing
might necessitate a different balance of data to en-
sure all “experts” are adequately calibrated. Simi-
larly, extending this approach to Multimodal Large
Language Models (MLLMs) would require a mul-
timodal analogue of lexical diversity that captures
the distributional properties of non-textual tokens,
such as visual, audio, or video modality.

Ethics Statement

This work focuses on efficient data curation for
model compression. All models, datasets, and
benchmarks used in this research are publicly avail-
able with appropriate licenses. We credit original
authors throughout the manuscript and acknowl-
edge their contributions. We acknowledge that data
selection processes can inadvertently amplify exist-
ing biases in the source data, and we have reported
detailed performance statistics across our bench-
marks. We also recognize that efficient techniques
for deploying LLMs accelerate Al adoption, po-
tentially leading to misuse. However, our focus
remains on the foundational technical aspects of
data curation rather than specific downstream ap-
plications of Al
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A Detailed Algorithms and Proofs

Multi-Domain Sampling We present here the
pseudocode for the Multi-Domain selection pro-
cedure, Algorithm 2, and prove Lemma 3.2, the
time complexity of ZipCal in this setting. For
the lightweight embedding used for all our exper-
iments, we relied on all-MinilLM-L6-v2 (Wang
et al., 2020).

Proof. Given m datasets D; : i € (1,m). In
the first stage, Single-Domain ZipCal is executed
for each dataset. Let n; be the size of dataset D;.
From Lemma 3.1, the complexity for each source
is O(n;k). An upper bound to this operation is
mkN, where N = maxp,(n;) The second stage
involves the k-centers greedy selection on a pool
of size mk. At each of the k iterations, we calcu-
late the distance between the remaining candidates
and the current set S. The cost of this stage is
O(k - (mk) - d), where d is the dimensionality of
the sample representation. Since m and k are typ-
ically << N, the term mkd is negligible. Thus,
the overall complexity is dominated by the initial
ZipCal pass, yielding O(mkN). O

B Complementary Results to the Main
Matter

We report here additional tables that were omitted
from the main paper due to length constraints. In
particular, Tables A1 and A2 show the compari-
son between COLA and Single-Domain ZipCal
under AWQ and 2SSP compression, respectively.
Standard deviations on all tables are derived from
3 seeded runs.

Algorithm 2: Multi-Domain ZipCal
Input: Collection of datasets
D = {D,...,Dy}; Final budget k
Output: Multi-Domain calibration set .S
1 P+ 0
2 foreach D; € D do
// Step 1: Single-Domain ZipCal
3 PZ — ZipCal(DZ-, k) )
4 P« PUPF;
// Step 2: Global K-Centers Greedy
Selection
Vs € P create a lightweight embedding;
s1 < select random s € P;
S <« {51};
for j =2to kdo
§*
arg maxcp\ g (min.es dist(s, 2)) ;
10 S SuU{s'};

11 return S ;

e e NN & W

Expanding the Model-Agnostic Claim We ex-
tend our single-domain evaluation to Qwen3 (Yang
et al., 2025a), an architecturally distinct third
family (QK-norm, unlike Llama’s pre-norm-
only (Grattafiori et al., 2024) or Gemma 2’s
pre+post-norm design (Team et al., 2024)). Results
in Table A10 confirm that our main claims hold:
ZipCal matches or exceeds COLA across com-
pression methods, despite using calibration data
selected in a fraction of the time.

Effects of Context Length We investigate the ef-
fect of calibration sequence length by testing across
a set of values w € [16,2048] and setting the num-
ber of samples £ = 128. As shown in Figure Al,
we find that for most compression techniques, no
significant improvement is observed by increasing
the context window. Performance is flat even at
w = 16, which suggests that lexically diverse cali-
bration sets work even at small scales. This trend
seems to be characterized by the compression tech-
nique itself rather than the length of the calibration
set. For instance, 2SSP shows extreme sensitivity
and strictly requires the longest context length to
recover performance. The reason is that 2SSP re-
moves entire attention submodules, which requires
capturing long-range relationships; at small con-
text length, this information is removed and leads
to biased pruning. Our results are in line with the
comprehensive analysis of (Oh and Oh, 2025).
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Figure A1: Effect of calibration data context length on
model capabilities across compression techniques for
LLaMA-3.1-8B-Instruct.

Effects of Calibration Sample Size To further
highlight the efficiency of ZipCal, we analyze the
impact of the number of samples in the calibra-
tion set by testing k € [16,2048] with context
length w = 2048. The results in Figure A2 show
great stability among capabilities and the number
of samples. Once again, 2SSP shows greater sen-
sitivity to sample count. Surprisingly, Code and
Math capabilities actually benefit from a smaller
number of samples (38% vs. 31% using 16 vs.
1024 samples, respectively, for Math capabilities
after 2SSP), finding a negligible decrease. Com-
pared to baselines such as COLA (He et al., 2025),
which exhibit some capability shifts at larger sam-
ple sizes, ZipCal provides a much more stable and
predictable function.

Scalability to Larger Language Models To in-
vestigate if ZipCal data curation is effective on
larger models, we repeat the set of experiments
about Single-Domain and Multi-Domain data cu-
ration on Llama-3.1-70B-Instruct. For Single-
Domain data curation, we can see in Table A1l
that the patterns seen on smaller models hold even
in this case, with performances that are on par with
COLA but require much less time to extract the cu-
ration set of samples ‘G1, increasing the 188x
speedup of the 8B model to 404x. On Multi-
Domain curation, the advantages of ZipCal are
even more pronounced, Table A12. For the reten-

---- Dense  =—e— 2SSP AWQ

Commonsense

—— GPTQ —+— \Wanda

NLI / Reading
0.75

o
©
vl

’

e
~
o

Avg. accuracy
o
o
w
Avg. accuracy
© o
~ ~
o w

o
[
S

o

o

o
e
o
o

16 128 512 1024 16 128 512 1024
Math Code

I
N

o
)

o
]

Avg. accuracy
o
N
w
Avg. accuracy
o
»

.

16 128 512 1024 16 128 512 1024
Number of calibration samples

o
)
o
o
W

Figure A2: Effect of the number of calibration data
samples on model capabilities across compression tech-
niques for LLaMA-3.1-8B-Instruct.

tion of mathematical capabilities, ZipCal is able to
protect the information flow with performance that
is very close to the dense model. On the other hand,
COLA completely fumbles these tasks, leading to
a net delta on the overall quality of the results that
averages +3.38.

C Assessing Zipf Coverage

As illustrated in Figure 1, ZipCal achieves a vo-
cabulary coverage that better reflects the original
dataset. When restricted to a standard budget of
128 samples, ZipCal identifies by construction the
subset that yields the longest possible Zipfian tail.
On the other hand, random sampling would need
a significantly higher number of samples in order
to cover the same vocabulary space. COLA’s se-
lection criterion leads to a similar distribution to
random sampling. This advantage in coverage is
especially noticeable in lexically rich corpora like
WinoGrande and HellaSwag, where the gap be-
tween ZipCal and competing baselines reaches up
to half an order of magnitude. At extremely tiny
samples (i.e., 16), Figure A3, the difference is even
more pronounced, with ZipCal being the only one
capable of covering more than half of the original
vocabulary. For large amounts of samples, Fig-
ure A4, ZipCal actually covers the whole vocabu-
lary space compared to the other baselines. A qual-
itative analysis on the selected samples reveals that
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Figure A3: Token frequency distribution of the original datasets and the random, COLA, and ZipCal sampling

calibration sets using 16 samples.
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Figure A4: Token frequency distribution of the original datasets and the random, COLA, and ZipCal sampling

calibration sets using 1024 samples.

Calibration Samples C.1: HellaSwag

ZipCal Median Length: 30.0, Unique Words: 1455

* A man has shaving cream on his face and reads a
label on a pressurized can and discusses it. a man
Shaving

Afterwards, he does a light sanding of the table.
With a tack rug, he removes the dust. Wearing
gloves, he applies a stain to the table. finally Pol-
ishing forniture

¢ Two men walked over the football table, one man
counted the dice on the side. The players twist and
push and pull the poles as they play on the table.
the camera men Table soccer

COLA Median Length: 23.0, Unique Words: 927

* There’s a man in a gym using an elliptical machine.
he Elliptical trainer

* There’s a man in a gym using an elliptical machine.
He is wearing a pair of black track pants, black shirt
and a cap. he Elliptical trainer

¢ This girl is doing a video of how to make your white
shoes become sparkly clean. you Cleaning shoes

ZipCal selects samples with significantly higher
median lengths and Type-Token Ratios (TTR). This

advantage is especially noticeable in lexically rich
corpora like WinoGrande and HellaSwag, where
the gap between ZipCal and competing baselines
reaches half an order of magnitude, capturing the
encyclopedic context that others ignore. We pro-
vide some examples in Boxes C.1 and C.2.

D Extended Mechanistic Analysis

To mechanistically understand why maximizing
lexical diversity yields a more robust compressed
model, we must examine the phenomenon of small-
sample vocabulary collapse. In natural language,
tokens follow a strict Zipfian distribution. When
extracting a purely random, small calibration set
(e.g., 128 samples), the long-tail parameters are
probabilistically excluded. This leads to a calibra-
tion subset heavily biased towards highly frequent
stop-words. Consequently, compression models
evaluate weight importance on a flattened latent
space, pruning the sub-networks tied to rare se-
quences.

Our proposed method, ZipCal, intentionally mit-
igates this collapse by selecting the sample set to

mimic the macroscopic Zipfian structure of the en-
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Calibration Samples C.2: BoolQ

ZipCal Median Length: 171.5, Unique Words: 8451

* The black turtle bean is a small, shiny variety of the
common bean (Phaseolus vulgaris), especially pop-
ular in Latin American cuisine, though it can also
be found in Cajun and Creole cuisines of south
Louisiana. Like most common beans, they are
native to the Americas, but have been introduced
around the world. They are also used in East In-
dian cooking, Punjabi cuisine and are referred to
as black beans and in Maharshtrian cuisine known
as “Kala Ghevada”. They are used interchange-
ably with vigna mungo in countries such as the US.
They are often simply called black beans (frijoles
negros, zaragoza, judia negra, poroto negro, caraota
o habichuela negra in Spanish, and feijdo preto in
Portuguese), although this can cause confusion with
other black beans. are black beans the same as turtle
beans.

* The story begins as a girl named Sally and her
brother, who serves as the narrator of the book,
sit alone in their house on a cold, rainy day, staring
wistfully out the window. Then they hear a loud
bump which is quickly followed by the arrival of
the Cat in the Hat, a tall anthropomorphic cat in a
red and white striped hat and a red bow tie. The Cat
proposes to entertain the children with some tricks
that he knows. The children’s pet fish refuses, in-
sisting that the Cat should leave. The Cat responds
by balancing the fish on the tip of his umbrella. The
game quickly becomes increasingly trickier, as the
Cat balances himself on a ball and tries to balance
lots of household items on his limbs until he falls
on his head, dropping everything he was holding.
The fish admonishes him again, but the Cat in the
Hat just proposes another game. does the cat in the
hat have a name

COLA Median Length: 76.0, Unique Words: 4204

* The Stanley Cup playoffs consists of four rounds
of best-of-seven series. Each series is played in a
2-2-1-1-1 format...

* United States Army Basic Training (also known as
Initial Entry Training, IET) is the recruit training
program of physical and mental preparation...

tire dataset, exposing the compression technique to
the long-tail tokens. We validate this mechanisti-
cally through three distinct empirical observations
on Llama-3.1-8B-Instruct.

¢ Distributional Fidelity (KL Divergence):
We measured the Kullback-Leibler (KL) Di-
vergence between the calibration samples
(k = 128) and the full datasets, decom-
posed by frequency region: the head (top 10%
most frequent tokens) and the tail (remain-
ing 90%). We measure this for 5 datasets
(BoolQ, WinoGrande, ARC-C, GSMS8K, Hel-
laSwag). ZipCal shows a consistent trade-
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off: substantially improved tail-region match-
ing (KL(tail) drops by 3.3-61.0%, e.g., from
16.40 to 7.87 on HellaSwag), paired with
increased head-region divergence (KL(head)
rises by 62.1-168.1% across datasets, e.g.,
from 1.02 to 2.73 on HellaSwag). This con-
firms that ZipCal’s benefit is concentrated in
restoring exposure to the long tail of the distri-
bution, the intended design goal and that this
concentration comes at a cost to head-region
fidelity. Since ZipCal reallocates probability
mass toward tail tokens to counteract their un-
derrepresentation, it necessarily samples head-
region tokens less exhaustively than random
sampling would, which by construction satu-
rates the head almost immediately.

Pruning Mask Overlap: To verify how this
distributional shift physically alters the prun-
ing decisions, we computed the overlap be-
tween the masks generated by our 128-sample
sets and both a small and large-scale mask
derived from 128 and 1024 random samples.
Because the datasets consist of high-frequency
stop-words, both a small random sample (128)
and a large random sample (1024) are domi-
nated by the exact same "head" of the distribu-
tion. As aresult, the 128-sample random mask
is virtually identical to the 1024-sample mask
(1 98-99% overlap). This proves that simply
increasing the random sample size, or using a
random subset, just repeatedly reinforces the
same weights tied to highly frequent tokens,
ignoring the tail. In contrast, ZipCal inten-
tionally diverges from this frequency-biased
consensus, with mask overlaps dropping to
85%-94% (especially evident in the o_proj
and down_proj layers). This systematic diver-
gence confirms that ZipCal rescues distinct
pathways associated with rare concepts that
standard sampling would otherwise discard.

Calibration Entropy as the Dominant Pre-
dictor: Finally, we correlated various dis-
tributional properties of the calibration sets
with the post-compression performance drop
(A). Interestingly, simply counting the inclu-
sion of rare tokens is not significantly predic-
tive. Instead, the absolute Calibration En-
tropy exhibits an overwhelming correlation
with post-compression resilience (Pearson’s
p=0.94,p < 0.005).



In conclusion, our mechanistic analysis proves
that the resilience of the ZipCal-compressed model
is not just a byproduct of encountering more words,
but stems from restoring the entropy of the original
corpus in miniature. By forcing a globally represen-
tative lexical space during calibration, intermediate
layer activations maintain their fidelity across the
true latent space, preserving the capabilities of the
pruned network.

E Comparison with a Generative Data
Curation Baseline

To further validate the quality of the calibration data
selected by ZipCal, we compare against DSnoT (Ji

et al., 2025), a self-generative baseline that com-
bines perplexity-based sample selection with a self-
generation phase, in which a portion of tokens are
masked from each selected sample and regenerated
by the model itself. Since DSnoT’s publicly re-
leased implementation only supports C4, WikiText,
and Pile as calibration sources, we restrict this com-
parison to those datasets; adapting DSnoT to the
full set of calibration datasets considered in our
work is beyond the scope of this paper. Results are
reported in Table A4.
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‘ H H COLA H ZipCal

Calibration Category Calibration Category

Task ‘ ‘ Dense

Model LangMod Math CommQA NLI = KnowTran ‘ Mean || LangMod Math CommQA NLI  KnowTran ‘ Mean A
MMLU-M | 24.44 24.40 24.60 24.30 24.40 24.50 24.44 24.50 24.30 24.40 24.20 24.70 24.42 | -0.02
GSM8k 78.09 72.35 62.51 69.67 69.60 70.77 68.98 71.80 63.10 68.90 70.10 70.50 68.88 | -0.10
- HellaSwag || 71.71 72.20 71.38 71.28 72.10 71.45 71.68 72.40 71.10 71.50 71.80 71.60 71.68 | 0.00
E WinoGr. 69.46 67.19 67.05 67.52 65.98 66.02 66.75 66.90 67.30 67.20 66.50 65.80 66.74 | -0.01
‘g OBQA 47.80 46.60 44.90 46.50 45.20 46.30 45.90 46.80 44.50 46.10 45.50 46.50 45.88 | -0.02
; BoolQ 84.46 83.92 84.28 84.20 83.70 84.24 84.07 83.50 84.40 83.80 84.10 84.00 83.96 | -0.11
© RTE 74.73 74.01 72.92 73.47 72.02 73.10 73.10 73.80 73.10 73.00 72.50 73.30 73.14 | +0.04
p ANLI 58.40 56.33 50.95 53.40 53.30 53.80 53.56 55.80 51.50 53.10 53.90 53.40 53.54 | -0.02
g ARC-C 51.71 50.03 51.41 49.62 50.04 49.96 50.21 50.50 50.80 49.90 49.70 50.30 50.24 | +0.03
= ARC-E 73.86 73.36 71.72 72.14 72.69 72.85 72.55 72.90 71.90 71.80 72.80 72.50 7238 | -0.17
= MMLU-K || 62.28 58.52 58.52 58.31 58.11 59.12 58.52 58.10 58.80 58.15 58.30 58.90 58.45 | -0.07
Mean 63.36 60.81 59.97 60.84 60.72 61.13 60.89 60.64 60.07 60.67 60.85 61.17 60.85 -0.04
+0.98 +0.75 |
Runtime 5400s 36s 3240s 2160s 1380s 2443s 15.2s 2.3s 12.3s 9.3s 14.5s 10.7s  228x
MMLU-M || 21.48 21.40 21.40 21.35 21.45 21.40 21.40 21.40 21.35 21.30 2145 2145 21.39 | -0.01
GSM8k 75.44 74.17 7491 74.07 73.96 74.00 74.22 74.50 74.50 73.80 74.20 73.70 74.14 | -0.08
HellaSwag || 67.24 67.25 67.81 68.04 67.39 67.42 67.58 66.90 67.90 67.50 67.50 67.20 67.40 | -0.18
WinoGr. 70.48 69.53 69.65 69.73 69.34 69.65 69.58 69.80 69.20 69.90 69.10 69.40 69.48 | -0.10
i OBQA 45.40 45.47 44.70 45.20 45.50 45.00 45.17 45.10 45.00 44.90 45.80 44.80 45.12 | -0.05
R BoolQ 88.59 88.53 88.53 88.61 88.58 88.59 88.57 88.70 88.40 88.50 88.70 88.40 88.54 | -0.03
(; RTE 78.34 79.06 77.26 76.90 77.26 77.44 77.58 78.50 77.50 76.50 77.00 77.60 7742 | -0.16
E ANLI 72.80 71.77 72.10 71.90 70.70 72.35 71.76 72.00 71.80 72.10 70.50 72.10 71.70 | -0.06
g ARC-C 51.79 51.11 51.49 51.41 51.58 50.81 51.28 50.80 51.70 51.20 51.80 50.50 51.20 | -0.08
ARC-E 66.79 66.40 66.35 67.09 66.88 66.58 66.66 66.60 66.10 66.80 67.10 66.30 66.58 | -0.08
MMLU-K 33.83 35.73 28.90 30.12 31.79 33.46 32.00 35.10 29.50 29.80 32.10 33.10 31.92 | -0.08
Mean 61.11 60.95 60.26 60.22 60.40 60.61 60.53 61.03 60.27 60.21 60.48 60.41 60.44  -0.09
+0.84 40.86 |
Runtime 6231s 149s 3400s 2671s 1500s 2790s 15.2s 2.3s 12.3s 9.3s 14.5s 10.7s  260x
Table Al: Comparison of COLA vs. ZipCal calibration data under AWQ W4A 16 compression.
\ I I coLa I ZipCal
Calibration Category Calibration Category
Model | Task H Dense | LangMod Math CommQA  NLI  KnowTran ‘ Mean || LangMod Math CommQA NLI  KnowTran ‘ Mean A
MMLU-M || 24.44 22.30 23.40 21.80 21.10 22.50 22.22 22.10 22.90 21.50 21.30 22.00 21.96 | -0.26
GSM8k 78.09 6.34 13.68 0.00 0.00 4.36 4.88 4.98 8.42 0.23 3.87 5.65 4.63 | -0.25
- HellaSwag || 71.71 61.32 60.53 60.66 57.32 57.21 59.41 60.26 61.29 58.73 59.30 59.23 59.76 | +0.35
E WinoGr. 69.46 60.69 58.68 59.04 60.18 61.56 60.03 61.69 59.63 60.62 61.80 61.72 61.09 | +1.06
‘g OBQA 47.80 41.93 38.10 41.80 40.50 38.90 40.25 40.60 39.90 41.60 40.80 40.70 40.72 | +0.47
; BoolQ 84.46 75.64 71.36 69.36 71.64 74.85 72.57 74.01 72.66 67.06 75.46 70.60 71.96 | -0.61
®© RTE 74.73 66.43 65.52 63.00 71.12 69.13 67.04 67.99 59.93 64.98 65.34 71.12 65.87 | -1.17
o ANLI 58.40 47.63 39.75 45.00 45.85 44.25 44.50 40.53 35.10 37.30 36.05 39.05 37.61 | -6.89
g ARC-C 51.71 39.51 39.04 42.15 39.16 38.69 39.71 38.88 37.03 39.51 36.22 38.44 38.01 | -1.70
= ARC-E 73.86 61.91 62.61 65.85 63.97 61.70 63.21 63.13 58.92 64.27 5747 60.71 60.90 | -2.31
= MMLU-K | 62.28 39.87 34.59 33.25 37.68 32.54 35.59 38.27 26.98 29.89 29.85 31.30 3126 | -4.33
Mean 63.36 47.60 46.12 45.63 46.23 45.97 46.31 46.59 43.89 44.15 44.31 45.50 4489 -142
+0.39 +0.40 |
Runtime 5400s 36s 3240s 2160s 1380s 24435 15.2s 2.3s 12.3s 9.3s 14.5s 10.7s  228x
MMLU-M || 21.48 19.50 20.40 18.90 18.40 19.10 19.26 19.10 20.00 18.50 18.70 18.80 19.02 | -0.24
GSMB8k 75.44 4.50 7.80 1.20 0.50 2.50 3.30 3.20 5.40 0.00 2.10 3.10 2.76 -0.54
HellaSwag || 67.24 56.40 55.20 57.10 54.80 53.90 55.48 54.10 55.60 53.20 55.00 54.80 54.54 | -0.94
WinoGr. 70.48 59.50 57.80 58.40 59.10 60.50 59.06 60.20 58.10 59.30 60.50 59.90 59.60 | +0.54
i OBQA 45.40 39.50 36.40 38.20 39.10 37.50 38.14 38.10 37.50 39.20 38.60 38.90 38.46 | +0.32
R BoolQ 88.59 76.20 72.10 69.50 71.80 74.30 72.78 74.50 73.20 68.10 75.10 71.20 7242 | -0.36
':'; RTE 78.34 67.50 65.20 62.80 68.40 66.10 66.00 68.10 63.40 65.70 66.80 67.50 66.30 | +0.30
E ANLI 72.80 54.20 48.50 51.30 53.10 52.40 51.90 49.50 45.20 47.80 46.90 48.50 47.58 | -4.32
g ARC-C 51.79 40.10 39.50 41.20 39.80 38.40 39.80 39.20 38.10 40.50 37.60 39.10 38.90 | -0.90
ARC-E 66.79 59.20 58.40 60.50 59.80 58.20 59.22 60.10 57.50 61.20 56.40 59.30 58.90 | -0.32
MMLU-K 33.83 24.12 21.45 22.10 25.30 20.90 22.77 23.10 19.80 20.45 21.00 21.50 21.17 | -1.60
Mean 65.07 45.52 43.88 43.75 44.55 43.98 44.34 44.47 43.07 43.10 43.52 43.88 43.61 -0.73
+0.56 +0.58 |
Runtime 6231s 149s 3400s 2671s 1500s 2790s 15.2s 2.3s 12.3s 9.3s 14.5s 10.7s  260x

Table A2: Comparison of COLA vs. ZipCal under 2SSP compression at 25% sparsity.
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Model Method COLA ZipCal ZipCal (Multi-Domain) A Avg
Wiki C4 Pile Avg Wiki C4 Pile Avg Wiki C4 Pile Avg

Dense 703 971 471 7.5 703 971 471 715 7.03 971 471 1715
Llama-3.1-8B Wanda (25%) 7.62 1070 498 7.77 7.60 10.71 498 7.76 7.52 10.54 494 7.67 -0.10
' 2SSP (25%) 18.53 21.09 9.36 16.32 17.34 21.09 9.00 15.81 19.53 25.80 10.22 1852 +2.20
GPTQ (W4A16) 7.71 1142 513 809 7.71 1140 515 8.09 859 12.08 534 8.67 +0.58
AWQ (W4A16) 7.21 10.04 479 7.35 731 10.09 481 740 732 1007 4.82 740 +0.05

Dense 763 1153 4.63 793 7.63 1153 4.63 793 7.63 11.53 463 793
Gemma-2-98 Wanda (25%) 7.87 11.78 474 813 792 1199 476 822 7.86 11.82 472 813 0.00
2SSP (25%) 1256 19.20 647 1274 11.68 19.08 6.47 12.41 14.14 2155 6.86 14.18 +1.44

GPTQ (W4A16) 793 12.05 482 827 793 1206 481 827 844 1259 499 8.67 +0.40
AWQ (W4A16) 16.01 21.87 9.64 15.84 16.01 21.54 9.71 15.75 16.01 21.51 9.67 15.73 -0.11

Table A3: Language modeling perplexity (). Comparison between standard COLA, Single-Domain ZipCal, and
Multi-Domain ZipCal. A indicates the difference between ZipCal (Multi-Domain) and COLA on Avg.

\ Wanda (25%) GPTQ (W4A16) AWQ (W4A16)
Task Dense | DSnoT zipal ~ A | DSnoT ZipCal A | DSnoT ZipCal A

MMLU-M 2444 | 2404 2414 +0.10 | 23.33 24.07 +0.74 | 23.12  24.07 +0.95
GSMBK 78.08 | 76.15 7717  +1.02 | 70.12  70.63 +0.51 | 36.13 3846 +2.33
HellaSwag 71.70 | 63.12 6428 +1.16 | 64.23 6420 -0.03 | 6420 64.85 +0.65
WinoGr. 7356 | 6720 68.07  +0.87 | 67.39 67.39 +0.00 | 66.14  68.71 +2.57
OBQA 47.80 | 42.10 4242 4032 | 42.02 41.10 -0.92 | 40.04 4045 +041

BoolQ 85.41 | 84.43 84.64 +0.21 | 83.53 83.44 -0.09 | 84.06 8436 +0.30
RTE 7437 | 7239 72777 4038 | 71.75 73.06 +1.31 | 7534 7347 -1.87
ANLI 58.40 | 4230  60.64 +18.34 | 4564 5390 +8.26 | 44.65 5320  +8.55

ARC-C 53775 | 50.54 50.89 +035 | 50.03 5037 +0.34 | 5141 51.54 +0.13
ARC-E 82.24 | 76.98  76.67 -0.31 7543 7622 +0.79 | 76.47 7649 +0.02
MMLU-K  62.28 | 6228 6246 +0.18 | 5813 58.08 -0.05 | 57.23 5749 +0.26

Mean 6473 | 60.14 6220  +2.06 | 59.24  60.22 +0.99 | 5625 57.55 +1.30

Table A4: Performance comparison against DSnoT across different tasks and compression techniques for
Meta-Llama-3.1-8B-Instruct.

| T coLa [ Zipcal [
Model | Task | Dense || Know-ES Know-ZH Comm-ZH | Mean || Know-ES Know-ZH Comm-ZH | Mean || A
MMLU-ES 59.00 59.88 59.38 60.00 59.75 59.38 58.88 59.50 59.25 || -0.50
‘g XQuAD-ES 28.84 34.30 34.92 33.31 34.18 38.18 38.80 37.19 38.06 || +3.88
,E XNLI-ES 44.78 45.16 44.30 43.67 44.38 43.59 42.73 42.10 42.81 -1.57
= MMLU-ZH 54.50 56.13 55.00 54.13 55.08 57.37 56.24 55.37 56.33 || +1.25
a; XQuAD-ZH 24.51 23.85 25.35 22.77 23.99 23.97 25.47 22.89 24.11 || +0.12
— XNLI-ZH 42.77 43.39 4291 43.78 43.36 43.37 42.39 43.76 43.34 || -0.02
'g XWino-ZH 70.04 70.63 71.13 71.92 71.23 71.53 72.03 72.82 72.13 || +0.90
E XCOPA-ZH 76.60 74.80 74.80 74.30 74.63 75.60 75.60 75.10 75.43 || +0.80
~ Mean 50.13 51.02 50.97 50.49 50.83 51.62 51.58 51.09 51.43 || +0.60
Runtime (sec) 1367s 1409s 327s 1034s 7.5s 7.8s 1.6s 5.5s 188 x
MMLU-ES 26.25 25.00 25.12 25.75 25.29 25.62 25.50 25.38 25.50 || +0.21
XQuAD-ES 27.09 27.00 26.99 27.70 27.23 27.05 27.08 27.01 27.04 || -0.19
= XNLI-ES 50.20 49.34 49.26 48.96 49.18 49.57 49.18 49.28 49.34 || +0.16
é MMLU-ZH 28.50 31.75 28.87 31.37 30.67 30.25 30.63 29.25 30.04 || -0.63
Q XQuAD-ZH 16.28 16.01 16.46 16.42 16.30 16.71 17.08 16.58 16.79 | +0.49
E XNLI-ZH 37.15 37.31 37.25 36.85 37.14 37.46 36.77 36.71 36.98 -0.16
g XWino-ZH 62.90 64.29 64.78 63.59 64.22 65.08 65.18 64.68 64.98 || +0.76
o XCOPA-ZH 70.80 70.20 70.50 70.80 70.50 70.93 70.90 70.60 70.81 || +0.31
Mean 39.89 40.11 39.90 40.18 40.07 40.33 40.29 39.94 40.19 || +0.12
Runtime (sec) 2130s 1832s 521s 1494s 7.5s 7.8s 1.6s 5.5s 271 %

Table A5: Comparison of COLA vs. ZipCal on multilingual tasks under Wanda compression at 25% sparsity.
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‘ H COLA ZipCal
Model ‘ Task H Dense H Know-ES  Know-ZH Comm-ZH ‘ Mean H Know-ES  Know-ZH Comm-ZH ‘ Mean H A
MMLU-ES 59.00 53.12 51.88 51.75 52.25 51.50 50.26 50.13 50.63 || -1.62
‘g XQuAD-ES 28.84 33.75 37.87 40.01 37.21 33.46 37.58 39.72 36.92 || -0.29
£ XNLI-ES 4478 43.45 45.26 43.78 44.16 42.21 44.02 42.54 4292 || -1.24
= MMLU-ZH 54.50 44.63 51.50 47.13 47.75 51.50 58.37 54.00 54.62 || +6.87
g XQuAD-ZH 24.51 26.94 32.81 30.05 29.94 20.14 26.01 23.25 23.13 || -6.81
— XNLI-ZH 42.77 38.59 41.33 41.18 40.37 38.31 41.05 40.90 40.09 || -0.28
2 XWino-ZH 70.04 67.56 72.42 70.54 70.17 65.87 70.73 68.85 68.48 || -1.69
g XCOPA-ZH 76.60 72.10 75.90 76.30 74.77 74.00 77.80 78.20 76.67 || +1.90
= Mean 50.13 47.52 51.12 50.09 49.58 47.12 50.73 49.70 49.18 || -0.40
Runtime (sec) 1367s 1409s 327s 1034s 7.5s 7.8s 1.6s 5.5s 188 x
MMLU-ES 26.25 25.12 24.75 26.38 25.42 28.75 26.50 25.12 26.79 || +1.37
XQuAD-ES 27.09 27.28 27.92 27.38 27.53 27.09 26.63 26.32 26.68 || -0.85
= XNLI-ES 50.20 49.64 48.98 49.42 49.34 49.04 49.12 48.84 49.00 || -0.34
g MMLU-ZH 28.50 26.38 26.50 28.25 27.04 30.00 27.50 26.88 28.12 || +1.08
Q XQuAD-ZH 16.28 16.41 16.94 16.11 16.49 15.79 16.28 15.27 1578 || -0.71
g XNLI-ZH 37.15 37.25 37.43 36.16 36.95 36.87 36.06 36.71 36.55 || -0.40
5 XWino-ZH 62.90 63.29 63.00 63.10 63.13 63.10 61.71 64.58 63.13 || 0.00
o XCOPA-ZH 70.80 71.00 70.60 71.40 71.00 70.67 70.90 71.30 70.96 || -0.04
Mean 39.89 39.55 39.51 39.77 39.61 40.16 39.34 39.38 39.63 || +0.02
Runtime (sec) 2130s 1832s 521s 1494s 7.5s 7.8s 1.6s 5.5s || 271x
Table A6: Comparison of COLA vs. ZipCal on multilingual tasks under GPTQ W4A16 compression.
| I COLA ZipCal
Model ‘ Task H Dense H Know-ES  Know-ZH Comm-ZH ‘ Mean H Know-ES  Know-ZH Comm-ZH ‘ Mean H A
MMLU-ES 59.00 54.13 52.75 48.25 51.71 52.51 51.13 46.63 50.09 || -1.62
1;; XQuAD-ES 28.84 31.97 36.14 33.22 33.78 31.68 35.85 32.93 3349 || -0.29
= XNLI-ES 44.78 43.45 41.14 41.73 42.11 42.21 39.90 40.49 40.87 || -1.24
= MMLU-ZH 54.50 49.75 51.50 50.37 50.54 56.62 58.37 57.24 57.41 || +6.87
g XQuAD-ZH 24.51 24.25 32.17 24.36 26.93 17.44 25.36 17.55 20.12 || -6.81
- XNLI-ZH 42.77 37.65 41.08 39.30 39.34 37.37 40.80 39.02 39.06 || -0.28
'2 XWino-ZH 70.04 68.45 71.73 72.32 70.83 66.76 70.04 70.63 69.14 || -1.69
g XCOPA-ZH 76.60 72.90 75.50 75.70 74.70 74.80 77.40 77.60 76.60 || +1.90
= Mean 50.13 47.82 50.25 48.16 48.74 47.42 49.85 47.76 48.34 || -0.40
Runtime (sec) 1367s 1409s 327s 1034s 7.5s 7.8s 1.6s 5.5s 188 x
MMLU-ES 26.25 25.50 26.25 25.50 25.75 26.87 27.62 26.87 27.12 || +1.37
XQuAD-ES 27.09 27.36 27.15 27.29 27.27 26.51 26.30 26.44 26.42 || -0.85
= XNLI-ES 50.20 48.61 49.56 49.82 49.33 48.27 49.22 49.48 48.99 || -0.34
g MMLU-ZH 28.50 25.75 30.13 31.75 29.21 26.83 31.21 32.83 30.29 || +1.08
Q XQuAD-ZH 16.28 16.00 16.57 16.32 16.30 15.29 15.86 15.61 15.59 || -0.71
g XNLI-ZH 37.15 37.21 36.51 36.24 36.65 36.81 36.11 35.84 36.25 || -0.40
E XWino-ZH 62.90 63.79 62.70 63.99 63.49 63.79 62.70 63.99 63.49 || 0.00
0 XCOPA-ZH 70.80 71.60 70.80 71.20 71.20 71.56 70.76 71.16 71.16 || -0.04
Mean 39.89 39.48 39.96 40.26 39.90 39.50 39.98 40.28 39.92 || +0.02
Runtime (sec) 2130s 1832s 521s 1494s 7.5 7.8s 1.6s 5.5s || 271x

Table A7: Comparison of COLA vs. ZipCal on multilingual tasks under AWQ W4A16 compression.
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| | COLA I ZipCal [

Model ‘ Task H Dense H Know-ES  Know-ZH Comm-ZH ‘ Mean H Know-ES  Know-ZH Comm-ZH ‘ Mean H A
MMLU-ES 59.00 44.00 41.75 33.75 39.83 45.50 43.25 35.25 41.33 || +1.50
‘g XQuAD-ES 28.84 49.59 50.03 41.25 46.96 49.94 50.38 41.60 47.31 || +0.35
,E XNLI-ES 4478 45.46 43.67 40.76 43.30 47.97 46.18 43.27 45.81 || +2.51
5 MMLU-ZH 54.50 38.00 43.63 34.88 38.83 35.25 40.88 32.13 36.08 || -2.75
a; XQuAD-ZH 24.51 25.75 26.90 20.40 24.35 22.02 23.17 16.67 20.62 || -3.73
— XNLI-ZH 42.77 34.96 39.98 36.53 37.16 40.44 45.46 42.01 42.64 || +5.48
E XWino-ZH 70.04 65.77 68.85 69.05 67.89 63.89 66.97 67.17 66.01 || -1.88
g XCOPA-ZH 76.60 65.10 68.60 69.30 67.67 62.80 66.30 67.00 65.37 || -2.30
~ Mean 50.13 46.08 47.93 43.24 45.75 45.98 47.82 43.14 45.65 || -0.10
Runtime (sec) 1367s 1409s 327s 1034s 7.5s 7.8s 1.6s 5.5s 188 x
MMLU-ES 26.25 44.12 30.75 37.45 37.44 34.88 36.25 34.00 35.04 || -2.40
XQuAD-ES 27.09 24.53 28.80 26.68 26.67 27.74 30.12 28.25 28.70 || +2.03
= XNLI-ES 50.20 46.22 43.25 4475 44.74 47.10 46.06 47.67 46.94 || +2.20
g MMLU-ZH 28.50 37.25 29.25 33.25 33.25 36.62 33.25 29.88 33.25 || 0.00
Q XQuAD-ZH 16.28 11.61 10.95 11.28 11.28 14.06 13.38 10.88 12.77 || +1.49
g XNLI-ZH 37.15 35.50 34.94 35.22 35.22 38.33 35.88 36.65 36.95 || +1.73
E XWino-ZH 62.90 64.88 61.51 63.18 63.19 63.76 61.21 61.41 62.13 || -1.06
o XCOPA-ZH 70.80 66.00 66.20 66.10 66.10 68.07 67.10 70.20 68.46 || +2.36
Mean 39.89 41.27 38.21 39.74 39.74 41.32 40.41 39.87 40.53 || +0.79
Runtime (sec) 2130s 1832s 521s 1494s 7.5s 7.8 1.6s 5.5s 271x

Table A8: Comparison of COLA vs. ZipCal on multilingual tasks under 2SSP compression with 25% sparsity.

| I I Wanda (25%) | 2SSP (25%) |  GPTQ(W4Al6) |  AWQ (W4Al6)
Model | Task | Dense || COLA zipcal A | COLA ziptal A |COLA zipal A |COLA zipCal A
- MMLU-ES || 59.00 || 59.75  62.06 +2.31| 39.83 4250 +2.67 | 5225 5100 -1.25 | 5171 5775 +6.04
E XQuAD-ES || 28.84 || 34.18 39.00 +4.82 | 4696 53.13 4617 | 3721 2990 -731 | 3378 29.04 -4.74
Z XNLI-ES 4478 || 4438 4421 017 | 4330 4401 +0.71| 4416 4385 -031 | 4211 4646 +4.35
2 MMLU-ZH || 5450 || 55.08 5725 +2.17 | 38.83 3650 233 | 4775 5500 +7.25 | 50.54 5275 +2.21
% XQuAD-ZH || 24.51 || 2399 2538 +1.39 | 2435 31.88 +7.53 | 2994 1492 -1502| 2693 2496 -197
- XNLI-ZH || 4277 || 4336 4248 -0.88 | 37.16 3461 -2.55 | 40.37 3738 -299 | 3934 3779 -155
g XWino-ZH || 70.04 || 7123 7063 -0.60 | 6789  67.65 -0.24 | 70.17 6944 -0.73 | 70.83 7162 +0.79
= XCOPA-ZH || 76.60 || 74.63 7620 +1.57 | 6767 6400 -3.67 | 7477 7400 077 | 7470 7600 +1.30
| Mean | 50.13 || 50.83 5215 +1.32| 4575 4679 +1.04 | 4958 4694 264 | 4874 4955 +0.81
MMLU-ES || 2625 || 2529 2600 +0.71| 3744 3550 -1.94 | 2542 2525 0.7 | 2575 2600 +0.25
XQUAD-ES || 27.09 || 2723 2733 +0.10 | 26.67 3149 +4.82 | 27.53  27.09 -044 | 2727 2733 +0.06
= XNLI-ES 5020 || 49.18 4927 +40.09 | 4474 4807 +333 | 4934 5092 +158 | 4933 49.18 -015
2 MMLU-ZH || 2850 || 30.67 33.00 +2.33 | 3325 4200 +875| 2704 2650 -0.54 | 2921  30.17 +0.96
Q XQuAD-ZH || 1628 || 1630 1697 +0.67 | 1128 1535 +4.07 | 1649 1627 -022 | 1630 1628 -0.02
g XNLI-ZH || 37.15 || 37.14 3678 036 | 3522 3682 +1.60| 3695 3598 -097 | 3665 3598 -0.67
g XWino-ZH || 62.90 || 6422  63.88 -0.34 | 63.19 6230 -0.89 | 63.13 63.69 +0.56 | 6349  63.88 +0.39
& XCOPA-ZH || 70.80 || 7050 7080 +0.30 | 66.10  68.60 +2.50 | 71.00 7080 ~-0.20 | 7120  70.80  -0.40

Mean | 39.89 || 40.07 40.50 +043 | 39.74 4252 4278 | 39.61 3956 -0.05 | 39.90 3995 +0.05

Table A9: Comparison of COLA vs. ZipCal (Multi-Domain and Multi-Lingual) performance across Wanda and
2SSP at 25% sparsity, and GPTQ and AWQ using W4A16 compression scheme.
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H Dense

COLA

ZipCal

Calibration Category

Calibration Category

Compression | Task LangMod Math CommQA NLI  KnowTran ‘ Mean | LangMod Math CommQA NLI  KnowTran ‘ Mean A
MMLU-M || 21.00 20.50 21.20 21.00 21.30 21.00 21.00 20.50 21.20 21.00 21.30 21.00 21.00 | 0.00
HellaSwag || 60.05 59.24 59.94 59.58 60.05 59.89 59.74 59.02 59.72 59.35 59.83 59.42 59.47 | -0.27
— WinoGr. 65.19 65.68 66.38 66.61 66.48 65.75 66.18 64.91 65.61 65.63 65.71 65.04 65.38 | -0.80
§ OBQA 35.80 35.30 36.00 35.60 36.10 36.00 35.80 34.23 34.93 34.90 35.03 34.70 34.76 | -1.04
a2 BoolQ 60.12 60.59 61.29 60.34 61.40 61.83 61.09 59.09 59.79 59.80 59.90 60.46 59.81 | -1.28
é RTE 60.29 47.15 47.85 47.29 47.95 48.01 47.65 50.22 50.92 49.10 51.02 52.53 50.76 | +3.11
s ANLI 33.30 33.05 3375 33.80 33.85 33.30 33.55 32.82 33.52 33.35 33.62 3335 3333 | -0.22
5 ARC-C 63.05 39.27 39.97 39.51 40.08 40.02 39.77 38.87 39.57 38.99 39.68 39.68 39.36 | -0.41
ARC-E 43.64 43.99 44.69 44.78 44.80 44.19 44.49 43.42 44.12 44.17 4423 44.17 44.02 | -0.47
MMLU-K || 22.95 2245 23.15 22.95 23.25 22.95 22.95 2245 23.15 22.95 23.25 22.95 2295 | 0.00
Mean 46.54 42.72 43.42 43.15 43.53 43.29 43.22 42.55 43.25 42.92 43.36 43.33 43.08 | -0.14
MMLU-M || 21.00 20.50 21.20 21.00 21.30 21.00 21.00 20.50 21.20 21.00 21.30 21.00 21.00 | 0.00
HellaSwag || 60.05 53.01 53.71 53.51 53.82 53.57 53.52 52.90 53.60 53.37 53.71 53.43 53.40 | -0.12
WinoGr. 65.19 63.83 64.53 64.33 64.64 64.70 64.41 63.36 64.06 63.67 64.17 64.04 63.86 | -0.55
9 OBQA 35.80 35.90 36.60 36.40 36.71 35.87 36.30 35.34 36.04 36.10 36.15 35.57 35.84 | -0.46
'& BoolQ 60.12 37.27 37.97 37.77 38.08 35.43 37.30 34.04 34.74 35.71 34.85 3337 3454 | -2.76
& RTE 60.29 47.88 48.58 48.38 48.69 49.46 48.60 53.61 5431 53.57 54.42 54.65 54.11 | +5.51
1] ANLI 33.30 33.10 33.80 33.60 3391 33.70 33.62 33.12 33.82 33.57 33.93 33.67 33.62 | 0.00
ARC-C 63.05 34.06 34.76 34.56 34.87 34.99 34.65 34.14 34.84 34.42 34.95 34.85 34.64 | -0.01
ARC-E 43.64 37.51 38.21 38.01 38.32 37.97 38.00 37.11 37.81 37.63 37.92 37.59 37.61 | -0.39
MMLU-K 22.95 22.61 23.31 23.11 2342 23.11 23.11 22.61 23.31 23.11 23.42 23.11 23.11 0.00
Mean 46.54 38.57 39.27 39.07 39.38 38.98 39.05 38.67 39.37 39.21 39.48 39.13 39.17 | +0.12
MMLU-M || 21.00 20.50 21.20 21.00 21.30 21.00 21.00 20.50 21.20 21.00 21.30 21.00 21.00 | 0.00
HellaSwag || 60.05 59.02 59.72 59.43 59.83 59.60 59.52 58.56 59.26 59.45 59.37 58.57 59.04 | -0.48
[ WinoGr. 65.19 64.89 65.59 64.80 65.70 65.98 65.39 63.93 64.63 64.13 64.74 64.17 64.32 | -1.07
Z OBQA 35.80 34.90 35.60 36.00 35.71 34.80 35.40 3435 35.05 34.90 35.16 34.90 34.87 | -0.53
; BoolQ 60.12 57.73 5843 62.08 58.54 54.37 58.23 55.67 56.37 62.05 56.48 54.56 57.03 | -1.20
5 RTE 60.29 46.79 47.49 47.29 47.60 47.29 47.29 50.79 51.49 50.18 51.60 51.81 51.17 | +3.88
E ANLI 33.30 32.80 33.50 32.90 33.61 33.70 33.30 3293 33.63 33.75 33.74 33.30 3347 | +0.17
&} ARC-C 63.05 39.05 39.75 39.33 39.86 39.76 39.55 38.79 39.49 39.38 39.60 3933 39.32 | -0.23
ARC-E 43.64 43.17 43.87 43.73 43.98 43.60 43.67 42.85 43.55 43.69 43.66 43.39 43.43 | -0.24
MMLU-K || 22.95 22.45 23.15 22.95 23.25 22.95 22.95 2245 23.15 22.95 23.25 22.95 2295 | 0.00
Mean 46.54 42.13 42.83 42.95 42.94 42.30 42.63 42.08 42.78 43.15 42.89 42.40 42.66 | +0.03
MMLU-M || 21.00 20.50 21.20 21.00 21.30 21.00 21.00 20.50 21.20 21.00 21.30 21.00 21.00 | 0.00
HellaSwag || 60.05 58.87 59.57 59.52 59.68 59.22 59.37 59.22 59.92 59.67 60.03 59.63 59.69 | +0.32
e WinoGr. 65.19 64.38 65.08 64.48 65.19 65.27 64.88 64.12 64.82 64.40 64.93 63.81 64.42 | -0.46
=z OBQA 35.80 34.30 35.00 35.20 35.11 34.40 34.80 35.03 3573 35.50 35.84 35.50 35.52 | +0.72
§ BoolQ 60.12 61.21 61.91 62.11 62.02 61.31 61.71 54.20 54.90 61.38 55.01 56.68 5643 | -5.28
= RTE 60.29 45.89 46.59 45.13 46.70 47.65 46.39 54.40 55.10 57.04 55.21 59.03 56.16 | 49.77
g ANLI 33.30 32.80 33.50 33.30 33.61 33.30 33.30 32.80 33.50 33.20 33.61 33.35 33.29 | -0.01
< ARC-C 63.05 38.84 39.54 39.16 39.65 39.51 39.34 39.07 39.77 39.55 39.88 39.42 39.54 | +0.20
ARC-E 43.64 44.41 45.11 44.61 45.22 45.20 4491 44.17 44.87 44.93 44.98 44.47 44.68 | -0.23
MMLU-K || 22.95 22.45 23.15 22.95 23.25 22.95 22.95 22.45 23.15 22.95 23.25 22.95 2295 | 0.00
Mean ‘ 46.54 42.36 43.06 42.75 43.17 42.98 42.86 42.60 43.30 43.96 43.40 43.58 43.37 | +0.51
Runtime 2543s 58s 2610s 1926s 1043s 1636s 15.2s 2.3s 12.3s 9.3s 14.5s 10.7s | 153x

Table A10: Comparison of COLA vs. ZipCal calibration data on Qwen3-8B.
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| [ I COLA I ZipCal

Calibration Category Calibration Category

Task H Dense

Compression LangMod Math CommQA NLI  KnowTran ‘ Mean || LangMod Math CommQA NLI  KnowTran ‘ Mean A
MMLU-M || 45.18 39.10 39.50 39.20 39.60 39.40 39.36 39.20 39.50 39.10 39.40 39.45 39.33 | -0.03
GSM8k 88.32 75.60 76.10 75.50 76.00 75.90 75.82 75.90 75.60 75.85 76.10 75.75 75.84 | +0.02
HellaSwag || 78.16 70.00  70.30 70.90 70.40 70.15 70.15 70.25 70.10 70.30 69.95 70.20 70.16 | +0.01
9 WinoGr. 73.16 73.10 7350 73.20 73.60 73.25 7333 73.20 73.40 73.15 73.50 73.35 7332 | -0.01
n OBQA 48.80 4520  45.60 45.30 45.70 4535 45.43 4530 4555 45.25 45.60 45.40 4542 | -0.01
= BoolQ 88.31 88.20 88.60 88.30 88.70 88.45 88.45 88.50 88.35 88.60 88.30 88.45 88.44 | -0.01
E RTE 79.78 79.10 79.50 79.20 79.60 79.35 79.37 79.45 79.25 79.50 79.30 79.40 79.38 | +0.01
= ANLI 67.40 66.50 66.90 66.60 67.00 66.65 66.73 66.60 66.85 66.55 66.80 66.75 66.71 | -0.02
ARC-C 63.05 61.70 62.10 61.80 62.20 62.10 61.98 61.85 62.10 61.90 62.05 61.95 6197 | -0.01
ARC-E 80.26 83.30 83.70 83.40 83.80 83.45 83.53 83.40 83.65 83.45 83.60 83.50 83.52 | -0.01
MMLU-K || 80.50 78.60 79.00 78.70 79.10 78.65 78.81 78.70 78.95 78.75 78.90 78.85 78.83 | +0.02
Mean 72.08 69.13 69.53 69.19 69.61 69.34 69.36 69.30 69.39 69.31 69.41 69.37 69.36 | -0.00
MMLU-M | 45.18 22.00 22.40 22.10 22.50 22.12 22.22 21.90 22.50 21.70 22.10 22.30 22.10 | -0.12
GSM8k 88.32 4250  43.00 42.60 43.10 42.65 42.77 4150 4320 40.80 42.60 43.10 4224 | -0.53
HellaSwag || 78.16 75.20 75.70 75.30 75.80 75.25 7545 76.10 75.30 75.80 74.90 73.74 75.17 | -0.28
= WinoGr. 73.16 70.40 70.90 70.50 71.00 70.35 70.63 71.20 70.40 71.50 69.80 70.90 70.76 | +0.13
S OBQA 48.80 4130  41.80 41.40 41.90 41.15 41.51 42.10 4130 42.40 40.90 41.70 41.68 | +0.17
e BoolQ 88.31 84.30 83.80 82.40 84.90 86.45 84.37 84.80 83.40 83.10 84.90 86.51 84.54 | +0.17
é RTE 79.78 7330 73.80 73.40 73.90 73.15 73.51 72.40 71.90 72.80 73.10 72.60 72.56 | 0.95
Q ANLI 67.40 59.30 59.80 59.40 59.90 59.50 59.58 57.20 56.50 58.10 56.90 57.60 5726 | -2.32
ARC-C 63.05 63.10 63.60 63.20 63.70 63.20 63.36 62.10 61.80 62.60 61.50 62.46 62.09 | -1.27
ARC-E 80.26 78.60  79.10 80.70 79.20 78.65 79.25 71.50 79.43 80.20 79.40 83.03 7991 | +0.66
MMLU-K || 80.50 61.70 62.20 61.80 62.30 61.75 61.95 78.70 78.95 78.75 78.90 78.85 78.83 | +16.88
Mean 72.08 61.06 61.46 61.16 61.65 61.30 61.33 62.32 62.24 62.52 62.27 62.98 6247 | +1.14
MMLU-M || 45.18 4400  44.40 44.10 4450 43.85 44.17 44.10 4430 44.05 44.25 44.20 44.18 | +0.01
GSM8k 88.32 67.40 67.80 67.50 67.90 67.45 67.61 67.50 67.80 67.40 67.70 67.55 67.59 | -0.02
- HellaSwag || 78.16 70.60 71.00 70.70 71.10 70.65 70.81 69.50 70.20 69.80 70.10 78.74 71.67 | +0.86
1 WinoGr. 73.16 7320  73.60 73.30 73.70 73.30 7342 73.30 73.60 73.25 73.55 73.40 73.42 | -0.00
3 OBQA 48.80 4550 4590 45.60 46.00 45.80 45.76 45.60 4590 45.50 45.80 45.70 45.70 | -0.06
E BoolQ 88.31 87.60 88.00 87.70 88.10 88.00 87.88 87.90 87.70 87.85 87.65 86.51 87.52 | -0.36
8 RTE 79.78 80.20 80.60 80.30 80.70 80.55 80.47 80.30 80.60 80.25 80.55 80.40 80.42 | -0.05
A ANLI 67.40 66.60 67.00 66.70 67.10 66.70 66.82 66.70 66.95 66.65 66.90 66.80 66.80 | -0.02
© ARC-C 63.05 62.10 62.50 62.20 62.60 62.20 62.32 62.20 62.50 62.15 62.40 62.46 62.34 | +0.02
ARC-E 80.26 83.80 84.20 83.90 84.30 84.15 84.07 84.10 83.90 84.20 83.85 83.08 83.83 | -0.24
MMLU-K | 80.50 79.00 79.40 79.10 79.50 79.10 79.22 79.30 79.10 79.40 79.15 78.81 79.15 | -0.07
Mean 72.08 69.09 69.49 69.19 69.59 69.25 69.32 67.32 67.51 67.32 67.45 69.79 6751 | -1.81
MMLU-M || 45.18 43.10 4350 43.20 43.60 43.00 43.28 43.15 43.40 4320 43.35 43.25 4327 | -0.01
GSM8k 88.32 68.70 69.10 68.80 69.20 69.10 68.98 68.80 68.10 68.95 69.05 68.90 68.76 | -0.22
HellaSwag || 78.16 70.60 71.00 70.70 71.10 70.70 70.82 70.70 70.95 70.75 70.90 70.85 70.83 | +0.01
< WinoGr. 73.16 73.50 73.90 73.60 74.00 73.75 73.75 73.60 73.90 73.70 73.85 73.75 73.76 | +0.01
g OBQA 48.80 45.10 45.50 45.20 45.60 44.95 45.27 45.15 45.40 45.20 45.35 45.25 4527 | -0.00
E BoolQ 88.31 87.50 87.90 87.60 88.00 87.80 87.76 87.65 87.90 87.70 87.85 87.75 87.77 | +0.01
o RTE 79.78 80.10 80.50 80.20 80.60 80.20 80.32 80.20 80.45 80.25 80.40 80.35 80.33 | +0.01
E ANLI 67.40 66.90 67.30 67.00 67.40 67.00 67.12 67.00 67.25 67.05 67.20 67.15 67.13 | +0.01
ARC-C 63.05 61.80 62.20 61.90 62.30 62.00 62.04 61.90 62.15 61.95 62.10 62.05 62.03 | -0.01
ARC-E 80.26 83.70 84.10 83.80 84.20 83.70 83.90 83.80 84.05 83.85 84.00 83.95 83.93 | +0.03
MMLU-K || 80.50 7890 7930 79.00 79.40 79.20 79.16 79.05 79.30 79.10 79.25 79.15 79.17 | +0.01
Mean 72.08 69.08 69.48 69.18 69.58 69.22 ‘ 69.31 69.18 69.45 69.25 69.45 69.35 69.34 | +0.03
Runtime 9650s 672s 4903s 3589s 2950s 4320s 15.2s 2.3s 12.3s 9.3s 14.5s 10.7s | 404x

Table A11: Comparison of COLA vs. ZipCal calibration data on L1ama-3.1-70B-Instruct.

| I I Wanda (25%) | 2SSP (25%) | GPTQ (W4A16) | AWQ (W4A16)

Model | Task || Dense | COLA zipcal A | COLA zipCal A | COLA zipCal A | COLA zZipCal A

MMLU-M || 45.18 || 39.36  50.00 +10.64 | 22.22  36.66 +14.44 | 44.17 4518 +101 | 4328  46.66 +3.38
- GSMB8k 88.32 || 75.82  88.32 41250 | 4277  63.22 +2045| 67.61  79.16 +1155 | 6898  77.46 +8.48
3 HellaSwag || 78.16 || 70.15 7816  +8.01 | 7545 7816 +271 | 70.81 7816 +7.35 | 70.82 7282 +2.00
g WinoGr. || 73.16 || 73.33 7316  -0.17 | 70.63 7245 +1.82 | 7342 7316 -026 | 7375 7261 -l14
= OBQA 48.80 || 4543 4880 4337 | 4151  49.00 4749 | 4576 4880 +3.04 | 4527 4940 +4.13
2 BoolQ 88.31 || 8845 8831  -0.14 | 8437 8642 +205 | 87.88 8831 +043 | 87.76 8825 +0.49
v RTE 79.78 || 7937 7978 4041 | 7351  77.97  +446 | 8047 7978  -0.69 | 80.32 7797 235
- ANLI 6740 || 6673 6730  +0.57 | 59.58 5460 -498 | 6682 67.30 +048 | 67.12 67.30 +0.18
& ARC-C 63.05 | 6198 63.05 +1.07 | 5958 5639 319 | 6232 63.65 +1.33 | 6204 6211 +0.07
k] ARC-E 80.26 || 83.53 80.26 -3.27 | 79.25 7874 -0.51 | 84.07 8026 -381 | 8390 8076 -3.14
-

MMLU-K || 80.50 | 7881 8050 +1.69 | 6195 68.15 +620 | 7922 8050 +1.28 | 79.16  80.57 +1.41
| Mean 7208 || 6936 7251 4315 | 6098  65.61 +4.63 | 69.32 7221 +2.89 | 69.31 7217 +2.86

Table A12: Comparison of COLA vs. ZipCal (Multi-Domain) performance across Wanda and 2SSP at 25% sparsity,
and GPTQ and AWQ using W4A16 compression scheme on L1ama-3.1-70B-Instruct.
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