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ABSTRACT

As supervised fine-tuning (SFT) evolves from a lightweight post-training step
into a compute-intensive phase rivaling mid-training in scale, data efficiency has
become critical for aligning large language models (LLMs) under tight budgets.
Existing data pruning methods suffer from a fragmented design: they operate either
at the sample level or the token level in isolation, failing to jointly optimize both
dimensions. This disconnect leads to significant inefficiencies—high-value samples
may still contain redundant tokens, while token-level pruning often discards crucial
instructional or corrective signals embedded in individual examples. To address
this bottleneck, we introduce the Error—Uncertainty (EU) Plane, a diagnostic
framework that jointly characterizes the heterogeneous utility of training data
across samples and tokens. Guided by this insight, we propose Quadrant-based
Tuning (Q-Tuning), a unified framework that strategically coordinates sample
pruning and token pruning. Q-Tuning employs a two-stage strategy: first, it
performs sample-level triage to retain examples rich in informative misconceptions
or calibration signals; second, it applies an asymmetric token-pruning policy, using
a context-aware scoring mechanism to trim less salient tokens exclusively from
misconception samples while preserving calibration samples in their entirety. Our
method sets a new state of the art across five diverse benchmarks. Remarkably,
on SmolLM2-1.7B, Q-Tuning achieves a +38% average improvement over the
full-data SFT baseline using only 12.5% of the original training data. As the
first dynamic pruning approach to consistently outperform full-data training, Q-
Tuning provides a practical and scalable blueprint for maximizing data utilization
in budget-constrained LLM SFT.

1 INTRODUCTION

The explosive growth of alignment datasets—now routinely spanning billions of tokens—has fun-
damentally transformed Supervised Fine-Tuning (SFT) from a lightweight post-training step into
a compute-intensive phase rivaling mid-training in scale (Ouyang et al., [2022} Dong et al.| 2024;
Yang et al., |2025 |Achiam et al.,|2023; [Team et al.,[2023)). In this new regime, the primary challenge
is no longer simply reducing data volume, but maximizing the utility of every retained token and
sample—a task that demands accurate, on-the-fly estimation of data value. Yet despite the emphasis
on data efficiency, recent work reveals a troubling paradox: even sophisticated dynamic pruning
heuristics often underperform simple random sampling (Xia et al.l[2024b)). This starkly exposes a
fundamental disconnect between current strategies and the true utility of alignment data.

At the heart of this challenge lies the fragmented design of existing pruning strategies. Sample-
level pruning methods (Qin et al., |2024; Zhou et al.,|2023a; Wang et al., [ 2025a; |Yang et al., [2024)
identify high-potential examples but treat all tokens within them as equally valuable—retaining
redundant or even harmful content that dilutes alignment signals. Conversely, token-level pruning
approaches (Lin et al.| 2024; Xia et al.| 2025; (Chen et al., [2024} |Zhang et al., 2024b) apply context-
agnostic heuristics uniformly across the dataset, blind to the semantic role of each sample. Such a
one-size-fits-all policy fails to differentiate, for instance, between a sample containing a correctable
misconception—where only specific tokens need refinement—and one serving as a calibration anchor,
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Figure 1: (a) Data pruning. Sample pruning selects training instances using signals such as loss,
gradients, importance, diversity, or complexity; foken pruning removes low-value tokens within
retained samples (e.g., via similarity, entropy, or token importance). (b) Error—Uncertainty (EU)
plane. We partition samples by perplexity and entropy into four regions: Q1 (harmful noise), Q2
(valuable misconceptions), Q3 (redundant knowledge), and Q4 (calibration data). (c) Q-Tuning.
Q-Tuning performs joint pruning guided by the EU plane: it drops Q1 and Q3, selectively prunes
tokens in Q2, and retains Q4 in full.

which must be preserved holistically to maintain model stability. By operating in isolation, neither
paradigm captures the interdependent nature of sample and token utility. This raises a central question:
How can we dynamically coordinate sample selection and token pruning within a unified framework
to maximize the true learning utility of limited data?

To address this, we first formalize the problem as Generalized Dynamic Data Pruning, a bilevel
optimization framework for jointly optimizing sample and token pruning. We then introduce a
novel diagnostic lens, the Error-Uncertainty (EU) Plane, which categorizes training instances
by mapping model error (perplexity) against model uncertainty (entropy). Specifically, as shown
in Figure [T(b), training samples are categorized into four quadrants based on perplexity (higher
indicating more wrong) and entropy (higher indicating more uncertain): (i) QI (Harmful Noise)
— unreliable or mislabeled data that actively harms learning and should therefore be removed via
sample-level pruning; (ii) Q2 (Valuable Misconception) — confidently wrong responses that, when
pruned surgically at the token level, can be transformed into powerful teaching signals, making
them ideal candidates for token-level pruning; (iii) Q3 (Redundant Knowledge) — mastered content
offering diminishing returns, best eliminated through sample-level pruning to improve efficiency
without sacrificing performance; and (iv) Q4 (Calibration Data) — hard but reliable samples essential
for improving model confidence and robustness, which should be preserved in full — neither sample
nor token pruning should be applied.

This insight motivates our solution: Quadrant-based Tuning (Q-Tuning), the first principled,
integrated method for dynamic data pruning. Guided by EU Plane analysis, Q-Tuning implements
a two-stage, context-aware strategy, as shown in Figure [T{c). First, at the sample level, it acts
as an intelligent triage system: retaining samples that offer clear signals for error correction or
calibration (Q2 and Q4), while discarding those classified as harmful noise or redundant knowledge
(Q1 and Q3). Crucially, Q-Tuning then applies an asymmetric token policy: for confidently wrong
samples (valuable misconceptions), it performs token pruning to isolate the core misconception and
amplify the learning signal; for uncertain but correct samples (calibration data), it preserves full token
sequences to ensure robust uncertainty modeling. Our contributions are as follows:

1. We formulate the joint sample—token pruning problem as Generalized Dynamic Data Pruning, a

bilevel optimization framework for hybrid pruning.
2. We introduce the Error-Uncertainty (EU) Plane, a tool that reveals and quantifies the hetero-

geneous value of data across error and uncertainty dimensions. Based on the EU analysis, we
propose Q-Tuning, the first integrated, diagnosis-driven algorithm for dynamic pruning that

coordinates sample and token decisions. o o )
3. Experiments demonstrate that Q-Tuning exceeds full-data training and all existing pruning base-

lines across 4 models, 5 benchmarks, and 6 different kinds of data budgets. Particularly, with
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LLaMA3-8B on GSM8K, Q-Tuning reaches 48.07 using only 35% of the data, outperforming
full-data training by 6.0 points and the strongest baseline by 9.9 points.

2 GENERALIZED DYNAMIC DATA PRUNING: A UNIFIED FRAMEWORK

We first propose Generalized Dynamic Data Pruning, a framework for accelerating model training
where samples and their constituent tokens are selectively and adaptively omitted at each step.

Specifically, the framework first considers the coarse-grained sample level pruning, which involves
identifying and discarding examples from a mini-batch deemed less informative for the model’s
state. Subsequently, foken-level pruning operates on the retained samples, performing a finer-grained
selection to keep a critical subset of tokens within each. This two-stage process is inherently dynamic:
pruning criteria can be re-evaluated for each new mini-batch, allowing the data distribution used for
gradient updates to evolve alongside the model’s parameters 6. The overarching objective is to focus
computation on a “doubly-pruned” data subset to maximize training efficiency while preserving or
enhancing the model’s generalization.

To formalize this framework, consider a model fy with parameters 6. At each training step ¢, a
mini-batch B; is drawn from the training distribution D. The hierarchical pruning process can be
modeled by two abstract operators: a sample-level pruner ¥ and a token-level pruner .

Stage 1: Sample-Level Pruning. The operator ¥ splits mini-batch B; into kept and discarded
samples, governed by keep ratio 7gmple € [0, 1]. The retained set, B}, is defined as:

B =B\ ¥(B;) C By, (1

where W (B;) represents the set of discarded samples, and the size of the retained set is constrained
such that [B;| = [7sample - |Bt|].

Stage 2: Token-Level Pruning. For each sample in the retained set 3}, the operator ® determines
which tokens to keep, guided by a token keep ratio rken € [0, 1]. This is modeled by generating a
binary mask m(x) € {0,1}*(®) for each sample = € B,, where L(z) is its sequence length. The
final, doubly-pruned mini-batch B, is constructed by applying these masks:

By =®(B)) = {m(z) 0z |z € B}, )

where © denotes element-wise product, and each mask satisfies ||m(z)||1 = [TokenL(2)].

Generalized Dynamic Data Pruning. We now put all things together into a unified framework.
The central problem of this framework is to identify the optimal dynamic pruning operators, (®, ),
that guide the training process to a final model 8* with the best possible generalization performance.
These operators are applied at each step ¢ to transform a mini-batch 3, into a computationally cheaper,
pruned version B,, while adhering to predefined keep ratios.

This problem is naturally captured as a bi-level optimization problem. The outer loop seeks optimal
pruners, while the inner loop represents the iterative training procedure that produces the final model
parameters under the guidance of these pruners. Formally, the objective is as follows:

%11\%]1 E(m,y)maDm [‘Ctest(fG* ($)7 y)}

) 3)
s.t. 0 = argeminZEBtNDE(m’y)NBt [Liain(fo, (2), y)]

t=1
where at each step ¢: B, = O(B: \ U(B;)), with keep ratios (rsample; Ttoken)-

Specifically, the outer objective defines the quality metric for any pair of pruners (®, ¥): the final test
performance of the model they produce. The inner objective defines the training process itself, where
the final parameters 6* result from cumulatively minimizing the loss over a sequence of dynamically
pruned mini-batches. All existing methods that instantiates these operators ® and ¥ can be seen as a
specific solution to this alignment problem.
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Figure 2: (a) Constructing the Error-Uncertainty (EU) Plane via Bisect Search. We run the base
LLM to compute sample-level perplexity (PPL) and entropy, and use bisect search to set thresholds
(ows Ohighs Biows Bhign) that partition the EU plane into Q1-Q4. (b) Sample Pruning for Q1 and
Q3. Samples in Q1 and Q3 are pruned at the sample level, while those in Q2 and Q4 are retained.
(c) Token-Level Pruning for Q2 Samples. For retained Q2 samples, token-level pruning is applied
based on both the token’s own perplexity and the average perplexity of its neighboring tokens. Tokens
with high local PPL are removed, preserving only the most informative ones.

3  WINNING THE PRUNING GAMBLE

Building on the previous analysis, we now introduce Q-Tuning, a dynamic pruning method guided
by the Error-Uncertainty (EU) Plane. As shown in Figure[T] Q-Tuning proceeds in two coordinated
stages: it first prunes harmful noise and redundant knowledge at the sample level, and then applies
targeted token-level pruning to valuable misconceptions while preserving calibration data in full. This
integrated strategy avoids the failure modes of one-dimensional heuristics and transforms pruning
from a gamble into a principled, performance-enhancing process.

3.1 THE ERROR-UNCERTAINTY PLANE: A DIAGNOSTIC LENS

We now formalize the Error-Uncertainty (EU) Plane introduced in Figure [T{b). Each training
sample is positioned by two orthogonal axes: error, quantified by perplexity (PPL), and uncertainty,
quantified by predictive entropy (Ent).

Measure Error via Perplexity. For a training sample (z, y) with sequence length L(x), let T'(x) C
{1,...,L(z)} denote the set of trainable token positions. We define sample-level error as the
perplexity (PPL), derived from the average token-level negative log-likelihood:

—log p(y; | x,y<i;fe)) @

PPL(x,y; fo) = exp ( Z T ()|

1€T(x)

High perplexity indicates the model finds the ground-truth continuation highly surprising, which is a
sign of either genuine difficulty or misconception.

Measure Uncertainty via Predictive Entropy. Independent of correctness, we quantify the model’s
uncertainty using entropy (Ent), computed as the average token-level entropy over trainable positions,
where v € V denotes a vocabulary token:

ZieT(w) H(pé(' | x7y<i))

(@) ©)

Ent(z,y; fo) =

High entropy indicates that the model spreads probability mass broadly, reflecting persistent un-
certainty even when the top prediction is correct. Taken together, PPL and Ent map each sample
onto the EU Plane, providing a principled and interpretable basis for partitioning data into the four
quadrants illustrated in Figure[I|b).
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3.2 Q-TUNING: GENERALIZED DYNAMIC DATA PRUNING

Q-Tuning operationalizes the insights of the EU Plane into a two-stage, per-batch dynamic pruning
strategy, as illustrated in Figure[2] In the first stage, bisect search determines quantile-based thresholds
that partition samples into four quadrants, enabling sample-level pruning of uninformative data. In
the second stage, token-level pruning is selectively applied within retained misconception samples to
isolate informative signals, while calibration samples are preserved in full. The pseudocode of our
method is illustrated in Algorithm[I]in Appendix [D}]

Stage 1: Constructing the EU Plane via Binary Search and Pruning Samples Accordingly. At
each training step, we compute the perplexity (PPL) and entropy (Ent) for every sample z € ;
using a gradient-free forward pass of the current model fy,. These statistics map each sample to a
point on the EU Plane (Figure 2{(a)).

Our objective is to determine quantile thresholds («*, 5*) on the PPL and Entropy axes such that the
retained proportion of samples in ()2 U ()4 exactly matches the target sample retention ratio 7'sample-
Here Quantile, (X ) denotes the y-quantile of a variable X, i.e., the smallest value g such that at
least a fraction y of samples satisfy X < q.

To locate (a*, 3*), we perform a bisect search on both axes. For each axis, the search interval is
initialized as [0, 0.5]. Ateach iteration we set o = %(alow + thigh), B = %( Biow + Bhign ), and compute
the proportion of samples that would fall into the tentative ()2 U Q4 region defined by the current
thresholds («, 3). The intervals are then updated as

(Oélow, (e ﬁlow, 5)7 lf’V > Tsample,
(Ctiow s Othigh, Biow s Bhigh) = (6)

(Oé7 thigh, ﬁ, Bhigh), otherwise.

The search converges in O(log(1/¢)) iterations (typically < 10), incurring negligible overhead. The
resulting thresholds («, 3) partition the EU Plane (Figure b)), from which Q2 and Q4 samples are
retained and Q1 and Q3 discarded.

Stage 2: Token-Level Pruning for Confident Errors. While Stage 1 removes entire samples
deemed unhelpful, not all retained examples are equally homogeneous inside. In particular, samples
in Q2 (Valuable Misconceptions) often contain a mix of informative context and locally harmful
tokens that mislead the model. To extract the useful signal, we apply token-level pruning that discards
only the most detrimental tokens while preserving the surrounding context. In contrast, samples in
Q4 (Calibration Data) are challenging yet reliable, and every token contributes to improving model
calibration. Therefore, Q4 sequences are kept intact without any token pruning.

For a retained sample © € o with target sequence y, let T'(x) denote the set of trainable token
positions. For each token i € T'(z)(Figure c)), we compute its token-level perplexity PPL;, which
measures how surprising the ground-truth token y; is to the model.

To avoid pruning rare but meaningful tokens based on isolated spikes, we compute a smoothed
importance score that incorporates local context:

si(x,y; fo) = (1 = \) PPLi(z,y; fo) + A[PPLi_1 (2, y; fo) + PPLij1(,y; fo)], (7

where A € [0, 1] balances the contribution of neighboring tokens (default A = 0.5). This smoothing
reduces the risk of mistakenly removing single high-PPL tokens that may still be semantically critical,
and we analyze the sensitivity of this choice in the ablation study (see Figure[5]in Section {.2)).

A token is deemed detrimental if both its own PPL; and the average PPL of its immediate neighbors
exceed a percentile-based threshold (e.g., the median). All tokens in T'(x) are subsequently ranked
by their smoothed scores s;, and only the top-rken fraction are retained to construct a binary mask
m(x). This mask selectively removes locally noisy tokens while preserving the informative context
essential for learning. By contrast, no token-level pruning is applied to Q4 samples, as each token
therein contributes to reliable calibration and must be preserved in full.
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Table 1: Evaluation on WizardLM with a sample ratio of 12.5% and a token ratio of 50%, where
1 and | respectively denote improvements or degradations over the Random-Random baseline.
Additional results under more sample and token pruning ratios are provided in the Table[8|and Table[J]
in Appendix @ and results on Qwen3-8B trained on the OpenHermes are reported in Appendix @

Sample Token LLaMA2-7B Mistral-7B
Pruner Pruner ARC-E ARC-C GSMSK SQuAD  TriviaQA Avg. ARC-E ARC-C GSMSK SQuAD  TriviaQA Avg.
Zero-Shot | 5344 38.98 5.31 12.18 43.00 30.58 | 66.67 46.10 18.35 10.01 43.77 36.98
12.5% Samples, 50% Tokens
Random 59.25 41.02 8.11 12.75 48.75 33.98 70.55 48.14 2274 19.57 52.63 4273
Random | PPL 60.49T124 43391237 7204090 12204055 48.044071 34261028 | 70.721017 48477033 25781304 21.36M7 53,9212 44057132
FastV 50967071 42371135 5764235 [13144 4642423 33174081 | 70727007 46444170 1880439 1914404 51564107 4] 334140
SparseVLM | 54324493 37974305 7354076 12767000 44654410 3141425 | 6702435 4475433 20244250 [0.97480 44614802 37524520
Random 59.967071  44.4173% 7514060 15341259 48911016 3522T124 | 74251370 48811067 2873159 ]7.66+191 55731310 45041231
Loneest | PPL 61.19T194 43731271 682412 16331358 48,1640 35247126 | 7549M4 50171203 27987524 2]1.49T192 56,5512 46331360
b FastV/ 59.251000 43057203 5694242 ]13.64108 46984177 33724026 | 7443138 49157100 25701296 22891332 54151152 4526125
SparseVLM | 54324493 38314271 7134098 ]0.924183 43774498 30.894309 | 69.49+106 46104204 28.897615 86241095 5030423  40.684205
Random 60.317106 4136103 5384273 1571129 47744101 34101012 | 69.31+124 45764238 1895437 2123116 50,394224  4].]3+1.60
InfoBatch | PPL 59.431018  40.341068 5914220 3181043 4834044 33441054 | 70727017 47124102 ]8.124462 2410453 51.264137 42264047
FastV/ 58.904035 43397237 3344477 2374038 46884187 32984100 | 60.144141 45424272 14864788 2319132 50.58+4205  40.64420
SparseVLM | 54.6743% 40,0042 7734038 2414034 45074368 31984200 | 68254230 45084306 23431060 ]0.174940 45344729 38464427
Random 60311106 42371135 6444167 14107135 48.094066 3427102 | 72 137158 48.811067 20094265  [7.551202  54.691206 42 664007
Entropy PPL 60491124 43731271 6904121 14537178 48761001 34.8870%0 | 7284722  47.80403% 241814 228013  54.691200 44461173
FastV/ 58.914034 43057203 637H174  13,031028 47054170 33684030 | 73901335 47124102 24567182 2396743 54671204 4484121
SparseVLM | 55204405 38984204  7.5]4060  ]2,654010  46.144261 3210415 | 68.084247 44,0747 24871213 ]0.724885  47.00+36 3895437
Q-Tuning (Ours) 64.207495 42037101 10,5424 1879160 53127437 37747376 ‘ 71607105 481471000 2934660 27751818 57787515 46,921419
Full Dataset | 6155 4237 8.64 13.80 50.45 3536 | 7125 45.76 26.68 31.81 53.67 45.84

4 EXPERIMENTS

We conducted experiments on language models from multiple families and scales, including LLaMA-
series (LLaMA2-7B (Touvron et al.,[2023)), LLaMA3-8B (Grattafiori et al.| 2024)), Qwen3-series
(Qwen3-8B (Yang et al., 2025), Qwen3-14B, Qwen3-32B), Mistral-7B (Jiang et al.| [2023a), and
SmolLM2-1.7B (Allal et al.,|2025). We fine-tuned models for two settings: (i) alignment on Open-
Hermes (Teknium), [2023)) and WizardLM (Xu et al.||2024), and (ii) reasoning on MathInstruct (Yue
et al.,2023)). For evaluation, we used ARC-E, ARC-C (Clark et al.l [2018)), GSM8K (Cobbe et al.,
2021), SQuAD (Rajpurkar et al., [2016), and TriviaQA (Joshi et al.,|2017) for alignment task, and
GSMS8K and MATH (Hendrycks et al.l [2021) for reasoning task. We compared against baselines
that pair sample-level pruning methods (Random, Longest, Entropy, InfoBatch (Qin et al., [2024]),
Alpagasus (Chen et al., 2023)), Deita (Liu et al.| [2023), DS2 (Pang et al., |2024), and LESS (Xia
et al.| 2024a))) with token-level pruning methods (Random, PPL, FastV (Chen et al.| 2024), Sparse-
VLM (Zhang et al.,|2024b)), Rho-1 (Lin et al., [2024), and TokenCleaning (Pang et al.,2025))). More
detailed experimental settings are in Appendix

4.1 MAIN RESULTS

Results on alignment datasets. Table [1| summarizes results in our alignment setting under a
fixed low-budget regime (12.5% samples, 50% tokens) on WizardLM. Across both LLaMA2-7B
and Mistral-7B, Q-Tuning achieves the best overall averages (37.74 and 46.92), outperforming all
evaluated combinations of existing sample-pruning and token-pruning methods, and it also exceeds
full-data fine-tuning (35.36 and 45.84). Many baseline pairings improve one or two benchmarks
but exhibit noticeable trade-offs on others (e.g., degradation on GSMS8K or SQuAD for several
token-pruning choices), indicating that naively combining independently designed sample- and token-
level pruners is insufficient under a tight compute budget. In contrast, Q-Tuning delivers consistent
gains across all benchmarks, suggesting that jointly coordinating sample triage with targeted token
reduction better preserves high-utility supervision in this alignment evaluation. We report additional
results under more pruning ratios in Appendix [C.I| (Table[8] and Table [0), showing similar trends,
while Appendix [C.2]presents detailed results and analysis on Qwen3-8B with larger performance
gains of up to 8.23 points and improvements of up to 5.55 over the strongest baseline. Overall, these
results highlight that Q-Tuning is robust to heterogeneous task mixes and remains effective even
when both sample and token budgets are simultaneously constrained across diverse model families.

Results on reasoning dataset. Table [2] compares Q-Tuning against diverse baselines on math
reasoning datasets under constrained sample and token budgets. Several methods, especially FastV-
based token pruning, degrade sharply (e.g., driving LLaMA3-8B average accuracy below 6% in
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Table 2: Evaluation of pruning strategies on GSM8K and MATH under 25% samples with 50%
tokens. T and | respectively indicate improvements or degradations over the Random-Random
baseline under the same sample and token keep ratio. Additional results under more sample and
token pruning ratios are provided in the Table [T2]in Appendix [C.3]

Sample Token LLaMA3-8B Mistral-7B SmolLM2-1.7B
Pruner Pruner GSMSK MATH Avg. GSMSK MATH Avg. GSMSK MATH Avg.
Zero-Shot | 2782 2.26 1504 | 19.86 3.30 11.58 | 1547 2.20 8.83
25% Samples, 50% Tokens
Random 23.96 2.56 13.26 23.35 1.54 12.45 14.33 2.56 8.44
PPL 24.181022 2581002 3387012 24941159 2027048 13.4811.03 14184015 2084048 8.134031
Random
FastV 12134118 2324024 7.23460 123641099 ]1.244030 6.801565 9.861447 1.924064 5.891255
SparseVLM | 2297409 4727216 ]3.85705 19.26440 4581304 11.92¢053 13.194114 3481092 8.34+4010
Random 2214418 3181062 12.661060 21914144 2187064 12.05 4040 12.89414 2061050 7474097
L . PPL 24.94%09 2781022 13861060 22.90+045 1.861032 12.384007 13.194114 1784078 7.491095
Ot sty g4ghus  oelom  587ha | 713uem 1460 429uis | 123607 | g2lm 7094
SparseVLM | 26917295  4.687212 1580725 24.34109  4,8471330 14.59 1214 12434190 3601104 8.02+4042
Random 26231227 2424014 14331107 27.14%379 2241070 14.69 1224 14.33700 166409 7.99 1045
InfoBatch | PPL 26911295 2661010 147971153 27.90Mss 2527098 15211276 14717038 1.90t066 8.30+4014
nfoBatc] FastV 7'58“6.35 1.88 10.68 473 18.53 6'44“6"“ 1.34 10.20 3.89 18.56 7.51 16.82 l‘ﬁzlu 94 4‘56l3 88
SparseVLM 14.6343 3261070 8.954431 11.90+1145 1,94 71040 6.921553 11.90424 4361180 8.134031
Random 30.021606  3.66T10  16.84 1358 26.611326 2087054 14.35T19%0 14.184015 2241032 8.21402
Entro PPL 32.98M02 2921036 17957469 30.171682 1.761022 15.97 135 16.381205 2401016 9.39110095
Py FastV 17_29L6.67 2_66TOI0 9_9713 29 14_56“379 1_12“}.42 7_84i4.6| ]259“ 74 2_36“’!20 7_47“’!97
SparseVLM | 20.854311 5.1212% 12984028 19.56437  4.201266 11.88+4057 14.184015 2907034 8.5410.10
Q-Tuning (Ours) ‘ 363211236 554729 20931767 4]1.47 11812 4.0m240 22,7402 ‘ 21.83770 3907134 12871443
Full Dataset | 3290 3.02 1796 | 42.08 3.08 2258 | 1653 2.10 9.31

multiple settings). In contrast, quality-aware sample selection (Entropy, InfoBatch) consistently
improves over random sampling: Entropy—Random raises LLaMA3-8B from 13.26 to 16.84 and
yields similar gains on Mistral-7B. Across all model scales, Q-Tuning is the strongest and most stable,
improving the Random—Random baseline by 7.67 points on LLaMA3-8B and 10.29 on Mistral-7B,
reaching 20.93 and 22.74, respectively. Notably, Q-Tuning exceeds full-data GSM8K performance for
both models despite using only a quarter of the samples and half of the tokens, indicating strong data
efficiency and better training-resource utilization; larger models benefit more from the joint strategy.
Additional ratios are reported in Appendix [C.3| (Table [T2). This suggests that jointly optimized
pruning can improve reasoning training signal quality, rather than merely reducing compute. In
particular, it preferentially retains error-revealing and correction-rich spans while trimming redundant
verbiage. As a result, the model receives cleaner gradient signals and learns more effectively.

Comparison with stronger baselines.

Figure [3] compares Q-Tuning with LLaMA2-7B Mistral-7B
stronger, task-relevant baselines under £ £ 37 ] 847 — —
low-budget settings. In the top fig- § S 36 Full data S 46 t

ures with 12.5% samples and 50% to- ¢ € 35 £ ®

kens, Q-Tuning achieves the best aver- & % z: ’_‘ ’—‘ 5. ﬂ ’—‘
age on both models, scoring 37.74on § ‘—\6’_‘ ’_‘ PR ,_L -
LLaMA2-7B and 46.92 on Mistral-7B, * T o (o e o (o
which exceeds the strongest sample- g -

selection baseline by +3.44 and +2.00, £ £ 5 o ] £ Full data —
respectively. In the bottom figures with ~ § € i t g ;‘g t

a fixed 50% token budget, Q-Tuning % g 34 E 44

also outperforms token-level baselines 5 2 33 ,—\ ] 2O [ []

at the same 12.5% sample ratio, im- #© RE \ea«\“q@\og o 0 O O
proving over the best baseline from * o @ o S

o

33.82t0 37.74 on LLaMA2-7B (+3.92) A

and from 43.57 to 46.92 on Mistral- Figure 3: Comparison with stronger task-relevant baselines
7B (+3.35). These results indicate that under matched low-budget settings. Top: Sample-pruner
Q-Tuning remains competitive against baselines with a sample ratio of 12.5% and a token ratio of
stronger baselines under the same con- 50%. Bottom: Token-pruner baselines with a sample ratio
strained budgets and delivers consis- of 12.5% and a token ratio of 50%; the dashed line marks
tent gains across model families. Addi- the full-data upper bound. Additional results under more
tional results under more pruning ratios pruning ratios are reported in Appendix @

are reported in Appendix [C.4]
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Robustness to extreme data bud- Table 3: Q-Tuning under extreme data-retention settings on

gets. Table[3]shows that Q-Tuning re- the Wizard dataset using Mistral-7B.
mains highly data-efficient even when

.. .. Sample | Token Data Mistral-7B
retaining OI’IIY 3-9% of the Oflgll'lal Ratio | Ratio | Retention | ARC-E  ARC-C GSMS8K SQuAD TriviaQA  Avg.
training tokens on Mistral-7B. Across Zero-Shot | 6667 4610 1835 1001 4377 3698
all four extreme Settings, the aver- 6.25% | 50% | 3.125% | 70.72  46.10  40.41 17.25 56.68  46.23

age score ranges from 46.23 t0 46.92, {330

consistently outperforming both the _!23%
zero-shot baseline (36.98) and the full- PPt
dataset SFT baseline (45.84), despite using at most 8.75% of the data and maintaining strong per-task
accuracy. Notably, with just 6.25% samples and 50% tokens (i.e., 3.125% data retention), Q-Tuning
already achieves an average of 46.23, exceeding full-data fine-tuning. Increasing the token ratio
to 70% at the same sample budget further improves the average to 46.62, while still operating in a
regime where less than 5% of the original data is used in training epochs.

70%
50%
70%

4.375% 71.60 48.47 39.73 16.13 57.16 46.62
6.250% 71.60 48.14 29.34 27.75 57.78 46.92
8.750% 71.78 47.12 26.08 32.79 56.17 46.79

100% | 71.25 45.76 26.68 31.81 53.67 45.84

Generalization across model scales.
Figure [ studies Q-Tuning on Qwen3-

. . . Zero-Shot Q-tuning (12% samples, 50% tokens)
series of increasing scale (8B, 14B, Full data SFT Q-tuning (12% samples, 70% tokens)
and 32B). Under the same constrained
budgets (12.5% samples with 50%
or 70% tokens), Q-Tuning consis- § 60
tently matches or exceeds full-dataset ~ §

SFT across benchmarks, demonstrat- E 40

ing strong scalability despite using

only a small fractlon of the. training L o‘> & < %\L d} - %Q_ o
data. The gains are especially evi- N (;o*‘o & S 0‘§\ o/\\\ FER (;o*“(oo/\& ¥
dent on reasoning- and QA-oriented (a) Qwen3-88 (b) Qwen3-148 (c) Qwen3-328B

tasks such as GSM8K, ARC-E, and Figure 4: Comparison of Qwen3-series of varying scales (8B,

SQUAD. Moreover, for the 32B j4p 35p) across multiple benchmarks and their average. We
model, increasing the token budget report performance of Zero-shot, full dataset, and Q-Tuning

from ,50% to 70% typically y'ields fur- with 12.5% samples under two token ratios (50% and 70%).
ther improvements and delivers the

strongest overall averages.

4.2 FURTHER ANALYSIS

Sensitivity to hyperparameters. An important question is how batch size and neighbor awareness
influence the performance of Q-Tuning. We first varied the batch size across 8, 16, 32 and evaluated
the method on GSM8K, SQuAD, and TriviaQA. As shown in the upper part of Figure [5] larger
batch sizes tend to yield better performance, with more noticeable gains on GSM8K and SQuAD,
while TriviaQA remains relatively stable, indicating limited sensitivity to batch size. We further
investigated the effect of neighbor awareness controlled by the coefficient A. As illustrated in the
lower part of Figure[5] moderate values of X lead to improvements on GSM8K and SQuAD, whereas
extreme values result in diminishing or unstable gains; in contrast, performance on TriviaQA is
largely unaffected across different A settings. These observations indicate that Q-Tuning benefits
from appropriate batch sizes and a moderate degree of neighbor awareness, though the sensitivity
varies across tasks. Additional benchmark results are provided in the Figure[9]in Appendix

Effect of token pruning strategy.

: - Table 4: Ablation study on token pruner in Q-tuning
We compare different token pruning

strategies under a fixed 25% X 50% Method | Avg.  ARC-E ARC-C GSM8K SQuAD TriviaQA
: _ : : ~ Rho-l 4503  69.66 4678 2403 2923 5543
budget on Mistral-7B, including Rho PPL (\ = 0) 4592 7160 4644 2532 2971 56.54
1, PPL, and a reversed PPL variant, Reversed PPL (A =0.5) | 44.86 73.02 4712 1668 3201 55.47
as shown in Table [Z_f} The neighbor- PPL (\ = 0.5) 4679 7178 4712 2608 3279  56.17

aware PPL used in Q-Tuning achieves the best average performance, while alternative pruners are
less consistent across tasks. This supports our design choice of locality-aware scoring that preserves
salient error-relevant spans.
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(a) Sensitivity of Batch Size B batch size=8 B batch size=16 B batch size=32
= GSM8K SQuAD TriviaQA
°;/ 40 40 50 - - full
% ——— —— full
g — _#__ == dsull 25
Q
g T T ! 20 | T \ T T \
25%%50% 25%%70% 50%Xx70% 25%x%50% 25%x70% 50%X%x70% 25%%50% 25%X%70% 50%X70%
(b) Sensitivity of Neighbor Awareness ~ W A\=0  mmm A=0.3 A=0.5 mEm A\=0.7 W A=1.0
< GSM8K SQuAD TriviaQA
< 1 “ i " - -- full
) ful 30 Ul 40
3
g \ 20 T T \ 20 T T \
25%%50% 25%%70% 50%Xx70% 25%%50% 25%%70% 50%Xx70% 25%%50% 25%%70% 50%Xx70%
Datax Token Keep Ratio Datax Token Keep Ratio Datax Token Keep Ratio

Figure 5: Effect of varying (a) batch size and (b) neighbor awareness for Mistral-7B under three keep
ratio configurations. Additional benchmark results (Avg. of five benchmarks, ARC-E, ARC-C) are
provided in the Figure[J]in Appendix[C.5.1}

Effect of quadrant-wise pruning strategies. Table 5: Ablation on four quadrants on OpenHer-
Table [5 reports a quadrant-wise ablation on  mes and Qwen3-8B under different sample and token
Qwen3-8B under two budget settings. Re- ratios, where v indicates that the corresponding quad-
taining Q1 consistently yields the lowest av- rant is pruned. Additional quadrant-wise ablations are

erages, with pronounced drops on reasoning  provided in Appendix[C.5.2}
and QA tasks (e.g., GSM8K and SQuAD),

whereas pruning Q1 leads to more stable per-
formance. Token-level pruning of Q4 is gen- D EROSTEZ S M

Sample pruning Qwen3-8B

ARC-E  ARC-C GSM8K SQuAD TriviaQA  Avg.

Token pruning
Q

s . v v 7901 5220 7468 3635 4820  58.09
erally harmful, indicating that these low-PPL v | v v | 7937 5220 7180 3555 4723 57.23

. . v v 78.84 53.90 68.99 44.32 49.15 59.04
yet diverse tokens carry useful 51gnal and v v 80.95 5356 7051 4576 50.16  60.19

should be preserved. In contrast, pruning Q2 2 HON g T S

tokens is crucial, as retaining Q2’s high-PPL Erer R YU St Rt
tokens degrades performance while remov- nH_ SR 07 B8 8RS0
ing them consistently improves results. Therefore, the best configurations prune Q1 and Q3 at
the sample level and prune Q2 at the token level, supporting the design of Q-Tuning. Additional
quadrant-wise ablations are provided in Appendix

ENENEN
N
<

v
v

Case Study: Which Types of Tokens Are

. . B Pruned (%)  EEE Kept (%
Preferentially Pruned in Q2? To bet- Boilerolat runed (%} =gt (6)
. . ollerplate _ o, o,
ter characterize the semantic effects of Q2 Templates 0.8% | 0.3%
pruning, we perform a microscopic analysis Functional _ 31.3% 32.1%

within the Q2 quadrant. We randomly sam- Words

ple 300 Q2 instances and use GPT-5 (Nom-mvent- 42.7% 38.6%
[2025)) to annotate functional roles for  Gold Answer.

44K+ tokens, then compare category propor- Spans

tions between pruned and kept sets. Fig- '\‘S‘)‘,ﬁkﬂz

ure [6] shows that redundant content is over- Markdown 3.0% M 5 4%

represented among pruned tokens: boiler- Formatting

plate/templates and formatting increase, and 60%  40%  20% 0%  20%  40%

non-answer content shifts toward pruning. In

contrast, supervision-critical signals are en- Figure 6: Semantic distribution of pruned vs. retained
riched in kept tokens. Gold answer spans tokens in the Q2 quadrant, based on 300 instances
account for a higher proportion among re- annotated by GPT-5.

tained tokens, and numbers/symbols are substantially more prevalent. We provide quadrant examples
in Appendix [E.T]and token-level pruning cases in Appendix [E.2}

4.3 EFFICIENCY ANALYSIS: EMPIRICAL LATENCY

Table [6] quantifies the end-to-end efficiency of Q-Tuning on LLaMA2-7B under our standard three-
epoch setup with 8x A100 GPUs. Compared to full-data SFT (90 minutes, 1.0x FLOPs, 78% peak
memory), Q-Tuning with 12.5% samples and 50% tokens reduces training compute to 0.0625 x and
completes in 65 minutes, yielding a ~28% wall-clock reduction while lowering peak memory to 27%.

9
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The screening overhead introduced by ~ Table 6: Efficiency and overhead breakdown on LLaMA2-
dynamic sample pruning is modest rel- 7B under different pruning settings.

ative to the overall training budget and
is effectively amortized by the com-
putational savings gained from skip-  JEVE, L% | Sicction  seleodon | Time (mins)  Mom (%)
ping backward passes and optimizer

Pruner | Selection Time (mins) |  Training Efficiency

12,5 50 35.88 6.96 65 27
updgtes on pruned data. Even as bud- 25 50 3864 749 70 35
get increases (25% and 50% samples 50 50 44.16 8.56 80 50
at 50% tokens), total time remains be- 100 (Ful) 100 0.00 0.00 90 8

low full-data SFT (70-80 minutes) with substantially reduced FLOPs (0.125-0.25x) and peak
memory (35-50%), indicating a favorable practical cost—benefit trade-off.

5 DISCUSSION

Can Q-Tuning outperform independent sample or token pruning? To isolate the effect of
each pruning dimension, we conduct controlled ablations that apply only dynamic sample pruning
(retaining all tokens) or only dynamic token pruning (retaining all samples). As shown in Figure|7}
Q-Tuning consistently outperforms all baseline methods across keep ratios on both LLaMA2-7B and
Mistral-7B, indicating that its advantage does not rely on a particular pruning axis but stems from
more effective data utility modeling.

LLaMA2-7B Mistral-7B LLaMA2-7B Mistral-7B
[ Q-Tuning (Ours) [C] Random [_] PPL [_] Fastv [_] SparseVLM [ Q-Tuning (Ours) [C_] Random [__] InfoBatch [__] Longest ___] Entropy
37 475 37
36 | 475
g 45.0 36 45.0
g 3 425 35 125
2 34 ’
£ 400 34 400
£ 33 375 33 375
o 32 35.0 32 35.0
31 32.5 31 325
30 | 1300 ! ! L 30 ! 30.0
12.5% 25% 50% 12.5% 25% 50% 50% 70% 50% 70%
(a) Sample Keep Ratio (keep all tokens) (b) Token Keep Ratio (keep all samples)

Figure 7: Comparison of independent (a) dynamic sample pruning and (b) dynamic token pruning
across different keep ratios for LLaMA2-7B and Mistral-7B.

How does the sample distri-

bution evolve du.ring t.r?in' =¥- Q-Tuning =@ Entropy -~ Infobatch —#— Longest == Random
ing? To characterize training 15 04
dynamics, we track the average _ =
. o c 0.2
perplexity and token entropy a 1q w0
on 100 randomly sampled % S 00
training instances throughout § 5 g 02
fine-tuning. As shown in Fig- & . I z
ure -Tuning reduces both 0 . . . -0.4- . . .
B Q g 0 1 2 3 0 1 2 3
metrics more rapidly than alter- Epoch Epoch

native sample-pruning strate- o ) }
gies, suggesting faster stabj- Figure 8: Training dynamics of different sample pruners. Compared

lization of the training signal to baseline strategies, Q-Tuning consistently reduces both metrics
and correlating with improved ~at a faster rate, indicating more efficient learning dynamics.

downstream performance.

6 CONCLUSION

This work turns risky dynamic data pruning for LLM fine-tuning into a reliable, high-utility strategy.
By analyzing sample modes via the Error—Uncertainty Plane, we expose data’s heterogeneous value
and the need for nuance. Our Quadrant-based Tuning (Q-Tuning) uses a two-stage framework
to coordinate sample- and token-level pruning, preserving valuable signals while removing noise,
boosting efficiency without sacrificing overall stability, and often further improving performance
across diverse tasks and models.

10
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A RELATED WORK

A.1 SAMPLE PRUNING

A growing body of work explores sample pruning as a means to reduce training cost by selecting
smaller yet higher-quality subsets of data without compromising performance (Ivison et al., [2025;
Yang et al., |[2024; Xia et al., [2024a; Zhou et al., 2024). For example, LIMA (Zhou et al., 2023a)
shows that aligning LLMs requires only a small collection of high-quality instruction-response pairs
rather than large-scale corpora. Broadly, existing approaches fall into static and dynamic pruning. In
the static setting, data subsets are determined in advance using fixed criteria: SVP (Coleman et al.,
2020) leverages proxy models to estimate sample importance, D3 (Zhang et al.| [2025) combines
diversity, difficulty, and dependability into weighted coresets, and Less is More (Deng et al.| [2025)
shows that carefully curated preference subsets can outperform full datasets by filtering noisy or
redundant examples. Other static approaches target in-context examples: LIMO (Ye et al., [2025)
removes redundant demonstrations while distilling essential reasoning patterns, and methods such
as DEFT (lIvison et al.| [2023), Alpagasus (Chen et al.| [2023), and Data Whisperer (Wang et al.,
2025a)) automatically select or reweight demonstrations based on influence estimation, contribution
to performance, or few-shot evaluation.

In contrast, dynamic pruning adapts sample usage throughout training. Early work by (Raju et al.,
2021) proposed two methods, e-greedy and UCB, which retain uncertain examples while discard-
ing easier ones. Subsequent approaches explore alternative criteria for adaptive pruning: RHO-
LOSS (Mindermann et al. 2022) assigns importance using high-quality reference models, Info-
Batch (Qin et al., |2024) removes low-loss examples on the fly, and more recent methods such
as MATES (Yu et al., 2024) and DWM (Yu et al., 2025) reweight or select samples according to
the evolving model state.Beyond single-example pruning, several methods consider structured or
representation-based criteria: ActivePrune (Azeemi et al.||2024) selects demonstrations per input via
similarity metrics, SCAN (Guo & Kankanhalli, [2025) iteratively removes ill-matched and redundant
data during contrastive pretraining, GDeR (Zhang et al.| 2024a) models data as a prototypical graph
to prune noisy or redundant samples, and DQ (Zhou et al.| 2023b)) clusters data in representation
space and replaces each cluster with representative subsets.

A.2 TOKEN PRUNING

Parallel to sample pruning, recent research (Wang et al.,2025b; Pan et al., 2024} |[Keith et al.| 2024)
has increasingly focused on token-level pruning to retain only the most informative portions of input
sequences. At pretraining time, methods such as Rho-1 (Lin et al.,|2024) estimate token importance
using a reference model and remove low-utility tokens. During fine-tuning and inference, pruning
is typically dynamic: Token Cleaning (Pang et al., |2025) treats harmful tokens as noisy labels and
prunes them based on their influence on parameter updates, while LazyLLM (Fu et al., [2024) and
SlimInfer (Long et al., 2025) accelerate long-context inference by dropping tokens or hidden-state
blocks using attention signals and cache mechanisms. TokenSkip (Xia et al.l 2025) further reduces
redundant reasoning by skipping semantically less important tokens. A related line performs input
compression before inference, as in LLMLingua (Jiang et al.,|2023b)) and Selective Context (Li et al.,
2023), which apply coarse-to-fine filtering with budget control to prune low-information tokens,
phrases, or sentences. Beyond text-only models, multimodal pruning exploits cross-modal attention
patterns: FastV (Chen et al., |2024) and SparseVLM (Zhang et al., 2024b) drop redundant visual
tokens guided by attention, while LMTL (Huang et al., 2023)) prunes unnecessary visual features to
adapt computation. Recent methods incorporate task objectives, GAP (Chien et al.||2025)) maintains
spatial grounding by correcting positional misalignment during pruning, and DART (Wen et al.| [2025)
reduces computation via confidence-based early stopping.

Despite their progress, prior work typically treats sample pruning and token pruning as independent
lines of research. Sample pruning methods focus on reducing the number of training examples but
leave token-level redundancy unaddressed, while token pruning techniques emphasize sequence-
level efficiency without considering redundancy across training samples. Such separation limits the
potential for jointly optimizing efficiency and effectiveness. In this work, we bridge these directions
by proposing a unified framework that integrates sample-level and token-level pruning, enabling
models to simultaneously filter uninformative data and compress redundant inputs.
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B EXPERIMENTAL SETTINGS

B.1 MODELS AND DATASETS.

We conducted experiments on language models of different scales, including Mistral-7B (Jiang
et al.,[2023a), LLaMA2-7B (Touvron et al.l [2023)), LLaMA3-8B (Grattafior1 et al., 2024)), SmolLM2-
1.7B (Allal et al., 2025)), Qwen3-8B, Qwen-14B and Qwen-32B (Yang et al.|2025). For Qwen3-series,
we fine-tune on the OpenHermes (Tekniuml 2023), which contains diverse instruction-response pairs
for general-purpose alignment. For other models, we use two complementary datasets: WizardLM (Xu
et al., [2024)) for alignment, which provides high-quality instruction—response pairs for supervised
fine-tuning (SFT), and Mathinstruct (Yue et al.,|2023) for reasoning, which contains mathematically
focused instructions designed to assess arithmetic and symbolic problem-solving.

B.2 EVALUATION.

For alignment task, we used five standard benchmarks: ARC-E, ARC-C (Clark et al.| [2018]),
GSMBS8K (Cobbe et al., [2021), SQuAD (Rajpurkar et al., 2016)), and TriviaQA (Joshi et al., [2017)),
covering knowledge-intensive question answering, commonsense reasoning, and reading compre-
hension. For reasoning task, we evaluated models fine-tuned on MathInstruct using GSM8K and
MATH (Hendrycks et al.l 2021), two widely used benchmarks for mathematical problem solving.

B.3 BASELINES.

We constructed baselines by pairing sample-level and token-level pruning strategies. For sample-
level pruning, we considered eight methods: (i) Random, which dropped samples uniformly at
random; (ii) Longest, which removed the longest sequences; (iii) Entropy, which retained high-
entropy samples; (iv) InfoBatch (Qin et al.| 2024)), an information-theoretic data selection method;
(v) Alpagasus (Chen et al.,|2023)), which leveraged a LLM as an automatic quality rater to filter low-
quality instruction—response pairs; (vi) Deita (Liu et al., [2023)), which selected instruction—response
pairs by modeling instruction complexity, quality, and diversity; (vii) DS2 (Pang et al.| 2024), a
diversity-aware data selection method that corrected LLM-generated quality scores via a transition
matrix; and (viii) Less (Xia et al., 2024a), which selected instruction-tuning data by measuring
gradient-based influence on few-shot target examples. For token-level pruning, we adopted six
methods applied to the retained data: (i) Random, which masked tokens uniformly at random; (ii)
PPL, which removed high-perplexity tokens; (iii) FastV (Chen et al., [2024)), which pruned tokens
receiving the least final-layer attention; (iv) SparseVLM (Zhang et al., |2024b)), which combined
attention and hidden-state features to score token importance; (v) Rho-1 (Lin et al., 2024), which
scored tokens by their excess loss relative to a reference model; and (vi) TokenCleaning (Pang et al.,
2025)), which removed tokens deemed noisy or uninformative based on token-level statistics.

B.4 IMPLEMENTATION DETAILS

All experiments were conducted using the LLaMA-Factory framework (Zheng et al., [2024), which
provided utilities for training and evaluation across diverse large language models. For benchmark
evaluation, we used the OpenCompass framework (Contributors}, [2023)), which offered a standardized
interface to a wide range of tasks. Unless otherwise specified, models were trained for 3 epochs with
a learning rate of 1 x 10~* and a batch size of 8 per device. In all pruning experiments, we applied
pruning exclusively to the answers. All experiments were performed on NVIDIA A100 GPUs. For
the Random baseline, we repeated each experiment five times and reported the averaged results.

B.5 HYPERPARAMETERS

We provide the full hyperparameter settings used in our experiments in Table [/} Unless otherwise
noted, all other parameters follow the default settings of the LLaMA-Factory framework.

Table 7: Complete hyperparameter configurations employed in our experiments.

Hyperparameter Value Hyperparameter  Value

A 0.5 Batch size 8
Epochs 3 LR 1x 1074
LoRA rank 8 Cutoff length 2048
Grad. accum. 4 Scheduler cosine
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C ADDITIONAL EXPERIMENTAL RESULTS

C.1 ADDITIONAL RESULTS ON ALIGNMENT DATASETS

The detailed results of additional experiments on alignment dataset are presented in Table [§] and
Table 9] providing a comprehensive comparison across different pruning strategies.

Table 8: Evaluation on Wizard under different sample ratios (12.5%, 25%) and token ratios (50%,

70%), where 1 and | respectively denote improvements or degradations over the Random-Random
baseline.

Sample Token LLaMA2-7B Mistral-7B
Pruner Pruner ARC-E ARC-C GSMS8K SQuUAD  TriviaQA Avg. ARC-E ARC-C GSMS8K SQuUAD TriviaQA Avg.
Zero-Shot ‘ 53.44 38.98 531 12.18 43.00 30.58 ‘ 66.67 46.10 18.35 10.01 43.77 36.98
12.5% Samples, 70% Tokens

Random 59.43 41.02 6.97 13.64 47.97 33.81 71.08 47.46 24.34 21.64 53.15 43.53
Random PPL 60.147070 43391237 6224075 ]2.]184146 48181021 34027021 | 7(.724036  47.80T03¢ 25091075  2].284036 53837068 4374102
FastV 5820413 41021000 6294068 13424022 45324265 32854096 | 70724036 46444102 19,5647 21384026 53341019 42294124
SparseVLM | 54.67+476  37.974305 8041107 3064058 4487410 31720209 | 67724336 44754271 23,6546 11764988 44904825 38581495
Random 59.441001 43397237 735703 15591195 50021205 3515113 | 73371229 48811135 27.821348 2131403 55771262 4542118
Longest PPL 60.85M42 43391237 7731076 6211257 48571060 35357154 | 74,9613 49831237 28.73M9  2].624002  56.59T4 46357282
FastV 59.447T000 42711169 6294068 14531089 47464051 34091028 | 7407729  49.831237 24184016 25747410 55861271 45941241
SparseVLM | 54.85%38  37.974305 7051008 1120424  44.164381  31.044277 | 69.144194 44751271 31011667 6254539 52944021 4082427
Random 59.264017 42371135 6224075 16.101246  47.724025 34331032 | 7(,194089  47.80103¢  20.774357  19.03426! 52134102 41984155
InfoBatch PPL 60.491106 39324170 5764121 14.471083  48,061009 33624019 | 70724036 46444102 19034531 23.20M16 51754140 42234130
FastV 58.554088 43301237 5534144 [3.]34051 47644033 33654016 | 69,4941 43304407 16,6876 25271363 51 47HE 4126427
SparseVLM | 56.61+28 38314271 5764121 12474107 44494348 31534228 | 6825428 44414305 23734061 (74257 45734742 38241529
Random 61.027150 43051203 7.66106  14.117047 484471047 34861105 | 73371220 49831237 23,0541  ]6.524512 55187203 43591006
Entro PPL 61.02715 43397237 697700 4941130 48941097 3505124 | 73,0219 47.467000 24037068 2285121 54891174 44.451092
Py FastV 58.734070 43391237 6144083 14231059 47,0349 3390100 | 74,0772 50.85133% 24947060 23797215 55941279 4592123
SparseVLM | 54.85458 372048373 6524045 2734091 46244173 31534228 | 68,084300 44414305 26381204 [1.064105%  46.684647 39324421
Q-Tuning (Ours) 6437144 42371135 10.8413  17.6313% 52171400 37.481367 | 7178100  4g.14Toes 3033w 28597655 57.9314m 473513

Full Dataset | 6155 42.37 8.64 13.80 50.45 3536 | 7125 45.76 26.68 31.81 53.67 45.84

25% Samples, 50% Tokens

Random 60.32 41.69 5.76 13.43 48.41 33.92 70.19 46.10 20.62 24.07 53.74 42.95
Random | PPL 60.321000 42031034 7.51T75 5947251 48581017 34871095 | 69.66405  47.46T136  19.864076 19514456 53747000 42 54090
FastV 59.084124  41.69T00 3564220 12781065 45604281 32544138 | 7178115 4712102 ]5.774485 26971290 50844290 42 501043
SparseVLM | 54.504582  38.644305 6441068 12044139 44794362 31284264 | §7.554264  46.441034 24411379 18041227 48144560 39671328
Random 61.207088  42,031034  7.88%212 15407197 48294012 34967104 | 73541335 48141204 23.73M11 26347227 54067032 4516722
Longest PPL 60.857053 43397170 720714 13881045 48481007 34761084 | 72317212 48141204 24341372 2384102 55221148 44771182
£es FastV 59.08+124 42711102 5164060 14007057 47474094 33684024 | 72667247 46,1010 18,8847 31527745 52134161 442613
SparseVLM | 56.614371 37204440 758118 ]2,09+134 44764365  31.66+226 | 66.844335 44414169 29427880 12241285 48474527 40.074288
Random 58.734159  40.684101  6.671091  9.954348 489871057 33004092 | 70.557036 46447034 2].531091 23934014 52 144160 42 921003
InfoBatch PPL 59.96M47 42_7]“02 6.52M76 1458TI 15 48.577{”6 34.47 1055 71 OSTUX? 47 80T17n 20. 62Tnnn 24 SSTURI 51 G]ilﬂ 43 20Tﬂli

nfoBatc 34. K . . % k 3.

FastV 59.084124 42377068 3034273 ]].134230 47504091 32,63+120 | 69.314088 44414169 14481614 23634044 49164458 40.201275
SparseVLM | 5573459 39.664203 5314045 11.66+177 43254516 31124280 | 6720430 45764034 2358129 9634144 46,094765 38454450
Random 60.491017  41.69T000 7511175 159471251 48761035 34,8810 | 70.19T000 4712102 2244T18 27357328 54781104 44381143
Entropy PPL 60.491017  41,024067  6.60708 14921149 49331092 34471055 | 71431124 4814720 2130106 25527145 5560118  44.401145
FastV 58.914141 41,6910 6,071031  [2.794064  46.11+230 33114081 | 72311212 4746713 18,0442 2596T1% 5246412 43257030
SparseVLM | 54.67+565  38.644305 6907114 11.644179 45034338 31384254 | 68254194 44074205 26.697607 96041438 47241650 30191376

Q-Tuning (Ours) 63.147282 42037034 88711 16,7673 51.52731 36,4712 ‘ 178150 47121102 26087346 32.79M872 56171243 46,7938
Full Dataset | 6155 4237 8.64 13.80 50.45 3536 | 7125 45.76 26.68 31.81 53.67 45.84
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Table 9: Evaluation on Wizard under different sample ratios (25%, 50%) and token ratios (50%,

70%), where T and | respectively denote improvements or degradations over the Random-Random
baseline.

Sample Token LLaMA2-7B Mistral-7B
Pruner Pruner ARC-E ARC-C GSMSK SQuAD  TriviaQA Avg. ARC-E ARC-C GSMSK SQuAD TriviaQA Avg.
Zero-Shot | 5344 38.98 5.31 12.18 43.00 30.58 | 66.67 46.10 18.35 10.01 43.77 36.98
25% Samples, 70% Tokens

Random 60.67 41.69 6.22 13.91 48.77 34.25 70.02 46.78 19.71 23.50 52.93 42.59
Random | PPL 60.324035 42037034 5914031 5887197 48561021 34547029 | 60494058 48147136 2]1,08T37  20.634287 53737080 42 6] 1002
FastV 60.324035 42711102 6,074015  14.92T101 47204157 34244000 | 7125T123  47.80T102  ]8.954076 2429107 52074086 42 871028
SparseVLM | 557349 3797472 720109  ]].834208 44964381  31.544271 | 67.724230 44751203 25327561 26941081 47464547 39594300
Random 61.021035 4169100 720109 5617170 49531076 35011076 | 74,43M41  47.80T102  24.56M85 2679132 55247231 45761317
Loneest | PPL 61.207053 43051136 7.281106 14067015 48871010 3489106+ | 72491247 47467068 2555158 23927042 5526723 44931234
& FastV 59.264141 43057136 5534069 3987007 48034074 33974038 | 7284728 47.80T102 19791008 3] 547804 53247031 4547245
SparseVLM | 55734494 36274542 8041182 11394252 44,6512 31224303 | 68,0849  43.734305 25781607 3474003 48,0049 39814278
Random 59.794088 42717102 5844038 (424349 4899702 33554070 | 70371035 46444034 210012 2409709 53757082 43137054
InfoBatch | PPL 60.321035 43391170 6671045 13887055 49037026 34661041 | 71.08T106  46.104068 22441273 22 074143 52174076 42771018
FastV 59.614106 42711102 3344285 218473 47984070 3316409 | 69.66403 45764102 15394521 2475T125 49514342 4101415
SparseVLM | 55.564511 38314338 538408 ] 8]14310 4308456 30634362 | 6578442 45084170  20.70109  10.974125 48,6642  38.241435
Random 60.67100  4],024067 5994023 14927101 493471057 34391014 | 70,371035 48,4716 22211250 2757107 56,051312 44931234
Entropy PPL 61551085 41,024067 538408 1490709 49721095 34511026 | 70.907088 48141136 2] 15714 26227272 55831290 44 457156
FastV 59.794088 4203103 6447102 3214070 47584109 3381404 | 7143741 47121034 20241053 26.0672% 54407147 43857126

SparseVLM | 5450417 37.97472 8871265 1225466 450597 3173429 | 6720928 457640 2517154 Q644K 4838455 390344k
Q-Tuning (Ours) | 6243117 42377068 9251303 19,5315 50787201  36.877262 716071 47.1210% 2661160  30.641714 5513720 4622736

Full Dataset | 6155 42.37 8.64 13.80 50.45 3536 | 7125 45.76 26.68 31.81 53.67 45.84
50% Samples, 50% Tokens
Random 62.08 41.36 6.75 12.14 48.86 34.24 71.25 46.44 21.53 2491 54.16 43.66
Random PPL 61.024106 43,0516 6821007 15087294 49101024 3501107 | 72491124 46781034 22211068 33281837 53834033 45721206
FastV 60.324176 42.031067 4404235 ]1.80403¢ 48354051 33384086 | 72 131088 45424102 16224531 27697278 50.584358 42414125

SparseVLM | 55.734635 38314305 7207045 1334081 44804406 31474277 | 67.90433 45424102 2578M25  [].8541306 47644652 39721394
Random 60.854123  42,031067 7051030 14907276 49461060 34861062 | 72491124 47461102 2].9]11038  294]1450 5599118 4545117

L PPL 62087000 4169705 751707 14897275  4899TOI 3503107 | 7160705 4678103 41178 20,1712 55831 4550118
O Rasev 6032417 4068406 417425 326712 4824006 33330091 | 72317106 4576408 [6.834M 3037754 5399417 4385101
SparseVLM | 56974511 30,6641 6604015 11934021  44.52443  31.934231 | 60314 427187 237303 12724219 49.90%2 39,6843

Random | 583847 42717155 576409 1352113 4895700 3386403 | 71087017 4644100 21384015 2673112 5367408 4386702

InfoBatch | PPL 6067441 42711135 576409 14201215 40181032  34.52102 | 71437018 47.80113 2411725 3022753 53974019 455018
FastV 5044961 41367000 387428 12301035 4825061 3306405 | 7072405 454241 1387076 27837 5153026 4188417

SparseVLM | 56,0840 37.074% 6520038 103348 4384450 309592 | 6825100 4169475 2972785 9951  4900M4s 397748

Random | 5996212 42717135 766709 154773 49.071021 3497707 | 72.13708  47.8071% 2267714 25.19102 557071 44,7010

Entropy | PPL 604945 4102903 6674005 (351115 4975108 34291005 | 7213108 4780713 25.17736 30257 5658724 46,3977
FastV 592628 4237000 4027 (381116 48931001 33.6840% | 7160105 4746712 17970% 2082191 54404021 4425705

SparseVLM | 56974511 38.644272 553412 [].284086 44724414 31434281 | §7.558370 43731271 25.85M432 70941782 48244592 38494517
Q-Tuning (Ours) 62.797071 42031067 1046137 14.53722 5105721 3617719 733771212 48.14M70 28811728  36.35M14 56307214  48.591493

Full Dataset ‘ 61.55 4237 8.64 13.80 50.45 35.36 ‘ 71.25 45.76 26.68 31.81 53.67 45.84
50% Samples, 70% Tokens

Random 61.02 41.36 743 15.56 48.91 34.85 71.60 47.12 22.59 27.86 53.68 44.57
Random | PPL 60.674035 42711135 6754068 14931063 49131022 34841000 | 72311071 4712100 2070+ 32,027416 53564012 45141057
FastV 59.614141 42371100 5534190 [3361220 48484043 33874098 | 72311071 45084204 18954364 28,6070  51.404228 43274130
SparseVLM | 54.674635  38.98+4238 7284015 ](0.844472 4468442  31.2943% | 68.784282  46.10+102  23,65T106  [].3241654 49044464 39784470
Random 61.207018 41,0203 6374106 14904066 49791088 34654020 | 72137053 48471135 23051046 29607174 55947226 45841127
Longest PPL 62261124 41361700 6821061 14.834073  49,041013 34861001 | 70904070  47.80T068 24871228 27334053 5562119 4530107
) FastV 59.614141 42711135 5534190 ][4 12444 48774004 34154070 | 72661106 45084204  19.944265 31531367 5466109 44771020
SparseVLM | 55384564 39.66+170 614412  [1.514405 44564435 31.454340 | 69.144246 45424170 2343708 34241444 47864582 30854472
Random 61551053 40.34+102 5844159 14994057 49451054 34434042 | 70.904070 45764136 22971038 28,8510 54111043 44524005
InfoBatch | PPL 60.854017  42,031067 6754068 [4.22413¢ 48414050 34451040 | 7] 084052 45764136 22821023 32807494 54631095 45421085
FastV 58.914211 4136700 4024341 14.984058 48764015 33604125 | 70.194141 45764136 19861273  28.95T109  50.924276 43144143
SparseVLM | 55914511 37294407 6224121 ]0.404516 43754516 30.71+414 | 68.964264 44074305 25631304 9824804 49564412 39 6] 4496
Random 60.494053  41,691033 7134030 ]54]4015 48334058 3461402 | 72131053 47467034 2343708 28997113 55441176 45491092
Entropy PPL 60.854017  40.684068 6294114 13384218 49941103 34234062 | 72311071 46444068 23201061 3144138 56,6712%  46.01114
FastV 58914211 42371101 4854258 [4274H29 48844007 3385400 | 7]1.961036 48141102 20394220 3030724 54461078 45057048

SparseVLM | 56.7942 37634373 5844159 11.851371 4382450  3[.184367 | 67.55%405  46.441068 2517725 103641750 48.6045%  39.624495
Q-Tuning (Ours) ‘ 61.387036 42031067 9,551212 17697213 51.041213 3634714 73,9072 47467103 29491690 372413 5607723  48.831426
61.55 42.37 8.64 13.80 50.45 3536 | 7125 45.76 26.68 31.81 53.67 45.84

Full Dataset
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C.2 RESULTS ON QWEN3-8B ON ALIGNMENT DATASETS

The detailed results on the OpenHermes dataset using Qwen3-8B (Yang et al., [2025) are summarized
in Tables[I0]and [TT] which systematically evaluate different sample ratios and token ratios.

Strong performance with limited data budgets. Across all evaluated budgets, Q-Tuning consistently
outperforms traditional pruning-based fine-tuning methods and surpasses the full-data baseline. For
instance, under the extremely low-budget setting of 12.5% samples and 50% tokens, Q-Tuning
reaches an average of 60.19, outperforming the full-dataset result (55.45) by more than +4.7 points.
Even at 12.5% samples, 70% tokens, Q-Tuning maintains the same strong average (60.29), showing
remarkable robustness under aggressive pruning.

Consistent superiority under larger budgets. When the available data increases, Q-Tuning contin-
ues to dominate other baselines. At 25% samples, 50% tokens, Q-Tuning attains an average score of
58.80, exceeding the strongest baseline (InfoBatch—-Random) by nearly +3.9 points. Similarly, at 25%
samples, 70% tokens, it reaches 59.20, still outperforming all competing methods such as InfoBatch,
Entropy, and SparseVLM by a clear margin, and exceeding the full-data fine-tuning by +3.75 points.

Performance saturation and stable generalization. At even larger budgets, such as 50% samples
with 50% or 70% tokens, Q-Tuning continues to deliver strong and stable improvements. In the 50%
/ 50% setting, it achieves an average of 58.39, improving over all pruning-based baselines by 3—6
points. Under 50% / 70%, it reaches 57.86, maintaining competitive accuracy and demonstrating
consistent generalization despite heavy token-level sparsity.
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Table 10: Evaluation on OpenHermes using Qwen3-8B under different sample ratios (12.5%, 25%)

and token ratios (50%, 70%), where T and | respectively denote improvements or degradations over
the Random-Random baseline.

Sample Token Qwen3-8B
Pruner Pruner ARC-E ARC-C GSMSK SQuAD TriviaQA Avg.
Zero-Shot | 69.31 4441 74.45 27.63 51.76 53.51
12.5% Samples, 50% Tokens

Random 76.54 51.53 60.88 35.74 40.13 52.96

PPL 77.60T106 52201067 58004288 35554019 40737060 52 8D l0.14
Random

FastV 76_19l0.35 52.54TI.OI 56.48l440 35.04¢0.70 4107 10.94 52‘26“170
SparseVLM | 70.904564 45424611 73 6911281 243941135 50,58T1045 53 (004
Random 78.48 M9+ 532216 62707182 3397477 42131200 54107114
Longes[ PPL 78448T“94 534227‘].69 56 1814.70 3205 13.69 41 91 T1.78 5237 10.59
FastV 77.60T106  51.861033  60.124076 32574317 43011288  53,031007
SparseVLM | 69.144740 44754678 755911471 22 2441350 5002198 52354061
Random 80.25™371 53561203 6(0.584030 38511277 4436M23 55457249
InfoBatch | PPL 79.011247 53561203 62471159 35694005  42,06T9 54561160
FastV 79.017247  51.194034 454941539 38711297 4472145 51824114
SparseVLM | 68.964758 44414712 7777111683 198841586 49351922 52 (064090
Random 76.374017  51.531000 627718 33904184 43077294 53531057
Entropy PPL 78.661212 52541101 61947106 35624012 42731260 54301134
FastV 76.901036 53561203 6505M17  36.141040 43991386 55131217
SparseVLM | 71.084546  44,074746 758911501 22 7741300 5047711034 52 g540.11

Q-Tuning (Ours) ‘ 80.957441  53,561203 70517963 457611002 501611003 60.191723
12.5% Samples, 70% Tokens

Random 76.54 52.20 61.64 34.88 41.02 53.26
Rand PPL 7707105 5220100 592144 3520102 40874015 52.9140%
anaom
FastV 76374017 50514€ 5936422 35251037 4101400 5250407
SparseVLM | 70.904564 4542467 736011205 24394049 5058195 5300402
Random 79191265 53907170 61,6410 3414407 42231121 54.2210%
Longest | PPL 7848119 51534067 5565459 32954183 42.45M145 52214105
FastV 7813119 5153406 502094 330647 4219717 5284404
SparseVLM | 60.144740 44754745 755011395 222441264 50021900 52 354091
Random 78841230 51864034 5838432 381212 30084104 53441018
InfoBa[Ch PPL 78.48T|.94 524887‘068 62‘17T(l.53 36‘287‘1.4[) 42‘967‘1.‘)4 54_55Tl.29
FastV 79.80133 532210 55194645 3863175 4423120 5423109
SparseVLM | 68.9647%5 4441417 777111607 19884150 4935183 52,0642
Random 7707105 51.86403  60.734091 343040 4234712 53261000
Entropy | PPL 78841230 52887068 6126403 3644715 4353131 5450113
FastV 7707105 5186403  64.2212% 36631175 4394729 5474714

SparseVLM | 71.084546  44,074813 758911425 22 7741211 50471945 52 854041
Q-Tuning (Ours) ‘ 80.95T441 52 207000 7(0,131849  47,6011272  50,581956 (.29 17:03
25% Samples, 50% Tokens

Random 77.07 51.86 61.03 35.11 40.55 53.13
Random | PPL 7778107 5458727 5853425 3543102 4068705 53.4070
FastV 79.541247 52547065 5345475  36.897175 4313725 53,1400

SparseVLM | 69.144793 45764610 77711166 20804431 50201965 52724041

Random 79.01119% 5458727 511049 36307119 4193713  52.58405

Lon est PPL 79.01 T1.94 54.92 13.06 5542 15.61 35 10L().l)l 4109 10.54 531 1 10.02
£ FastV 80.95138 5153403 5330477 39.73M@ 44341 539770s
SparseVLM | 72.49443% 4441745 74831138 220841305 4893783 52,5505

Random | 77.257018 5153403  63.6112% 3699718  4515M60 5491117

InfoBatch | PPL 78841177 5458727 60.2040% 35811070 43537300 54.597146
FastV 80251515 52547065 48524131 30627451 448712 5316700
SparseVLM | 69.4947% 4407977  76.8811585 1829468 50161961  51.78413

Random | 77.071000 53227136 62021100 3540102  42.9172% 5412709

Entropy | PPL 79.371230 5424723 5204979 3313485 40821027 51.964117
FastV 79.541247 5186700 52024811 3568105 437912 5276403

SparseVLM | 70.194688 43391847 75211418 199741514 50,4611 5].8441.2
Q-Tuning (Ours) ‘ 79.891282 52881102 69371834  43,547843 48331778 58.8( 1567
Full Dataset | 7778 52.20 65.13 38.05 44.08 55.45
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Table 11: Evaluation on OpenHermes using Qwen3-8B under different sample ratios (25%, 50%)

and token ratios (50%, 70%), where T and | respectively denote improvements or degradations over
the Random-Random baseline.

Sample Token Qwen3-8B
Pruner Pruner ARC-E ARC-C GSMSK SQuAD TriviaQA Avg.
Zero-Shot ‘ 69.31 44.41 74.45 27.63 51.76 53.51
25% Samples, 70% Tokens
Random 77.43 52.20 57.85 35.55 41.47 52.90
Random | PPL 76.90405 5390170 6027124 35701015 4073407  53.501060
FastV 79.197176  51.864034  56.034182  36.017046  43.86T239  53.397T049
SparseVLM | 69.144829 45764644 777111986 2(.80+1475 50201873 52724018
Random 79.01T158 54587238 53834402 37567201 424109 53 4871058
Longest PPL 78.48 1105 55597133 55724213 35164039  4].3]%016 53257035
FastV 79.897246 52547034 53224463 37901235 437791232 534771057
SparseVLM | 72494494 44414779 748311698 22 0841347  48.931746 52 554035
Random 78.66T123 52547034 63681583 37567201 44511304 55397249
InfoBatch PPL 78.84T141 53227102 6D 40455 36397084 44871340 55141224
FastV 79.897246 53907170 55044282 38791324 44287281 543871148
SparseVLM | 69.494794 44074813 768811903 182941726  50.16186  51,78+112
Random 7690105 5254703 5747003 34584097 4250708 52804010
Entropy | PPL 7866112 53001170 5246459 337248 411603 519805
FastV 79.01T158 52201000  57,544031 35721017 42941147 53481058
SparseVLM | 70.194720 43391881 752111736 [9.074SS 5046190  5].84+106
Q-Tuning (Ours) ‘ 79.727220 52887068 711111326 43707815 48581711 59,20 1630
50% Samples, 50% Tokens
Random 77.95 51.86 63.61 36.64 4222 54.46
PPL 78.481053 53227136 6202415 35964068 4256103 54454001
Random
FastV 79.19T124 51534033 497341388 40647400 44457223 53 114135
SparseVLM | 72.134582 46104576 73,69T1008 187441790  50,3918.17 52 24225
Random 78.847T089 54247238 50 67439  36.66T002 43051083 54497003
Longest PPL 79'72 T 54'24 12.38 58' 1 5 1546 39'88 13.24 44.01 T1.79 55.20 10.74
FastV 79727171 51861000 479941562 40571395 44891267 53] 4145
SparseVLM | 70.194776 43394847 742211061 17904874 49341712 51,0 4345
Random 78.84108 52881102 64371076 36981034 45491327 55711125
InfoBatCh PPL 77'95 10.00 53456T"70 60'73 12.88 38'1071.47 44.39T2,17 54'95 10.49
FastV 80.427247 52 887102 503441327 4(,79T415 45147292 53924054
SparseVLM | 66.4941146 43304847 743011060 151642148 49641742 49,80 +466
Random 78.13T018 51534033 6].944167 34 504205 47237001 53 684078
Entropy PPL 78.661071  52.8811.02  §4.971861 36114053 42064016  52.944152
FastV 79.54T159 53227136 470841653 402471358 43337111 5D 684178
SparseVLM | 70.90+705 43394847 787011509 6254203 50101787 5187425
Q-Tuning (Ours) ‘ 80.257230 53907204 70.05T644  39,037239 48707648 58,3973
50% Samples, 70% Tokens
Random 78.13 52.20 61.49 36.91 42.75 54.30
Ra_ndom PPL 7795 10.18 52420 10.00 59‘59ll.‘)0 36 14‘L().77 4251 10.24 5368 10.62
FastV 79.017088 53907170 58304319 40.331342 45207245 55357105
SparseVLM | 72.134600 46104610 736911220 187441817 50,391764 52 2] 4209
Random 78.481035 52547034 59144235 37271036 42384037  53.064034
Longegt PPL 79.19T|,05 53‘567‘].36 60.9610.53 39'7872.87 44.17T|,42 55'53 T1.23
A FastV 80.257212 52207000 56794470 40,53T362 45627287 55081078
SparseVLM | 70.19+794¢ 43394881 742211273 179041901 49341659 51,0432
Random 78317018 52 881068 62327083 35554136 45157240 54 8471054
InfoBatch PPL 78311018 54587238 63231174 38,8979  4416T141 55837153
FastV 79.017088  52.887068 58304319 39057214  46.05T330 55067076
SparseVLM | 66.49+11.64 43394881 743011281 51642175 49 641689 49 8( 450
Random 78.481035 53227102 (654084 35644127 42 314044 54 (064024
E PPL 78.13T000 53227102 57854364 36854006 4]70+105 53554075
ntropy
FastV 79.37T124  52,887068 52624887 30767285 44181143 53764054
SparseVLM | 70.904723 43394881 78701721 16254206  50,10177  51.874243
Q-Tuning (Ours) ‘ 78.841071 52887068 69901841 30547263 48151540 57,8673
Full Dataset ‘ 77.78 52.20 65.13 38.05 44.08 55.45
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C.3 ADDITIONAL RESULTS ON REASONING DATASETS

The detailed results of additional experiments on math reasoning are presented in Table[I2] providing
a comprehensive comparison across different pruning strategies.

Table 12: Evaluation of pruning strategies on GSM8K and MATH under 25% samples with 70%

tokens, and 50% samples with 70% tokens settings. T and | respectively indicate improvements or
degradations over the Random-Random baseline under the same sample and token keep ratio.

Sample Token LLaMA3-8B Mistral-7B SmolLM2-1.7B
Pruner Pruner GSMBK MATH Avg. GSMSK MATH Avg. GSMSK MATH Avg.
Zero-Shot ‘ 27.82 2.26 15.04 ‘ 19.86 3.30 11.58 ‘ 15.47 2.20 8.83
25% Samples, 70% Tokens

Random 25.09 2.20 13.65 24.11 1.68 12.89 13.80 222 8.01
Random PPL 23.65+144 2.627T042 13.144051 25327121 1.54 1014 13.437054 13.04 4076 2.28 1006 7.661035
FastV 16.91+8.18 2.164004 9.53 4412 16.07 4804 1.60 008 8.84 4405 12.89 4091 1.94 4028 7.41 4060
SparseVLM 22.974212 4721252 13.857020 19.26 4485 4.58 1290 11.924097 13.19+4061 3.48M2 8.34 71033
Random 25.471038 3.347T114 14.4171076 21.834228 1.76T008 11.80+19 12.96+084 1.961026 7.461055
PPL 24.874022 3.22M02 14.04 7039 23.654046 2221054 12.94 1005 14331053 1.60 4062 7.96 1005

Longest
FastV 18.9546.14 2.84 1064 10.90+275 12.96+11.15 1.74 1006 7.354554 12.59+121 1.58 4064 7.08 1093
SparseVLM 26.91 1182 4.681248 15.807215 24341023 4.84 1316 14.59711.70 12.43 4137 3.601138 8.021001
Random 26.91 71182 2.60T040 14761111 28.96 1485 2.44 71076 15.70 7281 13.72+4008 1.824040 7.77 4024
InfoBatch PPL 25.93 1084 2.48 1028 14.2071055 31.46173 2.1810s0 16.821393 14.861106 1.904032 8.381037
mOBAR | pasev 1683482 230700 g57%0s | 387402 2067 797442 | 084m |20 G2gum
SparseVLM 14.63 41046 32671106 8.95+4470 11.90+1221 1.94 7026 6.924597 11.90+190 4.361214 8.13710.12
Random 31.921683 2.50 1030 17.2171356 32.371826 1.921024 17.15M426 14.94 1114 1.92+4030 8.43 1042
Entro PPL 33,13 T804 2.86 066 18.001435 30.17 1606 1.96 1028 16.07 1318 14.94 1114 1.961026 8.457T044
Py FastV 25.2510.16 2.401020 13.8271017 21.0043.11 1.321036 11.16+1.73 14.18 1038 1.98 4024 8.08 10.07
SparseVLM 20.854424 5.2 12.984067 19.56 4455 4201252 11.88 4101 14.181038 2.90 1068 8.54 71053
Q-Tuning (Ours) ‘ 37.231214 4867266 21,0477 42991888 5081340 245611167 ‘ 22.90™10 364142 13.271526
50% Samples, 70% Tokens

Random 27.90 2.50 15.20 32.30 2.46 17.38 14.94 1.76 8.35
Random PPL 27.454045 2.50T0.00 14.97+4023 31.99+4031 2.04 042 17.02+4036 16.151121 1.80T0.04 8.971062
FastV 18.20+4970 1.9240s8 10.06+5.14 17.44 114386 1.72+4074 9.58 4780 12.134281 1.6040.16 6.87 4148
SparseVLM 10.31+1759 3581108 6.95+8.25 12.21+42009 2 g To40 7.531985 11904304 334158 7.621073
Random 26.23 4167 2.76102 14.50+070 27.82 4448 2.20+026 15.01+4237 15.69 1075 1.9210.16 8.81 1046
PPL 30.25123 2.64 1014 16.45M125 31.464084 2.00+046 16.73 1065 16.451151 1.94 1018 9.20 1085

Longest

FastV 18.424948 2.28+4022 10.35+485 18.65+1365 1.824064 10.2447:14 12.434251 1.94 1018 7.194116
SparseVLM 18.954895 4.841234 11.90+4330 19.48 41282 4741228 12.114527 11.07+387 3.901214 7.48 4087
Random 29.421152 2.921042 16.1771097 35.03 1273 2.50 1004 18.76 1138 16.00 106 1.78 1002 8.897T054
InfoBatch PPL 28.73 1083 2.78 1028 15.76710s6 38.821652 2.98t0s2 20.9013:52 15.391045 2.201044 8.80 1045
FastV 19.334857 1764074 10.55+465 18.04 41426 1.94 1052 9.994739 12.05+289 1.86 1010 6.96413
SparseVLM 9.10+1880 3.121062 6.11490 12.05 42025 2.324014 7.19 41019 10.84 4410 3961220 7.40 1095
Random 32.601470 2.14 4036 17.371217 38.671637 2.10+036 20.3813.00 18.88 1394 2.18 1042 10.53 1218
E PPL 33.97 1607 3.10 1060 18.531333 40.181788 2.304016 21.24 1386 17.211227 2061030 9.6412
ntropy FastV 24.944296 2264024 13.60+1:60 21.53+1077 1.564090 11.554s83 16.22711.28 1.78 1002 9.00 065
SparseVLM | 10314759 4561206 744176 | 9404m% 4401 69040s | [39540%  3eghm  ggaiew
Q-Tuning (Ours) ‘ 382171031 4307180 21267606 48.0711577 .14 1368 26.5711 ‘ 2047155 320114 11.84 134

Full Dataset ‘ 32.90 3.02 17.96 ‘ 42.08 3.08 22.58 ‘ 16.53 2.10 9.31
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C.4 ADDITIONAL RESULTS ON ADDITIONAL BASELINES

Tables [T3] and [I4] extend our evaluation to a broader set of pruning strategies under matched sam-
ple—token budgets. Tablel'lzl varies sample ratios (12.5%, 25%) and token ratios (50%, 100%) under
a fixed random token pruner, while Table [T4] fixes the token ratio at 50% and varies the sample ratio
(12.5%, 25%, 100%) under a random sample pruner.

Table 13: Evaluation of stronger task-relevant baselines under different sample ratios (12.5%, 25%)

and token ratios (50%, 100%) with the same token pruner (Random), where T and | respectively
denote improvements or degradations over the Random baseline.

50% 64207495 42031101 10.547T24 18797604 53127437 37741376 71607105  48.141000 29347660 27757818 5778151 46,9241

25% Samples

Sample Token LLaMA2-7B Mistral-7B
Pruner Ratio ARC-E ARC-C GSMSK SQuAD  TriviaQA Avg. ARC-E ARC-C GSMSK SQuAD  TriviaQA Avg.
Zero-Shot ‘ 53.44 38.98 531 12.18 43.00 30.58 ‘ 66.67 46.10 18.35 10.01 43.77 36.98
12.5% Samples

Random ‘ 50% ‘ 59.25 41.02 8.11 12.75 48.75 33.98 ‘ 70.55 48.14 22.74 19.57 52.63 42.73
Al 50% | 58.914034 41691067  G.67H4 12811006 46284247 33271071 | 72841229 48471033 20554219 2041108 52214042 42901017
pagasus 100% | 58.91403¢ 4136103 7584053 13451070 469647 3365403 | 70721017 48811067 23 35T061 24301473 52711008 43981125
Dei 50% | 58.204105 4237713 7434068 3857110 45504316 33494049 | 72661211 §50.5171237 22974023 20.91T134 5417115 4425M2
clta 100% | 58.384087 42371135 5464265  ]3.99MT12¢ 45634312 33174081 | 72,1318 50,171203 22514023 24.46M48 55281265 44921219
DS2 50% | 5873%% 42371135 599022 150570 455102 3353445 | 712500 474646 2123451 215700 512344 42,5501
100% | 59.084017 4136103  6.67+4 1514123 45694306 33594039 | 72 131158 49831160 23357061  2399T442 57 851022 44 431170
50% | 58.204105 42371135 66744 14567181 46624213 33,694029 | 73191264 49491135 22904016 9,61 1004 53141051 43 671094
LESS 100 58.381087 43391237 6824129 16,1614 46.724203 34301032 | 73,9073 4847103 23121038 2],671210 56,0013  44.6311%0

Q-Tuning (Ours)

Random | 50% | 60.32 41.69 5.76 13.43 4841 3392 | 7019 46.10 20.62 24.07 5374 4295
Al 50% | 59.61%7 4271T0 591701 (412100 4730411 33937001 | 70377018 47.80770 2085103 223846 5287408 42784017
pagasus 100% | 60497017 4339770 75105 (316407 48417000 34597067 | 71.60T4 50171407 233511 223846 55731199 44,6570
! 50% | 59.084120 416970  7.66T%  1323l0m 475508 33841008 | 7213719 47.80T0 2100703 2316491 5397702 4361706
Deita 100% | 5873419  4271M0 492008 148874 4824007 330040 | 72.661247  47.80T170 22297167 25871180 54407066  44.607165
DS2 50% | 59.44408% 4203103 644706  [559T216 4734007 34171025 | 7072005 4847723 2274122 2]15h% 5349402 4332109
100% | 59264106 4136403 70572 152017 4876703 34337041 | 71.437T2 4847723 2244ts 217203 5376702 435770e
50% | 5944408 433970 70572 [S89T246  4G60MST 34471055 | 71781 47.80770 221471 2451104 5304007 4385709
LESS 100 59794053 4102067 371061 14.441100 484471005 34011000 | 71,6014 4949133 2] 681106 30851678 53404034  45.4] 1246

Q-Tlming(Ours)‘ 50%  63.147282  4203T03 887131 1676733 5152731 36471255 7178710 47,1212 26,087546 32797872 56177243 46,7918
Full Dataset ‘ 61.55 42.37 8.64 13.80 50.45 35.36 ‘ 71.25 45.76 26.68 31.81 53.67 45.84

Table 14: Evaluation of stronger task-relevant baselines under different sample ratios (12.5%, 25%,

100%) and fixed token ratio (50%) with the same sample pruner (Random), where T and | respectively
denote improvements or degradations over the Random baseline.

Token Sample LLaMA2-7B Mistral-7B
Pruner Ratio ARC-E ARC-C GSMBK SQuAD  TriviaQA Avg. ARC-E ARC-C GSMBK SQuAD TriviaQA Avg.
Zero-Shot | 5344 38.98 531 12.18 43.00 30.58 | 66.67 46.10 18.35 10.01 43.77 36.98
50% Tokens
Random 12.5% 59.25 41.02 8.11 1275 48.75 33.98 70.55 48.14 22.74 19.57 52.63 4273
25% | 60.327107 41691067 5764235 3437068 4841403+ 33924006 | 7019403 46104204 20624212 24,07M0 53747111 42,95M022

12.5% | 53.97452  40.344908 6744 1327102 46,6228 3217481 | TL60TS 47464068 20624212 2374107 5371105 4343700
Rho-1 25% | 59.08407 4102100 66744 13991120 4719415 335043 | 70374015 467841% 2176495 20857128 5222404 4240403
100% | 60.6712 4136703 728408 1497122 498271107 34.82708 | 6367468 43304475 1684105 5464411 31.84407 33210

12.5% | 58.734052 43731271 7431068 2841009 4637423  33.824016 | 71607105 49.491135 2100417 22731316 53031040 43 571084
TokenCleaning 25% 59.96707 42371135 5994212 3621087 46144261 33,624036 | 70.191036  47.80403  19.941280  2417M60 52 021061 42827009
100% | 61.201195  41.02700 7734038 5411266 48294046 34731075 | 740713 46444170 24791205 33261136 5432116 46.581385
12.5% | 64.2014%5 42031100 10.54124  18.79T6M 53,1274 37747376 | 71,607105 48,1400 29347660  2775™18 57787515 46,921412
25% 63014 4D (3 L R 7 16176 Tl 511 K5 2127 3 6 T4 7t 2o 717 R A7 2 T2 610 R B N30 70 L2 B S 6817t BN 4 6170 1406

Full Dataset | 6155 42.37 8.64 13.80 50.45 3536 | 7125 45.76 26.68 31.81 53.67 45.84

Q-Tuning (Ours)
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C.5 FURTHER ABLATION STUDY

C.5.1 ABLATION WITH DIFFERENT HYPERPARAMETERS

Sensitivity of batch size in dynamic sample pruning.

FigureElpresents whole ablation results on Mistral-7B, evaluating the effects of batch size (8/16/32)
and neighbor awareness A (0—1.0) under multiple keep-ratio settings across ARC-E, ARC-C, GSMSK,
SQuAD, and TriviaQA, as well as the average over the five benchmarks.

(a) Sensitivity of Batch Size
B batch size=8 I batch size=16 I batch size=32

= Average ARC-E ARC-C
< . - ful™® - -- full, | -- -- full
g 40 — 50 —]
]
320 i i i 25 — T 20
25%x%50% 25%X%70% 50%x70% 25%%50% 25%x%x70% 50%x70% 25%x%50% 25%x70% 50%x70%
S GSM8K SQUAD TriviaQA
< 50 ] == == ful
] full
3 | T P
25%x%50% 25%X%70% 50%x70% 25%x%50% 25%X70% 50%x%70% 25%%50% 25%x70% 50%x70%
Datax Token Keep Ratio Datax Token Keep Ratio DataxToken Keep Ratio

(b) Sensitivity of Neighbor Awareness
e A=0 m A=0.3 e A=0.5 s A=0.7 e A=1.0

— Average ARC-E ARC-C
X
< - - full7® 7 o ful
2 40 - Y ul
9 50 —
g \ \ \
25%%50% 25%x%x70% 50%Xx70% 5%x50% 5%x70% 0%x70% 5%><50% 5%><70% 0%><70%
5 GSM8K SQuAD TriviaQA
o: -] -- full
g il fullgg ]
3
g T 20— | r
25%x50% 25%X70% 50%X70% 25%x50% 25%X70% 50%x%70% 25%%50% 25%x%70% 50%x70%
Datax Token Keep Ratio Datax Token Keep Ratio Datax Token Keep Ratio

Figure 9: Effect of varying (a) batch size (8, 16, 32) and (b) neighbor awareness A (0, 0.3,0.5,0.7,1.0)
for Mistral-7B under three data—token keep ratio configurations (25% x 50%, 25% x 70%, 50% x 70%).
Dashed lines marked “full” denote models trained on the full data without pruning.

C.5.2 ADDITIONAL ABLATION ACROSS DIFFERENT QUADRANTS
Table [T3] presents additional quadrant-wise ablation results on the Wizard dataset, evaluated on

LLaMAZ2-7B and Mistral-7B, examining how pruning Q1-Q4 at both the sample and token levels
impacts downstream performance.

Table 15: Ablation on four quadrants under different sample and token ratios, where v'indicates that
the corresponding quadrant is pruned.

Sample pruning | Token pruning

LLaMA2-7B ‘ Mistral-7B

Q1 Q3 Q2 Q4 ARC-E ARC-C GSMS8K SQuAD TriviaQA Avg. | ARC-E ARC-C GSM8K SQuAD TriviaQA Avg.
12.5% Samples, 50% Tokens
v v 60.14  41.02 8.04 13.11 50.23 34.51| 71.43 47.80 28.13 31.09 54.27 46.54
v v v v 64.02  41.02 9.86 19.26 52.00 37.23| 71.60  48.47 28.89 26.46 57.88  46.66
v v v 64.20  42.03 10.54 18.79 53.12 3774 | 71.60 48.14 29.34 27.75 57.78 46.92
25% Samples, 50% Tokens
v 59.61 41.02 7.51 13.74 50.25 3443 | 71.25 46.10 29.04 31.55 54.84  46.56
v v v v 61.02  40.68 9.10 18.66 51.68 36.23 | 70.72 47.12 28.58 31.85 56.33 46.92
v v 63.14  42.03 8.87 16.76 51.52 3647 | 71.78 47.12 26.08 32.79 56.17  46.79
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D

PSEUDOCODE OF THE PROPOSED METHOD

To facilitate clarity and reproducibility, we summarize the proposed Q-Tuning algorithm in Algo-
rithm|I] The procedure unfolds within a single training iteration and consists of two tightly coupled
stages: (i) sample pruning, where instances are dynamically selected based on their position in the
error—uncertainty (EU) plane through an efficient bisection-based search of quantile thresholds, and
(ii) token pruning, where retained samples undergo finer-grained filtering to preserve only the most
informative subset of tokens.

Algorithm 1 Q-Tuning: dynamic data pruning in one iteration

10:

11:
12:
13:
14:
15:
16:
17:
18:

19:

20:
21:
22:
23:
24
25:
26:
27:
28:

29:
30:
31:
32:
33:

: Input: Mini-batch By, model fjy,, retention ratios 7sample; Ttoken, SMoothing A.
: Output: Pruned mini-batch B5;.

: // Stage 1: Sample Pruning via EU Plane

: Compute (PPL(z, y; fo), Ent(z, y; fp)) for each z € B,.

: Initialize ranges Qow = 0, Qhigh = 0.49, Blow =0, ﬂhigh = 0.49.

for k = 1to Kk do > Bisection iterations on both axes

o < (Qiow + nigh) /2, B < (Biow + Phigh) /2.
Derive thresholds pply = Q1-o(PPL), ppli, = Qo (PPL), enti, = Q(Ent), enty =

Q 1-8 (Ent) .
Partition samples into quadrants (J1—Q4.
[Q2]+|Qa4]
L T
if 7 < 7gmple then
Qlow — @, Biow < B > Too few kept, relax thresholds
else
Ohigh <— O, Bhigh <+ B > Too many kept, tighten thresholds
end if
end for
B; < QQ U Q4.
if | B}| < rsample - | B¢| then > Ensure target sample ratio

Compute supp-score for each z € Q1 U Q3: supp(z) = max{PPL(z,y; fs) —
Eﬁt(m, y; fo), Eht(gc, y; fo) — PISL(x, y; fo)}, where * denotes min—max normalization.
Select top-scoring samples to augment 13} until target size is met.
end if
// Stage 2: Token Pruning
Bt 0.
for each z € B} do
if z € Q4 then
Keep all tokens of z. > Calibration samples intact
else if x € (), then
For each token i € T'(x), compute

si(z,y; fo) = (1 = A\) PPLy(z,y; fo) + A [PPL;_1(z,y; fo) + PPLiy1(z,y; fo))-

Keep top-7ioken fraction of tokens ranked by s;.
end if _
B + B U{m(z) ®x}.
end for _
return 53;.
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E FURTHER CASE STUDY

E.1 EXAMPLE SAMPLES FROM EACH QUADRANT

We report representative samples from each quadrant (Q1-Q4) at the beginning of training, including
their perplexity (PPL), entropy, and the corresponding instruction—output pairs.

PPL Entropy

Example (Instruction / Output)

Q1 Examples
8.33 2.12

8.04 1.73

91.24 1.91

Instruction: What are the three primary colors?
Output: The three primary colors are red, blue,
and yellow.

Instruction: How can we reduce air pollution?
Output: There are a number of ways to reduce air
pollution, such as shifting to renewable energy
sources. ..

Instruction: Explain why the fraction 4/16 is
equivalent to 1/4. Output: The fraction 4/16
is equivalent to 1/4 because both numerator and
denominator are divisible by 4.

Q2 Examples
8.65 1.54

11.02 1.48

15.74 1.50

Instruction: Write a short story in third person
narration about a protagonist making an important
career decision. Output: John was at a cross-—
roads in his life. He had just graduate...
Instruction: Write a short story in third person
narration about a protagonist making an important
career decision. Output: John was at a cross-—
roads in his 1life. He had just graduate...

Instruction: Identify the odd one out.\nTwitter,
Instagram, Telegram Output: Telegram

Q3 Examples
4.80 1.45

241 1.09

4.73 1.49

Instruction: Describe the structure of an atom.
Output: An atom is made up of a nucleus con-
taining protons and neutrons, surrounded by elec-—
trons...

Instruction: How can we reduce air pollution?
Output: There are a number of ways to reduce air
pollution, such as shifting to renewable energy
sources. ..

Instruction: Identify the odd one out (Twitter,
Instagram, Telegram). Output: Telegram

Q4 Examples
6.03 1.83

8.04 1.71

5.37 1.79

Instruction: Give three tips for staying healthy.
Output: 1. Eat a balanced diet... 2. Exercise
regularly...

Instruction: What are the three primary colors?
Output: The three primary colors are red, blue,
and yellow.

Instruction: Write a short story in third person
narration about a protagonist making an important
career decision. Output: John was at a cross-—
roads in his life. He had just graduate...
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E.2 PRUNED CASE

We present representative token-pruning cases from MATHINSTRUCT using the MISTRAL-7B model.
For each example, we show the model’s original output and highlight in red the fine-grained
segments that are absent in the corresponding pruned_output. This visualization makes the
pruning behavior transparent at the character/substring level and helps diagnose which semantic
components are preferentially removed (e.g., boilerplate, redundant explanations, or unstable numeric
derivations).

Unless otherwise stated, we keep the original formatting and line breaks of the model outputs to
preserve exact alignment. The highlighting is produced by an LCS-based diff between output and
pruned_output, ensuring that only truly deleted spans are marked while retained text remains
uncolored. We do not introduce any additional edits beyond necessary I&TEX escaping.

These qualitative cases complement the aggregate statistics reported in the main text by revealing
typical pruning patterns on mathematical reasoning tasks (definitions and restatements vs. compu-
tational steps), and by surfacing edge cases where pruning removes numerically relevant content.
Together, they provide an interpretable view of how token-level pruning affects the fidelity and brevity
of generated solutions.

SAMPLE 0

Instruction sandy is younger than molly by 20 years . if the ratio of their ages is 7 : 9, how old
is sandy ? Let’s write a program.

Output

n0 = 20.0

nl = 7.0

n2 = 9.0

t0 = n2 - nl\n

tl = nl / tO
answer =n0 * tl
print (answer)

SAMPLE 1

Instruction A manufacturing process produces 5000 units of a particular product. The probability
of a certain type of defect occurring in a unit is 0.02. What is the probability that exactly 100
units will have this defect? Output (deletions highlighted)

To solve this problem, we can use the binomial probability
formula, which is:

P(X = k) = (nCk) * (p"k) * (1-p) "~ (n-k)

where:

- P(X = k) is the probability of exactly k successes (defective
units in this case) in n trials (total units produced)

- nCk (read as "n choose k") is the number of combinations of
choosing k successes from n trials, calculated as n! / (k! &
(n-k) !)

- p is the probability of success (defect occurring) in a
single trial

- 1-p is the probability of failure (no defect occurring) in a
single trial

- n is the total number of trials (units produced)

— k is the number of successes (defective units) we want to
find the probability for

In this problem, we have:

- n =5000 (total units produced)

- k = 100 (defective units)
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- p = 0.02 (probability of a defect occurring in a unit)
Now, we can plug these values into the binomial probability
formula:

P (Xx=100)=(5000C100)- (0.02)199. (0.9g)4900)

First, let’s calculate 5000C100:

5000C100 = 5000! / (100! * 4900!)

= 2.031759e+134 / (9.332622e+157 * 1.929713e+126)

= 2.031759e+134 / (1.801713e+284)

= 1.127271e-150

Now, let’s calculate 0.027100 and 0.9874900:

0.027100 = 1.267651e-70

0.9874900 = 2.372472e-44

Finally, let’s plug these values back into the formula:

P(X = 100) = 1.127271e-150 * 1.267651e-70 * 2.372472e-44

= 3.39%4e-264

The probability that exactly 100 units will have this defect is
approximately 3.394e-264, which is an extremely small
probability.
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F USE OF LLMS

This work did not involve the use of large language models (LLMs) at any stage. The design of
experiments, data analysis, and manuscript preparation were conducted entirely by the authors
through conventional computational methods and human expertise, without reliance on automated
text generation or model-driven reasoning.
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