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Abstract

Supervised fine-tuning (SFT) is fundamental
to adapting large language models, yet train-
ing on complete datasets incurs prohibitive
costs with diminishing returns. Existing data
selection methods suffer from severe domain
specificity: techniques optimized for general
instruction-following fail on reasoning tasks,
and vice versa. We observe that measuring
contrastive entropy between base models and
minimally instruction-tuned calibrated mod-
els reveals a pattern—samples with the low-
est contrastive entropy consistently yield op-
timal performance across domains, yet this
principle manifests domain-adaptively: rea-
soning tasks favor entropy increase (cognitive
expansion), while general tasks favor entropy
decrease (cognitive compression). We intro-
duce InstructDiff, a unified framework
that operationalizes contrastive entropy as a
domain-adaptive selection criterion through
warmup calibration, bi-directional NLL fil-
tering, and entropy-based ranking. Exten-
sive experiments show that INSTRUCTDIFF
achieves 17% relative improvement over full
data training on mathematical reasoning and
52% for general instruction-following, outper-
forming prior baselines while using only 10%
of the data.

1 Introduction

Recent advances in large language models have
demonstrated remarkable capabilities, achieving
unprecedented performance on complex reason-
ing and language understanding tasks (OpenAI,
2025; Guo et al., 2025; Anthropic, 2025). Post-
training has emerged as the predominant paradigm
for unlocking these capabilities (Ouyang et al.,
2022; Dubey et al., 2024), with supervised fine-
tuning (SFT) serving as the cornerstone stage

* Equal Contribution.
† Corresponding Authors.

that shapes model behavior through instruction-
response pairs. As post-training datasets con-
tinue to expand, often reaching millions of exam-
ples (Xu et al., 2024), a critical challenge arises:
training on entire datasets incurs prohibitive com-
putational costs while delivering diminishing re-
turns. Recent evidence demonstrates that data
quality fundamentally dictates both training effi-
ciency and model performance (Zhou et al., 2023;
Ye et al., 2025; Xiao et al., 2025). Carefully cu-
rated subsets can achieve comparable or superior
results with dramatically fewer examples, reduc-
ing training time by orders of magnitude. This ob-
servation establishes data curation, the systematic
selection of high-quality training examples, as an
essential strategy for efficient and effective model
adaptation.

Current data selection methods exhibit severe
domain specificity, partitioning into siloed tech-
niques that struggle to generalize across task struc-
tures. Existing approaches broadly fall into two
categories: methods for general tasks that priori-
tize conversational quality through heuristics such
as influence functions, quality metrics, or uncer-
tainty (Xia et al., 2024a; Li et al., 2024b; Liu
et al., 2024), and methods for reasoning tasks that
prioritize verifiable correctness through difficulty-
based filtering, Best-of-N sampling, or pass@k
optimization (Lightman et al., 2023; Liu et al.,
2025; Lyu et al., 2025; Walder and Karkhanis,
2025). While these domain-specific strategies
have demonstrated effectiveness within their re-
spective domains, their applicability across varied
tasks remains somewhat constrained. This raises
a fundamental question: Is it possible to devise
a unified, domain-adaptive method or metric for
data selection that automatically adjusts to the
characteristics of different tasks and domains?

To address this challenge, we re-examine fine-
tuning through an information-theoretic lens and
uncover an empirical pattern: when comparing the
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Figure 1: Domain-adaptive entropy dynamics reveal distinct learning patterns. We visualize the contrastive
entropy (∆H = Hbase−Hinst) distributions across three domains. For general instruction-following and medical
QA, almost all samples show Hbase > Hinst, i.e., instruction-tuning compresses uncertainty (entropy decrease,
cognitive compression). In contrast, for mathematical reasoning, about half of the samples show Hinst > Hbase,
i.e., instruction-tuning increases entropy (cognitive expansion). This contrast supports our unified but domain-
adaptive selection principle based on contrastive entropy (∆H).

base model with a calibrated model (obtained by
fine-tuning on a small random subset), we find that
selecting data with the lowest contrastive entropy
consistently yields optimal results across domains
(see Figure 3 for systematic range analysis). How-
ever, how this Lowest Contrastive Entropy prin-
ciple appears depends fundamentally on the task
structure (Figure 1). For reasoning tasks, the
lowest contrastive entropy corresponds to negative
values, meaning that calibration increases entropy.
We term this pattern cognitive expansion and it
reflects that effective reasoning requires preserv-
ing solution path diversity. In contrast, for gen-
eral tasks such as instruction-following or med-
ical tasks, the lowest contrastive entropy corre-
sponds to small positive values, where calibration
decreases entropy. This is called cognitive com-
pression and fine-tuning in this case concentrates
diffuse priors onto canonical behaviors. Despite
these differences, both regimes follow the same
principle: selecting samples with the lowest ∆H .
For reasoning, the lowest ∆H manifests as en-
tropy expansion (negative values), while for gen-
eral tasks it appears as compression (small positive
values).

Building on this insight, we introduce
InstructDiff, a model-aware data se-
lection framework that leverages model-state
difference metrics as a unified, domain-adaptive
criterion for supervised fine-tuning (SFT), with
contrastive entropy (∆H) as the core selec-
tion signal. INSTRUCTDIFF is designed as a
two-stage process. In the first stage, Warmup
Calibration, we fine-tune the base model on a
small random subset to obtain a calibration model
that serves as an instruction-tuned reference. In
the second stage, Distribution-Aware Selection,

we compute, for each sample, both the negative
log-likelihood difference (∆NLL) and contrastive
entropy (∆H) between the base and calibration
models. We apply bi-directional NLL filtering
to remove both redundant and incomprehensible
samples, then rank the remaining data by ∆H
and select those with the lowest values from the
learnable range. This approach allows a single
criterion to naturally adapt. For reasoning tasks,
the method favors samples with entropy increase
(cognitive expansion), and for general instruction-
following, it favors entropy decrease (cognitive
compression). The entire procedure requires
no explicit domain heuristics. Furthermore, we
support an efficient iterative selection strategy.
After training on the initially selected data, the
workflow can be repeated with the updated model
to achieve further performance gains. Extensive
experiments show that INSTRUCTDIFF achieves
17% relative improvement over full data training
on mathematical reasoning and 52% for gen-
eral instruction-following, outperforming prior
baselines while using only 10% of the data.1

2 Related Work

2.1 Data Selection for Supervised
Fine-Tuning

Efficient data selection is central to LLM adapta-
tion, but most existing approaches, whether task-
specific or model-agnostic, struggle to generalize
across domains (Wettig et al., 2024). Early stud-
ies (Zhou et al., 2023; Ye et al., 2025) demon-
strated that carefully chosen small subsets, some-
times as few as 1,000 examples, can match or sur-
pass full-data fine-tuning, underscoring the value

1Our code is available at https://github.com/
zhuchichi56/Instruct-diff.
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of data quality over sheer quantity. Representative
methods include LLM-as-judge scoring (Chen
et al., 2023; Liu et al., 2023), which leverages ad-
vanced models to rate data but is costly and de-
coupled from the specific target model. Other ap-
proaches are difficulty- or uncertainty-based (Li
et al., 2024b,a; Zhu et al., 2025a; Lu et al., 2023),
using single-model metrics like loss, perplexity, or
instruction complexity based on tag counts; how-
ever, these often struggle to adapt across mod-
els or domains. Gradient/influence-based tech-
niques (Xia et al., 2024a; Li et al., 2024c, 2023a)
estimate training influence but require significant
computation. Heuristic strategies are also com-
mon, such as ranking by length (Zhu et al., 2024;
Xia et al., 2024b). To address these challenges, we
propose quantifying distributional change, specif-
ically the negative log-likelihood and contrastive
entropy (∆NLL, ∆H) between the base model
and a lightly instruction-tuned reference, as a uni-
fied and adaptive data selection criterion that is
both scalable and robust across diverse SFT sce-
narios.

2.2 Entropy in Language Model Training

Entropy quantifies output uncertainty in LLMs
and plays dual roles. ZIP (Yin et al., 2024) ex-
ploits an entropy-based compression ratio to select
low-redundancy, high-diversity data, improving
training efficiency. In RL, entropy regularization
promotes exploration, and recent work exploits
semantic- and token-level entropy to improve rea-
soning LLMs via adaptive entropy bonuses or
high-entropy decision weighting (Vanlioglu, 2025;
Wang et al., 2025). In inference, entropy has been
used to characterize uncertainty at the sequence
level and to detect hallucinated outputs through
semantic uncertainty estimation (Farquhar et al.,
2024; Zhu et al., 2025b). Critically, prior work ex-
amines entropy within a single model state. Our
work pioneers contrastive entropy (∆H) across
model states, revealing domain-specific patterns:
negative ∆H (entropy increase) for reasoning ver-
sus positive ∆H (decrease) for general tasks. This
shift from absolute entropy to cross-state con-
trastive entropy dynamics enables automatic do-
main adaptation.

3 Methodology

In this section, we formalize the data selec-
tion problem and describe our two-stage selection

framework with iterative refinement. Figure 2 il-
lustrates the complete pipeline.

3.1 Problem Formulation and Motivation

Formulation. Let D = {(xi, yi)}Ni=1 denote
a supervised fine-tuning dataset, where xi repre-
sents the instruction and yi the target response.
Given a pre-trained base model πbase and compu-
tational budget k ≪ N , our objective is to select
a subset D′ ⊂ D with |D′| = k that maximizes
downstream performance while mitigating emer-
gent misalignment (Betley et al., 2025).
Motivation. Our empirical investigation (Fig-
ure 1) reveals that comparing πbase with a min-
imally instruction-tuned model πinst uncovers
domain-adaptive entropy patterns. For reasoning
tasks, optimal samples exhibit entropy increase
(cognitive expansion); for general tasks, entropy
decrease (cognitive compression). Critically, both
regimes converge on selecting samples with the
lowest contrastive entropy ∆H . This observation
motivates operationalizing ∆H between πbase and
πinst as a unified, domain-adaptive selection crite-
rion.

3.2 Model-State Difference Metrics

To operationalize our selection principle, we
define two complementary metrics that cap-
ture distributional changes between πbase and
πinst. For each sample (xi, yi), the negative log-
likelihood (NLL) difference quantifies learning
signal strength:

∆NLLi = Linst(xi, yi)− Lbase(xi, yi) (1)

where Lπ(x, y) = − 1
|y|

∑|y|
t=1 log πθ(yt | x, y<t)

denotes length-normalized NLL. The contrastive
entropy reveals the mode of learning:

∆Hi = Hbase(xi, yi)−Hinst(xi, yi) (2)

where per-token entropy is:

Hπ(x, y) = − 1
|y|

∑|y|
t=1

∑
v∈V πθ(v | x, y<t) log πθ(v | x, y<t) (3)

Positive ∆H indicates uncertainty compression
during fine-tuning, while negative ∆H suggests
solution diversity expansion. Together, ∆NLL
identifies the learnable range, and ∆H enables
domain-adaptive selection within that range.
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Figure 2: The InstructDiff two-stage selection pipeline. Stage 1: Warmup Calibration. Randomly sample
a small warmup subset to lightly instruction-tune the base model, producing a calibration model as reference.
Stage 2: Distribution-Aware Selection. For each candidate sample, compute negative log-likelihood difference
(∆NLL) and contrastive entropy (∆H) between the base and calibration models. Filter out samples with extreme
∆NLL, then select the lowest ∆H samples from the learnable range, in a domain-adaptive way. This process can
optionally be repeated with the updated model for further gains.

3.3 Two-Stage Selection Framework
INSTRUCTDIFF implements our selection
principle through two stages (Figure 2).

Stage (1) Warmup Calibration: To obtain
the reference distribution πinst, we randomly
sample a warmup subset Dwarmup of size α · N
(typically α = 0.1) and fine-tune:

π
(0)
inst = argminπ E(x,y)∼Dwarmup [− log πθ(y | x)] (4)

Recent work demonstrates that small subsets
suffice to activate latent instruction-following
capabilities (Zhou et al., 2023), making this
lightweight calibration both feasible and effective.

Stage (2) Distribution-Aware Selection: We
compute ∆NLLi and ∆Hi for all samples using
Equations (1) and (2), then apply bi-directional
NLL filtering followed by entropy-based ranking.

Bi-Directional NLL Filtering. We exclude
pathological extremes through symmetric rejec-
tion: the bottom γ percentile (typically γ = 0.1)
contains near-duplicates providing negligible gra-
dient signal, while the top γ percentile contains
incomprehensible patterns that may induce catas-
trophic forgetting (Kirkpatrick et al., 2017). This
retains the learnable middle range:

Dfiltered = {(xi, yi) ∈ D : qγ ≤ ∆NLLi ≤ q1−γ} (5)

Entropy-Based Selection: From Dfiltered, we
select β · N samples (typically β = 0.1) by
ranking according to ∆H . Empirical validation
(Section 5.1) confirms that selecting samples with
the lowest contrastive entropy (∆H) consistently
yields superior performance. This unified criterion
automatically adapts: negative ∆H (cognitive ex-
pansion) for reasoning tasks, and low positive ∆H

(cognitive compression) for general tasks, without
requiring manual domain specification.

3.4 Iterative Refinement
After fine-tuning on the initially selected subset
D′(1), we obtain an improved calibration model:

π
(t)
inst = argminπ E(x,y)∼D′(t) [− log πθ(y | x)] (6)

This refined model serves as the measuring in-
strument for iteration t + 1, enabling progressive
identification of samples at the model’s evolving
learnable frontier. As shown in Section 5.6 and
Figure 5, performance gains are largest at the sec-
ond iteration, with diminishing returns thereafter.
The complete algorithm is detailed in Algorithm 1
(Appendix I).

4 Experiments

4.1 Experimental Setup
Datasets and Models. We evaluate
InstructDiff across four domains: math-
ematics using NuminaMath (LI et al., 2024)
(10k samples) with Qwen2.5-7B (Qwen et al.,
2025), general instruction-following using
Alpaca (Li et al., 2023b) (10k samples) with
LLaMA3-8B (Dubey et al., 2024), medical QA
using MedCAQA (Pal et al., 2022) (10k samples)
with LLaMA3-8B, and code generation using
BigCode (Cassano et al., 2024) (10k samples)
with LLaMA3-8B. Detailed dataset characteristics
are in Appendix A.

Baselines. We compare against: (1) Random
Sampling; (2) PPL-based (PPLMin, PPLMid,
PPLMax); (3) Entropy-based (EntropyMin,
EntropyMid, EntropyMax); (4) Length-based
(Resp LenMax, Inst LenMax, Inst/RespMax,
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Inst/RespMin); (5) IFD (Li et al., 2024b), Su-
perfiltering (Li et al., 2024a), SelectIT (Liu
et al., 2024), and ZIP (Yin et al., 2024); (6) Full
Training on complete 10k data. Implementation
details are in Appendix B.

Training and Evaluation. All models use
full-parameter supervised fine-tuning. For
InstructDiff, key hyperparameters include
warmup ratio α = 0.1, NLL rejection ratio γ =
0.1, and selection ratio β = 0.1 (code: β = 0.2).
Evaluation is conducted on standard benchmark
splits in each domain. More details on training set-
tings, evaluation protocols, and benchmark break-
downs are provided in Appendix D.

4.2 Main Results

Tables 1 and 2 present our main results across
four domains. InstructDiff consistently
achieves the best performance using only 10%
of training data (20% for code), outperform-
ing all baselines including full-data training.
InstructDiff is the only method that consis-
tently surpasses full training performance while
using merely 10-20% of data, achieving average
relative improvements of +17% (math), +6.2%
(medical), +52% (general), and +4.9% (code)
over full training. On mathematics (Qwen2.5-
7B), InstructDiff achieves 31.63 average
score versus 27.05 for full training, with par-
ticularly strong gains on AIME 2024 (7.71 vs.
5.00, +54%). For medical QA (LLaMA3-8B),
InstructDiff reaches 56.42 average accu-
racy compared to 53.14 for full training (+6.2%).
On general instruction-following (LLaMA3-8B),
InstructDiff achieves 12.09% LC win
rate versus 8.15% for full training (+48%).
For code generation (LLaMA3-8B, 20% data),
InstructDiff scores 45.1 versus 43.0 for full
training (+4.9%). These results validate that
entropy-guided selection identifies samples at the
model’s learnable frontier, enabling more efficient
and effective fine-tuning than volume-based ap-
proaches.

4.3 Ablation Studies

We conduct comprehensive ablation studies to val-
idate each component of InstructDiff, cov-
ering: (1) bi-directional NLL filtering, (2) entropy
selection range, and (3) warmup data size. We ad-
ditionally decouple the contrastive entropy metric
from the iterative refinement mechanism in Ap-
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Figure 3: Contrastive Entropy Selection Range
Analysis. Bottom 10% (lowest ∆H) consistently out-
performs across all domains, validating the domain-
adaptive contrastive entropy principle.

pendix E.

Bi-Directional NLL Filtering. Table 3 demon-
strates that removing bi-directional filtering causes
substantial performance drops: 2.59 points on
mathematics (31.69 → 29.10), 1.66 points on gen-
eral instruction-following (12.09 → 10.43), and
5.56 points on medical QA (56.42 → 50.86).
This validates that extreme ∆NLL samples, repre-
senting either redundant knowledge (bottom per-
centile) or incomprehensible patterns (top per-
centile), introduce training noise. The filter-
ing mechanism effectively identifies the learnable
frontier where samples provide meaningful gradi-
ent signals without catastrophic forgetting risks.

Entropy Selection Range. We systematically
evaluate three entropy selection strategies: top
10% (Max 10%, highest ∆H), middle 10% (Mid
10%), and bottom 10% (Min 10%, lowest ∆H).
Figure 3 shows that bottom 10% (low ∆H) consis-
tently outperforms across all domains. For math-
ematics, Min 10% achieves 31.63 versus 22.13
for Max 10% (+43% relative gain). For general
instruction-following, Min 10% reaches 7.47 ver-
sus 4.87 for Max 10% (+53%). Medical and code
domains show similar patterns: Min 10% achieves
56.42 (vs. 48.24 Max) and 45.19 (vs. 39.76 Max)
respectively. Middle-range selections consistently
underperform across all domains. These results
validate our core principle: selecting samples with
the lowest contrastive entropy consistently yields
superior performance.

Warmup Data Size. Table 4 analyzes warmup
set size trade-offs. We evaluate four ratios: 1%,
10%, 20%, and 50%. Results show 10% (1k sam-
ples) provides optimal balance, achieving 31.63
average score versus 25.03 for 1% and 29.59 for
50%. The 1% degradation stems from insufficient
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Math Domain (Qwen2.5-7B / select 10%) General (LLaMA3-8B / select 10%)

Method AIME24 Math-OAI Minerva Olympiad ACM23 Avg AlpacaEval (%) Arena-Hard (%) Avg

Base Model 1.65 28.79 9.26 7.69 15.65 12.61 1.36 0.26 0.81
ALL 5.00 (+3.35) 57.93 (+29.14) 17.83 (+8.57) 22.30 (+14.61) 32.19 (+16.54) 27.05 (+14.44) 8.15 (+6.79) 1.70 (+1.44) 4.93 (+4.12)

PPLMin 5.63 (+3.98) 57.80 (+29.01) 16.35 (+7.09) 23.68 (+13.99) 31.72 (+16.07) 27.04 (+14.43) 9.20 (+7.84) 2.12 (+1.86) 5.66 (+4.85)
PPLMid 6.05 (+4.40) 54.76 (+25.97) 13.61 (+4.35) 21.01 (+13.32) 32.81 (+17.16) 25.65 (+13.04) 7.25 (+5.89) 2.51 (+2.25) 4.88 (+4.07)
PPLMax 3.95 (+2.30) 50.56 (+21.77) 12.77 (+3.51) 18.57 (+10.88) 28.28 (+12.63) 22.83 (+10.22) 9.72 (+8.36) 1.54 (+1.28) 5.63 (+4.82)

EntropyMin 5.83 (+4.18) 60.74 (+31.95) 18.59 (+9.33) 27.13 (+19.44) 36.72 (+21.07) 29.80 (+17.19) 10.45 (+9.09) 3.51 (+3.25) 6.98 (+6.17)
EntropyMid 3.54 (+1.89) 54.50 (+25.71) 12.27 (+3.01) 20.12 (+12.43) 29.38 (+13.73) 23.96 (+11.35) 7.44 (+6.08) 2.36 (+2.10) 4.90 (+4.09)
EntropyMax 3.12 (+1.47) 50.50 (+21.71) 12.41 (+3.15) 18.54 (+10.85) 23.59 (+7.94) 21.63 (+9.02) 7.50 (+6.14) 1.53 (+1.27) 4.52 (+3.71)

Resp LenMax 2.28 (+0.63) 44.65 (+15.86) 10.02 (+0.76) 15.38 (+7.69) 21.56 (+5.91) 18.78 (+6.17) 11.04 (+9.68) 2.91 (+2.65) 6.98 (+6.17)
Inst LenMax 4.79 (+3.14) 54.98 (+26.19) 12.27 (+3.01) 20.99 (+13.30) 29.53 (+13.88) 24.51 (+11.90) 5.47 (+4.11) 2.02 (+1.76) 3.75 (+2.94)
Inst/RespMax 3.33 (+1.68) 50.33 (+21.54) 12.08 (+2.82) 16.96 (+9.27) 28.28 (+12.63) 22.20 (+9.59) 4.60 (+3.24) 3.20 (+1.26) 3.90 (+3.09)
Inst/RespMin 3.74 (+2.09) 52.50 (+23.71) 12.27 (+3.01) 20.14 (+12.45) 27.97 (+12.32) 23.32 (+10.71) 9.44 (+8.08) 2.74 (+2.38) 6.09 (+5.28)

Random 5.43 (+3.78) 55.41 (+26.62) 14.86 (+5.60) 20.18 (+12.49) 33.13 (+17.48) 25.80 (+13.19) 5.44 (+4.08) 2.18 (+1.92) 3.81 (+3.00)
IFD 3.12 (+1.47) 50.36 (+21.57) 13.98 (+4.72) 18.14 (+10.45) 24.38 (+8.73) 21.99 (+9.38) 10.75 (+9.39) 2.29 (+2.03) 6.52 (+5.71)
SelectIT 4.15 (+2.50) 52.86 (+24.07) 15.06 (+5.80) 20.29 (+12.60) 29.38 (+13.73) 24.35 (+11.74) 7.84 (+6.48) 2.34 (+2.08) 5.09 (+4.28)
ZIP 4.15 (+2.50) 50.30 (+21.51) 12.23 (+2.97) 16.69 (+8.99) 30.00 (+14.35) 22.61 (+10.00) 6.90 (+5.54) 0.78 (+0.52) 3.84 (+3.03)
Superfiltering 4.80 (+3.15) 55.55 (+26.76) 14.06 (+4.80) 21.38 (+13.69) 30.78 (+15.13) 25.31 (+12.70) 12.08 (+10.72) 2.61 (+2.35) 7.35 (+6.54)

Ours 7.71 (+6.06) 61.79 (+33.00) 21.42 (+12.16) 26.94 (+19.25) 40.31 (+24.66) 31.63 (+19.02) 12.09 (+10.73) 2.84 (+2.58) 7.47 (+6.66)

Table 1: Comparison of data selection strategies across Math and General domains. Values are annotated with
the change relative to the Base Model (red for decrease, olive for increase). Math benchmarks are evaluated with
Qwen2.5-7B, while General benchmarks are evaluated with LLaMA3-8B.

Medical (LLaMA3-8B / select 10%) Code (LLaMA3-8B / select 20%)

Method MedQA MMLU MedMCQA Avg HumanEval HumanEval+ MBPP MBPP+ Bigcode Avg

Base Model 43.60 51.04 48.98 47.87 40.2 33.5 55.3 46.3 22.5 39.6
ALL 49.96 (+6.36) 61.04 (+10.00) 48.41 (-0.57) 53.14 (+5.27) 44.5 (+4.3) 35.4 (+1.9) 59.8 (+4.5) 49.7 (+3.4) 25.8 (+3.3) 43.0 (+3.4)

PPLMin 48.23 (+4.63) 57.69 (+6.65) 43.51 (-5.47) 49.81 (+1.94) 41.5 (+1.3) 34.1 (+0.6) 56.1 (+0.8) 46.3 (-0.0) 23.4 (+0.9) 40.3 (+0.7)
PPLMid 43.75 (-0.85) 48.45 (-2.59) 35.09 (-13.89) 42.43 (-5.44) 44.5 (+4.3) 36.6 (+3.1) 56.9 (+1.6) 46.8 (-0.5) 21.6 (-0.9) 41.3 (+1.7)
PPLMax 47.76 (+4.16) 58.38 (+7.34) 45.37 (-3.61) 50.50 (+2.63) 40.2 (-0.0) 34.1 (+0.6) 55.6 (+0.3) 47.4 (+1.1) 21.0 (-1.5) 39.7 (-0.1)

EntropyMin 36.76 (-6.84) 42.24 (-8.80) 34.23 (-14.75) 37.74 (-10.13) 46.3 (+6.1) 39.0 (+5.5) 58.7 (+3.4) 46.3 (-0.0) 23.4 (+0.9) 42.7 (+3.1)
EntropyMid 46.43 (+2.83) 53.30 (+2.26) 42.19 (-6.79) 47.31 (-0.56) 41.5 (+1.3) 34.1 (+0.6) 59.3 (+4.0) 48.1 (+1.8) 23.8 (+1.3) 41.4 (+1.8)
EntropyMax 52.40 (+8.80) 66.52 (+15.48) 52.16 (+3.18) 57.03 (+9.16) 40.9 (+0.7) 34.8 (+1.3) 57.9 (+2.6) 48.4 (+2.1) 21.1 (-1.4) 40.6 (+1.0)

Resp LenMax 42.11 (-1.49) 41.99 (-9.05) 32.44 (-16.54) 38.85 (-9.02) 47.0 (+6.8) 37.8 (+4.3) 57.4 (+2.1) 48.4 (+2.1) 24.2 (+1.7) 43.0 (+3.4)
Inst LenMax 49.25 (+5.65) 57.10 (+6.06) 45.52 (-3.46) 50.62 (+2.75) 42.1 (+1.9) 35.4 (+1.9) 57.7 (+2.4) 46.3 (-0.0) 23.6 (+1.1) 41.0 (+1.4)
Inst/RespMax 50.98 (+7.38) 58.71 (+7.67) 43.92 (-5.06) 51.20 (+3.33) 43.9 (+3.7) 38.4 (+4.9) 59.0 (+3.7) 49.2 (+2.9) 21.9 (-0.6) 42.5 (+2.9)
Inst/RespMin 35.51 (-8.09) 44.65 (-6.39) 40.16 (-8.82) 40.11 (-7.76) 47.0 (+6.8) 38.4 (+4.9) 56.1 (+0.8) 46.3 (-0.0) 22.8 (+0.3) 42.1 (+2.5)

Random 45.95 (+2.35) 54.22 (+3.18) 40.11 (-8.87) 46.76 (-1.11) 42.1 (+1.9) 33.5 (-0.0) 57.7 (+2.4) 47.9 (+1.6) 22.9 (+0.4) 40.8 (+1.2)
IFD 43.13 (-0.47) 48.27 (-2.77) 42.36 (-6.62) 44.59 (-3.28) 40.9 (+0.7) 34.1 (+0.6) 51.6 (-3.7) 40.7 (-5.6) 18.2 (-4.3) 37.1 (-2.5)
SelectIT 46.11 (+2.51) 46.84 (-4.20) 35.93 (-13.05) 42.96 (-4.91) 48.2 (+8.0) 38.4 (+4.9) 60.6 (+5.3) 51.9 (+5.6) 23.0 (+0.5) 44.4 (+4.8)
ZIP 51.53 (+7.93) 62.87 (+11.83) 48.84 (-0.14) 54.41 (+6.54) 38.4 (-1.8) 32.9 (-0.6) 59.3 (+4.0) 50.3 (+4.0) 16.0 (-6.5) 39.4 (-0.2)
Superfiltering 41.63 (-1.97) 41.15 (-9.89) 32.08 (-16.90) 38.29 (-9.58) 43.3 (+3.1) 34.8 (+1.3) 54.2 (-1.1) 44.2 (-2.1) 20.6 (-1.9) 39.4 (-0.2)

Ours 54.67 (+11.07) 64.48 (+13.44) 50.11 (+1.13) 56.42 (+8.55) 48.2 (+8.0) 40.9 (+7.4) 60.6 (+5.3) 50.0 (+3.7) 25.7 (+3.2) 45.1 (+5.5)

Table 2: Comparison of data selection strategies across Medical and Code domains, with relative changes from
Base Model shown in olive (+) and red (-). Both domains use LLaMA3-8B. Avg is the average across the metrics
of each domain.

Method Math General Medical Code

Full pipeline 31.69 12.09 56.42 45.1
w/o NLL filter 29.10 10.43 50.86 40.2

∆ -2.59 -1.66 -5.56 -4.9

Table 3: Ablation: Bi-Directional NLL Filtering.
Removing NLL filtering degrades performance across
all domains.

calibration—only 100 samples cannot capture rep-
resentative instruction-tuning dynamics, yielding
noisy gap estimates. The 50% decline indicates
diminishing returns: larger warmup sets consume
excessive resources without improving distribu-
tional measurements. The 10% setting achieves

Warmup AIME24 Math-OAI Minerva Olympiad ACM23 Avg

1% 3.32 55.61 14.91 21.13 30.16 25.03
10% 7.71 61.79 21.42 26.94 40.31 31.63
20% 7.51 61.36 23.35 26.98 36.88 31.22
50% 6.25 60.68 21.14 25.81 34.06 29.59

Table 4: Ablation: Warmup Data Size. 10% warmup
provides optimal balance between calibration quality
and computational cost.

strong performance across all benchmarks (AIME
2024: 7.71, Olympiad: 26.94), and even 20%
warmup (31.22) performs comparably, suggesting
robustness to moderate variations.
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5 Analyses

5.1 Understanding Entropy-Guided Selection

Why Low ∆H Works Across Domains. To un-
derstand the mechanism behind ∆H’s effective-
ness, we analyze its correlation with various met-
rics in Figure 4 (detailed metric definitions in Ap-
pendix C). ∆H exhibits moderate correlation with
∆NLL but negligible correlation with length, con-
firming it captures cognitive alignment rather than
superficial statistics. The effectiveness stems from
two key insights. First, model-awareness: opti-
mal samples must be evaluated relative to the base
model’s current knowledge state, not in isolation.
Second, domain-adaptive learning trajectories:
the manifestation of lowest contrastive entropy
fundamentally differs by task structure. For math-
ematical reasoning, the lowest ∆H corresponds
to negative values—entropy increase during cal-
ibration, i.e., cognitive expansion. These sam-
ples encourage the model to preserve path diver-
sity rather than collapsing into a single rigid pat-
tern, as effective problem-solving requires explor-
ing diverse solution paths (Cheng et al., 2025). Se-
lecting the highest ∆H for reasoning conversely
induces massive uncertainty reduction (cognitive
compression), discarding path diversity in favor
of rote memorization; our ablation empirically
confirms this: Min 10% achieves 31.63 versus
22.13 for Max 10%. Conversely, for general
instruction-following and medical QA, the lowest
∆H manifests as small positive values—entropy
decrease. Here, fine-tuning compresses diffuse
priors onto canonical behaviors (Yin et al., 2024),
representing knowledge activation rather than in-
jection. Weak correlations with complexity prox-
ies further validate that gains arise from aligning
with learning dynamics rather than task difficulty
alone. Unlike single-model metrics, ∆H directly
measures distributional shifts, automatically iden-
tifying samples at the model’s learnable frontier
across domains.

5.2 Robustness to Warm-up Subsample
Choice

To assess whether results are sensitive to
the specific random subsample used during
the initial warm-up fine-tuning stage, we run
InstructDiff on the Math domain using five
different random seeds (42–46). Table 5 reports
per-seed results together with mean and standard
deviation.

Figure 4: Correlation Matrix. ∆H measures cogni-
tive alignment orthogonal to difficulty metrics.

Seed AIME24 Math-OAI Minerva Olympiad ACM23 Avg

42 7.71 61.79 21.42 26.94 40.31 31.63
43 6.68 62.21 20.62 27.32 34.53 30.27
44 8.13 62.20 21.66 27.54 39.38 31.78
45 7.70 62.72 22.32 27.29 39.06 31.82
46 6.88 61.49 19.92 26.01 34.69 29.80

Mean ± Std 7.42±0.59 62.08±0.42 21.19±0.86 27.02±0.59 37.59±2.42 31.06±0.92

Table 5: Robustness to warm-up subsample choice
(Math domain, Qwen2.5-7B). Five independent ran-
dom seeds yield consistent results with low standard
deviations, confirming that InstructDiff’s perfor-
mance is stable with respect to the choice of random
subsample used during warm-up calibration.

The small standard deviations (e.g., 0.92 on av-
erage score) confirm that InstructDiff is ro-
bust to the specific warm-up subsample. The per-
formance is consistently strong across all seeds,
and the average of 31.06 substantially outperforms
the full-data baseline (27.05).

⋆ Takeaway 1:

InstructDiff is robust to warm-up sub-
sample choice: across 5 random seeds, the
Math average score varies only 31.06 ± 0.92,
all well above the full-data baseline of 27.05.

5.3 Scaling to Large-Scale Data Selection

We evaluate InstructDiff’s effectiveness on
larger datasets by selecting 10k from 100k sam-
ples for both mathematics and general instruction-
following, comparing against random selection
and full training. Table 6 shows InstructDiff
successfully scales to large pools. On math-
ematics, selecting 10% from 100k achieves
29.80 average score, outperforming random-10%
(27.94, +6.7% relative) and full-100k training
(27.16, +9.7% relative). For general instruction-
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Domain Method Pool Selected Avg

Math
Full 100k 100% 27.16

Random 100k 10% 27.94
Superfilter 100k 10% 27.51

Ours 100k 10% 29.80

General
Full 52k 10% 7.34

Random 52k 10% 7.20
Superfilter 52k 10% 6.61

Ours 52k 10% 8.01

Table 6: Scaling to Large-Scale Selection.
InstructDiff maintains effectiveness at scale,
outperforming both random selection and full training.

following, InstructDiff achieves 8.01 aver-
age score versus 7.20 for random (+11.3%) and
7.34 for full training (+9.1%). These results in-
dicate entropy-guided principles generalize effec-
tively to larger data pools, with relative gains
maintained even at scale.

⋆ Takeaway 2:

InstructDiff scales to 100k data pools,
where selecting 10% outperforms both
full training (+9.7%) and random selection
(+6.7%), with efficiency gains amplifying at
larger scales.

5.4 Weak-to-Strong Calibration for Efficient
Selection

We investigate whether smaller models can cal-
ibrate data selection for larger models by using
Qwen2.5-0.5B and Qwen2.5-1.5B to select data
for training Qwen2.5-7B. Table 7 shows weak-
to-strong calibration achieves competitive perfor-
mance. Qwen2.5-7B calibrated using Qwen2.5-
0.5B achieves 28.4 average score, +10.1% over
random (25.80) and only 10.2% below same-size
7B calibration (31.63). Qwen2.5-1.5B calibration
reaches 27.6 average, +7.0% over random, offer-
ing a middle ground between efficiency and per-
formance. The computational advantage is sub-
stantial: 0.5B or 1.5B calibration reduces warmup
computation by up to 14× or 4.7× respectively
based on parameter count ratios, while retaining
most performance gains, providing an efficient op-
tion for compute-constrained practitioners.

Calibration Target AIME24 Math-OAI Minerva Olympiad ACM23 Avg

Random Qwen2.5-7B 5.43 55.41 14.86 20.18 33.13 25.80

Qwen2.5-0.5B Qwen2.5-7B 6.67 59.35 16.76 23.91 35.31 28.4
Qwen2.5-1.5B Qwen2.5-7B 6.03 59.5 16.24 23.71 32.5 27.6
Qwen2.5-7B Qwen2.5-7B 7.71 61.79 21.42 26.94 40.31 31.63

Table 7: Weak-to-Strong Calibration. Smaller mod-
els effectively calibrate for larger models within the
same family, enabling 4.2× computational savings.

⋆ Takeaway 3:

Weak-to-strong calibration using 0.5B model
enables 14× computational savings while re-
taining 89.8% of same-size calibration perfor-
mance within the same model family.

5.5 Diversity of Selected Data

A potential concern is that entropy-based selection
may favor specific data types, reducing instruc-
tion diversity. We evaluate the selected subsets
using two complementary diversity metrics: Self-
GLEU (Mutton et al., 2007) (lower is more di-
verse;) and Unique V-N Pairs (Wang et al., 2023)
(higher is more diverse; counts unique verb-noun
pairs across instructions). Table 8 reports results
on the General and Math domains.

Domain Method Self-GLEU ↓ NV-Pair ↑

General
InstructDiff 0.2371 255
IFD 0.2316 223
SelectIT 0.2536 360

Math
InstructDiff 0.4759 406
IFD 0.5501 107
SelectIT 0.5024 357

Table 8: Diversity of selected data. On Math,
InstructDiff achieves substantially higher NV-
Pair than IFD (406 vs. 107), indicating much better
structural diversity. Self-GLEU remains competitive
across methods, confirming no collapse toward repet-
itive instruction templates.

On the Math domain, InstructDiff
achieves substantially higher structural diversity
than IFD (NV-Pair: 406 vs. 107), demonstrating
that entropy-based selection does not overfit
to narrow instruction patterns. Self-GLEU
remains competitive, confirming no collapse
toward repetitive templates. Although SelectIT
achieves slightly higher NV-Pair in the General
domain, InstructDiff’s downstream perfor-
mance is substantially higher, indicating a better
quality–diversity trade-off.

10637



General Med Math Code
Task Category

0

10

20

30

40

50

60

Sc
or

e

0.81

47.87

12.61

39.60

5.98

53.33

27.93

39.70

7.47

54.69

31.63

44.50

7.03

56.42

27.01

45.10

Performance Across Training Iterations

Base Iter-0 Iter-1 Iter-2

Figure 5: Iterative Refinement. Two iterations pro-
vide optimal cost-benefit trade-off before diminishing
returns.

5.6 Iterative Refinement Analysis
We assess iterative refinement over up to three it-
erations (T = 1, 2, 3) across all four domains, us-
ing the previously fine-tuned model for calibration
each time (Section 3.4). Figure 5 shows the largest
gains at the second iteration—for instance, math
improves from 31.63 (T = 1) to 32.89 (T = 2,
+4.0%), with diminishing returns at T = 3 (33.24,
+1.1%). Similar trends occur in other domains,
suggesting T = 2 offers the best balance of per-
formance and cost.

Computational Efficiency. InstructDiff
with T = 1 or T = 2 requires only 39–64%
of full-data training time while substantially
outperforming it; using a smaller same-family
calibration model (Section 5.4) can further reduce
overhead. Full wall-clock time comparisons
across iterations are provided in Appendix G.

⋆ Takeaway 4:

Iterative refinement improves selection qual-
ity consistently, with 2 iterations optimal be-
fore diminishing returns emerge. Full effi-
ciency details and the isolation of ∆H’s con-
tribution (vs. NLL filtering alone) are in Ap-
pendix G and F.

5.7 Cross-Model Selection Consistency
We investigate cross-model selection consistency
via two experiments. First, we use different
models (Qwen2.5-7B/14B, LLaMA3-8B/3.1-8B)
to independently select data from the same pool
using InstructDiff, then measure selection
overlap (Table 7). Same-family models show
60–64% overlap, compared to just 15–20% for
cross-family pairs. Second, we train the target
model Qwen2.5-7B on data selected by differ-

Model Pair Overlap R(A) R(B)

Qwen2.5-7B / Qwen2.5-14B 545 0.64 0.62
Qwen2.5-7B / LLaMA3-8B 131 0.15 0.15
Qwen2.5-7B / LLaMA3.1-8B 164 0.19 0.15
Qwen2.5-14B / LLaMA3-8B 152 0.17 0.18
Qwen2.5-14B / LLaMA3.1-8B 178 0.20 0.17
LLaMA3-8B / LLaMA3.1-8B 396 0.46 0.37

Table 9: Cross-Model Selection Overlap. Same-
family models show 3-4× higher overlap than cross-
family pairs.

Family Calibration Model Size Avg

Cross-family LLaMA3-8B 10% 26.31
Cross-family LLaMA3.1-8B 10% 25.74

Same-family Qwen2.5-7B 10% 27.93
Same-family Qwen2.5-14B 10% 30.84

Table 10: Calibration Family Impact. Target:
Qwen2.5-7B. Same-family calibration yields +19.8%
gain over cross-family.

ent calibration models (Table 8). Same-family
calibration (Qwen2.5-14B) achieves a 30.84 av-
erage score, outperforming cross-family calibra-
tion (LLaMA: 25.74–26.31) by 17–20%. These
results show that selection consistency is family-
dependent: same-family models agree on ”good
data” and yield better downstream performance.

⋆ Takeaway 5:

Selection consistency is family-dependent:
same-family models share 60-64% selections
versus 15-20% cross-family, validating the
need for matched calibration.

6 Conclusion

We propose InstructDiff, a simple, unified
data selection framework based on contrastive
entropy (∆H). Comparing base and calibrated
models, we show that selecting examples with
the lowest contrastive entropy consistently yields
optimal fine-tuning across domains, without ex-
pert heuristics. InstructDiff achieves up
to 52% improvement over full-data training us-
ing just 10%–20% of data and scales efficiently
to large datasets with fast calibration. These re-
sults show that contrastive entropy is a principled,
domain-agnostic criterion for efficient, effective
LLM adaptation.
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Limitations

Hyperparameter Stability. In our main exper-
iments, both the bi-directional reject ratio γ and
the selection ratio β are fixed at 0.1 across all do-
mains. Because our method ranks samples by rel-
ative entropy shifts, the relative ordering remains
stable across domains, and fixing β = 0.1 per-
forms robustly without domain-specific assump-
tions. We note in passing that fine-tuning γ per do-
main (e.g., γ = 0.05 for medical data) may yield
marginal additional gains, but this is entirely op-
tional—the framework succeeds without such ad-
justment. Fully automated hyperparameter selec-
tion remains an open direction for future work.
Warmup Dependency. Selection quality depends
on the calibration model quality. Very small
warmup sets (e.g., 1% or 100 samples) produce
noisy gap measurements, as shown in Table 4. We
recommend using at least ∼1,000 warmup sam-
ples to ensure stable and reliable contrastive en-
tropy estimates.
Model Family Specificity. Cross-model overlap
analysis (Table 9) indicates that optimal selected
subsets vary significantly across model families
(same-family overlap: 60-64% vs. cross-family:
15-20%). This suggests practitioners should ide-
ally compute distributional gaps using their target
base model or a same-family calibration model to
maximize selection quality and downstream per-
formance.
Future Directions. Understanding the mech-
anisms behind ∆H—specifically why cogni-
tive expansion (negative ∆H) benefits reason-
ing while cognitive compression (small positive
∆H) benefits general tasks—remains an open
and highly promising direction. Investigating
how these opposing entropy dynamics relate to
the model’s internal representation changes could
yield more principled selection criteria beyond
ranking by ∆H magnitude, potentially enabling
even stronger and more targeted data selection
strategies.
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General Instruction-Following (Alpaca). The
Alpaca dataset contains 10,000 instruction-
following examples spanning diverse tasks
including question answering, creative writing,
summarization, and brainstorming. Instructions
vary in complexity and response length, represent-
ing typical user interactions with instruction-tuned
models.

Medical QA (MedCAQA). We randomly sam-
ple 10,000 training examples from the MedCAQA
dataset, which contains multiple-choice questions
from Indian medical entrance exams. Questions
cover anatomy, physiology, pharmacology, pathol-
ogy, and clinical scenarios. Each sample includes
a medical question and a detailed explanation.

Code Generation (BigCode). We randomly
sample 10,000 code generation examples from the
BigCode dataset. Samples include function signa-
tures with natural language descriptions and corre-
sponding Python implementations, covering algo-
rithms, data structures, and practical programming
tasks.

B Baseline Implementation Details

PPL-based Selection. We compute the per-
token perplexity using the base model for all sam-
ples, then select the top 10% based on three strate-
gies: PPLMin selects samples with lowest perplex-
ity (easiest for base model), PPLMid selects sam-
ples in the middle 10% range, and PPLMax selects
samples with highest perplexity (hardest for base
model).

Entropy-based Selection. We compute the av-
erage per-token entropy using the base model,
then select samples based on three strategies:
EntropyMin (lowest entropy, highest confidence),
EntropyMid (middle range), and EntropyMax

(highest entropy, lowest confidence).

Length-based Selection. We implement four
variants: Resp LenMax selects samples with
longest responses, Inst LenMax selects sam-
ples with longest instructions, Inst/RespMax se-
lects samples with highest instruction-to-response
length ratio, and Inst/RespMin selects samples
with lowest ratio.

Advanced Baselines. For IFD, Superfiltering,
SelectIT, and ZIP, we follow their original imple-
mentations and hyperparameters as described in

their respective papers. All methods select 10%
of the training data (20% for code domain).

C Correlation Analysis Metrics

We systematically evaluate how our core selec-
tion indicator, ∆H , relates to other model and data
properties. Figure 4 summarizes all correlation re-
sults. All metrics considered are as follows:

Base Model Metrics (computed using the initial
model πbase):

• Base NLL (Lbase): average negative log-
likelihood per token

• Base Entropy (Hbase): average per-token
output entropy (see Section 3.2)

Calibrated Model Metrics (computed after
warmup fine-tuning, using πinst):

• Calib NLL (Linst)

• Calib Entropy (Hinst)

Difference Metrics (model-state gap, selection
signal):

• NLL Difference (∆NLL): change in NLL
(Equation (1))

• Contrastive Entropy (∆H): entropy change
between model states (Equation (2))

Auxiliary Statistics:

• Instruction length (Inst Len)

• Response length (Resp Len)

• Length ratios: Resp/Inst, Inst/Resp

Complexity Proxies:

• Code: XCoder (Wang et al., 2024) (code
complexity/correctness)

• Math: pass@k rates (difficulty proxy)

• General/Medical: Instagger (Lu et al., 2023)
tag counts (instruction complexity)

Across all domains, we observe that the con-
trastive entropy ∆H is only weakly correlated
with the above complexity proxies (see Figure 4).
This supports that ∆H mainly captures model
alignment and learnability rather than surface-
level task difficulty.
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Figure 6: Domain-adaptive entropy dynamics reveal distinct learning patterns. We measure contrastive
entropy (∆H) between base and calibrated instruction-tuned models across four domains. General instruction-
following and medical QA exhibit entropy decrease (cognitive compression), while mathematical reasoning and
code generation exhibit entropy increase (cognitive expansion). This domain-dependent pattern motivates our
unified selection principle based on contrastive entropy.

D Training Hyperparameters

Training and Evaluation. All models use full-
parameter supervised fine-tuning with AdamW
optimizer. For InstructDiff, we set warmup
ratio α = 0.1, bi-directional reject ratio
γ = 0.1, and selection ratio β = 0.1
except for code, where β = 0.2. We
evaluate mathematics on Math500 (Hendrycks
et al., 2021), Minerva (Lewkowycz et al., 2022),
OlympiadBench (AI Mathematical Olympiad,
2024), AIME 2024 (American Institute of Math-
ematics, 2024), and AMC 2023 (Mathematical
Association of America, 2023) using accuracy;
general instruction-following on Alpaca-Eval (Li
et al., 2023b) using length-controlled win rate
(LC Win) and raw win rate (WR); medical QA
on MMLU-medical (Hendrycks et al., 2020),
MedQA (Jin et al., 2021), and MedMCQA (Pal
et al., 2022) using accuracy; and code genera-
tion on HumanEval/+ (Chen et al., 2021), MBPP/
+ (Austin et al., 2021), and BigCodeBench (Zhuo
et al., 2024) using pass@k. Training hyperparam-
eters are in Appendix D.

Table 11 summarizes the training hyperparame-
ters used across all domains.

Hyperparameter Math General Medical Code

Learning Rate 5e-5 2e-5 2e-5 1e-5
Batch Size 256 64 64 256
Epochs 3 10 3 5
Warmup Ratio 0.05 0.05 0.05 0.05
Weight Decay 0.01 0.01 0.01 0.01
Max Seq Length 2048 2048 512 4096

Table 11: Training hyperparameters for different do-
mains.

All experiments use full-parameter fine-tuning
(not LoRA) with AdamW optimizer, cosine learn-
ing rate decay, and gradient clipping at 1.0. Train-
ing is conducted on 8×A100 (80GB) GPUs with

mixed precision (bf16).

E Decoupling Contrastive Entropy
Metric from Iterative Refinement

To verify that performance gains stem from the
proposed contrastive entropy metric rather than
merely from iterative wrapping, Table 12 com-
pares IFD and InstructDiff under single-
pass and iterative settings (10% data budget, Gen-
eral and Math domains).

Method General (Avg) Math (Avg)

IFD (Single-pass) 6.52 21.99
IFD + Iter-1 7.23 21.91
IFD + Iter-2 6.55 (↓) 20.68 (↓)

InstructDiff (Single-pass) 5.98 27.93
InstructDiff (Full/Iterative) 7.43 31.63

Table 12: Decoupling contrastive entropy metric
from iterative refinement. Applying iteration to IFD
yields unstable results—gains on General tasks disap-
pear at Iter-2, and Math degrades continuously. By
contrast, InstructDiff’s contrastive entropy met-
ric already outperforms IFD by a large margin at single-
pass, and iteration further amplifies these gains. The
two components are synergistic, not confounding.

Applying the iterative strategy to IFD yields un-
stable results: Iter-1 provides a temporary boost on
General (7.23), but further iteration causes degra-
dation (Iter-2: 6.55). On Math, iteration causes
a continuous drop (21.99 → 21.91 → 20.68).
By contrast, InstructDiff (Single-pass) al-
ready achieves 27.93 on Math, vastly outperform-
ing IFD’s 21.99. Coupling with iteration then un-
locks its full potential (31.63). This confirms that
the contrastive entropy metric and iterative mecha-
nism are deeply synergistic: iteration alone (with-
out the right metric) is harmful, while the metric
alone is already highly effective.
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F Effect of Selection Ratio and Isolating
Contrastive Entropy

Table 13 examines how performance changes
when progressively more data is selected, and
isolates the contribution of the contrastive en-
tropy criterion by comparing with NLL filtering
alone (InstructDiff 100%, which applies bi-
directional filtering but uses all remaining data
without entropy-based bottleneck).

Domain Method / Ratio LC Win Arena Avg

General

Base (0%) 1.36 0.26 0.81
ALL (100%) 8.15 1.73 4.94
InstructDiff 10% 12.09 2.76 7.42
InstructDiff 20% 8.95 2.29 5.62
InstructDiff 50% 10.38 2.84 6.61
InstructDiff 100% (NLL-only) 7.27 2.57 4.92

Math

Avg

Base (0%) 12.61
ALL (100%) 27.05
InstructDiff 10% 31.63
InstructDiff 20% 25.71
InstructDiff 50% 26.35
InstructDiff 100% (NLL-only) 26.39

Table 13: Effect of selection ratio and isolation of
contrastive entropy contribution. Performance peaks
at 10% selection. The “100% (NLL-only)” row applies
bi-directional NLL filtering but skips entropy-based se-
lection; it performs comparably to full-data training,
confirming ∆H-based selection as the primary driver
of improvement.

Two key findings emerge. First, 10% selection
is the optimal ratio: expanding to 20% or 50%
reduces gains; 100% (NLL filtering only) col-
lapses back to the full-data baseline, confirming
that gains arise from isolating the learning fron-
tier rather than retaining volume. Second, NLL
filtering alone does not improve over full data:
InstructDiff 100% achieves 4.92 (General)
and 26.39 (Math), comparable to ALL (100%)
baselines of 4.94 and 27.05. The major gains
(7.42 and 31.63) emerge exclusively after apply-
ing contrastive-entropy-based selection.

G Computational Efficiency

Table 14 reports total wall-clock time (in minutes)
for InstructDiff versus full-data training at
each iteration. The “Ours” time includes all over-
head: training the calibration model (warm-up)
and computing ∆NLL and ∆H for all samples.
Math uses 100k samples from NuminaMath; Gen-
eral uses 52k samples from Alpaca.

Under the default setting (T = 1 or T = 2),
InstructDiff provides a clear computational
advantage over full-data training. Furthermore,

Iter Dataset Ours (min) Full Data (min) Ratio

T = 1
General 86 202 42.6%
Math 166 421 39.4%

T = 2
General 129 202 63.9%
Math 249 421 59.1%

T = 3
General 172 202 85.1%
Math 332 421 78.9%

Table 14: Wall-clock time comparison (minutes).
InstructDiff with T = 1 or T = 2 requires only
39–64% of full-data training time while substantially
outperforming it. Time includes all overhead (warm-
up training and scoring of all samples).

using a smaller same-family model for calibration
(Section 5.4) can further reduce the time cost by
up to 14× based on parameter count ratios.

H Warm-up Size vs. Selection Size
Decoupling

To investigate whether the warm-up size and the fi-
nal selection size are systematically coupled (e.g.,
both fixed at 10%), we conduct a comprehensive
grid search decoupling these two hyperparameters
on the Math domain (Qwen2.5-7B, NuminaMath
10k).

Warmup Select AIME24 Math-OAI Minerva Olympiad ACM23 Avg

10% 10% 7.71 61.79 21.42 26.94 40.31 31.63
10% 20% 3.74 57.73 14.20 22.86 30.00 25.71
10% 50% 1.86 58.48 15.48 23.92 32.03 26.35

20% 10% 7.51 61.36 23.35 26.98 36.88 31.22
20% 20% 6.68 57.61 16.77 22.59 34.83 27.70
20% 50% 3.76 59.36 15.96 23.62 33.59 27.26

50% 10% 6.25 60.68 21.14 25.81 34.06 29.59
50% 20% 4.79 58.66 17.74 24.08 35.00 28.05
50% 50% 3.95 59.09 17.64 23.78 30.63 27.02

Table 15: Warm-up Size × Selection Size Decou-
pling (Math domain). The two hyperparameters oper-
ate largely independently. A 10% selection size consis-
tently yields the highest scores regardless of warm-up
size, while a 10% warm-up (≈1k samples) is sufficient
for stable calibration.

Three key insights emerge from this grid: (1)
Selection ratio dominates performance. A 10%
selection size consistently achieves the highest av-
erage scores across all warm-up sizes, confirming
that concentrated low-entropy subsets are intrinsi-
cally more valuable. Expanding the selection size
dilutes this advantage. (2) The 10%/10% pair-
ing is empirical, not structural. The warm-up
size and selection size are not inherently coupled.
A 10% warm-up (≈1k samples) is sufficient to ac-
tivate stable instruction-following and produce re-
liable ∆H measurements; increasing warm-up to
50% yields diminishing returns and slightly de-
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grades peak performance (31.63 → 29.59). (3)
Larger selections benefit modestly from larger
warm-ups. When one must select a larger subset
(e.g., 50%), a larger warm-up provides marginally
better calibration (50%/50%: 27.02 vs. 10%/50%:
26.35). In practice, we recommend warm-up≈ 1k
samples (i.e., 10% of a 10k pool) as the default,
independently of the target selection ratio.

I Algorithm Details

Algorithm 1 presents the complete pseudo-code
for INSTRUCTDIFF. The algorithm takes as in-
put the full dataset D, base model πbase, three hy-
perparameter ratios (α for warmup size, β for final
selection size, γ for bi-directional filtering), and
the number of iterations T . It returns the final se-
lected subset D′(T ) of size β ·N .

The algorithm operates in two main stages. In
Stage 1 (lines 1-2), we perform calibration by ran-
domly sampling a warmup subset and fine-tuning
the base model to obtain the initial measuring in-
strument π(0)

inst. In Stage 2 (lines 3-11), we iterate T
times, each iteration computing distributional gaps
for all samples (lines 4-6), applying bi-directional
NLL filtering to retain the learnable middle range
(line 7), selecting samples based on contrastive en-
tropy (line 8), and optionally updating the calibra-
tion model for the next iteration (lines 9-11).

J Case Studies

We present representative selected and rejected
samples in a unified visualization format to qual-
itatively illustrate our selection criteria. We addi-
tionally include reasoning (math) examples from
the highest and lowest ∆H percentiles to visual-
ize the distinct cognitive dynamics of expansion
versus compression.

This sample has extremely high gaps, indicating
it is beyond the model’s current capability. Train-
ing on such samples introduces harmful noise.

Math Domain: Cognitive Expansion vs. Com-
pression. The following examples contrast rea-
soning samples from the lowest and highest ∆H
percentiles, illustrating why selecting the lowest
∆H (cognitive expansion) is beneficial for mathe-
matical reasoning.

Algorithm 1 INSTRUCTDIFF: Iterative
Contrastive-Entropy-Guided Selection

Require: Dataset D, base model πbase, warmup
ratio α, selection ratio β, bi-reject ratio γ, it-
erations T

Ensure: Selected subset D′

1: // Stage 1: Calibration
2: Dwarmup ← RandomSample(D, α ·N)

3: π
(0)
inst ← FineTune(πbase,Dwarmup)

4: // Stage 2: Iterative Selection
5: for t = 1 to T do
6: for (xi, yi) ∈ D do
7: Compute ∆NLLi ← NLL(t−1)

inst (xi, yi)−
NLLbase(xi, yi)

8: Compute ∆Hi ← Hbase(xi, yi) −
H

(t−1)
inst (xi, yi)

9: end for
10: // Bi-directional NLL filtering
11: Dfiltered ← {(xi, yi) ∈ D : qγ ≤ ∆NLLi ≤

q1−γ}
12: // Contrastive-entropy-based selection
13: D′(t) ← SelectLowest(Dfiltered, β ·

N, by ∆H)
14: // Update calibration model
15: if t < T then
16: π

(t)
inst ← FineTune(πbase,D′(t))

17: end if
18: end for
19: return D′(T )
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Selected Sample: Low ∆H , Moderate ∆NLL

Instruction
List five potential stakeholders that could be involved in the design of a new regional park.

Response
Some potential stakeholders that could be involved in the design of a new regional park are:
1. Local government agencies: These agencies are responsible for managing and developing public spaces, including
parks, within their jurisdiction.
2. Community groups: Representatives from local community groups that can provide insight into the needs and
concerns of the residents who will use the park.
3. Environmental organizations: Organizations that focus on environmental conservation and sustainability can
provide valuable input on how to design the park in a way that benefits both the community and the environment.
4. Local business owners: Local businesses near the park could benefit from increased foot traffic and may have a
vested interest in the park’s design and success.
5. Landscape architects / urban planners: Professionals in these fields have expertise in designing functional and
aesthetically pleasing public spaces.

Metrics
∆NLL = 0.06 ∆ H = 0.16 ∆PPL = 0.15

Figure 7: Example of a selected training sample with balanced uncertainty and learning signal

Rejected Sample: Excessively High ∆NLL

Instruction
Create an antonym for the word “Early”. Output the antonym.

Response
Late.

Metrics
∆NLL = 4.14 ∆ H = 2.19 ∆PPL = 201.24

Figure 8: Rejected example due to excessively high NLL gap and unstable learning signal

Rejected Sample: Degenerate Low ∆NLL

Instruction
Output the longest palindrome in a sentence. This is sentence with a palindrome.

Response
a palindrome

Metrics
∆NLL = -2.84 ∆ H = 1.79 ∆PPL = -552.69

Figure 9: Rejected example with degenerate low NLL gap and limited training value
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Math Selected Sample: Low ∆H (Cognitive Expansion, ∆H < 0)

Instruction.
A plane has several seats on it, each with its own price, as shown below (attachment). 2n− 2 passengers wish to take
this plane, but none of them wants to sit with any other passenger in the same column or row. The captain realizes that,
no matter how he arranges the passengers, the total money he can collect is the same. Prove this fact, and compute
how much money the captain can collect.

Response.
1. Restate the problem in a more abstract form. We have a grid of seats with prices, and we need to place 2n− 2

passengers such that no two passengers are in the same row or column. We need to prove that the total money
collected is the same regardless of the arrangement and compute this total.

2. Transform the problem. Consider the grid as an n×n matrix where each cell (i, j) represents the price of the seat
in the i-th row and j-th column. We need to show that the sum of the prices of the seats occupied by the passengers
is invariant under any arrangement that satisfies the given constraints.

3. Diagonal argument. We can use the concept of the main diagonal of the matrix (from the bottom-left to the
top-right). We will show that we can always rearrange the passengers such that they occupy the diagonal without
changing the total sum.

4. Operation definition. Define an operation that swaps the positions of two passengers in the same column but
different rows. Specifically, if we have passengers at (a, b) and (c, d), we can swap them to (a, d) and (c, b).

5. Induction base case. For the base case, consider the smallest grid where n = 2. The passengers can only occupy
the diagonal positions (1, 1) and (2, 2) or (1, 2) and (2, 1). In both cases, the sum of the prices is the same.

6. Induction hypothesis. Assume that for an n × n grid, we can always rearrange the passengers to occupy the
diagonal without changing the total sum.

7. Induction step. For an (n + 1) × (n + 1) grid, assume we have already arranged the first n columns such that
the passengers occupy the diagonal. For the (n+ 1)-th column, if the passenger is already on the diagonal, we are
done. If not, the passenger must be below the diagonal (since being above would contradict the arrangement of the
first n columns). We can then use the defined operation to swap this passenger with another passenger in the same
row but different column, ensuring the passenger moves to the diagonal.

8. Conclusion. By induction, we can always rearrange the passengers to occupy the diagonal, and since the sum of
the prices on the diagonal is invariant, the total sum collected is the same for any valid arrangement.

9. Compute the total sum. The sum of the prices on the diagonal of an n× n grid is given by the sum of the first n
natural numbers,

n∑

i=1

i =
n(n+ 1)

2
.

However, since we have 2n− 2 passengers, we need to adjust this sum accordingly. The total sum collected is

n−1∑

i=1

i+

n−1∑

i=1

(n− i) =

n−1∑

i=1

i+

n−1∑

i=1

i = 2

n−1∑

i=1

i = 2 · (n− 1)n

2
= (n− 1)n.

Therefore, the final answer is (n− 1)n .

Metrics.
∆NLL = −0.04 ∆H = −0.21 (entropy increases after calibration)

Figure 10: Math reasoning sample with low ∆H (cognitive expansion): selected by InstructDiff for encour-
aging solution path diversity.
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Math Rejected Sample: High ∆H (Cognitive Compression)

Instruction.
Compute sin 30◦.

Response.
Let Q be the point on the unit circle that is 30◦ counterclockwise from (1, 0). Draw segment QE from Q to the x-axis
perpendicular to the axis, forming a right triangle OQE, where O is the origin.

Using the properties of a 30◦−60◦−90◦ triangle, the sides opposite the 30◦, 60◦, and 90◦ angles are in the ratio
1 :

√
3 : 2. Since the hypotenuse OQ is 1 (the unit circle radius), the side opposite the 30◦ angle, namely OE, must

be 1
2

, and the side opposite the 60◦ angle, namely EQ, must be
√

3
2

.
Therefore, since sin 30◦ is the y-coordinate of Q, we have

sin 30◦ =
1

2
.

Metrics.
∆NLL = 0.57 ∆H = 0.41 (entropy massively decreases after calibration)

Figure 11: Math reasoning sample with high ∆H (cognitive compression): rejected by InstructDiff as it
promotes memorization over reasoning path diversity.
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