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Abstract

Instruction-tuning datasets often contain sub-
stantial redundancy and low-quality samples,
necessitating effective data selection meth-
ods. We propose an instruction data selection
framework based on weighted in-context influ-
ence (WICI), which measures how effectively
each candidate example reduces instruction-
following difficulty for semantically related
peers. Through systematic experiments, we
address three key questions: what constitutes
effective instruction tuning data from an in-
context perspective, whether sample difficulty
correlates with in-context influence, and how
in-context influence translates to instruction
tuning effectiveness. Experiments across mul-
tiple models and benchmarks demonstrate that
our method consistently outperforms existing
baselines under constrained data budgets, while
empirically showing that sample difficulty neg-
atively correlates with in-context influence.

1 Introduction

In-context learning (ICL) (Dong et al., 2024) en-
ables large language models (LLMs) to adapt its be-
havior at inference time by conditioning on a small
set of demonstration examples. By prepending a
handful of instruction—response pairs to the input
prompt, the model leverages its pre-trained knowl-
edge to generalize to new tasks without any param-
eter updates. Previous work has explored how to
select effective demonstrations, using criteria such
as semantic similarity (Li and Qiu, 2023; Dong
et al., 2024), diversity, or model feedback (Wang
et al., 2024a; Ye et al., 2023), to maximize perfor-
mance on a certain task. Instruction tuning (Lou
et al., 2024b), by contrast, updates model param-
eters through fine-tuning on large collections of
instruction—response pairs (Wang et al., 2023; Xu
et al., 2023). This paradigm has proven effective at
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improving instruction-following ability, but assem-
bling high-quality tuning datasets is costly. Data se-
lection methods like Superfiltering (Li et al., 2024a)
use model perplexity to prune simple examples,
and DEITA (Liu et al., 2024b) apply learned re-
ward models to rank and filter instruction-response
pairs based on human-aligned quality signals.
Despite the successes of each paradigm in iso-
lation, the relationship between examples that per-
form well in in-context learning and those that
constitute valuable instruction-tuning data remains
underexplored. Recognizing this gap, (Li et al.,
2024c) made a pioneering attempt in NUGGETS
to bridge in-context learning and instruction tun-
ing data curation paradigms. NUGGETS evaluates
data quality by using each candidate instruction
as a one-shot demonstration and measuring its im-
pact on performance across a fixed global anchor
set, establishing the first connection between ICL
and instruction tuning. While NUGGETS made
significant progress in this direction, we explore
how this paradigm can be further advanced. Specifi-
cally, NUGGETS evaluates all candidates using the
same fixed global anchor set regardless of seman-
tic relevance, employs simple binary scoring with-
out considering improvement magnitude or task
difficulty, and requires substantial computational
resources by evaluating each candidate on large
anchor sets (typically 1,000 samples). We hypothe-
size that by introducing dynamic, semantically rele-
vant probe sets and generalization-based weighting
mechanisms, we can more precisely measure the
influence of samples while significantly improving
computational efficiency. We pose three key re-
search questions to validate this hypothesis. RQ1:
From the perspective of in-context learning, what
kind of data is good instruction tuning data? RQ2:
Are samples that are difficult for a model neces-
sarily strong demonstrations or tuning examples?
RQ3: Do examples that yield high in-context in-
fluence also lead to superior instruction-following
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performance when used for fine-tuning?

To answer these questions, we introduce a
weighted in-context influence framework for data
selection. For each candidate example we build a
probe set in three stages that ensures semantic relat-
edness, diversity, and challenge. We then measure
single-probe influence as the absolute reduction
in instruction-following difficulty when the candi-
date is used as a one-shot demonstration. These
influences are aggregated with a normalized cosine-
distance weight to emphasize transferable gains.
Finally, we rank by the aggregated score and select
examples greedily under a diversity constraint on
cosine similarity. By quantifying each example’s
influence on peers, we select a subset of exam-
ples that maximally improves overall instruction-
following under a constrained data budget.

Our contributions are threefold. First, we intro-
duce a weighted in-context influence framework
that evaluates samples through dynamic probe sets
and difficulty weighting rather than fixed global
evaluation. Second, we demonstrate that local peer
influence outperforms global assessment and that
sample difficulty negatively correlates with teach-
ing effectiveness. Third, extensive experiments
show our method consistently outperforms exist-
ing baselines across multiple benchmarks while
achieving substantial computational efficiency.

2 Preliminary

In this section, we formalize our problem setup of
data selection for instruction tuning, and introduce
the concepts of perplexity and its ratio-based form,
instruction—following difficulty (IFD), as intrinsic
measures of sample difficulty.

Data Selection of Instruction Tuning Let D =
{(xi,y:)}I~, be an instruction—response corpus,
where x; = T'(Instruction, [Input]) denotes the full
prompt produced by applying a prompt template
T to the instruction (and optional input) and the
reference response y;. The average negative log-
likelihood £ of an LLM fg on D is defined as:

1 n
L(0;D)=——> logpe(yi | z). (1)
i=1

A lower L indicates stronger instruction-
following ability. Given the data budget & , our
goal is to select a subset @ C D such that |Q] = &,
after instruction tuning on @, the resulting model

achieves the strongest instruction-following ability:
Q" = argmin L£(0Q; Dicest)- 2)
QED,|Q|=k

Perplexity and Instruction-Following Difficulty
(IFD). For a sample of response length N, per-
plexity is defined as:

N
1
PPL(yi|z:) = exp <_N > log p(yi sl yin, s ym‘l))

j=1
J @
The L refers to instruction-following ability and
its exponential form, perplexity, an ideal method
for measuring the difficulty of generating the re-
sponse. Following (Li et al., 2024b), we measure
instruction—following difficulty (IFD) as the benefit
the instruction provides over unconditional genera-
tion: where a larger IFD indicates that the model
gains less from the instruction.

_ PPL(y | x)

IFD(y | ) = PPL(y) 4)

3 Method

In this section, we present the proposed method-
ology in Figure 1. The key idea follows our hy-
pothesis: In-context demonstrations that substan-
tially reduce the instruction-following difficulty of
challenging tasks are likely to be high-quality sam-
ples for instruction tuning. Our method consists
of four major stages: 1) diversity-aware in-context
probe retrieval, 2) in-context influence evaluation,
3) diversity-constraint data selection and 4) model
training.

3.1 Diversity-aware In-context Probe
Retrieval

To assess how much a candidate demonstration
helps related examples in in-context learning, we
first construct a high-quality probe set. A naive
retrieval of random or nearest-neighbor samples
often fails to capture a demonstration’s true util-
ity: unrelated probes introduce noise, redundant
probes provide limited additional signal, trivially
simple probes obscure the model’s genuine capa-
bility to follow complex instructions. To overcome
these limitations, we design a three-stage retrieval
process consisting of Semantic Retrieval, Seman-
tic Clustering, and Complexity-guided Selection,
which ensures that the probe set is semantically
relevant, diverse in coverage, and sufficiently chal-
lenging for evaluation.
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Figure 1: Overview of our framework.

Semantic Retrieval. In-context influence can
only be measured meaningfully when the probes
share a coherent topical space with the instruction;
otherwise, their responses may reflect task mis-
match rather than demonstrational assistance. For
each instruction x;, we retrieve its N nearest neigh-
bors in the embedding space under the Euclidean
distance:

N = arg‘t;pN (—la(f (@), f(25))). (5
j#i

where f(-) denotes the sentence encoder.

Semantic Clustering. While semantic retrieval
enforces relevance, it tends to produce highly re-
dundant neighbors concentrated in a narrow region
of the embedding space. Such redundancy weakens
the generality of influence estimation and biases
evaluation toward repetitive behaviors. To mitigate
this, we apply K -means clustering to partition MN
into K semantically distinct groups. Each cluster
corresponds to a local semantic mode, thereby en-
suring that the probe set explores diverse contexts
related to x;.

Complexity-guided Selection. Finally, the probe
set must include examples that are sufficiently
challenging to reveal genuine improvements in
instruction following. As observed by Liu et al.
(2022), trivially simple probes provide little in-
formation about a demonstration’s true capacity,
whereas complex probes expose whether it can gen-
uinely lower instruction-following difficulty. To
operationalize this insight, we employ a reward

model R(-) ? that estimates instruction complexity.
Within each cluster, we rank candidates by R(x;)
and select the highest-scoring instance:

K
U arg max R(x;). 6)

c—1%j Ecluster,

B; =

The resulting probe set B; integrates semantic
relevance, diversity, and challenge, forming a ro-
bust basis for subsequent in-context influence eval-
uation.

3.2 In-context Influence Evaluation

While instruction—following difficulty (IFD) serves
as an intrinsic indicator of how hard an instruc-
tion is for a model to complete, it does not capture
how one example can influence the model’s be-
havior on other tasks during in-context learning.
To address this limitation, we propose a new met-
ric, the In-context Influence (ICI), which quan-
tifies how much a candidate demonstration im-
proves the model’s instruction-following perfor-
mance on its probes. Given a candidate demonstra-
tion a; = (z;,y;) and its probe set B; = {(xp, ys) }
obtained from Step 1, we define the in-context in-
fluence on a single probe b € B; as the absolute
reduction in instruction—following difficulty (IFD)
when a; is provided as an in-context example:

ICL;%b = IFD(yb | Ib) — IFD(yb | Qg , l‘b). (7)

A positive ICI;_,; indicates that the demonstra-
tion a; reduces the difficulty of probe b, while a
negative value reflects detrimental influence. To

Zhttps://huggingface.co/hkust-nlp/deita-complexity-
scorer
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explicitly encourage generalization beyond trivial
semantic similarity, we weight each single-probe
influence by a normalized cosine distance that is
monotonically increasing with semantic distance.
We then define the overall weightd in-context influ-
ence (WICI) as:

1-— cos(f(xi)» f(l’b))
2|B;|

wICI(a;) = Z

beB;

ICLie.  (®)

3.3 Diversity-constraint Data Selection and
Model Training

To ensure that the selected data not only have high
informativeness but also cover diverse semantic
patterns of target samples, we introduce a diversity-
constraint mechanism during data selection. Once
every data candidate has a wICI score, we sort can-
didates in descending order and greedily build the
coreset by adding a candidate a; = (z;, y;) only if
it is not overly similar to any already selected item;
otherwise it is skipped. Let f(-) be the sentence
encoder and 7 a cosine-similarity threshold; the
admission test is

max cos(f(2:), f(x;)) <, ©)
and we continue until |S| = k. The resulting

coreset is then used, without any additional weight-
ing, to fine-tune the pre-trained LLM to improve
the instruction following ability.

4 Experimental Settings
4.1 Training Datasets

We use two open-source instruction-tuning datasets:
Alpaca-GPT4 (Peng et al., 2023), which is synthe-
sized through the Self-Instruct (Wang et al., 2023)
paradigm and provides diverse, higher quality in-
struction—response pairs, and WizardLM (Xu et al.,
2023), which applies instruction evolution to ex-
pand basic prompts into harder multi step tasks
to strengthen compositional reasoning. We adopt
Wizard-70K and follow Li et al. (2024b) to filter
low quality samples. For fairness, we cap the train-
ing data at 10% for our method and all baselines.

4.2 Baselines

Superfiltering (IFD) (Li et al., 2024a) observes
a strong consistency in the Influence Function Di-
rection (IFD) between small and large language
models when applied to the same data. Based on
this insight, it adopts a weak-to-strong paradigm: a
smaller model is used to compute IFD scores and

select data, which is then used to fine-tune a larger
model.

DEITA (Liu et al., 2024b) identifies three key
factors in data selection: instruction complexity,
instruction-response quality, and data diversity. It
employs two reward models distilled from propri-
etary LLMs to assess instruction complexity and
instruction-response quality, respectively. Addi-
tionally, it incorporates a diversity constraint during
the data selection process to ensure a more varied
dataset.

NUGGETS (Li et al., 2024c) evaluates each in-
struction example’s potential to serve as an effec-
tive one-shot demonstration by measuring its im-
pact on model performance across a diverse anchor
set of tasks. Specifically, NUGGETS computes a
“golden score” for each instruction by comparing
the model’s zero-shot performance against its one-
shot performance when using that instruction as
context.

SelectIT (Liu et al., 2024a) exploits intrinsic un-
certainty in LLMs to select high-quality instruction
tuning data through three levels of self-reflection:
token-level confidence analysis, sentence-level
prompt variance reduction, and model-level col-
laborative assessment.

4.3 Evaluation Setup
4.3.1 Pair-wise Comparison

To assess the effectiveness of different data selec-
tion strategies, we perform pair-wise comparisons
between models fine-tuned on selected 10% sub-
sets of data and a reference model fine-tuned on the
full data. We use five publicly available test sets
for evaluation: WizardLM (Xu et al., 2023), Self-
Instruct (Wang et al., 2023), Vicuna (Chiang et al.,
2023), Koala (Vu et al., 2023), and LIMA (Zhou
et al., 2023a). For each instruction in these datasets,
both the full-data model and the subset-trained
model are prompted to generate responses. These
outputs are then evaluated by a strong LLM judge >,
which compares the two responses and assigns a
preference score.

To reduce position bias, each response pair is
presented to the judge in both possible orders. A
model is considered the winner for a given instruc-
tion if its response is preferred or not worse in
both orders. Based on this, we compute a winning

3We use GPT-4.1-mini as the judge. For the prompt used
for evaluation, please refer to the Appendix.
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score for each method to quantify its relative per-
formance against the full-data baseline. The score
is defined as:

num(wins) — num(loses)
num(Dy)

winning_score(D;) = +1 (10)

4.3.2 Benchmark Evaluation

In addition to pair-wise comparison, we evalu-
ate models on a set of widely used benchmark
datasets including ARC-Challenge (Clark et al.,
2018), HELLASWAG (HS) (Zellers et al., 2019),
MMLU (Hendrycks et al., 2021), BBH (Suzgun
et al., 2023), GSMS8K (Cobbe et al., 2021), MT-
bench (Zheng et al., 2023) and 2Wikimqga, Hot-
potQA, Samsum from LongBench (Bai et al,
2025). Additionally, we report results on the Al-
pacaEval 2.0 (Dubois et al., 2024) leaderboard us-
ing both Win Rate (WR) and Length-Controlled
Win Rate (LC) metrics.

Dataset Strategy Llama3.1-8B  Mistral-7B
Full 1.000 1.000
IFD 1.198 1.248
DEITA 1.076 1.099
Alpaca-GPT4 - \56GETS 1.133 1201
SelectIT 1.146 1.227
Ours 1.215 1.261
Full 1.000 1.000
IFD 1.186 1.294
. DEITA 1.114 1.140
WizardLM - \GGGETS 1.133 1.249
SelectIT 1.176 1.281
Ours 1.169 1.308

Table 1: Pairwise evaluation performance using

Llama3.1-8b and Mistral-7B-v0.3 respectively.

5 Main Experimental Results (RQ1)

5.1 Pairwise Evaluation Results

The pairwise evaluation in Table 1 shows that
our data selection yields consistent and substan-
tial gains, achieving competitive or superior per-
formance compared to existing baselines across
all three models and datasets. Relative to “Full”
our method improves the winning score by +21.5%
and +26.1% on Alpaca-GPT4 when fine-tuning
Llama3.1-8B and Mistral, respectively. On Wiz-
ardLLM, our method improves the winning score by
+16.9% and +30.8% with Llama3.1-8B and Mistral,
respectively. Overall, these results indicate that our
data selection is highly effective across different
models and datasets.

5.2 Benchmark Results

Table 2 presents the zero-shot benchmark perfor-
mance of models trained on the full dataset versus
those fine-tuned on just 10% of the data using base-
lines and our method.

First, the full-data models underperform the 10%
data-selection methods across nearly every evalua-
tion, including both zero-shot benchmarks and the
Alpaca-Eval 2.0 leaderboard, indicating substantial
redundancy and noise in the original training set.
Second, different data selection baselines exhibit
task-specific strengths: on Alpaca-Eval 2.0, IFD
outperforms DEITA, whereas on BBH, DEITA sur-
passes IFD. This indicates that different selection
criteria steer model improvements along different
capability dimensions rather than in a single uni-
fied direction. Third, our budget-constrained se-
lection matches or surpasses strong baselines and
full-data models across zero-shot benchmarks and
Alpaca-Eval 2.0. Although some baselines peak on
individual metrics, our selection remains top two
in nearly all settings, showing robust and broad ef-
fectiveness under a strict budget. The final finding
answers our RQ1: In-context demonstrations that
substantially reduce the instruction-following diffi-
culty of diverse challenging tasks are high-quality
samples for instruction tuning.

6 In-Depth Analysis

In this section we present a series of experiments
and analyses to answer the rest two of our three
research questions: RQ2: Are difficult data neces-
sarily good demonstrations of in-context learning?
and RQ3: Are good in-context learning demonstra-
tions good examples of instruction tuning?

6.1 Data Consistency Analysis (RQ2)

To test whether samples that are difficult for the
model are also effective in context demonstrations,
we ranked every dataset twice, first by the instruc-
tion following difficulty (IFD) and then by un-
weighted in-context influence (ICI), and compared
the two rankings. We measured the overlap be-
tween the lists at the top 10%, 30%, and 50% cut-
offs and computed the Spearman correlation over
the full lists. As shown in Table 3, top-10% overlap
is limited at 10.1% on Alpaca-GPT4 and 14.4%
on WizardLM, rising to about 38—-39% at the top
30% and 59-65% at the top 50%. Spearman corre-
lations are positive but moderate at 0.39 and 0.26.
These results indicate a meaningful yet incomplete
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ARC-C HS MMLU BBH GSMS8k 2Wikimga HotpotQA Samsum MT-Bench AE 2.0
Acc Acc Acc EM EM F1 F1 ROUGE-L Score WR LC
Llama3.1-8B w/ Alpaca-GPT4
Full 5299 79.78 61.81 40.90 47.46 39.44 41.73 36.03 4.30 5.65 13.19
IFD 53,50 80.95 6337 3552 5342 43.52 44.28 36.21 4.84 7.58 14.85
DEITA 58.21 80.46 6277 40.92 52.05 42.99 42.12 35.11 4.68 527 12.14
NUGGETS 57.42 80.76 62.89 3991 52.77 43.35 42.92 34.81 4.55 5.85 13.03
SelectIT 58.16 81.24 6256 39.93 53.90 42.03 44.48 35.10 4.73 6.22 13.90
Ours 58.98 81.52 6345 3933 5517 43.47 44.74 36.60 4.88 7.50 14.42
Llama3.1-8B w/ Wizard
Full 54.61 7836 6132 4220 5542 45.71 56.10 30.09 4.75 6.02 14.75
IFD 56.40 80.42 63.65 40.67 50.64 47.06 55.03 30.05 541 6.34 12.82
DEITA 5729 79.19 6352 38.70 51.83 46.37 56.02 31.63 5.23 590 11.42
NUGGETS 56.50 79.08 64.04 39.71 50.22 43.35 53.43 32.68 4.91 574 11.71
SelectIT 57.17 8047 64.11 40.54 51.03 45.99 56.19 30.55 5.02 5.57 1143
Ours 57.79 81.02 6490 4121 52.84 47.06 57.14 32.06 5.28 6.11 13.13
Mistral-7B-v0.3 w/ Alpaca-GPT4
Full 44.03 73.01 5140 31.18 18.73 37.65 37.00 21.91 3.80 5.65 13.19
IFD 48.81 78.42 5550 33.68 26.80 42.11 34.54 33.16 3.98 6.50 11.92
DEITA 48.33 80.52 54.14 3370 27.43 42.33 34.54 33.91 4.14 592 11.02
NUGGETS 4825 8033 5329 3352 2799 39.89 31.05 31.41 4.22 5.10 10.84
SelectIT 49.01 80.21 54.04 33.44 28.26 40.54 32.72 32.49 4.32 6.12 11.35
Ours 4943 81.14 5473 3424 28.53 41.57 34.92 34.50 4.18 6.26 11.35
Mistral-7B-v0.3 w/ Wizard

Full 46.25 73.57 51.15 31.84 32.37 44.76 48.85 21.16 3.97 4.60 10.77
IFD 50.08 78.39 5599 36.55 28.89 42.88 47.40 29.08 4.15 5.84 991

DEITA 4776 7625 5481 37.18 28.85 41.91 46.80 28.66 4.35 5.09 11.32
NUGGETS 5023 77.36 55.69 3637 27.64 40.43 44.77 28.02 4.32 4.88 10.51
SelectIT 51.02 7843 55.10 37.09 28.01 41.27 47.33 28.78 4.10 525 11.18
Ours 51.27 7851 5631 3699 29.44 42.47 46.53 29.22 4.40 591 11.36

Table 2: Benchmark zero-shot evaluation of data-selection methods using 10% of the training data. “Full” denotes
performance on the entire dataset for reference. WR and LC stand for Winning Rate and Length-Controlled winning

rate, respectively.

alignment between instruction—following difficulty
and in-context influence; thus, difficult samples
are not reliably strong in-context demonstrations,
answering RQ2 in the negative.

Further, we adopt the approach of (Lou et al.,
2024a) by using the Berkeley Neural Parser to ex-
tract root verbs and their direct objects from our
extracted instruction subset. We then visualize the
20 most frequent root verbs alongside their four
most common direct-object nouns under three con-
ditions: (1) High Instruction Following Difficulty,
(2) High In-context Influence, and (3) Random. As
shown in Figure 2, the distributions differ substan-
tially across these criteria, reinforcing our conclu-
sion that sample difficulty and in-context learning
utility capture distinct properties.

Overlap Ratios

Dataset 10% 30% 50% Rank Corr.
Alpaca-GPT4 | 0.1006 03874 0.6476 | 03947
WizardLM | 0.1442  0.3650 0.5942 |  0.2568

Table 3: Relation of high IFD data and high ICI data.

6.2 Ablation Study (RQ3)

We ablate two diversity components to quantify
their contributions and answer RQ3. The variant
w/o DA removes Semantic Clustering in Step 1
(no probe-side diversity during influence estima-
tion), and w/o DS keeps influence scoring but drops
the cosine-similarity constraint in selection (no
demonstration-side diversity). As shown in Table 4,
both variants underperform our full method across
datasets and models, yet both still achieve winning
scores greater than 1.0, which indicates they out-
perform training on the full data. Therefore, for
RQ3: Are good in-context demonstrations good
examples of instruction tuning? the answer is yes,
even without diversity modules they provide gains
over the full-data baseline, however, they are most
effective when coupled with diversity on both the
probe side and the demonstration side.

6.3 Performance with Varied Budgets

We next study how budget size influences each data
selection method. We progressively raise the bud-
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Figure 2: Visualization of the verb—noun structures in instructions selected by the three data-selection strategies on
Alpaca-GPT4. The inner ring shows the predominant verbs, the outer ring displays the nouns that co-occur directly

with those verbs.

Dataset Strategy | Llama3.1-8B  Mistral-7B
w/o DA 1.140 1.181

Alpaca-GPT4 w/o DS 1.155 1.198
Ours 1.215 1.261
w/o DA 1.132 1.204

WizardLM w/o DS 1.154 1.239
Ours 1.169 1.308

Table 4: Ablation study on two major sample-selection
components. w/o DA removes Semantic Clustering in
Step 1, w/o DS drops the cosine-similarity constraint in
selection.

get from five to twenty percent of the training pool

and record the winning score of LLAMA3.1-8B.

As shown in Figure 3, our weighted-ICI method
shows a steep performance climb between five and
ten percent, reaches its apex at fifteen percent, and
then drifts slightly downward as more data are
added. Most baseline methods, including DEITA,
NUGGETS, and SelectIT, follow similar curves
but consistently lag behind our approach at every
budget level, with IFD showing the closest per-
formance to our method. This behavior reveals
two distinct phases of data addition. In the low-
budget regime, carefully selected demonstrations
introduce novel and complementary information,
so increasing the data volume leads to better mod-
els. However, beyond a certain saturation point,
additional examples tend to overlap with existing
information or introduce noise, resulting in dimin-
ishing or even negative returns. Because our strat-
egy prioritizes demonstrations based on their ability
to aid the most challenging probes, it reaches the
saturation threshold with far fewer samples, thereby

Llama3.1-8B w/ Alpaca-GPT4

125}
120t
o
O 1ast
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£
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Lo5p W -=- DEITA
- @ - Nuggets
1.00 —&— SelectIT
5 10 15 20 100
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Figure 3: Winning-score curves of LLAMA3.1-8B

trained on Alpaca-GPT4.

achieving superior sample efficiency.

6.4 Domain Generalization Analysis

To examine whether our data selection method gen-
eralizes beyond the Alpaca-GPT4 and WizardLM
settings, we additionally conduct experiments in a
medical domain using the MedQuAD (Ben Abacha
and Demner-Fushman, 2019) dataset. Specifically,
we select 30% of the training data with our method,
fine-tune LLMs on the resulting subset, and eval-
uate them on three medical benchmarks: MedM-
CQA (Pal et al., 2022), MedQA (Jin et al., 2021),
and MMLU-med. We compare our method against
Random selection and Full-data fine-tuning. This
setting provides a targeted test of whether the pro-
posed wICI-based selection strategy remains ef-
fective when transferred to a domain that differs
substantially from the general-purpose instruction-
tuning corpora used in our main experiments.
Table 5 reports the results. Overall, our method
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MedMCQA MedQA MMLU-med

Llama-3.1-8B
Full 40.53 44.22 71.33
Random 32.32 29.53 45.67
Ours 39.63 46.03 65.33
Mistral-7B-v0.3
Full 36.55 34.32 51.67
Random 33.11 37.00 36.00
Ours 37.05 39.54 50.00

Table 5: Results on the medical domain. Our method
and the Random baseline use 30% of the training data,
while Full uses the entire dataset. The best performance
in each column is shown in bold.

consistently outperforms Random selection across
both model backbones on most evaluation met-
rics, showing that the selected subset remains sub-
stantially more effective than random 30% sample
even in the medical domain. Compared with Full-
data fine-tuning, the results are more mixed: our
method achieves the best performance on MedQA
for Llama-3.1-8B and on both MedMCQA and
MedQA for Mistral, while trailing the Full baseline
on MMLU-med and on MedMCQA for Llama-3.1-
8B. These results suggest that wICI generalizes
beyond the domains considered in the main experi-
ments and can still identify highly useful training
subsets in a specialized domain. At the same time,
the remaining gap on some settings indicates that
full-data coverage may still be particularly valuable
for certain types of domain-specific knowledge.

7 Related Work

In-Context Learning for Instruction Tuning
In-context learning (ICL) (Brown et al., 2020) and
instruction tuning (IT) (Lou et al., 2024b) represent
two fundamental paradigms for adapting large lan-
guage models to downstream tasks. ICL enables
models to perform tasks by conditioning on demon-
stration examples provided in the prompt, without
updating model parameters. In contrast, instruction
tuning updates model parameters through super-
vised fine-tuning on instruction-response pairs to
improve instruction-following capabilities.
Recent theoretical work has revealed deep con-
nections between these paradigms. (Dai et al.,
2023) provided a groundbreaking theoretical expla-
nation, demonstrating that Transformer attention
has a dual form of gradient descent and that ICL
can be understood as implicit fine-tuning where

GPT produces meta-gradients according to demon-
stration examples. (Von Oswald et al., 2023) fur-
ther demonstrated that transformers can implement
learning algorithms implicitly, showing that this
process corresponds to gradient-based optimiza-
tion of principled objective functions. (Duan et al.,
2024) empirically validated these theoretical in-
sights, finding that ICL changes an LLM’s hid-
den states as if the demonstrations were used to
instructionally tune the model, establishing that
“ICL is implicit IT.” Building on these theoretical
foundations, several works have explored practical
applications. (Li et al., 2024c) made a pioneering
contribution by proposing NUGGETS, which lever-
ages the ICL-IT connection for practical data selec-
tion. NUGGETS evaluates instruction tuning candi-
dates by measuring their effectiveness as one-shot
demonstrations across a global anchor set, comput-
ing "golden scores" based on performance improve-
ments. (Mosbach et al., 2023) conducted a compre-
hensive comparison between few-shot fine-tuning
and ICL, finding that both approaches achieve sim-
ilar generalization performance when controlling
for model size and training examples. In addition,
related work has used ICL to synthesize instruction-
tuning data. (Han et al., 2025; Xu et al., 2023)

Our work introduces In-Context Influence (ICI)
to measure how effectively a candidate example
reduces instruction-following difficulty for seman-
tically related peers. Through local semantic rel-
evance and difficulty weighting mechanisms, we
achieve more precise and computationally efficient
data selection than existing global evaluation ap-
proaches.

Instruction Data Selection Instruction-tuning
corpora, whether in general-purpose settings or
domain-specific scenarios (Rao et al., 2024; Wei
et al., 2025; Rao et al., 2026), often contain redun-
dancy and noise, motivating the selection of com-
pact, high-value subsets. Quality-based approaches
score or mine examples, including AlpaGasus
(Chen et al., 2024), DEITA (Liu et al., 2024b),
Superfiltering (Li et al., 2024a), CherryLLM (Li
et al., 2024b), Instruction Mining (Cao et al., 2024),
and the style-consistency method SCAR (Li et al.,
2025). Alignment-oriented filtering reduces hallu-
cination, for example NOVA (Si et al., 2025), and
a call for rigor (Moon et al., 2025) highlights con-
founds from inconsistent training setups. Diversity-
driven methods such as QDIT (Bukharin et al.,
2024) and DPP (Wang et al., 2024b) enhance cov-
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erage and minimize redundancy through greedy
or determinantal objectives. Information-theoretic
and multi-signal approaches include MIG (Chen
et al., 2025) for information gain, GRAPE (Zhang
et al., 2025) for response fitness, ZIP (Yin et al.,
2024) for entropy-based compression, and NICE
(Wang et al., 2025) for task-level selection. A re-
cent survey (Liu et al., 2025) synthesizes these
directions and proposes a unified framework.

Our work complements these lines by selecting
examples that maximize in-context influence on re-
lated and challenging probes, measured as absolute
reductions in instruction—following difficulty, and
by enforcing diversity during probe construction
and in the final coreset. By selecting examples ac-
cording to their measured in-context influence, we
align data selection with the actual inference-time
benefit of demonstrations, producing compact yet
transferable subsets while controlling redundancy
through diversity.

8 Conclusion

We presented a data selection framework for in-
struction tuning based on a new influence met-
ric. The metric, In-context Influence, measures
the reduction in instruction-following difficulty
caused by a candidate demonstration, and its
generalization-weighted aggregate guides selection.
Our pipeline builds probe sets that are related, di-
verse, and challenging, and applies a diversity con-
straint during selection to avoid redundancy. Under
a 10% budget, the method matches or surpasses
strong baselines and full-data models across differ-
ent benchmarks. We also answered three research
questions. RQ1: demonstrations that substantially
reduce difficulty on diverse challenging probes are
high-quality samples for instruction tuning. RQ2:
difficult samples are not reliably strong in-context
demonstrations. RQ3: good in-context demon-
strations are effective instruction-tuning examples,
and they work best when both probe diversity and
demonstration diversity are enforced.

Limitations

Our study has two primary limitations. First, due
to computational constraints, we did not evaluate
larger backbones such as Llama3-70B (Dubey et al.,
2024), nor did we test on substantially larger in-
struction corpora such as Tulu3 (Lambert et al.,
2024). Second, we focused on supervised in-
struction tuning and did not evaluate other post-

training methods such as DPO (Rafailov et al.,
2023), PPO (Schulman et al., 2017) and their vari-
ants. We expect our selection framework to transfer
to larger models and alternative post-training meth-
ods, which we leave to future work.
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A Implementation Details

A.1 Hyperparameters

We use k = 32 nearest neighbors for semantic
retrieval, K = 5 clusters for semantic clustering
(k-means on /s-normalized embeddings), and a
cosine-similarity threshold 7 = 0.9 to enforce di-
versity during demonstration selection.

All experiments in this paper adopt a unified
configuration. We use Llama Factory (Zheng et al.,
2024) to fully fine-tune LLlama3.1-8B, and Mistral-
7B-v0.3. Fine-tuning is performed with DeepSpeed
ZeRO-3 for memory optimization and bf16 mixed
precision, using input sequences truncated to 2,048
tokens. Each model is trained for three epochs with
the AdamW optimizer, an initial learning rate of
1 x 1077, a cosine-annealing learning rate schedule
with linear warmup at a rate of 0.1, and a total batch
size of 64.

The prompt template of the reward model is
shown in Figure 4.

A.2 Hardware and Software

We conducted all experiments on a machine
equipped with 8x 6000Ada GPUs, 2x EPYC Genoa
9334 CPUs, and 768GB of RAM. The system runs
on Linux kernel 5.14.

For the Sentence Transformer library (Reimers
and Gurevych, 2019) used in our experiments, we
utilize the stsb-roberta-large checkpoint as the
embedding model.

B Evaluation Details

B.1 Benchmark Evaluation

For evaluation on standard NLP benchmarks, we
use the Im-evaluation-harness (Gao et al., 2024),
following their default zero-shot settings.

B.2 Pairwise Evaluation

We employ GPT-4.1-mini as a judge for pairwise
evaluation using the prompt template shown in Fig-
ure 5.

C Efficiency Analysis

To better understand the practical implications of
our approach, we analyze the computational effi-
ciency of different data selection methods. Table 6
provides a comprehensive comparison across sev-
eral dimensions: backward pass requirements, de-
pendency on teacher models, external knowledge

requirements, and the number of forward passes
needed per sample.

Our analysis reveals significant differences in
computational overhead across methods. DEITA
incurs the highest cost, requiring 36,000 forward
passes to train reward models plus 2 forward passes
per sample for scoring. This substantial training
overhead makes DEITA particularly expensive for
large-scale data selection scenarios. NUGGETS,
while avoiding the training cost, requires 2,000 for-
ward passes per sample to evaluate each candidate
against its fixed anchor set, resulting in prohibitive
computational costs when processing large datasets.
In contrast, uncertainty-based methods like Selec-
tIT (15 forward passes per sample) and RECOST (2
forward passes per sample) offer more reasonable
computational requirements. However, SelectIT’s
multi-prompt and multi-LL.M evaluation strategy
still introduces considerable overhead, while RE-
COST’s dependency on external knowledge bases
may limit its applicability in certain domains.

Our method strikes a balance between evaluation
precision and computational efficiency. With 16
forward passes per sample (5 probes x 3 evalua-
tions + 1 for the candidate itself), our approach
requires significantly fewer computations than
NUGGETS while maintaining the benefits of con-
textual evaluation. Unlike DEITA, our method re-
quires no training phase, and unlike RECOST, it
operates without external dependencies. The dy-
namic nature of our probe selection ensures that
computational resources are focused on the most
relevant semantic neighbors, maximizing the infor-
mativeness of each evaluation. This efficiency anal-
ysis demonstrates that our weighted in-context in-
fluence framework achieves superior performance
gains while maintaining practical computational re-
quirements, making it suitable for real-world data
selection scenarios at scale.
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System Prompt:

You are a helpful assistant. Please identify the complexity score

of the following user query.
User Prompt:

##Query:

{instruction}

##Complexity:

Figure 4: Prompt template used to elicit a discrete complexity level (1-6) from the DEITA complexity scorer. At
inference, we read the logits for the six numeral tokens and compute the expected score 22:1 k - softmax(¢y),

where /f, is the logit of token k.

System Prompt:

You are a helpful and precise assistant for checking the quality of the answer.

User Prompt:
[Question]
{question}

[The Start of Assistant 1's Answer]
{ans1}
[The End of Assistant 1's Answer]

[The Start of Assistant 2's Answer]
{ans2}
[The End of Assistant 2's Answer]

[System]

We would like to request your feedback on the performance of two AI
assistants in response to the user question displayed above. Please
rate the helpfulness, relevance, accuracy, level of details of their
responses. Each assistant receives an overall score on a scale of 1

to 10, where a higher score indicates better overall performance.
Please first output a single line containing only two values indicating
the scores for Assistant 1 and 2, respectively. The two scores are
separated by a space. In the subsequent line, please provide a
comprehensive explanation of your evaluation, avoiding any potential
bias and ensuring that the order in which the responses were presented

does not affect your judgment.

Figure 5: Prompt template used for pairwise evaluation with GPT-4.1-mini as judge.

Method \ Backward Teacher Model External Knowledge Number of Forward Passes

IFD X X X 2/sample (with/without instruction)

DEITA v v X 36,000 (reward model training) + 2/sample (model scoring)
NUGGETS X X X 2,000/sample (anchor set evaluation)

SelectIT X v X 15/sample (multi-prompt, multi-LLM)

RECOST X X v 2/sample (with/without external KB)

Ours ‘ X X X 16/sample (5 probes x 3 + 1)

Table 6: Computational Efficiency Analysis of Data Selection Methods

D Additional Results
D.1 Additional Benchmark: IFEval

To further assess whether selected instruction-
tuning data improves instruction-following ability
beyond general knowledge and reasoning bench-
marks, we additionally evaluate all methods on
IFEval (Zhou et al., 2023b). IFEval measures
how well language models follow verifiable instruc-

tions, such as output format constraints, keyword
requirements, and length constraints, and thus pro-
vides a more targeted test of instruction following
than broad capability benchmarks. Following the
standard evaluation protocol, we report the aver-
age over four metrics: prompt-level strict (Pr(S)),
prompt-level loose (Pr(L)), instruction-level strict
(Ins(S)), and instruction-level loose (Ins(L)). As
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Model / Dataset Full IFD DEITA NUGGETS SelectIT Ours
Llama3.1-8B / Alpaca-GPT4 48.83 4231 36.87 38.55 34.11 42.37
Llama3.1-8B / WizardLM 53.01 49.60 49.05 50.53 52.11 51.19
Mistral-7B / Alpaca-GPT4 41.74 35.19 33.70 32.80 32.77 38.35
Mistral-7B / WizardLM 50.92 48.48 48.13 48.15 47.75 48.43

Table 7: IFEval benchmark evaluation. We report the average of four metrics: Pr(S), Pr(L), Ins(S), and Ins(L). The
best performance in each row is shown in bold.

example

g 3
S
55555;%\,3

(c) Random.

(a) High Instruction Following Difficulty. (b) High In-context Influence.

Figure 6: Visualization of the verb—noun structures in instructions selected by the three data-selection strategies on
Wizard. The inner ring shows the predominant verbs, the outer ring displays the nouns that co-occur directly with
those verbs.

shown in Table 7, IFEval complements our main
benchmarks by directly evaluating whether models
can precisely comply with explicit user require-
ments.

The results reveal a clear pattern: in all four set-
tings, the model trained on the full dataset achieves
the best performance. Although data selection
methods improve performance on knowledge- and
answer-quality-oriented benchmarks, these gains
do not carry over to stronger instruction-following
ability on IFEval. This suggests that instruction fol-
lowing depends more on sufficient data coverage,
while being relatively less sensitive to data qual-
ity than other capabilities. Among the selection-
based methods, our method remains competitive
and achieves the best result in the Llama3.1-8B /
Alpaca-GPT4 and Mistral-7B / Alpaca-GPT4 set-
tings. Still, the consistent advantage of the full-data
baseline indicates that, for instruction-following
evaluation, maintaining training scale is more im-
portant than selecting a smaller but higher-quality
subset. Overall, these findings complement our
main results by showing that data selection is es-
pecially beneficial for knowledge-intensive and
response-quality benchmarks, whereas instruction-

following ability appears to benefit more from
scale.

D.2 Additional Data Visualization

We provide root verbs and their direct objects from
our extracted instruction subset of Wizard70k in
Figure 6.
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