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Abstract

Instruction tuning is essential for Large Language Models (LLMs) to effectively
follow user instructions. To improve training efficiency and reduce data redun-
dancy, recent works use LLM-based scoring functions, e.g., Instruction-Following
Difficulty (IFD), to select high-quality instruction-tuning data with scores above a
threshold. While these data selection methods often lead to models that can match
or even exceed the performance of models trained on the full datasets, we identify
two key limitations: (i) they assess quality at the sample level, ignoring token-level
informativeness; and (ii) they overlook the robustness of the scoring method, often
selecting a sample due to superficial lexical features instead of its true quality. In
this work, we propose Token-Selective HIeRarchical Data Selection for Instruction
Tuning (T-SHIRT), a novel data selection framework that introduces a new scoring
method to include only informative tokens in quality evaluation and also promotes
robust and reliable samples whose neighbors also show high quality with less local
inconsistencies. We demonstrate that models instruction-tuned on a curated dataset
(only 5% of the original size) using T-SHIRT can outperform those trained on the
entire large-scale dataset by up to 5.48 points on average across eight benchmarks.
Across various LLMs and training set scales, our method consistently surpasses
existing state-of-the-art data selection techniques, while also remaining both cost-
effective and highly efficient. For instance, by using GPT-2 for score computation,
we are able to process a dataset of 52k samples in 40 minutes on a single GPU. Our
code is available at https://github.com/Dynamite321/T-SHIRT.

1 Introduction

Large Language Models (LLMs) have shown remarkable success in various tasks [1–5]. One key
component of adapting these powerful LLMs for practical use is instruction tuning (also known
as supervised fine-tuning, SFT) [6] that fine-tunes pre-trained LLMs on instruction–response pairs.
During this stage, researchers often use millions of samples [3, 4, 7]. However, LIMA [8] challenges
this norm with the Superficial Alignment Hypothesis, which indicates that instruction tuning might
not need to be data-intensive, shifting the focus from data quantity to data quality. Fine-tuned on
just 1,000 manually selected instruction-tuning samples, LIMA achieves strong performance. Data
selection for instruction tuning offers several key benefits. First, full-dataset tuning is extremely
time-consuming and costly. Furthermore, as synthesized data becomes more common [9–12], datasets
often include redundancy and noise, making data selection for instruction tuning absolutely essential.

To select instruction tuning data, it is common to use scoring functions to assess sample quality and
only keep samples with high scores. LIMA [8] relies on manual annotation, while others [13–15]
prompt proprietary LLMs via APIs to assign quality scores. However, both methods are costly. An
alternative is Instruction-Following Difficulty (IFD) score [16, 17] (elaborated in Equation (1)), which
measures the ratio of a response’s perplexity when conditioned on the instruction to its unconditioned
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[Instruction] 
Identify a famous scientist. 
[Response] 
One famous scientist is Albert …

[Instruction] 
Summarize the story of The … 
[Response] 
The Little Prince is a beloved …

[Instruction] 
Compute the average of … 
[Response] 
The average of the numbers …
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Figure 1: An overview of our approach, T-SHIRT. WE denotes the model’s embedding layer (e.g.,
GPT-2) used to compute S-IFD scores. For each instruction-response pair, we generate its neighbors
by perturbing token embeddings. Then we only use selected response tokens (green squares) for
S-IFD computation, while excluded tokens are marked in red squares . Finally, we use hierarchical
selection to choose samples whose neighbors exhibit high average S-IFD and low variance.

perplexity. Essentially, higher IFD scores indicate better quality. IFD is quite appealing due to its
efficiency and low cost, and even small models like GPT-2 [18] can be used to compute it.

However, current scoring functions have multiple limitations as we identify in this work. First, they
evaluate the training data at the sample level, overlooking finer-grained token-level information.
Recent studies show that not all tokens contribute equally during training [19, 20]. Instruction tuning
significantly affects models’ output on only a small subset of response tokens [21, 22]. These findings
motivate us to reconsider previous sample-level scoring paradigms. We revisit the computation
of IFD scores to examine the informativeness of individual tokens. We find that the IFD score
treats all response tokens equally, and a sample where none of the individual tokens are informative
for instruction tuning may still receive a high overall score (see our counterexample in Figure 2).
Empirically, we find that over 20% of the response tokens in instruction tuning datasets are not
informative. Excluding these tokens from IFD calculation can substantially impact the final score.

Second, existing works using LLM-based quality scores overlook the robustness of quality assessment,
particularly with respect to the local neighborhood of a training sample. These methods typically
apply a fixed threshold and treat samples with scores above it as high quality. However, fluctuations
may exist within a sample’s neighborhood, where some of its neighboring samples fall below the
threshold. We find that the IFD score is not a robust metric. Small, semantic-preserving changes, such
as replacing a word with its synonym, can lead to large shifts in the IFD score (see our counterexample
in Figure 3 with more details in Section 3.2). This suggests that high scores may also result from
reliance on spurious features rather than reflecting true sample quality, motivating the need to also
examine the local neighborhood of a sample during quality assessment.

To address the two challenges above, we propose T-SHIRT, short for Token-Selective HIeRarchical
Data Selection for Instruction Tuning, which is a new framework for data selection that promotes
both token-level informativeness and robust quality assessment (also see Figure 1 for an overview).
Towards introducing our framework, we first propose Selective IFD (S-IFD) (Equation (3)) that
evaluates each response token individually and includes only informative tokens in the final quality
score. Next, to avoid selecting samples whose high scores result from superficial lexical cues rather
than true semantic quality, we go beyond previous pipelines that naively select samples based on a
fixed quality score threshold. Instead, we apply a hierarchical selection strategy that favors samples
whose neighbors exhibit high average and low variance in S-IFD scores. Experiments across multiple
instruction tuning datasets and pretrained LLMs show that our proposed method T-SHIRT outperforms
existing baselines on a wide range of downstream tasks. At the same time, our method remains
computationally and financially efficient. For example, T-SHIRT requires only about 40 minutes to
select data from the 52k-sample Alpaca-GPT-4 [11] dataset using GPT-2 on a single GPU.

1.1 Related Work

Data Selection for Instruction Tuning LIMA [8] challenges the need for data-intensive instruction
tuning [3, 4, 7] by proposing the Superficial Alignment Hypothesis (SAH) and showing that a 65B
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model instruction-tuned on just 1,000 manually curated samples can outperform models trained with
massive data. To reduce the cost of human annotation, subsequent research explored automated
quality scoring functions for data selection. Early methods use simple metrics such as response
length [23] and perplexity [24]. Later approaches rely on proprietary LLMs for quality scoring. For
example, ALPAGASUS [13] and DS2 [15] use OpenAI APIs, while DEITA [14] trains custom LLM
scorers using ChatGPT-generated labels. To avoid expensive API calls, researchers propose using
the IFD score [16], which can be computed even with small models like GPT-2 [17]. Other methods
assess data quality via gradient-based influence functions [25] and Shapley values [26], but these
approaches are computation-heavy and require additional validation sets. Besides sample quality,
some works like LIMA [8], DEITA [14] and DS2 [15], also emphasize sample diversity. However,
most existing methods evaluate data quality at the sample level, overlooking token-level quality. They
also do not consider the robustness of quality scores to small input variations.

Token-level Informativeness Recent works [21, 22] further support SAH by showing that alignment
primarily affects models’ outputs on a small subset of response tokens. This leads us to hypothesize
that token-level analysis might be important for data selection. Other studies [19, 20] show that
not all tokens contribute equally during pre-training and instruction tuning. Then they use selective
language modeling (SLM) to alter the training process itself by computing losses only on selected
tokens. Selecting tokens requires training a reference model on high-quality data and comparing
token losses between the untrained and reference models. This makes data selection a prerequisite
for building the reference model. In contrast, our metric, S-IFD, does not need a reference model and
works well even if it is computed by GPT-2. Moreover, our method operates at the data preparation
stage and does not change the training process. Thus, our method is orthogonal to SLM, and it has
the potential to be combined with SLM for further improvement on instruction tuning.

Robustness for LLMs Theoretically, LLMs are not robust to minor input perturbations because the
self-attention mechanism [27] is not smooth and Lipschitz continuous [28, 29]. Empirically, even
small and semantic-preserving input changes can lead LLMs to misclassify text [30–32] or generate
incorrect code [33]. Currently, robustness in LLM-based scoring functions for data selection remains
underexplored. To the best of our knowledge, we are the first to incorporate robustness assessment
into data selection for instruction tuning.

2 Preliminaries

Problem Setting Data selection for instruction tuning aims to identify the most informative subset
from a large instruction-response dataset to efficiently fine-tune LLMs while maintaining strong
performance on downstream tasks. Formally, given a dataset D containing N instruction-response
pairs and a selection budget b < N , a selection policy ω selects a subset S = ω(D, b), where S → D
and |S| = b. Let ε denote the original LLM parameters and εS the parameters after fine-tuning on S .
Under the budget b, the optimal selection policy ω→ maximizes the fine-tuned LLMs’ performance:
ω→ = arg maxω ϑ(εS), where ϑ is the performance metric, such as accuracy on test sets. Ideally, the
policy ω should be both financially and computationally efficient to scale with large dataset sizes N .

Scoring Function Selection policies typically use scoring functions to evaluate each instruction-
response pair in the dataset D, favoring samples with higher scores. Some functions focus on a
single aspect, such as quality or diversity of samples [13, 16, 17, 23], while others assess multiple
attributes [8, 14, 15]. In this work, we focus solely on quality, using a well-established metric called
Instruction-Following Difficulty (IFD) [16]. It is a desirable metric because it is purely statistical
and easy to compute. For a given instruction-response pair (x, y), the IFD score is computed using
an LLM with parameters ε↑. It is defined as the ratio of the perplexity (PPLε→) of the response
conditioned on the instruction to the unconditional perplexity of the response:

IFD(x, y) =
PPLε→(y|x)

PPLε→(y)
=

exp
{

↑ 1
T

∑T
t=1 log Pε→ (yt|y<t, x)

}

exp
{

↑ 1
T

∑T
t=1 log Pε→ (yt|y<t)

} , (1)

where T is the length of the response, yt is the t-th token in the response, y<t represents all response
tokens before the t-th token, and Pε→ is the probability assigned by the model ε↑ to the token yt. A
higher value of Pε→ indicates that the token yt is easy to predict under the model. The IFD score
measures how much the instruction x helps the model generate the response y. A lower score
indicates that the instruction made the model easier to generate the response y, while a higher score
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[Instruction] 
Identify a famous scientist. 
[Response] 
One famous scientist is Albert Einstein, widely regarded 
as one of the greatest theoretical physicists in history. 
Einstein is best known for developing the theory of 
general relativity and the famous equation E=mc², as well 
as his contributions to the development of the atomic 
bomb during World War II. Einstein's discoveries have 
had a significant impact on our understanding of the 
universe and have played a key role …

IFD  0.998, S-IFD75  0.751≈ ≈

0 20 40 60 80
Response Token Index t

0.0

2.5

5.0

7.5

10.0

|Dt|

(a) Example 1: high IFD but low S-IFD75.

[Instruction] 
Summarize the story of The Little Prince. 
[Response] 
The Little Prince is a beloved novella by Antoine de 
Saint-Exupéry, published in 1943. The story begins with a 
pilot who has crash-landed his plane in the Sahara desert 
where he meets a young boy, the Little Prince, who has 
journeyed from his home on a small asteroid, called 
B-612. The pilot learns that the Little Prince has left his 
home and his beloved rose, to travel among the planets 
and meet their inhabitants …

IFD  0.998, S-IFD75  0.968≈ ≈

0 50 100 150 200 250
Response Token Index t

0.0

2.5

5.0

7.5
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(b) Example 2: high IFD and high S-IFD75.

Figure 2: Two examples from the Alpaca-GPT-4 dataset with nearly identical IFD scores but
markedly different S-IFD75 scores. Top: Instructions and partial responses from two examples,
with tokens highlighted where |!t| ↓ 0.01. Bottom: Plots of |!t| values corresponding to the same
examples. Tokens highlighted above are marked as red dots in the plots.

suggests greater difficulty and thus a more informative sample for fine-tuning. However, samples with
IFD(x, y) ↔ 1 are discarded, as they indicate that the instruction does not aid the response generation
at all. The model used to compute IFD scores can be the same as the model being instruction-tuned
(ε↑ = ε) or a different one (ε↑ ↗= ε). SUPERFILTERING [17] shows that even small models like GPT-2
can be used for computing IFDs.

3 Main Contributions

3.1 Selective IFD to Capture Token-Level Informativeness

LLMs acquire most of their knowledge during pretraining. So even without the instruction, the token
following a response prefix can be easy for them to predict. As shown in Figure 2a, when tokens
“famous scientist” appear early in the response, pretrained LLMs can easily predict that the next token
after “Albert” is “Einstein”, regardless of whether the instruction is “Identify a famous scientist.”
or “Who proposed the theory of relativity?” This suggests that not all tokens are informative for
instruction following. Therefore, we reconsider current data selection approaches, which typically
evaluate instruction-response pairs as whole units without examining each token individually, and
propose the question: “Within an instruction-response pair, how informative is each response token?”

To answer this, we revisit the IFD score. Using !t to denote log Pε→ (yt|y<t, x) ↑ log Pε→ (yt|y<t),
we first rewrite Equation (1) as follows:

IFD(x, y) = exp

{
↑ 1

T

T∑

t=1

(log Pε→ (yt|y<t, x) ↑ log Pε→ (yt|y<t))

}
= exp

{
↑ 1

T

T∑

t=1

!t

}
. (2)

Here, !t measures how much the log-likelihood of token yt changes after the instruction x is provided.
A small |!t| indicates that the instruction makes little difference in generating the token, implying
lower informativeness of yt. Therefore, we propose !t as a measure of token-level informativeness.

The IFD score treats all tokens equally, which might be misleading. We use the following thought
experiment to demonstrate the potential issue intuitively. If for all yt in an instruction-response pair,
!t ↘ 0.01, the IFD score would be approximately 0.99, suggesting that this training sample has very
high quality. However, at the token level, none of these tokens significantly depend on the instruction,
indicating low informativeness. Empirically, we find that a large fraction of response tokens in
instruction tuning datasets exhibit small |!t| values, regardless of the choice of ε↑ for computing IFD
scores. For instance, in the Alpaca-GPT-4 dataset [11], using GPT-2 as ε↑, approximately 22% of
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[Instruction] 
Compute the __ of 1, 4, 7, and 10. 
[Response] 
The __ of the numbers 1, 4, 7, and 10 is calculated by 
adding all the numbers together and then dividing the sum 
by the total number of numbers. \n\nThe sum of 1, 4, 7, 
and 10 is 1 + 4 + 7 + 10 = 22. There are four numbers in 
the set, so the __ is 22 ÷ 4 = 5.5.

average IFD  0.988, S-IFD75  0.867≈ ≈
IFD  0.848, S-IFD75  0.730≈ ≈mean

0 20 40 60 80
Response Token Index t

0.0

2.5

5.0

7.5

|Dt|

average
mean

Figure 3: Sensitivity of IFD and S-IFD75 scores
to a semantics-preserving word substitution.
Top: An instruction-response pair with a blank,
filled with either “average” or “mean”. Bottom:
Plot of |!t| values for each variant.

’s threshold for IFD/S-IFDπ
Low Quality
High Quality

Sample A

Sample B

Sample C

Figure 4: Illustration of the selection policy ω.
Each circle represents an instruction-response
pair in the embedding space. Existing methods
distinguish between high- and low-quality train-
ing data using a fixed threshold.

response tokens have |!t| ↓ 0.01, as shown in Figure 5 of Appendix C.1. This proportion is around
28% for both Llama-3.1-8B [3] and Qwen-2.5-7B [4]. We further illustrate this by selecting two
samples from the Alpaca-GPT-4 dataset and computing token-level |!t| using GPT-2. As shown at
the bottom of Figure 2, we observe that |!t| for most tokens is small.

Our Approach Building on our observation that not all tokens are equally informative, we propose
Selective IFD (S-IFD), a refinement of the original IFD score that focuses only on the most informative
tokens. Specifically, instead of treating all response tokens equally, S-IFD considers only those with
the highest |!t| values. To determine which tokens are informative, we introduce a fixed ratio k%
and select the top k% of response tokens in the entire training dataset D based on their |!t| rankings.
Formally, S-IFD with a token selection ratio k% is defined as:

S-IFDk (x, y) = exp

{
↑ 1
∑T

t=1 wt

T∑

t=1

wt!t

}
,

where wt =

{
1 if |!t| ranks top k% in the dataset D,
0 otherwise.

(3)

We illustrate the distinction between IFD and S-IFD using two examples in Figure 2, as they share
similar IFD scores but exhibit notably different S-IFD values. We view that the second example, with
a higher S-IFD score, has better quality.

3.2 Hierarchical Selection Based on Local Neighborhood

We note that LLMs can be highly sensitive to subtle input changes, even those that preserve semantics.
As a result, for an instruction-response pair (x, y), the computation of !t for token yt may vary
significantly with minor changes in the instruction x or the preceding response tokens y<t. These
variations can accumulate, leading to substantial shifts in IFD and S-IFD scores. Even small
perturbations to (x, y) can lead to large fluctuations in IFD and S-IFD scores, as we illustrate through
an example from the Alpaca-GPT-4 dataset in Figure 3. Here, the instruction asks for the average
of four integers. When the word “average” is replaced with the synonym “mean”, both IFD and
S-IFD75 scores drop sharply. This highlights the model’s sensitivity to superficial lexical variations
and suggests that high scores may sometimes capture sensitivity to spurious surface features rather
than genuine semantic quality.

The sensitivity of IFD and S-IFD scores to small input shifts motivates us to rethink these scores.
Commonly, they regard training samples as high- or low-quality only based on whether their quality
scores (e.g., IFD or S-IFD) exceed a given threshold [16, 17], which has several drawbacks as we
illustrate in Figure 4. For example, sample B may not be a reliable high-quality sample because
many nearby points have low scores (essentially easy). This suggests that high average quality
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among neighbors is desirable for a sample. However, average quality alone might be insufficient.
For instance, sample C lies in a region with high variance, indicating instability. In contrast, the
neighbors of sample A exhibit both high average scores and low local variance, making it a more
robust candidate. Thus, we propose selecting samples based not only on high local average quality
but also on low variance within their neighborhood.

Our Approach Motivated by our observation that local properties, including the average and variance
of a sample’s neighbors’ S-IFD scores, are valuable for selection, we propose to use these measures
as an additional dimension for evaluating data quality. To estimate these properties for a training
sample (x, y), we first generate its neighbors. Rather than using complex lexical perturbations such
as paraphrasing or word substitution [31, 32], we opt for a simpler approach: injecting random noise
into the token embeddings. We add uniformly distributed noise to each token embedding. For each
token, we sample a noise vector with entries uniformly drawn i.i.d. from [↑1, 1], then scale it by
ϖ = ϱ/

√
(L + T )d, where ϱ is a hyperparameter, L and T are the lengths of the instruction and

response, respectively, and d is the embedding dimension. This scaling results in perturbed samples
whose expected ς2-norm distance from the original sample is ϱ/

≃
3 [34]. We denote the perturbed

embeddings of (x, y) as (x + φ(i)
x , y + φ(i)

y ), and compute the S-IFD score for each perturbed sample.
We repeat this process M times to estimate the average and variance of the S-IFD scores:1

µ̂(x, y) =
1

M

M∑

i=1

S-IFDk

(
x + φ(i)

x , y + φ(i)
y

)
,

↼̂2(x, y) =
1

M

M∑

i=1

(
S-IFDk

(
x + φ(i)

x , y + φ(i)
y

)
↑ µ̂(x, y)

)2
,

(4)

where φ(i)
x ⇐ UL↓d(↑ϖ, ϖ), and φ(i)

y ⇐ UT↓d(↑ϖ, ϖ) with U denoting the uniform distribution.

After computing these local properties, we apply a hierarchical selection strategy to identify high-
quality training samples. Given a budget b, we first select ↽b samples whose neighbors have the
highest average S-IFD scores, where ↽ > 1 denotes an upsampling factor. From these, we further
select the final b samples with the lowest variance in S-IFD scores among their neighbors. We
outline our data selection method in Algorithm 1 and visualize it in Figure 1. In practice, to improve
efficiency, we batch the noisy embeddings instead of using a naive for-loop.

Algorithm 1: Token-Selective Hierarchical Data Selection for Instruction Tuning (T-SHIRT)
Input: Dataset D, selection budget b, token selection ratio k%, oversampling factor ↽, base noise

scale ϱ, and number of perturbations M
foreach (x, y) ⇒ D do

Compute ϖ ⇑ ϱ/
√

(L + T )d
for i ⇑ 1 to M do

Sample noise φ(i)
x ⇐ UL↓d(↑ϖ, ϖ), and φ(i)

y ⇐ UT↓d(↑ϖ, ϖ)

Compute perturbed embeddings x↑ ⇑ x + φ(i)
x , y↑ ⇑ y + φ(i)

y

Compute S-IFDk(x↑, y↑) via Equation (3)
Compute µ̂(x, y) and ↼̂2(x, y) via Equation (4)

Select top ↽b samples from D with highest µ̂(x, y) to construct Ŝ
From Ŝ , select final b samples with lowest ↼̂2(x, y) to construct S
Output: Selected subset S → D of size b

4 Experiments

4.1 Experimental Setup

Instruction Tuning Datasets We conduct data selection on two widely used instruction-tuning
datasets of different initial qualities and scales: Alpaca-GPT-4 [11] and Magpie [10]. Following

1For simplicity, we use µ̂(x, y) to denote µ(S-IFDk(x, y)), and ω̂2(x, y) to denote ω2(S-IFDk(x, y)).
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Table 1: Performance comparison between our method, T-SHIRT, and other baseline methods
on Alpaca-GPT-4. We use each method to select 5% of the Alpaca-GPT-4 training samples
to instruction-tune Llama-3.1-8B and Qwen-2.5-7B. We use ARC-C for ARC-Challenge, HS for
HellaSwag, TQA for TruthfulQA, GSM for GSM8k, AH for Arena-Hard, and AE-2 for AlpacaEval
2.0. The best results are shown in bold, and the second-best are underlined. T-SHIRT achieves the
best or comparable performance across all eight benchmarks and outperforms existing baselines in
terms of µALL. Notably, it exceeds the full dataset performance by up to 5.48 points in µALL.

OpenLLM Leaderboard LLM-as-a-Judge
µALL

ARC-C HS MMLU TQA BBH GSM µOPEN AH AE-2 µLLM

Llama-3.1-8B
FULL 55.97 77.89 59.77 53.32 43.86 32.75 53.93 5.20 9.10 7.15 42.23
RANDOM 57.94 81.29 61.37 53.39 45.62 30.71 55.05 5.50 8.13 6.82 42.99
LONGEST 58.45 83.07 61.83 54.86 46.40 51.25 59.31 6.80 11.91 9.36 46.82
DEITA 59.73 81.92 62.65 51.32 46.95 45.87 58.07 7.10 8.83 7.97 45.55
DS2 61.26 82.62 63.68 54.28 47.67 37.60 57.85 7.70 9.49 8.60 45.54
IFD 61.35 83.00 62.88 54.23 46.99 51.63 60.01 7.20 8.20 7.70 46.94

T-SHIRT (k = 50) 60.15 83.14 64.06 57.09 46.90 51.02 60.39 6.70 9.64 8.17 47.34
T-SHIRT (k = 75) 61.95 83.07 64.11 56.11 46.47 53.75 60.91 6.20 10.03 8.12 47.71

Qwen-2.5-7B
FULL 61.69 79.54 72.19 58.37 50.82 77.10 66.62 11.50 8.81 10.16 52.50
RANDOM 64.68 81.97 74.27 59.06 53.34 33.13 61.08 14.70 16.45 15.58 49.70
LONGEST 65.61 82.47 73.92 61.48 53.52 84.61 70.27 14.30 19.15 16.73 56.88
DEITA 65.02 81.94 74.15 58.77 52.65 82.79 69.22 14.60 18.41 16.51 56.04
DS2 65.10 82.07 74.35 60.58 54.11 82.11 69.72 13.80 15.25 14.53 55.92
IFD 64.76 82.66 74.33 60.86 53.76 86.50 70.48 15.60 16.01 15.81 56.81

T-SHIRT (k = 50) 66.21 82.39 74.23 61.58 54.21 86.81 70.91 16.40 18.94 17.67 57.60
T-SHIRT (k = 75) 65.78 82.45 74.06 61.12 54.14 87.19 70.79 16.40 18.98 17.69 57.52

prior works [15–17], we use various data selection methods to select 5% of the 52k samples in
Alpaca-GPT-4 and approximately 3.3% (10k samples) of the 300k-sample Magpie dataset. These
sampling ratios have been shown to reach an effective balance between model performance and data
efficiency [15–17]. We provide additional details on these two datasets in Appendix B.1.

Baselines On Alpaca-GPT-4, we compare our method against the following baselines: (1) FULL,
which uses the entire dataset for instruction tuning; (2) RANDOM, which randomly selects data from
the full training set; (3) LONGEST [23], which selects samples with the longest response lengths; (4)
DEITA [14], which first trains LLM scorers on ChatGPT-labeled data to assess sample quality and
complexity, then selects data based on quality, complexity, and diversity; (5) DS2 [15], which first
uses GPT-4o-mini to score training samples, then learns a score transition matrix to correct potential
scoring errors, and finally selects data based on both quality and diversity; (6) IFD [17], which
uses GPT-2-computed IFD scores [16] to select high-quality samples. On Magpie, due to limited
resources, we evaluate only the best-performing baselines identified on Alpaca-GPT-4. More details
about the baselines are provided in Appendix B.2.

Benchmarks We evaluate the performance of the trained LLMs across eight diverse bench-
marks. These include six standardized benchmarks from the OpenLLM Leaderboard [35, 36]:
ARC-Challenge [37], HellaSwag [38], MMLU [39], TruthfulQA [40], BBH [41], and GSM8k [42].
For these benchmarks, we use the LM-Evaluation-Harness [43] and report their default evaluation
metrics. We denote their average score as µOPEN. In addition, we assess the instruction-tuned LLMs
on two LLM-as-a-Judge benchmarks: Arena-Hard [44] and AlpacaEval 2.0 [45]. Following the
recommendations of the respective benchmark creators, we report the style-controlled win rate [44]
for Arena-Hard and the length-controlled win rate [45] for AlpacaEval 2.0. The average score
across these two is denoted as µLLM. Finally, we report the overall average across all eight benchmarks
as µALL. Additional details about the benchmarks are provided in Appendix B.3.

Implementation Details of T-SHIRT To implement our method, T-SHIRT, we use GPT-2 to
compute S-IFD scores. For the hyperparameters in Algorithm 1, we set the token selection ratio k%
to either 50% or 75%, the oversampling factor to ↽ = 2, the base noise scale to ϱ = 5 following
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Table 2: Performance comparison between our method, T-SHIRT, and other baseline methods
on Magpie. We use each method to select 10k samples from Magpie to instruction-tune Qwen-2.5-
7B. We use abbreviated benchmark names as shown in Table 1. The best results are shown in bold,
and the second-best are underlined. Our method achieves the best performance on seven out of eight
benchmarks and has the highest µALL.

OpenLLM Leaderboard LLM-as-a-Judge
µALL

ARC-C HS MMLU TQA BBH GSM µOPEN AH AE-2 µLLM

Qwen-2.5-7B
LONGEST 63.05 80.11 73.67 56.90 53.64 82.18 68.26 19.40 27.59 23.50 57.07
IFD 64.16 80.00 73.51 57.62 53.65 84.84 68.96 19.20 31.40 25.30 58.05

T-SHIRT (k = 50) 64.16 79.63 73.69 57.79 54.17 85.82 69.21 20.80 31.51 26.16 58.45

NEFTTUNE [34], and the number of perturbations to M = 30. We include more implementation
details in Appendix B.4.

Instruction Tuning Details We use selected data to fine-tune two open-source LLMs, Llama-3.1-
8B [3] and Qwen-2.5-7B [4]. Following the same training settings as prior works [16, 17, 46], we use
a learning rate of 2e-5 and train for 3 epochs. For data selected from Magpie, we instead follow the
setup in Magpie [10] and train for 2 epochs. Additional training details are provided in Appendix B.5.

4.2 Main Experimental Results

In this section, we present the experimental results to demonstrate the effectiveness of T-SHIRT.
Additional results are provided in Appendix C.

T-SHIRT outperforms all baselines. We evaluate the performance of our method, T-SHIRT, and
six baseline methods on the Alpaca-GPT-4 dataset using eight benchmarks, with results presented
in Table 1. Across two base models, T-SHIRT with different token-selection ratios (k%) consis-
tently outperforms all baselines in terms of µALL. Our data selection method achieves the highest
performance on both the OpenLLM Leaderboard and LLM-as-a-Judge benchmarks. Specifically,
T-SHIRT achieves the highest µOPEN and µLLM scores on Qwen-2.5-7B, as well as the highest µOPEN

and competitive µLLM performance on Llama-3.1-8B. Compared to the strongest baseline, IFD,
T-SHIRT delivers superior results on six out of eight benchmarks and performs comparably on the
remaining two. These results demonstrate that our method significantly enhances the overall quality
of selected data. Notably, selecting only 5% of the data, T-SHIRT improves µALL by 5.10 to 5.48
points compared to instruction tuning using the full dataset.

T-SHIRT is effective at selecting data across datasets of varying initial qualities and scales.
We further use T-SHIRT, and the two best-performing baselines from Table 1 to select 10k samples
from Magpie, a recent state-of-the-art instruction tuning dataset. Magpie is approximately 5.8⇓
larger than Alpaca-GPT-4 and has undergone multi-stage filtering to select 300k samples from an
initial pool of one million, leading to higher initial quality. We use the selected data to fine-tune
Qwen-2.5-7B and report results in Table 2. Across eight benchmarks, T-SHIRT outperforms the
baselines on seven of them and achieves the best overall scores in µOPEN, µLLM, and µALL. These
results demonstrate that T-SHIRT scales effectively and remains beneficial even on large datasets with
high initial quality. We also fine-tune Qwen-2.5-14B using T-SHIRT-selected samples from Magpie
and show detailed results in Table 5 and Appendix C.2.

T-SHIRT is both cost-effective and computationally efficient. When having strong performance,
T-SHIRT relies only on a lightweight GPT-2 model to compute S-IFD scores, avoiding the need for
API credits required by DEITA and DS2. This makes our method both accessible and efficient. We
present runtime comparisons in Table 3. On a single NVIDIA A6000 GPU, T-SHIRT runs 2.7 to
3.7⇓ faster than DEITA and DS2. Although it is slower than LONGEST and IFD, its total runtime
remains about 40 minutes, which is an acceptable trade-off given its superior overall performance.
Moreover, we can further improve its efficiency by reducing the number of perturbations M without
hurting the performance (see ablation study on M in Section 4.3).

Proprietary LLMs are not (all) you need for data selection. As shown in Table 1, the baselines
LONGEST, IFD, and our method T-SHIRT outperform both DEITA and DS2. LONGEST uses a
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Table 3: Runtime (in hours) for data selec-
tion methods on Alpaca-GPT-4. We report
total time including CPU, GPU, and API query
time. All methods are run using a single GPU.
For DEITA, we do not count the time for scor-
ing data via API and training LLM-based scor-
ers on scored data. T-SHIRT completes data
selection in just 40 minutes, making it signifi-
cantly faster than both DEITA and DS2.

Runtime (h)

LONGEST 0.0
DEITA 1.9
DS2 2.6
IFD 0.2

T-SHIRT (M = 20) 0.5
T-SHIRT (M = 30) 0.7

Table 4: Ablation study evaluating the effects of
S-IFD and hierarchical selection. ✁ indicates
that the component is used, while ✂ indicates it is
not. Specifically, ✂ for S-IFD denotes the use of
the original IFD as the quality score. Thus, the
first row corresponds to the baseline IFD, and the
last row corresponds to our method. The results
show that both S-IFD and hierarchical selection
contribute positively to data selection performance,
and their combination yields the best results.

S-IFD Hierarchical
Selection

µOPEN

Llama-3.1-8B Qwen-2.5-7B

✂ ✂ 60.01 70.48
✁ ✂ 60.66 70.78
✂ ✁ 60.84 70.78
✁ ✁ 60.91 70.91

single heuristic: response length. IFD and T-SHIRT assess data quality using only a weak model,
GPT-2. In contrast, DEITA and DS2 rely on expensive proprietary LLMs and employ more complex
data selection strategies. Moreover, data selected by DEITA and DS2 might contain intrinsic biases,
because both of them show consistently lower performance on GSM8k, and DEITA also underperforms
on TruthfulQA, regardless of the base LLM used for instruction tuning.

4.3 Ablation Studies and Analysis

In this section, we conduct ablation studies using the Alpaca-GPT-4 dataset and OpenLLM Leader-
board benchmarks. Additional details are provided in Appendix D.

Ablation on S-IFD and Hierarchical Selection In Table 4, we evaluate the contributions of S-IFD
and hierarchical selection. The results show that, compared to the baseline IFD, both components
significantly improve µOPEN of instruction-tuned LLMs, highlighting the importance of token-level
informativeness and local quality consistency in data selection. Combining both factors, our method
achieves the best overall performance.

Ablation on Neighbor Variance in Hierarchical Selection As shown in Figure 6 in Appendix D.1,
µOPEN drops significantly, by 2.29 to 4.86 points, when hierarchical selection chooses samples whose
neighbors have high variance in S-IFD. This further highlights the importance of choosing data whose
neighbors display consistently high quality.

Ablation on Token Selection Ratio Figure 7a in Appendix D.2 shows how µOPEN of LLMs changes
with different token selection ratios k%. For Llama-3.1-8B, the optimal ratio is 75%, while for
Qwen-2.5-7B, it is 50%. These results support our observation in Section 3.1 that over 20% of the
tokens in the instruction tuning dataset are not informative for effective data selection.

Ablation on Token Weights In Equation (3), we assign a weight (wt) of 1 to informative tokens
and 0 to uninformative ones, effectively removing the latter from the quality score computation.
In Table 7 (Appendix D.3), we compare this binary weighting scheme with alternatives that upweight
informative tokens instead of fully discarding uninformative ones. Specifically, we experiment with
informative-to-uninformative token weight ratios of 1.5:1 and 2:1. Our results show that the binary
weighting scheme consistently outperforms these softer alternatives. This suggests that completely
ignoring uninformative tokens yields a cleaner and more reliable signal for computing quality scores.

Ablation on Number of Perturbations Figure 7b in Appendix D.4 illustrates the impact of varying
the number of perturbations M used in hierarchical selection. We observe that µOPEN for Llama-
3.1-8B reaches its highest value at M = 10, while µOPEN for Qwen-2.5-7B peaks at M = 20. Both
models perform well at M = 30. This suggests that reducing M to lower values can improve the
efficiency of our method without compromising performance.
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5 Discussion

5.1 Token Embedding Perturbations vs. Lexical Perturbations

In the hierarchical selection process of T-SHIRT, we choose to generate neighbors of each sample
using continuous token embedding perturbations rather than lexical perturbations. This decision is
motivated by several challenges associated with lexical perturbations.

Utility Rule-based lexical perturbations often struggle to preserve semantic equivalence and fluency.
As a result, prior studies [30, 32] typically rely on costly human evaluations to assess the quality and
utility of perturbed examples.

Efficiency Generating lexical variants by prompting large language models through APIs is both
computationally and financially expensive. For example, perturbing each of the 52k Alpaca-GPT4
samples 30 times would require over 1.5 million API calls.

5.2 Limitations and Future Work

While our method shows promising results in data selection for instruction tuning, it has several
limitations, which we outline along with directions for future work.

Model Scale Due to computational constraints, our experiments are limited to models in the 7B–14B
parameter range, as is common in several published papers in instruction tuning [10, 15, 20]. We will
apply our data selection method to larger models in future work.

Data Security Considerations Our approach focuses solely on identifying high-quality subsets of
instruction tuning datasets rather than security concerns. Future work could extend our method to
incorporate data selection strategies that explicitly focus on security in LLMs.

Theoretical Foundations Our hierarchical selection method is inspired by research in adversarial
machine learning [47, 48], robustness measures [49, 50], and LLM robustness [29, 34]. Empirical
results support its effectiveness. However, a deeper theoretical understanding of our approach for
data selection is still lacking. In future work, we aim to establish a stronger theoretical foundation to
better explain our method and potentially even improve its performance.

6 Conclusion

In this paper, we present Token-Selective Hierarchical Data Selection for Instruction Tuning (T-
SHIRT), a framework for selecting high-quality subsets from instruction tuning datasets. Our method
introduces S-IFD, a quality metric that selectively incorporates only informative response tokens into
quality assessment, and a hierarchical selection strategy that favors samples surrounded by consistently
high-quality neighbors. Extensive experiments across a range of base LLMs and instruction tuning
datasets demonstrate that T-SHIRT is both effective and scalable, consistently outperforming existing
baselines. At the same time, it remains cost-effective and computationally efficient. These results
underscore the importance of fine-grained and robust quality evaluation for data selection.
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• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.
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tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [NA]
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Justification: This is not a theoretical paper.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: We present our method in Section 3, and detail the experimental setup in Sec-
tion 4.1 and Appendix B.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: All data used in this work is publicly available, and our code is available in a
public GitHub repository.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: We provide details of the experimental settings in Section 4.1 and Appendix B.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [Yes]
Justification: We report the standard deviation of evaluation results across three random
seeds in Appendix C.3. However, due to limited computational resources and API budget,
we do not report standard deviations for all experiments and benchmarks.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

17

https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy


• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Details of the computational resources used for instruction tuning are provided
in Appendix B.5, and the runtime for executing both the baselines and our methods is
reported in Table 3.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We adhere strictly to the NeurIPS Code of Ethics.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: This work primarily focuses on data selection using publicly accessible datasets
and therefore does not pose any direct societal impacts.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
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• Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: As this work relies solely on public datasets and open-source LLMs, we are
not aware of any related risks.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: In this paper, we credit them properly.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
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• If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [Yes]
Justification: We have open-sourced our code in a publicly available GitHub repository.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: This work does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: This work does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.
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• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: The core method development in this paper does not involve LLMs as any
important, original, or non-standard components.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.

21

https://neurips.cc/Conferences/2025/LLM


Appendix

Contents

• Section A: Summary of Contributions

• Section B: Experimental Setup Details
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– Section B.5: Instruction Tuning Details
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– Section D.4: Ablation on Number of Perturbations

A Summary of Contributions

Our contributions in this paper are summarized as follows:

• We analyze existing instruction tuning datasets and find that over 20% of the response tokens
are uninformative. Excluding these uninformative tokens from IFD score computation
significantly alters the results (see Section 3.1).

• We investigate the robustness of IFD and observe that it is sensitive to small, semantics-
preserving perturbations. Our findings suggest that a high IFD score sometimes reflects
superficial features of the training sample rather than its intrinsic quality (see Section 3.2).

• To address these limitations, we present T-SHIRT, a novel data selection framework. We
first introduce S-IFD, a new quality metric that incorporates token-level informativeness into
assessment. In addition, we propose a robust, hierarchical selection pipeline that prioritizes
samples with high average neighborhood quality and low variance (see Section 3).

• We conduct extensive experiments showing that our method achieves superior performance
using no more than 5% of the full instruction tuning datasets. Our approach consistently
outperforms prior data selection methods across varying dataset sizes and base LLMs.
Moreover, it remains cost-effective and efficient: on a single GPU, it processes a 52k-sample
dataset in approximately 40 minutes, with no additional API costs (see Section 4).

B Experimental Setup Details

B.1 Instruction Tuning Datasets

In this paper, we perform data selection on two instruction tuning datasets, Alpaca-GPT-4 and
Magpie, and they have varying scales and quality:

• Alpaca-GPT-4 [11] contains 52k instruction-response pairs. It keeps the original instruc-
tions from the Alpaca dataset [46], but regenerates the responses using GPT-4 [2] instead
of GPT-3.5, resulting in improved response quality.
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• Magpie [10], specifically the Magpie-Pro-300K-Filtered version,2 is a fully synthetic
dataset comprising 300k high-quality instruction-response pairs. It is constructed by prompt-
ing Llama-3-70B-Instruct to generate one million samples, followed by multi-stage filtering.
Compared to Alpaca-GPT-4, Magpie is not only larger but also of much higher quality.

B.2 Baselines

We detail the three baselines: LONGEST, DEITA, and DS2, which are used in our experiments:

• LONGEST [23] applies a simple heuristic that selects the longest samples from the dataset,
based on the assumption that longer responses tend to be more informative and useful for
instruction tuning. We tokenize responses using the Llama-3.1-8B tokenizer and select those
with the highest token counts.

• DEITA [14] follows a four-step selection process. It begins with a small seed dataset and
evolves its samples to span different levels of quality and complexity, similar to WIZ-
ARDLM [12]. Then, it prompts ChatGPT to label these samples by quality and complexity.
Using the labeled data, it trains its own LLM-based scorers. Finally, it selects high-scoring,
diverse samples from the full dataset, skipping those similar to ones already chosen. In our
experiments, we use their released scorers and codebase to select data.

• DS2 [15] also follows a four-step selection process. It first scores the full dataset by prompt-
ing GPT-4o-mini. Then, it learns a score-transition matrix to correct possible scoring
errors. Next, it estimates each sample’s diversity using feature embeddings by measur-
ing the average cosine similarity to its K-nearest neighbors. Finally, it selects samples
with both high corrected quality scores and high diversity. In our experiments, we use
GPT-4o-mini-2024-07-18 and DS2’s codebase to score and select the data.

B.3 Benchmarks

We extensively evaluate instruction-tuned LLMs using eight benchmarks, including six standardized
ones from the OpenLLM Leaderboard [35, 36]:

• ARC-Challenge [37]: a challenging subset of the multi-choice question answering bench-
mark ARC, consisting of 2,590 natural science questions.

• HellaSwag [38]: a commonsense inference benchmark with 10k test samples, designed to
assess models’ ability to complete sentences plausibly.

• MMLU [39]: a diverse question-answering benchmark covering 57 tasks (e.g., STEM, US
history), used to measure models’ world knowledge and problem-solving skills.

• TruthfulQA [40]: a benchmark of 817 questions focused on assessing models’ truthfulness
in the face of common misconceptions and false beliefs.

• BBH [41]: a collection of 23 challenging tasks from BIG-Bench [51], often requiring
multi-step reasoning.

• GSM8k [42]: a test set of roughly 1k grade-school-level math word problems targeting
multi-step mathematical reasoning.

Following the OpenLLM Leaderboard, we use the codebase of LM-Evaluation-Harness [43] for
evaluation. We report normalized accuracy for ARC-Challenge, HellaSwag, and BBH; accuracy for
MMLU and TruthfulQA; and exact match for GSM8k.

Then we evaluate the instruction-tuned LLMs using two LLM-as-a-Judge benchmarks, where strong
LLMs act as proxies for human annotators by comparing responses from the evaluated model and a
baseline model, then indicating a preference. Specifically, we use:

• Arena-Hard [44]: comprises 500 challenging queries sourced from Chatbot Arena [52]
and WildChat-1M [53]. It introduces the style-controlled win rate (SC) to mitigate judges’
bias related to stylistic features, including answer length and density of markdown headers.
We use GPT-4-0314 as the baseline model and Gemini-2.5-Flash-Preview-04-17 as
the judge, reporting SC scores.

2
https://huggingface.co/datasets/Magpie-Align/Magpie-Pro-300K-Filtered
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Figure 5: CDF of |!t| (Equation (2)) for response tokens in Alpaca-GPT-4, computed using
GPT-2. The red dash line indicates |!t| = 0.01.

• AlpacaEval 2.0 [45]: contains 805 queries from AlpacaEval [46] and uses the
length-controlled win rate (LC) to mitigate judges’ bias on response length. We use
GPT-4-1106-Preview as the baseline model and GPT-4o-2024-08-06 as the judge, re-
porting LC scores.

Compared to the official settings of Arena-Hard and AlpacaEval 2.0, we use the same baseline
models but different judges due to API budget constraints.

B.4 Implementation Details of T-SHIRT

To implement hierarchical selection in our method, a straightforward approach would be to iterate M
times and recompute the S-IFD score for each perturbed sample individually, as shown in Algorithm 1.
However, this is computationally inefficient, especially since GPT-2 is relatively small and leaves
much of the GPU unused. Instead, we generate a noise tensor of shape M ⇓ (L + T ) ⇓ d, where
M is the number of perturbations, L is the instruction length, T is the response length, and d is the
embedding dimension. This noise is added to the sample’s token embeddings using broadcasting.
This allows us to compute perplexities for all M perturbed samples in a single forward pass through
GPT-2, which significantly reduces the time cost compared to repeated evaluations with a for-loop.

B.5 Instruction Tuning Details

For data selected from Alpaca-GPT-4, we follow the training settings used in prior works [16, 17, 46]:
a learning rate of 2e-5, 3 training epochs, a batch size of 128, a warmup ratio of 0.03, and a cosine
learning rate schedule. For data selected from Magpie, we keep the same settings but reduce the
number of training epochs to 2, in line with the official configuration of Magpie [10]. All instruction
tuning experiments are conducted on a server equipped with NVIDIA A6000 GPUs.

C Additional Experiments

C.1 CDF of |!t| with GPT-2 as ε↑

Figure 5 shows the cumulative distribution function (CDF) of |!t| (as defined in Equation (2)) for
response tokens in the Alpaca-GPT-4 dataset, computed using GPT-2 as ε↑. Notably, 20% of tokens
have |!t| ↓ 0.009, and 50% have |!t| ↓ 0.050, indicating that a substantial portion of tokens are
relatively uninformative even for GPT-2.
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Table 5: Performance comparison between our method, T-SHIRT, and other baseline methods
on Qwen-2.5-14B and Magpie. We use each method to select 10k samples from Magpie to
instruction-tune Qwen-2.5-14B. We use abbreviated benchmark names as shown in Table 1. The best
results are shown in bold, and the second-best are underlined.

OpenLLM Leaderboard LLM-as-a-Judge
µALL

ARC-C HS MMLU TQA BBH GSM µOPEN AH
3

AE-2 µLLM

Qwen-2.5-14B
LONGEST 68.17 84.01 79.23 58.69 61.00 85.22 72.72 34.40 35.01 34.71 63.22
IFD 68.94 84.05 79.07 57.87 61.78 83.02 72.46 33.10 37.15 35.13 63.12

T-SHIRT (k = 50) 68.60 83.90 79.26 58.60 62.04 84.15 72.76 35.30 38.45 36.88 63.79

Table 6: Average performance and standard deviation of RANDOM and T-SHIRT across three
random seeds on Qwen-2.5-7B and Alpaca-GPT-4. We use abbreviated benchmark names as
shown in Table 1.

OpenLLM Leaderboard

ARC-C HS MMLU TQA BBH GSM µOPEN

Qwen-2.5-7B
RANDOM 64.42±0.31 81.89±0.07 74.15±0.11 59.30±0.18 53.46±0.09 50.52±14.17 63.96±2.32

T-SHIRT (k = 50) 66.04±0.24 82.36±0.03 74.09±0.10 61.42±0.17 54.21±0.11 87.34±0.59 70.91±0.07

C.2 Performance of T-SHIRT on Qwen-2.5-14B

In the main experiments (Section 4), we primarily evaluate T-SHIRT on models with 7B–8B parame-
ters. Here, we extend the evaluation to Qwen-2.5-14B and compare T-SHIRT against LONGEST and
IFD using experimental settings similar to those in Section 4.2. The results are shown in Table 5. On
Magpie, T-SHIRT consistently outperforms both baselines across µOPEN, µLLM, and µALL. Notably, it
achieves an average improvement of at least 1.75 points on the LLM-as-a-Judge benchmarks.

C.3 Standard Deviation of Results

Both the baseline RANDOM and our proposed method T-SHIRT involve stochasticity. Within our
limited budget, we run each method on Qwen-2.5-7B and Alpaca-GPT-4 using three different
random seeds, and report the mean and standard deviation of their performance on the OpenLLM
leaderboard benchmarks. The results, shown in Table 6, are consistent with the observations reported
in the main paper.

D Ablation Study Details

This section provides details of our ablation study, where we use the average performance on the
OpenLLM Leaderboard benchmarks, µOPEN, as the primary metric. For ease of reading, we make this
section self-contained by including the discussion also provided in the main paper with additional
details.

D.1 Ablation on Neighbor Variance in Hierarchical Selection

We examine the role of selecting samples whose neighbors exhibit low quality variance in the
hierarchical selection process (see Algorithm 1 and Section 3.2 for details). As shown in Fig-
ure 6, performance for both Llama-3.1-8B and Qwen-2.5-7B drops significantly when high-variance
neighborhoods are preferred over low-variance ones. This highlights the importance of selecting
samples from consistently high-quality neighborhoods and further validates the effectiveness of our
hierarchical selection approach.

3While conducting this experiment, Gemini-2.5-Flash-Preview-04-17 became unavailable, so we used
Gemini-2.5-Flash instead.
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50.0
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68.8

75.0

Llama-3.1-8B Qwen-2.5-7B

High Variance Low Variance (Ours)
Table 3: Runtime (in hours) for data
selection on Alpaca-GPT-4 . This in-
cluding CPU, GPU, and API query time.
Todo: fix number

Runtime (h)

LONGEST 0
DEITA 3+
DS2 2.53+
IFD 0.2

T-SHIRT (M=20) 0.3
T-SHIRT (M=30) 0.7

Table 4: Ablation study evaluating the effects of S-
IFD and hierarchical selection. ✁ indicates that the
component is used, while ✂ indicates it is not. Specifi-
cally, ✂ for S-IFD denotes the use of the original IFD
as the quality score. Thus, the first row corresponds to
the baseline IFD, and the last row corresponds to our
method, T-SHIRT.

S-IFD Hierarchical
Selection

µOPEN

Llama-3.1-8B Qwen-2.5-7B

✂ ✂ 60.01 70.48
✁ ✂ 60.66 70.78
✂ ✁ 60.84 70.78

✁ ✁ 60.91 70.91

Table 5: Ablation study on the impact of preferring low-variance (ω2(x, y) in Algorithm 1)
versus high-variance samples during hierarchical selection. The last row corresponds to our
method, T-SHIRT. Todo: fix number

Low ω2(x, y) High ω2(x, y)
µOPEN

Llama-3.1-8B Qwen-2.5-7B

✁ ??.?? 66.05
✁ (ours) 60.91 70.91

single heuristic: response length. IFD and T-SHIRT assess data quality using only a weak model,283

GPT-2. In contrast, DEITA and DS2 rely on expensive proprietary LLMs and employ more complex284

data selection strategies. Moreover, data selected by DEITA and DS2 might contain intrinsic biases,285
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Figure 6: Ablation study on the impact of preferring samples with low-variance (↼̂2(x, y)
in Equation (4)) versus high-variance neighbors during hierarchical selection. The results indi-
cate that selecting samples whose neighbors exhibit high variance significantly degrades performance.
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(b) Ablation study on number of perturbations M .

Figure 7: Ablation study on two hyperparameters: the token selection ratio k% in S-IFD and the
number of perturbations M in hierarchical selection. In both subfigures, the left y-axis represents
µOPEN for Llama-3.1-8B, and the right y-axis represents µOPEN for Qwen-2.5-7B. (a) shows that the
optimal token selection ratios are 75% for Llama-3.1-8B and 50% for Qwen-2.5-7B. (b) indicates that
the optimal number of perturbations is 10 for Llama-3.1-8B and 20 for Qwen-2.5-7B. Both models
maintain strong performance when M = 30.

Table 7: Ablation study on token weights (wt in Equation (3)) for informative vs. uninformative
tokens. We use abbreviated benchmark names as defined in Table 1. The best results are shown in
bold, and the second-best are underlined. The results indicate that completely removing uninformative
tokens from the S-IFD computation is more effective than merely upweighting informative tokens.

wt Ratio OpenLLM Leaderboard

ARC-C HS MMLU TQA BBH GSM µOPEN

Qwen-2.5-7B
1.5 :1 65.44 82.37 74.09 61.44 53.83 86.05 70.54
2 :1 65.53 82.17 74.19 60.73 53.95 86.81 70.56

1 :0 (Ours) 66.21 82.39 74.23 61.58 54.21 86.81 70.91

D.2 Ablation on Token Selection Ratio

We ablate the token selection ratio k% to assess its impact on data selection performance. Here, a
ratio of 100% corresponds to using IFD (i.e., all tokens are used for computing quality scores), rather
than S-IFD. As shown in Figure 7a, Llama-3.1-8B achieves optimal performance at k = 75, while
Qwen-2.5-7B’s performance peaks at k = 50. These results support our observation in Section 3.1
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that over 20% of response tokens in instruction tuning datasets are uninformative. Using S-IFD to
focus only on informative tokens enhances data quality assessment and improves data selection for
instruction tuning.

D.3 Ablation on Token Weights

We ablate the choice of token weights wt used in computing the S-IFD score in Equation (3). In
addition to removing uninformative tokens by setting their weights to 0, we also experiment with
upweighting informative tokens by setting the weight ratios between informative and uninformative
tokens to 1.5:1 and 2:1. As shown in Table 7, removing uninformative tokens entirely yields better
performance than merely upweighting informative ones.

D.4 Ablation on Number of Perturbations

We ablate the effect of the number of perturbations M in hierarchical selection. Llama-3.1-8B
performs best at M = 10, while Qwen-2.5-7B reaches optimal performance at M = 20. Both models
maintain strong performance at M = 30, suggesting that our method, T-SHIRT, can be made more
efficient by reducing M without sacrificing performance.
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