Abstract

Instruction tuning has emerged as a critical paradigm for improving
the capabilities and alignment of large language models (LLMs).
However, existing iterative model-aware data selection methods
incur significant computational overhead, as they rely on repeat-
edly performing full-dataset model inference to estimate sample
utility for subsequent training iterations, creating a fundamental
efficiency bottleneck. In this paper, we propose LEAD, an efficient
iterative data selection framework that accurately estimates sam-
ple utility entirely within the standard training loop, eliminating
the need for costly additional model inference. At its core, LEAD
introduces Instance-Level Dynamic Uncertainty (IDU), a theoreti-
cally grounded utility function combining instantaneous training
loss, gradient-based approximation of loss changes, and exponen-
tial smoothing of historical loss signals. To further scale efficiently
to large datasets, LEAD employs a two-stage, coarse-to-fine selec-
tion strategy, adaptively prioritizing informative clusters through a
multi-armed bandit mechanism, followed by precise fine-grained
selection of high-utility samples using IDU. Extensive experiments
across four diverse benchmarks show that LEAD significantly out-
performs state-of-the-art methods, improving average model per-
formance by 6.1%-10.8% while using only 2.5% of the training data
and reducing overall training time by 5-10x.

1 Introduction

Instruction tuning has emerged as a powerful paradigm to improve
the performance and alignment of large language models (LLMs)
by fine-tuning them on instruction-response pairs [2, 11, 32, 51, 52].
Recent studies indicate that data quality, rather than quantity alone,
is crucial for substantial performance gains [2, 30, 39, 65]. Conse-
quently, recent research has focused on automatically selecting
informative subsets of training data, guided by selection metrics
such as data diversity and data quality [4, 10, 46, 58, 63]. However,
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Figure 1: Comparison of Iterative Model-Aware Solutions.

since these methods do not directly leverage feedback from the
model, they fail to dynamically adapt data selection to the model’s
evolving state and specific learning needs throughout training.

In response, recent efforts have shifted toward model-aware data
selection, which explicitly utilizes model-derived signals to dynami-
cally identify informative training examples [50, 55]. These model-
aware methods broadly fall into two categories: non-iterative and
iterative. Non-iterative methods select data once based on initial
model predictions before iterative training [32, 59]. However, since
they do not adapt to the model evolvement during training, their
effectiveness is inherently limited [60]. In contrast, iterative meth-
ods interleave model fine-tuning and data selection across multiple
rounds, iteratively choosing new informative samples based on the
model’s latest feedback [59]. As shown in Figure 1-Q&EX() most
existing iterative model-aware methods typically rely on explicit
model inference to assess the utility of samples. Specifically, after
each training iteration, these methods perform inference on every
sample in the training set to derive feedback signals (e.g., model
uncertainty scores) for utility estimation. Although effective at
adapting data selection to the model’s evolving state, repeatedly
performing full-dataset inference significantly increases computa-
tional overhead. For example, the recent IFD method [32] spends
approximately 98 GPU-hours selecting data from a pool of only
600K samples in a single round.

This predicament leads to a natural research question: Can we
retain the benefits of iterative model-aware data selection without re-
peatedly performing costly full-dataset inference? In other words, can
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we effectively determine “select what to learn next” by exclusively
utilizing information already computed during standard training,
without any additional model inference overhead?

In this work, we posit that the answer is yes. As shown in Fig-
ure 1-TP) our key insight is that during standard training, the
model first conducts a forward propagation step using the cur-
rent mini-batch of samples, computes the per-sample losses based
on its predictions, and subsequently updates its parameters via
backward propagation. Crucially, this training process naturally
produces a per-sample loss for each training instance in the mini-
batch. Intuitively, this loss indicates how challenging a sample is for
the model—higher losses reflect greater difficulty and thus greater
potential informativeness for future learning. Hence, these training-
time losses inherently serve as valuable indicators of a sample’s
utility. Indeed, they provide an effective proxy for explicit utility
metrics (e.g., model uncertainty) typically obtained through costly,
separate inference steps [22].

If we can cleverly harness these inherent training signals across
the whole dataset, we could estimate the utility of each sample
without additional inference (inference-free) (see Figure 1-
ETEXD)). This idea - leveraging training-time loss signals to guide
data selection — offers the potential to eliminate the full-dataset
inference stage while still adapting to the model’s training state.

Challenges. Realizing this idea in practice is non-trivial.

First, although using training-time losses allows us to avoid
explicit inference, a subtle yet fundamental issue arises due to a
timing misalignment. Specifically, as shown in Figure 1-IJ), the
training loss observed at iteration ¢ reflects the model’s performance
before updating parameters (model state My, _, ), whereas the utility
of selecting samples ideally should consider their usefulness after
the parameter update (i.e.,, Mg, at iteration ¢ + 1). This temporal
mismatch means that naively reusing pre-update loss signals may
not accurately reflect true sample utility after the next parameter
update. We term this issue as the temporal mismatch challenge (C1).

Second, raw loss signals can be noisy or unstable - they fluctuate
from one update to the next due to randomness (e.g., varying batch
composition) and the non-stationary nature of training, thus naively
trusting instantaneous loss values might lead to suboptimal choices.
This issue highlights the instability of loss signals challenge (C2).

Third, even if we successfully eliminate separate inference steps,
individually estimating utility and selecting informative samples
remains inefficient for large-scale datasets (e.g., containing millions
of samples). We refer to this as the sample-level selection efficiency
challenge (C3). Thus, we need an effective mechanism that can
rapidly narrow down candidate samples while prioritizing those
most likely to substantially improve the model.

Our Methodology: Iterative Data Selection with Inference-
free Utility Estimation. To address the above challenges, we
propose LEAD, a theoretically-grounded iterative data selection
framework that integrates seamlessly into the model training loop,
accurately estimating sample utility without incurring additional
inference overhead. The core theoretical insight behind inference-
free yet accurate utility estimation lies in effectively addressing two
critical challenges: (C1) the temporal mismatch between loss com-
putation and parameter updates, and (C2) the inherent instability
of instantaneous loss signals.
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Figure 2: A High-level Overview of LEAD.

To achieve this, we propose a novel sample utility estimation
function called Instance-Level Dynamic Uncertainty (IDU). IDU ex-
plicitly implements the Estimate step depicted in Figure 1-TERE)
by combining three naturally available training signals: (1) the cur-
rent training loss for each sample, (2) gradient-based approximation,
derived from gradient correlation approximations, to anticipate
loss changes at the next parameter update (addressing C1), and
(3) historical loss trends via exponential smoothing to reduce ran-
dom noise and improve stability (addressing C2). Importantly, IDU
is computed entirely using training-time signals naturally avail-
able during model updates (losses and logits), thus incurring no
additional inference overhead. Finally, we conduct a Lagrangian
function and utilize complementary slackness conditions to rigor-
ously derive optimal parameters for IDU, ensuring both theoretical
soundness and practical effectiveness.

Guided by this theoretical foundation, our LEAD framework
employs a practical coarse-to-fine data selection strategy (Figure 2).

Stage 1: Coarse-level Cluster Selection. Recall our third challenge
(C3) - efficient candidate selection at scale. To address this, we
first partition the dataset offline into clusters based on two widely-
used metrics: (1) instruction-following difficulty, measuring how
challenging each instruction is for the model [32], and (2) task-
level similarity, grouping semantically related instructions [34].
This clustering step is performed only once per dataset. During
training, LEAD employs a multi-armed bandit (MAB) algorithm [54]
to dynamically identify and prioritize clusters likely to yield higher
rewards — clusters containing samples with greater potential to
significantly enhance the model’s performance (addressing C3).

Stage 2: Fine-Grained Sample Utility Estimation and Selection.
Within each selected cluster, LEAD utilizes the IDU function to es-
timate the utility of individual samples precisely. Specifically, given
the IDU scores computed based on the previously discussed training
signals (losses, historical trends, and gradient predictions), LEAD
prioritizes and selects samples with the highest IDU values. There-
fore, samples predicted to yield higher improvements for the model
after subsequent parameter updates are selected preferentially.

Contributions. This paper makes the following contributions:

(1) Problem Formulation. We formally introduce the problem of Itera-
tive Data Selection with Inference-Free Utility Estimation, defining
a scenario where iterative model-aware selection is performed with-
out incurring additional inference overhead (Section 2).



(2) Instance-Level Dynamic Uncertainty (IDU). We develop a new
sample utility estimation function, IDU, which effectively addresses
temporal mismatch and instability in loss signals by integrating
current losses, gradient-based approximations of loss changes, and
exponential smoothing of historical loss signals. All components are
computed directly from naturally available training signals without
requiring additional model inference (Section 3).

(3) LEAD Framework. We propose LEAD, a theoretically grounded
and efficient iterative data selection framework seamlessly inte-
grated into the standard model training process, eliminating re-
peated costly inference steps (Section 4 and Section 5).

(4) Theoretical Analysis. We rigorously ground our framework in
a Lagrangian optimization formulation, employing complemen-
tary slackness conditions and gradient correlation approximations
to derive theoretically optimal parameters for the IDU function,
ensuring both soundness and practical effectiveness (Section 6).

(5) Extensive Experiments. Extensive experiments across four diverse
benchmarks show that LEAD significantly outperforms state-of-the-
art methods, improving average model performance by 6.1%-10.8%
while using only 2.5% of the training data and reducing overall
training time by 5-10x (Section 7).

2 Preliminary and Problem Formulation
2.1 Instruction Tuning for LLMs

Instruction tuning fine-tunes pretrained large language models
using instruction-response pairs, enabling them to generalize to
new tasks by interpreting diverse instructions [56]. Formally, given
instruction-response pairs (x, y) from dataset D, instruction tuning
optimizes model 6 by minimizing the expected loss:

mej-ﬂ]E(x,y)~D [L(Mg(x), )] 1)

where L is a task-specific loss function such as cross-entropy.

2.2 Data Selection for Instruction Tuning

In practice, datasets often originate from vast and noisy sources.
Given limited computational budgets and data quality concerns,
selecting the most informative samples for instruction tuning be-
comes crucial. We formalize this as the data selection problem,
categorized into two groups: static and iterative data selection.

Static Data Selection for Instruction Tuning. Given a dataset
D, it selects a fixed subset D* C D under budget constraint B:

i E ~ L s s 2
pre i B Diarger [L(Mo (), )] @

where Diarget denotes the target distribution. However, static meth-
ods cannot adaptively select samples based on the model’s evolving
capabilities to maximize learning effectiveness during training [2].

Iterative Data Selection for Instruction Tuning,. Iterative data
selection interleaves model fine-tuning and data selection across
multiple iterations. Formally, given the model parameters 0; at
iteration ¢, we adaptively select a subset S; C D based on a utility
function f(6;, x), which estimates the expected contribution of
each sample x to future model improvement (e.g., loss reduction).

The iterative selection problem can thus be formulated as:
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where B is the total sample selection budget allowed during training.
Existing methods typically estimate the utility f;(6;, x) by per-
forming full-dataset inference at each iteration. Specifically, after
fine-tuning the model on selected samples S;, traditional methods
explicitly run inference on the entire dataset O using the updated
model parameters 6; to compute utility scores:

f:(0,x) = g(Infer(6;,x)), Vx e D, (4)

where Infer(6;, x) denotes inference (e.g., loss or uncertainty com-
putation) and g(-) maps inference results to utility values.

Consequently, the next subset S;4 is selected as:

St+1 = argmax Z ft(0s,x), st |Si|<k, T-k<B. (5
S:CD, IStI<k foa

Note that in iterative data selection, we typically assume a fixed
selection size k per iteration, constrained by the total selection
budget B. Thus, the number of iterations T and the selection size
per iteration k satisfy the relation T - k < B.

2.3 Problem Formulation

Existing iterative model-aware methods rely heavily on repeated
full-dataset inference for sample utility estimation, leading to signif-
icant computational costs. To eliminate this, we define the problem
of Iterative Data Selection with Inference-Free Utility Estimation.

Definition 2.1 (Iterative Data Selection with Inference-Free
Utility Estimation). Given a total sample selection budget B, our
objective is to identify subsets {S,}z‘zl that maximize the cumulative
estimated utility, where the utility function f;(0¢—1,x) is computed
exclusively from training-time signals (e.g., training losses or logits)
without incurring additional inference overhead:
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Specifically, at each iteration t, the utility estimation f;(0;_1,x)
utilizes the loss signal computed using model parameters 0;—1 imme-
diately after the forward propagation step, but before the backward
propagation (parameter update). Thus, no additional inference is re-
quired to estimate utilities for data selection at iteration t.

Our goal, therefore, is to design accurate and stable inference-
free utility estimation methods. For simplicity, we use f;(6:-1,x)
and f(6;-1, x) interchangeably when the context clearly refers to
data selection at iteration t.

3 Instance-Level Dynamic Uncertainty Utility

Designing an effective inference-free utility function f(6:-1,x)
requires addressing two fundamental challenges as discussed in
Section 1: (C1) the temporal mismatch between pre-update loss
signals and their actual post-update utility, and (C2) the instability
of instantaneous loss signals due to random fluctuations and noise.

To tackle these challenges, we first define a baseline utility func-
tion based on a loss-based uncertainty metric, and then introduce an
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Figure 3: An Overview of the LEAD Framework.

improved formulation, termed Instance-Level Dynamic Uncertainty
(IDU) utility function, which explicitly addresses these limitations.

Loss-based Uncertainty Estimation. Specifically, our approach
begins by formalizing Instance-level uncertainty through a loss-
based formulation. Formally, given an instruction-response pair
(x,y), we define the Instance-level Uncertainty (IU) [20] at training
iteration t as the empirical cross-entropy between the model’s
current predictive distribution and the ground-truth response:

T
1
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j=

where T is response length, t? refers to the j-th response token,
and pg, the model’s token-level predictive probability distribution.

IU naturally corresponds to the training-time negative log-likelihood
loss, providing a direct and computationally free baseline. However,
IU alone cannot effectively handle challenges (C1) and (C2).

Instance-Level Dynamic Uncertainty (IDU). To explicitly miti-
gate both temporal mismatch (C1) and instability (C2) of loss sig-
nals, we introduce the Instance-Level Dynamic Uncertainty (IDU),
which incorporates exponential smoothing of historical losses and
gradient-based approximation of loss changes. Formally, given sub-
set S; at iteration ¢, IDU for sample x is recursively defined as:

f(8¢-1,x) =IDU(6¢-1,x)
= (1-b) - [L(0r-1,%) + AL’ (81, %) ] +b - IDU (82, x)
—_—— ——— S ——
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where b € [0, 1) controls the balance between current and historical
signals, L(6;—1, x) is the IU computed using model parameters 6;_1,
and AL’ (0, x) is an approximation of the expected utility change,
defined as: AL’ (0, x) = L(0,x) — L(6¢-1,x).
We have the following key clarifications regarding Eq. (8):
o The instantaneous loss L(6;1, x) is computed naturally during
forward propagation at iteration t, requiring no extra inference.
e The AL’(6;, x) denotes the anticipated loss change from 6;_; to
0;. Importantly, this estimation leverages only readily available

gradient and historical loss information collected at iteration

t — 1, ensuring no extra inference is performed at iteration ¢.

IDU effectively resolves both fundamental challenges through
two carefully designed components:
e Utility Change Estimation (Gradient-Based approxima-
tion). To address temporal mismatch (C1), IDU explicitly es-
timates the expected utility change (AL’ (6;, x)) between con-
secutive iterations. Instead of performing additional inference
passes with updated parameters (6;), we leverage gradient-based
approximations derived from backward propagation at iteration
t — 1 to estimate the loss at iteration ¢.
Historical Utility (Exponential Smoothing). To tackle insta-
bility (C2), IDU incorporates historical uncertainty signals using
an exponential smoothing mechanism. Rather than depending
solely on instantaneous IU values, IDU maintains an exponen-
tial moving average of previous utility estimates (IDU (0¢—2, x)).
This significantly reduces fluctuations caused by random noise
and local minima encountered during training.

We will elaborate on the details of computing IDU and optimizing
the coefficient b of the IDU utility function in Section 5.1.

4 LEAD: LEArning to Iteratively Select Data

We first present an overview of LEAD (Section 4.1), followed by
the three key components enabling inference-free iterative data
selection (Section 4.2). Finally, we describe how these components
systematically interact during iterative training (Section 4.3).

4.1 LEAD Framework: An Overview

Figure 3 provides a high-level overview of LEAD, illustrating its
coarse-to-fine approach guided by a theoretically grounded IDU
utility function. The framework comprises two key phases: offline
dual-level clustering and online adaptive selection.

Dual-Level Data Clustering (Offline). As shown in Figure 3-(A),
we first perform an offline preprocessing step to systematically
partition the dataset into clusters based on two complementary
dimensions: instruction-following difficulty [32] and task similar-
ity [34]. This dual-level clustering is conducted offline, incurring
no additional computational overhead during online training.



(1) Difficulty-aware Instance-level Clustering. We use the Instruction-
Following Difficulty (IFD) metric [32] to evaluate instance-level
difficulty. Given an instruction-response pair (x, y), the IFD is com-

puted as: IFD(y | x) = P}f{;[f(b'!ll’;), where PPL(y | x) and PPL(y)

denote the perplexities of generating the y with and without the
x, respectively. Using these IFD scores, we group training samples

into clusters through sliding intervals (e.g., intervals of 0.1).
(2) Similarity-based Task-level Clustering. Within each difficulty clus-

ter, we further conduct finer-grained clustering based on task sim-
ilarity. Specifically, we extract task-specific embeddings from in-
structions by emphasizing task-defining terms (e.g., key verbs and
nouns), following the approach in [34]. We then apply the K-means
algorithm [43] to group instructions by task similarity.

Coarse-to-Fine Data Selection (Online). During the training, as
shown in Figure 3-(B), LEAD implements a coarse-to-fine selection
process designed to maximize utility and training effectiveness
under a given total sample budget.

(1) Coarse-Level Cluster Selection (via MAB). At each training iter-
ation t, we first employ a Multi-Armed Bandit (MAB) algorithm
(specifically EXP3, detailed in Section 5.2) to dynamically select one
difficulty-level cluster that is most beneficial to the current model
state. The MAB algorithm leverages a self-guided IDU-based reward
signal, directly measuring the reduction in IDU scores derived from
training on previously selected clusters.

(2) Fine-Grained Sample Selection (via IDU). After identifying the op-
timal difficulty-level cluster, we distribute the selection budget
across its finer-grained task clusters. Specifically, we select the most
informative samples from each task cluster based on their current
IDU values (see Section 5.1), thus ensuring efficient fine-grained
selection of training data at iteration ¢.

These selected samples form the subset S; used to fine-tune
the model at iteration t. After training, the model parameters are
updated from 6;—1 to 6, and the MAB rewards are updated accord-
ingly, ensuring the LEAD framework continuously improves its
data selection strategy.

4.2 LEAD Framework: Core Components
LEAD has three carefully designed core components.

(1) Instance-Level Dynamic Uncertainty (IDU) Utility. To es-
timate sample utility efficiently without additional inference, we
introduce the Instance-Level Dynamic Uncertainty (IDU) metric.
IDU combines exponential smoothing of historical losses and a
gradient-based approximation of loss change, effectively addressing
the temporal instability and inference overhead challenges inherent
in traditional iterative selection methods (see Section 5.1).

(2) Adaptive Data Selection via MAB-Integrated Training
Scheduler. To integrate coarse and fine-grained selections seam-
lessly, we employ the MAB-EXP3 algorithm to dynamically balance
exploration and exploitation among clusters. The MAB scheduler
dynamically prioritizes clusters demonstrating higher historical
utility gains, thus efficiently adapting to the model’s evolving learn-
ing capabilities (further described in Section 5.2).
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Figure 4: Iterative Sample Selection Guided by IDU Scores.

(3) Self-Guided IDU-Based Reward. To guide the coarse-level
cluster selection via MAB, we propose a novel reward function
based on the reduction of IDU achieved by training on a given
cluster without the need for external validation steps and additional
inference (Please refer to Section 5.3 for details).

Next, we illustrate how these components interact seamlessly in
the iterative training workflow.

4.3 Training Iteration Workflow of LEAD

The LEAD integrates iterative data selection with LLM instruction
tuning. Each training iteration ¢ within LEAD comprises four steps.

Step 1: Difficulty-Aware Cluster Selection. Select the optimal
coarse-level difficulty cluster C;j« via the MAB-EXP3 algorithm,
guided by the reward derived from previous training iterations,
reflecting the cluster’s historical effectiveness.

Step 2: Fine-Grained Sample Selection. Within the cluster C;+,
utilize the IDU function to select the top n;j+ most informative
samples. These samples form the training subset S;. For example, in
Figure 4, at iteration 6, samples with the highest initial IDU scores
(labeled as S;) are chosen for training.

Step 3: LLM Instruction Tuning. The selected samples (S;) are
used to fine-tune the model parameters, transitioning from the
current parameters 6;_ to the updated parameters 6;.

Step 4: Reward and Utility Updates. After fine-tuning, trained
samples typically show decreased IDU scores, reflecting reduced
informativeness. This reduction serves as the training reward. As
shown in Figure 4, lowered IDU scores of previously selected sam-
ples (e.g., S1 at §p and S at 6;) prompt dynamic selection of new,
more informative samples for subsequent iterations (e.g., Sz to S3).
Finally, both IDU scores and the MAB weights are updated accord-
ingly, guiding the sample selection process in future iterations
Through this structured workflow, LEAD continuously and adap-
tively selects the most beneficial samples at each training step.

5 The Design Details of LEAD

We first show how to optimize our IDU utility under a budget con-
straint (Section 5.1), followed by an adaptive data selection sched-
uler via MAB algorithms (Section 5.2), and finally, a self-guided
IDU-based reward for cluster evaluation (Section 5.3).



5.1 Instance-Level Dynamic Uncertainty
Optimization under the Budget Constraint

In Section 3, we introduced the IDU utility (Eq. (8)) for estimating
sample utilities in iterative data selection. Note that our LEAD aims
to iteratively select subsets of samples with the highest cumulative
utility gain, defined as the expected reduction in average IDU at
each iteration (AIDU;) under a total budget constraint B. Formally,
our optimization problem can be defined as follows.

PROBLEM 1 (BUDGET-CONSTRAINED IDU UTILITY OPTIMIZATION).
Given a total selection budget B, our goal is to maximize the cumula-
tive expected utility over T training iterations:

T T
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where Eln;]=a-(1-b)-|Cl-(1+CV?)-(1+0(y)) (10

Here, n; denotes the number of samples selected at iteration t, a is
the sampling ratio, b € [0, 1) is the smoothing parameter controlling
the influence of historical utility, |C| is the average cluster size, and
CV? = % Zlel % quantifies variability among cluster sizes.

To solve this problem, we construct a Lagrangian function in-
corporating the budget constraint and apply the complementary
slackness condition to derive the optimal smoothing parameter b*.
Specifically, the optimal smoothing coefficient b* that maximizes
cumulative utility gain under the budget constraint is given by:
b*=1- m. The detailed derivation and theoretical
justification of b* are provided in Theorem 6.1 (Section 6).

In practice, to effectively implement the optimal solution to our
budget-constrained utility maximization problem, we first derive
the optimal smoothing coefficient b* from the theoretical analy-
sis above. However, to fully instantiate our IDU utility function,
we must also efficiently estimate the utility changes (AL’ (6;, S¢))
between consecutive training iterations, as this term directly con-
tributes to computing the cumulative utility gain AIDU;. Directly
calculating these utility changes would typically require additional
inference steps, violating our zero-cost constraint.

To address this, we introduce the gradient-based approximation
of utility change, as discussed below.

Gradient-Based Approximation of Utility Change. Our ap-
proach efficiently utilizes gradient information computed during
standard model training, thus requiring no extra computational
resources beyond regular forward-backward propagation.

Formally, consider a subset of samples S;. When model parame-
ters are updated from 6;—1 to 6, the average uncertainty change
(utility change) AL(6;, S;) can be approximated as follows:

THEOREM 5.1 (UTILITY CHANGE APPROXIMATION). For a given
sample subset S;, the utility change from parameter update 0;—1 to
0 can be approximated as:

AL (00,50 = g 3 (L) = L0-1,5)

x€S;
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(11)

where 1 is the learning rate, 6t, and 81 denote historical gradient

norms, and ¢ is the angle between consecutive gradient directions,
. A6 A0,

given by:0s ¢ = [ag, |-, 1

This approach ensures that our utility estimation remains effi-
cient, accurate, and fully integrated into standard model training
workflows. The complete derivation of this gradient-based approxi-
mation method is presented in Theorem 6.4 (Section 6).

While the above approximation method significantly enhances
efficiency, its accuracy critically depends on selecting an appro-
priate approximation coefficient f. To further refine our method,
we analytically derive the optimal approximation weight f* that
minimizes approximation error.

Optimal Approximation Coefficient §*. Formally, we define the
approximation error function as: J(f) = ||AL(6;, S;)—AL’ (6;, S;)||%.
Minimizing this error function leads us to the theoretical f*:

THEOREM 5.2 (OpTIMAL WEIGHT f*). The optimal approximation
weight * minimizing the error function J(f) is given by:

ﬁ' _ (5[_1 - \[5[,(5;_1 COS¢

8y + 81 — 248,81 cos

(12)

Detailed proofs and analyses regarding the derivation of this
optimal coefficient are provided in Theorem 6.4 (Section 6).

Finally, to rigorously evaluate the theoretical guarantees and
practical utility of our gradient-based approximation, we establish
a formal approximation error bound as follows.

Approximation Error Bound. We bound the approximation error
between the approximated loss L’ and the true loss L.

THEOREM 5.3 (APPROXIMATION ERROR BOUND). With the optimal
weight B*, the error between the approximated loss L' and the true
loss L satisfies:

”L’ (gts x) - L(9t> x)” < 6taylor + 5approx s

where:

o L'(0i,x) = L(0i-1,x) + AL’ (6:,5¢)

* Eraylor = 3n° - maxg [ VEL(6,%)|| - [|VL(S;, 0-1)|1? is the error
from Taylor expansion.

® €approx = 1 - IVL(Si, 0i-1) = (B* - VL(Siy, 0i—1) + (1 = f) -
VL(Si-1,0i-2))||? is the error from gradient approximation.

5.2 Adaptive Data Selection via MAB-Integrated
Training Scheduler

In this section, we propose a novel training scheduler for the LEAD
framework that integrates the Multi-Armed Bandit (MAB) algo-
rithm with our IDU utility function. The scheduler adaptively se-
lects training data clusters based on their evolving informativeness.

Step 1: Difficulty-Aware Cluster Selection. Initially, we set the
weights W = {wy, wa, ..., wi'} for all clusters categorized by diffi-
culty level, where w; denotes the weight of cluster C; and K is the
number of clusters. To assess the difficulty score of each cluster, we
employ the EXP3 [3] algorithm, a well-established method within
the MAB framework, for the cluster selection. Specifically, for each
iteration ¢, we first calculate the cluster score DC; (i) of the cluster



Ci based on the cluster weight w;, and then select a cluster (arm)
DC; with the highest score DC. The DCy(i) can be computed as:

il
DC(i)=(~-y) 5+ %
(2)

ot K
where y controls the exploration-exploitation trade-off.
The selected cluster at iteration ¢ is the one with the highest

probability: Cj+ = arg max;e[1,x] DCt (i).

(13)

Step 2: Sample Selection with IDU. After selecting a cluster C;
with the highest DC score, we apply our previously introduced
IDU utility function to sample the most informative subset B,
within the selected cluster C;. Specifically, we select samples with
the highest IDU scores to maximize utility gain at each iteration.

Step 3: Model Training and Reward Computation. Using the
selected subset Bc;, we train the large language model during it-

eration t. Once training is complete, we compute a reward ri(t)

to quantify the model’s improvement resulting from the selected
samples (Please refer to Section 5.3 for details).

Step 4: Cluster Weight Updates for Next Round Selection.
(2)

After obtaining the reward r;"’, we update the cluster weights

wi(tﬂ) according to EXP3 update rule:
t (2) ..
Wt = {wx( ) exp (I)% DCr(D ) > 1=k (14)
i - (1) .
w7, otherwise

This adaptive weight-update mechanism ensures clusters that
consistently yield high utility are progressively favored in subse-
quent iterations, achieving adaptive training data selection.

5.3 Self-Guided IDU-Based Reward

An effective reward function is critical to guiding effective clus-
ter selection within the MAB framework. Ideally, such a reward
should precisely capture each cluster’s direct contribution to model
improvement, while remaining computationally efficient and fully
integrated into the training process.

To achieve this, we propose a Self-Guided IDU-Based Reward,
leveraging our previously defined IDU utility to efficiently quantify
each cluster’s contribution to model improvement without addi-
tional inference overhead. Formally, the reward for training on
cluster C; at iteration ¢ is computed as:

r®) = InfoGain(Ci,t) = Ex;ec; [IDU (0;-1,x:) = IDU (0, x1)], (15)

where 0;_ and 6; represent the model parameters before and after
training, respectively. To maintain numerical stability and consis-
tent scaling, rewards are further normalized to the range [-1,1]
via min-max normalization.

Compared to traditional reward designs [8], our self-guided re-
ward naturally integrates into the standard training loop, accurately
reflects dynamic model improvements at no additional inference
cost, and significantly simplifies the reward computation.

6 Theoretical Guarantees

In this section, we analyze the theoretical guarantees of our IDU
utility and the LEAD framework.

6.1 Optimal Smoothing Coefficient

We now analyze the optimal smoothing coefficient for the budget-
constrained IDU optimization (PROBLEM 1, presented in Section 5.1).

THEOREM 6.1 (OPTIMAL SMOOTHING COEFFICIENT). The opti-
mal smoothing coefficient b* that maximizes the cumulative utility
gain under the budget constraint is:

B
A R S— (16)
noT - (1+ CV?)
whereng = a - |C| is the expected batch size without smoothing and
heterogeneity effects, B is the total budget, T is the number of training
steps, and CV? quantifies cluster size variability.

Under a total budget B, we propose the optimization problem:

T T

max )" AIDU;, st. ) nt <B 17)
bT 3 t=1

The overall goal is to maximize the cumulative utility gain, and

the cumulative utility gain depends on the AIDU; (x) of each round.

R = AIDU, = Z (IDU(6,x) — IDU(6;-1,x))  (18)
XES;
We take AIDU;(x) of each round as the reward of the current
round to guide the selection of new groups in the next round.
As the selection rounds typically exceed 5, the utility-based
reward for cluster C; simplifies to:

R = AIDU; = —(1 - b)n:|S:|¥%;. (19)
The specific simplification process can be referred to as Lemma 6.2.

Here AIDU; depends on the size of |S¢| = n;. Therefore, before es-
timating AIDU;, we need to estimate n;. We get it in four steps.

Step 1: Estimate sample size selected in the t-th round n;.
The probability of all clusters being selected in the initial round is
the same, so the clusters are randomly selected in the first round.
According to the Eq. (14) and Eq. (13), which cluster is selected
in the next round depends on which cluster was selected in the
previous round. So we can only estimate the expectation of n¢. Then
E[n;] can be simplified as follows (see Lemma 6.3 for details):

K 1CiI?
% (1+0(y) (20)

i=1 1%

E[n;]=a-(1-b) -

Step 2: Estimate the expectation of utility gain AIDU;. Since
the utility gain AIDU; in the T — th round depends on nt, and for
n;, due to the randomness of the MAB when selecting the cluster,
we can only estimate the expectations. Therefore, it is necessary to
further solve the expectations of AIDU;. According to the Eq. (19)
and Eq. (20), we can further obtain E[AIDU;].

T T

D EIAIDU,] == 3" (1 = b)ne - E[ISi] %] (21)

t=1 t=1

T
=-no-(1-b)%- (1+CV?) - D st (22)
t=1
where ng = « - |C| represents the expected sample size without
smoothing, E[¥; - |S¢|]] = &; - E[n¢], 6; represents the average
per-sample utility contribution.



Step 3: Redefine objective and constrained condition. Having
derived the expected sample size and utility gain, we now reformu-
late our optimization problem by incorporating these expectations.

T T
rgz}xZ]E[AIDU,], st. Z E[n;] <B (23)
ot=1 t=1

where E[n;]=a-(1-b)-|C|- (1+CV?)-(1+0(y) (24
Let 76 = % ZI=1 ntdt, The budget constraint becomes:

T T

ZE[n,] =Zn0~(1—b)~(1+CV2) <B (25)
t=1 1

t=

Step 4: Solving optimal b* and T*. We formulate the Lagrangian:

L(b,4) = E[AIDU;] - A(E[n:] - B) (26)
=-ny-T-75-(1-b)%- (1+CV?+ (27)
Ang-T-(1-b)-(1+CV? —B) (28)

Taking the partial derivative with respect to b and setting it to zero:
%=o=>zf;5~(1—b)=a (29)

The complementary slackness condition states A(ng - T - (1 —
b) - (1+ CV?) — B) = 0. Since A # 0 (as verified by the optimality
condition), the budget constraint must be tight:

B

.T-(1-b)-(1+CV?®) =B b=1- —m8F———— 30
ny ( ) - (1+CV?) = o T (1+CV2) (30)
We require 0 < b* < 1, which implies:

B
Toin = | ——— 1 31
min [MO'(1+CV2)1+ Gy

LemMA 6.2 (BaTcH UTILITY CHANGE DECOMPOSITION). The
utility change for batch S; under the smoothed utility function can
be expressed as:

—(1=b)ne|Se|¥e +b1Se |61 (1 - b*71), £ <5

AIDU,; =
! {—(1 — b)nelSe| ¥, t>5

where ¥; denotes the gradient alignment term:
¥, = ﬂf&,k + (1 - ﬂ,)zé,_1 + Zﬁ[(l - ﬁt) (S,k(st_] cos ¢[ (33)

Proor. For any x € Sy, AIDU;(x) can be decomposed as:

t-3
AIDU;(x) = (1 — b)AL(6y, x) + b(1 — b) Z bEAL(6;—5—1, %)
k=0
+(1-Db)b*IDU (8, x) (34)

For the historical cumulative terms when ¢ < 5, we apply finite-
order approximation:

t-3 1- bt—Z
DALk x) % 11— (35)
k=0

The initial utility term IDU (6, x) becomes a constant Cy after
aggregation. Summing over batch S; gives:

AIDU; = —(1 = b)ne|S¢[¥e + b|S¢|8—1 (1 - b' 1)
+(1-b)b" 11S¢|Co (36)

When t > 5, the exponential decay term b’ ~! becomes negligible:
AIDU; » =(1 = b)n¢|S, [¥: (37

m}

LEmMA 6.3 (EXPECTED SAMPLE S1ZE UNDER MAB MECHA-
NIsM). In the MAB framework using EXP3 for cluster selection with
smoothed utility, the expected sample size per round E[n;] satisfies:

E[n;]=a-(1-b)-|C[- (1+CV?) - (1+0(y)) (38)

where a is the sampling rate, b is the smoothing coefficient, |C;| is the
size of cluster i, and y is the exploration rate in function 13.

Proor. We analyze cluster selection probabilities in the EXP3 al-
gorithm when used with our smoothed utility rewards. The reward
signal for selecting cluster i at time ¢ is:

RY = AIDU; « (1 - b)|Ci| (39)

This relationship follows directly from Lemma 6.2. Since |S;|
is proportional to cluster size |C;| when cluster i is selected, and
assuming ¥; and #; are approximately constant across clusters, we
derive R o (1-b)[Ci].

From the weight update Eq. (13) and Eq. (14) in the MAB EXP3
algorithm. As the algorithm converges to steady state, the weights
stabilize such that:

(1) t-1 (7)
w; R:
B exp ( Y '_) (40)
2w Zl K p(»

In the fully converged regime, assuming small y and €, and suf-

ficiently heterogeneous cluster sizes, we can derive a fixed-point
R .

‘m becomes approximately

i

equation. At this fixed point, the ratio

constant across arms, leading to:

w . -pa-vici
LK a-)ol

(1-5)[Ci
apglel]

+I% ~ +0(y) (@)

The expected sample size in round ¢ is:

Bl = 3 p0101 = a1 - by 2zl
t] = NGl = a(1-b) —=———
i=1 l 25;1 IG5l

K
+a-0() ) Ici
 w

Since Zﬁl |Ci| = N (total dataset size), we can express this as:

Zﬁ] lcilz

Bln =a- (1-b) - SR
i=1 1

-(1+0() (43)

Let ﬁ = % Z{il |Ci| be the average cluster size. Using the
relation between variance and second moment:
Substituting into our expected sample size formula:

Blnl=a-(1-b)-|Cl- (1+CV?) - (1+0(y)) (44)

(m]



6.2 Loss Changes in Gradient-Based Approximation The loss change is then approximated as:

Recap that we have introduced utility function Eq. (8) in Section 3,
In this section, we try to approximate the loss reduction AL’ (6;, x). 6t =-n [(ﬁ*)z Sy + (1= ﬂ*)z St-1+2B"(1— %) /64,61 cos ¢]

THEOREM 6.4 (IU CHANGE APPROXIMATION). For any sam- (55)

ple set S;, the average uncertainty change AL’ (0;,Sy) when model
parameters update from 0;_1 to 0; can be approximated as:

8 = AL'(8,,51) (45)

= [ B8u + (1= )?8-1+28(1 - )81, 51-1cos ¢ (46)
where ¢ is the angle between parameter update directions A6y, and

] A0} A6;-
Aet—l, with cos ¢ = m

. 011 -0y bt-1c0s ¢

b= Oty + Ot—1 = 24/84, 8¢-1cos ¢

7 Experiments

(47)

Step 1: Simplify the loss change. Assume at iteration ¢, model pa-
rameters are updated via gradient descent: 6; = 0;_1—1:VL(S;, 0:—1),
where VL(St,0¢-1) = ﬁ Yxes, VL(x,0¢-1) is the average gradi-
ent of subset S;. For each sample x € S, the loss function L(0, x) is
expanded using first-order Taylor expansion at 0;_;:

L(0r,%) = L(6;-1,%) + VL(0;_1,%)" (6; — 6,_1) (48)

Averaging over all samples in S;:

1

8t = AL (01,5t) ~ —ne— D, VL(Or-1,%)TVL(6-1,51)  (49)

IS¢l =4

t
= -nelIVL(6r-1,50)II? (50)
It can be concluded that the loss reduction is related to the gradient.
Step 2: Approximate the gradient. To further approximate the
loss, we need to approximate the gradient. Here we consider that
the gradient at the current moment is related to the gradient at the

previous moment and the gradient when the cluster used at the
current moment was first selected.

VL' (St,0:-1) = B- VL(Sty, 04p—1) + (1 = B) - VL(Sp-1,0:-2), (51)
where ty is the most recent step when Cy was previously selected,
Cy is the cluster selected at step t, where § € [0, 1] is a weighting

coefficient measuring the relative importance of cluster-specific
historical information versus recent optimization direction.

Step 3: Solving optimal * to obtain final IU Change Approxi-
mation AL’ (6, S¢). The f* can be solved by minimizing the differ-
ence between the current gradient and the approximate gradient.

J(B) = IVLe = (BVLy + (1= f)VLe-1)|I? (52)

Using the gradient descent update rule AG; = —n VL;, we rewrite
in terms of parameter updates:

18 = 5 |00 - (a0 + - pas)[[. o

, ) £6] A6, ,
Since ||AB, ||* = —n 8¢, and cos ¢ = A0, TAG: 1T

Setting %% = 0 yields the optimal coefficient:

5,_1 - \[5,,(51_1 COS¢

B S 61— 2,5 cos

(54



8 Related Work

Data Selection for Instruction Tuning. Previous works on data
selection [9, 23, 59, 65] can be broadly categorized into two key
approaches: model-agnostic methods and model-aware methods.

13

Model-agnostic methods operate independently of the target
model, including rule-based approaches [5, 6, 28, 40, 45, 49, 66] that
are computationally efficient but lack semantic understanding. Ad-
vanced model-based methods [13, 14, 35] like GPT-4 [1] that provide
nuanced assessment at high computational cost, and proxy model-
based methods [31, 61] that balance efficiency and quality. However,
these methods cannot adapt to the specific learning characteristics
of the target model. Model-aware methods [5, 7, 8, 36, 41, 42, 64] ad-
dress this limitation by customizing selection based on the model’s
learning dynamics, though they introduce higher computational
costs through required model inference or fine-tuning. In contrast,
LEAD proposes a two-stage adaptive approach that efficiently com-
bines model-aware adaptiveness with zero computational overhead,
effectively addressing the challenge of balancing effectiveness and
efficiency in instruction tuning data selection.

Sample Utility Scores. Sample utility scoring plays a critical role
in data selection, employing various predefined metrics [7, 47, 57].
Perplexity-based metrics [31, 44] favor simpler patterns, while
diversity-aware selection [58, 63] ensures broad coverage but de-
pends heavily on pre-trained embedding quality. Quality-based
metrics incorporating influence scoring [16, 21, 29, 59] and external
model [33] evaluation are theoretically sound but require expensive
gradient computations. Complexity-based selection [32, 38] risks in-
cluding noisy samples that hinder convergence, while uncertainty-
driven metrics [22, 37] suffer from instability due to loss landscape
irregularities. A common limitation across these approaches is their
significant computational overhead. Although recent efforts have
improved data efficiency in utility estimation, they still incur ad-
ditional costs. We propose IDU, a novel utility function achieving
zero-cost estimation while maintaining selection effectiveness.

9 Conclusion

In this paper, we proposed LEAD, an efficient iterative data selec-
tion framework for instruction tuning of LLMs. LEAD introduces
Instance-Level Dynamic Uncertainty utility function, enabling ac-
curate utility estimation without extra inference. In addition, we
developed a coarse-to-fine selection approach guided by a multi-
armed bandit mechanism. Experiments show LEAD achieves 6.1%-
10.8% performance improvement using only 2.5% training data and
reduces training costs by 5-10x.
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