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Abstract. Knowledge Distillation (KD) is widely used to obtain com-
pact models for efficient inference in resource-constrained environments.
Yet the computational overhead of the distillation process itself is often
overlooked, raising the question of whether a better student model can
be obtained with less data and less compute via data pruning. However,
existing data pruning methods are not designed for KD: some introduce
substantial overhead (e.g., obtaining training dynamics through retrain-
ing), while others rely on heuristic selection rules that fail to capture what
KD actually requires, often resulting in suboptimal subsets. To address
these issues, we propose IF-Beta, an efficient data pruning framework
that combines influence function and a learnable sampling policy. Em-
pirically, we first demonstrate that influence functions can serve as an
effective and efficient estimator of sample impact in KD settings, where
only a pretrained teacher is available. Building on this, our sampling
policy is specifically parameterized by a Beta distribution, whose highly
flexible two-parameter family allows the policy to adapt to diverse prun-
ing regimes rather than being tied to fixed heuristic forms. Next, we
formulate KD pruning as optimizing this policy through a bilevel objec-
tive, where the inner loop operates in the teacher’s feature space with a
KD-aligned objective, enabling fast proxy training, while the outer loop
updates the policy parameters to maximize the distillation performance.
This design ensures IF-Beta is both computationally efficient and inher-
ently aligned with the goals of KD. Extensive experiments on CIFAR-
10/100 and ImageNet show that IF-Beta consistently outperforms other
baselines across a wide range of pruning ratios. Remarkably, IF-Beta
does enable students trained on less data and less compute to surpass
the performance of students distilled on the full dataset.
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1 Introduction

Over the past decade, deep neural networks (DNNs) [12}/16,[23] have achieved
remarkable success across a wide range of domains, largely driven by the increas-
ing scale of models and datasets. Yet such large-scale models inevitably incur
substantial computation cost at inference, which severely limits their applica-
bility in real-world scenarios. To address this issue, [18] introduced Knowledge
Distillation (KD), enabling compact students to inherit the knowledge of cum-
bersome teachers and thereby achieve efficient inference with competitive per-
formance [14,[20}39]. Despite its inference benefits, KD does not alleviate the
training burden: students are usually distilled on the entire dataset under the
guidance of a large teacher, resulting in significant training cost [7].

Several prior methods have been explored to accelerate KD training [6}25]
33L135], yet their speedups typically come at the cost of degrading student per-
formance [7]. Alternatively, an emerging line of research [41|7] points to another
promising direction: reducing the number of samples that participate in distilla-
tion, i.e., data pruning [26,30], which aims to retain only a subset of training sam-
ples while maintaining competitive performance of the models. Baruch et al. [4]
was the first to systematically re-evaluate classical pruning methods [29}[31}|34]
in KD, demonstrating that data pruning can indeed be effective for KD. More
recently, Chen et al. |7] introduced a pruning method specifically tailored for
KD, which directly employs the teacher’s cross-entropy (CE) loss as a difficulty
metric and selects samples whose losses fall within a “medium” range window.

Despite these advances, data pruning in the context of KD remains hindered
by two fundamental, yet orthogonal, obstacles: (i) Efficiency-Effectiveness
Trade-off in Score Estimation. High-fidelity trajectory-based metrics (e.g.,
EL2N [29], Forgetting [34], and AUM |31]) are computationally prohibitive for
KD, as they depend on training-time statistics that are generally not provided
with pretrained teachers. Consequently, obtaining these scores necessitates ex-
pensive retraining, which largely offsets the efficiency gains intended by pruning.
In contrast, the CE loss adopted by Chen et al. [7] does greatly reduce time cost
by computing only the per-sample loss. However, it is an unreliable indicator of
sample difficulty, as over-parameterized deep networks are capable of overfitting
even hard or mislabeled samples [2], resulting in small yet weakly discriminative
losses across samples of widely varying difficulty (more details see Fig. [I)). (ii)
Rigid and Suboptimal Sampling. Even with reliable scores, conventional
sampling strategies rely heavily on manual heuristics, such as top-k [4], strati-
fied sampling with a fixed cut-off ratio [40], or window-based selection over the
score distribution [7,/9]. These hand-crafted designs share a common limitation:
they impose a fixed selection region that cannot adapt to the varying data dis-
tributions and teacher-student dynamics across different KD settings, inevitably
leading to limited performance.

To overcome the aforementioned limitations, we propose an optimized KD
pruning framework, Influence Function based Beta Policy (IF-Beta),
which unifies IF scoring with a learnable probabilistic pruning policy. In par-
ticular, we first revisit the influence function (IF) |21], which is a post-hoc ap-
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proach to quantify the impact of each training data. Thanks to the recent ad-
vances |36], we show that IF serves as an efficient and effective score estimator
for KD-oriented data pruning, replacing prior score-based approaches. Building
upon this IF-based scoring, we further introduce a learnable probabilistic prun-
ing policy based on a parameterized Beta distribution, called Beta Policy, which
provides a shape-adaptive mechanism for selecting data. Formally, we pose the
optimization of our Beta Policy as the following bilevel optimization problem:

min ®(6) = Enmey £(05(m), 1)
s.t. 05 (m) = argmin L(0g; 0, m), (2)
0s

where ¢ parameterizes the Beta Policy 7y over the scoring space. The inner-level
objective trains the student g on the subset of samples specified by the mask
m ~ 7y, using the teacher 07 for guidance through the KD loss L(0g; 07, m).
The outer-level objective then updates ¢, evaluated by the validation objective
L(0%), to improve the expected distillation performance. To further realize this
efficiently, we simulate the student side of KD using a lightweight linear classifier
trained on the frozen teacher features. This proxy-student formulation faithfully
captures the knowledge transfer dynamics of KD while keeping the overall com-

putational cost negligible. Overall, we summarize our contributions as follows:

— We investigate the influence function as an efficient and effective estimator
for KD pruning, and empirically show that IF can substitute both difficulty-
based and uncertainty-based scores utilized in conventional data pruning
without requiring retraining.

— We introduce a learnable data pruning policy based on a parameterized Beta
distribution, which can be optimized efficiently via a bilevel formulation in
the teacher’s feature space.

— Extensive experiments demonstrate that IF-Beta achieves consistently strong
performance across KD settings, and show that IF-Beta can surpass full-data
distillation using less data and less compute.

2 Preliminaries

We first revisit the formulation of knowledge distillation (KD) and influence func-
tions (IF'), which together establish the basis in our framework. A more detailed
discussion, along with other related works (including knowledge distillation, data
pruning and influence function), is provided in the Appendix.

Knowledge Distillation. The goal of KD is to transfer the knowledge of a large
teacher network into a compact student model, enabling efficient inference while
maintaining competitive performance [18]. In this work, we typically focus on the
standard KD framework for image classification tasks, which simply leverages
the teacher’s predictive distribution to guide the optimization of the student.
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Let the training dataset be Dy, = {2, = (2, yn)})_;. Given a teacher net-
work fr and a student network fg, the student is trained on Dy, by minimizing a
weighted combination of the standard cross-entropy loss and a distillation term:

fxp = (1 — Oé) log + OéfKL, (3)

where a € [0, 1] and the distillation term is the Kullback—Leibler (KL) divergence
between the teacher and student predictive distributions: fkx1, = KL(fr(z) || fs(z)).

Data Pruning. Data pruning aims to select a subset of training samples that
preserves the performance of the full dataset while reducing computational cost.
Most existing pruning methods [4}7,9,|40] follow a two-stage pipeline: (i) esti-
mating a score for each sample, and (ii) selecting a subset based on these scores
under a given pruning ratio.

For score estimation, prior work typically measures either sample difficulty
(e.g., EL2N [29|, Forgetting [34], AUM |[31]) or predictive uncertainty (e.g.,
Dyn-Unc |17], DUAL [8§]), which are derived from training dynamics (i.e., per-
epoch predictions) and therefore require full or partial model retraining. In KD,
however, only a pretrained teacher is available, without its training trajectory.
This motivates the need for effective and efficient post-hoc score estimators that
can be computed directly from a pretrained model.

Given the estimated scores, existing methods typically apply heuristic selec-
tion rules, such as top-k |4], stratified sampling with manually designed cut-off
ratio [40], or sliding-window mechanisms |7/9]. Such heuristic strategies may limit
subset optimality under different pruning regimes, motivating more principled
and adaptive selection mechanisms.

Influence Functions. To address the limitation of trajectory-dependent scor-
ing, we revisit influence functions as a potential post-hoc estimator, which aims
to understand the influence of individual training points on the model’s predic-
tions, i.e., how the model’s output would change if a particular training point
were removed [10}/15].

Consider a model, whose parameters 0* are obtained via empirical risk min-
imization (ERM) over D,:

N
* . 1
0* = arg min — Zﬁ(znﬁ), (4)

n=1

where ¢ denotes a per-sample loss function, e.g., the cross-entropy loss for clas-
sification tasks.

Next consider a validation set Dya = {2m = (T, Ym) }M_;. Following Koh
and Liang [21], the influence of a training point z, € Dy, on a specific validation
example zys € Dya can be expressed as:

(2t 2val) == 9o Hp' gz, (5)

where g, = Vy«l(z,0%) denotes the gradient of the loss w.r.t. 6* for z, and
H,, = % 25:1 V2, 0(2,,0%) is the Hessian matrix computed over Dy,. Therefore,
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the influence function of z;, on Dy, can be extended as follows:

M
1 _
I(ztr;Dval) = M Z g;rmHtrngtrv (6)

m=1

where z,, € Dya.

This allows us to quantify the contribution of each training point. Despite its
appealing theoretical foundation, traditional IF estimators were long considered
impractical due to their high computational cost [24] and unreliable estimation
quality [3L[5].

3 Method

In this section, we first introduce an efficient post-hoc score estimator based on
influence functions (Section . Building upon the estimated scores, we then
propose an adaptive sampling strategy via a Beta Policy (Section . The
search for the optimal policy is formulated as a bilevel optimization problem
(Section , for which we further present an efficient solution to this optimiza-
tion in the feature space under the KD setting (Section [3.4)).

3.1 IF Serves as an Efficient Score Estimator

To address the limitation of trajectory-dependent scoring in KD, we revisit influ-
ence functions as a post-hoc estimator. Although classical influence estimation
suffers from instability and high computational cost in deep neural networks,
recent advances [36] show that optimizing towards a flat validation minimum
(FVM) significantly stabilizes influence estimation (also observed in Fig. [I]).

Following this insight, we fine-tune the pretrained teacher model 61 on the
validation set Dy, using Sharpness-Aware Minimization (SAM) [13]. Typically,
we solve:

Or := arg I%iTn Rzal(GT), (7)
where R, (1) := max Ry.(6r + A). (8)
A<y

Here, 7 is a fixed constant and Ryal denotes the empirical validation risk. This
fine-tuning step is highly efficient because it operates directly on the given
teacher model, introducing only modest computational overhead. The SAM-style
objective improves the stability of curvature estimation by enforcing local flat-
ness of the loss landscape, thereby enabling IF to achieve more reliable influence
estimation than previous methods.

Let g. = V;_{(z, 67) denote the gradient of the loss w.r.t 67 for the sample

z, and let Hyy = ﬁ 2%21 V%Tﬁ(zm, éT) represent the Hessian matrix computed
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over the validation set Dy,). Under the FVM condition, the influence of a training
sample zi; on the validation set Dy, can then be derived as:

I(2tes Dyval) := g;rH\;}!}z”» 9)

which we adopt as the score estimator for sample selection. A detailed derivation
is provided in the Appendix.

In practice, directly computing Eq. [J] can be inefficient, as it requires esti-
mating the inverse Hessian matrix H_!. To address this issue, we approximate

val *
the inverse Hessian using the inverse of a diagonal Fisher Information matrix,

diag (ﬁ > v €D Gzt g;), which yields a highly efficient approximation and

makes the overall score computation practical at scale.
Flg Valldates the relia‘bll_ CE-loss  IF-LiSSA  IF-FVM CE-loss  IF-LiSSA  IF-FVM

ity of our proposed IF-FVM score
. . % 59.6 55.0 622
estimator. Specifically, we bench- & .
mark various post-hoc score esti- =
. = 36.2
mators by computing the Spear- N »e
man rank correlation between (a) CIFAR-10 (b) CIFAR-100

their scores and two established )
trajectory-based difficulty met- Fig.1: Spearman rank correlation (%) be-

. tween post-hoc score estimators and trajectory-
rics: EL2N [29] and AUM |31].
. . based difficulty metrics. Higher values indicate
These metrics are widely regarded

stronger alignment in sample ranking.
as faithful proxies for sample & & P &

hardness. Intuitively, a higher correlation coefficient indicates that the estimator
more accurately captures the intrinsic difficulty of samples by effectively aligning
with the learning dynamics observed during training. As shown, IF-FVM con-
sistently maintains a strong correlation across datasets, outperforming both the
CE-loss baseline and IF-LiSSA . Our results suggest that IF-FVM serves
as a computationally efficient yet robust alternative to metrics that otherwise
require expensive trajectory tracking.

3.2 Adaptive Sampling via Beta Policy

Having established that IF under FVM serves as an effective score estimator,
we next pose a natural question: Can existing sampling strategies for sample
selection be directly applied to KD scenarios without compromising performance
or efficiency? While applicable in principle, their effectiveness in KD remains
suboptimal. Specifically, we identify critical limitations in representative meth-
ods, CCS and BWS ﬂgﬂ, within KD contexts: CCS exhibits a threshold shift,
where the optimal cutoff ratio varies significantly between KD and non-KD set-
tings, rendering pre-defined hyperparameters non-transferable (Figs. [2a] and [2b)).
Meanwhile, BWS is hindered by a suboptimal fixed-window design; as our re-
placement experiments (Fig. reveal, introducing randomness into the selec-
tion window actually improves performance. These findings (further detailed in
the Appendix) underscore the need for an adaptive, learnable sampling strategy
that overcomes the rigidity of current heuristic-based selection.
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Fig. 2: Limitations of heuristic sampling methods on ResNet-18 with a pruning ratio
90%. (a,b) CCS with different hard cutoff ratios when w/o KD and W/ KD. (c) BWS
with different replacement ratios with outside samples.
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terval [0, 1], obtaining normalized val- Fig. 3: Comparison of our Beta Policy with
ues 8; € [0,1], where smaller values CCS and BWS. Our Beta Policy provides a
correspond to more difficult samples. more flexible and adaptive sampling distri-
Accordingly, we parameterize the se- Pution-

lection probability of each sample using the Beta distribution:

MR

Density

o~ N

(6 = & 1 so@=1] _ s \8@)-1
P = 7 Ba@ By LT 10)

where B(-,-) is the Beta function, and Z is a normalization constant ensuring
>;pi = 1. Here, ¢ represents the learnable parameters that jointly control «
and (. As illustrated in Fig. [3] our approach provides a continuous and flexible
density over the sample space. This contrasts with the rigid, uniform sampling
over predefined support sets used in CCS and BWS, allowing for a more adaptive
selection strategy.

Based on the parameterized sampling probability p;(¢) defined in Eq. we
introduce the Beta Policy 7, a Beta distribution-based categorical distribution
over the training samples conditioned on ¢ and r. This policy enables sampling
a binary mask vector m € {0,1}"V with a fixed pruning ratio r € [0, 1] according
to

m o~ 7y = p(m | ¢,r), (11)
where
1 N
p(m | ¢,7“) = T& il;[lpi(ﬂﬁ)mileHl:K,,(m)v (12)

Ljjm| =k, () denotes the indicator function and Z, is the normalization con-
stant ensuring a valid categorical distribution over all masks satisfying ||m||o =
K, = (1—r)N. The sampled mask vector m then defines a pruned subset of the
training data, Dsyp = {2; | m; = 1,2; € Dy, }.
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3.3 Bilevel Optimization for the Beta Policy

Following Zhou et al. [41], we formulate the search for the optimal policy Ty, as
a bilevel optimization problem:

min &) = By £(65(m), (13)
s.t. 05 (m) = argmin L(0g; 07, m). (14)
0s

Here, 65 denotes the model parameter of the student model. The inner objective
evaluates the training risk of 6 on the sampled subset Dg,}, using the Knowledge
Distillation loss fxp:

1
L(0s;07,m) = - > tkp(zi,0s,07), (15)
2;€Dsup

where 07 represents the parameters of the teacher model. The outer objective
measures the validation risk of the optimized model §%(m) on the validation set
Dy using Cross Entropy loss {cg:

n* 1 *

L(Os(m)) = -+ Y ton(z:,05(m)). (16)

2; € Dyal

Intuitively, this bilevel formulation seeks the optimal policy such that the sam-
pled subset induces a model that generalizes best on the validation set.
However, directly solving this bilevel optimization yields a gradient estimate
of the form V,@(¢) ~ V405(m)Ve L(05(m)), which requires implicit differ-
entiation of the inner optimum, i.e., V40%5(m), and is thus computationally
prohibitive for deep neural networks. By exploiting the probabilistic formulation
of our Beta Policy 7y, we circumvent this issue by adopting a policy gradient
estimator, thereby eliminating the need for costly implicit differentiation.

Particularly, we establish the following result:

Theorem 1 (Unbiased Policy-Gradient Estimator). Let 7, be a differen-

tiable sampling policy over mask vectors m € {0,1}. Define the policy-gradient
estimator

§(m) = L (05(m)) Vo Inp(ml, 7). (17)
Then g(m) is an unbiased estimator of the true gradient V,$(¢):
Em~ry [§(m)] = Vs @(). (18)

@

The proof is provided in the Appendix. Theorem [l ensures that g(m) provides
an unbiased stochastic gradient for optimizing ¢. Consequently, given the inner-
loop optimum 6% (m), the policy parameter ¢ can then be updated via stochastic
gradient descent:

¢ ¢ —nL(05(m)) VyInp(m|é,r), (19)

where 7 denotes the learning rate.
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3.4 Efficient Bilevel Optimization in Feature Space

While the outer-loop objective in Eq. [I3] can be efficiently optimized via the
policy gradient estimator (Eq. , the inner-loop optimization in Eq. re-
mains computationally expensive, as it requires retraining the student network
to convergence for every policy update.

To address this issue, we leverage the structure of the KD setting. Remark-
ably, instead of training the student model’s full parameter set 6 from scratch,
we utilize a surrogate student by attaching a trainable linear classification head
f1 to the fixed pretrained teacher model with parameters 7. Let fr(-) denote
the fixed feature extractor parameterized by 6. Each training sample z; is thus
represented by its frozen feature f; = fr(z;) € R% Accordingly, the student
model is formulated as:

fos (i) == fr(fi) = Cf;, (20)

where C € R¢ x R? denotes the parameters of the linear classifier that maps
feature vectors to class logits.
Finally, the inner-loop objective in Eq. [15| can be reformulated as

o1
C*(m):argcr’nln? Z txp (2, C,07), (21)

2; € Dgup

which can be efficiently optimized since it involves learning only a single linear
layer. Further detailed implementation and the complete pipeline of IF-Beta are
provided in the Appendix.

Remark. It is worth noting that the bilevel formulation in Eq. [I5| presented in
Section is general and can be directly applied to both KD scenarios |18] and
standard supervised classification [11,22]. In particular, by replacing the inner
objective in Eq.[I5] with a standard CE loss, our approach naturally transfers to
a general data pruning framework. To demonstrate this versatility, we further
conduct standard data pruning experiments following prior works [8}/9,/40], with
the results reported in Section [4:4]

4 Experiments

In this section, we present extensive experiments to evaluate the effectiveness
and generality of IF-Beta. We first compare existing data pruning methods for
distillation across three representative datasets (CIFAR-10/100 [22] and Ima-
geNet [11]) under various pruning ratios, and with different teacher architectures
(e.g., ResNet [16], WideResNet [37], ViT [12]).

Baselines. The baselines considered in this work can be grouped into two cat-
egories: (1) methods that require partial or full retraining to obtain training
dynamics, including EL2N [29|, GraNd [29|, Forgetting [34], and DUAL [g]; and
(2) methods that do not require retraining, including Random [4] and Medium-
Difficulty [7]. In addition, to fairly compare with recent score-based sampling
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(a) CIFAR-10 (b) CIFAR-100 (c) ImageNet
Fig. 4: Performance comparison between IF-Beta and other baselines on CIFAR-
10/100 and ImageNet under the KD setting, where for CIFAR-10/100 both teacher
and student are ResNet-18, and for ImageNet both are ResNet-50. The pruning ratio
is the fraction of examples removed from the original datasets. The dashed horizontal
line denotes the student distilled on the full dataset (without pruning). Detailed nu-
merical results are provided in the Appendix.

strategies (CCS [40] and BWS [9]), we implement them with our introduced
IF-based scores, resulting in IF-CCS and IF-BWS, which also do not require
retraining.

Training Details. For distillation, all models are trained with the loss in Eq.
Noting that Chen et al. [7] also introduce a new distillation loss, we addition-
ally report results under this loss and denote it as Medium-Difficulty*. Due to
computational constraints, on ImageNet we only compare against EL2N and the
six baselines that do not require retraining (including Medium-Difficulty*). For
CIFAR-10/100, all models (across all pruning ratios) are trained with a batch
size of 128 for 40K iterations (about 200 epochs over the entire dataset), while
for ImageNet all student models are trained with a batch size of 128 for 300K
iterations (about 30 epochs over the entire dataset). All results are averaged over
three random seeds (0, 1, 2). Additional experimental details are provided in the
Appendix.

4.1 Main Results: Data Pruning for Knowledge Distillation

We first evaluate data pruning under the KD setting where the teacher and
student share the same architecture. As shown in Fig. ] IF-Beta consistently
outperforms all baselines across all datasets and pruning ratios. Notably, even
compared to the recent method DUAL [8], which requires partial retraining (60
epochs) to extract training dynamics, IF-Beta consistently achieves superior ac-
curacy. Compared with recent Medium-Difficulty |7], which also does not require
retraining, IF-Beta even exhibits a clear performance advantage over it.
Remarkably, IF-Beta can surpass full-data distillation using only a subset
of the training data: retaining 70% on CIFAR-10 achieves 95.69% vs. 95.50%,
90% on CIFAR-100 reaches 79.53% vs. 79.38%, and 50% on ImageNet already
yields 74.02% vs. 73.54%. This suggests that in KD, not all training samples
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Table 1: Performance comparison between full-data distillation, IF-Beta, and Ran-
dom (pruning 10%, 30%, 50%) under limited training budgets on CIFAR-~10,/100 (10K
iterations) and ImageNet (150K iterations). Bold denotes the best results.

Prune Method CIFAR-10 CIFAR-100 ImageNet
0% Full-data 86.62+ 1.67 63.544 2.21  57.16+ 0.14
IF-Beta 87.81+ 0.58 66.26+ 0.91 -

07
10%  Random  87.30+ 0.62  64.95+ 0.42
30% IF-Beta 89.23+ 1.05 66.53+ 1.11 61.35+ 0.09
®  Random  88.03+ 0.83 63.50+ 2.42  57.48% 0.17
= IF-Beta 90.80+ 1.29 67.31+ 152 60.70+ 0.12
50%

Random  86.37+ 0.85 63.39+ 1.290 57.12+ 0.15

are equally beneficial—some may actively impede student generalization, and
carefully pruning them away yields a cleaner and more informative training
signal.

Finally, IF-Beta is further validated under heterogeneous teacher architec-
tures spanning ResNet-50/101 [16], WideResNet [37], and ViT-Base [12], con-
sistently outperforming all retraining-free baselines across all settings (see Ap-
pendix).

4.2 Further Analysis of IF-Beta

Beyond the main results, we further examine IF-Beta from four complementary
perspectives: (i) sample efficiency under constrained training budgets, (ii) end-
to-end compute savings relative to full-data training, (iii) advantages over other
efficient KD methods, and (iv) generality across diverse distillation objectives.

Sample Efficiency under Constrained Budgets. As shown in Tab. [I} we
evaluate IF-Beta under severely constrained training budgets (10K iterations
for CIFAR-10/100 and 150K for ImageNet). IF-Beta consistently outperforms
both full-data distillation and random pruning across all pruning ratios and
datasets—with 50% data pruned, IF-Beta achieves 90.80% on CIFAR-10, 67.31%
on CIFAR-100, and 60.70% on ImageNet, all exceeding the full-data baselines.
Crucially, the consistent margin over random pruning demonstrates that these
gains are not solely attributable to a more favorable training regime induced by
fewer samplesEI but stem from effective sample selection itself.

End-to-End Compute Savings. We then examine how much time is actually
needed (with less data) to reach the final performance of the full-data student.
As shown in Tab. [2] across all three datasets, IF-Beta can surpass the final
full-data student using fewer samples and in much lower time cost, even when
the cost of IF-Beta pruning process is included.

Comparison with Efficient KD Methods. Following the evaluation proto-
col of Chen et al. [7], we compare IF-Beta against other efficient KD methods

5 With a fixed iteration budget, training on a smaller subset effectively increases the
number of passes over each sample, which alone can improve generalization.
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Table 2: Compute comparison between IF-Beta and full-data training when KD.
Relative cost denotes the ratio of time between: (i) the total number of iterations
IF-Beta actually consumes until surpassing the final full-data students’ performance
(including the pruning process), and (ii) the standard full-data training schedule. Bold
denotes the best results.

Dataset Prune Relative Cost IF-Beta Full Data
CIFAR-10 30% 0.806 x 95.64 95.50
CIFAR-100 10% 0.845 % 79.45 79.38
ImageNet 50% 0.915x 73.67 73.54

Table 3: Test accuracy and training time on ImageNet of prior efficient KD methods
and our IF-Beta using 70% of samples, where the teacher is ResNet-34 and the student
is MobileNet. Bold denotes the best results and underline denotes the second-best.

Baseline [19] Zipf’s LS [25] USKD |35] S/i[f‘;.i‘uulrt‘;* [7] IF-Beta
Acc (%) | 69.57 69.59 70.38 70.92 71.20
Time (h) | 39.86 > 39.86 > 39.86 36.98 19.24

by distilling ResNet-34 into MobileNet on ImageNet using a single NVIDIA
A100 GPU. As shown in Tab. [3| IF-Beta achieves the best accuracy of 71.20%
while requiring only 19.24 hours—Iless than half the cost of the full-data Base-
line (39.86h) and Medium-Difficulty* (36.98h). The efficiency gains stem from
three factors: reduced data volume (70% subset), no repeated teacher queries
per epoch, and a higher-quality subset that preserves distillation effectiveness
even under one-shot teacher logits. Further detailed discussion is provided in the
Appendix.

Generality Across Distillation Objectives. To verify that IF-Beta is not
tied to a specific distillation loss, we evaluate it under three representative KD
objectives on CIFAR-10/100: Relational KD [27] (relation-based), FitNets [32]
(feature-based), and Attention Transfer [38| (attention-based). As shown in Tab.
IF-Beta consistently outperforms both Random pruning and Medium-Difficulty

Table 4: Performance under different KD losses and pruning ratios on CIFAR-10/100.
Med-Dif denotes Medium Difficulty. Bold denotes the best results

Relational KD FitNets Attention Transfer

Prune Method | cipAR 19 CIFAR-100 | CIFAR-10 CIFAR-100 | CIFAR-10 CIFAR-100

0% Full-data | 95.52 78.56 | 95.35 78.32 | 95.70 78.77
Random 95.07 76.19 94.57 75.08 94.52 75.63
30%  Med-Dif* | 94.87 77.04 93.97 75.53 94.02 75.77
IF-Beta 95.24 78.59 95.05 77.94 95.34 78.52
Random 94.64 74.09 93.65 71.46 93.65 71.73
50%  Med-Dif* | 94.11 74.26 92.79 71.33 92.96 72.65
IF-Beta 95.67 77.82 95.16 77.56 95.04 77.58
Random 93.70 69.21 91.54 64.99 92.06 66.08
70%  Med-Dif* | 93.18 69.54 90.49 65.04 91.22 66.69
IF-Beta 94.53 73.36 93.49 71.52 93.64 72.26
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Table 5: Performance comparison of different sampling strategies (IF-Beta vs. IF-CCS
and IF-BWS) under the KD setting across various pruning ratios on CIFAR-10/100
and ImageNet. Bold denotes the best results and underline denotes the second-best.

Method 90% 80% 70% 50% 30% 10%

CIFAR-10
IF-CCS  88.18 90.87 93.39 93.77 94.65 95.40
IF-BWS 86.20 86.50 89.80 94.82 95.51 95.47
IF-Beta 88.51 91.30 93.90 95.38 95.69 95.66

CIFAR-100
IF-CCS  63.73 7042 7222 77.64 78.47 78.58
IF-BWS 5871 6391 71.75 7581 78.85 78.95
IF-Beta 64.11 70.90 75.60 79.10 79.34 79.53

ImageNet
IF-CCS  65.73 68.31 71.68 7298 73.32 -
IF-BWS 67.90 70.56 72.86 73.63 73.66 -
IF-Beta 68.62 71.70 73.48 74.02 74.18 -

across all losses, pruning ratios, and datasets, demonstrating its effectiveness and
generality.

Remark. Taken together, these results suggest a broader perspective on effi-
cient KD: the quality of the training data may matter more than the specifics of
the distillation algorithm. Across diverse training budgets, distillation objectives,
and teacher-student pairs, IF-Beta consistently benefits from selecting a more in-
formative subset—suggesting that careful data curation is a universally effective
and complementary strategy for improving both the efficiency and effectiveness
of knowledge distillation.

4.3 Ablation Study: Advantages of the Learnable Beta Policy

We also examine the performance of CCS [40] and BWS [9] when combined
with our influence scores (i.e., IF-CCS and IF-BWS) on CIFAR-10/100 and
ImageNet. As shown in Tab. [5| IF-Beta consistently outperforms both variants
across all pruning ratios and datasets, demonstrating that the learnable Beta
Policy provides clear advantages over fixed-threshold and fixed-window selection,
consistent with our analysis in Section [3.2]

4.4 Data pruning for non-KD Scenario

To further verify the generality of IF-Beta beyond KD, we also evaluate it under
the standard data pruning setting following CCS [40]. In this case, the inner
objective in Eq. is replaced with a standard CE loss, corresponding to con-
ventional supervised training rather than distillation. As shown in Fig. [ IF-
Beta remains competitive and consistently outperforms other baselines across
all pruning ratios on CIFAR-10/100. These results indicate that IF-Beta is not
tied to KD, but can also serve as a general-purpose pruning mechanism under
standard supervised learning, without relying on training-dynamics trajectories.
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Fig. 5: Performance comparison between IF-Beta (w/o KD) and other baselines with
ResNet-18 on CIFAR-10,/100 under standard data pruning setting (é.e., training with-
out KD). The pruning ratio is the fraction of examples removed from the original
datasets. The dashed horizontal line denotes the model trained on the full dataset.
Detailed numerical results are provided in the Appendix.

Further Discussion. IF-Beta is originally designed for KD, where a pretrained
teacher model is naturally available to compute influence scores. However, un-
der standard data pruning, such in-domain pretrained models are typically not
provided unless one retrains a model first. Fortunately, thanks to the nature of
FVM [36], we can simply replace the in-domain model with a generic off-the-
shelf pretrained model (e.g., trained on ImageNet) to compute influence scores.
As shown in Tab. [6] under the setting of conventional training without KD, us-
ing only an ImageNet-pretrained ResNet-18 from the PyTorch model zoo [28] to
compute IF on CIFAR-10/100 still yields competitive pruning performance, with
only minor degradation. This means that, for standard data pruning, IF-Beta
can completely avoid any retraining cost while still providing strong pruning
quality.

Table 6: Performance comparison under standard data pruning with various data
pruning ratios on CIFAR-10/100. IF-Beta (w/o KD) uses an in-domain pretrained
model to compute influence scores, while IF-Beta* (w/o KD) uses a generic ImageNet-
pretrained ResNet-18 (from PyTorch model zoo |28]). Bold denotes the best results
and underline denotes the second-best.

Method 90% 80% 70% 50% 30% 10%

CIFAR-10
Random  80.17 87.65 91.13 93.43 94.42 95.17
IF-Beta 85.45 90.85 93.12 94.80 95.21 95.50
IF-Beta* 85.34 90.22 92.22 94.59 95.14 95.37

CIFAR-100
Random 44.58 57.16 65.57 71.01 74.93 78.14
IF-Beta 55.78 65.95 72.32 76.73 77.51 78.27
IF-Beta* 53.31 63.09 69.50 74.79 76.54 77.60
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5 Conclusion

This paper proposes IF-Beta, a data-pruning framework for knowledge distil-
lation that accelerates student training by identifying the most informative
samples for distillation. IF-Beta unifies influence function-based scoring with
a learnable Beta Policy parameterized by a Beta distribution, which can be ef-
ficiently optimized through a bilevel formulation in the teacher’s feature space.
The influence function provides a reliable and retraining-free estimate of sample
importance, while the Beta Policy overcomes the rigidity of heuristic selection
strategies by adaptively learning the optimal sampling distribution. Extensive
experiments on CIFAR-10/100 and ImageNet demonstrate that IF-Beta consis-
tently outperforms existing baselines across a wide range of pruning ratios, and
remarkably enables students trained on substantially less data and under lower
compute budgets to surpass full-data distillation. Beyond KD, IF-Beta general-
izes naturally to standard data pruning settings, demonstrating its effectiveness
as a broadly applicable pruning strategy regardless of the training objective.
These results suggest that which samples to distill may matter more than how
to distill them, positioning data curation as a principled and practical lever for
improving efficiency in modern training pipelines.
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