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ABSTRACT

Deep Neural Networks (DNNs) have achieved remarkable success in image classi-
fication tasks. However, their training typically requires large-scale, high-quality
labeled datasets, which may be scarce or infeasible to obtain in certain computer
vision tasks. To alleviate this challenge, Generative Data Augmentation (GDA)
has been introduced to improve model performance by increasing the number of
training samples with synthetic data generated by models such as Diffusion Mod-
els (DMs). Despite its benefits, GDA-generated synthetic samples often contain
noise, which can negatively impact the performance of image classification models
when incorporated into training. Prior approaches, including data selection and
reweighting techniques, aim to address this issue but often rely on external expert
models or clean metadata. In this work, we introduce Informative Data Reweight-
ing (IDR), a principled sample reweighting framework based on the Information
Bottleneck (IB) principle, to enhance the performance of DNNs for image clas-
sification using GDA. Through extensive experiments, we demonstrate that IDR
effectively prioritizes more informative training samples in the augmented train-
ing set comprising original real training samples and synthetic training samples,
resulting in substantial improvements over existing data selection and reweight-
ing strategies for GDA in image classification. The code for IDR is available
athttps://anonymous.4open.science/r/IDR-3BEOQ/.

1 INTRODUCTION

Deep Neural Networks (DNNs) have achieved strong performance across computer vision tasks
such as image classification, semantic segmentation, and object detection, but their success critically
depends on large-scale, high-quality annotated datasets (Feng et al., 2020). However, obtaining such
datasets poses substantial challenges for many computer vision tasks (EI Jiani et al., 2022; Xiao
et al., 2023) due to constraints such as resource limitations and privacy concerns (Esteva et al., 2021;
Price & Cohen, 2019; Ali et al., 2023; Ramudu et al., 2023). To mitigate this issue, researchers
have explored Generative Data Augmentation (GDA) (Saryildiz et al., 2023; Lei et al., 2023; Azizi
et al., 2023; Trabucco et al., 2024), leveraging techniques such as Generative Adversarial Networks
(GANSs) (Zhang et al., 2021; Li et al., 2022) and Diffusion Models (DMs) (He et al., 2023; Tian et al.,
2023; Yuan et al., 2022; Bansal & Grover, 2023; Vendrow et al., 2023) to generate synthetic training
samples that can be combined with the original training set for data augmentation, leading to an
augmented training set.

Limitations in Existing GDA Methods. Despite its potential, synthetic samples generated by GDA
often contain noise, such as local visual artifacts and semantic inconsistencies, which can degrade
downstream image classification performance (Corvi et al., 2023; Azizi et al., 2023; He et al., 2023).
To mitigate this issue, prior work has proposed data selection and sample reweighting strategies that
train classifiers on curated or weighted synthetic samples (Chhabra et al., 2024; He et al., 2023),
typically relying on meta-networks with clean metadata to assign higher importance to informative
samples, while assuming the availability of such clean metadata (Shu et al., 2019; Guo et al., 2022;
Jain et al., 2024). A closely related study, CBF (He et al., 2023), filters low-quality synthetic samples
using CLIP zero-shot confidence (Radford et al., 2021) in GDA, but its effectiveness relies heavily on
CLIP, an expert vision—language model pretrained on large-scale, non-public image—text datasets.
GenDataAgent (Li et al., 2025) filters out-of-distribution samples from an expert generative model,
Stable Diffusion, using VoG-based logit gradients, while it cannot be employed to select informative
in-domain synthetic samples as in GDA (He et al., 2023; Azizi et al., 2023), where the generative
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model is trained on the same domain as the original training data. In summary, the current machine
learning literature lacks a principled sample reweighting method for GDA, which does not rely on
clean metadata or external expert models. We further note that the upper bound for mutual information
between the learned features and the input training features in the IB loss in IDS (Wang et al., 2025)
and DCS-Transformer (Wang et al., 2024) is vacuous in terms of the learned features, with details in
Section E.2 of the appendix. Such drawback of IDS results in its inferior performance compared to
our IDR as evidenced in Tables 1, 5, 6, and 7 of Sections 4.1, D.4, D.5, and D.6.

To address this issue, we propose a novel In-
formative Data Reweighting (IDR) method for
reweighting samples in the augmented train-
ing set obtained from GDA, inspired by the In-
formation Bottleneck (IB) principle. As illus-
trated in Figure 1, IDR starts with GDA to gen- | LM I_,I Synthetic e ¢

erate a synthetic training set using the LDM Training Set S s
trained on the original training set, which is <5 5% 5.5 A fumenation (GDA)  Informative Data Reweighting (IDR)
then combined with the original training set

to form an augmented training set. IDR aims Figure 1: The pipeline for Generative Data Aug-
to assign higher importance weights to more mentation (GDA) and Informative Data Reweighting
informative training samples in the augmented ~(IDR).

training set that contribute more to the image classification task. To achieve this goal, IDR trains a
sample reweighting network that assigns importance weights to the samples in the augmented training
set by reducing the IB loss on them. Let X be the input features, and Z be the learned features by
the classification network. Let Y be the ground truth training class labels. The principle of IB is to
increase the mutual information between Z and Y while reducing the mutual information between
Z and X. That is, the IB principle encourages reduction of the IB loss, I(Z, X) — I(Z,Y), where
I(-,-) denotes mutual information modeling the correlation of its input variables. The reduction of
the IB loss is achieved by optimizing a novel variational upper bound for the IB loss, termed VUIB,
which can be optimized by standard SGD algorithms. As illustrated in Figure 1, the cross-entropy
loss reweighted by the importance weights and the VUIB are iteratively optimized to update the
weights in the classification network and the sample reweighting network, inspired by the bi-level
optimization method in (Shu et al., 2019).

Original Augmented
Training Set Training Set

Update the Image
Classifier with
Reweighted CE Loss

Importance Weights Image
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Our Contributions. The contributions of this paper are presented as follows.

First, to the best of our knowledge, IDR is among the first to perform sample reweighting in GDA
by employing a principled IB framework in the sample reweighting process, where each sample in
the augmented training set receives an importance weight, aiming to improve the accuracy of the
classifier trained on the reweighted training samples. A sample reweighting network is optimized
for reducing the IB loss on the augmented training set, such that the IB principle, learning features
more strongly correlated with class labels while decreasing their correlation with the inputs, is better
adhered to. In contrast to existing works in sample reweighting (Shu et al., 2019; Guo et al., 2022;
Jain et al., 2024) and data selection (Chhabra et al., 2024; He et al., 2023), IDR does not require
either clean metadata or external expert models.

Second, to facilitate the reduction of the IB loss under mini-batch—-based SGD optimization, we
derive a novel and theoretically justified variational upper bound for the IB loss, termed VUIB, which
is amenable to optimization using standard SGD algorithms. Accordingly, the IB loss is reduced by
optimizing its corresponding upper bound, namely VUIB. In contrast to existing upper bounds for the
IB loss, such as VIB (Dai et al., 2018; Srivastava et al., 2021), which relies on an impractical Gaussian
assumption on the hidden features of deep neural networks, and APIB (Guo et al., 2023), which only
reduces an approximation of the IB loss, IDR directly reduces the variational upper bound VUIB
without introducing any distributional assumptions on the hidden representations or approximation
to the IB loss. Furthermore, the proposed VUIB is computationally efficient, with a complexity of
O(N'Ty + N'C), where C denotes the number of classes, N’ represents the number of training
samples, and 7§ is the computational cost of a forward and backward pass of the neural network for
each sample. By comparison, the mutual-information upper bound employed in CLUB (Cheng et al.,
2020), while avoiding distributional assumptions on hidden features, incurs a significantly higher
computational complexity of O(N’?Tp), since N’ > C'. As shown in Table 2, models trained using
VUIB achieve substantially better performance than those based on CLUB, VIB, and APIB. During
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the training of IDR, the importance-weighted cross-entropy loss and the VUIB are optimized in an
iterative manner to update the parameters of the classification network and the sample reweighting
network. As demonstrated by the results in Section 4.1, IDR significantly outperforms state-of-the-art
data reweighting and data selection methods for image classification on ImageNet-1K.

Recent works propose improved conventional data augmentation strategies for image classification
based on transformations of the original training samples (Kim & Kim, 2025; Kang et al., 2025). In
comparison, IDR leverages GDA to expand the training set and employs informative reweighting
to mitigate the noise introduced by synthetic samples, making it orthogonal and complementary to
conventional data augmentation approaches. Experiments in Section D.2 demonstrate that IDR outper-
forms existing conventional augmentation methods and achieves further performance improvements
when combined with them.

It is also worthwhile to mention that while the reweighting is originally developed to render importance
scores of synthetic data, it is revealed in this work that reweighting can also be applied to the original
real training samples so that more informative real samples contributing more to the classification
task receive higher importance weights. Section D.3 presents an ablation study showing that jointly
reweighting real and synthetic samples in IDR is more effective than reweighting synthetic samples
alone. Throughout this paper we use [N] to denote all the natural numbers between 1 and N.

2 RELATED WORKS

Information Bottleneck Principle. The Information Bottleneck (IB) principle (Tishby et al., 2000)
states that an optimal DNN compresses input data, retaining only information necessary for predict-
ing targets, thus increasing mutual information with outputs while reducing it with inputs. Deep
VIB (Alemi et al., 2017) incorporates IB as a training objective. Empirical (Lai et al., 2021; Zhou
et al., 2022) and theoretical (Amjad & Geiger, 2020; Kawaguchi et al., 2023) studies show that closer
adherence to IB improves performance.

Generative Data Augmentation, Data Selection and Sample Reweighting. Generative data
augmentation (GDA) creates synthetic training data but remains challenging. Although it can boost
image classification, synthetic samples often add noise (Azizi et al., 2023; Trabucco et al., 2024;
Na et al., 2024), motivating quality control. Prior work follows three paths: improving synthesis
quality (Sariyildiz et al., 2023; Lei et al., 2023; Zhou et al., 2023), selecting high-quality subsets (Song
et al., 2023; Lin et al., 2023; He et al., 2023; Chhabra et al., 2024; Li et al., 2025), and reweighting
samples (Mo et al., 2019; Shu et al., 2019; Guo et al., 2022; Jain et al., 2024). For example, CBF (He
et al., 2023) uses CLIP zero-shot confidence (Radford et al., 2021), while GenDataAgent (Li et al.,
2025) filters synthetic data via VoG-based logit gradients (Agarwal et al., 2022).

3 INFORMATIVE DATA REWEIGHTING

Given the original training set Dyey = {4, yi}f.v:l for image classification where x; is the input
feature with class label y; € [C] and C is the number of classes in the training set, we aim to
generate synthetic training set Dy, = {75, g?l}lj\il with diffusion models and train a classifier on
the augmented training set Dy, = {Z;, gi}fil = {z;, yz}fil U A{z;, @Z}Zj\il with N = N + M. To
mitigate the negative impact of noise in the synthetic training samples, we propose Informative Data
Reweighting (IDR) to reweight the training samples in D,,, with a sample reweighting network. The
sample reweighting network is trained by optimizing the variational upper bound for the Information
Bottleneck (IB) loss on the augmented training set in the hope that more informative training samples
receive higher weights, thus improving the performance of the classifier trained on the augmented
training set. In Section 3.1, we describe the details for generating the synthetic training samples with
diffusion models. We then introduce our novel variational upper bound for the IB loss in Section 3.2.
In Section 3.3, we describe the training of the reweighting network and the classifier network in IDR.

3.1 GENERATING SYNTHETIC TRAINING SAMPLES WITH DIFFUSION MODELS

To generate labeled synthetic training samples, we train a conditional Latent Diffusion Model
(LDM) (Rombach et al., 2022) with Classifier-Free Guidance (CFG) (Ho & Salimans, 2022) on the
latent features of the images in the training set, which are generated by an off-the-shelf pretrained
variational autoencoder (VAE) model from Stable Diffusion (Rombach et al., 2022). Detailed
formulations of the training and inference of diffusion models, LDM, and CFG are deferred to
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Section B.1 of the appendix. We use Diffusion Transformers (DiTs) (Peebles & Xie, 2023) as the
backbones of the LDMs in our work. Let v, and vq be the fixed pretrained encoder and decoder. The

encoder of the VAE is first applied to generate the latent features { hi}ﬁvzl Of Dyea1, Where h; = ve(x;)

is the latent feature of the i-th image. The LDM is then trained on {h;, yi}fil by minimizing the loss
in Equation 10 in Section B.1 of the appendix. Algorithm 2 in Section B.1 of the appendix describes
the training algorithm of the LDM. Once the training of the LDM is finished, the latent features
{h;}M | are generated for a set of pre-defined synthetic labels {@}Zl\il The synthetic labels are
obtained by uniformly sampling class indices from all the classes following the convention in existing
GDA methods (Azizi et al., 2023; Trabucco et al., 2024), which ensures balanced coverage across all
classes. The number of synthetic samples is decided by cross-validation as detailed in Section 4.1.
The synthetic training images {:?Z}f\il are then generated by applying the pretrained decoder on the

latent features {;}} |, where Z; = vg(h;). Algorithm 3 in Section B.1 of the appendix describes
the generation process of the synthetic training set. After obtaining the synthetic training set Dy,
with the LDM, we combine it with the original training set D;, to obtain the augmented training
set Dyye. Next, the classifier network in IDR can be trained together with the sample reweighting
network on Dy, to be described in Section 3.3.

3.2  VARIATIONAL UPPER BOUND FOR THE IB LOSS

Although data reweighting methods have achieved remarkable success in image classification, existing
data reweighting methods do not explicitly ensure that more informative training samples which
contribute more to classification tasks receive higher importance weights when applied to GDA. As a
result, synthetic training samples with noise introduced by the generative models, such as local visual
artifacts (unnatural textures, color bleeding, or over-smoothed regions) (Corvi et al., 2023) or semantic
inconsistencies (Azizi et al., 2023; He et al., 2023), could potentially degrade the performance of the
classification model trained on the augmented training set. To address this issue, we propose a novel
information-theoretic data reweighting method for GDA, termed Informative Data Reweighting (IDR),
which encourages the sample reweighting network to assign higher importance weights to more
informative training samples by explicitly reducing the IB loss on the augmented training set. Again,
we note that our reweighting is applied to both real and synthetic training samples for maximal benefit
of our reweighting scheme. IDR aims to reduce the IB loss, IB(Z, X,Y) = I(Z,X) — I(Z,Y),
where I(-, -) stands for the mutual information. X, Z, and Y denote the random variables representing
the input feature, learned feature, and ground truth training class label of the samples in the augmented
training set, respectively. Reduction of the IB loss ensures that the learned features of the augmented
training set are more correlated with their class labels and less correlated with their input features.
Lacking such an information-theoretic mechanism, existing sample reweighting methods, which do
not explicitly learn informative importance weights, may introduce noisy information to classification
tasks by assigning high importance weights to noisy training samples. By reducing the IB loss, IDR
explicitly encourages more informative training samples in the augmented training set to receive
higher importance weights by increasing the correlation of the learned features with class labels
while decreasing their correlation with the noise in the training samples, ultimately leading to more
discriminative features.

In order to assign higher importance weights to more informative training samples, we propose to
train the reweighting network by explicitly reducing the IB loss on the augmented training set. To
this end, we first derive a variational upper bound for the IB loss, which can be optimized by standard
SGD algorithms. Given the augmented training set Dy,e, we first specify how to compute the IB loss,

IB(©) = I(Z(©),X) — I(Z(©),Y), where O is the weights of the classification network, X is a
random variable representing the input feature which takes values in {ii}ivzll, Z(©) is a random
variable representing the learned feature which takes values in {Zi((%)}fvz/l with Z;(©) being the
learned feature for the i-th training sample in D,,,. Y is a random variable representing the class

, : c c
label, which takes values in {g;}\-,. We define C(6, ©) = {{c(,;npuo(ﬁ)}kl , {cgem)(ﬂ, 9)}k1}

as the class centroids of the input features and the learned features on D,,s, where ¢ denotes the
parameters of the sample reweighting network. The formulas for the computation of C(6, ©) can

be found in Equation (2). We abbreviate Z(0) as Z, ¢{"™(8) as ¢,"™", and ¢{*""(9, ©) as .
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Then we define the probability that Z; belongs to class o as Pr {Z € a} = % Zf\il & (Z;, cfev)
()

T G ER

we define the probability that ; belongs to class y as Pr [X € ?J} = N ZZ L O(Fi, 4.

with ¢(%;, cfea) =

) following (Wang et al., 2024; 2025). Similarly,

Similarly, we define the joint probabilities Pr {Z ca,X e y} = 3 Zi:l oz € a,Z; € y),
where ¢(Z; € a,Z; € y) is defined in (12) in the appendix. As a result, we can com-

c S
. . = oy c ~ ~ Pr[Z€a, X €y]
pute the mutual information by I(Z,X) = > ., y;l Pr {Z €a,X € y} log PZealrRey]’
5 5 . C le} = = Pr[Z€a, X €y] 5 .
I(Z,X) = Zazlzyzlpr [ZGG,XG?}] IOgW, and I(Z,Y) =
C C d o Pr[ZEa,f/:y}
D aeq Zy:l Pr {Z €aY = y} log W, and then compute the IB loss IB(©
IB(C(0,0),0,Due) = I(Z,X) — I(Z,Y). Given a variational distribution Q(Z € a|Y
y,a € [C], the following theorem gives our new variational upper bound, VUIB(C (6, ©),
for the IB loss IB(C(6, ©), ©, Dyyg)-

) =
= y) for
O, Do),
Theorem 3.1. Let Pr [f( € y} = ZzNz/l M5,—y1 /N’ = py be the prior probability for every y € [C].
Then

IB(C(0,0),0, Dayg) < VUIB(C(0,0), 0, Dag), €0

where
/

VUIB(C(0,©),0, Du) = 17 ZVUIB C(0,0),0,4;), VUIB(C(0,0),0,i;) :=U; — Vi.

=1

Here

c C (b(l a, ) c C B B
= ZZqS i,a,y)log ( gw) ) ZZ B(Z:, cF) V(g,=y1 g Q(Z € alY =y),
a=1y=1 Pyd(Zi, ca a=1 y=1

where ¢(i,a,y) = ¢(Z; € a,%; € y). Q(Z € a|Y = y) is the variational conditional probability that
Z belongs to class a given its label Y being y, which is computed efficiently by Algorithm 5 in the
appendix. VUIB(C(6,©), ©, Z;) can be interpreted as the information bottleneck upper bound for
the i-th sample in D,,e. The proof of this theorem follows by applying Lemma E.1 and Lemma E.2
in Section E of the appendix. We remark that VUIB(C(6, ©), ©, Z;) is ready to be optimized by
standard SGD algorithms because it is the summation of losses on individual training points.

Efficient and Distribution-Free Variational Upper Bound. Since our novel variational upper
bound is distribution-free, we demonstrate the computational efficiency of VUIB over the existing
distribution-free upper bound for the IB loss in CLUB (Cheng et al., 2020). Let 7y denote the
computational cost of a forward and backward pass of the neural network for each individual training
sample. The overall computational complexity for VUIB is ©(N'Ty + N'C). By comparison,
computing the upper bound for the IB loss introduced in CLUB (Cheng et al., 2020) incurs a
significantly higher computational complexity exceeding ©(N'*Ty) since N’ >> C. Notably, the
term © (N’ 2To) accounts solely for the computation of the upper bound for the mutual information
I(Z, X). In addition, CLUB (Cheng et al., 2020) requires the evaluation of a lower bound on the
mutual information 1(Z, Y") in order to construct an upper bound on the IB loss I(Z, X)—I(Z,Y). A
detailed analysis of the computational complexity of both CLUB and VUIB is provided in Section F
of the appendix. Unlike existing upper bounds for the IB loss, such as VIB (Dai et al., 2018;
Srivastava et al., 2021), which rely on an impractical Gaussian assumption over the hidden features
of DNNs, and APIB (Guo et al., 2023), which only reduces an approximation of the IB loss, IBMA
directly optimizes a variational upper bound of the IB loss, namely VUIB, without introducing
distributional assumptions on the hidden features or approximations to the IB objective. As reported
in Table 2 in Section 4.3, VUIB consistently achieves substantially better performance than the
competing approaches, and requires much less training time than the distribution-free baseline
method, CLUB (Cheng et al., 2020).
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3.3 INFORMATIVE DATA REWEIGHTING (IDR)

IDR aims to assign higher importance weights to more informative training samples in the augmented
training set that contribute more to the image classification task. To this end, IDR trains a sample
reweighting network gq(-) to learn importance weights {gg(Z;) € [0, 1]}?,:,1 of the samples in the
augmented training set by reducing the IB loss on them, where gg(-) is a DNN and 6 denotes its
parameters. Following (Shu et al., 2019), we employ a two-layer multilayer perceptron as the sample
reweighting network, where a sigmoid activation is applied to the output to produce importance
weights. We remark that the reweighting network plays a role similar to that of the meta-networks
in (Shu et al., 2019; Jain et al., 2024), which generate the importance weights for training samples.
Inspired by existing works (Wang et al., 2025), our reweighting scheme applies to both synthetic and
real training samples.

To train the sample reweighting network gs(-) to reduce the IB loss on D, such that more informa-
tive samples receive higher importance weights, we optimize gy (-) by reducing the variational upper
bound for the IB loss, VUIB. Let f{(-) denote the representation learning backbone of the image
classifier fo(-) excluding the last linear layer. To compute the VUIB on the augmented training set
Daug, We first compute the class centroids for the input features and the learned features using all the
samples in Dy,e. The class centroids for the input features and the learned features can be computed
by

N’ ~ \ ~ N’ ~ ~
c(input)(o) _ Zi:l 99(z1)x2]1{§L:k} C(feat)(97 @) _ Zi:l 99(Il)fé)(x7)]1{m:k} ’ )

k N - % N N
> ic1 90(%i) LG, =iy > i1 90(%i) Ly, =iy
where k € [C] is the class index and C' is the number of classes, and 1y, is an indicator function.

Next, the VUIB on D, can be computed using Equation (1). With the sample reweighting net-
work gg(-), the overall training loss for the classifier fo(-) on the augmented training set Dy, is

Lirain(0, 0, Dayg) = % Zf\il 90(Z;)CE (fo(Z;), 9:), where CE(+, ) is the cross-entropy function.
To train the classifier fo(-) by optimizing Lixin(6, ©, Dayg) While training the sample reweighting
network gg by optimizing VUIB(6, ©, D, ), we formulate a bi-level optimization objective for IDR
as

O = arg m@in Lirain(07,0, Dyyg),  s.t. 0" = arg mein VUIB(C(0,0%), 0", Dayg), 3)

where ©* and 0* are the optimal parameters for the classifier fo(-) and the sample reweighting
network g ().

Optimization of IDR. To train the classifier fo(-) and the sample reweighting network gy (-) with
the optimization objective in Equation (3), we adopt an alternating stochastic gradient descent update
strategy commonly used for solving bi-level optimization problems (Shu et al., 2019; Algan &
Ulusoy, 2021; Jain et al., 2024). In the bi-level optimization framework, the lower level learns
sample importance weights via a reweighting network, while the upper level trains the classifier
using these weights to improve generalization. At the ¢-th epoch, the parameters of the sample
reweighting network are first updated by 6(Y) = 9= — 5, V,VUIB(C(6, 0¢~1), 01~V D,,.),
where 7 is the learning rate of §. #(Y) and ©®*) are the parameters of the sample reweighting
network and the classifier network at the ¢-th epoch. Next, the parameters of the classifier are updated
by 0 = 01~ — 1oV Liin(0¢~1, 0, D,ye), where 7 is the learning rate of ©. Since both
VUIB and Ly, are separable and amenable to mini-batch stochastic gradient descent (SGD), the
entire optimization process of IDR can be efficiently conducted using mini-batch SGD. Algorithm 1
in Section A of the appendix describes the training process of IDR. Q(t)(Z € a|§7 = y) is the
variational conditional probability that a feature Z belongs to class a given class label y at the ¢-th
epoch, which is computed efficiently by Algorithm 5 in the appendix. It is worthwhile to mention
that the class centroids in the input feature space can be efficiently pre-computed prior to training
using FAISS (Douze et al., 2025), which incurs marginal training overhead as detailed in Section D.8§,
and it is not necessary to project the input features into a lower-dimensional space using methods
such as VAEs (Kingma & Welling, 2014), which require additional training time.

4 EXPERIMENTS

We present a comprehensive evaluation of our proposed IDR. The implementation details of our
experiments and the performance of IDR for image classification are presented in Section 4.1.
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The impact of varying the number of synthetic training samples is investigated in Section 4.2. A
comparison between the proposed variational upper bound for the IB loss and existing IB formulations
is presented in Section 4.3. Additional experiment results are presented in Section D of the appendix.
A qualitative analysis of the data reweighting with IDR using t-SNE visualization is conducted in
Section D.1. Section D.2 compares IDR with recent conventional data augmentation methods, which
do not rely on generative models, and shows that IDR is complementary to the conventional data
augmentation methods. Section D.3 presents an ablation study demonstrating the advantages of
jointly reweighting real and synthetic samples in IDR over reweighting synthetic samples alone. The
transferability of IDR models pretrained on ImageNet-1K is further evaluated for object detection,
instance segmentation, and fine-grained image classification tasks in Sections D.4, D.5, and D.6.
The effect of different diffusion models used for synthetic data generation in IDR is examined in
Section D.7. Ablation studies and training time analysis of the individual components of IDR,
including the VUIB and the reweighting mechanism, are provided in Section D.8. The comparison
between IDR and representative active learning methods is reported in Section D.9. The statistical
significance of the performance improvements achieved by IDR is analyzed in Section D.10.

4.1 IMAGE CLASSIFICATION ON IMAGENET-1K

Implementation Details. We evaluate IDR for image classification on ImageNet-1K (Deng et al.,
2009). ViT-S, ViT-B (Dosovitskiy et al., 2021), Swin-T, and Swin-B (Liu et al., 2021) are used
as the base classification networks. All models are fine-tuned on the augmented training set from
checkpoints pretrained on the original ImageNet-1K training set. Detailed settings for the fine-tuning
process are presented in Section C of the appendix. DiT-B (Peebles & Xie, 2023) is employed for
synthetic data generation, with detailed settings deferred to Section C of the appendix. The same set
of synthetic images generated by DiT-B on ImageNet-1K is used for IDR and all baseline models
in this section. The number of synthetic images for IDR and baselines is selected via five-fold
cross-validation from { N, 2N, ..., 10N}, where N is the size of the ImageNet-1K training set.

In this section, we compare the perfor-
mance of competing data selection and
data reweighting methods with our IDR
for GDA on ImageNet-1K (Deng et al.,

Table 1: Performance comparisons between IDR and
existing data selection and data reweighting methods
on ImageNet-1K. N denotes the size of the original
ImageNet-1K training set.

2009). In'partlcular,. we compare our IDR Method Backbone SySn_lhetic Jlema Top 1
models with competitive data selection and TS ize (xN) e
sample reweighting methods, including IE MW-Net (Shu et al., 2019) 2 81.8
OTR (Guo et al., 2022) 3 81.6
(Chhabra et al., 2024), CBF (He et al., IE (Chhabra et al. 2024) 5 o1y
2023), MW-Net (Shu et al., 2019), OTR CBF (He et al., 2023) VIT-5/16 2 81.9
; REVAR (Jain et al., 2024) 3 81.9
(Guo et al., 2022), REVAR (Jain et al., IDS (Wang of i, 2025) 3 o1
2024), IDS (Wang et al., 2025), and Gen- | GenDataAgent (Li et al., 2025) 3 82.1
DataAgent (Li et al., 2025). Similar to IDR, H\’/li‘T_(g/‘;gs) 4 83283*70'18
all baseline methods reweight both the real MW-Net (Shu et al., 2019) 2 84.1
; ; OTR (Guo et al., 2022) 2 84.0
anq §ynthet1c samples in the augrpented B (Chibra et ai. 2024) : By
training set. The number of synthetic sam- CBF (He et al., 2023) ViT-B/16 2 84.4
ples added to the augmented training set REVAR (Jain et al., 2024) 2 84.2
. . . . IDS (Wang et al., 2025) 3 84.4
for the baseline methods is determined via | GenDataAgent (Li et al., 2025) 3 84.5
cross-validation, following the same setting IDSR (,0‘}’5) 5 854‘81*30'22
win- - .
as IDR. The resplts for IDR avergg'e(.i over MW-Net (Shu et al., 2019) ) 819
10 runs with different random initializa- OTR (Guo etal., 2022) 2 816
. . . IE (Chhabra ct al., 2024) 2 81.9
tions (+ standard deviation) are shown in CBF (He et al., 2023) Swin-T 2 822
Table 1, and statistical significance against REVAR (Jain et al., 2024) 2 82.0
. . . . IDS (Wang et al., 2025) 3 822
the best baseline is reported in AppendiX | GenDataAgent (Li et al., 2025) 3 823
Section D.10. It is observed in Table 1 IDSR (Ol]lgfs) 4 83~48 3%50»27
that IDR consistently outperforms all com- |  yiw-Net (Shu et al.. 2019) 5 39
peting methods across different backbones. OTR (Guo et al., 2022) 2 84.0
For inst IDR achi top-1 IE (Chhabra et al., 2024) 2 83.9
or 1nstance, achieves a top-1 accu- CBF (He et al., 2023) Swin-B 2 84.4
racy of 85.7%, outperforming the strongest REVAR (Jain et al., 2024) 3 84.3
i GenDataAgent. by 1.1%. wh IDS (Wang et al., 2025) 3 84.5
ba§e e, UenbDataAgent, by 1.17, when GenDataAgent (Li et al., 2025) 3 84.6
using Swin-B as the classification network, IDR (Ours) 5 85.7 +£0.19

demonstrating the effectiveness of the IB-

based data reweighting method on the augmented training set.
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4.2 IMPACT OF SYNTHETIC SAMPLE QUANTITY

We conduct an ablation study by progressively increas- %6

ing the number of synthetic samples in the augmented
training set, ranging from /N to 10N, where N denotes
the size of the original training set. ViT-B is used as the

=
3

classification network. It can be observed from Figure 2
that although a moderate amount of synthetic samples

Accuracy
o0
B

benefits the classification accuracy, the performance —e— CBF

of all the competing baselines and IDR eventually de- 8 GenDataAgent D |
creases with excessive synthetic samples due to the —— IDS

inherent noise in the synthetic samples (Azizi et al., 825 3 " p 3 1
2023; Trabucco et al., 2024; Na et al., 2024). However, Synthetic Data Size (xN)

our IDR still exhibits a clear advantage over competing
baselines. As illustrated in Figure 2, both CBF and
GenDataAgent achieve their best performance with a
relatively small amount of synthetic samples. In particu-
lar, CBF and GenDataAgent perform best with 2N and
3N synthetic samples, respectively. Both CBF and GenDataAgent exhibit a significant decrease in
top-1 accuracy once the number of synthetic samples exceeds 3V, indicating that noise in synthetic
samples significantly degrades the classification network. In a strong contrast, IDR is more robust
to noise in the generated synthetic samples compared with the baselines, and benefits from a larger
amount of synthetic samples. In particular, the performance of IDR continues to improve until the
number of synthetic samples reaches 5/N. Importantly, the top-1 accuracy of IDR with excessive
synthetic samples (> 5N) still significantly surpasses the best accuracy of all baselines, with only a
marginal decrease from the peak performance at 5N. It can also be observed from Figure 2 that IDR
consistently outperforms CBF and GenDataAgent when the same amount of synthetic samples is
used, ranging from N to 10V.

Figure 2: Performance comparison on
ImageNet-1K with different amounts of
synthetic training data in the augmented
training set.

4.3 COMPARISON BETWEEN VUIB AND EXISTING UPPER BOUNDS FOR THE IB LOSS

We compare the proposed variational upper bound for the IB loss, VUIB, with existing works deriving
the upper bound for the IB loss (Cheng et al., 2020; Dai et al., 2018; Srivastava et al., 2021). To
compare the performance of VUIB with VIB, APIB, and CLUB, we conduct an ablation study
by replacing VUIB with VIB, APIB, and CLUB in IDR for image classification on ImageNet-1K.
The training time is evaluated on the augmented training set of ImageNet-1K with 5V synthetic
samples, where N is the size of the original training set. It is observed in Table 2 that the unrealistic
Gaussian distribution assumption on the hidden features imposed by VIB (Dai et al., 2018) and the IB
approximation in APIB (Guo et al., 2023) lead to degraded performance compared with our reduction
of VUIB. For instance, the model based on VUIB outperforms the model based on APIB by 1.2% in
top-1 classification accuracy. In addition, the model based on VUIB outperforms the model based on
CLUB by 1.0% in accuracy while using only 49.7% of the training time of the CLUB-based model.

Table 2: Comparison of different methods for the training overhead incurred by IB bound. ViT-B is
used as the base model. The training time is evaluated on four NVIDIA A100 GPUs.

Methods Top-1  Training Time (Hours / Epoch)
VIB (Dai et al., 2018) 84.2 1.69
APIB (Guo et al., 2023) 84.4 1.70
CLUB (Cheng et al., 2020) | 84.6 3.47
VUIB (Ours) 85.6 1.72

5 CONCLUSION

In this paper, we propose Informative Data Reweighting (IDR), a novel method designed to reweight
samples in the augmented training set for Generative Data Augmentation (GDA) based on an
information-theoretic measure, the Information Bottleneck (IB). IDR trains a sample reweighting
network to reduce the IB loss on the augmented training set, such that the IB principle, learning
features more correlated with the outputs and less correlated with the inputs, is better adhered to.
Extensive experiments and ablation studies demonstrate that IDR successfully assigns higher weights
to more informative samples in the augmented training set for image classification, and significantly
outperforms existing data selection and data reweighting methods for GDA.
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A ALGORITHM OF IDR

Algorithm 1 describes the training process of IDR.

Algorithm 1 Algorithm of IDR
Input: The augmented training set Dyug, epoch number ¢max, the learning rates ng and ne.

1: Initialize the classifier network parameters O and the sample reweighting network parameters 6\,
2: fort=1,2,... tmax do
3:  Compute the class centroids of the input features and image representations C (0“’1), G)(t’l)) by

Equation (2).

4:  Update 60 by applying mini-batch gradient descent on Daug using 0 = b _
neVeVUIB(C(0,0¢~1), 01~ Dy,).

5. Update ©® by applying mini-batch gradient descent on Dy, using 0 = @D _

ne Ve Lixain (e(til) s 67 Daug)~
6:  Compute Q) (Z € a]Y = y) by Algorithm 5 in Section F of the appendix.
7: end for
8: return The trained weights © of the classifier network and the trained weights 6 of the sample reweighting
network.

B INFORMATION ON DIFFUSION MODELS

B.1 FORMULATIONS OF DIFFUSION MODELS

Diffusion models (DMs) are probabilistic latent-variable frameworks that represent data z° through
a Markovian transformation from a highly noisy variable x7 back to the original signal, while
preserving identical dimensionality across all intermediate states. They are characterized by two
coupled Markov chains: a forward noising procedure given by ¢(z(1:7) | 20) = Hthl q(z® | 2(t-1)
and a learnable reverse-time denoising chain formulated as p,,(xo.7) = p(xr) H;l Po (1) |

(). In the forward direction, Gaussian perturbations are incrementally injected into the data:

q(x(t) | I(tq)) _ N(x(t); 1_ ﬂ(t)x(tfl)’ﬂ(t)l)’ )

where the noise schedule 8(T) controls the variance added at each diffusion step ¢. This schedule is
selected such that the terminal distribution x7 closely follows a standard normal distribution, i.e.,
q(z7) ~ N(0,I). Once specified, the forward diffusion process ¢ remains fixed and is not learned.
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Sample synthesis in DMs relies on training a parametric reverse process that progressively removes
noise from 7.1 to recover the clean sample x°:

P (@7 [ 20) = N (@5, (2D 1), (p)°1), ©)

with the prior p(x7) defined as N(0,I). In practice, neural architectures such as U-Nets or Trans-
formers are employed to model the mean function i, while the variance p® is typically fixed in
advance.

For learning, the forward chain g(z*7) | 2°) is treated as a known posterior, and the parameters
of the reverse process p,, (zo.7) are optimized to maximize a variational lower bound on the data
likelihood. Since directly optimizing the likelihood objective often causes numerical instability, a
commonly adopted and more stable surrogate loss is:

2

e —ew(x(t),t)HQ, 6)

Lpom = Egpo ennr(0,1),t

where &, denotes a neural predictor of the injected noise e, enabling the model to infer z(*~1) from
x(®) at each timestep. After training, new samples are obtained via iterative ancestral sampling:

1 (t)
N IS Sy B N I S ) )

V1- 50 1 (a0)2
initialized from the Gaussian prior x1 ~ p(zr) = N (z1;0,1).

Latent Diffusion Models (LDMs) extend conventional diffusion models by performing the diffusion
process in a compressed latent space, thereby significantly reducing computational cost. Specifically,
the original data 2" is first mapped into a latent representation h° using an encoder. Diffusion in the
latent domain follows:

g(B ™ [ h=D) = N(BD; /1 — BORY, g0, ®)
while the corresponding reverse-time dynamics aim to reconstruct the clean latent code h° from hz:
(R [ Ay = N AUV, (RO, 1), (p9)%1), ©

after which hY is decoded back into the original data space. The optimization objective for LDM:s is
defined as

2
; (10)
2

€ — ew(h(t)atvy)‘

Liom = En,(),e~N(0,1),t

which mirrors the noise-prediction formulation used in standard diffusion models.

Classifier-Free Guidance (CFG) enhances conditional generation by combining conditional and
unconditional noise estimators during sampling, allowing explicit control over class-conditional
behavior without an auxiliary classifier. When applied to LDMs, the guided sampling update is
expressed as:

p=1) — ! (R — Y MY 4 pMg, (a1
1—B8® 1— (a®)2

where €1 = (1 + w)e,, (h®, y,t) — ve,(h®t), and 7 controls the strength of guidance, steering
the sampling trajectory toward desired conditions.

Algorithm 2 outlines the training procedure for the LDM, while Algorithm 3 details the generation
process used to construct the synthetic training set.

C DETAILED EXPERIMENT SETTINGS

We evaluate IDR for general image classification on ImageNet-1K (Deng et al., 2009), which is a
large-scale general image classification benchmark containing approximately 1.28 million training
images and 50, 000 validation images across 1, 000 classes. We fine-tune ViT-S, ViT-B (Dosovitskiy
et al., 2021), Swin-T, and Swin-B (Liu et al., 2021) on the augmented ImageNet-1K training set,
starting from checkpoints pretrained on the original ImageNet-1K training set. The fine-tuning is
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Algorithm 2 Training Procedure for the LDM

Input: The original training dataset Drear = {1, yi}i\le, the encoder v, from a fixed pretrained VAE, and the
total number of LDM training epochs tLpm.

Output: The learned parameters w of the LDM.
1: Initialize the LDM parameters w.
2: Map the input samples {x;}7_, into latent representations {h; }.\_, using the encoder ve, i.e., h; = ve(;).
3: fort=1,2,...,t.pm do

4 Optimize w via mini-batch stochastic gradient descent over {hi }f\;l by minimizing the loss £1.pm defined

in Equation (10).
end for
return The optimized LDM parameters w.

AR

Algorithm 3 Synthetic Training Set Generation

Input: The target labels of the synthetic dataset {7; },,
from the fixed pretrained VAE.
Output: The generated synthetic dataset Dy, = {Z;, ’y)}f‘il
1: fort=1,2,..., M do
2:  Draw a noise vector € ~ N (0, I).

3:  Produce a synthetic latent representation T from e using the LDM according to Equation (9) in Section B

the trained LDM parameters w, and the decoder vq

of the appendix.
4:  Recover the synthetic input feature by decoding the latent code, T; = vq (ﬁz)
5: end for
6: return The synthetic training dataset Dy, = {5, ’y)}ﬁl

performed for 100 epochs using the AdamW optimizer, with an initial learning rate of 1 x 1074,
weight decay of 1 x 10~%, and momentum parameters (31, 32) = (0.9,0.999). We adopt a cosine
learning-rate decay schedule with a five-epoch linear warm-up. All experiments are conducted on
four NVIDIA A100 GPUs with a total batch size of 1024, corresponding to 256 images per GPU.
Input images are resized to 224 x 224, and standard ImageNet data augmentation is applied, including
random resized cropping, horizontal flipping, and color jittering. Label smoothing with a factor of
0.1 is used during training. We apply the Exponential Moving Average (EMA) to model parameters
with a decay rate of 0.9999 for evaluation. The parameters of the sample reweighting network are
optimized by the AdamW optimizer with the learning rate fixed to 1 x 10~5. The hidden dimension
of the sample reweighting network is set to 512.

For synthetic data generation, we adopt the DiT-B backbone (Peebles & Xie, 2023). The diffusion
model is trained on the latent representations encoded by the pretrained VAE from Stable Diffusion
using classifier-free guidance, optimized with a mean-squared error noise prediction objective for
2,800 epochs using AdamW with a learning rate of 1 x 10~* following (Peebles & Xie, 2023). During
inference, synthetic samples are generated with a guidance scale of 4.0 and 128 sampling steps,
and the resulting latent features are decoded back to the image space using the fixed VAE decoder.
The number of synthetic images added to the augmented training set for IDR and the competing
baseline methods is selected by five-fold cross-validation from { N, 2N, ..., 10N}, where N denotes
the number of training samples in the original training set of ImageNet-1K.

D ADDITIONAL EXPERIMENT RESULTS

D.1 T-SNE VISUALIZATION ANALYSIS

To qualitatively examine how IDR reweights synthetic samples in the augmented training set, we
illustrate the importance weights of sampled synthetic images from four visually similar dog classes
in ImageNet-1K using t-SNE in Figure 3, where marker shapes indicate classes and colors denote
importance weights. Equation (2) shows that the class centroids are largely decided by samples with
high importance weights. This is reflected by the t-SNE visualization, which shows that synthetic
images located closer to the class centroids tend to receive higher importance weights, whereas
samples located near class boundaries or closer to the centroids of other classes are assigned lower
importance weights. For instance, the samples in the regions highlighted by the dashed circles
correspond to marginal areas between classes and exhibit reduced importance weights.
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Figure 3: Visualization of the importance weights learned by IDR on synthetic images. For each class,
40 synthetic images are randomly sampled from the augmented training set. Different marker shapes
denote different classes, corresponding to four visually similar dog categories from ImageNet-1K.
The color of each marker indicates its importance weight.

To qualitatively analyze how IDR reweights real training samples, we further visualize the importance
weights of sampled real images from four visually similar dog classes in ImageNet-1K using t-SNE,
as illustrated in Figure 4. The observed distribution is similar to that for synthetic samples in Figure 3
in Section D.1 of the main paper. Real samples located closer to their class centroids usually receive
higher importance weights, whereas samples near class boundaries or closer to the centroids of other
classes are assigned lower importance weights.
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Figure 4: Visualization of the importance weights learned by IDR on real images. For each class,
40 real images are randomly sampled from the augmented training set and projected into a two-
dimensional space using t-SNE. Different marker shapes denote different classes, corresponding to
four visually similar dog categories from ImageNet-1K, including Siberian Husky, Alaskan Malamute,
Eskimo Dog, and Samoyed, which are challenging to distinguish. The color of each point indicates
its importance weight, with redder colors indicating higher importance and bluer colors indicating
lower importance.

D.2 COMPARISON WITH CONVENTIONAL DATA AUGMENTATION METHODS

Recent works have proposed better conventional data augmentation strategies to improve image
classification performance (Kim & Kim, 2025; Kang et al., 2025) without using generative models.
In particular, Position-Aware Augmentation (PAA) proposes to adapt existing data augmentation
methods, such as random resize crop, Mixup, CutMix, and random erasing, to explicitly account for
the sensitivity of Vision Transformer positional embeddings to spatial transformations. In parallel,
GuidedMixup (Kang et al., 2025) proposes saliency-guided mixup by optimizing sample pairings and
pixel-wise mixing ratios to preserve semantically salient regions and reduce label noise during data
mixing. These conventional data augmentation strategies do not rely on GDA and are orthogonal to
IDR, as they operate directly on the original training samples without selection or reweighting. As
shown in Table 3, IDR outperforms both PAA and GuidedMixup, demonstrating the effectiveness
of GDA with the proposed informative data reweighting. For instance, IDR outperforms PAA by
1.1% in top-1 classification accuracy on ImageNet-1K. Moreover, combining IDR with either PAA or
GuidedMixup further improves performance. Specifically, IDR+PAA achieves a 0.5% improvement
over IDR alone and a 1.6% improvement over PAA alone, demonstrating that IDR is complementary
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to conventional data augmentation strategies and can be seamlessly integrated with them to yield
additive performance gains.

Table 3: Comparison with conventional data augmentation methods and their combinations with IDR
on ImageNet-1K using ViT-B.

Method Top-1 (%)
ViT-B 83.7
PAA (Kang et al., 2025) 84.5
GuidedMixup (Kang et al., 2025) 84.3
IDR 85.6
IDR+PAA 86.1
IDR+GuidedMixup 86.0

D.3 ABLATION STUDY ON REWEIGHTING REAL AND SYNTHETIC SAMPLES

We conduct an ablation study to examine the effect of jointly reweighting real and synthetic samples
within the proposed IDR framework, in comparison to reweighting only synthetic training samples.
To this end, we build an ablation model, IDR (Synthetic Only), in which the reweighting network gg(-)
is applied exclusively to reweight synthetic samples. All experiments are conducted on ImageNet-1K
using ViT-B as the classification backbone under identical training configurations. The number of
synthetic samples is determined via cross-validation. All baseline methods compared in this study
reweight both the real and synthetic training samples. As shown in Table 4, reweighting synthetic
samples alone already yields a substantial performance improvement over the baseline methods,
highlighting the effectiveness of importance weighting in mitigating noise introduced by synthetic
samples. Nevertheless, jointly reweighting both real and synthetic samples results in additional
performance gains. For instance, IDR (Synthetic Only) outperforms the best baseline method,
GenDataAgent, by 0.7% in top-1 accuracy, while the IDR model further improves performance by
0.4%, highlighting the benefits of jointly reweighting real and synthetic samples.

Table 4: Ablation study on reweighting real and synthetic samples on ImageNet-1K using ViT-B.

Method Sy;;f?i Eim Top-1
ViT-B/16 - 83.7
MW-Net (Shu et al., 2019) 2 84.1
OTR (Guo et al., 2022) 2 84.0
IE (Chhabra et al., 2024) 3 84.0
CBF (He et al., 2023) 2 84.4
REVAR (Jain et al., 2024) 2 84.2
IDS (Wang et al., 2025) 3 84.4
GenDataAgent (Li et al., 2025) 3 84.5
IDR (Synthetic Only) 5 85.2
IDR 5 85.6

D.4 OBJECT DETECTION

To evaluate the transferability of the features learned by IDR, we assess models pretrained by IDR on
ImageNet-1K for the object detection task. We incorporate the ImageNet pre-trained models based on
Swin-B in Table 1 into the Cascade Mask R-CNN framework (Cai & Vasconcelos, 2021) for object
detection on the MS-COCO dataset (Lin et al., 2014). We follow the Swin training setup (Liu et al.,
2021) with standard image resizing, AdamW optimization with learning rate 1 x 104, weight decay
0.05, batch size 16, and a 3x 36-epoch schedule, and report COCO box and mask mAP metrics
following (Cai & Vasconcelos, 2021). It is observed in Table 5 that IDR consistently outperforms all
competing methods across mAPP®* and mAP™. For instance, IDR outperforms the strongest baseline
by 1.0% in mAP™, demonstrating better transferability of learned features to dense prediction tasks.

D.5 INSTANCE SEGMENTATION

In this section, we evaluate the performance of IDR models pre-trained on ImageNet for segmentation
on the ADE20K (Zhou et al., 2019) using the UperNet (Xiao et al., 2018) segmentation framework
following (Liu et al., 2021). We follow the training and evaluation protocol in (Liu et al., 2021), where
both our model and the baselines are trained on the training split and evaluated on the validation
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Table 5: Object Detection Results on COCO.

Methods mAP®*  mAP™
MW-Net (Shu et al., 2019) 52.0 452
OTR (Guo et al., 2022) 52.4 454
IE (Chhabra et al., 2024) 52.1 45.3
CBF (He et al., 2023) 52.5 45.5
REVAR (Jain et al., 2024) 52.5 45.6
IDS (Wang et al., 2025) 52.7 45.6
GenDataAgent (Li et al., 2025) 52.8 45.8
IDR (Ours) 53.6 46.8

split of the dataset. All models are optimized using AdamW for a total of 160000 iterations with a
batch size of 16, an initial learning rate of 6 x 1077, and a weight decay of 0.01. The learning rate
follows a linear decay schedule after a warm-up phase of 1500 iterations. To enhance generalization,
we employ data augmentation techniques including random horizontal flipping, random rescaling
with a ratio range of [0.5, 2.0], and random photometric distortions. Stochastic depth regularization is
applied with a drop rate of 0.2. For inference, we use multi-scale testing with scale factors varying
from 0.5 to 1.75. It is observed in Table 6 that IDR consistently outperforms all competing methods.
For instance, IDR outperforms the strongest baseline by 0.7% in mIoU, demonstrating stronger
representation transferability for segmentation.

Table 6: Instance Segmentation Results on ADE20K.

Methods mloU
MW-Net (Shu et al., 2019) 51.6
OTR (Guo et al., 2022) 51.9
IE (Chhabra et al., 2024) 51.6
CBF (He et al., 2023) 52.1
REVAR (Jain et al., 2024) 52.2
IDS (Wang et al., 2025) 52.1
GenDataAgent (Li et al., 2025) | 52.3
IDR (Ours) 53.0

D.6 TRANSFER LEARNING CAPABILITY OF MODELS PRETRAINED BY IDR

We evaluate the transfer learning capability of IDR-pretrained Swin-B models on three standard
fine-grained image classification benchmarks: Oxford Flowers-102 (Nilsback & Zisserman, 2008),
Oxford-IIIT Pet (Parkhi et al., 2012), and Stanford Cars (Krause et al., 2013). Following established
transfer learning protocols (Kolesnikov et al., 2020), the IDR-pretrained Swin-B model is fine-tuned
on the training split of each downstream dataset and evaluated on the corresponding test split. Swin-B
is also used as the feature backbone for all compared baseline methods. All models are initialized
with ImageNet-pretrained weights and fine-tuned for 50 epochs using the Adam optimizer. The
learning rate is set to 1 x 107> for all datasets. The top-1 classification accuracy on each dataset
is reported in Table 7. The results indicate that IDR-pretrained Swin-B models maintain strong
transfer learning performance across diverse fine-grained classification tasks. For instance, on the
Stanford Cars dataset, IDR achieves a top-1 accuracy of 93.9%, outperforming the strongest baseline,
GenDataAgent, by 1.0%.

Table 7: Top-1 classification accuracy comparison for transfer learning on the Oxford Flowers-102,
Oxford-IIIT Pet, and Stanford Cars datasets.

Methods Flowers  Pet  Cars
MW-Net (Shu et al., 2019) 97.0 953 916
OTR (Guo et al., 2022) 97.1 955 91.8
IE (Chhabra et al., 2024) 97.2 95.6 92.0
CBF (He et al., 2023) 97.3 95.8 92.1
REVAR (Jain et al., 2024) 97.6 96.1 925
IDS (Wang et al., 2025) 97.5 96.0 92.3
GenDataAgent (Li et al., 2025) 97.6 96.0 924
IDR (Ours) 98.4 97.2 939
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D.7 ABLATION STUDY ON THE DIFFUSION MODELS FOR THE DATA GENERATION IN IDR

To evaluate the impact of the diffusion model used for the data generation in IDR, we compare
the performance of IDR using three different diffusion models for GDA, which are DiT-B, DiT-L,
and DiT-XL (Peebles & Xie, 2023). ViT-B is used as the classification network for all the models
in this ablation study. The data generation time and the classification accuracy on ImageNet-1K
are shown in Table 8. It is observed that the performance of the IDR model is not sensitive to the
selection of the diffusion models used for data generation. The IDR model based on the largest DiT
model DiT-XL only outperforms the IDR based on the smallest DiT model DiT-B by 0.1% in top-1
classification accuracy on ImageNet-1K, demonstrating that the performance of IDR mainly stems
from our informative reweighting instead of the diffusion model. In addition, the results in Table 8
show that the synthetic data generation process with the diffusion models in IDR is efficient, with
less than 0.1 seconds/image.

Table 8: Performance comparison between IDR models employing different diffusion models for
data generation. The data generation time is evaluated on one NVIDIA A100 GPU.

Methods Accuracy G'eneratlvo.n Time
(seconds/image)
ViT-B 83.7 -
IDR (DiT-B) 85.6 0.095
IDR (DiT-L) 85.7 0.151
IDR (DiT-XL) 85.7 0.176

D.8 ABLATION STUDY AND TRAINING TIME ANALYSIS OF THE IDR

To evaluate the effectiveness and efficiency of different components in IDR, we compare the classifi-
cation performance and the training time of IDR with two ablation models, which are IDR without
VUIB and IDR without the reweighting network. The ablation model, IDR without VUIB, optimizes
the sample reweighting network by minimizing cross-entropy loss on a set of clean metadata selected
from the ImageNet training set, following (Shu et al., 2019). The ablation model, IDR without
reweighting, optimizes the classification network by incorporating the VUIB as a regularization
term in the training objective without reweighting the real and synthetic samples in the augmented
training set. All experiments are conducted using ViT-B as the classification backbone, and training
time is measured on four NVIDIA A100 GPUs. We report the training time in seconds per batch
with the same batch size in Table 9 because different GDA methods in Table 1 have augmented
training sets of different sizes. It is observed in Table 9 that IDR outperforms the strongest baseline,
GenDataAgent (Li et al., 2025), by 1.1% in top-1 accuracy while requiring only a marginal 2.5%
increase in training time. In addition, it is observed in Table 9 that removing either VUIB or the
reweighting network leads to a clear degradation in performance. For instance, removing VUIB
decreases the top-1 accuracy of IDR by 1.3%, which demonstrates the critical role of VUIB in
learning robust and discriminative representations from the augmented training set. It is worthwhile
to mention that the class centroids in the input feature space can be efficiently pre-computed prior
to training using FAISS (Douze et al., 2025), which supports fast, memory-efficient, and highly
parallelized centroid and distance computations on GPUs, even for high-dimensional features. In
particular, computing the class centroids and the distances between the input features of all samples
in the augmented training set and their corresponding class centroids requires only 15 minutes, which
happens one time before the training. Computing the class centroids and the distances between the
learned features of all samples in the augmented training set and their corresponding class centroids
requires only 6.1 seconds in each epoch. As a result, it is not necessary to project the input features
into a lower-dimensional space using methods such as VAEs (Kingma & Welling, 2014), which
require additional training time.

D.9 COMPARISON WITH ACTIVE LEARNING METHODS

Active learning (AL) methods aim to minimize the effort required for labeling training data by
strategically choosing the most informative instances for annotation (Sinha et al., 2019; Yoo &
Kweon, 2019; Gao et al., 2020; Kushnir & Venturi, 2023; Yang et al., 2023; Chhabra et al., 2024).
The selection of the data for annotation by active learning methods is usually achieved by identifying
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Table 9: Ablation study of IDR with training time analysis. The training time is evaluated on four
NVIDIA A100 GPUs. The setup of all the methods in this table is the same as that in Table 1.

Training Time
Methods Top-1 (Seconds / Batch)
ViT-B 83.7 0.739
MW-Net (Shu et al., 2019) 84.1 0.801
OTR (Guo et al., 2022) 84.0 0.772
IE (Chhabra et al., 2024) 84.0 0.739
CBF (He et al., 2023) 84.4 0.714
REVAR (Jain et al., 2024) 84.2 0.825
IDS (Wang et al., 2025) 84.4 0.825
GenDataAgent (Li et al., 2025) | 84.5 0.805
IDR w/o VUIB 84.3 0.753
IDR w/o Reweighting 85.2 0.801
IDR (Ours) 85.6 0.825

the most informative data points. Such a process works similarly to the data reweighting process
in IDR for identifying the most informative synthetic samples. To show the advantage of IDR over
active learning methods in selecting the most informative synthetic samples, we compare IDR with
state-of-the-art active learning methods, including CAMPAL (Yang et al., 2023), SAAL (Chhabra
et al., 2024), and CSQ (Gwon et al., 2025). The active learning methods are adopted to select
training data in each epoch from the augmented training set. The results are shown in Table 10. It is
observed that IDR significantly outperforms the competing active learning methods. For instance,
IDR outperforms the best active learning method, CSQ, by 1.2% in top-1 classification accuracy
on ImageNet-1K, demonstrating the superiority of IDR in selecting informative training samples
compared to active learning methods.

Table 10: Comparison between IDR and active learning methods.
Methods Top-1

ViTB 837

CAMPAL (Yang et al., 2023) | 84.1
SAAL (Chhabra et al., 2024) | 84.2
CSQ (Gwon et al,, 2025) | 84.4
IDR (Ours) 85.6

D.10 IMPROVEMENT SIGNIFICANCE ANALYSIS.

To verify that the improvement of our proposed IDR on existing methods is statistically significant
and outside the range of random error, we train both IDR and the best baseline methods on different
datasets for 10 times with different seeds for random initialization of the networks and train/val/test
splits. Next, we perform the t-test between the results of IDR and the results of the best baseline
methods with different backbones to assess if the improvement of IDR is statistically significant. The
mean and standard deviation of the results and the p-values of the t-test are shown in Table 11. It is
observed that the largest p-value is 2.6 x 1075, which is less than 0.05. The t-test results suggest that
the improvement of IDR over the baseline methods is statistically significant with p < 0.05, and it is
not caused by random error.

Table 11: P-values of t-test between IDR and the baseline methods with the best performance.
Backbone | Best Baseline IDR p-value
ViT-S/16 82.1+0.25 83.2+0.18 2.6 x 10~°
VIT-B/16 | 84.5+021 8564022 5.4 x 1076
Swin-T 82.3+£0.29 8344027 1.3x107°
Swin-B 84.6+£0.27  85.74£0.19 7.2 x 10°%
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D.11 T-SNE VISUALIZATION ANALYSIS ON REAL SAMPLES IN THE AUGMENTED TRAINING
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Proof. Let Q(Z|Y) be a variational distribution. We have
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Proof of Theorem 3.1. Equation 1 in Theorem 3.1 of the main paper follows from
IB(C(#,0),0,Dyy) = I(Z,X) — I(Z,Y), the upper bound for I(Z,X) in Lemma E.1
and the lower bound for I(Z,Y) in Lemma E.2. O

E.l COMPUTATION OF Q) (Z]Y)
The variational distribution Q()(Z|Y") can be computed by
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Algorithm 5 computes Q) (Z]Y) efficiently with a time complexity of ©(N'C + N'Ty), where C
is the number of classes, N’ is the number of training samples, and T denotes the computational
complexity of a forward and backward pass of the neural network with respect to each training

sample. Q()(Z|Y) is the variational distribution Q(Z|Y) computed at the ¢-th epoch in Algorithm 1
of the main paper.

E.2 ISSUE ABOUT THE UPPER BOUND FOR THE IB L0SS IN IDS (WANG ET AL., 2025) AND
DCS-TRANSFORMER (WANG ET AL., 2024)

The derivation of the upper bound for the IB loss in IDS (Wang et al., 2025) and DCS-
Transformer (Wang et al., 2024) follows a similar recipe, with an upper bound for the mutual
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information between the learned features Z and the input features X i (2 , X ), and a lower bound
for the mutual information between the learned features Z and the class label Y, I(Z,Y"). However,

the upper bounds for 1 (2 X ) in both IDS (Wang et al., 2025) and DCS-Transformer (Wang et al.,
2024) is

N/
Z X N,ZZZ¢Z c(feat) x cmpm))log¢(:1: Cmpul))
i=1a=1y=1

N’

N/ Z Z¢ T, c (mput)) 10g ¢($ ¢ 1npul)) (19)
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where the last equality follows from Z _, 90, c feal)) 1. In (19), #;,%; stand for the input

training feature and the learned feature, respectively, and 5™ | ¢{™ stand for the class centroids of

the input training features and the learned features. Compared to our derived upper bound for I(Z, X)
on the RHS of (13) of Lemma E.1, the upper bound for the RHS of (19) does not depend on the
learned features {Z; } and it only depends on the input training data. As a result, the optimization of
the upper bound for 1 (2 , X ) in the IB loss in (19) cannot optimize the weights of the neural network
for reducing the IB loss for data reweighting, making the upper bound for 1 (2 , X ) vacuous. In a
strong contrast, our upper bound (13) depends on both the real training data and the learned features

{Z;}, leading to improved performance of our IDR over IDS in Tables 1, 5, 6, and 7 of Sections 4.1,
D.4,D.5, and D.6.

Algorithm 4 MI Minimization with vCLUB (Algorithm 1 in CLUB (Cheng et al., 2020))
1: for each training iteration do

2:  Sample {(x;, zi)}fvll from po(m Z)

3:  Compute log-likelihood £(6 Yo 1 log qo(zi|z;)
4:  Update gg(z|x) by max1m121ng EZE,

5: fori=1to N'do ,

6: L; =logqo(zilz:) — 7 Z;V:1 log go(zj|x;)

7:  end for R ,

8:  Update p, (z, z) by minimizing I,cryg = % Zfil L,
9: end for

Algorithm 5 Efficient Computation of Q) (Z € a | Y = y)
Input: The precomputed soft assignments ¢(Z;, @) for i € [N'] and a € [C], the class labels

{0 }fil , and the number of classes C'. Here {Z; }1]\;1 are computed at the ¢-th epoch in Algorithm 1
of the main paper.

Output: Conditional distribution matrix Q € R€*¢

1: Initialize Q < 0°*¢ and count vector M «+ 0€.

2: fori =1to N’ do

33 fora=1toCdo

4 Qla, 5] + Qla, Fi] + ¢(Zi, c5e)

5:  end for

6 M[G] < M[g] +1

7: end for

8: fory =1to C do

9: fora=1toCdo

10: Qla,y] < Qla,y]/M[y]

11:  end for

12: end for

13: return Q)
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F COMPUTATIONAL COMPLEXITY ANALYSIS

Given samples {(z;, zz)}fil drawn from the joint distribution p, (z, 2) = ps(z|z)p(x), the goal of
CLUB is to optimize the parameters of the predictive neural network p, (z|z) such that the resulting
joint model p,, (x, z) induces minimal mutual information between x and z. Here, p, (z|z) serves as
the main predictive model, such as an encoding model or a classification model, while p(x) denotes
the empirical data distribution. In addition, gg(z|x) is a variational conditional distribution, also
implemented as a neural network, used to approximate p(z|z) and to provide a differentiable estimator
of mutual information. The optimization alternates between updating gg(z|z) by maximizing the

log-likelihood L(0) = 7+ Zf\il log qg(z;|x;) to improve the approximation accuracy, and updating
po(x, z) by reducing the upper bound for the mutual information, I(z, z), IycLug = % Zfil L;,
where L; = log o (zi|z;) — 7 Z 1 log go(z;|z;). Through this alternating process, the algorithm
jointly learns an accurate Varlatlonal estlmator qp and a predictive model p,. The complete training
procedure is summarized in Algorithm 4.

Suppose the computatlon of go(z]x) costs T, and that of p,(z|z) costs T,. Computing

L(O) = & ZZ 1 log qo (2| x:) requlres ©(N'T,) time. The computation of vCLUB TcLus =

% val [log qo(zi|lx;) — ﬁZJ 1 logqg(zj|:17,-)] requires computing [log go(2;|x;)] for 4,5 €

[N'], which requires ©(N'"T, 12 y) time. Updating p,, for reducmg T, veLug over the same N’ inputs adds
N'T, time. Hence, one training epoch requires ©(N'*T,, + N'T, + N'T,) = O(N'*T, + N'T},).

Computational Complexity of VUIB. Herein we analyze the computational complexity for comput-
ing the upper bound, VUIB, for the IB loss. Let T denote the complexity of a forward and backward
computation of the model predicting z; for one sample. For each epoch the computation of {Z; }¥ /1

using the classification network takes ©(N'T}) time. Once {Z;}}¥, are computed, we pre-compute
B(%;, ) for i € [N'] and a € [C], which takes O(N’C) time.

To compute VUIB(C(6,©), 0, Dy,), we separately compute - Zi\il U;, which is the upper
bound for I(Z, X), and - S°', Vi, which is the lower bound for I(Z,V). Let A;, =
exp(—||Z; — cl(lfeat %) and B;, = exp(—Hxl mpm |2) for all a € [C] and y € [C]. Let
D; = Z _ 12 11 Ai Biy = A B7, where A (Zg,zl Am/),ﬁi = (23,21 Biy/). For
each i € [N'], we ﬁrst pre-compute all A;, and Bj, for a € [C] and y € [C], which takes ©(C) time.

For each i € [N'], we then pre-compute A;, §l and D;, which takes ©(C') time. Then U; can be
computed by

» ¢(~'€ T, € )
Ui=2 2 o5 € aiicy)log (HH>

Py (%, ca)

a=1y=1
c c
AioBiy/D;
5221%13@ log <pJ¢> %, e >
c c
=1 i By (log A log B;,, — 1 1 (feat)
= —logDi + & DY AiaBiy (log Ajq + log Biy — log p, — log ¢(;, ¢f*V))
Za:l'q:l
A< 1 (& ~
—logD; — ﬁZBw Ingy+ﬁ <2Am 10gAm> B;
Zyzl v \a=1

~

A; c § =
d . . _ . 5. lfeat)
+ D, <y§_1j Biy log Bzy> D, (;_lAm log (%, ¢ )) :

For each i € [N/], Zy 1 Biylogpy, D% (Zacz1 Asq log Am> Ei,
‘g: (Zyczl By log Bl-y) , and gi (Zle Aiq log ¢(Z;, cflfeat))) each takes ©(C') time. As a result,
the computation of U; for each i € [N'] takes ©(C +C +1+C+ C+ C + C) = O(C) time.
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Therefore, the computation of - Zf\il U;, which is the upper bound for I(Z, X), takes ©(N'C)
time.

Given the soft assignment matrix ¢(Z;, ¢ for all i € [N'] and a € [C], the conditional distribution
matrix Q(Z €al Y = y) € RE*C can be efficiently computed following Algorithm 5. We denote
by Qla,y] = Q(Z € a | Y = y) the (a, y)-th entry of Q, representing the conditional probability
that a learned feature Z belongs to class a given class label y. Each entry Q[a, y] is computed by
aggregating the soft assignment values ¢(Z;, ) over all i € [N’] such that §; = vy, followed
by normalization with respect to the total number of samples in that class. The accumulation step
(lines 2-7 in Algorithm 5) requires ©(N’C') time, while the normalization step (lines 8-12 in
Algorithm 5) requires ©(C?) time. Since N’ > C, the computational complexity of computing Q is
O(N'C + C?) = O(N'C).

Let Z, := {i € [N']|g; = y} be the index set of the samples from the class y for y € [C] in the
augmented training set. The lower bound for the mutual information I (Z , 37) can be computed by

N’ N’
%Z TN ZZZ¢ Zi, ) L i,2yy log Q(Z € alY =)
i=1 i=1a= 1y 1
_ % ZZ 3 60, ) log Q(Z € alY =y).
a=1y= ’LEI

For each a € [C], the computation of 25:1 >iez, ¢(Z, Y log Q(Z € alY =y) takes
25:1 IZ,| = ©(N’) time. As a result, the computation of Zf\; V;, which is the lower bound
for I(Z,Y), takes ©(N'C') time.

Since VUIB(C(0,0),0,Dy) = 7
VUIB(C(6, ), ©, Dyye) is O(N'T) +

Zl\i 1 - Ni Z - Vi, the overall computation cost for
N'C+ C+NC+N’C):@(N’T0+N’C).
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