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Abstract

Long-tailed data bias decision boundaries toward head
classes and degrade tail class accuracy. Diffusion-based
generative augmentation address this problem by generat-
ing additional data, while head-to-tail transfer further mit-
igate the generator bias inherit from long-tailed dataset.
However, we show that while head-to-tail transfer helps
balance the decision space of the classifier, it also in-
duces latent non-local feature mixing that entangles inter-
class features, causing decision boundary overlap and tail
class distribution shift. To address this, we first iden-
tify the problem of boundary ambiguity and then propose
Decision Boundary-aware Generation (DBG) framework,
which promotes near-boundary representation learning by
generating informative near-boundary samples.  Over-
all, DBG rebalances the long-tailed dataset while yield-
ing more separable decision space for long-tailed learn-
ing. Across standard long-tailed benchmarks, DBG con-
sistently improves tail class and overall accuracy with less
inter-class overlap. The code of DBG is available at
https://github.com/keepdigitalabc-svg/DBG.

1. Introduction

Vision-based deep learning methods have delivered sub-
stantial gains in convenience and efficiency [6, 9, 18, 23, 24,
31], yet their performance critically depends on the qual-
ity and quantity of the training data [13, 19]. In practice,
datasets often exhibit long-tailed class distributions, charac-
terized by a few head classes dominating the samples while
many tail classes are underrepresented. Models trained on

*Corresponding Author: Yang Lu (luyang@xmu.edu.cn).
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Figure 1. Pipeline of head—to—tail transfer for tail sample genera-
tion, resulting in inter-class overlap, intra-class drift, and blurred
decision boundaries.

such imbalanced data tend to learn biased decision bound-
aries that favor head classes and degrade tail class accu-
racy [34]. Though many methods have been proposed for
long-tailed learning [3, 14], the core challenge remains the
scarcity of tail samples which shifts decision boundaries.
From a different perspective, augmentation-based ap-
proaches [22, 27] address data scarcity by supplement-
ing training sets with additional samples. Among them,
generative modeling offers robust performance by exploit-
ing data priors. Recent works employ powerful diffu-
sion models [11] along with head-to-tail transfer to miti-
gate generator bias and promote a more uniform decision
space [29, 30]. These methods effectively leverages lim-
ited training data to improve the quality of generated sam-
ples and mitigate the generator’s bias toward head classes
as shown in Fig. 1 (a). However, while prior methods pur-
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sue uniform decision space, they rarely analyze the bound-
ary blurring and tail drift induced by head—to—tail trans-
fer [20, 21]. As shown in Fig. 1 (b), head-to-tail transfer
helps balance the decision space but inevitably induces la-
tent, uncontrolled nonlocal feature leakage that entangles
class distributions, leading to inter-class overlap and shifts
in tail class decision boundaries. Without a balanced refer-
ence, the leakage is difficult to disentangle, leaving a “more
uniform yet highly overlapped” decision space and limiting
gains in tail-class learning. Specially, we term this problem
boundary ambiguity.

To make the boundary ambiguity measurable under
generation-based long-tailed learning, we design three tai-
lored metrics: (i) inter-class overlap degree which quantifies
pairwise overlap among class distributions; (ii) tail outlier
rate for estimating the class decision boundary shift; and
(iii) generation confidence for intuitively showing the fea-
ture entanglement. When applied across generated datasets,
these metrics consistently reveal blurred decision bound-
aries and tail distribution drift under head—to—tail transfer.
These findings caution that indiscriminate use of head
class features to expand the tail class can lead to deci-
sion boundary damage, expansion based on head-to-tail
transfer is therefore a double-edged sword.

Motivated by these observations, we introduce the
Generative Boundary-aware Generation (DBG) framework
to address the boundary ambiguity for promoting tail class
learning. DBG integrates a boundary-aware generator with
a classifier-driven bifurcated cleaning pipeline to gener-
ate informative near-boundary samples, thereby repopu-
lating and refining the decision boundaries. Specifically,
the boundary-aware generator introduces adversarial de-
classification noise to suppress dominant class-specific pat-
terns and reconstruct each sample toward its k-nearest al-
ternative classes, enriching boundary features for long-
tailed learning. Furthermore, to mitigate hard samples aris-
ing from long-tail-biased labeling and generator—classifier
space mismatch, the classifier-driven bifurcated cleaning
pipeline integrates class-wise prototype-distance and con-
fidence—credibility filtering to identify and discard harmful
samples. Overall, DBG effectively addresses the scarcity
of tail class data and sharpens the decision boundaries, re-
constructing a “more uniform and separable” decision space
that substantially improves tail class precision.

Our main contributions are summarized as follows:

* To our knowledge, we present the first systematic analy-
sis of boundary ambiguity induced by head-to-tail trans-
fer, using three metrics: inter-class overlap degree, outlier
rate, and generation confidence.

* We propose a Decision Boundary-aware Generation
framework to generate informative samples for enriching
near-boundary features and sharpening decision bound-
aries in long-tailed learning.

» Extensive experiments demonstrate that the proposed
framework reduces inter-class overlap and improves long-
tailed learning performance for all generative baselines,
demonstrating its effectiveness and generalization ability.

2. Related Works

2.1. Augmentation-based Long-tailed Learning

Data quantity and quality critically determine the perfor-
mance of deep learning classifiers, while real-world datasets
are often long-tailed [2]. Prior work introduces addi-
tional samples to rebalance long-tailed datasets for improv-
ing overall classify accuracy [1, 17, 33, 35]. However,
such strategies can introduce out-of-distribution features
and even backdoor risks, degrading both accuracy and se-
curity of the classifiers. In response, generator-based ap-
proaches emerged. For instance, Liu et al. [21] generates
tail samples by mixing head-shared and tail-specific fea-
tures. Qin et al. [27] leverages diffusion model [28] trained
with the long-tailed data to generate missing samples. Fur-
thermore, Shao et al. [29] combines diffusion with head-
to-tail transfer strategy to mitigate head class bias. In this
paper, we introduce generation based on adversarial attack
to reduce inter-class overlap and restore blurred decision
boundaries for long-tailed learning.

2.2. Adversarial Samples

Adversarial samples are inputs perturbed with small,
human-imperceptible noise that flip the prediction of classi-
fier, while preserving visual semantics [7, 10, 32]. Beyond
robustness evaluation, they also serve as data augmentation
to improve generalization [10, 36]. In long-tailed learning
they have been used to mitigate imbalance data distribution
by reconstructing tail samples via adversarial attacks toward
head samples [20]. In this work, we generate near-boundary
adversarial samples to offer additional boundary knowledge
for restoring decision regions and sharpen separability.

3. Analysis of Boundary Ambiguity

The uniformity and separability of the feature space largely
determine the difficulty of classification. Owing to se-
vere class imbalance, long-tailed datasets often yield post-
training feature spaces with uneven inter-class density. Ex-
isting head-to-tail training strategies mainly aim to equal-
ize inter-class distributions while paying less attention to
improving inter-class separability. To further observe this,
in this section, we introduce three complementary metrics
to jointly quantify the uniformity and separability of the
learned feature space, including inter-class overlap degree,
outlier sample rate, and generation confidence.
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3.1. Boundary Ambiguity Measurement Metrics

Inter-class overlap degree. Our goal is to quantify how
an generated training set reshapes the separability of the
learned feature space. Moreover, since the classification re-
sults are directly determined by the test set, we restrict our
analysis to the changes in the feature space on the test data.
To this end, the inter-class overlap degree metric is defined
based on von Mises—Fisher (vMF) hyperspherical projec-
tion and the Bhattacharyya coefficient (BC) to measure the
overlap degree between each pair of classes.

Specifically, test features are first extracted by a well-
trained encoder and then projected onto the unit hyper-
sphere via L2 normalization by y = ﬁ, which enables

uniform comparability of inter-class overlap. z € S¢~! de-
notes the extracted feature and y is the normalized feature
after projection. After that, for each class ¢ € {1,..., K}
with normalized test features {y{”}", C S%=1, we fit a
vMF density for representing intra-class distribution:

pe(y) = Calre) exp(kep y), (1)

where p. € S?-1 is the mean direction and k. > 0 is the
concentration, both estimated by maximum likelihood from
{yic)}. Cy(+) is the vMF normalizer. Then, pairwise inter-
class overlap is measured by BC as follows.

éa(c, C/) = IOg <Tln Z pc(y) pc’(y) > . )

Lower ]§E](c7 ') indicates a more separable feature space
between ¢ and ¢'.

To investigate the impact of imbalance ratio and head-
to-tail transfer on the decision space of the classifier, inter-
class overlap degree is measured under four varint datasets.
As shown in Fig. 2 (a), the imbalanced setting yields higher
inter-class overlap, indicating poorer separability. CBDM-
based reduces inter-class overlap by increasing feature di-
versity via diffusion-based generation. However, introduc-
ing head-to-tail transfer increases overlap again, proving
our hypothesis that coarse-grained head-to-tail transfer can
harm feature-space separability.

Outlier sample rate. Due to the instability of parame-
ter changes during model training, it is very difficult to di-
rectly evaluate whether the generated dataset exhibits fea-
ture space shift. But ideally, the feature space learned by the
model should be able to uniformly project the test set sam-
ples onto their corresponding class distributions. Based on
this, we measure the degree of intra class shift by testing the
approximate distribution of sample features in the feature
space. Specifically, to verify whether the head-to-tail mech-
anism induces unfavorable intra-class distribution shift, we

CBDMt-r10 CBDM-r10 CBDMt-r100 - CBDM-r100
Imb-ri0 Imb-r100 Balanced
-20
e 2 -
: §
3 K
-50 a 1 8
-80 0
Head Med Tail ALL Head Med Tail ALL

(a) Overlap degree (b) Outlier rate
Figure 2. (a) The results of inter-class overlap degrees in the fea-

ture spaces learned by four different classifiers. (b) The results of
Outliers sample rate. Imb-r represents the ResNet-32 trained on
the imbalanced dataset with imbalanced ratio set to r, and CBDMt
denotes the classifier trained on the CBDM-based [27] dataset with
head-to-tail transfer.
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Figure 3. The results of generation confidence with different s
on balanced classifier. N represents normal training, while H2T
represents trained with head-to-tail transfer. H, M, and T represent
statistics based on head, medium, and tail classes, respectively.

flag test samples that deviate excessively from their class-
wise neighborhoods in the learned feature space. Given a
trained encoder, the within-class nearest-neighbor distance
is computed for each sample:

a7 = min |59 -7, 3
1<j<n.

(e)

where z; is the i-th feature of class ¢ and n, is the num-

ber of test samples in class c. dz(-c) is the class-c nearest-
neighbor distance of sample i. Let d. = - Y7, d!” and

S¢ = std({dgc) }i1), we standardize nearest-neighbor dis-
tances and mark outliers by a threshold A as follows.

41— d|

5@ =
Sc

OEC) = H[sgc) > )\], )

where d.. is the mean of {dl(.c) 2. std(-) denotes the stan-
dard deviation so that s, is the standard deviation of the
nearest-neighbor distances in class ¢. I[-] is the judgement
function (1 if the predicate is true, 0 otherwise). ogc) €
{0, 1} is the outlier label. Finally, the outlier sample rate 7).
can be defined as 7. = n% >y ol(-c) to measure the distri-
bution shift.

Similarly, we evaluate outlier sample rate on classifiers
trained on four variant datasets. As shown in Fig. 2 (b),
increasing imbalance ratio of the dataset and introducing
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head-to-tail transfer both lead to more test-time outliers in
the feature space, especially for tail classes. This indicates
head-to-tail transfer leads to tail class distribution shift, de-
grading tail class accuracy. It is also worth-noted that higher
imbalanced rate can increase the model bias toward head
classes, resulting in less outlier samples.

Generation confidence. To intuitively quantify bound-
ary ambiguity induced by head—to—tail transfer on diffusion
models, generation confidence is defined as the class-wise
average prediction confidence of generated data. Specif-
ically, a diffusion probabilistic model consists of a for-
ward noising process and a reverse denoising process. The
generation process usually begins with a random Gaus-
sian noise sample and, by predicting and removing the
noise iteratively follows standard Classifier-free guidance
(CFG) [15, 16]:

ét:(17’5)'€9(Xta®7t)+S'€9(Xtacat)7 (5)

where €¢(x¢,c,t) and eg(x;, @, t) denote the conditional
and unconditional noise predictions, respectively. s is the
guidance scale. To directly validate how head-to-tail con-
fusion affects the feature space learned by diffusion mod-
els, we form a modified CFG guidance for a target class
Yyt € Cyr and a disturbing class ygq € Cy;s as follows.

Eim = (1—8)-eg(Xe, Y1, t) + 5 - €0(X¢, ya, ). (6)

The generated samples under modified guidance are then
feed into a ResNet classifier f, trained on the balanced
dataset to obtain logits ¢(z,) € RX and probabilities
p(xy) = softmax(¢(x,)). The confidence and credibility
of sample z, is then computed to measure the generation
confidence as follows.

Conf(zg) = Ly, (zg),

(7N
Cred(zy) = p(l)(xg) - p(d)(xg)v

where £, (z,) denotes the y;-th logit of ¢(z,) € RE.
p(1)(7y) = max, p.(r,) and p(q) (24) is the predicted prob-
ability of x4 from disturbing class. A lower confidence and
a lower credibility indicates stronger boundary ambiguity.

As shown in Fig. 3, after employing head-to-tail transfer,
the prediction confidence of the generated samples reduce,
indicating that this strategy makes head-specific features
leak into tail class generated samples, leading to boundary
ambiguity. It is worth noted that the prediction credibility
also reduce, indicating that the generator also occurs bound-
ary ambiguity for disturbance classes.

4. Decision Boundary-aware Generation

The DBG comprises two components: (i) a boundary-aware
sample generator that generates samples near the decision

boundary to restore sharper decision boundaries; and (ii)
a classifier-driven bifurcated data-cleaning pipeline that fil-
ters hard and drifted samples, preventing secondary distor-
tion of the feature space caused by long-tailed bias.

4.1. Boundary-aware Sample Generator

The boundary-aware sample generator consists of two
stages, including conditional noising to erase class-specific
features for pulling the samples to its decision boundary,
and conditional denoising for assigning target labels to the
reconstructed samples, as shown in Fig. 4.

For conditional noising, with diffusion trained with hori-
zon T, schedule 5; € (0,1), and oy = 1 — By, ¢ =
Hizl a, the input sample z is first perturbed by random
noise €, to push it into a middle timestep for easier modify-
ing deep class-specific features [25], as follows.

Tm = VA To + \/l_dmé'm (8)

where m = T'/2 and €, denotes standard Gaussian noise.

After that, to suppress the class-specific features, x,, is
forwarded under the guidance of source label yy follow-
ing Eq. 8 iteratively and the target class-specific noise €. in
it is obtained via the noise predictor e¢(+) as follows.

€. = 59(%7 Yst, t)a ©
where x; denotes the current noisy sample. Specifically, the
noising iteration update for K = T'/10 steps starting at m.
Which prevents the reconstructed sample from drifting too
far from the source manifold while effectively erasing class-
specific features to produce stable near-boundary variants.

For conditional denoising, we perform reverse denoising
with standard CFG (following Eq. 5) as follows.

Li'o _ Tt — 1-—- dt ét(xtatag)
Vay ’ (10)
i1 =V0u_1To + /1 — —1&(x,t,7),

where ¢ denotes the label close to xy. By iteratively remov-
ing predicted noise, the generated samples remain near the
decision boundary and avoid large semantic jumps while
providing additional knowledge of y for the classifier.

Specifically, y is from k classes most confusable with
the ground-truth label of xz, as predicted by a classifier
f trained on the source dataset. By default, we take the
highest-scoring member as follows.

g = arg max f(xo),
c€Cr (o) (11)

Cr(z) = TopK(f(xo), k),

where f(x) denotes the predicted logit for class ¢, Cy (o)
is the index set of the top-k predicted classes for zy and
k = |C/w|. C is the total class number and w is the
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Figure 4. The basic pipeline of boundary-aware sample generator, including (b) conditional noising and (c) conditional denoising stages.
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Figure 5. The workflow of classifier-driven bifurcated data-cleaning, consists of prototype-distance and confidence-credibility filtering.

stable weight. By setting an appropriate w, the generator
can supply abundant near-boundary targets for rebalancing
extremely imbalanced data while avoiding large semantic
shifts that would distort the feature distribution.

4.2, Classifier-Driven Bifurcated Data-cleaning

Due to generator bias that inherit from long-tailed dataset
and the feature space mismatch between generator and
classifier, the generation process may produce mislead-
ing adversarial samples with bad class-specific features.
Such hard samples cannot provide precise boundary su-
pervision for the classifier and may even further dam-
age the decision boundaries. To address this, we pro-
pose a long-tailed-insensitive classifier-driven bifurcated
data-cleaning pipeline, as shown in Fig. 5. The pipeline
comprises two parallel data-cleaning branches: one em-

ploys prototype-distance filtering to discard outlier sam-
ples and boundary-distant samples, while the other ap-
plies confidence-credibility filtering to remove samples
misaligned with the feature space of the classifier.

For prototype-distance filtering, a well-trained classifier
fo(+) is first obtained by training on the source long-tailed
dataset D with logit adjustment loss [26]. Then, for each
class ¢ € {1,...,C}, we compute its prototype as follows.

1

Nk:Nf Z

k
(24, yi=c)€D

Z(@i), = (12)

_HE
[l

¢(z)

@)=
Z(x) denotes the normalized feature. After that we can mea-

sure the cosine distance d.(-) of each generated sample 2y

where Z(z) = ¢(+) is feature extractor of fy and

29445



Table 1. Top-1 accuracy (%) of ResNet-32 on CIFAR100-LT across baselines. CBDM* represents CBDM-based. Improvements on tail
classes and the overall average are highlighted in red. AVG computes the overall accuracy and improvement of each baseline.

Method Imbalanced ratio-10 Imbalanced ratio-100 Imbalanced ratio-200 Ave
Head Med Tail All |[Head Med Tail All |Head Med Tail All
CBDM* 68.17 61.80 55.40 61.79 | 66.30 52.85 25.93 48.81|69.10 46.52 15.60 44.02 | 51.54
CBDM*+DBG | 67.77 63.67 57.20 62.96|70.08 53.35 26.72 50.37 | 69.17 49.15 18.67 46.01 | T1.57
CBDM 66.87 64.28 59.17 63.52|69.10 53.75 28.60 50.81 | 64.10 48.98 20.67 45.02|53.12
CBDM+DBG | 68.37 63.62 59.27 63.74 | 67.30 5498 30.10 51.21 | 64.40 49.27 2047 45.17|170.25
OCLT 68.60 62.92 56.80 62.79 | 68.70 52.38 25.73 49.28 | 69.03 48.90 16.23 45.14 | 52.40
OCLT+DBG | 67.93 63.58 57.10 62.94 | 68.20 53.95 27.37 50.25|69.33 49.33 16.33 45.43 | 10.47
DiffulLT 70.27 63.30 54.30 62.69 | 68.10 51.20 29.37 49.72 | 68.67 49.02 19.13 45.95|52.79
DiffulLT+DBG | 68.33 63.00 56.53 62.66 | 68.87 54.55 28.63 51.07 | 69.30 49.52 19.43 46.43 | 10.60
Table 2. Top-1 accuracy (%) of ResNet-32 on CIFAR10-LT across baselines. CBDM* represents CBDM-based.
Imbalanced ratio-10 Imbalanced ratio-100 Imbalanced ratio-200
Method . . . AVG
Head Med Tail All |Head Med Tail All |Head Med Tail All
CBDM* 94.60 8592 88.17 89.20|91.90 76.20 76.53 81.01|92.10 72.10 65.30 76.06 | 82.09
CBDM*+DBG | 94.20 86.42 88.13 89.27|92.13 77.62 74.97 81.18 | 91.30 74.17 69.00 77.76 | 10.65
CBDM 93.77 86.22 90.87 89.88|92.73 77.08 76.30 81.54|91.90 73.38 67.27 77.10 | 82.84
CBDM+DBG | 93.00 86.17 90.33 89.47 | 93.60 77.45 76.53 82.02|90.73 7195 68.77 76.63| 0.13
OCLT 93.93 86.47 90.10 89.80|92.50 77.65 77.43 82.04|92.10 74.50 68.70 78.04 | 83.29
OCLT+DBG |93.23 86.10 90.57 89.58|91.60 78.90 78.90 82.71|91.70 75.45 70.87 78.95| 10.46
DiffulL,T 93.07 85.53 89.70 89.04 | 92.47 77.15 76.33 81.50|93.93 72.40 62.23 77.56 | 82.7
DiffulL,T+DBG | 93.07 86.47 89.43 89.34|92.20 76.85 76.73 81.42|92.23 73.97 69.93 78.24 | 10.30
to their target class prototype as follows. tional boundary information for long-tailed datasets, we al-
leviate the boundary ambiguity induced by class-imbalance
d. (fo) = 1- <2(afo), Hk>7 (13) bias and prevent further blurring caused by feature leakage

where (Z(a), ju,) represents cosine similarity between
vector Z(#y) and pg. Then, to better fit the long-tailed
distributions, we obtain an highest distance d” and lowest
distance d', and define an class-wise acceptance range as
[(1 — 1)d, (1 + h)d"] for each class. Both h and [ ratio
parameters that are set to small values to remove extreme
outlier samples and boundary-distant samples.

For confidence-credibility filtering, the confidence and
credibility of the classifier for zy are computed follow-
ing Eq. 7 with disturbing class set as the second high-
est predicted class using fy(-). Then, to mitigate the in-
fluence of inherited long-tailed bias in the classifier on
data filtering, the class-wise threshold a is defined accord-
ing to the total samples of each class. A sample is re-
moved only when it is misclassified into non-original and
non-target labels with high confidence and credibility. By
using long-tail-insensitive classifier-driven bifurcated data-
cleaning pipeline to filter samples, generated samples that
harmful to the classifier’s decision boundaries can be effec-
tively removed. After data-cleaning, the accepted adversar-
ial set S,q, can work as a plug-and-play auxiliary training
set to refine the feature space boundary of the classifier as
Dawg = D U {(2,9) : @ € Saav }. By providing addi-

in head-to-tail transfer strategies.

5. Experiments

5.1. Experimental Setup

Datasets. We evaluate DBG along with other baselines
on two long-tailed datasets, CIFAR10-LT and CIFAR100-
LT [5], constructed following Cao et al. [4]. The imbalance
ratio is set to 10, 100, and 200 to assess the proposed DBG
under varying levels of class imbalance.

Baselines. Comparisons are made to diffusion-based gen-
erative methods for long-tailed learning, including CBDM-
based [27], CBDM (with an additional loss), OCLT [33],
and DiffulT [29]. Experiments for CBDM-based, CBDM,
and OCLT use the authors’ released implementations. Dif-
fulT is re-implemented from the paper due to the absence
of official code.

Implementation. We set w = 3,1 = 0.02, and h = 0.05
for CIFAR datasets. a is linearly decayed from 0.9 to 0.5.
Specially, to better estimate the drift of the feature space, we
sweep A\ over five values uniformly spaced in [2.5, 3.0] and
report the mean. For all methods, we use ResNet-32 [12]
as the classifier backbone and train for 200 epochs with a
batch size of 128. The initial learning rate is 0.1 and is
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Table 3. Top-1 accuracy (%) of ViT-B/16 on CIFAR100-LT across baselines. CBDM* represents CBDM-based.

Imbalanced ratio-10

Method |y 04 Med Tail All | Head

Imbalanced ratio-100
Med Tail All

Imbalanced ratio-200

Head Med Tail Al | AY8

CBDM* 49.73 4245 32.73 41.72 | 45.17
CBDM*+DBG | 49.60 43.75 36.50 43.33 | 47.97
CBDM 50.57 47.38 40.07 46.14 | 48.17
CBDM+DBG | 51.60 47.48 39.37 46.28 | 49.77
OCLT 50.93 45.67 36.17 44.40 |47.73
OCLT+DBG | 50.23 45.75 37.63 44.66 | 49.13
DiffulLT 50.93 4420 34.03 43.17 | 49.43
DiffulLT+DBG | 50.90 45.52 38.57 45.05 | 49.23

27.77 9.83 27.61|43.80 2393 5.73 24.43]|31.25
30.02 11.07 29.72 | 46.10 26.88 6.37 2649|1193
34.20 16.30 33.02 | 45.97 29.95 10.20 28.83 | 36.00
34.85 15.63 33.56|46.20 29.55 9.83 28.63|10.16
31.18 11.70 30.30 | 45.77 25.23 6.03 25.63 |33.44
32.05 12.37 31.27|47.97 2727 6.70 27.31|10.97
33.30 14.93 32.63 | 47.57 27.30 5.70 26.90 | 34.23
34.58 15.43 33.23|50.17 30.73 10.27 30.42 | 12.00

Table 4. Top-1 accuracy (%) of ViT-B/16 on CIFAR10-LT across baselines. CBDM* represents CBDM-based.

Imbalanced ratio-10

Method |y 04 Med Tail All | Head

Imbalanced ratio-100
Med Tail All |Head Med Tail Al

Imbalanced ratio-200 AVG

CBDM* 77.50 68.38 78.17 74.05 | 65.07
CBDM*+DBG | 72.67 70.50 80.83 74.25 | 60.57
CBDM 66.97 7275 83.83 74.34 | 64.80
CBDM+DBG | 66.40 73.53 84.73 74.75| 65.63
OCLT 68.40 71.83 84.30 74.54 | 61.80
OCLT+DBG | 70.03 70.40 85.27 74.75|60.40
DiffulLT 74.07 68.20 77.83 72.85|61.80
DiffulLT+DBG | 71.13 70.70 83.50 74.67 | 59.87

54.05 66.63 61.13 | 67.77 47.55 52.93 55.23|63.47
56.88 72.17 63.32]66.13 51.38 57.60 57.67 | 71.61
61.83 72.60 6595 |57.73 52.08 68.47 58.69 | 66.33
61.05 74.43 66.44|59.77 4942 70.47 58.84 | 10.35
59.40 57.40 62.14|58.60 52.10 60.00 56.42 | 64.37
57.62 73.17 63.12|61.97 52.85 64.43 59.06 | 11.27
5492 7030 61.60 | 73.67 55.08 59.17 61.88 | 65.44
57.73 73.00 62.95|68.70 59.95 62.13 63.23 | 11.51

Table 5. Ablation study on DBG using ResNet-32. CBDM* rep-
resents CBDM-based (without our framework) and the first line is
standard learning without any augmentation.

Gen. PD. CC.|Head Med Tail All

64.1 356 8.6 36.1
CBDM* 66.3 52.8 259 48.8
664 505 232 47.0
v 69.2 527 27.6 50.1

v | 684 489 235 47.1
v v | 701 534 267 504

SSENENEN

multiplied by 0.1 at epochs 160 and 180. To better validate
the universality of DBG, we also report results with ViT-
B/16 [8], trained for 100 epochs with a batch size of 32, a
base learning rate of 1 x 10~%, and a weight decay of 0.01.

5.2. Classification Results

To test whether DBG-generated samples reduce decision-
boundary ambiguity and improve long-tailed recognition,
auxiliary-generation retraining is conducted on CIFAR-LT
with two classifier backbones (ResNet-32 and ViT-B/16).
In each baseline, the data generated by DBG is used as a
plug-and-play auxiliary training set in addition to the gen-
erated data of baseline. For ResNet-32, per-group accura-
cies on head, medium, tail splits and the overall score are
reported in Tab. | and 2. Across methods, adding DBG con-
sistently increases overall accuracy, with larger gains on tail

Table 6. Hyperparameter sensitivity study on A and [.

h 0.00 0.05 0.05 0.05 0.05 0.07 0.10
l 0.02 0.00 0.02 0.05 0.10 0.02 0.02

Head | 694 70.1 70.1 68.8 693 685 6838
Med | 527 525 534 521 522 522 520
Tail | 257 27.6 267 275 27.7 275 262
Overall | 49.6 503 50.4 49.7 50.0 49.6 493

classes. These results indicate that near-boundary samples
from DBG consistently enhance class separability, mitigate
head-class bias, and thus improve long-tailed learning.
Similar experiments are conducted for ViT-B/16 as
shown in Tab. 3 and 4), where all baselines also improve
after injecting data generated by DBG, indicating that the
complementary boundary information supplied by DBG
generalizes across architectures. It is noted that tail class ac-
curacy drops slightly on CIFAR100-LT with CBDM. This
is because CBDM uses a strong tail-bias loss that makes tail
classes easier to classify. Even so, DBG improves the over-
all accuracy, indicating a better decision space. Moreover,
consistent gains across baselines imply that boundary ambi-
guity is pervasive across data augmentation methods, with
head-to-tail transfer further amplifying the problem.

5.3. Ablation Study

On CIFAR100-LT with imbalance ratio set to 100, the ef-
fect of removing the prototype-distance and confidence-
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Figure 6. Inter-class overlap changes across baselines with DBG
on ResNet-32 with imbalanced rate set to 100 for CIFAR100-LT.
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Imbalanced ratio
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Figure 7. Outlier-rate changes across baselines with DBG. In each
2 x 2 tile, quadrants correspond to head (top-left), medium (top-
right), tail (bottom-left), and overall (bottom-right).

credibility filters is evaluated via ablations in which the clas-
sifier is retrained from scratch. As shown in Tab. 5, drop-
ping either filter causes a substantial decrease in accuracy,
underscoring the importance of these filtering mechanisms.
Because the diffusion model in DBG is trained following
the CBDM-based setting, results are also reported against
CBDM-based. Moreover, because accuracy drops sharply
when the prototype-distance filter is removed, we study the
sensitivity of h and [. As shown in Tab. 6, small value
changes of h and [ do not materially affect DBG’s perfor-
mance in long-tailed learning, and we already set them to
their optimal values.

5.4. Quantitative Analysis

To directly evaluate the ability of our method in reconstruct-
ing clear decision boundaries and balanced feature distri-
butions, we augment the training set with DBG-generated
samples and measure decision boundary quality using the
proposed overlap degree and the outlier rate. As shown
in Fig. 6, incorporating DBG-generated data reduces over-
all inter-class overlap across baselines, indicating that DBG
helps form a more separable decision space. In most cases,
the overlap degree of tail class is also reduced, suggesting
that the method mitigates long-tailed bias by providing ad-
ditional information to underrepresented classes. Similar
effects are observed when the imbalance ratio is set to 10

CBDM* CBDM*+DBG

g

OCLT OCLT+DBG

Class 9 G p ——
Class 19 ( >K
Class 29 ey s v =y
Class39 .~
Class 49 (.

Class 59

Class 69

Class 79

Class 89

Figure 8. Changes in Feature space under different baselines.

and 200 shown in the appendix. As shown in Fig. 7, DBG
reduces the overall outlier rate across baselines, suggesting
that an improved decision space helps balance the the clas-
sifier bias. In a few cases, outlier rates for some classes
increase slightly, likely because DBG focuses on boundary
refinement, causing minor perturbations to specific classes.

Moreover, to more intuitively demonstrate the sharpen-
ing effect of DBG on the classification boundaries, t-SNE
visualizations based on different baselines are plotted, as
shown in Fig. 8. It can be observed that after injecting DBG-
generated data, the inter-class overlap in the decision space
of different baselines decreases, while the inter-class dis-
tances increase and the intra-class features become more
compact, which verifies the effectiveness of GBT in ad-
dressing the boundary ambiguity problem.

6. Conclusion

Long-tailed recognition is hindered not only by data
scarcity but also by boundary ambiguity introduced by data
augmentation and head-to-tail transfer in generative aug-
mentation. We made boundary ambiguity measurable with
three metrics: inter-class overlap degree, outlier rate, and
generation confidence. Building on these findings, we pro-
posed Decision Boundary-aware Generation (DBG), which
generates near-boundary samples and removes harmful
ones through a classifier-driven bifurcated cleaning pipeline
to offer additional decision boundary information for long-
tailed learning. Across long-tailed benchmarks, DBG re-
duces inter-class overlap and outliers, and improves tail and
overall accuracy, yielding a more uniform and more separa-
ble decision space. However, long-tailed bias in the diffu-
sion still reduced the effectiveness of DGB-generated sam-
ples. Going forward, we will study adaptive cleaning and
fine-tuning based method adaptation to further restore long-
tailed decision boundaries.
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