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Abstract

Exemplar-Free Continual Learning (EFCL) restricts the stor-
age of previous task data and is highly susceptible to catas-
trophic forgetting. While pre-trained models (PTMs) are in-
creasingly leveraged for EFCL, existing methods often over-
look the inherent imbalance of real-world data distributions.
We discovered that real-world data streams commonly ex-
hibit dual-level imbalances, dataset-level distributions com-
bined with extreme or reversed skews within individual tasks,
creating both intra-task and inter-task disparities that hinder
effective learning and generalization. To address these chal-
lenges, we propose PANDA, a Patch-and-Distribution-Aware
Augmentation framework that integrates seamlessly with ex-
isting PTM-based EFCL methods. PANDA amplifies low-
frequency classes by using a CLIP encoder to identify repre-
sentative regions and transplanting those into frequent-class
samples within each task. Furthermore, PANDA incorporates
an adaptive balancing strategy that leverages prior task distri-
butions to smooth inter-task imbalances, reducing the overall
gap between average samples across tasks and enabling fairer
learning with frozen PTMs. Extensive experiments and ab-
lation studies demonstrate PANDA’s capability to work with
existing PTM-based CL methods, improving accuracy and
reducing catastrophic forgetting.

Code — https://gitlab.com/viper-purdue/panda
Extended version — https://arxiv.org/abs/2511.09791

Introduction
Continual Learning systems have made remarkable strides in
overcoming catastrophic forgetting (Kirkpatrick et al. 2017a;
Li et al. 2019; Kemker et al. 2018) and improving learning
with growing streams of data. Despite these advancements, a
large number of methods still assume perfectly balanced tasks
with uniform class distributions (Zhou et al. 2024f; Wang
et al. 2024; De Lange et al. 2022). In reality, data streams are
both sensitive and unconstrained, and they often follow long-
tailed distributions at two levels. Globally, certain classes
dominate while others are rare; within a task, this skew can
be more extreme or temporarily reversed. This type of two
level imbalance remains underexplored in continual learning,
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resulting in a gap between benchmark studies and real-world
applications. For instance, camera traps may log thousands of
deer and rabbits, but only a few predators. During a migration
window, deer can dominate a week’s footage. In medical
imaging, pneumonia is the most common condition, while
pneumoconiosis appears sporadically and can occasionally
overtake pneumonia as the most common case.

Data sensitivity and the high cost of storage make
exemplar-based continual learning methods impractical in
many real-world settings. Historically, exemplar-free (Li
and Hoiem 2016; Kirkpatrick et al. 2017b; Smith et al.
2023b) approaches could not match the performance of
exemplar-replay (Rolnick et al. 2018) techniques. However,
this has changed with the recent advancement of Pre-Trained
Models (PTM) trained on extensive datasets, which has in-
spired a growing number of continual learning techniques
that benefit from their rich feature representations (He, Duan,
and Zhu 2025; Goswami et al. 2023; Zhang et al. 2023; Zhou
et al. 2024d,a, 2023; Wang et al. 2022b; Smith et al. 2023a;
Wang et al. 2022a; Zhou et al. 2024b,c; Sun et al. 2025).
Despite these advances, Exemplar-Free Continual Learning
(EFCL) is still in its early stages when it comes to han-
dling two-level imbalances. Prior work on imbalanced Long-
Tailed-EFCL(LT-EFCL) (Qi et al. 2025; Hong et al. 2024)
addresses only what we term single-level imbalance (SLI),
designed to tackle a global long-tailed distribution.

To address this, we first formalize the Dual Level Imbal-
ance (DLI) setting by introducing task-specific imbalances
that deviate from the dataset level distribution. Then, to han-
dle both single-level imbalance (SLI) and our proposed DLI
in PTM-based EFCL frameworks, we present PANDA, a
Patch-and-Distribution-Aware oversampling module that in-
tegrates into any existing EFCL method. PANDA combines
two complementary mechanisms: (1)Intra-task balancing
(within task), using a frozen CLIP encoder to selectively
transfer semantic-rich patches from tail class samples to head
class samples to equalize distribution. (2) For Inter-task
smoothening we blend the previous task’s minima and max-
ima with the current task via a learnable 𝛽 to calibrate clas-
sifier thresholds.

We evaluate PANDA across both single and dual level
imbalance settings, showcasing the improvement in accuracy
and reduced forgetting. Our contributions are as follows:
1. We formalize the Dual Level Imbalance (DLI) setting
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to inject task specific imbalance that deviates from the
overall dataset distribution.

2. We propose PANDA, an integratable patch and distribu-
tion aware oversampling module that (a) transfers CLIP-
identified patches from rare to common classes to balance
intra-task distributions and (b) smoothening inter-task
distribution shifts via a learnable 𝛽, reducing classifier
bias without storing past data.

3. We integrate PANDA into existing PTM EFCL frame-
works and demonstrate significant improvements in ac-
curacy and mitigate catastrophic forgetting, highlighting
its broad applicability and impact.

Related Work
Continual Learning Categories
Traditionally, continual learning has primarily focused on
deep learning models trained from scratch (Zhou et al. 2024f;
De Lange et al. 2022; He et al. 2020), categorized into replay-
based methods, regularization techniques, and parameter-
isolation approaches. Replay-based methods (Rebuffi et al.
2016; Rolnick et al. 2018; Isele and Cosgun 2018; Chaudhry
et al. 2019; Raghavan, He, and Zhu 2024b) utilize a memory
buffer to retain a subset of past data samples, enabling knowl-
edge rehearsal to mitigate forgetting of previously learned
classes. Regularization methods (Li and Hoiem 2016; Kirk-
patrick et al. 2017b; Lee et al. 2017; Jung et al. 2016) incorpo-
rate additional penalty terms into the loss function to preserve
prior task information while effectively learning new data. In
contrast, parameter-isolation techniques (Serrà et al. 2018;
Mallya and Lazebnik 2018; Mallya, Davis, and Lazebnik
2018; Rusu et al. 2016) assign separate model parameters
to different tasks, preventing interference and mitigating for-
getting. While most of these approaches focus on balanced
settings, recent research has begun exploring imbalanced
and long-tailed scenarios with replay strategies (He et al.
2023; Liu et al. 2022; Bang et al. 2021; Raghavan, He, and
Zhu 2024a; Chrysakis and Moens 2020; He 2024).

Exemplar Free Continual Learning With PTM
Continual Learning With PTMs (Zhou et al. 2024d) has
demonstrated greater resilience to forgetting and improved
performance compared to models trained from scratch, even
when they’re exemplar-free in nature, making them a promis-
ing direction for more efficient continual learning systems.
Continual learning with pre-trained models can be broadly
categorized into two main approaches: Prompt-based meth-
ods (Wang et al. 2022b; Smith et al. 2023a; Wang et al.
2022a; Hong et al. 2024) and Representation-based meth-
ods (Zhou et al. 2024b, 2023, 2024e; Qi et al. 2025; Marouf
et al. 2024; Zhang et al. 2023; Goswami et al. 2023; Zhou
et al. 2024c; Sun et al. 2025). Prompt-based methods uti-
lize lightweight, trainable parameters (prompts) to guide
the model in learning task-specific image samples. These
prompts are attached to the input alongside image patches,
helping the model adapt efficiently to new tasks while lever-
aging pre-trained knowledge. Representation-based methods
leverage pre-trained knowledge by keeping the backbone
completely frozen while replacing classification weights with

prototypes, using a nearest mean classifier for classification
or adapters or a mix of these strategies.

Data Augmentation Methods
In the context of long-tailed learning and imbalanced
datasets, oversampling tail-end classes is a common tech-
nique, but focusing on the semantic information is necessary
to aid in the augmentation. The Cutout (Devries and Taylor
2017) technique randomly removes regions from the im-
age, while Mixup (Zhang et al. 2017) creates new samples
by interpolating two images in the dataset. In contrast, Cut-
Mix (Yun et al. 2019) cuts a patch from one image and pastes
it onto another, while also adjusting the labels proportion-
ally. A recent data augmentation technique for long-tailed
learning employs contrastive learning to generate semanti-
cally consistent data, thereby addressing the imbalance (Pan
et al. 2024). However, none of these methods are inherently
designed for continual learning, where the entire sample
distribution is unknown. While balancing task distributions
can help mitigate imbalance, the inherent distribution shifts
across different tasks can still lead to a biased classifier. Our
work, PANDA, aims to address this gap by introducing a
more adaptive augmentation strategy tailored for continual
learning settings.

Methodology
Preliminaries For Long-Tailed Continual Learning
We assume the problem of supervised classification in the
context of continual learning (Zhou et al. 2024f), where we
encounter a series of N tasks 𝑇1, 𝑇2, ..., 𝑇𝑁 . Each task 𝑇𝑘
where 𝑘 ∈ 𝑁 contains a disjoint set of images from a dataset
paired with its corresponding labels. The overall dataset is
structured to follow a long-tailed distribution, with the or-
dering of head and tail classes shuffled to better represent
real-world scenarios. Based on this dataset, we construct
data streams that we treat as distinct tasks The distribution
is characterized by an exponential decay (Cao et al. 2019),
parameterized by 𝜌 denotes the ratio between the most and
least frequent classes. During training, we can only access
the data from the current task 𝑇𝑘 , where 𝐶𝑘 denotes the
number of classes in the task 𝑘 and 𝑛𝑘

𝑗
denotes the num-

ber of samples in class 𝑗 of task 𝑘 . As we are focusing on
the exemplar-free setting, we don’t have any storage sys-
tems for rehearsal and focus on learning the samples from
the current task. Training samples in any task 𝑘 , denoted as
X𝑘 = {𝑥𝑘

𝑗
, 𝑦𝑘

𝑗
| 𝑗 ∈ {1, 2, ..., 𝐶𝑘}} are i.i.d. samples drawn

from the current distribution 𝐷 characterized by 𝜌, where 𝑥𝑘
𝑗

are the images in task 𝑘 and 𝑦𝑘
𝑗

are the corresponding labels.
The goal of the continual learner is to classify all classes
learned up to task 𝑘 denoted by 𝐶1:𝑘 , which implies not only
learning new task information, but also reducing catastrophic
forgetting on previous tasks.

Dual Level Imbalance
Prior work on imbalanced continual learning (Liu et al. 2022;
Chrysakis and Moens 2020; Raghavan, He, and Zhu 2024a;
Qi et al. 2025; Hong et al. 2024) primarily focusing on the
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exponential decay of class samples (controlled by parameter
𝜌) and do not explicitly control how imbalance impacts in-
dividual tasks, we call this the Single-Level Imbalance (SLI)
setting. Although SLI setting introduce varying levels of
imbalance across the entire dataset, they fail to address task-
specific imbalance. To bridge this gap, we propose a DLI
setup as shown in Figure 1 that incorporates both dataset-
level (controlled by 𝜌) and task-level (controlled by 𝜌∗, ∗
denotes the task affected) imbalances. This approach ampli-
fies inter-task imbalance (between different tasks) and can
intensify intra-task imbalance, making the problem more re-
alistic and challenging in the context of continual learning.

Figure 1: An illustrative figure for the Dual Level Imbal-
ance (DLI) setting: the top image represents the conven-
tional long-tailed CL scenario (SLI), while the bottom image
demonstrates the DLI setup, where task-level imbalances are
introduced in addition to the dataset-level imbalance. NOTE:
The order of tasks and classes in tasks are shuffled, and
are not ordered from head to tail.

PANDA Framework
We introduce PANDA, a training-free debiasing augmenta-
tion framework. The core objective of PANDA is to increase
the effective number of training samples for tail classes
(least frequent) by leveraging the rich contextual diversity
found in head-class images (most frequent). Following the
mechanism of vision transformers, each image is divided
into 𝑁 × 𝑁 non-overlapping regions, referred to as patches.
PANDA synthesizes new images by transferring the most
semantically relevant patches, which are identified using a
frozen CLIP (Radford et al. 2021) encoder, from tail-class
samples to the head-class samples. Images typically consist
of an object of interest with background content that does
not affect the classification context. By using this knowledge
during patch swapping from head to tail classes, PANDA

enriches the diversity of tail-class samples and improves the
class distribution and reduces bias towards head class data.

At task 𝑇𝑘 with sample distribution 𝐷𝑇=𝑘 , the training set
is

X𝑘 = {(𝑥𝑘𝑗 , 𝑦𝑘𝑗 ) | 𝑗 = 1, . . . , 𝐶𝑘}.
We partition X𝑘 into head and tail classes according to sam-
ple frequency,

X𝑘 = {X ℎ
𝑘 , X 𝑡

𝑘 }, (1)
with distributions = [𝐷ℎ

𝑇=𝑘 , 𝐷
𝑡
𝑇=𝑘] . (2)

Let each head-class image be denoted as 𝑥ℎ ∈ R𝐻×𝑊×𝐶

with label 𝑦ℎ and each tail-class image as 𝑥𝑡 ∈ R𝐻×𝑊×𝐶

with label 𝑦𝑡 . Our goal is to compose a new sample (𝑥′, 𝑦′)
that balances the intra-task distribution and leverages prior-
task distribution statistics to mitigate inter-task distribution
shifts.

Using a frozen pretrained CLIP encoder, we partition each
image 𝑥ℎ and 𝑥𝑡 into 𝑁 semantic patches, each annotated
with positional encoding 𝑃𝑒. To exploit CLIP’s joint lan-
guage–vision alignment, we then convert the class label into
a pseudo-sentence of the form:

𝑡 = Image of a {label} (3)
We then compute text and image embeddings using the frozen
CLIP encoders (Eqn 4).

𝑧𝑡 = 𝑔(𝑡) (text features)
𝑧𝑖 = 𝑓 (𝑃𝑖) (image patch features) (4)

The cosine similarity between 𝑧𝑡 and each patch feature 𝑧𝑖 is
computed as

𝑆𝑖 =
𝑧𝑖 · 𝑧𝑡

∥𝑧𝑖 ∥∥𝑧𝑡 ∥
, 𝑖 = 1, . . . , 𝑁. (5)

For each image, we select the top N/2 patches whose sim-
ilarity scores exceed a confidence threshold of 0.45 (deter-
mined by experiments, overall range 0 to 1), thereby pre-
venting cross-class contamination and eliminating bad patch
choices. We denote their indices by

𝑖∗ℎ = arg⊤𝑘=𝑁/2{𝑆ℎ𝑖 }, 𝑖∗𝑡 = arg⊤𝑘=𝑁/2{𝑆𝑡𝑖 }.

We define binary masks 𝑀ℎ, 𝑀 𝑡 ∈ {0, 1}𝐻×𝑊 so that

𝑀 (𝑢, 𝑣) =
{
1, (𝑢, 𝑣) ∈ patches 𝑖∗,
0, otherwise.

Let (𝑀ℎ)′ be the inverse of 𝑀ℎ. We compose the new image
as

𝑥′ = (𝑀ℎ)′ ⊙ 𝑥ℎ + 𝑀 𝑡 ⊙ 𝑥𝑡 , (6)
𝑦′ = 𝑦𝑡 , (7)

where ⊙ denotes element wise mask multiplication. This
procedure grafts the tail object’s most semantic patches into
the head image while preserving its original context.

To prevent overfitting to these synthetic compositions,
we apply standard image augmentations including flip crop,
color jitter and Gaussian blur, before passing 𝑥′ to the learner.
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Figure 2: An overview of the PANDA framework, designed to improve Long-Tail Continual Learning through a training-free
approach that contextually enriches tail-end samples by utilizing the distributions of head-class samples task-wise. We employ the
frozen CLIP (Radford et al. 2021) model to identify and extract the most relevant patches from head-class samples, transferring
them to tail-class samples. Additionally, we incorporate prior task distributions to balance the current task, to mitigate inter-class
and inter-task imbalances. The augmented samples are then fed into the Continual Learning pipeline.

We iterate this augmentation until the average class counts
for head and tail differ by at most 𝑞 samples, achieving

X ℎ
𝑘 = X ℎ

𝑘 − 𝑀, (8)
X 𝑡

𝑘 = X 𝑡
𝑘 + 𝑀, (9)��Avg[𝐷ℎ

𝑇=𝑘] − Avg[𝐷𝑡
𝑇=𝑘]

�� ≤ 𝑞. (10)

Adaptive Distribution Smoothening To align distribu-
tions across tasks, we maintain vectors of prior task maxima
and minima and compute

adjusted𝑚 = 𝛽 prior𝑚+(1−𝛽) current𝑚, 𝑚 ∈ {min,max}.
(11)

The coefficient 𝛽 modulates how strongly the previous
task’s performance influences the current one, smoothing
the transition from (𝐷𝑇=𝑘−1) to (𝐷𝑇=𝑘). When the perfor-
mance of current task drops compared to the previous one,
𝛽 is lowered to enable rapid adaptation. An improvement
in performance leads to an increase in 𝛽 to reinforce stabil-
ity, and if performance is roughly unchanged, 𝛽 remains the
same.

Experiments
In this section, we provide a detailed overview of our experi-
ments and the datasets utilized. We evaluate the performance
of existing exemplar free continual learning methods with
a PTM backbone on long-tailed datasets (Single and Dual

level imbalances) both with and without the integration of
our PANDA framework. Finally, we present ablation studies
to demonstrate the contribution of each component in our
proposed approach.

Datasets
We utilize two widely used publicly available datasets,
CIFAR-100 (Krizhevsky 2009) and a 100-class subset of
iNaturalist (Van Horn et al. 2018). To introduce class imbal-
ance, we generate long-tailed versions of CIFAR-100 using
an exponential decay factor of 𝜌 = 0.01, where 0 < 𝜌 ≤ 1,
which controls the ratio between the most and least frequent
classes (Raghavan, He, and Zhu 2024a) at the dataset level.
Task wise imbalance for DLI is controlled by 𝜌∗ where ∗
denotes the affected task. We ensure that the least frequent
classes contain a minimum of three samples. The iNaturalist
dataset inherently follows a long-tailed distribution represen-
tative of real-world scenarios, and we randomly select 100
classes using a fixed seed of 1993. All images were resized
to an image resolution of 224 × 224

Implementation Details
We adapt the publicly available PyTorch implementation of
the PTM based CL algorithms from previous work (Sun et al.
2023; Qi et al. 2025; Hong et al. 2024) for our experiments.
In our PANDA framework, we utilize a frozen CLIP (Rad-
ford et al. 2021) backbone. To ensure consistency, we split
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Method CIFAR100-LT (𝜌 = 1) CIFAR100-LT (𝜌 = 0.01) iNaturalist (100 cls)
Avg Acc(↑) Avg For(↓) Avg Acc(↑) Avg For(↓) Avg Acc(↑) Avg For(↓)

Prompt Methods
L2P (Wang et al. 2022b) 89.23 6.41 73.34 7.87 78.41 4.72

CodaPrompt (Smith et al. 2023a) 91.30 5.26 76.52 7.55 83.85 4.58
DualPrompt (Wang et al. 2022a) 87.36 10.38 74.24 8.14 81.39 10.69

DAP (Hong et al. 2024) 71.95 18.56 62.98 15.13 66.38 13.67
L2P + PANDA – – 81.32 (↑ 7.98) 6.08 (↓ 1.79) 85.47 (↑ 7.06) 3.37 (↓ 1.35)

CodaPrompt + PANDA – – 87.49 (↑ 2.94) 4.61 (↓ 2.94) 90.45 (↑ 6.60) 3.30 (↓ 1.28)
DualPrompt + PANDA – – 81.00 (↑ 6.76) 7.38 (↓ 0.76) 85.44 (↑ 4.05) 9.44 (↓ 1.25)

DAP + PANDA – – 67.17 (↑ 4.19) 12.63 (↓ 2.50) 69.15 (↑ 2.77) 10.88 (↓ 2.79)
Other Methods

SimpleCIL (Zhou et al. 2024b) 82.40 7.33 79.01 8.14 89.90 4.48
Adam w/ SSF (Zhou et al. 2024b) 89.05 4.94 86.55 4.63 91.05 2.91

RanPAC (Zhou et al. 2023) 94.89 3.95 90.35 5.22 94.35 2.38
EASE (Zhou et al. 2024e) 92.88 6.65 89.94 6.76 86.91 5.27

CoFiMA (Marouf et al. 2024) 94.29 4.68 93.05 5.57 94.55 (↑ 0.99) 3.88
SLCA (Zhang et al. 2023) 93.86 7.01 91.73 6.73 92.54 7.22

FeCAM (Goswami et al. 2023) 91.15 4.57 82.99 7.06 87.87 3.33 (↓ 1.11)
APART (Qi et al. 2025) 86.78 10.86 81.94 13.42 83.47 12.66

APER (Zhou et al. 2024c) 90.93 5.24 87.66 5.66 92.22 3.17
MOS (Sun et al. 2025) 94.26 3.53 91.60 4.69 95.49 2.77
SimpleCIL + PANDA – – 80.20 (↑ 1.19) 7.98 (↓ 0.26) 91.92 (↑ 2.02) 4.44 (↓ 0.04)

Adam w/ SSF + PANDA – – 88.08 (↑ 1.53) 4.32 (↓ 0.31) 92.61 (↑ 1.56) 2.38 (↓ 0.53)
RanPAC + PANDA – – 91.91 (↑ 1.56) 4.38 (↓ 0.84) 95.70 (↑ 1.35) 1.97 (↓ 0.41)
EASE + PANDA – – 91.97 (↑ 2.03) 6.65 (↓ 0.11) 92.45 (↑ 5.54) 5.25 (↓ 0.02)

CoFiMA + PANDA – – 93.83 (↑ 0.78) 4.91 (↓ 0.66) 93.56 2.98 (↓ 0.90)
SLCA + PANDA – – 92.05 (↑ 0.32) 6.23 (↓ 0.50) 93.27 (↑ 0.73) 4.58 (↓ 2.64)

FeCAM + PANDA – – 86.48 (↑ 5.95) 6.68 (↓ 0.38) 92.42 (↑ 4.55) 4.44
APART + PANDA – – 83.39 (↑ 1.45) 11.48 (↓ 1.94) 85.91 (↑ 2.44) 10.02 (↓ 2.64)
APER + PANDA – – 88.94 (↑ 1.28) 5.26 (↓ 0.40) 92.42 (↑ 0.20) 3.19 (↓ 0.02)
MOS + PANDA – – 92.04 (↑ 0.80) 4.48 (↓ 0.21) 95.85 (↑ 0.36) 2.63 (↓ 0.14)

Table 1: Average top-1 accuracy in the long-tailed scenario (single-level imbalance) on CIFAR-100-LT (10 tasks) and iNaturalist
(10 tasks) Best accuracy highlighted in boldface. NOTE: 𝜌 = 1 is the balanced case and PANDA framework has no added
effect.

the datasets, construct long-tailed distributions, and set the
random seed to 1993. The training batch size is set to 48,
while the test batch size is 128. Optimizer and scheduler set-
tings are inherited from each method individually, following
the implementations in (Sun et al. 2023; Qi et al. 2025; Hong
et al. 2024). Each experiment is repeated 10 times on a sin-
gle NVIDIA A40 GPU, and we report the average accuracy
and average forgetting in Table 1 and the statical confidence
is included in the supplementary material. In our PANDA
framework, we select the top 𝑁/2 patches as the most repre-
sentative based on the cosine similarity scores derived from
comparing text and image embeddings.

Evaluation Metrics

In this paper, we use Average Accuracy and Average For-
getting to evaluate and compare the performance of different
continual learning methods with PTMs. Average Accuracy
metric quantifies overall performance on a balanced test set
from previously encountered tasks. Given a total of 𝑘 tasks,
let 𝑎𝑚,𝑛 represent the performance on a held-out test set for
task 𝑛 after being trained sequentially from task 1 to 𝑚.

Average Accuracy (𝐴𝑘) =
1
𝑘

𝑘∑︁
𝑖=1

𝑎𝑘,𝑖 (12)

Average Forgetting for a task 𝑘 is calculated as the differ-
ence between its maximum performance obtained in the past
and the current performance (Wang et al. 2024)

𝐹𝑚,𝑘 = max
𝑖∈{1,.,𝑘−1}

(
𝑎𝑖,𝑚 − 𝑎𝑘,𝑚

)
,∀ 𝑗 < 𝑘 (13)

Results And Analysis
Conventional Long-Tailed setting In this section, we
compare and discuss the performance of a wide range
of PTM-based exemplar-free continual learning baselines
against their counterparts integrated with our PANDA frame-
work in the single and dual level long-tailed setting. The
evaluation is carried out on CIFAR-100 (Krizhevsky 2009),
and iNaturalist (Van Horn et al. 2018) with a Single Level
Imbalance of 𝜌 = 0.01 and summarized in Table 1. It show-
cases that the performance of existing EFCL methods in the
SLI long-tailed setting drops compared to the balanced set-
ting (𝜌 = 1), even on methods designed to tackle imbalanced
data streams due to severe head class bias.
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Method 𝜌∗ = 0.05, ∗ = 2, 𝜌 = 0.01 𝜌∗ = 0.05, ∗ = 3, 𝜌 = 0.01 𝜌∗ = 0.05, ∗ = 4, 𝜌 = 0.01
Avg Acc(%) Avg For(%) Avg Acc(%) Avg For(%) Avg Acc(%) Avg For(%)

CIFAR100-LT (10 tasks)
CodaPrompt 84.27 4.67 82.88 5.03 82.29 4.80

RanPAC 89.74 4.10 90.21 2.91(↓ 0.54) 88.39 4.26
MOS 93.54 (↑ 1.32) 3.14 92.10 3.34 91.69 4.13

CoFiMA 93.97 4.02 92.18 4.66 90.39 5.17
CodaPrompt + PANDA 89.44 (↑ 5.17) 3.62 (↓ 1.05) 87.77 (↑ 4.89) 3.46 (↓ 1.56) 85.35 (↑ 3.06) 4.62 (↓ 0.18)

RanPAC + PANDA 90.89 (↑ 1.15) 3.84 (↓ 0.26) 92.65 (↑ 2.44) 3.45 90.05 (↑ 1.66) 3.93 (↓ 0.33)
MOS + PANDA 92.22 2.61 (↓ 0.53) 93.21 (↑ 1.11) 2.80 (↓ 0.54) 92.82 (↑ 1.13) 3.18 (↓ 0.95)

CoFiMA + PANDA 94.38 (↑ 0.41 ) 3.27 (↓ 0.75) 93.25 (↑ 1.07) 3.86 (↓ 0.80) 92.05 (↑ 1.66) 4.82 (↓ 0.35)

Table 2: Average Accuracy (%) and Forgetting (%) on CIFAR100-LT with dual-level imbalance. 𝜌 indicates dataset level
imbalance, 𝜌∗ indicates task level imbalance and ∗ indicates the task. The best results are in boldface

For prompt-based methods (L2P (Wang et al. 2022b), Co-
daPrompt (Smith et al. 2023a), DualPrompt (Wang et al.
2022a), DAP (Hong et al. 2024)), we attribute the perfor-
mance drop to head-class bias. Prompt tuning modifies only
a small set of parameters rather than full model weights, and
in highly imbalanced settings this limited adaptability fails
to capture tail-class diversity. As a result, tail feature repre-
sentations remain weak and classification suffers. Even with
DAP’s dual-anchor design for imbalance, head samples still
dominate both adaptation and retention as tail gradients are
too small to meaningfully adjust the general prompt, and the
stabilizing anchor effectively ignores tail samples.

For representation-based methods (SimpleCIL, ADAM,
RanPAC, EASE, MOS, APER, APART), except for EASE,
the classifier is trained only on the first task, and in subsequent
tasks, only the fully connected layer is updated using proto-
types from the nearest mean classifier. In contrast, EASE
introduces a new adapter for each task while keeping the
PTM backbone frozen, allowing it to adapt to task-specific
nuances during training. One reason for the lower perfor-
mance in the long-tailed setting is the assumption that class
distributions remain stable when updating the classifier using
nearest mean prototypes. However, in continual learning with
class imbalance, these distributions shift over time, making
the prototypes less reliable and increasing the likelihood of
misclassifications.

Lastly, specialized approaches such as FeCAM (Goswami
et al. 2023), SLCA (Zhang et al. 2023), and CoFiMA (Marouf
et al. 2024) address continual learning from different per-
spectives. FeCAM leverages prototype-based classification
using class centroids, CoFiMA ensembles model weights
across tasks, and SLCA adapts learning rates and aligns clas-
sifiers to mitigate overfitting. Although effective on balanced
data, these methods overfit frequent classes in biased streams,
resulting in weak tail-class representations and reduced over-
all performance. On iNaturalist, we note that CoFiMA with-
out PANDA yields slightly higher accuracy, though PANDA
integration markedly reduces forgetting. For FeCAM, the op-
posite trend holds. We attribute this to the stability–plasticity
trade-off, since these methods are already near their perfor-
mance limits, gains in forgetting reduction often come at the
cost of accuracy, and vice versa.

Dual-Level Imbalance (DLI) Setting Next, we compare
the results in the DLI setting proposed in our paper and
present the performance in Table 2 for the top four methods
selected from Table 1. We notice that the existing methods
struggle when the both, dataset-level and task-level imbal-
ance is severe. We present 3 different cases with varying lev-
els of imbalance (lower the 𝜌, more severe the imbalance). 𝜌
represents dataset-level imbalance and 𝜌∗ represents the task-
level imbalance. By incorporating PANDA, we demonstrate
that leveraging prior task distribution information alongside
current task imbalances to stabilize the present task distri-
bution and thereby reduce distribution shifts from previous
tasks leading to performance gains.

Ablation Studies
Comparison Against Long-Tailed Learning Augmenta-
tion Methods In this section, first, we evaluate PANDA by
comparing it with four widely used long-tailed augmentation
methods, namely, CutMix (Yun et al. 2019), Mixup (Zhang
et al. 2017), Remix (Chou et al. 2020), and Contrastive Cut-
Mix (Pan et al. 2024). From Table 3 we can see that the ex-
isting methods like CutMix and Mixup do not even reach the
baseline performance as the algorithm doesn’t take the distri-
butions into the balancing of classes. Comparatively, Remix
performs better than the baseline because it is designed to
adjust the mixing ratio and region based on the content of
the images. This adaptive behavior allows the model to see
a more informative and balanced mix of features, leading
to better performance. Under single-level imbalance, Con-
trastive CutMix further improves performance by aligning
augmented representations through contrastive supervision.
However, under Dual-Level Imbalance (DLI), these methods
are unable to cope with large cross-task distribution shifts,
while PANDA explicitly addresses this challenge, delivering
consistently superior accuracy and minimal forgetting.

Comparison Against Other Masking Methods In
PANDA, we use a frozen CLIP encoder to select the most
semantically relevant patches for synthesizing tail-class aug-
mentations. To assess this CLIP-based selection, we com-
pare it with Attention Affinity Masking. Following attention-
masking techniques from DinoV2 (Oquab et al. 2023), we
extract multi-head self-attention maps from a frozen ViT, av-
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Single level imbalance Dual level imbalance
Augmentation technique 𝜌 = 0.02 𝜌∗ = 0.05, ∗ = 3, 𝜌 = 0.02

Avg Accuracy (%) Avg Forgetting(%) Avg Accuracy (%) Avg Forgetting(%)
RanPAC 84.39 5.82 85.07 5.97
RanPAC + CutMix 85.43 7.97 84.03 6.77
RanPAC + Mixup 81.33 8.03 77.29 7.06
RanPAC + Remix 86.50 7.55 86.51 5.73
RanPAC + Con-CutMix 87.27 6.48 84.19 6.01
RanPAC + PANDA (Ours) 90.31 5.03 90.08 4.52

Table 3: Average Accuracy (%) and Average Forgetting (%) on CIFAR100-LT with single and Dual-Level Imbalance compared
with other LT augmentation techniques. 𝜌 indicates dataset level imbalance, 𝜌∗ indicates task level imbalance and ∗ indicates
the task. The best results are in boldface

erage the heads, normalize, and keep the top N/2 patches by
attention score. As shown in Table 4, PANDA’s CLIP-based
masks consistently outperform affinity-based masking. We
attribute this to CLIP’s language-guided semantic alignment,
which isolates meaningful regions more effectively. Affinity
masks often include irrelevant background, and naive crop-
ping lacks semantic focus. Qualitative examples in Figure 3
show that Attention Affinity patching blends head and tail
features, causing confusion, whereas PANDA cleanly trans-
fers representative tail regions into the head image, preserv-
ing class identity.

Figure 3: The figure illustrates the effect of (a) TOP: PANDA
patching and (b) BOTTOM: Attention based patching. At-
tention patching removes critical sections from Tail image
while PANDA preserves them.

APART + Masking Avg Acc (%) (↑) Avg For (%) (↓)
Baseline 81.94 13.42
Attention Affinity 80.87 (↓ 1.07) 14.63 (↑ 1.21)
PANDA (ours) 83.39 (↑ 1.45) 11.48 (↓ 1.94)

Table 4: Performance comparison on Attention-Affinity
Mask vs. Low Level Feature Transfer vs CLIP-Similarity
Mask on 10 tasks, 𝜌 = 0.01 with CIFAR100-LT on the
APART (Qi et al. 2025). Decreased and improved perfor-
mance is highlighted.

Resource Usage Additionally, we detail the computational
resources required including GPU memory usage and run-
time for existing algorithms in Table 5. We compare these
metrics to those observed with the integration of PANDA.
A modest resource increase substantially boosts continual
learning performance by reducing bias, achieved by balanc-
ing distributions both within and across tasks.

iNaturalist (100 classes) - 10 tasks
GPU Memory (MB) Run time (Hr)

L2P 2994 1.31
CodaPrompt 19234 1.16
RanPAC 5052 0.33
ADAM w/ SSF 9050 0.61
CoFiMa 16488 1.20
SLCA 12220 0.94
L2P + PANDA 3282 (+288 MB ↑) 1.59 (+0.28 ↑)
CodaPrompt + PANDA 19368 (+134 MB ↑) 1.33 (+0.17 ↑)
RanPAC + PANDA 5517 (+465 MB ↑) 0.42 (+0.09 ↑)
ADAM w/ SSF + PANDA 9384 (+334 MB ↑) 1.07 (+0.46 ↑)
CoFiMa+PANDA 17066 (+ 578 MB ↑) 1.43 (+0.23 ↑)
SLCA+PANDA 12612 (+392 MB ↑) 1.08 (+0.14 ↑)

Table 5: The running time and memory usage for existing
methods compared with addition of our PANDA augmenta-
tion framework on iNaturalist subset dataset (100 classes).
We highlighted the increase in resources with our framework

Limitations
While we provide a comprehensive analysis, experimenta-
tion, and ablation of our proposed framework, PANDA de-
pends on a pre-trained CLIP model for feature alignment and
patch selection, making its performance inherently tied to the
efficiency of the model.

Conclusion
This paper introduces Patch and Distribution Aware Aug-
mentation (PANDA) for LT-EFCL, leveraging pre-trained
models to address imbalances. PANDA is a training-free
method that uses CLIP to extract tail-class patches and in-
tegrate them into head-class samples, which balances intra-
task imbalances, smoothens inter-task distribution shifts, and
reduces bias. We also formalize a Dual-Level Imbalance
(DLI) setting for task-level imbalances. Extensive experi-
ments show our method surpasses baselines to improve ac-
curacy and mitigate forgetting.
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