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Abstract

Multi-label class-incremental learning (MLCIL) is essential
for real-world multi-label applications, allowing models to
learn new labels while retaining previously learned knowl-
edge continuously. However, recent MLCIL approaches can
only achieve suboptimal performance due to the oversight of
the positive-negative imbalance problem, which manifests at
both the label and loss levels because of the task-level partial
label issue. The imbalance at the label level arises from the
substantial absence of negative labels, while the imbalance
at the loss level stems from the asymmetric contributions of
the positive and negative loss parts to the optimization. To
address the issue above, we propose a Rebalance framework
for both the Loss and Label levels (RebLL), which integrates
two key modules: asymmetric knowledge distillation (AKD)
and online relabeling (OR). AKD is proposed to rebalance
at the loss level by emphasizing the negative label learning
in classification loss and down-weighting the contribution of
overconfident predictions in distillation loss. OR is designed
for label rebalance, which restores the original class distri-
bution in memory by online relabeling the missing classes.
Our comprehensive experiments on the PASCAL VOC and
MS-COCO datasets demonstrate that this rebalancing strat-
egy significantly improves performance, achieving new state-
of-the-art results even with a vanilla CNN backbone.

Code — https://github.com/Kaile-Du/RebLL

Introduction
Class-incremental learning (CIL) (Buzzega et al. 2020;
Douillard et al. 2020; Wang et al. 2024; Yang et al. 2023)
continuously learn new classes without the need to retrain on
the entire dataset. However, as the model learns new classes,
it may overwrite the knowledge of previous tasks, resulting
in a significant decline in performance on older classes, a
phenomenon known as catastrophic forgetting (McCloskey
and Cohen 1989). While numerous methods have been de-
veloped for single-label class-incremental learning (SLCIL)
(Sun et al. 2022; Wang et al. 2022; Lyu et al. 2023, 2024),
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Figure 1: A diagram of multi-label class-incremental learn-
ing. Labels are trained and tested across tasks from Task 1
to Task T . Missing labels are highlighted in red. The train-
ing label space is task-specific, while the testing label space
progressively expands with the addition of each new task.

there has been limited exploration into the more practical
domain of multi-label class-incremental learning (MLCIL)
(Dong et al. 2023; Du et al. 2024b). In MLCIL, training im-
ages for new classes are partially labeled to minimize the
cost of manual annotation. Specifically, only the classes for
the new task are labeled, while the past and future ones are
not annotated, a phenomenon called task-level partial label
(PL) (Du et al. 2024b) or category-incomplete (Dong et al.
2023) issue. For example, as shown in Figure 1, there is a
training image of Task 2 containing the labels “cat”, “per-
son” and “dog”, only the labels for the current task (“per-
son”) are annotated, while the labels for past (“cat”) and fu-
ture (“dog”) tasks remain unannotated.

However, most recent MLCIL methods focus on design-
ing new network architectures for MLCIL to fit the PL set-
ting, ignoring the positive-negative imbalance issue. AGCN
(Du et al. 2022, 2024a) utilizes pseudo-labels to construct
statistical label relationships within the Graph Convolutional
Network (GCN). KRT (Dong et al. 2023) is the knowl-
edge restoration and transfer framework based on a cross-
attention mechanism (CAM). CSC (Du et al. 2024b) lever-
ages a learnable GCN to calibrate label relationships. In
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fact, due to the larger number of negative labels compared to
positive labels in multi-label samples (Ridnik et al. 2021a;
Zhou et al. 2022; Xie et al. 2024), missing labels for both
past and future tasks are prone to be labeled negative in
MLCIL. A training example of task T is shown in Figure
1, it only lacks one positive label “person” (in red), while
also missing many negative labels (“cat...car”) from other
tasks. The substantial absence of negative labels (more than
9 times that of positive) results in a positive-negative im-
balance at the label level. In some cases, the model may
only learn the positive labels. Learning on such imbalance-
labeled data poses the risk of collapsing to a trivial solu-
tion, i.e., the model tends to predict each label as positive
(Zhou et al. 2022; Liu et al. 2023), thus leading to numerous
false positive errors during loss optimization. This positive-
negative imbalance manifests at the loss level due to the
asymmetric contributions of the positive and negative loss
parts to the optimization objectives.

In this paper, we explore tackling the positive-negative
imbalance issue in MLCIL from two key aspects: loss level
and label level. The positive-negative imbalance arises at
the loss level of recent MLCIL methods (Du et al. 2024a,b).
Specifically, they utilize binary cross-entropy (BCE) loss
and binary knowledge distillation (KD) loss for classifica-
tion and mitigating forgetting. The loss imbalance during the
optimization process fundamentally stems from the equal
treatment of imbalanced positive and negative loss compo-
nents by the BCE and KD losses. As a result, the contri-
bution of positive labels to the loss is significantly greater
than that of negative labels. This situation is suboptimal, as
it leads to the accumulation of more loss gradients from pos-
itive labels due to the positive-negative imbalance (Ridnik
et al. 2021a), resulting in insufficient learning of negative la-
bels at the loss level. Due to the substantial absence of nega-
tive labels, the positive-negative imbalance also occurs at the
label level. We aim to address this issue using a replay-based
approach. In our further attempts to mitigate catastrophic
forgetting, we observe that replay methods (Rolnick et al.
2019; Douillard et al. 2020; Buzzega et al. 2020), commonly
used in single-label scenarios, exacerbate the label-level im-
balance due to memory sampling of imbalance-labeled data.
This exacerbation leads to an increase in false positive er-
rors. Consequently, this label-level imbalance causes these
methods to suboptimally address catastrophic forgetting.

To address the issues above, we first propose asymmetric
knowledge distillation (AKD) for loss rebalance. AKD em-
phasizes the learning of negative labels in the classification
loss for the current model and down-weights the contribu-
tion of overconfident old task predictions in the KD process.
Then, we design the online relabeling (OR) strategy for la-
bel rebalance by continuously restoring the original class
distribution in memory. Specifically, we relabel the miss-
ing old labels of the memory samples using the past model,
while the missing new labels in memory are labeled with
the trained current model. Rebalancing at both the Loss and
Label levels, forming our RebLL framework. Our frame-
work can mitigate the positive-negative imbalance and en-
hance MLCIL performance. Under the PL setting, our con-
tributions are summarized below:

• We are the first to identify the inherent positive-negative
imbalance in MLCIL under the PL setting. This imbal-
ance, occurring at both the loss and label levels, impedes
the effective learning of MLCIL.

• We propose a RebLL framework to suppress the positive-
negative imbalance, consisting of AKD and OR compo-
nents. AKD is designed for loss rebalance, while OR tar-
gets label rebalance. RebLL can effectively mitigate for-
getting and enhance MLCIL performance by suppressing
the positive-negative imbalance.

• Extensive experiments conducted across multiple ML-
CIL scenarios using the PASCAL VOC and MS-COCO
demonstrate that RebLL achieves new SOTA results, re-
gardless of whether we use a vanilla CNN or a more pow-
erful network architecture as the backbone.

Related Work
Single-Label Class-Incremental Learning
Significant progress has been made in single-label class-
incremental learning in recent years. Regularization-based
methods (Kirkpatrick et al. 2017; Li and Hoiem 2017; Zhao
et al. 2023; Mohamed et al. 2023) impose constraints on the
loss function to preserve old knowledge from being over-
written by new one. For instance, EWC (Kirkpatrick et al.
2017) employs the Fisher matrix to retain the critical pa-
rameters associated with earlier tasks. LwF (Li and Hoiem
2017) employs knowledge distillation to transfer old knowl-
edge to new tasks. Replay-based methods (Rolnick et al.
2019; De Lange and Tuytelaars 2021; Ye and Bors 2022;
Cha et al. 2023; Luo et al. 2023; Lyu et al. 2021) enhance the
learning of new data by incorporating a portion of old data,
thereby reinforcing previously acquired knowledge. Experi-
ence replay (Rolnick et al. 2019) randomly samples a sub-
set of sample from the old task dataset to serve as memory
data. DER++ (Buzzega et al. 2020) combines replay with
knowledge distillation (Jia et al. 2024; Guo et al. 2023; Zeng
et al. 2024) and regularization techniques. Architecture-
based approaches assign distinct parameters to each task to
save the corresponding knowledge. Some architecture-based
methods decompose the model into task-sharing and task-
specific components (Douillard et al. 2022; Wu et al. 2021).
Furthermore, L2P (Wang et al. 2022) introduces prompt-
driven learning into the domain of class-incremental learn-
ing, yielding encouraging results by leveraging a pre-trained
ViT model (Dosovitskiy et al. 2021).

Multi-Label Class-Incremental Learning
Multi-label class-incremental learning is an emerging field.
PRS (Kim, Jeong, and Kim 2020) and OCDM (Liang and
Li 2022) introduce sampling approaches designed for re-
play methods, aimed at alleviating the effects of multi-label
long-tail class distributions. The methods above differ sig-
nificantly from recent MLCIL approaches (Du et al. 2024a;
Dong et al. 2023; Du et al. 2024b) in both benchmarks
and settings. AGCN (Du et al. 2024a) utilizes pseudo-labels
to construct statistical label relationships within the GCN
to enhance MLCIL performance. Meanwhile, KRT (Dong
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Figure 2: (a) The RebLL framework consists of two modules: AKD and OR. In AKD, a training image is fed into both old
(fT−1θ ) and new (fTθ ) models, where the output old task predictions (in green) are used to compute Lakd. The new task pre-
dictions (in blue) are compared with the new label to compute Lcls. In OR, the partially labeled memory sample is relabeled
to form the full label, which is then used in conjunction with the predictions to compute Ler. (b) The quantitative comparison
between KD, CSC and AKD after training on the final task in {B4-C2} of VOC 2007.

et al. 2023) is the knowledge restoration and transfer frame-
work based on a cross-attention mechanism to address the
category-incomplete issue. CSC (Du et al. 2024b) leverages
a learnable GCN to calibrate label relationships and employs
maximum entropy to adjust overconfident predictions. No-
tably, CSC is the SOTA method. It can be observed that
AGCN, KRT, and CSC all utilize powerful network archi-
tectures as backbones, while our approach, by rebalancing
the inherent positive-negative imbalance in MLCIL, allows
us to surpass them using only a vanilla CNN.

Method
Preliminary
MLCIL. Following previous works (Du et al. 2024a;
Dong et al. 2023; Du et al. 2024b), given T multi-label learn-
ing tasks, and the corresponding training sets for these tasks
are denoted as {D1

trn, · · · ,DTtrn}, and the testing sets are rep-
resented as {D1

tst, · · · ,DTtst}. For each incremental state t,
the training dataset is defined as Dttrn. Ct denotes the current
task-specific class set, while the past class collection is de-
noted by C1:t−1 =

⋃t−1
i=1 Ci. Moreover, C1:t = C1:t−1 ∪ Ct,

and it holds that C1:t−1 ∩ Ct = ∅. The goal of MLCIL is
for the model to recognize all previously learned labels in
a multi-label image after sequentially training task-specific
labels. Hence, for the t-th task, the training label space Yttrn
= Ct, the testing label space Yttst = C1:t.

As shown in Figure 2 (a), similar to distillation-based ML-
CIL methods (Du et al. 2024a; Dong et al. 2023; Du et al.
2024b), we maintain a fixed old model fT−1θ and a trainable
new model fTθ . In MLCIL, the inherent positive-negative
imbalance manifests at loss and label levels. To address this
issue, we propose the RebLL framework, which includes
asymmetric knowledge distillation (AKD) for loss rebalance
and online relabeling (OR) for label rebalance.

Imbalance in Loss. Recent MLCIL (Du et al. 2024a,b)
methods utilize BCE and KD for classification and mitigat-
ing forgetting. The BCE loss decouples the multi-label clas-
sification tasks into multiple binary issues, formulated as:

Lbce =
∑
c∈Ct
−ytc log(ŷtc)− (1− ytc) log(1− ŷtc), (1)

where ŷtc and ytc represents the predcitions and ground-truth
for class c and task t. KD loss uses the last task prediction
ŷt−1c as supervisory information to guide the learning of cur-
rent task to suppress catastrophic forgetting, formulated as:

Lkd =
∑

c∈C1:t−1

−ŷt−1c log(ŷtc)−(1− ŷt−1c ) log(1− ŷtc). (2)

To clarify how positive and negative labels are operated in
Lbce, a general form of Eq. (1) can be given by: Lbce =∑
−ytcL+ − (1 − ytc)L− , L+ and L− can be regarded

positive and negative loss parts, Lkd follows the same for-
mat. Both Lbce and Lkd treat positive and negative loss parts
equivalently, making it unsuitable for MLCIL where neg-
ative labels are insufficiently learned using the imbalance-
labeled data. This approach is suboptimal because it results
in the accumulation of excessive loss gradients from posi-
tive samples under positive-negative imbalance (Ridnik et al.
2021a). At the loss level, as there is an asymmetric learning
of positive and negative labels in MLCIL, the contribution
of the negative loss part should be emphasized, while the
positive loss part should be down-weighted.

Imbalance in Label. As shown in Figure 2 (a), given a
multi-label image, its ground truth labels include a positive
label “dog” and a negative label “motorcycle”. In the PL set-
ting, it is missing a positive label “person”, while it lacks nu-
merous negative labels, such as “cat...car”. This asymmetric
missing of positive and negative labels leads to a label-level
imbalance in MLCIL. We aim to address this issue using a
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Figure 3: Online relabeling. For the label block matrix, miss-
ing new task labels above the main diagonal are relabeled
using the trained current model, while the missing old task
labels below the main diagonal are relabeled using the past
model. This process reduces the FPR from 6.7% to 2.4%.

replay-based approach. Figure 3 illustrates that many future
and past labels are missing in the memory data sampled by
the classical replay method in SLCIL. This exacerbates the
imbalance in label during subsequent replay. When applying
the classical replay method with AKD, the false positive rate
(FPR) increased from 2.7% to 6.7%.

AKD for Loss Rebalance
To rebalance the positive-negative at the loss level, we
propose asymmetric knowledge distillation (AKD), which
down-weights the contribution of overconfident predictions
while emphasizing the learning of negative labels. AKD
consists of two components, Lcls and Lakd, which are en-
hancements of the BCE loss Lbce and KD loss Lkd.

Firstly, we modify Lbce in Eq. (1) to Lcls. We emphasize
the learning of negative samples by down-weighting the pos-
itive ones in the classification loss for the current model:

Lcls =
∑
c∈Ct
−ytcL+ − (1− ytc) log(1− ŷtc). (3)

Inspired by focal loss (Lin et al. 2017), L+ is formulated as:

L+ = (1− ŷtc)α log |C1:t| log(ŷtc), c ∈ Ct, α > 0, (4)

where L+ is the positive loss part, α log |C1:t| is an adaptive
exponential decay factor related to the class number |C1:t|
and α is a hyperparameter. As the number of learned classes
increases, the absence of negative labels becomes more se-
vere, exacerbating the positive-negative imbalance and lead-
ing to more false positive errors. The exponential decay fac-
tor adaptively controls the intensity of down-weighting, with
log(·) smoothing parameter adjustments.

We then design Lakd based on Lkd to down-weight the
contribution of overconfident old task predictions:

Lakd =
∑

c∈C1:t−1

−ŷt−1c L′+ − (1− ŷt−1c ) log(1− ŷtc), (5)

L′+ = (1− ŷtc)α log |C1:t| log(ŷtc), c ∈ C1:t−1, α > 0. (6)

From a qualitative perspective, when a training image
in Figure 2 (a) contains only “person” and “dog” labels,
the classical KD method may output high prediction scores

for non-existent labels like “car” and “cat”. AKD can re-
duce such false positive errors by down-weighting overcon-
fident predictions, thereby rebalancing in loss. Figure 2 (b)
presents a quantitative comparison: 1) it shows the predic-
tion score statistics of KD, CSC (Du et al. 2024b) and AKD.
Due to the imbalance, KD and CSC produce numerous erro-
neous and overconfident predictions. Compared to the base-
line KD, our method significantly reduces the FPR from
31.9% to 2.7%. Additionally, in comparison to the SOTA
method CSC, our approach also demonstrates significant su-
periority in FPR (2.7% vs 19.4%); 2) AKD also significantly
improves the performance on mAP, CF1, and OF1 metrics,
indirectly indicating that our method can more effectively
mitigate catastrophic forgetting than the baseline KD.

OR for Label Rebalance

To mitigate the imbalance at the label level, we propose
an approach based on reservoir sampling strategy (Rolnick
et al. 2019) called online relabeling (OR). This method com-
pletes the labels of memory samples using both past and cur-
rent models in an online manner. OR consists of two steps:

First, after completing training for task t, we utilize the
trained current model f tθ to relabel new classes Ct for the
memory data sampled from old task 1 : t − 1. Simultane-
ously, we employ the past model f t−1θ to relabel old classes
C1:t−1 for the memory data sampled from the current task t.
For instance, as shown in Figure 3, after completing training
for task 3, we use f3θ to relabel the missing new classes C3
(in blue) for the memory data from tasks 1 : 2. Next, we
apply f2θ to relabel the missing old classes C1:2 (in green)
for task 3 memory samples. This label augmentation process
continues until all tasks are trained, ensuring that all labels
in memory are fully annotated online. We relabel the miss-
ing labels as positive or negative by setting a threshold n. A
memory sample x′ is input into the comparatively reliable
model (f t−1θ or f tθ) used for relabeling. If the model outputs
a probability bigger than n for class i, the i-th label is set to
1 (positive); otherwise, it is set to 0 (negative), formulated
as y′i = I(ŷ′i > n), where I is the indicator function that re-
turns 1 if the condition inside is true and 0 otherwise. In the
second step, when training task t, after relabeling in the first
step, all memory samples are fully annotated. We then sam-
ple (x′, y′) randomly from the memory buffer. Given that
the first step introduces many negative labels, we use a loss
function similar toLcls to down-weight these negative labels,
rather than using Lbce. The loss function is formulated as:

Ler =
∑

c∈C1:t−1

−y′c log(ŷ′c)− (1− y′c)L−, (7)

L− = (ŷ′c)
β log |C1:t| log(1− ŷ′c), c ∈ C1:t−1, β > 0, (8)

where β log |C1:t| represents the adaptive exponential decay
factor, ensuring balanced learning of positive and negative
labels. OR completes the label matrix in memory, reducing
the FPR from 6.7% to 2.4%, mitigating label-level imbal-
ance and catastrophic forgetting.
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Method Backbone Buffer VOC B4-C2 VOC B5-C3

Size Last Acc Avg.Acc Last Acc Avg.Acc
mAP CF1 OF1 mAP mAP CF1 OF1 mAP

Joint CNN - 92.6 86.7 89.2 - 92.6 86.7 89.2 -
Fine-Tuning CNN 22.6 14.2 21.4 52.8 48.7 29.1 40.3 73.4
LwF (Li and Hoiem 2017) CNN

0

50.4 32.8 30.9 73.4 74.1 50.5 45.6 84.8
AGCN (Du et al. 2024a) GCN 50.2 35.5 33.5 71.2 71.6 55.2 51.1 83.1
KRT (Dong et al. 2023) CAM 43.6 13.7 31.0 71.0 74.6 39.3 46.6 86.2
CSC (Du et al. 2024b) GCN 73.8 51.5 43.1 81.9 81.3 63.0 56.6 87.3
RebLL (AKD) CNN 73.1 57.2 60.0 84.6 79.4 64.6 66.9 87.7
ER (Rolnick et al. 2019) CNN

2/class
47.1 34.7 33.1 69.9 62.8 50.6 47.8 78.3

PODNet (Douillard et al. 2020) CNN 60.4 45.3 38.5 71.1 70.3 47.7 43.3 81.4
DER++ (Buzzega et al. 2020) CNN 61.6 33.4 29.9 77.0 68.1 53.3 51.4 78.0
RebLL (AKD + OR) CNN 2/class 81.0 71.0 70.3 88.5 84.0 73.9 72.5 90.3

Table 1: Class-incremental results on PASCAL VOC dataset. A buffer size of 0 means no replay is applied, same as below.

Final Loss
The final loss of RebLL is formulated as follows:

L = λakdLcls + (1− λakd)Lakd + λerLer, (9)

where balancing parameters λakd and λer control the strength
of distillation loss Lakd and replay loss Ler.

Experiments
Datasets and Experimental Setting
Datasets. We adopt the experimental framework from
(Dong et al. 2023; Du et al. 2024b), utilizing the MS-COCO
2014 (Lin et al. 2014) and PASCAL VOC 2007 (Everingham
et al. 2010) datasets to validate the efficacy of our method.
MS-COCO, a widely recognized benchmark for multi-label
classification, includes 82,081 training images and 40,504
validation images across 80 classes, with an average of 2.9
labels per image. The PASCAL VOC 2007 dataset com-
prises 20 classes, with 5011 images in the training set and
4952 images in the test set, averaging 2.4 labels per image.
Evaluation Metrics. Similar to (Dong et al. 2023; Du et al.
2024b), we employ the widely used metrics of average accu-
racy (Avg.Acc) and last accuracy (Last Acc) for evaluating
CIL tasks. We also use mean average precision (mAP), per-
class F1 score (CF1), and overall F1 score (OF1) to assess
the performance. The mAP is further divided into average
mAP and last mAP, representing the mean mAP across all
tasks and the mAP for the final task, respectively. Notably, in
the last task, the entire test set is used to evaluate all classes.
Experiments Setup. Following the conventions of prior CIL
research (Douillard et al. 2020; Cha et al. 2021; Dong et al.
2023; Du et al. 2024b), we define various MLCIL scenarios
using the format {Bx-Cy}, where “x” denotes the number
of trained classes in the base task and “y” indicates the num-
ber of trained classes in each subsequent incremental task.
For the VOC 2007 dataset, we use two challenging scenarios
{B4-C2 and B5-C3}. Similarly, for the MS-COCO dataset,
we assess RebLL with two challenging scenarios {B20-C4
and B0-C5}. There are more incremental tasks in these chal-
lenging scenarios than in (Dong et al. 2023). The CIL pro-
cess adheres to the lexicographical order of class names, as
described in (Dong et al. 2023; Du et al. 2024b).

Implementation Details. We adhere to the experimental
settings in (Dong et al. 2023; Du et al. 2024b) to ensure a
fair comparison. The training is conducted with a batch size
of 64 for 20 epochs on both the PASCAL VOC and MS-
COCO datasets. Similar to CSC (Du et al. 2024b) and KRT
(Dong et al. 2023), we use TResNetM (Ridnik et al. 2021b)
pre-trained on ImageNet-21k as the feature extractor. How-
ever, unlike them, we only use the vanilla CNN as our back-
bone. We optimize the network using the Adam optimizer
(Kingma and Ba 2015) with a weight decay of 1e-4. We ap-
ply a consistent learning rate of 4e-5 across all tasks for the
PASCAL VOC dataset. For the MS-COCO dataset, we use
an initial learning rate of 3e-5 for the base task and 5e-5 for
subsequent tasks. We employ the same data augmentation
methods as detailed in (Du et al. 2024b; Dong et al. 2023).

Overall Performance
We compare eight representative class-incremental meth-
ods, including the regularization-based methods LwF (Li
and Hoiem 2017), AGCN (Du et al. 2024a), KRT (Dong
et al. 2023) and CSC (Du et al. 2024b), the replay-based
methods such as ER (Rolnick et al. 2019), PODNet (Douil-
lard et al. 2020) and DER++ (Buzzega et al. 2020), and the
prompt-based method L2P (Wang et al. 2022). For bench-
marking, we use Fine-Tuning and Joint as the lower and up-
per bounds for our method, respectively, as done by KRT
and CSC. Notably, AGCN, KRT, and CSC are currently
the best-performing MLCIL methods, utilizing the power-
ful graph convolutional network (GCN) or cross-attention
mechanism (CAM) as the backbone, with CSC being the
current SOTA method. These MLCIL methods, however, do
not address the positive-negative imbalance issue. To ad-
dress this inherent imbalance in MLCIL, we propose the
RebLL framework, which includes AKD and OR. Next, we
will demonstrate their effects.
PASCAL VOC. The results for PASCAL VOC in {B4-C2
and B5-C3} are presented in Table 1. The RebLL outper-
forms other representative methods in all scenarios on PAS-
CAL VOC. We have the following observations: 1) When
the buffer size is set to 0, even with a vanilla CNN as the
backbone and using AKD alone (without OR), we outper-
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Method Backbone Buffer MS-COCO B20-C4 MS-COCO B0-C5

Size Last Acc Avg.Acc Last Acc Avg.Acc
mAP CF1 OF1 mAP mAP CF1 OF1 mAP

Joint CNN - 81.8 76.4 79.4 - 81.8 76.4 79.4 -
Fine-Tuning CNN 19.4 10.9 13.4 36.5 22.5 15.0 23.6 48.1
LwF (Li and Hoiem 2017) CNN

0

34.6 17.3 31.8 55.4 50.6 36.3 41.1 66.2
AGCN (Du et al. 2024a) GCN 55.6 44.2 39.6 65.7 53.0 43.2 41.1 64.4
KRT (Dong et al. 2023) CAM 45.2 17.6 33.0 64.0 44.5 22.6 37.5 63.1
CSC (Du et al. 2024b) GCN 60.6 44.5 43.0 69.8 63.4 50.7 50.1 71.1
RebLL (AKD) CNN 60.1 51.3 49.2 69.2 63.5 53.5 51.9 71.7
ER (Rolnick et al. 2019) CNN

5/class
41.9 32.9 29.8 53.0 40.1 32.9 32.3 54.6

PODNet (Douillard et al. 2020) CNN 58.4 44.0 39.1 67.7 58.2 45.1 40.8 67.2
DER++ (Buzzega et al. 2020) CNN 57.3 41.4 35.5 65.5 57.9 43.6 39.2 68.2
RebLL (AKD + OR) CNN 5/class 62.8 53.3 53.0 71.2 65.5 56.1 54.0 72.5

Table 2: Class-incremental results on MS-COCO dataset.

Method Backbone
MS-COCO B0-C5 MS-COCO B20-C4
Last Acc Avg.Acc Last Acc Avg.Acc

mAP CF1 OF1 mAP mAP CF1 OF1 mAP
L2P (Wang et al. 2022) ViT-B/16 61.6 47.0 40.2 67.8 62.1 47.3 39.8 66.6
CSC (Du et al. 2024b) GCN 63.4 50.7 50.1 71.1 60.6 44.5 43.0 69.8
RebLL CNN 65.5 56.1 54.0 72.5 62.8 53.3 53.0 71.2
RebLL GCN 71.7 62.7 65.3 76.9 70.6 60.1 63.1 75.5

Table 3: Comparative experimental results under different backbones.

form the GCN-based SOTA method CSC on many metrics.
Specifically, in {B4-C2}, we achieve an improvement of
5.7% (51.5%→57.2%) in CF1, 16.9% (43.1%→60.0%) in
OF1, and 2.7% (81.9%→84.6%) in average mAP; 2) When
the buffer size is configured to 2/class, RebLL (AKD+OR)
with a vanilla CNN demonstrates significant superiority
over all other approaches across every scenario and met-
ric. In {B4-C2}, it improves by 7.2% (73.8%→81.0%)
in final mAP, 19.5% (51.5%→71.0%) in CF1, 27.2%
(43.1%→70.3%) in OF1, and 6.6% (81.9%→88.5%) in av-
erage mAP. Notably, this significant improvement is pri-
marily attributed to the AKD and OR components of our
method, with the addition of buffer playing a minimal role.
Subsequent ablation experiments will further support this
claim. Similar trends are observed in the {B5-C3} scenario.
MS-COCO. The results for MS-COCO in {B20-C4 and B0-
C5} are presented in Table 2. Similar to the results on PAS-
CAL VOC, RebLL with a vanilla CNN as backbone sur-
passes the SOTA in all scenarios. For example, in {B20-C4},
it improves by 2.2% (60.6%→62.8%) in final mAP, 8.8%
(44.5%→53.3%) in CF1, 10.0% (43.0%→53.0%) in OF1,
and 1.4% (69.8%→71.2%) in average mAP.
Comparison of Different Backbones. Table 3 illustrates
the comparison between RebLL, CSC and L2P (Wang et al.
2022). While L2P utilizes a pre-trained ViT-B/16, CSC em-
ploys a GCN backbone, and our method uses a vanilla
CNN. Remarkably, RebLL achieves SOTA results even with
a vanilla CNN. Furthermore, when we switch to the same
GCN backbone as CSC, our performance surpasses that
of CSC by a considerable margin in both {B0-C5 and
B20-C4} of MS-COCO. For example, in {B0-C5}, we im-
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Figure 4: Incremental results on PASCAL VOC in challeng-
ing scenarios. There are more tasks in these scenarios.

proved by 8.3% (63.4%→71.7%) in final mAP, 12.0%
(50.7%→62.7%) in CF1, 15.2% (50.1%→65.3%) in OF1
and 5.8% (71.1%→76.9%) in average mAP.

The incremental results for the challenging scenarios
{B4-C2 and B5-C3} of PASCAL VOC are shown in Fig-
ure 4. These mAP curves illustrate the substantial superiority
of RebLL throughout the CIL process. Additionally, RebLL
closely aligns with the upper bound (Joint), showcasing its
effectiveness even in long-term class-incremental settings.

Ablation Study
Effectiveness of AKD. In Table 4, we use Fine-Tuning
(Lbce) and KD (Lbce + Lkd) as baselines to validate the ef-
fectiveness of AKD in scenario {B4-C2} of PASCAL VOC.
AKD (Lcls) and AKD (Lcls + Lakd) represent the respec-
tive improvements made to Fine-Tuning and KD. 1) AKD
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Method Last Acc Avg.Acc
mAP CF1 OF1 mAP

Fine-Tuning (Lbce) 22.6 14.2 21.4 52.8
AKD (Lcls) 36.3 23.3 31.6 56.5

KD (Lbce + Lkd) 58.2 35.3 31.0 77.5
AKD (Lcls + Lakd) 73.1 57.2 60.0 84.6

Table 4: Quantitative ablation studies for variants of AKD.

Method Last Acc Avg.Acc
mAP CF1 OF1 mAP

AKD (Lcls + Lakd) 73.1 57.2 60.0 84.6
+ Replay (Lbce) 74.2 63.8 63.9 85.5

+ OR (Lbce) 77.3 67.4 68.3 87.2
+ OR (Ler) 81.0 71.0 70.3 88.5

Table 5: Quantitative ablation studies for variants of OR.

(Lcls) outperforms Fine-Tuning, highlighting the effective-
ness of emphasizing the contribution of negative labels. 2)
From the KD to the AKD (Lcls + Lakd), the final mAP, CF1
and OF1 are improved by 14.9% (58.2%→73.1%), 21.9%
(35.3%→57.2%) and 29.0% (31.0%→60.0%). This indi-
cates the effectiveness of AKD in down-weighting overcon-
fident old task predictions. These observations demonstrate
that AKD can perform significantly better by calibrating
asymmetric contributions of the positive and negative loss
parts to the optimization objectives.
Effectiveness of OR. As shown in Table 5, we conduct
ablation of OR based on AKD (Lcls + Lakd) in scenario
{B4-C2} of PASCAL VOC. The improvement is minimal
when adding the baseline Replay (Lbce) on top of AKD. OR
(Lbce) represents the first step of online relabeling, while OR
(Ler) means combining the first step with the second step.
AKD (Lcls + Lakd) + OR (Ler) constitute our RebLL frame-
work. We observe that OR can effectively mitigate label-
level imbalance and catastrophic forgetting, thereby enhanc-
ing model performance.
Hyperparameter Analysis. Figure 5 presents an analysis
of hyperparameters α and β in {B4-C2} of PASCAL VOC.
When discussing α without including the OR method, AKD
reaches its optimum when α is set to 1.2. When OR is in-
corporated, the best performance is achieved with β set to
0.7. Table 6 compares fixed and adaptive exponential decay
factor at the optimal α. The results demonstrate that a fixed
decay factor fails to adapt to the evolving positive-negative
imbalance in MLCIL, whereas the adaptive factor signifi-
cantly outperforms it. The balancing parameters λakd and λer
are set to 0.15 and 0.30, respectively.

Decay Factor mAP ↑ CF1 ↑ OF1 ↑ Avg.mAP ↑ FPR ↓
α (α = 2.0) 72.0 52.8 57.9 83.5 7.2

α log |C1:t| (α = 1.2) 73.1 57.2 60.0 84.6 2.7

Table 6: The comparison of fixed and adaptive exponential
decay factor in scenario {B4-C2} of PASCAL VOC.
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Figure 5: Analysis of α and β for exponential decay factor.

Figure 6: Visualization of RebLL using the final task model.

Visualization
As shown in Figure 6, we visualize raw test images along-
side their corresponding class activation maps. Given that
certain labels are trained sequentially across different tasks,
each row presents the class activation map and prediction
score for each class using the final task model. We ob-
serve that our model effectively highlights label semantic
regions, with low activation for non-existent labels. For ex-
ample, in the first row, the activation maps accurately reflect
the semantic regions for old task labels such as “bicycle”,
“dog” and “person”. The prediction scores further demon-
strate that class-specific representations are highly discrimi-
native. These findings suggest that our model exhibits robust
anti-forgetting capabilities, allowing it to precisely capture
the semantic regions of labels while demonstrating adequate
discernment of positive and negative labels.

Conclusion
In this paper, we identify and rebalance the inherent positive-
negative imbalance problem in MLCIL under the PL set-
ting. We propose the RebLL framework consisting of two
key components: AKD and OR. AKD rebalances at the loss
level by emphasizing the negative label learning and down-
weighting the contribution of overconfident predictions. OR
is designed for label rebalance, which restores the original
class distribution in memory by online relabeling the miss-
ing classes. Our method is demonstrated to effectively mit-
igate the positive-negative imbalance, thereby serving as a
more efficient anti-forgetting strategy to enhance the ML-
CIL performance. We achieve new state-of-the-art results
across various challenging MLCIL scenarios on the PAS-
CAL VOC and MS-COCO datasets, regardless of whether
we use a vanilla CNN or a more powerful network architec-
ture as the backbone.
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