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Abstract

In Continual Learning (CL), while existing work primarily
focuses on the multi-class classification task, there has been
limited research on Multi-Label Learning (MLL). In practice,
MLL datasets are often class-imbalanced, making it inher-
ently challenging, a problem that is even more acute in CL.
Due to its sensitivity to imbalance, Macro-AUC is an appro-
priate and widely used measure in MLL. However, there is
no research to optimize Macro-AUC in MLCL specifically.
To fill this gap, in this paper, we propose a new memory
replay-based method to tackle the imbalance issue for Macro-
AUC-oriented MLCL. Specifically, inspired by recent the-
ory work, we propose a new Reweighted Label-Distribution-
Aware Margin (RLDAM) loss. Furthermore, to be compati-
ble with the RLDAM loss, a new memory-updating strategy
named Weight Retain Updating (WRU) is proposed to main-
tain the numbers of positive and negative instances of the
original dataset in memory. Theoretically, we provide supe-
rior generalization analyses of the RLDAM-based algorithm
in terms of Macro-AUC, separately in batch MLL and MLCL
settings. This is the first work to offer theoretical generaliza-
tion analyses in MLCL to our knowledge. Finally, a series of
experimental results illustrate the effectiveness of our method
over several baselines.

Code —
https://github.com/ML-Group-SDU/Macro-AUC-CL

Introduction
Traditional machine learning methods assume an indepen-
dent and identically distributed (i.i.d.) data pattern. How-
ever, in practice, humans continually learn new knowledge
and retain previous knowledge. This process, known as Con-
tinual Learning (CL) (Ring 1994), aims to adapt to new tasks
while mitigating Catastrophic Forgetting (French 1999).

Recently, CL has gained considerable attention (Wang
et al. 2023), where the replay-based approaches (Chaudhry
et al. 2019; Rebuffi et al. 2017) often show promising per-
formance (Knoblauch, Husain, and Diethe 2020). Most of
these works concentrate on multi-class classification, where
an instance is associated with a single label. In some real-
world scenarios, however, an instance is often associated
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with multiple labels simultaneously. This raises the study
of Multi-Label Learning (MLL) (McCallum 1999). In this
paper, our focus lies on Multi-Label Continual Learning
(MLCL) (Kim, Jeong, and Kim 2020), an inherently more
challenging learning task that has not yet been extensively
explored. MLCL is increasingly relevant in real-world appli-
cations. This setting is common in areas such as healthcare,
finance, and autonomous systems, where the ability to han-
dle multiple labels as new labels emerge is crucial (Kassim
2024; Dalle Pezze et al. 2023; Ceccon et al. 2024).

In MLCL (or MLL), there is a natural and inherent chal-
lenge - class imbalance, which is a special characteristic of
MLL, unlike the imbalance case of multi-class problem. The
imbalance issue in MLCL we considered is for each MLL
task in the continual setting, which mainly includes two as-
pects: imbalance within labels, and imbalance between la-
bels. Specifically, imbalance within labels is that for each la-
bel, the numbers of negative instances are often higher than
the positive instances1. In contrast, imbalance between la-
bels is that the number of positive instances of each label
is not balanced. For the performance evaluation on imbal-
anced cases, various measures are developed, e.g., F1 score
and mAP, etc. Among them, Macro-AUC (Zhang and Zhou
2013) serves as a suitable and widely-used measure in prac-
tice, which is considered in this paper.

Optimizing Macro-AUC in MLL directly can lead to NP-
hard problems (Tarekegn, Giacobini, and Michalak 2021),
as it is discontinuous and non-convex. So it is common
to design a surrogate loss to solve this issue. Meanwhile,
it is crucial to address the imbalance problem to opti-
mize Macro-AUC. However, commonly used losses such
as cross-entropy loss are ineffective in handling imbalance,
leading to relatively low Macro-AUC performance (see Ta-
ble 1 in Section ). To tackle imbalance and maximize
Macro-AUC for multi-label batch learning, recent theory
work (Wu, Li, and Yin 2023) proposes a reweighted uni-
variate (RU) loss with superior formal learning guarantees.
Both theory and experiments show that RU loss enjoys the
high performance of pairwise loss, without its high compu-
tational complexity, and the computational efficiency of uni-
variate losses (e.g., cross-entropy), which suffer from lower

1Positive and negative instances refer to samples that either con-
tain or lack the corresponding label.
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performance. However, this loss assigns the same margin to
each class, which may require further analysis to enhance
its performance. In contrast, in multi-class batch learning,
a label-distribution-aware margin (LDAM) loss, proposed
by Cao et al. (2019), assigns a larger margin to the class
with a smaller size, resulting in different margins for distinct
classes. It has shown promising performance in practice.

Inspired by the above studies, we propose a novel replay-
based method that aims to maximize Macro-AUC in MLCL
setting. Our method primarily consists of a new loss func-
tion and a new memory-updating strategy. Specifically, we
propose a new reweighted label-distribution-aware margin
(RLDAM) loss to tackle the imbalance, which can inherit the
benefits of the RU and LDAM losses. Further, to ensure bet-
ter compatibility with the RLDAM loss, we propose a new
memory-updating approach named Weight Retain Updating
(WRU), which is simple but effective. Intuitively, it ensures
that the data stored in memory for each class maintains con-
sistency with the original dataset in terms of the number of
positive and negative instances (a.k.a. reweighting factors).
Theoretically, we provide superior generalization analyses
of the RLDAM-based algorithm for Macro-AUC in batch
MLL setting, and then extend it to MLCL setting.

Finally, to illustrate the effectiveness of our proposed
method, we conduct a series of experiments. Comparisons
with other baselines demonstrate the superiority of our ap-
proach. Moreover, we have performed ablation studies and
experiments to investigate other influencing factors, consis-
tently showing that our method performs well.

Our contribution can be summarized as: (1) To maximize
Macro-AUC in MLCL, we propose a novel memory replay-
based method, involving a new theory-principled RLDAM
loss and a new compatible memory updating strategy called
WRU. (2) Theoretically, we analyze the generalization supe-
riority of the RLDAM-based algorithm w.r.t. Macro-AUC in
batch MLL and MLCL. To our knowledge, ours is the first
theoretical analysis of MLCL. (3) Experimentally, extensive
results demonstrate the superiority of our method over sev-
eral baselines in MLCL.

Preliminaries
Notations. Let a regular, boldfaced lower and upper letter
denote a scaler (e.g., a), vector (e.g., a), and matrix (e.g.,
A), respectively. ai denotes its i-th element. For a matrix
A, denote its i-th row, j-th column, and (i, j)-th element
as ai,aj , and aij , respectively. Let a blackboard bold letter
denote a set (e.g., A). |A| denotes its cardinality. [n] denotes
the set {1, ..., n}. [[·]] denotes the indicator function, i.e., it
returns 1 if the condition holds and 0 otherwise.

Problem Setup
Multi-Label Learning (MLL). Given a MLL training
dataset D = {(xi,yi)}ni=1 i.i.d. drawn from P with a sample
size n, where P is a distribution over X ×{0, 1}K and K is
the size of label set K. xi and yi denote the input and corre-
sponding output. Note that yi ∈ {0, 1}K is a multi-hot label
vector. For any k ∈ K, yik = 1 (or 0) denotes that the k-th
label is relevant (or irrelevant). The objective of MLL is to

learn a hypothesis or predictor f = (f1, ..., fK) : X → RK

from a hypothesis space F := {f}. In batch MLL, the
learner knows the label size K in advance.
Multi-Label Continual Learning (MLCL). In MLCL,
the learner continuously encounters a sequence of tasks
{T 1, ..., T T }, where T denotes the length of the task se-
quence, and each task T t (t ∈ [T ]) is an MLL task.

Notably, when a task identifier (e.g., t) appears in the su-
perscript, it does not mean the power of t but denotes it is for
the t-th task, and this definition holds for all symbols. More-
over, we place + or − in the superscript position to indicate
that the symbol is about the positive or negative instances of
a particular label (e.g. nt+k is the sample size of the positive
instances for the class k in the t-th task).

Specifically, at each time step t, the learner encounters a
new task T t with a dataset Dt = {(xt

i,y
t
i)}n

t

i=1, which is
i.i.d. drawn from a MLL distribution P t over X ×{0, 1}Kt

,
where Kt is the label size for the current task T t. The goal
of MLCL is to learn a hypothesis f t = (f t1, ..., f

t
K̃t

) : X →
RK̃t

over all encountered tasks from a hypothesis space
F t := {f t}, where K̃t =

∑t
i=1K

i. Notably, the learn-
ing objective reflects that the hypothesis applies to both the
new task and all previously encountered tasks.
Multi-Label Class Incremental Learning (MLCIL).
Among MLCL, here we focus on one practical and challeng-
ing case - MLCIL where the prediction layer of the learner
is a single-head setup, and the task ID is not accessible dur-
ing the learning process. Similarly to MLL, MLCIL assumes
that the continual learner knows the total number of classes
K =

∑
t∈[T ]K

t in advance. However, unlike batch MLL,
the learner of MLCIL learns only task-known classes in each
task and does not consider task-agnostic classes. Besides the
above description, we also make the following assumptions.
Assumption 1 (For MLCIL). (1) Each task has distinct

classes: ∀t ̸= t′,Kt ∩Kt′ = ∅.
(2) Within each task, there exists at least one sample asso-

ciated with more than one label (multi-label setup) 2:
∀t ∈ [T ], ∃(xt

i,y
t
i) ∈ Dt,

∑
j y

t
ij > 1.

(3) Samples may appear repeatedly across different tasks
(same as Dong et al. (2023)): ∃t ̸= t′, Xt ∩ Xt′ ̸= ∅.

Assumption (2) and (3) reflects the differences between
MLCIL and multi-class CL. In multi-class CL settings, an
instance exhibits only one label and task-disjoint assumption
often holds, where both are opposite to MLCIL.
Replay-Based CL. We consider the replay-based CL frame-
work, specifically rehearsal, because it is simple and effec-
tive. It maintains a memory buffer M for selected samples
of all previous tasks. The data of each task T t saved in mem-
ory is denoted as Mt, which is a sampled subset from Dt.

Evaluation Measure
Various measures are often used in MLCIL for a compre-
hensive evaluation, e.g., F1 score, and mAP. Concerning the

2This assumption is reasonable as most practical MLL prob-
lems hold. While it is theoretically possible to sample datasets
where the number of labels per sample is less than two in a proba-
bilistic fashion, this case is extremely rare in practice.
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(label-wise) class imbalance, Macro-AUC (Zhang and Zhou
2013) is an appropriate and widely used measure in practice
but has not yet been considered in MLCIL, which we focus
on. Macro-AUC macro-averages the AUC measure across
all class labels. Given a dataset D and a predictor f ∈ F ,
Macro-AUC is defined as follows:

1

K

K∑
k=1

1∣∣D+
k

∣∣ ∣∣D−
k

∣∣ ∑
(p,q)∈D+

k ×D−
k

[[fk (xp) > fk (xq)]],

where for each class k, D+
k and D−

k denote the in-
dex subset of positive and negative instances, re-
spectively, and fk(x) is the logit output of input
x. The objective for maximizing Macro-AUC is:
1
K

∑K
k=1

1
|D+

k ||D−
k |

∑
(p,q)∈D+

k ×D−
k
L0/1(xp,xq, fk), where

the 0/1 loss is L0/1(x
+,x−, fk) = [[fk(x

+) ≤ fk(x
−)]].

The associated expected risk w.r.t. the 0/1 loss is

R0/1(f) =
1

K

K∑
k=1

E
xp∼P+

k ,xq∼P−
k

[
L0/1(xp,xq, fk)

]
, (1)

where P+
k = P (x|yk = 1), P−

k = P (x|yk = 0). When
measuring the test performance, we use an overall Macro-
AUC, i.e., the mean of Macro-AUC on all tasks. Besides, we
use Forgetting (Chaudhry et al. 2018) to evaluate the mem-
ory ability of the continual learning technique.

Method
In this section, we propose our method to maximize Macro-
AUC for MLCIL. Firstly, we propose a new reweighted
label-distribution-aware margin (RLDAM) loss to tackle the
multi-label imbalance by combining the reweighted loss and
LDAM loss. Regarding the loss, a new memory updating
strategy named Weight Retain Updating (WRU) is proposed
for replay-based MLCIL.

Reweighted Label-Distribution-Aware Margin
Loss
For a clear presentation, we first propose a new RLDAM
loss in the batch MLL scenario and then discuss it in the
continual learning scenario.

Batch Learning Scenario In the batch learning scenario,
to maximize Macro-AUC, recent theory work (Wu, Li, and
Yin 2023) proposed a Reweighted Univariate (RU) loss
with good properties as LRU(x

+,x−, fk) = ℓ(fk(x
+)) +

ℓ(−fk(x−)), where x+ (or x−) denotes a positive (or nega-
tive) instance for the label k, and the base loss ℓ(·) can be any
margin-based loss (e.g., hinge loss or logistic loss), for bi-
nary classification. The empirical risk w.r.t. LRU is R̂RU

D (f) =

1
K

∑K
k=1

∑n
i=1

(
[[yik=1]]

|D+
k | ℓ(fk(xi))+

[[yik ̸=1]]

|D−
k | ℓ(−fk(xi))

)
where 1/|D+

k | and 1/|D−
k | are reweighted factors. Intrigu-

ingly, the theory work (Wu, Li, and Yin 2023) shows that
the learning algorithm with the RU loss offers a better learn-
ing guarantee than the one with the original univariate loss.
However, for the base loss of RU considered in Wu, Li, and

Yin (2023), the margin for each class is the same, which
might need further analysis for improvement.

On the other hand, to tackle the imbalance issue, a label-
distribution-aware margin (LDAM) loss is proposed by Cao
et al. (2019), where their theory suggests that it can improve
generalization by assigning different margins for distinct
classes. In that work, for a loss function in binary classifica-
tion, such as hinge loss LHG(x,y, f) = max(0,∆−yf(x)),
the optimal trade-off of two margins is derived as ∆1 = λ

n
1/4
1

and ∆2 = λ

n
1/4
2

with a constant λ for distinct classes, where

n1 and n2 are the number of samples for two classes. Then
it extends the margins to multi-class hinge loss as:

LLDAM−HG(x,y, f) = max(max
j ̸=k

{fj} − fk +∆k, 0), (2)

where ∀k ∈ K, ∆k = λ

n
1/4
k

and nk denotes the number of

instances for class k. In the following of our work, we take
inspiration from the optimal trade-off between two classes
and its multi-class extension.

Our new RLDAM loss. To combine the best of the above
two losses, we integrate LDAM loss into RU loss to further
improve generalization for the first time. Applying LDAM
to the base loss of RU loss, we obtain a new Reweighted
Label-Distribution-Aware Margin Loss (RLDAM) as

LRM

(
x+,x−, fk

)
=ℓ
(
fk
(
x+
)
−∆+

k

)
+

ℓ
(
−fk

(
x−)−∆−

k

)
, (3)

where ∆+
k and ∆−

k are the margin of positive and negative
instances of class k. Note that different classes exhibit dif-
ferent margins. 3

Next, we will analyze the RLDAM loss in the contin-
ual learning setting. Before moving to the continual learn-
ing scenario, we first consider the scenario where multiple
tasks are learned jointly in the batch learning mode. And the
empirical risk of each class k in a task T t is

R̂RM
Dt

k
(f) =

1∣∣Dt+
k

∣∣ ∣∣Dt−
k

∣∣ ∑
(p,q)∈Dt+

k ×Dt−
k

LRM (xp,xq, fk)

=

nt∑
i=1

(
[[yik = 1]]

1

|Dt+
k |

ℓ
(
fk (xi)−∆t+

k

)
+

[[yik ̸= 1]]
1

|Dt−
k |

ℓ
(
−fk(xi)−∆t−

k

))
, (4)

where Dt
k is the subset of the dataset for class k in the t-th

task T t. Then, the empirical risk of each task T t and overall
risk for T tasks are:

R̂RM
Dt(f) =

1

|Kt|
∑
k∈Kt

R̂RM
Dt

k
(f), (5)

R̂RM
T (f) =

1

T

(
R̂RM

DT (f) +
T−1∑
i=1

R̂RM
Di(f)

)
. (6)

3We will derive the optimal value of ∆+
k and ∆−

k and prove that
minimizing the RLADM loss can have a better learning guarantee
w.r.t. Macro-AUC than that of the RU loss in Section .
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Continual Learning Scenario For a general CL scenario,
at each time step t, the empirical risk R̂RM

T t originally is equal
to R̂RM

Dt(f) in Eq. (6) as only the data in T t can be ac-
cessed. Here we focus on the memory replay-based frame-
work, which explicitly stores a subset Mi of Di for each
previous task T i (i ∈ [t− 1]). The (adjusted) empirical risk
can be written as R̂RM

T t(f) = 1
t

(
R̂RM

Dt(f) +
∑t−1

i=1 R̂
RM
Mi(f)

)
.

Note that we should make the risk on subset Mi serving
as an (approximate) unbiased estimator of the risk on whole
dataset Di, i.e., E

Mi

[
R̂RM

Mi(f)
]
≈ R̂RM

Di(f). Since past Di is in-

accessible in CL, we instead minimize the empirical risk on
Mi, which can also reduce the risk on Di with high proba-
bility. We will discuss it in detail in the subsequent section.

Weight Retain Updating for Memory

To achieve the goal of E
Mi

[
R̂RM

Mi(f)
]
≈ R̂RM

Di(f), we should

maintain consistency in the |D+
k |, |D

−
k | of Eq. (4), which is

the critical reweighting factor, between Mk and Dk for each
class k ∈ Kt. Note that the widely-used strategies for up-
dating memory buffer in CL, such as Reservoir Sampling
(RS) (Vitter 1985), do not consider this, resulting in vary-
ing degrees of negative impact on the RLDAM loss of data
stored in memory. Therefore, we propose a new Weight Re-
tain Updating (WRU) strategy to address this issue.

Specifically, after learning a task, for each class k ∈ Kt,
we first calculate the |D+

k | and |D−
k |, respectively. Then, we

design a greedy algorithm to select |Mt| samples from Dt.
The goal of the greedy algorithm is to minimize the discrep-
ancy in the ratio of positive and negative instances between
Dt and Mt. The selection principle is outlined as s∗ =
argmin

s

∑
k∈Kt |Rat(Dt, k)− Rat(Mt ∪ (xs,ys), k)| ,

where s∗ is the index of our best choice in each selection
step, and the function Rat(D, k) = |D+

k |/|D
−
k |,D

+
k ⊂

X,D−
k ⊂ X takes a dataset and a class index as input, and

outputs the ratio. We repeatedly perform this selection for
storage until the memory is full.

The above procedure will give an approximate ratio, how-
ever, given that the cost of storing a few constants is much
lower than storing samples, we rather explicitly store |D+

k |
and |D−

k | into memory along with |Mt| samples selected us-
ing our designed algorithm from Dt. Thus we can maintain
the original constants of positive and negative instances be-
tween Dt for its corresponding subset Mt.

Further, to fully utilize the memory space, we follow Re-
buffi et al. (2017) to store M/t samples for each task after
learning T t. Due to the fixed memory size, we remove some
past samples before storing new ones, where we just remove
samples without changing the stored |D+

k | and |D−
k |.

Overall, the training procedure of our continual learning
method is summarized in Algorithm 1.

Theoretical Analyses
Here, we first analyze the generalization bound of the
RLDAM-based algorithm in the batch MLL, and then give

Algorithm 1: Replay-based Continual Learning Procedure.
Input: Tasks T , Task length T (T > 1), Memory M, Mem-
ory size M ;
Parameter: Learning rate η, Batch size B, Epochs ne, The
model f ;
Output: Learned parameter Θ of f ;

1: for t ∈ (1, T ) do
2: Get dataset Dt from T t;
3: if t = 1 then
4: Perform Batch Learning on the Dt;
5: else // Continual learning procedure;
6: Get {M1, ...,Mt−1} from M;
7: // Training iteration
8: for i ∈ (1, ne) do
9: for each batch Bt ∈ Dt (|Bt| = B) do

10: Sample a batch BM with size of B from
∪i∈(1,t−1)Mi;

11: Update model parameters Θ according to
Eq. (19) (Appendix E.2) with Bt,BM, η;

12: // Training ending;
13: Updating the memory according to Sec. ;
14: return Θ;

the generalization of our algorithm with RLDAM loss and
WRU in MLCL. Notably, for batch MLL, technically, com-
pared with the work (Wu, Li, and Yin 2023) we mainly fol-
low, we introduce a new definition of fractional Rademacher
complexity for the hypothesis space with its upper bound,
and a new contraction inequality (see Appendix B for de-
tails). Moreover, to the best of our knowledge, this is the
first theoretical work on MLCL.
For the RLDAM-based algorithm in batch MLL. Firstly,
we introduce the quantity of label-wise class imbalance (Wu,
Li, and Yin 2023) as τk = min{|D+

k |, |D
−
k |}/n, ∀k ∈ [K].

In continual learning setting, we denote τ ik as the imbalance
of the i-th task. For simplicity, here we consider the general
kernel-based hypothesis class, formally written as:

F =
{
x 7→ W⊤Φ(x) : W = (w1, . . . ,wK)⊤,

∥wk∥H ≤ Λ
}
, (7)

where κ : X×X → R is a positive definite symmetric kernel
and its induced reproducing kernel Hilbert space (RKHS)
is H, and Φ : X → H is a feature mapping of κ. Note
that although we utilize deep neural networks (DNNs) in
experiments, it can still provide valuable insights because
recent theory (Jacot, Gabriel, and Hongler 2018) has es-
tablished the connection between over-parameterized DNNs
and Neural Tangent Kernel (NTK)-based methods. More
specifically, Huang et al. (2020); Tirer, Bruna, and Giryes
(2022) analyses the ResNet, which is used in our work, from
the NTK perspective. Then, we introduce the following mild
assumption for subsequent analyses.

Assumption 2. (1) The training data D = {(xi,yi)}ni=1 is
i.i.d. sampled from the distribution P , where ∃ r > 0, it
satisfies κ(x,x) ≤ r2 for all x ∈ X .

(2) The hypothesis class is defined in Eq. (7).
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(3) The base loss ℓ(z) is the hinge loss and bounded by B,
and ∀k ∈ K, ℓ(z −∆+

k ) and ℓ(z −∆−
k ) is ρ+k - and ρ−k -

Lipschitz continuous with ρ+k = 1/∆+
k , ρ

−
k = 1/∆−

k . 4

Besides, the expected risk w.r.t. RLDAM loss can be de-
fined as RRM(f) = E

D

[
R̂RM

D (f)
]

and we can get R0/1(f) ≤

RRM(f). Then, we can obtain the learning guarantee of the
RLDAM-based algorithm w.r.t. the Macro-AUC measure,
informally as follows (see Appendix A for formal details):

R0/1(f) ≤ R̂RM
D (f) +O

(
1√
n

(
1

K

K∑
k=1

√
1

τk
(ρ+k + ρ−k )

))
.

This bound indicates that the batch algorithm with
LRM has an imbalance-margin-aware learning guarantee of
O
((

1
K

∑K
k=1

√
1
τk
(ρ+k + ρ−k )

))
w.r.t. Macro-AUC. Com-

pared with the one of the LRU-based algorithm (Theorem 4
in Wu, Li, and Yin (2023)), with identical ρ+k = ρ−k for all
classes with one base loss, ours with LRM can assign class-
aware ρ+k and ρ−k for distinct classes with two different base
losses for each task. As ρ+k = 1/∆+

k , we can adjust the mar-
gins ∆+

k and ∆+
k to make ρ+k +ρ

−
k smaller under the constant

constraint of ∆+
k +∆−

k , leading to better guarantees.
Choice of Optimal Margins. Then, how to choose the

optimal margins is critical. Here we follow the idea in Cao
et al. (2019), which proves that the optimal margins for bi-
nary classification are ∆+ = λ

(n1)
1/4 and ∆− = λ

(n2)
1/4 ,

and extend it to multi-class classification with ∆k = λ
(nk)1/4

for each class k. For our margin choices, it becomes more
complicated, including two main steps.

Firstly, in a two-label MLL task, we can derive the opti-
mal margins for each class as ∆̃1 = λ

|D+
1 |1/4

, ∆̃2 = λ

|D+
2 |1/4

(see Proposition 1 in Appendix B.3). Similarly to Cao et al.
(2019), we extend the results to an MLL task with more
than two labels, getting ∆̃k = λ

|D+
k |1/4

. This implies that dis-

tinct classes in a multi-label dataset should be given different
margins associated with the number of positive instances.

Secondly, for only one-label MLL task, indeed, it can be
seen as a binary classification from positive and negative in-
stances. Similarly to the above analysis, we analyze the opti-
mal margins, obtaining ∆+

k = ∆−
k (see Proposition 1. (2) in

Appendix B.3). Intuitively, this result is somewhat surpris-
ing because it assigns equal margins to positive and negative
instances for one label. This may be puzzling as it treats pos-
itive and negative instances equally. However, we reweight
the loss for positive and negative instances as the second
equation in Eq. (4), implying that the positive and negative
instances have been “balanced”. Hence, it makes sense to as-
sign equal margins to both positive and negative instances.

Finally, we can get ∆+
k = ∆−

k = λ
|D+

k |1/4 with a constant
λ as a hyper-parameter to be tuned in experiments.
For RLDAM-based algorithm with WRU in MLCL.
Based on the above theory result in batch MLL, we can

4Note that, the widely-used hinge and logistic loss are both 1-
Lipschitz continuous and we analyze the hinge loss here for clarity.
Similar analyses can be obtained for other margin-based losses.

obtain the following learning guarantee of the RLDAM-
based algorithm with WRU in MLCL, where the techniques
mainly follow recent theory work (Shi and Wang 2023) in
domain-incremental continual learning and the work (Man-
sour, Mohri, and Rostamizadeh 2009) in domain adaptation.
Theorem 1 (Learning guarantee of RLDAM-based algo-
rithm with WRU in MLCL, full proof in Appendix C).
Suppose Assumption 1 and 2 hold. Let ni and ñi denote the
number of samples in task T i and from previous tasks in the
memory buffer. According to class-incremental setup, let f t,i
denote the outputs of function f for a specific task T i when
learning task T t. Let F t−1 be the model learned after t− 1
tasks, and F t−1,i denote the outputs of model F t−1 for a
specific task T i. Assume constants αi + βi + γi = 1. Then,
with probability at least 1− δ, we have

t∑
i=1

RDi(f t,i) ≤

{
t−1∑
i=1

γiR̂Di(f t,i) + R̂Dt(f t,t)

}

+

{
t−1∑
i=1

γiϵi + ϵt + 2
t−1∑
i=1

βi(ϵi + ϵt)

}

+

{
t−1∑
i=1

γiξi + ξt +B
t−1∑
i=1

βi(ξi + ξt)

}

+

t−1∑
i=1

(αi + βi)RDi(F t−1,i)

+

{
t−1∑
i=1

αiψi +
t−1∑
i=1

(βi)ψt

}
+

t−1∑
i=1

βidisc(Di,Dt),

where ni = ñi when i < t, and

ϵi =
4Λri√
ni

(
1

|Ki|
∑
k∈Ki

√
1

τ ik
(ρi+k + ρi−k )

)
,

ξi = 6B
t−1∑
i=1

γi

√
log( 6δ )

2ni

√ 1

|Ki|
∑
k∈Ki

1

τ ik

 ,

ψi = RDi(f t,i, F t−1,i).

Remark. From the above bound of right terms, we can
get valuable insights into the continual learning process,
demonstrating the effectiveness of our proposed RLDAM
loss and WRU. (1) The second term that involves all ϵ is
the bound of model complexity which contains the ρ+k , ρ

−
k

for all tasks. Similar to the batch learning scenario, we can
select better margins to make the bound tighter, which in-
dicates the effectiveness of our proposed RLDAM loss. (2)
In both the second and third terms there are ni · τ ik in de-
nominator. Recall the definition of τ ik, we can get ni · τ ik =

min{Di+
k ,Di−

k }. With our proposed WRU, we can guaran-
tee that ni · τ ik for class in memory is stable and unbiased
relative to multi-task joint training. (3) The fourth term is
the expected risk of F t−1 on all previous tasks, which re-
flects how well the model learned in the previous step affects
the performance of the current model (forward transfer). (4)
The fifth term measures the gap between the current and
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previous model on each task, which suggests that model up-
dates that deviate too much from the previous in each step
of learning will result in a larger bound, i.e., forgetting. The
replay approach we used can be viewed as a regularization
that restricts the degree of variation in the model. By ap-
plying WRU, this item can be reduced. (5) The last term is
a measure of the discrepancy distance (defined in Definition
3, Appendix C.1) between the current task and all past tasks.
If Di = Dt, this term will be zero, thus reducing forgetting.

Related Work
Continual Learning. Continual learning methods are
mainly divided into three branches (De Lange et al. 2021):
replay-based approaches (Chaudhry et al. 2019; Rebuffi
et al. 2017), regularization-based approaches (Zenke, Poole,
and Ganguli 2017; Farajtabar et al. 2020), and architecture-
based approaches (Fernando et al. 2017; Mallya and Lazeb-
nik 2018). Here we focus on replay-based approaches.

The rehearsal (De Lange et al. 2021) (or experience re-
play (Chaudhry et al. 2019; Wang et al. 2023)) approach is
a branch of replay-based methods, which explicitly retrain
on a subset of stored samples while training on new tasks.
Concerning rehearsal memory, many approaches have been
explored to exploit how to design and utilize it. Consider-
ing different tasks, several memory-updating strategies are
proposed (Chaudhry et al. 2019; Riemer et al. 2018; Rebuffi
et al. 2017). Among them, Reservoir Sampling (Vitter 1985)
is a sampling method commonly used to design memory up-
dating strategies (Riemer et al. 2018; Chaudhry et al. 2019).

Theoretical study on CL is challenging even in the
multi-class continual learning community. Several stud-
ies (Knoblauch, Husain, and Diethe 2020; Evron et al. 2023;
Lin et al. 2023) on continual learning demonstrate the chal-
lenges involved in conducting theoretical analysis for con-
tinual learning. However, we strive to theoretically derive a
generalization bound for MLCL on replay-based framework
following the proof in Shi and Wang (2023), and verify the
effectiveness of our proposed method.
Multi-Label Continual Learning. PRS (Kim, Jeong, and
Kim 2020) is an earlier work to tackle the MLL prob-
lem under CL settings, in which a Partition Reservoir Sam-
pling (PRS) is proposed to maintain a balanced knowledge
of both classes. Liang and Li (2022) proposes optimizing
class distribution in memory (OCDM) for MLCL. OCDM
formulates the memory update mechanism as an optimiza-
tion problem to minimize the distribution distance between
the whole dataset and memory data and then updates the
memory by solving this problem. Dong et al. (2023) pro-
poses a knowledge restore and transfer (KRT) framework
for Multi-Label Class-Incremental Learning, which includes
a dynamic pseudo-label (DPL) module and an incremental
cross-attention (ICA) module.

Experiments
In this section, we conduct experiments to illustrate the ef-
fectiveness of our method, which is summarized as follows:
(1) We conduct comparison experiments with other base-
lines to illustrate the superiority of our method. (2) The

Baseline C-VOC C-COCO C-NUS

M
ac

ro
-A

U
C

FT 53.62 69.46 66.91
FT-RLDAM 70.30 70.07 67.89
ER (Chaudhry et al. 2019) 79.17 72.68 69.31
ER-RS (Chaudhry et al. 2019) 79.18 73.07 70.14
PRS (Kim, Jeong, and Kim 2020) 76.96 70.83 69.64
OCDM (Liang and Li 2022) 79.98 74.79 73.23
KRT (Dong et al. 2023) 79.22 74.30 75.23
Ours 88.69 77.93 79.77

Fo
rg

et
tin

g

FT 45.63 26.13 26.58
FT-RLDAM 23.24 30.15 30.30
ER (Chaudhry et al. 2019) 3.44 17.56 8.64
ER-RS (Chaudhry et al. 2019) 2.31 15.45 7.85
PRS (Kim, Jeong, and Kim 2020) 0.95 4.93 8.83
OCDM (Liang and Li 2022) -0.19 7.01 0.71
KRT (Dong et al. 2023) 3.93 1.50 5.60
Ours 2.05 8.22 8.72

Table 1: Comparison results with other baselines on three
benchmarks. The boldfaced items denote the best results.

memory size is influential to the replay-based approaches.
We illustrate that our method consistently outperforms ER
and is less sensitive to memory sizes. (3) Ablation studies
show the effect of each component proposed in our method.

Please see Appendix E for more details and results.

Experimental Setup
Benchmarks. Following previous research in Multi-Label
Continual Learning (Kim, Jeong, and Kim 2020; Liang and
Li 2022; Dong et al. 2023), we utilize three commonly used
multi-label classification datasets: PASCAL VOC (Evering-
ham et al. 2015), MSCOCO (Lin et al. 2014) and NUS-
WIDE (Chua et al. 2009). These datasets are then trans-
formed into their continual versions as C-PASCAL-VOC, C-
MSCOCO, and C-NUS-WIDE. More details are described
in Appendix E.1. For simplicity and space-saving, we use C-
VOC, C-COCO, and C-NUS to represent three benchmarks.
Baselines. We compare our method with several baselines,
including plain ER (with a random sample strategy), ER-
RS (Chaudhry et al. 2019), PRS (Kim, Jeong, and Kim
2020), OCDM (Liang and Li 2022) and KRT (Dong et al.
2023). ER and RS are commonly used in CL. PRS, OCDM
and KRT are recent MLCL methods. Finetune performs se-
quential training among tasks without any CL techniques.

Comparison Results
We start by illustrating the imbalance statistics of an exam-
ple of three tasks in C-MSCOCO, as shown in Fig.1, Ap-
pendix E. Task 1 exhibits varying sample sizes, with one
class having around six thousand samples, while some oth-
ers have only a few hundred. A similar phenomenon is ob-
served in Task 2 and Task 3.

Regarding this kind of imbalance problem, we conduct
experiments to demonstrate the effectiveness of our pro-
posed method. Table 1 shows that our method outperforms
other baselines on all benchmarks. While our focus is on
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Figure 1: The comparison of training curves between our
method and ER on C-PASCAL-VOC.

Figure 2: The comparison of overall test performances (test
on all tasks after learning each single task) between our
method and ER on C-PASCAL-VOC.

maximizing Macro-AUC using RLDAM loss and WRU,
the forgetting metric is not our primary concern. How-
ever, our method still achieves agreeable forgetting perfor-
mance. Comparing Finetune (FT) and Finetune with RL-
DAM loss (FT-RLDAM), we observe a significant improve-
ment in Macro-AUC with RLDAM loss. This highlights our
method’s focus on enhancing overall and per-task perfor-
mance. Moreover, with RLDAM loss, Finetune performs
comparably to ER on C-MSCOCO and C-NUS-WIDE.

Fig.1 presents the training curves on C-PASCAL-VOC.
Our method consistently outperforms ER in Macro-AUC,
except for the first task, and converges faster in terms of
training loss. Fig.2 demonstrates similar trends in test per-
formances, with our method consistently achieving higher
overall Macro-AUC compared to ER.

Ablation Studies
We conduct ablation experiments to validate the effect of
each component that we propose. From the results shown
in Table 2, we can observe that the plainest ER just using
BCE loss without any component we proposed underper-
forms others. When applying reweighted loss or margin loss,
the Macro-AUC gains huge improvements. Furthermore, the
combination of the two losses improves the performance fur-
ther. The WRU retains the ratio of positive and negative

Reweighted loss Margin loss WRU C-VOC C-COCO C-NUS

× × × 79.17 72.68 69.31
√

× × 83.04 74.86 76.81
√

×
√

84.92 75.36 77.60
×

√
× 78.80 73.95 76.03

√ √
× 86.29 77.61 78.59

√ √ √
88.69 77.93 79.77

Table 2: Ablation studies for each proposed component of
our method. The

√
denotes ”with”, and the × denotes ”with-

out”. The first row without any component is actually ER
with BCE loss. Note that ”×” does not signify the absence
of any replay strategy but rather the usage of a plain ER.

Memory Size C-VOC C-COCO C-NUS

ER

200 67.36 63.36 63.94
500 74.31 62.68 64.95
1000 75.75 63.97 67.25
1500 78.77 62.53 69.06
2000 79.17 69.47 69.31

Ours

200 78.88 75.78 76.08
500 81.86 76.03 76.52
1000 85.70 77.15 78.74
1500 87.89 77.55 78.48
2000 88.49 77.93 79.77

Table 3: The Macro-AUC of our method compared with ER
under different memory sizes.

instances, which tackles the imbalance in the memory and
hence improves the overall Macro-AUC.

Effect of Memory Size

We use the data replay approach as our CL technique. Con-
sequently, we illustrate in this subsection that our proposed
method performs well with different memory size setups.
Specifically, we set five memory sizes: [200, 500, 1000,
1500, 2000]. The results are shown in Table 3, from which
we can see that our method consistently outperforms ER and
is less sensitive to changes in memory size. That indicates
our method is effective regardless of memory size.

Conclusion and Discussion
In this paper, we focus on maximizing Macro-AUC for
Multi-Label Continual Learning to tackle the imbalance
problem, where the replay-based approach is considered.
To maximize Macro-AUC, we propose an RLDAM loss in-
spired by recent theoretical principled reweighted univariate
loss and LDAM loss. Furthermore, we provide theoretical
analyses of the generalization bound, supporting the superi-
ority of our method. Then, based on the RLDAM loss and
data replay framework, we propose the Weight Retain Up-
dating (WRU) storing samples to maintain the numbers of
positive and negative instances of each class into memory.
Finally, comprehensive experiments illustrate the effective-
ness of our proposed method.
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