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Abstract

Existing class incremental learning is mainly designed for
single-label classification task, which is ill-equipped for
multi-label scenarios due to the inherent contradiction of
learning objectives for samples with incomplete labels. We
argue that the main challenge to overcome this contradic-
tion in multi-label class-incremental learning (MLCIL) lies
in the model’s inability to clearly distinguish between known
and unknown knowledge. This ambiguity hinders the model’s
ability to retain historical knowledge, master current classes,
and prepare for future learning simultaneously. In this paper,
we target at specifying what is known or not to accommodate
Historical, Current, and Prospective knowledge for MLCIL
and propose a novel framework termed as HCP. Specifically,
(i) we clarify the known classes by dynamic feature purifica-
tion and recall enhancement with distribution prior, enhanc-
ing the precision and retention of known information. (ii) We
design prospective knowledge mining to probe the unknown,
preparing the model for future learning. Extensive experi-
ments validate that our method effectively alleviates catas-
trophic forgetting in MLCIL, surpassing the previous state-
of-the-art by 3.3% on average accuracy for MS-COCO BO-
C10 setting without replay buffers.

Introduction

To know what it is that you know, and to know what it is
that you do not know—that is understanding.

—The Analects

Class incremental learning (CIL) (Aljundi et al. 2018;
Douillard et al. 2022) is developed to continuously iden-
tify new classes while preserving old knowledge. Numerous
studies endeavor to address the problem of catastrophic for-
getting in CIL caused by the absence of old data. These stud-
ies are generally tailored to single-label class-incremental
learning (SLCIL), assuming that each image only contains
one single class. However, real-world images often feature
multiple labels (e.g., a street scene depicts cars, buses, per-
sons, etc.). To this end, multi-label class incremental learn-
ing (MLCIL) has caught progressive attention (Dong et al.
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Figure 1: The contradiction of learning objectives in MLCIL
arises from the model’s inability to distinguish known and
unknown knowledge. Current model fails to effectively re-
call prior known knowledge due to (a) the absence of histor-
ical labels, while (b) unknown classes’ attention is inadver-
tently overlapped with known classes, and known classes are
also entangled, resulting in (c) feature aliasing and contra-
dictory learning objectives. By specifying what is known or
not, (d) fine-grained class-aware features are focused, lead-
ing to (e) enhanced inter-class discriminability, alleviating
the contradiction.

2023), aiming to correctly classify an image into multiple
classes that may be introduced across different sessions.
Different from SLCIL, MLCIL typically involves images
that simultaneously contain objects from historical, current
and prospective classes since the foreground class defini-
tion evolves between incremental sessions. Annotations are
available only for the classes learned at the current session
(car in Figure 1), leaving past (bus) and future (person)
classes unlabelled. Directly adopting anti-forgetting tech-
niques in SLCIL, such as knowledge distillation and exem-
plar replay, yields poor results, as they fail to tackle the con-
tradiction of learning objectives caused by incomplete labels
inherent to MLCIL. Specifically, the learning objective con-
tradiction arises from the inconsistency among three critical



learning targets—preserving previously acquired knowledge,
excelling in current classes, and preparing for future learn-
ing. Recent studies emphasize pseudo-labeling past classes
and maintaining multiple knowledge to preserve previously
acquired knowledge. For example, KRT (Dong et al. 2023)
proposes a knowledge restoration and transfer framework
to address the issues of known-class label absence. Despite
the substantial progress, these methods ignore another as-
pect, namely the interference of future classes that the model
does not know at the current session. Without “knowing”
future classes, the model inadvertently activates these fea-
tures into known class representations. As shown in Figure 1
(b), although the current model does not “know” person,
it still pays high attention to the corresponding region and
entangles the representations of person with known classes
(car and bus). Meanwhile, due to the insufficient “know-
ing” ability, that is, fine-grained class-aware representation
ability, past and current classes are also entangled in co-
occurrence scenarios. Entangled features of historical, cur-
rent and prospective classes blur the knowledge boundaries
between tasks, resulting in the contradiction of learning ob-
jectives for aliased features. It not only impacts the learn-
ing for future classes but also degrades the recall of known
knowledge due to the lack of target supervision, aggravating
catastrophic forgetting.

In this work, we aim to specify what is known or not to
accommodate Historical, Current, and Prospective knowl-
edge for MLCIL and propose a novel framework termed as
HCP. For clarifying known knowledge, HCP first proposes a
dynamic feature purification module to capture fine-grained
class-aware features, preventing feature aliasing across ses-
sions. Specifically, each class is assigned a class embedding,
activating relevant features within the image based on at-
tention mechanism, and classes can be flexibly expanded
by adding new embeddings. As shown in Figure 1 (d), our
method focuses the attention of the bus embedding entirely
on the bus itself and eliminates other noises. HCP then
effectively recalls old known knowledge through pseudo-
labeling with distribution prior, which alleviates the problem
of large forgetting differences between classes. For probing
unknown knowledge, we mine knowledge from images that
encompass historical, current, and prospective classes to de-
velop features pertinent to future classes. This prospective
strategy helps the model learn a richer feature set and clearly
defines the boundaries of current classes, thereby enhanc-
ing the discriminability of current features and preparing the
model for future learning.

To summarize, our major contributions are as follows:

* We reveal the challenge of learning objectives contradic-
tion in MLCIL, and propose a new framework named
HCP, aiming to specify what is known or not to accom-
modate historical, current, and prospective knowledge.

For clarifying the known, we develop dynamic feature
purification that focuses on fine-grained class-aware fea-
tures of known classes. In addition, we design recall en-
hancement with distribution prior to effectively preserve
old known knowledge.

* For probing the unknown, we mine knowledge to develop
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features pertinent to future classes, boosting the model’s
discriminative capacity and preparing for future learning.

* Experiments on various settings demonstrate that our
method achieves state-of-the-art performance and effec-
tively mitigates catastrophic forgetting in MLCIL.

Related Work

Single-Label Incremental Learning aims to integrate new
concepts without forgetting previously learned (Zhu et al.
2025). Current mainstream methods are typically divided
into three categories. Regularization-based methods design
a loss function to penalize changes in the weights or activa-
tions during learning new tasks (Schwarz et al. 2018; Huang
et al. 2024b; Yang et al. 2022b). Rehearsal-based methods
involve retaining a subset of previously encountered samples
and merging them with new data for training (Bang et al.
2021; Chaudhry et al. 2018b; Huang et al. 2024a). Although
they show impressive results, relying on a memory buffer
raises concerns about the privacy of stored images and in-
creases storage space. Architectural-based methods modify
the network architecture by adding sub-networks or experts
when new tasks arrive while keeping the previous network
frozen (Douillard et al. 2022; Wang et al. 2022).
Multi-Label Classification has been a challenging problem
compared with single-label classification. The straightfor-
ward approach is to treat each category independently and
formulate it as multiple binary classification. However, it ig-
nores the label correlation and spatial dependency between
objects, which is important for multi-label. Therefore, sev-
eral works (Wang et al. 2016; Chen et al. 2018) use the re-
current neural network (RNN) to capture label correlation,
which face difficulty in parameter optimization. Others ap-
ply Graph Convolutional Network (GCN) (Zhou et al. 2020)
to model label relationships (You et al. 2020; Chen et al.
2019), which capture spurious correlations when the label
statistics are insufficient. Considering the binary cross en-
tropy loss often suffers from the positive-negative imbalance
issue, asymmetric loss (ASL) (Guo et al. 2019) is designed
to dynamically down-weights and hard-thresholds easy neg-
ative examples. Recently, some approaches (Zhu et al. 2022;
Li et al. 2023; Zhu et al. 2023) utilize transformer to model
label correlation and improve multi-label prediction.
Multi-Label Class-Incremental Learning has gained
widespread attention with the rapid development of class in-
cremental learning and multi-label classification. PRS (Kim,
Jeong, and Kim 2020) proposes a new sampling strategy
for replay to alleviate the impact of imbalanced class dis-
tribution in buffers. OCDM (Liang and Li 2022) leverages
greedy algorithm to update memory quickly and efficiently.
AGCN (Du et al. 2023) utilizes a GCN network to build sta-
ble relationships between labels. KRT proposes a knowledge
restore and transfer framework to solve the label absence of
old classes. Although KRT achieves SOTA performance, the
feature aliasing problem is still yet to be resolved, and the ef-
ficiency of KRT is impacted since it needs to go through the
decoder multiple times to obtain task-level representation of
each session. In this work, in addition to preserving previ-
ously acquired knowledge, we focus on accommodating his-
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Figure 2: Framework of HCP, which leverages Clarifying Known and Probing Unknown to accommodate historical, current,
and prospective knowledge. For clarifying known knowledge, we design dynamic Feature Purification to capture fine-grained
class-aware features O, to avoid feature aliasing across sessions, and Recall Enhancement with distribution prior to effectively
retain historical known knowledge. For probing unknown knowledge, we interpolate known features as prospective class to
help enrich the feature set, enhancing the discriminability of known features and facilitate future learning.

torical, current and prospective knowledge simultaneously,
overcoming the problem of learning target contradiction.

Proposed Method
Problem Formulation

The objective of MLCIL is to build a unified model that can
recognize all encountered classes. We assume total 7" ses-
sions to simulate the continuous process. Given the dataset
D = {(z,y)}, where x is the image with corresponding
ground-truth label y, we split the dataset into T" subsets ac-
cording to the lexicographical order of category names, with
{D, ..., Dr} and their label sets {C1,...,Cr}. All label
sets are mutually exclusive, i.e. Ym, n(m # n), C,, NC), =
(). At session ¢, the model is trained on only D;, with label
space C;. Different from SLCIL where each image has only
one label, ground-truth y in the multi-label scenario may
contain classes from old sessions C.;_1 and future sessions
Ci41.7., so we preserve only the labels belonging to C'; and
discard others. During testing, the model is evaluated to rec-
ognize all seen classes Cy.; = C; U--- U C}.

Overview

Our proposed framework HCP is illustrated in Figure 2. The
key idea of HCP is to specify what is known or not at the cur-
rent incremental session to accommodate historical, current,
and prospective knowledge, thereby resolving learning tar-
get contradiction. Specifically, to clarify the known knowl-
edge, the HCP framework initially introduces a dynamic fea-
ture purification module, where each class embedding fo-
cuses on fine-grained class-aware features without covering
multiple classes, avoiding feature aliasing across sessions.
It can flexibly introduce new classes in incremental learn-
ing by continuously adding new class embeddings. More-
over, we enhance the recall of historical knowledge by ef-
fectively utilizing priors of previous models, alleviating the
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problem of large forgetting differences between classes. To
probe the unknown knowledge, we interpolate class features
as a prospective class, which pushes all other non-target
class features away from the generated component. As a re-
sult, the features of known classes are optimized to be more
compact, facilitating future learning.

Clarifying Known Knowledge

In this section, we introduce feature purification module and
how it adapts to multi-label incremental task. We then anal-
yse the confidence forgetting between classes and further
propose recall enhancement with distribution prior.

Feature Purification. To avoid feature aliasing between
sessions caused by noise and impurity from non-target fea-
tures, we propose feature purification module to extract
fine-grained class-aware features from entangled multi-class
global features. Compared with KRT, it ensures unique rep-
resentations for each class and predicts historical and current
classes in parallel.

Given a sample from D,, global features are first ex-
tracted and then reshaped to patch tokens P € RE*? where
L = h-w and h,w,d represent the height, width and di-
mension. To aggregate the object information and extract
fine-grained class features, each class is assigned a learn-
able embedding and we get a sequence of class embeddings
S € RM*d where M = |Cy.| is the number of known
classes at session t. Feature purification module which con-
sists of L. multi-head self-attention blocks, takes class em-
beddings S and feature tokens P as input to generate puri-
fied class features Og € RM*< and enhanced patch features
Op € RM*4 (we omit the mini-batch):

(QvKa V) = (Wq7Wk7WU)[P7 S], (1)
T
O = W,softmax (3%) V+b, (2
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Figure 3: Illustration of feature purification. Each session ap-
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Figure 4: Confidence forgetting varies greatly among
classes, making it difficult to effectively recall known
knowledge by a unified and static pseudo-label threshold.

where O = [Op,Og]| and h is the number of attention
heads. Based on the attention mechanism, each class em-
bedding not only pays attention to the spatial information of
global feature tokens, but also captures contextual relation-
ships with other class embeddings. Then class features Og
are fed to the classifier to obtain the output logits p.

As shown in Figure 3, it can flexibly adapt to the learn-
ing of new sessions by appending new class embeddings,
which is more efficient where old and new classes can be
predicted in parallel. Following previous work (Yan, Xie,
and He 2021), we utilize stability classifier to predict old
logits p1.4—1 and plasticity classifier to get new classifi-
cation logits p;, which are merged into a complete logits
Pt [p1:t—1, pt] for classification. During learning new
classes, we freeze old embeddings S1.;_1 € RIC1e-1]xd gpq
stability classifier to maintain the old knowledge while new
class embeddings S; € RI€t1*? and plasticity classifier can
adapt to new data. Before entering the next session ¢ + 1,
the plasticity classifier and stability classifier are combined
to form a new stability classifier, and then a new plasticity
classifier is created for the new session.

Recall Enhancement. Since the historical model has ob-
tained effective information of old classes, we leverage the
class probabilities P = [p1,- -+ ,pj1.c,_,|] predicted by the
old model to recall historical knowledge (Yang et al. 2022a,
2023a,b). The missing past labels § = [J1, 2, , Jj1:c,_, ]
can be obtained: g = 1 if pr > & otherwise 0, where
e controls the quality of pseudo-labels. However, category
concepts present different learning difficulties for the model.
Some classes have clear and easily distinguishable features
therefore less-forgetting, while others may be subtle there-
fore more-forgetting. Treating all classes uniformly brings
numerous noises, leading to the dilemma of either mislabel-
ing false positive labels or neglecting true positive labels.

To illustrate this problem, we perform a quantitative anal-
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ysis of the forgetting of class confidence which reflects how
certain the model is about predictions. After performing in-
cremental learning (B10 — C?2 protocol, explained in Ex-
periments) on VOC datasets, we calculate the classification
confidence distribution of each old class pr, ~ N (ux, o3),
where p, is the mean confidence and o, denotes variance:

[D¢—1]
1
= — ik - L(yik = 1), 3)
e = D] i;pk (yir = 1) (
[D¢—1]
2 1 Ly =1 ? 4
O’k—mZ(pik' (yik* )7.u“k)a 4
i—1

where |Dy| is the number of samples where the true label
for class k is present. p;i is the predicted logit for class k
of the i-th sample. 1 is the indicator function (1 when class
k is present, and O otherwise). Then, following the accuracy
forgetting in SLCIL (Chaudhry et al. 2018a), we define con-
fidence forgetting of each class as the difference between
the maximum confidence gained throughout the past learn-
ing sessions and the confidence after finishing the current
learning session:

&)

Fi. = max

T otefl,- ,T71}(Nt’k — Hrk);

where (1, 5, is the mean confidence of class k on task ¢ when
the model complete learning task ¢. As shown in Figure 4,
the classification confidence of baseline suffers from severe
forgetting up to 0.85, and the degree of forgetting varies
greatly between classes, which makes it difficult to deter-
mine an optimal threshold for all classes. Here, we introduce
a class-specific strategy to formulate different thresholds for
each class based on the confidence distribution learned by
the previous model. According to the statistical principle, 3o
rule can guarantee the diversity of pseudo labels. For the rep-
resentative examples of old classes, we define thresholds as
mean confidence €;, = p, and get the class-specific pseudo
labels for training in session ¢:

o

Since class distributions drift with sessions, we update dis-
tribution queues after completing each session to mitigate
performance degradation caused by error accumulation.

1, pr > e,

0, pr <ceg. ©)

Probing Unknown Knowledge

Previous works (Song et al. 2023; Zhou et al. 2022) have val-
idated that learning extra classes at each session can reserve
embedding space for future classes and enhance the model’s
forward compatibility. A straightforward way is to introduce
real classes from other datasets as auxiliary, which is im-
practical due to access issues and potential domain discrep-
ancies that may affect the current learning session. In multi-
label scenarios, where images can encompass both known
and latent unknown classes, we propose to mine knowledge
in existing data to synthesize simulated features of future
classes, thereby enriching the feature set. This prospective
strategy pushes all features of the known classes presented



in the current sample away from synthetic features, leading
to a more compact and optimized representation of known
classes, which better facilitates future learning.

For an image in training data Dy, it has ground-truth label
Y = [y1, - ,ynm] € RM where M = |Cy.|, y; = 1 means
i-th class exists in the image. Based on the dynamic feature
purification, we obtain all class features Og € RICu¢lxd,
including features of known classes present and absent in
current image, denoted as Og; = {o;]y; = 1,0; € Og} €
RM1xd and Ogy = {oi|y; = 0,0; € Os} € RM2xXd re.
spectively. The attention of present classes are localized to
the fine-grained regions under label supervision, while atten-
tions of other absent class features are freely distributed in
other foreground regions. We leverage the implicit informa-
tion in Og2 to expand the model’s feature set. Specifically,
we randomly interpolate these absent class features to syn-
thesize extra features Oy € R'*? as an unknown class:

Mo
Ov =D Ai-oi, hi = A/ 12N, (M
=1

where )\; is randomly sampled from Beta distribution. Un-
known features Oy are then fed into the classifier jointly
with real class features Og for classification results P €
RM+1) | To this end, the original M-class problem is ex-
tended to a (M + 1)-class. The label of unknown features is
also a binary label to indicate whether it is real or synthetic.
Combined with the stability and plasticity classifiers, we at-
tach unknown classification to the plasticity classifier, which
predicts |Cy| + 1 classes. We must admit that the attention
of absent classes may be paid to present classes due to inter-
class similarity. However, the random synthetic features can
simulate the distribution of future classes, and treating it as
an additional class improves the model’s ability to identify
subtle differences, enhancing the compact representation of
real classes and reserving space for future learning.

Loss Function

In long-term MLCIL tasks, pseudo-labels for previous
classes rise with incremental sessions, leading to a dispro-
portionate ratio of old to new class labels. Consequently,
the model’s pace of learning new classes tends to deceler-
ate, which is particularly pronounced during the early train-
ing session. To sharpen the model’s focus on new classes,
we increase the weight of the classification loss for the new
classes and adopt asymmetric loss (ASL). Given an image,
we obtain its class probabilities P = [py,--- ,px| € RE,
where there are K = |Cy.+| 4 1 classes including unknown
class. The weighted ASL loss is as follows:

K
1 (1 —pi)"* log(pr), yr=1
L [ . o ) )
wase = g v G et 2o

®

where wy is set to ‘%ttl‘ for new classes and otherwise to

1. yx, is the binary label to indicate whether label k is present
or not. v+ and — are used to manipulate the impact of
positive and negative samples.
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Experiments
Experimental Setups

Datasets and Protocols. HCP is evaluated on MS-COCO
2014 (Lin et al. 2014) and PASCAL VOC 2007 (Everingham
2007) datasets. MS-COCO contains 82,081 training images
and 40,137 test images, which covers 80 common objects
with an average of 2.9 labels per image. PASCAL VOC con-
tains 5,011 images in the train-val set, and 4,952 images in
the test set. It covers 20 common objects, with an average of
1.6 labels per image. Similar to CIL works, we define differ-
ent MLCIL protocols by a unified notation B: — C'j, where ¢
denotes the number of classes learned in the base session and
j is the number of classes to be learned in each subsequent
incremental session. We perform B40 — C'10 and BO— C10
protocols on MS-COCO dataset and B10—C?2 and B0—C4
protocols on VOC 2007. We compare our method HCP with
several baselines, representative SLCIL methods and state-
of-the-art SLCIL methods with and without replay buffers.
Evaluation Metrics. Similar to CIL, we adopt two widely
used metrics for evaluation: average accuracy (Avg. Acc)
and last accuracy (Last Acc). Following KRT, we use the
mean average precision (mAP) to evaluate all the categories
that have been learned in each session and report the aver-
age mAP (the average of the mAP of all sessions) and the
last mAP (final session mAP). Two more metrics are all re-
ported for a comprehensive multi-label performance evalu-
ation, ¢.e., the per-class F1 measure (CF1) and overall F1-
measure (OF1) alongside the last accuracy.
Implementation Details. For fair comparison, we follow
the experimental setting in KRT and use TResNetM (Rid-
nik et al. 2021) pre-trained on ImageNet-21k (Deng et al.
2009) as the backbone. We train the model with a batch size
of 64 for 20 epochs, using Adam (Kingma and Ba 2014) op-
timizer and OneCycleLR scheduler with a weight decay of
le-4. In the base session, we set the learning rate to 4e-5. In
the following sessions, it adjusts to le-4 for MS-COCO and
4e-5 for VOC. In dynamic feature purification module, we
set 3 attention blocks for VOC and 1 for MS-COCO. Our
codes are available at https://github.com/InfLoop111/HCP.

Comparison Results

Results on MS-COCO. As shown in Table 1, fine-tuning
(FT) and SLCIL methods like PODNet suffer from severe
forgetting in MLCIL tasks, with last accuracy 16.9% and
25.6% respectively, while our method achieves 71.2% on
B0-C10 when the buffer size is set to 0. Similarly, multi-
label online incremental learning methods do not perform
well, and our method outperforms PRS and OCDM by a
large margin. Compared with SOTA MLCIL methods, our
method still maintains a leading position, with improve-
ments of up to 3.8% in average accuracy over KRT (buffer
size=1000) and a greater increase across all metrics com-
pared to AGCN. Consistency improvements in B40-C10 set-
ting underline the robustness of our HCP. It is notable that
even without replay, our method exceeds all others with
memory buffers in both average accuracy and last accuracy.
Figure 5(a) and (b) show the performance curves as the num-
ber of classes increases. As incremental session progresses,



Source | Buffer MS-COCO B0-C10 MS-COCO B40-C10
Method Task Size Avg. Acc Last Acc Avg. Acc Last Acc
mAP (%) | CF1 OF1 mAP (%) | mAP (%) | CF1 OF1 mAP (%)

Upper-bound | Baseline - - 764 79.4 81.8 - 764 794 81.8
FT Baseline 383 6.1 134 16.9 35.1 6.0 13.6 17.0
PODNet SLCIL 43.7 72 14.1 25.6 44.3 6.8 139 24.7
AGCN MLCIL 72.4 53.9 56.6 61.4 73.9 58.7 59.9 69.1
KRT MLCIL 0 74.6 55.6 56.5 65.9 77.8 644 634 74.0
HCP MLCIL 779 60.4 65.3 71.2 78.9 64.9 68.6 75.3
TPCIL SLCIL 63.8 20.1 21.6 50.8 63.1 253 25.1 53.1
PODNet SLCIL 65.7 136 173 53.4 65.4 242 234 57.8
DER++ SLCIL S/class 68.1 333 36.7 54.6 69.6 419 437 59.0
AGCN MLCIL > 72.9 56.7 58.5 63.6 74.5 59.8 61.3 69.7
KRT MLCIL 75.8 60.0 61.0 68.3 78.0 66.0 65.9 74.3
HCP MLCIL 794 70.3 729 74.5 79.4 71.5 74.1 76.7
iCaRL SLCIL 59.7 193 228 43.8 65.6 22.1 255 55.7
BiC SLCIL 65.0 31.0 38.1 51.1 65.5 38.1 40.7 55.9
TPCIL SLCIL 69.4 51.7 52.8 60.6 72.4 60.4 62.6 66.5
PODNet SLCIL 70.0 45.2 487 58.8 71.0 46.6 42.1 64.2
DER++ SLCIL | 20/class 72.7 452 487 63.1 73.6 51.5 535 66.3
AGCN MLCIL 73.2 59.5 60.3 66.0 75.2 64.1 652 71.7
KRT MLCIL 76.5 63.9 64.7 70.2 78.3 67.9 689 75.2
HCP MLCIL 79.6 704 73.0 74.6 79.6 71.9 74.5 77.2
PRS MLOIL 48.8 85 147 27.9 50.8 93 151 332
OCDM MLOIL 49.5 8.6 149 28.5 51.3 9.5 155 34.0
AGCN MLCIL 1000 73.0 594 659 59.0 75.0 63.1 64.8 71.1
KRT MLCIL 75.7 61.6 63.6 69.3 78.3 67.5 68.5 75.1
HCP MLCIL 79.5 70.2 728 74.4 79.5 71.8 74.4 76.7

Table 1: Performance on MS-COCO, with comparison methods categorized by different source tasks. Buffer size 0 indicates no
rehearsal is required, rendering many SOTA SLCIL approaches inapplicable. Best results among rows are highlighted in bold.

Method Buffer| VOC B0-C4 VOC B10-C2
Size |Avg. Acc Last Acc|Avg. Acc Last Acc
Upper bound - 93.6 - 93.6
FT ) 82.1 62.9 72.9 43.0
iCarL 87.2 724 79.0 66.7
BiC 86.8 72.2 81.7 69.7
TPCIL 87.6 77.3 80.7 70.8
PODNet 2/class 88.1 76.6 81.2 714
DER++ 87.9 76.1 823 70.6
KRT 90.7 83.4 87.7 80.5
HCP 93.5 89.2 92.1 86.3
HCP | 0 | 929 879 | 90.1 81.9

Table 2: Comparison results on PASCAL VOC dataset.

our method exhibits stronger superiority, which demon-
strates our effectiveness in long-term incremental scenarios.
Results on PASCAL VOC. Table 2 shows consistent im-
provements on VOC. For BO-C4 protocol, when buffer size
is set to 0, our method outperforms KRT with 2/class replay
in buffers by 2.2% in Avg. Acc and 4.5% in Last Acc respec-
tively, which demonstrates the superiority of our method in
scenarios with limited data access. HCP further achieves the
best average mAP value of 93.5% with extra buffers. For
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| Avg.

FP RE PU‘ Sessions
‘ Acc

12 3 4 5 6

97.58 89.10 86.30 61.31 56.16 46.76| 72.87
97.64 90.60 87.26 70.73 66.29 66.29 | 82.09
97.84 94.17 90.72 83.44 76.39 73.45| 86.00
v/ 197.57 93.11 90.31 84.77 75.39 71.64| 85.47
v v |97.80 94.70 90.84 89.86 85.26 81.85|90.05

v
s
v
v

Table 3: Ablation study of each component. The module
names are abbreviated as follows: FP-Feature Purification,
RE-Recall Enhancement, PU-Probing Unknown.

B10-C2 setting, HCP also exceeds other competitive meth-
ods by up to 4.4% and 5.8% and reaches the upper bound
performance. Comparative curves in Figure 5(c) and (d) ex-
hibit a widening gap between ours and other methods.

Ablation Study

Effectiveness of Component. All ablation experiments are
conducted on VOC B10-C2 setting. Tab. 3 reports results of
Last Acc, Avg. Acc. Fine-tuning the old model with new
data serves as baseline. After adding feature purification
(FP), the model aggregates fine-grained features from multi-
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Figure 5: Performance curves (mAP%) on MS-COCO and PASCAL VOC datasets under different protocols.
Recall | Sessions | Avg.
Strategy ‘ 1 > 3 4 5 6 ‘ Acc

€ =0.8197.85 92.79 90.40 78.22 70.01 68.94|83.08
€ =0.9/97.87 93.30 90.81 82.10 75.69 70.82|85.08
Top-2 |97.87 92.72 90.27 80.87 74.10 68.94|84.24

RE |97.80 94.70 90.84 89.86 85.26 81.85]|90.05

Table 4: Ablation of recall strategy, where the first two rows
use a unified threshold, the third row represents top-K filter-
ing, and RE is our Recall Enhancement.
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Figure 6: The distribution of (a) real future features can be
simulated by (b) generated unknown features (gray in color).
(c) Calinski-Harabasz (C-H) Indexes of class features.

object images, and we get a 9.22% Avg. gain. Recall En-
hancement (RE) effectively recalls old known knowledge
and alleviates forgetting difference among classes, which
obtains a 13.13% Avg. gain. For probing unknown knowl-
edge, mining knowledge to generate features as unknown
class enhances discriminability between real classes, boost-
ing the performance of Avg. Acc by 12.60%. Three mod-
ules jointly achieve the best, verifying the effectiveness of
specifying what is known or not to accommodate historical,
current and prospective knowledge.

Ablation of Recall Strategy. We compare different pseudo
label selection strategies to recall past knowledge, includ-
ing a unified threshold ¢, top-K filtering and enhancement
with distribution prior. Table 4 shows that results are sensi-
tive to the threshold. Our recall enhancement (RE), which
considers the forgetting difference between classes and au-
tomatically determines the optimal threshold for each class,
provides supervision with higher quality for old classes.
Analysis of Feature Aliasing. In Figure 7, we visualize the
feature distributions of the baseline and our method after in-
cremental learning on VOC dataset. It can be seen that the
baseline method exhibits severe inter-class confusion and
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(b) Ours

(a) Baseline

Figure 7: t-SNE visualization after incremental learning.

experiences catastrophic forgetting, while our method dis-
tinctly separates all classes without feature aliasing.
Analysis of Generated Unknown Features. Figure 6 (a)
(b) compares the real future features and generated unknown
features (gray in color), which both promote compact repre-
sentation of current features. Besides, our interpolated fea-
tures are very similar to the distribution of real future ones.
This observation verifies the effectiveness of our probing un-
known knowledge, which can provide valuable foresight for
future learning. For quantitative illustration, we report the
Calinski-Harabasz Index of feature representations in Fig-
ure 6 (c), where a higher index indicates better separation be-
tween classes and compactness within classes. The index of
ours at each session is significantly higher than the baseline.
Moreover, without probing the unknown, the index drops a
lot in the later sessions, which illustrates the advantage of
virtual features for preparing the model for future learning.

Conclusion

In this paper, we present a novel method HCP for multi-label
class-incremental learning, which specifies what is known or
not at current learning session to accommodate historical,
current and prospective knowledge. To clarify the known
knowledge, feature purification is proposed to capture class-
aware features from entangled global features, preventing
feature aliasing within and between sessions. We analyze the
confidence forgetting and further design recall enhancement
to effectively retain historical known knowledge. To probe
the unknown, we interpolate class features as prospective
class to enhance the discriminative capacity and prepare for
future learning. This provides a fresh insight into multi-label
CIL problems. Comparisons with previous methods and our
ablation study demonstrate the superiority of our overall de-
sign and the importance of each component in HCP.
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