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Abstract

Semi-supervised continual learning (SSCL) seeks to lever-
age both labeled and unlabeled data in a sequential learn-
ing setup, aiming to reduce annotation costs while man-
aging continual data arrival. SSCL introduces complex
challenges, including ensuring effective unlabeled learning
(UL), while balancing memory stability (MS) and learn-
ing plasticity (LP). Previous SSCL efforts have typically
focused on isolated aspects of the three, while this work
presents USP, a divide-and-conquer framework designed
to synergistically enhance these three aspects: (1) Feature
Space Reservation (FSR) strategy for LP, which constructs
reserved feature locations for future classes by shaping old
classes into an equiangular tight frame; (2) Divide-and-
Conquer Pseudo-labeling (DCP) approach for UL, which
assigns reliable pseudo-labels across both high- and low-
confidence unlabeled data; and (3) Class-mean-anchored
Unlabeled Distillation (CUD) for MS, which reuses DCP’s
outputs to anchor unlabeled data to stable class means
for distillation to prevent forgetting. Comprehensive eval-
uations show USP outperforms prior SSCL methods, with
gains up to 5.94% in the last accuracy, validating its effec-
tiveness. The code is available at https://github.
com/NJUyued/USP4SSCL.

1. Introduction

Recently, continual learning (CL) has emerged as a promis-
ing approach for handling such sequential data arrival sce-
narios [47, 50]. Yet, most existing CL methods rely heavily
on fully labeled data, which is often impractical in real-
world applications due to high annotation costs, privacy
concerns, and limitations in adapting to real-time online
scenarios. To address these challenges, researchers have
turned to semi-supervised learning (SSL) [34, 53] frame-
works, where only a subset of samples requires labeling.

*“Equal contribution.
Corresponding author.
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Figure 1. Illustration of the SSCL setting (E* and M* indicate the
exemplar set and model in task ¢, respectively): in a dynamic data
stream containing both labeled and unlabeled data, distinct tasks
arrive sequentially with non-overlapping classes across tasks.

Inspired by this paradigm, a new direction called semi-
supervised continual learning (SSCL) [2, 46] has emerged,
aiming to leverage SSL setups across all tasks within the CL
setting, which is illustrated in Fig. 1.

SSCL introduces distinct challenges due to the need to
continuously learn from both labeled and unlabeled data.
This setting demands careful management of the trade-off
between learning plasticity—the model’s ability to incorpo-
rate new knowledge, and memory stability—its capacity to
retain past knowledge [24, 25, 61]. In SSCL, these dynam-
ics become particularly complex as the model faces the risk
of catastrophic forgetting of past tasks, while simultane-
ously being prone to overfitting on limited labeled samples
[12, 17, 31]. Meanwhile, learning from a vast pool of un-
labeled data is also challenging, as CL’s anti-forgetting pro-
cesses can disrupt learning under sparse supervision. Fur-
thermore, standard CL techniques like experience replay
face obstacles in SSCL: constrained replay buffers often
prioritize labeled samples, limiting the use of valuable in-
formation from unlabeled data [5, 19, 39].

We argue that addressing SSCL effectively requires
a holistic approach that does not overlook any of these
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three aspects: unlabeled learning (UL),

, and learning plasticity (LP). Although previ-
ous approaches have made strides in SSCL, most of them
primarily focus on just one or two of the three core chal-
lenges, often leaving the other aspects unaddressed. For
examples, for UL, [39] employs pseudo-labeling technique
used in SSL to utilize unlabeled data for training and [13]
apply consistency loss to boost the robustness of unlabeled
learning; For MS, [17] proposes dynamic sub-graph distil-
lation (DSGD) to leverages semantic and structural infor-
mation from unlabeled data, helping the model remain ro-
bust to distribution shifts. Motivated by this, we propose a
divide-and-conquer approach with three interlinked mod-
ules: USP, each tailored to enhance one of these aspects
while collectively improving the overall SSCL performance.

The key to building a powerful SSCL lies in design-
ing mechanisms that enable UL-, MS- and LP-components
to complement and reinforce each other. With the estab-
lished baseline SSCL learner, we first introduce a projec-
tion head to produce an additional feature branch, which
serves as a unified feature output across all subsequent
components aiming to strengthen their coupling for mu-
tual enhancement. (1) For LP: We propose a simple yet
effective Feature Space Reservation strategy (FSR). Lever-
aging the equiangular tight frame (ETF) for optimal fea-
ture geometry, we obtain anchor vectors that reserve space
for future classes. A contrastive-like loss is proposed to
align learned data features to these class-specific positions,
laying a strong foundation for subsequent CL processes.
(2) For UL: We propose a Divide-and-Conquer Pseudo-
labeling strategy (DCP) to handle high- and low-confidence
unlabeled data separately, leveraging two complementary
pseudo-labeling techniques. This approach ensures effec-
tive utilization of all data while maintaining pseudo-label
accuracy, ultimately delivering a robust UL process—and
even offering a “free lunch” benefit during testing phase.

: We repurpose intermediate calculations from
DCP to introduce the Class-mean-anchored Unlabeled Dis-
tillation (CUD). CUD aggregates the latent relationship be-
tween labeled and unlabeled data, enhancing model’s resis-
tance to catastrophic forgetting on unlabeled data, thus sup-
porting stable and reliable representation retention in SSCL.

Contribution. A divide-and-conquer framework, USP, is
proposed that synergistically enhances unlabeled learning
(UL), memory stability (MS), and learning plasticity (LP):
(1) We introduce a novel pseudo-labeling scheme, which
ensures high-quality pseudo-labels across confidence lev-
els, fully utilizing all data to improve UL. (2) We pro-
pose a feature space reservation strategy and cross-labeled-
unlabeled distillation to jointly enhance LP and MS, helping
the model resist forgetting. (3) Extensive evaluations across
diverse SSCL settings demonstrate the performance bene-
fits of USP, with up to a 4.10% gain in average accuracy.
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2. Related Works

2.1. Continual Learning

Continual learning (CL) addresses catastrophic forgetting
during incremental learning. As summarized in [61], main-
stream approaches fall into three categories: replay-based,
knowledge distillation-based, and dynamic network-based
methods. Replay-based methods retain/rehearse past data
through stored exemplars [3, 13, 57] or synthetic generation
[18, 21, 37]. Knowledge distillation-based methods transfer
knowledge from old to new models through distillation of
logits [38, 40, 56], features [22, 30, 35], or relations [1, 29].
Dynamic network-based methods expand architectures via
neuron [28], backbone [45, 52], or prompt [41, 49] growth.

While CL methods are often categorized distinctly, their
boundaries are fluid. Replay and distillation synergize as
core anti-forgetting mechanisms across paradigms. Our
method similarly harnesses their complementary strengths
to combat catastrophic forgetting.

2.2. Semi-supervised Learning

Semi-supervised learning (SSL) aims to reduces the depen-
dency of deep learning models on labeled data by lever-
aging abundant unlabeled data. Early SSL methods can
be broadly categorized into pseudo-labeling and consis-
tency regularization methods. Pseudo-labeling methods
expand the training set by assigning predictions on unla-
beled data as pseudo-labels [8, 16, 27, 51]. In contrast,
consistency regularization methods enforce similar predic-
tions across augmented versions of input samples, enhanc-
ing generalization boundaries through teacher-student inter-
actions [43] or by applying diverse perturbations to inputs
[15, 33, 42]. FixMatch [42] introduced a simple yet effec-
tive framework that integrates these two strategy: it applies
weak and strong augmentations to unlabeled data and uses
high-confidence predictions on weakly-augmented samples
as pseudo-labels for the strongly-augmented counterparts,
enforcing a strong-weak consistency regularization on unla-
beled data. This approach demonstrated remarkable perfor-
mance and has become a foundational benchmark in SSL,
inspiring many subsequent methods that adjust pseudo-
labeling strategies for unlabeled data [14, 58, 59] or modify
confidence thresholding schemes [7, 9, 48].

While FixMatch and similar methods have achieved sig-
nificant success in SSL, current SSL methods still fall short
in addressing learning scenarios where data distribution or
class compositions may shift over time.

2.3. Semi-supervised Continual Learning

Existing continual learning methods generally rely on a
fully supervised setup, whereas semi-supervised continual
learning (SSCL) more realistically assumes that only a lim-
ited number of samples are labeled at each task. The core



challenge in SSCL is effectively utilizing unlabeled data
to mitigate catastrophic forgetting. CNNL [4] fine-tunes
its incremental learner by generating pseudo-labels for the
unlabeled data, enabling self-training. DistillMatch [39]
employs knowledge distillation with prediction consistency
on unlabeled data. It also optimizes an out-of-distribution
detector to identify task-specific representations. Pseudo-
gradient learner [31] introduces a gradient predictor us-
ing labeled data to estimate gradients for unlabeled data,
thereby avoiding the potential risks of pseudo-labeling. OR-
DisCo [46] learns continuously from partially labeled data
using a classifier-equipped conditional GAN and performs
online data replay. MCSSL [5] extends ORDisCo into a
meta-learning framework. DSGD [17] introduces a dy-
namic subgraph distillation method that leverages semantic
and structural information for more stable knowledge distil-
lation on unlabeled data.

Unlike previous methods that focus on individual aspects
of UL, MS, or LP, our proposed method integrates all three
into a unified framework, aiming for a synergistic effect that
amplifies their combined impact.

3. Methods

3.1. Baseline SSCL Learner

Denoting the input space as X and the label space as J =
{1,..., K} over K classes, we formally define the prob-
lem of continual learning (CL) as follows: Given training
data that arrives sequentially as a sequence of I tasks, each
task ¢ is associated with a dataset D! C Xt x ), where
te{l,...,T}and ' nY?N---NYT = (). Same be-
low, the superscript of ¢ is always used to indicate the vari-
able z at different task ¢. The learning process is conducted
task-by-task, and during the training of task ¢, only the cur-
rent dataset D! is accessible, while data from previous tasks
is systematically discarded. Note that in actual continu-
ous learning settings, a relatively small memory buffer is
usually reserved to store past examples to help the model
alleviate catastrophic forgetting, which is denoted as E°.
Et = EMy. ..U B4 and E4() is the exemplar set of
old class ¢ contaming exemplars stored from the datasets in
previous ¢ — 1 tasks.

In semi-supervised continual learning (SSCL), each
dataset D! is partially labeled and can be divided into two
subsets: D' = D} U D!, where D! C X' x V' denotes
the labeled subset and D! C X't denotes the unlabeled sub-
set, with | D}| < |D!|. In breif, we can review SSCL as a
optimization task on the model parameterized by 6:

T
i L1 (D

where Lgg; is the semi-supervised learning (SSL) loss and
L is the CL loss.

Lo (EY), (1
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Figure 2. Overview of USP. All losses of USP uniformly utilize
the features output by a projection head P’ to enhance synergy
through coupling. (1) Ly for LP (Sec. 3.2): Given the labeled
and unlabeled data (z}, z%,), a contrastive loss aligns their features
with pre-computed ETF vectors that represent the optimal geo-
metric structure for classification, preventing feature space con-
flicts between new and old classes during learning; (2) L, for UL
(Sec. 3.3): For z!,, we compute its class prediction pf, and employ
a confidence-based divide-and-conquer approach, which leverages
complementary pseudo-labels based on classifier and NCM to pro-
vide a robust UL process; (3) Lcua for MS (Sec. 3.4): Reusing in-
termediate results from DCP, we anchor the features of unlabeled
data to class mean vectors enriched with information of labeled
data, mitigating catastrophic forgetting in SSCL.

We propose a divide and conquer approach to Unlabeled
learning, Stability, and Plasticity (USP), which is shown in
Fig. 2. Overall, we first set a feature extractor F'(-), a clas-
sifier G(-) and a projection head P(-). Following [17], we
build a basic SSCL learner using FixMatch [42] for Lgg1,
and adopt iCaRL [38] or DER [52] for L.; (DER’s details
are deferred to Sec. A.3 of supplementary).

(1) Lss1. Given the labeled data {z!,y/} C Dj and
the unlabeled data x!, € D!, following the most popu-
lar pseudo-labeling based SSL method FixMatch, the terms
Lss1 in Eq. (1) can be decomposed into two loss terms:
L1 (DY) = Loup(D)) + AinsLuns (DY), where Ayps is
the loss weight. Denoting the model prediction of = as

! = G'(F"*(x)), we define the supervised loss as

Lsup(D}) = Eat 1)~y [H (p;{,yf)} ; (2)



where H (-,-) is the standard cross-entropy loss. Denoting
Z = max(z) and & = arg max(z), the unsupervised loss is
defined as

‘CUHS(DZ) = ]E‘Tf’f"DIL []]- (ﬁitu 2 T)H(pta(xt )7253,-? ):| )
3

where 1(-) is the indicator function, p, is the hard pseudo-

label of p!, and «(-) represents a strong data augmentation

function' and 7 is a confidence threshold for p!, (i.e., the

maximum softmax probability) to select pseudo—Tabels that
are more likely to be correct.

(2) L.1. With the exemplar management of iCaRL [38]
(see Sec. A.1 of supplementary for details), given z! € EY,
we utilize the knowledge distillation loss for L.; in Eq. (1)
by encouraging the current model to output the same pre-
diction p! = G*(F"*(x%)) as that of the old model:

De

)]

where KL(- || -) is the KL-divergence and 3 is the tempera-
ture parameter.

Note that from here on, all feature vectors extracted from
an input = mentioned in the following text are denoted as f,
which are output by the projection head P(-) and normal-

ized using Lo —normalization, i.e., fi = % (and
after any operation on the features, they will be renormal-
ized). All components of USP consistently leverage the out-
put features from P(-), aiming to strengthen the coupling of

all components for mutual reinforcement.

t—1

t
£d(E#)::Egz~Et[KL(i;|| (4)

3.2. ETF-Based Feature Space Reservation

We begin by enhancing the plasticity of USP. Inspired by
[36, 54, 60], we aim to design a Feature Space Reservation
(FSR) method for accommodating upcoming new classes
without interfering with the feature patterns retained for
previously learned classes.

We aim to utilize a simple yet effective contrastive learn-
ing loss to align sample features of each class with a set of
predefined class prototype features derived from a simplex
equiangular tight frame (ETF) for the entire label space.
The ETF is inspired by neural collapse phenomenon (more
details and the calculation of ETF can be found in Sec.
A4 of supplementary), which indicates that the final-layer
features of samples within the same class collapse to a
single vertex. And the vertices of all classes align with
class prototypes that form an ETF, which refers to a matrix
£ € R¥¥* (dis a predefined parameter, k is the total number
of classes). Crucially, the ETF structure pre-defines max-
imally separated prototype positions in the feature space,

I'This implies that we employ consistency regularization to enhance the
model’s prediction stability for semantically similar images. More details
of this technique can be found in Section 2.2.
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inherently reserving geometric capacity for future unseen
classes while preserving semantic discrimination of learned
ones. Each column vector &, ; € R? in ETF can be consid-
ered as the corresponding prototype for class 7. As the ETF
corresponds to the optimal geometric structure for classifi-
cation, anchoring the continually arriving class features to
the different ETF-prototype-vectors as learning targets fun-
damentally enhances the plasticity of SSCL models. With
obtained &. ;, denoting the cosine similarity as S(,-), we
define the following contrastive loss for feature alignment
on both the labeled and unlabeled data:

S(Sr,y;,f;f,)
exp (77 ’)

. SE Tt
S e (D)
S(E g, oSl )

=,
vy

S(E.,i,ft,)
T o ()

~

Lesr(D') = E(ap ypynpy | ~log

exp (

+ Eagmpy |1(5h = 7) ~log
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where + is the temperature parameter. We still use the confi-
dence threshold to filter the pseudo-labels on unlabeled data
to ensure the robustness of FSR as much as possible.

3.3. Divide and Conquer Pseudo-Labeling

For unlabeled learning, considering that we adopt a pseudo-
labeling framework similar to FixMatch for L., ensur-
ing the accuracy of pseudo-labels is paramount. Thus, we
propose Divide-and-Conquer Pseudo-labeling (DCP) that
combines the two complementary classification methods to
leverage their respective strengths in SSCL for L.

3.3.1. Training Phase

In FixMatch and its adaptation as a basic learner in [17]
(Eq. (3)), pseudo-labeling involves assigning hard labels
by applying a threshold to the softmax outputs of classi-
fier logits on unlabeled data. However, this will result in
low-confidence samples not participating in training and re-
sulting in a waste of data. This is a drawback of classifier-
classification, because the pseudo-labels of low-confidence
samples are likely to be wrong and harm training. Thus, we
consider another nearest class mean (NCM) classification
method in CL [32], which classifies samples by matching
them to prototype vectors—incrementally computed as the
average features of observed examples, for pseudo-labeling
on samples with low confidence.

The work in [12] argues that NCM-like classification
could maintain more stable performance in CL by measur-
ing distances between test image features and class proto-
types, which depend only on the parameters of the backbone
model. In contrast, classifier-based predictions require fea-
ture input into an expanding fully connected layer, which is
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Figure 3. Kernel density estimation (KDE) of confidence distri-
butions of pseudo-labels on 5-task CIFAR10-30 (see Sec. 4.1 for
the experimental setting). We show the confidence of classifier-
based pseudo-labels (“P-CLS”), divided into correct and incor-
rect parts, and the re-partitioning of these corresponding examples
if the pseudo-labels are providing by NCM (“P-NCM”). The red
dash lines indicate the confidence threshold 7 in Eq. (3).

updated only for the current session, often leading to classi-
fication instability in incremental tasks. In this work, as il-
lustrated in Fig. 3, we observe that classifier-based pseudo-
labeling can yield highly reliable results at high-confidence
levels but lack reliability for low-confidence predictions.
NCM classification, on the other hand, maintains a rela-
tively more robust accuracy across all confidence level of
classifier predictions. Given discussed above, for high-
confidence predictions, DCP apply hard pseudo-labels from
the classifier outputs, while low-confidence predictions are
assigned pseudo-labels using NCM classification.

In our NCM classification, considering that the ground-
truth of unlabeled data is unknown, the prototype vector is
computed for each observed class by averaging the feature
vectors of all exemplars selected from labeled data in that
class. First, we separate the labeled data by class, where

ct) represents the labeled set of class . Then, we com-
X oect. () e
Finally, the class label g,: for an unlabeled sample xt s
assigned based on p o+, ;) with the highest similarity to the
input’s features, i.e.,

pute the feature mean of class ¢ by pge,) =

Qe = argmax S(fif‘,lllct,(i)). (6)

i=1,- |Vt

Hereafter, we can rewrite Eq. (3) as
£uns(DZ)l = LUDS(DZ)—F
Egt ~Dt, []1 (15';5 < T)H(Pi(zz)’qxg)} - (D

3.3.2. Testing Phase

We can also treat the testing phase as a pseudo-labeling pro-
cess, leveraging the benefits of DCP in this context. The key
difference is that, for NCM classification of low-confidence
samples, we rely on the full exemplar set E? rather than the
labeled dataset of a specific task. Given a test sample u?,
the predicted label g+ is assigned by
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where k is the number of class observed so far.

3.4. Class-Mean-Anchored Unlabeled Distillation

Finally, we enhance the stability of USP from a distilla-
tion perspective. Knowledge distillation (KD) is a common
approach in CL that uses frozen models or stored features
and probabilities from prior tasks as a “teacher” to guide
the active “student” model on the new task. In traditional
CL, KD typically focuses on independently distilling in-
formation from exemplars (e.g., Eq. (11)), often focusing
on labeled samples alone. However, this is insufficient in
the SSCL setting, where the forgetting of unlabeled data
contributes significantly to catastrophic forgetting. Thus,
we introduce Class-mean-anchored Unlabeled Distillation
(CUD), which efficiently reuses the class mean features of
labeled data computed in Sec. 3.3.1. Denoting the class

Het
mean feature matrix as M = : , we define CUD
Het ()
loss as
S(ft, M)  S(fit M)
‘Ccud(DZ) - ]E:ELNDZ KL( E— H ug ) ’

€))
where £ is the temperature parameter. CUD distills the com-
bined relationships between labeled and unlabeled data by
anchoring unlabeled samples to the stable class mean fea-
tures derived from labeled data. This encourages the model
to develop more reliable and robust representations, effec-
tively enhancing the stability of USP.
Finally, the total loss of USP can be presented as
L= Lsup+>\uns£/ +>\c1£cl+)\fsr£fsr+)\cud£cud- (10)

uns

4. Experiments

4.1. Experimental setting

Dataset. We conduct comparative experiments on CIFAR-
10, CIFAR-100, and ImageNet-100 to evaluate our method.
CIFAR-10 [26] is a dataset with 10 classes, containing
50,000 training images and 10,000 test images, with each
image sized 32 x 32. CIFAR-100 [26] is similar to CIFAR-
10, but it contains 100 classes, with each class having 500
training images and 100 test images. ImageNet-100 [44] is
a 100-class subset of the ImageNet-1k, with each class con-
taining 1,300 training images and 500 test images. Addi-
tionally, we evaluate on a more challenging few-shot SSCL



Table 1. Average and last accuracy on 5-task CIFAR10-X and 10-task CIFAR100-X with X labels per class. We provide comparisons
with multiple baseline methods reported in DSGD [17], which use the same baseline SSCL learner as ours. We mark out the best result.

Method CIFAR10-30 CIFAR10-150 CIFAR100-20 CIFAR100-25 CIFAR100-80 CIFAR100-125
Avg Last Avg Last Avg Last Avg Last Avg Last Avg Last
iCaRL [38] 34.16 21.84 60.86 53.65 26.43 13.92 28.14 15.29 36.32 19.10 44.14 30.73
DER [52] 40.41 31.48 64.77 61.06 31.01 23.53 32.82 26.53 53.32 41.55 57.21 48.86
CCIC [4] - 55.20 - 74.30 - - - 29.50 - - - 44.30
ORDisCo [46] - - 74.77 65.91 - - - - - - - -
NNCSL [23] - - - - 55.19 43.53 57.45 46.00 67.27 55.35 67.58 56.40
iCaRL&Fix [17] 45.98 30.71 78.36 69.08 45.75 23.40 49.83 31.25 53.46 32.21 56.87 41.38
+DSGD [17] 77.33 76.41 84.14 79.69 52.80 35.47 53.42 35.95 57.92 37.81 58.08 43.14
+ USP (Ours) 79.66 70.43 84.78 78.21 53.20 41.30 54.36 38.25 58.59 44.20 59.96 43.80
DER&Fix [17] 66.71 61.41 81.10 77.00 51.76 40.86 52.03 44.47 64.03 50.25 66.69 53.57
+DSGD [17] 75.04 72.59 83.08 79.39 55.63 44.63 57.94 46.68 65.48 55.40 69.14 58.50
+ USP (Ours) 81.43 73.65 84.43 77.74 58.79 4522 59.87 47.44 68.67 60.45 71.60 63.08

task on the CUB [6] dataset, consisting of 200 bird species
with 6,000 training images and 6,000 test images.

Task Settings. For CIFAR-10, CIFAR-100 and ImageNet-
100 datasets, we follow DSGD [17], where we sequentially
train all 10, 100 and 100 classes in increments of 2, 10 and
10 classes per task, respectively. For CIFAR-10, we use
two levels of supervision, with 30 and 150 labeled images
per class. For CIFAR-100, we use four levels of supervi-
sion, with 20, 25, 80 and 125 labeled images per class.
For ImageNet-100, we mainly use two levels of supervi-
sion, with 13 and 100 labeled images per class. To simplify
notation, we denote the benchmark as Dataset-X (number
of labeled samples per class). For example, CIFAR10-30
indicates CIFAR-10 with 30 labeled samples per class. For
CUB, we follow UaD-CIE [12], a few-shot SSCL method,
where the model trains on 100 classes under full supervision
in the first task, and each subsequent task trains 10 classes
with SSL settings, including 5 labeled images per class.

Metrics. We adopt the average incremental top-1 accuracy
as our primary evaluation metric: A4,y = % Zi:l Ay,
where A; is incremental accuracy for task ¢, defined as
A =1 S0, ar; and ay ; is the accuracy on test set of '
task after learning the ¢** task. Additionally, we report the

final model accuracy Ay, in the last task as a reference.

Implementation Details. We use ResNet-32 [20] as the
feature extractor I’ for the CIFAR-10 and CIFAR-100 and
ResNet-18 [20] for the ImageNet-100 and CUB. For unla-
beled data, we apply the data augmentation approach from
FixMatch [42]. The projection head P is a simple linear
layer outputting 512-dimension features (i.e., d = 512),
which is consistent with the dimension of the generated ETF
vectors across all datasets. All loss weights Ayps, Ac1, Afsr
and A4 are set to 1, and all temperature parametes 3, -y
and & are set to 0.1. Following [42], the confidence thresh-
old 7 is set to 0.95. We utilize the SGD optimizer with a
momentum of 0.9 and the weight decay is set to 10~°. For
SSCL tasks, we use a memory buffer of size 5120, set the
batch size to 64, and use a learning rate of 0.03. We train for

Table 2. Comparisons on 10-task ImageNet-100. We re-run
NNCSL under our setting for a direct comparison. See supple-
mentary Sec. B.1.1 for results under the original NNCSL protocol.

ImageNet100-13 ImageNet100-100

Method ‘ Avg Last ‘ Avg Last
iCaRL [38] 19.89 12.88 30.78 16.68
NNCSL [23] 42.19 33.64 56.78 53.84
iCaRL&Fix [17] 26.37 15.58 37.49 21.02
+DSGD [17] 28.35 19.14 50.53 32.10
+ USP (Ours) 4391 35.40 56.84 50.36
DER&Fix [17] 35.40 29.22 61.96 5291
+DSGD [17] 35.73 31.53 62.27 52.82
+ USP (Ours) 46.09 39.58 62.29 55.01

200 epochs with a 10-epoch warm-up followed by a cosine
scheduler to reduce the learning rate. For few-shot SSCL,
we follow the settings of UaD-CIE [12] for the training pa-
rameters (see Sec. A.2 of supplementary for details).

Baselines. For SSCL tasks, we primarily consider pub-
lished SSCL methods, including the previous SOTA meth-
ods: DSGD [17] and NNCSL [23], as well as classic meth-
ods like CCIC [4] and ORDisCo [46]. Our main com-
petitors is DSGD [17]. For a fair comparison, we adopt
the same base SSCL learners (i.e., iCaRL&FixMatch and
DER&FixMatch). Additionally, we consider converting
traditional fully-supervised CL methods to SSCL setting for
reference. Specifically, this adaptation involves using only
labeled data during training and discarding all unlabeled
data. We apply this approach to classic methods like iCaRL
[38] and DER [52]. For few-shot SSCL task, we primar-
ily compare against the previous SOTA method, UaD-CIE
[12], and include several baselines used in its original paper.

4.2. Main Results

CIFAR-10 and CIFAR-100. We first report the results of
different methods on CIFAR-10 and CIFAR-100 in Tab. 1.
USP achieves the best performance across nearly all set-
tings, showing even more pronounced advantages on the
more challenging CIFAR-100. Both USP and DSGD are
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Table 3. Performance comparisons on 11-task CUB. We provide the test accuracy on different tasks and average accuracy. We replace
UaD-CIE’s uncertainty-based distillation with CUD and incorporate FSR and CUP into its training pipeline. For fairness, we use the
official code of UaD-CIE to build USP on top of it and report the results based on our re-run of UaD-CIE.

Method Task ID Avg

1 2 3 4 5 [3 7 8 9 10 11
SS-iCaRL [10] 69.89 61.24 55.81 50.99 48.18 46.91 43.99 39.78 37.50 34.54 31.33 47.29
SS-NCM [10] 69.89 61.91 55.51 51.71 49.68 46.11 42.19 39.03 37.50 34.54 31.33 47.33
SS-NCM-CNN [10] 69.89 64.87 59.82 55.14 52.48 49.60 47.87 45.10 40.47 38.10 35.25 50.78
Semi-SPPR [62] 638.44 61.66 57.11 53.41 50.15 46.68 44.93 43.21 40.61 39.21 37.43 49.34
Semi-CEC [55] 75.82 71.91 68.52 63.53 62.45 58.27 57.62 55.81 54.85 53.52 52.26 61.32
Us-KD [11] 74.69 71.71 69.04 65.08 63.60 60.96 59.06 58.68 57.01 56.41 55.54 62.89
UaD-CIE [12] 75.87 73.05 69.50 65.61 64.37 61.84 61.49 58.93 56.95 56.21 55.66 64.33
+ USP (Ours) 78.21 74.48 71.81 68.16 67.58 64.77 62.87 62.27 59.97 60.10 60.55 66.43

Table 4. Base and novel classes accuracy on 11-task CUB. Base classes refer to the classes used for fully supervised training on the first
task, while novel classes refer to non-base classes trained on in subsequent tasks.

Task ID

Method Classes Avg
1 2 3 4 5 6 7 8 9 10 11
$S-CaRL [10] Base 69.89 6232 60.62 5899 5859 5777  59.88 5621 5446 5054 4611 5776
Novel - 5322 3238 2407 2276 2334 1758 1640 1639 1613 1632  23.86
Base 69.89 6580 6497 6379 6381  61.08 6524 6373 5877 5574  51.88  62.24
SSNCM-CNNTIOL - Novel - 5637 3470 2603 2404 2468 1904 1860 1770 1779 1836 2574
UaD-CIE [12] Base 7587 7458 7409 7346 7224 7168 7133 7050 7015 6927 6913  72.03
- Novel - 5735 4629  39.58 4502 4254 4537 4275 4082 4198 4249 4442
+ USP (Ours) Base 7821 7500 7413 7336 7242 7074 6899 6844 6725 6662 6666  71.07
Novel . 69.18  60.07 5093 5567 53.08 5286 53.64 5107  53.00 5457 5541
. . . . 100
based on distillation, but on CIFAR-10/-100, USP achieves % 100« R r\ X
. . = DN T
an approximately 1-6% higher A 4,4 and Arqs: than DSGD SRR =% a\a ‘
. . qs z RN = |
using the same SSCL learner. These results indicate that g \:\ NS rrre Z 80 A\
- . 3 DX TS S B L |
USP is overall more robust than DSGD, specifically demon- 260 Nl I R o IV
. . . . g o N
strating a significant advantage in stability. : S ‘3” — 60
ImageNet-100. The results on ImageNet-100 are shown in USP (0w PoraE o pNCM —o R I
Tab. 2, where it can be seen that USP significantly outper- o Etar =0, £igg =S WO Laud USP(Ous) e T-CLS  —o- TNCM
forms DSGD in both average accuracy and final task ac- (a) Training phase (b) Testing phase

curacy. As with the results on CIFAR, USP demonstrates
a more pronounced advantage when the amount of labeled
data is smaller, indicating higher efficiency in utilizing un-
labeled data. Notably, compared to DSGD, USP shows a
smaller difference between the average and the final ac-
curacy under the same task settings, suggesting that USP
achieves more stable performance across different training
task and is better at mitigating forgetting than DSGD.

CUB. The results on CUB are shown in Tab. 3. We con-
duct experiments on CUB following few-shot SSCL set-
ting, comparing USP with the sota method UaD-CIE. USP
can effectively improve the performance of UaD-CIE. To
further illustrate USP’s effectiveness, we report base class
and novel class accuracies across different training task, in
Tab. 4. We observe that our method shows only a slight drop
in base class accuracy compared to UaD-CIE (0.96%), yet
achieves a substantial improvement in novel class accuracy
(10.99%). UaD-CIE mitigates forgetting in base classes by
applying uncertainty-based loss weighting to corresponding
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Figure 4. Ablation studies on the main components of USP. The
experiments are conducted on CIFAR-10 with 30 labels per class.

labeled samples. In contrast, USP leverages unlabeled sam-
ples and employs CUD distillation strategy to support old
class learning. This effective distillation allows us to fur-
ther enhance novel class learning through our DCP.

In addition to the standard settings, more realistic SSCL
settings are provided in Sec. B.1 of supplementary.

4.3. Ablation Analysis and Discussions

We perform extensive ablation studies on the components
and training strategies of USP. By default, our experiments
are all based on iCaRL&Fix. More ablations on distilla-
tion methods (Sec. B.2.2), hyper-parameters (Sec. B.2.3),
backbones/pre-training (Sec. B.2.4) and different memory
buffer sizes (Sec. B.3) can be found in the supplementary.
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Figure 5. Pseudo-label accuracy of different pseudo-labeling strategies on CIFAR100-20. The y-axis represents the pseudo-label accuracy,
and the x-axis represents the number of training epochs. We present the results for different training tasks.

Ablation on Method Components. We conduct ablation
experiments on the main components of USP. With the ba-
sic SSCL learner training objective, USP incorporates the
ETF-based feature space reservation (FSR) loss L, the
unsupervised training loss £ . with our divide and con-
quer pseudo-labeling (DCP) strategy, and the class-mean-
anchored unlabeled distillation (CUD) loss L.uq. To ex-
amine the effects of these modules, we ablate these losses,
which is denoted as “wo. Lgg,”, “wo. L] . and “wo.
Lcua”, respectively. As shown in Fig. 4a, each compo-
nent of USP contributes to improved model performance,
with the DCP strategy having the most substantial impact
on USP performance. To further investigate this, we con-
duct additional experiments by replacing DCP with alterna-
tive approaches: a classifier-based pseudo-labeling strategy
(“P-CLS”), an NCM-based pseudo-labeling strategy (“P-
NCM”), and a hybrid strategy where high-confidence sam-
ples use NCM pseudo-labels while low-confidence samples
use classifier pseudo-labels (“P-R”). All these replacements
lead to varying degrees of performance degradation, with P-
R showing the most substantial decline, further underscor-
ing the rationale behind our DCP. In Fig. 5, we further ex-
periment to illustrate the reasons for its effectiveness. Ad-
ditionally, we perform an ablation study on DCP used in
testing phase. Fig. 4b presents results for classifier-only in-
ference (“T-CLS”’) and NCM-only inference (“T-NCM”) in
isolation. Our DCP again achieves the best performance.
While the improvement over NCM alone is not substantial,
our strategy is a “free lunch” benefit.

Effect of Pseudo-Labeling Strategy. To demonstrate the
effectiveness of DCP, we present the pseudo-label accuracy
across different tasks on CIFAR100-20 in Fig. 5, compar-
ing DCP with the traditional classifier pseudo-labeling strat-
egy. Considering DCP fully utilizes unlabeled data, for a
direct comparison of pseudo-label quality, we do not apply
a confidence threshold to the classifier pseudo-labeling ap-
proach (see Tab. 7 of supplementary for more comparison
with thresholded pseudo-labeling). In the first task, our ac-
curacy is comparable to the classifier’s. However, as train-
ing progresses, DCP significantly outperforms the classifier,
with an increasing advantage in later tasks.
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Figure 6. Average accuracy on CIFAR10-30 with different values
of each loss weight (i.e., Afsr, Auns and Acuq)-

During incremental training, the classifier faces stability-

plasticity trade-offs, resulting in performance degradation.
In contrast, the NCM classifier, leveraging feature similar-
ity, is less affected by incremental training and achieves
higher accuracy on low-confidence samples. DCP effec-
tively combines the strengths of both methods, enhancing
overall pseudo-label accuracy. To illustrate this, we re-
port the pseudo-label accuracy of both approaches on low-
confidence samples (confidence < 7), where the NCM’s
higher accuracy affirms the rationale behind DCP.
Loss Weights. We traverse the values of {0.1,0.5,1,1.5,2}
to separately set the each weights (i.e., Afsr, Auns, and
Acua) While keeping the other two weights fixed at 1.0. We
report the average incremental accuracy of the model on
CIFAR10-30 under different weight coefficients, as shown
in Fig. 6. The model achieves the best performance when
the weights are set to 1.0, and we observe that the model’s
final performance fluctuates within 2% across different
weight coefficients, indicating that our method is not sen-
sitive to the choice of weight coefficients.

5. Conclusion

We propose a divide-and-conquer SSCL framework called
USP, comprising three main components: (1) ETF-based
feature space reservation (FSR) strategy for learning plas-
ticity; (2) divide-and-conquer pseudo-labeling (DCP) ap-
proach for unlabeled learning; and (3) class-mean-anchored
unlabeled distillation (CUD) for memory stability, which
are designed to synergistically enhance the SSCL model.
In future work, we plan to adapt our USP into more SSCL
paradigms to further contribute to the community.
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