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Abstract

Continual learning (CL) enables models to adapt to
new tasks and environments without forgetting previously
learned knowledge. While current CL setups have ignored
the relationship between labels in the past task and the
new task with or without small task overlaps, real-world
scenarios often involve hierarchical relationships between
old and new tasks, posing another challenge for traditional
CL approaches. To address this challenge, we propose a
novel multi-level hierarchical class incremental task con-
figuration with an online learning constraint, called hier-
archical label expansion (HLE). Our configuration allows
a network to first learn coarse-grained classes, with data
labels continually expanding to more fine-grained classes
in various hierarchy depths. To tackle this new setup, we
propose a rehearsal-based method that utilizes hierarchy-
aware pseudo-labeling to incorporate hierarchical class in-
formation. Additionally, we propose a simple yet effective
memory management and sampling strategy that selectively
adopts samples of newly encountered classes. Our experi-
ments demonstrate that our proposed method can effectively
use hierarchy on our HLE setup to improve classification
accuracy across all levels of hierarchies, regardless of depth
and class imbalance ratio, outperforming prior state-of-the-
art works by significant margins while also outperforming
them on the conventional disjoint, blurry and i-Blurry CL
setups.

1. Introduction

In real-world continual learning scenarios, new knowl-
edge often augments existing understanding, typically fol-
lowing a hierarchical path from general to specific classes.
This hierarchical structure is not an anomaly, but rather an
inherent part of many disciplines. The schema theory [9; 43]
in cognitive psychology and the conceptual clustering the-
ory [28] in machine learning both emphasize hierarchical
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organization of knowledge. The COBWEB algorithm [20],
a prominent machine learning method, uses hierarchical
clustering for grouping related instances into meaningful
categories. Hierarchical organization is also observed in bi-
ology’s taxonomy theory [8], classifying organisms based
on shared traits, and in chemistry [27], where elements are
arranged hierarchically according to their atomic proper-
ties. However, despite the prevalence of hierarchical rela-
tionships in these areas, many previous continual learning
works [3; 5; 6; 31] do not fully incorporate these relation-
ships. This may be an area that needs more attention, as
hierarchical relationships could play a role in knowledge
evolution in incremental learning.

Here we introduce a novel CL setup called Hierarchi-
cal Label Expansion (HLE), designed to account for hier-
archical class relationships in task-free online CL. In HLE,
class learning is incremental, with fine-grained classes de-
rived from prior coarse-grained ones, effectively mirroring
real-world knowledge accumulation. As our proposed ap-
proach is designed for online continual learning, where data
is seen only once in the data stream, each task’s data is dis-
joint. We assess our models’ performance using any-time
inference [31] and evaluate classification accuracy for all
levels of hierarchy. This demonstrates the potential of our
approach to complement existing CL methods and enhance
their evaluation. HLE encompasses both single and multi-
ple hierarchy depths, as well as balanced and imbalanced
class data scenarios. To tackle the CL on HLE, we propose a
new CL method that utilizes pseudo-labeling based memory
management (PL) and flexible memory sampling (FMS).
This method effectively exploits hierarchy information be-
tween class labels in the dataset, resembling how knowl-
edge is accumulated in real-world scenarios. Extensive ex-
periments demonstrate that our approach outperforms state-
of-the-art methods by substantial margins in HLE, while re-
maining superior in performance on existing CL setups in-
cluding disjoint, blurry [5] and i-Blurry [31].

We summarize our contributions as follows:

1. We propose new online class-incremental, hierarchy-
aware, task-free CL setups called HLE, designed to
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Figure 1. Comparison sketch between conventional, blurry, and our HLE setups. (a) Conventional task-free online CL setup gradually
introduces new classes and classifies data without task identification (b) Blurry task-free online CL setup where classes are divided into
major and minor categories at each task, with varying proportions, leads to unclear task boundaries (c) Proposed HLE CL setup features
class label expansion where child class labels are added to parent class labels throughout the learning process.

simulate how knowledge is accumulated in real-world
scenarios.

2. We propose a new online CL method, PL-FMS, that
consists of pseudo-labeling (PL) based memory man-
agement and flexible memory sampling (FMS) to bet-
ter exploit hierarchy information and address the HLE
setup.

3. We evaluate our approach on CIFAR100, Stanford-
Cars, iNaturalist-19, and a novel dataset named
ImageNet-Hier100, demonstrating that our method
outperforms prior state-of-the-art works by significant
margins on HLE while still outperforming them on the
existing disjoint, blurry and i-Blurry CL setups.

2. Related Work

Continual learning setups. Continual Learning (CL)
setups can be classified into three categories: task-
incremental, class-incremental, and domain-incremental
learning setups [15; 46]. Our work focuses on the class-
incremental learning setting proposed by [40], where task
identity is not given during inference, and the model is re-
quired to solve each task seen so far and infer which task it
is presented with. CL setups can be classified as either on-
line [4; 19; 24; 26] or offline [2; 12; 38; 40; 44]. Our work
focuses on the more challenging online CL setup where
streamed samples are only used once, compared to the of-
fline CL setup where data from each task can be used mul-
tiple times to train the model. CL setups can also be catego-
rized as task-free [1; 3; 34] or task-based [18; 35; 44; 45].
Our work focuses on the former, where the model contin-
uously learns and adapts to incoming data without explicit
task information, unlike the latter where the model is in-
formed about the tasks it must learn and adapt to.

Despite the considerable attention given to enhancing
CL methods, their evaluation has been limited to rather
restricted CL settings. To address this, novel CL setups
with blurry task boundaries and corrupted labels in data
stream [5; 6; 31] have been proposed. A CL setup where
classes are shared across tasks and presented sequentially as
a stream with limited access to previous data was proposed
by [5], while [6] suggested an online blurry CL setup with
noisy labels. Recently, a new setup called ‘i-Blurry’ [31]
has been proposed, which combines the advantages of both
blurry and disjoint setups by allowing continuous encoun-
ters of overlapping classes without suffering from restric-
tions of blurry and disjoint. However, earlier works all as-
sumed independent class labels, which is often not the case
in reality. Our work proposes a complementary CL setup
that models hierarchically correlating relationships between
labels for online learning depicted in Figure 1.

Hierarchical classification. Various studies have uti-
lized data’s hierarchical structure to enhance tasks like
image classification [7; 10; 29], multi-label classifica-
tion [49], object recognition [41], and semi-supervised
approaches [22; 48]. The hierarchical taxonomy is typ-
ically employed through label-embedding, hierarchical
architecture-based, and hierarchical loss-based methods.

The label-embedding method maps class labels to vec-
tors to represent semantic relationships and optimizes a loss
on these embedded soft vectors. DeViSE [21] maximizes
the cosine similarity between image and label embeddings.
It maps target classes to a unit hypersphere and penalizes
the output that is more similar to false label embeddings
using a ranking loss. Liu et al. [36] use hyperbolic geom-
etry to learn hierarchical representations and minimize the
Poincaré distance between Poincaré label embeddings and
image feature embeddings, similar to DeViSE.

Hierarchical architecture-based methods incorporate

11762



Figure 2. An illustration of two HLE scenarios. (a) In single-depth scenario, fine-grained classes grow horizontally from coarse-grained
ones within the same level. (b) In multiple-depth scenario, classes grow vertically from coarse to fine across different hierarchy levels.

class hierarchy into the classifier architecture. Wu et al. [50]
jointly optimize a multi-task loss function with cross-
entropy loss applied at each hierarchy level. Redmon et
al. [41] propose a probabilistic model, YOLOv2, for ob-
ject detection and classification, with softmax applied at
every coarse-category level to address the mutual exclu-
sion of all classes in conventional softmax classifier. Chang
et al. [10] propose a multi-granularity classification archi-
tecture that uses level-specific classifiers to optimize fine-
grained and coarse-grained recognition separately and im-
prove fine-grained classification performance.

Hierarchical loss-based method incorporates hierarchi-
cal class relationships into the loss function and penalizes
incorrect predictions while encouraging those that follow
the hierarchy. Deng et al. [16] directly minimized the ex-
pected WordNet LCA height using kNN- and SVM-based
classifiers, while Zhao et al. [53] modified multi-class lo-
gistic regression and added an ‘overlapping-group lasso
penalty’ to encourage the use of similar features for closely
related classes. Bertinetto et al. [7] proposed the hierarchi-
cal cross-entropy approach, where the loss function is based
on conditional probabilities given parent-class probabilities.

3. Hierarchical Label Expansion
In this section, we introduce our proposed HLE setup and

present its configurations. Section 3.1 details the setup for-
mulation, where the model is provided with samples only
for the classes belonging to a single hierarchy level for
each task. Section 3.2 describes the construction of single
and multiple hierarchy depth scenarios in HLE to observe
knowledge expansion at different levels.

3.1. Hierarchical CL Configurations

Our HLE setup involves task-free online learning, where
the model incrementally learns classes from various hi-
erarchies both vertically and horizontally, agnostic to the
task boundaries. The model is presumed to first learn
coarse-grained classes, followed by fine-grained classes.
Figure 1(c) provides an overview of the HLE setup.

Formally, we consider the model encounters a stream of
data points denoted by T = ((x1, y1), (x2, y2), · · · ), where
(xj , yj) is sampled from a data distribution DX×Y, xj ∈ X
is the jth input (image) for the model, and yj ∈ Y is the
class label of xj . Often, the sequential tasks with the index
k can divide the data stream T into disjoint sub-sequences

T1, T2, · · · , where Tk = ((xj , yj))
t(k+1)−1
j=t(k) and t(k) is the

start sample index for the k-th task. We define the class sub-
set for the k-th task as Yk ⊆ Y, which represents the set of
classes that the model encounters during the kth-task. The
conventional CL usually assumes that the sampling distribu-
tion varies over time and the sampling distributions for tasks
are mutually exclusive, i.e., Yk∩Yl = ∅ for k ̸= l. However,
there exist numerous scenarios where more practical con-
texts need to be taken into account for reality. For example,
the i-Blurry CL setup [31] assumes that each task has both
shared subset of classes Ys, trained throughout the learning
process, and disjoint subset of classes Yd

k, trained only at a
specific task. For this case, the class subset Yk is defined as
Yk = Ys ∪ Yd

k, which implies that Yk ∩ Yl = Ys ̸= ∅.
In a different direction to complement existing CL se-

tups, our HLE allows more structures on Y by construct-
ing a label relation between classes in Y. Specifically, we
consider that Y consists of classes from H levels, so Y =⋃H

h=1 Yh and Yh ∩ Yh
′

= ∅ where Yh is the label subset
whose hierarchy level is h. By h, the smaller value of h rep-
resents the hierarchy level for more coarse-grained classes.
In the HLE setup, each task conducts the label expansion
for a subset of classes in level h to their fine-grained classes
in level (h+1). That is, the labels are expanded by one level
during a task. Let Yh

k ⊆ Yh be the label subset for level h
that has been trained by the model until the k-th task. For the
(k+1)-th task, a subset Ȳh

k+1 of Yh
k is selected to be newly

expanded to a set of their fine-grained classes Yh+1
k,new, result-

ing in Yk = Yh+1
k,new. To handle multiple hierarchy levels,

our model consists of an encoder f for feature embedding
and multiple classifiers {gh}Hh=1, each corresponding to a
hierarchy level. Specifically, gh(f(x)) predicts the classes
within level h encountered until the current iteration. Re-
gardless of its hierarchical position, each input is assigned
a single label during training, and the model remains un-
aware of the hierarchy among classes. The hierarchy level
is instead given as a soft hint to the model.

3.2. Hierarchical CL Depth Scenarios

Our HLE setup includes two scenarios: single-depth and
multiple-depth scenarios (existing setups are 0-depth), for
hierarchical label expansion as depicted in Figure 2. In
the single-depth scenario, incremental learning is observed
horizontally within the same hierarchy level, while in the
multiple-depth scenario, new classes are introduced with in-
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Figure 3. Sketch of our proposed method, PL-FMS’s two components: PL and FMS. (a) Pseudo-Labeling based memory management
(PL) outlines the method of discarding a data sample, which will be replaced with incoming data, based on its effect on reducing loss,
irrespective of its label’s nature (true or pseudo)..(b) Flexible Memory Sampling (FMS) shows formation of the training batch by filtering
and compensating data samples.

creasing levels of specificity vertically. For the single-depth
scenario, the model learns for all parent classes at the first
task and partially expands them through subsequent tasks.
The single-depth scenario involves horizontal incremental
learning within the same hierarchy level, starting with par-
ent classes and broadening them in following tasks. This
scenario is further explored through dual-label (overlapping
data) and single-label (disjoint data) setups, as detailed in
Table 1. In the multiple-depth scenario, the model’s ability
to learn and expand hierarchical knowledge is tested while
navigating complex vertical hierarchies by increasing the
hierarchy level of classes to be learned for subsequent tasks,
meaning that the model learns for classes of hierarchy level
h at the hth-task.

4. Pseudo Labeling-based Flexible Memory
Sampling (PL-FMS)

In this section, we introduce our method which employs
a rehearsal-based incremental learning approach, where
models are trained using previously seen data from a stream
buffer. Our method incorporates pseudo-labeling to fully
utilize the hierarchical class relationship and a memory
sampling strategy to flexibly build the training batch from
stored and incoming data. Further details on our method’s
two main components, Pseudo-Labeling (PL) based Mem-
ory Management and Flexible Memory Sampling (FMS),
are followed in sections 4.1 and 4.2, respectively.

4.1. Pseudo-Labeling based Memory Management

We introduce a novel memory management strategy that
uses the model’s predictions to generate pseudo-labels for
each hierarchy level in our HLE setup, as shown in Figure
3(a). This strategy is referred to as Pseudo-Labeling (PL)

based memory management.
Basically, it first finds the modal label that are the most

frequent in memory for class balance [5; 31; 38]. Let M
be the memory that stores samples from the data stream
and My = {(xn, yn) ∈ M|yn = y} be the subset of the
memory whose samples belong to the class y. For rehearsal-
based method, we need to remove a sample from the mem-
ory to accept a new sample once |M| reaches the maximum
memory size. To achieve this, we identify the class with the
highest number of samples in the memory, which we de-
note as ȳ = argmaxy |My|. Prior works [5; 31; 38] have
typically removed samples only from Mȳ . To further im-
prove the efficiency, we propose to consider samples from
other classes hierarchically related to ȳ. To do so, we use
the class probability predicted by the network, denoted as
ph(x) = σ(gh(f(x))) ∈ R|Yh| for level h, where σ(·) is the
soft-max function.

We use the model to predict classes that are hierarchi-
cally related to ȳ. We do this by accumulating the model’s
predictions for samples in Mȳ for all levels, except for the
level of ȳ. The classes with the most predictions for each
level are then identified, defined as:

ŷh(Mȳ) = arg max
y∈Yh

∑
(x,ȳ)∈Mȳ

1y(x), (1)

where 1y(x) is an indicator function defined as:

1y(x) =

{
1, y = argmaxi phi (x)

0, otherwise.

In other words, the class at level h that has the most pre-
dictions in Mȳ is deemed as the class hierarchically related
to ȳ. By using the predicted classes for the other levels, we

11764



construct an index set of candidate samples to be removed
from the memory as:

Iȳ = {j|(xj , yj) ∈ Mȳ ∪
H⋃

k=0,k ̸=h

Mŷk}. (2)

To determine the index of a sample to remove, we adopt
the sample-wise loss importance value, Hn, introduced by
[31]. Specifically, Hn is computed as:

Hn = L(θ)− L(θn),

where L(θ) =
∑

(x,y)∈M l(x, y; θ) is the averaged loss in
the memory and θn = θ − ∇θl(xn, yn; θ). By using the
loss importance value, we find the index ĵ of the sample to
remove whose measured importance is the least:

ĵ = arg min
j∈Iȳ

Hj . (3)

That is, we measure the decrease in loss for each sample
during training and subsequently removes the data from the
memory whose loss decrease is the least.

4.2. Flexible Memory Sampling (FMS)

Prior rehearsal-based methods [13; 26; 39; 51] proposed
directly including the stream buffer in training, leading to
bias toward the data stream distribution and negatively im-
pacting the model’s performance. Using only memory sam-
ples for training was also suggested by [31], but it limited
adaptability to new classes. To balance the usage of memory
and data stream, we propose Flexible Memory Sampling
(FMS), a simple yet effective sampling strategy that flex-
ibly adjusts the number of stream samples in the training
batch. The apporach is depicted in Figure 3 (b).

To construct a training batch Bt at iteration t, ER utilizes
all samples in the stream buffer St and takes samples from
the memory in an amount equal to |St|, which results in
|Bt| = 2|St|. Unlike ER, FMS randomly excludes samples
from St in the training process. Let Tc be the iteration when
the class c has been encountered for the first time. Then, we
selectively include stream samples of class c with increas-
ing probability as t−Tc gets larger, gradually adopting new
classes from the stream buffer. In proportional to the value,
the probability to include a stream sample of class c is de-
termined by a Bernoulli distribution for each class as:

ρt(c) ∼ Ber
(

min
(
t− Tc

T
, 1

))
, (4)

where T is a hyper-parameter that adjusts how fast the net-
work adopts the stream samples for training. Therefore, it
resembles the memory-only training of [31] immediately
after encountering new classes, while it becomes more like
the sampling approach of ER as t− Tc gets larger.

By combining those two strategies, we call our proposed
method Pseudo Labeling-based Flexible Memory Sampling
(PL-FMS). A detailed description of the algorithm for PL-
FMS can be found in the supplementary material.

5. Experiments

5.1. Experimental Setups

Datasets. We evaluate the Hierarchical Label Expansion
(HLE) setup with a single-depth scenario on three datasets:
CIFAR100 [33], Stanford Cars [32], and a newly con-
structed dataset called ImageNet-Hier100. CIFAR100 and
Stanford Cars datasets each have 2 levels of hierarchy, with
a total of (20,100) classes and (9,196) classes, respectively.
The hierarchical taxonomy provided in each dataset was
followed for the experiments. Additionally, we artificially
constructed the ImageNet-Hier100, which is a subset of Im-
ageNet [17] based on the taxonomy of WordNet [37]. This
dataset also has 2 levels of hierarchy with a total of (10,100)
classes. Details on the curation of ImageNet data to con-
struct ImageNet-Hier100 dataset are available in the sup-
plementary material.

We evaluate the HLE setup with a multiple-depth sce-
nario on two datasets: CIFAR100 [33] and iNaturalist-
19 [47]. For CIFAR100, we follow the hierarchical taxon-
omy as described in [23], where the dataset has 5 levels of
hierarchy with (2, 4, 8, 20, 100) classes, excluding the root
node. For iNaturalist-19, we use the taxonomy in [7], where
the dataset has 7 levels of hierarchy with (3, 4, 9, 34, 57, 72,
1010) classes, excluding the root node. Notably, only the
iNaturalist-19 dataset is class-imbalanced among the two
datasets. Further details regarding the number of classes in-
troduced at each task, dataset characteristics are available in
the supplementary material.
Baselines. To provide a baseline for our method, we
compare it with a range of previous works. We com-
pare our rehearsal-based methods with previous works that
were conducted under conventional CL setup, including
ER [42], EWC++ [11], and MIR [39]. We also com-
pare our rehearsal-based methods with works that were
used in recently proposed CL setup, including RM [5] and
CLIB [31]. For regularization-based methods, we compare
our methods with BiC [51] and GDumb [38]. In the single-
depth scenario, we evaluated all baseline methods, while in
the multiple-depth scenario, we excluded MIR and GDumb
as GDumb had the lowest performance and MIR had similar
performance to ER, EWC++, and BiC. Further details about
the experimental setup are available in the supplementary
material.
Scenarios. We conducted experiments in two scenarios: a
single-depth hierarchy level and a multiple-depth hierarchy
level, as detailed in Section 3.2 and illustrated in Figure 2.
Our HLE setup assumes disjoint data between tasks and is
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Methods

Single-Label Scenario Dual-Label Scenario

CIFAR100 ImageNet-Hier100 Stanford Cars CIFAR100 ImageNet-Hier100 Stanford Cars

H=1 H=2 H=1 H=2 H=1 H=2 H=1 H=2 H=1 H=2 H=1 H=2

ER 37.8±2.06 31.3±0.78 73.4±1.91 55.7±1.87 28.4±0.73 4.01±0.06 42.0±0.57 25.5±0.33 78.8±0.82 57.2±1.89 37.8±0.72 3.53±0.44

EWC++ 34.3±0.68 27.1±0.80 73.4±0.99 54.0±1.34 27.9±0.74 3.42±0.33 39.9±2.26 23.3±1.93 76.3±1.20 53.0±3.32 38.3±0.47 3.17±0.36

BiC 38.8±0.41 33.4±1.41 72.5±0.09 58.7±0.78 27.1±1.08 3.05±0.29 42.1±1.06 28.0±1.01 77.7±1.24 60.4±0.30 36.5±1.04 3.26±0.34

MIR 35.0±1.47 28.6±0.18 74.5±0.90 57.3±1.93 28.6±1.09 4.50±0.44 42.4±0.95 26.2±1.79 78.5±0.57 56.0±2.25 43.1±1.18 5.02±0.74

RM 39.3±0.83 25.9±0.89 69.7±0.27 61.0±0.86 16.5±4.05 2.83±0.64 38.2±0.76 25.7±1.12 71.5±0.73 63.1±0.89 18.1±2.54 3.29±0.28

GDumb 26.2±0.87 18.6±0.09 53.4±1.18 37.2±0.33 16.6±2.31 4.50±0.12 25.7±0.83 18.5±1.11 59.2±0.54 42.3±0.54 15.0±1.40 4.06±0.33

CLIB 38.4±0.58 32.6±0.59 64.6±0.72 49.4±1.32 20.8±2.08 4.52±0.78 44.5±0.87 37.1±0.20 71.3±0.76 55.4±0.35 19.1±4.30 3.83±0.78

PL-FMS 43.7±0.13 36.4±0.62 77.8±1.32 64.6±0.97 30.7±4.39 13.2±0.29 49.0±0.19 39.5±0.64 79.5±0.54 67.2±0.41 42.0±3.59 26.8±3.27
Table 1. Experimental results of baseline methods and our proposed method evaluated on HLE setup for single-depth hierarchy scenario
in CIFAR100, ImageNet-Hier100, and Stanford Cars. Dual-label means overlapping data between tasks, and single-label means disjoint
data between tasks. Classification accuracy on hierarchy level 1 and 2 at the final task (%) was measured for all datasets, and the results
were averaged over three different random seeds.

Figure 4. Any-time inference results on CIFAR100 and Stanford
Cars datasets for single-depth hierarchy. H=1 is parent classes and
H=2 child classes. Task index 1 receives parent class labeled data
and subsequent indexes receive child class labeled data. Each data
point shows average accuracy over three runs (± std. deviation).

primarily evaluated under the single-label scenario. How-
ever, as described in Section 3.2, we also conducted experi-
ments under a dual-label scenario for the single-depth hier-
archy level, where data had labels for both hierarchy levels.
Evaluation metrics. We employ two primary evaluation
metrics in our study: final classification accuracy for all hi-
erarchy levels and any-time inference. Classification accu-
racy at the final task is a commonly used metric in evalu-
ating continual learning methods, as demonstrated in previ-
ous works [11; 25; 46]. This metric measures the model’s
accuracy after all tasks have been learned as reported in the
experimental tables. We also use any-time inference, as rec-
ommended in [31], to assess the model’s performance at
any given time, crucial for observing knowledge expansion
in our task-free setup. We report final accuracy in tables and
any-time inference in figures for clarity over time. More de-
tails on these metrics are in the supplementary material.
Implementation details. We implemented prior work us-

ing the [31] codebase, and applied AutoAugment [14] and
CutMix [52] as per their setup, but modified CutMix to
mix samples only from the same hierarchy level to pre-
serve the label distribution. We used ResNet34 as the base
feature encoder across all methods, and adjusted batch
sizes and update rates for each dataset: CIFAR100 (16, 3),
ImageNet-Hier100 and iNaturalist-19 (64, 0.25), Stanford
Cars (64, 0.5). Memory sizes were 1000, 2000, 5000, and
8000 for Stanford Cars, CIFAR100, ImageNet-Hier100, and
iNaturalist-19, respectively. All methods except GDumb,
CLIB, and PL-FMS used the Adam optimizer [30] with an
initial learning rate of 0.0003 and an exponential learning
rate scheduler. CLIB and our method used the same sched-
uler following the CLIB codebase. GDumb and CLIB ad-
hered to their original optimization configurations.

5.2. Single-Depth Scenario Analysis

In the single-depth hierarchy scenario, knowledge ex-
pands horizontally within the same hierarchy level, as de-
picted in Figure 2(a). The proposed HLE setup was evalu-
ated on three datasets: CIFAR100 and ImageNet-Hier100,
both class-balanced, and Stanford Cars, a class-imbalanced
dataset, as reported in Table 1 and Figure 4.

Among baseline methods, GDumb consistently showed
the worst performance, while other methods showed vary-
ing performance depending on the dataset and hierarchy
level. In CIFAR100, RM and BiC outperformed other
baseline methods in hierarchy level 1 and 2, respectively.
EWC++ and MIR demonstrated moderate performance
in both hierarchy levels, while CLIB exhibited compara-
ble performance to RM and BiC in hierarchy level 1. In
ImageNet-Hier100, MIR showed the best performance in
hierarchy level 1, while RM exhibited the best performance
in hierarchy level 2. BiC showed moderate performance in
hierarchy level 1, while EWC++ and ER demonstrated sim-
ilar performance in hierarchy level 2. For Stanford Cars,
MIR showed the best performance in hierarchy level 1,
while CLIB performed well in hierarchy level 2. ER and
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Methods
CIFAR100 iNaturalist-19

H=1 H=2 H=3 H=4 H=5 H=1 H=2 H=3 H=4 H=5 H=6 H=7

ER 71.5±4.44 58.4±4.58 36.6±4.78 18.1±4.28 7.47±1.61 84.9±6.03 84.9±0.68 59.8±15.5 29.3±3.28 17.8±3.95 13.0±3.95 1.50±0.77

EWC++ 70.9±2.83 56.6±4.26 35.8±5.93 15.8±3.94 6.43±1.28 87.4±2.38 80.7±1.19 66.1±9.80 29.4±4.48 18.1±6.53 15.1±5.73 1.88±1.15

BiC 71.6±1.01 63.5±2.48 54.7±0.61 33.8±0.41 19.8±0.78 79.5±14.4 76.3±12.1 54.0±27.4 22.9±10.3 14.8±9.88 11.2±7.78 1.34±1.41

RM 74.2±3.99 65.0±4.18 50.9±1.40 37.6±0.60 24.5±2.54 74.0±5.57 69.7±4.21 54.4±2.20 40.7±1.15 37.4±0.85 35.1±0.44 11.3±0.33

CLIB 70.6±4.05 59.5±1.22 47.6±5.06 32.6±1.76 22.5±2.08 87.2±2.26 81.3±4.78 62.4±4.10 41.5±0.97 35.3±0.70 33.2±1.19 8.07±0.94

PL-FMS 74.5±4.63 65.6±3.34 56.0±3.66 42.7±1.79 30.8±1.54 86.1±3.15 88.4±3.79 70.6±3.17 49.6±2.42 43.9±1.86 41.3±2.57 13.6±0.28
Table 2. Experimental results reported for baseline methods and our proposed method evaluated on the HLE setup for the multiple-depth
hierarchy scenario in CIFAR100 and iNaturalist-19. The classification accuracy on all hierarchy levels at the final task(%) was measured
for all datasets, and the results were averaged over three different random seeds.

Figure 5. Any-time inference results on CIFAR100 dataset for multiple-depth hierarchy. H=1 represents the coarsest level and H=5
represents the finest level of class hierarchy. The dotted line represents the point at which the model is fully given the task data for the
corresponding task index. The reported data points represent the average accuracy over three runs (± std. deviation).

BiC displayed similar performance in hierarchy level 1,
while GDumb and RM exhibited the lowest and similar per-
formance. In hierarchy level 2, all baseline methods showed
similar performance, with overall accuracy between 3%
and 5%. Our proposed method, PL-FMS, outperformed ev-
ery baseline method in all single-label scenarios, with the
largest improvement seen in the class-imbalanced dataset. It
is worth noting that RM is a task-aware learning method that
has demonstrated high performance under the HLE setup.
This is achieved by a two-stage training approach, where the
model is first trained on stream data samples and then fine-
tuned using memory data samples resulting in an upsurge
in performance near task boundaries. BiC includes a bias
correction layer that effectively reduces dataset bias, but
it does not directly improve performance near task bound-
aries. Additionally, MIR has shown significant performance
by selecting high-loss importance samples, which helps to
address the problem of catastrophic forgetting. However,
GDumb consistently exhibits performance decay due to its
fixed regularization coefficient, which limits its ability to
adapt to new tasks.

5.3. Multiple-Depth Scenario Analysis

Our proposed HLE setup was evaluated on two
datasets: class-balanced CIFAR100 and class-imbalanced
iNaturalist-19, with the results reported in Table 2 and Fig-
ure 5. The multiple-depth hierarchy scenario involves ver-
tical knowledge expansion across all hierarchy levels, as
shown in Figure 2 (b). All baseline methods were included
except for GDumb and MIR. GDumb displayed consis-

tently low performance across all datasets and hierarchy
levels in single-depth hierarchy. MIR exhibited similar per-
formance to that of ER and EWC++ in most cases, making
it redundant to report separately.

Our method, PL-FMS outperforms all baseline methods
in CIFAR100, with the performance gap increasing signifi-
cantly from hierarchy level 4 onwards, as reported in Table
2. EWC++ had the lowest performance across all hierar-
chy levels, while ER performed similarly, but slightly bet-
ter. RM and BiC had competing performances until hierar-
chy level 5. Throughout the hierarchy levels, CLIB’s perfor-
mance improved, ranking second among the baselines in the
last hierarchy level. Note that most baseline methods suf-
fer from catastrophic forgetting at all task indexes, but the
most significant performance drop occurs at task boundary
between task 4 and 5, as shown in Figure 5. This is due to
the fact that the sampling strategy used by baseline methods
for training batches fails to consider the biased class dis-
tribution induced by sub-categorization. On the other hand,
PL-FMS and CLIB exhibit only a mild performance drop by
avoiding direct adoption of the stream buffer. PL-FMS out-
performed all baseline methods in iNaturalist-19 except for
level 1, with RM and CLIB showing the best performance in
deeper hierarchy levels. EWC++ performed best only at the
coarsest level and rapidly deteriorated thereafter, while BiC
exhibited the worst performance overall. ER, EWC++, and
BiC exhibited performance decline with increasing hierar-
chy levels, whereas RM and CLIB demonstrated significant
performance improvements in comparison.

In Table 2, we observe a similar performance transition
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across the two datasets. However, at the hierarchy level 7,
other baseline methods except for RM and CLIB show per-
formance near 1%, while RM, CLIB, and our method per-
form much better in the highest hierarchy level with perfor-
mance above 10%. We believe that ER, EWC++, and BiC
exhibit significantly worse performance than RM, CLIB,
and our method because they have not been tested un-
der robust conditions, while RM and CLIB were proposed
under more realistic conditions with blurry task bound-
aries and data streams. These methods are better equipped
to deal with hierarchical knowledge formulation, which
requires capturing common features throughout hierarchy
trees. Overall, we observe that our method performs espe-
cially strongly under class imbalance situations, which is
more similar to real-world scenarios.

Methods Disjoint [4] Blurry [5] i-Blurry [31]
ER 36.6±1.35 24.5±1.79 38.7±0.51

EWC++ 36.7±1.04 24.3±1.20 38.7±1.06
MIR 34.5±0.97 24.0±0.34 38.1±0.69
RM 35.4±1.12 37.8±0.81 36.7±1.32

GDumb 26.3±0.43 25.9±0.08 32.1±0.63
CLIB 38.0±1.44 38.3±0.42 43.4±0.44
FMS 39.2±0.34 41.3±1.98 45.3±1.02

Table 3. Experimental results of baseline and FMS evaluated on
three CL setups: conventional (disjoint), blurry, and i-Blurry. Test
accuracy at the final task (%) was measured for each setup and
averaged over three runs with standard deviation reported.

5.4. Label Regime Analysis

Table 1 presents the results of our experiment on a
single-depth hierarchy, which we conducted under two
scenarios: dual-label and single-label. Our dual-label sce-
nario showed similar trends to the single-label scenario,
with GDumb being the worst-performing method. Baseline
methods that performed well in the single-label scenario
had moderate performance in the dual-label scenario. No-
tably, incorporating the dual-label scenario resulted in an
overall higher performance for the baseline methods in hier-
archy level 1, although this was not consistent for hierarchy
level 2 and varied among methods. Our proposed method,
PL-FMS, consistently showed higher performance in the
dual-label scenario across all datasets and hierarchy levels,
suggesting that it is more adept at capturing hierarchy infor-
mation in such scenarios, while still performing well in the
single-label scenario against baseline methods.

5.5. Prior CL Setups Analysis

Table 3 reports the results of our proposed HLE setup
and baseline methods evaluated on various CL setups. Fig-
ure 1 depicts the difference between HLE and conventional
CL setups. We evaluated the methods on disjoint, blurry [5],
and i-Blurry [31] setups to check for code reproducibility
and to observe whether our method could perform well on

different setups. As reported in [31], CLIB exhibited supe-
rior or competitive performance to the other baseline meth-
ods across all previous setups, especially with large margin
for the i-Blurry setup, since it has design for the i-Blurry
setup. Note that our FMS outperformed CLIB for all the
prior setups, which indicates that our method is not limited
to the suggested HLE setup.

Methods Multiple-Depth Single-Label Dual-Label
H=1 H=2 H=3 H=4 H=5 H=1 H=2 H=1 H=2

Proposed 73.8 65.6 56.0 42.7 30.8 43.7 36.4 49.0 39.5
w/o PL 73.5 61.7 48.2 34.6 23.3 41.3 33.2 46.1 33.9

w/o FMS 71.4 60.5 45.9 30.7 21.5 39.6 31.5 43.8 32.8
Table 4. Ablation study conducted on CIFAR100 to compare the
performance of PL-FMS, with and without the PL and FMS com-
ponents, as well as their combination. Average accuracy across
three runs is reported.

5.6. Ablation Study

In Table 4, we conducted an ablation study to determine
the contribution of each component in our proposed method
for multi-depth, single-label, and dual label scenarios. The
two components, PL and FMS, were evaluated separately
to observe the performance gain achieved by each compo-
nent. Results indicate that PL contributes more to the overall
performance gain compared to FMS. However, when used
together, the two components benefit each other and show
higher performance gain for all scenarios.

Methods Multiple-Depth
H=1 H=2 H=3 H=4 H=5

Oracle 94.6±0.7 92.3±1.2 84.1±0.8 73.5±1.2 61.1±1.4
PL-FMS-T 87.7±0.2 81.9±0.5 69.0±1.7 51.5±2.0 35.2±1.3
PL-FMS 74.5±4.6 65.6±3.3 56.0±3.7 42.7±1.8 30.8±1.5

Table 5. CIFAR100 multiple-depth scenario results (%) across
three runs. ‘Oracle’: All-classes-at-once (offline batch learning,
assuming unlimited access to true class hierarchy labels during
training). ‘PL-FMS-T’: PL-FMS with true class hierarchy labels.

We also compared our method against an oracle result
obtained via offline batch learning on all classes simultane-
ously and an approach leveraging true class hierarchy labels
(PL-FMS-T). As seen in Table 5, our method gains from
scenarios where true class hierarchy is available.

Methods Multiple-Depth Single-Label Dual-Label
H=1 H=2 H=3 H=4 H=5 H=1 H=2 H=1 H=2

T=500 79.0 62.4 52.1 37.2 27.4 40.0 32.8 47.6 36.7
T=1,500 73.0 65.4 50.2 36.4 28.7 38.3 32.8 46.6 36.9
T=5,000 74.5 65.6 56.0 42.7 30.8 43.7 36.4 49.0 39.5
T=15,000 72.7 64.7 50.5 34.6 28.3 41.4 33.5 48.8 38.6
T=50,000 77.9 67.0 52.9 39.0 28.8 39.0 31.7 46.3 34.4

Table 6. Effect of hyperparameter T in Eq. 4 (%) of PL-FMS on
CIFAR100.

Table 6 shows how the hyperparameter T in PL-FMS,
controlling the network’s adaptation speed during train-
ing, affects performance. Choosing a value of 5,000 for T
yielded the highest accuracy, especially in fine-grained hi-
erarchy classes across all scenarios.
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6. Conclusion

In this work, we propose hierarchical label expansion
(HLE), novel hierarchical class incremental task config-
urations with an online learning constraint, that comple-
ment existing CL setups by mimicking knowledge expan-
sion. Then, we propose Pseudo-Labeling (PL) based mem-
ory management and Flexible Memory Sampling (FMS) to
tackle this newly proposed CL setups for fully exploiting
the inherent data hierarchy. Our proposed method outper-
forms prior state-of-the-art works by significant margins on
our HLE setups across all levels of hierarchies, regardless of
depth and class imbalance while also outperforming them
on the previous disjoint, blurry and i-Blurry CL setups.
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