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S1. Algorithms of Pseudo-Labeling based Flex-
ible Memory Sampling (PL-FMS)

In this section, we offer a detailed explanation of the
Pseudo-Labeling based Flexible Memory Sampling. The
details for pseudo-labeling based memory management and
flexible memory sampling can be found in Alg. 1 and Alg.
2 respectively. It is important to note that both algorithms
are executed for every iteration, ensuring that the sampling
process is constantly optimized. In Alg 2, when p;(y) is not
equal to 1, then the sample from the stream data samples
S; is rejected and a sample is randomly selected from the
set difference of the memory and the already selected mem-
ory samples. Overall, our Pseudo-Labeling based Flexible
Memory Sampling approach is designed to improve the ef-
ficiency and effectiveness of the sampling process.

S2. Details on Dataset Configuration
S2.1. Single-Depth Datasets

ImageNet-Hier100 ImageNet-Hier100 is a subset of the
ImageNet dataset [2] that is organized based on the taxon-
omy of WordNet [5]. The dataset is structured to represent
100 fine-grained classes by grouping them into 10 coarse-
grained classes that capture the overall semantic structure.
Each coarse-grained class consists of 10 corresponding fine-
grained classes, which are subcategories that belong to the
larger, upper-level group of the coarse-grained class. These
10 coarse-grained classes are referred to as superclasses
and include carnivore, bird, arthropod, fruit, fish, ungulate,
vehicle, clothing, furniture, and structure. The fine-grained
classes, referred as subclasses, that correspond to each su-
perclass are depicted in Figure S1.

S2.2. Multiple-Depth Datasets

CIFAR100 The CIFAR100 dataset is a widely used
benchmark for image classification tasks, consisting of
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Algorithm 1 Pseudo-Labeling based Memory Management

Input levels of hierarchy H, feature extractor JF, classi-
fiers {gk},f,f:l, softmax function o, memory M, mem-
ory size m, label sets for hierarchy levels {Y*}Z | new
sample (Zpew, Ynew ), hierarchy level of the new sample
h, per-sample importance measures for samples
if [M| < m then
M~ MU {(ajnewyynew)}
else
y = argmax, {(zn,yn) € Mlyn = y}|
My ={(zn,yn) € Mly, = 7}
Iy = {jl(z;,y;) € My}
fork=1,2,--- ,Hdo
if £ # h then
s=(0,0,---,0) € RY"I
for (z,y) € My do
1 = argmax; o(GF(F(z)));
s5; 45+ 1
end for
7% = argmax;cyr s;
Iy + Ty U{jl(zj,y;) € My; = 5}
end if
end for
J = argminjez, H,;
M (M\{(Ijvyj)}) U {(Inewvynew)}
end if
Output M

60,000 32x32 color images organized into 100 fine-grained
classes, with 600 images per class. The dataset is split into
50,000 training images and 10,000 testing images, making
it ideal for evaluating different machine learning models.
The images depict real-world objects such as animals, vehi-
cles, and household items and are used for various computer
vision tasks, including object recognition and image classi-
fication.

For the CIFAR100 dataset, we follow the hierarchical
taxonomy as described in [3]. The dataset has five lev-
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Figure S1: An overview of the ImageNet-Hier100 dataset, which is represented as a hierarchical structure. The dataset in-
cludes 10 broad categories or “superclasses”, which are further divided into 10 more specific categories or ”subclasses”. The
subcategories are visually depicted as branches stemming from the main categories, resulting in a total of 100 subclasses in

the dataset.

Algorithm 2 Flexible Memory Sampling
Input memory M, training iteration t, iterations encoun-
tering class y at the first time 7T}, normalizing factor T,
stream data samples S;, memory data samples NV;
By =N,
for (z,y) € S; do

pt(y) ~ Bern (min (thTy , 1))
if p:(y) is not 1 then
(@, y') ~ Un\z,
\\ U4 : uniform random sampler over a set A
By« B:U{(«",y)}
else
By« By U{(z,y)}
end if
end for
Output 5;

els of hierarchy with (2,4,8,20,100) classes, excluding the
root node. The dataset has an Imbalance Ratio (IR) of 1,
indicating a balanced distribution of classes. It has a total
of 134 nodes and 100 leaves, denoting the total number of
nodes and leaf nodes in the tree-shaped hierarchy, respec-
tively. The Average Branching Factor (ABF) of the dataset
is 3.8, representing the average number of children (sub-
classes) for each superclass. The average pairwise distance
is 7.0, reflecting the average distance between each pair of
classes in the hierarchy.

iNaturalist-19 The iNaturalist dataset is a large-scale
image classification dataset of organisms, containing over
800,000 images from more than 8,000 different species.

The iNaturalist-19 dataset, a subset of the larger iNaturalist
dataset, was introduced for the 2019 CVPR Fine-Grained
Visual Categorization Workshop. It includes metadata with
hierarchical relationships between species, making it use-
ful for evaluating methods for fine-grained visual catego-
rization. The iNaturalist-19 dataset comprises 265,213 color
images, organized into 1010 fine-grained classes.

However, the test set labels for the iNaturalist-19 dataset
are not publicly available. To address this issue, we ran-
domly selected and resampled three splits from the original
training and validation data to create a new training, valida-
tion, and test set, as suggested in [1]. These sets were cre-
ated using probabilities of 0.7, 0.15, and 0.15, respectively.

The iNaturalist-19 dataset has a hierarchical taxonomy
with seven levels and (3, 4, 9, 34, 57, 72, 1010) classes, ex-
cluding the root node. It also has an Imbalance Ratio (IR)
of 31, indicating a significant imbalance in the distribution
of classes. The dataset has a total of 1,189 nodes and 1,010
leaves, denoting the total number of nodes and leaf nodes
in the hierarchy, respectively. Its Average Branching Factor
(ABF) is 6.6, representing the average number of children
(subclasses) for each superclass. The average pairwise dis-
tance is 11, reflecting the average distance between each
pair of classes in the hierarchy.

S3. Details on Implementation of Baseline
Methods on HLE setup

ER and EWC++. ER and EWC++ uses reservoir sam-
pling strategy for memory management by randomly re-
moving samples in the memory to replace samples. We im-
plemented the reservoir sampling in the hierarchical label






