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Abstract

Few-shot learning (FSL) aims to enable learning models with
the ability to automatically adapt to novel (unseen) domains
in open-world scenarios. Nonetheless, there exists a signif-
icant disparity between the vast number of new concepts
encountered in the open world and the restricted available
scale of existing FSL works, which primarily focus on a
limited number of novel classes. Such a gap restricts the
practical applicability of FSL in realistic scenarios. To nar-
row this gap, we propose a new problem named Few-Shot
Learning with Many Novel Classes (FSL-MNC) by substan-
tially enlarging the number of novel classes, exceeding the
count in the traditional FSL setup by over 500-fold. This
new problem exhibits two major challenges, including the in-
creased computation overhead during meta-training and the
degraded classification performance by the large number of
classes during meta-testing. To overcome these challenges,
we propose a Simple Hierarchy Pipeline (SHA-Pipeline).
Due to the inefficiency of traditional protocols of EML, we
re-design a lightweight training strategy to reduce the over-
head brought by much more novel classes. To capture dis-
criminative semantics across numerous novel classes, we ef-
fectively reconstruct and leverage the class hierarchy infor-
mation during meta-testing. Experiments show that the pro-
posed SHA-Pipeline significantly outperforms not only the
ProtoNet baseline but also the state-of-the-art alternatives
across different numbers of novel classes.

Introduction

The remarkable progress achieved by Few-Shot Learn-
ing (FSL) (Wang et al. 2021) has equipped learning mod-
els with capabilities for rapid exploration of the open world,
e.g., adapting to new visual concepts. However, traditional
scenarios for FSL commonly explore with restrictions on the
“scale” of the open world, as the number of novel classes is
limited from 5 to 160 (Dhillon et al. 2020). On the contrary,
the realistic open world often exhibits a large amount of un-
seen knowledge (classes), which is far beyond the protocols
adopted by previous FSL scenarios. Furthermore, taking the
number of novel classes into consideration is important for
promoting the practicality of FSL, as it is nearly impossible
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Figure 1: Mean accuracy and computation overhead of
ProtoNet and SimpleShot with different scales of novel
class (5shot, Vit-Small DINO pre-trained). For traditional fsl
methods, as the number of ways increases, the average ac-
curacy experiences a rapid decline. The computation cost of
ProtoNet (red bar) in the meta-training stage increases sig-
nificantly.

to master prior knowledge of the number of novel classes in
practice.

Pointed by recent studies of Willes et al. (2022) and Par-
mar et al. (2023), a realistic open world learner for the FSL
should handle over thousands of novel classes, e.g., iNatu-
ralist (Parmar et al. 2023). In response to such viewpoints,
we narrow the gap between FSL and a realistic open world
by developing a new problem named Few-Shot Learning
with Many Novel Classes (FSL-MNC). The core advance
of our FSL-MNC compared to traditional FSL is that the
open world exhibits a large scale of unseen knowledge with
more than 2000 novel classes', surpassing the traditional
FSL setting by over 10-fold. The ratio of novel class set

"Note that few-shot tasks are organized as N-way K-shot
episodes. “way” and “shot” are the number of novel classes and
annotated samples for each novel class respectively. For the sake of
clarity, we will use “ways” to denote the number of novel classes
throughout this paper.
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size to base class set size in traditional is smaller than 1,
but in FSL-MNC the ratio is larger than 10. To make this ad-
vance more intuitive, we study the few-shot generalization
performance of learning models pre-trained from ImageNet-
1k (Russakovsky et al. 2015) on no-overlapped classes of
ImageNet-21K (Deng et al. 2009) as a motivating example.

In the motivating example, we first examine the perfor-
mance of representative algorithms for traditional FSL prob-
lems, where the performance and efficiency for different
way numbers of ProtoNet and SimpleShot are shown in
Fig. 1. We first observe that the efficiency, i.e., the com-
putation overhead of meta-training, increases dramatically
from half an hour to more than one hundred hours, as the
number of ways increases. Meanwhile, regarding the per-
formance, we observe that the accuracies of traditional FSL
methods degrade quickly when the number of ways grows
from tens, i.e., traditional FSL’s scale, to thousands, i.e., our
FSL-MNC’s scale. To sum up, typical FLS paradigms suf-
fer from inefficient training with sub-optimal performances
under the FSL-MNC problem, leaving a significant gap to
study the effectiveness of few-shot learning at a realistic
scale.

Concurrently, we provide a comprehensive examination
of the inefficiency and sub-optimal performance inherent
in traditional Few-Shot Learning (FSL) methods when ad-
dressing the FSL-MNC problem. The inefficiency arises
from the episodic meta-learning (EML) (Baz et al. 2021)
framework, which exhibits linear computational overhead
with an increasing number of ways (Rajeswaran et al. 2019).
This leads to notable inefficiencies, particularly when deal-
ing with a large number of ways. Meanwhile, in the con-
text of FSL-MNC, the sub-optimal performance issue arises
when traditional methods encounter an expanding number of
ways. The sub-optimal performance can be caused by few-
shot tasks that encompass numerous fine-grained classes,
presenting challenges for classification. To be specific, a
consensus for describing relationships among a large num-
ber of fine-grained classes is the nested semantic hierar-
chy organization of object categories, e.g., in ImageNet-21K
and recent efforts on the computer vision (Silla and Freitas
2011; Novack et al. 2023; Guo et al. 2022) have pointed
out the fine-grained classification challenge. However, tra-
ditional FSL methods neglect such hierarchy structures due
to limited scale of novel classes.

To migrate these challenges in FSL-MNC, we propose
a novel Simple Hierarchy Aware Pipeline (SHA-Pipeline).
To be specific, our SHA-Pipeline primarily contributes two
strategies as follows:

Efficiency enhancement. We observe an interesting phe-
nomenon that the performance of EML on FSL-MNC is al-
most irrelevant to the way number, through extensive exper-
iments using different backbones. Hence, by remaining the
way number of episodes as 5, we eliminate the dependency
of the complexity of EML on the way number. Furthermore,
to accelerate the training of EML, we avoid communication
of support samples and overflow of GPU memory by dis-
tributing the whole support set and part of the query set.
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Performance improvement. We propose to capture the
class hierarchy structure with a fast non-parametric hierar-
chy clustering strategy and leverage such class hierarchy by
structured representation learning. We seek to improve rep-
resentation learning from two levels, including prototype-
level and sample-level learning. The former aims to preserve
the hierarchy structure on class prototypes by maximizing
Cophenetic Correlation Coefficient (CPCC). The latter seeks
to enforce similar samples from the different parent classes
being far away from each other via the hierarchical triplet
loss.

Contributions. We develop a new setting called “Few-
Shot Learning with Many Novel Classes (FSL-MNC)” to
narrow the gap between few-shot learning and open-world
settings, which is more practical and challenging but has
not been extensively studied in the community. Our SHA-
Pipeline effectively overcomes the computational and per-
formance challenges by reducing the overhead of meta-
training to constant and preserving the class hierarchy in
meta-testing. Experiments show that the SHA-Pipeline out-
performs the SOTA alternatives across different numbers of
novel classes.

Related Work
Traditional Few-Shot Learning

Few-shot learning is a prominent and burgeoning research
field. Hospedales et al. (2022) and Wang et al. (2021) give
comprehensive overviews of the subject respectively. Dif-
ferent kinds of methods (Vinyals et al. 2016; Ravi and
Larochelle 2017; Ye et al. 2020; Zhang et al. 2021; Ye and
Chao 2022) are proposed to enhance the ability of quickly
adapting to unseen few-shot tasks, which show good perfor-
mance on FSL benchmark.

However, most existing FSL methods are typically de-
signed for few-shot tasks with a small number of novel
classes, which limits the application of few-shot learning
in a realistic open world (Geng, Huang, and Chen 2021;
Parmar et al. 2023). For example, gradient-based methods,
like MAML, are not scalable for the extrapolation of dif-
ferent way numbers. The state-of-the-art few-shot metric-
based methods, e.g. FEAT (Ye et al. 2020) have an unbear-
able computation overhead during the meta-training stage
on large few-shot tasks. The simple baselines such as Sim-
pleShot (Wang et al. 2019) do not consider how to exploit
structure information underlying large tasks efficiently.

Large-Scale Few-Shot Learning

A few studies (Hu et al. 2022; Liu et al. 2022; Dhillon et al.
2020; Li et al. 2019) have investigated FSL on larger scale
datasets. However, their studies do not push the limit of
novel classes number in the meta-test stage, which is a much
more challenging and practical setting. How to achieve a
simple and effective baseline for FSL-MNC is still an open
and realistic problem. More specifically, Liu et al. (2022)
and Li et al. (2019) use an external class hierarchy struc-
ture, instead of capturing the structure from few-shot data.
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Hu et al. (2022) still relies on the traditional episodic train-
ing of base dataset, which limits the scalability of way num-
ber. Dhillon et al. (2020) does not explore the impact of a
large number of ways in the meta-training stage and gives a
method to handle this. Unlike existing works on large-scale
FSL, we specifically aim to explore the performance of sim-
ple baselines on fsl when the way number goes large.

Few-Shot Learning With Many Novel Classes
Problem Formulation

Few-shot learning. Let Cyye and Coe denote the set of
base and novel classes respectively, which are disjoint, i.e.,
Chase N Chovel = 0. Given the dataset Dyase and Dpgyel cOn-
taining labeled samples from Cl,se and Ciove respectively,
the goal of FSL is to train a model fg on Dy, that performs
well on few-shot tasks sampled from Doy . Each task 7;

. ; Nxk
consists of a support set S* = {(x;,y;)},—," and a query
set Q' = {(x, Sfj)};vleq, where S° contains N classes with

k labeled examples per class, and Q' contains ¢ unlabeled
query examples per class. The number N and k are called
“way” and “shot” respectively.

Few-shot learning with many novel classes. A larger
value of N signifies the extent of “novelness” associated
with a few-shot episode. This indicates that as the value of
N increases, the few-shot tasks require a more extensive
level of adaptation to accommodate the unfamiliar knowl-
edge present within the open-world scenario.

In the context of FSL-MNC, the value of N significantly
surpasses that in standard few-shot learning scenarios (e.g.,
N > 1000), leading to notable computational and gen-
eralization challenges. Furthermore, we introduce a met-
ric aimed at quantifying the degree of “novelness” inherent
within a given few-shot dataset. This metric serves to effec-
tively differentiate FSL-MNC from traditional FSL, under-
scoring their fundamental distinctions. The novelness ratio,
denoted as §2 (Dnovel; Dhase ), is defined as the proportion of
the size of the novel class set to that of the base class set:

C
Q (DnOVEI; Dbase) = ||CI’;0V51|| (1)

Fig. 2 presents a comparison of the novel class set sizes
and the novelness ratio exhibited by both the traditional few-
shot dataset and our ImageNet-MNC dataset (15000 novel
classes and 1000 classes) designed for the FSL-MNC bench-
mark. In traditional FSL, novelness ratio 2 (Dyovel; Dbase)
is typically smaller than 1, signifying that the quantity of
novel classes is relatively limited compared to the num-
ber of base classes. In contrast, within the FSL-MNC,
Q (Dhovel; Doase) > 10, indicating a significant increase
in the number of novel classes in comparison to the base
classes.

Mathematically, the FSL-MNC problem can be precisely
described as follows. Given the datasets Dy, and Diovel
where the condition € (Dyoyel; Dase) > 10 holds, the pri-
mary objective of FSL-MNC is to train a model fy using
Dy, which exhibits effective performance in the context
of few-shot tasks extracted from Dy, considering a way
number N > |Chase|-
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Figure 2: |Cyovel| and novelness ratio of Omniglot, minilma-
geNet, tieredImageNet, Meta-Dataset and ImageNet-MNC.

Class hierarchical structure. In addressing FSL-MNC,
our approach involves the utilization of class hierarchy to
enhance performance. In the following, we present the for-
mal definition of the class hierarchy. We employ a class hi-
erarchy represented by a Directed Acyclic Graph, denoted
as G = (V, &), where V = C U R. Here, C represents spe-
cific classes, and R represents abstract parent classes. This
graph forms a single tree, with leaf nodes corresponding to
specific classes from C and non-leaf nodes from R repre-
senting abstract parent classes encompassing subsets of spe-
cific classes. Relationships between nodes are defined by
& C {(=,y) | (z,y) € V*}, reflecting parent-child connec-
tions.

The tree’s height, denoted as H, indicates the length
of the path from the root node to its leaf nodes. For any
specific class ¢; € C, a set of parent classes A%
{Pi*, Pst,--- P} is derived by finding the shortest path
from ¢; to the root node. Here, Pi represents the ancestor
node of ¢; at the h-th level of G.

Simple Hierarchy Aware Pipeline

To address the computational challenge posed by FSL-
MNC, we introduce an efficient meta-training strategy sup-
ported by comprehensive experimentation and design a
lightweight distributed framework. In pursuit of achieving
exceptional performance in the FSL-MNC scenario, we pro-
pose an innovative fine-tuning algorithm that harnesses the
potential of class hierarchy for improved utilization and in-
tegration.

Efficiency Enhancement

In the traditional FSL, a learning function f(-) is trained us-
ing a sequence of N-way K-shot few-shot tasks sampled
from the base dataset, where f(-) is optimized to minimize
the average error across these tasks. The optimization can be
expressed as:

f* =argmin

Yo xs)y), @

(§%,QH)€ET" (x,y)€Q?
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Algorithm 1: A Lightweight Parallel Framework

Algorithm 2: Algorithm of fine-tuning

Require: p(7): distribution over tasks

Require: «: step size hyperparameters, n: GPU numbers
1: load pre-trained weights 6
2: while not done do

3:  Sample a few-shot task 7; = (8%, Q") ~ p(T)

4:  Split @ into {Q}, 9F,..., 9%}

5: Send (87, Q%) to GPU j.

6: for all GPU : do

7: Evaluate VL7, (fs) with respect to (8%, Q%)

8: end for

9:  Allreduce VoL, (fp) among GPUs
10:  Update adapted parameters with gradient descent:

9 = 9 — OéVgﬁﬂ (fg)
11: end while

Require: N-way M-shot episodes (DS ., Diogy), learn-

ing rate 7, fine-tune step I, backbone weights ¢,

1: Load model from ¢
2: for all iteration = 1,...,1 do
3: D3y, = data_augment(Dy,;,)
Feature forward and normalization via Equ. (3)
Compute prototypes and cosine distance
Hierarchy clustering
Compute tree distance via Equ. (5)
Compute Liqin via Equ. (7)

9:  Update ¢ with L4, use SGD
10: end for
11: Compute logits oest With updated ¢
12: return oiest.

AR

where /(-) represents the loss function, S* and Q' are the
support and query set from 7 respectively. In traditional
FSL, the N of meta-training and meta-testing is usually in
the same order of magnitude.

A strategy for meta-Learning. In the context of FSL-
MNC, we observe an interesting phenomenon that the per-
formance of meta-training beats SimpleShot and the im-
provement is almost irrelevant to the way number, through
extensive experiments using different backbones. The ex-
tensive results are shown in Fig. 4 and 5. Table (2) in the
appendix shows the specific data. Given the fact that a sim-
ple meta-training on 5—way episodes on FSL-MNC is suf-
ficient to achieve effective performance improvements on
FSL-MNC, we use keep N = 5 during the meta-training
stage of our SHA-Pipeline.

In the following, we give a discussion about the compar-
ison between pre-training and meta-training. The prevailing
perspective (Baz et al. 2021) in the traditional FSL suggests
that meta-learning might not be as effective as a well-trained
embedding model. Simple and no-episodic-trained feature
transformation methods on a pre-trained backbone can of-
fer comparable performance to sophisticated methods with
meta-training. Simple Baseline approaches are commonly
built upon a transfer learning pipeline (Yosinski et al. 2014).
The model adapts to the few-shot target data through various
feature-transformation methods (Chen et al. 2019; Tian et al.
2020; Fei et al. 2021; Hou and Sato 2022; Wang et al. 2019)
using backbone pre-trained from the base class dataset.

Nevertheless, FSL-MNC stands apart from traditional
FSL in several ways. Notably, during the meta-training
phase, FSL-MNC demonstrates a broader array of tasks, en-
abling meta-learning to bolster its generalization prowess.
This observation aligns with the perspective presented by
researchers such as Miranda et al. (2023), suggesting that
the efficacy of meta-learning is directly tied to the diversity
present within the dataset and meta-learning clearly outper-
formed Simple Baseline without meta-learning in high di-
versity settings.

Lightweight parallel framework. For further accelera-
tion of EML training, we propose a parallel framework for
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the large few-shot tasks by distributing the whole support set
and part of the query set to different GPUs to avoid commu-
nication of support sets and overflow of GPU memory. The
full framework is outlined in Algorithm 1.

Fine-Tuning With Class Hierarchy Capturing

In the following, we focus on the meta-testing stage of SHA-
Pipeline. Our three-step fine-tuning is shown in Fig. 3. Given
a support set S;, an augmented support set will be generated
for fine-tuning of each few-shot task. We first calculate class
prototypes with Z-hubness normalization on features. Next,
we conduct parameter-free hierarchical clustering on proto-
types. Based on the hierarchical clustering result #, tree-
metric distance 7 = {t(ci,cj)}%cjec of prototype pairs
will be calculated. Finally, using 7 as supervision, we can
fine-tune the backbone guided by cross-entropy loss with
CPCC regularization or hierarchy triplet loss. Algorithm 2
presents how to fine-tune based on CPCC normalization. A
similar algorithm based on the hierarchy triplet loss can be
easily derived.

Z-hubness normalization. To mitigate the hubness prob-

lem before hierarchical Clustering, we apply Z-hubness nor-

malization to the feature vectors. The Z-score normalized

feature is given by:

x—pul c
g

x) = R, 3)

where 1 and o are the mean and standard deviation of com-
ponents of the feature vector x respectively.

Hierarchical clustering with the first neighbor. We uti-
lize a fast hierarchical clustering algorithm on the adjacency
link matrix of class prototypes. The adjacency link matrix
can be represented as:

Ali,j) = {1

0
where A is the adjacency matrix, ¢ and j represent sample
indices, k} symbolizes the first neighbor of point i.
The connected component of the adjacency link matrix is
the cluster partition. For hierarchical clustering, we average

ifj =klork

otherwise

1_ 1 _ .1
j =10rK; =K

N C))
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Figure 3: The left sub-part shows the fine-tuning of our SHA-Pipeline. SHA-Pipeline first applies Z-score normalization on
features. Then SHA-Pipeline clusters class prototypes with respect to the first neighbor relation. Lastly, based on the results of
hierarchy clustering, SHA-Pipeline fine-tunes the backbone. The right three sub-parts illustrate each step.

the feature vectors of each cluster and construct the next-
level cluster partition based on these mean vectors.

CPCC regularization. Firstly, we define the distance be-
tween prototype ¢ and prototype j on the class hierarchy

dr(i, ) as follow:
= - Z( (7 =")).

where 7; is the hierarchy cluster result of the prototype 4, the

k-th element r( ) indicates the cluster id that the prototype
1 belongs to at level k, H is the overall height of class hi-
erarchy that is larger than 1. I is the indicator function. The
range of dr (i, 7) is the interval [1, H].

Secondly, we incorporate Cophenetic Correlation Coeffi-
cient (CPCC) regularization (Sokal and Rohlf 1962) to mea-
sure the correspondence between the class hierarchy met-
ric dr (-, -) and cosine distance pz (-, ). The CPCC score is
computed as:

dr &)

cov (dr, pz)
\/V3r (dr) - var(pz)

where dr and py is the set of pair-wise cosine distance and
class hierarchy distance on all class prototypes, cov(-) de-
notes covariance, and var(-) denotes variance.

The overall loss function combines the cross-entropy loss
(Lcg) and the CPCC regularization term (CPCC), leading
to the following formulation of the total training loss:

(6)

CPCC (dr, pz) =
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Lirain =Y Low (y,9(fo(x))) —X-CPCC(dr,pZ), (1)
(z,y)€S

where ) is the weighting factor for the CPCC regularization

term, S is the data-augmented support set of the few-shot
task.

Hierarchy triplet loss. In the following, we also give an-
other way to learn structured representation with class hier-
archy based on triplet loss with adaptive margin.

We re-scale the dr (i, ) to the interval [0, 1) to obtain the
adaptive margin M (i, j) between the anchor prototype ¢ and
negative prototype j:

dT(ivj) (1 - dmean)
H

where d; and d; are the average cosine distance of the sam-
ples from class i and class j respectively. d,eqn 1S given by
dmean = rd Zz 1

After obtaining the adaptive margin M (i, 7), for the sake
of computation overhead, we randomly sample triplets 7, =
(24, p, Ty) from the data-augmented support set S and get
the corresponding adaptive margin M (i, j) for sample x,
and negative sample x,, which comes from i-th class and
j-th class respectively. The hierarchy triplet loss is given by:

M(Z’]) =

+ dmean - di + d]‘, (8)

Lo = S0 [lwe —@pl® — llwe —@al® + MG ] ©

1
TM
! ! TZeTM
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Method Shot Way Average
5 10 20 40 80 160 320 640 1000 1280 2560
ProtoNet 1 86.21 7874 70.74 61.38 5243 4373 3586 28.78 2478 22.68 17.56 47.54
5 95.30 91.55 86.75 80.83 74.08 6645 58.60 50.68 45.65 42.85 3569 66.22
ProtoNet-Fix 1 86.21 7844 70.19 61.27 52.17 4342 3550 283555 2441 2235 17.26 47.23
5 9530 91.55 86.64 80.68 7390 66.25 5837 5041 4534 4257 3543  66.04
SimpleShot 1 8534 77.07 68.76 59.87 5095 4236 3465 27.68 2380 21.84 1691 46.29
5 9520 91.39 86.52 80.50 73.71 66.02 58.09 50.09 45.02 4225 35.11 65.81
few-shot-baseline 1 86.21 7859 7047 61.32 5230 43.57 3577 @ 28.68 24.68 2260 1749 4743
5 9530 9155 86.70 80.75 7399 6635 5854 50.61 4557 42778 3562  66.16
P>M>F 1 86.82 7991 72.13 62.81 5383 4502 37.02 29.83 2571 2348 18.18 48.61
5 95.78 9249 8786 8197 7520 6749 59.53 5152 4640 4349 36.18 67.08
SHA-Pipeline(CPCC) 1 88.24 8159 73.60 6425 5531 4638 3823 3098  26.83 2440 19.02  49.89
5 97.06 94.00 89.18 83.27 76.54 6871 60.62 5255 4741 4432 3693 6824
SHA-Pipeline(Triplet Loss) 1 89.74 82.01 73.49 6335 5382 4475 36.80 29.88  26.08 23.85 1891 4933
5 97.63 9430 89.29 83.26 76.68 69.03 61.21 52.88 4790 4489 3725  68.57

Table 1: Performance on ImageNet-MNC (under different numbers of ways) in comparison with other FSL algorithms.

52.6 -‘ 68.7
Simple 49.8 Simple 67.1
47.0 65.5
PN-F PN-F
44. 1 64.0
PN 41.3 62.4
PN
38.4 L60.8
(a) 1shot (b) Sshot

Figure 4: Mean accuracy of different ways (from 5 to
2560 ways) of ProtoNet (PN), ProroNet-Fix (PN-F) and
SimpleShot (Simple) on ResNet50(sup & DINO), ViT-
small(DINO,Deit) and Vit-base(DINO,Deit & MAE).

Experiments
Experimental Setup

Datasets. We curated a new dataset ImageNet-MNC. We
use the ImageNet-1k((ILSVRC 2012-2017) as the base class
set and construct a novel class dataset ImageNet-21K-MNC
based on ImageNet-21K (winter’21 release), which consists
of 19167 classes. We eliminated 1000 classes overlapping
with ImageNet-1k and additional 1455 classes with less than
20 samples per class. Among the remaining 16712 classes,
15000 classes are randomly selected for the meta-test and
1712 classes are used for the validation of meta-training.

Experimental protocols. To avoid over-engineering, we
use public backbones pre-trained on ImageNet-1k. For
the backbone, we selected ViT (Dosovitskiy et al. 2021)
and ResNet50 (He et al. 2016), along with diverse pre-
training strategies, including Deit (Touvron et al. 2021),
DINO (Caron et al. 2021), and MAE (He et al. 2022). The
numbers of ways exponentially increase from 5 to 2560. For
N < 160, the number of episodes for meta-testing is 80 fol-
lowing a non-transductive setting of Dhillon et al. (2020).
For N > 160, the number of episodes is 600, following
the standard setting of Vinyals et al. (2016). The number of
query samples is 15 per class. All experiments are conducted
on 8 NVIDIA A100 nodes with 8 GPUs each.
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Baselines. We compare with the following approaches.
ProtoNet (Snell, Swersky, and Zemel 2017) is known as a
strong task-agnostic embedding baseline model (Chen et al.
2019). ProtoNet-Fix is a simple ProtoNet with N = 5
during the meta-training. SimpleShot (Wang et al. 2019)
is a baseline with centered 12 normalization for few-shot
learning without meta-learning and fine-tuning. few-shot-
baseline (Dhillon et al. 2020) is a baseline fine-tuning
the backbone with the cross-entropy loss on the support
set. P>M>F (Hu et al. 2022) is the SOTA method that
adopts ProtoNet for meta-training while fine-tuning the
meta-trained backbone with data augmentation.

Technical Details. For meta-training, we use SGD opti-
mizer without weight decay and a momentum of 0.9. The
linear Ir scaling rule of Goyal et al. (2017) are adopted:
lr = base_lr x way /5. For the learning rate schedule,
we employ a cosine annealing learning rate schedule with
a warm-up epoch of 5, from a base learning rate of 10~°
to 5 x 1075, For ProtoNet, P>M>F and ProtoNet-Fix, the
backbone network was meta-trained for 100 epochs, with
each epoch consisting of 600 episodes. Note that the number
of ways for meta-training is the same as that of meta-testing
for ProtoNet and P>M>F. For the sake of simplicity, strong
regularization, including logits scaling (Oreshkin, Ldpez,
and Lacoste 2018), mixup (Zhang et al. 2018) and label
smoothing (Szegedy et al. 2016), were omitted. Early stop-
ping was determined based on the performance on the val-
idation set. For meta-testing of P>M>F, few-shot-baseline
and SHA-Pipeline, we fine-tune 50 steps with a fixed learn-
ing rate of 10~%. SHA-Pipeline employs the same data aug-
mentation as P>M>F in the original setting Hu et al. (2022).

Efficiency Analysis

Meta-learning comparison. We first compare the perfor-
mance of different meta-training strategies on FSL-MNC.
Fig. 4 shows the mean accuracy of different ways (increas-
ing exponentially from 5 to 2560) on ResNet50, ViT-small
and Vit-base.

Fig. 4 demonstrates how meta-training strategies affect
downstream few-shot learning performance. The employ of
ProtoNet shows a positive impact on the downstream few-
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Figure 5: Accuracy of ProtoNet, ProtoNet-Fix and Sim-
pleShot on different ways.
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shot learning performance in the 1-shot setting. But the ben-
efits of ProtoNet diminish as the number of shots increas-
ing from 1 to 5. More importantly, ProtoNet-Fix with a
small number of classes can also lead to significant per-
formance improvements in the 1-shot scenario. Fig. 5 also
shows the accuracy in different ways, which highlights that
the ProtoNet-Fix achieves a trade-off between accuracy and
computation overhead.

Lightweight parallel framework. From Fig. 6, it is evi-
dent that our lightweight parallel framework effectively re-
duces computation time, achieving a parallel speedup ratio
of over 150 when N = 2560. Additionally, when N < 160,
the traditional parallel framework has already exceeded the
GPU memory capacity, whereas our framework continues to
smoothly conduct meta-training until N = 2560. Combined
with the meta-training approach of ProtoNet, our meta-
training process is remarkably lightweight and fast.
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Figure 7: Mean accuracy for different ways (1 and 5 shot).
SHA-Pipeline(C) is SHA-Pipeline implemented by CPCC
regularization and SHA-Pipeline(T) is SHA-Pipeline imple-
mented by hierarchy triplet loss.

FSL-MNC Performance

In this experiment, SHA-Pipeline uses the episodically
trained ProtoNet with a fixed number of ways (5) for meta-
training. The backbone of all methods is the Vit-small
(DINO pre-trained). Table 1 shows the resultant mean ac-
curacy achieved by different methods.

From the table, we can see that the SHA-Pipeline method
achieves the highest average accuracy across different num-
bers of classes. In the 1-shot setting, the average accuracy
of SHA-Pipeline (CPCC) is 49.89%, outperforming the best
competitor P>M>F by 1.28%. In the 5-shot setting, the av-
erage accuracy of SHA-Pipeline (CPCC) is 68.24%, which
is 1.16% higher than P>M>F.

Fig. 7 further depicts the mean accuracy trends of all
methods in both 1-shot and 5-shot settings with varying
numbers of ways. Notably, the SHA-Pipeline consistently
exhibits improved classification accuracy compared to other
methods across all class number settings, including scenar-
ios with a smaller number of classes.

Conclusions

We introduced a new problem named Few-Shot Learning
with Many Novel Classes (FSL-MNC) that drives the ex-
ploration of few-shot learning in real open-world scenar-
ios, which poses computational and generalization chal-
lenges. In FSL-MNC, we showed that meta-training with
fix way number can achieve a trade-off between computa-
tion overhead and performance. When the number of ways
is large, we find that effectively extracting and utilizing the
class hierarchy structure can significantly improve perfor-
mance. We also design a lightweight distributed framework
for FSL-MNC to compare baselines. We verified that our
proposed SHA-Pipeline achieves very competitive perfor-
mance in FSL-MNC.

Limitations and future work. Our study has primarily
focused on image data and has not leveraged text data to
address FSL-MNC. Future work could investigate methods
that incorporate both modalities to improve performance and
apply in real-life scenario like visual tracking (Tan et al.
2021; Lan et al. 2020). Our current SHA-Pipeline is rela-
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tively simplistic, as we have not fully integrated it with meta-
training. Exploring more sophisticated meta-training tech-
niques may yield further performance gains. In addition, the
SHA-Pipeline approach is rather computationally expensive
at meta-test time. Future research should focus on optimiz-
ing the computational efficiency of fine-tuning.
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