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ABSTRACT

Humans are capable of learning new concepts from small numbers of
examples. In contrast, deep learning models usually lack the ability to
extract reliable predictive rules from limited data scenarios when attempt-
ing to classify new examples. The successful application of deep learning
to many visual recognition tasks relies heavily on the availability of a
large amount of labeled data which is usually expensive to obtain. This
challenging scenario is commonly known as few-shot learning. Few-shot
learning has garnered increased attention in recent years due to its sig-
nificance for many real-world problems. Most of research on few-shot
learning is focused on image classification. This dissertation describes
four research work we made: 1) the Looking-back method, which utilizes
lower-level information to construct additional graphs for label propa-
gation and improve the meta-learner performance in few-shot learning;
2) TransMatch, a new transfer-learning framework for semi-supervised
few-shot learning to fully utilize the auxiliary information from labeled
base-class data and unlabeled novel-class data; 3) TOL and DCP, simple
post-hoc methods achieve state-of-the-art performance in both supervised
and semi-supervised few-shot learning; 4) a new proposed problem: few-
shot video object detection and novel analysis towards this problem. Our
extensive experiments on several popular few-shot learning benchmark
datasets and our designed few-shot video object detection datasets demon-
strate the efficacy of these contributions.



1 OVERALL INTRODUCTION

Deep learning (DL) is already ubiquitous in our daily lives, including
image-based object detection (Liu et al., 2020b), face recognition (Wani
et al., 2020), and medical imaging and healthcare (Wang et al., 2020a).
While DL is outperforming traditional machine learning methods in these
aforementioned application areas (Raschka et al., 2020), a major downside
of DL is that it requires large amounts of data to achieve good perfor-
mance (Goodfellow et al., 2016). The straightforward adoption of deep
learning methods with a limited amount of labeled data usually leads to
the overfitting issue. However, obtaining a large amount of labeled data is
usually very expensive and time-consuming to collect.

It is well-known that humans have the ability to learn from a single
or very few of labeled samples. This motivates recent research efforts on
learning a novel concept from a single or few examples, hence the name
few-shot learning (FSL). FSL is a subfield of DL that focuses on training
DL models under scarce data regimes, thereby opening possibilities for
applying DL to new problem areas where the amount of labeled data is
limited.

In FSL settings, datasets are comprised of large numbers of categories
(i-e., class labels), but only a few examples per class are available. Figure 1.1
gives an example of a bird classification task. The main objective of FSL is

the design of methods that achieve good generalization performance from



the limited number of examples per category. The overarching concept
of FSL is very general and applies to different data modalities and tasks
like image classification (Wang et al., 2020c), object detection (Kang et al.,
2019), and text classification (Bao et al., 2019). However, most FSL research
is focused on image classification so that we will use the terms examples
and images (in a supervised learning context) interchangeably.

Most FSL methods use an episodic training strategy known as meta-
learning (Vinyals et al., 2016), where a meta-learner is trained on (classifi-
cation) tasks with the goal to learn to perform well on new, unseen tasks.
Many of the most recent FSL methods are based on episodic meta-learning,
such as prototypical networks (Snell et al., 2017), relation networks (Sung
et al., 2018), model agnostic meta-learning (Finn et al., 2017), and LSTM-
based meta-learning (Ravi and Larochelle, 2017). Another successful
approach to FSL is the use of transfer learning, where models are trained
on large datasets and then appropriately transferred to smaller datasets
that contain the novel target classes; examples include weight imprint-
ing (Qi et al., 2018), dynamic few-shot object recognition with attention
modules (Gidaris and Komodakis, 2018), and few-shot image classification
by predicting parameters from activation values (Qiao et al., 2018).

This dissertation proposes several new approaches to improve FSL
systems. Starting with classical meta-learning methods for FSL, we first
address the question whether obtaining additional lower-level information

embedded in the feature extracting network can improve few-shot image



classification (Yu and Raschka, 2020).

In addition to leveraging lower-level information, using abundant in-
formation from unlabeled images (also known as semi-supervised FSL)
provides another angle for improving FSL. In particular, we focus on a
transfer-learning framework to effectively utilize unlabeled data (Yu et al.,
2020).

Most FSL methods rely on complicated setups that are not easy to
extend and apply in practice. To make FSL more accessible and widely
applicable, we study how to achieve state-of-the-art performance in both
supervised FSL and semi-supervised FSL by developing simple and con-
venient post-hoc methods.

At last, FSL is a field that is largely focused on image classification as
the standard setting. We are interested to extend FSL to other fields and
investigate a new problem: few-shot learning for video object detection (Yu
etal., 2021).

This thesis can be summarized as follows:

e Chapter 1 briefly summarizes the motivation of few-shot learning
and reviews the progress this new deep learning paradigm made in

the past few years.

e Chapter 2 presents our research efforts to address how to use addi-
tional lower-level information: Looking back to lower-level information

in few-shot learning.



Query

Class A Class B Class C Class D Class E

Figure 1.1: An example of 5-way 1-shot bird image classification task from
CUB-200-2011 dataset. Given one support image for each bird class, the
goal is to identify the correct bird class for the query image.

e Chapter 3 describes our contributions towards incorporating unla-
beled data: TransMatch: a transfer-learning scheme for semi-supervised

few-shot learning.

e Chapter 4 illustrates that our simple methods can achieve state-of-
the-art performance in both supervised FSL and semi-supervised
FSL: Simple post-hoc work can improve supervised and semi-supervised

few-shot learning

e Chapter 5 shows our development of few-shot learning for video
object detection, which is motivated by the rapid growth of online
video content: Few-shot learning for video object detection in a transfer-

learning scheme.

e Chapter 6 summarizes this dissertation and points out further future

directions for few-shot learning research.



2 LOOKING BACK TO LOWER-LEVEL INFORMATION IN

FEW-SHOT LEARNING

2.1 Introduction

Apart from recent developments in FSL, many researchers have recently
proposed methods for implementing graph neural networks (GNNs) to ex-
tend deep learning approaches for graph-structured data. In this context,
graphs are used as data structures for modeling the relationships (edges)
between data instances (nodes), which was first proposed via the graph
neural network model (Scarselli et al., 2009) and extended via graph convo-
lutional networks (Duvenaud et al., 2015), semi-supervised graph convolu-
tional networks (Kipf and Welling, 2017), graph attention networks (Velick-
ovic et al., 2018), and message passing neural networks (Gilmer et al.,
2017). Since FSL methods are centered around modeling relationships
between the examples in the support and query datasets, GNNs have also
gained a growing interest in FSL research, including approaches aggregat-
ing node information from densely connected support and query image
graphs (Garcia and Bruna, 2017), transductive inference (Liu et al., 2019),
and edge-labeling (Kim et al., 2019). GNNs can be computationally pro-
hibitive on large datasets. However, we shall note that one of the significant
characteristics of FSL is that datasets for meta-training and meta-testing

contain only "few" examples per class, such that the computational cost of



graph construction becomes small in FSL.

Previous research has shown that FSL can be improved by incorporat-
ing additional information. For instance, unlabeled data, which is used
in conventional (Ren et al., 2018) self-trained (Li et al., 2019b) and trans-
fer learning-based (Yu et al., 2020) semi-supervised FSL, could improve
the predictive performance of FSL models. Also, FSL benefits from the
inclusion of additional modalities (e.g., textual information describing
the images to be classified), which was demonstrated via an adaptive
cross-model approach enhancing metric-based FSL (Xing et al., 2019) as
well as cross-modal FSL utilizing latent features from aligned autoen-
coders (Schonfeld et al., 2019). While the aforementioned works showed
that additional external information benefits FSL, we raise the question of
whether additional internal information can be useful as well.

While the incorporation of additional information can be beneficial, the
utilization of additional internal information is not very common in FSL
research, and only two recent research papers explored this approach, i.e.,
Li et al.’s deep nearest neighbor neural network (Li et al., 2019a) and the
dense classification network by Lifchitz et al. (2019). In these works, the
researchers expanded the feature embeddings (the low-dimensional rep-
resentation) of the data inputs (i.e., images), extracted from the last layer
in the neural network, to higher-dimensional embeddings. These higher-
dimensional embeddings were split into several smaller vectors, such that

multiple embedding vectors correspond to the same image. In the DN4



model proposed Li et al. (2019a), the last layer’s feature embeddings were
expanded to form many local descriptors. The dense classification network
by Lifchitz et al. (2019) expanded the feature embeddings to three separate
vectors that are used for computing the cross-entropy loss during training.

When it comes to utilizing additional internal information, both DN4 (Li
etal., 2019a) and the dense classification network (Lifchitz et al., 2019) only
considered the last layer’s information. In contrast to existing work on FSL,
we consider additional information that is hidden in the earlier layers of
the neural network. More specifically, the extra information hidden in the
network considered in this work is comprised of the feature embeddings
that can be obtained from layers before the last layer. We propose using a
graph structure to integrate this lower-level information into the neural
network, since graph structures are well-suited for modeling relationships
in data.

We refer to the FSL method proposed in this work as Looking-Back,
because unlike DN4 (Li et al., 2019a) and the dense classification net-
work (Lifchitz et al., 2019), this method fully utilizes previous layers’
feature embeddings (i.e., lower-level information) rather than focusing
on the final layer’s feature embeddings alone. During training, the lower-
level information is expected to help the meta-learner to absorb more
information overall. Although this lower-level information may not be as
useful as the embedding vectors obtained from the last layer, we believe

it has a positive impact on the meta-learner. To show this, we adopt the



widely used Conv-64F (Li et al., 2019a) in few-shot learning as a backbone,
and construct graphs for label propagation, following the Transductive
Propagation Network (TPN) (Liu et al., 2019), to capture lower-level
information.

Besides the feature embeddings of the last layer, the previous layers’
feature embeddings are also used for computing the pair-wise similari-
ties between the inputs, based on relational network modules (Liu et al.,
2019). In the Looking-Back method, three groups of pair-wise similarity
measures are computed. The similarity scores between all support and
query images in one episode amount to three separate graph Laplacians,
which are used for iterative label propagation, to generate three separate
cross-entropy losses. As the experimental results indicate, the losses from
lower-level features are used during meta-training to enhance the perfor-
mance of the meta-learner. After meta-training, we adopt the last layer’s
feature embeddings for testing on new tasks (i.e., images with class la-
bels that are not seen during training) in a transductive fashion. As the
experimental results reveal, the resulting FSL models have a better predic-
tive performance on new, unseen tasks compared to models generated by
meta-learners that don't utilize lower-level information.

The contributions of this work can be summarized as follows:

1. We propose a novel meta-learning method, Looking-Back, that uti-
lizes lower-level information from hidden layers, different from exist-

ing methods that only use feature embedding of the last layer during



meta-training.

2. We employ a graph neural network for our Looking-back, which
fully utilizes the advantage of graph structures for few-shot learning
to absorb the lower-level information in the hidden layers of the

neural network.

3. We evaluate our proposed Looking-Back method on two popular
FSL datasets, minilmageNet and tieredlmageNet, and achieve new
state-of-the-art results, providing supporting evidence that using
lower-level information could result in better meta-learners in FSL

tasks.

2.2 Related Work

In this section, we discuss the recent developments in FSL with a focus on
methods related to our work. FSL, based on meta-learning, typically uses
episodic training strategies. In each episode, the meta-learner is trained
on a meta-task, which can be thought of as an image classification task.
During training, these tasks are drawn randomly from the training dataset
across the episodes. During the model evaluation, tasks are chosen from
a separate test dataset, which consists of images from novel classes that
are not contained in the training dataset.

In N-way-k-shot FSL, when a meta-learner is trained on several tasks
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sampled from the training dataset, each training task is subdivided into a
support set and a query set. Each task consists of N unique class labels,
and the support set consists of k labeled images per class. Utilizing the
support set, the model learns to predict the image labels in the query set.
After training, the meta-learner is then evaluated on new tasks sampled
from the test set. Similar to the training tasks, each new task consists of
N unique class labels with k images (in the support set) each. However,
to assess how well the meta-learner performs on new tasks, the classes in
the test dataset are not overlapping with the classes in the training set.
Based on the general FSL meta-learning framework described above, we
can divide meta-learning approaches further into metric-, optimization-,
and graph-based meta-learning, which we discuss in the following sub-

sections.

221 Metric-based Meta-learning

Metric-based methods are primarily focused on learning feature embed-
dings that enable similarity comparisons between support and query
images. The Prototypical Network (Snell et al., 2017) used a Euclidean
distance measure to compare the feature embeddings of the query images
with centroids of the support images in different classes. The Relation
Network (Sung et al., 2018) constructed an additional network to com-
pute the similarity score between images directly, instead of using the

Euclidean distance measure on the images’ feature embeddings similar to
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the Prototypical Network. DN4 (Li et al., 2019a) used a cosine similarity
measure on multiple local descriptors, obtained by expanding the feature
embeddings of the last layer to higher dimensions, to find the most similar

images via nearest neighbor search.

2.2.2 Optimization-based Meta-learning

Optimization-based methods are focused on parameter optimization and
how to rapidly learn knowledge from limited training images that can be
adapted to novel images. The model agnostic meta-learning framework
(MAML) (Finn et al., 2017) learned a general model that can be efficiently
fine-tuned to perform well on other tasks using conventional gradient
descent-based optimization. While MAML used second-order partial
derivatives to train the general model before task-specific fine-tuning,
Reptile (Nichol et al., 2018) was a first-order approximation of MAML that
simplified the training procedure and boosted computational performance.
Ravi and Larochelle (Ravi and Larochelle, 2017) introduced a related yet
different approach to optimization-based meta-learning. They proposed
the use of an LSTM to model the sequence corresponding to the sequential

optimization of the model parameters across different tasks.
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2.2.3 Graph-based Meta-learning

Graph-based meta-learning uses graph structures to model the relation-
ship between query and support images based on relative similarity mea-
sures, where each labeled and unlabeled image represents a node in the
graph. There are very few treatments of graph-based methods for FSL in
the literature; however, the topic has recently gained more attention in the
FSL research community.

In 2017, Garcia and Bruna (2017) proposed the use of a GNN for ag-
gregating node information in an iterative fashion via a message-passing
model, where the support and query images are densely connected in
the graph. The edge-labeling graph neural network (EGNN) modified
this approach, using edge- rather than node-label information, combined
with inter-cluster dissimilarity and intra-cluster similarity measures (Kim
et al., 2019). Like GNN, the Transductive Propagation Network (TPN)
considered the graph nodes for representing the feature embeddings of
the images (Liu et al., 2019). However, instead of performing inductive
inference (that is, predicting test images one by one), TPN used trans-
ductive inference to predict the labels of the entire test set at once, which
alleviated the low-data problem in FSL and achieved state-of-the-art per-
formance (Liu et al., 2019).

The Looking-Back method we propose in this work (Figure 3.2) uses
the same graph construction approach as TPN (Liu et al., 2019). However,

Looking-Back incorporates the feature embeddings from hidden layers in
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Figure 2.1: A conceptual overview of the proposed Looking-Back method.

the graph construction procedure as well. We shall note that the simulta-
neous training with graphs built on lower-level information could also be
seen as a particular case of multi-task learning or incremental learning,
which was mentioned in (Mallya and Lazebnik, 2018) but is rarely adopted
in FSL.

2.3 Proposed Method

In this section, we introduce our proposed Looking-Back approach utiliz-
ing lower-level information to enhance the predictive performance of FSL

models.



14

2.3.1 Problem Definition

The goal of FSL is to train predictive models that learn from and perform
well on classification tasks, given only a few labeled examples per class.
For instance, N-way K-shot classification can be understood as a classifica-
tion task with N unique classes, where K labeled examples per class are
provided for supervised learning.

In an N-way K-shot setting, the dataset for a given task is divided into
a support set S = {(X;,Ys)} and a query set Q ={(Xq,Yq)}. S consists of
N x K examples X = (x1, Xz, ..., Xnxk) and the corresponding class labels
Y = (Y1,Y2, .-, Ynxk)- The goal is to utilize S to predict the class labels
(Y'1,Y"2,-..,Y qoxx) for the Q x Kexamples in Q, (x'y,x,...,x" qgxx)-

Given a large training dataset Dy, 5., with base classes Cp o5, FSL meta-
learning approaches sample many different N-way K-shot classification
tasks T = {Ty, Ty, ..., Tin} randomly from Dy qse, to train the meta-learner
for m episodes. After training, the meta-learner is given a novel N-way
K-shot classification task T,ovel, such that the N classes do not overlap
with the base classes in Dy q5e encountered during training. The dataset
corresponding to Thovel is split into support and query sets, and the meta-
learner uses the N x K labeled examples in the support set to classify the
Q x K examples in the query set. The classes in T, are all novel classes
Cnovelt Which are disjoint with Cyqse.

A successful FSL meta-learner learns from the training tasks Ty, Ty, ..., Try

how to efficiently utilize the few labeled examples in the support set of
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a novel task T,ve SO that the resulting model is able to predict the class
labels in the unlabeled query set with good generalization performance.
Considering the general problem definition of FSL and meta-learning
given above, the examples in the query set can be used in a transductive
manner as suggested by (Liu et al., 2019). IL.e., instead of classifying the
query examples one at a time, the whole query set can be propagated
into the network all at once, which improves the predictive performance
compared to classifying each query example independently (Liu et al.,

2019).

2.3.2 Feature Extractor Module

The two predominant types of neural network backbone architectures used
in FSL research are ResNet-12 (Mishra et al., 2018; Oreshkin et al., 2018; Lee
et al., 2019; Sun et al., 2019) and Conv-64F (Vinyals et al., 2016; Snell et al.,
2017; Sung et al., 2018; Garcia and Bruna, 2017; Li et al., 2019a; Liu et al.,
2019). In this work, we adopt Conv-64F since it is easier to experiment with.
However, we shall note that our proposed method is architecture-agnostic
and can be implemented for other types of feedforward neural networks.

Conv-64F contains four convolutional blocks where every block is
constructed by one convolutional layer with 64 filters of size 3x3, followed
by a batch normalization layer, ReLU activation, and a 2x2 max-pooling
layer. Both the convolutional layers and the max-pooling layers have a

stride of 1.
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Figure 2.2: Computing the similarity between a pair of images, inputs j
and k, based on the feature embeddings produced by the 2nd, 3rd, and
4th convolutional block (layer). The similarity values computed by the
relation network modules are then used to construct multiple graphs for
label propagation.

Besides extracting feature embeddings from the last layer of the last
convolutional block, the proposed Looking-Back also extracts the em-
beddings from the last layer of the second and third convolutional block.
These three feature embeddings are then used in the graph-based label
propagation, as illustrated in Figure 3.2. The dimensions of the feature
embeddings extracted by the three convolutional blocks are 64x21x21,
64x10x10, and 64 x5x5, respectively. Here, the number of channels, 64,
is determined by the Conv-64F architecture, whereas the channel heights
and widths are a consequence of the input image dimensions given the

Conv-64F architecture.
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2.3.3 Graph Construction Module

In the original work of TPN (Liu et al., 2019), the authors proposed a pair-
wise similarity function that used an example-wise length-scale parameter.

Adopting this mechanism, for the output of i-th convolutional block, we

2) , (2.1)

which measures the distance between the two feature embeddings. Here

compute the similarity of two images (j, k) via

1

S ( filxyy)  fulxix)
ijk = exXp ) -

04 Oik

oy is a scale parameter for the feature embedding computed by a relation
network module, which is described in the next paragraph. As illustrated
in Figure 2.2, we use a separate relation network for the second, third, and
fourth convolutional block, since the dimensions and information contents
of the respective feature embeddings differ.

The overall architecture of the relation network module, which com-
putes oi; and oyy, is similar to the architecture used by Li et al. (2019a).
Each relation network module consists of two convolutional blocks, fol-
lowed by two fully-connected layers. Each convolutional block is com-
posed of a 3x3 convolutional layer with a stride of 1, a batch normalization
layer, ReLU activation, and a 2x2 max-pooling layer with a stride of 1.

In the Looking-Back model, we compute multiple symmetric normal-
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ized graph Laplacians (Chung and Graham, 1997) via
L; = D;?s;D; "%, (2.2)

where D; is the diagonal matrix whose d-th diagonal element is the
sum of the d-th row of the S;. Here, we only keep m-max values from
every row in S; to construct a m-nearest neighbor graph for each layer
during episodic training to improve computational efficiency as suggested

by Liu et al. (2019).

2.3.4 Classification Loss

After constructing different graphs for multiple layers as explained in
Section 2.3.3, label propagation (Zhou et al., 2004) is used to compute the
prediction (i.e., class-membership) scores for the query images (Liu et al.,
2019).

Let P%) be an initial score matrix. For a given image (xj,y;) in the

support set,

0 ify; #1,
P = : (2.3)

The label propagation process is an iterative process

P+ — o[ P 4 (1 — )P, (2.4)
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where PV is the predicted label at time step t. The predicted scores P} for
an input image’s feature embedding from the i-th convolutional block are
computed via

Pf = (I—aLy) 'PY, (2.5)

where I is the identity matrix, L; is the normalized graph Laplacian of
that feature embedding from the i-th convolutional block, and « is a
hyperparameter controlling propagation rate.

After computing the prediction scores, we obtain class-membership
probability scores for the feature embeddings from the i-th convolutional

block by applying a softmax function as follows:

exp(P;“,jk)
thlzl eXp(P::,jk) ,

P04 = kixy;) = (2.6)
where {);; is the predicted class label for feature embedding of the j-th
input image from the i-th convolutional block, and P7;, is the predicted
score at the k-th position.

The total loss term is the combination of cross-entropy loss for different

layers’ features:

NxK+Q N

Loss = — Z Z ZWiI(Uii =k)log(p(0y = kixi3)), (2.7)
K—1

i =1

where w; is a relative weight for the cross-entropy loss term of the feature

embeddings from the i-th convolutional block and is a hyperparameter
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during the episodic training.

The feature embeddings from the second (i = 2) and third (i = 3) con-
volutional block containing lower-level information are only used during
training to improve the feature extractor module (Section 2.3.2). In both
the validation and test stage, the class labels ¥ = arg max p(y; = kIx;) are
obtained from the prediction on feature embedding]; of the last convolu-

tional block only, that is, the fourth convolutional block, i = 4.

2.4 Experiments

In this section, we evaluate the proposed Looking-Back method on two
popular FSL benchmark datasets, i.e., minilmageNet (Ravi and Larochelle,
2017) and tieredImageNet (Ren et al., 2018), and compare with other state-
of-the-art FSL methods.

2.4.1 Datasets

minilmageNet. The minilmageNet dataset is widely used for comparing
different few-shot learning methods (Ravi and Larochelle, 2017). It is a
small subset of ImageNet (Russakovsky et al., 2015) that consists of 100
classes with 600 examples per class. For our experiments, we split the
dataset into 64 classes for training, 16 classes for validation, and 20 classes

for testing following (Ravi and Larochelle, 2017).
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tieredlmageNet. Similar to minilmageNet, the tieredimageNet dataset is
a small, simplified version of ImageNet proposed by Ren et al. (2018).
Different from minilmageNet, tieredImageNet has a hierarchical or tiered
structure consisting of 34 larger classes, where each larger class contains 10
to 30 smaller classes (i.e., related subcategories). tieredlmageNet contains
608 smaller classes and 779,165 images in total. We split the dataset as
described in (Ren et al., 2018), resulting in a training set consisting of 20
larger classes, a validation set consisting of 6 larger classes, and the test
set consisting of 8 larger classes. The advantage of splitting the dataset
based on the larger classes, as opposed to splitting into the subclasses, is
that this approach creates a clearer distinction between training, test, and

validation sets.

2.4.2 Implementation Details

As mentioned before, we adopted the Conv-64F architecture (Section 2.3.2)
as the backbone for our model. During training, we used the three layers’
feature embeddings as shown in Figure 3.2 and Figure 2.2. For label
propagation, we chose the same hyperparameters as described in (Liu
etal., 2019), setting « (the propagation coefficient, Eq. 2.4 and 2.5) to 0.99
and m (the per-row max values of the graph Laplacians) to 20. Moreover,
we gave equal weighting to the individual loss terms when computing the
total loss Eq. 2.7, that is, setting w,, ws, and wy to 1.

During the episodic training, each episode was a 5-way K-shot task
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with 15-query images in each task, mimicking the testing scenario. We
used the Adam optimizer (Kingma and Ba, 2014) to train the model and
set the initial learning rate to 0.001. For minilmageNet, the learning rate
was decayed by a multiplicative factor of 0.8 every 5,000 episodes. The
same multiplicative factor was used for decaying the learning rate when
training on tieredlmageNet, but it was decayed more frequently, every
2,000 epochs, due to the larger size and complexity of tieredlmageNet.

To evaluate the model on the test set, we randomly sampled 600 5-
way K-shot tasks from an independent test set with K = 1 and K = 5,
respectively. In both scenarios, K = 1 and K = 5, there were 15 query
samples in each class (that is, 75 query examples in total), which were
used to compute the prediction accuracy for a given task or episode. To
compute the overall prediction accuracy of a given model, we randomly
sampled the test set 600 times and calculated the accuracy by averaging

the prediction accuracy across these 600 episodes.

2.4.3 Results and Discussion

Overall performance. In this section, we compare our proposed Looking-
Back method to other state-of-the-art FSL methods. All neural network
implementations are based on a Conv-64F backbone architecture for fea-
ture extraction as described in Section 2.3.2. Following the established con-
ventions, we consider both 5-way 1-shot and 5-way 5-shot settings for the

performance comparisons, using the two common FSL benchmark datasets
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Table 2.1: Accuracy (in %) on minilmageNet with 95% confidence interval.
Best results are shown in bold.

Method Extract. Net. 1-shot 5-shot

Matching Net (2016) Conv-64 4356 +0.84 | 55.31 +0.73
Prototypical Net (2017) | Conv-64 49.42 £ 0.78 | 68.20 & 0.66
Relation Net (2018) Conv-64 50.44 +0.82 | 65.32 +0.70
Reptile (2018) Conv-64 4997 £0.32 | 65.99 +0.58
GNN (2017) Conv-64 49.02 +0.98 | 63.50 + 0.84
MAML (2017) Conv-64 48.70 £ 1.84 | 63.11 £0.92
TPN (2019) Conv-64 53.75 +0.86 | 69.43 + 0.67
Looking-Back Conv-64 55.91 £ 0.86 | 70.99 + 0.68

Table 2.2: Accuracy (in %) on tieredlmageNet with 95% confidence interval.
Best results are shown in bold.

Method Extract. Net. 1-shot 5-shot

Prototypical Net (2017) | Conv-64 53.31 £ 0.89 | 72.69 £+ 0.74
Relation Net (2018) Conv-64 5448 £093 | 71.31 +£0.78
Reptile (2018) Conv-64 52.36 +£0.23 | 71.03 £ 0.22
MAML (2017) Conv-64 51.67 £1.81 | 70.30 £ 1.75
TPN (2019) Conv-64 5753 £0.96 | 72.85+0.74
Looking-Back Conv-64 58.97 £ 0.97 | 73.59 £+ 0.74

minilmageNet and tieredlmageNet as described in Section 2.4.1. The accu-
racy is computed as the average of 600 test episodes (as described in Sec-
tion 2.4.2) with a 95% confidence interval. As the results for minilmageNet
(Table 3.1) and tieredImageNet (Table 2.2) indicate, our proposed Looking-
Back method achieves state-of-the-art results on both datasets, in both the
5-way 1-shot and 5-way 5-shot scenarios.

Comparing Looking-Back and TPN training in a "Higher Shot" set-

ting. The performance comparisons between Looking-Back and TPN (Liu
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Table 2.3: Accuracy (in %) after training with higher shots. Here, the
system evaluated on a 1-shot test set was trained in a 5-shot setting, and
the system evaluated on a 5-shot test was trained in a 10-shot setting. Best
results are shown in bold.

Dataset Method 1-shot 5-shot

minilmageNet TPN 55.51 +0.86 | 69.86 + 0.65
Looking-Back | 56.49 & 0.83 | 70.47 + 0.66

tieredTmageNet TPN 59.914+0.94 | 73.30 +0.75
Looking-Back | 61.19 4+ 0.92 | 73.78 + 0.74

etal., 2019) (Table 3.1 and 2.2) provides supportive evidence that utilizing
lower-level information, which is contained in previous layers’ feature em-
beddings, improves the predictive performance by a substantial amount by
our Looking-back. In this section, we investigate whether the lower-level
information can also enhance the performance in a "Higher Shot" setting.

In FSL, it is common to use support sets of similar size during meta-
training and testing. However, some researchers found that using larger
support sets during meta-training (i.e., increasing the number of "shots")
can improve the predictive performance of FSL systems based on evalu-
ation on the same (i.e., smaller shot) test sets (Snell et al., 2017; Li et al.,
2019a). Similar observations have been made in the original TPN pa-
per (Liu et al., 2019), where the authors described that increasing the
number of examples in the support sets during meta-training (referred
to as "Higher Shot") can improve the predictive accuracy during testing.
However, using a larger number of shots during meta-training than testing

does not always improve the predictive performance, and it is still an open
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area of research (Cao et al., 2019).

Although "Higher Shot" training is not the focus of this work, we
conducted experiments with higher shots and report the results in Table 2.3,
adopting the procedure described in the original TPN paper (Liu et al.,
2019) to enable fair comparisons. The results in Table 2.3 indicate that
Looking-Back utilizing lower-level information outperforms TPN in a
"Higher Shot" setting as well.

Table 2.4 summarizes the performance gain of Looking-Back over TPN
for the regular meta-training scenario (same number of shots in the train-
ing and test tasks, Table 3.1 and 2.2) and meta-training with higher shots
(Table 2.3). From Table 2.4, we can observe that on both datasets, the
improvement of same versus higher shot meta-training in 1-shot settings is
more significant than in 5-shot settings. We argue that when more sup-
port images are available (higher shot), the role of utilizing lower-level
information becomes less important. The main rationale behind using
previous layers’ feature embeddings is to use additional lower-level in-
formation when information from the final layer’s feature embedding is
scarce. Intuitively, the role of using lower-level information degrades if a
meta-learner can utilize a larger number of examples in the support set.

Influence of higher-shot training on Looking-Back. As indicated by
the results in Table 2.4 and hypothesized in the previous section, our
Looking-Back method could be more useful when the data is more scarce.

This is likely because the more information is available during training (i.e.,
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Table 2.4: Performance gain (in % points) of Looking-Back vs TPN on
the test sets when using lower-level information in same-shot (Same) and
higher-shot (Higher) training.

Training approach Dataset 1-shot | 5-shot
minilmageNet | 2.16 1.56
tieredlmageNet | 1.44 0.74
minilmageNet | 0.98 0.61
tieredlmageNet | 1.28 0.48

Same

Higher

Table 2.5: Performance gain (in % points) of Looking-Back when trained
with higher shots compared to training with same shots.

Dataset 1-shot | 5-shot
minilmageNet | 058 | -0.52
tieredlmageNet | 2.22 0.19

the support sets consist of additional examples in higher-shot settings), the
more negligible the information from earlier layers becomes as supportive
information.

In a 1-shot setting, we were still able to observe that the lower-level
information used by Looking-Back models benefits the model performance
when training in the higher shots setting, as summarized in Table 2.5.
However, in the presence of a larger number of images, using lower-level
information during training results in more limited improvements (5-shot
test setting on tieredImageNet) or may have a small detrimental impact
(5-shot test settings on minilmageNet) as shown in Table 2.5. This finding
provides further evidence that the lower-level information has a more
beneficial effect when the data is more scarce.

Why only using the last layer’s information during inference. Both
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Table 2.6: Different layers’ prediction accuracy (in %) on 5-way tasks after
label propagation with same-shot training.

Dataset Setting | 2nd layer 3rd layer 4th layer

minilmageNet 1-shot | 42.24 £0.76 | 50.87 £ 0.81 | 55.91 £ 0.86
5-shot | 58.10 £ 0.72 | 67.07 + 0.69 | 70.99 & 0.68

tieredlmageNet 1-shot | 46.25 £ 0.87 | 54.70 £ 0.93 | 58.97 £+ 0.97
5-shot | 61.12 £ 0.75 | 69.94 &+ 0.74 | 73.59 £+ 0.74

DN4 (Li et al., 2019a) and the dense classification network (Lifchitz et al.,
2019) use the entire expanded feature embeddings of the last layer during
training as well as inference. One of the main reasons we only use the
feature embeddings of the last layer during inference is that the lower-level
information from previous layers is used to augment the graph construc-
tion during training but does not have equal relevance for the prediction
task during inference. In contrast to Looking-Back, in both DN4 and the
dense classification network, the additional information of the expanded
feature embeddings are on the same footing.

To test our hypothesis that the feature embeddings of the last layer bear
the most relevance for the prediction task, we compared the prediction
accuracy of Looking-Back when using different layers for the class label
prediction. As indicated by the results in Table 2.6, the prediction accuracy
of the 4th (last) layer is higher than the prediction accuracy of the 3rd
layer, and the accuracy of the 3rd layer is higher than the accuracy of the
2nd layer, supporting the hypothesis that the last layer contains the most

useful information.
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2.5 Conclusion

In this work, we propose a new approach to FSL that captures additional
information inside the feature extracting network to improve prediction
performance. In particular, the proposed Looking-Back method employs
a graphical structure to utilize the lower-level information from previous
layers’ feature embeddings, which differs from existing methods that only
focus on expansions of the last layer’s feature embeddings. Experiments
on two popular FSL datasets provide evidence that the utilization of lower-

level information in FSL improves the performance of FSL meta-learners.
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3 TRANSMATCH: A TRANSFER-LEARNING SCHEME FOR

SEMI-SUPERVISED FEW-SHOT LEARNING

3.1 Introduction
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Figure 3.1: An overview of meta-learning based semi-supervised few-shot
classification framework. Unlabeled images are required during training
to allow the meta-learner learn how to leverage unlabeled images for
classification.

We believe the sufficient and proper utilization of the extra informa-
tion is crucial to the success of applying few-shot learning. Such extra
information can exist in various forms, while in this work, we focus on
leveraging the extra information from the labeled base-class data and unla-
beled novel-class data. These two types of information are usually easy to
obtain. Many existing large-scale datasets for visual recognition tasks can
be used for pre-training a model which can be later transferred to a new
task. Meanwhile, it is also relatively easy to acquire a large amount of un-

labeled data for a new task. Thus, a new paradigm called semi-supervised
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few-shot learning arises recently.

A representative work for semi-supervised few-shot learning (Ren
et al., 2018) employed the meta-learning framework and enhanced the
prototypical networks (Snell et al., 2017) to use unlabeled data. In each
episode during meta-training, the unlabeled data for base classes was
included to mimic the test scenario where the unlabeled data for novel
classes would be available. Liu et al. (2019) proposed transductive prop-
agation to incorporate the popular label propagation method to utilize
the unlabeled data in episodic training. These works demonstrated that
considering the unlabeled data helped to improve the accuracy of few-shot
classification under the meta-learning framework.

In this section, we propose a new framework for semi-supervised few-
shot learning to fully utilize the auxiliary information from labeled base-
class data and unlabeled novel-class data. The flowchart of our proposed
framework is showed in Fig. 3.2, which consists of three components. We
first train a model using the large amount of labeled data from the base
classes, encoding the knowledge from base-class data into the pre-trained
model. Then this pre-trained model is adopted as a feature extractor to
generate the feature embeddings of the labeled few-shot examples from
the novel classes, which can be directly used to imprint classifier weights
for the novel classes or as the initialization of classifier weights for further
fine-tuning, following the transfer-learning framework (Qi et al., 2018).

Different from meta-learning, unlabeled images are no longer needed
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during pre-training on base classes, and could be directly utilized upon
this imprinted classifier with state-of-the-art semi-supervised method such
as MixMatch (Berthelot et al., 2019). To the best of our knowledge, this
is the first work of semi-supervised few-shot learning under the transfer-
learning framework in contrast to the meta-learning framework.

In summary, the contributions of our work are:

1. We propose a new transfer-learning framework for semi-supervised
few-shot learning, which can fully utilize the auxiliary information

from labeled base-class data and unlabeled novel-class data.

2. We develop a new method called TransMatch under the proposed
framework. TransMatch integrates the advantages of transfer-learning
based few-shot learning methods and semi-supervised learning
methods, and is different from the previous work on meta-learning

based methods.

3. We conduct extensive experiments on two popular benchmark datasets
for few-shot learning to demonstrate that our method can effectively
leverage unlabeled data in few-shot learning and achieve new state-

of-the-art results.
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Figure 3.2: Our proposed framework of transfer-learning scheme for semi-
supervised few-shot learning. We first pre-train a classifier from base-class
images. Then use it as a feature extractor to initialize the weights for novel-
class classifier. Finally, we further fine-tune the novel-class classifier with
unlabeled images by semi-supervised learning method MixMatch.

3.2 Related Work

In this section, we review the related work to our proposed transfer-

learning based semi-supervised few-shot learning framework.

3.2.1 Few-Shot Learning

Few-shot learning has attracted increasing attention in recent years. Exist-
ing work can be roughly categorized into (i) meta-learning methods, and
(ii) transfer-learning methods.

Meta-learning based method: Meta-learning based few-shot learning,
also known as learning to learn, aims to learn a paradigm that can be adapted
to recognize novel classes with only few-shot training examples. Meta-
learning based methods usually consist of two stages: 1) meta-training;

and 2) meta-testing. In the meta-training stage, a sequence of episodes
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are randomly sampled from the examples of base classes where each
episode contains K support examples and Q query examples from N
classes, denoted as an N-way K-shot episode. In this way, the meta-training
stage can mimic the few-shot testing stage where only a few examples
per class are available. The meta-learning based methods can be further
divided into two categories: a) metric-based methods; and b) optimization-
based methods.

a) Metric-based methods have been proposed in many work (Vinyals
et al., 2016; Snell et al., 2017; Sung et al., 2018; Oreshkin et al., 2018; Li
et al., 2019a). These methods mainly focus on learning a good metric to
measure the distance or similarity among support images and query im-
ages. For example, prototypical networks (Snell et al., 2017) calculated the
distance of the prototype representations of each class between supports
and queries. Relation Net (Sung et al., 2018) implemented a network to
measure the relation similarities between the supports and queries.

b) Optimization-based methods aim to design an optimization algo-
rithm that can adapt the information during meta-training stage to the
meta-testing stage. MAML (Finn et al., 2017) learned an optimization
method that can follow the fast gradient direction to rapidly learn the
classifier for novel classes. LEO (Rusu et al., 2019) decoupled the gradient-
based adaptation process with high-dimensional parameters to few-shot
scenarios. However, meta-learning based method needs to construct a

sequence of episodes during meta-training, and requires the model to train
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from scratch in order to adapt the episodic learning process to meta-testing
stage. This introduces complexity into the training. While our method
can use the simpler conventional pre-training, and adapt the pre-trained
model to novel classes at ease.

Transfer-learning based methods: Transfer-learning based methods are
different from meta-learning based methods, as they do not use the episodic
training strategy. Instead, such methods can use conventional techniques
to pre-train a model on the large amount of data from the base classes.
The pre-trained model is then adapted to the few-shot learning task of
recognizing novel classes. Qi etal. (2018) proposed to imprint the classifier
weights of novel classes by the mean vectors of the feature embeddings of
few-shot examples. Qiao et al. (2018) learned a mapping function from the
activations (i.e., feature embeddings) of novel class examples to classifier
weights. Gidaris and Komodakis (2018) proposed an attention module
to dynamically predict the classifier weights for novel classes. Chen et al.
(2019) showed such transfer-learning based methods can achieve com-
petitive performance as meta-learning based methods. Our proposed
framework shares a similar idea with (Qi et al., 2018) by pre-training a
feature extractor and uses it to extract features for few-shot examples from

novel classes which are used to imprint classifiers weights.
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3.2.2 Semi-Supervised Learning

Semi-supervised learning focuses on developing algorithms to learn from
unlabeled and labeled data. Existing work can be roughly categorized into
(i) consistency regularization methods, and (ii) entropy minimization
methods.
Consistency regularization methods: Consistency regularization meth-
ods mainly focus on adding noise and augmentation to images without
changing their label distribution. TI-Model (Laine and Aila, 2017) added
an loss term to regularize the model by stochastic augmentation. Mean
Teacher (Tarvainen and Valpola, 2017) improved IT-Model by using the
exponential moving average of parameters. Virtual Adversarial Train-
ing (VAT) (Miyato et al., 2018) regularized the model by adding local
perturbation on unlabeled data.
Entropy minimization methods: This family of methods focuses on giv-
ing low entropy for unlabeled data. It is initially proposed by Grandvalet
and Bengio (2005) which minimized conditional entropy of unlabeled
data. Pseudo-Label (Lee, 2013) minimized the entropy directly by predict-
ing the labels for unlabeled data and used this in cross-entropy, showing
its good performance.

MixMatch (Berthelot et al., 2019) united different kinds of consistency
regularization and entropy minimization methods and achieved state-of-
the-art performance by a large margin comparing with all the previous

methods. Itis a holistic method in semi-supervised learning and we would
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introduce briefly in Section 3.3.3. Due to its good performance, we adopt
MixMatch in our framework, and we also compared with using other
mainstream semi-supervised learning methods in the experiments. Semi-
supervised learning methods are usually compared on small datasets
(Oliver et al., 2018; Berthelot et al., 2019; Miyato et al., 2018) where there
is a small amount of labeled data. But the number of labeled images in
typical semi-supervised learning is still greater than few-shot learning. The
techniques for semi-supervised method may not be directly used for few-
shot setting, which is also demonstrated in our experiments that naively
applying MixMatch to few-shot learning may lead to poor performance

especially in 1-shot and 2-shot.

3.2.3 Semi-Supervised Few-Shot Learning

When there are few-shot examples for novel classes, it is straightforward
to utilize extra unlabeled data to improve the learning. This leads to the
family of semi-supervised few-shot learning methods (SSFSL). There are
very few works in this direction. Ren et al. (2018) extended prototypical
networks to incorporate unlabeled data by producing prototypes for the
unlabeled data. Liu et al. (2019) constructed a graph between labeled
and unlabeled data and utilize label propagation to obtain the labels
of unlabeled data. Li et al. (2019b) applied self-training by adding the
confident prediction of unlabeled to the labeled training set in each round

of optimization.
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However, all existing semi-supervised few-shot learning methods are
meta-learning based methods as in Fig. 3.1. As showed in (Chen et al.,
2019), transfer-learning based method can achieve competitive perfor-
mance compared with meta-learning based methods. This motivates our
work. We need to emphasize that meta-learning based methods have
shown their success to utilize unlabeled data by integrating unlabeled
data in episodic training. However, this episodic training strategy is dif-
ferent from typical semi-supervised learning and it is not appropriate to
combine them together directly. The techniques of leveraging unlabeled
data in existing SSFSL methods are not state-of-the-art in semi-supervised
areas and the more powerful and holistic methods like MixMatch would
be difficult to integrate in meta-learning framework. Meanwhile, directly
applying semi-supervised methods to utilize unlabeled data during test
may lead to bad performance due to the extreme small number of labeled

data.

3.3 The Proposed Framework

In this section, we introduce our proposed transfer-learning framework for
semi-supervised few-shot learning. The flowchart is illustrated in Fig. 3.2,
which contains three modules: 1) pre-training a feature extractor on base-
class data; 2) use the feature extractor to extract features from novel-class

data and imprint novel-class classifier weights; and 3) further fine-tuning
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the model by semi-supervised learning method. Before elaborating the
details of each module, let us first introduce our problem definition.

Problem definition: We have a large-scale dataset Dy, 4. containing many-
shot labeled examples from each base class in Cyqse and a small-scale
dataset D4y Of only few-shot labeled examples and many-shot unla-
beled examples from each novel class in Cy,ove1, Where Cp oy is disjoint
from Cyqse. The task of semi-supervised few-shot learning is to learn a
robust classifier using both the few-shot labeled examples and many-shot
unlabeled examples in D, 4,1 With the examples in Dy e as auxiliary
data. Usually in a conventional few-shot learning task, a small support set
of N classes with K images per class is sampled from D, ,y.1, leading to
the N-way-K-shot problem. In semi-supervised few-shot learning, addi-
tional U unlabeled images are sampled from each of the N novel classes

or distractor classes.

3.3.1 Part I: Pre-train Feature Extractor

The first module of our framework, as showed in the left part of Fig. 3.2, is
a pre-training module, which relies on the many-shot examples from base
classes, Dy qse, to train a base model which encodes as much as possible the
information of Dy, s and can be used in the later stage of few-shot learning
as prior information, similar to human intelligence. This is different from
conventional meta-learning based few-shot learning as showed in Fig. 3.1,

where an episodic training strategy is employed for base classes as well to
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mimic the few-shot scenario in the testing phase.

3.3.2 Part II: Classifier Weight Imprinting

The weight imprinting method was proposed by Qi et al. (2018), and has
achieved impressive performance in the few-shot learning task as a repre-
sentative of transfer-learning based few-shot learning method. Specifically,
it directly sets the classifier weights by the mean feature vectors of the
N-way-K-shot examples, where features are obtained by the model from
the pre-training stage. For convenience, we denote the classifier on large
scale base classes as f(x) = f°25¢(f¢(x)), where x is an input example, f¢(-)
is the feature extractor and f°¢(.) is the classifier. We have f¢(x) € R¢
and fbase(.) € RlCvasel,

Given the N-way-K-shot examples from novel classes and let us denote
them as Dyover = {Xglk=1.k, c=1..N} With x}, as the k-th example in c-th
class. We can use the feature extractor learned on base classes to extract
features for the N-way-K-shot examples, denoted as f¢(x},). Meanwhile,
let us write the classifier for novel classes as f™°V¢'(x) = W'’x, where
W = [wy, ..., wn] € RN, Note that we omit the bias for simplicity. By
normalizing the weight w. and the feature vector x onto a unit ball, the

aforementioned equation can be further simplified as

frovel(x) = [cos(0(wy, X), ..., cos(8(wn, x))], (3.1)
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where 6(wj, x) denotes the angle between w; and x, and the classification
for a given example x is based on computing the cosine similarity between
every wy and x, and predict the label of x based on maximum similarity
score.

In this sense, there is a duality between w; and x. Based on this obser-
vation, weight imprinting uses the mean feature vectors of the few-shot

examples to imprint w, i.e., by setting

W, =

K
> fe(xg). (3:2)
k=1

=

The classification of an given example x can be also deemed as computing
the mean of the similarities between x and all K-shot examples.

By imprinting the classifier weights with mean feature vectors of the
few-shot examples, it provides a better initialization of classifier weights
to reduce the intra-class variations of features and benefits fine-tuning
the new classifier for novel classes. Experimental results show that it can

achieve good performance even without fine-tuning.

3.3.3 Part III: Semi-Supervised Fine-tuning

After we get the classifier which fully absorbs the information from base
classes with a better initialization by imprinting, we fine-tune this classifier
during test when there is unlabeled data. This fine-tuning process is the

same as semi-supervised training. Any semi-supervised learning can
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be applied, and in this work we employed MixMatch (Berthelot et al.,
2019) not only because of its excellent performance in the semi-supervised
learning task, but also because it is a holistic method to leverage unlabeled
data in semi-supervised learning area.

MixMatch combines multiple existing improvements from state-of-
the-art semi-supervised learning methods which is discussed in Section
3.2.2. In our setting, we denote £ = {(x;,pi)}F_; as a mini-batch of B
labeled examples with p; as the label, and U = {x,}\._; as a mini-batch of
U unlabeled examples. The imprinted classifier from Part II can be used to
obtain estimated labels for the examples in U, i.e., f*°V¢!(x,,). We will omit
the superscript ™°Ve! for the ease of illustration when there is no confusion.
For robustness, we augment each example M times to get M versions
of each unlabeled data, i.e., {xy 1, ..., Xu,m}, and use the mean prediction
as the label estimation: p, = 77 S M f(xy1). The sharpen operation is
used to enhance to prediction as p,, = f)i/ Z]N:l (]Bu)]%, weset T =0.5in
the experiments. The same data augmentation is also applied to labeled
examples in £. Following Berthelot et al. (2019), we concatenate £ and U
and shulffle the examples, i.e., W = Shuffle(Concat(£, U)), and then split

this set into two new sets:

X, = (MixUp (£, W)  liel,..., I,

X = {MixUp (Ui, Wiyie)) i€ 1., U},
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where MixUp is defined as

MixUp ((x1, 1), (x2,P2))

= (A% + (1 =A")x2), (A'p1 + (1 —A")p2)) (3.3)

with A’ = max(A, 1 — A). The parameter A is randomly generated from a

beta distribution Beta(«, «). The objective function to minimize is defined

as
{= €1 +’Y€2, (34)
where
1
0 = —T > plog(f(x)), (3.5)
U (xp)exi
is cross-entropy loss, and
1 2
b=<mn D =l (3.6)
NI[X| ( )
xp)eX;

is consistency regularization loss in (Sajjadi et al., 2016). The details of

our algorithm is summarized in Algorithm 1.

3.4 Experiments

In this section, we evaluate our proposed TransMatch and compare with

state-of-the-art few-shot learning methods on two popular benchmark
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Algorithm 1 Algorithm for our proposed TransMatch
Input: An auxiliary dataset Dy 45 With examples from Cyqse, N-way-K-
shot dataset D, ={xni,pn=1,--- ,N; k=1, --- ,K} with p € Covel,
and D, ={x ju=1,---,U}
Output: N-way-K-shot classifier f*°V¢! for novel classes in Cyovet
1: Pre-train a base network on all examples in Dy 5. and denote it as
fbase (fe (X) );
2: Apply the feature extractor f¢(x) to imprint the novel classifier f*°vet
based on Dy;
3: Apply semi-supervised learning method, MixMatch, to update the
novel classifier f*°ve! with both D, and D,,;

datasets for few-shot learning, including minilmageNet and CUB-200-
2011.

3.4.1 Experiments on minilmageNet

Dataset configuration: The minilmageNet dataset was originally pro-
posed by Vinyals et al. (2016). It has been widely used for evaluating few-
shot learning methods. It consists of 60,000 color images from 100 classes
with 600 examples per class, which is a simplified version of ILSVRC
2015 (Russakovsky et al., 2015). We follow the split given by Ravi and
Larochelle (2017) consisting of 64 base classes, 16 validation classes and 20
novel classes. We randomly select K (resp. U) examples from each novel
class as the few-shot labeled (unlabeled) examples, and Q images from
the rest as the test examples. In the experiments, we set N =5, K = {1, 5},
Q = 15 and study the effect of using different values of U. We repeat the

test experiments 600 times and report the mean accuracy with the 95%
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confidence interval.

Compared methods: The minilmageNet dataset has been widely used
for evaluating the performance of few-shot learning methods, and is a
good benchmark to compare state-of-the-art methods. In particular, we
compare with several conventional few-shot learning methods, as well
as state-of-the-art semi-supervised few-shot learning methods includ-
ing the semi-supervised extension to Prototypical Networks by Ren et al.
(2018) (Soft k-Means, Soft k-Means+Cluster, Masked Soft k-Means), and
TPN-semi by Liu et al. (2019). We also re-implement Soft k-Means, Soft
k-Means+Cluster, Masked Soft k-Means with the same backbone (i.e.,
WRN-28-10) as our method for fair comparison. As the area of semi-
supervised few-shot learning has not been explored much yet, we also
conduct extensive experiments to evaluate the performance of utilizing
unlabeled data by our TransMatch under different few-shot settings.
Implementation details: Following the work (Qiao etal., 2018) for transfer-
learning based method on minilmageNet, we use the wide residual net-
work (i.e., WRN-28-10) (Zagoruyko and Komodakis, 2016) as the back-
bone for our base model f*$¢. We train it from scratch using the examples
from the base classes. In particular, we first train a WRN-28-10 classifi-
cation network on all examples from the 80 base and validation classes.
We then replace the last layer of this network by a 256-d fully connected
layer, followed by a L2 normalization layer and a 80-d classifier. We set

the batch size to 128, and set learning-rate to 0.01 for the last two layers
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and 0.001 for all other layers. We reduce the learning rate by 0.1 every 10
epochs and train for a total of 28 epochs.

The base classifier f°@5¢ is used as the feature extractor to generate
feature vectors for the few-shot examples from novel classes. We use
the few-shot labeled examples to fine-tune the base classifier to novel
classes. We also augment each labeled image for 10 times by random
transformation and use the mean features to imprint the weights for novel
classifier. We use a batch size of 16, and set 64 batches as an epoch!. We
set weight decay to 0.04, learning rate to 0.001, and use SGD optimizer
with a momentum of 0.9. For the fine-tuning stage, we set the parameters
of MixMatch as follows. We set M (the times for augmentation) to 2,
T (the temperature for the label distribution) to 0.5, y (the weight for
regularization term) to 5, « (the parameter in Beta distribution) to 0.75.
Meanwhile we use an exponential moving average for model parameters
when guessing labels. For 5-way-1-shot scenario, we fine-tune for 10
epochs when there are 20 or 50 unlabeled images, and 20 epochs when
there are 100 or 200 unlabeled images. For 5-way-5-shot scenario, we
fine-tune for 20 epochs when there are 20 and 50 unlabeled images, and 25
epochs when there are 100 and 200 unlabeled images. All the test results

are based on 600 random experiments.

!We duplicate the labeled images dataset to make it larger, so that each batch may
contain the same image multiple times.
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Method # unlabeled 1-shot 5-shot

Imprinting — 58.68+0.81 | 76.06+0.59
Imprinting+FT 0 55.60+0.77 | 74.17+0.60
TransMatch 20 58.43+0.93 | 76.43+0.61
TransMatch 50 61.21+1.03 | 79.304+0.59
TransMatch 100 63.02+1.07 | 81.1940.59
TransMatch 200 62.93+1.11 | 82.2440.59
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Table 3.2: Accuracy (in %) with different number of unlabeled images on
minilmageNet. Best results are in bold.

Results on minilmageNet: The results are summarized in Table 3.1. It
is not surprising that our method outperforms conventional few-shot
learning methods without using unlabeled by a large margin, as showed in
the top portion of Table 3.1. Our method also outperforms state-of-the-art
semi-supervised few-shot learning methods, which can be observed from
the middle portion of Table 3.1. These results clearly show the superiority
of our TransMatch as its effective utilization of information from unlabeled
data.

Influence of unlabeled examples: In Table 3.2, we report the results
using different numbers of unlabeled images. Note that Imprinting+FT
stands for fine-tuning the imprinted classifier without unlabeled data. It
is obvious that our TransMatch could achieve better performance with
more unlabeled images. We also observe that the results begin to saturate
after 100 unlabeled images for 1-shot setting. In general, the results show

that our TransMatch can effecively utilize the unlabeled data.

Ablation study: We conduct an ablation study of our method without
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Table 3.3: Comparison of our method using different semi-supervised
learning methods (i.e., Pseudo-Label and MixMatch) in our framework
both with 100 unlabeled images for 5-way classification on minilmageNet.

Imprinting or MixMatch. Without Imprinting, our method reduces to
semi-supervised learning method, i.e., MixMatch (INote here the feature
extractor is still already trained from base classes) and without MixMatch,
our method reduces to Imprinting. The results are showed in Fig. 3.3. It is
clear that both MixMatch and Imprinting are worse than our TransMatch.
The inferior performance of MixMatch to our TransMatch clearly shows
that directly applying MixMatch to the few-shot setting cannot lead to
good performance especially in 1-shot and 2-shot setting. This is due to the
lack of labeled data, which makes it hard to fine-tune the classifier during
test when there is unlabeled data. However, our proposed TransMatch can
obtain a good initialization by incorporating weight imprinting module.
We also observe a larger gain by our TransMatch over MixMatch

when using a smaller number of shots. The gain showed in Fig. 3.3 is
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Figure 3.3: Comparison of Imprinting, MixMatch and our TransMatch
both with 100 unlabeled images for 5-way classification with different
number of shots on minilmageNet.

{11.02,4.28,2.92,1.73,1.22} in {1, 2, 3, 4, 5}-shot setting. This is reasonable
and worth attention as fewer shots means fewer labeled examples, which
makes fine-tuning more difficult. Therefore, the importance of weight
imprinting to give the classifier good initial weights becomes more evident.
Comparing different semi-supervised learning methods: In addition to
MixMatch (Berthelot et al., 2019), in this section, we also compare with
other semi-supervised learning methods (i.e., Pseudo-Label (Lee, 2013))
in order to understand the influence the semi-supervised learning module.
The results, showed in Table 3.3, are consistent with our observations when
using MixMatch as semi-supervised learning module. Since Pseudo-Label

is worse than MixMatch, the overall performance of our method using



Distractor Method 1-shot 5-shot

— Imprinting | 58.68 + 0.81 | 76.06 £ 0.59
1-class MixMatch | 50.14 +1.06 | 79.32 + 0.63
TransMatch | 62.32 + 1.04 | 80.28 + 0.62

9-class MixMatch | 50.68 + 1.15 | 78.07 4 0.69
TransMatch | 60.41 + 1.02 | 79.48 + 0.64

3-class MixMatch | 49.48 +1.16 | 77.48 + 0.66
TransMatch | 59.32 + 1.10 | 79.29 + 0.62
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Table 3.4: Accuracy (in %) of MixMatch and our TransMatch with 100
unlabeled images from {1, 2, 3} distractor classes on minilmageNet. Note
that Imprinting does not use any unlabeled image.

Pseudo-Label is also worse than using MixMatch.

Influence of distractor classes: In typical semi-supervised learning, un-
labeled images come from the same classes for the labeled images. This
may not reflect realistic situations in real-world application. So we also
study the influence of distractor classes, and report the results of Imprint-
ing, MixMatch, and our TransMatch when there are unlabeled images
from various distractor classes. In our experiments, distractor classes are
randomly chosen from the remaining classes which are disjoint with the
novel classes during test. The results are showed in Table 3.4. We can
observe that all the results for MixMatch degrade due to the distractor

classes, while our TransMatch still outperforms Imprinting in all cases.

3.4.2 Experiments on CUB-200-2011

Dataset configuration: The CUB-200-2011 dataset (CUB) is originally

proposed by Wah et al. (2011) and contains 200 fine-grained classes of
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birds with 11,788 images in total (about 30 images per class for support
images and 30 images per class for query images). We strictly follow the
setup in (Qi et al., 2018) to ensure a fair comparison. In particular, we use
the standard train/test split provided by the dataset, and treat the first
100 classes as the base classes Cyqse and the remaining 100 classes as the
novel classes Cy,ove1. Therefore, we have N = 100. We use all the training
examples from the base classes for large scale pre-training to obtain the
base model f°?¢¢ and use the few-shot examples from the novel classes to
train f™°v¢!. In the experiment, we set K to {1, 2,5, 10,20} and use the rest
images {29, 28,25, 20, 10} as unlabeled images for support images. All the
remaining 30 images are still used for query images.

Implementation details: We are interested in performance of our Trans-
Match on the 100 novel classes, i.e., the transfer-learning setting in (Qi et al.,
2018). In order to ensure fair comparison, we follow Qi et al. (2018) and
use Inception_v1 as our network backbone. We set the dimension of the
fully connected embedding layer to 256, followed by an L2 normalization.
We resize the input images to 256 x 256 and then randomly crop to 224 x 224.
During the large scale pre-training stage, we set the initial learning rate
to 0.001 and a 10x multiplier for the embedding layer and classification
layer. We reduce the learning rate by 0.1 after every 30 epochs, and train
the model for a total of 90 epochs. During the fine-tuning stage, we set
the number of batches to 64 for each epoch with a batch size of 64. By

default, we set the weight decay to 0.0001, use a learning rate of 0.001, and
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Model K= 1 2 5 10 20
Imprinting 26.08 | 34.13 | 43.34 | 4891 | 52.94
Imprinting+FT | 26.59 | 34.33 | 49.39 | 61.65 | 70.07
MixMatch 2293 | 30.24 | 56.41 | 67.13 | 73.00
TransMatch 28.02 | 38.05 | 59.83 | 68.60 | 74.61

Table 3.5: Accuracy (in %) comparison on CUB-200-2011. Best results are
in bold.

train the model for 100 epochs. For the extreme case of 1-shot and 2-shot
settings (100-way), we set the weight decay to 0.04, the learning rate to
0.0001 and early stopping at 10 epochs in order to avoid overfitting.

Results on CUB-200-2011: We follow Qi et al. (2018) to report the results
of their proposed Imprinting, and Imprinting+FT. Then we evaluate the
performance of our proposed TransMatch using different numbers of
shots and unlabeled images. We compare TransMatch with Imprinting
and MaxMatch in Table 3.5, and the results show our proposed TransMatch
achieves the best result which demonstrates its effectiveness in utilizing
auxiliary labeled base-class data and unlabeled novel-class data. Table 3.6
shows the results of our TransMatch using different numbers of unlabeled
images, and we can observe that better performance can be achieved
with more unlabeled data. These results are similar to the results on

minilmageNet dataset.
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Model # unlabeled | 5-shot | 10-shot
Imprinting (Qi et al., 2018) — 43.34 | 4891
Imprinting+FT (Qi et al., 2018) 0 49.39 | 61.65
TransMatch 5 52.90 63.79
TransMatch 10 54.78 66.21
TransMatch 15 56.86 67.71
TransMatch 20 59.25 68.60

Table 3.6: Accuracy (in %) comparison using different numbers of unla-
beled images on CUB-200-2011.

3.5 Conclusion

While almost all existing semi-supervised few-shot learning methods are
based on the meta-learning framework, we propose a new transfer-learning
framework for semi-supervised few-shot learning to effectively explore
the information from labeled base-class data and unlabeled novel-class
data. We develop a new method under the proposed framework by in-
corporating the state-of-the-art semi-supervised and few-shot learning
methods, leading to a new method called TransMatch. Extensive experi-
ments on two popular few-shot learning datasets show that our proposed
TransMatch achieves the state-of-the-art results, which demonstrate its
effectiveness in utilizing both the labeled base-class data and unlabeled

novel-class data.
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4  SIMPLE POST-HOC WORK CAN IMPROVE SUPERVISED

AND SEMI-SUPERVISED FEW-SHOT LEARNING

41 Introduction

Although few-shot learning (FSL) has seen noticeable progress in recent
years. However, many methods require complicated setups and extensive
computational resources. This is exacerbated in semi-supervised few-shot
learning, where the goal is to utilize additional unlabeled data.

For supervised FSL, most of work focuses on adopting meta-learning
framework where the feature extractor needs to train from scratch on
base-class data to adapt for novel-class data, which causes inconvenience
in practice. Only a small number of methods consider training a feature
extractor on base-class data using a conventional supervised approach and
consider how to adapt the regular feature extractor for novel-class data.
Recently, a feature-level based method called Distribution Calibration
(Yang et al., 2021) achieved new state-of-the-art results by generating
simulated features for novel-class data, demonstrating the effectiveness of
this group of methods.

Semi-supervised FSL is another emerging topic that gained momentum
in recent years. Methods that utilize unlabeled data for FSL in a semi-
supervised context include designing additional modules or use graph

structures in a meta-learning setting to incorporate the unlabeled data (Ren
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et al., 2018; Li et al., 2019b; Liu et al., 2019; Kim et al., 2019; Yang et al.,
2020). This shows that utilizing unlabeled data in FSL usually relies on
meta-learning based modules. However, the recent TransMatch (Yu et al.,
2020) method showed that it can efficiently employ unlabeled data in a
transfer-learning approach by weight imprinting. However, TransMatch
still requires fine-tuning the backbone to absorb unlabeled data, which is
computationally expensive.

To design a simple and practical approach to FSL, we formulate post-
hoc FSL with the following two conditions: (1) the feature extractor is
pre-trained on base-class data in a regular supervised fashion, and (2) the
feature extractor is not fine-tuned using novel-class samples. Furthermore,
we raise the question, can we achieve state-of-the-art performance in supervised
and semi-supervised FSL in this simple way?

Currently, none of the aforementioned semi-supervised FSL methods
meet the two conditions for post-hoc FSL defined above, which are very
important for the application of few-shot data in practice. Firstly, many
state-of-the-art models for computer vision are trained as regular classi-
fiers. Re-training a model designed for few-shot data is complicated and
computationally expensive. Secondly, generating features from a fixed
feature extractor — for example, a computer vision model that has been
pre-trained on a large dataset and is publicly available — is cheap but fur-
ther fine-tuning is expensive and sometimes not feasible, which limits the

adoption of FSL in many application areas such as biomedical research
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and medical imaging. We define FSL based on regularly pre-trained fea-
ture extractors that do not require fine-tuning as post-hoc FSL. We believe
post-hoc FSL is simple, fast, useful in practice.

In this paper, for supervised FSL, we propose a simple post-hoc method
called TOL (Transformation of features with One-vs.-rest Logistic regres-
sion). Specifically, we transform the N-way classification problem into a
multiple binary classification problem, and the baseline multi-class logistic
regression model is replaced with a one-vs.-rest (OvR) logistic regression
model. Then, the extracted features are transformed by power transforma-
tion and standardization to improve the performance further. Our simple
TOL method does not require any complicated adaptation for few-shot
data, and it shows a substantial performance improvement compared to
baseline models, achieving state-of-the-art results for supervised FSL.

For semi-supervised FSL, we develop a method called DCP (Distri-
bution Calibration for the Post-selection of unlabeled data). Here, we
first generate pseudo-labels for unlabeled data using a trained classifier
based on the Distribution Calibration method (Yang et al., 2021) designed
for supervised FSL. Then, we select the unlabeled data with a sharp pre-
diction distribution (we call it post-selection). By adopting Distribution
Calibration again for unlabeled data, we compute nearest base-class statis-
tics for extracting features based on these unlabeled samples. Finally, the
generated features, which are based on the selected unlabeled data and

the original labeled data, are used to train the final classifier. Our simple



57

Method 1: TOL (ours) Supervised FSL

O Feature transformation
Q One-vs.-rest logistic regression

(2]
» 3 o
I ] =
£ ;
Feature Extractor Pre-Training - e
; o
o
2
© . .
2 Semi-Supervised FSL
Base Class 0
o
=
l L 8
° (0]
B I
Method 2: DCP (ours) Q
QO Pseudo-labeling =1 Novel T Unlabeled
O Selecting sharp-distributed data Class Novel
. . h . . . ovel s [
O Adopting Distribution Calibration Class f.lsq

U Logistic regression

Figure 4.1: Illustration of post-hoc FSL with a regular-trained fixed feature
extractor trained on base classes and our TOL and DCP methods applied
to novel classes.

post-hoc method achieves new state-of-the-art results in semi-supervised
FSL. To the best of our knowledge, we are among the first to develop a
post-hoc method for semi-supervised FSL.

Figure 4.1 summarizes our methods and our contributions are four-

fold:

1. We define the concept of post-hoc FSL, which is based on pre-trained
feature extractors that do not require fine-tuning for novel-class data.

It is simple and useful for practical applications of FSL.
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2. We propose the TOL method for supervised post-hoc FSL that recasts
the FSL multi-class setting as a multiple binary classification problem

with transformed features.

3. We develop the DCP method for semi-supervised post-hoc FSL,
which adopts Distribution Calibration (Yang et al., 2021) with a post-
selection scheme to leverage unlabeled data effectively. We further
show post-selection alone is not sufficient for achieving good perfor-
mance in a semi-supervised FSL setting, and Distribution Calibration

is an essential component in our method.

4. Extensive experiments on two popular benchmark datasets demon-
strate the simplicity and effectiveness of our proposed post-hoc meth-

ods, TOL and DCP for supervised and semi-supervised FSL.

4.2 Related Work

4.2.1 Supervised Few-Shot Learning

Meta-learning methods are the most influential methods for FSL. Episodic
training strategies are used for training the feature extractor to mimic the
test task scenario where few-shot images are provided. Meta-learning can
be grouped into several subcategories. Metric-based methods focus on
learning similarities between support and query images (Vinyals et al.,

2016; Snell et al., 2017; Sung et al., 2018; Li et al., 2019a). Optimization-
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based methods aim to develop optimization algorithms to quickly adapt
parameters from base classes to novel classes (Finn et al., 2017; Nichol et al.,
2018; Rusuetal., 2019; Lee et al., 2019). Graph-based methods utilize graph
structures to learn the relationship between supports and queries (Garcia
and Bruna, 2017; Liu et al., 2019; Kim et al., 2019; Yang et al., 2020). These
meta-learning methods are designed for few-shot tasks, where the feature
extractor is not trained for conventional image understanding.

While transfer-learning based methods constitute a small subset of
FSL, these methods have recently gained more momentum due to the
simplicity compared to meta-learning. Unlike meta-learning, transfer-
learning based FSL methods train the feature extractor on base-class data
in a conventional supervised fashion. The pre-trained models are then
directly adapted to novel-class data (Qi et al., 2018; Qiao et al., 2018; Wang
et al., 2019; Mangla et al., 2020; Chen et al., 2019; Yang et al., 2021). Some
recent works also extend to a transductive setting by utilizing the fea-
tures of queries (Guneet S. Dhillon, 2020; Jinlu Liu and Qin, 2020). Most
transfer-learning methods do not add specific modules for few-shot tasks.
Consequently, a traditional pre-trained image classification model can be
used without modification in those few-shot settings. The recently pro-
posed Distribution Calibration (Yang et al., 2021) uses nearest base-class
features to generate samples for novel-class features, which resulted in an
astonishingly good performance. Our work shows that a simple and fast

transformation of the classification problem and features can also achieve
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state-of-the-art results.

4.2.2 Semi-supervised Few-shot Learning

Semi-supervised FSL aims to utilize unlabeled data for FSL (Ren et al.,
2018). However, traditional semi-supervised methods are hard to adapt
to few-shot settings (Miyato et al., 2018; Berthelot et al., 2019; Tarvainen
and Valpola, 2017). Hence, Ren et al. (2018) developed a masked soft K-
means method for unlabeled samples based on ProtoNet. Another method,
LST (Lietal., 2019b), used a self-training strategy to adapt to cherry-picked
unlabeled samples. While graph-based methods (Liu et al., 2019; Yang
et al., 2020; Kim et al., 2019) can incorporate unlabeled data naturally into
the graph structure, these methods are based on meta-learning, which is
not compatible with our desire to develop a simple post-hoc method for
utilizing unlabeled data.

TransMatch (Yu et al., 2020) utilizes a transfer-learning framework
and is successful in combining it with a rather complex semi-supervised
method called MixMatch (Berthelot et al., 2019), which can be directly
employed for unlabeled data. However, the entire backbone architecture
needs fine-tuning when using MixMatch, which is very compute-intensive
compared to our simple post-hoc method for semi-supervised FSL. Al-
though there are several post-hoc methods for supervised FSL, no notable
work has used a simple post-hoc method for unlabeled data, indicating

the gap between regular semi-supervised learning and semi-supervised
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FSL. In this paper, we propose a method based on pseudo-labeling (Lee,
2013) and the recent Distribution Calibration method (Yang et al., 2021)
where we build supportive samples from post-selected unlabeled data.
Unlabeled data can be leveraged well by this simple post-hoc method. We
also show that post-selection alone is not the panacea for semi-supervised
post-hoc FSL and requires more thoughtful design choices such as using

Distribution Calibration.

4.3 Problem Definition

Suppose Dy qse represents a relatively large dataset that contains many-
shot labeled samples from base classes Cyqse. Furthermore, Dy oy repre-
sents a relatively small dataset containing few-shot labeled samples from
novel classes Cpovel, Where Cpovet [ Coase = 0. For supervised FSL, a
labeled support dataset of N classes from €,y With K images per class
is sampled from Dy, 4ye1. The task is to learn a classifier for these N classes
based on this support dataset, which is denoted as a N-way K-shot prob-
lem. For semi-supervised FSL, an extra number of unlabeled images U per
class are sampled from these N classes and provide additional information
for training the classifier.

The setting of our practitioner-friendly and cost-effective post-hoc

method is defined as follows:

1. A general feature extractor is trained on Dy, 4 s for image classification



62

in a conventional fashion, such that it lends itself to a "quick & easy"

adoption for FSL in practice.

2. After training on Dy 4, the feature extractor remains fixed when it
is applied to novel-class images in Dy ye1. The rationale behind this
design decision is that fine-tuning a complex neural network is com-
putationally expensive, while training a classifier on the extracted

features is simple and cheap.

The feature extractor outlined above produces feature vectors from
images in Dy qse and Dy ove1 Wherein the post-hoc setting these features
remain fixed. Regarding the first condition of the post-hoc setting out-
lined above, the feature extractor is trained as wide residual network (i.e.,
WRN-28-10) (Zagoruyko and Komodakis, 2016) in a conventional way
for image understanding as used in (Mangla et al., 2020) and the Distri-
bution Calibration method by Yang et al. (2021). The model is trained on
all base-class images, and a self-supervised technique, predicting image
rotations (Spyros Gidaris, 2018), is employed for generating better fea-
tures. Note that the self-supervised technique is not specifically designed
for FSL. Since the feature extractor needs to remain fixed and no further
fine-tuning is allowed in the post-hoc setting, we only keep the extracted
features (represented as a 640-dimensional vector) for all base-class and
all novel-class images. All of the following methods are built based on the

extracted features following Yang et al. (2021).
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4.4 Our Post-Hoc Method for Labeled Data

In this section, we first recap the recent Distribution Calibration (Yang
et al., 2021) method, which is used for comparison with our supervised
method and employed in our semi-supervised setting which will be cov-
ered in Section 4.5. Then, we introduce our proposed simple post-hoc
method TOL, which combines feature transformation with one-vs.-rest
logistic regression. Note that since Distribution Calibration uses logistic
regression as a baseline due to its simplicity, our post-processing work for
labeled data is also based on logistic regression to allow for a fair com-
parison. TOL contains two modules that can be summarized as follows:
(1) transform the regular multi-class (multinomial) logistic regression to
one-vs.-rest binary logistic regression; (2) apply a power transformation

and standardization to the extracted features.

4.4.1 Regular Multi-Class Logistic Regression

In regular logistic regression for multi-class data, for each few-shot dataset

containing N-way K-shot labeled samples D,, the prediction {J of each

exp(a)
Z)Nzl exp(aj)

a=W'x+band{,ac R". The loss is computed as the multi-category

sample x is calculated via the softmax function: {j = , where

cross-entropy loss:

N
L= ) ) —yjlog(t), (41)

x,y€Dy j=1
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where y is the true one-hot label corresponding to x. The multinomial

model is used as a performance baseline.

4.4.2 Recap of Distribution Calibration

Distribution Calibration (Yang et al., 2021) aims to generate samples from
nearest base-class features for the labeled few-shot support data, which
establishes a bridge between few-shot learning and many-shot learning.
Specifically, for Dy qse, pi denotes the mean of the extracted features cor-
responding to the i-th base class:

Z;‘Sizl Xj

Si

i = (4.2)

The covariance matrix X; for the i-th base class is defined as follows:

1

2= — 1 ;(Xj — ) (x5 — )T, (4.3)

Si

where x; is the j-th sample in the i-th base class and s; the total number of
samples in the i-th base class.
In a N-way K-shot dataset D; on novel classes Cy ovel, the features for

each sample are first transformed to make it more normal-distributed via

A, (4.4)

H
I
b

After that, k nearest base classes €, cqr With respect to X are selected by
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the distance ||x — p;]%.
A calibrated mean and a calibrated covariance matrix are computed
based on the novel-class sample and the corresponding k-nearest base

classes as follows:
* Zigenear Mi’ + X

4.

p I R (4.5)
. .

o — Zﬁ% + (4.6)

4

where k and « are both hyperparameters. The total number of 2 ‘similar
samples are sampled from the following Normal distribution: N(p*, 3*),
where S is a hyperparameter for the desired number of generated samples
in one class.

Then, for each sample x, there is a corresponding generated dataset
Dy. The whole generated dataset for all samples in Dy is Dpc = Uyep, Dx-

Dpc is then used together with the original few-shot samples to train the

classifier.

4.4.3 Owur Proposed TOL

Our simple TOL method relies on the transformation of features and
one-vs.-rest (OvR) logistic regression, which we describe in this section.

First, we consider transforming the few-shot multi-class problem to
a binary classification problem, where multiple classifiers are built in an

OvR (Bishop, 2006) fashion. In the N-way K-shot task Dy, for j-th novel
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class, we consider a binary logistic regression based on all the samples
from class j (positive samples) and all samples in the remaining classes
(negative samples). Then the probability of one given sample’s feature x

belonging to the j-th class is calculated as
P = Sigrnoid(W]-Tx +bj). (4.7)

We build N binary logistic regression for all the novel classes in this task
and compute the membership probability for each class as {p1, p2, ..., P~}

Then the final prediction of each class {j is normalized across all p;:

N Pj
g= : (4.8)
Z]N:1 Pj

When building multiple classifiers, we use the optimization algorithm
Liblinear (Fan et al., 2008), which is a coordinate descent algorithm de-
signed for an OVR setting.

In addition to the transformation of the classification problem, we
also consider the transformation of the extracted features that serve as
input to the OvR model. First, a power transformation is applied to the
features (Eq. 4.4). Next, we standardize the features. Considering the
features from the last step of power transformation X = (x, ..., Xe40), the

~ 640
standardized features are computed by *—*, where v = %. Then, the

T 0a—v)? The

standard deviation o of the feature vector is computed as By

transformed data is used for training the aforementioned OvVR regression
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model.

4.4.4 Experiments

We show that using an OvR logistic classifier, we can achieve high perfor-
mance in a rather simple way: without requiring expensive data processing
procedures, we simply feed novel data to the classifier, which is then able
to produce predictions with high accuracy. This is a phenomenon that is
largely ignored in FSL literature.

We compare our proposed TOL with other state-of-the-art methods on
two popular few-shot datasets: minilmageNet (Vinyals et al., 2016) and
CUB-200-2011 (Wah et al., 2011).
minilmageNet is a simplified version of ILSVRC 2015 (Russakovsky et al.,
2015) that is widely used in FSL. It contains 60,000 color images of size
84 x84 from 100 classes with 600 images per class. Following the common
practice, we use the same split of 64 base classes, 16 validation classes, and
20 novel classes as described in (Ravi and Larochelle, 2017).
CUB-200-2011 (Wah et al., 2011) is a fine-grained dataset for few-shot
bird classification. It contains 11,788 color images of size 84 x84 from 200
classes. We use the same split of 100 base classes, 50 validation classes,

and 50 novel classes as (Hilliard et al., 2018).

Implementation details. We use the same features for all base-class im-

ages and novel-class images to enable a fair comparison with the official
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Table 4.1: Accuracy (in %) on minilmageNet and CUB with 95% confidence
interval on supervised FSL. Best results are highlighted in bold.

minilmageNet CUB
Method 1-shot i 5-shot 1-shot 5-shot
MAML (2017) 48.70+£1.84 55.31+0.73 | 55.92+0.95 72.094+0.76
ProtoNet (2017) 49.4240.78 68.204+0.66 | 51.31+0.91 70.7740.69
Matching Net (2016) | 43.56+0.84 55.31+0.73 | 61.16+0.89 72.86+0.70
RelationNet (2018) 50.444+0.82 65.324+0.70 | 62.45+0.98 76.1140.69
DN4 (2019a) 51.244+0.74 71.02+0.64 | 53.15+0.84 81.90+0.60
Imprinting (2018) 58.684+0.81 76.0640.59 - -
LEO (2019) 61.76+0.08 77.59+0.12 - -
MetaOptNet (2019) | 62.64+0.64 78.63+0.46 - -
Baseline++ (2019) 51.874+0.77 75.6840.63 | 67.02+0.90 83.584-0.54
Neg-Cosine (2020a) | 63.85+0.81 81.57+0.56 | 72.66+0.85 89.40+0.43
SimpleShot (2019) 64.29+0.20 81.50+0.14 | 70.28 &+ —  86.37+ —
TOL (ours) 68.30+0.81 83.47+0.54 | 80.61+0.79 91.26+0.44

implementation of Distribution Calibration (Yang et al., 2021). The power
transformation coefficient A in TOL is set to 0.75, and the coefficient for
generated samples S it set to 750. Each random test experiment contains
N-way K-shot labeled images from novel classes with Q query images
per class, where N = 5, K = {1,5}, and Q = 15. Following common
practice (Snell et al., 2017), we report the mean accuracy and the 95%

confidence interval from 600 random experiments.

Main Results.

Table 4.1 shows the comparison of our proposed simple TOL with other
state-of-the-art methods on the two popular benchmark datasets. We

observe that our methods outperform others by a large margin, demon-
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strating the effectiveness of our simple method. Meanwhile, the running
time for 600 experiments for DC on minilmageNet (1-shot) is 773 seconds,

whereas the running time for TOL is 11 seconds.

Ablation Study.

We conduct an ablation study for our method since it contains both the
transformation of the classification problem and the transformation of
the features. The results are reported in Table 4.2. We also compare
TOL with the popular cosine classifier (Chen et al., 2019; Mang]la et al.,
2020), which is reported by Mangla et al. (2020) using the same feature
extractor we used for TOL. We observe that replacing multi-class logistic
regression with multiple binary logistic regression results in a remarkable
accuracy improvement of 6.75% (resp. 2.03%) for 1-shot (resp. 5-shot) on
minilmageNet. Similarly, we can observe an improvement of 6.39% (resp.
0.66%) accuracy for 1-shot (resp. 5-shot) on CUB.

When adding simple feature transformation, the results are further
improved, especially on minilmageNet. We see the combination of the two
types of transformation may contribute differently to the FSL performance,
but they have both positive effects in general.

The recently proposed state-of-the-art Distribution Calibration (Yang
etal., 2021) method also falls into the category of post-hoc work. However,
it works in a more complicated way as it requires the information from base

classes to generate features for the logistic regression classifier. Our simple
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Table 4.2: Ablation study for TOL on minilmageNet and CUB. Results are
shown as accuracy in %. Best results and the results which fall into the best
results” 95% confidence intervals are shown in bold. Our OvR regression
outperforms the baseline multi-class regression and the popular cosine
classifier by a large margin. Feature transformation further improves the
results.

minilmageNet CUB
Method 1-shot i 5-shot 1-shot 5-shot
Cosine classifier (2020) 63.90+0.18 81.03+0.11 | 77.61+0.86 89.32+0.46
Multi-class logistic 59.424+0.87 81.44+0.57 | 73.81+0.89 90.44+0.43
OvR logistic 66.17£0.78 83.474+0.53 | 80.20+0.80 91.10+0.44
+ Power transformation 66.72+0.79 84.50+0.52 | 80.57+0.79 91.62+0.43
+ Standardization (TOL) 68.30+0.79 83.47+0.54 | 80.61+0.79 91.26+0.44

Distri. Calibration (2021) | 68.26+-0.81

83.42:+0.55 | 80.62+0.82

90.81+0.45

method shows comparable performance with Distribution Calibration in
a 1-shot setting and even outperforms it in a 5-shot setting. Note that the
results of Distribution Calibration reported in Table 4.2 are based on the

official code that we ran on the same 600 experiments for a fair comparison.

Influence of the Number of Shots.

We compare the performance of baseline multi-class and OvR logistic
regression on different shots without feature transformation on both the
minilmageNet and CUB dataset as shown in Figure 4.2. The results show
that the performance gain from using OvR regression over multi-class re-
gression increases when there are fewer shots. When there are many shots,
their performance is similar. This demonstrates that the transformation of

the classifier is particularly useful for the few-shot setting.
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Figure 4.2: Improvement of OvR logistic regression over multi-class logistic
regression for different shots on minilmageNet and CUB. We clearly see
this OvR regression performs better especially when there are fewer shots.

Table 4.3: Ablation study for different power-transformation coefficients
for TOL on minilmageNet. Results are shown as accuracy in %.

Power 0.65 0.75 0.85 0.95
TOL 68.15+0.78 | 68.30+0.78 | 68.27+0.78 | 68.11£0.78

Influence of the Power-Transformation

We follow a similar step of (Yang et al., 2021) to show the impact of different
power-transformation coefficients on our TOL. The results are shown in

Table 4.3. Tt shows our methods are not sensitive to the coefficients.

4,5 Our Post-Hoc Method for Unlabeled Data
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In this section, we first point out why post-hoc work is challenging for
semi-supervised FSL. Then, we introduce a simple post-selection strat-
egy. In essence, we employ Distribution Calibration for generating the
post-selection of unlabeled data (called DCP). The newly generated data
improves performance in a semi-supervised few-shot setting by a large
margin. However, we then show this post-selection strategy itself is still
not the panacea for semi-supervised few-shot problems due to its few-data

nature.

4.5.1 Utilizing Unlabeled Data

When utilizing unlabeled data, most of the existing work relies on meta-
learning, where the whole network needs to be updated for unlabeled
data and trained from scratch on base-class images as mentioned previ-
ously. For methods based on transfer learning, where the feature extractor
does not need to train from scratch on base-class images, the extractor
still needs to be fine-tuned on novel-class unlabeled data, increasing the
computational cost by a large margin like TransMatch (Yu et al., 2020).
Meanwhile, we should note that many state-of-the-art semi-supervised
methods rely on the image data itself and employ image consistency-based
methods (Berthelot et al., 2019; Miyato et al., 2018) that are not suitable

for post-hoc work for fixed features.
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4.5.2 Post-selection

As pseudo-labeling appears to be a reasonable strategy for our post-hoc
work, we consider selecting data corresponding to highly confident predic-
tions for re-training the classifier. We call this method post-selection. This
technique shares some similarities with LST (Li et al., 2019b). However,
the cherry-picking procedure in LST needs to be learned during meta-
training, where the feature extractor needs to be trained from scratch. In
contrast, our post-selection method is consistent with the simple post-hoc
framework we consider in this work.

Specifically, in our proposed post-selection method, consider a semi-
supervised few-shot task Tsemi. Besides the labeled N-way K-shot dataset
Dy ={(xnk,yn)n=1,--- ,N;k=1,--- ,K} with yn € Cpover, we are also
given an unlabeled dataset D,, = {xyxlu=1,--- ,W;k=1,--- ,K}. After
training the classifier (for Distribution Calibration, TOL, or multi-class
logistic) for D, we apply the classifier to D,, to obtain the predictions
of each x,x, denoted as {nx € RN. In addition, we apply a temperature
T (Goodfellow et al., 2016) to make the prediction distribution sharper

when necessary:
=03 /Z S (49)

We select the x,,x, whose prediction has a value greater than a threshold H,

as a hyperparameter, such that the post-selected unlabeled dataset D
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is constructed as
~ N
Dpick = {(xp/yP” n;l:alx(yp)l > H} (410)

Then Dyicx | Dy are used for retraining the classifier.

4.5.3 Our Proposed DCP

We propose using Distribution Calibration (Section 4.4.2) for post-selected
unlabeled data, which we refer to as DCP. After obtaining D, the data
is first transformed by a power transformation in (Eq. 4.4). Then we use
the post-selected unlabeled data to find the k nearest base classes and
obtain a calibrated mean p;, as well as a calibrated covariance matrix 3.
This is similar to Distribution Calibration for labeled data stated in Eq. 4.5
and Eq. 4.6.

Suppose that for the post-selected unlabeled samples, the number of

predictions for each class is denoted as {K;, K5, ..., Kn}. Then a generated

dataset D, for x;, with j-th novel class prediction of size K% is sampled
from the normal distribution N(uy,, 37) where S is a hyperparameter as
mentioned in Section 4.4.2. Note that if K; = 0, then D, = 0.

The complete dataset generated from post-selected unlabeled data is

denoted as

Dupc= [J Dx- (4.11)

X‘pe®pick
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Then, both D, pc, D and Dpc (mentioned in Section 4.4.2) are used for

re-training a multi-class logistic regression model.

4.54 Experiments

To evaluate the proposed methods for semi-supervised FSL, we use both
minilmageNet and CUB. For DCP, we set the post-selection threshold
H to 0.9, temperature T to 1.0, power-transformation coefficient A to 0.5,
nearest number k to 0.2, calibration coefficient o« to 0.21 (following (Yang
etal., 2021)), and S to 750. When post-selection is combined with TOL or
multi-class logistic regression, we change the temperature T to 0.005 and
set the threshold to 0.7 since both methods return a flatter distribution for
unlabeled data compared to DCP. Each random test experiment contains
N-way K-shot labeled images, U unlabeled images, and Q query images
per class from the selected N novel classes, where N =5, K = {1,5}, Q = 15.
We report the average accuracy and the 95% confidence interval from 600

random experiments.

Main Results.

Table 4.4 summarizes the performance of our proposed DCP on mini-
ImageNet. In a 1-shot setting, our method exceeds the accuracy of the
second-place method LST by 5.11%. Similarly, our method exceeds the
second-place TransMatch by a large margin (6.45%) in a 5-shot setting.

These results show that even though our method has a substantially lower
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Table 4.4: Accuracy (in %) on minilmageNet with 95% confidence interval.
Best results are highlighted in bold. As a simple post-hoc method, DCP
exceeds existing popular non post-hoc semi-supervised FSL methods a
lot.

Method Type 1-shot 5-shot

Soft k-Means (2018) Non post-hoc | 50.09 £+ 0.45 | 64.59 + 0.28
Soft k-Means+Cluster (2018) | Non post-hoc | 49.03 +0.24 | 63.08 & 0.18
Masked Soft k-Means (2018) | Non post-hoc | 50.41 & 0.31 | 64.39 + 0.24

TPN-semi (2019) Non post-hoc | 52.78 £ 0.27 | 66.42 £ (.21
TransMatch (2020) Non post-hoc | 63.02 +1.07 | 81.19 £ 0.59
LST (2019b) Non post-hoc | 70.10 + 1.90 | 78.70 £+ 0.80
TPN with MTL (2019b) Non post-hoc | 62.70 + - 742 + -

DCP (Ours) Post-hoc 75.21 +0.90 | 87.64 + 0.49

computational complexity, it has a substantially better predictive perfor-

mance.

Influence of Unlabeled Images.

To investigate the influence of the number of unlabeled data, we report
the results from using different numbers of unlabeled images during
testing for {15, 30, 50, 75, 100} on minilmageNet and {5, 10, 15,20} CUB in
Table 4.5. (Note that there are no such abundant images per class on CUB
dataset so that the available unlabeled data is limited.) We can observe a
clear pattern where the number of images is positively correlated with our
method’s performance while reaching saturation at around 100 unlabeled
samples on minilmageNet. This clearly shows that generating ‘synthetic’
labeled samples by post-selecting unlabeled data is effective in utilizing

abundant unlabeled data.
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Table 4.5: Accuracy (in %) on minilmageNet and CUB with different
number of unlabeled data with 95% confidence interval. Best results are
highlighted in bold. This shows our DCP leverages unlabeled data very

well.

Dataset Method | #Unlabeled 1-shot 5-shot
DC 0 67.64 +0.79 | 83.15 + 0.54
DCP 15 70.79 £0.92 | 85.71 £ 0.55

miniimageNet DCP 30 72.70 £0.92 | 86.70 £+ 0.52
DCP 50 74.22 + 0.88 | 87.40 + 0.49
DCP 75 75.21 +0.90 | 87.64 + 0.48
DCP 100 74.84 +0.83 | 87.44 +£ 048
DC 0 80.62 + 0.79 | 90.81 £ 0.45
DCP 5 80.83 £ 0.87 | 91.36 - 0.43

CUB-200-2011 | DCP 10 82.52 +£0.87 | 91.85 £+ 0.39
DCP 15 82.96 £ 094 | 92.11 £ 0.41
DCP 20 83.43 + 0.86 | 92.22 + 0.42

Table 4.6: Ablation study of combining post-selection with TOL or multi-
class logistic regression on minilmageNet. The result show these methods
cannot utilize unlabeled data well. The usage of unlabeled data even
harms the performance in most cases.

Method #Unlabeled 1-shot 5-shot

TOL 0 68.30 = 0.79 | 83.47 & 0.54
+post-selection 15 60.87 £1.00 | 77.68 £ 0.85
+post-selection 30 65.20 = 0.99 | 80.56 &+ 0.77
+post-selection 50 68.01 £ 0.99 | 82.86 + 0.73
+post-selection 75 69.41 £ 0.94 | 83.50 £ 0.66
multi-class logistic 0 59.42 + 0.87 | 81.44 + 0.57
+post-selection 15 55.18 £1.01 | 80.61 £ 0.66
+post-selection 30 57.60 + 0.99 | 81.73 + 0.60
+post-selection 50 59.13 £0.97 | 82.57 + 0.58
+post-selection 75 59.75+0.97 | 82.87 +0.58
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4.5.5 Is Post-selection the Panacea for Semi-Supervised

FSL?

Post-selection does not require any further training of the feature extractor
and does not require a model designed for unlabeled data in a meta-
learning fashion. It would be interesting to see whether the use of post-
selection alone can close the performance gap between semi-supervised
learning and semi-supervised FSL.

To investigate this, we combined post-selection with our proposed
TOL method or multi-class logistic regression; the results are shown in
Table 4.6.

Even though TOL shows state-of-the-art performance and is compara-
ble with Distribution Calibration in a supervised setting, simply adding
post-selection to TOL is not working well. On the contrary, the post-
selected unlabeled data is even harmful to the classifier. For example, the
performance decreases 7.43% (resp. 5.79%) on 1-shot (resp. 5-shot) for TOL
and decreases 4.24% (resp. 0.83%) on 1-shot (resp. 5-shot) for multi-class
logistic regression. This underlines the complex challenges in few-shot
semi-supervised learning. We also observe a similar phenomenon when
combining multi-class logistic regression with post-selection. This, from
another angle, demonstrates the significance of our proposed DCP in this
area because the simple post-selection procedure itself is not the panacea

for semi-supervised FSL.
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Our results show that simple post-selection alone is insufficient for im-
proving semi-supervised FSL. One possible explanation is that unlabeled
data relies more on base-class information to provide more confident evi-
dence for classification. Although we can achieve significant improvement
by TOL for labeled data, unlabeled data still needs more confident support

(generated samples from nearest base classes) to benefit the classifier.

4.6 Conclusion

Our paper focuses on a unique perspective for few-shot learning (FSL):
How can we push the state-of-the-art performance in both supervised
and semi-supervised FSL without fine-tuning a regularly trained feature-
extractor for novel classes? We refer to the use of this simple technique
as post-hoc work which is an easy and computationally effective way
to solve few-shot problems in practice. For labeled data, we develop a
post-hoc method, called TOL, based on binary classification and feature
transformation. For unlabeled data, we propose a post-hoc method DCP
based on post-selection and Distribution Calibration. Both TOL and DCP
achieve state-of-the-art results in supervised and semi-supervised FSL,

respectively, demonstrating the simplicity and efficacy of our methods.
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5  FEW-SHOT LEARNING FOR VIDEO OBJECT DETECTION

IN A TRANSFER-LEARNING SCHEME

5.1 Introduction

With the popularity of cameras in surveillance systems and mobile phones,
as well as the mass adoption of social media content sharing platforms,
there are more and more video content generated every day. Therefore, the
need for developing algorithms to detect objects in videos grows rapidly
in computer vision. Although it is possible to train a robust video object
detector with sufficient labeled videos, powerful deep neural networks
and abundant computational resources, collecting such a large number of
videos with bounding box annotations is costly.

Humans can learn new concepts easily with only a few examples.
Despite that deep learning has been successfully applied to many real-
world applications, it usually suffers from the overfitting problem when
there are only a few samples for new concepts. Few-shot learning, which
tries to learn a robust model from only a few samples of a new concept,
has thus attracted great attention recently (Qi et al., 2018; Vinyals et al.,
2016; Finn et al., 2017; Snell et al., 2017; Rusu et al., 2019; Liu et al., 2019;
Li et al., 2019a; Nichol et al., 2018; Kang et al., 2019; Karlinsky et al., 2019;
Fan et al., 2020; Perez-Rua et al., 2020; Wang et al., 2020b; Cao et al., 2020;
Zhu and Yang, 2018; Yu et al., 2020).
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Most existing few-shot learning methods focus on either image classifi-
cation (Qi et al., 2018; Finn et al., 2017; Qiao et al., 2018; Vinyals et al., 2016;
Snell et al., 2017; Rusu et al., 2019; Liu et al., 2019; Li et al., 2019a; Nichol
et al., 2018) or video classification (Cao et al., 2020; Zhu and Yang, 2018).
While some recent few-shot learning methods (Kang et al., 2019; Karlinsky
et al., 2019; Fan et al., 2020; Perez-Rua et al., 2020; Wang et al., 2020b)
have investigated object detection, all of them focus on object detection
in static images instead of videos. Different from static images, videos
contain abundant spatial and temporal information of objects. Therefore,
it becomes more imperative to design a model for video object detection
given a few videos of novel-class objects. This poses a new problem of
few-shot learning for video object detection.

Since videos contain more information than static images, using the
spatial-temporal information in videos is critical to achieving good per-
formance. Since it is computationally prohibitive to build episodes by
representing a video by its frames, the meta-learning based few-shot learn-
ing methods designed for the image classification problem cannot be
directly used to solve the few-shot video object detection problem. While
some techniques target few-shot video classification (Cao et al., 2020;
Zhu and Yang, 2018), it is different from video object detection, as video
classification only aims to classify the entire video as one of the classes.
In contrast, video object detection needs to detect both the presence and

spatial-temporal location of an object in all frames in a video. This increases
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difficulty exponentially in terms of both computing and realization. The
recent finding (Wang et al., 2020b) that transfer-learning based methods
can achieve good results on image object detection opens a possible path
for solving the problem of few-shot video object detection.

In this paper, we study the new problem of few-shot learning for video
object detection. In particular, given a few video clips of novel-class objects,
we would like to build a robust object detector for novel-class objects.
Realizing there is no prior work studying this, we curate a new benchmark
dataset derived from the popular ImageNet-VID dataset (Russakovsky
etal., 2015) for this problem. We design two types of base datasets: a strong
dataset and a weak dataset to investigate the influence of the strength of
the feature extractor for the video object detector. We employ the transfer-
learning framework. Specifically, we first train a video object detector on
the whole base dataset, which can aggregate the temporal information
from other frames in the entire video based on the state-of-the-art method
MEGA (Chen et al., 2020). After that, we fine-tune the cosine classifier and
bounding box regressor in the RPN head. Based on different fine-tuning
strategies, we consider two methods: Joint and Freeze. By analyzing the
performance of the two methods on the curated benchmark datasets, we
reveal the insufficiency and overfitting problems. In order to solve this issue,
a simple but effective method called Thaw is naturally developed by our
analysis to balance the insufficiency and overfitting problems effectively.

Based on the evaluation of the curated benchmark dataset, we demonstrate
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the effectiveness of our proposed method.

Our contributions are summarized as follows:
1) We propose a new paradigm of few-shot learning for video object
detection. Specifically, we study how an object detector can be learned
from a few videos of new concepts where abundant temporal information
is available while maintaining good performance for existing classes.
2) We curate a dataset derived from the popular ImageNet-VID dataset
(Russakovsky et al., 2015) for investigating this new problem. A strong
base dataset and a weak base dataset are designed for further scenario
analysis.
3) We propose a transfer-learning framework for solving this problem
and investigate two methods under the framework: Joint and Freeze. We
reveal two issues: insufficiency and overfitting based on a novel quantitative
analysis.
4) We propose a simple method called Thaw to trade off the insufficiency
and overfitting problems revealed by our analysis. Extensive experiments
demonstrate that our proposed Thaw naturally motivated by our novel
analysis can help the video object detector efficiently learn new concepts

from a few novel-class videos and achieve promising performance.
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5.2 Related Work

5.2.1 Few-Shot Learning

Few-shot learning methods can be categorized into meta-learning based
methods and transfer-learning methods.

Meta-learning aims to learn a paradigm based on the base-class data
with an episodic training strategy so that it can generalize to new tasks
with only a few novel examples. Metric-based meta-learning methods
learn a good distance metric from the few-shot examples of base classes
(Vinyals et al., 2016; Snell et al., 2017; Sung et al., 2018; Li et al., 2019a). For
example, Prototypical Network (Snell et al., 2017) measures the distance
from queries and the prototypes of each class. DN4 (Li et al., 2019a)
explores the local descriptors to measure similarities. Optimization-based
meta-learning methods like MAML (Finn et al., 2017), LEO (Rusu et al,,
2019) and Reptile (Nichol et al., 2018) aim to find a good optimization
direction that converges faster to the optimal solution with fewer gradient
steps. However, most meta-learning based methods are designed for
image classification. It is challenging to directly extend them to the few-
shot video object detection scenario in this paper.

Transfer-learning based methods focus on how to train a good base model
from the large amount of base-class data and then adapt the model to novel
classes with only a few-shot of samples (Qi et al., 2018; Qiao et al., 2018;
Chen et al., 2019; Yu et al., 2020). Unlike meta-learning based methods,
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the base model is trained using traditional methods and a new classifier is
built with a frozen feature extractor. Cosine-similarity is usually used to
build the new classifier given novel-class samples (Qi et al., 2018; Chen
et al., 2019; Qiao et al., 2018). Chen et al. (2019) systematically analyzed
the performance of building a cosine classifier when freezing the feature
extractor and compared with popular meta-learning methods, demon-
strating the effectiveness of transfer-learning based methods for few-shot
learning. Again, most transfer-learning based methods are for image clas-
sification and have not been applied to the few-shot video object detection

problem in this paper.

5.2.2 Object Detection

Object detection is a fundamental problem in computer vision and has
been studied for decades with significant progress made in recent years
due to the advancement of deep learning. Nowadays, CNN-based object
detection methods have become the mainstream and can be divided into
two main categories: 1) One-stage detection; and 2) two-stage detection.
One-stage detection methods, such as YOLO (Redmon et al., 2016) and
SSD (Liu et al., 2016), do not require region proposals and can predict
the bounding box directly. Two-stage detection methods require region
proposals and generally show better performance than one-stage detec-
tion methods. The representative methods include RCNN (Girshick et al.,

2014), Fast-RCNN (Girshick, 2015), Faster-RCNN (Ren et al., 2015), and
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Mask R-CNN (He et al., 2017). Recently, anchor-free methods have also
been proposed, which can directly regress a bounding box from the loca-
tion in the feature map (Zhou et al., 2019; Law and Deng, 2018; Tian et al.,
2019). However, its application to few-shot learning is not sufficiently

explored yet.

5.2.3 Few-Shot Image Object Detection

Few-shot image object detection is is still a developing area of research,
with only a handful of notable works (Yan et al., 2019; Kang et al., 2019;
Karlinsky et al., 2019; Fan et al., 2020; Perez-Rua et al., 2020; Wang et al.,
2020b). Most of them are based on meta-learning. Meta-RCNN (Yan et al.,
2019) proposed the meta-learning process for Rol features in Faster-RCNN
(Ren et al., 2015). Feature Reweighting (Kang et al., 2019) developed
a reweighting module and map features with corresponding classes in
YOLOv2 (Redmon and Farhadi, 2017). Fan et al. (2020) proposed Atten-
tion RPN and Multi-Relation Head for matching classes. Recently, Wang
et al. (2020b) investigated the transfer-learning based method by first
training a Faster-RCNN model on the base-class data, and then freezing
the feature extractor and fine-tuning a cosine classifier and a regressor on
a balanced dataset of base-class and novel-class data. This method has
achieved promising performance compared to previous meta-learning
methods. However, none of the existing works considered few-shot video

object detection, which is the focus of this paper.
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5.2.4 Video Object Detection

Object detection in videos is a challenging task due to the high variation
across the videos. The objects in videos may be blurry and change pose
and status. Meanwhile, the moving background and unstable lighting
conditions pose challenges to object detection. On the other hand, the
temporal information in videos can provide more information than static
images. These aspects have remained under-explored in the past several
years but have recently started to attract more attention after the ImageNet-
VID dataset (Russakovsky et al., 2015) was released. Most recent works
(e.g., RDN (Dengetal., 2019), FGFA (Zhu et al., 2017) and STSN (Bertasius
et al.,, 2018)) focus on utilizing nearby frames in a short range to gather
local information. Meanwhile, other works aim to use global information
from frames in a wider range like SELSA (Wu et al., 2019). MEGA (Chen
et al., 2020) was recently proposed to effectively combine the local and
global information with a memory-enhanced module so that one frame
can access more content from nearby and far-away frames, resulting in

state-of-the-art performance.

5.3 Few-Shot Video Object Detection

In this section, we introduce the definition of few-shot video object detection

and dataset construction process.
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5.3.1 Problem Definition

Let us define two sets of classes: base classes Cp.se and novel classes
Gnovel/ where |ebase’ = M/ |€novel| = N with Gnovel N enovel = @ As-
sume there is a large base dataset consisting of many videos per class

Voase = {Vigselt = 1,...}, where Vi .. = {(1},Y}), (I}, Y}),...} is the i-

el
th video in the base dataset. ! is the t-th frame in the i-th video, and
Y{ = {(c};,Bi1), (cio Bi,), ...} with ciy, By, being the class and the
bounding box coordinates for b-th object in t-th frame of the i-th video,
respectively. Note that Y} could be §) and ¢}, € Cpqse. A video object
detection model can be built on Vy e.

After building the model from the base dataset, we would like to adapt
the base model to novel classes given only a few videos per novel class. It
is natural to define shot for image classification and image object detection
because one image or one bounding box has only one class label. In order
to have an appropriate definition of shot for video object detection, we
define two types of videos as follows.

Clean videos: Videos contain only one class of objects. Each frame may
contain more than one object of that class.

Perfect videos: Videos contain only one class of objects and each frame
contains only one object from that class. It is a subset of clean videos.

We denote one perfect video as one-shot. Also, we expect a good
detector to perform well on both base and novel classes. Motivated by

these aspects, we denote an (N+M)-way K-shot balanced dataset with both
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Figure 5.1: The proposed framework of few-shot learning for video object
detection. A video object detector is pretrained on the base dataset by
aggregating local and global information from different frames in the
videos, and then adapted to novel classes based on few-shot novel-class
video dataset. During the adaptation, the cosine classifier is used in the
detection head and the model is fine-tuned by three methods: Joint, Freeze,
and our developed Thaw.

Table 5.1: The statistics of different types of datasets.

Dataset Type Total Number of Frames
All training videos 57,834 key frames
Perfect training videos 31,530 key frames
All validation videos 176,126 frames
Balanced validation videos 23,624 frames

novel and base classes from perfect videos as Vyarance = {V3

1=

alance|

L., (N+M)xK}, where V{ ;1 snee = {11, Y1), (13, Y5), ... 1, Y) = (i1, BLy)

and c}; = c' € Cpovet U Cpase for all t. The model will be further trained

on this balanced dataset.
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5.3.2 Dataset Construction

Since we are studying a new few-shot learning video object detection
problem, we construct a new dataset from ImageNet VID dataset (Rus-
sakovsky et al., 2015) widely used for video object detection. It consists
of 30 categories with 3862 training videos and 555 validation videos. We
split them to 25 base classes and 5 novel classes in each novel-base split.
Specifically, we create four different types of datasets as follows:

Strong base dataset: It consists of all the videos from base-class objects.
Meanwhile, like existing work for video object detection (Chen et al., 2020;
Shvets et al., 2019), we additionally include images from the image object
detection dataset DET (Russakovsky et al., 2015), leading to a strong base
dataset for learning strong feature extractors of the base classes.

Weak base dataset: It contains only the perfect videos from base classes,
and thus is a subset of strong base dataset.

Remarks: We need to clarify that it is important to investigate the impact
from different types of base datasets for real-life applications since the
available amount of data for base classes could vary in different scenarios.
This has been overlooked in few-shot learning for image classification.
Recently, Yue et al. (2020) investigated the different performances between
strong and weak backbones used in few-shot image classification. This
work shares similarities with our design for strong and weak base datasets.
Balanced few-shot dataset: It is used for few-shot adaptation, and is ran-

domly sampled from the perfect videos in the ImageNet VID training set
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for both novel and base class objects. We sample K videos per class with
K =1,2,3 as the shot number.

Balanced validation dataset: It is the subset of the original clean vali-
dation videos and is used to evaluate the few-shot video object detector.
Noting that the minimum number of clean validation videos among all
classes is 3, we randomly sample 3 clean videos per class to construct this
dataset. In this way, we can alleviate the impact from different numbers

of videos in different classes.

5.4 The Proposed Framework

In this section, we introduce our proposed framework for few-shot video
object detection, which is illustrated in Figure 5.1. First, a video object
detector is pretrained on base dataset. Second, a cosine classifier is used to
replace the classifier in the detection head and fine-tuned on the balanced
few-shot video dataset. More details are provided in the subsequent

sections.

5.4.1 PartI: Pretraining the Video Object Detector

In the first stage, we train a video object detector on the base dataset
where many videos per class are provided. In particular, given the base
dataset Vi, qse, We first construct a video object detector to fully utilize the

abundant video information by employing the state-of-the-art method
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MEGA (Chen et al., 2020). Any video detector could be used here, and we
use MEGA as it can efficiently combine both local and global information
throughout the video with its memory enhanced module.

We rewrite the video as a set of consecutive frames V = {I;}{_;. And
B: = {b{} denotes the set of proposals generated by RPN in each frame I;.
Following Chen et al. (2020), the local pool for proposals for a key frame

Iy is the proposals in the nearby frames, i.e.,
L={B . (5.1)

We omit the index for £ for simplicity. For the global pool, the ordered
frames are randomly reordered such that the index set {1,2,...,T} is
mapped to a new shuffled set{S;, Sy, ..., St}. The global pool is constructed
by

G ={Bs ) - (52)

A function N; is used to aggregate the global features from G to £ to
produce a new pool £9, where N; consists of stacked location-free relation
modules .

After obtaining the global aggregated pool £9, it is then aggregated
with a long range memory pool M by another function N,, which is com-
posed of stacked location-based relation modules proposed by Chen et al.

(2020) to generate an enhanced pool £™. The aggregation process is given

For simplicity, we did not elaborate this in this paper.
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L9 = Ni(£,9), (53)

L™ = Np(L9,M). (5.4)

The memory pool M is initialized as an empty set and is updated through-
out all frames in one video. When finishing the detection on Iy, the features
in L™ are added to M, which will be used for the next key frame Iy ;. This
recurrent process increases the efficiency of combining features for each
key frame. Moreover, one frame can benefit from its subsequent frames
without forgetting.

We denote the feature extractor as f¢(-), which is extracted by ROI-
Align and full-connected layer (He et al., 2017). For each key frame Iy, the

final features for all proposals is denoted as

e (I) = {f° (I )1, £ (Ix )2, ...} (5.5)

And f¢(Iy) is used in the RPN head for classification and bounding box

regression. This process is used for all the key frames in a video.

5.4.2 Part II: Adaptation on Few-Shot Videos

After obtaining the pretrained video object detector, we adapt the model

based on the balanced few-shot video dataset including novel-class and
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base-class objects.

Modification on the RPN Head

Since the cosine classifier is shown to be effective for few-shot image
classification problem in (Chen et al., 2019), and more suitable to de-
correlate the feature space for different classes (Wang et al., 2017), we
adopt a cosine classifier for the few-shot fine-tuning stage. Specifically, a
weight matrix W = [wy, ..., wn m] € REX(NFM g fine-tuned where w;
represents the prototype of i-th class in Cover U Cpase- Then, the cosine
similarity with the different classes for a given proposal x := f¢(I;); is

written as:

S(W,x) = [cos(8(w1,X), ..., cos(8(Wnim, x))] . (5.6)

Because cosine similarity ranges between -1 and 1, the softmax function is
unable to predict the correct class via the one-hot encoding regime for class
labels, causing a discrepancy between the one-hot and real distribution.
In order to solve this issue, a scaling factor is usually applied on softmax
for better convergence as used in (Qi et al., 2018; Chen et al., 2019; Wang

et al., 2017). With that, the probability for i-th class can be represented as:

exp(oS(W, x)1)
> .exp(oS(W,x).)’

(5.7)

where o is the scale factor.
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The structure of the regressor remains the same as in the pretraining
stage but is appended 4 x N dimension (i.e., coordinates of bounding
boxes) to account for the N-way novel-class videos. The weights of cosine

classifier and regressor for novel-class videos are randomly initialized.

Adaptation Strategies

With the new RPN head, we use multiple strategies (including the newly
proposed Thaw to be described in Section 6) to adapt the pretrained model
when given few-shot videos.

Joint: All the weights from the feature extractor and detection head are
fine-tuned jointly on the balanced few-shot dataset. This joint fine-tuning is
not designed for few-shot learning and usually suffers from overiftting, be-
cause the feature extractor can be easily impacted by the few-shot samples.
Therefore, it is seldom used in few-shot image classification and usually
serves as a low-performing baseline for few-shot image object detection
(Yan et al., 2019; Kang et al., 2019).

Freeze: In this method, the feature extractor is frozen and only the detec-
tion head is fine-tuned. Freezing feature extractor method is particularly
suitable for few-shot learning and widely used in image classification
(Chen et al., 2019). The recent work in (Wang et al., 2020b) also shows
its superiority in overcoming overfitting and achieves new state-of-the-art

performance in few-shot image object detection.
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5.5 Preliminary Experiments

In this section, we conduct experiments on the designed dataset under our
proposed framework. We evaluate the different adaptation strategies of
Joint and Freeze in different settings. We analyze the results and discover

the insufficiency and overfitting problems in few-shot video object detection.

5.5.1 Implementation Details

Video object detector network: ResNet-101 (He et al., 2016) is used as the
backbone. RPN head is applied to conv4 block in ResNet where the anchors
have 4 scales and 3 aspect ratios. 300 bounding box proposals per frame
are created during training and validation with the default IoU threshold
set to 0.7. Next, Rol-Align and a fully-connected layer are employed after
convs block to extract Rol pooled features, followed by the classifier and
regressor. For the video detector, we set the local pool and global pool
range T, and Ty to 12 and 10, respectively. The hyperparameters in N; and
N, modules are the same as in (Chen et al., 2020). For the cosine classifier,
we set the scale factor o to 15.

Training: All models are trained on 4 Tesla V100 GPUs, with each GPU
holding one set of frames. During pretraining, the initial learning rate is
set to 0.001 and drops to 0.0001 after 80, 000 iterations. We train the model
for a total of 120, 000 iterations. During fine-tuning on the balanced few-

shot dataset, the classifier and regressor are fine-tuned for 4, 000 iterations
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in all settings. We set the learning rate during fine-tuning to 0.001. We
create three random splits (denoted as A, B, C) from novel-base classes,
which is a common practice in few-shot image object detection. During
training the detector on the base dataset and fine-tuning it on the balanced
few-shot dataset, 15 frames are evenly-spaced selected from the whole
videos. For videos with fewer than 15 frames, all frames are selected. The
experiments for each few-shot video setting are repeated 5 times. Each
time the balanced few-shot dataset is selected randomly but kept the same
for different methods to ensure a fair comparison. The dataset statistics
are shown in Table 5.1. The code for the algorithm and dataset will be
released.

Inference: During inference on the validation set, we set the NMS thresh-
old to 0.5 IoU and use mean average precision at 0.5 IoU (mAP50) as the
evaluation metric. The balanced validation dataset remains the same for
different few-shot settings to reduce randomness. The reported mAP50 in

each setting is the average of 5 random experiments.
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Adaptation on Few-Shot Videos

Base-Class Ibase Novel-Class Inm’d
Performance Performance

Obase Onovel

Amount of .
_j Lovet *rlbasew

Texibility o I *'
Feature J—> novel ¥ r
Onovel *. Obase ¢

Extractor

Figure 5.2: Illustration of the insufficiency and overfitting problems. I
represents the insufficiency problem and O represents the overfitting
problem. Strong and weak base datasets indicate the amount of base
dataset. Freeze and Joint indicate the flexibility of the feature extractor.
The green down arrows indicate the problem is alleviated and the red up
arrows indicate the problem is aggravated.

5.5.2 Preliminary Results

The experiment results for weak and strong base datasets are shown in
Table 5.2.

Base-class performance: From the results on both base datasets, Freeze is
consistently better than Joint on the base-class objects. This is not surpris-
ing as freezing the feature extractor can alleviate the overfitting problem.
Novel-class performance: When the base dataset is strong, Freeze is bet-
ter than Joint on novel-class objects in almost all cases but one. This is
consistent with the prior work in few-shot image classification and image

object detection, as freezing the feature extractor can prevent overfitting.
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However, the pattern shown on the weak base dataset is opposite to strong
base dataset (see Table 5.2). When the base dataset is weak, Joint gener-
ally performs better than Freeze, which is the opposite to the the research
findings on images. An explanation is that it is usually easier to obtain
sufficient information from the base dataset to build a sufficient feature
extractor for the single image situation. Therefore, the overfitting problem
will dominate for novel-class images and Freeze could work well in this
situation. However, the complicated structure and abundant information
in videos may not be sufficiently learned from the base dataset and thus

learning good features for novel-class objects cannot be guaranteed.

5.5.3 Insufficiency vs. Overfitting

The preliminary results from the previous section reveal the insufficiency
and overfitting problems for the novel and base classes.
Insufficiency problem corresponds to the situation that the features learned
from the base dataset may not be sufficient for building detectors on novel-
class objects.
Overfitting problem corresponds to the situation that some good features
learned from the base dataset may be distorted by the few-shot videos
during fine-tuning when the feature extractor is unfrozen.

We summarize the analysis in Figure 5.2. It is clear that a strong base
dataset can alleviate the base-class insufficiency problem. Meanwhile, a

strong base dataset can provide a better feature extractor, which improves
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the capability to extract better features for novel classes. Therefore, it can
alleviate the insufficiency problem for novel classes. On the other hand,
freezing the feature extractor (Freeze) could largely solve the overfitting
problem both for base and novel classes when fine-tuning on the few-shot
videos. However, it does not allow the feature extractor to encode possible
novel information from novel classes. Therefore, unfreezing the feature
extractor (Joint) would alleviate the insufficiency problem for novel classes
since the feature extracted for base classes in the base training stage may
not be sufficient to describe novel-class objects. Since the base-class objects
in few-shot videos do not provide any further useful information for the
base classes (they come from the base-class objects used for pretraining
the feature extractor), unfreezing the feature extractor (Joint) does not
help reduce the base-class insufficiency problem.

Therefore, in terms of novel-class performance, when the base dataset
is weak, there is a significant novel-class insufficiency problem. Although
Joint aggravates the novel-class overfitting problem, it largely alleviates
novel-class insufficiency problem, such that its performance exceeds Freeze.
When the base dataset is strong, the novel-class insufficiency problem be-
comes negligible, such that Freeze’s performance is better than Joint’s in
this case.

On the other hand, in terms of base-class performance, unfreezing the
feature extractor could only increase the base-class overfitting problem

and could not reduce the base-class insufficiency problem, such that Joint’s
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Table 5.3: Novel-class and base-class mAP50 (in %) on the validation
videos, averaged from all novel-base splits. Best results are in bold. *
indicates results are similar.

Weak Base Dataset Strong Base Dataset

Class | Method / Shot 1-shot 2-shot 3-shot | Rank ‘ 1-shot 2—s§10t 3-shot | Rank
Joint 17.92 29.38 35.40 2 24.28 40.02 46.44 3
Novel Freeze 17.02 23.52 27.72 3 38.08 46.87  49.55 1*
Thaw (Ours) 20.05 32.13 37.32 1 36.73 48.71 51.38 1*
Joint 57.31 59.68 61.37 3 74.66 75.97 77.29 3
Base Freeze 61.97 62.03 62.48 1 84.66 84.74 84.86 1
Thaw (Ours) 60.13 60.33 61.52 2 80.79 78.81 78.94 2

performance is always worse than Freeze no matter the base dataset is

strong or weak.

5.6 Improved Method and Experiment

In this section, we further propose a simple but effective method called
Thaw to balance the tradeoff of Joint and Freeze during adaptation and
demonstrate the rationality of our analysis. We conduct further experi-

ments to illustrate the insufficiency and overfitting problems.

5.6.1 Improved Method: Thaw

As discussed in the previous section, there is a tradeoff between insuffi-
ciency and overfitting problems caused by unfreezing the feature extractor.
To this end, we still first freeze the feature extractor and fine-tune on the
detection head. This would give us a good detection head and prevent the

overfitting problem. After convergence, we further unfreeze the feature
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Figure 5.3: Novel-class mAP50 (in %) improvement of Joint and Thaw
over Freeze. The gain is from the component of unfreezing the feature
extractor. Clearly, the gain is increasing with more shots, and our Thaw
improves over Joint by a large margin.

extractor and fine-tune all the weights jointly to let the feature extractor
learn extra information to reduce novel-class insufficiency problem. The

detection head can be regarded as being initialized with better weights

compared with Joint. We call this improved process Thaw:
Freeze f¢(-) Y Unfreeze (). (5.8)

During the experiments, after the detection head is fine-tuned by Freeze,
the entire model is further trained for 500 iterations for 1 shot and 2000

iterations for 2 and 3 shots.
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5.6.2 Results

The experimental results are shown in Table 5.3. When the base dataset
is weak, it is apparent that our proposed Thaw outperforms Freeze and
Joint by a large margin for novel classes. As described in the previous
section, Joint outperforms Freeze substantially in this case (see Table 5.2).
Our proposed Thaw is even better, which demonstrates that it can balance
the overfitting and insufficiency problems.

When the base dataset is strong, Thaw performs comparably to Freeze.
We should note that Joint performs poorly in this case as also mentioned
in Table 5.2. Our simple method improves Joint by a large margin.

For the base-class performance, our Thaw also significantly outper-
forms Joint, demonstrating this simple technique significantly alleviates
the base-class overfitting problem. Note that the unfreezing part in Thaw
can aggravate base-class overfitting problem, so it is expected that Freeze
performs the best on the base classes (mentioned in section 5.3).
Number of shots vs. insufficiency/overfitting: When the feature extrac-
tor is unfrozen, more shots during few-shot adaptation can simultaneously
alleviate novel-class insufficiency and overfitting problems. To better illus-
trate this phenomenon, we compare the improvement of Joint and Thaw
over Freeze on novel classes. The novel-class gain of Joint or Thaw over

Freeze is calculated as

Gain]oint/Thaw = mAPSO]oint/Thuw — MAPS0F ceze- (59)
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Figure 5.4: Examples of few-shot learning for video object detection of
giant panda (weak base dataset). Blue (resp. red) bounding boxes denote
correct (resp. incorrect) detection. Note that red panda is a different animal.
The 1st row shows the 1-shot novel-class video used in few-shot adaptation.
The 2nd, 3rd, and 4th rows show the detection results in the validation
videos by Joint, Freeze and Thaw, respectively.

Table 5.4: Ablation study on two types of classifiers on strong base dataset
and novel-base split A.

Method

Classifier / Shot

Novel-Class mAP50
1 2 3

Thaw

Fully-connected
Cosine

3691 44.62 52.86
37.81 50.55 56.15

The gain can be seen as the contribution of unfreezing feature extractor.

The results are shown in Figure 5.3. We can clearly see the trend that the

novel-class gain increases with the increase of the number of shots.
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Table 5.5: Ablation study on the influence of temporal information from
the video on the strong base dataset and novel-base split A. Note that
1-shot video is similar to 15-shot images. The image-based Freeze (the
first row) could be regarded as the implementation of the state-of-the-art
few-shot image object detection method (Wang et al., 2020b) on 15-shot
video images.

Method | Format / Shot N(ivel-Clazss mAI;SO

Image-based | 19.73 32.24 37.56
Video-based | 41.85 50.14 56.00

Freeze

5.6.3 Ablation Study

Influence of classifier: We conduct the ablation study of choosing differ-
ent classifiers in detection head on novel-base split A. Table 5.4 shows the
results of these two classifiers on 1-, 2-, and 3-shot settings with Thaw. We
can see that the cosine classifier outperforms the fully-connected classifier
in our few-shot video object detection.

Influence of video temporal information: Without using the temporal
information in the video, the video object detector degenerates to an image
object detector. In this case, given few-shot videos, all the key frames
are used separately for fine-tuning the image object detector. Thus 1-
shot in our video object detection is equivalent to 15-shot in image object
detection. To study this further, we conduct an ablation study using
novel-base split A. We use Freeze here since image-based Freeze could be
considered as the state-of-the-art transfer-learning based few-shot image

object detection method (Wang et al., 2020b). The results in Table 5.5
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clearly demonstrate the importance of using video information rather than
single image information and the meaning of few-shot learning for video
object detection.

Visualization of few-shot video object detection: An example of 1-shot
video object detection results for different methods are shown in Figure
5.4. The blue and red bounding boxes denote the correct and wrong
detection, respectively. From the results, we can see that Joint suffers from
the overfitting problem as indicated by the red boxes. For Freeze, there
is a mixture of correct and wrong detections. For Thaw, there are more
correct bounding boxes compared with Joint and Freeze, highlighting its

effectiveness.

5.7 Conclusion

We study a new problem of few-shot learning for video object detection.
Specifically, we define the problem, construct a new dataset, and propose
a transfer-learning framework for solving this problem. Insufficiency and
overfitting problems are revealed from extensive experiments on our de-
signed weak and strong base datasets by two methods (Joint and Freeze)
under the proposed framework. Finally, a simple yet effective method
called Thaw is naturally developed to validate our analysis and trade off
the observed insufficiency and overfitting problems. Our work leads to

significantly improved novel-class performance on the weak base dataset
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and competitive novel-class performance on the strong base dataset, while
maintaining high base-class performance in few-shot video object detec-

tion.
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6 FUTURE DIRECTION

Few-shot learning is a novel subfield of machine and deep learning that
aims to close the gap between human and artificial intelligence, focusing
on how to learn new concepts quickly. Most of few-shot learning work
focuses on image classification. This focus is motivated by the fact that
using established standard benchmark datasets allow for easier and fairer
comparisons between methods. However, FSL can be extended to other
problem domains as well.

The research presented in this thesis begins with a focus on improv-
ing classical meta-learning methods. Then, methods to extend to semi-
supervised few-shot learning are proposed. After that, simple techniques
for both supervised and semi-supervised setting are presented, which
result in uncomplicated few-shot learning methods with astonishingly
good performance. Lastly, this thesis presents an investigation of the novel
area of few-shot video object detection.

Given the rapid development of few-shot learning research, possible

future directions can be summarized as follows:

e Focusing on standard few-shot learning, it will become more chal-
lenging to develop novel meta-learning structures. However, recent
work focusing on the relationship between novel-class and base-class
features (Yang et al., 2021; Wang et al., 2020d) presents a new avenue

and interesting topic of future studies. Considering fixed features
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obtained from pre-trained feature extractors, new approaches can

be inspired by the field of high-dimensional statistics.

Considering the extension of few-shot learning to other areas, there
is prior work on few-shot video classification (Zhu and Yang, 2018),
segmentation (Nguyen and Todorovic, 2019), object detection (Perez-
Rua et al., 2020), and sentiment classification (Geng et al., 2019).
These works are focused on “classification” since the core of few-shot
learning is learning “new” concepts. In biology and chemistry, the
few-shot learning concept is used more loosely (Ma et al., 2021; Altae-
Tran et al., 2017), where the task is to perform binary classification
(broadly, focusing on two classes: “same” or “different”) in different
domains. In these settings, meta-learning remains most suitable.
However, there are still opportunities to extend transfer-learning
based few-shot learning to biology and chemistry studies when there
are suitable problem setups developed. Meanwhile, we are also
hoping that more standard benchmark datasets and methods emerge
in areas other than image-classification, which could promote the

growth of few-shot learning in these domains.
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