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ABSTRACT

Few-shot classification aims to recognize novel categories with only few labeled
images in each class. Existing metric-based few-shot classification algorithms pre-
dict categories by comparing the feature embeddings of query images with those
from a few labeled images (support examples) using a learned metric function.
While promising performance has been demonstrated, these methods often fail to
generalize to unseen domains due to large discrepancy of the feature distribution
across domains. In this work, we address the problem of few-shot classification
under domain shifts for metric-based methods. Our core idea is to use feature-wise
transformation layers for augmenting the image features using affine transforms
to simulate various feature distributions under different domains in the training
stage. To capture variations of the feature distributions under different domains,
we further apply a learning-to-learn approach to search for the hyper-parameters
of the feature-wise transformation layers. We conduct extensive experiments and
ablation studies under the domain generalization setting using five few-shot clas-
sification datasets: mini-ImageNet, CUB, Cars, Places, and Plantae. Experimental
results demonstrate that the proposed feature-wise transformation layer is appli-
cable to various metric-based models, and provides consistent improvements on
the few-shot classification performance under domain shift.

1 INTRODUCTION

Few-shot classification (Lake et al., 2015) aims to recognize instances from novel categories (query
instances) with only few labeled examples in each class (support examples). Among various recent
approaches for addressing the few-shot classification problem, metric-based meta-learning meth-
ods (Garcia & Bruna, 2018; Sung et al., 2018; Vinyals et al., 2016; Snell et al., 2017; Oreshkin et al.,
2018) have received considerable attention due to their simplicity and effectiveness. In general,
metric-based few-shot classification methods make the prediction based on the similarity between
the query image and support examples. As illustrated in Figure 1, metric-based approaches con-
sist of 1) a feature encoder and 2) a metric function. Given an input task consisting of few labeled
images (the support set) and unlabeled images (the query set) from novel classes, the encoder first
extracts the image features. The metric function then takes the features of both the labeled and
unlabeled images as input and predicts the category of the query images. Despite the success of
recognizing novel classes sampled from the same domain as in the training stage (e.g., , both train-
ing and testing are on mini-ImageNet classes), Chen et al. (Chen et al., 2019a) recently raise the
issue that existing metric-based approaches often do not generalize well to categories from different
domains. The generalization ability to unseen domains, however, is of critical importance due to
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Figure 1:Problem formulation and motivation. Metric-based meta-learning models usually con-

sist of a feature encodé& and metric functiorM . We aim to improve the generalization ability

of the models training from seen domains to arbitrary unseen domains. The key observation is that
the distributions of the image features extracted from tasks in the unseen domains are signi cantly
different from those in the seen domains.

the dif culty to construct large training datasets for rare classes (e.g., , recognizing rare bird species
in a ne-grained classi cation setting). As a result, understanding and addressing the domain shift
problem for few-shot classi cation is of great interest.

To alleviate the domain shift issue, numerous unsupervised domain adaptation techniques have been
proposed (Pan & Yang, 2010; Chen et al., 2018; Tzeng et al., 2017). These methods focus on
adapting the classi er othe samecategory from the source to the target domain. Building upon

the domain adaptation formulation, Dong and Xing (Dong & Xing, 2018) relax the constraint and
transfer knowledge across domains for recogniriagelcategory in the one-shot setting. However,
unsupervised domain adaptation approaches assume that numerous unlabeled images are available
in the target domain during training. In many cases, this assumption may not be realistic. For
example, the cost and efforts of collecting numerous images of rare bird species can be prohibitively
high. On the other hand, domain generalization methods have been developed (Blanchard et al.,
2011; Li et al., 2019) to learn classi ers that generalize well to multiple unseen domains without
requiring the access to data from those domains. Yet, existing domain generalization approaches
aim at recognizing instance frothe samesategory in the training stage.

In this paper, we tackle the domain generalization problem for recognimrgl category in the
few-shot classi cation setting. As shown in Figure 1(c), our key observation is that the distributions
of the image features extracted from the tasks in different domains are signi cantly different. As a
result, during the training stage, the metric function may over t to the feature distributions encoded
only from the seen domains and thus fail to generalize to unseen domains. To address the issue, we
propose to integrateature-wise transformation layéo modulate the feature activations with af ne
transformations into the feature encoder. The use of these feature-wise transformation layers allows
us to simulate various distributions of image features during the training stage, and thus improve the
generalization ability of the metric function in the testing phase. Nevertheless, the hyper-parameters
of the feature-wise transformation layers may require meticulous hand-tuning due to the dif culty
to model the complex variation of the image feature distributions across various domains. In light of
this, we develop &arning-to-learnalgorithm to optimize the proposed feature-wise transformation
layers. The core idea is to optimize the feature-wise transformation layers so that the model can
work well on the unseen domains after training the model using the seen domains. We make the
source code and datasets public available to simulate future research in this eld.

We make the following three contributions in this work:

We propose to use feature-wise transformation layers to simulate various image feature dis-
tributions extracted from the tasks in different domains. Our feature-wise transformation

https://github.com/hytseng0509/CrossDomainFewShot
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layers arenethod-agnostiand can be applied to various metric-based few-shot classi ca-
tion approaches for improving their generalization to unseen domains.

We develop a learning-to-learn method to optimize the hyper-parameters of the feature-
wise transformation layers. In contrast to the exhaustive parameter hand-tuning process,
the proposed learning-to-learn algorithm is capable of nding the hyper-parameters for the
feature-wise transformation layers to capture the variation of image feature distribution
across various domains.

We evaluate the performance of three metric-based few-shot classi cation models (includ-
ing MatchingNet (Vinyals et al., 2016), RelationNet (Sung et al., 2018), and Graph Neural

Networks (Garcia & Bruna, 2018)) with extensive experiments under the domain general-
ization setting. We show that the proposed feature-wise transformation layers can effec-
tively improve the generalization ability of metric-based models to unseen domains. We
also demonstrate further performance improvement with our learning-to-learn scheme for
learning the feature-wise transformation layers.

2 RELATED WORK

Few-shot classi cation. Few-shot classi cation aims to learn to recognize novel categories with

a limited number of labeled examples in each class. Signi cant progress has been made using
the meta-learning based formulation. There are three main classes of meta-learning approaches
for addressing the few-shot classi cation problem. First, recurrent-based frameworks (Rezende
et al., 2016; Santoro et al., 2016) sequentially process and encode the few labeled images of novel
categories. Second, optimization-based schemes (Finn et al., 2017; Rusu et al., 2019; Tseng et al.,
2019; Vuorio et al., 2019) learn to ne-tune the model with the few example images by integrating
the ne-tuning process in the meta-training stage. Third, metric-based methods (Koch et al., 2015;
Vinyals et al., 2016; Snell et al., 2017; Oreshkin et al., 2018; Sung et al., 2018; Lifchitz et al., 2019)
classify the query images by computing the similarity between the query image and few labeled
images of novel categories.

Among these three classes, metric-based methods have attracted considerable attention due to their
simplicity and effectiveness. Metric-based few-shot classi cation approaches consist fefatjiae
encoderto extract features from both the labeled and unlabeled images andhgjrie function

that takes image features as input and predict the category of unlabeled images. For example,
MatchingNet (Vinyals et al., 2016) applies cosine similarity along with a recurrent network, Pro-
toNet (Snell et al., 2017) utilizes euclidean distance, RelationNet (Sung et al., 2018) uses CNN
modules, GNN (Garcia & Bruna, 2018) employs graph convolution modules as the metric func-
tions. However, these metric functions may fail to generalize to unseen domains since the distribu-
tions of the image features extracted from the task in various domains can be drastically different.
Chenetal. (Chen et al., 2019a) recently show that the performance of existing few-shot classi cation
methods degrades signi cantly under domain shifts. Our work focuses on improving the general-
ization ability of metric-based few-shot classi cation models to unseen domains. Very recently,
Trianta llou et al. (Trianta llou et al., 2020) also target on the cross-domain few-shot classi cation
problem. We encourage the readers to review for a more complete picture.

Domain adaptation. Domain adaptation methods (Pan & Yang, 2010) aim to reduce the domain
shift between the source and target domains. Since the emergence of domain adversarial neural net-
works (DANN) (Ganin et al., 2016), numerous frameworks have been proposed to apply adversarial
training to align the source and target distributions on the feature-level (Tzeng et al., 2017; Chen
et al., 2018; Hsu et al., 2020) or on the pixel-level (Tsai et al., 2018; Hoffman et al., 2018; Bous-
malis et al., 2017; Chen et al., 2019b; Lee et al., 2018). Most domain frameworks, however, target at
adapting knowledge of theamecategory learned from the source to target domain and thus are less
effective to handlenovelcategory as in the few-shot classi cation scenarios. One exception is the
work by Dong and Xing (Dong & Xing, 2018) that address the domain shift issue in the one-shot
learning setting. Nevertheless, these domain adaptation methods require access to the unlabeled
images in the target domain during the training. Such an assumption may not be feasible in many
applications due to the dif culty of collecting abundant examples of rare categories (e.qg., rare bird
species).
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Domain generalization. In contrast to the domain adaptation frameworks, domain generaliza-
tion (Blanchard et al., 2011) methods aim at generalizing from a set of seen domains to the un-
seen domaimvithoutaccessing instances from the unseen domain during the training stage. Before
the emerging of learning-to-learn (i.e., meta-learning) (Ravi & Larochelle, 2017; Finn et al., 2017)
approaches, several methods have been proposed for tackling the domain generalization problem.
Examples include extracting domain-invariant features from various seen domains (Blanchard et al.,
2011; Li et al., 2018b; Muandet et al., 2013), improving the classi ers by fusing classi ers learned
from seen domains (Niu et al., 2015a;b), and decomposing the classi ers into domain-speci ¢ and
domain-invariant components (Khosla et al., 2012; Li et al., 2017a). Another stream of work learns
to augment the input data with adversarial learning (Shankar et al., 2018; Volpi et al., 2018). Most
recently, a number of methods apply the learning-to-learn strategy to simulate the generalization
process in the training stage (Balaji et al., 2018; Li et al., 2018a; 2019). Our method adopts a similar
approach to train the proposed feature-wise transformation layers. The application context, however,
differs from prior work as we focus on recognizingvelcategory fromunseerdomains in few-shot

classi cation. The goal of this work is to make few-shot classi cation algorithms robust to domain
shifts.

Learning-based data augmentation. Data augmentation methods are designed to increase the
diversity of data for the training process. Unlike the hand-crafted approaches such as horizontal ip-
ping and random cropping, several recent approaches have been propesedttee data augmen-

tation (Cubuk et al., 2019; DeVries & Taylor, 2017a; Lemley et al., 2017; Perez & Wang, 2017; Sixt
et al., 2018; Tran et al., 2017). For instance, the SmartAugmentation (Lemley et al., 2017) scheme
trains a network that combines multiple images from the same category. The Bayesian DA (Tran
et al., 2017) method augments the data according to the distribution learned from the training set,
and the RenderGAN (Sixt et al., 2018) model simulates realistic images using generative adversarial
networks. In addition, the AutoAugment (Cubuk et al., 2019) algorithm learns the augmentation via
reinforcement learning. Two recent frameworks (Shankar et al., 2018; Volpi et al., 2018) target at
augmenting the data by modeling to the variation across different domains with adversarial learn-
ing. Similar to these approaches for capturing the variations across multiple domains, we develop a
learning-to-learn process to optimize the proposed feature-wise transformation layers for simulating
various distributions of image features encoded from different domains.

Conditional normalization. Conditional normalization aims to modulate the activation via a
learned af ne transformation conditioned on external data (e.g., an image of an artwork for cap-
turing a speci c style). Conditional normalization methods, including Conditional Batch Normal-
ization (Dumoulin et al., 2017), Adaptive Instance Normalization (Huang & Belongie, 2017), and
SPADE (Park et al., 2019), are widely used in the style transfer and image synthesis tasks (Karras
etal., 2019; Lee et al., 2020; AlIBahar & Huang, 2019). In addition to image stylization and genera-
tion, conditional normalization has also been applied to align different data distributions for domain
adaptation (Cariucci et al., 2017; Li et al., 2017b). In particular, the TADAM method (Oreshkin
et al., 2018) applies conditional batch normalization to metric-based models for the few-shot clas-
si cation task. The TADAM method aims to model the training task distribution undestme
domain. In contrast, we focus on simulating various features distributionsdifferentdomains.

Regularization for neural networks. Adding some form of randomness in the training stage is

an effective way to improve generalization (Srivastava et al., 2014; Wan et al., 2013; Larsson et al.,
2017; DeVries & Taylor, 2017b; Zhang et al., 2018; Ghiasi et al., 2018). The proposed feature-

wise transformation layer for modulating the feature activations of intermediate layers (by applying

random af ne transformations) can also be viewed as a way to regularize network training.

3 METHODOLOGY

3.1 PRELIMINARIES

Few-shot classi cation and metric-based method. The few-shot classi cation problem is typ-

ically characterized abl,, way (number of categories) amd; shot (number of labeled examples

for each category). Figure 1 shows an example of how the metric-based frameworks operate in the
3-way 3-shot few shot classi cation task. A metric-based algorithm generally contains a feature
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encodelE and a metric functioM . For each iteration during the training stage, the algorithm ran-
domly sampledN,, categories and constructs a tadskWe denote the collection of input images as
X = fXx1;X2;  ;Xpgand the corresponding categorical labels as¥nd fy;;y2;  ;yng. A
taskT consists of asupport set = f(Xs; Ys)gand aguery seQ = f(Xg; Yq)g. The support seb

and query se@ are respectively formed by randomly selectig andNy samples for each of the
N, categories.

The feature encodé& rst extracts the features from both the support and query images. The metric
functionM then predicts the categories of the query ima¥gsaccording to the label of support
imagesYs, the encoded query imade(x?), and the encoded support imadgeéXs). The process
can be formulated as

¥q= M (Ys;E(Xs); E(Xq): €

Finally, the training objective of a metric-based framework is the classi cation loss of the images in
the query set,

L= Lcls(Yq;‘?q): (2

The main difference between various metric-based algorithms lies in the design choice for the metric
functionM . For instance, the MatchingNet (Vinyals et al., 2016) method utilizes long-short-term
memories (LSTM), the RelationNet (Sung et al., 2018) model applies convolutional neural net-
works (CNN), and the GNN (Garcia & Bruna, 2018) scheme uses graph convolutional networks.

Problem setting. In this work, we address the few-shot classi cation problem under the domain
generalization setting. We denote a domain consisting of a collection of few-shot classi cation tasks
asT = fTq1;T2;  ;Thg. We assum@& seen domain$T %", TS%€", ;T J®¢"g available in the
training phase. The goal is to learn a metric-based few-show classi cation model using the seen
domains, such that the model can generalize well to an unseen doif{&fs". For example, one

can train the model with the mini-ImageNet (Ravi & Larochelle, 2017) dataset as well as some
public available ne-grained few-shot classi cation domains, e.g., CUB (Welinder et al., 2010), and
then evaluate the generalization ability of the model on an unseen plants domain. Note that our
problem formulation doesot access images in the unseen domain at the training stage.

3.2 FEATURE-WISE TRANSFORMATION LAYER

Our focus in this work is to improve the generalization ability of metric-based few-shot classi cation
models to arbitrary unseen domains. As shown in Figure 1, due to the discrepancy between the
feature distributions extracted from the task in the seen and unseen domains, the metric Mnction
may over tto the seen domains and fail to generalize to the unseen domains. To address the problem,
we propose to integrate a feature-wise transformation to augment the intermediate feature activations
with af ne transformations into the feature encoder Intuitively, the feature encodét integrated

with the feature-wise transformation layers can produce more diverse feature distributions which
improve the generalization ability of the metric functidh. As shown in Figure 2(b), we insert

the feature-wise transformation layer after the batch normalization layer in the feature eBcoder
The hyper-parameters 2 R¢ 1 1and 2 R® ! !indicate the standard deviations of the
Gaussian distributions for sampling the af ne transformation parameters. Given an intermediate
feature activation map in the feature encoder with the dimension®f H W, we rst sample

the scaling term and bias term from Gaussian distributions,

N (1; softplus( )) N (O; softplus( )): 3)
We then compute the modulated activatibas
2chw = ¢ Zehw t oo 4)

where?..hw 2 2 andzqhw 2 z. In practice, we insert the feature-wise transformation layers to the
feature encodeE at multiple levels.

3.3 LEARNING THE FEATURE-WISE TRANSFORMATION LAYERS

While we can empirically determine hyper-parametgrss f ; g of the feature-wise transfor-
mation layer, it remains challenging to hand-tune a generic set of parameters which are effective
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Figure 2: Method overview. (a) We propose a feature-wise transformation layer to modulate in-
termediate feature activatianin the feature encoddf with the scaling and bias terms sampled
from the Gaussian distributions parameterized by the hyper-parametansl . During the train-

ing phase, we insert a collection of feature-wise transformation layers into the feature encoder to
simulate feature distributions extracted from the tasks in various domains. (b) We design a learning-
to-learn algorithm to optimize the hyper-parameterand of feature-wise transformation layers

by maximizing the performance of the applied metric-based model on the pseudo-unseen domain
(bottom) after it is optimized on the pseudo-seen domé&p)(

on different settings (i.e., different metric-based frameworks and different seen domains). To ad-

dress this problem, we design a learning-to-learn algorithm to optimize the hyper-parameters of the
feature-wise transformation layer. The core idea is that training the metric-based model integrated
with the proposed layers on the seen domains should improve the performance of the model on the
unseen domains.

We illustrate the process in Figure 2(b) and Algorithm 1. In each training iterafizre sam-

ple apseudo-seemlomain TPS and apseudo-unseedomainTPY from a set of seen domains

fT Seen 1een [ Tg®®"g. Given a metric-based model with feature encdéler and metric func-

tion M : , we rst integrate the proposed layers with hyper-parameterss f '; !'ginto the
feature encoder (i.eE ., ; ). We then use the loss in equation 2 to update the parameters in the

metric-based model with theseudo-seetaskTP® = f(X£%; Y°); (X9 YE%)g 2 T PS, namely
e i m)=C e m) 5oy Las(YESM y (YBE o (XE)E (X§%); (5)
where is the learning rate. We then measure the generalization ability of the updated
metric-based model by 1) removing the feature-wise transformation layers from the model and
2) computing the classi cation loss of the updated model on geeudo-unseetask TPY =
FOXEUYEY); (XEY; YEY)g 2 TPY, namely
LPY = Lc|s(Ygu;|\/| 1 (YP E 1 (XY, E 1+ (X(?u)))l (6)

Finally, as the los& P! re ects the effectiveness of the feature-wise transformation layers, we opti-
mize the hyper-parameters by

=] 5 ¢ LPU: 7

Note that the metric-based model and feature-wise transformation layers are jointly optimized in the
training stage.



