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ABSTRACT

Cross-domain few-shot learning for image classification has many practical applications. This
paper attempts to shed light on suitable configurations of feature exactors and “shallow”
classifiers to use in this machine learning setting. We apply ResNet-based feature extractors
pretrained on two versions of the ImageNet (minilmageNet and ILSVRC2012) dataset to five
target domains with different degrees of similarity to ImageNet, varying the size of the
feature extractor, the stage of the network at which features are extracted, and the learning
algorithm applied to the extracted features. We evaluate standard learning algorithms such
as logistic regression and linear discriminant analysis, as well as variants thereof, and
additionally consider the effect of normalising the feature vectors using various p-norms. We
also apply multi-instance learning to improve utilisation of the training images. In our
experiments, the cosine similarity classifier and €,-regularised 1-vs-rest logistic regression
generally exhibit the best classification performance. We also find that algorithms such as
linear discriminant analysis yield consistently higher accuracy using £,-normalised feature
vectors. Features extracted from the penultimate stage of a ResNet-101 model, and multi-
instance learning techniques, produce the highest accuracy for a majority of the target
domains. Our results will inform practitioners who are considering the application of
pretrained ImageNet feature extractors in cross-domain settings with small amounts of
labelled training images in the target domain.

KEYWORDS
Cross-Domain Few-Shot Learning, Pretrained Feature Extractors, Normalisation, Transfer
Learning, Multi-instance Learning

1. Introduction

Convolutional neural networks (CNN) have substantially improved the accuracy of
supervised learning approaches for image classification, but large labelled sets of images are
generally essential to obtain a high-accuracy classifier. Because of the cost of labelling data
or other limitations, this may not be possible in all practical applications. This motivates the
investigation of so-called “few-shot” learning approaches. Few-shot learning (FSL) tackles
the problem of learning models in target domains that exhibit a very limited number of
labelled training instances (Vinyals et al. 2016). To make this feasible, it is considered
essential to exploit prior knowledge gleaned from a source domain that is related to the
target domain and utilise it to compensate for the lack of labelled data in the target domain.
In this manner, it is possible to obtain a model that is a more accurate predictor than a model
trained only from the labelled data available for the target domain. Consequently, few-shot
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learning can be interpreted as a form of transfer learning (Pan and Yang 2010) from a
domain with a large quantity of training data to another domain with much less data.

Many studies on FSL consider situations where there is only a small shift between the
source and target domains (Vinyals et al. 2016, Snell et al. 2017). Commonly, experiments
are performed based on a single dataset, using some classes as the source domain and
employing the rest to form the target domain. In this paper, we consider the more realistic
cross-domain few-shot learning (CD-FSL) scenario instead, which refers to few-shot learning
tasks where the source domain data and the target domain data are from strictly different
origins and not, e.g., derived from the same dataset (Guo et al. 2020). Compared with in-
domain FSL, CD-FSL presents a potentially more challenging transfer learning problem, as its
source and target domains are likely to differ significantly in input distribution. For example,
while an FSL task that is purely based on ImageNet (Deng et al. 2009) has mutually exclusive
class splits, images in both partitions still share common properties such as resolution,
perspective, etc., since they are all natural images obtained in similar ways. On the other
hand, in a CD-FSL scenario transferring from ImageNet to CIFAR-10 (Krizhevsky 2012),
images in the source and target domains differ substantially in terms of resolution and
perspective, yielding an inherently more challenging transfer learning task.

CD-FSL aims to enable efficient learning in one field with knowledge from another. This is
consistent with the original intention of research into few-shot learning: achieving human-
competitive sample efficiency with machine learning (considering that humans are often
able to learn to perform a new task given a very small number of examples). Crucially, real-
world scenarios requiring CD-FSL are far more common than those requiring methods for
learning new classes in the same domain.

A standard approach to FSL is to train a “shallow” (e.g., linear) classifier on features
provided by a convolutional network. Often, these methods employ a meta-learning
strategy involving episodic training (Hospedales et al. 2021, Vinyals et al. 2016) to yield a
feature extractor providing features that generalise well. In this context, it is common to
propose new classification rules, such as the nearest centroid classifiers in prototypical
networks (Snell et al. 2017) or the linear support vector machines (SVMs) in MetaOptNet
(Lee et al. 2019), and employ them in an episodic training framework.

Our work is based on the observation by Guo et al. (2020) that in a single-source-domain
CD-FSL setting, a simple transfer learning approach that pretrains a feature extractor in the
source domain and builds a linear classifier on the extracted features in the target domain
can outperform meta-learning methods developed for the standard FSL setting. Guo et al.
(2020) show this using a new benchmark for CD-FSL that employs minilmageNet (a subset
of the full ImageNet dataset) as source domain and a diverse set of other datasets as target
domains.

With the work presented in this paper, we aim to provide an extensive evaluation of
widely-used “shallow” classifiers applied to features extracted by a pretrained network in
CD-FSL.2We employ the benchmark developed by Guo et al. (2020) to enable a comparison
to the results presented in their paper. In our experiments, we additionally evaluate the
effect of various data normalisation strategies and also consider a set of larger feature
extraction networks trained on the full ImageNet dataset. As the data extracted by
convolutional networks is high-dimensional, we include classifiers designed for processing
such data, e.g., microarray data, in our experiments. More specifically, we apply random

2 Our code and data are available at https://zenodo.org/record/5152448
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projection ensembles of LDA models (McLachlan 1992) and the nearest shrunken centroid
classifier (Tibshirani et al. 2003). In addition, we experimentally compare the effect of using
feature vectors extracted from various stages of a wide range of ResNet models (He et al.
2015). Lastly, we convert each instance in CD-FSL into a bag of weakly augmented samples,
transforming the original mono-instance task into a multi-instance one, and evaluate multi-
instance learning methods on the transformed task.

Our main conclusions are that (i) variants of linear discriminant analysis can be effectively
applied in CD-FSL, (ii) feature vector normalisation can help to increase predictive
performance, (iii) standard regularised logistic regression is competitive with the cosine
similarity classifier used by Chen et al. (2019), (iv) the penultimate stage of feature
extractors can produce feature vectors that lead to better CD-FSL accuracy than those
obtained from the final stage, and (v) simple multi-instance learning methods can be
profitably applied by converting instances into weakly augmented bags of instances.

This paper extends our earlier conference publication available as (Wang et al. 2020).
Extensions to the conference publication include evaluation of a greater range of ResNet
models, comparison between different ResNet stages, and application of multi-instance
learning techniques to CD-FSL tasks.

2. Related Work

Most recently developed approaches to few-shot learning make use of episodic training
(Vinyals et al. 2016, Snell et al. 2017, Lee et al. 2019, Sung et al. 2018, Finn et al. 2017),
where the objective function used to train the feature extractor is dynamically generated
for each minibatch. The loss is dynamic in the sense that it depends on classifier weights
that are generated after performing the forward propagation, via solving a second
optimisation problem or using a learning algorithm with a closed form solution. A different
few-shot learning problem is synthesised for each episode by selecting a random subset of
classes from the training dataset, with the goal of training a network that will produce class-
agnostic features. Due to this idea of nested learning, these techniques can be seen as a
form of meta-learning. In practice, it has been shown that such episodic training methods
learn features that may perform poorly compared to simple baselines when evaluated in a
cross-domain setting (Guo et al. 2020, Chen et al. 2019).3

Prototypical networks (Snell et al. 2017) are the most popular example of episodic
training in few-shot learning. In each episode of training, a nearest centroid classifier is
constructed, and the cross-entropy loss of this classifier is used as a training signal for the
feature extractor. It is instructive to relate this to the classification methods we consider in
this paper. Nearest centroid classifiers can be seen as a simplification of linear discriminant
analysis (LDA) (Hastie et al. 2009). While nearest centroid classifiers commonly use
Euclidean distance, LDA makes use of Mahalanobis distance—a metric defined via the
covariance matrix of the training data. The quadratic discriminant analysis (QDA) extension
constructs a per-class covariance matrix, rather than a global pooled covariance matrix. We
also consider the shrunken nearest centroid classifier (Tibshirani et al. 2003), a variant of
LDA designed for high-dimensional datasets with only a few samples—a defining

3 Note that in this paper, we consider a few-shot scenario where features are obtained from a single source domain. The
meta-learning approach has been used to successfully combine information from multiple source domains [Triantafillou et al.
(2020), Dvornik et al. (2020), Liu et al. (2021), Triantafillou et al. (2021)].
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characteristic of few-shot learning. Finally, addressing high-dimensional problems with LDA,
it is common to construct a committee of classifiers, where each member of the ensemble
first randomly projects the high-dimensional features into a lower-dimensional space
(Durrant and Kaban 2015). We include all these variants in our experiments.

The matching networks method for few-shot learning (Vinyals et al. 2016) uses the
episodic training approach to learn an embedding function that considers multiple training
instances from the few-shot learning problem simultaneously. This can be seen as a dynamic
metric learning approach, to which a k-nearest neighbours (k-NN) classifier is then applied
in order to make predictions. Relation networks (Sung et al. 2018) also make use of metric
learning but use a Siamese network that considers pairs of instances rather than the
recurrent network approach used in matching networks. Guo et al. (2020) demonstrate that
these methods underperform in the cross-domain setting. In our paper, we apply a k-NN
classifier directly to the features extracted by the pretrained network.

The MetaOptNet (Lee et al. 2019) method makes use of the implicit function theorem to
embed a convex optimiser into the forward propagation of a convolutional network. This
enables training of a linear SVM on a randomly generated few-shot learning problem in each
episode before performing a backpropagation and weight update. The loss of this SVM is
then used as a training signal for the feature extractor network. We include support vector
machines in our comparison.

Two recent papers have pointed out the shortcomings of episodic training approaches to
few-shot learning, and demonstrated the viability of transfer learning approaches in CD-FSL.
The work of Chen et al. (2019) demonstrates that using a standard pretrained network and
a simple classifier that makes predictions based on the cosine similarity between the
features of a novel instance and a prototype learned from each class achieves competitive
performance. In particular, this is accomplished without any sophisticated meta-learning
process. Guo et al. (2020) propose a new set of benchmarks for cross-domain few-shot
learning—the one we extend in this paper—which is shown to be much more challenging
than previously used evaluation protocols, and demonstrate that the meta-learning
approaches considered in their experiments are significantly outperformed by
comparatively simple baselines based on pretrained networks.

3. Methods

In multi-class learning problems, we construct a classifier, f: X = Yz mapping from an input
space, X, to an output space, Yr, consisting of n class values, based on a training set Zrc X
xYrsampled from the (target) domain of interest. In n-way k-shot classification, which is a
special case that is commonly considered in few-shot learning, we have exactly k instances
for each of the n classes. Cross-domain few-shot learning problems are commonly tackled
by initially training a feature extraction model on an auxiliary set of data, Zsc X x Y5, that
has been obtained from a related (source) domain.? It is generally assumed that (i) the label
sets of the source and target domains are different (i.e., Yr# Ys), and (ii) the input data are
sampled from different distributions (i.e., ps(x) # pr(x), where the random variable x takes
values in X). Importantly, the size of Zs, the auxiliary set, is not limited to any particular value.
A common strategy in few-shot learning approaches is to use Zsto train a feature extractor,

4 We assume that only a single source domain is available because this is a common scenario in practice.
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g, mapping from X to an intermediate feature space, I, of lower dimensionality (e.g., 512)
than the input space. Then, Zr the few-shot training data for the target domain, is
processed by the feature extractor and the feature vectors are used to obtain a robust
classifier, h, that maps from [ to Yr The final classification model, f is given by the
composition of the feature extractor and the robust classifier, f= heg. In this paper, we focus
on image classification and assume that g is a convolutional neural network trained on the
source domain data (i.e., the “auxiliary” data). The process is shown in Figure 1.
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Figure 1. Cross-domain few-shot learning flow chart

3.1. Datasets

In the benchmark proposed by Guo et al. (2020), a small subset of ImageNet (Deng et al.
2009)—a large collection of images containing over 20,000 classes and, on average, over
500 instances per class—is utilised as the source domain, and there are four target domains
with varying degrees of domain shift from the source domain. We adopt this benchmark for
our experiments, and further add another dataset, Food-101 (Bossard et al. 2014), a highly
specialised classification task, as a target domain. Additionally, we use different subsets of
ImageNet as source domains. The feature extractor employed in Guo et al. (2020) utilises
only a small subset of ImageNet, named minilmageNet, proposed by Vinyals et al. (2016),
which is commonly used in few-shot learning research. MinilmageNet contains 100 classes
in total, including 64 classes for training, 16 classes for validation, and 20 classes for testing;
each class contains 600 instances. In Guo et al. (2020), the 64 training classes are used to
train a ResNet-10 feature extractor. To extend the evaluation, we also investigate the
performance of a set of larger ResNet models (more detail is provided in Section 3.4)
pretrained on the much larger subset of ImageNet used in the 2012 Large Scale Visual
Recognition Challenge (Russakovsky et al. 2015). This dataset contains over 1.2 million
images spread across 1,000 classes.
We use all the target domains proposed by Guo et al. (2020) in our experiments:

¢ CropDisease (Mohanty et al. 2016) contains 54,306 instances composed of images of
healthy and diseased plants. There are 38 classes of 14 plant species; each specimen
is either healthy or infected with one of 26 diseases.
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e EuroSAT (Helber et al. 2019) is a 10-class dataset of satellite images with 27,000
instances.

¢ ISIC (Tschandl et al. 2018, Codella et al. 2019) is a skin disease dataset with 10,015
instances in seven different classes.

¢ ChestX (Wang et al. 2017) is a frontal-view X-ray dataset containing 108,948 instances
and eight different disease labels; each instance can have multiple labels. After the
filtering process implemented by Guo et al. (2020), the dataset consists of 25,848
instances, each belonging to one of seven mutually exclusive classes.

The motivation for including these datasets in the CD-FSL benchmark in the above order
is to introduce target domains that are increasingly different from the ImageNet source
domain (Guo et al. 2020). CropDisease has both perspective and colour, and consists of
natural objects, all of which are attributes of ImageNet. EuroSAT has no perspective, in
contrast to CropDisease. ISIC does not contain natural objects, as opposed to EuroSAT and
CropDisease. Lastly, ChestX does not exhibit perspective, colour, or natural objects.

To extend the benchmark, we include another dataset, Food-101 (Bossard et al. 2014),
which is a food image dataset containing 101 classes and 1,000 images per class. For each
class, there are 250 instances that are sanitised; the remainder may be heavily distorted or
wrongly labelled. We only include the 250 sanitised instances of each class in our
experiments to evaluate the performance of the algorithms and the effects of the
normalisation methods, but utilise all of the 101 classes. We consider Food-101 to be at the
same level as CropDisease in terms of similarity to the source domain—Food-101 also has
perspective and colour, and images of (albeit man-made) objects. However, Food-101 is
arguably more specialised and complex than CropDisease due to its greater number of
classes and the subtle differences between food classes.

Note that there are a few similar classes between Food-101 and ImageNet. For example,
Food-101 contains class “hamburger” and ImageNet contains class “cheeseburger”.
Therefore, the pretrained feature extractor obtained from subsets of ImageNet may not be
completely blind to certain classes in this target domain, which is not the case for the target
domains EuroSAT, ISIC, or ChestX. However, ImageNet and Food-101 are assembled in
different ways from different sources, and the similarity is limited to a very small number of
classes. Also, ImageNet contains a large number of natural object categories, making it hard
for other datasets of natural objects to exclude the ImageNet classes completely. For
example, “corn” is a class in both ImageNet and CropDisease.

3.2. Robust Learning Algorithms

Few-shot learning using a pretrained feature extractor involves training a classifier on a
small number of labelled instances (often between 10 and 100) complicated by the fact that
the feature vectors can exhibit hundreds or thousands of dimensions. There are other
machine learning applications, such as classification tasks in genomics and natural language
processing tasks involving bags of words, that exhibit high-dimensional feature vectors.
Learning algorithms that are suitable for these applications are thus also worth considering
in the context of this paper. The full list of algorithms we evaluate in our experiments to
train the “shallow” classifier h is the following:

¢ Logistic regression: a technique that uses linear combinations of feature values along
with a logistic function to model class probabilities (le Cessie and van Houwelingen
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1992). The model is obtained by optimising parameters for log likelihood on the
training data, and can be regularised in various ways. We consider penalising the £, or
£, norms of the parameters. Multi-class variants can be constructed via a problem
transformation (we use 1-vs-rest), or using a softmax function instead of the logistic
function to obtain a multinomial distribution over classes.

Linear discriminant analysis: a method that also finds linear combinations of features
that separate different classes in a dataset (McLachlan 1992). LDA assumes that the
instances from each class are normally distributed, and the distributions of all the
classes have identical covariance matrices. It can be regularised by adding a small
value to the diagonal entries of the covariance matrix.

Quadratic discriminant analysis: a method closely related to LDA; unlike LDA, QDA
assumes that each class can have a different covariance matrix. This method can also
be regularised by adding a small quantity to the diagonal of the covariance matrices.
Random projection LDA ensemble: a committee of LDA models, where each member
of the ensemble first reduces the dimensionality by multiplying the feature vector
with a fixed random matrix. Each element in the projection matrices is randomly
sampled from N(0,1).

Linear SVM: a method closely related to logistic regression (LR), but parameters are
found by minimising the hinge loss instead of optimising the likelihood. In the
standard formulation, which we apply, regularisation is performed by adding an ¢,
penalty. The 1-vs-rest method or pairwise classification is normally applied to enable
multi-class classification using SVMs. We investigate both options.

Naive Bayes: a generative model that (naively) assumes conditional independence
between all features (John and Langley 1995). When dealing with numeric attributes,
it is common to assume class conditional normal densities, but we utilise supervised
discretisation to transform continuous attribute values into discrete values (Yang and
Webb 2009) to obtain higher accuracy.

k-nearest neighbours: a method that classifies an unlabelled instance by referring to
the class labels of its neighbours and assigning the most prominent label to the
instance (Aha et al. 1991). k-NN gives the k-nearest neighbours uniform importance
by default; alternatively, more weighting can be given to neighbours that are closer
to the instance to be classified, e.g., by giving each neighbour a weighting of either
1/ distance or 1 — distance . Our implementation utilises the 1 — distance
weighting scheme, and the number of nearest neighbours is selected using internal
leave-one-out cross-validation.

Random forests: highly randomised ensembles of decision tree classifiers (Breiman
2001). A random forest maintains a number of different decision trees, each trained
with a dataset that is sampled with replacement from the entire training set of
instances. Randomness is also injected directly into the process of tree construction.
The output of a random forest is the mode prediction of its decision trees, or the
average of the per-class probability estimates obtained from the trees (we use the
latter method); using an ensemble of trees has the effect of avoiding mistakes made
by single trees due to over-fitting.

Nearest shrunken centroid: a variant of the basic centroid classifier that has been
developed for the gene expression domain (Tibshirani et al. 2003). The classifier
maintains a centroid for each class of training instances, and assigns—to an unlabelled
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instance—the class of its nearest centroid in scaled Euclidean space. For
regularisation, the centroids are “shrunken” towards the global centroid of the data,
potentially rendering all the centroids equal to the global centroid along some of the
dimensions. Those dimensions become irrelevant for classification. The amount of
shrinkage is determined by a hyperparameter that is optimised using internal 10-fold
cross-validation.

¢ Cosine similarity: a method proposed for few-shot learning by Chen et al. (2019). This
approach is similar to multinomial logistic regression but replaces the inner product
between features and parameters with cosine similarity. It also removes the
intercepts from the model.

3.3. Normalisation Methods

Feature vector normalisation is a common pre-processing step in machine learning, e.g., in
document classification using bags of words, and we also consider its effect in our
experiments. For a vector, X, containing values xi, X3,..., X,, normalisation can be defined as

>
X

1
SR

where p denotes the £, norm that is applied. Using norm; means dividing each element in
the vector by the sum of the absolute values contained in it, norm;divides by the Euclidean
norm, and norme divides by the maximum absolute value. Once normalisation has been
applied, the vector will have length one in the norm that is used, e.g., £; norm yields unit
rectilinear length, and £, norm yields unit Euclidean length. Note that normalising instances
in this manner is different from column/feature-wise normalisation: all feature values of an
instance are scaled by the same value, and this value is instance dependent.

norm,, (X) =

Table 1. Architectures of the five ResNet models

stage output 18-layer 34-layer 50-layer 101-layer 152-layer
name size
conl 112x112 7x7, 64, stride 2
3x3 max pool, stride
conv2_x | 56x56 [sx384]x2 3383 35301 x3 55501 |x3 %501 |x3
3x3,64 3% 3,64 | 1x 1,256 | 1x1,256 ] | 11,256
._ o Ix1,128 Ix1,128 1x1,128
comax | 2828 | [FGE]x2 | [XSiigexd o] I Bl B 1
s | [xaam 32,250 ABe o | | B3 [xas | | 33028 was
conva_x L4x14 [ixi?SU}X2 [ixi%b'}(ﬁ 1x1,1024 1x1,1024 1x1,1024
3x3,512 3x3,512 LTl O T IO axybiZ .
convs_x 77 [ix 3,51 2} ®2 [3 x3,51 2} %3 f’fﬁi’nlfs X3 i sods| ™ 3 f;jﬁ'zonlfs x3
1x1 average pool, 1000-d fc, softmax
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Table 2. PyTorch ResNet validation accuracy on ImageNet

Model structure Top-1 error Top-5 error
resnetl8 30.24 10.92
resnet34 26.70 8.58
resnet50 23.85 7.13
resnet101 22.63 6.44
resnetl152 21.69 5.94

3.4. Feature Extractors and Stage Activation

In our experiments, we consider five ResNet architectures—ResNet-18, ResNet-34, ResNet-
50, ResNet-101, and ResNet-152—where the number in the name of each model denotes
the number of convolutional layers in the architecture, as shown in Table 1.

Note that our experiments in Section 5.1 compare the performance of robust base
learners using features from a PyTorch (Paszke et al. 2019) ResNet-10 model pretrained on
minilmageNet for the CD-FSL benchmark (Guo et al. 2020), and a Keras (Chollet et al. 2015)
ResNet-152 model pretrained on the ILSVRC2012 subset of ImageNet. In contrast, the
experiments in Section 5.5 compare feature extractors using the five networks detailed in
Table 2 as available in PyTorch (Paszke et al. 2019) in the form of networks pretrained on
ILSVRC2012; their accuracy on the ImageNet validation data is shown in Table 2 (Pytorch
Team 2019-2021).

The standard approach to extracting features with a ResNet Model is to use its output
from the global pooling layer as feature vectors. However, global pooling can be applied to
any convolutional layer to produce a feature vector of moderate length. Hence, to
experiment with feature extraction at different stages of the networks, we apply global
pooling to the end of each ResNet stage, i.e., conv2_x, conv3_x, and conv4_x in Table 1, in
addition to the original conv5_x. At these points in the networks, the feature maps are
downsized, and the number of channels is doubled. The lengths of the resulting feature
vectors for conv2_xto conv5_xare 64, 128, 256, 512 for ResNet-18 and ResNet-34; they are
256, 512, 1024, 2048 for ResNet-50, ResNet-101, and ResNet-152. We evaluate each stage’s
feature vectors as well as the concatenation of all stages’ feature vectors for each ResNet
model.

3.5. Multi-instance Learning

Multi-instance learning concerns the use of machine learning when a bag of instances is
used to represent an example associated with a single label, e.g., multiple images (instances)
of one animal (example) taken in quick succession. Multi-instance learning can be utilised to
alleviate data scarcity in FSL by converting one single example into a bag of differently
augmented instances using standard augmentation techniques.

Standard machine learning without bags of examples will be referred to in this section as
“mono-instance learning”® in contrast to “multi-instance learning”. A comparison between
mono- and multi-instance methods during the transfer learning phase is shown in Figure 2.

5 Also known as “single-instance learning”
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Figure 2. Mono-instance learning vs. Multi-instance learning

To transform the original mono-instance CD-FSL task into its multi-instance version, we
turn each image into a 10-crop bag: the image is resized to 256x256 pixels, a 224x224 crop
is taken from each of its corners as well as its centre, producing five crops, and the same
process is applied to the horizontally flipped version of the image. A feature extractor is
applied to each of the crops independently to create a bag of 10 feature vectors. The
following multi-instance learning algorithms available in the WEKA software (Hall et al. 2009,
Frank et al. 2016) are applied to each multi-instance CD-FSL task:

e SimpleMI: a bag of instances is reduced to a mono-instance by averaging across
feature values; we use the cosine similarity classifier on this transformed data.

e MIWrapper: during training, a bag of instances is split up into its individual component
instances that receive their bag’s label; predictions are made by averaging the
probability estimates obtained for individual instances in a bag—we again use the
cosine similarity classifier on the transformed data.
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e MILR:andara— logistic regression is adapted to maximise loglikelihood at the bag level
by combining per-instance probability estimates for a bag using the noisy-or operator.

e MILR oective— lOgistic regression is adapted to maximise loglikelihood at the bag level
by combining per-instance probability estimates for a bag using simple averaging.

¢ Miles,-vaooos— the method presented in Chen et al. (2006) and evaluated as a generic
transformation tool in Foulds and Frank (2008) is used to transform each bag into a
mono-instance; the cosine similarity classifier is used on the transformed data.

¢ RELAGGS — the RELAGGS method for relation aggregation (Krogel and Wrobel 2003)
is used to convert each baginto a mono-instance; again, the cosine similarity classifier
is applied on the transformed data.

4. Results and Discussion

As discussed in Section 3.4, our first set of results is based on two pretrained feature
extractors: a ResNet-10 network trained on minilmageNet based on the code made available
by Guo et al. (2020), and the ResNet-152 model trained on the ILSVRC2012 subset of
ImageNet available in Keras (Chollet et al. 2015). Both models receive as input square RGB
images, with a side length of 84 pixels for ResNet-10 and a side length of 224 pixels for
ResNet-152. The smaller network (ResNet-10) produces 512-dimensional feature vectors;
the larger one yields vectors with 2,048 components.

For each target domain dataset, 600 different 5-way k-shot learning tasks are created for
each value of k € {5,20,50}. Each of the 600 tasks is set up to contain 15 test instances per
class, regardless of the number of training instances. After feature extraction, shallow
learners are trained on the data using the WEKA software (Version 3.9.5) (Frank et al. 2016).

In further experiments, the two pretrained networks are replaced with the five pretrained
PyTorch ResNet models discussed in Section 3.4, and features are extracted from different
stages of each ResNet model to provide a systematic comparison of different feature
extractors and layer stages.

Lastly, each of the 600 x 5 CD-FSL tasks is converted to a multi-instance learning task by
using 10-crop bags of instances in place of the original images and applying a multi-instance
learning algorithm. The accuracy of multi-instance learning is compared with a centre-crop
mono-instance baseline.

4.1. Performance of Classifiers for Few-Shot Learning

The first set of experiments is designed to determine which of the robust base classifiers
yield the most accurate classifications in few-shot learning problems. To this end, all the
above classifiers are evaluated on each of the target domains, using un-normalised feature
vectors extracted by both networks, but considering only 5-shot problems. The results for
ResNet-10 features are given in Table 3 and visualised in Figure 3; the results corresponding
to ResNet-152 features are provided in Table 4 and visualised in Figure 5. Figures 4 and 6
provide some information on the statistical significance of the performance differences
between classifiers, aggregated across all datasets, as determined by the Wilcoxon-Holm
test (Wilcoxon 1945), where classifiers with no statistically significant difference in accuracy
are grouped by a thick horizontal line. The figures, named critical difference diagrams, are
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generated using code provided by Ismail Fawaz et al. (2019)°. The critical difference diagram
was originally proposed by Demsar (2006).

The results show that #;-regularised 1-vs-rest logistic regression, naive Bayes, k-NN, and
random forests are outperformed by the other learning algorithms. Additional experiments
(not included here) indicate that the poor performance of #;-regularised logistic regression,
relative to other linear models, is primarily due to the difficulty of determining a value for
the regularisation parameter that provides consistent performance. It is worth noting here
that hyperparameter optimisation using internal cross-validation was not used for the
results shown in this paper because it produced lower accuracy than the default
hyperparameter settings in WEKA. This is most probably because the training folds available
for internal cross-validation in few-shot episodes are very small, yielding high variance in the
cross-validation-based estimates of performance.

The results also show that variants of LDA are competitive with other linear classifiers.
This suggests that developing new forms of LDA that are designed specifically for few-shot
learning may be a promising avenue for research. We can also see that #,-regularised
logistic regression and the cosine similarity classifier, which has been shown to be
competitive with the state-of-the-art in (Chen et al. 2019), perform similarly. Considering
£,-regularised logistic regression is one of the most established ways to implement transfer
learning with deep neural networks, one may ask whether actual progress has been
achieved by developing variants of this old method.

Our results also show that predictive performance exhibits a consistent decrease as the
domain shift increases, confirming the observations of Guo et al. (2020). Among the four
datasets of Guo et al.’s original benchmark, CropDisease yields the highest estimated
accuracy for all algorithms, followed, in order, by EuroSAT, ISIC and ChestX. No method
improves in a meaningful manner on random guessing on the ChestX data (i.e., 20%). We
can also see that performance on Food-101 is consistently between that on EuroSAT and
ISIC. Thus, we can speculate that the domain shift between ImageNet and Food-101 is
greater than that between ImageNet and EuroSAT, and smaller than that between ImageNet
and ISIC.

6 https://github.com/hfawaz/cd-diagram
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Figure 3. Visualisation of the ResNet-10 feature extractor experimental results
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Figure 4. Critical difference diagram of the algorithms with the ResNet-10 feature extractor
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Figure 5. Visualisation of the ResNet-152 feature extractor experimental results
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Figure 6. Critical difference diagram of the algorithms with the ResNet-152 feature extractor
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Table 3. 5-shot experimental results with the ResNet-10 feature extractor

CropDisease EuroSAT Food-101 ISIC ChestX
Naive Bayes 82.92+0.75 73.24+0.75 42.19+0.75 37.23+0.6 22.04+0.38
k-NN 78.86+0.74 57.85+0.78 44.51+0.73 37.68+0.6 23.97+0.39
Random Forest 83.00+0.66 73.40+0.68 48.27+0.70 43.00+0.54 24.26+0.43
LDA 89.09+0.56 75.52+0.65 56.85+0.77 43.97+0.59 25.40+0.41
QDA 88.30+0.58 77.86+0.61 57.58+0.77 44.70+0.57 25.27+0.41
Pairwise SVM 88.55+0.59 76.14+0.67 57.28+0.76 44.08+0.58 25.30+0.41
1-vs-rest SVM 89.03+0.58 75.60+0.69 57.80+0.77 42.17+0.59 25.29+0.41
1-vs-rest LR £, 89.66+0.56 78.82+0.61 60.19+0.78 45.76+0.58 25.85+0.42
1-vs-rest LR £, 66.51+0.88 46.52+0.81 40.38+0.68 27.70+0.48 21.35+0.37
Multinomial LR 88.64+0.58 77.68+0.63 57.50+0.77 45.42+0.59 25.41+0.42
LDA ensemble 89.05+0.56 75.68+0.64 56.76+0.77 44.17+0.59 25.36+0.43
Shrunken centroid 87.46+0.62 75.23+0.67 56.36+0.77 42.17+0.59 25.00+0.44
Cosine similarity 89.71+0.55 79.56+0.60 59.44+0.78 46.60+0.59 25.86+0.42

Table 4. 5-shot experimental results with the ResNet-152 feature extractor

CropDisease EuroSAT Food-101 ISIC ChestX
Naive Bayes 92.71+0.51 82.90+0.51 69.99+0.87 37.31+0.52 23.04+0.39
k-NN 81.67+0.72 64.68+0.72 57.05+0.88 34.04+0.53 23.29+0.37
Random Forest 89.75+0.57 79.48+0.56 64.45+0.78 38.64+0.53 23.80+0.40
LDA 93.74+0.46 86.74+0.49 77.90+0.71 42.18+0.56 24.89+0.41
QDA 93.29+0.48 86.72+0.50 78.05+0.72 40.77+0.55 25.29+0.42
Pairwise SVM 93.50+0.47 86.70+0.50 78.02+0.72 42.04+0.57 25.29+0.43
1-vs-rest SVM 93.63+0.47 86.93+0.49 78.53+0.70 42.08+0.57 25.02+0.43
1-vs-rest logistic £, 93.79+0.46 87.62+0.47 79.42+0.69 43.28+0.56 25.30+0.42
1-vs-rest logistic £, 88.53+£0.60 81.18+0.56 72.18+0.77 39.49+0.57 24.32+0.41
Multinomial logistic 93.59+0.47 87.22+0.48 78.74+0.70 42.52+0.56 25.27+0.44
LDA ensemble 93.72+0.47 86.70+0.49 77.93+0.71 42.32+0.56 24.97+0.41
Shrunken centroid 92.26+0.52 85.65+0.50 76.97+0.74 40.70+0.56 24.92+0.43
Cosine similarity 93.77+0.47 87.67+0.47 79.34+0.69 42.98+0.56 25.22+0.42

On the three datasets that are relatively similar to ImageNet, i.e., CropDisease, EuroSAT,
and Food-101, the more complex ResNet-152 feature extractor, obtained by training on the
full ImageNet dataset, yields a large increase in classification accuracy for all classifiers when
compared to the results obtained using the ResNet-10 model However, its use decreases
accuracy on the two datasets that are more different from ImageNet, i.e., ISIC and ChestX.
We provide further discussion of the relationship between feature extractors and task
domains in Section 5.4.
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Table 5. Accuracy of the algorithms on £,,-normalised Food-101-ResNet-152 feature vectors

None 44 4, €3 o
Naive Bayes 69.99+0.87 70.54+0.87 70.81+0.85 70.32+0.86 67.91+0.87
k-NN 57.05+0.88 64.06+0.85 62.80+0.85 59.10+0.88 51.98+0.85
Random Forest 64.45+0.78 65.19+0.78 64.74+0.80 64.27+0.81 63.36+0.77
LDA 77.90+0.71 77.76%0.70 79.06+0.69 78.74+0.71 74.57+0.76
QDA 78.05+0.72 77.70£0.71 78.95+0.71 78.53+0.71 75.27%0.75
Pairwise SVM 78.02+0.72 74.00%0.77 74.76x0.79 78.84+0.72 74.63x0.77
1-vs-rest SVM 78.53+0.70 70.33+0.87 77.00+0.74 79.00+0.71 76.16x0.74
1-vs-rest LR £, 79.42+0.69 77.68+0.71 79.36+0.69 79.89+0.68 79.57+0.69
1-vs-rest LR £ 72.18+0.77 20.00+0.00 20.17+0.14 34.94+0.86 57.83+0.91
Multinomial LR 78.74+0.70 72.91+0.70 78.68+0.71 78.74+0.71 75.83+0.74
LDA ensemble 77.93+x0.71 77.58+0.69 78.85+0.69 78.54+0.70 74.75+0.75
Shrunken centroid 76.97+0.74 77.46x0.75 78.32+0.73 77.83+0.74 73.59+0.81
Cosine similarity 79.34+0.69 79.35+0.69 79.34+0.69 79.34+0.69 79.35+0.69

4.2. Feature Vector Normalisation

Next, we look at how normalising feature vectors affects accuracy in 5-shot learning. Table
5 presents accuracy on Food-101 using ResNet-152 feature vectors that have been
normalised. The best result for each learning algorithm is shown in bold.

The results show that 1-vs-rest logistic regression with €, regularisation, using the default
hyperparameter setting in WEKA (i.e., cost = 1 in LIBLINEAR), yields low accuracy with €,
normalisation, obtaining scores between 20% and 57.83%. We note that using a larger value
(e.g., cost = 1010) improves accuracy due to a closer fit to the training data, yielding 77.4%
with 1 -normalised data. However, this decreases performance to 66.57% when not
normalising the feature vectors.

The cosine similarity classifier is not affected at all by normalisation because ¥, -
normalisation is performed as part of the algorithm anyway: classification is based on the
direction of the feature vector. Hence, this classifier obtains the same accuracy regardless
of whether normalisation is applied, and regardless of the value of p.

The main finding from Table 5 is that LDA with £, normalisation yields highly competitive
accuracy on Food-101 when using the ResNet-152 feature vectors. Further experimental
results, shown in Table 6, demonstrate that LDA gains a performance increase from £,
normalisation on all the datasets. Hence, it appears that normalisation methods can provide
algorithms such as LDA with a consistent increase in CD-FSL performance.

Table 6. Comparison between no normalisation and £, normalisation for LDA on all the datasets

CropDisease EuroSAT Food-101 ISIC ChestX
None 93.74+0.46 86.74+0.49 77.90+0.71 42.18+0.56 24.89+0.41
lI,normalisation 93.95+0.45 87.30+0.48 79.06+0.69 42.48+0.56 25.11+0.40
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Table 7. Comparison of different number of shots for 1-vs-rest logistic regression with £, regularisation.

CropDisease EuroSAT Food-101 ISIC ChestX
1-shot 77.62+0.85 68.87+0.81 57.74+0.91 29.24+0.51 22.67+0.40
2-shot 87.06+0.66 79.39+0.64 68.68+0.84 34.37+0.57 23.72+0.42

3-shot 90.85+0.55 83.50+0.59 74.16+0.76 37.98+0.56 24.12+0.41
5-shot 93.79+0.46 87.62+0.47 79.42+0.69 43.28+0.56 25.30+0.42
20-shot 98.13+0.21 93.88+0.29 87.76+0.48 56.83+0.58 29.58+0.43
50-shot 98.95+0.15 95.84+0.23 90.68+0.41 64.16+0.54 33.12+0.47

4.3. Sample Efficiency

The performance of 1-vs-rest logistic regression with £, regularisation in a 5-way
classification problem given different numbers of training instances is shown in Table 7.

Unsurprisingly, for all the datasets, the accuracy increases as the number of shots
increases. For the three datasets most similar to ImageNet, i.e., CropDisease, EuroSAT, and
Food-101, the variance in the accuracy estimates across the 600 train-test experiments per
sample size also decreases. However, for ISIC and ChestX, no such trend is observed as the
number of shots increases. This, along with the results obtained when changing the feature
extractor, perhaps reflects the fact that the images of the five target domains are not just
increasingly different in their superficial similarity to the images of the source domain, i.e.,
ImageNet, but that the domains can be divided into two groups that are conceptually
different with respect to the source domain. Indeed, classification problems in CropDisease,
EuroSAT, and Food-101 are those of objects, while classification problems in ISIC and ChestX
are those of diseases, which are conceptually more abstract, and ImageNet is a dataset of
objects.

4.4. Few-Shot Fine-Grained Classification

Inspection of the results obtained so far show high accuracy on the CropDisease data. It is
worth noting that this dataset contains both plant species and plant diseases. To illustrate
the effect of this, Table 8 shows the relationship between classification performance and
the number of plant species that occur in the training and test data across the 600 runs for
the 5-way 5-shot experiment. These results are obtained using 1-vs-rest logistic regression
with £, regularisation on ResNet-152 feature vectors that have not been normalised. When
interpreting these results, it is important to consider that less disease classification is
involved when more plant species are present. For example, a run with five plant species
effectively becomes a pure plant classification task; intuitively, this is a problem that is easier
to solve. The results in Table 8 clearly demonstrate that accuracy is indeed positively
correlated with the number of plant species that are present in a run.

This observation provides motivation to consider a more challenging fine-grained
classification task involving plant diseases only and evaluate the two feature extractors on
this task. Hence, we propose the TomatoDisease dataset, obtained from CropDisease by
extracting all instances exhibiting tomato diseases. This subset does not involve plant
species, comprising tomatoes only, yielding a harder classification problem. Indeed, Table 9
shows that accuracy is lower when evaluating on TomatoDisease instead of CropDisease.
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Table 8. Classification accuracy increases as the number of plant classes increases in the 5-way 5-shot CropDisease iterations.
Summarised from the 600 iterations of 1-vs-rest logistic regression with £, regularisation on the un-normalised ResNet-152
feature vectors.

mean min median max
2 species and 3 in-species diseases (8 iter) 83.50 76.00 81.33 96.00
3 species and 2 in-species diseases (89 iter) 88.13  60.00 89.33 100.0
4 species and 1 in-species disease (274 iter) 93.41 76.00 94.67 100.0
5 species and 0 in-species disease (229 iter) 96.43  85.33 97.33 100.0

Table 9. TomatoDisease leads to lower classification accuracy than CropDisease for all the algorithms.

ResNet-10 ResNet-152

CropDisease TomatoDisease CropDisease TomatoDisease
Naive Bayes 82.92+0.75 57.87+0.79 92.71+0.51 68.35+0.66
k-NN 78.86+0.74 59.04+0.66 81.67+0.72 56.12+0.70
Random Forest 83.00+0.66 62.10+0.65 89.75+0.57 64.63+0.62
LDA 89.09+0.56 71.54+0.63 93.74+0.46 74.69+0.63
QDA 88.30+0.58 70.95+0.62 93.29+0.48 73.32+0.62
Pairwise SVM 88.55+0.59 71.10+0.64 93.50+0.47 73.95+0.62
1-vs-rest SVM 89.03+0.58 71.07+0.61 93.63+0.47 74.32+0.63
1-vs-rest LR 1? 89.66+0.56 71.31+0.63 93.79+0.46 74.60+0.63
1-vs-rest LRI 66.51+0.88 47.89+0.70 88.53+0.60 65.96+0.65
Multinomial LR 88.64+0.58 70.61+0.62 93.59+0.47 73.70+0.62
LDA ensemble 89.05+0.56 71.51+0.62 93.72+0.47 74.58+0.63
Shrunken centroid 87.46+0.62 68.31+0.68 92.26+0.52 71.36+0.65
Cosine similarity 89.71+0.55 71.36+0.62 93.77+0.47 74.17+0.61

All the data in TomatoDisease is from the CropDisease dataset, but significantly worse
performance is obtained when evaluating classifiers on the former, at least when using a
feature extractor trained on ImageNet. Consequently, one may perhaps argue that domain
shift between datasets is not restricted to superficial properties of the instances (e.g.,
colour, perspective, and objects present): the nature of the task also matters. When two
tasks differ in nature, adequate classification performance can be hard to obtain even if
superficial properties of their datasets are similar—for state-of-the-art image classification
systems that rely on the transfer of empirically derived information.

4.5. Feature Extractors and Stage Activation

Table 10 shows the CD-FSL results obtained using feature vectors extracted from different
stages of each PyTorch ResNet model, which are used to train a cosine similarity classifier.
In the table, the first four major rows correspond to feature vectors extracted from
individual stages, and the last major row corresponds to feature vectors produced by
concatenating the feature vectors extracted from the four stages. The length of a
concatenated feature vector is 960 for ResNet-18 and ResNet 34, and 3840 for ResNet-50,
ResNet-101, and ResNet-152. (Please refer to Section 3.4 for the length of each component
feature vector.)
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Table 10. CD-FSL accuracy with different ResNet models and stages

Stage ResNet ChestX CropDisease EuroSAT Food-101 ISIC
Conv2 18 22.60+0.41 83.43+0.64  76.11+0.73  38.21+0.61 37.30+0.57
34 22.35+0.38  81.04+0.68  73.82+0.77 36.49%0.60 35.81+0.55
50 23.28+0.40  82.36+0.66 75.63+0.73  38.30+0.62 37.46+0.56
101 22.85£0.40 80.22#0.69  73.61#0.73  36.95%0.61 36.54+0.55
152 22.82+0.38  80.11+0.69 73.44+0.76  36.80+0.61 36.32+0.55
Conv3 18 23.84+0.39  89.57+#0.52  80.94+0.70 48.09+0.70  37.59+0.56
34 23.91+0.42 91.41+0.47 82.80+0.66  49.95+0.72  38.93+0.55
50 23.79+0.41  89.69+0.52  81.82+#0.67 46.12+0.70  40.63+0.57
101 23.37+0.40  88.02+0.56 80.97+0.68 42.89+0.65 39.11+0.56
152 23.98+0.40  89.54+0.52  82.02+0.67 44.74%0.67  39.41+0.55
Conv4 18 25.20+0.41 94.07+0.42 87.86+0.52 61.32+0.79  41.24+0.52
34 25.21+0.41  95.45+0.37  89.79+#0.43 66.10%0.76  42.93+0.53
50 25.78+0.43  95.48+0.37  90.00+0.44 65.88%0.78 43.86+0.56
101 25.98+0.42 95.55+0.36 90.69+0.41 69.93+0.73  45.33%0.56
152 25.51+0.42 95.47+0.38 90.24+0.41  70.92+0.73  45.15+0.56
Conv5 18 25.13+0.41  93.34+0.45  86.17+0.48 73.54%0.74  43.53+0.56
34 25.08+£0.44  95.45%0.36  90.05+0.45 66.22%0.77 42.58+0.51
50 25.05£0.43  92.99+0.49  86.83+0.50 77.39%0.72  42.56+0.57
101 24.63+0.40  92.13+0.49 86.57+0.50 78.57+0.71 42.70+0.56
152 25.22+043  92.51+048  85.54+0.54 80.01+0.70 42.34+0.57
Stage All 18 25.28+0.41 93.41+0.44  86.20+0.49 73.74%+0.74 43.64+0.54
34 24.58+0.42  92.07#0.50 86.45+0.50 76.22%0.72 41.51+0.56
50 25.06+0.43  93.09+0.48 86.91+0.50 77.41%0.72 42.70+0.57
101 24.78+0.42  92.08+0.49  86.86+0.48 79.20%0.69  42.85+0.59
152 24.86+0.43 92.34+0.48 86.11+0.50 79.99+0.67 42.14+0.55

For four of the five target domains—CropDisease, EuroSAT, ISIC, and ChestX— feature
vectors extracted from the end of the Conv4 stage of the ResNet-101 model with global
average pooling lead to superior performance compared with the other feature extractors
and stage activations. For Food-101, the final stage of the ResNet152 feature extractor
works best. Generally, in a convolutional neural network, the earlier stages detect lower-
level graphical features, while the later stages detect higher-level ones. Hence, we can
speculate that the optimal layer for transfer from the source domain to the target domain
indicates the level of graphical detail shared by the two domains: a lower-level optimal
transfer implies that the source and target domains only have simple and low-level graphical
features in common, while a higher-level optimal transfer implies that they share many
sophisticated and high-level features, and may even resemble each other to a degree. In the
same vein, the smaller variants of a model architecture can be considered to facilitate a
lower-level transfer, while the bigger variants facilitate a higher-level transfer.
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A noteworthy observation is that, compared with the other four target domains, we
achieve optimal transfer with a bigger model and higher-level feature vectors on Food-101.
The original benchmark (Guo et al. 2020) used a basic ResNet-10 feature extractor
pretrained on minilmageNet, and resized all images to 84 pixels by 84 pixels prior to feature
extraction. We consider bigger ResNet models that take as input images of size 224 by 224
pixels. It is possible that Food-101’s level of resemblance to ImageNet is different from those
of the other four datasets, with the original four datasets more suited for a smaller feature
extractor and lower image resolutions. However, it is difficult to pin down which factors lead
to a certain level of resemblance between two domains, as it can be determined by a
mixture of image size, photographic perspective, object semantics, etc., and systematically
gauging the contribution of each factor may require extensive research.

Table 11. Multi-instance learning on bags of feature vectors from 10 crops (Resnet152)

ChestX CropDisease EuroSAT Food-101 ISIC
Centre-Crop CS 25.29+0.44 92.32+0.47 86.00+0.50 81.26+0.64 42.98+0.57
SimpleMI 25.81+0.42 93.94+0.41 87.26+0.51 80.56+0.66 44.07+0.50
MIWrapper 26.27+0.45 94.16+0.38 84.42+0.55 79.87+0.62 43.87+0.49
MILRstandard 22.95+0.39 77.68+0.77 69.86+0.71 59.66+0.78 34.13+0.50
MILRcollective 24.80+0.42 86.91+0.62 79.12+0.66 70.46+0.77 40.60+0.62
Miless=+/80000 24.64+0.43 88.31+0.62 80.55+0.64 78.26+0.69 38.93+0.56
RELAGGS 25.82+0.43 94.00+0.40 87.28+0.51 80.61+0.66 43.80+0.52

4.6. Multi-instance Learning

The results of multi-instance learning are shown in Table 11, with Resnet152 and a cosine
similarity classifier. In comparison to a mono-instance centre-crop baseline, MIWrapper
achieves the best result for ChestX and CropDisease, RELAGGS achieves the best result for
EuroSAT, and SimpleMI achieves the best results for ISIC. The baseline achieves the best
result for Food-101.

Similar to the stage activation experiment, Food-101 appears to be the outlier of the five
datasets in the multi-instance learning experiment as well, as it is the only dataset not
benefiting from any of the multi-instance learning methods. Moreover, the other four
datasets, when converted to 10-crop bags, benefit the most from relatively simple multi-
instance learning methods that apply basic forms of aggregation, i.e., SimpleMI, MIWrapper,
and RELAGGS. It remains to be seen whether the more sophisticated methods, such as MILR
and Miles, benefit from bigger bags of instances obtained with stronger image
augmentation.

4.7. Future Research Directions

Our findings pose several research questions:
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(1) Can we use the top-performing robust classifiers in CD-FSL to improve semi-
supervised learning approaches, where the amount of labelled data is also limited?

(2) How can we methodically structure and train a feature extractor to achieve the best
possible transfer between source and target domains?

(3) Is there a way to systematically quantify domain shift and gauge different factors’
contribution to domain shift?

(4) How should one assemble a dataset from available data that exhibits minimal domain
shift with respect to a given real-world learning task?

(5) How to better utilise multi-instance learning and data augmentation to alleviate the
effect of data scarcity in CD-FSL?

5. Conclusion

We study cross-domain few-shot learning by evaluating and comparing robust learning
algorithms, normalisation methods, and pretrained feature extractors. Our results may
provide guidance on which combinations of robust classifier, feature extractor, and
normalisation method are worth considering in practical CD-FSL problems. In particular, the
cosine similarity classifier and 1-vs-rest logistic regression with £, regularisation consistently
perform well in our results, indicating standard #,-regularised logistic regression is a viable
alternative to the cosine similarity classifier in CD-FSL. Our results also show that algorithms
used in other classification problems involving high-dimensional data, such as gene
expression data, namely random projection ensembles of LDA classifiers and nearest
shrunken centroid classifiers, are applicable in CD-FSL scenarios.

The results also show that feature vector normalisation can yield consistent increases in
classification accuracy in CD-FSL; this is the case with £,-normalised feature vectors and LDA
in our experiments. Additionally, our results indicate that more complex feature extractors
trained on larger datasets can increase classification accuracy noticeably when the target
domain is similar to the domain used for training the feature extractor. This effect is
diminished and largely disappears when target and source domain differ substantially. Our
study also provides a detailed comparison of different models and stages for feature
extraction. It indicates that the most appropriate model complexity and stage may correlate
with the similarity of source and target domain. Finally, simple multi-instance learning
methods applied with weakly-augmented bags of instances are shown to improve accuracy
for the majority of the tested target domains.
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Figure Captions

Figure 1. Cross-domain few-shot learning flow chart
Figure 2. Mono-instance learning vs. Multi-instance learning
Figure 3. Visualisation of the ResNet-10 feature extractor experimental results
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753 Figure 4. Critical difference diagram of the algorithms with the ResNet-10 feature extractor
754  Figure 5. Visualisation of the ResNet-152 feature extractor experimental results
755  Figure 6. Critical difference diagram of the algorithms with the ResNet-152 feature extractor
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