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Abstract

Few-shot learning is a fairly new technique that special-
ize in problems where we have little amount of data. The
goal of this method is to classify categories that hasn’t been
seen before with just a handful of samples. Recent ap-
proaches, such as metric learning, adopt the meta-learning
setting in which we have episodic tasks conformed by sup-
port (training) data and query (test) data. Metric learning
methods has demonstrated that simple models can achieve
good performance, by learning a similarity function to com-
pare the support and the query data. However, the feature
space learned by the metric learning may not exploit the in-
formation given by a specific few-shot task. In this work,
we explore the use of dimension reduction techniques as a
way to find task-significant features. We measure the perfor-
mance of the reduced features by giving a score based on the
intra-class and inter-class distance, and select the method
in which instances of different classes are distant and in-
stances of the same class are close. This module helps to
improve the accuracy performance by allowing the similar-
ity function, given by the metric learning method, to have
more discriminative features for the classification.

1. Introduction

In recent years, we have witnessed the great progress
of successful deep learning models and architectures [7],
and the application in real-world problems has been in-
creasing in the last decade achieving great performance in a
broad spectrum of research fields such as vision, language,
speech, games, medicine, etc. Despite the advances of deep
learning models in important domains such as vision and
language, the standard supervised learning does not offer a
satisfactory solution for learning new concepts from little
data, given that training current deep learning models with
low amount of data highly increase the risk of overfitting

and fail to produce a good generalization. There are many
problem domains, like health and medical problems, where
obtaining labeled data can be very difficult or the amount of
work required to obtain the ground truth representations is
very large. Facing the problem of scarcity of data is some-
thing that humans are capable of, possessing the ability to
identify an object after seeing it just a few times. Few-shot
learning methods has been proposed [10, 5, 17, 20, 18] to
imitate this ability, by classifying unseen data from a few
new categories. There are two main few-shot learning ap-
proaches: The first one is Meta-learning based methods
[5, 1, 13, 4], which idea is to learn across tasks and adapt
to new tasks. The second is Metric-learning based methods
[17, 20, 18], which objective is to learn a pairwise simi-
larity metric where a similar sample gets a high score and
dissimilar samples gets a low score. These metric learn-
ing methods may also adopt the metric learning policy to
learn across tasks. The main objective of these methods is
to learn an effective embedding network in order to extract
useful features of the task and discriminate on the classes
which we are trying to predict. From this basic learning,
there have been many extensions proposed to improve the
performance of metric learning methods, some of those fo-
cus on pre-training the embedding network [2], task atten-
tion modules [3, 12, 21], optimization of embeddings [11]
and use of different loss functions [21].

In this work, we focus on finding task-significant fea-
tures, by applying different feature reduction techniques,
and giving a score based on the inter and intra class sep-
arability. We believe that finding those relevant features for
each task is important, as we can better discriminate be-
tween classes and obtain a better inference.

2. Material and Methods
2.1. Few-shot learning setting

The few-shot meta-learning setting consists of tasks,
which can be seen as batches in traditional deep learning. A
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Figure 1. The components of the (ICNNnet).
After obtaining the features from the feature ex-
tractor, a number of feature reduction models
are applied to the support embeddings. The fea-
tures obtained from these models are measured
via the ICNN Score to select the best feature re-
ductor. Finally, this reductor is applied to the
support and query embeddings to continue with
the metric learning inference.

task is made up of support data and query data. The support
set contains k previously unseen classes and n instances for
each class, and the objective is to classify q queries using
the support data. This setting is also known as k-way n-
shot (e.g. 5-way 1-shot or 5-way 5-shot). As described in
[20, 15], the model is trained using an episodic mechanism,
where each episode is loaded with a new random task taken
from the training data.

2.2. miniImageNet dataset

For the experimental results we used MiniImageNet
[20], which is a subset of ImageNet version of ILSVRC-
2012 [16] and is used as a benchmark for the evaluation of
few-shot learning methods. This subset is comprised of 100
classes, each one containing 600 images, making up a to-
tal of 60,000 images. We follow the split proposed by Ravi
and Larochelle [15], dividing the dataset into 64 classes for
training, 16 classes for validation and 20 classes for testing.

2.3. Metrics and baselines

Following most of the metric learning methods [17, 20,
18], we report our results on the mean accuracy (%) over
600 test episodes with 95% of confidence intervals.

As our work is an extension to the metric learning mod-
els, we are comparing against the three main methods: (1)
Prototypical Networks [17], (2) Matching Networks [20]
and (3) Relation Networks [18].

3. Proposed Model
For our proposed model (see Figure 1), we adopt a fea-

ture selection strategy based on the inter-intra class nearest
neighbors distance. After obtaining the embeddings from
the feature extractor, we are left with a number of feature
vectors, each one representing a sample. From here, we
want to obtain the features relevant for the given task. We
apply different feature reduction methods, and obtain an
intra-class and inter-class score for each one. These scores
are used to select the method which helps us to obtain the
best dimensions for the current task. These features ob-
tained are then used by a metric learner to produce a classi-
fication.

3.1. Feature reduction techniques

We selected the following feature reduction strategies to
apply them with the feature vectors obtained from the few-
shot learning task:

• Principal Component Analysis (PCA) [6]: A dimen-
sionality reduction method which tries to preserve as
much information of the data as possible.

• Uniform Manifold Approximation and Projection
(UMAP) [14]: A manifold learning technique for non-
linear dimension reduction that tries to preserve the
global structure of the data.

• Isometric mapping (Isomap) [19]: A non-linear di-
mensionality reduction which seeks to preserve the
geodesic distances between the data points.

3.2. Inter and Intra Class Nearest Neighbors Score
(ICNN Score)

There are two main concepts for the ICNN feature selec-
tion technique: Inter-class distance and Intra-class distance.
Inter-class distance refers to the distance between points of
different classes, and Intra-class distance refers to the dis-
tance between points of the same class. The idea for a suc-
cessful feature selection is to choose the one which increase
the inter-class distance and reduce the intra-class distance,
in order to allow the task to be differentiated.

The ICNN Score is a measure that combines the distance
and variance of the inter-intra k-nearest neighbors of each
instance in the data:

ICNN(X) =
1

|X|
∑
xi∈X

λ(Xi)
1
pω(Xi)

1
p γ(Xi)

1
p (1)

where p, q and r are control constants.
λ is a function that penalizes the neighbors ofXi with the

same class based on how distant they are, and the neighbors
of different classes based on how close they are:

λ(Xi) =

∑
p∈Kx̃i

d(Xi,p)−θ(Xi)
α(Xi)−θ(Xi)

∑
q∈Kxi

1− d(Xi,q)−θ(Xi)
α(Xi)−θ(Xi)

|Kxi |+ |Kx̃i |
(2)
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where Kxi = KNN(xi) ∈ yi are the set of k-nearest
neighbors of xi that have the same class,
Kx̃i

= KNN(xi) ∈ yj 6= yi are the set of k-nearest
neighbors of xi that has different class,
d(a, b) is a distance function, which in this case is the

euclidean distance,
α(Xi) and θ(Xi) are the maximum distance and the min-

imum distance respectively of the xi neighbors.
In the ideal scenario, the neighbor’s distance of the same

class are close to 0 and the distance with different classes
are close to 1.
ω is a function that penalizes the distance variance of

neighbors:

ω(Xi) = 1− (V ar(
∑
p∈Kx̃i

d(Xi, p)− θ(Xi)

α(Xi)− θ(Xi)
)+

V ar(
∑
q∈Kxi

1− d(Xi, q)− θ(Xi)

α(Xi)− θ(Xi)
)) (3)

where a high variance is penalized because it increase
the possibility of overlapping classes.

The γ function describes the ratio of the neighbor’s
classes:

γ(xi) =
|Kxi
|

|Kxi
|+ |Kx̃i

|
(4)

where is penalized based on the neighbors in the same
class of xi. Each of the three functions (λ, ω and γ) have an
output between 0 and 1.

Using this metric, we can evaluate each feature reduction
technique, as well as the original feature vector, to choose
the best selection of features that are relevant for the current
task.

3.3. Implementation details

To compare against the baselines, our experiments are
made under the 5-way 1-shot and 5-way 5-shot setting with
15 query images for each class in the task. All the input
images are resized to 84 × 84. On the training phase, we
randomly construct 100 tasks over 200 epochs and apply
validation over 500 tasks after every epoch. We train the
network using Adam optimizer [9] with cross-entropy loss.
The initial learning rate is set to 0.001 and is reduced by
half every 20 epochs. For the testing phase, we randomly
construct 1,000 tasks and measure the mean accuracy with
95% confidence intervals. For the feature extractor, we use
a ConvNet with 4 layers, each one with a 3× 3 convolution,
followed by a Batch Normalization and ReLU layer.

4. Results and Discussion
There are several experiments and design choices that we

test and discuss below. (1) We found that using UMAP in

Method 5-way 1-shot 5-way 5-shot
Matching Net [20] 43.56 55.31

Prototypical Net [17] 49.52 68.20
Relation Net [18] 50.44 65.32

Prototypical Net + ICNN 50.96 67.72

Table 1. Test accuracy results for 5-way setting

our feature reduction models, the training phase execution
time greatly increased. For this reason, we decided to re-
move UMAP from the methods used in training, and use it
only on the testing. (2) The UMAP and Isomap methods can
perform the dimension reduction in a supervised and unsu-
pervised way, we found that using a supervised reduction
doesn’t have an advantage over the unsupervised reduction.
(3) In order to fit the feature reduction model, we can use
only the support data or the data from the support and the
query set. We found that using the support and query data,
allowed the feature reduction methods to better interpret the
structure of the data, thus obtaining a better ICNN score.

Table 1, compares the three main metric learning meth-
ods and our proposed model. We obtained an improvement
of around 1.5% for the 5-way 1-shot setting on the test set
using Prototypical Networks. We also achieved a better per-
formance than Matching Nets and Relation Nets on 5-way
5-shot setting, but obtained around 0.5% less accuracy than
Prototypical Nets.

5. Future Work

There are still some design choices we need to test, in or-
der to decide whether our techique can help the accuracy of
the baseline models. (1) Up until now, we have only tested
the model by reducing the features to 6 components. We
need to test if reducing to different number of components
would give a better ICNN score and find the best number of
components for each method. (2) From the current results,
the training phase is yielding a slightly worse accuracy than
training with the baseline model. Another approach would
be to use the feature reduction with ICNN score only on the
testing phase, which would allow us to reduce dimensions
using UMAP. If this experiment results in a better accuracy,
we could propose our method for using it only to improve
the results of inference. (3) Recently, models proposed for
few-shot learning use different embedding networks, typi-
cally variations of ResNet [8], to greatly improve the accu-
racy of the models. The pre-training of the embedding net-
work has also show great improvement on the performance
of metric-learning methods [2]. Adding these components
to our proposed method, we should be able to obtain a much
better performance.
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