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ABSTRACT

Few-shot learning aims to learn models that can generalize
to unseen tasks from very few annotated samples of avail-
able tasks. The performance of few-shot learning is greatly
affected by the number of samples per class. The massive un-
labeled data can help to boost the performance of few shot
learning models. In this paper, we propose a novel progres-
sive point to set metric learning (PPSML) model for semi-
supervised few-shot classification. The distance metric is de-
fined for an image of the query set to a class of the support set
by point to set distance. A self-training strategy is designed
to select the samples locally or globally with high confidence
and use these samples to progressively update the point to set
distance. Experiments on benchmark datasets show that our
proposed PPSML significantly improves the accuracy of few
shot classification and outperforms the state-of-the-art semi-
supervised few-shot learning methods.

Index Terms— Semi-supervised learning, few-shot learn-
ing, metric learning, self-training

1. INTRODUCTION

Few-shot learning trains models that can generalize well to
new tasks when there are only few samples available per class
in both training and test episodes. Previous works can be
roughly divided into gradient descent based methods [1, 2,
3], data augmentation based methods [4, 5], metric learning
based methods [6, 7, 8, 9, 10] and memory networks [11]. In-
stead of only being trained on the target task, few-shot learn-
ers are optimized over diverse tasks where few training exam-
ples are provided as in the real environment. The mechanism
of few-shot learning can help to reduce the annotation effort
for these data-hungry applications such as image classifica-
tion, object tracking and image segmentation.

Among these advances, metric learning based methods
achieve promising performance. They are mainly dependent
on optimizing a transferable embedding space in which the
similarity metric can determine the class of query set. Koch et
al. [6] introduced metric based methods to few-shot learning
by utilizing Siamese Neural Network. Prototypical network

[8] performs classification by calculating the distance be-
tween a query sample and each prototype in the metric space.
Different from the aforementioned methods using fixed dis-
tance metric, relation network [9] adopts a deep learnable
metric for comparing query and support samples. Li et al.
introduced image to class distance based on local descrip-
tors to few shot learning and achieved superior performance
[12, 13]. Compared with the image-level representation ob-
tained by average pooling or fully connected layer, local
features can help to alleviate information loss. For few shot
classification tasks, metric learning based methods are suf-
fering from a fundamental obstruction that a precise distance
metric is hard to obtain due to example scarcity. Experimen-
tal results show that a more precise metric can be obtained
with massive unlabeled samples. The focus of this paper is
thus on the semi-supervised few-shot classification task.

In semi-supervised setting, models should have the ability
to learn from a mixture of labeled and unlabeled samples. Ren
et al. [14] proposed three semi-supervised variants of proto-
typical networks, which greatly improve the performance of
the original model. Some other methods leverage unlabeled
samples by constructing a graph using the union of the sup-
port set (labeled/unlabeled) and the query set [10, 15, 16].
Iterative label propagation or graph convolution is applied to
propagate labels from the labeled support set to the query set,
where the unlabeled samples act as intermediate senders of
message. Inspired by the simple but effective semi-supervised
method i.e., self-training strategy, we consider two types of
sample selection methods (local vs global) during training
and test episodes. We first enlarge the labeled set based on
the most confident predictions on unlabeled data and update
the point to set metric to classify the query set. The core chal-
lenge is to find a trade-off between more training information
and inevitable label noise.

Specially, we develop a progressive point to set metric
learning (PPSML) model for semi-supervised few-shot clas-
sification. First, a shared CNN-based embedding module is
adopted to produce deep local descriptors for both the sup-
port set and the query set. Then, local descriptors from the
training samples in the same class are collected into a pool
and additional descriptors are chosen from the unlabeled data
set to augment it by the proposed self-training strategy. Typ-
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Fig. 1. The pipeline of the proposed semi-supervised few-shot learning framework on a single 3way-1shot task. Firstly,
local descriptors are extracted from both support and query set by CNN. Then, unlabeled samples with pseudo labels of high
confidence are selected globally or locally to augment the support set. The final classification is given by measuring the point
to set distance from the sample of the query set to each class of the support set.

ically, a global selection method is designed to pick all de-
scriptors from images with high classification confidence. On
the other hand, partial local items with high matching scores
are picked when employing the local selection method. Fi-
nally, a point to set distance is calculated for an image of the
query set to a class of the support set as basis of classification.
Experiments are conducted on a few-shot dataset and three
fine-grained datasets, and our models achieve state-of-the-art
results. Moreover, we demonstrate that PPSML is robust to
distractor points that do not belong to any training classes of
the episode.

2. OUR APPROACH

2.1. Problem Formulation

Given an auxiliary set containing a large number of labeled
samples of classes Ctrain, the objective is to train a transfer-
able classifier for an unseen set of novel classes Ctest, where
a few labeled examples per class are available. We follow the
episodic paradigm, which is commonly adopted in few-shot
learning. In each episode, N different classes are first sam-
pled from Ctrain and a support set S is formed by K labeled
samples for each class, while a query setQ includes different
samples from S. This setting is called N -way K-shot classi-
fication. The support set S in each episode is used for adapta-
tion and the model is updated by the loss from its predictions
for the query set Q. Following the semi-supervised few-shot
setup in [14], we first split the images of each class into dis-
joint labeled and unlabeled set. An unlabeled set U is also
utilized in each episode, which is from the unlabeled split. In

a more realistic and challenging setting, the unlabeled set U
also includes additional samples (distractors) from irrelevant
classes. During episodic training, the model learns to extract
useful information from the unlabeled set to assist its predic-
tions for the query set.

2.2. Point to Set Distance Metric

At each episode, a given query image q from the query set Q
will be embedded as Ψ(q) = [x1, ...,xm] ∈ Rd×m through
the module and we can obtain a class set Dc containing lo-
cal descriptors x̂c

j |nj=1 from K labeled samples of class c.
Firstly, we calculate the distance metric between descriptor
xi from the query image and all local descriptors in the class
set. Then, we find its k-nearest neighbors and sum up the k
largest results as the point to set distance metric with respect
to a single descriptor:

φ(xi,Dc) =

k∑
j=1

cos(xi, x̂
c
j)

cos(xi, x̂j) =
x>i x̂j

‖xi‖ · ‖x̂j‖

(1)

where x̂c
j ∈ k-NN(xi) and cos(·) is the cosine similarity.

Other similarity or distance function can also be explored. Fi-
nally, the point to set distance from the sample of the query
set to the class set can be defined as:

Φ(Ψ(q),Dc) =

m∑
i=1

φ(xi,Dc) (2)



Table 1. Semi-supervised Few-shot Classification Accuracies(%) on miniImageNet with and without distractors

Models miniImageNet

1-shot 1-shot w/D 5-shot 5-shot w/D

Soft-kmeans∗[14] 50.09±0.45 48.70±0.32 64.59±0.28 63.55±0.28
Soft-kmeans+Cluster∗[14] 49.03±0.24 48.86±0.32 63.08±0.18 61.72±0.24
Masked Soft-kmeans∗[14] 50.41±0.31 49.04±0.31 64.39±0.24 62.96±0.14
MetaGAN∗[17] 50.35±0.23 N/A 64.43±0.27 N/A
TPN-semi∗[15] 52.78±0.27 50.43±0.84 66.42±0.21 64.95±0.73

DN4 baseline‡[12] 46.48±0.77 46.48±0.77 66.61±0.67 66.61±0.67
Our PPSML(local) 48.44±0.86 48.99±0.86 69.13±0.72 69.03±0.72
Our PPSML(global) 51.61±1.02 50.74±0.96 73.76±0.72 73.00±0.75
Global + Higher Shot 60.11±1.00 57.35±1.01 76.88±0.71 74.65±0.73
∗Results reported by the original work, ‡Results re-implemented in the same setting.

The class corresponding to the set with the maximum re-
sponse will be the prediction of the query image. During
training, the distances to all class sets are obtained and a soft-
max layer with the cross-entropy loss is utilized to optimize
the model. As can be seen in the formulation, the point to set
metric is heavily dependent on the similar descriptors in the
class set, the diversity of which is limited by the number of
shots. This motivates us to include more labeled information
from massive unlabeled samples by a self-training strategy..

2.3. Global or Local Self-training

For massive unlabeled samples, directly assigning the pseudo
labels using the current few shot classifier may result in clas-
sification deviation due to label noises. Hence, we carry out
two strategies in our PPSML model to find a trade-off be-
tween more training information and label noises. The com-
plete pipeline is illustrated in Fig.1.

Local: Assuming that all local descriptors from the un-
labeled set as individual instances, we score them by cosine
similarity function and choose the items with the highest
matching scores. Additionally, we employ inverse similar-
ity weights to enhance their discrimination ability between
classes. We hope to pick the items that are the most similar to
the current class and dissimilar to other classes. The purpose
behind the local PPSML is to avoid possible noise by select-
ing individual local descriptors. For every individual local
descriptor x̃i embeded from the unlabeled set U , its matching
score for each class set can be defined as:

dlocal(x̃i,Dc) = winverse ∗ φ(x̃i,Dc)

winverse =
φ(x̃i, Dc)∑N
c=1 φ(x̃i, Dc)

(3)

Global: Although the above-mentioned strategy may be
beneficial, it is harmful to abandon the relationship between
local descriptors. Regarding the local descriptors from the
same image as a whole and choosing the images with the

highest classification scores are employed in global PPSML.
Noise is unavoidable due to classification errors but it intro-
duces more various and valuable items into the class sets. For
an unlabeled image u from the unlabeled set U , its classifica-
tion score is defined as:

dglobal(Ψ(u), c) = softmax(Φ(Ψ(u), Dc)) (4)

We pseudo-label the images with high classification confi-
dence and add all the descriptors from them to the correspond-
ing class set. No matter employing local or global PPSML, a
progressive distance metric with enlarged class sets will be
applied to predict the query image, which breaks through the
restriction of labeled shots in the support set.

3. EXPERIMENTS

In this section, we demonstrate that our proposed PPSML
method improves the baseline network by effectively using
unlabeled information. We compare our semi-supervised
few-shot learning framework with several state-of-the-art
methods on a common few-shot classification dataset, i.e.,
miniImageNet [7] and three fine-grained datasets, i.e., Stan-
fordCars [18], StanfordDogs [19] and CUB Birds [20].

3.1. Datasets

miniImageNet is composed by 100 classes randomly chosen
from ImageNet and each class has 600 images with a res-
olution of 84×84. Following the split used by [2], 64, 16
and 20 classes are used for training, validation and test, re-
spectively. Fine-grained dataset StanfordCars includes 196
classes of cars with a total number of 16,185 images, which is
much smaller than few-shot classification datasets. Similarly,
StanfordDogs contains 20,580 dog images of 120 categories
and CUB-200 dataset contains 6033 images from 200 bird
species. For each dataset, 40% are sampled for the labeled
split and remaining 60% are used as the unlabeled set.



Table 2. Semi-supervised Few-shot Classification Accuracies(%) on three fine-grained datasets

Models Stanford Dogs Stanford Cars CUB-200

1-shot 5-shot 1-shot 5-shot 1-shot 5-shot

Matching Nets FCE†[7] 35.80±0.99 47.50±1.03 34.80±0.98 44.70±1.03 45.30±1.03 59.50±1.01
Prototypical Nets†[8] 37.59±1.00 48.19±1.03 40.90±1.01 52.93±1.03 37.36±1.00 45.28±1.03
GNN†[10] 46.98±0.98 62.27±0.95 55.85±0.97 71.25±0.89 51.83±0.98 63.69±0.94

DN4 baseline‡[12] 46.85±0.80 68.16±0.74 52.12±0.82 85.93±0.50 53.96±0.94 72.12±0.80
Our PPSML(local) 46.97±0.80 69.29±0.65 57.61±0.84 86.24±0.48 55.75±0.93 73.48±0.81
Our PPSML(global) 52.16±0.95 72.00±0.68 71.71±0.98 90.02±0.43 63.43±1.08 78.76±0.78
†Results from [12] trained in purely supervised setting, ‡Results re-implemented in semi-supervised setting.

3.2. Experimental Setting

For a fair comparison, we adopt the same architecture used
in several recent works. The network Ψ consists of four
stacked convolutional blocks, abbreviated as Conv-64F, each
of which contains a 2D convolutional layer (with 64 fil-
ters of size 3×3), a batch normalization layer and a Leaky
ReLU layer. In our experiments, we cover two main results:
with and without distractors (from different classes). Semi-
supervised 5-way 1-shot and 5-way 5-shot with or without
discractors classification tasks are conducted on the tradi-
tional few-shot dataset, while extensive experiments are on
three fine-grained datasets. The deep local descriptor at each
position of the final feature map is normalized by its l2-norm.

During training, we randomly sample and construct
300,000 episodes to train our models. In each episode, the
query set contains 10 query images from each class and 10
and 30 unlabeled images will also be selected from each class
for the 1-shot and 5-shot setting, respectively. Optionally,
when including distractors, we additionally sample 5 other
classes from the set of training classes. In all experiments,
the hyper-parameter k-nearest neighbors is set as 1 and 3 for
1-shot and 5-shot setting and the hyper-parameter selection
ratio r is set as 0.02 and 0.1 for local and global method.
To train our model, we adopt Adam algorithm with an ini-
tial learning rate of 5×10−3 and reduce it by half for every
100,000 episodes. In addition, we perform data augmentation
on training set: a 84×84-pixel image is randomly cropped
and then undergoes random color jittering, and random hori-
zontal flip, all available in PyTorch torchvision package.

3.3. Results Comparison

Few-shot Classification. To illustrate the effect of our
method, we re-implement the baseline method DN4 in semi-
supervised setting. Because we are strictly using less label
information than in the previously supervised work on the
dataset, the results that we report are slightly worse than
the published numbers in the original papers. Results for
miniImageNet are given in Table 1, with 95% confidence
intervals. We can observe clear improvements over the base-
line whether using global or local PPSML. In particular,

global PPSML shows the state-of-the-art performance in 5-
shot problem, surpassing TPN-semi about 7% in accuracy.
Considering that models’ classification accuracy is still at a
low-level in low-shot problem, the effect of the local or global
selection is trivial. To tackle this problem, we adopt ”Higher
Shot” during training to more fully optimize our models but
test models using the same shots, which leads to about 8%
increase in 1-shot task and about 3% increase in 5-shot task.
It is also worth noting that our method shows good robustness
to distractors, which also achieves outstanding results.

Fine-grained Few-shot Classification. In general, the
fine-grained few-shot classification is more challenging due
to the smaller inter-class variations and the improvement of
our method is limited by the small number of unlabeled im-
ages for each class. But our method consistently brings obvi-
ous growth in classification accuracy as presented in Table 2.
Even compared with models trained in purely supervised set-
ting, our method still achieves more remarkable performance.
Similarly, global PPSML is superior to local PPSML on the
fine-grained datasets, which proves that maintaining the rela-
tionship of local descriptors is fundamental when designing a
semi-supervised algorithm.

4. CONCLUSION

In this paper, we proposed a novel progressive point to set
metric learning (PPSML) model for semi-supervised few shot
classification. To exploit massive unlabeled samples in the
wild, a self-training strategy is designed to automatically se-
lect samples with pseudo labels to augment the support set
and therefore progressively strengthen the point to set metric.
Experimental results on several benchmark datasets demon-
strate that our proposed PPSML significantly boosts the per-
formance of few shot classification and outperforms the state-
of-the-art supervised and semi-supervised methods.
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