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a b s t r a c t
Few-shot learning learns to classify unseen data with few training samples in hand and has attracted
increasing attentions recently. In this paper, we propose a novel Temperature Network to tackle few-shot
learning tasks motivated by three crucial factors that are seldom considered in the existing literature.
First, to encourage compact intra-class distribution, a general improvement for prototype-based methods
is proposed to ensure compact intra-class distribution and the effectiveness is theoretically and experimentally validated. Second, the proposed Temperature Network can implicitly generate query-speciﬁc
prototypes and thus enjoys a more effective distribution-aware metric. Third, to further strengthen the
generalization ability of the proposed model, a novel and simple large-margin based method is developed by leveraging the temperature function and we gradually tune the learning temperature to stabilize
the training process. Moreover, we note that the commonly used datasets in few-shot learning are actually contrived from large-scale datasets, and thus may not represent a real few-shot problem. We propose
a real-life few shot problem, i.e., Dermnet skin disease, to comprehensively evaluate the performance of
few-shot learning methods. Experiments conducted on conventional datasets as well as the proposed skin
disease dataset demonstrate the superiority of the proposed method over other state-of-the-art methods.
The source code of our method is available.1
© 2020 Elsevier Ltd. All rights reserved.

1. Introduction
Recently, deep neural networks show superior performance in
the ﬁelds of machine learning, computer vision, and natural language processing, etc. However, conventional deep neural networks
are prone to overﬁtting, and thus generally requires a large number of labelled data [1,2]. However, it is usually diﬃcult or even
prohibitive to collect a large and labeled dataset in real life applications (e.g., medical images). The limited dataset size poses great
challenges to the generalization ability of the conventional methods [3], and thus initiates the development of few-shot learning
techniques [4]. There are mainly three types of few-shot learning methods, including metric-learning based methods (“learning
to compare”) [5–9], meta-learning based methods (“learning to
learn”) [10–12], and hallucination based methods (“learning to augment”) [13–15]. Among them, metric-learning based methods attract wide interests due to their simplicity and effectiveness. Its
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basic idea is to learn a metric space that has large inter-class and
small intra-class distance.
Despite the great success of the metric-learning methods, existing approaches have several limitations. First, classical prototypebased methods [6,7,16] oversimplify the distance calculation between the query and categories by representing each category with
a center point. Then the distance between the query and the category is calculated by the distance between the query and the center point. However, this oversimpliﬁed approach cannot guarantee
compact intra-class distributions. To address this issue, we make
a simple yet effective improvement to punish the scatter distributions. Speciﬁcally, we alternatively calculate the distance between
the query and the category using the average distance between the
query and the category’s support samples. The effectiveness of the
improvement is theoretically and empirically validated.
Second, most of the metric learning-based methods only generate a single prototype for each category by treating all support
samples of this category equally. Given a query sample, the support
samples that are closer to the query are more likely to contain relevant and important information with regarding to the query and
thus should contribute more to its classiﬁcation. This intuition is
consistent with many classical methods, such as k-Nearest Neigh-
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bor classiﬁer, RBF-Network, RBF SVM, and so on [17]. In terms of
metric learning, the idea is even more popular and the local metric usually performs better than the global metric according to the
low-dimensional manifold assumption [18–20]. A few methods try
to capture the relevant information by an attention-based network.
For instance, Matching Net [5] introduces full context embeddings
(FCE) and utilizes a LSTM [21] with read-attention to ﬁlter related
information contained in support samples. Similarly, simple neural attentive learner (SNAIL) [22] proposes a soft-attention strategy [23] to extract relevant information. Ideally, such methods are
possible to extract query-speciﬁc information while eliminating irrelevant information contained in support samples. However, we
note that it is potentially unpractical and ineffective especially in
the scenario of few-shot learning. In this paper, we propose a Temperature Network by taking advantage of the temperature function
to implicitly generate query-speciﬁc prototypes. We make best use
of the prior knowledge to re-weight the support samples automatically based on their distances to the query. We ﬁnd this leads to
a more effective distribution-aware local metric.
Moreover, due to the fact that the generalization ability is crucial for few-shot learning with extremely scarce training samples
available, in this paper, an effective large-margin training strategy is proposed to further enhance the proposed Temperature Network. The basic idea is that, during training, we intentionally make
query samples that are not close enough to the positive category harder to be correctly classiﬁed. Therefore, the learned metric space is forced to be more discriminative in order to minimize the classiﬁcation loss. This actually works similarly to classical large-margin methods [24–27], which also have been introduced to few-shot learning recently [28]. However,the proposed
method is superior to conventional large-margin regularized fewshot methods [28] in several ways. First, we directly enhance the
learned distance metric and do not complicate the loss function
with additional large-margin regularization terms. Moreover, our
method does not require additional construction of the triplets or
pairs which are essential and crucial to conventional large-margin
based methods [28–30]. Moreover, instead of setting different temperature for different categories at the very beginning, we gradually tune the temperature to make the training process hard which
enables the proposed method to progressively reﬁne the learned
metric. The proposed training strategy can also be regarded as a
novel type of self-paced learning with respect to the similar motivations, i.e., learning from easy to hard [31,32]. Experimental results also show that it is not proper to directly train with hard
metric which may make the network hard to converge, please refer to Table 2 for detail.
Another crucial issue for current few-shot learning methods is that they are all evaluated on contrived datasets (e.g.,
miniImageNet [33]) and their performance in real-life problems
cannot be fairly compared. Therefore, we propose to address a
real few-shot learning problem, i.e., Dermnet skin disease classiﬁcation2 , to comprehensively evaluate the performance of the existing methods. Also, this new real dataset can work as a benchmark dataset in the future. Details of this dataset is provided in
Appendix A.
The main contributions of this paper are as follows:

to train in a “hard mode” to exhaustively mine the largemargin metric.
3. We conduct comprehensive experiments on several public
available datasets as well as the proposed Dermnet skin disease dataset to validate the proposed method.

2. Related work
2.1. Few-shot learning
Metric-learning based methods is motivated by the success of
deep metric learning. Existing metric learning methods are derived
from embedding-based losses, e.g., contrastive loss [24], triplet loss
[34], and margin loss [35], etc. Besides the intermediate applications including face veriﬁcation [36], person re-identiﬁcation
[37–39], and information retrieval [40], metric learning is also
widely applied to address the few-shot learning problem.
Generally, metric-learning based few-shot learning methods try
to learn a metric embedding space that can transfer the common
representations. For example, Matching network [5] adopts cosine
similarity to calculate the similarity between queries and support
categories. Prototypical network [6] ﬁrst obtains the center of each
category as its prototype and then calculates an Euclidean distance
between the prototype and the query sample. Sung et al. propose Relation net [7] to directly learn the embedded metric space.
Graph Neural Network is also applied to few-shot learning to learn
the similarity between query and support samples [16,41]. Covariance Metric Network (CovaMNet) [42] adopts the covariance matrix to exploit the second-order information. However, the metric
space learned by these methods only restrain a large inter-class
distance constraint but cannot guarantee compact intra-class distribution. Moreover, most of these methods treat support samples
equally and the obtained universal metric may not be suitable for
various queries.
Meta-learning based methods are trained to directly learn an
optimizer or initialization over a batch of tasks. Model-Agnostic
Meta-Learning (MAML) proposed by Finn et al. [10] aims at learning a good model initialization which allows the network to deal
with the scenario of limited training samples. Another representative work, LSTM-based meta learnerd [11] tries to learn to emulate
stochastic gradient descent algorithm which then can be directly
used to optimize new coming tasks. Recently, Rusu et al. [12] propose a latent embedding optimization algorithm to learn a latent
representation which can be used to perform gradient descent.
Hallucination based methods learn the rules to augment data
according to the auxiliary set. Most of these methods are based on
auto-encoders [43] or generative adversarial networks [44]. Clearly,
hallucination based methods can be jointly utilized with other
few-shot learning methods, and are thus usually not compared
with metric-learning based and meta-learning based methods in
the literature. [13] proposes a data augmentation GAN to generate new samples for one-shot learning. [15] uses a hallucinator to
generate new samples which are then fed into a meta learner combined with the original data [15]. Schwartz et al. [14] utilize an
auto-encoder to learn the transformation between samples from
the same category to augment the data [14].
Other related few-shot learning methods are also included
here for completeness. Semi-supervised few-shot learning, ﬁrst
studied by Ren et al. [8], differs from conventional few-shot learning by utilizing all query samples within each episode. Ren et al.
propose to use unlabelled data to facilitate the calculation of
the prototypes [8]. Liu et al. [45] recently propose a transductive
propagation network by formulating the semi-supervised few-shot
learning as a label propagation problem.

1. A simple and general approach is proposed to enhance the
prototype-based few-shot learning methods, which can theoretically lead to compact intra-class distributions.
2. We propose the Temperature Network which can implicitly generate query-speciﬁc prototypes. Moreover, in order
to best utilize limited training samples, we further propose
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where M p (·, · ) denotes the Minkowski distance with order p > 1.
Clearly, the Prototypical Network, i.e., Eq. (1), cannot guarantee
compact intra-class distribution. To alleviate the problem, we propose a new formulation as follows

2.2. Knowledge distillation network
Our method is also inspired by the knowledge distillation network in terms of exerting the superior properties of the exponential function [46]. The essence of distillation network is that,
when we increase the temperature, the differences between positive and negative categories can be eliminated to some extent,
and the network is thus forced to learn more discriminative representations. [47] conducts omni-supervised learning by distilling
knowledge from labelled data. [48] directly distills the dataset to
obtain representative samples. [49] proposes to learn features from
different compactness levels with different temperatures. However,
the proposed method is different from all of these works. First, we
tune the temperature in our metric learning layer instead of the
softmax layer. Second, during training, we set different temperatures for positive and negative categories respectively, which enables us to obtain a large-margin metric. Moreover, we propose to
gradually tune the temperatures to progressively reﬁne the learned
metric which can also stabelizes the training process.

D2 (x, C ) =

We call this Improved Prototypical Network which has the following property.
Lemma 1. For a Minkowski distance with order p > 1, D1 (x, C ) ≤

D2 (x, C ) and the equality holds if and only if ci = 1 i=0 ci for any
i ∈ {1, 2, . . . , }.
Detailed proof is provided in Appendix B, and is based on the
fact that the Minkowski distance, except the Manhattan distance
where p = 1, can be derived by a strictly convex  p vector norm.

For the Manhattan distance, ci = 1 i=0 ci is only a suﬃcient but
not necessary condition for the equality since the 1 norm is not
strictly convex. To give an intuitive understanding of Lemma 1,
taking the original Prototypical Network as an example where the
Minkowski distance is an Euclidean distance M2 , we have

Hard sampling is a general strategy to strengthen the model’s
ability [50]. For example, inspired by the importance sampling,
[51] proposes to focus on hard samples to speedup the training
process. Harwood et al. propose to construct triplets of close negative and far positive samples with respect to the selected anchors
[52]. Zhao et al. [53] propose to generate hard triplets by adversarial learning. In this paper, instead of constructing hard training
samples, we assign different temperatures to different categories to
tough the training process.

D2 (x, C ) − D1 (x, C ) = var (ci ),

var (ci ) =

(4)

Detailed derivation is shown in Appendix C. The equality, i.e.,
D1 (x, C ) = D2 (x, C ), holds if and only if var (ci ) = 0. Therefore, given
two different distributions with the same center, D1 (s, C ) will consider them as identical while D2 (s, C ) will favor the compact one
whose var (ci ) is smaller. In other words, D2 (s, C ) punishes large
intra-class scatter and thus leads to a compact distribution.
3.3. Temperature network for few-shot learning

For few-shot learning, we are given a support set S, a query
set X, and an auxiliary set A, where S contains B different categories and each of them has K training samples, i.e., B-way Kshot. Generally, few-shot learning methods are tested on 5-way 1shot and 5-way 5-shot scenarios. Clearly, training a classiﬁer solely
on the support set hardly achieves reasonable performance with
few labeled samples. Therefore, it is crucial to learn and transfer
knowledge from the auxiliary set A to support set S, although A
shares no common categories either in S or X. At ﬁrst sight, transfer learning or domain adaption methods may properly handle the
task [54,55]. However, as pointed by Snell et al. [6], the essential
problem of transfer learning based methods is that the training
condition is different from that of the testing, which will degrade
the performance. Snell et al. [6] proposes a novel episode training
mechanism, which is validated to be effective by recent papers. In
episode training, we generate episodes by drawing some samples
from the auxiliary set A, with some of them regarded as support
samples Strain , others as query samples Xtrain . At each iteration, we
train the model with the constructed episodes.

The Temperature Network is proposed to alleviate several limitations of existing metric learning-based methods. First of all, our
method can generate query-speciﬁc prototypes. Moreover, a novel
large margin-based method is proposed to train the model on
“harder” scenarios for better generalization ability. An overview of
the proposed Temperature Network is shown in Fig. 1. An intuitive illustration to show the superiority of the proposed method
is present in Fig. 2.
3.3.1. Temperature network with query-speciﬁc prototypes
For a B-way K-shot task, we are given a query sample and a
support set. The support set consists of B different categories and
each category contains K samples, where K usually ranges from 1
to 5. The feature map extracted from a convolutional neural network is W × H × d, where W is the width, H is the height, and d is
the number of channels. We follow Li et al. [42] to extract local descriptors to perform few-shot learning. The Cth category is represented by C = {c1 , c2 , . . . , c }, where category C is among the total
B categories, ci ∈ Rd is the ith local descriptor and  = K × H × W .
Then, given a query sample X ∈ RW ×H×d = {x1 , x2 , . . . , xW ×H } after
feature extraction, we ﬁrst calculate the similarity between local
descriptor xi and c j as follows

3.2. Improved prototypical network
The Prototypical Network is a well-known few-shot learning
method. Given a query sample x ∈ Rd and a certain category C =
{c1 , c2 , . . . , c }, ci ∈ Rd , where  is the number of support samples
of the category, a Prototypical Network calculates the distance D1
between query x and category C as

ci )



1
ci − E (ci )22 ≥ 0

i=1

3.1. Problem formulation

1


(3)

where the variance of category C is

3. Our method

D1 (x, C ) = M p (x,

(2)

i=0

2.3. Mining hard samples





1
M p (x, ci ).


s(xi , c j ) = f (d (xi , c j )) = exp (−

d (xi ,c j )
T

),

(5)

where T denotes the temperature which is ﬁxed as 10 in our
experiments otherwise stated, and d (xi , c j ) denotes the distance
measurement between xi and c j , e.g., order p Minkowski distance M p (·, · ). It is worth noting that f (d (xi , c j )) has several good

(1)

i=0

3
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Fig. 1. An overview of Temperature Network. We take the proposed Dermnet skin disease dataset as an example. Different temperature is assigned for positive and negative
categories during training, and the same temperature is set during testing.

Fig. 2. Illustration of the similarity measurements of different methods. We denote the orange diamonds as the queries, stars as the generated prototypes and others as
support samples. (a) Prototypes generated by Prototypical Network are ﬁxed for different queries; (b) Prototypes implicitly generated by the Temperature Network are
query-speciﬁc; (c) Temperature Network with the same temperature for all the categories may not be able to make a max-margin metric; (d) Large-margin metric could be
obtained with class-speciﬁc temperatures during training for better test (generalization) performance.

properties: (1) 0 < f (d (xi , c j )) ≤ 1; (2) with ﬁnite temperature T ,
f (d (xi , c j )) = 1 if and only if d (xi , c j ) = 0; (3) f (d (xi , c j )) is monotonically decreasing; (4) the gradient norm of f (d (xi , c j )) is monotonically decreasing.
Then, the similarity between xi and the Cth category can be calculated by averaging the point-wise similarity as

smean (xi , C ) =

1




j=1

s(xi , c j ).

samples into consideration. We will further utilize this property in
Section 3.3.2 to boost out model.
Note that, unlike the Prototypical Network [6], our method does
not explicitly generate prototypes. In contrast, the mean similarity
s(xi , C ) calculated by Eq. (6) can be seen as the distance between x
and a virtual query-speciﬁc prototype as shown in Fig. 2(b). Moreover, the formulation of Eq. (6) provides convenience for other
statistic calculation. For example, the standard deviation can be
calculated as

(6)

The Temperature function, i.e., the Gaussian kernel function
d (x ,c )

f (d (xi , c j )) = exp(− Ti j ), is used to simultaneously calculate
the similarity and re-weight the support samples based on their
distances to the query sample to generate query-speciﬁc prototypes. To see how Temperature function works, according to Fig. 3,
since the gradient norm of f (d (xi , c j )) decreases monotonically,
to make the similarity s(xi , C ) large, our method will put more
weights on c j ’s that are close to xi . That is, the support samples are
automatically re-weighted according to their distance to xi which
eventually lead to query-speciﬁc prototypes. We note that temperature T can control the extent of the speciﬁc and locality of the
generated prototypes. To make it clear, considering following two
extreme cases, if T approaches inﬁnity, s(xi , c j ) will approach 1
for any xi and c j , and thus smean (xi , C ) will be inﬂuenced almost
equally by all xi , c j pairs. On the other hand, if T approaches zero,
smean (xi , C ) is only inﬂuenced by c j corresponding to the largest
s(xi , c j ). Therefore, high/low temperature takes more/less support

sstd (xi , C ) = ( 1



j=1

(s(xi , c j ) − smean (xi , C ))2 ) 2 .
1

(7)

Then, we can jointly utilize the mean and standard deviation to
calculate the similarity metric between xi and C as

s(xi , C ) = smean (xi , C ) ∗ (sstd (xi , C ))ρ ,

(8)

where ρ > 0 is a hyper-parameter. Basically, according to Eq. (8),
the similarity s(xi , C ) is large when the average similarity
smean (xi , C ) is large and the standard deviation sstd (xi , C ) is large.
A large standard deviation means that some local descriptors xi
are relatively closer to c j than others, and in other words, some
local descriptors xi would be extremely close to c j with a large average similarity. It is worth mentioning that this does not conﬂict
with Lemma 1 which forces the distribution of C to be compact,
since sstd (xi , C ) exerts inﬂuences on the similarity between xi and
c j . Although superior performance could be obtained by tuning the
4
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Fig. 3. Our method makes advantage of the temperature function in terms of function value and gradient norm. To generate query-speciﬁc prototypes, the support samples
are automatically re-weighted based on their distance to query by exerting the monotonically decreasing property of the gradient norm of f (d (xi , c j )) as shown in (a). For
the category-speciﬁc temperature setting, since TP ≤ TN , to have high similarity for positive category, based on (b), positive support samples are required to be much closer
to the query.

value of hyper-parameter ρ , we ﬁx ρ = 1 in our experiments unless otherwise stated.

Algorithm 1 Temperature network for few shot learning.
Input: Initialization Temperature TP = TN = 10, temperature step
size δP = 0.5 and δN = 1.5, ρ = 1;
1: for each episode do
STEP 1: Feature Embedding
2:
Extract features for query X ∈ {x1 , x2 , . . . , xW ×H } and support
3:
samples of each category;
STEP 2: Metric Learning
4:
for each category C do
5:
for each local descriptor xi of query do
6:
7:
Calculate the similarity s(xi , c j ) between local descriptor xi and c j with TP and TN by Eq. (9), where c j is the
jth local descriptor of support category;
Calculate smean (xi , C ) by Eq. (6);
8:
9:
Calculate sstd (xi , C ) by Eq. (7);
The ﬁnal similarity s(xi , C ) between xi and category C
10:
is obtained by Eq. (8);
11:
end for
Calculate the ﬁnal similarity between X and C by
12:
a weighted sum of local descriptor-based similarity
{s ( x1 , C ), s ( x2 , C ), . . . , s ( x , C )};
13:
end for
STEP 3: Classiﬁcation
14:
Conduct Classiﬁcation via softmax loss and backpropagation
15:
to update all parameters end-to-end;
STEP 4: Temperature Tuning
16:
Tune Temperature every r episode as
17:
TP = TP ∗ δP
18:
TN = TN ∗ δN
19:
20: end for

3.3.2. Class-speciﬁc temperature
As mentioned earlier, the scarcity of training samples in fewshot learning poses huge challenges to the generalization ability
of learning models. It turns out that a simple modiﬁcation on
Eq. (5) can greatly enhance the performance. During training, we
manually specify different temperatures for the positive and negative categories respectively. For detail, given a query sample x belonging to the C x th category, s(xi , c j ) is calculated by



s ( xi , c j ) =

d (xi ,c j )
TP
d (x ,c )
− TiN j

exp (−
exp (

),
),

C = Cx
C = C x ,

(9)

where TP is the temperature for the positive category, i.e., the
ground-truth category, and TN is that for other categories, and
TP ≤ TN . According to Eq. (9), given a positive category C P and a
negative one C N , even though every d (xi , cPj ) is just slightly smaller

than d (xi , cNj ), we still have s(xi , C P ) ≤ s(xi , C N ) considering TP ≤ TN
(see Fig. 3(b)), and thus will have large losses and potentially lead
to misclassiﬁcation of the query sample. That is, during training,
our model will push the query much closer to the positive category, i.e., making d (xi , cPj ) signiﬁcantly smaller than d (xi , cNj ). This
consequently leads to a large-margin metric and will enhance the
generalization performance. As for the implementation, we ﬁrst set
same temperature for both positive and negative categories, and
then gradually decrease and increase temperature respectively to
enable our method to progressively reﬁne the learned metric. It
is also experimentally validated that this can stabilize the training
process compared with setting different temperatures at the very
beginning, see Table 2 for detailed results. In practice, the temperature is initialized as 10 for both TP and TN and will be gradually
tuned every 53n episodes.
Once s(X, C ) = {s(x1 , C ), s(x2 , C ), . . . , s(x , C )} is obtained, the
overall similarity between the query sample X = {x1 , x2 , . . . , xW ×H }
and the Cth category is obtained by a weighted sum as wT s(X, C ).
Next, a softmax layer with cross-entropy loss is used to perform
the ﬁnal classiﬁcation. We summarize the proposed method in
Algorithm 1.

the sequence of a convolutional layer with 64 ﬁlters of size 3 × 3,
a batch normalization and a Leaky ReLU layer. The ﬁrst two blocks
contain an extra 2 × 2 max-pooling layer, respectively. Similar network architectures are commonly adopted by most of few-shot
learning methods as a benchmark to test the effectiveness of the
following metric learning module. For the metric learning module,
we choose d (x, y ) as Euclidean distance, and when calculating the
standard deviation, we add a small constant (i.e., 1 × 10−7 ) to prevent the gradients from NaN.

3.4. Network architecture
4. Experiments
The proposed Temperature Network contains two modules, including one CNN feature extraction module and one temperature
metric learning module. For fairness, the adopted feature extraction module contains 4 convolution blocks with each containing

We validate the effectiveness of the proposed method on several benchmark datasets including the popular few-shot classiﬁcation dataset miniImageNet, two ﬁne-grained datasets, i.e., Stanford
5
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Dogs and Stanford Cars, and the proposed Dermnet skin disease
dataset.

7. Large-margin Prototypical Net (L-PN) [28] equips largemargin regularization terms to Prototypical Net. The method
needs additional triplet construction similar as triplet loss
and we select cosine distance for its better performance according to Wang et al. [28].
8. Large-margin Graph Neural Network (L-GNN) [28] adopts
Normface Loss as large-margin terms to enhance GNN. The
method also requires additional triplet construction and introduces several hyper-parameters needed to be tuned.
9. Relation Net [7] contains a neural network-based relation
module. That is, the metric is obtained through a learnable
network.
10. Covariance Metric Net (CovaMNet) [42] takes the second order information into consideration and obtains the similarity
through Covariance Metric.

4.1. Datasets and settings
We brieﬂy describe the used datasets as follows:
1. miniImagenet [33] contains 100 categories that are selected
from ImageNet [56], and each category consists of 600 images [5]. We follow the popular splits proposed by Ravi and
Larochelle [11], i.e., 64 categories for training, 16 for validation, and 20 for testing. For ﬁne-grained datasets,
2. Stanford Dogs dataset [57] consists of 20580 images and
120 categories and 70, 20, and 30 categories are used for
training, validation, and testing.
3. Stanford Cars dataset [58] has 16185 images from 196 categories and we follow [42] to make 130, 17, 49 categories for
training, validation, and testing.
4. Dermnet skin disease dataset contains 20230 images and
334 categories. We manually split 186 categories for training, 74 for validation and testing respectively. For detail description, please refer to Appendix A.

We do not include PN results with the high way trick reported
in the original work for fairness and its results are courtesy of
[42] (Stanford Dogs and Stanford Cars) and [59] (miniImageNet),
respectively. The ﬁrst baseline, K-NN, is conducted on the features
extracted by a well-trained CNN network. For the methods proposed in this paper, the improved PN denotes the improved Prototypical Network described in Section 3 and the conﬁguration of
Temperature Network is demonstrated previously. Temp Net w/
Temp=10 denotes Temperature Network with ﬁxed temperature
for both TN and TP . All of these methods are trained with similar 4
convolutional modules without residual connection and dropout to
provide a fair comparison. For detail network architecture, please
refer to supplementary materials. We here do not adopt advanced
backbones, e.g., ResNet and Wide ResNet, since all compared methods are based on 4 convolutional backbone model. Moreover the
various deep backbones used by existing literatures also bring difﬁculties for fair comparison.

Experimental settings are same and ﬁxed for all dataset otherwise stated. We conduct 5-way 1-shot and 5-way 5-shot tasks on
all datasets. 30 0,0 0 0 episodes are constructed to train our model
and each episode contains 5 categories and each category has additional 15 query samples. We adopt Adam algorithm with the initial learning rate of 0.001 which will be cut by 0.1 for every 53n
episodes. The temperature TP and TN is initialized as 10 for all
experiments otherwise stated and is multiplied by δP = 0.5 and
δN = 1.5 for positive and negative categories every 53n episode respectively, where δP and δN are the positive and negative temperature step size respectively. Moreover, ρ is default set as ρ = 1. For
testing, the temperature is set as Tp . We report the mean classiﬁcation accuracy by constructing 600 episodes from the testing set.

4.3. Classiﬁcation results on commonly-used datasets
The results of miniImageNet, Stanford Dogs, and Stanford Cars,
are shown in Table 1. We conclude following interesting points.
First, the improved PN does boost the performance of conventional
PN in most cases and the amelioration proposed in Section 3.2 is
thus potentially able to enhance other PN-based methods. Second, the proposed Temperature Network achieves superior performance on almost all datasets compared with the existing methods. Speciﬁcally, the Temperature Network achieves 0.25%, 1.22%,
0.79% improvements over the best existing methods in terms of
5-way 1-shot learning for these three datasets, respectively. For 5way 5-shot, the Temperature Network obtains 0.33%, 2.51%, 0.24%
improvements over the state-of-the-arts methods. The better performance of the proposed methods should be contributed to following points. First, the proposed Temperature Net implicitly generate query-speciﬁc prototypes which naturally lead to local and
distribution-aware metric. Second, by class-speciﬁc temperatures,
our method is able to learn a large-margin metric and thus obtains
better generalization ability. Moreover, as mentioned, the initialized temperature T for our Temperature Net is meaningful and can
be tuned easily for better performance. For example, higher temperature, i.e., large T , allow us to take more support samples into
consideration which is thus suitable for high shot tasks. Similarly,
low temperature allows us to focus on the core samples and is thus
proper for low-shot tasks. Experimental results show that Temperature Net can achieve 52.39% for 5-way 1-shot on miniImageNet.

4.2. Compared methods
To fully demonstrate the superior performance of the proposed
method, ten state-of-the-art few-shot learning methods in addition
to K-NN are bench-marked. These methods are brieﬂy shown as
follows:
1. Matching Net FCE [5] utilizes cosine similarity-based metric
to perform few-shot learning. Furthermore, Full Context Embeddings(FCE) is introduced to ﬁlter and integrate support
information which leads to better performance.
2. Meta-Learner LSTM [11] is proposed to directly learn the optimization algorithm from auxiliary set which then can be
directly used to train meta-tasks.
3. Model-Agnostic Meta-Learning (MAML) [10] aims to learn
a good initialization for meta-tasks. Few training iterations
need to be conducted on the meta-tasks with proper initialization.
4. Prototypical Net (PN) [6] proposes to directly learn prototypes for each category which intuitively lead to better generalization ability.
5. Graph Neural Network [16] is proposed recently and is validated to be effective for various node classiﬁcation tasks.
The few-shot learning is explained as a label propagation
task and thus can be directly tackled by GNN.
6. Simple Neural Attentive Learner (SNAIL) [22] utilizes temporal convolution and soft attention which works similarly as
the FCE used in Matching Net. The temporal convolution integrates information of support data which the useful information is then selected by soft attention.

4.4. Ablation studies
In this section, we conduct ablation studies to show the inﬂuence of different parts of Temperature Net for ﬁnal performance.
6
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Table 1
5-way accuracy of all methods on three datasets. ‡ denotes Large-margin PN with cosine distance for
its better performance. † denotes Large-margin GNN using Normface loss with s = 10, λ = 1, m = 0.5. §
denotes that results of this dataset are retrieved from Li et al. [42].  denotes results are retrieved from
Chen et al. [59]. £ denotes the experiments are exactly same as PN which we omit here. Other results
are retrieved from their original work.
Stanford Dogs§
Method
Baseline k-NN
Meta-Learner [11]
MAML [10]
SNAIL [22]
Matching Net [5]
L-PN(Cosine)‡ [28]
GNN [16]
L-GNN † [28]
Relation Net † [7]
CovaMNet [42]
PN [6]
Improved PN (ours)
Temp Net with ﬁxing Temp 10 (ours)
Temperature Net (ours)

Temp 10 w/o std

Temp 5/15 w/o std

Temp 10 w/ std

ACC (%)
Method
ACC (%)

51.22
Temp 5/15 w/ std
Not converge

50.77
Temp Net
52.39

51.51

1-shot

5-shot

1-shot

5-shot

1-shot

5-shot

43.14
47.50
62.27
63.04
48.19
52.53
61.78
63.37

23.50
34.80
55.85
56.65
40.90
-£
53.37
57.87

34.45
44.70
71.25
71.33
52.93
58.73
69.24
73.84

27.23
43.44
48.70
45.10
43.56
50.10
49.02
51.60
50.44
51.17
44.42
-£
51.51
52.39

49.29
60.60
63.11
55.20
55.31
66.94
63.50
67.25
65.32
67.65
64.24
63.20
66.52
67.89

last, gradually increasing the diﬃculty of training strengthens the
generalization ability of our model and stabilize the training process.
To investigate the performance of different settings of the
class-speciﬁc temperature, we vary the initial temperature TP =
TN from {1, 5, 10, 15, 20} and the temperature step pair (δP , δN )
from {(1, 1 ); (0.8, 1.2 ); (0.5, 1.5 ); (0.5, 2 ); (0.2, 5 )}. The results also
shown in Table 3. According to the results, note that (δP = δN =
1 ) means ﬁxed temperature, better performance could almost always be obtained when using the proposed class-speciﬁc temperature training strategy by gradually changing the temperature. This
should be attributed to the large margin metric induced by our
method. Moreover, it is more desirable to moderately change the
temperature, and dramatic changing of the temperature may hurt
the performance in practice. We thus set the default temperature
step pairs as (δP , δN ) = (0.5, 1.5 ). We’d like to emphasize that this
strategy could be directly applied for other tasks to boost their performance. At last, it is desirable to have a large initial temperature
by comparing different choices of initial temperature and we set
the default initial temperature as TP = TN = 10 for all datasets.
We also investigate the inﬂuence of ρ in Eq. (8) and the results
are shown in Table 4. According to the results, excessively large
ρ will lead to signiﬁcant performance degradation, and better performance could be obtained with ρ ≤ 1. It is thus reasonable to set
ρ = 1 for real life application. It is thus reasonable to set ρ = 1 in
practical applications.

Table 3
Results with different initial temperature TP and TN and temperature
step δP and δN . We set the initial TP = TN as shown in the ﬁrst row
and vary δP and δN from the pairs shown in the ﬁrst column.

(δP , δN ) (TP , TN )

(1,1)

(5,5)

(10,10)

(15,15)

(20,20)

(1,1)
(0.8,1.2)
(0.5,1.5)
(0.5,2)
(0.2,5)

51.15
51.64
51.60
50.57
50.76

51.32
51.59
51.61
52.40
51.25

51.51
52.17
52.39
52.57
51.64

51.86
51.98
52.17
51.99
52.01

51.84
52.30
51.98
51.87
52.02

Table 4
Results with different ρ for similarity calculation in Eq. (8).

ρ

0.1

0.2

0.5

1

2

5

10

ACC(%)

51.72

51.87

52.48

52.39

50.33

49.15

38.10

miniImageNet

26.14
35.80
46.98
49.10
37.59
-£
48.82
49.35

Table 2
Results of different variants of the proposed Temperature Net on mini ImageNet for 5-way 1-shot learning.
Method

Stanford Cars§

All experiments are conducted on miniImageNet for 5-way 1-shot
case. We ﬁrst brieﬂy study the effectiveness of the different parts
of TempNet in Table 2 and give more detail experiments on the
inﬂuence of the hyper-parameters in Tables 3 and 4.
We separately test the performance of different variants of our
method, including ﬁxed temperature T = 10 without the standard
deviation (Temp 10 w/o std), ﬁxed temperature T = 10 with the
standard deviation (Temp 10 w/ std), ﬁxed category-speciﬁc temperature (TN = 15 and TP = 5) without standard deviation (Temp
5/15 w/o std), ﬁxed category-speciﬁc temperature (TN = 15 and TP
= 5) with standard deviation (Temp 5/15 w/ std), and the Temperature Net (Temp Net). The results are shown in Table 2 and we
conclude following points. First, the naive Temperature Net with
ﬁxed temperature still achieves state-of-the-art performance; second, it is improper to directly set different temperatures at the beginning as the network is hard to converge; third, the inclusion of
the standard deviation can improve the performance of our model;

4.5. Skin disease classiﬁcation
The skin disease dataset is collected from Dermnet atlas website and contains 20230 images and 334 categories in total. The
experimental settings are exactly same as miniImageNet except we
change the number of query samples for each category from 15 to
5, since the smallest category contain only 10 iamges. Please refer
to supplementary materials for detail description of the dataset.
The resutls are shown in Table 5. PN(E)denotes Prototype Network with Euclidean distance and PN(C) denotes Prototype Network with cosine similarity. We also implement large-margin prototypical network as L − P N (C ) and L − P N (E ) for Euclidean distance and Cosine similarity respectively. We can conclude that
the proposed method outperforms other state-of-the-arts methods a lot in the real-life scenario. For detail, the Temperature Net
achieves 4.57% improvements for 5-way 1-shot compared with Relation Net, and obtains 3.32% improvements for 5-way 5-shot com7
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Table 5
Classiﬁcation results on skin disease datasets (ACC %).
Methods

Baseline

Matching Net

PN(E)

PN(C)

L-PN(E)

5-way 1-shot
5-way 5-shot
Methods
5-way 1-shot
5-way 5-shot

25.56
29.16
L-PN(C)
49.27
64.90

44.50
60.03
GNN
48.61
68.10

48.57
66.80
Relation Net
48.89
62.37

48.62
64.20
SNAIL
48.25
67.89

48.92
67.20
Temp Net
53.84
71.42

pared with the second best model GNN. It is interesting to note
that Relation Net does not outperform Prototypical Network in this
dataset. The reason may be that the Relation Net beneﬁts from
large number of query samples in conventional settings (15 images per categories) by using batch normalization for relation metric module [7,60]. However, there are only 5 query samples available per category for the proposed Dermnet skin disease dataset
which may thus essentially harm the learning process for Relation
Net. By contrast, the proposed methods is robust to the number of
queries and always achieves superior performance.
5. Conclusions and future work
Fig. A1. The category distribution of Dermnet datasets.

In this paper, we address several limitations for existing fewshot learning methods. First, we propose a general improvement
for the popular prototype-based methods which can theoretically
lead to compact intra-class distribution. We then propose Temperature Net for few-shot learning. Temperature Net can implicitly generate query-speciﬁc prototypes and thus results in local
and distribution-aware metric. To further strengthen the generalization ability of the learned metric, we set different temperature
for different categories to penalize query samples that are not close
enough to their belonging categories. Unlike conventional largemargin metric learning, our method introduces no additional regularization term and also does not need extra triplet/pair constructions. Experiments on benchmark datasets including the proposed
skin disease dataset validate the superiority of the method. The
ideas adopted by this paper potentially beneﬁt other tasks. For
example, besides the general improvements for prototype-based
methods, when performing hard sample mining, further improvements are likely obtained by training the network with increasing
diﬃculties. Also, the query-speciﬁc metric may also be beneﬁcial
to other metric learning-based applications especially for retrievalbased tasks. We will continue our work on these topics in the future.

learning, we discard categories with less than 10 samples which
are necessary to the 5-way 5-shot setting. The data are manually
split into 186 categories for training, 74 for validation and another
74 for testing respectively. Moreover, to better simulate the scenario of few-shot learning, we deliberately make the categories
with more than 120 samples (38 categories in total) as training.
Please refer to Fig. 1 or the Dermnet Website for sample images.

Appendix B. Proof for Lemma 1

Lemma 1. For the Minkowski distance, except the Manhattan distance, D1 (x, C ) ≤ D2 (x, C ) with equality holds if and only if c =
1 
i=0 ci for any i ∈ {1, 2, . . . , }.

Proof. The main idea for the proof is that Minkowski distance can
be induced by  p -norm. Given two vectors x and y, we denote
x − y p as  p -norm of vector x − y and is also the Minkowski distance between x and y with the corresponding p be deﬁnition,
where p ≥ 1. If p < 1, the so-called  p -norm and p Minkowski distance are no longer norm and distance metric respectively due to
the violation of triangle inequality.
Then, according to above deﬁnition, we have
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(B.1)

Here we used the fact that  p -norm is convex and thus satisﬁes
Jensen’s inequality with p ≥ 1 as shown in Fig B.5. Moreover, if p >
1,  p -norm is strictly convex and and the equality can be fulﬁlled

if and only if ci = 1 i=0 ci for any i ∈ {1, 2, . . . , }. If we choose
p = 1, i.e., using Manhattan distance, the equality clearly always
holds. 

For the skin dataset, we collect the dermatology photos from
Dermnet atlas website. For detail, we obtain 20230 photos in total which belong to 334 different categories. The category distribution is highly imbalanced. The largest category “seborrheic keratoses ruff” contains 516 photos and the smallest one only has 10
samples. Please refer to Fig. A.4 for detail. To perform few-shot
8

W. Zhu, W. Li, H. Liao et al.

Pattern Recognition 112 (2021) 107797
[11] S. Ravi, H. Larochelle, Optimization as a model for few-shot learning(2016).
[12] A.A. Rusu, D. Rao, J. Sygnowski, O. Vinyals, R. Pascanu, S. Osindero, R. Hadsell,
Meta-learning with latent embedding optimization, arXiv:1807.05960 (2018).
[13] A. Antoniou, A. Storkey, H. Edwards, Data augmentation generative adversarial
networks, arXiv:1711.04340 (2017).
[14] E. Schwartz, L. Karlinsky, J. Shtok, S. Harary, M. Marder, R. Feris, A. Kumar, R.
Giryes, A.M. Bronstein, Delta-encoder: an effective sample synthesis method
for few-shot object recognition, arXiv:1806.04734 (2018).
[15] Y.-X. Wang, R. Girshick, M. Hebert, B. Hariharan, Low-shot learning from imaginary data, arXiv:1801.05401 (2018).
[16] V. Garcia, J. Bruna, Few-shot learning with graph neural networks, CoRR (2017)
abs/1711.04043.
[17] C.M. Bishop, Pattern Recognition and Machine Learning, Springer, 2006.
[18] S.T. Roweis, L.K. Saul, Nonlinear dimensionality reduction by locally linear embedding, Science 290 (5500) (2000) 2323–2326.
[19] M. Belkin, P. Niyogi, Laplacian eigenmaps for dimensionality reduction and
data representation, Neural Comput 15 (6) (2003) 1373–1396.
[20] Y. Peng, S. Wang, B.-L. Lu, Marginalized denoising autoencoder via graph regularization for domain adaptation, in: International Conference on Neural Information Processing, Springer, 2013, pp. 156–163.
[21] S. Hochreiter, J. Schmidhuber, Long short-term memory, Neural Comput. 9 (8)
(1997) 1735–1780.
[22] N. Mishra, M. Rohaninejad, X. Chen, P. Abbeel, A simple neural attentive metalearner, arXiv:1707.03141 (2017).
[23] A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A.N. Gomez, L. Kaiser,
I. Polosukhin, Attention is all you need, in: Advances in Neural Information
Processing Systems, 2017, pp. 5998–6008.
[24] R. Hadsell, S. Chopra, Y. LeCun, Dimensionality reduction by learning an invariant mapping, in: 2006 IEEE Computer Society Conference on Computer Vision
and Pattern Recognition (CVPR’06), vol. 2, IEEE, 2006, pp. 1735–1742.
[25] F. Wang, X. Xiang, J. Cheng, A.L. Yuille, NormFace: L2 hypersphere embedding
for face veriﬁcation, in: Proceedings of the 25th ACM International Conference
on Multimedia, ACM, 2017, pp. 1041–1049.
[26] H. Wang, Y. Wang, Z. Zhou, X. Ji, D. Gong, J. Zhou, Z. Li, W. Liu, CosFace: large
margin cosine loss for deep face recognition, in: Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 2018, pp. 5265–5274.
[27] J. Deng, J. Guo, N. Xue, S. Zafeiriou, ArcFace: additive angular margin loss for
deep face recognition, arXiv:1801.07698 (2018).
[28] Y. Wang, X.-M. Wu, Q. Li, J. Gu, W. Xiang, L. Zhang, V.O.K. Li, Large margin
few-shot learning, arXiv:1807.02872 (2018).
[29] G. Chechik, V. Sharma, U. Shalit, S. Bengio, Large scale online learning of image
similarity through ranking, J. Mach. Learn. Res. 11 (Mar) (2010) 1109–1135.
[30] G. Koch, R. Zemel, R. Salakhutdinov, Siamese neural networks for one-shot image recognition, ICML Deep Learning Workshop, vol. 2, 2015.
[31] M.P. Kumar, B. Packer, D. Koller, Self-paced learning for latent variable models,
in: Advances in Neural Information Processing Systems, 2010, pp. 1189–1197.
[32] L. Jiang, D. Meng, S.-I. Yu, Z. Lan, S. Shan, A. Hauptmann, Self-paced learning
with diversity, in: Advances in Neural Information Processing Systems, 2014,
pp. 2078–2086.
[33] J. Deng, W. Dong, R. Socher, L.-J. Li, K. Li, L. Fei-Fei, ImageNet: a large-scale
hierarchical image database, in: 2009 IEEE Conference on Computer Vision and
Pattern Recognition, Ieee, 2009, pp. 248–255.
[34] K.Q. Weinberger, L.K. Saul, Distance metric learning for large margin nearest
neighbor classiﬁcation, J. Mach. Learn. Res. 10 (2) (2009).
[35] C.-Y. Wu, R. Manmatha, A.J. Smola, P. Krahenbuhl, Sampling matters in deep
embedding learning, in: Proceedings of the IEEE International Conference on
Computer Vision, 2017, pp. 2840–2848.
[36] F. Schroff, D. Kalenichenko, J. Philbin, FaceNet: a uniﬁed embedding for face
recognition and clustering, in: Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 2015, pp. 815–823.
[37] C. Zhao, X. Wang, W. Zuo, F. Shen, L. Shao, D. Miao, Similarity learning with
joint transfer constraints for person re-identiﬁcation, Pattern Recognit. 97
(2020) 107014.
[38] C. Zhao, K. Chen, D. Zang, Z. Zhang, W. Zuo, D. Miao, Uncertainty-optimized
deep learning model for small-scale person re-identiﬁcation, Sci. China Inf. Sci.
62 (12) (2019) 220102.
[39] C. Zhao, K. Chen, Z. Wei, Y. Chen, D. Miao, W. Wang, Multilevel triplet deep
learning model for person re-identiﬁcation, Pattern Recognit. Lett. 117 (2019)
161–168.
[40] F. Cakir, K. He, X. Xia, B. Kulis, S. Sclaroff, Deep metric learning to rank, in: Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition,
2019, pp. 1861–1870.
[41] P.W. Battaglia, J.B. Hamrick, V. Bapst, A. Sanchez-Gonzalez, V. Zambaldi, M. Malinowski, A. Tacchetti, D. Raposo, A. Santoro, R. Faulkner, et al., Relational inductive biases, deep learning, and graph networks, arXiv:1806.01261 (2018).
[42] W. Li, J. Xu, J. Huo, L. Wang, Y. Gao, J. Luo, Distribution consistency based covariance metric networks for few-shot learning, AAAI, 2019.
[43] G.E. Hinton, R.R. Salakhutdinov, Reducing the dimensionality of data with neural networks, Science 313 (5786) (2006) 504–507.
[44] I. Goodfellow, J. Pouget-Abadie, M. Mirza, B. Xu, D. Warde-Farley, S. Ozair,
A. Courville, Y. Bengio, Generative adversarial nets, in: Advances in Neural Information Processing Systems, 2014, pp. 2672–2680.
[45] Y. Liu, J. Lee, M. Park, S. Kim, E. Yang, S.J. Hwang, Y. Yang, Learning to propagate
labels: transductive propagation network for few-shot learning (2018).
[46] G.E. Hinton, O. Vinyals, J. Dean, Distilling the knowledge in a neural network,
CoRR (2015) abs/1503.02531.

Fig. B1. Illustration of  p -norm.

Appendix C. Derivation for Eq. (3)
With the square Euclidean distance adopted by original Prototypical Network, the distance D1 (x, C ) deﬁned by the Prototypical
Network is obtained by the distance between query and the center
point as

D1 (x, C ) = xT x +




1  T 
2 
( ci ) ( ci ) − xT
ci
2


i=0

i=0

i=0

= xT x + (E (ci ))T E (ci ) − 2xT E (ci ),

(C.1)



where E (ci ) =
i=0 ci is the center of category C. Similarly, for
the proposed metric, i.e., Eq. (2), we calculate the average distance
between query and support samples as
1
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(C.2)

We then have

D2 (x, C ) − D1 (x, C ) = E (ciT ci ) − (E (ci ))T E (ci )
= var (ci ),

where var (ci ) =
C.

1 
i=1


ci − E (ci )22

(C.3)
≥ 0 is the variance of category
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