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Abstract

Along with the deeper architecture in the deep learning approaches, the need for the data becomes very big. 

In the real problem, to get huge data in some disciplines is very costly. Therefore, learning on limited data in 

the recent years turns to be a very appealing area. Meta-learning offers a new perspective to learn a model 

with this limitation. A state-of-the-art model that is made using a meta-learning framework, Meta-SGD, is 

proposed with a key idea of learning a hyperparameter or a learning rate of the fast adaptation stage in the 

outer update. However, this learning rate usually is set to be very small. In consequence, the objective function 

of SGD will give a little improvement to our weight parameters. In other words, the prior is being a key value 

of getting a good adaptation. As a goal of meta-learning approaches, learning using a single gradient step in 

the inner update may lead to a bad performance. Especially if the prior that we use is far from the expected 

one, or it works in the opposite way that it is very effective to adapt the model. By this reason, we propose to 

add a weight term to decrease, or increase in some conditions, the effect of this prior. The experiment on few-

shot learning shows that emphasizing or weakening the prior can give better performance than using its

original value.
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1. Introduction

In the middle of remarkable expansions of deep learning methods for modeling on big data, meta-learning 

is being an appealing area in the opposite domain. Instead of using numerous data, learning on the few ones is 

more practical in the real problem. In other words, it is more suitable with the initial idea of making the artificial 

agent of the human brain that makes a system for our agents as similar as possible with the one inside our brain. 

In this case, using short experiences, humans can get the concept of what they capture using their senses, and 

this ability can also be reinforced along the related knowledge being available.

Aiming to be well implemented in learning using small data, meta-learning offers the learning perspective 

to lift the training process on the set of tasks rather than on the very big data. This idea basically does not 

completely correspond to how the human brain train their skills, because the biological factors, e.g. DNA and
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their basic intelligence, are very influential to assist their ability to learn perennially. However, using this idea

to train the model from scratch can give the comparable performance with the conventional deep learning 

methods for machine learning problems, e.g. classification, especially on the few-shot learning problem or 

learning using a limited number of instances [1]. Exploiting the tasks integrated into a distribution gives 

additional information to the model than just learning on a single task. Therefore, the way to utilize these tasks 

that are drawn from the task distribution and to do the model adaptation is being an important part of meta-

learning. 

Lately, various approaches in meta-learning field have been proposed. There are two different key ideas in 

this learning area [2, 3]. Firstly, the learning algorithm is designed to follow the concept of a sequential process

[4]. The knowledge from the preceding tasks is shared to the following one. In this way, the experience of 

what model has got in the past is expected to rise up the model performance over time. Secondly is learning in 

parallel on similar tasks [3, 5, 6]. Two phases with two-times parameter optimization in these approaches are 

able to enhance the model performance significantly on the few-shot learning problem. In the first phase, a 

network is applied to several similar tasks to do the fast-adaptation of the initialized or previous parameter. 

The adapted ones are then applied to the validation set from the corresponding task to get the loss for doing 

the second adaptation in the following phase. In the case of few-shot learning, the first phase is being a very 

important step, because it gives our model more information to gain its performance.

In order to do the fast-adaptation process, some approaches in meta-learning equip the stochastic gradient 

descent (SGD) as the optimization algorithm. Applying a network to several tasks and optimizing it using SGD 

are a good combination strategy to get a good improvement of the performance. This idea is carried out in 

MAML [5]. Exploiting the combination of results from those tasks can give additional information when 

applying the algorithm in the few-shot learning problem. However, it will be questionable if the 

hyperparameter in SGD is shared over the tasks. Each task may have different samples to train their own fast-

adaptation and it may give different effect to the model performance. Therefore, it is more acceptable if this 

hyperparameter is set differently for each task. Meta-SGD [6] tackles this problem by setting the 

hyperparameter to be learnable. So, instead of varying over the tasks, it also can adapt flexibly to get the proper 

value.

Learning using gradient descent in the fast-adaptation process needs the prior information, wherein this case 

it is obtained from the previous updated parameter in the second phase of Meta-SGD algorithm. Simply using 

this value and adding it with the loss function term, weighted by a learning rate, are basically similar to 

completely memorize the prior. It may influence the performance of the algorithm, especially if the prior gives 

the very high error, or in the other case, it is very effective for gaining the performance. Accordingly, we 

propose to add a weight term for this prior to weaken or strengthen its influence in the fast adaptation process. 

The discussion in this paper will be organized respectively with the related works in Section 2, our proposed 

method in Section 3, experiment and result in Section 4, and the conclusion in the last section.

2. Related Work

Few-shot learning aims to learn a model using a few data. One idea that can be used to reach this goal is by 

using meta-learning, which exploits the meta-knowledge to adapt the parameter. Although using a few data, it 

is expected that the meta-knowledge can give additional information to the model, so the performance is 

improved along the time. More explanation about meta-learning will be discussed in the first subsection, 

followed by the related work in the following subsection.
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2.1 Meta-Learning

Along with the rapid progress of deep learning in recent years with many algorithms, there are some 

problems that we will face. It needs to have large training data to learn our model. In other words, it will fail 

all at once if we implement it to few-shot learning. Few-shot learning means learning with the small instances 

of the training dataset. In classification case, it is well-known with the term “�-way �-shot” problem or 

classification on � classes, where each class comprised of � instances.

Meta-learning can be categorized in several ways. Based on the training process, it can be grouped into 

three categories. First of all, is learning by metric space. The algorithms in this group, e.g. siamese networks, 

prototypical networks, and relation networks, learn the model by finding the appropriate metric space [7-9]. 

The common metric space usually used is the distance metric to find the similarity of two objects. This metric 

is then be acquired as the extra knowledge in the algorithm. This approach is widely implemented in the few-

shot learning setting where we do not have many data points. Second of all is learning the initializations. In 

this method, the algorithm tries to learn the optimal initialization of the parameters. In conventional deep 

learning, we initialize the parameter randomly and use it to train the model using a certain dataset, then 

calculate the prediction and its loss. After that, during the backpropagation process, we update the parameter 

using gradient descent by minimizing the loss we get. Training the model from scratch like this is time-

consuming because the initialization may be really far with the real parameter value. However, learning the 

initialization of the model parameter becomes very important, because it can make our model to attain the 

convergence very quickly. Some approaches included in this group are Model-Agnostic Meta-Learning 

(MAML) [5] and its extensions [10, 11, 12, 13], Reptile [3], and Meta-SGD [6]. The last is learning the 

optimizer. This method does the optimizer learning by exploiting two different networks: the base network for 

learning the model and the meta-network to optimize the base network. 

In this paper, we focus on the second group of meta-learning categorization, which finds good initialization 

from learning the meta-knowledge. The knowledge we consider to reach the aim of meta-learning is basically 

represented as the tasks that contain the training and validation dataset with only a small number of data points. 

Equipping these tasks to be feed in our model is expected to enhance the model to get better performance and 

to generalize well on the new related task. The objective function that is used in meta-learning is quite different 

from the conventional deep learning algorithms. Since it is applied to several tasks, the objective function that 

we want to optimize is the expectation of the loss function. More formally, it can be written as Equation (1).

�∗ = argmin���~�(�)[ℒ(�; �)] (1)

2.2 Meta-SGD

Meta-SGD is basically designed to be applied flexibly on machine learning problem, i.e. regression and 

classification, and reinforcement learning. For simplicity, in this paper we just use supervised learning, 

especially classification problem, to explain the algorithm in detail. Suppose that we have a set of tasks �, 

where � = {��, ��, … , �� , … , ��}, each task consists of training and validation dataset, ������ and ���� . 

These tasks are drawn from the distribution of tasks randomly, so ��~�(��) and for each task �� has the same 

distribution �(��) = �(�). Assume that the base model we use to be implemented to the tasks is a neural 

network, the weight of it is notated by �. We usually use gradient descent as the standard way to do the 

adaptation of this parameter.
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�� = ���� − �∇ℒ���
���� (2)

where ℒ�(�) is the empirical loss that usually obtained by calculating the average loss over the instances and 

� is the learning rate. Looking at Equation (2), there are three key ingredients in defining an optimizer: 

initialization, update direction, and learning rate. The initialization usually is set using the random value. The 

update direction is basically following the gradient. Learning rate that is often set to be small. 

Using only small data points, parameter adaptation is expected to be very effective in the sense of getting 

the more proper parameter value. However, setting the learning rate manually becomes very tricky. Given a 

certain classification problem and other factors, there is no guiding reference that shown that the chosen 

learning rate value is the proper value to get the best performance for our model. Therefore, Meta-SGD gives 

a new perspective to set the parameter to be flexible and learnable. 

Similar to the existing meta-learning method [5], Meta-SGD has two stages learning to do the parameter 

adaptation, the inner update and outer update. In the inner update, parameter � from the previous iteration is 

updated using gradient descent with employing the loss over the training set. These updated parameters are 

then applied to the validation samples and the corresponding loss will be combined altogether to do the 

adaptation in the outer update. Instead of doing the adaptation on the network parameters, the learning rate for 

the inner update, �, is also learned by using the same way. Mathematically, combining the calculation from 

the inner update to the outer update, the objective function that is minimized in Meta-SGD is shown in Equation 

(3). 

min
�,�

��~�(�)�ℒ����(�
�)� = ��~�(�) �ℒ���� �� − �∇ℒ������(�)��

(3)

This objective function is used to do the adaptation for updating the parameter � and the learning rate �. 

3. Proposed Method

In the few-shot learning problem, prior is one of the important parts of the algorithm. In the case of 

gradient descent, prior information for getting the adaptation of the parameter is defined as the previous 

parameter, ����. Using the bad parameter or parameter that gives us a very big error sometimes can lead to a

very slow adaptation. The reason is that the loss function in the second term of gradient descent is multiplied 

by the learning rate that often set by the very small value. It will be more obvious if the adaptation is conduct 

by a few steps of the gradient. On the other hand, if the prior we use for the optimization is basically very good, 

means that it is already in the correct direction, it may be better if we increase its effect for parameter adaptation. 

By this reason, we propose to add the weight on the prior term with the expectation that it can help the 

optimization algorithm to do the greater improvement in the model. Originally, the adaptation in the inner 

update of Meta-SGD is done by using gradient descent, similar to Equation (2). Adding the weight in the prior 

term, we can formulate the proposed parameter adaptation as:

�� = ����� − �∇ℒ���
���� (4)

Where �� and ���� represent the updated parameter and the prior respectively, additional weight � control 

the influence of the prior. Learning rate � is a hyperparameter that is learned in the outer update. Basically,

this hyperparameter can be set manually. Setting � < 1 means reducing the effect of the prior, � > 1 means 
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increasing the prior and setting � = 1 will give us the same formulation with the original SGD. In the case of 

Meta-SGD, we can set � as 1 − � or follow the fluctuation of the learnable learning rate. By this 

modification, Equation (4) is changed to be:

�� = (1 − �)���� − �∇ℒ���
����

= ���� − ����� − �∇ℒ���
����

= ���� − � ����� + ∇ℒ���
����� (5)

4. Experiment and Result

We conduct the experiment on Omniglot dataset, which comprised of 1623 characters from 50 alphabets. 

Each character contains 20 handwritten samples that were written by different people. We implement the 

method to a �-way �-shot classification problem, with �=5 and 20 classes and �=1 and 5 instances. In the 

experiment, we re-run the original Meta-SGD, but the network architecture and some configurations are 

designed to be the same as in [6]. We set the number of episodes or the iterations to be 3,000 times. For the 

proposed method, the discount factor, �, is set to be 0.8 for the first experiment and 1 − � in the second 

experiment, and the performance will present in terms of accuracy.

Table 1 presents the performance of the proposed method compared to the original approach. Setting the 

value of � = 0.8 obtains the model performance quite lower than the performance of the existing method for 

all few-shot learning problem. This chosen weight value may not the best one, so instead of just setting using 

a particular weight value, it may better if we see the tendency of its influence on a particular learning problem. 

We will do the second experiment to see it in the next discussion. Changing � value to follow the change of 

learning rate in the inner update of Meta-SGD gives a better performance in some learning configurations. It 

can be able because the discount factor varies over time. So, the effect of prior that we consider in every 

episode or every iteration of Meta-SGD changes contrarily with the loss function.

Table 1. Accuracies on Omniglot Dataset

Method
5-way Accuracy 20-way Accuracy

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

Meta-SGD 97.76 99.20 92.13 97.03

Ours (� = 0.8) 97.55 99.16 91.55 96.56

Ours (� = 1 − �) 97.52 99.22 91.56 96.68

Instead of setting the weight by a single value, we interested to focus on its effect when it is set differently 

on a particular learning problem. In this experiment, we change the value of � from 0.70 to 1.30, with an 

increment of 0.50 regularly. The implementation is conducted to a 5-way 5-shot learning problem. Using the 

same configurations with the previous experiment, we can see that the tendency of the accuracy with various 

weight is more likely to increase until some points and decreasing as the weight increase. From Figure 1, it is 

presented that the accuracy of using � = 1 does not result the best performance, but adding more effect of 

prior information by setting � = 1.05 can give better performance. It may because learning the parameter 

iteratively give more advantage to our model, so instead of using the prior value as it is, it is better to emphasize 

it every iteration.
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Figure 1. Effect of weighing the prior on Meta-SGD

5. Conclusion

In this paper, we propose to add a weight term to decrease, or increase in some conditions, the effect of the

prior. Experimental result on few-shot learning shows that emphasizing or weakening the prior can give better 

performance than using its original value. The proposed method adds the weighing term to the prior 

information in the optimization algorithm aiming to either increase or decreases its effect of the prior for the 

adaptation process. In the meta-learning area, it is applied to the inner update or fast adaptation stage, in this 

paper we focus on applying it to Meta-SGD. The experiment shows that the performance of the proposed 

method by setting the weight to follow the fluctuation of the learning rate in the inner update is comparable to

the original method. However, second experiment shows that the effect of changing weight to be slightly higher 

or lower will give the better performance than without adding the weight. Future research directions include 

the adaptation of our proposed algorithm to the broader range of applications [14,15]. 
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