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Abstract
Few-shot meta-learning involves training a model on multiple tasks to enable it to efficiently adapt to new, previously

unseen tasks with only a limited number of samples. However, current meta-learning methods assume that all tasks are

closely related and belong to a common domain, whereas in practice, tasks can be highly diverse and originate from

multiple domains, resulting in a multimodal task distribution. This poses a challenge for existing methods as they struggle

to learn a shared representation that can be easily adapted to all tasks within the distribution. To address this challenge, we

propose a meta-learning framework that can handle multimodal task distributions by conditioning the model on the current

task, resulting in a faster adaptation. Our proposed method learns to encode each task and generate task embeddings that

modulate the model’s activations. The resulting modulated model become specialized for the current task and leads to more

effective adaptation. Our framework is designed to work in a realistic setting where the mode from which a task is sampled

is unknown. Nonetheless, we also explore the possibility of incorporating auxiliary information, such as the task-mode-

label, to further enhance the performance of our method if such information is available. We evaluate our proposed

framework on various few-shot regression and image classification tasks, demonstrating its superiority over other state-of-

the-art meta-learning methods. The results highlight the benefits of learning to embed task-specific information in the

model to guide the adaptation when tasks are sampled from a multimodal distribution.
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1 Introduction

Humans possess a remarkable ability to learn new tasks

using only a few examples by leveraging their prior

experience and context, and quickly adapting to novel

situations. In contrast, conventional deep learning methods

are designed for specific tasks, which limits their perfor-

mance in terms of data efficiency and generalization. Like

humans, it is desirable for learning algorithms to be able to

adapt efficiently to new tasks and incorporate new

information to improve their performance. Meta-learning

achieves this by learning a representation or acquiring

general knowledge from multiple tasks during meta-train-

ing and adapting it to new tasks at meta-testing time.

Specifically, optimization-based meta-learning methods

aim to learn an initialization of neural network parameters

that can be efficiently fine-tuned for new tasks with only a

few training examples and gradient updates. Current

methods typically assume that all tasks are related and rely

on a shared model initialization for all tasks. While this

approach may work well in some cases, it may not be

appropriate for complex scenarios where tasks are hetero-

geneous and drawn from a multimodal distribution with

multiple unknown modes. In such scenarios, fine-tuning the

same initial model to any task using only a few examples

may lead to suboptimal results. To illustrate, when learning

a Latin language like Spanish, humans can leverage not

only their prior experience of reading, writing or listening

in that language (i.e., tasks from the same mode) but also

their knowledge of related languages such as Italian and

French (i.e., tasks from other similar modes). However,

exploiting knowledge from entirely different languages
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like Chinese or Arabic (i.e., modes less similar to the

previous one) may be less helpful. Additionally, tasks

unrelated to language learning, such as drawing or painting

(i.e., from a mode completely disjoint and far apart from

the previous ones), may not provide any useful knowledge

for learning Spanish.

Model Agnostic Meta-Learning (MAML) [1] is a well-

known and widely used method in meta-learning that has

demonstrated impressive performance in few-shot learning

scenarios. The fundamental objective of MAML is to learn

an optimal set of initial model parameters that can be

effectively fine-tuned on new tasks with a small number of

examples. This is accomplished using a set of training

tasks, allowing the initial model to achieve good general-

ization performance on any task after only a few gradient

descent steps on that task. This method is effective when

all tasks belong to the same domain (i.e., drawn from a

unimodal task distribution). However, its performance

suffers when tasks are heterogeneous and drawn from

multiple different domains or modes (e.g., tasks related to

classifying digits from various alphabets vs. tasks related to

classifying various animals). Several other meta-learning

methods, such as [2–10], also face similar limitations. One

straightforward approach to overcome this issue is to use

MAML and learn a separate initialization per mode.

However, this requires knowing the mode of each task (i.e.,

the groundtruth task-mode-label) both during meta-training

and meta-test time, which is often unavailable in real-world

scenarios. Additionally, such an approach may prevent the

sharing of relevant knowledge across related tasks from

distinct but related modes, thus potentially limiting the

model’s performance.

This paper introduces M3L (MultiModal Meta-Learn-

ing), a new meta-learning approach for situations where

tasks are sampled from a multimodal distribution with

unknown modes. The method extends the MAML frame-

work [1] by jointly learning a good initialization of two

complementary neural networks: a base network and a

generator network. To enable mode-specific and task-

specific adaptation, the base network is modulated with

modulation layers that apply a ‘‘feature-wise gating’’

mechanism to selectively pass forward some activations

while zeroing out others. The generator network predicts

the parameters of these modulation layers by taking a few

training examples from the given task, producing a task

embedding, and subsequently transforming it to generate

the modulation parameters required to condition the base

network on that task. Notably, these modulation parameters

act as parameters in the base network, but are predictions

from the generator network.

Recently, a few approaches have been proposed to

tackle meta-learning from multimodal task distributions.

Some of these methods use a low-dimensional task

representation to transform the model’s parameters [11, 12]

or generate additional context parameters for the model

[13, 14]. Other techniques perform task clustering either in

the task space or parameter space [15–18], and learn a

separate model initialization for tasks within each cluster.

Similarly, the work in [19] learns multiple model initial-

izations but it uses a task encoder network to select the best

one to fine-tune for a given task. These approaches can be

challenging to train end-to-end and require careful tuning

of various hyperparameters, such as the number of context

parameters, the number of clusters or model initializations.

Unlike existing methods, M3L is not dependent on the

number of modes (or datasets) in the task distribution, and

allows for joint adaptation of a generator and a base model,

resulting in improved performance after only a few adap-

tation steps at test time. The experimental evaluation

demonstrates that M3L learns to modulate the base model’s

activations effectively, leveraging only relevant informa-

tion for the given task. This results in a faster learning

process and higher prediction accuracy. The results

demonstrate that M3L outperforms meta-learning approa-

ches that learn a single initialization across all tasks and

existing methods designed for meta-learning from multi-

modal task distributions.

To summarize, the contributions of this work are as

follows:

• We propose a novel meta-learning framework designed

for multimodal task distributions with unknown modes,

addressing limitations posed by complex scenarios. The

proposed approach extends MAML [1] by jointly

learning a robust initialization for two complementary

neural networks: a base network and a generator

network.

• The introduction of modulation layers in the base

networks significantly improves mode-specific and

task-specific adaptability, allowing for more effective

and efficient learning.

• The proposed use of modulation layers facilitates faster

learning and higher accuracy after minimal adaptation

steps at test time. This showcases superior performance

compared to existing multimodal and unimodal meta-

learning methods.

2 Background and related work

In recent years, meta-learning has emerged as a powerful

paradigm for few-shot learning, enabling a learner to

effectively learn unseen tasks with only a few samples by

leveraging prior knowledge learned from related tasks.

During the meta-training phase, training tasks fT igTi¼1 are
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sampled from a task distribution PðT Þ. Each task T i cor-

responds to data generating distributions

T i,fpiðxÞ; piðyjxÞg, and the data sampled from each task is

divided into a small support set D
ðspÞ
i containing K training

examples and a large query set D
ðqrÞ
i . During the meta-test

phase, a completely new task T new is sampled from PðT Þ,
and a small set DðspÞnew,fxk; ykg

K
k¼1 containing a few training

examples is observed. The goal is to train a model on DðspÞnew

while leveraging the previous knowledge acquired during

meta-training in order to achieve good generalization per-

formance on new unlabeled test examples from T new.

Optimization-based meta-learning methods

[1, 9, 10, 20, 21] aim to learn models that can efficiently be

adapted, through an optimization procedure, to new tasks

with a few training examples. Among these, MAML [1]

uses a bi-level optimization process to learn an initial set of

parameters h that can be efficiently fine-tuned with gradient
descent on new tasks. In particular, MAML meta-trains a

neural network model fh parameterized by h using a two-

stage procedure consisting of an inner and an outer loop. In

the inner loop, the initial parameters h are adapted to each

training task T i by taking a few gradient descent steps on

the support set D
ðspÞ
i , resulting in task-specific parameters

h0i. This is illustrated in Eq. 1 when a single gradient step is

used:

h0i ¼ h� arhLD
ðspÞ
i

ðfhÞ: ð1Þ

The initial parameters h are then optimized in the outer

loop by minimizing the loss achieved by task-specific

parameters h0i on the query set D
ðqrÞ
i . This is shown in

Eq. 2:

h h� brh

X

T i � PðT Þ
L
D
ðqrÞ
i

ðfh0iÞ: ð2Þ

The result is a model initialization h that can effectively be

adapted to new tasks using only a few (K) training exam-

ples and a few gradient updates.

While the effectiveness of these methods has been

demonstrated, there are concerns about their ability to

tackle broader meta-learning challenges. The reason being

that a single set of meta-parameters h, which serves as the

model’s initialization, may not be sufficient when dealing

with a diverse range of tasks drawn from a multimodal

distribution PðT Þ. In other words, the model’s performance

could be limited when faced with a wide variety of tasks

that require different meta-parameters for optimal results.

To overcome this challenge, various methods

[12, 13, 15–19, 22] have been developed to integrate task-

specific information into the meta-learning framework. For

example, MMAML [12] and its revisited version [22],

build upon the standard MAML approach by estimating the

mode of tasks sampled from a multimodal task distribution

PðT Þ and modulating the initial model’s parameters

accordingly. However, only the initial parameters are

adapted, rather than the modulated version, which can slow

down the process and reduce the model’s effectiveness

with an increasing number of modes. Another approach,

TSA-MAML [18], combines MAML with a k-means

clustering in the parameter space to create multiple model

initializations (equal to the number of modes). However,

this centroid-based clustering fails to take advantage of

negative correlations between tasks (e.g., w and -w may be

assigned to different clusters) and fails to handle tasks that

are distant from all clusters. MUSE [19] meta-learns

multiple model initialization and uses a task encoder net-

work to select the initialization that will result in the best

performance after adaptation to the given task. CAVIA

[13] partitions the initial set of model parameters into

parameters that are shared across all tasks, and context

parameters that are specific to each task. At meta-test time

only the context parameters are adapted to each new task.

However, both MUSE and CAVIA require carefully tuning

various hyperparameters, such as the number of model

initialization or context parameters, and involve an initial

offline phase of training to learn knowledge that will be

frozen during adaptation.

CAVIA has also inspired related works that aim at

building a ‘‘universal representation’’ of robust features

that lead to strong performance across multiple datasets in

a multi-task learning setup [23]. Building on this, the

authors in [24, 25] propose to use meta-learning to spe-

cialize the universal representation toward each new task.

However, learning such a representation in advance is

challenging and may result in overfitting. To overcome

these issues, SUR [26] and URL [27] train a separate

feature extractor for each dataset (or mode) and combine

the learned representations to solve a new task at test time.

Similarly, FLUTE [28] aims to learn a shared model across

all datasets while allowing for specialization to each indi-

vidual dataset by learning a small set of dataset-specific

parameters. However, these approaches are currently lim-

ited to few-shot classification problems, and they do not

benefit from meta-learning to adapt fast, i.e., using a few

adaptation steps at test time.

Building upon these concepts, we propose M3L, a novel

framework that extends MAML to effectively handle

multimodal task distributions, where tasks are derived from

multiple datasets (corresponding to modes). Despite the

similarities to MMAML, we introduce a key distinction by

modulating the activations of the network rather than

directly adjusting the weights. Furthermore, both the gen-

erator and the base network parameters in M3L undergo

meta-training, in contrast to MMAML’s modulation net-

work which only predicts modulation parameters based on
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the input task without meta-learning. Our approach oper-

ates under the realistic assumption that the mode of each

task is unknown, and that the number of modes is also

unknown. Nevertheless, we also explore the possibility of

incorporating auxiliary information, such as the task mode

identity, to further enhance the performance if such infor-

mation is available. We compare M3L with related

approaches, including MMAML [12] and TSA-MAML

[18], and demonstrate its superiority through experiments.

It is worth noting that our work deals with multimodality in

the task distribution, which is distinct from multimodality

in data type [29], where tasks represent the same concept

but in different modalities, such as a combination of ima-

ges and text. Interested readers can find more information

about meta-learning and its application to multimodal task

distributions in [30].

3 Proposed approach

Our proposed approach involves the joint meta-training of

two neural networks: a base network fw parameterized by

w, and a generator network gq parameterized by q, as

shown in Fig. 1b.

To enable efficient adaptation of the base model fw to a

new task from any mode, we introduce modulation layers

into its architecture. The goal of these modulation layers is

to ‘‘condition’’ the base network fw on that task, by

applying a feature-wise gating mechanism to the activa-

tions of the preceding layer (as described in Sect. 3.2),

allowing only the features (or activations) that are relevant

for the task to propagate forward, while disregarding the

non-relevant ones.

The parameters of the modulation layers are predicted

by the generator network gq. To do so, this latter takes the

task’s support set as input, produces an embedding or

representation of the task, and transforms it to generate the

modulation parameters. The task embedding is designed to

be invariant to the permutation of examples in the support

set, which ensures that the predicted modulation parame-

ters are independent of the ordering of the support set.

The architecture of the generator network is described in

Sect. 3.1, and the complete algorithm is presented in

Sect. 3.2.

3.1 Generator

As illustrated in Fig. 1a, the generator network gq consists

of three parts: a feature extractor (A), an averaging layer

(B), and a multilayer perceptron (MLP) (C). The feature

extractor (A) takes as input a support set D
ðspÞ
i ¼

fxk; ykgKk¼1 consisting of inputs xk and labels yk (repre-

sented as one-hot-vectors in classification) sampled from a

task T i. It then transforms them into

Zi ¼ fhð hxðxkÞ � yk ÞgKk¼1, where hxð:Þ denotes an

input-specific feature extractor, and � denotes the con-

catenation operator. In other words, it transforms each

sample xk ¼ hxðxkÞ, it concatenates to it the corresponding

label and transforms them as hðxk � ykÞ. The averaging

layer (B) calculates the mean of the transformed data Zi

along the K examples, creating a vector representation zi
that characterizes task T i. This task representation is

invariant to permutations of the examples and is expected

to capture task-specific information, such as the task mode.

The final part (C) of the network generates the parameters

for the modulation layers in the base network. It is an MLP

Fig. 1 Model overview. a The

generator network consists of

three parts: a feature extractor

(A), an averaging layer (B), and
an MLP (C). b The generator

takes in input K training

examples from a task T i (i.e.,

D
ðspÞ
i ) and predicts the

parameters of the modulation

layers fi. These parameters are

used to modulate the activations

of the base network. � denotes

the concatenation operator and

� denotes a modulation

operator
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that takes a task representation zi as input and predicts a set

of parameters fi ¼ ff1i ; � � � f
L
i g, where L is the number of

hidden layers to modulate in the base model. Each fli, for
l ¼ 1; :::; L, corresponds to the parameters of the modula-

tion layer following the lth layer in the base model. These

parameters will act as ‘‘scaling’’ or ‘‘gating’’ parameters;

they adjust the feature importance and diminish the con-

tribution of less informative features for the given task T i.

This is described more formally in the next section.

3.2 Algorithm

Before delving into the technical details, let’s provide an

intuitive overview of the proposed algorithm. Imagine the

base network fw as a dynamic learner and the generator

network gq as a guide that helps the base network adapt

quickly to new tasks sampled from different modes. To

achieve this, modulation layers are added to the base net-

work architecture as described in Sect. 3.1. These layers

are predicted by the generator network based on the sup-

port set of the task and allows the base network to selec-

tively focus on relevant information while disregarding

non-relevant ones. The complete process is presented in

Algorithm 1.

Algorithm 1 involves sampling a mini-batch of training

tasks from a multimodal distribution PðT Þ, and for each

task T i, a support dataset D
ðspÞ
i and a query dataset D

ðqrÞ
i

are sampled. In line 6 of Algorithm 1, the Modulate

&Adapt function (Algorithm 2) is called to predict the

modulation parameters and adapt the parameters q and w to

the task at hand.

In line 3 of Algorithm 2, the support set D
ðspÞ
i is input

into the generator gq to obtain the modulation parameters

fi, as described in Sect. 3.1. These parameters are then

used to modulate the activations of the base network,

resulting in a modulated model denoted by fwjfi which is

more specialized for the task at hand. To better explain the

modulated network fwjfi, let us examine the activations

aðx wlÞ produced by a particular layer l. Using modulation

parameters fli, it is possible to modulate these activations

and get modulated activations denoted as aðx wlÞ � fli, as
exemplified by Eq. 3. This equation outlines a ‘‘sigmoidal

gating’’ mechanism that enables fli to determine which

activations are propagated forward to the next layers and

which are zeroed out. It is worth noting that other ways to

modulate the activations are also possible, as shown later in

Sect. 4.1.

aðx wlÞ � fli ¼ aðx wlÞ � rðfliÞ; ð3Þ

where � denotes an element-wise multiplication and r is

the sigmoid function making each value of fli in the range

[0, 1]. The parameters q and w are then adapted to the

specific task resulting in task-specific parameters q0 and w0,
respectively (lines 4 and 5 of Algorithm 2). This adaptation

is performed as in the standard framework (see Eq. 1), but

the loss L
D
ðspÞ
i

is now computed after transforming the

activations of the base model with the parameters of the

modulation layers, i.e., using fwjfi. This process can be

iterated for Q� 1 gradient descent steps and the adapted

parameters w0i and fi are returned.

In lines 8 and 9 of Algorithm 1, the initial set of

parameters q and w are updated. To do so, the post-adap-

tation loss is computed with fw0i jfi on the query set D
ðqrÞ
i and

used to update the initial parameters q and w. Here, any
optimizer of choice, e.g., Adam, can be used (not neces-

sarily gradient descent).

Algorithm 1 M3L
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Algorithm 2 Modulate &Adapt(Q;DðspÞ;q;w)

At the end of meta-training, the parameters q and w are

returned (line 11) and act as initializations of the two

networks that can be effectively adapted to new tasks.

Indeed, at meta-test time, when a completely new task

T new is sampled from PðT Þ, only its support set DðspÞnew

containing a few training examples is observed. The goal is

to efficiently adapt the initial set of parameters q and w

using DðspÞnew, as outlined in Algorithm 2, by making the

generator produce appropriate task-specific modulation

parameters fnew for the base network. The adapted model,

together with the modulation layers, can then be used to

make accurate predictions on unseen input data from T new.

3.3 Differences with previous approaches

Though our proposed approach shares some similarities

with MMAML, it is important to clarify the key distinc-

tions between the two approaches.

While both M3L and MMAML aim to handle multi-

modal task distributions, they adopt different strategies to

adapt the base model to new tasks. In MMAML, modula-

tion is achieved through direct adjustments to the weights

of the base network using the output of the modulation

network, as wl � fli. In contrast, our approach introduces

modulation layers into the base network’s architecture.

These modulation layers condition the base network by

acting on the activation of the preceding layer, as shown in

Eq. 3. This allows our method to selectively activate rel-

evant features for each task while suppressing non-relevant

ones, effectively modulating the network’s behavior with-

out directly modulating its weights. Another fundamental

difference lies in the meta-training of the generator net-

work. In MMAML, the parameters of the modulation

network, unlike those of the base network, are not subject

to meta-learning. Instead, they are learned during training

and kept fixed during meta-testing. The modulation net-

work solely focuses on predicting modulation parameters

based on the support set of the input task. Therefore,

MMAML does not actively seek an initialization of the

modulation network parameters for easy adaptability to

new tasks. Its primary emphasis remains on predicting

task-specific modulation parameters for the current task

without explicitly optimizing for broader generalization

across tasks. In contrast, both the generator and the base

network in M3L are meta-trained. This joint meta-training

process allows the generator to better capture task-specific

information and produce more effective modulation

parameters, leading to improved performance in handling

diverse tasks.

4 Experiments

In this section, M3L is evaluated using tasks from various

few-shot regression and image classification datasets. The

selection of the baseline methods is performed to ensure a

comprehensive evaluation of M3L, and it aligns with

related works, such as [12, 18, 19], ensuring consistency

with existing research. In particular, results are compared

against six different baselines:

• ‘‘Scratch’’: A naive approach that consists of training a

model on each new task from scratch, i.e., with a

random parameters’ initialization instead of meta-

learning it. This baseline is used as a lower bound on

the performance.

• MAML [1] and Reptile [9]: Two widely used meta-

learning approaches.

• MMAML [12] and TSA-MAML [18]: Two established

methods for meta-learning from multimodal task

distributions.

• Multi-MAML: A straightforward extension of MAML

for multimodal task distributions, assuming that the

mode of each task is known. In Multi-MAML, a

separate model is meta-trained for tasks within each
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separate mode using MAML. At meta-test time, the

mode of each new task is assumed to be known and

used to select the corresponding initial model to be

adapted for the new task. Note that directly comparing

the other approaches to Multi-MAML is not fair as this

latter uses additional information (mode label for each

task) that is usually unavailable in real-world situations.

However, this baseline can provide useful insights into

whether or not it is helpful to transfer knowledge across

different modes. In the result tables, we denote this

baseline as ‘‘Multi-MAML (tml)’’ to indicate that it

uses additional information (i.e., task-mode-label) not

available for the other methods.

To ensure fair comparisons, similar hyperparameters and

model architectures are used for all methods. The selection

is performed through a tuning process aimed at finding a

set of parameters that works well for all approaches.

Additionally, in TSA-MAML, the number of clusters is set

equal to the number of modes to prevent affecting its

performance. All methods are evaluated using 100 test

tasks from each mode (or dataset) and the average per-

formance is reported after fine-tuning the models for 20

adaptation steps. The final results are the average and the

standard deviation over four complete runs of the algo-

rithms, including meta-training and meta-testing. All

experiments detailed in the paper are executed on a single

Nvidia A100-SXM4 GPU with 40GB of RAM using

Python and the PyTorch library.

4.1 Regression results

We start the experimental evaluation with a simple multi-

modal few-shot regression problem. The multimodal task

distribution is constructed considering five different families

of functions from which tasks are generated. These families

are: (1) sinusoidal yðxÞ ¼ a sinðx� bÞ, where

a�U½0:1; 5:0	, b�U½0; p	; (2) linear yðxÞ ¼ axþ b, where

a�U½0; 1	, b�U½0; 5	; (3) quadratic yðxÞ ¼ ax2 þ bxþ c,

where a; b; c�U½0; 0:5	; (4) l1 norm yðxÞ ¼ ajx� cj þ b,

where a; b; c�U½0; 0:5	; (5) hyperbolic tangent

yðxÞ ¼ a tanhðx� cÞ þ b, where a; b; c�U½0; 0:5	. Each

task is randomly sampled from one of the five underlying

families and consists of inputs x sampled uniformly in

½�5; 5	. The base model and the generator model consist of

two hidden layers, with sizes 25 and 50, followed by batch

normalization and ReLU nonlinearities. The adaptation phase

(line 6 of Algorithm 1) consists of Q ¼ 2 gradient descent

steps with a fixed learning rate a ¼ 0:005, while the update of

the models’ parameters (lines 8–9 in Algorithm 1) is per-

formed using Adam optimizer with b ¼ 0:001.

Results are reported in Table 1 for 5-shot (K ¼ 5) and 10-

shot (K ¼ 10) learning problems. As expected, MAML and

Reptile exhibit high errors when tasks are sampled from a

multimodal distribution, as they attempt to learn a single ini-

tialization of neural network parameters adaptable for each

task, regardless of its mode. Learning such an initialization for

tasks sampled from different modes, as in this case, is chal-

lenging and may not be sufficient to obtain good post-adapta-

tion performance at test time. Also, TSA-MAML shows poor

performance in this regression setting, likely due to the limi-

tations related to directly applying k-means clustering in the

parameters spaceand the fact that parameters specific tovarious

tasks might not constitute clearly separable clusters (e.g., when

tasks from various modes are similar or related). The proposed

approach achieves a good performance (low MSE) for both

K ¼ 5-shot and K ¼ 10-shot learning scenarios. Notably, for

K ¼ 5, M3L outperforms MMAML by a significant margin,

indicating its superiority in handling multimodal task distri-

butions. This result suggests that the feature-wise gating

mechanism in M3L that modulates the activations of the base

model is better than the direct modulation of the model’s

parameters used in MMAML. It also shows that by jointly

adapting both the generator model and the base model at test

time,M3L enables an effective adaptation to a diverse range of

tasks. Finally, despite not having access to task-mode labels,

M3L outperforms the Multi-MAML baseline in the K ¼ 10-

shot learning scenario, demonstrating the importance of sharing

knowledge across relatedmodes.This is supportedby thevisual

evidence in Fig. 2a, which shows that the parameters of the last

modulation layer share a common structure across different

modes, providing an advantage for transferring knowledge

across modes.

In addition to the feature-wise gating defined in Eq. 3,

we also investigated an alternative way to modulate the

activations in our method by using an affine transforma-

tion, as used in FiLM [31], where the modulation param-

eters fl of a layer l consist of two vectors, fla and f
l
b, used to

scale and bias the activations, i.e.,

Table 1 Regression results (average mean-squared-error MSE) using

tasks sampled from 5 (sinusoidal, linear, quadratic, l1norm, hyper-

bolic tangent) modes. The results are reported in the 5-shot (K ¼ 5)

and 10-shot (K ¼ 10) learning scenarios after Q ¼ 20 adaptation

steps at test time

Method 5-shot 10-shot

Scratch 1:80
 0:31 1:07
 0:12

Reptile 1:02
 0:19 0:33
 0:07

MAML 0:86
 0:18 0:36
 0:07

MMAML 0:58
 0:35 0:08
 0:03

TSA-MAML 1:92
 0:54 0:66
 0:11

Multi-MAML (tml) 0:16
 0:03 0:10
 0:07

M3L 0:21
 0:07 0:06
 0:05

The best results are indicated with a bold font
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aðx wlÞ � fl ¼ fla � aðx wlÞ þ flb:

With this modulation, M3L achieves an average MSE of

0:28
 0:08 instead of 0:21
 0:07 in the 5-shot scenario,

and 0:10
 0:06 instead of 0:06
 0:05 in the 10-shot

scenario. This is likely because gating the model’s acti-

vations with a value between 0 and 1 is sufficient to spe-

cialize the model to specific tasks while simultaneously

leveraging, to various degrees, the representations learned

from other related tasks. Therefore, in the rest of the

experiments, all results are reported using a feature-wise

gating mechanism.

4.2 Classification results

In the classification setting, a task is defined by randomly

selecting N classes and K labeled images per class from a

given dataset, i.e., N-way K-shot classification problem. To

create a multimodal task distribution, multiple well-

established datasets are combined together, each one rep-

resenting a different mode. The datasets include Mini-

ImageNet [3], FC100 [8], Omniglot [32], Aircraft [33],

CUB Birds [34], Describable Textures Dataset (DTD) [35],

Traffic Signs [36], and VGG Flowers [37]. The classes

within each dataset are split into two sets, one used to

generate tasks for meta-training and the other to generate

tasks for meta-testing. This is performed by following the

train/test splits of [3] for Mini-ImageNet, [8] for FC100,

and [20] for the remaining ones. Images sampled from

these datasets are converted to RGB format with a reso-

lution of 32� 32 pixels. The base model is composed of

three modules, each consisting of a convolutional layer

with 64 filters, followed by batch normalization and ReLU

nonlinearities. Additionally, three linear layers with a size

of 576 are used to complete the classification model.

Similarly, the architecture of the generator consists of the

same three modules followed by four linear layers with

sizes of 100, 100, 200, 200, respectively. The adaptation

Fig. 2 Visualization of the modulation parameters generated by gq for

the last modulation layer L (i.e., fL). The parameters are visualized in

the regression setting (a) and the image classification setting (b). The

plots are created after applying PCA with 25 components [38] and

t-SNE [39] with perplexity equal to 25

Table 2 Classification results (average accuracy) when tasks are

sampled from a multimodal task distribution consisting of MiniIma-

genet, FC100, Omniglot, Aircraft, CUB Birds, DTD, Traffic Signs,

VGG Flowers. The columns ‘‘AllDatasets’’ report the average

performance when tasks are randomly sampled from all datasets.

The results are reported in the 5-way (N ¼ 5) 5-shot (K ¼ 5) learning

scenarios after Q ¼ 20 adaptation steps at test time

Method Mini FC100 Omni Aircraft CUB DTD Traffic VGG AllDatasets

Scratch 0.38 0.49 0.90 0.39 0.40 0.32 0.58 0.66 0:52
 0:02

Reptile 0.45 0.60 0.91 0.54 0.46 0:40 0.77 0.66 0:59
 0:01

MAML 0.44 0.56 0.96 0.62 0.49 0.33 0.66 0.64 0:61
 0:03

MMAML 0:49 0.62 0:97 0.64 0:59 0.33 0.81 0.69 0:63
 0:01

TSA-MAML 0.41 0.52 0.96 0.61 0.52 0.32 0.68 0.64 0:58
 0:01

Multi-MAML (tml) 0.37 0.54 0:97 0:72 0.57 0.33 0:85 0:70 0:61
 0:03

M3L 0:49 0:63 0:97 0.65 0.54 0.33 0.77 0:70 0:66
 0:02

The best results are indicated with a bold font
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phase (line 6 of Algorithm 1) consists of Q ¼ 2 gradient

descent steps with a ¼ 0:008 and the models’ parameters

are updated with Adam optimizer and b ¼ 0:001 (in line

8–9 of Algorithm 1).

Results are reported in Table 2. Overall, when test tasks

are randomly sampled from all datasets (column ‘‘AllDa-

tasets’’ in the table), M3L outperforms other meta-learning

methods. In particular, it outperforms the Multi-MAML

baseline by a good margin (i.e., 5%), highlighting the

importance of sharing knowledge from related modes (or

datasets) to make accurate predictions. This idea is rein-

forced by Fig. 2b, which shows the parameters of the last

modulation layers predicted by the generator. While the

generator generates distinct modulation parameters for

tasks from different datasets (e.g., Aircraft, CUB Birds,

DTD, Traffic Signs, VGG Flowers, Omniglot), it also

generates similar modulation parameters for tasks within

related datasets such as MiniImageNet and FC100,

enabling the transfer of information across tasks sampled

from these datasets. Indeed, MiniImagenet and FC100 have

some commonalities, such as similar types of images and

some classes in common, that enable M3L to modulate the

base model using information from both datasets. More-

over, by modulating the activations of the base model,

adaptation to a new task requires only a few gradient steps

to achieve good performance. This is demonstrated in

Fig. 3, where the average accuracy of M3L increases

rapidly and reaches high performance after only 2 adap-

tation steps. This is different from the MMAML approach,

which does not adapt the parameters used for the modu-

lation at test time, thereby slowing the adaptation process.

4.3 Additional results

Although M3L is designed to address the realistic setting

where the mode from which a task is sampled is unknown,

we conducted an additional experiment to explore the

scenario where auxiliary information, such as the task-

mode-label (tml), is available to our method, similar to the

setting in Multi-MAML. In this case, we propose to

enhance the generator network’s predictions of the modu-

lation parameters for each task T i by incorporating this

extra information. We achieve this by appending a one-hot-

vector representation of the task-mode-label to the task

embedding zi before the last part of the generator network

(see Fig. 1b for reference). By doing so, we enable the final

MLP to leverage both the task embedding and the task-

mode-label to predict the modulation parameters, which

can result in improved performance. The modulation

parameters predicted by the generator network for each

task now depend not only on the support set of the task but

also on the actual mode (or dataset) from which the task is

sampled. Our results (Table 3) indicate that incorporating

auxiliary information as an input to the generator is highly

advantageous for the regression problems, leading to fur-

ther improvement in the performance (i.e., a decrease in the

average MSE from 0.21 to 0.07). However, classification

results remain almost the same. This is most likely due to

the fact that the mode of a task is readily identifiable from

the task data in the classification problems, obviating the

need for incorporating the task-mode-label. In contrast, the

representations learned for tasks sampled from different

modes are more similar (or less distinguishable) in the

Fig. 3 Average accuracy and standard deviation for different

adaptation steps at test time, when test tasks are randomly sampled

from the multimodal task distribution. In the plot, results are reported

for the following methods: ‘‘Scratch’’, MAML, MMAML, Multi-

MAML, and M3L. The x-axis represents the number of adaptation

steps, and the y-axis represents the average accuracy over multiple

test tasks. The shaded regions around the curves represent the

standard deviation of the accuracy

Table 3 Regression and classification results (average MSE and

average accuracy respectively) when task-mode-labels are incorpo-

rated in the proposed approach, i.e., M3L (tml). The results are

reported for 5-shot learning (K ¼ 5), randomly sampling tasks from

all modes (or datasets) in the multimodal task distribution

Method Regression Classification

Scratch 1:80
 0:31 0:52
 0:02

Reptile 1:02
 0:19 0:59
 0:01

MAML 0:86
 0:18 0:61
 0:02

MMAML 0:58
 0:35 0:63
 0:01

TSA-MAML 1:92
 0:54 0:58
 0:01

Multi-MAML (tml) 0:16
 0:03 0:61
 0:03

M3L 0:21
 0:07 0:66
 0:02

M3L (tml) 0:07
 0:02 0:65
 0:01

The best results are indicated with a bold font
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regression problems, as confirmed by the t-SNE plot in

Fig. 2a. Therefore, unlike Multi-MAML, incorporating

auxiliary information (if available) to the generator in our

proposed way, can help distinguish different modes and

simultaneously leverage the knowledge learned from tasks

in related modes, leading to improved performance.

5 Conclusion and future work

In this work, we proposed a novel approach that enhances

model-agnostic meta-learning with feature-based modula-

tions to effectively handle multimodal task distributions.

Our method utilizes two jointly trained neural networks to

enhance and expedite model adaptation to tasks sampled

from any mode. Specifically, a generator network learns to

embed a target task and predicts parameters for the mod-

ulation layers of the base model, enabling the model to

effectively specialize to the target task and improve per-

formance. Our approach shows promising experimental

results in the challenging setting of multimodal task dis-

tributions, outperforming existing meta-learning methods,

including those designed for multimodal task distributions.

Our results highlight the importance of leveraging ‘‘rele-

vant’’ past experience to achieve accurate predictions on

new tasks. We also explored the potential benefit of

incorporating auxiliary information, such as the task-mode-

label, to our method. Our experiments demonstrated that

incorporating such information can further enhance the

performance of our method, if available. As future work, it

would be interesting to investigate the extension of our

approach to more complex multimodal task distributions,

and to explore the use of other types of auxiliary infor-

mation that may be available for different applications.
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