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Abstract

Few-shot learning (FSL) has attracted considerable attention recently. Among existing
approaches, the metric-based method aims to train an embedding network that can make
similar samples close while dissimilar samples as far as possible and achieves promising re-
sults. FSL is characterized by using only a few images to train a model that can generalize
to novel classes in image classification problems, but this setting makes it difficult to learn
the visual features that can identify the images’ appearance variations. The model training
is likely to move in the wrong direction, as the images in an identical semantic class may
have dissimilar appearances, whereas the images in different semantic classes may share a
similar appearance. We argue that FSL can benefit from additional semantic features to
learn discriminative feature representations. Thus, this study proposes a multi-task learn-
ing approach to view semantic features of label text as an auxiliary task to help boost the
performance of the FSL task. Our proposed model uses word-embedding representations
as semantic features to help train the embedding network and a semantic cross-attention
module to bridge the semantic features into the typical visual modal. The proposed ap-
proach is simple, but produces excellent results. We apply our proposed approach to two
previous metric-based FSL methods, all of which can substantially improve performance.
The source code for our model is accessible from github *.

Keywords: Few-shot learning, Multi-task learning, Cross attention, Metric-based method.

1. Introduction

Few-shot learning (FSL) algorithms have been widely studied in recent years, and most of
the work has focused on the few-shot image classification problem. For the few-shot image
classification problem, it is a natural choice to use convolution neural networks (CNN) (Le-
cun et al., 1998; Krizhevsky et al., 2012) to extract visual features from the images. However,
simply using visual features can lead to the following problems when training samples in-
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volved in the training process are limited. First, images from different classes may share
a similar visual appearance. For example, Figure 1 shows that the shovel and the barn
share a similar visual appearance, but their labels appear different, which means that their
semantic meanings are different. Second, images from an identical class may have dissimilar
visual appearances. The images of the crossword puzzle as shown in Figure 1 present this
problem. Although these two crossword puzzle images have identical semantic meanings,
their visual appearances are different. We call these two problems a visual-semantic mis-
match, in which “visual” means the visual features learned from deep learning models and
“semantic” denotes their semantic labels. In particular, the images and labels in Figure 1
are all from the tiered-ImageNet dataset (Ren et al., 2018), which is a widely used dataset
in the few-shot image classification problem. It is worth mentioning that a similar concept
called Shortcut Learning (Geirhos et al., 2020; Luo et al., 2021) has been discussed in other
studies, whose main motivation is to guide the model to learn intended features rather than
shortcut features. In the context of few-shot learning, Luo et al. (2021) considered the
impact of the image background that may contain the shortcut information. However, the
motivation of this study is to handle the visual-semantic mismatch as mentioned above, so
our proposed method is different from studies considering short-cut learning.

The aforementioned visual-semantic mismatch problem is not present in an image clas-
sification model trained with a large-scale dataset and augmentation techniques. However,
in the FSL setting, the number of images in each class is very limited, so the visual features
learned by the model are difficult to reflect the appearance variations of the images. The
classical metric-based method for FSL relies on an embedding network to transform the
input images into feature embeddings that can make similar samples close while dissimilar
samples as far as possible. Many previous works (Chen et al., 2019; Xiao et al., 2020; Tian
et al., 2020) have empirically shown that the embedding network is crucial for performance.
Therefore, this study proposes a multi-task learning model to focus on learning feature
embeddings that can quickly adapt to novel classes by leveraging an auxiliary task. The
auxiliary task incorporates semantic features into the training process, and the goal is to
further refine the embedding network. In addition, we propose a semantic cross-attention
module (CAM) to guide the visual embedding network to focus on the correct semantic
areas. More specifically, we use a word-embedding model to transform text labels into soft
labels as the target of the auxiliary task to inject semantic features into the main task. It
is worth mentioning that the proposed CAM module firstly flattens the visual features into
a patch sequence and then maps the patch sequence to the key and value vectors. Still, the
query vectors are generated by the semantic auxiliary task. Therefore, the proposed CAM
module is different from the self-attention mechanism. Once the three types of vectors are
available, the dot product of the query vectors and the key vectors is used to generate the
weight matrices, and the final output is based on the weight matrices and the value vectors.
This way, semantic features can be injected into visual features, guiding the embedding
network to focus on the correct areas.

The contributions of this work are three-fold. First, we inspect the problem of FSL
and present the visual-semantic mismatch problem that is present in the FSL setting. It
is difficult to directly tackle this problem by only using limited images, which is why we
propose to incorporate semantic features into the model to help alleviate the problem of
only limited images available for each episode. Second, we simultaneously consider the



SEMANTIC CROSS ATTENTION FOR FEW-SHOT LEARNING

semantic meaning of text labels and visual features to propose a multi-task learning model
that can align visual features and their semantic meanings. Finally, we apply our proposed
method to two recent metric-based methods. The experimental results indicate that these
methods can benefit from our proposed method and yield substantial improvements in the
experiments.

shovel barn crossword puzzle

Figure 1: Examples of a similar visual appearance of images in different classes (left) and
a dissimilar visual appearance of images in an identical class (right). The images
and their labels are from the tiered-ImageNet dataset.

2. Related work

2.1. Few-shot learning

Few-shot learning methods can be roughly classified into three groups: metric-based meth-
ods, optimization-based methods, and hallucination-based methods (Chen et al., 2019).
Our proposed method uses metric-based methods as the base model, so this section fo-
cuses on metric-based approaches. The metric-based FSL method usually comprises three
key components, including the embedding network, the class representatives, and the dis-
tance metric (Xiao et al., 2020). For example, ProtoNet (Snell et al., 2017) is a classical
metric-based method and comprises an embedding network to transform each input image
into a visual embedding vector. In addition, it uses the prototype of each class’s feature
embeddings as the class representative and uses Euclidean distance as the distance met-
ric. Ren et al. (2018) extended ProtoNet in a semi-supervised manner and discussed two
semi-supervised few-shot classification settings. Liu et al. (2020) proposed a transductive
ProtoNet by introducing a bias diminishing module, which tries to refine the feature em-
beddings by introducing an extra module. They pointed out that the intra-class bias and
the cross-class bias are two key points that can influence the representativeness of class
prototypes and proposed a bias diminishing module by using pseudo-labeling and feature
shifting. However, their proposed method works in a transductive setting, which differs
from most FSL methods. Tian et al. proposed a method based on knowledge distillation to
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improve feature embeddings (Tian et al., 2020). Instead of using a typical teacher model,
they proposed using the trained model at di erent epochs as a teacher model, also called
self-distillation. Many works (Chen et al., 2019; Tian et al., 2020) have also discussed the
in uence of a deeper embedding network and concluded that the model could generally
bene t from a deeper embedding network to achieve better performance to some extent.

RelationNet (Sung et al., 2018) improves the metric-based method by using a trainable
distance metric, which comprises convolution layers and fully connected layers. Similarly,
ProxyNet (Xiao et al., 2020) also de nes a trainable metric using a 3D convolution layer
and uses trainable class representatives. Simon et al. (2020) proposed to use dynamic
classi ers that are based on a deep subspace network to extract a discriminated subspace
from the feature embeddings. The goal is to further improve the distance metric for typical
metric-based methods.

Several studies have considered using the features of the text modality to deal with
the FSL problem. Xing et al. (2019) also pointed out the drawbacks of using only visual
features to deal with FSL and proposed to use the semantic features of the text modality.
They proposed an adaptive modality mixture mechanism (AM3) that can combine the
features of visual modality and text modality adaptively and selectively. Although AM3
also considers text and visual modalities, the purpose and approach are di erent from our
proposed approach. More speci cally, AM3 uses a weighted sum of visual and semantic
features as prototypes, and the weights are determined by an adaptive mixing network.
The semantic features generated from class labels are required input for AM3 in both meta-
training and meta-test stages, since the model relies on the semantic features to calculate
the prototypes. In contrast, our proposed method is based on a multi-task architecture
and focuses on learning visual-semantic features that can quickly adapt to novel classes by
leveraging an auxiliary task. Besides, we propose a CAM module to inject semantic features
into visual embeddings. It is worth mentioning that label information is not required in
our meta-testing stage, as the main task is a few-shot classi cation. The study conducted
by Pahde et al. (2021) is also a multi-modality method and uses a generative adversarial
network (GAN) framework to combine the features of the text modality with the visual
features. Moreover, this model takes images and text descriptions as inputs, and the model
comprises the semantic features of the input text description. Notably, the text description
is an additional knowledge source, which diers from the label that is available in the
meta-training set.

2.2. Multi-task learning

Multi-task learning is a learning paradigm that optimizes several tasks simultaneously,
and the goal is to use auxiliary tasks to improve the performance of the main task. The
role of auxiliary tasks is similar to that of a regularization term that can place additional
constraints on the model. Additionally, the main task can benet from the parameter
sharing mechanism to improve the performance of the model. Many approaches have been
proposed by designing di erent parameter sharing mechanisms. One of the most widely
used approaches is hard parameter sharing (Caruana, 1993; Ruder, 2017). For deep learning
models, hard parameter sharing can be realized by using sharing layers to learn the feature
representations that are common for all tasks and by keeping task-speci c layers to learn
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the representations that are specic for all tasks. This approach is simple and easy to

implement, which is why many studies have used the hard parameter sharing approach to

develop methods and achieved promising performance (Zhang et al., 2014; Dai et al., 2016).
In contrast, soft parameter sharing (Ruder, 2017) allows each task to have its own model

with its own parameters and uses a regularization technique to make the parameters of the
tasks similar.

Besides, multi-task learning can be viewed as a transfer learning approach that transfers
knowledge between di erent tasks. Note that multi-task learning cannot guarantee that the
main task can bene t from the auxiliary tasks to improve performance, as negative transfer
may occur, which can degrade the performance of the main task. To alleviate negative
transfer, Lee et al. (2016) proposed a method called asymmetric multi-task learning (AMTL)
by considering the task relatedness of the task and the loss of each task to measure the
reliability of each task. In addition to task loss, other metrics, such as uncertainty (Nguyen
et al., 2020; Kendall and Gal, 2017), can also be used to measure task reliability.

3. Proposed Method

This study follows conventional meta-learning settings to train the proposed method, so the
model training is processed episodically. In each episode, the input comprises a sequence of
meta-tasks, each of which comprises a support set and a query set. The images for these two
sets are non-overlapped and are randomly drawn from the meta-training set. In particular,
we use meta-task to represent the tasks in episode-based meta-training to distinguish with
the task that is used by multi-task learning in this section.

For a K -way-N -shot problem, the support setS = f(x;;yi)dgtN comprisesKk N images
that are randomly selected fromK classes, each of which hald images. On the other hand,
the query setQ = f(X; ;yi)gj'\"zl comprisesM images that are randomly sampled from the
corresponding K classes and di er from the images of the support set. These sampled
meta-tasks can be not only the inputs of the main task, but also the inputs of the auxiliary
task in our multi-task learning model.

The proposed method can be applied to di erent metric-based methods. To explain how
our proposed model works, we use ProtoNet (Snell et al., 2017) as an example to further
illustrate the proposed method, since ProtoNet is a classical metric-based method for FSL.
In the experiments, we use di erent metric-based methods as base methods to show the
performance improvement brought about by our proposed method.

The embedding network plays a crucial role in metric-based methods (Chen et al., 2019;
Xiao et al., 2020; Tian et al., 2020), which is why this study aims to incorporate semantic
features into the model to help train an embedding network that can adapt to novel classes.
Unlike other metric-based methods that only use images to train the embedding network,
this study proposes using semantic features to enhance the training of the embedding net-
work, in which the proposed method comprises text and image modalities, and the text
modality can provide semantic information. To incorporate two modalities into the model,
we propose to use a multi-task learning architecture with two tasks to handle visual features
and the semantic information of text labels, respectively.

Figure 2 shows the overall architecture of the proposed method, which contains two
tasks: the main task for the visual modality and the auxiliary task for the text modality.
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Figure 2: The overall learning architecture of the proposed multi-task model.

The former deals with few-shot classi cation, while the latter aims to incorporate semantic
features into the model. We use the hard parameter sharing method to design the model
so that the main task and the auxiliary task share an identical embedding networkE . For
the main task, an input image x is rst transformed into feature maps using the embedding
network E ; then, the feature maps are fed into the CAM denoted byCross to obtain the
nal embedding of the features of each image. The entire process can be represented by
Equation (1) and Equation (2), in which chi, ; hin; wi, are the number of channels, height
and width of the input image, respectively, liner is the depth of the feature map generated
by E , and lout; hout; Wout @re the depth, height and width of the nal embedding generated
by Cross . It is worth mentioning that Cross also takes an inputey,x from the auxiliary
task.

en']ain = E (X);X 2 RChin hin  Win e 2 Rlinter hout  Wout (1)

€out = Cross (€main ; €aux); €out 2 Rlot  Rau  Wour (2)

Subsequently, we can determine the class assignment based on the feature embeddings
using a distance metric. In a typical setting, metric-based methods can use the nearest-
neighbor approach to determine the assignment of the class by calculating the distance be-
tween the query image and the class representatives on the embedding space. Our proposed
method can be applied to any metric-based model, so the de nition of class representatives
is determined by the base model. In ProtoNet, for aK -way-N -shot problem, the class
representative is de ned as the mean of the feature embeddings of that class, as de ned in
Equation (3). Assume that the prototype embedding of the kth class in the support setS is
ek. Then, for the j th image in the query setQ with the feature embedding €', the distance
over the class prototypeseﬁ is de ned in Equation (4).
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