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The attention mechanism is usually equipped with a few-shot learning framework and
plays a key role in extracting the semantic object(s). However, most attention networks
in existing few-shot learning algorithms often work on the channel and/or pixel dimension,
leading to the size of attention maps being large. Due to lack of training examples, these
attention networks are prone to over-fitting, and may fail to find the semantic target(s).
In this paper, we split the original image into patches, extending a new dimension in image
data, namely, the patch dimension. On the one hand, the number of patch dimensions is
usually much smaller than the traditional three dimensions, thus greatly reducing the
number of attention module parameters. On the other hand, the patch dimensional atten-
tion mechanism can benefit from multi-instance learning and achieve a good compromise
between global and local features. Four comparison experiments on four typical real-world
data sets (miniImageNet, tieredImageNet, Fewshot-CIFAR100, Caltech-UCSD Birds-200–
2011) have demonstrated that our proposed algorithm achieves consistent improvement
over 6 baseline models (Matching Networks, Relation Networks, Prototypical Networks,
MAML, Baseline++, Meta Baseline) and 11 state-of-the-art models (DC, TapNet, SNAIL,
TADAM, MetaOptNet, CAN, CTM, DCEM, AFHN, LEO, AWGIM). Our code is available at:
(https://github.com/rumorgin/MIAN).

� 2022 Elsevier Inc. All rights reserved.
1. Introduction

With the emergence of Convolutional Neural Network (CNN), the accuracy of image classification tasks has been greatly
improved. However, the CNN always need a mass of labeled images to train the model. For many practical problems such as
biology and medicine, it is very hard to get enough images. In contrast, the human visual system can quickly learn a new
concept from a limited number of samples based on prior knowledge. Inspired by this human learning system, the few-
shot learning is proposed to learn a new class with only a little labeled data.

A key idea in few-shot learning is embedding each sample into a lower-dimensional space, making similar samples closer
to each other while dissimilar samples are highly separated. Then it adopts some non-parametric metric classify methods
such as nearest-neighbor to get the predicted label of test data in this space. This kind of few-shot learning method is also
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called metric-based few-shot learning; there are two key components of this method: first is the metric that measures the
similarity among samples, second is the embedding function that is used to generate an appropriate embedding space.

Existing metric-based methods usually embed the complete image to learn the feature map. However, in the real-world
scenario, a picture has many other objects besides the object related to its label. In some extreme cases, uncorrelated objects
occupy most of the image space, and the target only exists in a small part of the image. These irrelevant parts will lead the
feature map to confound target information. Moreover, because the receptive field of CNN is restricted, some features
learned by this CNN may only represent the irrelevant object. If the dataset has enough samples for one class, the model
can avoid this problem by learning the feature map from other high-confidence images, but in the few-shot learning scenar-
io, the dataset only has a few samples for each class, therefore, the irrelevant feature map will highly influence the quality of
the embedded space.

To tackle this problem, the simplest strategy is adding an extra target setting process before the few-shot classification
problem, such as using saliency maps [43] or hand-made part-based annotations [1] to anchor the label correlated area in
the image. Whereas these methods need extra information, information is hard to obtain because of labor and material cost.
Another kind of idea is based on the self-attention mechanism [13]. Actually, through the analysis of image attention maps,
the high-value area of attention maps will still miss the actual target location; this may be because of the lack of enough
samples to train a complex self-attention mechanism with a large number of parameters, the model is still over-fitting.

Enlightened by the recent researches about vision transformers, they decompose the original image into patches. Thus the
feature extractor can extract finer-grained image features and also serve as a data augmentation tool to prevent over-fitting.
Meanwhile, the image patches are naturally a multi-instance bag; many multi-instance learning methods use this approach
to process image data. Instead of learning an attention map on the whole image, in this paper, we propose Multi-Instance
Attention Network (MIAN) that redefines the original few-shot classification problem as a multi-instance learning problem.
We then follow the bag-level multi-instance learning strategy to solve this problem. Learning an attention-map from image
patches greatly decreases attention computational complexity, and the network can benefit from multi-instance learning to
accurately localize target regions from a larger spatial dimension rather than a pixel dimension. Specifically, as shown in
Fig. 1, we divide the image into patches as grid-style; each patch of one image can be regarded as an instance, the whole
image as the bag of instances. For these patches in the image, we assume that there exist individual labels, but these labels
remained unknown during training. Some patches may have the same label as the image, some maybe not, but at least one
patch’s label is the same as the image. Considering the goal of multi-instance learning as predicting the label of bags, we
follow the bag-level strategy that combined all of the instance information to learn the bag representation. These represen-
tations should be more similar to the patches which have the same label as the image, and dissimilar with these patches
having different labels. The multi-instance learning problem now converts back to few-shot. We adapt the prototypical net-
work to generate a higher-level concept for each class based on these bag representations. The label of a test image is pre-
dicted by the nearest high-level concept. To the best of our knowledge, our approach is the first to apply multi-instance
learning to the few-shot learning task.

The contributions of this work can be summarized as follows: i) We provide a new point of view to deal with few-shot
image classification. Specifically, we redefine this problem as a multi-instance learning problem. ii) We introduce a simple
but intuitive attention-based instance-level multi-instance feature extractor to learn the representative features of the image
data and transform the multi-instance feature to a few-shot learning scenario. iii) Our self-attention module does not belong
to any traditional computer vision attention category; we proposed a new patch-level attention mechanism, which greatly
reduces the computational complexity. Fig. 2.

The rest of this paper is organized as follows. First, Section 2 briefly reviews related works in few-shot learning, multi-
instance learning, and attention mechanism. Section 3 presents our proposed multi-instance attention network. Section 4
presents the implementation details, experimental results, and model analysis. Finally, in Section 5 we conclude this article.
Fig. 1. Illustration of how to transform a few-shot learning problem into a multi-instance learning problem. The image comes from the miniimagenet
dataset, its corresponding label is house finch, one species of bird. We divide this picture into 9 parts as grid-style, all patches make up a multi-instance bag
in the black dotted box. Although the exact label of each patch is unknown, our multi-instance learning network will softly recognize them by learning a
bag-level presentation that extracts more positive patch features meanwhile eliminate negative patch information.
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Fig. 2. The framework of the proposed method. Following the bag-level multi-instance learning rules, the method is divided into three parts. The first part
includes image preprocessing and the feature embedding function f, which converts the image into a multi-instance bag. We divide it into 9 parts, and use a
backbone CNN to generate the feature. The second part is the permutation-invariant aggregation function r, which learns the attention map to emphasize
the part that includes label corresponding object, multiplies the feature matrix with the attention map to get the bag-level feature, then restores the multi-
instance learning problem to a few-shot learning problem by a linear layer. The third part is the score function g, which classifies this image by a meta-
classifier.
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2. Related Work

Few-shot learning with attention mechanism. Attention mechanism is motivated by the human visual system. When
humans observe one object, they focus on certain key points with high resolution while perceiving the surrounding place in
low-resolution [21,17,8,24]. Coincidentally, few-shot learning is also insight by the neurological phenomenon of the human,
which is the human do not need a large number of samples to learn a particular concept, but only to reason about existing
similar concepts [33,2,29]. Combining these two domains can mimic more complex human behavior, and applying them to
few-shot learning can lead to higher model accuracy.

The Attention mechanism in few-shot learning can be divided into two categories: semantic-based attention and feature-
based attention. The semantic-based attention generally needs extra semantic information, like the fine-grained image label,
the semantic word embedding, and hierarchical semantic label. Based on this rich semantic information, the attention net-
work can yield a more differentiated representation space. Yan et al. [40] designs a multi-task loss to embed the semantic
similarity into different tasks. Cheraghian et al. [4] proposes an attention mechanism to align semantic vectors to the visual
vectors, these semantic vectors are regarded as regularizer constraints to prevent catastrophic forgetting in few-shot incre-
mental learning problems.

The feature-based attention is only based on original image features, the usual aim is to make the model focus on the part
of the image that is most relevant to the label. Most computer vision methods extract image features by CNN, and the CNN-
generated features usually have three dimensions: weight, height, and channel. The channel dimension is dependent on con-
volutional kernels, which are basic feature detectors in CNN. Thus, channel attention can help CNN learn the meaningful rep-
resentations of the image input [36,11]. Matching Net [35] is the first method to introduce channel attention module into
few-shot learning, they design a cosine distance style attention module to guide classifying. Dense Classification (DC) [23]
separates the full feature tensor into pieces of channel-wised vectors, then parallelly input them in a parameter-shared
attention module to learn a representative feature embedding.

The weight and height dimensions of feature vectors correspond with the original images’ weight and height. Therefore,
the spatial attention on weight and height dimensions controls where to pay attention [8,24]. Integrated spatial attention
into few-shot learning, Hou et al. creates the Cross Attention Network (CAN) to generate cross attention maps for a pair
of support feature and query feature, which highlighted similarities in the pair of features. Li et al. [20] proposes the Category
Travesal Module (CTM) which can learn the inter-class commonality and inter-class uniqueness by the attention-based con-
centrator and projector.

Our proposed attention mechanism is closed to the feature-based attention. We split the original image into patches,
extending a new dimension in image data, namely, the patch dimension. On the one hand, the number of patch dimensions
is usually much smaller than the traditional three dimensions, thus greatly reducing the number of attention module param-
eters. On the other hand, the patch dimensional attention mechanism can benefit frommulti-instance learning and achieve a
good compromise between global and local features. Our model can also benefit from Visual Transformer (ViT) [8] because of
the strong similarity of image preprocessing between ViT and our method. Specifically, both of them require image cropping,
and in the attention mechanism part, we adopt a part of the transformer structure and the multi-head self-attention network
to implement our network.

Multi-instance representation. Multi-instance learning is a form of weakly supervised learning. Each instance in multi-
instance learning does not have a definite label, and only a structure called a bag composed of multiple instances with label
information. If a bag has a positive label, it means that at least one instance in the bag is positive, and if a bag has a negative
label, it indicates all of the instances in this bag are negative. The goal of multi-instance learning is predicting the label of the
466



Z. Qin, H. Wang, C.B. Mawuli et al. Information Sciences 611 (2022) 464–475
test bag. Based on the representation level, the multi-instance learning can be divided into two categories, one is the
instance-level method, the other is the bag-level.

The instance-level method aims to transfer the multi-instance learning problem to the traditional classification problem.
Specifically, it tries to learn the label for each instance, then integrates the instance labels in the same bag to get the final
label of the bag. APR [6] is the first proposed instance-level method to solve the multi-instance problem. The idea is to find
the most representative location in the feature space, which should include positive instances as much as possible and
exclude all of negative instances. Diverse density [25] inherits this idea; a formula based on probability is proposed to cal-
culate the best representation concept. SP-B-MIL [39] adapts a self-paced loss into multi-instance learning to deal with the
problem of only a small number of bags being labeled. However, the dataset of multi-instance has no instance labels at all,
therefore it’s hard to evaluate the accuracy of instance labels.

The bag-level method avoids this problem by directly predicting the label of the bag. Wei et al.[38] uses a vector of locally
aggregated descriptors and fisher vector to encode bags into low-dimensional features, making the proposed methods suit-
able for large scale data. Küçükas�cı et al. [18] proposes a hash encoding module to obtain the bag feature. With the success of
deep learning in various fields, Chi et al. [5] proposed two multilayer perceptron modules, which are instance feature block
and bag classifier block to exploit the information in the negative bags. Ilse et al. [16] adds an attention module to the neural
network as the permutation-invariant operators archived higher results. Using human-defined metric formulas to measure
the similarity between bags usually has limited expressive power. BSN [37] adopts a neural network to automatically learn
the similarity among bags, which improves the accuracy of the metric.

Collectively, multi-instance learning has good denoising ability, and can be used as a target positioning method without
prior information in computer vision [31]. However, to the best of our knowledge, the multi-instance learning concept has
not been introduced to the few-shot learning problem. Applying it to few-shot learning can achieve good target positioning
results with minimal algorithm complexity cost, instead of training on a large number of manual labeling location informa-
tion. Furthermore, one shortcoming of multi-instance learning is most of the methods only consider binary classification, so
in our method, we extend the traditional multi-instance learning to multi-class classification scenarios.

At the end, we summarize the comparison between the proposed method and some existing related metric-based meth-
ods, see Table 1.
3. Method

3.1. Problem Definition

The episode training framework is the mainstream of the few-shot learning method, also known as the N-way K-shot
framework. The original dataset needs to be divided into two new sets: base set Dbase and novel set Dnovel. These two sets
will be used in two stages called meta-train and meta-test, respectively. The class of Dbase and Dnovel are disjoint, namely
Dbase \Dnovel ¼ £. In the meta-train stage, we build a large number of episodes from Dbase. Each episode is a classical clas-
sification problem, consisting of training and testing two sub-stages. An episodeTirandomly samples N classes of data. Each

class has K samples, thus N � K samples are called the support set S ¼ xi; yið Þf gN�K
i¼0 , which is used for training the model.

Meanwhile, we sampling from each of the N categories M samples, where N �M samples are called the query set
Q ¼ xi; yið Þf gMi¼0, used for testing. Here, xi denotes the image sampled from the dataset, yi denotes the corresponding label
of xi. At the meta-test stage, the way to build the episode is the same as the meta-train stage. The sole difference is that
the label of the query set sample is unknown. The few-shot learning model needs to use the limited labeled sample in
support set to predict the label of samples in the query set. A variables table of our method is shown at Table 2.
Table 1
The comparison between the proposed method and some existing related metric-based methods. Here FT denotes whether a fine-tuning strategy is used, Atten
denotes what attention mechanism is employed(C: channel-wised attention; S: spatial-wised attention; P: patch-wised attention), Encoder means the type of
feature extractor, Similarity is the similarity metric used for classification.

Method Year Author FT Atten Encoder Similarity

Matching Net[35] 2016 Vinyals et al. No C 4conv Cosine
Relation Net[32] 2018 Sung et al. No No 4conv Network learning

Prototypical Net[30] 2017 Snell et al. No No 4conv Squared Euclidean
Baseline++[2] 2018 Chen et al. Yes No 4conv Cosine

DC[23] 2019 Lifchitz et al. Yes C ResNet12 Scaled cosine
TapNet[41] 2019 Yoon et al. No No ResNet12 Network learning
TADAM[27] 2018 Oreshkin et al. No No ResNet12 Squared Euclidean

Meta-Baseline[3] 2021 Chen et al. Yes No ResNet12 Scaled cosine
CAN[15] 2019 Hou et al. No S, C ResNet12 Cosine
CTM[20] 2019 Li et al. No S, C ResNet18 Network learning
DCEM[9] 2019 Dvornik et al. Yes No ResNet18 Cosine
AFHN[22] 2020 Li et al. Yes No ResNet18 Cosine

MIAN (Ours) Yes P ResNet12 Squared Euclidean
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Table 2
Frequently used notions.

Variables Description

Dbase Base data set
Dnovel Novel data set
Ti A learning task of few-shot learning framework
S Support set
Q Query set
xi An image sample
yi The label corresponding to image
P The original image
X The feature matrix of one multi-instance bag
Q ;K;V The query, key, value matrix of self-attetnion module
A The self-attention matrix of multi-instance bag
H The aggregation matrixbX The aggregated feature embedding of multi-instance bag

cj The prototype of class j

Table 3
Abbreviations of methods.

Abbreviations Description

AFHN Adversarial Feature Hallucination Network
AWGIM Attentive Weights Generation via Information Maximization
CAN Cross Attention Network
CTM Category Travesal Module
DC Dense Classification
DCEM Diversity with Cooperation Ensemble Methods
LEO Latent Embedding Optimization
MAML Model-Agnostic Meta-Learning
MIAN Multi-Instance Attention Network
SNAIL A Simple Neural AttentIve Meta-Learner
TADAM TAsk Dependent Adaptive Metric
TapNet Task-Adaptive Projection Network
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3.2. Multi-class Multi-instance Attention Network

Classical multi-instance learning only focuses on binary classification problems. This is enough for the molecule activity
scenario, but for image classification problems, there are usually a large number of categories that need to be distinguished
by the model. Compared with the standard multi-instance learning assumption, which is that all negative bags only contain
negative instances. Meanwhile, positive bags contain at least one positive instance. Here we only assume that the multi-class
multi-instance learning has at least one instance in a bag that has the same label as the category of this bag. With this
assumption, we can extend the binary multi-instance learning to the multi-class classification problem. But if we consider
this assumption in an instance-based view, it will lead to a new problem. Thus, from the perspective of binary multi-instance
learning, for a given bag including K instances, one instance in this bag must belong to either the positive class or the neg-
ative class. However, if there are more than two classes in one bag, signifying the label no longer represents only the logical
information of True or False, but represents the semantic information of a main object in the instance. To this end, if one
specific instance only includes the background, there will be no label corresponding to this instance. Fortunately, the bag-
level method saves us from considering the impact of background instances. This method focuses on learning a low-
dimensional embedding from these instances belonging to the same bag. This embedding should be representative of the
corresponding class’ bag while reducing the effect of irrelevant instances.

To emphasize the instance information of the corresponding category in the bag while suppressing irrelevant informa-
tion, based on the classical multi-head attention network, we propose the multi-class multi-instance attention network.
First, as a multi-instance network, besides playing the original role of the attention mechanism, the network also follows
the multi-instance learning rules. The most important rule of the bag-level method is that the bag probability must be
permutation-invariant. To ensure this rule, the bag probability should follow Theorem 1 [42].

Theorem 1. A scoring function for a set of instances X; S Xð Þ 2 Ris permutation-invariant to the elements in X, iff it can be
decomposed in the following form:
S Xð Þ ¼ g r f x1ð Þ; . . . ; f xnð Þf gð Þ

where f and g are suitable transformations, r is pooling operator of neural network.
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This rule requires that the bag-level method must have three characters: i) an embedding function f encoding instances
into low-dimensional features; ii) a permutation invariance aggregation function r gathering features; iii) an embedding
function g predicting the final classification score based on the aggregated features of the previous step. In our method, f
is the CNN feature extractor, r is our proposed attention network, and the score function g is adapted from the prototypical
network.

Feature embedding function f. Before extracting the features, we first need to transform the few-shot learning problem
into a multi-instance learning problem. The basic idea is to split the full image into patches, then we can treat the full image
as a multi-instance bag, and each part is the instance of this bag. There are many ways to split the full image, such as random
cropping and grid cropping. According to other visual transformer methods, here we divide the full image into 9 parts as
grid-style. Considering that the original image size of some datasets is small, we enlarge the size of each block so that there
is a slight overlap between them to get enough information for each sample. Formally, Let P 2 RdH�dW�dC denotes one full
image, here dH; dW and dC are height, weight and channel of the image, respectively. If we cut the image into 3� 3 patches
using a grid-based approach, each patch Pi should has size of dH=3� dW=3� dC . And we enlarge patches on height and
weight to let patches have more information by adding a constant on them. The dimensions change to
dH=3þ dð Þ � dW=3þ dð Þ � dC .

After converting the original image into a multi-instance learning bag, these patches only include the local information of
the full image. But the global information of the picture is also very important, such as the shape information of the object, so
we add an extra resized full image in bags as another instance. Following the bag-level method of three characters, we
choose one backbone CNN as the feature embedding function f. Each image patch is then passed through f to generate
the features.

Permutation-invariant aggregation function r. There are two traditional r in bag-level methods: maximum operator
and mean operator. The maximum operator selects the highest confidence instance feature in the current bag as the bag fea-
ture. During model training, the operator can indeed gradually select the correct positive instance as the bag representation,
but the information of the remaining samples will be completely lost. On the contrary, the mean operator combines all
instances information into bag representation without considering instance confidence. That is to say, instances of negative
classes are also integrated into the bag feature, which will greatly impair the precision of the feature. The attention network
combines the advantages of these two primitive operators, assigns an importance coefficient to each instance in the bag,
then integrates the information of all instances by a learnable method.

The input of the attention network is the output of f; this feature matrix contains all feature vectors of instances in this
bag. Let X 2 RdD�dK be the feature matrix, dD is the feature dimension of one instance, dK is the number of instances in the bag.
Without multi-head, a single head self-attention network should have three learnable parameter matrices:
WQ ;WK ;WV 2 RdK�dK . Here the matrices work on instances, so the dimension is dK instead of the original single-head atten-
tion dimension of dD. This operation also can significantly reduce the number of model parameters. Then we multiply the
input with the three learnable parameters to get three different new representations Q ;K;V 2 RdD�dK :
Q ¼ XWQ ;K ¼ XWK ;V ¼ XWV ð1Þ

Now we define the self attention A 2 RdK�dK in scaled dot product form:
A ¼ softmax
QTKffiffiffiffiffiffi
dK

p !
ð2Þ
In the next step, we get the weighted feature matrix of the instances by multiplying V and A. Until now the number of
instances is still dK , the aggregation function should reduce this number to 1 to get the final bag representation. So we
add one extra learnable parameter matrix H 2 RdK�1 to get the weighted summation of the feature matrix of the samplebX 2 RdD�1. This process can be represented as:
bX ¼ VAH ð3Þ
Splitting the single-head attention into multi-head attention can enhance the local representation ability of the model.
Let the number of heads be h, so we need to divide X into h parts along with feature dimension:
X ¼ x1; x2; . . . ; xhf g; xi 2 RdK�dD=h. Correspondingly, for each part of the original input, we should create three learnable param-
eter matrices:WQ

i ;W
K
i ;W

V
i 2 RdK�dK , these matrices make the model pay attention to different aspects of information. Before

the step of aggregating the weighted input matrix, we need to concatenate each head-part feature into one full feature
matrix. The remaining processes are the same as the single-head attention network.

Overall, our attention network can be considered as a weighted average operator, meeting the requirements of the invari-
ant model in [42].

Score function g. With the bag-level feature obtained, our problem is redefined as a classical few-shot learning problem,
or in multi-instance view. The only remaining operation we need is a score function g to predicting the label. We adopt a
simple meta-classifier prototypical network to be our score function:
469
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cj ¼ 1
jSjj
X
i2Sj

r f Pið Þð Þ ð4Þ
Here Sj denotes the set of image corresponding to class j in support set, jSjj denotes the number of image in Sj. The clas-
sification strategy of our model follows the nearest neighbor rule: let q denotes one of the query images, P y ¼ jjqð Þ is the
probability of q belongs to class j. The probability is measured by a softmax function:
P y ¼ jjqð Þ ¼ exp �d r f qð Þð Þ; cj
� �� �X

j0
exp �d r f qð Þð Þ; cj0

� �� � ð5Þ
Here j0 denotes each class in the support set, and d is a metric function; we simply choose the Euclidean distance. Finally,
for the loss function of the network, we minimize the negative log-probability function:
L ¼ � logP y ¼ jjqð Þ ð6Þ

Similar as defined previously, P y ¼ jjqð Þ is the probability of query images q belonging to the ground-truth class of query

image j. If query images q has a high probability of belonging to class j, the value of P y ¼ jjqð Þ will near to 1, and value of loss
will be closed to 0, which means the model make an accurate prediction, vice versa.
3.3. Computational Complexity

We split our model into CNN module and multi-head attention module to analyze the computational complexity. The
CNN module is a standard ResNet12 network, so based on [14], the time computational complexity is

O
PD

l¼1M
2
l K

2
l Cl�1Cl

� �
, where D is the depth of ResNet12; l is the l-th layer of CNN;Ml;Kl and Cl is the length of feature

map. The length of the convolutional kernel and the output channel number in l-th CNN layer, respectively. Our multi-
head attention module is also similar to the standard multi-head attention. The time overhead is mainly on the linear trans-

form Eq. 1 and the self-attentive mechanism Eq. 2. The time computational complexity is O d2
KdD þ dKd

2
D

� �
. Here the defini-

tion of dK and dD are the number of instances in one bag and the number of dimensions of one instance, respectively, as
already discussed. In vanilla multi-head attention module, dK is the number of instances of one batch, normally set to 64,
128, and so on. In our method, dK is set to 10, which greatly reduces computational complexity.
4. Experiments

We conduct experiments on four popular datasets and compare our method with the state-of-the-art methods to eval-
uate our approach.
4.1. Implementation Details

Our experimental platform is a computer with Intel Xeon CPU E5-2678 v3 CPU, Nvidia GeForce RTX 3090 GPU and Ubuntu
18.04 system. At the data preprocessing, we divide the full image into 9 patches, and set the size of patches as 84� 84. For
each patch, we adapt random horizontal flip and color jitter as the data augmentation methods. For fair comparing, our back-
bone CNN is set as ResNet12 architecture, which is widely used in much few-shot learning methods[41,19]. This CNN
includes four residual blocks, each block has three 3� 3 convolutional layers, and owns one max pooling layer at the end.
The output feature map shape is 640� 5� 5. The attention module is designed similarly with the multi-head attention in
transformer method[34]. For each single-head attention sub-module, WQ

i ;W
K
i ;W

V
i are three same size linear layers. For

the step of converting instance features into bag representation, we also use one linear layer for the implementation. Another
technique in our method is pre-training. Following the idea of [2], we use all the meta-training samples to train the backbone
and validate using the 5-way 5-shot few-shot learning framework. At the meta-train stage, we set the max epoch to 120, use
SGD as our optimizer and initialize the learning rate to 0.005. We applied a learning rate scheduling technique by multiply-
ing the learning rate by 0.5 after every 40 episodes. Moreover, we validate our training model after every 50 batches. The
validation step has 500 episodes, test step has more episodes to obtain a stable result, we set it to 5000 episodes. There
are 3 important hyper-parameters in our method: the size of patches s, the number of patches in one instance K, the number
of head in attention mechanism h. During the training process, we choose s 2 1;1:5;2f g;K 2 1;4;9f g;h 2 3;6;9f g, all these
parameters analysis are presented at Section 4.4.
4.2. Datasets

Our experiments are conducted on four popular benchmark datasets as follows.
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miniImageNet. This is a mini-version of the famous ImageNet dataset, with sampling from ILSVRC-12. It contains 100
classes with 600 images for every class. The resolution of each image is 84� 84. As usual, we split the 100 classes into
64, 16, and 20 classes used for training, validation, and testing, respectively.

tieredImageNet. This is also a subset of ILSVRC-12, its classes have a hierarchical structure, namely, the dataset is divided
into 34 top categories(such as vehicles, musical instruments, etc.). Each top category contains 10 to 30 more detailed sub-
categories(such as musical instruments including guitars, pianos, etc.). The top categories are divided into 20 training classes,
6 validation classes, 8 testing classes.

Fewshot-CIFAR100. This dataset has the organization of the same sample, it has 100 classes with each class having 600
images, but the resolution of images is only 32� 32, this resolution makes the classification task harder than other datasets.
We partition the classes as 60 for the training set, 20 for the validation set, and 20 for the testing set.

Caltech-UCSD Birds-200–2011. CUB is a fine-grained classification dataset, each image not only includes the label, but
also has a bounding box, part location, and binary attribute information. The dataset consists of 11788 images in 200 cate-
gories. We split this dataset into 100, 50, and 50 for training, validation, and testing, respectively.
4.3. Comparison with Other Methods

For fair comparisons, we compare the results of other methods which use the same ResNet12 backbone as used in this
work. If there are no reported results on ResNet12, we choose a deeper CNN backbone, such as ResNet18 or ResNet24. There
are two kinds of popular experimental sets in few-shot learning: 5-way 1-shot and 5-way 5-shot classification. We report
our classification accuracies with 95% confidence intervals on each set. For the comparison methods ofminiimagenet dataset,
we choose five methods as the baselines, namely matching networks, relation networks, prototypical networks, baseline++,
and meta-baseline, all of these methods have simple structure but great performance. And the other methods are state-of-
the-art, mostly they are metric-based methods. The results are shown in Table 4. For datasets that are not evaluated with
some of the comparison methods, we only report the existing experimental results. The results are shown in Table 5–7.
The abbreviations of methods are shown in Table 3.

As we can see, our approach has achieved better performance than existing methods in both experiments settings on four
datasets. Especially on the 5-way 5-shot set, our method improves by an average of 1.6% compared to the second-best algo-
rithm on all datasets. On the other hand, we can see our method always have better performance on 5-way 5-shot set than 5-
way 1-shot set. Most of the results on 5-way 1-shot sets only performed slightly higher than the baselines. This may be
because our multi-instance attention module has four parameters matrix to learn. Also the situation of providing one image
for each class makes our module to over-fitting sometimes. Moreover, after obtaining the feature of the image bag, the
remaining process of our method is basically the same as that of the prototypical network. Compared with the prototypical
network on four datasets, we have improved the accuracy rate by 2.9% at the 5-way 1-shot set and 3.5% at the 5-way 5-shot
set.
4.4. Ablation study and discussion

We conduct the ablation study on all datasets to confirm the contribution of different components of our method. For
convenience, we only conduct on the 5-way 5-shot set for this study.
Table 4
Results on miniImageNet dataset.

Model Backbone Type 5-way 1-shot 5-way 5-shot

Matching Networks[35] ResNet12 Metric 63.08 ± 0.80 75.99 ± 0.60
Relation Networks[32] ResNet12 Metric 52.19 ± 0.83 70.20 ± 0.66
Prototypical Networks[30] ResNet12 Metric 60.37 ± 0.83 78.02 ± 0.57
MAML[10] ResNet12 Optimization 54.69 ± 0.89 66.62 ± 0.83
Baseline++[2] ResNet12 Metric 53.97 ± 0.79 75.90 ± 0.61
DC[23] ResNet12 Metric 62.53 ± 0.19 79.77 ± 0.19
TapNet[41] ResNet12 Metric 61.65 ± 0.15 76.36 ± 0.10
SNAIL[26] ResNet12 Model 55.71 ± 0.99 68.88 ± 0.92
TADAM[27] ResNet12 Metric 58.50 ± 0.30 76.70 ± 0.30
Meta Baseline[3] ResNet12 Metric 63.17 ± 0.23 79.26 ± 0.17
MetaOptNet[19] ResNet12 Model 62.64 ± 0.82 78.63 ± 0.46
CAN[15] ResNet12 Metric 63.85 ± 0.48 79.44 ± 0.34
CTM[20] ResNet18 Metric 64.12 ± 0.82 80.51 ± 0.13
DCEM[9] ResNet18 Metric 58.71 ± 0.62 77.28 ± 0.46
AFHN[22] ResNet18 Metric 62.38 ± 0.72 78.16 ± 0.56
LEO[28] WRN-28 Optimization 61.76 ± 0.08 77.59 ± 0.12
AWGIM[12] WRN-28 Optimization 63.12 ± 0.08 78.40 ± 0.11

MIAN (Ours) ResNet12 Metric 64.27 ± 0.35 81.24 ± 0.26
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Table 5
Results on tieredImageNet dataset.

Model Backbone Type 1-shot 5-shot

Matching Networks[35] ResNet12 Metric 68.50 ± 0.92 80.60 ± 0.71
Relation Networks[32] ResNet12 Metric 64.42 ± 0.36 81.74 ± 0.61
Prototypical Networks[30] ResNet12 Metric 65.65 ± 0.92 83.40 ± 0.65
TapNet[41] ResNet12 Metric 63.06 ± 0.15 80.26 ± 0.12
Meta Baseline[3] ResNet12 Metric 68.62 ± 0.27 83.74 ± 0.18
MetaOptNet[19] ResNet12 Model 65.99 ± 0.72 81.56 ± 0.53
CAN[15] ResNet12 Metric 69.89 ± 0.51 84.23 ± 0.37
CTM[20] ResNet18 Metric 68.41 ± 0.39 84.28 ± 1.73
LEO[28] WRN-28 Optimization 66.33 ± 0.05 81.44 ± 0.09
AWGIM[12] WRN-28 Optimization 67.69 ± 0.11 82.82 ± 0.13

MIAN (Ours) ResNet12 Metric 69.89 ± 0.36 86.05 ± 0.26

Table 6
Results on Caltech-UCSD Birds-200–2011 dataset.

Model Backbone Type 1-shot 5-shot

Matching Networks[35] ResNet12 Metric 71.29 ± 0.87 83.47 ± 0.58
Relation Networks[32] ResNet12 Metric 70.47 ± 0.99 83.70 ± 0.55
Prototypical Networks[30] ResNet12 Metric 71.22 ± 0.92 85.01 ± 0.52
Baseline++[2] ResNet12 Metric 69.55 ± 0.89 85.17 ± 0.50
MAML[10] ResNet12 Optimization 70.32 ± 0.99 80.93 ± 0.71
AFHN[22] ResNet18 Metric 70.53 ± 1.01 83.95 ± 0.63

MIAN (Ours) ResNet12 Metric 71.86 ± 0.35 85.84 ± 0.23

Table 7
Results on Fewshot-CIFAR100 dataset.

Model Backbone Type 1-shot 5-shot

Matching Networks[35] ResNet12 Metric 43.88 ± 0.75 57.05 ± 0.71
Relation Networks[32] ResNet12 Metric 42.41 ± 0.21 57.23 ± 0.62
Prototypical Networks[30] ResNet12 Metric 41.54 ± 0.76 57.08 ± 0.76
DC[23] ResNet12 Metric 42.04 ± 0.17 57.63 ± 0.23
TADAM[27] ResNet12 Metric 40.10 ± 0.40 56.10 ± 0.40

MIAN (Ours) ResNet12 Metric 44.54 ± 0.33 58.09�0.32
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Components Analysis. There are two key components of our method: the image cropping process and multi-instance
multi-head attention module. We create three-stages experiments by adapting them into our baselines. The first stage is
the baseline; our method is based on prototypical networks, therefore we set it as the baseline. The second stage is only
to adapt the image cropping process into the baseline. This process will transform the classical classification problem into
a multi-instance learning problem, namely, each cropped patch has no label. We simply average all patches in one bag as
the bag feature. From the results of the four datasets, we see the cropping process achieves 0.2% average accuracy compared
with the baseline. The process can be regarded as one data augmentation strategy, that can slightly increase the result.
Because our attention module only fits for the multi-instance scenario, it is impossible to directly adapt it into the baseline
without transforming the original problem into a multi-instance learning problem. For this reason, the last stage is the full
model of our method. Compared with the stage two process, we can see the attention module makes a great improvement on
the accuracy of all datasets. The results are shown in Table 8.

Size of patches. We consider three kinds of patch sizes: the first one comes from the idea of patches-based
self-supervised learning method [7]. They first cut the full image into parts as the grid-style, then shrinks the length and
width of patches to increase the learning difficulty of the model. The second method is the compromise of our method
Table 8
Results for components analyse, all results are obtained on the 5-way 5-shot set.

Model miniimagenet tieredimagenet CUB FC100

Baseline 78.02 ± 0.57 83.40 ± 0.65 85.01 ± 0.52 57.08 ± 0.76
Data augmentation 78.04 ± 0.27 84.61 ± 0.27 85.78 ± 0.25 57.19 ± 0.33
Full model 81.24 ± 0.26 86.05 ± 0.26 85.84 ± 0.23 58.09 ± 0.32
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and the self-supervised learning method; just divides the image into grid-style parts exactly. The third method is our pro-
posed method; add half the length and width to exactly blocks to obtain more information for little size original images. We
conduct this analysis onminiImageNet datasets of 5-way 1-shot set, and design a patch ratio hyper-parameter of our method
to control the size of patches, we set its value as 1, 1.5, 2 to implement these three kinds of patch sizes. The results are shown
in Table 9. As we can see, the larger the patch size, the higher the accuracy of the model. But compared to the prototypical
network which extracts features from the whole image, patch features can capture more distinctive features and get better
results.

Number of patches.We conduct this analysis onminiImageNet datasets of 5-way 1-shot set, all parameters of this exper-
iment are the same as we declared in Section 4.1 except the number of patches of each image K. Due to the limitation of GPU
memory, we set K 2 1;4;9f g, as results shown in Table 9. The accuracy of the model continues to improve as the number of
patches increases, but since each patch is scaled to a size of 84� 84, which also leads to a linear increase in memory over-
head. Under the constraints of this experimental environment, we choose the number of patches to be 9.

Number of heads in multi-head attention. Changing the number of heads in multi-head attention will not influence the
computational complexity, but will resize the feature dimension of self-attention network. Different head attention focuses
on different parts of image, and learns different patterns. As the number of heads increases, the attention module obtains
more semantic information from features. The experiment set is the same as Number of patches. The results are shown
in Table 9. It can be seen that the model results are relatively stable for the variation of the attention head. It may be that
the features input to the attention module are themselves already part of the original image with less information, and fur-
ther segmentation of the features cannot bring too much gain.

Attention map visualization.To verify the effectiveness of our attention mechanism, we visualized the weight of the
attention mechanism.

Fig. 3. All results are obtained from the query set images of the miniImageNet dataset. It can be seen that the image
patches containing the target object always have higher weights.
Table 9
Results of model hyper-parameters, all results are obtained on the 5-way 1-shot set of miniImageNet.

Size of patches 1 1.5 2

miniImageNet(5-way 1-shot) 58.43 ± 0.26 61.52 ± 0.25 64.27 ± 0.35
Number of patches 1 4 9
miniImageNet(5-way 1-shot) 60.14 ± 0.34 62.83 ± 0.34 64.27 ± 0.35
Number of heads 2 4 8
miniImageNet(5-way 1-shot) 63.08 ± 0.34 63.59 ± 0.34 64.27 ± 0.35

Fig. 3. Attention map of query image in miniimagenet dataset. Here the color bar of heat map is viridis style, the figure notes are the semantic label of
images.
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5. Conclusions and Future Work

We observe that existing few-shot learning methods based on the attention mechanism cannot match the feature map to
the target region accurately. In this paper, we propose a novel few-shot learning method that transforms the original few-
shot learning problem into a multi-instance learning problem. By transforming each image into a multi-instance bag, we
design a multi-instance based multi-head attention module to obtain large-scale attention map to prevent over-fitting,
and significantly reduces the computational complexity compared with recent attention networks. The experiments demon-
strate that our method is competitive and outperforms most of the state-of-the-art methods. However, there is still much
space for improvement in our approach. Our proposed feature extractor simply segments the image and then extracts the
features of each patch, whereas the relative position between different patch is also a very important target information.
Therefore, a feature extractor that incorporates self-supervised learning can be considered: in addition to the current
few-shot classification task of this method, a jigsaw puzzle task can be constructed for the segmented patches of a picture,
where each patch is given a relative position label and predicted. Thus, the relative position information is also incorporated
into the features. Another improved point is maintaining a multi-instance metric space for bags. Designing a metric loss that
keeps same classes bags close to each other and different classes bags far away can also theoretically improve the quality of
bag features significantly. The above is the improvement for few-shot learning, while our proposed method can also solve the
multi-instance learning problem with little change. Our current model input is based on the meta-learning framework, for
example, input 5-way 5-shot samples to create a classification task. To tackle the multi-instance learning problem, we need
to change the logic of input samples to the random batch approach.
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