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Abstract Few-shot text classification targets at the situation where a model is developed to classify newly

incoming query instances after acquiring knowledge from a few support instances. In this paper, we investigate

few-shot text classification under a metric-based meta-learning framework. While the representations of the

query and support instances are the key to the classification, existing study handles them independently in

the text encoding stage. To better describe the classification features, we propose to exploit their interaction

with adapted bi-directional attention mechanism. Moreover, distinct from previous approaches that encode

different classes individually, we leverage the underlying cross-class knowledge for classification. To this end,

we conceive the learning target by incorporating the large margin loss, which is expected to shorten the

intra-class distances while enlarging the inter-class distances. To validate the design, we conduct extensive

experiments on three datasets, and the experimental results demonstrate that our solution outperforms its

state-of-the-art competitors. Detailed analyses also reveal that the bi-directional attention and the cross-class

knowledge both contribute to the overall performance.
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1 Introduction

Text classification (TC) is a pivotal task in natural language processing (NLP), serving a series of down-
stream applications, such as information retrieval and opinion mining [1, 2]. This task is defined as
selecting an appropriate tag for a given unlabeled text from a candidate class set. Recent development
of deep learning has led to the interest in supervised TC models via neural networks [3–5]. In practice,
these approaches demand large amount of labeled training data. However, acquiring such high-quality
data is labor-intensive, and the manual labeling process is time-consuming.

To alleviate the issue, few-shot learning (FSL) is proposed to train classifiers for new classes that
are of only a few labeled examples [6]. In computer vision, FSL has been extensively studied [7–9],
and meta-learning emerges as a promising paradigm for rapidly generalizing to new concepts in a low-
resource scenario. In particular, metric-based methods [9–11] perform classification by learning the
distance distributions among classes. As a representative model, the prototypical network [9] generates
a prototype vector for each candidate class, and classifies the queries according to the distance between
the query and every prototype measured by their vector representations.

In this paper, we look at the NLP counterpart of FSL, and concentrate on the problem of few-shot text
classification (FSTC). In FSTC, a model is required to classify a newly incoming piece of text (i.e., query
instance), given only few pieces, e.g., 1 piece, of text with known class labels (i.e., support instances).
An example is provided as follows.
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Example 1. An example of 5-way 1-shot text classification, where only 1 piece of support instance is
given for each of the 5 classes. The ground truth of the query instance is Class 1. Word ‘dead’ in the
support instance of Class 1 expresses the similar meaning to word ‘killed’ in query instance.

Support set:

Class 1: A person dead after shooting at nashville, tennessee, mall.

Class 2: These towns are trying out a basic-income scheme and it is already changing lives.

Class 3: Smear campaign against michigan candidate shows how hard it is for muslims to run for office.

Class 4: We ate a 7/11 feast to teach you about unhealthy eating habits.

Class 5: What firing an employee teaches you about your company’s culture.

Query instance: Unarmed black man killed in mind-boggling, unjustified barrage of police gunfire:
lawyer.

Previous studies reveal that metric-based learning offers elegant solutions to some FSL tasks in NLP [12,
13]. In few-shot classification, nevertheless, we observe margins for further improvement. First of all, the
interdependency between the query and the support instance is not well explored. In most metric-based
models, the query and the support instances are encoded individually [9,14], and then the measurement
is derived from the similarity between them. However, texts within the same class tend to include words
which have the similar meaning, as shown in Example 1. The similar parts in the query and the support
instance, which are informative clues to recognize the class, should be mutually emphasized by modeling
their interaction.

Moreover, previous models consider different classes separately [14–16], and hence, are likely to over-
look the cross-class information. The performance of metric-based models largely relies on the spacial
distributions of sentences in the embedding space. If the embeddings of all support instances within the
same class are far away from each other, it is hard to capture their common characteristics and generate
a representative prototype; and if support instances for different classes are close to each other in the
embedding space, the produced prototypes are indistinguishable. Nevertheless, this cross-class knowledge
is largely neglected by existing research on FSTC.

To overcome the limits, we propose a few-shot text classification framework, which utilizes bi-directional
attention mechanism and cross-class knowledge (BACK). First, unlike previous work which summarizes
the query and support instances into single feature vectors independently, we calculate the bi-directional
attention [17] (i.e., from support to query attention and from query to support attention) for every
word to learn the interaction between the query and support instances. In this way, we can obtain
the support-aware vector representation for the query and the query-aware vector representation for the
support instance. Second, we exploit the underlying knowledge between classes by adding a large margin
loss to supervise the distance distributions. We hold the view that instances within the same class should
be placed adjacently in the embedding space, while instances with different classes had better be far away
from each other. Therefore, we employ the large margin loss to shorten the distances among support
instances which belong to the same class (i.e., intra-class), and enlarge the distances between different
classes (i.e., inter-class).

Contributions. In summary, this paper concentrates on the task of few-shot text classification, and
the main contributions include the following.

• We propose to model the interaction between query and support instances with a bi-directional
attention module, which captures the interdependency between them for better recognizing the classes.

• To fully exploit the cross-class knowledge, we put forward a joint learning task by supplementing the
large margin loss, which can coordinate the distance distributions of both inter- and intra-classes.

• Extensive experiments on three datasets were carried out with detailed analyses, and the results
demonstrate that our proposed model BACK is superior to its competitors.

Organization. In Section 2, we discuss the related work. Afterwards, we give the formal task
definition and introduce the methodology, respectively, in Sections 3 and 4. Experiment results and
detailed analyses are provided in Section 5, followed by conclusion in Section 6.

2 Related work

Our work involves few-shot learning and attention mechanism. We review the related work of few-shot
text classification and attention mechanism in few-shot learning respectively.
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2.1 Few-shot text classification

Previous text classification models focus on supervised learning [4,18,19]. However, supervised approaches
require large amount of labeled data for each class, and cannot find new classes in testing. To solve these
inherent problems, FSL [6, 20] is proposed as a remedy, which can rapidly generalize to new classes
with only a few examples per class. Meta-learning is a promising methodology for FSL problems, and
generally there are three kinds of meta-learning methods so far: (1) model-based methods [8, 21, 22]
utilize a designed memory unit to achieve rapid learning from a few training examples; (2) optimization-
based approaches [23, 24] train the meta-learner by either generating the updating gradients for model
parameters or directly predicting the model parameters; (3) metric-based meta-learning [9,11,25] tries to
learn a generalizable metric and the corresponding matching function from the training task. Recently,
it shows that FSL is adapted with some success to NLP tasks, such as relation classification [13, 14] and
text classification [12, 16].

In the context of FSTC, previous work concentrates on ensemble-based methods that are not learned via
the end-to-end manner. Lam et al. [26] proposed a meta-learning method for text categorization, which
automatically recommends the appropriate classification algorithm based on the inherent properties of
the input data. Since a single metric may be insufficient for the complex task variations, Yu et al. [12]
first clustered the diverse text classification tasks, and then learned an independent metric for each
cluster. Different from aforementioned literature, our work follows the episodic framework of FSL (to
be introduced in Section 3), which is also adopted in [16, 27]. Bao et al. [16] designed an attentive
generator to assess the class-specific importance of each word, which informs the ridge regressor [25] to
quickly learn from a few examples. Our work is a metric-based meta-learning approach, which is inspired
by the prototypical network [9]. The conventional prototypical network produces a prototype for each
class by averaging the support sentence embeddings, and calculates the similarity between the query and
each prototype by the Euclidean distance. As for our model, we use a perceptron method to calculate
the dynamic weights for support instances given a query, and use the same mechanism to compute the
similarity score between the query and each prototype (see Subsections 4.4 and 4.5 for details).

2.2 Attention mechanism in few-shot learning

Recently, attention mechanism is widely adopted in various tasks [17, 28, 29], and also shown useful for
FSL problems [14,16]. Observing that not all support instances are equal given a query, support instance-
level attention is proposed to generate prototypes by a weighted sum manner [14]. Besides, since some
dimensions of the sentence embedding might be more discriminative for recognizing some special classes,
Gao et al. [14] proposed to use feature-level attention to highlight important dimensions. Similarly,
Wu et al. [30] used the self-attention and query-attention mechanisms to achieve dynamic prototype
selection. Ye et al. [15] also proposed a matching function to calculate the attention scores over the
support instances.

Considering the distributional signatures in a specific class, Bao et al. [16] designed an attentive
generator to measure the importance of each word for a specific class. The attentive generator is learned
based on the underlying knowledge contained in all accessible support instances. Different from only using
information in the support set, Ye et al. [15] proposed a multi-level matching and aggregation network
to get the matching information between the query and support instances. We also try to model the
interaction between the query and support instances, but we follow the bi-directional attention in [17],
which is designed for question answering. Seo et al. [17] used each word in the question to attend all
context words, and do the same for the reversed direction. In this way, the bi-directional attention fully
learns the interaction between the question and the context. Since this pattern is quite similar to FSL
setting, we apply the bi-directional attention to FSTC, and model the interaction between the query and
support instances. Following [14, 15, 30], we also use the instance-level attention to compute prototypes
dynamically, but the difference is that we design a new function to calculate the attention scores.

3 Task definition

In this paper, we follow the episodic framework to train a meta-learner for FSTC, which is widely adopted
in various literature [9, 10, 21]. In this paradigm, we are given two datasets, Dtrain and Dtest. These two
datasets have their own label spaces, which are denoted as Ytrain and Ytest, respectively. It is noted that
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Figure 1 (Color online) The proposed model architecture of BACK.

Ytrain and Ytest are disjoint with each other. Under few-shot configuration, Dtest can be further split
into support set Ds

test and query set Dq
test. D

s
test contains K labeled examples, also referred as support

instances for each class in Ytest, while D
q
test is the set of unlabeled texts to be predicted. Our objective

is to train a classifier using Dtrain that can make predictions for Dq
test with the assistance of Ds

test.
Specifically, in meta-training, we sample a subset, which consists of N classes, from Dtrain to emulate

the test scenario. The sampled data is utilized to construct the support set S and the query set Q, where
S contains K labeled examples for each of the N classes, and Q consists of L query instances from the
same N classes. S and Q serve as the training data and testing data respectively. In meta-testing, we
apply the same mechanism to make predictions for classes in Ytest, which are unseen during training. The
support set is sampled from Ds

test, while the query set from Dq
test. Here, we refer to the aforementioned

prediction task as N -way K-shot classification.

4 Methodology

Our few-shot text classification model consists of five layers as shown in Figure 1.
• Word embedding layer maps discrete words into a vector space by looking up a pre-trained word

embedding table.
• Contextual encoder layer refines the local representation of each word in a sentence by considering

the context. These two layers are the same to the query and support instances.
• Bi-directional attention layer first couples the query with each support instance, and then generates

the matching information between them.
• Model layer generates the feature vectors for both query and support instances. And the query-

aware instance-level attention module calculates weights for support instances to produce the prototype
dynamically.
• Output layer provides a prediction to the query instance by measuring the similarity score between

the query and the prototypes.

4.1 Word embedding layer

Suppose that each instance in the support set or query set has T words. Word embedding layer maps
each word wt in the sentence into a vector space, which is denoted as

xt = femb(wt), (1)

where femb(·) is the mapping function, which transforms wt into a pre-trained embedding. There are
many word embedding learning methods, such as Glove [31] and BERT [32].

4.2 Contextual encoder layer

To refine the representation of each word, we apply a long short-term memory network (LSTM) [33] on
top of the word embeddings from the previous layer. For the input sentence {x1,x2, . . . ,xT }, we can
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calculate the forward and backward LSTM representations as follows:

−→
h 1,
−→
h 2, . . . ,

−→
h T =

−−→
LSTM(x1,x2, . . . ,xT ),

←−
h 1,
←−
h 2, . . . ,

←−
h T =

←−−
LSTM(x1,x2, . . . ,xT ),

(2)

where
−−→
LSTM and

←−−
LSTM denote the forward and backward LSTM respectively. To capture the information

from two directions, we concatenate the hidden representations of word wt in both sides:

ht =
[−→
h t :

←−
h t

]
, (3)

where [:] is the concatenation operation. The output of this layer is a matrix with T × 2dh dimensions,
where dh is hidden size of LSTM. To be clear, we use Q ∈ R

T×2dh to represent the output matrix of the
query, and Sk is the matrix for the k-th instance in the support set.

4.3 Bi-directional attention layer

Bi-directional attention layer is in charge of fusing the information from the query and the support
instances. Instead of summarizing instances into single feature vectors, this layer first computes the
word-wise similarity matrix between the query and the k-th support instance, and then calculates their
fused representations. The inputs to this layer are the contextual vector representations of the query Q

and the k-th support instance Sk. The outputs are the support-aware vector representation of the query,
and the query-aware vector representation of the support instance.

Word-wise similarity matrix. Before computing the bi-directional attention, i.e., from support
to query attention and from query to support attention, we first get the shared word-wise similarity
matrix, Ck ∈ R

T×T , between the query Q and the k-th support instance Sk. The similarity matrix is
computed as

Ck
ij = vT

1 [Qi: : S
k
j: : Qi: ◦ S

k
j:], (4)

where Qi: is the i-th row of Q, Sk
j: is the j-th row of Sk, ◦ is the element-wise multiplication operation,

and v1 ∈ R
6dh is the trainable parameter. Ck contains the attentive information between the query Q

and the k-th support instance Sk. We also tired other methods to calculate the similarity scores, such as
dot production and cosine similarity. Among these alternatives, our method which uses the multi-layer
perceptrons achieves the best results.

Support-to-query attention. Support-to-query attention signifies which words in the query are
relevant to the word in the support instance. Given the t-th word in the support instance, we can
compute the attention scores over words in the query:

αk
t = softmax(Ck

:t) ∈ R
T , (5)

where Ck
:t is the t-th column of Ck, and softmax(xi) =

exp(xi)∑
k exp(xk)

. Consequently, the query-aware vector

representation of the t-th word in the support instance is

Ŝk
t: = αkT

t Q. (6)

Hence we can obtain the query-aware vector representation of the k-th support instance Ŝk, which
contains the attended query vectors for the entire support instance.

Query-to-support attention. Query-to-support attention signifies which words in the support in-
stance are relevant to the word in the query. Considering the guide of the t-th word in the query, we can
calculate the attention weights over words in the support instance Sk:

βk
t = softmax(Ck

t:) ∈ R
T , (7)

where Ck
t: is the t-th row of Ck. When the k-th support instance attends the query instance, similar to

(6), we get the weighted sum of the most important words in the support instance with respect to the
query:

Q̂k
t: = βkT

t Sk. (8)
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Hence Q̂k is the support-aware vector representation of the query, which includes the attended support
vectors for the entire query instance.

Feature fusion. In feature fusion, we model the interaction between the original representation and
the attended representation of each query and support instance. For the query instance, two representa-
tions are fused as follows:

Q̄ = g([Q : Q̂ : Q ◦ Q̂]W1), (9)

where Q̂ = 1
K

∑K

k=1 Q̂
k, W1 ∈ R

6dh×ds is the trainable parameter matrix, and g(·) is the ReLU activation
function. Similarly, we fuse the original representation and the attended representation of each support
instance as

S̄k = g([Sk : Ŝk : Sk ◦ Ŝk]W1), (10)

where W1 is shared with (9) since we design a unified mapping function to reduce the dimensions of the
representations of the support instance and the query instance. A unified mapping function guarantees
to encode instances into the same vector space.

4.4 Model layer

Model layer summarizes all instances into single feature vectors, and generates the prototype for each class.
We first feed Q̄ and each S̄k into a bi-directional LSTM with dh hidden units along each direction. Our
goal is to capture the interaction among query words conditioned on support words, and the interaction
among support words conditioned on query words. We denote the outputs as Q̃ and S̃k. Then, we
aggregate them into single vectors:

q̃ = [Ave(Q̃) : Max(Q̃)], (11)

s̃k = [Ave(S̃k) : Max(S̃k)], (12)

where Ave(·) and Max(·) are average and maximum pooling functions respectively. Inspired by the con-
ventional prototypical networks [9], we calculate a prototype for each class based on the support instances
{s̃i}ki=1. Since the importance of each support instance varies given a query, we aggregate the support
instances via an attention manner, which is defined as

ek = vT
2 g(W2[s̃

k : q̃ : s̃k ◦ q̃]). (13)

ek reflects the relevance of each support instance with the query. W2 ∈ R
dh×12dh and v2 ∈ R

dh are
trainable parameters. g(·) is a ReLU activation function. Then all support instances are integrated into
the prototype:

s̃ =
K∑

k=1

exp(ek)
∑K

i=1 exp(e
i)
s̃k. (14)

Hence we obtain the feature vector q̃ of the query instance, and prototypes for all classes which are
denoted as {s̃y1, s̃y2 , . . . , s̃yN

}.

4.5 Output layer

This layer predicts which class the query instance belongs to based on the query feature vector and
prototypes. Just like conventional prototypical networks, we determine the class of the query instance
by measuring its similarity with each prototype:

p(yi | {s̃yj
}Nj=1, q̃) =

exp(h(s̃yi
, q̃))

∑N

j=1 exp(h(s̃yj
, q̃))

, (15)

h(s̃yi
, q̃) = vT

2 g(W2[s̃yi
: q̃ : s̃yi

◦ q̃]). (16)

Eq. (16) has the same form as (13), and shares the same parameters v2 and W2 since this design leads
to less parameters and better results.
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4.6 Joint training with large margin loss

Conventional prototypical networks-based models [9, 13] utilize the cross-entropy loss to optimize the
parameters, which is defined as

LEntropy = −
1

L

∑

q̃∈Q

N∑

i=1

tyi
log(p(yi | {s̃yj

}Nj=1, q̃)), (17)

where Q represents the set of sampled query instances in each training batch, and L is the number of
query instances. tyi

signifies whether yi is the label of q̃. tyi
= 1 only if yi is the ground truth of q̃, else

tyi
= 0. Therefore, the function can be simplified into

LEntropy = −
1

L

∑

q̃∈Q

log(p(yi | {s̃yj
}Nj=1, q̃)). (18)

During the training process, we also adopt the cross-entropy loss to optimize our model.

Besides, it is intuitive that instances of the same class should be placed closer in the spacial space than
those of different classes. Therefore, we add a large margin loss function to shorten the distances within
the same class, and enlarge the distances between classes. The loss is defined as

LMargin =
1

NK

N∑

i=1

K∑

k=1

max(0, γ + ||s̃yi
− s̃kyi

||22 − ||s̃yi
− s̃−||22), (19)

where s̃kyi
is the k-th support instance of class yi, s̃

− is a random support instance which is not for class
yi, γ is a hyper-parameter, and || · ||2 calculates the 2-norm of a vector.

Finally, we obtain the loss function by combining (18) and (19):

L = LEntropy + λLMargin, (20)

where λ is a hyper-parameter to balance the effects of LEntropy and LMargin on optimizing the whole
model.

5 Experiments

In this section, we first introduce the datasets and competing methods. Afterwards, the implementation
details are described. Finally, we present the experimental results and detailed analyses.

5.1 Datasets

In this work, we evaluate the proposed model on three datasets.

• Reuters collects Reuters articles from 1987 [34]. This dataset consists of 31 classes that have at least
20 articles.

• HuffPost is comprised of the published HuffPost news titles between 2012 and 2018 1). The data can
be split into 41 classes, and each class has 900 titles.

• FewRel is a dataset for few-shot relation classification [13]. The goal is to classify each example,
which concerns an annotated entity pair, into a proper relation type. In the experiments, we use the
publicly released 80 relation types, which have 700 instances per type.

Among them, Reuters is a document-level dataset, while HuffPost and FewRel are sentence-level
datasets. These datasets have been organized by Bao et al. [16], and in our experiments, we keep
the same class split of the train, valid and test sets. Table 1 presents the statistical information of the
three datasets.

1) Misra R. News category dataset. 2018.
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Table 1 Statistics of datasets

Dataset # train cls. # valid cls. # test cls. # inst./cls. len (Average/Maximum)

Reuters 15 5 11 20 185.73/936

HuffPost 20 5 16 900 11.48/44

FewRel 65 5 10 700 24.95/38

5.2 Baselines

We select a variety of meta-learning approaches as our competitors.
• MetaNet [8] utilizes a high-level meta learner on top of a base learner to supervise the training

process. The meta leaner generates fast weights, which helps the model to generalize to new classes with
a few support instances.
• SNAIL [22] first couples each support instance with its label, and then for each class, the model

concatenates all instance-label pairs and the query into a sequence. Temporal convolution neural networks
and attention modules are harnessed to make predictions by learning experience from the past support
instances.
• MAML [23] is a model-agnostic meta-learning algorithm, which is compatible with a variety of

learning problems. The algorithm maximizes the sensitivity of the loss functions of new tasks. With the
high sensitivity, small changes to parameters can improve the task loss largely.
• FT [35] trains a feature extractor and a classifier using the training examples in the pre-training

stage. In the fine-tuning stage, the model fixes the feature extractor and traines a new classifier using a
few support instances.
• Proto [9] learns an embedding function to map all instances into a unified vector space, and produces

prototypes for classes by averaging the sentence embeddings of the support instances. The model classifies
the queries by measuring the distance between the query and each prototype.
• RR [25] teaches a deep neural network to use ridge regression as part of its internal model, which

enables the network to quickly adapt to the new data.
• ARR [16] consists of an attentive generator and a ridge regressor. Attentive generator module gener-

ates class-specific attention according to the distributional signatures in all accessible support instances,
and ridge regressor makes a prediction for the query, after learning from the support set.

Among these competitors, model-based approaches include MetaNet [8] and SNAIL [22]; optimization-
based methods consist of MAML [23] and FT [35]; and metric-based models have Proto [9], RR [25], and
ARR [16]. Our proposed BACK is a metric-based meta-learning framework.

5.3 Implementation details

We used pre-trained Glove word embeddings [31] for our model and all baselines. We also experimented
with pre-trained BERT embeddings [32] on sentence-level datasets. In the contextual encoder layer and
model layer, we used a bi-directional LSTM with 100 hidden units and applied dropout [36] of 0.2 on the
output. All parameters of the model were optimized by the stochastic gradient descent strategy with a
learning rate of 0.1. The hyper-parameter γ in (19) was set to 1, and λ in (20) was set to 1.

During meta-training, we sampled 1000 batches per epoch, and in each episode, we sampled 5 query
instances. Besides, we fed 10 classes for each training batch while choosing 5 classes for testing, since
training the model harder might lead to better results [8]. All models were trained on the train set, and
then the best epoch on the valid set was selected for meta-testing. During meta-testing, we evaluated all
models under 5-way 1-shot and 5-way 5-shot settings. Specifically, we sampled 3000 batches for testing,
and reported the average accuracy and the variance over 5 random seeds.

5.4 Overall results

Comparison with baselines. We selected different types of meta-learning methods as our baselines.
The upper part of Table 2 shows the results of all models under 5-way 1-shot and 5-way 5-shot settings.
It reads from the table that our proposed BACK achieves the best performance across almost all settings,
demonstrating its effectiveness in few-shot text classification. We also note that BACK consistently
outperforms all baselines under 5-way 1-shot, while performing slightly worse than ARR on Reuters
under 5-way 5-shot configuration. The reason is that the bi-directional attention might find more similar
parts, which are useless common words for detecting the class, in long text. However, ARR calculates
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Table 2 Results of 5-way 1-shot and 5-way 5-shot classification on three datasets using Glove word embeddingsa)

Method
Reuters HuffPost FewRel

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

MetaNet 51.46±0.45 62.84±0.61 30.57±0.62 41.74±0.52 58.64±0.44 79.23±0.75

SNAIL 53.16±0.53 63.57±0.88 31.55±0.71 41.59±0.62 59.23±0.53 78.67±0.56

MAML 65.51±0.19 83.67±0.89 34.19±0.79 50.56±0.67 52.36±0.71 65.52±0.84

FT 71.88±0.88 78.46±0.63 39.64±0.28 59.70±0.77 71.88±0.11 75.71±0.29

Proto 66.77±0.12 71.58±0.18 32.60±0.18 47.03±0.17 52.85±0.13 65.85±0.49

RR 72.45±0.42 83.93±0.56 36.61±0.48 50.13±0.68 57.18±0.43 70.32±0.48

ARR 68.59±0.43 88.23±0.87 39.98±0.53 58.75±0.42 60.03±0.37 78.83±0.51

BACK 75.22±0.14 88.01±0.11 42.63±0.31 60.76±0.38 78.43±0.26 88.64±0.22

w/o Bi-Att 72.13±0.23 86.42±0.38 38.48±0.28 54.79±0.22 76.41±0.19 84.56±0.23

w/o In-Att 75.22±0.14 86.88±0.37 42.63±0.31 58.62±0.42 78.43±0.26 86.77±0.31

w/o LM 74.01±0.26 85.33±0.11 41.34±0.27 56.71±0.52 76.37±0.45 86.32±0.13

w/o Shared 74.58±0.24 85.61±0.45 41.97±0.32 57.48±0.26 77.01±0.22 86.37±0.28

MLP→Dot 74.44±0.41 87.67±0.46 41.24±0.38 58.89±0.48 76.77±0.21 87.23±0.18

MLP→Cos 73.88±0.35 86.64±0.35 41.05±0.44 57.84±0.48 77.32±0.24 86.65±0.36

a) The bottom six lines report the ablation study.

Table 3 Results of 5-way 1-shot and 5-way 5-shot classification on sentence-level datasets using BERT embeddings

Method
HuffPost FewRel

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

MAML 33.19±0.22 49.87±0.41 47.60±0.82 70.56±1.77

FT 38.33±0.41 58.62±0.28 61.22±0.45 80.34±0.64

Proto 33.49±0.25 46.70±0.23 62.54±0.59 76.53±0.98

RR 37.48±0.48 50.72±0.62 66.41±0.71 78.56±0.71

ARR 39.36±0.14 58.24±0.17 70.38±0.35 87.58±0.24

BACK 43.21±0.19 60.77±0.27 80.85±0.25 90.67±0.42

the class-specific word-level attention based on all accessible support instances, which is unaffected about
the text length.

Ablation study. To understand the effect of each component, we conducted an ablation study by
removing a particular part of the model at a time to show its impact. Specifically, we studied the effect of
bi-directional attention module (Eqs. (4)–(10)), instance-level attention module (Eq. (13)), large margin
loss (Eq. (19)), and shared parameters, which are denoted as w/o Bi-Att, w/o In-Att, w/o LM, and
w/o Shared respectively. Besides, we tried other alternatives to calculate the word-wise similarity scores,
and investigated the performance of two variants by replacing our multi-layer perceptron (MLP) method
(Eq. (4)) with dot production (Dot) and cosine similarity (Cos). These two variants are denoted as
MLP→Dot and MLP→Cos. From the lower part of Table 2, we can see that each of the four components
contributes to the overall performance of BACK, and that bi-directional attention and large margin loss
are more important than instance-level attention in improving the accuracy. It is also observed that
sharing parameters, such as (13) and (16), can lead to better performance. Moreover, in comparison
with the two variants which use other methods to compute the word-wise similarity matrix, our model
achieves the best results on three datasets, because the MLP method has adaptive parameters which can
be updated according to the data distribution.

Effect of word embeddings. To show the effect of pre-trained word embeddings, we also experi-
mented with the word representations given by BERT [32] for sentence-level datasets, i.e., HuffPost and
FewRel. In this set of experiments, we selected MAML, FT, Proto, RR, and ARR as our baselines, and
reported the results in Table 3. From the results, we can observe that the performance of all models
gains from BERT embeddings on FewRel, but fails to get boost on HuffPost dataset. The reason is that
although BERT provides high-quality pre-trained word embeddings to represent semantic information,
news title classification on HuffPost dataset is more dependent on key words in the title than contextual
understanding.

Number of testing classes. In this part, we set the range of the number of testing classes from 5 to
10 and evaluated the performance of different few-shot models. We selected MAML, FT, Proto, RR, and
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(a)

(b)

Figure 2 (Color online) The performance trend of few-shot models along the increase of testing classes, where we set the range

of the number of classes from 5 to 10. (a) The results under 1-shot setting on three datasets; (b) the results under 5-shot setting

on three datasets.

(a) (b)

Figure 3 (Color online) The performance of BACK given different values of (a) γ and (b) λ. 5w1s stands for the 5-way 1-shot

setting, and 5w5s stands for the 5-way 5-shot setting. The performance of BACK on three datasets is presented.

ARR as our competing methods in this set of experiments. Figure 2 shows the results on three datasets.
It reads from the results that our proposed BACK consistently outperforms the baselines under almost
all settings. Moreover, the performance of all models drops along the increase of testing classes because
tasks with more classes become more difficult.

5.5 Qualitative analyses

Influence of hyper-parameters. As mentioned in Subsection 5.3, we set γ and λ to 1 empirically.
Here, we aim to prove that minor changes of these hyper-parameters do not have a significant influence
on the final results. Specifically, we keep λ as 1, and choose γ from [0.6, 0.8, 1.0, 1.2, 1.4]; then we keep γ

as 1, and choose λ from [0.6, 0.8, 1.0, 1.2, 1.4]. It can be concluded from Figure 3 that the results fluctuate
slightly given different values of γ and λ.

Text embedding visualization. In this set of experiments, we give an illustrative visualization of
support instance embeddings and query embeddings. We visualize the learned text embeddings using
the t-SNE tool [37]. Figure 4 presents the support instance embeddings of a 5-way 5-shot classification
scenario. From the results, we can see the following. (1) With the addition of bi-directional attention
(Figures 4(a) and(b)), the support instance embeddings of the target class, i.e., cls. 5, become distin-
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(a) (c)(b)

Figure 4 (Color online) Comparison between support instance embeddings trained by three models: (a) BACK without Bi-Att

and LM; (b) BACK without LM; (c) BACK. A 5-way 5-shot testing batch is sampled from Reuters dataset, and the ground truth of

the given query is cls. 5, where cls. is the abbreviation of class.

(a) (c)(b)

Figure 5 (Color online) Comparison between query instance embeddings trained by three models: (a) BACK without Bi-Att and

LM; (b) BACK without LM; (c) BACK. We sampled 50 queries for each class from a 5-way 5-shot classification scenario on FewRel

dataset.

guishing from other classes, since the interaction between the query and support instances enhances the
representation of the target support instances. We also find that other classes are placed adjacently.
The reason is that the bi-directional attention module fuses the query vector representation into each
support instance (see (10) for details), which integrates the similar query information into cls. 1–4.
(2) With the supervision of large margin loss (Figures 4(b) and (c)), BACK generates more differentiated
representations for instances, and different classes become more separable.

Figure 5 shows the query embeddings of a 5-way 5-shot scenario. We read from the comparison
that (1) the bi-directional attention helps query instance embeddings of different classes more separable
(Figures 5(a) and (b)), since the fusion of support-aware vector representation improves the quality of
final query embeddings (see (9) for details). (2) Although the employment of large margin loss aims at
supervising the spacial distribution of support instances, its addition also enables the query embeddings
more separable in the embedding space. It is because the query instance and the prototype, where each
prototype is generated by its corresponding support instances, are interdependent in the metric function
(see (16) for details).

Bi-directional attention visualization. To validate whether the bi-directional attention module
can find the similar parts in the query and the support instance, we selected two cases from the 5-way
1-shot classification on HuffPost dataset. We used the heat map to visualize the similarity matrix between
the query and the support instance (see (4) for details). The example on the left side of Figure 6 shows
the similarity matrix between two news titles, which belongs to the same class ‘Education’. From the
heat map, we can see that the same part ‘protesting gun violence’ in the query and the support instance is
mutually emphasized. The case on the right side of Figure 6 shows the similarity matrix of two ‘College’
news titles. From the results, we can observe that the related words ‘students’, ‘college’, and ‘graduation’
get higher similarity scores. These clues are quite important for our model, since the final predication is
largely based on the similarity between the query and the support instances.

6 Conclusion

In this paper, we propose a meta-learning model for few-shot text classification, that aims to (1) extract
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Figure 6 (Color online) Two visualized examples of the similarity matrix between the query and the support instance. Owing to

the limited space, these two cases are selected from HuffPost dataset, where the text is relatively short. In the heat maps, words in

the support instance are located in the horizontal direction, while words in the query are placed vertically. Deeper color signifies

the higher similarity score.

the intra-class knowledge by modeling the interaction between the query and support instances; (2) exploit
the cross-class knowledge by learning the distance distributions of different classes. Our framework can
effectively find the similar parts in the query and support instances, which are good clues for recognizing
the class. Besides, the addition of large margin loss leads to more separable sentence embeddings between
different classes. The experimental results validate the effectiveness of our designs, and demonstrate the
superiority of our proposal over the state-of-the-art competitors. In the future, we will try to extend our
framework to zero-shot learning, which is more challenging.
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