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Abstract
collecting large-scale data for them could be costly. Meta-learning, a promising technique for leveraging data from previous

Few-shot intent detection is a practical challenge task, because new intents are frequently emerging and

tasks to enable efficient learning of new tasks, has been a popular way to tackle this problem. However, the existing
meta-learning models have been evidenced to be overfitting when the meta-training tasks are insufficient. To overcome
this challenge, we present a novel self-supervised task augmentation with meta-learning framework, namely STAM. Firstly,
we introduce the task augmentation, which explores two different strategies and combines them to extend meta-training

tasks. Secondly, we devise two auxiliary losses for integrating self-supervised learning into meta-learning to learn more

generalizable and transferable features. Experimental results show that STAM can achieve consistent and considerable

performance improvement to existing state-of-the-art methods on four datasets.

Keywords

1 Introduction

Intent detection (ID) is a sub-field of text classifi-
cation, which aims at classifying the user’s utterance
into predefined classes, that is, intents. In real-world
scenarios, ID often suffers from a lack of training data,
because new intents are frequently added to the existing
collection and usually contain only a few samples. How
to use a few samples for intent detection has become
a challenging task. Few-shot intent detection (FSID)
presents a promising solution for this challenge, and
meta-learning is a mainstream paradigm to achieve the
goal of few-shot learning.

Typically, meta-learning solves the few-shot learn-
ing problem by learning the prior knowledge from vari-
ous meta-training tasks (episodes) in a so-called meta-
training stage, so that the model can quickly adapt to
new tasks with only a few samples. Although these
methods have shown promising performance, the su-
perior performance of these methods relies on enough

meta-training tasks. In the scenario of insufficient

self-supervised learning, task augmentation, meta-learning, few-shot intent detection

meta-training tasks, meta-learners could overfit these
meta-training tasks, which limits their generalization
ability ). Unfortunately, the above issue is significant
in FSID applications 2. This is because there are many
intents in real-world scenarios, and it is impractical to
collect enough data for each intent and construct a large
number of meta-training tasks.

Task augmentation, i.e., performing augmentation
on each task to generate new tasks for auxiliary
training, has been regarded as an explicit form of
regularization to address the overfitting issue in meta-
learning > ). Numerous methods"? have theoreti-
cally and numerically justified that task augmentation
effectively increases the types of meta-training tasks,
improving generalization. However, existing methods
are mainly on computer vision and have a little ex-
ploration in natural language. One potential reason
is that, unlike images, text is discrete and few word
substitutions may lead to significant semantic changes.
The semantic feature is an essential feature of intent
detection (6], If task augmentation leads to the seman-
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tic change or even affects the label to which the sample
belongs, it will damage the model’s performance. This
makes task augmentation more challenging in FSID.
To address the challenge, in this paper, we pro-
pose a novel self-supervised task augmentation with
meta-learning (STAM) framework for FSID. Firstly,
STAM generates meta-training tasks that are seman-
tically similar while having different features by static
augmentation and dynamic augmentation. Concretely,
as illustrated in Fig.1, static augmentation is to gene-
rate the augmented task for each original task by back-
translation® before encoding. On the other hand, dy-
namic augmentation can obtain two different represen-
tations by forward-passing an original task twice with
different dropout masks. Apart from the aforemen-
tioned task augmentation strategies, we also propose
to weave self-supervision learning into meta-learning by
adding two auxiliary losses in STAM (see Fig.2). The
goal is to learn more generalizable and transferable fea-
tures by using the structural information of data itself
as the supervision signals to improve the generalization
ability of meta-learning in meta-task insufficient scenar-
ios. For this purpose, we devise the task consistency
loss and the contrastive loss, respectively. The task
consistency loss ensures that the predictions of meta-
learner across different augmented tasks should be con-
sistent. And the contrastive loss is devised through the
maximization of mutual information between original
and augmented samples. Furthermore, we demonstrate
that these two auxiliary losses introduced in STAM are
helpful to improve the generalization ability of meta-
learning models. Our main contributions can be sum-

TS
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(a)
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marized as follows.

e Firstly, we introduce a simple yet effective task
augmentation for text, which explores two different
strategies and combines them to generate plenty of
meta-training tasks and analyze their effects.

e We then propose a novel STAM model, which in-
corporates self-supervision learning to meta-learning by
adding two additional learning objectives during the
meta-training stage. We demonstrate that STAM can
further improve the generalization capability under the
insufficient meta-training tasks scenario.

e Finally, extensive experiments on four popular
benchmark datasets show that our STAM achieves
strong or even state-of-the-art performance.

2 Related Work
2.1 Self-Supervised Learning

For the past few years, self-supervised learning
(SSL) has arisen much research interest in the field of
natural language processing. It defines an annotation-
free pretext task, which can enhance the model’s learn-
ing capability without requiring any additional annota-
tion effort. The main difference in existing SSL tech-
niques is how the supervisory signal is obtained from
the data. For example, in natural language process-

911 have explored masking part

ing, many studies!
of a sentence and predicting the masked words from
the remaining words. Other models!"3) adopt self-
supervised learning objectives with unsupervised data
by taking different views of the same sentence. Be-

sides, SimCSE predicts input sentence itself with

(b)

Fig.1. Comparisons among techniques. The blue denotes original tasks and the yellow denotes augmented tasks. (a) Static augmen-
tation: with back-translation to create new tasks before encoding. (b) Dynamic augmentation: with only dropout as noise to generate

new tasks in the encoding process.

(O Back-translation 78] refers to the procedure of translating an example into the target language using a machine translation
model and then re-translating it back into the source language to obtain an augmented example.
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Fig.2.

original samples and the yellow cuboids denote augmented samples.

dropout noise to produce superior sentence embeddings
Recently, the
potential of SSL for few-shot learning has been ex-
plored in [15-17]. [15,16] propose to integrate SSL into
few-shot learning by adding an auxiliary SSL pretext

from either unlabeled or labeled data.

task in a few-shot model. In [17], authors introduced
an episode-level pretext task to integrate SSL into the
episode training in FSL. Different from the existing SSL
approaches for few-shot learning, we propose new task
augmentation and introduce two auxiliary losses to in-
tegrate SSL into meta-learning. The most related work
is SMLMT 2| which pretrains the model on the pre-
text task and fine-tunes the model on the downstream
task. In contrast, our approach proposes two different
strategies to generate meta-training tasks and designs
an end-to-end framework STAM that closely integrates
SSL with meta-learning.

2.2 Meta Learning

Recently, meta-learning algorithms have received
widespread attention in the few-shot learning settings.
Generally, these methods can be roughly divided into
three categories: “learning to optimize”, “learning to
model” and “learning to compare”. The “learning to
optimize” methods are known as optimization-based
methods '8 191 which learn the parameter initializa-
tion for adapting the model to a new task with few
steps of parameter updating. The “learning to model”
[20,21]

)

methods are called as the model-based methods
which focus on designing either specific model struc-
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Schematic illustration of the proposed STAM. For clarity, only the 5-shot setting is presented here. The blue cuboids denote

tures or parameters capable of rapid updating. The
“learning to compare” methods, namely metric learn-
ing based methods 22725 attempt to learn a good em-
bedding and an appropriate comparison metric. In the
present study, although other methods can also be inte-
grated into our STAM, we mainly use the “learning to
compare” methods as the meta-learner for our STAM.
This is because they are efficient and straightforward.

In addition, meta-learning can also be integrated
with other machine learning frameworks. For instance,
recent application of meta-learning integrates reinforce-
ment learning for robots to learn basic skills and react
timely to rare situations 26271, Other studies [®29] in-
corporate graphs into meta-learning. GPN 2% is a novel
meta-learner that explicitly relates tasks on a graph
explaining the relations of predicted classes in few-shot
learning. [29] proposes a meta-relational learning frame-
work to transfer the general relational information from
existing triples to incomplete triples. Besides, [30, 31]
have recently explored the integration of self-supervised
learning into meta-learning. These approaches use the
self-supervised training loss as an auxiliary task to im-
prove the model. Our approach also follows this line
of work. To further improve the generalization of the
model, we design two auxiliary losses to integrate self-
supervised learning into meta-learning.

2.3 Few-Shot Intent Detection

For FSID, several studies have attempted to solve
it using different techniques. For instance, [32] pro-
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poses the pseudo-labeling technique for few-shot intent
detection, which devises the hierarchical clustering in-
spired method for assigning weighted pseudo-labels to
unlabeled user utterances. [33] introduces intent detec-
tion methods backed by pretrained dual sentence en-
coders. In [34], authors applied data augmentation
in conjunction with meta-learning to reduce sampling
bias. In [35], authors proposed a simple yet effective
few-shot intent detection method by leveraging con-
trastive pretraining and fine-tuning. Although these
methods have achieved good results, they ignore the
overfitting problem caused by insufficient meta-training
tasks. Our work focuses on this problem by construct-
ing STAM to alleviate it effectively.

3 Preliminaries
3.1 Problem Formulation

In this paper, we establish few-shot intent detection
in the meta-learning framework (23, Specifically, Cirain
denotes a set of seen classes, and Ciqg; 1S a set of unseen
classes, where Cirain N Chest = . Our goal is to learn a
meta-learner on Clain, SO that we can make predictions
over novel classes, which belong to Ciegt.

To emulate the few-shot scenario, the meta-learner
learns from a group of m-way, k-shot meta-training
tasks sampled from Cir.in and is then evaluated in
a similar way on Clet. Each meta-training task T
can be divided into two sets: 1) support set S =
{(xi,yi),i = 1,2,...,n X k} is formed by randomly se-
lecting k samples from each of the n classes and 2) query
set Q@ = {(x;,v:),4 = 1,2,...,n X m} contains other m
samples from the same n classes. For simplicity, we de-
note [, = n X k and I, = n x m. In the meta-training
stage, the training is done by feeding the support set
S to the model and updating the model based on loss
over the query set ). During meta-testing, we apply
the same mechanism to test whether our model can in-
deed adapt quickly to novel classes Ciegt.-

3.2 Meta-Learner

We use the prototypical network (ProtoNet) [24]

as our meta-learner. ProtoNet is a non-parametric
method, which is composed of the encoder f,(-) and the
non-parametric classifier g(-). Concretely, for each task

T, we first use the encoder f,(-) to map all samples into

J. Comput. Sci. & Technol., May 2022, Vol.37, No.3

the feature space, and then compute the mean feature
embedding of support samples for each class ¢ € Cipain
as the prototype p.:

Pe = % > folmi) Iy =),

(zi,y:)€S

where ¢ is the parameters of the encoder. I(-) denotes
the indicator function with its output being 1 if the in-
put is true or 0 otherwise. Once the class prototypes
are obtained from the support set, the distances be-
tween each query sample and the prototypes can be
calculated. Therefore, for each query sample x; € Q,
the posterior probability given class c¢ is as follows:

P(yi =c| i, 5; )
__ ep(dlfe(@i).po) "
Yo eCrnnn XP(—d(fe(Ti), Per))’
where d(-,-) represents the distance calculation func-
tion, and the Euclidean distance is used here. Finally,
the loss function used to meta-learn the parameters ¢
is defined as:

1
Lineta = 717 Z log(P(yz | Li, S? ¢)) (2)

9 (@4,y:)€Q

4 Proposed Method

In this section, we introduce the proposed STAM
(Fig.2). Firstly, we describe the details of task aug-
mentation strategies (Subsection 4.1). Based on that,
we present two auxiliary losses to incorporate self-
supervision learning into the meta-learning (Subsec-
tion 4.2). Finally, we present the total loss (Subsec-
tion 4.3) and a complete algorithm for STAM (Subsec-
tion 4.4).

4.1 Task Augmentation

Similar to data augmentation, task augmentation
aims at creating new and realistic-looking tasks by
applying a transformation to the original task® (361,
In this paper, we introduce three task augmentation
strategies: static augmentation, dynamic augmenta-
tion, and their combination.

Static Augmentation. The goal of this strategy
is to create new tasks by performing task augmenta-
tion before training. To this end, we use the back-
translation as transformation, since back-translation

®The main difference between data augmentation in classical machine learning and task augmentation in meta-learning is the
minimum unit of augmentation. For data augmentation in classical machine learning, the aim is to generate more diverse examples in
a single task. Task augmentation in meta-learning aims to generate more diverse tasks but not the number of examples in each task.
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may maximize language diversity while maintaining se-
mantic consistency. For each task T, we translate it
to another language, and then translate it back to the
source language as the augmented task 7”. Finally, we
feed the original task T and the augmented task T
into the transformer-based encoder to obtain the corre-
sponding feature embeddings Tcmb = {fo(xi)|x; € T}
and Temb - {f¢( )|iIZ; € T/}

Dynamic Augmentation. This strategy is to achieve
task augmentation by randomly dropping out neu-
rons during training. Concretely, given a task T =
{(xi,9:),i=1,2,...,(ls + 1g) }, we use different dropout
masks to feed the same task T into the encoder twice.
We therefore obtain two corresponding feature em-
beddings Te(m)b {fo(xi,w)|z; € T} and Te(il)b =
{fs(x;,w)|x; € T}, where w is a pre-defined proba-
bility for dropout. T( , and T
the augmented task feature embedding7 respectively.
We also use the transformer-based methods as the en-
coder here, thereby w is the standard dropout mask
and we do not need to add any additional dropout.

,, are the original and

Integration. From the above discussion, we conclude
that two task augmentation strategies are performed in
different ways. Therefore, we introduce their combina-
tion in STAM (see Fig.2). Specifically, for each original
task T', we firstly apply static augmentation to generate
augmented task 7. Then, we obtain the extended task
feature embeddings Te(m)b {fo(z;,w)|z; € T}, T =

emb T
{fo(xi,w)|zs € T}, T2, = {fs(@},w)|a} € T'} and
Te(i)b = {fo(x}, w)|x; € T'} by feeding the original task
and augmenting the task into dynamic augmentation.
Note that T(O)b is the original task feature embedding,
Tc(m)b(r =1,..., R) is the augmented task feature embed-
ding, and R is the number of augmented tasks (R = 3

in our implementation).

4.2 Auxiliary Losses

In order to make full use of the structural informa-
tion of the data itself to learn more generalizable and
transferable features, we design two auxiliary functions:
task consistency loss Liask and contrastive loss Leon-

Task Consistency Loss. We design the task con-
sistency loss by forcing the meta-learner learned over
the different augmented tasks to produce consistent
predictions. These are various options on how to en-
force such consistency. Inspired by [37], we adopt the
Kullback-Leibler (KL) divergence. More formally, for
each task T, we first pass it through the task aug-
mentation and its extended task feature embeddings

T e(m)b (r=0,..., R) are obtained. Then7 given a task fea-
ture embeddmg Té;)b = (Se(:nb7 Qemb) we compute the

4 ") with (1) over the query
samples ac le)lb(z = 1,..,l;). Finally, the task
consistency loss is computed w1th the bidirectional KL
divergence:

probability distrlbutlon P

Ltask

1 &
=522 (Dxu(P

r=13=1

PONPY) + Dir (P ||P)). (3)

Contrastive Loss. Following [38], we adopt the nor-
malized temperature-scaled cross-entropy loss as the
Concretely, we first merge the ext-
ended task and obtain a merged task. For each sample
in the merged support set, we select the correlated aug-
mented samples as positive, while all the other samples

contrastive loss.

are regarded as negative. The corresponding loss for a
positive pair of samples (x;, ;) is shown as the follow-
ing:
exp (Sim (x;, z;) /7)

M . :
> k=1 Iz exp (Sim (zi, @) /7)
Here, M is the number of samples in the merged sup-
port set, Sim(-,-) denotes the inner (dot) product, and

T is a scalar temperature parameter. Finally, the con-
trastive loss

Li7j = — IOg

Lcon is computed across all positive pairs:

. R
ZZ ke ki, - (4)

s k:

LCOn =

4.3 Total Loss

We argue that two auxiliary losses act as the
regularization term to prevent overfitting for meta-
learning. Thus, the total loss for STAM is finally stated
as:

Ltotal Lavg + a X Lta%k + B X Lcon7 (5)

where L, is the average of Lyeta for all tasks. o
and [ are the loss weight hyper-parameters. Note that
self-supervised learning is only exploited during meta-
training.

4.4 Full Algorithm

As we have mentioned above, during the episode
training, we first sample the task T from Cipain. We
then use task augmentation to obtain the extended fea-
ture embeddings T(I;)b(r =0,...,

o R). Next, we compute

the meta-learning loss Lyeta with (2) for all T( ")

emb
average all Lycta 88 Lavg. Meanwhile, we use (3) to

and
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compute the task consistency loss Li,gx for the original
and augmented tasks, and merge the extended tasks to
compute the contrastive loss Lo, with (4). Finally, all
losses are combined by (5) and gradient updates are
performed. Thus, our STAM is summarized in Algo-
rithm 1.

Algorithm 1. STAM
Input: labeled dataset Cirain

hyper-parameters «, 3
temperature parameter 7

while not converge do
Randomly sample original task T' from Cirain, where

T=(5Q)

Obtain the extended feature embeddings
Te(:n)b = (Sé;)b, Qigb)(r =0,...,R) from T using
task augmentation

Compute Leta with (2) for all Te(;)b and average all

Lmeta as Lavg

Compute Li,g with (3)

Merge the extended tasks and compute Lcon with (4)

Compute the total loss Liota) with (5)

Update parameter ¢ by minimizing Listal

end

5 Experiments
5.1 Datasets

To prove the effectiveness of our method, we
evaluate STAM on three intent detection datasets:
SNIPS 191, CLINC150 %) and Liu !, Considering that
intents contained in these datasets are from different
domains, training and test data might not be from the
same domain, which makes these datasets more chal-
lenging. In addition, to evaluate our method’s genera-
lity, we also test it on the text classification dataset
Huff*?). Table 1 summarizes the statistics of the diffe-
rent datasets.

SNIPSB,
assistants, and collected in a crowd sourced fash-
ion. We select two intents (AddToPlaylist, Rate-
Book) as the test set and the other five intents are

This dataset is about personal voice

J. Comput. Sci. & Technol., May 2022, Vol.37, No.3

divided into the training set (BookRestaurant, Play-
Music, SearchCreativeWork) and the validation set
(GetWeather, SearchScreeningEvent), respectively. We
evaluate the performance on the test set in 2-way-k-shot
settings, where k = {1, 5}.

CLINC150™0. This dataset is also about voice as-
sistants, and supports both in-scope and out-of-scope
data. In our experiments, we follow [43] to discard the
out-of-scope data and only keep the in-scope data, i.e.,
150 intents across 10 different domains. We choose 75
intents among five different domains (banking, kitchen,
home, auto commute and small talk) as the training
set and sample 45 intents from three domains (travel,
work, meta) as the test set. The remaining intents are
considered as the validation set.

Liu™. This dataset is collected from Amazon Me-
chanical Turk, and contains around 2.5k examples from
54 intents. We randomly choose nine intents (audio-
book, currency, joke, podcasts, post, quirky, recipe,
taxi, wemo_off) and eight intents (dontcare, game, re-
peat, ticket, factoid, dislikeness, radio, hue_lightchange)
as the test set and the validation set, respectively. The
remaining 37 intents are considered as the training set.

Huff*?. The dataset is used for text classification,
which contains around 200k new headlines published on
HuffPost from 2012 to 2018. These headlines are split
among 41 classes. We follow [42] to split the dataset
into few-shot setting, and the training, test, and vali-
dation set are divided into 20, 16, and 5 classes, respec-
tively.

5.2 Baselines

We compare against several baselines as fol-
lows. 1) We first compare it with ProtoNet[*4 and
RelationNet [?] (using a pretrained BERT as the text
encoder), since [44] has shown that equipping a BERT
model on the prototypical network and the relation net-
work can achieve the significant results for FSID. 2) We
also compare it with other state-of-the-art models, in-

Table 1. Main Statistics of Datasets

Vocabulary #Sentences #Classes Number of Tokens per Number of Sentences
Size (Train/Validation Sentence (Mean Value per Class (Mean Value
/Test (Total)) + Standard Deviation) + Standard Deviation)
SNTPS [39] 11641 14 484 3/2/2 (7) 9.0 + 3.2 2069 £ 21
CLINC150 [40] 7284 22500 75/30/45 (150) 8.5 £ 3.3 150 £ 0
Liu 41 12046 25478 37/8/9 (54) 7.5+ 34 472 £+ 823
Huff [42] 8218 36900 20/5/16 (41) 11.5 + 0.9 900 £ 0

Note: # denotes the number of something, e.g., #Sentences is the number of sentences. The last two columns are the mean values and

their standard deviation.
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cluding Pseudo-Label *2 and SMLMT [2I. The Pseudo-
Label is a semi-supervised few-shot intent detection
model; hence we can easily apply it for our experiments.
SMLMT is a self-supervised meta-learning approach,
and we use the code of SMLMT® and run it according
to our experimental settings.

5.3 Implementation Details

Our implementation is based on Pytorch@. For a
fair comparison, we adopt BERT [} for all methods fo
to calculate the sentence embedding. The Adam [*®! op-
timizer is adopted with the initial learning rate of 1.0 x
1072 for all the experiments. The hyper-parameters
a and § are selected from {0.01,0.1,0.5,1,1.5} and
{0.001,0.01,0.1,0.5,1} according to the performance
on the validation set respectively. We use the same
value of 0.07 as in [46] for temperature parameter 7.
We repeat the experiments with five different seeds
and report the mean classification accuracy because
the few-shot experiments are sensitive to initialization
and hyper-parameters. For STAM, we follow [7] to use
an English-to-German 7 and a German-to-English [*®]
machine translation model for back-translation used in
static augmentation. More specifically, we translate
each English sentence into one German sentence and re-
translate it to the English sentence. All experiments are
performed on a GPU node with a 10-core Intel Xeon Sil-

ver 4114 CPU and four NVIDIA GeForce 1080Ti GPUs.

6 Main Results

As shown in Table 2, the
proposed STAM method achieves the best performance

Overall Performance.

across all datasets. On average, STAM improves the 1-
shot accuracy by 1.3% and the 5-shot accuracy by 2.2%,
against the best baseline for each dataset. This vali-
dates the general effectiveness of our proposed STAM
in addressing FSID.

Comparison with Meta-Learners. Compared with
ProtoNet, STAM improves the performance by 5.05%,
0.77%, 2.08% and 7.32% on SNIPS, CLINC150, Liu,
and Huff under the 5-shot setting, respectively. Note
that on the text classification dataset Huff, STAM
shows considerable improvement.
gains of 1%—5% can be observed under the 1-shot set-
ting.

Furthermore, we compare different meta-learning

Similar consistent

algorithms as meta-learner in our framework. For Re-
lationNet, STAM-RelationNet is also effective, espe-
cially on SNIPS and Liu, and they increase by 1.93%
and 0.86% on 5-shot, respectively. This shows that
the meta-learners’ generalization ability can be im-
proved by equipping self-supervised task augmentation.
Moreover, we find that STAM is better than STAM-
This indicates that in
STAM, the encoder that benefits from auxiliary losses

RelationNet in most cases.

can output more discriminative representation and re-
duce dependency on the additional metric network (we
will discuss more in Section 7).

Comparison with State-of-the-Arts. We also com-
pare STAM with other SOTA methods, i.e., Pesudo-
Label [*2l and SMLMT 2. For instance, STAM outper-
forms SMLMT (similar to our method) by 1.68% and
5.21% on SNIPS and Huff under the 5-shot setting, re-
spectively. On 1-shot, the same trend can be observed
with consistent 2%-5% gains. From the results, we can
clearly see that our STAM outperforms these methods.

Table 2. Comparison of Mean Accuracy (%) on Four Datasets

Method SNIPS [39] CLINC150 [40] Liu [41] Huff [42]

1-Shot 5-Shot 1-Shot 5-Shot 1-Shot 5-Shot 1-Shot 5-Shot
ProtoNet [24] 81.4240.22 86.96+0.85 91.784+1.19 97.60+£0.13 79.33+1.15 91.17+0.31 49.47+1.20 65.89+1.08
RelationNet [25] 82.014+1.01 86.23+0.65 92.04+0.91 97.19+0.22 80.47+1.36 91.98+0.56 50.23+1.36 64.16-1.40
Pseudo-Label 32 83.504+0.27  90.50+0.94 92.90+0.26 97.1840.43 81.50+1.27 92.33+0.17 52.114+0.03  67.28+0.83
SMLMT 2] 83.9740.11 90.33+£0.95 92.3240.84 97.17+0.41 82.73+0.72 92.5540.13 52.74+0.03  66.91+0.62
STAM 85.1340.41* 92.01+0.50* 93.7340.41* 98.37+0.12* 84.4040.84* 93.25+0.35* 53.69+0.42* 72.12-+0.45*

STAM-RelationNet 85.07£0.56* 92.26+0.33* 92.914+0.76

98.104+0.13* 84.01+0.43* 93.41+0.14* 52.92+0.02* 71.614+0.97*

Note: SNIPS is the 2-way setting, and the others are the 5-way setting. STAM-RelationNet means replacing ProtoNet in STAM with
RelationNet. Most of our methods are significantly better than the baseline models with p-value < 0.01 (marked by %) and p-value

< 0.05 (marked by *) using t-test. The best results are bolded.

@https://github.com/iesl/metanlp, March 2022.
@https://pytorch.org/, March 2022.
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This further demonstrates the effectiveness of STAM.

7 Ablation Studies and Analysis

Effect of Augmentation Strategies. We investigate
the impact of different augmentation strategies on the
model. These results are shown in Table 3. We find
that the performance drops clearly when we indepen-
dently remove static augmentation or dynamic augmen-
tation. This shows that both augmentation strategies
contribute to the model. Furthermore, we can also see
that the performance can be further improved by si-
multaneously adopting both augmentation strategies,
which confirms that two augmentation strategies are
complementary.

Table 3. Ablation Study on the Different Augmentation Strate-
gies Contributions in 5-Way Setting

Setting Liu [41] Huff [42]

1-Shot 5-Shot 1-Shot 5-Shot
STAM 84.40 93.25 53.69 72.12
w/o dynamic augmentation 81.71 92.54 51.99  70.38
w /o static augmentation 81.62 9256 51.25 69.88

Note: Mean accuracy is reported on the Liu and Huff datasets
(w/o means without).

Effect of Loss Function. We also study the contribu-
tion of task consistency loss Liax and contrastive loss
Lcon for our method. To this end, we conduct an abla-
tion study on Liu and Huff datasets by setting the auxi-
liary loss weight as 0. The results are shown in Table 4.
It can be observed that both losses contribute to the
performance. Additionally, we also visualize the repre-
sentation of the test set using -SNE in Fig.3. We can
see that representations learned with auxiliary losses
exhibit a more clear and more compact cluster struc-
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e, &1t s, ® Sports
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T
Fo 1o e
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ture than those without auxiliary losses, such as intents
Sports, Religion (see Fig.3(a) vs Fig.3(b)). This further
validates the effectiveness of the two auxiliary losses.

Table 4. Ablation Study of the Objective Function in 5-Way
Setting

Lave Lcon  Liask Liu 1] Huff [42]
1-Shot 5-Shot 1-Shot 5-Shot
v 81.11 92.29 49.48 65.89
v v 81.47 92.36 52.89 72.08
v v 81.69 92.54 51.42 68.78
v v v 84.40 93.25 53.69 72.12

Note: Mean accuracy is reported on the Liu and Huff datasets.

Effect of Hyper-Parameters. In order to evaluate the
influence of hyper-parameters o and 8 on our method,
we train our STAM with different values of hyper-
parameters on the Liu dataset. From results in Fig.4,
with the increase of a values, the performance increases
first and then falls. The highest accuracy is obtained on
« = 1. This indicates that if « is too small, L. would
not help much; on the other hand, if it is too large, it
may overshoot the minima and fail to converge. Fig.4
shows that the performance of 5 shows the same trend.
However, when 8 > 0.1, the accuracy falls sharply. We
conjecture that the small 8 is necessary due to the diffe-
rence in scale of the contrastive and the other losses.

Analysis of Training Efficiency. To analyze the ef-
fect of STAM on training efficiency, we compare STAM
with three strategies: without dynamic augmentation,
without static augmentation, and without task aug-
mentation. The performance changes of the validation
set as the training proceeds are shown in Fig.5. We can
observe that the training process introduces little ex-
tra costs but distinct benefits. Specifically, our method
only takes about 7 minutes more to bring a performance
boost.

Taste
e Tech
® Style & Beauty , .:."

‘Worldpost
® Travel

Fig.3. Visualizations of data distributions on Huff 42, (a) Without two auxiliary losses. (b) With two auxiliary losses.
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8 Conclusions

This paper focused on realistic few-shot intent de-
tection and proposed a novel STAM model to over-
come the potential overfitting problem caused by the
insufficient meta training tasks. The STAM includes
our proposed task augmentation to increase the meta-
training tasks for auxiliary training and devises two
auxiliary losses to incorporate self-supervision learning
into meta-learning. The effectiveness of STAM is vali-
dated on four benchmark datasets in both 1-shot and
5-shot settings. Compared with some state-of-the-art
methods, STAM improved the mean accuracy by about
1.3% and 2.2% in 1-shot and 5-shot settings, respec-
tively.

The potential bottleneck of our research is that the
task augmentation relies on back-translation, which in
turn depends on machine translation models. Cur-
rently, machine translation models have weak support
for long text, which will limit the application scenarios
of our model.

For further work, we plan to explore different strate-

gies to augment the number of meta-tasks, various de-
signs of self-supervised tasks, and the effectiveness of
STAM in other domains.
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