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ABSTRACT
Label representation aims to generate a so-called verbalizer to an
input text, which has a broad application in the field of text classifi-
cation, event detection, question answering, etc. Previous works on
label representation, especially in a few-shot setting, mainly define
the verbalizers manually, which is accurate but time-consuming.
Other models fail to correctly produce antonymous verbalizers for
two semantically opposite classes. Thus, in this paper, we propose a
metric sentiment learning framework (MSeLF) to generate the ver-
balizers automatically, which can capture the sentiment differences
between the verbalizers accurately. In detail, MSeLF consists of two
major components, i.e., the contrastive mapping learning (CML)
module and the equal-gradient verbalizer acquisition (EVA) module.
CML learns a transformation matrix to project the initial word
embeddings to the antonym-aware embeddings by enlarging the
distance between the antonyms. After that, in the antonym-aware
embedding space, EVA first takes a pair of antonymous words as
verbalizers for two opposite classes and then applies a sentiment
transition vector to generate verbalizers for intermediate classes.
We use the generated verbalizers for the downstream text classifica-
tion task in a few-shot setting on two publicly available fine-grained
datasets. The results indicate that our proposal outperforms the
state-of-the-art baselines in terms of accuracy. In addition, we find
CML can be used as a flexible plug-in component in other verbalizer
acquisition approaches.
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1 INTRODUCTION
Label representation targets to verbalize a natural text to make
the machine understand the semantics, which has been widely
used in the state-of-the-art transfer learning models to transform
various natural language processing tasks into the text inference
tasks [35, 36]. It has led to significant improvements, especially in
the few-shot scenarios [7]. In such settings, the labels are repre-
sented as the model-selected words, i.e., verbalizers [43], and the
pre-trained language model is fine-tuned to maximize the prob-
ability of selecting the accurate verbalizers. Many existing NLP
methods apply verbalizers to aid the downstream tasks, e.g., event
extraction [10], text classification [43, 52] and question answering
[13, 54], where generating the verbalizer mainly depends on the
input for a specific task. For instance, for a case in the Yelp-Review
dataset, a classifier is trained to generate one of the words {“Great”,
“Good”, “Okey”, “Bad” and “Terrible”}, corresponding to the labels
{1, 2, 3, 4, 5}, which is taken as a text generation task. It has been
experimentally demonstrated that the verbalizers have a signifi-
cant impact on the downstream tasks, especially in the few-shot
scenarios [7].

Previous approaches for representing the labels, i.e., generating
the verbalizers, mainly rely on a fixed pattern to match the words
with the labels. They simply refer to the common sense to deter-
mine a static list of highly contrastive words (i.e., antonyms) that
correspond to different labels one by one [10, 12, 19, 29]. Such ap-
proaches make sense but hardly adapt to the dynamic situation of
natural language, failing to generate appropriate verbalizers corre-
sponding to various inputs. In addition, a matching based approach
is proposed to generate the verbalizer of an individual class by
calculating the probability of the words matching a particular class
of data [42, 43].

However, the verbalizers generated by such approaches are often
unsatisfied. First, they cannot ensure the generated verbalizers for
two opposite classes are antonyms. Second, the generated verbaliz-
ers fail to accurately express the differences among the intermediate
classes apart from these two opposite classes. It could be due to
ignoring the overlap of embedding spaces caused by the distribu-
tional assumption of word co-occurrence [50, 53, 55], i.e., words in
similar contexts usually have similar embeddings. We visualize the
embeddings of three pairs of antonymous words in Fig. 1, which
are picked up from RoBERTa-Large [21]. The red (A), yellow (B)
and green (C) circles represent the antonym pairs in the embedding
space. It can be seen from Fig. 1a that the words keep close to their
corresponding antonyms, i.e., creating an overlap in the embedding
space. However, we argue this overlap will lead to difficulty to gen-
erate correct verbalizers. Instead, the antonymous words should be
highly contrastive as plotted in Fig. 1b.

Hence, in this paper, we would like to solve the aforementioned
issues by borrowing the merits of metric learning [3, 45, 48, 49]
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Figure 1: Visualization of words from the pre-trained lan-
guage model RoBERTa-Large.

as well as the manifold learning [5, 9, 40] to automatically gener-
ate the verbalizers for an input text. We propose aMetric Senti-
ment Learning Framework (MSeLF) that consists of two major
components, i.e., the Contrast Map Learning (CML) module and
the Equal-gradient Verbalizer Acquisition (EVA) module. CML per-
forms like a dimensional transformation operation on the original
word embeddings, which is trained with a triplet loss to create an
antonym-aware embedding space that well solves the antonym
overlap problem in the embedding space. Then, EVA applies a modi-
fied matching method to select a pair of antonyms as the verbalizers
of two opposite classes, and refers to a sentiment transition vector in
the antonym-aware embedding space for generating the verbalizers
for the intermediate classes.

To sum up, our contributions can be summarized as follows:
(1) To the best of our knowledge, we are the first to use the

metric learning and the manifold learning for automatically
generating the verbalizers by proposing the metric sentiment
learning framework (MSeLF).

(2) We use CML to create an antonym-aware embedding space
and apply the sentiment transition vectors to generate the
accurate representation of the label for each class, which
solves the overlap problem in the embedding space.

(3) We apply the verbalizers generated by our proposal as well
as the state-of-the-art baselines in a few-shot setting for the
text classification task on two public fine-grained datasets,
i.e., Yelp-Review 1 and Amazon-Review 2. The results show
that MSeLF outperforms the baselines and presents a close
performance to the manual evaluation.

2 RELATEDWORK
We first review the traditional approaches for label representation
in Sec. 2.1, which focus on representing labels as the model-selected
words. Then, we summarize recent works on antonym distinction
in Sec. 2.2, which is widely applied to few-shot learning models for
generating high-quality word embeddings. Finally, we summarize
the related works on metric learning in Sec. 2.3, which is often used
to avoid the overfitting problem in few-shot learning models.

2.1 Label representation approaches
In recent state-of-the-art transfer learning methods, labels are rep-
resented as words to be generated for the text classification task,

1https://www.kaggle.com/yelp-dataset/yelp-dataset
2https://www.kaggle.com/snap/amazon-fine-food-reviews

which is viewed as a text generation task. Existingmethods for label-
word matching can be categorized to the pattern-based methods
and the matching-based models.

On the one hand, the pattern-based methods focus on replac-
ing labels with fixed words following a pre-defined pattern. For
example, Du and Cardie [10], Liu et al. [19] propose to target an
event extraction to a question word, e.g., “where” and “when”, cor-
responding to the extraction type of location and time, respectively.
Moreover, Hu et al. [12] utilize certain words to represent entities
thatmay be contained in the image and use the correlations between
words to aid the multi-label classification of images. Furthermore,
Nogueira et al. [29] investigate the effect of label representation on
document retrieval and ranking, where “Positive” and “Negative”
are replaced with “True” and “False”, respectively.

On the other hand, the matching-based methods rely on the
scoring criteria to identify the representative words for different
categories. For instance, Petroni et al. [31], Schick and Schütze [43]
propose to assign a random word to each label for initializing the
label-wordmapping, which is then improved iteratively by finding a
better inversion of word substitution via a greedy fashion.Moreover,
Schick et al. [42] utilize one Vs. Rest to convert multi-category
matches to two-category matches and adopt the likelihood ratios
to measure how well the verbalizer matches the instance. However,
the above approaches either fail to well adapt the dynamic situation
of natural language or cannot ensure the generation of words with
sufficient contrast for classes with opposite contexts. Instead, our
proposal is able to produce appropriate verbalizers for different
inputs. Moreover, by taking the antonyms as verbalizers, MSeLF
can fully exploit the antonym-aware embedding space to make
verbalizers close to the manual setting.

2.2 Antonym distinction approaches
In general, extracting verbalizer is sensitive to the representation
of antonym pairs, where the overlapped word embeddings lead
difficulty to distinguish the antonym pairs. Existing approaches
on antonym distinction can be divided into two types [2], i.e., the
embedding-based and the pattern-based approaches.

The embedding-based approaches heavily rely on the distribu-
tional assumption that words with similar or opposite meanings
usually occur in the respectively similar or opposite contexts [47].
For instance, Cho et al. [8], Mikolov et al. [23, 24] use the neural
networks to train the model. In addition, the large-scale texts are
often used to train the embedding vectors [4, 32, 39]. For exam-
ple, Scheible et al. [41] explain the difference in the distribution
of synonyms and antonyms by constructing a distributional word
space model. Adel and Schütze [1] adopt the co-reference chains to
generate the text embeddings with antonym classification capabili-
ties. Moreover, Nguyen et al. [27] distinguish the antonyms from
synonyms by integrating the distributional lexical comparison in-
formation. The pattern-based approaches focus on obtaining lexical
and syntactic patterns from a large-scale text corpora [18, 26, 44].
For example, Roth and im Walde [38] utilize the discourse relations
as additional features of lexical syntactic patterns to distinguish
the antonyms from synonyms. Nguyen et al. [28] combine the
lexicon-syntactic pattern features with the distributional features
to represent the antonyms.

Full Paper Track CIKM ’21, November 1–5, 2021, Virtual Event, Australia

1704



However, the aforementioned models mainly focus on using
either the synonyms or antonyms for training. Our proposal refers
to a triplet network to ensure that both synonyms and antonyms
are involved in training. In addition, upon a pre-trained language
model, i.e., RoBERTa-Large [21], our approach can well exploit the
word semantics.

2.3 Metric learning methods
Metric learning has been widely applied to few-shot learning to
derive transferable knowledge and works well on the target task
without fine-tuning [49]. Metric-based methods generally learn a
distance function between the data points to classify the instances
to the labeled samples. The distance function consists of two major
parts, i.e., an embedding function encoding any instance into a
representation space and a similaritymetric for classifying instances
into categories. For example, Koch et al. [14], Loster et al. [22] use a
Siamese network which takes two instances as inputs and outputs
a scalar indicating whether the inputs belong to the same class
or not [30, 34]. Vinyals et al. [48] propose the first metric-based
meta-learning algorithm, which is essentially a parametric nearest
neighbors algorithm [6, 15, 51]. Moreover, Snell et al. [45] use the
class representations rather than the example representations in the
support set and utilize a similarity metric to classify the instances
[20]. Sung et al. [46] propose the relation network, which consists of
an embedding function and a scoring function. Unlike the prototype
network, the scoring function is defined as a deep neural network
rather than a measurement of the Euclidean distance.

However, existing metric learning methods merely focus on
measuring the distance between the instances and the class rep-
resentations, without fully considering the transition relationship
between the instances. Instead, our proposal adopts a sentiment
transition vector to measure the relative sentiment shifts between
words so as to obtain the accurate label representations.

3 APPROACH
In this section, we first define the task investigated in this paper
and introduce the framework of our proposal in Sec. 3.1. Then, we
detail the contrast map learning (CML) module in Sec. 3.2 and the
equal-gradient verbalizer acquisition (EVA) part in Sec. 3.3.

3.1 Task definition and model framework
Before defining the verbalizer acquisition task in detail, we first
introduce a situation where the verbalizer works, i.e., a text refor-
mulation process proposed by a semi-supervised few-shot learning
model called PET [43], which reformulates the sentences with man-
ually designed patterns. Formally, given a text training dataset
T = {𝑡𝑖 }𝑧𝑖=1 (𝑡𝑖 is a piece of the original text) and the pre-manually
designed text patterns P = {𝑃 𝑗 }𝑚𝑗=1, we use 𝑃 𝑗 (𝑡𝑖 ) to denote the
patterned sentence of 𝑡𝑖 with 𝑃 𝑗 . This process can be formulated as:

𝑡𝑖 = 𝐼 𝑟𝑒𝑎𝑙𝑙𝑦 𝑒𝑛 𝑗𝑜𝑦 𝑡ℎ𝑒 𝑓 𝑜𝑜𝑑 ℎ𝑒𝑟𝑒., 𝑡𝑖 ∈ T

𝑃 𝑗 (𝑡𝑖 ) = 𝐼𝑡 𝑖𝑠 [𝑀𝐴𝑆𝐾], 𝐼 𝑟𝑒𝑎𝑙𝑙𝑦 𝑒𝑛 𝑗𝑜𝑦 𝑡ℎ𝑒 𝑓 𝑜𝑜𝑑 ℎ𝑒𝑟𝑒., 𝑃 𝑗 ∈ P .
(1)

The goal of acquiring verbalizers is to select a suitable word
𝑤 , i.e., the verbalizer, from the vocabulary set V to replace the

[𝑀𝐴𝑆𝐾] token in the patterned sentence 𝑃 𝑗 (𝑡𝑖 ) in Eq. (1). In addi-
tion, we can evaluate the quality of the verbalizers based on the
performance of the PET model in the downstream tasks. Given a
pre-trained text classification modelM, the classification process
can be formulated asM(𝑡, 𝐿𝑀 ) → 𝑙 , where 𝑙 ∈ 𝐿𝑀 consisting of
𝑀 different labels. Therefore, the accuracy of text classification can
reflect the effectiveness of verbalizers to some extent with:

min
𝑣∈V

1
𝑧

1
𝑚

𝑧∑︁
𝑖=1

𝑚∑︁
𝑗=1

1{G(𝑡𝑖 ) −M(𝑃 𝑗 (𝑡𝑖 ), 𝑣)}, (2)

where G(𝑡𝑖 ) denotes the ground-truth label for the original text 𝑡𝑖 ,
𝑣 is a verbalizer selected from the vocabulary set V , 1(·, ·) is an
indicator function that outputs 0 when two inputs belong to the
same label, otherwise outputs 1. Then, the task studied in this paper
is to acquire the verbalizer for each label automatically, which can
be reformulated as follows. Given a classification task with the label
set 𝐿𝑀 , verbalizer acquisition aims to select a verbalizer𝑉 (𝑙𝑖 ) with:

𝑉 (𝑙𝑖 ) ← S(V, 𝑙𝑖 ), 𝑙𝑖 ∈ 𝐿𝑀 , (3)

where S is a verbalizer acquire function that retrieves a word from
the vocabularyV for a given label 𝑙𝑖 .

To deal with the aforementioned task, we propose a metric
sentiment learning framework (MSeLF) based on metric senti-
ment learning. We plot the framework in Fig. 2. Clearly, MSeLF
mainly consists of the contrast map learning (CML) component
and the equal-gradient verbalizer acquisition (EVA) component,
which will be detailed in the following sections, respectively.

3.2 Contrast map learning
The CML component aims to create a new antonym-aware embed-
ding space so as to enlarge the distance between the embeddings
of antonyms.

First, we construct a training set T𝑚𝑎𝑝 with an external knowl-
edge base of synonyms and antonyms provided by WordNet 3. For
a specific word 𝑥𝑖 , if its synonym 𝑥𝑠

𝑖
and antonym 𝑥𝑎

𝑖
both ap-

pear in the original dataset T , they will be included in T𝑚𝑎𝑝 as a
triplet {𝑥𝑖 , 𝑥𝑠𝑖 , 𝑥

𝑎
𝑖
}, while the rest of the words are included in the

unmapped set T𝑜𝑡ℎ𝑒𝑟 . This process can be formulated as follows:{
T𝑚𝑎𝑝 = ∪𝑛

𝑖=1𝑥𝑖 𝑠 .𝑡 .{𝑥𝑖 , 𝑥𝑎𝑖 , 𝑥
𝑠
𝑖
} ∈ T

T𝑜𝑡ℎ𝑒𝑟 = ∪𝑛
𝑖=1𝑥𝑖 𝑠 .𝑡 .{𝑥𝑖 , 𝑥𝑎𝑖 , 𝑥

𝑠
𝑖
} ∉ T . (4)

According to the purpose of building a contrast mapping for an
antonym-aware embedding space, we can infer a distance relation-
ship in the embedding space. That is, a word should stay closer
with its synonyms than with its antonyms. We formulate it as:

𝑑𝑖𝑠𝑡 (𝑥𝑖 , 𝑥𝑠𝑖 ) < 𝑑𝑖𝑠𝑡 (𝑥𝑖 , 𝑥
𝑎
𝑖 ), (5)

where 𝑑𝑖𝑠𝑡 (·, ·) is the distance score, which is evaluated by a nega-
tive cosine similarity between two vectors. For instance, given two
inputs 𝑎 and 𝑏, we can get:

𝑑𝑖𝑠𝑡 (𝑎, 𝑏) = − 𝑎 · 𝑏
| |𝑎 | |22 · | |𝑏 | |

2
2
, −1 ≤ 𝑑𝑖𝑠𝑡 (𝑎, 𝑏) ≤ 1. (6)

As existing approaches do not propose an effective way to im-
prove the training efficiency of the contrast mapping with a few
samples using both synonyms and antonyms, we adopt the structure
3https://wordnet.princeton.edu/
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Figure 2: Overview of the metric sentiment learning framework.

of a triplet network composed of three fully connected networks
with sharing weights to ensure that both synonyms and antonyms
are involved in training. We present the Triplet Network in Fig. 3.
Here, we input a triplet of an anchor word 𝑥 and its synonym as
well as antonym into the network. We take the synonym 𝑥𝑠 as a
positive sample and the antonym 𝑥𝑎 as a negative sample. A loss
function is designed to update the weights of the fully-connected
network.

In detail, the outputs of the MLP network in the triplet networks
can be formulated as:

𝑒 (𝑥) = 𝑅𝑒𝐿𝑢 (𝑊𝑏𝑥 + 𝑏), (7)

where𝑊𝑏 and 𝑏 are the weight matrix and the bias in the multi-
layer perceptions layer, respectively. Here, the original input word
embeddings are directly obtained from RoBERTa-Large [21], which
are not updated throughout the training process to reduce the
computational effort. By doing so, we can obtained the respective
embeddings of the anchor word, synonym and antonym denoted
as 𝑒 (𝑥𝑖 ), 𝑒 (𝑥𝑠𝑖 ) and 𝑒 (𝑥

𝑎
𝑖
).

Regarding the triplet ranking loss, following the idea of a triplet
network [11] which favors a small distance between pairs of ex-
amples with the same label and a large distance for pairs with a
different label, we formulate the training loss L𝑚𝑎𝑝 for the contrast
map learning component as:

L𝑚𝑎𝑝 =
∑︁

{𝑥𝑖 ,𝑥𝑠𝑖 ,𝑥𝑎𝑖 }∈T𝑚𝑎𝑝

max{0, 𝛼 + 𝑑𝑖𝑠𝑡 (𝑒 (𝑥𝑖 ), 𝑒 (𝑥𝑠𝑖 )) −

𝑑𝑖𝑠𝑡 (𝑒 (𝑥𝑖 ), 𝑒 (𝑥𝑎𝑖 ))} 𝑠 .𝑡 .𝛼 > 0,
(8)

where 𝛼 is a fixed threshold and the cosine similarity is applied to
measure the distance.

To generate the embeddings of all words in T by CML, upon the
triplet network, we multiply the weight matrix𝑊𝑏 in the triplet
network with the initial word embedding matrix 𝐸𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 obtained
from RoBERT-large, which is then concatenated with 𝐸𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 to
produce the word embedding matrix 𝐸𝑛𝑒𝑤 , i.e.,

𝐸𝑛𝑒𝑤 = 𝐸𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 ∗𝑊𝑏 ⊕ 𝐸𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 . (9)

Figure 3: Overview of the Triplet Network for extracting the
synonym-antonym distinctions.

3.3 Equal-gradient verbalizer acquisition
Motivated by the human understanding process of sentiment shift,
the EVA module is used to obtain the representation words for each
label based on the embeddings generated by CML.

Recall the situation where the verbalizer works, given a text 𝑡𝑖 ∈
T , the selection of label 𝑙𝑖 ∈ 𝐿𝑀 is transformed into a selection of
the verbalizer 𝑣𝑙 ∈ V . This transformation process can be formally
expressed as:

𝑄 (𝑙𝑖 |𝑡𝑖 ) =
𝑒𝑥𝑝𝑃𝑀 (𝑣𝑙 |𝑃 𝑗 (𝑡𝑖 ))∑ |V |

𝑘=1 𝑒𝑥𝑝𝑃
𝑀 (𝑣𝑘 |𝑃 𝑗 (𝑡𝑖 ))

(10)

where 𝑃𝑀 is a conditional probability distribution,𝑄 is the probabil-
ity of generating label 𝑙𝑖 given 𝑡𝑖 , and 𝑃 𝑗 refers to a pattern from P.
We then use T𝑙𝑖 to denote the text with label 𝑙𝑖 . A natural criterion
for the suitability of the verbalizer 𝑣𝑙 is to calculate its likelihood to
the training data T , resulting in a maximum likelihood estimation:

𝑣𝑙 ← argmax
𝑣𝑖 ∈V

∏
𝑡𝑖 ∈T𝑙𝑖

𝑄 (𝑃 𝑗 ,𝑣𝑖 ) (𝑙𝑖 |𝑡𝑖 ) . (11)

However, finding an optimal verbalizer by iteratingV is difficult
to implement and leads to an extremely high computation overhead.
To overcome this problem, we apply the idea of Noise Contrastive
Estimation (NCE) [25] to reform the multi-classification problem
into a binary classification problem. To this end, we group the sam-
ples according to the corresponding labels, e.g., {𝑙1, 𝑙2, · · · , 𝑙𝑀 }, and
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denote the group with label 𝑙𝑖 as the target class containing posi-
tive samples and the other groups as the noise classes containing
negative samples. The reformed dataset is denoted as T𝑙 . We use 𝑙
to denote the label of samples in this circumstance:

𝑙 =

{
1, 𝑖 𝑓 𝑙 = 𝑙𝑖
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

(12)

This reforming process creates a label imbalance, i.e., T𝑙 contains
(𝑀-1) times negative samples as positive ones. We address this
imbalance by adding a factor 𝑠 as:

𝑠 (𝑙) =
{

1, 𝑖 𝑓 𝑙 = 1
𝑛𝑦/(|T𝑙 | − 𝑛𝑦), 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒,

(13)

where 𝑛𝑦 is the number of samples in T𝑙 with label 𝑙 = 1. This
factor is similar to the imbalance solution suggested by Lee et al.
[16] for the multi-class classification task with the support vector
machines. We then reformulate the purpose of maximizing the
likelihood 𝑄 (𝑃 𝑗 ,𝑣𝑖 ) (𝑙𝑖 |𝑡𝑖 ) in Eq. (11) as the aim of minimizing the
cross entropy 𝐿𝐶𝐸 (T𝑙 , 𝑣𝑖 ) between the ground truth label 𝑙𝑖 and the
model prediction 𝑞 (𝑃 𝑗 ,𝑣𝑖 ) as:

𝐿𝐶𝐸 (T𝑙 , 𝑣𝑖 ) = −
∑︁

(𝑡𝑖 ,𝑙𝑖 ) ∈T𝑙

𝑠 (𝑙𝑖 ) · log𝑄 (𝑃 𝑗 ,𝑣𝑖 ) (𝑙𝑖 |𝑡𝑖 ) . (14)

Yet, as the size of vocabularyV is quite large, the model predicts
the conditional probability distribution of 𝑙 = 0 given 𝑡𝑖 is always
close to 1 and its logarithm is close to 0, indicating that the negative
samples contribute nearly nothing to the cross-entropy loss in
Eq. (14). We solve this problem by considering the likelihood ratio
of the conditional probability distribution like:

𝐿𝐿𝑅 (T𝑙 , 𝑣𝑖 ) = −
∑︁

(𝑡𝑖 ,𝑙𝑖 ) ∈T𝑙

𝑠 (𝑙𝑖 ) · log
𝑄 (𝑃 𝑗 ,𝑣𝑖 ) (𝑙𝑖 |𝑡𝑖 )

𝑄 (𝑃 𝑗 ,𝑣𝑖 ) (1 − 𝑙𝑖 |𝑡𝑖 )
. (15)

Note that we denote the groups with label 𝑙1 or 𝑙𝑀 as two extreme
classes and other groups as intermediate classes. After obtaining
the verbalizer for one of the extreme classes by Eq. (15), we use the
antonym list to find its antonyms as candidates. The same likelihood
ratio loss is then used to find the most suitable verbalizer for the
other extreme class.

After we obtain the verbalizers for these two extreme classes
𝑣1 and 𝑣𝑀 , we use the previously mentioned sentiment transition
operation to select the verbalizers for the intermediate classes. In
particular, we use the difference of the extreme class verbalizers in
the embedding space as the sentiment transition vector ®𝑔𝑠 like:

®𝑔𝑠 = 𝑣𝑀 − 𝑣1 . (16)

Then, we calculate the sentiment gradient, i.e., the ideal differ-
ence between each class, by a division operation as:

Δ𝑠 =
1

𝑀 − 1 × ®𝑔𝑠 (17)

Finally, we apply the sentiment gradient to the verbalizers of the
extreme classes to obtain the verbalizers of intermediate classes.

The detailed process of EVA can refer to Algorithm 1. We first
use the likelihood ratio loss in Eq. (15) to select an antonym pair as
verbalizers for two extreme classes as line 1 and 2. Then, we compute
the difference of the embeddings of two verbalizers as the sentiment
transition vector as shown in line 3. We then divide the sentiment

Algorithm 1 Equal-gradient verbalizer acquisition

Input: 𝑀 is the number of classes in the dataset,V is the vocab-
ulary. 𝑝𝑟𝑜𝑡𝑜𝑡𝑦𝑝𝑒 () denotes the word prototype for a specific
class [45]. 𝐿𝐿𝑅 denotes the likelihood ratio loss in Eq. (15).
𝑎𝑛𝑡𝑜𝑛𝑦𝑚(𝑤) denotes the set of antonyms of w.

Output: Verbalizers of all categories {𝑣1, · · · , 𝑣𝑀 }.
1: Obtain verbalizer for 𝑣1: 𝑣1 ← argmin

𝑤∈V
𝐿𝐿𝑅 ;

2: Obtain verbalizer for 𝑣𝑀 : 𝑣𝑀 ← argmin
𝑤∈𝑎𝑛𝑡𝑜𝑛𝑦𝑚 (𝑣1)

𝐿𝐿𝑅 ;

3: Obtain the sentiment transition vector: ®𝑔𝑠 = 𝑣𝑀 − 𝑣1;
4: for 𝑗 𝑖𝑛 (𝑀 − 1) do
5: 𝑝𝑟𝑜𝑡𝑜𝑡𝑦𝑝𝑒 (𝑣 𝑗 ) ⇐ 𝑣1 + 𝑗−1

𝑀−1 × ®𝑔𝑠 ;
6: for𝑤𝑜𝑟𝑑 ∈ V do
7: 𝑣 𝑗 ⇐ arg min

𝑤𝑜𝑟𝑑
𝑑𝑖𝑠𝑡 (𝑤𝑜𝑟𝑑, 𝑝𝑟𝑜𝑡𝑜𝑡𝑦𝑝𝑒 (𝑣 𝑗 );

8: end for
9: end for
10: return {𝑣2, · · · , 𝑣𝑀−1}.

transition vector by𝑀 − 1 to produce the sentiment gradient as a
total of𝑀 classes are contained in the dataset as line 4 and 5. For
the 𝑗-th intermediate class, we add 𝑗 − 1 sentiment gradients to
the embeddings of the verbalizer of the first extreme class, which
is then used as the prototype of the 𝑗-th class [45]. Finally, we
calculate the distances between the words in the vocabulary and
this generated prototype, and pick up the word with the smallest
distance as the verbalizer of the 𝑗-th class as shown in lines 6 and 7.

4 EXPERIMENTAL SETUP
In this section, we first present the datasets used for experiments in
Sec. 4.1. Then, we discuss the research questions in Sec. 4.2. Finally,
we summarize the baselines and our proposals in Sec. 4.3.

4.1 Datasets
For the data used for pretraining CML, we employ the same enrich-
ing method [39] on several publicly available sources 4 to expand
the word list with a large number of synonyms and antonyms. The
expanded word list consists of 11,109 antonym pairs and 68,971 syn-
onym pairs. To cover the synonyms and antonyms in the validation
sets, we reduce the redundant word pairs in the expanded word list,
resulting in 4,640 antonym pairs and 22,736 synonym pairs. These
retained word pairs can be further partitioned into 23,494 pairs in
the training set and 3,882 pairs in the test set.

We evaluate the performance of the state-of-the-art baselines
and our proposed model on two datasets, i.e., Yelp-Reviews 5 and
Amazon-Reviews 6, which are commonly used for sentiment clas-
sification. Yelp-review collects data from the restaurant industry
and Amazon-review refers to user opinions from a number of sec-
tors including books, movies, sports and health. Table 1 details the
rating distribution in the dataset.

To construct a low-resource scenario, we randomly obtain a
series of training sets T consisting of 𝑡 samples from the dataset,
i.e., 𝑡 ∈ {10, 50, 100, 1000}, leading to four individual sub datasets.
4https://github.com/ec2604/Antonym-Detection,
https://wordnet.princeton.edu/
5https://www.kaggle.com/yelp-dataset/yelp-dataset
6https://www.kaggle.com/snap/amazon-fine-food-reviews
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Table 1: Statistics of the datasets used in our experiments.

Dataset Yelp-Review Amazon-Review
label = “1” 14.6% 14.2%
label = “2” 8.2% 5.2%
label = “3” 10.7% 7.5%
label = “4” 22.2% 14.1%
label = “5” 44.2% 63.9%
# Domains 5 24
# Total samples 8,635,403 568,454

Similar to the definition of episodic learning [46], we construct
low-resource scenarios by limiting the number of sample instances
in each category. This construction is also more in line with real-
life situations where a good or service can be counted correctly
within limited user feedback. In each sub dataset, we draw an equal
number of instances for each particular category. For the patterns
used for evaluations, we employ the same operation with PET [43]
to reformulate the inputs.

4.2 Research questions and configurations
4.2.1 Research questions. We list several research questions to
guide the experiments and verify the effectiveness of our proposal.
RQ1: Does our proposed model improve the performance of senti-

ment classification in the deficient-data scenario compared to
the state-of-the-art baselines?

RQ2: How does our model perform under different settings of data
availability?

RQ3: Can the contrasting mapping weights effectively separate
the antonymous words in the reformed embedding space?

RQ4: How does the text length affect the model performance for
sentiment classification especially in the low-resource scenario?

RQ5: Which component contributes more to improving the model
performance, CML or EVA?

4.2.2 Model configurations. We directly use RoBERTa-Large [21]
to obtain the initial word embeddings of synonyms as well as
antonyms, which are then applied to the contrasting mapping con-
struction module. We use a triplet network consisting of three
parallel fully connected networks, which share two linear transfor-
mation layers with weights of 1024×500 and 500×150, respectively.
In the training process, following [39], we set the batch size to 64
and adopt ADAM [33] with a learning rate 1𝑒−3 to optimize our
model. In addition, we set the dropout rate to 0.2, and the number
of iterations to 200.

For training PET, following [43], we refer to RoBERTa as the
encoder and apply the language modeling as an auxiliary task with
a weight term of 0.999. In addition, we set the learning rate to
1𝑒−5, the weight decay to 0.01, the ADAM epsilon to 1𝑒−8, the
temperature to 2, the training count to 3, the max length to 256,
and the training batch size to 4, respectively.

4.3 Model summary
For all models discussed, we employ the same word encoder, i.e.,
the RoBERTa-large encoder [21], with the intention to fairly com-
pare their performance on different size of training sets. Here, we
list a series of state-of-the-art baselines for comparisons with our
proposal in this paper:

Supervised [43]: A regular supervised learning model that add a
sequence classification layer to the language model.

PET+Random [43]: We randomly select 5 sets of words for each
label from the training set and invert their positions in the
training procedure to form 10 sets of verbalizers.

PET+AVS [43]: AVS first assigns each word in V to each label
𝑙 , and then computes the similarity score of each word to the
sample belonging to 𝑙 using a pre-trained language modelM.

PET+Petal [42]: Petal is an improved method for automatic ex-
traction of verbalizers based on AVS. Petal uses the likelihood
ratios to calculate the scores of individual verbalizers.

PET+MSeLF: MSeLF proposed in this paper consists of two major
components, i.e., the contrast mapping learning (CML) module
and the equal-gradient verbalizer acquisition (EVA) module.

PET+Manual: We follow the verbalizer set manually in PET. Their
filling makes the pattern-reconstructed sentences readable and
correctly expresses the original sentiment. Such manually de-
signed method presents the upper bounds of auto verbalizers.
Next, we list the model variants proposed in this paper upon

PET for further discussions. Since the CML module contained in
our proposal is a flexible plug-in to the above-mentioned verbalizer
baselines, we would like to investigate its performance when it’s
incorporated into other baselines.
PET+MSeLF[𝑂𝑣𝑒𝑟𝑙𝑎𝑝 ] : We remove the entire CML module from

MSeLF and apply the EVA module directly to the word embed-
dings that are not fine-tuned.

PET+MSeLF[𝑅𝑎𝑛𝑑𝑜𝑚] : A random verbalizer acquisition strategy
proposed in [42] is incorporated with the CML module.

PET+MSeLF[𝐴𝑉𝑆 ] : Averbalizer acquisition strategyAVS proposed
in [43] is incorporated with the CML module.

PET+MSeLF[𝑃𝑒𝑡𝑎𝑙 ] : A verbalizer acquisition strategy Petal pro-
posed in [42] is incorporated with the CML module.

5 RESULTS AND ANALYSIS
5.1 Overall performance
To answer RQ1, we evaluate the performance of our proposal
based on the metric sentiment learning framework (MSeLF) and
five competitive baselines for the downstream text classification
task on two public datasets. We present the results of involved
models for discussions in a few-shot setting with sample size |T | ∈
{10, 50, 100, 1000} in Table 2, respectively.

Generally, comparing themodel performance on the Yelp-Review
dataset against that on the Amazon-Review dataset, we can observe
that the models mostly perform relatively better on the former
than on the latter dataset. It could be explained by the fact that
Amazon-Review contains more domains than Yelp-Review, result-
ing in difficulties for models to classify the text correctly. In par-
ticular, “PET+Manual” performs the best among the models, with
a noticeable accuracy improvement over other four baselines. For
instance, on the Yelp-Review dataset with |T | = 10, “PET+Manual”
presents an improvement of 24.4%, 29.7%, 5.7%, 2.6% and 3% in terms
of accuracy against the “Supervised”, “PET+Random”, “PET+AVS”,
“PET+Petal” and “PET+MSeLF” models, respectively, while shows a
corresponding 3%, 5.9%, 1.1%, 1% and 0.4% on the Amazon-Review
dataset with |T | = 1000. This indicates that the closer the manual
verbalizer keeps to the natural language and human cognition, the

Full Paper Track CIKM ’21, November 1–5, 2021, Virtual Event, Australia

1708



Table 2: Classification accuracy of six classification models. The results of the best algorithmic performer and baseline in each
column are bolded and underlined, respectively.

Models
|T | = 10 |T | = 50 |T | = 100 |T | = 1000

Yelp Amazon Yelp Amazon Yelp Amazon Yelp Amazon

Supervised 21.5 ± 1.6 21.4 ± 0.9 44.8 ± 0.7 43.2 ± 0.6 50.0 ± 0.1 49.5 ± 0.2 60.2 ± 0.5 58.2 ± 0.4
PET+Random 16.2 ± 1.2 19.3 ± 0.5 31.2 ± 0.1 29.5 ± 1.5 46.3 ± 0.9 45.2 ± 0.7 54.0 ± 1.1 55.3 ± 0.8
PET+AVS 40.2 ± 1.6 39.8 ± 1.9 52.3 ± 0.4 49.9 ± 0.2 56.1 ± 0.4 53.9 ± 0.2 61.1 ± 0.2 60.1 ± 0.4
PET+Petal 43.3 ± 0.4 41.1 ± 0.6 53.5 ± 0.6 50.8 ± 0.1 57.3 ± 1.4 54.4 ± 0.6 61.7 ± 0.5 60.2 ± 1.7
PET+MSeLF (Ours) 42.9 ± 0.3 40.8 ± 0.6 53.8 ± 4.6 51.1 ± 0.6 58.2 ± 2.2 55.4 ± 0.6 63.2 ± 0.3 60.8 ± 1.4

PET+Manual 45.9 ± 0.1 46.1 ± 1.3 59.2 ± 0.7 54.5 ± 1.3 61.2 ± 0.9 57.9 ± 0.5 63.4 ± 1.3 61.2 ± 1.2

better performance the model can achieve. Thus, we consider the
“PET+Manual” approach as an upper bound of all models proposed
in this paper.

To validate the superiority of the plug-in modules like Petal and
MSeLF rather than PET itself, we present the results of the “Super-
vised” and “PET+Random” models. It is clear that “PET+Random”
performs worse than “Supervised” on both datasets for all cases. For
instance, on the Yelp-Review dataset with |T | = 10, 50, 100, 1000,
“PET+Random” shows a corresponding 5.3%, 13.6%, 3.7% and 5.8%
decrease in terms of accuracy against the “Supervised” model. In
addition, “PET+Petal” presents an obvious superiority over other
three baselines, i.e., “Supervised”, “PET+Random” and “PET+AVS”.
For example, on the Yelp-Review dataset with |T | = 10, “PET+Petal”
shows a corresponding 21.8%, 27.1% and 3.1% improvements in
terms of accuracy against the baselines “Supervised”, “PET+Random”
and “PET+AVS”, respectively. This means Petal is able to find the
discriminatory words for each category in the limited input word
list as a verbalizer. Hence, in the following sections, we focus on
the “PET+Manual” and “PET+Petal” models for comparisons with
our proposals.

Regarding our proposal, i.e., “PET+MSeLF”, it generally outper-
forms “PET+Petal” on both datasets with |T | = 50, 100, 1000 and still
leaves a gap to “PET+Manual”. For instance, “PET+MSeLF” presents
1.5% and 0.6% improvement in terms of accuracy over “PET+Petal”
on Yelp-Review and Amazon-Review with |T | = 1000, respectively.
It can be explained by the fact that MSeLF can extract the verbal-
izers that can better represent labels of both extreme classes and
intermediate classes than Petal. It’s worth noting that “PET+MSeLF”
underperforms “PET+Petal” on both datasets with |T | = 10. It could
be attributed to the fact that for case with |T | = 10, a limited num-
ber of samples lead to a very small vocabulary. In such situation,
Petal is able to select a relatively suitable verbalizer in a relatively
small vocabulary, whereas MSeLF is less adaptable than Petal in
such low-resource situations. In other words, “PET+MSeLF” prefers
to a situation with a relatively large number of training samples.

5.2 Effect of data volume
To answer RQ2, for a particular investigation on how the training
sample size affects the model performance, we plot the accuracy
growth rates of our proposal “PET+MEsLF” and the outstanding
baselines, i.e., “PET+Manual” and “PET+Petal” on Yelp-Review and
Amazon-Review in Fig. 4. For straightforwardly presenting the

(a) Yelp-Review. (b) Amazon-Review.
Figure 4: Average accuracy growth per sample.

relation between the model performance and the sample size, we
assume that the accuracy improvement is produced by the number
of samples gradually and thus can be allocated to each individual
sample. Accordingly, we define the growth rate as the value of
the accuracy increase divided by the amount of added instances.
Clearly, the overall performance of the models discussed maintains
a steady upward trend as the amount of training data increases.
This phenomenon suggests that increasing the amount of data
can reduce the overfitting issue of the corresponding models and
improve the differentiation ability. Another obvious observation
is that the increase rate of accuracy goes down as the size of the
training data raises. It can be explained by the fact that as the sample
size grows, the input text becomes complex, making it difficult for
the model to fit the full data.

In detail, we zoom in the accuracy growth rate on the Yelp-
Review dataset first. It can be observed that “PET+Manual” has the
highest growth rate as the training set size grows from 10 to 50,
with a 0.08% and 0.06% advantage over that of “PET+Petal” and
“PET+MSeLF”, respectively. In contrast, “PET+Manual” presents the
lowest growth rate when the training set size grows from 50 to 100,
with a decrease of 0.03% and 0.48% against that of “PET+Petal” and
“PET+MSeLF”, respectively. Differently, on Fig. 4b, “PET+Manual”
shows the smallest accuracy growth rate when the dataset size
grows from 10 to 50 compared with “PET+Petal” and “PET+MSeLF”.
This same phenomenon of the accuracy growth trend for all models
on Amazon-Review and Yelp-Review indicates that the manual
verbalizer approach allows the model to converge faster than other
two algorithmic models.

Next, we focus on comparing the growth rates of “PET+Petal”
and “PET+MSeLF”. It can be observed that the growth rate of
“PET+MSeLF” is consistently higher than that of “PET+Petal” on
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(a) Antonym distance and syn-
onym distance before CML.

(b) Antonym distance and syn-
onym distance after CML.

Figure 5: Distributions of antonyms and synonyms.

Figure 6: Antonym-aware embedding space.

both datasets. For example, on Yelp-Review, an improvement of
0.04% and 0.02% in terms of the growth rate is observed by compar-
ing “PET+MSeLF” against “PET+Petal” when the data size grows
from 10 to 50 and 50 to 100, respectively. This indicates that our
proposal “PET+MSeLF” canmake better use of the newly added sam-
ples than “PET+Petal”, resulting in a superiority of “PET+MSeLF”
over “PET+Petal” for the downstream classification task when more
training data is given.

5.3 Embedding visualization
To answer RQ3, we plot the ratios of synonyms and antonyms
according to their specific cosine similarity distance in Fig. 5a and
Fig. 5b, respectively. Moreover, we visualize the new embedding
space created by CML in Fig. 6 and plot a particular pair of antonym
words, i.e., “Great” and “Terrible”, where the points represent the
distribution of word embeddings after a dimensionality reduction
scheme know as TSNE [37].

Clearly, Fig. 5a shows the distance between antonyms and syn-
onyms before CML is performed while Fig. 5b presents the cor-
responding distances after CML is performed. From Fig. 5a, we
can notice that the embeddings of synonyms and antonyms be-
fore the CML training keep close to each other as the majority of
pairs are associated with a relatively low cosine similarity score
near zero. However, these pairs can be well separated after CML
is implemented as the cosine similarity scores keep close to -1 for
antonyms and +1 for synonyms, respectively, as shown in Fig. 5b.
The similar phenomenon can be observed by a specific case in Fig.
6, where the antonym pair in red, i.e., “Great” and “Terrible”, is
well separated. Thus, we would like to conclude that CML has the
following characteristics:
(1) CML can indeed enlarge the distance of antonym pairs. At the

same time, the distance of synonym pairs can be shortened.
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(a) Accuracy on Yelp-Review.
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(b) Accuracy on Amazon-
Review.

Figure 7: Model performance on cases with different text
length.

In other words, CML can well explore the semantics of the
antonyms and synonyms.

(2) Other words excluding the synonyms and the antonyms will
not be distributed by CML. In other words, they can maintain
their original relative semantics in the new embedding space,
which makes sense for the downstream tasks.
From Fig. 5b, we can also find that for some cases, the distance

is still small for antonyms. However, such errors will not have a
noticeable impact on the final results of sentiment metric learn-
ing. It could be due to the fact that the unsuccessful separation of
antonyms will be filtered out during the calculation process of the
likelihood ratio.

5.4 Impact of sentence length
Next, to answerRQ4, for simplicity, we implement our experiments
in the setting of |T | = 50. We group all input texts for testing in
Yelp-Review and Amazon-Review according to their length, so as
to analyze the impact of the text length on the performance of
our proposal as well as the baselines. Specifically, considering the
limitation of input text length imposed by the PET framework, i.e.,
the max length is set to 256, we group the input sentences into four
groups, i.e., (0, 64), [64, 128), [128, 192) and [192, 256). The results
of the corresponding models for the sentiment classification task
on texts with different lengths are plotted in Fig. 7. Here, we only
present the results of the best baseline as well as the approach with
themanual verbalizer for comparisons as they show the outstanding
performance in Sec. 5.1.

As shown in Fig. 7, we can observe that the manual setting is
relatively less sensitive to the length of the input text than other
models, whereas the performance of the “PET+Petal” model and the
“PET+MSeLF” model consistently goes up along with an increas-
ing length of the input text. This could be due to the fact that the
manually generated verbalizer contains the human-reserved knowl-
edge, and accordingly is unaffected by the input data. However,
the automatic verbalizer acquisition methods select the appropri-
ate words in the vocabulary of a given dataset, where the long
texts will contribute a relatively large vocabulary under a fixed
size of samples, leading to difficulties for verbalizer selection. In
addition, our proposal, i.e., “PET+MSeLF”, seems more sensitive
to the text length than “PET+Petal”. For instance, “PET+MSeLF”
wins the competition against “PET+Petal” for cases in the group
[64, 128) and loses the comparison for cases in the group (0, 64).
It can be explained by the fact that the longer text inputs contain
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Table 3: Ablation study results of MSeLF on Yelp-Review and Amazon-Review with different amounts of data. The results of
the best performer in each column are bolded. The biggest drop in each column is appended ↓.

Model change
|T |=10 |T |=50 |T |=100 |T |=1000

Yelp Amazon Yelp Amazon Yelp Amazon Yelp Amazon

PET+MSeLF[𝑂𝑣𝑒𝑟𝑙𝑎𝑝 ] 10.2 ↓ 12.3 ↓ 26.8 ↓ 24.2 ↓ 33.5 ↓ 34.3 ↓ 43.4 ↓ 42.9 ↓
PET+MSeLF[𝑅𝑎𝑛𝑑𝑜𝑚] 16.2 19.4 30.4 28.8 49.5 48.9 53.2 54.0
PET+MSeLF[𝐴𝑉𝑆 ] 41.2 40.8 52.4 51.3 57.0 52.7 62.0 60.3
PET+MSeLF[𝑃𝑒𝑡𝑎𝑙 ] 43.4 41.3 53.6 50.6 59.4 54.8 62.1 60.4

PET+MSeLF (Ours) 42.9 40.8 53.8 51.1 58.2 55.4 63.2 60.8

more complex semantic information that can interfere the match-
ing degree calculation process in Petal. In contrast, MSeLF only
uses the matching method to select the verbalizers for categories
containing the opposite contexts where the sentiment is evident. In
addition, MSeLF applies the metric method to select the verbalizers
for the intermediate classes, enabling the interference of useless
information in the text to be avoided.

5.5 Ablation study
To answer RQ5, we conduct an ablation study to validate the utility
of the CML module and EVA module in MSeLF. In particular, we
remove the CML module to evaluate the influence of the antonym-
aware embeddings and replace EVA with other verbalizer acquisi-
tion schemes, i.e., Random, AVS, and Petal upon CML to evaluate
the effectiveness of EVA. We present the results of the ablation
study in Table 3.

By comparing “PET+MSeLF” and “PET+MSeLF[𝑂𝑣𝑒𝑟𝑙𝑎𝑝 ]”, we
notice that if CML is removed, it will cause a significant reduction
in the classification capability. In particular, a decrease of 32.7%, 27%,
24.7% and 17.9% in terms of accuracy is returned when comparing
“PET+MSeLF[𝑂𝑣𝑒𝑟𝑙𝑎𝑝 ]” against “PET+MSeLF” on Yelp-Review with
size |T | = 10, 50, 100, 1000, respectively. It is because in the absence
of CML, the verbalizers of the two extreme classes selected by the
EVA calculation are very close in the embedding space, resulting
in the verbalizers of the intermediate classes staying semantically
close as well and failing to generate representative labels.

Next, we take the CML module as a plug-in upon the represen-
tative baselines, i.e., “PET+Random”, “PET+AVS” and “PET+Petal” ,
which then generates the corresponding “PET+MSeLF[𝑅𝑎𝑛𝑑𝑜𝑚]” ,
“PET+MSeLF[𝐴𝑉𝑆 ]” and “PET+MSeLF[𝑃𝑒𝑡𝑎𝑙 ]” models, respectively.
We can find that the performance of the integrated models generally
outperform their original models. For instance, “PET+MSeLF[𝑃𝑒𝑡𝑎𝑙 ]”
outperforms “PET+Petal” by 2.1% accuracy improvement while
“PET+MSeLF[𝐴𝑉𝑆 ]” outperforms “PET+AVS” by 0.9% accuracy im-
provement on Yelp-Review with |T | = 10. This demonstrates that
the new word embeddings generated by CML can indeed improve
the performance of other baselines, indicating that CML can be
used as a flexible plug-in to complement other verbalizer acquisi-
tion methods. The exception is returned on the random selection,
where the randomly selected verbalizer is completely unaffected
by the changes, which means that the CML module can not benefit
the verbalizer acquisition.

In addition, to examine the effectiveness of EVA, as shown in
Table 3, “PET+MSeLF[𝑃𝑒𝑡𝑎𝑙 ]” slightly outperforms “PET+MSeLF”

on Yelp-Review and Amazon-Review with |T | = 10, presenting the
same improvement of 0.5% in terms of accuracy, which is consistent
with the findings in Sec. 5.1 as Petal is adaptive to very small sample
sizes. However, “PET+MSeLF” outperforms “PET+MSeLF[𝑃𝑒𝑡𝑎𝑙 ]” on
both datasets with |T | = 50, 100, 1000. For instance, “PET+MSeLF”
shows an improvement of 0.5%, 0.6%, 0.4% against “PET+MSeLF[𝑃𝑒𝑡𝑎𝑙 ]”
on Amazon-Review with |T | = 50, 100, 1000, respectively. This
proves that the EVA module is able to make better use of the
antonym-aware word embeddings produced by the CML module
than other verbalizer acquisition models, thus can select verbalizers
that are more capable of category differentiation.

6 CONCLUSION AND FUTUREWORK
Our work in this paper aims to generate the verbalizer for label rep-
resentation. We introduce a novel sentiment metric learning frame-
work (MSeLF) consisting of a contrast mapping learning (CML)
module and an equal-gradient verbalizer acquisition (EVA) mod-
ule. Specifically, CML learns a transformation matrix to project
the initial word embeddings to the antonym-aware embeddings
by enlarging the distance between the antonyms. After that, in
the antonym-aware embedding space, EVA takes a pair of antony-
mous words as verbalizers for two opposite classes and then uses
the sentiment transition operation to acquire verbalizers that can
effectively represent the intermediate classes. Finally, MSeLF can
generate correct verbalizers for the downstream text classification
task in a few-shot setting.

As to future work, on the one hand, we plan to improve the
word embeddings by a stream-based calibration method [17], as
the word embeddings that are more in line with the true semantics
can make the generated verbalizer more closely match the human
understanding. In addition, we would like to implement this idea
to the task of automatic verbalizer acquisition to further improve
the quality of verbalizers. On the other hand, we plan to test our
proposal on other datasets where the the labels with sentiment
gradients are available.
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