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Abstract

Emotion Classification is the task of au-
tomatically associating a text with a hu-
man emotion. State-of-the-art models are
usually learned using annotated corpora
or rely on hand-crafted affective lexicons.
We present an emotion classification model
that does not require a large annotated
corpus to be competitive. We experiment
with pretrained language models in both a
zero-shot and few-shot configuration. We
build several of such models and consider
them as biased, noisy annotators, whose
individual performance is poor. We ag-
gregate the predictions of these models us-
ing a Bayesian method originally devel-
oped for modelling crowdsourced annota-
tions. Next, we show that the resulting
system performs better than the strongest
individual model. Finally, we show that
when trained on few labelled data, our sys-
tems outperform fully-supervised models.

1 Introduction

A large part of Natural Language Processing
(NLP) research is focused on building technol-
ogy to automatically extract information from
large collections of texts. However, text con-
tains often not just mere factual information,
but also opinions, attitudes and emotions. Ap-
plications of emotion-aware NLP models range
from established tasks such as analysis of prod-
uct reviews (Blitzer et al., 2007) and develop-
ment of “emotional” chatbots (Chatterjee et al.,
2019) to less obvious tasks such as the analy-
sis of developer experience on Stack Overflow
(Novielli et al., 2018), author profiling (Rangel
and Rosso, 2016) and the prediction of mental
health disorders (Uban et al., 2021).

In this work, we focus on the fine-grained
emotion classification task (Strapparava and
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Mihalcea, 2007): given a document, an emo-
tion label must be provided. For example, the
sentence The angry wolf ate the happy boy
could be associated with fear or sadness if the
emotion is being modelled from the reader’s
perspective; alternatively, it could be associ-
ated with anger or joy considering the text’s
perspective. In the emotion classification litera-
ture, the targeted emotion perspective is rarely
made explicit (Bostan et al., 2020), which —
in addition to the subjectivity involved in the
annotation task — makes it difficult to obtain
large amounts of high quality data (Bobicev
and Sokolova, 2017; Troiano et al., 2021). Fur-
thermore, with few exceptions (Mohammad
et al., 2018; Lamprinidis et al., 2021), most of
the research has been conducted on English
corpora: most of the other languages can be
considered low-resourced with respect to affec-
tive corpora.

In this work, we aim to minimize the amount
of annotated data needed to obtain competitive
performance in the task of emotion classifica-
tion. Several emotion theories exist, which
differ on the emotion inventory and representa-
tion type (categorical vs. continuous): in this
work we focus on the categorical paradigm, us-
ing the mix of different inventories available
from the Unify Emotion dataset (Bostan and
Klinger, 2018).

We describe the use of pretrained language
models (PLMs) for emotion classification in
both few-shot and zero-shot scenarios (Section
4). Few-shot models are supposed to solve a
task using only few annotated instances; zero-
shot models are supposed to use none. These
models have been shown to perform well in
different tasks (Yin et al., 2019; Schick and
Schiitze, 2021b; Wang et al., 2021). However,
in a real unsupervised scenario (i.e., without
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an evaluation split), their performance is by
definition unknown. To mitigate the risks in-
volved in deploying such models, we experi-
ment with a probabilistic ensemble that com-
bines the individual — and potentially biased
and noisy — outputs of those models. We use
the Multi-Annotator Competence Estimation
model (Hovy et al., 2013), a Bayesian method
designed to deal with noisy crowdsourced an-
notations (Section 5). Experimental results
(Section 6) show that our ensemble performs
better than the strongest individual model. In
addition, we show that just fine tuning with
few labeled data, our system outperforms fully-
supervised models.

2 Related Work

Attempts to minimize the amount of hand-
labelled data required to train emotion-aware
NLP models have mostly focused on using dis-
tant supervision (Go, 2009) to collect large
amounts of silver labels for training models in
a supervised fashion: emoji (Felbo et al., 2017),
emoji description (Eisner et al., 2016), and
hashtags (Mohammad, 2012) have been shown
to be good proxies for emotion classification.
The idea of using label templates for unsu-
pervised classification can be traced back at
least to Hearst patterns (Hearst, 1992). Within
the neural paradigm, Cloze (Taylor, 1953) la-
bel templates are used by Schick and Schiitze
(2021a), who obtain strong results on few-shot
classification. Yin et al. (2019) and Wang et al.
(2021) use templates to generate synthetic data
for framing text-classification as entailment.
An alternative neural approach to unsupervised
classification embeds both the input sequence
of text and the set of possible label names in
the same semantic space and selects the one
which maximizes a defined similarity metric
(Gabrilovich and Markovitch, 2007). Pushp
and Srivastava (2017) concatenates both in-
put and label embeddings and classify their
relatedness. A recent survey of template-based
or “prompt-based” learning can be found in
Liu et al. (2021). Perhaps the closest work to
ours is Yin et al. (2019), who evaluate zero-
shot text classification on the Unify Emotion
dataset (Bostan and Klinger, 2018).! Our main

"We don’t compare our results directly to Yin et al.
(2019): even though both datasets stem from the Unify
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contribution with respect to Yin et al. (2019)
is the suggestion of a principled way for a) ag-
gregating multiple predictions without having
any access to a model’s performance and b) in-
ferring the most probable emotion label given
multiple models.

An overview of Bayesian models of annota-
tion can be found in Paun et al. (2018). The
idea of using a generative model to infer a latent
label from multiple signals has recently been
presented in a unified framework by Ratner
et al. (2016). An alternative to Bayesian mod-
els for aggregating predictions can be found in
Poerner and Schiitze (2019), who apply Gener-
alized Canonical Correlation Analysis to build
an ensemble of unsupervised BERT models for
Duplicate Question Detection in a low-resource
scenario.

3 Data

train  validation test
anger 5147 1714 1717
anticipation 191 64 63
confusion 77 26 26
disgust 2701 900 899
fear 9592 3196 3199
guilt 656 218 219
joy 22338 7448 7446
love 2292 764 764
noemo 62692 20897 20898
sadness 9185 3061 3061
shame 658 219 219
surprise 5392 1795 1798
trust 485 162 161

Table 1: Overview of the dataset.

For all our experiments we use a section
of the Unify Emotion dataset (Bostan and
Klinger, 2018) which aggregates several anno-
tated corpora in a common format. Specifi-
cally, we use the following datasets: Grounded-
Emotions (Liu et al., 2007), CrowdFlower
(Crowdflower), DailyDialog (Li et al., 2017),
TEC (Mohammad, 2012), Electoral-Tweets
(Mohammad et al., 2015), ISEAR (Scherer and
Wallbott., 2017), Emotion-Stimulus (Ghazi
et al., 2015), Tales-Emotion (Alm et al., 2005;
Alm and Sproat, 2005; Alm, 2008), and Emolnt
(Mohammad et al., 2017). We aggregate all the
corpora and then sample from each class 60%
of the data for the train split, and 20% for the

Emotion dataset, the actual instances and label set
used are different.



development and the test split, respectively.
The annotation quality, domain, annotation
procedure (manual vs. semi-automatic), and
topic differ among the various datasets. We re-
fer to (Bostan and Klinger, 2018) for additional
details about the specific datasets.

Table 1 highlights the label distribution in
the dataset. As it is the case for most avail-
able emotion corpora, the labels are heavily
unbalanced.

4 Entailment as Zero-Shot and
Few-Shot Learning

Given two sentences, a premise and a hypoth-
esis, they can be related by an entailment,
contradiction or neutral relation. The task
of Natural Language Inference (NLI) (Dagan
et al., 2005) aims at predicting such relations.
Recently, the creation of large NLI datasets
(Bowman et al., 2015; Williams et al., 2018;
Thorne et al., 2018; Conneau et al., 2018) has
allowed deep learning methods to achieve state-
of-the-art performance on the NLI task, outper-
forming logic-based approaches. The high per-
formance of BERT-like models (Devlin et al.,
2019) on NLI tasks can be exploited to suc-
cessfully tackle general classification tasks by
recasting them as entailment problems: pre-
trained language models can be finetuned on
NLI datasets and these finetuned models can
be then re-purposed to attack different prob-
lems (Wang et al., 2021). For modelling the
emotion classification problem, we follow Yin
et al. (2019) and given a text to classify (the
hypothesis), we build pseudo-sentences to serve
as premises, one for each target label. For in-
stance, the input sentence “John said he loved
the pizza” can be classified as JOY, if an NLI
models predicts that it entails the artificial
sentence “This person expressed a feeling of
pleasure”. We can substitute pleasure with
other emotion-expressing words and map them
to specific target labels (e.g., pleasure to JOY,
sad to SADNESS, etc.) to build a system for
zero-shot, multi-label emotion classification.

Following Yin et al. (2019), in this work we
explore two options to formulate the hypothe-
ses: based on the label’s name and on the
label’s WordNet (Fellbaum, 1998) definition.
We show the details about our hypotheses for
emotion classification in Table 2.

We experiment with six different pretrained
NLI models that differ in terms of the underly-
ing pretrained language model (BART (Lewis
et al., 2020), RoBERTa (Liu et al., 2019) and
XLM-RoBERTa (Conneau et al., 2020)) and
NLI dataset used for training (Multigenre NLI
(MNLI) (Williams et al., 2018), Adversarial
NLI (ANLI) (Nie et al., 2020) and XNLI (Con-
neau et al., 2018)). In Table 3.B of Section 6
we include the details about our models.? The
zero-shot setup motivates the usage of a variety
of pretrained NLI models: given that in a true
zero-shot scenario no development dataset is
available, assessing how different NLI training
data and pretrained language models impact
the performance is of crucial importance.

We conduct the few-shot learning experi-
ments by fine-tuning a pretrained entailment
model. To build the training data, we fill the
templates used in the zero-shot setup with the
gold labels and training follows the standard
sentence pair classification task used to train
the original entailment model.

5 A Probabilistic Ensemble

In a true zero-shot classification scenario, no
development set is available and therefore a
method for estimating the performance of the
model on the specific input data is required. In
this work, we propose to use several different
models and to infer the best possible answer
using a probabilistic model. Such a model has
two advantages over a simple majority voting
strategy: first, it has been shown to outperform
majority voting (Snow et al., 2008); second, it
provides a confidence value for each instance
and estimates the models’ accuracy.

To aggregate the predictions from the dif-
ferent unsupervised models, we use the Multi-
Annotator Competence Estimation (MACE)
model (Hovy et al., 2013). This model has been
originally developed to analyse crowdsourced
annotations for both identifying unreliable an-
notators and retrieving the true labels. Figure
1 shows the plate diagram of the model and
we refer to the original publication for further
details. Algorithm 1 describes the generative
process.

We generalize the notion of annotator to also

2We downloaded the models
huggingface.co.

from https://
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Label Label-based hypothesis

WordNet-based hypothesis

(...) expresses a strong feeling of annoyance, displeasure, or hostility

(...) is anticipating something, expecting or predicting something about to happen
(...) is feeling disoriented and can not think clearly or focus to do something

(...) expresses a feeling of revulsion or strong disapproval aroused by something

(...) expresses an unpleasant emotion caused by the belief that someone or
something is dangerous, likely to cause pain, or a threat

(...) expresses a feeling of having done wrong or failed in an obligation

(...) expresses a feeling of great pleasure and happiness

(...) expresses a great interest and pleasure in something

(...) is insensitive, showing unfeeling and unresponsive behaviour, with a lack of

(...) expresses emotions experienced when not in a state of well-being
(...) expresses a painful feeling of humiliation or distress caused by the consciousness

(...) expresses a feeling of mild astonishment or shock caused by something unexpected

anger (...) feels angry

anticipation (...) has a feeling of anticipation

confusion (...) is feeling confused

disgust (...) feels disgusted impleasant or offensive

fear (...) is afraid of something

guilt (...) feels guilty

joy (...) feels joyful

love (...) loves that

noemo () does not feel any emotion emotion about the situation
sadness (...) feels sad

shame (..) feels shameful of wrong or foolish behavior
surprise (...) feels surprised

trust (...) feels trusty about this

(...) has a strong belief in the reliability, truth, or ability of someone or something

Table 2: Formulation of label as hypotheses for entailment. All our hypotheses start with This person

(...).

Algorithm 1: Generative process of
the MACE model.
for item i € I do

draw G; ~ Uniform,;
for annotator n € N do
draw B;,, ~ Bernoulli (1 — 6;);
if B;,, == 0 then

Yin = Gi;

else

| ¥i;n ~ Multinomial (&;)

include model annotations. The latent variable
B of the model has been originally introduced
to model the behaviour of crowdworkers as
spammer or not spammer, while in our setup,
B represents the “fitness” of an unsupervised
model. As it is usually hard to know if an
annotator is spamming, similarly, in a true
zero-shot classification scenario (i.e., without
a validation set), it is not possible to know if
a model is fit to the task. We use a custom
Python implementation of the model.?

6 Evaluation

We evaluate the unsupervised models in a zero-
shot configuration against two supervised base-
lines. We then experiment with adding increas-
ing amounts of supervision to both the base-
lines and the entailment model in a few-shot
setting. We conduct all the evaluation using

3The original Java implementation can be found at
https://github.com/dirkhovy/MACE
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Figure 1: The MACE model. Given I instances
and N annotators, the observed label y; ,, is depen-
dent on the gold label G; and B; ,, which models
the behaviour of annotator n on instance i. The
model parameters 6 and £ are left out.

the standard classification metrics: precision,
recall, and macro-averaged fl-score.

Baselines As upper-baselines for our exper-
iments, we train two supervised models on all
the available training data: we train both a
neural network based on RoBERTa-base (Liu
et al., 2019) and a linear SVM using character
n-grams as representations (henceforth referred
to as Char-SVM).*

Entailment Models We assemble 12 differ-
ent unsupervised zero-shot classification mod-
els finetuned on the NLI task. The models dif-
fer in terms of the pretrained language model,
label template and NLI finetuning data. Yin
et al. (2019) ta) explore two different evalua-
tion scenarios: label-partially-unseen and label-

4We use a custom implementation of a RoBERTa and
use the pretrained model from https://huggingface.
co/models. For the SVM model, we use the LinearSVM
implementation contained in scikit-learn (Pedregosa
et al., 2011).
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model precision  recall fl-score lang NLI dataset Hypothesis

A Char-SVM 47.13 36.12 39.77 English - -
RoBERTa-base 48.88 39.60 41.29 English - -
bart-large 26.43 28.50 17.91 English MNLI L
bart-large 16.11 21.74 12.76 English MNLI W
distilbart-12-1 26.61 30.40%* 20.12 English MNLI L
distilbart-12-1 24.15 19.40 13.11 English MNLI W
distilbart-12-9 = 25.96 30.48* 18.91 English MNLI L

B distilbart-12-9 = 22.33 20.73 12.39 English MNLI W
roberta-large 20.93 25.99 14.16 English MNLI L
roberta-large 20.71 23.95 11.20 English MNLI W
xlm-roberta-large  23.50 18.46 10.62 Multilingual XNLI-ANLI L
xlm-roberta-large  16.63 17.93 8.01 Multilingual XNLI-ANLI W
xlm-roberta-large ~ 27.74%* 21.05 10.85 Multilingual XNLI L
xlm-roberta-large ~ 19.77 17.22 9.05 Multilingual XNLI W%

c majority 25.44 29.26 16.43 - - -
MACE 22.53 28.57 20.96* - - -
distilbart-fs-8 = 26.4110.02 32.75+1002 19.541004 English MNLI L
distilbart-fs-16 = 27-75i0.03 36.55:&0‘01 22.88i0_01 Enghsh MNLI L
distilbart-fs-32 = 25~91i0.01 42. 17i0.00 23.81i0‘01 English MNLI L

D distilbart-fs-64 = 27.5710.02 46.721001 26.931002 English MNLI L
distilbart-fs-128 =  29.351901 51.641001 31.9141001 English MNLI L
distilbart-fs-256 == 32. 15i0.01 55.25:&0‘01 36. 13i0.01 Enghsh MNLI L
distilbart-fs-512 == 34.64i0.01 57.86i0,00 39-34i0401 English MNLI L
distilbart-all = 46.971000 50.431001 48271000 English MNLI L

Table 3: Overview of the evaluation results. Scores are macro-averaged. L: embedded label name for
hypothesis representation; W: WordNet definition for hypothesis representation. = : distilled model.
Rows in A: fully supervised. Rows in B: zero-shot. Rows in C: aggregations. Rows in D: few-shot
learning, each row denotes the number of training instances; the results are averaged over three runs and
the standard deviation is shown in subscript. Statistically significant results according to a x? test, per
sub-table, are highlighted in bold. Significant results between Zero-shot and the aggregations (B and C
sub-tables), are highlighted with *.

fully-unseen. In the partially-unseen setup, a  fully-supervised models trained on large anno-
model is trained on a subset of the label set  tated datasets. Interestingly, RoBERTa-base,
and then evaluated on the full dataset; in the  a large neural model, outperforms the Char-
fully-unseen setup, no labelled data is shown  SVM model only by few points. The battery
to the model. In this work we do not take  of zero-shot models shows a large variation in
into account the label-partially-unseen because,  terms of performance, ranging from 8.01% f1-
as stated by Yin et al. (2019), this is a re- score for XLM-RoBERTa-large with WordNet-
strictive definition of the zero-shot paradigm, based hypothesis to 20.12% for distilbart with
unlike the label-fully-unseen scenario. For the  label names. The performance of that distilled
few-shot evaluation, we only train the best- entailment model is remarkable, considering
performing model (distilbart-mnli-12-1). Infor-  that bart-large uses twice the number of pa-
mation about the used hyperpameters can be  rameters of its distilled version. On average,
consulted in A name-based templates outperform WordNet-

Probabilistic Ensemble We train a  based ones. Aggregating the predictions of
MACE model using Variational-Bayes on the  the zero-shot models using MACE leads to a
predictions of the 12 zero-shot entailment mod-  much higher fl-score when compared to major-
els. We train the model for 100 iterations and ity voting. The MACE-based ensemble outper-

50 restarts; we use the default values (0.5) for ~ forms the strongest zero-shot model in terms
the  and 8 parameters. of fl-score by a small but statistically signifi-

cant margin (4+0.84% fl-score). However, in

Results As reported in Table 3, emotion : )
a true zero-shot scenario, where no evaluation

classification is a challenging task even for
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Figure 2: Supervised training with different

amounts of labelled data. The results are averaged
over three runs. The filled area around lines rep-
resents the standard deviation among runs. Hori-
zontal dashed lines: upper-bound computed using
all the available training data.

set is available, simply discarding the predic-
tions from weak, unfit models and selecting
the best ones available, is crucial for deploying
zero-shot models in a production environment.
Our results show that for emotion classifica-
tion, the model-based aggregation can not only
automatically select the best available model,
but also improve its performance.

When few annotated instances are available,
our results show that entailment models per-
form notably better than supervised models:
Figure 2 shows that a finetuned entailment
model outperforms by a large margin not only
a linear baseline model using shallow features
but also a strong neural LM-based model. The
RoBERTa-base model is outperformed by the
entailment model by a large margin (+6.98%
fl-score) when trained on the full dataset. This
highlights a key advantage of few-shot learning
for under-resourced scenarios.

Given the diverse nature of the data that
compose the Unify Emotion dataset, we eval-
uate four different models on the individual
datasets contained in Unify Emotion: Table
4 highlights the results. As shown already in
Bostan and Klinger (2018), some datasets are
easier to model than others. CrowdFlower and
DailyDialog are relatively noisy datasets and
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RoBERTa-base A FS All
CrowdFlower 17.04 13.16 13.87 19.85
DailyDialog 18.90  9.57 13.80 34.52
Electoral-Tweets 28.04 13.88 16.10 30.19
Emolnt 34.42 1521 15.41 41.06
Emotion-Stimulus 69.43 28.78 32.24 79.69
Grounded-Emotions 11.97 193 252 13.36
ISEAR 33.61 27.98 2596 46.26
Tales-Emotion 24.76 15.26 17.97 31.01
TEC 25.29 1548 14.41 28.49

Table 4: Overview of model performance (macro-
averaged fl-score) across datasets. RoBERTa-base
is a fully supervised baseline. ZS: true zero-shot.
FS: DistilBart finetuned using 8 instances. All:
DistilBart finetuned using all the available data.

all the models struggle on them. Datasets
containing noisy text written in non-canonical
language (e.g., Electoral-Tweets, Grounded-
Emotions), seem to challenge the zero-shot
models more than corpora like ISEAR and
Tales-Emotion which contains more standard
text. ISEAR’s annotation format is particu-
larly close to the pseudo-sentences that we used
(i.e., “This person feels [..]”), which can explain
the high performance achieved by the zero-shot
model.

7 Conclusions

In this work we presented an emotion classifi-
cation model that does not require large anno-
tated data to be competitive on the Unify Emo-
tion dataset. We experimented with pretrained
language models in both the zero-shot and few-
shot settings. We aggregated the predictions of
these models using MACE, a Bayesian method
developed for modelling noisy, crowdsourced
annotations. Experimental results showed that
the resulting system performs better than the
strongest individual zero-shot model. When
evaluated on a diverse dataset, our zero- and
few-shot models behave in a comparable way
to fully-supervised models, without requiring
the same amount of annotated data. Noisy
text seems to challenge the NLI models trained
on canonical text, while zero-shot models per-
form well when the annotation scheme matches
the pseudo-sentences used for building the syn-
thetic data: this suggests that different do-
mains might need different templates that take
into account elements like vocabulary or stylis-
tic variation. Finally, we showed that when the
MACE and the few-shot systems are trained



on few labelled data, they outperform fully-
supervised models.

In future works we will further explore how to
apply zero and few-shot learning for text classi-
fication tasks, and how to better aggregate the
outputs of different models in a unsupervised
manner.
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A Appendix
A.1 Hyperparameters

Training the Entailment model in a few-shot
scenario was carried out using a single NVIDIA
GeForce GTX 1080 Ti, which allows to allocate
up to 11GB of RAM. This has constraint some
of the hyperparameters we have chosen to try.

Aside from that, we have also followed the
recommendations shared by Wang et al. (2021)
because our experiments with few-shot learning
were very similar to theirs.

Batch size and Maximum Length A
batch size of 8 samples was used. The maxi-
mum length was adapted to the maximum num-
ber of tokens seen when encoding the whole
Unified dataset with the corresponding tok-
enizer of the chosen model (distilbart-mnli-12-
1). When computing this, it was also taken
into account the fact that, for the entailment
approach, the label description or hypothesis
is encoded as an additional input to the model.
The final selected value was 286 tokens.

Learning Rate Typical learning rate val-
ues recommended for fine tuning an Adam opti-
mizer are: 5e-5, 3e-5, 2e-5 (Devlin et al., 2019).
Following the implementation of Wang et al.
(2021), we used a constant and smaller value
of le-5.

Epochs As a practical consideration we de-
cided to train just 1 epoch because we observed
that training on more steps reduced the overall
performance.

Number of trials In order to avoid inesta-
bility among reported results, mainly caused
by the small number of samples used in few-
shot experiments (Wang et al., 2021; Gao et al.,
2021), the metrics measuring the performance
of the model are averaged among 3 different
runs that are trained over its corresponding
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randomly sampled training sets from the whole
Unified dataset.
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