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Abstract
We deal with the Natural Language Processing (NLP) task of Sentiment Analysis (SA) on
text, by applying Inductive Conformal Prediction (ICP) on a transformers based model.
SA, which is the interpretation and classification of emotions, also referred to as emotional
artificial intelligence, can be set up as a Text Classification (TC) problem. Transformers
are deep neural network models based on the attention mechanism and make use of transfer
learning by being pretrained on a large unlabeled corpus. Transformer based models have
been the state of the art for dealing with various NLP tasks ever since they were proposed
at the end of 2018. Our classifier consists of the BERT model for turning words into
contextualized word embeddings with parameters fine-tuned on the used corpus and a fully
connected output layer for performing the classification task. We examine the performance
of the underlying BERT model and the proposed ICP on the Large Movie Review dataset
consisting of 50000 movie reviews. The results show that the good performance of the
underlying classifier is carried on to the ICP extension without any substantial accuracy
loss while the provided prediction sets are tight enough to be useful in practise.
Keywords: Conformal Prediction, Inductive CP, Sentiment Analysis, NLP, Transformers,
BERT, Transfer learning, Text Classification,

1. Introduction
Sentiment Analysis (SA) or opinion mining, aims to extract subjective information such as
opinions, attitudes and emotions from human language. Services such as social media platforms and online forums can provide an abundance of data where consumer and political
preferences are contained. Analysing this data can lead to information on how to increase
c 2020 L. Maltoudoglou, A. Paisios & H. Papadopoulos.
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market share and company profits or on how to increase popularity of leaders and influencers. SA is a task of Natural Language Processing (NLP), but it can also be applied on
images or videos of humans to extract similar kind of information from facial expressions,
gesture and body language. This is referred to as Visual SA and belongs to the field of
Computer Vision.
Although SA has been attracting the interest of researchers and practitioners alike due
to its potential practical applications (Liu, 2010), it was only after 2004 that the research on
SA began to flourish. The reasons are found in the development of computer systems in the
90’s that allowed computer-based SA as well as in the increased availability of large opinion
text corpuses from the Internet after the 00s (Mäntylä et al., 2018). NLP’s advancements
in the past decade pushed SA research significantly making it now one of the most active
research areas in computer science.
Approaches to the SA problem can be categorised based on the techniques used and the
level of classification. The two main techniques used are Machine Learning (ML) and the
Lexicon-based (Medhat et al., 2014). ML techniques use a variety of learning algorithms
to determine the sentiment by training on a known dataset. Lexicon-based techniques
extract the sentiment using the semantic orientation of words. Depending on the level of SA
performed, these can be categorised as: document; sentence; and aspect-level SA. Document
level SA extracts the sentiment of a whole document while sentence-level operates on each
sentence within the text. Aspect level SA is based on the idea that an opinion is made-up
by a sentiment on a target (Liu, 2012), and therefore it extracts sentiments with regards
to certain entities or aspects of entities within the text. To demonstrate how aspect level
SA serves the problem, consider the following example of a segment of a phone purchase
review: “Although the battery charges really fast it doesn’t last long”. Different sentiments
for different aspects of the entity ”battery” co-exist within this text.
Document and sentence-level SA suffer from the limitation of providing general sentiments without discovering what exactly people liked and disliked. Aspect level SA consists
of a set of NLP sub-tasks to deal with this limitation making it a challenging problem.
Document and sentence-level SA are considered a Text Classification (TC) process, as text
is automatically assigned to one or more tags out of fixed set of possible tags such as:
“happy”, “angry”, “sad”. TC is one of the basic NLP tasks and it comes into 3 flavors: the
binary setting, where each text belongs to one out of two categories; the multi-class setting,
where each text belongs to exactly one out of many categories; and the multi-label setting,
where each text is assigned to one or more categories out of many categories.
NLP is a set of computational techniques combining linguistics, computer science and
artificial intelligence that aim to enable computers to analyze, represent and reproduce human language. In particular, the higher purpose of NLP is to allow computers to perform
a number of human-language related tasks such as categorization, translation, information
extraction and text generation. In the 2010s NLP tasks marked a significant increase in
performance (Goth, 2016), fueled by scientific advancements in ML along with the computation power boost provided from hardware. Advancements in ML were mostly driven
by Artificial Neural Networks (ANNs) which are inspired from the function of the human
brain. Current state of the art models in NLP make use of Transformers which were recently
proposed as an alternative type of ANN structure to deal with NLP tasks.
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Despite the fact that SA and TC problems have been extensively dealt with in the
bibliography, the issue of providing real likelihoods for predictions being correct still persists
and when such information is provided it can still be misleading, as shown by Papadopoulos
(2013) and Antonis et al. (2015). This limitation is addressed by Conformal Prediction (CP),
which provides prediction-sets for a pre-specified confidence level that are guaranteed to be
well calibrated under the assumption of data exchangeability (Shafer and Vovk, 2007). CP
can be very useful when opinion mining predictions need to satisfy a pre-specified level of
confidence due to the sensitivity of the final conclusions, e.g. when a manufacturer needs
to decide if investing more in a specific feature of his product would be beneficial for his
business. In addition, there are situations in SA where the same or a similar conclusion
is reached under different predictions e.g. when extracting emotions “happy” and “very
happy”. In this case prediction regions can be beneficial as well. A drawback of CP is
that it is a computationally heavy process. One of the ways to address this problem is
with Inductive CP (ICP) which offers the same guarantees as CP without any further
assumptions.
In this study we investigate the use of ICP on combined with a TC classifier (the underlying model) based on BERT: Bidirectional Encoder Representations from Transformers.
We are dealing with the binary TC problem of predicting the polarity (positive or negative sentiment) in movie reviews (document level SA). We measure the ICP performance
and compare it with that of the underlying classifier using the results from the forcedprediction mode of CP. BERT is one of the first transformer-based models proposed and
highly influential for future models. Our contribution is that we supplement the underlying
transformer-based model predictions with reliable confidence information by utilizing the
CP framework. To the best of our knowledge ICP has not been used on a transformer-based
model before. We also experiment with two types of classifiers to measure their impact on
the use of CP.
The paper is structured as follows: Section 2 presents a review of the existing literature
on NLP and TC. Section 3 discusses CP and ICP in more detail and Section 4 outlines our
approach for the particular problem. In Section 5 we describe our experimental set-up and
present results which are further discussed with our conclusions in Section 6.

2. Literature Review
As a TC problem, document-level SA is primarily influenced by the work on NLP and
particularly by developments on neural word embeddings that provide high quality features
for the underlying classifiers. Word embeddings are dense, high dimensional vector representations of text able to attribute semantic similarities and analogies. Word embeddings
have been increasingly popular because of the continuous performance improvements that
their use has demonstrated in a wide range of basic NLP tasks, (Cambria et al., 2017), TC
included, and can be categorised as Static and Dynamic (or Contextualized) word embeddings, as shown in Figure 1.
Static word embeddings are produced from shallow models, usually pre-trained. The
Word2Vec method (Mikolov et al., 2013a), (Mikolov et al., 2013b)) was the first efficient
static word embeddings as it offered a way to deal with each word in a collective way and
not individually as was previously the case. Pennington et al. (2014), introduced the Global
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Figure 1: Categorization of recent Word Embedding models by type and learning algorithm

Vectors (GloVe) method which combined the architecture of Word2Vec with the statistical
Latent Semantic Analysis (LSA) method, reducing their weaknesses. Joulin et al. (2016),
proposed FastText, a method that uses subword information to deal with the issue of not
having vector representations for words outside the vocabulary.
Developments that led to transformer-based models, made use of contextualized word
embeddings. Transformers (Vaswani et al., 2017) are pre-trained language models based on
sophisticated (deep) ANNs that make use of the attention mechanism, Sequence to Sequence
(Seq2Seq) architecture and transfer learning. Language models aim to predict the next word
in a sequence of words, given a number of words that precede it. The attention mechanism
(Bahdanau et al., 2014) was proposed to incorporate into machines an approach similar to
the way humans pay attention and recall memories. Seq2Seq models (Sutskever et al., 2014)
were first proposed to deal with the Machine Translation (MT) problem and are composed
of an encoder and a decoder. Under transfer learning view models are developed for a task
where data is abundant and then reused as the starting point for models in specific tasks.
The first contextualised word embedding came from Context Vectors (CoVe) (McCann
et al., 2017) and uses pre-trained word embeddings from GloVe to feed the layers of an
encoder of a Seq2Seq Neural MT model which is later trained in a supervised way. A
refinement of CoVe that uses a bidirectional LSTM 1 language model, called Embeddings
from Language Models (ELMo) (Peters et al., 2018), was able to handle polysemy, i.e. the
situation where the meaning of the words vary according to the context. The implementation of a recently proposed method for improving the performance of LSTM based language
models, referred to as AWD-LSTM, resulted in ULMFiT: Universal Language Model Fine1. Long Short-Term Memory (LSTM) is an ANN structure usually used for sequence analysis like text, as
it offers some king of memory to machines
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Tuning (Howard and Ruder, 2018), that surpassed the state of the art performances in 6
text classification tasks.
The first implementation of Transformers was in a similar to ULMFiT model by replacing the LSTM structure, that led to Generative Pre-Training (GPT), (Radford et al.,
2018). GPT beat the state of the art models in TC and on 8 other NLP tasks. A new
implementation of Transformers that made a different use of bidirectional information than
ULMFiT and GPT led to BERT (Devlin et al., 2019), which obtained new state of the art
results on 11 NLP tasks, TC included.
Most of the transformer-based models for NLP tasks contain a large number of trainable
parameters which are pre-trained as language models on large text corpuses like Wikipedia.
These pre-trained models, like BERT, can be downloaded from the web.

3. Conformal Prediction
The typical classification problem using ML techniques, consists of building a classifier by
setting a learning algorithm as a base and then training it on a data set Z where target
categories are known, called training set. Then the classifier is used for predicting the
category of any given instance, from a pre-specified set of categories. We define training set
Z = {z1 , . . . , zn } = {(x1 , y1 ), . . . , (xn , yn )}, where n ∈ N is the number of training instances,
zi = (xi , yi ) ∈ Z, i ∈ {1, . . . , n} is the ith example, xi ∈ Rd is a set of vector attributes
and yi ∈ Y = {Y1 , . . . , Yc } its corresponding classification.
The CP framework, which extends conventional ML techniques, supplements the predictions of the underlying classifier with reliable confidence information, provided that the
general i.i.d. assumption (data are independent and identically distributed) holds true for
Z. For each new instance xn+1 , p-values are assigned to each possible category Yj ∈ Y that
signify the likelihood of it being the true category. This is done by measuring the likelihood
of each of the extended sets for all Yj ∈ Y ,
{(x1 , y1 ), . . . , (xn , yn ), (xn+1 , Yj )},

(1)

being drawn independently, from the same probability distribution. This is equivalent to
measuring the likelihood of Yj being the true category of instance xn+1 , since (xn+1 , Yj ) is
the only new addition to the exchangeable, by assumption, set Z.
To obtain the p-value of Yj , the strangeness of each (xi , yi ) ∈ Z and (xn+1 , Yj ) with
respect to the extended set (1) is quantified by a nonconformity score with a nonconformity
measure A:
Y

αi j = A({(x1 , y1 ), . . . , (xn , yn ), (xn+1 , Yj )}, (xi , yi ),

i = 1, . . . , n + 1.

(2)

The p-value of Yj is calculated by comparing the nonconformity score of (xn+1 , Yj ) to all
other nonconformity scores obtained with (2):
Y

Y

j
|{i = 1, . . . , n : αi j ≥ αn+1
}| + 1
p(Yj ) =
.
n+1

(3)

The final product of CP for each new instance xn+1 , is the prediction-set Γn+1 = {Yj :
p(Yj ) > }. Prediction-set Γn+1 ⊆ Y includes the true category with a probability 1 − ,
5
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where  is the pre-defined significance level, (Vovk et al., 2005). This is based on the
property of (3): ∀ ∈ [0, 1] and for all i.i.d. probability distributions P ,
P n+1 {p(Yj ) ≤ } ≤ .

(4)

Because of (4), all Yj with p(Yj ) ≤  are either not the true label of instance xn+1 or, a case
in which an event of at most  probability occurred. Therefore the chance of rejecting the
true category is at most .
Alternatively, if a single prediction is required the forced prediction can be used. Forcedprediction is composed by 3 elements. One is the most likely category for instance xn+1 ,
defined as the Yj with the highest p-value. The other 2 are credibility which is the p-value
of that Yj and the confidence score which is defined as one minus the second highest p-value.
3.1. Inductive Conformal Prediction
The original CP also referred to as transductive CP requires the learning algorithm to be
trained c times just to deal with one new instance xn+1 , where c is the number of possible
classifications. This is a computationally heavy process and usually prohibitive when the
learning algorithm is a deep ANN with millions of free parameters like Transformers.
Inductive CP for classification tasks, (Papadopoulos et al., 2002), deals with this limitation. Under this perspective the training data is split into the proper-training set
Zproper = {z1 , . . . , zq } and the calibration set Zcalibration = {zq+1 , . . . , zn } data. A general classifier is trained on the proper training set just once and the p-values are calculated
by extending the calibration set with the new instance to produce the extended sets:
{(xq+1 , yq+1 ), . . . , (xn , yn ), (xn+1 , Yj )}, j = 1, . . . , c.

(5)

The nonconformity scores of Zcalibration are calculated just once:
αi = A({(x1 , y1 ), . . . , (xq , yq )}, (xi , yi )),

i = q + 1, . . . , n.

(6)

For each new instance xn+1 the nonconformity scores are calculated for each possible label
Yj as:
Yj
= A({(x1 , y1 ), . . . , (xq , yq )}, (xn+1 , Yj )).
(7)
αn+1
The p-values of each Yj are then:
Y

Y

j
|{i = q + 1, . . . , n : αi j ≥ αn+1
}| + 1
p(Yj ) =
.
n+1

(8)

Given the p-values the remaining process is the same as in the original CP.

4. The Proposed Model
The proposed classifier and text prepossessing (tokenization) follows the work of Devlin
et al. (2019). We use the pre-trained model BERT-base2 and add a fully connected output
layer on top for the task of text classification. We fine-tune BERT by adjusting the model
2. BERT-base can be downloaed from https://github.com/google-research/bert
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parameters through re-training on new examples of in-domain text. We experiment with
softmax and sigmoid activation functions. Although the sigmoid activation function is not
recommended for binary or multi-class TC problems, we employed it, aiming to investigate
if the additional information provided by having two independent outputs (as opposed to
the 2 complimentary probabilities of softmax) can be beneficial when performing ICP.
4.1. BERT
BERT-base is trained on the BookCorpus (800M words) and English Wikipedia (2500M
words) with a special language model called masked language model with two objectives:
• To predict a word within a sequence of words regardless of the direction in which the
sequence is processed, in contrast with the typical language models where only the
next word of a sequence can be predicted
• Next sentence prediction, where a binary classifier is used in order to determine
whether two sentences come in sequence
BERT-base consists of 12 identical sequential layers referred to as transformer blocks with
hidden size of 768. Each transformer block contains a self-attention head and a feed-forward
layer resulting in 110 million trainable parameters in total.
BERT’s input is a sequence of N tokens, where N ≤ 512 and the output is the representation of each token. BERT uses wordpiece tokens (e.g.“playing” is split into tokens:
“play” and “##ing”) with a 30k token vocabulary. The first token of every sequence is
required to be the special classification token [CLS], while the token [SEP] is used between
paired sentences and the token [PAD] is used for padding sequences of different lengths.
The final output of the tokenization process is a sequence of integers corresponding to the
vocabulary tokens. For words not found in the vocabulary the special token [UNK] is used.
4.2. BERT for TC
Our classifier is composed of BERT-base with a fully connected layer on top of it, as shown
in Figure 2. Text is turned into tokens and then into the corresponding vocabulary ids which
are the inputs of the first transformer block. Each transformer block outputs a sequence of
N real valued vectors of length 768 which is the input of the next transformer block.
The final hidden state of the [CLS], which is the first element of the output sequence
of the 12th transformer block, is the representation (word embeddings) of the whole text
and it is fed to the final layer of our classifier. That is a fully-connected layer with input
size: 768 and output size: 2. To prevent over-fitting we use dropout equal to 0.1. The
final output of the classifier is 2 values in [0, 1] corresponding to the likelihood of each label
being the true label. The classifier comes in two flavours depending on the final activation
function: sigmoid and softmax. While both activation functions give output for each label
in the range [0,1], softmax ensures that the sum of the probabilities for all labels equals to
1. The final sentiment is the one with the highest value.
We used the Adam optimizer (Kingma and Ba, 2014) and an early stopping criterion
of accuracy with patience time set to 3 epochs. We used a learning rate of 4e-5 for the
parameters of BERT and 1e-3 for the classification layer, similar to the work of Devlin
7
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Figure 2: Architecture of the classifier model
et al. (2019) to deal with the danger of catastrophic forgetting (Howard and Ruder, 2018),
which eliminates the benefit of the information captured through the pre-training phase.
We also determined experimentally, that a higher learning rate for the final layer, which is
randomly initialized, allows for better model convergence.
4.3. Nonconformity
We apply a typical nonconformity metric to the calibration set instances and then to each
of the test instances for positive and negative label cases. The metric that we used to obtain
the nonconformity scores is from the family of p − norms, for p = ∞ (also referred to as
L-infinity norm):
L∞ = kck∞ = max(|c1 |, |c2 |).

(9)

The nonconformity scores for the calibration instances and for each of the test instances
xn+1 with category Yj are given below. The raw prediction of the classifier, that is the
probability for each label being the true one, is noted as y ? .
αi = kyi? − yi k∞
Y

j
?
αxn+1
= kyn+1
− Yj k∞ .

(10)

5. Experiments and Results
We conduct 2 experiments for each of the softmax and sigmoid classifiers. The first using
the conventional model on the full training set and the second using ICP with the under8
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lying model trained only on the proper training set. We compare the results of ICP with
those of the corresponding conventional classifiers and investigate whether the additional
information provided by sigmoid’s non-complementary outputs can be beneficial.
5.1. Dataset
We use the binary IMDB movie reviews dataset (Maas et al., 2011). It contains 25k positive
and 25k negative reviews and less than 30 reviews per movie. The average number of words
per instance is 292. We use the first N = 256 words (padding size) of each instance. We
split the data set into 34k training set, 6k validation set and 10k test set. For the ICP
experiments we further split the training set to 23.8k proper training set (70%) and 10.2k
(30%) calibration set.
5.2. Performance Measures
Experimental results are evaluated using 2 types of metrics corresponding to the 2 possible
outputs of CP: forced-prediction and prediction-sets (assessing the quality of p-values). In
forced prediction, we use Classification Accuracy (CA), average-confidence (Conf.) and
average-credibility (Cred.). We define n as the total number of test instances.
• Classification accuracy (CA), is the average of correct predictions over the total number of test instances:
n

1X
CA =
I(yˆi = yi ),
n

(11)

i=1

where I is 1 if the condition is true and 0 otherwise, yi is the true category and yˆi is
the predicted category of the classification process for instance i.
• The confidence level indicates the likelihood of the output classification compared
to the other possible classifications. We calculate Average-confidence (Conf.) as a
summary over the total number of test instances, defined as:
n

1X
Conf. =
Confi ,
n

(12)

i=1

where Confi is the confidence level of forced prediction for test case i.
• Low Credibility indicates that the particular instance is strange of all classifications.
We measure Average-credibility (Cred.), defined as:
n

1X
Cred. =
Credi ,
n
i=1

where Credi is the corresponding credibility of i test case of forced prediction.
9
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The second type of metrics evaluates the quality of the p-values produced by ICP and
the consequently the usefulness of the resulting prediction-sets. We used three of the probabilistic metrics proposed by Vovk et al. (2016), in all cases small values are preferable:
• The s-criterion (S), measures the efficiency of the p-vales as their average sum across
all test instances. It is defined as:
n

1 XX y
S=
pi .
n
y

(14)

i=1

• The of-criterion (OF), (OF stands for observed-fuzziness) is defined as the average
sum of the p-values for the false labels. It is defined as:
n

1XX y
OF =
pi ,
n

(15)

i=1 y6=yi

where yi is the true category.
• The n-criterion (N ), is defined as the average prediction-size:
n

N=

1X 
|Γi |.
n

(16)

i=1

5.3. Results
We detail experimental results in 2 parts. Section 5.3.1 evaluates forced-predictions and
Section 5.3.2 prediction-sets and the quality of p-values.
5.3.1. Forced-Prediction
Table 1 reports the classification results of the underlying classifiers (without ICP), indicated
by ∗, and compares them to the corresponding ICP forced-predictions. Forced-prediction
performance is almost equal to the non CP-classification in both cases. This shows that
the use of CP causes no substantial performance loss. The small performance loss of CP
classification can be attributed to the smaller training set size of the underlying classifier,
i.e. proper training set is 10.2k instances shorter. Comparing the performance of the 2 ICPs
we observe that there is insignificant difference between them the 2 in all three metrics.
5.3.2. Prediction-Sets
Table 2 shows the results for the S and OF criteria. We can see that using softmax over
sigmoid slightly increases both the S and OF criteria. This difference might be due to the
extra information provided by the independent sigmoid outputs, however it is insignificant
for any actual conclusion to be drawn.
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Table 1: Forced Prediction Classification
Experiment

CA

Conf.

Cred.

IM DBsigmoid
IM DBsof tmax
∗
IM DBsigmoid
∗
IM DBsof tmax

0.9198
0.9137
0.9228
0.9202

0.9868
0.9832
-

0.5146
0.5195
-

Table 2: S & OF Criteria
Experiment

S − Criterion

OF − Criterion

IM DBsigmoid
IM DBsof tmax

0.5277
0.5363

0.0251
0.0313

Figure 3: Average Prediction-Set Size
Average prediction-set sizes (i.e. N -criterion) for both classifiers is depicted in Figure
3 for significance levels in the range [0, 0.2]. Overall, prediction-set sizes decrease rapidly
offering usable results already at relatively high confidence levels. At the confidence level of
99% (significance level  = 1%), prediction-set sizes are around 1.4. At the confidence level
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of 95% ( = 5%), prediction-set sizes are close to 1 (on average 1.1 out of 2). At confidence
level below 91% ( ≥ 9%) average prediction-set size falls below 1 because of empty sets.
Comparing the sigmoid and softmax versions, sigmoid classifier always offers tighter
prediction-sets over softmax, but the performance difference is small. The highest difference
between them is on the smallest significance level we report ( = 1%), where prediction-set
size is equal to 1.405 for the softmax and to 1.3246 for the sigmoid classifier.

Figure 4: Empirical Error Rate
Empirical error rate results are presented in Figure 4 for significance level varying in
range [0,1]. Error rate for both classifiers is almost equal and no more than the significance
level, as is theoretically guaranteed by the CP framework.

6. Conclusions
We investigate the application of inductive CP combined with a transformer-based model
to deal with the problem of document level SA. Specifically, our underlying classifier is a
state of the art model for NLP tasks, i.e. BERT for TC. We experiment on a binary text
classification problem using the IMDB movies review dataset. We also examine performance differences between softmax and sigmoid output activation functions. Our results
are summarized using performance metrics for forced-predictions and prediction-sets.
The obtained results indicate that the ICP extension does not significantly affect performance in terms of classification accuracy. We marked an accuracy of 0.9228, using a simple
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training strategy on a BERT model, confirming the suitability of transformer-based models
for TC. Additionally, prediction-sets are overall tight enough to be useful in practise.
We intend to extend this work by experimenting with the new state of the art transformerbased models, like XLNet (Yang et al., 2019) and RoBERTa (Liu et al., 2019) to examine
further performance improvements. We also plan to alter the training strategy, using guidance from the work of Sun et al. (2019), since they proved that a significant performance
increase can be achieved. Furthermore, we intent to explore multi-class and multi-label
versions of the problem where the additional information provided by CP can be even more
useful.
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