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Abstract—Multimodal sentiment analysis (MSA) is critical in
developing empathetic and adaptive multimodal dialogue systems
or conversational agents that can naturally interact with users by
recognizing sentiment and engagement. Addressing the challenges
of collecting labeled data for MSA in human–agent interac-
tion (HAI), this study introduces an innovative approach that
combines active learning and multitask learning. Our efficient
sentiment recognition model leverages active learning to select
informative data for learning models, significantly reducing the
labor-intensive data labeling process. Furthermore, we employ
multitask learning to improve annotation (label) quality by
evaluating alignment with true labels and interannotator agree-
ment, thus enhancing the reliability of sentiment annotations. We
evaluate the proposed multitask and active learning methods via
a human–agent multimodal dialogue dataset that includes various
types of sentiment annotations, which are publicly available. The
experimental results demonstrate that by learning to predict the
agreement score, multitask learning becomes better than single-
task learning at capturing the uncertainties in the data. This
study lays the groundwork for incremental learning strategies
in MSA, aiming to adaptively understand user sentiments in
human–agent interactions.

Index Terms—Active learning, Multimodal sentiment analysis,
Multitask learning

I. INTRODUCTION

One of the ultimate goals of artificial social intelligence is to
develop a multimodal dialogue system that can communicate
naturally with users by recognizing sentiment and engagement
statuses to generate empathic and adaptive responses. Even if
large-scale language models [1] such as Chat-GPT1 are pub-
licly available, exploring how to implement such an empathetic
and adaptive dialogue system is still the main challenge. A
robust and accurate sentiment analysis model is vital for such
a multimodal dialogue system.

However, specific challenges are encountered during the
data collection process when working toward robust and ac-
curate multimodal sentiment analysis (MSA) in human–agent
dialogue interactions. First, collecting multimodal interaction
data such as human-robot-agent interaction data is expensive,
so it is still difficult to collect large-scale data in such a
setting. An efficient multimodal learning methodology with

1https://chat.openai.com/

low labeled data demands is needed. This leads to difficulties
when training machine learning models with limited data.
Second, although we need sufficient interaction data for a
specific user to adapt the system to the specific interests of
that user, we cannot always collect sufficient multimodal data
(batch data) from unknown users. To solve the batch data
limitation problem, the ability to obtain multimodal behavioral
data with sentiment annotations is attained through dialogue
interactions between the utilized system and the target user
in an incremental manner. However, many MSA studies do
not assume, that human–agent interactions are influenced by
the data acquisition process; instead, they assume that a batch
multimodal dataset is available for training machine learning-
based MSA models.

In this study, we consider a scenario involving sequential
learning strategies centered on active learning, which is a
machine learning method. We assume that when the employed
dialogue system interacts with a user and an utterance with an
unclear sentiment level is observed from the user, the system
can ask the user for their sentiment (ground truth) with respect
to that utterance. As a result, first, the system can acquire pairs
of multimodal features from the utterance and the sentiment
labels (labeled data) observed in the utterance. Second, the
system can incrementally update the sentiment recognition
model by retraining it.

To satisfy the assumption made in this study, systems must
possess three modules for (i) selecting uncertain utterances
when the sentiment level of the user is unclear, (ii) annotating
their true sentiment level for these uncertain utterances, and
(iii) Conducting incremental learning on the acquired labeled
samples composed of multimodal features from uncertain
utterances and the corresponding true sentiment level.

We propose an efficient active learning strategy for MSA, in
which (i) uncertain samples are estimated and (iii) retraining
is performed using these estimated samples as training data.
Here, there are two main methods for annotating the ground-
truth sentiment label (ii). The first is to directly ask dialogue
users about their true sentiment level. The second one is to
ask multiple annotators to annotate the sentiment label of the
user by showing the video of the dialogue after the dialogue
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session. This study assumed the second method.
Active learning is effective for training models with small

amounts of labeled data. Specifically, multimodal data ob-
tained from interactions are sorted by uncertainty sampling;
only uncertain samples (samples that are difficult to recognize)
are transferred to annotators for labeling, so the sentiment
recognition model can be efficiently trained by adding labeled
data from such small uncertain samples.

In the early stage of active learning using small-sized
training data, the uncertainty estimator is not sufficiently
trained, so appropriately selecting samples is difficult. To
overcome this issue, we utilize multitask learning (MTL)
in the proposed active learning framework. Specifically, we
set the learning tasks of predicting the true label and the
agreement degrees of annotators (interannotator agreement
(IAA) scores). The prediction of agreement degrees can reduce
different annotators’ subjective ambiguity and variability when
annotating sentiment levels, thus improving the data quality
and improving model performance. In addition to MTL, we
utilize an ensemble of deep neural networks (DNNs) to
estimate uncertain samples in a robust manner. MTL and
deep ensembles (DEs) are frequently used and not novel, the
novel; contribution is to show that an active learning strategy
that integrates both MTL based on an annotator agreement
recognition task and DE is efficient for MSA.

II. RELATED WORKS

A. Sentiment analysis for spoken dialogue interactions

A computational method used to determine the sentiment
or emotional tone expressed in a given set of data is called
sentiment analysis, which is commonly referred to as opinion
mining. It involves analyzing and classifying subjective
information to determine whether it conveys a positive,
negative, or neutral sentiment.

To learn about spoken dialogue interaction, we can observe
the sentiment of the speaker in various ways. For example,
we can infer the emotions of people with a conversation by
listening to the tones of the voices that they use, which is part
of the speech emotional task [2]. Speech emotion recognition
(SER) is the process of extracting a speaker’s inner turmoil
from his or her speech. The pronunciation or spectrum aspects
of the human voice are two ways in which its characteristics
can be communicated [3] [4].

However, because everyone expresses emotions differently,
it is difficult to tell which emotions are being conveyed
on the basis of voice characteristics [5]. To overcome this
complicated data situation, DNNs are used. DNNs outperform
traditional methods in this field [6]. In addition to SER, DNNs
also play a crucial role in multimodality scenarios. Deep
learning-based techniques are the main trend in MSA [7]

Numerous previous investigations focused on developing
multimodal machine-learning-based social signal identification
models for human-robot-agent interactions. Multimodal
processing at the dialogue and exchange level [8], [9], refers
to the analysis and integration of multiple modalities (such
as text, speech, gestures, facial expressions, and physiological

signals) in the context of dialogue and exchanges between
individuals.

Our research differentiates itself from other multimodal
sentiment analysis (MSA) approaches by focusing on a sce-
nario that employs sequential learning strategies centered on
active learning. This is in contrast to existing methods that
predominantly utilize supervised learning with batch training
datasets.

B. Active learning and multitask learning

In real-world scenarios, acquiring data is a common problem
in this field, and one aspect of this is limited labeled data. To
overcome this problem, we use an active learning process.
Active learning aims to select the most informative instance
for annotation and can reduce the effort required for labeling.

The proposed uncertainty sampling strategy is one of the
early methods used in active learning [10]. The purpose of this
method is to measure uncertainty by using entropy or margins.
It serves as a foundational technique for many active learning
strategies. Another significant research area in active learning
is the query-by-committee approach [11]. In this research,
the author used an algorithm to perform querying according
to the principle of maximal disagreement. Our approach is
unique in that it integrates annotator agreement as a subtask
within the multitask learning framework. This incorporation
enhances generalization and effectively captures the impact of
annotator consensus on the Multimodal Sentiment Analysis
(MSA) process. The result showed that this algorithm led to
a generalization error.

More recently, active learning techniques have been com-
bined with a deep learning method [12] [13]. This research
is related to the use of deep learning in the active learning
process. The main purpose is to reduce the effort required
from network security experts. Additionally, the combination
of active learning with deep learning is used in the time-series
field, which is a similar field to that of our work [14]–[16].

In the deep learning era, owing to its capacity to use shared
representations via neural networks, MTL has drawn
considerable interest [17]. In particular, in the computer vision
field, various studies have been conducted on MTL [18]–[20],
and social signal processing [21], [22]. One of the major
challenges in MTL is the use of an effective shared represen-
tation that captures patterns across tasks. Zhang introduced a
multitask DNN with a shared layer [23].

III. DATA AND MULTIMODAL FEATURES

In this study, we used multimodal dialogue datasets:
Hazumi1902 and Haumi1911 [24], which contain multimodal
dialogue corpora between human participants and a virtual
agent. The datasets are publicly available for academic re-
search purposes 2. The annotations focused on individual
exchanges between humans and agents within conversations,
capturing the sentiment levels and the desire to continue the
conversation.

2https://www.nii.ac.jp/dsc/idr/rdata/Hazumi/
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TABLE I
DISTRIBUTIONS OF CLASSES, SENTIMENT LEVELS (TSS), AND TOPIC

CONTINUANCE LEVELS (TCS).

[%] Hazumi 1902 [24] Hazumi 1911 [24]
Class TS TC TS TC
High 49.8 44.7 56.6 53.5

Neutral 42.7 39.4 36.1 29.2
Low 7.5 15.9 7.3 17.3
Total 2,237 samples 2,439 samples

A. Recording settings

Hazumi includes multimodal data on conversations between
participating users and a conversational virtual agent. The
Wizard-of-Oz (WoZ) approach was used by a human operator
to control the agent. To enable users to enjoy conversing with
the agent, the operator chose his or her words properly and
switched topics when needed. For example, if participants
were not interested in the topic, the operator changed the
topic. The operator played the part of a good listener if the
participants seemed to enjoy speaking with the system. The
participants included 10 males and 20 females, and their ages
ranged from 20 to 70 years.

B. Sentiment annotations and statistics

Focusing on third-party annotations is crucial due to IAA,
which enhances the robustness and reliability of sentiment
analysis models. Self-reported sentiments are subjective and
lack comparability, making it difficult to validate and improve
model performance. Therefore, in this work, we focus on
two labels per exchange: (1) third-party sentiment (TSs), i.e.,
sentiment levels annotated by third-party coders3, and (2) topic
continuance levels annotated by third-party coders (TCs). (1)
The TS lies in the range from one to seven; one means that
the user did not enjoy the corresponding exchange, and vice
versa. (2) The TC lies in the range from one to seven; one
means that the user did not want to continue the conversation,
and vice versa. The TSs and TCs were annotated on 7-point
scales; exchanges with values higher than 4.5 and lower than
3.5 were given high and low labels, respectively. The other
exchanges were neutral. The label distributions are shown in
Table I. The statistics show that the labels were mostly either
’neutral’ or ’high’, but the ’low’ class had the least number
of labels in the data.

. We also focused on multitask learning, in which the
auxiliary task was to predict the IAA score. The IAA score
is a measure used to assess the level of agreement between
two or more human annotators or raters who independently
evaluate the same set of data. It is represented on a scale
from 0 to 1, where 0 signifies no agreement among the
annotators, whereas 1 indicates a high level of agreement. Fig.
1 shows the distributions of the IAA score at the sentiment
level (TS) and topic continuance level (TC) in Hazumi 1902.
The distributions revealed that sentiment levels tended to

3The dataset also has self-sentiment (SS), but we did not use it in this study

Fig. 1. Distributions of the IAA scores between sentiment level (TS) and
topic continuance level (TC) in Hazumi1902

yield higher inter-annotator agreement (IAA) scores than did
topic continuance levels (TCs). This might indicate that TCs
have complicated properties for use in annotation tasks. To
mitigate the issue of variability in labels provided by different
annotators, we utilize the unweighted Cohen’s kappa statistic.
This involves calculating the kappa coefficient for each pair
of annotators, summing these values, and then computing the
average (Equation (1): na denotes the number of annotators.).
This method results in a lack of inter-annotator agreement
(IAA) scores within the range of 0.7 to 0.9 in Fig. 1.

IAA =

∑na−1
i=1

∑na

j=i+1 κij

naCk
(1)

C. Multimodal feature extraction

1) Audio features. Using the openSMILE toolkit [25], the
acoustic characteristics were retrieved for each speech.
The root mean square frame energy (RMSenergy),
mel-frequency cepstral coefficients, zero-crossing rate,
voice activity probability based on VAD (VoiceProb),
and fundamental frequency (F0) were used as different
types of acoustic parameters. Delta coefficients were
also determined for these 94 characteristics.

2) Linguistic features. Linguistic features were extracted
from the participants’ utterances. We used automatic-
speech recognition and obtained text data. Then,
we extracted the features contained in the text data.
Following a morphological analysis using MeCab, the
frequencies (also known as bags-of-words) and parts of
speech of words were collected to produce 984 linguistic
features.

3) Visual features. Regarding the visual features, we
focused on the extraction of facial and motion features.
By using OpenFace [26], we obtained ten facial feature
points at the lips and both eyes. Calculations were per-
formed to determine the absolute values of the between-
frame accelerations and velocities. The incidence propor-
tions of 18 action units were also employed. Microsoft
Kinect V2 was used to obtain the joint locations of the
participants along with their 3D coordinates. A total of
384 features were extracted using these positions.
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IV. METHODS

We propose an efficient multimodal sentiment recognition
model based on multitask active learning by adding labeled
data from small uncertain samples while considering the
agreement degrees of annotators (the reliability labels of
their sentiment labels). An overview of the machine learning
framework developed based on the proposed method is shown
in Fig. 2.

A. Active learning

Active learning is a machine learning method where an
algorithm proactively labels the most informative data points
in an unlabeled set. The goal is to reduce the amount of
labeled data needed while optimizing model performance. In
the proposed active learning method, uncertainty sampling is
used to choose the data points for labeling (Section IV-A1).
Ensemble models enable us to accurately estimate uncertainty
samples by aggregating the results output by multiple models,
so we use an ensemble DNN as the base model. This method
is called a DE (Section IV-A2).The procedure of the proposed
active learning method with a DE is explained in Section
IV-A3.

1) Uncertainty Sampling: In active learning, uncertainty
sampling is the technique used to select informative and
uncertain data points for labeling. Two uncertainty sampling
methods are used in our experiments. First, the random
sampling method randomly selects samples from each step
and then retrains the constructed model with the selected
samples. The second method is entropy-based sampling, which
calculates the entropy of the predicted class probabilities.
Entropy measures the uncertainty or randomness in a
probability distribution. Samples with higher entropy values
are considered more uncertain.

2) Deep Ensemble: DE is a machine learning technique
that involves creating multiple deep learning models and
combining their predictions to improve the overall perfor-
mance and robustness of the resulting method. To obtain better
results, we use a DE in terms of MTL and compare it with
the single MTL strategy.

3) Procedure: In this study, active learning is conducted
via the following process (Fig. 2):

1) Training the model with initial training samples: A
machine learning model:f(x) is trained with the initial
training data. In this study, an ensemble of multiple neural
network models with an MTL architecture is used as
model f(x).

2) Transferring the data to an annotator: Letting the
unlabeled dataset be Xu, each sample in Xu is input
to the trained model f(x), and its uncertainty score is
output from f(x) (Section IV-A1). The top T samples
with the highest uncertainty scores are transferred to the
annotators.

3) Labeling the uncertainty samples: The oracle annotates
the ground-truth sentiment labels (defined in Table I) for
these T uncertainty samples.

4) Retraining the model: The initial model f(x) is re-
trained with the T samples annotated by the oracle
annotator.

5) Classifying the data: Once the training process is
complete, DE MTL classifies the new unlabeled data.
Drawing upon the principles of active learning, the clas-
sification model can be subject to periodic retraining,
employing a diminished set of labeled data. Processes
1) to 5) are iterated.

B. Multitask learning

First, we extract the Hazumi dataset to form a feature vector
(details in Section III). We then concatenate feature vectors
from three sources to create a single input vector for the
model. The MTL model, with two heads, performs prediction
tasks and outputs the IAA score—a regression task measuring
annotation reliability from below 0 to 1 (with scores below 0
indicating no agreement). This score is calculated using Fleiss’
kappa value [27].

MTL trains a model on multiple related tasks simultane-
ously, enhancing generalization and performance. Our MTL
framework trains task-specific models via a shared network
architecture with three hidden layers (100 units) and two
heads: one for predicting sentiments and another for IAA
scores.

The first head predicts “High,” “Neutral,” or “Low” senti-
ments, while the second head, a regression task, predicts IAA
scores based on these classifications. For example, to evaluate
predicted sentiment levels (TSs), we calculate the IAA scores
of the TSs.

1) Loss function of MTL: During the training process, we
train the model with two tasks, the classification task of
predicting sentiment levels or topic continuance levels, and
the regression task of predicting agreement scores. We use the
cross-entropy loss function (Equation (2)), which is the loss
function that is typically used for classification tasks. Equation
(2) shows the process of computing the cross-entropy loss
function:

LCE(y, ŷ) = −
N∑
i=1

C∑
j=1

yi,j · log(ŷi,j) (2)

where LCE is the cross-entropy loss, and y denotes the ground-
truth labels, which form a one-to-one encoded vector with
N samples and C classes, ŷ is the predicted probability
distribution, and yi,j is the ground-truth label for the ith
sample and jth class, which is 1 if the sample belongs to
class jth and 0 otherwise.

Then, we use the mean squared error loss (Equation 3) for
regression tasks, where the model predicts continuous values:

LMSE(y, ŷ) =
1

N

N∑
i=1

(yi − ŷi)
2 (3)

where LMSE is the mean squared error loss, y is the ground-
truth value for the ith sample, ŷ is the predicted value for the
ith sample, and N is the total number of samples.
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Fig. 2. Overview of the proposed method based on an active learning model with (a) a DE and an MTL model

Finally, we compute the sum with the two tasks to compute
The final loss for the MTL, is shown in Equation 4:

LTotal = LCE + LMSE (4)

V. EXPERIMENTAL SETTINGS

Our experiment focuses on a comparison between single-
task learning and multitask learning in the active learning
process. In this study, we start with 25 samples as the initial
samples and conducts experiments by selecting 50 samples
in each step via random sampling or uncertain sampling. We
conduct an experiment to predict these labels and report the
average accuracy achieved on the test set with 5-fold cross-
validation.

This experiment consists of 37 steps conducted on the
Hazumi 1902 dataset and 39 steps on the Hazumi 1911 dataset,
and in each step, the models are trained for 100 epochs. The
loss function for the classification task is the cross-entropy
loss, and the IAA score is predicted, which we define as
a regression task thus we use the mean squared error loss
function. The learning rate in this experiment; is set to 0.001.

We utilize speech recognition to transcribe speech data into
textual data, subsequently generating a bag-of-words vector.
This vector is then concatenated with features derived from
audio, linguistic, and visual modalities to form a unified
feature vector, which is subsequently input into the active
learning process.

During the training phase, the first step is to initially label
the dataset to train the base model and then train the model
using initial data. In this experiment, we use the initial data
of 25 samples. Then, the trained model is applied to the
samples. In this study, we initially start with 25 samples
and calculate a measure of the uncertainty function for each
sample. Afterward, we select a subset of the unlabeled data.
The number of subset data is set to 50. Then, we label the
selected subset data and feed them to the model for retraining.

The selected data in our active learning framework are selected
on the basis of their uncertainty scores derived from the current
state of the model, not explicitly treated as time-series data.
Finally, this step is repeated until the last step, and the model
is evaluated on the test set after finishing each step.

1) Validation test and evaluation metric: We validate the
5-fold performance of the tested methods. We use the accuracy
corresponding to the micro F measure as the evaluation metric
(following previous work) via the Hazumi corpus [22]. The
accuracy is calculated as the quotient obtained by dividing the
number of correct class assignments by the total sample size.

As the primary evaluation metric, the total area under
the accuracy plot (TAUP) for the active learning process is
calculated according to the average accuracy achieved for all
training sample sizes as the primary evaluation index. The
TAUP obtained for the S-th step is calculated as follows:

TAUPS =
1

S

S∑
s=1

accs, (5)

where s is the step index and accs denotes the accuracy
achieved in step s. acc1 denotes the accuracy of the model
trained with the initial training set. During active learning
process, evaluating the change in accuracy achieved by
increasing the number of training samples chosen with
uncertain sampling strategies is important. In particular, it is
vital for the personality adaptive dialogue system to obtain
a higher TAUP in an early step s. As a second strategy,
the best accuracy is selected from all the steps of active
learning. Additionally, we perform Fivefold cross-validation
was performed to assess the performance and generalizability
of the predictive model.

A. Comparative methods
In our experiment, the following eight models are

implemented and compared to confirm the effectiveness of the
proposed models.
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Fig. 3. The total areas under the plots (TAUPX ) produced by single-task learning (STL), multitask learning (MTL), and deep ensemble multitask learning
(DE MTL) annotated at the sentiment level (TS) for Hazumi1902 and Hazumi1911.

• STL + Random: A DNN model is trained via single-
task learning, and random sampling is applied as the
uncertainty estimation function.

• STL + Entropy: A DNN model is trained via single-
task learning, and entropy is applied as the uncertainty
estimation function

• MTL + Random: A DNN model is trained via MTL, and
random sampling is applied as the uncertainty estimation
function.

• MTL + Entropy (Proposed): A single neural network is
trained via MTL, and entropy is applied as the uncertainty
estimation function.

• MTL + DE + Entropy (Proposed): Multiple DNN
models are trained via MTL, and uncertainty estimation
is performed via the aggregation of the outputs produced
by multiple networks.

In our active learning experiment, we maintain consistent
hyperparameters across trials to ensure a fair comparison,
including fixed learning rate, batch size, and network archi-
tecture, with variability limited to the initial weight values.

VI. RESULTS

Fig. 3 shows the changes in the total areas under the
accuracy plots (TAUPs (Equation (5))) of the classification
accuracies obtained by comparing the single-task learning and
nonactive learning approaches (with random sampling) with
the proposed multitask active learning method with a DE
approach under an active learning process. The left and right
panels of Fig. 3 show the trajectories of the TAUPs produced
for the third sentiment prediction task conducted on Hazumi
1902 and 1911, respectively. In both subfigures, the proposed
DE-based multitask active learning (MTL + DE + entropy)
method yields the best results in almost all steps. These results,
indicate that integrating uncertain sampling with DE and MTL
is effective as an active learning strategy.

However, MTL + DE + Entropy does not obtain the best
TAUP in the very early stage (with fewer than 37 training
samples) of the active learning process, and the best result
is obtained by MTL + Random in both cases. The main
reason for this is that the uncertain samples are not accurately
estimated by the initial model. Conversely, MTL + DE +

entropy improves the accuracy and TAUP after training the
model with a certain number of samples (more than 375 in
Hazumi 1902, and more than 175 in Hazumi 1911). Here,
the finding that MTL + random has the best TAUP means
that although the uncertainty estimation process is not stable
in the very early stage, MTL helps mitigate the degradation
exhibited by the classification performance. The results show
the effectiveness of performing MTL by optimizing the IAA
score in the active learning task.

We summarize the TAUPs at the final step (after training
on all samples), so we compare the proposed method with
other baselines on the basis of their areas. Table II shows the
area under the plot (AUP) results. The bold numbers indicate
the best models for each label. As shown in the table, the
proposed model (MTL + DE + entropy) achieves the best
accuracies among all the models, with values of 74.9%, 71.3%,
77.2%, and 67.7% for Hazumi 1902 TS, Hazumi 1902 TC,
Hazumi1911 TS, and Hazumi 1911 TC, respectively. Table
III shows the best accuracy results derived from the active
learning procedure. The bold numbers indicate the best model
for each label. As shown in the table, the proposed model
(MTL-DE + Entropy) outperforms the best baseline models
by 73.5% and 78.8% on Hazumi 1902 TC and Hazumi 1911
TS, respectively. The performance of the proposed model is
almost the same as that of the best baseline model for Hazumi
1911 TS and Hazumi 1911 TC. The primary metric is the AUP,
so we discuss our results on the basis of Fig. 3 and Table II
in the following sections.

A. Performance validation with statistical tests

We confirm that our proposed models do not improve the
results merely by chance by implementing statistical
hypothesis tests. Hypothesis testing is conducted to validate
whether a significant difference in performance (AUP) is
observed between the three baselines (STL + Random, STL +
Entropy, and MTL + Random) and the proposed models (MTL
+ Entropy and MTL + DE + Entropy). For hypothesis testing
purposes, we use the Wilcoxon signed-rank test to determine
the statistical significance of our models. We perform a test
on the cases that show the greatest AUP improvement when
we adopt our multitask active learning methods. For a given
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TABLE II
AREAS UNDER THE PLOTS OF SINGLE-TASK AND MULTITASK

METHODS.

[%] Hazumi1902 Hazumi1911
TS TC TS TC

Baseline models
STL + Random (†) 72.8 ± 2.7 68.5 ± 2.7 73.6 ± 3.2 65.4 ± 3.5
STL + Entropy (⋆) 73.3 ± 2.8 69.7 ± 4.1 75.1 ± 2.9 67.2 ± 5.2
MTL + Random (∗) 74.1 ± 2.5 70.8 ± 2.5 76.2 ± 3.4 64.9 ± 4.0

Proposed models
MTL + Entropy 74.2 ± 3.1 70.9 ± 2.7 76.3 ± 3.5 66.4 ± 4.4

†, ⋆ †, ⋆ †, ⋆
MTL + DE 74.9 ± 3.2 71.3 ± 3.8 77.2 ± 3.0 67.7 ± 4.8
+ Entropy †, ⋆, ∗ †, ⋆, ∗ †, ⋆, ∗ †, ∗
The specific symbols †, ⋆, and ∗ denote the following baseline models:
“STL + Random”, “STL + Entropy”, and “MTL + Random”, respectively.

TABLE III
THE BEST ACCURACIES AMONG SINGLE-TASK AND

MULTITASK METHODS.

[%] Hazumi1902 Hazumi1911 Average
TS TC TS TC

Baseline models
STL + Random 75.4 72.1 76.7 69.0 73.3
STL + Entropy 76.0 72.7 77.5 71.8 74.5

MTL + Random 77.0 72.9 78.4 69.1 74.4
Proposed models

MTL + Entropy 76.8 73.1 78.5 70.4 74.7
MTL + DE + Entropy 76.8 73.5 78.8 71.5 75.2

pair of models (three baselines and the two proposed methods
in Table II), we determine whether there is a significant
difference between the accuracies achieved for each total
number of samples in the plot (e.g. Fig. 3).

From Table II, the best-proposed model (MTL + DE +
Entropy) achieves significantly better accuracy than all the
baselines on the Hazumi 1902 TS, Hazumi TC, and Hazumi
1911 TS datasets, and it attains significantly better accuracy
than do the two baselines on the Hazumi 1911 TC dataset.
These results demonstrate that by adding an active learning
framework and MTL, the proposed method is more effective
than the single-task learning method, which only optimizes
the loss for the target sentiment labels and random sampling
methods, which address various sentiment analysis tasks.

B. Effect of the DE multitask model

Our study aims to improve the performance of uncertainty
sampling and the resulting classification accuracy by applying
DE techniques for an MTL model. From Fig.3, the DE method
exhibits remarkable consistency in its accuracy across different
instances, suggesting its superiority over the alternative
methods. From the hypothesis testing results shown in Table
II, the AUP of the proposed DE method (MTL + DE +
entropy) is slightly better than that of the non-DE method
(MTL + entropy). The results show that the DE makes the
active learning performance stable and accurate.

VII. DISCUSSIONS

A. Advantages of MTL and improvements over the DE

Our results highlight the advantages of multitask learning
(MTL) with annotator disagreement estimation over single-

task learning in active learning. MTL nearly matches the
performance of supervised learning, improving accuracy and
data efficiency through shared knowledge and feature
representations. Entropy sampling outperforms random
sampling by selecting the most informative samples, enhanc-
ing learning efficiency.

Many multimodal sentiment analysis (MSA) studies assume
a readily available dataset, overlooking the impact of data ac-
quisition. Deep ensembles (DE) outperform single models by
utilizing diverse predictions from multiple models trained on
different data subsets or initializations. This diversity captures
complex patterns, improving predictive performance and
robustness. Notably, DE outperforms MLP during conver-
gence, confirming the value of ensembles in the early learning
stages.

B. Exploring active learning for self-sentiment labels

In the proposed approach, we assume that the ground truth
label is aggregated of labels annotated by multiple annotators
and the interannotator agreement (IAA) scores are available.

On the other hand, recognition of self-reported sentiment
is an important task for a dialogue system to understand the
user’s real inner state [28] [29]. Exploring an active learning
approach to recognize the self-sentiment state of the user, and
asking for direct grand-truth labels of the uncertain samples
during the process of dialogue interaction via the dialogue
strategy of the system is a useful approach.

Future work will explore how to successfully ask a dialogue
user about their true sentiment level. Of course, we need to
find a way to ask whether the user enjoys the interaction,
taking user privacy into consideration. In this scenario, the
interannotator agreement (IAA) scores are not available and
multitask learning is not available. In the future, we also plan
to explore an efficient single-task active learning approach
based on asking the dialogue user whether the user is enjoying
the talking with the system, as well as multi-task active
learning, in this paper.

VIII. CONCLUSIONS

In conclusion, our experimental investigation focuses on
active learning strategies within the context of single-task
and multitask learning frameworks. Our results consistently
demonstrate the superiority of multitask learning (MTL) over
single-task learning, highlighting the benefits of leveraging
shared information across related tasks. Furthermore, our
analysis comparing random sampling, and entropy sampling,
reveals comparable performance, suggesting that entropy sam-
pling methods more effectively capture informative instances
for labeling than does the random sampling method. By
implementing a deep ensemble (DE) in the experiments, the
accuracy score is improved, which helps the individual models
learn different patterns and relationships in the input data.
Overall, our research enhances the understanding of active
learning and MTL approaches, offering insights that can
improve the development of effective and efficient learning
methods across various domains.
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