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Abstract

In empathic dialogue systems, it is crucial to
continuously monitor and adapt to the user’s
emotional state. To capture user-specific map-
pings between multimodal behaviors and emo-
tional states, directly asking users about their
emotions during dialogue is the most straight-
forward and effective approach. However, fre-
quent questioning can cause inconvenience to
users and diminish the user experience, so the
number of queries should be minimized. In
this study, we formulate personalized multi-
modal sentiment analysis (MSA) as a stream-
based active learning problem, where user be-
haviors are observed sequentially, and we as-
sume that the system has an ability to decide at
each step whether to request an emotion label
from the user. Simulation experiments using
a human–agent dialogue corpus demonstrate
that the proposed method efficiently improves
performance even under few-shot conditions.
These results indicate that our approach is ef-
fective for developing dialogue systems that
achieve cost-efficient personalized MSA.

1 Introduction

Dialogue systems need the ability to monitor user
sentiment and adjust their responses accordingly
(Hirano et al., 2019). Sentiments are conveyed not
only through verbal cues but also through nonver-
bal cues such as facial expressions and prosody.
By detecting these social signals displaying the
sentiment state of the dialogue user, a system can
accurately recognize the sentiment state (Vincia-
relli et al., 2009), and generate more empathetic
responses and provide a richer user experience.

However, sentiment expression patterns vary
considerably across individuals. For example, the
modality through which sentiments are more promi-
nently expressed and the intensity of such expres-
sions differ from person to person (Binetti et al.,
2022; Özer and Göksun, 2020; Kim et al., 2020).
Consequently, general models that treat all users

Figure 1: Example of label acquisition process.

uniformly have inherent limitations in estimation
performance. Existing studies (Li et al., 2023; Li
and Washington, 2024) have demonstrated that per-
sonalized models achieve higher accuracy than gen-
eral ones in sentiment analysis.

For intelligent dialogue systems, directly asking
users about their sentiment state is the simplest yet
most effective strategy to capture user-specific cor-
respondences between multimodal behaviors and
their sentiment as illustrated in Figure 1. Inquiring
immediately during dialogue, rather than annotat-
ing later from records, reduces the influence of
memory decay and yields highly reliable labels.
Moreover, this approach eliminates the need for
retrospective annotation from recordings or logs,
making the process efficient for users. On the
other hand, excessive questioning risks degrading
the user experience (Komatani and Nakano, 2020).
When users are repeatedly asked about their senti-
ment, they may perceive the interaction as intrusive
or unnatural, leading to reduced engagement and
willingness to use the system. Thus, it is crucial
to design a mechanism that can strategically deter-
mine when to query the user for emotion labels,
balancing accuracy and user comfort.

Active Learning provides a promising solution
to this problem. By selectively querying only the
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most informative samples, it reduces annotation
costs while maintaining model performance (Set-
tles, 2009). In dialogue scenarios, where samples
arrive sequentially and labels must be obtained
on the spot, stream-based active learning—where
the system decides in real time whether to request
a label—is more suitable than pool-based active
learning. Moreover, recent research on knowledge
acquisition through dialogue, such as Waki et al.
(2025), has formulated the “when-to-ask” problem
using reinforcement learning within a stream-based
active learning framework, demonstrating its poten-
tial for efficient interactive learning. Thus, in this
work, we propose a stream–based active learning
framework using reinforcement learning for per-
sonalized MSA. Our approach learns policies to
decide whether to request labels for sequentially
observed multimodal behaviors.

The contributions of this work are threefold:

• We formulate personalized multimodal senti-
ment analysis as a stream-based active learn-
ing problem to address the diversity of indi-
vidual sentiment expression patterns observed
in human-AI interaction.

• We propose a reinforcement learning frame-
work that decides whether to query labels for
sequentially observed multimodal behaviors.

• Through experiments on two human–agent
dialogue corpora, we demonstrate that the pro-
posed method improves sentiment estimation
performance under few-shot conditions.

2 Related Work

2.1 Knowledge Acquisition through Dialogue

One of the essential functions of dialogue sys-
tems is the ability to acquire necessary knowledge
through interactions with users. Existing mod-
els that rely on static knowledge, such as large
language models, are often insufficient to cover
newly emerging vocabulary, region-specific expres-
sions, or user-specific preferences and affective
nuances (Mazumder et al., 2019; Mei et al., 2024).
To address this limitation, a growing body of re-
search has explored frameworks that allow knowl-
edge to be incrementally supplemented and up-
dated through user interactions.

Previous studies have investigated knowledge ac-
quisition from various perspectives: acquiring new
lexical or factual knowledge from user utterances

(Ono et al., 2017; Li et al., 2016), inferring user sat-
isfaction and preferences (Hancock et al., 2019), or
enabling robots to learn novel object categories and
spatial concepts through dialogue (Taniguchi et al.,
2016; Thomason et al., 2019; Kane et al., 2022).
Collectively, these works highlight the importance
of adapting to the environment and users through
actual interactions, rather than relying solely on
fixed datasets.

However, frequent questioning in pursuit of
knowledge acquisition can negatively affect user
experience (Komatani and Nakano, 2020). There-
fore, systems must be designed to minimize the
number of queries while still efficiently obtaining
valuable information. To address this challenge,
recent approaches have formulated the acquisition
of knowledge and preferences within the frame-
work of active learning, where the system learns
"when to ask" (Waki et al., 2025). Such approaches
demonstrate the potential for dialogue systems to
develop flexible questioning strategies that consider
long-term rewards.

2.2 Active Learning for Emotion/Sentiment
Recognition

Active Learning (AL) is a framework that improves
learning efficiency by selectively requesting labels
for the most informative samples from unlabeled
data (Settles, 2009). Two representative settings
exist: the pool-based setting, where an unlabeled
dataset is maintained and samples are selectively
queried, and the stream-based setting, where each
incoming instance is immediately assessed for its
labeling necessity.

AL has also been applied to emotion recognition
in order to reduce annotation costs. Li et al. (2024)
proposed GRACE, a pool-based AL method that
leverages informativeness and cross-modal agree-
ment, demonstrating that high performance can be
maintained with limited labeled data. Abdelwahab
and Busso (2019) applied AL to speech emotion
recognition and showed that performance improve-
ments are achievable with only a small number of
labeled samples. More recently, Moreno-Acevedo
et al. (2024) introduced a stream-based AL ap-
proach that simultaneously considers informative-
ness and diversity in sample selection, thereby
achieving high accuracy with fewer labels. Karn-
janapatchara et al. (2024) further integrated multi-
task learning with annotator agreement modeling,
enabling sequential label acquisition while improv-
ing reliability.
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Nevertheless, most existing studies assume a
pool-based setting or rely on a single modality,
and relatively little work has focused on methods
that can immediately handle sequentially arriving
multimodal data. Furthermore, while prior research
has emphasized the importance of personalization
in adapting to individual differences in emotional
expression (Li and Washington, 2024), only limited
efforts have explicitly designed AL frameworks
with personalization as a primary objective.

Motivated by these gaps, this study proposes a
stream-based active learning framework that eval-
uates whether each sequentially observed multi-
modal instance is useful for immediate personaliza-
tion in emotion recognition.

3 Formulation

The goal of this study is to acquire informative
feature–label pairs from the early part of a dia-
logue with a target user and to leverage them for
improving sentiment estimation performance in the
remaining part. Within this framework, the key
challenge is to learn a label query policy that can
identify and request only the most useful labels
under a limited query budget. Since excessive in-
terruptions may lead to reduced user engagement,
it is desirable to achieve substantial performance
gains with as few label requests as possible.

We model a dialogue as a sequence of discrete
time steps 𝑡 = 1, 2, . . . , 𝑇 . At each step, the sys-
tem observes a multimodal feature 𝑥𝑡 ∈ R𝑑 . The
ground-truth label at that step is denoted by 𝑦𝑡 ∈ Y,
while the estimated label is denoted by 𝑦̂𝑡 . The
label 𝑦𝑡 can be accessed only when the system ex-
plicitly queries the user.

The decision to query is governed by a policy
𝜋𝜙, parameterized by 𝜙. The reward at each step,
𝑟𝑡 , is defined as follows: a positive reward 𝜌+ is
given when a query prevents a misestimation, a
negative reward 𝜌− is given when a query is un-
necessary, and 0 is given when no query is made.
Thus, learning the policy reduces to the following
expected reward maximization problem:

max
𝜋𝜃

E𝜋𝜃

[
𝑇∑︁
𝑡=1

𝑟𝑡

]
. (1)

4 Method

In this study, we propose a stream-based active
learning method for multimodal sentiment analysis

(MSA) to enable real-time personalization. The
proposed policy learning framework is based on
Reinforced Active Learning (RAL) (Wassermann
et al., 2019). Following this framework, we ex-
tend it to the multimodal setting by introducing
uncertainty quantification based on multimodal fea-
tures, and propose RAL-MSA, a Reinforced Active
Learning approach for MSA. The goal of RAL-
MSA is to acquire informative feature–label pairs
from the early part of a dialogue with a target user
and leverage them to improve sentiment estimation
performance in the later part. An overview of the
framework is shown in Figure 2.

4.1 Learning Procedure
The overall procedure of RAL-MSA consists of the
following four stages:

1. Pre-training: Initialize the multimodal clas-
sifiers and the label query policy using data
from training user data.

2. Online Adaptation and Label Querying:
Process the target user’s data sequentially, one
sample at a time. At each step, decide whether
to request a label. If a label is requested, com-
pute the reward and update the policy parame-
ters accordingly.

3. Incremental re-training: Once the number
of newly acquired labeled samples reaches a
predefined threshold, add them to the training
pool and re-train the classifiers to better reflect
the target user’s characteristics. Steps (2) and
(3) are repeated until the labeling budget is
exhausted.

4.2 Overview of Policy Learning
The RAL-MSA framework builds upon
RAL (Wassermann et al., 2019). While our
overall design follows this paradigm, we extend
it to the MSA setting by introducing a new
component: uncertainty quantification based on
multimodal features. This adaptation enables the
system to capture uncertainty across heterogeneous
modalities (audio, linguistic, visual) rather than
relying on unimodal inputs.

The label query policy is therefore learned
through three components: (a) uncertainty quantifi-
cation based on multimodal features, (b) decision-
making for label querying, and (c) Policy update
via reinforcement learning. These components are
designed with the following objectives.
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Figure 2: Overview of the RAL-MSA method. The oracle is an entity that provides the true label 𝑦𝑡 for a queried
sample 𝑥𝑡

Uncertainty quantification. The objective is to
identify samples with high model uncertainty, for
which assigning a ground-truth label is expected to
yield the greatest improvement in accuracy. By es-
timating uncertainty for each modality, the system
can assess the confidence of its predictions from
multiple perspectives.

Label query decision. Confidence values across
modalities are aggregated via a weighted sum to
determine whether a label should be requested.

Policy update via reinforcement learning. By
updating the query policy in a reinforcement learn-
ing framework, the system continuously learns
from the outcomes of its own decisions. Based
on the rewards, parameters of the query policy are
adapted, allowing the system to better account for
individual differences in sentiment expression.

4.3 Uncertainty Quantification from
Multimodal Features

At each time step 𝑡, the input is represented as a
multimodal feature vector:

𝑥𝑡 = {𝑥audio
𝑡 , 𝑥text

𝑡 , 𝑥visual
𝑡 }. (2)

Each modality feature 𝑥𝑚𝑡 is passed through a
modality-specific Random Forest model that out-
puts a predictive distribution over sentiment labels
Y = {1, . . . , 𝐶}. To estimate uncertainty, the max-
imum probability is taken as the confidence score

for modality 𝑚:

𝜙𝑚
𝑡 = max

𝑐∈Y
𝑃(𝑦 = 𝑐 | 𝑥𝑚𝑡 ). (3)

By evaluating in each modality independently,
the system can assess its confidence in samples
from diverse viewpoints.

4.4 Label Query Decision
For each modality 𝑚, the confidence score 𝜙𝑚

𝑡 is
compared against a threshold 𝜃𝑡 , and an indicator
variable 𝑑𝑚𝑡 = I[ 𝜙𝑚

𝑡 < 𝜃𝑡 ] is defined. Only modal-
ities with confidence below 𝜃𝑡 are considered in
the decision process, since low-confidence predic-
tions are more likely to correspond to unexplored
or ambiguous regions of the feature space.

These indicators are aggregated using modality
weights 𝜔𝑡 [𝑚] to compute a Label request score:

𝑠𝑡 =
∑︁
𝑚

𝜔𝑡 [𝑚] 𝑑𝑚𝑡 . (4)

A query is issued if 𝑠𝑡 ≥ 𝜏 . Following
RAL (Wassermann et al., 2019), we set the thresh-
old 𝜏 to 0.5.

In addition, an 𝜖-greedy mechanism queries with
probability 𝜖 whenever a uniform random variable
𝑢 ∼ U[0, 1] satisfies 𝑢 < 𝜖 , even if 𝑠𝑡 < 𝜏. This
prevents the policy from prematurely ceasing to
query and enables detection of misclassified but
high-confidence cases as well as novel patterns.
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4.5 Policy update via reinforcement learning
The usefulness of each query is reflected in the
reward 𝑟𝑡 :

𝑟𝑡 =


𝜌+, if a query is made and 𝑦̂𝑡 ≠ 𝑦𝑡 ,

𝜌−, if a query is made and 𝑦̂𝑡 = 𝑦𝑡 ,

0, if no query is made.

(5)

When the model makes an incorrect prediction
and the system requests a label, a positive reward
𝜌+ is given. Conversely, when the model’s predic-
tion is already correct but the system still requests a
label, a negative reward 𝜌− is assigned. This design
encourages the system to request labels only when
doing so is expected to improve performance.

Note that exploratory queries triggered solely by
𝜖-greedy sampling are not used for policy updates.
Updates are applied only when the committee deci-
sion (𝑠𝑡 ≥ 𝜏) supports querying.

The confidence threshold is updated following
the approach of RAL (Wassermann et al., 2019), as
follows:

𝜃𝑡+1 ← min
{
𝜃𝑡

(
1 + 𝜂

(
1 − 2

𝑟𝑡
𝜌−

) )
, 1

}
, (6)

The 𝜃 decreases rapidly when 𝑟𝑡 = 𝜌−, indicating
that the system queries too often and needs to be
more conservative, while it increases slightly when
𝑟𝑡 = 𝜌+ to acknowledge that the query was benefi-
cial without making the system overly reactive.

The weight of each modality that supported the
query (𝑑𝑚𝑡 = 1) is updated multiplicatively:

𝜔𝑡+1 [𝑚] ←
{
𝜔𝑡 [𝑚] · exp(𝜂 𝑟𝑡 ), if 𝑑𝑚𝑡 = 1,
𝜔𝑡 [𝑚], otherwise.

(7)

The decision power of each modality is reinforced
when its judgment is aligned with the full-modality
model and the query proves informative; otherwise,
its weight is penalized. Finally, the weight vector
is normalized to the probability simplex:

𝜔𝑡+1 [𝑚] ←
𝜔𝑡+1 [𝑚]∑

𝑚′∈𝑀 𝜔𝑡+1 [𝑚′]
∀𝑚. (8)

The learning rate 𝜂 smooths these dynamics so that
both 𝜃 and 𝜔 evolve gradually, avoiding drastic
changes from a single query.

4.6 Classification Model
The classification model is trained independently
of the label query policy. In this study, we used an

ensemble of Random Forest models, as it showed
the best performance among the models compared
in Experiment A.1. At each time step 𝑡, every
modality-specific model outputs a predictive dis-
tribution 𝑃(𝑦 | 𝑥𝑚𝑡 ). The final estimated label 𝑦̂𝑡
is then determined by taking the class with the
item with the maximum average probability across
modalities:

𝑦̂𝑡 = arg max
𝑐∈Y

1
|𝑀 |

∑︁
𝑚∈𝑀

𝑃(𝑦 = 𝑐 | 𝑥𝑚𝑡 ). (9)

5 Experiments

We compare our method against existing baselines
under identical conditions. Below, we describe the
datasets, evaluation protocol, and model parame-
ters.

5.1 Datasets
We use two multimodal human–agent dialogue
datasets, Hazumi1902 and Hazumi1911 (Ko-
matani et al., 2021; Komatani and Okada, 2021).
Hazumi1902 contains dialogues from 28 partic-
ipants and Hazumi1911 from 26, totaling 4,805
exchanges. Each exchange is annotated with a
three-class sentiment label (negative:0, neutral:1,
positive:2) derived from self-reported sentiment
scores. Further details, including recording condi-
tions are provided in Appendix A.2. Additionally,
in this study, we used the participants’ text features,
audio features, and visual features as input features.
Detailed descriptions of each modality are provided
in Appendix A.3.

5.2 Evaluation Protocol
We adopt a group-wise cross-validation scheme.
All participants are divided into five groups
(Groups 1–5). For each experiment, one group is
designated as the target group, while the remaining
four groups are used for pre-training the classifiers
and label query policy. For example, when Group
1 is the target, the models are pre-trained using the
data from Groups 2–5.

After pre-training, stream-based active learning
is conducted for each participant within the target
group using the pre-trained models. For each par-
ticipant, the first 80% of the dialogue in temporal
order is used as the adaptation set, where label
queries are issued and the model is updated, while
the remaining 20% is held out as the test set. La-
bel requests are issued sequentially (one sample at
a time), and the model is retrained whenever five
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Table 1: Comparison of Active Learning strategies on Hazumi1902 (𝑛 = 28) and Hazumi1911 (𝑛 = 25). Values
indicate mean Balanced Accuracy (± 95% confidence intervals). Bold indicates the best performance within each
condition.

Hazumi1902 Hazumi1911
Method 0-shot 5-shot 10-shot 0-shot 5-shot 10-shot
Random Sampling

0.467 ± 0.083

0.468 ± 0.083 0.470 ± 0.080

0.485 ± 0.079

0.477 ± 0.081 0.470 ± 0.086
w/o Threshold (𝜃 fixed) 0.475 ± 0.078 0.471 ± 0.084 0.491 ± 0.081 0.484 ± 0.078
w/o Weight (𝜔 fixed) 0.476 ± 0.078 0.472 ± 0.085 0.490 ± 0.082 0.485 ± 0.082
Ours (RAL-MSA) 0.476 ± 0.078 0.472 ± 0.085 0.490 ± 0.082 0.485 ± 0.082

newly labeled samples accumulate. The sentiment
estimation performance is computed for each par-
ticipant and averaged across all participants. In this
study, we evaluated the models under the 5-shot
and 10-shot settings, as in real-world scenarios the
system can practically query users only a limited
number of times (approximately five to ten) before
it becomes intrusive.

We report performance using Balanced Accu-
racy (BA), which is robust to class imbalance in
multiclass classification.

5.3 Hyperparameters

All hyperparameters used in the classifiers and the
label query policy were tuned in preliminary experi-
ments and fixed across all runs. Detailed parameter
values (e.g., the number of trees, learning rates, and
reward settings) are provided in Appendix A.4.

5.4 Comparison Models

To validate the effectiveness of the proposed RAL-
MSA, we compare it with the following models.

Random sampling. As a naive baseline, labels
are queried by selecting samples uniformly at ran-
dom from the dialogue stream. This method pro-
vides a lower bound for performance, clarifying the
benefit of active learning over chance.

w/o threshold 𝜃. A variant where the confidence
threshold is not adapted online but fixed to the
value determined from pre-training data. Since the
pre-training data consists of dialogues from multi-
ple non-target users, this value can be regarded as
the parameter optimized for an average user. This
comparison highlights the importance of individual
adaptation of threshold 𝜃.

w/o weight 𝜔. A variant where modality weights
are fixed to the values obtained from pre-training
data and are not updated during interaction. As
with the threshold, these values are estimated from
multiple non-target users and thus represent the
parameters optimized for an average user. This
comparison highlights the importance of individual

adaptation of modality weights 𝜔.
Including these models clarifies whether the per-

formance gains of RAL-MSA arise from its per-
sonalization mechanisms or simply from relying
on parameters tuned for an average user.

6 Results and Discussions

6.1 Comparison of Active Learning Strategy

Table 1 summarizes the performance under the 0-
shot, 5-shot, and 10-shot settings for both datasets.
One subject (M6002 in Hazumi1911), for whom
no samples were queried in the 5-shot setting, was
excluded from analysis.

RAL-MSA showed higher accuracy than Ran-
dom Sampling in both datasets under the 5-shot
and 10-shot conditions, by up to 1.5 %. However,
in Hazumi1911 (5-shot), the model without thresh-
old adaptation (w/o Threshold) achieved slightly
higher accuracy than RAL-MSA. Since RAL-MSA
achieved the best results at 10-shot, this suggests
that threshold adaptation was not yet effective in
the very early learning stage, where limited data
may have hindered precise uncertainty calibration.
In addition, RAL-MSA and w/o Weight produced
the same results across both datasets, implying that
the modality-weight adaptation played a minor role
in short-term few-shot settings.

In Hazumi1902, the performance of RAL-MSA
decreased from 5-shot to 10-shot, whereas in
Hazumi1911 both RAL-MSA and the baseline
showed a similar decline. Although the cause re-
mains unclear, it may relate to short-term instability
or sample selection effects. Future work should test
this tendency using larger and longer-term dialogue
datasets and adopt label acquisition strategies that
account for label diversity to improve stability.

Overall, considerable inter-subject variance was
observed, reflecting the validation protocol’s sensi-
tivity to individual differences. Further analysis is
provided in Section 6.2.
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Figure 3: Performance by ID in 5-shot. The horizontal axis represents participant IDs, and the vertical axis indicates
balanced accuracy values. The prefixes “F” and “M” in the IDs denote female and male participants, respectively,
followed by two digits indicating the age group. The last two digits serve as identifiers to distinguish participants of
the same gender and age group (e.g., F2001 represents a female participant in her twenties).

6.2 Subject-wise Performance Analysis

Figure 3 compares balanced accuracy between Ran-
dom Sampling and RAL-MSA for each subject in
Hazumi1902 and Hazumi1911 (5-shot).

In Hazumi1902, among the 28 subjects, RAL-
MSA showed higher accuracy than Random Sam-
pling in 6, underperformed in 5, and achieved
identical accuracy in 17. Although most sub-
jects showed comparable accuracy between the
two methods, certain individuals (e.g., F6002 and
M7001) exhibited more than 20% performance im-
provement with RAL-MSA. In particular, subjects
such as F2002 and M7001, whose Random Sam-
pling accuracy was 0%, achieved non-zero accu-
racy with RAL-MSA. These findings highlight the
effectiveness of active learning in addressing chal-
lenges from limited data and individual differences
in multimodal behaviors. In Hazumi1911, RAL-
MSA showed higher accuracy than Random Sam-
pling in 12 of 25 subjects, underperformed in 6, and
tied in 7. Thus, about half of participants benefited
from RAL-MSA. In particular, M2003 showed a
striking improvement of about 30%, reinforcing
the effectiveness of RAL-MSA in adapting to indi-
vidual uncertainty distributions.

6.3 Analysis of Modality Weight Adaptation

In this section, we analyze modality weight fluc-
tuation to identify the effect of modality weight
adaptation. The fluctuation of modality weights
during active learning is shown in Figure 4. In this
study, the subjects in each dataset were divided

into five groups for pre-training (Section 5.2). As
a result, five different 0-shot values exist for each
dataset. The initial settings for these values are
detailed in Appendix A.5. In Hazumi1902, the
weight assigned to the visual modality was consis-
tently higher, suggesting that visual cues played
a central role in uncertainty estimation for senti-
ment analysis. A similar trend was observed in
Hazumi1911, where the visual weight remained
slightly dominant. Interestingly, as the number of
queries increased in Hazumi1911, the variance of
the text modality weights expanded. This indicates
that the importance of linguistic information var-
ied across individuals, implying that the modality
weighting mechanism can contribute to personal-
ization by capturing subject-specific differences in
uncertainty sources.

In RAL-MSA, if the weight of any single modal-
ity exceeds 0.5, that modality alone can satisfy
the label-request condition 𝑠𝑡 ≥ 𝜏. However, as
shown in Figure 4, no modality weight exceeded
0.5 during training, suggesting that the weighting
mechanism did not directly impact performance.
Nonetheless, in longer-term or higher-budget sce-
narios, adaptive weighting may become more influ-
ential as the system accumulates diverse samples
and refines modality-specific confidence.

6.4 Analysis of Uncertainty Threshold
Adaptation

In this section, we analyze uncertainty threshold
fluctuation to identify the effect of threshold adap-
tation. The fluctuation of uncertainty thresholds
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Figure 4: modality weight(𝜔) fluctuation. The horizon-
tal axis represents the number of queried samples, and
the vertical axis indicates the modality weight for each
modality. Colors represent each participant.

Figure 5: threshold(𝜃) fluctuation. The horizontal axis
represents the number of queried samples, and the verti-
cal axis indicates the values of the uncertainty threshold.
Colors represent each participant.

over queries is presented in Figure 5. In this study,
the subjects in each dataset were divided into five
groups for pre-training (Section 5.2). As a result,
five different 0-shot values exist for each dataset.
The initial settings for these values are explicitly
described in Appendix A.5. Both datasets exhib-
ited an increasing intra-fold variance of thresholds
over time, indicating that the threshold adaptation
mechanism dynamically adjusted according to the
uncertainty landscape of each subject.

In combination with the results of the w/o
Threshold baseline, this suggests that threshold
adaptation was beneficial for personal adaptation,
especially beyond the very early stages of training.

6.5 Limitations

As with many dialogue-based personalization stud-
ies, this work has several limitations in generaliz-
ability. First, the RAL-MSA was evaluated only
on two corpora (Hazumi1902 and Hazumi1911)
collected under similar conditions, which limits its
generalization to diverse users and conversational

settings. Future work should examine adaptabil-
ity to more long-term temporal variations, broader
user populations, and corpora in other languages
using more diverse datasets.

Second, experiments were conducted in simula-
tion without real users. Hence, practical aspects
such as real-time estimation and user experience re-
main unexplored. Investigating how often queries
can be issued without burdening users and how to
ensure reliable self-reported labels will be essential
for real-world deployment.

Third, the framework assumes queries after each
utterance. Exploring more natural timings (e.g.,
topic boundaries or pauses) and promoting sample
diversity are promising directions.

Despite these limitations, this study serves as
a first step toward cost-efficient and accurate per-
sonalized multimodal sentiment analysis through
stream-based active learning.

7 Conclusion

In this study, we proposed RAL-MSA, a reinforced
active learning for multimodal sentiment analy-
sis. The RAL-MSA optimizes when to request
sentiment labels during ongoing interactions, dy-
namically adjusting modality weights and uncer-
tainty thresholds to adapt to individual expression
patterns while reducing unnecessary queries. Ex-
periments on the Hazumi1902 and Hazumi1911
datasets showed that RAL-MSA performed bet-
ter than Random Sampling under few-shot con-
ditions, with some participants showing notice-
able performance gains. The threshold adaptation
appeared to contribute to personalization in later
learning stages, and the modality-weight mecha-
nism reflected user-specific differences in infor-
mation sources. These findings highlight the po-
tential of reinforcement-based active querying for
cost-efficient and accurate personalized sentiment
analysis. As the evaluation was conducted in a
simulation-based setting, the results represent an
initial step. Therefore, future work will validate
RAL-MSA through real-user experiments in long-
term and real-time dialogues to confirm its general-
ity and practical applicability.
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A Appendix

A.1 Model Selection for Sentiment Estimation
Table 2 shows the balanced accuracy of various
sentiment estimation models on the Hazumi1902

Table 2: Balanced Accuracy (mean [95% CI]) of classifi-
cation models for multimodal sentiment estimation.Bold
indicates the best performance within each model.

Models Hazumi1902 Hazumi1911
k-nn 0.424 ± 0.084 0.457 ± 0.075
Decision Tree 0.403 ± 0.063 0.433 ± 0.072
Random Forest 0.467 ± 0.083 0.475 ± 0.078
Neural Network 0.425 ± 0.066 0.418 ± 0.075

Figure 6: Label distribution: The labels 0, 1, and 2
correspond to negative, neutral, and positive classes,
respectively.

and Hazumi1911 datasets. Across both datasets,
Random Forest achieved the highest performance
compared to 𝑘-NN, Decision Tree, and MLP clas-
sifiers. Based on these results, Random Forest was
selected as the sentiment estimation model in this
study.

A.2 Datasets

The Hazumi series consists of corpora of dialogues
between human participants and an agent, which
is publicly available. Table 3 shows the statistical
information of the dataset. For each exchange, par-
ticipants self-reported their subjective sentiment
(SS) using a 7-point scale, where 1 indicates “not
enjoying the conversation” and 7 indicates “fully
enjoying the conversation.” Here, the “exchange”
consists of a system utterance followed by a user ut-
terance. Following prior work using Hazumi (Karn-
janapatchara et al., 2024), SS scores were converted
into three classes: positive (5–7), neutral (4), and
negative (1–3). The resulting label distribution is
shown in Figure 6.

Dialogues were recorded on video, with the
agent controlled by a human operator using the
Wizard-of-Oz method. Hazumi1902 contains di-
alogues from 28 participants (19 female), and
Hazumi1911 from 26 participants (14 female).

A.3 Feature Extraction

We extract features from three modalities—–audio,
linguistic, and visual–—strictly following prior
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Table 3: Statistics of Hazumi datasets. "exchange" is
defined as a unit of data spanning from a participant’s
utterance to the completion of the system’s response.

Hazumi1911 Hazumi1902
Participants 26 28
Avg. age 44.6 ±16.7 44.6 ±15.2

Avg. duration 20.5 min 17.7 min
Avg. exchanges 95 83
Total duration 534.0 min 495.3 min
Total exchanges 2468 2337

works using Hazumi dataset (Katada et al., 2023).
Text features: Speech transcripts are pro-

cessed using the Japanese morphological analyzer
MeCab (KUDO, 2004). We extract part-of-speech
token counts and bag-of-words (BoW) features.
Due to differences in vocabulary size, the text fea-
ture dimensionality varies across datasets, resulting
in 984-dim. for Hazumi1902 and 2613-dim. for
Hazumi1911.

Audio features: Using the openSMILE toolkit1,
we extract the INTERSPEECH 2009 Emotion Chal-
lenge feature set (IS09) (Schuller et al., 2009) for
each utterance, yielding 384-dim. acoustic features
such as pitch and energy.

Visual features: Using OpenFace (Baltrušaitis
et al., 2016), we track ten facial landmarks and com-
pute frame-wise velocity and acceleration (30 fps)
for 12 points around the eyes and mouth. For each
turn exchange, we extract the maximum, mean, and
standard deviation of these signals, along with av-
eraged AU (action unit) activations. In addition,
Microsoft Kinect V2 captures head and shoulder
joint motion, from which we compute velocity and
acceleration statistics per exchange. The resulting
visual feature vector is 86-dim. combining two
descriptors: facial expression (66-dim.) and body
motion (20-dim.).

A.4 Hyperparameters

For both the classifiers and the label query pol-
icy, we use a Random Forest model per modal-
ity. Each forest consists of 100 decision trees
(n_estimators=100) with no restriction on the max-
imum depth (max_depth=None), using Gini impu-
rity as the splitting criterion (criterion=’gini’) and
with bootstrapped sampling enabled.

The 𝜖-greedy exploration rate in the query policy
was set to 0.05. Rewards were assigned as 𝜌+ = 1

1https://www.audeering.com/research/opensmile/

for beneficial queries and 𝜌− = −1 for redundant
ones. The update rate 𝜂 for both the threshold and
modality weights was set to 5 × 10−3 during pre-
training and 1 × 10−2 during personalization. The
query budget in AL was set to 0.5.

A.5 0-shot values for each subject group
In this study, the subjects in each dataset were di-
vided into five groups for pre-training (Section 5.2).
As a result, five different 0-shot values exist for
each dataset. The values for each group are shown
in Table 4. Values are rounded to the fourth decimal
place.
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Table 4: 0-shot values for each subject group.

Group
Hazumi1902 Hazumi1911

threshold 𝜃 modality weight {𝜔[text], 𝜔[audio], 𝜔[visual]} threshold 𝜃 modality weight {𝜔[text], 𝜔[audio], 𝜔[visual]}
Group 1 0.615 {0.303, 0.349, 0.349} 0.520 {0.348, 0.300, 0.352}
Group 2 0.590 {0.260, 0.359, 0.381} 0.516 {0.336, 0.332, 0.332}
Group 3 0.549 {0.300, 0.331, 0.369} 0.514 {0.284, 0.308, 0.408}
Group 4 0.614 {0.315, 0.334, 0.351} 0.570 {0.314, 0.350, 0.336}
Group 5 0.565 {0.313, 0.339, 0.349} 0.479 {0.329, 0.310, 0.360}
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