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Abstract—It is essential for spoken dialogue systems to estimate
user sentiment. Conventional estimation models typically rely on
datasets annotated at the exchange-level (i.e., a pair of system
and user utterances) and estimate the overall sentiment only
at the end of the exchange. This problem setting causes two
major problems: (1) the user sentiment cannot be estimated until
the exchange is complete, resulting delayed system responses,
and (2) it assumes that the user sentiment remains uniform
throughout the exchange. To address these problems, we proposes
a novel problem setting: sentiment estimation at sub-exchange
granularity, which aims to capture sentiment fluctuations within
shorter time segments of an exchange. However, the absence of
datasets annotated at the sub-exchange-level presents a challenge
for supervised learning. To overcome this challenge, we focus on
the relationship between exchange-level sentiment labels and the
proportions of sentiment at the sub-exchange-level. Based on this
relationship, we construct a model that estimates user sentiment
at the sub-exchange granularity using only exchange-level labels.
Evaluation results demonstrate that the model achieves a certain
level of effectiveness in estimating sentiment at sub-exchange
granularity. This study serves as a fundamental step toward
realizing sentiment estimation at sub-exchange granularity and
represents the first stage of future developments.

I. INTRODUCTION

A. Background and Motivation

Recognizing user sentiment during dialogue is crucial for
spoken dialogue systems. In such systems, it is essential to
flexibly adapt both the content and flow of dialogue in response
to the user sentiment. For example, if a user is enjoying
the dialogue, the system should continue the current topic; if
not, it should switch topics to maintain user engagement and
satisfaction.

Previous studies have proposed methods for estimating
psychological states such as sentiment and emotion at the
exchange-level [1]–[6]. These studies typically train sentiment
estimation models based on labels annotated at the exchange-
level and estimate the overall sentiment at the end of each
exchange. In fact, many publicly available datasets provide
sentiment labels annotated for the each exchange [7], [8].

The conventional problem setting causes two major prob-
lems. First, because sentiment can only be estimated after
an exchange has concluded, conventional estimation models
cannot capture dynamic changes in sentiment during the di-
alogue. This limitation can lead to delays or inappropriate
system responses. Second, they assume that sentiment remains
uniform throughout the exchange. In reality, user sentiment
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Fig. 1. Estimation Unit Comparison in Sentiment Estimation: Conventional
(Exchange-level) vs. Proposed (Sub-exchange-level)

often fluctuates over time, and the label assigned to the
exchange-level may not accurately reflect the sentiment of
its individual segments. This issue has also been pointed out
in prior work showing discrepancies between sub-exchange
emotion and exchange-level labels [2], where exchange-level
estimation was conducted while considering temporal changes
in emotion.

To address these problems, this study proposes a novel
problem setting: estimating sentiment at sub-exchange gran-
ularity. This enables more flexible and adaptive dialogue
strategies—for instance, immediately modifying the system
response policy as soon as user sentiment begins to decline. In
this paper, we clarify the necessity of sub-exchange sentiment
estimation through data analysis.

However, performing sentiment estimation at the sub-
exchange-level requires datasets annotated at short time in-
tervals. Currently, most datasets only provide sentiment labels
at the exchange-level, and no ground-truth labels are available
for short segments at sub-exchange granularity. This makes it
difficult to apply conventional supervised learning approaches
directly. Therefore, new methods are needed to effectively
leverage existing datasets annotated at the exchange-level.

In this study, we construct a method for estimating sentiment
at the sub-exchange-level, even under the constraint that only
exchange-level sentiment labels are available, as illustrated in
Fig. 1. We first analyze how sentiment labels are assigned
in the dataset. Then, we investigate the relationship between
the exchange-level sentiment label of an exchange and the
proportion of sentiment labels at sub-exchange granularity, and
construct a model that estimates sub-exchange sentiment based
on this relationship.
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The main contributions of this study are as follows:
• We identify the problems of conventional sentiment esti-

mation at the exchange-level and propose a new problem
setting that enables estimation at sub-exchange granular-
ity.

• We develop and evaluate a method that enables sub-
exchange sentiment estimation even in datasets annotated
only at the exchange-level.

B. Related Work
Although there has been extensive research on both sen-

timent estimation and emotion recognition, comprehensive
studies that address these tasks at sub-exchange granularity
have not yet been conducted. While recent work has made sig-
nificant progress in multimodal sentiment analysis—leveraging
speech, facial, and linguistic information—most existing stud-
ies still treat each exchange as a single unit and do not account
for sub-exchange fluctuations in user states.

In both sentiment estimation and emotion recognition tasks,
the input modalities are often the same, such as speech and
facial information. However, the output differs: sentiment esti-
mation typically represents user states as continuous scores or
discrete levels like low, medium, and high [7], while emotion
recognition classifies user states into predefined emotional
categories such as joy, anger, and sadness [8]. Given this
conceptual similarity and shared input data, techniques from
emotion recognition are also relevant to sentiment estimation.
Since there has been little to no prior work addressing senti-
ment estimation at sub-exchange granularity, this study refers
to existing research on emotion recognition that considers
temporal variation at sub-utterance-level.

Some studies have attempted to account for temporal vari-
ation at the sub-utterance-level [2], [3], yet these still perform
estimation at the utterance-level. Qifei et al. [2] extract short-
frame speech features at sub-utterance granularity and use
attention mechanisms to emphasize emotionally salient frames.
Deeksha et al. [3] propose an emotion recognition method
using graph structures, where utterances are nodes and tem-
poral/speaker relationships form edges, enabling the model to
capture dynamic emotion changes at sub-utterance granularity.
Still, their predictions are made only after the utterance ends.

As described above, previous studies have mainly used in-
formation at the exchange-level—such as the entire utterance’s
speech and text—as input to estimate sentiment or emotion
for the whole exchange. These methods leverage integrated
information over the exchange-level and achieve reasonable
estimation performance. However, they face limitations in
capturing subtle fluctuations or changes in sentiment that occur
at the sub-exchange-level.

Building on these prior findings, our study differs in its novel
problem setting of estimating sentiment at sub-exchange gran-
ularity. This enables capturing fine-grained variations in user
sentiment at the sub-exchange-level during a dialogue. Addi-
tionally, our study uses only speech and visual modalities. This
is because speech and visual information contain sentiment-
related cues even in short time segments, whereas text at the
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Fig. 2. Comparison of system response timing between conventional
exchange-level and proposed sub-exchange-level problem setting

level of a single word often lacks sufficient information related
to sentiment.

II. PROPOSED PROBLEM SETTING FOR SENTIMENT
ESTIMATION AT SUB-EXCHANGE GRANULARITY

This section introduces the novel problem setting of estimat-
ing sentiment at sub-exchange granularity. We then annotate
the data at the sub-exchange-level and analyze it.

A. Necessity of Sentiment Estimation at Sub-exchange Gran-
ularity

1) Advantages of Sentiment Estimation at Sub-exchange
Granularity: This study proposes a new problem setting:
estimating sentiment at sub-exchange granularity. In conven-
tional problem setting, sentiment is typically estimated at
the exchange-level. In contrast, in proposed problem setting,
sentiment is continuously estimated throughout the exchange,
allowing for the detection of sentiment fluctuations that con-
ventional problem setting may overlook, thereby improving
dialogue quality.

Estimating sentiment at sub-exchange granularity can signif-
icantly impact how a spoken dialogue system responds. Tradi-
tional system estimates sentiment only after user utterance has
ended, resulting in delayed responses. This delay can cause
the user to continue speaking despite experiencing boredom
or disengagement.

The proposed problem setting enables immediate adaptation
when user sentiment declines. As illustrated in Fig. 2, conven-
tional problem setting waits until the end of the user utterance
to estimate sentiment, whereas proposed problem setting con-
tinuously estimates user sentiment throughout the utterance.
This allows the system to detect decreases in user sentiment in
real time and initiate responses at more appropriate moments.
Such adaptability can enhance user satisfaction and contribute
to more natural interactions.

2) Challenge and Approach of Sub-exchange Sentiment
Estimation: To build a sentiment estimation model at sub-
exchange granularity, a dataset annotated with sentiment labels
at the sub-exchange-level would ideally be required. However,
such datasets are not currently available.

Therefore, in this study, we aim to make effective use
of existing datasets in which sentiment labels are assigned
at the exchange-level. In these datasets, the exchange-level
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sentiment label for an exchange is determined by the most
frequently occurring sentiment observed during that exchange.
By leveraging this structure, we construct a model capable of
estimating sentiment at sub-exchange granularity even in the
absence of fine-grained annotations.

Moreover, our proposed model is not restricted to a specific
dataset structure, but can be applied to various datasets with
exchange-level sentiment annotations, thereby enabling sen-
timent estimation at sub-exchange granularity more broadly.
Although this approach may not be optimal, it represents a
practical and feasible solution under current labeling con-
straints and serves as a step toward enabling finer-grained
sentiment estimation.

B. Sub-exchange Annotation and Dataset Analysis
Before building the proposed sentiment estimation model at

sub-exchange granularity, we first analyze the characteristics of
the dataset used in our experiments. This section describes how
sentiment labels were annotated at sub-exchange granularity
and presents insights from its analysis, which inform the design
of the model.

1) Annotation of Sub-exchange Sentiment Labels: In this
study, we utilized Hazumi19111 corpus, a multimodal dataset
consisting of 26 dialogues between a dialogue agent and hu-
man users. The corpus includes video recordings of the users,
transcriptions of the utterances, and third-party sentiment an-
notations on a 7-point scale. Since the system is expected to
estimate sentiment from a third-party perspective, we use these
third-party annotations in our work. Five annotators watched
the user videos and rated the sentiment of each exchange as a
whole on a 7-point scale.

In this dataset, sentiment labels are provided on a 7-point
scale at the exchange-level, where each exchange is defined as
a pair consisting of a system utterance and the corresponding
user utterance. Higher scores indicate more positive sentiments
(e.g., enjoyment, willingness to continue talking, satisfaction),
while lower scores represent more negative sentiments (e.g.,
boredom, reluctance to continue, dissatisfaction). However, as
shown in the top panel of Fig. 3, such exchange-level anno-
tations make it difficult to capture fluctuations in sentiment
within an exchange.

We conducted additional annotations specifically for sub-
exchange sentiment estimation. Focusing on dialogue videos

1https://github.com/ouktlab/Hazumi1911/

TABLE I
PROPORTION OF INTERNAL SENTIMENT LABELS FOR EACH

EXCHANGE-LEVEL SENTIMENT LABEL

Internal sentiment proportion
Low Med High

exchange-level
sentiment label

Low 0.62 0.38 0.00
Med 0.46 0.53 0.00
High 0.08 0.71 0.21

of a female user in her twenties, the author annotated sentiment
labels at sub-exchange granularity, as illustrated in the bottom
panel of Fig. 3. Labels were assigned to segments defined
between identified points of sentiment change. The evaluation
considered both the original Hazumi criteria and additional
vocal and facial cues, such as pitch, brightness, and expressions
like boredom, lack of emotion, or smiling.

To enable sub-exchange sentiment estimation, the author
manually annotated additional sentiment labels on a 7-point
scale at sub-exchange granularity. Labels were assigned to
segments defined between points where noticeable changes
in sentiment occurred. In addition to the original Hazumi
criteria, the annotation also took into account vocal and facial
cues such as pitch, brightness, and expressions indicating
boredom, emotional flatness, or smiling. As shown in the
bottom panel of Fig. 3, the annotated sentiment fluctuates at
sub-exchange granularity, transitioning between levels such as
High, Medium, and Low.

2) Analysis and Application of Sub-exchange Sentiment:
Based on the newly annotated data, we analyzed sentiment
fluctuations at sub-exchange granularity. The dataset consists
of 113 exchanges, among which 56 exhibited observable
changes in sentiment during the exchange. This result un-
derscores the necessity of sentiment estimation at the sub-
exchange-level and suggests that estimation at the exchange-
level may fail to adequately capture dynamic changes in
sentiment.

Furthermore, we analyzed the relationship between the
exchange-level sentiment label and the proportion of sentiment
labels observed during that exchange. Table I shows the inter-
nal sentiment proportion corresponding to each exchange-level
sentiment label (“low,” “medium,” and “high”). The results
reveal a clear trend: for “low” labels, low internal sentiments
dominate; for “high” labels, high internal sentiments are more
frequent. These findings suggest a certain degree of correlation,
indicating that the exchange-level sentiment label to some
extent reflects the proportion of sub-exchange sentiment.

In addition, since sentiment is closely linked to both vocal
and facial features, we focused on the correspondence between
the exchange-level sentiment label and the distribution of
feature representations at sub-exchange granularity. However,
the features used in this study are high-dimensional (either 768
or 136 dimensions), and the limited amount of data poses a
challenge for building an estimation model. To address this
challenge, we applied clustering to compress the feature space
by converting high-dimensional features into one-dimensional
cluster labels. This approach enables the estimation of sub-
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Fig. 4. Training and Estimation Methods of the Estimation Model Used in
the Experiment

exchange sentiment from datasets labeled only at the exchange-
level.

III. MODEL FOR ESTIMATING SENTIMENT AT
SUB-EXCHANGE GRANULARITY

Based on the procedure outlined in Section II-B2, a model is
constructed to estimate sentiments at sub-exchange granularity
every second by utilizing the relationship between cluster pro-
portions at sub-exchange granularity and the sentiment label
at the exchange-level. The training and estimation methods are
described below.

1) Training: As shown on the left side of Fig. 4, the training
method involves extracting features from each one-second
segment of speech waveforms and images at sub-exchange
granularity and then clustering them (denoted as clusters 1, 2,
and 3). The model then learns the relationship between cluster
proportions at sub-exchange granularity and the sentiment
label at the exchange-level. The specific procedure is detailed
below.

First, the steps to calculate the cluster proportions at sub-
exchange granularity are as follows:

1) Segment the speech and image data of each exchange
into one-second intervals. Speech segments correspond
to the user’s utterances, while image frames are extracted
every second during both system and user utterances.

2) Extract speech and image features from each one-second
segment as follows: let xt denote the speech waveform
or image input for the t-th one-second segment, and F
be the feature extraction function. Then, the resulting
feature vector ft for that segment is given by ft = F(xt).
An exchange E consists of a sequence of T such
segments, i.e., E = {x1,x2, . . . ,xT }. Accordingly,
the feature sequence for the exchange is F(E) =
{f1, f2, . . . , fT }.

3) Apply k-means clustering to the extracted feature vectors
{f1, f2, . . . , fT } to assign each one-second segment to
one of c clusters.

4) Compute the proportion of each cluster at sub-exchange
granularity using the following equation:

Pi =
Ci

T
, (1)

where Pi is the proportion of cluster i in the exchange,
Ci is the number of one-second segments assigned to
cluster i.

Next, the relationship between cluster proportions Pi at sub-
exchange granularity and the exchange-level sentiment score
for the exchange is modeled using linear multiple regression to
learn regression coefficients βi and bias terms b, as shown in
Eq. (2). Linear regression is employed instead of more complex
models such as deep neural networks (DNNs) because complex
models require large amounts of data and tend to overfit with
limited data, whereas linear regression offers lower model
complexity and stable performance in data-scarce settings.

y =
c∑

i=1

Piβi + b, (2)

where y represents the sentiment rating for the exchange-
level (a continuous value between 1 and 7), Pi denotes the
proportion of the i-th cluster at sub-exchange granularity, βi

is the regression coefficient corresponding to the i-th cluster,
b is the bias term.

2) Estimation: The estimation method, as illustrated on the
right side of Fig. 4, involves inputting speech waveforms and
images at one-second intervals and estimating sentiments using
the model. Since cluster proportions over a temporal window
are required for estimation, we consider clusters within a
sliding window of w seconds. The specific steps are as follows:

1) Input speech waveforms and images at one-second in-
tervals and extract features from each segment.

2) Perform clustering of the extracted features using the
k-means model obtained during training.

3) Calculate the proportion of clusters over the past w
seconds. If t < w, calculate the proportion over the past
t seconds instead. This is expressed as

P̂i =





Ĉi

w
(t ≥ w)

Ĉi

t
(t < w),

(3)

where t denotes the elapsed time (in seconds) from
the beginning of the current exchange to the present
moment, Ĉi is the number of segments classified into
the i-th cluster over the past w or t seconds, and P̂i is
the proportion of the i-th cluster among those segments.

4) Estimate sentiment scores at one-second intervals using
the cluster proportions over the past window, the learned
regression coefficients, and the bias term:

ypred =
c∑

i=1

P̂iβi + b, (4)
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TABLE II
AVERAGE THIRD-PARTY SENTIMENT ANNOTATIONS AT THE EXCHANGE-LEVEL (TRAINING DATA)

Sentiment Low Med High Total1.0–1.5 1.5–2.5 2.5–3.5 3.5–4.5 4.5–5.5 5.5–6.5 6.5–7.0
Raw counts in 7 bins 0 30 146 840 869 430 25 2340Counts in 3 classes 176 840 1324

TABLE III
SENTIMENT ANNOTATIONS BY THE AUTHOR AT THE

SUB-EXCHANGE-LEVEL FOR EACH ONE-SECOND INTERVAL (TEST DATA)

Sentiment Low Med High Total1 2 3 4 5 6 7
Entire 9 45 155 712 136 36 2 1095exchange 209 712 174
User’s 8 39 128 405 131 36 2 749utterance 175 405 169

where ypred denotes the predicted sentiment score (a
continuous value between 1 and 7), P̂i is the proportion
of the i-th cluster over the past window, βi is the learned
regression coefficient corresponding to the i-th cluster, b
is the bias term, and c is the number of clusters.

IV. EXPRIMENTS

In this section, we evaluate the performance of sentiment
estimation using the method. First, Section IV-A describes the
dataset, followed by Section IV-B outlining the experimental
conditions, including feature extraction models and hyper-
parameters. Finally, Section IV-C presents the experimental
results of sentiment estimation using the method and discusses
the findings.

A. Dataset

We conducted experiments using the dataset introduced
in Section II-B1. The training data consisted of 25 dia-
logues (2,340 exchanges) with sentiment labels assigned at
the exchange-level, as summarized in Table II. For testing, one
dialogue with sub-exchange sentiment annotations was used,
with a total exchange duration of 1,095 seconds and a total
user speech duration of 749 seconds. The distributions of the
training and testing data are shown in Table III.

B. Experimental Settings

We describe the feature extraction methods and model
structures for speech and image modalities, as well as the
baseline methods.

1) Speech Settings: Speech features were extracted from
user utterances using HuBERT2 [9] pretrained on the Japanese
speech corpus ReasonSpeech3. The input was speech wave-
forms, and the output was 768-dimensional feature vectors.
According to Qifei et al. [2], the 9th layer of HuBERT per-
forms best among the 6th, 9th, and 12th layers. To confirm this,
features from all three layers were extracted and compared.

2https://huggingface.co/rinna/japanese-hubert-large
3https://huggingface.co/datasets/reazon-research/reazonspeech

Experiments varied the number of clusters c and the input
window length w. The number of clusters was set to 3, 5, 10,
and 20. The average duration of user utterances in the training
data was approximately 9.6 seconds. Since an excessively large
w would approximate exchange-level estimation, input lengths
shorter than the average duration were used: 1, 2, 4, 6, and 8
seconds.

2) Image Settings: Image features were extracted during
both system and user utterances using OpenFace [10]. The
input was images, and the output was 136-dimensional feature
vectors comprising 68 facial landmarks’ x and y coordinates.

Experiments varied the number of clusters c and the input
window length w, consistent with speech settings. The number
of clusters was set to 3, 5, 10, and 20. Since the average
exchange duration in the training data was approximately 13.2
seconds, input lengths shorter than this average were used: 1,
3, 6, 9, and 12 seconds.

3) Baseline Sentiment Estimation: Two baseline methods
were used for comparison purposes. Baseline 1 assumes that
sentiment remains constant within sub-exchange granularity,
and it is used to verify whether sentiment fluctuations at sub-
exchange-level can be estimated. Baseline 2 estimates senti-
ment at sub-exchange granularity without clustering, directly
modeling the relationship between high-dimensional feature
distributions and sentiment labels. This baseline serves to
evaluate the effectiveness of incorporating clustering in the
method. Accuracy was computed based on ground truth labels.

Baseline 2 differs from the proposed method by replacing
the cluster proportions Pi in Eq. (2) with feature distributions
f , and models the sentiment score as y =

∑d
i=1 fiβi + b,

where y is the exchange-level sentiment score (a continuous
value between 1 and 7), fi is the i-th element of the feature
distribution vector f , βi is the corresponding regression coef-
ficient, b is the bias term, and d is the dimensionality of the
feature vector.

During estimation, the feature distributions over the past
t or w seconds, denoted as f̂ , are used instead of cluster
proportions, and the estimated sentiment score is calculated as
ypred =

∑d
i=1 f̂iβi+b, where ypred is the estimated sentiment

score, f̂i is the i-th element of the feature distribution vector f̂ ,
βi is the learned regression coefficient corresponding to the i-th
feature, b is the bias term, and d is the feature dimensionality.

C. Evaluation and Discussion of Proposed Method

We first examined the optimal combination of the number
of clusters c and input window length w for both speech-
and image-based sentiment estimation. The highest accuracy
for speech, measured by micro accuracy, was achieved with
features from the 9th layer of HuBERT, c = 10, and w = 6,
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TABLE IV
ACCURACY OF SENTIMENT ESTIMATION USING SPEECH FEATURES FROM

HUBERT’S 9TH LAYER

w
c 1 2 4 6 8

Baseline 1 0.42 0.42 0.42 0.42 0.42
Baseline 2 0.33 0.30 0.33 0.33 0.33

Proposed

3 0.38 0.47 0.48 0.48 0.49
5 0.41 0.42 0.45 0.46 0.45
10 0.36 0.47 0.49 0.50 0.49
20 0.31 0.40 0.41 0.42 0.41

w: window size (seconds), c: number of clusters

TABLE V
ACCURACY OF SENTIMENT ESTIMATION USING IMAGE FEATURES

w
c 1 3 6 9 12

Baseline 1 0.37 0.37 0.37 0.37 0.37
Baseline 2 0.29 0.25 0.25 0.25 0.25

Proposed

3 0.50 0.50 0.49 0.50 0.50
5 0.50 0.50 0.50 0.50 0.50

10 0.52 0.56 0.56 0.57 0.57
20 0.51 0.52 0.54 0.55 0.55

w: window size (seconds), c: number of clusters

yielding an accuracy of 0.50 (Table IV). For image-based
estimation, the highest accuracy was 0.57 at c = 10 and w = 9
(Table V).

Next, we compare the highest accuracies achieved by each
method. Comparing the highest accuracies, the method im-
proved speech-based estimation accuracy by 0.08 over Base-
line 1 (0.42) and 0.17 over Baseline 2 (0.33). For images,
improvements were 0.20 over Baseline 1 (0.37) and 0.28 over
Baseline 2 (0.29). These results indicate that the proposed
method better captures sentiment variations at sub-exchange
granularity. Additionally, clustering proves effective compared
to directly using high-dimensional features for sentiment esti-
mation.

However, it should be noted that the test data consisted
of recordings from a single speaker, and thus inter-speaker
variability was not taken into account. The distributions of
true and estimated sentiment ratings at the point of highest
accuracy are as follows:

Speech: true distribution (low, medium, high) = (175, 405,
169); predicted distribution = (0, 375, 374)

Images: true distribution (low, medium, high) = (209, 712,
174); predicted distribution = (1, 924, 170)

It can be observed that “low” sentiment ratings were rarely
estimated in both the speech- and image-based models. Fur-
thermore, based on the observed data, the lower accuracy at
the early stages of the exchange is likely due to the limited
amount of information available.

V. CONCLUSION

In this paper, (1) we clarified the problems of the con-
ventional problem setting that performs estimation at the
exchange-level, and proposed the necessity of a new problem
setting focusing on estimation at sub-exchange granularity. (2)
Moreover, we developed a method to estimate sentiment at
sub-exchange granularity by utilizing a dataset labeled with

sentiment at the exchange-level. As a result, we demonstrated
that it is possible to construct a model and estimate sentiment
at sub-exchange-level even in the absence of datasets labeled
at that finer granularity.

Future work includes incorporating temporal information
into the model and fine-tuning the feature extraction model to
further improve estimation accuracy. Although this study used
a one-second unit as the basis for estimation, we will explore
alternative unit lengths to assess their impact on performance.
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