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Abstract 
In human dialogue, nonverbal information such as nodding and 
facial expressions is as crucial as verbal information, and spoken 
dialogue systems are also expected to express such nonverbal be-
haviors. We focus on nodding, which is critical in an attentive 
listening system, and propose a model that predicts both its timing 
and type in real time. The proposed model builds on the voice ac-
tivity projection (VAP) model, which predicts voice activity from 
both listener and speaker audio. We extend it to prediction of vari-
ous types of nodding in a continuous and real-time manner unlike 
conventional models. In addition, the proposed model incorpo-
rates multi-task learning with verbal backchannel prediction and 
pretraining on general dialogue data. In the timing and type predic-
tion task, the effectiveness of multi-task learning was significantly 
demonstrated. We confirmed that reducing the processing rate 
enables real-time operation without a substantial drop in accu-
racy, and integrated the model into an avatar attentive listening 
system. Subjective evaluations showed that it outperformed the 
conventional method, which always does nodding in sync with 
verbal backchannel. The code and trained models are available at 
https://github.com/MaAI-Kyoto/MaAI. 

CCS Concepts 
• Human-centered computing → Human computer interac-
tion (HCI); • Computing methodologies → Multi-task learning; 
• Information systems → Multimedia information systems. 
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1 Introduction 
In human dialogue, nonverbal information, such as nodding, eye 
contact, and facial expressions, plays as important a role as verbal 
information. In spoken dialogue systems and conversational robots, 
expressing such nonverbal information appropriately is expected 
to realize more natural interactions. For instance, in an attentive 
listening system [6] that focuses on listening to the user, it is essen-
tial to express appropriate nonverbal listener responses in a timely 
manner. 

Recently, research on generating more human-like nonverbal 
gestures has been actively conducted. The GENEA Challenge [21] 
provides a common dataset for creating models of nonverbal ges-
ture generation during dialogues, followed by the evaluation of the 
submitted models. Most models contributed to this challenge gen-
erate speaker gestures from speech signals and real-time gesture 
generation models have been proposed [1]. However, a few studies 
focusing on generating listener gestures were made [17, 20]. 

On the other hand, research on Listening Head Generation fo-
cuses on the listener’s nonverbal reactions in dialogue, with the 
aim of generating listener gestures based on the speaker’s gestures 
and speech signals. This task is actively progressing, with many 
studies proposing generation models [7, 18, 23], and some achieving 
real-time generation [3]. However, these models generate listener 
gestures in the same time frame as the given speaker’s gestures and 
speech signals. To achieve more natural and smooth interactions in 
spoken dialogue systems, it is necessary to predict listener gestures 
in future frames. 

In response to this background, the Responsive Listening Head 
Generation [22] aims to predict the listener’s gestures in the next 
frame based on the speaker’s speech and gestures. The benchmark 
dataset and baseline models have been provided, and several models 
have been proposed for this task [10, 12]. They have identified 
challenges related to the natural timing of generated gestures [12]. 

Nodding is a nonverbal behavior in dialogue in which partici-
pants shake their heads vertically [9]. It may be performed simulta-
neously with verbal backchannel, such as "um" or "uh-huh", or it 
may be performed alone. In dialogue, the listener’s nodding plays a 
role in encouraging the speaker to continue speaking and is closely 
related to turn-taking [11]. Several models have been proposed 
for predicting nodding, such as a model based on linear combi-
nations of prosodic information [19], a model that predicts from 
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Figure 1: UI used for gesture recording 

given backchannel [15], and a model that simultaneously predicts 
nodding and backchannel in multiparty dialogues [16]. 

In this study, we propose a real-time prediction model that pre-
dicts the timing and type of nodding as a nonverbal listener re-
sponse. Assuming integration into an attentive listening dialogue 
system that focuses on listening to the user attentively and empa-
thetically, the proposed model targets affirmative and responsive 
nods. To enable the prediction of nodding in future frames, each 2.1 Recording of Listener Gestures 
ground-truth label of nodding was offset 500 ms earlier than the 
transcript during training. Using the proposed model, we could de-
velop a system that can generate timely nodding in accordance with 
the speaker’s speech, and appropriately encourage the speaker to 
speak and change speakers. To the best of our knowledge, research 
on predicting various types of nodding in a continuous and real-
time manner has not been made so far. Since there is a relationship 
between the forms of nodding and backchannel that co-occur with 
each other [14], it is suggested that various types of nodding have 
different roles in dialogue. Appropriately expressing various types 
of nodding in a spoken dialogue system should therefore yield more 
natural listener responses. 

The proposed model is based on the architecture of Voice Activ-
ity Projection (VAP) [2]. VAP predicts the participant’s speech in 
future frames, and a model for application to verbal backchannel 
prediction has been proposed [5]. In this study, the speech predic-
tion model is applied to nodding prediction, which has the following 
features. First, it takes both the speaker’s and the listener’s speech 
signals as input to directly predict listener nodding in an end-to-end 
manner. Second, multi-task learning with backchannel prediction is 
conducted. Since backchannel and nodding are related in terms of 
occurrence timing and type [13], this multi-task learning is expected 
to improve nodding prediction accuracy. An additional advantage 
of using the VAP model is that it can be pretrained with a general 
dialogue dataset consisting only of speech signals before finetun-
ing with a smaller dataset containing visual nodding and vocal 
backchannel annotations. Additionally, since VAP is lightweight 
and capable of real-time operation [4], we evaluate the real-time 
processing performance of the proposed model, with a scope of its 
integration into an avatar attentive listening system. 

Figure 2: Smoothed motion data and detected nodding seg-
ment 

2 Dataset 
This study uses the attentive listening dataset collected through 
Wizard-of-Oz experiments with the android ERICA [8]. This dataset 
was recorded where an operator (a trained actor) remotely con-
trolled the robot using their own voice to engage in attentive lis-
tening with elderly people and university students. Since the data 
about nodding were not included, a nodding dataset was newly 
created by additionally recording listener gestures to the existing 
data. 

The same operator who controlled ERICA in the previous exper-
iments reviewed the recorded dialogues and performed listener 
gestures, which were recorded. Webcam Motion Capture1 and 
MMDAgent-EX2 were used for gesture recording. Webcam Mo-
tion Capture captured motion data, including head movements, 
facial expressions, and blinking, from webcam video, and trans-
mitted it to MMDAgent-EX. MMDAgent-EX recorded the received 
motion data while rendering it on a CG avatar, providing feedback 
to the operator during data collection (Figure 1). Listener gestures 
from 90 dialogues, averaging 8 minutes each, were recorded. This 
study used 72 dialogues for training, 9 for validation, and 9 for 
testing. 

2.2 Nodding Annotation 
To detect nodding events from the recorded motion data, we ana-
lyzed data corresponding to the vertical neck angle (radians). The 
data were downsampled to 100 Hz, smoothed with a moving aver-
age of 7 frames, and nodding segments were detected based on the 
gradient of the smoothed data (Figure 2). 

According to previous studies, nodding co-occurring with con-
tinuer backchannel has a smaller average range of movement, 
whereas that co-occurring with assessment backchannel and lexical 
responses has a larger average range of movement [14]. Therefore, 
nodding with small and large movement ranges may have different 
functions and meanings during dialogue. In addition, nodding with 
swinging up is regarded to reflect a cognitive shift in the listener, 
and is more likely to co-occur with assessment backchannel than 

1https://webcammotioncapture.info/index.php
2https://github.com/mmdagent-ex/MMDAgent-EX 
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Figure 3: Examples of nodding annotation (red: short (S), yellow: long (L), green: long_p (LP)) 

Table 1: Distribution of nodding types 

Types Time(s) Ratio(%) Counts 
short 3502.4 8.9 4227 
long 4883.5 12.4 3446 
long_p 1762.0 4.4 1008 
no nodding 29092.0 74.1 

with continuer backchannel [13]. Accordingly, predicting whether 
or not a nod includes swinging up is necessary for expressing a 
cognitive shift in the listener. Referring to those previous studies, 
we annotated three types of nodding for each detected nodding 
segment (Figure 3): 

• short: Small movement range, regardless of swinging up. 
• long: Large movement range without swinging up. 
• long_p: Large movement range with swinging up. 

The distribution of the three nodding types is presented in Table 1. 
Nodding segments accounted for 25.9% of the total time, with short, 
long, and long_p occurring at 8.9%, 12.4%, and 4.4%, respectively. 

3 Proposed Model 
This section provides a description of the proposed model for achiev-
ing continuous and real-time nodding prediction. We first describe 
our proposed model architecture, followed by multi-task learning 
with verbal backchannel prediction and finetuning for nodding 
prediction. 

3.1 Architecture 
The architecture of the proposed model based on VAP is shown 
in Figure 4. In the original VAP, the audio waveforms of the two 
dialogue participants are respectively encoded using contrastive 
predictive coding (CPC), then processed by Self-attention Trans-
formers. These representations are then passed through Cross-
attention Transformers, which allow references to each other’s 
attention states. Finally, task-specific linear layers produce the out-
puts for voice activity detection (VAD) and voice activity projection 
(VAP). VAD means detection of voice activity in the current input 
speech frames and VAP means prediction of voice activity for the 
next two seconds, which corresponds to the implicit prediction of 
a turn transition occurring within the next two seconds. 

We extend the VAP model by introducing an additional linear 
layer for nodding prediction. The loss function is defined as Equa-
tion (1). 

𝐿 = 𝐿𝑛𝑜𝑑 +𝑤 𝑣𝑎𝑑 𝐿𝑣𝑎𝑑 +𝑤𝑣𝑎𝑝 𝐿𝑣𝑎𝑝 (1) 

𝐿𝑣𝑎𝑑 and 𝐿𝑣𝑎𝑝 represent the loss of voice activity detection (VAD) 
and voice activity projection (VAP) in the original VAP model. The 
weights 𝑤 𝑣𝑎𝑑 and 𝑤 𝑣𝑎𝑝 are hyperparameters used to adjust the 
weighting of the loss terms. 𝐿𝑛𝑜𝑑 represents the cross-entropy loss 
of nodding prediction and is defined by Equation (2). 

𝐿𝑛𝑜𝑑 = − 
𝐶∑︁ 

𝑐 
𝒓𝑛𝑜𝑑 

(𝑐 ) log 𝒐𝑛𝑜𝑑 
(𝑐 ) (2) 

where 𝐶 is the number of nodding-type classes, 𝒐𝑛𝑜𝑑 (∈ [0, 1]𝐶 ) is 
the predicted probability of nodding converted from the output of 
the linear layer, and 𝒓𝑛𝑜𝑑 (∈ {0, 1}𝐶 ) is the one-hot vector of the 
ground-truth label. 

3.2 Multi-task Learning with Backchannel 
Prediction 

In the proposed model, multi-task learning with verbal backchan-
nel prediction is performed. For the multi-task learning, a linear 
layer for backchannel prediction is added after the Cross-attention 
Transformer layer (Figure 5). The loss for backchannel prediction 
𝐿𝑏𝑐 is defined as cross-entropy loss in the same way of Equation 
(2). This loss is multiplied by the weight 𝑤𝑏𝑐 and added to the total 
loss (Equation (3)). 

𝐿 = 𝐿𝑛𝑜𝑑 +𝑤 𝑣𝑎𝑑 𝐿𝑣𝑎𝑑 +𝑤𝑣𝑎𝑝 𝐿𝑣𝑎𝑝 +𝑤𝑏𝑐 𝐿𝑏𝑐 (3) 

In the proposed model, only the timing of the backchannel is 
predicted. Considering that backchannel and nodding often occur 
simultaneously, self-feedback of the predicted results of backchan-
nel prediction to the listener’s speech signal input is expected to 
suppress the continuous prediction of nodding. 

3.3 Finetuning for Nodding Prediction 
With a large amount of general dialogue dataset, the Self-attention 
layer and Cross-attention layer in Figure 4 can be pretrained through 
the voice activity detection and projection task with the original 
VAP loss function. After this pretraining, the model is finetuned 
with a dataset specialized for backchannel and nodding predic-
tion with the loss function (1) or (3). We evaluated whether the 
pretraining enhances nodding prediction accuracy. 
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Figure 4: Proposed model: multi-task learning with VAP and 
VAD 

Figure 5: Proposed model: multi-task learning with VAP and 
VAD and backchannel prediction 

4 Experimental Evaluation 
The proposed model was evaluated in the following two tasks for 
nodding prediction: the timing prediction task and the timing and 
nodding type prediction task at each frame. The evaluation metrics 
were F1-score (F1), precision (Pre.), and recall (Rec.) calculated at 
the frame level. 

For pretraining the model, 203 dialogues of Wizard-of-Oz data 
collected with ERICA are used. This includes 72 dialogues used 
as data for training described in Section 2. In addition to attentive 
listening, the dataset contains two tasks of job interviews and first-
meeting conversations. 

The CPC component is pretrained on approximately 60,000 hours 
of Librispeech data, and its parameters are frozen during training. 
The hyperparameters 𝑤 𝑣𝑎𝑑 , 𝑤 𝑣𝑎𝑝 and 𝑤𝑏𝑐 were respectively set to 
0.2, 0.2 and 0.5 with a preliminary experiment. 

As a comparative model, we also tested a monaural model that 
takes only the speaker’s speech signal as input. Similarly to the 
proposed model, CPC encodes the speech signal, followed by a 
self-attention layer and task-specific linear layers. 

4.1 Timing Prediction 
The first task is to predict whether or not nodding occurs at each 
frame. To account for the processing delay from the time the model 
predicts nodding until it is actually executed, we offset the ground-
truth nodding interval 500 ms earlier, as illustrated in Figure 6. This 
means that the model predicts the probability that a nodding will 
occur after 500 ms. When calculating the loss for backchannel and 
nodding, we addressed the ratio of positive and negative samples 
by assigning a weight to positive samples that is triple the weight 
of negative samples. 

The following models were evaluated in the experiment. 
• (Random) Always predicting nodding in all frames. 
• Monaural model (Mono) 
– (ST) Only learning nodding prediction. 

Figure 6: Definition of ground-truth labels 

– (MT w/ BC) Multi-task learning with verbal backchannel 
prediction. 

• Proposed model (Proposed) 
– (ST) Only learning nodding prediction in the proposed 
model. 

– (ST w/ PT) Pretraining VAP in addition to the above model. 
– (MT w/ BC) Multi-task learning with verbal backchannel 
prediction in the proposed model. 

– (MT w/ BC, PT) Pretraining VAP in addition to the above 
model. 

The results are presented in Table 2. Both the single-task (ST) 
and multi-task with backchannel (MT w/ BC) of the proposed model 
demonstrate a higher score than the Random and monaural models 
in terms of F1-score. Moreover, VAP pretraining shows some effect 
in both single-task and multi-task models. In contrast, multi-task 
learning with verbal backchannel has little synergy effect. 

We also conducted statistical tests to determine whether differ-
ences in F1 scores between these models were statistically signifi-
cant. Statistical tests were conducted using bootstrap resampling 
on the test data, with 1,000 iterations. One-tailed t-tests were per-
formed to evaluate whether the F1-score of the one model was 
significantly higher than that of the other model. The results are 
shown in Table 3. Compared to the monaural model, all proposed 
models showed statistically significant improvement in F1 score. 
However, the multi-task learning model did not show a statistically 
significant improvement in F1-score over the single-task model. 
Similarly, the pretrained models did not achieve significantly higher 
F1 scores than models without pretraining. 

Figure 7 shows sample outputs from the MT w/ BC model, show-
ing that it predicts earlier than their actual occurrence. It was ob-
served that the predicted probability of nodding decreases when the 
avatar is speaking. This suggests that by simultaneously predicting 
backchannel and feeding the prediction results back into the model, 
excessive nodding can be suppressed. 

4.2 Timing and Type Prediction 
The next task is to predict not only timing but also the type of 
nodding, or classify each frame into four classes (short, long, long_p, 
and no-nodding). Similar to Section 4.1, we offset the ground-truth 
nodding interval 500 ms earlier. We assigned the loss weight to 
positive samples five times larger than that of negative samples. 

The results are presented in Table 4, Table 5 and Table 6. In pre-
diction of short nodding and long nodding, both ST and MT w/ BC 
of the proposed model outperformed Random and the monaural 
model in F1-score. In case of long_p nodding, ST without pretrain-
ing scored lower than monaural model, but other proposed models 
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Figure 7: Output samples of timing prediction model (The panels, from the top to bottom, represent speaker speech signal, 
listener speech signal with nodding segments, probability of nodding occurrence with predicted segments, respectively.) 

Table 2: Results for timing prediction 

Method F1 Pre. Rec. 
Random 37.20 22.85 100.00 

Mono 
ST 48.61 44.03 54.26 
MT w/ BC 49.16 42.53 58.25 

Proposed 

ST 55.47 46.91 67.85 
ST w/ PT 55.92 47.27 68.44 
MT w/ BC 55.89 47.01 68.90 
MT w/ BC, PT 55.93 46.64 69.82 

Table 3: t-test results for F1-score differences in timing pre-
diction task 

Comparisons p-value 

Proposed vs. Mono 

Proposed Mono 
ST vs. ST <.001** 

ST w/ PT vs. ST <.001** 
MT w/ BC vs. MT w/ BC <.001** 

MT w/ BC, PT vs. MT w/ BC <.001** 

MT vs. ST 
Proposed 

MT w/ BC vs. ST .074 
MT w/ BC, PT vs. ST w/ PT .483 

w/ PT vs. w/o PT 
ST w/ PT vs. ST .130 

MT w/ BC, PT vs. MT w/ BC .454 
**p<0.01 

outperformed it. In prediction of all types, the effectiveness of VAP 
pretraining was confirmed for both ST and MT w/ BC. Comparing 
ST and MT w/ BC, MT w/ BC outperformed ST in long nodding and 
lonp_p nodding prediction but not in short nodding predicton. This 
result indicates that long and long_p nodding are more associated 
with verbal backchannel than short nodding. 

The equally-weighted average results are presented in Table 
7. These results demonstrate that the multi-task learning with 
backchannel is effective. This is because backchannel and nodding 
often co-occur with each other and have the similar role of convey-
ing to the speaker that the listener is listening to the speaker. This 
result is consistent with previous studies on nodding behavior [16]. 
Additionally, VAP pretraining with general dialogue data improves 

Table 4: Results for timing and type prediction (short) 

Method F1 Pre. Rec. 
Random 14.34 7.72 100.00 

Mono 
ST 19.64 18.65 20.73 
MT w/ BC 22.64 21.78 23.57 

Proposed 

ST 29.19 21.07 47.47 
ST w/ PT 29.94 21.04 51.91 
MT w/ BC 28.58 22.18 40.15 
MT w/ BC, PT 28.86 25.42 33.37 

Table 5: Results for timing and type prediction (long) 

Method F1 Pre. Rec. 
Random 21.71 12.18 100.00 

Mono 
ST 34.04 26.54 47.47 
MT w/ BC 33.82 27.89 42.94 

Proposed 

ST 36.06 37.58 34.65 
ST w/ PT 36.07 36.94 35.24 
MT w/ BC 38.69 28.28 61.24 
MT w/ BC, PT 39.17 28.51 62.57 

Table 6: Results for timing and type prediction (long_p) 

Method F1 Pre. Rec. 
Random 5.64 2.90 100.00 

Mono 
ST 19.10 16.13 23.39 
MT w/ BC 17.46 15.54 19.92 

Proposed 

ST 18.12 14.20 25.03 
ST w/ PT 19.70 14.95 28.90 
MT w/ BC 19.97 14.81 30.65 
MT w/ BC, PT 22.09 18.95 26.46 

performance. This suggests that the occurrence of nodding, a non-
verbal response, may be related to speech activity, and that the 
versatility of the VAP is also effective in predicting nodding. 

As in Section 4.1, we also conducted statistical tests to determine 
whether differences in averaged F1 scores between models were 
statistically significant. The results for the statistical tests are shown 
in Table 8. Compared to the monaural models, all proposed models 
showed statistically significant improvement in F1 score. Moreover, 
unlike in the timing prediction task, the multi-task learning model 
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Figure 8: Output samples of timing and type prediction model (The panels, from the top to bottom, represent speaker speech 
signal, listener speech signal with nodding segments, probability of nodding occurrence with predicted segments (short, long, 
long_p), respectively.) 

Table 7: Equally-averaged results of short, long and long_p 

Method F1 Pre. Rec. 
Random 13.89 7.59 100.00 

Mono 
ST 24.26 20.43 30.53 
MT w/ BC 24.64 21.73 28.81 

Proposed 

ST 27.78 24.28 35.71 
ST w/ PT 28.57 24.31 38.68 
MT w/ BC 29.08 21.75 44.01 
MT w/ BC, PT 30.04 24.30 40.81 

Table 8: t-test results for averaged F1-score differences in 
timing and type prediction 

Comparisons p-value 

Proposed vs. Mono 

Proposed Mono 
ST vs. ST <.001** 

ST w/ PT vs. ST <.001** 
MT w/ BC vs. MT w/ BC <.001** 

MT w/ BC, PT vs. MT w/ BC <.001** 

MT vs. ST 
Proposed 

MT w/ BC vs. ST .049* 
MT w/ BC, PT vs. ST w/ PT .012* 

w/ PT vs. w/o PT 
ST w/ PT vs. ST .138 

MT w/ BC, PT vs. MT w/ BC .111 
*p<0.05 **p<0.01 

achieved a significantly higher F1 score than the single-task model 
in the timing and type prediction task. This result suggests that 
multi-task learning with backchannel prediction is particularly 
effective when predicting not only timing but also the type of 
nodding. 

Figure 8 shows sample output from the MT w/ BC, PT model, 
showing that it predicts types of nodding earlier than the actual 
occurrence. As in Section 4.1, we observed that the prediction prob-
ability decreases when listener speech is present in the input. 

Table 9: F1-score and Real-time factor for each input length 
(50 Hz model) 

Input length(s) F1-score RTF short long long_p 
20.0 28.87 39.17 22.10 3.55 
10.0 27.27 38.78 20.24 2.91 
5.0 26.33 37.33 19.12 2.67 
2.5 25.32 35.81 19.58 2.67 
1.0 25.19 34.10 17.84 2.72 

4.3 Real-time Processing Performance 
We also investigated the real-time processing performance of the 
proposed model. The model evaluated was MT w/ BC, PT, which 
achieved the highest F1-score on average in timing and type predic-
tion. In both Section 4.1 and Section 4.2, processing frame rate and 
input signal length were set to 50 Hz and 20.0 s respectively. We 
retrained the models for frame rates of 50 Hz and 10 Hz with input 
signal lengths of 20.0 s, 10.0 s, 5.0 s, 2.5 s, and 1.0 s, and measured 
F1-score and Real-time factor (RTF) on the test data. We used only 
a CPU (Intel Core i5-14500 @ 2.60 GHz), assuming deployment on 
laptop-class devices without GPUs. 

The results are shown in Table 9 and Table 10. In both models, as 
the input length decreases, the F1-score tends to decline. However, 
the 10 Hz model, which reduced the processing frame rate to one-
fifth from the 50 Hz model, had no substantial decline in F1-score. 
In the 50 Hz model, the RTF exceeded 1.0 for all input lengths, 
whereas in the 10 Hz model, they all remained below 1.0. 

These results suggest that reducing the frame rate to 10 Hz does 
not significantly degrade accuracy. When integrating the proposed 
model into a spoken dialogue system, using the 10 Hz model with 
an input length of around 10.0 s is considered appropriate. 
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Figure 9: Avatar attentive listening system integrated with the proposed model 

Table 10: F1-score and Real-time factor for each input length 
(10 Hz model) 

Input length(s) F1-score RTF short long long_p 
20.0 29.43 37.74 20.82 0.49 
10.0 29.08 37.49 20.46 0.47 
5.0 27.62 37.31 22.52 0.45 
2.5 26.95 36.23 20.85 0.46 
1.0 24.98 34.68 15.72 0.49 

5 Subjective Evaluation 
We integrated the proposed model into our avatar attentive listen-
ing system with CG agent3 (Figure 9). In this system, three types 
of nodding, as described before, can be expressed in real time in 
response to the user’s utterances. The nodding motions were newly 
created specifically for the system. We conducted a subjective eval-
uation to investigate whether the proposed nodding prediction 
model gives a better impression to users compared to conventional 
methods. 

5.1 Method 
The evaluation was conducted for the following four methods. 

• Conventional methods 
– (Only BC) Predicting and expressing verbal backchannels 
only. 

– (ND w/ BC) Expressing a single type of nodding along 
with predicted backchannel. 

• Proposed methods 
– (Only ND) Predicting and expressing three types of nod-
ding only. 

– (BC & ND) Predicting and expressing backchannels and 
three types of nodding, respectively. 

3CG-CA Gene (c) 2023 by Nagoya Institute of Technology, Moonshot R&D Goal 1 
Avatar Symbiotic Society 

For backchannel prediction, a VAP-based model was used [5]. For 
the experiment, we first conducted 1–2 minute attentive listening 
using the system integrated with the proposed method (BC & ND) 
and recorded the audio. This procedure was repeated nine times, re-
sulting in nine different audio recordings. Each of these recordings 
was then streamed into the avatar attentive listening system imple-
mented with each of the four methods described above. For each 
case, a video was recorded showing the avatar expressing backchan-
nel or nodding in response to the audio. In total, 36 demonstration 
videos were produced. 

The nine audio recordings were grouped into three sets, each 
consisting of three recordings, and fifteen different crowdsource 
workers were recruited for each set. In total, 45 participants took 
part in the subjective evaluation experiment. Each worker in each 
set watched twelve videos in total (three audio recordings ∗ four 
methods) and evaluated each video based on the following four 
metrics. 

• How human-like is the avatar’s response? (human like-
ness) 

• How natural is the avatar’s response? (naturalness) 
• How well does the avatar appear to be listening to the user? 
(attentiveness) 

• How well does the avatar encourage the user to continue 
speaking? (facilitation) 

Each metric was rated on a 7-point scale from 1 to 7. The videos were 
presented to the workers in a randomized order. This experiment 
was conducted in Japanese. 

5.2 Results and Analysis 
The results for the subjective evaluation are shown in Table 11. 
Each worker viewed three videos per method and their ratings 
were averaged to obtain a single evaluation score per method per 
worker. These scores were then averaged across workers for each 
combination of the evaluation criteria and methods. 

Across all evaluation metrics, the method that predicts backchan-
nel and nodding using separate models achieved the highest scores. 
Comparison of ND w/ BC and BC & ND reveals a particularly large 
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Table 11: Averaged scores of evaluation on subjective experi-
ment (Hum : human likeness, Nat : naturalness, Att : atten-
tiveness, Fac : facilitation) (n=45) 

Conventional methods Proposed methods 
Only BC ND w/ BC Only ND BC & ND 

Hum 3.76 5.00 4.48 5.14 
Nat 3.57 4.39 4.57 4.64 
Att 4.08 4.87 4.76 5.34 
Fac 3.69 4.38 3.60 4.68 

Table 12: t-test results for score differences between ND w/ 
BC and BC & ND (n=45) 

ND w/ BC BC & ND p-value 
Hum 5.00 5.14 .086 
Nat 4.39 4.64 .019* 
Att 4.87 5.34 <.001** 
Fac 4.38 4.68 .012* 

*p<0.05 **p<0.01 

difference in attentiveness among all metrics, suggesting that 
predicting various types of nodding can make users feel that the 
dialogue system is listening attentively to their speech. Addition-
ally, a comparison of Only BC with ND w/ BC or BC & ND shows 
that systems expressing both backchannel and nodding achieve 
higher overall scores than those using only backchannel. This sug-
gests that the nonverbal listener response of nodding enhances the 
system’s human-likeness and perceived attentiveness. 

Furthermore, Table 12 presents the results for statistical tests on 
the score differences between ND w/ BC and BC & ND. For each 
metric, a one-tailed paired t-test was performed on the distribution 
of 45 scores obtained for each method. These results statistically 
confirm that our proposed method, which predicts various types 
of nodding, outperforms the conventional method in terms of nat-
uralness, attentiveness, and facilitation. Most importantly, in 
the proposed method, backchannel and nodding do not necessar-
ily co-occur. In other words, selectively using only backchannel, 
only nodding, or both, depending on the context, enhances user 
experience of spoken dialogue systems. 

6 Conclusion 
In this paper, we proposed a real-time model that predicts both 
the timing and types of nodding, one of the nonverbal responses, 
using audio signals from both the speaker and the listener. Based 
on the VAP-based model, we employed multi-task learning with 
backchannel prediction and VAP pretraining with general dialogue 
data. As a result, we achieved an F1 score of 55.93% on the timing 
prediction task and scores of 28.86%, 39.17%, and 22.09% for short, 
long, and long_p nodding, respectively, on the timing and type 
prediction task. Furthermore, the statistical significance of multi-
task learning with backchannel prediction was demonstrated in the 
timing and type prediction task. We also evaluated the real-time 
processing performance and showed that reducing the processing 

rate to 10 Hz allows the model to operate in real time without a 
substantial drop in accuracy. 

In the subjective experiment, we compared the conventional 
method which always performs nodding simultaneously with ver-
bal backchannel to our proposed approach, in which backchannel 
and nodding are predicted separately. The results revealed that our 
proposed method received statistically higher ratings in naturalness, 
attentiveness, and facilitation. 

Future work includes developing real-time prediction models 
for other nonverbal listener responses (e.g., eye gaze and facial 
expressions) and building multimodal models that leverage the 
speaker’s gaze and gestures as inputs. In this study, we deferred 
incorporating the user’s visual cues (e.g., facial expressions) due 
to real-time computational constraints, and plan to address this by 
exploring efficient integration methods using a lightweight network. 
Additionally, we aim to develop a model for generating listener head 
motion in real time to create a more natural and responsive avatar. 

Safe and Responsible Innovation Statement 
This study discretely predicts nodding from users’ speech signals. 
Given its nature, we consider the potential for misuse and broader 
social impact to be minimal. However, one possible form of misuse 
would be to falsely claim that a system integrated with the proposed 
model is operated by a human. All data used and collected in this 
study are strictly managed in a local environment. We obtained 
staged consent from participants in the dialogue dataset regarding 
data release, and the data are recorded in a way that contains no 
personally identifiable information. During data collection, ges-
tures were recorded from the same performer who had previously 
operated an android remotely in another experiment, thus ensuring 
unbiased gesture data. The trained model proposed in this study 
has been released on GitHub, making it accessible for anyone to 
try. 
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