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ABSTRACT The current GENEA Challenge 2023 [15] considers a dialogue

This paper describes FineMotion’s entry to the GENEA Challenge
2023. We explore the potential of DeepPhase embeddings by adapt-
ing neural motion controllers to conversational gesture generation.
This is achieved by introducing a recurrent encoder for control fea-
tures. We additionally use VQ-VAE codebook encoding of gestures
to support dyadic setup. The resulting system generates stable real-
istic motion controllable by audio, text and interlocutor’s motion.
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1 INTRODUCTION

The automatic generation of conversational gestures for 3D human
models is one of the most opportune problems in character anima-
tion. It can be used to simplify video game production and increase
the realism of characters’ movements. Furthermore, as visual as-
sistants or VTubers are becoming more popular, the demand for
realistic gestures for embodied virtual agents is also growing.

The task of automatic gesture generation from speech has got
several promising solutions. During GENEA Challenge 2022 [25]
one of the approaches was rated even better than real motion cap-
ture data by motion quality [27]. However, the task at hand is
becoming more complicated year by year.
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setup. Thus, the participants’ systems should not only consider
input speech but also the conversation partner’s behaviour. As well
as in the previous year «Talking With Hands 16.2M» dataset [16]
was used, but now each sample contains two sets of motion, audio
and text for the main agent and the interlocutor.

In relative tasks of condition-based motion generation [23] and
character controllers [26] researchers propose slightly different ap-
proaches, that could also benefit conversational gestures generation.
One of the most promising approaches for animation representation
was presented in [19]. Taking into account that motion curves could
be considered as periodic functions, they could be decomposed via
Fourier Transform to obtain high-level features.

Thus, we decided to examine the phase manifold formed by Deep-
Phase’s Periodic AutoEncoder in conversational gesture generation.
In order to properly address the dyadic setup of the challenge, we
implemented additional interlocutor gesture representation based
on VQ-VAE codebook encoding. Evaluation [15] showed that our
system generates realistic motion which is statistically suitable for
the interlocutor’s behaviour. However, our system showed poor
results on appropriateness for speech, which suggests the need
for further development. Our code along with video examples of
generated motion is publicly available! to help other researchers
reproduce our results.

Our paper is organized as follows: Section 2 gives an appropriate
overview of related work; Section 3 describes our approach gen-
erally; Section 4 details generator model input and output format;
Section 5 gives results from the evaluation and discusses our results;
and Section 6 is for the conclusion.

2 RELATED WORK

In this section, we give a general overview of recent conversational
gesture generation approaches. Then we describe some existing
approaches for solving close tasks, that inspired our solution.

2.1 Conversational gestures generation

The task of conversational gestures generation has been advanc-
ing for several years. Starting from window-based frame-by-frame
generation [13] end-to-end approaches lead to auto-regression [14].
Later, the GENEA Challenge 2022 offered many successful systems.
Some of them are based on recurrent models [4, 6, 24], and some

!https://github.com/FineMotion/GENEA_2023
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even utilise GPT-like large architectures [18], but the most success-
ful hybrid approach was presented in [27], where authors use the
graph-based model to transfer between short clips.

Slightly weaker results were shown by clear auto-regressive
approaches [11, 12], that faced the main shortcoming of such ar-
chitectures - converging to mean pose. In [12] as well as in [14]
authors tried to overcome this problem by adding different teacher-
forcing techniques to force models first to extract appropriate audio
representation. However, auto-regressive approaches have shown
significant success without such techniques in a different task: char-
acter controllers.

2.2 Character controllers

The task of creating automatic character controllers is related to
locomotion movements [8]. The controlled character should move
joints with respect to the environment and user input. Many data-
driven character controller approaches use a mixture-of-experts
[10] framework, for example, Mode Adaptive Neural Networks
(MANN) [26].

Later, the MANN model was improved with local phases [20]. Lo-
cal phases are computed as a derivative from block function contain-
ing binary states of whether bone contacts the object/environment.
The efficiency of the proposed approach was demonstrated in cre-
ating a neural motion controller for a basketball game, where the
block function represented a player’s contact with the ball or the
floor.

Finally, in [19] the unsupervised approach for automatic phase
extraction was suggested. The proposed Periodic AutoEncoder
extracts periodic features from motion curves after training on
unstructured motion datasets. The architecture utilizes a tempo-
ral convolutional autoencoder [9] additionally applying real Fast
Fourier Transform to each channel of latent space. The obtained
periodic features then were used to train the motion controller as
before showing the capability of extracted features.

2.3 Text-to-Gesture Animation Generation

The task of generating human gesture animations from textual
prompts involves generating expressive and natural-looking ges-
tures that correspond to a given textual input. For example, in the
work of [7] the authors suggest jointly encoding gestures, text and
images into a single latent space using Contrastive Language-Image
Pretraining (CLIP) [2]. Also, in GestureDiffuCLIP [21] the authors
combined the power of CLIP and diffusion models to generate
realistic and diverse gesture animations from text. To enable the
encoding and decoding of gestures, the Vector Quantized Varia-
tional Autoencoder (VQ-VAE) [1] was used. Additionally, VQ-VAE
has proven to be a valuable tool beyond text-to-gesture generation.
In the context of conversational gestures, recent research [18] and
[22] applied the VQ-VAE to encode and decode gestures, achieving
improved gesture generation performance.

3 SYSTEM OVERVIEW

Our approach follows the original DeepPhase paper [19]. It contains
two main stages: training Periodic AutoEncoder to extract phase fea-
tures and building neural motion controller upon extracted phases.
The motion controller is based on a mixture-of-experts framework
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also mentioned in the DeepPhase paper with some ideas from pre-
vious author’s work [20]. The main difference between our system
and those mentioned above is that we use an auxiliary recurrent
Control Variables Encoder to guide motion by audio, text and inter-
locutor’s motion instead of the user’s input. Apart from that, we
trained an additional encoder for the interlocutor’s motion and sup-
plemented control features with the obtained latent representation.

3.1 DeepPhase embeddings

To prepare the phase manifold we follow the proposed pipeline
from [19] exactly. To train Periodic AutoEncoder (PAE) we first
extract positions from the main agent’s motion data. We use all
motion files, but extract positions for 26 joints, including world root
and excluding fingers. Then we calculate joint position velocities
and smooth them via Butterworth Filter [3].

The training configuration of PAE is as follows: training sample
contains 61 frames and covers a 2-second window with 26*3 chan-
nels. The number of latent channels (phases) is equal to 8, following
the dancing pipeline from the official repository?. The number of
intermediate channels is equal to the number of joints. The model is
trained during 150 epochs with batch size equal to 512 and AdamW
optimizer with Cyclic Learning Rate Scheduler with Restarts [17]
with weight decay and learning rate both equal to 10e-4, restart
period equal to 10, multiplier equal to 2 and cosine policy.

The obtained model extracts phase features as in the original
paper. From each time window ¢ it extracts amplitude (A), frequency
(F), offset (B) and phase shift (S). A, F, B,S € RM, where M - number
of latent channels (or phases). Phase manifold P € R2M for frame
t is computed by

P

oilq = Alm - sin(27 - Si(t)), 7’2(? :Alw -cos(2rm - Si(t)). (1)

To obtain phase features # € RT*? from motion with length T
we just extract the phase manifold from the sliding window, i.e.
P = {(PW|r € [1,T]}. In order to illustrate the periodicity of
extracted phase features the Figure 1 shows them separated by
latent channel on a 10-second sample.
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Figure 1: Extracted phase features example

Due to the fact that PAE is trained on joint velocities, obtained
phases can not be used as intermediate representations of motions
instead of original data to train motion generator. The problem lies
in the difficulty of converting joint positions into joint rotations
without the introduction of kinematic constraints. To overcome
this we also tried to train PAE on joints rotations. Unfortunately,
obtained phase manifold does not look like periodic function as

Zhttps://github.com/sebastianstarke/Al4Animation
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before. PAE trained on angle velocities could theoretically shows
better results, but we decided to stop on phase manifold trained on
joint velocities.

3.2 Generation model

Our motion generation model extends the mixture-of-experts frame-
work from [19]. It contains two feedforward neural networks: Gat-
ing Network and Motion Prediction Network. The model’s notation
follows [20].

The Gating Network is built upon a stack of linear layers with
ELU[5] activations between them. It takes phase features and pre-
dicts weights for experts. In our case, there are 8 experts. Then,
the Motion Prediction Network uses these weights to make linear
combinations over experts. The Motion Prediction Network itself
consists of several "Expert Layers" with ELU activations between
them. Each of layer E uses experts weights ¢ = {a;,i € [1, N]} and
input x as follows:

N
E(x,@) = ) ai(Wix +by) @)
1

where W; € R"*™ and b; € R" are weights and biases respec-
tively with m and h being input and output dimensions respectively.
As in the original DeepPhase repository, the number of "Expert
layers" as well as the number of linear layers on the Gating Network
is equal to 3.

3.3 Control Variables Encoder

Initially, the input and output data formats were similar to [20].
However, significant changes were introduced. As control variables
input, we use a similar time window of audio features. But the more
control features like text and interlocutor’s pose we added, the
larger the control variables vector would become. So we decided to
add an additional recurrent encoder of control features based on
Bi-directional GRU over the FeedForward Highway as in [12] to
shorten this vector. It takes time-window features around the cur-
rent frame and returns the output vector from RNN corresponding
to the considered frame.

3.4 Interlocutor Gesture Encoder

Model. To effectively respond to the gestures of the interlocutor,
our model leverages the Interlocutor Gesture Encoder, a crucial
component based on the VQ-VAE framework from [1]. This model
showed good results in gesture coding, as shown in [18] and [22].
The Interlocutor Gesture Encoder enables us to encode high-quality
representations of gestures into compact vectors.

For better learning, we have added improvements such as ex-
ponential codebook smoothing and discarding unused vectors, as
suggested in the original article.

Data processing. To train the VQ-VAE model, we segment ges-
tures into gaps according to the bits in the audio. This idea was
proposed in the [22]. The authors proposed dividing gestures into
segments that align with the rhythmic structure of the audio, as
it is believed to capture the salient aspects of the gestures. The
maximum number of frames in one gesture’s sample with this ap-
proach is equal to 18. This approach has shown promising results
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in capturing the temporal dynamics and synchronizing gestures
with the corresponding audio cues. Building upon this concept, we
adopt a similar data processing strategy in our study to leverage
the benefits of aligning gestures with the rhythmic elements of the
audio. During training, the network is fed with only those gesture
samples from both partners in which at least one conversational
partner was speaking. Each selected sample corresponds to the
speaker’s audio bits. During inference, we feed only interlocutor’s
gestures corresponding to the active speaking person’s audio bits.
In order to determine the moments of speech, we use a text tran-
script. If there is no active speaker at the moment, main agent’s
audio bits are chosen for guidance.

Training. We train the VQ-VAE model with codebook size 2048.
The dimensional of codebook vectors was 256. Codebook occupancy
reaches 70%. The model was trained over 152 epochs.

Inference. To feed the interlocutor’s gestures into the main model,
we split the interlocutor’s audio into bits, then we extract vectors
for each sample. After that, we duplicate each vector to the size of
a bit. Thus, we get the number of vectors equal to the number of
frames in the original gesture.

4 GENERATOR INPUTS AND OUTPUTS
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Figure 2: Generator model

The overall system is illustrated in Figure 2. The model takes the
information from the current frame and predicts the next frame.
We use a notation of a time series window similar to [20], i.e. ‘7;51
represents features collected within a time window ty < t < 4.
Following is the description of the final data formats.

Inputs. Generator’s input consists of 3 components Xf, XIA,XlP.

Character state Xis on i-th frame consists of concatenated joints
rotations and velocities. We also initially used joint positions, but
we observed that the model is more stable without them. We repre-
sent joint rotations via 6D continuous representation from [28] to
eliminate cases when Euler’s angles have values equal to 0 or 180
degrees. Joint velocities were preliminary smoothed as in the PAE
training routine. It’s also worth mentioning that character state
and phases were preliminary normalized.

Control variables le“ are time-window ‘7'_1155 features around
the current frame, which is passed to Control Variables Encoder
to obtain one control vector Xic , which will be concatenated with
character state as the main input to Motion Prediction Network.
As initial control features, we extract 26 MFCCs from audio, GloVe
embedding of size 50 and obtained codebook encoding from VQ-
VAE with respect to motion frame rate which is equal to 30 FPS.
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To align text and interlocutor’s features we distribute them evenly
within frames corresponding to time span. We also tried other
combinations, including interlocutor’s speech, but they showed
less stable results. We decided to make the dimension of Xl.c equal
to X IS .

Motion Phases XIP = ©; € R¥K7 are extracted phase features
via PAE uniformly sampled from time-window 7% and concate-
nated into one vector, i.e. ©; = {P(i_SO), .. .,P(i_s),?(i),P(i+5),
.., P30y considering that 13 frames are sampled in the win-
dow.

Outputs. Our Motion Prediction Network output contains only 2

components: the next frame character state Y5, which is similar

i+1’
to input one, and future motion phases Yilil ={Oj;+1, AG;41} con-
taining not only phases, but phases’ velocity for time-window 75;5
with respect to frame i+1,i.e = ©j41 = {7’<i+1), pli+6)  p(i+3]) }
with 7 frames total.

Training. The model is trained to predict the next frame based
on the current frame, it does not use outputs from the previous step
- every frame is taken from the dataset directly and is processed
independently. All parts of the generator are trained simultaneously
end-to-end during 50 epochs with batch size equal to 2048 and a
default Adam optimizer with a learning rate equal to 10e-4. The
hidden sizes of the Gating Network and the Motion Prediction
Network are 64 and 1024 respectively.

Inference. Finally, during inference, our model predicts the next
frame based on the previous one and follows an auto-regressive
fashion. We also blend phases between iterations, before passing
them to the next step: @], ; = 1041 + (1 — 1)(©; + AB®;41) with
A=0.5.

5 RESULTS AND DISCUSSION

As in previous challenges, organizers provided a comprehensive
human evaluation of participating systems[15]. This time 3 main
subjective measures are considered: human likeness, appropriate-
ness to speech and appropriateness to the interlocutor’s behaviour.

Human-likeness estimates the overall quality of generated mo-
tion without taking into account the agent’s speech or interlocutor’s
behaviour. Our approach, indexed SL, shows competitive results
(median score is 51 € [50, 51] in Table 1) indicating the ability of
DeepPhase embeddings to maintain periodicity and as a result the
realism of predicted motion. Although our model is rated rather
well, it does not reach the quality of natural motions or state-of-
the-art approaches.

In order to estimate the appropriateness of agent speech, evalu-
ation participants were given two motion clips generated by one
model using separate audio samples and tasked to distinguish which
of the two motion clips corresponds to the target listening sample.
Good models generate motions that participants could easily deter-
mine from one another by audio. The main quantity of interest in
the appropriateness evaluation is the mean appropriateness score
(MAS). Unfortunately, our model provides poor appropriateness
results (0.05 + 0.05 MAS in Table 1). Organizers mentioned (section
3.6 in [15]) that our solution does not statistically differ from chance
performance. This leads us to suspect the weakness of used audio
and text features.

Korzun et al.

Table 1: Summary statistics of studies

Condi- | Human-Likeness | Agent Speech | Interlocutor
tion Median Score MAS MAS

NA 71 € [70, 71] 0.81+0.06 0.63+0.08
BM 43 € [42, 45] 0.20+0.05 —0.01+0.06
BD 46 € [43, 47] 0.14+0.06 0.07%0.06
SA 30 € [29, 31] 0.11+0.06 0.09+0.06
SB 24 € [23, 27] 0.13+0.06 0.07+0.08
SC 9¢[ 9 9] —0.02+0.04 —0.03+0.05
SD 45 € [43, 47] 0.14+0.06 0.02+0.07
SE 50 € [49, 51] 0.16+0.05 0.05+0.07
SF 65 € [64, 67] 0.20+0.06 0.04+0.06
SG 69 € [67, 70] 0.39+0.07 —0.09+0.08
SH 46 € [44, 49] 0.09+0.07 —0.21+0.07
SI 40 € [39, 43] 0.16+0.06 0.04+0.08
SJ 51 € [50, 53] 0.27+0.06 —0.03+0.05
SK 37 € 35, 40] 0.18+0.06 —0.06+0.09
SL 51 € [50, 51] 0.05+0.05 0.07+0.06

The addition to this year’s challenge is the introduction of the
appropriateness metric for the main agent’s reaction to the inter-
locutor’s behaviour. The study itself is similar to the previous one
with changing interlocutor’s motion. It is also conducted while
the main agent is silent. Surprisingly, using the interlocutor’s mo-
tion features yields better results (0.07 + 0.06 MAS in Table 1) and
significantly better than a chance (section 4.7 in [15]).

Overall, our system shows promising results, more on human-
likeness and appropriateness for the interlocutor. However, there
are ways to improve this approach by adding more compelling au-
dio features or adding teacher forcing to make attention to speech
features. Nevertheless, using DeepPhase embeddings allow us to
train the model without suffering converging to a rest pose. Addi-
tionally, VQ-VAE codebook encoding allowed the resulting solution
to accord the dyadic setup of conversation and generate plausible
reactions to interlocutor behaviour.

6 CONCLUSION

Sharing approaches between different tasks in the domain of mo-
tion generation could significantly improve the overall state of
the research community. Our system is based on an approach that
proved itself as a neural motion controller and showed promising
results during evaluation. We assume that using periodic properties
of motion could yield improvements in all problems connected with
animation. And DeepPhase embeddings are one of the latest and
most successful approaches to extract these properties, so we rec-
ommend considering them as well as VQ-VAE codebook encoding
during the development of future models.

Despite that our system showed relatively good results in the
challenge, there is room for improvement. For example, a better
speech encoder or additional data filtering could be used. The
mixture-of-experts framework could also be extended to work with
sequences. Some teacher-forcing techniques could also be applied.



The FineMotion entry to the GENEA Challenge 2023: DeepPhase for conversational gestures generation

REFERENCES

[1] Koray Kavukcuoglu Aaron van den Oord, Oriol Vinyals. 2017. Neural Discrete

Representation Learning. arXiv preprint arXiv:1711.00937 (2017).

Chris Hallacy Aditya Ramesh Gabriel Goh-Sandhini Agarwal Girish Sastry

Amanda Askell Pamela Mishkin Jack Clark Gretchen Krueger Ilya Sutskever

Alec Radford, Jong Wook Kim. 2021. Learning Transferable Visual Models From

Natural Language Supervision. arXiv preprint arXiv:2103.00020 (2021).

Stephen Butterworth et al. 1930. On the theory of filter amplifiers. Wireless

Engineer 7, 6 (1930), 536-541.

[4] Che-Jui Chang, Sen Zhang, and Mubbasir Kapadia. 2022. The IVI Lab entry to
the GENEA Challenge 2022-A Tacotron2 based method for co-speech gesture
generation with locality-constraint attention mechanism. In Proceedings of the
2022 International Conference on Multimodal Interaction. 784-789.

[5] Djork-Arné Clevert, Thomas Unterthiner, and Sepp Hochreiter. 2015. Fast and
accurate deep network learning by exponential linear units (elus). arXiv preprint
arXiv:1511.07289 (2015).

[6] Saeed Ghorbani, Ylva Ferstl, and Marc-André Carbonneau. 2022. Exemplar-based
stylized gesture generation from speech: An entry to the GENEA Challenge 2022.
In Proceedings of the 2022 International Conference on Multimodal Interaction.
778-1783.

[7] Amir Hertz Amit H. Bermano Daniel Cohen-Or Guy Tevet, Brian Gordon. 2022.
MotionCLIP: Exposing Human Motion Generation to CLIP Space. arXiv preprint
arXiv:2203.08063 (2022).

[8] Daniel Holden, Taku Komura, and Jun Saito. 2017. Phase-functioned neural

networks for character control. ACM Transactions on Graphics (TOG) 36, 4 (2017),

1-13.

Daniel Holden, Jun Saito, Taku Komura, and Thomas Joyce. 2015. Learning

motion manifolds with convolutional autoencoders. In SIGGRAPH Asia 2015

technical briefs. 1-4.

[10] Robert A Jacobs, Michael I Jordan, Steven J Nowlan, and Geoffrey E Hinton. 1991.

Adaptive mixtures of local experts. Neural computation 3, 1 (1991), 79-87.

Naoshi Kaneko, Yuna Mitsubayashi, and Geng Mu. 2022. TransGesture: Au-

toregressive gesture generation with RNN-transducer. In Proceedings of the 2022

International Conference on Multimodal Interaction. 753-757.

[12] Vladislav Korzun, Anna Beloborodova, and Arkady Ilin. 2022. ReCell: replicating
recurrent cell for auto-regressive pose generation. In Companion Publication of
the 2022 International Conference on Multimodal Interaction. 94-97.

[13] Taras Kucherenko, Dai Hasegawa, Gustav Eje Henter, Naoshi Kaneko, and Hedvig
Kjellstrom. 2019. Analyzing input and output representations for speech-driven
gesture generation. In Proceedings of the 19th ACM International Conference on
Intelligent Virtual Agents. 97-104.

[14] Taras Kucherenko, Patrik Jonell, Sanne Van Waveren, Gustav Eje Henter, Simon

Alexandersson, Iolanda Leite, and Hedvig Kjellstrom. 2020. Gesticulator: A frame-

work for semantically-aware speech-driven gesture generation. In Proceedings of

the 2020 international conference on multimodal interaction. 242-250.

Taras Kucherenko, Rajmund Nagy, Youngwoo Yoon, Jieyeon Woo, Teodor Nikolov,

Mihail Tsakov, and Gustav Eje Henter. 2023. The GENEA Challenge 2023: A large-

scale evaluation of gesture generation models in monadic and dyadic settings. In

Proceedings of the ACM International Conference on Multimodal Interaction (ICMI

'23). ACM.

Gilwoo Lee, Zhiwei Deng, Shugao Ma, Takaaki Shiratori, Siddhartha S Srinivasa,

and Yaser Sheikh. 2019. Talking with hands 16.2 m: A large-scale dataset of syn-

chronized body-finger motion and audio for conversational motion analysis and
synthesis. In Proceedings of the IEEE/CVF International Conference on Computer

Vision. 763-772.

Ilya Loshchilov and Frank Hutter. 2017. Decoupled weight decay regularization.

arXiv preprint arXiv:1711.05101 (2017).

[18] Andrew Feng Shuhong Lu. 2022. The DeepMotion entry to the GENEA Challenge

2022. (2022), 790-796. https://doi.org/10.1145/3536221.3558059

Sebastian Starke, Jan Mason, and Taku Komura. 2022. Deepphase: Periodic

autoencoders for learning motion phase manifolds. ACM Transactions on Graphics

(TOG) 41, 4 (2022), 1-13.

[20] Sebastian Starke, Yiwei Zhao, Taku Komura, and Kazi Zaman. 2020. Local motion
phases for learning multi-contact character movements. ACM Transactions on
Graphics (TOG) 39, 4 (2020), 54-1.

[21] Libin Liu Tenglong Ao, Zeyi Zhang. 2023. GestureDiffuCLIP: Gesture Diffusion
Model with CLIP Latents. arXiv preprint arXiv:2303.14613 (2023).

[22] Yuke Lou Baoquan Chen Libin Liu Tenglong Ao, Qingzhe Gao. 2022. Rhythmic
Gesticulator: Rhythm-Aware Co-Speech Gesture Synthesis with Hierarchical
Neural Embeddings. arXiv preprint arXiv:2210.01448 (2022).

[23] Guy Tevet, Brian Gordon, Amir Hertz, Amit H Bermano, and Daniel Cohen-Or.
2022. Motionclip: Exposing human motion generation to clip space. In European
Conference on Computer Vision. Springer, 358-374.

[24] Jonathan Windle, David Greenwood, and Sarah Taylor. 2022. UEA Digital Humans
entry to the GENEA Challenge 2022. In Proceedings of the 2022 International
Conference on Multimodal Interaction. 771-777.

[2

—

=

=

(11

[15

(16

(17

[19

ICMI °23, October 9-13, 2023, Paris, France

[25] Youngwoo Yoon, Pieter Wolfert, Taras Kucherenko, Carla Viegas, Teodor Nikolov,
Mihail Tsakov, and Gustav Eje Henter. 2022. The GENEA Challenge 2022: A
large evaluation of data-driven co-speech gesture generation. In Proceedings of
the ACM International Conference on Multimodal Interaction (ICMI "22). ACM,
736-747. https://doi.org/10.1145/3536221.3558058

[26] He Zhang, Sebastian Starke, Taku Komura, and Jun Saito. 2018. Mode-adaptive
neural networks for quadruped motion control. ACM Transactions on Graphics
(TOG) 37, 4 (2018), 1-11.

[27] Chi Zhou, Tengyue Bian, and Kang Chen. 2022. Gesturemaster: Graph-based
speech-driven gesture generation. In Proceedings of the 2022 International Confer-
ence on Multimodal Interaction. 764-770.

[28] Yi Zhou, Connelly Barnes, Jingwan Lu, Jimei Yang, and Hao Li. 2019. On the
continuity of rotation representations in neural networks. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition. 5745-5753.

A PAIRWISE SIGNIFICANT DIFFERENCE FOR
APPROPRIATENESS STUDIES
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Figure 3: Significant differences between conditions in the
two appropriateness studies
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Figure 3 shows the pairwise significance in appropriateness study.
White means the conditions listed on y-axis achieved an MAS signif-
icantly above the condition on the x-axis, black means the opposite
(y scored below x), and grey means no statistically significant dif-
ference at level a = 0.05 after correction for the false discovery rate.
Our entry SL is rated significantly below or equal to other entries
by appropriateness for speech. On the other hand, our solution’s
appropriateness to the interlocutor’s speech is significantly below
only natural motion NA.

B RATING DISTRIBUTION AND PAIRWISE
SIGNIFICANT DIFFERENCE FOR
HUMAN-LIKENESS STUDY
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(a) Box plot of ratings distribution
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(b) Significance of pairwise differences

Figure 4: Visualisations of human-likeness study

Figure 4 visualizes results of human-likeness study: 4a visualiz-
ing the rating distribution and 4b shows the pairwise significance.

Korzun et al.

In 4a Red bars are the median ratings (each with a 0.05 confidence
interval); yellow diamonds are mean ratings (also with a 0.05 con-
fidence interval). Box edges are at 25 and 75 percentiles, while
whiskers cover 95% of all ratings for each condition. In 4b designa-
tion like in 3. Our entry SL is rated significantly below only natural
motion NA and two participants’ entries: SG and SF. It has also no
significant difference from two other models: SE and SJ.
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