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研究の目的

• 人間と自然にコミュニケーションできるロボット

• 身体（顔）を通じたコミュニケーションの最適
化

• 人間と同じ仕方で外界を認識するロボット

• 間違い方も含め人間と同じような仕方で認識



共同研究について

• 研究テーマ：表情
• ロボットに自然な表情を作らせるには
• ロボットの表情に対する人間の反応（表情模倣）の検討

• 体制
• 【京都大学】 西田眞也、Dongsheng Yang（M1-D3）
• 【理 研】 佐藤弥、港隆史、 Hsu C-T

• 主な成果
• Yang, D., Sato, W., Liu, Q., Minato, T., Namba, S., & Nishida, S. (2022). Optimizing Facial Expressions 

of an Android Robot Effectively: a Bayesian Optimization Approach. IEEE-RAS 21st International 
Conference on Humanoid Robots (HUMANOIDS2022) , 28-30 November, Okinawa, Japan

• Yang, D., Liu, Q., Sato, W., Minato, T., Liu, C., & Nishida, S. (2025). HAPI: A Model for Learning Robot 
Facial Expressions from Human Preferences. IEEE/RSJ International Conference on Intelligent Robots 
and Systems (IROS2025), 19-25 0ctober, Hangzhou, China

• Yang, D, Sato W, Hsu C-T, Minato T, and Nishida S. (in press). Visually detectable facial mimicry in 
response to android facial expressions, Scientific Reports



1.1 Motivation

Automatically Optimize Robot Facial Expressions (RFEs)

Fig b: Six basic facial emotionFig a: Android robot Nikola
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1.2 Nikola – Android

• ROS framework

• 35 pneumatic actuators 

• deformable silicone skin 

Fig: Actuator arrangement in Nikola

Challenging point:

• RFE performance must be evaluated both 

reliably and automatically (replicable)

• The complexity of parameter optimization 

increases exponentially with increasing 

degrees of freedom(DOF).

Enhancing Robot Facial Expressions through Transfer Learning and Bayesian Optimization 6



2.1 Optimizing robot facial expressions using 
Emotion Recognition Model and Bayesian 
Optimization
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• Comparison with Prototypical 

robot facial expressions (RFE) of 

Nikola

A certified FACS coder conducted the action 
unit mapping from actuators to action units 

(AUs), as defined by Ekman’s theory.

• Emotion recognition model

We used ResMaskNet for robot emotion 

recognition.

• Experiment setup

Yang et al. (Humanoid2022)
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x = [86, 86, 128, 
128, 128, 0, 0, …, 0, 
0, 0, 128, 128, 122]

GPR model 

initialization / 
Update GPR model

upper confidence 

bound (UCB)

OUTPUT:

(x, y) where y = 
ymax

ynext = 0.93250 

(ResMaskNet)

Xnext = argmax(a(x))f = a(x)

2.3 BORFEO (Bayesian optimization-based 
robot facial expression optimization)

Random inialization

y = 0 ~ 1

ResMaskNet

(xnext, ynext)



2.3 Video demo of BORFEO processing
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2.4 Results

• Iterations: 100 * 7 

types of emotions

• Right figure shows 

BORFEO-generated 

top 1 images rated 

by ResMaskNet and 

the prototype defined 

by Ekman’s theory.
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Fig: Illustrations of Prototypical and BORFEO-generated top-1 RFEs 

produced by the android Nikola.



2.5 Validation experiment
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• Stimulus: 7 per expressions (5 + 2 )

• Select 5 images among BORFEO-generated top 10 using 

cosine distance on AU (action unit)

• 2 prototype adjusted by human expert

• 7 class 7-scale survey

• 40 participants (20 male, 20 female)



2.5 Validation result
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Fig 3: Machine rating results

Fig 1: Main result of the human evaluation experiment Fig 2: Normalized ratings in the human evaluation experiment

Fig 4: Scatter plots and regression lines for different types of stimuli.

** * * * * * *



2 Remaining problem

RFE: robot facial expression
5

• No improvement for some expressions (e.g., happiness)

• Our expression optimization model uses a facial expression 

recognition model trained on human faces, which may not be able to 

accurately estimate human recognition of robot facial expressions

(out-of-domain).



3 Aligning recognition model with humans
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Yang et al. (IROS2025)



3.1 Our Approach: pipeline

15



3.1 Data collection

Sorting problem

MergeSort: a stable 
sorting algorithm

O(nlogn)

e.g.: 100 images

Pairwise: 4950 (pairwise) 

MergeSort: ~664 

comparisons

Pairwise comparison

1

6



3.2 Our Approach: pipeline
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3.2 Model: Human Affective Pairwise 
Impressions (HAPI)
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Input Input

HAPI
Model

Output Output

Proposed framework

• Details of ResMaskNet[1] 

(pretrained)

• Binary cross entropy (BCE) Loss

[1] Pham et al. (2021). Facial Expression Recognition Using 
Residual Masking Network. In 2020 25th International 

Conference on Pattern Recognition (ICPR), pp. 4513–4519.
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3.3 Our Approach: pipeline



3.4 Results

Crowdsourcing User Study

2

0

Anger Happiness Surprise



3.5 Summary

2

1

• HAPI learns preference-aligned expressions for key 

emotions (anger, happiness, surprise).

• Crowdsourced evaluations give higher scores, 

showing HAPI outperforms baseline/expert methods 

in realism and social fit.



4.1 Human facial mimicry to robot facial 
expressions

• Facial mimicry is wildly research in Psychology, 

primarily related to social interaction and 

communication. 

• Corrugator supercilii（皺眉筋・しゅうびき

ん）and zygomatic major（大頬骨筋・だい

きょうこつきん）

• Previous studies have shown that the 

observation of photographs or clips of 

emotional facial expressions induced congruent 

facial muscle activity recorded by facial EMG 

(e.g., Dimberg 1982; Sato2008IJP).
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Fig1: https://en.wikipedia.org/wiki/Corrugator_supercilii_muscle
Fig2: https://en.wikipedia.org/wiki/Zygomaticus_major_muscle
Fig3: Sato W, Fujimura T, Suzuki N. Enhanced facial EMG activity in response to 

dynamic facial expressions[J]. International Journal of Psychophysiology, 2008, 70(1): 
70-74.

Fig1: Angry                                 Fig2: Smile

Fig3 

https://en.wikipedia.org/wiki/Corrugator_supercilii_muscle
https://en.wikipedia.org/wiki/Zygomaticus_major_muscle


4.2 Background

• Observing human facial expressions induced spontaneous 

facial mimicry using facial electromyography (EMG) and video 

data. 

• A previous study reported that the expressions of an android 

also elicited such mimicry, as reflected in EMG recordings. 

(Hofree et al., 2014).

• However, whether such android-induced mimicry could be 

visually detectable remains unknown.
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4.3 Experiment
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• We showed robot facial expressions 
(optimized by BORFEO, and additionally 

modulated by the degree of mouth opening) 

to human participants.

• We used EMG of to measure the activities of 

the corrugator supercilii and zygomatic major 

muscles.

• We videotaped participants’ facial reactions. 

The video recordings were subsequently 

subjected to automated FACS analysis to 
evaluate the AUs of brow lowering (i.e. AU 4) 

and lip-corner pulling (i.e. AU 12).



4.4 Results: EMG
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4.4 Results: Video
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4.4 Conclusion

• Facial expressions of humanlike androids can induce visually 

detectable spontaneous facial mimicry in humans.

⇒ Coordination in human–robot interactions 
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関連研究：機械と人間の運動視

• 機械学習の進歩で人間に匹敵する（または凌駕する）視覚能力
• どこまで似ているのか、違いを埋めるには
• 運動視で検証

• 人間の運動フローマップデータの収集
• 人間と既存のモデルの比較
• 人間の運動視系の新しいモデルの提案



• Stimuli: MPI-Sintel Flow Dataset (Butler et al., 2012ECCV, Janai et al., 2017CVPR ) 

• An open-source animated short film 

• Naturalistic video sequences

• Providing ground-truth (GT) optical flow data

• Standard Dataset in Computer Vision

• We psychophysically measured maps of human-perceived motion (optic flow) for the dataset, 

and compare them with a variety of model predictions 
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Psychophysical measurement of perceived motion 
flow of naturalistic scenes

(Yang, Fukiage, Sun & Nishida, iScience 2023)
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• In the middle of the movie 

presentation, a small dot was 

flashed at the aperture center 

to indicate where and when 

to response

• The observer had to report 

the image motion vector of 

the flash by matching the 

speed and direction of the 

pink-noise field 

Measurement procedure
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Movie clips

A grid of 36 probe locations

1 deg interval

Movie clips



33

Human response vs. Ground truth

1 second = 60 frames 

1° = 50 pixels 
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Model prediction performance
partial correlation

（cross validation）
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Similarity between human response and model predictions



(Yang, Fukiage, Sun & Nishida, CVPR 2025)



Local motion energy Fully connected graph

Stage I (Local motion energy sensing;

Simulating the function of V1):

Stage II (Global motion Integration & Segregation;

Simulating the function of MT)

Modeling Human Visual Motion Processing with Trainable Motion 

Energy Sensing and a Self-attention Network
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• Trainable spatiotemporal frequency

tuning

• Multiscale motion sensing

Sun, Chen, Yang  & Nishida (NeurIPS, 2023)

• Fully connected graph structures on feature

maps based on the self-attention mechanism.

• The motion integration is based on similarity

(dot-product distance) in feature space.



Motion flow of naturalistic movie (SINTEL)

(Partial Correlation)

Model Human perceptionGround Truth

Human

Model

GT

Our model shows a human-like response more than other CV models do.
41

GT

Human
Gap

Partial Correlation: To what extent does the

model explain the Gap.



• Stable response to artificial simple stimuli

• Drifting gratings

• Spatiotemporal tuning

• S-T independent tuning in stage 1 → S-T dependent (velocity) tuning in stage 2

• Motion integration

• Plaid motion: component motion in stage 1 → pattern motion in stage 2

• Adaptive pooling of spatially-separated 1D/2D motion

• Illusions

• Missing fundamental illusion

• Reversed phi, Mario illusion

• Barberpole illusion

• Perceived flow to SINTEL (Yang, et al., 2023)

• Second-order motion

Similarity of our model (Sun et al, 2023) to human motion 
perception



Second-order motion perception

First-order motion 

Second-order motion Chubb and Sperling (1988); Cavanagh,  Mather  (1989)

Fourier 

Transformation

Asymmetric energy in 

Fourier Space 

Spatial
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Consistent luminance change

Fourier 

Transformation

Invisible energy in 

Fourier Space 

Spatial

T
em

p
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l

Dynamic noise 43

Chubb & Sperling (1988)

Cavanagh &Mather (1989)
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❖Why are CV models unable to recognize second-order motion?

❖How can the model naturally achieve the ability of perceiving second-order motion?

Engineering

Second-order motion perception: Questions

Human Vision

❖ Why are humans and many animals able to perceive second-order motion?

❖ What is the functional advantage of having the ability of perceiving second-order motion?

Sun, Chen, Yang  & Nishida (VSS2024; Nature Machine Intelligence, 2025)



Second-order motion for motion perception of objects with non-diffuse reflection

45

◆ Basic reflection model

Diffuse (Lambertain reflection) Transmission Specular

Object

Radiation

source

Result from Py-

Blender
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The Model trained on scenes with diffusely reflective materials

The model trained on scenes with non-diffusely reflective materials

Result



First-order channel Higher-order channelMotion with optical noise

Result of RAFT (2020 ECCV) Ours (dual channel) 

Demos on natural scenes

Pure second-order motion is rarely observed in natural environments; more often, it coexists with first-order motion. The vision system 

could potentially capture these motions, but the signal is likely to be noisy without a higher-order motion channel.
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研究の目的

• 人間と自然にコミュニケーションできるロボット

• 身体（顔）を通じたコミュニケーションの最適
化

• 人間と同じ仕方で外界を認識するロボット

• 間違い方も含め人間と同じような仕方で認識
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