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Introduction
Social robots will progressively become widespread in many
aspects of our daily lives, including educa7on, healthcare,
workplace, and home. Such prac7cal applica7ons require social
interac7on between humans and robots.

Social robots should therefore engage in interac7ons in a
human-like manner. Along with verbal communica7on,
successful interac7on is closely coupled with the exchange of
nonverbal signals.

This study proposes an approach for genera7ng robots’ non-
verbal behaviours in affec7ve human-robot interac7on (HRI).

Related Works
The approach to non-verbal behaviours genera7on can be
broadly divided into two groups: rule-based and data-driven.

Rule-based Approach: it requires the design of interac7on logic
manually [1]. Once fixed, it will be limited, not transferrable to
unseen interac7on contexts, and not robust to unpredicted
inputs from the robot’s environment.
Data-driven Approach: the rela7onships between non-verbal
behaviours and speech are determined through end-to-end
learning manners [2]. However, a few works aim to generate
communica7on behaviours by taking into considera7on of
interac7on contexts encoded in the interac7ng partner’s social
signals [3].

Methodology
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Context-Aware Body Gesture 
Generation for Social Robots 

Problem Definition: finding a mapping function 𝐹 that receives
the speech 𝐴!"#:% of the target person, the interacting partner’s
speech 𝐴"&#:%, and body gesture 𝑃"&#:% in order to predict the body
gesture $𝑃!"#:%of the target person.

This study proposes a framework with context-awareness based
on the conditional generative adversarial network.

The model consists of Context Encoder 𝐸, Generator 𝐺, and
Discriminator 𝐷.

Encoder 𝐸 encodes social signals simultaneously collected from
the interacting partner in dyadic interaction into a contextual.

Experimental Results
The model was validated on the JESTKOD dataset, a time-
synchronised speech and gesture dataset in affective dyadic
interactions.

Scenario Model APE
(degree)

Accelera2on 
(degree/𝒔𝟐)

Jerk 
(degree/𝒔𝟑) 

Agreement Full Model 3.966 
± 1.961 

5.064 
± 0.870 

134.418 
± 26.040 

Agreement without 
Context Encoder 

4.917 
± 1.810 

145.680 
± 38.366 

3999.423 
± 995.027 

Disagreement Full Model 3.891 
± 2.207 

6.270 
± 1.448 

170.298 
± 41.463 

Disagreement without
Context Encoder 

5.752 
± 2.253 

166.135 
± 45.301 

4518.250 
± 1197.977 

Table 1. Accuracy in terms of Average Posi@on Error (APE), Accelera@on, and 
Jerk with respect to the two type of affec@ve scenarios, 

namely, agreement and disagreement. 

Figure 2. Sample generated gestures "𝑃#$%:' (coloured in blue) by the fully 
implemented model from the agreement and disagreement scenario. 

(a) the agreement scenario 

(b) the disagreement scenario 

Figure 1. The proposed framework for generating body gestures of the 
target person from their speech (or audio) and affective contextual cues. 

Figure 3. A generated gesture "𝑃#$%:' performed by the Pepper robot. Human 
skeleton (coloured in black) represents the interac@ng partner mo@on 𝑃$(%:'.


