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Abbreviations

Abbreviation Meaning
AI Artificial Intelligence

ARI Social assistive robot used by the SPRING project
API Application Programming Interface
BIU Bar-Ilan University (SPRING Partner)

CNN Convolutional Neural Network
CVUT Czech technical university in Prague (SPRING Partner)
DRL Deep Reinforcement Learning
DNN Deep Neural Network
GAN Generative Adversarial Network
GPI General Policy Iteration
GRU Gated Recurrent Units
FGD Fréchet Gesture Distance
HRI Human Robot Interaction

HWU Heriot-Watt University (SPRING Partner)
INRIA Institut National de Recherche en sciences et technologies du numérique (SPRING Partner)
MAE Mean Average Error

MAEJ Mean Average Error of Joint coordinates
MDP Markov Decision Process
MPC Multi Party Conversation
PAL PAL Robotics (SPRING Partner)

RelTR Relation Transformer
RL Reinforcement Learning

ROS Robot Operating System
RBF Radial Basis Function

SPRING Socially Pertinent Robots in Gerontological Healthcare
SF Successor Feature

SFR Successor Feature Representation
SR Successor Representation

UNITN University of Trento (SPRING Partner)
WP Work Package (of the SPRING project)
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Executive Summary

This deliverable reports the results of SPRING task T6.1: "Deep Architectures for Conversational System and Non-
verbal Behaviour". It focuses on the neural architectures and related methods that are developed for the non-verbal
control of the ARI robot as part of WP6: "Robot Learning Behavior". It furthermore summarizes the neural architec-
tures that were developed for WP2: "Environment Mapping, Self-localisation and Simulation", WP3: "Robust Audio-
visual Perception of Humans", WP4: "Multi-Modal Human Behaviour Understanding", and WP5: "Multi-User Spoken
Conversations with Robots".
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1 Introduction

The design of neural architectures is the goal of SPRING task T6.1: "Deep Architectures for Conversational System
and Non-verbal Behaviour" and part of WP 6: "Robot Learning Behavior". The goal of task T6.1 is to design neural
architectures for deep reinforcement learning and associated methods, that should serve as the methodological basis
for all modules learning and using optimal decision policies (T5.2, T5.3, T6.3). INRIA and HWU investigated network
designs for the low-level behaviour system, the task planner, natural language understanding and generation, and the
dialogue and non-verbal behaviour managers. Moreover, CVUT, BIU and UNITN designed network streams responsible
for exploiting the sensory data issued from WP2, WP3, and WP4, respectively. Please note, as deep neural architecture
play a vital role for many components of the SPRING project, they will be further re�ned and developed. This document
represents their current developmental state. All developed software that is part of Task T6.1 is open source, and made
available open access to the public on the project repository until at least 4 years after the project ends.

This deliverable summarizes the developed neural architectures and related methods. It is structured by WP for
which the neural architectures were developed. Many architectures have been already described in existing SPRING
deliverables. For these cases, the architectures are only shortly summarized with a reference to the deliverable that
gives a more in-depth description. The neural architectures investigated and developed by CVUT for WP2 ("Environ-
ment Mapping, Self-localisation and Simulation") are described in detail in SPRING Deliverable 2.1 [43] and 2.2 [44].
The main focus of this deliverable is on the work in WP6 which is described in greater detail in Chapter 5.
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2 WP3 - Robust Audio-Visual Perception of Humans

Objectives in WP3 are responsible for the robust extraction of users' low-level characteristics from the raw auditory
and visual data. Characteristics include positions, speaking status and speech signals. The following two sections
describe �rst deep neural networks developed for the visual localization and tracking of humans, followed by an
overview over the networks used for the audio processing pipeline.

2.1 Visual Localization and Tracking of Humans

(Contributor: INRIA)

The goal of this neural architecture is to detect, identify, and track people using visual data from the front �sh eye cam-
era. The proposed multi-person localisation and tracking module (Fig. 2.1) is based on FairMOT [67] and is described
in more detail in SPRING Deliverable 3.1 [45] and 3.2 [46]. It combines the CenterNet object detection architecture [70]
with Deep Layer Aggregation [63]. The latter is a general framework that can be used to augment a backbone architec-
ture of choice to better fuse information among layers. The network uses as a backbone the ResNet34 [20] network.
In difference to the original FairMOT architecture, we used a smaller resolution of 800x448 for the input images to
improve computational performance. Another modi�cation is the increase in the dimension of the Re-Identi�cation
branch from 128 as in the original FairMOT to 512. This improved the robustness of the tracker, especially to identity
switches and in situations where people were leaving the scene and re-entering a while after.

Figure 2.1: Architecture of FairMOT used for the localization and tracking of people. The input image is processed
by a ResNet encoder-decoder network. Its output is used for the detection of people, i.e. the bounding boxes around
them, and the Re-Identi�cation which gives them a consistent ID over several time frames even if occlusions occur.
(Figure adapted from [67].)
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2.2 Audio Processing Pipeline

(Contributor: BIU)

The goal of the audio processing pipeline is to acquire the sound signal from the ReSpeaker audio device, enhance it,
and then apply an automatic speech recognition algorithm to transcribe the audio utterances for further processing
by the dialogue system. The audio pipeline is depicted in Fig. 2.2.

Figure 2.2: Audio pipeline.

The audio signal is acquired by the ReSpeaker 4-channel microphone array on ARI. The �rst step of the audio
processing pipeline is the application of a speech enhancement algorithm. We are applying a Mixture of Deep Experts
(MoDE) architecture (developed by BIU) that uses a single microphone. The algorithm is capable of signi�cantly
suppressing background noise, e.g., babble noise [8]. At the later stage of the project we will also incorporate speaker
separation (either multi-microphone or single-microphone), and a narrow-band noise reduction module. If required, we
will also implement a dereverberation algorithm. Echo cancellation (to supress ARI's self-voice) will be incorporated,
if a full-duplex dialogue management system will be deployed.

The enhanced speech is fed into automatic speech recognition (ASR) engine in the French language. We use a pre-
trained RIVA engine, which is a conformer-based, on-prem streaming solution by Nvidia.1 The transcribed utterance
is fed to the dialogue system.

In parallel, we apply the speaker identi�cation step, comprising two stages. In the �rst stage, we apply a voice
activity detector (VAD) using the WebRTC package.2 In the second stage, voice representation is extracted using a
pre-trained TitaNet model by Nvidia [23]. In the last step of the pipeline, the speaker ID is merged with the correspond-
ing transcribed utterance. In the future, the location of the speaker, as extracted from the audio-visual data, will be
associated as well.

1https://developer.nvidia.com/riva
2https://webrtc.org/
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3 WP4 - Multi-Modal Human Behaviour Understanding

We developed 5 modules as part of WP4 ("Multi-Modal Human Behaviour Understanding"):

ˆ Biometric recognition

ˆ Monocular depth estimation

ˆ Multi-target body pose estimation

ˆ Gaze target recognition

ˆ Face mask detection

Since we already provided the detailed description of the neural architectures in terms of all the modules mentioned
above in D4.1 [47], in this deliverable, we brie�y list out the corresponding parts in the following sections.

3.1 Biometric Recognition

(Contributor: UNITN)

The task of biometric recognition is to detect faces, identify if they have been already seen, and the classi�cation
of age and gender. We developed a transfer method to utilize in a more ef�cient manner FaceNet [42], a state-of-the-
art deep convolutional network that learns latent embeddings for faces. These embeddings are then used as input for
networks of the downstream tasks (identi�cation, classi�cation of age and gender). The problem with FaceNet is that
it is very large, having 27.9 million parameters, so that it is very time consuming to be executed. We implemented a
transfer method to train a smaller network, having only 6.7 million parameters, but that reaches the same performance
as FaceNet. Please refer to D4.1 [47] (Section 2.4) for more details.

3.2 Monocular Depth Estimation

(Contributor: UNITN)

The monocular depth estimation is based on a state-of-the-art network designed for embedded systems: FastDepth [60].
Such network has been improved by replacing the MobileNet backbone with the latest version of MobileNetV3 Large [21].
Our implementation is capable of dense depth predictions while running on low-powered CPUs in real-time. Some
qualitative results of our monocular depth estimation network is available on D4.2 [48] (Section 3).

3.3 Multi-Target Body Pose Estimation

(Contributor: UNITN)

The pose estimation detects the joints and limbs of people in the �sh eye camera view of ARI. For this purpose we
integrated OpenPose1 which is based on a two-branch multi-stage CNN [7]. Please refer to D4.1 [47] (Section 2.5) for
more details.

1https://github.com/CMU-Perceptual-Computing-Lab/openpose
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3.4 Gaze Target Recognition

(Contributor: UNITN)

Our multimodal pipeline for gaze target detection has three-pathways to process shown in Fig 3.1: the head image,
the scene image, and the depth map. We implicitly learn the orientation features using the head attention network.
The RGB and depth features obtained by the scene and depth networks are multiplied by the head attention map,
which allows the fusion and prediction module to focus on objects in the �eld-of-view of the person of interest. The
multimodal joint learning and gaze prediction are performed by the fusion and prediction component via late-fusion
of the RGB and depth embeddings. The outputs of our architecture are: 2D heatmap, where higher values are closer
to the gaze target, and the probability of the gaze being inside or outside the scene. A set of qualitative results of our
gaze target estimation network is available on D4.2 [48] (Section 2.3).

Figure 3.1: Architecture of the gaze target detection.

3.5 Face Mask Detection

(Contributor: UNITN)

We implemented a deep neural network face detection mechanism. We started from the open source API provided by
AIZOOTech2. For the ROS integration, a ROS wrapper was developed by us for integration. The prototype of the mask
detection model is a Single Shot MultiBox Detector (SSD) [31]. The model architecture is shown in Fig. 3.2. Please
refer to D4.1 [47] (Section 2.3) for more information.

2https://github.com/AIZOOTech/FaceMaskDetection
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Figure 3.2: Mask detection model which is based on the Single Shot MultiBox Detector [31]. The image is from https:
//github.com/AIZOOTech/FaceMaskDetection .
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4 WP5 - Multi-User Spoken Conversations with Robots

Several neural architectures and techniques for multi-user conversation involving a robot and multiple humans are
developed to train the conversational system, including natural language understanding, dialogue management, and
natural language generation modules. To deal with the challenges of a multi-user conversation AI system for Human-
Robot Interaction several neural conversational architectures were developed for SPRING:

ˆ Neural Networks for Multi-Party Conversation Understanding

ˆ Multi-modal Deep Learning for Vision and Language Grounding

The current neural architectures for conversational systems, i.e. the recent trend in massive pre-trained Language
Models which map input word sequences to output word sequences [6, 37, 68], are not in themselves suitable for
deploying real-world applications, especially in a social HRI setting as SPRING, as there are many reported examples
[14] of such systems, being inconsistent, making errors of deletion, and substitution, and being repetitive. Their outputs
are also generally not conditioned on external representations such as knowledge bases or task representations, as
would be required for a deployed HRI system.

These de�ciencies render stand-alone neural conversational / response generation systems inappropriate as so-
lutions to conversational AI for HRI. However, neural models of various types can be used within a larger more se-
mantically controllable conversational AI system as we are developing in the multi-party conversational system of
SPRING.

4.1 Language Models for Multi-Party Conversations

(Contributor: HWU)

Multi-Party Conversations (MPC), where a computational agent needs to interact with two or more humans, cannot
simply be modelled as several bi-lateral systems running in parallel, since there are important interactions between
the humans which the system will need to track accurately.

Most of the existing methods focus on building dialogue systems that assume utterances are sequential but this
is not the case in multi-party conversations. Utterances in a two-party conversation alternate between interlocutors in
a sequential information �ow. However, in a MPC each utterance can be spoken by anyone and address anyone else
in the conversation, which constitutes a graphical information �ow [17], see Figure 4.1.

Figure 4.1: Illustration of a graphical information �ow in an MPC. Pink rectangles denote utterances and blue circles
denote interlocutors. [16, 17].
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Figure 4.2: Input representations and model architectures of the three self-supervised tasks for interlocutor structure
modeling, including (a) reply-to utterance recognition, (b) identical speaker searching and (c) pointer consistency
distinction in MPC-BERT [18].

Models for Multi-Party Conversation Understanding

There are several important research problems to be addressed in MPC understanding: addressee identi�cation;
incrementality; multi-party state tracking; turn-taking; and response generation. Multi-party state tracking needs to
maintain an accurate representation of each individual agent's goals, plans, and information. While intuitively, the
complicated interactions between interlocutors, between utterances, and between interlocutors and utterances might
make these tasks complementary among each other, most of existing studies design models for each individual task
in MPCs separately [17].

The work of Gu et al. [18], proposed �rst a uni�ed pre-trained model. The model is uni�ed as it represents both
utterances and interlocutors together, with several supervised tasks for pre-training a language model focusing on
modeling only interlocutor structures and utterance semantics. It jointly learns �who says what to whom�, Addressee
recognition, speaker identi�cation, and response selection by considering addressee and speaker related tasks as
complementary signals for response selection during the pre-training stage. Their model, named MPC-BERT, choose
BERT [13] as the backbone of their pre-trained language model for MPC. A task-dependent non-linear transformation
layer is placed on top of BERT in order to adapt the output of BERT to different tasks, the architecture can be seen on
Figure 4.2.

[69] proposed DialogLM, a pre-training framework for long dialogue understanding and summarization. Consid-
ering the nature of MPCs, they propose dialogue window denoising approach for generatively pre-training DialogLM.
Through window-based denoising, the model can learn the format and characteristics of dialogues in a general way,
thereby performing better in various dialogue-oriented tasks. Furthermore, to process longer input, they augment
the model with sparse attention which is combined with conventional attention in a hybrid manner. DialogLM, [69],

Figure 4.3: Pre-train task for DialogLM: window-based denoising. And model architecture for DialogLM: introducing a
hybrid attention approach in the Transformer architecture [69].
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chooses a Transformer as their backbone neural architecture, because it shows promising performance and �exi-
bility on various NLP tasks, but leverages hybrid attention method in the Transformer architecture with the recently
proposed sparse Sinkhorn attention [56], as shown in Figure 4.3.

We will use our recently designed multi-party wizard-of-oz data collection with 2 humans and an ARI robot, [50],
for pre-training and �ne-tuning a T5 model [38] on DialogLM [69]. The goal of WP5 and Task 5.3 is to use the collected
data to develop a system that is able to track multiple people in conversation: what each speaker is saying, what their
individual goals/questions are, etc. As well as correctly tracking the goals of each user it should be able to determine
which goals have been met and which still need to be addressed, and determine points in the conversation at which
it is possible or desirable to �barge-in� with information meeting a user's goals.

4.2 Semantic Scene Graphs for Visual Grounded Dialogue

(Contributor: HWU)

Another de�ciency of current neural models is that their representations of word-meaning are not grounded in vi-
sual information. This is crucial for HRI in cases where humans wish to talk about or refer to objects, as well as to
hold coherent conversations with robots in visual/spatial situations where objects and their relations are critical for
task success (e.g. directions to a place or object). In this regard, there has been much recent work on `visual dialogue'
tasks where grounded language understanding and generation in context is paramount [51, 52, 53]. Visual language
grounding refers to the connection between words (symbols) and their referents in the visual space, e.g., objects, their
relationships, and their attributes. For SPRING we explore to what extent we can use more visually grounded semantic
representations of utterances within the multimodal dialogue context developed in the system, our video demonstra-
tion at HRI 20211 [34] was a �rst step in this direction as it uses deep learning for object recognition to create spatial
representations which are used to answer questions from the user.

Semantic scene graphs are data structures that encode the semantic information of a visual scene into a graph,
where nodes represent instances of some sort, and edges represent their relationships. This allows for more com-
pact and interpretable representations that can be leveraged for inference about the scene. Scene graphs give the
opportunity to organise the knowledge about a scene into a queryable structure. Helping to build systems that can
answer certain questions about the environments where they operate.

Scene Graph Generation

The scene graph generation module is implemented as a ROS action server. Given an empty goal, the server processes
the current image from the robot's camera feed and returns the scene graph information by means of a custom mes-
sage that contains �elds for the object bounding boxes ( bbox), labels (bbox_labels) and scores (bbox_scores), and for
the relationship pairs ( rel_pairs), their labels (rel_labels) and scores (rel_scores). By interpreting this information, an
action client can produce dialogue responses that leverage the semantic information available in the scene graph.

1https://www.youtube.com/watch?v=eY_BNxwrlPg

Figure 4.4: RelTR encoder-decoder architecture [11]. A pair of subject and object representations with attention heat
maps is decoded into a triplet <subject-predicate-object> by feed forward networks (FFNs). CSA, DVA and DEA stand
for Coupled Self-Attention, Decoupled Visual Attention and Decoupled Entity Attention. Ep, Et, Es and Eo are the
positional, triplet, subject and object encodings respectively.
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The proposed approach generates scene graphs by an end-to-end scene graph generation model Relation Trans-
former (RelTR) [11]. RelTR (Fig. 4.4) is one-stage end-to-end framework for scene graph generation based on Trans-
former's encoder-decoder architecture. The encoder reasons about the visual feature context while the decoder infers
a �xed-size set of triplets subject-predicate-object using different types of attention mechanisms with coupled subject
and object queries. RelTR can predict the subjects (blue), objects (orange) and their predicates simultaneously with
learned subject and object queries (Fig. 4.5).

In contrast to most existing scene graph generation methods, [29, 30, 54, 65, 66], RelTR is a one-stage method that
predicts sparse scene graphs directly only using visual appearance without combining entities and labeling all possible
predicates. The model was trained on Visual Genome [24], a large dataset of images annotated with objects, their
attributes and relationships to other objects, natural language descriptions, and question/answer pairs. Compared
with other state-of-the-art methods, RelTR achieves state-of-the-art performance using only visual appearance, with
very few model parameters and fast inference.

The model for Vision and Language Grounding leverage semantic scene graphs to guide visually grounded con-
versations (the system architecture is illustrated in Fig. 4.5). Concretely, by having access to a graph representation
of the visual scene, the system is able to reason about the location of objects in order to answer user queries as
well as to produce meaningful descriptions. Moreover, by combining such ability with task-based and open dialogue
conversational system developed in WP5 [49], the system is able to engage in richer conversations with its users.

Figure 4.5: Top: Visual grounded situated dialogue combine with the conversation system architecture [49]. Bottom:
Visual Dialogue examples with RelTR and ARI robot cameras in a mock-up hospital reception waiting room.
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5 WP6 - Learning Robot Behaviour

Several neural architectures and methods for an ef�cient training of neural architectures were developed to learn and
control non-verbal robot behaviors. Such behaviors include:

ˆ Human-aware navigation,

ˆ Navigation with the purpose to optimize certain sensor measurements such as to perceive people and listen to
their utterances

ˆ Co-speech gesture generation

The next section introduces Transfer and Meta Learning methods to train Deep Reinforcement Learning (DRL) neural
architectures. The second section introduces a network to generate gestures for ARI during conversations. The focus
of this deliverable is on WP6 because its �nal results have not yet been discussed in previous deliverables. Therefore,
this chapter introduces the algorithms and architectures in more detail compared to previous chapters.

5.1 Transfer & Meta Deep Reinforcement Learning

We investigated two procedures to aid the training of deep neural architectures in the context of Reinforcement Learn-
ing (RL). RL provides methods to learn sequential decision making tasks which comprise many of our target behaviors
such as: human-aware navigation; joining, keeping and exiting a conversation with a group of people; or the optimal
collection of sensory information (visual and auditory). To handle such complex tasks deep neural networks are uti-
lized as function approximators for the central RL components such as value functions or policies. This Deep RL (DRL)
approach has the problem of requiring large amounts of data that need to be collected in simulation or on the robot
which is time intensive. A second problem, for most of our targeted social robotics tasks, is that the de�nition of the
reward function which is optimized by DRL is often not evident. It needs to be iteratively searched by RL experiments
which further increases the need for data. As a solution, we explored Transfer and Meta Learning methods in the
context of DRL with the goal to reduce the amount of needed data. The next section introduces the background in
DRL and Transfer & Meta Learning, followed by descriptions of the developed methods and their results.

5.1.1 Background: Deep Reinforcement Learning and Transfer & Meta Learning

RL investigates algorithms to solve multi-step decision problems, aiming to maximize the sum over future rewards
[55]. RL problems are modeled asMarkov Decision Processes(MDPs) which are de�ned as a tuple M � (S; A ; p; R; 
 ),
where S and A are the state and action set. An agent transitions from a state st to another state st +1 using action at at
time point t collecting a reward r t : st

a t ;r t���! st +1 . This process is stochastic and the transition probability p(st +1 jst ; at )
describes which state st +1 is reached. The reward function R de�nes the scalar reward r t = R(st +1 ) 2 R for the
transition. The goal in an MDP is to maximize the expected return Gt = E

� P 1
k=0 
 k Rt + k

�
, where Rt = R(St +1 ). The

discount factor 
 2 [0; 1) weights collected rewards by discounting future rewards stronger. RL provides algorithms
to learn a policy � : S ! A de�ning which action to take in which state to maximise Gt .

Value-based RL methods use the concept of value functions to learn the optimal policy. The state-action value
function, called Q-function, is de�ned as the expected future return taking action at in st and then following policy � :

Q� (st ; at ) = E �
�

r t + 
r t +1 + 
 2r t +2 + : : :
	

= E � f r t + 
Q � (St +1 ; A t +1 )g : (5.1)

The Q-function can be recursively de�ned following the Bellman equation such that the current Q-value Q� (st ; at )
depends on the Q-value of the next state Q� (st +1 ; at +1 ). The optimal policy for an MDP can then be expressed based
on the Q-function, by taking at every step the maximum action: � � (s) 2 argmaxa Q� (s; a).
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Figure 5.1: Iterative Transfer RL procedure for social robotics. How to de�ne the reward function R(s) in social robotics
is often not obvious. For example, the learned behavior for reward function R1 collides with objects, whereas for R2

it collides with humans. Several functions ( R1; : : : ; Rn ) need to be evaluated before an appropriate function is found
that results in the wanted behavior. Evaluating each reward function costs time. Transfer Learning is used to extract
and use knowledge K from the training of behaviors for previous reward functions to new reward functions with the
goal to improve the learning speed, i.e. to reach a high reward with fewer learning steps.

The optimal Q-function can be learned using a temporal difference method such as Q-learning [59]. Given a tran-
sition (st ; at ; r t ; st +1 ), the Q-value is updated according to:

Q(st ; at )  Q(st ; at ) + �
�

r t + max
a t +1

Q(st +1 ; at +1 ) � Q(st ; at )
�

; (5.2)

where � 2 (0; 1] is the learning rate.
Deep Reinforcement Learning (DRL) uses deep neural architectures to approximate the central RL components,

such as the Q-function (5.1). See [28] for an in-depth introduction to DRL. DRL has the problem that it often needs a
lot of training examples, i.e. observations of transitions in the environment, to learn a behavior [25]. This problem is
especially aggravated for social robotics, where interactions are costly in terms of time.

Moreover, a further problem in social robotics is the question of how to de�ne the reward function for a targeted
behavior [1]. It is often not foreseeable what behavior will be learned for a certain reward function. For example, in
a navigation task where the robot approaches a human, the reward function might have a component punishing fast
movements. This should ensure that the robot is not learning to behave erratic or to approach humans with a too high
velocity. How strong this component in�uences the whole reward function can lead to vastly different behaviors. If
the punishment is too small, then the robot might approach a human too fast and is perceived as threatening. If the
punishment is too large, then the robot might approach too slow. Often, the reward function needs to be iteratively
adapted while learning an appropriate behavior (Fig. 5.1). With standard DRL the task would have to be learned from
scratch for each new reward function costing a lot of time.

We investigated Transfer & Meta Learning techniques as a solution to these problems. They transfer knowledge
from already learned source tasks to target tasks [27, 57, 72] to improve learning performance on the target task. This
enhancement can improve learning speed, resulting in a higher initial performance, or a higher �nal performance. Our
goal is to reduce the cost of learning for tasks where the reward function is changing due to incremental adaptations
by the user (Fig. 5.1). The next two sections will introduce our methods and present our results.

5.1.2 Successor Feature Representations

(Contributor: INRIA)

We investigated the application of the Successor Representation (SR) and Successor Feature (SF) framework, two
prominent RL Transfer methods, for SPRING's social robotics tasks. Both have restrictions making them not directly
applicable. We developed an extension, the Successor Feature Representation (SFR) framework, to overcome these
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