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ABSTRACT
In this thesis, we contribute a novel pipeline that maps perceptual

information of different modalities (e.g., visual or sound), corre-

sponding to a sequence of commands, to an adequate sequence

of movements to be executed by a robot. Our Perceive-Represent-
Generate (PRG) framework comprises three stages. In the first stage,

we perceive and pre-process the given inputs, isolating individual

commands. The second stage, a core element in our pipeline, uses

a deep generative model that captures the joint distribution of the

perceptual information and the robot movement. Such representa-

tion enables the robot to determine the adequate movement given

the perceptual input from a command. Finally, the third stage com-

bines the movement for the different individual commands into a

dynamic movement primitive, which the robot must execute. We

evaluate our pipeline in the context of robotic handwriting, where

the robot receives as input a word or sentence (in printed form,

handwritten form, or as a sound stream) and determines the com-

plete movement required to write it. We evaluate each stage of our

pipeline separately, and as a whole. We discuss the performance of

different multimodal generative models within our PRG framework

and show that our pipeline can generate coherent and readable

handwritten words, regardless of the modalities provided to the

model.
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1 INTRODUCTION
Recent advancements in artificial perception [18, 21] and actua-

tion [2, 12] have fostered the widespread use of robotic platforms

in a myriad of tasks, from autonomous driving [3, 31] to indus-

trial manufacturing [28] as well as in medical [5, 19, 22] or educa-

tion [6, 15] scenarios. Furthermore, robots are increasingly expected

to perform tasks in collaboration with humans, raising significant

challenges regarding the quality of their interaction and the mis-

match between their perceptual, cognitive, and actuation capabili-

ties [14, 26].

Proc. of the 21st International Conference on Autonomous Agents and Multiagent Systems
(AAMAS 2022), P. Faliszewski, V. Mascardi, C. Pelachaud, M.E. Taylor (eds.), May 9–13,
2022, Auckland, New Zealand. © 2022 International Foundation for Autonomous Agents

and Multiagent Systems (www.ifaamas.org). All rights reserved.

Figure 1: In this work, we study how to translatemultimodal
information into a sequence of movements executed by a
robotic agent. In the illustration, a human can dictate a text
or present it visually. The agent must process and decom-
pose that information to derive the movement to type each
text letter. Adapted from The Expert Typist by Charles Smith
(1922).

In such scenarios, humans are expected to employ different nat-

ural communication channels to provide instructions to the robotic

platform, such as speech and motion. In this work, we address the

problem of how to translate multimodal commands, provided by a hu-
man user through different communication channels, to a sequence
of movements executed by a robotic agent. In particular, we con-

sider a scenario where the human user provides high-dimensional

perceptual data (e.g., sound, images, motion trajectories) related

to the agent’s task, and the agent’s role is to decompose the raw

observations into sequential individual actions to perform. Con-

sider the example of a robotic dictaphone, as depicted in Fig. 1: a

human user dictates the text to be written, and the robot must be

able to decompose the provided words to perform the trajectory

associated with each individual letter. Moreover, at any given mo-

ment, the robot’s performance must be robust to the fact that the

human might not employ all communication channels to provide

task-related information.

In this work, we contribute with a novel three-stage frame-

work Perceive-Represent-Generate (PRG) that maps multimodal com-

mands, provided from raw perceptual data generated by a human

user, to a movement to be executed by the robot. Initially, the agent

perceives the environment, collecting and processing the raw multi-

modal observations into a sequence of individual task components
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Figure 2: The proposed “Perceive-Represent-Generate” (PRG) pipeline for multimodal actuation, instantiated for the robotic
Dictaphone scenario. In the Perception phase, the model collects commands from the human user through multimodal infor-
mationX = {x𝑖 , x𝑠 , x𝑡 } and performs an initial preprocessing to efficiently compress rawobservation data and isolate individual
commands 𝑃𝑛𝑚, 𝑛 ∈ [0, 𝑁 ], using the perception maps P. In the Representation phase, we employ the representation maps R,
provided by themultimodal generativemodel, to encode the individual commands 𝑃𝑛𝑚 in a latent representation z𝑛𝜋 , suitable to
be encoded from partial observations. In the Generation phase the model decodes each latent representation using the target
generation map 𝐺𝑛

𝑡 and merges the individual motion information to generate target trajectory data x𝑡 .

(e.g., letters in a word). Subsequently, the agent represents the indi-
vidual task components, mapping them into multimodal represen-

tations. Crucially, as humans may not employ all communication

channels to provide information to the agent, such multimodal

representation must be robust to missing modality information. Fi-

nally, in the third stage, the agent generates and merges the motion

information provided by the individual representations in order to

execute the estimated action/motion.

We instantiate our PRG pipeline in the scenario of the robotic

Dictaphone, where the agent is provided with textual information

(through a combination of sound, image, or motion trajectory ob-

servations) and generates a single motion trajectory related to the

target word mimicking human handwriting. We conduct a quan-

titative evaluation of the representation stage separately, giving

us insight into how well we encode the multimodal perceptions

and thereby checking the degree of effectiveness that the agent can

cross generate missing modalities. We also evaluate our approach

qualitatively, focusing on how well the agent can generate smooth

handwritten words approximating it to the calligraphy of a human.

The results show that our approach can robustly map multimodal

commands to generate accurate handwritten word samples, regard-

less of the set of communication channels employed by the human

to provide the commands.

In summary, the main contributions of this work are two-fold:

• We propose a novel three-stage pipeline PRG that allows

translating multimodal information provided by a human

user to an adequate movement to be executed by a robot.

Crucially, such mapping is robust to missing modality infor-

mation, as the human may not always provide information

through all available communication channels;

• We instantiate our PRG approach in a novel Robotic Dic-

taphone scenario where textual information is converted

to robotic motion trajectory, mimicking human handwrit-

ing. Our results show that, regardless of the communication

channel employed by the human user (e.g., speech, image),

our pipeline can accurately translate such information to

generate coherent handwritten samples.

2 BACKGROUND
This section describes two topics that we use in this research work,

namely variational autoencoders and dynamic movement primi-

tives.

2.1 Variational Autoencoder
The variational autoencoder (VAE) model is often used to learn

a low-level representation of single-modality perceptual data. In

such a scenario, we consider that the environment provides infor-

mation x, encoded in a low-dimensional latent variable z. Formally,

training a VAE model amounts to estimating the lower-bound of

the evidence 𝑝 (x), LVAE, resorting to a variational approach,

LVAE = E𝑞𝜙 (z |x) [log𝑝𝜃 (x|z)] − KL(𝑞𝜙 (z|x) ∥ 𝑝 (z)), (1)

where 𝑝 (z) is a pre-specified prior, often a unitary Gaussian distri-

bution z ∼ N(0, I), 𝑝𝜃 (x|z) is the likelihood distribution (the “de-

coder”), parameterized by 𝜃 and 𝑞𝜙 (z|x) is the proposal distribution
(the “encoder”), parameterized by 𝜙 .

The variational framework has been extended to consider the

conditional generation of input data x over output data (labels) y.
The Conditional VAE (CVAE) model [24] attempts to model the



conditional likelihood 𝑝 (x | y), following the conditional ELBO:
LCVAE (x, y) =E𝑞𝜙 (z |x,y) [log𝑝𝜃 (x|y, z)]

−KL(𝑞𝜙 (z|x, y, ) ∥ 𝑝 (z))
(2)

VAE models have also been properly extended to scenarios

with multiple modalities. The Associative Variational Autoencoder

(AVAE) model [30] is able to learn a common latent representation

of two modalities x1, x2, following the multimodal ELBO:

LAVAE (x1, x2) =LVAE (x1) + LVAE (x2)
− 𝛼 KL★(𝑞𝜙 (zx1 |x1) ∥ 𝑞𝜙 (zx2 |x2))

(3)

where KL★(𝑝 ∥ 𝑞) is the symmetrical Kullback-Leibler between

two distributions 𝑝 and 𝑞, and 𝛼 is the parameter that weights

the similarity between the modality-specific latent spaces during

training. Another variational autoencoder-based framework have

been recently proposed to allow learning a multimodal representa-

tion, robust to missing modality information, scalable to more than

two modalities. The Multimodal Unsupervised Sensing (MUSE)

model [27] employs hierarchical representation levels (modality-

specific and multimodal), following a loss function:

LMUSE (x1, x2) =LVAE (x1) + LVAE (x2)

+ E𝑞𝜙 (c1:2 |x1:2)
(
𝛽 KL(𝑞𝜙 (z𝜋 | c1, c2) ∥ 𝑝 (z𝜋 ))

− E𝑞𝜙 (z𝜋 |c1) [𝛾1 log 𝑝𝜃 (c1 | z𝜋 )]

− E𝑞𝜙 (z𝜋 |c2) [𝛾2 log 𝑝𝜃 (c2 | z𝜋 )]
)

(4)

where c𝑚 ∼ 𝑞𝜙 (z𝑚 | x𝑚) are low-dimensional, modality-specific

codes, sampled from the low-level distributions 𝑞𝜙 (z𝑚 | x𝑚).

2.2 Dynamic Movement Primitives
Dynamic Movement Primitive (DMP) [9] is a method to learn and

control trajectories. The original DMP formulation that we use was

designed for discrete movements, having start and endpoints. Two

systems define a DMP: the first one, called transformation system,

which can be represented as a second-order dynamical system

𝜏 ¤𝑧 = 𝛼𝑧 (𝛽𝑧 (𝑔 − 𝑦) − 𝑧) + 𝑓 , (5)

𝜏 ¤𝑦 = 𝑧, (6)

where 𝑦, ¤𝑦, and ¤𝑧 are the position, velocity and scaled acceleration,

respectively. 𝜏 is a time constant, and 𝛼𝑧 and 𝛽𝑧 are positive con-

stants. 𝑔 is the desired endpoint (the goal) and the point attractor

of the system.

The second system, called the canonical system, is a first-order

linear dynamical system

𝜏 ¤𝑥 = −𝛼𝑥𝑥, (7)

where 𝛼𝑥 is a constant. For a randomly chosen initial state, 𝑥0 = 1

describes the start of time evolution. As 𝑥 converges to 0, monoton-

ically, the trajectory approaches its final state. Thus, 𝑥 serves as a

phase signal, and 𝑥 = 0 is a stable fixed point of (7). Consequently,

we can write 𝑓 , in (5), as:

𝑓 (𝑥,𝑦, 𝑔) =
∑𝑁
𝑖=1 Ψ𝑖 (𝑥)𝑤𝑖∑𝑁
𝑖=1 Ψ𝑖 (𝑥)

𝑥 (𝑔 − 𝑦0) (8)

where each Ψ𝑖 (𝑥) is a Gaussian basis function:

Ψ𝑖 (𝑥) = exp

(
− 1

2𝜎2
𝑖

(𝑥 − 𝑐𝑖 )2
)
, (9)

with 𝑐𝑖 and 𝜎𝑖 being constants corresponding to the center and

width of the basis function Ψ𝑖 , respectively. 𝑦0 is the trajectory’s
initial state, 𝑦0 = 𝑦 (0).

Such a definition of 𝑓 starts to vanish when the generated tra-

jectory approaches 𝑔, forcing the global equilibrium point (point

attractor) to appear at (𝑧,𝑦, 𝑥) = (0, 𝑔, 0). In addition, we assume

that 𝑔 ≠ 𝑦0, meaning the offset between the end and start point of

the trajectory is never 0. To generate complex trajectories, we can

use learning algorithms, such as locally weighted regression, to reg-

ulate the parameters𝑤𝑖 of (8), forming discrete pattern generators

as 𝑦 tends to 𝑔.

3 METHODOLOGY
In this work, we consider the problem of translating multimodal

information provided by a human user into motion trajectories,

suitable to be executed by a robotic agent. We propose a novel

three-stage pipeline Perceive-Represent-Generate (PRG) to address

such a problem, as shown in Fig. 2. In the first stage (Perception),
the agent collects multimodal information provided by the human

user and, if required, processes the raw observation data. In the

second stage (Representation), the agent encodes the available in-
formation in a multimodal latent representation z𝜋 . Finally, in the

third stage (Generation), the agent decodes the representation to

generate the target modality suitable for the actuation of the robot.

In the following sections, we discuss in detail each of these stages.

3.1 Perception
In the initial stage of our pipeline (Perception), the agent collects
the commands from the human user, i.e., directly from the raw mul-

timodal observations provided by the user. In this work, we assume

that the human provides commands regarding the agent’s task

through 𝑀 different communication channels, X = {x1, . . . , x𝑀 },
where x𝑚 ∈ R𝑚 is the information provided by an input “channel”.

Each modality may correspond to a different type of information

(e.g., image, sound, motion trajectory) acquired by the agent’s sen-

sors.

A provided command x𝑚 can be decomposed into a list of indi-

vidual commands {x1𝑚, x2𝑚, . . . , x𝑁𝑚 }, to be performed sequentially

by the agent (e.g., the sound of a word can be decomposed into in-

dividual letters to be written). As such, the perception module

decomposes the raw observations into individual observations

x𝑛𝑚, 𝑛 ∈ {1, 2, . . . , 𝑁 }. In particular, we employ a set of perception

maps P = {𝑃1, 𝑃2, . . . , 𝑃𝑀 }, where each function 𝑃𝑚 : x𝑚 → x𝑛𝑚
maps the original observation x𝑚 to a set of individual representa-
tions x1𝑚, x2𝑚, . . . , x𝑁𝑚 .

The proposed pipeline is agnostic to the nature and number of the

perception modules P because they can be learned or heuristically

defined. For instance, to process sound information, one can employ

a generative model to encode a low-dimensional representation

of available models (such as wav2vec 2.0 [4]) or employ a pre-

trained speech-to-text model to retrieve semantic information and

decompose the words into individual letters.



3.2 Representation
In the Representation stage, we encode the individual modality-

specific information x𝑛𝑚 in a corresponding multimodal latent rep-

resentation z𝑛𝜋 ∈ Z. In particular, we intend to learn a set of latent

representation maps R = {𝑅1, 𝑅2, . . . , 𝑅𝐿}, where each map 𝑅𝑙 takes

the form 𝑅𝑙 : proj𝑙 →Z, whereZ is the multimodal latent space

and proj𝑙 projects the input space X to a subspace of 𝐾 modalities,

X𝑙 = {x𝑙1 , x𝑙2 , . . . , x𝑙𝐾 }. We note that the number of representation

maps can be larger than the number of modalities, for example by

accounting for the combination of different input modalities.

To learn such mappings in an unsupervised learning framework,

we instantiate and train a multimodal VAE (MVAE) model. The

encoders of the MVAE model correspond to the representation

maps R and the decoders of the MVAE model correspond to the

inverse representation maps G = {𝐺1,𝐺2, . . . ,𝐺𝐿}, that allow for

the generation of modality-specific information and cross-modality

inference. Finally, we note that our pipeline is agnostic to the nature

of the MVAE model instantiated at this stage.

3.3 Generation
In the final stage of the pipeline (Generation), the agent generates
motion trajectory data x𝑡 from the sequence of multimodal repre-

sentations {z0𝜋 , . . . , z𝑁𝜋 }. In particular, we re-purpose the inverse

representation maps G, previously trained, and select the motion

trajectory generation map𝐺𝑡 : Z → x𝑡 to generate each individual
target motion. Each target motion can then be processed, accommo-

dating to eventual task-related restrictions. This is done using an-

other perceptionmap 𝑃 ′𝑡 , where 𝑃
′
𝑡 : x𝑛𝑡 → x𝑛

′
𝑡 and𝑛 ∈ {1, 2, . . . , 𝑁 },

e.g. translating the next trajectory x𝑛+1𝑡 to match the final position

of the previous motion x𝑛𝑡 or scaling the trajectories. After process-

ing all motions, we concatenate and transform them into a single

DMP, ready to be executed by the agent.

An additional post-processing module may be required for the

agent to act upon its environment effectively. For example, in the

case of a robotic handwriting task, generated motion information

might be unsuitable for a given robotic platform and require specific

modification (e.g., transformation to joint-angle information) before

execution. Our approach is agnostic to the nature and number of

post-processing modules.

4 EVALUATION
In this section, we present an instantiation of our proposed frame-

work in the context of the Robotic Dictaphone scenario, where the
goal of the robot is to generate handwritten word samples from in-

formation provided by the human user through speech. We conduct

a quantitative and qualitative evaluation of the generative capability

of our model regarding its capability to map observations to a latent

representation and show that our approach is robust to missing

modality information. Finally, we present qualitative samples from

handwritten words generated from our pipeline, showcasing the

effectiveness of our complete pipeline.

4.1 Scenario
In this work, we consider the following scenario of a Robotic Dic-
taphone. A human provides a word to be transcribed by the robot

(a) Digit: 0 (b) Digit: 2 (c) Digit: 6 (d) Letter: L

(e) Letter: M (f) Letter: S (g) Letter: c (h) Letter: r

Figure 3: Image samples of handwritten digits and letters
randomly retrieved from the extended “UJI Char Pen 2”
dataset employed to train the representation maps R.

through different communication channels X = {x𝑠 , x𝑖 , x𝑡 }. Specif-
ically, x𝑠 is the sound corresponding to the word, x𝑖 is a sequence
of images, where the 𝑖th image is a handwritten representation of

the 𝑖th letter of the same word, and x𝑡 is a sequence of 2D motions,

where the 𝑖th motion is a handwritten representation of the 𝑖th

letter of the corresponding word.

The agent’s goal is to map such multimodal information in an

internal representation, suitable for the downstream generation

of coherent samples of the handwritten words. However, despite

being available, the human user may only employ a subset of such

communication channels to provide the goal words. As such, the

agent must learn to encode a representation that is robust to par-

tial observations. We now instantiate our pipeline for the case of

the Robotic Dictaphone scenario, describing in detail each of the

modules.

4.1.1 Perception. In this first stage, the raw observation data pro-

vided by the human user is processed and decomposed into indi-

vidual “commands”, in this case individual letters in the word. To

do so, we define the perception maps specific to each communi-

cation channel P = {𝑃𝑠 , 𝑃𝑖 , 𝑃𝑡 }. For the sound perception map 𝑃𝑠 ,

we employ wav2vec 2.0, a self-supervised learning framework for

speech recognition [4]. As such, we process the raw audio data into

the label information associated with each letter, allowing for more

efficient downstream representation. For the imaging modality, we

utilize a function map, 𝑃𝑖 , that unpacks a given input sequence.

x𝑖 is a sequence of image tensors and, when given to 𝑃𝑖 , we get

x𝑛
𝑖
, where 𝑛 ∈ {1, 2, . . . , 𝑁 }, 𝑁 is the number of letters of the un-

derlying word, and x𝑛
𝑖
is then the image tensor that corresponds

to the 𝑛-th letter of the underlying word. For 𝑃𝑡 , we also unpack

the sequence of letter trajectories and then normalize it, given a

pre-computed mean and variance from the training dataset (used

to train each multimodal VAE employed in the next stage).

4.1.2 Representation. In this stage, the observations correspond-

ing to the individual “commands” are mapped to the multimodal

latent space z𝜋 . We employ and compare different multimodal vari-

ational autoencoder models to learn such representation due to

their low memory requirements and stable training. In particular,



Table 1: Standard log-likelihood metrics for the Representation models R in the “UJI Char Pen 2” dataset, estimated resorting
to 1000 importance weighted samples.

(a) 𝑅CVAE (x𝑠 , x𝑡 )

log𝑝 (x𝑡 |x𝑠 )
−192.75

(b) 𝑅AVAE (x𝑠 , x𝑡 )

log 𝑝 (x𝑡 ) log𝑝 (x𝑠 ) log 𝑝 (x𝑡 |x𝑠 ) log𝑝 (x𝑠 |x𝑡 )
−197.55 −4.17 −189.28 1.94

(c) 𝑅AVAE (x𝑖 , x𝑡 )

log 𝑝 (x𝑡 ) log𝑝 (x𝑖 ) log𝑝 (x𝑡 |x𝑖 ) log𝑝 (x𝑖 |x𝑡 )
−197.69 −743.57 −186.28 −730.44

(d) 𝑅MUSE (x𝑠 , x𝑖 , x𝑡 )

log𝑝 (x𝑡 ) log𝑝 (x𝑠 ) log𝑝 (x𝑖 ) log 𝑝 (x𝑡 |x𝑠 ) log𝑝 (x𝑠 |x𝑡 ) log𝑝 (x𝑡 |x𝑖 ) log𝑝 (x𝑖 |x𝑡 )
−198.04 −4.53 −742.49 −198.10 1.96 −193.63 −735.02

we instantiate four different representation models, each able to

account for a different number of modalities:

• 𝑅CVAE (x𝑠 , x𝑡 ), the CVAE model [24] able to generate trajec-

tory information x𝑡 conditioned on sound information x𝑠 .
The model is trained resorting to the loss function of Eq. (2).

• 𝑅AVAE (x𝑠 , x𝑡 ), the AVAE model that learns a joint represen-

tation of trajectory information x𝑡 and sound information x𝑠 .
The model is trained resorting to the loss function of Eq. (3).

• 𝑅AVAE (x𝑖 , x𝑡 ), the AVAE model that learns a joint represen-

tation of trajectory information x𝑡 and image information x𝑖 .
The model is trained resorting to the loss function of Eq. (3).

• 𝑅MUSE (x𝑠 , x𝑡 , x𝑖 ), the MUSE model, able to learn a joint rep-

resentation from sound x𝑠 , trajectory x𝑡 and image informa-

tion x𝑖 . The model is trained resorting to the loss function

of Eq. (4).

All the representation models are previously trained on data

provided from the “UJI Char Pen 2” dataset, from which only one-

stroke-formed digits and letters are processed [16]. To address the

small number of samples presented in that dataset, we learn a prob-

abilistic model of each character and re-sample with perturbations

constrained in a kinematics feature space, following the procedure

described in [30]. This way, we generate around 60, 000 samples

of 28 × 28 grayscale images and 200-dimensional representations

of the associated trajectories, corresponding to 62 different classes

(uppercase and lowercase English letters and all digits). In addi-

tion, we normalize all trajectories to the unit interval. We present

samples from the extended dataset in Fig. 3.

4.1.3 Generation. In this final stage, the collected representations

are decoded into individual motion trajectories. In the robotic Dic-

taphone scenario, we apply several processing steps before trans-

forming each trajectory into a DMP, through the final perceptual

map 𝑃 ′𝑡 :

(1) We define the height of each letter trajectory so that it

has the expected proportion in the final word. Heuristi-

cally, we define that every uppercase and lowercase letters

have 2 “boxes” of height, except for the lowercase letters

{a, c, e, i,m, n, o, r, s, u, v,w, x, z} that only have one box of

height .

(2) We also translate vertically each letter trajectory. Heuristi-

cally, every letter must start at the origin, 𝑦 = 0, except for

the letters {f, g, j, p, q, y} which start at 𝑦 = −𝑏, where 𝑏 is

the height of the box computed in (1).

(3) We define a fixed horizontal distance that will be used to

separate any two consecutive trajectories.

(4) In the final processing step, we use a custom algorithm to

exploit the space between each letter trajectory to derive

a partial motion to connect the two letters. We chose this

approach over using an algorithm that merges movements

following a straight line. Our algorithm, instead, computes

such intermediate trajectory iteratively, considering several

aspects in each increment, resulting in a more natural and

smooth handwriting motion, see Algorithm 1 for more de-

tails.

After all processing steps, the model generates 𝑛 letter trajecto-

ries plus 𝑛 − 1 connection trajectories. These steps are necessary

to generate handwritten samples coherent with human ones. The

final step in the pipeline is to concatenate all the letter and con-

nection trajectories and convert them into a single DMP: the 𝑖-th

connection trajectory appears between the 𝑖-th and (𝑖 + 1)-th letter

trajectories. In the end, we have one DMP, suitable for the robot’s

actuation to write the target word.

4.2 Results
In this section, we present the results of the evaluation of our

pipeline, regarding the performance of the representation mod-

ule (Section 4.2.1) and the handwritten samples generated by the

complete pipeline (Section 4.2.2). We present quantitative and qual-

itative results to attest to the following: (i) our pipeline allows the

effective representation of multimodal information, being robust

to missing information; (ii) our pipeline allows the generation of

coherent and high-quality samples of handwritten words.

4.2.1 Representation. We evaluate quantitatively the generative

performance of the representation models employed in our pipeline.

We present standard log-likelihood metrics regarding the marginal

and conditional log-likelihoods, that are estimated resorting to 1000

importance-weighted samples. We present the results in Table 1. In

addition, we present two metrics that consider the cross-modality

generation performance of the representation, as proposed in [23]:

accuracy andmodality-distance. The former evaluates if the samples

generated by cross-modality inference are semantically coherent

with the available modality data that was provided to the model,



Table 2: Accuracy (%) metrics for the Representation models R in the “UJI Char Pen 2” dataset.

(a) 𝑅CVAE (x𝑠 , x𝑡 )

Target input

x𝑠

x𝑡 81.52

(b) 𝑅AVAE (x𝑠 , x𝑡 )

Target input

x𝑡 x𝑠

x𝑡 - 55.82

x𝑠 62.96 -

(c) 𝑅AVAE (x𝑖 , x𝑡 )

Target input

x𝑡 x𝑖

x𝑡 - 67.19

x𝑖 64.03 -

(d) 𝑅MUSE (x𝑠 , x𝑖 , x𝑡 )

Target input

x𝑡 x𝑠 x𝑖 x𝑡 , x𝑠 x𝑡 , x𝑖 x𝑠 , x𝑖

x𝑡 - 69.18 33.39 - - 69.00

x𝑠 52.09 - 34.94 60.81 - -

x𝑖 42.06 58.12 - - 65.92 -

Table 3: Modality-distance metrics for the Representation models R in the “UJI Char Pen 2” dataset.

(a) 𝑅CVAE (x𝑠 , x𝑡 )

Target input

x𝑠

x𝑡 1.4395

(b) 𝑅AVAE (x𝑠 , x𝑡 )

Target input

x𝑠

x𝑡 4.7258

(c) 𝑅AVAE (x𝑖 , x𝑡 )

Target input

x𝑡 x𝑖

x𝑡 - 0.9678

x𝑖 0.0059 -

(d) 𝑅MUSE (x𝑠 , x𝑖 , x𝑡 )

Target input

x𝑡 x𝑠 x𝑖 x𝑡 , x𝑠 x𝑠 , x𝑖

x𝑡 - 4.6734 6.2185 - 2.8230

x𝑖 0.0458 0.1475 - 0.0797 -

e.g. generated images from label “c” should be classified as image

samples of that letter. The latter evaluates if the samples generated

by cross-modality inference are similar to the original samples in

the dataset, e.g. generated images from label “c” should account for

the different ways an image of that letter can be handwritten. We

show the results of such evaluation in Table 2 and Table 3.

The results reveal that there is a clear balance in performance

between intrinsic performance of the representation models and

scalability to higher number of modalities. Even though 𝑅CVAE
has a slightly worse conditional log-likelihood log𝑝 (x𝑡 |x𝑠 ) than
𝑅AVAE (x𝑠 , x𝑡 ), see Table 1, the accuracy and modality-distance re-

sults (Tables 2 and 3, respectively) are far better than both models,

𝑅AVAE (x𝑠 , x𝑡 ) and 𝑅MUSE. However, it is unable to learn a joint-

representation from multiple modalities, nor scale to higher num-

ber of modalities. In contrast, 𝑅AVAE (x𝑠 , x𝑡 ), 𝑅AVAE (x𝑖 , x𝑡 ) and
𝑅MUSE models are able to learn a quality joint-modality latent rep-

resentation and map multimodal observations into a common la-

tent space. Both 𝑅AVAE models have better likelihood metrics than

𝑅MUSE, except for log 𝑝 (x𝑠 |x𝑡 ), for𝑅AVAE (x𝑠 , x𝑡 ), and log𝑝 (x𝑖 |x𝑡 ),
for 𝑅AVAE (x𝑖 , x𝑡 ), still, the results for this metric are very similar.

𝑅AVAE (x𝑠 , x𝑡 ) and𝑅AVAE (x𝑖 , x𝑡 ) outperform𝑅MUSE in all modality-

distance evaluations and in the accuracy metrics when giving only

one modality as input, except when classifying x𝑡 giving as input
x𝑠 (which could be to the fact that we are giving the same weight

for the associative KL and individual VAEs, 𝛼 = 1 in Eq. (3), for

the 𝑅AVAE (x𝑡 , x𝑠 ) model). Still, 𝑅AVAE models are unable to learn

a multimodal latent space for more than two modalities without

combinatorially exploding the number of parameters. 𝑅MUSE, on

the other hand, is able to compositionally account for the informa-

tion provided by multiple modalities to encode a more robust latent

representation, as shown in Table 2 from the increased, or main-

taining similar, accuracy performance when the model is provided

with more than one modality.

Furthermore, we can also evaluate the potential of the represen-

tations in encoding a representation robust to missing modality

information by observing the trajectory samples generated from

sound and image information. We show examples of such samples

in Table. 4. We can see that the generated letter trajectories are

quite different, depending on the representationmodel used.We can

also see that the generated trajectories given the model 𝑅MUSE (x𝑠 ,
x𝑖 , x𝑡 ) appear more wavy and unnatural that the other models. This

could also be related with the interpretation we proposed above.

4.2.2 Generation. Finally, we qualitatively evaluate the efficacy of

our full PRG framework in generating handwritten word samples

x𝑡 , from image x𝑖 or sound x𝑠 information. We provide samples of

the handwritten words generated by the different representation

models in Table 5. Once again we see that our PRG framework

is able to generate high-quality and coherent handwritten word

samples regardless of the representation model employed and of

the modality available to the framework. In particular, we observe

that the 𝑅CVAE and 𝑅AVAE representation models allow for the

generation of more high-quality word samples, yet are unable to

scale to more than two modalities. On the other hand, 𝑅MUSE still

allows for the generation of coherent word samples (despite a loss

in quality in comparison with the other models), able to learn a

multimodal representation robust to missing modality information,

scalable to settings with larger number of modalities.

5 RELATEDWORK
In this section, we present relevant literature regarding robotic con-

trol and two fundamental components of our approach: multimodal

representation learning and dynamic motion control.

5.1 Human-Robot Interaction
In robotic control, there are several studies focused not only on

how to control an agent through the use of commands, but also

on how to simplify that communication. For instance, turning the

set of commands more flexible and abstract to be able to interpret

some level of uncertain information [20] turning instructions more

high-level and, at the same time, giving more freedom to the agent.

There are several examples of works, in different sectors, that

use a set of instructions (commands) to control a robotic agent: in

robotic navigation through the use of directional voice instructions



Algorithm 1: Algorithm to create an intermediate (con-

nection) trajectory between two consecutive trajectories.

Input: x𝑖
𝑇
, x𝑖+1

𝑇
- Motion trajectories;

𝛿 - small trajectory increment;

𝛼max - Maximum angular difference allowed

between vectors;

𝜃𝑜 - Penalization cost over new connection points

based on the index of the point in x𝑖+1𝑡 ;

𝜃𝑎 - Penalization cost over the angle between the last

connection trajectory vector and the new candidate

vector to be included in the connection trajectory;

𝜃 𝑓 - Penalization cost over the distance between new

candidate point and the initial point of x𝑖+1
𝑇

;

𝜃𝑝 - Penalization cost over the distance between new

candidate point and the point in x𝑖+1
𝑇

to connect

(target).

Result: Trajectory, x𝑖
𝐼
, connecting x𝑖

𝑇
to x𝑖+1

𝑇

𝑥 ← ⟨1, 0⟩;
𝑁𝑖 ← 𝑙𝑒𝑛𝑔𝑡ℎ(x𝑖

𝑇
);

𝑁𝑖+1 ← 𝑙𝑒𝑛𝑔𝑡ℎ(x𝑖+1
𝑇
);

®𝑥𝐼 ← [];
𝑐 ← x𝑖

𝑇
[𝑁 − 1] − x𝑖

𝑇
[𝑁 − 2];

𝑐𝑜𝑠𝑡𝑠 ← [0, . . . , 0], 𝑐𝑜𝑠𝑡𝑠 ∈ R𝑁𝑖+1 ;
𝑎𝑛𝑔𝑙𝑒𝑠 ← [0, . . . , 0], 𝑎𝑛𝑔𝑙𝑒𝑠 ∈ R𝑁𝑖+1 ;
𝑐𝑎𝑛𝑑 ← [0, . . . , 0], 𝑐𝑎𝑛𝑑 ∈ R𝑁𝑖+1 ;
do

for 𝑗 ← 0 to 𝑁𝑖+1 − 1 do
𝛼 ← min

(
𝛼max, ∠(x𝑖+1𝑇

[ 𝑗], 𝑥) − ∠(𝑐, 𝑥))
)
;

𝑎𝑛𝑔𝑙𝑒𝑠 [ 𝑗] ← 𝛼 ;

𝑐𝑎𝑛𝑑 [ 𝑗] ← 𝑐 + 𝛿 · ⟨cos (𝛼) ,
√
1 − 𝑐𝑜𝑠2 (𝛼)⟩;

end
for 𝑗 ← 0 to 𝑁𝑖+1 − 1 do

𝑐𝑜𝑠𝑡𝑠 [ 𝑗] ← 𝜃𝑜

(
𝑗

𝑁𝑖+1

)
+𝜃𝑎

(
𝑎𝑛𝑔𝑙𝑒𝑠 [ 𝑗 ]−min(𝑎𝑛𝑔𝑙𝑒𝑠)

max(𝑎𝑛𝑔𝑙𝑒𝑠)−min(𝑎𝑛𝑔𝑙𝑒𝑠)

)
;

𝑐𝑜𝑠𝑡𝑠 [ 𝑗] ← 𝑐𝑜𝑠𝑡𝑠 [ 𝑗] +

𝜃 𝑓

(
∥x𝑖+1
𝑇
[0]−𝑐𝑎𝑛𝑑 [ 𝑗 ] ∥−min𝑘 ( ∥x𝑖+1𝑇 [0]−𝑐𝑎𝑛𝑑 [𝑘 ] ∥)

max𝑘 ( ∥x𝑖+1𝑇 [0]−𝑐𝑎𝑛𝑑 [𝑘 ] ∥)−min𝑘 ( ∥x𝑖+1𝑇 [0]−𝑐𝑎𝑛𝑑 [𝑘 ] ∥)

)
;

𝑐𝑜𝑠𝑡𝑠 [ 𝑗] ← 𝑐𝑜𝑠𝑡𝑠 [ 𝑗] +

𝜃𝑡

(
∥x𝑖+1
𝑇
[ 𝑗 ]−𝑐𝑎𝑛𝑑 [ 𝑗 ] ∥−min𝑘 ( ∥x𝑖+1𝑇 [𝑘 ]−𝑐𝑎𝑛𝑑 [𝑘 ] ∥)

max𝑘 ( ∥x𝑖+1𝑇 [𝑘 ]−𝑐𝑎𝑛𝑑 [𝑘 ] ∥)−min𝑘 ( ∥x𝑖+1𝑇 [𝑘 ]−𝑐𝑎𝑛𝑑 [𝑘 ] ∥)

)
;

end
𝑗 ← argmin (𝑐𝑜𝑠𝑡𝑠);
𝑐 ← 𝑐𝑎𝑛𝑑 [ 𝑗];
x𝐼 ← [x𝐼 , 𝑐];

while ∥x𝑖+1
𝑇
[ 𝑗] − 𝑐 ∥ > 𝛿 ;

[1] and another, with the same objective, but using electrocardiog-

raphy signals as commands [17]; using voice commands to control

a prosthetic robot arm [7]; controlling industrial machines through

command voices [8]. Another work in robotic navigation tries to

include and process uncertain information in the voice commands

[20], making it easier to learn and interact which gives to the user

a better and natural experience. One drawback in these types of

systems is that they tend to only focus on one perceptual modality,

that is typically the sound.

5.2 Multimodal Representation Learning
Variational autoencoder-based (VAE) models are widely employed

for the generative modelling of single-modality data in an unsuper-

vised learning setting [10]. Several extensions of the original model

by Kingma et al. have been proposed that consider the generative

modeling of multimodal data. One class of approaches considers the

approximation of single-modality latent distributions, enforcing the

similarity between themwith a statistical distance loss term [25, 30].

In a two-modality scenario, the Associative VAE (AVAE) model

employs the symmetrical KL-divergence to learn a multimodal rep-

resentation from two modality-specific latent distributions, suitable

for cross-modality generation [30]. However, such approximation

representation models struggle to scale to scenarios with more

than two modalities as they require the instantiation of encoder

networks for every possible combination of input modalities [11].

To allow learning a representation with higher number of modal-

ities, another class of approaches considers learning a multimodal

representation, by merging modality-specific information. The Mul-

timodal VAE (MVAE) model employs a product-of-experts (PoE)

solution to merge modality-specific information [29]. While scaling

to large number of modalities, the model struggles to perform cross-

modality generation from low-dimensional input information [23].

The address such robustness issue, the Mixture-of-Experts MVAE

(MMVAE) model instead employs a mixture-of-experts (MoE) solu-

tion to merge information from multiple modalities [23]. However,

the training of this solution incurs on a large computation cost,

as it requires an importance weighted sampling training scheme.

Recently, the Multimodal Unsupervised Sensing (MUSE) model was

presented in the context of state representation for reinforcement

learning agents in multimodal scenarios, allowing learning a multi-

modal representations scalable to a higher number of modalities

and robust to missing modality information, by employing a PoE

solution with a modified training scheme.

5.3 Dynamic Motion Control
There is an extend work in dynamic motion control that concerns

about generating precise trajectories and control their dynamic

parameters. DMPs, Gaussian Mixture Models and splines are ex-

amples of such methods. DMPs are used to encode a particular

trajectory using stable attractor system (damped spring model),

which make them robust to perturbations. Another related prob-

lem occurs when we want to create complex trajectory that can

be decomposed into several smaller trajectories. In this case it is

necessary to take into account the conversion of each individual

trajectory but also how to handle the transition/joining from one

trajectory to the next one, this problem is called DMP joining. A

previous work [13] used a new DMP formulation where the goal

function was replaced by a piecewise-linear function and the canon-

ical system is a sigmoidal decay function and an updated nonlinear

force-term, taking into account the new canonical system. This



Table 4: Representation stage: generation of trajectory samples from all generative models. For 𝑅CVAE (x𝑠 , x𝑡 ) and 𝑅AVAE (x𝑠 , x𝑡 ),
the label information of a letter is given as input. For 𝑅AVAE (x𝑖 , x𝑡 ) the image of a letter is given as input. For 𝑅MUSE (x𝑠 , x𝑖 , x𝑡 )
we generate samples using the two options: giving the label information and, also, the image of a letter.

(a) 𝑅CVAE (x𝑠 , x𝑡 )

Input "P" "d" "e"

Trajectory

(b) 𝑅AVAE (x𝑠 , x𝑡 )

Input "P" "d" "e"

Trajectory

(c) 𝑅MUSE (x𝑠 , x𝑖 , x𝑡 )

Input "P" "d" "e"

Trajectory

(d) 𝑅AVAE (x𝑖 , x𝑡 )

Input

Trajectory

(e) 𝑅MUSE (x𝑠 , x𝑖 , x𝑡 )

Input

Trajectory

Table 5: Trajectory samples retrieved from running our
full pipeline when given as input the sound of the re-
spective word, x𝑠 , or the images of the letters, x𝑖 . For the
Representation stage we tested all implemented genera-
tive models: 𝑅CVAE (x𝑠 , x𝑡 ), 𝑅AVAE (x𝑠 , x𝑡 ), 𝑅AVAE (x𝑖 , x𝑡 ), and
𝑅MUSE (x𝑠 , x𝑖 , x𝑡 ).

Model input word

bell cat jump

𝑅CVAE (x𝑠 , x𝑡 ) x𝑠

𝑅AVAE (x𝑠 , x𝑡 ) x𝑠

𝑅AVAE (x𝑖 , x𝑡 ) x𝑖

𝑅MUSE (x𝑠 , x𝑖 , x𝑡 ) x𝑠

𝑅MUSE (x𝑠 , x𝑖 , x𝑡 ) x𝑖

work also uses a single set of overlapping kernels for the whole

joint trajectory leading to smooth transitions between each individ-

ual trajectory. Finally, human handwriting trajectories were used

to test the new approach.

6 CONCLUSION
In this work, we addressed the problem of translating multimodal

commands, provided by different communication channels of the

human user, to a sequence of movements executed by a robotic

agent. We contributed with a novel three-stage pipeline that allows

the processing, mapping, and generation of trajectory information,

regardless of the communication channels employed by the hu-

man user to provide information to the agent. At the core of our

pipeline, we leverage multimodal generative models to learn a low-

dimensional representation of the high-dimensional data provided

by the human user, robust to partial observations. We instantiate

our pipeline in the context of a Robotic Dictaphone: the generation

of robotic handwriting from textual information provided through

the speech of the human user. Our results show that our approach

allows the generation of accurate handwritten samples, regardless

of number and nature of the communication channels employed

by the human user.

Our pipeline is agnostic both to the nature of the task and of

the communication channels employed by the human user. In fu-

ture work, we will extend our approach to scenarios with a higher

number of modalities, addressing the scalability of our pipeline.

Moreover, we will consider other tasks in human-robot collabora-

tion scenarios, evaluating the role ofmultimodal commandmapping

for the effective execution of such tasks.
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