














value type to the blackboard and then subscribing func-
tions to changes on that key. They can also create cus-
tom PDAs by typing the contents of their stack symbol
and then adding states and transition relations to their
PDA class. Functions that are called upon changes to
the blackboard or PDA can thereafter access the agent
and the world to drive interaction.

5. Agent Implementations

In this section we detail 3 specific agents that use the
VoxWorld platform, accompanying agent architectures,
and underlying semantics. These agents all have dif-
ferent capabilities and use cases, and demonstrate how
VoxWorld can use the same framework to create di-
verse agents. We enumerate key lessons learned in the
development of each agent type that shaped the devel-
opment of VoxWorld as a platform.

5.1. Diana

Diana (Krishnaswamy et al., 2017 [Narayana et al.,
2018; [McNeely-White et al., 2019; |[Krishnaswamy et
al., 2020a; |Krishnaswamy et al., 2020b)) is an inter-
active multimodal agent intended to develop and test
peer-to-peer human-computer communication. With
multiple modalities even a simple use case like Blocks
World presents a challenge of extracting and integrat-
ing meaning from each modality. These are the chal-
lenges that VoxSim, and later VoxWorld, was explic-
itly designed to address. Advancing the state of the art
in peer-to-peer human-computer communication nec-
essarily entailed a deep study of how humans conduct
the same task. Therefore, the set of gestures that Di-
ana interprets were derived from EGGNOG, a dataset
of human-human interactions in a shared Blocks World
construction task (Wang et al., 2017).

Figure 8: Diana reaches for a block to demonstrate an
interpretation of the person’s deixis.

Diana provided the first use case of an agent that could
not be isolated to the Unity environment; an agent de-
signed to interpret gesture and speech must have ac-
cess to those inputs. The gestures of Diana’s human in-
terlocutor are recognized via custom deep CNNs over
depth video. Speech recognition is currently handled
using Google Cloud ASR. Outputs from these end-
points are posted to the blackboard for processing, fa-
cilitating integration of diverse multimodal inputs such
as new gesture or speech engines.

One key lesson learned during the development of Di-
ana was that it is not simply enough to give an agent

access to multimodal sensor data; it must know how to
react to those inputs even with incomplete information.
For example, if the human indicates an object but not
what to do with it, if Diana receives that information,
she must react in a way that demonstrates that receipt.
If she does not react, the system has no explicit way
of moving the interaction forward. Fig. [§| shows this,
where the human points to a the purple block, and Di-
ana demonstrates her understanding by reaching for the
purple block in turnE]

Diana has been used for studying referring expres-
sions (Krishnaswamy and Pustejovsky, 2019a; [Krish-
naswamy and Pustejovsky, 2020), human-computer in-
teraction (Pustejovsky and Krishnaswamy, 2021b; [Kr-
ishnaswamy and Pustejovsky, 2021)), and object affor-
dances (Pustejovsky and Krishnaswamy, 2021a)).

5.1.1. Diana Evaluation

Diana was evaluated in the summer of 2021 with the
aim of assessing whether naive users could interact
with her to build specific block structures without prior
instruction. We assessed our evaluation based on task
completion rate and user satisfaction according to the
System Usability Scale (SUS), a common HCI metric
(Brooke, 1996; Bangor et al., 2008)).

Thirty subjects, evenly divided between men and
women, aged 18-57 ( = 27; = 11:8) participated
in the evaluation. Users were asked to collaborate with
Diana to build a variety of block structures with a 10-
minute time limit.

Diana achieved a high task completion rate of 90%.
Out of 240 total trials, only 24 could not be completed
within the time limit. According to the SUS, 68 is con-
sidered “average” and 80 or above is considered “excel-
lent.” Diana achieved a mean SUS of 74.3 ( = 8:2),
with scores ranging from 67.5-90. Only four scores
with a 67.5 missed the “average” mark of 68 and eight
SUS scores (27% of the total) received scores above 80.
Qualitative feedback from participants was also posi-
tive and highlighted the multimodal aspect of the inter-
action, e.g., “the combination of speech and gesture at
the same time was useful and unique.”

5.1.2. Diana in a Web Browser

The fully-featured Diana system relies on some spe-
cialized hardware, such as Kinect cameras, but the un-
derlying interactive mechanisms can be used indepen-
dently of these. We subsequently took the Diana sys-
tem and deployed a version that can run natively in a
web browser, using the mouse for deixis and the Web-
Speech API (Adorf, 2013) for speech recognition. By
simply switching out the endpoints, we keep the core
interaction between Diana and the human intact. The
same control processing shown in Fig. ] and the same
underlying VoxML semantics drive the dialogue.

The web-deployable version of Diana uses Unity’s We-
bGL build functionality. As such, the VoxWorld plat-

2A video of Diana can be viewed herel


https://www.embodiedhci.net

Figure 9: [L] Main: Kirby’s view of virtually-rendered environment; left inset: omniscient view; bottom left:
Gazebo simulator; top right: human instructing Kirby. [R] Main: Omniscient view of Kirby’s virtual environment
with Kirby avatar centered; left inset (top): Kirby’s rendered perspective; left inset (bottom): Kirby’s camera view.

form needed to be made maximally compatible with
the restrictions of WebGL. This involved 3 key modifi-
cations:

1. Web builds restrict access to external files and di-
rectory trees. The solution is to compile all re-
quired VoxML encoding files and directories di-
rectly into the final binary as Unity resources.

2. No just-in-time (JIT) code is allowed by WebGL,
so the functional PDA architecture, which en-
codes stack symbol states in the transition rela-
tion as satisfiable predicates, cannot be accommo-
dated, and so must be deactivated for web builds.
The blackboard architecture, which is compiled
ahead-of-time (AoT), can still be used, so all be-
haviors need to be written using the blackboard.

3. Certain 3rd-party dependencies which VoxWorld
initially incorporated are not compatible with We-
bGL (e.g., Google ASR), therefore, removing 3rd-
party dependencies from the core VoxWorld plat-
form and leaving their inclusion to the discretion
of individual agent developers is key (see Sec.

5.2. Kirby

An embodied agent in a purely virtual world can di-
rectly access parameters of the world, such as exact
locations of objects. Therefore the real challenge for
embodied agent behaviors comes when they must be
enacted in the real world where inference is noisier.
[Krajovic et al. (2020) presented a prototype of a mo-
bile robotic agent built on the VoxWorld platform. This
agent, Kirby, uses the same gesture and speech recog-
nition components as Diana, but exists not only in a
virtual world, but as a real mobile robot (specifically a
modified GoPiGo3 outfitted with a LIDAR) using the
common Robot Operating System (ROS).

Kirby functions as an agent that can navigate through
locations where the human is not physically present
or cannot go. As Kirby navigates its environment, it
builds up a coherent model of obstacles in the environ-
ment using the LIDAR data, and of items in the en-
vironment using object or fiducial detection from its
onboard camera. The human can point and gesture to
guide Kirby (e.g., beckoning for Kirby to move toward
the human), along with speech (e.g., “go there”, “go to
the green one”, etc.), and can use gestures to change

camera views (through swiping) or rotate the camera
in three dimensions (through iterative directional ges-
tures). Fig. [0 depicts Kirby’s interface. We use a Re-
dis store connected via VoxSim’s socket connections to
exchange messages with the ROS client running on the
robot, and the blackboard manages speech and gesture
inputs while the PDA manages dialogue state.

One key lesson learned in building Kirby was the ease
with which Diana’s blackboard architecture can be
used to manage inputs, as demonstrated by the reuse
of Diana’s gesture set in the Kirby use case. This
prompted the integration of the blackboard architec-
ture, initially created for Diana, into VoxWorld directly.
An evaluation of Kirby was planned but had to be can-
celed due to the COVID-19 global pandemic and an
inability to hold trials with in-person subjects.

5.3. BabyBAW

Diana and Kirby are deterministic agents. Their behav-
iors, while customizable, are programmed for known
use cases. A known set of inputs will lead to a known
set of outputs or actions. However, 3D environments
and embodied simulation are also very useful for explo-
ration and learning through interaction with the world.
This is a common area of research in reinforcement
learning (Aluru et al., 2015 Kolve et al., 2017;[Savva et|
[al., 2017} [Juliani et al., 2019) and developmental psy-
chology (Battaglia et al., 2013} |Ullman et al., 2017).

BabyBAW is an agent that learns through interaction
with the environment. It can be initialized with dif-
ferent levels of underlying knowledge (e.g., knowledge
of gravity, different object properties, or different ac-
tions), and given tasks to test what it can accomplish.
It uses neural networks, symbolic reasoning, and em-
bodied simulation for their respective strengths (“Best
of All Worlds”) to approximate certain aspects of infant
and child learning (Hartshorne and Pustejovsky, 2021).
Learning from exploration and interaction is an obvious
problem for reinforcement learning (RL). To develop a
VoxWorld agent for RL, we focused on integrating two
common, well-developed RL platforms: Unity ML-
Agents (Juliani et al., 2018) and OpenAI Gym (Brock-|
iman et al., 2016). The goal here was to make building
environments and tasks for BabyBAW and testing mul-
tiple environmental and architectural configurations as
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simple and rapid as possible. BabyBAW agent behav-
iors interface directly with the Unity ML-Agents API
and the VoxWorld event management, relational rea-
soning, and interactive architecture components.

Our current experiments in BabyBAW are based on ex-
plorations of infant intuition about objects and support
relations from developmental psychology. At slightly
more than 6 months old, most infants appear able to
intuit than an object will not fall if supported from the
bottom on over 50% of its lower surface (Baillargeon
let al., 1992} Dan et al., 2000; Huettel and Needham,|
[2000; [Spelke and Kinzler, 2007). Therefore, an RL
algorithm should be able to solve for a policy that re-
sembles this intuition in a stacking task.

Due to the popularity of OpenAl Gym and increas-
ing adoption of Unity ML-Agents, successful Vox-
World integration with these tools allows the use in turn
of other packages that are compatible with them. In
the current work, we use the Stable-Baselines3 pack-
age (Raffin et al., 2019), a set of reliable implemen-
tations of RL algorithms written in PyTorch. For a
continuous action space, we use a DDPG or TD3 al-
gorithm (Lillicrap et al., 20165 [Fujimoto et al., 2018))
and explore training an agent to stack objects in a 3D
world (Fig. [I0). We evaluate BabyBAW in this task in
Sec.337]

Figure 10: Unsuccessful stacking (left and middle) and
successful stacking (right) during training.

Learning to stack is, of course, not a novel task in the
RL community (cf. [Lerer et al. (2016), |Li et al. (2017),
ILi et al. (2020), |[Hundt et al. (2020), just to name a
few), and our intention is not to propose new RL algo-
rithms but rather to present a novel platform that can
exploit what is already available to rapidly model and
test cognitive theories, as discussed next.

5.3.1. BabyBAW Evaluation

We evaluated BabyBAW in VoxWorld to test its ability
to learn a stacking task, given the ability to extract mea-
surements of certain concepts from the environment.
We evaluate two agents: one trained with the mech-
anism to measure height and center of gravity, and a
baseline without those capabilities.

Our initial evaluation uses a 2D action that corresponds
to a location in 3D space calculated relative to the sur-
face of the destination block. The optimal solution
places the theme object exactly centered atop the des-
tination block and the agent must solve for an action
that corresponds to that event in VoxWorld. To increase
the problem complexity, we can make the action space
(when rescaled in the 3D environment) arbitrarily large

so that the optimal solution lies in a very small section
of the rescaled action space, and can perturb the ac-
tion space through VoxWorld so that the optimal solu-
tion may not lie in the exact center of the action space.
Each action (attempt to stack) is one timestep and a
max of 10 timesteps are allowed per episode. The agent
receives a negative reward for missing the destination
block entirely, a small positive reward for touching the
destination block with the theme block even if it falls
off, and a large positive reward for stacking success-
fully, with a 10% decay on each additional attempt.
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—— Perturbed policy

600

400
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[ 250 500 750 1000 1250 1500 1750 2000
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Figure 11: Episode mean reward vs. training time.

Fig. [IT]shows the training reward plots for three Baby-
BAW stacking policies. The observation space is de-
fined by the height of the stack and center of gravity of
the stack relative to that of the bottom object. The blue
plot (the accurate policy is well-optimized), while the
red plot (the imprecise policy) is less so. In the green
plot, where the reward starts climbing around timestep
350, the action space was perturbed so the optimal pol-
icy is far from the center of the action space, to test the
algorithm’s ability to generalize. Max reward is 1000,
and policies were trained for 2000 timesteps.
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Figure 12: Reward vs. evaluation episodes for Baby-
BAW and baseline. Episodes terminate upon success-
ful stacking, so more episodes elapse in the 100 testing
timesteps using the trained model than the baseline.

When BabyBAW is given the mechanism to extract
veridical knowledge of height and center of gravity
from the environment, it can rapidly solve a stacking
task in real time (~15 mins.), without even speeding
up rendering. Fig.[12|shows the reward and cumulative
mean reward per episode for a trained model (solid red
and green lines) vs. the baseline trained without the
height and center of gravity information (dashed blue
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and orange lines). A mean reward close to 1000 means
BabyBAW frequently stacked the blocks on the first try.
Ongoing BabyBAW work involves learning about ob-
ject properties from differences in their behavior (e.g.,
what happens when BabyBAW tries to stack a sphere
on top of a cube?), and correlating those differences in
behavior to novel object classes and linguistic labels.

6. Timeline of Selected Publications

This section provides a brief list of selected prior
VoxWorld-related publications.

* LREC 2016: (Pustejovsky and Krishnaswamy,
2016). First publication of the VoxML modeling
language.

* COLING 2016: (Krishnaswamy and Pustejovsky,
2016). First demonstration of the VoxSim soft-
ware.

* IWCS 2017: (Krishnaswamy et al., 2017). First
publication of the Diana agent.

e IntelliSys 2018: (Narayana et al., 2018)). Diana
agent with integrated gesture and speech.

e IEEE HCC 2019: (McNeely-White et al., 2019)).
“Modern” Diana agent with blackboard architec-
ture.

* AAAI 2020: (Krishnaswamy et al., 2020b). Pub-
lic demo of the Diana agent.

* RoboDial 2020: (Krajovic et al., 2020)). First pub-
lication of the Kirby agent.

e CogSci 2022: (Krishnaswamy and Ghaffari,
2022). BabyBAW agent used for novel concept
detection.

7. Conclusion

Interaction takes many forms. VoxWorld is intended
to accommodate as many as possible with an extensi-
ble, event-centric language semantics and straightfor-
ward pipeline. In this paper we detailed how VoxWorld
evolved from the theoretical VoxML framework into
a distinct platform targeted to developers of embod-
ied reasoning agents, and discussed key lessons learned
through the development of different agent types. One
final takeaway is the importance of keeping VoxWorld
independent of 3rd-party packages, thus allowing de-
velopers to use their preferred methods for things like
animation, speech recognition or text-to-speech. We
have refactored the VoxWorld API to allow develop-
ers to incorporate their own endpoints as universally
as possible, with a combination of C# interface classes
and event handlers, allowing us to make stable builds
of VoxWorld available as a single Unity package.

The bleeding edge version of the source code is at
https://github.com/VoxML/VoxSim, and we
have created a sample project with a simple interaction

to let interested researchers get started quickly at
https://github.com/VoxML/VoxWorld-QS,
Online documentation is under construction at
https://www.voxicon.net/api/.
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