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ABSTRACT

A growing body of research suggests that embodied gameplay, prevalent not just
in human cultures but across a variety of animal species including turtles and
ravens, is critical in developing the neural flexibility for creative problem solv-
ing, decision making, and socialization. Comparatively little is known regarding
the impact of embodied gameplay upon artificial agents. While recent work has
produced agents proficient in abstract games, these environments are far removed
from the real world and thus these agents can provide little insight into the advan-
tages of embodied play. Hiding games, such as hide-and-seek, played universally,
provide a rich ground for studying the impact of embodied gameplay on represen-
tation learning in the context of perspective taking, secret keeping, and false belief
understanding. Here we are the first to show that embodied adversarial reinforce-
ment learning agents playing Cache, a variant of hide-and-seek, in a high fidelity,
interactive, environment, learn generalizable representations of their observations
encoding information such as object permanence, free space, and containment.
Moving closer to biologically motivated learning strategies, our agents’ represen-
tations, enhanced by intentionality and memory, are developed through interaction
and play. These results serve as a model for studying how facets of vision de-
velop through interaction, provide an experimental framework for assessing what
is learned by artificial agents, and demonstrates the value of moving from large,
static, datasets towards experiential, interactive, representation learning.

1 INTRODUCTION

We are interested in studying what facets of their environment artificial agents learn to represent
through interaction and gameplay. We study this question within the context of hide-and-seek, for
which proficiency requires an ability to navigate around in an environment and manipulate objects
as well as an understanding of visual relationships, object affordances, and perspective. Inspired
by behavior observed in juvenile ravens (Burghardt, [2005)), we focus on a variant of hide-and-seek
called cache in which agents hide objects instead of themselves. Advances in deep reinforcement
learning have shown that, in abstract games (e.g. Go and Chess) and visually simplistic environments
(e.g. Atari and grid-worlds) with limited interaction, artificial agents exhibit surprising emergent
behaviours that enable proficient gameplay (Mnih et al., 20155 Silver et al., [2017); indeed, recent
work (Chen et al., [2019; [Baker et al., |2020) has shown this in the context of hiding games. Our
interest, however, is in understanding how agents learn to represent their visual environment, through
gameplay that requires varied interaction, in a high-fidelity environment grounded in the real world.
This requires a fundamental shift away from existing popular environments and a rethinking of how
the capabilities of artificial agents are evaluated.

Our agents must first be embodied within an environment allowing for diverse interaction and pro-
viding rich visual output. For this we leverage AI2-THOR (Kolve et al.,[2017), a near photo-realistic,
interactive, simulated, 3D environment of indoor living spaces, see Fig. [Ta| Our agents are param-
eterized using deep neural networks, and trained adversarially using the paradigms of reinforce-
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Figure 1: A game of cache within AI2-THOR. L;I Multiple views of a single agent who, over time, explores
and interacts with objects. The five consecutive stages of cache. InE|the agent must choose where to hide
the object at a high level, using its map of the environment to make this choice, while in[d]the agent must choose
where to hide the object from a first person viewpoint. InElthe object being manipulated is a tomato.

ment (Mnih et all, [2016) and self-supervised learning. After our agents are trained to play cache,
we then probe how they have learned to represent their environment. To this end we distinguish
two distinct categories of representations generated by our agents. The first, static image represen-
tations (SIRs), correspond to the output of a CNN applied to the agent’s egocentric visual input.
The second, dynamic image representations (DIRs), correspond to the output of the agents’ RNN.
While SIRs are timeless, operating only on single images, DIRs have the capacity to incorporate the
agent’s previous actions and observations.

Representation learning within the computer vision community is largely focused on developing
SIRs whose quality is measured by their utility in downstream tasks (e.g. classification, depth-
prediction, etc) (Zamir et al.} 2018). Our first set of experiments show that our agents develop low-
level visual understanding of individual images measured by their capacity to perform a collection
of standard tasks from the computer vision literature, these tasks include pixel-to-pixel depth
and surface normal (Fouhey et all, 2013) prediction, from a single image. While
SIRs are clearly an important facet of representation learning, they are also definitionally unable
to represent an environment as a whole: without the ability to integrate observations through time,
a representation can only ever capture a single snapshot of space and time. To represent an envi-
ronment holistically, we require DIRs. Unlike for SIRs, we are unaware of any well-established
benchmarks for DIRs. In order to investigate what has been learned by our agent’s DIRs we develop
a suite of experiments loosely inspired by experiments performed on infants and young children.
These experiments then demonstrate our agents’ ability to integrate observations through time and

understand spatial relationships between objects (Casasola et al., 2003), occlusion
2009), object permanence 1954), and seriation (Piaget, 1954) of free space.

It is important to stress that this work focuses on studying how play and interaction contribute to
representation learning in artificial agents and not on developing a new, state-of-the-art, method-
ology for representation learning. Nevertheless, to better situate our results in context of existing
work, we provide strong baselines in our experiments, e.g. in our low-level vision experiments we
compare against a fully supervised model trained on ImageNet 2009). Our results pro-
vide compelling evidence that: (a) on a suite of low level computer vision tasks within AI2-THOR,
static representations learned by playing cache perform very competitively (and often outperform)
strong unsupervised and fully supervised methods, (b) these static representations, trained using
only synthetic images, obtain non-trivial transfer to downstream tasks using real-world images, (c)
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unlike representations learned from datasets of single images, agents trained via embodied game-
play learn to integrate visual information through time, demonstrating an elementary understanding
of free space, objects and their relationships, and (d) embodied gameplay provides a natural means
by which to generate rich experiences for representation learning beyond random sampling and rel-
atively simpler tasks like visual navigation.

In summary, we highlight the contributions: (1) Cache — we introduce cache within the Al2-THOR
environment, an adversarial game which permits the study of representation learning in the context
of interactive, visual, gameplay. (2) Cache agent — training agents to play Cache is non-trivial. We
produce a strong Cache agent which integrates several methodological noveltiesyseerspec-

tive simulation and visual dynamics replay in Sg¢. 4) and even outperforms humans at hiding on
training scenes (see S¢¢. 5). (3) Static and dynamic representation study — we provide comprehen-
sive evaluations of how our Cache agent has learned to represent its environment providing insight
into the advantages and current limitations of interactive-gameplay-based representation learning.

2 RELATED WORK

Deep reinforcement learning for gamesAs games provide an interactive environment that enable
agents to receive observations, take actions, and receive rewards, they are a popular testbed for RL
algorithms. Reinforcement learning has been studied in the context of numerous single, and multi,
agent games such as Atari Breakout (Mnih et al., 2015), VizDoom (Lample & Chaplot, 2017), Go
(Silver et al.| 201]7), StarCraft (Vinyals etjal., 2019), Dota (Berner gt al.,|2019) and Hide-and-Seek
(Baker et al., 2020). The goal of these works is pro ciency: to create an agent which can achieve
(super-) human performance with respect to the game's success criteria. In contrast, our goal is to
understand how an agent has learned to represent its environment through gameplay and to show
that such an agent's representations can be employed for downstream tasks beyond gameplay.

Passive representation learningThere is a large body of recent works that address the problem of
representation learning from static images or videos. Image colorization (Zhang et al., 2016), ego-
motion estimation| (Agrawal et a/., 2015), predicting image rotation (Gidaris|et al.| 2018), context
prediction [(Doersch et al., 2015), future frame predictjon (Vondrick et al.,|2016) and more recent
contrastive learning based approaches (Helet al.,|2020; Chen et al., 2020b) are among the successful
examples of passive representation learning. We refer to thgrasassvesince the representations

are learned from a xed set of images or videos. Our approach in contraséractivein that the

images observed during learning are decided by the actions of the agent.

Interactive representation learning. Learning representations in dynamic and interactive environ-
ments has been addressed in the literature as well. In the following we mention a few examples.
Burda et al.[(2019) explore curiosity-driven representation learning from a suite of games.| Anand
et al| (2019) address representation learning of the latent factors used for generating the interac-
tive environment. Zhan et al. (2018) learn to improve exploration in video games by predicting the
memory statg. Ghosh etlel. (2019) learn a functional representation for decision making as opposed
to a representation for the observation space only. Whitney ét al.|(2020) simultaneously learn em-
beddings of state and action sequences. Jonschkowski & Brock|(2015) learn a representation by
measuring inconsistencies with a set of pre-de ned priors. Pinto|€t al. (2016) learn visual repre-
sentations by pushing and grasping objects using a robotics arm. The representations learned using
these approaches are typically tested on tasks akin to tasks they were trained with (e.g., a differ-
ent level of the same game). In contrast, we investigate whether cognitive primitives such as depth
estimation and object permanence maybe be learned via gameplay in a visual dynamic environment.

3 PLAYING CACHE IN SIMULATION

We situate our agents within Al2-THOR, a simulated 3D environment of indoor living spaces within
which multiple agents can navigate around and interact with objeaislfy picking up, placing,
opening, closing, cutting, switching on, etc.). In past works, Al2-THOR has been leveraged to
teach agents tmteract with their world(Zhu et al.| 201[7; Hu et &l., 20[18; Huang et [al., 2019;|Gan

et al| | 2020p; Wortsman etial., 2019; Gordon et al., 20b#ract with each othe(Jain et al., 2019;

2020) as well atearn from these interaction®Nagarajan & Graumah, 2020; Lohmann et al., 2020).
AI2-THOR contains a total of 150 unique scenes equally distributed into ve scene types: kitchens,
living rooms, bedrooms, bathrooms, and foyers. We train our cache agents on a subset of the kitchen
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Figure 2:Overview of the neural network architecture for the Cache agent.The trainable components are
shown in yellow, the inputs and outputs in pink, and the intermediate outputs in blue. Refer to text for details.

and living room scenes as these scenes are relatively large and often include many opportunities for
interaction; but we use all scenes types across our suite of experiments. Details regarding scene
splits across train, validation, and test for the different experiments can be found in Sec. A.1.

In a game of cache, two agentsh@er and aseekey compete, with the hiding agent attempting

to place a given object in the environment so that the seeking agent cannot nd it. This game is
zero-sum with the hiding agent winning if and only if the seeking agent cannot nd the object.
We partition the game of cache into ve conceptually-distinct stages: exploration and mapping
(E&M), perspective simulation (PS), object hiding (OH), object manipulation (OM), and seeking
(S); see Figures 1b to 1f. A game of cache begins with the hiding agent exploring its environment
and building an internal map corresponding to the locations it has visited (E&M). The agent then
chooses globally, among the many locations it has visited, a location where it believes it can hide
the object so that the seeker will not be able to nd it (PS). After moving to this location the agent
makes a local decision about where the object should be placed, e.g. behind a TV or inside a drawer
(OH). The agent then performs the low-level manipulation task of moving the object in its hand to
the desired location (OM), if this manipulation fails then the agent tries another local hiding location
(OH). Finally the seeking agent searches for the hidden object (S). Pragmatically, these stages are
distinguished by the actions available to the agent (see Table G.1 for a description of all 219 actions)
and their reward structures (see Sec. C.5). For more details regarding these stages, see Sec. B.

4 LEARNING TO PLAY CACHE

In the following we provide an overview of our agents' neural network architecture as well as our
training and inference pipelines. For space, comprehensive details are deferred Sec. D.

Our agents are parameterized using deep convolutional and recurrent neural networks. In what fol-
lows, we willuse 2 as a catch-all parameter representing the learnable parameters of our model.
Our model architecture (see Fig 2) has ve primary components: (1) a CNN that encodes input ego-
centric images from AlI2-THOR into SIRs, (2) a RNN model that transforms input observations into
DIRs, (3) multi-layer perceptrons (MLPs) applied to the DIR at a given timestep, to produce the
actor and critic heads, (4) a perspective simulation module which evaluates potential object hiding
places by simulating the seeker, and (5) a U-Net (Ronneberger et al., 2015) style decoder CNN used
during visual dynamics replay (VDR), detailed below.

Static representation architecture Given images of siz8 224 224, we generate SIRs using a
13-layer U-Net style encoder CNMNN . CNN downsamples input images by a factor of 32 and
produces an our SIR of shap28 7 7.

Dynamic representation architecture Unlike an SIR, DIRs combine current observations, histor-
ical information, and goal speci cations. Our model has three recurrent components: a metric map,
a 1-layer convolutional-GRWGRU (Cho et al., 2014; Kalchbrenner et al., 2016), and a 1-layer
LSTM LsT™M (Hochreiter & Schmidhuber, 1997). At tinte 0, the environment provides the
agent with observationg; including the agent's current egocentric imagend goalg; (e.g. hide

the cup). CNN inputsi; to produce the SIR; = CNN (i;). Next the CGRU processes existing
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information to produce the (grid) DIR; = CGRU (s¢; ot; hy 1) of shape257 7 7. 8, is then pro-

cessed by the LSTMsTM to produce the ( at) DIRgh{; hf) = LsT™ (B;;0; he 1) whereh?; h¢
are the so-calledutputandcell states of the LSTM with lengte12 Finally the agents' metric map
representatiom; ; fromtimet 1is updated by inserting #28-dim tensor fromcNN into the
position in the map corresponding to the agent's current position and rotation, to progudde

historical informatiorh; for the next step now includg8;; h?; h¢; my).

Actor-critic heads. Our agents use an actor-critic style architecture, producing a policy and a value
at each time. As described in Sec. 3, there are ve distinct stages in a game of cache (E&M, PS,
OH, OM, S). Each stage has unique constraints on the space of available actions and different reward
structures, and thus require distinct polices and value functions — obtained by distinct 2-layer MLPs
taking as input the DIRY described above.

Perspective Simulation Evidence suggests that in humans, perspective taking, the ability to take
on the viewpoint of another develops well after infancy (Trafton et al., 2006). While standard RNNs
can perform sophisticated tasks, there is little evidence to suggest they can perform the multi-step if-
then reasoning necessary in perspective taking. Inspired by AlphaGo's (Silver et al., 2017) intuition
guided Monte-Carlo tree search and imagination-augmented RL agents (@&acztral., 2017) we
require, in the perspective simulation stage, that our hiding agent evaluate prospective hiding places
by explicitly taking on the seeker's perspective using internal mental rollouts (see Fig. 3c).

To this end, the metric map is processed by a CNN to produce an internal map represétation
which is used to coarsely evaluate potential hiding locations, see Fig. 3b. For a subset of these
locations™, M ! is processed (along with to produce a new representatibh . Intuitively, M

can be thought of as representing that agent's beliefs about what the environment would look like
after having hidden the object at positionA “mental” seeker agent de ned using an LSTM (not
shown in the model gure for simplicity) then moves abddt and obtains observations as slices

of M , see Fig. 3c. The quality of a potential hiding location is then quanti ed by the number of
steps taken by the “mental” seeking agent to nd the hidden object. After scoring hiding locations
in this way, the agent randomly samples a position to move to (beginning the OH-stage) with larger
probability given to higher scoring positions.

Training and losses. Our agents are trained using the asynchronous advantage actor-critic (A3C)
algorithm (Mnih et al., 2016) with generalized advantage estimation (GAE) (Schulman et al., 2015)
and several (self) supervised losses. As we found it critical to producing high quality SIRs, we
highlight our visual dynamics methodology below. See Sec.C for details on all losses.

Visual dynamics replay. During early experiments, we found that producing high quality SIRs
using only existing reinforcement learning techniques to be infeasible as the produced gradients
suffer from high variance and so signal struggles to propagate through the many convolutional layers.
To correct this de ciency we introduce a technique we call a visual dynamics replay (VDR) inspired
by experience replay (Mnih et al., 2015) and intrinsic motivation (Pathak et al., 2017). In VDR,
agent state transitions produced during training are saved to a separate process where an encoder-
decoder architecture (usim@NN as the encoder) is trained to predict a number of targets including
forward dynamics, predicting an image from the antecedent image and action, and inverse dynamics,
predicting which action produced the transition from one image to another. Given (riplati,),
whereig; i, are the images before and after an agent took aatiae employ several self-supervised
tasks including pixel-to-image predication. See Sec. C.2 for more details.

5 EXPERIMENTS

Our experiments are designed to address three questions: (1) “has our cache agent learned to pro-
ciently hide and seek objects?”, (2) “how do the SIRs learned by playing cache compare to those
learned using standard supervised approaches and when training using other interactive tasks?”, and
(3) “has the cache agent learned to integrate observations over time to produce general DIR repre-
sentations?”. For training detaiks.g.learning rates, discounting parameters, etc., see Sec. C.

Playing cache. Figures 3a to 3f qualitatively illustrate that our agents have learned to explore,
navigate, provide intuitive evaluations of hiding spaces, and manipulate objects. Figures 4a and 4b,
show quantitatively that hiders from later in training consistently chose hiding places that our seekers
are less likely to nd. Also, for hiding spots generated by human experts and by an automated brute
force approach, seekers from later in training more frequently nd the hidden objects. Interestingly,
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Figure 3: Cache agent. Actions and decisions made during a game of cacheHider's trajectory during
exploration. Insets show rst person views before and afteogenaction.b Heatmap displaying the agent's

initial beliefs of high quality hiding locations. Insets show how this heatmap varies when the seeking agent's
start position is changed: Initial beliefs in b are re ned by the agent performing explicit mental rollouts of

the seeking agent. Three trajectories, stopped after 30 steps, are highlighted. Faint white lines are paths from
other simulated trajectories. Insets show rollouts when varying the hiding location and agent starting location.
d After choices made in b/c, a hiding location for the object must be chosen in pixel space. Top row shows
the estimated probability that the object can be placed in a location. The bottom row shows the probability,
averaged over the episode, of our agent trying to hide the object in a locatidme object's trajectory through

space is shown as the agent places it between two trashfcanp.down view of the seeker.

the seeker is able to locate objects hidden by humans and the brute force approach with a similar
level of accuracy. Surprisingly, as shown in Table 4c, human seekers nd objects hidden by humans
and by our hiding agent at similarly high rates: on training scenes human seekers nd our agent's
objects 77% of the time and their fellow humans hidden objects 80% of the time, on test scenes
humans are more successful at nding our agent's objects (90% success rate). Finally note that
the (effectively randomho agent hides objects generally very near its starting location and such
positions are very frequently found by all agents. Somewhat surprisingl\g; tbeagent appears

very slightly worse at nding such positions than the seedeagent. This can be explained by the

S1e6 @gent having learned to not expect such an audacious hiding strategy.

Static tasks. We evaluate SIRs on a suite of standard computer vision targets such as monocular
depth estimation by freezing the SIRs and training decoder models. These evaluations are performed
on synthetic (Al2-THOR) data as well as natural images, which can be considered as out of domain.
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