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Abstract

Humans display an unrivalled degree of control over their environments. From a young
age, humans represent the world in ways that allow them to not just make inferences about
how the world works, but also to act and intervene on the world in order to accomplish their
goals. Even children can pick up a new skill like “catapulting” from a single demonstration
or just a few trials of experience, while it might take a machine agent several hundreds,
thousands, or even millions of attempts to master such a skill. For those focused on better
understanding these human capabilities, or for those wishing to build more flexible and effi-
cient machines, the computational question is the same: how do people learn and generalize
to new problems from just a handful of experiences?

This thesis presents physical problem solving as a window on the flexibility and effi-
ciency of human and machine action. Across two tasks introduced and studied in this thesis,
the Gluing Task and the Virtual Tools game, structured action spaces and mental simulation
are crucial to explaining human behavior. These action spaces are both object-oriented and
relational, and their representations can be learned with techniques such as deep reinforce-
ment learning or program induction to enable better generalization to new problems. By
combining structured action spaces with mental simulation, humans and machines can be
efficient in the number of actions they require to solve problems and compositionally inte-
grate information gained by trial-and-error experience with information gained by passive
observation. Embodied real world experience can additionally affect how much humans
rely on mental simulation in physical problem solving. Individuals born with limb dif-
ferences, like having only one hand, spend significantly more time thinking and less time
acting when faced with a physical puzzle, perhaps reflecting a higher cost of action learned
from their everyday experience. Taken together, these results suggest that the flexibility of
human physical problem solving stems from the mental simulations people employ when
faced with new problems, while the efficiency of human search rests upon appropriately
structured action spaces that can be rapidly transformed through minimal trial-and-error
experience.

Thesis Supervisor: Joshua B. Tenenbaum
Title: Professor, Department of Brain and Cognitive Sciences
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An example of two rounds of the motor pre-test. Participants clicked first

the star, then a circle in the periphery, as quickly as possible. . . . . . . ..
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7-1

7-2

7-3

7-4

7-5

t-SNE visualization of the deep embedding from a prototypical network
(right) trained for alphabet recognition on Omniglot (left). Each point is a
character colored by its alphabet label. The data distribution of each class
is clearly not uni-modal, in violation of the modeling assumption for exist-
ing prototypical methods, causing errors. Our infinite mixture prototypes
represent each class by a set of clusters, and infer their number, to better fit

such distributions. . . . . . . . ...

Our infinite mixture prototypes (IMP) method combines deep representa-
tion learning with nonparametric clustering to represent each class by a
set of clusters in a learned feature embedding. The number of clusters is
inferred from the data to adjust modeling capacity. IMP is optimized end-

to-end to cluster labeled and unlabeled data into multi-modal prototypes.

Domains for affordance learning in simple robotics settings. Top: a 3D
environment, Figure courtesy of [238], where a robotic gripper must push a
tower of blocks so that it moves into a particular region of space. Bottom: a
2D environment, Figure courtesy of [137], where a robotic gripper can push
or pick up blocks in order to satisfy different kinds of specified relational

goals. . .. e

An example of how IMP could be applied to the moving tower problem
shown in Figure 7-3. The tower is represented as a graph, as discussed in
Chapter 3, with the gripper representing a separate action node. IMP is
applied to learn the edge representation from the gripper, eg,, and cluster it

into different kinds of action modes. . . . . . . . . . . .. ... ... ..

Betty the Crow (top-left) demonstrated the ability to use a sequence of
hooks to retrieve a piece of food [233], and Koehler’s apes stacked crates
to reach a hanging bunch of bananas (bottom-left) [124]. Humans easily
perform such sequential manipulation planning tasks naturally and flexibly

(bottom-right). Figure credit: [218]. . . . . . . . . .. ... .. ... ...
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7-6

7-7

7-8

7-9

A-1

5 subjects were studied on 4 tasks analogous to problems 1, 3, and 6 (where
for problem 1 we tested also a high-friction puck replacing the ball). The
right column displays frequencies of action primitives used along the high-

level plan for our method (solid) and the humans (striped). . . . . .. . ..

(a) a child performing the spoon task in study [146]—by choosing to grasp
the spoon from above using their preferred hand, they finish the trajectory
with an awkward grip (source: [119].) (b) task and motion planning robot
using coarse geometric primitives executing a similar grip in our version of

the spoon task. Figure credit: [138]. . . . . . ... ... ... ... ....

Top Left: Proportion of hints featuring information about where a tool
should be placed. Top right: Proportion of hints featuring information
about tool properties (such as height, size, etc.). Bottom: Improvements

across training when given the hint (orange) vs. without a hint (blue).

Top: Demonstration of a catapulting strategy. Bottom: First placements for
test catapulting levels that use different tools, sizes of balls, and potentially

look visually distinct from the observed level. . . . . . ... .. ... ...

Mean Area Between Cumulative Solutions (ABCS) values across all trials
for different parameter values, keeping all other parameters at the default
values. The default values are denoted by the dashed lines. Grey areas
indicate 95% bootstrapped confidence intervals. Legend: o: learning rate
for policy gradient, €: the probability of sampling an exploratory action
from the prior, nj,jsi,: number of initial samples from the prior used to
initialize the policy, nj.,s: number of internal iterations before action must
be taken, ngjy,s: the number of simulations run for each imagined action, G,:
the noise (in radians) for collision elasticity, Gy: the noise (in radians) for
collision direction, G,: the standard deviation of the prior in the x direction,
o,: the standard deviation of the prior in the y direction, T": -1x the reward

threshold foracting . . . . . . . . . .. . ... ...

A-2 Randomly generated levels for deep learning baselines . . . . .. ... ..
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A-3

A4

A-5

A-7

A-8

(A) Training curves for DQN training on individual level templates, or all tem-
plates combined (All, red curve). Reward is averaged over each epoch of 1,000
training instances. Models trained on individual scene templates are able to con-
sistently choose successful or promising actions; however, the model trained to
generalize across templates under performs, not even consistently achieving a re-
ward that is better than having no impact on the scene. Note that this is because
the model has over-specified to some levels and not others. In some levels it has
positive impact, and in other levels it has negative impact. (B) Accuracy of DQN
on the validation template levels. Models are grouped by training regime: within
template, all templates simultaneously, or averaged across all models trained on

alternate templates. . . . . . . . . L L. L Lo Lo

Comparison of average number of human participants’ attempts for each level
with average number of attempts for the full model (leff) and six alternate models.
Bars indicate 95% confidence intervals on estimates of the means. The number of
placements was capped at 10 for all models. If a model took more than 10 attempts
on a particular level, it is considered unsolved. Model results are combined over

2501UnS. . .. oL e e e e e e e e e e e e e e e e e e e e

Comparisons of human vs. all model performance for the validation experiment.
(A) Human vs. model placements per trial. (B) Human vs. model trial accuracy.

Bars indicate 95% confidence intervals on estimates of the means. . . . . . . . .

Cumulative solution rates for all alternate models on the main experiment

levels. . . . . e e
Cumulative solution rates for all alternate models on the validation levels.

Improvement in log-likelihoods per observation over chance placements for the
first placement of a trial (fop) and final solution placement (bottom), for the 20
regular levels (left) and 10 validations levels (right). Bars represent 95% boot-
strapped Cls. The dashed line represents the maximum noise ceiling calculated
as likelihood of placements given all other participants’ placements, with the grey

area representing the 95% Cl on that metric. . . . . . . . . . . . ... ... ..
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A-9 Comparisons of model predictions across “Catapult” and “Bridge” for the first
action. In “Catapult”, the full model has the best likelihood, as it is able to nar-
row down the set of actions into those that are most promising - like people. In
“Bridge”, the “Prior+Physics” and “Parameter Tuning” ablations perform best in
terms of likelihood as they have higher coverage for human participants that took
actions above the bridge. . . . . . . . . . ... L L o

A-10 Comparison of human participants’ average number of strategy switches on each
trial versus the average number of strategy switches of the full model. . . . . . . .

A-11 Distribution of predicted model actions (background) versus human actions (points)
on the first attempts of the level (fop) and the attempt used to solve the level (bot-
tom) across all levels from Experiment 1. . . . . . . . . . . ... ... ...,

A-12 Distribution of predicted model actions (background) versus human actions (points)
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Chapter 1

Introduction

Humans display an unrivalled degree of mastery over their environments. Over the course
of a few hundred thousand years, humans have re-shaped the earth so dramatically that the
arrival of humans is considered a separate geological era in the development of our planet:
the anthropocene [245]. The anthropocene is marked particularly by the overwhelming
number of artifacts humans have created to change the landscape around them. This has
culminated in the tools and machines we use to build massive cities, fly in planes, or com-
municate instantly across the world.

Every human culture we know of creates and re-purposes objects to shape the environ-
ment in useful ways. And while most of the tools we use have been created and passed
down from other people, the spark of innovation to re-purpose objects to serve as tools
exists in all of us: we could easily see how to use a rock as a hammer or put an old book
under a table leg to stabilize it even if those are not typical uses. These capabilities come so
easily to us that we often forget how complex these behaviors are. Despite the universality
in people, only a handful of other animals — just a few great apes and birds — use objects in
this way, and we tend to think of these as some of the most intelligent behaviors that other
species display [197].

On the other hand, machine intelligence is not nearly so adaptive or flexible. Over
the last few decades, there have been remarkable advances in the development of general-
purpose algorithms to build machines that can solve many different tasks at a level that

matches, or even out-performs, humans. This has led to important advances not just in
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game-playing [156], but also generating human-level linguistic utterances [178], formulat-
ing new cosmological equations [38], directing stratospheric balloons to make the internet
more accessible [18], and even discovering the structure of proteins to accelerate scientific
discovery [193]. But while the algorithms are general, the systems they give rise to are
rigid in their behaviors. None of these systems could be applied to problems very differ-
ent from what they were trained on or designed for, while the humans that created these
algorithms are tackling all of these challenges (and many more) within a single human life-
time. Thus, creating intelligence that is as adaptive and general as human beings remains a
grand challenge. We have a unique opportunity now for computational cognitive scientists
and machine intelligence researchers to embark on a shared quest to uncover the processes
that give rise to the generality of human cognition, and use these insights to develop more

adaptive, general-purpose machine intelligence.

1.1 Overview of thesis

In this thesis, I propose that physical problem-solving in humans and machines is fertile
ground for making progress on the dual questions of understanding human adaptivity and
creating more efficient, flexible machine intelligence. I propose that the key to human
flexibility is a rich internal physical model, while the key to human efficiency and generality
lies in the structure of the action spaces we bring to bear on new problems.

In Chapter 2 ("Background"), I review how humans represent the physical world in a
way that supports not only prediction of how objects will move, but also causal reasoning,
multi-modal fusion, and information seeking behavior. Despite this wealth of knowledge
about how people represent physical knowledge, it remains unclear how this is recruited for
action. There are at least two possible computational accounts stemming from the problem-
solving and reinforcement learning communities which I review and point out limitations
to. Lying between physics and action is tool use, which has been widely studied across
neuroscience, animal cognition, anthropology and cognitive science. I present some of the
ideas from the tool cognition community with a focus on the complementary accounts of

affordances and mechanical reasoning.
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As a natural starting point to imagining how to build more flexible, general intelligence,
Chapter 3 (“Deep Relational Policies”) considers how to improve the flexibility of one of
the most successful machine learning advances in the past 6 years, deep reinforcement
learning. Building on the intuitive physics work of [15] which showed how people make
inferences about the stability of towers of blocks, I investigate a minimal change to this
paradigm that connects it to action: how should one glue blocks together to create sta-
ble towers? Traditional deep reinforcement learning [156] completely fails at this task —
generalizing across towers of different sizes proves impossible. However, imbuing these
deep learning techniques with relational structure, even without physical models, leads to
a dramatic improvement in their ability to generalize to new sizes of towers, one of the key

areas where humans still strongly outperform machine intelligence.

However, this form of generalization is limited — generalizing to different sizes of block
towers is impressive, but the physical world is much more vast and varied than block tow-
ers. To investigate physical problem-solving more generally, Chapter 4 (“Rapid Physical
Problem-Solving with Mental Simulation”) introduces the Virtual Tools Game. The Virtual
Tools game was designed with generality in mind: it closely reflects the physical reasoning
processes underlying tool use and tool creation across a wide variety of physical concepts
such as “catapulting”, “supporting” and “tipping”. The environment allows for a direct
comparison between Artificial Intelligence (Al) approaches and humans, as well as pro-
viding vastly expanded data collection capabilities relative to traditional in-person tool use
experiments for cognitive scientists. I introduce a model (““Sample, Simulate, Update”) that
combines structured, object-oriented action priors with physical simulation and a rapid up-

date mechanism to explain human performance in two experiments with the Virtual Tools

Game.

In Chapter 5 (“Rapid Strategy Learning with Relational Program Policies™), I consider
how people learn across problems when the problems they encounter share relational struc-
ture. I show that people can generalize relational strategy structure to new problems based
only on their own trial-and-error experience, and that they can compose these relational
strategies with new physical model variables learned via passive observation. I propose

an extension of the “Sample, Simulate, Update” model that accounts for these findings by
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learning relational action priors represented as probabilistic programs.

Chapter 6 (“Meta-Strategy Learning by Embodiment”) shows how the Virtual Tools
game can be used to ask and answer questions about the effects of embodiment and de-
velopment on disembodied physical reasoning. Compared to two-handed individuals, chil-
dren and adults born with one (or even zero) hands learn different meta-strategies for how
to reason about physics which carry over into a task where there are no longer embodi-
ment differences between groups. This suggests that the learning and transfer of strategies
goes beyond even tasks in the same domain — abstract strategies can cut across the real and
virtual worlds.

Looking towards the future and reflecting on other projects throughout the course of
my PhD, in Chapter 7 (“Ongoing and Future Directions”) I discuss a variety of projects
from machine learning, robotics, and development that contribute to our understanding of
the computational mechanisms that support action in the physical world. From data-driven
ways for discovering relational action priors, to connecting tool use with motor planning,
to using the Virtual Tools game to understand cumulative technological culture, I present
several exciting collaborations and areas of ongoing work for physical problem-solving as
a general research program.

Finally, in Chapter 8 (““Conclusions”), I review the main contributions and results from
this thesis, and point towards a promising path for Al robotics, and computational cognitive

science to come together in a shared quest to build more flexible, general intelligence.
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Chapter 2

Background

This chapter provides relevant background for the rest of the thesis. I first focus on de-
scribing what we know about people’s intuitive physical theories, as well as the different
computational approaches that have been used to explain human physical inference. From
there, I transition to giving a brief overview of different approaches to modeling human
decision making, and point out ways in which these views are complementary. Finally, I
give a brief overview of tool cognition specifically, to provide motivation for our focus on
the problem of tool use in Chapters 4 - 7. This is not meant to be an exhaustive review, but
rather to put the proceeding chapters into context within a broader scope of literature than

each chapter covers alone.

2.1 Intuitive Physics

Intuitive physics has interested psychologists for several decades. The term was initially
used to describe several shortcomings of human physical reasoning across a variety of dif-
ferent tasks. These early studies focused on the problem of prediction — given some initial
scenario, what trajectories do people expect objects to follow? In one of the first exper-
iments within this line of research, McCloskey [148] found that people did not reliably
assume that a ball would follow a straight path after exiting a curved tube — some partici-
pants expected the ball to continue to curve in its trajectory. A number of additional studies

found that people make several other errors. Two prominent instances found people cannot
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reliably describe the ballistic trajectories of objects [102] and they incorrectly believe that
objects dropped from a moving carrier will fall straight down [149].

To explain these peculiar findings, a number of theories have been proposed. Perhaps
most well known is ‘impetus theory’, so named for its mimicry of pre-Newtonian physical
theories based on the Aristotelean notion of ‘impetus’ (the incorrect notion that objects are
imparted ‘impetus’ when thrown, and only stop when the ‘impetus’ dissipates) [147, 148,
125]. While these theories do capture many of the errors made by participants, they do not
explain the variety of human responses in these physical reasoning tasks — subtle changes
to the scenarios, such as changing the curvature of a tube [148] — can affect the kinds of

inferences people make.

Alternate theories to ‘impetus’ have also been proposed to account for shortcomings in
human physical reasoning: we rely on a set of biased heuristics [176], physical knowledge
is hacked together from a set of basic notions about object interactions [95], or we simply
misrepresent forces [230]. In all cases, these accounts emphasize that human physical

reasoning relies on incorrect representations of physical principles.

2.1.1 Qualitative Physics

Simultaneously to these discoveries in psychology, intuitive physics was taking hold in
artificial intelligence [47, 60, 100, 128]. Qualitative physics or Qualitative Process Theory
[59] aimed to show how physical inferences could be made from only qualitative rules (like
being “to the left of”” or “to the right of”” instead of ’displaced by -10 units’ or ’displaced by
+10 units’). Such approaches were applied to a variety of physical reasoning domains from
liquids [44] to boxes [45] and even to containment [46]. These qualitative models also
became popular for explaining analogy formation more generally in different relational
settings [73].

Because the relationships between physical or spatial variables are qualitative, they nat-
urally afford abstraction and generalization (see Figure 2-1 for an example). [61] argues
that this kind of reasoning is the foundation for human physical concepts: we can identify

particular relational rules from particular scenes, and then generate causal structures based
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Geometry of Space Graph

Fig. 2. Space Graph for a scene

The free space in the diagram is broken up into regions in a way that
simplifics the description of the kinds of motion possible. The labels on the pointers
which indicate the spitial retationships between the nodes are not shown due to lack of
space.

Figure 2-1: The FROB reasoning system [57, 58] which breaks up continuous space into
discrete regions, keeping track of the qualitative relationships between those regions in a
spatial scene graph.

on those rules. These can then be abstracted across different scenes by creating a structural
mapping from one scene to another — a process generally referred to as analogy. However,
qualitative physics accounts do not universally explain human physical prediction. While
they provide good accounts for containment reasoning [46] and question answering in sim-
ple scenes [66], they cannot easily explain judgements of kinematics and dynamics, such

as whether a ball will have enough momentum to crest a hill [57].

2.1.2 The simulation account

In opposition to these qualitative theories, a separate line of work has suggested that people
create mental simulations of mechanical systems that they can use for inference or action

[104]. For example, in reasoning about systems of pulleys, people take significantly more
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dip 14 clip 16 clip 18

Figure 2-2: A representative set of different experiments investigating the probabilistic
simulation account for intuitive physics. Left: examples of the tower stimuli used by [15]
to investigate humans’ judgements of tower stability. Second from left: diagram of the
sources of uncertainty considered by [202] to explain probabilistic trajectory judgements
by humans in a bouncing ball task. Second from right: examples of how counterfactual
simulations can be used to evaluate whether one ball “almost” caused another one to enter
a goal, or to miss a goal (from [77]). Right: Example stimuli for investigating human fluid
prediction by [13].

time to make inferences about how pulleys will move when they are further along the
causal chain of events from the rope being pulled [103], suggesting that humans do not
reason about components independently, but rather simulate a full causal chain of events
from an initial action to make inferences. Further lending support for mental simulation
and the role of mental imagery, [191] found that people’s reaction times to predicting the
rate of rotation for interlocking gears depended on the angle of rotation which the gears
were offset by. This effect depended on the gears being represented visually — using a

schematic of the gears rather than photos nullified the effect.

By themselves, these simulation theories do not obviously give explanations for hu-
mans’ physical reasoning errors from the previous section. However, by imagining that
humans may have uncertainty about how mechanical systems behave, and then by includ-
ing that in the representation of mental simulations, errors can again arise in how well
people can make inferences about physics or mechanical systems more generally. This is
often termed the “noisy Newton” hypothesis [183]. It suggests that physical knowledge is
instantiated by noisy physical simulation with Newtonian physics [15, 183, 219]. Propo-
nents of a probabilistic simulation based account of physical reasoning suggest that people
use Bayesian inference over noisy simulations to perform a variety of physical inference

tasks from determining the mass of objects in a scene [97], to predicting how a scene will
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unfold [15, 79], to making causal physical judgements [77].

Since probabilistic simulation theories rely on Bayesian inference, uncertainty and pri-
ors play a major role in explaining the kinds of errors people make relative to “ground truth”
physics. In some of the earliest work on simulation based accounts of physical reasoning,
[15] looked at how people made inferences about whether a tower of blocks was stable or
unstable (see Figure 2-2 (left)). They demonstrated that perceptual noise (uncertainty about
the exact spatial positions of blocks) was critical to explain how people made this inference
correctly — their inferences could not be explained by a perfect physical simulator.

[202] showed that perceptual noise alone is not enough to explain people’s inferences.
Smith and colleagues examined people’s predictions about the trajectory of a bouncing ball
within a 2D container (Figure 2-2 (second from left)). To explain human judgements, they
needed to add dynamic uncertainty to the collisions that a ball experienced along the walls
of the container, as well as the initial direction of velocity of the ball.

These accounts can even be applied to fluids. [13] and [127] showed that an “Intuitive
Fluids Engine” could describe how people are able to make inferences about which side
of a screen more fluid will fall into (Figure 2-2 (right)). [13] modeled this process using
smooth particle hydrodynamics (SPH) models with uncertainty over the initial positions of
particles in the fluid.

While perceptual and dynamic uncertainty do not seem to be easily reduced with more
observations, other sources of uncertainty around the mass and friction of objects in the
scene can be updated rapidly with observed information [244, 201, 236], and can be fused
with information from other modalities such as touch [242] and sound [80].

Moving from physical variable inference to causality, simulation based accounts also
support counterfactual generation, which can then support causal judgements. For exam-
ple, [77] suggested that people use a noisy simulation engine to imagine how one billiard
ball could have affected another (Figure 2-2 (third panel)), and that this predicts whether
they would say that one billiard ball caused another to either go into a goal area or not.
[79] showed this is not just behavioral — people also move their eyes in ways that track
counterfactual simulations to make causal judgements.

While this is an extensive body of work to support the probabilistic simulation account
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of intuitive physics, none of these approaches explain how people’s internal physical mod-
els might influence the ways in which humans act or intervene on the world in order to
accomplish their goals. Combining simulation and action is challenging because the num-
ber of actions one might consider for realistic problems involving physics, like constructing
one of the towers from Figure 2-2A, is enormous. If simulations are costly (as suggested
by [98]), then simple naive search under a physical simulator would be infeasible for any
computationally bounded agent. Understanding how internal physical models link up with
action seems to therefore be an important, understudied problem.

Supporting a tighter link between intuitive physics and action, the brain regions in-
volved in physical inference in humans seem to be associated with pre-motor areas [56],
suggesting that there may be a tight coupling between internal motor models [234] and
internal physical models. These areas have been shown to represent quantitative physical
variables such as mass [192], and even tool use apraxia (defined as an inability to use tools)
has been associated with lesions to this brain area [170]. We come back to this in the

section on tool use below.

2.2 Models in action

Moving away from prediction and towards action, two main bodies of work have been

proposed to capture how people solve problems and make decisions.

2.2.1 Problem Solving

In the first line of work, a cohort of computer scientists and cognitive scientists proposed
“problem-solving as search” to explain how intelligent agents could make decisions when
faced with complex problems. They proposed that problem solving can be thought of as
searching through a “problem space” by employing a mental model to understand how
states in the space were connected [7, 160]. These ideas were used to explain a variety of
phenomena in cognitive science [73, 63, 207], and have recently become popular again for

explaining human deductive inference [114] and physical problem-solving [243].
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Many of these models rely on a representation of the world that is relational and sym-
bolic. The Stanford Research Institute Problem Solver (STRIPS) has been particularly
influential [54]. In STRIPS, actions, scenes and goals are described in the same symbolic
language, which allows for a variety of clever planning heuristics that take advantage of
this representation [107, 105]. Importantly, actions have symbolic preconditions that de-
scribe when they can be applied, and symbolic effects that specify how the world changes

when the action is taken.

Task and Motion Planning (TAMP) is an extension of these ideas to the setting in which
agents must also make motor plans for how they will execute these symbolic, more abstract
actions [116, 139]. In TAMP, problems are broken down into two levels: high-level sym-
bolic reasoning, and low-level motor control. The central similarity across all TAMP meth-
ods is that the low-level motor plans that are searched through with TAMP are conditioned
on the high-level symbols which are chosen within a plan. For a thorough review of TAMP,
please see [69]. Such methods have not generally been directly compared to human action
planning; there is significant potential here for explaining how models might integrate with

action.

2.2.2 Reinforcement learning

While these structured approaches show much promise to explain how people tackle prob-
lems in abstract, symbolic spaces, it is less obvious how they might explain the ways in
which people learn, often incrementally, from trial-and-error. To tackle the problem of trial-
and-error learning, a wide body of research across neuroscience, psychology and computer
science has focused on modeling human decision making using reinforcement learning
(RL) [210]. Unlike in problem-solving, reinforcement learning makes very few assump-
tions about the goal of an agent or how the world is described. While problem-solving
domains usually specify states and goals in a declarative language, reinforcement learning
is a very generic technique that instead assumes an agent is attempting to maximize its

reward; a scalar quantity that indicates how “good” a particular state for an agent is.

RL problems consist of a set of states in which an agent might find itself, a set of actions
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which the agent can take, a transition function describing how the environment responds to
an agent’s actions, and a reward function that defines how good these environment transi-
tions are. The task of an agent is to determine the set of actions to take from a given initial

state that will maximize its cumulative reward.

Methods in reinforcement learning are often broadly divided into two types: model-
based (MB), and model-free (MF). Model-free methods represent the RL problem an agent
faces as simply a collection of states and actions — they are blind to the transition function
that governs how the agent’s actions affect the environment. They simply represent a set
of ‘value’ estimates that represent a summary of the rewards received based on states and
actions the agent has visited in the past. MF methods then use that information to assess the
potential benefits of the available actions in the current moment. By contrast, model-based
methods include the underlying transition and reward functions that the environment offers
in the representation of the problem. Equipped with this extra knowledge, the agent can
plan, or imagine how a set of states and actions will lead it towards its particular goal. In
this way, model-based methods are much closer in spirit and approach to classical problem-

solving, but with different reward specifications and associated learning algorithms.

While model-based methods achieve greater flexibility than model-free methods by
representing the environment explicitly, model-based methods are also much more com-
putationally costly. In particular, when the state or action space are large, model-based
reinforcement learning can suffer from a combinatorial explosion in the number of differ-
ent actions that have to be considered. For this reason, model-free methods are often better
descriptions of human behavior after humans have had significant experience with a task,

and can presumably summarize their experience more effectively with value functions [75].

An important, but often overlooked, assumption of both types of RL algorithms is that
the state and action space are predefined. This is clearly a limitation. When humans and
animals learn, these spaces must be discovered, sometimes in parallel with learning how to
navigate through them [36, 76, 163, 35]. This has been well documented in the problem-
solving community, where ‘insights’ are largely attributed to a reformulation of the prob-
lem space that enables more rapid search [31]. In the reinforcement learning literature, such

problem-space discovery has been similarly shown in rodents, where animals can immedi-
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ately recover responses following extinction [22], and this depends on a reinterpretation of
how states are represented [181]. The simultaneous process of task space discovery with
task space learning likely involves a wide variety of cognitive constructs, such as catego-

rization, generalization, or causal inference [76, 34, 64].

How task space discovery and learning are done simultaneously remains an important
open problem for both the problem-solving and reinforcement learning communities, al-
though some progress has been made. For example, attention can be used to determine
which aspects of the environment should be used to represent a state in a way that sup-
ports learning [132, 163]. Similarly, humans, animals and machines can learn hierarchical

structure, often called “hierarchical reinforcement learning” [21, 212].

In hierarchical reinforcement learning, organisms learn abstract hierarchical rules that
govern either the structure of the state space (sometimes called “bottlenecks” or “subgoals”
[150, 200]), or the structure of the action space (sometimes called “options” [212]), some-
times even when those abstractions are not helpful [36]. Various studies have shown that
people do indeed recover bottlenecks or sub-goals when appropriate and can then form
abstract actions with these states as the goal [186]. More recently, this has been extended
to cases where no obvious bottlenecks exist [237], and where such abstract actions can
be composed with model information in discrete grid-world environments when appro-
priate [64]. Multiple studies have suggested that these state-space abstractions might be
acquired by using a mental model of the environment to make inferences about hidden
environmentally-dependent state variables that can influence action choices [34, 76], even

if the learning algorithm is model-free.

When considering the discovery of structured task spaces jointly with task learning, the
line between model-free and model-based approaches thus becomes much murkier; models
can be used to modify the way states and actions are represented, even if they are not used
to “plan” per se. Similarly, simply making a choice about state and action representations
carries assumptions about variables in the environment that matter for making decisions.
It is within this murky space that the majority of this thesis work occurs. I emphasize
throughout this thesis that the representations of actions, states and models is more impor-

tant for capturing human behavior than the specifics of whether the learning algorithms are
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model-based or model-free.

2.3 Tool Cognition

Recall the goal of the thesis is to understand how people use internal physical models in
order to act and intervene on the world to achieve their goals. There is one very obvious
domain in which this is the major topic of study: tool cognition.

Tool cognition has a long history in psychology, neuroscience, anthropology and ani-
mal behavior. Anthropologists have studied tools to understand the evolution of the human
species, including the suggestion that tool use spurred the development of language [208],
as well as linguistic development closely tracking the complexity of stone tools [89, 208].
Cumulative technological culture [216, 23] has long been thought to be of critical impor-
tance to the collective success of the human species [48].

Studies of animal behavior have used tool use tasks to measure the intelligence of var-
ious species, finding that only a few species of birds (most notably new caledonian crows
and the kea) and primates can successfully create, modify, and use tools for new problems
[175, 225]. In this field too, reasoning is viewed as central to tool behavior [173, 113].
Developmental psychologists have shown that while even very young children are capable
tool users [24, 118], they are unable to make new tools (like hooks) to solve new prob-
lems [17, 41] until much later in their development. Finally, a wealth of data in cognitive
neuroscience has suggested various brain regions are involved in tool use, with “automatic
affordances” of how to grasp an object immediately triggered by the perception of a tool
[29, 145].

Clearly then, tool use cuts across many disciplines focused on uncovering the special
components that make humans so intelligent. But despite the treasure trove of experimental
findings, a computational theory of tool use has remained elusive. In part, this is because
tool cognition has been seen differently by different communities. In developmental psy-
chology and animal cognition, tool use is seen as an instance of physical problem-solving:
the tasks that animals and children have to perform are unlike anything they would have

seen before, and the tools they must make or use are usually novel too [17]. However, the
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neuroscience and motor learning communities have mainly focused on how familiar tools
automatically activate hand-specific affordances and memories [25, 20, 213]. The core
assumption of this line of work is that tool use is supported by motor and manipulation
knowledge, rather than physical knowledge. As a result, tool representations can be auto-
matically activated (without requiring intention from the organism), and are tied to specific

end effectors (like hands).

2.3.1 Affordances

In all communities, affordances have played a central role in shaping how we think about
human tool use [167, 213], but these groups differ in how they define and conceptualize
affordances. In the ecological approach, initially coined by Gibson [81], an affordance is
used to describe what the environment “offers the animal, what it provides or furnishes,
either for good or ill”. Affordances correspond to action possibilities based on the animal’s
current action capabilities. Gibson refers to the set of affordances for a particular animal as

the ecological niche.

Affordances developed to include notions of intentions [194, 195], where animals do
not perceive all affordances in the environment, but rather only those that satisfy a current
goal (such as seeing a chair as sit-able when tired, but as cover in case of an earthquake).
The perception of affordances is assumed to be direct in that it does not require internal
representations [195]. Perceiving affordances involves extracting invariant properties of
objects, such as seeing “a sharp dihedral angle” as affording “cutting and scraping” [81].
These invariants can also exist relative to the objects being acted on - it is not possible to
cut a diamond with a dull knife, but it is possible to cut butter. Critically, it is just this
perception of a property (or relative properties of objects) that automatically activates the
affordance — no physical model or other internal representation is required. In Chapter
5, I present a set of experiments which show that people can learn simplified notions of
affordances that are both intentional and relational, as well as a computational model that

captures how these might be learned.
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2.3.2 Mechanical reasoning

Despite the popularity of the affordance view of tool use, another account has begun to
emerge within psychology: that of mechanical reasoning. The reasoning-based approach
posits that tool use relies on the ability to form a mental simulation of the required tool-
use action, and then “perceive” affordances of objects that suit this intended action. This
suggests that tools are mainly represented by the effects they would have in the environment
[8], and requires mechanical knowledge corresponding to physical principles [169, 85,
166]. The mechanical knowledge can then guide the selection of appropriate motor actions
using an internal motor model [109, 234].

The reasoning view is well aligned with theories in psychology that humans are alone in
their ability to “reinterpret the world in terms of hypothetical entities such as causal forces”
[173], as well as the wealth of literature alluded to in the Intuitive Physics section of this
thesis. Additionally, there are a variety of neuroscientific findings supporting tool use as
a mechanical reasoning phenomena. The brain areas associated with tool use (pre-motor
areas) overlap significantly with those associated with intuitive physics [56]. Studies of
tool use apraxia additionally suggest that people can be selectively impaired in their ability
to use novel vs. familiar tools, with deficits in novel tool use associated with lesions to
those same pre-motor areas implicated in intuitive physics [166].

In Chapter 4, I present a domain for studying this mechanical reasoning aspect of tool
use by decoupling tool use from manipulation entirely. I show that a model which uses a
combination of mental simulation and action priors is able to explain how people fine-tune
their attempts to solve tasks within this domain, while methods which do not incorporate

the model or action priors fall short.
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Chapter 3

Deep Relational Policies

While current deep learning systems excel at tasks such as object classification, language
processing, and gameplay, few can construct or modify a complex system such as a tower of
blocks. One component that these systems lack is a “relational inductive bias™: a capacity
for reasoning about inter-object relations and making choices over a structured description
of a scene. To test this hypothesis, we focus on a task that involves gluing pairs of blocks
together to stabilize a tower, and quantify how well humans perform. We then introduce a
deep reinforcement learning agent which uses object- and relation-centric scene and policy
representations and apply it to the task. Our results show that these structured representa-
tions allow the agent to outperform both humans and more naive approaches, suggesting
that relational inductive biases are an important component in solving structured reasoning

problems and for building more intelligent, flexible machines.

3.1 Introduction

Human physical reasoning—and cognition more broadly—is rooted in a rich system of
knowledge about objects and relations [204] which can be composed to support power-
ful forms of combinatorial generalization. Analogous to von Humboldt’s characterization
of the productivity of language as making “infinite use of finite means”, objects and re-
lations are the building blocks which help explain how our everyday scene understanding

can operate over infinite scenarios. Similarly, people interact with everyday scenes by
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leveraging these same representations. Some of the most striking human behavior is our
ubiquitous drive to build things, a capacity for composing objects and parts under relational
constraints, which gives rise to our most remarkable achievements, from the pyramids to

space stations.

One of the fundamental aims of artificial intelligence (Al) is to be able to interact with
the world as robustly and flexibly as people do. We hypothesize that this flexibility is, in
part, afforded by what we call relational inductive bias. An inductive bias more generally
is the set of assumptions of a learning algorithm that leads it to choose one hypothesis over
another independent of the observed data. Such assumptions may be encoded in the prior
of a Bayesian model [91], or instantiated via architectural assumptions in a neural network.
For example, the weight-sharing architecture of a convolutional neural network induces
an inductive bias of translational invariance—one we might call a “spatial inductive bias”
because it builds in specific assumptions about the spatial structure of the world. Similarly,
a relational inductive bias builds in specific assumptions about the relational structure of

the world.

While logical and probabilistic models naturally contain strong relational inductive bi-
ases as a result of propositional and/or causal representations, current state-of-the-art deep
reinforcement learning (deep RL) systems rarely use such explicit notions and, as a result,
often struggle when faced with structured, combinatorial problems. Consider the “gluing
task” in Figure 3-1, which requires gluing pairs of blocks together to cause an otherwise
unstable tower to be stable under gravity. Though seemingly simple, this task is not trivial.
It requires (1) reasoning about variable numbers and configurations of objects; (2) choos-
ing from variably sized action spaces (depending on which blocks are in contact); and (3)
selecting where to apply glue, from a combinatorial number of possibilities. Although this
task is fundamentally about physical reasoning, we will show that the most important type
of inductive bias for solving it is relational, not physical: the physical knowledge can be

learned, but relational knowledge is much more difficult to come by.

We instantiate a relational inductive bias in a deep RL agent via a “graph network”,
a neural network for relational reasoning whose relatives [185] have proven effective in

theoretical computer science [122], quantum chemistry [83], robotic control [226], and
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learning physical simulation [16, 28]. Our approach contrasts with standard deep learn-
ing approaches to physical reasoning, which are often computed holistically over a fixed
representation and do not explicitly have a notion of objects or relations [133, 134]. Fur-
ther, our work focuses on interaction, while much of the work on physical reasoning has
focused on the task of prediction [62, 159, 159, 206, 19] or inference [236, 51]. Perhaps
the most related works to ours are [134] and [241], which both focus on building towers of
blocks. However, while [134]’s approach is learning-based, it does not include a relational
inductive bias; similarly, [241]’s approach has a relational inductive bias, but no learning.

This goal of this paper is not to present a precise computational model of how humans
solve the gluing task, nor is it to claim state-of-the-art performance on the gluing task.
Rather, the goal is to characterize the type of inductive bias that is necessary in general
for solving such physical construction tasks. Our work builds on both the broader cog-
nitive literature on relational reasoning using graphs [33, 196, 92, 120] as well as classic
approaches like relational reinforcement learning [53], and represents a step forward by
showing how relational knowledge can be disentangled from physical knowledge through
relational policies approximated by deep neural networks.

The contributions of this work are to: (1) introduce the gluing task, an interactive phys-
ical construction problem that requires making decisions about relations among objects;
(2) measure human performance in the gluing task; (3) develop a deep RL agent with an
object- and relation-centric scene representation and action policy; and (4) demonstrate the
importance of relational inductive bias by comparing the performance of our agent with
several alternatives, as well as humans, on both the gluing task and several control tasks

that isolate different aspects of the full problem.

3.2 The Gluing Task

Participants

We recruited 27 volunteers from within DeepMind. Each participant was treated in accor-
dance with protocols of the UCL Research Ethics Committee, and completed 144 trials

over a one-hour session. Two participants did not complete the task within the allotted time
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and were excluded from analysis, leaving 25 participants total.

Stimuli and Design

The stimuli were towers of blocks similar to those used by [15] and [97]. Towers were
created by randomly placing blocks on top of each other, with the following constraints:
the tower was constructed in a 2D plane, and each block except the first was stacked on
another block. The set of towers was filtered to include only those in which at least one
block moved when gravity was applied. In an initial practice session, nine unique towers
(1 each of 2-10 blocks) were presented in increasing order of size. In the experimental
session, 135 unique towers (15 each of 2-10 blocks), which were disjoint from the practice
set, were presented in a random order in 5 sets of 27. Participants earned points depending
on how well they performed the gluing task. They lost one point for each pair of objects
they tried to glue, and earned one point for each block that remained unmoved after gravity
was applied. As a bonus, if participants used the minimum amount of glue necessary to
keep the tower stable, they received 10 additional points. The maximum possible scores in

the practice and experimental sessions were 131 points and 1977 points, respectively.

Procedure

Each trial consisted of two phases: the gluing phase, and the gravity phase. The trial began
in the gluing phase, during which a static tower was displayed on the screen for an indefinite
amount of time. Participants could click on one object (either a block or the floor) to select
it, and then another object to “glue” the two together. Glue was only applied if the two
objects were in contact. If glue had already been applied between the two objects, then the
glue was removed. Both these actions—applying glue to non-adjacent objects and ungluing
an already-glued connection—still cost one point.! To finish the gluing phase, participants
pressed the “enter” key which triggered the gravity phase, during which gravity was applied
for 2s so participants could see which blocks moved from their starting positions. Finally,

participants were told how many points they earned and could then press “space” to begin

"While this choice of reward structure is perhaps unfair to humans, it provided a fairer comparison to our
agents who would otherwise not be incentivized to complete the task quickly.
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Figure 3-1: The gluing task. Given an unstable tower of blocks, the task is to glue pairs of
blocks together to keep the tower stable. Three examples of performing the task are shown
here. Green blocks in the gravity phase indicate stable blocks. Top: no glue is used, and
only one block remains standing (+1 points). Middle row: one glue is used (-1 points),
resulting in three blocks standing (43 points). Bottom row: two glues are used (-2 points),
resulting in a stable tower (+6 points); this is the minimal amount of glue to keep the tower
stable (+10 points). See https://goo.gl/f7Ecw8 for a video demonstrating the task.

the next trial. Physics was simulated using the Mujoco physics engine [215] with a timestep

of 0.01. After the experiment was completed, participants completed a short survey.
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Results

The gluing task was challenging for the human participants, but they still performed far
above chance. We discovered several trends in people’s behavior, such as working from
top-to-bottom and spending more time before applying the first glue than before subse-
quent glue. The results here represent a preliminary exploration of people’s behavior in
construction tasks, opening the door for future research and providing a baseline compari-

son for artificial agents.

Participants achieved an average score of 900 points, with the lowest score being 468
points and the highest score being 1154 points (out of 1977). There was a small (though not
significant) effect of learning, with a Pearson correlation of r =0.15, 95% CI [—0.01,0.30]
between trial number and average scaled reward (confidence intervals were computed around
the median using 10,000 bootstrap samples with replacement; “scaled rewards” were com-
puted by normalizing rewards such that O corresponded to the reward obtained if no actions

were taken, and 1 corresponded to the maximum achievable reward).

Participants’ response times revealed they were significantly slower to click on the first
block in a pair than the second block, with a difference of r = 4.48s, 95% CI [4.34s,4.62s].
This suggests they had decided on which pair to glue before clicking the first block. People
were significantly slower to choose the first gluing action (r = 4.43s, 95% CI [4.30s,4.56s];
averages computed using the mean of log RTs) than any subsequent gluing action (t =
2.07s, 95% CI [2.00s,2.15s]; F(1,12878) = 149.14, p < 0.001). Also, we found an effect
of the number of blocks on response time (F(1,12878) = 429.68, p < 0.001) as well as
an interaction between the number of blocks and whether the action was the first glue or
not (F(1,12878) = 14.57, p < 0.001), with the first action requiring more time per block
than subsequent actions. These results suggest that people may either decide where to
place glue before acting, or at least engage in an expensive encoding operation of a useful

representation of the stimulus.

On an open-ended strategy question in the post-experiment survey, 10 of 25 participants
reported making glue selections top-to-bottom, and another 3 reported sometimes working

top-to-bottom and sometimes bottom-to-top. We corroborated this quantitatively by, for
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Figure 3-2: Graph network agent. First, the positions and orientations of the blocks are
encoded as nodes, and the presence of glue is encoded as edges. These representations are
then used to compute a Q-value for each edge, as well as a Q-value for taking the “stop”
action. See text for details.

each trial, fitting a line between the action number and the height of the glue location, and
find their slopes were generally negative (B = —0.07, 95% CI [—0.08, —0.06)).

We compared people’s choice of glue configuration to optimal glue configurations, and
found that people were significantly more likely to apply glue when it was not necessary
(73% of errors) than to fail to apply glue when it was necessary (N = 3901, p < 0.001).
Additionally, participants were very good at avoiding invalid actions: although they had the
option for gluing together pairs of blocks that were not in contact, they only did so 1.3%
(out of N = 6454) of the time. Similarly, participants did not frequently utilize the option to
un-glue blocks (0.29% out of N = 6454), likely because it incurred a penalty. It is possible
that performance would increase if participants were allowed to un-glue blocks without a
penalty, enabling them to temporarily use glue as a working memory aid; we leave this as

a question for future research.

3.3 Leveraging Relational Representations

What type of knowledge is necessary for solving the gluing task? Physical knowledge is
clearly important, but even that implicitly includes a more foundational type of knowledge:

that of objects and relations. Inspired by evidence that objects and relations are a core part
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of human cognition [204], we focus on decomposing the task into a relational reasoning

problem which involves computations over pairs of elements and their relations.

3.3.1 Graph Networks

A key feature of our deep RL agent is that it expresses its decision-making policy as a
function over an object- and relation-centric state representation, which reflects a strong
relational inductive bias. Specifically, inside the agent is a graph network (GN), a neural
network model which can be trained to approximate functions on graphs. A GN is a gener-
alization of recent neural network approaches for learning physics engines [16, 28], as well
as message-passing neural networks [83, 185]. GNs have been shown to be effective at
solving classic combinatorial optimization problems [122], inspiring our agent architecture
for performing physical construction tasks.

Here, we define a graph as a set of N nodes, E edges, and a global feature G. In
the gluing task’s “tower graph”, nodes correspond to blocks; edges correspond to pairs of
blocks; and global properties could correspond to any global piece of information, such as
the overall stability of the tower. A GN takes as input a tower graph, and returns a graph
with the same size and shape. The representation of the nodes, edges, and globals encode
semantic information: the node representation corresponds to position (x) and orientation
(9), and the edges to the presence of glue (u). The global features correspond to (or are a
function of) the whole graph; for example, this could be the stability of the tower.

Our model architectures first encode the block properties into a distributed node rep-
resentation n; using an encoder, i.e. n; = ency(x;,qi;0enc,). For an edge e; j» we similarly
encode the edge properties into a distributed representation using a different encoder, i.e.
€;j = enc,(u;;Ocnc, ). Initially, the global properties are empty and set to zero, i.e. g=0.
With these node, edge, and global representations, the standard GN computes functions
over pairs of nodes (e.g., to determine whether those nodes are in contact)?, edges (e.g.
to determine the force acting on a block), and globals (e.g. to compute overall stability).

Specifically, the edge model is computed as: € ;= fe(ni,n;,e;;,8:6y,); the node model as

2These functions are learned and thus these examples are not literally what the agent is computing, but
we provide them here to give an intuition for how GNs behave.
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n; = fu(n;,Y;€;;,80y,); and the globals model as g’ = f,(g, Y;n;, Y, j€;;;0y,). The GN

/

can be applied multiple times, recurrently, where e;;,

n/, and g’ are fed in as the new e;;, n;,
and g on the next step.

Applying the GN to compute interaction terms and update the nodes recurrently can be
described as message passing [83], which propagates information across the graph. In the
gluing task, such learned information propagation may parallel the propagation of forces
and other constraints over the structure. For intuition, consider the tower in Figure 3-1.
After one application of the edge model, the GN should be able to determine which block
pairs are locally unstable, such as the top-most block in the figure, and thus require glue.
However, it does not have enough information to be able to determine that the bottom-most
block in Figure 3-1 also needs to be glued, because it is fully supporting the block above it.
Recurrent message-passing allows information about other blocks to be propagated to the

bottom-most one, allowing for non-local relations to be reasoned about.

Given the updated edge, node, and global representations, we can decode them into
edge-specific predictions, such as Q-values or unnormalized log probabilities (Figure 3-
2). For the supervised setting, edges are glued with probability p;; o< dec,(e] J-;Gdece). For
the sequential decision making setting, we decode one action for each edge in the graph

(1;; = dec, (€] j;edece)) plus a “stop” action to end the gluing phase (s = dec,y (g’ ;0dec, ))-

3.3.2 Supervised Learning Experiments

Before investigating the full gluing task, we first explored how components of the graph
network agent could perform key sub-tasks in a supervised setting, such as predicting sta-
bility or inferring which edges should be glued.

To test the GN’s stability predictions, we used towers with variable number of blocks,
where the input edges were labeled to indicate whether or not glue was present (1 for glue,
0 for no glue). Glue was sampled randomly for each scene, and stability was defined as no
blocks falling. We tested two settings: fully connected graphs (where the graph included all
block-to-block edges), and sparse graphs (where edges were only present between blocks

that were in contact). In both cases, GNs learned to accurately predict the stability of
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Figure 3-3: Supervised results for scenes with five blocks. (a) Stability prediction for
input graphs with contact information (sparse) or without (full). (b) Optimal glue prediction
for models with different numbers of recurrent steps.

partially glued towers, but the sparse graph inputs yielded more efficient learning (Fig-
ure 3-3a). Results are shown for the case of 5 blocks, but these results are also consistent
across towers with 6-9 blocks. We also tested whether GNs can learn whether a contact
between two blocks should be glued. As discussed previously, some glue locations require
reasoning about how forces propagate throughout the structure. We therefore hypothesized
that multiple message passing steps would be necessary to propagate this information, and
indeed, we found that one recurrence was enough to dramatically improve glue prediction

accuracy (Figure 3-3b).

3.3.3 Sequential Decision Making Experiments

From the supervised learning experiments, we concluded that GNs can accurately predict
stability and select individual glue points. Next we integrated these components into a full
RL agent that performs the same gluing task that people faced, involving multiple actions

and delayed rewards.

52



Design

We considered three agents: the multilayer perceptron (or MLP) agent, the fully-connected
graph network (or GN-FC) agent, the graph network (or GN) agent, and the simulation
agent.> As most deep RL agents are implemented either as MLPs or CNNs with no rela-
tional structure, our first agent chose actions according to a Q-function approximated by a
MLP; as MLPs have a fixed input and output size, we trained a separate MLP for each tower
size. The GN and GN-FC agents (which had relational knowledge, but no explicit physical
knowledge) also chose actions according to a Q-function and used 3 recurrent steps. The
GN agent used a sparse graph structure with edges corresponding to the contact points be-
tween the blocks, while the GN-FC used a fully connected graph structure and thus had to
learn which edges corresponded to valid actions. Finally, the simulation agent (which had
both relational and physical knowledge) chose actions using simulation. Specifically, for
each unglued contact point, the agent ran a simulation to compute how many blocks would
fall if that point were glued, and then chose the point which resulted in the fewest blocks
falling. This procedure was repeated until no blocks fell. Note that the simulation agent is

non-optimal as it chooses glue points greedily.

The effect of relational structure

Both the MLP and the GN-FC agents take actions on the fully-connected graph (i.e., they
both can choose pairs of blocks which are not adjacent); the main difference between them
is that the GN-FC agent has a relational inductive bias while the MLP does not. This
relational inductive bias makes a large difference, with the GN-FC agent earning M =
883.60, 95% CI [719.40,1041.00] more points on average (Figure 3-4a) and also achieving
more points across different tower sizes (Figure 3-4b).

Giving the correct relational structure in the GN agent further improves performance,
with the GN agent achieving M = 183.20, 95% CI [73.20,302.40] more points on average
than the GN-FC agent. Thus, although the GN-FC agent does make use of relations, it does

not always utilize the correct structure which ends up hurting its performance. Indeed, we

3 Additional details about the agent architectures and training regimes are available in the appendix.
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can observe that the GN-FC agent attempts invalid glue actions—for example, choosing
edges between objects that are not adjacent, or self-edges—a whopping 31% (out of N =
1345) of the time. The MLP agent similarly picks “invalid” edges 46% (out of N =417) of

the time.

The GN agents also exhibit much stronger generalization than the MLP agent. To
test generalization, we trained a second set of agents which did not observe towers of
7 or 10 blocks during training, and compared their test performance to our original set
of agents. The GN agent exhibited no detectable degradation in performance for either
tower size, with a difference in scaled reward of M = 0.01, 95% CI [—0.03,0.05] on 7-
block towers and M = 0.05, 95% CI [—0.01,0.10] on 10-block towers. The GN-FC agent
interpolated successfully to 7-block towers (M = —0.04, 95% CI [—0.08,0.00]), but strug-
gled when extrapolating to 10-block towers (M = 0.44, 95% CI [0.27,0.61]). By defini-
tion, the MLP agent cannot generalize to new tower sizes because it is trained on each
size independently. We attempted to test for generalization anyway by training a single
MLP on all towers and using zero-padding in the inputs for smaller towers. However,
this version of the MLP agent was unable to solve the task at all, achieving an average of

M = 78.00, 95% CI [—140.00,296.00] points rotal.

The effect of physical knowledge

The simulation agent was the only agent which incorporated explicit physical knowledge
through its simulations, and we found that it also performed the best out of all the agents.
Specifically, the simulation agent earned on average M = 156.20, 95% CI [70.80,249.60)
points more than the GN agent, perhaps suggesting that there is a benefit to using a model-
based policy rather than a model-free policy (note, however, that the simulation agent has
access to a perfect simulator; a more realistic implementation would likely fare somewhat
worse). However, we emphasize that the gain in performance by between the GN agent and
the simulation agent was much less than that between the MLP and GN-FC agents, sug-
gesting that relational knowledge may be more important than explicit physical knowledge

in solving complex physical reasoning problems like the gluing task.
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Figure 3-4: (a) Comparison of overall reward for humans and agents. H: human; MLP:
MLP agent; GN-FC: GN agent operating over a fully-connected graph; GN: GN agent
operating over a sparse graph; Sim: simulation agent. (b) Comparison of scaled reward
across towers of different sizes. Rewards are scaled such that 0 corresponds to the reward
obtained when no actions are taken, and 1 to the optimal reward.

Comparison to humans

Although our goal was not to build a model of human cognition on the gluing task, we still
compared people’s behavior to that of the GN agent to elucidate any obvious differences.
Participants’ average reward fell between the MLP and GN-FC agents’ (Figure 3-4a). As
in Figure 3-4b, both agents and humans had increasing difficulty solving the task as a
function of tower size, though this was expected: as the number of blocks in the tower
increases, there is an exponential increase in the number of possible glue combinations.
Specifically, for a tower with k contact points, there are 2% possible ways glue can be
applied (around 1000 possibilities for a 10-block tower), and optimally solving the task
would require enumerating each of these possibilities. Our agents do not do this, and it is
unlikely that humans do either; therefore, the drop in performance as a function of tower
size 1s not surprising.

Looking more closely, we found the GN agent made different patterns of errors than
humans within scenes. For example, while we found that people were more likely to make

false positives (applying glue when none was needed), we did not find this to be true of
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the GN agent (41% of errors, N = 155, p < 0.05). This difference might be a result of
perceptual uncertainty in humans, which leads to a tendency to over-estimate the instability

of towers [15].

3.4 Discussion

In this paper, we explored the importance of relational inductive bias in performing inter-
active physical reasoning tasks. We introduced a novel construction problem—the “gluing
task”—which involved gluing pairs of blocks together to stabilize a tower of blocks. Our
analysis showed that humans could perform far above chance and discovered they used
systematic strategies, such as working top-to-bottom and reasoning about the whole glue
configuration, before taking their first action. Drawing on the view from cognitive psychol-
ogy that humans understand the world in terms of objects and relations [196, 204, 120], we
developed a new deep RL agent that uses a decision-making policy based on object- and
relation-centric representations, and measured its ability to learn to perform the gluing task.
These structured representations were instantiated using graph networks (GNs), a family
of neural network models that can be trained to approximate functions on graphs. Our
experiments showed that an agent with an object- and relation-centric policy could solve
the task even better than humans, while an agent without such a relational inductive bias
performed far worse. This suggests that a bias for acquiring relational knowledge is a key
component of physical interaction, and can be effective even without an explicit model of
physical dynamics.

Of course, model-based decision-making systems are powerful tools [198], and cog-
nitive psychology work has found evidence that humans use internal physics models for
physical prediction [15], inference [97], causal perception [77], and motor control [117].
Indeed, we found that the best performing agent in our task was the “simulation” agent,
which used both relational and physical knowledge. Provisioning deep RL agents with
joint model-free and model-based strategies inspired by cognitive psychology has proven
fruitful in imagination-based decision-making [96], and implementing relational inductive

biases in similar systems should afford greater combinatorial generalization over state and
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action spaces.

More generally, the relational inductive bias possessed by our GN agent is not specific
to physical scenes. Indeed, certain aspects of human cognition have previously been studied
and modeled in ways that are explicitly relational, such as in analogical reasoning [73, 108].
In other cognitive domains, GNs might help capture how people build cognitive maps of
their environments and use them to navigate; how they schedule their day to avoid missing
important meetings; or how they decide whom to interact with at a cocktail party. Each of
these examples involves a set of entities, locations, or events which participate in interactive
relationships and require arbitrarily complex relational reasoning to perform successfully.

In sum, this work demonstrates how deep RL can be improved by adopting relational
inductive biases like those in human cognition, and opens new doors for developing for-
mal cognitive models of more complex, interactive human behaviors like physical scene

construction and interaction.

3.5 Supplementary Material

3.5.1 Architectural Details
MLP Agent

The MLP agent had three hidden layers with 256 units each and ReLLU nonlinearities.
Inputs to the MLP agent consisted of the concatenated positions and orientations of all
objects in the scene, as well as a one-hot vector of size E¢. = N(N — 1)/2 indicating which
objects had glue between them. There were Ey. + 1 outputs in the final layer: one for each
pair of blocks plus the floor (including non-adjacent objects), and an additional output for

the “stop” action.

GN Agents

Th GN-FC agent had the same inputs and outputs as the MLP agent. The inputs to the
GN agent also included the positions and orientations of all objects in the scene, but the

“glue” vector instead had size Egpqr5e =~ N (Where Egppe 1 the number of pairs of blocks
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in contact); the GN agent was also told which blocks, specifically, were in contact. There
were Epqr5e + 1 outputs in the final layer.

Both GN agents used node, edge, and globals encoders which were each linear layers
with an output dimensionality of size 64. The edge, node, and global models were each
a MLP with two hidden layers of 64 units (with ReLUs) and an output dimensionality of
64. In these models we also used “skip” connections as in [122], which means that we also
fed in both encoded and non-encoded inputs to the model. We additionally used a gated
recurrent unit (GRU) as the core for our recurrent loop, similar to [135]. We passed the
outputs of the recurrent GN to a second GN decoder (with the same architecture for the
edge, node, and global models). This second GN helps the agent decompose the problem,
such as first detecting which block pairs are in contact, and then determining which of
those pairs should be glued. Finally, the edge and global values were further decoded by

two hidden layers of 64 units (with ReLUs) and a final linear layer with a single output.

3.5.2 Training Procedure

Both the GN and MLP agents were trained for 300k episodes on 100k scenes for each tower
size (900k total scenes), which were distinct from those in the behavioral experiment. We
used Q-learning with experience replay [156] with a replay ratio of 16, a learning rate of
le-4, a batch size of 16, a discount factor of 0.9, and the Adam optimizer [123]. Epsilon
was annealed over 100k environment steps from 1.0 to 0.01.

Because the MLP agent had fixed input and output sizes that depend on the number of
blocks in the scene, we trained nine separate MLP agents (one for each tower size). Both
GN agents were trained simultaneously on all tower sizes using a curriculum in which
we began training on the next size tower (as well as all previous sizes) after every 10k

episodes.
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Chapter 4

Rapid Physical Problem-Solving with

Mental Simulation

In the previous chapter, adding relational inductive biases to a deep reinforcement learning
agent was sufficient to allow the agent to generalize to a variety of differently sized block
towers. However, the models still required hundreds of thousands of actions during training
to find good policies for gluing. Furthermore, while generalizing to different sizes of block
towers is impressive, the physical world is substantially more vast and varied than towers of
blocks. This chapter introduces both a new domain for studying physical problem-solving
more generally (the Virtual Tools game), as well as a new model which relies not just on
structured action spaces, but also incorporates a physical simulator to imagine the approx-
imate effects of actions before taking them in the real world. In the Virtual Tools game,
people solve a large range of challenging physical puzzles in just a handful of attempts. We
propose that the flexibility of human physical problem solving rests on an ability to imagine
the effects of hypothesized actions, while the efficiency of human search arises from rich
action priors which are updated via observations of the world. We instantiate these compo-
nents in the “Sample, Simulate, Update” (SSUP) model and show that it captures human
performance across 30 levels of the Virtual Tools game. More broadly, this model pro-
vides a mechanism for explaining how people condense general physical knowledge into

actionable, task-specific plans to achieve flexible and efficient physical problem-solving.
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4.1 Introduction

Imagine the following scenario: while trying to set up a tent on a camping trip, you realize
that the ground is too hard for the tent stakes, and you have no hammer. What would you
do? You might look around for a suitable hammer substitute, passing over objects like
pinecones or water bottles in favor of a graspable rock. And if that rock failed to drive in
the stakes at first, you might try a different grip, or search for a heavier rock. Most likely,

you would only need a handful of attempts before you found an approach that works.

Determining how to pound in tent stakes without a hammer is an example of the flexi-
bility and efficiency of more general physical problem solving. It requires a causal under-
standing of how the physics of the world works, and sophisticated abilities for inference
and learning to construct plans that solve a novel problem. Consider how, when faced with
the tent stake challenge, we do not choose an object at random; we choose a rock because
we believe we know how we could use it to generate sufficient force on the stake. And if we
find that the first rock fails, we again search around for a solution, but use the knowledge
of our failures to guide our future search. This style of problem solving is a very struc-
tured sort of trial-and-error learning: our search has elements of randomness, but within a

plausible solution space, such that the goal can often be reached very quickly.

Here we study the cognitive and computational underpinnings of flexible tool use.
While human tool use relies on a number of cognitive systems — for instance, knowing
how to grasp and manipulate an object, or understanding how a particular tool is typically
used — here we focus on “mechanical reasoning,” or the ability to spontaneously repurpose

objects in our environment to accomplish a novel goal [166, 165, 84].

We target this mechanical reasoning because it is the type of tool use that is quintessen-
tially human. While other animals can manipulate objects to achieve their aims, only a few
species of birds and primates have been observed to spontaneously use objects in novel
ways, and we often view these activities as some of the most “human-like” forms of animal
cognition [197, e.g., Fig. 4-1A,B;]. Similarly, while Al systems have become increasingly
adept at perceiving and manipulating objects, none perform the sort of rapid mechanical

reasoning that people do. Some artificial agents learn to use tools from expert demonstra-
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Figure 4-1: Examples of using objects to achieve a goal. (A) Bearded capuchin monkey
opening a cashew nut with an appropriately sized stone [140]. (B) New Caledonian crow
using heavy blocks to raise the water level in a tube in order to retrieve food [113]. (C)
Toddler using a shovel to reach a ball (from youtu.be/hwrNQ93-568?t=198). (D) One
illustrative trial in the Virtual Tools game (https://sites.google.com/view/virtualtoolsgame).
(i) The player must get the red object into the green goal using one of the three tools. (ii)
The player chooses a tool and where to place it. (iii) Physics is turned “on” and the tool
interacts with other objects. The action results in a near miss.

tions [239], which limits their flexibility. Others learn from thousands of years of simulated
experience [10], which is significantly longer than required for people. Still others can rea-
son about mechanical functions of arbitrary objects but require perfect physical knowledge
of the environment [218], which is unavailable in real-world scenarios. In contrast, even
young humans are capable tool users: by the age of four they can quickly choose an appro-
priate object and determine how to use it to solve a novel task [17, e.g., picking a hooked
rather than straight pipe cleaner to retreive an object from a narrow tube, Fig. 4-1C;].
What are the cognitive systems that let us use tools so flexibly, and accomplish our
goals so rapidly? It has been suggested that mechanical reasoning relies on mental simu-
lation, which lets us predict how our actions will cause changes in the world [166]. This

general purpose simulation is a necessary component that supports our ability to reason
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Figure 4-2: Twenty levels used in the Virtual Tools game. Players choose one of three tools
(shown to the right of each level) to place in the scene in order to get a red object into the
green goal area. Black objects are fixed, while blue objects also move; grey regions are
prohibited for tool placement. Levels denoted with A/B labels are matched pairs.

about objects in novel environments, but by itself cannot explain how we make and update
our plans so quickly. We propose that another key to rapid tool use is knowing what sorts
of actions to even consider — both from an initial understanding of what actions are useful,
and by updating this belief from observing the outcome of our actions, in simulation and in

reality.

This paper makes two contributions. First, we introduce the Virtual Tools game, which
presents a suite of physical problem solving challenges, and allows for precise, quantifiable
comparisons between human and machine agents. Second, we present a minimal model of
flexible tool use, called “Sample, Simulate, Update” (SSUP). This model is built around
an efficient albeit noisy simulation engine that allows the model to act flexibly across a
wide variety of physical tasks. To solve problems rapidly, the SSUP model contains rich
knowledge about the world in the form of a structured prior on candidate tools and actions
likely to solve the problem, which allows it to limit its simulations to promising candidates.
It further learns from its simulations and from observing the outcome of its own actions to
update its beliefs about what those promising candidates should be. Across 30 Virtual Tools
levels in two experiments, we show that an instantiation of the SSUP model captures the
relative difficulties of different levels for human players, the particular actions performed

to attempt to solve each level, and how the solution rates for each level evolve.
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4.1.1 The Virtual Tools game

Inspired by human tool use, as well as mobile physics games [1], we propose the Vir-
tual Tools game as a platform for investigating the priors, representations, and algorithms
used in physical problem solving (https://sites.google.com/view/virtualtoolsgame). This
game asks players to place one of several objects (“tools”) into a two-dimensional dynamic
physical environment in order to achieve a goal: getting a red object into a green region
(Fig. 4-1D). This goal is the same for every level, but what is required to achieve it varies
greatly. Once a single tool is placed, the physics of the world is enabled so that players
see the effect of the action they took. If the goal is not achieved, players can “reset” the
world to its original state and try again; they are limited to a single action on each attempt.
We designed 30 levels — 20 for the original experiment (Fig. 4-2) and 10 for a validation
experiment (Fig. 4-7A) — to test concepts such as ‘launching’, ‘blocking’, and ‘supporting’.
Of the first 20 levels, 12 were constructed in six ‘matched pairs’ which incorporated small
differences in the goals or objects in the scene to test whether subtle differences in stimuli

would lead to observable differences in behavior.

The Virtual Tools game presents particular challenges that we believe underlie the kinds
of reasoning required for rapid physical problem solving more generally. First, there is a
diversity of tasks that require different strategies and physical concepts to solve, but em-
ploy shared physical dynamics that approximate the real world. Second, the game requires
long-horizon causal reasoning. Since players can only interact with the game by placing a
single object, they must be able to reason about the complex cause and effect relationships
of their action long into the future when they can no longer intervene. Finally, the game
elicits rapid trial-and-error learning in humans. Human players do not generally solve
levels on their first attempt, but also generally do not require more than 5-10 attempts in or-
der to succeed. People demonstrate a wide range of problem-solving behaviors, including
“a-ha” insights where they suddenly discover the right idea for how to solve a particu-
lar task, as well as incremental trial-and-error strategy refinement. Figure 4-3 demonstrates
how this occurs in practice, showing four different examples of participants learning rapidly

or slowly, and discovering different ways to use the tools across a variety of levels.
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Figure 4-3: Examples of participants’ behavior on three levels, representative of rapid trial-
and-error learning: Initial plans are structured around objects, followed by exploring to
identify more promising strategies and then refining actions until success. Objects start as
shown by light blue/red outlines and follow paths traced out by colored lines. Possible tool
choices shown to the right. (A) In the Catapult level, a useful strategy is often identified
immediately and rapidly fine-tuned. (B) Other participants first try an unsuccessful strategy
but then switch to a more viable strategy and refine it. (C) The Launch (B) level is designed
to prevent obvious solutions. This participant may have initially believed the ball would
start rolling and attempted to use a tool as a bridge. When this failed they realized they
needed to launch the ball, but only discovered after several trials how to use a tool in a non-
obvious way to accomplish this, via a hooking motion around the blocking ledge. They
then took several more trials to fine-tune this action. (D) In the SeeSaw level, a participant
realized on the second attempt they must support the platform for the ball to roll across,
then tried different ways of making this happen.

- —

4.1.2 Sample, Simulate, Update Model (SSUP)

We consider the components required to capture both the flexibility and efficiency of human
tool use. We propose that people achieve flexibility through an internal mental model that
allows them to imagine the effects of actions they may have never tried before (“Simulate™).
However, a mental model alone is not sufficient — there are far too many possible actions
that could be simulated, many of which are uninformative and unlikely to achieve a spe-
cific goal. Some mechanism for guiding an internal search is necessary to focus on useful
parts of the hypothesis space. We therefore propose people use structured, object-oriented
priors (“Sample”) and a rapid belief updating mechanism (“Update”) to guide search to-

wards promising hypotheses. We formalize human tool use with these components as the
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Figure 4-4: (A) The SSUP algorithm. (B) A diagram of the model for the Virtual Tools
game. It incorporates an object-based prior, a simulation engine for filtering proposals, and
an update module that suggests new proposals based on observations “in the mind” and
from actions taken in the world. (C) Illustration of the policy 7 evolving while attempting
a level. Colored patches represent the Gaussian policy for each tool.

“Sample, Simulate, Update” model (SSUP; Fig. 4-4A).

SSUP is inspired by the theory of “problem solving as search” [161], as well as Dyna
and other model-based policy optimization methods [211, 50]. Crucially, we posit that
structured priors and physical simulators must already be in place in order to solve problems
as rapidly as people; thus unlike most model-based policy optimization methods, we do not

perform online updates of the dynamics model.

We want to emphasize that we view SSUP as a general modeling framework for phys-
ical problem solving, and only present here one instance of that framework: the minimal
model (described below, with more detail in Appendix, Section A.2) that we think is needed
to capture basic human behavior in the Virtual Tools game. In the discussion we highlight
ways the model will need to be improved in future work, as well as aspects of physical rea-
soning that rely on a richer set of cognitive systems going beyond the framework presented

here.
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Sample: object-based prior At a minimum, the actions we should consider to achieve
any goal should have the potential to impact our environment. We therefore incorporate an
object-based prior for sampling actions. Specifically, the model selects one of the movable
objects in the scene, then chooses an x-coordinate in an area that extends slightly beyond
the width of the object, and a y-coordinate either above or below that object (Fig. 4-4B:
Prior). For tool choice, we assume participants are equally likely to choose any of the three
tools since all tools in the game were designed to be unfamiliar to participants. Samples

from this distribution are used to initialize search.

Simulate: a noisy physics engine In order to determine which sampled actions are worth
trying in the world, we assume people use an “Intuitive Physics Engine” [15] to flexibly
imagine the effects of their actions. This engine is able to simulate the world forwards in
time with approximately correct but stochastic dynamics [202, 183]. Determining the effect
of a proposed action therefore involves applying that action to one’s mental representation,
and using the Intuitive Physics Engine to posit the range of ways that action might cause
the world to unfold [37, 43]. Here we implement simulation using a game physics engine
with noisy dynamics. People characteristically have noisy predictions of how collisions
will resolve [202], and so for simplicity we assume uncertainty about outcomes is driven
only by noise in those collisions (the direction and amount of force that is applied between
two colliding objects).!

Since the internal model is imperfect, to evaluate an action we produce a small number
of stochastic simulations (7, set here at 4) to form a set of hypotheses about the outcome.
To formalize how good an outcome is (the reward of a given action), we borrow an idea
from the causal reasoning literature for how people conceptualize “almost” succeeding
[78]. “Almost” succeeding is not a function of the absolute distance an action moved you
towards your goal, but instead how much of a difference that action made. To capture
this, the minimum distance between the green goal area and any of the red goal objects is
recorded; these values are averaged across the simulations and normalized by the minimum

distance that would have been achieved if no tool had been added. The reward used in SSUP

"'We also considered models with additional sources of physics model uncertainty added, but found that
the additional parameters did not improve model fit, so we do not analyze those models here.
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is 1 minus the normalized distance, so that closer objects lead to higher reward.

Once the model finds a good enough action (formalized as the average reward being
above some threshold), it takes that action “in the world.” Additionally, to model time
limits for thinking, if the model considers more than 7" different action proposals without
acting (set here at 5), it takes the best action it has imagined so far. We evaluate the effect

of all parameter choices in a sensitivity analysis (see Appendix, Fig. A-1).

Update: learning from thoughts and actions So far we have described a way of intel-
ligently initializing search to avoid considering actions that will not be useful. But what if
the prior still presents an intractably large space of possible actions?

To tackle this, we incorporate an update mechanism that learns from both simulated and
real experience to guide future search towards more promising regions of the hypothesis
space [115]. This is formally defined as a Gaussian mixture model policy over the three
tools and their positions, 7' (s), which represents the model’s belief about high value actions
for each tool. 7'(s) is initialized with samples from the object-oriented prior, and updated
using a simple policy gradient algorithm [231]. This algorithm will shape the posterior
beliefs around areas to place each tool which are expected to move target objects close to
the goal, and are therefore likely to contain a solution. Such an update strategy is useful
when it finds high value actions that are nearby successful actions, but may also get stuck
in local optima where a successful action does not exist. We therefore use a standard
technique from reinforcement learning: epsilon-greedy exploration. With epsilon-greedy
exploration, potential actions are sampled from the policy 1 - €% of the time, and from
the prior €% of the time. Note that this exploration is only used for proposing internal
simulations; model actions are chosen based on the set of prior simulation outcomes. This

is akin to thinking of something new, instead of focusing on an existing strategy.

4.2 Results

We analyze human performance on the first 20 levels of the Virtual Tools game and compare

humans to the SSUP model and alternates, including SSUP models with ablations and
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Figure 4-5: (A) Comparison of average number of human participants’ attempts for each
level with average number of attempts for the SSUP model. Bars indicate 95% confidence
intervals on estimates of the means. (B) Comparison of human participants’ accuracy on
each trial versus the accuracy of the SSUP model. (C) Comparison of human participants’
accuracy to all alternate models. Numbers correspond to the trials in Fig. 4-2.

two alternate learning baselines. We show that the full SSUP model best captures human
performance. Access to the game and all data including human and model placements is

provided at https://sites.google.com/view/virtualtoolsgame.

4.2.1 Human results

Experiments were approved by the MIT Committee on the Use of Humans as Experimental
Subjects under protocol #0812003014. Participants were notified of their rights before the
experiment, were free to terminate participation at any time by closing the browser window,
and were compensated monetarily for their time.

We recruited 94 participants through Amazon Mechanical Turk and asked each partic-
ipant to solve 14 levels: all 8 of the unmatched levels, and one variation of each of the 6
matched pairs (randomly selected).

Participants could choose to move on once a problem was solved, or after two minutes
had passed. See Appendix, Section A.1 for further details.

The variation in difficulty between levels of the game was substantial. Participants
showed an average solution rate of 81% (sd = 19%), with the range covering 31% for the
hardest level to 100% for the easiest. Similarly, participants took an average of 4.5 actions

(sd = 2.5) for each level, with a range from 1.5 to 9.4 average attempts. Even within trials,
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there was a large amount of heterogeneity in the number of actions participants used to
solve the level. This would be expected with “rapid trial-and-error” learning: participants
who initially tried a promising action would solve the puzzle quickly, while others explored

different actions before happening on promising ones (e.g., Fig. 4-3).

Behavior differed across all six matched level pairs. We study whether these subtle
differences do indeed affect behavior, even without feedback on the first action, by asking
whether we can identify which level variant each action came from. We find these actions
are differentiable across matched levels in ‘Shafts’, ‘Prevention’, ‘Launch’ and ‘Table’ on
the first attempt, but not ‘Falling’ or “Towers’ (see Appendix, Fig. A-11 and Sec. A.6.1 for
details). However, participants required a different number of actions to solve every level
(allzs > 2.7, ps < 0.01). This suggests that people are paying attention to subtle differences

in the scene or goal to choose their actions.

4.2.2 Model results

We investigate several metrics for comparing the models to human data. First, we look at
how quickly and how often each model solves each level, and whether that matches partic-
ipants. This is measured as the correlation and root mean squared error (RMSE) between
the average number of participant attempts for each level and the average number of model
attempts for each level, and the correlation and RMSE between human and model solution
rates. The SSUP model explains the patterns of human behavior across the different levels
well (Appendix, Table A.2). It uses a similar number of attempts on each level (r = 0.71;
95% CI = [0.62,0.76]; mean empirical attempts across all levels: 4.48, mean model at-
tempts: 4.24; Fig. 4-5A) and achieves similar accuracy (r = 0.86; 95% CI = [0.76,0.89];
Fig. 4-5B).

Across many levels, the SSUP model not only achieves the same overall solution rate
as people, but approaches it at the same rate. We measure this by looking at cumulative
solution rates — over all participants or model runs, what proportion solved each level within
X placements — and find that people and the model often demonstrate similar solution

profiles (Fig. 4-6A; see Appendix, Section A.6.2 for quantitative comparison).
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Figure 4-6: (A) Cumulative solution rate over number of placements for participants vs.
the SSUP model. (B) Distribution of model actions (background) versus human actions
(points) on the first and last attempts of the level for a selection of four levels. The distribu-
tion of model actions is estimated based on fitting a Kernel Density Estimate to the actions
taken by the model across 250 simulations. Colors indicate the tool used, with the tools and
associated colors shown to the right of each level. In most levels, the SSUP model captures
the evolution of participants’ solutions well, including the particular actions chosen; in the
few cases that it differs, there is no alternative model that systematically explains these
differences.

We can look in more detail how the model accomplishes this by comparing both the first
actions that people and the model takes (Fig. 4-6B), and the actions that both take to solve
a level (Fig. 4-6C). Like our human participants, the model takes significantly different
actions on the first attempt between matched level pairs (see Appendix, Sec. A.6.1). More
generally, both people and the model will often begin with a variety of plausible actions
(e.g., Catapult). In some cases, both will attempt initial actions that have very little impact
on the scene (e.g., SeeSaw and Prevention (B)); this could be because people cannot think
of any useful actions and so decide to try something, similar to how the model can exceed
its simulation threshold. However, in other cases, the model’s initial predictions diverge
from people, and this leads to a different pattern of search and solutions. For instance, in
Falling (A), the model quickly finds that placing an object under the container will reliably

tip the ball onto the ground, but people are biased to drop an object from above. Because
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of this, the model often rapidly solves the level with an object below, whereas a proportion
of participants find a way to flip the container from above; this discrepancy can also be
seen in the comparison of number of attempts before the solution, where the model finds a
solution quickly, while people take a good deal longer (Fig. 4-5A). For comparisons of the

first and last actions across all levels, see Appendix, Fig. A-11.

Model comparisons on Virtual Tools

We compare the full SSUP model against a set of six alternate models. Three models
investigate the contribution of each SSUP component by removing the prior, simulation,
or updating individually. Two models propose alternate solution methods: learning better
world models rather than learning over actions (Parameter Tuning) or replacing the prior
and simulator with a learned proposal mechanism (DQN + Updating). The Parameter Tun-
ing alternate model uses inference to learn object densities, frictions and elasticities from
observed trajectories. The learned proposal mechanism corresponds to a model-free deep
reinforcement learning agent [156] which is trained on a set of 4500 randomly generated
levels of the game (see Appendix, Sec. A.5), and then updated online for each of the 20
testing levels using the same mechanism as SSUP. This model has substantially more expe-
rience with the environment than other models, and serves as a test of whether model-free
methods can make use of this experience to learn generalizable policies that can guide
rapid learning. Finally, we compare to a “Guessing” baseline for performance if an agent
were to simply place tools randomly. See Fig. 4-5C and Appendix, Table A.2 for these
comparisons.

Eliminating any of the three SSUP components causes a significant decrease in perfor-
mance (measured as deviation between empirical and model cumulative solution curves;
all bootstrapped ps < 0.0001; see Appendix, Sec. A.6.2, Fig. A-6 for further detail).
The reduced models typically require more attempts to solve levels because they are ei-
ther searching in the wrong area of the action space (No Prior), attempting actions that
have no chance of being successful (No Simulation), or do not guide search towards more
promising areas (No Updating).

DQN + Updating performs worst of all plausible alternate models, using the most ac-
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tions and solving levels at a rate barely over chance. Because this is equivalent to the No
Simulation model with a different prior, its poor performance suggests that generalized ac-
tion policies cannot easily be learned from repeatedly playing similar levels (see Appendix,
Sec. A.5).

Because the Parameter Tuning model is equivalent to the No Updating model except
that the properties of the dynamics model can be learned in Parameter Tuning, comparing
those two models allows us to test whether we need to assume that people are learning the
dynamics of the world in this game. The fact that both models perform roughly equivalently

(see Fig. 4-5C) suggests that we do not need this assumption here.
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Figure 4-7: Results on 10 additional trials. (A) Trials used for the second experiment. (B)
The cumulative solution rate for participants and the SSUP model. (C) Comparison of
the number of human and model actions by trial. (D) Comparison of human and model
accuracy on each trial.

Finally, we quantified how well each model captured the particular actions people took.
Due to heterogeneity in participants’ responses, we were unable to cleanly differentiate
models’ performance except to find that the DQN + Updating model underperformed the
rest (see Appendix, Sec. S.6.3). However, no model reached the theoretical noise ceil-

ing, suggesting components of the SSUP framework could be improved to better explain
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participants’ actions (see the Discussion).

4.2.3 Validation on novel levels

We conducted a second experiment to test whether the models generalize to novel levels
and physical concepts without tuning hyperparameters. For this experiment, we created
10 new levels: 6 novel level types and 4 variants of the originals (Fig 4-7A), testing an
independent sample of 50 participants on all levels. The 6 novel level types were designed
to test new physical strategies, including balancing, breaking, and removing objects from a

ball’s path. All other experimental details were identical to the main experiment.

Without tuning any model parameters, we find a good correspondence between human
and model solution rates (Fig. 4-7B), and a strong correlation between the model’s per-
formance and human performance across number of placements (Fig. 4-7C, r = 0.85) and
accuracy (Fig. 4-7D, r = 0.95). Similar to the main experiment, we find a decrement in
performance if the prior or simulation are removed, or for the DQN + Updating model (all
bootstrapped ps < 0.0001; Appendix, Fig. A-7). However, while numerically worse, we do
not find a reliable difference if the update mechanism is removed (p = 0.055) or swapped
for model learning (p = 0.346), suggesting that the particular reward function or update

procedure might be less applicable to these levels (see Appendix, Sec. S.6.2).

4.3 Discussion

We introduce the Virtual Tools game for investigating flexible physical problem solving in
humans and machines, and show that human behavior on this challenge expresses a wide
variety of trial-and-error problem solving strategies. We also introduce a model for human
physical problem solving: “Sample, Simulate, Update.” The model presumes that to solve
these physics problems, people rely on an internal model of how the world works. Learning
in this game therefore involves condensing this vast world knowledge to rapidly learn how

to act in each instance, using a structured trial-and-error search.
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4.3.1 Model limitations

Although the SSUP model we used solves many of the levels of the Virtual Tools game in
a human-like way, we believe that this is still only a first approximation to the rich set of
cognitive processes that people bring to the task. In particular, there are at least two ways
in which the model is insufficient: its reliance on very simple priors, and its planning and

generalizing only in the forwards direction.

We can see the limits of the object-based prior in the Falling (A) level (Fig. 4-5B):
people are much less likely to consider placing an object underneath the container to tip it
over. Instead, many people try to tip it over from above, even though this is more difficult.
In this way, people’s priors over strategies are context specific, which causes them to be
slower than the model in this level. In other cases, this context specificity is helpful: for
instance, in the hypothetical level shown in Fig. 4-8 A, there is a hole that one of the tools fits
suspiciously perfectly into. Many people notice this coincidence quickly, but because the
model cannot assess how tools might fit into the environment without running a simulation,
it only succeeds 10% of the time. In future work, a more complex prior could be instantiated
in the SSUP framework, but it remains an open question how people might form these

context-specific priors, or how they might be shaped over time via experience.

People show greater flexibility than our model in the ability to work backwards from the
goal state to find more easily solvable sub-goals [6]. In the hypothetical level in Fig. 4-8B,
the catapult is finicky, which means that most catapulting actions will not make it over the
barrier, and therefore will never hit the ball on the left. Instead, the easiest way to increase
the objective function is by the incorrect strategy of knocking the ball on the right to get
close to the goal, and therefore the model only solves the level 8% of the time. Working
backwards to set the first sub-goal of launching the ball over the barrier would prevent
getting stuck with knocking the ball as a local minimum. From an engineering standpoint,
creating sub-goals is natural with discrete problem spaces [161], but it is less clear how

these might be discovered in the continuous action space of the Virtual Tools game.
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4.3.2 Related cognitive systems

There is an extensive body of research into the cognitive systems that underlie the use
of real-world tools, including understanding how to manipulate them and knowing their
typical uses [220, 165, 166, 17]. Here our focus was on “mechanical knowledge” of tools:
how to use objects in novel situations. However, in real-world tool use, these systems work
together with motor planning and semantic knowledge of tools. Future work can focus on
these links, such as how novel tools become familiar, or how our motor limits constrain the
plans we might consider.

The Virtual Tools game presents a problem solving task that blends facets of prior work,
but encompasses a novel challenge. To rapidly solve these problems requires good prior
knowledge of the dynamics — unlike Complex Problem Solving in which the dynamics
are learned in an evolving situation [65] — and further iteration once a promising solution
is considered — unlike the ‘a-ha’ moment that leads immediately to a solution in Insight
Problem Solving [31, 82]. Unlike in traditional model-based or model-free reinforcement
learning, in this task people bring rich models of the world that they can quickly tailor to
specific, novel problems.

Distilling rich world knowledge to useful task knowledge is necessary for any agent
interacting with a complex world. One proposal for how this occurs is “learning by think-
ing” [136]: translating knowledge from one source (internal models of physics) to another,
more specific instantiation (a mapping between actions and outcomes on this particular
level). We show how SSUP instantiates one example of “learning by thinking”’: by training
a policy with data from an internal model. Evidence for this sort of knowledge transfer has
been found in people [74, 75], but has focused on simpler discrete settings in which the

model and policy are jointly learned.

4.3.3 Virtual Tools as an AI Challenge

In preliminary experiments with model-free reinforcement learning approaches [156], we
found limited generalization with inefficient learning across almost all of the Virtual Tools

levels (see Appendix, Section A.5) despite significant experience with related levels.

75



| B <

Figure 4-8: Two problems that demonstrate limitations of the current model. (A) A “sus-
picious conicidence” that one tool fits perfectly in the hole. (B) Creating a ‘sub-goal’ to
launch the ball onto the other side is useful.

Based on our human experiments, we believe that model-based approaches will be
required to be able to play games like Virtual Tools. Such approaches are becoming in-
creasingly popular in machine learning [228], especially when combined with “learning-
to-learn” techniques that can learn to adapt quickly to new tasks [55, 187]. Learning these
models remains challenging, but approaches that incorporate added structure have excelled
in recent years [28, 112]. Within the Al and robotics communities, model-based methods
are already popular [218, 116, 68]. Remaining challenges include how to learn accurate
enough models that can be used with raw sensor data [126], and how to handle dynamic
environments.

Virtual Tools adds to a growing set of environments that test artificial agents’ abilities
to predict and reason using physics, such as the concurrently developed PHYRE bench-
mark [11] and others [229, 12, 71]. In contrast, our focus is on providing problems that
people find challenging but intuitive, where solutions are non-obvious and do not rely on
precise knowledge of world dynamics. By contributing human data to compare artificial
and biological intelligence, we hope to provide a test-bed for more human-like artificial

agents.

4.3.4 Future empirical directions

This work provides an initial foray into formalizing the computational and empirical un-

derpinnings of flexible tool use, but there remains much to study. For instance, we do not
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find evidence that people learn more about the world, perhaps because here there is little
benefit to additional precision here. But there are cases where learning the dynamics is
clearly helpful (e.g., discovering that an object is abnormally heavy, or glued down), and
we would expect people to update their physical beliefs in these cases. When and in what
ways people update their internal models to support planning is an important area of study.

Children can discover how to use existing objects earlier than they can make novel tools
[17], suggesting that tool creation is more challenging than tool use. Yet it is the ability
to make and then pass on novel tools that is theorized to drive human culture [216]. It is
therefore important to understand not just how people use tools, but also how they develop
and transmit them, which we can study by expanding the action space of the Virtual Tools

game.

4.3.5 Conclusion

Understanding how to flexibly use tools to accomplish our goals is a basic and central
cognitive capability. In the Virtual Tools game, we find that people efficiently use tools to
solve a wide variety of physical problems. We can explain this rapid trial-and-error learning
with the three components of the SSUP framework: rich prior world knowledge, simulation
of hypothetical actions, and the ability to learn from both simulations and observed actions.
We hope this empirical domain and modeling framework can provide the foundations for
future research on this quintessentially human trait: using, making, and reasoning about

tools, and more generally shaping the physical world to our ends.
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Chapter 5

Rapid Strategy Learning with Relational

Program Policies

The previous chapter introduced the Virtual Tools game to study general physical prob-
lem solving in humans and machines, and showed that rapid trial-and-error learning in
the game is made possible by a combination of mental simulation and structured action
spaces. Within a particular problem, the “Sample, Simulate, Update” model accounts for
both coarse- and fine-grained human behavior over the course of trying and failing to find
a solution to a problem. However, neither humans nor the model learned across problems,
which we attributed as weak evidence for the idea that people were learning how to use
their simulators more effectively, rather than learning generically better world models to
guide their actions. As alluded to in the discussion of the last chapter, here we investigate
whether people might learn across levels if there are strategies that could be generalized
between them; such as learning to “catapult” or “support” an object.

In a set of three different physical problem solving experiments, here we show that
participants can learn adaptable, relational strategies that can be flexibly composed with
novel physical variables even from very limited experience. The learned strategies are con-
textual, physical and relational. Participants selectively transfer these strategies when the
crucial relational context of the strategy is satisfied, such as needing to “catapult”, “sup-
port”, “launch” or “destabilize” an object in the scene to accomplish a goal. We show that

these strategies are composable with physical knowledge: people can adjust their strategies
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to account for new object weights despite no direct interaction experience with these ob-
jects. These empirical observations can be captured by a model that represents strategies as
relational programs that guide the search procedure for a model-based planner, and learns
these from purely trial-and-error experience. Taken together, these results suggest that peo-
ple can make use of limited experience to learn abstract strategies that go beyond simple
model-free policies and are instead object-oriented, adaptable, and can be parameterized

by model-based variables such as weight.

5.1 Introduction

Imagine that you are attending a conference dinner buffet with a container of delicious-
looking fried rice. As you go to scoop the rice onto your plate, you realize there is no
serving spoon. The container is too hot to pick up, and being too polite to scoop the
rice with your hands, what do you do? You might notice a stack of paper plates near the
container that you can fold into a large scoop to pick up the rice. Having solved your rice
problem, you could apply the same solution to other dishes without serving utensils. At
future buffets with missing utensils, you would know to apply the same strategy, even if
the plates were a different shape or made of a somewhat more rigid material, though you
might have to adapt how you fold and scoop. And you might even transfer this strategy to
scenarios that are nothing like buffets superficially, like using a soft Frisbee to dig a hole at
the beach.

How are people able to learn and generalize these object oriented strategies so effi-
ciently? Learning a simple, stereotyped scene-action response would not let you generalize
this strategy beyond buffets with specific paper plates. Having general knowledge that pa-
per plates are malleable does not tell you how you might use them to solve your problem.
Instead it requires some insight about what the right kind of thing to do is, and how to
adapt that idea to the new objects, scenes, and tasks you encounter. This applies not just to
making novel paper utensils, but also to learning other kinds of abstract physical strategies
such as levering heavy objects that could not otherwise be lifted, or placing an object under

a wobbly table to stabilize it. Indeed, within tool use, children as young as four years of age
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are able to correctly adjust their strategy for interacting with a rake tool when the rake is no
longer rigid [24], and switch to using a tool that obeys rigidity despite a lack of perceptual

similarity.

Figure 5-1: Examples of catapults across very different settings. A A medieval catapult
(Figure credit: Vonmangle commonswiki at https://commons.wikimedia.org/wiki/
File:Replica_catapult.jpg. B A human catapult. Figure credit: verticalvisions.
com. C A catapult made from household materials. Figure credit: https://
gosciencegirls.com/diy-catapult-models/.

Trial and error learning of this form is often modeled using either model-based or
model-free reinforcement learning [74]. Model-based learning assumes that an agent is
learning more about the dynamics of the world through its interactions, which allows it to
form better plans in the future, e.g., learning more about the flexibility of the plates. But
even with a perfect model of the world, there is a near-infinite set of actions one might
take — how would you know that folding a plate is the correct thing to do, as opposed to
searching elsewhere for utensils?

In contrast, one variant of model-free reinforcement learning assumes that learning
guides an agent towards promising actions by updating a policy (which action or sequence
of actions you should take from the current state to maximize reward). In this way the
agent learns exactly what action to take in any given situation, and so does not have to
consider the outcomes of large sets of actions. However traditional representations of poli-
cies are relatively brittle: common methods create look-up tables that represent one-to-one
mappings of states and their features directly to values or actions [36, 74]. Such policy
representations will not necessarily be flexible enough for an agent to transfer the paper
plate skill to a new kind of paper, a new shape of plate, or possibly even a new buffet.

[5] found that people instead use a hybrid learning system for solving physical prob-
lems: they have pre-existing models of dynamics that they can use to assess the outcome

of their actions [15], but learn what actions are useful in a given context by combining the
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output of that model with observations from their own actions. However, while [5] found
that people learn within a problem context, they found no evidence that people generalize
across problems, perhaps because the physics puzzles they used in their study required a

diverse set of strategies.

Here we ask whether people naturally transfer abstract policies (which we refer to as
“strategies”) for using objects across different contexts, and if so, what the representation
of those strategies are. This is an important question because previous work focuses on how
to reuse past experience by directly copying policies [36], or learning separate dynamics
and reward functions from training tasks [64] by clustering context variables [237, 158]. A
natural question is then: what are these context variables, and by which criteria should they

be clustered together?

A possible answer comes from relational or analogical reasoning. The human capacity
for analogy has been extensively studied in the context of inference: how do people use
the structure of a problem to infer what knowledge can be transferred from a previous
experience [73]? In these settings, the structure of the problem is given (by demonstration
or verbal instruction) — participants must only determine a mapping that allows them to

reuse knowledge from a previous structure.

This is not generally the task that people face. Instead, people must simultaneously
discover for themselves both how to structure a problem in a way that enables transfer,
as well as how to then map that structure onto new problems to most effectively reuse

knowledge.

This is the setting in which our experiments lie. Through a set of three exploratory
experiments, we examine what people learn when they are repeatedly exposed to similar
physical problems, and what contexts they transfer that learning to. In Experiment 1, we
show that people learn strategies, not generically better world models, that are selectively
applied to problems that appear similar to the ones they encountered during training. In Ex-
periment 2, we test the generalization and adaptability of these learned strategies by seeing
whether people can apply them to scenes that look visually distinct from, but require the
same physical concepts of, the training problems. Finally, in Experiment 3, we test whether

learned strategies are model-based in that they can incorporate variables such as an object’s
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weight. People trained on medium weight objects were able to immediately adapt their
strategies to account for objects which were heavier or lighter than those experienced dur-
ing training despite no direct interaction experience with the new objects. We demonstrate
that these results can be explained by a computational model that learns relational policies
represented as logical programs which provide an action prior for a model-based reinforce-
ment learning agent. Computational models that do not represent policies relationally, or do
not incorporate a noisy physical simulation engine, are unable to capture the same pattern
of results we see in people. Together, these results suggest that people can simultaneously
learn problem structure while also transferring it to new problems. This structure is inher-
ently relational, and people can adapt strategies to new, learned physical model variables

to maintain flexibility.

5.1.1 Relational Program Policies

How do people learn useful policies across tasks, while still maintaining flexibility within
tasks? Models from analogical reasoning suggest people map structure across tasks to find
similarities which allow them to make inferences [73, 151]. On the other hand, models from
reinforcement learning suggest people learn policies that can generalize across tasks over
time [217], but these are unstructured, and so may be fairly limited in their generalization.
To explain how people can simultaneously learn policies within tasks while also learning

structure across tasks, we must integrate these two perspectives.

Our method takes inspiration from relational reinforcement learning within Artificial
Intelligence (relational RL [53]) to integrate these two perspectives on learning and transfer.
In relational reinforcement learning, states and actions are represented in a relative way.
For example, imagine a tower of blocks. In traditional setups, you might represent the
tower by listing the position of each block in absolute coordinates. In relational RL, you
would instead represent these states by listing the relations that hold between blocks, such
as one block being on top of another (above(blockl, block2)). This can lead to significantly
improved transfer across scenes. If the block tower is simply moved to another table, all

of the absolute positions of the blocks might change, but the relations between them will
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remain constant. If you represent the problem relationally, this new scene will then appear
identical to the problem you just solved, meaning that you could simply reuse your previous
solution instead of solving the problem again from scratch.

Despite the promise of relational RL, there are at least two limitations that have pre-
vented its more widespread adoption. First, relational reinforcement learning is often prone
to over-fitting. One of the most popular methods, TILDE-RT [53] uses decision trees in
conjunction with Q learning to learn a single representation of the Q value for (state,action)
pairs as a decision tree. This can lead to catastrophic overfitting. If the reward landscape
in state or action space is not smooth, the decision tree will quickly propose a much too
narrow region of space as the area of highest reward. Since many problems do not have
such smooth reward landscapes, this is a substantial limitation. Second, the number of re-
lational predicates that are used in relational RL is fixed and finite. To truly capture human
learning, we might want our methods to be amenable to potentially infinite numbers of
relational predicates, as well as generalizing to potentially infinite action spaces.

To overcome these limitations, we present Relational Program Policies (RPP), which
combines the best of relational reasoning models from analogy with the structure learn-
ing capabilities of reinforcement learning. RPP represents policies as logical disjunctions
of conjunctions over relational predicates. Unlike traditional relational RL, RPP can be
interpreted as a form of Bayesian program induction. By approximating policies using a
weighted Bayesian ensemble, RPP is less susceptible to the problems of over-fitting and
sensitivity to noise in previous methods from relational RL. Because RPP is a form of
program induction, it also has the potential to operate over infinite spaces of relational

predicates.

5.1.2 Representations of policies in RPP

We follow [199] in defining a policy class IT consisting of state (S)-action(A) classifiers
h:SxA4—{0,1}. When h(s,a) = 1, the action a in state s is permissible and may be
taken. By using this parameterization, / is a function that can be applied to sets of states

and actions of any size — we simply run the function over all available (state,action) pairs.
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Figure 5-2: Relational Program Policies. A An example of a learned relational decision tree
program for describing the strategy of catapulting an object into a goal. The colors in the
tasks show how each relational predicate specifies a narrower region of the possible action
space. B The relational program is incorporated into a within-task search procedure which
samples actions specified by the relational program, imagines how they might impact the
world, and then updates its estimates of which actions will be effective.

A policy 1t(a | s) will then sample action a uniformly at random from the permissible set.

If no action is permissible, the policy will sample an action at random.

How should % be represented? Relational reinforcement learning would write down
a set of finite rules for 4, and simply calculate whether or not each of those rules holds
for the current scene. This is unnecessarily burdensome and rigid. Instead, we propose
that the rules are programmatic: they are expressions in some domain specific language
(DSL) that take states and actions as inputs. Writing down programmatic rules has two
advantages. First, this allows the rule space to be potentially infinite — if rules are drawn
from a grammar, that grammar could potentially ground out in infinite combinations, and
it would not be a problem. Second, we do not have to make as many assumptions about
the specific rules that people might be bringing to the task — these can be discovered as

particular programs within the grammar.

However, there is a catch. There are now many more possible rules that could describe
a good policy, so naive enumeration through the space of rule combinations would be in-
feasible. As in [199], to tackle this inference problem we restrict ourselves to only consider

logical combinations of programmatic rules f;(s,a) drawn from the grammar, specifically
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"or"s of "and"s:

h(s,a) = (fo(s,a) N ... A fi(s,a)) V...V (faz1(s,a) Ao A fu(s,a)) (5.1

By making this restriction, we can take advantage of the same greedy learning algorithms
that are used by traditional relational reinforcement learning, in this case decision trees

[52].

5.1.3 Inference in RPP

RPP can be seen as performing Bayesian inference over the set of (state,action) pairs that
will lead to success given a set of examples D which are either failures or successes. With

this perspective in mind, we can compute a full posterior distribution over policies p(r | D).

Probabilistic Model p(r, D)

To define a joint distribution over policies  and data 9, we must define a prior p(nt) and
likelihood p(D||x). As in previous work, the prior is chosen to encode a preference for poli-
cies which use fewer and simpler programmatic rules [199]. Therefore the joint probability
of a relational policy is simply the product of the probabilities of each of its programmatic
rules fi(s,a) [144]. The probabilities for each fi(s,a) are simply the probability of gener-
ating that particular programmatic rule given the generation probabilities in the associated
probabilistic context-free grammar p(f) referred to in the last section and shown in Table
5.1
The likelihood of a dataset 9 given a policy T is p(D | &) o< [TY, H_IT.":1 T(aij | sij)-

Approximating the Posterior p(r | D)

To calculate an approximate posterior ¢(nt) ~ p(nt | D), we assume g(7) to be a weighted
mixture of K policies (u1, ..., ugx) and initialize each y; to have equal weight and be equal
to the uniform policy over actions. Assuming we have at least one positive example in
D, we can generate negative examples by considering counterfactuals over the action or

state space. For simplicity, here we consider only counterfactuals of actions that choose a
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different object in the scene, or different geometric relationships with the object that was
successfully acted upon. Given that we now have at least one positive and one negative
example, we can then set up a classification problem to attempt to find programmatic rules
fi(s,a) which will successfully distinguish the positive and negative examples.

Since the number of possible rules f;(s,a) is theoretically infinite, we enumerate through
rules in order of probability. The rules with highest probability under the grammar are
selected first, followed by increasingly more complex (and less probable) rules. This is
straightforward to do with best first search. With this finite set of rules N, each (state, action)
pair in the dataset D can be converted into a length N vector with each entry representing
the output of a particular rule. It is then straightforward to apply any classification algo-
rithm to the dataset consisting of length N vectors paired with a success label [155, 177].

Here we follow [52] and use a decision-tree learner [172].

The inferred decision tree represents a candidate policy u, (see Figure 5-2A for an
example). We can calculate the prior probability of u, based on which rules it chose to
use, and evaluate the likelihood based on how well it classifies the available data. u, will
be included in the posterior mixture ¢ if its unnormalized posterior probability is greater
than the lowest-scoring component in the current mixture. The mixture is then reweighted
according to q(u;) = = (| D)

- Zf:l p(uj|D)
other stopping criteria are also possible.

. We stop iterating after a fixed number of steps, although

The optimal policy is then T, (s) = argmaxae 2 ¥ ycqd(p)u(als).

5.1.4 Using RPP to guide model-based search

Given a dataset of (state,action) pairs, RPP can efficiently find a relational program that
will differentiate between successful and unsuccessful actions. This can explain how peo-
ple learn relational structure across tasks and use it to transfer strategies across disparate
contexts. However, there is still a learning problem within tasks — how should I use my

failures in this particular task to guide what I do next?

In previous work, [5] suggested that people use a framework called “Sample, Simulate,

Update” (SSUP) which suggests that within tasks, people use a combination of noisy phys-
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ical simulations and real actions to hone in on promising regions of action space. Critical
to their model was a “sample” step which was assumed to be a generic action prior that
preferentially picked actions which would interact with objects in the scene. We propose
that to capture learning across tasks, it is sufficient to replace the “sampler” from their orig-
inal framework with the learned relational program policy (Figure 5-2B). The data given
to RPP is then all the simulations and actions that were attempted across previous levels

where the agent was successful.

Combining RPPs with this model-based search procedure provides several advantages
over the model-free RPP method from the previous section. RPPs can now adapt to changes
to the physical world. If it turns out that the learned strategy is not applicable in this
particular scene, the noisy simulator can guide the agent away from those regions proposed
by RPP. Additionally, if something about the physical world changes which does not impact
the relations between objects (for example, maybe you encounter a new object with greater
mass, or a particularly slippery object), RPP + SSUP can immediately adapt, while RPP
alone would take exactly the same action that worked for the old physical variables. For
experiments in this chapter, we do not modify any of the SSUP hyperparameters — all

hyperparameters are identical to those used in [5].

5.1.5 Alternate models

We compare two alternate models to RPP+SSUP to test both the importance of represent-
ing policies with relational programs, and the importance of using RPPs to guide mental

simulation as opposed to using them in a model-free way.

“Non-relational model-based strategies” uses a notion of object-oriented actions, like
the “Sample” procedure in the original SSUP model, but does not incorporate relational in-
formation into the policy. Mathematically, this means that the “Sample” procedure is repre-
sented as first choosing a dynamic object in the scene (0bj Categorical ({dynamicob jects})),
then choosing an offset to that object as a Gaussian centered upon it (x,y location(obj) +
Gaussian(0,6,p;)). The tool is similarly sampled as a categorical distribution across op-

tions (ool Categorical(tooly,tooly,tools). The parameters for each distribution are learned
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within a level, and transferred across levels based on object similarity

(defined as a:;gz(gorzfe(;’gﬁg’(ifj’.ll(iifl?j)z))) ). If an object in the new scene is sufficiently similar
to one in the old scene, we transfer the Gaussian distribution parameters, G,y,;, as well as
the probability of selecting that object under the Categorical distribution. The probabilities
across categories are then re-normalized.

“Relational model-free strategies™ ablates the model-based search procedure, but main-
tains the representation of policies as relational programs, and uses the same inference
procedure as described in the preceding section. If the policy does not have at least one

success and one failure to learn a program, it samples an action randomly from the same

object-oriented “Sample” distribution as used in SSUP [5].

5.2 Results

In the following experiments, we highlight three aspects of RPP+SSUP. In Experiment 1,
we show that people can learn relational strategies where the available tools and precise
positions of objects in the scene change across tasks, and that these are selectively applied
when the relational context of the scene is maintained. In Experiment 2, we introduce more
visually distinct test tasks that still share the underlying relational context with the train-
ing tasks, demonstrating again that RPP+SSUP transfers strategies when appropriate, and
learns efficiently in training. We additionally show that simpler alternatives to RPP+SSUP,
such as ignoring relations and focusing solely on object similarity, cannot account for the
learning curves or differences in test performance which people demonstrate. In Exper-
iment 3, we test whether learned strategies are model-based in that they can incorporate
variables such as an object’s weight. People trained on medium weight objects were able
to immediately adapt their strategies to account for objects which were heavier or lighter
than those experienced during training despite no direct interaction experience with the
new objects.

We focus on the Virtual Tools game proposed by [5], shown in Figure 5-1. Each prob-
lem is presented as an initial scene (with physics turned off), a goal description, and three

‘tool’ objects to choose from (Fig. 5-1A). Participants must accomplish the stated goal ob-
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Figure 5-3: Diagram of Experiment 1. (A) Participants start with a learning phase where
they play 10 related levels with random tool options with only three attempts per level. (B)
Participants play the same set of 6 levels in random order during the testing phase. See
bit.ly/toolgame to play the test levels without limits on the number of attempts.

jective by selecting one of the ‘tool’ objects and clicking to place it somewhere in the scene
(Fig. 5-1B). After a single ‘tool’ is placed, physics is turned on using the Chipmunk 2D
physics engine, and participants can see the resulting trajectories of all objects in the scene
(Fig. 5-1C). Participants were given three attempts for each problem to accomplish the ob-
jective. We recorded all attempted actions including which tool was used and where it was

placed.

We followed a similar experimental protocol to [5] in order to familiarize participants
with the task. First, participants were given a set of initial instructions explaining the
kinds of objects that might exist in the different problems. They then interacted with a
‘playground’ level without a goal, and were required to make 3 placements before moving
on. Finally, participants were given two simple practice levels that they had to solve before
moving on; these were not analyzed. Participants then continued on to the main body of

the experiment described in the sections below.
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Figure 5-4: Results of Experiment 1. (Top left): Learning curves across the course of
training, as measured by whether participants were successful within 3 attempts for a given
trial. (Top right): Testing performance after training. Participants who were trained in
the matched condition tend to outperform participants trained in other conditions, with the
exception of “Catapult”. (Bottom): First placements for the test levels, split by participants
trained on matching levels, and those trained in other conditions.

5.2.1 Experiment 1: Learning strategies

[5] found no evidence of learning when people played 14 unrelated levels of the Virtual
Tools game. They proposed that people likely did not learn better models of the world while
they interacted with it, but instead learned a policy which allowed them to make better use
of amodel in individual trials. Since the trials differed substantially across training, reusing
these policies in new scenes would be mal-adaptive. Instead, it could be that participants
will only reuse learned policies when those policies would be useful in accomplishing their

goals.
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Procedure

To test whether people could learn strategies, we designed four types of levels: Catapulting,
Tipping, Blocking and Tabling. We then created 10 random variations of each level type
where different aspects of the scene were varied, including the sizes and positions of each
object and the shapes of each tool (see Fig 5-3A). Each participant was assigned to one of
the four level types, and played all 10 random levels of that type. Participants were only
given three attempts to solve each trial; if they did not succeed within those attempts, the
level was marked as unsolved and they moved on to the next training level. The trial order
was randomized across participants. After the training phase, all participants were given
the same six testing problems: one from each of the four basic categories, and two chosen
as controls to ensure that certain training conditions did not allow participants to become
generically better at the game (Fig 5-3B). The two control levels were taken from [5]:
Chaining was relatively difficult for participants, while Unbox was relatively easy. Just as
in the training levels, participants were only allowed three attempts to solve the test levels.

153 participants were recruited using Amazon Mechanical Turk. We only analyze data
from participants who succeeded on at least one of their training levels — these criteria

excluded four participants.

Results

We first test whether there is any learning during training, and find that accuracy (whether
a participant succeeded within 3 attempts) does improve over this phase (for all conditions,
all x2(1) > 4.4, all ps < 0.036; Fig. 5-4), thus suggesting that training was effective.

During testing, we find no evidence of difference in performance on the control tri-
als based on training condition (Unboxing: x*(3) = 2.29, p = 0.51, Chaining: *(3) =
6.16, p = 0.10 respectively). This suggests that participants were not learning more about
the game in general, similar to how [5] found no transfer learning across different types of
levels.

Instead, people behave differently in test levels depending on the level type they were

trained on (Figure 5-4). Participants were reliably more accurate in the Tipping (94%
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trained vs. 61% untrained; x>(1) = 17.5, p < 0.001, odds-ratio = 10.8) and Table con-
ditions, (90% trained vs. 61% untrained; xz(l) = 13.0, p < 0.001, odds-ratio = 5.7), but
not in the Catapult (50% trained vs. 63% untrained; x*(1) = 2.01, p = 0.16, odds-ratio
= 0.59) and Blocking (97% trained vs. 90% untrained; xz(l) =1.93, p=0.17, odds-ratio
= 3.52) conditions (Fig. 5-4B). While the Blocking condition can be explained by ceiling
effects (all participants find this level easy), Catapult requires a more detailed analysis.

To understand why trained participants are not more accurate on the Catapult testing
level, we examine the detailed placements people tried (Fig. 5-4). For this level there are
2 types of solutions: one solution type involves catapulting the ball into the goal, while
the other involves hitting the ball directly and launching it into the goal. Participants in
the Catapult training condition always try to use the catapulting strategy. However, in this
particular level, that strategy is more difficult than directly hitting the ball. Participants
who were not trained on Catapult hit the ball directly more often, and therefore had a
slight advantage, leading to similar overall performance in terms of accuracy but easily

distinguishable behavior.

What is learned? While we suggest that people are learning flexible strategies over ob-
jects and scenes, an alternate explanation could be that people are instead learning simple
associations of where to place objects. This association must be more complex than simply
placing objects in particular spatial locations, as the particular places that lead to success
vary across each level. Instead, to improve in performance, they would need to learn an
object-oriented strategy such as putting an object beneath the platform in 7able, or above
the lever in Catapult.

However, this does not rule out learning a simple object-oriented spatial prior on actions
to take — e.g., placing the tool under or over the key object. We can examine whether a
simple over/under prior is being learned by looking at how participants perform on Tipping
— a test level that could be solved by placing the tool over or under an object — depending
on whether they were trained on levels that require dropping a tool from above (Catapult)
or placing a tool underneath an object (7able). If this simple strategy is learned, we would

expect participants in the Catapult training condition to be more likely to place a tool above,
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whereas participants trained on 7able levels would be more likely to place a tool below.
However, we find no evidence for any differences: the same proportion of participants
placed the tool above regardless of whether they were trained on Catapult (82%) or Table
(80%; %%(1) =0, p = 1; Fig. 5-4D). Thus we find evidence that the strategies participants

are learning are context specific.

5.2.2 Experiment 2: Generalizing strategies

How context specific are the learned strategies? In Experiment 2 we tested whether the
context depends on the presence of relational concepts even when the problem appears
visually distinct. Participants were randomly assigned to three training conditions (Cata-
pult, Tipping and Table) and trained using the same 10 levels from Experiment 1. Each
participant then played 6 testing levels: 3 matched testing levels from Experiment 1, and 3

“transfer” levels designed for each level type (Fig 5-5C).

The transfer levels were designed to maintain the same relational structure as the train-
ing levels but appear visually distinct. For example, in the Catapult Transfer level, one
must drop a tool in order to catapult the ball so that it hits a smaller ball which will then roll
into the goal, instead of catapulting an object into the goal directly. In the Table Transfer
level, succeeding requires supporting two planks simultaneously by putting a large block
underneath them. In the Tipping Transfer level, participants need to place an object un-
derneath the platform to destabilize it, thus tipping the ball into the container. If trained
participants solve their transfer level more efficiently, this suggests that the representation
of strategies and when to apply them is based on relational concepts rather than simple

visual similarity.

Sixty-two participants were recruited using Amazon Mechanical Turk. We only analyze
data from participants who succeeded on at least one of their training levels — this caused

four participants to be filtered from our analysis.
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Results

We broadly replicate the results of Experiment 1, first finding a significant improvement in
accuracy over the course of training (for all conditions, all xz(l) > 11.9, all ps < 0.001).
The important test for Experiment 2 involves looking at the test accuracy in the general-
ization conditions (Figure 5-5.). Here, in both the Catapult Transfer and Table Transfer
levels, we see significantly better accuracy for participants trained on that level type (Cat-
apult Transfer: 76% trained vs. 32% untrained; x> = 9.58, p = 0.002, odds-ratio = 6.75,
Table Transfer: 100% trained vs. 63% untrained; x> = 10.9, p < 0.001). We do not find
evidence of improvement for the Tipping Transfer level (39% trained vs. 52% untrained;
odds-ratio = 0.59). We can again look at the fine-grained participant behavior to understand
why this is.

During training on the Tipping levels, participants could solve each level using two
distinct strategies. One strategy involves tipping the container from above with a precise
placement on the side of the container to flip it over. The other strategy involves tipping the
container from below by putting any object beneath the container to destabilize it. In Ex-
periment 1, almost all participants found and used the “tipping from below” strategy since
it is more robust. We expected a similar effect in Experiment 2, and so the Tipping Transfer
level is only solvable by destabilizing the platform from below. However, in Experiment 2
a significant proportion of our participants found and consistently used the “tipping from
above” strategy: 55% of participants in the Tipping condition never tried tipping the con-

tainer from below. Instead, they became adept at tipping from above.!

In Figure 5-7,
we split participants by those who “tip from below” and those who “tip from above”, and
compared them to participants who were not trained in this condition. It is clear that (a) par-
ticipants who learned to tip from above develop an exceptionally precise strategy compared
to those who were untrained in this condition, and (b) if participants discover “tipping from
below” they use it consistently and can generalize it to the transfer level reasonably well

(with a mean accuracy of 70% compared to 0% for those “tipping from above” and 50%

for those who were untrained).

I'This could be due to the difference in the number of participants recruited: Experiment 1 had 40 partici-
pants in the Tipping condition while Experiment 2 only had 19.

95



Humans Relational Model-based Strategies Non-Relational Model-based Strategies Relational model-free strategies

10

[
0s ‘

. TrainingCond
°
®  — RandomTable
—— RandomCatapult
RandomFalling

SuccessTrial

04

Training

TrainingCond

03— RandomTable
RandomPFalling

02— RandomCataput

02

liing
—— RandomCatapult

o 10
Tnal Order Trial Ovdev

2
Trial Order
x%

Mi‘lail‘ﬁi Iiiaih“ia

‘‘‘‘‘

508

acy

Testmg

Figure 5-5: Performance in Experiment 2. (A) Proportion of successful participants on
testing levels is generally higher for those trained on the strategy. (B) Specific placements
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Figure 5-6: Performance in Experiment 2. (A) Proportion of successful participants on
testing levels is generally higher for those trained on the strategy. (B) Specific placements
and tool used on the first attempt for the transfer conditions in each strategy. People were
trained on levels from Experiment 1.

RPP+SSUP results

Both the overall patterns in participant accuracy across training and test, as well as the more
fine-grained placements used by participants on their first attempts, are captured by the Re-

lational Policy Program model. RPP+SSUP similarly improves across training in Catapult
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Figure 5-7: First placements of participants in the 7ipping condition split into those who
learned to tip from above, those who learned to tip from below, and those who were un-
trained.

and Tabling (see Figure 5-5), although it performs considerably better in Tipping from the
first encountered level (see [5] for a discussion of this). RPP+SSUP similarly captures the
pattern of results in testing performance — its accuracy on the Catapult and Table Transfer
levels is significantly better when it is trained on the matched levels than when it is not.
Two alternative models, one in which RPP is treated as a model-free mechanism and one
in which only object-oriented strategies are learned rather than relational strategies, fail to
capture this same pattern of results. In particular, both perform badly on the Catapult trans-
fer level in testing, underscoring the importance of relational concepts rather than spatial
object priors alone.

At a finer-grained level, we can also compare RPP+SSUP’s first placements to human
participants (Figure 5-6). RPP+SSUP is clearly capturing the essence of the correct strategy
across all three transfer levels. In Table Transfer, RPP+SSUP is very likely to place a
supporting object beneath the two planks, similarly to participants trained on Table. In
Catapult Transfer, RPP+SSUP is clearly taking first placements that will act to catapult
the ball. Similarly to humans, it is more likely to choose the largest object to do so, but

not in all cases. Finally, in Tipping Transfer, RPP+SSUP shows a similar split to human
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participants in selecting a mixture of placements above and below the platform in order to
try to get the ball into the goal.

Broadly, the successful transfer of strategies to different levels which maintain rela-
tional concepts but change the composition of the scene suggests that people flexibly adapt
learned skills to new settings, and that this can be captured with relational programs over

physical and spatial variables.

5.2.3 Experiment 3: Composing strategies and models

Based on Experiments 1 and 2, we established that people can learn strategies which shape
how they interact with a new problem. Previous work has found that people can learn about
object properties such as weight by observing how they interact with other objects [192,
2441, but we do not know whether this kind of object property learning can be combined
with learned strategies.

If people learn strategies that are more akin to habits, these new object types should not
affect the kinds of actions that people take until they have acquired significant interaction
experience with the new object type. In the more extreme case, if people learn about
the object properties purely through observation with no direct interaction, their strategies
could not be updated using most standard model-free RL learning procedures. Therefore, if
people do compose observed models with learned strategies without any direct interaction
experience, it suggests that people are using strategies to guide a model-based sampling
process with an updated model, or that the representations of the strategies themselves
are parameterized by a model. This presents a unique and complementary perspective on
model-based and model-free decision making in humans, as prior work generally assumes

models are learned by interacting with the world, not via passive observation.

Stimuli

We designed one new type of levels to test model-strategy composition, Launch, and in-
cluded a subset of the Catapult levels from Experiments 1 and 2. In each level type, the

ball size is kept constant so that participants cannot learn strategies that implicitly depend
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Figure 5-8: (A) Participants are trained on one level type. (B) Participants watch four
short videos showing a blue ball interacting with pink and purple objects which have lower
and higher density respectively. (C) Participants play a level in the same strategy category
as training, but with a potentially light (pink) or heavy (purple) ball. They also play one
randomly selected level from the other strategy types.

on the weight of the ball through its size.

In Launch, participants must drop a tool onto a ball that will roll into another ball and
cause it to fall into the container. Depending on the relative positions and heights of the
container and table, succeeding could require hitting the ball very hard or very lightly.
Physically, we measure this as the amount of momentum that needs to be applied to the
ball in order to succeed. In the training levels, the positions of the balls, height of the table,
and position of the goal is varied.

Finally we also include a subset of the Catapult levels from Experiments 1 and 2. De-
pending on the location of the container relative to the ball, succeeding requires applying
differing amounts of momentum to the platform to ensure the ball does not under or over-

shoot the container.

Procedure

Participants were trained on 5 levels of either the Catapult or Launch types, with 3 attempts
per trial. After training, all participants watched two videos of a blue ball interacting with
a pink object, and two videos of it interacting with a purple object. The pink objects were
lighter (with a density 0.2 x the blue and red objects), while the purple objects were heavier

(with a density 2x the blue and red objects). After watching the four videos, participants
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then played a level of the same type as their training condition, but with either a red, pink
or purple object. In this way, we could test whether people composed knowledge from
observing dynamics with a learned strategy without requiring any interaction experience.
Participants then also played every other level type with a randomly selected object mass.

At the end of the experiment, participants filled out a questionnaire which included the
questions: “Which color corresponds to the heaviest objects?" and “Which color corre-
sponds to the lightest objects?". Both questions could be answered with “red”, “purple” or
“pink”.

We recruited a total of 168 participants across 9 conditions (3 category types x 3 weight
conditions). Like in Experiments 1 and 2, we only analyzed data from participants who
succeeded on at least one training level. Additionally, since we were interested in whether
people composed new knowledge about object properties with learned strategies, we only
included participants who either correctly answered which object color was heaviest (pur-
ple), or which object color was lightest (pink) to ensure they had learned relative object
weights. Using both filters resulted in 31 participants being eliminated from the analysis

(16 who failed because of the success criteria, and 15 because of the questionnaire).

Results

Participants showed improvement throughout training in all conditions (all x> > 7.8, all
p < 0.005). In the red ball test trials, there is also an overall effect of training condition
(p = 0.01), consistent with Experiments 1 and 2. To test model-strategy composition, we
examine what people do on their first attempt in the test level when the density of the ball
has changed.

In Figure 5-9A, we show participants’ first attempts in the heavy and light testing con-
ditions for each level type. Participants appear to take the weight of the ball into account
when choosing where to place an object and which object to place. For both Catapult and
Launch, participants generally choose heavier objects and place them higher when the ball
is heavier (purple).

We can quantify this by looking at the momentum applied across weight conditions for

Launch and Catapult (Figure 5-9B).
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Figure 5-9: Performance in experiment 3. (A) First placements in the light and heavy
conditions for catapult (top) and launch (bottom). (B) Momentum applied in each condition
on the first attempt and second attempt for people and the model.
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In Launch, we find that there is an effect of object weight on how much momentum
participants impart with their tool (F(2,40) = 5.0, p = 0.011, partial n> = 0.201). We do
not find a reliable difference for participants trained on Catapult (F(2,43) = 1.6, p =0.22,
partial 2> = 0.067), but this appears to be because people in the heavy condition separate
into two groups: one group which applies a significant amount of momentum, and one
who does not. A subset of participants use the lighter tools on their first attempt, but
after observing this single failure, 13/15 participants used the heaviest tool on their second

attempt.

RPP+SSUP results

RPP+SSUP again captures both the fine-grained and overall patterns of human behavior in
this model composition experiment. In both the Launch and Catapult levels, RPP+SSUP
converges on a similar qualitative strategy to people based on its training, but also opts
for more often using the larger tools and dropping them closer to objects when they are
lighter, rather than using a lighter tool. This reflects the kind of strategy RPP+SSUP and
people have learned: while the tool shapes might be radically different across levels, the
variable that matters is the size, and larger sizes are more likely to lead to success in train-
ing. While qualitatively the first placements look similar between RPP+SSUP and human
participants, the momentum calculated from these placements also looks remarkably well

matched across both the first and second attempts.

In Launch, both RPP+SSUP and humans show a much greater difference in momentum
between the medium and heaviest conditions on the first attempt, while in Catapult the more
significant difference is between the medium and light conditions. This further underscores
the appropriateness of RPP+SSUP for finding strategies to guide search rather than simply
applying any action from the policy. By using the simulator in the loop, RPP+SSUP can
be composed with newly inferred physical variables by simply using passive observations

to make inferences instead of requiring active interaction.
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5.3 Discussion

Through three exploratory experiments, we showed that in a physical problem solving task,
people learn relational strategies that are object-oriented (Exp 1), can be transferred to
contexts that differ visually but rely on similar relational principles (Exp 2), and can be
combined in a zero or one-shot way with model-based variables such as weight (Exp 3).
These results hint at a picture of rapid trial-and-error learning which focuses on relational
strategies that can be used to guide a model-based sampling procedure towards promis-
ing regions of the problem space. A computational model which implements relational
strategies as logical programs that guide a model-based sampling procedure is able to cap-
ture many of the overall patterns in human behavior, as well as much of the detail in the

particular actions used.

There remain several open questions for future work to better understand the underly-
ing representation of these strategies and how they are connected to model-based reason-
ing. Specifically, the kinds of strategies learned here are not the same as more traditional
tool-specific affordances that have been a popular framework for thinking about tools in
cognitive psychology [81], although they are certainly related. This was by design — in our
experiments we explicitly randomized the tools available for each problem, and therefore
the learned strategies had to be agnostic to any specific tool. However, we want to empha-
size that we consider the objects here to still be tools, just unfamiliar ones. We see this as
akin to a paper plate that can be re-purposed as a scoop, or a broom that can be re-purposed
as a table leg. In future experiments, we would like to investigate whether people can learn
object-specific strategies that dictate how a particular object can be used to accomplish a

new objective.

In Exp 3, we saw a mixture of people who composed strategies and models without
any experience, and those who required a single interaction with the scene to adjust their
strategy. This suggests that even those who do not immediately generalize learn a strategy
that is abstract enough to allow rapid updates. Further work could study the form of this

representation and why individual differences exist.

Our experiments suggest that people’s trial-and-error physical problem solving does not
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fit neatly into model-based reinforcement learning or model-free reinforcement learning.
Instead, the content of people’s strategies and how they know to apply them might be based
on more abstract principles, allowing for broader generalization than previous studies of
decision making would imply. However, these experiments are exploratory, and many open
questions remain. Does the applicability of a strategy really depend on physical concepts,
or is it the recognition of key objects and object-object relationships that appeared in a
training level? How diverse can the training levels be? Can people learn multiple strategies
simultaneously? Such questions present a wide and exciting space for future work to better
understand the representations of physical problem solving strategies and how they are

applied to new scenarios.
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Production rule Probability

Programs

P — is_object_type (OBJ, OBJITYPE) | 0.33
P — compare (Q1, Q2, OP, DIM) 0.33
P — query_value (Q, DIM) 0.33
Properties

Q — size (OBJ) 0.25
Q — area (OBJ) 0.25
Q — distance (OBJ1, OBJ2) 0.25
Q — locationOBJ) 0.25
Objects

OBJ — find_object (OBJTYPE) 0.33
OBJ — tool 0.33
OBJ — object 0.33
Dimensions

DIM — x 0.5
DIM — y 0.5
Object Types

OBJTYPE — dynamic 0.33
OBJTYPE — goal 0.33
OBJTYPE — SHAPE 0.33
Shapes

SHAPE — Compound 0.2
SHAPE — Ball 0.2
SHAPE — Box 0.2
SHAPE — Polygon 0.2
SHAPE — Container 0.2
Operators

OP —< 0.5
OP —»= 0.5

Table 5.1: The prior p(f) over programs, specified as a probabilistic context-free grammar
(PCFG).
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Chapter 6

Meta-Strategy Learning by Embodiment

So far, this thesis has demonstrated that people can rapidly update policies by using struc-
tured priors with mental simulation to arrive at good solutions to physical problems quickly,
and that the priors can be updated across problems by meta-learning relational programs
which can further constrain search. This chapter examines whether even more abstract
“meta-strategies” can be learned, such as how much an agent should rely on mental simu-
lation as opposed to observing failed actions, from very diverse sets of experiences. If these
meta-strategies are learned, what kinds of experience shapes them, and in what ways?
This chapter examines the potential roles of development and embodiment on meta-
strategy learning for physical problem solving. We first show that generic experience of
development has a significant impact on the kinds of strategies found by adults relative to
children for physical reasoning. As they age, children become significantly better at finding
solutions to disembodied tool use puzzles. By the time people reach adulthood, they also
take significantly different kinds of actions to find solutions. To understand the effect of
embodiment, we extend the study to children and adults born with limb differences (fewer
than two intact arms and hands) in a matched sample to our typically limbed participants.
Comparing the groups, there is a striking overall effect of handedness on meta-strategy:
both children and adults born with fewer than two hands take a significantly longer time to
think before acting, and as a result take fewer overall actions to reach solutions to physical
reasoning problems in comparable amounts of time. This cannot be explained by differ-

ences in mouse control. Taken together, our findings suggest that differences in ‘embodi-
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ment’ drive the acquisition of different meta-strategies for balancing acting with thinking,
while developmental experience affects typically and differently limbed children similarly,

pushing them to try riskier actions as adults and become generally more adept tool users.

6.1 Introduction

Everyday experience is both constrained and enabled by the bodies we inhabit. Taller
people can reach further, while stronger people can lift heavier objects without assistance.
‘Embodied cognition’ [232] suggests that such constraints play a fundamental role in shap-
ing our cognitive and perceptual experiences broadly. Many versions of embodiment theory
suggest that these effects reach beyond the types of experiences we have (e.g., imagining
a scene is intimately tied to our visual experiences), and into the way that we reason about
those experiences. In support of this view, researchers have shown that by manipulating
people’s bodies and the actions they have access to, they can similarly manipulate their
perceptual [143, 2, 141] and cognitive capacities, such as decision making [94]. Here we
take a different approach: we ask whether a lifetime of differences in embodied experience
can affect the ways that people think about and plan to act in the world, even when their
capabilities for action are made equal in the current moment.

Researchers have studied the effects of embodied history on cognition by investigating
the perceptual and motor capabilities of individuals born with limb differences, as those
individuals have lifelong differences in the way that they can interact with artifacts and ob-
jects that can be contrasted with people with typical limb development. However, the tasks
used to study these capabilities often require judgments related to absent body parts, and
therefore differences in behavior might be driven by differences in available information.
For example, while people without two hands are slower to judge whether a picture is of
a left or right hand [142], other studies highlight that individuals who were born without
any hands show similar response biases as those with typically developed limbs, despite
having profoundly different embodied experiences [222, 223]. People with missing hands,
however, lack first-person visual experience of that hand, and therefore have a subset of the

relevant experience that people with both hands do.
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Figure 6-1: Having fewer than two hands changes the cost of interacting with everyday
objects, like opening a jar. With two hands, opening a jar is easy (A) — one hand can
stabilize the jar while the other one twists the lid. With a single hand (B), opening a jar
is more difficult, but can be accomplished by using one’s knees to stabilize the jar. The
Virtual Tools game (C) equalizes action costs for individuals with different types of limbs
by creating a virtual action space. (i) A participant selects a tool from the right-hand side
of the screen and places it somewhere in the scene (ii). Once placed, physics is “turned
on” and the participant can see the result of their action (iii); the blue line represents the
observed object motion trajectories).

We are interested in whether long-term differences in embodiment might affect more
general cognitive capabilities, even when the capabilities tested are divorced from particular
body differences. We therefore study differences in “meta-strategies” for action, such as
how persistent to be [131], how to adapt motor plans to one’s own levels of motor variability
and uncertainty [99, 67], or how to navigate the trade-offs between planning and acting
[43]. Studies on these meta-strategies suggest that people make action decisions (both
implicit and explicit) based on the expected costs and benefits of those actions [67]. Thus,
if people with congenital limb differences have learned that actions are in general more
costly — because, perhaps, it is more difficult to use artifacts designed for people with two

hands (see Figure 6-1 for a common example of this involving jars) — we might expect that
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they will differ from two-handed people in how they select the actions they use, even when

everyone is placed in a situation where action costs are equated.
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Figure 6-2: The fourteen levels of the Virtual Tools game [5] that participants played.
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These cover a wide variety of physical action concepts including “balancing”, “launching”,

“catapulting”, “supporting” and “tipping”. To play the game, please see https://sites.
google.com/view/virtualtoolsgame.

To test the influence of embodied experience on meta-strategy learning, we studied
behavior in a virtual physical problem-solving task where all participants had equal capa-
bilities to interact with the world, despite having different real-world embodied experience.
We chose participant groups to represent a diverse range of embodied experience: typi-
cally developed children (5-10 yos) and adults, and age matched children and adults born
with atypical limbs. Children have strictly less embodied experience than adults, while
individuals with limb differences have dramatically different kinds of experience relative
to individuals with typical limbs. By using a virtual task with simple manipulation inputs,
we control for manipulation capabilities and instead study how embodiment affects the
cognitive processes that support planning and reasoning more generally.

For the virtual physical problem-solving task, we use the recently introduced Virtual
Tools game [5], which breaks the link between manipulation and physical problem-solving.
The task requires people to use virtual objects as tools to solve a physical problem (such as
knocking the red ball into the green goal, Fig. 6-1C) in a computerized environment using
a single hand to control a mouse. Puzzles in the Virtual Tools game have the additional
advantage of being equally unfamiliar to children and adults: all the ‘tools’ and puzzles
are virtual and it is very unlikely for children or adults to have interacted with objects like
these previously. Thus, unlike real-world objects which may be more familiar to adults

than children, the use of the virtual tools should not be driven by direct experience with
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similar objects.

We initially expected that participants with congenital limb differences might solve
tool use puzzles in more creative ways than two-handed participants, as they often must
be more creative with their bodies to use real tools that are designed with bimanual use in
mind (e.g., opening a jar by stabilizing it with their legs; Figure 6-1B). However, we did not
find that children and adults with limb differences achieved different overall performance
(solution rate or time until solution), but instead that they took fewer actions, using more
time per action. This suggests that individuals with limb differences learn different meta-
strategies for solving physical puzzles, and that these meta-strategies may be learned early

in development.

6.2 Results

6.2.1 Equivalences in group characteristics

To ensure that the game equalized action capabilities between typically limbed (TL) par-
ticipants and those with congenital differences in limbs (DL), and between children and
adults, everyone completed a motor pre-test before proceeding to the main experiment (Fig
6-7). The motor pre-test consisted of ten trials where participants clicked on a star in the
center of the screen, triggering the appearance of a circle in the periphery, which they were
instructed to click on. We measured participants’ reaction time as the time between the star
and circle click, as well as position error, measured as pixels between their click and the
center of the circle.

Children could control the cursor, with an average pixel error of 7.65px (95% CI=[6.74,
8.55]) and reaction time of 3.04s (95% CI=[2.67, 3.41]), albeit less accurately and more
slowly than adults (error: 2.92px, 95% CI=[2.52, 3.31]; RT: 1.91s, 95% CI=[1.73, 2.09]).
However, children’s’ control improved with development, reaching adult-like levels by the
time they were 9-10 years old (see Fig. 6-3).

Importantly, typically- and differently-limbed individuals performed comparably in

both motor error and in reaction time. While there was a difference in median click-
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Figure 6-3: Performance on the motor task, specifically the motor reaction time compared
with participant age across groups. Differently limbed (DL) participants were slightly faster
on this task, suggesting that differences in mouse control cannot explain the additional time
they take per action.

time between typically- and differently-limbed participants, differently limbed participants
were slightly faster than those with typical limbs (by 356ms, 95% CI=[14, 698]; x*(1) =
4.12, p=0.044), though typically limbed participants on average clicked marginally closer
to the target (by 0.79px, 95% CI=[—0.14, 1.72]; x*(1) = 2.78, p = 0.098). There was no
interaction found between age category and embodiment for either motor speed (x*(1) =
1.76, p =0.19) or error (x?(1) = 0.01, p = 0.98). Note that the differences found in motor
control are relatively inconsequential for the Virtual Tools game — 0.79px additional error
would have little effect on 600x600px game screens, and an extra 356ms would be hard to
detect with an average time between actions of over 10s. Thus we find that our differently
limbed participants had similar motor control capabilities to typically limbed participants,
and so expect that both groups should have a level playing field for interacting with the Vir-
tual Tools game; however, to control for any individual differences we include participants’

median motor reaction time as a covariate in all performance analyses.
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6.2.2 Contributions to overall performance

Given that our participant groups are matched on motor and cognitive measures, we next
study whether overall performance on the Virtual Tools game differs across these groups.
We measure overall performance in two ways: as the solution rate across all game levels

(hereafter, accuracy), as well as the total time taken to solve those levels.

We find gross differences in accuracy between children and adults (adults: 85%, chil-
dren: 77%; (1) = 11.2, p = 0.0008), but no effect of hand embodiment (x>(1) = 1.21, p=
0.27), nor any interaction between age and limb group (x*(1) = 0, p = 0.99). We further
find that treating age as a continuous variable additionally predicted success in a way that
differed between these two groups (x>(2) = 12, p = 0.0025), with children’s accuracy im-
proving with age (log-odds increase per year: 0.290, 95% CI =[0.038, 0.543]), and adults’
performance getting worse (log-odds decrease per year: 0.029, 95% CI = [0.006, 0.053]).

The time to solve these levels also shows a similar pattern of results: overall, children
are slower than adults to find a solution (x?(1) = 40.0, p = 2.6 10~'%; Fig. 6-4), but we
do not find evidence that typically- or differently-limbed participants are slower to solve
the levels (x*(1) = 0.41, p = 0.52), nor is there an interaction between limb group and
age category (x>(1) = 0.22, p = 0.64). However, we do find a similar pattern of how
continuous age measures impact solution time: there is an effect that differed between
children and adults (}?(2) = 44.5, p =2.2%107'9), with adults slowing down with age
(on average taking an additional 1.16s per year, 95% CI=[0.87, 1.46], xz(l) =594, p=
1.3 %1074, and children becoming numerically but not statistically faster with age (on

average taking 2.64s less per year, 95% CI=[—1.63, 6.90], x>(1) = 1.47, p = 0.23).

Thus we find that development and aging cause noticeable changes in overall perfor-
mance on the Virtual Tools game, but do not find that either typically- or differently-limbed
participants are any better at the game. Nonetheless, participants might achieve an overall
similar level of performance but do so in different ways; we therefore next consider whether
typically- or differently-limbed participants might demonstrate differences in more detailed

performance metrics.
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6.2.3 Differences in embodiment

We first investigate whether there is a difference in the number of actions that typically- and
differently-limbed participants took to solve each level, and hence the time between each
action. The differently limbed (DL) participants took slightly fewer actions on average to
come to a solution than the typically limbed (TL) participants (0.175 fewer actions, 95%
CI=[0.024, 0.326]; Xz(l) =5.19, p =0.023; Fig. 6-4A). They also took notably more
time for each action, including thinking more before the first action (3.79s more, 95%
CI=[1.99, 5.59]; x*(1) = 17.0, p = 3.7 107>; Fig. 6-4C), and between all subsequent
actions (2.80s more on average, 95% CI=[1.51, 4.10]; x*(1) = 17.9, p = 2.3 % 10~>; Fig.
6-4D). Again, we found differences by age (number of actions: x*(1) = 6.51, p = 0.011;
time to first action: x%(1) = 13.4, p = 0.00025; time between actions: x*(1) =41.7, p =
1.1%10719), but no evidence for an interaction between age and limb differences for any of
these measures (number of actions: x>(1) = 2.07, p = 0.15; time to first action: %*(1) =

0.10, p = 0.76; time between actions: x>(1) = 0.16, p = 0.69).!

Together, these results suggest that differently-limbed individuals learn a different meta-
strategy for physical problem-solving. They learn to rely more on thinking about the prob-

lem and less on gathering information from their actions to solve physical problems.

"When testing for the effects of limb differences in children and adults separately, we find reliable differ-
ences in placement timing in both children (first placement: 4.13s, 95% CI=[0.96, 7.30], xz(l) =6.52, p=
0.011; between placements: 2.57s, 95% CI=[0.31, 4.84], Xz(l) =4.96, p = 0.026) and adults (first place-
ment: 3.29s, 95% CI=[1.32, 5.26], xz(l) =10.7, p =0.0011; between placements: 2.63s, 95% CI=[1.26,
4.01], x*(1) = 14.2, p =0.00017). However, while we find that two-handed adults use more actions than
adults with limb differences (0.286 additional placements, 95% CI=[0.047, 0.526], xz(l) =5.49, p=0.019),
two-handed children take numerically more actions, but this does not reach statistical significance (0.053 ad-
ditional placements, 95% CI=[—0.140, 0.246], xz(l) =0.29, p =0.59). Thus while we can claim that
two-handed participants overall took more actions, we do not have enough evidence to discriminate whether
this is because these differences are consistent, or whether the distinction grows through development.
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Figure 6-4: The efficiency of finding solutions measured by number of placements (A), and
time as measured in seconds (B), time to first placement (C), and time between placements
(D). Error bars represent 95% confidence intervals. Typically and differently limbed partic-
ipants did not reliably differ on time to success, but differently limbed participants solved
the levels in fewer placements, and took more time until the first placement and between
placements.
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We further investigated whether there might be differences in the types of actions se-
lected between typically and differently limbed participants. As can be seen in Fig. 6-6, in
many cases both typically- and differently-limbed participants often choose similar actions
to solve the Virtual Tools game puzzles, though there are subtle differences. For instance,
in the BalanceUnder level, participants with typical limbs (especially adults) were more
likely to use a tool to hit the ball on the left instead of balancing the object on the center
structure; perhaps differently-limbed participants are more likely to notice the balancing
strategy as they are often required to balance objects using their residual limb when ma-
nipulating objects bimanually. We attempted to quantify these action differences using a
similar methodology to [5]. However, just as we found in [5], this is a noisy measure that
is not easily able to differentiate between groups, and therefore we found only subtle quan-
titative differences between typically and differently limbed participants; see Sec 6.4.4 for
further details. Because this classification methodology is noisy, future work would be
needed to discover whether there are noticeable differences in the types of strategies that

typically- and differently-limbed participants consider.

6.2.4 Differences over development

Because we found a strong effect of age on overall performance, we consider how this is
driven by changes in the actions that children and adults consider. In addition, although
we did not find any evidence that the differences between differently and typically limbed
participants on overall performance differed between children and adults, we test whether

we can find more subtle differences in the actions that they choose.
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Figure 6-5: First placement comparisons across typically limbed (TL) children and adults.
(A) An example of fitting a Dirichlet process mixture model to the first placements of
adults (left) and children (right) for two tasks. (B) We tested whether we could classify
participants’ age group based on their first placement. Bars represent average classification
accuracy across participants for each trial, with 95% confidence intervals on that estimate.
(C) The average vertical distance between the tool placement and the nearest moveable
object. Points represent the average for an individual participant, while bars represent
the average across age categories. (D) The proportion of actions that belong to different
placement clusters, indicating a “switch” in strategy.

First, we ask whether children’s performance can be differentiated from adults even
from the first action. We use the same leave-one-out classification used in [5], and find that
over all levels, children and adults’ first actions can be differentiated (1(84) = 4.91, p =
4.5%107°), and this classification is reliably above chance in 6 of 14 trials (see Figure
6-5B and Section 6.4.4 for details). Thus it is not just that children are taking more time
and actions but choosing to do similar things — instead the way that children approach these
puzzles differs from adults.

But what makes children’s first actions different from adult’s? In looking at those levels
where children and adults’ first actions were most distinguishable, it appeared that children
were taking actions closer to dynamic objects in the scene. We tested this hypothesis by
measuring the distance between first placements and dynamic objects in the scene, collaps-
ing across trials. Analyzing these results, we found that when dropping tools from above
or placing them below other objects, children tend to place the tools closer to the objects
that they intend to move or support than adults do (average vertical distance in children:
74px, adults: 91px; x2(1) = 5.20, p = 0.023; Figure 6-5C). We do not find evidence that
this propensity changes with age in years (x?(2) = 1.59, p = 0.45). This is not simply due

to a tendency to place tools nearer to objects in general, as there is no reliable difference in
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horizontal distance between tools and the nearest object (children: 31.3px, adults: 30.7px;
x%(1) = 0.65, p = 0.42). It is therefore possible that these vertical differences might be
driven by differences in real-world experience between children and adults, perhaps be-
cause of additional experience with falling objects, or because adults have better motor

control when dropping real-world objects.

We also investigated whether there were any developmental differences in the ways that
differently limbed children solved the levels relative to typically limbed children. We there-
fore used the same clustering and classification procedure, but instead of asking whether a
participant came from their own or a different group, we measured whether each of the dif-
ferently limbed children were better classified as a typically limbed child, or a differently
limbed adult. If their actions resemble differently limbed adults, it would suggest that em-
bodiment has an early effect in shaping the kinds of actions that individuals consider, but
if their actions more closely resemble typically limbed children, then generic real-world
experience might be the more critical factor in shaping the kinds of actions that individuals
consider. As can be seen in Figure 6-6C, we find that differently limbed children are over-
whelmingly better classified as typically limbed children than as differently limbed adults.
Qualitatively, it appears that differently limbed children place tools close to other objects

in the same way that typically limbed children do, unlike adults (Figure 6-6A).

We also investigated whether there was any difference in how children’s actions evolved
through the course of a single trial as compared to adults. We tested for differences in
exploration behavior: would children be more or less likely to stick with similar actions
to what they had just tried, or attempt something new? To measure this behavior, we
used nonparametric clustering to group all actions across all participants within a single
trial, in order to group actions into different “strategies” in a data-driven way (see Methods
and Materials for details). We could then assign all actions to one of these strategies,
and ask whether children or adults were more likely to switch strategies between actions.
Children were in fact more likely to try new strategies than adults (children: 39% strategy
switches, adults: 33%; x?(1) = 10.2, p = 0.0014), suggesting that their lower accuracy
might possibly be due to either exploring less efficient actions, or giving up on promising

strategies early.
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Figure 6-6: A comparison of differently limbed (DL) children, DL adults, typically limbed
(TL) children and TL adults. A Examples of clusters determined for each group’s first
actions across three different level. B Classifying differently limbed (DL) children as either
typically limbed (TL) children (closer to 100%) or differently limbed (DL) adults (closer
to 0%). 95% Confidence Intervals are shown for parameter estimates of the mean.

6.3 Discussion

We asked participants — both with and without limb differences — to play the Virtual Tools
Game to measure their skills in using tools in novel situations, and found that performance
in this game increases throughout childhood, even though all children were above the age
where they would be expected to be able to use tools in simple situations [118]. However,
when we tested for the effects of embodiment on these capabilities, we did not find any dif-
ferences in the development of these capabilities between congenitally differently limbed
participants and typically limbed participants. We did, however, find differences in the way
differently limbed participants solved these puzzles, relying more on thinking and less on

acting, and that these differences were relatively consistent in both children and adults.

This has several implications for embodied cognition and tool use. We found mini-
mal differences in the kinds of actions used by differently limbed individuals relative to
typically limbed individuals across both children and adults, suggesting that the process
underlying physical problem-solving is not dependent on similar kinds of manipulation ex-
perience. Instead, it appears that an understanding of how to manipulate the world develops
similarly regardless of embodied experience, but that embodiment can set in place different

general cognitive strategies for deploying this understanding.
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Within embodied cognition, to our knowledge we give one of the first demonstrations of
natural embodiment affecting a high-level decision making task unrelated to body or hand
representations. Perhaps surprisingly, the way in which embodiment affects individuals
does not take the form of affecting their specific action choices; rather, embodiment seems
to affect the strategies people use to approach problems — that is, relying more on their
simulations of the world rather than actions. We propose that individuals born with different
limbs may learn at a very young age just how costly action can be; many actions that
come naturally to their two-handed adults and peers might be very difficult for a differently
limbed individual to execute and fixing a failed action might add even more cost. Naturally,
this would lead to an increased reliance on planning before acting. What is striking is that
this learned meta-strategy extends to a task in which actions are not any more costly —
typically limbed and differently limbed individuals were well matched in their control of

the mouse to play the game.

We suggest that these meta-strategies are learned through experience similarly to how
people can learn to take more efficient motor actions over time [111]; however, the differ-
ence is that the target of learning here is not the motor plan itself, but when to deploy those
motor plans. This would suggest that people with two intact hands should be able to learn
similar meta-strategies with the appropriate cost structures. If the structure of the game
were changed to make actions more costly in general — e.g., by requiring multiple clicks
to select or place a tool — we would expect that all participants would learn to think more
and act less. While these kinds of motor cost manipulations have been previously shown
to affect which choices people make in visual discrimination tasks [94] and the efficiency
of motor reaching actions [209], it has not been shown that they affect the meta-strategies
that people employ. By focusing on these types of utility manipulations, future work could

further explore how these meta-strategies develop.

This finding also suggests a connection between two different approaches to under-
standing human tool use. The “manipulation-based” approach, more closely aligned with
embodied cognition, suggests that tool use is supported by sensorimotor knowledge related
to tool manipulation [25, 26, 227, 86, 221], while the “reasoning-based” approach sug-

gests that tool use is supported by physical knowledge which allows more generic physical
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planning and action [5, 166, 168]. These theories, supported by neuroimaging and lesions
studies, have led researchers to suggest that there are distinct cognitive systems supporting
different kinds of tool knowledge [165, 84]. However, these results suggest a connection
between the two systems: by its virtual nature and novel objects, the Virtual Tools game
must rely on reasoning-based systems for tool use, yet we find that manipulation capabili-
ties affect how this reasoning is used. Thus the development of the reasoning-based system

is grounded in the embodied way that we interact with the world.

Developmentally, our results extend existing knowledge about children’s problem-solving
and tool use. While even preschoolers [88] or infants [9] can understand cause and effect,
our task involves reasoning about the specific effects of the virtual tools on their environ-
ment. Here studies of young children’s tool use are informative. By 2-3 years old, children
can use and select known tools [118]. By 4 years, children reliably copy adults’ use of
novel tools [27]. Yet until 8-9 years, children rarely innovate new tools, for example bend-
ing a pipe cleaner to use as a hook [17]. Recent explanations of this striking dissociation
between tool use and tool innovation highlight the significant cognitive demands of inno-

vation, including creativity, attentional control, inhibition, and planning [180].

Children’s performance on our game is likely driven by some of these same cognitive
skills. Like complex tool-use, or even tool innovation, the game requires children to explore
a large solution space where they must strike an effective balance between exploration and
exploitation [87]. On the one hand, children must avoid perseverating on a single solution
[180]. The current study accords with work suggesting that perseveration is not high at
this age [40], as well as theories that it may be predominantly a feature of the early motor
system [205]. On the other hand, children must not explore the space too much, losing track
of promising solutions as they go. Our results suggests that this is the more likely trap for
children, who tended to switch solutions more often than adults, with lower success rates
to match. We suggest therefore that the central difficulty with tool innovation and other
physical problem-solving tasks at this age may precisely be the need to search through
large solution spaces, where children’s natural curiosity and propensity for exploration

[171] may come at the cost of some short-term gains in solution-finding.

Our work opens up new directions for the role of embodiment and development in
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physical problem solving and tool use. By studying typically and differently limbed adults
and children using an online game instead of motor manipulation experiments, we could
more carefully investigate differences between populations at a very fine-grained level.
Being born with a different body does not change the fundamental ways in which people
try to act on the world, but it can change the kinds of meta-strategies people learn to plan
and act efficiently. Even a lifetime of experience from childhood to adulthood does not
affect those meta-strategies, even if the kinds of actions and the ways in which people

modify their failed plans do.

6.4 Materials and Methods

6.4.1 Participants

We recruited a total of 145 participants across four groups: 40 typically limbed adults, 35
differently limbed adults, 45 typically limbed children, and 25 differently limbed children.
Differently limbed (DL) and typically limbed (TL) participants were well matched for age
(DL children mean: 7.91yo, sd: 1.84; TL children mean: 7.94yo, sd: 1.74; DL adult mean:
40.7yo, sd: 15.5; TL adult mean: 41.2yo, sd: 15.2). Adults were matched on education
level, and we tested for similarities in cognitive capabilities by performing IQ tests on a
subset of the children from both the typically and differently limbed groups. We assessed
both Raven’s matrices measures of spatial IQ [179], and BPVS as a measure of verbal
1Q. 20/25 differently limbed children and 34/43 typically limbed children were tested. All
scores were within normal range (lowest for BPVS 75, highest 134, lowest for Ravens 85,
highest 135. Means 113 (differently limbed) 111 (typically limbed) for Ravens. Means
(differently limbed) 105, (typically limbed) 108), and 2-sided unpaired t-tests show no
evidence for differences between these populations (Ravens: #(40) = 0.5, p = 0.6, BPVS:
t(50) =0.8, p=0.4).

Differently limbed children were recruited through the BOLDkids database of vol-
unteer families and via Reach and Limbo (charities supporting children with upper limb

differences and their families), while typically limbed children were recruited through a
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university-affiliated developmental cognition facebook page.

We excluded two differently limbed adults from analysis as they were amputees rather
than congenitally differently limbed. We also excluded results from two typically limbed
children: one due to a data recording error, and one who provided unreliable motor test

data due to continuously clicking rather than attempting the task.

6.4.2 Experiment

The experiment progressed through two stages main: motor pre-test, and Virtual Tools
game. After each of these phases was a short questionnaire.

All participants were given the same experiment, with only three exceptions that dif-
fered between children and adults: (1) children received simplified instructions for all
phases, (2) adults played one additional Virtual Tools level that we removed from the
children’s experiment due to excessive challenge, and (3) adults were given a more ex-
tensive questionnaire that included additional questions about the strategies they had used

and video games they had played before.

Motor pre-test

Figure 6-7: An example of two rounds of the motor pre-test. Participants clicked first the
star, then a circle in the periphery, as quickly as possible.

The motor pre-test (Figure 6-7) was used to measure participants’ facility with control-
ling the mouse cursor. In this phase, each trial would begin with a star in the center of a

600x600px area on the screen. Once the star was clicked, a circle of radius 10px would
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appear randomly either 150px or 250 px from the center of the screen, and participants
were instructed to click on the circle as quickly and accurately as possible. However, when
the circle was visible a click anywhere on the screen would end the trial, so that we could
appropriately capture speed-accuracy trade-offs without worrying that people might not no-
tice mis-clicks. Participants all completed 10 motor test trials, with five circles appearing
150px away, and five appearing 250px away.

On each trial we measured (a) the time between the circle appearing and when the
participant clicked on it, and (b) the distance (in px) between the center of the circle and
the mouse click. As a measure of participants’ motor facilities, we took the median of both
of those measures across all 10 trials; we used the median to avoid skew from outlier trials
(e.g., if the participant accidentally clicked or was distracted on a trial), and found in pilot

testing that this was a relatively stable measurement.

Virtual Tools game

Following [5], at the beginning of this phase, participants were given instructions about
how the game functioned, then three introductory trials: one which required them to place
tools without an objective, and two simple levels that they were required to solve but that
were not analyzed.

Following this, participants would be given the analyzed trials to solve. In each of
these trials, there would be a goal condition (e.g., “get the red object into the green goal
area”) that they needed to accomplish by placing a single tool somewhere on the screen
such that it did not overlap with other objects or illegal areas. Participants could attempt
to place tools as many times as they wished, but were required to reset the world back to
its initial state between attempts. Participants could move onto the next trial once they had
accomplished the goal, or 60 seconds had passed. On each trial, we recorded the actions
that each participant took (which tool they selected, and where they placed it) and at what
time, as well as if they had solved the level or not.

Adult participants were given 15 different trials to solve: the 14 shown in Fig 6-2, and
one additional level: Spiky (see [5]). Because of the low solution rate of adults on this level

(18%), we were concerned that it might frustrate children and cause attrition, so only had
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children play the other 14 trials, and removed the Spiky level from analysis.

Questionnaire

After both the motor test and Virtual Tools task, participants were given a short question-
naire. After the motor task we asked what device participants were using to control the
mouse, and, for differently limbed participants, whether they were using their intact or
non-intact limb. After the Virtual Tools task, we asked whether participants had changed
how they were controlling the mouse. Additionally, for the adult participants we included
the questions asked in [5], which asked about participant age, gender, prior video game

experience, and free-form responses about strategies they had used on the task.

Statistical methods

For aggregate performance analyses, we analyzed data at the trial level, using summary
statistics including (a) whether the trial was solved, (b) when the last action was taken to
produce a solution, and (c) how many actions were taken over the course of the trial. For
the latter two metrics, we conditioned our analyses only on successful trials, as we were
interested in the mental processes that led to solutions, and not processes that might be
indicative of frustration or perseverance.

We modeled all statistical analyses as (generalized) linear mixed effect models using
the ‘Ime4’ package in R [14]. We treated accuracy as a binomial response, time to solution
as having Gaussian error, and placements as a Poisson process (using the number of non-
solution placements as the dependent variable so that we could observe zero-placement
outcomes). In all models, we assumed random intercepts for participants and trials.

Additionally, we included two covariates in our analyses. For all analyses, we used the
median motor test response time as a covariate, as we had hypothesized that motor facility
might cause better performance. We selected response time instead of error because the two
measures were somewhat correlated (r = 0.34), and in pilot analyses we found that adding
a second motor measure explained very small amounts of additional variance in perfor-
mance over just a single measure. Finally, because we observed such large effects of age

on performance, for all analyses testing the difference between differently- and typically
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limbed participants, we included age as a covariate, allowing its effects on performance to

differ for children and adults (treated as an age by child/adult interaction).

6.4.3 Participant Demographics

Please see Tables 6.1 and 6.2 for participant demographic information.

Group Handedness Input Device

Left | Right | Ambi. | Mouse | Touchpad | Other

DL Adults || 0.45 | 0.55 0 0.61 0.36 0.03

TL Adults || 0.08 | 0.92 0 0.55 0.45 0
DL Children || 0.36 | 0.64 0 0.32 0.68 0
TL Children || 0.07 | 0.89 | 0.04 0.50 0.50 0

Table 6.1: Demographics summaries for participants. DL = Differently limbed, TL = typi-
cally limbed.

Age Category Affected Limbs

Right Arm | Left Arm | Both

Children 0.32 0.44 0.24

Adults 0.42 0.55 0.03

Table 6.2: Proportion of differently limbed adults and children who have an affected right
or left arm, or both arms.

6.4.4 Differences in action choices
Methodology

To test differences in action choices between groups, we apply a leave-one-out classifi-

cation analysis similar to [5]: for each participant, we form probability distributions as
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Dirichlet Process Mixture models over the actions taken by all other members of their em-
bodiment category and all actions taken by members of the other category, then calculate
the relative likelihood that the tool placement in the first attempt for a given level was a
member of the correct group. If this measure is on average reliably above chance on a trial,
this suggests that typically and differently limbed participants are beginning their solution
search in different ways.

For analyses involving switching behavior, we aggregate all data across all groups and
apply a Dirichlet Process mixture model on the spatial component of actions (where tools

were placed) to obtain a single consistent clustering for all participants across all groups.

Differences between TL and DL participants

Overall, we found a trend towards being able to classify typically and differently limbed
adults (mean classification accuracy: 51.4%, 95% CI=[49.9, 52.9]; #(71) = 191, p =
0.060), but found only two tasks where the confidence interval on the estimated classifica-
tion probability exceeded chance: BalanceUnder and Bridge. Both of these tasks require
preventing objects from falling — either by placing a tool as a counterweight to another
object or preventing two platforms from falling inwards — which might be a strategy the
differently-limbed participants used more often in daily life, as they are have to rely on their
residual arm (which is shorter than their intact arm) when manipulating objects bimanually.
However, given that the estimated classification probability is not far from chance and that
we cannot reliably classify actions in other trials that rely on balancing, future work would
need to investigate particular differences in strategies learned from interaction with the

environment.

6.4.5 Additional tests for moderators

Here we test for the effect of other potential explanatory variables on our set of metrics
describing performance on the tools game, including (1) participant gender, (2) the type of
device participants used to control the game (mouse or touchpad), (3) whether participants

were dominantly left- or right-handed, and (4) for the DL participants, what kind of limb
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differences they had. While we find possible impacts of these variables on overall perfor-
mance, in no cases do we find any interactions between these variables and embodiment,

suggesting that they should not impact the main results of the paper.

Gender

We exclude 8 participants from analysis (3 DL adults, 5 TL adults) due to recording errors.

There is a main effect of gender on accuracy (xz(l) =9.88, p =0.0017), with males
slightly outperforming females (83% vs 77%), but no interaction with embodiment class
(Xz(l) = 0.53, p =0.47). We also find a small effect of gender on the first action time
(males: 13.8s, females: 15.2s, %%(1) = 5.56, p = 0.018), but again no interaction (}*(1) =
0.75, p =0.39. Beyond this we find no evidence for any main effects on our main perfor-
mance variables (actions: x2(0.33) = 1, p = 0.57, solution time: %2(1) = 0.32, p = 0.57,
time between actions: x2(1) = 1.19, p = 0.28), nor any interactions between gender and
embodiment (actions: x>(1) = 0.08, p = 0.77, solution time: >(1) = 0.54, p = 0.46, time
between actions: %?(1) = 0.00, p = 0.95). Although there may be slight differences in
how males and females perform this task overall, because we found no interactions with

embodiment, the effect of embodiment itself does not depend on participant gender.

Input device

We excluded one DL adult participant who did not use a touchpad or mouse for controlling
their computer.

We find a main effect of device on time to solution (}?(1) = 7.96, p = 0.0048), with
participants using a mouse solving the levels slightly faster than participants using a touch-
pad (53.2s vs 63.8s). However, we found no interaction between device and embodiment
on solution time (x2(1) = 0.47, p = 0.49), nor did we find any other main effects of de-
vice (accuracy: x>(1) = 0.04, p = 0.84, number of actions: x?(1) = 3.33, p = 0.068, first
action time: %(1) = 2.43, p = 0.12, time between actions x>(1) = 1.96, p = 0.16) or
interactions between device and embodiment category (accuracy: x>(1) = 0.00, p = 0.96,

number of actions: x%(1) = 1.12, p = 0.29, first action time: x>(1) = 0.14, p = 0.7, time
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between actions x2(1) = 0.32, p = 0.57). Thus participants’ choice of device should not

impact our tests of the effects of embodiment.

Hand laterality

We exclude 1 TL child who was ambidextrous.

We find no effect of hand laterality on any of our dependent variables — neither main
effects (accuracy: x%(1) = 0.01, p =0.91, number of placements: %*(1) = 0.35, p=0.55,
solution time: x%(1) = 0.00, p = 0.98, first action time: x*(1) = 3.12, p = 0.077, time be-
tween actions x2(1) = 0.78, p = 0.38), nor interactions between laterality and embodiment
category (accuracy: x2(1) = 0.05, p = 0.83, number of placements: (1) = 2.00, p =
0.16, solution time: %2(1) = 0.84, p = 0.36, first action time: %2(1) = 0.80, p = 0.37,
time between actions 32(1) = 0.05, p = 0.83).
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Chapter 7

Ongoing and Future Directions

People are perhaps uniquely adept at using intuitive theories not just to make inferences,
but also to act and intervene on the world in order to accomplish their goals (Section 2).
Two mostly separate bodies of work on human decision making have focused on either how
people represent structured problems in ways that support efficient search (Section 2.2.1)
or how people learn in unstructured settings from many trial-and-error experiences (Section
2.2.2). There have been fewer attempts to grapple with the much more complex question:
how do people rapidly learn from trial-and-error experience within structured problems in
a way that supports efficient search and flexible transfer?

This thesis shows how to inject structure in the forms of objects, relations and physics
into trial-and-error learning to improve both the flexibility and efficiency of human and
machine problem solving. The presented framework, Sample Simulate Update (SSUP),
gives simulation a central role in considering how people act and learn so efficiently, but
suggests that simulation alone is not enough. Structured action priors, centered around
objects and relations, play an equally important role in shaping the landscape of how people
use a simulator effectively to find solutions to problems. This presents a new path forwards
for human decision making by combining components that have been influential in problem
solving and reinforcement learning separately into a single computational framework.

This body of work focuses on physical problem solving, in part because of the widespread
interest in tool use and tool cognition across developmental psychology, anthropology,

comparative cognition, and motor planning and learning. As many have argued [118],
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tool use remains an unparalleled window for studying intelligence across both animals and
machines (2), and in particular the cognitive challenge of problem solving. This thesis
takes a major step to providing a grounded computational account of how this kind of
learned physical problem solving unfolds, and presents a new domain for studying physi-
cal problem-solving at a fine-grained, quantitative level to investigate predictions of various

models.

7.1 Summary of main results

As a first step towards more flexible machine agents in the domain of physical problem
solving, Chapter 3 introduced the Gluing Task which required agents to stabilize a tower of
blocks by applying as little glue as possible. This task proved very difficult for an unstruc-
tured deep learning agent. However, by incorporating relational and object structure into
the action space, the agent was able to outperform human participants on the task and even
generalize to larger towers than it experienced during training.

Moving towards more general physical problem solving, Chapter 4 introduced The Vir-
tual Tools Game: a virtual 2D game inspired by human and animal tool cognition. By de-
veloping a virtual platform, tool use was studied not just from a qualitative perspective, but
from a quantitative perspective as well. Across 30 unique levels, the game tested a variety
of different physical concepts such as “catapulting”, “tipping”, “supporting” and “block-
ing” objects. While this thesis focused on tool use, the game is trivially extensible to prob-
lems such as tool innovation, and even tool modification. To understand how humans solve
problems based on very limited trial-and-error experience, the “Sample, Simulate, Update”
(SSUP) framework was proposed, consisting of object-oriented action priors (“Sample”),
a noisy physical simulator (“Simulate”), and an update mechanism (“Update”) to guide
search towards more useful parts of action space based on the results of both simulations
and actions. SSUP captured human behavior across multiple levels of granularity: from
human accuracy across different levels, to the particular placements used on the first and
last actions within levels. By contrast, methods that did not incorporate the object-oriented

action prior, simulator, or update mechanism were unable to explain human behavior in the
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domain. While SSUP has clear limitations, the general framework of learning to search in
a model-based way has significant potential for explaining the flexibility and efficiency of

human trial-and-error learning.

People are not just capable physical problem solvers, they are highly efficient physical
strategy learners. Chapter 5 focused on how action priors could be learned and transferred
to enable even more efficient search for problems that people have previously experienced.
Relational program policies (RPP) provided a means of learning structured, relational ac-
tion priors across tasks by representing them as relational programs drawn from a prob-
abilistic grammar. Replacing the “Sample” component of SSUP with RPP was sufficient
to explain how people learn relational strategies from just a handful of related levels, gen-
eralize those strategies to tasks that look visually distinct from training levels, and even
compose these learned strategies with new physical variables from only one or two at-

tempts.

Trial-and-error experience does not just happen within the span of a psychology study
— people try and fail to solve problems every day in real life. Chapter 6 investigated how
this naturally embodied trial-and-error experience might affect the meta-strategies people
apply to physical problem-solving in a new context. Differently and typically limbed chil-
dren and adults were recruited to play a selection of tasks from the Virtual Tools game
to assess whether differences in naturally embodied experience would affect disembod-
ied physical problem-solving. Dissociable effects of embodiment and development were
found, with development affecting the kinds of actions children took relative to adults, and
embodiment affecting the meta-strategies individuals used to solve problems. In particular,
differently limbed individuals spent more time thinking, and less time acting relative to
typically limbed individuals, even from a very young age despite minimal differences in
motor capabilities. This could be due to learned costs associated with action — differently
limbed individuals may learn to rely more on their simulations when considering a course

of action, because trying and failing is more costly than for typically limbed individuals.
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7.2 Towards discovering structure

This thesis mostly examined settings where the structure of the problem was known in ad-
vance, and investigated ways of taking advantage of that structure to improve flexibility
and generalization within the domain of action. However, there are many settings in which
the structure of the problem may not be known in advance, and must simultaneously be
discovered by either watching others, or by interacting with the world. Chapter 5 showed
some first efforts in this direction, discovering structure through relational programs that
best distinguish successful and unsuccessful actions, but this still assumed access to a rela-
tional, probabilistic grammar. How might such structured representations be learned from

experience?

At least two components are likely required: one component for representation learn-
ing to take unstructured information and find an embedding which is useful for a variety
of tasks (broadly the task of perception), and one component for converting such represen-
tations into some actionable, structured form. As a first step in this direction, we tackled
structured perception in the form of finding taxonomies of perceptual forms to improve
classification in settings where very little data is available (often called “few-shot learn-
ing”) [4]. To further move towards more human-like structured perception, our method
also handled semi-supervised learning and fully unsupervised inference. Our insight was
to combine Bayesian nonparametric inference techniques with deep representation learn-
ing in a single end-to-end framework that could simultaneously discover how to adaptively

represent both simple and complex data distributions for few-shot learning.

This adaptivity is particularly important in few-shot learning, where both underfitting
and overfitting are common problems, because current models are fixed in their capacity.
To give an example, consider the problems of character and alphabet recognition in the
Omniglot dataset [129]. Recognizing characters is fairly straightforward: each character
looks alike, and can be represented as a single prototype (a uni-modal Gaussian distri-
bution). Recognizing alphabets is more complex: the uni-modal distribution assumption
could be violated, and a multi-modal approach could better capture the complexity of the

distribution. Figure 7-1 shows a prototypical network [203] embedding for alphabets with
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Figure 7-1: t-SNE visualization of the deep embedding from a prototypical network (right)
trained for alphabet recognition on Omniglot (left). Each point is a character colored by
its alphabet label. The data distribution of each class is clearly not uni-modal, in violation
of the modeling assumption for existing prototypical methods, causing errors. Our infinite
mixture prototypes represent each class by a set of clusters, and infer their number, to better
fit such distributions.

this very issue. Even though the embedding was optimized for uni-modality, the uni-modal

assumption is not guaranteed on held-out data.

Infinite mixture prototypes (IMP) combine deep representation learning with Bayesian
nonparametrics to overcome this issue, representing each class by a set of clusters, unlike
existing prototypical methods that represent each class by a single cluster. By inferring
the number of clusters, infinite mixture prototypes interpolate between nearest neighbor
(exemplar-based) and prototypical representations in a learned feature space, which im-
proves accuracy and robustness in the few-shot regime. We showed the importance of
adaptive capacity for capturing complex data distributions such as super-classes (like alpha-
bets in character recognition), with 10-25% absolute accuracy improvements over methods
that only represent clusters as the mean of the distribution, while still maintaining or im-
proving accuracy on standard few-shot learning benchmarks. By clustering labeled and
unlabeled data with the same rule, infinite mixture prototypes achieved state-of-the-art
semi-supervised accuracy, and could perform purely unsupervised clustering, unlike ex-

isting fully- and semi-supervised prototypical methods.

Infinite mixture prototypes were inspired by the study of categorization in cognitive

science. Exemplar theory [164] represents a category by storing its examples. Prototype
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Figure 7-2: Our infinite mixture prototypes (IMP) method combines deep representation
learning with nonparametric clustering to represent each class by a set of clusters in a
learned feature embedding. The number of clusters is inferred from the data to adjust
modeling capacity. IMP is optimized end-to-end to cluster labeled and unlabeled data into
multi-modal prototypes.

theory [182] represents a category by summarizing its examples, by for instance taking
their mean. [224] recognize that exemplars and prototypes are two extremes, and define in-
termediate models that represent a category by several clusters in their varying abstraction
model. However, they do not define how to choose the clusters or their number, nor do they
consider representation learning. [90] unify exemplar and prototype categorization through
the hierarchical Dirichlet process to model the transition from prototypes to exemplars as
more data is collected. They obtain good fits for human data, but do not consider represen-
tation learning. IMP aimed to take these insights towards machine learning, but could also
be applied to the study of how humans simultaneously learn concepts as either exemplars
or prototypes, spanning the space in between. We imagine this as a fruitful direction for

future work in the space of structured perception for cognitive science.

Infinite Mixture Prototypes for action

To move towards learning structured representations for actions, we took some first steps
towards applying infinite mixture prototypes to the problem of skill or mode discovery. In-
spired by Gibson’s notion of affordance, we imagine that for any given object, there are
multiple ways an agent could interact with it in order to achieve different goals. For exam-
ple, consider the domains shown in Figure 7-3. In both cases, a robotic agent represented

as a gripper or hand must interact with the blocks in the scene in order to accomplish a
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Figure 7-3: Domains for affordance learning in simple robotics settings. Top: a 3D envi-
ronment, Figure courtesy of [238], where a robotic gripper must push a tower of blocks so
that it moves into a particular region of space. Bottom: a 2D environment, Figure courtesy
of [137], where a robotic gripper can push or pick up blocks in order to satisfy different
kinds of specified relational goals.

specific goal.

In the top panel, the robot can push in any direction in order to move a stack of 3 blocks
into a particular region of a table (Figure credit [238]). However, some pushes are stable in
the sense that they won’t topple the block tower, while others are unstable — those actions
will cause the stack to fall. It would be helpful for an agent to realize that there are these
two kinds of pushes that can be made, as only stable pushes will be helpful for actually

achieving the specified goal.

In the bottom panel, the robot can take two kinds of actions on the blocks: picking them
up (second row) and pushing them (top row). Again, these are two kinds of affordances
that the block enables for the robotic agent, and both can be used together in order to solve

complex problems. But how do we discover these different kinds of affordances?

The task of affordance learning in these problems can be related to the perceptual clus-
tering problem presented previously: we must simultaneously learn representations of the
actions for the robot and the blocks that allow us to predict how an action will affect the

scene, and we must learn how many kinds of actions there are. This is essentially the same
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Figure 7-4: An example of how IMP could be applied to the moving tower problem shown
in Figure 7-3. The tower is represented as a graph, as discussed in Chapter 3, with the
gripper representing a separate action node. IMP is applied to learn the edge representation
from the gripper, e;’,, and cluster it into different kinds of action modes.

problem as above — we must simultaneously learn an action embedding space, and a cluster-
ing of that space, which allows us to predict the future states of the blocks most accurately.
Concretely, in a set of preliminary experiments, we applied Infinite Mixture Prototypes to
jointly learn an edge embedding ¢’ = ¢.(gripper,block;) and a nonparametric clustering
over ¢, optimized for the task loss of predicting the state of all blocks and the gripper at
the next timestep (Figure 7-4). We found that IMP was very successful in discovering the
action modes along with a representation of the scene which improved prediction. In the
case of the 2D setup with pushing and picking affordances, IMP correctly discovered these
two modes, and correctly classified 97% of actions into each type in a small test set, while
simultaneously improving prediction performance by 5% over a method without modes. In
the 3D setup, IMP successfully discovered 2 modes that corresponded to stable and unsta-
ble pushes, and again correctly classified between 90% and 95% of actions depending on
initial seeds. It again improved in performance over a model without modes, reducing error

from between 5 and 10% for next state prediction.

Extensions to this idea seem very promising for moving towards structure discovery
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in the space of learning to act. In future, this method could be applied to the domain of
tool use, and would make specific predictions about tools being represented as a multi-
modal set of clusters which depend on the dynamics of how the tool moves. Empirically,
there is already evidence for this idea [101]; humans represent different grip points on a
tool depending on whether those grips lead to distinctly different dynamics of how the tool
moves. This result could be potentially predicted by the IMP for action model.

From a computational perspective, this method fits nicely into the literature on skill
learning within robotics and planning. Most existing methods assume that demonstra-
tions of skills for robots or agents are already segmented into “clean” demonstrations of
each skill individually [240, 110]. IMP provides an opportunity for jointly segmenting and

learning the skill dynamics, which better reflects the task that humans actually face.

7.3 Towards integration with motor planning

The kinds of tool use I have mostly discussed in this thesis has focused on disembodied
tool use — placing objects in a 2D scene in order to cause the physical world to unfold
in a particular way. Of course, people normally use tools in embodied settings as alluded
to in Chapter 6. One of the reasons tool cognition is so fascinating is precisely because
it combines low-level sensorimotor capabilities with high-level reasoning that is closer in
spirit to language [208] and analogy [73, 24]. A critical direction moving forwards will
therefore be to extend many of our computational models into the space of motor planning
with tools (see Figure 7-5 for some examples across different animals, robots, and humans).

To do this, 1 believe the most successful framework will be Task and Motion Planning
(TAMP) [116, 42,218, 70]. In TAMP, problems are broken down into two levels: high-level
reasoning, and low-level motor control. The central similarity across all TAMP methods
is that the low-level motor movements are conditioned on the high-level actions which are
chosen within a plan. For a thorough review of TAMP, please see [69].

In collaboration with Marc Toussaint, we developed a TAMP approach that represented
this conditioning as the higher level of search providing constraints on the low-level con-

tinuous dynamics that would occur as a result of these higher level choices [218]. These
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Figure 7-5: Betty the Crow (top-left) demonstrated the ability to use a sequence of hooks
to retrieve a piece of food [233], and Koehler’s apes stacked crates to reach a hanging
bunch of bananas (bottom-left) [124]. Humans easily perform such sequential manipulation
planning tasks naturally and flexibly (bottom-right). Figure credit: [218]
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Table 7.1: Action operators and the path constraints they imply.

grasp(XY) [inside X Y] (staFree XY)

handover(X'Y Z) | [inside Z Y] (staFree ZY)
place(X Y Z) [above Y Z] (staOn Z2Y)
throw(X'Y) (dynFree Y)
hit(X Y) [touch X Y] [impulse X Y] (dynFree Y)
hitSlide(X Y Z) | [touch X Y] [impulse X Y] (above Y Z) (dynOn Y Z)
hitSlideSit(X Y Z) | “hitSlide(X 'Y Z)” “place(X Z2)”
push(X, Y, Z) komo(push X'Y Z)

constraints could be either stable kinematic constraints, or differentiable dynamical and
impulse exchange constraints at the path optimization level. By incorporating dynamical
constraints, the method is able to solve a much wider variety of physical puzzles involving

dynamic interactions, which previous methods were unable to successfully solve.

In the method, a set of geometric predicates and action operators are defined which
describe the ways in which the robot can interact with the world. A set of these are shown
in Table 7.1. Paired with each action operator are the path constraints that it implies on
the low-level optimization. For details about the optimization procedure, including how we

make the high-level search efficient, please see [218].

We applied this method to a set of problems inspired by human and animal tool use.
First we showed that the model could handle these problems easily, and was additionally
able to come up with multiple qualitatively distinct solutions for several of the presented
problems. My main contribution to this paper was to then compare the solutions found by

the model to those found by people for a subset of these same problems (Figure 7-6).

While this was a very preliminary study, the method shows some nice similarities in
the sequence and frequency of the high-level actions used relative to our human partici-
pants. More interestingly, the differences between the model and human tool use execution
suggest several areas for future work. The first striking difference is how often people “re-
initiate” actions reactively, e.g. a frequent re-positioning of the tool to re-initiate pushing
the same object. This underscores the importance of reactive and adaptive execution of

plans in human motor planning relative to models that perform all planning “up front” like
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ours did. This was additionally a very important feature of human behavior in the Vir-
tual Tools Game — action plans are frequently adapted if online monitoring shows that the
current plan is not moving forward as expected. Second, the model presented here does
not account for uncertainty or even knowledge of physical variables like mass or friction —
these are optimized to allow the agent to solve the task. Human decisions clearly rely on
perceptual estimates of those physical variables, as well as an understanding of their own
motor noise [235].

Another exciting direction for future work is to focus on learning the modes that give
rise to this rich, complex planning behavior. We hope that extensions of IMP mentioned in
the previous section might be able to provide a mechanism for this. However questions re-
main about how to represent clustered representations in terms of differentiable constraints
instead of next state prediction models.

Finally, we believe this approach to physics, namely interpreting it as a path optimiza-
tion problem subject to particular constraints, might provide a unifying perspective for
proponents of qualitative physics referenced in the introduction [147], and proponents of
simulation-based physics [15] (which formed much of the basis of this thesis). If we inter-
pret declarative expressions as constraints imposed by a high-level search procedure, then
optimizing physics with respect to those decisions might often be computationally more
straightforward than simulating everything in the scene. Constraints could, in effect, pro-
vide a mechanism for attention: which aspects of the simulation must hold, in which ways,
for the resulting low-level path we observe to be possible? We believe this is fertile ground
for future work, and have already begun setting up experiments to test this hypothesis with

eye tracking.

7.4 The puzzling developmental trajectory of tool cogni-

tion and physics

A comprehensive body of research has shown that children improve in their tool using and

tool innovation over the first several years of life [180]. By 24 months of age, children are
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sensitive to tool shapes and the functions those shapes afford, such as using a hook or rake
object to acquire something out of reach [24]. It is not until children are at least 36 months
of age that they can also choose appropriate tools in sequence to solve a multi-step tool-use
problem, such as using a rake to obtain a stick, to then push a toy out of a tube [154]. In the
space of manipulation, children develop over the course of 3-8 years of age in their ability

to plan grasps that will result in an end-state that is comfortable [146].

By contrast, children’s abilities to innovate or create tools out of available materials to
solve these same tasks takes considerably longer to develop. In a set of striking studies
Beck and colleagues [17] demonstrated that children were unable to create a hook shape
from a pipe cleaner in order to obtain a toy within a tube until approximately 8 years of
age, although they could easily use an already available hook shaped object to complete the

task by age four.

There is considerable debate as to why these differences exist between children’s tool
innovation and tool using behaviors [180]. An increasingly popular explanation suggests
that tool innovation is “ill-structured” relative to tool use [41]. The “shape of the solution”
is not readily perceivable in tool innovation.

However, there are at least two alternative explanations. First, the effect of embodiment
and real-world experience could be driving these differences. Perhaps developmentally,
children have more opportunities to make and use tools as they age, and the simple senso-
rimotor experience of solving problems with objects drives the refinement of how children
think about tools. Developmental results such as functional fixedness, which suggests that
children become more regimented in using tools only in typical ways from 5 - 7 years of
age [49], might support this hypothesis.

Second, differences between tool innovation and tool use could more simply be due
to differences in the sizes of the search spaces children must navigate to find solutions to
problems. In tool innovation, children must consider a very wide set of possible actions:
any potential shape might be possible in order to accomplish a task. In tool use, the shapes
have been given — children must only figure out the actions of which shape to use, and how
to use it. Learning to search, especially through larger action spaces, may be one of the

major roles which development plays in shaping children’s tool cognition from inference
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Figure 7-7: (a) a child performing the spoon task in study [146]—by choosing to grasp the
spoon from above using their preferred hand, they finish the trajectory with an awkward
grip (source: [119].) (b) task and motion planning robot using coarse geometric primitives
executing a similar grip in our version of the spoon task. Figure credit: [138]

of tool function, to tool use, to tool innovation.

As a first step in investigating these hypotheses for the development of tool use, tool
innovation, and motor problem-solving more generally, we have started to apply Task and
Motion Planning methods to explain how children develop their tool using capabilities over
the first several years of life (in collaboration with Joao Loula [138]).

Recall that TAMP suggests planning happens at two levels: the symbolic task space,
and the low-level mortor space. If that is the case, then we should expect the development of
planning in children to be driven not only by their proficiency in simulating and executing
any one given course of action, but also by their proficiency in searching this symbolic
space for relevant actions in the first place.

In [138], we investigate whether such an explanation could account for two classic tool
use tasks in children. The first task was taken from [146], where children between 9 and
19 months of age are presented with a spoon whose bowl is loaded with food, which they
must bring to their mouth by grasping and manipulating the spoon. Critically, the spoon is

initially placed on a two-column support, which allows the child to grasp it from the bottom
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or from the top.

The important manipulation involved simply changing the orientation of the spoon.
When the handle is placed towards the child’s dominant hand, a simple overhand grip will
allow the child to successfully bring the food in the spoon to their mouth. When it is placed
opposite to their hand, they would need to grip the spoon from below in order to avoid
an awkward grasp to bring the food to their mouths (see the top part of figure 7-7 for an
example of an awkward grasp on a difficult trial.). [146] found a clear separation between
age groups for how they grasp the spoon: 9 month-olds tend to use the awkward grip, while
19 month-olds choose the efficient grasp from below. 14-month olds take a middle of the

road strategy, and often change their grip halfway through.

We modeled this as a change to the level of abstraction over which they represent task-
level plans. We propose that 9-month old children have a simplified representation of
grasping an object, which depends only on the orientation of their hand, but not the ori-
entation of the object, while 19-month old children also assume that grasping depends on
the orientation of the object to be grasped. TAMP systems which differ only in this fidelity
of representation of the grasp action predict exactly this difference in how children behave
differently in these two groups. We suggest that part of development is therefore learning

how to make abstractions over continuous states which allow for effective planning.

In the second study, we created a computational TAMP model to explain the results
of [154]. [154] presented 36-month with two initial tasks, counterbalanced for order: one
where they could retrieve an out of reach toy by pulling it with a rake, and another where
they could retrieve a toy within a tube by pushing it out using a rod. These tasks were
followed by a combination task, where once again the toy was inside a tube and could be
pushed out with a rod, but now the rod was out of reach, and it was necessary for the child
to first use the rake to retrieve the rod.

Though all children succeeded in both the rake and the rod task, only four out of sixteen
of them managed to solve the combination task without assistance. After being given
verbal hints to the solution, however—the strongest of which is “You can use this (the
experimenter taps the head of the rake) to get this (tapping the rod) and then get the toy.”—

most children succeeded at the task.
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We modeled this experiment using TAMP over an appropriate set of symbols and
modes, and showed that the difference in search complexity was substantial. In the case
of either the rake or the rod task, the number of nodes in the search tree that needed to be
expanded was only 3, but in combination this explodes to 105. With a hint, that drops to 1.
We therefore suggest a simple interpretation of the results in [154]: even though children
are likely to reason symbolically about tool-use and use that reasoning to successfully guide
their low-level plans when retrieving a toy with a rake or a rod, the apparent simplicity of
a plan that requires chaining these two actions together can actually render the problem

intractable for some types of planners by blowing up the search space.

Under this view, the problem is not with performing actions not directly related to the
goal, which children successfully do in this and other tasks, but in discovering procedures
to more efficiently navigate such large search spaces. The blow-up we observe in the
combination task stems mostly from the choice of primitives and the naive breadth-first
search procedure for the task-level plan—it is likely that, as children grow older, they
develop sophisticated abstractions and heuristics for planning, avoiding such tractability
problems. For instance, one could imagine that after solving the first two tasks, a child
could learn to represent each of them as a single, more abstract predicate—in that case, the
combination task would be significantly easier, requiring only two rather than six predicates

to solve.

In future work, we hope to expand on these findings by explaining more of the devel-
opmental tool use literature: exactly how are children’s abstractions for actions developing
over the first few years of life? And how does that interact with their changing knowledge
of physics? We hope such investigations will lead to both a new way of thinking about
physical prediction, and also clear up many of the mysteries of why children can have such

rich physical knowledge without being able to always use it successfully to take actions.
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7.5 Beyond using tools: making tools and cumulative tech-

nological culture

Although this thesis almost exclusively focused on how people use unfamiliar tools to solve
novel problems, the Virtual Tools domain opens up many new avenues to build computa-
tional accounts of how people innovate new tools, modify existing tools for new purposes,
and even pass on their tool knowledge to others to enable the creation of even better tools
in the future.

Cumulative technological culture (CTC) is one reason why so many scientists are ex-
cited about tools. Finding evidence of cumulative technological culture in other species
has been a great quest for the animal cognition community given its rarity, with only a few
known species of primates and birds demonstrating all components of cumulative culture
in the wild [184, 153, 188].

It has recently been proposed that CTC is mainly supported by a singularly impressive
human ability: mechanical reasoning [168] (which we refer to as intuitive physics through-
out this thesis). But mechanical reasoning alone is clearly not sufficient for the efficient
transfer of knowledge between individuals. So the big question remains: why and how do
people communicate so effectively about physical reasoning?

[174] suggests that even young children are excellent at determining whether an artifact
was either socially transmitted through copying, or designed from scratch for a particular
problem. [152, 214] have similarly shown that people can cumulatively iterate on the design
of an arrowhead to make it particularly effective for a given task. But the Virtual Tools game
allows us to explore these questions in a much richer space. Could people learn and pass
on a “catapulting” strategy? To do so, do they correctly pull out the functionally relevant
features of tools and scenes for catapulting — like using a heavy tool, and ensure that there’s
actually a catapult in the scene to interact with? When is a demonstration of an action
sufficient vs. providing a linguistic explanation?

In preliminary experiments, we have some initial data to begin looking at some of these
questions. We asked participants to play the same set of levels that we used in Chapter 5 to

look at strategy learning. However, we also asked them to provide a hint at the conclusion
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as height, size, etc.). Bottom: Improvements across training when given the hint (orange)
vs. without a hint (blue).

of the experiment that would help someone else playing the game. We then gave those hints
to new players to examine how much they helped participants relative to controls who were
not given a hint. While we have very limited data, we see promising trends in people using
terminology in their hints reflecting the kinds of strategies discovered by the Relational
Program Policy (RPP) model from Chapter 5, and that these hints did help new participants
solve the levels faster relative to controls (Figure 7-8).

We then looked at how a single demonstration of a strategy might affect how people
solve new levels that require the same strategy, but look visually distinct (Figure 7-9).
Again, while the results are preliminary, what we see is very promising: a much greater

number of participants take actions (from the very first attempt) that are aligned with the
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Figure 7-9: Top: Demonstration of a catapulting strategy. Bottom: First placements for
test catapulting levels that use different tools, sizes of balls, and potentially look visually
distinct from the observed level.

correct strategy. Figure 7-9 shows this for the case of catapulting, where many participants
pick up on the size of the tool as being important, and correctly try to catapult the ball into
the goal, relative to untrained participants.

We are excited to build on these results to better understand the interaction between
learning, communication, and the cultural ratchet. The Virtual Tools domain provides a
new opportunity to bring a microscope to the problem of communication for action. How
do people communicate effectively to create, modify, and use new tools? How do new
capabilities offered by new tools then support a cultural ratchet of increasingly complex

artifacts and skills? Future work will tell!
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Chapter 8

Conclusions

Humans have an unparalleled ability to solve new problems efficiently by relying on so-
phisticated mental models and structured search spaces in which to explore them. Mental
simulation alone is not sufficient, nor are structured action spaces. Instead, both must be
used in concert to achieve both flexibility and efficiency in physical problem-solving.

This has important implications for both computational cognitive science and Al. Cog-
nitive scientists must embrace more complicated settings for action and the complexities
of how it interacts with perception and simulation. By examining representations not just
through the lens of inference, but through the lens of action, cognitive science may arrive
at far different conclusions about how people represent the world. The “Sample, Simulate,
Update” and “Relational program policies” models are only first steps in this direction;
many of the most interesting, unanswered questions lie at the intersection of sampling,
simulating and updating. How might world models be represented to allow more efficient
updating? How might sampling mechanisms be structured to reflect the world models in
which they are learned? Task and Motion Planning may be a good computational frame-
work for addressing these questions in the years to come.

While model-based methods are gaining traction in machine learning [189], there are
still limitations to overcome in both their asymptotic performance and how to represent
models in ways that support action [157, 30]. Part of this thesis emphasizes that models
are not enough — how an agent uses the model, and the synergistic interaction between

the specification of the model and the specification of the action space is perhaps more
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important. To create machines that are as flexible as people, they will need to be more
structured — whether that comes from discovering the structure in a data-driven way, or
whether that structure is imbued by a programmer in a sufficiently task-general manner.
In either case, machines, like people, must be able to rapidly adapt to new structures in
actions and problems that will afford generalization to problems that could not have been
foreseen.

This thesis provides a path for joint work in the space between Al, robotics and cog-
nitive science. By focusing on physical problem-solving, we present a substrate for each
community to make contributions towards a shared picture of flexible, efficient intelligence.

The physical problem solving toolbox has been made, we must continue to fill it with tools.
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Appendix A

Supplement for Rapid Physical
Problem-Solving with Mental

Simulation

A.1 Experiment

A.1.1 Procedure

Participants were recruited from Amazon Mechanical Turk using the psiTurk framework
[93]. We recruited 94 participants for the first experiment and compensated them $2.50 for
15-20 minutes of work. For the validation experiment we recruited 50 additional unique
participants and compensated them $2.00 for slightly less than 15 minutes of work.

On each trial, participants were initially presented with a freeze-frame of the scene and
a goal description (physics switched off) (Fig. 4-1D(i1)). They were instructed that all of the
black objects were immovable, but when physics was turned on, the blue and red objects
may move. They were provided with three ‘tools’ that they could place anywhere in the
scene (that did not overlap with other objects, goals, or out-of-bounds areas), by clicking
on a tool and then clicking where they would like to place it (Fig. 4-1D(ii)). This object
would then be added as-is to the scene; participants could not rotate or rescale it. As soon

as this tool was placed, physics would be switched on using a Javascript version of the
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Chipmunk 2D physics engine [72, 130], and all movable objects would start to fall under
the force of gravity (Fig. 4-1D(iii)); after this participants could no longer intervene on the
scene. However, participants could click a ‘reset’ button at any time to return the scene
to its initial state and try another action. Participants were given two minutes to solve the
problem — if they solved it they could move onto the next level immediately. Otherwise,
they could choose to move on any time after two minutes had passed. Within each trial,
we recorded all attempted actions: which tool was used, where it was placed, and the clock
time when it was placed since the start of the trial. See https://sites.google.com/
view/virtualtoolsgame for videos demonstrating this procedure.

To familiarize participants with the experiment, we initially instructed them on the way
the game worked, then gave them a ‘playground’ level with no goal to introduce them to
the dynamics of the world. Participants had to remain in the playground for at least 30s
and try at least two tool placements before moving on. Finally, participants were given
two simple practice levels that they were required to solve before the main part of the
experiment began; these were not analyzed.

Participants were asked to solve 14 of the 20 levels: all eight unpaired levels and one
each of the six paired levels (so that learning in one instance of a pair would not affect
performance in the other). The choice of which instance of a pair was determined randomly
at the start of the experiment. The order in which levels were presented was additionally

randomized.

In the validation experiment, all participants were asked to solve all 10 levels. Other

than the level choice, all procedures and introductory materials were identical.

A.1.2 Data cleaning

To standardize results across participants, we only analyzed the first 120s of play, even
though participants were allowed to continue play past the 120s mark. In the first exper-
iment, this affected 7.1% of all trials (93); of those, 33 were eventually solved. In the
validation experiment, this affected 16.8% of all trials (84), of which 25 were later solved.

To further standardize results between participants and the model, we treated any actions

154


https://sites.google.com/view/virtualtoolsgame
https://sites.google.com/view/virtualtoolsgame

that would have accomplished the goal within 20s as successes, regardless of whether par-
ticipants reset the scene before the success could be counted or waited longer than 20s
for a solution; this caused 4.5% (59) of all trials to be analyzed differently than partici-
pants experienced them in the first experiment, and 3.2% (16) of all trials in the validation

experiment.

A.1.3 Learning over the experiment

While participants improved in solution rate over the course of the first experiment (76%
solution rate on the first three trials to 86% on the last three; x%(1) = 9.7, p = 0.002), they
did not solve the levels more efficiently (xz(l) = 2.0, p =0.15), taking an equal number of

attempts to arrive at a solution across the experiment.

A.2 SSUP model implementation

Algorithm 1 demonstrates how the SSUP model is implemented to perform the Virtual

Tools game. Further details are below.

A.2.1 Implementing sampling: an object-oriented prior

The object-oriented prior can be described as a categorical sample on which object to in-
teract with, and a Gaussian distribution specifying the position of the tool relative to that

object. Formally, the generative procedure for the prior follows:
e Sample a dynamic object in the scene ob ject ~ Multinomial({n%, i€ [0,....n0pi]})
obj

e Sample a position y relative to that object, using a Gaussian distribution parameter-
ized with mean ob ject, and standard deviation Gy, truncated on each side by the legal

lowest and highest positions respectively
e Sample a position x relative to that object:

— Compute the left and right edges of the bounding box for that object, BBy, s, and
BBright
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Algorithm 1: SSUP model for the Virtual Tools game

Sample n;y;; points from prior 7(s) for each tool

Simulate actions to get noisy rewards 7 using internal model
Initialize policy parameters 0 using policy gradient on initial points
while not successful do

Set acting = False

With probability €, sample action a from prior

With probability 1 — €, sample action a from policy

Estimate noisy reward 7 from internal model on action a

if r > T then

Set acting = True

Try action a in environment

else if i > n;;,,c then

Set acting = True

Try best action a* simulated so far which has not yet been tried
if acting then

Observe r from environment on action a.

If successful, exit.

Simulate 7 assuming other two tool choices.

Update policy based on all three estimates and actions.

else
L Update policy using policy gradient

— Sample a value v uniformly between BB, r; — Ox and BB,gj,; — Ox.

— If v < BByf; Or v > BByjgp;, sample x from a normal centered on the edge of the

bounding box with standard deviation G,.

— Otherwise, x = v.

This has the effect of sampling mostly uniformly around object extents in the x direc-
tion, but otherwise dropping off around the edges of objects proportionally to Gy.

o, and Gy are then free parameters which were chosen to reflect a relatively uniform
prior in y and a tighter distribution in x. These decisions were examined using a sensitivity
analysis shown in Figure A-1.

We experimented with an alternative geometric prior, which could sample “above”,
“below”, “left”, “right”, and “middle” of objects before then committing to Gaussian posi-

tions respecting that geometric decision, but found that this did not perform better than the
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more uninformed prior. We therefore use the more uninformed prior to reduce the number
of free parameters in the model.

To initialize search, the model first samples a number of initial points, 7,4, for each
tool from this prior, and runs each action through the noisy simulator. The policy is initial-
ized with these noisy reward estimates. Not initializing the policy in this way is detrimental,

as can be seen in the sensitivity analysis.

A.2.2 TImplementing simulation

The noisy simulation engine within the SSUP model is meant to capture the essence of the
human Intuitive Physics Engine [15]. It is based on the Chipmunk physics engine just as
the experiment is, but introduces stochasticity in the dynamics when objects collide, similar
to how the uncertainty in human physical predictions increases when they must simulate
through collisions [202, 98]. Collisions are made stochastic by inserting noise into the
direction that objects bounce off of each other, and how much energy is transferred. This is
accomplished for each collision by adjusting the direction that collision forces are applied
(¢) and the elasticity (bounciness) of the collision (e), by adding noise according to two

parameters (Gg, O,):

o' ~ wrappedNormal (9, Gy)
(A.1)

e ~N(e,0,)st.e >0

The SSUP model runs ng;,,,s simulations (set here at 4) per imagined action to determine
an average reward (r; see Section A.2.3). This reward is then used to update the action-

outcome policy parameters 0, and to decide on whether to take an action.

A.2.3 Implementing updating

The main body of the SSUP model is the simulation-action loop, which updates the policy
7 with reward estimates from sampled actions. The policy T consists of first choosing

which tool to use, and then conditioned on each tool, where to put it in the scene. We
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model this as a mixture of Gaussians, one Gaussian for the position of each tool. This
gives 2 parameters for the tool weights because their probabilities have to sum up to 1,
and 4 parameters for the Gaussian position and variance on each tool (for a total of 2+12
parameters). In principle, the SSUP framework is agnostic to the particular form of the
update. In practice, we found that a simple policy gradient worked well, outlined below,
but other methods such as Bayesian optimization resulted in similar trends amongst the

tested ablations and full model.

We use a simple policy gradient algorithm [231] to update our policy parameters:

0 < 6+ arVglogmg(a) (A.2)

where a is the action taken, o is the learning rate, r is the reward, and 0 are the policy

parameters to be estimated.

The policy is initialized such that each Gaussian is centered in the middle of the screen
with isotropic variance of 50px (1/12th of the height and width). It is then updated using
noisy reward estimates from n;,;; sampled actions from the prior before any actions are
taken. We found this dramatically improved stability and performed much better than a

policy which was parameterized with respect to the objects in the scene.

We include exploration in our action selection, using an epsilon greedy strategy. € is
considered to be a free parameter of the model. When exploring, we sample actions from

our object-oriented prior, outlined in section A.2.1.

SSUP continues to sample actions until it either finds an action with a reward greater
than a given threshold, 7, or until it reaches a maximum number of simulations, nj,s. If
it finds an action with high reward, it executes that action in the environment. Otherwise,
if it reaches the maximum number of internal simulations, 7., it takes the best action it
has simulated so far which has not been tried in the real world. If it succeeds, the model is

finished. Otherwise it resumes simulation.
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Counterfactual updates

Whenever our model takes an action in the environment, it additionally queries its noisy
simulator for what would have happened if it had used the other two tools. The policy
gradient is therefore calculated on three data points: one from each of the possible tools.
These are also counted as the first two simulations of each inner loop. We found that this
stabilized the policy gradient, such that it could determine whether the reward was due to
the tool used, or the position chosen. We imagine that such an update might be generally

useful in increasingly structured action spaces when a strong model is available.

Reward function definition

Our reward is defined as the normalized minimum distance to the goal along the observed
or simulated trajectory. This reward function was provided for every model that we con-
sidered. Normalization is performed with respect to what the outcome of this metric would

be if the agent had taken no action, such that the reward can be calculated as:

. mintz&N;obonbjectsd(Oij goal, action)

; ; (A.3)
mmt:O,N;objeobjectsd(017]a goal)

r=1

where d is the distance between a goal object (red object) and the goal, under a particular
action; N is the total number of time-steps in the trajectory. The subtraction is to flip signs
such that getting into the goal (at a distance of 0) results in the highest possible reward.
This is therefore a measure of infervention rather than generic distance to the goal.
Across all experiments, we found this reward function to perform substantially better than

one which was based only on the unnormalized minimum distance metric.

A.2.4 Running on the Virtual Tools game

The SSUP algorithm described in Algorithm 1 will continue to run until it finds a solution.
However, to match human performance under time limits, we capped the number of actions
that the model could take to 10, which was the median number of actions people took on

trials for which they did not solve the level. If the model did not find a solution within 10
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actions, it was considered to be unsolved.

A.3 Physical parameter tuning model details

As an alternate learning scheme, we suppose that people use observations from failed ac-
tions to refine their internal dynamics models for the game, and then use those updated
models to choose the next action. Critically, this alternate learning scheme does not sample
actions from a policy which is updated from observations. It always samples actions from
the object-centered prior, and only the noisy dynamics model can be improved and refined
based on observations.

We instantiate this learning scheme using a model that tunes parameters within its
physics engines that are related to object dynamics: object densities d, frictions f and
elasticities e, which we collectively call y. This model relies on the same physics en-
gine as the full SSUP framework, including uncertainty introduced during collisions (see
Section A.2.2).

After each failed action is performed, the parameter tuning model attempts to update its
internal parameters to match the observed outcome of that action using Bayesian inference;
this is an instance of “analysis-by-synthesis” [121]. The model observes 20s of a failed
trajectory, and samples the location of all movable objects at 50 points evenly spaced in
time. To approximate the likelihood of each observation given a parameterization \, the
model produces 20 simulations of the same action, and records the positions of all movable
objects in that simulation at the same time points. From these records, the model takes the
positions of each object at each time point, and parameterizes a Gaussian over its likelihood

j)' The likelihood of observing

t

of where that object should be at that point in time (u,,, It

o
the full trajectory is therefore the product of each of the individual observed object positions

at each time point:

P(ON) = T TT TP (0Lnjltts»Ohp;) (A.4)

obj t

We parameterize the prior for each property as a Gaussian centered at the true value
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for that property (1 for density, 0.5 for elasticities and frictions), with variance 0.025. Our
proposal function is defined as a set of truncated Gaussians with variances of 0.02 (and
mean equal to the current estimate).

We implement this inference using the Metropolis-Hastings (MH) algorithm for 20 it-
erations using the likelihood function and proposal above, using 5 chains and 5 burn-in
samples. We found that this was enough to give reliable estimates for each of the param-
eters. This procedure was implemented in the probabilistic programming language Gen
[39].

Every time a new action is observed, we initialize the MH procedure using the param-
eters determined from the previous observation. In this way, learning (in the form of more

refined priors) can occur throughout a set of actions within a level.

A.4 Parameter sensitivity analysis

To ensure that the choice of parameters did not unduly affect model performance, we tested
how well the SSUP model performed under different settings of each of its parameters. For
a measure of model performance, we used a metric called total Area Between Cumulative
Solutions (ABCS). This metric is defined for each level as the area between the human and
model cumulative solution curves (see Fig. 4-6A in the main text), normalized between
0 (perfect match) to 1 (participants or the model always solve the level instantaneously,
while the other never solves the level). This metric combines the by-trial accuracy, number
of actions used, and evolution of solution rate into a single metric.

Because the SSUP model includes 10 parameters, we could not reasonably test model
performance across a full grid of parameter choices; instead, we test model performance
along a single dimension at a time, varying one parameter but keeping all others constant.
As can be seen in Fig. A-1, model performance did not differ significantly across a wide
range of parameter settings around the values used in the SSUP model. This suggests
that more precise but computationally intractable parameter fitting would lead to at best
marginal improvements in model fit.

As further evidence that these parameters generalize, we used an identical parameteri-
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Figure A-1: Mean Area Between Cumulative Solutions (ABCS) values across all trials for
different parameter values, keeping all other parameters at the default values. The default
values are denoted by the dashed lines. Grey areas indicate 95% bootstrapped confidence
intervals. Legend: o learning rate for policy gradient, €: the probability of sampling an
exploratory action from the prior, 7n;,;:;,;: number of initial samples from the prior used
to initialize the policy, nj.,s: number of internal iterations before action must be taken,
ngims: the number of simulations run for each imagined action, G,.: the noise (in radians)
for collision elasticity, 0y: the noise (in radians) for collision direction, Gy: the standard
deviation of the prior in the x direction, Gy: the standard deviation of the prior in the y
direction, T: -1x the reward threshold for acting

zation of the model for the 10 validation levels, and found good fits to human data there as

well.

A.5 A Deep Reinforcement Learning baseline

We looked at whether a popular approach from deep reinforcement learning, Deep Q Net-
works [156], could solve the Virtual Tools game from pixel inputs alone.! While we ex-
pected that such approaches would require significant amounts of experience to learn use-
ful representations, we hoped it might discover generally useful priors (like being object-
oriented, or even understanding whether something should be placed above or below an-

other object) that may transfer across different level types.

"'We also considered Proximal Policy Optimization [190], but were unable to train the network to perform
above chance levels, even within a single level template; see [3].
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A.5.1 Random level generation

For the purposes of comparing human and model performance in the first experiment, we
used 20 hand-designed levels. However, Deep Q Learning requires large amounts of data
for training, and though we could allow training by taking extensive actions on the given

levels, this would risk over-learning particulars of those 20.

Instead, we randomly generated levels from a set of five templates based on five of the
hand-designed levels. These templates were designed such that they contained the same
set of objects, and could be solved in similar ways, but the sizes and configurations of
objects could vary, which enforced some variability in the solution actions. The specific
algorithm for generating levels varied by template, but involved resizing or shifting many
of the object, subject to some geometric constraints (e.g., the ‘tabletop’ in each Table level
was always between the slope and goal, and the ball in each Catapult level always rested

on the catapult object). See Fig. A-2A for example scenes from each template.

Each generated level included three tools randomly drawn from a pool of possible
shapes that were used to construct tools for the 20 hand-designed levels. These tools could
further be randomly resized or rotated at angles of 90 degrees, subject to the constraint that
they continued to fit in the 90 x 90 pixel area that each of the original tools fit into. See

Fig. A-2B for examples of randomly generated tools.

To guarantee that each level has a reasonable but non-trivial solution, we proposed a
“solution region” for each template that comprised a similar area to the primary solution
for the base level. For instance, the solution region for the Basic template was a rectangle
above the key ball, while the solution region for the Shafts template contained both areas
directly above the shafts. We then randomly generated 100 tool placements from this region

and selected only trials for which between 3% and 80% of actions would solve the level.

We used these templates to generate 1,000 levels each. These levels were then split to

provide 900 training levels for each template, and 100 validation levels.
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A.5.2 Architecture details

Our DON architecture takes in an image of the screen and images of each tool in order to
compute Q values for a discretized version of the space. The images are down-sampled
such that the screen is 90x90 pixels and each tool is 30 x 30 pixels. We choose a dis-
cretization of 20 x 20 which is sufficient to solve most of the levels, and found this reliably
converged to a reasonable policy after 150,000 iterations.

The architecture consists of four networks: a tool image network, a screen image net-
work, a tool policy network, and a position policy network. We run each tool image through
the network, fusing this with the screen image run through the network before passing the
fused representation to both the tool policy and position policy networks. This gives us a
400-dimensional action vector for the position, and a 3 dimensional action vector for the

tool choice.

e The tool image network consists of 4 convolutional layers, with 12, 24, 12, and 3

channels respectively at each layer. The kernel sizes are 3, 4, 3, and 2 respectively.

e The screen image network also consists of 4 convolutional layers, with 32, 64, 32
and 16 channels respectively, and kernel sizes 8, 4, 3, and 2, following the original

DQN Atari network [156].

e The tool policy network is a simple 2-layer multi-layer perceptron (MLP) with 100

hidden units.

e The position policy network is similarly a simple 2-layer MLP with 100 hidden units.

We use epsilon greedy exploration during training, with a linearly decreasing epsilon
schedule. We use a batch size of 32 and a constant learning rate of 2.5x10~*. For opti-

mization, we use RMSProp [106].

A.5.3 Training and results

We considered two training schemes for DQN: training on only a single level template,
or training on levels from all templates at once. Training continued until the models ob-

served 150,000 instances, at which point performance appeared to stabilize for all models
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Figure A-2: Randomly generated levels for deep learning baselines

(see Fig. A-3A). The reward function for DQN is identical to the one used for SSUP: a

normalized reward with respect to what would have happened if no action was taken.

Learning curves for each model are shown in Figure A-3A. In all cases, models trained
specifically for one level solve the validation levels from that template more often than the
model trained across all levels (Fig. A-3B). Indeed, the model trained on all levels seems to
have learned a “launching” strategy which is sometimes successful for those levels which
involve launching an object (Basic, Catapult, Shafts and Towers). However, it is not able
to simultaneously learn a “supporting” strategy for the Table template, where solutions

require supporting an object from below.

These training results suggest why the DQN + Updating model fared so poorly in com-
parison to the SSUP model: while it is possible to learn policies from action-reward feed-
back in a single scenario, it is difficult to do so for multiple scenarios simultaneously.
Thus, even when we include an update mechanism to support rapid learning within a trial,

the model-free policy learned from extensive experience does not guide the updating ap-
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Figure A-3: (A) Training curves for DQN training on individual level templates, or all templates
combined (All, red curve). Reward is averaged over each epoch of 1,000 training instances. Mod-
els trained on individual scene templates are able to consistently choose successful or promising
actions; however, the model trained to generalize across templates under performs, not even consis-
tently achieving a reward that is better than having no impact on the scene. Note that this is because
the model has over-specified to some levels and not others. In some levels it has positive impact,
and in other levels it has negative impact. (B) Accuracy of DQN on the validation template levels.
Models are grouped by training regime: within template, all templates simultaneously, or averaged
across all models trained on alternate templates.

propriately across the variety of levels used in the Virtual Tools game.

A.5.4 Future extensions

There is exciting work currently being developed to set up multi-task reinforcement learn-
ing benchmarks, such as OpenAl’s Sonic and Coin Run challenges [162, 32]. The Virtual
Tools game expands on this growing set by providing a strong test of transfer learning for
physical planning and acting, but additionally requires few-shot learning within the test

domains.

While we see the Virtual Tools game as presented to be a challenge for current Al
approaches, we also consider ways of extending it to keep pace as a challenge problem for
future AL. We could make the action and state space more complex by requiring sequential
tool placements. Or, inspired by the way that crows and children can shape objects to make
tools [197, 17], we could require agents to design their own tools instead of selecting from
a set of provided objects. We could also make the dynamics more complex by introducing
objects with various densities, frictions, and elasticities, which would need to be learned
through interaction. Each of these changes would be a simple extension to the game, yet

we would expect them to push the boundaries of artificial agents.
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A.6 Additional results

A.6.1 Analyzing differences in behavior for matched trials

We used a similar mechanism to evaluate whether there was any difference in actions taken
between matched level pairs (A and B). Specifically, for each of level A and B, we use
a leave-one-out cross-validation procedure to obtain the probability that each participant’s
action came from the level they actually played (A or B) as opposed to the alternative
matched level (B or A). We fit a Kernel Density Estimate (KDE) plus background guessing
to the actions taken by all the people in the opposing level, as well as all actions except
the participant’s in the true level. We can then obtain likelihood estimates for the partic-
ipant’s actions under both models. This allows us to calculate the confusability score of
the participant’s action as p(A; = A|A_;, B) with A; being the particular action chosen by
a participant playing level A, A_; being all actions except the participant’s action, and B
being all actions from participants in level B. We obtain the same confusability metric for
participants in level B by swapping A and B. Finally, we average the confusability across

both variants to calculate how differentiable actions were on a template.

If these scores are greater than 0.5, it implies that the actions are different across the
matched levels because we can determine which level caused which action. We find that
participants’ actions are differentiable in all levels except for “Towers’ and ‘Falling’ (see
Table A.1). In ‘Falling’, this is because people have a strong prior to drop objects from
above, so blocking placements below the cup has little effect (see the main paper results for
further discussion). In ‘Towers’, people do not seem to initially understand that they must
hit the red block from the left in ‘“Towers B’ and so in both settings they just try to disturb
the pile of blocks.

We can perform a similar analysis for the SSUP and DQN models (Table A.1), treating
each model run as a different participant. We find that the SSUP model does take different
actions on all of the levels, but the DQN model does not. We compare to the DQN without
updating, to demonstrate that the learned policy does not notice these subtle differences in

the scenes.
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confidence intervals on estimates of the means. The number of placements was capped at 10 for
all models. If a model took more than 10 attempts on a particular level, it is considered unsolved.
Model results are combined over 250 runs.

A.6.2 Comparisons across models

Figure A-4 shows the correlations between alternate models and human performance for the
average number of placements across levels from the main experiment. Figure A-5 shows
correlations between alternate models and humans for both accuracy and placements in the
validation experiment.
Table A.2 shows the RMSE comparing each of the models with human data from the
main experiment, and Table A.3 shows the same information for the validation experiment.
Table A.4 shows the ABCS scores for each level individually. By examining which

levels the varying alternate models perform well in, it is clear what the relative contributions

Table A.1: Confusability metric between matched level pairs. Brackets indicate boot-

strapped 95% confidence intervals on the estimate.

Trial

Humans

SSUP

DQN+Updating

Shafts
Prevention
Launch
Falling
Table

Towers

0.72 [0.66, 0.78]
0.54 [0.51, 0.58]
0.61 [0.56, 0.68]
0.48 [0.42, 0.54]
0.56 [0.51, 0.61]
0.47[0.41, 0.52]

0.77 [0.73, 0.83]
0.53 [0.50, 0.57]
0.60 [0.56, 0.63]
0.9210.89, 0.95]
0.74 [0.69, 0.79]
0.64 [0.60, 0.68]

0.50 [0.47, 0.52]
0.51 [0.49, 0.54]
0.51 [0.49, 0.54]
0.51 [0.49, 0.54]
0.49 [0.47, 0.52]
0.48 [0.46, 0.51]
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Figure A-5: Comparisons of human vs. all model performance for the validation experiment. (A)
Human vs. model placements per trial. (B) Human vs. model trial accuracy. Bars indicate 95%
confidence intervals on estimates of the means.

Table A.2: Comparisons between people and all models on the original experiment. Brack-
ets indicate bootstrapped 95% confidence intervals on the estimate. ‘Average ABCS’ refers
to the average of the Area Between Cumulative Solution curves of participants and the
model. ‘Guessing’ model placements and accuracy can be calculated exactly and therefore
have no confidence intervals.

Model Avg. Attempts Attempt RMSE  Accuracy Accuracy RMSE Average ABCS
Human 4.48 [4.25,4.66] - 0.81 - -
Full Model 4.24[4.17,4.32] 1.86[1.66,2.17] 0.77[0.76,0.78] 0.135[0.121,0.169] 0.111 [0.103, 0.132]
No Updating 5.38 [5.32,5.46] 2.31[2.16,2.59] 0.69[0.68,0.7] 0.271[0.248,0.299] 0.189 [0.173, 0.208]

No Simulation
No Prior

DQN + Updating
Parameter Tuning

Guessing

5.23[5.14,5.31]
5.55[5.48,5.62]
7.52[7.44,7.61]
5.715.64,5.78]
8.88

2.29[2.12, 2.58]
2.4512.29,2.71]
3.89 [3.76, 4.1]
2.39[2.25, 2.65]
4.91[4.75,5.1]

0.59[0.58, 0.6]
0.61 [0.6, 0.62]
0.3410.33, 0.35]
0.65 [0.64, 0.66]
0.32

0.328 [0.307, 0.353]
0.305 [0.288, 0.33]

0.544 [0.527, 0.566]
0.293 [0.275, 0.323]
0.552[0.531, 0.573]

0.218 [0.204, 0.237]
0.202 [0.187, 0.222]
0.397[0.381, 0.416]
0.194 [0.180, 0.214]
0.402 [0.385, 0.417]
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of the prior, simulator and update mechanism are. For example, in Catapult, where updating
an action to move along a gradient is useful, the “No Updating” ablation performs worst of
all methods. Similarly for Bridge, where the prior focuses the search particularly well but a
structured search is less necessary (since almost all actions with a positive outcome lead to
solutions), removing the object-oriented prior is most problematic for fitting human data.
These results provide intuition for why the different model components are important for

explaining rapid trial-and-error learning.

Although all alternate models have higher ABCS scores than the full SSUP model,
we can test whether these are statistically reliable differences. We form a null hypothesis
distribution by bootstrapping the difference between the ABCS scores of two runs of the
full SSUP model, taking 10,000 samples. We then test where the differences between the
scores of the full and alternate models fall in that distribution. On the main levels, we
find that the differences between ABCS scores for all models would be extremely unlikely
(the values were more extreme than all null hypothesis samples; all ps < 0.0001). On
the validation levels, we find that the models that remove the prior or simulation engine, or
replace the prior with a DQN all have ABCS score far outside the expectations from the null
hypothesis distribution (all ps < 0.0001), but the ABCS scores of the models without an
update mechanism or with parameter tuning in place of the update mechanism fell within

the null hypothesis distribution (no updating: p = 0.055, parameter tuning: p = 0.346).

Table A.3: Comparisons between people and all models on the validation experiment.
Brackets indicate bootstrapped 95% confidence intervals on the estimate. ‘Average ABCS’
refers to the average of the Area Between Cumulative Solution curves of participants and the
model. ‘Guessing’” model placements and accuracy can be calculated exactly and therefore
have no confidence intervals.

Model Avg. Attempts  Attempt RMSE ~ Accuracy Accuracy RMSE Average ABCS
Human 5.57[5.11,6.03] - 0.74
Full Model 4.61[4.5,4.73] 1.93[1.64,2.4] 0.72[0.71,0.73] 0.0933 [0.0708, 0.145] 0.0936 [0.080, 0.124]
No Updating 5.88 [5.77,5.98] 1.88[1.65,2.33] 0.65[0.63,0.66] 0.162[0.135,0.209] 0.120 [0.105, 0.152]
No Simulation 5.75[5.62,5.88] 1.93[1.71,2.36] 0.55[0.53,0.56] 0.252[0.215, 0.295] 0.170 [0.150, 0.200]
No Prior 5.95[5.84,6.07] 2.56[2.25,3.01] 0.56[0.55,0.58] 0.321[0.284, 0.364] 0.201 [0.178, 0.228]
DQN + Updating  7.79 [7.69,7.89] 3.31[2.93,3.75] 0.33[0.32,0.34] 0.494 [0.456, 0.534] 0.344[0.320, 0.374]
Parameter Tuning 5.63 [5.52,5.73] 1.76[1.52,2.18] 0.68[0.67,0.7] 0.121[0.0953, 0.17] 0.1 [0.086, 0.130]
Guessing  9.72 4.89[4.62,522] 0.21 0.575[0.544, 0.61] 0.422[0.397, 0.451]
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Figure A-6: Cumulative solution rates for all alternate models on the main experiment
levels.

Since the validation levels were not explicitly chosen to differentiate models, only one
level, “Basic (v2)”, would be expected to benefit from a policy updating mechanism, as
hitting the ball from higher is necessary to succeed. Indeed, this is the one level where
we do see an improvement from the SSUP model as compared to to the Parameter Tuning

alternative.

A.6.3 Likelihoods of placements

In addition to testing whether each of the models capture the evolution of human successes
and failure over the course of each trial, we can study how well each model captures the
specific actions that people take. We measure this as the likelihood of an action under the
model’s predictions.

However, this measure not perfectly reliable past the first action for two reasons. First,
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Figure A-7: Cumulative solution rates for all alternate models on the validation levels.

the model and people take actions that depend on the results of prior actions, and therefore
the probability density for the second action calculated by the model is conditional on
the model’s prior actions, not people’s. Second, because of varying solution rates, the
reliability of the probability density and the likelihood will vary by trial — for instance,
only 2% of model runs on ‘Falling (A)’ even take a second action, and only a third of
participants did not solve ‘Shafts (A)’ on the first attempt, and these numbers grow smaller
with subsequent action orders. We therefore measure this likelihood in two cases, to mirror
Fig. A-11: the likelihood of the first attempt (where these problems do not exist), and the
likelihood of the final solution, to estimate how well the models capture the pattern of final

solutions.

Because we only obtain samples from the model, we cannot calculate the likelihood
function directly but instead must approximate it via a kernel density estimation (KDE)
based around each of the sampled points. This requires two additional parameters to fit: (1)
the width of the kernel, and (2) a background “guessing” rate. We fit these parameters for
each model to maximize likelihood on the first placement of the basic levels, but use those
same fit parameters to calculate the likelihood of placements on the validation levels, and
of the last placements on the basic levels.

In addition, we calculate a noise ceiling by asking how well participants’ placements
can be explained by all other participants’ actions on that level. We use the same KDE pro-

cedure described above, fit using leave-one-out validation and treating other participants’
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placement of a trial (fop) and final solution placement (bottom), for the 20 regular levels (left) and
10 validations levels (right). Bars represent 95% bootstrapped Cls. The dashed line represents the
maximum noise ceiling calculated as likelihood of placements given all other participants’ place-
ments, with the grey area representing the 95% CI on that metric.

actions similar to model observations. We also calculated the likelihood under a model that
took random actions, so that we could scale these model fits between chance and the noise
ceiling.

Finally, to test how stable these fits are, we calculated bootstrapped 95% confidence
intervals on the likelihoods. We bootstrap by trial to control for particular levels where
one model might happen to excel or fall short due to chance sampling of actions, then
weight the log-likelihoods by the number of human observations to avoid unbalancing the

likelihoods by this scheme.

The results of this analysis can be seen in Fig. A-8. We find that this is a noisy measure
(due largely in unexplanable variability in participants’ actions; see Figs. A-11, A-12),
and so cannot reliably differentiate any of the models’ performance, with the exception of
the ‘DQN + Updating’ model which does reliably worse than all the rest. However, we
do find that all models fall short of the noise ceiling, suggesting that there are additional
features of human trial-and-error problem solving that these models are not capturing (see

the Discussion for some proposals).
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Figure A-9: Comparisons of model predictions across “Catapult” and “Bridge” for the first action.
In “Catapult”, the full model has the best likelihood, as it is able to narrow down the set of actions
into those that are most promising - like people. In “Bridge”, the “Prior+Physics” and “Parameter
Tuning” ablations perform best in terms of likelihood as they have higher coverage for human
participants that took actions above the bridge.

We can see this in more detail by looking at the first actions taken by each alternative
model in two representative trials: “Bridge” and “Catapult” (Fig. A-9). In “Catapult”, the
SSUP model and alternatives which include shaping around reward correctly narrow down
the set of possible actions towards the same set that people consider. Ablations without this
reward narrowing perform worse in terms of likelihood of human actions.

In “Bridge”, the SSUP model and ablations which are guided by the reward narrow the
action space foo much with respect to the heterogeneity of human actions. The likelihood

of “Prior+Physics” and “Parameter tuning” is therefore better in these cases.

A.6.4 Analyzing switching behavior

We looked at whether the model was capturing the likelihood of participants “switching”
from one strategy to another. In general, it is not obvious what constitutes a particular
strategy for participants. Strategies are intentional - just because you did not successfully
hit the ball towards the right does not mean that you did not plan to hit the ball such that
it moved towards the right. To approximately quantify strategy switching, we therefore
consider a “switch” to have occurred if the tool changed, or if the closest object to the
performed action changed. Although this does not capture the the full richness of human

“strategies,” here we use these measures as a useful proxy and leave precise definitions of
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this notion to future work.

We quantified how often participants and the model switched strategies under this def-
inition. For both tool switches and relative object switches, we find a good correlation
between the human participants and the model (see Figure A-10).

Finally, we provide additional results showing the first and last placements of the model
relative to participants for all levels from the main experiment (Figure A-11, as well as for
the validation levels, Figure A-12). In most cases, these show qualitatively similar initial
attempts, and evolutions towards a solution (however, see the Results in the main text for

discussion of exceptions).
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Figure A-10: Comparison of human participants’ average number of strategy switches on each
trial versus the average number of strategy switches of the full model.
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levels from Experiment 1.
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SSUP No Updating No Simulator No Prior DQN + Upd Param Tune
Basic 0.063 0.053 0.052 0.157 0.420 0.048
Bridge 0.045 0.134 0.179 0.546 0.668 0.101
Catapult 0.057 0.493 0.225 0.081 0.217 0.576
Chaining 0.340 0.504 0.561 0.441 0.750 0.528
Gap 0.099 0.053 0.079 0.080 0.143 0.038
SeeSaw 0.052 0.090 0.267 0.341 0.393 0.143
Unbox 0.033 0.025 0.020 0.039 0.019 0.048
Unsupport 0.030 0.117 0.340 0.130 0.576 0.111
Falling (A) 0.261 0.162 0.253 0.213 0.155 0.153
Falling (B) 0.097 0.304 0.258 0.137 0.365 0.349
Launch (A) 0.137 0.335 0.265 0.077 0.403 0.329
Launch (B) 0.121 0.180 0.102 0.182 0.255 0.124
Prevention (A) | 0.250 0.332 0.503 0.660 0.756 0.358
Prevention (B) | 0.114 0.155 0.226 0.195 0.400 0.169
Shafts (A) 0.029 0.024 0.030 0.027 0.713 0.018
Shafts (B) 0.034 0.035 0.022 0.017 0.712 0.064
Table (A) 0.016 0.123 0.261 0.340 0.524 0.062
Table (B) 0.147 0.173 0.173 0.176 0.198 0.165
Towers (A) 0.154 0.147 0.148 0.100 0.041 0.134
Towers (B) 0.135 0.335 0.402 0.107 0.237 0.358
Average 0.111 0.189 0.218 0.202 0.397 0.194
Balance 0.055 0.124 0.250 0.075 0.234 0.074
Collapse 0.086 0.047 0.032 0.067 0.071 0.050
Remove 0.173 0.282 0.374 0.170 0.367 0.240
Shove 0.136 0.110 0.126 0.099 0.081 0.105
Spiky 0.027 0.018 0.018 0.097 0.018 0.012
Trap 0.095 0.062 0.137 0.065 0.530 0.068
Basic (v2) 0.061 0.242 0.164 0.374 0.531 0.163
Falling (v2) 0.140 0.180 0.139 0.130 0.416 0.151
Launch (v2) 0.059 0.098 0.270 0.619 0.634 0.067
Table (v2) 0.104 0.038 0.189 0.313 0.559 0.072
Average 0.094 0.120 0.170 0.201 0.344 0.100

Table A.4: Area Between Cumulative Solutions metrics for each level (row) by model
(column). Top: 20 levels from the main experiments. Bottom: 10 levels from the validation

experiment.
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