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ABSTRACT

The combination of deep neural networks with reinforcement learning (RL)
shows great promise for solving otherwise intractable learning tasks. However,
practical demonstrations of deep reinforcement learning remain scarce. The
challenges in using deep RL for a given task can be grouped into two categories,
broadly “What to learn from experience?” and “What experience to learn from?”
In this thesis, I describe work to address the second category. Specifically, prob-
lems of sampling actions, states, and trajectories which contain information rel-
evant to learning tasks. I examine this challenge at three levels of algorithm de-
sign and task complexity, from algorithmic components to hybrid combination
algorithms that break common RL conventions.

In the first chapter, I describe work on stable and efficient sampling of ac-
tions that optimize a Q-function of continuous-valued actions. By combining
a sample-based optimizer with neural network approximation, it is possible to
obtain stability in training, computational efficiency, and precise inference.

In the second chapter, I describe work on reward-aware exploration, the dis-
covery of desirable behaviors where common sampling methods are insufficient.
A teacher “exploration” agent discovers states and trajectories which maximize
the amount a student “exploitation” agent learns on those experiences, and can
enable the student agent to solve hard tasks which are otherwise impossible.

In the third chapter, I describe work combining reinforcement learning with
heuristic search, for use in task domains where the transition model is known,
but where the combinatorics of the state space are intractable for traditional
search. By combining deep Q-learning with a best-first tree search algorithm,
it is possible to find solutions to program synthesis problems with dramatically
fewer samples than with common search algorithms or RL alone.

Lastly, I conclude with a summary of the major takeaways of this work, and
discuss extensions and future directions for efficient sampling in RL.
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Introduction

BROADLY PUT, reinforcement learning (RL) is a field that studies how intel-
ligent agents can interact with an environment about which the agent knows
and assumes little. Typically, the only assumptions the agent can make about

the Markov Decision Process (MDP)'"" it seeks to solve are that the (partially



observable) state of the MDP changes over time, that the agent can affect the
state through its actions, and that there exists a reward function of state which
the agent should maximize. Core questions such what a rewarding state looks
like, what aspects of the environment the agent can influence, or what the effect
of a given action will be must be discovered by the agent. Without interacting
with the environment to explore it and gather data, the agent cannot achieve its

intended task *.

At a high level, this problem of learning about the environment can be bro-
ken down into two sub-problems— First, the problem of learning from the data
the agent has collected, which is most directly affected by modifications to the
agent’s learning rule as well as learning agent architecture and parametrization,
and second the problem of collecting data to be learned from. Most work in the
field of reinforcement learning is concerned with the first of these, but the sec-
ond is increasingly seen as key to success in many major application domains of

RL.

While this second problem encompasses many different subproblems such as
exploration, offline RL, and action selection, the overarching focus is on data,
rather than learning algorithms. In the context of deep RL, there is reason for
hope in this focus on data— Multiple fields of artificial intelligence have found
that using large and deep neural network function approximators with large

(and well-crafted) datasets can yield impressive results. While the nature of

*There are of course algorithms which break these assumptions, including the focus of
Chapter 3 and others which are discussed briefly in Chapter 4
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the “data” problems in RL differ from those of supervised learning, it is thus

reasonable to think that intelligent selection of training data in deep RL could
also yield significant gains over naive data collection methods. In this thesis, I
will focus on problems of this sort, in particular those that can be collectively

described as “sampling” problems.

0.1 SAMPLING IN REINFORCEMENT LEARNING

So what is “sampling” in RL? Broadly put, it is the problem of collecting in-
teractions with the environment MDP that allow an RL agent to learn to solve
it. An RL agent must learn to perform a given task without prior knowledge
of what that task entails, and to do this it must learn through a trial-and-error
process of sampling attempts to perform the task and learning which actions

lead to success and which lead to failure from that data.

Contained in this problem statement is an unanswered question— What at-
tempts does the agent sample? Indeed, this question is fundamental to any
learning agent trained on data, and its expressions in other fields of machine
learning (dataset composition in supervised learning, training objective and reg-
imen in self-supervised learning) have proven to make a large difference in the
performance for many subproblems. In contrast, this question has less effective
and less general answers in RL, with some exceptions (as we will see). Given
this significance, the core focus of this thesis will be on finding answers to the

sampling question.



Theoretically, standard RL algorithms will converge to solve a task correctly
assuming infinite samples where every possible action is sampled with nonzero
probability . While complete, this answer is obviously unsatisfying— infinite
time convergence guarantees are both theoretically and practically unsatisfying.
However, to make a stronger guarantee we must make additional assumptions
about the problem structure. These assumptions can be practical or imprac-
tical, and depend heavily on the problem domain in question— they are a key
factor in the design of a practical RL system for a given task. Indeed, some of
the most notably success stories in RL, such as superhuman performance on the
game of Go’', are made possible by clever task design, while in other applica-
tion domains such as robotics RL struggles to gain traction despite considerable

research efforts.

Let’s consider a couple of case studies:

0.2 CASE STUuDY: ALPHAGO ZERO

A seminal paper from , AlphaGo Zero learned to play the board
game Go at a superhuman level, entirely through self-play with no human-produced
training data. Examining the training curves from that paper (see Figure 1) re-
veals a classic asymptotic training curve, with rapid improvement early in train-
ing followed by a gradual decline in the rate of policy improvement later on.

This curve shape is indicative of a task where the sampling problem is solved

relatively well- early on, when the agent knows very little about the game of Go



Elo rating

== Reinforcement learning
3,000 == Supervised learning
=== AlphaGo Lee

O 10 20 30 40 50 60 70
Training time (h)

Figure 1: Training curves for AlphaGo Zero. Performance improves smoothly and asymptotically
throughout training.
it still samples data that allows for rapid improvement, while later in training

performance continues to smoothly improve up to an extremely high level.

Obtaining such an ideal result on Go is a function of many different factors—
the architecture of the neural networks used, the RL learning algorithm, the
fully observable game state, and more. However, the same algorithms and neu-
ral networks can be applied to another game (for example, StarCraft''") and

perform poorly due to how the structure of the game enables efficient sampling.

Why? Go is a game with two players, where one player must lose and the
other win. Due to the size of the board and the number of stones, this is guar-
anteed to happen within a reasonable maximum length, and every move prior to
the end of the game contributes to the outcome— there are few “pointless” turns

in Go. By playing against copies of itself, an agent, whether near-random or su-
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Figure 2: Performance of the raw AlphaGo Zero policy with (“AlphaGo Zero") and without
(“Raw network") MCTS to select moves.

perhuman, will play against a similarly skilled opponent, and thus should win
50% of the time. At random, the agent may play better than typical or worse
than typical and win more or less often, which produces a gradient for the pol-
icy towards better plays and away from worse ones. This happens regardless of
the agent’s skill level, resulting in a smooth asymptotic training curve as the
agent samples experiences that help it improve throughout training. Because
Go has a structure that makes sampling good training data easy, training is rel-
atively fast given the complexity of the game and asymptotic performance is
extremely good. Efficient sampling makes superhuman performance tractable to

obtain.



It is worth noting that sampling techniques can improve performance even
in a game like Go where efficient sampling is easy to obtain. In AlphaGo Zero,
the authors use Monte Carlo Tree Search (MCTS) to select actions based on
accumulated statistics, which as shown in Figure 2 improves performance signif-
icantly over the baseline of simply using the policy’s predicted actions. While
the raw network is high skilled at Go, MCTS sampling allows for better action

selection at inference time.

0.3 CASE Stupy: QT-OPT

While the game of Go has structure conducive to efficient sampling, many
other tasks of human interest do not. A major example is the field of robotics
writ large. Robots capable of complex human-like manipulation tasks would
be a great benefit to society, and much work has been put into developing such
robots, but to date only limited success has been found, and RL-based approaches

in particular remain largely experimental.

The reasons for this largely come down to task structure, and how it effects
sampling. Robotic simulators have limited accuracy for many types of interac-
tions ', and as such a robotic RL agent must be trained in the real world, where
time spent sampling experiences is precious. Unlike AlphaGo Zero, where mil-
lions of games of Go could be played and trained on in a day, robots must col-
lect data in real time, and efficient data collection is therefore critical to success.

Complicating this is the discontinuous structure of most robotic tasks— con-
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Figure 3: Picture of the Qt-Opt robotic system (left) and the objects Qt-Opt learns to grasp
(right).

sider a robot arm attempting to pick up objects. With a few corner cases, the
robot will either succeed (the object has been grasped and lifted), or fail (the
object remains on the ground). As very few robot trajectories result in a suc-
cessful grasp, an untrained RL policy will sample very inefficiently— it may be
hundreds or thousands of trials before it manages to grasp the object at all to
learn anything about the task. Structuring a robotic task similar to Go where
the agent will automatically succeed 50% of the time is difficult or impossible in
most cases, and considerable manual engineering work is required to structure a

task such that it is learnable from scratch by an RL agent.



To illustrate this, let’s look at an example case study. Qt-Opt~’ is seminal

robotic systems paper detailing a robot capable of picking miscellaneous objects

out of a bin using RL trained entirely on real-world data, among the more com-

plex real-world robotic tasks accomplished by an RL agent to date. To make

this tractable, a number of major engineering challenges had to be overcome:

The space of the task was constrained, with a limited working volume and
short time horizons (max 30 actions), so that a weak policy will succeed

more often.

Qt-Opt used data collected by a heuristic policy to bootstrap training and

give the RL policy some examples of success to train on.

The neural networks used to control the robot are large and expensive to
evaluate, and the system requires a compute cluster and does not run in

real time.

Most notably, the authors used a large number of robots to sample data in
parallel, collecting a dataset of 580,000 grasp attempts in 800 robot-hours,

or just over one robot-month.

While the results are impressive, this approach requires considerable task-

specific engineering and millions of dollars of robot hardware. Further, research

suggests that while generalization to new objects is fairly good, such a system

will not generalize to small changes in environment, such as changing the color

of the robot arm, with fine-tuning requiring hundreds of thousands more grasp
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attempts to adapt to small changes”’. As practical robots must be robust to
large changes in their work environment without months of robot time spent

retraining, this approach remains impractical for most applications.

To improve on this, there are two options. If the system were to generalize
better given the same amount of data, spending the money and time required to
collect that data is reasonable to do once or twice. Conversely, if similar perfor-
mance could be obtained using less data (for example, 5000 grasps rather than
nearly 500,000) it would be tractable to collect training data in diverse environ-
ments and retrain as needed when conditions change. In both cases, the chal-
lenge can be further decomposed into improving how the data is used (better
generalizing neural net architectures, more efficient training from small amounts
of data) and improving what data is collected (target data collection such that
the 500k grasps cover the task space broadly, or so that the 5k grasps are effi-

ciently selected for learning the task quickly).

0.4 CONTRIBUTIONS

As we can see from the case studies in the previous section, the difficulty of
sampling good data for RL varies tremendously depending on the task domain.
Further, the reasons for that difficulty also differ. While general purpose tech-
niques are desirable, this heterogeneity encourages a domain-specific approach.
In each chapter of this thesis, I will outline a domain in which sampling is chal-

lenging, and propose an algorithm to address that challenge. While these algo-
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rithms are designed with a specific domain in mind, many of their principles can
be applied more broadly.

The body of this thesis consists of the following sections:

o Chapter 1: Sampling Stable Optimal Actions

In this chapter, I address the challenge of sampling actions from a Q-
function of a continuous action vector a € R”Y. This is hard to do because
neural network Q-functions are highly non-linear, so optimizing their in-
put is a non-convex optimization problem that must be performed every
time one wants to sample actions or even train the Q-function. Previous
work demonstrated that using sample-based optimization algorithms such
as the cross-entropy method results in good stability for training. How-
ever, this is computationally slow due to the serial nature of the algorithm
and need to evaluate the Q-function many times per iteration. I extend
this approach by using supervised learning to train a small neural network
policy that approximates the output of the sample-based optimizer with
much less computation required. The result is a “best of both worlds” al-

gorithm that is stable to train while being fast at inference time.

o Chapter 2: Exploration via Reward Prediction Error

Following from the previous chapter, here I introduce the problem of ex-
ploration, sampling longer sequences of actions which yield trajectories
containing useful information for learning the given task. While in the

limit this problem is NP-hard (it becomes necessary to visit every sequence

12



of states to discover the singular correct trajectory), in practice other in-
formation can often be used to prioritize some states over others. Much
work has focused on sampling novel states (or observations in the partially-
observable case), with varying definitions of what constitutes a novel state.
Here, I introduce an alternate exploration objective, the temporal differ-
ence (TD) error of a Q-function, which focuses exploration on states that
affect the agent’s expected returns. To do this, I train one Q-function to
estimate the TD-error of a second Q-function, then roll out the first Q-
function in the task to discover state-actions that result in high TD-error
for the second. The result is an exploration algorithm that generalizes to
many types of exploration task, including those where state novelty is not

well correlated with trajectories that result in improved returns.

Chapter 3: Q-Function Prioritized Tree Search

In this chapter, I extend the problem of exploration to a radically differ-
ent domain, program synthesis. In this task, the environment consists of
a finite but intractably large number of states (possible programs), a large
number of possible actions (modifications to the current program), and a
perfect world model (programs are modular and can be executed). How-
ever, due to the nature of the subspace of human-relevant programs, the
reward optimization landscape is nearly pathological, consisting of bottle-
neck states, saddle points and plateaus of similarly-rewarding programs,
and optimal programs can be nearly singular in reward space. To ad-

dress this extreme sampling challenge, I introduce Reinforcement Learning

13



Guided Tree Search (RLGTS), a hybrid algorithm that uses a Q-function
to prioritize candidate programs and a best-first tree search on the Q-
scored programs to sample the finite-but-intractable space of possible
programs that might satisfy a given specification. This algorithm departs
from some assumptions of typical MDPs, such as episodic structure or
sampling timesteps linearly, and by doing so achieves orders of magnitude
better sample efficiency than either traditional tree search algorithms or
traditional reinforcement learning on simple programs of floating point

arithmetic.

Following these sections, I then conclude the thesis with some reflections on
these three projects and the lessons learned about sampling. I also discuss some
future directions regarding sampling, and discuss some recent work in promising

directions.
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Sampling Stable Optimal Actions

1.1 INTRODUCTION

IN RECENT YEARS, model-free deep reinforcement learning (RL) algorithms
have demonstrated the capacity to learn sophisticated behavior in complex envi-

ronments. Starting with Deep Q-Networks (DQN) achieving human-level perfor-

15



mance on Atari games'’, deep RL has led to impressive results in several classes
of challenging tasks. While many deep RL methods were initially limited to dis-
crete action spaces, there has since been substantial interest in applying deep
RL to continuous action domains. In particular, deep RL has increasingly been
studied for use in continuous control problems, both in simulated environments
and on robotic systems in the real world.

A number of challenges exist for practical control tasks such as robotics. For
tasks involving a physical robot where on-robot training is desired, the physical
constraints of robotic data collection render data acquisition costly and time-
consuming. Thus, the use of off-policy methods like Q-learning is a practical
necessity, as data collected during development or by human demonstrators
can be used to train the final system, and data can be re-used during training.
However, even when using off-policy Q-learning methods for continuous control,
several other challenges remain. In particular, training stability across random
seeds, hyperparameter sensitivity, and runtime are all challenges that are both
relatively understudied and are critically important for practical use.

Inconsistency across runs, e.g. due to different random initializations, is a
major issue in many domains of deep RL, as it makes it difficult to debug and
evaluate an RL system. Deep Deterministic Policy Gradients (DDPG), a popu-
lar off-policy Q-learning method"”, has been repeatedly characterized as unsta-
ble~""". While some recent work has improved stability in off-policy Q-learning,
there remains significant room for improvement " »"". Sensitivity to hyperpa-

rameters (i.e. batch size, network architecture, learning rate, etc) is a partic-

16



ularly critical issue when system evaluation is expensive, since debugging and
task-specific tuning are difficult and time consuming to perform. Finally, many
real robotics tasks have strict runtime and hardware constraints (i.e. interact-
ing with a dynamic system), and any RL control method applied to these tasks
must be fast enough to compute in real time.

Mitigating these challenges is thus an important step in making deep RL
practical for continuous control. In this chapter, I will introduce Cross-Entropy
Guided Policy (CGP) learning, a general Q-function and policy training method
that can be combined with most deep Q-learning methods and demonstrates
improved stability of training across runs, hyperparameter combinations, and
tasks, while avoiding the computational expense of a sample-based policy at
inference time. CGP is a multi-stage algorithm that learns a Q-function using
a heuristic Cross-Entropy Method (CEM) sampling policy to sample actions,
while training a deterministic neural network policy in parallel to imitate the
CEM policy. This learned policy is then used at inference time for fast and
precise evaluation without expensive sample iteration. I will show that this
method achieves performance comparable to state-of-the-art methods on stan-
dard continuous-control benchmark tasks, while being more robust to hyperpa-
rameter tuning and displaying lower variance across training runs. Further, I
will show that its inference-time runtime complexity is 3-6 times better than
when using the CEM policy for inference, while slightly outperforming the CEM
policy. This combination of attributes (reliable training and cheap inference)

makes CGP well suited for real-world robotics tasks and other time/compute
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sensitive applications.

1.2 RELATED WORK

The challenge of reinforcement learning in continuous action spaces has been
long studied """, with recent work building upon on-policy policy gradient meth-
ods "’ as well as the off-policy deterministic policy gradients algorithm ™. In
addition to classic policy gradient algorithms such as REINFORCE " or Ad-
vantage Actor Critic”’, a number of recent on-policy methods such as TRPO
and PPO " have been applied successfully in continuous-action domains, but
their poor sample complexity makes them unsuitable for many real world appli-
cations, such as robotic control, where data collection is expensive and complex.
While several recent works”»'' " have successfully used simulation-to-real trans-
fer to train in simulations where data collection is cheap, this process remains
highly application-specific, and is difficult to use for more complex tasks.
Off-policy Q-learning methods have been proposed as a more data efficient al-
ternative, typified by Deep Deterministic Policy Gradients (DDPG)"". DDPG
trains a Q-function similar to , while in parallel training a determin-
istic policy function to sample good actions from the Q-function. Exploration
is then achieved by sampling actions in a noisy way during policy rollouts, fol-
lowed by off-policy training of both Q-function and policy from a replay buffer.
While DDPG has been used to learn non-trivial policies on many tasks and
benchmarks"”, the algorithm is known to be sensitive to hyperparameter tuning

and to have relatively high variance between different random seeds for a given
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configuration ~"". Recently multiple extensions to DDPG have been proposed
to improve performance, most notably Twin Delayed Deep Deterministic Policy
Gradients (TD3)”" and Soft Q-Learning (SQL)/Soft Actor-Critic (SAC) "

TD3 proposes several additions to the DDPG algorithm to reduce function
approximation error: it adds a second Q-function to prevent over-estimation
bias from being propagated through the target Q-values and injects noise into
the target actions used for Q-function bootstrapping to improve Q-function
smoothness. The resulting algorithm achieves significantly improved perfor-
mance relative to DDPG, and I use their improvements to the Q-function train-
ing algorithm as a baseline for CGP.

In parallel with TD3, " proposed Soft Actor Critic as a way of improving on
DDPG'’s robustness and performance by using an entropy term to regularize
the Q-function and the reparametrization trick to stochastically sample the Q-
function, as opposed to DDPG and TD3’s deterministic policy. SAC and the
closely related Soft Q-Learning (SQL) "’ have been applied successfully for real-
world robotics tasks

Several other recent works propose methods that use CEM and stochastic
sampling in RL. Evolutionary algorithms take a purely sample-based approach
to fitting a policy, including fitting the weights of neural networks, such as in

, and can be very stable to train, but suffer from very high com-
putational cost to train. Evolutionary Reinforcement Learning (ERL) " com-
bines evolutionary and RL algorithms to stabilize RL training. CEM-RL"" uses

CEM to sample populations of policies which seek to optimize actions for a Q-
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function trained via RL, while I optimize the Q-function actions directly via
CEM sampling similar to Qt-Opt

There exists other recent work that aims to treat learning a policy as super-
vised learning " '". propose a formulation of policy iteration
that samples actions from a stochastic learned policy, then defines a locally opti-
mized action probability distribution based on Q-function evaluations, which is
used as a target for the policy to learn™".

The baseline for my method is modeled after the CEM method used in the
Qt-Opt system, a method described by for vision-based dy-
namic manipulation trained mostly off-policy on real robot data. Qt-Opt es-
chews the use of a policy network as in most other continuous-action Q-learning
methods, and instead uses CEM to directly sample actions that are optimal
with respect to the Q-function for both inference rollouts and training. They
describe the method as being stable to train, particularly on off-policy data, and
demonstrate its usefulness on a challenging robotics task, but do not report its
performance on standard benchmark tasks or against other RL methods for con-
tinuous control. I base my CEM sampling of optimal actions on their work, gen-
eralized to MuJoCo benchmark tasks, and extend it by learning a deterministic
policy for use at inference time to improve performance and computational com-
plexity, avoiding the major drawback of the method- the need to perform expen-
sive CEM sampling for every action at inference time (which must be performed

in real time on robotic hardware).
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1.3 PRELIMINARIES

I describe here the notation of the continuous-control RL domain, based on the
notation defined by . Reinforcement learning is a class of algo-
rithms for solving Markov Decision Problems (MDPs), typically phrased in the
finite time horizon case as an agent characterized by a policy 7 taking actions a;
in an environment, with the objective of maximizing the expected total reward
value ES°] | 7' (s;, a;) that agent receives over timesteps t € {1...T} with
some time decay factor per timestep . To achieve this, we thus seek to find an

optimal policy 7* that maximizes the following function:

J(1) = Eq gor [Z Yo (se, a)]

A popular class of algorithms for solving this is Q-learning, which attempts to

find an optimal policy by finding a function

Q*(Sm at) = T(St, at) + WmaXaHl(Q*(StH, Clt+1))

which satisfies the Bellman equation
Q(s,a) =r(s,a) +E[Q(s", )], o' ~7"(5)

Once Q* is known 7* can easily be defined as 7*(s) = argmax,(Q*(s,a)). Q-

learning attempts to learn a function @)y that converges to QQ*, where 6 is the
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parameters to a neural network. )y is often learned through bootstrapping,

wherein we seek to minimize the function

J(0) = Eyal(Qo — [r(s,a) + ymaxy (Q(s',a))))’]

where Q is a target Q-function, here assumed to be a time delayed version of
the current Q-function, Qé

To use the above equation, it is necessary to define a function m(s) which
computes argmax,(Q(s,a)). In discrete action spaces, m(s) is trivial, since argmax,
can be computed exactly by evaluating each possible a with (). In continuous-
valued action spaces, such a computation is intractable. Further, as most neural
network Q-functions are highly non-convex, an analytical solution is unlikely to
exist. Various approaches to solving this optimization problem have been pro-
posed, which have been shown to work well empirically. show
that a neural network function for sampling actions that approximately maxi-
mize the Q-function can be learned using gradients from the Q-function. This
approach forms the basis of much recent work on continuous action space Q-

learning.

1.4 FROM SAMPLING-BASED Q-LEARNING TO CROSS-ENTROPY GUIDED POLI-

cies (CGP)

In this section, I will first describe an established method for using a sampling-

based optimizer to optimize inputs to a Q-function which can be used as a pol-
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Algorithm 1 Cross Entropy Method Policy (mcgm) for Q-Learning

Input: state s, Q-function @, iterations /N, samples n, winners k, action
dimension d
p < 0¢
o? 14
fort=1to N do
A+ {a;:a; & N(p, o?)}
A — {&z : iiz = tanh(ai)}
Q<+ {¢:q=0_Q(a;)}
I+ {sort(Q); :i € [l,...,k]}
LN % Zz’el a;
62 Varief(ai)
o2+ 62
end for
return a* € A such that Q(a*) = max;c; Q(d;)

Q Training (both)
L=[|Q(s1yar) — (ri + YQ(s141, womar(sic1)))]|?

n weight update
/ OR \

Toep Training Tgp Training

weight update
(gradient ascent)

weight update

Replay Buffer

s
Replay Buffer - L=|a-a]?
T

Figure 1.1: Schematic diagram of CGP and QGP. Both CGP and QGP use the same training
method to train their Q-functions. However CGP (left) regresses mcgp on the L2-norm between
the current T7cp and the CEM-based policy mcgas, while QGP (right) trains mgap to maximize
Q given s; by directly performing gradient ascent on Q.

icy to train the Q-function via standard Q-learning. I will then present two

novel methods for training deterministic policies separately from the Q-function.
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1.4.1 (Q-LEARNING WITH SAMPLING-BASED POLICIES

The basis for my method is the use of a sampling-based optimizer to compute
approximately optimal actions with respect to a given () function and a given
state s. Formally, I define the policy 75, (s) = Sq(s), where Sg is a sampling-
based optimizer that approximates argmax,Q(s, a) for action a and state ob-
servation s. I can then train a Q-function )y parameterized by the weights of
a neural network using standard Q-learning as described in Section 1.3 to mini-
mize:

J(0) = Esal(Qo — [r(s,a) +1Q(' s, (s))])7]

The choice of sampling-based optimizer Sg can have a significant impact on the
quality of the policy it induces, and therefore has a significant impact on the
quality of @y after training - while I leave the exploration of optimal sampling
methods to future work, I used a simple instantiation of the Cross-Entropy
method (CEM), which was empirically demonstrated by to
work well for certain continuous-control tasks™”. In this formulation, each action
vector is represented as a collection of independent Gaussian distributions, ini-
tially with mean @ = 1 and standard deviation 0 = 1. These variables are sam-
pled n times to produce action vectors ag, ay, ..., a,_1, which are then scored by
Q. The top k scoring action vectors are then used to reparameterize the Gaus-
sian distributions, and this process is repeated N times. For brevity, I refer to

this policy as mcgm. The full algorithm can be found in Algorithm 1.
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1.4.2 IMITATING wcgm WITH A DETERMINISTIC POLICY

While wcgy is competitive with learned policies for sampling the Q-function
(described in Section 1.5), it suffers from poor runtime efficiency, as evaluating
many sampled actions is computationally expensive, especially for large neural
networks. Further, there is no guarantee that sampled actions will lie in a lo-
cal minimum of the Q-value energy landscape due to stochastic noise. My main
methodological contribution in this work, formalized in Algorithm 2, is the ex-
tension of mcgpm by training a deterministic neural network policy 74(s) to pre-
dict an approximately optimal action at inference time, while using wcgym to
sample training data from the environment and to select bootstrap actions for
training the Q-function.

A single evaluation of 74 is much less expensive to compute than the multiple
iterations of Q-function evaluations required by mcgym. Even when evaluating
CEM samples with unbounded parallel compute capacity, the nature of itera-
tive sampling imposes a serial bottleneck that means the theoretical best-case
runtime performance of mcgy will be N times slower than 7. Additionally, as
mceM is inherently noisy, by training m, on many approximately optimal actions
from megp(s) evaluated on states from the replay buffer, I expect that, for a
given state s and @y, T4 Will converge to the mean of the samples from mcgm,
reducing policy noise at inference time.

While the idea of training an inference-time policy to predict optimal actions
with respect to QQy is simple, there are several plausible methods for training

mg. 1 explore four related methods for training 74, the performance of which are
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discussed in Section 1.5. The high-level differences between these methods can

be found in Figure 1.1.

Q-GRADIENT-GUIDED PoLICY

A straightforward approach to learning 7, is to use the same objective as DDPG

J(Cb) = ESNp”CEM (Vw¢Q0(Sv 7T¢(S))>

to optimize the weights ¢ off-policy using )y and the replay data collected by
meeMm- Lhis is the gradient of the policy with respect to the Q-value, and for an
optimal Q should converge to an optimal policy. Since the learned policy is not
used during the training of the Q-function, but uses gradients from Q to learn
an optimal policy, I refer to this configuration as Q-gradient Guided Policies
(QGP), and refer to policies trained in this fashion as mqgp. I tested two ver-
sions of this method, an “offline” version where 74 is trained to convergence on
a fixed Q-function and replay buffer, and an “online” version where 7, is trained
in parallel with the Q-function, analogous to DDPG other than that 7, is not
used to sample the environment or to select actions for Q-function bootstrap

targets. I refer to these variants as QGP-Offline and QGP-Online respectively.

CROSS-ENTROPY-GUIDED PoLiCcy

However, as shown in Figure 1.3, while both variants that train 7, using the
gradient of (Qy can achieve good performance, their performance varies signifi-

cantly depending on hyperparameters, and convergence to an optimal (or even
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good) policy does not always occur. I hypothesize that the non-convex nature
of Q9 makes off-policy learning somewhat brittle, particularly in the offline case,
where gradient ascent on a static Q-function is prone to overfitting to local max-
ima. I therefore introduce a second variant, the Cross-Entropy Guided Policy

(CGP), which trains 7, using an L2 regression objective

J(¢) = Est,\,pﬂ'CEM (VW¢H7T¢><S#,) - 77CEM<3t>H2)

This objective trains 74 to imitate the output of mcgym without relying on CEM
for sampling or the availability of (Jy at inference time. If I assume mwcgy is an
approximately optimal policy for a given @y (an assumption supported by my
empirical results in Section 1.5), this objective should converge to the global
maxima of Qy, and avoids the local maxima issue seen in QGP. As wcgy can
only be an approximately optimal policy, CGP may in theory perform worse
than QGP since QGP optimizes @)y directly, but I show that this theoretical gap
does not result in diminished performance. Moreover, I demonstrate that CGP
is significantly more robust than QGP, especially in the offline case. I explore
both online and offline versions of this method similar to those described for
QGP.

While QGP and CGP are compatible with any Q-learning algorithm, to im-
prove performance and training stability further I combine them with the TD3
Q-learning objective described in , which adds a second Q-function
for target Q-value computation to minimize function approximation error, among

other enhancements. My method of using mcgy to sample actions for Q-function
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training and training 74 for use at inference time is agnostic to the form of the
Q-function and how it is trained, and could be combined with future Q-learning

methods. Pseudocode for the full CGP method can be found in Algorithm 2.

1.5 EXPERIMENTS

To characterize my method, I conducted a number of experiments in various

simulated environments.

1.5.1 EXPERIMENT SETUP

My experiments are intended to highlight differences between the performance
of CGP and current state-of-the-art methods on standard RL benchmarks. I
compare against DDPG, TD3, Soft Actor-Critic (SAC), and an ablation of my
method which does not train a deterministic policy but instead simply uses
moeMm to sample at test time similar to the method of . To
obtain consistency across methods and with prior work I used the author’s pub-
licly available implementations for TD3 and SAC, but within my own training
framework to ensure consistency. I attempt to characterize the behavior of these
methods across multiple dimensions, including maximum final reward achieved
given well-tuned hyperparameters, the robustness of the final reward across di-
verse hyperparameters, the stability of runs within a given hyperparameter set,
and the inference time computational complexity of the method.

I assessed my method on an array of continuous control tasks in the Mu-

JoCo simulator through the OpenAl gym interface, including HalfCheetah,
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Humanoid, Ant, Hopper, Pusher . These tasks are intended to provide a range
of complexity, the hardest of which require significant computation in order to
achieve good results. The dimensionality of the action space ranges from 2 to
17 and the state space 8 to 376. Because of the large amount of computation
required to train on these difficult tasks, robustness to hyperparameters is ex-
tremely valuable, as the cost to exploring in this space is high. For similar rea-
sons, stability and determinism limit the number of repeated experiments re-
quired to achieve an estimate of the performance of an algorithm with a given
degree of certainty. In order to test robustness to hyperparameters, I choose
one environment (HalfCheetah) and compare CGP with other methods under
a sweep across common hyperparameters. To test stability, I performed 4 runs
with unique random seeds for each hyperparameter combination. Each task is
run for 1 million time steps, with evaluations every le4 time steps. Additional
hyperparameters are described in Appendix A.1.

After tuning hyperparameters on HalfCheetah, I then selected a single com-
mon “default” configuration that worked well on each method, the results of
which for HalfCheetah are shown in Figure 1.2. I then ran this configuration
on each other benchmark task, as a form of holdout testing to see how well a
generic set of hyperparameters will do for unseen tasks. Additional experimental
and implementation details can be found in Appendix A.3.

I also evaluated several variants of my method, as described in Section 1.4.2.

I compare robustness and peak performance for both online and offline versions

of CGP and QGP.
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1.5.2 COMPARISONS
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Figure 1.2: Performance of various methods (CGP, SAC, DDPG, and TD3) on OpenAl Gym
benchmark tasks, simulated in MuJoCo. In all cases CGP is either the best or second best perform-
ing algorithm, while both TD3 and SAC perform poorly on one or more tasks, and DDPG fails to

train stably on most tasks. The thick lines represent the mean performance for a method at step ¢
across 4 runs, and the upper and lower lines represent the max and min across those runs.

PERFORMANCE ON STANDARD BENCHMARKS When run on 5 different stan-
dard benchmark tasks for continuous-valued action space learning (HalfCheetah,
Humanoid, Hopper, Pusher, and Ant), CGP achieves maximum reward com-
petitive with the best methods on that task (with the exception of Ant, where
TD3 is a clear winner). Importantly, CGP performed consistently well across

all tasks, even though its hyperparameters were only optimized on one task- in
all tasks it is either the best or second best method. Other methods (i.e. SAC

and TD3) perform well on one task with the given set of hyperparameters, such

30



as TD3 on Ant or SAC on Humanoid, but perform poorly on one or more other
tasks, as TD3 performs poorly on Humanoid and SAC on Ant. I note that for
each method better performance can be achieved using hyperparameters tuned
for the task (for example, report much better performance on
Humanoid using task-specific hyperparameters "), but as I am interested in
inter-task hyperparameter robustness I did not perform such tuning. Addition-
ally, even though CGP is based on the Q-function used in the TD3 method, it
greatly outperforms TD3 on complex tasks such as Humanoid, suggesting that

the CEM policy is more robust across tasks. See Figure 1.2 for details.

STABILITY ACROSS RUNS Across a wide range of hyperparameters (excluding

very large learning rate > 0.01), CGP offers a tight clustering of final evaluation
rewards. Other methods demonstrated higher-variance results, where individual
runs with slightly different hyperparameters would return significantly different

run distributions. To arrive at this conclusion, I ran a large battery of hyperpa-
rameter sweeps across methods, the detailed results of which can be observed in
Appendix A.1. T consider CGP’s relative invariance to hyperparameters that are
sub-optimal one of its most valuable attributes; I hope that it can be applied to

new problems with little or no hyperparameter tuning.

ROBUSTNESS ACROSS HYPERPARAMETERS [ evaluated the robustness of each
method over hyperparameter space, using a common set of hyperparameter con-
figurations (with small differences for specific methods based on the method).

For most hyperparameters, I held all others fixed while varying only that pa-
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Figure 1.3: Stability of various methods on the HalfCheetah benchmark task. This figure shows
the percentage of runs across all hyperparameter configurations that reached at least the indicated
reward level. While CGP is outperformed with optimized parameters, its performance decays much
slower for sub-optimal configurations.

rameter. I varied learning rate (LR) and batch size jointly, with smaller learn-
ing rates matching with smaller batch sizes, and vice versa. I varied LR among
the set {0.01, 0.001, 0.0001}, and batch size among {256, 128, 64, 32}. I also
independently varied the size of the network in {512, 256, 128, 32}. For meth-
ods using random sampling for some number of initial timesteps (CGP and

TD3), I varied the number in {0, 1000, 10000}, and for those which inject noise
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(all other than SAC) I varied the exploration and (for CGP and TD3) next ac-
tion noise in {0.05, 0.1, 0.2, 0.3}. T evaluated CGP entirely with no exploration
noise, which other methods using deterministic policies (TD3, DDPG) cannot
do while remaining able to learn a non-trivial policy. The overall results of
these sweeps can be seen in Figure 1.3, while detailed results breaking the re-
sults down by hyperparameter are in the supplement.

Overall, while CGP does not perform as well in the top quartile of parameter
sweeps, it displays a high degree of stability over most hyperparameter combi-
nations, and displays better robustness than SAC in the lower half of the range
and DDPG everywhere. CGP also performs slightly better for almost all states
than the CEM policy it learns to imitate. The failure cases in the tail were,
specifically, too high a learning rate (LR of 0.01, which is a failure case for CGP
but not for CEM) and less initial random sampling (both 0 and 1000 produced

poor policies for some seeds).

INFERENCE SPEED AND TRAINING EFFICIENCY [ next benchmarked the train-
ing and inference runtime of each method. I computed the mean over 10 com-
plete training and inference episodes for each method with the same parameters.
The results can be found in Table 1.1. CEM-2, CGP-2, CEM-4, and CGP-4 re-
fer to the number of iterations of CEM used(2 or 4). mcgp greatly outperforms
moem at inference time, and performs the same at training time. Other meth-
ods are faster at training time, but run at the same speed at inference time Im-
portantly, the speed of mcqp at inference time is independent of the number of

iterations of CEM sampling used for training.
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Table 1.1: Runtime in average seconds per episode of HalfCheetah (without rendering) on an
otherwise-idle machine with a Nvidia GTX 1080 ti GPU. CGP achieves a constant inference run-
time independent of the number of CEM iterations used, which matches the performance of other
methods.

METHOD MEAN TRAIN (S) MEAN INFERENCE (S)

RANDOM - 0.48
DDPG 5.75 2.32
TD3 5.67 2.35
SAC 11.00 2.35
CEM-2 7.1 6.3
CEM-4 9.3 10.1
CGP-2 11.03 2.35
CGP-4 14.46 2.35

1.5.3 CGP VARIANTS

I considered several variants of my method, as detailed in Section 1.4.2. I ran
each variant on a suite of learning rate and batch size combinations to evaluate
their robustness. I tested LR values in {0.001, 0.0001} and batch sizes in {32,

128, 256}. See Figure 1.4 for a comparison of all runs performed.

CGP vERsus QGP The source of the supervision signal is a critical determi-
nant of the behavior of the policy. Thus it is important to compare the perfor-
mance of the policy when trained to directly optimize the learned Q-function
and when trained to imitate CEM inference on that same policy. I found that
directly optimizing the learned Q-function suffers from more instability and
sensitivity to chosen hyperparameters, particularly when learning offline. In

comparison, both CGP variants train well in most cases. This suggests that the
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Figure 1.4: Stability of variants of CGP, as measured by the percent of runs across all hyperpa-
rameter configurations tested reaching at least the total reward given on the y-axis. Three of the
four methods (CGP-Online, CGP-Offline, and QGP-Online) performed roughly equivalently in the
upper quartiles, while CGP-Online performed better in the bottom quartile.

CEM approximation to the policy gradient is not only a reasonable approxima-

tion but is also easier to optimize than the original gradient.

ONLINE VERSUS OFFLINE Another dimension of customization of CGP is the
policy training mode; training can either be online (train the policy function
alongside the Q-function, with one policy gradient step per Q-function gradient

step) or offline (train only at the end of the Q-function training trajectory). An
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advantage of the CGP method is that it performs similarly in both paradigms;
thus, it is suitable for completely offline training when desired and online learn-
ing when the Q-function is available during training.

I found that the online training runs of both CGP and QGP are mildly bet-
ter than offline training. This result is somewhat intuitive if one considers the
implicit regularization provided by learning to optimize a non-stationary Q-
function, rather than a static function, as in the offline learning case. Ultimately,

CGP is effective in either regime.

1.6 DISCUSSION

In this chapter, I presented Cross-Entropy Guided Policies (CGP) for continuous-
action Q-learning. CGP is robust and stable across hyperparameters and ran-
dom seeds, competitive in performance when compared with state of the art
methods, and both faster and more accurate than the underlying CEM policy.
Not only is CEM an effective and robust general-purpose optimization method

in the context of Q-learning, it is an effective supervision signal for a policy,
which can be trained either online or offline. My findings support the conven-
tional wisdom that CEM is a particularly flexible method for reasonably low-
dimensional problems™, and suggest that CEM remains effective even for prob-
lems that have potentially high-dimensional latent states, such as Q-learning. I

further discuss some future perspectives on this work in Chapter 4.1.
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Algorithm 2 CGP: Cross-Entropy Guided Policies

TRAINING
Initialize Q-functions Qy,, @, and policy 74 with random parameters 61, 05, ¢,
respectively

Initialize target networks 6 <— 61,04 < 05, ¢' < ¢

Qg
Initialize CEM policies WgélM, ﬂcglM

Initialize replay buffer B
Define batch size b
for e =1to F do
fort=1to T do
Step in environment:
Observe state s;
Select action a; ~ nglM(st)
Observe reward r;, new state sz
Save step (S¢, ag, ¢, Se41) in B
Train on replay buffer (j € 1,2):
Sample minibatch (s;, a;, i, $;+1) of size b from B
Sample actions a;1 ~ ﬂ—glEM
Compute ¢* = r; + yminje o Qe;(siﬂ, Qit1)
Compute losses £, = (ng(si, a;) — q*)2
CGP loss: (S = (m4(s;) — 7l (5:))?
QGP loss: (QCF = —Qp, (54, 4(s1))
Update 0; < 0; — 1oV, lg,
Update ¢ <= ¢ — n:Vylr
Update target networks:
0 <70, +(1—-7)0;, je€l,2
¢ 1o+ (1—1)¢
end for
end for
INFERENCE
fort=1to T do
Observe state s;
Select action a; ~ my(st)
Observe reward r;, new state sz,
end for
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Exploration via Reward Prediction Error

2.1 INTRODUCTION

IN RECENT YEARS deep reinforcement learning (RL) algorithms have demon-
strated impressive performance on tasks such as playing video games and con-

trolling robots ' ””. However, successful training for such cases typically requires
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both a well-shaped reward function, where the RL agent can sample improved
trajectories through simple dithering exploration such as e-greedy sampling, and
the ability to collect many (hundreds of thousands to millions) of trials. Satisfy-
ing these preconditions often requires large amounts of domain-specific engineer-
ing. In particular, reward function design can be unintuitive, may require many
iterations of design, and in some domains such as robotics can be physically im-
practical to implement.

The field of ezploration methods in RL seeks to address the difficulties of re-
ward design by allowing RL agents to learn from unshaped reward functions.
Unshaped functions (for example, a reward of 1 when an object is moved to a
target, and 0 otherwise) are usually much easier to design and implement than
dense well-shaped reward functions. However, it is hard for standard RL algo-
rithms to discover good policies on unshaped reward functions, and they may
learn very slowly, if at all.

While substantial work has been conducted on designing general exploration
strategies for high-dimensional Markov Decision Processes (MDPs) with sparse
reward functions, few studies have distinguished between different types of tasks
requiring exploration, particularly in terms of which signals in each MDP are
useful for discovering new sources of reward. In this work, I consider three types
of exploration challenges in particular: solving mazes, learning goal conditioning
relationships, and escaping local reward maxima.

Many classical exploration tasks can be described well as mazes. For exam-

ple, discovering the single rewarding state in a sparse reward environment, or
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navigating a precise series of obstacles in order to play a game. Qualitatively,
the agent must search for the exit to the maze (reward), receives little or no re-
ward before finding it, and has no learned priors. In the limit any RL task can
be seen as a maze (such as by treating a single optimal trajectory as the “exit”),
but such a treatment is often intractable for large MDPs.

Related but distinct are goal conditioned tasks. Here, the reward function
is conditioned on a non-static goal specified by the environment and discovered
through interaction. For example, a robot that must move an object to a set
of coordinates, which differ for each episode. The agent must learn how the ob-
servation and reward are conditioned on the goal, which is made significantly
harder when the underlying reward function is sparse and unshaped. Unlike a
maze, correlations between observation and goal/reward provide additional in-
formation an agent can use to solve the problem.

Lastly, in a poorly-shaped reward function there may exist local maxima in
the space of trajectories, where an agent cannot discover an improved policy
through local exploration and must deliberately sample suboptimal trajectories
to escape local maxima. Here, the contours of the reward function can pro-
vide information on what directions of exploration might be informative, even if
exploring them does not immediately maximize reward.

This distinction is important because both goal conditioning and local max-
ima introduce additional information about the task that mazes do not contain

— In a maze-like environment, discovering new states is explicitly linked with

discovering new reward signals. Goal conditioning can provide hints as to what
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states are and are not rewarding (and when) through correlations in the observa-
tion. Similarly, local reward maxima are embedded within a dense reward func-
tion which provides correlations between each observation and the reward that
results, and discovering this relationship may lead to improved reward. Each

of these problems can be intractable using naive exploration (depending on the
severity of the problem), but each in turn provides some signal that can be used
to solve it. For example, goal-conditioning relationships can also be learned by
goal-driven RL methods such as Hindsight Experience Replay”, which by assum-
ing the presence of a goal can learn much faster and more sample-efficiently on
that class of problems.

In this paper, I propose the use of reward prediction error, specifically the
Temporal-Difference Error (TD-Error) of a value function, to direct exploration
in MDPs that contain Goal Conditioning and Local Maxima Escape problems
but do not have a strong correlation between reward discovery and state nov-
elty. To facilitate the use of this objective in a deep reinforcement learning set-
ting for high-dimensional MDPs, I introduce QXplore, a new deep RL explo-
ration formulation that seeks novelty in the predicted reward landscape instead
of novelty in the state space. QXplore exploits the inherent reward-space signal
from TD-error in value-based RL, and directly promotes visiting states where
the current understanding of reward dynamics is poor. In the following sections,
I describe QXplore for continuous MDPs and demonstrate its utility for efficient
learning on a variety of complex benchmark environments showcasing different

exploration cases.
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2.2 RELATED WORK

Of the exploration methods proposed for deep RL settings, the majority pro-
vide some state-novelty objective that incentivizes an agent to explore novel
states or transition dynamics. A simple approach consists of explicitly count-
ing how many times each state has been visited, and acting to visit rarely ex-
plored states. This approach can be useful for small MDPs, but often performs
poorly in high-dimensional or continuous state spaces. However, several recent
works """ 77 using count-like statistics have shown success on benchmark tasks
with complex state spaces.

Another approach to environment novelty learns a model of the environment’s
transition dynamics and considers novelty as the error of the model in predict-
ing future states or transitions. This exploration method relies on the assump-
tion that any new state that can be predicted in advance is equivalent to some
previously seen state in its effect on reward. Predictions of the transition dy-
namics can be directly computed ™', or related to an information gain objec-
tive on the state space, as described in VIME ™ and EMI

Several exploration methods have recently been proposed that capitalize on
the function approximation properties of neural network to recognize novel
states. Random network distillation (RND) trains a function to predict the
output of a randomly-initialized neural network from an input state, and uses
the approximation error as a reward bonus for a separately-trained RL agent

Similarly, DORA " trains a network to predict zero on observed states and devi-
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ations from zero are used to indicate unexplored states.

These methods have been shown to perform well on maze-solving exploration
tasks such as the Atari game Montezuma's Revenge, where maximizing reward
(game score) requires visiting each room of the game, which also maximizes
the diversity of states and observations experienced. However, evaluating these
methods on tasks where novelty does not correlate highly with reward, such as
on other Atari games, shows little improvement over e-greedy

Reward prediction error has been previously used for exploration in a few
cases. Previous works described using reward misprediction and model predic-
tion error for exploration™»'"". However, these works were primarily concerned
with model-building and system-identification in small MDPs, and used single-
step reward prediction error rather than TD-error. Later, TD-error was used
as a negative signal to constrain exploration to focus on states that are well un-
derstood by the value function for safe exploration”'. Related to maximizing
TD-error is maximizing the variance or KL-divergence of a posterior distribu-
tion over MDPs or Q-functions, which can be used as a measure of uncertainty
about rewards”"'". Posterior uncertainty over Q-functions can be used for infor-
mation gain in the reward or Q-function space, but posterior uncertainty meth-
ods have thus-far largely been used for local exploration as an alternative to
dithering methods such as e-greedy sampling, though do apply
posterior uncertainty to Montezuma's Revenge and other exploration tasks in

the Atari game benchmark.
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2.3 PRELIMINARIES

I use in this work the RL terminology of , in which an agent
seeks to maximize reward in a Markov Decision Process (MDP). An MDP con-
sists of states s € S, actions a € A, a state transition function S : S x A x § —
[0, 1] giving the probability of moving to state s,,; after taking action a; from
state s; for discrete timesteps t € 0,...,T. Rewards are sampled from reward
function r : § x A — R. An RL agent has a policy 7(ss, a:) = p(as|s:) that
gives the probability of taking action a; when in state s;. The agent aims to
learn a policy to maximize the expectation of the time-decayed sum of reward
Ra(s0) = 277 (e, ar) where a; ~ 7(sy, ar).

A value function Vjy(s;) with parameters 6 is a function which computes Vy(s;) ~
R, (s;) for some policy 7. Temporal difference (TD) error §; measures the boot-
strapped error between the value function at the current timestep and the next

timestep as

0 = Vo(se) — (r(se, ar ~ 7(s¢)) + 7Va(ser1))- (2.1)

A Q-function is a value function of the form Q(s;, a;), which computes the ex-
pected future reward Q(s;, a;) = 1r(sy,ap) + v - maxyQ(s41,a’), assuming
the optimal action is taken at each future timestep. An approximation to this
optimal Q-function )y with some parameters 6 may be trained using a mean
squared TD-error objective Lg, = ||Qo(st, ar) — (r(st, ar) +v-maxyQl (se41, a’))|?

given some target Q-function @)y, commonly a time-delayed version of Qp . Ex-

tracting a policy m given @Qy amounts to computing argmax,Qs(s;, a).
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2.4 QXPLORE: TD-ERROR AS REWARD SIGNAL

2.4.1 TD-ERROR OBJECTIVE

I first discuss why and how TD-error can be used as an exploration signal in
deep RL settings on the classes of MDPs discussed above. Many Deep RL meth-
ods maintain a value function, typically a Q function, which in off-policy set-
tings is bootstrapped to approximate the true Q function of the optimal policy.
During the course of training, this Q function will naturally contain inaccuracies
such that there is nontrivial Bellman error for certain (s, a, s’,r) tuples. Intu-
itively, these errors indicate that the current estimate of the Q function does
not correctly model the reward dynamics of the MDP per Bellman optimality.
Therefore, an exploration method that prioritizes seeking out regions of the en-
vironment where the Q-function is inaccurate could aid an off-policy method
in discovering novel sources of reward and propagating those improvements
through the Q function.

Given a Q function with parameters 6 and ¢d; I define the exploration signal

for a given state-action-next-state tuple as:

Tm,e(St,an St+1) = |5t| = |Q9(St,at)—

(rE(st, ar) + ymaxy Qy (541, a’))| (2.2)

for some extrinsic reward function rg and target Q-function (). Notably, I

use the absolute value of the TD rather than signed TD, as this is necessary to
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harness network extrapolation error in sparse reward environments.

Intuitively, a policy maximizing the expected sum of r, for a fixed @ function
will sample trajectories where Qg does not have an accurate estimate of the fu-
ture rewards it will experience. This is useful for exploration because r, will be
large not only for state-action pairs producing unexpected reward, but for all
state-action pairs leading to such states, providing a denser exploration reward

function and allowing for longer-range exploration.

2.4.2 (@), LEARNING A Q-FUNCTION TO MAXIMIZE TD-ERROR

Now that we have defined a TD-error exploration formulation, we must ask,
how should we maximize it? If we treat this signal as a reward function, r,
can be used to generate a new MDP where the reward function is replaced by
Tz, and thus generally can be solved via any RL algorithm. In practical terms,
we can choose to train a second Q-function to maximize r,, which allows the
entire algorithm to be trained off-policy and for the two Q-functions to share
replay data. Additionally, this allows us to use the original ) function @)y as
an exploitation policy at inference time, avoiding the need to trade off between
exploration and exploitation because the QQ function estimates are not directly
affected by r, values.

In this formulation, which I call QXplore, I define a Q-function, @, 4(s,a)

with parameters ¢, whose reward objective is 7,. I train @), , using the standard
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bootstrapped loss function

LQm,ng = ||Qx,¢<3t> at) - (Ta:(stv Ay, 3t+1)+

ymaxy QY 4 (sir1,a))|. (2.3)

The two Q-functions, @)y and @), are trained in parallel, sharing replay data
so that @Yy can learn to exploit sources of reward discovered by (), and so that
(), can better predict the TD-errors of (Jy. Since the two share data, g, acts
as an adversarial teacher for (Qy, sampling trajectories that produce high TD-
error under (g and thus provide novel information about the reward landscape.
A similar adversarial sampling scheme was used to train an inverse dynamics
model by , and use separate goal-driven exploration and
reward maximization phases for efficient learning. However, to my knowledge
adversarial sampling policies have not previously been used for exploration. To
avoid off-policy stability issues due to the different reward objectives, I sampled
a fixed ratio of experiences collected by each policy for each training batch. The
full method is described for the continuous-action domain in Algorithm 3 and a

schematic of the method is shown in Figure 2.1.

2.4.3 STATE NOVELTY FROM NEURAL NETWORK APPROXIMATION ERROR

A key question in using TD-error for exploration is what happens when the re-
ward landscape is flat? Theoretically, in the case that ¥(s,a),r(s,a) = C for

some constant C' € R, an optimal Q-function which generalizes perfectly to
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Figure 2.1: Method diagram for QXplore. The method uses two Q-functions which sample tra-
jectories from their environment and store experiences in separate replay buffers. @ is a standard
state-action value-function, whereas @Q,'s reward function is the unsigned temporal difference error
of the current Q on data sampled from both replay buffers. A policy defined by @, samples ex-
periences that maximize the TD-error of ), while a policy defined by (Q samples experiences that
maximize discounted reward from the environment.

unseen states will simply output V(s,a), @*(s,a) = > =, C?" in the infinite
time horizon case. This results in a TD-error of 0 everywhere and thus no explo-
ration signal. However, using neural network function approximation, I found
that perfect generalization to unseen states-action pairs does not occur, and in
fact observe in Figure 2.2 that the distance of a new datum from the training
data manifold correlates with the magnitude of the network output’s deviation
from »",°, C" and thus with TD-error. As a result, in the case where the re-
ward landscape is flat TD-error exploration converges to a form of state novelty
exploration. This property of neural network function approximation has been
used by several previous exploration methods to good effect, including RND

and DORA ™. In particular, the exploration signal used by RND (extrapolation
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Figure 2.2: A neural network trained to predict a constant value does not interpolate or extrap-
olate well outside its training range, which can be exploited for exploration. Predictions of 3-layer
MLPs of 256 hidden units per layer trained to imitate f(x) = 0 on R — R with training data sam-
pled uniformly from the shaded regions. Each line is the final response curve of an independently
trained network once its training error has converged.

error from fitting the output of a random network) should be analogous to 7,
(extrapolation error from fitting a constant value), meaning the QXplore should

perform comparably to RND when no extrinsic reward exists.

2.5 EXPERIMENTS

I describe in this section the results of experiments to demonstrate the effec-
tiveness of QXplore on continuous control and Atari benchmark tasks. I also
compare to results on SparseHalfCheetah from several previous publications.

Finally, I discuss several ablations to QXplore to demonstrate that all compo-
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nents of the method improve performance.

I compared QXplore primarily with a related state of the art state novelty-
based method, RND ", and with e-greedy sampling as a simple baseline. Each
method is implemented in a shared code base on top of TD3/dueling double
deep Q-networks for the continuous/discrete action case’”''”. For experiments
in continuous control environments, I implemented a nonparametric cross-entropy
method policy, previously described as more robust to hyperparameter variance,
with the same architecture and hyperparameters as prior work ”. I experi-
mented with a variant using DDPG-style parametric policies”” for both )y and
@, but found preventing ()y’s policy from converging to poor local maxima dif-
ficult, consistent with previously reported stability issues in that class of algo-
rithms”". For all experiments, I set the data sampling ratios of 0y and Q,,
R¢ and R, respectively, at 0.75, the best ratio among a sweep of ratios 0.0,
0.25, 0.5, and 0.75 on SparseHalfCheetah. For continuous control tasks, I used
a learning rate of 0.0001 for both Q-functions, the best among all paired combi-
nations of 0.01, 0.001, and 0.0001, and fully-connected networks of two hidden
layers of 256 neurons to represent each Q-function, with no shared parameters.
For Atari benchmark tasks, I used the dueling double deep Q-networks architec-
ture and hyperparameters described by . A full table of hyperparam-

eters for all methods is provided in Appendix B.1.
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2.5.1 EXPERIMENTAL SETUP

I evaluated QXplore on five continuous control tasks using MuJoCo that require
exploration due to sparse or unshaped rewards. First, the SparseHalfCheetah
task originally proposed by VIME . This task requires an agent to move 5
units (several hundred timesteps of actions) forward to receive reward, receiving
0 reward otherwise, and is maze-like in this regard. Next, I evaluated on three
goal-directed OpenAl gym tasks, FetchPush, FetchSlide and FetchPickAndPlace,
originally proposed in HER". Lastly, I tested a variant of SparseHalfCheetah
that I call LocalMaxEscape where a local reward maximum has been introduced
— the agent receives 0 reward for every timestep it is between -1 and 1 units
from the origin, -1 reward if it moves outside that range, but 100 reward per
timestep if it moves 5 units forward, similar to SparseHalfCheetah. I chose
these tasks as they are challenging exploration problems highlighting the three
cases of interest that are relatively simple to control, but still involve large con-
tinuous state spaces and continuous actions. Guided by a recent study suggest-
ing that exploration in the Atari game benchmark suite doesn’t improve per-
formance on most tasks ", I evaluated on a pair of “hard” exploration games,
Venture and Gravitar, as well as an easy game, Pong, to show that QXplore
can also function in this very different domain. I ran five random seeds for each
experiment and plot the mean and plus/minus 1 standard deviation bounds for

each set of runs, applying a Gaussian filter to each mean/stdev for readability.
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Figure 2.3: Performance of QXplore compared with RND and e-greedy sampling. QXplore outper-
forms RND and e-greedy on the Fetch tasks and in escaping local maxima, while performing com-
parably on maze solving tasks and non-exploration tasks. “QXplore-Q" indicates the performance
of the exploitation Q-function, while “QXplore-Qx" indicates the performance of the exploration
Q-function, whose objective does not directly maximize reward but which may lead to high reward
regardless.

2.5.2 EXPLORATION BENCHMARK PERFORMANCE

I show the performance of each method on each task in Figure 2.3. QXplore
performs comparablly to RND on the SparseHalfCheetah task, in line with the
intuition from Section 2.4.3, but performs much better comparatively on the
Fetch tasks — only on FetchPush, the easiest task, did RND find non-random
reward. I believe this is because TD-error drives exploration behavior that helps
the agent to uncover the goal-conditioning relationship, whereas state novelty

is goal-agnostic and does not aid in discovery of the relationship. QXplore also
strongly outperformed RND on LocalMaxEscape, as negative rewards far from

the origin increase TD error and drive rapid discovery of the global optimum.
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Episodes until

mean reward of | QXplore | VIME | EX2 | EMI
50 3000 10000* | 4740* | 2580*
100 3400 x* 6180* | 4520*
200 4000 x* x* 8440*
300 10000 x* x* x*

Table 2.1: Number of episodes required to reach mean reward milestones on
SparseHalfCheetah for several methods. QXplore reaches higher rewards than previously pub-
lished results. Results marked with "*" are previously published numbers. Results marked with “x”
indicate that the mean reward was not achieved.

To validate performance and sample efficiency, I compare QXplore to previ-
ously published SparseHalfCheetah performance numbers in Table 2.1. Be-
cause to my knowledge no previous work has evaluated off-policy Q-learning
based methods on SparseHalfCheetah, I compare to previous methods built
on top of TRPO . Due to the difference in baseline algorithms, I compare
the number of episodes of interaction required to reach a given level of reward,
though QXplore was not intended to be performant with respect to this met-
ric. While some decrease in sample efficiency is expected due to differing base-
line methods (TRPO™ versus TD3""), compared to the results reported by

for EMI" and EX2"", and by for VIME ™ on the
SparseHalfCheetah task, QXplore reaches almost every reward milestone faster,
and achieves a peak reward (300) not achieved by any previous method. This
shows that off-policy Q-learning combined with TD-error exploration can result
in sample efficient as well as flexible exploration.

I also implemented a continuous-control adaptation of DORA ™ and tested

it on SparseHalfCheetah. DORA performed poorly, possibly because it was
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not intended for use with continuous action spaces, and thus I did not test it on
other tasks.

As a comparison to a published off-policy Q-learning exploration method, I
considered GEP-PG '°, which used separate exploration and exploitation phases
similar to QXplore. I downloaded the author’s implementation (built on top
of DDPG) and tested it on SparseHalfCheetah using the parameters for the
HalfCheetah task it was originally tested on. GEP-PG reached a validation
reward of 120.2 after 4000 episodes, broadly comparable to my QXplore and
RND implementations.

Finally, while the main focus of this evaluation is on continuous control tasks,
I also evaluated QXplore on several games in the Atari Arcade Learning En-
vironment ' to verify that QXplore extends to tasks with image observations
and discrete action spaces. I implemented QXplore and RND on top of duel-
ing double DQN "'~ using hyperparameters and network architectures from the
Dopamine implementation of DQN “. The results are shown in Figure 2.3 after
25 million training steps. Based on the findings of , I did not expect
to improve significantly compared to the baseline in this domain. Indeed, I find
that QXplore performs comparably to the baseline and RND implementations
on Pong and Gravitar, while outperforming them modestly on Venture, where
QXplore converges faster, perhaps due to @, focusing on reward-adjacent states

more than e-greedy or RND.
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2.5.3 ABLATIONS

There are two major features of QXplore that distinguish it from prior work in
exploration: the use of a pair of policies that share replay data, and the use of
unsigned TD-error to drive exploration. I performed several ablations that as-
sess the contribution of each of these features to the method and confirm their
value for exploration. The results are shown in Figure 2.4. I found that the use
of separate exploration and exploitation policies along with unsigned TD-error
is necessary to obtain good performance, and that ablations of these compo-
nents either fail to train or substantially reduce performance. I discuss each case

in detail below.

SINGLE-PoLicy QXPLORE. First, I tested a single-policy version of QXplore
by replacing Qy(s, a) with a value function Vp(s). I used a value function rather
than Q-function in this case to avoid large estimation errors stemming from
fully off-policy training. I observe in Figure 2.4 that while the policy is able

to find reward quickly and converge faster, the need to satisfy both objectives

results in a lower converged reward than the original QXplore method.

1-STEP REWARD PREDICTION. Second, I ran an ablation where I replace
Qo(s,a) with a function that simply predicts the current r(s;, a;). Using reward
error instead of a value function in @), can still produce the same state novelty
fallback behavior in the absence of reward; however, it provides only limited

reward-based exploration utility. I evaluated this variant and observe in Figure
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2.4 that it fails to sample reward. Reward prediction error is not sufficient to

allow strong exploration behavior without some form of look-ahead mechanism.

QXPLORE WITH STATE NOVELTY EXPLORATION. To assess the importance
of TD-error specifically in the algorithm, I replaced the TD-error maximization
objective of (), with the random network prediction error maximization objec-
tive of RND, while still performing rollouts of both policies. The results are
shown in Figure 2.4. While the modified ), samples reward, it is too infrequent
to guide @ to learn the task. Qualitatively, the modified @), function does not
display the directional preference in exploration that normal @), does once re-

ward is discovered, instead sampling both directions equally.

QXPLORE WITH SIGNED TD-ERROR OBJECTIVE. While I used unsigned
TD-error to train @Q,, I also tested QXplore using signed TD-error. I used the
negative signed TD-error —J; from equation 2.1 so that better-than-expected
rewards result in positive r, values. The results of this experiment are shown
in Figure 2.4. While this ablation is able to converge and solve the task, the
unsigned TD-error performs much better on SparseHalfCheetah, likely due to

the extrapolation error described in Figure 2.2 being both positive and negative.

2.5.4 QUALITATIVE BEHAVIORAL ANALYSIS

Qualitatively, on SparseHalfCheetah I observed some interesting behavior from
Q. late in training. After initially converging to obtain high reward, ), appears

to get “bored” and will focus on the reward threshold, stopping short or jump-
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Figure 2.4: Plots showing several ablations of QXplore on SparseHalfCheetah. While several
variants are able to learn the task, the full QXplore formulation performs better.

ing back and forth across it, which results in reduced reward but higher TD-
error. This behavior is distinctive of TD-error seeking over state novelty seeking,
as such states are not novel compared to moving past the threshold but do re-
sult in higher TD-error. Such behavior from (), motivates ) to sample the state
space around the reward boundary and thus learn to solve the task. Example

sequences of such behaviors are shown in Figure 2.5.

2.6 DISCUSSION

Here, I proposed the use of reward prediction error as an objective for explo-
ration in deep reinforcement learning. I defined a deep RL algorithm, QXplore,
using TD-error that is sufficient to discover solutions to multiple types of chal-
lenging exploration tasks across multiple domains. I found that QXplore per-
forms well across all exploration task types tested compared to my state novelty

baseline, although type-specific algorithms can likely perform better on some
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“Fake-Out”

Figure 2.5: Example trajectories showing (),'s behavior late in training that is distinctive of TD-
error maximization. The corresponding @ network reliably achieves reward at this point. In “fake-
out”, @, approaches the reward threshold and suddenly stops itself. In “cross and recross”, @,
crosses the reward threshold going forward and then goes backwards through the threshold.

types, such as goal-directed exploration.

While QXplore is a general-purpose exploration algorithm that can be applied
successfully to many tasks, several limitations remain for TD-error exploration.
In the worst-case, TD-error likely performs no better than state novelty for cer-
tain “pure” exploration tasks, such as exploring a linear chain of states, though
with an optimistic prior on the Q-values of unseen states it may perform com-
parably to state novelty. There also exist adversarial tasks where the unsigned
TD-error leads to less efficient exploration compared to other possible policies,
such as a task with many states that yield large negative rewards uncorrelated
with positive rewards. Combining TD-error exploration with reward exploita-
tion may help in such cases to bias the search. However, balancing the rate at

which the TD-error signal disappears for a given state with the reward func-
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tion’s magnitude is critical to get rapid convergence, and more research into
such approaches is needed. Lastly, TD-error maximization may result in “risky”
exploration (in contrast to the “safe” TD-minimizing exploration of

) and thus may not be well suited for tasks where failures or negative re-
turns have real-world consequences without additional constraints on the agent’s
actions, or the use of signed TD-error to avoid trajectories yielding worse-than-
expected returns.

I hope that these results can spur more investigation into TD-error-based
exploration methods to address some of the outstanding challenges described
above, as well as encourage further work on diverse exploration signals in RL
and on more general exploration objectives suitable for use on heterogeneous RL

tasks. I will discuss some such future directions in Chapter 4.2.
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Algorithm 3 QXplore for Continuous Actions

Input: MDP S, Q-function @)y with target @y, @), function @, , with target
Q;W, replay buffers Zg and Zg,, batch size B and sampling ratios R and
Rq,, CEM policies mg and mq,, time decay parameter v, soft target update
rate 7, and environments Eg, Eq,
while not converged do

Reset Eq, Eqg,

while Fg and Eg, are not done do

Sample environments
Zg  (s,a,r,s") ~mg|Eqg
2q, < (s,a,1,8'") ~mq,|Eq,
Sample minibatches for ()y and @, 4
(sg,aq,rq,s'q)  BxRg samples from Zg and Bx(1—Rg) samples from
2Q.
(8Qus 0., TQus S'Q.) < B * Rg, samples from Zg, and B * (1 — R, ) sam-
ples from Zg
Train
rz0 < |Qo(sq,,a0.)—
(rq. +7Qp(5q., ma(s'q,)))]
Lqg + ||Qo(sq, aq) — (rq + Q% (s'q, ma(s'q))) ||
Lq, < |Qzs(sq.,aq.)—
(rap +7Q0 (500, 70, (5'q.)))
Update 0 o< Lg
Update ¢ o< Lg,
0 «— (1—71)0 +716
¢ (1=7)¢ +7¢
end while
end while

I

60



(Q-Function Prioritized Tree Search

3.1 INTRODUCTION

WITHIN BOTH THE PROGRAMMING LANGUAGES AND MACHINE LEARNING
COMMUNITIES, there has been a renaissance in program synthesis, the task of

automatically generating computer code from a user-provided specification. Due
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to increased computational power and the rise of deep neural networks, this
once intractable problem has now become realizable, and has already seen use
in many domains ", including improving programmer efficiency by automat-
ing routine tasks”’ providing an intuitive interface for non-experts without pro-
gramming knowledge”’, and reducing bugs and improving runtime efficiency for
performance-critical code

Within the programming languages (PL) community, program synthesis is
typically solved using enumerative search — finding correct programs for a given
specification by naively enumerating candidates until a satisfying program is
found “""'»*. This approach is made tractable by narrowing the search space
through integrating deductive components into the search process’""" or by
modifying the language of interest into an equivalent language with a narrower
search space, and searching within that space’"""'’. Another common approach
is to reduce synthesis tasks to finding a satisfying assignment to a Boolean for-
mula via a SAT solver """’  but this merely pushes the enumerative search into
the solver.

Researchers in the machine learning(ML) community have attacked this prob-
lem from a different direction — rather than searching naively through a restricted
space, correct programs can be efficiently found within a larger search space by
intelligently searching or sampling from that space using a learned model of how
specifications map to programs. Most of these methods use a supervised learn-
ing approach — training on a large synthetic dataset of input/output examples

and corresponding satisfying programs, then using recurrent neural network
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(RNN)-based models to output each line in the target program successively
given a corresponding set of input/output examples’""" """ Conceptually,
this approach should compose well with PL techniques — intelligently searching
through a small search space is much easier than intelligently searching through
a large search space. Why then are these techniques not commonly used to-
gether?

Most existing work in the ML community relies heavily on the structure of
the domain specific language (DSL) being synthesized to achieve good perfor-
mance, and can’t generalize to new languages easily. These methods often re-
quire language features such as full differentiability of the language " or a
large training set of specification and satisfying program pairs-""'. These re-
quirements make it difficult to combine existing ML-based methods with tech-
niques developed by the PL community, which require very different properties
in a DSL for effective synthesis. Further, most existing methods have heavily
focused on solving programs in a “one-shot” fashion, either successfully out-
putting a satisfying program for a given specification in a single or small num-
ber of attempts or failing to do so, which scales poorly as program spaces be-
come larger. In contrast, as search-based methods enumerate all programs, they
can solve any synthesis task eventually, but they may take infeasible amounts of
time to do so.

Reinforcement Learning Guided Tree Search

My method, reinforcement learning guided tree search (RLGTS), illustrated

in figure 3.1, seeks to combine the benefits of both search-based and ML-based
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1/0 Examples

(initial and desired states) Priority Tree Search

Satisfying Program

0.5 0.3 0.2 Evaluate MUL f6 f0 f£3
Initial 0.7 0.2 0.1 MUL £7 f1 f4
0.00.00.0—> Q(state, line of code) MUL f8 f2 £5
2.1 0.5 0.4 ADD f6 f6 f7
Desired 1.6 0.3 0.2 ADD f6 f6 f8
0.0 0.0 0.0

Pop and Train

Figure 3.1: Schematic view of RLGTS. This approach to program synthesis treats the problem as
a Markov decision process solvable by reinforcement learning, and combines this with a prioritized
search tree to speed up the solving process by avoiding local minima, improving the number of
programs solvable within a fixed number of attempts. Given a set of input memory states and
corresponding output memory states, RLGTS seeks to learn a policy which outputs a sequence of
lines of code that maps each input example to the corresponding output example, using a reward
function defined for partially-correct solutions to guide the learning process.

methods, and allow for the combination of techniques from both research com-
munities to further enhance performance. I propose a new approach for program
synthesis, representing the process of synthesizing a program as a Markov De-
cision Process(MDP) '’ and using reinforcement learning(RL) to learn to solve
a program given only a set of input/output examples for that program, a lan-
guage specification, and a reward function for the quality of a given program. In
my RL-based approach, I interpret the program state and current partial pro-
gram as an environment, and lines of code in the language as actions seeking

to maximize the reward function. Furthermore, I combine my RL model with

a tree-based search technique which dramatically improves the performance of
the method. This combination helps address issues of local minima and efficient
sampling which arise in many RL applications.

RLGTS does not depend on the availability of training data for a given lan-

guage, and makes no assumptions about the structure of the language other
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than that the language allows for partial programs to be executed and evalu-
ated. Further, my RL-based approach can be combined with other program
synthesis methods easily and naturally, allowing for users to benefit from the
extensive work on search-based synthesis available for some domains.

In summary, in this chapter I do the following:

1. T introduce reinforcement learning guided tree search, an approach to pro-
gram synthesis that interprets program generation as a reinforcement

learning task.

2. I describe an implementation of RLGTS on a subset of the RISC-V as-
sembly language, and create an RL agent for this task by combining a

Q-network-based policy with a simple search tree method.

3. I demonstrate improvements in the fraction of programs solved of up to
100% and 800% compared to RL-only and enumerative search-only base-
lines respectively on a synthetic dataset of random programs. Further, I
compare RLGTS to a Markov chain Monte Carlo(MCMC) based method
that has been used to great success in super-optimizing x86 code and rep-
resents the current state of the art for synthesizing assembly language
code™, and show superior performance on more challenging benchmark
programs, solving up to 400% more programs within a fixed program eval-
uation limit and remaining competitive in total performance even when

that limit is increased 50x for MCMC.
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3.2 METHODS

3.2.1 REINFORCEMENT LEARNING MODEL OF SYNTHESIS

Here I describe the formulation of the general program synthesis task as a multi-

step Markov decision process, solvable via reinforcement learning.

In the standard terminology of , a fully-observed MDP is a
process having some state s, for timesteps t € {1,2,...,T}. At each state s, an
action from among n possible actions a;€{1,...,n} is emitted, with some un-

known function p(s;y1]s, a;) determining the following state s;y; from among
some (typically large) state space. Actions a; are selected by an agent A(aq|ss; )
with a policy for selecting actions parametrized by learned parameters 6, com-
monly a neural network. This policy is trained to maximize the expected cu-
mulative reward value F(Rr) emitted by some reward function r (s, a;), with
Ry = Z; v'r(sg, ar), with time decay factor 7.

Based on these definitions, I represent program synthesis as follows. A pro-
gram of length T is a set of actions Pp = {ay, as,...,ar}. Each action aweqi,. 1}
represents a single line of code(e.g. "ADD {0 f1 {2”) applied to state s;, which
represents the memory state(the values of all variables) after execution of all
previous lines of code {ay,...,a, 1} applied to a set of initial variable assign-
ments. The agent’s task, then, is to output the next line of code a; given s; such
that the final program Pr will maximize a user-provided cumulative reward
function Rr on a given set of input and output examples I; and O; for a small

number of examples j. To fully specify the desired behavior of the program and
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avoid degenerate solutions that satisty R but not the programmer’s intent, I use
multiple input output state pairs, typically 5.

In my instantiation on RISC-V, I allow for multiple input/output examples,
so the program state is a tuple consisting of the state of multiple executions.
Thus, the initial state is a tuple comprised of all the input states of the exam-
ples, and the desired output state is a tuple consisting of all the output states
of the examples. I use a reward function combining correctness (distance from
current state to the output state) and program length as a metric for computa-
tional complexity, but this could easily be extended to include terms optimizing
for properties like power consumption, memory usage, network/filesystem IO, or
any other desired attribute.

It is worth noting that while this formulation does not by default include non-
linear programs containing control flow, it can theoretically be extended to sup-
port them, as well as programs containing other elements of modern program-
ming languages as the MDP representation of a process is Turing complete

Y

though I leave practical exploration of these topics to further research.

3.2.2 REWARD FUNCTION

For the reward function r(s;, a;), given a set of input-output state pairs (1, O)
with IV pairs, I use two components. First, a metric for the correctness of the

next state for the state s;;; produced from each example I; compared to the
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target output state O;, measured as

N M

i Acorrectness |O[j] [k] — St+1 []] [k”
7acorrectneSS(Sta at) - W ZO kzzo |O[]] [k’” (31)

<.
Il

with M as the number of variables used in this program, and Acorrectness aS a hy-
perparameter weight on this component of the reward function. I express cor-
rectness as a fraction of O[j][k] to normalize across output values of different
magnitudes. To this [ add a term penalizing program length to encourage the
agent to learn shorter programs as an approximation of program computational
efficiency,

Teﬂ‘iciency(st’ at) = |Pt| +1 (32)

where || is the length of the program before taking action a;. Because the
Tcorrectness (St, @¢) term can become large if s,y is far from O, I combine these
terms and scale the resulting values such that large values of Tcorrectness(St, @¢)

become close to 0 as

)\scale
T'correctness (St 9 a't) + Tefﬁciency (St ) at)

(3.3)

(s, ap) =

with Agcale @ hyperparameter weight controlling the scaling of the reward values.
I define the space of (P, (s, a;)) pairs for a given set of (I,0,a€{l,...,n}) as a
program space, the discrete reward landscape which my RL agent seeks to maxi-
mize.

This formulation of program synthesis as an MDP is quite general and can be
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applied for many different reward functions provided by the user, such as that
described above. However, I make a key assumption about the reward function,
which is the presence of a (possibly sparse and non-convex) gradient in the re-
ward function pointing towards the ground truth program which the RL agent
can learn and stochastically descend. While no general guarantee can be made,
and indeed it is easy to construct reward functions which provide no gradient,*
there is evidence for the existence of this gradient for practical program domains
and cost functions used in previous work "'". T also demonstrate empirically in
my experiments that this gradient is present for many short floating point arith-

metic programs in RISC-V.

3.2.3 RL MODEL

For reinforcement learning, I use a standard dueling double Q-learning algo-
rithm, which learns to predict future rewards for a given state and action using

the loss function

S = ||r(se, ar) + ¥Qo (8141, argmax, Qo(se+1,a’)) — Qo(se, ar)|? (3.4)

given agent Q-function () with parameters 6 and target Q-function parame-
ters ', as per . I set the decay term on future rewards ~ to
0.99. The objective of the Q function trained using equation 3.4 is to predict

the expected future reward E(R;(st,a)) that will result from taking each action

1 if St+1 = So

*for example, 7(ss, a:) =
ple, (s, ar) {O otherwise
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Figure 3.2: Schematic of the Q-function neural network. The input is the memory state S; of a
program P, of length ¢ plus a set of target memory values for each of M variables for NV different
examples. The program that produced this memory state is encoded using an embedding for the
variables of shape k x M x t which is 1-hot in M and for instructions of shape i x t 1-hot in ¢
given variables passed per instruction k& and number of instructions allowed 7. These inputs are
then processed through the network to compute the Q-function for each state-action pair (S, ay).
ae{l,...,n} possible at state s;'"”. During synthesis, I then use an e-greedy
policy of either taking action argmax,(Qg(s¢, a)) or else taking a random action
with probability € = 0.1.

The input to the agent consists of two parts, the state s; encoding current
and target values for each variable and a sequence of 1-hot vectors encoding
previous lines of the program that produced s;, P;. A schematic diagram of the
network architecture is shown in Figure 3.2. It consists of two input modules,
for s; and P;. The s; module is a two-layer fully connected(FC) neural network,
while the P, module is a two-layer LSTM "' operating on input sequences of up
to length p, the maximum program length. These modules are concatenated
and fed into two more FC layers, followed by a two-layer value stream comput-

ing Vp(s;) the expected future reward value from being in the current state, and

a separate two-layer advantage stream computing Ag(s, a,) the advantage of
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max(Q,(s,a) ° Evaluate  * S,,,Max(Qy(s,a))

Q,(s,a)

n : Predicted Value
n : Known Reward

Figure 3.3: Schematic showing how RLGTS combines a Q-function and priority search tree. The
Q-function specifies the priority of each unexplored edge in the tree, which then follows an e-
greedy sampling strategy. The accumulated experiences from expanding the tree are then used

to train the Q-function to improve the prioritization of edges. To reduce the cost of rescoring unex-
plored edges, the scores are only updated every 100 training iterations.

each action a€{l,...,n} above or below Vj(s;). These modules are combined as
per to compute a Q-value per action as
1 n|
Qo(st, an) = Vo(si) + Ap(se, an) — WZAQ(%%) (3.5)

with each action aje(y,.. ) Tepresenting a single line of code expressible in the
language. ReLU non-linearities were used in the FC layers, with LSTM non-

linearities following the standard arrangement of sigmoid and tanh functions

3.2.4 TREE SEARCH

Notably unlike most well-studied RL applications, where an agent capable of re-
liably reaching high reward states across many rollouts of the agent is desired,
in program synthesis once the agent discovers a solution to a given program,

synthesis is complete and we can stop. I define “solved” here as a candidate pro-
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gram producing r(s;, a;)>rgr, the reward associated with the output state and
GT program length. (In the case where there is no known ground truth solution
program one could instead halt the search once a program deemed sufficiently
good is found, or after a fixed search time interval). In either case, the ultimate
objective is to sample a set of actions leading to a high-scoring state at least
once, with repeated samplings of the same action sequence having marginal ben-
efit.

In line with this objective, I combined the Q-function with a simple priori-
tized search tree algorithm to aid in efficient exploration. The task of the Q-
function then becomes to predict a QQ-score for each unexplored edge of the tree,
the edge representing a possible action a€{1,...,n} to append to the program
stored at a node defined by an existing program P; of some length t. The search
algorithm then simply expands argmax, ,(Q(s,a)), the edge that the current
Q-function thinks will yield the highest reward among unexplored edges, eval-
uating the program P, + a and adding a new node to the tree with additional
unexplored edges. I alternate between sampling unexplored edges(using e-greedy
sampling) and training the Q-network, with 100 samples followed by 100 mini-
batch updates of the network and a rescore of all unexplored edges with the
updated Q-network. This process is illustrated in figure 3.3. By taking this ap-
proach, I encourage exploration by only evaluating each unique (s, a) combi-
nation once, and guarantee worst-case performance to be that of enumerative
search, memory and computational resources permitting. While I do not explore

it further here, this approach also allows RL-based synthesis to be combined
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p = cGp
| EOF
¢ w= SQRTff | ADDff | SUBf/f
| MULfff | DIVfff | SGNfff
| SGNN/ff | SGNX[ff | MINfff
| MAX[ff | EQfff | LTSS
| LTEf /S | MADD/ffff | MSUBf//[f
| NMADDffff | NMSUBff/ff
Fou= fL | ... 32

Figure 3.4: Grammar describing the subset of RISC-V that RLGTS synthesizes.

easily with search-based synthesis methods using deductive reasoning and search

tree pruning for DSL-specific performance improvements.

3.3 EXPERIMENTS

3.3.1 EXPERIMENT SETUP

To analyze the performance of my instantiation of RLGTS, I synthesize pro-
grams using a common subset of the RISC-V assembly programming language
I select a core subset of instructions on floating point values, shown in Figure 3.4,
which excludes control flow, memory reads/writes, and “magic number” inputs
for simplicity. This domain is interesting because there are few previously pub-
lished methods that can perform better than naive enumerative search other
than stochastic search using hand-tuned MCMC search to estimate the program
gradient

To benchmark performance, I construct a dataset of synthetic programs by

generating random programs with specified attributes. For each program in the
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evaluation set, I specify the number of lines, number of allowed instructions,
number of allowed variables, and number of examples, and synthesize a random
program to satisfy these specifications, rejecting programs which can easily be
expressed in fewer lines. This generation process allows the use of fewer types
of instructions or fewer variables, but will always obey the length and example
count specification exactly, and each method must search the entire program
space defined by the specified constraints. I generated 100 programs for each
set of specified attributes. The resulting search spaces have sizes ranging from
2.1 x 10° possible programs (3 lines, 2 instructions, 4 variables), to 4.0 x 103!
possible programs (15 lines, 2 instructions, 4 variables).

To train the network, I use a learning rate of 0.001, and sampled batches of
64 experiences from an experience buffer storing all previously observed states
using proportional prioritized experience replay as per , with a =
0.6 and Btz = 0.5, linearly annealing 5 to 1.0 after 10,000 iterations. I up-
dated the target Q network parameters by setting Qg = Qg every 100 train-
ing iterations. I set the reward function hyperparameters Acorrectness and Ascale
to 5 and 100 respectively for all methods. While this system contains a num-
ber of hyperparameters that affect performance, I performed only basic manual
parameter tuning on a short hand-written test program intended to be readily
solvable, and a set of 10 randomly generated length 3 programs which were not
used to generate results, with the resulting parameters used for all experiments.

Each method was allowed to run on each program in the benchmark suite

until a satisfying program was found, 20,000 programs were proposed, 16 GB
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Figure 3.5: Comparison of performance between RLGTS and baseline methods, showing frac-
tion of non-convex programs solved in the left figure and fraction of convex programs solved in
the right figure. While RLGTS is effective at solving convex programs, they can be easily solved
via best-first search, and thus | remove them from the other experiments as they are not a good
indicator of method performance.

of memory were consumed, or 8 hours on one 2.4GHz Broadwell CPU and one
Nvidia p100 GPU had been consumed. In my comparisons, I focus on sample
efficiency instead of clock time, and while proposing 20,000 programs takes con-
siderably less time and computation using purely search based methods running
on CPU, both neural network and search-based methods could be further op-
timized to increase speed. Because of this, I do not consider wall clock time

to be definitive for any method here described and thus focus on the number

of proposed programs required to solve instead as a measure of efficiency and

the potential of the method. I expect with further optimizations and additional

hardware that much harder programs could be tractably solved by RLGTS.

75



3.3.2 BASELINES

I compared RLGTS to several baselines. In the simplest case, I ran a breadth-
first enumerative search algorithm, which has expected program solve time of
approximately N/2 for a program space with N possible programs of length
equal to the GT program.

Second, I compared to a simple multi-armed bandit model * as the simplest
form of RL-trainable model, representing each decision x defining a program as
an independent random variable sampled based on a learned probability ps(z),
trained using the REINFORCE algorithm

Next, I compared to a Q-learning baseline as an ablation of the full system,
using the same network architecture and training procedure, but lacking the
search tree of the full system.

Lastly, I compared to the approach used in Stoke, a heuristic-driven stochas-
tic search based system and currently the state of the art for optimal synthe-
sis of RISC-V programs™ . To accommodate the simplifications I made to the
RISC-V language, I re-implemented Stoke’s MCMC search to allow it to search
over the RISC-V space and reward function. I refer to this baseline as "MCMC.”
I selected a value for the MCMC [ hyperparameter by testing on a holdout vali-

dation program, and found that 8 = 2 works well.

3.3.3 PROGRAM LENGTH

Because program length is a major determinant of search space complexity, I

characterized each method’s behavior as a function of the length of ground
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truth program. Figure 3.5 shows the results on my synthetic benchmark for
lengths between 3 and 10 lines. RLGTS solves at least twice as many programs
as the best baseline, the bandit. The addition of the priority search tree im-
proves performance over the Q-function-only ablation by 70-100% consistently.

A fraction of the programs generated have a convex reward function space
and can be trivially solved by convex descent using a best-first search algorithm.
Specifically, for a program to be considered convex, among the rewards of all
possible length 1 programs the first line of a satisfying program ranks highest,
among all length 2 extensions of that best length 1 program a length 2 subpro-
gram of a satisfying program is the highest ranked, and so on until a satisfy-
ing program is found. I found in testing that about 30% of programs I gener-
ate have this property. As these cases are easily solvable via a naive best-first
search algorithm and are expected to be rare among programs of human in-
terest, I filter and remove them from the remainder of the evaluation. Success
rates on convex programs are included separately in figure 3.5, where RLGTS
solves more than 90% of such cases, albeit at the cost of more computation than
best-first search.

Search Depth Limit

While RLGTS readily outstrips the naive search and multi-armed bandit
baselines for various lengths and search depths, I found during testing that
MCMC search performance on this benchmark is highly dependent on the differ-
ence between the true program length and the search depth limit on maximum

program length I place. This is consistent with its original proposed use-case
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Figure 3.6: Comparison of performance between RLGTS and MCMC as a function of program
length (left) and number of instructions allowed (right). RLGTS retains better performance as the
difference between program length and the search cap increases. Surprisingly, MCMC performance
decreases only slightly if at all as program length increases. MCMC sample efficiency drops off
much more rapidly as the number of instructions searched over increases.

of super-optimization, wherein an existing program is provided as part of the
specification, which allows for a good bound on search depth to be defined .
Because of this sensitivity, I compare RLGTS against MCMC for fixed differ-
ences between ground-truth program length and maximum search depth, The
results of this comparison are shown in figure 3.6. While MCMC performs com-
petitively with RLGTS on longer programs when the target program length is
known, its performance degrades rapidly when the maximum program length di-
verges from it, losing 50-80% of its performance when the cap is 3 lines above
the GT length, and is effectively 0 at length + 5. While RLGTS is also ad-
versely affected by not knowing the GT program length, the impact is smaller,

in the range of 10-50%.
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3.3.4 AcTION SPACE COMPLEXITY

Lastly, I investigated how performance drops off as the number of instructions
increases. Figure 3.6 shows performance for RLGTS and MCMC, as well as
best-first search, as a function of the number of instructions, ranging from 2 in-
structions to all 17 instructions. All programs are of length 3, with a maximum
search depth of 6. RLGTS solves between 40-50% of all programs with few in-
structions, and performance does not drop off until all 17 instructions are used.
In contrast, the performance of MCMC falls off much more rapidly and its suc-
cess rate is 0% on 4 or more instructions with a limit of 20,000 attempts. In
response, I ran MCMC with a more generous limit of 1,000,000 attempts. With
a limit 50 times higher, MCMC is able to exceed RLGTS performance on pro-
grams of 2 instructions and match it on 3. MCMC is still unable to solve any

programs allowing all 17 instructions, however, while RLGTS solves around 9%.

3.4 DISCUSSION

Here, I have presented reinforcement learning guided tree search, a new ap-
proach for program synthesis powered by reinforcement learning. This approach
is general and flexible, with up to 400% better performance than the state of
the art in traditional search-based methods on cases where search achieves a
non-trivial success rate. Its performance suggests that with further research
RLGTS may be able to scale to solve more complex programs that cannot be

solved by previous methods.
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Conclusion

THE SAMPLING CHALLENGES DESCRIBED IN THIS THESIS ONLY BEGIN TO AD-
DRESS THE TOPIC. While in all likelihood we will never attain “optimal” sam-
pling in which only the minimal data needed is sampled, further progress to-

wards that ideal is possible. In the following sections, I'll discuss future direc-
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tions building on each chapter, followed by some discussion of other interesting

directions on sampling from the recent literature.

4.1 CONTINUOUS-ACTION OPTIMIZATION

The topic of sampling optimal actions has some surprising complexity. Even
on the scale of single actions we still see an exploration versus exploitation trade-
off, where methods must inject some amount of noise (as in DDPG and TD3) or
have an innately noisy policy (as in Qt-Opt and CGP) in order to avoid get-
ting stuck in a deterministic local maxima in the action landscape. This issue
also appears for on-policy methods— while common policy gradient algorithms
such as PPO " use stochastic policies which parametrize a distribution over ac-
tions, good hyperparameters are needed to avoid the policy collapsing to a near-
deterministic distribution. While CGP neatly solves the issues of inference-time
efficiency with hyperparameter robustness, several extensions would improve on

the method:

« Better sample-based optimizers would reduce the performance penalty
of CGP relative to TD3/SAC. One promising approach is to use Covari-
ance Matrix Adaptation (CMA) " in place of CEM. CMA is commonly
used in the evolutionary algorithms community ", and while it out-
performs CEM it is more expensive to compute. As CGP assumes that
compute costs at training time are not a limiting factor, CMA is suitable
where it might not be without the neural network policy for use at infer-

ence time. I performed some preliminary experiments on this direction,
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and found that while training becomes much slower the inference-time per-

formance of CGP using CMA matches or exceeds that of TD3/SAC.

Regressing the output of sample-based optimization tasks in
other domains could also prove useful. One example of a possible exten-
sion is program synthesis— sample-based optimization methods such as
Stoke™ are among the most promising and general non-ML-based pro-
gram synthesis methods, but are expensive to compute. Training a neural
network to predict the output of Stoke given its input could serve as a use-
ful shortcut for many programming tasks. Other applications also present
themselves— a CGP-style inference-time approximator network could be
trained for any task where Monte Carlo sampling or sample-based evolu-
tionary optimization is effective but computationally prohibitive for some
use cases. Examples can be found in many modeling applications through-

out the physical sciences.

Learning a sample-based optimizer is another interesting direction—
rather than use a generic optimization algorithm such as CEM or CMA,
it is possible to train a neural network using an RL objective function to
act as a domain-specific sample-based optimizer, which may be more sam-
ple efficient and more accurate than traditional sample-based optimizers.
Some examples of this approach for other domains include work by

as well as chapter 3 of this thesis, but the same approach could
be applied for optimizing other black box functions such as Q-function

actions. As deep neural network optimization landscapes have a number

82



of unique features depending on architectural details (for example, batch
norm"’), it is reasonable that a sample-based optimizer trained to opti-
mize neural network inputs would discover sampling strategies that are
more efficient on neural networks of a given architecture than a general-
purpose baseline, similar to other domains like program synthesis and
chip floorplanning '~. Related to learned sample-based optimizers, work
on learned gradient-based optimizers for neural networks has also been
described, though a number of challenges remain for outperforming hand-

crafted algorithms

4.2 REWARD PREDICTION ERROR EXPLORATION

Building upon the concept of separate exploration and exploitation policies
developed in Chapter 1, I next described a split-policy approach for long-time-
horizon exploration in Chapter 2. This method is interesting in several ways:

It splits the steps of exploration and exploitation into separate agents, each
learning independently and communicating only through a shared replay buffer.
It yields an exploration objective dissimilar to existing exploration objectives,
which is both reward-aware and analogous to some biological exploration phe-
nomena. That exploration objective also shows promise for solving a number
of diverse tasks of different types, where other objectives are not suitable. That
said, the QXplore as a first attempt at using reward prediction error to explore
does suffer from some limitations: Noisy rewards can serve as a distractor, and

QXplore will learn slowly on tasks where there are many ways to fail (yielding
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worse-than-expected reward) but few ways to succeed (yielding better-than-
expected reward). Some future directions to address these issues, as well as

other interesting questions, include:

o Signed Reward Prediction Error could be used to focus exploration
on better-than-expected returns, which in theory addresses both issues
raised above. However, in preliminary experiments this approach under-
performs the unsigned RPE, likely because most of the magnitude of boot-
strapped Q-function TD-error is determined by the disconnect in predic-
tions between the target Q-function and current Q-function rather than
between the Q-value and the empirical return. This approach might work
better for Q-learning without a target Q-function, or for learning with a
non-bootstrapped value function, such as used by on-policy actor-critic

methods.

« Better measures of uncertainty and surprise about rewards can
certainly be formulated. In the exploration literature, much effort has
gone into developing better measures of the novelty of a given state or tra-
jectory which can better motivate exploration. Naive value function RPE
is one method of estimating return novelty, but others exist. As one exam-
ple, the concept of Credit as a measure of the mutual information between
an action and a future outcome could be used for exploration by focusing
sampling on trajectories yielding high MI between actions and future re-
wards. As high-credit trajectories are inherently useful for learning (I have

some work not in this thesis using credit as a post-sampling threshold to
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4.3

subsample on-policy data showing this effect '), an exploration policy fo-
cusing on high-credit data should be effective at sampling useful data and

enabling learning on tasks with complex reward landscapes.

Investigation into the analogy between RPE and biological explo-
ration could prove fruitful as well. In Chapter 2, I observe that the @),
agent learns behaviors analogous to boredom in animals, wherein it probes
the boundry between rewarding and non-rewarding states in elaborate
ways (see Section 2.5.4 for more details). As prior work has shown that
reward prediction error is analogous to changes in activity by dopaminer-
gic neurons in the brain """ RPE-seeking is then analogous to dopamine-
seeking, which may drive human and animal behavior and contribute to
some types of addictive behavior™". As the mammalian dopamine system
is considerably more complex than a single monolithic value function, and
is known to track environment variables other than a biological analog to
reward """ following this analogy into the neuroscience literature may
yield additional insights into how we can provide intrinsic motivation for

RL agents to explore efficiently.

Q-FuNcTION PRIORITIZED TREE SEARCH

In Chapter 3, I diverged from the previous two chapters to discuss sampling

in the case where we have a known transition function and a discrete state space,

but the number of states is uncountably vast and the reward landscape is not

well-shaped. Traditionally this has been the domain of search algorithms, but
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in Chapter 3 I showed how a hybrid approach using both RL and search can

outperform either method individually in sample complexity.

This approach shows promise, but in this thesis I have only scratched the
surface of what is possible, both for program synthesis in specific and struc-
tured exploration in general. Other recent work has also explored these top-
ics, perhaps the most notable of which is Go-Explore~’, which uses a similar
RL+search approach for Atari games in combination with a compression algo-
rithm to alias states into a tractable number of state clusters. Below, I will dis-

cuss some other possible extensions to my work:

e Improving inter-program generalization should be a major topic of
future research in this area. RLGTS as described here is only capable
of learning to search for one program at a time, and my preliminary at-
tempts to generalize across programs performed worse than training from
scratch. One limitation here is the state representation— each program is
specified as a set of (random) input and output numbers, and generalizing
to new programs requires learning to generalize across arbitrary floating
point values. A consistent input/output specification such as a formatted
text description or examples using canonical inputs would make this prob-

lem easier to learn.

o Another challenge is to improve the diversity of training data— even
with a limited-size vocabulary of instructions and registers the range of

possible programs is vast, and sufficient coverage of this space via gener-
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ating random synthetic programs is intractable. One interesting observa-
tion from this work is that the set of human-relevant programs appears to
occupy only a small subspace of all possible programs— most of the syn-
thetic programs I test on do not evaluate useful functions. Biasing the set
of programs considered based on human relevance, such as by pretraining
via imitation learning on human-written code or a constrained training
set should both help the generalization of the agent as well as allow for
synthesis of more complex programs. Notably, synthesis via human pro-
gram imitation has recently been put into production by Github and Ope-
nAl as their Copilot product, in closed beta testing as of the time of writ-
ing. This system is consists of a large language model trained on human-
written code acting as a “stochastic parrot” without any consideration of
the correctness or validity of the output (which is delagated to the human
user). Combining such a language model pretraining step with feedback
on validity and correctness from an interpreter would likely improve upon

the imitation-only approach now in use.

RL+Search in other domains could also prove useful. Some work has
previously been done here, such as Go-Explore ™ for Atari games, but
other problem domains remain unexplored. One possible domain that has
gotten some attention recently is RL for chip floorplanning '~, the process
of laying out elements in an integrated circuit design to optimize various
metrics (such as power and space) without violating physical constraints.

Previous work has shown that RL can provide useful solutions to this
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problem, but as the state space is vast an approach like RLGTS could im-
prove performance. Similarly, search in combination with an RL objective
could be used for interactive text-based tasks, such as text games. Other
emerging applications of RL such as CAD design’ and molecular design
also have the necessary properties to allow for an RL+search approach,
and could benefit as well. Broadly, environments with known transition
functions where an optimal trajectory cannot be inferred from the initial
observation should benefit from the backtracking and prioritization that

RL+search provides.

4.4 FUTURE DIRECTIONS

This brings us to the end of this thesis. The work I have described here spans
a range of aspects of sampling, but is not the final word on the topic. Many
questions remain: How can we define what “efficient sampling” means? Is there
a unifying approach to sampling that applies across domains other than re-
turn maximization? How do the three pillars of an RL algorithm— learning rule,
agent architecture, and sampling method— interact in common domains? Can
strength in one or two pillars cover for weakness in a third? How can we explore
(sample) more efficiently in tasks that don’t require long-range exploration? In
this section, I will discuss some interesting directions and related work that I

hope will drive the field going forward.
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4.4.1 THE THREE PILLARS OF RL

Any learning system has three major components— The update rule or objec-
tive function, the learning agent with parameters to be trained, and the data to
learn on. The nature of these components will vary depending on the field, as
will the importance placed on them. For example, in modern natural language
processing neural network architectures (the learning agent) have been the sub-
ject of much research, and the most powerful learning systems use transformer
networks with billions of parameters ~. These large models are trained on vast
datasets with billions of elements, but the update rules are comparatively sim-

ple, and are not a major topic of research.

In contrast, in reinforcement learning update rules have been the primary
focus, and most RL papers describe new objective functions for learning RL
tasks. While data (which is sampled/generated during training, in the context
of RL) has received some research attention, including in this thesis, the learn-
ing agents used in RL are typically simple and don’t vary much between papers
on a given task. For example, the relatively small neural network architecture
described by in 2015 remains in use by most authors working on
the Atari benchmark today . Only recently has much attention been paid to
the question of neural network architectures for RL, and there has been some
promising recent work on the topic'’. Looking forward, combining enhance-
ments in all three— update rule, sampling method, and agent architecture— will

likely lead to real improvements in the performance of RL algorithms.
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4.4.2 SELF-SUPERVISED LEARNING

In addition to improving online sampling, it is also possible to use other sources
of data to train RL algorithms. Self-Supervised learning in the context of RL is
typically an interactive training phase in which the agent collects interactions

using some reward function other than the eventual task reward. This includes

classical exploration performed as a pretraining step”> *"", but also includes
things like training to reach self-selected goal states”"', automatic generation of
parametric tasks' ', and self-play~""""". The idea in each case is to provide a

reward function that generalizes the eventual task reward and avoids the need

for extensive shaping of reward functions or direct human supervision.

The major question for such methods is how well the proposed self-supervised
objective transfers to the eventual human-provided objective, and for which
types of tasks this is true. While self-supervised RL has shown some promising
progress, these methods have largely only been demonstrated in a few domains
(robotics) and with relatively simple environments where new human-provided
goals are similar to self-supervised goals. For more complex tasks in robotics
and elsewhere it will prove intractable to cover the entire state space in this way
(e.g. a robot that must function in any user’s home anywhere on earth), and so
stronger analogy-making will be needed (reaching into one cabinet must resem-
ble any other cabinet). Further, these methods rely on long self-supervised pre-
training stages where the RL agent can sample many trajectories (far more than

needed to learn a single variant of the task), making them unsuitable currently
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for domains where sampling is expensive.

4.4.3 OFFLINE RL

In addition to self-supervised learning, Offline RL has also seen some recent
successes, with a number of high-profile publications in the field ~">"". In of-
fline RL (and the closely related area of imitation learning), initial pretrain-
ing is performed on a non-interactive dataset of trajectories sampled by some
other agent, such as a baseline algorithm or a human. The goal in this case
is to learn the task being performed by the agent that collected the data prior
to further online training or inference using the learned policy. The advantage
here is clear— by using a prior policy that is known to perform the task “good
enough” (and which is known to be safe, in the case of safety-critical tasks like
autonomous driving or healthcare decision making), the initial learning and ex-
ploration phase using a near-random policy can be avoided, resulting in many

fewer trajectories needed to learn the task.

The major challenges for offline RL currently center on the process of trans-
ferring from pre-collected data to live agent. While recent work such as conser-
vative QQ learning”~ has found success in obtaining stable policy behavior when
faced with states not seen by the data policy, issues of domain mismatch still
remain— if the offline data is sufficiently different (for example, if it was col-
lected from a human POV) from the data observed by the agent at inference
time then good behavior is not guaranteed. Similarly, for some domains it may

be difficult or impossible to collect much offline data, so transfer from related
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tasks will be necessary. Developing good methods for transferring and fine-
tuning these offline trained models is likely to be a major direction of research

going forward.

4.5 FINAL THOUGHTS

Sampling in reinforcement learning is a very broad topic, and touches on many
aspects of the field. While much more could be said on the topic, and much
work remains to be done, I will conclude this thesis with some high-level take-

aways on sampling and exploration:

o Intelligent sampling methods can affect the tractability and learning sta-
bility of many MDPs. Changes to sampling methods can have an outsize

impact compared to changes to RL update rules or agent architectures.

o The benefits of a given sampling method are often domain-specific and de-
pend on the properties of the MDP to be solved. Successful use of RL to
solve real tasks requires reasoning about these properties, and sampling
methods are an important part of the RL toolbox for overcoming them.
Taking advantage of inductive biases in specific contexts can greatly im-

prove performance.

o Similarly, borrowing techniques from outside the deep RL literature can
benefit sampling. In addition to sample-based optimizers and search algo-
rithms, this can also be seen in offline RL, which borrows techniques from

supervised learning to overcome the limitations of a fixed dataset. Con-
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cerns about data distributions and sampling are not unique to RL, and

many ideas from other fields could be useful for RL as well.

With that, I conclude this thesis. It is my sincere hope that you, the reader,
have gained some useful insights into sampling and exploration in reinforce-
ment learning, and that you will carry them forward to inform your own ef-
forts. Thank you for reading. If you have further questions, I can be reached

at
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Supplemental Materials to Chapter 1

A.1 DETAILED METHOD STABILITY ANALYSIS

As part of my exploration of method stability, I ran a battery of hyperparame-
ter sweeps on the HalfCheetah-v2 benchmark task. See the results in Figures 1,
2,3, 4 and 5.
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Figure A.1: Sensitivity of various methods (CGP, DDPG, and TD3) to variations in noise param-
eters. These methods all use noise as part of their specification. | varied all sources of noise on
the discrete interval {0.05, 0.1, 0.2, 0.3}. Both CGP and TD3 can tolerate variations in noise well,

but TD3 performance falls off when noise is reduced, as they require sufficient noise for sampling
diverse training data.
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Figure A.2: Sensitivity of various methods (CGP, DDPG, TD3, and SAC) to differences in num-
ber of units in their fully-connected layers for both Q-function and policy network. | varied all layer
sizes on the discrete interval {32, 128, 256, 512}. All methods other than DDPG degrade in per-

formance with a 32 size network, but CGP is affected much less by large/small networks outside
that extreme.
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Figure A.3: Sensitivity of various methods (CGP, DDPG, TD3, and SAC) to different combina-
tions of learning rate and batch size. | varied all layer sizes on the discrete learning rate interval
{0.0001, 0.001, 0.01} and the discrete batch size interval {32, 64, 128, 256}. The performance
spread across learning rates and batch sizes is much narrower for CGP compared to other methods,
with the exception of a learning rate of 0.01, which was too high for CGP to stably train.
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Figure A.4: Sensitivity of two methods (CGP, and TD3) to differences in number of random sam-
ples of the action space seeding the replay buffer. | varied the number of random steps on the
discrete interval {0, 1000, 10000}. As described by the TD3 authors, seeding the buffer is crucial

to performance. For runs with lower random sample counts, the agent gets stuck in a local reward
maxima of around 2000 with some decent probability.
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Figure A.5: Sensitivity of various methods (CGP, DDPG, TD3, and SAC) to training procedure of
training online vs. offline. Online training is defined as, after each step through the environment,
training the Q function for at least 1 step and potentially updating the policy. Offline training is
defined as rolling out the policy uninterrupted for a full episode, and then training the Q function
for a fixed number of steps and/or updating the policy. Only DDPG experiences significantly worse

performance in one mode or the other, though online training usually performs slightly better for
CGP and SAC.
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Table A.1: Hyperparameters used for CGP benchmarking runs.

HYPERPARAMETERS
CEM
ITERATIONS 2
SAMPLE SIZE 64
TOP K 6
NETWORKS
NUM UNITS 256
TRAINING
POLICY LR 0.001
Q LR 0.001
BATCH SIZE 128
DISCOUNT (7) 0.99
WEIGHT DECAY 0
SOFT TARGET UPDATE (7) 0.005
TARGET UPDATE FREQ 2
NoOISE
POLICY NOISE 0.2
NOISE CLIP 0.5
EXPLORATION NOISE 0.0

A.2 HYPERPARAMETERS

To facilitate reproduce-ability, the hyperparameters used are listed in Table A.1.

A.3 IMPLEMENTATION DETAILS

One critical implementation detail that was found to dramatically affect per-
formance is the handling of the done state at the end of the system during a
training episode. The OpenAl Gym environment will emit a Boolean value done

which indicates whether an episode is completed. This variable can signal one
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of two things: the episode cannot continue for physical reasons (i.e. a pendu-
lum has fallen past an unrecoverable angle), or the episode has exceeded its
maximum length specified in a configuration. Since the first case is Markovian
(in that it depends exclusively on the state when done is emitted, with current
timestep not considered part of the state for these tasks), it can safely indicate
that the value of the next state evaluated at training time can be ignored. How-
ever, in the second case the process is non-Markovian (meaning it is indepen-
dent of the state, assuming time remaining is not injected into the observation
state), and if the done value is used to ignore the next state in the case where
the episode has ended for timing reasons, the Q-function learned will reflect this
seemingly stochastic drop in reward for arbitrary states, and policies sampling
this Q function (either learned or induced) will empirically perform 20-30%
worse in terms of final reward achieved.

To resolve this, for tasks which are non-Markovian in nature (in this paper,
HalfCheetah-v2 and Pusher-v2), I do not use a done signal, which means that
from the perspective of the Q-function the task has an infinite time horizon,
where future states outside the time limit are considered as part of the Q-function
but never experienced.

For TD3* and soft actor critic’, I used the author’s published implementa-
tions in my experiments, combined with my outer loop training code to ensure
the training process is consistent across all methods.

Experiments are run with Python 3.6.7. Critical Python packages include

*https://github.com/sfujim/TD3
Thttps://github.com/vitchyr /rlkit
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torch==1.0.0, numpy==1.16.0, mujoco-py==1.50.1.68, and gym==0.10.9. [
used MuJoCo Pro version 1.50 as the simulator. Performance benchmarks were
measured on workstations with a single 24-core Intel 7920X processors and four

GTX 1080Ti GPUs.
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Supplemental Materials to Chapter 2

B.1 IMPLEMENTATION DETAILS AND HYPERPARAMETERS

I describe here the details of my implementation and training parameters. I
held these factors constant and used a shared codebase for QXplore, RND, and
e-greedy to enable a fair comparison. I used an off-policy Q-learning method

based off of TD3" and CGP”* with twin Q-functions and a cross-entropy method
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policy for better hyperparameter robustness. Each network (Qg, Q. s, RND’s
random and predictor networks) consisted of a 4-layer MLP of 256 neurons per
hidden layer, with ReLLU non-linearities. I used a batch size of 128 and learning
rate of 0.001, and for QXplore sampled training batches for @ and Q, of 75%
self-collected data and 25% data collected by the other Q-function’s policy as
described in Algorithm 3.

For DORA ", I used the hyperparameters and training procedure specified by
the original paper where possible, though it was necessary to adapt the method
somewhat to the continuous action domain. This is because the original formu-
lation proscribed an “LLL" action selection scheme that requires taking discrete
log-probabilities of the distribution of Q and E values over actions, which is not
tractable in continuous action spaces. Instead, I tried selecting actions using
either a CEM policy that maximizes the sum of the two objectives, or using
the E values as a reward bonus for training Q and selecting actions that maxi-
mize QQ only. I thus expect the performance of my implementations to be some-
what worse than a hypothetical distributional-DORA, though the action selec-
tion scheme I used does make this version directly comparable to QXplore and
RND. Both formulations behaved similarly on SparseHalfCheetah and did not
achieve reward with any frequency.

For e-greedy sampling with continuous actions, I sampled a uniform distri-
bution of the valid action range (-1 to 1 for all tasks) with probability € and
act greedily otherwise. I note that the stochastic cross-entropy method poli-

cies I used for all experiments also introduce some amount of local exploration
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through noisy action selection.

The parameters I used for the benchmark tasks are shown in Table B.1.

B.1.1 RND PARAMETER SWEEPS

As I have adapted RND to operate with vector observations and continuous ac-
tions, I performed several hyperparameter sweeps to ensure a fair comparison. I
report in Figure B.1 the results of varying both predictor network learning rate
“Ir” and extrinsic reward weight “rw” independently on the SparseHalfCheetah
task. The baseline values for these parameters used elsewhere are 0.001 and 2
respectively. I observe that RND is fairly sensitive to reward weight, but a value
of 1 or two performs well, while a learning rate of 0.001 appears to learn faster

early in training without loss of final performance.

B.2 THE ‘Noisy TV’ PROBLEM

The ‘Noisy TV’ problem is a classic issue with some state-novelty exploration
methods in which states with unpredictable observations serve as maxima in
the novelty reward space. QXplore’s TD-error objective is not fundamentally
vulnerable to the problem, but to demonstrate that my function approximation
early in training is also not subject to it, I trained QXplore on a variant of the
SparseHalfCheetah task where I add a random normally-distributed value to
the observation vector of the agent. The variance of this noise value increases
proportionately to the movement of the cheetah in the negative direction (away

from the reward threshold). An agent vulnerable to the noisy tv problem will
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RND Parameter Sweeps
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Figure B.1: Parameter sweeps for RND. A reward weight of either 1 or 2 works best, with a learn-
ing rate of 0.0001 a close second.

be enticed to explore in the negative direction rather than forward, as this maxi-
mizes the novelty /unpredictability of the observations.

I show the results of training QXplore on this environment in Figure B.3 for
both @ and @), as well as the mean position of the cheetah along the movement
dimension during @), ’s training rollouts. As expected, the performance of nei-
ther @ nor @), is meaningfully altered relative to the baseline, and @), is not
biased to explore backwards to a greater degree than it typically does early in

training.
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B.3 WEIGHT INITIALIZATION

As I use neural net function approximation error as a state novelty baseline for
early exploration, the behavior of (), may be sensitive to weight initialization.
To test this, in addition to the Pytorch default initialization method “Kaiming-
Uniform,” "’ which I used for all runs outside this section, I also tested initial-
izing both @) and @, with “Kaiming-Normal” and “Xavier-Uniform,” " two
other initialization methods that result in higher variance between initial out-
puts of the networks, which translates into reduced training performance. I
further tested two naive distributions that produced very high variance in out-
puts, “Normal,” sampling weight values from N(0, 1) and “Uniform,” sampling
values from U(—1,1). These configurations were not expected to perform as
well as “Kaiming-Uniform”, but do test the ability of (), to explore given a
poor initialization. In all cases other than “Kaiming-Uniform” I set the bias

of each neuron to 0. The results of QXplore with each initialization scheme on
SparseHalfCheetah are shown in Figure B.2.

“Kaiming-Normal” and “Xavier-Uniform” both showed moderate decrease in
overall performance, though both @) and ), were able to converge on reward.
“Normal” and “Uniform” however both more-or-less prevented () from converg-
ing on reward. Their effect on the ability of @), to find reward however is much
more mild- only “Normal” and to a lesser extent “Uniform” caused significant
issues with discovering and converging on reward. This suggests that (), is not

particularly dependent on careful weight initialization to explore with function
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approximation error.
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Figure B.2: Several alternate initialization schemes for Q and Q.. While @ is adversely impacted,
Q. is relatively robust even to very poor initializations such as “Normal” and “Uniform.”
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Figure B.3: QXplore trained on a ‘noisy tv' variant of SparseHalfCheetah where one element of
the observation vector is normally distributed random value whose variance increases if the cheetah
moves in the negative direction. The performance of QXplore is not impacted in any way by this
noise, and it trains as normal.
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Table B.1: Parameters used for benchmark runs.

DEFAULT PARAMETERS

CEM
ITERATIONS 4
NUMBER OF SAMPLES 64
TOP K 6
AvLL NETWORKS
NEURONS PER LAYER 256
NUMBER OF LAYERS 3
NON-LINEARITIES RELU
OPTIMIZER ADAM
ADAM MOMENTUM 4 0.9
ADAM MOMENTUM f3 0.99
TRAINING
(Q LEARNING RATE 0.001
BATCH SIZE 128
TIME DECAY 7y 0.99
TARGET (Q-FUNCTION UPDATE T 0.005
TARGET UPDATE FREQUENCY 2
TD3 POLICY NOISE 0.2
TD3 NOISE CLIP 0.5
TRAINING STEPS PER ENV TIMESTEP 1
QXPLORE-SPECIFIC
(). LEARNING RATE 0.001
() BATCH DATA RATIO 0.75
(), BATCH DATA RATIO 0.75
B (Q INITIAL OUTPUT BIAS) 0

RND-SPECIFIC
PREDICTOR NETWORK LEARNING RATE 0.001

EXTRINSIC REWARD WEIGHT 2

INTRINSIC REWARD WEIGHT 1

B 0.99

ol 0.99
DORA-SPECIFIC

€ 0.1

I} 0.05

TE 0.99

YQ 0.99
€-GREEDY-SPECIFIC

€ 0.1
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