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As robots begin to work alongside humans, it becomes crucial for them to understand their
task and objectives. Specifying these objectives in the form of rewards is challenging and might not
be able to model the user’s preferences. Prior work on preference learning defines preference in a
comparative manner, in the form of either absolute or relative choices. However, human preferences
can be sub-optimal and this can cause the agent to end up in risky situations. Therefore, it is
important to recognise when preference is acceptable through a methodical evaluation in order
to learn preferences safely. This work builds upon a definition of preference that identifies it as
a tie-breaker: an underlying factor that makes the human arrive at a diverse reward function
than the robot agent [39]. The main contribution of this work is to operationalize an evaluation
approach to determine acceptability of human preference and obtain notions of bounded risk in
learning from preferences. Inverse reinforcement learning is used to learn the user reward function
from of demonstrations that encode human preference. The obtained user policy is compared with
the optimal policy. We define a threshold for risk based on the distribution of expected rewards
returned for the optimal policy and evaluate different user policies for acceptability. We implement
the proposed approach in two task environments - a grid game and OpenAl gym ’highway-env’.
We calculate the threshold for risk for each of the given tasks. Our results show that the approach
is able to identify which policies that are acceptable given our tolerance for risk. It is also able
to remove failed demonstrations based on the evaluation. We show that the final policy learned
after removing demonstrations that are out of the risk bounds, is able to avoid risky states in the

environment.
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Chapter 1

Introduction

Over the past few years, there has been an enormous effort towards incorporating robots and
Al-systems into our daily lives. While these agents have been very effective in improving the overall
efficiency and productivity of the system, their successful integration in the real-world requires them
to interact with, learn from and adapt to humans and other Al-agents in an intelligent manner [11].
In real world collaborative tasks, it is crucial for these agents to have the ability to acknowledge
the influence of human preferences on their behavior and align their perception of the environment
with that of the human.

To achieve human-like interaction, robots should be able to comprehend the task objective.
Specifying these objectives manually, in the form of rewards, is extremely challenging and also has
the risk of reaching catastrophic outcomes [17] [3]. A better approach to learn these objectives is
from humans themselves. There has been a lot of outstanding work on learning from demonstrations
for a task [8] [4] . In recent years, researchers have also focused on learning human preferences
from demonstrations. However, most of the existing methods work with a comparative definition
of preference. Preference, in these methods, is defined as a relative favourability for one or more
options. Some approaches use actively querying the human while training a model to get pairwise
trajectory comparisons [30] [I12] and maximize the likelihood of generating the preference-encoded
behaviour [35] [19] . Some other approaches make use of relative and absolute comparisons like
ranking of trajectories and asking the demonstrator for numerical ratings [I0] [9]. Generating

informative queries for comparative feedback is a problem to be tackled when using the active-



learning approach. In the case of absolute preferences, trying to assign an underlying numerical
value to a demonstration is non-trivial and sometimes unintuitive. Also, these approaches require
the demonstrator to have a certain level of proficiency in the task, which might not always be
possible. Recent work also proposes a regret preference model [I8] which models a segment’s
desirability based on the negative difference between the segment and the optimal policy’s return
in each transition. Our work proposes a methodical definition of preference as a tie-breaker and
builds upon it to learn preferences safely.

There is very limited literature on evaluating user preferences and learning notions of risk for
preference learning. There can be scenarios in which human preferences are unreasonable resulting
in sub optimal demonstrations being given by the human demonstrator. Not evaluating human
preference can lead to undesirable outcomes, introducing a risk factor in learning from preferences.
Recent work talks about how inferring rewards from demonstrations and preferences can cause
relearning failures [22]. Some work tackles sub optimal demonstrations by removing trajectories
for which the expected returned reward is below a certain performance threshold [32] [I5]. Some
other work[6] estimates the expertise of the demonstrator and filters out sub-optimal behaviour.
By removing unsuccessful trajectories, these methods are able to mitigate the risk. However, failed
demonstrations also carry important information and can aid in improving the learning process.
Some prior work assumes that the human and robot have a mental-model disparity[34] and uses
reward-coaching to mitigate the risk of incongruous models. But in our work, we assume that
human has complete knowledge of the environment and any disparity between the rewards of the
human and agent is solely due to human preference.

In this work, we propose a new method for evaluation of preferences. Our method is based
on the definition of preference as a tie-breaker. Originally introduced in [39], the work defines
preference as an underlying factor that results in the human and agent having different reward
functions. In section we describe an an intuitive real-world example of how preference acts as a
tie-breaker in scenarios when the human perceives two options as the same, which in reality have

different costs. Our approach of learning preferences does not use explicit comparisons. Instead, we



assume that the demonstrated behaviour is actually the preferred behaviour for a human. Inverse
reinforcement learning is used to learn the reward function for the human and then the recovered
policy from this reward is evaluated. We base the evaluation of human policy on the distribution
of expected return of rewards of the optimal policy (Section . We also present experiments, to
prove the merit of the approach, on two environments - a grid game and a driving simulation.
Towards operationalization of an evaluation model of preference, we first discuss the related
work in the field in Chapter 2. We then describe the proposed approach, in terms of the prob-
lem formulation, preference definition used, and the methods used to evaluate the preference. In
Chapter 3, we dive into our experiments and also present an analysis for different example user
policies. Chapter 5 and 6 present our results and conclusion respectively. Lastly, we talk about

some interesting future directions to explore for this work.



Chapter 2

Background and Related work

2.1 Reinforcement Learning

Reinforcement Learning or RL is a machine learning technique that aims to learn optimal
behavior in a dynamical system (Sutton and Barto, 1998)[33]. A simple model of RL is shown
in Figure It uses a Markov decision process (MDP) to model the environment. An MDP is
a tuple M = (S, A, T, R,~) where S is the state space that represents different situations in the
environment the agent might end up in. A denotes the set of possible actions the agent can take
in the environment. We have a transition probability function 7 which defines how the system
evolves. If the agent is at state s; and takes an action at at the given time step ‘t’, it can transition
to a new state sy41 based on :

Si1 = t(.Js,a)

The reward function R defines the rewards an agent can receive at every step. For instance,
the agent might receive a higher reward in states closer to the goal states and lower rewards when
it’s further away. ~ is the discount factor which defines the importance of future rewards. A
policy 7 is a mapping of the states to the actions which describes how the agent will behave in
the environment. In RL, the goal is to learn behavior that can maximize the expected cumulative
reward an agent can receive in the environment. The policy which maximises the return of rewards
is called the optimal policy and is denoted by 7*. It maps every state to the best action that can

be taken.
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Figure 2.1: Agent-environment interaction in reinforcement learning
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The most widely used methods for Reinforcement learning are value-based methods such as Q-
learning and Deep Q-networks (DQNs) [23], policy-based methods such as deep Deterministic Policy
Gradients (DDPG)[20], Actor-Critic [36] and Proximal Policy Optimization(PPO)[31], amongst

many others.

2.2 Inverse Reinforcement Learning

Inverse Reinforcement Learning(IRL) is a technique that aims to learn the objectives of a task
using demonstrations provided by an expert. The input to an IRL algorithm is a set of trajectory
demonstrations D = {11, 7, ....., T, } given by an expert which are optimal for the given task. The
goal is to learn the underlying unknown reward function [I] [24] [25] [2].

IRL is a powerful approach for solving many real-world problems. If we can infer the under-
lying reward for a task, we can perform standard reinforcement learning with the learned reward
function to control the system even in the absence of an expert. It is also very useful in many
real-world scenarios, for example, developing an autonomous vehicle which needs to predict the
actions of other vehicles on the road, also known as Behavior Modeling [21]. In order to effectively
interact with other vehicles, the agent should be able to understand the objectives of the other
cars.

Some of the most influential work in IRL has been Maximum Margin Planning(MMP) [29],
Apprenticeship Learning[I] and Bayesian Inverse Reinforcement Learning[28]. In many IRL scenar-

ios, multiple possible reward functions can explain the observed behavior. Ziebart et. al. proposed



a solution for this ambiguity problem by introducing Maximum Entropy Inverse Reinforcement
Learning [40]. This approach assigns probabilities to reward functions based on their likelihood
of generating observed behavior and is a very popular method in IRL. Many real-world domains
have high-dimensional state spaces and hence the need to learn complex representations of data.
With this in mind, Wulfmeier et al. proposed an approach to use deep learning techniques to
approximate the reward function, Maximum Entropy Deep Inverse Reinforcement Learning [3§].
In standard IRL approaches, the goal is to learn rewards from expert demonstrations. How-
ever, in many problems, specifically in robotics, expert demonstrations may not be available. There
are several reasons for this 1) good demonstrations require a certain level of expertise 2) it is difficult
to manually operate robots (especially with high degrees of freedom). These problems highlight
that even though demonstrations can provide a lot of useful information, it is not always sufficient.
Some alternatives to this are learning from sub-optimal demonstrations which involves learn-
ing from failed demonstrations [I5] [32] or incorporating other sources of information such as cor-
rections [5] or preferences [13] [16] [37] [30] [26]. This work is related to IRL as, similar to IRL,
human demonstrations encode preference information and learning a reward function from these

demonstrations ensures that the agent will perform in accordance with the human’s preferences.

2.3 Preference Learning

Preference-based learning refers to techniques that involve incorporating human feedback in
order to enable an agent to make decisions that align with human expectations. This is an active
area of research. Some methods make use of relative comparisons for learning preferences. Active
preference learning involves the learning agent actively generating pairwise preference queries for
a human demonstrator to label [I3] [30]. Trajectory-ranked Reward Extrapolation(T-REX) uses
a set of pre-ranked demonstrations to learn human preferences [9]. Other methods approach this
problem using absolute preferences involving quantitative ratings of demonstrations [10] [14].

Learning human preferences is a challenging problem due to many reasons: 1) Human pref-

erences are often ambiguous and multifaceted, making it difficult to design relevant queries. 2)
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Figure 2.2: Distribution of expected return of rewards for a policy

Getting good quality data requires the presence of an expert which is not always feasible 3) Pref-
erence labels for comparative feedback is very expensive and time-consuming,.

In this work, preferences are not learned explicitly in the form of feedback. Instead, we
assume that demonstrations encode preference information i.e. the demonstrated behaviour is
the human preferred behaviour. This enable us to reason about a user’s decision making process

directly through the demonstrations given by the user.

2.4 Distribution of expected return of rewards of a policy

The expected return of reward of a policy is the mean reward an agent can estimate to get
from multiple roll outs of the policy in the environment. A distribution over the expected reward
can help analyse the performance of a policy, as it gives an idea of the range of rewards that can
be returned and also the mean around which most returned rewards are concentrated. It can be
used to compare different policies in terms of their mean and variance, as is the case in our work.
We compare policy distributions of the user policy with the optimal policy in this work, to get a
sense of how close the distributions are.

An intuitive example to explain this concept of comparing distributions is as follows. Suppose



we have an optimal policy in a stochastic environment. The optimal policy gives the best action
for each state but due to the uncertainty in the environment, the agent ends up in different states
with some probability. When multiple roll outs of the policy are run, the returned reward will
varies with each run, converging towards a mean value as the iterations are increased. Plotting a
distribution of the returned reward gives a notion of performance of the policy. In this work, we
use the distribution of expected reward of the optimal policy to calculate bounds of risk for a user’s
performance. The maximum risk we can incorporate in learning human’s preference is the worst

case performance of the best policy. This is shown in figure



Chapter 3

Technical Approach

3.1 Problem Formulation

We formulate the environment as a Markov Decision Process with a set of states S, possible
actions A, transition probabilities T': S x A x S — [0, 1], a reward function R : S x A — R and
a discount factor denoted by «. Policy 7 is a mapping of the states to the actions which describes
how the agent will behave in the environment. For an MDP under a given policy, the expected

return is given by:

J(w|RY) = E[Y 7' R*(s1, )]

For our problem, we also assume that we have an MDP without a reward function M DP\R.
We instead have access to a set of demonstrations D = 7, 7, ...... T, wWhich consists of trajectories
of state and action pairs (1; = s, ag, S1, a1, ...). The demonstrator is assumed to be optimising an
internal reward function R. The goal is to learn preference from human demonstrations while also

making sure that the preference is compatible with the task environment.

3.2 Preference as a tie-breaker

In this work, we define preference as a tie-breaker, an underlying factor that leads to difference
in reward functions of the human and agent. Preference is considered to be the cause that leads
the human to have a difference in understanding of the environment from the agent.

We introduce the following example to better explain the concept of preference as a tie-
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breaker. Suppose you are getting to your workplace from home and you wish to grab a coffee on
the way. You have two options for the coffee shop you can go to, A and B, which are both on
two different equidistant routes. Both shops have the same selection of products and prices and
initially, are at the same distance along the route. There is no quantitative difference between the
two options. But shop A plays really loud music in the morning, which is the only difference. You
wish to have a calm morning so you prefer going to shop B instead of A. Now both options were
equivalent but preference was the tie-breaker in this situation, that lead you to choose B (preference
for a calm morning). What happens if B is a longer detour as compared to A7 Assuming there
is a difference of § between the two paths, i.e., the cost of taking path with coffee shop B is
more than the coffee shop A. If you still choose to go to shop B, we say that you perceive both
options as equivalent but still choose to prefer B. But an interesting case arises if B is a really long
detour, as compared to A, the difference in costs § is a much larger value. Would choosing B still
be reasonable?

The idea is to understand at what value of § does the human preference become unreasonable.
We want to find a threshold value below which, preference cannot be seen as a tie-breaker and the

human preference can actually be classified as incompatible with the task environment.

3.3 Terminology

In order to explain the approach better, we define the following terms:

R: denotes the ground truth reward function

e R: denotes the reward learned through IRL from human demonstrations. R models human

preference

Tie: A tie between rewards occurs either when the expected rewards are actually equal OR

perceived as equal by the human

d: A threshold (distance from expected reward of an optimal policy) within which human

preference is termed to be compatible with task environment
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We now list the different scenarios under which preference can be defined and assumptions

we consider in our work:

e Under situations in which R = R we say that the human and agent interpret the envi-
ronment as exactly the same, and preference does not exist (because the human does not

value one path over another, otherwise it would surface in their reward function)
e Preference can only exist if R # R

e The human is assumed to have complete knowledge of the environment

3.4 Learning optimal policy for the environment

To learn the optimal behaviour of an agent in a dynamical environment, we make use of
standard reinforcement learning techniques. There are many different methods for Reinforcement

Learning but for this work we are mostly interested in Q-learning and Deep Q-networks.

3.4.1 Q-learning

Q-learning is a value-based, model-free algorithm that aims to find the best actions an agent
can take in every state so as to maximise the expected sum of rewards. The main idea is to build
a Q-table of state-action values having the dimensions S x A and iteratively update by acting in
the environment. The algorithm finds a mapping of each state and action pair in the environment
to a Q-value.

Q-learning uses the Bellman equation to update values for each state-action pair:

Q(s,a) = E[r + ymaz(Q(s', a'))|s, a]

Here Q(s, a) denotes the value of taking action ‘a’ in state ‘s’, E denotes expectation, r is the
actual reward the agent receives in that state, v is the discount factor that decides the importance

of future actions. The term maxzQ(s’,a’) is the value of the best action that can be taken in the
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immediate next step s’. Therefore, v multiplied by the value of the next action allows for weighting
of future rewards; if gamma is closer to 1, we give more importance to future rewards and vice-versa.
The algorithm for g-learning is shown in Algorithm 1.

In many real-world scenarios, the state space is huge making Q-tables intractable to maintain
and update. Deep Q-networks can be used in this case to approximate the table using neural

networks.

3.4.2 Deep Q-networks

Deep Q-networks model the state-action values as a Q-function rather than a Q-table. DQNs
make use of neural networks to model the Q-function. The underlying idea is the same as that in Q-
learning. The algorithm iteratively updates the estimate of Q-values by acting in the environment.

The architecture of a DQN is shown in Figurd3.1] It has two neural networks - the Q-network,
target Q-network, and a database buffer called Experience Replay. The agent interacts with the
environment and collects training data that is stored in the Experience Replay. From this training
data, a batch of recent and older samples is taken and sent to the two networks for training. The
Q-network predicts g-values for current states and actions from the batch whereas the target Q-
network takes the next states and actions and predicts the g-values for those. These g-values and
the observed reward at the current time step are used to train the Q-network. Every few time

steps, the weights of the Q-network are copied to the target network.

3.5 Learning reward from human demonstrations

In this work, we use Inverse Reinforcement Learning to learn a user’s reward function. We
define an MDP without a reward function M DP\R. We assume access to a set of demonstra-
tions D = {71, 72,....7,}. Standard IRL algorithms assume access to an expert’s demonstrations
to learn the optimal reward function for the task environment. For this approach, we consider
demonstrations that are sub-optimal as well.

The Maximum Entropy IRL approach is used to learn the human’s reward function R. The
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advantage of using maximum entropy is the ability to solve the ambiguity problem i.e. handle
different distributions over the trajectories. Using deep learning allows us to model complex non-
linear reward functions for high-dimensional state spaces. The detailed algorithm is given in
138].

To recover the reward function, we learn a feature representation ¢(s) for all the states. We
use hand-crafted features that give a sense of how good or bad a certain state is. We do not learn
a modeling for the reward for each state. The structure that this paradigm follows is that states
with similar features will have similar rewards. The reward is learned as a weighted combination

of these features, where w* denotes the optimal weights:

R =w".¢(s)

A neural network is used to map state features to the rewards. It consists of two fully-connected
layers and uses a sigmoid activation function. The main idea is to minimise the loss between the
visitation counts of the expert and the learning algorithm. For this, first the state action frequencies
for the expert pp are calculated. We start with some random initialization of the weights 6! and
estimate the reward for the given weights (parameters to optimise the neural network over). Then
the MDP is solved for the given rewards to obtain the policy #" at the current iteration. This
policy is propagated in the environment and the state-action frequencies are calculated for the
current iteration. After that, we determine loss as the difference in the expectation of features for
the expert and agent in the current iteration. Finally, we update the weights given the current
weights and the loss. Once we get the optimal weights for the task, the reward is simply a dot

product of the weights with the features.

3.6 Evaluating human preference

The algorithm in [I} helps us recover a reward from a set of user demonstrations. We use

standard RL techniques to get the policy from the reward function. Since we do not assume that the
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Algorithm 1 Maximum Entropy Deep Inverse Reinforcement Learning

Input: up, f,S, AT,y

Output: Optimal weights 6*

Initialize weights 6 — 6*

Iterate: n = 1 — max_iterations
r™ = nn_forward(f, 0"™)

7" = solve_mdp(r™)
Calculate E[u"] from 7"

Lp™ =log(n") x pup

5k = up — E[u"]

grad = nn_backprop(f, 6™, %Lﬁln)

6" *! = update_weights(0", grad)




16

16 Optimal Trajectory
— Trajectory 1

—_— Trajectory 2

14 A

12 A

10 1

T T T T T T T T
3.0 3.5 4.0 4.5 5.0 5.5 6.0 6.5 7.0

Figure 3.2: User policy evaluation based on the distribution of the expected rewards of the optimal
policy.

demonstrations are sampled from an optimal policy, so that they can encode preference information,
the policy learned from these demonstrations might encode some sub-optimal behaviour. We need
to evaluate the preference-encoded user policy to ensure that it does not exhibit unreasonable or
risky behaviour.

We base our evaluation of the user policy on the distribution of expected rewards of the
optimal policy. We define § as a threshold for risk which refers to the worst case performance of
the best policy. Given an optimal in a stochastic environment, we generate a large number of roll
outs from the optimal policy and plot the distribution of the returned rewards. The upper bound
for delta is naturally the return of the most optimal rollout. The lower bound for delta is the
value within which 95% of the samples from the optimal policy lie. Figure is a representation
of this idea. An important thing to note here is that we’re are comparing a single trajectory to a
distribution which is only for illustration, the actual evaluation compares distributions of the user
and optimal policy. Trajectory-1 sampled from a given user’s policy would be considered acceptable
because it lies within the risk bound § for the task. Whereas, trajectory-2 sampled from the same
or perhaps different user policy is unacceptable for this evaluation as it lies outside of our risk

bounds.



Chapter 4

Experiments

We access the performance of our proposed approach in two environments, a grid game and
the OpenAl gym highway-env. We model the environments as an MDP with a true reward function
R. The environments have a stochastic transition probability function. Reinforcement Learning is
used to first find an optimal policy 7* in the environment and then we use the MaxEnt Deep IRL

described in section (number) to recover a reward function R given the user’s demonstrations D.

4.1 Grid Game

The grid game MDP is a 5 x5 grid. The agent’s state is a specific cell in the grid. The possible
actions for the agent are moving one step in one of the four directions {Right, Up, Le ft, Down}.
The episode can terminate at either the final reward state of +20 or the failure state of -3. The
reward +1 is not a terminal state and is in between wall states to force the agent to take the in
between in order to get the maximum reward. The first row of the grid is lava, having non-terminal
states with reward of -1. Each step has a penalty in order to incentivise shorter paths. The task
for the agent is to get the maximum reward in the game in the least number of steps. Figure [4.1

shows the task environment.

4.1.1 Learning the optimal policy

We first learn an optimal policy for the task using Q-learning. The g-learning algorithm uses

an epsilon-greedy policy to find the g-values for each state and action. We use an exploration rate
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Figure 4.1: The grid game task environment

of 25% (e = 0.25). The discount factor v = 0.9 and the learning rate A = 0.1. Q-learning gives a

mapping of states to the best actions for the task.

4.1.2 Recovering reward from demonstrations

Next, we generate demonstrations in the environment with different user preferences. The
demonstrations are a set of trajectories consisting of the grid cell (0 to 24) and corresponding
action (one of {Right,Up, Left, Down}). In order to recover the user’s reward 7@, we define a
feature vector for user demonstrations. The feature vector is a one-hot encoded vector for each grid
cell. We calculate the feature expectations for the demonstrations as the state visitation frequencies
for each state in the task.

We consider different example scenarios to evaluate human preference. The first case we
consider is of a user that is only able to get the +20 reward and does not get the +1. The
trajectory does not get the highest reward for the task but still completes the task successfully.
The case is of a failed demonstration in which the user crashes into the bomb (-3 reward terminal
state) and is unable to complete the task. Apart from these extremes, we also consider a case in
which the user follows a slightly longer trajectory but is able to get both the positive rewards and

complete the task. The reward recovered for each of these cases is shown in figure [4.2
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Figure 4.2: This image shows examples of trajectories sampled from three different user policies
in the grid game along with the recovered reward (learned through IRL) for each.
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4.1.3 Evaluation of User Policy

The recovered reward is used to learn the user’s policy. Each policy is used to generate
multiple roll outs in the stochastic environment. A distribution of the expected reward returned is
plotted against the distribution of rewards for the optimal policy for evaluation. We present a case

by case evaluation of the three user policies mentioned in section 4.1.2.

e Case-1: In this case, the distribution of returned rewards for the user policy shows that
it lies within our risk bounds for the task. Therefore, we say that the given user policy is

acceptable throughout.

e Case-2: For the second case, the user policy exhibits failure in completing the task. A
plot of the distribution of expected returned reward for this policy along with the optimal
policy returns shows that the policy lies outside of our risk bounds. This policy is unac-
ceptable according the proposed evaluation metric. This shows an important property of

the proposed algorithm that it is able to remove failed demonstrations as well.

e Case-3: The third case is of a non-optimal policy that is able to get both rewards and reach
the goal position sometimes but takes a longer path to get to the goal. The comparison
of the expected rewards returned somewhat overlap with the distribution for the optimal
policy. In this case, we cannot directly state if the policy is acceptable or not. We learn
from parts of the policy that lie within the risk bounds and remove parts that are outside
of it. This ensures that we are incorporating human preference while also making sure that

it doesn’t not lead to unsafe choices.

Figure [5.4] shows comparison of distribution of the rewards returned for the user policy in

the grid game compared against the distribution for the optimal policy.
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[ ] Highway-env

Figure 4.3: OpenAl gym highway-env

4.2 Highway Driving Simulation

We also implement the proposed algorithm in the OpenAl gym ‘highway-env’ which is a
highway driving simulation environment. The particular environment has a three-lane highway with
one user controlled vehicle (EGO vehicle) and multiple other vehicles whose behaviour is randomly
generated. It has a continuous state space and stochastic transition function. The ‘highway-env’
models the non-linear stochastic highway driving in a deterministic way. So we introduce some
stochasticity in the model by introducing randomly sampled noise in the dynamics of the vehicles.
We sample random noise in the speed and angular acceleration of the vehicles in the environment.

The environment is modeled as an MDP with the following properties:

e States: The state space is continuous with each state being a V' x F' array describing of

[T S BTN V14 PY NS PPN

a list of V nearby vehicles by a set of features F' = {“z”, “y”, “va”, “vy”, “heading” }.

e Actions: The action space is discrete with the following actions: A ={ 0: ‘LANE_LEFT”,
1: ‘IDLE’, 2: ‘LANE_RIGHT’, 3: ‘FASTER’, 4: ‘SLOWER’}. These actions type adds a

layer of steering and speed control over the continuous low-level control.

e Transitions: The transitions follow the bicycle model and are stochastic because of the

noise introduced in the dynamics.

e Rewards: The agent gets a high reward for the following behaviour: 1) appropriate speed
and distance from others 2) less lane change and 3) no collisions. A reward wrapper is used

to incorporate mentioned reward features.
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The goal for the EGO vehicle is to run in the simulation for 30 time steps without collision.
There is no idea of a goal state in this case but the agent gets a positive reward of +10 on completing

30 seconds without collision.

4.2.1 Learning the optimal policy

The Stable Baselines3[27] deep Q-network implementation is trained on the ‘highway-env’ to
get the optimal policy for the environment. The library provides a vanilla DQN implementation
[23] using convolutional neural networks to approximate the Q-values for each state. The DQN uses
the ‘MlpPolicy’ to extract features from high-dimensional observations. This ‘policy’ is different

from an RL policy, it is simply a class of networks used to predict actions.

4.2.2 Recovering reward from demonstrations

Demonstration trajectories are generated from different user policies using keyboard controls
by manually driving the vehicle in the simulation. Each trajectory is a sequence of (state, action)
pairs for 30 time steps. To learn the reward function from the demonstrations, we define a vector
of hand-crafted features. The feature vector is (9 x 1) matrix with the following features describing

the state of the vehicle:
e distance from neighbouring vehicles in each lane (6 features)
e speed : rewarded between a range
e heading : ensure vehicle moves in a straight line
e collision : (0/1) for collision

The reward is a linear combination of the above-mentioned features: R : 6* - ¢(s)
The goal is to find the optimal weights 0* that satisfies user’s intended behaviour. We use Maximum

Entropy IRL to learn the optimal weights for the features.
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4.2.3 Evaluation of User Policy

Having learned the optimal weights for the user’s policy, we can use that to recover reward
function. We use the same procedure as we did for the grid world and determine the user policy
from the recovered reward, generate roll outs and plot the distribution of rewards returned. We

evaluate the following two user polcies:

e Case-1: We first evaluate the case of a “bad” driver. Some peculiar properties of these
trajectories are speeding, not maintaining safe distance from other vehicles, frequent over-
taking of other vehicles and eventually resulting in a crash. The distribution of rewards for
the user’s policy lies outside our bounds of risk and therefore, we claim that user policy is

unacceptable. This is a case of failed demonstrations which our approach is tackle.

e Case-2: We consider the case of another driver who does not exhibit optimal behaviour but
does not cause collisions either. The trajectories involve occasional speeding, lane chang-
ing and sometimes not maintaining safe distance from the other vehicles. A comparative
analysis of this user’s policy shows some overlap with the optimal, which shows that the

user policy is acceptable in a given region (within the bounds of our risk).

We discuss the results of these different cases in Chapter 5.



Chapter 5

Results

We analyse the different cases of user preference in the grid-world and highway driving en-
vironment. As seen in Figure our evaluation is able to differentiate when user preference is
acceptable or unacceptable. Another promising result is that it is able to identify and remove failed
demonstrations from the learned policy. We further analyse the Case-3 user trajectory in the grid
game to identify how the evaluation is able to stay within our bounds of risk.
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Figure 5.1: A heat map showing state visitation frequencies for the user policy after evaluation.
The left image shows a trajectory sampled from the user policy. The user policy is evaluated and
the right image shows the states visited for the learned policy within the risk bounds.
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We only learn the user policy for trajectories lying within our risk bounds, which ensures
that we are still learning human’s preference but not incorporating unreasonable preferences. We
then plot a heat map of the state visitation frequencies for running the learned user’s policy. It
shows that our evaluation is able to avoid bad states by using this approach - the learned policy

avoids the high-risk path that circles the -3 reward state.. Figure |5 shows this result.
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Figure 5.2: Evaluation of Case-1 in the grid game
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Figure 5.5: Comparison of different user policies with the optimal policy in the driving simulation

We get similar results for the ‘highway-env’. Analysing cases of two different driver policies
1) an aggressive driver who is able to complete 30 time steps without crashing and 2) a driver
who ends up crashing, we find that the evaluation is able to remove demonstrations exhibiting the
collisions from the learned user policy. It also shows that the first user’s policy is not acceptable
in the whole range of returns, only part of it lies within the bounds of our risk. Learning a policy
from the trajectories that lie only within the risk bounds, we see that the learned policy does not

exhibit risky behaviour.



Chapter 6

Conclusions

In this work, we build upon a new definition of preference and identify it’s role as a tie-
breaker. We then introduce an evaluation criteria that is consistent with the given definition of
preference. Comparing a user’s policy to the optimal policy in an environment provides a strong
initial evaluation for learning human preferences safely.

The approach shows promising results in learning user preferences while avoiding risky situa-
tions. We present experiments on two environments - a grid game and the OpenAl gym ‘highway-
env’ and do a case by case analysis of different user policies in each environment. We apply our
evaluation to each of the user policies and compare results. We see that the approach is to able
to determine when human demonstrations exhibit unreasonable behaviour. The evaluation is also
able to remove failed demonstrations from the learned policy.

Our work provides a novel evaluation method for learning human preferences using inverse
reinforcement learning, while also avoiding any possible catastrophic outcomes of incorporating

preference.



Chapter 7

Future Work

7.1 Designing threshold for risk

This work introduces a threshold for the maximum risk we can take in a given environment.
The proposed approach to finding the bounds of risk are dependent on the distribution of rewards
from roll outs of the optimal policy. This defines a very strict bound on our tolerance for risk. In
the future, we are interesting in relaxing these bounds and exploring other designs for the threshold
that can incorporate other compatible polices, while still ensuring safety.

Our threshold for risk tolerance is based on the total return of trajectories. This limits
our learning to complete trajectories. In the future, we are interested in including feature-level
thresholds, which might help us define more structured bounds. This might also help us to learn

from trajectory segments, as we will be able to evaluate each state for its risk.

7.2 Reward Design

Currently, we use hand-crafted features for learning reward function from user demonstra-
tions. Hand-crafting rewards is challenging and might fail to capture all the important aspects of
the task you wish to learn. For future work, it might be interesting to explore other approaches
for learning the reward, for example learning features from raw states, which would be a form of

supervised learning.
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