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The demand for autonomous intelligent systems has been rapidly increasing in the modern
technological world. This has prompted the research community to develop intelligent
robotic systems that are capable of working alongside humans and learning from their
behaviour. The training of these systems needs to be efficient and robust. This ensures
that the agent is able to adapt to slight changes in its working environment. One field
that deals with developing algorithms for training such autonomous systems is Imitation
learning (IL). It involves an agent learning to imitate the behaviour of an expert. The
task is to develop agents that closely mimic the expert given the expert demonstrations or
the expert itself. IL has a number of practical applications such as autonomous driving,
robotic surgery, gaming, and many more. The quality that makes IL suited for such

applications is the availability of huge number of expert demonstrations.

In IL, an important challenge is to develop algorithms that are sample efficient and robust
to slight changes in the working environment. These requirements are necessary for allow-
ing any practical application of IL in the above mentioned fields. We aim to address these
issues by developing a SGD based algorithm for IL. We first derive the expression for an
unbiased estimate of the gradient of the IL objective and plug it into the well known SGD

optimization algorithm. The SGD algorithm helps in reducing the number of parameters
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that need to be tuned. We also demonstrate the theoretical guarantees of the SGD al-
gorithm for IL. Further, in order to make the algorithm more sample efficient we explore
recursive-momentum based variance reduced algorithm for IL namely stochastic recur-
sive momentum (STORM). We also explore some non-smooth non-convex optimization

methods and their possible application in developing IL algorithms.

In order to validate our claims we test the developed algorithms in the obstacle avoidance

task and classic control environment of OpenAl Gym, the cart pole.
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Chapter 1

Introduction

1.1 Motivation

Learning a behaviour by observation and emulation is called imitation learning. The
agent acquires the skill through observing demonstrations of the expert’s behaviour. Sev-
eral methods had been proposed to teach autonomous behaviour, with artificial neural
networks, deep learning, reinforcement learning, etc. showing the most promise. The
first fully autonomous vehicle was driven using ANN. But, the trained agent was unable
to recover from its mistakes. While reinforcement learning’s practicality stems from its
emphasis on exploration and exploitation during the learning process, the method’s com-
puting complexity stems from the fact that it attempts to provide the final policy only after
exhaustively examining the state space. The need for knowing a good reward function in
reinforcement learning is also a bottleneck in several of its practical applications. In addi-
tion to these problems, it is laborious to model the robot’s physiology and its surrounding
environment within the context of the reinforcement learning framework. This points to

the urgent need for a straightforward structure.

As a result of its prospective simplicity in framework, imitation learning has been seen
as a promising method for training intelligent robots. Imitation learning is particularly
well-suited to scenarios where a robot must work side-by-side a human, such as in the man-
ufacturing, elder care, and service industries, easing the burden on both human workers
and carers. Imitation learning is not limited to robots; it can be used in any system that
requires autonomous behaviour similar to that of human specialists, including video games

and mobile apps. Using imitation learning to improve trajectory planning of autonomous
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system is a promising new area of study since it allows for learning with much less data

than traditional methods and teaches the agent to correct its own errors.

1.2 Contribution of the Thesis

We study some basic imitation learning algorithms and implement them for the obsta-
cle avoidance task and Gym classical control environments, cart pole. We then look at
the basic objective of the IL task and derive an unbiased estimate of the gradient of
the objective in the IL problem. We then plug this gradient into the well-known SGD
algorithm and develop the SGD for imitation learning algorithm. We then derive the the-
oretical guarantees for the SGD algorithm for imitation learning. In order to make the
proposed algorithm more sample efficient, we explore variance reduced methods. Namely
the STORM algorithm and derive the theoretical guarantees for the STORM algorithm.
We also explore the domain of non-convex non-smooth optimization and its application in
IL. Finally we compare all the proposed algorithms in for two different tasks, namely the

obstacle avoidance task and Gym classical control environments, cart pole.

1.3 Organization of the Thesis

In chapter 2, we look at the background for IL. We delve deep into some of the existing
methods and their limitations. We also look at some of the optimization algorithms which
have been used in this thesis. In chapter 3, we propose the IL objective and derive an
unbiased estimator of the gradient of the IL objective. We also propose the SGD and
STORM algorithms for IL. We also look at the theoretical guarantees of these algorithms.
Finally, we explore the domain of non-convex non-smooth optimization and its application

in imitation learning.

In chapter 4, we present environment design for the simulated applications, design choices
for imitation learning and parameter selection and several numerical results for the Ob-

stacle avoidance and Cart Pole environments.

In chapter 5, we present the conclusions of our work along with the potential future

research directions for this work



Chapter 1. Introduction 3

1.4 Literature Review

Imitation Learning: Imitation learning is the act of learning to mimic expert behavior.
The agent wants to use the training data (expert input-output pairs) in order to learn
efficiently a policy which is as close to the expert actions as possible. The most basic
algorithm to solve the imitation learning problem is behavioral cloning (BC) [1]. In the
method proposed we directly fit a supervised learning model on the expert demonstrations.
This particular approach is only effective when dealing with large data sets because small
data sets are susceptible to compounding errors due to shift in the distribution [1, 2]. In
order to overcome the failure of the BC algorithm, the authors in [1] proposed the for-
ward training and stochastic mixing iterative learning (SMILe) algorithms. The forward
training algorithm trains a non-stationary policy for each time step of the learning task.
The authors established a sub-linear regret bound for this algorithm in the general case.
However, the problem with this algorithm is that it is computationally expensive and
needs to iterate over all the time steps of the task before returning the policy. The SMILe
algorithm trains a stationary but a stochastic policy. It thus overcomes the problem of
iterating over all time steps before returning the policy and thus is applicable in a num-
ber of real-world applications. However, due to the stochasticity of the learnt policy the
model is not stable [3]. The authors in [4] proposed the search-based structured prediction
(SEARN) algorithm. The algorithm starts out by following the expert policy and collects
demonstrations iteratively. It takes actions based on a mixture of previously trained poli-
cies to collect new episodes. It slowly reduces its dependence on the expert policy. The
authors in [5] proposed the reduction based active imitation learning (RAIL) algorithm.
It uses an independent identically distributed active learner. It learns a stationary policy
which is applicable for all time steps of the learning task. It thus overcomes the limitations
of forward training but it has limited practical applications due to the absence of the i.i.d.
active learner in real world tasks [3]. The authors in [2] proposed the DAGGER algorithm
which is another active imitation learning algorithm. It is closely related to no-regret on-
line learning algorithm [6, 7, 8]. The advantage of DAGGER is that it can teach the agent
to learn from previous mistakes [3]. However, it requires the storage of all the previous
expert demonstrations and retrains the model on the entire aggregated set of demonstra-
tions which makes it computationally expensive. In DAGGER, the policy that is being
learnt may be far from the actual policy space, this limits learning ability and information
might not be inferable from the state [3]. In order to overcome this issue the authors in
[9], proposed the DAGGER by coaching algorithm. It implements easy to learn actions

inferable from the state. However, it still suffers from the computational bottleneck of the
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DAGGER algorithm. The authors in [10], proposed the generative adversarial imitation
learning algorithm for learning from expert demonstrations. It overcomes the limitations
of BC algorithm and uses inverse reinforcement learning (IRL) to extract the underlying
cost function and runs reinforcement learning (RL) on the learnt cost function. The au-
thors in [2] propose the DAGGER algorithm as a “no-regret online learning algorithm”
for imitation learning. They analyze DAGGER as an online learning algorithm and show
that regret of the DAGGER algorithm goes to zero as the number of iterations become

very large. In this work we analyze IL from an stochastic optimization perspective.

Performative Prediction: Performative prediction in machine learning refers to the use
of machine learning models to make predictions that directly impact the world or the data
used to train the model. In other words, the predictions made by the model can affect
the very system being modeled, creating a feedback loop that can lead to unintended
consequences. When it is ignored, it results in distribution shifts which may result in
an erroneous model. An example of performative prediction is using a machine learning
model to predict stock prices. If the predictions made by the model are used to inform
trading decisions, the act of trading itself can change the market dynamics and therefore

impact future predictions made by the model.

The phenomenon of distribution shift can be either due to internal or external sources. The
external changes include temporal or spatial factors and have been extensively studied in
[11, 12, 13, 14]. In this thesis we consider performative prediction due to internal factors,
where the choice of the model induces a change in the distribution. This setting was
first introduced in [15]. With the recent rise in the use of ML systems, consideration of
performative nature of machine learning models allows developers and practitioners to
design and evaluate models that take into account the impact of their predictions on the
real world. Recognizing the importance of performative prediction in machine learning

can help ensure that these systems are well-designed.

The authors in [15] proposed the RRM and RGD to solve the performative prediction
problem. However, these algorithms only converge to a performatively stable point and not
the optimal point. In the follow-up work to this in [16], the authors propose the stochastic
optimization setting and showed similar results for convergence to a performatively stable
point. The authors in [17, 18] analyzed the performative prediction algorithms as biased
stochastic optimization. They have shown that the bias in the gradient reduces with
convergence. In [19], the authors consider the setting where the current distribution not
only depends on the choice of the model but also the previous distributions. Each of these

pieces of work identifies a stable point in terms of performance, and if specific assumptions
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about the distribution are met, it can be demonstrated that this point is closely related to
the optimal point. The authors in [20] propose the performative gradient descent algorithm

to find the performatively optimal point by using an unbiased estimate of the gradient.

In this thesis, we assimilate the recent advances in the performative prediction field into
IL framework. IL itself can be seen under the performative setting. Hence, we propose a

stochastic optimization algorithm for finding the performatively optimal policy in IL.

Non-convex optimization: The underlying optimization in IL is non-convex, due to
the dependence of the distribution on the optimization parameter [2]. Hence we look at
some of the works proposed to solve the stochastic non-convex optimization problem. The
authors in [21], showed that SGD with an appropriately selected learning rate can find
an approximate stationary point at the rate of O(1/T 1/ 4). The method proposed in this
paper, however, requires the knowledge of the smoothness parameter of the loss function
and variance. Adaptive methods have been shown to achieve this rate in a parameter-free
manner [22, 23, 24]. Thus there has been a wide use of adaptive methods like AdaGrad [25],
Adam [26], and RMSProp [27] for non-convex optimization. Variance reduction techniques
for non-convex optimization of finite sum problems was first proposed in [28, 29], having
a rate of O(1/T"/*). An improved rate of O(1/T3/*) was obtained in [30]. The optimal
rate of O(1/T"/3) and was first obtained in [31, 32]. In [31], the authors obtained the
optimal rate for the case of expectation over smooth losses, which captures the finite sum
problem in itself. The authors in [33] proposed the STORM algorithm, which attains the
optimal rate of O(1/T"/3) without the need for maintaining critical points. However, this
algorithm requires knowledge about the smoothness parameter of the loss in order to set
the hyperparamters. In order to overcome this problem the authors in [34] proposed a
fully adaptive version of the STORM algorithm and called it the STORM+ algorithm.

Since the underlying optimization in IL is non-convex, we explore several of these non-
convex stochastic optimization techniques in order to solve the optimization problem. We
derive an unbiased estimator of the gradient which we plug into several existing algorithms

to get the final policy in IL.



Chapter 2

Imitation Learning Formulation

and Background

2.1 Imitation Learning

The challenge of imitation learning (IL) is to teach a learner to behave like a human
expert. The agent (learner) picks up the skill by seeing and imitating highly skilled
experts. Humans and other animals, including fish and frogs, acquire new behaviours
mostly through imitation. The fields of neuroscience and behavioural psychology serve as

major sources of inspiration for IL. An example IL is autonomous driving shown in Fig.

FIGURE 2.1: Imitating the Human Expert.

2.1. In this scenario, an autonomous vehicle learns to drive by observing the actions of a
human driver. The human driver is considered the expert, and their actions serve as the

training data for the autonomous vehicle.
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During the training process, the autonomous vehicle observes the human driver’s actions
and learns to imitate them. For example while driving if the human driver spots another
car approaching it, the human driver must take an action in order to preserve the safety
of all the people involved. By observing this action by the human in this situation the
autonomus driving car must learn to produce similar responses in similar situations. The
vehicle then uses this learned behavior to drive itself in similar situations. Over time, the
vehicle may continue to learn and improve its driving skills based on its own experiences

on the road.

2.1.1 Methods to solve Imitation Learning

Approaches to solving the IL problem can be broadly classified into to sub-groups, active
learning with expert and learning from expert demonstrations. Further learning from
expert demonstrations is sub-divided into two categories. Some of the classification of

these approaches is shown in Fig. 2.2.

FI1GURE 2.2: Methods for Imitation Learning.

Active Learning with an expert

In this method to solve IL, along with expert demonstrations, an active expert or multiple
experts are present during training to help with learning. A generic active IL algorithm
is shown in Fig. 2.3. The person shown may be another agent or a subject matter
expert. Assistance can also be provided in many ways, such as by suggesting the best
course of action in response to a specific observation or by suggesting an entirely new
course of action. DAGGER [2] is the simplest and most often used approach to active

IL since it is an iterative algorithm that learns a deterministic strategy. DAGGER  relies
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on demonstrations from experts to determine an initial policy. The agent then uses the
first policy it has learned to gather roll-outs, or trajectories obtained when following the

current policy across the environment.

FIGURE 2.3: Active learning with an expert.

The use of active IL has its benefits and drawbacks. The safety of the algorithm is improved
both during training and deployment by the presence of expert guidance. Having an expert
on hand for long periods of time, however, can be prohibitively expensive and impractical.
Thus reducing the computational cost of active imitation learning algorithms becomes an
important task. This is the approach that would be followed in our work. We look at
active imitation learning algorithms and how to reduce the computational burden of such

algorithms.
Imitation Learning from Expert Demonstrations

In this setting we are provided with certain number of expert demonstrations and we have
to teach the agent a task based on these demonstrations only. There is no active expert

guidance available and the expert cannot be queried for some new demonstrations.

(A) Behavioural Cloning: A supervised model is learned over (observation, action)
pairings in behavioural cloning [1]. However, behavioural cloning is typically only effective
when dealing with massive volumes of data because to the compounding mistakes produced

by covariate shift [1, 2].

Figure 2.4 illustrates how a forward pass through a supervised learning model uses expert
demonstrations to estimate actions. Model parameters are optimized by feeding back the

difference between what was expected and what the experts actually did.

(B) Imitation Learning Using Inverse Reinforcement Learning: The lack of insight

into which actions or behaviours are more costly to the agent and which are less costly is a
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Expert actions

Expert

observations Predicted

actions

¢
<

Error from expert is
propogated back throught
the model learning

FI1GURE 2.4: Behavioral Cloning.

major limitation of behavioural cloning. The cost of an action is the subjective evaluation
of how well (or poorly) it turned out for the agent in light of the information provided
by the observer. Learning and development of skills and behaviours rely heavily on cost
functions. Both internal and external drives are necessary for success. That is the rationale
for the cost function. Recovering the cost function that explains the demonstrations as
(near) optimal behaviour is the goal of Inverse Reinforcement Learning (IRL) for imitation

learning. Fig. 2.5 summarizes this approach.

FIGURE 2.5: Imitation Learning using IRL.
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2.2 Markov Decision Processes

We now look the description of Markov Decision Processes (MDPs). MDPs provide a
mathematical framework for studying decision-making under uncertainty which can be
used to model human behaviour in real-world settings. It is commonly used for modelling
problems in RL and IL. MDPs are specified by (S, A, T, R, Sp,7, H). The components of
a MDP are defined as follows:

1. S ¢ RPs: This is the state space. The present state of the environment is from this
space.

2. A C RPa: This is the action space. The agent is allowed to pick actions from this

compact set.

3. T : SxAxS — [0,1]: This is transition function that maps a triplet (s, a, ) of states
and actions to a probability value in the range [0, 1], representing the probability of

transitioning from state s to state s’ when taking action a in state s.
4. R:S8 x A— R: This is the reward function for having taken an action in a state.
5. Sp: This is the initial state distribution.
6. v: This is the discount factor.

7. H: This is the task horizon.

2.3 Terminology

Some important terminology that we use in this thesis is described below:

e Policy: It is a mapping from a state to a distribution over the actions. It is rep-
resented as m : § X A — [0,1]. There are three different ways in which the policy

representation can be categorized as described in [35]:

1. Abstraction based on task: In this level of planning, a policy is trained to
generate options denoted as o. Policies of action through time are represented
by the o choices, which are mapped from the s; state and ¢ context. At this

level of abstraction, each choice is a collection of possible courses of action.

TS, ¢ — [01,02,...,07] (2.1)
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2. Abstraction based on trajectory: In this level of planning, a policy is trained to
generate entire trajectories. Policies are mapped to trajectories from contexts

C.

TiCc—T. (2.2)

3. Abstraction based on action-state: This is a finer level of policy planning. At

each time step a policy is trained to get actions a; from states s; and context c.
T8, C— ay. (2.3)

In this thesis we consider the action-state level abstraction of the policy. Further

categorization of policy can also be done based on stationarity and stochasticity.

1. Based on stationarity: This categorization has two types of policies, stationary
and non-stationary. A time-dependent policy is called a non-stationary pol-
icy. Since the policy changes depending on the current time step or trajectory
phase, most trajectory-based policies are non-stationary. Stationary (or time
invariant) policies are not affected by the passage of time, and instead use a

single policy to decide the best course of action for each stage along a trajectory.

2. Based on stochasticity: This categorization has two types of policies, stochastic
and deterministic. A policy which for a given initial state sg and context ¢
produces the same trajectory no matter how many times we roll out the pol-
icy is called a deterministic policy. The generated deterministic trajectory is

represented as follows:
r = m(s0,0). (2.4)

In action-state level categorization, a deterministic policy gives a fixed action

as for each time step given a state s; and context c,
a; = (s, ¢). (2.5)

7 represents the deterministic function of s; and c¢. Deterministic policies do
not consider any randomness in the action. The randomness is only due due the

transition function. Thus using deterministic policy, distribution of trajectory
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T =[S0, a0, - - ., ST,ar] is as follows:

T
Hp Ss+1|8t, at). (2.6)
t=1

Here a; = m(s¢), which is a deterministic function.

A stochastic policy is a policy which selects an action at each time step according
to a probability distribution. Thus given a state s; and context ¢ the sampled

actions might be different depending on the distribution.
aiy ~ (s, c). (2.7)

Given the current state s; and context ¢, 7 indicates a conditional distribution of
the action a;. In this setting in addition to the randomness due to the transition
function we also have randomness due to the conditional distribution over the
actions. Thus using stochastic policy the trajectory 7 = [sg,ao,..., ST, ar]

distribution as follows:

T

p(7) = p(s0) [ [ p(sss1lse; ar)me(arse). (2.8)
t=1

e Expert Policy: The implementation of imitation learning requires an expert which
guides our agent in the learning task. We denote the policy of the expert as 7* and

consider it to be a stationary and deterministic policy.

e State Distributions: We consider the following notations related to the distribu-

tions induced by a policy 7:

1. In state s, the policy w generates a probability distribution over different actions,

which is denoted by .

2. If a policy 7 is followed from the initial time step, then d’ represents the

distribution of states at time step i.

3. If a policy  is followed from the beginning, then the state visitation frequency
over 1T time steps is represented by dr, which is obtained by averaging the
state distributions dt. over T' time steps, where i ranges from 1 to T i.e., d; =
7 Zicr i

4. The distribution of states that would be observed on average if an expert policy

is followed throughout all time steps is denoted by d+
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e Cost Functions: We consider the following cost functions:

1. The cost of taking an action a in state s is represented by C(s,a) and its value
falls in [0, 1]. In IL, we aim to minimize the difference between the policy 7 that
we are interested in and 7*, which represents the expert policy. This difference,

also known as the loss, is defined as e(s,a) = I(a # 7*(s)).

2. The expected immediate cost of taking an action in state s according to policy
7 is denoted by Cr(s) = Equr,[C(s,a)]. In the context of imitation learning,
we are interested in the expected loss when using policy 7 in state s, which is

denoted by er(s) = Equr.[e(s,a)].

3. The expected cost of executing the policy m over T' time steps is represented by
J(m) = TEsi, [Cx ()]

2.4 Existing algorithms for IL

2.4.1 Problem Formulation

The IL objective is to get a policy © which minimizes the loss function with respect to
expert actions, under the distribution of the states induced by rolling out the trajectory

using the policy being learnt.

it = argmin Esmd, [Cr(s)] (2.9)

Here d is the induced distribution of states obtained using the policy 7 being learnt. We

look at various existing algorithms and how they tackle the problem of imitation learning.

2.4.2 Behavioral Cloning

This is one of the traditional methods used to solve imitation learning problems. It com-
pletely ignores the dependence of the current state on the previous predictions made and
simply trains the agent on the states encountered by the expert policy. The objective

function that this algorithm optimizes is as follows:

Toup = arg Hlill_[l Eged, . [1(s,7)] (2.10)
TE
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Here I(s, ) represents the loss function of taking an action which is different expert action.
We can see that this algorithm only optimizes under states induced by the expert policy and
hence performs badly in cases where states outside the known distribution are encountered.
It has been shown in literature that the loss for this algorithm grows quadratically in event
horizon T'. The event horizon is the duration of one task which has been assigned to the

agent.

Intuitively, the reason that the loss function is quadratic in 7" is that as soon as the algo-
rithm makes a mistake in any one state, it continues to encounter states outside the distri-
bution which was induced by the expert policy and hence the mistake gets compounded.
This can be seen as the problem of out of distribution testing which is encountered in
alot of machine learning problems, where the distribution on which the agent is tested is

different from the one on which it was trained.

2.4.3 Forward Training Algorithm

The basic idea behind Forward Training algorithm is to change the policies slowly so that
the learner is given enough time to recover from mistakes. This trains a deterministic but
non-stationary policy. We define a new policy for each time step. One limitation of the
forward algorithm is that it becomes infeasible to use when the number of time steps T'
is very large or unknown, since it requires training 7' distinct policies in sequence and it
is not possible to terminate the algorithm before completing all T iterations. This can
lead to scalability issues and increased computational complexity, which can make the

algorithm impractical for large-scale problems.

2.4.4 Stochastic Mixing Iterative Learning

The problem with behavioral cloning is that it fails to recover from the mistakes it has
made because of the out of distribution states it encounters after making a mistake. The
SMILe algorithm aims to solve this problem by training a stationary stochastic policy over
several iterations. At the start of each iteration a new policy is obtained by stochastically
mixing the current policy with the expert policy. This mixing is done in such a way so as
to ensure that the contribution of the expert policy reduces, as the number of iterations
increase and for N — oo, the expert policy is completely removed from the final policy

learned.
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Algorithm 1 SMILe Algorithm

Initialize 70 — 7*

while i < N do
Sample a T step trajectory using the current policy
Get the dataset D = (s, 7*(s)) using the expert policy
Train a classifier on the data collected 7*! = argmingenEsple(s, )]
Stochastic Mixing as done in [1]: 7* = (1 — a)'7* + « 22:1(1 —a)i g
Train a policy on the entire dataset D

end while

Remove the expert policy completely from the trained policy.

Return the final trained policy =

2.4.5 Dataset Aggregation

This is an iterative procedure to train a deterministic policy for the imitation learning
problems. It provides us with good convergence guarantees under the distribution of

states it induces.

The basic idea for this algorithm is to make it robust to out of distribution states which
might be encountered by the agent. It starts by training a classifier on the states and
actions of the expert policy. Then this trained policy is used to gather a new set of states
that might be encountered. Then the expert is queried on the states regarding the actions
that it would on these newly encountered states and they are aggregated together with the
entire dataset.Then a new policy is trained on the entire dataset. These steps are repeated
until we converge to a deterministic policy. Hence over many iterations we train our agent
over states that it is likely to encounter during execution hence making it less likely that

out of distribution states are encountered by the agent.

Algorithm 2 DAGGER
Ensure: D — ¢

T — 7"

while i < N do
Sample a T step trajectory using the current policy
Get the dataset D; = (s, 7*(s)) using the expert policy
Aggregation step : D + DU D;
Train a policy on the entire dataset D

end while

Return the final trained policy =

The DAGGER algorithm operates by collecting a dataset at each iteration using the

current policy, and then training the next policy using the combined datasets from all
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previous iterations. This approach yields a linear upper bound on the loss function for a
fixed number of time steps 1. This is achieved by training the policy on a dataset that
includes states that are not only generated by the expert policy but also those outside the
distribution of states induced by the expert policy. By including such states, the policy
is forced to generalize to a broader range of situations, leading to improved performance

over the fixed number of time steps.

2.5 Performative Prediction

When the predictions made by our algorithm influences the output in some way, it is called
performative prediction. It is a very common phenomenon in many machine learning
problems. Performative prediction seeks to actively engage with the world and change it
based on its predictions. This can involve making decisions, taking actions, or providing
feedback in a way that influences the system being predicted. For example, when a bank
uses a model to predict whether a person will default on credit, they might charge higher
rates from people at risk of defaulting their credits and thus influence the customer’s

default risk even further.

Performative prediction has two main sources of influence which change the output. These
may be extrinsic or intrinsic. The intrinsic phenomenon happens when the model param-
eters themselves influence the predictions. IL can been seen as a performative prediction
problem due to the intrinsic model parameters because as seen in the objective of (2.9),
the output actually depends on the model parameters. Thus we look at the IL problem
as performative prediction and try to assimilate the advances made in the performative

prediction field into IL.

In order to study the performative prediction problem we first introduce the performative

risk as done in [15]:
PR(0) = Erop(o) (6, 7). (2.11)

Since in the performative risk, the distribution depends on 6, optimizing PR(f) is quite
challenging. There have been a lot of algorithms introduced which try to minimize the
performative risk and these methods have been mentioned in the literature review sec-
tion. Here, we explore the two difference kinds of solutions possible in the performative

prediction framework:
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1. Performatively stable (Apg): An optimizer of PR(0) is called performatively stable, if
it minimizes the loss under the distribution it induces. Thus it satisfies the following

equation,
Ops = arg m{}nETND(QPS)[l(G,T)}. (2.12)

2. Performatively optimal (fpp): An optimizer of PR(#) is called performatively opti-

mal if it satisfies the following:

Opo = arg mgin E;p(g) (0, 7)]. (2.13)

The performative optimal and stable solutions are two different concepts of solution. It is
not necessary that performatively optimal points are performatively stable or vice versa
[15]. However, the authors in [15] have shown that when the underlying distribution D is

e-sensitive and certain assumptions hold, then 8pp and 6pp are close.

In IL, since the distribution of the trajectories is influenced by the parameter we opti-
mize, it can been seen under the framework of performative prediction. In this thesis,
we show that IL algorithm DAGGER is similar to the RRM algorithm proposed in [15]
and thus returns a performatively stable point. We also propose algorithms that return

performatively optimal point using the gradients of the true IL objective.

2.6 Relevant Optimization Algorithms

In this thesis we look at IL from the perspective of optimization and how to make current
active IL algorithms more computationally efficient. Hence, we need to understand the
underlying optimization and the relevant algorithms that can be used to solve it. We
discuss some of the optimization algorithms such as SGD, Adam [26], RMSProp [27] and
PPO [36] algorithms which we have referenced to in this work.

2.6.1 Stochastic Gradient Descent

Gradient Descent is a widely used optimization algorithm for solving the optimization
problem mingcga f(6), where f : R? — R is a function that is twice continuously differ-
entiable. In the stochastic variant of this algorithm called Stochastic Gradient Descent

(SGD), the algorithm is applied to a training set and iteratively moves towards the optimal
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solution by computing the loss and gradient on a randomly selected subset of the data,

rather than on the entire dataset.

When f(6) has a finite sum form as expressed like f(6) = 1> | f;(6), where f; loss
corresponding to the ith point in the dataset then SGD can be applied. SGD approximates
the gradient as V f(0x) ~ V fi(6x). Thus instead of calculating the actual gradient on the
entire dataset, we use the stochastic gradient for obtaining the update direction. This
helps in reducing the computational burden of the traditional gradient descent algorithm.
However, the variance of the stochastic gradient might hinder the convergence and hence

the convergence is not as smooth as the gradient descent algorithm.

2.6.2 Adaptive Moment Estimation (Adam)

Adam [26] was developed as an extension to SGD. It uses adaptive learning rates for each
individual parameter based on the previous gradients. In Adam implementation the first
and the second order moments of the past gradients are stored in the parameters m; and v;.
The present gradient is mixed with the past gradients to get the final update direction and

learning rate for each parameters. Adam seeks error minima that are as flat as possible.

2.6.3 RMSProp

RMSProp (Root Mean Square Propagation) [27] is an optimization algorithm used in
machine learning to improve the training of neural networks. It is a gradient descent-
based algorithm that adapts the learning rate of each weight parameter in the network

during training, to speed up convergence and avoid oscillations.

The algorithm maintains an exponentially decaying average of the squared gradient for
each weight parameter. This average is used to normalize the gradient before updating
the parameters. This normalization helps to prevent the learning rate from becoming too
large or too small, which can lead to slow convergence or overshooting the minimum. The

RMSProp algorithm stores the second moments of the gradients as follows:
v = Bu1 + (1 - 6)9)52 (214)
Then it updates the parameters as follows:

O =01 — \;]tht- (2.15)
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2.6.4 Proximal Policy Optmization (PPO)

Proximal Policy Optimization (PPO) [36] is a reinforcement learning algorithm that is
used to train an agent to take actions in an environment in order to maximize a reward
signal. It is a policy optimization method that is used to update the policy parameters of

an agent in an iterative manner.

The PPO algorithm can be mathematically summarized as follows:

1. Start with an initial policy parameter 6.

2. Collect a set of trajectories using the current policy mp,, where £k is the current

iteration.
3. Compute the advantages A; for each time step t in the trajectories.

4. Compute the surrogate objective function L(6j,#) using the clipped surrogate ob-

jective:

L(0;,0) =E [min <;j(<9?) Ay, clip (T:t((@i)), 1—e14 e) Atﬂ,

where 7(0) is the probability of taking the action a; in state s; under the policy 7y,

and € is a hyperparameter that controls the extent of clipping.

5. Update the policy parameter 0,1 by maximizing the surrogate objective L(6y,6)

using a stochastic gradient ascent method.

6. Repeat steps 2-5 for a fixed number of iterations or until convergence is achieved.

In summary, the PPO algorithm aims to improve the policy of an agent by iteratively
updating its policy parameters in a way that maximizes a clipped surrogate objective
function. The use of a clipped surrogate objective helps to prevent the policy from changing
too much from one iteration to the next, which can improve the stability of the learning

process. We will be using the PPO algorithm as an expert policy to guide our agent.

2.6.5 Stochastic Recursive Momentum (STORM)

Stochastic Recursive Momentum (STORM) [33] is a stochastic optimization algorithm that
is used to minimize a non-convex objective function in machine learning. It is an extension

of the classic stochastic optimization algorithm found in most of the problems in machine
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learning which require to achieve convergence of a non-convex function to its critical points.
The STORM algorithm is designed to converge faster than the classical momentum method
and to be less sensitive to hyperparameters. It is a variance reduced algorithm for SGD.
It uses the momentum term in order to achieve variance reduction. It uses two gradient
computations in each step. This algorithm does not involve computing batch gradients
and instead uses adaptive learning rates, which makes it easier to implement and requires

fewer hyperparameters to be tuned.
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SGD for Imitation Learning

SGD is a machine learning optimization technique employed to train models. It is derived
from gradient descent but differs in how it computes the gradient of the loss function.
Rather than calculating the gradient over the complete training set, SGD computes it over
a randomly selected subset. In each iteration, the model parameters are updated based
on the gradient of the loss function with respect to the parameters. The use of random
samples in SGD offers the benefit of reducing the computational burden associated with
gradient computation, particularly when dealing with extensive datasets. One of the main
benefits of SGD is that it can converge faster than batch gradient descent, especially when
the loss function has many local minima. This is because the stochastic nature of the
algorithm allows it to jump out of local minima more easily than batch gradient descent.
However, the trade-off is that the convergence is not as smooth as batch gradient descent.
Overall, stochastic gradient descent is a widely used and effective optimization algorithm
for training machine learning models, especially in cases where the data is very large
and computationally expensive to process. One of the main problems with the active
IL framework, [1, 2], is the computational cost of maintaining an active expert during
training. They require alot of calls to the expert in order to converge to a good policy.
In order to address the complexity issues of the current active IL algorithms, we propose
to use the SGD algorithm in order to relieve the computational burden of the current
algorithms without compromising on the accuracy of the final policy obtained. To utilize
the SGD algorithm, it is necessary to have an unbiased estimation of the gradient of the

IL objective. We derive this in the next section.

21
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3.1 Stochastic Gradient Oracle

In this section we take at closer look at the IL objective and the various optimization

algorithms that can be used to optimize the objective function.

3.1.1 Objective

The IL objective is defined as follows:

T—1
0* = arg m@inETNP(T;Q) [Z lt(St,ﬂ'g)] (31)
t=1
= arg mein F(0).
Here 7 = (s1,a1,...,ar—_1, sT), represents the trajectory sampled according to the distribu-

tion p(7; ). First we calculate the loss over the entire trajectory and take the expectation
of this loss over the distribution of trajectories which in turn depends on the optimizing
parameter 6. 6 is the parameters of the policy represented as my. Here [;(s¢, mg) represents
the loss of executing the policy mg in the state s; at time step ¢ of the trajectory. The
loss function is defined such that it is able to penalize the actions which are far from the

actions of the expert policy. We have used the following loss function for the simulations:
li(s¢, ) = (ma(ss) — m*(s¢))2. (3.2)

Here 7* represents the expert policy.

3.1.2 Derivation of the Stochastic Gradient

In order to apply the SGD algorithm for IL, we need a stochastic gradient for the objective
defined in (3.1). We derive this stochastic gradient in this section. For deriving the
stochastic gradient we assume that the different trajectories are independent and the
action in the present states do not depend on the state or action in future steps. Both
these assumptions are quite practical, Expanding the objective of (3.1) and noting that

the states at the current time do not depend on the future actions or states, we have the



Chapter 3. SGD for Imitation Learning 23

following:

T—1
ETNp(T;@) [Z lt(St, Wg)] (33)
t=1

T-1 T-1 T—1
= / (Z lt(%”@)) u(s1) [T moaclso)n(selse a)dsi [T d(serilse, ar)d(adlse)  (3.4)
t=1 t=1 t=1

T—1 t—1 t—1
= Z/lt(Stﬂr@)M(Sl)Hﬂe(ai|5i)u(5i+1|8iaai)dslHd(5i+1|5ivai)d(az’\8i) (3.5)
t=1 i=1 i=1
In order to obtain the expression for the gradient we take derivative of the expanded

objective with respect to the optimization parameter 6. In the subsequent expressions we

represent the derivative with respect to 6 as V.
T—-1
VETNp(T;G) [Z lt(sta 770)] (36)
t=1
T-1 t—1 t—1
=V> / L(se,mo)u(s1) [ [ molaalsin(sivalsi, ai)dsy [ [ d(sivalsi, ai)d(ails:) — (3.7)
t=1 =1 =1
T-1 t—1 t—1
=> V/lt(St,WG)M(Sl) [ mo(ailsi)u(sisalsi, a)dsy [ [ d(sigalsi, ai)d(ails:) — (3.8)
t=1 =1 =1

At this point if all the probability density functions (pdfs) are continuous, then differen-

tiation and integration can be exchanged, yielding;:

T—1
VE; o) | D zt(st,w@)] (3.9)
t=1
T-1 t—1 t—1
= Z/(Vlt(Stvﬂe))u(Sl)Hﬁe(ailsz‘)ﬂ(swlSiaai)dﬁHd(swllsz‘aai)d(ailsz’) (3.10)
t=1 =1 =1
T-1 t—1 t—1
+ /lt(St,m))M(sl)V (H We(az‘\si)> usi]sisai)dsy [ [ d(sizalsi, ai)d(ailsi)
=1

1 i=1

~+
I
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In the second term of the summation, we can use the identity Vp(0) = p(0)V log(p(#)), so

as to obtain:

T—1
VE < p(r:6) [Z Li(st, We)] (3.11)

T—1 t—1
/ (Vig(se, o)) (51 Hﬂ'g a;ilsi)p 52+1|si,ai)dslHd(si+1|si,ai)d(ai|si) (3.12)
t=1 i=1
-1 t—1 t—1
+ /lt st,m9)V (Zlogm a;lsi ) p(s1) Hwe(ai]si),u(siﬂbi,ai)dsl Hd(si+1]si,ai)d(ai|si)
t=1 i=1 i=1
T—1 t—1
= / VZt St,ﬂ'g 81 Hﬂ'@ a2|sl SZ+1|Si,aZ‘)d81 Hd(si+1|si,ai)d(ai\si) (313)
t=1 i=1
-1 Vro(aslss) t—1
0
+ /lt St,79) < —pe ]Zs ! ) (s1 Hﬂ'g a;|s;)p sz+1\s,;,ai)d31Hd(siﬂ\si,ai)d(ai]si).
t=1 j ils:) i=1

The above expression can be compactly written by substituting back p(7;0) as

T-1
vErrvp(’r;a) [Z lt(st’ 779)
t=1

T-1 t—1 VTFQ a ‘S )
= TNpTG Z [Vlt St,’ﬂ'g —|—lt St,ﬂ'g ZH] (314)
t=1

i1 mo(ailsi)

The unbiased estimator of the gradient of the IL objective is given by :

T-1

Vi(st, mg) + le(s4,70) (3.15)

o az‘sz

= Vrg(ai|s;) ]
t=1 i=1
Then, for a given value of 8, we roll out the trajectory 7. In order to calculate the stochastic

gradient, at each state sy, we need:

1. The loss function and its gradient with respect to 6, i.e., l;(s¢, m9) and Vi (s¢, 7p).

2. The action distribution according to the current policy and its derivative with respect

to 0, i.e., mp(a¢|st) in closed for as a function of § and Vg (as|st).

The first must be obtained from the expert feedback since the loss is always calculated
with respect to the expert trajectory, while second follows from the model used. In the
case, when we use a neural network parameterized by 6 as the policy various automatic
differentiation packages such as PyTorch [37] and TensorFlow [38] can be used to obtain
the second term. The second term is very similar to the objective maximized in the
REINFORCE algorithm of RL. In REINFORCE instead of scaling by the loss, we scale
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by the returns of a trajectory. Hence the second term can be obtained by using the
REINFORCE trick [20]. The first term of the gradient in (3.16) provides the expert
feedback which helps the agent in learning while the second term accounts for the shift in

the distribution [20].

For the imitation learning objective we have the following:

T-1 T-17T t—1 T
VETNP(T;Q) [Z lt(st, 71'9)] = ETNp(T;G) Z Vlt(st, 71'9) + lt(st, 71'9) Z Vin ﬂg(ai|$i) s
t=1 t=1 L =1 i
(3.16)
T-171T t—1 T
VEO) =Eropiroy >, | Vie(se, mo) + le(se,79) Y Vinmg(ailsi)|
t=1 L i=1 i

VF(Q) = ETNp(T;O) [Vf(@, T)]

f represents the loss corresponding to the stochastic gradient and F' represents the IL

objective. The final update equation is as follows:

Or+1 = Ok — iV f(Ok, ) (3.17)

Here k is the index for the iterations, and V f (6, 7x) is the stochastic gradient at the kth

iteration. We have the following unbiased property:

ETkNp(T;ek)[vf(9k7 Tk)] = VF(ek) (318)

3.2 SGD Algorithm

In this section we propose the SGD algorithm for IL. We summarize the SGD algorithm

Algorithm 3 SGD Based IL
Initialize #; and k£ = 1.
while k£ < K do
T ~ p(7; 0k).
Vf(@k, Tk) = Oracle(@k, Tk).
Update 6 as 011 = 0 — np *x Vf (O, 7).
k=Fk+1.
end while
Return 0

for IL in Algorithm 3. At first we randomly initialize the policy parameter as 6;. We
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next collect a trajectory using the current value of the parameter. Next we compute the
stochastic gradient using (3.16). Then we update the parameters based on the stochastic

gradient. We continue this process until convergence.

3.2.1 Guarantees for the SGD Algorithm

In this section we derive some theoretical guarantees corresponding to the SGD for IL

algorithm. We have the following assumptions for the proposed SGD for IL algorithm:

1. We assume that F'is L smooth. This means that 3L, such that:

IVE(61) = VF(02)|| < L[[6h — b2]]. (3.19)

2. Bounded Variance Assumption:

Ermpien) [IVF0,7)I12] < 0 + cl[VE(6)| (3.20)

From the L-smoothness of the objective F(6), we can write the quadratic upper bound as

follows:
L 2
F(0+1) < F(0) + (VE(0r), O1 = O) + 5 [10k+1 — O]l (3.21)
772L 2
= F(0x) —m(VE(0),Vf(Or, ) + 7]; IV f (O, )|

Now taking the conditional expectation with respect to the iterate 7, given the iterates

Ti,...,Tk—1. Let us denote this conditional expectation as E,, |.

2
B [F(Ok11)] < Er [F(O1)] — mi(Bry [V (O1)], Er | [V f Ok, 7)) + %Em[llvf(% )|°]
2
< F(8,) — milVE(8,). By [VF (B0 7)) + "L (11970, 70) |7
2
< F(Hk) - 77k<VF(9k)aETkNp(r;ek)[Vf(9k7Tk)]> + METkNp(T;Ok)[va(ebTk)H2]

2
2[o2 2Lc
< F(60) = el VE 00| + 257 + |V E @) |
nrLc n2Lo?
= F(Or) —m(1 - =5 IIVE ()] + kT
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The second inequality holds because given the previous iterates 7, ..., 7x_1, 0% is a deter-
ministic quantity and can be taken out of the conditional expectation. The third inequality

holds because E,,| = E as shown below,

T ~p(T30k)

p(T|T1, -y Th—1) = /p(Tk, Okl ... Tk—1)dO (3.22)
= jflﬁ7k!9k,71,---,7k1)?(9kh1,'--,7k1)d9k

= /p(Tk; 0r)0(0x)dO; = p(73; O).

Now taking the expectation with respect to all the iterates instead of just 7, and using

N < ﬁ, we have the following:

La

Nk
E[F(0r+1)] < E[F(0r)] - S EIVEO)I] + (3.23)
Carrying out the telescopic sum we have:
K 7 772La
k HE=Y
E[F(0x41)] < F(6y) Z?E IVF(6,)|%] +Z (3.24)
k=1 k=1
We have F(6*) < E[F(0k+1)]), thus we can write,
K K
Y mENVE@O)’] < 2(F(61) = F(09) + oL g (3.25)
k=1 k=1

K
< 2Bp + UzLZTI;%.
k=1

Here, Bp = F(0; — F(0*)). Thus,

2Bp + UQLZ,C 177k

i 2 2
 oin E[|IVE@)I7) < S (3.26)
For ny, = n, we have,
2B
min E[[VF@)ll] < /o>y + e (3.27)

1<k< nkK
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We have,

(3.28)

The above analysis provides us with a bound on the gradient norm for the iterates of the
SGD for IL algorithm. A bound on the gradient norm can be converted into a bound
on the distance between 6, and 6pp with mild assumptions. Here 0pp represents the
performatively optimal point for the IL objective. If the objective function F' is a-strongly
convex, then we have the result ||0x — Opol| < a7 t|| < E[||[VF(0)]]] [20]. Thus with
mild assumptions we can show that the proposed algorithm converges to a performatively

optimal point.

3.2.2 DAGGER converges to Stable Point

In the previous section, we observed that the suggested SGD for IL reaches a point of
optimal performance under certain reasonable assumptions regarding the objective. In this
section, we provide a proof demonstrating that the widely recognized DAGGER  algorithm,
introduced in [2], converges to a point of stability in terms of performance. The RRM

algorithm proposed in [15] has the following update:

T
de .
Ort1 = G(Ok) <t arg m61n Emp(nek) !Z lt(stﬂfé))] . (3.29)
t=1

We can say the the DAGGER algorithm of [2], is an aggregated version of the RRM
algorithm. We can write the update of the DAGGER as follows:

k T
def .1
Opi1 = Gpa(B) = argnblnk;ETNp(T;gi) [; lt(st,ﬂ'g)] . (3.30)

Theorem 3.1. Let us assume that the loss function l;(s¢, mg) is B-smooth and ~y-strongly

convex. If the distribution p(7;0) is e-sensitive, then we have the following:

1. ||Gpa(0) — Gpa(8)]] < f{—ngzl |10; — 0%]| for a sequence of parameters {6;}!_,,0

and {0/}t_,,0" in the parameter space.

Before proceeding to the proof, we define the following lemma;:
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Lemma 3.2. A distribution D(.) is e-sensitive if and only if the following is satisfied V6, 6’

in the parameters space:

sup {Ezp(0)[9(Z2)] — Ez~p(on[9(Z)] < €]|0 - 0'||} (3.31)

Proof. Let us fix two sequence of iterates for the DAGGER algorithm and denote them
as {0;}F_, and {0/} . Let f(¢) = & Zl 1 Erp(ri0) [Zt 1lt(st,7r<p)] and
f'lp) =+ ZZ 1 ETNp (:00) Zt 1 L, 7l'<p)] . Let us assume that f is v-strongly convex and

Gpa(0) is the unique minimizer for f(x), thus from the strong convexity assumption we

have,

f(Gpa(8)) = F(Gpal0)) = (Gpa(0) — Gpa(0)" Vf(Gpa(0)) + %HGDA(@ — Gpa(0)]P,
f(Gpa(0')) — f(Gpa(0)) = %IIGDA(@ — Gpa(0)]”.

Combining the two we have,
~|Gpa(8) = Gpa(®)|* = (Gpa(8) — Gpa(0)"Vf(Gpa(8)). (3.32)
Now we know the follwoing holds by the Cauchy-Schwartz inequality:

(Gpa(9) = Gpa(®)) (VF(Gpa(0')) = VI (Gpa(6'))) < ||Gpa(f) — Gpa(@)]]x  (3.33)
IVf(Gpa(6")) = V. (Gpa(0))|

We also have the following:
IVf(Gpa(0) = VI (Gpa(0))]] (3.34)

k T k
1
v% Z Bz p(ri0,) Z lt(st,Gpa(0'))

T
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N T
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In the last inequality we have used the e-sensitivity of the distribution p(7;6) and the

Kantorovich-Rubinstein inequality [15]. Thus we have,
IGpa(0) — Gpa(@)|| < [[Vf(Gpa(d)) =V (Gpa(@))] < %HGDA( —Gpa(?)]] Z 16; — 6311.
We finally have the following:
(Gpal0) ~ Coal0) (VI (Goalt) = V' (Goal®) = =22 [|Coa0) ~ Goa®)] Z 16; -
By optimality condition we have (Gpa(0) — Gpa(0')TVf'(Gpa(#)) > 0. Thus we have,
(Gpal6) = Goa@) 'V F(Gpa®)) 2 - N1GDA@) ~ Gpal®) Z 6~ 61l (335
Combining this with (3.32), we have,
AIGpa®) ~ Coa@)IP > ~E11Gpa®) ~ Gpa®)] Z 10:-01. (330
Rearranging we have,
1Gpa(0) = Gpa(d Z 16 = G;]l- (3.37)

We know that 0x1 = Gpa(0x), according to the update equation and ps = Gpa(Ops),
according to the definition of performatively stable point [15]. Putting these into the above

inequality we have,
Be &
Opi1—0 <= 0; — 0.||. .
0k11 — Opsl] < v ;1 I ill (3.38)

This proves that if there is sequence of iterates {9’ ", which lead to a performatively stable
point fpg, then the DAGGER iterates {6;}*_, remaining close to the performatively stable

iterates, will converge to a performatively stable point.

3.2.3 Improvements of the proposed SGD algorithm over DAGGER

1. DAGGER algorithm treats all the state-action pairs as independent, which is not ac-

tually true. Inside each trajectory, the current states depend on the previous states
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and actions. In the SGD approach, we have treated trajectories as independent
and have not assumed anything about the independence of state-action pairs. The
derivation of the stochastic gradient is done based on the assumption that the tra-
jectories are independent and the present states depend only on the past states and
actions and do not depend on the future states, both of which seem to be practical

assumptions.

2. The SGD algorithm is much more computationally efficient compared to the DAG-
GER algorithm. It does not require the aggregation of previous trajectories and
hence the per iteration complexity of the proposed algorithm is much lower com-
pared to DAGGER.

3. From the optimization perspective, DAGGER can be looked as an aggragated version
of the RRM proposed in [15]. Hence the DAGGER algorithm only converges to a
performatively stable point. While the proposed SGD algorithm converges to a
perfomatively optimal point [20].

4. For the SGD algorithm, we can use various variance reduced methods using the
stochastic gradient which will help us in reducing the number of calls made to the

expert, further reducing the computational burden.

3.3 Stochastic Recursive Momentum (STORM)

In order to make the convergence of the SGD for IL algorithm more stable we explore some
variance reduced versions of the SGD algorithm. There have been a lot of adaptive methods
recently which seem to outperform the vanilla SGD such as AdaGrad [25], RMSProp [27]
and Adam [26]. However, the theoretical guarantess of these adaptive algorithms are not
well established. In this section we explore a momentum based variance reduced algorithm
for stochastic optimization called STORM. It has sound theoretical guarantees and seems
to work well in practice. It is a variance reduced algorithm for SGD. It uses the momentum
term in order to achieve variance reduction. It uses two gradient computations in each
step. This algorithm doesn’t need batch gradient calculations and incorporates adaptive
learning rates, which makes it easier to implement and reduces the need for adjusting

hyperparameters. This algorithm is summarized in Algorithm 4.
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Algorithm 4 STORM for IL
Initialize 61, k = 1, w, ¢, and k.
Sample 7.

G1 = ||V f(br, )l
d1 = Vf(el,Tl)
_ K
o = 173+
while k£ < K do

Nk = (w‘*‘Zfi G218
Update 0 as 011 = 0 — ny * di.
Ak+1 = 077;%
Sample 751 ~ p(7; x11)-
Grt1 = [V (Os1, Treg) |-
dis1 = Vf(Ors1,Tir1) + (1 = aps1)Vf (Ok, Thot1).
k=Fk+1.
end while
Return 0k

We first look at the intuition behind the STORM algorithm. The typical momentum with
SGD is achieved as follows:

dp = (1 — a)dk,1 + an(&k, Tk) (339)

Ok+1 = O — ndy

The use of noise in stochastic gradients is known to negate the theoretical benefits of the
momentum factor, even though momentum-based SGD has been successful in numerous
machine learning applications. According to [33], the STORM algorithm takes a different
approach by demonstrating that a variant of momentum can lower gradient variance,
rather than relying on the accelerated rates provided by momentum in SGD. The proposed

variant, as described [33], is as follows:

de = (1— a)dp1 + aV F(O ) + (1 — a)(VF (O i) — VFOr1,m))  (3.40)
Orr1 = O — ndy

The only difference is the addition of (1 —a)(V f(0k, %) — V f(0k—1,7%)) to the momentum
part. Assuming smoothness, if an algorithm is converging towards a stable point, then
the two terms mentioned will be similar. In this scenario, the algorithm will operate
similarly to classic momentum SGD during the final stages of optimization. [33]. We will
use the stochastic gradient derived in (3.16), along with the STORM algorithm in order

to optimize the IL objective.
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3.3.1 Guarantees for non-adaptive STORM

We have the following assumptions while deriving the theoretical guarantees for the STORM

algorithm:

1. We assume that f is L smooth. This means that 9L, such that:
IVF(01) = V£ (02)] < Ll|61 — 0a]|. (3.41)

This implies that the IL objective F' is also L-smooth.

2. Bounded Variance Assumption:

ETNP(T;G)[HVf(H? 7-) - VF(G)HQ] < o’ (342)

We use the notations e, = E[||dy — VF(0x)||?], ex = dr. — VF(0;) and A = E[||VF(6,)]]?]
in the proof. We will first derive a recursion on e, which is termed as the tracking error
because it measures how well dj, is able to track the actual gradient VF(6y). The basic
outline of the proof is that we first bound e; and A and then combine the bounds to get

the final result. For the non-adaptive case the following choice of n; and a1 is used:

1 7 \1/3 L - \2/3
Lays </<:+7> and a1 = 16m; <k+7) (3.43)

The recursion on ey, is stated in the following lemma:

Lemma 3.3. With the notations introduced above we have,

err1 < (1—arp1)’ (1 + 4L ) ex + 4(1 — ap 1)’ L2 Ag + 204,07 (3.44)

Proof. We have the following relation [33]:

epr1 =1 — apg1)er + (1 = apg1) (Vf (Ors1, Tot1) — V(O Tig1) — VF(Opg1) + VF(6r))
+ a1 (Vf (O 1, Tor1) — VE(Ory1)) = A+ B+ C.

We denote the first, second and third term of the recursion as A, B, and C respectively.

We note that A is independent of 711, hence the expectation with respect to 7441 and
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norm square can be written as follows:
Ep+1 [I|A+ B+ C|1?] < ||AI? + Exya [2/1BI1* +2/|C| ] (3.45)
We have the following:

B =V f(Ors1, The1) — VI (Or, Tha1) = Eepr [f Ors1, Thr1) — VI Or, Thr1)] = X — Ep[X].
(3.46)

Since the variance of X is always less than or equal to its second moment we have,

E [HBH2] <E U|f(9k+17 Tet1) — V (O, Tk+1)\|2] . (3.47)

Taking the full expectation and combining all the things we have the following:

er1 < (1= app1)®er +2(1 = ap1)E [[[Vf (Ors1, 1) — VO, 1) 7] (3.48)
+2a; (B [[|Vf (041, To1) — VE(Or41)| 7] - (3.49)

Using the smoothness and the bounded variance assumption, we thus have,
eet1 < (1= apg1)’er + 2(1 = ap41)°L°E [||0eg1 — Okl*] + 207, 10>, (3.50)
From the update of the STORM algorithm we have, 011 — 0 = —nidy.
err1 < (1 —aps1)?er +2(1 — ap1)*ni L°E [Hdk||2] + 2aj, 0% (3.51)
We also have the following bound:
ldkl? = llex + VEO)I* < 2(ex + Ag). (3.52)

Thus combining the above bounds we have the recursion on e; as stated in the lemma.

Now we state the bound on A; in the following lemma.

Lemma 3.4. We have the following bound on Ay:

’I’}kAk < 4E[F(9k) — F(9k+1)] + 3niek. (3.53)
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Proof. Using the quadratic upper bound on F, we have,
F(O41) < F(0r) + (VE(O), Opr1 = ) + - |10k+1 — O] (3.54)

Again using the update equation we have,

2L2
F(B41) < F(6r) =l VE(0h), di) + ] (3.55)

2L2
= F(0r) — ml[VF (1) |1> — mi(VF(0k), di — VF (0r)) + n’“TlldkHQ-

Taking the expectation we have,

272
E[F(Ok+1) — F(0)] < =D — meE[(VF(0), dx — VF(0k))] + nk2L E [||di]/?] . (3.56)
We have the following bounds:
—E [<VF((91€), dy — VF(Qk»] < (ek + Ak)/Q and E [||dk|’2] < 2(6k + Ak) (3.57)

Combining the above bounds we have,

L L 3
E[F(011) — F(01)] < J%’“ (1 - 77’;) Ay, + s <1 + 77’;) < —%Ak + %ek. (3.58)

Here we have assumed that 7L < 2. This gives us the final bound for Ag.

Now we assume that a1 = 167],§L2 and then multiply the bound of Lemma 3.3 by
Nk/2ak+1 and add it to the bound of Lemma 3.4. Thus we have,

M Mk—1 Mk 2 ( ak+1) 3ak+1 Mk—1
E[F(6 — F (0 - 1-— 1 —
FOui) = PO+ 50 enn = Bten < [ 575 (1= ? (14 251 4 25 ) - 2
k
+ %[(1 — apy1)” — 2JAk + Qpagr0”.

The choices listed below result in the first term being negative:

1/ 7\ . 7o\ 2/3
= — d =16nL" = | —— . .
M= 17 <k+7> and ag41 = 16m; <k+7> (3.59)

Thus we have,

k—1 3
€kt+1 — Lek < _%Ak + Mag107.

E[F(6 — F(6
[F(Or41) (k)]+2@k+1 + Sy, kS

Ja
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Carrying out the telescopic sum we have,

K K
7o 1
exk+1 — —e1 < 3 anAk +o? anak+1~

E[F(6 — F(61)] +
[F'(0k+1) — F(61)] p— 20 2 2

Using the bounded variance assumption we have e; < ¢2. Thus we have the following

guarantee for the STORM algorithm,

. LBr + 02logT
1$?KE[IIVF(91€)H]SO<\/ e ) (3.60)

This makes T = O(e™3), for minj<i<x E[|[VF(0x)||] < e. This provides us with a rate
of convergence of O(e3) which is much better than the SGD algorithm for IL with a
convergence rate of O(e~*). For the fully adaptive case we have the same bound for
0?2 # 0. But for the case 02 = 0, the bound becomes T = O(e~2) as shown in [33]. Thus
the STORM algorithm is adaptive to the variance in the stochastic gradient.

3.4 Stochastic Non-smooth Non-convex Optimization through

Online-to-Non-convex Conversion

In the previous sections we have assumed that the objective function is smooth. When the
objective is non-smooth, the IL optimization problem presents several challenges, and we
examine those challenges in this section. Many contemporary neural networks architec-
tures used in training are not smooth. Due to the absence of smoothness in the objective,
the theoretical assurances may not actually apply, and the algorithms described in the
previous part can only provide a sense of what might happen when these algorithms are
applied in practice. Points € away from the stationary points were easily located with the
aid of the smoothness assumption; specifically, a point § where ||VF(0)|| < e. Since prac-
tical optimization is possible even for non-smooth objectives, we require a different set of
mathematical tools to study them. We shall use the (9, €)-stationary point specified in [39].
Searching for (9, €)-stationary point means that instead of ||[VF(0)|| < €, we ask that there
is a random variable y supported in a ball of radius § about 6 such that ||[E[VF(y)]|| <.
Cutkosky et al., in [39] showed that such an (9, €)-stationary point can be identified with
only O(e 3571) stochastic gradient evaluations. The primary technique which they used
was online-to-non-convexr conversion, which establishes a connection between non-convex

stochastic optimization and online learning.
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In order to analyze the non-smooth non-convex optimization we assume that the IL ob-

jective satisfies the following mild regularity condition.

Definition 3.5. A differentiable function F' : H — R is said to be well-behaved if it

satisfies the following condition for all z,y € H:

1
F(y) = F(x) +/0 (VF(x + s(y — x)),y — z)ds. (3.61)

This assumption is used to obtain the theoretical guarantees of finding an (J, €)-stationary
point along with the unbiased and bounded variance assumption of the stochastic gradient.

Now we formally define the (4, €)-stationary point as follows [39]:

Definition 3.6. A point 0 is an (0, €)-stationary point of a differentiable function F' if
there is a finite subset S of the ball of radius § centered at 6 such that for y selected
uniformaly randomly from S, E[y] =z and |[E[VF(y)]|| <e.

3.4.1 Online Learning

In online learning, all the data is not available at once and the learning proceeds in rounds.
In each round the algorithm outputs a point A; as its prediction and receives a linear loss
lt(.) = (gt,.), where g; is the value we are trying to predict. Based on the output of
the algorithm, a loss of [;(A;) is incurred. The goal of the algorithm is to minimize the
regret over 1" rounds, defined as the difference between its cumulative loss and that of an
arbitrary,fixed competitor w:
T
Rp(u) = (g6, A — u) (3.62)
t=1
Another more challenging objective in online learning setting is the minimization of a K-
shifting regret, where the arbitrary competitor is a sequence of K vectors u!, ..., u" that

changes every T iterations:

K kT

Rrp(ul,... uf) = Z Z (gns A — uF) (3.63)

k=1 n=(k—1)T+1
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3.4.2 Online-to-non-convex Algorithm

We dissect the steps necessary to make the transition from online to non-convex. The
key idea is to treat the shifting regret over linear losses as a problem of minimization of a
non-convex and non-smooth function. In particular, consider a 6,, = 6,,_1 + A,, iterative
optimization process that updates the previous iterate in the direction A,. For a specific
rate of learning, A,, = —nf (6, ) is the one selected by SGD. However, in online-to-non-
convex conversion, the update direction 4A,, is left up to an online learning algorithm A.

The online to non-convex conversion is summarized in Algorithm 5.

Algorithm 5 Online to non-convex conversion for IL
Initialize 6y, K € N, T € N, s,, for all n and online algorithm A.
Set M = K.T
Set n = 1.
while n < M do

Get update direction A,, from A.

0, =0,_1+A,.

Wy, = Op—1 + Snd\,,.

Sample 7, ~ p(7;6,).

Query the stochastic gradient oracle f, = GRAD(wy, 7).

Send f, to A.

n=n+1.
end while
Set wf:w(k_l)prt fork=1,....Kandt=1,...,T.
wh = %thzlwf fork=1,...,K.

Return {w!,... w¥}.

3.4.3 Theoretical Guarantees of Online-to-non-convex conversion

In order to establish the guarantees for the online-to-non-convex algorithm we first, try to

express the objective in terms of the shifting regret of an online learning algorithm.

Theorem 3.7. Suppose F is well-behaved. We follow the notation of Algorithm 5. Let
sn, be independent random wvariables uniformly distributed in [0, 1]. Set T,K € N and
M = KT. Define V,, = fol VF(0p—1+ sAy)ds. Then we have the following:

M M
E[F(0s)] = F(61) + E | > (fo, An — un) | +E Z(fn,un>]. (3.64)
n=1 n=1
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Proof. By the well-behaveness of the objective F' we have the following:
1
F(0,) — F(0p-1) = / (VF(0p—1+ sAn, Ay))ds (3.65)
0

_ /Ol(Vn,An))ds

= <fn7An - un> + <vn - fmAn> + <fnaun>

Now we take the sum from n = 1 to M. For s being uniformly randomly distributed in
[0,1], we have E[f,]| = E[VF(w,)] = E[fol VF(0n,—1+ sAy)ds] = E[V,]. Putting this into
the above statement and taking the expectation we have the statement of the theorem.
The main benefit of the theorem comes from the fact that the regret of an online learning
algorithm corresponds directly to the term (f,, A, — up). A smaller bound on F(6y;) is
indicative of a lesser regret. Then, by strategically picking u,,, we can connect the average
gradients used in the definition of (4, €)-stationarity with the term (f,, u,). Then we have

the following theorem:

Theorem 3.8. Assume F is well-behaved. Following the notation in Algorithm 5, let s,

be a uniformly distributed random variable in [0,1]. Set T, K € N and M = KT. Define
T

uk = —DM for some D >0 fork=1,...,K. Suppose Var(f,) = o>. Then

|3y VF(wp)|
we have the following:

F(6o) — F*  E[Rp(ul,...,uf)] o
< )V DM —i-ﬁ. (3.66)

Proof. Set u, to u! for the first T iterations, u? for the second T iterations and so on.

Thus, u, = w41+ for n = 1,..., M. Thus we have,

E[F(0x)] = F(61) + E[Rp(u, ..., uf)] +E

M
> (fn un>] . (3.67)

n=1
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Since uf = —D%, E[f.] = VF(w,), and Var(g,) = 02, we have,

=E

M
E [Z<fn7 un>

n=1

T
Z <gn + VF(wf) — VF(wk), uk>] (3.68)

t=1

Mﬂ

gn + VF( wt) VF(wf),uk>]
t

K | T
< VF(w k> Z< gn—VF(wf),uk>]
t k=1 \t=1

(o]

k=1

1

=E

I
M f7 F-
M~

o~
Il
—
Il
—_

Looking at the second term,

Thus we have the following:

M K T
1
E|> (faun)| <E|-> DT TE jVF(wf)‘ + DEKVTo. (3.70)
n=1 k=1 t=1

Putting all the inequalities together and dividing by K DT = KM, we get the statement

of the theorem.

We now take the online algorithm A, as the online gradient descent (OGD) of [40]. The
update A, = HII Al plAn — nfy] is calculated by OGD, which receives as inputs the
radius D and the step size 7. It can be shown analytically that if E[||f,||?] < G? for all n,
then for each u satisfying ||u|| < D, OGD will guaranteel static regret E[Ry(u)] < DGVT.
Thus, we obtain a shifting regret of E[Rz(u',...,u®)] < KDG+VT by restarting the

algorithm every T iterations.

Corollary 3.9. Let the number of gradient evaluations required be N. We use the assump-
tions of Theorem 3.8, let us also assume E[||f,||?] < G? and that A ensures ||A,|| < D
for some user-specified D for all n and ensures the worst case K-shifting regret bound
E[Rr(u',...,u")] < KDGVT for all ||[u¥|| < D. Let § > 0 be an arbitrary number.
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Let D = 0/T,\T = min({(%)wﬂ ,%) and K = |%]. Then for all k and t,

||1I1k — wf|| <4 and,

K T * *
2[5 [ o < 2 e (ST )
(3.71)
Proof. We know that A guarantees ||A,|| < D, for alln <n’ <T+1— 1, we have
lwn = wi|] = [10n = (1 = $0) An = Opr—1 + 50 A (3.72)
<l nz:l Aill + [ Anll + [[An|]
i=n+1

<D -n—-1)+2D=D(n'—n+1) < DT =4.

We have M = KT > N — T > N/2. We also have that Var(f,) < G2, Vn (since the
variance is less than or equal to the second moment). Applying theorem 3.8 along with
E[Rp(ul,...,uX)] < KDGVT, we have:

K *
E [[1{]; ;Z;VF(wf) | < 2(F(95)N ) +2K%ijﬁ + \% (3.73)
2T (F(6y) — F*) G
< SN +3ﬁ
_ 2(F(fo) — F) 5G23(F(6y) — F*)Y/3 6@
ST 5N + max (NO)1/3 "IN

where the last inequality is due to the choice of T'. If we assume the F(6y) — F* < Bp, thus
for finding a (6, €)-stationary point we require N = O(e 36 ! BpG?) stochastic gradient
evaluations. Thus in the IL setting with a non-convex non-smooth objective for finding a

(8, €)-stationary point O(e=36~1) stochastic gradient valuations are required.
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Numerical Results

In this chapter we present the experimental results of the proposed, SGD, STORM, Adam
and RMSProp algorithms for IL and compare it against the existing IL algorithms such as
DAGGER. We split this section based on the environments on which we test the algorithms

and provide separate results for each of the environments.

4.1 Obstacle Avoidance Environment

4.1.1 Environment Description

In the obstacle avoidance environment, the goal is to reach the endpoint from a fixed
starting point while avoiding randomly shifting obstacles as depicted in Fig. 4.1. Here,
the difficulty for the agent in learning arises from the fact that the beginning position
of the obstacle and the step length for movement in the x and y directions both vary
from instance to instance. We are taking an environment with agent from start position
(—2.5,0) need to reach goal at position (2.5,0). A 0.1 maximum velocity and a 0.05 radius
apply to any agent or robot. The 0.4-meter-radius obstacle can travel at a speed of 0.02
metres per second. FEach time an obstacle moves, it does so from a different starting
position (between -0.5 and 0.5) and takes a different sized random step in the x and y

directions (within a predetermined range).

42
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05—

ofl-u_y =
=

05—

FIGURE 4.1: Obstacle Avoidance Environment

4.1.2 Expert Design

In design of the expert the approach for trajectory planning suggested in [41] is followed for
problem formulation which is further solved in MATLAB using fmincon function. Concept
of Inverse velocity obstacle is used to design the obstacle avoiding the trajectory. Following

formulation is solved to get required agent velocity at each state.

umlgl J =||vaesired — (vr +w)|[* + A|Ju||?, subject to, (4.1)
Yy
T,\2
o
(H,UHZ - HTHQ + (RA +RB)2 < Oa
T
* Umnag -

Udesired = m
Here, vgesireq is the maximum possible agent velocity in the direction of the goal location.
u is the control velocity or the change in velocity of the agent suggested by solution of this
problem thus is the optimization variable for this problem. v is the relative velocity of the
obstacle i.e., v = vg — (v, + u) and r is the position of the obstacle seen by the agent. v, is
agent velocity. R4 and Rp are robot and obstacle radius respectively. Objective is to find
a control velocity u that when added to current robot velocity, gives new robot velocity
as close t0 vgesireq as possible.This objective should be achieved under the constraint that

step direction taken in the direction of r» with velocity v should always be smaller than the
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Diffg)gence between the simulated and analytical x-direction gradient I?iafjerence between simulated and analytical y-direction gradient
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FIGURE 4.2: (a) Difference in x-direction (b) Difference in y-direction

critical distance between the agent and obstacle i.e., ||r||?> — (R4 + Rp)? to avoid crashes

with obstacle.

4.1.3 Results for this environment

In order to legitimize the expression of the stochastic gradient derived in equation (3.16),
we plot the difference between the simulated and the analytical gradients by varying the
number of samples on which the simulated gradients are calculated. In Fig. 4.2, we ob-
serve that the difference in the simulated and analytical gradients reduces as the number
of samples increase. We see that the difference in the gradients reduce at a rate of ap-
proximately 1/ V/N, where N is the number of samples. This plot helps us validate the

expression derived in (3.16).

Next we compare various algorithms including Behavioral Cloning (BC), DAGGER, SGD,
Adam, RMSProp and STORM, based on some performance metrics for the obstacle avoid-
ance environment. In Fig. 4.3, we plot the success rate achieved by various algorithms by
varying the number of trajectories. We observe that the BC algorithm has a success rate
of around 70% and it remains constant with the increase in the number of expert trajec-
tories. The SGD algorithm has a success rate of around 82.5% while for the RMSProp
algorithm’s success rate varies between 72% and 85%. STORM, DAGGER and Adam
have very similar performance in terms of success rate and are able to get a success rate

of around 90% for large number of expert trajectories.

In Fig. 4.4 we plot the number of crashes for the various algorithms. As expected this plot

shows the opposite trend as compared to Fig. 4.3. The best algorithms with the highest
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FIGURE 4.3: Success Rate

success rate have the lowest number of crashes. Thus BC has a high number of crashes
compared to the other algorithms. The rest of the algorithms are comparable in terms of

number of crashes.

Next in Fig. 4.5 we plot the norm of the gradient values in the x and y directions as a
function of iterations. As expected the gradient value decreases as the number of iter-
ations increase. We observe that in the y-direction all the algorithms seem comparable
since there is not much change in the gradient. But in the x direction we observe that the
STORM algorithm converges faster than the other algorithms and it also shows the vari-
ance reduction effect. This plot helps us in ensuring that the agent is converging towards

a stationary point.

In Fig. 4.6 we plot the loss values in both the x and y directions. We also plot the
loss of the DAGGER algorithm in addition to the other algorithms. We observe that for
the DAGGER algorithm there is not much change in the loss value. This is because the
DAGGER algorithm retrains the model on the entire dataset in each iteration. This makes

the loss value very low for all iteration at the cost of computational complexity.
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In Table 4.1 we show the number of gradient calls required by the algorithms to con-

verge to a good policy. The DAGGER algorithm requires the most number of gradi-
ent calls. The proposed STORM algorithm requires the least number of gradient calls.

Algorithm No. of gradient calls Algorithm Runtime in seconds

STORM 2764 £+ 1300 STORM 561.37
SGD 9450 + 2886 SGD 786.64
RMSProp 6411 4+ 1880 RMSProp 594.49 In Table 4.2
DAGGER 53704 + 4233 DAGGER 1064.589 .
Adam 10785 + 3460 Adam 1734.45

TABLE 4.1: No of gradient

calls to converge for Obstacle
Avoidance.

we plot the runtime of the different algorithms. As expected the runtime of the DAGGER

TABLE 4.2: Runtime for Ob-
stacle Avoidance.

algorithm is much higher as compared to the other algorithms. This is because it aggre-
gates the dataset and at each iteration retrains the model on the entire aggregated dataset.
Hence as the size of the dataset increases the per iteration complexity of the DAGGER
algorithm also increases. The proposed STORM and SGD algorithms have much lower
runtime while maintaining the accuracy of the learnt policy. They are also comparable on
the basis of the number of expert calls. Thus we have proposed an efficient and scalable

algorithm for IL to be applied to complex learning tasks.
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4.2 CartPole Environment

4.2.1 Environment Description

This is the classic control environment of OpenGym with discrete action space is shown
in Fig. 4.7. An inert joint connects a pole to a cart, which rolls along a smooth track.
The pole must be upright on the cart, and the pole must be balanced by pushing in
opposite directions. Since the objective is to maintain the pole’s vertical position for as
long as possible, a reward of +1 is awarded for each step completed, including the final
termination step. The maximum award amount is 500 for an episode. We use PPO as

expert for this environment.

pivot point

“
o>

FIGURE 4.7: Cart Pole Environment

4.2.2 CartPole Results

In Fig. 4.8, we plot the loss as the function of number of gradient calls. The loss reduces as
the number of gradient calls increase. We observe that the proposed algorithms converge
much faster than the DAGGER algorithm. Although the STORM algorithm takes the
most number of gradient calls as compared to Adam and RMSProp to converge but the

variance reduced effect is observable in the plot.

In Fig. 4.9 we compare the number of crashes. In order to get this plot we reset the
environment after every crash till the agent is able to complete the entire 500 steps of the
episode. Again the number of crashes of the proposed algorithms goes to zero faster than
the DAGGER algorithm. The other three algorithms STORM, Adam and RMSProp are
comparable in terms of the number of crashes. Among these three we again observe that

the variance of the STORM algorithm seems to be the lowest.
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In Fig. 4.10 we plot the reward measures. As the number of gradient calls increase the
rewards keep on increasing until the maximum episode reward of 500. The DAGGER
algorithm takes significantly more number of gradient calls to converge to the maximum

episode reward. The trend is similar to the other two plots.

Comparision of different Algorithms
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FIGURE 4.10: Rewards in CartPole Environment

In Table 4.3 we plot the number of gradient calls made by each of the algorithms. DAG-
GER requires the maximum number of gradient calls to converge. In Table 4.4 show the
runtime for the various algorithms. The DAGGER algorithm, as expected, has a signif-
icantly longer execution time than the other methods. The complexity of the DAGGER
algorithm grows with each iteration as the size of the dataset grows. The proposed al-

gorithms have significantly shorter execution times without sacrificing their performance.

Algorithm No. of gradient calls Algorithm Runtime in seconds
STORM 4472049+ 11031 STORM 8233.7
RMSProp 1903548 + 9866 RMSProp 3328.4
DAGGER 31905600 + 4263 DAGGER 39340.1
Adam 2467044 + 11636 Adam 4717.6
TABLE 4.3: No of gradient TABLE 4.4: Runtime for

calls to converge for CartPole. CartPole.



Chapter 5

Conclusions and future work

In this thesis we have explored imitation learning from an optimization perspective. We
derived a stochastic gradient corresponding to the objective and implemented the SGD,
STORM, Adam and RMSProp algorithms for IL. We also compared the performance of
these algorithms against one of the most widely used active IL algorithms DAGGER. Using
the stochastic optimization techniques along with variance reduction we were able to reduce
the computational bottleneck of the current IL algorithms allowing their implementation
for more computationally demanding real-world applications. We validated the proposed
algorithms for the Obstacle avoidance and the CartPole environments. In addition we
looked at IL from the performative prediction viewpoint and showed that the proposed
algorithms converge to a performatively optimal point unlike the DAGGER, algorithm
which converges to a performatively stable point. We also looked at the a non-convex
non-smooth optimization algorithm for IL, which helps us understanding the theoretical

guarantees when the optimization problem is non-smooth.

As a direction of future work, the algorithms can be implemented for a wide range of
environments to understand their effectiveness across different domains. In the non-convex
non-smooth optimization we saw the results for just the OGD algorithm. Different types of
online leanring algorithms can be implemented along with online-to-non-convex conversion

technique.

o1
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