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ABSTRACT

In Computer Graphics, a heavily researched topic is the physical simulation

of characters that can exhibit fluid, life-like motions. In recent years, imita-

tion and reinforcement learning techniques have become popular approaches

for training such controllers due to their flexibility, generality, and adaptability.

One such example is DeepMimic, a data-driven framework that utilizes motion

clips along with modern reinforcement learning methods to train control poli-

cies for simulated characters that can produce a wide variety of natural notions.

Adversarial Motion Priors is an extension upon this framework in which adver-

sarial imitation learning is utilized to enable characters to imitate various mo-

tions from a large unstructured dataset of reference motions without the need

for explicit synchronization. In this thesis, we adapt the Adversarial Motion

Priors framework to be compatible with OpenAI Gym environments. In doing

so, a wide variety of RL algorithms can be tested on the framework. Finally,

we demonstrate the use of this environment by evaluating Model-based Imita-

tion Learning which is a purely offline imitation learning algorithm that tackles

the covariate shift issue common in behavior cloning, a classic offline imitation

learning algorithm.
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CHAPTER 1

INTRODUCTION

In recent years, physically simulated characters have seen increased usage due

to a rise in popularity of animated movies, video games, and new technologies

such as virtual and augmented reality. This has led to an increased demand for

systems that can train characters to exhibit a wide-range of human-like behav-

iors in a variety of situations.

Traditional techniques for simulating such characters include kinematic and

physics-based methods. Kinematic methods are not concerned with the actual

physics that decides the motion of the character, but rather with describing the

motion itself. They typically rely on a large dataset of motion clips [14] to train

controllers that select which clips to use in a given situation. Data-driven meth-

ods such as Gaussian processes [15] can learn latent representations to synthe-

size motions, while more recently, machine learning models such as autoen-

coders can be used to create generative models. While kinematic methods can

produce characters that move realistically in many different situations, they of-

ten struggle to synthesize accurate real-life behavior for novel situations where

there isn’t much data.

Rather than relying on motion data to create controllers, physics-based

methods utilize motion equations or physics simulations to generate the mo-

tions [23]. Since these motions are derived from first principles, the physics-

based controllers create realistic motions for characters even in novel situations.

The downside is the need for human insight to design heuristics or objectives

for the controller that lead to natural behaviors. Common heuristics include

symmetric, stability, etc., but can vary greatly on the task and character itself.

1



Reinforcement learning (RL) has seen increased usage for developing con-

trollers in the past decade. In RL, agents interact with the environment while

relying on a reward signal to learn. Prior works have used deep neural net-

works to train controllers to produce complex behaviors. However, these con-

trollers often exhibit artifacts such as unusual body motions or unrealistic pos-

tures. DeepMimic [19] addresses these issues by directly rewarding the agent

for producing motions like those in the reference motion data. Specifically, the

reward at a given time is based on the difference in pose between the character

and the target pose in the reference motion. In order to choose the correct target

pose, a phase variable is used to synchronize the character with the reference

motion. While this strategy is very effective at imitating single motion clips, it

does not scale well for training controllers on datasets that contain various mo-

tions. In this case, the goal is to use the various motions to train a controller

that can exhibit motions that match the ”style” defined by the dataset without

needing to explicitly match any single motion. DeepMimic and similar methods

that use a phase variable for synchronization struggle with such datasets as it is

generally not possible to synchronize multiple reference motions with a phase

variable.

Adversarial Motion Priors (AMP) [20] is an extension of DeepMimic by the

same author that attempts to address this issue using imitation learning. In imi-

tation learning, the reward function is not known as in the RL setting, so it often

needs to be learned. AMP uses adversarial imitation learning to learn a reward

function that gives a reward based on how close the motions of the character

mimic the style of the motions in the dataset. Rather than trying to synchro-

nize the character to the reference motion like in DeepMimic, AMP trains the

controller to synthesize motions similar in style to the reference motions.
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AMP uses imitation learning while having the agent interact with the envi-

ronment. There is a broad class of imitation learning algorithms that fall into

the offline setting in which the agent does not have access to the environment

but instead learns from an expert dataset. Offline imitation learning algorithms

often suffer from the issue of covariate shift. At a high-level, this is an issue

that can cause the agent to perform poorly in the environment due to the dif-

ference in distribution in the training dataset and the data seen when the agent

interacts with the environment. Model-based Imitation Learning from Offline

Data (MILO) [5] is an offline imitation learning algorithm that tackles the issue

of covariate shift in both theory and practice. In this thesis, we will be primarily

testing how MILO performs in the AMP framework.

In this thesis, we first give background knowledge on reinforcement learn-

ing, imitation learning, and the relevant algorithms used in our research. This

background knowledge is necessary for understanding MILO in chapter 4 as

well as the algorithms used in the DeepMimic and AMP frameworks discussed

in chapter 5. Chapter 6 describes the main research done for the thesis. Specif-

ically, we augmented the AMP framework in order to make it compatible with

OpenAI Gym [4] environments. OpenAI Gym environments all follow a stan-

dard API, making it very easy to test various RL algorithms on various envi-

ronments and benchmarks. Once we created the gym environment for AMP,

we tested MILO on the AMP framework and illustrated the process involved

in data gathering and model training as well as the results. Finally, chapter 7

discusses future work.
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1.1 Machine Learning

At a high level, machine learning is a field of study that aims to develop and un-

derstand algorithms that enable computers to improve with experience. These

algorithms extract knowledge from training data using various methods to train

models that can make predictions without having a codified ruleset. Over the

past few decades, machine learning has exploded in popularity, especially with

the rise of deep learning. From recommendation systems to spam detection to

language translation, machine learning has been applied to countless domains.

Advancements in architectures such as Transformers [38] in Natural Language

Processing and convolutions neural networks [13] in Computer Vision have al-

lowed for rapid developments of consumer technologies such as voice-assistant

tools and image-recognition systems.

Machine learning is typically categorized into three categories: supervised

learning, unsupervised learning, and reinforcement learning. The main differ-

ence between the three is how models are trained and the type of feedback avail-

able. Supervised learning, the most common type of machine learning used in

practice, uses labeled training data to learn a mathematical model that maps

inputs to the desired outputs. Common algorithms include Naive Bayes, Lin-

ear Regression, SVMs, and Neural Networks. In contrast to supervised learn-

ing, unsupervised learning attempt to find patterns and structure in unlabeled

data. Neural networks such as Variational Autoencoders [12] are often used

for this task. However, probabilistic methods based on clustering or princi-

pal component analysis are also common. There exists a category of machine

learning algorithms that falls in between supervised and unsupervised learn-

ing: semi-supervised learning. As the name implies, semi-supervised learning
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concerns itself with learning from a small sample of labeled example combined

with a large amount of unlabeled data. This approach to machine learning has

become popular in areas such as Computer Vision, where the hope is to lever-

age the massive amounts of images publicly available for training. Many semi-

supervised algorithms use some sort of consistency regularization or pseudo-

labeling such as FixMatch [30] in Computer Vision.

Finally, the third large category of machine learning is reinforcement learn-

ing. Due to reinforcement learning being heavily used in our experiments, the

following section has been dedicated to giving the relevant background on the

topic.

1.2 Reinforcement Learning

Reinforcement learning (RL) is broadly concerned with training a model to learn

how to act in an environment by maximizing total reward (or minimizing total

cost). The feedback to the action’s agent is given in the form of a numerical

reward (or cost). By exploring the environment, the hope is that the learner can

find the optimal actions to take. However, characteristics of the environment,

such as having a delayed reward signal or having a partial observable state can

make this task very challenging.

RL varies greatly from the paradigms of supervised and unsupervised learn-

ing. While supervised learning focuses solely on training using a labeled

dataset, it is not fit for problems that require interaction with the environment.

It is often the case in RL that the agent must explore the environment and gather

its own data. Additionally, RL is not concerned with finding hidden structures
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in data like unsupervised learning. The following sections give a brief summary

of the background knowledge required to understand the algorithms used in

our research

1.2.1 Markov Decision Processes and Policy

MDP

Markov decision processes (MDPs) serve as a mathematical framework for the

learning problem. The learner is called the agent which interacts with the envi-

ronment as described in Figure 1.1 below.

Figure 1.1: Illustration of agent interacting in an MDP.

For the purposes of this thesis, the emphasis will be placed on the stationary,

finite-horizon MDP. In theoretical analysis, finite-horizon MDPs typically have

a time dependence, meaning the policies, rewards, and utility functions (e.g.,

value function, Q-function, and advantage function) vary with time. However,

the discussion here will focus on a stationary MDP. Additionally, this MDP will
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not use a discount factor, γ, which is typical of finite horizon MDPs. However,

we will see that certain algorithms will use a discount factor in computations

despite being the horizon setting. MDPs are typically specified in the following

manner:

M “ tS,A, P, r, µ,Tu

• S represents the state space which may be finite or infinite.

• A represents the action space which may be finite or infinite.

• P : S ˆA Ñ ∆pSq represents the dynamics of our MDP. If the agent takes

action a in state s, Pps1|s, aq represents the probability of transitioning to

state s1.

• r : S ˆ A Ñ R represents the reward function. rps, aq is the reward the

agent receives upon taking action a in state s. In some cases, the MDP

specifies a cost function c : SˆAÑ R instead of a reward function. In this

case, the goal of the agent is to learn how to interact in the environment in

order to minimize total cost.

• µ represents the initial state distribution µ P ∆pSq. Whenever our agent

resets after finishing a trajectory or episode, the initial state is sampled

from µ. In certain circumstances, the initial state is fixed at s0.

• T represents the horizon length. The horizon is maximum possible length

of a trajectory or sequence of states and actions ts0, a0, ¨ ¨ ¨ , sT´1, aT´1u until

termination. Additionally, we often store an additional last state as the

termination state sT .
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Policy

The policy is the agent which interacts with the environment and is typically

represented by π. In this thesis, we will consider stationary policies π : S Ñ

∆pAq in which the agent decides an action only based on the current state. How-

ever, in general, the policy can decide its action from the entire history of obser-

vations. πpsq will denote the action taken in state s while πpa|sq represents the

probability π decides on action a in state s.

Trajectories

MDP’s extend upon Markov chains by adding the notion of actions and re-

wards. The transition dynamics use the Markov property as the transition prob-

ability is only influenced by the current state and action. With the Markov prop-

erty, the probability of seeing the trajectory τ “ ts0, a0, ¨ ¨ ¨ , st, atu, following π,

can be written as:

Pπps0, a0, ¨ ¨ ¨ , st, atq “ µps0qπpa0|s0qPps1|s0, a0qπpa1|s1q ¨ ¨ ¨ Ppst|st´1, at´1qπpat|stq

The probability of π visiting state ps, aq at time-step t can be written by marginal-

izing over previous t steps and actions ts0, a0, ¨ ¨ ¨ , st´1, at´1u:

Pπt ps, a; µq “
ÿ

s0,a0,¨¨¨ ,st´1,at´1

Pπps0, a0, ¨ ¨ ¨ , st´1, at´1, st “ s, at “ aq

Finally, the average state-action distribution (in finite MDPs) can be written as:

dπps, aq “
1
T

T´1
ÿ

t“0

Pπt ps, a; µq
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Alternatively, we can define the average state-action distribution using time-

indexing:

dπ0 “ µ dπt ps, aq “
ÿ

s1,a1

dπt´1ps1, a1
qPps|s1, a1

qπpa|sq dπps, aq “
1
T

t´1
ÿ

t“0

dπt ps, aq

The state-distribution is simply the state-action distribution marginalized over

the current action:

dπpsq “
ÿ

a

dπps, aq

1.2.2 Value Function, Q-Function, and Advantage Function

These three functions give different measures of utility for the policy. The value

function in a stationary, finite-horizon MDP is defined as:

Vπ
psq “ Er

T´1
ÿ

t“0

rpst, atq|π, s0 “ ss (1.1)

Using dπ, Vπpsq can also be written as T E
ps,aq„dπ

rrps, aqs. The value-function is the

expected return, or cumulative reward, for policy π when starting in state s. A

similar function is the Q-function:

Qπ
ps, aq “ Er

T´1
ÿ

t“0

rpst, atq|π, s0 “ s, a0 “ as (1.2)

In the Q-function, the policy π starts in state s and takes action a which may be

different than πpsq. It is clear to see that Vπpsq “ Qπps, πpsqq The value function

and Q-function naturally lead to the advantage function:

Aπ
ps, aq “ Qπ

ps, aq ´ Vπ
psq (1.3)

Aπps, aq indicates how much better (or worse) taking action a in state s is com-

pared to πpsq.
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1.2.3 TD(λq for Estimating Value-Function

In small MDPs, the value-function can be represented as a lookup table. How-

ever, in most real-world scenarios, the state and action space are extremely large,

even infinite. Computing the value-function exactly not only takes too much

computational time but storing the function as a table becomes intractable due

to memory constraints. Thus, value-functions are instead estimated using a

neural network, Vθ, parameterized by θ.

TD(λq [34] is an algorithm that can be used to train Vθ by using gradient

descent. Assuming we roll out trajectories and sample random states to form

the batch tsiuN
i“1, the optimization problem is:

min
θ

1
2N

N
ÿ

i“1

pyi
´ Vθpsi

qq
2 (1.4)

where si represents the ith sample state in our batch and yi is the target for Vθpsiq.

One way to compute the target y for state s is to simply compute the Monte-

Carlo return. In order to compute the target for a state s, we introduce the

concept of n´step returns. Consider a trajectory (or episode in Monte Carlo)

τ “ ts0, a0, ¨ ¨ ¨ , sT´1, aT´1u. The n-step return starting from state st with discount

factor γ can be defined as:

Rn
t pτ, γq “

n´1
ÿ

ℓ“0

γℓrpst`ℓ, at`ℓq ` γnVθpst`nq

where the assumption is that any rewards past the horizon T ´ 1 are zero. That

is, rpst`ℓ, at`ℓq “ 0 for ℓ ě T ´ t which means Rn
t pτ, γq “ RT´t

t pτ, γq for n ě T ´ t. If

we were to compute R8
t pτ, γq, this would give the original Monte-Carlo return

ř8

ℓ“0 γ
ℓrpst`ℓ, at`ℓq which we could use for the target. While this is an unbiased

estimate, this has a high variance. TDpλq uses a biased but low variance es-

timator to generate the target Vθpsq by computing an exponentially-weighted
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average of the n´step returns using decay parameter λ:

Rtpτ, γ, λq “ p1 ´ λq

8
ÿ

n“1

λn´1Rn
t pτ, γq (1.5)

As mentioned earlier, since Rn
t pτ, γq “ RT´t

t pτ, γq for n ě T ´ t, we can write

Rtpτ, γ, λq “ p1 ´ λq

T´t´1
ÿ

n“1

λn´1Rn
t pτ, γq ` λT´t´1RT´t

t pτ, γq

The update rule at iteration k with step size α is:

θk`1 “ θk ´
1

2N
α

N
ÿ

i“1

∇θryi
´ Vθkpsi

qs
2

“ θk `
α

N

N
ÿ

i“1

ryi
´ Vθkpsi

qs∇θVθkpsi
q (1.6)

If we have a set of trajectories D “ tτiu where τi “ tsi
t, a

i
t, r

i
tu

T´1
t“0 and si

t represents

the tth state in trajectory i, then the update rule is:

θk`1 “ θk ´
1

2|D|T
α

|D|
ÿ

i“1

T´1
ÿ

t“0

∇θryi
t ´ Vθkpsi

tqs
2

“ θk `
α

|D|T

|D|
ÿ

i“1

T´1
ÿ

t“0

ryi
t ´ Vθkpsi

tqs∇θVθkpsi
tq (1.7)

1.2.4 GAE(γ, λq for Estimating Advantage

Estimates of the advantage function are often needed, especially in the policy

gradient algorithms detailed in chapter 2. Generalized Advantage Estimation

(GAE) r28s, is one such algorithm that makes use of ideas from TDpλq. Given a

trajectory τ, define the TD residual of Value function V with discount factor γ at

timestep t as:

δV
t pτq “ rpst, atq ` γVpst`1q ´ Vpstq

11



Then, define the sum of k δ terms as:

Âpkq

t pτ, γq “

k´1
ÿ

ℓ“0

γℓδV
t`ℓpτq “

k´1
ÿ

ℓ“0

γℓrpst`ℓ, at`ℓq ` γkVpst`kq ´ Vpstq

where any rewards past the horizon T ´ 1 are zero. GAE(γ, λq, is the

exponentially-weighted average of the k-step estimators

ÂGAEpγ,λq

t pτq “ p1 ´ λq

8
ÿ

n“1

λn´1Âpnq

t pτq

“

8
ÿ

ℓ“0

pγλq
ℓδV

t`ℓ (1.8)

GAE(γ, λq can also be written in terms of the TD(λq return as

ÂGAEpγ,λq

t pτq “ Rtpτ, γ, λq ´ Vpstq

12



CHAPTER 2

POLICY GRADIENT ALGORITHMS

In this chapter, we briefly introduce several policy gradient algorithms, specifi-

cally in the finite horizon settingM “ tS,A, P, r, µ,Tu. Define tπθ|θ P Θ Ă Rdu as

a class of parametric polices. In policy gradient algorithms, gradient methods

are used to maximize expected return. The algorithms presented in the follow-

ing sections are actor-critic methods in that the actor, the policy, and the critic,

the value-function, are both learned.

2.1 Importance Sampling

We first introduce importance sampling, an important mathematical tool for

deriving policy gradient algorithms. Importance sampling is a technique for

getting an unbiased estimate of an expected value under one distribution using

samples from another distribution. This is used in abundance in RL, such as

in off-policy policy gradient algorithms where we use samples from a separate

policy πb to estimate the gradient of π.

To form an unbiased estimate E
x„A

r f pxqs using samples from a separate distri-

bution, B, the expression is first rewritten as:

E
x„A

r f pxqs “ E
x„B

Apxq

Bpxq
f pxq

assuming that maxx
Apxq

Bpxq
ă 8. Then, an unbiased estimate is simply

1
N

řN
i“1

Apxq

Bpxq
f pxq where the samples are drawn from B.

13



2.2 REINFORCE and Advantage-based Policy Gradient

REINFORCE [33] is one of the classic policy gradient algorithms in reinforce-

ment learning. Define the discounted total reward of a trajectory in the finite-

horizon setting as:

Rpτq :“
T´1
ÿ

t“0

rpsh, ahq

Additionally, define ρθpτq as the distribution from which trajectories τ “

ts0, a0, ¨ ¨ ¨ , sT´1, aT´1u are sampled:

ρθpτq “ µps0qπθpa0|s0qPps1|s0, a0qπθpa1|s1q ¨ ¨ ¨ PpsT´1|sT´2, aT´2qπpaT´1|sT´1q

The objective is to maximize Jpθq “ E
τ„ρθ

rRpτqs. Using importance weighting, the

gradient for the objective function in REINFORCE is:

∇θJpθq “ E
τ„ρθ

«˜

T´1
ÿ

t“0

∇θ ln πθpat|stq

¸

Rpτq

ff

“ E
τ„ρθ

«

T´1
ÿ

t“0

∇θ ln πθpat|stq

˜

T´1
ÿ

ℓ“0

rpsℓ, aℓq

¸ff

“ E
τ„ρθ

«

T´1
ÿ

t“0

∇θ ln πθpat|stq

˜

T´1
ÿ

ℓ“t

rpsℓ, aℓq

¸ff

(2.1)

The last equality comes from the fact that E
τ„ρθ

r∇θ ln πθpat|stqrℓs “ 0 for any ℓ, t,

with ℓ ă t. It can also be shown that for any state-dependent baseline, bpsq,

∇θJpθq “ E
τ„ρθ

«

T´1
ÿ

t“0

∇θ ln πθpat|stq

˜

p

T´1
ÿ

ℓ“0

rpsℓ, aℓqq ´ bpsq

¸ff
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If bpsq “ Vπθpsq, this naturally leads to an advantage-based version of the gradi-

ent which has several forms:

∇θJpθq “ E
τ„ρθ

«

T´1
ÿ

t“0

∇θ ln πθpat|stqAπθpst, atq

ff

“

T´1
ÿ

t“0

E
s,a„P

πθ
t

r∇θ ln πθpa|sqAπθps, aqs

“ T E
s„dπθ

E
a„πθp¨|sq

r∇θ ln πθpa|sqAπθps, aqs (2.2)

Finally, the update rule for REINFORCE at iteration k is:

θk`1 “ θk ` α∇θ pJpθkq (2.3)

where α is the step size and ∇θ pJpθkq is an unbiased estimate of ∇θJpθkq

2.3 Natural Policy Gradient and Trusted Region Policy Opti-

mization

At a high level, Natural Policy Gradient (NPG) [10] and Trusted Region Policy

Optimization (TRPO) [27] are two policy gradient methods that choose their

descent direction based on the local geometry of the manifold induced by the

parameters of the policy. Additionally, they ensure the policy update is not too

large by constraining the policy to stay within some trust region defined using

the Kullback-Leibler (KL) divergence. Both algorithms are extremely similar

with TRPO giving a more generalized algorithm that can be tied back to NPG.

Both algorithms can be derived by starting with the trust region formulation

for policy updates [31]. At iteration k of the algorithm, the objective function
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with constraints is:

maximize
θ

E
s„dπθk

E
a„πθk p¨|sq

rAπθk ps, aqs

subject to KLpρπθk |ρπθq ď δ

(2.4)

where δ is a hyperparameter. Given two distributions P P ∆pXq and Q P ∆pXq,

the KL-divergence KL(P|Qq is:

KLpP|Qq “ E
x„P

„

ln
Ppxq

Qpxq

ȷ

In TRPO, the objective is written in a slightly different but equivalent form using

importance weighting:

E
s„dπθk

E
a„πθk p¨|sq

„

πθpa|sq

πθkpa|sq
Aπθk ps, aq

ȷ

In either case, the update rule says to update the policy to maximize local ad-

vantage while staying within the trust region defined by the KL-divergence. As

written, it is unclear how to optimize the above problem, so a first-order Taylor

expansion is performed on the objective at θk. The objective becomes:

max
θ
∇θJpθkq

J
pθ ´ θkq

where ∇θJpθkq is the advantage-based version of the gradient shown in the pre-

vious section. Since the KL-divergence is not symmetric, it does not serve as

a valid distance metric, so a second-order Taylor expansion of the constraint

at θk. After performing the second-order Taylor expansion, the new constraint

becomes:

pθ ´ θkq
JFθkpθ ´ θkq ď 2δ

where Fθk is defined as the Fisher information matrix:

Fθk “ T E
s,a„dπθk

p∇ ln πθkpa|sqqp∇ ln πθkpa|sqq
J (2.5)
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It is clear to see that the Fisher information matrix is a symmetric positive semi-

definite matrix . The derivation of the simplified constraint uses the following

facts about the gradient and Hessian of the KL-divergence:

∇KLpρπθk |ρπθq|θ“θk “ 0

∇2KLpρπθk |ρπθq|θ“θk “ T E
s,a„dπθk

p∇ ln πθkpa|sqqp∇ ln πθkpa|sqq
J

The final optimization problem at iteration k becomes:

maximize
θ

∇θJpθkq
Jpθ ´ θkq

subject to pθ ´ θkq
JFθkpθ ´ θkq ď 2δ

(2.6)

This maximization problem can be solved in close form by solving:

maximize
v

cJv

subject to }v}2
2 ď 2δ

where v “ F
1
2
θk

pθ ´ θkq, c “ F´ 1
2

θk
∇θJpθkq

Solving this simple constrained optimization problem exactly leads to the fol-

lowing update at iteration k:

θk`1 “ θk ` αF´1
θk
∇θJpθkq (2.7)

where α, the step size, is defined as:

α “

d

2δ
p∇θJpθkqqJF´1

θk
∇θJpθkq

The NPG algorithm stops here with this exact update rule. However, due to the

approximation done with the first and second order Taylor expansions, the orig-

inal KL constraint may be violated. Thus, TRPO goes one step further and uses

a line search to find the best step size to ensure that the objective is improved

while making sure the KL-constraint is satisfied.
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The procedure for running NGP and TRPO is shown in Algorithm 2.1 be-

low. Since explicitly computing the matrix inverse F´1
θk

is too computationally

expensive, the conjugate gradient algorithm is used to solve Fθk x “ ∇θJpθkq for

x “ F´1
θk
∇θJpθkq. Automatic differentiation systems, such as those in PyTorch

[18], can be used to compute the Hessian-vector product, Hx, needed in conju-

gate gradient.
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Algorithm 2.1 NPG and TRPO
1: Input: policy parameters θ0, value function parameters ψ0, KL-divergence parameter δ, TRPO only: backtracking

coefficient α and max depth of backtracking K
2: for k “ 0, 1, 2, ¨ ¨ ¨ do
3: Collect set of trajectories Dk “ tτiu where τi “ tsi

t , a
i
t , r

i
tu

T´1
t“0 by rolling out using πk “ πpθkq in the environment

and collect rewards.

4: Compute advantage estimates, Âps, aq, of Aπθk ps, aq using any advantage estimate algorithm based on Vψk .
5: Form the policy gradient estimate:

∇θ pJpθkq “
1

|Dk|

|Dk|´1
ÿ

i“0

«

T´1
ÿ

t“0

∇θ ln πθk pai
t|s

i
tqÂpsi

t , a
i
tq

ff

6: Form the Fisher information matrix estimate:

xFθk “
1

|Dk|

|D|´1
ÿ

i“0

«

T´1
ÿ

t“0

∇θ ln πθk pai
t|s

i
tq∇θ ln πθk pai

t|s
i
tq

J

ff

7: Use conjugate gradient algorithm to compute pF´1
θk
∇θ pJpθkq.

8: if NPG then
9: Update the policy with the NPG update rule:

θk`1 “ θk `

d

2δ

p∇θ pJpθkqqJ
pF´1
θk
∇θ pJpθkq

pF´1
θk
∇θ pJpθkq

10: else
11: Update the policy with the TRPO update rule:

θk`1 “ θk ` α j
d

2δ

p∇θ pJpθkqqJ
pF´1
θk
∇θ pJpθkq

pF´1
θk
∇θ pJpθkq

where j P t0, ¨ ¨ ¨ ,Ku is the smallest value found after line search that ensures the objective
is improved while ensuring the KL-divergence constraint is satisfied.

12: end if
13: Fit value-function using regression on MSE loss:

ψk`1 “ argmin
ψ

1
2|Dk|T

|Dk|´1
ÿ

i“0

T´1
ÿ

t“0

pyi ´ Vθpsi
tqq2

14: end for
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2.4 Proximal Policy Optimization

Proximal Policy Optimization (PPO) [29], like TRPO and NPG, is an algorithm

that also aims to improve the policy without making such a large change that

would cause policy degradation. While TRPO and NPG are second-order meth-

ods that rely on the Hessian Fisher information matrix, PPO is a first-order

method that only relies on computing the gradient. There are two variants of

the PPO algorithms: PPO-Penalty and PPO-Clip. The former penalizes the KL-

divergence in the objective instead of making it a hard constraint. The latter

algorithm doesn’t have a KL-divergence constraint or penalty in the objective.

Instead, it uses clipping to avoid policy degradation due to large policy updates.

We will focus on PPO-clip in this section.

Rather than using a KL-divergence constraint for the trust region, PPO spec-

ifies the trust region based on total variation distance:

argmax
θ

E
s„dπθk

E
a„πθk p¨|sq

»

—

–

πθpa|sq

πθkpa|sq
Aπθk ps, aq

fi

ffi

fl

subject to sup
s

}πθp¨|sq ´ πθkp¨|sq}tv ď δ

(2.8)

Note that the objective uses importance weighting. This allows us to sample dπθk

and πθk in order to estimate this expectation. Rather than using this constraint,

PPO-Clip approximates it by modifying the objective with specialized clipping:

argmax
θ

E
s„dπθk

E
a„πθk p¨|sq

min

¨

˚

˝

πθpa|sq

πθkpa|sq
Aπθk ps, aq, clip

¨

˚

˝

πθpa|sq

πθkpa|sq
, 1 ´ ϵ, 1 ` ϵ

˛

‹

‚
Aπθk ps, aq

˛

‹

‚

(2.9)

where ϵ is a hyperparameter that controls how far the new policy can be away
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from the policy. The clip function here is defined as:

clipp
πθ
πθk

, 1 ´ ϵ, 1 ` ϵq “

$

’

’

’

’

’

&

’

’

’

’

’

%

1 ´ ϵ if πθ
πθk

ď 1 ´ ϵ

1 ` ϵ if πθ
πθk

ě 1 ` ϵ

πθ
πθk

otherwise

When πθ
πθk

is outside the range r1 ´ ϵ, 1 ` ϵs, the gradient is zero, ensuring that

πθk doesn’t update to a policy far away. The outer min also ensures this as well.

When Aπθk is positive, πθpa|sq is increased so more weight is placed on to action

a at state s. However, the min and clipping ensures that at maximum, πθpa|sq “

p1 ` ϵqπθkpa|sq. That is, πθ cannot move too far from πθk . A similar argument can

be made for when Aπθk is negative, less weight should be placed on πθpa|sq but

the largest amount πθ can move is πθpa|sq “ p1 ´ ϵqπθkpa|sq

The algorithm for PPO is shown below in Algorithm 2.2. A key difference

between PPO and NGP/TRPO is that PPO uses multiple steps of mini-batch

stochastic gradient ascent in order to optimize the objective function, whereas

NPG/TRPO just use the single-step gradient update.

Algorithm 2.2 PPO
1: Input: policy parameters θ0, value function parameters ψ0

2: for k “ 0, 1, 2, ¨ ¨ ¨ do
3: Collect set of trajectories Dk “ tτiu where τi “ tsi

t , a
i
t , r

i
tu

T´1
t“0 by rolling out using πk “ πpθkq in the environment

and collect rewards.

4: Compute advantage estimates, Âps, aq, of Aπθk (s,a) using any advantage estimate algorithm based on Vψk .
5: Use mini-batch SGA to maximize the objective:

θk`1 “ argmax
θ

E
s„d

πθk
E

a„πθk p¨|sq
min

˜

πθpa|sq

πθk pa|sq
Aπθk ps, aq, clip

˜

πθpa|sq

πθk pa|sq
, 1 ´ ϵ, 1 ` ϵ

¸

Aπθk ps, aq

¸

6: Fit value-function using regression on MSE loss:

ψk`1 “ argmin
ψ

1
2|Dk|T

|Dk|´1
ÿ

i“0

T´1
ÿ

t“0

pyi ´ Vθpsi
tqq2

7: end for
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CHAPTER 3

BACKGROUND ON IMITATION LEARNING

As in the previous section, we operate in the finite horizon MDP settingM “

tS,A, P, r, µ,Tu. Imitation learning is a unique problem where the ground-truth

reward or cost is unknown, but we are given expert demonstrations. The goal

is to use expert demonstrations to learn a policy that performs as well as the

expert, π‹. Broadly, there are three settings for imitation learning which vary in

level of access to the expert.

• Offline: D‹ “
␣

psi, aiqN
i“1 „ dπ

˚
(

. In this setting, we are only provided state-

action pairs sampled from the expert and no interaction with the MDP is

allowed.

• Hybrid: D‹ “
␣

psi, aiqN
i“1 „ dπ

˚
(

, known transitions. Beyond having the

expert dataset, we also have access to the ground truth transition dynam-

ics of the MDP.

• Interactive: D‹ “
␣

psi, aiqN
i“1 „ dπ

˚
(

and known transitions, and π‹ can

now be queried. We are provided the same known transitions but now

can query the expert policy at any state s during training to retrieve π‹psq.

We focus on the first two settings for this thesis. The following sections briefly

describe the algorithms of interest. Note that in the original papers, the log-

arithm base used is not specified in most cases so unless otherwise specified,

log “ ln in this thesis.
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3.1 Behavior Cloning

Behavior cloning [21] is one of simplest offline imitation Learning algorithms.

Assume we have a restricted policy classΠ “ tπ : S Ñ ∆pAqu and that the expert

π‹ P Π. Behavior cloning learns a policy via a reduction to supervised learning:

π̂ “ argmin
πPΠ

N
ÿ

i“1

ℓpπ, si, ai
q (3.1)

where ℓ is a loss function. For example, if we use negative log-likelihood as the

loss ℓpπ, s, aq “ ´ ln πpa|sq, then our learning problem is reduced to the method

of Maximum Likelihood Estimation (MLE) which can be solved using an opti-

mization algorithm such as SGD or Adam [11].

Behavior cloning is a classical algorithm that has seen use dating all the way

back to 1989 when it was used to develop ALVINN, shown in Figure 3.1.

Figure 3.1: Image of ALVINN.

ALVINN is a vehicle that could be considered one of the forefathers of to-

day’s self-driving cars. Unfortunately, behavior cloning only ensures that the

learned policy π̂ does well under dπ
‹ so it suffers greatly from the issue of co-

variate shift. Even if supervised learning succeeds, we have with probability
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1 ´ δ [37, 3] that:

E
s„dπ‹

rπ̂psq ‰ π‹
psqs ď

2 lnp|Π|{δq

N
(3.2)

This tells us there will always be a small amount of error made by our learned

policy. This leads to the following sample complexity bound:

V‹
´ V π̂

ď 3T 2 2 lnp|Π|{δq

N
(3.3)

Intuitively, this compounding error occurs because the states π̂ makes predic-

tions on in the environment come from dπ̂, its own state-distribution, not dπ
‹

3.2 Generative Adversarial Imitation Learning

Another imitation learning algorithm that is relevant for our work is Generative

Adversarial Imitation Learning (GAIL)[8] which operates in the hybrid setting.

As the name implies, GAIL applies the concept of Generative Adversarial Net-

works (GAN) [6] to the imitation learning setting. To understand GAILs, a brief

discussion about Maximum Entropy Inverse Reinforcement Learning (MaxEnt-

IRL) [39] and GANs is required as GAIL builds upon these two concepts.

3.2.1 Maximum Entropy Inverse Reinforcement Learning

In MaxEnt-IRL, we are again in the hybrid setting and learn using costs rather

than rewards. We assume that the true costs are linear in some feature mapping

ϕ : S ˆA Ñ Rn. Specifically, cps, aq “ xθ˚, ϕps, aqy. Using the principle of max-

imum entropy, MaxEnt-IRL aims to choose a policy with the highest entropy
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subject to a feature mapping constraint. Define Hpπq “ Eπr´ logpπpa|sqs as the

causal entropy of the policy π. The MaxEnt-IRL optimization problem is:

maximize
π

Hpπq

subject to E
s,a„dπ

ϕps, aq “ E
s,a„dπ‹

ϕps, aq

(3.4)

Using Lagrange multipliers, we can convert this into an optimization over the

cost function parameters. We define the Lagrangian as:

Lpπ, θq “ ´Hpπq ´

B

θ, E
s,a„dπ‹

ϕps, aq ´ E
s,a„dπ

ϕps, aq

F

Noting that strong duality holds, we have the following equivalent optimization

problem:

max
θ

min
π

´Hpπq ` E
s,a„dπ

xθ, ϕps, aqy ´ E
s,a„dπ˚

xθ, ϕps, aqy (3.5)

The policy corresponding to the inner minimization can be computed by doing

entropy regularized planning (e.g., soft value iteration/dynamic programming

for the finite-horizon case). Taking the gradient with respect to θ gives us a

gradient-based method to retrieve the cost function parameters. The update

rule at iteration k is:

θk`1 “ θk ` ηr E
s,a„dπθk

ϕps, aq ´ E
s,a„dπ˚

ϕps, aqs (3.6)

Es,a„dπθk
ϕps, aq can be estimated by sampling trajectories from the current policy

while the latter can be estimated using D‹ as 1
|D˚|

ř

s,aPD˚

ϕps, aq.

3.2.2 Generative Adversarial Networks

The other concept that GAIL builds upon are GANs. GANs are a way to train a

generative model by having two models, the generator and discriminator, com-

pete against each other in an adversarial minimax two-player game. The gen-

erative model, G, is trained to capture the data distribution and the aim is to
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generate examples that are indistinguishable from training samples by the dis-

criminator, D.

Mathematically, let pdata and pg represent the data and generator distribu-

tion, respectively. Before learning pg, a prior on the input noise pzpzq is defined.

Gpz; θgq, a multi-layer perception with parameters θg, is then defined as a map-

ping from the input noise to the data space. Similarly, Dpx, θdq maps data to a

single scalar label that indicates whether the input data x is from the training

data or generated from G. The objective is as follows:

min
G

max
D

E
x„pdata

pxqrlogDpxqs ` E
z„pzpzq

rlogp1 ´DpGpzqqqs (3.7)

3.2.3 GAIL

Generative Adversarial Imitation Learning (GAIL) is an imitation learning algo-

rithm that attempts to learn the policy directly rather than first learning a cost

(or reward) before learning as in the case of inverse RL. To link GAIL to GAN,

the policy can be considered as the generator and the discriminator attempts to

distinguish between state-action pairs generated by the policy and those in the

expert’s visitation.

Let C P RSˆA be the set of all cost functions. To derive the GAIL objective,

the IRL procedure is first defined as:

IRL
ψ

pπ˚
q “ argmax

cPC

´ ψpcq ` min
π

´Hpπq ` E
s,a„dπ

cps, aq ´ E
s,a„dπ˚

cps, aq

The ψ term is a closed and convex cost function regularizer CÑ RY t8u. Given

the large size of C, the IRL procedure can overfit to the provided data, so a fix is

to regularize the cost function similar to the entropy term in MaxEnt-IRL. Given
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the cost function, c, the RL procedure will do entropy regularized planning:

RLpcq “ argmin
π

´ Hpπq ` E
s,a„dπ

cps, aq

The resulting policy from the composition RL ˝ IRL actually corresponds to find-

ing a policy whose visitation is close to the expert’s visitation.

RL ˝ IRL
ψ

pπ˚
q “ argmin

π

´ Hpπq ` ψ˚
pdπ ´ dπ

˚

q,

ψ˚ is the convex conjugate of the regularizer ψ defined as ψ˚pcq “ supc1PRSˆA cT c1´

ψpc1q. The GAIL algorithm is derived by specifying the following choice of ψ:

gpxq “

$

’

’

&

’

’

%

´x ´ logp1 ´ exq x ă 0

8 else
ψGApcq “

$

’

’

&

’

’

%

E
s,a„dπ˚

gpcps, aqq c ă 0

8 else

Plugging this into RL ˝ IRLψpπ˚q gives us the following optimization problem

for finding π:

RLpIRL
ψGA

pπ˚
qq “ argmin

π

´ Hpπq ` max
DPp0,1qSˆA

E
s,a„dπ

logDps, aq ` E
s,a„dπ˚

logp1 ´Dps, aqq

(3.8)

The objective function essentially combines the objective functions for GANs

and MaxEnt-IRL. In fact, this optimization problem is essentially the same as

in MaxEnt-IRL except that the linear cost functions have been extended to deep

neural networks. Taking inspiration from GANs, these neural networks can

be considered discriminators that distinguish between samples from the expert

dataset and samples generated by our policy.

JS-divergence minimization

An alternative way to look at this optimization problem is to look at it as mini-

mizing the JS-divergence between the policy and expert’s state-action distribu-
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tion. To derive this alternative approach, we first make note that for a fixed π,

the optimal discriminator is:

dπps, aq

dπps, aq ` dπ‹
ps, aq

“ argmax
DPp0,1qSˆA

E
s,a„dπ

logDps, aq ` E
s,a„dπ˚

logp1 ´Dps, aqq

The above is computed by noting that maximizing the total expression in this

case can be achieved by maximizing each point-wise term inside the sum. Next,

we define the JS-divergence and KL-divergence given two probability distribu-

tions P and Q defined on the probability space X:

KLpP,Qq “ E
x„X

logp
Ppxq

Qpxq
q

JS DpP,Qq “
1
2

KLpP,
P ` Q

2
q `

1
2

KLpQ,
P ` Q

2
q

“
1
2

KLpP, P ` Qq `
1
2

KLpQ, P ` Qq ` logp2q

We can now rewrite the inner maximization problem of the GAIL objective as:

max
DPp0,1qSˆA

E
s,a„dπ

logDps, aq ` E
s,a„dπ˚

logp1 ´Dps, aqq

“ E
s,a„dπ

log
dπps, aq

dπps, aq ` dπ‹
ps, aq

` E
s,a„dπ˚

log
ˆ

1 ´
dπps, aq

dπps, aq ` dπ‹
ps, aq

˙

“ E
s,a„dπ

log
dπps, aq

dπps, aq ` dπ‹
ps, aq

` E
s,a„dπ˚

log
dπ

‹

ps, aq

dπps, aq ` dπ‹
ps, aq

“ KL
`

dπ, dπ ` dπ
‹˘

` KL
`

dπ
‹

, dπ ` dπ
‹˘

“ 2JS D
`

dπ, dπ
‹˘

´ logp4q

The GAIL optimization problem can now be written as:

RLpIRL
ψGA

pπ˚
qq “ argmin

π

´ Hpπq ` max
DPp0,1qSˆA

E
s,a„dπ

logDps, aq ` E
s,a„dπ˚

logp1 ´Dps, aqq

“ argmin
π

´ Hpπq ` 2JS D
`

dπ, dπ
‹˘

´ logp4q

“ argmin
π

´ Hpπq ` 2JS D
`

dπ, dπ
‹˘

(3.9)

This shows that the GAIL objective corresponds to finding a policy with the

highest entropy that also minimizes the JS-divergence and expert’s state-action
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distribution. Besides the fact that the linear cost functions (which can be consid-

ered discriminators) have been extended to deep neural networks, this objective

is identical to the MaxEnt-IRL, which finds a policy with the highest entropy

subject to a feature mapping constraint. The algorithm for GAIL is shown be-

low in Algorithm 3.1.

Algorithm 3.1 GAIL
1: Input: D˚ “ tτEu where τi

E “ tsi
t , a

i
t , r

i
tu

T´1
t“0 „ dπ

˚
, policy parameters θ0, discriminator parameters w0, entropy

regularization parameter λ
2: for k “ 0, 1, 2, ¨ ¨ ¨ do
3: Sample trajectories Dk “ tτiu where τi “ tsi

t , a
i
t , r

i
tu

T´1
t“0 „ dπθk .

4: Update discriminator parameters from wk to wk`1 with gradient Eτi r∇w logpDwk ps, aqqs `

Eτi
E

r∇w logp1 ´Dwk ps, aqqs. The following gradient estimate is used:

1
T |Dk|

|Dk|
ÿ

i“1

T´1
ÿ

t“0

∇w logpDwk psi
t , a

i
tqq `

1
T |D‹|

|D‹|
ÿ

i“1

T´1
ÿ

t“0

∇w logp1 ´Dwk ps, aqq

5: Update policy parameters θk to θk`1 using TRPO rule with cost function logpDwk`1 ps, aqq.
Take a KL-constrained natural gradient step

E
τi

r∇θ log πθk pa|sqQps, aqs ´ λ∇θHpπθk q

where Qps, aq “ E
τi

rlogpDwk`1 ps, aqq|s0 “ s, a0 “ as As usual, an estimate is used with the

gradient step being:

1
T |Dk|

|Dk|
ÿ

i“1

T´1
ÿ

t“0

∇θ log πθk pat|stqQpst , atq ´ λ∇θHpπθk q

6: end for
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CHAPTER 4

BACKGROUND ON MODEL-BASED IMITATION LEARNING

Model-based Imitation Learning from Offline Data (MILO) is an algorithm de-

veloped by Jonathan Chang and other collaborators from Professor Sun’s lab.

This algorithm is the primary algorithm we tested in our research. In the fol-

lowing sections, we describe the motivation behind MILO, the algorithm itself,

as well as some results from the original paper. The original authors also pre-

sented many theoretical results about MILO that will not be presented here as

the thesis focuses on the practical application of MILO.

4.1 Motivation

As mentioned in the discussion about behavior cloning, covariate shift is a large

issue in imitation learning. Prior methods mentioned in the paper to tackle

covariate shift include:

• Interactive algorithms such as DAgger [26] or AggreVaTe [25, 32] can learn

a policy that mimics the expert, but only when the expert is recoverable.

That is, maxs,a Aπ‹

ps, aq ď c P Rwhere c is some small constant.

• Online algorithms that require real-world interactions or a known dy-

namic model.

• Algorithms that assume the expert visits the entire state space.

MILO is an imitation learning algorithm that attempts to address the down-

sides of the above three methods. At a high level, MILO is a purely offline
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imitation learning algorithm that doesn’t require access to real-world dynam-

ics. Additionally, access to the expert is not needed and the expert data does not

need to cover the entire state space.

4.2 MILO Algorithm

The setting for MILO is the same setting that’s been used previously. That is,

we operate in a finite-horizon MDP,M “ tS,A, P, c, µ,Tu. The cost function, c,

is unknown as usual in an IL setting.

4.2.1 Datasets

As MILO is purely offline, careful consideration into the datasets is required.

MILO uses two different datasets, De and Do. De “ tsi, aiu
ne
i“1 is a dataset of ne

i.i.d samples collected from the expert, πe, which does not need to cover the en-

tire state space. Do “ tsi, ai, s
1

iu
no
i“1 is a dataset of no i.i.d samples collected from

behavior policies which may be much worse than the expert, πe. Specifically,

ps, aq tuples are sampled from ρps, aq P ∆pS ˆ Aq which is an offline distribu-

tion derived from behavior policies. The next state, s1, is simply sampled from

Pps, aq, the real world dynamics. The key thing to note about Do is that only

coverage of the expert’s state-actions is required so maxs,a
dπ

e
ps,aq

ρps,aq
ă 8

The goal of MILO is to use these two datasets to learn a policy that performs

as well as πe. The hope is that this additional dataset, Do, will help combat

covariate shift. There are several key steps to MILO which are described in the

following subsections.
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4.2.2 Dynamics Model

The first step is to train a dynamics model, P̂ : S ˆA Ñ S, from Do in order to

learn the real-world dynamics P. In practice, an ensemble of neural networks is

trained and is also used to construct the penalty function. The neural networks

are simple MLPs that are trained using algorithms such as SGD or Adam.

4.2.3 Pessimistic Penalty Design

The penalty function, b : S ˆ A Ñ R` is a function that gives high penalty to

states and actions that are not covered by the offline data Do and low penalty

to those that the offline data does cover. The hope is that using this function

in conjunction with traditional imitation learning will teach the policy to stay

away from parts of the state-action space in which the dynamics model, P̂, is

highly inaccurate compared to the real-world. The dynamics model will be ac-

curate for the state-action distribution of the offline dataset, which also should

cover the expert’s state-action distribution. In practice, bps, aq is equal to the max

disagreement between all the models in the ensemble at that state and action.

That is, bps, aq “ maxi, j }P̂ips, aq ´ P̂ jps, aq}2.

4.2.4 Pessimistic Model-Based Min-Max Imitation Learning

The policy, π, is modeled as a neural network whose output is modeled as a

Gaussian. This is typical for continuous control tasks. With the above steps
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completed, the final step is to train the policy by solving:

π̂ “ argmin
πPΠ

max
f PF

«

E
ps,aq„dπ

P̂

r f ps, aq ` bps, aqs ´ E
ps,aq„De

r f ps, aqs

ff

(4.1)

where dπ
P̂

is π1s state-action distribution in the dynamics model P̂ and F is the

cost-function class. The functions in F can also be thought of as a discrimina-

tor as the goal of f is to disambiguate state-action pairs sampled from dπ
P̂

and

those from De. The maximization inside the objective corresponds to using the

Integral Probability Metric (IPM) as a distance metric. To be exact, given two

probability measures, X and Y, which are both defined on a measurable space,

S, and F , a class of real-valued bounded measurable functions on S, the IPM is

defined as:

dF pX,Yq “ sup
f PF

|

ż

S

f dX´

ż

S

f dY|

In our specific case, given two state-action distributions d1 and d2, the IPM is:

dF pd1, d2q “ max
f PF

„

E
ps,aq„d1

r f ps, aqs ´ E
ps,aq„d2

r f ps, aqs

ȷ

There are various distance metrics that are derived from the above equation by

specifying F . Examples include the Dudley Metric, Wasserstein distance, and

Maximum Mean Discrepancy [7].

Adding regularization to the IL objective

In order to ensure incremental policy updates (like in NPG or TRPO), a KL-

based trust-region formulation for incremental policy update inside the dynam-

ics is used by adding a constraint to the objective:

argmin
πPΠ

max f PF

«

E
ps,aq„dπ

P̂

r f ps, aq ` bps, aqs ´ E
ps,aq„De

r f ps, aqs

ff

subject to E
ps,aq„De

rℓpa, s, πqs ď δ

(4.2)
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ℓ : AˆSˆΠÑ R in the constraint is a loss function (like NLL used in behavior

cloning). In practice, the hard constraint is replaced by a Lagrange multiplier.

argmin
πPΠ

max
f PF

«

E
ps,aq„dπ

P̂

r f ps, aq ` bps, aqs ´ E
ps,aq„De

r f ps, aqs

ff

` λ E
ps,aq„De

rℓpa, s, πqs (4.3)

This behavior cloning term essentially serves as regularization.

4.2.5 Cost Function

For the distance metric, the Maximum Mean Discrepancy (MMD) is used. In

this case, F “ t f : } f }H ď 1u where H is a reproducing kernel Hilbert space

(RKHS). In MILO, the kernel of interest is the Radial Basis Function kernel. As is

often the case when using kernels with large datasets, Random Fourier Features

(RFF)[22] are used instead to approximate the kernel. RFF is a widely used

technique for scaling up kernel methods through approximation, as using exact

kernels does not scale well. Let kpps, aq, ps1, a1qq represent the RBF kernel and

ϕps, aq represent RFF:

kpps, aq, ps1a1
qq « ϕJ

ps, aqϕps1, a1
q

The cost function class, F , becomes the set of linear classifiers defined by

f ps, aq “ wJϕps, aq where w is the vector of parameters. The closed form so-

lution of the inner maximization problem can be computed exactly due to using

the MMD cost. Plugging in f ps, aq “ wJϕps, aq into the objective and placing

constraint on the size of w gives:

max
w:}w}2

2ďη

«

E
ps,aq„dπ

P̂

rwJϕps, aq ` bps, aqs ´ E
ps,aq„De

rwJϕps, aqs

ff

´
1
2

p}w}
2
2 ´ ηq (4.4)

The closed form solution at iteration k is:

wk “ E
ps,aq„dπ

P̂

rϕps, aqs ´ E
ps,aq„De

rϕps, aqs
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The closed form solution matches intuition as MMD measures the distance be-

tween mean embeddings inH . E
ps,aq„dπ

P̂

rϕps, aqs is estimated by collecting samples

from dπ
P̂

by rolling out the current policy, πθk in the environment P̂. The cost is

updated to be:

ckps, aq “ p1 ´ λpenaltyq fkps, aq ` λpenaltybps, aq (4.5)

“ p1 ´ λpenaltyqwJ
k ϕps, aq ` λpenaltybps, aq (4.6)

where λpenalty is used to balance the penalty with the cost term. With this cost

function, traditional policy gradient methods can be used to find πk.

4.2.6 Updating the Policy

As the policy is represented using neural networks, it is natural to use policy

gradient algorithms such as those in chapter 3. The algorithm used in MILO is

NPG or TRPO.

At iteration k with polity πθk , the first step is compute the dis-advantage func-

tion, Aπθt
P̂,ct

, using the trajectories collected from rolling out πθt in P̂. Aπθt
P̂,ct

is called

the dis-advantage function since MILO deals with cost, not reward so a posi-

tive value means worse performance when taking the action a. Then, the Fisher

information matrix is computed:

Fθt “ E
ps,aq„d

πθt
P̂

r∇ ln πθtpa|sq∇ ln πθtpa|sq
J

s

The policy is updated using an NPG or TRPO update. Note that the optimiza-

tion problem is minimization since we’re dealing with cost. The update rule at

iteration k is:

θk`1 “ θk ´ ηF´1
θk

˜

E
ps,aq„d

P̂
πθk

”

∇ ln πθkpa|sqA
πθk
P̂,ct

ps, aq

ı

` λ E
ps,aq„De

r∇ℓpa, s, πθkqs

¸

(4.7)
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A high-level overview of the algorithm is shown in Algorithm 4.1.

Algorithm 4.1 MILO
1: Input: policy parameters θ0, value function parameters ψ0, NPG parameters, expert dataset De “ tsi, aiu

ne
i , offline

dataset Do :“ tsi, ai, s1
iu

no
i

2: Train an ensemble of neural networks tP̂1, ¨ ¨ ¨ , P̂nu where each model starts with random initialization using Do.
3: Set the bonus function bps, aq “ maxi, j }P̂ips, aq ´ P̂ jps, aq}2.
4: for k “ 0, 1, 2, ¨ ¨ ¨ do
5: Set the current dynamics model to be P̂ “ P̂pk mod nq.
6: Collect set of trajectories Dk “ tτiu where τi “ tsi

h, a
i
hu

H´1
h“0 by rolling out using πk “ πpθkq in P̂.

7: Solve for the optimal discriminator parameters, wk by solving:

wk “ argmax
}w}2ď1

wJ

¨

˝ E
ps,aq„d

πθk
P̂

rϕps, aqs ´ E
ps,aq„De

rϕps, aqs

˛

‚

8: Form the optimal discriminator fkps, aq “ wJϕps, aq and cost function ckps, aq “ fkps, aq ` bps, aq.
9: Compute the costs for the trajectories in Dk using ck and compute dis-advantage esti-

mates, A
πθk
P̂,ck

, using any advantage estimate algorithm such as GAE based on Vψk

.

10: Compute the step size, η, for an NPG or TRPO step and update θt as:

θk`1 “ θk ´ ηF´1
θk

˜

E
ps,aq„d

P̂
πθk

”

∇ ln πθk pa|sqA
πθk
P̂,ck

ps, aq

ı

` λ E
ps,aq„De

r∇ℓpa, s, πθk qs

¸

11: Fit value-function using regression on MSE loss

ψk`1 “ argmin
ψ

1
2|Dk|T

|Dk|´1
ÿ

i“0

T´1
ÿ

t“0

pyi ´ Vψk psi
tqq2

12: end for

4.3 Experiments

This section briefly describes the experimental results shown in the original pa-

per, which will be useful as a point of comparison when analyzing our results

in later chapters. The experiments in the MILO paper were done using sev-

eral OpenAI Gym environments using MuJoCo [35]. For the RL algorithm im-

plementations, MILO makes use of the open-source MJRL [24] package, which

contains implementations of various RL algorithms for continuous control tasks
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in MuJoCo.

The expert dataset for these tasks consisted of random (s-a)-pairs sampled

from 100 expert trajectories collected from expert policies trained using tradi-

tional RL methods. The random sampling was done to ensure BC had a tough

time learning. The offline dataset consisted of samples from behavior policies

whose performance were worse than the expert’s. Figure 4.1 shows how MILO

performed against other algorithms.

Figure 4.1: This figure is taken directly from the MILO paper experiments sec-
tion (figure 2). It shows learning curves across five seeds for MILO against BC
after 1000 epochs of training and ValueDICE after 10 thousand iterations. The
normalized graph shows the normalized scores for the expert.

Other results showed that adding the penalty cost function did indeed help

learning. Additionally, adding more expert samples into the expert dataset also

improved learning. Finally, it was shown that performance decreases the less

coverage there is of the expert’s state-action space in the offline dataset.
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CHAPTER 5

BACKGROUND ON DEEPMIMIC AND AMP

DeepMimic and its extension, AMP, are part of a framework developed for uti-

lizing reinforcement learning in order to train control policies for simulated

characters. The framework consists of custom characters and uses reference mo-

tion clips for training. The goal of the framework is to imitate reference motions

while also accomplishing goals such as striking or throwing. The following sec-

tions discuss the background for the framework as well as the extensions AMP

makes upon the framework.

5.1 DeepMimic

DeepMimic is a framework, written in C++ and Python, for teaching simulated

characters how to imitate reference motions while satisfying certain goal objec-

tives. At a high-level, the system receives as input a character model, a set of

reference motions, and a goal-defined reward function and outputs a controller

for the character. Since our work focuses mainly on imitation objective, the goals

will only be briefly discussed.

5.1.1 The Characters

The characters that were tested in the original paper were a 3D humanoid, an

Atlas robot model, a T-Rex, an a dragon as shown in Figure 5.1.
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Figure 5.1: Figures of the four characters in the DeepMimic and AMP frame-
work.

These models are rigid bodies with 3 degree-of-freedom (DOF) spherical

joints connecting most links except the knees and elbows where 1 DOF revolute

joints are used. PD controllers are placed at the joints to control each character.

All these characters vastly different in either body shape, mass, PD gains and

torque limits. Additionally, the characters have much larger space and action

spaces compared to characters in frameworks such as MuJoCo. The authors

were able to show that their method could be applied to a wide range of char-

acters.

The reference motions, tq̂tu, are motion-capture clips for the humanoid and

Atlas robot, while custom artist-created keyframes are used for the T-Rex and

dragon. Regardless of the character, the reference motion files follow a JSON

format in which a ”Loop” field specifies whether the motion is cyclic while the

”Frames” field is a list of vectors for the keyframes. Each vector contains in-

formation about the duration of the frame, the world position and world rota-

tion of the root (in meters), 3D local rotations for the spherical joints as quater-

nions, and revolute joints as scalar rotations in radians. The frequency of these

keyframes is 60Hz.
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5.1.2 Simulating the World

In order to simulate the world, DeepMimic uses the Bullet Physics [1] library.

This is a real-time collision detection and multi-physics simulator. The physics

simulation is performed at 1.2kHz.

5.1.3 Framing the RL problem

Creating a controller that allows a character to imitate motion while satisfying

goal objectives is framed as a reinforcement learning problem. Many of the

previously mentioned algorithms will be used here. As typical, the MDP is

defined asM “ tS,A, P, r, µ,Tu

States, Actions, and Goals

The states represent the configuration of the character’s body. Specifically, the

state contains the world position of the root joint, the relative position of each

link (including the root link) with respect to the root, their rotations, and their

linear and angular velocities. The features are computed in the character’s local

frame. While the rotations are stored as quaternions in the code, the rotations

are represented in the state by the norm and tangent vectors. Specifically, the

norm and tangent vectors are the vectors p0, 1, 0q and p1, 0, 0q, respectively, ro-

tated by the quaternion. Finally, the state contains a 1D phase variable ϕ P [0,1]

that represents how far along the reference motion the character should be.

The character can be trained to fulfill specific goals along with the imitation

of the reference motion. These goals include heading towards a target direction,
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striking a target, throwing an object, and terrain traversal on uneven terrain.

Depending on the goal, extra information is concatenated onto the state in the

form of a goal vector. This goal vector can contain information such as the target

direction, the location of the target, etc. If imitation is the only objective with no

specific goal to achieve, then the goal vector is empty. In the case of attempting

to imitate multiple motions with no goal, the goal is simply a one-hot vector

representing which motion to imitate.

Each action specifies a target orientation for the PD controllers located at

each joint. The spherical joint target orientations are represented by transform-

ing the quaternion angle to 4D axis-angle form, while the revolute joint targets

are represented by scalar rotation angles.

As is typical for many continuous control problems, the policy is represented

as a neural network whose output is modeled as a Gaussian. However, the input

is now dependent on both the state and the goal vector.

Reward Function

The rewards in DeepMimic are state-dependent but not action-dependent. The

reward function at time t, rt, has the following form:

rt “ ωIrI
t ` ωGrG

t (5.1)

where rI
t is the imitation objective reward and rG

t is the goal objective. ωI and

ωG are their weights. The imitation reward can be broken down into further

sub-rewards that give rewards for matching joint orientations and velocities of

41



the reference motions:

rI
t “ wPrP

t ` wvrv
t ` were

t ` wcrc
t

rp
t “ exp

«

´2

˜

ÿ

j

}q̂ j
t a q j

t }
2

¸ff

rv
t “ exp

«

´0.1

˜

ÿ

j

} 9̂q j
t ´ 9q j

t }
2

¸ff

re
t “ exp

«

´40

˜

ÿ

e

}p̂e
t ´ pe

t }
2

¸ff

rc
t “ expr´10p} p̂c

t ´ pc
t }

2
qs

where a represents quaternion difference and }q} is the scalar rotation of quater-

nion q about its axis in radians. The pose reward rp
t is based on the pose sim-

ilarity between the simulated character and reference motion. Specifically, it

computes the quaternion difference between the orientations of the joints of the

simulated character and reference motion. The velocity reward rv
t is based on the

difference in joint angular velocities of the simulated and reference motion. The

end-effector reward re
t is based on how close the feed and hands of the character

are to the reference motion. Each position is represented in 3D world position.

Finally, the center-of-mass reward rc
t is based on how close the character’s center

of mass is to the reference.

The other component of the reward rt is the goal objective reward rG
t . These

rewards are hand-designed for the goal (e.g., target heading, throwing, etc.). As

the work done in this thesis focuses on the imitation side, there is no goal so

rG
t “ 0
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5.1.4 The Learning Algorithm

Since the policy is parameterized by parameters θ, DeepMimic makes use of

policy gradient algorithms. DeepMimic makes use of a goal-conditioned rein-

forcement learning objective. Given a goal g „ ppgq and a trajectory τ „ ρpτ|π, gq,

the objective is to maximize:

max
θ
E

ppgq
E

ρpτ|πθ,gq

«

T´1
ÿ

t“0

γtrt

ff

(5.2)

PPO is used to train policies. The value function, Vψps, gq, is also parameterized

as a neural network and TDpλq is used to update the value function. GAEpγ, λ) is

used along with Vψps, gq to get advantage estimates. Note that if there is no goal

(i.e., only imitation), then the objective above is the same as in typical policy

gradient algorithms.

Reference State Initialization and Early Termination

When sampling the start state, DeepMimic makes use of random state initializa-

tion (RSI). Rather than starting at the same fixed initial state, a character is reset

to a random point in time in the reference motion. Typically, this is difficult to do

in many situations, such as when working with physical robots. However, with

simulated characters, it is trivial to reset to a random point in time. This has the

advantage of aiding exploration. In addition, rather than forcing the policy to

learn the motion sequentially, the policy can make progress in different phases

of the motion. This is especially helpful when imitating complex motions such

as spinkicks or backflips where sequential learning would discourage the char-

acter from jumping since it wouldn’t know how to land, leading to worse re-

turns.
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While cyclic motions technically last for an infinite time, a finite horizon is

set during training. Additionally, DeepMimic also ends an episode early when-

ever certain links of the character, such as the torso or hands, collide with the

ground. This collision detection is handled by Bullet Physics. Early termination

can greatly help training as without it, samples in early stages of training will

consist mostly of character flailing on the ground which impedes learning. The

training procedure for DeepMimic is summarized below. It follows mostly the

same format as the PPO algorithm shown in Algorithm 2.2.

Algorithm 5.1 DeepMimic
1: Input: initial policy parameters θ, initial value function parameters ψ
2: while not done do
3: Sample initial state s0 from reference motion using RSI and initialize simulated character to s0.
4: Roll out episodes with πθ in the Bullet Physics environment until m samples are collected. Each episode is rolled

out until the horizon or early termination. Store all the ps, a, r, s1q tuples in memory D.
5: θold Ð θ

6: for each update step do
7: Sample mini-batch of samples tsi, ai, ri, s1

iu
n
i“1 from D.

8: For each sample psi, ai, ri, s1
iq, compute target yi for updating Vψ using TD(λ).

9: Update the value function with MSE loss.

ψ Ð ψ ` αvp
1
n

ÿ

i

∇ψVψpsiqpyi ´ Vψpsiqqq

10: For each sample, psi, ai, ri, s1
iq, compute advantage estimates, Âi, using Vψ and GAEpγ, λq.

11: end for
12: Update θ with mini-batch SGD using the following update rule:

θ Ð θ ` απ
1

n

n
ÿ

i“1

∇θ min
ˆ

πθpai|siq

πθold pai|siq
Âi, clipp

πθpai|siq

πθold pai|siq
, 1 ´ ϵ, 1 ` ϵqÂi

˙

13: end while

5.1.5 Goals and other extensions

Since the thesis work (to be described in chapter 8) focuses on imitation learn-

ing, we do not use the goals. However, given that much of the work of Deep-
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Mimic (and AMP) involves these goals, this section will briefly describe the

goals that policies can be trained to perform alongside motion imitation. The

goals are described below:

• Striking: The goal here is for the character to strike a randomly placed

spherical target using specific links. The goal vector that is appended onto

the state contains target location and a binary variable indicating whether

the target has been hit in a previous timestep.

• Throwing: The goal is to throw a ball to the target rather than striking.

The goal vector is the same as in the striking goal, but the state contains

the position, rotation, and the linear and velocity of the ball.

• Target Heading: The goal is to perform the motion in a certain direction so

the target direction is appended onto the state.

• Terrain Traversal: Rather than performing the motion in a flat world, the

character is trained to traverse different environments with obstacles or

uneven terrain. For this goal, a visuomotor policy network is used. The

policies take in as additional input a heightmap and use convolutional

layers to aid with the vision goal. The goal vector is the same as the target-

heading goal except the target heading is fixed forward so the character

moves forward through the terrain.

DeepMimic also implements several extensions that utilize several reference

motions at once, such as training a policy to imitate several different reference

motions without any additional goal. In this case, the goal vector becomes a

one-hot vector representing the motion to be imitated rather than additional in-

formation regarding the goal. Another extension is augmenting the policy to
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allow the user to control which specific motion the character executes. This is

assuming the policy is trained on various motion clips. Thus, the policy needs

to not only be able to decide what motion to imitate in any given situation, but

it also needs to be able to execute arbitrary skills specified by the users. How-

ever, the more motion clips, and subsequently skills, the policy needs to learn,

the less likely it is that a single policy can learn all of them well. The use of a

phase variable makes learning from multiple motion clips difficult. Thus, an al-

ternative is to use a composite policy in which multiple policies, each trained on

different skills, are combined. However, this can still be clunky and difficult to

train. Having one policy be able to effectively learn from multiple motion clips

without having to worry about explicit synchronization served as inspiration

for the follow-up work, AMP.

5.2 AMP

Adversarial Motion Priors (AMP), is an extension upon the DeepMimic frame-

work and directly adds to the existing DeepMimic codebase. AMP utilizes a

fully automated approach for motion selection through adversarial imitation

learning, removing the need for a manually designed imitation objective. In

DeepMimic, a phase variable is needed in order to synchronize the character

with a target pose which makes it especially suited for single-motion imitation.

However, the use of a phase variable can make it difficult to scale to datasets

that have various motions since a phase variable is often not enough to have

proper synchronization. AMP uses adversarial imitation learning to teach char-

acters to mimic the behaviors in the dataset, so it is much more suited for large

datasets. Additionally, there is no hard constraint enforcing the character to ex-
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actly match any one motion, allowing the character to instead mimic motions

that match the ”style” defined by the dataset. For the remainder of this section,

N will refer to the dataset of reference motions.

AMP and DeepMimic largely follow the same procedure, but AMP adds

one additional step in the training process which is the adversarial imitation

learning. In the following sections, we discuss the extensions AMP adds upon

DeepMimic.

5.2.1 States, Actions, and Goals

The state in AMP is identical to the state in DeepMimic except that the phase

variable has been removed. Thus, there is no explicit synchronization variable

as this will be handled by adversarial imitation learning. The action is also

similar to the representation in DeepMimic except that the target orientations

for the spherical joints now are stored using 3D exponential maps instead of the

4D axis-angle form like in DeepMimic. Specifically, given a 3D exponential map

q, the rotation axis v and angle θ can be computed as:

v “
q

}q}2

θ “ }q}2

The goals are the same as in DeepMimic.
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5.2.2 Reward Function

Like in DeepMimic, the reward function in AMP is defined using two compo-

nents:

rpst, at, st`1, gq “ ωGrG
pst, at, st`1, gq ` ωS rS

pst, st`1q (5.3)

rG is the goal-specific reward (e.g., throwing, striking, etc.) as in DeepMimic.

rS can be considered as the ”style” reward as it determines how the character

performs the reward (e.g., running vs walking). Unlike the imitation objective

reward rI in DeepMimic, rS is a learned goal-agnostic reward. Adversarial im-

itation learning is used to learn a rS that allows the character to have natural

behaviors.

Specifying the Discriminator

The training method for rS uses a GAIL-style discriminator. As mentioned in

section 3.2.3, GAIL utilizes states and actions but the issues is that the expert

dataset in AMP consists of reference motions so there are no actions, only states,

also called demonstrations or observations. Thus, AMP makes use of a version

of GAIL that utilizes only observations and no actions called Generative Adver-

sarial Imitation from Observation (GAIfO) [36]. The discriminator objective for

GAIfO is:

argmax
D

E
dN ps,s1q

rlogpDps, s1
qqs ` E

dπps,s1q
rlogp1 ´Dps, s1

qqs

Instead of using the typical sigmoid cross-entropy loss used in GAN and

GAIL which can lead to vanishing gradients and other optimization challenges,
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AMP uses least-squares loss for GANs which was first introduced in least-

squares GAN (LSGAN)[16]. In the paper for LSGANs, this loss has been shown

to improve training and lead to better images for the traditional GAN image-

synthesis task. As we showed earlier, when the discriminator is optimal in

GAN, the loss function measures the JS divergence between the generative and

expert dataset. Similarly, LSGAN’s loss function measures the Pearson χ2 di-

vergence. Combining the ideas from GAIfO and LSGANs, the discriminator

objective for AMP is:

argmin
D

E
dN ps,s1q

rpDps, s1
q ´ 1q

2
s ` E

dπps,s1q
rpDps, s1

q ` 1q
2
s

where Dps, s1q “ 1 indicates that the discriminator fully believes that the input

states are from the reference motion while Dps, s1q “ ´1 indicates the discrimi-

nator thinks the states are generated from the policy. Note that this objective is

a minimization.

Discriminator features

Rather than directly using the states for the discriminator, AMP uses an obser-

vation mapΦpsq to extract features for the discriminator. While the original state

dealt with the links of the characters, the features for the discrinators describe

the joints of the character. These include the linear and angular velocity of the

root, the local rotation and velocity of each joint, and the 3D positions of the

end-effectors (e.g., hands and feet). These features are extracted by querying

the AMP framework, so they aren’t computed in an offline matter. However, it

should be possible to extract these features from the state vector solely and this

is to be explored in future work.
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Final Discriminator Objective

The final discriminator objective has the form:

argmin
D

E
dN ps,s1q

rpDpΦpsq,Φps1
qq ´ 1q

2
s ` E

dπps,s1q
rpDpΦpsq,Φps1

qq ` 1q
2
s

`
wgp

2
E

dN ps,s1q

“

}∇ϕDpϕq|ϕ“pΦpsq,Φps1qq}
2
‰

(5.4)

where the third term wgp

2 E
dN ps,s1q

“

}∇ϕDpϕq|ϕ“pΦpsq,Φps1qq}
2
‰

is a gradient penalty used

for stabilizing training [17] as naive GAN implementations can result in oscilla-

tory behavior. Assuming the generator and discriminator are powerful enough

(i.e., have large enough capacity), the goal of the GAN (or GAIL) algorithm is to

find the Nash-equilibrium of the objective. In the traditional GAN objective, the

Nash-equilibrium occurs when the generator matches the true data distribution

exactly while the discriminator becomes the zero discriminator which outputs

0 everywhere on the data distribution.

Unfortunately, naive gradient-based algorithms used for GAN optimization

often don’t converge to this equilibrium. [17] argue that when the generator is

near the true data distribution or even equal to it, there is nothing stopping the

discriminator from having non-zero gradients orthogonal to the tangent space

of the true data manifold. These non-zero gradients can push the generator

away from the true distribution making it so that the generator doesn’t con-

verge. However, when the generator moves away from the true data distribu-

tion, the discriminator will be more certain on predicting the difference between

the generated data and true data, thus encouraging the generator to move back

to the true data distribution. This cycle can repeat endlessly, leading to very un-

stable training near the equilibrium point. Similarly, if the discriminator is close

to the equilibrium discriminator, there is nothing to push the generator back to-
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wards the true distribution since the equilibrium discriminator always outputs

0. Thus, when either the generator or discriminator are near equilibrium point,

they don’t produce useful gradients, meaning convergence is difficult.

According to [17], the issue with the discriminator producing non-zero gra-

dients orthogonal to the tangent space of the true data manifold is especially

prevalent when the data distribution is a low-dimensional manifold. If the class

of discriminators is large enough, then these non-zero gradients are more likely

to occur. A way to get around this is to add the gradient penalty shown in

the earlier objective. This extra penalty penalizes gradients only on the real

data. Thus, if we’re at the Nash equilibrium where the generator produces the

true data distribution and the discriminator predicts 0 for this data, the penalty

makes it so that producing a non-zero gradient at these data points means the

discriminator suffers in the objective.

The Style Reward

Once the discriminator is trained, the style reward rG
t can be computed as:

rpstst`1q “ maxr0, 1 ´ 0.25pDpΦpstq,Φpst`1qq ´ 1q
2
s (5.5)

5.2.3 The Learning Algorithm

The pseudocode for AMP is shown in Algorithm 5.2.
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Algorithm 5.2 AMP
1: Input: N dataset of reference motions, initial policy parameters θ, initial value function parameters ψ, initial

discriminator parameters ω
2: Initialize replay buffer BÐ H

3: while not done do
4: for trajectory i “ 1, ¨ ¨ ¨ ,m do
5: Collect trajectory τi “ tpst , at , rG

t q
T´1
t“0 , s

G
T , gu by running π in the environment.

6: for timestep t “ 0, ¨ ¨ ¨ ,T ´ 1 do
7: Compute rS

t pst , st`1q “ maxr0, 1 ´ 0.25pDpΦpstq,Φpst`1qq ´ 1q2s.
8: Compute rt “ wGrG

t ` wS rS
t and store rt in τi.

9: end for
10: store τi in replay buffer B
11: end for
12: for update step = 1,¨ ¨ ¨ , n do
13: bN Ð sample batch of K transitions tps j, s1

jqu
K´1
j“0 from N

14: bπ Ð sample batch of K transitions ts j, s1
jqu

K´1
j“0 from B

15: Update the discriminator using the update rule:

ω Ð argmin
ω

E
dN ps,s1q

rpDωpΦpsq,Φps1qq ´ 1q2s ` E
dπps,s1q

rpDωpΦpsq,Φps1qq ` 1q2s `
wgp

2
E

dN ps,s1q

“

}∇ϕDωpϕq|ϕ“pΦpsq,Φps1qq}2‰

16: end for
17: Update the value-function and π using samples from tτium

i“1 following the procedure in DeepMimic.
18: end while
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CHAPTER 6

DEVELOPING THE FRAMEWORK AND EXPERIMENTATION

As mentioned in the abstract and introduction, one of the primary goals of

this project was to create an easy-to-use interface for interacting with the AMP

framework. Specifically, we aimed to adapt the code AMP framework to fit into

the OpenAI Gym framework. Once we did that, we could test MILO on AMP

as much of the code used in MILO was based on MJRL, which used OpenAI

Gym environments. Even though MJRL was originally meant for MuJoCo, we

could easily adapt it to work with the AMP framework. For the remainder of

this chapter, mention of the AMP framework refers to the codebase for both

DeepMimic and AMP.

6.1 Setting up AMP

The AMP framework was first setup by following the instructions found

https://github.com/xbpeng/DeepMimic. Due to the heavy use of C++

and TensorFlow (v1)[2], a large portion of time was devoted to setting up and

understanding the codebase.

6.1.1 DeepMimicCore

All the C++ code is contained inside the directory DeepMimicCore. As the

name of this folder suggests, DeepMimicCore contains all the essential code for

the simulation of the world, characters, etc. Specifically, it handles creation of
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the world and characters in Bullet Physics [1], the simulation steps, controlling

the characters, drawing and rendering, and contains classes for imitation and

different goals.

6.1.2 SWIG Wrapper

Since the learning code in AMP is written in Python, SWIG was used to create

a Python wrapper around DeepMimicCore so the learning code could access

the functions inside DeepMimicCore. The python class in the AMP framework

that connects to this SWIG wrapper is DeepMimicEnv.py.

6.2 Augmenting DeepMimicCore

Several additions to the codebase were made to DeepMimicCore. The major

change was to add additional resetting capabilities. The original code of AMP

resets to a random time in the motion and matches the reference motion. If the

time that was randomly chosen to reset to does not match an exact keyframe,

interpolation is done using linear interpolation (lerp) for things such as posi-

tion, linear velocity, and 1D rotation angles of revolute joints. For quaternions,

spherical linear interpolation (slerp) is used instead. For testing purposes and

for generating datasets, the ability to manually reset to a specific time is needed.

Specifically, the two functions ResetIndex and ResetTime were added to

DeepMimicCore. ResetIndex allows us to reset the character to a specific

keyframe in the reference motion by specifying the index of the keyframe in the

JSON file. Similarly, ResetTime allows us to reset the character to any time in
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the motion. Since the motion is looped, we can specify a time greater than the

length of the motion as this will just shift the root of the character.

The reset functions have several parameters that control how much random-

ness is involved when resetting the character as shown in figure Figure 6.1. With

ResetIndex and ResetTime, random noise can be added to the character’s

pose and velocity. Additionally, the reset function can sample random angles to

add to all joints except the hip and ankle joints, choose whether to also add noise

to the velocity of the joints, interpolate between the zero vector and the refer-

ence velocity for initialization, etc. The reason why random rotations are not

added to the hip and ankle joints is to ensure that if the character is supposed to

reset to a standing position, the character won’t instantly fall over.

(a) (b) (c) (d)

Figure 6.1: Figure 6.1a shows the character being reset to t = 0 and matching
the reference motion like in the original AMP framework. Figure 6.1b resets to
t = 0 but each joint (except the hip and ankle) has a random angle added to it.
The angle of each added rotation is sampled from Up´40, 40q degrees and has
no knee rotation. Figure 6.1c follows the same procedure as Figure 6.1b but has
knee rotation. Figure 6.1d resets to t = 0 but instead adds noise by adding a
random noise vectorUp´0.005, 0.005q to the entire state.

For resetting with randomness, the latter method is preferred as the former

method of adding a random vector of noise to the state can lead to deformation

of the character itself as shown in Figure 6.2.
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Figure 6.2: Character is reset to t = 0 but a vector of random noise is added to
pose and velocity. The noise is sampled from Up´0.1, 0.1q. As we can see, the
character becomes disfigured due to this added noise.

For our experiments, we chose to reset to a random time in the motion but

not add any additional noise like AMP’s reference state initialization as we

wanted to get an initial baseline of how MILO would do in the AMP frame-

work.

Most of the other changes to the code were small enhancements such as log-

ging, adding code for getting the expert dataset, or estimating the cost of each

state from the dynamic time warping cost which will be discussed in a later

section.

6.3 Creating the OpenAI Gym Environment for DeepMimic-

Core

One of the goals of our research was to create an OpenAI Gym environment

for the AMP framework. Specifically, we wanted to create a gym environment

that would connect to DeepMimicCore in order to allow us test various RL
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algorithms.

6.3.1 Gym Environment

OpenAI Gym environments all follow the same API which makes it very easy to

create new benchmarks or test various RL algorithms on existing environments

and benchmarks. The three main functions in gym environments are:

• init : The constructor of the gym environment class defines the action

and observation spaces for the environment. Additionally, the constructor

initializes any necessary variables or objects required for use in the other

functions.

• step: This function handles executing one step within the environment

based on the input action. It returns the next state, the reward, a Boolean

flag, done, indicating whether the episode has terminated, and a dictio-

nary, infos, containing any additional info about the environment.

• reset: As the name implies, this function handles resetting the environ-

ment and returning the new initial state.

Many environments implement a render function for displaying the current

state of the environment as well as other helper functions.

6.3.2 DeepMimicGymEnv

To create the gym environment, which we called DeepMimicGymEnv, we refac-

tored parts of the code from the DeepMimic and AMP framework in order to
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create the required init , step, and reset functions. One thing to note is

that DeepMimicGymEnv is not connected to the RL side of AMP or DeepMimic.

Thus, DeepMimicGymEnv can be thought of as a Gym environment that wraps

around the existing DeepMimicEnv class which itself serves as an interface to

DeepMimicCore.

init

In the init function, we define and initialize any variables needed for

use in the environment. The first step was to initialize a DeepMimicEnv ob-

ject. We had two possibilities here. The first possibility was to pass in the

DeepMimicEnv object while the second option was to pass in the necessary ar-

guments and create the object inside init . With the first option, we quickly

ran into issues as doing this would not allow us to use DeepMimicGymEnvwith

multiprocessing libraries. The way Gym environments work with multipro-

cessing libraries is that, assuming they inherit from gym.utils.EzPickle,

the multiprocessing procedures (e.g., pipes and pools) pickle the arguments

to the constructor of the Gym environment. Then, a new instantiation of

the Gym environment is created in each new process using those pickled ar-

guments. The issue is that DeepMimicEnv contains the Swig wrapper for

DeepMimicCore which uses SwigPyObject that cannot be pickled. Thus,

to use DeepMimicGymEnv with multiprocessing, the init function takes

in the arguments required for creating a DeepMimicEnv object instead of the

object itself.

Besides the arguments needed for initializing DeepMimicEnv, the function

of DeepMimicGymEnv also has parameters for the sampling rate of the policy
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(default 1
30 ), the update timestep for the world (default 1

60 ), the number of sub-

steps for each update of the world (default 10), the seed, and reset arguments

used for resetting in the reset function. Finally, the observation and action

space were defined. Currently, DeepMimicEnv only supports the pure imita-

tion scene of AMP or DeepMimic and doesn’t support goals but adding this

functionality should be a simple extension.

step

The step function takes in an action and uses this action to step in the

world using DeepMimicEnv. This code was based off of existing code in

DeepMimic.py for stepping in the world.

The reward that is returned by step depends on how the internal

DeepMimicEnv object was initialized. If the scene that is loaded is of the

DeepMimic type rather than Amp type, then the reward returned will be the

reward rG ` rI from DeepMimicCore. If there is no goal and we are only imita-

tion, then the returned reward is rI .

In the case where the scene is of the AMP type, the returned reward de-

pends on whether the scene is pure imitation or imitation with a goal. In the

latter case, the reward returned will be rG for that timestep computed from

DeepMimicCore. To get the full AMP reward, we also need rS but since rS is

computed using the discriminator trained on the RL side, rS will not be added

here since DeepMimicEnv does not connect to the RL side of AMP. Thus, step

will only return rG.

In the former case where we are only imitating in an AMP scene, the reward
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returned will always be 0 as rG “ 0 and we do not consider rS . When the episode

ends, DeepMimicCore actually returns the DTW cost, to be introduced in the

next section, as the ”reward”. Rather than returning this as the reward in step,

we will place this DTW cost into the info dictionary and still return 0 as the

reward. The info dictionary also contains the Boolean valid. If the velocity of

the character exceeds a certain threshold, DeepMimicCore sets the valid flag

to false and indicates the trajectory shouldn’t be used.

Finally, the dictionary can also be modified to include the state features

used in the discriminator. Instead of storing ϕpstq by itself, the AMP frame-

work stores these vectors, using the functions record amp obs agent and

record amp obs expert, by storing the concatenation of ϕpstq and ϕpst`1q

in a ”zig-zag” formation. Specifically, the pose portion of ϕpstq and ϕpst`1q

are concatenated first, followed by the velocity portions. Storing the concate-

nated vector allows the learning code to store these vectors in one array and

not have to worry about concatenation later when training the discrimina-

tor. Code was added to get the isolated state feature ϕpstq using the function

record amp obs agent current. The step function in DeepMimicGymEnv

can be modified to query these state features and store them in the info dictio-

nary.

reset

The reset function uses the reset parameters that were stored, as a dictionary,

in the init function for resetting. The default is to reset to a random time in

the motion without adding any extra noise.
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render

The libraries FreeGLUT, GLEW, and OpenGL are used for visualization. In

DeepMimicCore, GLEW and OpenGL are used to define the graphics (e.g.,

character shapes, colors, etc.) while DeepMimic.py uses FreeGLUT to manage

the OpenGL context. We will focus on the FreeGLUT code in DeepMimic.py

as we will adapt that for setting up the render function. The FreeGLUT code in

DeepMimic.py works by defining callback functions for updating the screen,

keyboard events, mouse events, resizing, etc. Then, glutMainLoop is called

which enters the GLUT event processing loop. This function never returns and

is an infinite loop that responds to events by calling the appropriate callback

functions. Thus, in DeepMimic.py, several variables are set as global variables

such as RLWorld object which contains DeepMimicEnv and our policy so the

callback functions are able to access them. Currently, the display is updated at

a framerate of 60fps by utilizing a timer callback function. As the policy up-

dates at a rate of 30Hz, this means that each action corresponds to 2 frames on

screen. Additionally, the world updates at a rate of 1.2kHz so each frame shows

20 simulation steps in Bullet.

In order to use FreeGLUT in our environment DeepMimicGymEnv, we

adapt the code from DeepMimic.py. However, we are not able to utilize

glutMainLoop as the purpose of the render function is to display the cur-

rent state whenever the user desires, so interaction is required. The user will

not be able to call the render function if we enter the GLUT event process-

ing loop. To get around this situation, we make use of the alternative function

glutMainLoopEvent which processes one step of the event processing loop.

This is typically used inside of an infinite loop along with some other code.
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However, we will only call it once in the render function so the function is

extremely simple. The key lies in the display callback function, draw, which is

setup using glutDisplayFunc. The display function is called using GLUT in-

side the event processing loop whenever GLUT determines whenever the win-

dow needs to be updated. By having render call glutMainLoopEvent, the

idea is that whenever the user calls step and updates the state, the next time

render is called, the draw callback function will be triggered, updating the

screen.

Unfortunately, since we are not in the infinite event loop, as is typical when

calling glutMainLoop, we aren’t able to use the keyboard and mouse callback

functions as well as any other interactive functions. We need to be in the in-

finite event loop in order to have FreeGLUT respond to these events. By only

calling glutMainLoopEvent, we are only able to update the display which is

sufficient for the render function.

We created another file visualize.py that mimics DeepMimic.py

for visualizing our policy. Instead of utilizing the render function

of DeepMimicGymEnv, visualize.py sets up FreeGLUT and uses

glutMainLoop so we can visualize our policy and interact with the OpenGL

window using the keyboard and mouse. Since we still use DeepMimicGymEnv

for stepping to the next state, the display updates at 30Hz instead of the 60Hz

of DeepMimic.py. If we wanted to get the 60Hz, we would need to make

considerable code changes to DeepMimic.py, rl world.py, etc. in order for

the AMP framework to load in our policy. While the setup in visualize.py

doesn’t allow us to visualize our policy in 60Hz, the code is considerably sim-

pler and no additional code changes need to be made to the AMP framework.
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6.4 Testing MILO

With the DeepMimicGymEnv environment created, we chose to test the MILO

algorithm. Since there are so many different motions to imitate, we chose to

focus only on imitating the spinkick motion without a goal. While this is a loop-

ing motion and in theory has an infinite horizon, the training code in the AMP

framework sets the horizon at 20 seconds, or 600 timesteps. For our experi-

ments, we set the horizon to be 10 seconds. The following sections will describe

the work of this thesis which involved setting up the AMP framework, aug-

menting it to work with OpenAI gym, and testing the MILO algorithm with the

framework. The purpose of this was to test how MILO would perform when the

expert dataset only contains states. Since the original MILO algorithm works

with (s,a) pairs rather than ps, s1q pairs, a few changes were made to the algo-

rithm.

6.4.1 Generating the Offline Dataset

The GitHub repository for AMP contains pre-trained policies for imitating each

motion. There are policies that have been trained using the DeepMimic train-

ing algorithm as well as the AMP algorithm. Since we are focusing on pure

imitation and don’t want to deal with manual synchronization using a phase

variable, we chose to use AMP-trained policies.

In order to create the offline dataset for training the dynamics model, we

needed behavior policies. The policies in the GitHub repository have near-

expert performance so they are not well-suited for generating samples for our
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offline dataset. The goal was to have an offline dataset with samples from

a diverse set of behavior policies with varying performance. Specifically, we

aimed for the ”average” performance of the policy used for generating the of-

fline dataset to be roughly half that of the expert. In order to generate the be-

havior policies, we followed the same exact training procedure specified in the

AMP paper for training the spinkick policies. Our behavior policies were the

various checkpoints that we have saved throughout the training process.

With pure imitation with no additional goals in AMP, the only reward sig-

nal is the style reward rS . Since this reward signal is learned, it does not give

us an accurate measure of how ”good” our policies are performing until the

underlying discriminator is trained sufficiently. Thus, in order to analyze the

performance of the behavior policies, we needed to either substitute in a pre-

trained discriminator or use a different metric. We chose the latter method and

decided to use the average pose error as the metric as in AMP. That is, the pose

error epose
t at timestep t is computed between the pose of the simulated character

and the reference motion following the equation:

epose
t “

1
N joint

ÿ

jPjoints

}px j
t ´ xroot

t q ´ px̂ j
t ´ x̂root

t q}

where x j
t and x̂ j

t are the 3D Cartesian coordinates of joint j from the simulated

and reference characters, respectively. Additionally, AMP uses dynamic time

warping (DTW) to synchronize the trajectory of the simulated character to the

reference motion as the simulated character may perform the action in a slower

or faster fashion compared to the reference motion. In our opinion, this method

serves as a better metric of performance as it is discriminator-independent and

also handles synchronization.

After this cost is computed, a final penalty is applied based on the length
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of the horizon. For each ”leftover” timestep, one unit of cost is added. To be

precise, the penalty added for trajectory τ is equal to T ´ lenpτq, where T is

the horizon. For the spinkick problem, T “ 300 since we set the horizon at

10 seconds. This cost, the DTW cost, can be thought of a metric between the

similarity and synchronization between the simulated character and reference

motion while also penalizing trajectories for ending prematurely.

For our dataset, the first step was to collect statistics for each of the check-

point policies. Specifically, for each checkpoint, we collected many trajectories

and computed statistics such as average DTW cost and length along with their

respective standard deviations. The average DTW cost and lengths of trajecto-

ries are shown in Figure 6.3.

Figure 6.3: Average statistics for various checkpoints collected from training a
spinkick character.

As we can see, the average cost and length are roughly inversely propor-

tional which is to be expected given how the DTW cost is defined.

From Figure 6.3, we can see that the worst case DTW cost is 300. Addition-

ally, since our expert in this case is the reference motion which technically has
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a DTW cost of 0, we aimed for the offline dataset to have an average DTW cost

of „150-160 since this would correspond to a dataset with 50% performance of

the expert dataset. Using the statistics shown in fig. 6.3, we sampled 1 million

samples in order to match the size of the datasets used in the original MILO

experiments. Our initial dataset, D1, utilized samples from all the checkpoints.

The statistics for this dataset are shown in Table 6.1 and the average cost is „150

as desired but the variance is high as shown by the two-tailed histograms in

Figure 6.4a and Figure 6.4b. This was expected given that most of the check-

point models used performed poorly or performed near expert-level as shown

in Figure 6.3.

(a) DTW Costs for D1. (b) Trajectory Lengths for D1.

(c) DTW Costs for D2. (d) Trajectory Lengths for D2.

Figure 6.4: The DTW Costs and lengths of trajectories in D1 and D2
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Average cost Std cost Average Length Std Length
D1 149.12 121.39 167.87 126.90
D2 151.44 76.41 175.14 85.57
D3 19.58 10.21 299.62 10.53

Table 6.1: Average DTW cost and length of trajectories in D1, D2, D3

In order to reduce the variance in the dataset, we chose to use a smaller sub-

set of policies with most of the policies coming from the checkpoints between

iteration 4200 and 5200. In Figure 6.3, this corresponds to the band of policies

that didn’t perform either near expert-level or very poorly. This dataset, which

we will label as D2, has a much more balanced distribution. To compare these

datasets, we trained policies using behavior cloning with D1, D2, and a third

dataset consisting of only near expert-level policies D3.

(a) (b)

Figure 6.5: Behavior Cloning results for various datasets.

As we can see in Figure 6.5, behavior cloning with D2 performs better than

D1. The two-tailed nature of the distribution of trajectories in D1 makes it so

behavior cloning doesn’t perform as well as with D2. The poor performance of

D1 makes sense intuitively as behavior cloning trains the policy to mimic the

expert-level behavior policies as well as the extremely poor performing policies
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so it shouldn’t be able to learn well. Finally, we can see that behavior cloning

with a dataset consisting of trajectories collected from expert-level policies re-

sults in very good performance.

6.4.2 Training the Dynamics Model

After creating the offline dataset, the next step was to train the dynamics

model using D2. As in the original MILO paper, we trained an ensemble of

feed-forward neural networks. We additionally incorporated the suggestion of

the authors of MILO to use DenseNet-style [9] feed-forward neural networks.

Specifically, the MLP was defined so that each layer obtained the input from all

preceding layers, not just its immediate predecessor. Additionally, our models

were trained to predict the normalized difference between the next and current

state st`1 ´ st. In our experiments, we trained several ensembles of four models

with various hyperparameters. All ensembles were trained using Adam for 500

epochs and all used the ReLu activation. The hyperparameters that were tuned

were the hidden size, number of layers, learning rate and epsilon for Adam, and

batch size. We also tested using a scheduler but found that this didn’t improve

performance by any noticeable margin. The parameters of the best performing

model can be seen in Table 6.2.

Table 6.2: Hyperparameters used for dynamic model learning.

Hyperparameter Value
Hidden Size (512, 512, 512, 512)

Ensemble Size 4
Activation ReLU
Optimizer Adam

Learning Rate 1e-4
Epsilon 1e-4

Batch Size 128
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Analyzing the Dynamics Model

The training and validation loss for the dynamics model are shown in Figure 6.6.

Figure 6.6: Dynamic Model Training and Validation Loss.

Compared to the loss of the dynamics model trained in the original MILO

paper, our final loss was much higher. To evaluate how well (or poorly) our

dynamics model captured the real dynamics, we replayed several trajectories in

our dataset and computed the average relative and absolute error between the

reference state and the model state at each timestep. As can be seen in Figure 6.7,

the dynamic model quickly diverged from the true dynamics. While it is hard to

see on the graph, our relative error surpassed one after „100 steps and quickly

explodes after that point.
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(a)

(b)

Figure 6.7: The above graphs show the error in the dynamics model when re-
playing trajectories. The error at each timestep is computed using the ℓ2 norm
between the current true state st and the state in the trajectory rolled out in the
dynamics model, ŝt. Figure 6.7a shows the average absolute error }st ´ ŝt}2 at
each timestep and Figure 6.7b shows the average relative error }st´ŝt}2

}st}2
at each

timestep.

6.4.3 Generating the Expert Dataset

We used the reference spinkick motions for our expert dataset. In the AMP

framework, resetting works by loading the reference motion onto the kinematic

character then synchronizing the simulated character to the kinematic motion.
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Then, the framework resolves any potential intersections with the ground by

shifting the character in the y-axis so that it is in contact with the ground.

To generate the states for the expert dataset, we made use of this pipeline.

At each timestep, we loaded the reference motion onto the kinematic charac-

ter, synchronized the simulated character to the kinematic motion, and queried

DeepMimicCore the simulated character’s state. However, we only resolved

any ground intersections at the very start of each trajectory to be consistent with

AMP.

The JSON file containing the reference motion for the spinkick contains two

trajectories since the keyframes were captured at a frequency of 60Hz but our

policy runs at 30Hz. To get the full horizon length trajectory, we looped the

motions and to collect more than just two trajectories worth of samples, we

reset to a random time in the motion to collect other trajectories. These times

usually do not match a keyframe so the keyframes were interpolated to get the

states. Our expert dataset consisted of 200 trajectories.

6.4.4 SimEnv - Dynamics Model OpenAI Gym Environment

The next step was to create the OpenAI Gym environment for the dynamics

model which we called SimEnv. Currently, SimEnv assumes that we are simu-

lating an imitation scene with no additional goal and the character we are sim-

ulating is the humanoid.
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init

As usual, the init function initializes our gym environment. Like in

DeepMimicGymEnv, simenv initializes a DeepMimicEnv object as we still

need it for resetting purposes. The other key object is the dynamics model which

will be used for stepping in this environment. The other parameters include the

horizon length, reset arguments, the seed, and humanoid json which contains

information about the character. There are also other various parameters such

as transform veltopos which specifies whether to store the velocity as the

change in position by multiplying by the timestep. More details about these

parameters can be found in the documentation.

step

This environment uses the dynamic ensemble for stepping in the environment.

This is the key difference compared to DeepMimicGymEnv. Since this environ-

ment will be used for MILO, the rewards do not matter for the algorithm itself,

so the reward is currently hard-coded to return 0 as there is no way to query

DeepMimicCore to get the rewards.

For determining whether the trajectory has ended, we first take a look at how

DeepMimicCore determines termination. In DeepMimicCore, three different

conditions are checked for determining termination of the trajectory. The first

is whether the length of the current trajectory has reached the horizon. The

second is whether any of the velocities of the SimLink objects, which represent

the various links of the character, have exceeded a certain threshold. The final

condition is whether any parts of the character besides its feet have touched the
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ground. We attempt to recreate these three conditions.

The first condition was simple to recreate by simply keeping track of the

current timestep using a counter that was updated in each timestep and reset to

zero in the reset function. Once the counter reached the horizon, we set the

done flag to true to terminate the trajectory.

To check the second condition, we made use of the fact that the state vector

contained the linear and angular velocities of the links. In DeepMimicCore,

the episode is terminated if the velocity (angular or linear) of any link exceeds

a certain threshold. We do the same and set the threshold default to 100 since

that is the default in DeepMimicCore

The last condition to be recreated was collision detection with the ground.

DeepMimicCore checks this condition by making use of the Bullet Collision

Detection algorithms as each link and joint of the simulated character are Bullet

objects themselves. Typically, there is no way to recreate the collision detection

as the worlds in AMP typically involve non-flat terrain, objects to avoid, etc. All

these entities are Bullet objects, so it is not feasible to recreate collision detection

without making the state incredibly large to store all the information required

to keep track of everything. The collision detection done by Bullet is highly

optimized and more accurate than if we were to attempt to recreate collision

detection from scratch.

Luckily, our experiments were done in a world with a flat ground and no

other objects for the character to collide with. This made it much easier to check

if the character collided with the ground. The first step was to make use of

humanoid3d.txt which is a character file that contains information on what
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kind of Bullet collision shapes were used to represent each link as well as the

parameters for each shape. For example, the knees were represented by capsule

objects which could be described as a cylinder with half-spheres at each end.

For the capsule shape, the character file contains the height of the cylinder as

well as the radius of the spheres. Other shapes used for representing links were

boxes and spheres.

To check ground collision, we made full use of the state vector. For a given

link, we computed the world-coordinate of the center of the link. Then, using

the parameters of the shape defined in humanoid3d.txt along with the an-

gular rotation of the joint at that point in time, we were able to compute the

shape’s lowest point. Finally, if the y-coordinate of this lowest point was below

0, we considered the ground collision condition to be met and terminated the

trajectory. To assess this method, we used the trajectories in our dataset,D2, and

ran this condition check on each state. We found that our method was accurate

as it would usually not tell us the condition was met until the very last states

which is desired.

reset

Like in DeepMimicGymEnv, the state is reset using DeepMimicEnv to a ran-

dom time in the reference motion with no additional noise added. In addition,

we reset the counter keeping track of the length of the trajectory. Finally, we

change which dynamics model we use in the ensemble. This is done by keeping

a counter tracking how many times we’ve reset. This counter is used to com-

pute an index (through the modulo operator with the number of models in the

ensemble) which selects the model to use in the ensemble for the next trajectory.
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6.5 MILO Results

With the offline and expert datasets collected as well as the necessary gym en-

vironments created, we tested the MILO algorithm on the AMP framework. As

mentioned in the beginning of this chapter, several changes were made to the al-

gorithm. The key change was making the discriminator ps, s1q dependent rather

than ps, aq dependent as our expert dataset has no actions. Thus, we are now

learning from observations only. Due to this, we also had to remove the behav-

ior cloning objective that was added as regularization to the imitation learning

objective since behavior cloning is (s,a) dependent. The bonus cost was left as

ps, aq dependent, so the final objective became:

argmin
πPΠ

max
f PF

»

—

–
E

ps,aq„dπ
P̂

s1„P̂ps,aq

r f ps, s1
q ` bps, aqs ´ E

ps,s1q„De

r f ps, s1
qs

fi

ffi

fl
(6.1)

The code from the original MILO and MJRL repositories were adapted to

work with the AMP framework. The algorithm used for the imitation learning

portion was NPG. The hyperparameters tuned were the size of the actor and

critic models, the number of samples used per training, the number of epochs,

and the number of epochs for behavior cloning warmstart. For the figures and

results below, we used the same hyperparameters as those in the paper. Fig-

ure 6.8 shows the average length of trajectories sampled inside the dynamics

model as well as the average IPM return. The IPM return is the sum of the

IPM rewards, ´ f ps, s1q, in a trajectory. While the trajectory length increased, the

reward did not increase at all, suggesting that our policy wasn’t able to learn.
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(a) (b)

Figure 6.8: Figure 6.8a shows the average IPM return which is defined as the
sum of the IPM rewards, ´ f ps, s1q, for a trajectory. Figure 6.8b shows the lengths
of the trajectories inside the model.

Figure 6.9 shows statistics for our policy when tested in the AMP frame-

work. This further confirms that our policy did not learn at all as the DTW cost

never decreased and trajectory length stagnated at 20 steps, meaning the sim-

ulated character immediately collapsed. We believe the learning failed due to

the discriminator not being strong enough to distinguish between expert and

generated states. Considering that the discriminator used in AMP was a neural

network and was able to perform well, the linear classifier used in MILO most

likely was not sufficient for our problem. This is to be explored in future work.
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(a) (b)

Figure 6.9: Figure 6.9a shows the average DTW cost for trajectories sampled
in the real environment while Figure 6.9b shows the average length of those
sampled trajectories.

It is possible that the poorly performing dynamics model also hampered

training. We tested using the real dynamics instead of the dynamics model and

retrained the policy. However, the results were the same which seems to further

suggest that the discriminator was the problem.
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CHAPTER 7

FUTURE WORK

The future work can be categorized into code-based future work and experi-

mental future work.

7.1 Code-based Future Work

The main future work for the code lies in extending the functionality of the two

gym environments. DeepMimicEnvGym was coded specifically for use in our

MILO experiments which means that we focused on imitation scenes with no

goals. While the code currently does support the addition of goals, it has yet to

be evaluated. Additionally, the render function still needs to be implemented.

One major limitation is that DeepMimicGymEnv does not connect to the

RL side of AMP. As mentioned in section 6.3.2, DeepMimicGymEnv re-

lies heavily on the DeepMimicEnv object which allows us to interact with

DeepMimicCore. Without the RL side of AMP, we cannot compute the style

reward rS and include this in the returned reward in the step function. To do

this, we can simply initialize the RLWorld class in rl world.py which actu-

ally wraps around DeepMimicEnv while also contains all the RL agents used

for learning.

For the other environment, SimEnv, which contains the dynamic model, the

current assumption is that we are imitation a reference motion for a humanoid

character with no additional goal. In future work, this environment can be ex-

panded to include goals and other characters besides the humanoid.
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7.2 Experimental Future Work

Based on our results in chapter 6, there is a lot to be explored in MILO. As we

saw in section 6.4.2, the dynamics model did not perform well so one avenue

of future work is figuring out how to improve the dynamics model. Addition-

ally, different methods of collecting the offline data can be explored in future

work such as using a metric other than DTW metric to measure performance of

policies.

For the imitation learning portion of MILO, we saw in section 6.5 that our

policy wasn’t able to learn. We believe that the discriminator was not strong

enough so future work can explore this area by using different discriminators

or using the GAIL-style discriminator used in AMP.

Aside from MILO, various other algorithms can be tested in the AMP frame-

work now that DeepMimicGymEnv exists. However, as mentioned earlier,

DeepMimicGymEnv was only tested on imitation-only objectives without goals

so some modifications to the environment may be needed to make it compatible

with imitation reference motions with an additional goal.

79



CHAPTER 8

CONCLUSION

In this thesis, we introduced the AMP framework and adapted it to fit in an

OpenAI Gym Environment with DeepMimicGymEnv. In doing so, we opened

future avenues for applying various RL algorithms on the AMP framework.

To demonstrate this, we tested MILO, an offline imitation learning algorithm,

using this new gym environment. We illustrated the process used for creating

the offline and expert datasets, the dynamics model, and the gym environment

SimEnv. Finally, we trained the policy using MILO, discussed the results, and

highlighted several directions for future work.
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