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SUMMARY

Model-based Reinforcement Learning (RL) lies at the intersectioplaining and
learning for sequential decision making. Value-awareness in model learning has recently
emerged as a means to imbue task or reward information into the objective of model learn-
ing, in order for the model to leverage speci city of a task. While nding success in theory
as being superior to maximum likelihood estimation in the context of (online) model-based
RL, value-awareness has remained impractical for most non-trivial tasks.

This thesis aims to bridge the gap in theory and practice by applying the principle
of value-awareness to two settings — the online RL setting and of ine RL setting. First,
within online RL, this thesis revisits value-aware model learning from the perspective of
minimizing performance difference, obtaining a novel value-aware model learning objec-
tive as a direct upper bound of it. Then, this thesis investigates and remedies the issue
of stale value estimates that has so far been holding back the practicality of value-aware
model learning. Using the proposed remedy, performance improvements are presented
over maximum-likelihood based baselines and existing value-aware objectives, in several
continuous control tasks, while also enabling existing value-aware objectives to become
performant.

In the of ine RL context, this thesis takes a step back from model learning and ap-
plies value-awareness towards better data augmentation. Such data augmentation, when
applied to model-based of ine RL algorithms, allows for leveraging unseen states with
low epistemic uncertainty that have previously not been reachable within the assumptions
and limitations of model-based of ine RL. Value-aware state augmentations are found to
enable better performance on of ine RL benchmarks compared to existing baselines and

non-value-aware alternatives.
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CHAPTER 1
INTRODUCTION AND BACKGROUND

Reinforcement Learning (RL), with its recent success stories in super-human game perfor-
mance [8, 9, 10] and intersections with deep learning [11, 12], has emerged as a promising
learning paradigm with applications now spread across almost every eld of science — in
computer science in the form of robotics [13], recommender systems [14], natural language
processing [15]; in physics for simulating complex phenomena [16]; and in chemistry and
medicine for drug discovery [17]. From the advent of the two most successful approaches
for sequential decision making in Markov Decision Processes (MDp&rningandre-
inforcement learningmodel-based RL has emerged as eld at the intersection of these two
paradigms [18].

The idea of utilizing a model for planning is well-established with roots in optimal con-
trol theory, more speci cally model predictive control [19]. With the advent of deep neural
networks for better function approximation, the paradigm of learning to model MDPs has
gained popularity, with most recent advances learning deep neural network models [12] in
conjunction with the objective of approximating the optimal control policy. While several
such methods have focused on how to better utilize a learned parametrized model [6, 7, 20],
the choice of objective for model learning — speci cally the learning of a dynamics model
for predicting state transitions — has largely been overlooked.

Maximum-likelihood estimation (MLE) is the prevalent choice for the model learning
objective for learning a “correct” transition model of the underlying MDP. By de nition,
this objective is independent of the task or reward function — such independence has not
received much scrutiny as model learning has been treated as an auxiliary objective to be-

havior optimization and planningy Recently, this assumption has been questioned by the

INote that model learning is indirectly in uenced by reward functions in practice as the behavior policy's



paradigm of value-aware model learning [21, 5, 22, 23], that have emphasized the injection
of reward or task speci c information into model learning. This independence of model
learning from task or reward information is part of the broader paradigm of task-agnostic
methods that aim to study generalization to different evaluation tasks (instantiated by dif-
ferent reward functions), which necessitates such independence [24, 25]. Such methods
typically do not assume changes in transition dynamcics across training and evaluation.
Value-awareness in contrast falls under paradigm of task-speci ¢ or task-dependent learn-
ing that does not change the task or reward speci cation across training and evaluation but
attempts to provide performance difference guarantees when the environment transition
dynamics are changed. However, note that assuming a xed task or reward de nition does
not imply that the reward function is known, it is still learned from data and the approxi-
mate reward function may not match the true reward function. While this thesis initially (in
Chapter 2) studies performance difference guarantees for changes in both reward and tran-
sition dynamics, the latter part (Chapters 3 and 4) is closely aligned with value-awareness
and it's paradigm of task-dependence given a xed reward function.

The investigations of this thesis are in three parts, described as follows.

1. Performance difference across environmentsie rst study the generalization gap

of training and evaluating on different environments, where performance difference
bounds are presented that are a function of the difference in reward and transition
dynamics, in two settings — Value Iteration and Fitted Q Iteration. A model-advantage
based model performance difference lemma is presented that admits an upper bound
objective for use in model-based RL in the next part. Finally, preliminary results
also show the applicability of model performance difference as a metric for ranking
candidate models given a target environment, without the need for an optimal policy

in the target environment.

visited state distribution is in uenced by the reward or task, which indirectly biases model learning to only
observe data generated by this behavior policy.



2. Value-awareness in Online Model-based RL.This is the standard setting for

model-based RL with online-environment interactions allowed throughout training.
In this setting, we revisit value-aware model learning [5, 22] by deriving a novel
value-aware model learning objective from bounding the absolute model perfor-
mance difference of two models given a xed policy, using the model performance
difference lemma presented earlier. We propose an alternating optimization strategy
for jointly training the model and value function approximate given a xed policy and
demonstrate that this leads to signi cant performance improvements for all value-

aware model learning objectives on several challenging continuous control tasks.

3. Value-awareness in Of ine Model-based RL This is the of ine reinforcement
learning setting [26] where an of ine dataset of behavior trajectories (comprising
states, actions and rewards) is available for training with no further online environ-
ment interactions throughout training. In this setting, value-aware objectives for
model learning do not work as their approximation requires on-policy data. We
propose a means of leveraging task or reward speci city by augmenting each batch
from the of ine dataset with unseen states obtained by perturbations along the value-
gradient direction in the state space. Useful perturbed states are obtained by un-
certainty Itering to keep those states whose uncertainty is not too high (within the
generalization boundary) and not too low (too close to seen data to be useful). Perfor-
mance improvements are measured in comparison to COMBO [1], a strong model-

based of ine RL baseline.

1.1 Thesis Statement

The central statement of this thesis is as follows.
Value-awareness can be leveraged for improved performance in both online and
of ine reinforcement learning. In the online setting, value-awareness in the model

learning objective improves model-based RL performance over maximum-likelihood
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based objectives. In the of ine setting, value-awareness in data augmentation allows
for improved Q-value estimation in a model-based of ine RL algorithm.

Speci cally, the thesis aims to validate the following claims

* Online Model-based RL: Value-aware model learning, despite its limited practical
instantiations so far in challenging continuous control MBRL benchmarks [27], can
be made performant by selection of an appropriate value-aware objective and by care-
fully addressing moving value targets in practical implementations with parametrized

models and values.

» Of ine Model-based RL: Model-based of ine RL algorithms make use of a learned
dynamics and reward model to inform Q-value and policy learning beyond the ob-
served of ine data. Current approaches do not make use of all possible states where
model predictions generalize well i.e. have low epistemic uncertainty. We claim
that value-aware augmentation of unseen states improves performance over a base-
line model-based of ine RL algorithm and is a better strategy than random direction

based (non-value-aware) augmentation.

1.2 Outline

Chapter 2 lays the foundation for a novel value-aware model learning objective by rst
taking a step back and deriving the model performance difference of a policy across two
different MDPs using model-advantage, the model equivalent of the well-known policy ad-
vantage function. It presents its roots in the generalization gap and extends the optimality
gap bounds of Value Iteration and Fitted Q Iteration into generalization gap bounds. Fi-
nally, it presents preliminary results indicating the accuracy of proposed model advantage
approximations in predicting relative distance of a set of candidate MDPs (which repre-
sent MDPs induced by an "approximated' dynamics model) w.r.t. a target MDP (which

represents the “true' dynamics).



While Chapter 2 presented generalization gap bounds given any two environments (for
training and evaluation respectively), Chapters 3 and 4 assume the model-based RL setting
in which the learned model is treated as the training environment and true environment is
also the evaluation environment.

Chapter 3 introduces a novel value-aware model learning objective by means of up-
per bounding the absolute model performance difference introduced in Chapter 2. It then
identi es and proposes a remedy for the issue of stale value estimates in the practical im-
plementation of value-aware model learning that has been so far holding back value-aware
model learning in being practically performant. It then compares performance of the novel
as well as existing value-aware model learning objectives in several continuous control
tasks.

Chapter 4 changes gears by shifting from the online RL setting assumed so far in previ-
ous chapters into the of ine RL setting. It identi es the limits of unseen state visitation in
of ine RL algorithms and proposes a novel strategy to nd unseen states with low epistemic
uncertainty in order to improve Q-learning and consequently, of ine learning performance.
A Q-value gradient based state augmentation strategy is investigated and found to improve

performance over several baselines and ablations in an of ine RL benchmark.



CHAPTER 2
MODEL-ADVANTAGE AND GENERALIZATION GAP

2.1 Introduction

In this chapter, we approach the model learning task from the perspective that the learned
model will ultimately be applied to perform policy evaluation. We take a step back from
the problem of learning a model and study the general scenario of two MDPs that differ
only in their transition dynamics and reward distributions. Speci cally, we derive an upper
bound on the performance difference of a xed policy across two such MDPs — which we
refer to asmodel performance differenceand provide ways to approximate this upper
bound in practice. We then relate model performance difference to the generalization gap
and optimality gap in RL and study the effect of using a sub-optimal policy in practice for
ranking multiple candidate models given a true model. The need to upper bound model
performance difference is inspired by works that attempt to quantifge¢heralization gap
in reinforcement learning [28]. Later in Chapter 3, we delve into the speci ¢ setting where
one MDP represents the MDP induced by a learned dynamics (and reward) model and the
other MDP represents the unknown true MDP with the true transition dynamics model.

In order to study the model performance difference of a policy across two MDPs and
how it can be upper bounded, we introdumedel-advantagf9, 30] — a quantity similar
to the well-known advantage function in RL. The standard advantage function — which
we refer to as policy-advantage — evaluatesdteantageof playing a particular action
as opposed to the action of a reference policy. Similarly, we de ne model-advantage as
the advantage of transitioning to a state as opposed to transitioning according to an MDP
M, while acting according to some policy. Speci cally, we are interested in the expected

advantage of transitioning according to one MDP with respect to another one as reference,



which allows us to evaluate the effectiveness of using one model in lieu of the other — much
like how policy-advantage helps compare two different policies.

After introducing model-advantage and its place in the model performance difference
lemma (Lemma 4), this work [29] studies the role of model performance difference in
the generalization gap in reinforcement learning [28] and the optimality gap between an

optimal and approximated policy in Section 2.5.1.

2.2 Related Work

Generalization in RL. Studying and benchmarking generalization properties of RL agents
via large-scale experiments has been the focus of many works in the recent years [31,
32, 33, 34, 35, 36, 37, 38]. Additionally, [39, 40] study generalization properties of RL
agents w.r.t. changes in state representations; the latter work derives a lemma comparable
to Lemma 4 for policies that are lipschitz continuous over a set of state-representations.
Importantly, [28] formally de ne generalization gap which we adopt in this work (see
Eq. (2.8)) They give formal bounds on this gap in the settingparametrizable Rwhile
making additional assumptions like Lipschitz continuity on value functions. While we do
not require any such assumptions, it is important to note that it is not possible to obtain
tighter bounds without such assumptions. Going beyond evaluating generalization, other
works seek to learn robust policies by drawing inspiration from techniques employed in
the supervised learning literature — g L, and entropic regularization [41], data aug-
mentation [42] and constraints like invariance or robustness to noise on the learnt state-

representation [43, 44, 40].

2.3 Preliminaries

Markov Decision Processesin this work, we consider discrete-time in nite-horizon RL
problems characterized by Markov Decision Processes (MDPsle ned by the tuple
"S;A;P;R;Pg; e.Here,Sisthe state spacé,, the actionspacé& S A S "Se
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the transition probabilities atynamicsR S A 0;Rmax the reward functionP, the
starting state distribution and nally, the discount factor. The goal is to nd treptimal

policy T> that maximizes the (discounted) total retdrn Ri.e.

T argmaxd” +;J" ¢« E Q 'R’s;ac (2.1)
> t o
where s the distribution of trajectoriessy; ap; S1;:::*, So  Po, when acting according

to policy . The state-action value or the Q-function and the value function under policy

are given by
Q s;a E Q 'R's;a*S;so S;a a V 'ss E Q 'R's;a*S;so S
t o0 t o0

Observe that the value function (and similarly, the Q-function) obeys the recursively de-

ned Bellmanequation.e.
V’'se TV se E, s R's;a* Egep-gaV "S¥

whereT R R is theBellman operatar Additionally, note thay "se E, Q “s;ae
andJ” * Esp, V "s* . A more useful version of value function (and therefore the
objective in Eq. (2.1)) is obtained by de ning thature state distributiofPs,”s® Pr”s;
s®S;so seand -discounted stationary state distributidp “s® "1 ep; P, "s®,

Using these de nitions, we can now write the value function as:

a

v ASO. Q tEat;St P sgit RASt;a{. Ea;s dsg; RAS;a' (22)
to

Advantage. Another important quantity that is computed using the value function(s)
is advantagefunction de ned asA “s;a» Q “s;a* V “se. Intuitively, it measures

the utility of taking actiona instead of continuing to act under the policy Importantly,



advantage is closely related to the RL objective in Eq. (2.1) through the following lemma

by Kakade and Langford [45].

Lemma 1. (Performance Difference Lemma) Given any two policies® we have:

Joe I % %Es do; Ea A Tsjae (2.3)

Owing to this lemma, many RL frameworks optimige .. Ea A *s;a» w.rt. an
arbitrary xed policy % a surrogate objective to the ones de ned in Eq. (2.1) or Eq. (3.1).
For the rest of the paper, we will refer to this advantag@agy-advantagen order to

differentiate it frommodel-advantagehich we introduce next.

2.4 Model-Advantage

In this section, we formally introducmodel-advantagand de nitions associated with it.
Recall thatA "s;ae i.e. policy-advantage de ned over states S and actions >A mea-
sures theutility of taking actiona as opposed to acting according to policy However,
unlike policy-advantage that measures the difference in utility of taking an action, we are
interested in knowing the utility difference of transitioning to a particular state, while fol-
lowing a single policy. Speci callymodel-advantagdenoted byA ,, °s; s® compares the
utility of moving to states®and following the trajectory governed by modél as opposed
to doing it from states; both under policy . By de nition, model-advantage is local — it is
a quantity dependent on a given sta®and next state® Comparing two models however
requires a global comparison over multiple states and next states, which we will see soon
in Lemma 4.

We de ne the model-dependent value function as follows, where we make explicit the

MDP M (and hence, the transition functi®y, ) used to generate trajectories.

a

Vu'ss E Q 'Ry’sya*S;M;so s
t o



Here, is the distribution of trajectorie$sy; ap; S1;:::*, So  Po, When acting according

to policy . Now, the intuition of model-advantages given by:

Ay Ts;s¥® Vi "S¥  Esxop,, s - V), ST (2.4)

Analogous to policy-advantage that compares different policies in the same environment,
model-advantage helps compare the same policy acting in two different environments. For
such a comparison, we need to look at the quarkiyy = A, "S;s® — the expected
model-advantage (evaluated gtwhen the next state®is obtained from the MDMM &

We formalize this by the followingmodel) performance differendemma. The proof

resembles the proof by [45] and is provided in Section A.1.

Lemma 2. (Model Performance Difference Lemma) Udt and M ®be two different
MDPs. Further, deneR "s+ E; -s. R's;a», R "s* R,,"s* R,,«S* and

J" ¢ Esp, V “se.Foranypolicy > we have:

JMA i \]MO; e Eg dy: R “se
1

1—ES dy: EsoepM “50%: . /A\Mo{;\S;SCg (25)

Here, we use a model-dependent stationary state distribdtjorise where the dy-
namicsPy, are used, assuming a start state distribuRgnCompared to its policy coun-
terpart the (model) performance difference lemma involves an additional reward error term

Eq R that vanishes when the two MDPs differ only in the transition probabilities.

M;

We can also use the Bellman evaluation operator for polity obtain an equivalent for-

1A Q7s;s% function can also be de ned; however, it requires additional formalism not necessary for our
exposition. See concurrent work [46] for a detailed discussion.
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malization (see Section A.1):

1
‘JM L4 \]M(E L 1—Ed|\/\; ,TM VM TM CEVM (2.6)
11111111111111111111111111111111111111111111171  111111111111111
deviation error g

ThetermT,, V,, T, &, , which we denote by, ., =? represents thdeviationin the value
function when acted upon by Bellman operators corresponding to two different MDPs. This
term is exactly equal to model-advantage when the reward functions of the two MDPs are

the same. We can form an upper bound on the extrinsic error as:

BI— r PWYX (2.7)

where the rewards and the dynamics themselves are individually bounded
maxs max, Ry "s;a Ry« S;aSB g andmaxs max, YPy “s;as Pyc«s;aY; B p. Of
course, note thatV Y, is trivially bounded byliRmax, assuming rewards are bounded

by Rax-

2.5 Generalization in RL

An RL problem is characterized by an MDW® and is considered solved when a policy

> that maximizes the expected (discounted) return is found. However, in practice,
the RL agent may then be deployed in a slightly different environment characterized by an
MDP M % Therefore, we are interested in how well an RL agent performs in an unseen

environment — in other words, its ability generalize

20ptionally, when using the optimality operators corresponding to M2PandM ® we drop the and
denote the deviation error agiy « V' See.
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2.5.1 GeneralizatiorGap.

LetJ” « E P,R"s;a* denote the cost function, where the stochasticity is due to the
policy and transition dynamics; lek,” « denote its empirical estimate with samples.
Given an RL agent trained in MDP with nite data, we are interested in its performance

in a different MDPM % We can formally write thigieneralization ga@s:

Ty o J® T
BT, ¢« J" «T 9" ¢« J® S (2.8)
1111111111111111111 1743450305 h 0 h 0] Wk h R Y 111111&1.1.11.1.1111.1.11?1111111111111
intrinsic error extrinsic error * g

The generalization gap can be bounded with two different sources of error as indicated in
Eq. (2.8). Following [28], we call thenmtrinsic error andextrinsic error to denote the
error due to learning from nite samples and the error due to mismatch in training and
deployment environments. The intrinsic error decreases, typicaﬂyﬂtso ne, with more
samples; this is well-studied in RL literature [47, 48, 49]. The extrinsic error on the other
hand is an artifact of training and deploying the RL agent in different environments and
therefore, cannot be avoided.

When does generalize?Observe that the extrinsic error is nothing but the difference
in performance due to model mismatch. From Lemma 4, we know that this is equal to the

model-advantange, allowing us to both estimate and bound this error term. In other words,

if the model-advantage is bounded bfsee Eq. (2.7)i.e.

SMA M® JMo; M'SB

we can say that ), the policy learnt with experiences from MDR achieves similar
performance in the target MDM ® As model of the “test” environment is not known, a
reasonable estimate of the model-advantage can be obtained with enough samples — allow-

ing one topredictthe extent to which the policy performs in the novel environment.
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How good is really? However, note that the above generalization gap still does not
provide the complete picture. ldeally, we would like the poligy to have performance
comparable to |, , the optimal policy in the target MDRI % which we quantify with the
optimality gap

S;“Ao; M® Jhﬂog ¥ 2S

M
71111111111112111111111131111111122111111112311111111211111111221117 1111111212111111112131111111121111111

5

optimality gap
BIwe m* Ju” we*S Ou” we Jue S (2.9)
7111111111111211211117112111177137111131117117117711711711717117117111 11 TTTTIT11 1111111111111 1111911111111
term-| term-II > >

It is easy to see that term-I is nothing but the extrinsic error in Eq. (2.8) and is related to the
model-advantage (evaluated under poligy) through Lemma 4. Intuitively, this this term
corresponds to the cost of transfering learnt in the seen MDRI to the novel MDPM %

In the rest of this section, we will bound term-II for speci ¢ instantiations of obtaining
policy \ — speci cally, Value Iteration (VI) and Fitted Q-Iteration (FQI), with the former

being a model-based and the latter, a model-free approach to solve MDPs.

2.5.2 Generalizatiorwith Value IterationandFitted Q iteration

Value Iteration. When the dynamics and the reward functions are known, Value lter-
ation (VI) and its variants are often employed to arrive at the optimal policy. VI is an
iterative algorithm that applies the Bellman optimality operafgr 3 at each step.e.
V' Ty V™" . The obtained iterates convergev , the value function of |, , asymp-
totically asT,, is a contraction in the in nity-norm. We can bound the difference in value

from training on another MDP with the following theorem:

Theorem 3. Let M; M ®be two MDPss:t: maxsmaxa Ry "s;a» Ry«=S;a*SB g and

maxs max, You "s;as  pue=s;aY, B p. Let , ; be the policy obtained after VI itera-

3Assume optimality operator by default if policy is not explicitly de ned
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tions on MDPM and let[V," ** V,""[ B "™ Then we have,

WMrl;el V|\j|-oeYa Bli “ne ZR Zmeax

We provide a similar bound when following a Fitted Q iteration (FQI) method, which
is more effective when dealing with a large (or in nite) state space or unknown dynam-

ics/reward functions. The statement and proof of the bound can be found in Section A.2.2.

2.5.3 Is My SimulatorGood?

The fundamental bottleneck preventing the usage of RL to train agents in the real-world is
exploration As the model of the environment is not available, nding the optimal policy
not only requires exploring a large search space but is@stly. A common strategy
to avoid this issue is to learn@arsepolicy using a simulator and thene-tune it upon
deployment. But how does one build the simulator in the rst place? It either requires
considerable domain expertise or a large number of samples from the real-world, and we
must know a priori that the simulator caxpressall variations feasible in the real world.
We are left with the questiorGiven a set of simulators, which one is likely to “generalize”
best to the real-world?

Predicting Generalization with Model-Advantage. Recall that (model) performance
difference Lemma 4 allows us to compare two models given a policy. Givethe simu-

lator MDP andM < the real-world MDP and,,, an expert policy foiM % we can write:

WIVES exp® Ive exp'U E-ssx AMeEgAS;S(g U

To compute the advantage functifn,’z , the expert policy has to be executed in the real-
world. Alternately, such an “expert” policy and its corresponding value function in MDP

M ©can be learnt by collecting a nite set of data from the real-world — for instance, by
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Figure 2.1: Generalization gap on sub-optimal real world policies on FrozenLake envi-
ronments (FrozenLake 4x4 on the left and 8x8 on the right). Even a sub-optimal policy
obtained with minimal interactions with the real-world is suf cient to use model-advantage
and compare differertaining environments or simulators.

running FQI on the collected datagetAfter paying this one-time cost of interacting with

the real-world, the model-advantage can be estimated in an inexpensive manner for every
simulator with nite samples. In our experiments we will show that using an approximately
optimal policy is suf cient for comparing model advantage across simulators, alleviating
the need for an expert policy.

Grid World Experiments. We consider the toy environment of FrozenLake available
as part of OpenAl Gyn to illustrate the effectiveness of the proposed model-advantage
term in evaluating simulators. We treat the original settin§ylaghe real-world MDP and
then, corrupt the transition dynamics with various levels of random noise to obtain a set of
“simulators™ M %K. We then run DQN [50] that uses a single hidden-layer MLP to learn
Q-values inM and obtain a sub-optimal “expert” Q-function by not running the training
to completion. As can be seen from Figure 2.1, we see that even for Q-values far from
optimal, the model-advantage increases with increasing modeling grrathe same trend

exhibited by the optimal Q-function in the real-world.

“Note that convergence to optimal value-function is guaranteed only if the distribution used to sample
states is exploratory. While the “tax” of exploration cannot be waived, the hope here is that a small amount if
data is suf cient to learn a sub-optimal expert.

Shttps://gym.openai.com/
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2.6 Conclusion

In this work, we proposednodel-advantagéhat helps compare two models, similar to
policy advantage that can be used to compare two policies. We presented the theoretical
connections of model performance difference with generalization in RL and the optimal-
ity gap. Further, presented toy experiments to show that even a sub-optimal policy, learnt
from minimal interactions with the target environment, can help identify the training envi-
ronment that facilitates maximum generalization. In the next chapter, we will employ an
upper bound on the model performance difference to produce a novel task-aware model

learning objective for model-based RL.
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CHAPTER 3
MODEL-ADVANTAGE OPTIMIZATION FOR MODEL-BASED
REINFORCEMENT LEARNING

3.1 Introduction

Chapter 2 introduced model-advantage as a quantity useful for characterizing the model
performance difference of a policy across two MDPs differing in their transition dynamics
and/or rewards. In this chapter, we present our recent work [51] where we switch to the
more speci ¢ setting of model-based (online) reinforcement learning — where one MDP
represents the learned dynamics model and the other is the true underlying MDP with
unknown dynamics and reward in the reinforcement learning problem de nition. In this
setting, model performance difference is an important quantity that leads to a recently in-
troduced task-aware notion of model "correctnesgalie equivalencg?2]. The learned
dynamics model is said to be value-equivalent w.r.t the true dynamics model for a xed
policy if the model performance difference for that policy is zero.

Before introducing our model learning objective, we must understand the most com-
monly used model learning objective of maximum likelihood estimation (MLE). MLE
minimizes the KL divergence between predicted and observed next state distributions. A
drawback of this approach is the issue of an objective mismatch between the model-learning
objective and the ultimate purpose of using the model to nd an optimal policy [52, 53].
More recent research in MBRL has focused on efforts to overcome these shortcomings
— including optimizing for auxiliary objectives [54, 55, 56], augmenting model-learning
with exploration strategies [7, 57], meta-learning to closely intertwine the two objectives
[58] and introducing inductive biases to the model-learning objective [59]. However, these

MBRL approaches still employ MLE to learn the dynamics as an intermediate step.
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In this work, we revisit Value Aware Model Learning (VAML) [21, 5], an alternate
objective for learning dynamics. Instead of maximizing the likelihood of the future state
given the current state and action, VAML seeks to minimize the squared error of the ex-
pected value of next state predicted by the dynamics model from the value of the observed
next state in data. This objective is appealing as it factors irutiiéy of the model in
nding the optimal policy (through the value function) and does not reqgexa&ctpredic-
tion of observed trajectories. It is also amenable to Dyna-style [60] deep model-based RL
algorithms (e.g. [6]) where the critic in an actor-critic agent can be used for computing the
value estimates required by this unique model learning objective. Value-aware model-based
RL has recently found strong theoretical backing in the form of guarantees of convergence
[21, 5], the value-equivalence principle [22] and use optimistic model-based RL for regret
minimization [23]. The MuZero algorithm [61] is also an example of a value-aware (or
“value-equivalent’) model-based approach for solving discrete action environments while
leveraging Monte-Carlo tree search.

Despite the intuitive and theoretical appeal of existing value-aware model learning ob-
jectives, their utility has thus far remained under-explored beyond toy settings within the
domain of continuous control. In our experiments, we nd that existing value-aware objec-
tives perform poorly with recent Dyna-style model-based RL frameworks, independently
replicating recent negative results [27]. In this work, we revisit value-aware model learning
from a novel perspective and bridge the gap in theory and practice in challenging contin-
uous control applications. First, we derive an upper bound on the expected model per-
formance difference of two MDPs or models for a xed policy, using triangle inequality
on theL 1-norm. In contrast, prior value-aware approaches [5], though inspired by the
minimization of (normed) model performance difference, do not upper bound the model
performance difference with their use of th@-norm, which may explain their inferior
performance compared to our proposed objective in most of our continuous control tasks.

Second, we call to attention the issue of stale value estimates in the naive application of
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value-aware losses in the dyna-style model-based RL algorithmic framework. Upon cor-
recting for the stale value estimates by intermittently tting the value network during model
learning, we obtain signi cant performance improvements on the more challenging contin-
uous control environments. The resulting general purpose dyna-style MBRL algorithm is,
to the best of our knowledge, the rst known practical deployment of value-aware objec-
tives in challenging continuous control robotic simulation environments [62].

We empirically test our proposed algorithm and novel upper bound on two recent dyna-
style MBRL algorithms — SLBO [6] and MBPO [7]. We nd that our algorithm success-
fully bridges the gap in theory and practice by reaching near-matching performance w.r.t.
MLE-based baselines in most continuous control simulation tasks and outperforming them
in some others. We hope that these encouraging results spur wider interest in the com-
munity leading to both adoption and further study of value-aware methods for practical

model-based RL.

3.2 Related Work

MLE-based MBRL. Maximum likelihood estimation (MLE) is the the most prevalent
and straight-forward objective for model learning in a model-based reinforcement learning
framework [60, 63]. Broadly, MLE-based methods seek to construct a model that mim-
ics the dynamics as accurately as possible. Unlike our proposed value-aware objective,
minimizing dynamics error minimizes a looser upper bound on the model performance
difference [21]. Therefore, multiple MBRL approaches that minimize various de nitions
of dynamics error have been proposed. For instance, [48, 64, 65] (weeemapirical fre-
guencies. More sophisticated approaches use function approximators and minimize various
statistical distancese.g KL [66], total-variation [7] or Wasserstein distances [67].

Non-MLE based MBRL. Methods that inform model learning via the value function,
reward or policy have recently gained popularity [68, 69, 61, 70]. In particular, [71], [61],

and [72] explore learning dynamics implicitly using the estimated value for a given state,
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and using a monte-carlo tree search algorithm to plan with this learned model. However,
these works learn a joint model for directly estimating future values and actions (policy)
without any explicit future predictions in the state space. In contrast, we focus on the class
of MBRL methods that explicitly make predictions in the state space, allowing for simple
adaptations on top of of well-known MBRL frameworks e.g. Dyna-style algorithms [60].
Value-aware Model Learning. [21], [5] and [22] are the closest prior works that study
the theoretical properties of value-aware objectives. They present experimental results only
on toy settings€.g with 25states and cart-pole environments) and their algorithms do not
effectively scale to challenging environments. [27] demonstiatativeempirical results
for their practical instantiation of value aware model learning [5] with an actor-critic learner
in continuous control environments sucHasher-v2  andinvertedPendulum-v2
Their algorithm employs a sparse model update, occurring only once every few policy and
critic updates — different from our algorithm that builds on top of a standard Dyna-style
MBRL algorithm with multiple model updates in between every sequence of policy and
critic updates. Our key insight for modifying this Dyna-style algorithm takes advantage of
the multiple model updates while preventing stale value estimates as a result of changing

model parameters (for details, see Algorithm 2 and Approach section).

3.3 Preliminaries

Markov Decision Processes.

In this work, we consider a discrete-time in nite-horizon RL problem characterized by
Markov Decision Processes (MDRd) de ned as"S; A;P;R;Pg; *. Here,S is the state
spaceA, the action spacd? S A S R the transition probabilities adynamics

R S A 0;Rmax the reward functionP, the starting state distribution and nally,

the discount factor. The goal is to nd thaptimalpolicy T > that maximizes the (dis-
counted) total returd RieJ” « E P;R"s;a* . where isthe distribution

of trajectories' sg; ag; S1;:::*, S0 Po, when acting according to policy.
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Algorithm 1: Model Based Reinforcement Learning (MBRL)

Randomly initialize policy , modelM
Initialize replay buffeD g
for Noyer iterationsdo
/I model update step
4 for K mogel Updatesdo
D D fnsamplesfrom true environmekt *collected by g
UpdateM *using model-learning objective an// e.g .
Ep KL "8SS

w N

7 end
/I policy update step
8 for K poiicy Updatesdo

9 D® fSamples collected in learned modélusing .g

10 Update using policy learning method e.g . TRPO [73]
11 end

12 end

The Q-function and the value function under policyare given byQ “s;ae
E PRs;&*S;so s;ag a andV “se E PR s;&*S;so S respec-
tively. A more useful version of the value function, and therefore the RL objective itself,
is obtained by de ning théuture state distributiorP;,"s® Pr’s; s®S;s, s+ and
-discounted stationary state distributidyy "s® "1 +P{, ‘P, s%®, where we drop
the dependency on start state distribution when it is implicitly assumed to be known and

xed. Using these de nitions, we write the value function as:

a

V ASOO Q tEAat;St' P 0;1. RASt,a_t.

S,

t 01 (3.1)
—Ea;s ’d s0; RAS; a.

1
Model-Advantage and MBRL.

MBRL algorithms work by iteratively learning an approximate model and then deriving
an optimal policy from this model either by planning or learning a separate policy with

imagined experience. The latter case refers to the family of Dyna-style MBRL algorithms

21



[60] that we adopt in this work — see Algorithm 1 for a representative algorithm from
this family. Model-advantade proposed by [30, 29], is a key quantity that can be used
to compare the utility of transitioning according to the approximate mbdels opposed

to the true modeM ® Speci cally, model-advantageenoted byA ,, "s; s® compares the
utility of moving to states®and thereafter following the trajectory governed by model
M as opposed to following/l from states itself; while acting according to policy.

The following de nition in Eq. (3.2) captures this intuition. We denote model-dependent
guantities with the model as subscript: transition probability distributiokl af denoted

by Py and value function as,, .
A, s, s% Vi "% Esxop,, -5 .V, ST (3.2)

Here,V,, is the model-dependent value function de ned as:

Vy'se E Q0 'Ry’"s;a*S;M:so s
t

We are now ready to restate the well-knogimulation lemmd74] in an alternate form,

such that it quanti es the model performance difference using model-advantage.

Lemma 4. (Simulation Lemma) Let! and M ®be two different MDPs. Further, de ne
Ry's* Ea -s. Rw’s;ja andR = “s* R, "s* Ry=se. Forapolicy > we

have:

R R 1 R R
Ju™ ¢ Jue ° 1—Es dy: EsoepM ~508: . AMoeS;SOe Es duy. R e S c%‘g)
'1111111111111111111111111111111111111111111444414444144;4*&14144144444 111111111111114111
expected model-advantage reward difference

Here, we use a model-dependent stationary state distribdtjori s (dropping the
dependence on start state distribution) where the dyndeyjcare used. To simplify nota-

tion, we will write the expected model advantage ternEags v Ay «S;S® or simply

IName follows policy-advantage that compares the utility of two actions [45]
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Ev Ay« . Aslightly different form of Lemma 4 can be obtained by explicitly indicating

the model in the Bellman operator as follows.

T,V'ss Ea Ry’'s;a Ecep,sma V'S¥ (3.4)

This leads to the following corollary that provides an alternate view of the model-advantage

term (see Appendix for the proof).

Corollary 5. LetM andM ®pe two different MDPs. For any policy> we have:

R R 1 R -
\]M L \]MCE L —Es dM' TM VMQ:;S. TM (EVMQ:_'S. (3.5)
1 ' 711111111112112112117111211211211211211211211112112112112111121112111111111
deviation error

Note that the term on the right that includes the deviation error is exactly equal to model-
advantage when the reward functions of the two MDPs are idehtiddlerefore, setting
aside the reward-error term in Lemma 4, model advantage can be viewed as the deviation
resulting from acting according to different MDPs. Minimizing the deviation error is the
basis of the objective proposed in Value-Aware Model Learning (VAML) [21, 5]. More
recent work [22] shows that various MBRL methods can be thought of as minimizing the
deviation error — a direct consequence of the close relationship between the deviation error

and the model performance difference.

3.4 Approach: Value-Aware Objective via Model Advantage Upper Bound

In this section, we rst introduce the basis of our proposed value-aware model learning
objective that minimizes the performance difference of a policy in the true vs approximate
model. From Eqn. Equation 3.3, this translates to optimization of expected model advan-
tageEy A, = using on-policy samples from the true environment, for which we show an

empirical estimation strategy with samples from the true MDP and gradient based updates

2A common assumption for MBRL works proposing to learn dynamécg (6]). We make this assump-
tion as well.

23



for a parametrized dynamics model. We then derive a novel upper bound on expected model
advantage and introduce our novel general purpose algorithm for value-aware model-based

RL.

3.4.1 Direct Model Advantage Optimization

For the model-learning step in MBRL, we are interested in an objective for nding model
parameters corresponding to the dynamics of the approximate MBPP ~ Ss;ae that
eventually lead to the learning of an optimal policy in the true MBP. By looking at the
model-advantage version of the simulation lemma (emma 4), a natural choice for a

loss function is the absolute value of the expected model advantage. For brevity, we replace

the expectation oves; Py, ;S 1 Py  With Gr.

L]_A ° -DM T e JMTA T

%) 'E Vy TSt E vV, "sHE g (3.6)
0 & S®P - st e

This objective can be empirically estimated via a dat&sgtof trajectories (state-action

sequences) sampled from the true MBIP. We omit the input of actions fromin P,, .

. e
sp;api; t O s®Py
ar 1;S7°>Dm

~ T1
61’\ 4 & Q Q tG/M Ast 1° EA VM g% s (37)
Ste

In Eqn. Equation 3.7, the value functiaf), has a complex dependency on parameters
which is hard to optimize. In practice, this value can be estimated in any Dyna-style [60]
model-based RL algorithm with a parametrized value function (with parameters included
in ofpolicy i.e. as partof an actor-critic pair) for estimating this value. We estimate the
value function without modeling its dependency one. we replace/,, with a learned
value networkV , such that th& is updated during the policy-update step of our algo-

rithm (using imagined experience frokh ) to match the true targét, . This results in
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a simple stochastic gradient update fuler predictions made fror®,, “s;s. Finally, our

empirical objective can be written as follows.

3.4.2 Model-AdvantagdJpperBound

In practice, the objective in Eqn. Equation 3.8 is undesirable as it requires full length tra-
jectory samples to compute the discounted sum and therefore, provides a sparse learning
signali.e. a single gradient update step from an entire trajectory. This limitation is over-
come by further upper bounding Eq. (3.6) via the triangle inequality as shown below (with

abbreviated notation).

a a

Ly e 'E Ay, WBQ 'E RS (3.9)
to MTt t M Tt
71111112111121121121111111212121212121211111212121 121121111212121211111
LY~ . ’

Observe that this form of the objective is now compatable with experiarecés; a; s®re
sampled from the true MDRI T as opposed to ensure trajectories — thereby providing a
denser learning signal despite being a proxy (upper bound) for the original objective. Later
in Section 3.5.1 we demonstrate the practical bene ts of the denser learning signal on dis-
crete environments. We further make this objective amenable to minibatch training by
replacing the the discounted sum over timesepg 'Es,~ * with the policy's discounted
stationary state distributios , .~ ¢ — this is estimated empirically with a nite dataset

of sampled experiences. Similar to Eq. (3.8), the empirical estimation version of the objec-

3Note that this objective can be optimized via gradient updates as long as the value fishctioan be
differentiated w.r.t. its inputse. states, which is the case for neural networks.
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Figure 3.1: (Left) A sample of th8x8 size gridworld environment from Gym MiniGrid

[4]. (Right) Return curves over 20 random seedsMiniGrid Empty  environments

with varying grid sizes, using 4 value aware methods and an MLE baseline. Increasing
grid size negatively affects MLE performance most, while our proposed upper bound and
VAML [5] are affected the least. The direct versions of L1 and L2 model-advantage based
objectives (MA Direct L1 and MA Direct L2) are further slower to converge than MA
Upper Bound L1 and MA VAML L2.

tive is as follows, where the summation is over trajectorgsa;; s; 1* >D,,.

~ R 1 R R

Ve = Q EW s g E V "sTw (3.10)
“st;ar; SThy st
st 1°>Dn

Connection to VAML. Eqn. Equation 3.9 is similar to the L2 norm value-aware objective
introduced in [21, 5]. In our framework, the VAML objective M- | can be obtained by
using the L2 norm in Eq. (3.9)e. LYAML  p{ | tEyry “Ay . Imporantly, owing

to the properties of L2 norni, Y*M- doesnot upper bound its corresponding L2 normed
model advantage objectite. We nd in our experiments thdt} often has better or equal
performance in conjunction with SLBO and MBPO, potentially hinting at the importance

of this relationship with model-advantage.

3.4.3 GeneralAlgorithm for Value-awareéDbjectives

Value-aware objectives such as [5, 22] enjoy several theoretical bene ts, but remain iso-
lated from practical use beyond small, nite state toy MDPs within continuous control. We
nd that with a naive substitution of value-aware objectives in place of maximum likeli-
hood (Fig. 3.4) in existing MBRL algorithms (Algorithm 2) worked well only for the easy

continuous control environments, namégrtpole , Pendulum andAcrobot . This
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Algorithm 2: Value-Aware MBRL

1 Initialize  ~ p; ve, the policy/value function parameters and model parameters
randomly;

Initialize replay buffeD; D®D** g;

for K iterationsdo

4 D D fnsamples from true environmekt' collected by g;

/[ model update step

5 for K mogel Updatesdo

w N

6 Update using value-aware model-learning objective®ife.g
Equation 3.10) ;
7 if everyK inervas model updatethen
/I update stale value parameters

8 D®= fm samples collected in learned modélusing | g;
9 Update , to estimate discounted return wih>®

10 end
11 end

/I policy update step
12 for K poiicy Updatesdo

13 D® fm samples collected in learned modélusing | g;

14 Update p; , using policy learning method e.g . TRPO [73]
15 end

16 end

supports the evidence in [27] where negative results were demonstrated for their choice
of simple environments Pusher-v2 andinvertedPendulum-v2 , and value-aware
errors alone were examined fdopper-v3 andWalker2d-v3 . Next, we describe our
algorithm with which we nd positive results in conjunction with the SLBO algorithm [6]

on Swimmer-vl , Hopper-vl andAnt-vl and in conjunction with the MBPO algo-

rithm [7] onWalker-v2 andHalfCheetah-v2

Correcting Stale Value Estimation

Value-aware objectives use as a white-box estimator in placedf, when simplifying
Eqg. (3.7). However, dropping the dependency om V,, from Eq. Equation 3.7 to
Equation 3.8 leads to an issue of stale value estimates in the default dyna-style algorithm,

described as follows. For every model update in Algorithm 1, the parametéi is
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changed and as a result, the value function term in Eq. (3.7) no longer corresponds to the
sameM . This implies that for multiple consecutive model updates with a X&d, the
target thalV  is supposed to estimate has moved — making it a stale estimate.

In Algorithm 2 we remedy this issue by updating the value function intermittently
(while keeping policy xed) between model updates. Such an intermittent update is rel-
atively cheap to perform as (i) it does not rely on any additional ground truth experience,
(ii) it updates solely the value network and not the policy network, and (iii) the frequency of
intermittent updates need not be very high — controlled by the new hyperpardmgies
in Algorithm 2. We found that setting intervai to 20for SLBO and5 for MBPO works well
in practice. Intuitively, such intermittent value updates allow for a novel interplay in the
form of a joint optimisation of model estimates and value estimates (keeping policy xed)
in conjunction with any value aware model learning objective. We hypothesize that this
interplay adds stability to the optimisation of value aware objectives and verify it's role in

the same with an ablation experiment (Fig. 3.4).

3.5 Experiments

In this section, we investigate our model learning objective in the context of model based
reinforcement learning in two settings. First, we evaluate our algorithm in a discrete-
state MDP where we optimize expected model advantage directly as well as indirectly
via Eqns. Equation 3.8 , Equation 3.10, with the purpose of establishing the performance
and convergence relationship among the selected value-aware objectives and a maximum-
likelihood baseline in a pedagogical setting. Second, we evaluate Algorithm 2 together
with our proposed and a prior value aware objective on several continuous control tasks,

with two recent dyna-style MBRL algorithms — SLBO [6] and MBPO [7].
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Figure 3.2: Evaluation on continuous control environments for value aware methods and
baselines with SLBO [6], without tuning existing parameters, over 5 seeds. Our objective
MA-L1 achieves better return and sample ef ciency in comparisddAeVAMLon most
environments Ant-vl being the exception) and in comparisonMb.E on all environ-
ments. On th&wimmer-vl andHopper-vl environments, we also outperform or are
competitive withSLBQ

3.5.1 DiscreteState and Control

We rst establish the ef cacy of value-aware objectives in a small, nite state setting, where
we purportedly make transition dynamics learning hard to scale by posing it@Saay
classi cation problem. For this experiment, we use a discrete-state episodic gridworld
MDP with cardinal action$ North, South, East, West g, anN N grid, deter-
ministic transitions and a xed, absorbing goal state located at the bottom right of the grid
and agent spawning at the top left. A dense reward is provided for improvement in L2 dis-
tance to the goal square and an additional time-decaying reward is provided upon reaching
the goal. The environment is empty except for walls along all edges. Since the values of
the optimal policy are symmetric for states re ected across the major diagonal of the grid,
this setting should effectively reduce the number of states in the prediction space by half
(S 2) for value-aware methods that nd the optimal policy. We use four con gurations
of grid sizes:8 8,12 12 16 16and20 20.

Methods. We denoteMA Direct L1 andMA Direct L2 as methods that op-

timize L, andL, objectives respectively (Eq. Equation 3.8YJA Upper Bound L1
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