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Deep learning and reinforcement learning have recently had a transformative impact on the
fields of computer vision, NLP, and robotics. However, most of the recent progress have been
in narrowly defined tasks where training and deployment happen under the same (or similar)
conditions. This has resulted in brittle models that catastrophically fail when presented with
conditions even moderately different from what they were trained on. Furthermore, current
approaches are known to be data hungry, and thus may require prohibitively large datasets
for many applications. How can we create intelligent agents that are data-efficient, robust,
capable of broad generalization, and fast adaptation?

In this thesis, we outline the importance of domain transfer as a key component to
achieve the aforementioned capabilities. Domain transfer refers to the ability of an Al agent
to draw upon experiences from related tasks and transfer inductive biases, enabling more
efficient and proficient learning in downstream tasks. This thesis presents abstractions and
algorithms to enable such domain transfer. In particular, we focus on domain transfer
that arises in the context of simulation to reality transfer in robotics, learning from static
offline datasets in reinforcement learning, and efficient adaptation to new tasks in the case
of meta-learning. The algorithms we present enjoy rigorous theoretical guarantees and also
demonstrate strong empirical results in a variety of benchmark tasks and real-world case
studies spanning perception, control, and robotics.
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Chapter 1

INTRODUCTION

A core characteristic of an intelligent system is the ability to quickly learn new skills, as
well as adapting to unexpected situations. This requires the ability to organize and draw upon
prior experience from related tasks for broad generalization and adaptation. We can all relate
through our personal experiences, that humans are remarkably good at such generalization
and adaptation capabilities. As an example, we all have experiences of travelling to different
countries and staying in hotel rooms that have different appliances and fixtures than what we
may be used to. Nevertheless, we can very quickly adapt and manipulate objects in the new
scene. Similarly, we can generalize experiences from driving one type of vehicle to another,
say from bicycle to motorcycle, by drawing upon general and transferable notions such as
balance. We can also quickly adapt to driving in a different country even though visual
characteristics and traffic rules may be different, such as left-hand drive vs right-hand drive.
Can we create Al systems that are capable of similar characteristics of broad generalization
and rapid adaptation in new scenarios? In the future, such intelligent systems would be
essential to assist humans in a variety of tasks ranging from everyday chores, to personal
assistants, to elder care. To understand and make progress on this question, we must first
understand the capabilities and limitations of currently existing Al systems.

Deep learning [1] has emerged as the dominant paradigm in machine learning and Al It has
demonstrated considerable success in various computer vision [2|, speech recognition [3|, and
natural language tasks [4, 5, 6]. In conjunction with reinforcement learning (deep RL), it has
demonstrated success in playing games |7, 8] and controlling robots [9, 10]. In these settings,
a large randomly initialized deep learning model is trained using examples or interactions
to become proficient at the desired task. Despite these impressive feats, deep learning and
deep RL approaches suffer from two major challenges. First, they have demonstrated success
primarily in narrowly defined tasks, where training and testing happens under the same
distribution. Failure on instances even mildly different from training conditions and the
existence of adversarial examples [11] point to a lack of broad generalization and distributional
robustness in current methods. Secondly, while deep learning models can be trained from
scratch with minimal human engineering and priors, the tabula rasa learning approach makes
them extremely data hungry. Thus, there is a significant gap between the quick learning,
robustness, and adaptation capabilities of humans and that of current Al systems.

The premise of this thesis is that to achieve broad generalization and fast adaptation,
it is essential for an Al agent to draw upon prior experience and transfer inductive biases



from related domains. In this thesis, we refer to this as Domain Transfer. By drawing
upon prior experience from related domains, we avoid the tabula rasa training, and thus can
be more data efficient. Furthermore, the breadth of prior experience may enable broader
generalizations as well. In this thesis, we develop new abstractions and algorithms to enable
such domain transfer, and ultimately lead to robust and broadly competent Al systems.

A straightforward attempt at such domain transfer is pretraining — where the model is
trained on the source domain and either directly tested in the target domain, or is tested
after finetuning using limited experience in the target domain. While this is simple and
appealing, it can often fail due to the systematic discripancies (or domain gap) that exist
between the source and target domains. Since the agent is not aware of the transfer it must
eventually do, it may not learn the correct inductive biases that are amenable to transfer
or adaptation. For example, an agent trained for the task of image classification might
imbibe translation invariance from the data, since the network has to output the same object
category regardless of the location of the object in the image. Such a model might perform
very poorly for downstream robotic grasping, where the models must be very sensitive to
location of objects for an accurate grasp. Similarly, a robot that is trained to walk only from
upright configurations may learn an extremely fast walking gait, but such a gait may not
be resistant to perturbations, thereby performing very poorly in real-world conditions [12].
This all points to the observation that training Al systems on narrowly defined tasks may
lead to solutions that do not generalize broadly and might be detrimental for transfer to
new situations. In this thesis, we outline different algorithmic paradigms for learning models
with inductive biases that either directly transfer to the target domain or can be adapted
efficiently with minimal data.

1.1 Thesis Contributions and Outline

In Chapter 2, we study simulation to reality transfer for safe and sample-efficient deep
RL. Current state of the art deep RL algorithms require a prohibitively large number of
potentially dangerous samples (interactions) for physical robotic systems. To reduce the
training time and promote safety, we study transferring controllers from a physics simulator.
Data collection from a physics simulator is cheap and easy since it can be run much faster
than real-time and avoids safety concerns. However, such simulators only represent a crude
approximation of the real world, and thus solutions learned in simulation may not directly
transfer. We develop the EPOpt algorithm [13] to address this issue and promote the learning
of robust and transferable control policies. This work was published at the International
Conference on Learning Representations (ICLR) 2017 [13]. In Chapter 2.6, we present a case
study that extends this approach to show positive results on a real physical robot. This work
was published at IEEE SIMPAR 2018 [14].

In Chapter 3, we study offline RL where the goal is to learn a competent control policy
based solely on a dataset of historical interactions with the environment. Due to use of



real-world data, this avoids the systematic discrepancies that plague simulators. Since the
data has already been collected, or can be collected using some safe policies, this paradigm is
suitable for safety critical applications like healthcare, robotics, and industrial automation.
Large historical datasets are also readily available in domains like autonomous driving and
recommendation systems, where offline RL may be used to improve upon currently deployed
policies. However, offline RL is particularly challenging due to a domain shift between the
training data distribution and the induced distribution of the trained policy. Since the goal
in offline RL is to consume offline data and produce a policy that is better than the data
collection policy, the domain shift between training and deployment will necessarily occur.
To mitigate the effect of this domain shift, we introduce MOReL [15], a new algorithmic
framework that effectively leverages model-based approaches for offline RL. This work was
published in Neural Information Processing Systems (NeurIPS) 2020 [15]. MOReL achieves
state of the art results in offline RL benchmark tasks while also enjoying strong theoretical
guarantees, including a minimax optimality guarantee.

In Chapter 4, we extend model-based RL ideas from above setting to the more well
studied case of interactive RL, where the agent can interact with the environment for
additional feedback. Surprisingly, even in this well-studied setting, we observe the effects of
domain shift due to interleaving policy learning with dynamics model learning. We draw
upon insights from game theory to design stable algorithms that mitigate against domain
shift [16]. Through this endeavor, our work established that model-based RL algorithms can:
(a) be highly sample efficient; (b) match the asymptotic performance of model-free policy
gradient; (c) scale gracefully to high dimensional tasks like dexterous manipulation; and (d)
handle extended rollout horizons of several hundred timesteps. This work was published at
the International Conference on Machine Learning (ICML) 2020 [16].

In Chapter 5, we study meta-learning, where an agent learns a learning algorithm that
is capable of quickly learning in a new domain. While the previous chapters primarily focus
on transfering from a single source domain to a target domain, in meta-learning we consider
a collection of source domains and aim to learn adaptable representations for accelerating the
learning of new tasks. In this chapter, we show how to formalize meta-learning as a bi-level
optimization problem. In the outer level, we learn shared meta-parameters, while in the
inner-level, we learn task-specific deep models. Meta parameters modulate the behavior of a
task learning algorithm, and correspond to variables like weight initialization and learning
rate. After meta-learning, the meta parameters capture inductive properties and priors for
efficiently learning new tasks. A key challenge in scaling optimization based meta learning is
back-propagation through the inner level learning process. The computation and memory
costs for computing the meta gradient scale linearly with the length of the optimization
path. For example, if the learning algorithm uses 100 steps of gradient descent, the computa-
tion graph for meta parameters is 100 times the size of the deep model. Back-propagating
through such large graphs is infeasible due to memory constraints and numerical instabilities.



To address these limitations, we developed the implicit MAML algorithm [17]. Using the
concept of implicit differentiation, we prove that the meta gradient depends only on the
solution to the inner-level learning problem, and not the specific path taken by the algorithm.
Leveraging this, our implicit MAML algorithm uses only constant memory, independent of
length of optimization path. As a result, our algorithm is provably efficient in computation
and memory, provably convergent, and demonstrates strong empirical gains in benchmark
tasks. This work was published at Neural Information Processing Systems (NeurIPS) 2019 [17].

Finally, in Chapter 6, we extend the meta-learning framework from Chapter 5 to contin-
ual non-stationary task distributions. A limitation of the standard meta-learning paradigm is
that the agent’s ability to refine the learning algorithm stops after the initial meta-training
phase, and does not continue to improve over time as it encounters more tasks. Furthermore,
the quality of meta-learned algorithm is intimately tied to the task distribution, which may
drift over time. In our work on online meta-learning [18], we develop a new formulation that
presents a more realistic embodiment of the continuous learning process. In this setting,
the agent faces tasks sequentially one after the other, potentially from a non-stationary
distribution. Learning in the initial tasks may be slow, similar to learning from scratch.
As the agent experiences more tasks, the learning progressively becomes more efficient and
proficient. To achieve this, we develop the follow the meta leader (FTML) algorithm, and
prove that it has a no-regret property when competing against a very powerful comparator
class that can perform task-specific adaptation. We validated this algorithm on few-shot
vision domains, and showed that FTML can enable CNNs to recognize and predict pose of
new objects more efficiently than conventional online learning approaches. In essence, this
enables meta-learning to continuously accelerate the learning of new tasks. This work was
published in the International Conference on Machine Learning (ICML) 2019 [18].

Overall, through this thesis, we hope to establish domain transfer as an important
component of broad generalization in learning and control. We also provide abstractions and
templates to design scalable and practically efficient algorithms for domain transfer that also
enjoy strong theoretical guarantees.



Chapter 2

SIMULATION TO REALITY TRANSFER

2.1 Introduction

In the past half decade, deep reinforcement learning has demonstrated remarkable success in
a wide range of tasks including games [19, 20, 21|, simulated control problems [22, 23, 24|,
and animation [25]. However, high sample complexity remains a major challenge for direct
use of such algorithms on complex physical robots. Model-free algorithms like Q-learning,
actor-critic, and policy gradients are known to suffer from long learning times [26], which
is compounded when used in conjunction with expressive function approximators like deep
neural networks (DNNs). The challenge of gathering samples from the real world is further
exacerbated by issues of safety for the agent and environment, since sampling with partially
learned policies could be unstable [27]. Thus, model-free deep RL methods often require a
prohibitively large numbers of potentially dangerous samples for physical control tasks.

Simulation to reality (Sim2Real) transfer, where the real-world target domain is approx-
imated with a simulated source domain, has the potential to circumvent above challenges
by learning policies using cheap simulated data. Sim2Real can in principle be viewed as
a model-based RL approach, where the model class is dictated by the physical effects sup-
ported by the simulator. The principal challenge with simulated training is the systematic
discrepancy between source and target domains. We show in our experiments that such deep
RL algorithms learn policies that are highly optimized for the specific models used in the
simulator, but are brittle under model mismatch. This is unsurprising, since deep networks
are remarkably proficient at exploiting any systematic regularities in the simulator.

Thus, methods that compensate for systematic discrepancies (modeling errors) are needed
to transfer results from simulations to real world using RL. We show that the impact of such
discrepancies can be mitigated through two key ideas: (1) training on an ensemble of models
in an adversarial fashion to learn policies that are robust to parametric model errors, as well
as to unmodeled effects; and (2) adaptation of the source domain ensemble using data from
the target domain to progressively make it a better approximation. This can be viewed either
as an instance of model-based Bayesian RL [28]; or as transfer learning from a collection of
simulated source domains to a real-world target domain [29].

This chapter outlines the Ensemble Policy Optimization (EPOpt—e) algorithm for finding
policies that are robust to model mismatch. In line with model-based Bayesian RL, we learn
a policy for the target domain by alternating between two phases:



1. Given a source distribution (i.e. ensemble of models), find a robust policy that is
competent for the whole distribution.

2. Gather target domain data using the robust policy, and adapt the source distribution.

EPOpt uses an ensemble of models sampled from the source distribution, and a form of
adversarial training to learn robust policies that generalize to a broad range of models. By
robust, we mean insensitivity to parametric model errors and broadly competent performance
for direct-transfer (also referred to as jumpstart like in Taylor and Stone [29]). Direct-transfer
performance refers to the average initial performance (return) in the target domain, without
any fine-tuning on the target domain. By adversarial training, we mean that model instances
on which the policy performs poorly in the source distribution are sampled more often in order
to encourage learning of policies that perform well for a wide range of model instances. This
is in contrast to methods which learn highly optimized policies for specific model instances,
but brittle under model perturbations.

In our experiments, we did not observe significant loss in performance by requiring the
policy to work on multiple models, for example through adopting a more conservative strategy.
Further, we show that policies learned using EPOpt are robust even to effects not modeled
in the source domain. Such unmodeled effects are a major issue when transferring from
simulation to the real world. For the model adaptation step (ii), we present a simple method
using approximate Bayesian updates, which progressively makes the source distribution a
better approximation of the target domain. We evaluate the proposed methods on OpenAl
gym tasks simulated with MuJoCo [30]. Our experimental results suggest that adversarial
training on model ensembles produces robust policies which generalize better than policies
trained on a single, maximume-likelihood model alone.

2.2 Problem Formulation

We consider parametrized Markov Decision Processes (MDPs), which are tuples of the form:
M(p) =< S, A, 7,,Rp, 7, Sop > where S, A are (continuous) states and actions respectively;
T, Rp, and Sy, are the state transition, reward function, and initial state distribution
respectively, all parametrized by p; and v is the discount factor. Thus, we consider a set of
MDPs with the same state and action spaces, but each MDP in this set can have different
dynamics and reward functions. We use transition functions of the form Siy1 = T,(si, ar)
where 7, is a random process and S;;; is a random variable.

We distinguish between source and target MDPs using M and W respectively. We also
refer to M and W as source and target domains respectively, as is common in the transfer
learning literature. Our objective is to learn the optimal policy for W; and to do so, we
have access to M(p). We assume that we have a distribution (D) over the source domains
(MDPs) generated by a distribution over the parameters P = P(p) that capture our subjective



belief about the parameters of W. Let this distribution P be parametrized by 1 (e.g. mean,
standard deviation). For example, M could be a hopping task with reward proportional to
hopping velocity and falling down corresponds to a terminal state. For this task, p could
correspond to parameters like torso mass, ground friction, and damping in joints, all of which
affect the dynamics. Ideally, we would like the target domain to be in the model class, i.e.
{3p | M(p) = W}. However, in practice, there are likely to be unmodeled effects, and we
analyze this setting in our experiments. We wish to learn a policy 7 (s) that performs well
for all M ~ D. Note that this robust policy does not have an explicit dependence on p, and
we require it to perform well without knowledge of p. Our intuition is that if we can find a
highly rewarding policy while being oblivious to p, then such a policy is likely to also achieve
high rewards in the target domain.

2.3 Learning protocol and EPOpt algorithm

We follow the round-based learning protocol of Bayesian model-based RL. We use the term
rounds when interacting with the target domain, and episode when performing rollouts with
the simulator. In each round, we interact with the target domain after computing the robust
policy on the current (i.e. posterior) simulated source distribution. Following this, we update
the source distribution using data from the target domain collected by executing the robust
policy. Thus, in round ¢, we update two sets of parameters: 6;, the parameters of the robust
policy (neural network); and 1;, the parameters of the source distribution. The two key
steps in this procedure are finding a robust policy given a source distribution; and updating
the source distribution using data from the target domain. In this section, we present our
approach for both of these steps.

2.3.1 Robust policy search

We introduce the EPOpt algorithm for finding a robust policy using the source distribution.
EPOpt is a policy gradient based meta-algorithm which can use any policy optimization
algorithm as a subroutine [31, 32, 33, 12, 34|. In particular, we consider on-policy optimization
algorithms which collect a batch of trajectories by rolling out the current policy, and use these
trajectories to make a policy update. The basic structure of EPOpt is to sample a collection
of models from the source distribution, sample trajectories from each of these models, and
make a gradient update based on a subset of sampled trajectories. To describe this formally,
we first define the performance of a policy in an MDP:

T-1
> (s, ar)
t=0

Here, na(60, p) is the evaluation of my on the model M (p), with 7 being trajectories generated
by M(p) and mp: 7 = {8y, ar, 71}y where s.41 ~ Tp(se,a1), so~ Sop, 71 ~ Rp(se,ar), and

M(Q,p) = ]Ef'

p] : (2.1)



a; ~ my(sy). We can analogously also define the average performance over the source domain
distribution as:

np(0) = Epep [Mm(0,0)] = Epep |E: p|| =E;

T—1
> (s, ar)
t=0

Here, np(0) is the evaluation of my over the source domain distribution. The correspond-
ing expectation is over trajectories 7 generated by D and mp: T = {s4,as, 1}l where
Sep1 ~ Tpo (86, a1), Per1 = Des 50 ~ Sopos Tt ~ R, (51, a1), ar ~ mg(s¢), and py ~ P. With this
modified notation of trajectories, policy optimization can be invoked for policy search.

i Yo (se, at)] . (2.2

Optimizing 7p allows us to learn a policy that performs best in expectation over models
in the source domain distribution. However, this does not necessarily lead to a robust policy,
since there could be high variability in performance for different models in the distribution.
To explicitly seek a robust policy, we use a softer version of max-min objective suggested in
robust control, and optimize for the conditional value at risk (CVaR) [35]:

max / (6. p)PP)dp st P8, P) <y) =, (2.3)
F(0)

0,y

where F(0) = {p | nm(0,p) < y} is the set of parameters corresponding to models that
produce the worst € percentile of returns, and provides the limit for the integral; na (0, P) is
the random variable of returns, which is induced by the distribution over model parameters;
and € is a hyperparameter which governs the level of relaxation from max-min objective. The
interpretation is that (2) maximizes the expected return for the worst e-percentile of MDPs
in the source domain distribution. We adapt the previous policy gradient formulation to
approximately optimize the objective in (2). The resulting algorithm, which we call EPOpt-¢,
generalizes learning a policy using an ensemble of source MDPs which are sampled from a
source domain distribution.

Algorithm 1 EPOpt—€ for Robust Policy Search

1: Input: o, 0y, niter, N, €

2: for iteration i = 0,1, 2,...niter do

33 fork=1,2,...N do

4 sample model parameters p;, ~ Py,

5 sample a trajectory 7, = {s;, as, 7y, S141}i—g from M (p;) using policy 7(6;)
6: end for
7
8

compute @, = ¢ percentile of { R(7)}_,
. select sub-set T = {7 : R(1) < Q.}
9:  Update policy: ;11 = PolicyUpdate(6;, T)
10: end for




In Algorithm 1, R(7) = ZtT:Bl y'ryx denotes the discounted return obtained in trajectory
sample 7. In line 7, we compute the e—percentile value of returns from the N trajectories.
In line 8, we find the subset of sampled trajectories which have returns lower than ().. Line 9
calls one step of an underlying policy optimization subroutine on the subset of trajectories
from line 8. For the CVaR objective, it is important to use a good baseline for the value
function. [35] show that without a baseline, the resulting policy gradient is biased and not
consistent. We use a linear function as the baseline with a time varying feature vector to
approximate the value function, similar to [36]. The parameters of the baseline are estimated
using only the subset of trajectories with return less than ). We found that this approach
led to empirically good results.

For small values of €, we observed that using the sub-sampling step from the beginning
led to unstable learning. Policy gradient methods adjust parameters of policy to increase
probability of trajectories with high returns and reduce probability of poor trajectories.
EPOpt—e due to the sub-sampling step emphasizes penalizing poor trajectories more. This
might constrain the initial exploration needed to find good trajectories. Thus, we initially use a
setting of € = 1 for few iterations before setting epsilon to the desired value. This corresponds
to exploring initially to find promising trajectories and rapidly reducing probability of
trajectories that do not generalize.

2.3.2  Adapting the source domain distribution

In line with model-based Bayesian RL, we can adapt the ensemble distribution after observing
trajectory data from the target domain. The Bayesian update can be written as:

T-1
1 1
P(Pln) = - x B(ne|P) x B(P) = — x [[ P(Si1 = sh[st", 0".p) x P(P =), (24)
t=0

where % is the partition function (normalization) required to make the probabilities sum to

T
1, Si;q is the random variable representing the next state, and (sgk), agk), sgf%)
t=0

observed along trajectory 7,. We try to explain the target trajectory using the stochasticity
in the state-transition function, which also models sensor errors. This provides the following
expression for the likelihood:

are data

P(Se41st, ar, p) = Tp(se, ar). (2.5)

We follow a sampling based approach to calculate the posterior, by sampling a set of model
parameters: p; = [p1,p2, - .., py] from a sampling distribution, Pg(p;). Consequently, using
Bayes rule and importance sampling, we have:

P(pi| k) oc L(7k|pi) ¥ (2.6)
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where Pp(p;) is the probability of drawing p; from the prior distribution; and L£(7¢|p;) is the
likelihood of generating the observed trajectory with model parameters p;. The weighted
samples from the posterior can be used to estimate a parametric model, as we do in this
paper. Alternatively, one could approximate the continuous probability distribution using
discrete weighted samples like in case of particle filters. In cases where the prior has very
low probability density in certain parts of the parameter space, it might be advantageous
to choose a sampling distribution different from the prior. The likelihood can be factored
using the Markov property as: L(7x|p;) = [[, P(Si1 = siﬂ\s,ﬁ’“), agk),pi). This simple model
adaptation rule allows us to illustrate the utility of EPOpt for robust policy search, as well
as its integration with model adaptation to learn policies in cases where the target model

could be very different from the initially assumed distribution.

2.4 Experiments

We evaluated the proposed EPOpt-¢ algorithm on the 2D hopper [37] and half-cheetah [38]
benchmarks using the MuJoCo physics simulator [30].! Both tasks involve complex second
order dynamics and direct torque control. Underactuation, high dimensionality, and contact
discontinuities make these tasks challenging reinforcement learning benchmarks. These
challenges when coupled with systematic parameter discrepancies can quickly degrade the
performance of policies and make them unstable, as we show in the experiments. The policy
optimization sub-routine is implemented using TRPO. We parametrize the stochastic policy
using the scheme presented in [33]. The policy is represented with a Gaussian distribution,
the mean of which is parametrized using a neural network with two hidden layers. Each
hidden layer has 64 units, with a tanh non-linearity, and the final output layer is made of
linear units. Normally distributed independent random variables are added to the output
of this neural network, and we also learn the standard deviation of their distributions. Our
experiments are aimed at answering the following questions:

1. How does the performance of standard policy search methods (like TRPO) degrade in
the presence of systematic physical differences between the training and test domains, as
might be the case when training in simulation and testing in the real world?

2. Does training on a distribution of models with EPOpt improve the performance of the
policy when tested under various model discrepancies, and how much does ensemble
training degrade overall performance (e.g. due to acquiring a more conservative strategy)?

3. How does the robustness of the policy to physical parameter discrepancies change when
using the robust EPOpt-¢ variant of our method?

!Supplementary video: https://youtu.be/wi1YJ9vwaoto
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4. Can EPOpt learn policies that are robust to unmodeled effects — that is, discrepancies in
physical parameters between source and target domains that do not vary in the source
domain ensemble?

5. When the initial model ensemble differs substantially from the target domain, can the
ensemble be adapted efficiently, and how much data from the target domain is required
for this?

In all the comparisons, performance refers to the average undiscounted return per trajectory
or episode (we consider finite horizon episodic problems). In addition to the previously defined
performance, we also use the 10" percentile of the return distribution as a proxy for the
worst-case return.

2.4.1 Comparison to Standard Policy Search

In Figure 2.1, we evaluate the performance of standard TRPO and EPOpt(e = 0.1) on the
hopper task, in the presence of a simple parametric discrepancy in the physics of the system
between the training (source) and test (target) domains. The plots show the performance
of various policies on test domains with different torso mass. The first three plots show
policies that are each trained on a single torso mass in the source domain, while the last plot

—— Ensemble

3 4 5 6 7 8 9 3 4 5 6 7 8 9 3 4 5 6 7 8 9 3 4 5 6 7 8 9
Torso Mass Torso Mass Torso Mass Torso Mass

Figure 2.1: Performance of hopper policies when testing on target domains with different
torso masses. The first three plots (blue, green, and red) show the performance of policies
trained with TRPO on source domains with torso mass 3, 6, and 9, respectively (denoted by
m = in the legend). The rightmost plot shows the performance of EPOpt(e = 0.1) trained
on a Gaussian source distribution with mean mass ;1 = 6 and standard deviation o = 1.5.
The shaded regions show the 10" and 90" percentile of the return distribution. Policies
trained using traditional approaches on a single mass value are unstable for even slightly
different masses, making the hopper fall over when trying to move forward. In contrast, the
EPOpt policy is stable and achieves a high level of performance on the entire range of masses
considered. Further, the EPOpt policy does not suffer from degradation in performance as a
consequence of adopting a more robust policy.
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illustrates the performance of EPOpt, which is trained on a Gaussian mass distribution. The
results show that no single torso mass value produces a policy that is successful in all target
domains. However, the EPOpt policy succeeds almost uniformly for all tested mass values.
Furthermore, the results show that there is almost no degradation in the performance of
EPOpt for any mass setting, suggesting that the EPOpt policy does not suffer substantially
from adopting a more robust strategy.

2.4.2  Analysis of Robustness

Next, we analyze the robustness of policies trained using EPOpt on the hopper domain.
For this analysis, we construct a source distribution which varies four different physical
parameters: torso mass, ground friction, foot joint damping, and joint inertia (armature).
This distribution is presented in Table 2.1. Using this source distribution, we compare
between three different methods: (1) standard policy search (TRPO) trained on a single
model corresponding to the mean parameters in Table 2.1; (2) EPOpt(e = 1) trained on
the source distribution; (3) EPOpt(e = 0.1) — i.e. the adversarially trained policy, again
trained on the previously described source distribution. The aim of the comparison is to study
direct-transfer performance, similar to the robustness evaluations common in robust controller
design [39]. Hence, we learn a policy using each of the methods, and then test policies on
different model instances (i.e. different combinations of physical parameters) without any
adaptation. The results of this comparison are summarized in Figure 2.2, where we present
the performance of the policy for testing conditions corresponding to different torso mass and
friction values, which we found to have the most pronounced impact on performance. The

Maximum Likelihood EPOpt(e=1) EPOpt(e=0.1)

15 15 15 3600
1.6 1.6 1.6
1.7 1.7 1.7 3000
1.8 1.8 1.8 2400
g 1.9 1.9 1.9
s 2.0 2.0 2.0 1800
g 2.1 2.1 2.1
w 2.2 2.2 2.2 1200
2.3 2.3 2.3
2.4 2.4 2.4 600
2.5 2.5 2.5 0
QOMNWOFOON®S O QUNOITOON®SO CQOVMNOTOON®T O
MATEINO O NN®©R MATF NGO O N NOR MM N OO NNGN
Torso Mass

Figure 2.2: On the left, is an illustration of the simulated 2D hopper task studied in this paper.
On right, we depict the performance of policies for various model instances of the hopper task.
The performance is depicted as a heat map for various model configurations, parameters of
which are given in the x and y axis. The adversarially trained policy, EPOpt(e = 0.1), is
observed to generalize to a wider range of models and is more robust. Table 2.1.
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results indicate that EPOpt(e = 0.1) produces highly robust policies. A similar analysis for
the 10" percentile of the return distribution (softer version of worst-case performance), the
half-cheetah task, and different e settings are presented in the appendix.

2.4.8 Robustness to Unmodeled Effects

To analyze the robustness to unmodeled effects, our next experiment considers the setting
where the source domain distribution is obtained by varying friction, damping, and armature
as in Table 2.1, but does not consider a distribution over torso mass. Specifically, all models
in the source domain distribution have the same torso mass (value of 6), but we will evaluate
the policy trained on this distribution on target domains where the torso mass is different.
Figure 2.3 indicates that the EPOpt(e = 0.1) policy is robust to a broad range of torso masses
even when its variation is not considered. However, as expected, this policy is not as robust
as the case when mass is also modeled as part of the source domain distribution.

4000

Table 2.1: Initial source domain distribution 35001

3000

. & 2500

Hopper I o low  high é oo

mass 60 15 30 90 § 1500

ground friction 2.0 0.25 15 25 1000

joint damping 2.5 1.0 1.0 4.0 — Wesimumkebhood

armature 1.0 0.25 05 1.5 °3 4 5 6 7 8 °

Torso Mass

Half-Cheetah o low  high

mass 6.0 1.5 3.0 9.0 Figure 2.3: Comparison between policies
ground friction 0.5 0.1 03 0.7 trained on a fixed mazimum-likelihood model
joint damping 1.5 05 05 25 with mass (6), and an ensemble where all
armature 0.125 0.04 0.06 0.2 models have the same mass (6) and other pa-

rameters varying as described in Table 2.1.

2.4.4 Model Adaptation

The preceding experiments show that EPOpt can find robust policies, but the source distri-
bution in these experiments was chosen to be broad enough such that the target domain is
not too far from high-density regions of the distribution. However, for real-world problems,
we might not have the domain knowledge to identify a good source distribution in advance.
In such settings, model (source) adaptation allows us to change the parameters of the source
distribution using data gathered from the target domain. Additionally, model adaptation
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is helpful when the parameters of the target domain could change over time, for example
due to wear and tear in a physical system. To illustrate model adaptation, we performed
an experiment where the target domain was very far from the high density regions of the
initial source distribution, as depicted in Figure 2.4(a). In this experiment, the source
distribution varies the torso mass and ground friction. We observe that progressively, the
source distribution becomes a better approximation of the target domain and consequently
the performance improves. In this case, since we followed a sampling based approach, we
used a uniform sampling distribution, and weighted each sample with the importance weight
as described in Section 3.2. Eventually, after 10 iterations, the source domain distribution is
able to accurately match the target domain. Figure 2.4(b) depicts the learning curve, and
we see that a robust policy with return more than 2500, which roughly corresponds to a
situation where the hopper is able to move forward without falling down for the duration of
the episode, can be discovered with just 5 trajectories from the target domain. Subsequently,
the policy improves near monotonically, and EPOpt finds a good policy with just 11 episodes
worth of data from the target domain. In contrast, to achieve the same level of performance
on the target domain, completely model-free methods like TRPO would require more than
2 x 10* trajectories when the neural network parameters are initialized randomly.

Iteration O Iteration 1

3.0
3500

2.5 4 L
30004

2.0 4 L
2500
1.5 X 1 X r

. lteration 2 | . Iteration 7 |

Friction
Performance
= N
w o
o o
o o

2.5 1 r 1000
2.0 1 L 500 4
15 O X

0 5 10 15 20 0 5 10 15 20

0 2 4 6 8 10
Iterations

Torso Mass
(a) (b)

Figure 2.4: (a) Visualizes the source distribution during model adaptation on the hopper
task, where mass and friction coefficient are varied in the source domain. The red cross
indicates the unknown parameters of the target domain. The contours in the plot indicate
the distribution over models (we assume a Gaussian distribution). Lighter colors and more
concentrated contour lines indicate regions of higher density. Each iteration corresponds
to one round (episode) of interaction with the target domain. The high-density regions
gradually move toward the true model, while maintaining probability mass over a range of
parameters which can explain the behavior of target domain. Figure 2.4(b) presents the
corresponding learning curve, where the shaded region describes the 10th and 90th percentiles
of the performance distribution, and the solid line is the average performance.
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2.5 Relationship to Prior Work

Robust control is a branch of control theory which formally studies development of robust
policies 39, 40, 41]. However, typically no distribution over source or target tasks is assumed,
and a worst case analysis is performed. Most results from this field have been concentrated
around linear systems or finite MDPs, which often cannot adequately model complexities of
real-world tasks. The set-up of model-based Bayesian RL maintains a belief over models for
decision making under uncertainty [42, 28|. In Bayesian RL, through interaction with the
target domain, the uncertainty is reduced to find the correct or closest model. Application
of this idea in its full general form is difficult, and requires either restrictive assumptions
like finite MDPs [43], gaussian dynamics [44], or task specific innovations. Previous methods
have also suggested treating uncertain model parameters as unobserved state variables in
a continuous POMDP framework, and solving the POMDP to get optimal exploration-
exploitation trade-off [45, 46]. While this approach is general, and allows automatic learning
of epistemic actions, extending such methods to large continuous control tasks like those
considered in this paper is difficult.

Risk sensitive RL methods [47, 35| have been proposed to act as a bridge between robust
control and Bayesian RL. These approaches allow for using subjective model belief priors,
prevent overly conservative policies, and enjoy some strong guarantees typically associated
with robust control. However, their application in high dimensional continuous control tasks
have not been sufficiently explored. We refer readers to Garcia and Fernandez [27] for a
survey of related risk sensitive RL methods in the context of robustness and safety.

Standard model-based control methods typically operate by finding a maximum-likelihood
estimate of the target model [48, 49, 50|, followed by policy optimization. Use of model
ensembles to produce robust controllers was explored recently in robotics. Mordatch et al. [51]
use a trajectory optimization approach and an ensemble with small finite set of models; whereas
we follow a sampling based direct policy search approach over a continuous distribution of
uncertain parameters, and also show domain adaptation. Sampling based approaches can
be applied to complex models and discrete MDPs which cannot be planned through easily.
Similarly, Wang et al. [52] use an ensemble of models, but their goal is to optimize for average
case performance as opposed to transferring to a target MDP. Wang et al. [52| use a hand
engineered policy class whose parameters are optimized with CMA-ES. EPOpt on the other
hand can optimize expressive neural network policies directly. In addition, we show model
adaptation, effectiveness of the sub-sampling step (¢ < 1 case), and robustness to unmodeled
effects, all of which are important for transfering to a target MDP.

Learning of parametrized skills [53] is also concerned with finding policies for a distribution
of parametrized tasks. However, this is primarily geared towards situations where task
parameters are revealed during test time. Our work is motivated by situations where target
task parameters (e.g. friction) are unknown. A number of methods have also been suggested
to reduce sample complexity when provided with either a baseline policy [54, 55|, expert
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demonstration [56, 57|, or approximate simulator [58, 59]. These are complimentary to our
work, in the sense that our policy, which has good direct-transfer performance, can be used
to sample from the target domain and other off-policy methods could be explored for policy
improvement.

2.6 Hardware Case Study: Non-Prehensile Manipulation with EPOpt

In a follow up project [14], we employed simulation to reality transfer with EPOPt on
a manipulation task involving a physical robot. In particular, we studied non-prehensile
object manipulation, which refers to the setting where the object to be manipulated is not
under grasp or force closure. Due to the lack of a stable grasp, non-prehensile manipulation
remains a challenging control problem in robotics. In this work, we focus on a particularly
challenging system using three Phantom robots as fingers. These are haptic robots that are
torque-controlled and have higher bandwidth than the fingers of existing robotic hands. In
terms of speed and compliance (but not strength), they are close to the capabilities of the
human hand. This makes them harder to control, especially in nonprehensile manipulation
tasks where the specifics of each contact event and the balance of contact forces exerted on
the object are very important and need to be considered by the controller in some form.
Figure 2.5 presents an illustration of the task we consider. We use the MuJoCo [30]
simulator to model the dynamics of the environment and use a physically consistent system

w

Figure 2.5: (Left) [lustration of the physical phantom robot and the simulated counterpart.
We use PhaseSpace markers for tracking the robot and object. The location of the markers
along with kinematic information can be used to infer the robot pose. (Right) Illustration
of the task setup where three phantom robots must operate together to manipulate the
cylindrical object. The task involves moving the object along a desired trajectory.
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identification process [60] for parameter estimation to obtain a nominal dynamics model. As
the manipulator is non-prehensile, we do not use any demonstrations or guide the policy
search. To facilitate transfer to hardware, we also avoid the use of an estimator (i.e. the
use of a model to predict state like a Kalman filter) by learning a function that directly
converts from sensor values to motor torques. The policy is then transfered to the hardware
for evaluation. We show that even for incorrect models used during training, good transfer is
achieved by using an ensemble of models. A summary of results in presented in Figure 2.6,
and additional details about this project can be found in the publication of Lowrey et al. [14].

Policy Trained w/ Correct Mass (Sim) Policy Trained w/ Extra Mass (Sim) Policy Trained w/ Ensembled Mass (Sim) Mean Distance from Path (Sim)
aosor 0080 o7

Distance from Goal

Time
Mean Distance from Path (HW)

Figure 2.6: 10 rollouts are performed where the target position of the object is the path that
spirals from the center outward (in black) and then performs a full circular sweep (the plots
represent a top-down view). We compare three differently trained policies: one where the
mass of the object cylinder is 0.34kg, one where the mass is increased by 20 percent (to 0.4kg),
and finally, we train a policy with the incorrect mass, but add model noise (at standard
deviation 0.03) during training to create an ensemble. We evaluate these policies on the
correct (0.34kg) mass in both simulation and on hardware. In both, the policy trained with
the incorrect mass does not track the goal path, sometimes even losing the object. We also
calculate the per time-step error from the goal path, averaged from all 10 rollouts (right-most
plots); there is usually a non-zero error between the object and the reference due to the
feedback policy having to 'catch up’ to the reference.
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2.7 Chapter Summary

In this chapter, we discussed our work in simulation to reality transfer with emphasis on our
EPOpt algorithm. EPOpt enables training of robust policies, and supports an adversarial
training regime designed to provide good direct-transfer performance. We also describe
how our approach can be combined with Bayesian model adaptation to adapt the source
domain ensemble to a target domain using a small amount of target domain experience. Our
experimental results demonstrate that the ensemble approach provides for highly robust
and generalizable policies in fairly complex simulated robotic tasks. Our experiments also
demonstrate that Bayesian model adaptation can produce distributions over models that lead
to better policies on the target domain than more standard maximum likelihood estimation,
particularly in presence of unmodeled effects.

Although our method exhibits good generalization performance, the adaptation algorithm
we use currently relies on sampling the parameter space, which is computationally intensive as
the number of variable physical parameters increase. We observed that (adaptive) sampling
from the prior leads to fast and reliable adaptation if the true model does not have very
low probability in the prior. However, when this assumption breaks, we require a different
sampling distribution which could produce samples from all regions of the parameter space.
This is a general drawback of Bayesian adaptation methods. In future work, we plan to explore
alternative sampling and parameterization schemes, including non-parametric distributions.
An eventual end-goal would be to replace the physics simulator entirely with learned Bayesian
neural network models, which could be adapted with limited data from the physical system.
These models could be pre-trained using physics based simulators like MuJoCo to get a
practical initialization of neural network parameters. Such representations are likely useful
when dealing with high dimensional inputs like simulated vision from rendered images or tasks
with complex dynamics like deformable bodies, which are needed to train highly generalizable
policies that can successfully transfer to physical robots acting in the real world.

Finally, on a historical note, our work was among the first to introduce the idea of using
multiple (ensembles) simulated models to gain policy robustness and enable transfer to robotic
hardware. Since the publication of our work, this broad research theme has gained major
prominence in robot learning under the name or domain randomization [61]. In addition
to considering multiple models that capture our uncertainty about physics parameters, the
rendering characteristics of the simulator can also be randomized encouraging the learning of
visuo-motor policies that are robust to various visual distractor effects. Such policies can be
more robust to variations in colors, textures, and lighting conditions. Such a combination
of model ensembles that encourages robustness to both variations in physical conditions as
well as visual characteristics have been successful in learning RL policies for grasping [62],
whole-arm manipulation [63, 64|, locomotion [65, 66|, and dexterous manipulation [67].
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Chapter 3
OFFLINE REINFORCEMENT LEARNING

3.1 Introduction

In the previous chapter, we discussed approaches that can benefit from large scale simulated
data collection, and enable transfer to a desired target domain, typically the real world.
Nevertheless, due to lack of real-world data collection, this approach is fundamentally limited
by the capabilities of the simulator. To mitigate against the systematic discrepancies between
the simulator and target domain, and to enable the learning of better policies, in this chapter
we study the possibility of reusing large scale offline datasets for RL.

The fields of computer vision and NLP have seen tremendous advances by utilizing large-
scale offline datasets [68, 69, 70| for training and deploying deep learning models |2, 3, 4, 5].
In contrast, reinforcement learning (RL) [71] is typically viewed as an online learning process.
The RL agent iteratively collects data through interactions with the environment while
learning the policy. Unfortunately, a direct embodiment of this trial and error learning is
often inefficient and feasible only with a simulator [10, 72, 21]. Similar to progress in other
fields of AI, the ability to learn from offline datasets may hold the key to unlocking the sample
efficiency and widespread use of RL agents.

Offline RL, also known as batch RL [73], involves learning a highly rewarding policy using
only a static offline dataset collected by one or more data logging (behavior) policies. Since the
data has already been collected, offline RL abstracts away data collection or exploration, and
allows prime focus on data-driven learning of policies. This abstraction is suitable for safety
sensitive applications like healthcare and industrial automation where careful oversight by a
domain expert is necessary for taking exploratory actions or deploying new policies |74, 75].
Additionally, large historical datasets are readily available in domains like autonomous driving
and recommendation systems, where offline RL may be used to improve upon currently
deployed policies.

Due to use of static dataset, offline RL faces unique challenges. Over the course of learning,
the agent has to evaluate and reason about various candidate policy updates. This offline
policy evaluation is particularly challenging due to deviation between the state visitation
distribution of the candidate policy and the logging policy. Furthermore, this difficulty is
exacerbated over the course of learning as the candidate policies increasingly deviate from
the logging policy. This change in distribution, as a result of policy updates, is typically
called distribution shift and constitutes a major challenge in offline RL. Recent studies show
that directly using off-policy RL algorithms with an offline dataset yields poor results due
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Figure 3.1: (a) [llustration of the offline RL paradigm. (b) Illustration of our framework, MOReL,
which learns a pessimistic MDP (P-MDP) from the dataset and uses it for policy search.
(c) Ilustration of the P-MDP, which partitions the state-action space into known (green)
and unknown (orange) regions, and also forces a transition to a low reward absorbing state
(HALT) from unknown regions. Blue dots denote the support in the dataset. Function
approximation and generalization allows us to learn about states not numerically identical to
data support. See algorithm 2 for more details.
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to distribution shift and function approximation errors |76, 77, 78|. To overcome this, prior
works have proposed modifications like Q-network ensembles [76, 79] and regularization
towards the data logging policy [80, 77, 79]. Most notably, prior work in offline RL has been
confined almost exclusively to model-free methods [81, 76, 77, 80, 78, 79, 82].

Model-based RL (MBRL) presents an alternate set of approaches involving the learning
of approximate dynamics models which can subsequently be used for policy search. MBRL
enables the use of generic priors like smoothness and physics [83] for model learning, and a
wide variety of planning algorithms [84, 85, 86, 87, 34|. As a result, MBRL algorithms have
been highly sample efficient for online RL [16, 88]. However, direct use of MBRL algorithms
with offline datasets can prove challenging, again due to the distribution shift issue. In
particular, since the dataset may not span the entire state-action space, the learned model
is unlikely to be globally accurate. As a result, planning using a learned model without
any safeguards against model inaccuracy can result in “model exploitation” [89, 90, 88, 16],
yielding poor results [50]. In this context, we study the pertinent question of how to effectively
regularize and adapt model-based methods for offline RL.

Our Contributions: The principal contribution of our work is the development of MOReL:
Model-based Offline Reinforcement Learning, a novel model-based framework for offline
RL (see figure 3.1 for an overview). MOReL enjoys rigorous theoretical guarantees, enables
transparent algorithm design, and offers state of the art (SOTA) results on widely studied
offline RL benchmarks.
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e MOReL consists of two modular steps: (a) learning a pessimistic MDP (P-MDP) using the
offline dataset; and (b) learning a near-optimal policy for the P-MDP. For any policy,
the performance in the true MDP (environment) is approximately lower bounded by the
performance in the P-MDP, making it a suitable surrogate for purposes of policy evaluation
and learning. This also guards against model exploitation, which often plagues MBRL.

e The P-MDP partitions the state space into “known” and “unknown” regions, and uses a
large negative reward for unknown regions. This provides a regularizing effect during policy
learning by heavily penalizing policies that visit unknown states. Such a regularization
in the space of state visitations, afforded by a model-based approach, is particularly well
suited for offline RL. In contrast, model-free algorithms |77, 79] are forced to regularize the
policies directly towards the data logging policy, which can be overly conservative.

e Theoretically, we establish upper bounds for the sub-optimality of a policy learned
with MOReL, and a lower-bound for the sub-optimality of a policy learnable by any offline
RL algorithm. We find that these bounds match upto log factors, suggesting that MOReL is
nearly minimax optimal.

e We evaluate MOReL on standard benchmark tasks used for offline RL. MOReL obtains SOTA
results in 12 out of 20 environment-dataset configurations, and performs competitively in
the rest. In contrast, the best prior algorithm [79] obtains SOTA results in only 5 (out of
20) configurations.

3.2 Related Work

Offline RL dates to at least the work of Lange et al. [73|, and has applications in healthcare [91,
92, 93], recommendation systems 94, 95, 96, 97|, dialogue systems [98, 80, 99|, and autonomous
driving [100]. Algorithms for offline RL typically fall under three categories. The first approach
utilizes importance sampling and is popular in contextual bandits [101, 94, 95|. For full
offline RL, Liu et al. [102] perform planning with learned importance weights [103, 104, 105]
while using a notion of pessimism for regularization. However, Liu et al. [102] don’t explicitly
consider generalization and their guarantees become degenerate if the logging policy does not
span the support of the optimal policy. In contrast, our approach accounts for generalization,
leads to stronger theoretical guarantees, and obtains SOTA results on challenging offline RL
benchmarks. The second, and perhaps most popular approach is based on approximate
dynamic programming (ADP). Recent works have proposed modification to standard
ADP algorithms [106, 19, 22, 107| towards stabilizing Bellman targets with ensembles |78,
76, 80| and regularizing the learned policy towards the data logging policy [76, 77, 79]. ADP-
based offline RL has also be studied theoretically [87, 108|. However, these works again don’t
study the impact of support mismatch between logging policy and optimal policy. Finally,
model-based RL has been explored only sparsely for offline RL in literature [50, 109]
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(see appendix for details). The work of Ross and Bagnell [50] considered a straightforward
approach of learning a model from offline data, followed by planning. They showed that this
can have arbitrarily large sub-optimality. In contrast, our work develops a new framework
utilizing the notion of pessimism, and shows both theoretically and experimentally that
MBRL can be highly effective for offline RL. Concurrent to our work, Yu et al. [110] also
study a model-based approach to offline RL.

A cornerstone of MOReL is the P-MDP which partitions the state space into known and
unknown regions. Such a hard partitioning was considered in early works like E? [111],
R-MAX [112], and metric-E? [113], but was not used to encourage pessimism. Similar ideas
have been explored in related settings like online RL [114, 115] and imitation learning [116].
Our work differs in its focus on offline RL, where we show the P-MDP construction plays
a crucial role. Moreover, direct practical instantiations of £® and metric-E? with function
approximation have remained elusive.

3.3 Problem Formulation

A Markov Decision Process (MDP) is represented by M = {S, A,r, P, po, v}, where, S
is the state-space, A is the action-space, 7 : S X A — [— Rumax, Rmax| 18 the reward function,
P:SxAxS— R, is the transition kernel, pg is the initial state distribution, and v the
discount factor. A policy defines a mapping from states to a probability distribution over
actions, m: S X A — R,. The goal is to obtain a policy that maximizes expected performance
with states sampled according to pg, i.e.:

max Jy (1, M) = Eoepy [V7(s, M)], where, V7(s, M)

E 77“ St, Qg |so—3].

(3.1)
To avoid notation clutter, we suppress the dependence on p, when understood from context,
ie. J(m, M) = J,,(m, M). We denote the optimal policy using 7* := arg max, J,, (7, M).
Typically, a class of parameterized policies my € I1(©) are considered, and the parameters 6
are optimized.

In offline RL, we are provided with a static dataset of interactions with the environment
consisting of D = {(s;, a;, 74, s;)}X,. The data can be collected using one or more logging
(or behavioral) policies denoted by . We do not assume logging policies are known in our
formulation. Given D, the goal in offline RL is to output a m,,; with minimal sub-optimality,
ie. J(m*, M) — J(mou, M). In general, it may not be possible to learn the optimal policy
with a static dataset (see section 3.5). Thus, we aim to design algorithms that would result
in as low sub-optimality as possible.

Model-Based RL (MBRL) involves learning an MDP M = {S, A,r, P, Po, Y} which
uses the learned transitions P instead of the true transition dynamics P. In this paper, we
assume the reward function is known and use it in M. If r(-) is unknown, it can also be
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learned from data. The initial state distribution gy can either be learned from the data or
po can be used if known. Analogous to M, we use J; (7, M) or simply J(m, M) to denote
performance of 7 in M.

3.4 Algorithmic Framework

For ease of exposition and clarity, we first begin by presenting an idealized version of MOReL,
for which we also establish theoretical guarantees. Subsequently, we describe a practical
version of MOReL that we use in our experiments. Algorithm 2 presents the broad framework
of MOReL. We now study each component of MOReL in greater detail.

Algorithm 2 MOReL: Model Based Offline Reinforcement Learning

Require Dataset D

Learn approximate dynamics model P:SxA—S using D.

Construct a-USAD, U*: S x A — {TRUE, FALSE} using D (see Definition 1).
Construct the pessimistic MDP Mp = {SUHALT, A, r,, Pp, po,v} (see Definition 2).
(OPTIONAL) Use a behavior cloning approach to estimate the behavior policy 7.
Tout < PLANNER(M,,, Tini = )

Return 7.

Learning the dynamics model: The first step involves using the offline dataset to learn
an approximate dynamics model ]5(-|s, a). This can be achived through maximum likelihood
estimation or other techniques from generative and dynamics modeling [117, 118, 119|. Since
the offline dataset may not span the entire state space, the learned model may not be globally
accurate. So, a naive MBRL approach that directly plans with the learned model may
over-estimate rewards in unfamiliar parts of the state space, resulting in a highly sub-optimal
policy [50]. We overcome this with the next step.

Unknown state-action detector (USAD): We partition the state-action space into
known and unknown regions based on the accuracy of learned model as follows.

Definition 1. (a-USAD) Given a state-action pair (s,a), define an unknown state action
detector as:

v {FALSE (i.e. Known) if Dry (p(-|5,a),P(-|s,a)) < a can be guaranteed
s,a) =

TRUE (i.e. Unknown) otherwise
(3.2)
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Here Dpy (]5(\3, a), P(-s, a)) denotes the total variation distance between P(-|s,a) and

P(-]s,a). Intuitively, USAD provides confidence about where the learned model is accurate.
It flags state-actions for which the model is guarenteed to be accurate as “known”, while
flagging state-actions where such a guarantee cannot be ascertained as “unknown”. Note that
USAD is based on the ability to guarantee the accuracy, and is not an inherent property of
the model. In other words, there could be states where the model is actually accurate, but
flagged as unknown due to the agent’s inability to guarantee accuracy. Two factors contribute
to USAD’s effectiveness: (a) data availability: having sufficient data points “close” to the
query; (b) quality of representations: certain representations, like those based on physics, can
lead to better generalization guarantees. This suggests that larger datasets and research in
representation learning can potentially enable stronger offline RL results.

Pessimistic MDP construction: We now construct a pessimistic MDP (P-MDP) using
the learned model and USAD, which penalizes policies that venture into unknown parts of
state-action space.

Definition 2. The («a, k)-pessimistic MDP is described by Mp = {SUHALT, A, r, Pp, Po, Y}
Here, S and A are states and actions in the MDP M. HALT is an additional absorbing
state we introduce into the state space of Mp. po 1S the initial state distribution learned from
the dataset D. ~y is the discount factor (same as M). The modified reward and transition
dynamics are given by:

if U%(s,a) = TRUE
A, d(s" = HALT) (s,a) —K if s = HALT
P,(s']s,a) = or s=HALT rp(s,a) = _
. _ r(s,a) otherwise
P(s|s,a) otherwise

d(s" = HALT) is the Dirac delta function, which forces the MDP to transition to the
absorbing state HALT. For unknown state-action pairs, we use a reward of —x, while all
known state-actions receive the same reward as in the environment. The P-MDP heavily
punishes policies that visit unknown states, thereby providing a safeguard against distribution
shift and model exploitation.

Planning: The final step in MOReL is to perform planning in the P-MDP defined above. For
simplicity, we assume a planning oracle that returns an e,-sub-optimal policy in the P-MDP.
A number of algorithms based on MPC [84, 120], search-based planning [121, 86], dynamic
programming [19, 87|, or policy optimization [34, 107, 12, 122] can be used to approximately
realize this.
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3.5 Theoretical Results
In order to state our results, we begin by defining the notion of hitting time.

Definition 3. (Hitting time) Given an MDP M, starting state distribution pg, state-action
pair (s,a) and a policy m, the hitting time T(’; a) 18 defined as the random variable denoting
the first time action a is taken at state s by m on M, and is equal to oo if a is never taken by

7 from state s. For a set of state-action pairs S C S x A, we define TS i min(s q)es T(T,; o)

We are now ready to present our main result with the proofs deferred to the appendix.

Theorem 1. (Policy value with pessimism) The value of any policy © on the original MDP
M and its (o, Rmax)-pessimistic MDP M, satisfies:

~ ZRmax ~ 27Rmaz 2Rma9€ 7
J- > J _ .D — S a— -E d
(T M) 2 (M) = T2 Drvlpo fo) = 723 - = T2 - E ] an
2Rmax ~ 27Rmax

Jﬁo(ﬂ, Mp) < Jpo (7T7 M) + ' DTV(pO’ PO) - W -

L —x

where T} denotes the hitting time of unknown states U &f {(s,a) : U*(s,a) = TRUE} by
policy 7w in MDP M.

Theorem 1 can be used to bound the suboptimality of output policy 7y, of Algorithm 2.

Corollary 1. Suppose PLANNER in Algorithm 2 returns an €, sub-optimal policy. Then,
we have

4R 00
JPO (7T*,M) - Jpo(ﬂoutaM) <ér+ 1

~ 47Rmam 2R s Tr*
- 'DTV(PO,PO)+W'Q+ =~ 'E[Vu }

Theorem 1 indicates that the difference in any policy 7’s value in the (o, Rpax) pes-
simistic MDP Mp and the original MDP M depends on: i) the total variation distance
between the true and learned starting state distribution Dy (po, po), i) the maximum total
variation distance o between the learned model P(-|s,a) and the true model P(-|s,a) over
all known states i.e., {(s,a)|U%(s,a) = FALSE} and, iii) the hitting time T} of unknown
states U on the original MDP M under the optimal policy 7*. As the dataset size increases,
Drv(po, po) and o approach zero, indicating E [WTJ*] determines the sub-optimality in the
limit. For comparison to prior work, Lemma 4 in Appendix B.1 bounds this quantity in
terms of state-action visitation distribution, which for a policy 7 on M is expressed as
d™M(s, a) of (1 =) > 2oV P(st = s,a; = a|sy ~ po, ™, M). Furthermore, we can also show
that MOReL learns a policy that improves over the behavioral policy with high probability.
The following lemma presents both of these results:
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Lemma 1. (Upper bound; MOReL improves over the behavioral policy) Suppose pomin >
0, Pmin > 0 and d}', > 0 are the smallest non-zero elements of initial distribution py,
state transition probabilities P(-|s,a), and discounted state probability distribution d™™ (s, a)

respectively. If the dataset D consists of n > ﬁbc

min

5 -log M}rb independent trajectories sampled

according to a behavior policy m, with initial distribution pgy, then the output 7, of Algorithm 2
satisfies:

T oo (T, M) — T (Tout, M) < €7 + €, and

2Rma$ o 2Rmax *
Joo (%, M) = Ty (Tout, M) < € + 1 ‘E [WT“ ] +eén <6t W -d" ’M(u) + €n,

with probability at least 1 — C9, where C' is a large enough constant and

1
d@f 40Rma$ ].Og 500,17711'71, _|_ 40’7Rmaac log (Spmznd?,:,bzn
€n, = : M ' T /

is an error term related to finite samples that goes to zero as n — oo.

The bound consists of three terms: (i) a sampling error term ¢, which decreases with
larger dataset sizes that is typical of offline RL; (ii) an optimization error term €, that can
be made small with additional compute to find the optimal policy in the learned model; and
(iii) a distribution shift term that depends on the coverage of the offline dataset and overlap
with the optimal policy.

Prior results |76, 102 assume that d™ M (Up) = 0, where Up o {(s,a)|(s,a,r,s") ¢ D} D
U is the set of state action pairs that don’t occur in the offline dataset, and guarantee finding
an optimal policy under this assumption. Our result significantly improves upon these in
three ways: i) Up is replaced by a smaller set U, leveraging the generalization ability of
learned dynamics model, ii) the sub-optimality bound is extended to the setting where full
support coverage is not satisfied i.e., d™ M (U) > 0, and iii) the sub-optimality bound on 7y
is stated in terms of unknown state hitting time 775 , which can be significantly better than
a bound that depends only on d™ ™ (/). To further strengthen our results, the following
proposition shows that Lemma 1 is tight up to log factors.

Proposition 1. (Lower bound) For any discount factor v € [0.95,1), support mismatch € €

’logﬁ

(O 1_—7} and reward range [— Ry, Rimas), there is an MDP M, starting state distribution

po, optimal policy 7 and a dataset collection policy m, such that i) d™ M (Up) < €, and ii)
any policy 7 that is learned solely using the dataset collected with m, satisfies:

R €
J * —J ~ > max .
Po(ﬂ— 7M) po(ﬂ—aM) - 4(1_7)2 10gﬁ’

where Up d:ef{(s, a): (s,a,r,s") ¢ D for any r,s'} denotes state-actions not in the dataset D.
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We see that for € < (1 —7)/(log ﬁ), the lower bound obtained by Proposition 1 on the
suboptimality of any offline RL algorithm matches the asymptotic (as n — oo) upper bound
of Lemma 1 up to an additional log factor. For ¢ > (1 — v)/(log ﬁ), Proposition 1 also
implies (by choosing ¢ = (1 —+)/(log ﬁ) < ¢€) that any offline algorithm must suffer at least
constant factor suboptimality in the worst case. Finally, we note that as the size of dataset
D increases to oo, Theorem 1 and the optimality of PLANNER (i.e., €, = 0) together imply
that J,, (Tout, M) > J,, (15, M).

3.6 Practical Implementation Of MOReL

We now present a practical instantiation of MOReL (algorithm 2) utilizing a recent model-
based NPG approach [16]. The principal difference is the specialization to offline RL and
construction of the P-MDP using an ensemble of learned dynamics models.

Dynamics model learning: We consider Gaussian dynamics models [16] of the form
P(|s,a) = N (fs(s,a), %), with mean fy(s,a) = s + on MLPy ((s — p15)/0s, (@ — 11a)/0a),
where (15, 0, 14, 04 are the mean and standard deviations of states/actions in D; o is the
standard deviation of state differences, i.e. A = s — s,(s,s") € D; this parameterization
ensures local continuity since the MLP learns only the state differences. The MLP parameters

are optimized using maximum likelihood estimation with mini-batch stochastic optimization
using Adam [123].

Unknown state-action detector (USAD): In order to partition the state-action space
into known and unknown regions, we use uncertainty quantification [124, 125, 126, 127|. In
particular, we consider approaches that track uncertainty using the predictions of ensembles of
models [124, 127|. We learn multiple models {fy,, fs,, ...} where each model uses a different
weight initialization and are optimized with different mini-batch sequences. Subsequently,
we compute the ensemble discrepancy as disc(s, a) = max;; || fs,(s,a) — fy,(s,a)| ,» Where
fs, and fy. are members of the ensemble. With this, we implement USAD as below, with
threshold being a tunable hyperparameter.

FALSE (i.e. Known) if disc(s,a) < threshold

. 3.3
TRUE (i.e. Unknown) if disc(s,a) > threshold (3.3)

Upractical<87 Cl) = {
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3.7 Experiments

Through our experimental evaluation, we aim to answer the following questions:

1. Comparison to prior work: How does MOReL compare to prior SOTA offline RL
algorithms |76, 77, 79| in commonly studied benchmark tasks?

2. Quality of logging policy: How does the quality (value) of the data logging (behavior)
policy, and by extension the dataset, impact the quality of the policy learned by MOReL?

3. Importance of pessimistic MDP: How does MOReL compare against a naive model-
based RL approach that directly plans in a learned model without any safeguards?

4. Transfer from pessimistic MDP to environment: Does learning progress in the
P-MDP, which we use for policy learning, effectively translate or transfer to learning
progress in the environment?

To answer the above questions, we consider commonly studied benchmark tasks from
OpenAl gym [128] simulated with MuJoCo [30]. Our experimental setup closely follows prior
work [76, 77, 79]. The tasks considered include Hopper-v2, HalfCheetah-v2, Ant-v2, and
Walker2d-v2, which are illustrated in Figure 3.2. We consider five different logged data-
sets for each environment, totalling 20 environment-dataset combinations. Datasets are
collected based on the work of Wu et al. [79], with each dataset containing the equivalent
of 1 million timesteps of environment interaction. We first partially train a policy (m,) to
obtain values around 1000, 4000, 1000, and 1000 respectively for the four environments.
The first exploration strategy, Pure, involves collecting the dataset solely using m,. The
four other datasets are collected using a combination of 7, a noisy variant of m,, and an
untrained random policy. The noisy variant of 7, utilizes either epsilon-greedy or Gaussian
noise, resulting in configurations eps-1, eps-3, gauss-1, gauss-3 that signify various types
and magnitudes of noise added to m,. Please see appendix for additional experimental details.

HalfCheetah-v2 Hopper-v2 Walker2D-v2 Ant-v2

Figure 3.2: Illustration of the suite of tasks considered in this work. These tasks require the
RL agent to learn locomotion gaits for the illustrated simulated characters.
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Table 3.1: Results in various environment-exploration combinations. Baselines are reproduced
from Wu et al. [79]. Prior work does not provide error bars. For MOReL results, error bars
indicate the standard deviation across 5 different random seeds. We choose SOTA result
based on the average performance.

Environment: Ant-v2 Environment: Hopper-v2
Algorithm | BCQQ BEAR Brac | Best MOReL Algorithm | BCQQ BEAR Brac | Best MOReL
[76]  [77] [79] | Baseline (Ours) [76]  [77] [79] | Baseline (Ours)
Pure 1921 2100 2839 2839 3663+247 Pure 1543 0 2291 2774 3642154
Eps-1 1864 1897 2672 2672 3305+413 Eps-1 1652 1620 2282 2360 3724146
Eps-3 1504 2008 2602 2602 3008+231 Eps-3 1632 2213 1892 2892 3535491

Gauss-1 1731 2054 2667 2667 3329+£270 Gauss-1 1599 1825 2255 2255 3653+£52
Gauss-3 1887 2018 2640 2661 3693£33 Gauss-3 1590 1720 1458 2097 3648+148

Environment: HalfCheetah-v2 Environment: Walker-v2
Algorithm | BCQ BEAR Brac | Best MOReL Algorithm | BCQ BEAR Brac | Best MOReL
[76]  [77] [79] | Baseline (Ours) [76]  [77] [79] | Baseline (Ours)
Pure 5064 5325 6207 | 6209 6028+192 Pure 2005 2646 2694 2907 37094159
Eps-1 5693 5435 6307 | 6307 5861£192 Eps-1 1921 2695 3241 3490 2899+588
Eps-3 5588 5149 6263 6359 5869+139 Eps-3 1953 2608 3255 | 3255 3186+92

Gauss-1 5614 5394 6323 | 6323 602674 Gauss-1 2094 2539 2893 3193 4027+314
Gauss-3 5837 5329 6400 | 6400 58924128 Gauss-3 1734 2194 3368 | 3368 28284589

We parameterize the dynamics model using 2-layer ReLU-MLPs and use an ensemble of 4
dynamics models to implement USAD as described in Section 3.6. We parameterize the policy
using a 2-layer tanh-MLP, and train it using model-based NPG [16]. We evaluate the learned
policies using rollouts in the (real) environment, but these rollouts are not made available to
the algorithm in any way for purposes of learning. This is similar to evaluation protocols
followed in prior work [79, 76, 77]. We present all our results averaged over 5 different random
seeds. Note that we use the same hyperparameters for all random seeds. In contrast, the
prior works whose results we compare against tune hyper-parameters separately for each
random seed |79).

Comparison of MOReL’s performance with prior work We compare results of MOReLwith
prior SOTA algorithms like BCQ, BEAR, and all variants of BRAC. The results are summa-
rized in Table 3.1. For fairness of comparison, we reproduce results from prior work and do
not run the algorithms ourselves. We provide a more expansive table with additional baseline
algorithms in the appendix. Our algorithm, MOReL, achives SOTA results in 12 out of the 20
environment-dataset combinations, overlaps in error bars for 3 other combinations, and is
competitive in the remaining cases. In contrast, the next best approach (a variant of BRAC)
achieves SOTA results in only 5 out of 20 configurations.
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Table 3.2: Results of various algorithms on the D4RL benchmark suite. Each number is
the normalized score computed as (score — random policy score) / (expert policy score —
random policy score). The raw score for MOReL was taken to be the average over the last
100 iterations of policy learning averaged over 3 random seeds. Results of MOPO [110] and
CQL [130] are reported from their respective papers. Remaining results are taken from the
D4RL benchmark suite white-paper [129].

Dataset Environment 1\(/185::)14 MOPO CQL SAC-Off BEAR BRAC-p BRAC-v
random halfcheetah 25.6 34.4 35.4 30.5 25.1 24.1 31.2
random hopper 53.6 11.7 10.8 11.3 11.4 11 12.2
random walker2d 37.3 13.6 7 4.1 7.3 -0.2 1.9
medium halfcheetah 42.1 42.3 44.4 -4.3 41.7 43.8 46.3
medium hopper 95.4 28.0 86.6 0.8 52.1 32.7 31.1
medium walker2d 77.8 17.8 74.5 0.9 59.1 77.5 81.1
medium-replay  halfcheetah 40.2 53.1 46.2 -24 38.6 45.4 47.7
medium-replay  hopper 93.6 67.5 48.6 3.5 33.7 0.6 0.6
medium-replay  walker2d 49.8 39.0 32.6 1.9 19.2 -0.3 0.9
medium-expert halfcheetah 53.3 63.3 62.4 1.8 53.4 44.2 41.9
medium-expert hopper 108.7 23.7 111 1.6 96.3 1.9 0.8
medium-expert walker2d 95.6 44.6 98.7 -0.1 40.1 76.9 81.6
Average Average 64.42 36.58 54.85 4.13 39.83 29.80 31.44

Comparison of MOReL’s performance in the D4RL benchmark suite The D4RL
benchmark suite [129] for offline RL was introduced in concurrent work. We also study the
performance of MOReL in this benchmark suite. We find that MOReL achieves the highest
(normalized) score in 5 out of 12 domains studied, while the next best algorithm (CQL)
achieves the highest score in only 3 out of 12 domains. Furthermore, we observe that MOReL is
often very competitive with the best performing algorithm in any given domain even if it
doesn’t achieve the top score. However, in many domains, MOReL significantly improves over
the state of the art (e.g. hopper-medium-replay and hopper-random). To aggregate results
across multiple domains, we consider the average of the normalized scores as a proxy, and
observe that MOReL significantly outperforms prior algorithms.

Importance of Pessimistic MDP To highlight the importance of P-MDP, we again
consider the Pure-partial dataset outlined above. We compare MOReL with a naive MBRL
approach that first learns a dynamics model using the offline data, followed by running model-
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Hopper-v2 HalfCheetah-v2 4000 Ant-v2 Walker-v2

0 3500 6000 4000

= 3000

23000 5500 3000

c 2000

o

32500 —— MOReL (Ours) 5000 2000

cqc) —— Naive MBRL 1000

20000 250 500 750 1000 45000 500 1000 1500 2000 0 250 500 750 1000 10000 250 500 750 1000
NPG iterations NPG iterations NPG iterations NPG iterations

Figure 3.3: MOReL and Naive MBRL learning curves. The x-axis plots the number of model-
based NPG iterations, while y axis plots the return (value) in the real environment. The
naive MBRL algorithm is highly unstable while MOReL leads to stable and near-monotonic
learning. Notice however that even naive MBRL learns a policy that performs often as well
as the best model-free offline RL algorithms.

based NPG without any safeguards against model inaccuracy. The results are summarized
in Figure 3.3. We observe that the naive MBRL approach already works well, achiev-
ing results comparable to prior algorithms like BCQ and BEAR. However, MOReL clearly
exhibits more stable and monotonic learning progress. This is particularly evident in
Hopper-v2, HalfCheetah-v2, and Walker2d-v2, where an uncoordinated set of actions
can result in the agent falling over. Furthermore, in the case of naie MBRL, we observe
that performance can quickly degrade after a few hundred steps of policy improvement, such
as in case of Hopper-v2, HalfCheetah-v2 and Walker2d-v2. This suggests that the learned
model is being over-exploited. In contrast, with MOReL, we observe that the learning curve is
stable and nearly monotonic even after many steps of policy improvement.

Quality of logging policy Section 3.5 indicates that it is not possible for any offline RL
algorithm to learn a near-optimal policy when faced with support mismatch between the
dataset and optimal policy. To verify this experimentally for MOReL, we consider two datasets

Table 3.3: Value of the policy learned by MOReL (5 random seeds) when working with a
dataset collected with a random (untrained) policy (Pure-random) and a partially trained
policy (Pure-partial).

Environment Pure-random | Pure-partial
Hopper-v2 2354 £ 443 3642 + 54
HalfCheetah-v2 | 2698 &£ 230 6028 £ 192
Walker2d-v2 1290 £ 325 3709 £ 159
Ant-v2 1001 £ 3 3663 £ 247
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(of the same size) collected using the Pure strategy. The first uses a partially trained policy
7, (called Pure-partial), which is the same as the Pure dataset studied in Table 3.1. The
second dataset is collected using an untrained random Gaussian policy (called Pure-random).
Table 3.3 compares the results of MOReL using these two datasets. We observe that the value
of policy learned with Pure-partial dataset far exceeds the value with the Pure-random
dataset. Thus, the value of policy used for data logging plays a crucial role in the performance
achievable with offline RL.

Transfer from P-MDP to environment Finally, we study how the learning progress
in P-MDP relates to the progress in the environment. Our theoretical results (Theorem 1)
suggest that the value of a policy in the P-MDP cannot substantially exceed the value in the
environment. This makes the value in the P-MDP an approximate lower bound on the true
performance, and a good surrogate for optimization. In Figure 3.4, we plot the value or return
of the policy in the P-MDP and environment over the course of learning. Note that the policy
is being learned in the P-MDP, and as a result we observe a clear monotonic learning curve
for value in the P-MDP, consistent with the monotonic improvement theory of policy gradient
methods [55, 33]. We observe that the value in the true environment closely correlates with
the value in P-MDP. In particular, the P-MDP value never substantially exceeds the true
performance, suggesting that the pessimism helps to avoid model exploitation.

Hopper-v2 HalfCheetah-v2 4000 Ant-v2 Walker-v2
v 3500 6000 4000
= 3000
23000 5500 3000
c 2000
32500 = Env 5000 2000
&J = P-MDP 1000
20000 250 500 750 1000 45000 500 1000 1500 2000 0 250 500 750 1000 10000 250 500 750 1000
NPG iterations NPG iterations NPG iterations NPG iterations

Figure 3.4: Learning curve using the Pure-partial dataset, see paper text for details. The
policy is learned using the pessimistic MDP (P-MDP), and we plot the performance in
both the P-MDP and the real environment over the course of learning. We observe that
the performance in the P-MDP closely tracks the true performance and never substantially
exceeds it, as predicted in section 3.5. This shows that the policy value in the P-MDP serves
as a good surrogate for the purposes of offline policy evaluation and learning.
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3.8 DModel-Based Offline RL from Vision

We also studied extending our model-based RL approach to offline RL from images. Due to
the high dimensionality of the observation space, learning predictive forward dynamics models
in the image space is not straightforward. To address the scalability challenge and also to learn
models that are amenable to policy learning, we develop a new algorithm — LOMPO — that
learns variational dynamics models with a compact latent state that serves as an information
bottleneck. Our key insight is that latent space variational models are particularly well suited
because: (a) they provide a rich auxiliary objective for representation learning which also
enables efficient policy learning; (b) the learned models can be simulated efficiently in the
latent space over long horizons without requiring any explicit image reconstruction; (c) the
model uncertainty can be estimated directly in the compact latent space, thereby imparting
the necessary conservatism needed for offline RL.

We model the setting as a partially observable Markov decision process (POMDP), which
can be described with the tuple: M = (S, A, X, R,T,U,~), where s € S is the state space,
a € A is the action space, x € X is the observation space and r = R(s,a) is a reward
function. The state evolution is Markovian and governed by the dynamics as s’ ~ T (+|s, a).
Finally, the observations are generated through the observation model & ~ U(-|s). With such
a framework, the probability of a trajectory can be described by:

T
log P(xy.r|a1r) = log/HZ/{(wt|st)7'(st|at_1,st_l)dslzT (3.4)
t=1

We can introduce the belief distribution ¢(z1.7|1.7, @1.7-1) = Hthl q(z¢|xs, 241, a4—1), which
uses z; as an approximation for a sufficient statistic for the history till time . With this latent
belief distribution, we can construct the evidence lowerbound (ELBO) for the trajectory
likelihood as [131, 132]:

T
T (zi|lai_1, 2
10gP(m11T|a’11T) ZEq(Zl;T\wl:T,aLT—l) [lOgHu($t|Zt) ( t’ i R 1) ] .
t=1

Q(zt|wta zt—laat—l)

After simplification of right hand side on the above bound, we can optimize the following
quantity as a lower bound for the log likelihood:

N

max E, [Z log Dy wt|zt) pKL(qe(ztkct;ztflaat71>||75(zt’ztflaat71))/]- (3-5)

t=1

Vv
reconstructlon forward model

The first term is a reconstruction term, which requires a decoder Dy to be able to reconstruct
the image given the latent state. This encourages the latent state to have sufficient information
to be able to perform this reconstruction. The second forward model term encourages the
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Figure 3.5: Images are passed through a convolutional encoder Fj to form a compact
representation which are then used along with previous state to infer the current state s;. We
have used the latent state of the POMDP and our state representation interchangeably for
simplicity. The model is trained by reconstructing the images from the latent states through
the decoder network Dy. Latent rollouts are carried by choosing a random learned transition
model and rewards are penalized based on ensemble disagreement.

learned latent space model to be consistent with the encoding of the next observation. This
ensures that the learned forward model propagates information forward over time that is
consistent with the belief distribution. At the end of this exercise, we would obtain an
encoder, a forward dynamics model, and a decoder. We will perform offline policy learning
entirely in the latent space. Finally, this policy can be composed with the image encoder
to recover a visuo-motor control policy. We can also learn ensembles of models in the
latent space and use discripancy between the members of the ensemble as a proxy for model
uncertainty and error. A schematic description of the algorithm architecture is provided in
Figure 3.5. In our implementation, for simplicity, we use an additive uncertainty penalty
7(s,a) = r(s,a) — Au(s,a) where u(s,a) is the uncertainty detector. This is in contrast to
the threshold penalty used in MOReL, although both lead to similar effects for appropriate
choices of the uncertainty weight and the threshold hyperparameters.

3.8.1 Results

We experimentally evaluate our algorithm LOMPO along the following questions: (1) Can
offline RL reliably scale to realistic robot environments with complex dynamics and interac-
tions? (2) How does LOMPO compare to prior offline model-free RL algorithms and online



Figure 3.6: Test environments: DeepMind Control Walker task - the observations are raw
64 x 64 images. Robel D’Claw Screw and Adroit Pen tasks observations are raw 128 x 128
images and robot proprioception. Sawyer Door open environment - the observation space
is raw 128 x 128 images. The observations for the real robot environment are raw 64 x 64
images from the overhead camera.

model-based RL algorithms when learning vision-based control tasks from offline data? (3)
How does the quality and size of the dataset affect performance? (4) Can LOMPO be applied
to an offline RL task on a real robot with raw camera image observations? To answer those
three questions, we design a suite of four simulated image-based offline RL problems visualized
in Figure 3.6, as well as a real-world drawer opening task.

Comparisons. We compare our proposed method to both model-free and model-based
learning algorithms. Our first comparison is direct behavior cloning (BC) from raw image
observations, which has proved to be a strong baseline in the past (|133]). We also benchmark
to Conservative Q-Learning ([134]), which is a state of the art offline learning algorithm in
the low-dimensional case (|133]); however, we again train it from raw image observations.
We evaluate an MBPO based model ([88]), which also carries out policy rollouts in latent
space similar to LOMPO, but does not apply an uncertainty penalty. The performance of
this method is indicative of online model-based methods [135]. We also train the Stochastic
Latent Actor Critic (SLAC) model ([136]), a state of the art online learning algorithm from
images, however we train fully online. The goal of this benchmark is to evaluate the need for
representation learning in offline RL.

Results. Results are reported in Table 3.4. We see that LOMPO achieves high-scores across
most high-fidelity simulation environments, using raw observations. Moreover, our proposed
model outperforms other model-based learning algorithms across the board and is the only
model-based learning algorithm that achieves any success on several environments. Comparing
to model-free algorithms, LOMPO still outperforms CQL and behaviour cloning across most
environments, with the exception of learning on the expert dataset on the Door Open task.
This is a well-known phenomenon when learning dynamics models from narrow expert data.
On the other hand, given the thin data distribution and relatively simple dynamics of the
task, direct behavior cloning from images performs well on both the medium-expert and
expert dataset. We hypothesize that LMOPO performs well on the D’Claw and Adroit
expert datasets, as these environments are relatively stationary, as compared to a robot
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Environment | Dataset LOMPO (ours) | LMBRL | Offline SLAC | CQL | BC
Walker Walk medium-replay 74.9 44.7 -0.1 14.7 5.3
Walker Walk medium-expert 91.7 76.3 32.8 45.1 15.6
Walker Walk expert 75.8 24.5 11.3 40.3 11.8
D’Claw Screw medium-replay 71.8 72.4 65.9 26.3 | 11.7
D’Claw Screw medium-expert 100.4 96.2 76.3 30.3 | 27.6
D’Claw Screw expert 99.2 90.8 63.4 24.2 | 25.2
Adroit Pen medium-replay 82.8 5.2 5.4 25.8 | 46.7
Adroit Pen medium-expert 94.6 0.0 -1.7 43.5 | 41.8
Adroit Pen expert 96.1 0.2 -0.4 51.4 | 45.4
Door Open medium-expert 95.7 0.0 0.0 0.0 72.2
Door Open expert 0.0 0.0 0.0 0.0 97.4

Table 3.4: Results for the DeepMind Control Walker task, the Robel D’Claw Screw task, Adroit Pen task
and the Sawyer Door Open task. The scores are undiscounted average returns normalized to roughly lie
between 0 and 100, where a score of 0 corresponds to a random policy, and 100 corresponds to an expert.
LOMPO consistently outperforms LMBRL, offline SLAC, CQL, and behavioral cloning in almost all settings.

arm manipulation task, and even actions from a stochastic expert cover a wide range of the
environment dynamics.

3.8.2  Real Robot Experiments

To answer question (4), we deploy LOMPO on a real Franka Emika Panda robot arm.
Task. The environment consists of a Panda arm mounted in front of an Ikea desk cluttered
with random distractor objects. The robot arm is initialized randomly above the desk and
the drawer is initialized randomly in a open position. The goal of the robot is to navigate to
the handle, hook it, and close the drawer. Observations are raw RGB images from a single
overhead camera. The complete setup is shown in the rightmost picture in Figure 3.6.
Dataset. We use a pre-existing dataset of 1000 trajectories that was collected using a
semi-supervised batch exploration algorithm [137]. A small balanced dataset of 200 images
(0.2% of the full dataset) is manually labeled with whether the drawer is open or closed.
Following the set up by [137], we use this dataset to train a classifier to predict whether the
drawer is open or closed. We use the classifier probability as a reward for RL, which leads to
a sparse, noisy, and unstable reward signal, which is reflective of one challenge of real-world
RL. Since the dataset was collected and labeled in the context of a different paper [137], this
experiment evaluates the ability to reuse existing offline datasets, which further exemplifies
real-world problems.

Comparisons. We compare LOMPO, LMBRL, Offline SLAC, and visual foresight [138]
using an SV2P model [139] and a CEM planner. As CQL did not achieve competitive
performance on the simulated environments, we did not deploy it on the real robot. Moreover
the offline dataset has high variance and consists of mostly non-task centric exploration,
which is not suitable for imitation; hence we also did not evaluate behavioral cloning.
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Results. We carry out 25 evaluation rollouts on the real
robot and summarize results in Table 3.5. Overall, 24/25 of Table 3.5: Results for the
the LOMPO agent rollouts successfully navigate to the drawer Franka desk drawer-closing task.

handle, hook it, and push the drawer in; however the agent fully

: Method S
closes the drawer in only 19 of the rollouts for a final success o | Success
rate of 76%. We hypothesize that the agent does not always ~ LOMPO (ours) | 76.0%
lose the door as the classifier reward incorrectly predicts the — —orr 0.0%
o e 000 o y P Offline SLAC 0.0%
drawer as closed when the drawer is slightly open. In contrast,  visual Foresight | 0.0%

the LMBRL, Offline SLAC, and visual foresight agents are
unable to successfully navigate to the correct handle location, hence achieving a success rate
of 0%. These experiments suggest that LOMPO’s uncertainty estimation and pessimism
are critical for good offline RL performance. Finally, we note that [137] evaluate visual
foresight in the same environment but on an easier version of this task, where the robot arm
is initialized near the drawer handle. In this shorter-horizon problem, visual foresight achieves
a success rate of 65% (Figure 8 of [137]), which is still lower than LOMPQO’s success rate in
the more difficult setting. Hence, this suggests that LOMPO is better at solving problems
with longer time horizons by incorporating pessimism and a learned value function.

3.9 Chapter Summary

We introduced MOReL, a new model-based framework for offline RL. MOReL incorporates
both generalization and pessimism (or conservatism). This enables MOReL to perform policy
improvement in known states that may not directly occur in the static offline dataset, but
can nevertheless be predicted using the dataset by leveraging the power of generalization. At
the same time, due to the use of pessimism, MOReL ensures that the agent does not drift to
unknown states where the agent cannot predict accurately using the static dataset. We also
presented LOMPO, an extension of MOReL to image spaces through the use of varaitional
dynamics models that support a compact latent state representation.

Theoretically, we obtain bounds on the suboptimality of MOReL which improve over those
in prior work. We further showed that this suboptimality bound cannot be improved upon
by any offline RL algorithm in the worst case. Experimentally, we evaluated MOReL in the
standard continuous control benchmarks in OpenAl gym and showed that it achieves state of
the art results. The modular structure of MOReL comprising of model learning, uncertainty
estimation, and model-based planning allows the use of a variety of approaches such as multi-
step prediction for model learning, abstention for uncertainty estimation, or model-predictive
control for action selection. In future work, we hope to explore these directions.
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Chapter 4
A GAME THEORETIC FRAMEWORK FOR MODEL-BASED RL

4.1 Introduction

In the previous chapters, we introduced broader notions of generalization and associated
abstractions applicable for simulation to reality transfer and offline RL. In this chapter, we
study the traditional paradigm of online or interactive RL, where the agent can repeatedly
interact with the environment and use this feedback for improving the policy. In particular,
we study RL through the lens of model-based RL (MBRL) methods. Surprisingly, we find
that broader notions of generalization and abstractions to deal with non-stationarity are
required even in this classical paradigm. This is due to the inherent non-stationary nature of
RL, where the induced distributions of the policy change as the agent is learning. Despite
the recent surge of interest in MBRL, a clear algorithmic framework to understand MBRL
and unify insights from recent works has been lacking. To bridge this gap, and to facilitate
the design of stable and efficient algorithms, in this chapter, we develop a new framework
that casts MBRL as a two-player game.

Classical frameworks for MBRL, adaptive control [140], and dynamic programming [141],
are often confined to simple linear models or tabular representations. They also rely on
building global models through ideas like persistent excitation [142] or tabular generative
models [143]. Such settings and assumptions are often limiting for modern applications. To
obtain a globally accurate model, we need the ability to collect data from all parts of the
state space [144], which is often impossible. Furthermore, learning globally accurate models
may be unnecessary, unsafe, and inefficient. For example, to make an autonomous car drive
on the road, we should not require accurate models in situations where it tumbles and crashes
in different ways. This motivates a class of incremental methods for MBRL that interleave
policy and model learning to gradually construct and refine models in the task-relevant parts
of the state space. This is in sharp contrast to a two-stage approach of first building a model
of the world, and subsequently planning in it.

A unifying framework for incremental MBRL can connect insights from different approaches
and help simplify the algorithm design process from the lens of abstraction. As an example,
distribution or domain shift is known to be a major challenge for incremental MBRL. When
improving the policy using the learned model, the policy will attempt to shift the distribution
over visited states. The learned model may be inaccurate for this modified distribution,
resulting in a greatly biased policy update. A variety of approaches have been developed
to mitigate this issue. One class of approaches [145, 146, 55|, inspired by trust region
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methods, make conservative changes to the policy to constrain the distribution between
successive iterates. In sharp contrast, an alternate set of approaches do not constrain the
policy updates in any way, but instead rely on data aggregation to mitigate distribution
shift [50, 147, 148]. Our game-theoretic framework for MBRL reveals that these two seemingly
disparate approaches are essentially dual approaches to solve the same game.

4.1.1 Highlights and contributions of this chapter

1. We develop a novel framework that casts MBRL as a game between: (a) a policy player,
which maximizes rewards in the learned model; and (b) a model player, which minimizes
prediction error of data collected by policy player. Theoretically, we establish that at
equilibrium, the policy is near-optimal for the environment.

2. Developing learning algorithms for general continuous games is well known to be challenging.
To develop stable and convergent algorithms, we setup a Stackelberg game [149] between the
two players, which can be solved efficiently through (approximate) bi-level optimization.

3. Stackelberg games are asymmetric games where players make decisions in a pre-specified
order. The leader plays first and subsequently the follower. Due to the asymmetric nature,
the MBRL game can take two forms depending on choice of leader player. This gives rise
to two natural families of algorithms that have complementary strengths. Together, they
unify and generalize many prior MBRL algorithms.

4. Experimentally, we show that our algorithms outperform prior model-based and model-
free algorithms in sample efficiency; match the asymptotic performance of model-free
policy gradient algorithms; and scale gracefully to high-dimensional tasks like dexterous
manipulation.

4.2 Background and Notations

We treat the environment as an infinite horizon MDP characterized by: M = {S, A, R, P,~, p}.
Per usual notation, § C R™ and A C R™ represent the continuous state and action spaces.
The transition dynamics is described by s’ ~ P(:|s,a). R : S — [0, Ruax] , 7 € [0,1), and p
represents the reward, discount, and initial state distribution respectively. Policy is a mapping
from states to a probability distribution over actions, i.e. 7 : S — P(A), and in practice we
typically consider parameterized policies. The goal is to optimize the objective:

Z”th(st)] (4.1)

t=0

max J(m, M) :=Epr

Model-free methods solve this optimization by directly estimating a gradient using collected
samples or through value functions. Model-based methods, in contrast, construct an explicit
world model to aid policy optimization.
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4.2.1 Model-Based Reinforcement Learning

We represent the world model with another tuple: M = {S, AR, ﬁ, v, p}- The model has
the same state-action space, reward function, discount, and initial state distribution. We
parameterize the transition dynamics of the model P (as a neural network) and learn the
parameters so that it approximates the environment transition dynamics, i.e. P ~ P. For
simplicity, we assume that the reward function and initial state distribution are known. This
is a benign assumption for many applications in control, robotics, and operations research.
If required, these quantities can also be learned from data, and are typically easier to learn
than P. Enormous quantities of experience can be cheaply generated by simulating the
model, without interacting with the world, and can be used for policy optimization. Thus,
model-based methods tend to be sample efficient.

Idealized Global Model Setting To motivate challenges in MBRL, we first consider the
idealized setting of an approximate global model. This corresponds to the case where M is
sufficiently expressive and approximates M everywhere. Lemma 2 relates the performance of
a policy in the model and environment.

Lemma 2. (Simulation Lemma) Suppose M s such that D7y <P(-[$, a), 13(~]s, @)) < enm,
V(s,a). Then, for any policy 7, we have

J(m, M) — J(, 1\7)] <0 (%) vr. (4.2)
(1=7)
The proof is provided in the appendix. Since Lemma 2 provides a uniform bound applicable
to all policies, we can expect good performance in the environment by optimizing the policy
in the model, i.e. max, J(mw, M).

Beyond global models A global modeling approach as above is often impractical. To
obtain a globally accurate model, we need the ability to collect data from all parts of the
state space |78, 150|, which can be difficult. More importantly, learning globally accurate
models may be unnecessary, unsafe, and inefficient. For example, to make a robot walk, we
should not require accurate models in situations where it falls and crashes in different ways.
This motivates the need for incremental MBRL, where models are gradually constructed and
refined in the task-relevant parts of the state space. To formalize this intuition, we consider
the below notion of model quality.

Definition 4. (Model approximation loss) Given M and distribution w(s,a), the model
approximation loss is

—

L(M. 1) = sy | Dics (PCJs. ), P(fs.a)) | (43)
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We use Dk, to refer to the KL divergence which can be optimized using samples from M,
and is closely related to Dry through Pinsker’s inequality. In the case of isotropic Gaussian
distributions, as typically considered in continuous control applications, D, reduces to the
familiar /5 loss. Importantly, the loss is intimately tied to the sampling distribution p. In
general, models that are accurate in some parts of the state space need not generalize/transfer
to other parts. As a result, a more conservative policy learning procedure is required, in
contrast to the global model case.

4.3 Model Based RL as a Two Player Game

In order to capture the interactions between model and policy learning, we formulate MBRL
as the following two-player general sum game (ref. as MBRL game)

policy—player model—player
7\ 7\
7 7 Y

max J(, ]/\Z) , min E(Z\/Z,/ﬂ]{/[) (4.4)
M

™

We use ufy, = %ZtT:o P(s; = s,a; = a) to denote the average state visitation distribution.
The policy player maximizes performance in the learned model, while the model player
minimizes prediction error under policy player’s induced state distribution. This is a game
since the objective of each player depends on the parameters of both players.

The above formulation separates MBRL into the constituent components of policy learning
(planning) and generative model learning. At the same time, it exposes that the two
components are closely intertwined and must be considered together in order to succeed
in MBRL. We discuss algorithms for solving the game in Section 4.4, and first focus on
the equilibrium properties of the MBRL game. Our results establish that at (approximate)
Nash equilibrium of the MBRL game: (1) the model can accurately simulate and predict the
performance of the policy; (2) the policy is near-optimal.

Theorem 2. (Global perf. of equilibrium pair; informal) Suppose we have a pair of policy
and model, (m, M), such that simultaneously

o~ o~

LM, 15y) < ens and J(x, M) > J(x', M) — e, V'
For an optimal policy 7, we have

J(r* M) — J(m,M) <

\IEM 1 * T
O(ew—i- T + 1_7DTV (MM’M]/\}I\> )

Proof. A more formal version of the theorem and proof is provided in appendix C.1. O

(4.5)
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Remarks: We now make some remarks about the Theorem 2 and its implications.

1. The first two terms are related to sub-optimality in policy optimization and model learning,
and can be made small with more compute and data, assuming sufficient capacity.

2. There may be multiple Nash equilibrium for the MBRL game, and the third domain
adaptation or transfer learning term in the bound captures the quality of an equilibrium.
It captures the idea that model is trained under distribution of =, i.e. p},, but evaluated
under the distribution of 7*, i.e. p%,. If the model can accurately simulate 7*, we can
expect to find it in the planning phase, since it would obtain high rewards. This domain
adaptation term is a consequence of the exploration problem, and is unavoidable if we
desire globally optimal policies. Indeed, even purely model-free algorithms suffer from an
analogous divergence term [55, 87]. However, Theorem 2 also applies to locally optimal
policies (see appendix C.1) for which we may expect better model transfer.

3. The domain adaptation term can be minimized by considering a wide initial state distri-
bution [55, 12]. This ensures the learned model is more broadly accurate. However, in
some applications, the initial state distribution may not be under our control. In such a
case, we may draw upon advances in domain adaptation [151, 152] to learn state-action
representations better suited for transfer across different policies.

4.4 Algorithms

So far, we have established how MBRL can be viewed as a game that couples policy and model
learning. We now turn to developing algorithms for solving the game. Unlike common deep
learning settings (e.g. supervised learning), there are no standard workhorses for continuous
games. Direct extensions of optimization workhorses (e.g. SGD) are unstable for games due
to non-stationarity [153, 154]. We first review some of these extensions before presenting our
final algorithms.

4.4.1 Independent simultaneous learners

We first consider a class of algorithms where each player individually optimize their own ob-
jectives using gradient descent. Thus, each player treats the setting as stochastic optimization
unaware of potential drifts in their objectives due to the two-player nature. These algorithms
are sometimes called independent learners, simultaneous learners, or naive learners [153, 155].
Gradient Descent Ascent (GDA) In GDA, each player performs an improvement step
holding the parameters of the other player fixed. The resulting updates are given below.

Tk+1 = 7rk+osz7FJ(7rk,M\k) (46)
My = M, - 5kvﬁﬁ(ﬁk7ﬂ?\2) (4.7)
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Both the players update their parameters simultaneously from iteration k£ to k 4+ 1. For
simplicity, we consider standard gradient descent, which can be equivalently replaced with
momentum, Adam, natural gradient etc. Variants of GDA have been used to solve min-max
games arising in deep learning such as GANs. However, for certain problems, it can exhibit
poor convergence and require very small learning rates [156] or domain-specific heuristics.
Furthermore, it makes sub-optimal use of data, since it is desirable to take multiple policy
improvement steps to fully reap the benefits of model learning.

Best Response (BR) The BR algorithm aims to mititage the above drawback, where
each player computes the best response while fixing the parameters of other players. The
best response can be approximated in practice using a large number of gradient steps.

Tpe1 = argmax J(m, Mk) (4.8)
M1 = argmin L(M, ji7y) (4.9)
M

Again, both players simultaneously update their parameters. It is known from a large body
of work in online learning that aggressive changes can destabilize learning in non-stationary
settings [157]. Large changes to the policy can dramatically alter the sampling distribution,
which renders the model incompetent. Similarly, large changes in the model can bias policy
learning. In Section 4.5 we experimentally study the performance of GDA and BR on a suite
of control tasks and verify that they inefficient (slow) or unstable.

4.4.2  Stackelberg formulation and algorithms

To achieve stable and sample efficient learning, we require algorithms that take the game
structure into account. While good workhorses are lacking for general games, Stackelberg
games [149] are an exception. They are asymmetric games where we impose a specific playing
order and are a generalization of min-max games. We cast the MBRL game in the Stackelberg
form, and derive gradient based algorithms to solve the resulting game.

First, we briefly review continuous Stackelberg games. Consider a two player game with
players A and B. Let 04, 05 be their parameters, and £4(04,035), Lz(0.4,605) be their losses.
Each player would like their losses minimized. With player A as the leader, the Stackelberg
game corresponds to the following nested optimization:

Ho}in EA (OA, O*B(HA))
A

| | : (4.10)
subject to 0%5(04) = argmin L5(64,0)
0

Since the follower chooses the best response, the follower’s parameters are implicitly a function
of the leader’s parameters. The leader is aware of this, and can utilize this information when
updating its parameters. The Stackelberg formulation has a number of appealing properties.
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e Algorithm design based on optimization: From the leader’s viewpoint, the Stackel-
berg formulation transforms a game with complex interactions into a more familiar albeit
complex bi-level optimization, for which we have gradient based workhorses [158].

e Notion of stability and progress: In general games, there exists no single function that
can be used to check if an iterative algorithm makes progress towards the equilibrium. This
makes algorithm design and diagnosis difficult. By reducing the game to an optimization,

the leader’s loss L£4(64,05) can be used to track progress.
For simplicity of exposition, we assume that the best-response is unique for the follower.

We later remark on the possibility of multiple minimizers. To solve the nested optimization,
it suffices to focus on @4 since the follower parameters 6%(0,4) are implicitly a function of
0,4. We can iteratively optimize 04 as: 04 < 04 — a4 (dLA(04,605(604))/d6,4), where the
gradient is described in Eq. 4.11. The key to solving a Stackelberg game is to make the
follower learn very quickly to approximate the best response, while the leader learns slowly.

AL (84,05(04)) _ 05 DLA(0.,605)
46,4 a6, 065
OLA(04,05)
90,4

05=%% (4.11)

05=0%

The implicit Jacobian term (d€}/d6@4) can be obtained using the implicit function theo-
rem [159, 17|. Thus, in principle, we can compute the gradient with respect to the leader
parameters and solve the nested optimization (to at least a local minimizer). To develop a
practical algorithm based on these ideas, we use a few relaxations and approximations. First,
we approximate the best response with multiple steps of an iterative optimization algorithm.
Secondly, we drop the implicit Jacobian term and use a “first-order” approximation of the
gradient. Such an approximation has proven effective in applications like meta-learning [160],
GANs [161, 162], and multiple timescale actor-critic methods [163]. Finally, since the Stack-
elberg game is asymmetric, we can cast the MBRL game in two forms based on which player
we choose as the leader.

Policy As Leader (PAL): Choosing the policy player as leader results in the following
optimization:

max {J(W,M”) st. M™ e arg min E(]/\i,,u;{/[)}.
M

™

We solve this nested optimization using the first order gradient approximation, resulting in
updates:

M.\ ~ arg min E(M\,M”AZ) (4.12)
M

Th+1 :7rk—|—04kV,rJ(7r, J/\Ek+1) (413)
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We first aggressively improve the model to minimize the loss under current visitation distri-
bution. Subsequently we take a conservative policy. The algorithmic template is described
further in Algorithm 3. Note that the PAL updates are different from GDA even if a single
gradient step is used to approximate the argmin. In PAL, the model is first updated using
the current visitation distribution from M i, to M x+1- The policy subsequently uses M, k1 for
improvement. In contrast, GDA uses Mk for improving the policy. Finally, suppose we find
an approximate solution to the PAL optimization such that J(m, M ™) > sup; J(T, M ™) — €x
Since the model is optimal for the policy by constriction, we inherit the guarantees of
Theorem 2.

Algorithm 3 Policy as Leader (PAL) meta-algorithm

1: Initialize: policy mo, model My, data buffer D = {}

2: for k =0,1,2,... forever do

3:  Collect data Dy, by executing 7, in the environment

4:  Build local (policy-specific) dynamics model: M,,,; = arg min E(]/\/_T ,Dy.)

5. Improve policy: w1 = 7 + a Vi J (1, M\kﬂ) with a conservative algorithm like NPG
or TRPO.

6: end for

Model as Leader (MAL): Conversely, choosing model as the leader results in the opti-
mization

min {E(M\,ng‘?) s.t. Ty; € argmax J(W,M\)}. (4.14)
M s

Similar to PAL, using first order approximation to the bi-level gradient results in:
Tr+1 ~ argmax J(m, ﬁk) (4.15)
]/\Zk—i—l = ]/\Zk - Bkvﬁﬁ( >M71§ff+l) (4~16)

We first optimize a policy for the current model. Subsequently, we conservatively improve
the model using the data collected with the optimized policy. In practice, instead of a single
conservative model improvement step, we aggregate all the historical data and perform a few
epochs of training. This has an effect similar to conservative model improvement in a follow
the regularized leader interpretation [164, 50, 165]. The algorithmic template is described in
Algorithm 4. Similar to the PAL case, we again inherit the guarantees from Theorem 2.

On distributionally robust models and policies Finally, we illustrate how the Stackel-
berg framework is consistent with commonly used robustification heuristics. We now consider
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Algorithm 4 Model as Leader (MAL) meta-algorithm

1: Initialize: policy 7y, model J/\/Io, data buffer D = {}

2: for k =0,1,2,... forever do

3:  Optimize 7,1 = arg max, J(7 Mk) using any algorithm (RL, MPC, planning etc.)

4:  Collect env1ronment data Dk+1 using Tht1

5. Improve model Mk+1 M, — BY E(M Dy11) using any conservative algorithm like
mirror descent, data aggregation etc.

6: end for

the case where there could be multiple best responses to the leader eq. 4.10. For instance,
in PAL, there could be multiple models that achieve low error for the policy. Similarly, in
MAL, there could be multiple policies that achieve high rewards for the specified model. In
such cases, the standard notion of Stackelberg equilibrium is to optimize under the worst
case realization [154], which results in:

min max  L4(04,0p5), where
04 6OpcR(04)

4.17

R(04) {0 £5(04,0) < L5(04,05) Y05} 0
In PAL, model ensemble approaches correspond to approximating the best response set with a
finite collection (ensemble) of models. Algorithms inspired by robust or risk-averse control [39,
27, 13] explicitly improve against the adversarial choice in the ensemble, consistent with the
Stackelberg setting. Similarly, in the MAL formulation, entropy regularization [166, 167] and
disagreement based reward bonuses [150, 168] lead to adversarial best response by encouraging
the policy to visit parts of the state space where the model is likely to be inaccurate. Our
Stackelberg formulation provides a principled foundation for these important components,
which have thus far been viewed as heuristics.

4.5 Experiments

In our experiemental evaluation, we aim to primarily answer the following questions:

1. Do independent learning algorithms (GDA and BR) learn slowly or suffer from instabilities?

2. Do the Stackelberg-style algorithms of PAL and MAL enable stable, monotonic, and
sample efficient learning?

3. Do MAL and PAL exhibit different learning characteristics and strengths? Can we
characterize the situations where one is more preferable than the other?
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Figure 4.1: (a) Reacher task with a 7DOF arm. (b) In-hand manipulation task with a 24DOF
dexterous hand. (c) DClaw-Turn task with a 3 fingered “claw”. (d) DKitty-Orient task with
a quadrupedal robot. In all the tasks, the desired goal configurations are randomized every
episode, which forces the RL agent to learn generalizable policies. We measure and use
success rate for our experimental evaluations.

Task Suite We study the behavior of algorithms on a suite of continuous control tasks
consisting of: DClaw-Turn, DKitty-Orient, 7DOF-Reacher, and InHand-Pen. The tasks are
illustrated in Figure 4.1 and further details are provided in Appendix C.2.1. The DClaw
and DKitty tasks use physically accurate models of robots [169, 65]. The Reacher task is
a representative whole arm manipulation task, while the in-hand dexterous manipulation
task [170] serves as a representative high-dimensional control task. In addition, we also
present results with our algorithms in the OpenAlI gym tasks in Appendix C.2.2.
Algorithm Details For all the algorithms of interest (GDA, BR, PAL, MAL), we represent
the policy as well as the dynamics model with fully connected neural networks. We instantiate
all of these algorithm families with model-based natural policy gradient. Details about the
implementation are provided in Appendix C.2. We use ensembles of dynamics models and
entropy regularization to encourage robustness.

Comparison of learning algorithms We first study the performance of Stackelberg-style
algorithms (PAL, MAL) and compare against the performance of independent algorithms
(GDA and BR). Our results, summarized in Figure 4.2, suggest that PAL and MAL can
learn all the tasks efficiently. We observe near monotonic improvement, suggesting that the
Stackelberg formulation enables stable learning. We also observe that PAL learns faster than
MAL for the tasks we study. While GDA eventually achieves near-100% success rate, it leads
to considerably slower learning. As outlined in Section 4.4, this is likely due to conservative
nature of updates for both the policy and the model. Furthermore, the performance fluctuates
rapidly during course of learning, since it does not correspond to stable optimization of any
objective. Finally, we observe that BR is unable to make consistent progress. As suggested
earlier in Section 4.4, BR makes rapid changes to both model and policy which exacerbates
the challenge of distribution mismatch.



48

Reacher (7DOF) Dexterous In-Hand Pen Manipulation
100 100
= 80 = 80
> >
» 60 » 60
%) %]
S 40 S a0
o (8]
=} =]
v 20 v 20
0 0
0 2 4 6 8 0 100 200 300 400
Samples (x103) Samples (x103)
DClaw Turn DKitty Orient
100 100
—~ 80 —~ 80
X X
» 60 » 60
(%] "
S 40 S 40
(9] (9]
=} =]
v 20 v 20
0 0
0 10 20 30 40 50 60 0 10 20 30 40 50 60
Samples (x103) Samples (x103)
—— PAL (Ours) —— MAL (Ours) —— GDA BR —— SAC

Figure 4.2: Comparison of the learning algorithms. We report results based on 5 random
seeds, with solid lines representing the average performance, and shaded regions indicate
standard deviation across seeds. PAL and MAL exhibit stable and sample efficient learning.
GDA learns very slowly due to sub-optimal use of data. BR does not lead to stable learning
due to aggressive changes to both policy and model. For the ROBEL tasks, as a point of
comparison, we also include results of SAC a state of the art model-free algorithm.

As a point of comparison, we also plot results of SAC [166], a leading model-free algorithm
for the ROBEL tasks (results taken from Ahn et al. [65]). Although SAC is able to solve these
tasks, its sample efficiency is comparable to GDA, and substantially slower than PAL and
MAL. To compare against other model-based algorithms, we turn to published results from
prior work on OpenAl gym tasks. In Figure 4.3, we show that PAL and MAL significantly
outperforms prior algorithms. In particular, PAL and MAL are 10 times as efficient as other
model-based and model-free methods. PAL is also twice as efficient as MBPO [88], a state of
the art hybrid model-based and model-free algorithm. Further details about this comparison
are provided in Appendix C.2.2.

Overall our results indicate that PAL and MAL: (a) are substantially more sample efficient
than prior model-based and model-free algorithms; (b) achieve the asymptotic performance of
their model-free counterparts; (c) can scale to high-dimensional tasks with complex dynamics
like dexterous manipulation; (d) can scale to tasks requiring extended rollout horizons (e.g.
the OpenAl gym tasks).
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Figure 4.3: Comparison of results on the OpenAl gym benchmark tasks. Results for the
baselines are reproduced from [88]. Solid lines are the average performance curves over 5
random seeds, while shaded region represents the standard deviation over these 5 runs. We
observe that PAL and MAL show near-monotonic improvement, and substantially outperform
the baselines.

Choosing between PAL and MAL Finally, we turn to studying relative strengths of PAL
and MAL. For this, we consider two variations of the TDOF reacher task (from Figure 4.1)
corresponding to environment perturbations at an intermediate point of training. In the first

Dynamics Adaptation Goal Adaptation
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Figure 4.4: PAL vs MAL in non-stationary learning environments. Y axis is the distance
between end effector and goal, averaged over the trajectory (lower is better). The left plot
corresponds to the case where the dynamics of M is changed after 10* samples, while the
right plot corresponds to the case where we change the goal distribution after 8 x 10 samples.
We observe that PAL recovers quickly from dynamics perturbations, while MAL recovers
quickly from goal perturbations.
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case, we perturb the dynamics by changing the length of the forearm. In the second case,
halfway through the training, we change the goal distribution to a different region of 3D
space. Training curves are presented in Figure 4.4. Note that there is a performance drop at
the time of introducing the perturbation.

For the first case of dynamics perturbation, we observe that PAL recovers faster. Since
PAL learns the model aggressively using recent data, it can forget old inconsistent data
and improve the policy using an accurate model. In contrast, MAL adapts the model
conservatively, taking longer to forget old inconsistent data, ultimately biasing and slowing
the policy learning. In the second experiment, the dynamics is stationary but the goal
distribution changes midway. Note that the policy does not generalize zero-shot to the new
goal distribution, and requires additional learning or fine-tuning. Since MAL learns a more
broadly accurate model, it quickly adapts to the new goal distribution. In contrast, PAL
conservatively changes the policy and takes longer to adapt to the new goal distribution.

Thus, in summary, we find that PAL is better suited for situations where the dynamics of
the world can drift over time. In contrast, MAL is better suited for situations where the task
or goal distribution can change over time, and related settings like multi-task learning.

4.6 Related Work

MBRL and the closely related fields of adaptive control and system identification have a
long and rich history (see Astrom and Wittenmark [140], Ljung [171] for overview). Early
works in MBRL primarily focused on tabular reinforcement learning in a known generative
model setting [143, 172]. However, this setting assumes access to a highly exploratory policy
to collect data, which is often not available in practice. Subsequent works like E3 [111] and
R-MAX [112] attempt to lift this limitation, but rely heavily on tabular representations
which are inadequate for modern applications like robotics. Coupled with advances in deep
learning, there has been a surge of interest in incremental MBRL algorithms with rich function
approximation. They generally fall into two sets of approaches, as we outline below.

The first set of approaches are largely inspired by trust region methods, and are similar
to the PAL family from our work. A highly accurate “local” model is constructed around
the visitation distribution of the current policy, which is subsequently used to conservatively
improve the policy. The trust region is intended to ensure that the model is accurate for all
policies within it, thereby enabling monotonic performance improvement. GPS [145, 173],
DPI [146], and related approaches [174] learn a time varying linear model and perform a
KL-constrained policy improvement step. Such a model representation is convenient for
an iLQG based policy update [84], but might be restrictive for complex dynamics beyond
trajectory-centric RL. To remove these limitations, recent works have started to consider
neural networks to represent both policy and the dynamics model. However, somewhat
surprisingly, a clean version from the PAL family has not been studied with neural network
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models. The motivations presented by Xu et al. [175] and Kurutach et al. [89] resemble PAL,
however their practical implementations do not strongly enforce the conservative nature of
the policy update.

An alternate set of MBRL approaches take a view similar to MAL. Models are updated
conservatively through data aggregation, while policies are aggressively optimized. Ross and
Bagnell [50] explicitly studied the role of data aggregation in MBRL. They presented an ag-
nostic online learning view of MBRL and showed that data aggregation can lead to a no-regret
algorithm for learning the model, even with aggressive policy optimization. Subsequent works
have used data augmentation and proposed additional components to enhance efficiency and
stability, such as the use of model predictive control [120, 127, 148], uncertainty quantification
through Bayesian models [176], and ensembles of dynamics models [13, 147, 148|. We refer
readers to Wang et al. [177] for overview of recent MBRL advances.

While specific instances of PAL and MAL have been studied in the past, an overarching
framework around them has been lacking. Our descriptions of the PAL and MAL families
generalize and unify core insights from prior work and simplify them from the lens of
abstraction. Furthermore, the game theoretic formulation enables us to form a connection
between the PAL and MAL frameworks. We also note that the PAL and MAL families
have similarities to multiple timescale algorithms [163, 178, 179] studied for actor-critic
temporal difference learning. These ideas have also been extended to study min-max games
like GANs [161]. However, they have not been extended to study model-based RL.

We presented a model-based setting where the model is used to directly improve the
policy through rollout based optimization. However, models can be utilized in other ways
too. Dyna [180] and MBPO [88] use a learned model to provide additional learning targets
for an actor-critic algorithm through short-horizon synthetic trajectories. MBVE [181],
STEVE [182], and doubly-robust methods [183, 184, 185] use model-based rollouts to obtain
more favorable bias-variance trade-offs for off-policy evaluation. Some of these works have
noted that long horizon rollouts can exacerbate model bias. However, in our experiments,
we were able to successfully perform rollouts of hundreds of steps. This is likely due to our
practical implementation closely following the game theoretic algorithms designed explicitly
to mitigate distribution shift and enable effective simulation. It is straightforward to extend
PAL and MAL to a hybrid model-based and model-free algorithm, which is likely to provide
further performance gains. Similarly, approaches that bootstrap from the model’s predictions
can improve multi-step simulation [117, 118|. We leave exploration of these directions for
future work.

4.7 Summary and Conclusion

In this chapter, we presented a new framework for MBRL that casts it as a game between a
policy player and a model player. We established that at equilibrium: (1) the model accurately
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simulates the policy and predicts its performance; (2) the policy is near-optimal. We derived
sub-optimality bounds and made a connection to domain adaptation to characterize the
equilibrium quality.

In order to solve the MBRL game, we constructed the Stackelberg version of the game.
This has the advantage of: (1) effective gradient based workhorses to solve the Stackelberg
optimization problem; (2) an effective objective function to track learning progress towards
equilibrium. General continuous games possess neither of these characteristics. The Stackel-
berg game can take two forms based on which player we choose as the leader, resulting in
two natural algorithm families, which we named PAL and MAL. Together they encompass,
generalize, and unify a large collection of prior MBRL works. This greatly simplifies MBRL
and particularly algorithm design from the lens of abstraction.

We developed practical versions of PAL and MAL using model-based natural policy
gradient. We demonstrated stable and sample efficient learning on a suite of control tasks,
including state of the art results on OpenAl gym benchmarks. These results suggest that our
practical variants of PAL and MAL:

e are more sample efficient compared to prior model-based and model-free algorithms,
e can achieve the same asymptotic performance as model-free counterparts,
e can scale to high-dimensional tasks with complex dynamics like dexterous manipulation,

e can scale to tasks requiring long horizon rollouts (e.g. OpenAl gym tasks which have a
1000 timestep horizon).

More broadly, our work adds to a growing body of recent work which suggests that MBRL
can be stable, sample efficient, and more generalizable or adaptable to new tasks and non-
stationary settings. For future work, we hope to study alternate ways to solve the Stackelberg
optimization; such as using the full implicit gradient term and unrolled optimization. Finally,
although we presented our game theoretic framework in the context of MBRL, it is more
broadly applicable for any surrogate based optimization including actor-critic methods. It
would make for interesting future work to study broader extensions and implications.
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Chapter 5
META LEARNING WITH IMPLICIT GRADIENTS

5.1 Introduction

A core aspect of intelligence is the ability to quickly learn new tasks by drawing upon prior
experience from related tasks. Recent work has studied how meta-learning algorithms [186,
187, 188| can acquire such a capability by learning to efficiently learn a range of tasks, thereby
enabling learning of a new task with as little as a single example [189, 190, 191]. Meta-learning
algorithms can be framed in terms of recurrent [192, 189, 193] or attention-based [190, 194]
models that are trained via a meta-learning objective, to essentially encapsulate the learned
learning procedure in the parameters of a neural network. An alternative formulation is
to frame meta-learning as a bi-level optimization procedure [195, 191], where the “inner”
optimization represents adaptation to a given task, and the “outer” objective is the meta-
training objective. Such a formulation can be used to learn the initial parameters of a model
such that optimizing from this initialization leads to fast adaptation and generalization. In
this work, we focus on this class of optimization-based methods, and in particular the model-
agnostic meta-learning (MAML) formulation [191]. MAML has been shown to be as expressive
as black-box approaches [196], is applicable to a broad range of settings [197, 198, 199, 18],
and recovers a convergent and consistent optimization procedure [200].

Despite its appealing properties, meta-learning an initialization requires backpropagation
through the inner optimization process. As a result, the meta-learning process requires
higher-order derivatives, imposes a non-trivial computational and memory burden, and can
suffer from vanishing gradients. These limitations make it harder to scale optimization-based
meta learning methods to tasks involving medium or large datasets, or those that require
many inner-loop optimization steps. Our goal is to develop an algorithm that addresses these
limitations.

The main contribution of our work is the development of the implicit MAML (iMAML)
algorithm, an approach for optimization-based meta-learning with deep neural networks that
removes the need for differentiating through the optimization path. Our algorithm aims
to learn a set of parameters such that an optimization algorithm that is initialized at and
regularized to this parameter vector leads to good generalization for a variety of learning tasks.
By leveraging the implicit differentiation approach, we derive an analytical expression for the
meta (or outer level) gradient that depends only on the solution to the inner optimization
and not the path taken by the inner optimization algorithm, as depicted in Figure 1. This
decoupling of meta-gradient computation and choice of inner level optimizer has a number of
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meta-gradient by approximating % as I. Our implicit MAML approach derives an analytic
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appealing properties.

First, the inner optimization path need not be stored nor differentiated through, thereby
making implicit MAML memory efficient and scalable to a large number of inner optimization
steps. Second, implicit MAML is agnostic to the inner optimization method used, as long as
it can find an approximate solution to the inner-level optimization problem. This permits the
use of higher-order methods, and in principle even non-differentiable optimization methods
or components like sample-based optimization, line-search, or those provided by proprietary
software (e.g. Gurobi). Finally, we also provide the first (to our knowledge) non-asymptotic
theoretical analysis of bi-level optimization. We show that an e-approximate meta-gradient
can be computed via implicit MAML using O(log(1/€)) gradient evaluations and O(1) memory,
meaning the memory required does not grow with number of gradient steps.

5.2 Problem Formulation

We first present the meta-learning problem in the context of few-shot supervised learning,
and then generalize the notation to aid the rest of the exposition in the paper.

5.2.1 Review of Few-Shot Supervised Learning and MAML

In few shot learning, we have a collection of meta-training tasks {7;}, drawn from P(T).
Each task 7; is associated with a dataset D;, from which we can sample two disjoint sets:
D! and Di*'. These datasets each consist of K input-output pairs. Let x € X andy €
denote inputs and outputs, respectively. The datasets take the form DI = {(x¥, y*)} £
and similarly for D{**. We are interested in learning models of the form hy(x) : X — Y,

parameterized by ¢ € ® = RY. Performance on a task is specified by a loss function, such as
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the cross entropy or squared error loss. We will write the loss function in the form £(¢, D),
as a function of a parameter vector and dataset. The goal for task 7; is to learn task-specific
parameters ¢; using D{* such that we minimize the test loss, L£(¢;, D).

In the general bi-level meta-learning setup, we consider a space of algorithms that compute
task-specific parameters using a set of meta-parameters @ € © = RY and the training dataset
from the task, such that ¢; = Alg(0, DY) for task 7;. The goal of meta-learning is to learn
meta-parameters that produce good task specific parameters after adaptation:

outer—level inner—level
0y, := argmin F(Oy, where F'(6 Z E(Alg , DY), D}e“). (5.1)
0co

We view this as a bi-level optimization problem since we typically interpret Alg(O,Dfr)
as either explicitly or implicitly solving an underlying optimization problem. At meta-test
(deployment) time, when presented with a dataset D" corresponding to a new task 7; ~ P(T),
we can achieve good generalization performance (i.e., low test error) by using the adaptation
procedure with the meta-learned parameters as ¢; = Alg(6y;,, Df).

In the case of MAML [191], Alg(8, D) corresponds to one or multiple steps of gradient
descent initialized at 8. For example, if one step of gradient descent is used, we have:

¢; = Alg(0,D") = 0 — aVeL(0, D). (inner-level of MAML) (5.2)

Typically, « is a scalar hyperparameter, but can also be a learned vector [201]. Hence, for
MAML, the meta-learned parameter (63, ) has a learned inductive bias that is particularly
well-suited for fine-tuning on tasks from P(7) using K samples. To solve the outer-level
problem with gradient-based methods, we require a way to differentiate through Alg. In the
case of MAML, this corresponds to backpropagating through the dynamics of the gradient
descent learning algorithm.

5.2.2  Proximal Regularization in the Inner Level

To have sufficient learning in the inner level while also avoiding over-fitting, Alg needs to
incorporate some form of regularization. Since MAML uses a small number of gradient steps,
this corresponds to early stopping and can be interpreted as a form of regularization and
Bayesian prior [202]. In cases like ill-conditioned optimization landscapes and medium-shot
learning, we may want to take many gradient steps, which poses two challenges for MAML.
First, we need to store and differentiate through the long optimization path of Alg, which
imposes a considerable computation and memory burden. Second, the dependence of the
model-parameters {¢;} on the meta-parameters (8) shrinks and vanishes as the number of
gradient steps in Alg grows, making meta-learning difficult. To overcome these limitations,
we consider a more explicitly regularized algorithm:

Alg* (6, D5") = argunin £(¢/, D) + 5 |6/ 0] (5.3)
d'ed
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The proximal regularization term in Eq. 5.3 encourages ¢; to remain close to 6, thereby
retaining a strong dependence throughout. The regularization strength (\) plays a role
similar to the learning rate () in MAML, controlling the strength of the prior () relative
to the data (D). Like «, the regularization strength A may also be learned. Furthermore,
both a and A can be scalars, vectors, or full matrices. For simplicity, we treat \ as a scalar
hyperparameter. In Eq. 5.3, we use Alg* to denote that the optimization problem is solved
exactly. In practice, we use iterative algorithms (denoted by Alg) for finite iterations, which
return approximate minimizers. We explicitly consider the discrepancy between approximate
and exact solutions in our analysis.

5.2.3 The Bi-Level Optimization Problem

For notation convenience, we will sometimes express the dependence on task 7; using a
subscript instead of arguments, e.g. we write:

Li(@) = L(¢, DI*), Li(¢):=L($, D), Algi(0) := Alg(6,D).

With this notation, the bi-level meta-learning problem can be written more generally as:

M
1
B, = argmin £(6) M; £l A @), end

(5.4)

* . / A / A /
Alg;(0) = argmin G,(¢', 0) := Li(¢') + = ||¢' — 6],
P cd 2

5.2.4 Total and Partial Derivatives

We use d to denote the total derivative and V to denote partial derivative. For nested
function of the form £;(¢;) where ¢; = Alg;(0), we have from chain rule

dAlg(0 dAlg,(6
doLi(Alg:(6)) = %Wﬁi((ﬁ) |o=sigi(0) = %

Note the important distinction between doL;(Alg;(0)) and V4,L;(Alg;(0)). The former
passes derivatives through Alg;(0) while the latter does not. V4£L;(Alg;(0)) is simply the

gradient function, i.e. V4L;(¢), evaluated at ¢ = Alg,;(6). Also note that doL;(Alg;(0))
and V4L,;(Alg;(0)) are d-dimensional vectors, while dAldLg,(g) is a (d x d)-size Jacobian matrix.

Throughout this text, we will also use dy and % interchangeably.

Vo Li(Algi(9))

5.3 The Implicit MAML Algorithm

Our aim is to solve the bi-level meta-learning problem in Eq. 5.4 using an iterative gradient
based algorithm of the form @ < 6 —n dpF(0). Although we derive our method based
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on standard gradient descent for simplicity, any other optimization method, such as quasi-
Newton or Newton methods, Adam [203], or gradient descent with momentum can also be
used without modification. The gradient descent update be expanded using the chain rule as

d.Ang (0)

0 0—n Z VsLi(Alg:(0)). (5.5)

Here, V4 L;(Alg;(0)) is simply VgLi(@) |p=ig:(9) Which can be easily obtained in practice
via automatic differentiation. For this update rule, we must compute Ag—é where Alg?
is implicitly defined as an optimization problem (Eq. 5.4), which presents the primary
challenge. We now present an efficient algorithm (in compute and memory) to compute the

meta-gradient..

5.3.1 Meta-Gradient Computation

If Algr(0) is implemented as an iterative algorithm, such as gradient descent, then one way
to compute % is to propagate derivatives through the iterative process, either in forward
mode or reverse mode. However, this has the drawback of depending explicitly on the path of
the optimization, which has to be fully stored in memory, quickly becoming intractable when
the number of gradient steps needed is large. Furthermore, for second order optimization
methods, such as Newton’s method, third derivatives are needed which are difficult to obtain.
Furthermore, this approach becomes impossible when non-differentiable operations, such
as line-searches, are used. However, by recognizing that Alg? is implicitly defined as the
solution to an optimization problem, we may employ a different strategy that does not need
to consider the path of the optimization but only the final result. This is derived in the

following Lemma.

Lemma 3. (Implicit Jacobian) Consider Alg:(0) as defined in Eq. 5.4 for task T;. Let
¢; = Algr(0) be the result of Algf(0). If <I + 5 V2 (qbl)) 18 invertible, then the derivative

Jacobian is )
dAlgr (0 B
Aclg—é() (I+ V3L, (@)) | (5.6)

Please see appendix for the proof. Note that the derivative (Jacobian) depends only on the
final result of the algorithm, and not the path taken by the algorithm. Thus, in principle any
approach of algorithm can be used to compute Alg; (@), thereby decoupling meta-gradient
computation from choice of inner level optimizer.

Practical Algorithm: While Lemma 3 provides an idealized way to compute the AlgF
Jacobians and thus by extension the meta-gradient, it may be difficult to directly use it in
practice. Two issues are particularly relevant. First, the meta-gradients require computation
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Algorithm 5 Implicit Model-Agnostic Meta-Learning (iMAML)

1: Require: Distribution over tasks P(7), outer step size 7, regularization strength A,
2: while not converged do

3:  Sample mini-batch of tasks {T;}2, ~ P(T)

4:  for Each task 7; do

5 Compute task meta-gradient g; = Implicit-Meta-Gradient(7;, 0, \)
6: end for
7

8

9

Average above gradients to get VF(0) = (1/B) Zil gi A
: Update meta-parameters with gradient descent: 8 < 0 —nVFE(0) // (or Adam)
: end while

Algorithm 6 Implicit Meta-Gradient Computation

1: Input: Task 7;, meta-parameters 6, regularization strength A

2: Hyperparameters: Optimization accuracy thresholds § and ¢’

3: Obtain task parameters ¢; using iterative optimization solver such that: ||¢; —.Alg: ()] <
)

4: Compute partial outer-level gradient v; = VL7 (¢;)

5: Use an iterative solver (e.g. CG) along with reverse mode differentiation (to compute
Hessian vector products) to compute g; such that: ||g; — (I + %VQEAi((j)i))_lfviH <

6: Return: g;

of Algr(0), which is the exact solution to the inner optimization problem. In practice, we may
be able to obtain only approximate solutions. Second, explicitly forming and inverting the
matrix in Eq. 5.6 for computing the Jacobian may be intractable for large deep neural networks.
To address these difficulties, we consider approximations to the idealized approach that enable
a practical algorithm. First, we consider an approximate solution to the inner optimization
problem, that can be obtained with iterative optimization algorithms like gradient descent.

Definition 5. (0—approz. algorithm) Let Alg;(0) be a d—accurate approximation of Algr (),
| ALg: () — Alg; (8)]| < 6

Second, we will perform a partial or approximate matrix inversion given by:

Definition 6. (§'—approximate Jacobian-vector product) Let g; be a vector such that

1 . —1
lg: — (I—i- X Viﬁi(@)) VeLi(gi)| <0

where ¢; = Alg;(0) and Alg; is based on definition 5.
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Note that g; in definition 6 is an approximation of the meta-gradient for task 7;. Observe
that g; can be obtained as an approximate solution to the optimization problem:

1
A

The conjugate gradient (CG) algorithm is particularly well suited for this problem due to
its excellent iteration complexity and requirement of only Hessian-vector products of the
form Vgﬁi(cﬁi)v. Such hessian-vector products can be obtained cheaply without explicitly
forming or storing the Hessian matrix (as we discuss in Appendix D.3). This CG based
inversion has been successfully deployed in Hessian-free or Newton-CG methods for deep
learning [204, 205] and trust region methods in reinforcement learning [33, 12]. Algorithm 5
presents the full practical algorithm. Note that these approximations to develop a practical
algorithm introduce errors in the meta-gradient computation. We analyze the impact of
these errors in Section 5.3.2 and show that they are controllable. See Appendix D.1 for how

iMAML generalizes prior gradient optimization based meta-learning algorithms.

5.8.2  Theoretical Analysis

In Section 5.3.1, we outlined a practical algorithm that makes approximations to the idealized
update rule of Eq. 5.5. Here, we attempt to analyze the impact of these approximations, and
also understand the computation and memory requirements of iIMAML. We find that iMAML
can match the minimax computational complexity of backpropagating through the path of
the inner optimizer, but is substantially better in terms of memory usage. This work to our
knowledge also provides the first non-asymptotic result that analyzes approximation error
due to implicit gradients. Theorem 3 provides the computational and memory complexity for
obtaining an e-approximate meta-gradient. We assume L£; is smooth but do not require it to
be convex. We assume that G; in Eq. 5.4 is strongly convex, which can be made possible by
appropriate choice of A\. The key to our analysis is a second order Lipshitz assumption, i.e.
ﬁl() is p-Lipshitz Hessian. This assumption and setting has received considerable attention
in recent optimization and deep learning literature [206, 207].

Table 5.1 summarizes our complexity results and compares with MAML and truncated
backpropagation [208| through the path of the inner optimizer. We use x to denote the
condition number of the inner problem induced by G; (see Equation 5.4), which can be viewed
as a measure of hardness of the inner optimization problem. Mem(Vﬁi) is the memory taken
to compute a single derivative VL;. Under the assumption that Hessian vector products are
computed with the reverse mode of auto-differentiation, we will have that both: the compute
time and memory used for computing a Hessian vector product are with a (universal) constant
factor of the compute time and memory used for computing VL, itself (see Appendix D.3).
This allows us to measure the compute time in terms of the number of VL computations.
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Table 5.1: Compute and memory for computing the meta-gradient when using a §-accurate Alg;, and
the corresponding approximation error. Our compute time is measured in terms of the number of \
computations. All results are in O() notation, which hide additional log factors; the error bound hides
additional problem dependent Lipshitz and smoothness parameters (see the respective Theorem statements).
k > 1 is the condition number for inner objective G; (see Equation 5.4), and D is the diameter of the search
space. The notions of error are subtly different: we assume all methods solve the inner optimization to error
level of § (as per definition 5). For our algorithm, the error refers to the ¢» error in the computation of
doL;(Algr(0)). For the other algorithms, the error refers to the ¢ error in the computation of dgL;(.Alg;(8)).
We use Prop 3.1 of Shaban et al. [208] to provide the guarantee we use. See Appendix D.4 for additional
discussion.

Algorithm Compute Memory Error
MAML (GD -+ full back-prop) /ilog( ) Mem(VL;) - k log (%) of
MAML (Nesterov's AGD + full back-prop) | v/klog (2) Mem(VL;) - /k log (2) of
Truncated back-prop (GD) [2] rlog (2) Mem(VL;) - s log (1) el
Implicit MAML (this work) Vilog (2) Mem(VL;) o

We refer readers to Appendix D.4 for additional discussion about the algorithms and their
trade-offs. Our main theorem is as follows:

Theorem 3. (Informal Statement; Approximation error in Algorithm 6) Suppose that: L;(-)
is B Lipshitz and L smooth function; that G;(-,0) (in Eq. 5.4) is a p-strongly convex function
with condition number k; that D is the diameter of search space for ¢ in the inner optimization
problem (i.e. ||Alg:(0)|| < D); and L;(-) is p-Lipshitz Hessian.

Let g; be the task meta-gradient returned by Algorithm 6. For any task i and desired
accuracy level €, Algorithm 6 computes an approximate task-specific meta-gradient with the
following guarantee:

|lgi — doLi(Alg;(0))|| <.

Furthermore, under the assumption that the Hessian vector products are computed by the
reverse mode of auto-differentiation, Algorithm 6 can be implemented using at most

O (ﬁlog (pOly(“’D’f’L’p’“”\))> gradient computations of L;(-) and 2 - Mem(VL;) memory.

The formal statement of the theorem and the proof are provided the appendix. Importantly,
the algorithm’s memory requirement is equivalent to the memory needed for Hessian-vector
products which is a small constant factor over the memory required for gradient computations,
assuming the reverse mode of auto-differentiation is used. Finally, based on the above, we
also present corollary 2 which shows that iMAML efficiently finds a stationary point of F'(-),
due to iMAML having controllable approximation error in gradient computation.



61

Corollary 2. (iMAML finds stationary points) Suppose the conditions of Theorem & hold
and that F(-) is an Lrp smooth function. Then the implicit MAML algorithm (Algorithm 5),
when the batch size is M (so that we are doing gradient descent), will find a point @ such
that: ||VF(0)|| < € in a number of calls to Implicit-Meta-Gradient that is at most

MLy ‘F(O);mm" F©) Furthermore, the total number of gradient computations (of \J ) is
at most L (F(0 " , DL \
O(M\/E f( ()—QIHIHQ ())10g(p0y("€7 , D, L, P, 4, )))’
€ €

and only O(Mem(V L;)) memory is required throughout.

5.4 Experimental Results and Discussion

In our experimental evaluation, we aim to answer the following questions empirically: (1)
Does the iMAML algorithm asymptotically compute the exact meta-gradient? (2) With
finite iterations, does iMAML approximate the meta-gradient more accurately compared
to MAML? (3) How does the computation and memory requirements of iMAML compare
with MAML? (4) Does iMAML lead to better results in realistic meta-learning problems?
We have answered (1) - (3) through our theoretical analysis, and now attempt to validate it
through numerical simulations. For (1) and (2), we will use a simple synthetic example for
which we can compute the exact meta-gradient and compare against it (exact-solve error, see
definition 7). For (3) and (4), we will use the common few-shot image recognition domains of
Omniglot and Mini-ImageNet.

To study the question of meta-gradient accuracy, Figure 5.2 considers a synthetic regression
example, where the predictions are linear in parameters. This provides an analytical expression

175 Normalized error = I gﬁ;ﬁ'“ GPU Memory (Normalized) Compute Time (sec/iter)
—— MAML 1.0| ---- Capacity ------mmmmm-l 0.5
1.50 —— iMAML(CG=2) —— iMAML (all CG)
1.25 = iMAML (CG=5) 0.8 0.4
—— iMAML(CG=10) = MANL
L 1.00 0.6 —e— FOMAML
= . 0.3 —o— JMAML (CG=2)
50.75 o4 iMAML (CG=5)
’ —o— iMAML (CG=10)
0.50
0.2
0.25 0.2
0.00 0.0 0.1
20 40 60 80 100 0 5 10 15 0 5 10 15
Number of inner gradient steps # Grad Steps # Grad Steps

(a) (b)

Figure 5.2: Accuracy, Computation, and Memory tradeoffs of iMAML, MAML, and FOMAML. (a)
Meta-gradient accuracy level in synthetic example. Computed gradients are compared against the exact
meta-gradient per Def 7. (b) Computation and memory trade-offs with 4 layer CNN on 20-way-5-shot
Omniglot task. We implemented iMAML in PyTorch, and for an apples-to-apples comparison, we use a
PyTorch implementation of MAML from: https://github.com/dragen1860/MAML-Pytorch


https://github.com/dragen1860/MAML-Pytorch
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Table 5.2: Omniglot results. MAML results are taken from the original work of Finn et al. [191], and
first-order MAML and Reptile results are from Nichol et al. [160]. iMAML with gradient descent (GD) uses
16 and 25 steps for 5-way and 20-way tasks respectively. iMAML with Hessian-free uses 5 CG steps to
compute the search direction and performs line-search to pick step size. Both versions of iIMAML use A = 2.0
for regularization, and 5 CG steps to compute the task meta-gradient.

Algorithm ‘ 5-way 1-shot ‘ 5-way 5-shot ‘ 20-way 1-shot ‘ 20-way 5-shot
MAML [191] 98.7 + 0.4% 99.9 + 0.1% 95.8 + 0.3% 98.9 + 0.2%
first-order MAML [191] 98.3 + 0.5% 99.2 + 0.2% 89.4 + 0.5% 97.9 + 0.1%
Reptile [160] 97.68 + 0.04% | 99.48 £ 0.06% | 89.43 + 0.14% | 97.12 + 0.32%
iMAML, GD (ours) 99.16 + 0.35% | 99.67 &+ 0.12% | 94.46 + 0.42% 98.69 + 0.1%
iMAML, Hessian-Free (ours) | 99.50 + 0.26% | 99.74 + 0.11% | 96.18 + 0.36% | 99.14 + 0.1%

for Algr allowing us to compute the true meta-gradient. We fix gradient descent (GD) to
be the inner optimizer for both MAML and iMAML. The problem is constructed so that
the condition number (k) is large, thereby necessitating many GD steps. We find that both
iMAML and MAML asymptotically match the exact meta-gradient, but iMAML computes
a better approximation in finite iterations. We observe that with 2 CG iterations, iIMAML
incurs a small terminal error. This is consistent with our theoretical analysis. In Algorithm 6,
0 is dominated by ¢ when only a small number of CG steps are used. However, the terminal
error vanishes with just 5 CG steps. The computational cost of 1 CG step is comparable to 1
inner GD step with the MAML algorithm, since both require 1 hessian-vector product (see
section D.3 for discussion). Thus, the computational cost as well as memory of iIMAML with
100 inner GD steps is significantly smaller than MAML with 100 GD steps.

To study (3), we turn to the Omniglot dataset [209] which is a popular few-shot image
recognition domain. Figure 5.2 presents compute and memory trade-off for MAML and
iMAML (on 20-way, 5-shot Omniglot). Memory for iMAML is based on Hessian-vector
products and is independent of the number of GD steps in the inner loop. The memory use
is also independent of the number of CG iterations, since the intermediate computations
need not be stored in memory. On the other hand, memory for MAML grows linearly in
grad steps, reaching the capacity of a 12 GB GPU in approximately 16 steps. First-order
MAML (FOMAML) does not back-propagate through the optimization process, and thus
the computational cost is only that of performing gradient descent, which is needed for
all the algorithms. The computational cost for iMAML is also similar to FOMAML along
with a constant overhead for CG that depends on the number of CG steps. Note however,

that FOMAML does not compute an accurate meta-gradient, since it ignores the Jacobian.
Compared to FOMAML, the compute cost of MAML grows at a faster rate. FOMAML
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requires only gradient computations, while backpropagating through GD (as done in MAML)
requires a Hessian-vector products at each iteration, which are more expensive.

Finally, we study empirical performance of iMAML on the Omniglot and Mini-ImageNet
domains. Following the few-shot learning protocol in prior work [190], we run the iMAML
algorithm on the dataset for different numbers of class labels and shots (in the N-way, K-shot
setting), and compare two variants of iMAML with published results of the most closely
related algorithms: MAML, FOMAML, and Reptile. While these methods are not state-of-
the-art on this benchmark, they provide an apples-to-apples comparison for studying the
use of implicit gradients in optimization-based meta-learning. For a fair comparison, we use
the identical convolutional architecture as these prior works. Note however that architecture
tuning can lead to better results for all algorithms [210].

The first variant of iIMAML we consider involves solving the inner level problem (the
regularized objective function in Eq. 5.4) using gradient descent. The meta-gradient is
computed using conjugate gradient, and the meta-parameters are updated using Adam. This
presents the most straightforward comparison with MAML, which would follow a similar
procedure, but backpropagate through the path of optimization as opposed to invoking
implicit differentiation. The second variant of iMAML uses a second order method for the
inner level problem. In particular, we consider the Hessian-free or Newton-CG [205, 204]
method. This method makes a local quadratic approximation to the objective function (in
our case, G(¢',0) and approximately computes the Newton search direction using CG. Since
CG requires only Hessian-vector products, this way of approximating the Newton search
direction is scalable to large deep neural networks. The step size can be computed using
regularization, damping, trust-region, or linesearch. We use a linesearch on the training loss
in our experiments to also illustrate how our method can handle non-differentiable inner
optimization loops. We refer the readers to Nocedal & Wright [205] and Martens [204] for a
more detailed exposition of this optimization algorithm. Similar approaches have also gained
prominence in reinforcement learning 33, 12].

Tables 5.2 and 5.3 present the results on
Omniglot and Mini-ImageNet, respectively.
On the Omniglot domain, we find that the
GD version of iIMAML is competitive with Algorithm 5-way 1-shot
the full MAML algorithm, and substatially

Table 5.3: Mini-ImageNet 5-way-1-shot accuracy

better than its approximations (i.e., first- MAML 48.70 £ 1.84 %
order MAML and Reptile) espec'iaLl?ly for first-order MAML | 48.07 & 1.75 %
’ Reptile 49.97 + 0.32 %

the harder 20-way tasks. We also find that
iMAML with Hessian-free optimization per-
forms substantially better than the other
methods, suggesting that powerful optimiz-
ers in the inner loop can offer benefits to meta-learning. In the Mini-ImageNet domain, we

IMAML GD (ours) | 48.96 + 1.84 %
IMAML HF (ours) | 49.30 + 1.88 %
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find that iMAML performs better than MAML and FOMAML. We used A = 0.5 and 10
gradient steps in the inner loop. We did not perform an extensive hyperparameter sweep,
and expect that the results can improve with better hyperparameters. 5 CG steps were used
to compute the meta-gradient. The Hessian-free version also uses 5 CG steps for the search
direction. Additional experimental details are Appendix D.6.

5.5 Related Work

Our work considers the general meta-learning problem [186, 187, 188|, including few-shot
learning [209, 190]. Meta-learning approaches can generally be categorized into metric-
learning approaches that learn an embedding space where non-parametric nearest neighbors
works well [211, 190, 212, 213, 214], black-box approaches that train a recurrent or recursive
neural network to take datapoints as input and produce weight updates [192, 215, 216, 193]
or predictions for new inputs [189, 217, 218, 219, 194], and optimization-based approaches
that use bi-level optimization to embed learning procedures, such as gradient descent, into
the meta-optimization problem [191, 200, 220, 221, 201, 222, 223, 224|. Hybrid approaches
have also been considered to combine the benefits of different approaches [225, 226]. We
build upon optimization-based approaches, particularly the MAML algorithm [191], which
meta-learns an initial set of parameters such that gradient-based fine-tuning leads to good
generalization. Prior work has considered a number of inner loops, ranging from a very general
setting where all parameters are adapted using gradient descent [191], to more structured
and specialized settings, such as ridge regression [220]|, Bayesian linear regression [224], and
simulated annealing [227]. The main difference between our work and these approaches is that
we show how to analytically derive the gradient of the outer objective without differentiating
through the inner learning procedure.

Mathematically, we view optimization-based meta-learning as a bi-level optimization
problem. Such problems have been studied in the context of few-shot meta-learning (as
discussed previously), gradient-based hyperparameter optimization [195, 228, 229, 230, 231],
and a range of other settings [232, 233]. Some prior works have derived implicit gradients for
related problems [228, 230, 232] while others propose innovations to aid back-propagation
through the optimization path for specific algorithms [195, 229, 234], or approximations like
truncation [208]. While the broad idea of implicit differentiation is well known, it has not
been empirically demonstrated in the past for learning more than a few parameters (e.g.,
hyperparameters), or highly structured settings such as quadratic programs [232]. In contrast,
our method meta-trains deep neural networks with thousands of parameters. Closest to our
setting is the recent work of Lee et al. [235], which uses implicit differentiation for quadratic
programs in a final SVM layer. In contrast, our formulation allows for adapting the full
network for generic objectives (beyond hinge-loss), thereby allowing for wider applications.

We also note that prior works involving implicit differentiation make a strong assumption



65

of an exact solution in the inner level, thereby providing only asymptotic guarantees. In
contrast, we provide finite time guarantees which allows us to analyze the case where the inner
level is solved approximately. In practice, the inner level is likely to be solved using iterative
optimization algorithms like gradient descent, which only return approximate solutions with
finite iterations. Thus, this paper places implicit gradient methods under a strong theoretical
footing for practically use.

5.6 Chapter Summary

In this chapter, we presented a new method for optimization-based meta-learning that removes
the need for differentiating through the inner optimization path, allowing us to decouple the
outer meta-gradient computation from the choice of inner optimization algorithm. We showed
how this gives us significant gains in compute and memory efficiency, and also conceptually
allows us to use a variety of inner optimization methods. While we focused on developing the
foundations and theoretical analysis of this method, we believe that this work opens up a
number of interesting avenues for future study.

Broader classes of inner loop procedures. While we studied different gradient-based
optimization methods in the inner loop, iIMAML can in principle be used with a variety of inner
loop algorithms, including dynamic programming methods such as -learning, two-player
adversarial games such as GANs, energy-based models [236], and actor-critic RL methods,
and higher-order model-based trajectory optimization methods. This significantly expands
the kinds of problems that optimization-based meta-learning can be applied to.

More flexible regularizers. We explored one very simple regularization, ¢, regularization
to the parameter initialization, which already increases the expressive power over the implicit
regularization that MAML provides through truncated gradient descent. To further allow the
model to flexibly regularize the inner optimization, a simple extension of iMAML is to learn
a vector- or matrix-valued A, which would enable the meta-learner model to co-adapt and
co-regularize various parameters of the model. Regularizers that act on parameterized density
functions would also enable meta-learning to be effective for few-shot density estimation.
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Chapter 6
META LEARNING UNDER NON-STATIONARITY

6.1 Introduction

In the previous chapter, we considered meta-learning, which provided a paradigm to achieve
generalization in new tasks using a small amount of data. This was achieved by constructing
an agent that learns how to learn by utilizing prior tasks to learn priors that are amenable
to fast adaptation. This question of how to use prior tasks or experience to inform future
learning has actually been studied by two distinct paradigms. As we discussed, meta-
learning [186, 190, 191]| casts this as the problem of learning to learn, where past experience is
used to acquire a prior over model parameters or a learning procedure, and typically studies
a setting where a set of meta-training tasks are made available together upfront.

In contrast, online learning [237, 157| considers a sequential setting where tasks are
revealed one after another, but aims to attain zero-shot generalization without any task-
specific adaptation. We argue that neither setting is ideal for studying continual lifelong
learning, as experienced by humans in the real world. Meta-learning deals with learning to
learn, but neglects the sequential and non-stationary aspects of the problem. Online learning
offers an appealing theoretical framework, but does not generally consider how past experience
can accelerate adaptation to a new task. In this chapter, we motivate and present the online
meta-learning problem setting, where the agent simultaneously uses past experiences in a
sequential setting to learn good priors, and also adapt quickly to the current task at hand.

As a motivating example, Figure 6.1 shows a family of sinusoids. Imagine that each task
is a regression problem from x to y corresponding to one sinusoid. When presented with
data from a large collection of such tasks, a naive approach that does not consider the task
structure would collectively use all the data, and learn a prior that corresponds to the model
y = 0. An algorithm that understands the underlying structure would recognize that each
curve in the family is a (different) sinusoid, and would therefore attempt to identify, for a new
batch of data, which sinusoid it corresponds to. As another example where naive training
on prior tasks fails, Figure 6.1 also shows colored MNIST digits with different backgrounds.
Suppose we've seen MNIST digits with various colored backgrounds, and then observe a “7”
on a new color. We might conclude from training on all of the data seen so far that all digits
with that color must all be “7.” In fact, this is an optimal conclusion from a purely statistical
standpoint. However, if we understand that the data is divided into different tasks, and take
note of the fact that each task has a different color, a better conclusion is that the color is
irrelevant.
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Figure 6.1: (left) sinusoid functions and (right) colored MNIST

Meta-learning offers an appealing solution: by learning how to learn from past tasks, we
can make use of task structure and extract information from the data that both allows us to
succeed on the current task and adapt to new tasks more quickly. However, typical meta
learning approaches assume that a sufficiently large set of tasks are made available upfront for
meta-training. In the real world, tasks are likely available only sequentially, as the agent is
learning in the world, and also from a non-stationary distribution. By recasting meta-learning
in a sequential or online setting, that does not make strong distributional assumptions, we
can enable faster learning on new tasks as they are presented.

Contributions: In this chapter, we formulate the online meta-learning problem setting and
present the follow the meta-leader (FTML) algorithm. This extends the MAML algorithm to
the online meta-learning setting, and is analogous to follow the leader in online learning. We
analyze FTML and show that it enjoys a O(logT') regret guarantee when competing with
the best meta-learner in hindsight. We also develop a practical form of FTML that can be
used effectively with deep neural networks on large scale tasks, and show that it significantly
outperforms prior methods. The experiments involve vision-based sequential learning tasks

with the MNIST, CIFAR-100, and PASCAL 3D~ datasets.

6.2 Foundations

Before introducing online meta-learning, we first briefly summarize the foundations of meta-
learning, the model-agnostic meta-learning (MAML) algorithm, and online learning. To
illustrate the differences in setting and algorithms, we will use the running example of few-shot
learning, which we describe below first. We emphasize that online learning, MAML, and the
online meta-learning formulations have a broader scope than few-shot supervised learning.
We use the few-shot supervised learning example primarily for illustration.
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6.2.1 Few-Shot Learning

In the few-shot supervised learning setting [189], we are interested in a family of tasks, where
each task 7T is associated with a notional and infinite-size population of input-output pairs.
In the few-shot learning, the goal is to learn a task while accessing only a small, finite-size
labeled dataset D; := {x;,y;} corresponding to task 7;. If we have a predictive model, h(-; ¢),
with parameters ¢, the population risk of the model is

£1(¢> = ]E(x,y)NTi [f(x, Yy, ¢)]a

where the expectation is defined over the task population and ¢ is a loss function, such as the
square loss or cross-entropy between the model prediction and the correct label. An example
of ¢ corresponding to squared error loss is

l(x,y,¢)=|ly — h(x; 9)||°.

Let L(D;, ¢) represent the average loss on the dataset D;. Being able to effectively minimize
L;(¢) is likely hard if we rely only on D; due to the small size of the dataset. However, we are
exposed to many such tasks from the family — either in sequence or as a batch, depending
on the setting. By being able to draw upon the multiplicity of tasks, we may hope to perform
better, as for example demonstrated in the meta-learning literature.

6.2.2 Meta-Learning and MAML

Meta-learning, or learning to learn [186], aims to effectively bootstrap from a set of tasks
to learn faster on a new task. It is assumed that tasks are drawn from a fixed distribution,
T ~ P(T). At meta-training time, M tasks {7;}M, are drawn from this distribution and
datasets corresponding to them are made available to the agent. At deployment time, we
are faced with a new test task 7; ~ P(7), for which we are again presented with a small
labeled dataset D, := {x;,y,}. Meta-learning algorithms attempt to find a model using the
M training tasks, such that when D; is revealed from the test task, the model can be quickly
updated to minimize £;(¢).

Model-agnostic meta-learning (MAML) [191] does this by learning an initial set of pa-
rameters ¢yamr, such that at meta-test time, performing a few steps of gradient descent
from ¢yranm, using D; minimizes £;(-). To get such an initialization, at meta-training time,
MAML solves the optimization problem:

M
PraML (= arg m(gn % ; £i<¢ - @Vﬁi(¢))- (6-1)

The inner gradient Vﬁ,(qﬁ) is based on a small mini-batch of data from D;. Hence, MAML
optimizes for few-shot generalization. Note that the optimization problem is subtle: we have
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a gradient descent update step embedded in the actual objective function. Regardless, Finn
et al. [191] show that gradient-based methods can be used on this optimization objective
with existing automatic differentiation libraries. Stochastic optimization techniques are used
to solve the optimization problem in Eq. 6.1 since the population risk is not known directly.
At meta-test time, the solution to Eq. 6.1 is fine-tuned as: ¢; < ¢namr, — aVﬁj(quAML)
with the gradient obtained using D;. Meta-training can be interpreted as learning a prior
over model parameters, and fine-tuning as inference [202].

MAML and other meta-learning algorithms (see Section 6.7) are not directly applicable
to sequential settings for two reasons. First, they have two distinct phases: meta-training
and meta-testing or deployment. We would like the algorithms to work in a continuous
learning fashion. Second, meta-learning methods generally assume that the tasks come from
some fixed distribution, whereas we would like methods that work for non-stationary task
distributions.

6.2.3 Online Learning

In the online learning setting, an agent faces a sequence of loss functions {£;}°,, one in
each round t. These functions need not be drawn from a fixed distribution, and could
even be chosen adversarially over time. The goal for the learner is to sequentially decide
on model parameters {¢;};2, that perform well on the loss sequence. In particular, the
standard objective is to minimize some notion of regret defined as the difference between our
learner’s loss, 23:1 Li(¢;), and the best performance achievable by some family of methods
(comparator class). The most standard notion of regret is to compare to the cumulative loss
of the best fized model in hindsight:

T T
Regret; = Y Ly(¢) — min > L) (6.2)
t=1 t=1

The goal in online learning is to design algorithms such that this regret grows with 7" as
slowly as possible. In particular, an agent (algorithm) whose regret grows sub-linearly in 7" is
non-trivially learning and adapting. One of the simplest algorithms in this setting is follow
the leader (FTL) [237], which updates the parameters as:

t
D1 = arg m(;n Z Ly ().
k=1

FTL enjoys strong performance guarantees depending on the properties of the loss function,
and some variants use additional regularization to improve stability [164]. For the few-shot
supervised learning example, FTL would consolidate all the data from the prior stream of
tasks into a single large dataset and fit a single model to this dataset. As alluded to in
Section 6.1, and as we find in our empirical evaluation in Section 6.6, such a “joint training”
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approach may not learn effective models. To overcome this issue, we may desire a more
adaptive notion of a comparator class, and algorithms that have low regret against such a
comparator, as we will discuss next.

6.3 The Online Meta-Learning Problem

We consider a general sequential setting where an agent is faced with tasks one after another.
Each of these tasks correspond to a round, denoted by t. In each round, the goal of the
learner is to determine model parameters ¢, that perform well for the corresponding task
at that round. This is monitored by £, : ¢ € W — R, which we would like to be minimized.
Crucially, we consider a setting where the agent can perform some local task-specific updates
to the model before it is deployed and evaluated in each round. This is realized through
an update procedure, which at every round ¢ is a mapping Alg; : ¢ € W — ¢ € W. This
procedure takes as input ¢ and returns ¢ that performs better on £;. One example for Alg,
is a step of gradient descent [191]:

Alg(¢) = ¢ — aVL(¢h).

Here, as specified in Section 6.2, VL, is potentially an approximate gradient of L, as for
example obtained using a mini-batch of data from the task at round ¢. The overall protocol

for the setting is as follows:
1. At round ¢, the agent chooses a model defined by ¢;.

2. The world simultaneously chooses task defined by f;.

3. The agent obtains access to the update procedure Alg;, and uses it to update parameters
as ¢ = Algi(p:).
4. The agent incurs loss L;(¢;). Advance to round ¢ + 1.

The goal for the agent is to minimize regret over the rounds. A highly ambitious comparator
is the best meta-learned model in hindsight. Let {¢;}7_, be the sequence of models generated
by the algorithm. Then, the regret we consider is:

Regret, = Z L(Alg () — mqgn Z L(Alg()). (6.3)

t=1

Notice that we allow the comparator to adapt locally to each task at hand; thus the comparator
has strictly more capabilities than the learning agent, since it is presented with all the task
functions in batch mode. Here, again, achieving sublinear regret suggests that the agent
is improving over time and is competitive with the best meta-learner in hindsight. As
discussed earlier, in the batch setting, when faced with multiple tasks, meta-learning performs
significantly better than training a single model for all the tasks. Thus, we may hope that
learning sequentially, but still being competitive with the best meta-learner in hindsight,
provides a significant leap in continual learning.
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6.4 Algorithm and Analysis

In this section, we outline the follow the meta leader (FTML) algorithm and provide an
analysis of its behavior.

6.4.1 Follow the Meta Leader

One of the most successful algorithms in online learning is follow the leader [237, 238], which
enjoys strong performance guarantees for smooth and convex functions. Taking inspiration
from its form, we propose the FTML algorithm template:

¢i11 = arg m(gn Zﬁk (Algi()). (6.4)

k=1

This can be interpreted as the agent playing the best meta-learner in hindsight if the learning
process were to stop at round ¢. In the remainder of this section, we will show that under
standard assumptions on the losses, and just one additional assumption on higher order
smoothness, this algorithm has strong regret guarantees. In practice, we may not have full
access to L(+), such as when it is the population risk and we only have a finite size dataset. In
such cases, we will draw upon stochastic approximation algorithms to solve the optimization
problem in Eq. (6.4).

6.4.2 Assumptions

We make the following assumptions about each loss function in the learning problem for all ¢.
Let u and v represent two arbitrary choices of model parameters.

Assumption Al. (C?-smoothness)

1. (Lipschitz in function value) L has gradients bounded by G, i.e. ||[VL(u)|| < GV u. This
is equivalent to L being G— Lipschitz.

2. (Lipschitz gradient) L is B—smooth, i.e.
IVL(u) = VL[| < Bllu = v|] Y(u,v).

3. (Lipschitz Hessian) L has p—Lipschitz Hessians, i.e.
IV2L(w) = VZL(V)|| < plfu = ]| Y(u,v).

Assumption A2. (Strong convexity) Suppose that L is convex. Furthermore, suppose L is
pu—strongly convez, i.e. ||VL(u) — VL(V)|| > plju—v]|.

These assumptions are largely standard in online learning, in various settings [157],
except 1.3. Examples where these assumptions hold include logistic regression and L2
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regression over a bounded domain. Assumption 1.3 is a statement about the higher order
smoothness of functions which is common in non-convex analysis [207, 206]. In our setting,
it allows us to characterize the landscape of the MAML-like function which has a gradient
update step embedded within it. Importantly, these assumptions do not trivialize the meta-
learning setting. A clear difference in performance between meta-learning and joint training
can be observed even in the case where £(-) are quadratic functions, which correspond to the
simplest strongly convex setting. See Appendix E.1 for an example illustration.

6.4.3 Analysis

We analyze the FTML algorithm when the update procedure is a single step of gradient
descent, as in the formulation of MAML. Concretely, the update procedure we consider is
Algi(¢) = ¢ — aV L (¢). For this update rule, we first state our main theorem below.

Theorem 4. Suppose £ and £ : R? — R satisfy assumptions 1 and 2. Let L be the function
evaluated after a one step gradient update procedure, 1i.e.

L(p) = L(d — aVL()).
If the step size is selected as a < min{%, SPLG}, then L is convex. Furthermore, it is also

B = 96/8 smooth and fi = u/8 strongly convez.

Corollary 3. (inherited convezity for the MAML objective) If {Ei,ﬁi}fil satisfy assump-
tions 1 and 2, then the MAML optimization problem,

T »
minimize - ; Li(d—aVL()),

with a < min{%, sc ) s convex. Furthermore, it is 98/8-smooth and u/8-strongly conves.

The proofs are provided in the appendix. Since the objective function is convex, we may
expect first-order optimization methods to be effective, since gradients can be efficiently
computed with standard automatic differentiation libraries (as discussed in Finn et al. [191]).
In fact, this work was chronologically the first to show that MAML-like objective functions
can be provably and efficiently optimized under any set of assumptions. Another immediate
corollary of our main theorem is that FTML now enjoys the same regret guarantees (up to
constant factors) as FTL does in the comparable setting (with strongly convex losses).

Corollary 4. (inherited regret bound for FTML) Suppose that for all t, L, and L, satisfy
assumptions 1 and 2. Suppose that the update procedure in FTML (Eq. 6.4) is chosen as
Alg(p) = ¢ — aVL(p) with o < min{ }. Then, FTML enjoys the following regret
quarantee

1 p
287 8pG

Z Ly (Algt(¢t)) - m(;n Z L, (Algt(¢)) =0 (3252 log T)
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Proof. From Theorem 4, we have that each function £,(¢) = L,(Alg,(¢)) is fi = j1/8 strongly
convex. The FTML algorithm is identical to FTL on the sequence of loss functions {£;}~_,,
which has a O(% log T') regret guarantee (see Cesa-Bianchi and Lugosi [157] Theorem 3.1).
Using i = p/8 completes the proof. O

More generally, our main theorem implies that there exists a large family of online meta-
learning algorithms that enjoy sub-linear regret, based on the inherited smoothness and
strong convexity of £(-). See Hazan [239], Shalev-Shwartz [164], Shalev-Shwartz and Kakade
[240] for algorithmic templates to derive sub-linear regret based algorithms.

6.5 Practical Online Meta-Learning Algorithm

In the previous section, we derived a theoretically principled algorithm for convex losses.
However, many problems of interest in machine learning and deep learning have a non-convex
loss landscape, where theoretical analysis is challenging. Nevertheless, algorithms originally
developed for convex losses like gradient descent and AdaGrad [241] have shown promising
results in practical non-convex settings. Taking inspiration from these successes, we describe
a practical instantiation of FTML in this section, and empirically evaluate its performance in
Section 6.6.

The main considerations when adapting the FTML algorithm to few-shot supervised
learning with high capacity neural network models are: (a) the optimization problem in
Eq. (6.4) has no closed form solution, and (b) we do not have access to the population risk
L; but only a subset of the data. To overcome both these limitations, we can use iterative
stochastic optimization algorithms. Specifically, by adapting the MAML algorithm [191], we
can use stochastic gradient descent with a minibatch D} as the update rule, and stochastic
gradient descent with an independently-sampled minibatch D} to optimize the parameters.
The gradient computation is described below:

g:(¢) = Ve Ekwtﬁ(DZal, Algk((ﬁ)), where
Algy(¢) = ¢ — a Vg L(D}, @)

Here, v'(-) denotes a sampling distribution for the previously seen tasks 71, ..., 7;. In our
experiments, we use the uniform distribution, v* = P(k) = 1/t Vk = {1,2,...t}, but other
sampling distributions can be used if required. Recall that £(D, ¢) is the loss function (e.g.
cross-entropy) averaged over the datapoints (x,y) € D for the model with parameters ¢.
Using independently sampled minibatches D% and D® minimizes interaction between the

(6.5)

inner gradient update Alg, and the outer optimization (Eq. 6.4), which is performed using
the gradient above (g;) in conjunction with Adam [203]. While Alg, in Eq. 6.5 includes only
one gradient step, we observed that it is beneficial to take multiple gradient steps in the inner
loop (i.e., in Alg;), which is consistent with prior works [191, 202, 242, 208|.
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Now that we have derived the gradient, the overall algorithm proceeds as follows. We
first initialize a task buffer B = [ ]. When presented with a new task at round ¢, we add
task 7; to B and initialize a task-specific dataset D; = [ ], which is appended to as data
incrementally arrives for task 7;. As new data arrives for task 7;, we iteratively compute and
apply the gradient in Eq. 6.5, which uses data from all tasks seen so far. Once all of the data
(finite-size) has arrived for 7;, we move on to task 7;,;. This procedure is further described
in Algorithm 7, including the evaluation, which we discuss next.

Algorithm 7 Online Meta-Learning with FTML

1: Input: Performance threshold of proficiency, ~y
2: randomly initialize ¢
3: initialize the task buffer as empty, B « []
4: fort=1,... do
5:  initialize Dy = 0
6: Add B« B+][T;]
7:  while |D7| < N do
8: Append batch of n new datapoints {(x,y)} to D,
9: ¢ < Meta-Update(oy, BB, t)
10: ¢ < Update-Procedure (¢, D;)
11: if L£(Dj** ¢;) <~ then
12: Record efficiency for task T; as |D;| datapoints
13: end if
14: end while
15:  Record final performance of ¢; on test set Di*' for task ¢.

16: ¢t+1 < ¢t
17: end for

Algorithm 8 FTML Subroutine: Meta-Update(¢, 3,t)

Hyperparameters: «,n, Nyeta, Ngrad

: for nyy = 1,..., Npeta Steps do
Sample task Tg: k ~ vi(:) // (or a minibatch of tasks)
Sample minibatches D}’, Dzal uniformly from Dy,
Compute gradient g; using D}, ’DZ'C‘I7 and Eq. 6.5
Update parameters ¢ «+ ¢ —ng; // (or use Adam)

end for

: Return ¢

N RS ANl R o
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Algorithm 9 FTML Subroutine: Update-Procedure(¢, D)

1: Hyperparameters: «,1, Nyeta, NVgrad
2: Initialize ¢ < ¢

3: for ng =1,..., Ngraq steps do

4: ¢+ ¢ —aVL(D, )

5: end for

6: Return ¢

To evaluate performance of the model at any point within a particular round ¢, we
first update the model as using all of the data (D;) seen so far within round ¢. This is
outlined in the Update-Procedure subroutine of Algorithm 8. Note that this is different from
the update U; used within the meta-optimization, which uses a fixed-size minibatch since
many-shot meta-learning is computationally expensive and memory intensive. In practice, we
meta-train with update minibatches of size at-most 25, whereas evaluation may use hundreds
of datapoints for some tasks. After the model is updated, we measure the performance using
held-out data D" from task 7;. This data is not revealed to the online meta-learner at any
time. Further, we also evaluate task learning efficiency, which corresponds to the size of D;
required to achieve a specified performance threshold ~, e.g. v = 90% classification accuracy
or v corresponds to a certain loss value. If less data is sufficient to reach the threshold, then
priors learned from previous tasks are being useful and we have achieved positive transfer.

6.6 Experimental Evaluation

Our experimental evaluation studies the practical FTML algorithm (Section 6.5) in the context
of vision-based online learning problems. These problems include synthetic modifications of
the MNIST dataset, pose detection with synthetic images based on PASCAL3D+ models [243],
and realistic online image classification experiments with the CIFAR-100 dataset. The aim of
our experimental evaluation is to study the following questions: (1) can online meta-learning
(and specifically FTML) be successfully applied to multiple non-stationary learning problems?
and (2) does online meta-learning (FTML) provide empirical benefits over prior methods?

To this end, we compare to the following algorithms: (a) Train on everything (TOE)
trains on all available data so far (including D; at round ¢) and trains a single predictive
model. This model is directly tested without any specific adaptation since it has already
been trained on D;. (b) Train from scratch, which initializes ¢; randomly, and finetunes it
using D;. (c¢) Joint training with fine-tuning, which at round ¢, trains on all the data jointly
till round ¢ — 1, and then finetunes it specifically to round ¢ using only D,. This corresponds
to the standard online learning approach where FTL is used (without any meta-learning
objective), followed by task-specific fine-tuning.

We note that TOE is a very strong point of comparison, capable of reusing representations
across tasks, as has been proposed in a number of prior continual learning works [244, 245, 246].
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However, unlike FTML, TOE does not explicitly learn the structure across tasks. Thus, it
may not be able to fully utilize the information present in the data, and will likely not be able
to learn new tasks with only a few examples. Further, the model might incur negative transfer
if the new task differs substantially from previously seen ones, as has been observed in prior
work [247]. Training on each task independently from scratch avoids negative transfer, but
also precludes any reuse between tasks. When the amount of data for a given task is large, we
may expect training from scratch to perform well since it can avoid negative transfer and can
learn specifically for the particular task. Finally, FTL with fine-tuning represents a natural
online learning comparison, which in principle should combine the best parts of learning from
scratch and TOE, since this approach adapts specifically to each task and benefits from prior
data. However, in contrast to FTML, this method does not explicitly meta-learn and hence
may not fully utilize any structure in the tasks.

6.6.1 Rainbow MNIST

In this experiment, we create a sequence of tasks based on the MNIST character recognition
dataset. We transform the digits in a number of ways to create different tasks, such as 7
different colored backgrounds, 2 scales (half size and original size), and 4 rotations of 90
degree intervals. As illustrated in Figure 6.2, a task involves correctly classifying digits
with a randomly sampled background, scale, and rotation. This leads to 56 total tasks. We
partitioned the MNIST training dataset into 56 batches of examples, each with 900 images
and applied the corresponding task transformation to each batch of images. The ordering
of tasks was selected at random and we set 90% classification accuracy as the proficiency
threshold. The learning curves in Figure 6.3 show that FTML learns tasks more and more
quickly, with each new task added. We also observe that FTML substantially outperforms

Figure 6.2: Illustration of three tasks for Rainbow MNIST (top) and pose prediction (bottom).
CIFAR images not shown. Rainbow MNIST includes different rotations, scaling factors, and
background colors. For the pose prediction tasks, the goal is to predict the global position and
orientation of the object on the table. Cross-task variation includes varying 50 different object
models within 9 object classes, varying object scales, and different camera viewpoints.
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Figure 6.3: Rainbow MNIST results. Left: amount of data needed to learn each new task. Center:
task performance after 100 datapoints on the current task. Right: The task performance after all
900 datapoints for the current task have been received. Lower is better for all plots, while shaded
regions show standard error computed using three random seeds. FTML can learn new tasks more
and more efficiently as each new task is received, demonstrating effective forward transfer.

the alternative approaches in both efficiency and final performance. FTL performance better
than TOE since it performs task-specific adaptation, but its performance is still inferior to
FTML. We hypothesize that, while the prior methods improve in efficiency over the course of
learning as they see more tasks, they struggle to prevent negative transfer on each new task.
Our last observation is that training independent models does not learn efficiently, compared
to models that incorporate data from other tasks; but, their final performance with 900 data
points is similar.

6.6.2 Five-Way CIFAR-100

In this experiment, we create a sequence of 5-way classification tasks based on the CIFAR-100
dataset, which contains more challenging and realistic RGB images than MNIST. Each
classification problem involves a newly-introduced class from the 100 classes in CIFAR-100.
Thus, different tasks correspond to different labels spaces. The ordering of tasks is selected
at random, and we measure performance using classification accuracy. Since it is less clear
what the proficiency threshold should be for this task, we evaluate the accuracy on each
task after varying numbers of datapoints have been seen. Since these tasks are mutually
exclusive (as label space is changing), it makes sense to train the TOE model with a different
final layer for each task. An extremely similar approach to this is to use our meta-learning
approach but to only allow the final layer parameters to be adapted to each task. Further,
such a meta-learning approach is a more direct comparison to our full FTML method, and
the comparison can provide insight into whether online meta-learning is simply learning
features and performing training on the last layer, or if it is adapting the features to each
task. Thus, we compare to this last layer online meta-learning approach instead of TOE
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Figure 6.4: Online CIFAR-100 results, evaluating task performance after 50, 250, and 2000 datapoints
have been received for a given task. We see that FTML learns each task much more efficiently
than models trained from scratch, while both achieve similar asymptotic performance after 2000
datapoints. We also observe that FTML benefits from adapting all layers rather than learning a
shared feature space across tasks while adapting only the last layer.

with multiple heads. The results (see Figure 6.4) indicate that FTML learns more efficiently
than independent models and a model with a shared feature space. The results on the right
indicate that training from scratch achieves good performance with 2000 datapoints, reaching
similar performance to FTML. However, the last layer variant of FTML seems to not have
the capacity to reach good performance on all tasks.

6.6.3 Sequential Object Pose Prediction

In our final experiment, we study a 3D pose prediction problem. Each task involves learning
to predict the global position and orientation of an object in an image. We construct a
dataset of synthetic images using 50 object models from 9 different object classes in the
PASCAL3D+ dataset [243], rendering the objects on a table using the renderer accompanying
the MuJoCo [30] (see Figure 6.2). To place an object on the table, we select a random 2D
location, as well as a random azimuthal angle. Each task corresponds to a different object with
a randomly sampled camera angle. We place a red dot on one corner of the table to provide
a global reference point for the position. Using this setup, we construct 90 tasks (with an
average of about 2 camera viewpoints per object), with 1000 datapoints per task. All models
are trained to regress to the global 2D position and the sine and cosine of the azimuthal angle
(the angle of rotation along the z-axis). For the loss functions, we use mean-squared error,
and set the proficiency threshold to an error of 0.05. We show the results of this experiment
in Figure 6.5. The results demonstrate that meta-learning can improve both efficiency and
performance of new tasks over the course of learning, solving many of the tasks with only
10 datapoints. Unlike the previous settings, TOE substantially outperforms training from
scratch, indicating that it can effectively make use of the previous data from other tasks,
likely due to the greater structural similarity between the pose detection tasks. However,
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Figure 6.5: Object pose prediction results. Left: we observe that online meta-learning generally
leads to faster learning as more and more tasks are introduced, learning with only 10 datapoints
for many of the tasks. Center & right, we see that meta-learning enables transfer not just for
faster learning but also for more effective performance when 60 and 400 datapoints of each task
are available. The order of tasks is randomized, leading to spikes when more difficult tasks are
introduced. Shaded regions show standard error across three random seeds

the superior performance of FTML suggests that even better transfer can be accomplished
through meta-learning. Finally, we find that FTL performs comparably or worse than TOE,
indicating that task-specific fine-tuning can lead to overfitting when the model is not explicitly
trained for the ability to be fine-tuned effectively.

6.7 Connections to Related Work

Our work proposes to use meta-learning or learning to learn [187, 186, 188, in the context of
online (regret-based) learning. We reviewed the foundations of these approaches in Section 6.2,
and we summarize additional related work along different axis.

Meta-learning: Prior works have proposed learning update rules, selective copying of weights,
or optimizers for fast adaptation [192, 248, 215, 216, 249, 250, 251|, as well as recurrent models
that learn by ingesting datasets directly [189, 217, 218, 219, 252|. While some meta-learning
works have considered online learning settings at meta-test time [189, 199, 253|, nearly all
prior meta-learning algorithms assume that the meta-training tasks come from a stationary
distribution. Furthermore, most prior work has not evaluated versions of meta-learning
algorithms when presented with a continuous stream of tasks. One exception is work that
adapts hyperparameters online [254, 255, 256]. In contrast, we consider a more flexible
approach that allows for adapting all of the parameters in the model for each task. More
recent work has considered handling non-stationary task distributions in meta-learning using
Dirichlet process mixture models over meta-learned parameters [257|. Unlike this prior work,
we introduce a simple extension onto the MAML algorithm without mixtures over parameters,
and provide theoretical guarantees.
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Continual learning: Our problem setting is related to (but distinct from) continual, or
lifelong learning [258, 259]. In lifelong learning, a number of recent papers have focused on
avoiding forgetting and negative backward transfer [260, 261, 262, 263, 264, 265, 266, 267, 268|.
Other papers have focused on maintaining a reasonable model capacity as new tasks are
added [269, 270]. In this paper, we sidestep the problem of catastrophic forgetting by
maintaining a buffer of all the observed data [271]. In future work, we hope to understand
the interplay between limited memory and catastrophic forgetting for variants of the FTML
algorithm. Here, we instead focuses on the problem of forward transfer: maximizing the
efficiency of learning new tasks within a non-stationary learning setting. Prior works have
also considered settings that combine joint training across tasks (in a sequential setting)
with task-specific adaptation [272, 127|, but have not explicitly employed meta-learning.
Furthermore, unlike prior works (273, 244, 245, 246], we also focus on the setting where there
are several tens or hundreds of tasks. This setting is interesting since there is significantly
more information that can be transferred from previous tasks and we can employ more
sophisticated techniques such as meta-learning for transfer, enabling the agent to move
towards few-shot learning after experiencing a large number of tasks.

Online learning: Similar to continual learning, online learning deals with a sequential setting
with streaming tasks. It is well known in online learning that F'TL is computationally expensive,
with a large body of work dedicated to developing cheaper algorithms [157, 274, 275, 164].
Again, in this work, we sidestep the computational considerations to first study if the meta-
learning analog of FTL can provide performance gains. For this, we derived the FTML
algorithm which has low regret when compared to a powerful adaptive comparator class that
performs task-specific adaptation. We leave the design of more computationally efficient
versions of FTML to future work.

To avoid the pitfalls associated with a single best model in hindsight, online learning
literature has also studied alternate notions of regret, with the closest settings being dynamic
regret and adaptive or tracking regret. In the dynamic regret setting [276, 277, 278], the
performance of the online learner’s model sequence is compared against the sequence of
optimal solutions corresponding to each loss function in the sequence. Unfortunately, lower-
bounds [277] suggest that the comparator class is too powerful and may not provide for
any non-trivial learning in the general case. To overcome these limitations, prior work
has placed restrictions on how quickly the loss functions or the comparator model can
change [279, 280, 276]. In contrast, we consider a different notion of adaptive regret, where
the learner and comparator both have access to an update procedure. The update procedures
allow the comparator to produce different models for different loss functions, thereby serving
as a powerful comparator class (in comparison to a fixed model in hindsight). For this setting,
we derived sublinear regret algorithms without placing any restrictions on the sequence of loss
functions. Recent and concurrent works have also studied algorithms related to MAML and
its first order variants using theoretical tools from online learning literature [281, 282, 283|.
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These works also derive regret and generalization bounds, but these algorithms have not yet
been empirically studied in large scale domains or in non-stationary settings. We believe that
our online meta-learning setting captures the spirit and practice of continual lifelong learning,
and also shows promising empirical results.

6.8 Discussions and Conclusion

In this paper, we introduced the online meta-learning problem statement, with the aim of
connecting the fields of meta-learning and online learning. Online meta-learning provides,
in some sense, a more natural perspective on the ideal real-world learning procedure: an
intelligent agent interacting with a constantly changing environment should utilize streaming
experience to both master the task at hand, and become more proficient at learning new
tasks in the future. We analyzed the proposed FTML algorithm and showed that it achieves
logarithmic regret. We then illustrated how FTML can be adapted to a practical algorithm.
Our experimental evaluations demonstrated that the proposed algorithm outperforms prior
methods. In the rest of this section, we reiterate a few salient features of the online meta
learning setting (Section 6.3), and outline avenues for future work.

More powerful update procedures. In this work, we concentrated our analysis on the
case where the update procedure Alg;, inspired by MAML, corresponds to one step of
gradient descent. However, in practice, many works with MAML (including our experimental
evaluation) use multiple gradient steps in the update procedure, and back-propagate through
the entire path taken by these multiple gradient steps. Analyzing this case, and potentially
higher order update rules will also make for exciting future work.

Memory and computational constraints. In this work, we primarily aimed to discern
if it is possible to meta-learn in a sequential setting. For this purpose, we proposed the
FTML template algorithm which draws inspiration from FTL in online learning. As discussed
in Section 6.7, it is well known that FTL has poor computational properties, since the
computational cost of FTL grows over time as new loss functions are accumulated. Further, in
many practical online learning problems, it is challenging (and sometimes impossible) to store
all datapoints from previous tasks. While we showed that our method can effectively learn
nearly 100 tasks in sequence without significant burdens on compute or memory, scalability
remains a concern. Can a more streaming algorithm like mirror descent that does not store
all the past experiences be successful as well? Our main theoretical results suggests that
there exist a large family of online meta-learning algorithms that enjoy sublinear regret.
Tapping into the large body of work in online learning, particularly mirror descent, to develop
computationally cheaper algorithms would make for exciting future work.
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Chapter 7
CONCLUSION

In this thesis we developed abstractions and algorithms to enable domain transfer — the
transfer of models, inductive biases, and representations — from one or more source domains to
a desired target domain. Successful domain transfer would allow agents to be either directly
proficient in the target domain without any domain-specific learning (zero-shot transfer), or
be capable of quickly learning in the target domain with minimal data (few-shot adaptation).
Such capabilities would likely allow Al systems to move beyond current success in narrowly
defined tasks, to be broadly competent in unstructured real-world settings.

In Chapter 2, we studied domain transfer in the context of simulation to reality transfer
in deep RL. For this case, we drew upon the principle of risk-aversion to develop the EPOpt
algorithm, which learns to successful transfer policies from the simulated source domain to
the target domain. In Chapter 2.6, we presented a case study that demonstrates the success
of such an approach on a physical robot.

In Chapter 3, we studied offline RL where an agent must learn effective control policies
using a fixed static dataset. We outlined the major challenges in this paradigm including the
distribution /domain shift between the training data distribution and the induced distribution
of the trained policy. We introduced the concept of pessimism or conservatism in the face of
uncertainty, and used this to derive MORelL., a model-based offline RL algorithm. We showed
that MOReL enjoys strong theoretical guarentees, including minimax optimality, and also
achieves state of the art experiment results in offline RL benchmarks. In Chapter 3.8, we
extend this approach to offline RL from high dimensional observations like pixels. This is
especially challenging since it simultaneously requires representation learning and uncertainty
quantification to impart the necessary conservatism. We addressed all of these challenges
through the use of variational latent state-space dynamics models which provide a rich
auxiliary task for representation learning as well as the ability to perform model rollouts and
uncertainty quantification in the compact latent space of the model.

In Chapter 4, we studied model-based RL in the more standard interactive RL paradigm.
We illustrated how domain/distribution shift may manifest even in this well studied setting,
due to simultaneous policy and model learning that can introduce bias and nonstationarity.
By drawing upon insights from game theory, we developed stable algorithms that mitigate
against the impact of distribution shift. This enabled the development of model-based RL
algorithms that can: (a) be highly sample efficient; (b) match the asymptotic performance
of model-free policy gradient; (c¢) scale gracefully to high dimensional tasks like dexterous
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manipulation; and (d) handle extended rollout horizons of several hundred timesteps.

In Chapter 5, we moved from transferring from a single source domain to a collection of
source domains, by considering the setting of meta-learning. This involves the learning of
inductive biases and adaptable representations for accelerating the learning of a new task.
We demonstrated how meta-learning can be formalized as a bi-level optimization problem,
and developed the implicit MAML algorithm. We showed that implicit MAML is provably
convergent, provably compute and memory efficient compared to prior approaches, and
demonstrates strong empirical gains over baselines in benchmark tasks.

Finally, in Chapter 6, we studied meta-learning in the continual and non-stationary
setting. This allows the agent to continuously accelerate the learning process in new tasks
as it encounters more and more tasks in a sequence. We established a new regret metric
that is suitable for this setting, and showed that the algorithm we develop (FTML) enjoys a
no-regret property. We validated this algorithm on few-shot vision domains, and showed that
FTML can enable CNNs to recognize and predict pose of new objects more efficiently than
conventional online learning approaches.

While this work presents first steps towards algorithm development for domain transfer in
a variety of scenarios, a number of additional steps are required before we can realize the
ideal of broadly competent and generalizable Al systems. We outline a few directions for
future work below.

Learning multiple skills from offline datasets In this thesis, we showed how model-
based offline RL algorithms like MOReL can learn policies for downstream tasks different
from those encountered in the offline dataset. However, when we are interested in multiple
downstream tasks, this approach of drawing upon the dataset every-time for policy learning
can be computationally expensive, repetitive, and may not exhibit the best generalization.
One potential way to overcome this is to compress the offline dataset into a library of skills
that can be readily drawn upon and re-purposed for a multitude of downstream tasks. While
there have been early explorations in this direction [284, 285, 286, 287|, development of more
capable algorithms and model-based methods may allow for extraction of more diverse skills
and better ways to utilize them.

Larger offline datasets and high-capacity models The fields of computer vision and
NLP have seen the success of high-capacity self-supervised models like SimCLR, BERT, and
GPT, when trained on large and diverse datasets. In the future, it is clear that we will move
towards larger and more diverse datasets for offline RL as well. For such high-data regimes,
how can we develop offline RL algorithms that scale gracefully with data and compute?
Our recent work on decision transformers [288] takes first steps towards this question by
demonstrating successful results with the transformer architecture for offline RL benchmarks.
Explorations along similar directions would make for exciting future work.

Scaling up meta-learning Similar to above, research in meta-learning has also primarily
focused on algorithmic development in the past half decade. As the algorithms mature and
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we work with larger datasets for real-world applications, the scaling up of meta-learning
to larger datasets may open the doors for adaptable representations that can support the
learning of thousands of tasks in both perception and control. The study of meta-learning at
scale and understanding if qualitatively different representations emerge when training at
scale would make for important future work.
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Appendix A
EPOPT: ADDITIONAL ABLATIONS AND EXPERIMENTS

A.1 Hyperparameter and model details

1. Neural network architecture: We used a neural network with two hidden layers, each with
64 units and tanh non-linearity. The policy updates are implemented using TRPO.

2. Trust region size in TRPO: The maximum KL divergence between sucessive policy updates
are constrained to be 0.01

3. Number and length of trajectory rollouts: In each iteration, we sample N = 240 models
from the ensemble, one rollout is performed on each such model. This was implemented in
parallel on multiple (6) CPUs. Each trajectory is of length 1000 — same as the standard
implimentations of these tasks in gym and rllab.

The results in Fig 2.1 and Fig 2.2 were generated after 150 and 200 iterations of TRPO
respectively, with each iteration consisting of 240 trajectories as specified in (3) above.

A.2 Robustness results

We present the results for the Half-Cheetah domain in Figure A.1. This experiment is similar
to the experiment presented in Figure 2.2, where we evaluate the performance of the trained
policy on different physical parameter configurations. In particular, Figure 2.2 illustrates the
performance of the three considered policies: viz. TRPO on mean parameters, EPOpt(e = 1),
and EPOpt(e = 0.1). We repeat the same experiment in the half-cheetah domain, and again
find that the EPOpt(e = 0.1) policy is significantly more robust than training on a single
source domain.

To analyze a stronger degree of robustness, we also analyze the 10" percentile of the
return distribution as a proxy for worst-case performance, which is important for a robust
control policy (here, distribution of returns for a given model instance is due to variations in
initial conditions). The corresponding results are presented below in Figure A.2. We again
find that the soft-adversarial approach with EPOpt(e = 0.1) leads to the best results.
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Figure A.1: Performance of policies for various model instances for the half-cheetah domain,
similar to Figure 2.2. Again, it is observed that the adversarial trained policy is robust and
generalizes well to all models in the source distribution.
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Figure A.2: 10" percentile of return distribution for the hopper task. EPOpt(e = 0.1)
clearly outperforms the other approaches. The 10" of return distribution for EPOpt(e = 0.1)
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also nearly overlaps with the expected return, indicating that the policies trained using
EPOpt(e = 0.1) are highly robust and reliable.
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A.3 Different settings for ¢

Here, we analyze how different settings for e influences the robustness of learned policies. The
policies in this section have been trained for 200 iterations with 240 trajectory samples per
iteration. Similar to the description in Section 3.1, the first 100 iterations use € = 1, and the
final 100 iterations use the desired e. The source distribution is described in Table 1. We test
the performance on a grid over the model parameters. Our results, summarized in Table A.1,
indicate that decreasing e decreases the variance in performance, along with a small decrease
in average performance, and hence enhances robustness.

Table A.1: Performance statistics for different € settings for the hopper task

‘ ‘ Performance (Return) ‘

‘ € ‘mean‘ std ‘ Percentiles ‘
| | | | 5 10 25 50 75 90 |

0.05 2889 | 502 | 1662 2633 2841 2939 2966 3083
0.1 3063 | 579 | 1618 2848 3223 3286 3336 3396
0.2 3097 | 665 | 1527 1833 3259 3362 3423 3483
0.3 3121 | 706 | 1461 1635 3251 3395 3477 3513
0.4 3126 | 869 | 1013 1241 3114 3412 3504 3546
0.5 3122 1 1009 | 984 1196 1969 3430 3481 3567

0.75 3133 | 952 | 1005 1516 2187 3363 3486 3548
1.0 3224 | 1060 | 1198 1354 1928 3461 3557 3604

Max-Lik | 1710 | 1140 | 352 414 646 1323 3088 3272

A.4 Importance of the baseline for policy gradient

As described in Section 3.1, it is important to use a good baseline estimate for the value
function for the policy optimization step. When optimizing for the expected return, we can
interpret the baseline as a variance reduction technique. Intuitively, policy gradient methods
adjust parameters of the policy to improve probability of trajectories in proportion to their
performance. By using a baseline for the value function, we make updates that increase
probability of trajectories that perform better than average and vice versa. In practice, this
variance reduction is essential for getting policy gradients to work. For the CVaR case, [35]
showed that without using a baseline, the policy gradient is biased. To study importance of
the baseline, we first consider the case where we do not employ the adversarial sub-sampling
step, and fix e = 1. We use a linear baseline with a time-varying feature vector as described in



111

3500
3500
3000 -
3000
© 2500
2500 2
@ @ 2000 -
2000 = '
£ S 1500 - :
£ 1500 4 9] e
S 2 1000 - "
% 1000 "
5001 /S L
500 —— EPOpt(e =1) with baseline
T ) ) [ 0
—— EPOpt(e = 1) without baseline 0 5'0 1(I)0 1éO 200
0 . . . .
0 50 100 150 200 Iterations
Iterations —— EPOpt(e = 1) with baseline

—— EPOpt(e =0. 1) with baseline
+ EPOpt(e =0.1) without baseline

(a) (b)

Figure A.3: (a) depicts the learning curve for EPOpt(e = 1) with and without baselines. The
learning curves indicate that use of a baseline provides a better ascent direction, thereby
enabling faster learning. Figure A.3(b) depicts the learning curve when using the average
return and CVaR objectives. For the comparison, we “pre-train” for 100 iterations with
e = 1 setting and using a baseline. The results indicates that a baseline is very important
for the CVaR objective (e < 1), without which the performance drops very quickly. Here,
performance is the average return in the source distribution.

Section 3.1. Figure A.3(a) presents the learning curve for the source distribution in Table 2.1.
The results indicate that baselines are crucial to make policy gradients work in practice.

Next, we turn to the case of € < 1. As mentioned in section 3.1, setting a low € from the
start leads to unstable learning. The adversarial nature encourages penalizing poor trajectories
more, which constrains the initial exploration needed to find promising trajectories. Thus we
will “pre-train” by using € = 1 for some iterations, before switching to the desired e setting.
From Figure A.3(a), it is clear that pre-training without a baseline is unlikely to help, since
the performance is poor. Thus, we use the following setup for comparison: for 100 iterations,
EPOpt(e = 1) is used with the baseline. Subsequently, we switch to EPOpt(e = 0.1) and
run for another 100 iterations, totaling 200 iterations. The results of this experiment are
depicted in Figure A.3(b). This result indicates that use of a baseline is crucial for the CVaR
case, without which the performance degrades very quickly. We repeated the experiment
with 100 iterations of pre-training with e = 1 and without baseline, and observed the same
effect. These empirical results reinforce the theoretical findings of [35].
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Appendix B
MOREL: PROOFS AND ADDITIONAL EXPERIMENT DETAILS

B.1 Theoretical Results: Proofs For Section 3.5

In this section, we present the proofs of our main results Theorem 1 and Proposition 1.

Proof of Theorem 1. We wish to show the following two inequalities.

2Rmax D ( ~ ) _ 2’7Rmax a — 2FEIII&X

2Rmax A Q’YRmaX
- Dry(po, po) + —— -«
1—vy (4o, o) (1—9)?

The proof of this theorem is inspired by the simulation lemma of [111], with some additional
modifications due to pessimism, and goes through the pessimistic MDP M,,, which is the
same as Mp except that the starting state distribution is py instead of py and the transition
probability from a known state-action pair (s,a) is P(s'|s,a) instead of P(s'|s,a). More
concretely, M,, is described by {S UHALT, A,r,, P,, po,v}, where HALT is an additional
absorbing state we introduce similar to what we did for Mp. The modified reward and
transition dynamics are given by:

Jﬁo(ﬂ-v-/\;lp) > Jpo(ﬂ-7M) - E [VTJ] , and

Jﬁo(ﬂ-w/\;lp) < JPO(W7M) +

if U — TRUE
5(s' = paLr) U5 =TRU I
(sl a) = or s =HALT rp(s,a) = (s,a) otherwi
P(s's,a) otherwise. r\s,a) otherwise

We first show that

. 2 Rimax R 27 Rynax

JPO (7T7 MP) — JPO (ﬂ-? Mp) 1 — TV(p(]? pO) (1 . 7)2 Q, an
. 2 Rmax . 27 Ryax

‘]PAO (W,Mp) S Jpo(ﬂ-vMp) —+ 1 — . DTV(QO;PO) + W - Q

The main idea is to couple the evolutions of any given policy on the pessimistic MDP M,,
and the model-based pessimistic MDP M,, so that (s;_;,a,_1) oo (sMr ar) = (s ).
Assuming that such a coupling can be performed in the first step, since

~

HP(S, a) — P(s,a)H < «, this coupling can be performed at each subsequent step with
1
probability 1 — a. The probability that the coupling is not valid at time t is at most
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1 — (1 — )’ So the total difference in the values of the policy 7 on the two MDPs can be
upper bounded as:

2Rmax A~
T (7, M) = o (1, M,)| < 1=~ - Drv(pos fo) +27t (1= (1=0a)) 2 Ruax
t
2R max . 279 Rax
< D A tmax
>~ 1_7 TV(:O07pO)+ (1_7>2 «Q

We now argue that

2 Rmax

oo (1, M) 2 Ty (1, M) = = y

JPO(WvM;D) S JPO (W’M)'

-E [’yTﬂ , and

For the first part, we see that the evolution of any policy 7 on the pessimistic MDP M,,, can
be coupled with the evolution of 7 on the actual MDP M until 7 encounters an unknown

state. From this point, the total rewards obtained on the pessimistic MDP M,, will be Lﬂ‘;x,
while the maximum total reward obtained by 7 on M from that point on is Rmax . Multiplying

by the discount factor E [fy } proves the first part.
For the second part, consider any policy m and let it evolve on the MDP M as (s, a, s'y,).

Simulate an evolution of the same policy m on M,, (s, a, sj\,lp), as follows: if (s,a) € SA,

then sy, = sl and if (s,a) € U, then s, = HALT. We see that the rewards obtained by «
on each transition in M,, is less than or equal to that obtained by 7 on the same transition
in M. This proves the second part of the lemma. O

Lemma 4. (Hittmg time and visitation distribution) For any set S C S x A, and any policy
7, we have E [y75] < 1 - d™M(S).

— 1-

Proof of Lemma 4. The proof is rather straightforward. We have

R < Y E[T0] 3 300l = s = dlso ~ pom M)
(s',a")eU (s',a")eu t=0
1 T Mo 1 . M
=15 2 MEd) = M),
I=x
(s'a")eU

]

Proof of Proposition 1. We consider the MDP in Figure B.1, where we set k = 10log —— - The
MDP has k + 1 states, with three actions a1, as and a3 at each state. The rewards (shown on
the transition arrows) are all 0 except for the action a; taken in state k+ 1, in which case it is
1. Note that the rewards can be scaled by R,,.x but for simplicity, we consider the setting with
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Figure B.1: This example shows that the suboptimality of any offline RL algorithm is at least
Rimax_ 5 47 (Up)

4(1-7)? I

in the MDP are depicted under the circles. The actions ai, as, as, rewards and transitions are
depicted on the arrows connecting the states. The actions taken by the behavior (i.e. the

data collection) policy are depicted in blue. See Proposition 1 and its proof for more details.

in the worst case and hence Corollary 1 is tight. The states 1,2,--- [k +1

R.x = 1. It is clear that the optimal policy 7* is to take the action a; in all the states. The

(1—7)log =
probability 1 — py. The actions taken by the data collection policy are shown in blue. Since

the dataset consists only of (state, action, reward, next state) pairs (1, a1, 0, 2), (2, az,0,1) and
(k+1,a1,1,k+ 1) we see that Up = (S x A)\ {(1,a1), (2,az), (k+ 1,a;)} and d™ M (Up) =
(1 —7)-255:11 Ypo < (1—7)-(k—1)-py < € proving the first claim. Since none of the states and
actions in Up are seen in the dataset, after permuting the actions if necessary, the expected
time taken by any policy learned from the dataset, to reach state k + 1 starting from state 1 is
at least exp (k/5) > (1—~)72. So, the value of any policy 7 learned from the dataset is at most

1—pg p0.7<1,ﬂ/)—2 1 1_7(177)_2 1 3po .
A = ke s S TS ey where we used v € [0.95, 1) in the last

step. On the other hand, the value of 7* is at least 11__—’? +po- <ﬁ — k) So the suboptimality

starting state distribution py is state 1 with probability pg o ———<—— and state k + 1 with
1—v

of any learned policy is at least pq - (ﬁ — k’) = po - (ﬁ — 10log ﬁ) > ﬁ,
where we again used v € [0.95,1) in the last step. Substituting the value of py proves the

proposition. 0

Proof of Lemma 1. We first note that the empirical starting distribution p, satisfies

log ;
Dry(po, po) < —5— -4/ 6’;0’"““ , for a large enough constant C'. This is because for each

~  PO,min
state s in the support of pg, its empirical frequency in D satisfies:

~ log 5Polm1n
1Po(s) — po(s)] < C EE—
with probability at least 1 — dpo min using Chernoft’s bound, where C'is an absolute numerical

constant. Using union bound over at most pol — states in the support of py, we see that with
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log
probability at least 1 — &, we have Dry (po, po) < pOC A/ 5»0 min

Similarly, for any state action pair (s,a), denoting n(s,) as the number of times (s, a)
appears in D, we have that:

with probability at least 1 — d7% 0. Again using a union bound over all state-action pairs in

the support of d™M(-), we see that:

1
Nis,a) = Aoy n—C«/n-log(sdm{ :

for every (s,a) in the support of d™*(-) with probability at least 1 — J. The asssumption

urs

on the size of n then implies that ng ) > d“““ Usmg a similar Chernoff bound argument,

we see that Dry (P(-[s,a), ( 5,a)) < 5 \/ ‘Z’(“““) min for every (s,a) in the support of
Sp. . 40
d™M(.) with probability at least 1 — §. By choosing a@ = p 4/ %, we see that

U N Supp(d™M) = () and hence 7}}* = co. By Theorem 1, we have that for any policy w, we
have:

. 2R\ ax . 29 Riax
Jﬂo(ﬂ-out;M) Z Jﬁo(ﬂoutaMp) — 1 Y . DTV(pOMOO) - (1 _ 7)2 e’
~ 2Rmax ~ 2’)/-Rmax
J; — ey — D  fo) — —Lmax
PO (7T7Mp) € 1 . fy TV(pO pO) (1 o 7)2 Q
AR oy R 4y Rnax 2R nax T
J — €y — D  fo) — ——max E .
o (M, M) — € 1=~ v (po, fo) 1-7) 1— [y ]

Plugging m = 7, gives us the first assertion and plugging 7 = 7* and using Lemma 4 gives us
the second assertion. O
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B.2 Additional Experimental Details And Results

B.2.1  Environment Details And Setup

As mentioned before, following recent efforts in offline RL (76, 77, 79|, we consider four
continuous control tasks: Hopper-v2, HalfCheetah-v2, Ant-v2, Walker2d-v2 from OpenAl
gym [128] simulated with MuJoCo [30]. As normally done in MBRL literature with OpenAl
gym tasks [89, 289, 290, 16|, we reduce the planning horizon for the environments to 400 or
500. Similar to [290, 16|, we append our state parameterization with center of mass velocity
to compute the reward from observations. Mirroring realistic settings, we assume access to
data collected using a partially trained (sub-optimal) policy interacting with the environment.
To obtain a partially trained policy 7, [76, 77, 79], we run (online) TRPO [33] until the policy
reaches a value of 1000, 4000, 1000, 1000 respectively for these environments. This policy in
conjunction with exploration strategies are used to collect the datasets (see below for more
details). All our results are obtained by averaging runs of five random seeds (for the planning
algorithm), with the seed values being 123,246, 369, 492, 615. Each of our experiments are
run with 1 NVidia GPU and 2 CPUs using a total of 16GB of memory.

B.2.2  Dynamics Model, Policy Network And Evaluation

We use 2 hidden layer MLPs with 512 (for Hopper-v2, Walker2d-v2, Ant-v2) or 1024
(for HalfCheetah-v2) ReLU activated nodes each for representing the dynamics model, use
an ensemble of four such models for building the USAD, and our policy is represented with a
2 hidden layer MLP with 32 tanh activated nodes in each layer. The dynamics model is learnt
using Adam [123| and the policy parameters are learnt using model-based NPG steps [16].
We set hyper-parameters and track policy learning curve by performing rollouts in the real
environment; these rollouts aren’t used for other purposes in the learning procedure. Similar
protocols are used in prior work|76, 77, 79|.

B.2.3 Details about the BRAC datasets

We build off the experimental setup of [79]. Towards this, we first go over some notation.
Firstly, let m, represent the behavior policy, 7, is a random policy that picks actions according
to a certain probability distribution (for e.g., Gaussian 7¢/Uniform 7 etc.), m, a partially-
trained policy, which one can assume is better than a random policy in value. Let 7}'(q) be
a policy that plays random actions with probability ¢, and sampled actions from 7, with
probability 1 — ¢. Let 77(8) be a policy that adds zero-mean Gaussian noise with standard
deviation (3 to actions sampled from 7,. Consider a behavior policy which, for instance, can
be a partially trained data logging policy m,. We consider five different exploration strategies,
each corresponding to adding different kinds of exploratory noise to m, as described below.
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For each environment, we use a combination of a behavior policy 7, a noisy behavior
policy 7y, (see below), and a pure random stochastic process 7, to collect several datasets,
following Wu et al. [79]. Each dataset contains the equivalent of 1 million timesteps of
interactions with the environment. See below for detailed instructions.

(1) Pure: The entire dataset is collected with the data logging (behavioral) policy .

(£2) Eps-1: 40% of the dataset is collected with 7, another 40% collected with 7*(0.1), and
the final 20% is collected with a random policy ..

(€3) Eps-3: 40% of the dataset is collected with 7, another 40% collected with 7*(0.3), and
the final 20% is collected with a random policy ..

(£4) Gauss-1: 40% of the dataset is collected with m,, another 40% collected with 7 (0.1),
and the final 20% is collected with a random policy ..

(£5) Gauss-3: 40% of the dataset is collected with 7, another 40% collected with 77 (0.3),
and the final 20% is collected with a random policy 7,.

B.2.4  Hyperparameter Guidelines and Ablations

We did not have resources to perform a thorough hyperparamter search, and largely used our
intuitions to guide the choice of hyperparameters. We believe that better results are possible
with hyperparameter optimization. First, we present the influence of the discrepancy threshold
for differentiating known and unknown states. We first define the maximum discipancy in
the dataset:
discp = max max||fi(s,a) — f;(s,a)]|
(s,a)€ED  1,j

where D denotes offline dataset, and f; denotes i*" dynamics model in the ensemble.

Table B.1: Influence of discrepancy threshold on the Hopper-v2 task. We use a penalty of 0.0
along with episode termination for visiting unknown regions in these experiments. We train
all the cases for 1000 iterations, and report the average value over the last 100 iterations.

Discrepancy Threshold Value in P-MDP  Value in true MDP

0.1 x discp 1315.16 2082.21
0.2 x discp 2479.92 3244.48
0.5 x discp 3074.75 3359.66
1.0 x discp 3543.23 3595.60
5.0 x discp 3245.66 3027.59

Naive-MBRL 3656.08 2809.66
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Our general observations and guidelines for hyperparameters are:

1.

In Table B.1, we first note that 0.1 x discp has the most amount of pessimism and
Naive-MBRL has the least/no amount of pessimism. We observe that we obtain best
results in the true MDP with an intermediate level of pessimism. Having either too
much pessimism or no pessimism both lead to poor results, but for very different reasons
that we outline below.

. A high degree of pessimism makes policy optimization in the P-MDP difficult. The opti-

mization process may be slow or highly noisy. This is due to non-smoothness introduced
in the dynamics and reward due to abrupt changes involving early episode terminations.
If difficulty in policy optimization is observed in the P-MDP, we recommend considering
reducing the degree of pessimism.

With a lack or low degree of pessimism, policy optimization is typically easier, but the
performance in the true MDP might degrade. If it is observed that the value in the
P-MDP overestimates the value in the true MDP substantially, then we recommend
increasing the degree of pessimism.

For the tasks considered in this work, positive rewards indicate progress towards the
goal. Most of the locomotion tasks involve forward velocity as the primary component
of the the reward term. In these cases, we observed that the choice of reward penalty
for going into unknown regions did not play a crucial role, as long as it was < 0. The
degree of influence of this parameter in other environments is yet to be determined, and
beyond the scope of our empirical study.
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GAME-MBRL: PROOFS AND EXPERIMENT DETAILS

C.1 Theoretical Results

Lemma 1 restated. (Simulation lemma) Suppose we have a model M such that
Drv(Pum (s, a), Py (+|s,a)) < enm V(s,a),

and the reward function is such that |R(s)| < Rmax Vs € S. Then, we have

b 2fY€M Rmax

J(m, M) — J(m, M) 1—7) VT

IN
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Proof. Let V7 (s, M) and V7(s, M ) denote the value of policy 7 starting from an arbitrary

state s € § in M and M respectively. For simplicity of notation, we also define
Pry(s']s) = Bann(s) [Pra(8']5,0)]  and  PTA(s|s) := Eann(ls) [Prz(sls, a)] -

Before the proof, we note the following useful observations.

1. Since Dy (P (-|s,a), Pyz(-|s,a)) < ear V(s,a), the inequality also holds for an average

over actions, i.e. DTV(P (+[s), P5(:|s)) < en Vs.

2. Since the rewards are bounded, we can achieve a maximum reward of R,,,, in each time

step. Using a geometric summation with discounting v, we have

Rmax
max V7 (s, M) < v, s
s€S 1— Y

3. Let f(z) : x € X = [— fiax, fmax] be a real-valued function with bounded range, i.e.
0 < fiax < 00. Let Py(z) and Pa(z) be two probability distribution (density) over the

space X. Then, we have

’]Exwpl()[f(x)] - Ex~P2()[f('r>H S 2fmax DTV(Pla P2)
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Using the above observations, we have the following inequalities:
V(s M) — V7(s, M)
= [R(5) + 1Earrgy 1) [V (5, M)] = R(s) = 1Bormpz 19 [V (', M)]|

<7

Eswp&(-\s) [Vﬂ(é’/, M)} - Es’~Pfﬁ(~ls) [Vﬂ(slv M)] ‘JF

Y IEs’wpﬂﬁ(-\s) [Vw(slv M) - VW(S,7 ﬁ)] ‘

<2 (mx (e, M)) Dry(Pir(19). P (19) + maxe [V7(s', M) — V(s BD)|
s'e s'e

Since the above bound holds for all states, we have that Vr

(1 — ~) max ’V”(s’, M) - V(s M\)‘ < 2y (maX V(s M)) Dy (P(-]s), P (]s))

s'eS s’'inS
279 Riax ,r .
< 1=~ Drv (Pag(-]s), Piz(:[s))
< 27€MRmax
> 1— ~

Stated alternatively, the above inequality implies

™ T AT 276 Rinax
V7(s, M) —V7(s, M) #

Finally, note that the performance criteria J(m, M ) and J(m, M) are simply the average of
the value function over the initial state distribution. Since the above inequality holds for all
states, it also holds for the average over initial state distribution. O

IN

Vs,

We note that the above simulation lemma (or closely related forms) have been proposed
and proved several times in prior literature (e.g. see [113, 291]|). We present the proof largely
for completeness and also to motivate the proof techniques we will use for our main theoretical
result (Theorem 2).

C.1.1 Performance with Task-Driven Local Models

We now relax the global model requirement and consider the case where we have more local
models, as well as the case of a policy-model equilibrium pair. We first provide a lemma that
characterizes error amplification in local simulation.

Lemma 5. (Error amplification in local simulation) Let Py(-|s) and Ps(+|s) be two Markov
chains with the same initial state distribution. Let P (s) and Pi(s) be the marginal distributions
over states at time t when following Py and P respectively. Suppose

Eowp [Drv(Pi(-]s), Pa(-]s))] < e V2
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then, the marginal distributions are bounded as:
Dry (P}, P)) <et Vt

Proof. Let us fix a state s € S, and let § € § denote a “dummy” state variable. Then,

|P(s) - =) _Pi(s|s)P{7'(5) = Y _ Pa(s]5) Py (5)

5e8 5e8
<Z\P1 $)PL(S) = Palsls) Py (5)

ses
<D IPHE) (Palsls) = Polsls))] + [ Palsls) (P (5) = P(9))|
5eS8

Using the above inequality, we have

2Dy (Pf, PY) =Y | Pi(s) — Pi(s)]

seS

<> PYE) D |Pi(s]s) — Palsls) + Y |PHE) — P(s))|
s~S seS seS

S 26 =+ 2DTv(P1t71, PZtil)

< 2te

where the last step uses the previous inequality recursively till £ = 0, where the Markov chains
have the same (initial) state distribution. O

The above lemma considers the error between two Markov chains. Note that fixing a policy
in an MDP results in a Markov chain transition dynamics. Thus, fixing the policy, we can
use the above lemma to compare the resulting Markov chains in M and M. Consider the
following definitions:

,uM ooX:Pst—sat—a)

[i5;(s,a) thP (s¢ = s,a; = a)

The first distribution pig is the average state visitation distribution when executing 7 in

M , and T, is the episode duration (could tend to oo in the non-episodic case). The second
distribution [i%; s the discounted state visitation distribution when executing 7 in M. Let
was and i, be their analogues in M. When learning the dynamics model, we would minimize
the prediction error under uj,, while J(7, M) is dependent on rewards under fij,. Let

//]K}It(s,a) = P(s; = s,a; = a)
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be the marginal distribution at time ¢t when following 7 in M. Let p}/}f(s, a) be analogously

defined when following 7 in M. Using these definitions, we first characterize the difference in
performance of the same policy m under M and M.

Lemma 6. (Performance difference due to model error) Let M and M be two different
MDPs differing only in their transition dynamics — Ppng and Pgz. Let the absolute value of

rewards be bounded by Ry.x. Fix a policy m for both M and J/\/_T, and let Py and P;VI be the
resulting marginal state distributions at time t. If the MDPs are such that

B (s aympzy [Drv (Pa(+|s,a), Pyz(v]s,a))] <e Vit

then, the performance difference is bounded as:

2 Rmax
). < 2T

Proof. Recall that the performance of a policy can be written as:

=E Z WtR(st)]

where the randomness for the second term is due to M and 7. We can analogously write
J(m, M) as well. Thus, the performance difference can be bounded as:

— 1 1
T, M) = I, M)| = | 7= B, [R6)] = 7 g, [R(s)]
2Rmax ~T ~T
< =~ DTV(MM?/JJﬁ)

Also recall that we have
Wk(s,a) = Pls; = 5,a, = a) = PL(s)(als)
We can bound the discounted state visitation distribution as

2Dy (i i) = D

s,a

[J’WM(S7 CL) - [[]L\Z(Sa (l)

t 7rt t 7rt( )

ZZV
—v)zsjzt:vt

o0

<(1—7))> ~'(2te)
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where the last inequality uses Lemma 5. Notice that the final summation is an arithmetico-
geometric series. When simplified, this results in

€y < €y
(=72 " 1-v

Using this bound for the performance difference yields the desired result. O

DTV(/]FMNQ%/I\) <(1-9)

Remarks: The performance difference (due to model error) lemma we present is quite
distinct and different from the performance difference lemma from Kakade and Langford [55].
Specifically, our lemma bounds the performance difference between the same policy in two
different models. In contrast, the lemma from Kakade and Langford [55] characterizes the
performance difference between two different policies in the same model.

C.1.2 Proof of main theorem

Armed with the above results, we are now ready to prove the main theorem which
characterizes the global performance when we have a policy-model pair close to equilibrium.

Theorem 2 restated. (Global performance of equilibrium pair) Suppose we have policy-model
pair (m, M) such that the following conditions hold simultaneously:

LM, %) < en ¥t and J(m, M) > sup J (', M) — €.

™

Let ™ be an optimal policy so that J(w*, M) > J(n', M) Vr'. Then, we have

* 27\ / GMRI’I’I&X 2Rmax ~ ~ ¥
J(7*, M) — J(m, M) < W—i_eﬂ'—i_ 1 —VDTV <MM7Mﬁ) :
Proof. We first simplify the performance difference, and subsequently bound the different
terms. Let 7% to be an optimal policy in the model, so that J(7%, M) > J(«', M) Va'. We
can decompose the performance difference due to various contributions as:

J(7*, M) — J(n, M) = J(x*, M) — J(x*, M) + J(x*, M) — J(x, M)

= J(x*, M) — J(z*, M) + J(z*, M) — J(z, M) + J(x, M) — J (7, M)

vV Vv Vv
Term—I Term—II Term—IIIT

Let us first consider Term-1I1I, which is related to the sub-optimality in the planning problem.
Notice that we have:

e~ o~ o~ o~ o~ —

J(x, M) = J(m, M) = (", M) = S, M) + (S (g, M) = J (. M) < 0+,

M’ M’
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We have J(7*, M) — J(1%, J/\i) < 0 since = is the optimal policy in the model, and we
have J (W*ﬁ, M ) — J(m, M ) < €, due to the approximate equilibrium condition.

For Term-III, we will draw upon the model error performance difference lemma (Lemma 6).
Note that the equilibrium condition of low error along with Pinsker’s inequality implies

ESN;/];/’; [DTV(PM<’|S’G)7Pﬁ<"|s’a)>} < @

Using this and Lemma 6, we have

- 2 max
(e, M) = I, M) < S Vle_Mj;

Finally, Term-I is a transfer learning term that measures the error of M (which has low
error under 7) under the distribution of 7*. The performance difference can be written as
. . 5 1 1
J(m*, M) = J(7*, M) = :E(s,a)wﬂﬂ [R(s)] - :E
2Rmax
<
=1,

Dy (fiar: i)
Putting all the terms together, we have

2Rmax

2 Rmax
J(x*, M)~ J(m, M) < 5 ZIVEM e

(1—7)?

Dry (ﬂﬂ7 ﬂ%) +éx +

]

Remarks: Tighter bounds on the transfer learning term is not possible without additional
assumptions. However, the spirit of the transfer learning issue is captured by the term.

1. Tt suggests that there is a preference hierarchy between models that achieve similar low
error under p3,. The models that can simulate a wider class of policies (i.e. have better
transfer) are preferable for MBRL. This establishes a concrete connection between
MBRL and domain adaptation, and we hope that various ideas from transfer learning
and domain adaptation [151] can benefit MBRL.

2. The structure of u7, provides avenues to achieve better transfer. Note that the start
state distribution is the same for M and M , and is also shared by all policies. Thus, if
we could design or choose the start state distribution to be wide, it automatically ensures
good mixing between %, and u%;\ by virtue of them sharing the start state distribution.
We could obtain such a distribution by training an exploratory policy [150, 167], and
executing it for a few steps to construct a starting state distribution.
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The theorem assumes that the errors are small at each timestep: E(]/\i ,uy) < ear Vt. This
is only a slightly stronger assumption than the average error being small. In practice, by
executing the policy, we would have a dataset drawn from p73,. Thus, it should be possible to
make the error small under y3,. Recall that 5, = (1/Th) 3202 pihs- If we use an expressive
function approximator, and if there is sufficient concentration of measure, small error over pf,
would lead to small error at each timestep. Furthermore, since we typically store time-indexed

trajectories, we can check in practice that the error is small at each timestep.

C.2 Algorithm Implementation Details and Experiments

Our implementation builds on top of MJRL (https://github.com/aravindr93/mjrl) for
NPG [12, 170] and interfacing with MuJoCo/OpenAl-gym [30, 128]. We adapt the NPG
implementation to work with learned models. Our model learning minimizes one-step
prediction error using Adam. We first describe the details of these subroutines before
describing the full algorithms.

Policy Details We represent the policy as a neural network, and use the learned model
for performing synthetic rollouts as specified in Subroutine 1. For the set of initial states, we
can either sample from the initial state distribution of MDP (if it is known) or keep track
of initial states from the environment in a separate initial state replay buffer. We found
both to perform near-identically. Furthermore, the synthetic rollouts can be started from
either the initial state distribution of the MDP, or from intermediate states in real rollouts.
We found starting 50% of synthetic rollouts from intermediate (real-world) rollout states
leads to better asymptotic results for longer horizon gym tasks. This is consistent with prior
works that suggest sampling from a wide initial state distribution is beneficial for policy
gradient methods [55, 12]. The subroutine is written assuming a reward oracle, which can
either be a known function, or can be learned from data. We found both settings to work
near-identically, since rewards are often simple functions of the state-action and substantially
easier to learn than dynamics. We consider a maximum rollout horizon of 500, which can
become shorter if the maximum environment horizon is smaller, or if termination conditions
kick in for the rollouts. If the environments have termination conditions, we enforce these for
the synthetic rollouts as well. Finally, we use a baseline/value network for the purposes of
variance reduction [292, 293] — specifically GAE [294|. We use the default values for most
parameters as summarized in Table C.1, and do not tune them.

Model details We model the MDP dynamics with ensembles of neural network dynamics
models. Ensembles capture epistemic uncertainty [147] and provide robustness for policy
optimization [13]. We are provided with a dataset of tuples D = {(s, a, s141)}, and we
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Subroutine 1 Model-Based Natural Policy Gradient Update Step

1: Require: Policy (stochastic) network 7y, value/baseline network V;,, ensemble of MDP

dynamics models {J/\/.Td,}, reward function R, initial state distribution or buffer.
2: Hyperparameters: Discount factor v, GAE A, number of trajectories N,, rollout
horizon H, normalized NPG step size §

3: Initialize trajectory buffer D, = {}

4: for k=1,2,....,N, do

5. Sample initial state s& from initial state distribution/buffer

6:  Perform H step rollout from sk with 7y to get TJ’-“ = (s, af, sk ak, ... sk a¥), one for
each model M q@ in the ensemble.

7. Query reward function to obtain rewards for each step of the trajectories

8 Truncate trajectories if termination/truncation conditions are part of the environment

. Aggregate the trajectories in trajectory buffer, D, = D, U {7}
10: end for
11: Compute advantages for each trajectory using V,, and GAE [294].
12: Compute vanilla policy gradient using the dataset

9 = E(s0)~p, [Volog me(als) A" (s, a)]

13: Perform normalized NPG update (F' denotes the Fisher matrix)

)
0=0+ o F!
* gTF-1g g

14: Update value/baseline network V,, to fit the computed returns in D,.
15: Return Policy network 7y, value network V,,

parameterize the model as:

~r St — Hs At — Mg
M¢(St,(1t>:8t+O'AMLP¢(t ILL, ¢ ,U)

Os Oq
where we A; = s;11 —s; are the state differences, and mean centering and scaling are performed
based on the dataset. We solve the following optimization problem to learn the parameters:

]

We specify the important hyperparameters along with PAL and MAL descriptions. When
training, we also ensure that at-least 10% gradient steps and at-most 10° gradient steps are

¢

(S141 — 5¢) — oa MLP, (St s DT ““)

Os Oq

min ]E(Stﬂt,StJrl)N’D [

used, to avoid boundary issues when the buffer size is too small or large.
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Table C.1: Hyperparameters used for policy improvement with NPG

Parameter Value
Policy network MLP (64, 64)
Value/baseline network MLP (128, 128)

Discount vy 0.995

GAE A 0.97
# synthetic trajectories (NV,) 200

Rollout horizon (H) min (env-horizon, 500, termination)

normalized step size 0.05

Policy As Leader: The practical version of the PAL-NPG algorithm is provided below.
The algorithm alternates between collecting a small amount of data in each iteration, learning
a dynamics model, and conservatively improving the policy. We use a small replay buffer
to aggregate data from the past few iterations, but the replay buffer is kept small in size to
ensure that the model is primarily trained to be accurate under current state visitation.

Algorithm 10 Policy As Leader (PAL) — Practical Version

1: Initialize: Policy network 7y, model network(s) M, value network V.

2: Hyperparameters: Initial samples N;,;;, samples per update N, buffer size B ~ N,
number of NPG steps K ~ 1

3: Initial Data: Collect N;,;; samples from the environment by interacting with initial

policy. Store data in buffer D.

for k=0,1,2,... do
Learn dynamics model(s) ]T/I\kﬂ using data in the buffer.
Policy updates: 71, Viy1 = Model-Based NPG(Wk,Vk,J/\/.?kH) // call K times
Collect dataset of N samples from world by interacting with 7, ;. Add data to replay
buffer D, discarding old data if size is larger than B.

8: end for

For hyperparameter selection, we performed a coarse search on DClaw task and used the
same parameters for the remaining tasks with minor changes. The main parameters we focused
on were the number of NPG updates per iteration, for which we tried K = {1, 2,4, 8} and found
4 to be best. Similarly, we studied number of samples per iteration N = {1,5, 10,20} xenv-
horizon, and found 5 to be ideal for DClaw, DKitty, Reacher, and Hand tasks. For the hand
task, N = 10xhorizon produced more stable results, and we report results with this choice.
The OpenAl gym tasks are longer horizon and we found fewer samples are sufficient. For the
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gym tasks, we use N = 1000 samples per iteration, which towards the later half of training
often amounts to only one trajectory. We use a buffer of size B = 2500, which often amounts
to using data from the past 2-5 iterations. We also use ensembles of dynamics models and we
tried ensemble sizes of {1,2,4,8} and found 4 to be a good trade-off between performance
and computation. We also found it important to initialize the policy with sufficient small
amount of exploratory noise to avoid stability and divergence issues. We consider Gaussian
policies with diagonal covariance where the neural network parameterizes the mean, and the
diagonal co-variance is also learned. We initialize the standard deviation as o = exp(—1).
We do not add any additional exploratory noise when collecting data, but simply use the
learned covariance in the Gaussian policy. We summarize the details in Table C.2.

Table C.2: Hyperparameters used for the PAL-NPG algorithm

Parameter Value
Model network MLP (512, 512)
Learning algorithm Adam (default parameters)
No. of epochs 100
Mini-batch size 200
Ensemble size 4
Bulffer size B 2500
Initial samples (N;pit) 2500
Samples per iteration (V) | min(5xenv-horizon, 1000)
NPG updates (K) 4

Model As Leader: The practical version of the MAL-NPG algorithm is provided in
Algorithm 10. The algorithm alternates between optimizing a policy using current model,
collecting additional data which is aggregated into a data buffer, and finally improving the
model using the aggregated data. For hyperparameter selection, we follow the same overall
approach as described in MAL. Compared to PAL, the main differences are that a larger
number of initial samples are required, since the policy is optimized aggressively. We tried
K = {10,25,40,60} and found K = 25 to be a good trade-off between performance and
computation. We tried N = {1, 5, 10,20} xenv-horizon and found N = 20xhorizon to provide
the best results. For the OpenAl gym tasks, we used N = 3000 samples. For the simpler
Pendulum task, we use fewer samples which still leads to stable results. We again use an
ensemble of 4 models. The hyperparameter details are summarized in Table C.3.
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Algorithm 11 Model As Leader (MAL) — Practical Version

1: Initialize: Policy network 7y, model network(s) M\()? value network V.

10:

: Hyperparameters: Initial samples N;,;;, samples per update N, number of NPG steps

K>1
Initial Data: Collect Nj,; samples from the environment by interacting with initial
policy. Store data in buffer D.
Initial Model: Learn model(s) M, using data in D.
for k=0,1,2,... do
Optimize 7,1 using Mk for K > 1 steps of model-based NPG (Subroutine 1).
Collect dataset Dy,q of N samples from environment using 7. 1.
Aggregate all collected data so far D = D U Dy,
Learn dynamics model(s) M\kﬂ using data in D.
end for

Table C.3: Hyperparameters used for the MAL-NPG algorithm

Parameter Value
Model network MLP (512, 512)
Learning algorithm Adam (default parameters)
No. of epochs 10
Mini-batch size 200
Ensemble size 4
Buffer size B 00
Initial samples (N;pit) 5000
Samples per iteration (N) | min(20xenv-horizon, 3000)
NPG updates (K) 25
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C.2.1 Task Suite

The main tasks we study are DClaw-Turn, DKitty-Orient, 7DOF-Reacher, and InHand-Pen.

1. The DClaw-Turn task requires a 3 fingered “DClaw” to rotate a faucet to a desired
orientation (see illustration below). The observations consist of the joint positions
and velocities of the claw as well as the faucet; in addition to the desired valve
orientation. The reward measures the closeness between the current faucet configuration
and desired configuration. For further details about the task, see Ahn et al. [65] (task
DClawTurnRandom-vO0)..

2. The DKitty-Orient task requires a quadruped (DKitty) to change its orientation in
order to face in a desired direction (as illustrated below). The observations consist of
the pose and velocity of various joints in the robot, and the desired orientation. The
reward measures the difference between current pose of the robot and the desired pose.
For further details about the task, see Ahn et al. [65] (task DKittyOrientRandom-v0).

3. The 7DOF-Reacher reacher task requires a TDOF robot arm (corresponding to a Sawyer
robot) to reach various spatial goals with its end effector (finger tip). The observations
consist of the joint pose and velocities of the arm and the desired location for the end
effector. The reward measures the distance between the end effector and the goal.



131

4. Finally, the InHand-Pen task requires a 24DOF dexterous hand to manipulate a pen
in-hand to point in a desired orientation. The observations consist of the joint pose and
velocity for the hand and pen, and the desired pose for the pen. The reward measures
the difference between the pose of the pen and the desired pose. For additional details
about the task, see Rajeswaran et al. [170] (task pen-vO0).

C.2.2 Results on OpenAl gym benchmarks

We also benchmark the performance of PAL-NPG and MAL-NPG in the OpenAl gym
benchmarks [128]. Specifically, we consider three tasks: InvertedPendulum-v2, Hopper-v2,
and Ant-v2. For baselines, we consider MBPO [88|, PETS [147], STEVE [182], SLBO [175],
and SAC [166]. A subset of these algorithms were considered for benchmarking deep RL in the
recent work of Wang et al. [177]. MBPO is the current state of the art model-based method,
and SAC is a state of the art model-free algorithm. The hyperparameters for PAL and MAL
are specified in Tables 1-3 and related discussion. The results are presented in Figure C.1.
We find that our methods substantially outperform the baselines. In particular, compared
to state of the art MBPO, our method is nearly twice as efficient in InvertedPendulum and
Hopper. Our methods are nearly 10x as efficient as other baselines.

In the hopper and ant tasks, we include the velocity of center of mass in the observation
space in order to be able to compute the rewards for synthetic rollouts. Similar approaches
are followed in prior works as well, e.g. in SLBO [175|. Finally, we note that MBPO is a
hybrid model-based and model-free method, while our PAL and MAL implementations are
entirely model-based. In MBPO, it was noted that long horizon model-based rollouts were
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Figure C.1: Comparison of results on the OpenAl gym benchmark tasks. Results for the
baselines are reproduced from Janner et al. [88]. We observe that PAL and MAL have stable
near-monotonic improvement, and substantially outperform the baselines.

unstable and combining with an off-policy critic was important. We find that through our
Stackelberg formulation, which is intended to carefully control the effects of distribution
shift, we are able to perform rollouts of hundreds of steps without error amplification. As a
result, even though our algorithms are purely model based, they can achieve sample efficient
learning without loss in asymptotic performance. It is straightforward to extend our PAL
and MAL approaches to the hybrid model-based and model-free setting, and could likely lead
to a further increase in efficiency for some tasks. We leave exploration of this to future work.

C.2.3 Model Error Amplification

While the 1-step (prediction) generalization error is easy to measure, it does not provide
direct intuitions about the model quality for the purpose of policy improvement. We study
error amplification over lookahead horizon to better understand the quality of model for
purposes of policy improvement. Let sy be the initial state for both M and M. We wish to
measure L(t) = E[||sM — sM||] where sM and sM are obtained by following the dynamics of
M and M respectively. The state evolution depends on actions, and for this we consider
two modes: open loop and closed loop.

In open loop mode, we first sample an initial state and set it for both M and J/\E7 ie.
sM = sM. Subsequently, we execute 7 in M in obtain a trajectory. The action sequence

is then executed in open-loop in M. Specifically, this makes aM = o™ = 7(sM). In
closed loop mode, we again sample the initial state and set s} = s}M. Subsequently, we
collect trajectory by indipendetly executing the policy, so that we have: a™ = 7(sM) and
aM = 7(sM).

We study the error for the DClaw task, and plot the error in prediction of faucet angle. This
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Figure C.2: Error amplification over look-ahead horizon in the DClawTurnRandom task. In

this

experiment, we measure the error of policy 7, under model M) for various stages of

training (20K, 40K, and 60K samples). The x-axis is the look-ahead horizon, and the y-axis
is the error in prediction of the valve orientation (in radians). See main text for explanation
of open loop and closed loop.

is the primary quantity of interest, since the task involves turning the faucet to the desired
orientation. The results are presented in Figure C.2. We make the following observations:

1.

With more training, the entire profile of errors reduce. This is encouraging, since it
suggests that the model quality improves with more training.

Closed loop prediction errors are smaller than open loop errors. This suggests that the
policy shapes the state visitation to regions where the model is more accurate. Thus,
the algorithms we consider ensure that the policy and model remain compatible.

During initial stages of training, PAL has lower error. However, towards the end of
training, MAL learns more accurate models, by improving the model quality at a faster
rate. This is likely due to MAL maintaining a larger replay buffer with more diverse
transitions obtained over the course of training. This further underscores why MAL
can better handle non-stationarities in task and goal distribution.

The error does not strictly increase with time. In particular, we observe profiles where
the error shrinks towards the end of the horizon. As the policy improves, it turns
the faucet to the desired configuration with greater probability. Thus, the long term
consequences of the policy are in fact more easily predictable than the intermediate
transient effects. This further suggests that the policy-model pair together capture the
semantics of the task.
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Appendix D
IMPLICIT MAML: PROOFS AND EXPERIMENT DETAILS

D.1 Relationship between iMAML and Prior Algorithms

The presented iMAML algorithm has close connections, as well as notable differences, to
a number of related algorithms like MAML [191], first-order MAML, and Reptile [160].
Conventionally, these algorithms do not consider any explicit regularization in the inner-level
and instead rely on early stopping, through only a few gradient descent steps. In our problem
setting described in Eq. 5.4, we consider an explicitly regularized inner-level problem (refer
to discussion in Section 5.2.2). We describe the connections between the algorithms in this
explicitly regularized setting below.

MAML The MAML algorithm first invokes an iterative algorithm to solve the inner
optimization problem (see definition 5). Subsequently, it backpropagates through the path of
the optimization algorithm to update the meta-parameters as:

M
1
0"t = g% — o > doLi(Algi(6")).
=1

Since Alg;(0) approximates Alg?(0), it can be viewed that both MAML and iMAML intend
to perform the same idealized update in Eq. 5.5. However, they perform the meta-gradient
computation very differently. MAML backpropagates through the path of an iterative
algorithm, while iIMAML computes the meta-gradient through the implicit Jacobian approach
outlined in Section 5.3.1 (see Figure 5.1 for a visual depiction). As a result, iMAML can be
vastly more efficient in memory while having lesser or comparable computational requirements.
It also allows for higher order optimization methods and non-differentiable components.

First-order MAML ignores the effect of meta-parameters 6 on task parameters {¢;} in
the meta-gradient computation and updates the meta-parameters as:

M
1
0k+1 — Hk o/ M Z V¢£z(¢z) Pi=Alg;(0%)
i=1
Note that iMAML strictly generalizes this, since first-order MAML is simply iMAML when
the conjugate gradient procedure is not invoked (or 0 steps of CG). Thus, iMAML allows for
an easy way to interpolate from first-order MAML to the full MAML algorithm.
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Reptile, similar to first-order MAML, ignores the dependence of task-parameters on meta-
parameters [160]. However, instead of following the gradients at ¢; = Alg;(6%), Reptile uses
the task-parameters as targets and slowly moves meta-parameters towards them:

M
1
Ot =08 —n - (0" — ).
=1

From the proximal point equation in the proof of Lemma 3, we have ¢; = 8% — %V(bﬁi((bi),
using which we sce that the Reptile equation becomes: 85 = 6% — L. S M VgLi(¢;). Thus,
Reptile and first-order MAML are identical in our problem formulation up to the choice of
learning rate. Making the regularization explicit allows us to illustrate this equivalence.

D.2 Optimization Preliminaries
Let f:R? — R. A function f is B Lipschitz (or B-bounded gradient norm) if for all z € R?
V()| < B.

Similarly, we say that a matrix valued function M : R x RY — R is p-Lipschitz if

[|M () = M ()| < pllz = 2|,
where || - || denotes the spectral norm. We say that f is L-smooth if for all z,2’ € R?

IV f(z) = V(@) < Ll|z = 2]
and that f is p-strongly convex if f is convex and if for all z, 2’ € R?,

IVf(@) = V@) = plle = 2]

We will make use of the following black-box complexity of first-order gradient methods for
minimizing strongly convex and smooth functions.

Lemma 7. (0-approzimate solver; see [295]) Suppose f is a function that is L-smooth and p
strongly convez. Define k := L/, and let x* = argmin f(x). Nesterov’s accelerated gradient
descent can be used to find a point x such that:

l = 2"l <6

using a number of gradient computations of f that is bounded as follows:

# gradient computations of f(-) < 2v/k log <2/£||3; H) _
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D.3 Review: Time and Space Complexity of Hessian-Vector Products

We briefly discuss the time and space complexity of Hessian-vector product computation
using the reverse mode of automatic differentiation. The reverse mode of automatic differen-
tiation [296, 297] is the widely used method for automatic differentiation in modern software
packages like TensorFlow and PyTorch [298]. Recall that for a differentiable function f(z),
the reverse mode of automatic differentiation computes V f(x) in time that is no more than a
factor of 5 of the time it takes to compute f(z) itself (see [297] for review). As our algorithm
makes use of Hessian vector products, we will make use of the following assumption as to
how Hessian vector products will be computed when executing Algorithm 6.

Assumption A3. (Complezity of Hessian-vector product) We assume that the time to
compute the Hessian-vector product V?ﬁﬁi(¢)v is mo more than a (universal) constant over
the time used to compute VL;(¢) (typically, this constant is 5). Furthermore, we assume that
the memory used to compute the Hessian-vector product Vfbﬁl((ﬁ)v 1s no more than twice

the memory used when computing Vﬁz(q’)) This assumption is valid if the reverse mode of
automatic differentiation is used to compute Hessian vector products (see [299]).

A few remarks about this assumption are in order. With regards to computation, first
observe that the gradient of the scalar function Vd,ﬁi(qﬁ)Tv is the desired Hessian vector
product Véﬁi(cﬁ)v. Thus computing the Hessian vector product using the reverse mode
is within a constant factor of computing the function itself, which is simply the cost of
computing V.L;(¢)Tv. The issue of memory is more subtle (see [299]), which we now discuss.
The memory used to compute the gradient of a scalar cost function f(x) using the reverse
mode of auto-differentiation is proportional to the size of the computation graph; precisely,
the memory required to compute the gradient is equal to the total space required to store all
the intermediate variables used when computing f(z). In practice, this is often much larger
than the memory required to compute f(z) itself, due to that all intermediate variables need
not be simultaneously stored in memory when computing f(x). However, for the special case
of computing the gradient of the function f(¢) = Vd,/ji((b)Tv, the factor of 2 in the memory
bound is a consequence of the following reason: first, using the reverse mode to compute f(¢)
means we already have stored the computation graph of EAZ(Q’)) itself. Furthermore, the size
of the computation graph for computing f(¢) = V¢ﬁi(¢)Tv is essentially the same size as
the computation graph of ﬁl(qﬁ) This leads to the factor of 2 memory bound; see Griewank
[299] for further discussion.

D.4 Additional Discussion About Compute and Memory Complexity

Our main complexity results are summarized in Table 1. For these results, we consider two
notions of error that are subtly different, which we explicitly define below. Let g; be the
computed meta-gradient for task 7;. Then, the errors we consider are:
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Definition 7. Ezact-solve error (our notion of error): Our goal is to accurately compute the
gradient of F(0) as defined in Equation 5.4, where Algr(0) is an exact algorithm. Specifically,
we seek to compute a g; such that:

lgi — doLi(Alg; (0))]| < e
where € is the error in the gradient computation.

Definition 8. Approz-solve error: Here we suppose that Alg; computes a d—accurate solution
to the inner optimization problem over G; in Eq. 5.4, i.e. that Alg; satisfies ||.Alg;(0) —
Algr(0)|| <6, as per definition 5. Then the objective is to compute a g such that:

lg — doLi(Algi(0))]| < e

where € is the error in the gradient computation of dgL;(Alg;(0)). Subtly, note that the
gradient is with respect to the d-approximate algorithm, as opposed to using Alg;.

For the complexity results, we assume that MAML invokes Alg; to get a d-approximate
solution for inner problem (recall definition 5). The exact-solve error for MAML is not known
in the literature; in particular, even as 6 — 0 it is not evident if the approx-solve solution tends
to the exact-solve solution, unless further regularity conditions are imposed. The approx-solve
error for MAML is 0, ignoring finite-precision and numerical issues, since it backpropagates
through the path. Truncated backprop [208] also invokes Alg; to obtain a d-approximate
solution but instead performs a truncated or partial back-propagation so that it uses a smaller
number of iterations when computing the gradient through the path of Alg;(0). Exact-solve
error for truncated backprop is also not known, but a small approx-solve error can be obtained
with less memory than full back-prop. We use Prop 3.1 of Shaban et al. [208] to provide
a guarantee that leads to an e-accurate approximation of the full-backprop (i.e. MAML)
gradient. It is not evident how accurate the truncated procedure is when an accelerated
method is used instead. Finally, our iMAML algorithm also invokes an approximate solver
Alg; rather than Algf. However, importantly, we guarantee a small exact-solve error even
though we do not require access to Algr. Furthermore, the iIMAML algorithm also requires
substantially less memory. Up to small constant factors, it only utilizes the memory required
for computing a single gradient of ﬁz()

D.5 Theoretical Results and Proofs

Lemma 5.3.1 Consider Alg;(0) as defined in Eq. 5.4 for task 7;. Let ¢; = Alg?(0) be the
result of Alg?(0). If (I + %Véﬁz(gb,)) is invertible, then the derivative Jacobian is

dAlg:(8) Loa O\
A <I+ 1 VeLi@) )
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Proof. We drop the task i subscripts in the proof for convenience. Since ¢ = Alg*(0) is the
minimizer of G(¢’, 0) in Eq. 5.4, the stationary point conditions imply that

VyG(9.0) ly—s =0 = VL) + M~ 6) =0 = ¢ =61 VE(®),

which is an implicit equation that often arises in proximal point methods. When the derivative
exists, we can differentiate the above equation to obtain:
do 1 54, ,.do 1 54 do
—=1—-—-V°L(})—~ I+—-V°L — =1
a6 Y (¢)d9:>(+)\v (9)) 6

which completes the proof. m

Assumption A4. (Regularity conditions) Suppose the following holds for all tasks i:

1. L;(+) is B Lipshitz and L smooth.

2. For all 8, G,(+,0) is both a B-smooth function and a p-strongly convex function. Define:

3. Li() is p-Lipshitz Hessian, i.e. V2L;(-) is p-Lipshitz.

4. For all @, suppose the arg-minimizer of G;(-,0) is unique and bounded in a ball of radius
D, i.e. forall @,
AL (8)]] < D.

Lemma 8. (Implicit Gradient Accuracy) Suppose Assumption Aj holds. Fix a task i.

Suppose that ¢; satisfies:
i — Alg; (0)]| <6

and that g; satisfies:
1 A -1
lo— (145 @) VoL@l <5
Assuming that 6 < p/(2p), we have that:

A AL
i — doLs(Alg*(0))]] < (2353 N 7) 546
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Proof. First, observe that:

-1
oL Algi(0)) = (T4 § TLAIGE(0) ) Voli(Algi(6)
For notational convenience, we drop the ¢ subscripts within the proof. We have:
|de L(Alg"(6)) — g 1
< IdoL(Alg" (@) (T4 VL(@))  Voll@)]+0

< da(Alg'0) ~ (145 T2(0))  VollAls'®))] +

I (I + v2£(¢)) (VoL(Alg*(8)) — VoL()) || + &

where the first inequality uses the triangle inequality.
We now bound each of these terms. For the second term,

(145 7%0))  (VollAlg"(0)) - Volio))|

-1

< | (I+ . V2L’(¢)> [IIV4L(Alg"(8)) — Vo L()]|
< AL (M4 V2E(6)) 1Al (0) - 6]
= ALIVAG(6,0) 'Alg"(6) — &
AL
< —9
1

where we the second inequality uses that V4L is L-smooth and the final inequality uses that
G is p strongly convex.
For the first term, we have:

oL (Alg*(6)) - (I + 5 T£(6)) Vol Aly"(®))]

- ((H L VLAl (0 >>)_1 (145 v?ﬁws))_l) VoL(Alg"(9))]

R -1 R -1
< A ()\I + v?c(Azg*(e))) - ()\I + v2c<¢)) 1B,
using that V4L is B Lipshitz. Now let

A = V2L(Alg*(0)) — V2L(p), M :=V3G(¢,0) =\ + V>L(¢)
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Due to that V2£(.) is Lipshitz Hessian, |A| < pd. Also, by our assumption on 4, we have
that:
IMEAN < A/ 1 < po/p < 1/2,

which implies that || (I + M*A)"" || < 2. Hence,

-1

I ()\I n V2E(Alg*<9))) o ()\I v v2£(¢)> I
= |(M+A)" =M

|
-1
1

< IMPII+MTA) -1
= M (I +M7A) (I = (I+MTA)) |
<M T+ M)A
< Loy 25,
H H G
The proof is completed by substitution. O

Theorem 5. (Approzimate Implicit Gradient Computation) Suppose Assumption Aj holds.
Fiz a task i. Let
A AL
B = 2B+
It 1

Suppose Nesterov’s accelerated gradient descent algorithm is used to compute ¢ (as desired in
Algorithm 6), using a number of iterations that is:

2/ log (&w (% + 5))

and suppose Nesterov’s accelerated gradient descent algorithm (or the conjugate gradient
algorithm ) is used to compute g; using a number of iterations that is:

2/ log (4/{< /1B )

We have that:
llg: — doLi(Alg:(0))] <e.

Proof. The result will follow from the guarantees in Lemma 7. Specifically, let us set
d = min{e/(2By), 1u/(2p)} and ¢’ = €/2. To ensure the bound of §, by Lemma 8, it suffices to
use a number of iterations that is bounded by:

2log (%u) < 2/ log (8/<5D (% + 5))
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To ensure the bound of ¢, the algorithm will be solving the sub-problem in Equation 5.7. First
. —1
observe that in the context of in Lemma 7, note that ||z*|| = || (I + 3 V2£i(¢>)> VL(¢p)] <

(A/u)B, and so it suffices to use a number of iterations that is bounded by:

2log (2/@@) < 2log (4/{M> ,
€

which completes the proof. O]

Finally, we present a corollary of previous theorem that shows that iMAML finds approxi-
mate stationary points due to controllable error in gradient computation.

Corollary 5. (iMAML finds stationary points) Suppose the conditions of Theorem & hold
and that F(-) is an Lrp smooth function. Then the implicit MAML algorithm (Algorithm 5),
when the batch size is M (so that we are doing gradient descent), will find a point 6 such
that [|[VF(0)|| < €, in a number of calls to Implicit-MNeta-Gradient that is at most

4MLf(F(O)€gmin" F@) Furthermore, the total number of gradient computations (of Vﬁz) 15

at most O (M\/ELf(F(O)zr;ine FO) 1og (pozy(”’D’B’L’p’“”\)>>, and only O(Mem(VL;)) memory

€

15 required throughout.

D.6 Experiment Details

Here, we provide additional details of the experimental set-up for the experiments in Section 5.4.
All training runs were conducted on a single NVIDIA (Titan Xp) GPU.

D.6.1 Synthetic Experiments

For the synthetic experiments, we consider a linear regression problem. We consider parametric
models of the form hy(x) = ¢’x, where x can either be the raw inputs or features (e.g.
Fourier features) of the input. For task 7;, we can equivalently write a quadratic objective
that represents the task loss as:

A 1 1
Li(p) = §E(x,y)~pgr [Ihe(x) — y|I°] = §¢TAZ¢ + @' by,

where A; = By y)pir [xx”] and b; = E (xy)~ptr [xTy]. Thus, the inner level objective and
corresponding minimizer can be written as:

A
Gil#.0) = 3¢ 4. + &b+ 5(8/ ~ 0)7(9/ )

Algr(8) = (A; + M) (N0 — by)
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Thus, the exact meta-gradient can be written as
doLi(Alg;(0)) = MAi + M) 7'V Li(8) [g=ig: 6 -

We compare this gradient with the gradients computed by the iMAML and MAML algorithms.
We considered the case of x € R, y € R, A\ = 5.0, and x = 50, for the presented results.

D.6.2 Omniglot and Mini-ImageNet experiments

We follow the standard training and evaluation protocol as in prior works [189, 190, 191].

Omniglot Experiments The GD version of iMAML uses 16 gradient steps for 5-way
1-shot and 5-way 5-shot settings, and 25 gradient steps for 20-way 1-shot and 20-way 5-shot
settings. A regularization strength of A = 2.0 was used for both. 5 steps of conjugate
gradient was used to compute the meta-gradient for each task in the mini-batch, and the
meta-gradients were averaged before taking a step with the default parameters of Adam in
the outer loop.

The Hessian-free version of MAML proceeds by using Hessian-free or Newton-CG method
for solving the inner optimization problem (with respect to ¢) with objective G;(¢, @). This
method proceeds by constructing a local quadratic approximation to the objective and
approximately computing the Newton direction with conjugate gradient. 5 CG steps are used
for this process in our experiments. This allows us to compute the search direction, following
which a step size has to be picked. We pick the step size through line-search. This procedure
of computing the approximate Newton direction and linesearch is repeated 3 times in our
experiments to solve the inner optimization problem well.

Mini-ImageNet For the GD version of IMAML, 10 GD steps were used with regularization
strength of A = 0.5. Again, 5 CG steps are used to compute the meta-gradient. Similarly, in
the Hessian-Free variant, we again use 5 CG steps to compute the search direction followed
by line search. This process is repeated 3 times to solve the inner level optimization. Again,
to compute the meta-gradient, 5 steps of CG are used.
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Appendix E
ONLINE META-LEARNING: THEORETICAL RESULTS

E.1 Linear Regression Example

Here, we present a simple example of optimizing a collection of quadratic objectives (equivalent
to linear regression on fixed set of features), where the solutions to joint training and the
meta-learning (MAML) problem are different. The purpose of this example is to primarily
illustrate that meta-learning can provide performance gains even in seemingly simple and
restrictive settings. Consider a collection of objective functions: {£; : ¢ € R? — R}, which
can be described by quadratic forms. Specifically, each of these functions are of then form

L) = 36" A + &b
This can represent linear regression problems as follows: let (x7;,y7;) represent input-output
pairs corresponding to task 7;. Let the predictive model be h(x) = ¢"x. Here, we assume
that a constant scalar (say 1) is concatenated in x to subsume the constant offset term (as
common in practice). Then, the loss function can be written as:

1
£1(9) = 5By (1RG0 - 31

which corresponds to A; = Ex7;[xx”] and b; = E(x y)7;[x"y]. For these set of problems, we
are interested in studying the difference between joint training and meta-learning.

Joint training The first approach of interest is joint training which corresponds to the
optimization problem

PeR4

min F(¢), where F(¢) = % > Lie) (E.1)

Using the form of £;, we have
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The solution to the joint training optimization problem (Eq. E.1) is then given by
o A 'b.

joint —

Meta learning (MAML) The second approach of interest is meta-learning, which as
mentioned in Section 6.2 corresponds to the optimization problem:

min F(¢), where F(¢) % > £i(Algi()) (E.2)

PERL

Here, we specifically concentrate on the 1-step (exact) gradient update procedure: Alg;(¢) =
¢ — aVL;(¢). In the case of the quadratic objectives, this leads to:

1
Ei(Algi(¢)) = 5(‘75 — A — abi)TAi(¢ —aA;p — Oébi)
+ <¢ — OéAl(l) — abi)Tbi
The corresponding gradient can be written as:

VLi(Algi(9)) = <I — aAi) (Ai(q,’) — aA;p — ab;) + bi>

For notational convenience, we define:

1 & 2
A, ::M;(I—aAi) A;

1 & 2
b = MZ(I—&AZ-) b;.

=1

Then, the solution to the MAML optimization problem (Eq. E.2) is given by

PriamL = _Af_le'

Remarks In general, ¢, # ¢yann, based on our analysis. Note that A; is a weighed
average of different A;, but the weights themselves are a function of A;. The reason for the
difference between @7, and @y, is the difference in moments of input distributions. The
two solutions, @i, and @i oy, coincide when A; = A Vi. Furthermore, since @y, was
optimized to explicitly minimize F (+), it would lead to better performance after task-specific
adaptation. This analysis reveals that there is a clear separation in performance between
joint training and meta-learning even in the case of quadratic loss functions. Improved
performance with meta-learning approaches have been noted empirically with non-convex
loss landscapes induced by neural networks. Our example illustrates that meta learning can

provide non-trivial gains over joint training even in simple convex loss landscapes.
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E.2 Theoretical Analysis

We first begin by reviewing some definitions and proving some helper lemmas before proving
the main theorem.

E.2.1 Notations, Definitions, and Some Properties

e For a vector u € R?, we use ||ul| to denote the L2 norm, i.e. vVulu.

e For a matrix A € R™ 4 we use ||A| to denote the matrix norm induced by the vector
norm,

Au
|All = SUP{H :u € R? with |Ju| # 0}
We briefly review two properties of this norm that are useful for us

— |[A+ BJ| < ||A|| + || B]| (triangle inequality)
— ||Aul| < [|A]||Ju]] (sub-multiplicative property)

Both can be seen easily by recognizing that an alternate equivalent definition of the

induced norm is ||A| > w Yu.

e For (symmetric) matrices A € R¥? we use A = 0 to denote the positive semi-definite
nature of the matrix. Similarly, A = B implies that u” (A — B)u > 0 Vu.

Definition 9. A function f(-) is G—Lipschitz continuous iff:
I£(w) = LV)[| < Glla—v[| Vuv
Definition 10. A differentiable function L(-) is f—smooth iff:
IVL(w) = VLIV < Bllu—v| YVuv
Definition 11. A twice-differentiable function L(-) is p—Hessian Lipschitz iff:
IV2L(a) = V2LV < plu—v] YVuv
Definition 12. A twice-differentiable function L(-) is p—strongly convex iff:
V2£(u) =ul YV u

We also review some properties of convex functions that help with our analysis.
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Lemma 9. (Elementery properties of convex functions; see e.q. Boyd and Vandenberghe

[300], Shalev-Shwartz [164])
1. If L(+) is differentiable, convex, and G— Lipschitz continuous, then

VL) <G Vu

2. If L() is twice-differentiable, convez, and B—smooth, then
V2L(u) < BI Y u.
This is also equivalent to [|[V2L(u)|| < B8 V u. The strong convezity also implies that

[1£(u) = LMV)[| = pllu—v][ ¥V u,v.

FE.2.2 Descent Lemma

In this sub-section, we prove a useful lemma about the dynamics of gradient descent and
its contractive property. For this, we first consider a lemma that provides an inequality
analogous to that of mean-value theorem.

Lemma 10. (Fundamental theorem of line integrals) Let o : RY — R be a differentiable
function. Let u,v € R? be two arbitrary points, and let v(v) be a curve from u to v,
parameterized by scalar . Then,

o) o) = [ Ve(r(y)dr = / Vo (r (1) (7)dy

'Y[uvv} ’Y[u’v]

Lemma 11. (Mean value inequality) Let ¢ : u € RY — R™ be a differentiable function. Let
Ve be the function Jacobian, such that Ve, j = %f—;. Let M = maxyepa |Ve(u)|. Then, we
have

le(u) =) <M lu—v] YuveR?

Proof. Let the line segment connecting u and v be parameterized as z(t) = v +t(u—v), t €
[0,1]. Using Lemma 10 for each coordinate, we have that

o) — p(v) = (/;01 Vgo(z(t))dt) (z(l) —z(O)) - (/;01 ch(z(t))dt) (u—v)
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/ T Ve (a) (u - v)dtH

(%)/t; Ve(z(t)) (u—v)| dt
(®)

OO

t=0

(9 [t
< / M ||lu—v| dt
t=0
t=1
:M|]u—v||/ dt = M|u—vl|
t=0
Step (a) follows from the Cauchy-Schwartz inequality. Step (b) is a consequence of the
sub-multiplicative property. Finally, step (c) is based on the definition of M. ]

Lemma 12. (Contractive property of gradient descent) Let o : RT — R be an arbitrary
function that is G— Lipschitz, 5—smooth, and pu—strongly convex. Let Alg(u) = u — aVp(u)

be the gradient descent update rule with o < % Then,

lALg(u) — Alg(v)]| < (1 = ap)llu—v]| ¥ u,v € R

Proof. Firstly, the Jacobian of Alg(-) is given by VAlg(u) = I — aV?p(u). Since pul =<
VZp(u) < BI Yu € R?, we can bound the Jacobian as

(1—aBf) I = VAlgu) <1 —au)I YucR?

The upper bound also implies that ||V Alg(u)| < (1 — ap) Yu. Using this and invoking
Lemma 11 on Alg(-), we get that

[Alg(u) — Alg(v)| < (1 — ap)lfu —v]|.
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E.2.3 Main Theorem

Using the previous lemmas, we can prove our main theorem. We restate the assumptions and
statement of the theorem and then present the proof.
Assumption 1. (C?-smoothness) Suppose that L(-) is twice differentiable and

e L(-) is G—Lipschitz in function value.
o L(-) is f—smooth, or has f— Lipschitz gradients.

e L(-) has p— Lipschitz hessian.

Assumption 2. (Strong convezity) Suppose that £(-) is convex. Further suppose that it is
p—strongly convex.

Theorem 1. Suppose £ and £ : R? — R satisfy assumptions 1 and 2. Let L be the function
evaluated after a one step gradient update procedure, 1i.e.

L(p) = L(¢p— aVL()).

If the step size is selected as o < min{ﬁ, SPLG}, then L is convex. Furthermore, it is also

B =98/8 smooth and ji = yu/8 strongly convez.

Proof. Consider two arbitrary points u, v € R?. Using the chain rule and our shorthand of
u = Alg(u),v = Alg(u), we have

VL(u) — VL(v) = VAlg(u)VL(a) — VAlg(V)VL(V)
= (VAlg(u) — VAlg(v)) VL(R) + VAlg(v) (VL(R) — VL(V)).

We first show the smoothness of the function. Taking the norm on both sides, for the specified
«, we have:

IVL(w) = VLW)|| = || (VAlg(w) — VAlg(v)) VL(@) + VAlg(v) (VL(@) — VLE)) |
< [[(VAlg(u) = VAlg(v)) VL@)[| + [[VAlg(v) (VL) = VL)) |

due to triangle inequality. We now bound both the terms on the right hand side. We have

| (VAlg(u) — VAlg(v)) VL@ S [V Alg(a) — VAlg()|[IIVL@)]
— (T = aV2L(w)) — (1 - aV2L()) [IIVL(@)
= o[ V?E(w) - VLW [V L(@)]

(b) )
< apllu—v[l[[VL(@)||

©)
< apGlju —v||
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where (a) is due to the sub-multiplicative property of norms (Cauchy-Schwarz inequality), (b)
is due to the Hessian Lipschitz property, and (c) is due to the Lipschitz property in function
value. Similarly, we can bound the second term as

IVAlg(v) (VL) — VLE)) | = H (1-av2Lw)) (VL(@) - VL) H

INE

(1 —ap)[[VL(@) = VL)
(1 —ap)plla—v|
(1 —ap)pllAlg(u) — Alg(v)]|

(1 —ap)p(l — ap)lu—v]
(1 —au)*slu—v|

INE

—
)
~

INE

Here, (a) is due to I — aV2£(v) being symmetric, PSD, and Apax (I — aVQﬁ(V)> <1-ap.
Step (b) is due to smoothness of L£(-). Step (c) is simply using our shorthand of 0 =
Alg(u),v = Alg(u). Finally, step (d) is due to Lemma 12 on Alg(-). Putting the previous
pieces together, when a < min {%, &,LG}, we have that

IVL(u) — VLW)|| < || (VAlg(u) — VAlg(v)) VL@)|| + [VAlg(v) (VL(@®) — VL)) ||
< apGllu—v| + (1 - ap)*slu—v]|

< (&+5)u-v]

96

< g =
< Zlu-v]

and thus £~() is 5 = % smooth. Similarly, for the lower bound, we have

IVL(w) = VLW)|| = || (VAlg(w) — VAlg(v)) VL(@) + VAlg(v) (VL(@) — VLE)) |
> [[VAlg(v) (VL) = VLE)) || = [ (VAlg(u) = VAlg(v)) VL(@)|

using the triangle inequality. We now again proceed to bound each term. We already derived

an upper bound for the second term on the right side, and we require a lower bound for the
first term.
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IVAlg(v) (VL(@) — VLE)) || = H (I - aVQﬁ(V)) (Vﬁ(ﬁ) - WW)) H

2 (1 - af) VL) - VLW

> (1 - afula v
= (L= ap)pllu— aVL(w) v+ aVLW)|
> u(1 = aB) (= v = | VL(u) = VEW))

(e

~

> (1 = aB)(|[u vl - aplu—vl)
> (1 - af)*lju—v]
> Lllu—v]

Here (a) is due to Ayin <I —aV2L(v)) > 1—af, (b) is due to strong convexity, and (c) is

due to smoothness of £(-). Using both the terms, we have that

N—

IVL(w) = VLW)|| 2 [[VAlg(v) (VL(@) = VLE)) || - || (VAlg(u) - VAlg(v)) VL(@)|

> (4 =5) lu=vl = Elu—v]

Thus the function £(-) is fi = £ strongly convex. O

E.3 Additional Experimental Details

For all experiments, we trained our FTML method with 5 inner batch gradient descent steps
with step size a = 0.1. We use an inner batch size of 10 examples for MNIST and pose
prediction and 25 datapoints for CIFAR. Except for the CIFAR NML experiments, we train
the convolutional networks using the Adam optimizer with default hyperparameters [203].
We found Adam to be unstable on the CIFAR setting for NML and instead used SGD with
momentum, with a momentum parameter of 0.9 and a learning rate of 0.01 for the first 5
thousand iterations, followed by a learning rate of 0.001 for the rest of learning.

For the MNIST and CIFAR experiments, we use the cross entropy loss, using label
smoothing with € = 0.1 as proposed by Szegedy et al. [301]. We also use this loss for the
inner loss in the FTML objective.

In the MNIST and CIFAR experiments, we use a convolutional neural network model
with 5 convolution layers with 32 3 x 3 filters interleaved with batch normalization and ReLU
nonlinearities. The output of the convolution layers is flattened and followed by a linear layer
and a softmax, feeding into the output. In the pose prediction experiment, all models use
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a convolutional neural network with 4 convolution layers each with 16 5 x 5 filters. After
the convolution layers, we use a spatial soft-argmax to extract learned feature points, an
architecture that has previously been shown to be effective for spatial tasks [302, 303]. We
then pass the feature points through 2 fully connected layers with 200 hidden units and a
linear layer to the output. All layers use batch normalization and ReLLU nonlinearities.
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