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Abstract

We consider the problem of transferring value functions in reinforcement learning.
We propose an approach that uses the given source tasks to learn a prior distribution
over optimal value functions and provide an efficient variational approximation
of the corresponding posterior in a new target task. We show our approach to be
general, in the sense that it can be combined with complex parametric function
approximators and distribution models, while providing two practical algorithms
based on Gaussians and Gaussian mixtures. We theoretically analyze them by
deriving a finite-sample analysis and provide a comprehensive empirical evaluation
in four different domains.

1 Introduction

Recent advancements have allowed reinforcement learning (RL) [32] to achieve impressive results in
a wide variety of complex tasks, ranging from Atari [25] through the game of Go [31]] to the control
of sophisticated robotics systems [[16} 23, 22]. The main limitation is that these RL algorithms still
require an enormous amount of experience samples before successfully learning such complicated
tasks. One of the most promising solutions to alleviate this problem is transfer learning, which
focuses on reusing past knowledge available to the agent in order to reduce the sample-complexity
for learning new tasks. In the typical settings of transfer in RL [34], the agent is assumed to
have already solved a set of source tasks generated from some unknown distribution. Then, given
a target task (which is drawn from the same distribution, or a slightly different one), the agent
can rely on knowledge from the source tasks to speed up the learning process. This reuse of
knowledge constitutes a significant advantage over plain RL, where the agent learns each new task
from scratch independently of any previous learning experience. Several algorithms have been
proposed in the literature to transfer different elements involved in the learning process: experience
samples [21} 133} 35]], policies/options [[10, [18]], rewards [17]], features [S]], parameters [9, [15} [11]. We
refer the reader to [34,[19] for a thorough survey on transfer in RL.

Under the assumption that tasks follow a specific distribution, an intuitive choice for designing a
transfer algorithm is to attempt to characterize the uncertainty over the target task. Then, an ideal
algorithm would leverage prior knowledge from the source tasks to interact with the target task
to reduce the uncertainty as quickly as possible. This simple intuition makes Bayesian methods
appealing approaches for transfer in RL, and many previous works have been proposed in this
direction. In [37], the authors assume tasks share similarities in their dynamics and rewards and
propose a hierarchical Bayesian model for the distribution of these two elements. Similarly, in [20],
the authors assume that tasks are similar in their value functions and design a different hierarchical
Bayesian model for transferring such information. More recently, [9]], and its extension [15]], consider
tasks whose dynamics are governed by some hidden parameters, and propose efficient Bayesian
models for quickly learning such parameters in new tasks. However, most of these algorithms require
specific, and sometimes restrictive, assumptions (e.g., on the distributions involved or the function
approximators adopted), which might limit their practical applicability. The importance of having
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transfer algorithms that alleviate the need for strong assumptions and that easily adapt to different
contexts motivates us to take a more general approach.

Similarly to [20], we assume tasks to share similarities in their value functions and use the given
source tasks to learn a distribution over such functions. Then, we use this distribution as a prior for
learning the target task and we propose a variational approximation of the corresponding posterior
that is computationally efficient. Leveraging recent ideas from randomized value functions [26} 3], we
design a Thompson Sampling-based algorithm which efficiently explores the target task by repeatedly
sampling from the posterior and acting greedily w.r.t. (with respect to) the sampled value function.
We show that our approach is very general, in the sense that it can work with any parametric function
approximator and with any prior/posterior distribution models (in this paper we focus on the Gaussian
and Gaussian mixture models). In addition to the algorithmic contribution, we also give a theoretical
contribution by providing a finite-sample analysis of our approach and an experimental contribution
showing its empirical performance on four domains with increasing level of difficulty.

2 Preliminaries

We consider a distribution D over tasks, where each task M, is modeled as a discounted Markov
Decision Process (MDP). We define an MDP as a tuple M, = (S, A, P, R+, po, ), where S is the
state-space, A is a finite set of actions, P, (-|s, a) is the distribution of the next state s’ given that
action a is taken in state s, R : S X A — R is the reward function, py is the initial-state distribution,
and 7y € [0, 1) is the discount factor. We assume the reward function to be uniformly bounded by a
constant R,,4, > 0. A deterministic policy 7 : S — A is a mapping from states to actions. At the
beginning of each episode of interaction, the initial state sy is drawn from pg. Then, the agent takes
the action ag = 7(sg), receives a reward R (sg, ag), transitions to the next state s; ~ P, (+|so, ag),
and the process is repeated. The goal is to find the policy maximizing the long-term return over
a possibly infinite horizon: max, J(m) £ En, »[>peo Vv R+ (st, ar)]. To this end, we define the
optimal value function of task M, Q% (s, a), as the expected return obtained by taking action a in
state s and following an optimal policy thereafter. Then, an optimal policy 7} is a policy that is
greedy with respect to the optimal value function, i.e., 7*(s) = argmax, Q% (s, a) for all states s. It
can be shown (e.g., [27]]) that Q) is the unique fixed-point of the optimal Bellman operator 7’; defined
by T;Q(s,a) = R-(s,a) + YEg~p_[max, Q(s’,a’)] for any value function Q). From now on, we
adopt the term @)-function to denote any plausible value function, i.e., any function @ : S x A — R
uniformly bounded by %‘:{I. In the following, to avoid cluttering the notation, we will drop the
subscript 7 whenever there is no ambiguity.

We consider a parametric family of Q-functions, @ = {Qu: S x A — R |w € R?}, and we
assume each function in Q to be uniformly bounded by %ﬁ; When learning the optimal value
function, a quantity of interest is how close a given function (., is to the fixed-point of the Bellman
operator. A possible measure is its Bellman error (or Bellman residual), defined by By, £ TQ . — Q.
Notice that @,, is optimal if and only if B,,(s,a) = 0 for all s, a. If we assume the existence of
a distribution v over S x A, a sound objective is to directly minimize the squared Bellman error
of Qq under v, denoted by || By||>. Unfortunately, it is well-known that an unbiased estimator
of this quantity requires two independent samples of the next state s’ for each s, a (e.g., [24]). In
practice, the Bellman error is typically replaced by the TD error b(w), which approximates the
former using a single transition sample (s, a, s’,7), b(w) = r + ymaxy Quw(s’,a’) — Quw(s,a).
Finally, given a dataset D = (s;, a;, 7;, s5)_, of N samples, the squared TD error is computed as
HBwHQD = % Zf\il(ri + ymaxy Quw(sh,a’) — Qu(si,a;))? = % Zf\il b;(w)?. Whenever the
distinction is clear from the context, with a slight abuse of terminology, we refer to the squared
Bellman error and squared TD error as Bellman error and TD error, respectively.

3 Variational Transfer Learning

In this section, we describe our variational approach to transfer in RL. In Section we start by
introducing our algorithm from a high-level perspective, in such a way that any choice of prior and
posterior distributions is possible. Then, in Sections[3.2]and[3.3] we propose practical implementations
based on Gaussians and mixtures of Gaussians, respectively. We conclude with some considerations
on how to optimize the proposed objective in Section



3.1 Algorithm

Let us observe that the distribution D over tasks induces a distribution over optimal Q-functions.
Furthermore, for any MDP, learning its optimal (-function is sufficient for solving the problem.
Thus, we can safely replace the distribution over tasks with the distribution over their optimal value
functions. In our parametric settings, we reduce the latter to a distribution p(w) over weights.
Assume, for the moment, that we know the distribution p(w) and consider a dataset D =
(siyai,mi,s5)N | of samples from some task M, ~ D that we want to solve. Then, we can
compute the posterior distribution over weights given such dataset by applying Bayes theorem as
p(w|D) x p(D|w)p(w). Unfortunately, this cannot be directly used in practice since we do not have
amodel of the likelihood p(D|w). In such case, it is very common to make strong assumptions on the
MDPs or the Q)-functions to get tractable posteriors. However, in our transfer settings, all distributions
involved depend on the family of tasks under consideration and making such assumptions is likely
to limit the applicability to specific problems. Thus, we take a different approach to derive a more
general, but still well-grounded, solution. Notice that our final goal is to move the total probability
mass over the weights minimizing some empirical loss measure, which in our case is the TD error
| Bey ||2D Then, given a prior p(w), we know from PAC-Bayesian theory that the optimal Gibbs
posterior ¢ minimizing an oracle upper bound on the expected loss takes the form (e.g., [8]):

w) e~ MIBuwlb p(w) 0
w) =

4 [ e ABulbp(dw’)’

for some parameter A > 0. Since A is typically chosen to increase with the number of samples
N, in the remaining, we set it to A~LN, for some constant A > 0. Notice that, whenever the term

e~ M Buwlb can be interpreted as the actual likelihood of D, ¢ becomes a classic Bayesian posterior.
Although we now have an appealing distribution, the integral at the denominator of (1)) is intractable
to compute even for simple @-function models. Thus, we propose a variational approximation g by
considering a simpler family of distributions parameterized by £ € =. Then, our problem reduces to
finding the variational parameters £ such that g¢ minimizes the Kullback-Leibler (KL) divergence
w.r.t. the Gibbs posterior q. From the theory of variational inference (e.g., [6]]), this can be shown to
be equivalent to minimizing the well-known (negative) evidence lower bound (ELBO):

tin £€) = Bunag [ Bulld] + 5 KL (ge0) || paw)) @

Intuitively, the approximate posterior balances between placing probability mass over those weights w
that have low expected TD error (first term), and staying close to the prior distribution (second term).
Assuming that we can compute the gradients of (2) w.r.t. the variational parameters &, our objective
can be optimized using any stochastic optimization algorithm, as shown in the next subsections.

We now highlight our general transfer procedure
in Algorithm [T} while deferring a description of
specific choices for the involved distributions Require: Target task M, source weights W
to the next two subsections. Although the dis- 1: Estimate prior p (w) from W, )
tribution p(w) is not known in practice, we as- 2: Initialize parameters: £ + argming K'L (g¢llp)
sume that the agent has solved a finite number 3 Initialize dataset: D = {
of source tasks M., , M.,,..., M,,, and that gj repseat s .
. . R : ample initial state: sg ~ po
we are given the set of their approximate so- 6 while s, is not terminal do
lutions: W, = {'wl, wa, ... ;wM} such that 7- Sample weights: w ~ qe (w)
8.
9

Algorithm 1 Variational Transfer

Qu; ~ Q; Using these weights, we start by Take action ap, = argmax, Qw(sh, a)
estimating the prior distribution (line 1), and we Sh1 ~ Pr(:|Sh; an), rhe1 = Rr(Sh, an)

initialize the variational parameters by minimiz- 10: D ¢ DU (sn, an,hi1, Sht1)
ing the KL divergence w.r.t. such distribution 11: Estimate gradient V¢ £(£) using D" € D
(line 2)E] Then, at each time step of interaction, 12: Update £ from V¢ £(€) using any optimizer

13: end while

we re-sample the weights from the current ap-
p g P 14: until forever

proximate posterior and act greedily w.r.t. the
corresponding @-function (lines 7,8). After collecting and storing the new experience (lines 9-10),
we estimate the objective function gradient using a mini-batch of samples from the current dataset
(line 11), and update the variational parameters (line 12).

*If the prior and approximate posterior were in the same family of distributions we could simply set £ to the
prior parameters. However, we are not making this assumption at this point.



The key property of our approach is the weight resampling at line 7, which resembles the well-known
Thompson sampling approach adopted in multi-armed bandits [7]] and closely relates to the recent
value function randomization [26 3]]. At each time we guess what is the task we are trying to solve
based on our current belief and we act as if such guess were true. This mechanism allows an efficient
adaptive exploration of the target task. Intuitively, during the first steps of interaction, the agent is
very uncertain about the current task, and such uncertainty induces stochasticity in the chosen actions,
allowing a rather informed exploration to take place. Consider, for instance, that actions that are
bad on average for all tasks are improbable to be sampled, while this cannot happen in uninformed
exploration strategies, like e-greedy, before learning takes place. As the learning process goes on, the
algorithm will quickly figure out which task it is solving, thus moving all the probability mass over
the weights minimizing the TD error. From that point, sampling from the posterior is approximately
equivalent to deterministically taking such weights, and no more exploration will be performed.
Finally, notice the generality of the proposed approach: as far as the objective L is differentiable
in the variational parameters &, and its gradients can be efficiently computed, any approximator for
the (Q-function and any prior/posterior distributions can be adopted. For the latter, we describe two
practical choices in the next two sections.

3.2 Gaussian Variational Transfer

We now restrict to a specific choice of the prior and posterior families that makes our algorithm
very efficient and easy to implement. We assume that optimal ()-functions (or better, their weights)
follow a multivariate Gaussian distribution. That is, we model the prior as p(w) = N (up, X))
and we learn its parameters from the set of source weights using maximum likelihood estimation
(with small regularization to make sure the covariance is positive definite). Then, our variational
family is the set of all well-defined Gaussian distributions, i.e., the variational parameters are

—_

E={(n, %) | peR:E e R™ 5 - 0}. To prevent the covariance from becoming not positive

definite, we consider its Cholesky decomposition ¥ = LL” and we learn the lower-triangular
Cholesky factor L instead. In this case, deriving the gradient of the objective is very simple.
Both the KL between two multivariate Gaussians and its gradients have a simple closed-form
expression. The expected log-likelihood, on the other hand, can be easily differentiated by adopting
the reparameterization trick (e.g., [14, 28]]). We report these results in Appendix [B.T]

3.3 Mixture of Gaussian Variational Transfer

Although the Gaussian assumption of the previous section is very appealing as it allows for a simple
and efficient way of computing the variational objective and its gradients, in practice it rarely allows
us to describe the prior distribution accurately. In fact, even for families of tasks in which the reward
and transition models are Gaussian, the (J-values might be far from being normally distributed.
Depending on the family of tasks under consideration and, since we are learning a distribution over
weights, on the chosen function approximator, the prior might have arbitrarily complex shapes. When
the information loss due to the Gaussian approximation becomes too severe, the algorithm is likely to
fail at capturing any similarities between the tasks. We now propose a variant to successfully solve
this problem, while keeping the algorithm efficient and simple enough to be applied in practice.

Given the source tasks’ weights W, we model our estimated prior as a mixture with equally weighted
isotropic Gaussians centered at each weight: p(w) = Wl‘ > w.ew, N(w|ws, 02 T). This model
resembles a kernel density estimator [30] with bandwidth o2 and, due to its nonparametric nature,
it allows capturing arbitrarily complex distributions. Consistently with the prior, we model our
approximate posterior as a mixture of Gaussians. Using C' components, our posterior is ¢ (w) =
i Zil N(w|p;, 2;), with variational parameters € = (u1, ..., pco, 21, - ., 2 ). Once again,
we learn Cholesky factors instead of full covariances. Finally, since the KL divergence between two
mixtures of Gaussians has no closed-form expression, we rely on an upper bound to such quantity, so
that the negative ELBO still upper bounds the KL between the approximate and the exact posterior.
Among the many upper bounds available, we adopt the one proposed in [13]] (see Appendix [B.2).

3.4 Minimizing the TD Error

From Sections and we know that differentiating the negative ELBO £ w.r.t. £ requires
differentiating || By ||%, w.r.t. w. Unfortunately, the TD error is well-known to be non-differentiable



due to the presence of the max operator. This issue is rarely a problem since typical value-based
algorithms are semi-gradient methods, i.e., they do not differentiate the targets (see, e.g., Chapter 11
of [32]]). However, our transfer settings are quite different from common RL. In fact, our algorithm
is likely to start from ()-functions that are very close to an optimum and aims only to adapt the
weights in some direction of lower error so as to quickly converge to the solution of the target task.
Unfortunately, this property does not hold for most semi-gradient algorithms. Even worse, many
online RL algorithms combined with complex function approximators (e.g., DQNs) are well-known
to be unstable, especially when approaching an optimum, and require many tricks and tuning to work
well [29}136]. This property is clearly undesirable in our case, as we only aim at adapting already
good solutions. Thus, we consider using a residual gradient algorithm [4]]. To differentiate the targets,
we replace the optimal Bellman operator with the mellow Bellman operator introduced in [2], which
adopts a softened version of max called mellowmax:

1 1
nzm Quw(s,a) = - log W za: e Qu (s,a) -

where k is a hyperparameter and |.A] is the number of actions. The mellow Bellman operator, which
we denote as 7', has several appealing properties: (i) it converges to the maximum as x — 0o, (ii) it
has a unique fixed-point, and (iii) it is differentiable. Denoting by By = TQw @ the Bellman

residual w.r.t. the mellow Bellman operator T, we have that the corresponding TD error, HBw 1), is
now differentiable w.r.t. w.

Although residual algorithms have guaranteed convergence, they are typically much slower than their
semi-gradient counterpart. [4] proposed to project the gradient in a direction that achieves higher
learning speed, while preserving convergence. This projection is obtained by including a parameter
1 € [0, 1] in the TD error gradient:

2 2 N
Vw HBMHD = N Zbl(w) (’wi'w Hgan(ngal) - vaw(siaai))a
=1

where b;(w) = r; + ymmg Qu (s}, a’) — Quw(si, a;). Notice that ¢ trades-off between the semi-
gradient (¢ = 0) and the full residual gradient (¢ = 1). A good criterion for choosing such
parameter is to start with values close to zero (to have faster learning) and move to higher values
when approaching the optimum (to guarantee convergence).

4 Theoretical Analysis

A first important question that we need to answer is whether replacing max with mellow-max in
the Bellman operator constitutes a strong approximation or not. It has been proven [2] that the
mellow Bellman operator is a non-expansion under the L..-norm and, thus, has a unique fixed-point.
However, how such fixed-point differs from the one of the optimal Bellman operator remains an open
question. Since mellow-max monotonically converges to max as k — oo, it would be desirable if
the fixed point of the corresponding operator also monotonically converged to the fixed point of the
optimal one. We confirm that this property actually holds in the following theorem.

Theorem 1. Let Q* be the fixed-point of the optimal Bellman operator I'. Define the action-gap
Sfunction g(s ) as the difference between the value of the best action and the second best action at each

state s. Let Q be the fixed-point of the mellow Bellman operator T with parameter k > 0 and denote
by B, > 0 the inverse temperature of the induced Boltzmann distribution (as in [2l]). Then:

2,‘YR7?’7.(1I
1—7)?

1
1

for o< Bl L

oo

The proof is provided in Appendix Notice that @ converges to Q* exponentially fast as «
(equivalently, f3,;) increases and the action gaps are all larger than zero. Notice that this result is of
interest even outside our specific settings.

The second question that we need to answer is whether we can provide any guarantee on our
algorithm’s performance when given limited data. To address this point, we consider the two variants



of Algorithm [T] from Section [3.2]and [3.3] with linear approximators. Specifically, we consider the
family of linearly parameterized value functions Q. (s,a) = w” ¢(s,a) with bounded weights
lw|ly < Wi and uniformly bounded features ||@(s, a)||y < Pmax. We assume only a finite dataset
is available and provide a finite-sample analysis bounding the expected (mellow) Bellman error under
the variational distribution minimizing the objective (2)) for any fixed target task M.

Theorem 2. Let E be the variational parameters minimizing the objective of Eq. (2) on a dataset D of
N i.i.d. samples distributed according to M, and v. Let w* = arginf,, || By, ||? and define v(w*) =
En (=, £ 1) [v(w)], with v(w) = E, |:Va/l"'p7_ [E(w)” Then, there exist constants cy, ¢, c3 such
that, with probability at least 1 — & over the choice of the dataset D:

2 N log 2 co+ Adlog N+ p (W) c3
SFu(wh) e+ ~ + 52

where o(Ws) = ||[w* — pp| ss—1 when the Gaussian version of Algorithm (I|is used with prior
p(w) = N(pp, X)) estimated from W, while:

~ 2 ~
[ B]] <25

o Bllw* —wl|

1
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is the softmin distance between the optimal and source weights when the mixture version of Algorithm
is used with C components and bandwidth aﬁ for the prior. Here 3 = ﬁ
P

We refer the reader to Appendix [A.2]for the proof and a specific definition of the constants. Four
main terms constitute our bound: the approximation error due to the limited hypothesis space (first
term), the variance (second and third terms), the distance to the prior (fourth term), and a constant
term decaying as O(NN?). As we might have expected, the only difference between the bounds for the
two versions of Algorithm E]is in the term (W), i.e., the distance between the optimal weights w*
and the source weights W;. Specifically, for the mixture version we have the (smoothened) minimum
distance to the source tasks’ weights (Equation (3))), while for the Gaussian one we have the distance
to the mean of such weights. This property shows a clear advantage of using the mixture version of
Algorithm [I{rather than the Gaussian one: in order to tighten the bound, it is enough to have at least
one source task that is close to the optimal solution of the target task. In fact, the Gaussian version
requires the source tasks to be, on average, similar to the target task in order to perform well, while
the mixture version only requires this property for one of them. In both cases, when the term o (WV;)
is reduced, the dominating error is due to the variance of the estimates, and, thus, the algorithm
is expected to achieve good performance rather quickly, as new data is collected. Furthermore, as
N — oo the only error terms remaining are the irreducible approximation error due to the limited
functional space and the variance term v(w™). The latter is due to the fact that we minimize a biased
estimate of the Bellman error and can be removed in cases where double sampling of the next state is
possible (e.g., in simulation). We empirically verify these considerations in Section [6]

5 Related Works

Our approach is mostly related to [20]]. Although we both assume the tasks to share similarities in
their value functions, [20] consider only linear approximators and adopt a hierarchical Bayesian
model of the corresponding weights’ distribution, which is assumed Gaussian. On the other hand, our
variational approximation allows for more general distribution families and can be combined with non-
linear approximators. Furthermore, [20] propose a Dirichlet process model for the case where weights
cluster into different classes, which relates to our mixture formulation and proves the importance of
capturing more complicated task distributions. Finally, [20] considers the problem of jointly learning
all given tasks, while we focus on transferring information from a set of source tasks to the target task.
In [37], the authors propose a hierarchical Bayesian model for the distribution over MDPs. Unlike
our approach and [20]], they consider a distribution over transition probabilities and rewards, rather
than value functions. In the same spirit of our method, they consider a Thompson sampling-based
procedure which, at each iteration, samples a new task from the posterior and solves it. However,
[37] consider only finite MDPs, which poses a severe limitation on the algorithm’s applicability.
On the contrary, our approach can handle high-dimensional tasks. In [9]], the authors consider a



family of tasks whose dynamics are governed by some hidden parameters and use Gaussian processes
(GPs) to model such dynamics across tasks. Recently, [[15] extended this approach by replacing
GPs with Bayesian neural networks to obtain a more scalable approach. Both approaches result in a
model-based algorithm that quickly adapts to new tasks by estimating their hidden parameters, while
we propose a model-free method which does not require such assumptions.

Finally, our approach relates to recent algorithms for meta-learning/fast-adaptation of weights in
neural networks [[11, [12, 1. Such approaches typically assume to have full access to the task
distribution D (i.e., samples from D can be obtained on-demand) and build meta-models that quickly
adapt to new tasks drawn from the same distribution. On the other hand, we assume only a fixed and
limited set of source tasks, together with their approximate solutions, is available. Then, our goal is
to speed-up the learning process of a new target task from D by transferring only these data, without
requiring additional source tasks or experience samples from them.

6 Experiments

In this section, we provide an experimental evaluation of our approach in four different domains
with increasing level of difficulty. In all experiments, we compare our Gaussian variational transfer
algorithm (GVT) and the version using a c-component mixture of Gaussians (c-MGVT) to plain
no-transfer RL (NT) with e-greedy exploration and to a simple transfer baseline in which we randomly
pick one source Q-function and fine-tune from its weights (FT). Finally, in Section[6.4] we empirically
demonstrate the differences between our approach and the previously discussed fast-adaptation
algorithms. We report the detailed parameters, together with additional results, in Appendix

6.1 The Rooms Problem

ure[I] The agent starts in the bottom-left corner and must move from
one room to another to reach the goal position in the top-right corner.
The rooms are connected by small doors whose locations are unknown L
to the agent. The state-space is modeled as a 10 x 10 continuous grid, \
while the action-space is the set of 4 movement directions (up, right,
down, left). After each action, the agent moves by 1 in the chosen di-
rection and the final position is corrupted by Gaussian noise A/(0, 0.2). Figure 1: Rooms problem.
In case the agent hits a wall, its position remains unchanged. The

reward is 1 when reaching the goal (after which the process terminates) and 0 otherwise, while the
discount factor is v = 0.99. In this experiment, we consider linearly parameterized @)-functions with
121 equally-spaced radial basis features.

Goal
We consider an agent navigating in the environment depicted in Fig- \

Start

We generate a set of 50 source tasks for the three-room environment of Figure[T|by sampling both
door locations uniformly in the allowed space, and solve all of them by directly minimizing the
TD error as presented in Section[3.4] Then, we use our algorithms to transfer from 10 source tasks
sampled from the previously generated set. The average return over the last 50 learning episodes as a
function of the number of iterations is shown in Figure[2a] Each curve is the result of 20 independent
runs, each one resampling the target and source tasks, with 95% confidence intervals. Further details
on the parameters adopted in this experiment are given in Appendix[C.1] As expected, the no-transfer
(NT) algorithm fails at learning the task in so few iterations due to the limited exploration provided by
an e-greedy policy. On the other hand, all our algorithms achieve a significant speed-up and converge
to the optimal performance in few iterations, with GVT being slightly slower. FT achieves good
performance as well, but it takes more time to adapt a random source @)-function. Interestingly, we
notice that there is no advantage in adopting more than 1 component for the posterior in MGVT.
This result is intuitive since, as soon as the algorithm figures out which is the target task, all the
components move towards the same region.

To better understand the differences between GVT and MGVT, we now consider transferring from a
slightly different distribution than the one from which target tasks are drawn. We generate 50 source
tasks again but this time with the bottom door fixed at the center and the other one moving. Then, we
repeat the previous experiment, allowing both doors to move when sampling target tasks. The results
are shown in Figure[2b] Interestingly, MGVT seems almost unaffected by this change, proving that it
has sufficient representation power to generalize to slightly different task distributions. The same
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Figure 2: The online expected return achieved by the algorithm as a function of the number of
iterations. Each curve is the average of 20 independent runs. 95% confidence intervals are shown.

does not hold for GVT, which now is not able to solve many of the sampled target tasks, as can be
noticed from the higher variance. Furthermore, the good performance of FT proves that GVT is,
indeed, subject to a loss of information due to averaging the source weights. This result proves again
that assuming Gaussian distributions can pose severe limitations in our transfer settings.

6.2 Classic Control

We now consider two well-known classic control environments: Cartpole and Mountain Car [32].
For both, we generate 20 source tasks by uniformly sampling their physical parameters (cart mass,
pole mass, pole length for Cartpole and car speed for Mountain Car) and solve them by directly
minimizing the TD error as in the previous experiment. We parameterize ()-functions using neural
networks with one layer of 32 hidden units for Cartpole and 64 for Mountain Car. A better description
of these two environments and their parameters is given in Appendix In this experiment, we use
a Double Deep Q-Network (DDQN) [36] to provide a stronger no-transfer baseline for comparison.
The results (same settings of Section[6.1)) are shown in Figures[2c|and 2d} For Cartpole (Figure 2c)),
all variational transfer algorithms are almost zero-shot. This result is expected since, although we vary
the system parameters in a wide range, the optimal (-values of states near the balanced position are
similar for all tasks. On the contrary, in Mountain Car (Figure[2d) the optimal Q-functions become
very different when changing the car speed. This phenomenon hinders the learning of GVT in the
target task, while MGVT achieves a good jump-start and converges in fewer iterations. Similarly to
the Rooms domain, the naive weight adaptation of FT makes it slower than MGVT in both domains.

6.3 Maze Navigation

Finally, we consider a robotic agent navigating mazes. At the beginning of each episode, the agent
is dropped to a random position in a 10m? maze and must reach a goal area in the smallest time
possible. The robot is equipped with sensors detecting its absolute position, its orientation, the
distance to any obstacle within 2m in 9 equally-spaced directions, and whether the goal is present in
the same range. The only actions available are move forward with speed 0.5m/ s or rotate (in either
direction) with speed of 7/8 rad/s. Each time step corresponds to 1s of simulation. The reward is 1
for reaching the goal and 0 otherwise, while the discount factor is v = 0.99. For this experiment, we
design a set of 20 different mazes and solve them using a DDQN with two layers of 32 neurons and
ReLU activations. Then, we fix a target maze and transfer from 5 source mazes uniformly sampled
from such set (excluding the chosen target). To further assess the robustness of our method, we
now consider transferring from the @)-functions learned by DDQNss instead of those obtained by
minimizing the TD error as in the previous domains. From our considerations of Sections and[]
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Figure 3: MAML vs 3-MGVT in our navigation problems.

the fixed-points of the two algorithms are different, which creates a further challenge for our method.
We show the results for two different target mazes in Figure 2¢] and Figure 2f] while referring the
reader to Appendix for their illustration and additional results. Once again, MGVT achieves
a remarkable speed-up over (no-transfer) DDQN. This time, using 3 components achieves slightly
better performance than using only 1, which is likely due to the fact that the task distribution is much
more complicated than in the previous domains. For the same reason, GVT shows negative transfer
and performs even worse than DDQN. Similarly, FT performs much worse than in the previous
domains and negatively transfer in the more complicated target maze of Figure [2¢]

6.4 A Comparison to Fast-Adaptation Algorithms

In order to provide a better understanding of the differences between our settings and the ones typically
considered in fast-adaptation algorithms, we now show a comparison to the recently proposed meta-
learner MAML [11]]. We repeat the previous experiments, focusing on the navigation tasks, using two
different versions of MAML. In the first one (MAML-full), we meta-train using the full distribution
over tasks for a number of iterations that allows the meta-policy to converge. In the second one
(MAML-batch), we meta-train only on the same number of fixed source tasks as the one used for
our algorithm, allowing again the meta-policy to reach convergence. In both cases, we meta-test on
random tasks sampled from the full distribution. The results are shown in Figure [3|in comparison to
our best algorithm (3-MGVT), where each curve is obtained by averaging 5 meta-testing runs for
each of 4 different meta-policies. Additional details are given in Appendix [C.4] In both cases, the
full version of MAML achieves a much better jumpstart and adapts much faster than our approach.
However, this is no more the case when limiting the number of source tasks. In fact, this situation
reduces to the case where the task distribution at meta-training is a discrete uniform over the fixed
source tasks, while at meta-testing the algorithm is required to generalize to a different distribution.
This is a case that arises quite frequently in practice for which MAML was not specifically designed.
Things get even worse when we explicitly add a shift to the meta-training distribution as we did in
Figure [2b] for the rooms problem (MAML-shift in Figure [3a). Although we meta-trained on the full
distribution, the final performance was even worse than the one using the fixed source tasks. Finally,
notice that we compare the algorithms w.r.t. the number of gradient steps, even though our approach
collects only one new sample at each iteration while MAML collects a full batch of trajectories.

7 Conclusion

We presented a variational method for transferring value functions in RL. We showed our approach to
be general, in the sense that it can be combined with several distributions and function approximators,
while providing two practical algorithms based on Gaussians and mixtures of Gaussians, respectively.
We analyzed both from a theoretical and empirical perspective, proving that the Gaussian version has
severe limitations, while the mixture one is much better for our transfer settings. We evaluated the
proposed algorithms in different domains, showing that both achieve excellent performance in simple
tasks, while only the mixture version is able to handle complex environments.

Since our algorithm effectively models the uncertainty over tasks, a relevant future work is to design
an algorithm that explicitly explores the target task to reduce such uncertainty. Furthermore, our
variational approach could be extended to model a distribution over optimal policies instead of value
functions, which might allow better transferred behavior.
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A  Proofs

A.1 Proof of Theorem 1

Theorem 1. Let Q* be the fixed-point of the optimal Bellman operator T. Define the action-gap
function g(s) as the difference between the value of the best action and the second best action at each

state s. Let Q) be the fixed-point of the mellow Bellman operator T with parameter k > 0 and denote
by B, > 0 the inverse temperature of the induced Boltzmann distribution (as in [2l]). Then:

Q,YRTVMZ{E
(1—7)?

1
1

“4)
1 + Al eﬁn‘g

or-a] <

o0

Proof. We begin by noticing that:

o=@l = [rer-7q]
= |lrQ* —TQ* + TQ* - T@Hm
TQ -1Q"|_+|Te -7q||
<||jre -Te|_++|le -q||_.

where the first inequality follows from Minkowsky’s inequality and the second one from the contrac-
tion property of the mellow Bellman operator. This implies that:

IN

(6)

(oo}

Q' - < |rer-Ter
o 1—7

Let us bound the norm on the right-hand side separately. In order to do that, we will bound the
function ’TQ* (s,a) — TQ*(s, a)l point-wisely for any pair (s, a). By applying the definition of the
optimal and mellow Bellman operators, we obtain:

‘TQ* (s,a) — TQ*(s, a)‘ = ‘R(s, a) +~E [th}x Q* (s, a’)} — R(s,a) —~E {H;I/n Q* (¢, a')} ‘
=1[E [y a0] =B mp @ 1

<AE Hn}f}x@*(s’,a’) - n}lran*(sl,a') ] . (7

Thus, bounding this quantity reduces to bounding |max, @*(s,a) — mm, Q*(s, a)| point-wisely for
any s. Recall that applying the mellow Bellman operator is equivalent to computing an expectation
under a Boltzmann distribution with inverse temperature 3,; induced by & [2[]. Thus, we can write:

max Q" (s,0) — mm Q" (s.0)| =

S 7 (al)Q (s, a) — 3 7, (al9)Q” (5,0)

> Q(s,a) (" (als) — m, (a|5))|

< Y 1Q(s,a)| 7" (als) — mp, (als)]
< Romaa Z |7* (a]s) — s, (a]s)] 3
=1, . Br )

where 7* is the optimal (deterministic) policy w.r.t. Q* and 7g, is the Boltzmann distribution induced
by Q* with inverse temperature [,

BrQ (5.0)
mou(als) = S F e
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Denote by a4 (s) the optimal action for state s under Q*. We can then write:

> |m*(als) — mp, (als)] = [7*(a1(s)]s) — 7p, (a1 (s)[s)[ + Y |7*(als) — 7, (als)]
a a#ai(s)
= [L—mp (ar(s)[s)| + D I|ms, (als)]
a#ai(s)
=2[1 —mg,_(a1(s)]s)]. ©)
Finally, denoting with as(s) the second-best action in state s, let us bound this last term:

eBrQ" (s,a1(s))
11 —7p, (ar(s)]s)] = |1 - IR
ePr(Q7(s,a1(5))—Q" (s,a2(s)))
T >, €8x (Q7(5,0) Q" (s,a2(9))) ‘
eBra(s)
=1~ S em(czws,a')—cz*<s,a2<s>>>‘
_ eBrg(s)
o ePra(s) + Za,ial(s) eBr(Q*(s,07)=Q* (s,a2(s)))
eBra(s)
o [ —
- eﬁng(s) + |A‘
1
=|——]. (10)
1 .9(s
1+ Weﬂhg( )
Combining Eq. (8), (9), and (I0), we obtain:
2R 1
* . % < mazx )
‘mng (s;0) —mmQ (s7a)‘ S Ty [T+ ehes®
Finally, using Eq. (7) we get:
T 27Rmaw 1
* _ * < .
’TQ (s,a) = TQ (s,a)‘ S 15 o) ]
Taking the norm and plugging this into Eq. (6) concludes the proof. O

A.2 Proof of Theorem 2

We begin by proving some important lemmas. Then, we use them to derive a finite-sample analysis
of Algorithm[I| with linearly parameterized value functions for both Gaussian distributions (Theorem
and Gaussian mixture models (Theorem []). Theorem [2|follows by combining these two results.

Finite-sample Analysis of the Variational Transfer Algorithm We start by proving some impor-

tant properties of the variational approximation introduced in Section Our results generalize

those of existing works that consider variational approximations of intractable Gibbs posteriors [? ].

From now on, we consider only -functions parameterized by weights w and assume them to be
Rimax

uniformly bounded by T

Lemma 1. Let p and q be arbitrary distributions over weights w, and v be a probability measure
over § x A. Consider a dataset D of N i.i.d. samples where state-action couples are distributed

according to v and define v(w) = E, [Van [g(w)ﬂ Then, for any A > 0 and § > 0, with
probability at least 1 — 0, the following two inequalities hold simultaneously:

. [| o] < B Ba]] - Babtwn + frcnial + 4 55 an
B [|Bol)| < B [ Ba][] + Babtewn + Fprcntal) + 4 255 a2
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Proof. From Hoeffding’s inequality we have:

P (o [J5el2] - 151

which implies that, for any 6 > 0, with probability at least 1 — ¢:
g P [log 3

o |[Bully) - [Bull| < 12 o

Under independence assumptions, the expected TD error can be re-written as:

2N¢?

(QRMM)4
y

e) <2exp | —

£ [}, ~2um | 4 200 et~ Ot
=B, [(R(m) +ymm Qu(s', ) =~ Quls.0))’]
- oo or]
=E, [Varp [E(w)] +Ep {g(w)} 2}

)

~ 2
w)+HBw

where v(w) = E, [Varp [Z(w)” Thus:

2 ~ 12 R2 log 2

— B H < 4% o4 13
, Folw) H “lp| ="1-y2\ 2N (13)
From the change of measure inequality [? ], we have that, for any measurable function f(w) and any
two probability measures p and ¢:

logE, [¢/()] > E, [f(w)] - KL{gllp)-
Thus, multiplying both sides of (I3) by A\~! N and applying the change of measure inequality with
~ 2 ~ 2
fw) = "IN HBw +o(w) — HBwH
v D

2.

, we obtain:

RmawA 1 IOg 2
E, [7(w)] = KL(allp) < Tog B, /()] < 4=ee™ 52 700
where the second inequality holds since the right-hand side of (T3) does not depend on w. Finally,
we can explicitly write:

~ 2 ~ 2 A R2 log 2
Ey || B |8 || < 5K gtmar [ 055
(I3l ot B ] < Gl + 4 [ 25
from which the lemma follows straightforwardly. O

From Lemmal([I| we can straightforwardly prove the following result which will be of fundamental
importance in the remaining.

Lemma 2. Fix a task M. Let p be a prior distribution over weights w, and v be a probability
measure over S X A. Assume E is the minimizer of @) for a dataset D of N i.i.d. samples where
state-action couples are distributed according to v. Define v(w) = E, |:VCL7’7>T [E(w)} } Then, for
any 6 > 0, with probability at least 1 — J:
~ 2 ~ 2 R?
e ] < o [l

)\ max log%
D] + Eq, [v(w)] +2NKL(Qg|p)} T8\ 2w
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Proof. Let us use LemmaEIfor the specific choice ¢ = ¢z. From Eg. (T1), we have:

5 | = |2 A Ryue  [lo83
~ 2 A R2 log 2
<By ||Bo |+ &K Lgllp) + 4y 228
s 112 A R? log 2
— inf H wH A 4 mazx 67
slrela{EqE 1Bl oy K Eaell) p + 405\ Sy

where the second inequality holds since v(w) > 0, while the equality holds from the definition of Z

~ 2
We can now use Eq. (I2) to bound E,, [HBU, H ] , thus obtaining:
D

5P < 5 |1 A Rrue  [lo83
Eqe HB"’ 5 = 5122 Eqe HB’”HV + Eq, [v(w)] +2NKL((I£HP) +8W N
This concludes the proof. O

It is worth noting the generality of Lemma[2} in bounding the expected Bellman error we do not need
to assume any particular distribution, nor we have to assume any particular function approximator.

Finite-sample Analysis of GVT and MGVT We are now ready to state our main results. We start
from the Gaussian case and then straightforwardly extend the proof to the mixture one.

Theorem 3. Fix a target task M. Assume linearly parameterized value functions Q. (s,a) =
wT @(s,a) with bounded weights ||w||, < Wy and uniformly bounded features || (s, a)l, <
Gmax. Consider the Gaussian version of Algorithm([I|with prior p(w) = N (p,, 2,) and denote by

~

(ft, X2) the variational parameter minimizing the objective of Eq. (2)) on a dataset D of N i.i.d. samples

~ 2
Buw|| and define v(w*) = En(w=, 2 1) V(w)],

distributed according to T and v. Let w* = arginf,,

with v(w) 2 E, |:V(IT'p [l;('w)} } Then, there exist constants c, ¢z, c3 such that, with probability at
least 1 — 0 over the choice of the dataset D:

) ) log2 2+ Adlog N +A[w* — gyl ¢y
o+ v(w*) + ¢ N N TN
(14)

Eqe {Héw

2 ~
} < 2HBw*

Proof. Using Lemmawith variational parameters €= (1, 2), we have:

2 R2

~ A max logg
B | B |+ Bt + 2 KLl + 87205 055

2 ~
)< o

~ 2 A
< Ex‘twr e1) [HBwM + Exuren [0(w)] + 25 KL (W (w*,eI) || p)

1-y2\ 2N

v

+ 8 R?naz log %

— 15
-2\ 2n (1
where the second inequality is due to the fact that, since Lemma [2] contains an infimum over the
variational parameters, we can upper bound its right-hand side by choosing any specific £ from =.
Here, we choose pp = w* and 3 = cI, for some positive constant ¢ > 0. Let us now bound these
terms separately.
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Bounding the expected Bellman error We have:
~ 2
IE./\/(w*,cI) |:HBw .

] = Exueen) B [(TQu — Qu)?] |
=E, {EN(w*,cI) [(TQ“’ o Qw)2”

=y (B3t en) [TQw = Qu] | +Bu [Varasen) [TQuw — Qu||
(16)

Let us bound these two terms point-wisely for each pair (s, a). For the first expectation, we have:
IE‘J\f('w"‘,cI) [TQUJ - Qw] = E./\/(w*,cl) |:R(sv a) + ’YES’ {Hgn wT¢(S/7 a/)] - wT¢(57 (L)}

= R(s,a) + YEx(w= c1) [IES/ [n{llrln wT¢(s’,a’)H —wlg(s,a).
(17)

To bound the second term, we adopt Jensen’s inequality:

]EN('w*,cI) |:Es’ |:H(13n’wT¢($/,a/):H :]EN('w*,cI) [Es’

1 1 T ror
| - rw' ¢(s’,a")
o e

1 1 T ’r
<Ey ;longEN(w*7cI) [e“w b(s'sa ﬂ (18)

Now, since we know that w” (s, a’) ~ N (w*Tp(s',a'),c p(s',a')Tp(s', ), e ¢("a) fol-
lows a log-normal distribution with mean erw T B(s )+ iR e (sa) T B(s"a)) Thys:

1 1 T o 1 1 *T ) 1.2 1 INT 7
Eo [ Llog o ST By or [em #(s'a >} B, | Llog L ST erw e a)+ER7eo(s ) T (s ')
koS TA| Z (el KA Z

1 1 *T o 1,2 42
<Ey Elogmz:em” ("0l g3 n °¢m“':|

1 1 *T ’or 1
_ Es’ =1 L rw*t @(s’,a’") L 2
K og |.A| Z]e + 2ﬂc¢maz

=E, -n}lmw*Tgb(s',a')} + %ficgbimz.
Plugging this into (T8) and then into (T7), we obtain:
Extw o) [TQu — Qu] < Rls,@) + 1Ey [mmw " 6('.a)] + Lyned?,,, —wo(s.a)
B+ L.

This implies:

- - 1 2
IE/2\/('uv*,cl) [TQw - Qw} < <Bw* + 27’ic¢$nax>

S 2§12u* + %72‘%262 ?naac?
where the second inequality follows from Cauchy-Schwarz inequality. Going back to (I6)), the first
term can now be upper bounded by:

2 14

~ - 2 1
EV [E?\f(w*,cI) {TQ‘w - Qw]:| < 2 HBw* . + 5’}/2lﬂ26 maz*
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Let us now consider the variance term of (T6) and derive a bound that holds point-wisely for any s, a.
We have:

Varyueen) |TQu = Qu| = Varytur cn |R(s,a) + 1By [mmw”¢(s',a')]| — w”¢(s,0)|
= Vary(w=,cr [VES/ [H(llr,an¢(8’,a’) - i’qub(S?a)”
=Vary (w- e |:'7Es’ [H;mwT (¢>(8'7a') - iqb(s,a))”

= Varscan [ famvew” (65.0) - Lots) ||

From Cauchy-Schwarz inequality:

Vel () - iqb(s,a))] < Vel H¢<s’,a'> - Lot

14

<V Wnas o —
Then, the random variable over which the variance is computed is limited in
[—Vc Winaz Pmaz 22 v/ CWmaz Pmazs 1+7] and the variance can be straightforwardly bounded using
Popoviciu’s mequahty

~ 147
Va’r./\f('w*,cI) |:TQw - Qwi| S (2\ﬁwmam’¢mam ~y ) =cC (wmazd)maz(l + 7))2 .
We can finally plug everything into (T6), thus obtaining:

~ 2 ~
A (w- c1) [HBw* J < 2”Bw* 4

maz T ¢ (Wmaz ®rmaz (1 + 7))2 .

2+1222
Al e
v 2

Bounding the KL divergence We have:
KL (N (w*,cI) || p) = KL (N (w",cI) || N'(11,, Z,))

1 |2 ‘ —1 *
=3 <1og05 +cTr (2,1 + [|[w* — Hplls1 — d>

1 Omaz 1 c 1
dlog —d = ||lw* — 1.
2 c + 2 Omin * 2 oo HPHEP
Now, putting all together into (T3):
2 - 2 1
Eqe [HBU, } <2||Bur || + 572G + ¢ (WmarBmar (1 + 7)) + Enane ey [0(w)]
A o A R? log 2
_dl mazx d o {_—maz _ 5 )
+ N og + N Comin + N H’U] H/P”E 1+ ( _7)2 2N
Since the bound holds for any ¢ > 0, we can set it to 1 /N, thus obtaining:
= 2 = 2 L o2, Ad
qu HBw v = QHBw* 1/+U(w ) N2 ’Y K Pmaz + min
1 ) \
v (R0 BRaa (1 7)? + M(10g s + 108 N) + A" — 5 )
R? log 2
4 8_—maz max S 0
(1—v)2\ 2N
Finally, defining the constants ¢c; = %, co = w2 @2 ..(1+7)? + Adlog 0144, and
c3 = §'y2/$2 4 e T U)‘d we obtain:
o2 2 . log% c2 +Adlog N + A flw* — ptp |51 c3
B [ Bel[] <2 e[+ vty -y 5+ S
O
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Theorem 4. Fix a target task M. Assume linearly parameterized value functions Qq,(s,a) =
wT' ¢ (s, a) with bounded weights ||w||, < Wyax and uniformly bounded features ||¢(s,a)ll, <
Omax- Consider the mlxture version of Algorlthm [ using C components, source task weights

Ws, and bandwidth cr for the prior. Denote by E’ = ({1, .., ke, 21, .. Ec) the variational
parameters mlmmlztng the objective of Eq. @) on a dataset D of N i.i. d samples distributed
according to T and v. Let w* = arginf,, || By||2 and define v(w*) £ En(w=, 1 1) V(w)], with

v(w) £ E, [VarpT [l;(w)” Then, there exist constants c1, cz, c3 such that, with probability at
least 1 — § over the choice of the dataset D:

~ 12 ~ 2 . [log2 ¢y 4+ Adlog N +2\p (A)  c3
qu |:HBw V:| < 2 HBU,* . +U(’w )+Cl N + N + ﬁ’
where A is the vector of distances to the source tasks’ weights, A; = 555 |w* — wj||, and, for a
vector x = (z1,...,2q), ¢ (x) £, Zi:fﬁ] x; is the softmin function.

Proof. Similarly to the previous proof, we can apply Lemma |2| with variational parameters E =

(p1,-..,c, 21, ..., Xc), while choosing the same specific parameters for the right-hand side:
pu; =w*and 3; = cl foralli =1,...,C. Then, we obtain:

B [ B | < int {E Iz L E, o(w)] + 20 KL (gelp) b 4 5 Fmas_ |08
te ||[Boll, ] = BL\ e [[|Bul], ] o lolwl) + 255 KL ellp) p + 8757053\ 55
~ 2 A
< Bt o) |[Bu}] + Exaron lotw)] + 25 KL 0w e 1)
Rhos_ log 3

The only difference w.r.t. Eq. (I3)) of Theorem [3]is the KL divergence term, which now contains a
mixture distribution. From Theorem [§] we have:

KLW (w*,cI) || p) < KLXP|xD) + Y XPKLW (w*, eI) [| N (w;,021)),  (20)
J

where the vectors (1) and x(?) are the ones defined in Theorem Notice that, since we reduced the
posterior to one component, we can get rid of the index 7. Using the definitions of these two vectors
from Section 8 of [13]], we have:

M- Loy w
X; A J —A

e~ KLW (w".eI) || N(wj,01))

2
x§)—

= S o KL eD) [[N(w,.02D) Vi=1 sl 2D
j/

Since the KL divergence is:

1 o2 c 1, .,
KLWN (w*,cI) || N(w;, 02 o, )):2<dlog§+d02+02||w —wj||—d>,
P P

Eq. (21) can be rewritten as:

18



Let us bound the two terms of (20) separately. For the first one, we have:

(2)

2 X

KL M) = 3P log =5
j Xj

1
= > x logx? = > x; log A
J J s

< log [Wsl,
where the inequality holds since the first term is negative. For the second term of (20):

2 « 1 2 02 C 1 «
ng KLV (w*, cI) || N(w;, 02I)) :§ZX§ ) (dlogf—kdag—kazm — wj —d)
J J

p

Lg%y Lgl (A)
T T2 T
where we defined the vector A whose components are A; = 51 |[w* — wj||. Putting the two terms
together:
. 1 o 1.c
KLWN(w*,cI) || p) <log |Ws|+ sdlog — + sd— + ¢ (A).
2 c 2 o,
Notice that, from now on, one can simply apply the proof of Theoremwith Omaz = Omin = crg
and 1 [|[w* — pp\\2;1 replaced by ¢ (A). Thus, by redefining the three constants to ¢; = %,
ey = w2, 2 ,.(1+7)?%+ Mdlog 0% + 2\ log [Ws|, and ¢35 = %72/12 4 e+ %, we can write
p
that, with probability at least 1 — §:
~ 2 ~ 2 . log % ca + Adlog N +2Xp (A)  ¢3
Eqe U’B‘“ u] = 2HB’”* , o) e =+ N TN
O

Proof of Theorem 2] The theorem follows straightforwardly by combining Theorem [3|and Theorem
2] O

B Additional Details on the Algorithms

B.1 Gaussian Variational Transfer

Under Gaussian distributions, all quantities of interest for using Algorithm |I{ can be computed
very easily. The KL divergence between the prior and approximate posterior can be computed in
closed-form as:

KL (ag(w0) | p(w) = 5 (108 52 4 0 (5512) + (= )55 - ) ) 2

=
for & = (u, L) and ¥ = LLT. Its gradients with respect to the variational parameters are:
VKL (ge(w) || p(w)) = =, (1 — 1) (23)
VLKL (ge(w) || p(w)) = 3, 'L — (L™H)T (24)

Finally, the gradients w.r.t. the expected likelihood term of the variational objective can be
computed using the reparameterization trick (e.g., [14} 28]):
ViuEwn(urrr) [[|Bwllb] = EBono,1) [Vl |Bwl|h] for w=Lv+p (25)

VLEwn(urrr) [||[Bwllb] = Eoano,n) [Vl Buwllb "UT] for w=Lv+p (26)
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B.2 Mixture of Gaussian Variational Transfer

As mentioned in the main paper, for the mixture version of Algorithm [I] we rely on the upper bound
on the KL divergence between two mixture of Gaussians presented in [13]]. We report it here for the
sake of completeness.

Theorem 5 ([13]). Letp = ), cl(p)fgp) and q = Z (q)f(q) be two mixture of Gaussian distri-
butions, where fi(p ) =N (ugp ), Egp )) denotes the i-th component of D, C P

2 denotes its weight, and

similarly for q. Introduce two vectors V) and x® such that c Z XJ ; ) and c(q) ) va.
Then:
KL(pllg) < KLOPIND) + Y X KL (179). 27)
i,j

Our new algorithm replaces the KL with the above-mentioned upper bound. Each time we require its
value, we have to recompute the parameters x(*) and x(? that tighten the bound. As shown in [13]],
we can use a simple fixed-point procedure for this purpose, alternating the computation of the two
parameters as:

(@), (1) (P) (2) —KL(f(P)Hf(q))
NN S K B i 08)
,] Ei’ Xg‘li)' ) Jii X(2) fKL(ff”)Hf;j”) .
) / i, j

Finally, both terms in the objective are now linear combinations of functions of the variational param-
eters of different components, and their gradients easily derive from the ones of the Gaussian case.

Consider a posterior with C' components, g¢ (w) = & 210:1 N (w|p;, 2;), and a prior distribution,
constructed from the set of weights W, = { w1, ..., fw‘ws‘} of the sources’ optimal Q)-functions,
p(w) = IW | Z\W \N(w|wj,o§I). Then, using Theorem

C Wl

KL (qe(w) || p(w)) < KL [IxD) + DS AP KL (wlps, i) || N (w]w;, 021)).
=1 j=1
(29)
Substituting in the negative ELBO in (2)), we get the following upper bound on the objective:

£(E) < £(6) = By [1Buly] + S KL |X™D)

A
NZZXJ VKLV (s, S | N (wloy, 021). G0

Finally, using this upper bound as objective of our optimization problem, we can then exploit the
linearity of the expectation operator to obtain:

1 A
L&) = & X Euntwiu o [1Bulb] + FELG D)

=1

A C |Ws|
+N;Z=: X5 K LN (] pai, ) || N (wlw;, 07 )), 31)

which is easily differentiable with respect to & = (g1, ..., pc, X1, ..., X¢) using the equations (23)),
(24), 23), (26) derived for the Gaussian case.

C Additional Details on the Experiments

In the present section, we provide details on the parameters adopted in all experiments and provide
further empirical evaluation to complement the results reported in the main paper.
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Figure 4: Two-Rooms Problem: (a) e-greedy vs. GVT, and (b) e-greedy vs. -MGVT

C.1 The Rooms Problem

Parameters We use ADAM as the stochastic optimizer for all algorithms. In order to train the
source tasks, we directly minimize the TD error as described in Section[3.4} We use a batch size of
50, a buffer size of 50000, ¢ = 0.5, and a learning rate o = 0.001. Additionally, we use an e-greedy
policy for exploration, with € linearly decaying from 1 to 0.02 in a fraction of 0.7 the maximum
number of iterations.

For the transfer algorithm GVT, we set a batch size of 50 and a buffer size of 10000. We use 1) = 0.5,
A = 10~* and 10 weights to estimate the expected TD error. For the learning rates, o, = 0.001
for the mean of the posterior and ez, = 0.1 to learn its Cholesky factor L. Furthermore, we restrict
the minimum value reachable by the eigenvalues of these factors to be o2,;,, = 0.0001. In the case

of MGVT we use, instead, A = 1076, oy, = 0.001, and oy, = 0.1. Finally, we use a bandwidth

o7 = 1077 for the prior.

Additional Results We investigate the exploratory behavior induced by our transfer algorithms
and compare it to simple e-greedy exploration. In Figure[d we show the positions visited by the agent
when running 2000 iterations of the no-transfer (NT) algorithm, GVT, and 1-MGV'T. Observing
Figure [4a it is possible to understand the difference between the e-greedy exploration and the
resulting behavior from GVT. It is noticeable that NT is not capable to lead the agent to the goal
within the given iterations as most of the states visited are sparse within the first room, whereas GVT
is able to concentrate more of its effort in looking for the door around the middle of the wall. After
finding it, within the second room, the positions concentrate in the path leading to the goal. This
is not surprising as the value function should be equal for all tasks after crossing the door. In the
other case, Figure [4b|shows a similar situation, but it is quite interesting to notice how sparser the
exploration of 1-MGVT is with respect to GVT. Indeed, 1-MGVT is able to actually explore the right
part of the first room within these iterations, which might be seen as the result of the prior model
being able to capture more information than the Gaussian; hence, the higher speed-up in convergence
and robustness to changes in the distribution from which target tasks are drawn. Indeed, as 1-MGVT
is able to allow for more flexible exploration, it is capable to discover how to best solve the task much
faster than GVT.

In Figure[5] we analyze the (online) expected return achieved by the transfer algorithms as a function
of the number of source tasks used to estimate their prior. In particular, we show the resulting curves
after 1000 iterations in Figure [6a] and after 1950 iterations in Figure [6b] It is interesting to notice
the difference between MGVT and GVT whenever there is a small number of source tasks. MGVT
clearly provides faster adaptation in the presence of low prior knowledge as it can be seen from the
two plots. This should be expected from the properties of the two algorithms discussed in Section 4]

Finally, we analyze the transfer performance as a function of how likely the target task is according
to the prior. We consider a two-room version of the environment of Figure 2| Unlike before, we
generate tasks by sampling the door position from a Gaussian with mean 5 and standard deviation
1.8, so that tasks with the door near the sides are very unlikely. Figure [6] shows the performance
reached by GVT and 1-MGVT at fixed iterations as a function of how likely the target task is
according to such distribution. As expected, GVT achieves poor performance on very unlikely
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Figure 5: Expected return w.r.t. to the number of source tasks after (a) 1000 iterations, and (b) 1950
iterations.

tasks, even after many iterations. In fact, estimating a single Gaussian distribution definitely entails
some information loss, especially about the unlikely tasks. On the other hand, MGVT keeps such
information and, consequently, performs much better. Perhaps not surprisingly, MGVT reaches the
optimal performance in 4k iterations no matter what task is being solved.

C.2 Classic Control

Cartpole For this environment, we generate tasks by uniformly sampling the cart mass in the range
[0.5, 1.5], the pole mass in [0.1, 0.3], and the pole length in [0.2, 1.0].

During the training of the source tasks, we use a batch size of 150 and a buffer size of 50000.
Specifically, for DDQN we use a target update frequency of 500, exploration fraction of 0.35, and a
learning rate e = 0.001. We use a Multilayer Perceptron (MLP) with ReLU as activation function
and a single hidden layer of 32 neurons.

For the transfer experiments, we set the batch size to 500, the number of weights sampled to
approximate the expected TD error to 5, A = 0.001, and ¢ = 0.5 . We use o, = 0.001 as the
learning rate for the mean of the Gaussian posterior. For its the Cholesky factor L we use a;;, = 0.0001
and set the limit that the minimum eigenvalue may reach to o2,;, = 0.0001 . Additionally, for MGVT
we set the variance of the prior components o2 = 10~° and leave the learning rates of the posterior
components’ means and Cholesky factor the same as GVT.

C.2.1 Mountain Car

We generate tasks by sampling uniformly the base speed of the car in the range [0.001,0.0015].

0.8+ N
E E
£ 06 2
o Q
~ ~
kS B
g 0.4 g
e &
" ]
M= 0.2 500 iterations = 0.2 — 500 iterations |
— 1000 iterations — 1000 iterations
—— 4000 iterations —— 4000 iterations
Il Il Il Il Il Il
0.2 0.4 0.6 0.8 1 0.2 0.4 0.6 0.8 1
Task Likelihood Task Likelihood
(€] (b)

Figure 6: Expected return as a function of the (normalized) target task likelihood after a specified
number of iterations.
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Figure 7: Performance on (a) Maze and (b) Maze

For the sources, we train the tasks using DDQN with a target update frequency of 500, a batch size
of 32, a buffer size of 50000 and learning rate o = 0.001. Moreover, we set the exploration fraction
to 0.15. We use an MLP with single hidden layer of 64 neurons with ReLU activation function.

For the transfer experiments, we set the batch size to 500, and use 10 weights to approximate the
expected TD error, A = 10~% and 1 = 0.5. For the learning rates, we use «, = 0.001 for the
means of the Gaussians. In the case of the Cholesky factors L, we use a;, = 0.0001 and allow the
eigenvalues to reach a minimum value of 02, = 0.0001. In the case of MG VT, additionally, we set
the prior covariance to be o> = 107°.

C.3 Maze Navigation

Parameters The mazes adopted in the experiments of Section[6.3are shown in Figure[8] Our 20
mazes have varying degree of difficulty and are designed to hold few similarities that would be useful
for transferring. Moreover, we ensure 4 groups of mazes that are characterized by the same goal
position.

For the experiments, we use as approximator an MLP with two hidden layers of 32 neurons with
ReLU activation functions. For training the sources, we use a DDQN with a batch size of 70, a
buffer size of 10000, and a target update frequency of 100, setting the exploration fraction to 0.1 and
learning rate to o = 0.001.

In the transfer experiments, we use ¢ = 0.5, a batch size of 50, a buffer size of 50000 and use 10
sampled weights from the posterior to approximate the TD error. Moreover, we use A = 10~5. For
GVT, in particular, we use «, = 0.001, oy, = 1077, and set the minimum value reachable by its
eigenvalues to be 0,3, = 0.0001. In the case of MGVT, we set o, = 0.001 and o, = 1076, Finally,

we use 012, = 107° as the prior bandwidth.

Additional Results The mazes used for the experiments in the main paper are Maze [8a| (for Figure
and Maze [8g| (for Figure[2f). Figure[7]shows the performances achieved the algorithms on two
more mazes (Maze [81] and [8n). The results are consistent with those presented in the main paper.
In particular, we can appreciate that MGVT is able to provide significant speed-up in a consistent
manner. On the other hand, GVT consistently fails at transferring, while FT has variable behavior in
the different target mazes.

C.4 A Comparison to Fast-Adaptation Algorithms

The Rooms Problem For meta-training, we used a meta-batch size of 20 tasks, a fast batch size of
20, and a fast learning rate of 0.1. The meta-objective was optimized until convergence by TRPO,
while the fast-adaptation step was vanilla policy gradient (REINFORCE) with baseline estimated by
generalized advantage estimation. Policies were represented by neural networks using one layer of
32 neurons on top of our radial basis representation (see Section [6.1). We used the same batch size
and fast learning rate at meta-testing.
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Figure 8: Set of mazes for the Maze Navigation task.
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For the experiment using MAML-batch, each meta-training run sampled a fixed number of 10 source
tasks before learning started. Each meta-batch was then re-sampled from a uniform distribution over
these 10 fixed tasks. For the experiment using MAML-shift, we meta-trained on the full distribution
by re-sampling only the position of the top door, while keeping the bottom one fixed in the middle
as in our experiment of Figure [2b] We then meta-tested on the original distribution with both doors
moving.

Maze Navigation For meta-training, we used a meta-batch size of 20 tasks, a fast batch size of 50,
and a fast learning rate of 0.1. The objectives were optimized using the same algorithms as for the
rooms problem, this time using a neural network with two layers of 32 neurons.

For the experiment using MAML-full, we meta-trained on the discrete distribution over all 20 mazes,
while, for the experiment using MAML-batch, we used only 5 source mazes, making sure that they
did not contain the target. We meta-tested only on the maze shown in Figure[8a] (which is the one
adopted in Figure 2¢)).
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