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Abstract

We introduce new planning and reinforcement learning algorithms for discounted
MDPs that utilize an approximate model of the environment to accelerate the
convergence of the value function. Inspired by the splitting approach in numerical
linear algebra, we introduce Operator Splitting Value Iteration (OS-VI) for both
Policy Evaluation and Control problems. OS-VI achieves a much faster conver-
gence rate when the model is accurate enough. We also introduce a sample-based
version of the algorithm called OS-Dyna. Unlike the traditional Dyna architec-
ture, OS-Dyna still converges to the correct value function in presence of model
approximation error.

1 Introduction

Consider a planning problem for a discounted MDP with dynamics P. Suppose that we have
access to an approximate model P ~ P as well. For example, P might be a high-fidelity, but
slow, simulator, and Pisa lower-fidelity, but fast, simulator. Or in the context of model-based
reinforcement learning (MBRL), P is the unknown dynamics of a real-world system, from which we
can only acquire expensive samples, and P is a learned model, from which samples can be cheaply
acquired. Can we use this approximate model P to accelerate the computation of the value function
of a policy 7 (Policy Evaluation (PE) problem) or the optimal value function (Control problem)?

The Value Iteration (VI) algorithm and its approximate variant are fundamental algorithms in Dy-
namic Programming that can find the (approximate) value of a policy or the optimal value function.
They are also the backbone of many reinforcement learning (RL) algorithms such as Temporal
Difference Learning [Sutton, 1988], Fitted Value Iteration [Gordon, 1995, Ernst et al., 2005, Munos
and Szepesvari, 2008], and Deep Q Network [Mnih et al., 2015]. Value Iteration, however, can be
slow when the discount factor is close to 1, as its convergence rate is O(*). Moreover, even though
we could use VI using P instead of P to avoid expensive queries to P, the obtained value function
would converge to a solution different from the value function of the original MDP.

This paper proposes an algorithm called Operator Splitting Value Iteration (OS-VI) that benefits from

an approximate model P to potentially accelerate the convergence of the value function sequence to
the value function with respect to (w.r.t.) the true model P (Section 3). This algorithm is for both
PE (Section 3.1) and Control (Section 3.2) problems. The acceleration is not uniform though, and

depends on how close P is to P (Section 4).

A key inspiration behind OS-VI is the (matrix) splitting approach in the numerical linear algebra,
which is used to iteratively solve large linear systems of equations [Varga, 2000, Saad, 2003, Golub
and Van Loan, 2013]. With a proper choice of splitting, one may change the convergence rate of
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linear systems solvers. We show that the conventional VI for PE can be seen as a particular choice
of splitting. This observation suggests that one may choose other forms of splitting as well in order
to change the convergence rate. It turns out that we can choose a splitting that benefits from having
access to P (Section 2). The new splitting leads to OS-VI for PE. For the Control problem, the
connection between solving linear system of equations and VI is not as straightforward anymore, as
the former is linear, while the latter is not, but we can still get inspired from the splitting approach to
design OS-VI for Control. The key step of such an algorithm is a new policy improvement step.

The form of the OS-VI algorithm opens up a connection to MBRL where the approximate model
P is learned using data. This leads to the OS-Dyna algorithm, inspired by a generic Dyna architec-
ture [Sutton, 1990]. OS-Dyna is a hybrid of model-free and model-based algorithms. It uses the
learned model in its inner planning loop, alike Dyna, but uses samples from the true model P in
order to correct the effect of errors in the model. Existing MBRL algorithms would converge to an
incorrect solution if the approximate model P does not converge to the true model P. This would be
the case whenever model approximation error exists. On the other hand, OS-Dyna can still converge
to the correct value function even when P does not converge to P. As far as we know, this is the first
model-based RL algorithm with such property.

2 From value iteration to splitting-based linear system of equations solvers
and back

We briefly describe the VI algorithm and the splitting methods for solving linear system of equa-
tions, and explain their connections. We consider a discounted Markov Decision Process (MDP)
(X, A, R,P,) [Bertsekas and Tsitsiklis, 1996, Szepesvari, 2010, Sutton and Barto, 2019]. We
defer formal definitions to the supplementary material. We only mention that for a policy m, we
denote by PT its transition kernel, by ™ : X — R the expected value of its reward distribu-
tion, and by V™ = V™ (R, P) its state-value function. We also represent the optimal state-value
function by V* = V*(R,P) and the optimal policy by 7* = 7*(R,P). The Bellman operator
T™ : B(X) — B(X) for policy 7 and the Bellman optimality operator T* : B(X) — B(X) are!
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These operators can be written more compactly as 77 : V +— ™ +4P™V and T* : V —
max,{r™ +yP7™V }. The greedy policy at state x € X is

mg(x; V) argmax{r(x,a) + ’y/73(dy|x,a)V(y)}7 2.1
acA

or more compactly, 7rg(V) < argmax, T™V. We have T*V = Tms(V)V  that is, the effect of the

Bellman optimality operator T™* applied to a value function V is the same as applying the Bellman

operator of the greedy policy w.r.t. V to V.

2.1 Value Iteration

The value function V™ and the optimal value function V'* are the fixed points of the operators T
and T, respectively, and satisfy the Bellman equation. For the PE problem, this means that

VT =1T 9P VT = (1= aPT)VT =17 (2:2)

There are several ways to compute the value function of a policy 7 or the optimal value function V'*,
including the iterative methods such as VI and Policy Iteration (PI) algorithms, or solving a linear
system of equations (for PE) or linear programming (for Control). We focus on the VI algorithm in
this work. VI repeatedly applies the Bellman operator to the most recent approximation of the value
function: Given an initial value function V;, it generates a sequence (V)x>o as follows:

{ T™Vi_1, (Policy Evaluation)
Vi

T*Vj—1. (Control) (2.3)

"For countable state and action spaces, the integrals are replaced by summations. We present OS-VI and its
theoretical analysis for general state/action spaces, but limit our experiments to finite state/action problems.



VI for Control can be written in an equivalent form: At iteration k, we first compute the greedy
policy 7y, <— m4(Vi—1) (policy improvement step), and then Vj, <— T7*V},_,. Therefore, the policy
improvement step is obtained through finding a policy that is greedy w.r.t. the last value function
Vi—1, that is, the best policy if we only look one step ahead. This form will be conductive for our later
developments. As the Bellman operator is a «y-contraction w.r.t. the supremum norm, the convergence
rate of Vi to V™ (or V*) would be O(*). This rate can be slow when ~ is close to 1.

2.2 Matrix splitting for solving linear system of equations

The VI for PE can be seen as a (matrix) splitting-based iterative method to solve the linear system of
equations (2.2). Consider the linear system Az = b, with A € R?*? and z,b € R?. Suppose that A
is decomposed to A = M — N for some choices of M, N € R?*? (more generally, A, M, and N
can be linear operators). Therefore, z satisfies Mz = Nz + b. The splitting-based iterative approach
defines the new approximation z; given the current z;_; by solving

Mz, = Nzp_1+0b,
or equivalently,
2k = M '(Nzp_y +b). 2.4
To analyze the convergence of this iterative method, consider the error e, £ z, — z. As z =

M~Y(Nz+b), wehave e, = M"Y (Nzp_1 +b) — M Y (Nz+b) = M N (2,1 — 2), so the
dynamics of the error is

e =M 'Nep_1 = (M7IN)ep_p == (MIN)Feq. (2.5)
Let G £ M~ N. The norm of the sequence (ej,)x>1 can be upper bounded as
k
lexll = [|G*eol| < |G*|llleoll < IGI"lleo]l- (2.6)
The errors are (norm-) convergent if ||G|| = || M ~*N|| < 1, for some choice of norm. More generally,

the necessary and sufficient condition for convergence is that the spectral radius p(G), the maximum
absolute value of eigenvalues of (5, is smaller than one, see e.g., Theorem 4.1 of Saad [2003] or
Theorem 11.2.1 of Golub and Van Loan [2013].? The convergence is faster if the spectral radius (or
norm) is closer to zero.

The success of this iterative procedure depends on how we choose M and N such that the norm (or
spectral radius) is as small as possible. Also we want to choose an M such that solving Mz, =
Nzj_1 + bis not very expensive. For example, if M is an identity matrix I, we get that N =1 — A,
and the iteration becomes z = (I — A)z,_1 + b. This iteration is convergent if p(I — A) < 1.
Other commonly used choices lead to the Jacobi and Gauss-Seidel methods that are described in the
supplementary material.

We are now ready to make the connection between splitting-based iterative methods and VI for PE.
If we choose A = I — yP7, we see that equation AV™ = r™ is indeed the Bellman equation for
policy 7 (2.2). The VI for PE, which is V}, = yP™Vj,_1 + r™ = (I — A)Vj_1 + r™, corresponds to
the choice of M =T and N = vP7. This brings up the question of whether it is possible to split A
differently so that the resulting VI-like procedure has better convergence properties. We next suggest
a particular choice.

3 Operator splitting value iteration algorithm

We introduce the Operator Splitting Value Iteration (OS-VI) algorithm. We start from the PE problem
and develop the Control version based on that. We also present a visualization of how OS-VI works.

3.1 OS-VI for policy evaluation

Given a policy 7, true model P, and approximate model P, we split I — vP™ to M™ and N™ as
M™ =1—~P" , N™ =~(P™ — P7).

?For any matrix norm, we have p(G) < |G|, so the condition on the norm is sufficient, but not necessary.
Our analysis will be norm-based.



Following the recipe of (2.4), the OS-VI algorithm for PE would be
Vi ¢ (L= 9P") 7! [ 4 (P = P7)Via |, G.1)

starting from an initial Vj,.> To gain more intuition and prepare for further developments, we define
a few notations. We define the Varga operator S™ : B(X') — B(X'), named after Richard S Varga
(1928 - 2022) who has made significant contributions to matrix analysis, as the mapping between the
space of all bounded functions over & to the same space as

STV o (L= yP") i 4 y(PT = PTIV ]

Observe that (3.1) can be compactly written as
Vi S™Vi_1. (3.2)

It is not difficult to see that S™V™ = V'™, i.e., the value function of a policy 7 is a fixed-point of the
Varga operator S™. This and other properties of the Varga operator are shown in the supplementary
material.

Given any value function V, define an auxiliary reward function 7y : X x A — R as

rv(z,a) = r(z,a) + 7/<P(dy|x, a) — 75(dy|x, a))V(y). (3.3)

Similar to r™, we define the notation 7, : X — R as 7, (z) = 7v («, 7(z)) for a deterministic policy
m (and similarly for a stochastic policy). With this notation, the effect of applying S™ to V' is

STV = (I —yP™) 7.

This is the value function of following 7 in an MDP with dynamics P and reward 7y . Therefore,
at each iteration of OS-VI (PE), we evaluate the policy 7 according to the approximate dynamics,
and a reward function that consists of the original reward r and the correction term (P — 75)Vk_1.
The computation of this value function is a standard PE problem with the approximate model. For
instance, we may use another VI (PE) with dynamics P to solve it: We initialize Uy < V, and then
fori > 1, weset U; + 7f, + ~P™U;_1. This converges to S™V = (I — 775”)_1776 with the usual
rate of O(v*). Note that aside from the computation of 77, which requires querying P in order to
compute the P™V term, this iterative process only uses the approximate model P, which is assumed
to be cheap to access.

What is the benefit of this OS-VI procedure? If the approximate model P is close to the true dynamics
‘P, this leads to a faster convergence of V}, to V'™, as shall be quantified soon. The faster convergence
is in terms of the number of queries to P, which is assumed to be expensive. To see this, consider
the hypothetical case that Pis exactly the same as P, for example, if the cheap simulator happens
to perfectly match the reality. Then, S™V = (I — yP™)~1(r™ + 0V) = V™, and the value function
for the original MDP is obtained in one iteration of OS-VI. Of course, we often can only hope for
P ~ P. In Section 4, we study the impact of error in P on the convergence rate of OS-VI in more
details, and show that the convergence of OS-VI can be much faster than classic algorithms even if P
is only a close approximation of P.

3.2 OS-VI for control

The VI for Control can be seen as an iterative procedure that computes the greedy policy 7
Tg(Vi—1) = argmax, T™Vj_; in its policy improvement step, and then uses one step of the Bellman
operator w.r.t. the obtained policy 75 to compute the new estimate of the value function V <
T™V}_1, as described after (2.3). The OS-VI algorithm for Control follows a similar structure with
the difference that 1) the improved policy is the optimizer of the Varga operator, and not the Bellman

3 Although splitting is originally studied mostly in the context of linear algebra and matrices, we are applying
the idea more generally. We are not assuming that the state space X’ is finite, and we allow it to be more general,
such as a subset of R?. Consequently, M, N™, P™, etc. are operators rather than matrices.



operator, and 2) the new value function is obtained by applying the Varga operator of the newly
obtained policy. To be concrete, given a value function V', define the S-improved policy

7y (V) £ argmax S™V[= (I — vﬁ“)*lfﬁ. (3.4)

This policy is the optimal policy for the auxiliary MDP (X, A, 7y, 757 ). We also define the Varga
optimality operator S* : B(X) — B(X) as

S*: V= maxS™V.

The function S*V is equal to S™ (V)V, i.e., the Varga operator of the S-improved policy w.r.t. V
applied to a value function V (compare it with 7*V = T (V) V),

The OS-VI (Control) is then simply
Vi  S*Vi—q, (3.5)
which in its expanded form, consists of the following two steps:
7k — Ty (Vie—1), (policy improvement). (3.6)
Vi = 8™ Vj_q [= (I —P™) "L (r™ 4 ~(P™ — P™)V},_1)], (partial policy evaluation). (3.7)

Comparing the S-improved policy (3.4) used in the policy improvement step (3.6) of OS-VI with
the conventional greedy policy (2.1) is insightful. The greedy policy is argmax, 77 V. Expanding
T™V, we see that the greedy policy is the maximizer of r™ 4+ vP™V. The function r™ 4+ ~yP™V is
a single-step bootstrapped estimate of the value of V™, and its maximizer, the greedy policy, is in
general different from the optimal policy, which maximizes V™. On the other hand, the S-improved
policy my (V') solves a full MDP with an approximate model P and a reward function that has both
the original reward 7 and the correction term (P — P)V. In the special case that P = P, the
correction term is zero, and 7y (V') would be the optimal policy 7* for the original MDP. As often
P ~ P, the value function of policy 7y (V') is not exactly the optimal value. The partial policy
evaluation step (3.7) updates the value function to a value that is closer to the optimal value function.

Remark. The use of matrix splitting-based ideas, either explicitly or implicitly, in the context of
dynamic programming is not completely novel to this work. Kushner and Kleinman [1971] is one
of the earliest paper that mentions the Jacobi and Gauss-Seidel procedures for computing the value
function. Porteus [1975] proposes several transformations to the reward and probability transition
matrix with the goal of improving the computational cost of solving the transformed MDP. One of
the transformations, called pre-inverse transform, has some similarities with the operator splitting of
this work. The end result, however, is different. Bacon and Precup [2016] offer a matrix splitting
perspective on planning with options. The connection between multi-step models and matrix splitting
is developed in Chapter 4 of Bacon [2018]. Refer to the supplementary material for more discussion.

3.3 Visualizing how OS-VI works

To present some intuition on how OS-VI works, we visualize the value function trajectories of several
algorithms, including OS-VI, on a 2-state MDP, in Figure 1. We consider the policy evaluation for the

: T _ [0.90.1 3 T 1 _ H :
dynamics P = [{-] J-5] with the reward r™ = ( _0. 5) and v = 0.9. We consider two approximate
models: a relatively accurate P, = [0:52 0:62]. and an inaccurate P, .ore = [05 0:7]-

In addition to OS-VI (PE), the first algorithm is the conventional VI (PE), which repeatedly applies
the Bellman operator according to the true model P™ to the most recent approximation of the value
function. We use 1’5 to refer to its Bellman operator and to label the corresponding trajectory in the
value space. This algorithm converges to the true value function V™. The second algorithm is VI (PE)
that uses P™ as the model. This procedure is the basis of the Dyna architecture. We use Tg to refer to
its Bellman operator and to label the corresponding trajectory in the value space. Due to the error of
Tg compared to T'5, the algorithm converges to a wrong value function V'™, as both figures show. We
observe that even when the model is relatively accurate as in Figure 1a, the converged value function
is quite wrong. This illustrates one limitation of the conventional model-based RL algorithms where
an inaccurate model may lead to significantly inaccurate estimate of the value function.
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Figure 1: The value function trajectories of VI (PE) with the true model (T’5), VI (PE) with
approximate model 7%, and OS-VI (PE) (S™; and T}, for its inner loop) for a 2-state problem.

The OS-VI algorithm repeatedly applies the Varga operator S™ to the most recent approximation
of the value function. As discussed earlier, each computation of S™Vj,_; corresponds to solving an
auxiliary MDPs (X, A, 7y, ,,P,~). We denote the Bellman operator of this auxiliary MDP by Tr.
The figures show the trajectory generated by the iterative application of S™ on the most recent value
function as well as the trajectory for solving each auxiliary MDP, indicated by 7. We observe that
the OS-VI algorithm converges to the correct value function despite using an incorrect model. When
the model is more accurate, very few iteration of OS-VI gets a value close to V™ (two iterations in
Figure 1a); when the model is less accurate, a few more iterations are needed. Compared to VI, at
least in these examples, the total number of iterations of OS-VI is significantly smaller.

When the initial value function is Vi = 0, the result of the first iteration of OS-VI is the same
value function computed by the VI with the wrong model PT. This is because Vi « STV, =
(I- Vﬁ“)’lfﬁo and 7j, = 1", s0 V) = (I - 775")*11“”, the same solution as the value function
obtained using the approximate model P. In these figures, this shows itself by the overlapping of the
red arrows followed by Tg and the first segment of the orange arrows, which are generated by the

repeated application of 77 . In further iterations of OS-VI, the auxiliary MDPs change and the path
followed by 17" (k > 2) deviates from the solution of the VI with the wrong model.

4 Convergence analysis of operator splitting value iteration

In this section, we present the convergence analysis of OS-VI. Our results show that OS-VI has an
O(~'%) convergence rate for an effective discount factor 4/ that depends on the error between P and
P. For small enough error, 7' < ~ and OS-VI has a faster convergence rate compared to the classic
VI, Policy Iteration (PI), and Modified Policy Iteration (MPI), which all have O('yk) behaviour. We
provide results for both the L, and L, norms.

4.1 Convergence of OS-VI for policy evaluation

We study the convergence behaviour of OS-VI (PE) in presence of error in value updates. Specifically,
we consider that at each iteration k, the update (3.2) has an error, i.e.,

Vi = S™Vj_q + epilve .1

The error e‘,f‘l“e encompasses various sources of errors that might occur in solving the auxiliary

MDP (X, A, Tv,_,, P, ). One source is the function approximation error due to using a function
approximator to represent Vj, which is often required in large state spaces. Another is the estimation
(i.e., statistical) error caused due to having a finite number of samples, instead of direct access to P, in
the RL setting. Refer to Munos and Szepesvari [2008], Antos et al. [2008], Farahmand et al. [2016],
Chen and Jiang [2019], Fan et al. [2019] for the discussion of function approximation and estimation
errors in the RL context. In this work, we do not analyze how the number of samples, the function



approximator, etc. affect the errors €}*"*. We offer error propagation results similar to Munos [2007]
(approximate VI), Munos [2003] (approximate PI), and Scherrer et al. [2015] (approximate modified
PI) for approximate OS-VIL.

To study the convergence behaviour of OS-VI (PE), let G™ = (I — yP™)~ 1 (P™ — P7). We use the
fact that S™V™ = V'™ and write

||V7T _ Vk”oo _ ||S7TV7T Ska 1= leueH — ||G7T(V7T Vi 1) Zdlue”Oo
NG oIV = Vi ll oo + [|e8™™]| - (4.2)
Now, we have that
167N = | @ =2 5P =7

< 7H7>7r P

, 4.3)

where we used the fact that for any square matrix F' with a matrix norm [[F||, < 1, it holds
that ||(I — F)~!|, < ﬁ (see Lemma 2.3.3 of Golub and Van Loan 2013), and that the

supremum norm of a stochastic matrix 7 is 1. Assuming that ||€}*°|| o, < €' for all £ > 1 and
defining effective discount factor 7' = 2 ||P" — P7 | oo the upper bounds (4.2) and (4.3) lead to

HVTr _ VkHoo < '}/kHVﬂ ‘/O”oo =+ 1 'y 6value

A few remarks are in order. First, whenever ~' <+, this is guaranteed to be faster than the convergence
rate of the conventional VI, which is O(y*). This happens if |P™ — P™|lsc < 1 — ~. If the model is
very accurate, we obtain much faster rate than VI’s. Since each iteration k corresponds to a query
to the true model P, a faster rate entails that the algorithm requires fewer number of queries to the
expensive model to reach the same level of accuracy.

Second, although the model error |P™ — 75’T||C>o is a reasonable choice to measure the distances
between distributions (it is the maximum of the Total Variation distance between P (-|z) and P™ (-|x)
over x, which itself can be upper bounded by their KL divergence; see the supplementary material), it
is somewhat conservative as it takes the supremum over the state space. Likewise, requiring He"alue
to be small is also conservative, as approximating S™Vj_1 using a function approximator given
samples (RL setting) often leads to an L,-norm type of guarantee. We now provide a different
analysis to address these issues.

To present the L,,-norm result, we need to define some notations. First, we define the conditional
discounted future-state distribution of policy 7 under P as the following probability distribution:
Given a measurable set B, we have ™ (B|z) = (1 —7) >0 g ¥'P (Xt € B|Xg=uz,7 73) where
the chain (X;);>¢ starts from state = and evolves by following policy 7 under transitions P. For

an arbitrary distribution p over the state space, we define the discounted future-state distribution
concentration coefficient of the approximate model as

Sy o AT

’ oo

4.4)

Here df’wd(,;‘x) is the Radon—Nikodym derivative of the distribution 77 (-|z) w.r.t. the distribution

p. It is assumed that for any = € X, 7" (-|z) < p, i.e., )7 (-|z) is absolutely continuous w.r.t. p
(otherwise, the coefficient would be set to infinity). This coefficient measures how concentrated
the distribution 7 (-|z) is compared to p. This is weighted according to the state distribution p.
Similar concentrability coefficients, but not exactly this one, have appeared in the error propagation
results [Kakade and Langford, 2002, Munos, 2003, 2007, Farahmand et al., 2010, Scherrer et al.,

2015]. Finally, we define the weighted x2-divergence of P™ and P™ as

PN 2 [ ol (PCa) | A7) = [ olao) [ P dy;)(d“)

This notion of model error is less strict in requiring accurate approximation P in all states. Usually
only a subset of the state space is important or even reachable in a problem. The above model error
can focus on only specific areas of the state space through the choice of distribution p.

2

We are now ready to present the main theorem for the approximate OS-VI (PE).



Theorem 1. Consider the approximate OS-VI algorithm for PE (4.1). Let ||-||, be either the supremum
norm ||| ., (x = o0) or |||, , for p being an arbitrary distribution over the state space (x = 4, p).

Assume that ||e;*"||, < €" for all k > 1. Furthermore, define the effective discount factor as

-

’ '7 (*:OO)’

v
7| /(o) 73“ 1P™) (=4, p).

For any k > 0, we have |V™ — Vi ||, <~¥*|V™ - Wll, + 11__1/,16 - gvalue,

4.2 Convergence of OS-VI for control

We turn to analyzing OS-VI for Control. We consider two types of errors: The first is the error
between the computed value function and the true optimal value function of the auxiliary MDP, i.e.,
Vi — 5*Vj,—1. The second is the suboptimality of obtained policy compared to the optimal policy of
the auxiliary MDP, i.e., S™ V},_1 — S*V},_1. Concretely, we have

Vie = S* Vi + 1, 4.5)
STV = S Vi + &Y. (4.6)

We have the following result for the approximate OS-VI (Control).

Theorem 2. Consider the approximate OS-VI algorithm for control (4.5)-(4.6). Let |||, be either
the supremum norm ||-|| ., (x = oo) or ||-||, , for p being an arbitrary distribution over the state
space (x = 4,p). Forany k > 1, let 11}, = {7*,mp} U{my(Vi_1) : 1 < i < k}. Assume that
[|eyatue]|, < €"alue for all k > 1. Furthermore, define the effective discount factor as

Ly maxXyer, ||P" — pr . (x = 00),
TTI - -
7 | maxren, /V2ET(NE(PT || P7) (k= 4.p).
We then have
||V7Tk V*” < 27”6 ||V V*” + 2’7/(1 — ’Y/kil) value + 1 policy
- - —€ D .
* 1— 0 * (1_,7/)2 11—+ k N

We can compare this result with the convergence result of VI. For VI with the supremum norm,
following the proof of Equation (2.2) by Munos [2007], we can show that |[V* — V™|, <
%HV* — Volloo + W with [|[V; = T*Vi_1]|, < € for all i < k (similar result for
the L,-norm also holds, see Theorem 5.2 in Munos 2007). For the approximate VI, the initial error
[V* — Vi |leo decays with the rate of O(+*). This should be compared with O(+'*) rate of OS-VL
The effect of error at each step €' is also similar: approximate VI has (1 — ) =2 dependence while

approximate OS-VI has (1 — ~/)~2. What is remarkable is that as opposed to v, which is a fixed
parameter of the problem and can be close to 1, 4 can be made arbitrary close to zero when the

approximate model P becomes more accurate. The additional information given by P allows us to
get much faster rate than VI. Of course, this requires the model to be accurate. An inaccurate model
might be detrimental to the convergence rate, and may even lead to divergence. Similar conclusions
can be made in comparing OS-VI with Policy Iteration and Modified Policy Iteration, as discussed in
the supplementary material.

5 Operator splitting Dyna

In the RL setting, we only have access to samples from P. MBRL algorithms, such as variants of
the Dyna architecture, learn P from those samples, and use it to find the value function or policy.

The learned model P is generally different from P due to the finiteness of the samples as well as
the possibility of model approximation error: the true dynamics P may not be representable with

the function approximator used to represent P. This is another way to say that the world may be
too big to be represented by our models. A MBRL algorithm that uses P in lieu of P does not find



Algorithm 1 OS-Dyna

1: Initialize Vp, ¥ = 0, and the approximate model P.

2: fort=1,2,...do

3: Sample (X¢, A¢, Rt, X{) from environment.

4: Update the model P with (X, Ay, Ry, X7).

5000 T(Xe, Ar) = 7(Xe, Ar) + o (Rt Vi1 (X0) =By p(ix,, a0 Vi1 (X)) = 7(X, At))~
6: Vi « V™ (7, P) (ForPE) or V; < V*(7,P), m + n* (7, P) (For Control).

7: end for

the true value of the true MDP. Based on OS-VI, we propose OS-Dyna, as a hybrid model-based
and model-free RL algorithm, that takes advantage of both the true environment and the model in its

updates and can converge to the true value function despite using inaccurate P.

Learning Pin OS-Dyna is similar to other MBRL algorithms [Moerland et al., 2022]: one can use
various model learning approaches, either based on maximum likelihood estimate or a decision-aware
model learning approach, to learn the model. Given a learned P, we can compute Vj from the
auxiliary reward function 7 = 7y, _, by solving the PE or the Control problem in the auxiliary MDP

(X, A, 7k, P), as discussed in Section 3.

As Vj is a function of 7, we focus on how 7 should be estimated. The update rule of 7, in OS-VI
entails that for every (x, a), we have

Tr(z,a) =r(z,a) + 7(7)(-|x, a) — 75(-|:1:,a)) V™ (Fe_1,P), (Policy Evaluation)  (5.1)
r(z,a) =r(z,a) + ’y(PHx, a) — 75(~|x,a)) V* (1, P). (Control) (5.2)

We update our estimation of * using samples, as shall be discussed soon, and then the value function
is updated to V™ (7, 75) (PE) or V*(7, ﬁ) (Control) with most recent estimate of 7. The challenge
is that the above update rules need access to distribution P(-|x, a) for every (x, a), while we only
have samples from P at some (x, a) pairs. Fortunately, this challenge has been tackled in developing
sample-based algorithms based on the classic VI:

Y(z,a) : Qr(z,a) =r(z,a) +vP(-|lx,a)Vi—1, (5.3)

where Vj;_1 = Qg—1(x,m(x)) in PE and Vj,_; = max, Qk—1(x, a) in Control. There are multiple
approaches to develop sample-based algorithms based on (5.3) such as Fitted Value Iteration and
Stochastic Approximation (SA) [Borkar, 2008]. In this paper we use SA to develop OS-Dyna, but
we point out that other algorithms and techniques can also be applied to develop other versions of
OS-Dyna. The key step in SA is to use samples to form an unbiased estimate of the intended update
value. For a step in the true environment leading to (X, A;, Ry, X{) tuple, we can have the estimate
Vi = Ry +7V(X}) = vExs op(x,,4, [V (X)), where the expectation can also be estimated by

samples from 75(~|Xt, At). This estimate Y; of the update rule can then be used to update 7. As an
example, for a finite state-action problem, the update rule is
’Ij(Xt,At> FF(Xt,At) +O{t(}/;§ _f(Xt,At)>7 (54)

where o is the learning rate. The final procedure of OS-Dyna is presented in Algorithm 1.

6 Experiments

We evaluate both OS-VI and OS-Dyna in a finite MDP and compare them with existing methods.
Here we present the results for the Control problem on a modified cliffwalk environment in a 6 x 6
grid with 4 actions (UP, DOWN, LEFT, RIGHT). We postpone studying the PE problem, the results
for other environments, and other relevant details to the supplementary material. Our convergence
analysis shows that the convergence rates of our algorithms depend on the accuracy of P. To test

OS-VI and OS-Dyna with models of different accuracies, we introduce the smoothed model P of
transitions P with smoothing parameter A as

P(|z,a;P,\) = (1 = NP (|, a) + AU ({z'|P(2'|z,a) > 0}), 6.1)
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Figure 2: (Left) Normalized error comparisons of OS-VI, VI, and the optimal policy of model P.
(Right) Comparison of OS-Dyna with Dyna and Q-Learning in the RL setting.

where U (A) for some set A is the uniform distribution over A. Here, A allows making adjustments to

the amount of error introduced in Pwrt. P.If A = 0, P = P will be the accurate model, and if
A = 1, P will be uniform over possible next states in P.

The left plot in Figure 2 shows the convergence of OS-VI compared to VI and the solutions the model
itself would lead to. The plot shows normalized error of V7™ w.r.t V*, ie., [|[V™ — V*|, /|[V*|. It
can be seen that OS-VI has faster convergence with more accurate models and introduces acceleration
compared to VI across different model errors. Note that the convergence of OS-VI has been achieved
despite the error in the model. The dashed lines show how a fully model-based algorithm, which only

uses P, would obtain a suboptimal solution.

We also compare OS-Dyna with Dyna and Q-Learning in the RL setting. At each iteration ¢, the
algorithms are given a sample (X, A;, R:, X|) where X}, A; are selected uniformly at random. For
OS-Dyna and Dyna we use the smoothed Maximum-likelihood Estimation (MLE) model. If Pyyig
is the current MLE estimation of the environment transitions, OS-Dyna and Dyna use 75(73MLE, A)
defined in (6.1) as their models. The learning rates are constant « for iterations ¢ < /N and then decay
in the form of a; = a/(t — N) afterwards. We have fine-tuned the learning rate schedule for each
algorithm separately for the best results.

The right plot in Figure 2 shows the results for the RL setting. We evaluate the expected return of
the policy at iteration ¢ in the initial state of the environment, i.e., V™ (0). Again, OS-Dyna has
converged to the optimal policy much faster than Q-Learning. Unlike OS-Dyna, Dyna has failed to
find the optimal policy in presence of model error. The results show that OS-Dyna can effectively
converge faster than Q-Learning without introducing bias to the final solution due to model error.

7 Conclusion

This paper introduced the Operator Splitting Value Iteration (OS-VI) algorithm, which can benefit
from an approximate model P ~ P to accelerate the convergence of the approximate value to the
true value function in terms of the number of queries to the true model P. With a small model
error, its convergence rate is exponentially faster compared to well-known dynamical programming
algorithms such as Value Iteration and Policy Iteration. We also proposed OS-Dyna as a hybrid
model-based/model-free algorithm that can bring in the benefits of a model-based RL algorithm
without converging to a biased solution, as Dyna or any other purely model-based RL algorithm
does. This paper opens up several future directions. Empirically studying the algorithms on problems
with large state spaces, for which a function approximator such as a DNN is required, is an obvious
one. This is postponed to a future work as our aim was to build the mathematical foundation and
conducting experiments without worrying about challenges such as the optimization of a DNN. There
are other algorithmic and theoretical directions to be pursued. One is exploring the space of splittings
of I — vP™. The other is whether we can design Operator Splitting variants of other DP algorithms
such as Policy Iteration and Modified Policy Iteration, and study their convergence behaviour.
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A List of appendices

We include a table of content in order to make the navigation through the appendices easier.

e Appendix B: Background, including MDPs (B.1), Norms (B.2), commonly used matrix
splitting in numerical linear algebra (B.3), and the relation between ||P™ — P™||», TV, and

KL (B.4).
e Appendix C: Details of the OS-Dyna algorithm.

e Appendix D: Basic properties of the Varga operator (D.1) and the proofs of the theoretical
results for OS-VI (PE) (D.2) and OS-VI (Control) (D.2).

e Appendix E: Description of the environments (E.1), and additional experiments including
the study of convergence rate of OS-VI (E.2), effect of model error (E.3), and further study
of OS-Dyna (E.4).

e Appendix F: Extended related work, including detailed comparison of the convergence rate
of OS-VI with VI, PI, and MPI (F.1) and other examples of matrix splitting in dynamic
programming and RL (F.2).

B Background

B.1 Markov Decision Processes

We consider a discounted Markov Decision Process (MDP) (X, A, R,P,~) [Szepesviri, 2010,
Bertsekas and Shreve, 1978, Bertsekas and Tsitsiklis, 1996, Sutton and Barto, 2019]. Our notation is
most similar to Szepesvari [2010]’s.* Here X is the state space, A is the action space, R : X x A —
M(R) is the reward distribution, P : X x A — M(X) is the transition probability kernel, and
0 < v < 1 s the discount factor.

The policy 7 : X — M (A) (stochastic policy) or 7 : X — A (deterministic) is a Markov stationary
policy. Given a policy, we can define P™ as the transition probability kernel of following 7, and it
would be

P () = / P(|z, a)m(dalz).

We can define P™(™) : X — M(X) for m > 0 recursively. For m = 0, we use the convention that
it is equal to I, the identity operator (or matrix). For m > 1, we have

P (fa) = [ P(Ayle)PT D ),
The discounted future-state distribution 1™ is defined based on m-step transition as

N (Jz) = (1=7) > 4" P ().
m=0

We can define R™ : X — M(R) in a similar fashion. The functions 7 : X x A — Randr”™ : X — R
are the expected value of the reward distribution.

We use V™ and Q™ to denote the state-value and action-value functions for a policy 7. We use V*
and @Q* to denote the optimal value and action-value functions. In this work, we mostly use the
state-value function, which we simply call the value function.

“This appendix closely follows Appendix A of Farahmand and Ghavamzadeh [2021].

>For a set 2, the space of bounded functions is denoted by B(€2), and the space of probability distributions
is denoted by M (2). Here we do not go into the measurability issues, so we omit the detail of the necessary
o-algebra.
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The Bellman operator 7™ : B(X) — B(X) for policy m and the Bellman optimality operator
T : B(X) — B(X) are defined as

(T™V)(z) & r™(x) + v/P”(dy\x)V(y),

(T*V)(x) & gleaj({r(x,a) + ’y/P(dy|x,a)V(y)}.

For countable state and action spaces, the integrals are replaced by summations. The Bellman
operators T7 : B(X x A) — B(X x A)and T* : B(X x A) — B(X x A) (both applied on the
action-value function) are defined similarly. We do not use them in the paper, so we do not explicitly
define them here.

We denote 74(-; V') as the greedy policy w.r.t. V, i.e., at each state =, we have

mg(z; V) argénjx{r(a:,a) + 7/P(dy|x,a)V(y)}.

B.2 Norms and metrics

For function f : X — R, the L,(p)-norm with respect to distribution p € M(X) over set X is
defined as

1915, 2 [ iy o(do).

If p is the uniform distribution (or a Lebesgue measure), we may drop it in the notation for simplicity
and write || f||,,. In the special case of p = oo, we have

1f1l oo ésgplf(x)k

For two distributions p, ¢ € M(X), the x2-divergence is defined as

X lla) = / (o (dx)q(dg)(dx)) .

B.3 Other examples of matrix splitting

In addition to the example of M = Iand N = I — A in Section 2.2, there are several other commonly
used choices for matrix splitting.

If we decompose A by its diagonal part D, its strictly lower triangular part — L, and its strictly upper
triangular part —U (so A = D — L — U), the choice of M = D and N = L + U leads to the Jacobi
iteration. Clearly, the computation of M~ = D~ is easy.

Ifweselect M = D—Land N =U (or M = D—U and N = L), we get the forward (or backward)
Gauss-Seidel iteration.

In all these cases, solving Mz = Nzi_1 + b is easy. The convergence of these methods can be
established too. For instance, if A is strictly diagonally dominated, the Jacobi iteration is convergent
(Theorem 11.2.2 of Golub and Van Loan [2013]). These examples, as well as other choices available
in the numerical linear algebra literature such as the Successive Over Relaxation method, show that
there are multiple ways to split A to M and IV, each with their own convergence properties.

B.4 Relation between |[P™ — P ||, the Total Variation error, and the KL divergence

The model error ||P™ — P7 ||, appeared in Section 4, and we argued that it is a reasonable choice to
measure the distances between distributions. We expand on it here.

For countable state spaces, the norm | P™ — P™|| is the maximum over states of the Total Variation
(TV) distance between P7(-|z) and P7(-|z). The TV distance itself can be upper bounded by the

12



KL-divergence between the distributions by Pinsker’s inequality. So we get

H’PTr —Pr| = maxHP”(-\at) - ’p”(|x)H1 < max \/QKL(P”(|JC)|75”(|$))

00 reX

The KL-divergence is the population version of the negative-logarithm loss used in the Maximum
Likelihood Estimation (MLE). Admittedly, the maximum over X in ||P™ — P7|| is perhaps strict.
Usually there are states in the state space that are irrelevant to the problem or even unreachable. If
the model is learned from samples, it will be very inaccurate in these states.

C More details on OS-Dyna

Algorithm 2 shows a detailed version of Algorithm 1 for the special case of finite MDPs and model
learning based on MLE. It is important to note that this is only a particular instantiation, and other
variations are possible too. For example, here we assume that samples are coming from a fixed
distribution p, but it is also possible that they come from a trajectory of the agent’s interaction with
the environment. Also many other techniques in RL such as Fitted Value Iteration with a replay buffer
can be used instead of the stochastic approximation method we used in line 10 of Algorithm 2.

Algorithm 2 uses MLE for model learning. In finite MDPs, where P(:|z, a) is a | X'|-dimensional
vector of probabilities for every z, a, MLE takes the form

- N(z,a,2")
Pz, 0) = ="t
(2|, a) S N(x,a,a")
Here, N(x,a, ') is the number of times z’ is reached from x and action a. This gives the model

update in Algorithm 2. In the general case, P may be represented by some parametric distribution
py. Nonetheless, the same principle of MLE can be applied to define the loss function for model
learning. For example, the model can be updated incrementally by moving towards the gradient of
log-likelihood:
t
0« 0+aVy ) logpe(X]|Xi, Ai)ls_g-
i=1

In addition to using the conventional approach of using MLE for model learning [Sutton, 1990, Ha
and Schmidhuber, 2018], more recent research has studied decision-aware model learning, in which
the loss function incorporates some aspects of the decision problem itself. Some examples are Joseph
et al. [2013], Farahmand et al. [2017], Silver et al. [2017], Oh et al. [2017], Farahmand [2018],
Grimm et al. [2020], Schrittwieser et al. [2020], D’Oro et al. [2020], Abachi et al. [2020], Lambert
et al. [2020], Ayoub et al. [2020], Nikishin et al. [2022], Voelcker et al. [2022].

D Proofs and other theoretical results

D.1 Basic properties of the Varga operators S™ and S* and MDPs

Lemma 3. For any policy m, we have
STVt =V".
Also for the optimal value function V* and the optimal policy 7, we have

SV =8V =V"

Proof. For the first part, we write

STV = (L= P™) ' (r" +~(P" = PT)VT)
= (I—~AP™) L (r™ + P V™ — 4PV
= (I—P") (VT —yP™VT)
= (I—yP") {I—yP)V"
=V,
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Algorithm 2 OS-Dyna (Detailed Version)

1: Input: Sampling distribution p over X x A. Learning rate schedule (), . Policy 7 (for PE).
Inner loop iterations L. Environment steps 7.
2: Initialize
e Value function V: X — R with V(z) = 0 for all z,
o Auxiliary reward function 7: X x A — R with 7(z,a) = 0 for all z, a,
e Visitation counts N: X x A x X — Z with N(x,a,z’) = 0 forall z,a, 2.

e Transition Model P: X x A x X — [0, 1] with P(z/|z, a) = ﬁ forall z,a, z’.

3: fort=1,2,...,T do

4: Sample (X, At) from sampling distribution p.

5: Take action A; at X; in the environment.

6: Observe X, ~ P(:| Xy, A) and Ry ~ R(-| Xy, Ap).
7: SetN(Xt,At,Xff) (*N(Xf,Af,Xf{)+1

8

9

Update the model Yz’ € X :  P(a’| Xy, Ay) ZT/,]:,((XJQ(G‘(Z@;LE”)'

Let

Rt""}/v - Z P ‘Xt7At ( )
T'eX
10: SCtF(XhAt) (—f(Xt,At)—FOét(}/t—f(Xt,At».
11: Set UO ~ V.
12: for:=1,2,...,Ldo

13: For every x € &, set
Vi) o P, () + 7 per Pla ’|x 7T(»’C))Uz' 1(@'), (for PE)
! max,e A [r(:v a)+v Y pex Pz, a Ui,l(x’)} ,  (for Control)

7 (x) < argmax [r(x a) + 7y Z Pz’ |z, a)Us_y (z )1 (for Control)
acA 2EX

14: end for

15: SetV «+ Uy.

16: end for

17: For PE, output V. For control, output V' and 7*.

where we used the Bellman equation V™ = r™ 4+ 4P V'™ in the third equality.

For the second part, note that the second equality is a consequence of the first part and V* = V™ .
For the first equality, we prove S*V* = V* by showing that V* is the optimal value function in
MDP (X, A, 7y~,P). To see this, we show that it satisfies the optimal Bellman equation for this
MDP. For any state z,

max7y- (z,a) + YP( |z, a)V* = maxr(z,a) + 7P(-|z,a)V* =P (|z,a)V* +7P(|x,a)V

a

=maxr(z,a) +yP(-|z,a)V*

a

= Vi(x),

where in the last step we used the optimal Bellman equation in the original MDP. O

Lemma4. Let G* = (M™)"'N™ = (I — vP™) "1~ (P — P). For any two functions V; and Vs and
policy ™ we have

S™Vi — STV, = GT(V; — Va).
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Proof. We have
S7Vi = 5TV = (L= 7P7) "L +4(P™ = PTIVi) — (L= 4P7) " (™ +4(P™ = P)V)

= (@ yPT) T A (PT =PIV =T =5 (PT — PT)Vh)

= I —yP") "y (PT = PT)(Vi — Va)

=G"(Vy — V3).

O

Lemma 5. For any value function V' and policy w, we have S*V = S™V where = is componentwise
inequality.

Proof. This is direct consequence of definition S*V = max, S™V. O

Lemma 6. For any policy w, initial state x € X, and a measurable set B, we have that

(M7 (Ble) = 2" (Bla).

Proof. Recall that (M™)~' = (I — ~P™)~1. As |¥P™|ls~c = 7 < 1, we can use the Neumann
expansion

(IT—aPT)~h =Y (P
m>0

Therefore, the probability of starting from state x and reaching a measurable set B is
> uso(YPT)™(Blz), which is ﬁf]” (B|x) by the definition of 7;". O

Lemma 7. For any policy , initial state x € X, and a measurable set B, we have

L (Bla).

/y i (dyle) P (Bly) < ~

Proof. We use the definition of 7™ to get that

/ i (dyla)P™ (Bly) = (1 - 7)

Y

S~

(Z vtﬁf”’<dy|x>>75”<3|y>

t=0

-3y / P (dyla)P™ (Bly)

t=0
i Am(tHD)
=(1-7)) AP (Blx)
t=0
1—7) — L (1)
= B2 eape ) gy
t=0
1 AT 5 (0)
= ;(n (Blz) = (L= 7)P™ " (Bz))
< L (Bla)
=N Zz),
Y
where the inequality is due to the non-negativity of 75”(0) =1L [

D.2 Proofs for convergence of OS-VI for policy evaluation

Proof of Theorem 1 for x = oo



Proof. From Lemma 3, we have S™V™ = V™. By definition V}, = S™Vj,_1 + ef‘lue. Using Lemma 4,
we get

||V7T - VkHOC = H}Sﬂ-‘/fr SﬂVk — leue”
= HG‘“’(VTF _ Vk—l) zalueHoo
< HGWHOOHV” _ Vk—l”oo + Hezalueuoo

oo

Now, we have that

167 = || = 7P~ 1y(P™ — )

e

; (D.1)

(oo}

where we used the fact that for a linear operator F' with || F'|| < 1, itholds that ||(I — F)~!| < = ” i

(when F' is a square matrix, this is Lemma 2.3.3 of Golub and Van Loan 2013). As P’T is a transition
kernel, we can choose the supremum norm, which has the property that || P™ ||, = 1.

and combining the above two inequalities, we get
oo

By defining 7' = - HP’T — P

VT = Villo <ANVT = Viealloo + [l

Expanding this recursive inequality gives

k
VT = Vil SA™IVT = Vol + D2l
i=1
k

< ,y/kHVﬂ- _ VbHoo + ¢Value Z,y/k—z

i=1

- 1 _ ,y/k
= 7/k||V - VOHOO + ﬁevalue)
which completes the proof. O

Before proving the L, norm result, we present a key lemma.

Lemma 8. Let p be an arbitrary distribution over state space. Assume that for any x € X,
7" (-|x) < p, i.e, §7(-|x) is absolutely continuous w.r.t. p. For any policy © and a function
v: X — R, we have

1670l < T2\ O OREP 1P [l
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Proof. Let AP™ = |P™ — PT|.

Using Lemma 6, we expand ||G”v||i p

67l = | stao) [ /I iﬁ”(dym~v<7>”<dz|y>—ﬁ’f<dz|y>>~u<z>r

/x (dz) U —n ™(dylz) - YAPT(dz]y) - [v(2) r

4

e o ], ) (e )
/<// SF) (L)
=(1j47)4 XA(P™ || P2 / (dz) (// dyl@? P”(dzy))
e o[ ) ([
@ 347)4 EPT P [ plao) [ [ @zt )4} [ / ( / M%Z(i)”)]

_ 0 e AR el o [yl Pzl )
= e SET IPl, f[ pta ></ TeR R )
(D.2)

IN

IN

where the second and the third inequalities are from the Cauchy-Schwarz inequality. We now write

I ool =)

/ i (dyle)? - P(de]y)
v p(dz) - p(dy)

o o [T Gl) i yl) - Pr(dely) )
- [ [ [ 55 @) )

= /zp (dz) <m3x ﬁ;(((ji?; ))2 / p(dz) - ( /y ﬁW(dy@(éZW(dz'y))Q'
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Using Lemma 7, we can continue as
T z)% - P7(dz ’
IR e
< <df>(msx“éf"ﬂ”) fre- (5a5)

)
N

Q..

IN

7" (dylz)
% p(dz) (max ;((iy;)x)y(mgx m) /Zﬁ”(dz\x)

= [ (g W)
= C"(p)?,

where we used the fact that 7} (-|z) is a probability distribution, so [, 7™ (dz|z) = 1. Substituting in
(D.2) gives

[N

4
™ Fy ™ A7T ATI'
1670, < g7 P I P C7(6)% el

which concludes the proof. O

Proof of Theorem 1 for the L,(p) norm

Proof. From Lemma 3, we have S™V™ = V7™, By definition V}, = S™Vj,_1 + ef‘lue. Using Lemma 4,
we get

||V7r _ Vk”4,p _ ||S7TV7T Sﬂ'Vk 1= valueH
_ ||G7r(V7r o kal) o 62a1u5||4 y
< ||G7r(V7r Vk 1 ||4p+ Hevalue
S ,Y/HVTr Vk 1||4p 4 ||6v41ue

4,p

H4,p

H4,p’

where we used Lemma 8 in the last step. Expanding this recursive inequality gives
k
V™= Villa, <AEIVT = Volla, + D7l
i=1
k .
< ,y/k”V‘rr _ V0||4,p + 6value Z,Y/kfz
i=1

1k
1-— B Evalue

11—+ ’

<AFIVT = Volly, +
which completes the proof. O

D.3 Proofs for convergence of OS-VI for Control

We prove Theorem 2 for the Lo, and L4(p) cases separately.

For the L, part, we break its proof into two lemmas.
Lemma 9. Assume that k > 1. Let ' be the effective discount factor defined in Theorem 2 for the
* = oo case. Then,

1
1 -

policy
k

v = v IIVk 1=Vl

oo—l 0o

18



Proof. Let < be the componentwise inequality. Using Lemma 4 and Lemma 5 and the definition of

li
'Y, we have

V¥ V™ = 8TV — S Vi g + 8" Vie1 — S Vi1 4+ S Vieey — 8™ Vjy + S™ Vi_q — STRV T
<SG (VF = Vi) — &Y 4 G (Ve — V)
=G (V" = Vi) — fmy + G (Vimy = V) + G (V= V)
= (G™ — G™)(V* = Vioy) — &Y + G (V* — V™).

Note that by definition V* — V™ = 0. Thus, we get

Ve —vm, < H(G”* — GV = Vioy) — @ 4 GV = V)

< (Jle

<29V = Vil

oo

L HIE™ V=V

| +lem™ )||v* Vit +

pohcy

7 v — V”’“Hoo
After rearranging, we conclude

27 policy

€k

V: =V, <

Vk—1||oo +

o

1—
O

Lemma 10. Assume that k > 1. Let v’ be the effective discount factor defined in Theorem 2 for the
* = 00 case. Then forany 1 <1i < k — 1 we have

Vi =V lloo <A IVier = Voo + [l

Proof. Let 7, = my (V;—_1). We have by Lemma 4 and Lemma 5

. S*Vi—l — S*V* — ST(';V* +S7T;V* B S’ﬂ': Vi GW;( * ‘/i—l)7
— SV, =8V —S8T Vi 4+ STV 1—5* 1 < GT(VE=Vily),

where we used S*V* 5= S™V* and ST V,_; < S*Vi_1.

Let | - | and max be componentwise functions. We get

|V* = S*Vi_1] #maX(‘G”i V= V1)l *(V*—Vifl)D
= V" = 8Vl < max((@m v = vi)|| L flem o - v )
< max(*}/HV* - Vi 1||Oo7’Y |V* - i—1||oo)

=7 V* = Vicill >

where we used the upper bound on the norm of G™ and G™ (D.1) and the definition of effective
discount factor 7.
Finally, we write
Vi = V¥l < Vi = 5Vicalloo + IIS* i1 = V7l
< HezfalueH + ||V*

1”007

as desired. O

Proof of Theorem 2 — the L, case
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Proof. Expanding the recursive result of Lemma 10, we get

k—1
||Vk—1 _ V*”OO < ,y/k—luvo _ V*”OO + Z,ylk—l—iHE\i/alueHoo
=1
k—1
< ,y/k—lnvo _ V*Hoo + Evalue Z,y/k—l—z
=1
1— ,_y/k—l
k—1 * 1
/_y/ ||VO_V ||Oo+evauel_7ﬁ)ll
Substituting this in Lemma 9, we get
2,y 1— ,.Ylk—l 1 "
V™ V* /k 1 V V* value policy
H oo € T (V1T = V7l + e i |
= 2oVl @ﬂiiiiwm Lt
(=7 T %

We introduce similar lemmas for the proof of the L4(p) part of Theorem 2.

Lemma 11. Assume k > 1, and p is a distribution over state space. Let ~' be the effective discount
factor defined in in Theorem 2 for the x = 4, p case. Then

policy

v — IIVk 1=V, + €

||4p - 1— 1_7/ 4’p.
Proof. Let < be the componentwise inequality. Exactly similar to the proof of Lemma 9, we have

by Lemma 4 and Lemma 5 that

VF-V™ = Sﬂ—* vV — Sﬂ—* Vi1 + SW*V]C,1 — SV 1+ S5V — STV + 8™V — STEVTE

S GT (V= Visy) = &Y 4+ G5 (Vemy — V™)
=G (V* = Vi) — p"l“y F G (Viy — V) 4+ G (VF — V™)
= (G™ — G™)(V* = Vio1) — Y + G™(VF — V™),
Note that by definition V* — V™ = 0. Thus, using Lemma 8 we can write
IV =Vl < (67 = GmYV* = Viey) — d 4 G (v - V)

‘470

< HG"T* (V* — Vk—l)H4 + ”Gﬂ'k (V* _ Vk_1)||4,p 4 ||G7Tk( Vﬂ'k H4 y + H policy

< 27 HV* Vi 1H4p+ H policy

LIV =V,
After rearranging, we conclude that

policy

V' =V, < o2 o

kaleél,p +

1
1— 11—

4,p

O

Lemma 12. Assume that k > 1. Let ' be the effective discount factor defined in Theorem 2 for the
* =4, p case. Then forany 1 <1 < k — 1 we have

Vi = V¥l <A Vit = VL, + [l
Proof. Let 7, = 7y (V;—1). We have by Lemma 4 and Lemma 5
V= SV = 8V — STV 4 STV STV, = GTU(VE — Vi),
— SV = 8TV = STV 4 ST Vi = 8V S GT (V= Vi),
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Let | - | and max be componentwise functions. We get from Lemma 8

V= S*Vioa| < maX(‘GW;(V* —Vien) |, |GT (V" = Vi—l)D

)

’ 4 w 4

s < v, e v
Y a2 2
(1—77)40 i(p)* - x,(P™
Y et 2 2t i B2 * 4
a7 aPTlP ))V = Vially,

<AV = Visali,

< Zmax( P2,

Finally we write
Vi = V¥, < IVi= SVially , + 15 Vi = V7,

S ||€zalue||4’p +’>/HV* _ ‘/i—1||47p-

Proof of Theorem 2 — L4 (p) case

Proof. Using Lemma 11 and Lemma 12, the proof follows exactly like the proof of the L, case.
Expanding the recursive result of Lemma 12, we get

k—1
Vi1 — V*H4,p <A IVe - V*H47p + Z’y’k_l_’||ezv-alue”47p
=1
k—1
< 'Ylk_lu‘/b _ V*H41p+evalueZ’7/k_l_l
=1

k-1 e 1=7"7"
_ 1k— * value

=7 H‘/E]_V Hél,p—'_6 : 1_,}//
Substituting this in Lemma 11, we get

Th * 27/ 1k—1 * value 1- 7/k_1 1 policy
||Vk_V||4’p§1_’y/- YEVo =V, e = —&—1_7, e »
29" 29'(1 —+"*"1) 1 i
= Vo=-V* srN- r /) _value . H policy .
11— Vo oo+ -z iyl
O

E Additional experiments

In this section, we present further experiments on our algorithms. We consider multiple environments
and settings. Appendix E.1 introduces the environments used. In the next subsections, three sets of
experiments are presented.

1. We further verify OS-VI’s acceleration compared to VI in three environments for both PE
and Control problems (Appendix E.2).

2. We investigate the effect of model error on OS-VI. Two model error formulations are tested
in all environments (Appendix E.3).

3. OS-Dyna is compared to Dyna and model-free algorithms using two learning schedules
(Appendix E.4).
E.1 Environments

We do experiments in three different environments. The details of them are as follows.
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Figure 3: Modified Cliffwalk environment. The red cells in the first, third, and the third rows from
the top are holes with reward of —32, —16, —8, respectively. The top-right corner is the goal state
with reward of 20. All other states have reward of —1. There is 10% failure probability in actions.
Arrows show the policy used for policy evaluation experiments.

Modified Cliffwalk. We design a modified cliffwalk environment to better show the differences
among the algorithms. The environment is a 6 x 6 gridworld shown in Figure 3. The starting state is
the top-left corner. The agent receives reward of 20 at the top-right corner, i.e., every action taken
from this state gives reward of r(z, a) = 20. There are three holes in the middle four cells of the first,
third and the fifth row that if fallen into, the agent gets stuck and receives reward of —32, —16, and
—8&8 on every step, respectively. There is a penalty of —1 in all other states to encourage finding the
shortest route to the goal. The agent has four actions: UP, RIGHT, DOWN, and LEFT. Each action
has 90% chance to successfully move the agent in the chosen direction. With probability of 10% one
of the other three directions is randomly chosen and the agent moves in that direction. If the agent
attempts to get out of the boundary of the environment, it will stay in place.

The discount factor of this environment is v = 0.9. For policy evaluation experiments, we evaluate
the optimal policy. The optimal policy is to take the safest route among (the two, or the only)
closest paths to the right side of environment, as shown in Figure 3. Note that the smoothed models
introduced in (6.1) will over-estimate the danger of cliffs and may take a suboptimal longer path to
be safer. This will make the solution of inaccurate models suboptimal.

Random MDP (Garnet). We use the Garnet environment used by Bhatnagar et al. [2009], Farah-
mand and Ghavamzadeh [2021]. The name is originally chosen as the acronym of Generic Average
Reward Non-stationary Environment Testbed. We use the same name, even though we implement it
for discounted stationary MDPs similar to Farahmand and Ghavamzadeh [2021].

Our Garnet problem is parametrized by the tuple (|X|, |.A|,bp, b.). Here, | X'| and |.A| are the number
of states and actions. The value b,, is the branching factor of the environment, which is the number of
possible next states for each state-action pair. When generating an instance, for each state-action pair,
we randomly select b, states without replacement as the possible next states. Then, the transition
distribution is generated by randomly choosing b, — 1 points on the (0, 1) interval. These points
will partition the interval into b, parts, each corresponding to one of the transition probabilities.
The reward function is only state-dependent. We select b, states without replacement, and for each
selected state x, we assign r(x) a uniformly sampled value in (0, 1).

We generate 100 randomly generated instances of the Garnet problem with |X| = 50, |A| = 4,
bp = 3, and b, = 5. The discount factor is chosen as v = 0.99. For policy evaluation experiments,
we use the optimal policy of the instance. The plots for Garnet show the average values on the 100
problem instances along with a shaded area showing one standard error.
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Figure 4: Maze environment. The top-right corner is the goal state with reward of 1. There is 10%
failure probability in actions. Arrows show the policy used for policy evaluation experiments.

Maze Environment. This is a simple 3 x 3 maze shown in Figure 4. The top-left corner is the
initial state, and the top-right corner is the goal state with reward of 1. Similar to the modified
clifffwalk, the agent has four actions: UP, RIGHT, DOWN, and LEFT. Each action has 90% chance
to successfully move the agent in the chosen direction. With probability of 10% one of the other
three directions is randomly chosen and the agent moves in that direction. If the agent attempts to
get out of the boundary of the environment or hits a wall, it will stay in place. The discount factor is
v = 0.9. We use the optimal policy shown by arrows in Figure 4 for policy evaluation experiments.

E.2 Convergence rate of OS-VI

We empirically compare OS-VI with VI in all three environments. In this section and Appendix E.3,
we evaluate the normalized error of Vj, which is

HVk -vr ”1
—_—— (E.1)
v=ily
for the policy evaluation problem, and
Ve = V™I,
- (E.2)
V=l

for the Control problem. In the Control problem, while V™* has qualitatively the same behaviour as
V4, it usually converges too fast due to the action-gap phenomenon [Farahmand, 2011]. Therefore,
we consider the normalized error of V}, instead of V™* to better see the convergence behaviours.

Figure 5 shows the results for both Policy Evaluation (top) and Control (bottom) problems. The
dashed flat lines show the error values obtained by just using the model P. These errors are relatively
large and do not decrease. This shows that relying on an approximate model does not lead to accurate
value function approximation or a good performance of the resulting policy. VI does not have this
issue as it queries the true P, and eventually converges to the true value function. Its convergence
rate in terms of the number of queries to P, however, is significantly slower than OS-VI that can
benefit from both P and P. Even an approximate model with relatively large errors, characterized by
)\, enjoys the accelerated convergence rate.

E.3 Effect of model error on OS-VI

Our theoretical results (Theorems 1 and 2) show that the convergence rate of OS-VI is affected by
the accuracy of 75, as its accuracy determines the effective discount factor 7. In this section, we
further investigate this effect. To do so, we run OS-VI with smoothed models obtained by a range of
smoothing parameters. The smoothed models are defined in (6.1). A higher smoothing parameter A
will make the transition distributions more uniform and less accurate.

The normalized errors of OS-VI in several initial iterations (k € {1,3,5,7,9}) of OS-VI are plotted
against the smoothing parameter A in Figure 6. The difference among the iterations shows the
convergence rate of OS-VI. For larger model errors, characterized by larger A, the gap between errors
in different iterations become smaller with a large absolute error. This means that the method has not
progressed much towards the correct solution. In very large values of )\, close to one, there are cases
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Figure 5: Comparison of OS-VI with VI and the solution of the model, in the Policy Evaluation (a)
and the Control (b) problems. The comparison is done in maze (left), Garnet (middle), and modified
cliffwalk (right) environments. Garnet plots are average of 100 instances. The shaded area is one
standard error.

that the order of iterations has changed, and later iterations have larger errors than earlier ones. This
is when the value function is diverging.

To better show the divergence scenario of OS-VI, we introduce a new way of introducing model
errors. The self-loop perturbed model is defined as

P(-|a,a; P, A) = (1 — NP(|z, a) + M (-|z), (E.3)

where I(-|x) is the distribution of deterministically staying in state x. Larger values of A push the
model transitions towards an MDP where no transitions occur. Similar to smoothing, larger values of
A lead to more inaccurate models. The effect of this new model error is shown in Figure 7. We see
that a clear divergence happens for large values of ), around 0.5-0.6. The error of OS-VI increases
with each iteration.

E.4 Additional Experiments on OS-Dyna

In this section we compare OS-Dyna with Dyna and model-free algorithms. We focus on the modified
cliffwalk environment and smoothed MLE models defined in Section 6.

In the implementation of OS-Dyna, V}, is calculated from 7, and P through exact dynamic program-
ming to reduce the noise. Specifically, we find the optimal value function V*(P, 7\ ) and the value
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Figure 6: Effect of smoothing on convergence of OS-VI in Policy Evaluation (a) and Control (b)
problems. Models are obtained by smoothing as in (6.1). The comparison is done in maze (left),
Garnet (middle), and modified cliffwalk (right) environments. Garnet plots are average of 100
instances. The shaded area is one standard error.

function V7 (P, ) by performing VI on MDP (X, A, P, 7). The same is true for Dyna. The value
function is updated to the exact solution of the model on every iteration.

For policy evaluation, we compare to TD-Learning, which updates the value function given each with
each sample (X, 7(X¢), R¢, X{) in the following way:

V(Xy) « V(Xy) + au(Re +v - V(X)) = V(Xy)). (E.4)

Here, o is the learning rate at step £. We use constant and rescaled linear [Wainwright, 2019] learning
rate schedules in PE experiments. The rescaled linear schedule sets a; = ﬁ We fine tune
the learning rate schedule for each algorithm independently such that 0.1 normalized error (E.1) is
achieved as fast as possible. In constant learning rate, the value of « is 0.2 for TD-Learning and
0.05 for all OS-Dyna instances. In rescaled linear schedule, o, u = 1,0.999 for TD-Learning, and

a,u = 0.8,0.995 for OS-Dyna.

The results for PE are shown in Figure 8. OS-Dyna converges faster than TD-Learning in both
learning rate schedules. Also note that unlike OS-Dyna, Dyna does not converge to true values in
presence of model error. It is worth mentioning that Dyna without model error is the best one can
do in policy evaluation problem without any additional assumptions on the environment. Thus, it is
expected to outperform all other algorithms.

In Control, OS-Dyna is compared with Dyna and Q-Learning using the delayed decay [Sutton and
Barto, 2019] and rescaled linear [Wainwright, 2019] learning rate schedules. The delayed decay sets
ar = afort < N and oy = o/ (t — N) otherwise. The learning rates for each algorithm is fine tuned
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Figure 7: Effect of self-loop error on convergence of OS-VI in the Policy Evaluation (a) and the
Control (b) problems. Models are obtained by self-loop perturbation as in (E.3). The comparison is
done in maze (left), Garnet (middle), and modified cliffwalk (right) environments. Garnet plots are
average of 100 instances. The shaded area is one standard error.
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Figure 8: Comparison of OS-Dyna with Dyna and TD-learning in the Policy Evaluation problem
using constant (Left) and rescaled linear (Right) learning rates. This is average over 20 runs. The
shaded area is one standard error.

to achieve the optimal policy as fast as possible and stay stable on it. Figure 9 depicts the expected
return V™ (0) of the policy 7; obtained by different algorithms (higher is better).
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Figure 9: Comparison of OS-Dyna with Dyna and Q-learning in the Control problem using delayed
decay (Left) and rescaled linear (Right) learning rates. This is average over 20 runs. The shaded area
is one standard error.

In delayed decay learning rate, we have a, N = 0.02,68000 for Q-Learning. For instances of
OS-Dyna we have
e OS-Dyna (A =0): o, N = 0.02, 30000
e OS-Dyna (A =0.1): o, N = 0.02, 35000
e OS-Dyna (A = 0.5): a, N = 0.02, 50000
e OS-Dyna (A = 0.8): o, N = 0.02, 48000
e OS-Dyna (A = 1): o, N = 0.02, 80000

In rescaled linear learning rate, we have o, v = 0.1, 0.9999 for Q-Learning. For instances of OS-Dyna
we have

e 0S-Dyna (A = 0): a,u = 1,0.9

e OS-Dyna (A=0.1): a,u=1,0.9

e 0S-Dyna (A = 0.5): &, u = 1,0.9995

e 0S-Dyna (A = 0.8): &, u = 1,0.9995
0S-Dyna (A = 1): a,u = 1,0.9995
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F Extended related work

In this section, we provide a comparative analysis of the convergence behaviour of OS-VI (Ap-
pendix F.1). We also point to some work where the Jacobi and Gauss-Seidel iterations or some form
of matrix splitting have been studied in the context of dynamic programming (Appendix F.2).

F.1 Comparison of convergence behaviours of OS-VI, value iteration, policy iteration, and
modified policy iteration

We briefly compared the convergence behaviour of OS-VI with the convergence of VI in Section 4
after stating Theorem 2. Here, we expand that discussion, and include comparison with PI and MPI
as well. We consider three aspects:

1. (Model Error) How does the model error affect the convergence limit?

2. (Transient Error) How fast the initial error in the approximation of value function diminishes
as the iteration number k£ grows?

3. (Approximation Error Amplification) How are the errors at each step of these algorithms
amplified and are affecting the outcome policy?

Let us discuss the Model Error first, as it is a crucial difference between OS-VI and other methods
such as VI, PI, and MPI. Suppose that we do not know P, but only have access to P # P, and we

use the approximate model with VI (2.3) (that is, we perform Vj, < max,{r™ + 775ka1 1), or PT or
MPI, as shall be recalled soon. These methods then converge to the optimal value function/policy

w.r.t. the dynamics P. Let us denote the optimal value function w.r.t. P by V*, and the optimal
policy 77*. These are, in general, different from the optimal value function V* and policy 7* w.r.t. the
dynamics P — they are biased.

If we execute 7* in the true environment with dynamics P, its performance will be lower than the
performance of the optimal policy 7*, measured according to their corresponding value functions.
The performance can be upper bounded as follows [Avila Pires and Szepesviri, 2016, Theorem 7]:

2Wmax

oo_ 1—7

e -ve

< —H(P—P)V*

P PH

For the methods that only rely on the approximate model P, this performance deterioration is in
general inevitable. This is the essence of sim2real problem.

OS-VI does not have this issue. By using both P and P, it brings the potential benefit of querying
an approximate model (which is supposedly computationally cheaper), while guarding against
converging to a biased solution. Of course, this is under the condition that it converges, which is the
case if the model is accurate enough. Note that OS-VI uses more information (both P and ‘P) than
VI, PI, or MPI, which only use either P or P- they cannot benefit from both.

Since OS-VI needs access to P, one may wonder if it is beneficial to use OS-VI after all, as opposed to
using VI, PI, or MPI with the true model P. The answer to this question depends on the convergence
rate of these algorithms. A faster algorithm requires fewer queries to the true model P. The rest of
this subsection is dedicated to studying their convergence rates, focusing on the effect of transient
error and the approximation error amplification.

To set the stage, let us introduce the approximate models of VI, PI, and MPI. These should be
compared with (4.1) and (4.5)-(4.6) in Section 4.

Recall that VI iteratively applies the Bellman operator 7" to the previous value function Vj_; in order
to obtain the new approximation V}, of the value function, cf. (2.3). As discussed for OS-VI in the

beginning of Section 4.1, there might be an error in each step, which we formalize by considering

that an error function efll”e is added to the operation of the exact VI:

v T™Vj—1 + €/, (Policy Evaluation)
P Ve + ey, (Control)

When af‘l”e = 0, we get the exact VI (2.3).
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At each iteration of PI, we first compute the greedy policy 7y < m4(Vi—1) and then perform PE in
order to compute V™. In approximate PI, we might have error at computing the greedy policy or
computing its value function. These errors are modelled as

TV 1 =T"Vi_1 + ei"“cy, (policy improvement) (F.1)
Vi = V™ 4 g [= (I — P™) 1™ 4 %], (policy evaluation) (F2)
The Modified PI is similar to PI with the difference that instead of aiming to compute V™ at each
step exactly (ignoring the ei“l”e term for the moment), it only partially moves towards it by applying
T7™ for m > 1 times. That is, V}, < (T™)™V,_1. When m — oo, by the contraction property of

the Bellman operator, V;, — V™. This is exactly the same as PI. When m = 1, it is the same as VI.
The approximate MPI is modelled as

TV 1 =T"Vi_1 + eg’licy, (policy improvement).
Vi = (T™) ™ Vi1 + efe, (partial policy evaluation).
To simplify the comparison, we focus on the supremum norm-based analysis for each of these

methods. Some of the existing results are not exactly in the form that we need. For example, they
take k£ — oo, which loses the information about the transient error.

Convergence of value iteration. We consider VI (PE) and VI (Control) separately. For VI (PE), we
derive the bound as follows:

VT -V, =T"V7" — (TTFV]C,1 + 6\];alue) _ ,YPTF(VW —Vio1) + 6\];alue _

k—1
= S (P + PV - V)
i=0
Assume that ||€/4¢||, < "3 forall i = 1,..., k. We then have
™ 1 - ’yk value k| m
VT = Vil € =" +7"V" = Vol (F.3)

This upper bound shows the effect of transient error and the approximation error at each iteration.
The transient error decays with the rate of O(y*). This can go to zero quite slowly when the discount
factor is close to one. The approximation errors /"¢ of the approximate VI procedure, upper
Evznlue

1=y

bounded by €"¥"¢, are amplified by a factor of (1 — v)~!. Asymptotically, we have behaviour.

This result should be compared with Theorem 1 with the choice of x = oo, which shows that OS-VI
(PE) behaves as

1k

g 1- g valug ™
W™= Villoo < 3¢ W4 AFNVT = Vol oo (F.4)
with v/ = ﬁ”?” — P7||oo. When the model is accurate enough (||P™ — P7||oc < 1 — ), the

effective discount factor +' is smaller than the discount factor « of the original MDP. Consequently,
the transient error of OS-VI can decay significantly faster than VI’s. Moreover, the error amplification
of €' is by a factor of (1 —+/)~%, which is smaller than that of approximate VI under the same
condition on model accuracy.

We also have a similar result for VI (Control). We follow the proof of Equation (2.2) of Munos
[2007] to get that for the greedy policy 7, <— 74(Vi—1), we have
* T 2 *
IV =Vl < 772V = Vil (ES)
-7
To upper bound |[|[V* — Vi _1||0, We add and subtract T*V;,_s to V* — Vj,_1, and benefit from
V* = T*V* and the triangle inequality to get
V" = Vil S NTV" =T Via|l oo + 1T Viz = Vi |
<AV = Vol + 1T Vi — Vi ||
=[IV* = Vieall oo + [lei2F
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Repeating this argument, we obtain

k—1

IV* = Vitllo = D625 + 51V = Vol e
=0

Plugging this inequality in (F.5) and using the same assumption that |[e}*|,, < €' for all
i=1,2,... lead to

2 1— k—1
||V* — V7T ||OO < ﬁ |:1’7ryevalue + ,yk—lHV* i %||OO:| ) (F.6)

The transient behaviour is O(v*), as in VI (PE). The amplification of the approximation errors is by
a factor of (1 — ~y)~2. The result for VI (Control) should be compared with Theorem 2 with x = oo,
which is

policy
€k

2,}//]6 27/(1 _ ,y/k'—l) Eva]ue N 1

VE— V| < Vo—V* S —
|| Hoo =7 77,H 0 Hoo + (1 77/)2 1—+

(F7)

o0

As in the OS-VI (PE) case, the transient behaviour is O (v’ k ), which can be much faster than VI’s
whenever the approximate model is accurate enough. The error amplification is (1 —~')~2, which is
smaller under the same condition. We have an extra ||¢?*"|| ., term, which is the possible error in
the computation of the S-improved policy. The parallel for VI would be the error in the computation
of the greedy policy. In the VI model considered above, we did not consider such a source of error.

policy
i

Convergence of policy iteration. Considering that €
[2003], which states that

V= VPV = V) oy [P = P ) T Iy P ) = P (Vg = V),

= 01in (F.1), we use Lemma 4 of Munos

Noticing that 0 < V*—V 7™ by taking the absolute values of both sides, and using Jensen’s inequality,
we get that

[V* = V™| yP™ [V = VTt 4
[P = A P) T P = AP TP P Vg — VT,
Taking the supremum of both sides over the state space, and benefitting from ||P™|| ., = 1 and that

(X 779”)71HOO < ﬁ (for any ), we obtain

* s * T 27 value
VZ =V <AlIVF =V + m“ekll

Expanding this, we get

k—1
V" =Vl < T2 S 2l + 2V = VL
i=0

0 = 1 —
Assuming that ||}, < e“ve forall i =1,...,k — 1, we get
* T 27 1-— § valu - * T
Vs =V, < (1(_7;2)e e k=L y _ o) (E8)

This shows that approximate PI has the transient behaviour of O(7*), and it amplifies the PE error
"4 by a factor of (1 — ) ~2. This is the same as VI, and the comparison with OS-VI is exactly the
same: whenever the model error is small enough, approximate OS-VI benefits from the approximate

model P and improves both the transient error rate and the error amplification.

The results of Munos [2003] does not consider the possibility of €?*'” being non-zero. For that, we
report the asymptotic result of Proposition 6.2 Bertsekas and Tsitsiklis [1996], which states that
2,7 Evalue + 6policy

, E9
=7y )

limsup||V* — V7| <
k— o0
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Table 1: The transient and error amplification effects on ||V* — V||, for various method

Method Transient Error Error Amplification
value
VI (PE) (E.3) YIVT = Volloo =
k value
VI (Control) (F.6) v -ville  #Sp
value olicy
PI (F.8)-(F.9) P VE =V, B
2 k " 2 €value_"_epolicy
MPI (F.10) IV = Vollo 7](1_77)2
0S-VI (PE) (F4) YEIVT = Voll o =
29"% 111 29 e[|
0S-VI (Control) (F7) {2 |[V* — Vo[, iy =

in which [|?"Y |, < €?iY forall i > 1.
Convergence of modified policy iteration. Lemma 4 of Scherrer et al. [2015] leads to

. - 2,},(1 _ ,ylcfl)evalue + (1 _ ,yk)Gpolicy 2,Yk .

The transient behaviour is O(y*), and the error amplification is (1 — )2 for both PE error "4
and greedification error e, The comparison with OS-VI is as before, and shows that OS-VI can
improve the convergence rate of the transient error as well as reducing the error amplification effect,
if the model is accurate enough.

All these error bounds are summarized in Table 1 for ease of comparison. For the error amplification
terms, we only consider the asymptotic behaviour by letting & — oo to simplify the presentation.

F.2 Matrix splitting, Jacobi, and Gauss-Seidel iterations for dynamic programming

Kushner and Kleinman [1971] is one of the earliest paper we could find that mentions the Jacobi and
Gauss-Seidel procedures for computing the value function. The focus of that work, however, is to
propose accelerated variants of the Jacobi and Gauss-Seidel procedures through an over-relaxation
procedure (cf. Section 3.1 of Varga 2000).

Bacon and Precup [2016] provide a matrix splitting perspective on planning with options. Their
use of planning does not refer to the problem of Control (finding the optimal policy), but refers to
the PE problem given a set of options that are consistent with the policy that is evaluated. They
show that the computation of the value function using a given set of options can be interpreted as a
particular choice of matrix splitting. The splitting depends on the dynamics, intra-option policies,
the policy over options, and the termination probability of options. They show that decreasing
the probability of termination, which corresponds to longer execution of options, leads to faster
convergence of the planning. Although this is one of a few work that makes the connection between
a dynamic programming-based approach and matrix splitting in numerical linear algebra explicit,
it is fundamentally different from ours. They use matrix splitting to shed light on what planning
with option does, but do not suggest a new algorithm. Their studied algorithm (VI-like procedures
using options) does not benefit from the existence of an approximate P to accelerate. The source of
acceleration is the multi-step behaviour of an option. On a more detailed note, the matrix splitting in
their work is of the regular splitting type, which has nice properties but is not suitable for the analysis
of the splitting in this work.

The connection between multi-step models and matrix splitting is further developed in Chapter 4
of Bacon [2018]. He starts from the n-step model, and its corresponding Bellman-like equation
for policy evaluation, which would be V™ = ;:01 (YP™)tr™ 4+ (yP™)"V™ (when n = 1, this is
the usual Bellman equation). The value of n determines the number of unrolling steps. When n is
randomly selected through a process that at each step decides whether to terminate or continue the
unrolling with a probability determined by a function A : X x X — [0, 1], where A(x, 2’) depends
on two consecutive states x and z’, this leads to the so-called A-models. This is closely related to the
(B-models of [Sutton, 1995]. A A\-model leads to a generalized Bellman equation. Bacon interprets
the generalized Bellman equation as a particular choice of matrix splitting. The termination function
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A leads to a matrix splitting M ™ () and N7 (). This in turn determines the convergence rate of the
iterative VI-like procedure for the computation of the value function, as the convergence rate depends
on the spectral radius of M™(\)~!N7()). Similar remarks as the case of options applies: Bacon
[2018, Chapter 4] sheds light to why already existing methods work, but it does not introduce a new

algorithm; the analyzed algorithms do not benefit from an existence of an approximate model P.

Porteus [1975] propose several transformations to the reward and the probability transition matrix
with the goal of improving the computational cost of solving the transformed MDP. One of the
transformations, called pre-inverse transform, has some similarities with the operator splitting of
this work. The end result, however, is different. That work considers a matrix W™ and define
F* = I —-W™)"1r™and P™ = (I - W™)~1(P™ — WT). It requires that for any 7, the matrix
W™ be a lower triangular and be dominated by P™ as 0 < W™ < P7 (W™ does not need to be a
stochastic matrix). The paper then suggests performing one step of the Value Iteration as

Vi < argmax(I — W)~ r™ + (P™ — W™)Vi_4).

If W™ was 75”, this would be the same as (3.5). But we consider a probabilistic model 75”, which
does not satisfy the setup of that work, including being a lower triangular or dominated by P™. That
paper in fact considers W™ to be the lower triangular part of P™ (i.e., [W7™|y 0 = [P™]y,q for
1 <2’ <z < |X|) and zero otherwise), and then benefits from the lower triangularity of W™ to
re-derive the Gauss-Seidel variant of VI.

Porteus referred to Varga [1962] to motivate another variant of pre-inverse transformation, in which
WT is not only dominated by P”, but also is diagonal. In that case, larger /'™ leads to smaller
spectral radius, which determines the convergence rate. If W™ is selected to be the diagonal part of
PT (.., [WT]g.0 = [P™]a.2. and zero for other elements), one retrieves the Jacobi variant of VI.

Although it is difficult to be sure why the condition 0 < W™ < P™ was imposed, the paper’s
reference to Varga [1962] suggests that he was influenced by the concept of regular splitting, which is
satisfied under the aforementioned condition.
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