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Abstract. In distributional reinforcement learning, the entire distribution of the return instead of just the
expected return is modeled. The approach with categorical distributions as the approximation
method is well-known in Q-learning, and convergence results have been established in the tabular
case. In this work, speedy Q-learning is extended to categorical distributions, a finite-time analysis
is performed, and probably approximately correct bounds in terms of the Cramér distance are
established. It is shown that also in the distributional case the new update rule yields faster policy
evaluation in comparison to the standard Q-learning one and that the sample complexity is essentially
the same as the one of the value-based algorithmic counterpart. Without the need for more state-
action-reward samples, one gains significantly more information about the return with categorical
distributions. Even though the results do not easily extend to the case of policy control, a slight
modification to the update rule yields promising numerical results.
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1. Introduction. Distributional reinforcement learning (DRL) is a subfield of reinforce-
ment learning where the entire return distribution is modeled directly, rather than just the
expected return. Bellemare, Dabney, and Munos [1] introduced a particular distributional
framework based on categorical distributions. Rowland et al. [8] established convergence
results in the tabular case for this approximation method. In 2011, Ghavamzadeh et al. [5] in-
troduced a new variant of Q-learning [11], called speedy Q-learning (SQL), which was subject
to finite-time analysis and achieved impressive experimental results. Finite-time analysis in
terms of probably approximately correct (PAC) bounds was also performed for Q-learning [3].

In this work, motivated by the results of Ghavamzadeh et al. [5] and Rowland et al. [8], the
SQL update rule is applied in the distributional framework, and PAC bounds for the resulting
algorithm are established in terms of the Cramér distance. It is shown that the sample
complexity of this algorithm is essentially the same as in the value-based case. Furthermore,
the accelerated convergence of SQL in terms of the expected return also translates to the
distributional case.

After presenting the theoretical background in section 2, the speedy categorical policy
evaluation (SCPE) algorithm is introduced, and the main theoretical results are stated in

*Received by the editors September 4, 2020; accepted for publication (in revised form) February 18, 2022;
published electronically June 6, 2022.

https://doi.org/10.1137/20M1364436

TDepartment of Mathematics and Geoinformation, TU Wien, Vienna, Austria (e1634838@student.tuwien.ac.at,
clemens.heitzinger@tuwien.ac.at).

675

Copyright © by STAM. Unauthorized reproduction of this article is prohibited.


https://doi.org/10.1137/20M1364436
mailto:e1634838@student.tuwien.ac.at
mailto:clemens.heitzinger@tuwien.ac.at
mailto:clemens.heitzinger@tuwien.ac.at

Downloaded 07/28/22 to 128.131.239.45 . Redistribution subject to SIAM license or copyright; see https://epubs.siam.org/terms-privacy
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section 3. The corresponding proofs are given in section 4. In section 5, the problems of using
the SQL update rule in the control case are discussed. Lastly, in section 6, the theoretical
results in the policy evaluation case are confirmed experimentally, and it is shown that a slight
modification to the update rule recovers the improved convergence in the control case.

2. Background.

2.1. DRL. The reinforcement learning objective is formalised by a Markov decision process
(MDP), i.e., a tuple (X, A, r,p), where X is a set of states and A is a set of actions. In this
work, we only consider finite MDPs, i.e., |X| < oo and |A| < co. Trajectories (X¢, Ay, Ry) are
obtained through the selection of actions at given states, where the probabilities of state tran-
sitions are defined by the deterministic function p and R; are defined by the kernel r, where
r(-|z,a,z") represents the immediate reward when transitioning from state x with action a to
state /. The Markov property requires that X;,; and R; only depend on the previous state
and action (z,a), i.e.,

P (Rt =5, Xpn =2 Xy =2, A =a, X4 1 =241,.. ) = r(s|z,a,2)p('|z,a).

The standard approach to reinforcement learning is to model the expected return, usually
by a state-action value function ). As the name suggests, the core of DRL is to model the
entire distribution of the return directly.

For (z,a) € X x A, the return Z™(x, a) is the sum of discounted rewards along a trajectory
following the policy 7 starting in state z and taking action a, i.e.,

Z"(x,a) = Z’tht,
t=0

where Xo=z, Ap=a, X1 ~p(|Xe,Ar),
Appr ~ ([ Xiq1), Ry ~ (- Xy, Ay, Xeg).

The function Z™ mapping state-action pairs to random variables is called the return distribu-
tion function.
The usual state-action value function Q™ can be related to the return distribution function

by observing that
Q"(z,a) = E[Z7(x,a)].

Furthermore, the Bellman equation [2] can be extended to the distributional case as
(2.1) Z7(5,a) 2 R+ 4 27(X", ),

where X' ~ p(-|x,a), A" ~ 7(-|X’), and R ~ r(:|z,a, X’). Here the equal sign indicates that
the random variable on the left-hand side and the one on the right-hand side are identically
distributed.
Let 177(fc’a) denote the underlying probability distribution of the random variable Z™(x, a),
giving us a second representation
Z7(w,a) ~ )

of return distribution functions in terms of probability measures.
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Let n: X x A — Z(R) be an arbitrary mapping to probability measures on R. For a
given policy m, the distributional Bellman operator 7™ can be written in terms of cumulative
distribution functions as

z—R
(22) FTTW](QC’“) (Z) = E |:Fn(X/vA/) ( 5 ):|

due to (2.1). If n corresponds to the return distributions of =, i.e., n = 1, it follows directly
from the Bellman equation that 7™ n, = n,.

2.2. Categorical DRL. A challenge of DRL is to find appropriate methods to approximate
the return distributions. Bellemare, Dabney, and Munos [1] proposed to use N fixed atoms

z1,...,zN or grid points and defined the set of categorical distributions as
N N
P - {zpiazi b2 001 zpz-:l}.
i=1 i=1

As this set is not closed under the Bellman update, we have to project distributions back onto
this set. Thus the categorical projection operator Il was introduced, which is explained in
more detail later.

Rowland et al. [8] connected this operator to the Cramér distance, which is defined between
two return distribution functions as

22 (na f) = sup 62 (77(5570‘)75(%‘1))
(z,a)EX XA

1/2
== SUP </ ’F (x, a) Fg(x,a) (Z)’de) .
(z,a)eXxA

The key observation was that
[T : PYXA 5 pExA

is a /7-contraction in l5. With this fact, the convergence of categorical policy evaluation
to ¢, the unique fixed point of IIo7™, was proven. Note that since we only approximate
distributions, we have n¢ # 1, in general. However, if the return distributions n,(rx’a) are
supported on [z, zy] for all (z,a) € X x A, then increasing the number of atoms yields a
better precision, i.e.,

-2 1

G (ne,mx) < =y 11%17;%(\](22'“ — %).

For policy evaluation, Rowland et al. [8] considered the update rule given by the weighted

sum

(2.3) " = (1 — gz, @) + (e, ) DT,

Here 7,7 is the stochastic Bellman operator at time k, which depends on samples z}. ~ p(-|z, a)
and aj, ~ 7(-|z}) as well as the reward sample rj, ~ 7(:|z,a,z}) for each (z,a) € X x A. In
terms of cumulative distribution functions, the operator can be written as

_ 2 =Tk
(2.4) FTI;n(x,a)(Z) = Fn<z;€,a;€> ( ~ ) ’
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which is a random variable for all z € R due to (2.1), and we have

Froyen (2) = E | Frzyon(2)]

In the update rule, ag(z, a) are stepsizes. If n,(f’“> is supported on [z1, zny]| and the Robins—
Monro conditions Y ;% ay(2,a) = oo and Y 5oy ax(w,a)® < oo hold for all (z,a) € X x A,
then the Cramér distance to the fixed point of IIo7™ converges to zero almost surely, i.e.,
O(nk,me) — 0 [8, Theorem 1].

In practice, the state and action samples usually come in episodes and at time k, 7 is only
updated at the current state-action pair (x, ax) in the trajectory, and we have ay(x,a) =0
for all (z,a) # (zk,ar). This method presents the categorical distributional analogue to the
temporal difference (TD) algorithm [9, 10].

For policy control, we change 7," in (2.3) to the stochastic optimality operator 7, given
by

Z— Tk %
(2.5) an(z,a)(z) =F o) ( ) , ajp=argmax E [Z],

N Y acA ZN’?;iIkya)
and obtain the categorical distributional equivalent to Q-learning [11, 10]. In this control
case, convergence was only established with the additional assumption that a unique optimal
policy exists [8, Theorem 2].

2.3. SQL and sample complexities. For a sample z,a,r,z’, where 2/ ~ p(-|z,a), the
Q-learning [11] update rule reads

(2.6) Qrr1(z,a) = (1 — ap(z,a))Qr(z,a) + ag(z,a) <7’ + Y mex Qk(a?’,a)> )

Let @* denote the unique optimal value function. Further, assume that the rewards are
bounded by Rpa.x. For v < 1 and g := ﬁ, let Vinax := BRmax be the maximal attainable
return.

If the updates with (2.6) are performed synchronously, that is, at each time step k all
state-action pairs (z,a) € X x A are updated, and we have polynomial learning rates

1 1 <w<1
ap=+———, -<w
k (]C n 1)w7 9 )
then for a finite state-action space n = |X x . A| and for v < 1, the following finite-time behavior
is known [3]: with probability at least 1 — 4, the inequality

(2.7) Q" — Qrll <€
holds for

€2

1
4R2 1 nBQRmax w max ﬁ
T Z C (B max Og de + <510g /BRE a; )

and for some constant C' > 0.
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Following the reasoning of Even-Dar and Mansour [3] and Ghavamzadeh et al. [5], if v is
close to 1, 8 becomes the dominant term and the bound is optimized for w = 4/5, yielding a

complexity of
2 5/4
54R12n N log ng szax ~
0 ( o108 25 _ 65,

€2

since g = O(f) <= g < C1flog®(f) for some constants C;,Cy > 0.

The bound in probability and the derived sample complexity also hold for the evaluation
of the value function Q™ for an arbitrary policy 7.

Ghavamzadeh et al. [5] introduced a faster variant of Q-learning and named it SQL. They
defined the update rule

(2.8)
Qr+1(z,a) == (1 — ag)Qr(z,a) + axTrQr-1(z,a) + (1 — ) (T Qk(7, a) — T Qr—1(7, a))

based on two previous time steps instead of just one, where
TeQ(x,a) = r + ymax Q(2’, a)
acA

and the learning rate is ai = k%rl The key difference to Q-learning is that SQL uses a more
aggressive learning rate for the third term. Changing it to o (TrQk(x, a)—TEQr—1(x, a)) would
be equivalent to Q-learning. The difference seems small; however, it yields faster convergence,
i.e., it can be shown that the inequality

~y 210g27”

29) 1~ @rllue < Wanas | L+ 1/ 2

holds with probability 1 — ¢, and thus for

T 11.668%V;2,, log & .
2

we have

Q" = Qrl <e

Again, viewing § as the dominant term, we have a convergence rate of O(3%/€2).

3. SCPE. In the following, the update rule of SQL is extended to categorical distributions
in the policy evaluation case. We chose to extend SQL to distributions, rather than standard
Q-learning, because it yields faster convergence. However, it is worth mentioning that the
main idea of the proof is also applicable if one uses (2.3) and (2.6).

In order to translate SQL to categorical distributions, we combine (2.8) and (2.3) for the
evaluation of a fixed policy 7 into the update formula

B0 =" o (MeTEnl =) + (1= o) (7o ~TeTenY).
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where we start with two initial return distribution functions ng = n—1 € P,. We again use the
learning rate ay, := k%rl
It is straightforward to see that (3.1) can be rewritten as the convex combination

o k (ra 1 @0
(z,a) _ (x, )+ 71)1@[771:,771@—1]( ' )’

vt = e k+1

where we define the sample update as
Dyl ) ) o= KT = (k= DT}

Note that it is ad hoc not clear whether Dy [ny, 7x—1]®® is a probability measure. In general,
it is a finite signed measure, and thus we also do not know if the recursively defined n(x D are
indeed probability measures. The consideration of this problem makes up a substantial part
of the analysis in section 4.

In the following analysis, we only consider the synchronous version of policy evaluation,
which is shown as pseudocode in Algorithm 3.1. Like the finite-time analysis of SQL and
Q-learning, it can also be extended to the asynchronous case, where we consider a policy with
finite covering time.

In order to formulate the main result below, we collect the following assumptions.

Assumption 1. The state-action space is finite with n := |X' X A| elements. The categorical
distribution 7 is the unique fixed point of IIoT 7. The rewards are bounded by Rmax > 0.
The discount factor  is smaller than 1, and we let 8 := 1—1xﬁ’ Let Vipax i = ﬁRmaX be the

maximal attainable return. For the N fixed atoms we assume z; = —Vinax and zy = Viax.
Lastly, the two initial return distribution functions are equal, i.e., n_1 = 7, and the 7 are
obtained by update rule (3.1).

The main result is the following.

Algorithm 3.1. Synchronous SCPE

1: Input: discount factor v, policy 7, number of iterations T, initial guess g

2: -1 < 1o

3: forke0,...,T—1do

4: af < kiil

5 for (z,a) € X x Ado

6 Sample l‘;g Np( |l’ a)7 CL;C ~ 7T(|ZC;€), TE ~ r(-|x,a,$;€)
(z,,a,)

7 kwnk s ity Pri " Orjtrz
(:L" @ )s

8: k7r77k 1 s DARY @ Otz

9:

10: DY kT ™ — (k — DT

11:

12: 771(;1? — (1= o™ + a, D

13: end for

14: end for
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Theorem 3.1. Under Assumption 1, the inequality

) lOg 2nN
770 77T V 2Vmax6 T + ?

holds with probability at least 1 — 9.

We give two corollaries.

Corollary 3.2. Under Assumption 1, for any 0 < € < /Vinax, the inequality ||ne — 77TH22 <e
holds with probability at least 1 — § after

_ 6.5332Viyax log 228
o 2
€

steps of SCPE.
Corollary 3.3. Under Assumption 1, nr converges to nc almost surely in 0.

The proofs are deferred to section 4.

Corollary 3.2 leads to following complexity analysis. For each time step k, we sweep over
the entire state-action space. Therefore, after T' iterations, 3nT samples are available in total
(reward, next state, and next action in each time step). For 7 close to 1, we have 5 ~ 23.
Recall that Vipax = BRmax. Therefore, the sample complexity of SCPE is

O(np?/e?)
(omitting the logarithmic factor). The number N of atoms only contributes to the logarithmic
factor. Thus, increasing the accuracy of the distribution approximation causes only a small

penalty.
Further, SCPE has essentially the same sample complexity as value-based SQL, which is

O(np*/e*).

The difference in the power of 8 stems from the fact that a different metric was used. To see
how the difference in expected values and the Cramér distance relate, consider two measures
i, v supported on [z1, zy]. Then,

|EZ;L~M [Zu] - IEZVNV [Z,,] ‘
[e'e) 0
| =R -0-Re- [ Re-Re

< [ IR - Rl h

< HFM - Fl/||2 H]l[zl,zN}Hg
= (an — Z1)1/2 1Fy = Fully = v/ 2Vimax 2 (p, v

This inequality precisely captures the relationship of inequality (2.9) and Theorem 3.1. As
Vimax = BRmax this also explains the difference in the power of 8 in the sample complexities.
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It is quite an interesting result that the sample complexity remains the same when switch-
ing to distributions. One does not need more samples when modeling the entire distribu-
tion. Further, the sample complexity is independent of the number of atoms—the precision
with which the return distributions are modeled. However, the computational complexity
O(nNB%/€?) is higher, of course, and a table with nN elements is needed to store the return
distributions.

4. Analysis. The analysis follows the outline of Ghavamzadeh et al. [5]. Since in DRL the
return distributions depend on state, action, and reward samples, it is imperative to extend
the notion of random variables to random distributions. We define signed random measures
according to Kallenberg [6].

Definition 4.1. Let (Q,.A,P) be a probability space, and define
M := {v signed measure on (R, B) | [v(B)| < oo for all bounded B € B},

where B is the Borel-o-field on R. M 1is equipped with the o-field M, which is the smallest
o-field such that v — v(B) is measurable for all B € B.

Measurable functions X: (Q, A,P) - (M,M), w — X, are called signed random mea-
sures.

The expected measure E [X] € M is given by

E[X](A) :=E[X(A)], where X(A): Q >R, w— X,(A).
Further, Fx(z) :== (w — Fx_(2)) is a random variable for all z € R, and we have
(4.1) Fep () = E [X] ((—00, 2)) = E [X(—00, 2]] = E [Fx(2)].
The set of all signed random measures on E C M is denoted by
P(E):={f: (QAP)— (E,M|g) measurable}.

(z,0)

4.1. Step 1: Stability. As mentioned, we do not know whether 1, are indeed probabil-
ity measures. For that reason, we first define a vector space of finite signed measures, which
allows us to freely perform addition and scalar multiplication.

Definition 4.2. Let L be the set of finite signed Borel measures
L= {V signed measure | 3F,: R — R right continuous,
v((a.1]) = E,(b) ~ Fyfa). [v(®)] < oo, lm_F,(z) =0, lim Fy(z)| < oo},
L becomes a real vector space by defining
(4.2) (ap +bv)(A) == ap(A) + bv(A), p,veL, a,beR, A a measurable set.
Equation (4.2) immediately implies that

(4.3) Faprbw = aFy, + bF,.
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The categorical distributions are also extended to a subspace of signed measures,

g z = {Zcz Zi

The categorical projection operator Ilg can be easily applied to elements of L by defining

CiGR}QE.

Zi+1
(4.4) He: L= L., Fh.(z) = 1/ F,(z)dz, Fu..(2n) = lim F,(z).

Zi+l — 24 2Z—00

From (4.4) and (4.3), it is not difficult to see that Ilc: £ — L, is a linear projection.
Furthermore, from characterisation (2.4) and (4.3) it follows that also 7,7 : LY*A — £¥*4 ig
a linear mapping.

Recall that Z(P,) in the next lemma is the set of random measures with values in P,.

Lemma 4.3. For all k > 0, it holds that Dy[n, ni—1]|*% € 2(P.) and n,(f’a) e Z(P,).

Proof. This result is proved by induction. Since we only extended II¢7," to signed mea-
sures, it is still true that when passed a (random) probability measure Ilc7," outputs a random
probability measure.

Recall that Dy[ny, ng—1] = kIlc T, i — (k— 1) T ne—1. As the initial return distributions
are identical, we have

Dolino, n-1) = e TgnG” = e Tng.

Dok, nk,l](‘”’“) is a random probability measure and an element of Z(P,), since 77(() ) ¢ P..

(

Of course, nox’a) € Z(P,) also (interpreted as a random measure which takes n(() “) with
probability 1).

Assume that Dy [nk,nk_l](x’a) and 17,(f’a) are random probability measures. To show the
induction step, we can relate Dy 1[nk+1, k] to Dk[nk, Nk—1] by observing that

Dir M1, M) &Y

= (k+ DT 8 — ke T s

- 1 (@,a) (z,a
:@HMﬂﬂQﬁﬂHkammﬂ> —HTICTE

:/-chTan +Hc7zfs—1pk[77ka77k—1]( ©@) — K Toan (z “
= HCEJrl’Dk [nka nk’fl](x,a)v

where we used the fact that II¢7," is linear. Thus, Dyy1[Mk+1, k] € 2(P.) also.

Since " .
D _
Mt = 7 5y Deles k1]
and P, is a convex set, we have nlg_’cll) € Z(P.). [ ]
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4.2. Step 2: Error martingale. The history of the algorithm at time k can be captured
in the form of the filtration

Fy = o-field generated by ry,x},d},... 1%, 2}, a), (7,a) € X x A.

The expected update is given by

D, 1] = E [Dkz[nkank—l](x’a)

The error e,(f’a) and the cumulative error to the sample update E,gx’a) are given by

e](f’a) = D[nk, nk_l](z’a) — Dy, [ﬁka ﬁk—l](m’a),
k

E,(f’a) = Z egfr’a).
j=0

2.4 “
Fiea] e — (k= DT,

Again, we can rewrite the update rule in terms of the expected update and the error as
(145) W = o+ g (P - ).

It is not immediately clear how one can turn the errors into a martingale. The following
lemma shows that we have to look at the cumulative distribution function at each atom.
Lemma 4.3 and Lemma 4.4 are the core results that allow us to extend the analysis of SQL
[5] to categorical distributions. One can extend the result (2.7) from Even-Dar and Mansour
[3] in a similar fashion.

Lemma 4.4. The inclusions el(f’a) € Z(L,) and Eliw’a) € P(L,) hold for all k > 0. For
each atom z;, it holds that the cumulative distribution functions of the error € evaluated at
z; form a uniformly bounded martingale difference sequence, i.e.,

(4.6) forall k>0, E [Fe(z,a) (2i) ]:k_l] —0 A ’Fem,a) (=) < 1.
k k

Proof. By Lemma 4.3, Dy[ng, ne—1]® € 2(P,) holds. Tt follows from (4.1) that the ex-

pected measure D[ny, nk,l](’”’a) € P,. This makes egf’a) the difference of a random probability
measure in & (P,) and a probability measure in P,. Therefore it is an element of Z2(L,).

Further, E,(f’a) is the sum of elements of Z(L,) and thus also in Z(L,).
By definition,
E [ﬁi(f’a) fk—l} =E [D[ﬂk,ﬁk—l](m’a) — Di[ng, Mp—1] " fk—l}

= Dng, 1)@ — E [Dk[ﬁk,ﬁk—1]($’a) ’ﬂq} =0¢€eL,,

and therefore

E |:F€§f’a) (Zz)

]:kfl} = FIE [El(cz,a) ]__kil] (Zz) =0eR.

Furthermore, we have that
Fe;(f’a)(zi) = Dl )0 (zi) = FDy o] (2i)

is the difference of a real value in [0, 1] and a random variable with values in [0, 1]. This makes
it a random variable which is bounded by 1. |
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4.3. Step 3: Upper bound. The following lemma shows that n, =~ ¢ T ™ np_1.
Lemma 4.5. For all k > 1, the equality

1
N = %(HCTWnO + (k= DT -1 — Ex—1)

holds.
Proof. The equation is proved by induction. The result holds for k£ = 1, since

m = Dno,n-1] — €0 =T -1 — €0 = T no — Ep.
Assume that the equation holds for k£ > 1. The definitions of D[ng, nx—1] and Ej imply

Mk+1
= f_ L _1|_ T (P, 1] = er)
=7 _IT_ et i 1 (kT ™ — (K — DT " ng—1 — €x)
= k—lif—l (;(HCTWUO + (k= DI T ™ k-1 — Ek—l))
+ k_lkl(kHcTWUk — (k= DIcT k-1 — €x)
= kil(HcTWUo +EUcT e — E—1 — ;) = kqltl(HCTﬂno + ke Ty — E),
which concludes the proof. |

As L, is a vector space, it is more convenient to work with norms instead of metrics. For
that matter, we define

N-1 1/2
(4.7) 1llg, = (Z (zi41 — zi) Fo(20)* + FV(ZN)Q)

i=1
for all v € £,. Tt is not difficult to see that |.||,, is a norm on £, and induces the metric /2

on P.. By taking the supremum over all state-action pairs, this property extends to /5.
Further we define the norm

lvllg, == sup vl = sup  max [F},(z)]
oo (z,a)EX XA oo (z,0)€X x A 1SISN o

for all v € L£,. The inequalities

(4.8) lo(p,v) = [|p — V||£2 <V 2Viax (|11 — V“gw < V2Viax

hold for all  and v € P,. Lastly, since e,(f’a) is the difference of a random probability measure

and a probability measure in P, (see proof of Lemma 4.4), Fe(z,a)(z]v) = 0 holds, and thus
k

E

(4.9) 1EklIz, < v 2Vinax || Ekllg,,

follows from (4.7).

F (.0 (2n) = 0 also. The inequality
k
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Lemma 4.6. For all k > 1, the inequalities

fﬁ

k—
I = mell, < v/ 2Vina + 5 Zf 711l

hold.

Proof. Again, this is proved by induction. We use the fact that II¢7™ is a \/7-contraction
in ¢35, substitute the equality from Lemma 4.5, and apply the norm inequality (4.8).
For k = 1, the inequality holds as

Ine —mllz, = 1T ne — e T no + Eollz,
< V7 lIne = mollg, + 1 £oll,
< VAV 2Vinax + | Eoll,
< VBV 2Vinax + | Eollg, -

Assume that the equation holds for k& > 1. It also holds for k + 1, since

e — e+l
1
= |HeT ™ ne — 7—— T no + kIl T g — Ey)
k41 7
(e T™ne — TeT™n0) + —— (e T e — e T ) + —— B

k+1 ¢/ ne ¢/ Mo k1 ¢/ ne ¢/l Mk kot 1 k&

VA LN 1
< — — E. -
<o Ine = mollg, + E e — mllz, + k+1 | Bkl

i kA | VA8 - 1
< TVt T | V2V kZ\F 1Bjillz, | + 57 1Bl

NaVal k+1

Al \F ﬁ 1 kt1—j

kot 1 2Vinax + k+ 2Vinax + 77— k1 Z\/> ||E] 1”42

2 k+1

VB 1 k1
= 2Vm X Bl )

k 4 1 a. + k 4 1 Z ﬁ H J IHEQ

which concludes the proof. |

4.4. Step 4: Bounding the error in probability. Applying the Hoeffding—Azuma inequal-
ity is the crucial step in proving Theorem 3.1.

Lemma 4.7 (maximal Hoeffding—=Azuma inequality [5]). Let V := {V4,...,Vr} be a martin-
gale difference w.r.t. to the filtration Fj, (E [Vi|Fr—1] = 0) such that V is uniformly bounded
by L > 0. Then for any € > 0, the inequality

k 2
—€
P (113ka<XT ZZ,_ 1 Vi > 6) < Zexp (2TL2>

holds.
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Lemma 4.8. For all € > 0 and all time steps T, the inequality

—e2
P FE < 2nN
<1I<nka<XT k-1l ) Ty exp ( 2T )

holds.
Proof. Fix (z,a) € X x A, and define

k
E]’i: =F (z a) ZZ Z FE(CL‘ a) Z/L
j=0 '
By Lemma 4.4, V; = F (x o(z), 7 =0,...,T, is a martingale difference sequence w.r.t.

F; and uniformly bounded by 1. Therefore, we can apply the maximal Hoeffding—Azuma
inequality, which takes the form

2
<
P <lg1ka<XT]Ek 1> e) 2exp < 2T>

By taking the union over all atoms, we have

P ( max HE(xa
1<k<T

>e> :P<max max |Ej_ 1\>6)

1<k<T 1<i<N

N
-F (U | Ll > })

—e2
< 2N exp ( 5T >

Similarly, taking the union over all (x,a) € X x A, we find

_¢2
<
P (1r<nka<XT I Ex-1ll7.. > 2nN exp ( 5T >

which concludes the proof. |
4.5. Step 5: Concluding the Proof of Theorem 3.1.
Proof of Theorem 3.1. By Lemma 4.6 and inequality (4.9), we find

fﬂ

T—k
Ine —nrllz, < 2WVinax + 7 E VYT Ek-allg,
P

B
f 2Vinax + 5—, 2Vinax max HEk—IHZ
1<k<T oo

By Lemma 4.8 the inequality

&2
< =:
P <1r<nka<xT | Ex-1ll7.. > 2nN exp < 5T ) o
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holds. Setting § as above and solving for € yields

2nN
P FE 2T'1 >1-—9.
<1glka<XT‘ k-1llz o675 ) -

Therefore, with probability at least 1 — J, we have

_ _ ~ 21og 22N
La(nesnr) = lInc —nrllz, < V2ViaxB % + Ta ,

which concludes the proof of the theorem. |
Proof of Corollary 3.2. Define

CB%Vinax log @

T := 2 ,

- B%Vinax log 2 -
= 2,

implying
<

> W
For C' =2 ++/2 +2v/1+ /2 < 6.53, it follows that

2 1 2
ly(ne.nr) < eV2 \/ <eV2 =+t\=] € u
/logQ%N C C

Proof of Corollary 3.3. After rearranging, we have

7 e Y Te?
P (l2(ne,nr) > €) < 2nN exp (\/%B — o 4VB2> '

1 1
t

) < 1, we find an inequality of the form

. : 1 :
As o= > 0, we can omit this term. Since eXp(—m

P (C2(ne,nr) >€) <Cq", C>0, 0<g<l1.

Therefore Y77 (P (¢2(ne,nr) > €) < oo, and by the Borel-Cantelli lemma we have almost
sure convergence. |

5. Policy control. Unfortunately, the analysis cannot be easily extended to categorical
distributions in the control case. There are several reasons.

First, the Bellman optimality operator 7 is not a contraction in f5. Bellemare et al. [1] pro-
vided a counterexample for the Wasserstein distance that also works for the Cramér distance.
Therefore Lemma 4.6 does not hold if 7™ is replaced by 7.
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Nevertheless, we consider the update rule for the control case,
(5.1) Met1 =Mk + oM Ty ¥ et — i) + (1 — o) (M T me — e T, 1) -

Here 7, denotes the greedy policy w.r.t. the expected values of 7, and it holds that 7, *n; =
Ty k-
It can be shown that such update rules produce the same expected values as their value-
based algorithmic counterpart [7]. Therefore, we can be sure that Qg(z,a) := Ez~n<”’a) [Z]
k

converges to the unique optimal value function Q*, because Q) satisfies (2.8).
If we assume a unique optimal policy 7*, then Q. comes close enough to Q* such that
m, = 7 after some time, and it remains to evaluate the return distributions of 7* for which
convergence holds. This is the reasoning Rowland et al. [8] used to prove their control theorem.
This approach does not work in the present control case, as the update rule (5.1) does not
necessarily yield probability measures anymore, which can be seen as follows by revisiting the
proof of Lemma 4.3 and calculating

Dyt o1, )

= (k+ DIT ) — ke T

. k 1 (wa) va
= (k+ DT, <k: et 1Dk[77k777k—1]> - kHCTI;:IflnI(c “

= KT ™ + e Dl i) @) — KL T

for the control case. But if w1 # 7, this is not equal to chﬁflpk Mk nk,l](m’a) in general,

and hence L77(:6’“) + = Di [k, e—1]@® is not necessarily an element of 2 (P,), meaning
E+1'1k F+1

that we now obtain signed measures in the general case.

In order to fix this problem, one could alter the update rule to become
(5.2) Mt1 := Mk + e T 1 — i) + (1 — o) (T T F e — T T n—1).
With this changed definition, Lemma 4.3 holds again, but we run into different problems. The

first problem is that Lemma 4.5 does not hold any more, as we now have

1
e = E(HcTﬂoﬁo + (k= DI T™ 1 — Ep_1)
k-1
(5 — D)(MeT™nj—q — T ™ n-1).
=0

+

S

But if the policies do not change anymore after time step 7', the summands are zero for &k > T,
and the second term becomes small as k tends to infinity. Thus, nx = II¢7T nr_1 holds again,
which indicates this problem to be minor. However, it leads to the second, more serious,
problem, namely, showing that the expected values of nkx’a) obtained by (5.2) still converge
to the optimal value function Q*.

Nevertheless, this adjusted update rule shows good experimental results, as discussed in
the next section.
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6. Experimental results.

6.1. Combination-lock. Consider the combination-lock environment [4]. We have a set of
500 states x;, which are arranged in a chain. In each state, we can choose between two actions
left or right; see Figure 1. Choosing right takes the agent to state z;;; but yields a reward
of —0.01. Taking left takes the agent to a previous state with probability p(xy|z;, Left) o ﬁ
and yields reward 0. Transitioning to the goal state z5gp gives the reward +15.

The action right brings us closer to the goal state but yields a negative reward, whereas
the action left has no immediate negative reward but moves us further from x509. The
rewards are set up such that choosing right in all states is the unique optimal policy. This
makes an interesting control problem, because the long chain has to be essentially solved right
to left. It is also a good benchmark for policy evaluation, because the trajectories are long
and when choosing left there are a lot of possible successor states.

In the experiment, v = 0.999 and 51 equally spaced atoms or grid points between —10 and
15 were chosen. The SCPE algorithm was run 10 times for 5000 iterations with random initial
distributions (51 random numbers were drawn independently from the uniform distribution
[0, 1] for all (z,a) and then divided by their sum to form probabilities). For comparison, the
TD update rule (2.3) with polynomial learning rates w € {0.55,0.8, 1} was tested. The limiting
return distribution n¢ was estimated by performing SCPE for 50 000 iterations, denoted by 7.

In Figure 2(a), the maximum Cramér distance f2(n, fic) to the estimated limiting return
distribution function and the maximum absolute distance of the corresponding expected re-
turns, averaged over the 10 runs, are shown. This confirms that indeed about the same sample
complexity holds in both cases.

In Figure 2(b) the clear performance benefit of the speedy update rule (3.1) over the TD
one (2.3) is visible. This plot resembles the results of Ghavamzadeh et al. [4].

The same experiment was performed in the control case. The instability problem of using
the unadjusted update rule (5.1) is illustrated in Figure 2(a). Here, measures with negative
probabilities were indeed produced. Using the adjusted update rule (5.2) yields almost exactly
the same performance improvements as in the policy evaluation case; see Figures 2(b) and
3(b).

6.2. Gridworld. In order to put the adjusted update rule (5.2) to the test, we investigated
the convergence of the expected values to the optimal value function @Q* in an environment
with multiple optimal policies. We consider an n x n gridworld, where the agent can move
up, down, left, and right. If the agent moves to the cell with coordinates (z,y) € {1,...,n}?,
it receives reward +(|(n —z + 1) — y| + 1) with equal probability. Only at the goal cell (n,n)
is the positive reward n always obtained. Figure 4 shows an overview of this environment.

Figure 1. Combination-lock environment.
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Figure 2. Policy evaluation in the combination-lock environment.
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Figure 3. Q-learning in the combination-lock environment.
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Figure 4. Gridworld with rewards given at each cell.

The difficulty for the agent is to recognize that wandering around in the environment gives
an expected return of zero and that the optimal strategy is to reach the goal cell as quickly
as possible. This can be done along multiple paths in the grid, and lucky immediate rewards
causes the agent to often change direction.

For this environment we used the same experiment setup as in section 6.1 with n = 25 and
v = 0.9. While it was possible to compute the expected values simply from the categorical
distributions for update rules (2.3) and (5.2), this was not the case for rule (5.1) in the
gridworld environment. The unadjusted update rule (5.1) led to such instabilities that the
signed probabilities under- and overflowed the 64 bit double value range. For this reason, we
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Figure 5. Comparison of the adjusted (5.2) versus the unadjusted (5.1) update rule by the mazimum
absolute difference to the theoretical optimal value function.

directly used the update rule for @ values (2.8) in this case, where the initial Q-tables were
uniformly sampled from [—n,n].

In Figure 5, the maximum absolute difference to the theoretical optimal value function
Q* is shown for both environments. For the combination-lock environment, the expected
values were obtained from the distributional updates of the control experiment of section 2;
for the gridworld, the expected values were obtained as described in the last paragraph. While
the adjusted update rule is slightly better than the unadjusted one in the combination-lock
environment, it lags behind in the gridworld example.

Both the adjusted (5.2) and the unadjusted (5.1) SQL update rules are convincingly faster
than the standard Q-learning update rule in both environments. Further, the greedy policies
changed up to around time step 600 in the combination-lock environment, whereas in the
gridworld they change in over 85% of the steps up to the last iteration. This suggests that the
adjusted update rule is still robust under frequent policy changes, but they may slow down
convergence.

7. Conclusions. In this paper, SQL was extended from the value-based case to categori-
cal distributions. For evaluating a fixed policy, PAC bounds in terms of the Cramér distance
were established. This led to the observation that even though the computational and space
complexity scale linearly in the number of atoms N, the sample complexity scales only loga-
rithmically in N. Thus, switching from standard reinforcement learning to DRL or increasing
the accuracy of the distribution approximation yields only a small penalty in terms of tran-
sition samples needed. An application in two simple environments confirmed the theoretical
results empirically.

The reasons as to why the finite-time analysis could not be easily extended to the case of
policy control were stated. Experiments showed that a slight modification to the update rule
results in the same performance improvements as in the policy evaluation case. An in-depth
analysis of this adjusted updated rule remains for future work.
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