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Abstract. In this paper we propose Reward Machines — a type of finite state machine that supports the specification of reward functions while exposing reward function structure to the learner and supporting decomposition. We then present Q-Learning for Reward Machines (QRM), an algorithm which appropriately decomposes

the reward machine and uses off-policy g-learning to simultaneously learn subpolicies for the different components. QRM is guaranteed to converge to an optimal policy in the tabular case, in contrast to Hierarchical Reinforcement Learning methods which might converge to suboptimal policies. We demonstrate this behavior

experimentally in two discrete domains. We also show how function approximation methods like neural networks can be incorporated into QRM, and that doing so can find better policies more quickly than hierarchical methods in a domain with a continuous state space.

Running Example Reward Machines in Action Second idea (HRL baseline) Theorem: QRM converges to an optimal policy in the limit.
- This RM starts in uy and transitions to u; when A is reached. The Use the RM to extract options and learn using Hierarchical RL. Code (coming soon at): bitbucket.org/RToroIcarte/qrm
Symbol Meaning agent gets a reward of 0 from that transition’s reward function.
Bk k C N Agent " ST Results
» 9 . 9 =
=S Furniture B b o | = | % (-D,0)
¥ 0 = S" s Coffee machine - AL D vy Di D .
A : 1Iscrete Domains
e = Mail room P Meta-Controller
& . . 5 0 Office w / | o Office World
A, B, C, D Marked locations T S 1
“ B st i C =
% :z: 7-CA 7TB 7TC 7TD . ' 1 8 i J 108
(] (] ‘ = E
Motivation _A | o . | | : | W 06
— Third idea (HRL-RM baseline) e 0 = A 2 | |
Task: Patrol A, B, C, and D. Positive reward is given only when the agent completes a cycle. Use the RM to also prune useless options. T E * J | |,
. ——I <_'Ar0> A - S 2 S D 'c_é
Steps to solve the task using RL: & A RN o s S
oS~ ®)
. . ' ' B k C "z 10,000 20,000 30,000 40,000 50,000
Someone programs a reward function. e e N Number of training steps
e The learning agent gets the reward function as a black box. A e D, :
gagent g 1. 5 - ST l I < Minecraft World
im = 0 # global variable E ~ ‘ ‘ ‘ ‘ 1
2def get_reward(s): Meta-Controller z J—I—N
3 if m == 0 and s.at("A"): " =
4 m = 1 L9 8 - 0.8
55 if m == 1 and s.at("B"): Se? Se2 = - VYA
e : A ‘ ' N A 5| | o6
77 if m == 2 and s.at("C"): ud Reward FunCthn TUa % % 7)() %
: m = 3 S 104
of if m == 3 and s.at("D"): ] o ] ] o "8
W omo=0 . Problem: Hierarchical RL might converge to suboptimal policies! N/ 1 0.2
ul  return 1 Other Examples of Reward Machines S
12 return — 0
. . N N = 5 5 5 5 6
Deliver cofttee to the office. Deliver coffee to the office B i * C Z NZ' 10b 4: Hf’ 6.10° 8-10° 1-10
What if we give the agent access to the reward function’s code? while avoiding the furniture. 'l“?‘L Hmber ol training steps
Advantage: The agent can exploit the reward structure! How? (e, 0) (0,0) (true, 0) (~#,Ry)  (7o,Ry)  (true, Ry) o A = e Legend: = Q-Learning ~ HRL == HRL-RM == QRM
o J ? \__/ ’ 0 1 2 ! - . .
What is a Reward Machine (RM)? T AN a A LB Continuous Domains
S — where Ry = —1 iff the agent is at * (zero
otherwise) and R is like Ry but also gives : C el :
Idea: We encode reward functions using a finite state machine. areward of 1 when the office is reached. Deep QrRM uses DDQN with prioritized experience replay.
(—A.0) Deliver coffee and the mail to
[ =0 ¥ glohal variabis the office Deliver coffee to the office Our final method (QRM) v Water World
2 e. et reward(s): . . . . o . . . . < -
| if m == 0 and s.ar('AN): (e A2, 0) while avoiding the furniture. e Learn one policy (q-function) per state in the RM. O (L £ 5
55 if m == 1 and s.at("B"): (e A%k, 0) (moA—%,0) (true, 0) . . . o | 4 0.8
1 I KO\  Select actions using the policy of the current RM state. © QL =
i == and s.at("C"): => {(*D,0) (B, 0) ® A\ . ; - 1
| m Ty 2 oand sear(ieh): —(uo =0y oD é:) » Reuse experience to update all the g-values at the same time. O Q 5 | -
of if m == 3 and s.at("D"): — | AR .
1o m =0 (%, (-0 A%, 0) (—A, 0) % g | 0.4
11 return 1 Q _qﬁ) AT 0.2
12 return O s .
£ o B N 3K C © Q g AN WAl
. 2 5-10° 1-10° 1.5-10° 2-10°

(true, 0)

A reward machine consists of the following elements:
A finite set of states U.

- An initial state uy€ U. How to exploit an RM’s structure
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