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A Architecture and Pseudo Code of BPQL
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Figure 4: BPQL architecture: The agent selects an action using an augmented state, which is obtained
from the temporary buffer, as an input of the policy. At every time ¢ > 2d, a transition tuple
St—dy St—ds Ot—ds Tt—d, St+1—d, St+1—d 18 stored in the replay memory, and the policy and beta critic
are trained by minimizing Jz and Jg,,, respectively.

Algorithm 1 Belief-Projection-Based Q-Learning (BPQL)
1: initialize a policy 74(a|5), beta critics Qg g (s., a), target beta cri.tics Q§'5(s,a), an empty replay
memory D, a temporary buffer B, delayed timesteps d, learning rate for the beta critic A\g,.,

learning rate for the policy Az, and soft update ratio 7

2: for episode = 1 to E do
3: fort=1to H do
4: if ¢ < d then
5: executes action a; randomly or ‘No-Op’ action
6: put a; to B
7 else if ¢ = d then
8: choose action a4 randomly or ‘No-Op’ action
9: s1 +Env(ag)
10: put s; and aq to B
11: else
12: get St—q,at—g, - - .,a¢—1 from B
13: St (st_d,at_d,...7at_1)
14: ay < 7T¢(§t)
15: St+1—d>Tt—d %EHV(CLt)
16: put s;11_¢ and a; to B
17: if £ > 2d then
18: get S¢_2d, St—2d+1, St—d> At—2d, - - - » @y—q from B
19: St—q < (St—2d, Qt—2d;- -+, Qt—d—1)
20: St—dy1 < (St—2d41,Qt—2d41,- -+, 0t—d)
21: store (gt_d, St—dsAt—dsTt—d, §t+1_d, St—‘rl—d) inD
22: POp St_24, 24 from B
23: end if
24: end if
25:  end for
26:  for each gradient step do
27: w<—w—)\QﬁV(;JQﬂ(w)
29: W Tw+(1—71)w
30:  end for
31: end for
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B Proof of Proposition 3.2

Proposition 3.2 Let the projection operator on the column-space of the belief matrix B with respect
to the weighted Euclidean norm || - ||w be Iy, where W = [p™ (1), p™ (52), ..., p™ (8;)] is a steady-
augmented state probability vector, and the Markov chain be irreducible i.e, p™(5) > 0 for all
k€ {1,2,...,7}. Then the combined operator yT" is y-contraction with respect to || - ||w-

Proof. Let Vrl,mj_ and Vﬁroj‘ be an arbitrary vector in R, P7(5|5) be a transition probability of 5 — &’

when the agent follow the policy 7, and V, P, V2P be the k-th element of the Vi, and V2
respectively.

HHWTT?Vplyroj. - HWT%Viroj.H%V (28)
= HHW(T%V;rOj. - TﬁViroj.)H%V (29)
< HHW(TT‘-V[l)roj. - Tﬁvgroj.)H%V + H(I - HW)(TT_FV}I)roj. - TﬁV[Q)roj.)H%V (30)
= HTﬁVpl)roj. - Tﬁvgr(u”%’v (31)
= HR + VPV;roj. - (R + ’vagroj.)H%V (32)
S A , NN 2
= S (1) (S P (il (V0 = 1)) (33)
S S . N2
< Y851 0" (Sk) X P (51]58) (Vzl’pmj' - Vf’””‘) (34
. S __ . N2
= S, By (50 P ) (VP = V) (35)
o o i\ 2
= y=,p" () (VP - 1) (36)
Ei:lpﬁ(gk)f:’ﬁ(glﬁk) = p”(5;) by the definition of p™
= 7||V;r0j. - Vgroj.”%V) (37
where Equality (31) holds by the Pythagorean Theorem, and Inequality (34) follows from the Jensen’s
inequality. O
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C Environment Details

(a) (d) (e)

Figure 5: MuJoCo continuous control environments in the experiment: (a) HalfCheetah-v3, (b)
Walker2d-v3, (¢) Hopper-v3, (d) Swimmer-v3, (e) InvertedPendulum-v2, and (f) Reacher-v2.

Table 2: Details of the MuJoCo environment

Action dimension  State dimension  Timestep (s)

HalfCheetah-v3 6 17 0.05
Walker2d-v3 6 17 0.008
Hopper-v3 (s) 3 11 0.008
Swimmer-v3 2 6 0.04
InvertedPendulum-v2 1 4 0.04
Reacher-v2 2 11 0.02

D Implementation Details

In this section, we provide the implementation details of the algorithms used in this study. All
methods presented in the experiment used an SAC as their base learning algorithm with the following
characteristics:

Stochastic Gaussian policy approaches.
Automated entropy adjustment [Haarnoja et al., [2018].

Clipped-double Q-learning, which was introduced in the TD3 algorithm to prevent overesti-
mating the Q-value [Fujimoto et al.| 2018].

Soft target update, which changes the target values slowly and improves the learning
stability[Lillicrap et al.,2015].

Adam optimizer, a variant of the stochastic gradient descent method [Kingma and Bal 2014]).

The details of the hyperparameters are presented in Table 3.

Table 3: Hyperparameters for BPQL and the baselines.

Hyperparameters Values
Critic network 256, 256
Policy network 256, 256
Discount factor 0.99
Replay memory size 1M
Minibatch size 256
Learning rate 0.0003
Target entropy -dim|.A]
Target smoothing coefficient 0.995
Optimizer Adam
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sw0s E Plots of Performance Comparison

405 In this section, we present several plots of the performance curves of BPQL and other baselines in
406 the environments with delayed timesteps of 3, 6 and 9.
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Figure 6: Performance curves for each algorithm in continuous tasks with three, six and nine delayed
timesteps.
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F Additional Experiments

F.1 Extremely Long Delayed Environment

We conducted additional experiments to determine how well BPQL could solve the control problem
even in very long delayed environments. Figure[7]shows that in BPQL, the policy is improved through
interaction with the environment in a very long delayed environment, but the conventional methods
find it difficult improve their policy.
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Figure 7: HalfCheetah-v3 environment with 20 delayed timesteps (left) and InvertedPendulum-v2
environment with 25 delayed timesteps (right). Each timestep is 0.05 s and 0.04 s for HalfCheetah-v3
and InvertedPendulum-v2 environments, respectively. In the InvertedPendulum-v2 environment,
to prevent early failure, the agent uses a pretrained policy to determine the actions of the first 25
(=number of delayed timesteps) timesteps. We repeated the test for the tasks five times with different
random seeds.

F.2 Action delay

We also evaluated BPQL and other baselines in action delayed environments. Figure [8|illustrates the
interaction between an agent and action delayed environment.
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Figure 8: In an action delayed environment, the environment takes the delayed action a;_4 instead of
the current action a;, where d is the number of delayed timesteps.

F.2.1 Augmented State in an Action Delayed Environment

In an action delayed environment, the augmented state at time ¢ + d is defined as:

Si4d = (St,Qt—ds Qt—dq1, -+ 5 Gi—1), (38)

where the d is the number of delayed timesteps for an action. The CDMDP for an action delayed
environment is defined as a tuple (X, A, R, P,v,d,), where X is the original state space, .A is the
action space, R : X x A — R is the reward function, P : X x A x X — [0, 1] is the transition
kernel, v € (0, 1) is a discount factor, and d, is the number of delayed timesteps for an action.
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This CDMDP can be reduced to a MDP (S, A, R, P, ), where S = X x Ada is an augmented state
space, R : S x A — R is the reward mapping, and P : § x A x § — [0, 1] is the transition kernel
as in the case of observation delayed environments [Katsikopoulos and Engelbrecht, 2003]]. BPQL
for action delayed environments uses the augmented state defined in Equation (38) instead of the one
defined in Equation ().

F.2.2 Results
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Figure 9: Performance curves for each algorithm in continuous tasks with 3 action delayed timesteps.
We repeated the test for the tasks five times with different random seeds.

Delayed timesteps=6
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Figure 10: Performance curves for each algorithm in continuous tasks with 6 action delayed timesteps.
We repeated the test for the tasks five times with different random seeds.

Delayed timesteps=9
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Figure 11: Performance curves for each algorithm in continuous tasks with 9 action delayed timesteps.
We repeated the test for the tasks five times with different random seeds.
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