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Abstract: Recent progress in model predictive control (MPC) and reinforcement learning (RL) has led to a growing interest in many
complex decision-making tasks. However, MPC heavily depends on the model and RL often disregards safety concerns, which prevents
them from being applied to real-world applications. This survey presents the trends in MPC and RL from the perspective of safety
concerns, based on different safety levels associated with MPC and different levels of interaction with the environment in RL. Also,
integrated approaches that take advantage of the strengths of MPC and RL are explored. Finally, this paper outlines future directions

for safe decision making based on MPC and RL.
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Fig. 1. Comparison of MPC and RL regarding safety concerns.
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Fig. 6. Update procedures for the projection-based constrained
policy optimization [58].
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2.1 Background planmng

Background plannmg—‘ grEste A Et ke HA
3t e ne ghoz 278t of e B3
et M*ﬂ 718& B e 2 3h 4w} o]

S U e} TE SAMBA [64]5 PILCO (Probabilistic
Inference for Leaming Control) [65] 7| ¥F o2 8}55 71-9-A] <k

Reward and Cost Balance
o i, I3 = (I - 8)

N =

() owere O ows o oo e i
a9 7. S arel & 2 E g 7 s} s HR[66).
Fig. 7. Safe model-based reinforcement learning process [66].
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Fig. 8. Safe offline reinforcement learning architecture [79].

3.1 Q-learning 7|&t

CPQ (Constraints Penalized Q-leaming) [73]-> BCQ (Batch-
Constrained Q-learning) [74]E5- 7| WFo. 2 3} ¢hA gk © )9l
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dlo|EAlS F38 AL H AL, realtime budgetS 913+ adaptive
response’™= = THA|OA] budget-related trajectory planningS-
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A1 ¥t} hard constraintE- WH<531H= W S o] AA = S

el Zg] 743} skl A [60,84] 712l CMDPE-A) 7}

=]
Az A A5 002 T F §l5S A Hs, Al 22
barrier certificate® ©]-8-3F hard constraint *H-S A|FFA T
o] & F3l A9 ool A&k A k=7 9Nk Gt =Y
719k 735} kol A [85]7F [86]+= 212t barrier certificate @} barrier
function=- -3l hard safety constraintE 4]-8-3} % t}. 53] [86]%
A3 2dl 7)) soft barrier finctionS- -3l hard safety chance
constraintES A-8-3} T} T3 A 28 bilevel A3 EA=
A5k A Y soft barrier function, ~22] 31 A 28 SHA|
g5 4= A T o] & 53 CMDP 7] 4ke] Wi el B3]

Ak vlES FIA7I bHgE EEe gk seks
o) T3 [87] A©] ©] 2] Lyapunov functionS ©]-&
st S BT 5 A E S AASI T 2 28l
A= [88]¢] ATE el = 5 5 ) Alo] o] &9
reachability 218 5-3l, hard safety constraints= X2}
dlolg Alo] Foix] largest feasible regionS 28 38}=
A= M g S-S AT A9 feasibility S 578 517
)3l Hamilton-jacobi reachability = 2 3 2}21 t] o] Ef il A largest
feasible region% Ao)stt) 18 99} 7o) feasibility-dependent
St HAE,E 4§ 8h53181 AL, hard safety constraintE

qh5H w2 kel

.—O—ﬁ Trajectory start from feasible region
L "*ﬁx’ Trajectory start from infeasible region

1% 9. Feasibility S 233 ¢ 322}l 713} k5 wHi[s88].
Fig. 9. Safe offline reinforcement learning with feasibility [88].
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