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Abstract

In the domain of real-world agents, the application of Re-
inforcement Learning (RL) remains challenging due to the
necessity for safety constraints. Previously, Constrained Re-
inforcement Learning (CRL) has predominantly focused on
on-policy algorithms. Although these algorithms exhibit a de-
gree of efficacy, their interactivity efficiency in real-world set-
tings is sub-optimal, highlighting the demand for more ef-
ficient off-policy methods. However, off-policy CRL algo-
rithms grapple with challenges in precise estimation of the
C-function, particularly due to the fluctuations in the con-
strained Lagrange multiplier. Addressing this gap, our study
focuses on the nuances of C-value estimation in off-policy
CRL and introduces the Adaptive Ensemble C-learning
(AEC) approach to reduce these inaccuracies. Building on
state-of-the-art off-policy algorithms, we propose AEC-based
CRL algorithms designed for enhanced task optimization.
Extensive experiments on nine constrained robotics tasks re-
veal the superior interaction efficiency and performance of
our algorithms in comparison to preceding methods.

Introduction

Implementing Reinforcement Learning (RL) in real-world
tasks presents a formidable challenge, primarily because
real-world intelligence systems must comply with myriad
safety constraints. For instance, a robotic arm used in an
assembly line in manufacturing must work within the con-
straints of operating at a particular speed, maintaining the
integrity of the materials it handles, avoiding collisions with
humans and other robots, and adhering to a specified power
consumption. Previously, the primary focus of Constrained
Reinforcement Learning (CRL) has been on on-policy al-
gorithms (Achiam et al. 2017; Yang et al. 2020; Liu, Ding,
and Liu 2020; Zhang, Vuong, and Ross 2020; Yang et al.
2022; Zhang et al. 2022b; Kim and Oh 2022b; Dai et al.
2023; He, Zhao, and Liu 2023). While they have their mer-
its, their interactive efficiency with real-world environments
falls significantly short of the demands of practical appli-
cations. This inefficiency becomes particularly pronounced
when data collection is expensive or risky, as is often the
case with real-world robotic tasks. Consequently, there is an
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urgent need to realize off-policy algorithms that can learn
more efficiently from past experiences without the necessity
for continuous and costly interaction with the environment.

Designing an off-policy CRL algorithm is generally con-
sidered more challenging than designing an on-policy CRL
algorithm due to the distinct mechanisms each employs for
data handling and policy updates. In on-policy RL, the pol-
icy is updated based on the rollout experience obtained dur-
ing each iteration. This allows the algorithm to directly sam-
ple experiences that reflect the current policy. By consider-
ing the cumulative discounted cost calculated from this fresh
data, it becomes easier to determine whether the current pol-
icy violates any given constraint. In contrast, off-policy algo-
rithms utilize a replay buffer to store and sample past experi-
ences. The reliance on older data in the replay buffer makes
it more difficult to accurately assess whether the current pol-
icy violates the constraint.

One possible solution that has been explored in previous
literature is to introduce a C-function (Ma et al. 2021; Yang
etal. 2021; Liu et al. 2022; Zhang et al. 2022a), similar to the
Q-function, to estimate the cumulative cost and determine
whether the current policy satisfies the constraint. However,
accurately estimating the C-function presents several chal-
lenges. Similar to the estimation of the Q-function, the C-
function also involves function approximation, which intro-
duces errors. Additionally, the C-function estimation can re-
sult in underestimation or overestimation due to the maxi-
mization of the constraint objective.

To resolve this issue, we propose an Adaptive Ensemble
C-learning (AEC) technique containing an adaptive variable
K denoting the number of C-values. We demonstrate that
K can control the deviation between the C-value estima-
tion and its true value. Furthermore, to ensure a precise cor-
respondence between the C-value estimation and the stip-
ulated constraint threshold, we advocate for implementing
the First C Buffer (FCB) technique. This approach entails
the establishment of a novel buffer pool, archiving the initial
state of each episode. Subsequent sampling from this pool
enables a refined assessment of whether the current policy
aligns with the constraints.

Our main contributions are threefold. Firstly, we under-
score the phenomenon in off-policy CRL, where the bal-
ance between task goals and constraint goals results in im-
precise estimation of the C-value. Subsequently, we intro-
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duce an approach utilizing Adaptive Ensemble C-learning
(AEC) to reduce the estimation bias of the C-value. Sec-
ondly, we fashion CRL algorithms by extending off-policy
algorithms SAC (Haarnoja et al. 2018) and TQC (Kuznetsov
et al. 2020). By synergistically integrating AEC and FCB
technologies, our algorithms adeptly maximize tasks while
operating within prescribed constraints. Lastly, we conduct
extensive experimentation on nine distinct robotic constraint
optimization tasks. The outcomes signify that our algorithm
exhibits superior environmental interaction efficiency and
enhanced performance relative to its predecessors.

Related Work

Off-policy Constrained Reinforcement Learning. Ex-
ploiting off-policy data in the domain of constrained rein-
forcement learning (CRL) can substantially enhance the effi-
ciency of environmental interactions. Several research initia-
tives (Wang et al. 2019; Ha et al. 2020; Peng et al. 2022; Yu,
Xu, and Zhang 2022) develop CRL methodologies under-
pinned by Soft Actor Critic (SAC) method (Haarnoja et al.
2018). These approaches utilize off-policy data in the esti-
mation of safety critics, and apply the Lagrangian approach
to echo expectation-based constraints. To reduce the likeli-
hood of constraint violations, some works (Yang et al. 2021;
Kim and Oh 2022a; Kim, Lee, and Oh 2023) apply condi-
tional Value-at-Risk to CRL and focus on the upper tail of
the cost distribution. CDMPO (Zhang et al. 2022a) learns
the full return distribution by using a discrete distribution
instead of making the Gaussianity assumption. Taking a dif-
ferent approach, Constrained Variational Policy Optimiza-
tion (CVPO) (Liu et al. 2022) decomposes the CRL prob-
lem into a convex optimization phase with a non-parametric
variational distribution and a supervised learning phase.

Overestimation bias. The long-standing challenge of
overestimation bias in Q-learning, first highlighted by
(Thrun and Schwartz 1993), has been the subject of signif-
icant investigation and algorithmic development within the
field of RL. The bias is a product of the intrinsic maximiza-
tion operation in the Q-learning algorithm, which often re-
sults in overestimated Q-values, thereby obstructing effec-
tive learning. In an effort to mitigate this bias, Double Q-
Learning (Hasselt 2010) is proposed to provide a mecha-
nism that reduces maximization bias. The Ensemble Method
is believed to improve performance by reducing the vari-
ance in Q-value estimation. This has led to the incorpora-
tion of ensembles in Q-learning methodologies, such as uti-
lizing the average of multiple Q estimates to reduce vari-
ance(Anschel, Baram, and Shimkin 2017), and developing
the Random Ensemble Mixture (REM) which enforces op-
timal Bellman consistency on random convex combinations
of multiple Q estimates (Agarwal, Schuurmans, and Norouzi
2020). Other strategies to control these biases include the
use of clipped-double Q-learning (CDQ) (Fujimoto, Hoof,
and Meger 2018), ensemble size adaptation (Wang, Lin, and
Zhang 2021), and truncating sampled Q estimates using dis-
tributional networks (Kuznetsov et al. 2020, 2021; Dorka
et al. 2023), amongst others. Unlike the previous work on
the estimation bias of Q-value, ours focuses on the estima-
tion bias of C-value, which is important in CRL.
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Preliminaries
Constrained Markov Decision Processes

CRL can be modeled as a Constrained Markov Decision
Process (CMDP). A typical CMDP consists of state s € S,
action ¢ € A, reward 7(s,a) € R, cost ¢(s,a) € R,
transition probabilities p(s’|s,a), a discount factor v €
[0,1), and a given safety threshold b. The Q-function can
be defined the expected discounted return as Q(s,a)
E[}>, v'7(se, a)|so = s, a9 = a]. Similarly, the C-function
is C(s,a) = E[>, v c(st, ar)|so = s,a0 = al.

The goal of CRL is to maximize the expected return
of the task (max, J§ = E.[>, v'r(ss, a;)]) while ensur-
ing that the expected cost satisfies the constraints (J
E-[>,vc(st,a:)] < b). This constraint problem can usu-
ally be solved using the Lagrange-multiplier method. It can
form the unconstrained dual problem as:

. _ T _ T ¢ _
minmax L(¢, §) = J5* =B (J¢* =),

(D

Soft Actor-Critic

Soft Actor-Critic (SAC) is an off-policy RL algorithm with
entropy regularization. It employs the clipped double-Q
technique, selecting the minimum Q-value from two Q ap-
proximators as follows:

yg (r,s',d) =r +~(1 —d) <

]211{12 Qtarg,j (sla a/)

2
—alogmy (a'ls')) ,

where a’ ~ 7, (+|s"). The policy is trained to choose actions
such that the Q-function is maximized with an additional
entropy regularization as follows:

I (d)a ZZJ) = Es~D,a~7r9 [/\ IOg 7T¢((L‘S) - Qw(s, a‘)]

Truncated Quantile Critics

Truncated Quantile Critics (TQC) is a distributional
off-policy RL algorithm based on SAC. TQC de-
composes the expected return into atoms of distribu-
tional representation to achieve granularity in control-
ling the overestimation. Specially, it trains N; approxi-
mations Zg .y, , Zqy, Of the policy conditioned re-

turn distribution. Each Z, ., maps (s,a) to a proba-

bility distribution Zq,y, = 3 X231 8 (6., (5,a)) sup-
022 (s,a). TQC pools

ported on atoms 6, , (s,a),---, pES
atoms of all NN; distributions into a set Z,(s’,a’)
{Hg’wi(s,a)ﬁ € [1..N1],7 € [1..N2]} and denote elements
of Z,(s',a’) sorted in ascending order by z(;(s’,a’), with
[ € [1..N1N3]. To control the overestimation, TQC trun-
cates the right tail of the return distribution approximation
by dropping several of the topmost atoms, using the remain-
ing kN, smallest elements in Z,(s’, a’) to construct the tar-

= %NZ Zﬁvf 0 (yi(s,a)), where

y(s,a) = r(s,a) + 7 [z (s',a') — alogms (' | ')].
The critic loss function is constructed to minimize the 1-
Wasserstein between each Zg 4, and the target distribution

3)

get distribution Y (s, a)
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Figure 1: The deviation between the estimated C-value and the true C-value of the SAC algorithm with S under different
parameters (8 € {0,0.1,0.5,1}). minc: taking the minimum of two C; estimates, maxc: taking the maximum of two C;

estimates, avec: taking the average of two C; estimates.

Y (s,a). The policy parameters ¢ are trained to optimize the
nontruncated estimate of Q-value with an additional entropy
regularization term like in SAC.

Estimation Bias in C-function

Overestimation of the Q-function has been widely acknowl-
edged as a prevailing challenge within RL. Analogously,
the estimation of the C-function grapples with comparable
quandaries in CRL. RL primarily concentrates on amplify-
ing expected rewards. This maximization operation and the
expectation operation can lead to overestimating Q-values.
In contrast, CRL introduces added complexity due to the
constraint objective max, E[Q™(s,a) — BC™(s,a)]. Incor-
porating the /3 term complicates matters, making it ardu-
ous to unequivocally discern whether C-values are subject
to overestimation or underestimation. Furthermore, within
the constrained optimization process, the magnitude of 3 re-
mains in a state of flux.

To illustrate this inaccurate estimation, we conduct exper-
iments in the Hopper velocity restriction task. Considering
that 8 constantly changes during the constraint optimization
process, we simulated four 3 settings (5 € {0,0.1,0.5,1})
and calculated the estimated deviation of each C value as
shown in Figure 1. In each setting, we illustrate the C-
function bias of three schemes, i.e., minc, maxc, avec, which
have been utilized in addressing the overestimation of the Q-
value. Experimental results reveal that during the constraint
optimization process, the C-value could be either overesti-
mated or underestimated as [ changes, and a single esti-
mation bias correction strategy cannot accommodate the en-
tirety of the learning process.

Method

Drawing upon our above discourse concerning biases in the
C-value, it becomes manifest that methodologies historically
employed to rectify overestimation biases in Q-learning are
ill-equipped to address similar estimation deviations in C-
learning. Previous works (Lan et al. 2019; Chen et al. 2021)
highlighted that using different numbers of Q-function ap-
proximations to calculate the target Q may lead to overesti-
mation and underestimation of the Q-value estimation. Mo-
tivated by these, we propose an ensemble-based approach,
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leveraging a dynamic number of C-values to refine and cor-
rect the C-value estimation.

Adaptive Ensemble C-learning

We formally define an ensemble of N C-function ap-
proximations, and each represented as C;, where ¢ €
{1,2,---,N}. We utilize either the several smallest or
largest C-values as an estimation of the C-learning target.
More specifically, the C-learning target Cyqrget (S, a) is de-
termined as ¢ + yC{N:K}(s a’), with the restriction of
|K| < N — 1. In cases where K > 0, AEC applies the
mean of the highest N — K C-values as C{V:5} (5 a). Al-
ternatively, when K < 0, the AEC resorts to the mean of the
smallest N + K cost values to compute C1V-51} (s, a).

Then, we clarify the relationship between every C-value
approximation within the AEC framework and the true C-
value. In alignment with the suppositions concerning the
bias of Q-value estimates in the works (Thrun and Schwartz
1993; Lan et al. 2019; Chen et al. 2021), we posit that each
C;(s,a) possesses a random approximation error, e;(s, a),
such that C;(s,a) = C*(s,a) + e;(s, a). This error con-
forms to a uniform random distribution, U (—7, 7). We then
define the estimation bias Z{™-%} for C1N:-%} (5, a) and the
true C-value C*(s, a) as follows:

ZANK} _ (C_i_,yC{N,K,max} (s/’a/))
— (c + 'yC’{*’maX} (s, a'))

= (C{N,K,nlax} (s’,a’) _ C{*,max} (S/, a/)) 7

4)
C{N,K,max} (8/70,/) :C{NJ(} (s',argma}XQ (s’,a’)
¢ (5)
_BC{N’K} (8/7a/)> ,
ctomaxt (¢ o'y =Ct*} (8’, argmax Q (s, a’)
“ (6)

~B0UH ().

Note that the above definition differs slightly from that of RL
in the choice of the next action a’ to be evaluated, since CRL
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requires maximizing the constrained optimization objective
max, E[Q7(s,a) — fC™(s,a)] rather than just the task ob-
jective max, E[Q™ (s, a)] to obtain the optimal action. Fur-
thermore, the introduction of the Lagrange multiplier, 3, im-
parts a level of complexity when attempting to quantify the
magnitude of C't*™2x} (s a/). To comprehend the meaning
of the above inequality, we can envisage a scenario wherein
{3 approaches infinity, causing C't*™2x} (s’ a’) to converge
towards min,. C* (s, a’).

By utilizing E[Z{N-K}], the expected discrepancy of
CN.K} (s, a) following each update from the true C*(s, a)
can be determined. Consequently, when E[Z{N:K}] > 0,
a positive expected deviation denotes a bias in the C-
value estimation towards overestimation. Inversely, when
E[Z VK }] < 0, a negative expected deviation suggests a
bias in the C-value estimation towards underestimation. Un-
like the bias of Q-value expectation in RL, the C-value ex-
pectation bias assumes a more critical role in CRL. This is
due to the necessity to discern whether the current policy sat-
isfies the constraint based on the C-value, where both over-
estimation and underestimation could precipitate significant
adverse effects on policy updates.

Theorem 1. Let M denote the number of actions applicable
at state s', if all M actions share the same true Q-value and
true C-value, i.e., 3q : Va' : ¢ = Q*(s',a'), ¢ : Vd :
c=C*(s',a"). We then have:
1. E[ZWNE < B [ZWNEAY] forall N > 1.
2. E[ZVN=1] > 7 [1+ 2t n].
3. E[ZWNAN4B] <47 [1— 2t 4]

M(M~-1)--1
(i F) (=1 ) (A

Proof. See Appendix A.1.

Theorem 1 clarifies that the overestimation and under-
estimation of the C-value can be controlled by adjusting
the parameter K. Specifically, the second and third points
within Theorem 1 present the lower bound of the expected
bias E [Z{N5}] under the circumstance of N — 1 and the
upper bound in —N + 1 situation as y7[1 + 2t n] and
~7[1 — 2t n]. These bounds are contingent on parameter
N, suggesting that we can select a relatively large hyper-
parameter IV, such that the lower bound y7[1+2tas n] > 0,
and the upper bound 71 — 2¢tp; n] < O (e.g., as N ap-
proaches positive infinity, ¢7, ;v equals 1). Consequently, we
can derive that E [Z{MN=1}] > 0 and E [Z{N:~N+1}] <
0. With the first point from Theorem 1, we can infer that
as K increases, the expected bias transitions from underes-
timation to overestimation. This theory provides us with an
assurance for our subsequent learning of the parameter K,
aiming to minimize the expected bias of the C-value.

Adaptive Adjustment of Parameter K via Error Feed-
back Mechanism. A primary step in AEC is to discern
the discrepancy between the current C-value estimation and
its true value. To this end, Monte Carlo simulations serve
as an instrumental tool for estimating the C-value corre-
sponding to each state-action pair under the current pol-
icy. A test trajectory of length H, represented by 7 =

ty, N =
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Figure 2: The contrast between the Replay Buffer and the
First C Buffer during the process of updating the Lagrangian
multiplier 8. It is imperative to note that for illustrative
simplicity, details pertaining to (a,r,d) within the Replay
Buffer have been eschewed.

(s0,a0,81,a1,*+ ,SH,an), is initiated from a randomly
selected starting state following the current policy 7. This
process involves the computation of the discounted Monte
Carlo cost-return C™(s,a) and the estimated C-function
value C;(s,a),i = 1,---, N for each encountered state-
action pair (s, a). Subsequently, the difference between the
C-function value C;(s,a) and the Monte Carlo cost-return
C7™(s,a) is calculated for all state-action pairs (s, a) within
the trajectory, and then averaged as below:

1 N
5:WZ(Ci(s,a)—C'”(s,a)), (s,a)er. (1)

This deviation § facilitates the update of the parameter K.
We learn from (Stooke, Achiam, and Abbeel 2020) and
adopt a Proportional Integral Derivative (PID) controller to
update as follows:

k
K « int(K, + K, / 5di + Ko ®)
=1

% ) )
where K, K;, Kq are the hyper-parameters, int indicates
that the results need to be converted to integers.

First C Buffer Technique

In this subsection, we delve into the process of updating
the Lagrangian multiplier. The determination of /3 hinges
upon the interplay of (b — J7T), with b delineating the con-
straint threshold. If b > J7, 3 is reduced. Conversely, if
b < JI, 5 is increased to augment the emphasis on safety.
As discussed earlier, it is feasible to approximate JI us-
ing the C-value. Preceding algorithms (Yang et al. 2021;
Liu et al. 2022) typically employ E(, ,)~p[C(s,a)] to ap-
proximate J7. However, it should be emphasized that b de-
scribes the constraint threshold starting from the initial state.
As the replay buffer D contains a multitude of non-initial
states, utilizing E(; 4)~p[C(s,a)] to approximate J7 may
not be congruent with the given threshold b. Recognizing
this difference, we introduce the First C Buffer (FCB) tech-
nique, capitalizing on the initial state sy from each episode
during environment interactions as a representative approx-
imation for J7. Specifically, we maintain a buffer to store
the initial state from each interaction trajectory. On each in-
stance, a batch of state data is sampled from this buffer, and
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Esp,[C(s,7(s))] is employed to approximate J7. Subse-
quently we calculate 6 = b—Ep,[C(s,7(s))] and employ
the PID control formula 8 < K,6 + K; ff:l odi + K42,
to facilitate the update of 3. Figure 2 explains the disparities
between the FCB and the conventional replay buffer during
the £ update process.

Applay AEC and FCB to Off-Policy Algorithm

For the off-policy algorithms SAC and TQC, we commence
by utilizing the Lagrangian relaxation technique, transform-
ing the task objective into its corresponding constrained ob-
jective. Thereafter, we deploy the previously outlined FCB
method in conjunction with PID control to precisely learn
the parameter 3. We then proceed with value function up-
dates and policy refinement for each respective algorithm.
The C-function loss is supplemented by the AEC method to
rectify the C target, building upon the Q-function loss foun-
dation inherent within each algorithm.

AECSAC. Mirroring the Q target computation strategy in
SAC, as expressed in Eq. (1), AECSAC employs a dynamic
estimation C{V-X} to calculate the C target in lieu of the
clipped double-Q estimation:

C{ N,K}

targ

(")),

where a’ ~ 7y (-|s"). Moreover, AECSAC introduces an ad-
ditional constraint term through 3 to the actor loss in SAC:

Jx(0,¢) = E[Mlogms(als) =Qy (s, a)+5Cy (s, a)]. (10)

AECTQC. For the C-function, AECTQC also trains
Ny approximations Zc g, -+, Zeyy, Of the cost dis-
tribution. Then we denote the elements in the set

{Hiwi (s,a)fi€l---Ny,jel--- Ng]]} in ascending or-

yeles') =+ ©)

der as z;(a,b) and in descending order as z(;)(a, b). Define
ZX (a, b) with the following rule, when K > 0, ZX (a,b) =
z(iy(a,b), and when K < 0, ZX (a,b) = z;(a, b). Then, the
target distribution can be calculated as follows:

NiNo—|K|
(c,s')=c+ —_ AK(d) ),
Ye (¢, 8") v NiN, — K] ; ( )
(1D
where a’ ~ 7, (+|$’). The actor loss for AECTQC is:
1 Ni,N2
I =E [Mlogmys(als) — —— ¢’ (s,a
(4) mslol) = i 3 O (s
3 Ni,N»
67
NN ”2:21 % g (8:a)
(12)
Experiments

In this section, we conduct experiments on nine tasks
that derive from three different sets: 1) five MuJoCo
tasks with speed limit (Ant-v3, Halfcheetah-v3, Humanoid-
v3, Swimmer-v3, Walker2d-v3) (Todorov, Erez, and Tassa
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2012; Zhang, Vuong, and Ross 2020), 2) Circle tasks
(AntCircle, HumanoidCircle) (Achiam et al. 2017), and 3)
Safe exploration tasks (CarGoall, PointGoall) in Safety-
Gymnasium (Ji et al. 2023).

For task 1), the agent is directed to move in a straight
line or within a two-dimensional plane. However, the robot’s
speed is restricted to maintain safety. For task 2), the agent
earns rewards for circling within a set radius, with rewards
tied to its speed and proximity to the circle’s edge. Exiting
the safety zone incurs costs. For task 3), the agent navigates
in a 2D map to reach the goal position while trying to avoid
hazardous areas. Rewards promote goal-directed movement,
with a significant bonus upon reaching the goal. Addition-
ally, the location of the robot and the goal will be reset ran-
domly when the robot reaches a goal during training.

Comparison With Other Algorithms

We compare our approach against on-policy algorithms that
include FOCOPS (Zhang, Vuong, and Ross 2020), CUP
(Yang et al. 2022), CPO (Chow et al. 2017), PPOLag (Ray,
Achiam, and Amodei 2019), and P30 (Zhang et al. 2022b).
A summary of the performance of all the evaluated algo-
rithms is presented in Table 1, 2. On evaluating all tasks,
it becomes apparent that both AECSAC and AECTQC sur-
pass other algorithms in most tasks with respect to reward,
while still adhering to the cost constraint. In comparison to
on-policy algorithms, AECSAC and AECTQC, as off-policy
methods, demonstrate remarkable efficiency in interacting
with the environment and better performance in the final
outcome, particularly in complex constraint scenarios such
as Humanoid-v3, Walker2d-v3, AntCircle, and Humanoid-
Circle. This efficiency and performance are important for
successfully implementing RL in real-world scenarios.

We compare our approach against off-policy algorithms
that include CVPO (Liu et al. 2022), SACLag (Ha et al.
2020), and CDMPO (Zhang et al. 2022a). Figure 3 illustrates
the challenges that other off-policy CRL algorithms face in
achieving an optimal balance between task objectives and
constraint objectives. CVPO and SACLag do not address the
issue of C-value estimation. As a result, due to inaccurate C-
value estimation, it is difficult to ascertain whether the con-
straints are satisfied, which ultimately leads to subpar per-
formance. However, within the CVPO experiments, in an
attempt to circumvent the C-value estimation conundrum,
they opt to modify the environment such that a fixed lay-
out was maintained across episodes, eschewing randomized
ones. Additionally, they impose uniform interaction lengths
for each episode, refraining from issuing arbitrary termina-
tion signals. However, such a setup proves challenging to
actualize in real-world scenarios. CDMPO endeavors to re-
duce the variance of estimates via value distribution meth-
ods (Bellemare, Dabney, and Munos 2017), but the persist-
ing bias hinders them from achieving results that rival those
of our algorithm.

Exploratory Experiments

In this part, we delve into the impact of our proposed com-
ponents. We particularly address the ensuing considerations:
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Algorithm Ant-v3 HalfCheetah-v3 Humanoid-v3 Swimmer-v3 Walker2d-v3
8 (103.12) (151.99) (20.14) (24.52) (81.89)

FOCOPS Reward  1469.299+59.839 1485.953+47.143  4577.634+108.064  30.165+2.451 2186.234+316.851
Cost 101.417+0.5082 151.81+0.5086 19.42+0.3854 26.765+4.008 79.462+0.998

CUP Reward  1288.84+200.584 1365.173+£33.208  4567.9434240.874  36.669+5.651 760.098+446.716
Cost 95.578+5.392 150.121+0.5088 18.351+0.6918 23.49+1.536 80.149+2.766

CPO Reward 1301.991+193.17 19.992+315.826 443.012+19.048 30.802+4.512 638.964+337.717
Cost 87.851+0.5038 78.144+4.556 18.707+0.7814 32.664+10.015 66.729+5.125

PPOLa Reward 1270.81+72.884 -189.822+80.877 613.224+32.468 25.634+2.554  590.695+175.164
g Cost 91.194+16.343 42.09+3.206 25.952+3.304 29.499+7.525 76.327+5.635

P30 Reward 1169.873+195.948 1111.309+£372.506 4551.988+333.16  28.885+1.332  1063.666+414.351
Cost 91.942+6.094 135.408+11.102 21.05+2.218 24.593+2.373 76.919+5.143

AECSAC Reward 1645.73+125.594 1561.42+20.705  5102.084+235.089  45.787+3.478 2954.377+54.398
Cost 93.017+0.1223 150.757+1.98 18.664+3.97 18.134+0.647 77.945+0.661

AECTQC Reward 1765.112+53.938 1463.664+83.381 4959.2774225.09  51.775%0.091 2826.165+181.34
Cost 103.172+0.309 141.01£11.347 20.162+1.854 24.1324+0.3727 80.326+1.512

Table 1: Average results in five MuJoCo tasks for different algorithms over five seeds. Cost thresholds are in brackets.
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Figure 3: The performance of CVPO, SACLg, CDMPO, AECSAC, and AECTQC on two MuJoCo-circle tasks.
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Figure 4: Ablation experiments for AECSAC and AECTQC.

(1) How instrumental is the AEC technology for AEC-
SAC and AECTQC? Can it effectively rectify the biases
encountered in C-value estimation throughout constrained
optimization? To discern this, Figures 4 offer a compara-
tive analysis of AECSAC against AECSAC w/o AEC and

similarly, AECTQC against AECTQC w/o AEC on the
Walker2d and Swimmer tasks. In the cases w/o AEC, an
identical number of C-values was employed; however, the
C-target computation relied on an aggregate average of all
C-values. As the algorithm progresses through its learn-
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Algorithm Ant-Circle (50) Humanoid-Circle (50) PointGoall (3) CarGoall (3)

FOCOPS Reward 301.124+131.053 537.273+40.612 2.262+3.696 2.946+3.03
Cost 44.669+4.313 43.476+1.651 2.799+1.848 2.302+0.414

CUP Reward 763.043+276.272 592.554+30.721 0.959+3.635 1.509+1.753
Cost 46.032+2.388 47.539+2.155 2.074+0.348 1.351+0.122

CPO Reward 116.284+35.307 143.855+5.881 5.773+7.541 3.541+5.49
Cost 42.446+3.814 28.995+3.013 2.772+0.942 2.403+0.129

PPOL Reward 122.858+29.244 246.837+32.25 0.3238+4.549 2.618+3.816
a8 Cost 24.116+£6.419 23.923+3.159 3.092+1.818 1.482+0.223

P30 Reward 121.206+92.478 591.393+14.52 5.266+1.504 1.684+0.115
Cost 41.871+6.644 43.988+2.122 1.549+1.373 2.401+1.463

AECSAC Reward 3636.119+268.687 1935.683+89.38 22.243+2.38 7.429+0.38
Cost 48.272+2.271 48.4888+1.271 2.896+1.271 1.315+0.271

AECTQC Reward 4021.963+474.553 1692.08+278.025 8.056+9.368 4.892+1.55
Cost 49.714+2.134 50.075+1.898 3.353+1.674 0.424+0.838

Table 2: Average results in two circle tasks and two safe exploration tasks for different algorithms over five seeds.
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Figure 5: Parameter stability experiments for AECSAC.
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Figure 6: C-value bias in the Walker2d.

ing trajectory, the Lagrange multiplier may undergo fluctua-
tions, causing shifts in the C-value deviations. Without AEC,
the algorithm would grapple with accurately discerning if
the prevailing policy adheres to the constraints. This can re-
sult in pronounced fluctuations in the learning curve, which
in turn can detrimentally affect the overall performance.

(2) How integral is the FCB technology in ensuring com-
pliance with the designated constraint threshold? In scenar-
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ios without the FCB, akin to traditional methodologies, we
draw batches of state-action (s,a) pairs from the replay buffer
during each iteration to compute E(, 4y~ p[C(s, a)], serving
as an approximation for J7. As illustrated in Figure 4, the
incorporation of the FCB method to approximate J ensures
that the algorithm’s perception of constraints aligns meticu-
lously with the predetermined threshold. In the absence of
FCB, there’s a risk that the algorithm could misconstrue the
constraint threshold, leading to either an overly cautious ap-
proach, significantly undershooting the constraint threshold
(Walker2d task), or an overly optimistic one, greatly sur-
passing the constraint threshold (Swimmer task).

(3) How does the quantity of C-value estimates (N for
AECSAC) shape the efficacy of the algorithm? Theorem 1
posits that opting for a relatively large hyperparameter N
can ensure that K modulates the C-value from underesti-
mation to overestimation. However, our empirical investiga-
tions revealed a pronounced robustness with respect to V.
As illustrated in Figure 5 and Figure 6, variations in the
value of N (e.g., 10, 15, or 20) do not induce significant
perturbations in the performance of AECSAC.

Conclusion

In this study, we propose the Adaptive Ensemble C-learning
(AEC) technique to mitigate the issue of imprecise C-value
estimation. Leveraging the power of state-of-the-art off-
policy algorithms, we integrate AEC to enhance the task
maximization under constraints. The proposed algorithms
were tested on nine robotic constraint optimization tasks,
where they showcased superior performance and improved
efficiency in terms of environmental interaction. The re-
search contributes significantly to the advancement of CRL,
providing a viable solution for applying RL in real-world
agents where safety constraints are paramount.
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