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ABSTRACT

We address the issue of estimation bias in deep reinforcement learning (DRL) by
introducing solution mechanisms that include a new, twin TD-regularized actor-
critic (TDR) method. It aims at reducing both over and under estimation errors.
With TDR and by combining good DRL improvements, such as distributional
learning and long N-step surrogate stage reward (LNSS) method, we show that
our new TDR-based actor-critic learning has enabled DRL methods to outper-
form their respective baselines in challenging environments in DeepMind Control
Suite. Furthermore, they elevate TD3 and SAC respectively to a level of perfor-
mance comparable to that of D4PG (the current SOTA), and they also improve the
performance of D4PG to a new SOTA level measured by mean reward, conver-
gence speed, learning success rate, and learning variance.

1 INTRODUCTION

Reinforcement learning (RL) has been developed for decades to provide a mathematical formal-
ism for learning-based control. Recently, significant progress has been made to attain excellent
results for a wide range of high-dimensional and continuous state-action space problems especially
in robotics applications, such as robot manipulation (Andrychowicz et al.,|2017), and human-robotic
interaction (Liu et al.l [2022; [Wu et al.| [2022)).

However, the fundamental issue of estimation error associated with actor-critic RL (Van Hasselt
et al.,[2016; |Duan et al.,|2021)) still poses great challenge. Overestimation due to, for example, using
the max operator in updates has been identified and studied (Thrun & Schwartz,|1993; Duan et al.,
2021)). To reduce it, most efforts have focused on attaining more accurate and stable critic networks.
TD3 (Fujimoto et al.| [2018)) applies clipped double @)-learning by taking the minimum between the
two @ estimates. SAC (Haarnoja et al.,[2018) utilizes the double ) network and incorporates entropy
regularization in the critic objective function to ensure more exploratory behavior to help alleviate
the overestimation problem. However, directly taking the minimum value of the target networks
such as that in TD3 and SAC has been reported to result in an underestimation bias (Fujimoto et al.,
2018)).

Evaluations have revealed multiple roles of over and under estimation errors in learning. On one
hand, overestimation may not always be harmful (Lan et al., 2020) as it is considered playing a
role of encouraging exploration by overestimated actions. Along this line, underestimation bias
may discourage exploration. If the overestimation bias occurs in a high-value region containing the
optimal policy, then encouraging exploration is a good thing (Hailu & Sommer,|1999). On the other
hand, overestimation bias may also cause an agent to overly explore a low-value region. This may
lead to a suboptimal policy. Accordingly, an underestimation bias may discourage an agent from
exploring high-value regions or avoiding low-value regions. All things considered, if estimation
errors are left unchecked, they may accumulate to negatively impact policy updates as suboptimal
actions may be highly rated by a suboptimal critic, reinforcing the suboptimal action in the next
policy update (Fujimoto et al., 2018)). Aside from the anecdotal evidence on the roles of over and
under estimation, how to mitigate both of them in a principled way remains an open issue.

While several methods and evaluations have been performed and shown promising, a major tool has
been mostly left out thus far. That is, it is still not clear how, and if it is possible, to further reduce
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estimation errors by considering the actor given the interplay between the actor and the critic. Only
a handful of approaches have been examined. As shown in (WY et all, 2023) with demonstrated
performance improvement, PAAC uses a phased actor to account for Qotalae and a TD error

in actor update. A double actor idea was proposed and evaluated in (Lyl et al., 2022). It takes the
minimum value estimate associated with one of the two actor networks. However, directly using the
minimum of the estimated values was shown resulting in an underestimation error, similar to that in
TD3. Other methods, such as Entropy (Haarnoja gt al.,|2018; Fox|et all, 2015), mutual-information
(MI) (Leibfried & Grau-Moya, 202D), and Kullback-Leibler (KL) (Vieillard et al., 2020; Rudner

et all,| 2021) regularization, are also used to enhance policy exploration, robustness, and stability.
TD-regularized actor-critic (Parisi et al., 2019) regularizes the actor only aiming to enhance the
stability of the actor learning by applying a TD error (same as that in online critic updates) as a
regularization term in actor updates. However, none of these methods have shown how regularization
in actor may help reduce estimation error in the critic.

In this paper, we propose a new, TD-regularized (TDR) learning mechanism which includes TD-
regularized double critic networks and TD-regularized actor network. This new architecture has
several properties that make it ideal for the enhancements we consider. For the TD-regularized
double critic network, instead of directly selecting the minimum value from twin target networks,
we select the target based on the minimum TD error, which then addresses not only overestimation
but underestimation problems. For the TD-regularized actor network, we formulate a new TD error
to regularize actor updates to avoid a misleading critic. This regularization term helps further reduce
the estimation error in critic updates. Additionally, we apply TDR combined with distributional
RL (Barth-Maron et all, 2018; Bellemare et al., 2017) and LNSS reward estimation method (Zhong
et al., 2022) to further improve learning stability and performance.

2 RELATED WORK

To shed light on the novelty of the TDR method, here we discuss double critic networks and TD
error-based actor learning to provide a backdrop. We include reviews of distributional RL (Barth-
Maron et al., 2018; Bellemare et al., 2017) and Idhestep surrogate stage (LNSS) method (Zhong

et al., 2022) in Appendix A.

Double critic networks have been used in both RL (Hasselt, 2010; Zhang et al., 2017; Weng et al.,
2020) and DRL (Fujimoto et al., 2018; Haarnoja et al., 2018; Van Hasselt et al., 2016). Opuble
learning (Hasselt, 2010; Van Hasselt et al., 2016) was the rst to show reduction of overestimation
bias. TD3 (Fujimoto et al., 2018) and SAC (Haarnoja et al., 2018) also were shown effective by
applying clipped doubl®-learning by using the minimum between the t@a@stimates. However,

these methods have induced an underestimation bias problem. (Hasselt, 2010; Zhang et al., 2017,
Fujimoto et al., 2018). Consequently, weighted do@plearning (Zhang et al., 2017) was proposed

to deal with both overestimation and underestimation biases. However, this method has not been
tested in DRL context and therefore, it lacks a systematic approach to designing the weighting
function.

TD error-based actor learning is expected to be effective in reducing overestimation error since it is
a consistent estimate of the advantage function with lower variance, and it discriminates feedback
instead of directly usin@ estimates. Some actor-critic variants (Crites & Barto, 1994; Bhatnagar

et al., 2007) update the actor based on the sign of a TD error with a positive error preferred in
policy updates. However, TD error only measures the discrepancy between the predicted value
and the target value, which may not guide exploration effectively, and using TD error alone in actor
update may discourage exploration and cause slow learning, especially in high-dimensional complex
problems. TD-regularized actor-critic (Parisi et al., 2019) enhanced the stability of the actor update
by using the same TD error (as that in online critic update) as a regularization term. However, such
use of TD error may not suf ciently evaluate the critic update because it only uses the temporal
difference between target and onli@eestimates. Additionally, the time-varying regularization
coef cient was shown leading to poor convergence (Chen et al., 2017). Note also that the TD-
regularized actor-critic only considered TD-regularized actor but not the critic.

Contributions. 1) We introduce a novel TDR mechanism that includes TD-regularized double critic
networks and TD-regularized actor network. 2) Extensive experiments using DMC benchmarks
show that TDR enables SOTA performance (measureed by learning speed, success rate, variance,
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and converged reward) across a wide variety of control tasks, such as locomotion, classical control,
and tasks with sparse rewards. 3) We also provide qualitative analysis to show that each component
of TDR contributes to mitigating both over and under estimation errors.

3 METHOD

3.1 DouBLE QIN ACTOR-CRITIC METHOD

For a general doubl® actor-critic method (Fujimoto et al., 2018; Haarnoja et al., 2018). The policy
() is called an actor and the state-action value funct@n($x; ax)) is called a critic where both
the actor and the critic are estimated by deep neural networks with parameiaals, respectively.

First, consider a policy that is evaluated by the state-action value function below:
Q (sk;a) = E[Rkjsk;a]; 1)

whereRy = [, Kre, sk p(isk 1;ak 1), a = (sk), and 2 (0;1). Most actor-

critic methods are based on temporal difference (TD) learning (Sutton & Barto, 2018) that updates
Q estimates by minimizing the TD error, which is obtained from the the difference between a target
and a critic estimated value.

Next, consider typical doubl® methods which entail twil®Q networks denoted & , andQ ,.
The respective twin target networks are denote@asandQ ;. In the upcoming discussions, we
also use to denote parameters in bafhnetworks, i.e., =f 1, 2g. The target valugy is the lesser
of the two target values,

Y= Tt min Q o(Ske i o(Ske)); @)

where by taking the minimum of the two target values, it aims to curtail overestimatiQrvafue
frequently experienced by using a single target. Thus the critic \@luis updated by minimizing
the loss functior{L ( )) with respect to the critic weights
X
L()=Espa I Ve Q (sk;a)’l: 3)

=12
The actor weights can be updated by the deterministic policy gradient algorithm below (Silver et al.,
2014), where by convention (Fujimoto et al., 2018; Haarnoja et al., 2QL8)is used to update the
actor weights.
h [
r J()=Es p raQ 1(Sk;ak)Ja: )" (s) : (4)

Figure 1: Twin TD-regularized Actor-Critic (TDR) Architecture

3.2 TwIN TD-REGULARIZED ACTOR-CRITIC (TDR) ARCHITECTURE

Figure 1 depicts our TDR-based solution mechanisms, which includeQwirtworks as in TD3
(Fujimoto et al., 2018) and SAC (Haarnoja et al., 2018), and an actor network. The TDR-based
actor and critic updates are different from currently existing methods. In the following, we show
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how the new TDR selects target valyedifferent from Equation (2) as used in SAC and TD3, and
how that helps reduce both overestimation and underestimation errors. We also show how the new
TD-regularized actor helps further reduce the estimation bias in the critic. Our TDR-based solutions
in Figure 1 include two additional good improvements: distributional learning as in D4PG and long
N -step surrogate stage (LNSS) method (Zhong et al., 2022) as described in Appendix A.

3.3 TD-REGULARIZED DOUBLE Q NETWORKS

To overcome overestimation, TD3 (Fujimoto et al., 2018) and SAC (Haarnoja et al., 2018) train
their critic networks to minimize the loss function in Equation (3) where the target yaligefrom
Equation (2). While this helps reduce overestimation error, it promotes a new problem of underes-
timation, which usually occurs during the early stage of learning, or when subjected to corrupted
reward feedback or inaccurate states.

Our TDR method aims at minimizing the same loss function as in Equation (3), but with a different
target valugyi . Instead of directly choosing the lesser from the two target values as in Equation (2),
we use the TD errors of the two target networks to set the target value. First, the two TD errors from
the respective target networks are determined from:

P= e+ Q o(sksr; o(ske1))  Q o(sia); (5)
9=+ Q o(Sksr; o(Ske1))  Q s(Sia): (6)
The target value for TDR is then selected from the following:
yo= T Q o(skeri o(sker)) )91 0 90 )
k e+ Q o(scens ofsksr))  ifj 9> 9

Note from Equation (7) that TDR always uses a target value associated with a smaller target TD
value (regardless of the error sign) between the two. As the ultimate objective of a target network is
to converge t@ , such choice by TDR pushes the critic via Equation (3) toward reaching the target
no matter the estimation error is from above or below, but with a smaller TD value. Thus, TDR is
naturally positioned to address both overesdiation and underestimation errors.

3.4 TD-REGULARIZED ACTORNETWORK

Our TD-regularized actor network directly penalizes the actor's learning objective whenever there
is a critic estimation error. The estimation errof*! of the rst critic (Q , chosen by convention
of doubleQ-based actor-critic methods) is determined from the following:

"1 = Q o (Sa) (et Q e (Skeas (Sken)))s ®

wherei + 1 represents the iteration number during critic update. Then the actor can be updated in
the direction of maximizing while keeping the TD error small,

FIO)=E, ra@pu(sca) () v (9 ©)

where 2 (0;1) is the regularization coef cient to balance the role of TD error in the actor learning
objective. Thus, we expect the TD-regularized actor to help further reduce estimation error in the
critic. With TDR actor and cirtic working together hand-in-hand, TDR is positioned to help avoid
bad policy updates due to a misleadiQg/alue estimate.

Remark 1. There are a few key differences between TDR and TD-regularized Actor Network
(Parisi et al., 2019). 1) In Equation (8), they use the target c(@'tilc(skﬂ 7 (Sk+1)) to construct

TD error, the same as in critic updates. This TD error evaluates the temporal difference between
target and onlin€) estimates. To more accurately evaluate critic estimations, we construct the TD
error by only using online critics which directly affects actor updates. 2) Their TD error does not
suf ciently evaluate how the critic updates. Instead in Equation (8), we use the updated @’fi‘tﬂ: (

to construct the TD error to directly measure critic estimation.
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4 MITIGATING ESTIMATION BIAS BY TDR

Let Q be the trueQ value obtained by following the current target policyand letQ be the
estimated value using neural networks. Lét be a random estimation bias. Then for state-action
pairs(sk; ax). we have,

Q (sa)= Q (s;a)+ * (10)
The same holds for the target networks, i.e., whés replaced by ° in the above equation. An
overestimation problem refers to when the estimation Eps‘] > 0, and an underestimation
problem when the estimation big$ ] < 0.

4.1 MITIGATING ESTIMATION BIAS USING TD-REGULARIZED DOUBLE CRITIC NETWORKS

Theorem 1. Let Q be the trueQ value following the current target policy, andQ o andQ 0
be the target network estimates using doul@eural networks. We assume that ‘there exists a
step random estimation biag, (i.e., estimation bias at tHeth stage), and that it is independent of

(sk;ax) with meanE[ %] = ©; °< 1 forallk, and = 1;2. Additionally, let Y denote

the target value estimation error. Accordingly, we denote this error for TDR @8R , and DQ as
Y 29 . We then have the following,

JELYOR Y J ELY 20 (11)
WhereE[ Y, JPR]= E[Q  yJPR],andE[Y,°?]= E[Q  yP?].
Proof. The proof of Theorem 1 is provided in Appendix B

Remark 2. By selecting a target value with less TD error, our TD-regularized double critic networks
mitigate both overestimation and underestimation errors. However, vanilla dQuinkethods usu-

ally push the target toward the lower value no matter the estimation error is over or under. Although
this estimation error may not be detrimental as they may be small at each update, the presence of
unchecked underestimation bias raises two concerns. Firstly, if there is no suf cient reward feed-
back from the environment, (e.g., for a noisy reward or sparse reward), underestimation bias may
not get a chance to make corrections and may develop into a more signi cant bias over several up-
dates. Secondly, this inaccurate value estimate may lead to poor policy updates in which suboptimal
actions might be highly rated by the suboptimal critic, reinforcing the suboptimal action in the next
policy update.

4.2 ADDRESSING A MISGUIDING CRITIC IN POLICY UPDATES USINGI D-REGULARIZED
ACTOR

Theorem 2. Let Q denote the tru&) value following the current target policy, Q , be the

estimated value. We assume that there exists a step random estlmat|oh Hiaat is mdependent

of (sk; ax) with meanE|[ kl] = 4; 1 < 1, forallk. We assume the pollcy is updated based

on critic Q , using the deterministic policy gradient (DPG) as in Equation (4). Letdenote the

change in actor parameterupdates at stage. Accordingly, we denote this change for TDR as
FPR vanilla DPG as RP€, and true change without any approximation erroQims  [lue .

We then have the following,

E[ y°1 E[ °R] E[ P°° ifE[ X 1<0;
E[ {1 E[ &°F1 B[ Q7€ tE[ K] o

Where [ve,  DPPG and |[PR are de ned as Equation (55),(56), and (57) respectively in
Appendix B

12)

Proof. The proof of Theorem 2 is provided in Appendix B.

Remark 3. Theorem 2, holds for 2 (0; 1): If the regularization factor = % from Equation

(59), we haveE[ * ] = 0 which implies thatE[ [“¢] = E[ [PR]. By using TDR,

the actor will always update the same way as using the true value. While this is not realistic, the
following relationship still preservg€[ ¥ 1J j E[ *]ito help ease the negative effect of
critic estimation bias.
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4.3 MITIGATING CRITIC ESTIMATION ERROR BY TD-REGULARIZED ACTOR

Theorem 3 Suboptimal actor updates negatively affect the critic. Speci cally, consider actor up-
dates as in Theorem 2, in the overestimation case, we have:

E[Q .(sk; prpa (sk)] EIQ .(sk; tor (Sk))] EIQ (Sk; True (Sk)]; (13)
and in the underestimation case,
E[Q .(sk; prc (sk)] EIQ .(sk; tor (k)] E[Q (sk; True (SK)): (14)

Proof The proof of Theorem 3 is provided in Appendix B.

Remark 4. For both cases, by using TD-regularized actors, it is expected to result in less estimation
bias in the critic.

5 EXPERIMENTS AND RESULTS

In this section, we provide a comprehensive evaluation of our TDR enabled actor-critic learning
methods based on three commonly used, well-behaved baseline algorithms including SAC, TD3
and D4PG. Additional evaluations are also provided for popular DRL algorithms such as DDPG and
PPO to provide a broader perspective on the effectiveness of TDR-based methods. All evaluations
are performed based on several benchmarks in Deepmind Control Suite (Tassa et al., 2018).

In reporting evaluation results, we use the following short-form names:
1) Base the original DRL algorithms including SAC, TD3, D4PG, DDPG and PPO.

2) TDR-TD3: Applied TD regularized double critic (TD Critic) networks, TD regularized actor (TD
Actor) network, with regularization factor= 0:7, and LNSS witiN = 100.

3) TDR-SAC: Applied TD regularized double critic (TD Critic) networks, and LNSS with= 100.

4) dTDR (TDR-D4PG): Applied TD regularized double critic (TD Critic) network, TD regularized
actor (TD Actor) network, with regularization factor= 0:7, and LNSS withN = 100.

Our evaluations aim to quantitatively address the following questions:

Q1. How does TDR improve over Base and other common methods?

Q2. How does the performance of TDR methods compare to that of SOTA algorithms (D4PG)?
Q3. Is TDR method robust enough to handle both dense stochastic reward and sparse reward?
Q4. How does each component in TDR-based learning mechanisms affect performance?

Q5. How does TD regularized actor make policy updates in situations of misguiding critics?
Q6. How does the regularization coef cientin Equation (9) affect TD Actor performance?

Details of the implementation, training, and evaluation procedures are provided in Appendix C and
D where links to all implementation codes are also provided.

5.1 MAIN EVALUATION

In obtaining comprehensive evaluation results summarized in Table 1, we included a 10% noise
respectively in state, action, and reward in each of the considered DMC environments in order
to make the evaluations more realistic. In “Cheetah Run sparse”, we sparsi ed the reward in the
environment. All details of the environment setup can be found in Appendix C. In Table 1, “Success”
is shorthand for learning success rate, “Avg. Rwd” for average reward, and “Rank” (%) is the
“percent of reward difference” between the evaluated method and the SOTA D4PG, which is (the
average reward of the evaluated method over that of the D4PG - 1), the more positive the better.
Note that, in computing the success rate, only those trials that have achieved a reward of at least
10 are accounted for as successful learning. The results are based on the last 50 evaluations of 10
different random seeds (same for all compared algorithms). Best performances are boldfaced for
average reward (Avg. Rwd). Note that we did not implement our TD Actor into SAC because SAC
already has a max entropy-regulated actor.

Q1 TDR improves over respective Base method3.he learning curves for six benchmark environ-
ments are shown in Figure 2. Overall, TDR methods (solid lines) outperform their respective Base
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Figure 2: Systematic evaluation of TDR realized in three DRL algorithms (SAC, TD3, D4PG) in
DMC environments with 10% uniform random noise in state, action, and reward. The shaded regions

represent the 95 % con dence range of the evaluations over 10 seeds. The x-axis is the number of
steps.

Envirinoment Finger Turn Hard Quadruped Walk Fish Swim

Success  Avg. Rwd Rank | Success Avg. Rwd Rank | Success Avg. Rwd Rank

(%] [ 2] [%] [%6] [ 2] [%] [%] [ 2] [%]

DAPG 100 400.9 173.4 0 100 858.5 11.4 0 100 153.7 68.1 0
DDPG 100 222.1 160.4 -44.6| 100 226.8 133.6 -73.6] 100 109.7 27.1 -28.6
PPO 100 85.9 50 -78.6 100 173.1 60.4 -79.8] 100 78.67 6.28 -48.8
SAC 90 65.6 30.2 -83.6] 100 196.6 73.7 -77.2] 100 732 987 -524
TD3 100 205.9 1085 -48.6] 100 3348 764 -61 100 85.3 21.7 -445

TDR-SAC 100 601.5 147.4 49.9 100 479.5 126.9 -44.2] 100 2123 51.2 37.9
TDR-TD3 100 569.8 142.1 423 100 475.4 454 -446| 100 2042 415 327

dTDR 100 841.02 148.3 109.8| 100 888.6 157 3.46 100 2499 455 62
Envirinoment Acrobot Swingup Cartpole Swingup Sparse Cheetah Run Sparse
Success  Avg. Rwd Rank | Success Avg. Rwd Rank [ Success Avg. Rwd Rank
(%] [ 2] [%0] (%] [ 2] (0] [%0] [ 2] [%0]
D4PG 100 26.8 8.9 0 100 4935 15.9 0 60 532.8 388.4 0
DDPG 100 17.2 338 -35.8 0 3.6 5.8 -99 50 160.7 284.7 -69.8
PPO 20 79 7.8 -70.5 80 99.2 1729 -79.9 0 0 O -100
SAC 0 4 22 -85.1 0 1.7 34 -99.7 0 0 O -100
TD3 0 52 42 -80.6 0 13 23 -99.7 50 2205 354.7 -58.6
TDR-SAC 100 429 51 60.1 100 7742 511 56.8 100 930.2 18.7 746
TDR-TD3 100 50 7.9 86.5 100 790.13 33.0 60.1] 100 827.8 62.2 55.4
dTDR 100 62.6 144 133.6 100 810.3 349 64.2 100 900.1 30.8 68.9

Table 1: Systematic evaluations of TDR respectively augmented Base algorithms. “Rank” (%) is
the “percent of reward difference” between the SOTA D4PG, the more positive the better.

methods TD3, SAC and D4PG (dash lines) in terms of episode reward, learning speed, learning
variance and success rate. In Table 1,among the measures, the Avg. Rwd of TDR methods outper-
formed respective baseline algorithms. Notice from the table that the learning success rates for
all TDR methods are now 100%, a signi cant improvement over the Base methods. In comparison,

DDPG, SAC and TD3 Base methods struggle with Acrobot Swingup, Cartpole Swingup Sparse,

and Cheetah Run Sparse. Moreover, TDR methods also outperform DDPG and PPO in terms of
averaged reward (Awg.Rwd), learning speed, learning variance, and success rate. Thus, TDR has

helped succesfully address the random initialization challenge caused by random seeds (Henderson
et al., 2018).

Q2 TDR brings performance of Base methods close to or better than that of the SOTA D4PG.

From Figure 2, and according to the “Rank” measure in Table 1, for all environments but Quadruped
walk, TDR (TDR-SAC and TDR-TD3) helped enhance the performances of the respective Base
methods. Additionally, it even outperformed the SOTA D4PG by around 40% in the “Rank” mea-
sure. For Quadruped walk, even though TDR-SAC and TDR-TD3 did not outperform D4PG, they
still are the two methods, among all evaluated, that provided closest performance to D4PG. It is also



	Introduction
	Related Work
	Method
	Double Q in Actor-Critic Method
	Twin TD-regularized Actor-Critic (TDR) Architecture
	TD-regularized double Q networks
	TD-regularized Actor Network

	Mitigating Estimation Bias by TDR
	Mitigating estimation bias using TD-regularized double critic networks
	Addressing a misguiding critic in policy updates using TD-regularized actor
	Mitigating Critic Estimation Error by TD-regularized actor

	Experiments and Results
	Main Evaluation
	Ablation Study
	Hyper parameter Study

	Conclusion, Discussion, and Limitation of the Study
	Distributional TDR and LNSS
	Distributional TD-regularized actor-critic (dTDR)
	Long N-step Surrogate Stage (LNSS) Reward

	Estimation Analysis
	Implementation Details
	TDR algorithms Details
	blueNewly Obtained Data During Rebuttal to Further Strengthen Why We Said That TDR Is Novel and Our Results Are SOTA

