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ABSTRACT

We propose a model-free offline multi-step reinforcement learning (RL) algorithm,
Conservative Peng’s Q()\) (CPQL). Our algorithm adapts the Peng’s Q()\) (PQL)
operator for conservative value estimation as an alternative to the Bellman operator.
To the best of our knowledge, this is the first work in offline RL to theoretically
and empirically demonstrate the effectiveness of conservative value estimation
with the multi-step operator by fully leveraging offline trajectories. The fixed
point of the PQL operator in offline RL lies closer to the value function of the
behavior policy, thereby naturally inducing implicit behavior regularization. CPQL
simultaneously mitigates over-pessimistic value estimation, achieves performance
greater than (or equal to) that of the behavior policy, and provides near-optimal
performance guarantees — a milestone that previous conservative approaches
could not achieve. Extensive numerical experiments on the D4RL benchmark
demonstrate that CPQL consistently and significantly outperforms existing offline
single-step baselines. In addition to the contributions of CPQL in offline RL,
our proposed method also contributes to the offline-to-online learning framework.
Using the Q-function pre-trained by CPQL in offline settings enables the online
PQL agent to avoid the performance drop typically observed at the start of fine-
tuning and to attain robust performance improvements. Our code is available at
https://github.com/oh-lab/CPQL|

1 INTRODUCTION

Offline RL aims to learn policies from a static dataset collected under unknown behavior policies
without further interactions with the actual environment. However, offline RL faces a major challenge
known as distributional shift (Levine et al., 2020). A distributional shift arises when the state-action
distribution under the learned policy diverges significantly from that under the behavior policy.
This issue is exacerbated when the application of the Bellman updates to value functions requires
querying values of out-of-distribution (OOD) state-action pairs, which can lead to an accumulation of
extrapolation errors and ultimately result in poor performance of learned policies.

To tackle OOD actions in policy evaluation, conservative Q-learning (CQL) (Kumar et al., [2020)
penalizes the learned Q-function for OOD actions induced by the learning policy. Building on CQL,
subsequent algorithms (Ma et al.} 2021} |Lyu et al., 2022; (Chen et al.| [2023} Nakamoto et al., [2023;
Shao et al., 2023} Yeom et al.,[2024)) address the potential over-pessimism in both in-distribution and
OOD actions, which stems from excessively conservative value estimates. These approaches rely on
additional components, such as estimating the unknown behavior policy to handle OOD actions (Lyu
et al.,2022;|Yeom et al.| 2024) or introducing extra networks for a quantile (Ma et al.,[2021)) or a state
value function (Chen et al., 2023} [Nakamoto et al., [2023)), which may lead to increased complexity
and further drawbacks despite their intentions to address the over-pessimism — such drawbacks
include distribution mismatches between the estimated behavior policy and the dataset (Zhuang et al.}
2023; Kun et al.l 2024), the need for extensive parameter tuning, and prolonged training times.

Intuitively, leveraging offline trajectories that span multiple timesteps, rather than individual single-
timestep transitions, provides more information about the behavior policy and can potentially prevent
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the selection of OOD actions for offline datasets. Although trajectories are readily available in offline
datasets, most previous model-free offline RL methods for policy evaluation have utilized these
trajectories only in the form of fragmented single-step transitions (Fujimoto et al.,2019; |Kumar et al.|
2019;|Wu et al.| |2019; [Fujimoto & Gul 2021} Kostrikov et al.| 2021). Hence, the following question
arises:

Can we design a value estimation method for offline RL that utilizes the multi-step learning?

In online RL counterparts of offline RL, there is a line of work that extends a single-step temporal-
difference (TD) learning (e.g., Q-learning (WATKINS| 1989)) to multi-step generalizations (Peng &
Williams, |1994; [Precup), 2000; [ Munos et al.,[2016} Harutyunyan et al., 2016; /[Rowland et al.,|2020;
Kozuno et al.| 2021), introducing multi-step operators that leverage temporally extended trajectories
to update Q-values. These operators improve learning efficiency and provide a more forward-looking
perspective, leading to enhanced performance in determining optimal actions compared to the single-
step Bellman operator across various benchmarks (Harb & Precupl [2017; Mousavi et al., 2017} Hessel
et al.,|2018; Barth-Maron et al., |2018; [Kapturowski et al.| 2018} |Daley & Amato, [2019). However,
whether such an extension to multi-step TD learning is possible in offline RL is still unclear. Hence,
the follow-up questions arise:

What is a suitable multi-step operator for offline RL?
Is it possible to demonstrate that the multi-step operator enhances performance?

In this paper, we propose an effective conservative multi-step Q-learning algorithm for model-free
offline RL, Conservative Peng’s Q(\) (CPQL). Our algorithm builds on conservative value estimation
by incorporating the Peng’s Q(\) (PQL) operator (Peng & Williams, |1994; |Kozuno et al., [2021)
instead of the standard Bellman operator. Unlike other multi-step operators (Precup, [2000; Munos
et al., 2016; Harutyunyan et al.l 2016} [Rowland et al., 2020) that truncate trajectories, the PQL
operator fully leverages whole trajectories to improve policy evaluation. Since the PQL operator does
not use importance sampling, which requires estimating the behavior policy from offline datasets, it
avoids the mismatch issues arising from inaccurate behavior policy estimation (Zhuang et al.||2023;
Kun et al., 2024). Because the fixed point of the PQL operator in offline RL converges to the Q-
function of a mixture policy that interpolates between the behavior policy and target policy, coupling
it with a conservative value estimation method ensures that even mild conservatism is sufficient
to mitigate Q-value overestimation caused by distribution shift. In contrast to other conservative
methods (Kumar et al.,|2020; Ma et al., 2021} [Lyu et al., [2022; |Chen et al., 2023} Nakamoto et al.,
2023; Shao et al., [2023; | Yeom et al., [2024)), CPQL mitigates over-pessimistic value estimation in the
Q-function (Theorem [I)) without requiring additional estimation procedures or auxiliary networks.
Our main contributions are summarized as follows:

* We propose CPQL, the first multi-step Q-learning algorithm for model-free offline RL.
CPQL adapts the PQL operator to conservative value estimation and fully leverages offline
trajectories without estimating additional models. To the best of our knowledge, our work is
the first to demonstrate both theoretically and empirically the effectiveness of conservative
multi-step value estimation.

* We provide rigorous theoretical analyses for CPQL. The policy learned by CPQL is guaran-
teed to achieve performance greater than (or equal to) that of the behavior policy (Theorem|2)
and further reduces the sub-optimality gap compared to CQL (Theorem [3). Our theoretical
analyses effectively address the key limitations of over-pessimistic value estimation in offline
RL, ensuring balanced conservatism and improved policy exploration.

» Extensive numerical experiments on the D4RL benchmark demonstrate that CPQL consis-
tently and significantly outperforms existing offline single-step RL algorithms. In contrast to
CQL, whose performance is highly sensitive to the choice of the conservatism parameter (An
et al.l 2021} |(Ghasemipour et al., 2022} Tarasov et al.,|2024b)), CPQL remains robust across a
wide range of conservatism parameter values.

* Beyond the contribution of CPQL to mitigating over-pessimistic value estimation in offline
RL, CPQL also contributes to the offline-to-online learning framework. Using the Q-function
pre-trained by CPQL enables the online PQL agent to avoid the performance drop observed
at the start of the online phase and attain robust performance improvements.
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2 RELATED WORK

Model-free Of ine RL. To overcome the distributional shift and extrapolation error, model-free

of ine RL methods focus on learning policies using techniques such as penalizing learned value
functions to assign low values to unseen actions (Kumar|et al.| 2020; Malet all/ 2021; Lyu et al.,
2022;[ Chen et all, 2023; Nakamoto ef @al., 2023; Shao et al., 2023; Ma et al.,| 2023; Yeam et al.,
2024), constraining the learned policy to remain similar to the behavior policy (Fujimotg et al.,
2019; Kumar et al|, 2019; Wu etl., 2019; Fujimoto &|Gu, 2021; Fakoor|ét al.,|2021; Ghasemipour
et al|,| 2021} Wu et al., 2022; Tarasov ef al., 2024a), quantifying the uncertainty (Wu et al., 2021;
Zanette et al|, 2021) by adding ensemble techniques to obtain a robust value function (Bai et al.,
2021 An et al., 2021; Ghasemipour et al., 2022; Yang &t al.,|2022; Nikulin gt al., 2023), and learning
without querying OOD action$ (Chen et al., 2020; Kostrikov et al., 2022). However, most model-free
of ine RL algorithms use the single-step TD learning in off-policy methods based on [TD3 (Fujimoto

et al|[2018), SAC (Haarnoja etldl., 2018), and AWR (Penglet al.,|2019). Thus, our work addresses
over-pessimistic value estimates by leveraging multi-step TD learning based on of ine trajectories.

Multi-step Operators. Among off-policy multi-step operators (WATKINS, 1989; Peng & Willigms,
1994 Cichosz, 1994; Sutton & Balio, 1998; Prec¢up, 2000; Munos et al., [2016; Harutyunyan et al.,
2016; Rowland et al., 2020; Kozuno et al., 2021; Daley et al., 2028plime RL, the PQL operator
consistently outperforms the Bellman operator and other multi-step operators across several complex
onlinetasks|(Harb & Precup, 20L7; Mousavi et al., 2017; Hessel|ét al.] 2018; Barth-Maradn et al., 2018;
Kapturowski et al,, 2018; Daley & Amatp, 2019). The xed point of the PQL operatonime RL

has been criticized for its inability to converge to the optimal Q-function without additional technical
conditions, such as the updated behavior policy being close to the target policy (Harutyunyan et al.,
2016; Kozuno et al[, 2021). However, under the xed behavior polidyr(e settings), we exploit the
property (Kozuno et al., 2021) that its xed point is closer to the Q-function of the behavior policy.
By integrating conservative value estimation into this property, CPQL tackles two central of ine RL
challenges: distributional shift and overly pessimistic value estimates.

Of ine-to-Online RL. To prevent the forgetting of of ine pre-training bene ts and to enable ef cient
online exploration, of ine-to-online RL methods have explored diverse techniques such as leveraging
an of ine dataset to sample-ef cient online ne-tuning (Nair et al., 2020; Lee éf al., P022; Song et al.,
2022), avoiding the need to retain of ine data (Uchendu et al., 2023; Zhou et al., 2024), maintaining
a balanced replay buffer (Ball et al., 2023; Ji et al., 2024; Luo et al., 2024), calibrating the value
function (Nakamoto et al., 2023), adopting Bayesian approaches (Hu et al., 2024), bridging the
value gap between of ine and online RL (Yu & Zhang, 2023; Wagenmaker & Pacchiano, 2023), and
proposing policy expansion schemes (Zhang et al., 2023). However, since CPQL mitigates over-
pessimistic value estimation in the of ine phase, it eliminates the need for additional mechanisms
such as critic-actor calibration or alignment when transitioning to vanilla PQL in the online learning.
This allows the online agent to directly leverage the pre-trained Q-function without further adjustment,
ensuring a smoother transition to online ne-tuning. As a result, CPQL avoids the performance drop
typically observed at the start of ne-tuning and attains robust performance improvements.

3 PRELIMINARIES

3.1 MARKOV DECISIONPROCESS

We consider a Markov Decision Process (MDP) de ned by a tile:= (S;A;P;R;dy; ),
whereS is the state space is the action space? : S Al s represents the state tran-
sition probability kernelR is the reward distributiondy 2 s is the initial state distribution,
and 2 [@1) is the discount factor. We let the reward function2 RS” be de ned as
r(s;a) := r%R (drfs;a), and assume that(s;a)j Rmax, 8(s;@) 2 S A . Let a policy

;S| a be a mapping from states to actions (deterministic) or a probability distribution over
actions (stochastic). Given any policy an agent starts from an initial staggand interacts with
M , repeatedly taking actions, receiving rewards, and observing subsequent states. This process
generates a trajectory = f(Si;ac;r (St;a))g, o Wherea (jst) andsi1 P (jst;ar).
The state-valge function and action-value function (Q-fugction) for the polieye de ned as
V()= E [ o 'r(ssa)jso=slandQ (s;a):= E [ 1, ‘r(s;a)]jso=s;a = al,
respectively. We de ne the discounted state visitation distribution of a poliegder the environment
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M asd, (s) = (1 )P tl_o 'Pr (st =Sjsp do;P), wherePr (s;=sjsg do;P) de-

note the probability of reaching staseat time-stept under andP, starting from initial state
sp distributed according to the initial state distributidn Similarly, we de ne the discounted
state-action visitation distribution @, (s;a) := d,, (s) (ajs).

3.2 OrF-PoLICY OPERATORS

Off-policy RL consists of two main tasks: evaluation and improvement. The evaluation process is to
learn the Q-function of a xed policy. In the improvement setting, the goal is to obtain an optimal
policy that maximizes the expected discounted return udglerepresented asax Jy ( ) :=

Es 4, [V (5)] = %Es;a d, [r (s;a)]. Operators are a fundamental concept in RL because all
value-based RL algorithms update the Q-function using a recu€gion := Oy Qy, whereOy :

RSA I RSA isan operator that speci es the update rule of the algorithm. We dB nas the
transition matrix coupled with the policy, given By Q(s;a) := Esop (jsa)a0  (jso) [Q(s% 9]

Bellman Operator. The Bellman operatof : RSA | RSA isdenedasT Q:=r+ P Q.
We denote the set of all greedy policies with respe@tasG (Q). The Bellman optimality operator
T isdenedbyT Q:=T °Q,where g 2 G(Q).

Pengs Q() (PQL). For 2 [0; 1], PQL updates the Q-function using the recursign; :=
L “Qx (Peng & Williams, 1994; Kozuno et al., 202'1;,) whelg2 G(Qk) The PQL operator

T ' :RSA | RSA isdenedasT 'Q:=(1 ) ., " 'Th ' Q,whereT, ' Q:=

(T )" bt Q is the uncorrected-step return operator (WATKINS, 1989; Cichosz, 1994; Sutton
& Barto, 1998; Hessel et al., 2018).

3.3 OrfFLINERL

In of ine RL, the learned policy is constrained to a static dataset without additional interactions
with the environment during the control process. The of ine datBsebnsists of either trajectories

f ig,; gathered by unknown behavior policies. On all states 2 D, we denote the empirical
behavior policy ag (ajs) := % We de ne the state space inducedbyasS(D),

D
consisting of all states iD. SinceD typically covers a subset of the tuple space, of ine RL algorithms
based on the Bellman operator suffer from action distribution shift. Because the learning policy is
updated to maximize Q-values, cumulative extrapolation errors in unseen actions can drive it toward

OOD actions with erroneously high Q-values (Levine et al., 2020).

To address the overestimated Q-value problem, CQL (Kumar et al., 2020) penalizes the learned
Q-function for OOD actions induced by the learning policy. The objective function of CQL with a
non-negative conservatism parametas de ned as follows:
h i
1
SEsasop (Q(s;8) T Q(s] @)’ + Espa (j9[Q(sia)] Esap [Q(sia)] : (1)

4 CONSERVATIVE PQL

In this section, we develop the CPQL algorithm, where the learned Q-function mitigates overestima-
tion bias in value estimation. We provide several novel theoretical results that include guarantees for
the sub-optimality gap between the optimal policy and the policy learned via CPQL. It is important
to note that PQL has not been studied unaféne RL settings. Hence, we rst present how previ-

ous ndings on online PQL can be adapted to of ine PQL, addressing fundamental challenges of
Q-learning in of ine RL.

4.1 TowaRDS OFFLINE PQL

Prior works (Peng & Williams, 1994; Sutton & Barto, 1998; Kozuno et al., 2021) have investigated
the PQL operator only ilmnline RL. In this work, we focus on constructing the PQL operator in

of ine RL for the rst time. Adapting PQL to of ine RL not only facilitates faster convergence to the
xed point but also mitigates the effects of extrapolation errors and over-pessimistic value estimation,
which are key issues in of ine RL. We begin by recalling the xed-point characterization of the PQL
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operator and reinterpreting it from afiine RL perspective. We consider the exact case where no
update errors exist in the value functions.

Proposition 1 (Harutyunyan et al. (2016)) The xed point of the PQL operato®@ ' , satis es:
Q =(T +@ )T)Q

Proposition 1 states that a xed point of the PQL operator coincides with the xed point of +
(3 )T forthetargetpolicy . Since T +(1 ) T is a contraction with modulus under
L! -norm, the existence and uniqueness of this xed point are guaranteed. However, this xed point
does not ensure the convergence of the optimal Q-function in online RL unldssuf ciently close
to (Harutyunyan et al., 2016; Kozuno et al., 2021). In contrast, when we usectth@mpirical
behavior policy® from D, the Q-function updated by the PQL operator converged to *& ) |

Proposition 2 (Kozuno et al. (2021))Let be a policy such tha® " ) Q"+ )
holds pointwise for any policy. Then,Qy for the k-th iteration, updated by the PQL operator,
uniformly converges tQ * ** ) with a contraction rate of ¥, where = -

Proposition 2 states a trade-off between bias and contraction rate, that is, PQL with the xed behavior
policy converges to a biased xed point that differs fr@n, with a contraction rate.

Interpretation to of ine RL.  Prior work (Kozuno et al., 2021) focused on online RL, particularly

on how updating the behavior policy is necessary for this xed point to conver@e téiowever, the

xed point Q with =0, corresponding to the value derived from the Bellman operator, can still

deviate fromQ due to distribution shift in of ine RL (Fujimoto et al., 2019; Kumar et al., 2019;

Levine et al., 2020). Thus, one of our main points is that we should foch®wran appropriately

chosen mitigates Q-value overestimation for the learned polbigyshifting the xed point closer to

Q" , rather than focusing on increasing the bias introduced by a larBecause the xed point lies

closer to the behavioral value, it naturally induces implicit behavior regularization. A carefully chosen
can effectively address the over-pessimism problem in conservative value estimation methods and

yield a more robust learned Q-function, as it mitigates the in uence of the learned policy.

4.2 THEORETICAL ANALYSIS

We aim to mitigate the over-pessimistic estimation of Q-values for the learned policy induced
by conservatism. We integrate the PQL operator into the CQL loss, as it provides a simple and
effective way to alleviate the over-pessimism of Q-values. We replace the standard Bellman operator
in Equation 1 with the PQL operator. This leads to the following iterative Q-value update in CPQL:

.1 A 2
©k+1 2 arngln EEs:a;soD Q(s;a) T ’ k@k (s;a)

t  Espa ((j9[Q(si8)] Esap [Q(sia)] : (2

The following theorem shows that the expectation of the learned Q-function obtained by iterat-
ing Equation 2 lower-bounds the expectation of the true Q-function. This result is an adaptation of
Theorem 3.2 in Kumar et al. (2020). The proofs with sampling error are deferred to Appendix B.1.

Theorem 1 (Lower Bound on the State Value Function of CPQL)Let@ "+ ) denote the
Q-function derived from CPQL as de ngd in Equation 2. Then, the state value of (1 ),

V) ()= Ea (~sa ) )iy @7 ¢ ) (s;a) , lower-bounds the true state value

of the policy obtained via exact policy evaluatiéh,” ** ) (s). Formally, with probability at
leastl ,foralls2 S(D)andsome> O,

v ) g) v ) (s):

The next two theorems show that the policy learned by CPQL is guaranteed to achieve the performance
greater than (or equal to) that ©f (Theorem 2) and reduces the sub-optimality gap (Theorem 3),
which previous conservative value estimation methods had not achieved. The proof with sampling
error is deferred to Appendix B.2 and B.3.
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h i
Theorem 2 (Comparison to the Behavior Policy)Let A := argmax Es 4, ¥ "~ *¢ ) (s) .

With probability atleastt. , ~ +(1 )~ achieves a policy improvement over in the actual
MDP M as follows:

" (ajs)
"~ (ajs)

a )
1

v (M +(@ )N Iwm (M )+ E -« » Ea ~(js)

s dy (s)

Theorem 3 (Sub-Optimality Gap) With probability atleasl. , the gap of the expected discounted
return between the optimal policy and the mixture policy » + (1 )~ under the actual MDP
M satis es

v () Im(v " +(1h ") :
ZRmaX
a )2Es 6 ) drv (37 )(s)
20 )

+ 71 Es dMA +(1 ) (5)

drv ( M)(s) (M)(s)+ 17Ea ~s) '\((E;J'SS)) ,

— P (ajs)+” (ajs) . . .. .
where (")(s):=  oa — @y anddry ( 1; 2) is the total variation distance of; and ».
Discussion of Theorems 2 and 3n Theorem 2, » +(1 )" achieves at least the performance

of ~ under the actual MDR® . When accounting for sampling error,is chosen such that the
conservative term exceeds the sum of the sampling error terms. However, an excessivel\dizege

not guarantee that the sub-optimality gap decreases. In Theorem 3, increasgmj cantly can

lead to larger in uence of (") andE, ~(js)[" (ajs) =" (ajs)] on the RHS. To reduce these gaps, it

is crucial to control the two unbounded terms, since their reduction has a greater effect than reducing
the total variation distance. Thus,approache$ when takes on a large value by Theorem 2.
However, CPQL can reduce the sub-optimality gap more effectively than CQLldé¥iates front*

leading to (") andE, ~(js)[" (ajs) =" (ajs)] growing to in nity. While CQL lacks a mechanism

to directly mitigate this divergence, CPQL addresses it throuyghhich balances between the rst

and second terms on the RHS. For example, sincend® are xed policies, if* is similarto
choosing a large value of further reduces the sub-optimality gap. Conversely), idiffers from
adjusting appropriately is more effective than CQL at reducing the sub-optimality gap.

4,3 PROPOSEDALGORITHM

Algorithm 1 Conservative Peng's QJf (CPQL)
Require: Critic networksQ ,; Q ,, Actor network , DataseD, Conservatism factor, and

1: Initialize target networks, 1 2 2

2: for gradientstep=1;2; do

3:  Sample batch partial trajectories each of length(so; ap; ro; S1;@1;r1;  ;Sn)g, fromD
fori=n 1toOdo

Compute® = ri+ Q (swi (sa)+ @7 Q (sa; (sm) .j=1:2
end for
Construct target valug = min =1 .» @Oi " wlog (jsn)
Update critic j for j = 1;2 with gradient descent via m;iqrgimizing
X 1 h 2i

Esp log  exp Q(s;8) Ea  (j5) Q,(518) +SEsason  Q,(si@)

a

O N g

9:  Update actor for learned policy with gradient ascent via maximizing
Esp a (js) JTlanQ i (s;a@) pol log (js)

10:  Update target networks; ! i+ ) =152
11: end for
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Table 1: Results for MuJoCo locomotion, Adroit manipulation, and AntMaze navigation tasks in
of ine D4RL. * indicates reproduced results: (algorithm*) for all datasets, (score*) for a speci c
dataset. Bold numbers are the scores within 2% of the highest in each environment.

Task BC TD3+BC CQL IQL MCQ MISA CSVE EPQ | CPQL (ours)
halfcheetah-random 2.2 11.0 175 131 28.5 25 26.8 319 38.8 1.0
hopper-random 3.7 8.5 79 7.9 31.8 9.9 26.1 30.3] 315 05
walker2d-random 1.3 1.6 51 54 17.0 9.0 6.2 11.2| 212 07
halfcheetah-medium 43.2 48.3 47.0 474 64.3 47.4 484 67.1 66.6 0.9
hopper-medium 54.1 59.3 53.0 66.2 78.4 67.1 96.7 100.4 99.7 2.0
walker2d-medium 70.9 83.7 733 783 91.0 84.1 83.2 86.4 90.0 15
halfcheetah-medium-replay  37.6 446 455 442 56.8 45.6 54.5 51.4 603 0.8
hopper-medium-replay 16.6 60.9 88.7 94.7 101.6 98.6 91.7 97.3 103.0 0.6
walker2d-medium-replay 20.3 818 818 7338 91.3 86.2 78.0 86.0 97.4 4.0
halfcheetah-medium-expert ~ 44.0 90.7 75.6 86.7 87.5 94.7 93.1 86.6|] 95.3 0.6
hopper-medium-expert 53.9 98.0 105.6 915 1112 109.8 94.1 1104| 1113 1.2
walker2d-medium-expert 90.1 110.1 1079 109.6 1142 109.4 109.0 110.9 1129 2.0
halfcheetah-expert 91.8 96.7 96.3 95.0 96.2 959 93.8 1029 98.0 1.6
hopper-expert 107.7 107.8  96.5 109.4 111.4 1119 111.3 111.1] 1120 0.6
walker2d-expert 106.7 110.2 108.5 109.9 107.2 109.3 1085 109.8) 114.1 0.5
MuJoCo Total 744.1 1013.2 1010.2 1033.1 11884 1081.4 1121.4 1193.7 12521
pen-human 344 648 37.5 71.5 68.5 88.1 106.2 65.7 721 4.6
door-human 0.5 0.0 9.9 4.3 2.3 5.2 2.8 5. 143 22
hammer-human 1.5 1.8 4.4 1.4 1.3 8.1 35 0.3 1.4 0.9
relocate-human 0.0 0.1 0.2 0.1 0.1 0.1 0.1 0. 0.1 0.0
pen-cloned 56.9 49.0 39.2 37.3 49.4 58.6 54.5 55/8 709 6.9
door-cloned -0.1 0.0 0.4 1.6 1.3 0.5 1.2 0.5 6.4 5.0
hammer-cloned 0.8 0.2 2.1 2.1 14 2.2 0.5 1.2 16 1.1
relocate-cloned -0.1 -0.2 -0.1 -0.2 0.0 -0.1 -0.3 -0.1 -0.1 0.0
Adroit Total 93.9 115.7 93.6 1181 1243 162.71685 128.7| 166.7
antmaze-umaze 65.0 78.6 74.0 87.598.3 92.3 - 96.2 96.7 1.9
antmaze-umaze-diverse 55.0 714 84.0 62.2 80.0 89.1 - 72.3 68.6 0.5
antmaze-medium-play 0.0 10.6 61.2 712 525 63.0 - 59.0| 724 1.2
antmaze-medium-diverse 0.0 3.0 53.7 70.0 375 62.8 - 57.5| 717 0.8
antmaze-large-play 0.0 0.2 15.8 39.6 25 175 - 23.8| 416 5.2
antmaze-large-diverse 0.0 0.0 149 475 7.5 234 - 17.4| 46.6 4.9
Antmaze Total 120.0 163.8 303.6 378.0 278.3 348.1 - 3262 397

Algorithm 1 presents a general version of our proposed method. In Line 5, given a partial trajectory
of lengthn, we recursively compute the target Q-function using the trace parameéhile updates

are based on SAC (Haarnoja et al., 2018), we get= 0 at all steps except the last (Line 7), ensuring
stability during Q-function updates. This is because the entropy bonus term is added to the target
Q-function at each step, amplifying its numerical scale and complicating value estimations (Kozuno
et al.,, 2021). In Line 8, we adopt the log-sum-exp method from CQL (Kumar et al., 2019) to
incorporate conservative value estimation. Compared to CQL, CPQL reduces the in uence of the
learned policy on Q-value estimates, enabling stable learning even with a small conservatism factor
(see Question (ii) in Section 5).

5 EXPERIMENTS

In this section, we describe our detailed experimental procedures and report the corresponding results
to address the following pertinent questions:

(i) How does the performance of CPQL compare to prior single-step of ine baselines, some of
which incorporate conservative value estimation methods, across various tasks and datasets?

(i) What advantage does CPQL provide over CQL in terms of sensitivity to the conservatism
parameter , and does it mitigate over-conservatism while achieving strong performance?

(i) How does CPQL compare with other multi-step operators (e.g., Uncorrected N-step, Retrace,
and Tree-backup) when combined with conservative value estimation? (Note that there are
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no existing of ine RL methods with a multi-step operator. Here, we are asking a question
on ablation.)

(iv) Can the online PQL agent, using the Q-function pre-trained by CPQL in of ine settings,
mitigate performance drop at the start of the online phase and enable faster adaptation and
improvement in online learning compared to of ine-to-online baselines?

For a fair comparison, we evaluate all algorithms using results aftegradient steps in of ine
D4RL (Fu et al., 2020). In the of ine-to-online setting, we rst pre-train algorithms@@5M of ine
steps and then ne-tune them for3M online steps. Our score is computed from the policy during
the lastlOiterations, averaged overseeds, with denoting the standard deviation across seeds. For
CPQL evaluation, we set = 5 to cap the length of the partial trajectories. (See Appendix C for
details).

Tasks.MuJoCo (Todorov et al., 2012) consists of datasets from three environnitait€keetah
Hopper, andWalker2d, each with ve dataset type®RRandomMedium Medium-ReplayMedium-
Expert andExper). Adroit (Rajeswaran et al., 2017) involves two dataset typas@nandcloned
and four Shadow Hand robot tasksatmmerdoor, pen andrelocatg. AntMaze provides three maze
layouts imazemedium andlarge) and three dataset typasnjazeplay, anddiverss.

Baselines. In the of ine setting, we compare CPQL to prior model-free single-step of ine RL
algorithms: (i) TD3+BC (Fujimoto & Gu, 2021) that incorporates an explicit policy constraint
through the behavior cloning (BC), (ii) CQL (Kumar et al., 2020) that penalizes the Q-function
for OOD actions, (iii) IQL (Kostrikov et al., 2022) that learns the Q-function without querying
OOD actions, (iv) MCQ (Lyu et al., 2022) that uses the mildly conservative Bellman operator, (V)
MISA (Ma et al., 2023) that constrains the policy based on mutual information, (vi) CSVE (Chen
et al., 2023) that learns a conservative state-value function, and (vii) EPQ (Yeom et al., 2024) that
learns the Q-function by selectively penalizing states with insuf cient action coverage. In of ine-
to-online RL, we evaluate the performance of CPQL (of ine pretraining) followed by PQL (online
ne-tuning), and compare it against several algorithms: (i) AWAC (Nair et al., 2020) that utilizes the
advantage weighted actor-critic with weighted maximum likelihood, (ii) Cal-QL (Nakamoto et al.,
2023) that calibrates the value-function, (iii) IQL (Kostrikov et al., 2022), (iv) SPOT (Wu et al., 2022)
that uses density-based regularization, and (v) CQL (Kumar et al., 2020) (of ine) to SAC (online).

5.1 RESULTS ON OFFLINE AND OFFLINETO-ONLINE D4RL

Question (i): Our experimental results, summarized in Table 1, are based on evaluations carried
out across diverse tasks. CPQL achieves high performance in the vast majority of the tagks with

out of 29tasks. In MuJoCo locomotion tasks, CPQL consistently achieves remarkable performance
improvements across all tasks, regardless of data distribution—whether diRarsgofn Medium-

Replay or narrow Medium Medium-Expeit In Adroit manipulation tasks, CPQL surpasses all other
algorithms fordoor on humanandcloneddatasets. Excluding only CSVE in then-humardataset,

we achieve high performance in typentasks. In Antmaze navigation tasks, CPQL demonstrates
outstanding performance despite sparse rewards and diverse datasets (undirected and multi-task).
These results on diverse tasks demonstrate that CPQL effectively mitigates the problem of over-
pessimistic value estimation by leveraging actual trajectories and the PQL operator.

Figure 1: Normalized scores of different conservatism parameteérsWalker2dtasks.

Question (ii): CPQL maintains high performance even at smallinlike CQL. The smaller helps

CPQL address the issue of overly penalizing the Q-values of certain states in CQL, particularly
less observed or unobserved stateB inPrior works (An et al., 2021; Ghasemipour et al., 2022;
Tarasov et al., 2024b) have pointed out that CQL is extremely sensitive to the choicaéven
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Figure 2: Comparisons of CPQL (ours) with CQL using alternative multi-step operators on MuJoCo tasks.

Figure 3: Comparing CPQL PQL (ours) with several baselines for of ine-to-online RL.

small changes can lead to signi cant performance differences. In Figure 1, the red line representing
CQL clearly illustrates this sensitivity issue. In contrast, CPQL outperforms CQL and exhibits less
sensitivity to  across diverse datasets. By mitigating over-conservatism, CPQL enables the learned
policy to better explore promising actions. As shown in Theorem 3, selecting an appropriate
reduces the sub-optimality gap and yields remarkable scores across diverse datasets.

Question (iii): In Figure 2, the Uncorrecteat-step return, Retrace, and Tree-backup operators indeed
learn faster during the rs0:2M steps, but their performance drops after reaching an early peak.
Retrace (Munos et al., 2016) suffers from performance degradation because it relies on accurate
behavior policy estimation, which is dif cult to estimate (Zhuang et al., 2023; Kun et al., 2024).
Tree-backup (Precup, 2000) is developed for discrete action spaces, and in continuous spaces, it leads
to unstable updates due to the numerical scala of The Uncorrectet-step return overly restricts
exploration of OOD actions, which can lead to unstable performance in the later stages of training.
However, CPQL achieves both stable and competitive performance without additional requirements.

Question (iv): In Figure 3, we show that initial-

izing PQL with the Q-function pre-trained by

CPQL helps the online agent avoid or quickly

recover from the performance drop at the start of

online ne-tuning and achieve robust improve-

ment. First, CPQL outperforms other of ine-

to-online baselines with onl®:25M gradient

steps, so the online agent is initialized with the

well-trained Q-function, reducing exploration

trials. Second, in Figure 4, the Q-values learndgéigure 4: Average Q-values by conservatism parameter
by PQL do not degrade at the start of the onlinefor CPQL PQL (ours), CQLL SAC, and Cal-QL.
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phase. Since CPQL reduces the in uence of the learned policy on Q-value estimation (Proposition 2
and Theorem 1), the average Q-value gradually increases after pretraining across different values of
In contrast, when transitioning from CQL to SAC, a largeshows a more severe performance drop.
While Cal-QL avoids the performance drop, its performance improvement is signi cantly slower.

6 CONCLUSION

CPQL proposes the rst approach to a model-free of ine multi-step RL algorithm by incorporating

the PQL operator for conservative value estimation, mitigating over-pessimism in the Q-function, and
reducing the sub-optimality gap. A key insight of CPQL is that the xed point of the PQL operator lies
closer to the value function of the behavior policy, thereby inducing implicit behavior regularization.
CPQL outperforms existing of ine RL algorithms, and its pre-trained Q-function enables PQL to
avoid the performance drop at the start of ne-tuning and achieve robust performance improvements
in the online phase. There are two limitations of CPQL. First, CPQL incurs additional computational
cost due to multi-step backups, but in practice, the overhead and the increase in running time are
small. Second, on low-quality datasets, performance may degrade, and single-step updates can be
preferable to multi-step operators. However, CPQL can reproduce the single-step TD learning.
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A PROOF OFTECHNICAL LEMMAS FOR THEOREMS

First, we provide a Lemma and a proof for the sampling error bound of the PQL operator. We assume
the concentration properties of the reward function and the transition dynamics:

Assumption 1 Given a state-action paifs; a) 2 D, the following relationships hold with probability
atleastl

; . AN G . i an i Cr :
jr(s;a) P~(s;a)j pm P(jsia |13(15,a)1 F’W

whereC, andC, are constants that depend or2 (0; 1), N (s;a) is the number of samples for
(s;a), and the concentration propertiesiofnd T, respectively.

Under Assumption 1 and Proposition 1, the sampling error between the empirical PQL operator and
the actual PQL operator can be bounded, as shown in the following proof:

Lemma 1 (Sampling Error Bound of the PQL operator) Given a state-action paifs;a) 2 D,
with probability at leastL  , the sampling error between the empirical PQL operator and the actual
PQL operator for(s; a) satis es the following inequality:

C, + CpRrgnax:(l ).

T ' Qs;8) P ' Q(s;a) T ) Nea

whereC,., is a constant dependent on the concentration propert&sdP, with 2 (0; 1).
Proof For(s;a),

T ' Q(s;a) P Q(sia)

= P* ‘r+ 1 )P Qs:a) | e 1 )b Qs a)
I P T+ (1 PQEsa) I Pt 1 )P Qsa)
+ o P* ' pr+ 1 )P Qi) | B T e 1 )P Qsa)

P T jrsia) Nsiait (@) P (isia) B (jsia) Q(sia)
+ Pt b s @ )P Q(s;a)

| P* " jr(sia) Nsiaj+ (1 ) P (jsia) B (jsia) Q3

1
+ | P ' P (jsia) B (js:a) | b" ﬂlw
C,+ (1 )%P Rmax =(1 )+ Cc pRm?i(:(l )
1 ) N(si®) 1 ) N(sia)
C + CPRF;'naxz(l ):
a ) N(s;a)
This completes the proof of Lemma 1. |

Based on the interpretation of the sampling error of the PQL operatorsifzero, the sampling error
of the PQL operator is equivalent to that of the Bellman operator. For example, wheh, the
sampling error between the empirical PQL operator and the actual PQL operdterdpis bounded

by S Q,T'\'T(m;;):(l ) This result aligns with the sampling error between the empirical Bellman

operator and the actual Bellman operator (Section D.3 in Kumar et al. (2020)).
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Now, we provide proofs for several technical lemmas that utilize our theorems, such as the construction
of the conservative value estijation and the sub-optimality gap between the optimal and learned

policies. In Lemma %Ea (is) % 1 has non-negative values for all statesSifD). In
[

other wordsE, (s % is greater than or equal tofor any .

Lemma 2 For any states and any two policies; and », the following inequality holds:

(@)
Fa 109 ()
with equality if and only if = .
Proof For any states,
(ajs) X o a(as)
Ea (is) —rin 1 = ajs :
X .
_ . . . 1(ajs)
= i@ @9 @) g
X i X i
. . 1(ajs) : 1(ajs)
= ajs ajs - 1 + ajs -
) ( 1(ajs) 2(ajs)) 2(ajs) . 1(ajs) ,(ajs)
X _ _ ajs ajs . .
=7 a9 o) 2@ T ey i)
a a
_ X (a(@s)  a(as)?
. 2(a9)
0;
where the [ast equality fellows from the fact that(ajs) and »(ajs) are positive values for all
actionsand , i(ajs)= , 2(ajs)=1. This concludes the proof. |

Next, two lemmas are adaptations of Lemma 3 from Achiam et al. (2017).

Lemma 3 For any two polices ; and », the vector difference of the discounted future state visitation
distributions on two different policies holds:

d: dz= (1 P (PP 2)dz:
Proof Recall that the discounted state visitation distribution of a policg , which is de ned as
R
d (=1 ) ‘Pr(st=sj ; P):

t=0
For nite state spacesl can be expressed in vector form as follows:

R
d =@ ) (P)d=@ )0 P)'d;

t=0
wheredy is the initial state dri]stribution. Then, we obtain

|
d* d°e=@1 )Y@ PHY g P2*!d
h i
=@ ) PHTE P2 @ PHO P2
@ ) PHIPEP I P2 Td
(@ Py PP Z)de?:
This concludes the proof. |
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Lemma 4 The divergence between discounted state visitation distribufjahs,
by an average divergence of the policigsand »:

#
X
jid* d2jj 1 Es 4 1(ajs)  2(ajs)
a
2
=1 Es a2[drv (15 2)(9)];

wheredry (1 2)()=(1=2) o] 1(ai)  2(ais)i.
Proof First, from Lemma 3, we obtain
jd* d2jii= ji¢ P PP 2)d2j
Ga Py Ygie r Po2)d 2

i P 1) Yjj;is bounded by:

b3
ja Pt LGP int=a@ )

t=0

To conclude the lemma, we boujidP * P 2)d 2jj;.

X X
P+ P 2)d?j= (PP 2)d>

X o

— jp 1P Zld 2
s;80

= P(sYs;a)( 1(ajs)  2(ajs)) d 2
s:s0 a
X - . . .

P(sYs;a)j 1(ajs)  2(ajs)id 2 (s)
s;a;s 0
j 1(ajs)  2(ajs)jd 2 (s)
S;a " #
X . -
= Es q:2 1(ajs) 2(ajs)
a
Therefore, we obtain that:
" #
e e X - .
jjd* d?jjs 1 Esa 1(@s)  2(ajs)
a

d 2jj, is bounded

(s)

If we express this inequality in terms of the total variation distance, it becomes the following

inequality:

. . 2

jjd* d?jjg ?Es dz2[drv (1 2)(9)]:
This concludes the proof.
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We prove the following lemma, which bounds the difference between the expected discounted return
underM andM .

Lemma 5 Given any policy , for any MDPM and the empirical MDR# , the following holds
with probability at leastt.

v (™ +(1 ) ) Jg (M +( ) ) s I#

p T
C + RmaxCp=(1 ) A _ (ajs)
1 E, 0’ g pNj(s) +(1 ) Ea (s) % (ajs)

Proof To prove this inequality, we use the triangle inequality to separate the gap in the expected
discounted return into differences in rewards and transition dynamics, as follows:

Jg (M +(@2 ) ) Im (M +1 ) )
1 X

= 3 dy O @9+ ) @9)ry (sia)
| X . _
dy @ BV +@ ) )@ (sia)
1 X Al ) . . . .
T ©f__@9+@ ) (@) rg (5a) 1w (sia)
s;a = (9
X N+ N+ .
P A @ a9 @I (sia)
sa | {z }

= q(s)

We rst bound the term that includes the difference between the actual rewards and the estimated
rewards by applying concentration inequalities to derive an upper bound f(s). Note that under

concentration assumptions, and using the factifat, (s)] = 0 in the limit of in nite data, we
obtain:

X
j oo (9)] ( @9+@@ ) (ays) rg (s;a rm (s;d)

X . _ C,
. ( (@s)+@ ) (as)p NG ~ @9 (ajls)
N e (ajs)
- N (S) . (ajS)+(1 ) N (?]S)
C, P X (&s)
PN ® AL+ ) eyl 3)

Next, we bound the term that involves the difference between the actual and estimated transition

dynamics by applying concentration inequalities to derive an upper boundyf¢s). By Lemma 3,
we obtain the following equation:

1
_ JRIC QRIC A1) g )
o= 1 P, P,, P d :
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We know that is positive andj (I P ) Yjji (1 ) *forany policy , we only need to
bound the remaining terms.
d N1 )
P
" 1
X X .
= p(sYs)d, ) (9)
0 s
i e(sY)id, ¢
s0;s
X X ) ) NI
= Pg (s4si@) P wm (s%sia) ( ~ (ais)+(1 ) (ajs)) dg (s)
s0s a
X ) ) . . A1)
Pg (isia) P wm (js;a (" (as)+(1 ) (as)dy (s)
s0s 1
g (%) p Cp X a (ajs) + (1 ) (ajs)
s N (s) , (ajs) |
X, c, X (ajs)
= d" ) (g p=2— NEis) (1) paD)
s " N(s) o ~ (@)
X . c P X (ajs)
dg ) 9p=2= TA+@ ) P
" N (s) a (@9

where the last inequality is derived from the Cauchy—-Schwarz inequality. Hence, we can bound

d () as follows: |

X (as)
A @s)

X N+ pi
a0 Oeyg A ) @

S a

p _
To derive the nal upper bound of the objective function, it is necessary to boug\@%, as

follows: |
. . . . 2
@ X (@t X (ajs)
a (js) ~ (ajs) . A (ajs) . N (ajs)
X @y (ais)
ajs .
—— JA B (js) iao
. N (@9 "~ (ajs)
Then we obtain
s X s
(ajs) (ajs) - (ajs)
E i —_— — Aj E i —_— 5
a (js) = (@js) ] pm JALEa  (js) & (@s) 5)
By Equation 3, Equation 4, and Equation 5, we have that:
Ivn (G M@ ) ) I M @) )
"h s I#
G+ RmaxCp=(1 ) JA] _ (ajs)
1 E, 0’ g pNj(s) +(1 ) Ea (s) % (ajs)
(6)
r h———i
Equation 6 re ects the trade-off betwednand E, (js) = (ae{fg) (1), by weighting them
with andl , respectively. This equation can more effectively reduce the difference than the
single-step method. This completes the proof of Lemma 5. |
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B PROOF OFTHEOREMS

In this appendix, we provide all proofs of our main theorems with sampling error.

B.1 THEOREM1

Theorem 1 (Lower Bound on the State Value Function of CPQL)Let ({3 "+ ) denote the
Q-function derived from CPQL as de ngd in Equation 2. Then, the state value of (1 ),

V) ()= By (nsa ) )iy @7 @ ) (s;a) , lower bounds the true state value

of the policy obtained via exact policy evaluatiah,” *& ) (s), for suf ciently large . Formally,
with probability at leastt. |, forall s2 S(D),

v A+l ) (S) \Vi N+ ) (S),
h i
Ea (9 =~y 1

if C,+ Rmax Cp=(1 ) n_ 1
~ (ajs)

(D (S (R L Ty ey SR

Proof By setting the derivative of Equation 2 to zero, we obtain the following recursive update
expression fo@kﬂ in terms of@k, incorporating the sampling error under Lemma 1. Given a
state-action paifs; a), with high probability 1

v Bk . k(ajs)
Oua ()= P Qi) T
A i C.
T " kB (s;a c@s) L S
Qa5 (ajs) ¢ )@ ) N@Ea
In Proposition 2, we known thditm 1 @k = @_ "+ ) when the function approximation error

is zero for every(s;a) 2 S A . Thus, the state value function of + (1 ) «,on the other
hand,t’kﬂ is underestimated, since:

A - ajs
Vet (=T "“W(S)  Ea (+a ) )i9) 7Ak( ]- )
. (@s)
Cr;P n

+Ea (nra ) s a '@ )" NGa

Now, we can compute the xed point of the recursion in the above equation. Because the xed

point of the PQL operator coincides with the unique xed poinffof® * ) | this gives us the
following estimated policy value:
\p A+l ) (S)
A A 1 ajs
=V ) P TR e a1 (9
" " (ajs)
c #t
A 1 P .
+ | P + ) Ea ( "+ ) «)(js) i B (S) (7)

@ )¢ ) N(sa

In this case, the choice of, that prevents overestimation is given by:

Cr+ RmaxCp=(1 ) 1 (ajs)
D E .
@ )@ )@ Jsad NEaswso 92 R (@)
This completes the proof of Theorem 1. |
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B.2 THEOREM2

We prove that » + (1 )" achieves at least the performance‘ofin the actual MDRM .

i
Theorem 2 (Comparison to the Behavior Policy)Let » := argmax Es g, L2 R (s) .

With probability atleast. , ~ +(1 )~ achieves a policy improvement over in the actual
MDP M as follows:

" (ajs)
" (ajs)
s

t )
N AN N — - A
Im ( +(1 )N Im (M )+ 1 ES a, R

pf
C.p jAj " (ajs)
ISt e PR T ) B g

Ea ~(js)
1#

whereC,., is a constant dependent on the concentration propertigsd P .

Proof The proof of this statement is divided into three parts:
Iv (M +@ )N Im (M)

=|Jm(“+(1 )A){zJ’“(A+(1 )"f

= 1
)N Jg (M)t (M) Im (M)
{z o O O ]
=: 2 =: 3
By Lemma 5, we obtain the upper bound of and 3, as follows:
p T A
C+ RmaxCp=(1 ) A
E .. . P
1 sa, "o TN
p T a
C, + RmaxCp =(1 ) A
E .. . P
1 sa, e TN(y
Next, we obtain the lower bound of;, by the de nition of * and Equation 7:

ax ) "(ajs)
= JE i o Eaonpg L
1 sd e T2 U A(gjg)

+T]M(A +(1

S I#

+(1 ) Ea s %

joa

j 3

Ja (v M+ M) Jr) o

Thus, we have that:
a ) - Majs)
1 ES dMA +1 » (S) Ea A(]S) N (a]s)
Therefore, by integrating the bound of, », and 3, we obtain that:
Ivw (A +(@ )M

Im (A)+¥

2

~(ajs)

E. a’ Ea ~(js) A (@s)
* o S

Cr;P E - " pjiAJ 1+ +(l ) Ea A(js)
1 s ® "N (s :

whereC.p = C, + R naxCp=(1 ).
This completes the proof of Theorem 2. |

I#

" (ajs)
" (ajs)

When =0, we obtain the following equality:
Iv (%) Im (M)

c " p S #
"(ajs) nP A " (ajs)

1T Es a0 Ba iy " (as) 1 1 Es d (s Pﬁ Ea ~(js) (@)
This result coincides with Theorem 3.6 from CQL (Kumar et al., 2020). Our theorem converges
under the same conditions, thereby ensuring consistency with the CQL framework.
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B.3 THEOREM3

We rst present, to the best of our knowledge, theoretical guarantees concerning the sub-optimality
gap between the optimal policy and the mixture policy.

Theorem 3 (Sub-Optimality Gap) With probability at least.

return between the optimal policy and the mixture policy * + (1

, the gap of the expected discounted
)" under the actual MDP

M satis es
v () Im (™ +(Q h)") _
2 R max !
s d M) (s
@ ypoee, 0 w0
2 (1 ) _ "(ajs)
+ 17ES dmA SRR drv (™M) (M)(s)+ 17Ea A(js) W
c " A ) s
+ 0P . LA -] E )
1 s q, a ) (s) N (5 ( ) a (is) = (ajs)
p__ S —#
L Coe JA _ (ajs)
s dg (9) W a (is) =~ (ajs) ’
P N
where (")(S):= 4 W anddry ( 1; 2) is the total variation distance of; and ».

Proof The proof of this statement is divided into four parts:

=

v () Im (N +1 M)

:i]M( )_{7JM( i+i]'q( ) JME{7A +(1
+|J,g(“ +1 ) ){73,@(“ +(1 )"f
+‘|Jm ("~ +( )A){ZJM ("~ + )“f:

By Lemma 5, we obtain the upper bound of and 4, as follows:

__ S 1#
j ] Cr + R max CP :(1 )E JAJ E . (ajs)
1 1 s dg () N (s) a (is) = (ajs)
n S |#
.. C+ RmaxCp=(1 ) A ‘ (ajs)
] 4 1 ES dmA ) (s) m +(l ) Ea (is) =~ (ajS)
Next, we derive the upper bound of,, as follows:
j= —t d. (s) (as) d. ™ ) (s( » +@@ ajs) ry (s;a
J2d=7 w (8 (ajs) dg (s)( ( ) )(&js) rg (sid)
sa
e L T R C R R CIGES[CE
S " # sa "
= R max X (ajs) " (ajs) + R max X (ajs) "~ (&js)
- (1 )2 s dmA oo a ! J 1 s dmA o) a J J
2R max
= — — d M) (9)];
TR LA SRAPIC)

where the second inequality follows fronpLemma 4 and the last equality holds with the de nition of

total variance distancélry ( 1; 2)(S) =

ol 1(8js)  2(ajs)j=2
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By the de nition of * and Equation 7, we derive the upper bound af as follows:

(ajs)
] 3l 1 ES dmA SRR Ea (~+a ) )is " (ajs)
"(ajs)
E, a' Ba (~+a )My * (@js)
@ )e c @ @
1 s d, ) s & (i) A (ajs) a ~(js) A (ajs)
@ )X IR AHL ) _ "(ajs)
+ 17 . dm "(S) dM (S) Ea A(js) W
@ e w X ( (ajs)+” (@s) (as) " (ajs)]
1 s dg OR A (ajs)
1 X . A A s ~ajs
" 7(1 )7 a0 (e dy ) (9 By ny B (( ;js))

S

2
X N
%Es dmA w (S)g (ajs) + (aJS) i (ajs) A(ajs)lé

A (aJS) a
= (A)(s) 4
a ) NEs) X -
+ — F s ) Ea ~(js) 7o 1 ~(ajs) (ajs)
@ Fowt e @,
21 ) _ "(ajs) :
17Es dmﬂ 1) (s) drv (M) (9) M) (s)+ TEa ~(is) W !

where the last inequality follows from the de nition of*) and Lemma 4.

Therefore, by integrating the bound of;, ., 3zand 4, we have that:
Iv () Im ("™ +(2 h)“)
2R :
TE v drv (32)(9)

(1 )2 s d,
2 (1 ) : "(ajs)
+ 17ES dmA 4 drv ( 5™M(s) (M)(s)+ TEa "9 A (ajs)
c “p s &9 #
op A , ajs
+ 1 Es dmA Wy piNi(S) +(1 ) Ea (is) = (ajs)
c " p S #
nP JA] ‘ (ajs)
Y1 B0 Pye o090 Ay

This completes the proof of Theorem 3.
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C EXPERIMENTAL DETAILS AND PARAMETER SETUP

In this appendix, we rst brie y introduce how normalized scores are calculated in the D4RL
benchmark. We then describe our implementation and experimental details.

C.1 DA4RL BENCHMARKS

D4RL provides a metric, the normalized score, which represents a normalized undiscounted average
return, to evaluate the performance of of ine RL algorithms. It is calculated as follows:

average return - return of the random policy
return of the expert policy - return of the random policy

Note thatO represents the performance of a random policy, Hittepresents the performance of

an expert policy. In D4RL, if the task is in the same environment, different types of datasets share
the same reference minimum and maximum scores. We summarize the reference score for each
environment in Table 2. For AntMaze, we set the number of episodE3tand evaluate the number

of times the goal is reached. If the ant successfully reaches the goal location, it is reward&®with
indicating a successful episode. Conversely, if the ant fails to reach the goal, it receives a reward of
0:0, re ecting an unsuccessful attempt.

Normalized score

Table 2: The reference minimum and maximum scores for MuJoCo, Adroit, and AntMaze datasets.

Domain  Task Reference Min Score  Reference Max Score
MuJoCo Halfcheetah -280.18 12135.0
MuJoCo  Hopper -20.27 3234.3
MuJoCo  Walker2d 1.63 4592.3
Adroit Pen 96.26 3076.83
Adroit Door -56.51 2880.57
Adroit Hammer -274.86 12794.13
Adroit Relocate -6.43 4233.88
AntMaze Umaze / Medium / Large 0.0 1.0

C.2 BASELINES

C.2.1 CFFLINE BASELINES

To generate the results reported in Table 1, we conduct experiments on MuJoCo “-v2”, Adroit “-v0”,
and Antmaze “-v0” datasets. We adopt behavior cloning (BC), several canonical of ine RL algorithms
(TD3+BC (Fujimoto & Gu, 2021), CQL (Kumar et al., 2020), and IQL (Kostrikov et al., 2022)), and
more recent extensions of CQL (MCQ (Lyu et al., 2022), MISA (Ma et al., 2023), CSVE (Chen et al.,
2023), and EPQ (Yeom et al., 2024)). For a fair comparison, we evaluate all algorithms using results
after 1M gradient steps. Thus, certain algorithms must be reproduced for all datasets, while for some
datasets, several algorithms with missing values must also be reproduced.

MuJoCo Locomotion Tasks.We take the results for TD3+BC (Tab®dn Fujimoto & Gu (2021)),

MCQ (Tablelin Lyu et al. (2022)), and CSVE (Tablein Chen et al. (2023)) as reported in their
original papers. Since the reported scores in the CQL paper are based on "-v0” datasets, and the
scores for BC are needed, we take the scores for BC and CQL from Tablsgu et al. (2022). Since

the IQL and MISA papers do not report performance on the Random and Expert datasets, we take the
results for IQL from Tablél in Lyu et al. (2022) and for MISA from Tablgin Yeom et al. (2024).

For the Medium, Medium-Replay, and Medium-Expert datasets, we directly take the results of IQL
(Tablel in Kostrikov et al. (2022)) and MISA (Tabi2in Ma et al. (2023)) from their original papers.
Since the EPQ paper reports scores after 3M gradient steps, we run the of cial implementation of
EPQ on all datasets for 1M gradient steps, available at https://github.com/hyeon1996/EPQ.

Adroit Manipulation Tasks. We take the results for CQL (Tabkin Kumar et al. (2020)), IQL
(Tablelin Kostrikov et al. (2022)), MCQ (Tabl@ in Lyu et al. (2022)), MISA (Tabl€ in Ma et al.
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(2023)), and CSVE (Tabl2 in Chen et al. (2023)) as reported in their original papers. Since the
scores for BC are needed, we take the scores for BC from Raibl&umar et al. (2020). Since

the TD3+BC papers do not report performance on Adroit tasks, we take the results for TD3+BC
from Tablel in Yeom et al. (2024). Since the EPQ paper reports scores after 0.3M gradient steps,
we run the of cial implementation of EPQ on all Adroit datasets for 1M gradient steps, available
at https://github.com/hyeon1996/EPQ.

AntMaze Navigation Tasks.We take the results for TD3+BC (TabBsan Fujimoto & Gu (2021)),

CQL (Table2 in Kumar et al. (2020)), IQL (Tabl& in Kostrikov et al. (2022)), and MISA (Tabt2

in Ma et al. (2023)) as reported in their original papers. Since the scores for BC are needed, we take the
scores for BC from Tablg in Kumar et al. (2020). Since the MCQ papers do not report performance

on AntMaze tasks, we take the results for MCQ from Table Yeom et al. (2024). Although a
repository (https://github.com/2023AnnonymousAuthor/csve) appears to be the code for the paper, it
does not provide parameters for the AntMaze dataset, preventing us from conducting experiments.
Since the EPQ paper reports scores after 3M gradient steps, we run the of cial implementation of
EPQ on all AntMaze datasets for 1M gradient steps, available at https://github.com/hyeon1996/EPQ.

C.2.2 CFFLINE-TO-ONLINE BASELINES

To generate the performance curve reported in Figure 3, we conduct experiments on MuJoCo “-v2”
datasets. We adopt canonical of ine-to-online RL algorithms (AWAC (Nair et al., 2020) and Cal-
QL (Nakamoto et al., 2023)), of ine RL algorithms that achieve high performance in online RL
(IQL (Kostrikov et al., 2022) and SPOT (Wu et al., 2022)), and CQL (Kumar et al., 2020) (of ine) to
SAC (online). For a fair comparison, we evaluate all algorithms using result0a2t gradient

steps for of ine settings an@:3M gradient steps for online settings. We run the implementations

of the ve algorithms based on the CORL (Tarasov et al., 2024b) GitHub repository, available
at https://github.com/tinkoff-ai/CORL.

C.3 CPQL MPLEMENTATION DETAILS

Table 3: Hyperparameters setup for CPQL

Hyperparameter Value

Optimizer Adam (Kingma, 2014)

Critic learning rate 3e-4

Actor learning rate le-4

Batch size 256

SAC hyperparameters Discount factor 0.99 / MuJoCo and AntMaze

0.90/ Adroit

Target update rate 5e-3

Target entropy -1 Action Dimension

Entropy in Q-target False

Critic hidden dim 256

Critic hidden layers 3/ MuJoCo and Adroit
5/ AntMaze

Architecture Critic activation function RelLU

Actor hidden dim 256

Actor hidden layers 3

Actor hidden layers RelLU

Lagrange True / AntMaze
False / MuJoCo and Adroit

conservatism parameter f0:1; 0:5; 1:0; 3:0; 5:0; 7:0; 10:0g

Lagrange gap 0.8/ AntMaze

CPQL hyperparameters Pre-training steps 0

Num sampled actions (during eval) 10
Num sampled actions (logsumexp) 10
Trajectory Length 5

f0:0; 0:1; 0:3; 0:5; 0:7; 0:9; 0:95; 0:99
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We set the trajectory lengthh = 5 for CPQL to cap the length of the partial trajectories. Across

all of our experiments, we tune the conservatism parametard from the following potential
values with grid search: 2 f 0:1;0:5; 1; 3;5; 7; 10gand 2 f 0; 0:1; 0:3; 0:5; 0:7; 0:9; 0:95; 0:99g.

In of ine-to-online RL, we set the conservatism parameteto eitherl or 5. We extend our
experiments to include values lower than the previously typical choiced@nd10used in CQL.

We optimize the learned policy following the standard SAC (Haarnoja et al., 2018) approach. We run
the CPQL implementation based on the CORL (Tarasov et al., 2024b) GitHub repository, available
at https://github.com/tinkoff-ai/f CORL. The hyperparameter setup for CPQL, including the default
SAC con guration, is detailed in Table 3. We summarize the hyperparameters used for running the
MuJoCo, Adroit, and AntMaze tasks in Table 4. We plot the performance of CPQL in Figure 5 using
the best parameters from Tables 4.

Table 4: Detailed hyperparameters of CPQL, where we conduct experiments on MuJoCo-Gym
(“v2") and Adroit and AntMaze (“v0") datasets.

Task conservatism parameter PQL parameter
halfcheetah-random 0.1 0.3
halfcheetah-medium 0.1 0.0
halfcheetah-medium-replay 0.1 0.3
halfcheetah-medium-expert 10.0 0.1
halfcheetah-expert 3.0 0.0
hopper-random 0.1 0.0
hopper-medium 0.1 0.7
hopper-medium-replay 0.5 0.1
hopper-medium-expert 5.0 0.1
hopper-expert 10.0 0.9
walker2d-random 0.5 0.9
walker2d-medium 1.0 0.5
walker2d-medium-replay 1.0 0.7
walker2d-medium-expert 1.0 0.95
walker2d-expert 1.0 0.99
pen-human 10.0 0.5
door-human 5.0 0.7
hammer-human 7.0 0.9
relocate-human 1.0 0.9
pen-cloned 1.0 0.5
door-cloned 3.0 0.1
hammer-cloned 5.0 0.7
relocate-cloned 10.0 0.1
antmaze-umaze 7.0 0.1
antmaze-diverse 5.0 0.9
antmaze-medium-play 10.0 0.3
antmaze-medium-diverse 5.0 0.1
antmaze-large-play 10.0 0.1
antmaze-large-diverse 5.0 0.0

Analysis of the Halfcheetah-expert-v2 dataset suggests that the underlying behavior policy is not truly
near-optimal (the normalized score of the trajectories is approximately 85, compared to approximately
100 for Hopper and Walker2d). Thus, a largenay degrade performance.
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Figure 5: Performance of CPQL in MuJoCo locomotion tasks.
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C.4 RUNNING TIME

We compare the computational cost of CQL and CPQL, which use a single-step operator and a
multi-step operator, respectively. We run such a comparison based blogiper-Medium-v2iataset

with a single GeForce RTX 3090 GPU. We measure the average runtime per égdchifing steps)

except for the evaluation step. The results are reported in Table 5. We observe that CQL and CPQL
have average runtimes 46:6 and42:4 seconds, respectively. The runtime difference between the
two algorithms is minimal, but as shown in Table 1, we observe signi cant performance differences.

Table 5: Computational costs of CQL and CPQL.

Epoch runtime (s) CQL CPQL
1,000 gradient steps  40.6  42.4

Compared to two recent conservative value estimation algorithms, MCQ (Lyu et al., 2022) and
EPQ (Yeom et al., 2024), CPQL not only outperforms diverse tasks but also has a lower runtime.
According to Table 3 in Yeom et al. (2024), the reported runtimes using a single NVIDIA RTX A5000
GPU are as follows: CQL4@E:1 seconds), MCQ58:1 seconds), and EP@4:8 seconds). For a fair
comparison, we compute the ratio that indicates how much the training time increases in Table 6. We
con rm that CPQL is the most ef cient compared to other algorithms.

Table 6: Epoch runtime-increase relative to CQL.

Ratio of epoch runtime (%) CPQL MCQ EPQ
Epoch time growth 4.4 348 27.1

Additionally, MCQ and EPQ require more training time because they rely on autoencoder-based OOD
action estimation (Lyu et al., 2022) and additional penalty adaptation factors (Yeom et al., 2024),
respectively. Therefore, CPQL achieves superior performance with signi cantly lower computational
cost, outperforming MCQ and EPQ while requiring less training time by avoiding autoencoder-based
OOD action estimation and additional penalty adaptation factors.
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