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Abstract

Offline reinforcement learning (RL) trains policies from pre-collected data without further
environment interaction. However, discrepancies between the dataset and true environ-
ment—particularly in the state transition kernel—can degrade policy performance. To
simulate environment shifts without being overly conservative, we introduce a relaxed
state-adversarial method that perturbs the policy while applying a controlled relaxation
mechanism. This method improves robustness by interpolating between nominal and adver-
sarial dynamics. Theoretically, we provide a performance lower bound; empirically, we show
improved results across challenging offline RL benchmarks. Our approach integrates easily
with existing model-free algorithms and consistently outperforms baselines, especially in
high-difficulty domains like Adroit and AntMaze.

Keywords: Offline reinforcement learning, Adversarial offline reinforcement learning,
Relaxed transition kernel

1. Introduction

(a) Offline Dataset (b) Normal Training (c) Adversarial Training (d) RTK
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Figure 1: Overview of the Relaxed Transition Kernel (RTK) approach in offline RL. (a)
Offline datasets contain transitions (arrows) and rewards (numbers), with blue squares
representing in-dataset (ID) states and gray squares indicating out-of-dataset (OOD) states.
(b) Standard TD learning may misestimate OOD states due to lack of data. (c) Adversarial
TD updates propagate pessimistic values via perturbed next states. (d) RTK interpolates
between nominal and adversarial estimates using a relaxation parameter c.
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Offline reinforcement learning (RL) methods (Zhang et al., 2020a; Pattanaik et al.,
2017; Clement and Kroer, 2021; Derman et al., 2021; Wang and Zou, 2021; Badrinath and
Kalathil, 2021) use data collected from the real world to train policies, without requiring
additional online interaction. This makes offline RL particularly appealing in scenarios
where exploration is costly, risky, or impractical—such as healthcare, autonomous driving,
or industrial control. However, since the dataset only shows a part of the environmental
information, the state transition probabilities extracted from this data might differ from
those in the actual environment. This issue is similar to the reality gap problem between
virtual and real-world environments (Tobin et al., 2017; Rajeswaran et al., 2017; Jiang et al.,
2021), both arising from inconsistencies in the state transition kernel, leading to a decline
in performance after deployment. Therefore, adversarial state methods, commonly used in
online RL to address the reality gap, have the potential to work well in offline RL (Sinha
et al., 2022). These methods introduce additional disturbances to the state after each action
taken by the policy during training. This places the policy in a nearby lower-value state
and forces it to learn from challenging situations if the inconsistency between virtual and
real environments occurs. However, since the offline dataset is pre-collected, these disturbed
states may not be included in the original dataset, posing new challenges for subsequent
policy learning (Yang et al., 2022; Rigter et al., 2022; Sinha et al., 2022).

In most RL algorithms, a common concern is overestimation when learning state values.
However, in adversarial settings, overestimation is less of an issue, as the adversary deliber-
ately targets low-value states or actions to challenge the policy. In contrast, when adversarial
training is applied in offline RL, underestimation becomes a critical issue that must also be ad-
dressed. We highlight this problem in the grid world environment. As illustrated in Figure 1,
when modifying an in-distribution (ID) state, its adversarial counterpart may lie either within
the dataset (ID) or outside it (OOD). Since the values of OOD states are estimated purely
through network generalization, they may be unreliable. In panel (c), adversarial TD updates
propagate pessimistic values, e.g., V(grid(0,1)) = 04+0.9 x V(ADV (¢grid(0,2))) = —9, where
~v = 0.9 is the discount factor. In contrast, panel (d) shows how RTK interpolates between
nominal and adversarial estimates: V(grid(0,1)) =0+ a x (0.9 x 10 + 0.1 x (—10)) = 7.2,
where a = 0.9 is the relaxation parameter. This reduces pessimism and preserves solutions
within the dataset. Other methods to address the underestimation issue includes RAMBO
(Rigter et al., 2022), which creates a model environment based on the training data and
uses adversarial training only on states that are mot present in the dataset. Since this
approach lowers the values of OOD states, it encourages agents to remain within the dataset
distribution. On the other hand, S4RL (Sinha et al., 2022) directly perturbs ID states based
on the learned value function and neglects the OOD issues. Despite the practical success,
S4RL lacks a comprehensive theoretical framework to explain its effectiveness. Additionally,
it suffers from the limitation illustrated in Figure 1.

Our proposed method, RTK (relaxed transition kernel), aims to address the underestima-
tion of OOD states. To achieve this, we use a relaxation parameter « to linearly interpolate
a state’s nominal and adversarial transition kernels. Compared to the state adversary
without relaxation, RTK does not abruptly transition a policy to its worst neighboring
state. Instead, it only increases the probability of encountering such a state. This approach
enhances a policy’s robustness by encouraging it to handle challenging situations while
preventing an unexpected OOD state with considerably underestimated value from making
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the policy overly conservative. Our evaluations, through the D4RL benchmark (Fu et al.,
2020), confirm the effectiveness of RTK in various continuous-control tasks. It consistently
outperforms baseline methods, making it a top choice for risk-sensitive applications. With
its theoretical foundation and empirical results, we have demonstrated the effectiveness of
RTK. To summarize, we made the following contributions:

e We discovered an issue with underestimation in adversarial training in offline RL. This
issue is often neglected in the RL community, which typically focuses on overestimation.

e We propose RTK, a new algorithm to mitigate underestimation in offline RL, while
maintaining robustness via adversarial training.

e We showcase the efficacy of RTK in offline RL benchmarks, outperforming other
adversarial training techniques and current state-of-the-art methods.

2. Related Works

We categorize existing offline RL methods into two groups: policy regularization, and robust
methods. The first two focus on regularization techniques to improve generalization in offline
RL, while the third centers on enhancing robustness, with an emphasis on state-adversarial
strategies.

2.1. Policy Regularization Offline Reinforcement Learning

In offline RL, policies are trained without interacting with environments. This domain has
spawned several approaches, including policy constraint methods, importance sampling,
regularization, and uncertainty estimation. Specifically, policy constraint techniques ensure
that the learned policy closely aligns with the behavior policy derived from the dataset.
They can be divided into two groups: direct (Fujimoto et al., 2019; Kostrikov et al., 2021;
Wu et al., 2020) and implicit (Kumar et al., 2019; Fujimoto and Gu, 2021; Wang et al., 2020),
depending on their use of a model to represent the behavior policy. Importance sampling
methods in offline RL (Nachum et al., 2019; Zhang et al., 2020b) re-weight the state-action
distribution in the dataset. Regularization techniques (Kumar et al., 2020; Yu et al., 2021;
Singh et al., 2020) penalize the distances between the learned policy and the behavior policy.
Lastly, uncertainty-based methods (Agarwal et al., 2020) balance conservative and off-policy
RL techniques based on the model’s confidence level.

2.2. Robust Offline Reinforcement Learning

Robust RL methods have been applied in offline settings. In the model-based regime,
RAMBO (Rigter et al., 2022) introduces adversarial perturbations to states that are not
present in the dataset, using uncertainty-aware dynamics models. Other works explore the
limitations of stochastic transitions and synthetic environments in robust policy training
(Antonoglou et al., 2022; Ozair et al., 2021). The reliability of synthetic samples and the
need for hyperparameter tuning in model-based methods have been further examined in
prior studies (Van Hasselt et al., 2019; Lu et al., 2022; Yu et al., 2021). In the model-free
setting, S4RL (Sinha et al., 2022) perturbs states toward lower-value neighbors based on
the value function to train policies that are resilient to unseen or rare transitions. These
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approaches represent ongoing efforts to build offline RL agents that generalize beyond the
dataset while accounting for uncertainty in state transitions.

We have developed a method based on the relaxed state-adversarial policy optimization
(RAPO) (Lien et al., 2023), which is a robust RL technique in online scenarios. Our approach
adapts RAPO for offline scenarios, and we present a novel formulation that considers both
states in the dataset and their adversarial OOD states during policy training. This model-free
methodology offers a unique way to conduct offline RL and addresses the common issue of
underestimation in robust RL.

3. Preliminaries

3.1. Markov Decision Processes

A Markov Decision Process (MDP) is defined as M := (S, A, P, R, po,y), where S and A are
the state and action spaces, R : S x A — R is the reward function, P : § x A — D(S)" is the
transition function, pg is the initial state distribution, and v € (0, 1) is the discount factor.
The set of Markovian policies is IT := {7 | 7 : S — D(A)}. The state-action value function
is defined as Q7(s,a) = Eq,wr(|s,), stp1~P(-|st,a0) Y20V R(se, ar) ‘ so = s, agp = al, which
represents the expected total discounted return under policy 7 and an initial state-action pair
(s, a) (where t is the time step). The value function is defined as V{,(s) := Eqwr(|s) [Q3(5, a)].
The overall performance of a policy is given by J,, (7, M) := Es<p, [V{((s)]. In offline RL,
we distinguish between the Nominal MDP M, which represents the true environment
with transition function Py, and the Dataset-Induced MDP M g, which is constructed
from a dataset B = {(s;,a;,ri, ;) }, where s; is the state, a; the action, r; the reward, and
the next state. The transition function Pg(s’ | s,a) is estimated from observed frequencies,
and if a pair (s, a) is unseen, a terminal state Sterm is deterministically reached.

3.2. Robust Reinforcement Learning

Robust RL tackles environment uncertainty by optimizing policies that perform well under
worst-case dynamics (Nilim and El Ghaoui, 2005; Iyengar, 2005; Wiesemann et al., 2013).
It introduces an uncertainty set U, over possible transition models and solves a min-max
objective: ™ = arg max, inf peyy, J,(7', M), where the goal is to find a policy robust against
adversarial transitions within U,.. However, exact robust RL is intractable in continuous
spaces. To overcome this, recent approaches (e.g., State-Adversarial Transition Kernel
(Lien et al., 2023)) allow robust RL to be applied to continuous state and action spaces by
approximating the adversarial dynamics and facilitating more tractable optimization.

3.3. State-Adversarial Transition Kernel

We adopt a model-free, state-adversarial perturbation approach (Lien et al., 2023), where
the agent transitions to neighboring states with the lowest estimated value. This strategy
(1) avoids reliance on learned environment models and (2) performs robustly in stochastic
settings where model-based methods often fail (Antonoglou et al., 2022; Ozair et al., 2021).

1. D denotes a distribution over the set S.
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Formally, let the o-neighborhood of a state s € S be defined as N, (s) = {s' | d(s,s") < o},
where d(-,-) is the Loo-norm. Given a dataset-induced MDP with transition kernel Pp, a
policy 7, and a perturbation threshold o, we define the matrix of state perturbations

as Z7(i,j) =1 |j =argmin V7 (s | Pg)|, which identifies, for each state ¢, its worst-case
SENG(7)

neighboring state 7 under policy 7. In continuous spaces, this perturbation can be computed
using the Fast Gradient Sign Method (FGSM) (Goodfellow et al., 2015) (Given a value
function V characterized by parameter ¢, a state s, and a perturbation magnitude e):
I'(s) = s —€-sign(VsV(e,s)). Here ||s —I'(s)|| < € and the gradient at s is derived via
back-propagation. The value function is then updated as V(s) = r(s,a) +yV(T'(s')).

We define the state-adversarial transition kernel for the offline dataset as PI(- | s,a) =
[ZT]" Pp(- | 5,a), and the corresponding uncertainty set as UT := {P¥ = [Z7]" P | o0 < €} .

4. Adversarial Offline RL

4.1. Performance Gap between Optimal and Sub-Optimal Offline Policies

We analyze the performance difference between an optimal policy 7#* and a sub-optimal
policy 7 learned from offline data, under transition discrepancies between the dataset and the
real environment. Let P be the transition kernel estimated from the offline dataset, and let
U be the uncertainty set containing plausible real-world transition kernels. The discrepancy
between the true environment and the offline model is quantified by the reality gap, which we
define as Ep pw) [Es,a~r, [Prv (Po(- | s,a), Pa(- | s,a))]] < B, where 8 > 0 is a bound
on total variation (TV) distance, and Drv(Py, Pg) = 3 .o |Po(s' | s,a) — Pp(s’ | s,a)|.

To study how this gap affects policy performance, we consider the dataset-induced MDP
Mp. Let V denote the set of unseen state-action pairs, and let T7; be the hitting time to
reach any such pair under policy w. The expected performance difference between 7 and 7*
is then bounded using the reality gap, discount factor, and expected visitation of unknown
regions. This analysis highlights how limited coverage in the dataset can lead to sub-optimal
policy behavior when deployed in environments with slightly different dynamics.

Theorem 1 Let 7*(Py) be the optimal policy under Py ~ D(U), and let e, be the offline
suboptimality gap (defined as JPOB(TF*,PB) —Jp (W,PB)‘). Then:

Epy~n@t) [Jpo (77, P0)] — Epyap@e)[ o (75 Fo)]
4 Rax
<eér+ 1=~ E pyp@) [Prv(po, p(?)] +

2R 7r 2R
maxE E s max
-~ po~pa)Ey V] + 1—~

4y Rimax
a2’

Epyepn [EN 1] (1)

+

The proof is provided in Appendix A.1. The five terms reflect: (1) the algorithm-
dependent offline suboptimality €., (2) mismatch in initial state distributions, (3) transition
kernel deviation (3, and (4-5) dataset coverage, as measured by the expected hitting time
to unknown state-action pairs. In the next section, we introduce the Relaxed Transition
Kernel (RTK) to reduce the performance gap between optimal and offline-learned policies.
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4.2. Relaxed Transition Kernel in Adversarial Offline RL

To avoid overly conservative behavior, we introduce a relaxed transition kernel that improves
robustness to average-case scenarios. For parameters ¢ > 0 and « € [0, 1], the relaxed
transition kernel is defined as a convex combination of the nominal and adversarial kernels:
P5(- | s,a) = aPg(- | s,a) + (1 — «)P"(- | s,a). Here, the nominal case refers to the
standard Bellman update using transitions from the dataset-induced dynamics, without
adversarial perturbations. The corresponding Bellman update is given by: Q(s,a) < r(s,a)+
v[aQ(s',7(s") + (1 — a)Q(I'(s"), w(s"))] (Lien et al., 2023). Importantly, this interpolation
modifies the probability distribution over next states, rather than shrinking the perturbation
radius. The hyperparameter « reflects assumptions about the environment: o = 1 recovers
the nominal case, while & = 0 corresponds to the worst-case. RTK improves lower-bound
performance, as showed in the next Theorem.

Theorem 2 Let Ui be the uncertainty set generated using the relaxed transition kernel
method. For any sub-optimal policy €xp.. trained on the offline dataset, where mprK =
arg maxEp i, Jo(m, P), we let the probability of P € Urrk for every P € U be prrk,
where 0 < prrr < 1. For the optimal policy m and the sub-optimal policy wrTK trained on
the relazed transition kernel set Urrk, when they are deployed in an environment with the
uncertain nominal transition kernel set U, their performance satisfies the following condition:

4Rmam
ﬁEPOND(L{) [Drv(po, b))

2R 0 *
ﬁEPmD(u)EH’YTV 1]

IEPOND(Z/{) [Jpo (ﬂ-*’ PO)] - EPOND(Z/{) [JPO (WRTKv PO)] < €nprx T

47Rmaw 2Rma:v

iy (0 dpnnl =) 4 TR oI

1 _

The proof is in Appendix A.2. The first term €y, reflects policy sub-optimality. The
second term captures distribution shift 5, reduced by %pRTK(l — «), showing how RTK
enhances robustness. The third term, involving total variation, reflects dataset coverage,
larger datasets lead to longer hitting times and smaller performance gaps. Together, these
effects enable RTK to achieve a provably tighter performance bound compared to worst-case
robust approaches.

We now give the Algorithm 1 that outlines RTK. At each iteration ¢, the policy my, is
updated using ReBrac (Tarasov et al., 2023) to maximize the average-case return J(my, |
P™-1"%), ReBrac’s hyperparameters are omitted due to space constraints. The relaxation
parameter a and perturbation scale ¢ were selected using a small evaluation set held out
from the offline dataset, and fixed for each environment; task-specific values are provided in
Appendix B.

4.3. Relaxed State Adversaries in Online and Offline RL

The RTK method was inspired by RAPO (Lien et al., 2023), which used a relaxed state
adversary in online RL. However, the objectives of RTK and RAPO are intrinsically different.
In RAPO, the authors established the relationship between a policy’s return under average
and worst-case scenarios. On the other hand, in RTK, we derived the performance gap of a
policy with transition kernels in the offline dataset and a potential real-world environment.
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Algorithm 1 Relaxed Transition Kernel (RTK)

Require: Offline dataset D; objective function J; discount factor v; policy regularization
weight A\r; Q-function regularization weight A\gp; RTK parameter a; number of iterations
T'; number of update samples per iteration T;,q; uncertainty set radius e
1: Initialize policy mg,, value function @4,
2: fort=0,...,7—1do
3:  Draw a batch of samples {s;, a;, r;, sg}iT;‘id from D

4:  Compute the relaxed transition kernel of the offline data {s;, a;, i, adv(s;)}?;‘{d using:

Qrric = 7(5,0) +7(aQg (', 74,(s) + (1 = ) Q4 (U(), 75, () ).

5. Update Qg, by: Q = argminQE(w,sl) [(Q@(s, a) — QrrK — Ao - (”6} (s) — a)2)2},
6:  Update policy m,

T ™= argmaXﬂE(s,a) [Q¢t (s, o, (5)) = Ar - (7T9t (s) — a)Q]

8: end for

The difference in configurations led to different theorems, implementations, and lower bound
performance for the agent.

5. Results and Evaluation

We have conducted experiments to assess the effectiveness of RTK. Our objectives were
threefold: 1) Performance: We aimed to compare the proficiency of RTK with other state-
of-the-art benchmarks in Section 5.1 and 5.2; 2) Effectiveness: We aimed to understand the
impact of adversarial training on the algorithm in Section 5.3 and 5.4 and 3) Robustness:
We aimed to assess the stability of the algorithm under adversarial conditions in Section 5.4.

The evaluation was conducted on datasets collected from various environments, including

MuJoCo, AntMaze, and Adroit, using the standard D4RL normalization (:27:2:), where

So, Sr, and S, are the offline, random, and expert rewards, respectively. Further details of
the datasets can be found in (Fu et al., 2020).

5.1. Comparison with Ensemble-Free Methods

We first compared RTK with ensemble-free methods because RTK and these methods use
two value networks to guide policy training. The methods include adversarial approaches:
S4RL(Sinha et al., 2022), ARMOR (Bhardwaj et al., 2023), RAMBO (Rigter et al., 2022)
and ATAC (Cheng et al., 2022), and regularization approaches: ReBrac (Tarasov et al., 2023),
CQL (Kumar et al., 2020), COMBO (Kumar et al., 2020), TD3+BC (Fujimoto and Gu,
2021), and IQL (Kostrikov et al., 2022). The results described in Table 1, demonstrate the
effectiveness of our RTK approach. While previous methods have shown good results in the
relatively simple Mujoco environments, RTK achieved slightly higher average rewards than
the baseline methods. As the environment difficulty increased, where rewards became sparse,
leading methods such as RAMBO, ATAC, and TD3+BC, which previously excelled in certain
Mujoco environments, experienced a significant decline in their performance. Specifically,



WANG HsIEH WANG LIEN

Adversarial Training Regularizations
RTK RTK(a=0) S4RL ARMOR RAMBO ATAC ReBrac CQL COMBO TD3+BC IQL
Halfcheetah-medium 66.1 £ 1.2 65.1+1.3 48.6 54.2 77.6 53.3 65.5 444 54.2 42.8 47.4
Halfcheetah-medium-replay 51.0+04 52.6+0.7 51.7 50.5 68.9 48.0 51.0 46.2 55.1 433 44.2
Halfcheetah-medium-expert ~ 107.0 £ 3.2 659+34 781 93.5 93.7 94.8 101.0 62.4 90.0 97.9 86.7
Hopper-medium 102.3 +£0.4 329+1.5 813 101.4 92.8 85.6 102.0 86.6 94.9 99.5 66.3
Hopper-medium-replay 100.4 £ 0.8 503+12.7 36.8 97.1 96.6 102.5 98.0 48.6 73.1 31.4 94.7
Hopper-medium-expert 1089+42  854+168 1179 103.4 83.3 111.9 107.0 111.0  111.1 112.2 109.6
Walker2d-medium 86.8+0.5 482+17.8 93.1 90.7 86.9 89.6 82.5 74.5 75.5 79.7 78.3
Walker2d-medium-replay 85.0+6.6 18.8+10.7 35.0 85.6 85.0 925 773 32.6 56.0 252 73.9
Walker2d-medium-expert 1122+0.4 45.6+18.8 107.1 112.2 68.3 114.2 111.6 98.7 96.1 101.1 91.5
Mujoco 91.1 51.6 722 87.6 83.7 88.0 88.4 672 78.4 70.3 77.0
Pen-cloned 106.6 £22.8 95.2+123 9.9 51.4 - 43.7 91.8 39.2 - 61.4 373
Pen-expert 154.9 +£3.9 152.5+7.2 - 112.2 - 136.2 154.1 107.0 - 146.0 -
Hammer-cloned 3.7+2.1 9.8£9.6 1.2 0.7 - 1.1 1.1 2.1 - 0.8 2.1
Hammer-expert 134.0 £ 0.6 134.0 £ 0.2 - 118.8 - 126.9 133.8 86.7 - 117.0 -
Door-cloned 03+04 03+04 0.5 -0.1 - 3.7 6.7 0.4 - 0.1 1.6
Door-expert 104.2 +2.1 105.0 £2.5 - 98.7 - 99.3 104.6 101.5 - 84.6 -
Relocate-cloned 04+0.2 0.0£0.0 - 0.0 - 0.2 0.9 -0.1 - -0.1 -0.2
Relocate-expert 110.1 +0.7 105.7+9.1 - 96.0 - 99.4 106.6 95.0 - 107.3 -
Adroit 76.8 753 3.9 59.7 - 63.8 75.0 54.0 - 64.6 10.2
Umaze 97.5+0.7 97.7+1.5 94.1 - 25.0 - 97.8 74.0 80.3 78.6 87.5
Medium-Play 91.5+3.8 83.0+£69  61.6 - 16.4 - 84.0 612 0.0 3.0 71.2
Large-Play 71.2£165  56.5+373 25.1 - 0.0 - 60.4 15.8 0.0 0.0 39.6
Umaze-Diverse 87.7+79 77.7+104 88.0 - 0.0 - 88.3 84.0 573 71.4 62.2
Medium-Diverse 86.7+7.1 81.0+169 823 - 232 - 76.3 53.7 0.0 10.6 70.0
Large-Diverse 68.0 £7.6 68.0+84 262 - 2.4 - 54.4 14.9 0.0 0.2 47.5
AntMaze 83.8 77.3 62.9 - 11.2 - 76.9 50.6 229 273 63.0

Table 1: RTK performance averaged over 4 seeds. Scores follow the D4RL normalization
(Fu et al., 2020). RTK results use fixed hyperparameters; baseline results are from original
papers.

RAMBO and TD3+4+BC performed worse than RTK in the AntMaze environments, and
ATAC failed to match RTK’s performance in the Adroit environments.

5.2. Comparison with Ensemble Methods

We also conducted a comparison of RTK with ensemble methods such as RORL (Yang et al.,
2022) and EDAC / SAC-N (An et al., 2021), which often required multiple value networks
to guide policy training. The comparative results can be found in Table 2. Despite the use
of at least 10 value networks, these ensemble methods still underperformed RTK on the
Adroit and AntMaze datasets by a significant margin.

5.3. Ablation Study

We compared a variant of RTK, denoted as RTK(a = 0), by setting the relaxation parameter
a = 0, to evaluate the effectiveness of relaxation in the transition kernel. The results in
Table 1 indicate that relaxation in state-adversarial training is necessary. This is because
a strong perturbation often leads to excessively conservative outcomes (Lien et al., 2023),
particularly when adversarial states may be out of distribution, and their values can be



RELAXED TRANSITION KERNELS CAN CURE UNDERESTIMATION

RTK RORL EDAC SAC-N
# Critics 2 [10, 20] [10, 50] [10, 500]
Pen-cloned 106.6 +£22.8 35.7 68.2 64.1
Pen-expert 1549 +3.9 130.3 122.8 -
Hammer-cloned 3.7+£2.1 1.7 0.3 0.2
Hammer-expert 134.0 £ 0.6 132.2 0.2 -
Door-cloned 03+04 9.6 9.6 -0.3
Door-expert 104.2 £2.1 -0.3 -0.3 -
Relocate-cloned 0.4+0.2 0.0 0.0 0.0
Relocate-expert 110.1 £ 0.7 -0.3 -0.3 -
Adroit 76.8 38.6 25.1 16.0
Umaze 97.5+0.7 97.7 - -
Medium-Play 91.5+3.8 76.3 - -
Large-Play 71.2+£16.5 16.3 - -
Umaze-Diverse 87.7+7.9 90.7 - -
Medium-Diverse 86.7+7.1 69.3 - -
Large-Diverse 68.0 = 7.6 41.0 - -
AntMaze 83.8 65.2 - -

Table 2: We report the final normalized score averaged over five seeds. The scores of RORL,
EDAC, and SAC-N are obtained from (Tarasov et al., 2023).

underestimated. It’s worth noting that S4ARL (Sinha et al., 2022) employs an adversarial
state training approach similar to RTK(a = 0), but its base algorithm is different. As
expected, in our experiment results, RTK showed significant superiority compared to S4RL
in most environments, highlighting the importance of relaxation and its theoretical analysis.

We also tested RTK’s flexibility by applying it to other base algorithms—specifically IQL
(Kostrikov et al., 2022) and TD3+BC (Fujimoto and Gu, 2021) (denote as T+B)—to assess
generalizability beyond ReBrac. As shown in Table 3, integrating RTK led to consistent
improvements, indicating its broad applicability across offline RL methods (m-e and m-r
denote medium expert and medium replay, respectively).

Table 3: RTK improves IQL and TD3+BC on D4RL benchmarks.

Task IQL +RTK Task T+B +RTK
Halfcheetah-m-e 86.7 93.3 + 1.5 Halfcheetah-m-r 43.3 45.3 + 1.5
Hopper-m-e 109.6 112 + 1.9 Hopper-m-r 314 41.5 £ 12.5

Walker2d-m-e 91.5 112.4 + 0.6 Walker2d-m-r 25.2 88.2 + 1.2

5.4. Robustness Analysis

In offline RL, deployment often occurs on machines slightly different from those used for
training, leading to compounding performance gaps. To test generalization, we evaluated
RTK and ReBrac under increasing perturbations that simulate MDP inconsistencies via
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Figure 2: Normalized scores of RTK (blue) and ReBrac (red) under varying state perturbation
magnitudes. Shaded regions show half standard deviation across four seeds.

value-guided worst-case transitions. Figure 2 provides a side-by-side comparison under
different perturbation levels for Medium-FExpert datasets from the Hopper, Halcheetah, and
Walker2d environments. The results demonstrate that RTK is more resilient than the baseline
and highlight the advantages of using relaxed transition kernel in offline RL scenarios.

6. Conclusions

We propose RTK, a model-free offline RL technique leveraging state-adversarial perturba-
tions to train robust policies from pre-collected data. RTK offers theoretical performance
guarantees and integrates with existing methods. RTK consistently outperforms baselines in
standard benchmarks, especially in challenging tasks like Adroit and AntMaze. Future work
includes a deeper analysis of RTK’s computational efficiency and a sensitivity study of its
key hyperparameters.
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Appendix A. Proof
A.1. Proof of Theorem 1

We first introdue Lemma 3 as a foundation for the subsequent proof presented in Theorem 1.
Lemma 3 Let V be the set of state-action pairs not in the offline dataset, and TY; be the

hitting time of V. The value of any policy 7 learned from Pg on the universal uncertainty
set U satisfies:

2Rmam 27Rmam
Epy~p) [Jpo (7, Po)] — 1—~ Epy~p@) [DTV(PovpoB)] - mﬁ—
2Rma:1: gy
T Epy o) El]] < J,p (7, Pp) <

2Rma$ 2’)/Rma$
Epy~n@) [Jpo (7, Po)] + 1—~ Epy~p) [DTV(PO>P§)] + Wﬁ-i-
2R’ma$

P0~D(u)EH7T‘T’rH

-y
Proof For state-action pairs in the dataset, we aim to couple the trajectories of any
policy on the dataset-induced MDP M p and the true MDP M. Assuming successful initial
coupling, the divergence is bounded by Ep . pq) [||PB(s,a) - Po(s,a)||1] < [, ensuring
coupling persists with probability 1 — 3 at each step, and decouples with probability at
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most 1 — (1 — B) at time t. For unseen state-action pairs, the return gap is at most 2?‘“;",

weighted by the hitting time discount factor Ep p) [y¥]. Thus, the total value difference
between Mp and M is upper bounded as:

|J 5 (m, Pg) — EpywpunJpe (7, Po)]|
2Rmax B t 2Rmax T
. 5 Epype)Prvipo, o) + >4 (1= (1= B)") -2 Rinax + T Epy~pn [E[vV]]
t
(2)
o 2R max B 2Rmax7ﬁ 2Rmax T
R Ep,~p@)[P1v(p0, po )] + A==~ -0=3) +1- . Eppepan B[] (3)
2RmaX 2Rmax 2RmaX G
<9 S Epy~pen [Prv(po, p§)] + i- ;5 + 5 Epypen [EN )] (4)

Notably, Eq. (2) quantifies three sources of divergence: (1) initial state distribution,
(2) known state-action pairs, and (3) unknown state-action pairs. Eq. (3) follows from the

i.dentity St (1—-(1-8)" = % Eq. (4) uses the bound (177)(1i,y(175)) < (1_17)2.

Proof We now prove our main theorem. By Lemma 3, we have:

E @)oo (1, Po)] 2 J,n (m, Pg) — s B p [Drv(po, pf)] — 2imesy g

— 4B g o) [E[y™]] (5)
Z Jp(I)B (7’['*, PB) - 67{' — %EPOND(M) [DTV(/)O; pOB)] %?m;x“{ﬁ
— HlaxEp pen[ERV]) ©

B EPOND(M) [Jpo (7%, Po)] — €x — 4RdeEP0~D( ){,DTV(,OO, pOB)] 4RmaX'YB

- 2¥T§XEP0~D(M)[E[7TSH 2Rm‘“‘IEPOND(L{)[ ) (7)

where Equation (5) holds by Lemma 3, Equation (6) is derived via e, = |J pr (7*, Pg) —
J e (m, Pg)|, and Equation (5) is obtained by plugging m = 7* into Lemma 3. [ |

2. Risk-Aware Policy Reality Gap

Lemma 4 Given a robust policy m, = arg max, Ep_py,)Jp(m, P) satisfying the inequality
EPND(MT)[ES,G [Drv(P, Pp)]] < Br, we assume the true uncertainty set satisfies U, C U,
B8 > Br, and P € U, with probability p, for P ~ U, where 0 < p, < 1. The performance
under U and U, then satisfies:

2Rma:zc
1—

2 Rmam
EPOND(Z/{)[DTV(PmpO )= (17 )(5 PrBr)—

EPOND(L{) [T (77, Po)] —

2Rmam T
Epyp) BN 1] < Epnp) [1,8 (7, Pr)] < Epyan(u [Too (17 Po) )+

-~
2R B ’YRmaz 2R mas T
T E pyp@en [Prv(p0, 05 )] + = 7)25 I Ep,~pen By ]
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where V is an unknown state action set defined as: (s,a) € V iff (s,a) is not in the
offline dataset and T7;" denotes the hitting time of unknown states.

Proof Building on Lemma 3, we now compare the performance of a policy 7 under two
transition dynamics: P, ~ D(U,) and Py ~ D(U). For states that are in the dataset, we
can establish a relationship based on the definition of the uncertainty set. Specifically:
Epy e Ep,~p@s,) (1 Po(s;a) — Pr(s,a)|1) < max(B, 3;) = 8. When considering the lower-
bound performance of a robust policy, defined as 7, = arg max; Ep.p,)J,(7, P), subject
to the constraint Ep pqy,) [Es Drv(P, Pp)] < B, the “untrained” region is quantified by
the difference (1 — p,)8 + p-(8 — Br) = B — prBr. Under these conditions, it’s clear that the
probability of disadvantageous scenarios for the robust policy at each step is 1 — (5 — p,f3,).
The chance of decoupling at a specific time ¢ is at most 1 — (1 — (8 — p,.3-))t. Then we have:

Ep @) I8 (T, Pr)] = Epyp@e[ oo (7, Fo)]
2RmaX

> T B [Drv(po, pg)] + Y A (1= (1= (B=pBr))") - 2+ Rmax (8)
t
2Rmax r
1=~ Epop) [EYY']]
2 Rmax 2Rmax’7(/8 - pr/Br)
> Ep pan D P + 9
= 1_7 Py D(Z/{)[ TV(pO £0 )] (1_7) (1_7(]—_(ﬁ_pr/87’))) ( )
2Rmax r
+9- 5 Epypen BN ]]
2Rmax 2Rmax anax T
> E py~pen [Drv(po, p8)] + =20 (5 — p.5,) + — Erow JERDYT (10)

11—~ (1=9)?

In Equation 8, the first term captures the divergence in initial state distributions between M

and M,; the second, the divergence for known state-action pairs; and the third(, for ur)lknown
; ; : : t ty Y(B—prfr

pairs. Equation 9 uses the identity >, v*(1 — (1 — (B —peBr))t) = T A=)

|

Equation 10 follows from the inequality == ( =B < (1_17)2.

Theorem 5 For an €, sub-optimal risk-aware policy, we have:

* 4Rmam
Epy~n@e) [Jpo (775 P0)] = Epyrp @)oo (7, o)l < €r, + 1=~ E gy [P1v(po, 5]

4 Rmax 1
s (5 1,5)

(1—=9)?

2Rmax nr
- Epypen [ENY']]
2R 0z *

= Ep,~pw) ER™ ]

Proof By Lemma 4, we have:
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2RmaX
Epyno@)[Jpo (M, Po)] 2 B ) [T pp (s Pr)] = < — S Epyp)[Drv (00, p5)]
2Rmaxy 2R max g
(1 )2 (5 prBr) — jEPmD(M)[E[’YTV Il (11)
% 2Rmax B
> EPTND(UT)[JPOB (7%, Pr)] = €, — ﬁEPOND(u) [Drv(po; po )]
2Rmax’7 2Rmax o
(1 ) (5 prﬁr) - — IEP()ND( )[E[’YTV H (12)
% 4 Rmax B
2 Epynp)[Jpo (17, P0)] = €n, — 5 — 5 Ep,~p@)[Prv(po; py )]
AR maxy 2R max .
- ﬁ(ﬂ — 50rfBr) — 1 _z Epy~pe) BN
2R max *
7 _: Ep,~p@) ER™ ] (13)

where Equation 11 is obtained by plugging 7 = 7* into Lemma 4. Equation 12 is derived
using the identity e, = |EPTN'D(MT)[JpOB (r*, Py)] — EPTND(UT)[Jpg (7, Pr)]|. Next We prove
Theorem 2. |

Proof Consider the RTK policy: mrrk = argmax, Ep_pym)J,y(m, P), subject to the
constraint: Ep pr) [Esa [Drv(P, Pp)]] <1~ a. We apply Lemma 4 by setting 8, =1 -«
and p, = prrk. This completes the proof. |

Appendix B. Hyperparameters

In Table 4 below we list the hyperparameters for each task.

Table 4: Adversarial hyperparameters « and € for each task.

Task Q@ € ‘ Task e €

Antmaze-Umaze 0.01 0.9 | Adroit-pen-cloned 0.005 0.8
Antmaze-Medium-Play 0.01 0.9 | Adroit-pen-expert 0.06 0.8
Antmaze-Large-Play 0.01 0.9 | Adroit-hammer-cloned 0.03 0.9
Antmaze-Umaze-Diverse 0.01 0.9 | Adroit-hammer-expert 0.03 09
Antmaze-Medium-Diverse 0.01 0.9 | Adroit-door-cloned 0.03 0.9
Antmaze-Large-Diverse 0.01 0.9 | Adroit-door-expert 0.03 0.9
Mujoco-hopper-medium 0.1 0.9 | Adroit-relocate-cloned 0.03 0.9
Mujoco-halfcheetah-medium 0.02 0.8 | Adroit-relocate-expert 0.03 0.9
Mujoco-walker2d-medium 0.08 0.7 | Mujoco-hopper-medium-replay 0.015 0.9
Mujoco-halfcheetah-medium-replay 0.08 0.7 | Mujoco-walker2d-medium-replay 0.08 0.7
Mujoco-hopper-medium-expert 0.1 0.9 | Mujoco-halfcheetah-medium-expert 0.1 0.9
Mujoco-walker2d-medium-expert 0.1 09| — — —
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