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Abstract

We present a novel observation about the behavior of offline reinforcement learning
(RL) algorithms: on many benchmark datasets, offline RL can produce well-
performing and safe policies even when trained with “wrong” reward labels, such
as those that are zero everywhere or are negatives of the true rewards. This phe-
nomenon cannot be easily explained by offline RL’s return maximization objective.
Moreover, it gives offline RL a degree of robustness that is uncharacteristic of its
online RL counterparts, which are known to be sensitive to reward design. We
demonstrate that this surprising robustness property is attributable to an interplay
between the notion of pessimism in offline RL algorithms and certain implicit
biases in common data collection practices. As we prove in this work, pessimism
endows the agent with a survival instinct, i.e., an incentive to stay within the
data support in the long term, while the limited and biased data coverage further
constrains the set of survival policies. Formally, given a reward class — which
may not even contain the true reward — we identify conditions on the training data
distribution that enable offline RL to learn a near-optimal and safe policy from any
reward within the class. We argue that the survival instinct should be taken into
account when interpreting results from existing offline RL benchmarks and when
creating future ones. Our empirical and theoretical results suggest a new paradigm
for offline RL, whereby an agent is “nudged” to learn a desirable behavior with
imperfect reward but purposely biased data coverage. Please visit our website
https://survival-instinct.github.io for accompanied code and videos.

1 Introduction

In offline reinforcement learning (RL), an agent optimizes its performance given an offline dataset.
Despite being its main objective, we find that return maximization is not sufficient for explaining
some of its empirical behaviors. In particular, in many existing benchmark datasets, we observe that
offline RL can produce surprisingly good policies even when trained on utterly wrong reward labels.

In Fig. 1, we present such results on the hopper task from D4RL [1], a popular offline RL benchmark,
using a state-of-the-art offline RL algorithm ATAC [2]. The goal of an RL agent in the hopper task
is to move forward as fast as possible while avoiding falling down. We trained ATAC agents on
the original datasets and on three modified versions of each dataset, with “wrong” rewards: 1) zero:
assigning a zero reward to all transitions, 2) random: labeling each transition with a reward sampled
uniformly from [0, 1], and 3) negative: using the negation of the true reward. Although these wrong
rewards contain no information about the underlying task or are even misleading, the policies learned
from them in Fig. 1 (left) often perform significantly better than the behavior (data collection) policy
and the behavior cloning (BC) policy. They even outperform policies trained with the true reward
(denoted as original in Fig. 1) in some cases. This is puzzling, since RL is notorious for being
sensitive to reward mis-specification [3–6]: in general, maximizing the wrong rewards with RL
leads to sub-optimal performance that can be worse than simply performing BC. In addition, these
wrong-reward policies demonstrate a “safe” behavior, which keeps the hopper from falling down for
a longer period than other comparators in Fig. 1 (right). This is yet another peculiarity hard to link to
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Figure 1: On the hopper task from D4RL [1], ATAC [2], an offline RL algorithm, can produce
high-performance and safe policies even when trained on wrong rewards.

return maximization, as none of the wrong rewards encourage the agent to stay alive. As we will show
empirically in Section 4, these effects are not unique to ATAC or the hopper task. They occur with
multiple offline RL algorithms, including ATAC [2], PSPI [7], IQL [8], CQL [9] and the Decision
Transformer (DT) [10], on dozens of datasets from D4RL [1] and Meta-World [11] benchmarks.

This robustness of offline RL is not only counter-intuitive but also cannot be explained fully by the
literature. Offline RL theory [2, 7, 12, 13] provides performance guarantees only when the data
reward is the true reward. Although offline imitation learning (IL) [14–16] makes no assumptions
about reward, it only shows that the learned policy can achieve performance comparable to that of
the behavior policy, not beyond. Robust offline RL [17–21] shows that specialized algorithms can
perform well when the size of data perturbation is small. In contrast, we demonstrate that standard
offline RL algorithms can produce good policies even when we completely change the reward.
Constrained offline RL algorithms [22–24] can learn safe behaviors when constraint violations are
both explicitly labeled and optimized. However, in the phenomena we observe, no safety signal
is given to off-the-shelf, unconstrained offline RL algorithms. Recently, [25] observes a similar
robustness phenomena of offline RL, but does not provide a complete explanation.1 In Appendix B,
we discuss the gap between the related work and our findings in more detail.

In this work, we provide an explanation for this seemingly surprising observation. In theory, we prove
that this robustness property is attributed to the interplay between the use of pessimism in offline RL
algorithms and the implicit bias in typical data collection processes. Offline RL algorithms often use
pessimism to avoid taking actions that lead to unknown future events. We show that this risk-averse
tendency bakes a “survival instinct” into the agent, an incentive to stay within the data coverage in
the long term. On the other hand, the limited coverage of offline data further constrains the set of
survival policies (policies that remain in the data support in the long term). When this set of survival
policies correlates with policies that achieve high returns w.r.t. the true reward (as in the example in
Fig. 1), robust behavior emerges.

Our theoretical and empirical results have two important implications. First and foremost, offline RL
has a survival instinct that leads to inherent robustness and safety properties that online RL does not
have. Unlike online RL, offline RL is doubly robust: as long as the data reward is correct or the data
has a positive implicit bias, a pessimistic offline RL agent can perform well. Moreover, offline RL is
safe as long as the data only contains safe states; thus safe RL in the offline setup can be achieved
without specialized algorithms. Second, because of the existence of the survival instinct, the data
coverage has a profound impact on offline RL. While a large data coverage improves the best policy
that can be learned by offline RL with the true reward, it can also make offline RL more sensitive to
imperfect rewards. In other words, collecting a large set of diverse data might not be necessary or
helpful (see Section 4). This goes against the common wisdom in the RL community that data should
be as exploratory as possible [26–28].

We emphasize that survival instinct’s implications should be taken into account when interpreting
results on existing offline RL benchmarks as well as when designing future ones. We should treat the
evaluation of offline RL algorithms differently from online RL algorithms. We suggest evaluating
the performance of an offline RL algorithm by training it with wrong rewards in addition to the true
reward so that we can isolate the performance due to return maximization from the compounded
effects of survival instinct and implicit data bias. We propose to use this performance as a score to
quantify the data bias (see Eq. (3) in Section 4.1) in practice.

1We learned about this paper after the submission. Our theoretical results not only validate their conjecture
on the expert dataset, but also predict how this robustness can happen in data collected by suboptimal policies.
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We believe that our findings shed new light on RL applicability and research. To practitioners, we
demonstrate that offline RL does not always require the correct reward to succeed. This opens up the
possibility of using offline RL in domains where obtain high-quality rewards is challenging. Research-
wise, the existence of the survival instinct raises the question of how to design data collection or
data filtering procedures that would help offline RL to leverage this instinct in order to improve RL’s
performance with incorrect or missing reward labels. While in this paper we focus on positive data
biases, we caution that in practice the data bias might be negatively correlated with a user’s intention.
In that case, running offline RL even with the right reward would not lead to the right behavior.

2 Background
The goal of offline RL is to solve an unknown Markov decision process (MDP) from offline data. Typ-
ically, an offline dataset is a collection of tuples, D := f(s, a, r, s0)j(s, a) � µ(�, �), r = r(s, a), s0 �
P (�js, a)g, where r is the reward, P captures the MDP’s transition dynamics, and µ denotes the
state-action data distribution induced by some data collection process. Modern offline RL algorithms
adopt pessimism to address the issue of policy learning when µ does not have the full state-action
space as its support. The basic idea is to optimize for a performance lower bound that penalizes
actions leading to out-of-support future states. Such a penalty can take the form of behavior regular-
ization [8, 29, 30], negative bonuses to discourage visiting less frequent state-action pairs [12, 31, 32],
pruning less frequent actions [13, 33], adversarial training [2, 7, 14, 34, 35] or value penalties in
modified dynamic programming [9, 36].

We are interested in settings where the offline RL agent learns not from D itself but from its corrupted
version D̃ with a wrong reward r̃, i.e., D̃ := f(s, a, r̃, s0)j(s, a, s0) 2 D, r̃ = r̃(s, a) 2 [�1, 1]g. We
assume r̃ is from a reward class R̃— which may not necessarily contain the true reward r — and we
wish to explain why offline RL can learn good behaviors from the corrupted dataset D̃ (e.g., as in
Fig. 1). To this end, we introduce notations and assumptions we will use in the paper.

Notation We focus on the setting of infinite-horizon discounted MDPs. We denote the task
MDP that the agent aims to solve as M = (S,A, r, P, γ), where S is the state space, A is the
action space, and γ 2 [0, 1) is the discount. Without loss of generality, we assume r : S �
A ! [0, 1]. Let ∆(U) denote the set of probability distributions over a set U . We denote a
policy as π : S ! ∆(A). For a reward function r, we define a policy π’s state value function
as V �

r (s) := E�;P [
P1
t=0 γ

tr(st, at)js0 = s] and the state-action value function as Q�
r (s, a) :=

r(s, a) + γEs0�P (�js;a)[V
�
r (s0)]. Solving MDPM requires learning a policy that maximizes the

return at an initial state distribution d0 2 ∆(S), that is, max� Es�d0
[V �
r (s)]. We denote the optimal

policy as π� and the optimal value functions as V �r and Q�r . Given d0, we define the average state-
action visitation of a policy π as d�(s, a) := (1� γ)E�;P [

P1
t=0 γ

td�t (s, a)], where d�t (s, a) denotes
the probability of visiting (s, a) at time t when running π starting at an initial state sampled from d0.
Note that (1 � γ)Es�d0 [V

�
r (s)] = E(s;a)�d� [r(s, a)]. For a function f : S � A ! R, we use the

shorthand f(s, π) = Ea��js[f(s, a)]; similarly for f : S ! R, we write f(p) = Es�p[f(s)], e.g.,
V �
r (d0) = Es�d0 [V

�
r (s)]. For a distribution p, we use supp(p) to denote its support.

Assumption We make the typical assumption in offline RL that the data distribution µ assigns
positive probabilities to these state-actions visited by running the optimal policy π� starting from d0.

Assumption 1 (Single-policy Concentrability). We assume sups2S;a2A
d�
�

(s;a)
�(s;a) <1.

This is a standard assumption in the offline RL literature, which in the worst case is a necessary
condition to have no regret w.r.t. π� [37]. There are generalized notions [7, 34] of this kind, which
are weaker but requires other smoothness assumptions. We note that Assumption 1 does not assume
that µ is the average state-action visitation frequency of a single behavior policy, nor does it assume
µ has a full coverage of all states and actions or all policy distributions [27, 38].

3 Why Offline RL can Learn Right Behaviors from Wrong Rewards
In this section, we provide conditions under which offline RL’s aforementioned robustness w.r.t.
misspecified rewards emerges. Our main finding is summarized in the theorem below.
Theorem 1. (Informal) Under Assumption 1 and certain regularity assumptions, if an offline
RL algorithm Algo is set to be sufficiently pessimistic and the data distribution µ has a pos-
itive bias, for any data reward r̃ 2 R̃, the policy π̂ learned by Algo from the dataset D̃
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has performance guaranteeV � �

r (d0) � V �̂
r (d0) � O(� ) as well as safety guarantee(1 �


 )
P 1

t =0 
 t Prob (9� 2 [0; t]; s� =2 supp(� )j�̂ ) � O(� ) for a small� that decreases to zero as the
degree of pessimism and dataset size increase.

In other words, the robustness originates from aninterplay between pessimism and an implicit
positive bias in data. Here is the insight on why Theorem 1 is true. Because of pessimism, of�ine
RL endows agents with a “survival instinct” — it implicitly solves a constrained MDP (CMDP)
problem [39] that enforces the policy to stay within the data support. When combined with a training
data distribution that has a positive bias (e.g., all policies staying within data support are near-optimal)
such a survival instinct results in robustness to reward misspeci�cation.

Overall, Theorem 1 has two important implications:

1. Of�ine RL is doubly robust: it can learn near optimal policies so long as either the reward
label is correct or the data distribution is positively biased;

2. Of�ine RL is intrinsically safewhen data are safe, regardless of reward labeling, without
the need of explicitly modeling safety constraints.

In the remaining of this section, we provide details and discussion of the statements above. The
complete theoretical statements and proofs can be found in Appendix D.

3.1 Intuitions for Survival Instinct and Positive Data Bias

Figure 2: A grid world.
BC (red); of�ine RL with
wrong rewards (blue).
The opacity indicates the
frequency of a state in
the data (more opaque
means more frequent).
Of�ine RL with the three
wrong rewards produces
the same policy.

We �rst use a grid world example to build some intuitions. Fig. 2 shows a
goal-directed problem, where the true reward is +1 and -1 upon touching
the key and the lava, respectively. The of�ine data is suboptimal and
does not have full support. All data trajectories that touched the lava
were stopped early, while others were allowed to continue until the end
of the episode. The goal state (key) is an absorbing state, where the agent
can stayforeverbeyond the episode length. We use the wrong rewards
in Fig. 1 to train PEVI [12], a �nite-horizon, tabular of�ine RL method.
PEVI performs dynamic programming similar to value iteration, but with
a pessimistic value initialization and an instantaneous pessimism-inducing
penalty ofO( � 1=

p
n (s;a )), wheren(s; a) is the empirical count in data.

The penalties ensure that the learned value lower bounds the true one.

We see the PEVI agent learned with any wrong reward in Fig. 1 is able
to solve the problem despite data imperfection, while the BC agent that
mimics the data directly fails. The main reasons are:1) There is adata
biaswhereby longer trajectories end closer to the goal (especially, the
longest trajectories are the ones that reach the goal, since the goal is an
absorbing state). We call this alength bias(see Section 3.3). This positive
data bias is due to bad trajectories (touching the lava or not reaching the goal) being cut short or timing
out. 2) Pessimism in PEVI gives the agent analgorithmic bias(i.e., survival instinct) that favors
longer data trajectories. Because of the pessimistic value initialization, PEVI treats trajectories shorter
than the episode length as having the lowest return. As a result, by maximizing the pessimistically
estimated values, PEVI learns good behaviors despite wrong rewards by leveraging the survival
instinct and positive data biastogether. We now make this claim more general.

3.2 Survival Instinct
Survival instinct is a pessimism induced behavior that of�ine RL algorithms tend to favor policies
leading toin-support trajectories. We formally characterize this risk aversion behavior by the concept
of constrained MDP (CMDP) [39], which we de�ne below.
De�nition 1. Let f; g : S � A ! [� 1; 1]. A CMDPC(S; A ; f; g; P; 
 ) is a constrained optimization
problem:max� V �

f (d0) s.t. V �
g (d0) � 0: Let � y denote its optimal policy. For� � 0, we de�ne the

set of� -approximately optimal policies� y
f;g (� ) := f � : V � y

f (d0) � V �
f (d0) � �; V �

g (d0) � � g:

We prove that when trained on~D, of�ine RL, because of its pessimism, implicitly solves the CMDP
below even when the algorithm does not explicitly model any constraints:

C� (~r ) := C(S; A ; ~r; c� ; P; 
 ); (1)

wherec� (s; a) := 1[� (s; a) = 0] indicates whether(s; a) is out of the support of� 2 i.e., the
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constraint in Eq. (1) enforces the agent's trajectories to stay within the data support. Note the
constraint in this CMDP is feasible because of Assumption 1.
Proposition 1 (Survival Instinct). (Informal) Under certain regularity conditions onC� (~r ), the
policy learned by an of�ine RL algorithmAlgo with the of�ine dataset~D is � -approximately optimal
with respect toC� (~r ), for some small� which decreases as the algorithm becomes more pessimistic.

Proposition 1 says if an of�ine RL algorithm is suf�ciently pessimistic, then the learned policy is
approximately optimal toC� (~r ). The learned policy has not only small regret with respect to the data
reward~r , but also small chances of escaping the support of the data distribution� .

We highlight that the survival instinct in Proposition 1 is along-termbehavior. Such a survival
behavior cannot be achieved by myopically taking actions in the data support in general (such as
BC).3 For instance, when some trajectories generating the data are truncated (e.g., due to early-
stopping or intervention for safety reasons), taking in-support actions may still lead to out-of-support
states in the future, as the BC agent in Section 3.1.

Proof Sketch The key to prove Proposition 1 is to show that an of�ine RL algorithm by pessimism
has small regret for not just~r but a set of reward functions consistent with~r on data but different
outside of data, including the Lagrange reward of(1) (i.e., ~r � �c � , with a large enough� � 0). We
call this property admissibility and we prove in Appendix F that many existing of�ine RL algorithms
are admissible, including model-free algorithms ATAC [2], VI-LCB [ 31] PPI/PQI [13], PSPI [7],
as well as model-algorithms, ARMOR [34, 40], MOPO [32], MOReL [33], and CPPO [14]. By
Proposition 1 these algorithms have survival instinct. Please see Appendix D for details.

3.3 Positive Data Bias
In addition to survival instinct, another key factor is an implicit positive bias in common of�ine
datasets. Typically these data manifest meaningful behaviors. For example, in collecting data for
goal-oriented problems, data recording is normally stopped if the agent fails to reach the goal within
certain time limit. Another example is problems (like robotics or healthcare) where wrong decisions
can have detrimental consequences, i.e., problems that safe RL studies. In these domains, the data
are collected by quali�ed policies only or under an intervention mechanism to prevent catastrophic
failures. Such a one-sided bias can creates an effect that staying within data support would lead to
meaningful behaviors. Below we formally de�ne the positive data bias; Later in Section 4 (Fig. 5),
we provide empirical estimates of the degree of positive data bias.

De�nition 2 (Positive Data Bias). A distribution� is 1
� -positively biasedw.r.t. a reward class~R if

max
~r 2 ~R

max
� 2 � y

~r;c �
( � )

V � �

r (d0) � V �
r (d0) � � + O(� ) (2)

for all � � 0, where� y
~r;c �

(� ) denotes the set of� -approximately optimal policy ofC� (~r ).

We measure the degree of positive data bias based on how bad a policy can perform in terms of the
true rewardr when approximately solving the CMDPC� (~r ) in (1) de�ned with the wrong reward
~r 2 ~R. If the data distribution� is 1 -positively biased, then any approximately optimal policy to
C� (~r ) (which includes the policies learned by of�ine RL, as shown earlier) can achieve high return
in the true rewardr . We also can view the degree of positiveness as re�ecting whether~r provides a
similar ranking asr , among policies within the support of� . When there is a positive bias, of�ine
RL can learn with~r to perform well underr , even when~r is not aligned withr globally. This is in
contrast to online RL, which requires global alignment due to the exploratory nature of online RL.

Examples We provide a few examples of positive data bias. (See Appendix D.4 for proofs.)

• The distributiond� induced by any policy� is 1 -positively biased for any rewards resulting from
potential-based reward shaping [41] since it provides the same ranking for all policies.

• For an IL setup, the data distribution� is 1 -positively biased for any rewards~r : S � A ! R if
the data is generated by the optimal policy (i.e.,� = d� ?

). This is because following the optimal

2The use of an indicator function is not crucial here. We can extend the current analysis here to other costs
that are zero in the support and strictly positive out of the support.

3BC requires a stronger condition, e.g., the data are all complete trajectories without intervention or timeouts.
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policy is the only way to stay within the data support. In Section 4, we empirically show that of�ine
RL algorithms can learn good policies with wrong rewards on D4RLexpert datasets, which are
collected by near-optimal policies.

• A positive bias happens when longer trajectories in the data have smaller optimality gap. This
is a generalized formal de�nition of thelength biasmentioned in Section 3.1. This condition
is typically satis�ed when intervention is taken in the data collection process (despite the data
collection policy being suboptimal), as in the motivating example in Fig. 1. Later in Section 4, we
will investigate deeper into this kind of length bias empirically.

Remark We highlight that the positive data bias assumption in De�nition 2 isdifferent from
assuming that the data is collected by expert policies, which is typical in the IL literature. Positive
data bias assumption can hold in cases when data is generated by highly suboptimal policies, which
we observe in thehopper example from Section 1. On the other hand, there are also cases where IL
can learn well, while positive data bias does not exist (e.g., when learning from data collected by a
stochastic expert policy that covers highly suboptimal actions with small probabilities).

3.4 Summary: Of�ine RL is Doubly Robust and Intrinsically Safe
We have discussed the survival instinct from pessimism and the potential positive data bias in common
datasets. In short, survival instinct enables of�ine RL algorithms to learn policies that bene�t from
a favorable inductive bias of staying within the support of a positive data distribution. As a result,
of�ine RL becomes robust to reward mis-speci�cation (namely, Theorem 1).

Below we discuss some direct implications of Theorem 1. First, we can view this phenomenon as a
doubly robust property of of�ine RL. We borrow the name “doubly robust” from the of�ine policy
evaluationliterature [42] to highlight the robustness of of�ine RL to reward mis-speci�cation as an
of�ine policy optimizationapproach.

Corollary 1. Under Assumption 1, of�ine RL can learn a near optimal policy, as long as the reward
is correct,or the data has a positive implicit bias.

Theorem 1 also implies that of�ine RL is an intrinsically safe learning algorithm, unlike its counterpart
online RL where additional penalties or constraints need to be explicitly modelled [43–47].

Corollary 2. If � only covers safe states and there exists a safe policy staying within the support of
� , then the policy of of�ine RL only visits safe states with high probability (see Theorem 1).

We should note that covering safe states is a very mild assumption in the safe RL literature [45, 48],
e.g., compared with all (data) states have a safe action. It does not require the data collection policies
that generate� are safe. This condition can be easily satis�ed by �ltering out unsafe states in post
processing. The existence of a safe policy is also mild and common assumption. In Section 4.2, we
validate this inherent safety property on of�ine SafetyGymnasium [49], an of�ine safe RL benchmark.

4 Experiments

We conduct two group of experiments. In Section 4.1, we conduct large scale experiment, show-
ing that multiple of�ine RL algorithms can be robust to reward mis-speci�cation on a variety of
datasets. In Section 4.2, we experimentally validate the inherent safety of of�ine RL algorithms
stated in Corollary 2. We show that admissible of�ine RL algorithms, without modi�cations, can
achieve state-of-the-art performance on an of�ine safe RL benchmark [49].

4.1 Robustness to Mis-speci�ed Rewards

We empirically study the performance of of�ine RL algorithms under wrong rewards in a variety
of tasks. We use the same set of wrong rewards as in Fig. 1.1) zero: the zero reward,2) random:
labeling each transition with a reward value randomly sampled fromUnif[0; 1], and3) negative:
the negation of true reward. We consider �ve of�ine RL algorithms, ATAC [2], PSPI [7], IQL [8],
CQL [9] and decision transformer (DT)4 [10]. We deliberately choose of�ine RL algorithms to cover
those that are provably pessimistic [2, 7] and those that are popular among practitioners [8, 9], as
well as an unconventional of�ine RL algorithm [10]. We consider a variety of tasks from D4RL [1]
and Meta-World [11] ranging from safety-critical tasks (i.e., the agent dies when reaching bad states),

4We condition the decision transformer on the return of a trajectory sampled randomly from trajectories that
achieve top 10% of returns in terms of data reward.
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Figure 3: Normalized scores for locomotion tasks from D4RL [1]. The mean and standard error for
normalized scores are computed across10 random seeds. For each random seed, we evaluate the
�nal policy of each algorithm over50episodes.

goal-oriented tasks, and tasks that belong to neither. We train a total of around16k of�ine RL agents
(see Appendix C.8). Please see Appendix C for details.

Messages We would like to convey three main messages through our experiments. First, implicit
data biascanexist naturally in a wide range of datasets, and of�ine RL algorithms that are suf�ciently
pessimistic can leverage such a bias to succeed when given wrong rewards. Second, of�ine RL
algorithms, regardless of how pessimistic they are, become sensitive to reward when the data does
not possess a positive bias. Third, of�ine RL algorithms without explicit pessimism, e.g., IQL [8],
can sometimes still be pessimistic enough to achieve good performance under wrong rewards.

Remark on negative results We consider “negative” results, i.e., when of�ine RLfails under
wrong rewards, as important as the positive ones. Since they tell ushowpositive data bias can be
broken or avoided. We hope our study can provide insights to researchers who are interested in
actively incorporating positive bias in data collection, as well as who hope to design of�ine RL
benchmarks speci�cally with or without positive data bias.

4.1.1 Locomotion Tasks from D4RL
We evaluate of�ine RL algorithms on three locomotion tasks,hopper, walker2d 5 andhalfcheetah ,
from D4RL [1], a widely used of�ine RL benchmark. For each task, we consider �ve datasets with
different qualites:random, medium, medium-replay , medium-expert , andexpert . We refer
readers to [1] for the construction of these datasets. We measure policy performance in D4RL
normalized scores [1]. We provide three baselines 1) behavior: normalized score directly computed
from the dataset, 2) BC: the behavior cloning policy, and 3) original: the policy produced by the
of�ine RL algorithm using the original dataset (with true reward). The normalized scores for baselines
and of�ine RL algorithms with wrong rewards are presented in Fig. 3. The exact numbers can be
found in tables in Appendix C.

Positive bias exists in some D4RL datasets.We visualize the length bias of D4RL datasets
in Fig. 4. Here are our main observations.1) Most datasets forhopper andwalker2d , with the

5We remove terminal transitions fromhopper andwalker2d datasets when learning with wrong rewards.
In Appendix C, we include a ablation study on the effect of removing terminals when using true reward.
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Figure 4: A visualization of length bias in datasets from D4RL [1]. Each plot corresponds to a dataset
for a task (row) with a dataset (column). Each trajectory in a dataset is represented as a data point
with thex-coordinate being its episode length andy-coordinate being its normalized score.

exception of the medium-replay datasets, have a strong length bias, where longer trajectories have
higher returns. This length bias is due to the safety-critical nature ofhopper andwalker2d tasks,
as the trajectories get terminated when reaching bad states. The length bias is especially salient
in hopper-medium, where the normalized score is almost proportional to episode length.2) The
medium-replay datasets forhopper andwalker2d have more diverse behavior, so the bias is smaller.
3) All halfcheetah datasets do not have length bias, as they all have the same length of1000.
4) hopper-expert dataset has a length bias, whilewalker2d andhalfcheetah-expert datasets
do not have an obvious length bias. However, it is worth noting that allexpert datasets have an
IL-type positive bias as discussed in Section 3.3.

Of�ine RL can learn good policies with wrong rewards on datasets with strong length bias.
On datasets with strong length bias (hopper-random, hopper-mediumandwalker2d-medium),
we observe that ATAC and PSPI with wrong rewards generally produce well-performing policies, in
a few cases even out-performing the policies learned from the true reward (original in Fig. 4). DT is
mostly insensitive to reward quality. IQL and CQL with wrong rewards can sometimes achieve good
performance; among the two, we �nd IQL to be more robust to wrong rewards and CQL with wrong
rewards almost fails completely on allwalker2d datasets.

Of�ine RL can learn good policies with wrong rewards on expert datasets In Section 3, we
point out that the data has a positive bias when it is generated by the optimal policy. In Fig. 3, we
observe that all of�ine RL algorithms, when trained with wrong rewards, can achieve expert-level
performance onwalker2d andhalfcheetah-expert datasets. ATAC, PSPI and DT perform well
on thehopper-expert dataset while IQL and CQL receive lower scores when using wrong rewards.

Of�ine RL needs stronger reward signals on datasets with diverse behavior policy. The
medium-replay datasets ofhopper andwalker2d are generated from multiple behavior policies.
Due to their diverse nature, they are a multiple ways to stay within data support in a long term. As a
result, the survival instinct of of�ine RL by itself is not suf�cient to guarantee good performance.
Here algorithms with wrong rewards generally under-perform the policies trained with true reward.
As datasets have a more diverse coverage, they can be less positively biased and of�ine RL requires a
stronger reward signal to differentiate good survival policies and the bad ones. Practically speaking,
when high-quality reward is not available, a diverse dataset can even hurt of�ine RL performance.
This is contrary to the common belief that larger data support is more preferable [26–28].

Of�ine RL requires good reward to perform well on datasets without length bias. In all four
halfcheetah datasets, the trajectories all have the same length, as is demonstrated in Fig. 4. This
means that there is no data bias. We observe that all algorithms with wrong rewards at best perform
similarly as the behavior and BC policies in most cases; this is an imitation-like effect due to the
survival instinct. In thehalfcheetah-medium-expert dataset, since there are a variety of surviving
trajectories, with score from0 to near100, we observe that the performance of the resulting policy
degrades as data reward becomes more different from the true reward.

Of�ine RL algorithms with provable pessimism produce safer policies. For hopper and
walker2d , we observe that policies learned by ATAC and PSPI, regardless of the reward, can
keep the agent from falling for longer. The episode lengths of IQL and CQL policies are often
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Figure 5: Estimated positive data bias of all15D4RL datasets given by ATAC. Datasets marked by
“ � ”, i.e., hopper-expert andwalker2d-expert , have in�nite positive bias.

comparable to that of the behavior policies. We provide statistics of episode lengths in Appendix C.
In Section 4.2, we provide further results validating the safety properties of ATAC and PSPI.

On empirically estimating positive data bias Inspired by De�nition 2, we propose an empirical
estimate of positive data bias. LetJzero, Jrand andJneg be the return (with respect to the true reward)
of an of�ine RL algorithm learned with zero, random, and negative rewards, respectively. Then, given
an estimated optimal return̂J ?, we propose to empirically estimate the positive data bias by

estimated positive bias= Ĵ ?=max f Ĵ ? � min f J zero;J rand;J negg;0g: (3)

In Fig. 5, we visualize the estimated positive data bias of all15 D4RL datasets given by ATAC.
Estimated positive data bias of all D4RL and Meta-World datasets is given in Fig. 9.

Remark on benchmarking of�ine RL Our observations on the popular D4RL datasets raise an
interesting question for benchmarking of�ine RL algorithms. An implicit positive data bias can give
certain algorithms a hidden advantage, as they can already achieve good performance without using
the reward. Without controlling data bias, it is hard to differentiate whether the performance of those
algorithms are due to their ability to maximize returns or simply due to their survival instinct.

4.1.2 Goal-oriented Manipulation Tasks from Meta-World

We study goal-oriented manipulation tasks from the Meta-World benchmark [11]. We consider 15
goal-oriented tasks from Meta-World: the 10 tasks from the MT-10 set and the 5 testing tasks from the
ML-45 set. For each task, we generate a dataset of110trajectories using the scripted policies provided
by [11]; 10 are produced by the scripted policy, and100are generated by perturbing the scripted
policy with a zero-mean Gaussian noise of standard deviation0:5. In the datasets, unsuccessful
trajectories receive a time-out signal after500steps (maximum episode length for Meta-World).

For each task, we measure the success rate of policies for50 newgoals unseen during training.
Similar to D4RL experiments, we consider BC policies and policies trained with the true reward
(original) as baselines. Since the training dataset is generated for a different set of goals, we do not
compare the success rate of learned policies with the success rate in data.

Goal-oriented problems have data bias. Goal-oriented problems are fundamentally different from
safety-critical tasks (such ashopper andwalker2d ). A good goal-oriented policy should reach the
goal as fast as possible rather than wandering around until the end of an episode. But another form
of length bias still exists here, as successful trajectories are labeled with a termination signal that
indicates an unbounded length and failed trajectories have a bounded length (see Section 3.1).

Of�ine RL can learn with wrong rewards on goal-oriented tasks. The success rate of learned
policies with different rewards are shown in Fig. 6. We observe that ATAC and PSPI with wrong
rewards generally achieve comparable or better success rate than BC policies. The exceptions
are often due to that ATAC or PSPI, even with the true reward, does not work as well as BC in
those tasks, e.g. drawer-open, bin-picking and box-close. This could be caused by over�tting or
optimization errors (due to challenges of dynamics programming over long horizon problems). In
a number of tasks, such as peg-insert-side, push and reach, ATAC and PSPI with wrong rewards
can out-perform BC by a margin. This shows that data collection for goal-oriented problems have
a positive bias that of�ine RL algorithms can succeed without true reward. This is remarkable as
when learning with random and negative rewards, unsuccessful trajectories are long and generally
have signi�cantly higher return, as reward for each step is non-negative. The of�ine RL algorithms
need to be suf�ciently pessimistic and be able to plan over a long horizon to propagate pessimism
to the unsuccessful data trajectories. For IQL, there is a gentle performance decrease as the reward
becomes more different than the true reward, even though policies learned with wrong rewards are
not much worse than BC in many cases. CQL shows robustness to reward in a few tasks such as
button-press, drawer-close and door-unlock. Interestingly, DT performs almost uniformly across all
rewards, potentially because DT does not explicitly maximize returns.
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Figure 6: Success rate for goal-oriented tasks from Meta-World [11]. The average success rate and
con�dence interval are computed across10 random seeds. For each seed, we evaluate �nal policies
for 50episodes, each with a new goal unseen in the dataset.

Remark on BC performance It is noticeable that BC policies in general achieve high performance,
in many tasks often out-performing of�ine RL policies learned with true reward. This effect has
also been observed in existing work on similar tasks [50]. We would like to clarify that the goal of
our experiments is to study the behavior of of�ine RL algorithms when trained with wrong rewards,
rather than showing that of�ine RL performs better than BC. We refer interested readers to existing
studies [50, 51] on when using of�ine RL algorithms is or is not preferable over BC.

4.2 Inherent Safety Properties of Of�ine RL Algorithms

We show of�ine RL algorithms (without any modi�cations) can behave as a safe RL algorithm. We
conduct experiments on of�ine SafetyGymnasium [49] using ATAC [2] and PSPI [7]. We �rst remove
all transitions with non-zero cost and then run of�ine RL algorithms on the �ltered datasets.

The results are summarized in Table 6 in Appendix C.6. We observe thatof�ine RL with this naïve
data �ltering strategy (using less data) can achieve comparable performance as the per-task best
performing state-of-the-art of�ine safe RL algorithm, which uses the full dataset and has knowledge
of the cost target. Our agents in general incur low cost except for the circle tasks. We hypothesize that
learning a safe policy from the circle datasets is hard, as other baselines also struggle to produce safe
policies. Note that these are preliminary results, and better performance might be achievable through
using a more sophisticated data �ltering strategy. Please see Appendix C.6 for experiment details.

5 Concluding Remarks

We present unexpected results on the robustness of of�ine RL to reward mis-speci�cation. We show
that this property originates from the interaction between thesurvival instinctof of�ine RL and
hidden positive biases in common data collection processes. Our �ndings suggest extra considerations
should be taken when interpreting of�ine RL results and designing future benchmarks. In addition,
our �ndings open a new space for of�ine RL research: the possibility of designing algorithms that
proactively leverage the survival instinct to learn policies for domains where rewards are nontrivial to
specify or unavailable. Please see Appendix A for a discussion on limitations and broader impacts.
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A Limitations and Broader Impacts

Limitations We would like to point out that our results do not suggest that of�ine RL can always
learn with wrong rewards (since the data may not have the needed positive bais). This is shown in
our experimental results. In addition, our theoretical analysis makes certain simpli�cations (e.g.,
ignoring the optimization dif�culty of �nding a survival policy), which may not hold in practice. We
experimented with a limited number of of�ine RL algorithms and benchmarks. It would be interesting
to see if similar experimental results can be obtained by, e.g., model-based of�ine RL algorithms
and on other types of dataset such as the ones which use image observations. Future work may also
explore approaches to quantifying positive data bias without having to run of�ine RL algorithms.

Broader Impacts Our discovery might shed light on a potential positive impact of of�ine RL. By
survival instinct, of�ine RL may be able to train sequential-decision policies that have good behaviors
without needing to collect negative data. This is different from the common belief that RL can learn
to behave well only if it has seen both positive (success) and negative (failure) data. This ability to
learn from one-sided data is important especially for applications where collecting negative data is
unethical, e.g., learning not to produce hateful speech by �rst collecting hateful speech, learning not
to harm patients in medical applications by �rst harming some, etc.

On the �ip side, also by survival instinct, of�ine RL can be prone to existing societal (e.g., gender,
racial) biases in data, and, moreover, such a bias cannot be easily corrected by relabeling data with a
different reward. As a result, when using an of�ine RL algorithm, more strategic thinking on data
collection might be needed. We encourage researchers and practitioners to collect datasets using
methodology such as those proposed in [52] and provide details such as how data was collected and
cleaned so that users can assess whether it is appropriate to train of�ine RL with these datasets.
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B Related Work

Of�ine RL Of�ine RL studies the problem of return maximization given an of�ine dataset. Of�ine
RL algorithms can be broadly classi�ed into model-based approaches, e.g., [32, 33, 14, 35, 34], and
model-free approaches, e.g., [12, 29, 7, 2, 9, 8]. Since the agent needs to learn without online data
collection, of�ine RL becomes more challenging when the of�ine dataset does not provide good
coverage over the state-action distribution of all feasible policies. There have been two common
strategies to handle insuf�cient coverage, behavior regularization approaches, e.g., [29, 30, 8], which
restricts the learned policy to be close to the behavior policy, and value regularization approaches,
e.g., [12, 13, 7, 2, 9, 34] which provide a pessimistic value estimates for the learned policy. Both
approaches can be viewed as optimizing for a performance lower bound of the agent's return.

Of�ine RL commonly assumes compatibility between of�ine dataset and MDP, i.e., the of�ine dataset
should be generated from the task MDP of interest. Our work is distinctive in the of�ine RL literature
as we study the behavior of existing of�ine RL algorithms when data rewarddiffersfrom the true
MDP reward. Existing tools for analyzing of�ine RL are not directly applicable to our setting: policies
with good performance under data reward, as guaranteed by such tools, do not necessarily attain high
return under the true reward. Our novel analysis is made possible by studying the properties of of�ine
data distribution, an aspect mostly neglected by existing work in the literature.

Of�ine RL with imperfect reward In the of�ine RL literature, there is a line of work studying
scenarios where the reward is missing in a subset of the dataset [53–56] or when the data reward is
misspeci�ed [57]. These approaches propose to construct a new reward function and apply of�ine RL
algorithms on the relabeled dataset. For example, [53, 56] label the missing reward with a constant
minimum reward. [55, 54] learn a pessimistic reward function. [57] optimize for a reward function
which minimizes the reward difference among expert data.

Different from this line of work, we are interested in running of�ine RL algorithms using the
misspeci�ed rewardas it is. We show both theoretically and empirically that of�ine RL algorithms
can produce well-performing policies with rewards different from the true reward as long as the
underlying data distribution satis�es certain conditions. It can be an interesting future work to
combine these techniques with our analysis to explore the robustness of of�ine RL algorithms under
the class of learned reward functions.

After paper submission, we learned that [25] observed a similar robustness phenomena of of�ine RL.
However, the authors did not provide a complete explanation. They found that of�ine RL algorithms
such as AWR [58] empirically can learn well with random or zero rewards on D4RL locomotion
datasets. For the expert datasets, they conjectured that this robustness may be due to the fact that
of�ine RL algorithms behave like imitation learning on expert data, but they did not provide details of
why of�ine RL algorithms have this robustness behavior on other datasets. Here we provide a formal
theoretical proof to show that this robustness is due to the interaction between the survival instinct
of of�ine RL and an implicit positive data bias. Our results support [25]'s conjecture on the expert
dataset; we show that expert datasets generated by an optimal policy can theoretically be proved to be
in�nitely positively biased, and we also empirically estimate the positive bias on the D4RL datasets
in Fig. 5, which agrees with the theoretical prediction. Our results further provide conditions for
positive data bias beyond the expert data scenario, such as the length bias in Section 3. These new
insights show why of�ine RL algorithms can learn good policies with wrong rewards, on datasets
collected by non-expert suboptimal policies. Finally, we present strong empirical evidence to show
this robustness phenomenon happens in a large number of existing benchmarks with multiple of�ine
RL algorithms.

Of�ine IL Of�ine imitation learning (IL) can be considered as a special case of of�ine RL when
reward is missing from the entire dataset, or when the agent has the largest uncertainty about the
reward [2]. In of�ine IL, the learner is instead given the information on whether a transition is
generated by an expert. The goal of of�ine IL is to produce a policy that has comparable performance
with the expert. [59] learns a discriminator reward to classify expert and non-expert data, and apply
of�ine RL algorithms with the learned reward. [60] uses the discriminator as the weight for weighted
behavior cloning. [61, 16, 62] proposes DICE [63]-style algorithms to minimize the divergence
between the state-action or state-(next state) occupancy measure of the learner and the expert. [15, 64]
minimize state-action or state-(next state) distribution divergence under a pessimistic model. [65]
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extends maximum entropy inverse RL [66] to an of�ine setting. [67] proposes to run of�ine RL under
an indicator reward function on whether the data is expert data. [55] learns a pessimistic reward
function where the expert data labeled as the maximum reward.

Our experiments with zero reward function is similar to an of�ine IL setting with the behavior
policy being the expert. However, we show that of�ine RL algorithms can sometimes achieve
signi�cant performance gain over behavior and behavior cloning policies, which is a phenomenon
that cannot be explained by existing analysis in of�ine IL. We provide an explanation to this puzzle:
in Appendix D.4, we show that the data distribution is1 -positively biased (according our de�nition)
for of�ine RL, when the data is generated by the optimal policy of the true MDP. This means that
an admissible of�ine RL algorithm can achieve near-optimal performance withanyreward function
from its corresponding admissible reward class in this case. We empirically show that in Section 4.

Robust of�ine RL Robust of�ine RL [17, 68, 18, 21, 69, 19, 20, 70] aims to develop new of�ine
RL algorithms for cases when the compatibility assumption does not hold, i.e., the of�ine dataset
may not be generated from the task MDP. Among this line of work, [21, 19, 20, 70] study the
robust MDP setting, where the dataset can be generated from any MDP within a� -ball of a nominal
MDP. An adversary can choose any MDP from the� -ball when evaluating the learned policy. [17]
considers when the adversary can modify� fraction of transition tuples in the of�ine dataset, while
[18] considers when up toK trajectories can be added in or removed from the original dataset. [68]
uses the formulation of Byzantine-robust: when multiple of�ine datasets are presented to the learner,
among them an� fraction are corrupted. [69] assumes the dataset is generated from the true MDP,
but the state presented to the policy during test time can be a corrupted up to� distance.

Our work is fundamentally different from this line of work in that we study theinherentand somewhat
unintendedrobustness of of�ine RL algorithms. We show that, despite originally designed under
the compatibility assumption, of�ine RL algorithms show strong robustness against perturbation of
reward. Another salient difference is that robust of�ine RL typically requires an upper bound on the
size of perturbation to the true or nominal MDP, and most of proposed algorithms assume knowledge
of this upper bound. However, our work does not make assumptions on the size of perturbation and,
moreover, the algorithms we study are not even aware of the existence of such perturbation. Indeed,
we empirically show that of�ine RL algorithms, without any modi�cations, can succeed even when
data reward is a constant or the negation of the true reward. Additionally, in this work, we consider
the reward perturbation while most work in robust of�ine RL focuses more on dynamics perturbation.

Constrained and safe of�ine RL Our work is related to the literature of constrained and safe
of�ine RL [ 22, 23, 71, 24, 72]. In constrained of�ine RL, the agent solves for a CMDP given an
of�ine datasetf (s; a; r; c; s0)g. The goal of constrained of�ine RL is to produce a policy which
maximizes the expected return while ensuring that constraint violation is below a given upper bound.
[22] uses an of�ine policy evaluation oracle to solve for the Lagrangian relaxation of the CMDP. [23]
constructs a pessimistic estimation of value and constraint violation. [24, 72] proposes DICE [63]-
style algorithms to solve for the optimal state-action occupancy measure. [71] proposes a variant
of decision transformer [10] capable of producing policies for different constraint violation upper
bounds during test time.

Our work, instead, considers a different scenario where the constraint is only givenimplicitly —
through the support of the of�ine dataset. We assume that any transition in the dataset satis�es the
constraint, which can be achieved through intervention during data collection. We show that of�ine
RL can inherently produce approximately safe policies due to its survival instinct. Although our
assumption seems more restrictive as in that we require a constraint violation-free dataset, we argue
that our assumption is more practical in many safety critical scenarios: compared to executing unsafe
actions, it is perhaps more reasonable to intervene before constraint violation happens. We believe
that our �ndings open up new possibilities for applying of�ine RL as a safe RL oracle, which can be
especially promising in an of�ine-online RL setup [73, 74].

C Experiment Details

In the experiments, we train a total of around16k of�ine RL agents (see Appendix C.8 for details). In
this appendix, we provide details of experiment setup, implementation of algorithms, hyperparameter
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