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Summary

Offline reinforcement learning (RL) seeks to improve a policy using only a fixed dataset of
past interactions, without further environment exploration. To avoid overly optimistic decisions
on uncertain or out-of-distribution actions, the learned policy should be supported by the
data. Existing methods typically enforce this via heuristic modifications to objectives or value
functions that encourage more conservative action selection. In contrast, we propose a principled
alternative by introducing a conservative value prior, thereby modelling the belief that policies
are expected to perform poorly unless the behavioural data provides evidence to the contrary.
This yields a posterior that assigns high value only to supported actions, guiding the agent
toward policies grounded in the data. Our approach thereby unifies Bayesian decision-making,
uncertainty quantification and value regularisation while effectively mitigating distributional
shift in offline RL. We develop this framework in a model-free setting with theoretical analysis
on deterministic environments. We then present an exact inference algorithm for small-scale
problems and finally extend it to a scalable deep learning variant compatible with standard
off-policy algorithms. Our method achieves strong performance on benchmark locomotion
tasks, outperforming comparable model-free baselines.

Contribution(s)

1. We formalises the conservative value prior (CVP) framework for offline reinforcement
learning and establish theoretical guarantees on its behaviour in deterministic settings.
Compared to mainline offline RL literature, this works takes an inference-based perspective
to the conservatism necessary for offline RL, with the required conservatism dropping out
naturally from expected posterior value maximisation.

Context: Builds on and extends a previous proof-of-concept formulation (Valdettaro &
Faisal, 2024).

2. We provide an exact-inference implementation of CVPs with Bayesian uncertainty quantifi-
cation suitable for small datasets with Gaussian processes. For simple, interpretable tasks
we observe qualitatively that the learned posterior value estimates and uncertainties behave
consistently and incorporate the necessary conservatism as required.

Context: Previous uncertainty-based offline RL methods typically use the uncertainty for
action-selection, whereas in our framework decision-making is based on the posterior mean
and does not rely explicitly on uncertainty.

3. We develop a scalable deep offline RL implementation of CVPs that reduces to adding
a simple, easy-to-compute term to the critic loss of standard off-policy algorithms. We
instantiate this with a Soft Actor-Critic (SAC)-based variant, CVP-SAC, and demonstrate
strong performance on standard locomotion benchmarks compared to similar methods.
Context: To isolate the effect of our Bayesian-derived value regularisation, in the main text
we compare against methods that use a standard off-policy backbone with slight modifications
to the losses, without ensembles or generative models for the data-generating process. In
the appendix, we also compare against higher-performing algorithms that include additional
engineering components and observe competitive performance. We do not compare to
algorithms with substantially greater computational overhead, such as those relying on
ensembles.
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Abstract

Offline reinforcement learning (RL) seeks to improve a policy using only a fixed dataset
of past interactions, without further environment exploration. To avoid overly optimistic
decisions on uncertain or out-of-distribution actions, the learned policy should be sup-
ported by the data. Existing methods typically enforce this via heuristic modifications
to objectives or value functions that encourage more conservative action selection. In
contrast, we propose a principled alternative by introducing a conservative value prior,
thereby modelling the belief that policies are expected to perform poorly unless the
behavioural data provides evidence to the contrary. This yields a posterior that assigns
high value only to supported actions, guiding the agent toward policies grounded in the
data. Our approach thereby unifies Bayesian decision-making, uncertainty quantification
and value regularisation while effectively mitigating distributional shift in offline RL. We
develop this framework in a model-free setting with theoretical analysis on deterministic
environments. We then present an exact inference algorithm for small-scale problems and
finally extend it to a scalable deep learning variant compatible with standard off-policy
algorithms. Our method achieves strong performance on benchmark locomotion tasks,
outperforming comparable model-free baselines.

1 Introduction

Offline reinforcement learning (RL) can harness datasets of suboptimal demonstrations to learn
effective policies without direct interaction or additional exploration on an environment. This extends
the potential for the application of RL in domains where simulation is not realistically possible, where
a large amount of operational data have already been collected and where direct suboptimal interaction
with the underlying environment can be dangerous or costly, such as healthcare (Gottesman et al.,
2019; Komorowski et al., 2018), robotics (Sinha et al., 2022; Kalashnikov et al., 2018; Dasari et al.,
2020; Kendall et al., 2019) or recommender systems (Huang et al., 2022; Xiao & Wang, 2021).
However, a lack of interaction with the environment comes with additional challenges. In particular,
traditional off-policy actor-critic algorithms can perform very poorly when naively applied to an
offline dataset: without appropriate regularisation, uncontrolled extrapolation can cause the critic to
assign high values to actions that it has never encountered in the dataset, leading to the actor selecting
policies that are entirely unsupported by the data.

A flexible strategy to mitigate this issue is to train a critic that learns a conservative or pessimistic
value function by modifying the value function estimate: one approach is to incorporate a penalty on
state-action pairs with high uncertainty into the value estimate, often measured by the disagreement
among an ensemble of critics (Ghasemipour et al., 2022; An et al., 2021). While ensemble methods
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can be effective, they tend to be computationally intensive, and the extent of the uncertainty penalty
may need to be determined in an ad hoc manner (Buckman et al., 2020). Other approaches have
brought about methods that bypass explicit uncertainty quantification by training the critic to estimate
a lower bound on the value function based solely on the observed data, aiming to provide robustness
against worst-case outcomes (Kumar et al., 2020; Cheng et al., 2022). However, such worst-case
formulations may be excessively pessimistic, potentially hindering overall performance (Xu &
Mannor, 2006).

Here, we explore an alternative approach to learning a conservative value function estimation for
offline RL rooted in Bayesian inference. We build on the proof-of-concept work in Valdettaro &
Faisal (2024), extend it to continuous control, and provide a scalable deep learning variant of the
method. Our approach is inspired by Bayesian decision theory: the actor is trained to optimise a
posterior expectation of utility (value), which is a provably optimal and principled decision criterion
(Robert et al., 2007), and is in general preferable to worst-case robustness as the latter can significantly
harm average performance (Xu & Mannor, 2006). Choosing a prior belief over value functions that is
conservative will naturally induce conservatism in the posterior value function estimate of actions
outside the dataset’s support. This can be interpreted as a less extreme form regularisation than in
algorithms that learn worst-case lower bounds of value functions. Thus, we train a critic with a
conservative value prior (CVP), so that after inference only those state-actions that are supported by
the data will be assigned high values. We achieve this in an off-policy model-free way in deterministic
environments by structuring inference so that it respects the temporal-difference (TD) structure of a
Markovian environment to get consistent value functions after conditioning on the observed data. As
a natural by-product of our inference scheme, we obtain posterior epistemic uncertainty estimates,
although we keep these decoupled from decision-making.

Our main contributions are threefold and summarised as follows: 1. We formalise the CVP for-
mulation with theoretical analysis for in deterministic environments (Section 4). 2. We provide a
way to implement the framework with exact inference and continuous control and showcase the
qualitative results and uncertainty visualisations on a a classical control environment in the low-data
regime (Section 5). 3. We then propose a scalable, deep learning-based variant of CVP for offline
RL, achieved by adding an easily-computable term to the critic’s loss, which constitutes a simple
modification applicable to any off-policy algorithm and evaluate our method on the D4RL (Fu et al.,
2020) robotics locomotion tasks, on which we find it performs better than previous comparable
methods and recovers similar performance to more algorithmically complex methods (Section 6.2).

2 Related Work

In the following, we introduce and motivate the elements of conservative value estimation, existing
approaches, and model-free inference in RL. Additionally, we cover function-space inference, which
enables Bayesian reasoning over function outputs rather than parameters, which is necessary to
introduce a conservative prior over value.

Conservative value estimation. A core challenge in offline RL is avoiding distributional shift
between the learned and behaviour policies. One approach adds constraints to keep the actor close to
the behaviour policy, either explicitly (Fujimoto & Gu, 2021) or implicitly (Nair et al., 2020), but
this is sensitive to suboptimal data. Instead, faithful generative models of the behaviour policy can
constrain actions to merely by in the dataset’s support (Fujimoto et al., 2019; Zhou et al., 2021),
though they rely on accurately modelling the behaviour policy, which is itself challenging. Unlike
behaviour regularisation, conservative value estimation methods are less sensitive to poor-quality
data. Uncertainty-based approaches (An et al., 2021; Ghasemipour et al., 2022; Yang et al., 2024) use
pessimistic targets from ensembles to prevent value overestimation in uncertain regions. However,
ensembles are computationally expensive and lack strong theoretical guarantees despite empirical
success (Lakshminarayanan et al., 2017; D' Angelo & Fortuin, 2021). Beyond uncertainty-based
methods, critic regularisation can also use action discrepancy penalties (Wu et al., 2019; Tarasov
et al., 2024; Kostrikov et al., 2021), or directly learn conservative value lower bounds robust to
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worst-case scenarios (Kumar et al., 2020; Lyu et al., 2022; Cheng et al., 2022). Our work builds on
Valdettaro & Faisal (2024), where conservatism arises from Bayesian inference with a conservative
value prior, ensuring high values are assigned only to supported regions, thus naturally avoiding
out-of-distribution (OOD) actions without explicit robustness.

Bayesian inference in RL. Bayesian methods offer an approach to the exploration-exploitation
challenge of online RL, either through uncertainty-guided heuristics (O’Donoghue et al., 2018;
Agrawal & Goyal, 2017) or formalised as an adaptive expected value maximisation in belief-space
MDPs (Duff, 2002; Poupart et al., 2006; Zhang et al., 2025). Recent work (Ghosh et al., 2022) revisits
this adaptive formulation, investigating how offline datasets can inform non-Markovian policies
that adapt to newly observed online data. Bayesian approaches have also been proposed for the
offline-to-online setting, where uncertainty is used to balance online exploration in the presence of
an existing offline dataset (Hu et al., 2024) These approaches apply Bayesian reasoning primarily
to tackle the challenge of acquiring and incorporating new information during online interaction.
In contrast, we consider the fully offline setting, where a Markovian, non-adaptive policy must
be learned from a fixed dataset without further interaction. Existing uncertainty-based offline RL
methods focus primarily on uncertainty estimation and conservative value learning, while a principled
formulation of fully offline RL as posterior expected value maximisation remains an open challenge.
Our work takes a step towards such a formulation for offline, model-free RL that retains the key
Bayesian principle of posterior expected value optimisation.

A central challenge in off-policy model-free Bayesian inference setting is that value targets are not
observed directly. Unlike supervised learning, or even on-policy Bayesian RL (e.g., GP-SARSA
(Engel et al., 2005)), the agent must infer values by leveraging the Markov structure and combine
together information across multiple transitions. While ensemble-based methods (Lakshminarayanan
et al., 2017; Ovadia et al., 2019; Osband et al., 2018) have been used to approximate epistemic
uncertainty in RL, their theoretical grounding and uncertainty quantification capabilities specifically
in the context of TD learning remains unsettled (Buckman et al., 2020; Osband et al., 2018; Touati
et al., 2020). In contrast, we adopt a fully probabilistic approach, placing a prior over value functions
and performing inference consistent with the Bellman equation and the data.

Inference in function space Our method relies on placing a prior directly on the value function.
Thus, we need to carry out Bayesian inference in function space rather than parameter space, which
comes with an additional set of complexities. While some nonparametric approaches, such as Gaus-
sian processes (GPs), naturally carry out inference in function space, these require approximations to
be scalable to large datasets (Hensman et al., 2013; Titsias, 2009) and classically rely on hand-crafted
kernels which is undesirable for complex tasks or environments. The field of functional variational
inference (Burt et al., 2020; Ma & Herndndez-Lobato, 2021) seeks to approximate inference in
value-function space while still employing expressive parametric models. The deep learning variant
of our approach is closest to the framework for functional variational inference proposed in Hafner
et al. (2020), where the prior knowledge is injected into training by sampling pseudo-data points
from a prior distribution.

3 Problem Setting and Probabilistic Model

Setting and notation. We work with the discounted Markov Decision Process (MDP) formalism
(Sutton et al., 1998) with states s € S, actions a € A, discount factor v € [0,1), rewards r € R
sampled from an unknown reward function with mean R(s,a) and next states s’ € S sampled
from an unknown transition kernel P(s’|s,a). We refer to environments with finite state-action
spaces as tabular. For tractability, we assume deterministic transitions in the analysis. The objective
is to use a fixed dataset of transitions (s;, a;,r;, s;) € D to learn a policy m(a|s) mapping states
to distributions over actions (with shorthand a = 7(s) for deterministic policies) that maximises
expected cumulative discounted returns E( ;2 v'r;) where r; is the reward sampled at step ¢, with
Stq1 ~ P(:|st,at), arp1 ~ w(st), So ~ no(s) with 779 being some unknown initial state distribution.
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We refer to the (discounted) state distribution under 7 as 7™ (s) = (1 — ) >~ 7' Pr(s; = s | 7).
For a given policy m we have the value function V™ (s) = E(3_, v'r¢|so = s) and action-values
Q7 (s,a) = R(s,a) + YEgp(s,a)(V7(s")). We denote with Q" (s,a) the random variables
associated with the belief in Q™ (s, a) and refer to the random variables Q™ (s, a) across state-actions
collectively as Q. under a prior over value functions. Expectations and variances involving Q™ are
therefore taken with respect to the probability measure induced by this prior, or by the corresponding
posterior after conditioning on the dataset D through the probabilistic model introduced below.
Finally, it will sometimes be convenient to refer to state-actions jointly, for which we will use the
letter = (s, a) belonging to the set X = S x A.

Probabilistic model. A key conceptual challenge in Bayesian model-free off-policy evaluation
is that values are not observed directly. They must instead be inferred from information obtained
in individual transitions and the knowledge that the environment is Markovian. By including the
Bellman equation directly into the inference process, we ensure that posterior samples of the value
function respect the environment’s Markov structure and consistently combine information about
value across multiple transitions. For a deterministic policy 7 and a deterministic environment, the
action-values at any s, a satisfy the Bellman equation

Q" (s,a) = R(Sv a) + ’VQW(Slv 7T(S/))7

where s’ is the state deterministically reached from state s after taking action a. We place a
probabilistic model directly on the (unknown) action-value function. Let Q(s,a) be a generic
realisation of Q™(s,a). Then, our model assumes that the observed rewards r; and the latent
action-values ) corresponding to the transitions in the dataset (s;, a;, r;, s;) € D are related through

ri = Q(si,a;) — 1iQ(s}, w(s})) + i, (D

where v; = + if s} is not terminal and 0 otherwise, and ¢; a small zero-mean independent Gaussian
noise term with variance 2.

Supported policies. Our analysis takes a complementary view to mainline offline RL theory.
Theoretical guarantees in standard offline RL often require the learned policy to remain within the
distribution of the dataset (Kostrikov et al., 2022; Fujimoto et al., 2019; Kumar et al., 2019). In
contrast, we call a policy supported if the dataset contains sufficient information to infer its value.
Being in-distribution and being supported (in our sense) can coincide for certain datasets, such as
those from deterministic environments with complete trajectories, but they are not equivalent in
general. For example, if the dataset was collected for a different task, demonstrations may terminate
early; then a policy can be in-distribution while its long-term outcome remains undetermined by the
data, and conservatism is still required. An inference-based perspective also lets us treat some OOD
states as allowable. If we can bound the cost of visiting OOD states, then actions leading to them
may be desirable when we are confident that sufficiently high reward will be obtained before leaving
the well-understood region. Thus, rather than enforcing an in- or out-of-distribution distinction, an
inference-based approach enables direct reasoning about this tradeoff and provides a more versatile
way to represent the form of conservatism we seek in offline RL.

In the deterministic setting with finite state-action space considered in our theoretical analysis, it can
be shown that the dataset D and a deterministic policy 7 induce a natural partition of state-action
pairs into those whose values are identified by the data and those that are not. We denote by X,
the set of supported state-actions, for which the value Q7 (s, a) can be recovered exactly from D
under the deterministic dynamics, and by X,,,sup, the remaining, unsupported, state-actions. These
sets are policy dependent and are subsets of S x A. A precise discussion and characterisation of this
partition, in terms of the transition structure induced by 7 and D, is provided in Appendix B. For a
policy 7 to be supported we require it to choose supported actions at every state where those exist.

Establishing guarantees in a tractable setting. Before presenting the theoretical results, we
note that the proposed evaluation scheme is formulated generally and applies to both tabular and
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continuous environments. The tabular setting studied in Section 4 can be recovered as a special case
of the continuous formulation in Section 5, obtained by using a kernel that assigns zero covariance
between distinct state-actions. We focus our theoretical analysis on the tabular case because it
allows for a tractable characterisation of supported and unsupported state-actions in deterministic
environments. This enables us to analytically establish the desired properties of the evaluation scheme.
While these guarantees do not directly apply to continuous state spaces, the continuous formulation
preserves the same evaluation scheme and probabilistic interpretation analysed in the tabular analysis,
providing the motivation for applying it in more complex environments.

4 Conservative Value Priors

In this section, we define and give motivation for why conservative value priors (CVPs) as a nat-
ural ingredient in a Bayesian treatment of offline RL. Our theoretical results rely on deterministic
environment assumptions and concern tabular environments with a finite state-action space, which
is in line with some other model-free offline RL theory (Fujimoto et al., 2019). We remark that
compared to other theoretical contributions in the literature, we do not require our dataset to contain
full trajectories terminating at terminal states, i.e. it is not required to be coherent as defined in
Fujimoto et al. (2019).

Theoretical results. In the results that follows, we assume deterministic policies, a finite-state
tabular environment with deterministic transitions and rewards, and employ Gaussian priors on the
Q™ (s, a) random variables, with constant mean and standard deviation that are independent across
state-actions. Having introduced X, and X ,sup as the sets containing supported and unsupported
state-actions respectively in the previous section, we let Q™ (s,a) = E(Q"(s,a)|D) denote the
posterior mean and present Theorem 1.

Theorem 1. For any dataset D and policy 7, there exists i, 0(2) such that if Q™ has prior mean
E(Q7(s,a)) = pg < po and prior variance Var(Q7 (s, a)) = Jé >okatalls € S,a € A, then
forany x,, € Xynsup and x5 € Xgyp, we have o (xq) < Q’T(ws).

Theorem 1, proved in Appendix B separately for v = 0 and v € (0, 1), establishes that choosing a
suitable conservative prior assigns higher values to supported state-actions than unsupported ones.

From the proof of Theorem 1, we also obtain the following result that bounds the distance between
the posterior expected value to the ground-truth action-values Q™ (s, a):

Corollary 2. For any dataset D, policy m and € > 0, there exists a o2 such that if Q™ has prior
variance Var(Q™ (s,a)) > o atall s € S,a € A, then for all 4 € Xqup, |Q™ (24) — Q”(ms)’ <e

This result shows that, for state-actions supported by the dataset, one can choose a prior such that the
posterior expected value is arbitrarily close to the ground truth.

Greedy improvement on supported state-actions. We can summarise the consequences of Theo-
rem | and Corollary 2 to claim that for any deterministic policy 7 and any € > 0, there exist a prior
mean /i, and variance o, such that the posterior mean Q™ = E(Q™|D) satisfies:

(i) Forall (s,a) € Xsup, Q”(s, a) — Q™ (s, a)‘ <e.
(i) Forall z, € Xyup and all 2, € Xynsup, Q7 (2) < Q™ ().

Consequently, any greedy policy «’ with respect to Q™, 7/(s) € argmax, Q" (s, a), selects only
supported state-actions whenever X, contains at least one action at s. Moreover, if at a state s the
optimal supported state-action a* € arg maXe;(s,a)e X, @ (s,a) has an action gap larger than 2¢,
ie. Q7(s,a*) > Q™ (s,a) + 2¢ for all a # a* with (s,a) € Xgp, then 7'(s) = a*, i.e. the greedy
action under Q“ coincides with the greedy action under the true Q™ at s.
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While the general form to find such a 1 from Theorem 1 is not tractable for larger scale problems,
we can determine a necessary condition on fi¢ for greedy posterior selection to choose supported
actions by considering the v = 0 case. At the end of Appendix B we show that satisfying the
following definition is a necessary for such a prior.

Definition 1. A prior is defined as conservative with respect to a policy w if its prior mean satisfies
ug(s,a) < Q7(s,a) foralla € A, s € supp(n™).

We distinguish between locally conservative (conserva-

tive with respect to a given policy) and globally conser- conservative not conservative
vative (conservative with respect to all policies) priors. ot

For greedy posterior value action selection to remain in prior | , I

the support of the data, the prior must remain conserva- Q Q

tive for any 7 considered during training. We summary
intuition for this in Figure 1. However, as noted when 5,43 € Xsup
discussing supported policies in Section 3, if the prior

adequately and conservatively reflects the belief of the — 1 0 )
outcome of a policy in OOD regions, we would still  s,q, € Xunsu,,} l I |
expect successful offline RL performance. allchosen 0 2 chos o )

Choosing a suitable prior. Keeping this in mind, we Figure 1: Effect of conservative (left) vs
propose two approaches for choosing a CVP in practice. non-conservative (right) priors on action se-
lection at a fixed state s with two candidate
actions, a; and as. Action a; is supported
by the dataset, whereas as is unsupported.
The dashed orange line denotes the value
of observed data. For the supported action,
the posterior mean (green) is close to the
observed value. For the unsupported action,
the posterior mean (purple) remains close
to the prior mean. Consequently, if the prior
is not conservative (Definition 1), maximis-
ing the posterior expected value selects the
unsupported action as.

1. Reward preprocessing (RP). Consider translating
all rewards in the dataset by a constant 7 — 7 — 7yin,
with rni, being the smallest observed reward in the
dataset. We show in Appendix C that, under some
assumptions regarding the representativeness of the
dataset, any prior with ug < 0 is then globally
conservative by Definition 1 with the transformed
rewards. For practical experiments, since /1 can be
arbitrarily close to 0 with the same guarantee, we
carry out RP and then set 1 = 0.

2. Task-specific prior design. The Bayesian formu-
lation allows us to inject task-specific prior knowl-
edge when choosing the prior mean. Although this
requires some domain insight, many tasks admit a
natural baseline value (for example, the return of a
“do-nothing” or default controller) that can be used as an initial choice for ;1. Even if such a
baseline is not strictly conservative in the theoretical sense, we still expect good practical per-
formance provided it adequately reflects the expected performance of a policy in regions where
no informative data are available. This baseline thus provides a reasonable starting point around
which /1 can be further tuned as a hyperparameter. See, for example, the robotics experiments in
Section 6.2.

While RP provides a general recipe for finding a suitable prior mean, the drawback is that an
excessively pessimistic prior may introduce excessive regularisation and harm performance, so the
choice of approach should be considered on a task-by-task basis.

5 CVP via Gaussian Processes

We present here an algorithm that implements the CVP idea with GPs with exact inference, suitable
for simple environments and small datasets. To tackle continuous states, we generalise to settings
in which a kernel induces arbitrary prior dependencies across state-action pairs. The tabular setting
with independent priors from the previous section is recovered as a special case corresponding to the
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delta kernel. Through a qualitative evaluation of its decision-making and uncertainty quantification
capabilities in the mountain car classic control task, we demonstrate the soundness of the CVP
approach in its most direct form.

5.1 Off-policy Evaluation with GPs

The derivation we present here builds on the work in Valdettaro & Faisal (2024), which itself provides
an off-policy generalisation of the line of work in Engel et al. (2005), to achieve TD off-policy
inference in value-function space for continuous state and action spaces. Our objective is to find a
policy that maximises the off-policy objective (Degris et al., 2012)

I = [ V=) ds ~ o > Q7 m()), @

seD

where the state distribution under the dataset policy p is approximated by the dataset’s empirical state
distribution. Since Q™ is an unknown quantity, J is also unknown, and Bayesian decision theory
(Robert et al., 2007) dictates that we maximise its expected posterior value, so the task is now to find
an expression for E(Q™|D), which we can then use to find a 7 that optimises Eq. (2).

We consider a (conservative) Gaussian prior on Q™ with constant prior mean pg and covariance
kernel that factorises across state and action spaces kg ((s1,a1), (s2,a2)) = ks(s1, s2)kq(a1, az).
We proceed from the setup established in Section 4 and in particular from Eq. (1). Since each r; is
itself a linear combination of Gaussian random variables, we can establish its prior mean and the
covariance between any two distinct observed rewards:

E(ri) = (1 = vi)uq

cov(ri, ) = k(xi, ;) — vik(xi, o) — vk (), 25) + yiyk (@, o)),
where we used the shorthand notation x, = (sg, ax) and z}, = (s}, 7(s},)). We can also compute the
prior covariance between the observed rewards and the action-value of any arbitrary state-action:

cov(Q7 (s,a), 1) = k((s,a),z;) — vik((s,a),x}).

We can now find the posterior value distribution for any state-action s, a by using the Gaussian
conditioning formulas for posterior mean pg|p and covariance 3g|p (Rasmussen et al., 2006):

pgp =m, + KHp(Kg +o2I) 7 (r — m,) (3)
Soip =Kq —KHr(Kr + 021) 'Kgr,

where we can populate m,, Kr, Kgr and K¢ with the entries E(r;), cov(r;, 7;), cov(Q7 (s, a), ;)
and k((s, a), (s, a)) respectively. Notice that the action-value posterior’s dependence on policy is
differentiable and present through the terms containing 2’ = (s’, w(s')).

This allows us to compute posterior mean (and variance) for Q™ at any (s, a), giving a differentiable
expression for the posterior expectation of Eq. (2) in terms of 7, which can then be optimised through
gradient ascent. This is summarised in Alg. 1. In principle, the posterior variance could also be used
for action selection, but keeping in line with Bayesian decision theory we only consider posterior
mean as the objective to maximise.

5.2 Continuous Control with Small Datasets

We qualitatively evaluate the exact inference CVP approach on the classic mountain car control
problem (Moore, 1990), demonstrating its ability to learn good offline policies and meaningful
uncertainty estimates. This environment is chosen for its two-dimensional state space, which allows
intuitive visualisation of posterior value and uncertainty. The task is set in a low-dimensional state-
action space and small-data regime. A brief description of the environment is provided in Appendix D.
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Algorithm 1 CVP for offline RL with GPs

Require: Dataset D, conservative Gaussian prior on Q™, parametric actor my : S — A, learning

rate n

while not converged do
Q « E(Q™|D) > Evaluate E(Q™|D), Eq. (3)
J(0) + ﬁ Y oeeD Q(s,mo(s)) > Posterior mean of objective in Eq. (2)
0 0+nVeJ@) > Change 7 in direction of increasing J.

end while

Velocity

-125 100 075 050 025 000 025 050
,,,,,,,,,

(a) CVP test-time trajec-(b) Naive TD3 test-time
tories trajectories (c) Value (d) Standard deviation

Figure 2: Mountain car state-space visualisation. The black arrows in Figs. 2a and 2b show the
transitions in state-space after following the learned policies for one timestep and we also include 15
trajectories that arise from uniformly spaced starting states (red continuous lines). Figs. 2c and 2d
display learned posterior values and uncertainty (standard deviation) of the trained CVP agent with
exact inference. The red dots indicate the states observed in the dataset. In all figures, crossing the
vertical red dotted line corresponds to reaching the goal.

We use a variant with continuous actions and a sparse reward: 1 if the agent reaches the goal, and
0 otherwise. This experiment showcases three core capabilities of our method. First, it combines
information from different transitions in a dataset to obtain policies that lead to in-distribution
trajectories with high rewards. Secondly, it correctly assigns low values to policies that rely on OOD
state-actions. Thirdly, it produces consistent Bayesian uncertainty estimates over multiple steps.

We choose the prior mean to be jig = 0, following the RP guideline from Section 4. The RBF
covariance function’s lengthscale was selected manually (see Appendix D for further details).

We apply Alg. 1 to a dataset consisting of 4 expert trajectories from a pre-trained agent (shown as red
dots in Fig. 2). The resulting values, uncertainty and trajectories from the learned CVP policy are
shown in Fig. 2. In Fig. 2a we display the dynamics under this policy and full episodic trajectories
from uniformly spaced initial states, all of which successfully reach the goal. In contrast, a naive
TD3 agent trained on the dataset as the replay buffer fails to do so (Fig. 2b. Further experimental
details are given in Appendix D.

This behaviour illustrates the desired properties outlined at the start Section 5.2. The posterior value
is correctly propagated across steps, being approximately equal to 1 close to the goal and slowly
decaying as more steps become necessary to reach it. High values are restricted to in-distribution
regions where data supports successful goal-reaching behaviour; elsewhere, values remain low.
Interestingly, even in OOD regions where the policy successfully generalises to solve the task, it still
assigns a low posterior value if it is out of the data distribution: here the agent ‘tries its best’ but does
not expect a high value. In a complementary fashion, posterior uncertainty is low in the in-distribution
regions and high OOD, as expected by a consistent quantification of epistemic uncertainty.

The focus of this section is to show that CVP can yield consistent value estimation and supported
policies. We do not address the quantification of improvement over a suboptimal policy here, but
we include at the end of Appendix F an example in an interpretable environment where the dataset
contains suboptimal actions. This example provides evidence that, as expected, the exact-inference
version of CVP remains effective in the presence of suboptimal actions in the dataset.
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6 CVPs via Neural Networks

While exact Bayesian inference is suitable for small datasets and simple environments where a
hand-crafted kernel is readily specified, sequential decision making from larger datasets on complex
environments requires a more scalable approach. One option is to approximate exact inference with
variational inference (Titsias, 2009), but this still leaves the difficult task of finding adequate prior
kernels, and methods that try to learn these (Wilson et al., 2016; Ober et al., 2021; van Amersfoort
et al., 2021) require introducing a highly non-trivial layer of algorithmic complexity on top of the
already challenging task of offline RL. Therefore, here we opt instead to forego approximations to
the full posterior distribution of a GP altogether and instead focus on approximately regressing the
posterior mean only, as parametrised by a neural network. To implement this, we take inspiration
from the approach in Hafner et al. (2020), where the inductive bias of inference in function space
with a prior is introduced by sampling pseudo-data points from the prior.

6.1 A Scalable Implementation of CVPs

The key quantity that is optimised in Eq. (2) for decision making in Section 5 is the posterior mean of
Q7. To maintain scalability to large datasets and complex environments, we employ a neural network
Q to represent it. For tractability, we simplify the probabilistic model from Section 5 to employ
independent Gaussian priors across state-actions, corresponding to choosing a delta covariance kernel
kq((s1,a1), (s2,a2)) = d5(s1 — s2)dq(a1 — az). We can then find a training objective that ensures
that Q regresses to this posterior mean. We show in Appendix E that the appropriate loss function to
achieve this is given by

L(9) = Lp(0) + O‘E(S,a)~ppseudo(8,a)(QO(Sv a) — UQ)Qa €]

where L is the standard Bellman TD critic loss

LB(Q) = Z (QQ(S,G) —-r—= 7@9(8I77T(8,)))27

(s,a,r,s’)ED

@ is the prior mean on (), Ppseudo 18 a prior pseudo-data distribution used to regularise the learned
value function and « is a hyperparameter. The result in Appendix E holds when ppseudo 18 uniform,
where we show the Lp term can be interpreted as a log-likelihood loss and the other term as the
contribution from the prior, with the corollary that the regularisation strength « can be interpreted
as being inversely proportional to the prior variance. An intuitive interpretation of Eq. (4) is that Q
will be incentivised to fit to the data in the in-distribution regions where the L g term dominates and
will instead regress to the prior otherwise. We further note that the Eq. (4) can be interpreted as a TD
analogue of Eq. 2 in Hafner et al. (2020), where the KL between two Gaussians recovers the same
prior term proportional to the difference of the means squared.

While the assumption of independent state-actions would not lead to useful generalisation with non-
parametric methods in continuous state-action spaces (such as GPs), when employing a parametric
function approximator with strong generalisation capabilities, such as neural networks, this is
not problematic: since hand-crafted kernels are unlikely to achieve good results in complicated
environments anyway, we let the inductive bias implicit in the neural networks handle generalisation
instead. On the other hand, the condition that ppeydo is taken to be uniform will run into serious
issues in high-dimensional environments. Thus, we instead restrict ourselves to regularising the
most relevant state-actions towards decision-making. For a dataset state distribution p, a natural
pseudo-data distribution for a stochastic policy would be p(s)m(a|s) whereas for a deterministic
policy we can sample so as to ensure regularisation around the learned policy’s boundary

ppseudO(Sa a) = p(s)/\/(a|7rg(s), ‘72)7

for some constant o2 with similar intuition that this prioritises regularising the most relevant actions,
which are those closest to the ones considered by the learned policy, as in Hafner et al. (2020). The
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resulting critic loss is summarised in Algorithm 2, which we observe is a straightforward modification
of standard off-policy online algorithms’ loss that simply involves introducing a readily-computable
regularisation term arising from the prior’s contribution.

Algorithm 2 Scalable CVP critic update loss

Require: Batch of transitions B sampled from a dataset D, online off-policy algorithm with deter-
ministic or stochastic actor 7, critic Qy and critic loss L B(0), conservative prior mean /i, prior
regularisation strength o, pseudo-data number of samples n and noise scale o, .
for (s,a,r, s") € Bdo

for s, € {s,5'} do

(sp) . e
Sample n actions a™ « {a€5p) =m(sp) + 0az,2 ~N(-]0,1,) if w deterministic

~7(-]sp) if 7 stochastic
end for
end for
Sg « {s,s' | (s,a,r,") € B} > Use empirical state distribution to approximate p(s)

L+ Lp(8)+ aﬁ Z Z (Qg(sp,aésp)) - pg)?

SPESB agip)

return loss L

Having established an approach to include the conservative prior’s effect in the critic’s evaluation,
we can adapt any off-policy online algorithm by adding the new term in Eq. (4) to obtain a suitably
regularised offline RL critic. In Appendix F we present a comparison between applying Alg. 1 and
Alg. 2 for both a stochastic (SAC) and deterministic (TD3) base algorithm on a structured, easily
interpretable toy environment, and observe that the key desirable behaviour is consistent across all
three implementations. For the remainder of this work, we use the stochastic policy variant, with
SAC as the base algorithm for experiments.

6.2 Offline Robotic Locomotion

Task BC SAC CQL TD3+BC IQL CVP-SAC (ours)
halfcheetah-r 2.2+0.0 29.7+1.4 17.5¢1.5 11.0+1.1 13.1+1.3 32.5+1.5
hopper-r 3.7+0.6 9.9+1.5 7.9+0.4 8.5+0.6 7.9+0.2 27.5+8.0
walker2d-r 1.320.1 0.9+0.8 5.1+1.3 1.6+1.7 5.4+1.2 6.9+3.0
halfcheetah-m 432+0.6  55.2+27.8 47.0+0.5 48.3+0.3 474402  66.0+1.8
hopper-m 54.1£3.8  0.8+£0.0 53.0£28.5  59.3+4.2  66.2+5.7 = 72.2+20.0
walker2d-m 70.9£11.0 -0.3+0.2 73.3£17.7 83.7+2.1 78.3+£8.7 84.1+1.0
halfcheetah-m-r ~ 37.6+2.1 0.8+1.0 45.5+0.7 44.6£0.5 442412  57.240.9
hopper-m-r 16.6+4.8 7.4+0.5 88.7+x12.9  60.9+£18.8 94.7+8.6 100.5+4.2

walker2d-m-r 20.3+9.8 -0.4+0.3 81.8+2.7 81.8+5.5 73.8+7.1 81.5+11.1
halfcheetah-m-e ~ 44.0£1.6 28.4+19.4  75.6%25.7 90.7+4.3 86.7+5.3 95.4+0.6
hopper-m-e 53.9+4.7 0.7+0.0 105.6+12.9 98.0+9.4 91.5+14.3  103.8+10.1
walker2d-m-e 90.1+13.2  1.9+3.9 107.9+1.6 110.1+0.5  109.6+x1.0 109.3+0.9
halfcheetah-e 91.8£1.5 -0.8+1.8 96.3+1.3 96.7+1.1 95.0+0.5 95.1+0.6

hopper-e 107.74£0.7  0.7£0.0 96.5+28.0 107.8+7 109.4+0.5 110.7£1.5
walker2d-e 106.7+0.2  0.7£0.3 108.5£0.5 110.2+0.3  109.9+1.2  110.0+0.2
Average 49.6 9.0 67.3 67.6 68.9 76.9

Table 1: DARL results on random (-r), medium (-m), medium-replay (-m-r), medium-expert (-m-e)
and expert (-e) datasets. Scores are normalised such that a random policy scores O and an expert
policy scores 100. Baseline results are taken from Lyu et al. (2022). We bold those scores within one
standard deviation of the method with the highest average.
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We demonstrate our framework’s scalability by evaluating the SAC-based CVP variant (Alg. 2)
on D4RL locomotion tasks (Fu et al., 2020). We build our implementation on top of the CORL
(Tarasov et al., 2022) CQL code, and do not modify any hyperparameters relating to the architecture
or optimisation of the base SAC algorithm, with the only exception being the optimiser used for the
automatic entropy tuning parameter loss (Haarnoja et al., 2018b): we found that ADAM (Kingma &
Ba, 2014) updates on this single parameter led to similar performance but presented convergence
issues after training stabilised, so we used stochastic gradient descent to optimise this loss instead.
Full hyperparameter settings and other experimental details are provided in Appendix G.

Choosing CVP hyperparameters. The two main hyperparameters necessary for CVP are prior
mean and «. For the choice of prior mean, the locomotion tasks have a reward of the form movement
reward minus control cost, so a ‘do nothing’ policy would have value approximately equal to 0. Thus,
setting j1g = 0 provides a suitable conservative prior mean. While we cannot prove that this is a
CVP in the strict sense of Definition 1, this is a reasonable base value to start from. We found that
for one task (hopper-medium-expert), further tuning of 1.y helped performance while using the RP
heuristic (see Section 4) was instead beneficial for other tasks. Choosing « is less straightforward
since, unlike 11, there was no clear default, so we tuned it per task. We briefly discuss in Appendix H
how training diagnostics can help guide the choice of a.

D4RL results. In Table 1 we display results on a variety of DARL v2 locomotion tasks (Fu et al.,
2020). We report the results of evaluating the best-performing hyperparameters after evaluating on the
ground-truth environments, reporting averages and sample standard deviations over 5 random seeds.
The values for the other methods reported are taken from Lyu et al. (2022). We compare results with
behaviour cloning (BC), SAC (Haarnoja et al., 2018a), CQL (Kumar et al., 2020), TD3+BC (Fujimoto
& Gu, 2021) and IQL (Kostrikov et al., 2022). These, like ours, are straightforward adaptations of
base off-policy model-free algorithms. We include in Appendix I additional results comparing to
other two more sophisticated model-free algorithms that employ additional ingredients, MCQ (Lyu
et al., 2022) and ATAC (Cheng et al., 2022), where we see that our simpler algorithm still recovers
similarly good performance, achieving 97% and 102% of their averaged D4RL score respectively.

Algorithmically, the most closely related baseline to our approach in Table 1 is CQL. CVP-SAC
shares the same base algorithm and the difference between the two boils down to the form of the
critic regularisation term, a consequence of the two approaches’ fundamentally different starting
principles. We see a significant improvement in performance from these differences.

6.3 Hyperparameter Study

To illustrate the impact of v and the choice of prior mean on the performance of our algorithm, we
present results of varying these on the exemplar halfcheetah-medium task. The overall trend we
notice is that, generally speaking, decreasing regularisation strength (decreasing « or increasing
1) tends to have a beneficial effect on performance up to a critical point, after which performance
and training becomes unstable. On the other hand, adding excessive regularisation tends to have a
more gradual impact on performance. These insights can help tune « from training diagnostics, as
discussed in Appendix H.

7 Discussion and Limitations

We have presented a Bayesian formulation of the offline RL continuous control problem through
conservative value priors. We demonstrated the qualitatively desirable behaviour of our approach on a
classic control problem and strong quantitative performance on robotics tasks with larger datasets and
complex environments through a simple modification to standard online RL algorithms, outperforming
comparable prior model-free methods while remaining highly competitive with more sophisticated
and algorithmically complex methods. On small datasets where exact inference is feasible, our method
provides consistent epistemic uncertainty quantification. However, since uncertainty quantification is
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Figure 3: Hyperparameter study on halfcheetah-medium, with 5 seeds per configuration and shaded
sample standard deviation. The red line in Fig. 3b corresponds to the average performance after
carrying out RP as described in Section 4.

decoupled from decision-making in our framework, we can scale to larger problems without strictly
requiring it. By unifying Bayesian decision theory, uncertainty quantification and the challenge of
avoiding out-of-distribution actions in offline RL, we establish a foundation for a principled but
scalable probabilistic approach to decision-making in offline RL.

Finally, we summarise the limitations of our approach. While in their current form the algorithms
provided can also be applied to stochastic environments, our theoretical analysis and empirical
evaluation is currently restricted to deterministic MDPs. A fully Bayesian approach to offline
RL with stochastic environments would require a world model, which is beyond the scope of our
model-free approach. The theoretical guarantees are only provided for tabular environments, and
we defer formulation of these for the continuous setting to future work. Further, the choice of a
suitable conservative prior, along with associated hyperparameters, is problem-specific and may be
challenging in some contexts. The exact inference version of CVP does not scale well to large datasets
and may face challenges in complex, high-dimensional environments. While GP-based approximate
inference methods (Titsias, 2009) could in principle be applied in our setting to tackle scalability
issues, it is unclear whether they are viable for accurately representing a critic function. A limitation
towards the applicability of the deep learning, scalable variant of CVP is finding an appropriate
regularisation strength o without ground-truth evaluation. Preliminary results suggest that it may
be possible to tune « from training diagnostics (see Appendix H), but further work is necessary to
verify this claim’s robustness. We also observe relatively high variance in performance on certain
tasks, such as hopper-medium, which is however not uncommon in offline RL algorithms due to the
challenging nature of the task. Finally, while building scalable Bayesian uncertainty estimates is in
principle possible from the formulation we have proposed, deep off-policy evaluation itself is difficult
(Fu et al., 2021), so assigning accurate uncertainty measures is likely to be a challenging task, albeit
one with huge potential for impact towards the practical applicability of offline RL.

Broader Impact Statement

This work develops a conceptual and methodological contribution to offline reinforcement learning
and is evaluated on benchmark control tasks. We do not anticipate any direct negative societal impact,
but as with any RL method, care should be taken when applying it in high-stakes real-world domains,
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A Notation

Symbol Meaning

S, A State space and action space.

seS,ae A State and action.

v €[0,1) Discount factor.

reR Reward.

R(s,a) Mean reward function.

P(s'| s,a) Transition kernel.

D Offline dataset of transitions (s;, a;, 7, S}).

m(a | s) Policy; for deterministic policies, we write a = 7(s).

Mo Initial state distribution.

n"(s) Discounted state visitation distribution under policy 7.

V7(s) Value function under policy 7.

Q™ (s,a) Action-value function under policy 7.

Q™ (s,a) Random variable representing the Bayesian belief about Q™ (s, a).

Q~ Collection of random variables Q™ (s, ) over state-actions.

x = (s,a) State-action pair.

X=8xA State-action space.

Xsup Set of supported state-actions, whose values are identifiable from the
dataset under policy 7.

Xinsup Set of unsupported state-actions, whose values are not identifiable from
the dataset under policy 7.

p(s) State distribution induced by the dataset policy.

J(m) Off-policy objective optimised by the actor.

HQ Prior mean placed on action-values.

o2 Observation noise variance.

o’é Prior variance on action-values.

kg((s1,a1),(s2,a2)) Covariance kernel on action-values in the GP formulation.

Q”(s7 a) Posterior mean of Q7 (s, a).

o Parametric actor.

Qg(s, a) Neural-network critic used to approximate the posterior mean in the
scalable formulation.

Lp(0) Standard Bellman temporal-difference critic loss.

L(9) CVP critic loss, consisting of the Bellman loss plus prior regularisation.

Q@ Prior regularisation strength in the scalable formulation.

Ppseudo (Sa a)

Pseudo-data distribution used to regularise the critic toward the prior.

Table 2: Summary of notation used in the main text.

B Proof of Theorem 1

We provide a proof here of Theorem 1, starting from motivation for the definitions introduced in
Section 4. Since the environment is deterministic, multiple observations of the same state—action pair
necessarily yield the same outcome. Therefore, without loss of generality, we assume that the dataset
contains at most one observation for each state—action pair, as duplicate observations do not provide
additional information.
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Posterior mean as a minimisation objective. The starting point for the proof is the statistical
model introduced in Section 3. We denote a generic instantiation of Q as ). Under the assumption
of observation noise variance o2, independent Gaussian state-action priors with constant mean /¢
and variance Ué, the posterior over Q has density of the form

PQID) x p(@p(DIQ)
mp{ > —W}exp i X (@swa) == 1QU w(s)

s€S,acA (si,a;,7i,8;)€ED

cexpd—3 3 Q9 zpmal 1 S~ Qs a) — s —1Q(s) 7(s5)?

2
o) 20

s€S,ac A T (sirai,riysi)€ED
1 s,a) — 2
xexpd —o [ 3 2B R LSt (G0 — = QU (s
2072 opo)
s€S,acA (si,a;,mi,8;)€D

Maximising p(Q|D) is equivalent to minimising — log p(Q|D), so the MAP estimate of Q will
minimise

S Qi) —ri —Qsh () + > %(Q(w)—u@)g- (5)

(si,ai,7ri,8;)€D s€S,acA

Standard properties of Gaussians imply that the MAP estimate and posterior mean coincide, so the
(@ that optimise this objective will coincide with the posterior means E(Q7 (s, a)|D). To simplify
analysis, we don’t model terminal states distinctly, and instead treat them as any other state that
transitions to itself with zero reward.

Transition graph and supported state-actions. Given D, one can build an empirical directed
transition graph induced by 7 with nodes in state-action space, which we denote by G,. G is
constructed by connecting (s1,a1) to (se,as) if and only if the transition from (s1,a1) to so is
observed in D and 7(s2) = ao. Each edge in G corresponds to a term in the sum over D in Eq. (5).
Note that the condition that the environment and policy are deterministic imply that each edge has at
most one outgoing node. Consequently, following the directed path from any vertex gives a unique
trajectory, which either terminates at a sink (node with no outgoing edges) or eventually enters a
directed cycle. Since such a path can enter at most one cycle, no weakly connected component can
contain more than one directed cycle.

We identify those state-actions that are in components with cycles as supported and those in com-
ponents without cycles as unsupported. Those components with a cycle will have number of edges
equal to number of nodes, and one can treat the nodes of the component as a smaller Markov reward
process (MRP) induced under 7, where we have complete knowledge of the transitions, and are
thus able to infer the action-values everywhere on the component. For example, a trajectory that
leads to a terminal state would correspond to such a component, with the cycle being the terminal
state looping back on itself. On the other hand, those components that have a sink and no cycle
correspond to state-actions where the dataset does not contain sufficient information to infer the
values of the nodes. For example, if a policy produces a trajectory that leads to a state where 7 is not
observed in the dataset, while it is possible to infer relative values between the nodes, there is not
sufficient information in the dataset to infer the exact action-values, and they remain unspecified up
to a constant shift. Thus, these state-actions are unsupported and value estimation for these should be
approached conservatively. We show this schematically in Figure 4.

The high-level approach of the proof is to show that, as A — 07, supported and unsupported
components converge to different limiting values. On supported nodes, this limit is independent of
the prior and tends to the ground-truth action-values, whereas on unsupported nodes the limit retains
a dependence on the prior mean. We can exploit this additional degree of freedom on unsupported
nodes to separate their values from those of supported nodes.
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Figure 4: Schematic example of a transition graph G,. The component (s1,a1) — (s2,a2) —
(s3,a3) — (s1,a1) contains a cycle and is therefore supported. In this case, there are 3 nodes and
3 edges, corresponding to 3 unknowns and 3 linear constraints, so the value at each node in this
component can be inferred. The component (s4, a4) — (S5, as) — S¢, ag has a sink and no cycle, so
its state-actions are unsupported. While we can infer the relative value difference between the nodes,
we have an additional degree of freedom for the absolute value at these state-actions, and do not have
sufficient information to infer the ground-truth values.

Linear algebraic setup and notation. Denote the set of supported and unsupported state-actions
as Xgup and Xneup respectively. Similarly, we call the components with cycles supported compo-
nents and those with sink nodes unsupported components. The minimisation objective in Eq. (5)
decomposes component-wise, so carry our analysis on each graph component individually. Denote
the components of G by C1,Ca,...,Ck. Let ZF) be the index set of all state-action pairs (s, a) that
appear either as source nodes (s;, a;) or as successor nodes (s}, w(s})) in Ci,. We enumnerate the
elements of them as

and identify an index j € Z(*) with the corresponding pair (sj,a;). For each transition

. . . k
(84, 3,74, 8,) € D, we identify the corresponding component k and define the row vector ¢; € RIZ @

with elements
+1a if (570') = (Siaai) and (Siaai) 7& (52771-(5;))7
- if (570') = (8277(82)) and (Si7ai) # (82771—(8;))7

L=, if(s,a) = (si, i) = (83, 7(s7)),

0, otherwise.

(¢i)(s,a) =

We then construct matrices ®*) and vector (¥) for each component Cj, by stacking the row-vectors
of those 7 whose transitions are in component Cy, to give design matrices %) e RV * Iz )|, where
N}, > 0 is the number of edges of component k, and corresponding reward vectors (%) € RVx. Let

Q" e RIZ“ I be the vectors of Q(s, a) values stacked in the same order. Then, we are able to write
the objective in Eq. (5) as

£Q) = (@MQW — )2 4 NQ®) — p®))2,

k

where 1 = ;101" = (ug, -+ o) T € RIT®land A = 02 /og > 0. Note that £ decomposes as
independent sums across components, so going forward we analyse the objective on a per-component
basis, and drop & in the notation for notational convenience.
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General minimiser expression. For each component, let @ denote the minimiser of
Lr(Q) = (2Q —7)* + MQ — p)*.

As this is a standard quadratic optimisation problem, we can find the minimiser in closed form, which
is given by R
Qx(p) = (@@ + AI)~H(@ "7 + Ap). (6)

Supported components As discussed above, we can treat connected components as independent
MRPs. In cyclic components, each node has exactly one outgoing node, so by the deterministic
nature of the transitions we have complete knowledge of the transition dynamics in this MRP. If we
denote the transition matrix for such a component as P, with entries P;; = 1 if node 7 contains an
edge to node j and P;; = 0 otherwise, then ® = I — v P, which is a square invertible matrix, and
the ground truth values (which coincide with the minimisation objective when A = () are given by
Qo = ®'r, and ®Q( = r. Then we can rewrite

Qu(i) = Qo = A@T@ + AI) 7 (®r — p).

It is now straightforward to take the limit of A — 0T, which is Qy, independent of 11, and we
observe that the resulting minimisers are therefore a perturbation of Q. Q A() is continuous in A.
So, with the notation v, ,) representing the element of vector v corresponding to state-action (s, a),
the following holds true:

Lemma 3. For any supported component Cy, and any ¢ > 0, there exists a )\,(;k)(z—:, 1) such that
forall0 < A < Aff“), @,\(u)(&a) — Qék)(s"a) < ¢ for all (s,a) in Cy, where Q(()k)(&a) is the true

action-value of (s, a).

In other words, on connected components the learned minimisers approximate all ground-truth values
arbitrarily well if \ = 02/ O’é is sufficiently small. Corollary 2 can then immediately be established

by choosing o2 = so that the inequality holds across all supported components.

miny )\(Ck> (e,p)
0-2
Unsupported components. For unsupported components, we also analyse the limit of small A, but
need to account for the fact that ® is not invertible and therefore the unregularised solution is not tied
to the ground-truth values in the same way that it is for supported components. Starting from Eq. (6),

we consider

lim Q = O D+ N1 lim M@ ® + \) L.
Jim Qa (k) (@' @+ A0 r+ Hm AR &+ )" p

lim
A—0TF
We can use standard arguments to express the first term in terms of the Moore-Penrose pseudoinverse
®* as limy_,o+ (@7 ® + AI)~1®Tr = &*r, which is the solution with minimal L2 norm to the
unregularised, overdetermined system ®(Q = r (Tikhonov & Arsenin, 1977).

Focusing then on the second term, we start by noticing that for an unsupported component with n
nodes, we have n — 1 edges and ® € R(»~1*" Each edge induces an independent linear constraint
on the system, so & must have kernel of dimension 1. We start by determining what the nullspace
direction is. Let z € ker(®), then, by definition &z = 0 and since the space is non-trivial, z # 0.
Without loss of generality, set the unique element 5 corresponding to the sink z;, = 1. Then
notice that for all nodes a distance 1 away from the sink, labelled with j, the structure of ® implies
zj — vz, = 0,50 zj = 7z;,. In general, for any node k with successor [ we have z;, = vz.
Therefore, by induction, we can conclude that a node k that is a distance d(k) from the sink will have
corresponding zj, = v**). Thus,

ker ® = span{z}, where z € R"™ and z; := v%¥).

Notice in particular that z is element-wise positive. Next, decompose p into orthogonal nullspace
and row-space components so that y = i + pur, pn € ker @, ur € Im(®7) and define B :=
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®T® + M. Consider diagonalising the symmetric matrix ® " ®. By the definition of yx and g,
U = vp 1s an eigenvector with eigenvalue 0, whereas g can be decomposed into a weighted sum
of eigenvectors v; with eigenvalues p; > 0. Then the eigenvalues of AB;l are

0B A _){lifviekorq)

v pi + A 0 otherwise,

as A — 07 so we conclude that
lim AM(®T®+ )" 1p=
Jim A(@° @+ AT e = by

and

lim Q =&t + .
AL%QA(M) TN

As we previously determined the nullspace of ® as the span of z, we can express the projection par

of p onto it explicitly as
zT,u 211
= —02 = 727
HN 2 hQ—

with each component is strictly increasing in p1¢g, with

j’Yd(j) i
(un)i = MQWW .

Thus, we have that on unsupported components, the limit
Qunsup(ﬂ) = lim QA(M) — q)-‘r,r + pn
A—0Tt

converging for each element 7 of the vector Q to, in terms of 1),

=9
S, 724 v

Formally, we can make an analogous statement to Lemma 3.

@unsup(ﬂ@)i = ((D+7’)i + MQC% C; = > 0.

Lemma 4. For any unsupported component Cy, and any € > 0, there exists a )\,(ﬁ) (e, w) such that for
all0 < X < AP, Ag\k)(u)i - (((I)(k)+r(k))i + ,uQC'i))’ < eforalli€ TIy.

Having established that supported and unsupported components tend to distinct values and that the
limiting solution for each element is strictly increasing with ji¢, it is straightforward to show that for
small enough A, we can pick pq sufficiently negative (conservative) so that supported components
tend to lower values than unsupported ones.

Choosing /i) to separate components type. Choose any > 0 and define
L N+ . k;
Aij o= (QY)); — (@En k) — o)

for any supported node 7 in component k; and any unsupported node j in component k;. Then, if we
choose any ;1o < po with

5+ (@D TRy — ()Y,
Ho = min +( r )J (Qo )
1€ Xsup,J € Xunsup C;

we obtain that A;; > ¢ for all i € Xqup,J € Xunsup- The definition of A;; is such that

Ay = lim Q) ()i — lim (@ ()); > (7

A—=01 A—0t
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for any supported component Cy, and unsupported component Cy,. We have just shown that with an
appropriate choice of g < fi, this quantity can always made to be greater than any arbitrary § > 0.
Equation (7) implies that for all ¢ and j, there exists some Ag > 0 such that forall 0 < A < Xg

Q% (1o))i — (@Y (1ug)); > 0,

thus proving Theorem 1.

Global choice of prior. We remark that the result in Theorem 1 that we just proved here is valid for
a given policy, but can be easily extended to account for the fact that in practice a policy changes
during training. Note that while the specific GG, structure and ® will change with 7. However, we
can safely adapt the choice of ug to account for this, so that

5+ (@R TR — ()Y,
Lo = min min +( )i —(Qp ")
0 ieXsupvjEXunsup C]

then ensures that even with changing policies the same constant prior mean p¢ (and corresponding
derived \) can be used to give a value gap between supported and unsupported components for any
policy.

v = 0 case. We treat the case v = 0 separately. With such a -y, the state-action’s value is exactly
the immediate reward obtained, and the objective in Eq. (5) simplifies to

2
o2
E (Q(ss,a;) — 7“1‘)2 + g — (Q(s,a) — MQ)Z-
(si,as,ri,8;)€ED s€S,acA @

The policy dependence of the minimisers drops out, resulting in a decoupled quadratic in each (s, a),
so the minimisers, i.e. the learned posterior means, are equal to

Q(S, a’) + AMQ : / 2
Os.a)=4 " 14x o HeansdieD o
1o otherwise. 7Q

Notice that we have used the fact that for deterministic environments with v = 0 we necessarily have
Q=r.
We note the following two consequences:

* For supported state-actions, there is a constant offset effect from the prior, so greedy action-selection
using () is identical to using the ground-truth action-values, and therefore optimal within this set.

* anecessary condition to guarantee that the supported actions be selected by greedy action selection
on @ is that ug < Q(s,a) for all (s,a) € Xunsup. This needs to be true at any state that we may
visit under 7, so any state in supp(n™). Therefore, Definition 1 represents a necessary condition on
the value prior to induce the selection of supported policies.

C Reward Preprocessing and Conservative Priors.

We show here that the reward preprocessing step in Section 4 results in a globally conservative prior
for any pg < 0 under the assumption that the dataset D is representative of the smallest obtainable
reward, i.e. the expected immediate reward R is bounded below by the smallest » € D observed,
which we denote by 7yin.

We work in the MDP which is equivalent to the original but with shifted rewards, r’ = r — 7. For
any policy 7, the corresponding value function in the shifted MDP is V'™ (s) = E >~ 17| =
E 3.2 o(re — Tmin)7"] > 0 since each term is non-negative. The corresponding action-values satisfy

Qlﬂ(&a) = R,(S,CL) + ,YES/NP('ls,a) [VW(S/)] = (R(Sa a) - Tmin) + ’YES,NP("S,G) [VW(S/)} >0
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/

Figure 5: Mountain car environment. The agent’s goal is to push the car starting from the bottom of
the valley past the yellow flag on the right.

as we have a sum of two non-zero terms.

Thus, in the reward-shifted MDP the ground-truth action-values are non-negative for any policy
m. Consequently, any constant prior mean 1o < 0 defines a conservative prior in the sense of
Definition 1, since p1g < Q' (s, a) holds for all (s,a) and all 7. We could alternatively enforce
conservatism in the original MDP by choosing j1g < g“f,y, but this may lead to numerical instability
when «y =~ 1, due to the resulting in large absolute values of yq. The reward-shifting approach avoids
this issue while still guaranteeing a globally conservative prior.

D Mountain Car Details

The mountain car (Moore, 1990) tackled in Section 5.2 is a deterministic classic control environment.
The state-space is two dimensional (position and velocity) and the action space is continuous and
one-dimensional [—1, 1]. The objective is to strategically apply impulses to a car so that it can escape
the valley it starts and build up speed to reach the goal at the top of the mountain, visualised in Fig. 5.
If the agent reaches the goal (which is to get the position coordinate to cross past the 0.45 threshold)
it receives a reward of 1 and the episode terminates. Otherwise, the reward at each timestep is 0.

The exact-inference CVP agent we train in Section 5.2 has an actor architecture of two hidden layers
with 256 neurons each. We train it for 500 gradient steps with Adam optimiser and learning rate
of le — 3. In the gradient computation for the optimisation step, in analogy to target networks
in standard RL (Mnih et al., 2015; Haarnoja et al., 2018a; Fujimoto et al., 2018), we do not pass
gradients through the terms used to evaluate action-values at the next-states Q™ (s’, w(s’)), which we
treat as stop-gradients for this computation. We use a prior on the action-value function with zero
mean, unit variance and RBF kernels, with position, velocity and action lengthscales chosen by hand
to be 0.02, 0.008 and 0.5 respectively. We give more insight into how the state-space lengthscale
was chosen at the end of this section. Due to the deterministic nature of rewards, we choose a small
observation noise variance (the € in Eq. (1)) of le-5.

The expert agent from which the dataset is gathered is taken from the publicly available model at this
url: https://huggingface.co/sb3/sac-MountainCarContinuous-v0/tree/main.

The TD3 agent is trained for 50,000 training steps using full-batch gradient descent with the same
actor network architecture as the CVP agent, an equivalent critic network architecture and default
TD3-specific hyperparameters (target critic soft update coefficient 0.005, policy noise 0.2 clipped at
0.5 and delayed policy updates every 2 critic updates) and ADAM optimisers with learning rate of
3e-4 for both actor and critic. We find, as expected from naive offline application of TD3, that both
actor and critic training losses diverge due to the absence of regularisation.

Choosing the lengthscale hyperparameter. The key hyperparameter for inference with an RBF
prior is the lengthscale, which determines how quickly prior covariance decays with distance in
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Figure 6: Posterior value visualisation for different multiples of the base (0.02,0.008) lengthscale
used in the main text. The red dots correspond to the observed states in the dataset and the red dotted
line corresponds to the goal threshold.

state space. The state-space lengthscales reported in the main text, (0.02,0.008) (corresponding
to the position and velocity dimensions respectively), was chosen by inspecting the data in state
space, judging how far support should extend in the vertical and horizontal directions, and then
making minor adjustments after running the experiment. One advantage of this parameter is its
interpretability: in simple and easily visualised environments such as the one considered here, it is
often visually apparent when the lengthscale is too small or too large. On the other hand, a broader
challenge for Bayesian methods is specifying useful priors in settings where such quantities cannot
be set by hand so easily.

In the CVP setting, a lengthscale that is too large causes the agent to treat distant states as in-
distribution, and hence to regard OOD state-actions as supported. A lengthscale that is too small
prevents the agent from leveraging useful information from neighbouring states, effectively treating
each state as independent. Both failure modes degrade performance. In our experiments, however,
tuning the lengthscale was straightforward, and inference behaved as expected as this hyperparameter
varied.

In Fig. 6, we visualise how posterior value propagates from the observed data as we scale the state-
space lengthscales used in the main text, i.e., lengthscales of the form (0.02x, 0.008%). Throughout
our experiments, we fixed the action lengthscale to 0.5, informed by the action range [—1, 1], and did
not tune it further. We report in Fig. 6 the values of « for which performance began to deteriorate.
For the lengthscale used in the main text, corresponding to x = 1, the agent successfully reaches
the goal from all 15 starting states. Decreasing « down to 0.25 led to similar performance, while
the first drop was observed at x = 0.2, where the agent reached the goal from 11 of the 15 starting
states. In Fig. 6a, we see that the posterior value of most states is overwhelmingly close to 0, with
only very small neighbourhoods around the data having their beliefs updated by the observations.
Increasing « up to 5 also did not affect performance, while at x = 6 the agent reached the goal from
13 of the 15 starting states. As expected, posterior value propagation then extends excessively beyond
the data distribution, incorrectly treating distant parts of state space as supported, as can be observed
in Fig. 6¢c. Fig. 6b revisits the posterior value recovered in the main text, which can be seen to strike a
reasonable balance between these two regimes.

Overall, performance remained robust for 0.25 < x < 5, spanning slightly more than one order of
magnitude. We note, however, that the horizontal-to-vertical lengthscale ratio of 0.02 : 0.008 used
in the main paper may not be optimal, and that a different ratio could be robust over an even wider
range of x.

E Neural Network CVP Loss

Here we provide full derivations to show that the loss in Eq. (4) is of the appropriate form for Q
to regress to the posterior mean for independent state-action kernels as introduced in Section 5.1.
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We start by considering a finite state-action space, with state space of size |S| and action space of
size |.A|, and independent Gaussian priors over @ with mean p and state-action dependent variance
o4 (s, a). With this setup, the following claim holds:

Claim 5. Using the definition
Lp(@= Y (Q(s,a) —r—2Q(s,7(s))*,

(s,a,r,s’)€ED

the loss objective
L(Q) = LB(Q) + O‘E(s,a)rwppseudo(s,a) (Q(Sa Cl) - MQ)Q (8)

o
O'ZQ(

S

with ppseudo(sa a) = é

w

) is minimised when Q(s, a) are the posterior mean.

Proof. The proof starts by considering the form of the posterior as in Appendix B, but with a varying
prior variance. Recall that the statistical model from Section 4 with observation noise variance o2
implies a posterior of the form

p(Q|D) x p(Q)p(D|Q)

xexpy 3 —QEeO—mal Lo b LSS Qs an) — i — Qs w(s)?
20 (s, a) 20

s€ES,acA r (sirai,riysi)ED

x exp{; > (os) —pal 2<1r3 > (@Qsiai) —ri - VQ(SLW(SD)Q}

2
SES,acA O'Q(S,Cl) (si,a4,75,8})€D
1 2 (Q(s,a) — pg)? L2
o eXp{—%% <se§e,4maé(s’a) +( | ZI)GD(Q(Suai) =71 —vQ(si,m(s:))” | ¢

We observe that maximising p(Q|D) is equivalent to minimising — log p(Q|D), so the MAP estimate
of Q will minimise

2
O—/I"
> (Qsia) =i = Qi (D)) + D = (Q(s,a) — pg)*.
, o5 (s,a)
(si,as,74,8;)€ED sES,acA

We notice the first term is exactly L. Next, we rewrite the sum as an expectation Over Ppseudo as
given in Claim 5 so that the above becomes

O (Q(s,0) ~ )?
ppseudo(saa) Ué(sva) ’ a
(0%

= LB(Q) + O‘E(s,a)r\zppseudo(s,a) (Q(Sa CL) - HQ)Q

after substituting « as defined in the claim. We have thus shown that the MAP )-values will be
recovered by minimising Eq. (8), which is quadratic in (). The last step to prove Claim 5 is to notice
that for Gaussian variables MAP and posterior mean coincide, since the mode of a Gaussian is equal
to its mean. O

LB(Q) + Z ppseudo(sa a)

SES,acA

Having established that in the tabular case with finite state-action space the loss in Eq. (8) provably
results in posterior mean (Q-values, we consider increasing the state-action space to an intractably
large, approximately continuous, number of state. Standard arguments (Mnih et al., 2015) suggest
replacing the tabular (s, a) with a parametrised Qg (s, a), with training objective given by the same
loss but replacing Q(s, a) with Qg(s, a), leading directly to the loss in Eq. (4).

Notice that the relationship
3 (s.0) = 2 — ©)
op(s,a) = —————
Q « ppseudo(sa (1)
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implies that the regularisation strength constant « can be interpreted as being inversely proportional
to the prior variance, as claimed in Section 6.1.

Finally, we comment on the specific choice of oé and, correspondingly, ppseudo- A natural baseline,
as done when applying Alg. 1 in practice, is to take a constant aé (s,a) = aé. However, this would
entail using a uniform ppseudo (s, a) = W, which is problematic for large or high-dimensional
state-action spaces. As a consequence, as Aescribed in Section 6.1, we depart from using such a
uniform ppgeudo in our experiments. Despite this modification, a Bayesian interpretation remains valid,
but with a state-dependent prior variance given by Eq. (9). In the context of our decision-making
task, this corresponds to setting narrower priors, thus stronger regularisation, on those state-actions

that are most relevant to decision-making.

F Continuous Maze Environment

In this section, we introduce a structured toy environment that yields easily interpretable qualitative
behaviour. We then use it to compare the exact-inference implementation (Algorithm 1) and the
deep-learning critic variant from Section 6.1 (Algorithm 2) against two baseline online algorithms:
TD3, which learns a deterministic policy (Fujimoto et al., 2018), and SAC, which learns a stochastic
policy (Haarnoja et al., 2018a;b). We also consider their offline CVP-based counterparts, CVP-TD3
and CVP-SAC. Finally, at the end of this section, we present a modified-data example, distinct from
the rest of the appendix, in which the agent must avoid suboptimal actions present in the dataset, as
mentioned at the end of Section 1.

Continuous maze We consider an MDP in a continuous-space maze-like environment where only
a part of the state-action space is adequately covered by the dataset. The state-space is S = R? and
the action space is A = [—1,1]2, visualised in Fig. 7a. The agent deterministically moves in state
space by adding the action vector to its current state vector. It receives a reward of 1 upon reaching
the goal region {(z,y) € R? : 2 < 2 < 3,0 < y < 1} and 0 otherwise, with episodes terminating at
the goal.

The static dataset we consider covers a limited part of the environment’s state-space, and is formed
by individual (s, a, r, s") transitions rather than full episodic traces. The datasets contains transitions
starting from 100 uniformly spaced states in the region {(z,y) € R? : 2 < 2 < 3,0 < y <
D}U{(x,y) € R? : 0 < z < 3,1 <y < 2)}. All actions in the dataset are in either the x or y
directions and have size 0.6, with the action observed at each state being the one that makes progress
towards the goal while remaining in the in-support region (see Fig. 7a).

Exact inference We first apply Alg. 1 to this toy dataset, with RBF kernels with length-scale 0.25
for both state and actions and an actor parametrised by an MLP with two hidden layers of 256 neurons
trained for 1000 steps. The RBF state-space length-scale is chosen to match the step-size. In Fig 7b,
we observe that the resulting policy reaches the goal while remaining in the in-distribution data
regions. The values learned are displayed in Fig. 7c, where we observe that only the in-distribution
regions are assigned high values, which gradually decrease with number of steps required to reach
the goal (as expected due to the discount factor v = 0.9). Similarly, the value uncertainty displayed
in Fig. 7d is high in the OOD regions and low where the agent can confidently reach the goal while
remaining in-distribution. The thin lines of slightly decreased expected value in some in-distribution
regions of Fig. 7c are due to the continuous nature of the actor. In these regions that bridge a sharp
policy change, continuity implies that the actor must employ actions that are slightly different to those
on either side of the transition region, thus resulting in a lower covariance with the neighbouring
states and lower posterior value.

CVP-SAC We start by considering CVP with SAC as base algorithm. For consistency with the GP
implementation, we use prior mean fig = 0, and employ o = 0.001 for both methods. We implement
our algorithm by modifying base implementations provided by Tarasov et al. (2022).
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Figure 7: Toy environment for navigation task. The agent receives a reward of 1 for transitioning
into the goal region (where the episode terminates) and 0 otherwise. The dataset consists of steps of
size 0.6 in the cardinal direction that leads towards the goal while remaining in the supported (blue)
region. Learned policies and value functions are visualised as arrows and colour-maps respectively.
The length of the arrows corresponds to the size of the step taken.
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Visualisations of the learned policy and values from applying Alg. 2 are shown in Fig. 7e. The
scalable version produces a policy that avoids the no-data region while reaching the goal, with a value
estimate consistent with the exact-inference case in the in-distribution region. Since the pseudo-data
distribution regularises OOD actions rather than states, OOD states don’t receive a signal to align
with the prior. In contrast, Fig. 7f shows that applying the base SAC algorithm naively to the offline
data (equivalent to setting o = 0) leads to poor policies that do not remain in the support of the data
and wander into regions of state-space that the agent has no knowledge of, leading to unsatisfactory
offline policies.

TD3-SAC. Next, we report analogous results for the the TD3-based CVP-TD3. In Fig. 7g, we
observe how the CVP-TD3 policy successfully solves the offline RL task and learns similar values to
those learned with exact inference CVP in the in-distribution region, whereas in Fig. 7h we see that
the unregularised naive application of TD3 fails in this instance. This closely mirrors the behaviour
shown with SAC.

Visualising CVP in action space. In Fig.8, we observe the effect of the conservative prior directly
in action-space, where we visualise the action-values after training in the action space at state
(2.5,1.1) just above the goal region. There is an action (0, —0.6) in the dataset at this state that leads
directly to the goal, which we expect the agent to follow. For all three methods, the neighbourhood
around the observed action that leads to the goal is regularised as desired, and the algorithms correctly
learn to choose the action similar to the one in the dataset that leads to the goal. As can be seen in
Fig. 8a, due to the exact nature of the inference employed, the GPs smoothly regularise the whole
action space around the observed action. Similarly, the actions that maximise value in Figs. 8b and 8c
correctly correspond to following the observed action leading to the goal. While the extrapolation
in regions far from the action the agent is considering can vary significantly across methods, this is
because our approximate methods must focus on regularising those actions most towards the actor’s
decision making, and we do observe that values learned close to the actor’s action are similar across
methods, therefore ensuring that the appropriate action is learned. In contrast, Fig. 8d shows how a
naive application of TD3 (setting & = 0 in TD3-CVP) causes the actor to choose an unsupported
action, where the increase in value is not supported by observed actions but rather entirely caused by
unwarranted extrapolation.

Exact inference with suboptimal transitions Finally, we present results on a slightly different
dataset. For the dataset considered so far, it is desirable for the agent to follow the observed actions
in the dataset for the agents’ trajectory to remain in-distribution. Here, we instead consider the
behaviour of the exact inference scheme on a non-episodic dataset where certain actions lead the
agent to OOD states that are not found anywhere else in the dataset. This example will also highlight
the distinction between in-distribution and supported actions introduced in 3: although these actions
appear in the dataset (and thus would not be penalised by a behaviour-regularised algorithm), their
long-term values cannot be inferred from the available transitions, so they remain unsupported and a
principled offline RL algorithm should avoid them.

The environment considered here is identical to the one introduced at the start of the section. The
dataset is also similar, but the difference is that at each observed states, 4 actions in each of the
cardinal directions are observed instead of just 1. That is, actions [0.6, 0], [0, 0.6], [0.6, 0] and
[0, —0.6] are observed at each state, thus resulting in a dataset consisting of 400 transitions overall.
This is visualised in Fig. 9a. Notice this dataset is also not episodic, as it is only composed of
individual transitions which the agent needs to learn to combine to produce high-reward trajectories,
while avoiding suboptimal actions. We visualise this alternative dataset in Fig 9a.

We apply Alg. 1 to this dataset, with identical hyperparameters and architecture as at the start of this
section. In Fig. 9b, we show the learned policy after 1000 steps of training. As expected, the resulting
policy reaches the goal state and remains in the in-distribution region, avoiding the actions that lead it
to OOD states. The value function displayed in Fig. 9c displays overall very similar behaviour to
that in Fig. 7c. There is a small difference in the region just to the left of x = 2,0 < y < 1, where
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Figure 8: Learned action-values at state (2.5, 1.1), located just above the goal. The red arrow shows
the learned action. The dataset contains an action (0, —0.6) leading to the goal at this state.
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Figure 9: Toy environment for navigation task with suboptimal actions in the dataset. The agent
receives a reward of 1 for transitioning into the goal region (where the episode terminates) and O
otherwise. The dataset consists of steps of size 0.6 in all four cardinal directions at all the uniformly
spaced states (blue dots) in the blue region. Thus, some actions can lead the agent towards parts
of state-space from which no further data is available. Learned policies and value functions are
visualised as arrows and colour-naps respectively. The length of the arrows corresponds to the size of
the step taken.
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the value of the states of the small slice of OOD states is higher than expected. This is due to the
smoothness assumption encoded by the RBF prior. This is in contrast to the discontinuous reward
definition of the environment, and the artifact in the figure can be interpreted as a consequence of
prior misspecification. For example, the value inferred at state (2 + £, 1.3) (for a small £ > 0) for the
action going down is approximately equal to 1, i.e. the model infers that with high probability

Q™((2+¢,1.3),(0,-0.6)) ~ 1,

since this transition directly reaches the terminal state and the terminal reward is observed. In contrast,
transitions from states near (2 — €, 1.3) with the same action terminate at the non-terminal state
(2 —£,0.7), with reward r = 0. From the model’s point of view, these observations therefore imply

Q™((2—¢,1.3),(0,—0.6)) = V™(2 — £,0.7)

with high probability Finally, the RBF prior couples nearby state-action pairs, so the model also
places high probability on

Q™((2 +¢,1.3), (0, —0.6)) ~ Q™((2 — £, 1.3), (0, —0.6)).

Consequently, the model infers that V™ (2 — ¢, 0.7) should also be close to 1 with high probability. In
summary, this behaviour arises because the observed reward changes discontinuously at the x = 2
boundary, whereas the GP prior encodes a preference for smooth value functions.

The posterior standard deviation shown in Fig. 9d shows the same general pattern observed in
Fig. 7d, with in-distribution states having lower posterior standard deviation and OOD states having
higher posterior standard deviation. Interestingly, for those states that visited in the dataset but are
left ‘hanging’, i.e. without a further transition departing from them while still not being terminal,
the uncertainty is slightly decreased compared to those parts of state-space that are completely
unexplored. This is because a transition from (s, a) to s’ correlates the value functions: suppose the
observed reward to a hanging state is 0, then the model infers that Q™ (s,a) ~ V™ (s'). If Q and V'
are independent Gaussians with prior variance o2, Gaussian conditioning (Rasmussen et al., 2006)
implies that p(V'|Q = V') will have smaller variance than the prior p(V'). Specifically, the variance is
02 /2, so the standard deviation is approximately 0.71c. This mechanism explains the slight drop in
uncertainty observed at these states, and the factor of 0.71 is consistent with what is observed at the
hanging states in Fig. 9d. While their marginal posterior standard deviation is slightly decreased, it
remains much higher than that of in-distribution states. Finally, we note that while the uncertainty is
slightly decreased at hanging states, the posterior expected value, which is the criterion considered by
the agent for decision-making, is just as conservative as for the other OOD states.

Overall, this experiment demonstrates that CVP distinguishes between merely observed actions and
supported actions whose long-term values are identifiable, thereby recovering the intended conserva-
tive behaviour even from disconnected, suboptimal demonstrations and non-episodic datasets.

G DA4RL Implementation and Compute Details

We base our implementation of CVP-SAC, which we train on the D4RL benchmarks in Section 6.2
on the SAC backbone of the CQL implementation in the CORL library (Tarasov et al., 2022), and the
results presented do not require any additional hyperparameter tuning to the base algorithm beyond
changing the optimiser of the entropy coefficient loss to Adam. The hyperparameter relevant to the
base SAC algorithm, common to all tasks, are summarised in Table 3.

Next, we address the CVP-specific hyperparameters. We report the prior mean used for each task
in Table 4 (either choosing p¢ or carrying out reward preprocessing as explained in Section 4) and
the choice of « for each task. Other methods that carry out critic value regularisation, such as CQL
(Kumar et al., 2020) and MCQ (Lyu et al., 2022), both sample 10 actions at which to regularise, so
we take the parameter n = 10 in Alg. 2 and do not tune it further.



Reinforcement Learning Journal 2026

Hyperparameter Value
Batch size 256
Discount factor 0.99
Training steps le6
Actor hidden layers 3
Actor hidden size 256
Actor optimiser Adam
Actor learning rate 3e-5
Critic hidden layers 3
Critic hidden size 256
Critic optimiser Adam
Critic learning rate 3e-4
Target network update rate 0.005
Entropy coefficient optimiser SGD

Entropy coefficient learning rate  3e-5

Table 3: Base SAC hyperparameters for the D4RL experiments.

Table 4: CVP hyperparameter settings for the D4RL experiments. RP in the (g column refers to
using a mean of 0 after carrying out reward preprocessing as described in Section 4.

Task « 178}
halfcheetah-random le4 O
hopper-random le-4 RP
walker2d-random le2 0
halfcheetah-medium le-5 O
hopper-medium S5e-4 0
walker2d-medium 5e-3 RP
halfcheetah-medium-replay Se-5 0
hopper-medium-replay S5e-4 RP

walker2d-medium-replay 5e-3 RP
halfcheetah-medium-expert le-2 0

hopper-medium-expert 5e-3  -10
walker2d-medium-expert le2 0
halfcheetah-expert le-2 O
hopper-expert le-1 O
walker2d-expert le-2 O

Hyperparameter tuning. We started by fixing ug = 0 as default and tuning « per-task. The
heuristic described in Appendix H guided the « tuning, giving an indication of whether the next o
to try should be greater, if the training was unstable due to regularisation being too small as can be
inferred from training diagnostics, or smaller, to check if the regularisation can be decreased further,
with possible performance benefits. We then tried RP with these values of a.. For some tasks, such as
hopper-medium-expert, we observed stable training diagnostics but higher variance in performance,
suggesting that further tuning of ji or prior mean selection could be beneficial, and used a different
value for pq if it had a beneficial effect on performance.

Compute resources. The experiments were carried out on standard general-purpose workstations
provided by the authors’ affiliated institution, rather than on dedicated high-performance computing
systems. As the networks employed are small (three-layer MLPs with 256 neurons) the experiments
were ran on a mixture of GPU and CPU-only machines, depending on availability. A typical runtime
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for a full training run would be of approximately 10.5 hours on a machine with a NVIDIA GeForce
GTX 1050 Ti GPU and a Intel(R) Core(TM) i7-10700 CPU @ 2.90GHz CPU. This includes extensive
evaluation in simulation and logging of training diagnostics during training, and we did not explicitly
optimise our code for performance.

H Choosing Regularisation Strength From Training Diagnostics

Here we show how we can empirically guide the choice of regularisation strength, @ in Alg. 2, off of
training diagnostics - without relying on evaluations on the ground-truth environment. This points to
the possibility of automated tuning of this hyperparameter, which we leave for future work.

We take as reference the halfcheetah-medium task. As mentioned in Section 6.3, we notice that
reducing regularisation strength can be beneficial up to a certain critical point where training becomes
unstable. A weak regularisation leads to inconsistent results, but the maximum achieved returns
can be very high, even higher than that achieved by the « that gives the best average across 5 seeds.
Meanwhile, regularisation that is too strong slowly degrades performance.

Further investigating the training diagnostics reveals that the failure modes causing this suboptimal
performance arise from very different mechanisms. We find that strong regularisation generally leads
to stable training (low losses) but poor fitting to the value function whereas small regularisation has
greater potential for better performance but at the risk of very high instability. We display relevant
losses for sample runs with different « that show this effect in Fig. 10. This strongly suggests
that the optimal regularisation strength should be as small as possible while still ensuring stable
training and losses. Indeed, there is strong evidence that the optimal value for o might depend on
initialisation, as some seeds with the lowest regularisation setting still achieve strong performance
with stable convergence, albeit more rarely than when a slightly higher « is employed, and some
seeds with higher regularisation can still occasionally exhibit unstable training. This leads to the
natural hypothesis that an automated tuning of o would be able to further increase the performance
of CVP-SAC beyond what can be achieved by employing a constant o during training, which we
leave for future work. We found the pattern of choosing the lowest o before training instability arises
as generally leading to good ground-truth evaluation performance in the tasks considered, but further
experimentation is required to determine the robustness of this empirical observation.

We show training diagnostics for exemplar runs in Fig. 10. We plot a diverging exemplar run for when
a is too small (o = 10~9), where training is unstable and we observe training losses and Q-values
diverge in a similar way as they would without regularisation. When « is too large (o = 1072),
training is stable but the returns achieved are suboptimal. This is in line with the notion that excessive
regularisation can harm performance, and the ideal « should be the small but large enough to prevent
the training from diverging. We remark that, in this example, this can be identified directly by the
training diagnostics, without requiring evaluation on the ground truth environment.

I Additional D4RL Results

We compare here our results to two other model-free offline RL algorithms, that however require
significant algorithmic extensions to standard off-policy algorithms achieve a performance similar
to that of CVP-SAC, in contrast to those presented in the main Table 1. In this section, we also
summarise the nature of these additional components. Overall, CVP-SAC achieves 97% and 102% of
the scores attained by MCQ and ATAC, respectively, on the D4RL locomotion tasks.

MCQ comparison. We compare to the scores obtained by the Mildly Conservative Q Learning
(MCQ) algorithm (Lyu et al., 2022) in Table 5. Similarly to our method, MCQ includes a L2
regularisation term in the critic loss, but the value against which the critic is regularised is learned
during training, requiring the introduction of a generative model for the behaviour policy, thus
significantly increasing the complexity of the algorithm. We see that CVP is able to recover 97% of
MCQ’s average performance without requiring such a generative model.



Reinforcement Learning Journal

2026

D4RL Score

—— darl_score 60

D4RL Score

D4RL Score

0.2

—— drl_score

1.0 0.0 0.2 0.4
e

qf1_loss
— af2_loss
10t { — pvp_qfl.
—— pvp_qf2_ood_loss

_ood_loss

afl_loss
— af2_loss

—— pvp_afl_ood_loss
—— pvp_qf2_ood_loss

1.0 0.0 0.2 0.4
e

0.6 0.8 1.0
1e6

Figure 10: Comparison of training diagnostics and performance for different o values. The left
column displays results for « = le — 6, the middle column o« = 1le — 4 and the right column for
a = le — 2. gf_loss is the standard RL Bellman loss of the 2 critics used whereas cod_loss is

the CVP loss term.

Table 5: Comparison between MCQ (Lyu et al., 2022) and CVP results on D4RL benchmarks,
indicating the percentage of MCQ’s score that achieved by CVP-SAC, without having to explicitly
model the behaviour policy. The MCQ results are taken from Lyu et al. (2022).

ATAC comparison.

Task MCQ CVP Percentage achieved
halfcheetah-random 285 325 114.0%
hopper-random 31.8 275 86.5%
walker2d-random 17.0 6.9 40.6%
halfcheetah-medium 643 660 102.6%
hopper-medium 784 723 922%
walker2d-medium 91.0 84.1 924%
halfcheetah-medium-replay 56.8 572 100.7%
hopper-medium-replay 101.6 100.5 98.9%
walker2d-medium-replay 913 815 89.3%
halfcheetah-medium-expert ~ 87.5 954 109.0%
hopper-medium-expert 111.2  103.8 93.3%
walker2d-medium-expert 1142 109.3 95.7%
halfcheetah-expert 96.2 951 98.9%
hopper-expert 1114 110.7 99.4%
walker2d-expert 107.2 110.0 102.6%
Average 792 769 97.0%

We report an analogous set of results comparing to the Adversarially Trained

Actor Critic (ATAC) for offline RL algorithm(Cheng et al., 2022) in Table 6. Compared to the other
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baseline methods in Section 6.2, ATAC includes additional ingredients to ensure the adversarial
approach they use has stable training. For example, they introduce updates on different timescales for
actor and critic as well as a term in the critic loss, novel to offline RL, that combines a weighted double
Q loss and a residual algorithm loss (Baird, 1995), which they found to be crucial for performance.
Neither of these optimisation-related ingredients is strictly related to offline RL, and we did not
implement these into CVP in our experiments. Nevertheless, we find that CVP still is able to achieve
slightly better performance (102%) than ATAC in these tasks.
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Table 6: Comparison between ATAC (Cheng et al., 2022) and CVP results on D4RL benchmarks,
indicating the percentage of ATAC’s score achieved by CVP-SAC. The ATAC results are taken from
Cheng et al. (2022), where the expert datasets are not reported.

Task ATAC CVP Percentage of score achieved
halfcheetah-random 3.9 325 833.3%
hopper-random 175 275 157.1%
walker2d-random 6.8 6.9 101.5%
halfcheetah-medium 533 660 123.8%
hopper-medium 85.6 723 84.4%
walker2d-medium 89.6 84.1 93.9%
halfcheetah-medium-replay 48 572 1192%
hopper-medium-replay 102.5 100.5 98.0%
walker2d-medium-replay 92.5 81.5 852%
halfcheetah-medium-expert 948 954 98.8%
hopper-medium-expert 1119 103.8 92.7%

walker2d-medium-expert 1142 109.3 95.7%
Average 68.4  69.7 102.0%




