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ABSTRACT

When an autonomous agent’s decision-making has resource costs
or incurs potential real-world consequences, its performance can
be improved by reasoning about its own decision-making process.
This is known as metareasoning, and is a key capability of rational
agents. However, existing metareasoning methods have significant
limitations. Most apply only to the offline setting, controlling only
how long the agent should think before executing its current best
solution. Few methods exist for online metareasoning, where the
agent can interleave thinking and acting, and these make strong
simplifying assumptions that limit their performance. It is rarer still
for methods to be applicable to stochastic problems, or to consider
the effects of the environment on the agent’s planning process.

In this work we extend a learning-based metareasoning method
for probabilistic planning to the online setting. The framework
enables the agent to learn when, where and how to think in order to
make better decisions in stochastic environments. We demonstrate
our method outperforming several baselines across two domain
distributions, each highlighting different benefits of online metar-
easoning.
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1 INTRODUCTION

Autonomous agents often leverage online computation to surpass
the performance attainable through offline pre-training alone [27,
29]. For sequential decision-making, this is implemented using the
decision-time planning paradigm, where the agent performs plan-
ning computation before each action [5, 13]. However, optimally
balancing the time spent planning and acting is a challenging prob-
lem. In practice, this parameter is usually set to a fixed value by
the designer, based on their knowledge of the agent’s capabilities
and the types of problems the agent will encounter. In this work,
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Figure 1: A mobile robot plans and executes a path across
a radioactive environment. Using online metareasoning, it
can pause to plan for longer (larger thought bubbles) in safer
areas so that it can move continuously through hazardous
zones without planning in them.

we aim to enable agents to learn how best to balance planning and
acting, given the current state of the agent and the environment.

We pose the problem of balancing planning and acting as a met-
alevel control problem [15]. In this problem formulation, a metalevel
agent supervises the object-level algorithm carrying out the decision-
making process. The metalevel algorithm may reason about when
to allow the object-level algorithm to continue planning, and when
to act using the current solution. It may also change how the object-
level algorithm reasons, by selecting hyperparameters or even dif-
ferent algorithms that are better suited to the current problem or
situation [6, 8]. This enables trading off rapid initial improvement
against thorough long-term exploration based on the current state
and available planning budget. Anytime [30] object-level algorithms
are ideal in this setting, as they can be queried for their current
solution at any point in time.

Metalevel control is particularly useful when real-world decision-
making is subject to costs and constraints on both acting and plan-
ning, often drawing from shared resources. Planning and acting
both take time and energy: this is particularly important for mo-
bile robots, where a finite battery reserve must be shared between
planning and acting, and computation constraints make planning
time a meaningful consideration.

The costs of reasoning may also depend on the agent’s state
within an environment: Figure 1 illustrates an example setting
inspired by Budd et al. [7] where a mobile robot incurs varying rates
of radiation exposure while operating in a radioactive environment.
In this setting, it can be difficult to specify an optimal planning
duration that is long enough for good decision-making but short
enough to avoid excessive radiation exposure while planning [7].


https://doi.org/10.65109/MXNX1909
https://doi.org/10.65109/MXNX1909
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.65109/MXNX1909

Research Paper Track

The cost-optimal metalevel behaviour in this setting is to pause to
plan only in low radiation areas in order to take advantage of lower
planning costs. In other domains, such as underwater robotics in
areas with strong water currents, pausing to plan may even cause
the agent’s state to change due to environmental dynamics.

The simplest metalevel control problem is to decide the length
of time to spend planning, before proceeding to fully execute the
current best solution. We refer to this as offline metareasoning,
as no planning takes place during the execution period. Offline
metareasoning methods aim to solve the how to plan problem, by
determining the optimal duration of the planning period and poten-
tially which hyperparameters to use for the planning process [6]. In
this work we study the more general case of online metareasoning,
where the agent interleaves planning and acting. As well as broaden-
ing the applicability of metareasoning to controlling a wider class
of object-level algorithms, we also wish to demonstrate several
metareasoning-specific advantages of online metareasoning.

First, an online metalevel agent can decide when best to plan,
based on its current knowledge of the environment. Decision-time
planning improves performance by focusing search effort on the cur-
rent state [5], and by adapting behaviour to the actual environment
parameters encountered at test time, thereby better addressing epis-
temic (i.e. model) uncertainty [7]. Similarly, online metareasoning
enables adapting reasoning behaviour to the environment encoun-
tered: rather than planning for all possible situations, the agent
can reduce decision-making costs by deferring in-depth planning
until it has more information about the environment. For example,
consider a robot navigating a building with internal doors it cannot
open: if possible, it is more efficient to observe whether the door is
open before planning a policy that includes paths passing through
the door.

Second, online metareasoning enables optimisation of where to
plan, rather than being limited to planning at the initial state. Plan-
ning may incur more cost at some states than others, as illustrated
by the radiation exposure example. In some states planning may
be unsafe or not be possible at all: for example, autonomous under-
water vehicles often offload their planning to a remote server via
satellite, so can only plan while at the water surface.

To the best of our knowledge, the method we present is the first
to jointly consider the when-, where- and how-to-plan aspects of
metalevel control within a single framework. We achieve this by
extending a learning-based metareasoning method for probabilis-
tic planning to the online setting. By learning the behaviour of
object-level algorithms from data, the framework applies to any
object-level algorithm and problem distribution. We demonstrate
our method’s performance in domains which highlight the different
benefits of online metareasoning. Our method outperforms exist-
ing online metalevel controllers, both adaptive and fixed, and a
state-of-the-art offline metareasoning method [8].

2 RELATED WORK

Due to the intractability of exact metareasoning [25], no generally
applicable exact algorithm exists. Metalevel control methods there-
fore differ by what type of object-level algorithm they supervise
and the assumptions they make. The difficulty of metareasoning
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means that algorithms must be cognisant of the overhead of metar-
easoning [19, 22]. Effort spent on metareasoning should be less
than the effort saved as a consequence of using metareasoning, or
the net effect is negative.

Our focus is on high-level control over an agent’s reasoning pro-
cess during interaction with a stochastic environment. We therefore
take a metalevel control approach, and model an arbitrary object-
level algorithm as a parameterised black box. In contrast, some
approaches integrate metareasoning components into a specific
search algorithm [11, 26], enabling decision-making about which
branches of a search tree to expand or execute. The integrated
approach is more suitable for problems with timing constraints,
where some search branches may become impossible to execute
due to deadlines.

Offline metareasoning. Callaway et al. [10] carry out approximate
metareasoning by defining three estimated Value of Computation
(VoC) features, which are designed to be upper or lower bounds on
the value of additional reasoning. These VoC features are combined,
using weights learned by Bayesian optimisation for the specific
problem distribution, to estimate the true value of continuing com-
putation. However, their method incurs significant metareasoning
overhead from calculating VoC features and does not scale past
the small deterministic MDPs they evaluate their method on. They
assume an idealised object-level reasoning process, rather than
learning the behaviour of real object-level algorithms, as we do.

One recent work carries out offline metareasoning for proba-
bilistic planning [8], building on a reinforcement learning-based
framework that Bhatia et al. [6] designed for metalevel control of
deterministic search problems. One key advantage of deep RL-based
metalevel control is that the cost of querying the trained metalevel
policy is small compared to other methods that require online cal-
culations to determine the benefit of further planning [10, 19]. As
these methods are data-driven, they are able to learn the optimal
stopping point and hyperparameter control for a given object-level
problem distribution and arbitrary object-level algorithm.

Online metareasoning. To the best of our knowledge, the only
practical online metareasoning algorithm for probabilistic planning
is presented by Lin et al. [19]. Their method adds a metalevel con-
trol layer to a specific object-level algorithm, Bounded Real-Time
Dynamic Programming (BRTDP) [21]. It does not require training
on a problem distribution, but its performance is limited by sev-
eral simplifying assumptions. The most significant of these is the
meta-myopic assumption, which means that the metalevel agent
only considers the immediate benefit of a single additional planning
step. Though their formulation supports reasoning about the cost
of planning in the agent’s current state, the meta-myopic assump-
tion means that the agent is unable to reason about future states
potentially having lower costs of planning or more information
available. They also do not consider hyperparameter control of the
object-level algorithm, so their metalevel agent cannot control how
the object-level algorithm reasons.

Ho et al. [16] analyse online metareasoning by defining an in-
formation processing Bellman objective that jointly optimises both
reward and planning cost. They can therefore infer how much plan-
ning effort should be spent in each state of the MDP, in a similar
manner to our work. As their objective is to study human cognition
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rather than a practical metareasoning algorithm, their gradient-
based algorithm scales very poorly with the state space size and is
impractical for real-world problems.

In common with most prior work on metareasoning for plan-
ning [6, 8, 15, 19], we assume the object-level algorithm has access
to an accurate model of the environment. Metareasoning under
model uncertainty remains largely an open problem: while Godara
et al. [14] have recently formulated this setting, the added complex-
ity restricts their approach to small multi-armed bandit problems
rather than the sequential decision-making problems we consider.

3 PRELIMINARIES

Object-level SSP MDP.. The object-level problem we consider is a
stochastic shortest path (SSP) Markov Decision Process (MDP) [24],
and we also formulate the metalevel control problem as an SSP
MDP. An SSP MDP is defined as a 6-tuple M = (S, init, A, T, C, G)
where S is a finite set of states; init : S — [0, 1] is an initial state
distribution; A is a finite set of actions; T : SX A X S — [0,1]
is a probabilistic transition function; C : § X A — Ry is a cost
function; and G C S is a set of absorbing, zero-cost goal states.
When referring to the structure of a specific SSP MDP instance
M, we add a subscript for clarity, e.g. Tp. The two widely studied
problems of infinite- and finite-horizon reward maximisation can
be compiled into an equivalent SSP MDP [20].

The object-level algorithm aims to produce a policy 7 that min-
imises the expected cumulative cost of reaching the goal from the
initial state. We assume that the policy is stationary and determin-
istic (i.e., 7 : S — A), which is known to be sufficient for SSP
MDPs [20]. A policy is proper in state s if, when starting from s, it
reaches a goal state s; € G with probability 1. For an SSP MDP there
must exist a policy that is proper in all initial states. All improper
policies must have infinite expected cumulative cost from states
they are improper in. Under these assumptions, a minimum cost
proper policy is known to exist [20].

In the same manner as in [19], the SSP MDP is assumed to
include an action Nop which represents the agent planning for a
fixed duration. The cost of the NOP action is the cost of planning in
that state, and the probabilistic outcomes of the Nop action define
possible state transitions that may occur.

4 PROBLEM FORMULATION

The object-level algorithm, which is a probabilistic planner, oper-
ates on SSP MDP instances M drawn from a problem distribution
p(M) which is a probability distribution over possible MDPs the
agent may encounter. This distribution has domain D y(, and MDP
instances from this domain may have different state spaces, action
spaces, transition functions, and cost functions. However, they will
likely share some common structure, such as the factorisation of
the state space [28]. The internal state of the planner is represented
by its configuration y € X, where X is the reachable configuration
space for the object-level algorithm across all MDPs in D 5. The
configuration is the full internal state of the planner, including all
search trees, value function tables or approximators, and any other
internal state variables. A configuration induces a policy 7z, which
is the best policy found by the planner so far given the current
configuration. The objective of the planner is to find a policy 7,
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that minimises the expected cumulative cost of reaching a goal
state from the initial state in the object-level MDP M.

The planner is parameterised by hyperparameters A = {A;}
where each hyperparameter A; takes values from either a finite
set {61, 02, . .., I, } or a continuous range [Smin, > Smax,i]- The plan-
ner’s configuration evolution over time is dependent on the problem
instance M, the current configuration y, and the hyperparameter
values or sequence of values it has been run with. To model this
evolution, we assume the planner runs in fixed-duration increments
of 7, each corresponding to one timestep in the object-level MDP.
During 7, the planner may perform many internal iterations or
trials. When planning is carried out using hyperparameter values
8 = (i

=1’

Na
i=1’

the configuration transition function is defined as

T/)\(/’((S( x' | x, 8). After an action is executed by the agent, including
when the planner runs and the NoP action is therefore executed, the
planner configuration is updated to account for the new state s’ and
the corresponding configuration transition function is defined as
T/)\(/’(s( x| x.s"). These transition functions may be stochastic if the
planner has a stochastic component, such as a sampling component.

We are now ready to define the metalevel MDP, which repre-
sents the operation of the object-level planner on a single problem
instance M.

DEFINITION 1 (METALEVEL MDP). For an SSP MDP instance
M = (S, init, A, T, C,G), the metalevel MDP is an SSP MDP MM =
(SM initM, AM TM M GMYy \yhere:

o SM = § x X, combining object-level states with the planner
configuration,
initM (s, y) = init- 1(y = yo), where 1.(-) is an indicator
function and yo is the initial configuration,
AM = ({pLAN} X A X.. .XAN,) U {AcT}, i.e. the agent may
run the planner for one metalevel timestep T using the specified
hyperparameter values, or execute a single action (specified by
the current policy) in the object-level MDP,

TM . sM o aAM M [0, 1] is defined as:
™((s. 0).a. (s x) =

S, -
Tho (211 8)
- T(s,Nop,s") -

T(s, my(s),s")

ST s
The product terms indicate the transition order: for PLAN, the
planner runs for one metalevel timestep T with hyperparam-
eters 8 resulting in an intermediate configuration y, the NoP
outcome at the object level is observed, and the planner con-
figuration is updated given the outcome state s’. For ACT, the
object-level algorithm’s policy 1), selects the object-level action,
and the planner configuration is updated given s’,
CM . M AM 5 Ry is defined by the object-level cost
function, using the object-level action taken:

C(s, my(s))
C(s, NOP)

. ifa = (pLAN, &)
TS | )

1)

ifa=acT

ifa=Acr

cM((s, x)a) = { ()

otherwise,

GM = G x X, representing goal states in the object-level MDP
with any algorithm configuration.
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Given an object-level SSP MDP M, our objective is to derive a
metalevel policy 7M : $M — AM that is optimal for the metalevel
MDP MM A cost-optimal solution to the metalevel MDP implies
a policy that optimally switches between running the object-level
planner and acting on the planner’s current policy, given the cost
of planning in different states in the MDP and using the optimal
hyperparameters at each timestep.

As previously discussed, it is infeasible to solve this metalevel
MDP whenever the agent is provided with a new problem in-
stance [8, 19]. Even the simplest object-level algorithms have large
configuration spaces, and as the size of the metalevel MDP state
space is larger than the object-level MDP state space, metareason-
ing overhead is prohibitive. Online metareasoning overhead could
be avoided by pre-solving the metalevel MDP for every problem in-
stance in p(M)’s support, but this is even more infeasible. To build
a metalevel agent that can learn to solve metalevel MDPs for prob-
lem instances sampled from p (M), we define a new metalevel MDP
that is an abstraction of the metalevel MDP for a single problem
instance, and contains features that are practical for learning.

5 METHOD

In this section, we present our approach to learning a metalevel
policy for the metalevel MDP that is generalisable to new problem
instances, in a similar way to Bhatia et al. [6] and Budd et al. [8].

5.1 Abstracting the Metalevel MDP

Firstly, we reduce the state space of the metalevel MDP by ab-
stracting the configuration space X to a much smaller space of
algorithm features Q. The mapping function ®x : X — Q maps
configurations to features. &x and Q are designed specifically for
the object-level algorithm, and are chosen to be informative sum-
mary statistics of the configuration space. As we will be using deep
function approximation to learn value functions, features will be au-
tomatically weighted and there is no practical drawback to defining
a large number of features. Features are often readily identifiable
from an algorithm’s description, such as estimated value functions,
search tree size/depth, the number of iterations or samples simu-
lated, or the size of the latest update to an estimator.

Secondly, we abstract the metalevel MDP so that it represents the
operation of the planner on problems from the problem distribution
p(M), not a single problem instance. This consists of augmenting
the state with a context vector ¢ € ¥, where ®p : Dy — V.
The context vector y = ®p(M) is a compact representation of
the current problem instance M, and allows for generalisation
between problem instances with similar attributes. ®p and ¥ are
designed to provide informative summary statistics describing the
MDP problem instance, and are problem-dependent. Producing
these features should not require extensive analysis of M, in order
to avoid metareasoning overhead. As the object-level MDP state
representation is also a component of the metalevel MDP state,
using a consistent state factor representation across MDPs in the
problem distribution will likely also improve generalisation. Note
that, as well as encoding a metalevel control problem, the abstract
metalevel MDP encodes a meta-RL problem [4] as we represent
operating under a distribution of MDPs as a single MDP. Also, as
with all MDP state abstraction methods, the transition function
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may become non-Markovian due to the chosen abstraction of the
configuration space [2].

DEFINITION 2 (ABSTRACT METALEVEL MDP). For a problem
distribution p(M) over problem instances M, the abstract metalevel

MDP is an SSP MDP MM = ($M, init™ AM TM M GMY syhere:
o SM =M« Qx ¥, ie states are (s, 0,9),
o init! M [0,1] is defined as:

iﬁitM(s, w, ) =

/ init ((s) pOM) AM x 1 (0 = Bx (0)),
{M|@p(M)=y'}

where init pq is the initial state distribution of problem instance
M, and Ox (xo) is the initial algorithm features,

o AM = AM ¢ the action space is unchanged,

o TM . SMy AM % SM _; [0, 1] is composed of four components
Ty, Ta‘f, TS, and 7, which are abstracted versions of those in

Equation 1:
™((s,0,9),a,(s, 0", ¥)) =
136 | @, 8,)

“Ty(s,nors’) - TS (o' | &5, 1) ifa=(pLaN, )
Ty (5, 70 (5),5")

ST (0 | s, Y) ifa=acr

where Ty, represents object-level state transitions and TS/TS,
represent algorithm feature transitions caused by planning or
updating the object-level algorithm with the new object-level
state, as in Definition 1.

By abstracting the object-level MDP instance M to a con-
text vector i, we no longer have a specific transition func-
tion Tpq. Given the set of MDPs where ®p(M) =, we can
construct Ty, by marginalisation over the distribution p(M):
Ty = fimiap (My=y) TM POM) dM. Similarly, T3 and T,
are constructed by marginalisation over the object-level algo-
rithm configuration space and the problem distribution. Finally,
Tty is the policy induced by the features w, so is an abstraction
of my calculated by marginalising over the configuration space
X. Note that the context vector  is fixed within an episode, as
a single object-level problem instance is being solved,

CM and GM are defined as in Definition 1, but with ., replac-
ing 7y and Q replacing X.

Performance Bounds for Abstract Metalevel
Policies

5.2

We now analyse the approximation error introduced by our abstract
metalevel MDP formulation. We derive a bound on the suboptimal-
ity of policies learned in the abstract metalevel MDP when executed
in a ground (non-abstracted) metalevel MDP. The ground metalevel
MDP extends Definition 1 from a single problem instance M to
operating over the full problem distribution p(M), similarly to
the abstract metalevel MDP in Definition 2. However, unlike the
abstract metalevel MDP, the ground metalevel MDP does not apply
abstraction to the configuration space X or the problem instance
space D pq. Our analysis is an extension of an existing result on
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state abstraction in MDPs [1], to the metalevel control setting with
SSP MDPs.

DEFINITION 3 (GROUND METALEVEL MDP). For a problem
distribution p(M), the ground metalevel MDP is defined as M =
(SC, init®, A, TC, CC,GC) where:

SC =8 xX XDy,

initS ((s, x, M)) = p(M) - initpq(s) - L(x = xo),

AG — AM,

TG ((s, s M), a (', X/ MO)) = TA (s, X0, 0 (57, X)) - LMY
= M), i.e. the transition function is the transition function of
the metalevel MDP for problem instance M,

CS((s, . M), a) = CM((s, x), a), i.e. the cost function is the
cost function of the metalevel MDP for problem instance M,
and GC =G XXX Dy.

The abstract metalevel MDP (Definition 2) is then the state ab-
straction of Mg under ®((s, y, M)) = (s, Dx (x), p(M)). Follow-
ing the standard state abstraction formulation [18], Definition 2
obtains Ty, and T, by summing T over ground states (s, y, M) that
map to each abstract state (s, w, /). The two MDPs are equivalent
when ®x and ®p are identity functions.

We now state the approximation conditions required for our per-
formance bound. Our analysis relies on two standard requirements
for SSP MDPs and an approximation condition on the abstraction
functions.

Requirement 1 (Bounded Costs). The object-level SSP MDP
cost functions in D 4 are bounded: there exists Cpax < ©o such
that Cp((s,a) < Cmax forall M € Dpy, s € S, and a € A. In this
case, the cost functions of the metalevel MDPs are also bounded
by Cmax, because they are defined by the object-level cost function
(see Definition 2).

Requirement 2 (Finite Effective Horizon). There exists a
finite effective horizon H, which is an upper bound on the expected
number of timesteps to reach a goal state in the ground metalevel
MDP. We define H = sup y(ep,, rert Ex[7 | (s0, xo. M) ~ init®],
where 7 is the number of metalevel timesteps to reach a goal state
and II is the set of all proper policies in the ground metalevel
MDP. This requirement is satisfied in practice when the planning
budget per episode is bounded and any configuration y reachable
after the maximum planning budget induces a proper policy
with bounded expected time to reach a goal state. Any metalevel
policy that executes PLAN with positive probability will eventually
exhaust the budget and must then ACT with such a configuration,
guaranteeing goal reachability. This is the case in our experiments
(Section 6).

DEFINITION 4 (€-APPROXIMATE Q-ABSTRACTION). Following the
Q*-irrelevance notion of Abel et al. [1], we say that an abstrac-
tion function ® is an e-approximate Q-abstraction if ground states
mapped to the same abstract state have optimal Q-values differing
by at most €. Formally, for all (s1, y1, M1), (s2, y2, M2) € SC where
®((s1, x1. M1)) = P((s2, yo, M2)):

107 ((s1, 1, M) @) = Q" (52, o, M2), @) < €
forall a € AC, where Q*C is the optimal Q-function in MC.

®)

PROPOSITION 1 (ABSTRACTION PERFORMANCE BOUND). Suppose
® is an e-approximate Q-abstraction (Definition 4). Let m*C be the
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optimal policy in MC, m*M be the optimal policy in MM and
define the induced policy 7*MS in the ground metalevel MDP by
MG (s, x, M)) = 7™M ((s, @x (1), Pp(M))). Then:

VG (s, 1, M) = VME((s, 1, M) < 2€CrmaxH? ()

for all (s, xy, M) reachable from initg under proper policies.

Proor. Since MM is the state abstraction of MS under ® (as
shown above), and @ satisfies the e-approximate Q-abstraction con-
dition, we apply Theorem 5.1 of Abel et al. [1], which bounds the
value difference for e-approximate Q-abstractions in discounted
MDPs. Their bound for discount factor y is ?ff‘;“')”; Using the
standard SSP-to-discounted correspondence [17], where the ef-
fective horizon H replaces 1le’ we obtain the stated bound of

26CmaxH?2.

]

Metalevel policies derived from the abstract MDP, such as MG

in Proposition 1, are also proper in the ground MDP when they
satisfy the same conditions as Requirement 2. Under the bounded
planning budget, executing PLAN with positive probability ensures
eventual execution with a proper configuration, guaranteeing goal
properness and therefore inclusion in IT.

Estimating e for a given abstraction is challenging, as abstrac-
tion functions are typically hand-designed features extracted from
algorithm state and problem descriptions. However, Proposition 1
provides guidance for abstraction design: effective algorithm fea-
tures and problem context features should preserve distinctions
between states with different optimal action values. Our empirical
results (Section 6) demonstrate that our chosen features, described
in detail in the supplementary material®, achieve strong perfor-
mance across the tested domains.

5.3 Learning to Act in the Abstract Metalevel
MDP

Algorithm 1 outlines our method for training a deep RL-based
policy for the abstract metalevel MDP. We present the approach
with a DQN-like structure [23] for clarity, but the metalevel MDP
construction and interaction is independent of the learning algo-
rithm used, and any deep RL algorithm could be used to learn a
metalevel policy. The RL policy is trained in-the-loop by sampling
one object-level problem instance from p(M) at the start of each
episode. Additional implementation details are given in the supple-
mentary material, but we highlight one key design choice here:

Budd et al. [8] provide their RL-based offline metalevel controller
with an observation of the offline planning cost per timestep, so that
it can learn how to act under different planning costs. Along similar
lines, we provide the agent with the Q-value estimate Q, (s, NOP).
This is the estimated value of executing the NoP action in the cur-
rent state s according to the object-level algorithm’s current value
estimate, so is not an assumption of knowledge of the true optimal
value function. Compared to only providing the immediate cost
of planning, the Q-value captures both immediate planning cost
and the estimated value of possible successor states after taking
the Nop action. As it is dependent on the object-level algorithm
configuration y, it is incorporated into the features w in Line 20.

!Supplementary material is available at https://doi.org/10.5281/zenodo.18614866 [9].
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Algorithm 1 General deep RL on the abstract metalevel MDP

Input: Problem distribution p(M), object-level algorithm, number
of training episodes M, object-level planning time per metalevel
timestep 7

Output: Trained policy 7{3’1 .

1: Initialise ng[

2: for episode = 1,..., M, do

3. Sample M from D according to p(M)

4« dp(M) {calculate context for problem instance M}
5 X < X05 {instantiate planner}
6w Dx(y) {calculate initial features}
7. s ~ initpq {sample initial object-level state}
8

9

randomly

M (s,0.9)
repeat {run episode}

{construct metalevel state}

a¥ « select action using ng/[ (sM) {or e.g. e-greedy}
11 if @M = (pLaN, 8) then
12: X~ T/)\(/’la(- | x,6) {run planner for time 7 using
hyperparameters 6}
13: a < NOP
14: else {aM = acT}
15: a «— my(s) {select action using object-level
policy induced by y}
16: end if
17: M — Cpy(s,a) {incur object-level cost from
planning or acting in instance M}
18: s~Tapm(s,a-) {object-level state outcome}
19: X~ T/)\(/’(s(- | x.s) {update planner with new current
object-level state}
20: w — Dx(y) {update features}
21: M (s, 0, V)
22: Store ($M, aM, eM sM7) {e.g. replay buffer}
23: M M
2¢:  until s € Gyy
25:  Update parameters of ﬂéw using stored episode data

26: end for

A similar Q-value is also used by the myopic metalevel controller
in Lin et al. [19].

6 EXPERIMENTS
6.1 Baseline Algorithms

We compare to three baseline metalevel control methods. The most
basic is a fixed decision-time planner (DTP), parameterised by the
ratio of planning to acting time. The optimal value of this param-
eter is problem-dependent, and so we evaluate a range of values
for each problem instance to find the best-performing ratio. The
second baseline, Bounds, is the correlated metareasoner proposed
by Lin et al. [19]. It uses a meta-myopic approximation based on
how the object-level algorithm’s value bounds changed over the
previous computation step. The third baseline is the offline learned
metareasoner from Budd et al. [8] (OffLearn), which learns from
reasoning data and uses hyperparameter control to optimise the
object-level algorithm’s performance as our method does, but only
supports planning at the initial state. This method relies on access
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to a default policy to complete its policy outputs, effectively grant-
ing it privileged information not available to our approach. We call
our method the OnLearn metareasoner.

6.2 Object-level Algorithm: Weighted Bounded
RTDP (WBRTDP).

Bounds is built on the Bounded Real-Time Dynamic Programming
(BRTDP) algorithm [21]. For fair comparison between metareason-
ing agents, we therefore use a BRTDP-based object-level algorithm
for both learning methods. As the learning-based methods sup-
port hyperparameter control, we specifically use Weighted BRTDP
(WBRTDP) [8] as the object-level algorithm. The weight param-
eter allows the learning-based algorithms to trade off the quality
of the solution and the speed of computing that solution. Each
metalevel MDP timestep corresponds to a fixed number of state
Bellman backup operations in the object-level algorithm. This is a
more consistent time unit than walltime, which is dependent on
hardware capability and load, or BRTDP trials, which vary in length.
Additional details, including discussion of the algorithm features
abstraction function, are given in the supplementary material.

6.3 Deep RL Algorithm

We use DQN [23] as the deep RL algorithm for the metalevel con-
troller. We are able to use DQN as the metalevel controller because
the hyperparameter values are discrete, leading to a purely discrete
action space. A different deep RL algorithm would be required if the
hyperparameters were continuous, which would lead to a mixed
discrete-continuous action space [12]. Other learning algorithms
are evaluated in the supplementary material. For RL-based met-
alevel controllers, we evaluate across 5 DQN agents trained with
different random seeds. Details on training and compute resources
are given in the supplementary material.

6.4 Experiment Domains

The ObstacleRacetrack domain is based on the racetrack domain
used by Budd et al. [8] and originally introduced by Barto et al. [3]. It
is a 2D gridworld where the agent state is the 4-tuple x, y, vx, vy, and
actions are to accelerate in an 8-connected direction. Actions have
a failure probability that varies by problem instance. The agent’s
goal is to reach one of two finish lines. However, one finish line is
potentially blocked by an obstacle: whether it is blocked or not is
unknown to the agent a priori. This is represented in the object-level
MDP by a state factor with values {—1,0, 1}, where —1 indicates
the obstacle state is unknown. The agent observes the state of the
obstacle by colliding with it if it is present, or passing through that
area if it is not. The finish line behind the possible obstacle is closer,
so incurs less cost to reach and requires less intensive planning to
determine how to reach. This domain is designed to demonstrate
the benefits of online metareasoning under epistemic uncertainty:
the optimal metalevel behaviour is to generate a simple policy to
reach the obstacle, and then to plan a detailed policy to reach the
further away goal only if the obstacle is present.

The maximum size of an ObstacleRacetrack problem instance
is ~ 11X larger and ~ 2.5% larger than those used to evaluate the
previous state-of-the-art methods for online metareasoning [19],
and offline metareasoning [8] respectively.
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(a) Normalised cost-to-goal for the method and baselines. Markers
(diamond marker for full method, circle for disabled hyperparameter
control) show the mean cost.
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OnLearn
Bounds
OffLearn No obstacle
Obstacle
0.0 0.1 0.2 0.3 0.4 0.5

Planning time (1.0 = max planning budget)

(b) Distribution of planning time for the method and baselines, sepa-
rated by the ground-truth obstacle state.

Figure 2: Cost performance and planning time distributions in the ObstacleRacetrack domain.

The RadWorld domain is based on the example in Figure 1. The
agent exists in a gridworld with randomly generated obstacles and
radiation level distributions. It aims to reach a goal on the opposite
side of the map while minimising the total radiation exposure from
planning and acting. Actions are to move one cell in an 8-connected
manner, with costs geometrically adjusted for diagonal movement.
Actions have a radiation-level dependent failure probability, rang-
ing linearly from 0 to 0.75 for the lowest and highest radiation levels
respectively. This domain is designed to demonstrate the benefits
of online metareasoning where different states have substantially
different costs of planning.

Problem distributions are defined implicitly by procedural gener-
ation of object-level MDPs for the agent to act in. Learning methods
are trained on 10K object-level MDPs drawn from p(M). All al-
gorithms are evaluated on 1K object-level MDPs also drawn from
p(M), which form a held-out evaluation set. Each evaluation prob-
lem instance is seeded by its ID, ensuring all algorithms face identi-
cal stochastic outcomes (such as ground-truth obstacle presence in
ObstacleRacetrack).

Domain visualisations, problem context functions and further
details are given in the supplementary material.

6.5 Quantitative and Qualitative Results

Cost results are normalised by the expected cost of the optimal pol-
icy for that problem instance. It is not possible to achieve normalised
cost of 1 in expectation when reasoning has costs, so a normalised
cost of 1 is a lower bound on cost (and therefore an upper bound
on performance) for all metareasoning methods. As domains are
stochastic, it is still sometimes possible for a few runs to achieve
normalised cost < 1. When comparing algorithms in the text, we
report how much excess cost they incur over the lower bound of
1, rather than the difference between the normalised costs of the
algorithms. Statistical significance is calculated using the one-sided
Mann-Whitney U test, with significance threshold p = 0.01. For the
learning-based metalevel controllers, we also train and evaluate in
a case where hyperparameter control is disabled, giving the learned
controllers access to the same interface as Bounds.
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In the ObstacleRacetrack domain, OnLearn achieves significantly
lower normalised cost than both Bounds and OffLearn, as shown in
Figure 2a. Relative to OnLearn, Bounds incurs a 37% mean excess-
cost increase (61% median increase), while OffLearn incurs a 30%
mean increase (54% median increase). All parameterisations of DTP
perform worse than the other methods: the best-performing pa-
rameterisation (0.2) incurs a 51% mean excess cost (82% median)
relative to OnLearn. The ablated version of OnLearn performs 18%
worse than OnLearn, but is still significantly better than Bounds.
The ablated version of OffLearn performs significantly worse than
all online methods.

Figure 2b shows the distribution of planning time used by three
of the metalevel controllers, with the distributions separated by
whether the obstacle ground-truth state was present or not present
in that evaluation MDP. The two online metalevel controllers (On-
Learn and Bounds) both use significantly more planning time when
the obstacle is present, as this is the state where the agent needs to
plan a more complex policy. Analysis of planning states in MDPs
where the obstacle was present shows planning taking place after
the obstacle is reached. Despite varying its planning time, and dis-
playing a larger variation in planning times than OnLearn, there is
no significant cost performance difference between OffLearn and
Bounds. OffLearn has the benefit of hyperparameter control and
being provided with a default policy, although the default policy
does not check the obstacle state.

A wider cost performance gap is observed in the RadWorld do-
main, as shown in Figure 3a. For all methods the mean and median
performance is similar, indicating that the distribution of costs is
more consistent across runs than in ObstacleRacetrack. OnLearn
achieves significantly lower normalised cost than all baselines. Com-
pared to OnLearn, Bounds incurs 2.4X as much excess cost and
OffLearn incurs 2.9x as much excess cost. Bounds performs signifi-
cantly better than OffLearn in this domain, and OffLearn does not
significantly outperform the best DTP parameterisation. Bounds is
able to make myopic metalevel decisions about the cost of plan-
ning in its current state, but is not able to reason about the cost
of planning being lower in potential future states. OffLearn is able
to control how long to reason based on the radiation level of the
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(a) Normalised cost-to-goal for the method and baselines. Markers
show the mean cost. Note that the value range of DTP planning ratio
differs from Figure 2a.

Figure 3: Cost performance and an example

start state, but has no ability to reason at other states. The ablated
version of OnLearn performs very similarly to OnLearn, showing
that most of the performance gain is due to non-myopic metalevel
reasoning rather than hyperparameter control. Interestingly, in this
domain, the ablated version of OffLearn performs slightly better
than OffLearn.

Figure 3b shows the qualitative reasoning behaviour of OnLearn
in a RadWorld MDP, showing only the states near the start state. It
spends 4 metalevel timesteps planning at the start state, but waits
until it reaches a low radiation level state to plan for longer. After
this, it only performs one more planning step during the 80-length
trajectory to the goal.

We carried out an ablation of OnLearn by replacing the NoP ac-
tion Q-value estimate observation (Section 5.3) with the immediate
cost of the NOP action in the current state, in a similar manner to
Budd et al. [8]. We found that this led to a statistically significant
10% increase in mean excess cost in the ObstacleRacetrack domain,
and no significant difference in the RadWorld domain. The lack of
effect in RadWorld is likely because the agent remains in the same
state while planning, whereas in ObstacleRacetrack the agent may
transition state depending on its current speed. As the RL agent
has an observation of the object-level algorithm’s value estimate
of the current state, it is straightforward to reconstruct Qy (s, NOP)
from this and the immediate cost observation.

7 CONCLUSION

We have presented a learning-based metalevel control framework
for online metareasoning in probabilistic planning, and shown it to
outperform several baselines in two novel environments that are
well-suited to evaluating metareasoning methods.

Limitations. As a deep RL-based method, the trade-off for mini-
mal metareasoning overhead is the requirement to train on a repre-
sentative problem distribution, which we assume is available. The
metalevel control formalisation itself, with separate object-level
and metalevel agents, also introduces one notable limitation in the
online setting: one can construct problems where optimal plan-

ning and acting decisions are not aligned, leading to suboptimal
metalevel performance. For example, if there exists a state with

AAMAS 2026, May 25-29, 2026, Paphos, Cyprus

Rad level

— Number of planning actions

(b) The beginning of one evaluation trajectory for the online learning
method, showing the agent’s path (red) and how much time it chooses
to spend planning at each state.

evaluation trajectory for the RadWorld domain.
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a low cost of planning which does not contribute to solving the
object-level problem, the metalevel agent has no way to instruct
the planner to visit that state. This limitation could be addressed
by tighter integration of the metalevel controller and planner, with
the drawback of losing the generality of the metalevel controller.

Designing the abstraction functions ®x and ®p requires do-
main knowledge. However, as demonstrated in our experiments
(with abstraction functions detailed in the supplementary mate-
rial), effective abstractions can be constructed from basic problem
characteristics and algorithm statistics, without requiring extensive
theoretical analysis. Finally, although we consider a simple case of
epistemic uncertainty in the environment, we assume the agent
has a perfect model of the environment.
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