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Abstract

Agents operating in the real world must balance fast, reactive control against slow,
deliberative planning, especially when planning is costly and the environment keeps
changing while a plan is computed. In this work, we study the problem of simulta-
neously acting with fast, reactive control and meta-reasoning about when to invoke a
slow, asynchronous planner as the Real-Time Meta-Reasoning MDP. In this setting, the
agent can, at any time, request a plan to help it accomplish its task. However, the plan is
costly and arrives only after a delay, during which the environment continues to change.
We propose a curriculum learning-based reinforcement learning (RL) method to train
agents that simultaneously learn when to invoke the planner, how to act while waiting
for a response, and how to follow the plan once it arrives. We evaluate our method in
dynamic, real-time environments where the agent cannot accomplish the task without
successfully applying all three behaviors. In two partially observable dynamic tasks we
show that our method achieves a higher success rate and uses fewer plans than fixed
meta-reasoning and heuristic baselines.

1 Introduction

In large, complex environments, a policy with finite capacity that directly maps observations to
actions cannot capture everything necessary for effective control across the entire state space (Javed
& Sutton, 2024). One way to mitigate such capacity limitations is to iteratively reason about future
actions through planning or reasoning. Iterative reasoning allows for an agent to compute an optimal
action as opposed to requiring the optimal action to memorized. Intuitively, an agent which can
search or reason can spend computation to figure out action to take even if it does not already know.
Much recent work has focused on this idea by scaling test-time reasoning and planning to improve
performance (OpenAl et al., 2024; Geiping et al., 2025; Snell et al., 2025).

While test-time reasoning has produced impressive results, most work on scaling test-time compute
treats additional computation as free. However, in the real-world planning takes time, as the environ-
ment does not pause while an agent computes. For example, a self-driving car whose planner takes
even a second to reason will not be able to react fast enough to a pedestrian who walks into the road
a short distance in front of it. This challenge exists whenever an agent must act in a continuously
changing environment, from social navigation (Kruse et al., 2013), to autonomous driving (Wenda
Xu et al., 2012), such domains are common in the real world. As a result, in real-time situations,
naively scaling up compute may cause task failure or physical harm.

With these considerations in mind, the goal of this work is to produce agents which satisfy two real-
world requirements. First, agents must act in real time, responding immediately as the environment
changes. Second, agents must be able to invoke additional computation for deliberation when reac-
tive control alone is insufficient. To enable such behaviors, we train RL agents to simultaneously
reason about when to invoke slow, expensive planners and control actions in dynamic, real-time
environments. Agents which perform well in such settings must fulfill three capabilities. First, they
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Figure 1: Real-Time Meta-Reasoning MDP visualization. This is the setting in which we instantiate
our RL method to enable agent to operate in real-time domains with slow, asynchronous planners.

must correctly decide when to invoke expensive planning to maximize the performance benefit while
minimizing the cost. Second, they must act effectively while waiting, as plans take time to arrive.
Third, they must correctly implement the plan once it is available.

With these desiderata in mind we ask:

Can an RL agent learn to selectively use a slow, deliberative planning routine while acting in a
real-time, dynamic domain?

To answer this question, we formalize a real-time meta-reasoning problem with slow planners as
an MDP. We then introduce a method based on this MDP to train RL agents to selectively invoke a
computationally expensive planner while interacting with the environment. We evaluate our method
in two dynamic environments in which the agent must learn when to request a plan, how to act while
waiting for it, and how to follow it once it arrives. Our experiments show that our method trains
agents that both accomplish the dynamic tasks successfully and use less computation than fixed
heuristics. In summary, we make the following contributions:

1. We formalize the real-time meta-reasoning problem as an MDP that jointly models reactive con-
trol, planner invocation, and the delay between requesting and receiving a plan.

2. We introduce an RL-based method which uses curriculum learning to learn when to invoke a
slow planner, how to act effectively while waiting for plans, and how to follow the plans.

3. We empirically show our method achieves fewer collisions than heuristic waiting baselines and
uses less computation than fixed planning baselines.

2 Background
In this section we describe MDPs, asynchronous planning, and meta-reasoning.

Markov Decision Processes. Markov Decision Processes (MDPs) are defined by the tuple M =
(S, A, P,R,~), where S is the state space, A is the action space, P(s’|s, a) defines the transition
dynamics, R(s,a) is the reward function, and v € [0, 1) is the discount factor. At each timestep
t, the agent observes state s; € S and selects an action a; € A according to a policy w(a; | $¢).
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The environment transitions to a new state s;y; according to P, and the agent receives reward
r+ = R(st,a:). The objective of RL is to learn a policy which maximizes the expected discounted

return: J(7m) = E,or Do i (se, ar)].

Asynchronous Planning. In classical planning settings, it is generally assumed that the environ-
ment pauses while the agent computes a plan and that execution begins once planning is complete
(Ghallab et al., 2016). However, in real-time environments this assumption does not hold. Instead,
time passes as plans are computed, a setting referred to as asynchronous planning (Gat, 1992). For-
mally, when a plan is requested at timestep ¢, it is not available until timestep ¢ 4 J, where § > 0 is
the planning delay. During the interval [t, ¢ 4 ¢], the environment continues to transition according
to P. This delay introduces two challenges. First, the agent must act effectively during the delay
interval without access to an updated plan. Second, when the plan arrives at timestep ¢ + §, it was
computed based on state s;, which may no longer reflect the current state s;; s, making the plan
potentially stale upon arrival.

Meta-reasoning. Meta-reasoning is the process of reasoning about when or how to reason
(Horvitz, 2013). It is motivated by the idea of bounded rationality (Simon, 1990), which states
that because decision-making is constrained by time, information, and energy, agents must rely on
approximate solutions rather than exact ones. However, bounded rationality does not specify how
approximate a solution should be in a given situation, only that some approximation is necessary.
Meta-reasoning addresses this challenge by allowing an agent to improve its performance by de-
termining how much computation to allocate to a decision based on the demands of the current
situation. In this work, we focus on meta-reasoning for when to invoke expensive computation.

3 Related Work

Variable Computation. A number of works investigate how agents can vary the amount of compu-
tation during decision-making. Labiosa & Hanna (2026) account for the difference in time required
to generate actions via planning versus model-free acting, and train an RL-based meta-controller to
choose between them at each timestep, but do not consider dynamic domains in which the environ-
ment can change while planning occurs. Several works use RL to switch between action-production
mechanisms or vary computation per decision (Késtner et al., 2021; Sharma et al., 2025; Dey et al.,
2023; Metelli et al., 2020; Orenstein et al., 2025) or to decide how much computation to perform
before acting (Callaway et al., 2018; Hamrick et al., 2017; Budd et al., 2024; Bergamaschi Ganapini
et al., 2025), but treat computation as synchronous with no variable latency. In the LLM literature,
many works study when to use additional reasoning computation, but do not consider real-time do-
mains (Paglieri et al., 2025; Fang et al., 2025; Sabbata et al., 2025; Hanna & Corrado, 2025). Wen
et al. (2025) propose both a benchmark for real-time reasoning and an agent combining a faster ac-
tion generator with a slower reasoner, but fix the amount of reasoning per planning step and do not
address the meta-reasoning problem of when to replan.

Real-Time Planning. Several works study asynchronous planning, in which the environment con-
tinues to transition while planning occurs. Many approaches focus on producing actions within a
time budget or deadline (Thomas et al., 2024; Dionne et al., 2011; Coles et al., 2024; Elboher et al.,
2023; Fritz & Mcllraith, 2012), while others consider when replanning is worth its time cost (Lemai
& Ingrand; Cashmore et al., 2019). However, all of these works rely on heuristics rather than learned
policies. In contrast, we learn replanning decisions end-to-end with RL.

Real-Time Reinforcement Learning. Prior work on real-time RL has largely focused on two dis-
tinct problems. The first is improving the speed of the learning-acting loop (Hester et al., 2012;
Hester & Stone, 2013; Travnik et al., 2018; Caarls & Schuitema, 2016; Dulac-Arnold et al., 2021;
Ramstedt & Pal, 2019; Bohm et al., 2022), which is different to our focus on how agents act in real
time rather than how quickly they learn. The second is handling the observation-to-action delay
introduced by the agent itself (Chen et al., 2020; 2021; Anokin et al., 2025; Lee et al., 2024; Riemer
et al., 2025; Liotet et al., 2022; 2021; Du et al., 2022). Our setting differs in that we assume the
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agent can produce reactive actions quickly (e.g., via local inference) and instead focus on how it
should manage the additional latency incurred by invoking an expensive external planner.

Hierarchical Goal-Conditioned RL. Our method has structural similarities to hierarchical goal-
conditioned RL (Klissarov et al., 2025), in which a high-level policy produces goals that a low-level
policy is trained to achieve (Vezhnevets et al., 2017; Nachum et al., 2018; Gupta et al., 2019). How-
ever, standard hierarchical approaches generally assume that a new goal is created instantaneously,
with no cost or delay between the request and its arrival. In our setting, invoking the planner incurs
both a cost and a delay, during which the environment continues to change and the low-level policy
must continue acting without an updated plan, and any plan received may be stale.

4 The Real-Time Meta-Reasoning MDP

We formalize reactive control with asynchronous planning as the Real-Time Meta-Reasoning MDP
defined by the tuple (S A, PR, ), where S is the augmented state space, A is the augmented
action space, P are the augmented transition dynamics, R is the augmented reward function, and ~y
is the discount factor as in a standard MDP (Section 2).

State Space. The augmented state space S = S x S, combines the base environment state space
S, and the plan state space Sp. At each timestep the agent observes 5, := (s7,p;, w;) € S, where
s¢ € Sc is the current environment state and (p;, w;) € S, are the most recent plan and the time
remaining until a requested plan is returned. The plan p, is the most recent plan returned by the
planner, with p; = 0 if no plan has been received in the current episode. We leave the exact
representation of p; to be general as it may take different forms in different domains, such as a
sequence of waypoints in a navigation domain or a set of instructions in a language-based domain.
The wait counter w; is the time remaining until a requested plan is returned, with w; = 0 if no plan
is currently being computed.

Action Space. The augmented action space A= A, x A, combines the base environment control
action space A, and a binary plan action space A, = {0, 1}, which indicates whether to invoke the
planner. At each timestep ¢, the agent selects a control action af € A, and a plan action a} € A,

according to a policy m(ay | 5;), where a; = (a$,al) € A.

Planner and Planning Delay. The plan state transitions according to P, determined by the planner
f and planning delay J. In general, § may be fixed or drawn from a distribution 6 ~ D to model
variable planner execution time. When the agent sets ) = 1 at timestep ¢, the planner receives s¢
and begins computing a plan, and the wait counter is set to w;y+1; = §. This rule applies whether
or not a plan is already in progress, so a new request made while w; > 0 discards the in-progress
computation and restarts the delay using the current state s¢. While af = 0 and w; > 0, the wait
counter decrements as w;y; = max(w; — 1,0). When the wait counter reaches zero, the plan is
returned and p;11 = f(s§), using the environment state at the time the corresponding request was
made, otherwise the plan remains unchanged, p;11 = p;. During the interval between a request
and its corresponding delay J, the agent must act without an updated plan. Upon arrival, the plan
may be stale, as it was computed using the environment state at request time, which may differ
from the environment state at arrival. The full transition dynamics P = P, x P, combine the base
environment dynamics P, with the plan transition dynamics P,.

Reward. The augmented reward R(3;, a;) = Re(s¢,a$) — rP - af combines the base environment
reward with a planning cost, where r? > 0 is a fixed penalty incurred whenever the planner is
invoked.

5 Reinforcement Learning with Delayed Computation

In this section, we describe our instantiation of a Real-Time Meta-Reasoning MDP and how we
train agents to operate in domains with slow, asynchronous planners. We consider two domains
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Figure 2: Visual representation of the environments used in experiments. In all environments, the
green square represents the agent, blue square the goal and green line is the plan produced by the
planner. The red objects are all obstacles which cause failure upon contact, and the gray represents
walls which the agent cannot pass through.

which are both discrete, vision-based environments. As such, we instantiate this MDP for discrete,
vision-based environments, in which the plan is represented in the agent’s image observation.

The joint action space .A contains ten actions, combining five movement actions with two plan
actions.

~

A=A, x A, = {Up, Down, Right, Left, Stay} x {0,1}
This action space allows the agent to move and invoke the planner within the same timestep.

We instantiate the observation space using a vision-based setup in which the agent receives a top-
down view of its local surroundings as a multi-channel image of size N x N, where N < M and
M is the size of the full environment. Each channel encodes a different aspect of the environment.

1. Obstacles: The positions of dynamic obstacles within the view area at the current timestep ¢.

2. Previous Obstacles: The positions of dynamic obstacles at the previous timestep ¢ — 1, allowing
the agent to understand obstacle movement direction.

3. Goal: The position of the goal if it falls within the observation area.

4. Walls: The positions of static walls in the environment.

To instantiate the plan and wait state (p;, w;) € Sp, we augment the base observation with three
additional components. First, the plan p; is provided as an image channel that renders the plan
by interpolating the waypoints returned by the planner. Second, the wait counter is given as a
normalized value @w; = w;/0 € [0,1]. Third, a binary indicator 1{w; > 0] is included to let the
agent distinguish between a plan having just been requested, when w;, is close to one, versus no plan
having been requested at all, when w; is undefined or zero by convention.

Training an agent to simultaneously invoke the planner, follow returned plans, and act effectively
during the planning delay is difficult from scratch, as it is challenging to learn the benefit of calling
the planner when it has a high delay. The core challenge is that learning to invoke the planner
and follow its output requires the agent to experience the benefit of planning. Under a large delay,
however, the agent is unlikely to successfully invoke the planner, wait, and then follow the returned
plan to reach a long-distance goal. To address this, we use a three-stage curriculum in which the
planning delay is progressively increased. In the first stage, the agent is trained with a short delay,
allowing it to learn to invoke the planner and follow plans without the added difficulty of acting
during a long delay. In the second stage, the delay is increased to an intermediate value, requiring
the agent to act before the plan arrives. In the final stage, the delay is increased to the target value §*,
enabling the agent to learn the full waiting behavior required for dynamic environments. Specific
delay values for each stage are provided in Section 6.
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Experiment Success Rate T Collision Rate |  Plans/Ep. |
Freeze While Planning 68.86 +1.16%  31.98+1.18%  2.69+0.09
Avoid Obstacles While Waiting 78.99 + 2.77% 21.30+2.38%  4.20 4+ 0.38
Fixed Frequency (10) 90.02 + 1.11% 11.71 £1.14%  4.09 £ 0.06
Fixed Frequency (20) 90.26 + 0.57% 11.424+0.63%  3.24 £0.04
Fixed Frequency (40) 89.61 + 0.61% 12.25 +£0.58%  3.31+£0.13
Fixed Frequency (80) 88.26 + 1.09% 13.46 +1.16% 2.06 +0.03
Full Method 92.36 + 0.84% 8.87+0.68% 2.41+0.10

Table 1: Results on the Warehouse environment. 71 indicates higher is better, | lower is better.
Success rate is the percentage of runs the goal is reached. Collision Rate is the percentage of runs
the agent collides with an obstacle and Plans/Ep. is the average number of plans called in an episode.
All experiments run for 20 seeds and evaluated on 2048 episodes post training. Confidence intervals
are 95% ClIs computed using the Student’s #-distribution.

6 Experiments

In this section we detail our experimental setup and the empirical results.

6.1 Environments

We evaluate our method on two environments designed to test different aspects of asynchronous
planning. First, the frequency with which replanning is required, second, the degree to which plans
become stale, and third, the difficulty of acting effectively during the planning delay. Both environ-
ments test all three components, but do so in different ways. For specific environment parameters
see Table 4.

1. Warehouse: The agent must navigate a warehouse-like environment shared with other agents
performing independent tasks. The agent must follow its plan while avoiding collisions with the
obstacle agents. The goal moves randomly during the episode, requiring the agent to recognize
when its current plan is no longer valid and replan. This environment primarily tests reactive
behavior, as many other agents move nearby while the agent waits for an updated plan.

2. Evade: The agent navigates a large open area toward a moving goal while avoiding large ob-
stacles that move randomly. The planner computes paths around obstacles, but their movement
can invalidate a plan during execution. The agent also must evade obstacles while waiting for
updated plans. This environment primarily tests plan staleness, as obstacle movement may force
replanning.

6.2 Empirical Setup

We train all agents using PPO (Schulman et al., 2017) with the Brax training library (Freeman et al.,
2021). Hyperparameters are provided in Table 3. We train all agents using the delay curriculum
described in Section 5, with planning delays of § € {2, 10,20} trained for {107,107, 3 x 107} steps
respectively. All agents are evaluated at § = §* = 20.

6.3 Baselines

We compare our agents against two types of baselines. First, we fix the agent’s waiting behavior
using heuristic waiting policies, which control how the agent acts during the planning delay. Second,
we fix the agent’s meta-reasoning behavior using heuristic replanning policies, which request plans
at fixed intervals. All baselines are trained with the same curriculum as our method to isolate the
contribution of learning each behavior.
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Experiment Success Rate T Collision Rate |  Plans/Ep. |
Freeze While Planning 74.03+2.13%  2557+2.10%  2.45+0.22
Avoid Obstacles While Waiting 84.87 +1.26% 13.88 £1.07%  4.29+0.33
Fixed Frequency (10) 88.78 +2.91% 10.17+£2.81%  4.35+0.11
Fixed Frequency (20) 89.57 + 0.81% 9.15+0.84%  3.50+0.07
Fixed Frequency (40) 87.89 +5.71% 11.11 £5.80%  3.38£0.12
Fixed Frequency (80) 87.94 + 0.75% 9.57+£0.79% 2.18 £0.05
Full Method 87.92 + 1.70% 8.77+0.82%  2.34+0.08

Table 2: Results on the Evade environment. 1 indicates higher is better, | lower is better. Success
rate is the percentage of runs the goal is reached. Collision Rate is the percentage of runs the agent
collides with an obstacle and Plans/Ep. is the average number of plans called in an episode. All
experiments run for 20 seeds and evaluated on 2048 episodes post training. Confidence intervals are
95% Cls computed using the Student’s ¢-distribution.

Waiting policy baselines. We evaluate two heuristic waiting policies to assess the effectiveness
of the learned waiting behavior. The Freeze While Waiting baseline executes a Stay action for the
duration of the planning delay, so the agent does not move while the plan is computed. The Avoid
Obstacles While Waiting baseline moves directly away from the nearest obstacle within its view
range.

Meta-reasoning baselines. We evaluate a set of Fixed Frequency baselines to assess whether
learned meta-reasoning reduces compute usage while maintaining task performance. Specifically,
we test fixed replanning intervals of N € {10, 20, 40,80} timesteps.

6.4 Evaluation Metrics

We evaluate all policies on three metrics. Success rate: the percentage of episodes in which the
agent reaches the goal before truncation, without having triggered a collision. Collision rate: the
percentage of episodes in which the agent contacts an obstacle, terminating the episode. Plans per
episode: the number of planner calls per episode.

6.5 Empirical Analysis

In this section, we analyze the effectiveness of our method across both environments. Results are
shown in Table 1 for the Warehouse environment and Table 2 for the Evade environment.

In the Warehouse environment, our method achieves a higher success rate and lower collision rate
than both waiting policy baselines, demonstrating that the learned waiting behavior enables the
agent to navigate effectively while waiting for plans. Our method also uses fewer plans per episode
than all fixed-frequency baselines except Fixed Frequency (80). While Fixed Frequency (80) uses
fewer plans per episode than our method and the other fixed-frequency baselines, it achieves a lower
success rate than our method. In contrast, our method learns to selectively invoke the planner at
a low rate while maintaining the highest success rate among all methods evaluated. This result
suggests that jointly learning meta-reasoning and reactive control is beneficial for both improved
acting and plan-calling. Interestingly, Avoid Obstacles While Waiting invokes the planner at nearly
double the rate of our method, yet it still achieves a significantly worse collision rate. This result
suggests that while avoiding nearby obstacles may keep the agent safe during the waiting period, the
lack of long-horizon reasoning can leave the policy in difficult situations once it regains control.

In the Evade environment, results are more mixed. Compared to the waiting policy baselines, our
method achieves a significantly lower collision rate. Its success rate is comparable to Avoid Obsta-
cles While Waiting, suggesting that the agent becomes cautious and prioritizes obstacle avoidance
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at the cost of task completion, which causes episodes to time out rather than fail via collision. This
may reflect a higher degree of plan staleness in this environment. Because adversaries can block
planned paths and the goal can move substantially during the delay, the agent may learn to wait for
updated plans rather than act on stale ones, resulting in overly conservative behavior. Compared
to the fixed-frequency baselines, our method performs similarly across success rate and collision
rate. While our method uses fewer plans per episode than all fixed-frequency baselines except Fixed
Frequency (80), it does not perform substantially better on success rate or collision rate in this envi-
ronment. This result suggests our method is still able to jointly perform meta-reasoning and control
successfully in Evade, though improving its performance relative to fixed-frequency baselines in this
environment is left to future work.

7 Discussion and Future Work

Our empirical results demonstrate that RL agents can learn to perform both meta-reasoning and
reactive control using slow planners in real-time domains. Here we identify limitations of this work
and outline directions for future research.

First, our method’s performance varies across environments. While it performs strongly in the Ware-
house domain, achieving the highest success rate and lowest collision rate, in the Evade environment
it becomes overly cautious by prioritizing avoiding collisions rather than task competion. Future
work will explore method adjustments to better balance safety and task completion across domains.

Second, we evaluate on only two environments. While these environments are designed to test
distinct aspects of the asynchronous planning problem, they are limited in scope. Both are gridworld-
based, which isolates the core challenges but does not capture the nuance and complexity present
in many real-world tasks. We plan to expand the evaluation to a larger and more diverse set of
environments, including more realistic domains such as autonomous driving and robotic navigation,
and to incorporate realistic slow planners such as diffusion-based motion planners or reasoning
LLMs to evaluate our method beyond the gridworld setting.

Third, beyond verifying the effectiveness of the curriculum against fixed baselines, we do not run
ablations on our method. Future work will investigate the contribution of individual components
and the sensitivity of performance to each.

Fourth, we do not analyze the behavior learned by the policy. Future work should include behavioral
analyses examining, for example, when and how often the agent chooses to replan throughout an
episode, and how this varies with environment dynamics.

8 Conclusion

In this work, we presented a method for training agents that jointly perform meta-reasoning over
slow planners and reactive control in real-time domains. We framed this problem as a Real-Time
Meta-Reasoning MDP, and used this formalism to train RL agents that outperform heuristic base-
lines fixing either waiting behavior or replanning frequency. As agents are deployed in dynamic,
real-world settings where computation is both slow and costly, enabling them to flexibly allocate
computation while effectively handling a changing environment will enable more general and useful
agents.
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9 Appendix

Hyperparameter Value used Brax default
Number of parallel environments 512 1
Learning rate 3x107%  1x1074
Discount factor ~y 0.99 0.9
Entropy coefficient 0.0 1x 1074
Rollout length 32 10

Batch size 256 32
Number of minibatches 8 16
Updates per batch 4 2

PPO clipping parameter € 0.2 0.3
Number of evaluations 10 1
Deterministic evaluation true false

Table 3: PPO hyperparameters which differ from Brax PPO defaults.

Parameter Warehouse Evade

Episode horizon 500 steps 500 steps

World size 160 x 160 160 x 160

Agent speed 2 units/step 2 units/step

Moving obstacle type Other robots Circular blobs
Number of obstacles 20 robots 20 blobs

Obstacle size Agent-sized robots Radius 6.0

Obstacle speed 1 unit/step 1 unit/step

Obstacle movement start rate  Continuous p = 0.25 per idle step
Obstacle movement duration  N/A 5-20 steps

Goal movement start rate p = 0.25 peridle step p = 0.25 per idle step
Goal movement duration 10-20 steps 5-10 steps

Goal movement speed 1 unit/step 1 unit/step

Goal size 4x4 4x4

Table 4: Environment parameters for the agent, the obstacles and the goal.



