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Abstract

Reward design is a critical yet often underexplored com-
ponent of reinforcement learning for planning problems. In
this work we analyze how different reward shaping strate-
gies affect learning performance when using Proximal Pol-
icy Optimization for planning tasks maximizing sub-goals
and minimizing plan length. We evaluate several reward for-
mulations derived from the objective function while keeping
the learning algorithm and model architecture fixed. Experi-
ments on benchmarks from the International Planning Com-
petition 2023 show that commonly used shaping strategies do
not consistently outperform sparse rewards. While some for-
mulations provide competitive performance, our results high-
light the difficulty of designing effective reward signals for
policy gradient methods in planning domains.

Introduction
Planning problems are fundamental in robotics, scheduling,
and decision-making (Ghallab, Nau, and Traverso 2004).
While classical symbolic planning dominates, reinforcement
learning (RL) has emerged as a promising complemen-
tary approach (Chen and Tian 2019; Ståhlberg, Bonet, and
Geffner 2022, 2023). However, RL success depends crit-
ically on reward design. In planning domains with com-
pletely known deterministic transitions, the natural reward
signal is sparse: agents receive feedback only upon reaching
a goal. This sparsity severely hampers learning, motivating
reward shaping—reformulating rewards to provide denser
feedback during training.

Practitioners have proposed many approaches to ad-
dress sparse rewards in planning: incremental improve-
ments (Chen and Tian 2019), best-state rewards (Sutton
and Barto 2018), potential-based approaches (Gehring et al.
2022; Wiewiora 2003) using heuristics, and others. Yet a
fundamental question remains unanswered: do these reward
structures actually motivate agents to maximize sub-goal
satisfaction while minimizing plan length? Without this un-
derstanding, practitioners resort to ad-hoc reward choices,
and we lack data on whether theoretically-motivated designs
translate to learning performance in practice.

*These authors contributed equally.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

In this work, we systematically analyze existing reward
formulations for planning-based RL. We define a natural
order property capturing when rewards align with planning
objectives: preferring solutions that satisfy more sub-goals
and favoring shorter trajectories when quality is tied.
We evaluate common reward formulations against this
property through both theoretical analysis and empirical
study. Specifically, we train Proximal Policy Optimization
(PPO) (Schulman et al. 2017) under each reward scheme
on diverse planning tasks from the 2023 International
Planning Competition, keeping the algorithm, architecture,
and hyperparameters fixed to isolate reward effects. The
results should be interpreted within this setting and are not
intended as general claims about RL or planning methods.

Our results reveal that reward formulations with desirable
theoretical properties do not consistently outperform others
in empirical learning. The findings highlight the difficulty of
designing effective reward signals for policy gradient meth-
ods in deterministic planning domains and suggest that the
relationship between reward structure and learning perfor-
mance is more complex than existing heuristics assume.

Background
We consider deterministic planning problems defined over
a structured state space. A state s ∈ S represents a config-
uration of the environment, and from each state the agent
can take any applicable action a ∈ A(s). The application
of an action deterministically produces a successor state
s′ = T (s, a) through a transition function T . The number
of applicable actions varies across states, resulting in a non-
uniform branching factor, which is a key challenge for learn-
ing and search in planning domains.

Planning problems can be naturally cast as Markov De-
cision Processes (MDPs), enabling the use of reinforcement
learning (RL) methods (Sutton and Barto 2018). An MDP is
defined as a tuple (S,A, T, R, γ), where S is the state space,
A is the action space, T is the transition function, R is a re-
ward function, and γ ∈ (0, 1] is a discount factor. In our
setting, transitions are deterministic, but the reward func-
tion may be shaped to provide informative feedback during
search. Casting planning as an MDP allows us to interpret
the search process as sequential decision making and to op-
timize decision policies using RL techniques.

A stochastic policy πθ parameterized by θ defines a distri-
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bution over decisions at each state. Given deterministic tran-
sitions, it is convenient to express the policy directly over
successor states, πθ(s

′ | s), which implicitly induces a dis-
tribution over actions via s′ = T (s, a). A trajectory is a
sequence of visited states τ = (s0, s1, . . . , s|τ |−1). In our
planning setting, solution quality is given by the number of
sub-goals satisfied while executing the trajectory, and trajec-
tory efficiency by plan length. The quality of a trajectory is
measured by its discounted return

G(τ) =

|τ |−2∑
t=0

γtR(st, st+1). (1)

In planning domains, the policy needs to be flexible
enough to define a distribution over a variable number of ac-
tions. We use a successor-based parametrization of the pol-
icy. Given a state s with successors Succ(s) = {T (s, a) :
a ∈ A(s)}, the corresponding policy is defined as

πθ(s
′ | s) = exp(zθ(s

′))∑
s̃∈Succ(s) exp(zθ(s̃))

.

Problem Definition
In our settings, each state s ∈ S is associated with a scalar
objective value

o : S → R,
measuring the quality of the state with respect to the under-
lying planning goal. Specifically, o(s) measures the degree
of goal satisfaction achieved in state s, such as the number
of satisfied sub-goals. Rather than evaluating only the final
state of a trajectory, we adopt the common perspective in
search that the quality of a trajectory is determined by the
best state encountered along it. Accordingly, we define the
trajectory-level objective as

O(τ) = max
s∈τ

o(s). (2)

This formulation reflects the fact that search procedures
aim to discover high-quality states at any point during
exploration, rather than only at termination.

While reinforcement learning optimizes policies with re-
spect to cumulative reward, the ultimate objective in plan-
ning is to maximize O(τ). Therefore, the designed reward
function should prioritize trajectory returns that are consis-
tent with the ordering defined by the planning objective.

Concretely, we adopt the standard trajectory preference
in planning, called the natural order here: trajectories are
ranked primarily by the maximum goal satisfaction over
their states, and ties are broken in favor of shorter trajec-
tories to reflect a bias toward efficient solutions.

Note that designing a reward function that satis-
fies the natural order, a lexicographic ordering on pairs
(maxs∈τ o(s),−|τ |), is tricky. The best objective value
encountered along a trajectory is inherently non-additive,
whereas any cumulative return based on step-wise reward is
additive by definition. Even formulations that track the best
value so far cannot simultaneously prefer shorter trajectories
without access to the actual trajectory length, and naively pe-
nalizing length can violate the quality ordering: a discount

factor γ < 1 suppresses late rewards, potentially undervalu-
ing trajectories whose best state appears late, while a con-
stant step penalty can cause accumulated costs to overwhelm
the objective value of long but high-quality trajectories.

Reward Design Strategies
We discuss different reward constructions and briefly
comment on their alignment with the natural order (goal
satisfaction first, then trajectory length). All time- or history-
dependent variants (including OPD and MSF) use standard
state augmentation to preserve the Markov property.

Terminal Reward (TR). Terminal rewards are common
in combinatorial optimization and search because they avoid
shaping intermediate behavior and only score at the end of
a trajectory (Bello et al. 2017; Kool, van Hoof, and Welling
2019). Let T ⊆ S be the set of terminal states and let τ =
(s0, s1, . . . , sn) terminate at sn ∈ T . Define

R(st, at) =

{
o(sn), if t = n− 1,

0, otherwise.
(3)

In general, this construction violates the natural order: tra-
jectories with better terminal states get higher returns, but
those with the same terminal outcome receive equal returns
regardless of length, so shorter solutions are not preferred.

Incremental Objective Difference (IOD). Incremental
objective-difference rewards provide dense feedback by re-
warding local progress in the underlying objective, which is
a standard trick for reducing sparsity in learning-based plan-
ning and control (Chen and Tian 2018). Formally, define

R(st, at) = o
(
T (st, at)

)
− o(st). (4)

In general, this reward violates the natural order: cumulative
local improvements can rank trajectories differently from
maxs∈τ o(s), making returns depend on the path rather than
the best achieved quality and solution length.

Step incremental. A common motivation for incremental
shaping methods is to avoid sensitivity to the discount fac-
tor by using undiscounted returns and encoding preferences
directly in the per-step reward (Sutton and Barto 2018).

R′(st, at) = R(st, at)− c, (5)

where c > 0 is a constant, and R(st, at) can be instantiated
using IOD and TR, yielding SIOD and STR, respectively. In
terms of natural-order alignment, the conclusion is the same
as for IOD rewards.

Maximum-So-Far (MSF). This reward mirrors
improvement-based criteria such as expected improve-
ment in Bayesian optimization (Bergstra et al. 2011). To
preserve the Markov property, the MDP is extended to
track the maximum objective value seen so far, with state
st = (vt,mt) and mt = max0≤i≤t o(vi). The transition
function is defined as

T ′((vt,mt), at
)
=

(
T (vt, at), max{mt, o(T (vt, at))}

)
,

and the reward function is given by

R
(
(vt,mt), at

)
= max(0, mt+1 −mt), (6)
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where (vt+1,mt+1) = T ′((vt,mt), at). This construction
violates the natural order by ignoring solution length and
depending on the distribution of improvements.

Potential-based shaping from heuristics (POT). POT is
a principled way to densify rewards while preserving opti-
mal policies under mild conditions (Ng, Harada, and Russell
1999), and it can be instantiated from planning heuristics by
setting the potential to a heuristic estimate (Gehring et al.
2022). Formally, for st+1 = T (st, at) define

R′(st, at) = R(st, at) + γ ϕ(st+1)− ϕ(st), (7)

where typically ϕ(s) = −h(s) for a cost-to-go heuristic h
and R(st, at) is the reward based on TR. In general, this
shaped reward breaks the natural order: it guides policy
optimization rather than enforcing (maxs∈τ o(s),−|τ |), so
equal-quality trajectories may be ranked inconsistently.

Relative Objective Difference (ROD). Relative (normal-
ized) improvements are common in numerical optimiza-
tion and benchmarking because they measure progress on a
scale-free basis (Nocedal and Wright 2006; Moré and Wild
2009). Formally, assuming o(st) ̸= 0 define

R(st, at) =
o(T (st, at))− o(st)

o(st)
.

This construction violates the natural order since step-wise
aggregation can misrank trajectories and ignores length.

Direct Preference Optimization (DPO). DPO optimizes
a policy directly from pairwise trajectory preferences, avoid-
ing explicit reward modeling and a separate RL fine-tuning
stage (Rafailov et al. 2023). Formally, given a preferred tra-
jectory τ1 and a dispreferred trajectory τ2, DPO minimizes

L = − log σ

(
β log

πθ(τ1)

πref(τ1)
− β log

πθ(τ2)

πref(τ2)

)
, (8)

where πθ is the policy, πref a fixed reference policy, and β >
0 a temperature parameter. Binary preferences may violate
the lexicographic order, so the natural order does not hold.

Order-Preserving Decay Shaping (OPD). This is a mod-
ification of IOD to also preserve the natural order by incor-
porating a step-dependent decay term

R(st, at) = o
(
T (st, at)

)
− o(st) +

δ

t+ 2
− δ

t+ 1
, (9)

where δ>0, and ∀s, s′∈S, o(s) ̸=o(s′) ⇒ |o(s)−o(s′)|>δ.

Experiments
Experimental settings. The experimental protocol fol-
lows the bootstrap process (Arfaee, Zilles, and Holte 2011).
For each domain, we iterate sequentially over the available
IPC’23 Learning Track instances (Taitler et al. 2024). For
each instance, we (i) run PPO search with the current pol-
icy until a goal is reached, the 30s time limit is exceeded,
or a dead end is reached (no applicable actions), (ii) ex-
tract learning samples according to the corresponding re-
ward construction, and (iii) update the model parameters us-
ing the collected samples. Training proceeds online and se-
quentially across instances without resetting the model.

All methods use the same PPO procedure, network archi-
tecture, and optimizer settings. For data collection, we split
each linear rollout into trajectory windows of length 100.
For rollouts longer than 100, we additionally add windows
starting every 50 steps. PPO then performs one actor update
epoch and five critic update epochs per minibatch (using the
same minibatches for both). We use GAE with λ = 0.95,
clipping parameter ϵ = 0.2 (clip coefficient 0.2), and nor-
malize advantages per minibatch. The critic is trained with
an MSE loss. We optimize both actor and critic with Adam
(learning rate 10−4, β1 = 0.9, β2 = 0.999), with learning-
rate decay by a factor 0.8 every 5 updates. We train for 10
outer epochs and evaluate both γ ∈ {0.99, 1.0}. The actor
and critic are implemented as separate networks and opti-
mized independently.

We use the ObjectBinary encoding with edge features as
proposed in (Horčı́k et al. 2025) with following settings: a
single message-passing layer (hidden dimension 32), sum
and max pooling, and a two-layer MLP (hidden dimension
32, output dimension 1) with ReLU nonlinearities.

We define a state scoring function o(s) as the number
of achieved goal atoms in s (size of the intersection of the
state’s atoms with the goal atoms).

Learning is performed as proposed in (Orseau and Lelis
2021), where the goal is to solve a set of problem instances
in a given time, which is in case of this paper 10 epochs. The
goal is not to evaluate generalization to unseen instances,
but to compare the effect of different reward shaping strate-
gies on learning within a fixed set of problems. All chosen
instances in each domain are used for training, and results
are reported as mean and standard deviation over three in-
dependent runs for each method on each problem instance.
The experiments were implemented in Julia 1.11.7 on top
of PDDL.jl and SymbolicPlanners.jl (Zhi-Xuan
2022). We use the official implementation of the ObjectBi-
nary state encoding from (Horčı́k et al. 2025).

Results. According to Table 1, IOD and TR—two com-
monly used reward designs in planning domains—exhibit
very similar behavior and overall strong performance. Both
approaches provide stable and effective guidance for the
learning process. As shown in Figure 1, IOD tends to pro-
duce the shortest solutions for many of the problem in-
stances and is the second best (DPO is the best) on aver-
age. In contrast, MSF, which directly reflects the behavior of
available solvers, performs noticeably worse than the other
approaches. This can be attributed to the nature of its reward
signal, which does not sufficiently emphasize global opti-
mality and instead tends to favor local objective satisfaction
(see Figure 2). The results further indicate that ROD is not
a suitable choice for reward design in planning domains, as
it consistently underperforms compared to the alternatives.
Although DPO does not demonstrate competitive perfor-
mance in our experiments, we believe this is primarily due to
the limited number of trajectories provided during training,
rather than an inherent weakness of the method itself. SIOD
and STR represent two variations of the same underlying
idea, and thus their similar performance is expected. How-
ever, both methods are consistently inferior to IOD and TR,
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IOD TR MSF ROD DPO SIOD STR OPD POT
Blocks 60.7±5.3 62.9±5.4 50.5±10.0 22.6±15.4 6.0±0.6 54.3±5.6 61.9±12.8 54.5±10.3 70.2±5.3
Ferry 6.6±0.3 7.4±1.9 6.0±1.2 6.3±1.4 5.8±1.8 5.3±0.5 5.6±1.4 6.2±1.1 5.5±0.8
Floortile 2.1±0.6 1.2±0.8 1.4±0.8 1.8±0.6 1.4±0.3 2.5±0.3 2.0±0.8 2.8±0.8 1.3±0.3
Miconic 12.5±0.3 11.5±0.8 12.3±0.6 11.1±1.4 11.5±1.1 11.1±0.0 11.3±0.3 11.5±1.1 10.4±1.1
Rovers 52.0±3.8 56.4±1.4 53.4±2.7 52.9±2.3 52.9±3.5 52.2±5.1 48.3±4.3 53.1±2.5 60.7±1.2
Satellite 68.9±1.3 70.4±0.0 60.6±12.7 45.3±8.4 36.3±2.0 70.0±0.8 69.5±1.4 70.6±0.3 69.0±1.4
Sokoban 4.4±0.3 5.0±0.3 4.8±1.9 5.1±0.3 4.6±1.1 5.1±0.3 5.0±1.4 4.8±0.6 4.6±1.3
Spanner 76.9±2.2 77.1±1.1 74.1±5.6 78.8±2.0 81.5±1.0 75.2±3.1 76.2±2.3 76.3±2.7 79.9±0.0
Transport 71.4±0.9 71.4±0.9 30.7±5.1 29.3±8.2 11.8±2.2 72.0±1.1 72.0±1.4 70.0±1.7 72.7±0.3
Total 39.5±0.1 40.4±0.4 32.6±1.3 28.1±3.0 23.5±0.7 38.6±1.4 39.1±1.0 38.9±1.3 41.6±0.6

Table 1: The final results for every method. Each entry is mean ± standard deviation (%) of solved problems over 3 runs.
Bold marks the best result in each row, and Total is the average across domains.
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Figure 1: Solution lengths for Rovers instances (solved
cases), showing top two methods and the worst.

suggesting that they are not optimal choices for reward de-
sign in this context. From a lexicographic perspective, OPD
appears to be a promising reward design, as it aims to bal-
ance optimality with shorter solution lengths. However, the
results in Table 1 reveal that it can fail significantly in cer-
tain cases. We attribute this behavior to the fact that, in many
planning problems, step-wise transitions do not always yield
a consistent δ-improvement. As a result, OPD cannot reli-
ably guarantee either optimality or minimal solution length.
Finally, POT demonstrates strong performance in some in-
stances. However, as shown in Figure 1, it often produces
significantly longer solutions. Therefore, while POT may be
a reasonable choice when optimality is the sole objective, it
becomes less suitable in scenarios where solution length is
also an important consideration.

A complete comparison of solved problems across dif-
ferent γ values, instance lengths for all domains, and reward
behavior for all methods and domains is provided in the sup-
plementary materials accompanying the paper.

Conclusion
In this work, we investigated the impact of different reward
design strategies across a diverse set of IPC benchmark do-
mains. We observed that the overall performance of the eval-

IOD
MSF
ROD
TR

IOD
MSF
ROD
TR

Figure 2: Comparison between the behavior of different re-
ward designs for a given trajectory.

uated methods is similar. While certain reward formulations
achieve better results on individual domains, the differences
between top-performing approaches remain small. This sug-
gests that, within the considered setting, the choice of reward
shaping strategy has a limited effect on performance when
combined with PPO. These findings do not generalize to all
planning domains. Domains with different structural proper-
ties may exhibit stronger sensitivity to reward design.

As future work, we plan to evaluate reward design strate-
gies across a wider range of RL methods, including alterna-
tive policy gradient methods, value-based approaches, and
search-based methods such as AlphaZero. We aim to de-
velop more informative evaluation metrics that better cap-
ture differences in learning dynamics and solution quality
beyond the average of solved instances.

Overall, our results suggest that while reward shaping
plays an important conceptual role, its empirical impact may
be more subtle than commonly assumed.
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