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Abstract

Along with the development of neural networks, there has
been a growing interest in using machine learning and deep
learning techniques to solve symbolic planning problems. Al-
most all the existing learning-based approaches rely on pre-
training on a set of optimal or near-optimal trajectories to
learn a heuristic function (which is latter used in a search),
a Q-function, or a policy. In this paper, we explore the pos-
sibility of solving symbolic planning problems via pure rein-
forcement learning, without any pretraining and search. The
experimental results show that, while the performance is still
far from being competitive, it is indeed possible to do so, and
hence, it is hope that this line of work could provide some in-
sights into developing new RL-based approach for symbolic
planning and developing online fine-tuning frameworks.

Introduction
Symbolic Planning refers to the task of finding a sequence
of actions that achieves a certain goal. The framework has
been widely used to model many practical scenarios, e.g.,
production line logistics (Helmert and Lasinger 2010) and
Mars Exploration (Ai-Chang et al. 2004). It also serves as
an important building block for robot manipulation, espe-
cially in task and motion planning (TAMP) (Dantam et al.
2018; Garrett et al. 2021). Symbolic planning is a combi-
natorial optimisation problem that has been proven to be
PSPACE-complete (Bylander 1994). A planning problem is
typically solved by search-based approaches, e.g., A* search
equipped with heuristics (Bonet and Geffner 2001; Hoff-
mann and Nebel 2001; Helmert and Domshlak 2009; Pom-
merening et al. 2014; Seipp and Helmert 2018). Along with
the raise of neural networks, there has been an increasing in-
terest in deploying learning-based approaches (Toyer et al.
2018; Ståhlberg, Bonet, and Geffner 2022; Chen, Thiébaux,
and Trevizan 2024; Chen, Trevizan, and Thiébaux 2024;
Ståhlberg, Bonet, and Geffner 2025; Corrêa, Pereira, and
Seipp 2025) on planning problems.

Almost all of those learning-based approaches rely on of-
fline pretraining. Concretely, there are three main threads
of approaches: 1) Using imitation learning to learn a pol-
icy from optimal trajectories. (Toyer et al. 2018) 2) Learn-
ing a heuristic which is then integrated into a search process
(Chen, Thiébaux, and Trevizan 2024; Chen, Trevizan, and
Thiébaux 2024; Corrêa, Pereira, and Seipp 2025) 3) Learn-

ing a Q-function from optimal (or suboptimal) trajectories
which serves as a backbone of a policy (Ståhlberg, Bonet,
and Geffner 2023; Ståhlberg, Bonet, and Geffner 2025). In
this short paper, we want to investigate the possibility of di-
rectly using reinforcement learning (RL) to solve planning
problems without any pretraining and search. This is a chal-
lenging task because a planning problem essentially induces
an MDP which is extremely sparse in rewards. Concretely, a
reward is only given when the goal is achieved. This raises
the contradiction that once the goal is achieved, the problem
is solved, but before that, the learning algorithm receives no
training signal.

We address this issue by utilising the idea of reward shap-
ing where we use the heuristic value of the last state in a
collected trajectory as a proximal reward. This is very sim-
ilar to the approach by Gehring et al. (2022). However, in
their work, they again learn a Q-function which is then used
to guide a search process. Here, we directly use the proximal
reward to train a policy which reaches the goal without any
search via policy gradient (REINFORCE) (Williams 1992;
Sutton et al. 1999). As we will show in the later section, by
using the this proximal reward, the objective function opti-
mized by REINFORCE could have a nice mathematical in-
terpretation.

Preliminaries
We consider symbolic planning problems formalised in the
classical STRIPS framework (Fikes and Nilsson 1971). A
planning problem is a tuple Π = (F ,A, sI , g):
• F is a set of propositions called facts. An element s ∈ 2F

is called a state.
• A is a set of actions. An action a ∈ A is characterised by

its preconditions pre(a) ⊆ F , add effects add(a) ⊆ F ,
delete effects del(a) ⊆ F , and cost c(a) ∈ N. An action
a is applicable in a state s if pre(a) ⊆ s. Applying the
action a in the state s will result in a new state s′ = (s \
del(a)) ∪ add(a), denoted as s →a s′. Note that this
notation already implies that a is applicable in s.

• sI ∈ 2F is the initial state.
• g ⊆ F is the goal condition.

Solving a planning problem Π is to find a sequence of ac-
tions a = ⟨a0, a1, · · · , an⟩ with some n ∈ N which in-
duces the trajectory τ = ⟨s0, a0, s1, a1, · · · , sn+1⟩ such that
s0 = sI , sn+1 ⊇ g, and si →ai

si+1 for each 0 ≤ i ≤ n.



Algorithm 1: REINFORCE with heuristic reward shaping

π0← randomly initialized policy
▷ Main training loop
for i = 0, 1, 2, . . . do

H ← randomly selected horizon
▷ Use a heuristic h as the reward for the last step
τ ← ⟨s0, a0,−c(a0), . . . , sH−1, aH−1,−h(sH), sH⟩
▷ ai is non-deterministically sampled from πi(si)
if g ⊆ sH then

return τ ▷ A solution is found
πi+1← REINFORCE(πi, τ )

The cost of the plan a is the sum of each action’s cost, i.e.,
c(a) =

∑n
i=0 c(ai).

A planning problem Π can be naturally formulated as a
Markov Decision Process (MDP). An MDP is a tupleM =
(S,A, T ,R,PI , γ) where S is a set of states (state space),
A is a set of actions (action space), T : S×A×S → [0, 1] is
the transition function such that T (s, a, s′) is the probability
of transitioning to the state s′ after taking action a in s, R :
S × A → R is the reward function, PI : S → [0, 1] is the
initial state distribution, and γ ∈ (0, 1] is the discount factor.

A straightforward way to represent a planning problem as
an MDP is as follows: The state space S = 2F . The action
space A is the same as the action set in the planning prob-
lem. The transition function T is such that T (s, a, s′) = 1
if s→a s′, and T (s, a, s′) = 0 otherwise. The reward func-
tion is defined as R(s, a) = −c(a) for all (s, a) ∈ S × A.
The initial state distribution PI is such that PI(sI) = 1 and
PI(s) = 0 for all s ̸= sI . The discount factor γ is set to 1.

Reinforcement Learning Let M = (S,A, T ,R,PI , γ)
be an MDP, a policy π : S → P(A) maps a state to a dis-
tribution over actions. We consider the finite-horizon setting
(because it aligns with the nature of planning problems). Let
H ∈ N be the horizon. Running the policy π from an initial
state s0 ∼ PI will generate a trajectory

τ = ⟨s0, a0, r0, s1, a1, r1, · · · , sH⟩

where ai ∼ π(si), ri = R(si, ai), and T (si, ai, si+1) > 0
for each 0 ≤ i < H . The return (i.e., cumulative reward)
of the trajectory τ is R(τ) =

∑H−1
i=0 γiri where γ is the

discount factor. Due to the stochasticity of the policy and
the transition, the trajectory governed by π is probabilistic.
The objective of reinforcement learning is to find a policy
π that maximizes average return of all trajectories generated
by π, i.e., the expected return Eτ∼π[R(τ)].

Heuristic as Proximal Reward
We consider solving the MDP induced by a planning prob-
lem via policy gradient. There are many variants of this al-
gorithm, from its vanilla version, REINFORCE (Williams
1992; Sutton et al. 1999), to more advanced ones like Actor-
Critic and PPO (Schulman et al. 2017). Since our method is
orthogonal to the choice of the specific version, we will sim-
ply use REINFORCE to refer to the family of this algorithm.
On a high level, REINFORCE is an on-policy algorithm

which iteratively updates the policy based on the cumulative
reward of a trajectory sampled according to the latest policy.
However, due to the extreme sparse reward structure in the
MDP formulation of a planning problem, directly deploying
REINFORCE on it to solve the problem is no different from
a random walk. To address this issue, we utilize the idea of
reward shaping as follows: When sampling a trajectory

τ = ⟨s0, a0, r0, s1, a1, r1, . . . , sH−1, aH−1, rH−1, sH⟩

where s0 = sI , H is a randomly selected horizon, and for
all 0 ≤ i ≤ H − 1, ai is the action sampled according to the
current policy, and ri is the corresponding reward received,
we replace rH−1 with a negated heuristic value of sH , i.e.,
rH−1 = −h(sH), where h is a heuristic function, and for all
0 ≤ i < H − 1, we keep ri = −c(ai) unchanged. The main
procedure is shown in Alg. 1.

The idea of using a heuristic to shape the reward was also
exploited by Gehring et al. (2022). In their work, they com-
pute a heuristic value for every state in a trajectory and use
potential-based reward shaping to rectify the reward. They
also considered the discounted setting. Concretely, for the
i-th step in a trajectory, their shaped reward would be

ri = −c(ai) + (γh(si+1)− h(si))

where γ is the discount factor. If γ = 1, the cumulative re-
ward of a trajectory under their shaping will be very similar
to the one under our shaping. However, there is some subtle
differences which could cause performance differences (see
the discussion in the evaluation section), and in our setting,
we only need to compute the heuristic value for the last state
in a trajectory.

Mathematical Interpretation For any state s, we assume
the case that the heuristic value h(s) is greater than the op-
timal cost to reach the goal from s, denoted as c∗(s) (that is
to say, h is inadmissible). Given a horizon H and a policy π,
the cumulative reward of a trajectory τ sampled from π with
the shaped reward is

r(τ) =

H−1∑
i=0

ri = (

H−2∑
i=0

−c(ai)) + (−h(sH))

Since −h(sH) ≤ −c∗(sH), we have that

r(τ) ≤ (

H−2∑
i=0

−c(ai)) + (−c∗(sH))

The above right-hand side is the negative of the optimal cost
to reach the goal under the latest policy. Thus, REINFORCE
is maximizing a lower bound of this value. In other words,
it is minimizing an upper bound of the optimal cost to reach
the goal under the current policy.

One remark is that, if the heuristic used is admissible, i.e.,
h(s) ≤ c∗(s) for all s, the objective being maximized will
then become an upper bound of the actual objective. This
could potentially make the optimization less effective, which
might be counter-intuitive. This is also partially supported
by our empirical results.



Figure 1: An example of state and action encodings with five facts. The fact embeddings are shared across both state and action
encodings and are learnable. The three MLPs in the action encoder are also shared across all actions.

Encoding When using REINFORCE to optimize the pol-
icy, the policy is represented as a neural network which takes
as input an encoding of a state and outputs a distribution over
all actions. One straightforward way to encode a state is to
use its binary representation, i.e., the input is a binary vector
whose length is the number of facts in the planning problem,
and every bit in the vector represents the presence or absence
of a fact in a state. Similarly, the output of the neural network
is also a vector whose dimension is the number of actions.
The problem with this simple encoding is that the number
of facts and actions in a planning problem can be very large
while only a small portion of them are activated in a state or
are applicable. This makes the neural network become very
sparse and thus hard to train.

The mainstream approach to resolve this issue is to rep-
resent a planning problem as a graph and then use a graph
neural network (GNN) to process it. However, such an ap-
proach normally requires a large GNN and is subject to the
expressiveness of GNNs (Barceló et al. 2020). Hence, this
approach is not suitable when using purely online reinforce-
ment learning. In this paper, we consider a simple encoding
method inspired by word embedding (Mikolov et al. 2013).

Concretely, for each fact f ∈ F in the planning problem,
we assign it a learnable vector vf . The encoding of a state
s, e(s), is then simply the sum of the vectors of all facts that
are true in s, i.e., e(s) =

∑
f∈s vf . Note that this encoding

is invariant to the permutation of facts.
As mentioned earlier, if we simply let the output of the

policy network be a vector of dimension equal to the num-
ber of actions, we will again encounter the issue of sparsity
and make training difficult. To address this issue, we let the
policy network output a latent vector and construct an ac-
tion encoder to map each action into the same latent space.
Then, to get a distribution over actions, we compute the in-
ner product between the output of the policy network and the
encoding of each action, and then apply a softmax function
to the results.

The action encoder consists of three independent multi-

Domain With Encoder Without Encoder Total
hFF hMax hFF hMax

barman 0.00% 0.00% 0.00% 0.00% 20
blocksworld 25.71% 25.71% 37.14% 31.43% 35
floortile 0.00% 0.00% 0.00% 0.00% 20
grid 40.00% 20.00% 40.00% 20.00% 5
gripper 45.00% 25.00% 50.00% 35.00% 20
logistics 67.86% 28.57% 60.71% 28.57% 28
miconic 54.67% 42.00% 38.67% 33.33% 150
rovers 42.50% 32.50% 40.00% 35.00% 40
satellite 22.22% 13.89% 19.44% 13.89% 36
scanalyzer 40.00% 40.00% 40.00% 40.00% 30
sokoban 0.00% 0.00% 0.00% 0.00% 30
storage 53.33% 50.00% 56.67% 53.33% 30
transport 23.33% 13.33% 20.00% 13.33% 30
visitall 0.00% 0.00% 0.00% 0.00% 20

Average 29.62% 20.79% 28.76% 21.71% —

Table 1: The percentage of instances for each domain for
which a solution can be found within 1M training steps.

layer perceptrons (MLPs), corresponding to the precondi-
tions, add effects, and delete effects of an action. The input
of these MLPs is the embedding of respective component of
the action which is obtained in the same way as the state en-
coding. For instance, for an action a, the embedding of its
preconditions pre(a) is

∑
f∈pre(a) vf , which serves as the

input to the corresponding MLP. The final encoding of an
action is the sum of the outputs of the three MLPs. Note that
these MLPs are shared across all actions, which reduces the
number of parameters and resolves the issue of sparsity. An
example of the encoding is shown in Fig. 1.

Evaluation
We ran the experiments on some benchmark domains from
the International Planning Competition (IPC). We used two
heuristics in our empirical evaluation: hFF (Hoffmann and
Nebel 2001) and hMax (Bonet and Geffner 2001). The latter



Domain Proximal Potential Total
barman 0.00% 0.00% 20
blocksworld 25.71% 31.43% 35
floortile 0.00% 0.00% 20
grid 40.00% 40.00% 5
gripper 45.00% 40.00% 20
logistics 67.86% 53.57% 28
rovers 42.50% 40.00% 40
sokoban 0.00% 0.00% 30
visitall 0.00% 0.00% 20

Average 24.56% 22.78% —

Table 2: The comparison between using heuristics at the last
state (proximal) and using them with potential-based reward
shaping (potential).

one is an admissible heuristic while the first one is not. For
each heuristic, we further had two settings: with and without
an action encoder. The REINFORCE algorithm we used is
PPO (Schulman et al. 2017).

We logged the percetage of solved instances for each do-
main within the budget of 1M PPO training steps. The re-
sults are shown in Tab. 1. As can be seen, using the action
encoder could in general improve the performance. Further-
more, using hFF as the proximal reward is consistently bet-
ter than using hMax despite that the latter one is admissible.
This is not surprising because, as discussed earlier, when us-
ing an inadmissible heuristic like hFF as the proximal re-
ward, REINFORCE is maximizing a lower bound of the
actual objective ( if the heuristic is admissible, it is maxi-
mizing the upper bound). The optimization process would
be more effective if the lower bound is tighter, which is the
case with hFF. Despite that REINFORCE failed completely
on some domains, we could conclude that it is indeed pos-
sible to solve STRIPS planning problems wihtout any pre-
training and search. For some of those failed domains, we
hypothesize that the reason for the failure is the existence
of dead-end states. In our setting, we set the heuristic value
of a dead-end state to a relatively large number (e.g., 1000).
This could further exacerbate the known high variance issue
of REINFORCE.

We further compared our setting against using potential-
based reward shaping with heuristics (Gehring et al. 2022),
that is, running PPO with the potential-based shaped reward.
The two approaches were run with the same setting: using
hFF as the heuristic and using the action encoder. We again
logged the percentage of solved instances for each domain
within 1M PPO training steps.

At the first glance, it is surprising that using the potential-
based reward shaping has a worse performance. Intuitively,
using the potential-based shaping could provide a more in-
formative reward signal per step, that is, in the middle of a
sampled trajectory, if the policy takes a state which has a
smaller heuristic value to the next state which has a larger
heuristic value, a large negative reward will be given. In the
opposite case, a positive reward will be given. In our setting,
there is no such local awareness.

To study this more carefully, we take a closer look at the
objective function being optimized when the potential-based
reward shaping is used. Consider a trajectory

τ = ⟨s0, a0, r0, s1, a1, r1, · · · , sH−1, aH−1, rH−1, sH⟩

where s0 = sI , H a horizon, and for all 0 ≤ i ≤ H−1, ri is
the potential-based shaped reward, and ai is sampled accord-
ing to the current policy. For simplicity, we consider the case
where the discount factor γ is set to 1. Consequently, ri =
−c(ai)+(h(si)−h(si+1)) for all 0 ≤ i ≤ H−1. Clearly, the
cumulative reward of τ is thus (

∑
i−c(ai)−h(sH))+h(s0).

One could see that this objective is essentially the same as
the one optimized in our setting except that there is an ad-
ditional constant term h(s0). As we have discussed, our ob-
jective function is a lower bound of the actual objective, and
the optimization will be more effective if this bound is tight.
However, by adding this additional constant term h(s0), the
bound might become looser. Theoretically, having this addi-
tional constant term will not affect the optimization over the
objective function. However, in practice, the issue of high
variance of REINFORCE could make a difference.

Conclusion
In this paper, we explored the idea of using reward shap-
ing to solve symbolic planning problems directly with policy
gradient without any pretraining and search. Despite that the
performance is still far from practical, we showed that it is
indeed possible to do so. It is thus hoped that this could pro-
vide some new insights into using RL in symbolic planning,
particularly in the context that most existing RL-based ap-
proaches for planning focus on Q-function learning, and pol-
icy gradient methods are less explored. Additionally, almost
all existing learning-based approaches for planning rely on
offline learning. There is a lack of online fine-tuning frame-
works for planning, and the message of this paper could be
a step towards developing such frameworks.

Future Work One promising line of future work is to re-
place the heuristic function with a learnable distance func-
tion f(s, s′) which estimates the distance from one state s to
another state s′ (note that s′ could also be a partial state) and
which could be learned on-the-fly along with reinforcement
learning. In other words, the role of the heuristic function in
our method is now played by this distance function which
predicts the distance from the last state in a trajectory to the
goal. This is closely related to the idea of hindsight experi-
ence replay (Andrychowicz et al. 2017) and universal value
function approximation (Schaul et al. 2015).
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Corrêa, A. B.; Pereira, A. G.; and Seipp, J. 2025. Classical
Planning with LLM-Generated Heuristics: Challenging the
State of the Art with Python Code. CoRR, abs/2503.18809.
Dantam, N. T.; Kingston, Z. K.; Chaudhuri, S.; and Kavraki,
L. E. 2018. An incremental constraint-based framework for
task and motion planning. International Journal of Robotics
Research, 37(10): 1134–1151.
Fikes, R.; and Nilsson, N. J. 1971. STRIPS: A New Ap-
proach to the Application of Theorem Proving to Problem
Solving. Artificial Intelligence, 2(3/4): 189–208.
Garrett, C. R.; Chitnis, R.; Holladay, R.; Kim, B.; Silver, T.;
Kaelbling, L. P.; and Lozano-Pérez, T. 2021. Integrated Task
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