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Abstract

Reinforcement Learning (RL) provides a principled frame-
work for sequential decision-making in complex environ-
ments. However, state-of-the-art Deep Reinforcement Learn-
ing (DRL) algorithms typically require large amounts of
training data and often fail to generalize beyond small-scale
training scenarios, even on standard benchmarks. We pro-
pose a neuro-symbolic DRL approach that incorporates back-
ground symbolic knowledge to improve both sample effi-
ciency and generalization to more challenging, unseen tasks.
Specifically, partial policies learned in simple domain in-
stances, where high performance can be achieved reliably, are
transferred as structured priors to accelerate learning in more
complex environments, eliminating the need to tune DRL pa-
rameters from scratch. Our method represents partial policies
as axioms in the Answer Set Programming (ASP) formalism
and performs online reasoning to guide training through two
complementary mechanisms: (i) biasing the action distribu-
tion during exploration, and (ii) rescaling Q-values during
exploitation. The integration of ASP reasoning with DRL
enhances interpretability and trustworthiness while acceler-
ating convergence, particularly in sparse-reward settings and
tasks with long planning horizons, without introducing sig-
nificant computational overhead. We empirically evaluate
our approach on challenging variants of gridworld environ-
ments under both fully and partially observable settings. Re-
sults demonstrate consistent performance improvements over
a state-of-the-art reward machine baseline.

1 Introduction
Deep Reinforcement Learning (DRL) can be successfully
applied to solve sequential decision-making problems, of-
fering invaluable benefits for many real-world domains of
application, e.g., robotic tasks (Ibarz et al. 2021) and sus-
tainability (Zuccotto et al. 2024), involving complex dy-
namics, multiple performance objectives, and large obser-
vation spaces. However, DRL algorithms still present draw-
backs that limit their wide adoption to real systems. Firstly,
DRL policies are black-box, which makes them hardly in-
terpretable to humans, affecting trustworthiness and so-
cial acceptance (Vouros 2022). Moreover, one big chal-
lenge of DRL lies in sample inefficiency (Dulac-Arnold et
al. 2021), as the agent needs to collect numerous expe-
riences from the environment to build an accurate model
and achieve optimality. Sample inefficiency is particularly

problematic when scaling and generalizing DRL to envi-
ronments with longer planning horizons, more sub-goals,
and sparse rewards (Dulac-Arnold et al. 2021) (e.g., larger
grids with more objects in gridworlds). Although several
approaches have been proposed to mitigate this issue, they
either require access to a large variety of historical data
(Bertran et al. 2020) or rely on specific assumptions about
the policy’s parametrization (Wang et al. 2019). Heuristic-
guided DRL can potentially mitigate the aforementioned
issues, but the currently established approaches based on
reward shaping or augmentation (Toro Icarte et al. 2018;
De Giacomo et al. 2019) are, in practice, sample-inefficient
and sensitive to the accuracy of heuristics (Cheng, Kolobov,
and Swaminathan 2021).

In this paper, we propose a novel neuro-symbolic ap-
proach to improve the sample efficiency of DRL when gen-
eralizing to domains with longer planning horizons, more
sub-goals, and sparse rewards. Specifically, we adapt in-
terpretable symbolic knowledge from small-scale, easy-to-
solve scenarios to guide the training of DRL agents in more
challenging settings, in which the neural algorithm obtains
poor performance. We include symbolic knowledge as log-
ical specifications (rules) representing an approximation of
the policy learned by the agent in simpler domain instances
(e.g., small grids with few objects in gridworlds), which re-
quire limited exploration. When facing more complex or
diverse scenarios, the training of the DRL agent is then en-
hanced by performing autonomous reasoning on the knowl-
edge transferred from the easier setting, in order to deduce
the set of most promising actions given the observation of
the agent. We then leverage this knowledge as a planning
heuristic to be used directly at the algorithmic level of DRL.
In contrast to existing works requiring an exact definition of
sub-goal specifications or sub-plans (Kokel et al. 2023), our
methodology works even with imperfect symbolic knowl-
edge (e.g., learned from data (Furelos-Blanco et al. 2021)),
and does not require DRL parameter re-tuning when gener-
alizing large domain instances. In more detail, the contribu-
tions of this paper are the following:

• we propose a novel neuro-symbolic approach for DRL,
which exploits autonomous reasoning on partial logical
policy specifications (either handcrafted or acquired in
easier settings) to deduce the most promising actions to
be taken. We present two different integrations of the

Proceedings of the 23rd International Conference on Principles of Knowledge Representation and Reasoning
KR meets Machine Learning and Explanation

1159



symbolic knowledge into the DRL training process, both
in exploration and exploitation. Our solution is imple-
mented for the popular class of ϵ-greedy DRL algorithms,
which are relevant for the DRL community (Liu, Viano,
and Cevher 2022) but are still sample-inefficient (Dann et
al. 2022).

• we exploit an ϵ-decay strategy to balance between the
neural and symbolic components without compromising
the exploration-exploitation tradeoff of the original DRL
algorithm;

• we assess the performance of our methodology in two
relevant gridworlds, OfficeWorld (Toro Icarte et al. 2018)
and DoorKey (Chevalier-Boisvert et al. 2023), character-
ized by sparse rewards, multiple sub-goals, and long plan-
ning horizons. In particular, we leverage logical heuris-
tics learnt from DRL executions in small grids with few
objects, and then assess sampling efficiency and train-
ing performance on larger grids with more items (hence,
longer planning horizon and more sub-goals) and partially
observable scenarios. We show that our methodology is
more robust to imperfect partial policies, against an es-
tablished neuro-symbolic DRL approach based on reward
machines (Toro Icarte et al. 2018). We finally perform an
ablation study to evidence the necessary balance between
symbolic reasoning and DRL via both the ϵ-decay mech-
anism and a confidence parameter ρ that assesses how
much we trust the symbolic knowledge.

2 Related Works
The problem of sampling efficiency prevents DRL scalabil-
ity and generalization in the presence of long planning hori-
zons, sparse rewards, and many sub-goals. Initially, ad-hoc
algorithms have been developed to face this problem, such
as Deep Q-Network (DQN), Rainbow DQN, SAC, etc. (Sut-
ton and Barto 2018). Some approaches then tackled this
problem by increasing the variability of the environment
at the training stage, possibly with past training informa-
tion (Bertran et al. 2020) or human intervention (Strouse et
al. 2021). In (Igl et al. 2019; Lee et al. 2020) regulariza-
tion techniques are employed to prevent overfitting in DRL,
which is a major cause for the lack of generalization. Nev-
ertheless, these approaches still require numerous training
iterations in large domains; furthermore, the interpretability
of the learned policies is still hindered, especially when they
are represented by deep neural networks.

The methodology proposed in this paper lies in the neuro-
symbolic DRL research area, which combines the abstrac-
tion and generalization capabilities of interpretable symbolic
(logical) representation and reasoning tools with the inherent
advantages of neural approaches when dealing with uncer-
tain data from environmental interaction. The most promi-
nent approach to neuro-symbolic DRL exploits the defini-
tion of logical specifications to derive automata, driving the
agent towards sub-goals in a hierarchical planning frame-
work (Kokel et al. 2023) or by shaping the reward (De Gi-
acomo et al. 2019; Furelos-Blanco et al. 2021). However,
reward shaping approaches still require many environmen-
tal interactions and do not solve the sample-inefficiency,

especially with a long planning horizon or with imperfect
heuristics (Cheng, Kolobov, and Swaminathan 2021). Re-
cent works (Meli, Castellini, and Farinelli 2024; Sreedha-
ran and Katz 2023; Veronese, Meli, and Farinelli 2025b;
Veronese, Meli, and Farinelli 2025a) propose to learn sym-
bolic knowledge from past traces (state-action pairs) of an
agent’s executions, instead of handcrafting symbolic knowl-
edge. However, they focused either on the exploration phase
only (Meli, Castellini, and Farinelli 2024; Veronese, Meli,
and Farinelli 2025b; Veronese, Meli, and Farinelli 2025a), or
on a soft initialization of Q-values in tabular RL (Sreedharan
and Katz 2023), without comprehensively realizing an effi-
cient and adaptive neuro-symbolic integration for DRL. On
the contrary, we propose a novel neuro-symbolic methodol-
ogy for DRL, which jointly leverages the symbolic knowl-
edge at the algorithmic level, both in exploitation and ex-
ploration. Specifically, we consider the popular class of ϵ-
greedy DRL algorithms, where exploitation and exploration
are neatly separated. We modulate the exploration factor ϵ
to probabilistically favour the selection of symbolically en-
tailed actions. This is achieved by biasing the action distri-
bution in exploration and adaptively re-scaling the Q-values
during exploitation, according to ϵ-parameter. Thanks to
an ϵ-decay strategy, the early exploration of the agent is
more sample-efficient, a fundamental requirement for scal-
able DRL (Jiang, Kolter, and Raileanu 2024). At the same
time, we progressively modulate the impact of symbolic rea-
soning over DRL, mimicking the human-like synergy be-
tween fast and slow thinking (Kautz 2022).

Finally, our methodology presents some similarities with
Statistical Relational Learning (SRL) (Marra et al. 2024),
as proposed in (Hazra and De Raedt 2023). However, SRL
hardly scales to complex domains, requiring the accurate
definition of the policy search space (Hazra and De Raedt
2023). Furthermore, by exploiting the advantages of both
symbolic reasoning and DRL, with respect to pure logical
learning proposed in (Hazra and De Raedt 2023), our algo-
rithm efficiently generalizes to more challenging domains
with longer planning horizons and more sub-goals, where
standard DRL algorithms fail.

3 Background
We here introduce the relevant background to our methodol-
ogy, i.e., solving Markov Decision Processes (MDPs) with
ϵ-greedy DRL, our testing domains, and the logical frame-
work of Answer Set Programming (ASP) (Lifschitz 1999),
which is the state of the art for logical representation and
reasoning on planning problems (Meli, Nakawala, and Fior-
ini 2023).

3.1 MDPs and Reinforcement Learning
Markov Decision Processes (MDPs) provide a formal
framework for planning and decision-making in determin-
istic and stochastic environments(Sutton and Barto 2018).
A MDP is defined by the tuple (S,A, T,R, γ), where S is
the set of states describing the environment; A is the set of
possible actions; T : S × A → Π(S) is the state transi-
tion function, representing the probability of transitioning to
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Figure 1: Our testing domains: OfficeWorld (left) and DoorKey
(right).

state s′ from state s when action a is taken; R : S ×A→ R
is the reward function, providing the immediate reward re-
ceived after taking action a in state s; γ ∈ [0, 1] is the dis-
count factor, which determines the present value of future
rewards. Planning with an MDP aims at finding an optimal
policy π∗ : S → A that maximizes the expected cumulative
reward (return) over time. The return, starting from state s
and following a policy π, is captured by the value function
V π(s):

V π(s) = E

[ ∞∑
t=0

γtR(st, at) | s0 = s, π

]
In model-free DRL, the agent learns to solve a MDP by in-

teracting with the environment directly, learning an optimal
policy and the value function as it performs actions in the
environment and collects rewards. Typically, DRL is based
on the interleave between exploitation and exploration. Dur-
ing exploitation, the agent selects the action according to the
currently learned policy and value models; in the exploration
phase, the agent randomizes its decision in order to explore
new regions of the policy space and ultimately improve its
learned model. In this paper, we focus on a specific class
of DRL algorithms based on ϵ-greedy exploration strategy
(Liu, Viano, and Cevher 2022), where typically a random
action is chosen with ϵ probability. DQN is the most pop-
ular representative of this class of algorithms (Sutton and
Barto 2018). It uses a deep neural network (Q-network)
to approximate an action-value function Q(s, a; θ), where
s represents the state, a the action, and θ the parameters of
the neural network. DQN employs an ϵ-greedy policy with
an ϵ-decay strategy to balance exploration and exploitation,
by gradually reducing ϵ to favor exploitation as the train-
ing progresses. Initially, ϵ is set to a high value, encourag-
ing exploration by selecting random actions. Over time, ϵ is
gradually reduced according to a decay schedule, allowing
the agent to exploit the learned Q-values more frequently as
training progresses. This decay is crucial for the agent to
sufficiently explore the environment in the early stages and
focus on exploiting its knowledge later.

3.2 Domains
In the OfficeWorld domain (Figure 1) (Toro Icarte et al.
2018), the agent is moving on a 9 × 12 grid, representing
various rooms. The state space is given by the set of all lo-
cations in the grid (i.e., the agent knows the coordinate of the

location it is stepping on), and the observable elements rep-
resented by coffee, mail, decorations (marked as ∗ in Figure
1), rooms A,B,C,D and office o. The fully deterministic
action space is defined as A = {left, right, up, down}.
We tested our methodology on the DeliverCoffeeAndMail
task, which requires bringing both coffee and mail to the of-
fice, and on the PatrolABC task, in which the agent must
visit rooms A, B, and C to complete the task. In both cases,
stepping on a decoration ends the episode with a failure.

In the DoorKey domain (Figure 1), an agent (red) has
to pick up a key to unlock a door (the key and the door
must be of the same color) and then get to the green goal
square. The environment is discretized in uniform cells,
and the state space the agent can observe is a 7 × 7 por-
tion of the full grid in front of it (unless walls are present),
as shown in light gray in Figure 1. Each tile is encoded as a
3-dimensional tuple (object, color, state), indi-
cating, respectively, the object that occupies that cell (e.g. a
key, a door or a wall), its color and its state (open or closed,
in case the object is a door). The action space for the do-
main is A = {left, right, forward, pickup, open}. Per-
forming actions left and right, the agent turns in the cor-
responding direction; the forward action makes the agent
move one cell ahead in the current direction; pickup is
only effective in front of a key and it results in picking
the key up; and open can be used by the agent to open a
door when in front of it, by using a previously collected key.
Both environments are fully deterministic, and a reward of
1−0.9∗ (step count/max steps) is given for completing
the task, 0 otherwise.

Both domains are particularly challenging because of the
highly sparse reward and the need to coordinate multiple
macroactions towards sub-goals (e.g., picking the key be-
fore opening the door and reaching the goal) for the winning
strategy.

3.3 Answer Set Programming and Reasoning
Answer Set Programming (ASP) (Lifschitz 1999) represents
a planning domain by a sorted signature D, with a hierar-
chy of symbols defining the alphabet of the domain (vari-
ables, constants, and predicates). Logical axioms or rules
are then built on D. In this paper, we leverage the ASP for-
malism to represent the background knowledge about the
MDP policy, either defined by human experts or learned
via DRL in small scenarios (Furelos-Blanco et al. 2021;
Meli, Castellini, and Farinelli 2024; Veronese, Meli, and
Farinelli 2025b). Hence, we consider normal rules, i.e., ax-
ioms in the form h : -b1, . . . , bn, where the body of the rule
B = b1 ∧ · · · ∧ bn (i.e. the logical conjunction of the liter-
als) serves as the precondition for the head h. In our setting,
body literals represent features generated from the state of
the environment (e.g., samecolor(X, Y) denoting that two
elements are of the same color in DoorKey), while the head
literal represents an action (e.g., pickup in DoorKey).

Given an ASP problem formulation P , an ASP solver
computes the answer sets, i.e., the minimal models satisfy-
ing ASP axioms, after all variables have been grounded (i.e.,
assigned with constant values). Answer sets lie in Herbrand
baseH(P ), defining the set of all possible ground terms that
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can be formed. In our setting, answer sets contain the feasi-
ble actions available to the DRL agent.

4 Methodology
Our neuro-symbolic DRL strategy (SR-DQN) combines ϵ-
greedy DRL exploration and exploitation with Symbolic
Reasoning (SR) over logical knowledge, approximating a
good partial policy for small and simple domain instances.
For simplicity, we frame our methodology in the context of
the well-established DQN algorithm; however, it can be eas-
ily extended to any other ϵ-greedy DRL approach. We now
detail the main phases of SR-DQN.

4.1 Logical Representation of the MDP
We begin by representing the MDP domain using the logi-
cal formalism of ASP. This involves encoding the state and
action spaces as ASP terms. In the ASP signature, we define
terms corresponding to environmental features F , which
capture essential aspects of the state (e.g., locked(X) in the
DoorKey domain, indicating that door X is locked), as well
as terms for actions A (e.g., left, a constant term repre-
senting the corresponding action).

To bridge the MDP and the corresponding logical repre-
sentations, we introduce a feature map FF : S → H(F)
and an action map FA : A → H(A), where H(F) and
H(A) denote the Herbrandt bases of F and A, respec-
tively. More specifically, the feature map FF translates an
MDP state s into a logical description composed of ground
terms fromF . For example, in the example environment de-
picted in Figure 1, a specific state s might be represented as
FF (s) = key(X), notcarrying. Likewise, the action map
FA provides a logical representation of MDP actions using
ground terms from A. This part of our methodology relies
on the following assumptions:

Assumption 1. The sets A, F and the mappings FF and
FA are known a priori.

This is a standard assumption in the literature (Meli,
Castellini, and Farinelli 2024; Furelos-Blanco et al. 2021),
and it is considerably weaker than requiring full symbolic
task specifications or the existence of a symbolic plan-
ner (Kokel et al. 2023). In particular, FA can be seen as
a straightforward symbolic encoding of the MDP’s action
space. Furthermore, we do not assume that F is complete,
i.e., it does not need to contain all task-relevant predicates.
This relaxation is justified because our neuro-symbolic in-
tegration is robust to imperfect partial policies (see Sec-
tion 4.3). Thus, we assume that a minimal set of domain
predicates, along with a grounding mechanism FF , is either
known or can be obtained via automated symbol grounding
techniques (Umili, Capobianco, and De Giacomo 2023).

Assumption 2. The action map FA is surjective.

In other words, to each ground logical predicate corre-
sponds at least one MDP action. This assumption is typi-
cally satisfied in practice. For discrete action spaces, dis-
tinct predicates can be assigned to each action (i.e., FA is
bijective). In continuous settings, it is trivial to define a dis-
cretization of the action space, where each grounded action

predicate maps to a set of continuous actions. It is also pos-
sible to learn this mapping (Umili, Capobianco, and De Gi-
acomo 2023).

4.2 Logical Representation of Policy Knowledge
Once the MDP is expressed in ASP formalism, we can rep-
resent the background information about the policy in terms
of the maps FF ,A. To this aim, we define a partial logical
policy πASP : F → A, which maps environmental features
to action terms. The logical policy encodes normal rules in
the form a : -f1, . . . , fn, with fi ∈ F , a ∈ A. For instance,
in DoorKey domain, πASP may correspond to the rule:

pickup(X) : -key(X), door(Y), samecolor(X, Y).

meaning that the agent should pick up a key if it is of the
same colour as the door.

We remark that this knowledge can be inaccurate, e.g.,
learned from previous example executions (Furelos-Blanco
et al. 2021). In order to account for the possible inaccuracy
of partial policies, we also define a confidence level ρ ∈
[0, 1) about πASP .

4.3 Neuro-symbolic Training

Algorithm 1 SR-DQN training loop

Require: Env, maps FF , FA, partial policy πASP , max
episodes E, max steps T , exploration parameters ϵi, ϵf ,
ϵr, partial policy confidence ρ ∈ [0, 1)

1: Initialize replay memory M , Q(s, a; θ), ϵ← ϵi
2: for episode e = 1 to E do
3: Initialize state s0
4: for step t = 1 to T do
5: Uniform sample x ∼ [0, 1]
6: if x ≥ ϵ then
7: a← SR-Exploitation(st, ϵ, ρ)
8: else
9: a← SR-Exploration(st, ϵ, ρ)

10: end if
11: st+1, r ← Env.step(a)
12: Store (st, a, r, st+1) in M
13: θ ← DQNUpdate(θ)
14: st ← st+1

15: if st is terminal then
16: break
17: end if
18: end for
19: if ϵ > ϵf then
20: ϵ← LinearDecrease(ϵ, ϵf , ϵr)
21: end if
22: end for

Algorithm 1 gives a general view of how we integrate sym-
bolic reasoning into DQN. The main components of our
methodology are highlighted in red. Our goal is to improve
the outcome of ϵ-greedy DRL, by reasoning over the logical
policy πASP in order to efficiently bias the agent towards
the most promising actions from background policy knowl-
edge. As in standard DQN, after initializing the Q-network
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Algorithm 2 SR-Exploration

Require: FF , FA, πASP ,current state st, ϵ, ρ
1: AπASP

← ComputeAnswerSet(πASP , FF (st))
2: AπASP

← F−1
A (AπASP

)
3: if AπASP

̸= ∅ then
4: sample a ∼WeightProb(A,AπASP

, ρ, ϵ)
5: else
6: Uniform sample a ∼ A
7: end if
8: return a

Q and the replay buffer M , we set the exploration rate ϵ to
a suitable high initial value ϵi (Line 1), in order to favour
exploration at the early stages of training, where the agent
has not collected enough experience to build an accurate Q-
network. During each episode of training, starting at state s0
(Line 3), at each time step t, the algorithm samples a random
number x ∈ [0, 1] uniformly (Line 5), to decide whether to
perform exploitation (Line 6-7) or exploration (Line 8-9),
both of which are improved via symbolic reasoning and will
be explained in detail in the next subsections. After an ac-
tion is taken, the agent observes the next state and reward,
storing this experience in the replay memory for later train-
ing. The Q-network is then updated according to the original
DRL algorithm. Finally, once the episode reaches termina-
tion (Line 15), the exploration rate ϵ is decreased until the
lower bound ϵf is reached (Line 17)1.

The exploration fraction parameter ϵr controls how
quickly, during the training, ϵf must be reached, in terms
of the number of episodes. For example, ϵr = 0.5 means
that ϵ = ϵf is reached at episode e = E/2. In this way,
the agent favours exploitation in place of exploration as the
training progresses, while also relying more on the knowl-
edge gained by the network and less on the background log-
ical knowledge derived from smaller domains.

We now explain in detail how we employ symbolic rea-
soning in the different phases of training and then analyze
how these changes affect the optimality guarantees of the
original DRL algorithm.

Neuro-symbolic exploration The exploration phase in
standard ϵ-greedy approaches consists of picking a uni-
formly random action from the set A. On the contrary, in
SR-Exploration (as shown in Algorithm 2) automated rea-
soning is performed over πASP to identify the set AπASP

of actions (ground terms in ASP formalism) entailed by
the background policy knowledge, given the current set of
ground environmental features FF (st) (Line 1). Suggested
ASP ground actions are then translated to the MDP action
space AπASP

⊆ A, by considering the pre-image F−1
A of

the action map (Line 2, see Assumption 1). The agent then
selects an action from A according to a weighted probability
distribution (Line 4), where the weights are defined for each

1The linear decrease rule is chosen empirically in our method-
ology, but more sophisticated strategies can be adopted to reduce ϵ,
depending on the specific task (Gimelfarb, Sanner, and Lee 2020).

Algorithm 3 SR-Exploitation

Require: FF , FA, πASP , access to current network Q, cur-
rent state st, ϵ, ρ

1: Qvals← Q(st, a; θ)
2: AπASP

← ComputeAnswerSet(πASP , FF (st))
3: if AπASP

̸= ∅ then
4: QvalsπASP

← RescaleQvals(Qvals, AπASP
, ρ, ϵ)

5: a← argmaxa QvalsπASP

6: else
7: a← argmaxa Qvals
8: end if
9: return a

action as follows:

wa =

{
ρ if a ∈ AπASP

1− ρ otherwise
(1)

and then normalized, such that
∑

a∈A wa = 1. As explained
in Section 4.2, ρ represents the level of confidence about the
knowledge encoded in πASP , which may be inaccurate, es-
pecially when it is learned (Meli, Castellini, and Farinelli
2024). The higher ρ value, the higher the probability that
the agent selects an action suggested by background policy
knowledge. If AπASP

= ∅ (i.e., πASP cannot suggest any
valuable action at the given state st), then a uniformly ran-
dom action is selected from A as in standard DQN (Line 6).

Neuro-symbolic exploitation Our approach, shown in
Algorithm 3, aims at enhancing the standard DRL exploita-
tion phase by biasing the choice towards the most promis-
ing action according to the symbolic knowledge. Given the
current state st, the agent first queries the Q-network Q to
obtain estimated Q-values for all possible actions (Line 1).
As in DQN, these Q-values represent the expected return for
each action under the current policy. We then employ the
ASP policy πASP in the same way as explained in Section
4.3 to compute the set of preferred actions AπASP (Line 2).
Subsequently, the Q-values are rescaled (Line 3) by a fac-
tor ka = 1 + (ϵ ∗ wa) for each action, with wa determined
following Equation 1. This is aimed at adjusting the action
values within the context of the most promising action set
AπASP , according to the confidence parameter ρ. Adding ϵ
as an additional rescaling parameter allows the agent to in-
creasingly trust the estimations produced by the neural net-
work as the training proceeds. Finally, the action with the
highest rescaled Q-value is selected for execution (Line 4).

4.4 Impact of Symbolic Knowledge on Training
Convergence

The integration of symbolic knowledge we propose is de-
signed to improve the efficiency of DRL exploration while
maintaining the stability and empirical convergence behav-
ior of the base algorithms. This balance is achieved by mod-
ulating the influence of symbolic guidance through the ex-
ploration factor (ϵr, ϵf ), which gradually decreases as train-
ing progresses, and the confidence parameter ρ. At the be-
ginning of training, when the agent has limited experience
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and the Q-value estimates are still inaccurate, the symbolic
component plays a stronger role in shaping the agent’s be-
havior. By biasing the action selection toward more promis-
ing actions, the agent can more efficiently explore relevant
regions of the state space, thereby accelerating early learn-
ing. As ϵt decays, the contribution of symbolic guidance
becomes progressively weaker, allowing the learned value
function to increasingly dominate the action selection pro-
cess. This gradual reduction prevents the logical policy from
over-constraining the agent’s behavior or trapping it in sub-
optimal local minima that may arise from incomplete or im-
perfect symbolic knowledge. The symbolic component thus
acts as a form of guided exploration in the early stages, while
the long-term learning dynamics of the underlying DRL al-
gorithm remain unaffected.

4.5 Complexity of Symbolic Inference in Training
At each training step (Lines 7 an 9 of Algorithm 1), the RL
agent needs to evaluate whether FF (s) (i.e. the grounding
of the current MDP state) satisfies πASP , which is a fixed set
of non-disjunctive ASP rules. It is known that the grounding
part of ASP reasoning is the most computationally inten-
sive (Gebser et al. 2019). Specifically, let each normal rule
r ∈ πASP include v variables that range over a finite domain
of N constants. Denote the finite set of all possible ground
instances as g(r, FF (s)). The number of such ground in-
stances is O(Nv). Verifying whether these instances are sat-
isfied by FF (s) then requires checking, for each ground in-
stance, the truth of every literal in its body. For propositional
(ground) non-disjunctive programs, this process is linear in
the number of literal occurrences (Eiter, Gottlob, and Leone
1997). Therefore, the total computational cost of verifying
all grounded instances of rules in πASP can be expressed as:

TASP(FF (s), πASP ) = O

( ∑
r∈πASP

|g(r, FF (s))| · |Br|

)
,

where |Br| denotes the number of literals composing the
body of rule r. In our domain representations, each rule
references only a small subset of state predicates (e.g., ob-
jects within the agent’s view), thus the combinatorial term
|g(r, FF (s))| remains small in practice. In more general and
complex settings, we remark that πASP doesn’t evolve dur-
ing training and F is known a priori. Hence, it is possible
to compute the full grounding before training starts, thereby
eliminating the exponential factor of the complexity. Con-
sequently, the symbolic reasoning over πASP introduces an
overhead which is proportional to the number of variable
instantiations actually realized in the current state. For com-
pact rule sets and moderate grounding sizes, this practically
results in a negligible increment of the original DQN step
time.

5 Empirical Evaluation
We evaluate our SR-DQN methodology on the DoorKey
and OfficeWorld domains presented in Section 3.2. These
domains are widely used in related literature (Hazra and
De Raedt 2023; Toro Icarte et al. 2018; Furelos-Blanco et

al. 2021), since they present unique challenges, namely i)
sparse reward definition; ii) long planning horizon; iii) the
need for optimal strategic coordination towards the achieve-
ment of sub-goals. Hence, they represent the ideal bench-
mark to validate our methodology.

In the following, we primarily evaluate the scalability
and sampling efficiency of our method in both domains, in-
creasing the planning horizon and number of sub-goals. To
this aim, we compare with a standard DQN baseline and
a state-of-the-art reward machine methodology as proposed
by (Toro Icarte et al. 2018). We then perform a thorough
ablation study in the DoorKey domain (which was the most
challenging one in our experiments), to separately investi-
gate the performance of symbolic exploration vs. exploita-
tion, and to assess the impact of relevant parameters of our
methodology. Importantly, we tuned the DQN baseline on
the easier settings (e.g., maps with one key only in Doorkey)
and applied it to more challenging scenarios using the same
set of hyperparameters. This allowed us to test the capa-
bilities of our approach in achieving generalization without
requiring the DRL algorithm to be tuned from scratch2.

5.1 Logical Domain Representations and Policies

We now introduce the symbolic knowledge πASP for our
testing domains. Crucially, symbolic knowledge represents
partial policies which are learned by the authors of (Furelos-
Blanco et al. 2021; Hazra and De Raedt 2023) in small-
scale domains. Hence, they may fail to generalize to more
complex settings, e.g., with more items and sub-goals and a
longer planning horizon.

OfficeWorld We formalize the OfficeWorld domain by
introducing environmental features F that represent the
known positions of the observables in the map: coffee(X),
mail(Y), office(Z). Moreover, we introduce the
hasCoffee and hasMail predicates to state that the agent
has already picked up that item, and
hittingDecors, which represents the presence of a deco-
ration (that must not be broken) in the agent’s moving direc-
tion. Finally, predicate visited(X) states that the agent has
already visited room X. As logical policies, we take the ones
learned by (Furelos-Blanco et al. 2021). Namely, the policy
for the DeliverCoffee task:

goto(X) : - coffee(X), not hasCoffee, (2)
not hittingDecors.

goto(X) : - office(X), hasCoffee, (3)
not hittingDecors.

and the one for the VisitAB task:

goto(A) : - not visited(A), not hittingDecors. (4)
goto(B) : - visited(A), not hittingDecors. (5)

2Code to replicate results in both Section 5.2 and Section 5.3 is
available in the supplementary material.
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where A = {goto(X)} denotes the action of moving to an
item. In order to respect Assumption 2, we map this to

left : - goto(X), on left(X).

right : - goto(X), on right(X).

forward : - goto(X), straight(X).
adding the necessary body predicates toF . The above speci-
fications suggest that the agent should first pick up the coffee
(Rule (2)) and then reach the office (Rule (3)), both without
breaking any decoration.

Doorkey For simplicity, we replicate the ASP formu-
lation of the Doorkey domain proposed in (Hazra and
De Raedt 2023). As environmental features F , we de-
fine door(X), key(Y), goal(Z) to denote doors, keys and the
goal. We then introduce predicate locked(X) to state that a
door is locked; unlocked to state the intermediate door to
the goal is open; samecolor(X, Y) to denote items (either
doors or keys) of the same colour; carrying(Y) to specify
that the agent is carrying an object (key); and notcarrying
to specify that the agent is not carrying anything.

We also consider the logical policy learned in (Hazra and
De Raedt 2023), in a small 5×5 grid with only one door and
key:

pickup(X) : - key(X), samecolor(X, Y), (6)
door(Y), notCarryingKey.

open(X) : -key(Z), samecolor(X, Z), (7)
door(X), locked(X), carrying(Z).

goto(X) : - goal(X), unlocked. (8)
Rule (6) suggests that the agent should pick up a key X if it
matches the colour of the door Y and the agent is not cur-
rently carrying another key. Then, from Rule (7), the agent
can unlock a door X if it is holding a matching-colored key
Z, the door X is locked and Z is the correct key for that door.
Finally, Rule (8) prescribes that the agent moves towards the
goal X if all doors along the path are unlocked.

5.2 Scalability Study
We compare SR-DQN against the performance of a stan-
dard DQN algorithm (DQN in the figures) and DQN with
reward machines (RM-DQN in the figures) as designed in
(Toro Icarte et al. 2018). For reward machines, we test dif-
ferent rewards for state transitions in both Doorkey and Of-
ficeWorld and keep the best-performing ones in the tuning
scenarios. For SR-DQN, we empirically choose ϵf = ϵr =
0.3 in Doorkey tasks, and ϵf = 0.05, ϵr = 0.1 in Office-
World tasks. Since we do not have information about the
confidence level of πASP from (Hazra and De Raedt 2023)
and (Furelos-Blanco et al. 2021), we empirically set ρ = 0.8
for both domains. For each method, we evaluate the dis-
counted return3 achieved over 5 random seeds.

Finally, in Table 1, we report the execution times of DQN
and SR-DQN across all tested tasks. It is evident that the ad-
ditional overhead introduced by the symbolic inference, in-
dicated in the last row, has a negligible impact on the overall

3For RM-DQN, we exclude the additional reward from the plots
for a fair comparison.

training duration. This demonstrates that integrating sym-
bolic guidance does not compromise the efficiency of the
learning process while still providing the benefits evidenced
throughout this section.

OfficeWorld To test the scalability performance of SR-
DQN in the OfficeWorld domain, we employ the policy
learned by (Furelos-Blanco et al. 2021) in the DeliverCof-
fee and PatrolAB tasks as partial policies in the more com-
plex DeliverCoffeeAndMail and PatrolABC tasks, respec-
tively. In this way, we assess the sampling efficiency of our
methodology when generalizing to longer planning horizons
and more sub-goals. Figure 2 shows the performance of SR-
DQN and the baselines. For both tasks, we tuned the base
DQN algorithm to solve the easier setting (i.e. DeliverCoffee
and PatrolAB) and then used the same set of hyperparame-
ters to train all the agents in the more challenging tasks. On
average, SR-DQN achieves the highest return by the end of
training, also proving to be more stable with a lower stan-
dard deviation with respect to DQN in particular. On the
other hand, RM-DQN converges more slowly to a lower av-
erage return with larger variance, proving the inefficiency of
reward augmentation, as theoretically suggested by (Cheng,
Kolobov, and Swaminathan 2021).

DoorKey For DoorKey, we evaluate performance across a
range of scenarios with increasing complexity. We begin by
scaling up the environment from a 5 × 5 to an 8 × 8 grid,
and simultaneously increase the number of keys (with dis-
tinct colors), either 2 or 4. We further extend the evaluation
to a larger 16× 16 grid, considering both one-key and two-
key configurations4. In these settings, the agent must also
correctly decide which key to pick, depending on the door’s
color. These scenarios provide a compelling demonstration
of the benefits of our neuro-symbolic approach, which effec-
tively leverages prior knowledge to generalize to more com-
plex domains. Importantly, none of these larger map config-
urations were considered in (Hazra and De Raedt 2023), the
source of the πASP policy.

Figure 3 shows the training performances of our algorithm
and the baselines in random 8 × 8 maps with a single key.
Since all methods achieve optimal performance in this set-
ting, we freeze the fine-tuned parameters and reuse them in
more challenging configurations. This allows us to evaluate
the ability of both the baselines and our approach to general-
ize effectively without requiring re-tuning parameters from
scratch. Figure 4 shows the performance of our algorithm
and the baselines in 8×8 and 16×16 random maps with dif-
ferent amounts of keys. The proposed SR-DQN algorithm
clearly outperforms both the baselines in the more challeng-
ing tasks, both enlarging the size of the grid and increasing
the number of keys. showing a significantly higher average
return. Overall, the proposed approach demonstrates clear
improvements over both base DQN and RM-DQN in tasks
requiring longer planning horizons and in case of imperfect
symbolic policies.

4We omit the 4-keys configuration in the 16x16 map, as all
tested algorithms, including ours, exhibit similarly low perfor-
mance in this setting.
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Domain Task Steps DQN Exec Time SR-DQN Exec Time Exec Time Increment

DoorKey 8x8, 1 Key 3M 1h 20min 1h 24min 4 min (5%)
DoorKey 8x8, 2 Keys 5M 2h 10min 2h 15min 5 min (3.85%)
DoorKey 8x8, 4 Keys 5M 2h 10min 2h 15min 5 min (3.85%)
DoorKey 16x16, 1 Key 10M 2h 46min 2h 54min 8 min (4.82%)
DoorKey 16x16, 2 Keys 10M 2h 46min 2h 54min 8 min (4.82%)
OfficeWorld CoffeeAndMail 250k 38min 30s 39 min 30s (1.3%)
OfficeWorld PatrolABC 250k 40min 41min 1min (2.5%)

Table 1: Execution times of DQN and SR-DQN algorithms. The last column shows the time increment introduced by symbolic reasoning.

Figure 2: OfficeWorld results on the DeliverCoffeeAndMail task (left) and on the PatrolABC task (right).

Figure 3: Training results on 8× 8 single-key DoorKey.

5.3 Ablation Study
Our SR-DQN (Algorithm 1) combines symbolic reasoning
both in the exploration (Algorithm 2) and the exploitation
(Algorithm 3) phases of DRL, modulated by the decay law
of ϵ (Line 20). Together with ρ, the values of ϵr and ϵf deter-
mine the impact of πASP on the training loop. We now want
to investigate the role of these components independently.

Figure 5 shows the performance of both SR-Exploration
(Algorithm 2) and SR-Exploitation (Algorithm 3) when em-
ployed as the only symbolic component within the full Al-
gorithm 1. Specifically, as in standard DQN, when dis-
abling SR-Exploration, we sample a uniformly from A dur-
ing exploration; for SR-Exploitation, we do not rescale Q-
values. We perform this ablation study on the same 8 × 8
Doorkey environment with 4 keys, which provides a chal-

lenging yet tractable scenario where good performance can
still be achieved. Both SR-Exploration and SR-Exploitation
alone outperform standard DQN, but SR-Exploitation alone
achieves performance very close to that of the full SR-DQN,
underscoring the importance of value shaping as a key con-
tributor to overall performance. In contrast, SR-Exploration
alone yields a smaller improvement but faster return growth
at the very beginning of training.

In Figure 6 (top), we instead keep the full SR-DQN al-
gorithm, but vary the values of ϵf and ϵr. Starting from
an equal initial value ϵi = 1, in this way we modify the
decremental behaviour of ϵ, thus varying the impact of the
symbolic component of our algorithm. We perform this
test in the DoorKey environment with an 8 × 8 grid and 4
keys, which poses a significant challenge for all tested base-
lines but still allows them to learn good policies. The opti-
mal curve corresponding to Figure 4 (top-right) is reported
in red (ϵf = 0.3, ϵr = 0.3). Figure 6 (top) shows that,
when decreasing ϵf and ϵr, thus reducing the impact of the
symbolic policy, the training performance decreases signif-
icantly. Moreover, a too high ϵf value results in unstable
policies, thus gaining worse returns.

Finally, Figure 6 (bottom) shows the performance of SR-
DQN under different values of the confidence parameter ρ.
Both excessively low (ρ ≤ 0.5) and excessively high (ρ
close to 1) confidence values lead to suboptimal perfor-
mance. In the former case, the symbolic component exerts
too little influence, preventing the agent from effectively ex-
ploiting the structured prior knowledge. In the latter, too
much reliance is placed on the symbolic rules, whose accu-
racy is limited since they are learned from simplified ver-
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Figure 4: Training results on the DoorKey environment in random maps, varying map size and number of keys.

Figure 5: Ablation study over the SR-DQN components on 8 × 8,
4-keys DoorKey.

sions of the tasks. This analysis highlights the need for a
balanced integration between neural and symbolic compo-
nents, where ρ, ϵr, and ϵf regulate the trust in imperfect
symbolic knowledge.

6 Conclusion and Future Work
We presented SR-DQN, a novel neuro-symbolic DRL ap-
proach to tackle the problems of scalability and sampling in-
efficiency in DRL, in environments with long planning hori-
zons, sparse rewards, and multiple sub-goals. Our method-
ology exploits partial logical policy specifications represent-

ing the optimal strategy in easy-to-solve domain instances
with a limited planning horizon. Then, we perform auto-
mated reasoning to entail suggested actions from the logi-
cal specifications, biasing both the exploration phase of ϵ-
greedy DRL agents and the Q-values produced by the neu-
ral component during training, to encourage the choice of
promising symbolic actions. We exploit an ϵ-decay schedule
to balance symbolic reasoning and neural learning over time.
Importantly, the added symbolic component doesn’t repre-
sent a significant computational overhead for the original
DRL algorithm. We empirically demonstrated the benefits
of SR-DQN in two benchmarks, OfficeWorld and DoorKey,
both of which present the challenges mentioned above, as
well as partial observability in larger maps. SR-DQN con-
sistently outperformed all the selected baselines (namely,
standard DQN, DQN with reward machines, which repre-
sent a state-of-the-art technique in neuro-symbolic DRL),
also being the only method capable of achieving significant
returns in challenging, partially observable DoorKey tasks
with more items (e.g., multiple keys) and sub-goals, where
all tested baselines performed much worse.

In future work, we plan to generalize our methodology to
a broader class of DRL algorithms beyond ϵ-greedy strate-
gies. This includes integrating our framework with policy
gradient and actor-critic methods. Additionally, we aim to
extend our approach to more expressive logical representa-
tions, such as temporal or probabilistic logic.

Proceedings of the 23rd International Conference on Principles of Knowledge Representation and Reasoning
KR meets Machine Learning and Explanation

1167



Figure 6: Ablation study over the SR-DQN main parameters, ϵ
(top) and ρ (bottom), both performed on 8× 8, 4-keys DoorKey.
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