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Abstract

In reinforcement learning, the use of symbolic state repre-
sentations usually offers higher training efficiency and bet-
ter generalization. However, converting sensory raw inputs
into symbolic states usually requires pre-trained models and
manually annotated datasets, leading to significant human la-
bor. This paper proposes a state grounding method based on
abductive learning, which can automatically accomplish the
conversion from subsymbolic states to symbolic states by uti-
lizing some general, environment-related background knowl-
edge while exploring the environment. This method does not
require pre-annotated data or pre-trained models; instead, it
leverages first-order logic knowledge to provide supervised
information for training the grounding model. Meanwhile,
within the abductive learning framework, it can realize end-
to-end training for both the visual grounding model and the
deep reinforcement learning model.

Introduction
Reinforcement learning (Sutton and Barto 1998) has devel-
oped rapidly over the past two decades. Benefiting from
the advancement of deep learning, a series of excellent
and widely applied algorithms such as Deep Q-Network
(DQN) (Mnih et al. 2013) and Proximal Policy Optimiza-
tion (PPO) (Schulman et al. 2017) have emerged.

In reinforcement learning, state representations can be di-
vided into symbolic representations and subsymbolic repre-
sentations. Most of the deep reinforcement learning methods
that have achieved remarkable success recently are based
on subsymbolic representations. However, these methods
still have many limitations, which are mainly reflected in
low learning efficiency, poor generalization ability, and lack
of interpretability (Núñez Molina, Mesejo, and Fernández-
Olivares 2024).

On the other hand,reinforcement learning based on sym-
bolic representations exhibits higher learning efficiency,
stronger generalization ability, and greater interpretability.
For example,we have conducted a series of comparative ex-
periments in FrozenLake (Towers et al. 2024) and the Re-
sults are shown in Figure 1 . Furthermore, some reinforce-
ment learning tasks accomplished by relying on large lan-
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guage models can only handle those based on symbolic rep-
resentations (Ye, Arenz, and Kersting 2025).

While reinforcement learning based on symbolic repre-
sentations offers numerous advantages, it still has certain
drawbacks, including the requirement for a symbolic en-
vironment or pre-trained models that can extract symbols
from inputs. For instance, to convert raw inputs (such as im-
ages) into symbolic data, a large number of annotated image
datasets in the environment must be collected, and then a
mapper like a Convolutional Neural Network (CNN) needs
to be trained to achieve this goal.

To address such challenges, we propose the abductive
state grounding method. By leveraging exploration in the
subsymbolic environment, this method enables the agent to
automatically ground task-relevant symbols. It reduces the
requirement for labeled samples in state space grounding,
enabling reinforcement learning (RL) to automatically learn
how to abstract subsymbolic states into symbolic states dur-
ing the decision-making learning process, thereby improv-
ing RL performance.

We formalize the state grounding problem as an abduc-
tive learning problem. Abductive learning (Dai et al. 2019)
is a framework that can integrate machine learning and
symbolic reasoning, similar to the dual-system in the hu-
man decision-making process (Shane and Frederick 2005)
in neuroscience: System 1 outputs rapid intuition, which is
generally undertaken by neural networks; System 2 outputs
slow reasoning, which is generally undertaken by knowl-
edge bases. Abductive learning has also been applied in
many works (Hu et al. 2025; Huang et al. 2023; Yang et al.
2024).

In our task,the knowledge refers to environment-related
symbolic conceptual knowledge, which can be transferred
across domains and tasks—for example, the agent can move,
and walls block the agent’s movement. The machine learn-
ing component consists of a visual grounding model and a
deep reinforcement learning model; both can be unified un-
der the ABL framework for end-to-end training.

Formulation
State Grounding
A state grounding system can be abstracted as a triple
⟨R,S, h⟩, where R denotes the original subsymbolic space



(a) Training curve. When stepping into a hole, it is regarded as hav-
ing executed 100 steps, and the next round starts.

(b) Completion rate of models (trained for a certain number of
rounds) on 100 unseen maps.

Figure 1: Comparison of Training Efficiency and Generalization Between Symbol Representation and Subsymbol Representa-
tion in the FrozenLake Environment
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Figure 2: Abductive Learning Framework.

where R ⊆ Rn (here n represents the dimension of the sub-
symbolic space), S denotes the symbolic space and satisfies
S = S1 × S2 × · · · × Sm (where Si = {S1

i , S
2
i , . . . , S

ki
i }

is a finite set whose elements stand for symbols, and ki de-
notes the upper limit of the number of possible symbols in
the i-th dimension), and h : R → S represents the ground-
ing function to be learned, which is responsible for mapping
instances in the subsymbolic space R to the symbolic space
S.

For example, in our experiment, the subsymbolic space R
is the pixel space. That means the input is an image. The
image shows a square map. This map is made up of grid
blocks. Let’s assume both its length and width are 8 blocks.
So the size of the symbolic space S should be 8 x 8 x K.
Here, K stands for the number of possible block types.

Abductive Learning
Abductive learning has typically been used in supervised
training classification tasks. Its general process is shown in
Figure2. In the first stage, a machine learning model (such
as a neural network) provides an intuitive output y, which
is then sent to the knowledge base KB for consistency op-
timization. During this process, parts of y are modified to
obtain the final output y′ that has the best consistency with
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Figure 3: ABL-Explorer Framework.

the knowledge base.

Symbol Abduction By Exploration
For a symbol Sj

i , we divide it into two components: ⟨αj
i , β

j
i ⟩,

where αj
i denotes the direct representation of Sj

i . For in-
stance, the αj

i of the symbol ‘key’ is the pixels of the block
where the ‘key’ is located, with a size of G×G×3 (G repre-
sents the size of a block, and 3 corresponds to the RGB chan-
nels). In contrast, βj

i represents both the intrinsic function of
Sj
i and its interaction relationships with other symbols. For

example, the βj
i of the symbol ‘key’ can be expressed as

rules in first-order logic:

face to(player(Y ), X) ∧ pick up(Action)∧
pick able(X) → key(X)

assuming that the ‘key’ is the only pickable item in the en-
vironment.

Since βj
i is more universal and generalizable than αj

i : for
example, the αj

i values of ‘Player’ in different environments
are usually different, and even the probability of their spatial
dimensions being equal is very low. However, the βj

i values
of ‘Player’ in different environments have high similarity
(e.g., all ‘Player’ entities possess the movement function).



We thus assume that αj
i is unknown, while βj

i is known and
incorporated into the Knowledge Base (KB) of the abductive
learning framework.

We perform abduction by βj
i and environmental explo-

ration to learn the αj
i values of all symbols. When the αj

i
values of all symbols are learned, h is naturally acquired.
For example, when the agent executes the ”move forward”
command: if a difference is detected between two adjacent
frames, and the differing region contains a block that appears
only once in the entire image, this block can be abduced as
the player. In first-order logic, this is expressed as:

movable(X) ∧ single(X) → player(X)

In some cases, multiple causes may lead to the same re-
sult. For example, after the agent executes ”move forward”,
no difference is observed between two adjacent frames. This
implies that the agent may be blocked by a wall, a key, or a
door. In such scenarios, additional exploration is required
to distinguish these possibilities and obtain features of the
symbol Y that the player is facing (e.g., pick able(Y ) ∧
¬open able(Y )), thereby identifying Key(Y ).

The symbols obtained through abduction follow a certain
order. For example, only after determining which block rep-
resents the player can we identify which symbols correspond
to the remaining blocks.

Method
In this section, we will introduce the architecture and train-
ing process of ABL-Explorer.

Architecture
Traditional reinforcement learning models only have an end-
to-end model that takes subsymbolic inputs and outputs ac-
tions, and are unable to convert subsymbols into symbols.
Therefore, we add a visual grounding model and a knowl-
edge base to them, enabling them to possess this conversion
function. The overall flow chart of ABL-Explorer is shown
in Figure 3.

Therefore, ABL-Explorer can be decomposed into 3 main
stages. The first stage is what we call the Recognizer. In
this stage, the Recognizer splits the raw environmental data
X into smaller segments (x1, x2, . . . , xn), and simultane-
ously provides an intuitive mapping h (xi → Probs(Si))
where X ∈ R and Probs is probability distribution. We
define X = g(x1, x2, . . . , xn), where g depends on the
prior knowledge of the environment. For example, in a grid-
based environment, g functions to divide the environment
into multiple small blocks.

The second stage is referred to as the abductive stage. The
knowledge base KB will abduct which xi can be definitely
mapped to sj based on the historical state X and action a.
Based on this, it will update the mappings stored in KB,
revise the mapping h provided in the first stage, and generate
the final mapping h′ at this moment.

The third stage is called the exploration stage. We fuse
the decoupled raw environmental data (x1, x2, . . . , xn) from
the first stage with the final mapping h′ obtained from the
second stage to get the input X ′ for the third stage, which

is {h′(x1), h
′(x2), h

′(x3), . . . , h
′(xn)}. We then input X ′

into the explorer neural network to obtain an action a, which
is designed to enable the Agent to execute it such that the
number of steps to explore all symbols is minimized.

Compared to traditional abductive learning, the addition
of the explorer module enables it to actively interact with
the environment, thereby updating the knowledge base and
aligning the prior knowledge and the real environment. In
contrast to traditional reinforcement learning, the integration
of abductive learning makes it more convenient to introduce
prior knowledge, abstract symbols with interpretability, and
bridge the neural system and the symbolic system. Mean-
while, when encountering data xi that has never triggered
certain rules, the Explorer can also make predictions on it.

Training Paradigm
There are a total of 2 neural networks in the entire model
that need to be trained: namely the Recognizer in Stage 1
and the Explorer in Stage 3. This section will explain how
each of them is trained respectively.

First, for the Recognizer in Phase 1, its loss consists
of two components: the system 1 loss and the system 2
loss (Shane and Frederick 2005). The system 1 loss repre-
sents some fast, intuitive losses. For example, if we over-
predict a symbol si ∈ Ssmall where Ssmall is a subset con-
sisting of all symbols in the symbol set that are expected to
appear infrequently. when it exceeds a certain threshold, the
absolute value of the sum of probabilities for this symbol in
the probability matrix minus that threshold is taken as part
of the system 1 loss. That is,

Lsys1(X) =
∑

si∈Ssmall

max(0,
∑

xj∈g′(X)

f(xj)[i]− τsmall)

+
∑

si∈Slarge

max(0, τlarge −
∑

xj∈g′(X)

f(xj)[i])

where f is the symbol prediction function of the Recog-
nizer for xj , i.e., f(xj) ∈ Rn. The purpose of designing the
system 1 loss is that it can provide an intuitively predicted
result with good confidence when certain symbols have not
been determined.

The system 2 loss, on the other hand, simply calculates
the sum of squared errors between the intuitive results of the
Recognizer and the results corrected by the KB.

Lsys2(X) =
1

n

∑
xi∈g′(X)

||f(xi)− f ′(xi)||2

To summarize, the total loss of the Recognizer is as fol-
lows

LRec = α · Lsys1 + β · Lsys2

The Explorer is a reinforcement learning model. We
mainly use PPO (Proximal Policy Optimization) (Schulman
et al. 2017) for its implementation, with the focus being on
its reward design. The reward for each step is set as follows:

R = N(g′(Xt), at, g
′(xt−1), at−1, ...)− p



Figure 4: Experiments in Minigrid Environment. The difficulty increases from left to right, and a curve that lies lower indicates
better performance.
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Figure 5: The Specific Flow Chart of ABL-Explorer in the Minigrid Environment

Here, N represents the number of newly discovered mapping
relationships of the action in this step, determined based
on historical information. Meanwhile, p is a constant term,
which denotes a penalty incurred for each step executed.
This penalty mechanism helps the model achieve efficient
exploration within a shorter time frame.

Experiments
In this section, we will test our method in the Mini-
grid (Chevalier-Boisvert et al. 2023) environment. Within
this environment, there are numerous symbols that can be
explored through interaction with the environment. How-
ever, some of these symbols can only be explored by per-
forming a series of combined actions, making this task
highly challenging.

Furthermore, we will conduct additional tests of our
method in the MiniHack (Samvelyan et al. 2021) environ-
ment to verify the reliability of our approach across different
settings. This environment offers a more diverse set of rules,
with various symbols that also need to be identified through

interaction with the environment. Notably, the mutual occlu-
sion of symbols in images and the requirement that certain
symbols can only be recognized via specific combinations
of actions render this task equally challenging.

Minigrid Symbol Exploration
Environment Setting We customized an 8×8 grid map,
where each grid cell is an 8×8 RGB pixel, resulting in an
original input dimension of 64×64×3. The action space has
a size of 6, including turning left, turning right, moving for-
ward, picking up, putting down, and switching. We also de-
fined three difficulty levels: easy, medium, and hard, to fa-
cilitate multi-dimensional comparison of the advantages and
disadvantages of ABL-Explorer.

In the easy levels, a total of 6 types of symbols need to
be discovered: walls, floors, and players (in 4 directions).
The medium levels require discovering 7 types of symbols,
adding target points to those in the easy levels. The hard
levels require discovering 8 types of symbols, adding keys
to those in the medium levels. We ensure that all symbols



Method Training Steps

Easy Medium Hard

Random 45735 1168486 1893838
PPO 18205 492785 922411
ABL-Explorer(ours) 15476 91384 439845

Table 1: Training Steps(1000 episodes in total) Across Dif-
ferent Difficulty Levels in Minigrid Environment.

that need to be discovered will definitely appear in the map.

Compared Methods To demonstrate the performance of
ABL-Explorer, we compared it with two methods: (1) Ran-
dom Action, where each output action is completely ran-
dom; (2) PPO (Schulman et al. 2017), one of the most main-
stream reinforcement learning algorithms currently, which
outputs policies directly based on the original environment.

We present the training curves in Figure 4, and the to-
tal number of training steps for each method to complete
1000 episodes is detailed in Table 1. In the easy setting, ran-
dom actions take an average of approximately 50 steps to
complete one episode. The performance of ABL-Explorer
is comparable to that of PPO, with ABL-Explorer requiring
slightly fewer total steps than PPO. In the medium setting,
random actions take an average of around 1000 steps to fin-
ish one episode. Here, ABL-Explorer significantly outper-
forms PPO in training: it only takes about 18.54% of the
steps that PPO needs to complete 1000 episodes. Moreover,
in terms of final performance, ABL-Explorer can consis-
tently finish one episode within an average of 50 steps, while
PPO still requires over 300 steps per episode. In the hard set-
ting, random actions take an average of roughly 2000 steps
to complete one episode. ABL-Explorer remains more effec-
tive than PPO, as it only uses approximately 47.68% of the
steps required by PPO to complete 1000 episodes. Addition-
ally, ABL-Explorer achieves a final performance of finishing
one episode within an average of 50 steps, whereas PPO still
needs an average of 500 steps per episode.

MiniHack Symbol Exploration
Environment Setting We customized a 7×7 grid level for
learning the skill of eating food, where recognizing food es-
sentially equates to mastering this eating skill. Each grid cell
is a 16×16 RGB pixel, resulting in an original input dimen-
sion of 112×112×3. The action space has 5 actions, includ-
ing moving up, moving down, moving left, moving right,
and eating food. Within this level, a total of five types of
symbols need to be identified: walls, floors, the player, food,
and the starting point. The starting point is initially covered
by the player.

Compared Methods We present our training curves in
Figure 6 and the total number of steps required to com-
plete 1000 episodes in Table 2.Similarly, we adopt the two
aforementioned methods: Random Action and PPO. In the
MiniHack-eat task level, random actions take an average of
245 steps to finish one episode. Here, ABL-Explorer also

Figure 6: Experiments in MiniHack Environment. A curve
that lies lower indicates better performance.

Method Training Steps

Random 236373
PPO 25333
ABL-Explorer(ours) 10409

Table 2: Training Steps (1000 episodes in total) in MiniHack
Environment.

achieves substantial improvements over PPO in training: it
converges faster and only takes about 41.08% of the steps
that PPO needs to complete 1000 episodes. Moreover, in
terms of final performance, ABL-Explorer can consistently
finish one episode within an average of 7 steps, while PPO
still requires an average of 13 steps per episode.

Conclusion
This article proposes an automated state grounding method
based on abductive learning. Specifically, we formalize state
grounding as an abductive learning problem, conduct explo-
ration in the environment, collect feedback, and then abduce
symbols based on a general set of prior knowledge. With-
out relying on pre-trained models or annotated datasets, this
method can convert subsymbolic states into symbolic states,
which greatly reduces the cost of manual annotation and sig-
nificantly improves the efficiency of reinforcement learning
tasks.

Future Work
The experiments in this article are conducted in a closed en-
vironment, which means the knowledge base is guaranteed
to contain all relevant symbols present in the environment. In
the future, we aim to extend this method to an open environ-
ment—specifically, enabling it to explore and identify un-
known symbols. Therefore, Inductive Logic Programming
(ILP) (Muggleton 1999) is one of the techniques worth con-
sidering, as it can induct rules for unknown symbols from



partial examples. Additionally, large language models could
also be attempted to fulfill this function.
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