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ABSTRACT
Reinforcement Learning (RL) has experienced rapid advancements
in recent years. The widely studied RL algorithms mainly focus on
a single input form, such as pixel-based image input or symbolic
vector input. These two forms have different characteristics and,
in many scenarios, will appear together, while few RL algorithms
have studied the problems with mixed input types. Specifically, in
the scenario where both pixel and symbolic inputs are available,
symbolic input usually offers abstract features with specific se-
mantics, which is more conducive to the agent’s focus. Conversely,
pixel input provides more comprehensive information, enabling
the agent to make well-informed decisions. Tailoring the process-
ing approach based on the properties of these two input types can
contribute to solving the problem more effectively. To tackle the
above issue, we propose an Internal Logical Induction (ILI) frame-
work that integrates deep RL and rule learning into one system. ILI
utilizes the deep RL algorithm to process the pixel input and the
rule learning algorithm to induce propositional logic knowledge
from symbolic input. To efficiently combine these two mechanisms,
we further adopt a reward shaping technique by treating valuable
knowledge as intrinsic rewards for the RL procedure. Experimental
results demonstrate that the ILI framework outperforms baseline
approaches in RL problems with pixel-symbolic input, and its in-
ductive knowledge exhibits transferability advantages when pixel
input semantics change.

∗Zongzhang Zhang is the corresponding author.
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1 INTRODUCTION

Figure 1: An illustration of the two forms of input in the
self-driving car game.

Deep Reinforcement Learning (RL) is developing rapidly and has
achieved remarkable success in Atari games [21], Go [44], robot-
ics [1], etc. This reveals the tremendous potential of deep RL and it
is considered to be a promising solution to real-world sequential
decision-making problems. However, current RL algorithms mainly
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focus on only a single type of input, such as image input expressed
in pixel form or vector input expressed in symbolic form. Neverthe-
less, the scenario of mixed forms of input is widespread [14, 34, 52].
Take the autonomous driving scenario as an example [58]. The
vehicle camera will capture the pixel input, while vehicle-borne
radar, urban road information, and vehicle index information (such
as speed, power, coordinates, etc.) are symbolic input.

In the mixed pixel-symbolic input scenario, the pixel input usu-
ally provides more comprehensive information. But a large number
of samples are required to train the agent due to the complexity
of task description in pixel form and neural networks. In contrast,
the dimensionality of symbolic states is much smaller, and each
state dimension has fixed and specific meanings. It may lack some
information and result in the inability to get optimal performance,
but training on the symbolic state will converge faster. The two
forms of input are illustrated in the self-driving car game in Figure
1. The left frame is a pixel state, while the vector of the distances to
each road edge is a symbolic state. We refer to this type of problem
as the pixel-symbolic RL problem.

Existing RL algorithms mainly focus on single-form input, and
only a few works revolve around multiple-form input, the main di-
rections of which are: Multi-View Reinforcement Learning (MVRL)
[26, 29] and Symbolic Deep Reinforcement Learning (SDRL) [4, 10,
30]. The former focuses on multi-view data, and each view shares
common dynamics but adheres to different observation models.
This setting concerns how to integrate information from multi-
view data by representation learning [27], while the pixel input in
our setting already contains the integrated information. The latter
handles both high-dimensional sensory input and task-level symbol
input under the hierarchical RL framework [36]. They focus on how
to use task-level symbolic input for upper-level policy planning. In
comparison, symbolic input in our setting can be directly employed
for decision-making assistance. Thus, the granularity and usage of
the symbolic input in SDRL and our setting are very different.

When encountering a mixed pixel-symbolic input scene, a com-
mon practice is to stitch the pixel input processed by convolutional
neural networks with the original symbol and then use it as the
input of the RL network [14, 49, 52]. This method does not make
good use of the characteristics of symbolic input because the neural
network still needs a large number of samples to learn to capture the
semantics of symbolic input. And the high-dimensional representa-
tion of pixel input may interfere with the recognition of symbolic
input. We should have special treatment for symbolic states.

One key point to solving the pixel-symbolic RL problem is to
process symbolic input according to its characteristics to help the
learning of deep neural network agents. Fortunately, there are many
effective methods for processing symbolic data in the data mining
field, and rule learning is one of the most influential and mature
methods [18, 33, 50]. Usually, rule learning can discover effective
logic rules even on a small amount of symbolic data, which helps
quickly capture valuable experiences from interactions with the
environment.

In this paper, we propose the Internal Logical Induction (ILI)
framework to specifically deal with the pixel-symbolic RL problem.
It integrates deep RL and rules learning into a system that separately
processes pixel and symbolic input. To effectively combine these
two components, we first construct a dataset from symbolic input

for rule learning during the training process, based on which we can
derive propositional logic knowledge. Then we adopt an adaptive
mechanism to select valuable knowledge as the intrinsic reward to
help the learning of deep RL agents.

Based on the above idea, we use DQN [31] as the implemen-
tation of deep RL and RIPPER [11] as the implementation of rule
learning. The experimental results show that the ILI algorithm has
a significant performance improvement over the baselines. In addi-
tion, the propositional logic knowledge gained from rule learning
is transferable, which can help the agent learn faster on new tasks
where the pixel input changes.

We summarize our contributions as follows:

(1) We formalize the RL problem with both pixel and symbolic
input as the pixel-symbolic RL problem and analyze the
characteristics and challenges of this problem.

(2) We propose a framework specifically designed to solve pixel-
symbolic RL, called Internal Logical Induction (ILI), which
brings together the advantages of deep RL and rule learning.

(3) The experimental results show that the method of construct-
ing the rule learning dataset during training progress can
derive valuable propositional logic knowledge. Then the
ILI framework shows significant performance improvement
in the pixel-symbolic RL problems compared to the base-
line algorithm. Moreover, the propositional logic knowledge
derived from the ILI framework helps migrate the agent’s
policy when the semantics of the pixel input change.

2 BACKGROUND
2.1 Reinforcement Learning
Reinforcement Learning (RL) [25] is a machine learning paradigm
in which an agent learns an optimal policy by interacting with
the environment. The common RL framework mainly consists of
two parts: the environment and the agent. At each time step 𝑡 , the
agent chooses an action 𝑎𝑡 and executes it according to the current
state 𝑠𝑡 of the environment, then the environment transitions to a
new state 𝑠𝑡+1 while giving the agent a reward 𝑟𝑡 . The above is an
interactive loop in RL that continues until the end of the task. The
objective of RL is to maximize the cumulative reward E𝜋 [

∑
𝑡 𝛾

𝑡𝑟𝑡 ],
where 𝛾 is the discount factor.

Formally, RL can be expressed as a Markov decision process
(MDP) problem. It can be defined as a 4-tuple ⟨S,A,R,P⟩, where
S is the state space, and 𝑠𝑡 is the state at time step 𝑡 ;A is the action
space, and 𝑎𝑡 is the action at time step 𝑡 ; R is the reward function,
and reward 𝑟𝑡 = 𝑅(𝑠𝑡 , 𝑎𝑡 ) ∈ R is a function of state 𝑠𝑡 and action
𝑎𝑡 ; P is the transition function, and 𝑃 (𝑠, 𝑎, 𝑠′) = Pr(𝑠𝑡+1 = 𝑠′ |𝑠𝑡 =

𝑠, 𝑎𝑡 = 𝑎) denotes the probability of state 𝑠𝑡 transitioning to state
𝑠𝑡+1 after taking action 𝑎𝑡 .

The policy of RL agent 𝜋 (𝑠) is a function defined over the state
space. It can be a simple function or a neural network. Given an
environment defined by a 4-tuple ⟨S,A,R,P⟩, the aim of RL is to
learn the policy 𝜋 (𝑠) that can maximize accumulated reward.

Recently, much research has been done on applying deep learn-
ing to RL, which gives birth to deep RL [3]. Benefiting from the
strong expression ability of the neural network, deep RL achieves
remarkable performance.
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The DQN [31] algorithm used as a baseline in this paper is a
classic method of deep RL. It belongs to the Q-learning algorithm
and uses a Q-network 𝑄 (𝑠, 𝑎;𝜃 ) to approximate a Q-value func-
tion. We can derive the policy from the Q-value function by set-
ting 𝜋 (𝑠𝑡 ) = argmax𝑎 𝑄 (𝑠𝑡 , 𝑎;𝜃 ). In order to stabilize the training
process, DQN uses a Q-network 𝑄 (𝑠, 𝑎;𝜃 ) and a target network
𝑄̂ (𝑠, 𝑎;𝜃 ), and parameter 𝜃 is updated as follows:

𝜃 ← 𝜃 + 𝛼∇𝜃 (𝑟𝑡 + 𝛾 max
𝑎
𝑄̂ (𝑠𝑡+1, 𝑎;𝜃 ) −𝑄 (𝑠𝑡 , 𝑎𝑡 ;𝜃 )) , (1)

where ⟨𝑠𝑡 , 𝑎𝑡 , 𝑟𝑡 , 𝑠𝑡+1⟩ is sampled from replay buffer and 𝛼 is the
learning rate. Parameter 𝜃 will be regularly updated following the
formula 𝜃 ← (1 − 𝛽)𝜃 + 𝛽𝜃 , where 𝛽 represents a hyperparameter.

2.2 Rule Learning
Rule learning is one of the most influential and mature fields of
machine learning [18]. Many rule learning systems have been de-
veloped for propositional and relational learning [17, 19, 38]. Rule
learning is particularly useful in intelligent data analysis and knowl-
edge discovery tasks, where compact, transparent, and effective
rules can be learned.

Given a set of pre-classified objects, usually described by at-
tribute values, a rule learning system constructs one or more rules
of the form:

IF f1 AND f2 AND ... AND f𝐿 THEN Class = 𝑐𝑖

The condition part of the rule is a logical conjunction of symbolic
features, where a feature f𝑘 is a test that checks whether an example
to be classified has a specified property. Features f𝑘 typically have
the form A𝑖 = 𝑣𝑖, 𝑗 for discrete attributes, and A𝑖 < 𝑣 or A𝑖 ≥ 𝑣 for
continuous attributes (here, 𝑣 is a threshold value). The conclusion
of the rule is a class value 𝑐𝑖 , which means that for any example
that satisfies the body of the rule, the rule predicts the class value
𝑐𝑖 . We call f1 AND f2 AND ... AND f𝐿 as rule body and Class = 𝑐𝑖
as rule head.

In this paper, we choose Repeated Incremental Pruning to Pro-
duce Error Reduction (RIPPER) [11], which is a dominant proposi-
tional rule learner, as the concrete rule learning implementation.
It forms rules through a process of repeated growing and pruning.
During the growth phase, the rules are grown by adding condi-
tions that maximize an information gain criterion to fit the training
data as closely as possible until the rule covers no negative exam-
ples. During the pruning phase, the rules are pruned by deleting
conditions that maximize a pruning function until any deletion
cannot improve the function’s value to avoid overfitting, which
can cause poor performance on unseen instances. The RIPPER al-
gorithm has excellent performance, can handle large-scale noisy
data, and supports numerical variables and multiple classes, which
makes it applicable to a wider range of problems.

3 METHOD
In this paper, we focus on the RL problem with mixed input of
pixel and symbolic types, which we call pixel-symbolic RL. We
formulate pixel-symbolic RL problem as 𝑀 := ⟨S,A,R,P⟩, the
only difference from standard MDP in Section 2.1 is that S here
is the joint state space consists of pixel state S𝑝 ∈ R𝐶×𝐻×𝑊 and
symbolic state S𝑠 ∈ R𝑀 . 𝐶 , 𝐻 ,𝑊 , and 𝑀 represent the number

of channels, image height, image width, and symbol vector length
respectively.

The pixel state often corresponds to perceptual data, while the
symbolic state can be derived from various sensor data (such as
distance measurements or internal agent indicators) [55], system
database queries (such as task-related numerical descriptions) [14],
or some generic digital image processing techniques.

In many tasks, while the task logic embodied by symbolic input
remains consistent, the semantics of pixel input may change. These
changes may be due to changing lighting conditions, as visual
sensors need to function both day and night [13], or scene changes,
such as encountering a novel navigation scene under consistent
robot navigation logic [46]. Agents originally trained to perform
tasks in the original pixel state space often need to be retrained to
function in the new space. Formally, both the old and new tasks
share the same symbolic state space S𝑠 , action space A, reward
function R, and state transition P, while their pixel state spaces
S𝑝 differ. How to perform efficient policy transfer between old and
new tasks is a topic worthy of further consideration.

We present an Internal Logic Induction (ILI) framework to solve
the pixel-symbolic RL problem, which integrates deep RL and rule
learning into one system. We train agents on pixel states using
common deep RL algorithms. At the same time, the rule learning
algorithm is applied to symbolic states, aiming to induce proposi-
tional logic knowledge from a small number of successful samples
to guide the learning of agents. Since the samples used for logical
induction are extracted from training trajectories, the training of
ILI is actually a self-supervised process. A benefit of the ILI training
framework is that the knowledge of propositional logic acquired
during training can help us with the new task adaptation discussed
above. The rest of this section will explain the ILI algorithm in detail.

First, we will describe how to derive effective propositional logic
knowledge during the training progress in Section 3.1. Then, we
will show how to use valuable propositional logic knowledge to
help the learning of RL agents in Section 3.2. Finally, we will present
an internal logical induction framework, which automatically sum-
marizes propositional logic knowledge during the training process
to assist the learning of the RL agent in Section 3.3.

3.1 Induce Propositional Logic Knowledge
Rule learning algorithms use supervised learning and require a spe-
cific dataset for training. This section details the process of prepar-
ing a dataset to induce knowledge in the form of propositional logic
rules, hereafter referred to as propositional logic knowledge.

Here is a straightforward idea: we can use a pre-trained RL
policy to sample in the environment, and after acquiring sufficient
state-action pairs, the rule learning algorithm can be applied by
setting the state as the rule body, and the action as the rule head.
However, in many scenarios where rules must be generated during
the training of an RL agent, it is essential to derive propositional
logic knowledge directly from the training samples of the RL policy.

A vanilla solution is to use all the state-action pairs that the RL
policy has collected so far in the environment as the training set
for the rule learning algorithm, similar to a replay buffer in RL. But
the training set has a large amount of data sampled by the near-
random policy, as well as data collected by ongoing exploration,
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which introduces considerable noise to the rule learning algorithm.
This approach neglects the distinction between rule learning and
RL, i.e., rule learning algorithms want to obtain the most accurate
samples possible without the exploration mechanism in RL. Given
these attributes of rule learning algorithms, enhancing the quality
of samples used in rule learning is crucial.

Before introducing the method to reduce low-quality samples
mentioned above, we formalize the definition as follows. Suppose
that there are 𝑁 trajectories in the training set, with the 𝑖th trajec-
tory defined as Traj𝑖 =

{
(𝑠𝑠0, 𝑎0), (𝑠

𝑠
1, 𝑎1), · · ·

}
𝑖
and its correspond-

ing cumulative reward defined as 𝑅Traj𝑖 .

EnvironmentAgent

Interaction Data

Top-𝐾 Return
Filter

Rule Learning
Dataset

Sampling

(s2 <= x1) and (s1 >= x2) => a=0
...
others => a=2

Propositional
Logical Knowledge

Rules

Rule Learning

Figure 2: Propositional Logic Knowledge Induction.

We make two modifications to ensure the quality of the samples
used for rule learning. First, we exclude state-action pairs where ex-
ploration actions occur, yielding filtered trajectories Traj′

𝑖
. Second,

we only use the training samples with the top𝐾 returns. Specifically,
the 𝑁 filtered trajectories are sorted in descending order based on
their cumulative rewards, and the resulting sorted trajectories are
denoted as {Traj′

𝑗1
,Traj′

𝑗2
, · · · ,Traj′

𝑗𝑁
}. Expanding symbolic state-

action pairs in each trajectory results in {{(𝑠𝑠0, 𝑎0), · · · } 𝑗1 , {(𝑠
𝑠
0, 𝑎0), · · ·

} 𝑗2 , · · · , {(𝑠𝑠0, 𝑎0), · · · } 𝑗𝑁 }, and the current dataset Drule used in
rule learning will include the top𝐾 pairs. Given the processed train-
ing set Drule, the rule learning algorithm generates a propositional
logic knowledge base KB in the following form:
(s2 <= x1) and (s1 >= x2) => a=0
(s2 <= x3) and (s1 >= x4) => a=1
...
others => a=2

Here 𝑠𝑖 denotes a symbolic feature in the vector input, 𝑥 𝑗 denotes a
threshold value, and 𝑎 corresponds to the action suggested by the
propositional logic knowledge base.

In this way, we can induce valid knowledge from a small sample
of recent successes in time to help the agent focus on and learn
them as rapidly as possible. The methodology diagram is shown
in Figure 2 and the details of how to use the derived propositional
logic knowledge will be described in the next section.

3.2 Use Propositional Logic Knowledge
In many cases, leveraging domain knowledge can significantly
reduce redundant exploration. Here, we represent domain knowl-
edge in the form of propositional rules and use propositional logic
knowledge as a supervisory signal to guide the agent’s learning.

We store all propositional rules in the knowledge base KB in
order, and the matching process is completed once obtaining a
satisfying match. At each time step, the environment’s returned
symbolic state is sent to the knowledge base. If the state matches
the rule body, then the knowledge base will give the corresponding
rule head, i.e., the action suggested by the domain knowledge. If
no matching rule body is found in the knowledge base, no advice
is given for this state.

Environment

Agent

Auxiliary
Rewards 𝑟𝑖

Symbolic State

Knowledge Base

State
Reward

Action
𝑎act 𝑎adv

Compare

(s2 <= x1) and (s1 >= x2) => a=0  
(s2 <= x3) and (s1 >= x4) => a=1
...

Rule
Matching

(a=1)

Figure 3: The Use of Propositional Logic Knowledge.

After obtaining the suggested actions, we use the knowledge
base’s suggestions as intrinsic rewards to facilitate RL policy train-
ing. The intrinsic reward 𝑟𝑖 is +𝑥 if the action 𝑎act chosen by the
agent is consistent with the action 𝑎adv advised by the knowledge
base (𝑥 is a positive number correlated to the environmental reward
scale), and it is zero if they are inconsistent. The combined reward
takes the following form:

𝑟 = 𝑟𝑒 + 𝜆𝑟𝑖 , (2)

𝑟𝑖 =

{
+𝑥, if 𝑎act = 𝑎adv
0, otherwise ,

(3)

where 𝑟𝑒 represents the environment reward and 𝜆 is the coefficient
controlling the intrinsic rewards degree. We train the RL policy
using the combined reward instead of solely the environmental
reward. The specific form is shown in Figure 3.

The introduction of propositional logic knowledge can enhance
the agent’s performance. Furthermore, the transparency and read-
ability of propositional rules themselves simplify the integration
of human priors and constraints, offering potential advantages for
the investigation of incorporating human preferences or security.

3.3 Internal Logical Induction
We have described the induction of propositional logic knowledge
using rule learning algorithms in Section 3.1 and the utilization of
the inducted valuable propositional logic knowledge to facilitate
the agent’s learning in Section 3.2. In this section, we will propose
an adaptive reward reshaping technique that connects the two
methods above to solve the pixel-symbolic RL problem.
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Human cognition [45] is an excellent system for processing
pixel-symbolic input. It consists of two remarkable capabilities:
perception and induction. The former processes sensory infor-
mation, while the latter primarily operates symbolically. It is fre-
quently posited that advanced intelligent technologies will emerge
when machine learning and logical induction are seamlessly in-
tegrated [56]. Inspired by this, we propose an Internal Logical In-
duction (ILI) framework that integrates rule learning and RL. This
framework demonstrates both perception and induction capabil-
ities, allowing the two modules to mutually enhance the agent’s
performance. In the ILI framework, we use a deep RL algorithm
to process the pixel state, similar to standard practices. Simulta-
neously, we use a rule learning algorithm to process the symbolic
state to obtain the propositional logic knowledge, which is used to
generate intrinsic rewards that guide the deep learning algorithm.
The framework’s illustration is provided in Figure 4.

EnvironmentAgent

Interactions

Knowledge Base

Experience
Replay

Replay Data

Generate

State-Action Auxiliary Reward

Logic Induction

Reinforcement Learning

Figure 4: Internal Logical Induction.

For each time step, we can use the method outlined in Section 3.1
to induce the propositional logic knowledge base. To ensure the
knowledge base’s stability, we evaluate the current knowledge base
in the environment at intervals and replace it when it outperforms
the optimal one. Then the optimal propositional logic knowledge
will be provided to the agent for guidance based on the method
described in Section 3.2. It has to be mentioned that we should select
the timing for generating supervision signals wisely to prevent
potential adverse effects, such as training stagnation. Subsequently,
we will elaborate on the design thinking about the intrinsic reward
coefficient factor 𝜆.

Propositional logic knowledge in ILI serves an exploitation role.
Therefore, it is inappropriate to use a fixed pattern decay for the 𝜆
coefficient, as is customary in intrinsic motivation exploration algo-
rithms [9], a class of algorithms that often uses intrinsic motivation
to obtain exploration data. Blind exploitation can hinder agent learn-
ing. For example, in the beginning, the accuracy of the extracted
propositional logic knowledge is low. Relying on this knowledge
at this stage will only make it repeat the action it has tried before.
During the middle phase of training, it is easy to get stuck in local
optima by constantly focusing on past successes. In the later stage
of training, referring to a rule of thumb [47], external reward or
supervision should be removed to avoid bias. The above analysis
demonstrates that finding a universal decay function is difficult.

Considering the above characteristics of internal logic induction,
we propose a self-adaptive 𝜆 coefficient adjustment method. We
define the long-term average return as the average return of the

last 𝑝 episodes, denoted by 𝑅Trajl_avg, and the short-term average re-
turn as the average return of the last 𝑞 episodes satisfying 𝑞 < 𝑝 ,
denoted by 𝑅Trajs_avg. When the short-term average return is greater
than the long-term average return, it indicates that we have ex-
plored higher-return trajectories. We should use the propositional
logic knowledge obtained by induction because rule learning can
extract knowledge from successful experiences more rapidly than
neural networks. Conversely, when the short-term return is less
than or equal to the long-term average return, it indicates that our
exploration strategy does not obtain new effective information. Em-
phasizing past successful experiences in this situation would cause
the agent to become trapped in a local optimum, so we should
not refer to the propositional logic knowledge. Finally, the 𝜆 is
calculated as follows:

𝜆 = max ©­«
𝑅
Traj
s_avg − 𝑅

Traj
l_avg

𝑅
Traj
s_avg

, 0ª®¬ . (4)

Algorithm 1 An Implementation of Internal Logical Induction

1: Initialize:Q-network𝑄 (𝑠𝑝 , 𝑎;𝜃 ), target Q-network 𝑄̂ (𝑠𝑝 , 𝑎;𝜃 ),
2: DQN replay bufferDdqn, rule learning datasetDrule,
3: propositional logic knowledge base KB.
4: for 𝑡 = 1 to 𝑇 do
5: With probability 𝜖 select a random action 𝑎𝑡 .
6: Otherwise select 𝑎𝑡 = argmax𝑎 𝑄 (𝑠𝑝𝑡 , 𝑎;𝜃 ).
7: Execute action 𝑎𝑡 , get reward 𝑟𝑡 , next pixel state 𝑠

𝑝

𝑡+1 and
next symbolic state 𝑠𝑠

𝑡+1.
8: Store < 𝑠𝑝𝑡 , 𝑎𝑡 , 𝑟𝑡 , 𝑠

𝑝

𝑡+1 > into DQN replay buffer Ddqn.
9: Sample a batch of transitions B from Ddqn.
10: Modify {𝑟𝑡 } in B with KB according to Eq. 2.
11: Update Q-network with modified B by Eq. 1.
12: Update target Q-network every 𝐶 steps.
13: if done then
14: Get current trajectory Traj𝑖 and cumulative reward

𝑅Traj𝑖 to generate Drule according to Section 3.1.
15: Train RIPPER on dataset Drule to get new KB.
16: Adjust the intrinsic reward coefficient 𝜆 by Eq. 4.
17: end if
18: end for

In this paper, we use the deep RL algorithm DQN and the rule
learning algorithm RIPPER as a concrete implementation of the
internal logical induction framework. The complete pseudo-code
can be found in Algorithm 1. During the vanilla DQN sampling
progress, the agent selects action 𝑎𝑡 based on Q-network. After
the action is executed, the environment will return the next state
𝑠
𝑝

𝑡+1, 𝑠
𝑠
𝑡+1 and reward 𝑟𝑡 , and the state-action pair will be stored in

the DQN replay buffer (lines 5∼9). Then, the knowledge base will be
used in the training of DQN. After sampling a batch of transitions
from the replay buffer, the reward will be modified according to its
consistency with the knowledge base, and the agent will update
its Q-networks with the modified batch (lines 10∼12). When an
episode terminates, the knowledge base and intrinsic coefficient
will be updated according to the methods introduced in Sections 3.1
and 3.3 (lines 13∼17).
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Figure 5: Performance of the compared methods on three classic control tasks.

4 EXPERIMENTS
In this section, we will assess the effectiveness of the proposed
ILI framework in the following aspects. First, we will verify the
validity of the propositional logic knowledge learned using rule
learning. Then, we will confirm the superiority of the ILI framework
on the pixel-symbolic RL problem in terms of convergence speed or
performance. Finally, we will show the additional benefit of proposi-
tional logic knowledge, induced by the ILI framework, in facilitating
knowledge transfer during semantic variations in pixel input.

4.1 Experiment Settings
We will perform the experiments on the first question with three
classical control tasks, MountainCar, CartPole, and Acrobot. They
have a continuous state space and a discrete action space. Their
state spaces are of vector type, and each dimension can be viewed
as a symbol with practical meaning. Take Acrobot as an example.
It possesses six symbolic features: the cosine and sine of 𝜃1 and
𝜃2, and the angular velocity of 𝜃1 and 𝜃2. Here 𝜃1 and 𝜃2 are two
rotational joint angles. It has three executable actions to perform
-1, 0, or 1 torque to the actuated joint. Note that in the first study,
no pixel input is involved, and the input is only a symbolic state.
We wish to verify the validity of the method proposed in Section
3.1 for obtaining propositional logic knowledge, which is an es-
sential guarantee of the validity of the supervised signal in the ILI
framework.

The second and third experiments will be performed on the mod-
ified environments FlappyBird, CarRacing, and CollectHealth with
both pixel and symbolic inputs. The decision-relevant symbolic
state could either be an extraction of key information from the
pixel state or a supplement to the missing information in the pixel
state. For the FlappyBird environment, we provide the horizontal
and vertical coordinates relative to the next pipe, but information
about the flight speed, the distance to the top and bottom boundary,
etc., needs to be obtained from the image input. For the CarRacing
environment, we provide the distances to the left, right, and front of
the track. Still, information about car speed, bends, etc. needs to be
extracted from the image input. For the CollectHealth environment,
we provide the relative direction to the health kits, which is not
always available in the pixel state due to 3D viewpoint limitations.
The rest of the task information, such as the distance to the health

kits, needs to be obtained from the pixel state. Each episode in these
three environments generates a completely new map, bringing a
greater challenge to the tasks. In addition, since the third experi-
ment involves the migration of propositional logic knowledge, we
will generate tasks with new pixel input by modifying the pixel
values.

We use DQN as the RL algorithm and RIPPER as the rule learning
algorithm, both are among the most influential algorithms in their
respective fields. It is worth noting that the ILI framework does
not restrict specific RL or rule learning algorithms, and any unilat-
eral improvement will likely lead to further improvements in the
final performance. The implementation of DQN follows Stable Base-
line3 [39], and RIPPER uses Weka’s default implementation [20].

4.2 Experiment Results
RQ1:Howvaluable is propositional logic knowledge obtained
from rule learning?

In the three classical control tasks containing only the symbolic
state, we use DQN to learn directly in the symbolic environment
and construct a rule learning dataset using the method proposed in
Section 3.1. At each evaluation moment, we test the performance of
the propositional logical knowledge derived from the rule learning
dataset, represented as Propositional Logic Policy (PLP). This de-
sign aims to verify the effectiveness of logic knowledge induction
proposed in Section 3.1, which is the logical reasoning foundation
of ILI. So the experiment does not involve using logical knowledge
to assist DQN’s learning.

The experimental results in Figure 5 show that the derived PLP
matches the asymptotic performance of DQN across all tested en-
vironments but with superior sample efficiency. This advantage is
particularly evident in the MountainCar environment, which places
the highest demands on an agent’s exploratory capabilities due to
a sparse reward structure, only offering positive rewards upon task
completion. When the agent successfully explores one trajectory,
the PLP can quickly induce the knowledge from that successful
trajectory to complete the task. In contrast, the DQN requires a
learning period, with the PLP completing the task in 30K time steps,
compared to the DQN’s 50K. In the CartPole environment, the PLP
additionally shows robustness when a jitter occurs during the DQN
training. Minor impact is observed on it due to the fluctuations in
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Figure 6: Three RL environments and performance comparison of different methods.

the performance of the sampling policy, as the focus remains on
the most valuable samples. The observed advantage aligns with the
expectation that rule learning responds more swiftly and stably to
successful samples than deep RL.

RQ2: How does ILI perform on the RL problem with pixel-
symbolic inputs?

In this experiment, we modify three classic pixel-state envi-
ronments FlappyBird, CarRacing, and CollectHealth to provide
additional symbolic states. Therefore, the state returned by each
environment consists of a high-dimensional pixel input and a low-
dimensional symbolic input. We design three baseline algorithms,
all are trained using DQN, but the inputs of DQN are different. The
inputs of the three algorithms are pixel-only, symbol-only, and a
mixture of pixel-symbol input. We call them Pixel DQN, Symbolic
DQN, and Mixed DQN, respectively. Mixed DQN is designed fol-
lowing conventional methods [14, 49, 52]. We first process the pixel
input through the convolutional neural network to yield a feature
space vector and then splice it with the original symbolic input to
the fully connected network for decision-making.

As seen from the curves in Figure 6, the ILI algorithm shows
better performance and sample efficiency in all environments, and
the performance of the Mixed DQN is comparable to that of the
Pixel DQN. These results demonstrate that ILI handles the sym-
bolic state more effectively than the spliced mixed input approach.
Additionally, the Symbolic DQN struggles to learn useful strategies
due to the absence of certain decision-critical information in its
input. In the FlappyBird environment, ILI embodies a significant
advantage because the symbolic state provided by this environ-
ment is critical for decision. Judging the horizontal and vertical
distances from the gap is a prerequisite for completing the task.

So the propositional logic knowledge obtained by ILI can help the
agent learn to cross the tube quickly when it is very close to the
gap. In the CollectHealth environment, acquiring rewards through
random exploration in randomly generated 3D environments is
exceedingly difficult for baseline algorithms. The sparse reward
nature of the environment imposes greater demands on the agent’s
credit assignment, leading baseline algorithms to require numerous
successful explorations before gradual performance enhancement.
In contrast, logical induction enables the extraction of effective
knowledge from a limited number of successful samples, while the
reward shaping method efficiently guides the reinforcement learn-
ing strategy. In the CarRacing environment, the symbolic input
lacks some crucial decision-making elements like car speed and
road corners, so the improvement is less prominent compared to
FlappyBird and CollectHealth. We infer that the quality of symbolic
input has a certain influence on the performance improvement of
the ILI. Handling scenarios where symbolic input cannot directly
assist decision-making remains an area for further investigation.

RQ3: How transferable is the exported propositional logic
knowledge on a task with a new pixel representation?

In scenarios involving pixel-symbolic input, a change in the
pixel input’s semantics often results in a new task, even though
the symbolic input’s semantics remains constant. To simulate this
situation, we altered the primary entity colors in the pixel input of
FlappyBird, CarRacing, and CollectHealth, as shown in the upper
half of Figure 7, while the logic of the environment remains the
same. The change in their image input challenges general deep
learning algorithms a lot. In this situation, efficient use of consistent
symbolic input can significantly reduce the difficulty of learning the
new task. We will obtain a propositional logic knowledge base if we
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Figure 7: Three new RL environments and performance comparison of different methods.

train deep RL algorithms within the ILI framework. Then, we can
use this propositional logic knowledge to assist the deep learning
algorithm on the new task with changed pixel input. The practical
implementation, built upon the reward shaping method delineated
in Section 3.2, employs a standard transfer-setting technique [15],
which substitutes the agent’s exploratory action with propositional
logic knowledge’s advice action, termed as Symbolic Knowledge
DQN (SKDQN). For comparison, we design two baseline algorithms.
One is the Mixed DQN mentioned in RQ2. The other adopts the
method of model reuse for policy migration, i.e., the Mixed DQN
network trained on the old task is further trained on the new task,
called Fine-tuned DQN.

The experimental results in the lower half of Figure 7 depict that
the propositional logic knowledge gleaned from the original task
training can effectively aid policy training on the new task. One
point worth noting is that in the CarRacing environment, SK DQN
showed a clear advantage at the start. The reason is that there are
many straightaways in a randomly generated map, and we will
get a positive reward from the environment when we advance a
distance. Keeping forward is easily transferable knowledge, so SK
DQN knew about it at the first evaluation time. Furthermore, there
is no significant difference in the performance of Mixed DQN and
Fine-tuned DQN. This indicates that when the pixel state under-
goes significant changes, the neural network parameters trained on
the original task become nearly irrelevant, which aligns with our
expectations. Preserving the information induced from symbolic
input in the propositional logic knowledge base can avoid the cata-
strophic forgetting problem of deep learning. This has considerable
potential in many migration scenarios, such as learning a generic

skill, storing it in the propositional logic knowledge base, and then
using it in different task scenarios.

5 RELATEDWORK
5.1 RL with Multiple Input Types
Existing RL algorithms mainly focus on single-type inputs, and only
a few works focus on multi-type inputs, and their representative
directions are: Multi-View Reinforcement Learning (MVRL) [26, 29]
and Symbolic Deep Reinforcement Learning (SDRL) [4, 30].

MVRL focuses on multi-view data, and each view shares com-
mon dynamics but adheres to different observation models. It wants
to obtain as comprehensive information about the task as possi-
ble from multiple views, and its main difficulty is measuring the
content similarity between the heterogeneous samples. A range of
strategic approaches have been considered to address this issue, in-
cluding alignment representation [35], joint representation [8], and
shared and specific representation [51], among others. Despite the
diversity of approaches, their central principle aligns each endeavor
to establish a common representation space by exploring semantic
relationships in multi-view data. This setting focuses on how to in-
tegrate information from multiple observation information sources.
In contrast, our proposed pixel-symbolic RL setting assumes that
the pixel input already contains the integrated information, and we
are more concerned with how to utilize the symbolic information.

SDRL handles both high-dimensional sensory inputs and task-
level symbol inputs. They usually use a hierarchical learning frame-
work [36]. The upper-level strategy uses symbolic AI planning on
symbolic input to select tasks, and the lower-level strategy uses RL
algorithms on pixel input for task execution. Neuro-Symbolic Rela-
tional Transition Models (NSRTs) [10] is one of the representative



Internal Logical Induction for Pixel-Symbolic
Reinforcement Learning KDD ’23, August 6–10, 2023, Long Beach, CA, USA

algorithms, which contains both symbolic and neural components,
enabling a bilevel planning scheme where A* search in an outer
loop guides continuous planning with neural models in an inner
loop. The symbolic input of SDRL is about the description of task
status for upper-level policy planning, while symbolic input in our
setting can be directly employed for decision-making assistance.
Thus, the granularity and usage of the symbolic input in SDRL and
our setting are very different.

5.2 Sample Efficient RL
Current RL methodologies necessitate extensive interaction data,
particularly in environments with high-dimensional pixel inputs,
limiting their broader implementation [54]. Consequently, enhanc-
ing sample efficiency has emerged as a central focus of RL research
over recent years, with most prior work concentrating on the explo-
ration and exploitation of agents [28]. Exploration involves gather-
ing high-value samples from the environment, while exploitation
emphasizes effectively utilizing these environmental samples.

Intrinsic motivation-based exploration algorithms are effective
exploration strategies in high-dimensional environments [9]. They
promote agent learning by designing intrinsic motivation functions
and combining intrinsic and environmental rewards. Different al-
gorithms use different design methods. Intrinsic Curiosity Module
(ICM) [37] estimates prediction errors of the environmental dynam-
ics, RandomNetwork Distillation (RND) [7] counts the state novelty,
and Variational Information Maximizing Exploration (VIME) [23]
calculates the information gain.

Many types of algorithms focus on efficient utilization, and we
choose some of these representative works to present. Prioritized
Experience Replay (PER) [43] considers transitions with high TD
error more valuable and replays them more frequently. General-
izable Episodic Memory (GEM) [24] can be viewed as an extreme
way of exploiting past experiences because the agent repeats the
same actions that gave the best outcome in the past. Hindsight Ex-
perience Replay (HER) [2] designs a mechanism to achieve implicit
curriculum learning by generating goals.

We refer to the concept of intrinsic motivation in RL and use the
propositional logic knowledge induced in the ILI process as an in-
trinsic reward, guiding agent learning together with environmental
rewards. But the purpose of intrinsic reward here is mining valuable
information from past sampling, similar to the ideas contained in
exploitation-focused algorithms.

5.3 Transfer RL
Transfer RL aims to harness knowledge from the source domain to
facilitate learning in the target domain, circumventing the need for
learning from scratch [57]. Depending on the type of knowledge
transferred, Transfer RL can be categorized into the following types.

The first is policy transfer, where a set of teacher policies trained
on the source domain are available. The aim is to train a student
policy on the target domain. This part of the work mainly focuses
on two directions: policy distillation and policy reuse. Policy distilla-
tion [22] trains the student policy by assembling teacher policies, a
conventional way of implementation is to minimize the divergence
of action distributions between the teacher policy and student pol-
icy [40, 53]; and policy reuse directly reuses policies from source

tasks to build the target policy, a straightforward way is to adjust
the probability of using each teacher policy in training [15]. At the
same time, a more recent work greedily chooses the action of the
highest Q-value among all policies [6].

The second is representation transfer, which assumes the exis-
tence of a task-invariance subspace, allowing representations from
the source domain to be transferred to the target domain, leveraging
the powerful approximation capabilities of deep neural networks.
By introducing innovative neural network structures such as pro-
gressive neural network [41] and PathNet [16], representations
learned from previous tasks can be reused in a progressive man-
ner. In addition, when the differences between source and target
domains only lie in reward function, by learning successor represen-
tations [12] or using universal function approximation [5, 42], repre-
sentations learned in the source domain can be reward-independent
and thus can be transferred directly to the target domain.

We highlight that our setting in the RQ3 deviates from traditional
transfer RL as the knowledge transferred is neither a policy nor
a representation. Instead, it is the propositional logic knowledge
that remains semantically unchanged. By leveraging the supervised
signal of this logic knowledge, we can boost the learning of the
agent in the target domain.

6 CONCLUSION
In this paper, we focus on RL with the mixed input of pixel and
symbolic type, an area to which more research attention needs to
be paid. Considering the characteristics of these two inputs, we
propose an Internal Logical Induction (ILI) framework that inte-
grates deep RL and rule learning into one system. ILI trains deep
RL algorithms on the pixel input and uses rule learning algorithms
to induce propositional logic knowledge from symbolic input. To
connect these two modules, we further raise a reward shaping tech-
nique by treating valuable knowledge as intrinsic rewards for the
agent’s training. Experimental results show that the ILI framework
works well and its inductive knowledge has the advantage of trans-
ferability. The ILI framework has no restrictions on the specific
selection of RL and rule learning algorithms, reflecting good com-
patibility. Any improvement in the two components may lead to
an overall improvement.

Deep learning algorithms endow RL agents with superior per-
ception capabilities. In contrast, the reasoning ability of current
agents still has a lot of room for improvement. Enabling agents to
reason is an important and challenging research direction, and we
hope that the pixel-symbolic RL problem can somewhat inspire
researchers in this direction.
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A HYPER-PARAMETERS
The implementation of DQN follows Stable Baseline31. Below are three structures used in experiment.
• Symbolic DQN:
Symbolic state => MLP(256) => relu => MLP(256)=> relu => MLP(number of actions)
• Pixel DQN:
Pixel state => Conv(32, 8, 4, 0) => relu => Conv(64, 4, 2, 0) => relu => Conv(64, 3, 1, 0) => relu => Flatten
=> MLP(256) => rule => MLP(128) => relu => MLP(128) => relu => MLP(number of actions)
• Mixed DQN:
Pixel state => Conv(32, 8, 4, 0) => relu => Conv(64, 4, 2, 0) => relu => Conv(64, 3, 1, 0) => relu => Flatten
=> MLP(256) => Concat(Symbolic state) => relu => MLP(128) => relu => MLP(128) => relu => MLP(number of actions)

Here, MLP(n) denotes a fully-connected layer with output size of 𝑛; Conv(c, k, s, p) denotes a 2D convolution layer of output channel 𝑐 ,
kernel size 𝑘 , stride 𝑠 , and padding 𝑝 ; Concat(x) denotes the operation of connecting the output of last layer with 𝑥 ; relu denotes a rectified
linear unit.

Other hyperparameters are listed in Table 1. The front of the slash indicates the value taken in the RQ1 experiment, and the back indicates
the value taken in the RQ2 and RQ3 experiments.

Table 1: Hyperparameters in Experiments

Hyperparameter Value

learning rate 𝑙𝑟 0.0003 / 0.0001
discount factor 𝛾 0.99
buffer size |Ddqn | 30000 / 50000
batch size |B| 64
target update interval 𝐶 100 / 10000
𝜖 end 0.01
𝜖 decay 30000 / 100000
batch size |B| 64
episodes of long-term average return 𝑝 30
episodes of short-term average return 𝑞 5
size of rule learning dataset TopK 2000

B ADDITIONAL EXPERIMENT
B.1 Experiments of Combining ILI with the Self-Imitation Learning Algorithm
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Figure 8: Empirical results of combining ILI with the self-imitation algorithm.

1https://github.com/DLR-RM/stable-baselines3

https://github.com/DLR-RM/stable-baselines3
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We claim that the Internal Logical Induction (ILI) framework can effectively integrate Reinforcement Learning (RL) algorithms and rule
learning algorithms. To further illustrate its effectiveness, we chose Self-Imitation Learning DQN (SIL DQN) [32, 48] as our RL algorithm. SIL
DQN is recognized for its sample efficiency and encourages the agent to imitate actions for which the Monte Carlo return, i.e., the return of
the trajectory obtained by Monte Carlo sampling, is greater than the value function estimate. We named this combination ILI-SIL. Figure 8
displays the performance comparison between ILI-SIL, SIL DQN, ILI-DQN, and Mixed DQN within the FlappyBird Environment. It is clear
that both DQN and SIL algorithms exhibit significant performance improvements when augmented with ILI. Furthermore, the superiority of
ILI-DQN to SIL DQN indicates that guidance from logical knowledge has a greater impact than imitation based only on pixel inputs.

B.2 Experiments on the Sensitivity Analysis of TopK
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Figure 9: Empirical results on the sensitivity of the hyperparameter TopK.

We conducted sensitivity analysis on "the size of the rule learning dataset (TopK)", as constructing the rule learning dataset is crucial for
the effectiveness of propositional logic knowledge. We selected a parameter range of 2 to 10 times the maximum trajectory length (namely,
1000, 2000, and 5000), and conducted experiment in the FlappyBird environment. The empirical results in Figure 9 suggest that performance
remains similar within a certain range of TopK values.


	Abstract
	1 Introduction
	2 Background
	2.1 Reinforcement Learning
	2.2 Rule Learning

	3 Method
	3.1 Induce Propositional Logic Knowledge
	3.2 Use Propositional Logic Knowledge
	3.3 Internal Logical Induction

	4 Experiments
	4.1 Experiment Settings
	4.2 Experiment Results

	5 Related Work
	5.1 RL with Multiple Input Types
	5.2 Sample Efficient RL
	5.3 Transfer RL

	6 Conclusion
	References
	A Hyper-parameters
	B Additional experiment
	B.1 Experiments of Combining ILI with the Self-Imitation Learning Algorithm
	B.2 Experiments on the Sensitivity Analysis of TopK


