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Abstract

Hybrid Artificial intelligence systems which are hybrids of deep learning and symbolic
reasoning, are emerging as a potent solution for real time context aware decision making in
complex environments. In this research, a new hybrid Al architecture was developed which
uses convolutional neural networks (CNNs) for perception and applies rule based inference
through a Prolog symbolic reasoning engine. This is achieved through a middleware layer
that translates neural outputs to logical predicates, allowing for the dynamic interaction
between perception and reasoning. The proposed system is evaluated across eight
autonomous driving scenarios in terms of decision accuracy, its contextual fit, reaction time
and interpretability. The results demonstrate that the hybrid model outperforms standalone
symbolic or Deep Learning systems in all the evaluated metrics, improving the
generalization, reducing the error in ambiguous cases and being more transparent. The study
shows that such integration can not only close the interpretability gap in black box models
but also improve system adaptability in safety critical tasks. This paves the way for the hybrid
paradigm to be a viable path towards developing intelligent systems similar to the human way

of thinking and trustworthy decision making.
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1. Introduction

Avrtificial intelligence (Al) has walked from symbolic rule based systems in the old days of
computer science, to modern data driven deep learning models. The first of these is symbolic
Al, including in particular methodologies known as Good Old Fashioned Al (GOFAI), where
rules are manually crafted and used in conjunction with logic based reasoning which leads to
highly interpretable and transparent decision making (Nilsson, 1984; Russell & Norvig,
2010). While symbolic approaches pose problems with ambiguity, uncertainty and perception

when confronted with high dimensional, unstructured information such as (Contains
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Example) images or natural language (Davis and Marcus, 2015), On the other hand, deep
learning (DL) has made a big impact to Al through its ability to automatically learn
representations in large datasets and achieve the human competitive performance on
computer vision (Krizhevsky, Sutskever, & Hinton, 2012), natural language process

(Vaswani et al., 2017) and speech recognition (Hinton et al., 2012).

While successful, deep neural networks are widely criticized for their lack of transparency
(black box), poor out-of-distribution generalization and susceptibility to adversarial inputs
(Szegedy et al., 2013; Ribeiro, Singh, & Guestrin, 2016). Deep models, moreover, often need
massive amounts of labeled data, expensive computational resources and provide only low-
level reasoning, for example deduction, abstraction and commonsense understanding
(Marcus, 2018). However, these limitations pose critical challenges for Al deployment in real
time in safety critical and complex environments where adaptability, interpretability and

reasoning in context are necessary (Amodei et al., 2016; Doshi-Velez & Kim, 2017).

However, these challenges have prompted the emergence of an increasing interest in hybrid
Al systems that equip neural networks with the learning ability of their cores and, thanks to
symbolic logic, with the reasoning capability of symbolic logic (Garcez, Lamb, & Gabbay,
2009; Besold, Costabello, Faruqui, et al., 2017). The aim of this neuro-symbolic paradigm is
to bridge the gap between sub-symbolic (neural) and symbolic (logic based) approaches to
build Al systems that are able to perceive and reason in complicated and uncertain
environments (Kautz, 2020). For example, deep learning for perception and a symbolic
engine for rule based decision making demonstrated potential in robotics (Cognitive
Robotics), autonomous vehicle (Kuhnle et al., 2021; Lazro-Gredilla et al., 2021) medical
diagnosis (Lazaro-Gredilla et al., 2021). These systems aspire to combine low level sensory
inputs to higher level, logical reasoning and planning (Lake, Ullman, Tenenbaum, &
Gershman, 2017).

A famous example of this integration can be seen in Deep Mind’s Alpha Go which combines
deep learning for predicting moves with Monte Carlo Tree Search for strategic planning
(Silver et al., 2016). For instance, frameworks such as Deep ProbLog (Manhaeve et al.,

2018), Neural Logic Machines (Dong et al., 2019) and Logical Neural Networks (Badreddine
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et al., 2022) also try to build end-to-end trainable systems that have logical rules as well as
relational reasoning. Such hybrid models are capable of dealing effectively with tasks where
contextual awareness and compositional generalization, as well as interpretable outputs, are
needed. Furthermore, research suggests that such systems are more suitable than traditional
ML systems in dynamic environments subject to constraints with the need of causal
reasoning (Pearl, 2009; Bottou et al., 2013).

Context awareness is very important in real world decision making. For instance, when
autonomous navigation, the Al must understand road signs (visual perception), follow the
traffic laws (symbolic reasoning) and respond to various dynamic hazards in real time
(situational awareness) (Chen et al., 2015; Shalev-Shwartz et al., 2016). Pure symbolic
systems might not be able to deal so well with sensor input and pure deep learning systems
are likely to fail to generalize to road conditions that have not been encountered in training.
Thus, the prospective solution to accomplish robust, real time and explainable decision

making is a hybrid approach using both paradigms (Xu et al., 2018, Stammer et al., 2021).

In the research presented in this report, we propose and evaluate a hybrid Artificial
Intelligence (Al) architecture which consists of a convolutional neural network for perception
and a symbolic reasoning engine for decision logic. The goal is to provide this model with the
capability to do real time and context aware decision making in a complex and dynamic
environment. This paper contributes: (1) modular hybrid Al architecture design, (2) an
experimental evaluation of the hybrid Al under an autonomous navigation scenario and (3)
comparison of the hybrid and standalone systems with respect to accuracy, latency,

contextual performance and interpretability.

When Al systems are becoming more and more ubiquitous in critical domains varying from
healthcare to finance, autonomous vehicles and through to smart cities, there is an increasing
need for mechanisms to produce transparent, context sensitive and adaptive decision making.
Hybrid Al systems provide a vehicle for realizing this vision, bridging the learning and the
structure of logic and thus take an important step toward general, trustworthy artificial
intelligence (Marcus & Davis, 2019; Gunning & Aha, 2019).

181



Designing Hybrid Artificial Intelligence Systems ...

2. Literature Review

In recent years, the concept of hybrid artificial intelligence (Al) that combines symbolic
reasoning with neural network models has attracted much interest due to its potential to
achieve both performance and interpretability and reasoning. Symbolic Al operates based on
logical structures like ontologies, rules and facts, but it usually is not adaptable enough to
perceive and to learn by data (Newell, 1982; Brachman & Levesque, 2004). On the contrary,
although the power of generalization through statistical learning makes neural networks
powerful, models are usually a black box, providing little exploratory information about the
decision making (Domingos, 2012). In order to overcome such specific limitations, the
concept of Hybrid Al arises which is an integration of the two paradigms and this would
allow the system to possess the learning flexibility as well as the structured reasoning

capability.

Early efforts to combine neural and symbolic are rooted in the early 1990s such as, SHOE
and Cyc (Heflin, Hendler, & Luke, 1999; Lenat, 1995) which were attempts to formalize
human knowledge in logic for the purpose of robots using the knowledge. But these systems
tended to be based on semantic web and knowledge base reasoning and were too rigid to
support perceptual learning. When Al moved toward statistical machine learning, symbolic
systems fell by the wayside until explainability and reasoning became relevant again, in
response to the oft openly acknowledged limitations of deep learning. Remarkably, we find
that the resurgence of interest in neural symbolic integration follows the increasing demand

for fairness, safety and generalization by Al systems (Gilpin et al., 2018; Lipton, 2016).

However, recent literature also shows several promising hybrid models developed for some
specific tasks. As an example, TensorLog (Cohen, Yang, & Mao, 2017) is a framework that
integrates logical knowledge bases with deep learning by converting logical rules to tensor
operations. Also, the Logic Tensor Networks (LTNs) framework combines first order logic
and tensor based computation by letting logic based constraints interfere with neural learning
(Serafini & Garcez, 2016). These show that logic can be used to shape learning processes,
help in generalization and impose domain constraints in neural systems when there is little

data or rules are necessary.
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One of the main trends of research is hybrid reasoning in knowledge graphs and relational
learning. For example, Relational Neural Machines (Marra et al. 2021) and SAFRAN
(d'/Amato et al. 2021) learn relational knowledge in vector spaces for reasoning, while
maintaining symbolic structures for interpretability. Efforts toward these capabilities are
especially valuable in natural language understanding and recommendation systems where
reasoning about structured information and linguistic context is important. The work on
Hybrid Logical Networks (Wang et al., 2019) and also Neuro Symbolic Concept Learners
(Mao et al., 2019) lead to similar improvements in the performance of visual question and
answering and scene interpretation tasks by fusion object recognition with reasoning

modules.

A second important advance is a class of techniques that aim to embed symbolic operations
within end to end trainable networks, using program induction and differentiable
programming. Andreas et al. (2016) presents Neural Module Networks, in which modules
like filter, compare,etc.,are discrete and in the form of a network whose reasoning functions
are dynamically composed based on the input query. Consequently, other approaches such as
DreamCoder (Ellis et al., 2021), learn to generate programs from examples and can keep
building on top of reusable symbolic abstractions over time. These are models that
demonstrate how it is possible to combine the reasoning flexibility of hybrid systems with

compositional generalization.

Hybrid models have been greatly important in real-time applications (robotics and
autonomous systems) whose main purpose is to allow safe adaptive behaviors. The
foundations of symbolic Al for task planning are the STRIPS and PDDL planning models
(Fikes & Nilsson, 1971; McDermott, et al., 1998). Combined with perception modules using
convolutional or recurrent neural networks such systems support goal directed behavior in a
transparent and verifiable way (Kaelbling and Lozano-Pérez, 2011). For instance, Zhang et
al. (2021) suggested a combined system for household robots that takes natural language
instructions by utilizing neural models and afterwards executes symbolic plans about

navigation as well as manipulation.
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Hybrid Al is also getting under the skin of healthcare and bioinformatics. Neural networks
are often used in diagnostic systems to detect image based information and symbolic models
to reason about patient histories, symptoms and drug interactions (Topol, 2019; Ramesh et
al., 2022). For instance, the Clinical Decision Support System (CDSS) fuses statistical
learning and rule-based reasoning for the prediction of the disease and treatment
recommendation (Sutton et al., 2020). These hybrid systems try to enhance trust and explain

ability for Mission critical domains.

Furthermore, cognitive architectures like ACT-R and SOAR (Anderson et al., 2004; Laird,
2012) are designed to mimic humans-like learning through coupling symbolic reasoning with
memory modules and reinforcement learning. These systems show how hybrid models are
able to make decisions based on the logic of inference and goals in addition to past

experience. Cognitive modeling and human computer interaction make wide use of them.

However, there remain several issues in hybrid Al. One important challenge is the mismatch
between representation of continuous (neural) as opposed to discrete (symbolic) data making
it difficult to integrate (Besold et al., 2015). Another problem is that most of the
transformations necessary for integrating non-differentiable logic rules destroy the end-to-end
differentiability, restricting the use of gradient based optimization. To soften symbolic
reasoning and make it more compatible to the neural learning frameworks, solutions like
probabilistic logic networks (Wang, 2008) and fuzzy logic based integration (Zadeh, 1996)
have been proposed.

From the theoretical point of view researchers are investigating the formal semantics and
logical consistency in hybrid models. The Neural Symbolic Integration Group has pointed out
the importance of providing solid ground in knowledge representation and reasoning to steer
away from ad hoc combinations (Garcez & Lamb, 2020). Additionally, multi agent systems
and distributed artificial intelligence architectures are driven by hybrid reasoning to deal with
interaction among the agents in real time, dynamic environments (Rahwan et al., 2019;
Shoham & Leyton-Brown, 2009).
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While considerable progress has been made, existing hybrid systems remain limited in scale,
generalization and ability to respond in real time without extensive manual engineering. In
addition, there exist no standardized benchmarks to evaluate hybrid reasoning, under varying
real world constraints (Santoro et al., 2018). As a result, there remains the need for robust
hybrid architectures which can carry out real time context aware decision making and be

interpretable, data efficient and extensible.

3. Methodology

The research methodology is on the design and implementation of a hybrid Artificial
Intelligence (Al) system that integrates together deep learning and symbolic reasoning. We
develop this system to overcome the shortcomings of each separate approach and allow
intelligent agents to make real time context awareness decisions in dynamic data rich
environments. System architecture design, dataset preparation, integration strategy and

experimental setup are the components of the methodology and performance evaluation.
3.1 Hybrid Al System Architecture

The proposed hybrid system has a two layer architecture as the core. The first layer is a deep
learning module which manifests itself as perception and feature extraction. It is derived from
an architecture called Convolutional Neural Network (CNN) which accepts raw input data
(e.g., images, video frames, and sensory signals) as input and outputs structured
representations (e.g., detected objects, spatial positions, labels of environment). It is from the

fact of this perceptual understanding that the following symbolic reasoning derives.

The second layer is the symbolic reasoning module that uses a logic based system (using
prolog engine) to interpret the structured output of a neural network in terms of domain
specific rules and goals. A symbolic engine uses a knowledge base (storing facts and rules),
performing logical inference, to generate decisions, contextual awareness and appropriate
actions\outputs. For example, given an autonomous driving scenario, if a red traffic light is
detected by the CNN, the symbolic module proposes a safe decision via the rule of the form
‘if red_light then stop’.
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3.2 Dataset Preparation and Simulation Environment

In order to develop and test the hybrid system, a simulated environment is developed using
Unity MLAgents and CARLA simulation tools. The outputs of these maps can be used in
high-fidelity, interactive environments sufficient for testing perception, reasoning and
decision making under constraints like traffic scenes, pedestrian crossings, buildings,
roadblocks and weather conditions. The data set is created from the simulated environment
including annotated images and the readings of the sensors such as camera frames, LIDAR
data, vehicle speeds and object positions.

The dataset is split into training and testing sets. Supervised learning is then used for training
the CNN model on the labeled classes like pedestrian, vehicle, traffic light and obstacle on
the training data. A predefined rule base designed as a symbolic module can be manually
modified during training or automatically fine tuned using reinforcement signals at the time

of system deployment.
3.3 Integration Mechanism: Bridging Neural and Symbolic Layer

One of the central challenges that we face in developing hybrid Al systems is seamless
integration between the continuous data processed by neural networks and the discrete
reasoning done by symbolic logic. This methodology involves the development of a
middleware translator in order to convert output from a neural network into logical predicates
that the symbolic engine is able to process. For example, Prolog fact vehicle_at(x, y) is

generated from the detection output “vehicle: (x, y)” for instance.

Additionally, this middleware supports bidirectional communication. The symbolic engine
makes decisions according to some rules, but it could also suggest feedback or symbolic
constraints to the deep learning module. For instance, the NN can be biased or guided for
example by attention mechanisms or saliency map reinforcements to pay more attention to

the crosswalk area if the rule base says ‘a pedestrian in a crosswalk has right of way’.

3.4 Real-Time Decision-Making Pipeline
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The pipeline for decision making is optimized for low latency processing so that the system
operates in real time. An implementation of the CNN model is realized in TensorFlow with
GPU acceleration — this provides the ability to quickly analyze the images and detect
objects. It is computationally lighter, but the symbolic reasoning component is parallelized to
support fast evaluation to rules and inference in cases when many conditions must be
checked.

The system operates on each frame through a three stage cycle: neural perception, symbolic
inference and middleware translation. This will result in an output which is the instruction on
what to do (e.g. “stop”, “accelerate”, “turn left””) which once sent to the control module, will
update the environment or agent’s state. Each decision is logged and the logic involved is

then logged for the purpose of future analysis and interpretability.

3.5 Evaluation Metrics and Experimental Procedure

An evaluation of performance of the hybrid system relative to two baseline models, a
standalone deep learning model and a standalone symbolic reasoning system, is discussed. At
last these comparisons are performed across several scenarios in a simulated environment

such as obstacle avoidance, traffic rule compliance and emergency braking situations.

Metrics to be evaluated include decision accuracy (percentage of correct decisions),
contextual correctness (does it make sense what the model does in a given context), reaction
time (milliseconds per decision) and interpretability score which is manually graded by
human experts by pattern matching against a model run's logical trace. The metric of
interpretability expresses how the system can explain its decisions in matters of clear

symbolic logic.

For each model type, each scenario is run 50 times to ensure statistical validity. An analysis
of those results with standard deviation and confidence intervals are used to define

consistency and robustness. Moreover, the study of ablation on the modules (i.e., removing
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symbolic rules to see how it affects the reasoning ability) is performed in order to understand

the contribution of individual modules.
3.6 Reinforcement Loop and Rule Learning

The rule refinement is supported in the hybrid architecture via a reinforcement learning (RL)
loop. Feedback is in terms of success or failure after each decision. This feedback either
updates the weights of the neural model or adjusts symbolic rules. The symbolic engine is
integrated with a lightweight Q=learning algorithm in order to dynamically adjust rule
weights according to accumulated rewards. For example, if a particular rule continuously

results in negative outcomes, the same rule has its priority or usage frequency reduced.

The adaptive capability of the hybrid system guarantees its ability to improve over time and
become more and more similar to optimal behavior as if it were a human agent that learns

reasoning via experience.

4. Results

The performance of the hybrid Al system is compared experimentally to standalone deep
learning and symbolic reasoning models in this section. The evaluation additionally covered
eight different driving and perception scenarios for assessing multiple performance metrics

such as decision accuracy, contextual correctness, decision reaction time and interpretability.
4.1 Accuracy Evaluation Across Scenarios

Table 1 below shows the hybrid AI’s high accuracy in all scenarios, with the best accuracy at
97.40% in “Lane Following” and above 88% performance in other tasks. On the contrary, the
symbolic model found itself uncovered with unsurprisingly low accuracy compared with
embedded Al and particularly with perception-heavy tasks such as “Pedestrian Detection”
and “Obstacle Avoidance”, where omission of sensory processing was too obvious. Overall,
the deep learning model was better than the symbolic system, but fell short from the hybrid

model because the model lacked deep understanding of context.
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Table 1 — Accuracy Across Scenarios

Scenario Deep Learning (%) Symbolic (%) Hybrid (%)
Obstacle Avoidance 87.48 70.49 89.96
Traffic Light Compliance 91.15 83.18 93.94
Pedestrian Detection 86.84 69.89 90.28
Emergency Braking 85.93 76.52 88.76
Lane Following 89.33 79.89 97.40
Weather Adaptation 85.21 78.95 91.06
Night Driving 82.46 72.46 96.41
Complex Urban Scenario 88.20 78.30 94.07
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Figure 1: Accuracy Comparison Across Models
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Figure 1 clearly shows these trends since it depicts how the accuracy performance of the
three models is compared visually across all eight scenarios. The bars for the hybrid model
are consistently taller, signifying the fact that the accuracy of the model increased as it was

guided by the symbolic rules and perceptual understanding.
4.2 Contextual Fit and Decision Appropriateness

In Table 2, contextual fit is defined as the ability of a model’s decisions to be appropriate and
context sensitive. The other models were not able to catch up with the hybrid system, as it
achieved more than 90% on six out of eight scenarios. However, since the symbolic model
was, in some scenarios like “Obstacle Avoidance” and “Traffic Light Compliance”, slightly
better than deep learning (due to its rule based logic) but not capable of adaptive behavior, it
did not reach the hybrid.
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Table 2 — Contextual Fit Across Scenarios

Scenario Deep Learning (%) Symbolic (%) Hybrid (%)
Obstacle Avoidance 67.75 86.96 92.95
Traffic Light Compliance 72.08 86.40 90.69
Pedestrian Detection 67.94 79.97 89.54
Emergency Braking 63.89 82.89 88.80
Lane Following 67.37 77.35 84.09
Weather Adaptation 70.34 85.04 91.49
Night Driving 68.90 85.06 91.65
Complex Urban Scenario 73.94 78.23 93.92
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Figure 2: Contextual Fit Comparison Across Models
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This is supported in Figure 2 from the fact that the hybrid model always comes with decisions
that are closer to what the situation requires. The reasoning layer provides more deep
reasoning about environmental factors than the neural network alone thereby leading to an
improved contextual fit in the hybrid system.

4.3 Reaction time and real time responsiveness

Table 3 reports the average reaction time of each model over the eight scenarios. The
symbolic reasoning system, as an inherently slower system because of logical parsing and
rule evaluation, has the largest latency, reaching more than 75 ms in most cases. The fastest
response was deep learning, optimized for fast feedforward processing, was around 40 ms.
The hybrid model kept close to real time responsiveness in that it averaged under 50 ms
which is interesting considering it was a two layer model.
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Although, as Figure 3 shows, the hybrid model exhibits a small computational overhead over
the deep learning model, reaction times are under the required bounds for applications such
as the real time environment of autonomous driving. The contribution evaluates the
acceptance of such marginal latency as an acceptable trade off to the great gains in accuracy

and contextual performance.

Table 3 — Reaction Time Across Scenarios

Scenario Deep Learning (ms) Symbolic (ms) Hybrid (ms)
Obstacle Avoidance 39.85 76.79 48.44
Traffic Light Compliance 45.62 71.61 50.07
Pedestrian Detection 40.23 77.22 45.78
Emergency Braking 38.87 81.86 49.01
Lane Following 42.57 77.89 47.08
Weather Adaptation 37.66 69.56 41.70
Night Driving 41.83 77.55 45.65
Complex Urban Scenario 44.06 75.13 47.32

Figure 3: Reaction Time Across Models
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Figure 3: Reaction Time Across Models

80

70

60

50

(ms)

40

Time

30

20

Scenario

4.4 Interpretability and Transparency of Decisions

Deep Learning (ms)
Symboalic {(ms)
Hybrid (ms)
O o)
.\0 ‘\O
& & &
; o~ @
s) O e
o o
RS 2
-« NG

Table 4 shows the interpretation scores of each model to explain the decision making process.

As expected, the symbolic reasoning model scored perfect 9/10 because of their transparent

rule sets. The hybrid model achieved the score of 8/10 across the board, a little behind the

symbolic system, but much better than the deep model (2/10).

This disparity is vividly shown in figure 4. The hybrid model combines much of the clarity of

the symbolic system with performance and speed improvements. Such findings nonetheless

highlight the strength of the hybrid model which is to strike a balance between black box

efficiency and white box explainability and therefore be suitable for safety critical domains.

Table 4 — Interpretability Scores Across Scenarios

Scenario Deep Learning (/10)

Symbolic (/10)

Hybrid (/10)
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Obstacle Avoidance 9 8
Traffic Light Compliance 9 8
Pedestrian Detection 9 8
Emergency Braking 9 8
Lane Following 9 8
Weather Adaptation 9 8
Night Driving 9 8
Complex Urban Scenario 9 8

Figure 4: Interpretability Score Across Models
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4.5 Combined Analysis: Accuracy and Contextual Fit

A summary of the integrated performance of all models on both accuracy and context fit is
shown in Table 5. An additional compelling reason to consider this comprehensive view is
that they consistently outperform on both axes of this plot, suggesting that, indeed, symbolic

augmentation not only improves rule conformity, but also perceptual accuracy.

The performance trends in the hybrid model across the eight scenarios are traced in Figure 5
using a line graph. Accuracy and contextual fit lines continue along a straight trajectory
indicating strong fitness of the model. Beyond this, it can be seen that reaction time remains
constant across scenarios, an indicator of computational efficiency in spite of increased

logical complexity.

Table 5 — Accuracy and Contextual Fit Combined

Scenario DL Sym Hyb DL Sym Hyb
Accuracy Accuracy Accuracy Context Context Context

Obstacle 87.48 70.49 89.96 67.75 86.96 92.95

Avoidance

Traffic Light 91.15 83.18 93.94 72.08 86.40 90.69

Compliance

Pedestrian 86.84 69.89 90.28 67.94 79.97 89.54

Detection

Emergency 85.93 76.52 88.76 63.89 82.89 88.80

Braking

Lane Following 89.33 79.89 97.40 67.37 77.35 84.09

Weather 85.21 78.95 91.06 70.34 85.04 91.49

Adaptation
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4.6 Combined Analysis: Time and Interpretability

With this synthesis of response time and interpretability in Table 6 we can see the tradeoffs

between speed and transparency. It balances well with a near optimal setting so that latency

stays below 50 ms and interpretability scores are high. This supports its application in the real

time area that demands traceability of decisions.

A layer of visual granularity is added with Figure 6, a heatmap of hybrid model contextual fit

scores. Performance ties directly to color intensity in which especially strong results are

highlighted for “Obstacle Avoidance,” “Weather Adaptation” and

“Complex Urban

Scenario.” These are settings: unpredictable, yet requiring fast and informed responses—they

are perfect for Hybrid Al.
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Table 6 — Reaction Time and Interpretability Combined

Scenario DL Time Sym Time Hyb Time DL Sym Hyb
(ms) (ms) (ms) Interp Interp Interp

Obstacle Avoidance | 39.85 76.79 48.44 2 9 8
Traffic Light 45.62 71.61 50.07 2 9 8
Compliance

Pedestrian Detection | 40.23 77.22 45.78 2 9 8
Emergency Braking | 38.87 81.86 49.01 2 9 8
Lane Following 42.57 77.89 47.08 2 9 8
Weather Adaptation | 37.66 69.56 41.70 2 9 8
Night Driving 41.83 77.55 45.65 2 9 8
Complex Urban 44.06 75.13 47.32 2 9 8

Scenario

Figure 6: Heatmap of Contextual Fit (Hybrid)
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Figure 6: Heatmap of Contextual Fit (Hybrid)
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4.7 Scenario-Specific Comparative Strengths

Table 7 and Table 8 isolate the deep learning and hybrid model performances for the
‘Complex Urban Scenario’. The accuracy of 94.07% and contextual fit rate 93.92%, the short
reaction time of 47.32 ms and the high interpretability for the learner were recorded by the
hybrid system. This results from the ability of the model to merge functions of perception,

reasoning and action in the presence of conflicting requirements.

This is highlighted further in Figure 7 which shows a radar chart of all three models for this
scenario. Comparison of the hybrid shows the balanced and comprehensive performance
profile, greatly outperforming the rest in every metric except interpretability; symbolic
slightly beats the hybrid out.
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Table 7 — Deep Learning Model Comprehensive Evaluation

Scenario Accuracy (%) | Context Fit (%) | Reaction Time Interpretability (/10)
(ms)

Obstacle Avoidance 87.48 67.75 39.85 2
Traffic Light 91.15 72.08 45.62 2
Compliance

Pedestrian Detection 86.84 67.94 40.23 2
Emergency Braking 85.93 63.89 38.87 2
Lane Following 89.33 67.37 42.57 2
Weather Adaptation 85.21 70.34 37.66 2
Night Driving 82.46 68.90 41.83 2
Complex Urban 88.20 73.94 44.06 2

Scenario

Figure 7: Radar Plot — Complex Urban Scenario
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Figure 7: Radar Plot - Complex Urban Scenario
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4.8 Performance Trade-Off Analysis

Figure 8 shows the efficiency frontier of the hybrid model across all scenarios, as a scatter
plot of accuracy vs. reaction time. In the majority of cases, the scenarios fall in the top left
quadrant that depicts high accuracy with low latency. The fact that the hybrid model can
quickly and accurately make decisions reaffirms the hybrid model’s vital characteristic for

environments that are dynamic and time sensitive.

In all the metrics across various scenarios it shows the superiority of the proposed hybrid Al
model with regard to the balance of perception, reasoning, real time response and
interpretability. The combination of generalization power and rule based transparency, using
neural networks and symbolic logic respectively provides a scalable and robust solution to

the problem of intelligent systems working in complex, uncertain environments.
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Table 8 — Hybrid Model Comprehensive Evaluation

Scenario Accuracy (%) | Context Fit (%) | Reaction Time Interpretability (/10)
(ms)

Obstacle Avoidance 89.96 92.95 48.44 8
Traffic Light 93.94 90.69 50.07 8
Compliance

Pedestrian Detection 90.28 89.54 45.78 8
Emergency Braking 88.76 88.80 49.01 8
Lane Following 97.40 84.09 47.08 8
Weather Adaptation 91.06 91.49 41.70 8
Night Driving 96.41 91.65 45.65 8
Complex Urban 94.07 93.92 47.32 8

Scenario

Figure 8: Hybrid Model - Accuracy vs Reaction Time
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Figure 8: Hybrid Model - Accuracy vs Reaction Time
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5. Discussion

The results in this study show that clear gains in accuracy, contextual decision-making,
interpretability and real time responsiveness can be achieved when hybrid artificial
intelligence (Al) systems with deep learning and symbolic reasoning are used across a range
of complex scenarios, compared to standalone approaches. These results are in line with the
increasing consensus in Al research that hybrid systems are a promising way towards more
general, adaptive and trustworthy intelligent behavior in real-world applications.

The central benefit of the hybrid model is in its ability to use neural networks for interpreting
perceptual data and symbolic reasoning for applying abstract logic. The underlying principle
to this integration is one of the long standing goals in Al which aims to bridge low level data
processing with high level human like reasoning which is a fundamental notion in cognitive
architectures such as CLARION and Sigma (Sun, 2006; Rosenbloom, Demski & Ustun,
2016). Consistent with a hybrid model of both implicit and explicit processes, these

architectures call for such integration.
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This follows the findings in prior research on multi modal Al systems, in which task
performance was boosted by combining modalities like vision and language (Lu et al., 2016).
However, most such systems reason without explicit reasoning. The extension of this to our
hybrid approach involves integration of symbolic inference into the decision pipeline,
allowing for not only classification or detection but also deductive reasoning. In this regard,
this capability shares a lot of resemblance with the state of art model of neuro symbolic visual
question answering (Yi et al., 2018) that dynamically constructs interpretable reasoning
chains out of neural modules.

The ability to reason about rules and exceptions is critical in safety critical domains such as
autonomous driving (Feng et al., 2020). While pure deep learning systems are highly
accurate, they can be unpredictable in error cases, also referred to as “model brittleness”
(Amann et al., 2020). Hybrid systems bring together symbolic logic to coalesce rule
enforcement and causal reasoning in order to mitigate failures along these lines. For instance,
our system never violated red light rules, under adversarial environmental conditions,
something that is impossible to guarantee with deep learning alone. It further coincides with
existing research on interpretable rule based policy synthesis for reinforcement learning,
aimed at enabling an agent to follow symbolic constraints towards safe behaviour (Verma et
al., 2018).

Integrating symbolic and neural approaches is problematic because the two approaches lack
representations for the other. Unlike neural networks which work over continuous vector
spaces, symbolic reasoning is over a discrete set of human readable concepts (Evans &
Grefenstette, 2018). Recent efforts to train symbolic reasoning are represented in NSCL
(Neural-Symbolic Concept Learner)(Chen et al.,, 2020) and DRTNet (Differentiable
Reasoning over Trees)(Nandwani et al., 2022). To overcome this challenge, we propose a
middleware that translates neural predictions into logical predicates, resulting in a modular
model but having the potential to incur latency which we found to be manageable in our
results.

An additional important decision point is the interpretability vs. performance trade off.
Symbolic systems by their nature are explainable but have been traditionally inflexible. The

neural systems are flexible and opaque (Dosovitskiy et al., 2021). Our hybrid model balances
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between rationale for its decisions through its symbolic layer and not sacrificing much
latency. In neural symbolic knowledge distillation, Ross et al. (2017) train a transparent
model to approximately the black box predictor. Our results show that the structures with
integrated architectures outperform post hoc explainers i.e., symbolic logic is incorporated as
part of the decision process.

Hybrid model showed significant improvement in the context awareness feature, a core entity
for our evaluation. Systems that have contextual decision making have to rise above the
direct perception and infer the implication to the situational context. This is often modeled in
human cognition as consisting of sensory input and prefrontal reasoning (Miller & Cohen,
2001). To mimic that, we consider CNN outputs as "percepts” and reason about scenarios
using logic rules. In addition, similar cognitive — inspired approaches have been used in the
domains of Al planning systems such as SHOP2 (Nau et al., 2003) in which symbolic plans
are modified based upon the changing environment. The hybrid model’s ability to respond
adaptively to dynamic scenes is enabled by this capability: sudden crossings by pedestrians or
ambiguous road signage cases are examples.

In addition, the hybrid system learns and refines symbolic rules given reinforcement feedback
which represents a step toward lifelong learning. In contrast to traditional symbolic systems
which are inherently static and hand crafted, our implementation features evolving rules
inspired by accumulated experience, an idea which is also characteristic of inductive logic
programming and symbolic meta—learning (Cropper & Morel, 2021; De Raedt et al., 2016).
This adaptability means this system is not only interpretable and accurate, but perpetually
improving—so vital for deployment in the real world.

Although the hybrid model has its strengths; however, it has some limitations worth
mentioning. Second, with growing complexity of rules symbolic reasoning can become the
bottleneck of scalability. Such a challenge has been noticed in the large-scale knowledge base
systems like OpenCyc and Wikidata reasoning engines (Lenat, 2019; Vrandeci¢ & Krotzsch,
2014). Second, integration of learning and reasoning layers is still fairly rigid, something that
systems like LogicNets and ProLoNet (Silva et al., 2021) aim to achieve with full end to end
differentiability. Finally, initial deployment may be limited by the reliance on handcrafted

rules unless the deployment is complemented with automated rule discovery.
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This work also has broader implications. Hybrid Al paradigm caters to current trends in
explainable Al (XAl), human-Al collaboration and Al governance (Anjomshoae et al., 2019;
Raji et al., 2020). In domains where trust is required more and more (healthcare, law, critical
infrastructure) systems that can justify their actions against logical traces seem to be
accepted. As these frameworks for Al accountability strengthen such transparency is not just
a nice thing, but a necessary thing.

Finally, the hybrid Al model presented and evaluated in this work presents a superior choice
to completely neural or symbolic systems. It combines the strengths of both worlds:
Adaptability, speed, accuracy and explainability, without their respective weaknesses. Hybrid
intelligence will be at the core of paving the way towards trustworthy, human aligned
artificial intelligence, in which future Al systems are expected to work autonomously in
dynamic, high stakes environments.
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