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Abstract

Machine learning (ML)-enabled systems like autonomous driving sys-
tems (ADSs) face challenges meeting safety and performance requirements
in diverse environments, especially in resource-constrained, latency-sensitive
edge-cloud settings. These challenges often arise from the ML models’ limi-
tations, including poor generalization to unseen conditions. Static ML models
often struggle to generalize to unseen scenarios, particularly under the latency
and resource constraints of edge-cloud infrastructure. Adaptive algorithms
using ML system switching have been proposed, but existing approaches
frequently lack generalizability, support for common black-box systems,
and effective use of distributed edge-cloud resources. This paper presents a
novel adaptive ML-enabled edge-cloud system framework to address these
shortcomings. Our framework combines cloud-based pre-runtime analysis,
which leverages simulation for behavioral understanding and scenario-to-
system mapping, with collaborative edge-cloud runtime adaptation featuring
dynamic ML model switching. It supports black-box systems and aims to bal-
ance safety and efficiency by utilizing appropriate edge and cloud resources
situationally. Preliminary CARLA-based evaluation of the edge runtime com-
ponent suggests our framework can potentially improve the safety-efficiency
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trade-off compared to single-model ADSs in some scenarios. Moreover,
extensive experiments using the MetaDrive simulator with 100,000 random-
ized driving scenarios demonstrate that the adaptive system improves safety
by 2.6% while doubling computational efficiency compared to a single-
model baseline. These results validate the framework’s scalability and the
feasibility of data-driven scenario–system mapping for adaptive ML-enabled
autonomous systems operating across edge and cloud environments.

Keywords: ML-enabled systems, autonomous driving systems, edge-cloud
computing, adaptive systems, simulation-based testing.

1 Introduction

Autonomous systems, particularly autonomous driving systems (ADSs), are
increasingly integrated within the broader edge-cloud computing ecosystem.
Modern ADSs generate substantial sensor data at the edge, selectively offload
data to the cloud for large-scale analysis and model refinement, and receive
updated models back at the edge. This collaborative edge-cloud architec-
ture aims for safer roads, reduced congestion, and more efficient mobility
services [17].

ADSs rely on machine learning (ML) components for perception,
decision-making, and control tasks. However, these ML components face
challenges due to the unpredictable nature of real-world scenarios, including
diverse traffic patterns, unexpected behaviors, and varying environmental
conditions [20, 21]. Ensuring reliable performance, especially under edge
constraints (resource limits, latency requirements), remains an open chal-
lenge.

Frameworks like Autoware [13] and Apollo [1] use modular designs with
independently optimized components. Despite such architectures, achieving
consistent safety and efficiency across diverse driving scenarios with a fixed
set of ML models is difficult. ML models risk being too large for practical
computational budgets or too small for overfitting specific scenarios [11].
Static ML systems, therefore, often struggle with adaptability, particularly
when facing scenarios unseen during training, highlighting the need for
dynamic solutions in edge-cloud environments.

Adaptive approaches using runtime ML system switching have been pro-
posed to mitigate these challenges [8,15]. However, most existing approaches
assume white-box accessibility, requiring predictable model behaviors and
limiting practical applicability. This limits practical applicability because
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many state-of-the-art ML models used in ADSs, particularly deep neural
networks, function as complex black boxes, making their internal states dif-
ficult to predict or analyze directly for adaptation purposes. Moreover, these
methods often don’t fully leverage both cloud computational strengths and
edge real-time capabilities simultaneously. Thus, frameworks that seamlessly
integrate edge-cloud collaboration for effectively handling black-box ML
systems under varying conditions are critically needed.

To address the limitations of static models in diverse/unseen scenarios
and the applicability constraints of existing white-box adaptive approaches,
particularly concerning black-box systems and effective edge-cloud collab-
oration, we present an adaptive ML-enabled edge-cloud system framework
designed to overcome these limitations. Our approach combines a cloud-
driven pre-runtime phase (leveraging extensive simulations for behavioral
analysis and scenario mapping) with a collaborative runtime phase where
edge and cloud systems jointly identify scenarios and dynamically select
optimal ML systems. This two-phase strategy maximizes cloud resources for
exhaustive pre-runtime analyses and edge speed for real-time adaptability.

In our previous work [7], we conducted a preliminary evaluation of the
framework’s potential by implementing simple rule-based runtime adapta-
tion, such as ‘entering an intersection’, based on the CARLA simulation
platform.

This paper aims to extend this framework at a large scale and validate
its overall effectiveness. To this end, we utilized the MetaDrive simulator to
generate 100,000 random driving scenarios. Among these, 10,000 scenarios
were used as training data for the ‘cloud pre-runtime analysis’ phase. In this
process, we extracted over 400 scenario features and labeled each scenario
with the ADS policy that yielded optimal performance. We then constructed
a decision tree model as the ‘knowledge base’ to select the optimal policy
based on these scenario features.

Subsequently, the runtime adaptation evaluation, conducted on 90,000
separate test scenarios, demonstrated that the proposed data-driven adaptive
ADS achieved the highest driving score compared to the two fixed ADSs.
Concurrently, in terms of efficiency, the system achieved an intermediate
processing speed, positioned between two fixed ADSs, demonstrating that the
framework successfully manages the trade-off between safety and efficiency.

The main contributions of this study are:

• An edge-cloud adaptive framework: An edge-cloud adaptive
framework supporting black-box ML systems, defining cloud roles
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(pre-runtime analysis) and edge-cloud collaboration roles (runtime
adaptation).

• Implementation and instantiation: We introduce the first concrete
implementation of the ‘cloud pre-runtime analysis’ and ‘scenario-
system mapping’ phases, which were previously proposed only theoret-
ically in the original paper. This instantiation is realized as a data-driven
decision tree model that leverages over 400 scenario features.

• Large-scale experimental validation: We conducted a large-scale eval-
uation using 100,000 randomized MetaDrive scenarios. The results
quantitatively demonstrate that the proposed framework successfully
manages the trade-off between safety and efficiency in diverse and
unseen scenarios. This significantly extends the preliminary evaluation
from the original paper and validates the robustness of our approach.

• Insights and future research directions: We provide insights and
future directions for scenario generation, knowledge base maintenance,
and deployment in practical edge-cloud environments.

The remainder of this paper is structured as follows: Section 2 reviews
relevant literature. Section 3 introduces our proposed adaptive framework.
Section 4 summarizes the preliminary validation from the original paper,
which utilized CARLA, and presents in detail the core implementation and
the results of the main validation of our framework leveraging MetaDrive.
Section 5 discusses implications, limitations, and future research. Finally,
Section 6 summarizes our findings.

2 Related Work

The adaptive system framework, employing system or model switching,
is critical for ensuring ML system adaptability in dynamic environments.
This technique dynamically transitions between models/systems to maintain
optimal performance, safety, and quality under varying circumstances.

Several studies have explored adaptive frameworks for ML-enabled
systems, showcasing diverse strategies to address dynamic challenges.
Amir et al. [5] proposed a predictive control strategy with reconfigurable
state-based models, focusing on real-time environments. Noguchi et al. [18]
introduced a model selection and management approach using transfer
reinforcement learning to improve efficiency in Open IoT environments.
Cho et al. [8] developed an anomaly-aware adaptation framework for
cyber-physical systems, using reinforcement learning to address anomalies.
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Kulkarni et al. [15] proposed a QoS-based model switching framework for
ML-enabled systems, dynamically managing performance uncertainties.

However, these valuable studies often have limitations. Many frameworks
are constrained to specific environments or predefined scenarios, limiting
generalizability. Some depend on accessible system behaviors, making them
unsuitable for black-box systems. It is very difficult or impossible to deter-
mine in which situation the system behavior will react as desired for many
high-performance ML models used in practice. Furthermore, existing works
frequently focus on specific aspects like efficiency or anomaly detection,
often neglecting the complex interplay with other critical factors such as
overall system safety.

Recent research explores edge AI optimization considering resource con-
straints [24] and novel cloud-edge collaborative architectures [12]. Yet, these
often do not directly tackle the specific challenge of dynamically adapting
black-box ML models for safety-critical autonomous driving systems. Our
work aims to bridge this gap by proposing a framework integrating adaptive
black-box ML switching within a structured edge-cloud approach tailored for
ADS safety and efficiency.

To address these limitations, our proposed framework introduces three
key innovations:

• Diverse scenarios: Our framework systematically evaluates the perfor-
mance of multiple ML systems across a wide range of scenarios during
pre-runtime testing, enabling effective adaptation even in previously
unseen conditions.

• Black-box systems: Our approach supports black-box ML systems,
expanding the applicability of adaptive frameworks to these systems. By
leveraging simulation-based testing, it becomes suitable for a broader
range of real-world applications.

• Safety and efficiency: The framework ensures consistent performance
across diverse driving contexts by dynamically switching ML systems
based on scenario-specific requirements, balancing safety and efficiency.

Building on prior work and addressing key challenges, our frame-
work offers a scalable and robust solution for adaptive ML-enabled sys-
tems, enabling improved safety, efficiency, and adaptability in complex
autonomous environments. By designing a model-switching framework
grounded in simulation-based validation within an edge-cloud perspective,
the proposed approach extends beyond conventional QoS-driven white-box
methods. It specifically addresses adaptive ML-enabled systems in black-box
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settings, overcoming challenges such as limited generalizability and static
assumptions in prior methods. This innovation significantly broadens the
applicability of adaptive systems to a wider range of real-world scenarios,
ensuring their effectiveness in dynamic and unpredictable environments.

3 Adaptive ML-enabled Edge-cloud System Framework

Our framework utilizes an edge-cloud architecture comprising two main
phases: a pre-runtime phase executed on cloud resources and a runtime phase
operating across edge and cloud infrastructure. This section first discusses the
overall approach, followed by detailed examinations of the pre-runtime and
runtime phases.

Figure 1 illustrates the framework’s flow, divided into two phases. The
lower section depicts the cloud-based pre-runtime phase, which involves
simulation-based testing, behavioral analysis, and scenario-system mapping
to prepare the system knowledge base. This phase evaluates candidate ML
systems through extensive simulation, analyzes their behavior to identify
optimal operating subspaces, and maps the most suitable system to each
subspace within the knowledge base, leveraging cloud computational power.

The upper section shows the runtime phase, based on the distributed
MAPE-K loop [14], a standard model for self-adaptive systems. The edge
monitors the environment (monitor); edge and cloud collaboratively identify
the current scenario subspace (analyze); they collaboratively select the

Figure 1 Overall adaptive ML-enabled edge-cloud system framework.
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optimal ML system using the knowledge base (plan); and the edge executes
the system switch (execute). This combination of cloud pre-runtime prepara-
tion and distributed runtime adaptation enables stable and effective adaptation
in complex environments.

In this framework, a ‘scenario’ represents the specific operational con-
text, often captured as a vector encompassing environmental factors such
as weather and road type, system goals like waypoints, and current system
state variables including speed and position. We assume multiple ML systems
exist, each optimized for different scenarios or data distributions. The primary
goal of the pre-runtime phase is to analyze system behavior across diverse
scenarios via large-scale simulations, identify the scenarios best suited for
each system’s operation, and systematically compile this information into a
knowledge base that informs runtime decision-making.

3.1 Pre-runtime Phase

Executed on the cloud due to computational demands, the pre-runtime phase
includes three key steps: simulation-based testing, behavioral analysis, and
scenario–system mapping.

3.1.1 Simulation-based testing
First, we evaluate ML system performance using extensive simulations (e.g.,
using CARLA) across diverse environments. These scenarios, encompassing
complexities like varying weather, road networks, and traffic in ADS con-
texts, enable the collection of performance data for each ML system. Scenario
generation prioritizes diversity to cover a broad spectrum of operating con-
ditions, grounding the identification of suitable operating scenarios for each
system.

Simulation-based testing is crucial for evaluating ML systems, espe-
cially when real-world testing is risky or infeasible. It allows systematic
performance evaluation under diverse, controlled conditions. Platforms like
CARLA [25] offer realistic physics-based simulations suitable for analyz-
ing safety and efficiency metrics in autonomous systems like autonomous
driving systems (ADSs). The scale and computational demands of such
simulations are well-suited for cloud execution. Simulation testing charac-
terizes ML system performance. Prior work includes surrogate model-based
frameworks [10] and search-based approaches to identify hazard bound-
aries [23], demonstrating the simulation’s ability to define operational limits.
In our framework, simulation testing is a key component of the cloud-based
pre-runtime phase.
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3.1.2 Behavioral analysis
Next, each ML system’s behavior is analyzed using the simulation data,
focusing on safety and efficiency. For ADSs, safety metrics might include
detailed collision types, involving pedestrians or vehicles, for example,
off-road excursions, route completion ratio, and compliance with traffic reg-
ulations such as traffic signal adherence and stop sign compliance. Efficiency
metrics cover computational cost, like average inference time per frame or
peak memory usage, and network resource consumption required by each ML
system. This analysis assesses whether systems meet safety requirements and
satisfy QoS criteria within different scenario subspaces.

3.1.3 Scenario-system mapping
This mapping step is crucial because different ML systems exhibit varying
performance trade-offs, notably between safety and efficiency, under different
scenarios. Based on the behavioral analysis, this step systematically assigns
the best-performing system to each identified scenario subspace according to
pre-defined objectives, for instance prioritizing safety over efficiency, creat-
ing a reliable decision guide known as the knowledge base for the runtime
phase. This involves cloud-based multi-objective optimization, potentially
using evolutionary algorithms or rule-based heuristics. The resulting mapping
is stored in the knowledge base, possibly as a compact decision tree or a
hash map for efficient runtime lookup, and potentially cached at the edge for
runtime access, directly enabling the system’s adaptive capabilities.

3.2 Runtime Phase

The runtime phase operates using the distributed MAPE-K (monitor, analyze,
plan, execute, knowledge) loop across edge and cloud resources. We assume
the edge device is equipped with the necessary sensors. Each step lever-
ages edge and cloud strengths to maintain safety and efficiency in complex
environments.

3.2.1 Environmental observation
The runtime process begins with observing the environment in real-time
using onboard edge sensors (e.g., cameras, LiDAR, radar). This collected
data forms the input for the subsequent analysis step.

3.2.2 Scenario identification
Following observation, the current scenario subspace is determined using the
observed edge data. A scenario involves initial environment/system states
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and operational goals. Observations identify the current state and goals,
but unobservable variables may lead to multiple possible scenarios, thus
forming a scenario subspace. This analysis is performed collaboratively on
edge and cloud. Rapid analysis of immediate sensor data is performed by
the edge device for local context identification, potentially using lightweight
convolutional neural networks to identify environment, or other cars. The
cloud leverages larger datasets or more powerful models for deeper analysis,
perhaps employing long short-term memory networks for predicting traffic
or accessing aggregated complex mobility data, providing broader context or
predictions. The result is an identified scenario subspace incorporating both
edge and cloud perspectives.

3.2.3 Optimal system selection
Based on the identified scenario subspace, the most suitable ML system is
selected by referencing the knowledge base. This planning step also occurs
collaboratively on edge and cloud. A quick selection is made by the edge
using the identified local context and the potentially cached knowledge base
to address immediate needs. A more sophisticated selection or refinement
is performed by the cloud, considering broader goals or complex trade-offs.
This decision can potentially update the edge’s initial plan; for instance, based
on predicted traffic congestion patterns or system-wide energy optimization
goals. The final decision on the optimal ML system combines edge and cloud
inputs, aiming for optimal safety and efficiency based on both immediate
needs and longer-term objectives.

3.2.4 System switching
Finally, the execution step involves switching to the selected ML system
on the edge device. This transition must occur in real-time with minimal
disruption. The execution requires edge technologies capable of minimizing
transition delays and ensuring system stability post-transition. Furthermore,
the performance of the newly activated ML system should ideally be moni-
tored, with results potentially reported to the cloud to refine the knowledge
base for future decision-making improvement.

4 Investigation

This section validates the effectiveness of the proposed adaptive edge-
cloud framework. First, Section 4.1 summarizes the preliminary valida-
tion results [7] from our CARLA-based study, which was conducted to
ascertain the potential of the runtime adaptation component. This preliminary
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evaluation clearly demonstrated the limitations of a simple rule-based
approach, providing strong motivation for the main validation presented
in Section 4.2. Section 4.2 validates the overall performance and robust-
ness of the framework through large-scale randomized scenarios using the
MetaDrive simulator and the implementation of a data-driven ‘scenario-
system mapping’.

4.1 Evaluation of a Simple Rule-based Approach

This section presents a preliminary evaluation of the runtime adaptation com-
ponent within our proposed adaptive ML-enabled edge-cloud framework. A
simple prototype adaptive ADS assesses practical applicability, focusing on
safety and efficiency.

Experiments ran on Ubuntu 22.04 (Intel Xeon 4215R, 3x RTX A5000
GPUs 24GB, 128GB RAM). The replication kit containing the source code
used in this study is publicly available at [3].

4.1.1 Experiment design
We implemented a simple adaptive ADS prototype focusing on runtime adap-
tation at the simulated edge. The prototype uses CARLA [9], our simulated
edge environment, and Leaderboard benchmarks [2] to evaluate safety and
efficiency across various scenarios. We compared the adaptive mechanism
against single ML systems regarding safety and efficiency at the edge.

CARLA [9] is a widely used open-source ADS simulator providing
diverse maps and dynamic components. We used CARLA datasets, originally
from Transfuser [6] and InterFuser [22] training, for testing. Key test scenar-
ios included ‘longest6’, ‘42routes’, ‘town05_short/long’, ‘town06_long’, and
‘town10_short’. The CARLA Leaderboard [2] executes these scenarios under
predefined conditions using modules like scenario runner.

Safety metrics from the CARLA Leaderboard included: Route Score,
representing the percentage of the route completed; Penalty Score, reflecting
points deducted for incidents where 1 is perfect; and Composed Score, pro-
viding an overall safety measure. We also introduced Scenario Dominance
Count, measuring the number of scenarios where an agent achieved the
highest composed score. Efficiency was measured by the decision time ratio,
calculated as CARLA simulation time divided by real-world time.

The prototype combines Transfuser [6] and the NPC Agent sourced from
the CARLA Leaderboard, simulating edge runtime adaptation. Transfuser is
a complex DNN agent utilizing camera and LiDAR fusion via self-attention;
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it is capable of handling challenging scenarios but computationally heavy for
continuous edge execution. The NPC Agent is a simple, computationally effi-
cient rule-based baseline suitable for edge resources but limited in complex
situations. The prototype activates Transfuser near intersections, defined as
within 50 meters, and uses the NPC Agent otherwise, simulating edge-based
scenario identification and system selection. This logic prioritizes safety with
Transfuser in higher-risk intersections and efficiency with NPC on simpler
road segments, balancing the trade-offs within the edge environment.

The prototype employs a simple rule-based knowledge base, simulating
the output of the envisioned cloud pre-runtime analysis. The underlying
principle is that Transfuser offers higher safety at greater computational
cost, while NPC is efficient but less safe. The mapping reflects this: Trans-
fuser is selected for high-risk intersections prioritizing safety, and NPC for
other roads prioritizing efficiency. This allows the prototype to dynamically
adapt at the edge, balancing safety and efficiency based on simple scenario
detection.

4.1.2 Experiment result
We evaluated the adaptive ADS prototype against the NPC and Transfuser
ADS to address safety and efficiency. Transfuser consistently achieved the
highest composed scores, while NPC performed poorly, highlighting the
inherent trade-off between performance and computational simplicity rele-
vant to edge suitability. Although the adaptive ADS often scored below the
pure Transfuser, it demonstrated robustness. Notably, it matched Transfuser’s
composed score in the ’longest6’ scenario and achieved the highest score,
indicating dominance, in 21 scenarios overall. This result suggests, con-
cerning RQ1, the potential effectiveness of edge-based adaptation. However,
lower scores in specific scenarios, such as ‘town06_long,’ indicate limitations
of the prototype’s simple adaptation rule, pointing to the need for refine-
ment through the full edge-cloud framework involving, for example, more
sophisticated scenario identification or a richer knowledge base.

Transfuser’s consistently low time ratio signifies high computational cost,
potentially problematic for resource-constrained edge devices. Conversely,
NPC was the most efficient but demonstrated poor safety performance. The
adaptive ADS achieved intermediate efficiency. This result indicates that,
concerning RQ2, the adaptive approach successfully balanced safety needs
with edge resource usage by selectively engaging the computationally heav-
ier Transfuser only when necessary, thus demonstrating a clear efficiency
advantage over running Transfuser continuously.
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These preliminary results suggest that edge-based adaptation, as demon-
strated by the prototype, can offer safety performance comparable to the best-
performing single model (Transfuser) in specific scenarios while achieving
significantly greater computational efficiency suitable for edge deployment.
This indicates the potential of the edge adaptation component within our
broader edge-cloud framework to address the core challenge of balancing
safety and efficiency. However, the observed limitations underscore the need
for future work focusing on the complete framework implementation, includ-
ing cloud-based pre-runtime analysis and more sophisticated edge-cloud
coordination mechanisms to improve the adaptation strategy and achieve
robust performance across a wider range of scenarios.

However, this preliminary experiment revealed limitations, emphasizing
the importance of cloud-based pre-runtime analysis and careful component
selection for edge execution. The NPC Agent’s struggles with unexpected
events (e.g., pedestrians, obstacles) negatively impacted safety when it was
selected by the simple edge adaptation logic in non-intersection scenarios.
This issue stems from the NPC’s design as a simple rule-based algorithm,
highlighting the challenge of relying solely on simple edge models for
complex, unforeseen events and underscoring the need for robust cloud-
based pre-analysis to identify such weaknesses or provide mechanisms for
escalating to more capable models or cloud intervention.

Similarly, Transfuser’s occasional safety failures in certain intersection
scenarios, despite high overall scores, demonstrate that the adaptive system’s
performance is ultimately bounded by the capabilities and potential flaws
of the underlying models deployed at the edge. While edge switching can
optimize system selection based on known characteristics derived from pre-
analysis, it inherits the drawbacks of its constituent systems if the cloud
pre-runtime analysis fails to adequately characterize these limitations or if the
edge cannot reliably detect the critical conditions requiring a specific model.

Consequently, these observed limitations underscore the critical role of
the cloud-based pre-runtime phase, involving extensive simulation-based
testing and behavioral analysis, in building a comprehensive and accurate
knowledge base. This knowledge base is essential for informing effective
edge runtime adaptation logic, enabling accurate mapping of scenarios to
the most suitable edge-executable systems, and understanding the operational
boundaries and limitations of each component. Therefore, while this study
validates the potential of the edge-based adaptive approach, it simultaneously
highlights the critical need for thorough cloud-based pre-analysis as an
indispensable element for optimizing both safety and efficiency in the design
of adaptive edge-cloud ADS systems.
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In summary, the CARLA-based preliminary evaluation demonstrated that
simple heuristics, such as rules for intersections, are insufficient to substi-
tute for the framework’s ‘cloud pre-runtime analysis’ phase. This finding
strongly highlights the need for a data-driven approach to identify the actual
weaknesses and operational boundaries of each ADS component.

Therefore, to overcome these limitations, this extended journal study
conducts the main validation, which leverages large-scale MetaDrive-based
scenarios and a decision tree.

4.2 Evaluation on Data-driven Scenario–System Mapping

The preliminary validation, summarized in Section 4.1, demonstrated the
potential of runtime adaptation while also clarifying that the quality of the
‘knowledge base’ used in the ‘cloud pre-runtime analysis’ phase profoundly
impacts overall system performance. Simple heuristic rules proved insuffi-
cient for capturing the complex operational boundaries of ADS components
across diverse scenarios.

To overcome these limitations and validate the overall effectiveness of the
proposed edge-cloud framework, this section conducts the main validation
using a data-driven approach. As discussed in the introduction, achieving
both safety and efficiency consistently across diverse driving scenarios is a
primary challenge for ADSs, especially considering edge resource constraints
and the limitations of static or existing adaptive approaches. Our proposed
framework aims to improve this balance through adaptive ML switching
in an edge-cloud context. Therefore, this preliminary evaluation focuses on
quantifying the potential benefits regarding these two critical aspects, guided
by the following research questions (RQs):

RQ1 (Safety): What advantages does the adaptive ADS offer in terms
of safety compared to conventional ADS, either holistically or in specific
scenarios?

RQ2 (Efficiency): What advantages does the adaptive ADS provide in
terms of efficiency compared to conventional ADS?

Experiments ran on Ubuntu 22.04 (Intel Xeon 4215R, 3x RTX A5000
GPUs 24GB, 128GB RAM). The replication kit containing the source code
used in this study is publicly available at [4].

4.2.1 Experiment Design
For this experiment, we implemented a simple adaptive ADS prototype
focusing on runtime adaptation at the simulated edge. The prototype uses
the MetaDrive simulator [16], our simulated edge environment. MetaDrive is
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lightweight, offers high-speed execution, and excels at procedural scenario
generation. In contrast to the CARLA Leaderboard, which provides fixed
benchmark scenarios, MetaDrive can generate a nearly infinite number of
randomized scenarios based on seed values. This makes it highly suitable
for testing the framework’s robustness against diverse edge cases and unseen
scenarios-a key limitation identified in the original paper.

The MetaDrive scenario generator takes a single seed number to instan-
tiate one scenario. Each scenario is represented by a feature vector of over
400 dimensions, defining a map composed of five tiles, the state of the ego
vehicle, and the states of up to 36 other vehicles. For this experiment, we used
a total of 100,000 unique scenarios, which were split into the following two
disjoint sets:

• Training set: Comprises 10,000 scenarios based on seeds 0 to 9999.
This set is used in the ‘cloud pre-runtime analysis’ phase to train the
decision tree ‘knowledge base’.

• Test set: Comprises 90,000 scenarios based on seeds 10,000 to 99,999.
This unseen data, not used during training, is utilized to evaluate the
‘runtime adaptation’ performance and compare the performance of the
three system configurations.

The evaluation focused on safety and efficiency. We employed safety
metrics in MetaDrive analogous to those used in CARLA. Specifically, we
calculated a composed score by replicating the route score and penalty score
from the CARLA Leaderboard, based on the driving logs from MetaDrive.
Similarly, efficiency was measured as the number of simulation steps the
ADS policy could process per second (steps/s), where a higher value signifies
lower computational resource consumption.

The prototype combines expert policy [19] and the IDM policy sourced
from the MetaDrive. Expert policy is a simple neural network-based ADS
provided by the developers of MetaDrive. It utilizes lidar and lane detector.
The IDM policy is a simple, computationally efficient rule-based baseline. It
tries to keep gap between other cars.

We compared the performance of the following three ADS on the 90,000
test scenarios.

• Expert-only: A static ADS that exclusively utilizes the expert policy
across all scenarios.

• IDM-Only: A static ADS configuration that exclusively utilizes the
IDM policy across all scenarios.



Data-driven Adaptive ML-enabled Edge-cloud System Framework 313

• Adaptive ADS: The adaptive ADS leveraging the decision tree. At run-
time, this system analyzes the current scenario features to dynamically
select and switch to the policy predicted to yield superior performance.

4.2.2 Implementing the pre-runtime phase
In the preliminary evaluation, the ‘cloud pre-runtime analysis’ phase was
approximated by a simple heuristic rule. This approach demonstrated clear
limitations, as it failed to guarantee safety in specific scenarios like a
pedestrian outside an intersection.

In this main validation, we adhere to the framework and present a con-
crete, data-driven implementation of the ‘pre-runtime phase’. This phase,
which constitutes an offline analysis step requiring massive computational
resources, clearly exemplifies the role of the ‘cloud’ within the edge-cloud
architecture. The objective is to leverage the 10,000 training scenarios to
generate an efficient and reliable ‘knowledge base’ that the edge device can
utilize at runtime.

This process was conducted by instantiating the three sub-phases as
defined in section 3.

Simulation-based testing: The first step is to comprehensively test the
behavior of the candidate systems. To this end, we executed the two can-
didate ADS policies independently on each of the 10,000 training scenarios.
Through this large-scale simulation, totaling 20,000 runs, we collected raw
performance data. Each scenario result is composed of the following two key
elements. One is scenario feature vector. It includes the topology of the 5-tile
map, such as road curvature, the initial state of ego vehicle, and initial states
of up to 36 other vehicles, such as location. Another is performance results.
The two key performance metrics achieved by the policy in that scenario,
namely, driving score (safety), and steps/s (efficiency). This phase is a com-
putationally intensive process, feasible due to the cloud environment, which
generates data enabling a direct comparison of the two policies’ performance
under identical scenarios. The simulation for 10,000 scenarios for 2 ADSs
took approximately 23 hours.

Behavioral analysis: In the subsequent phase, we transformed the 20,000
raw data points into a supervised learning dataset of 10,000 labeled instances,
guided by the ‘pre-defined objectives.’ The primary objective of ADS is
the maximization of safety. Efficiency is a secondary objective, considered
only when safety levels are equivalent. Based on this principle, we assigned
an ‘optimal policy’ label to each of the 10,000 scenarios based on the
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performance results. If the safety metric of expert policy is greater or equal
than IDM policy, it selects expert policy. Otherwise, it selects IDM policy.
This procedure effectively reframes the raw performance data as a training
dataset of classification problem determining which policy to select for given
scenario feature vector.

Scenario-system mapping: Finally, to implement the ’scenario-system map-
ping’ phase, we trained a decision tree classifier using the training dataset
generated in the previous step. We chose decision tree because of inter-
pretability. Although the ‘intersection’ rule in Section 4.1 was simplistic,
its decision logic was transparent. When dealing with over 400 complex
features, a black-box model like a neural network makes validating the
framework harder. In contrast, decision tree generates human-readable rules.
It can show the operational boundaries of ADS in scenario space. The fully
trained decision tree model constitutes the concrete ‘knowledge base’ to
be utilized during the ‘runtime phase’. It replaces the static and simplistic
heuristic rules with a dynamic and sophisticated mapping learned from the
10,000 scenario dataset.

To ensure consistency and robustness in model training, we mitigated bias
arising from initialization randomness by training 10 independent decision
tree models, varying the random state from 42 to 51. Additionally, to prevent
overfitting and ensure fast inference, the maximum tree depth was constrained
to max depth at 10.

4.2.3 Experiment results
We evaluated the performance of three ADS systems using the 90,000 unseen
test scenarios. The results for the adaptive ADS are derived from applying
each of the 10 independent decision tree models to the 90,000 test scenarios.
The final performance of all systems is summarized in Table 1. This table
directly compares the two fixed policies against the individual and average
performance of the 10 decision tree models.

(RQ1) Safety. In terms of safety, Table 1 clearly demonstrates that the
proposed adaptive ADS achieved superior performance across the 90,000 test
scenarios. The adaptive ADS recorded an average driving score of 0.7884
over the 10 runs. This represents safety improvement compared to the static
expert policy ADS. The IDM policy ADS exhibited the lowest performance
at 0.7080. This result not only shows that the limitations of the a simple rule-
based approach evaluation were successfully overcome but also signifies a
critical achievement of our framework.
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Table 1
Policy Seed Safety Efficiency

Expert – 0.7685 479.23
IDM – 0.7080 3,779.93

Adaptive

42 0.7893 978.49
43 0.7885 941.88
44 0.7878 1,007.67
45 0.7882 960.48
46 0.7882 960.48
47 0.7873 970.90
48 0.7885 981.26
49 0.7889 951.35
50 0.7886 978.05
51 0.7885 972.38

Average 0.7884 970.29

To analyze how the adaptive ADS achieved better performance than the
static ADS systems, the average classification performance of the 10 decision
tree models on the 90,000 test scenarios is presented in Table 2. Here, the
‘expert’ class refers to scenarios where expert policy was deemed optimal
according to labeling rules in behavioral analysis, while ‘IDM’ class refers to
scenarios where IDM policy was deemed optimal.

The label distribution of the 90,000 test scenarios reveals a signifi-
cant imbalance: the expert policy was optimal in 68,480 scenarios (approx.
76.1%), while the IDM policy was optimal in 21,520 scenarios (approx.

Table 2
Expert IDM

Seed Precision Recall F1 Score Precision Recall F1 Score
42 0.809 0.914 0.853 0.534 0.312 0.164
43 0.815 0.899 0.851 0.521 0.350 0.180
44 0.810 0.911 0.853 0.530 0.321 0.168
45 0.810 0.911 0.853 0.530 0.321 0.168
46 0.810 0.906 0.852 0.522 0.326 0.170
47 0.812 0.905 0.852 0.524 0.332 0.173
48 0.811 0.913 0.853 0.538 0.323 0.169
49 0.812 0.906 0.852 0.524 0.331 0.172
50 0.811 0.907 0.852 0.527 0.329 0.171
51 0.812 0.903 0.852 0.520 0.334 0.174
Average 0.811 0.907 0.852 0.527 0.328 0.171
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23.9%). This distribution explains why the expert policy baseline (0.7685)
substantially outperformed the IDM policy baseline (0.7080).

The decision tree model demonstrates a high average recall of 0.898 for
the majority ‘expert’ class. This indicates that the adaptive ADS correctly
identifies and executes the ‘expert’ policy in approximately 90% of the sce-
narios where it is required. This high recall ensures that the adaptive ADS’s
performance is fundamentally anchored near the expert policy baseline.

The expert policy ADS, by definition, uses the ‘expert’ policy for the
whole time. Consequently, in the 21,520 scenarios (23.9%) where IDM policy
is safer, it inevitably selects a suboptimal policy, incurring a performance
penalty. In contrast, Table 2 shows that the adaptive ADS achieves a recall of
0.328 for the ‘IDM’ class. This signifies that the adaptive system successfully
identifies and switches to the ‘IDM’ policy in approximately 32.8% (average
7055) of the scenarios where ‘IDM’ is the safer option.

(RQ2) Efficiency. In terms of efficiency, Table 1 demonstrates that the
proposed framework successfully manages the trade-off between safety and
efficiency. The adaptive-DT system achieved an average processing speed
of 970.29 steps/s, attaining approximately 102.5% higher efficiency than the
least efficient system, expert policy ADS (479.23 steps/s). Although this is
substantially lower than the IDM policy ADS (3779.93 steps/s), it signifies
that the computational load on the edge device was halved compared to expert
policy, representing a significant resource-saving.

The reason for this efficiency improvement is also explained by the
classification report in Table 2. The adaptive ADS executes the highly effi-
cient ‘IDM’ policy in scenarios where ‘IDM’ was correctly predicted as
optimal (average 7055 scenarios), and scenarios where ‘expert’ was optimal
but was incorrectly predicted as ‘IDM’ (average 6339 scenarios). By avoiding
the execution of the costly expert policy and instead using the IDM policy
in these combined scenarios (average 13,393 scenarios), the system nearly
doubled its overall efficiency from 479 to 970 steps/s.

Furthermore, the efficiency results from the 10 runs of adaptive ADS
exhibit very low variability relative to the mean. This confirms that the system
provides predictable and stable resource utilization.

5 Discussion

5.1 Investigation Analysis

This study proposed an edge-cloud adaptive framework in Section 3 to
dynamically optimize the safety and efficiency of ML-based autonomous
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systems. In Section 4, a two-phase evaluation was conducted to validate
this framework. The CARLA-based preliminary investigation in Section 4.1
demonstrated the potential and clear limitations of simple heuristic rules. The
MetaDrive-based investigation in Section 4.2 implemented and tested the
framework of pre-runtime analysis using 100,000 large-scale scenarios and
a data-driven decision tree model.

As summarized in Table 1, the key findings of this study are clear. The
adaptive ADS (avg. 0.7884) achieved higher safety than the static ADS,
expert policy (0.7685). Furthermore, in terms of efficiency, the adaptive
ADS (avg. 970.29 steps/s) was 102.5% more efficient than expert policy
ADS (479.23 steps/s). This indicates that the proposed framework success-
fully and simultaneously optimized the two conflicting objectives of safety
and efficiency-an achievement not attained in the preliminary evaluation.

The adaptive ADS successfully identified approximately 32.8% of the
21,520 scenarios where ‘IDM’ was safer, switching to the ‘IDM’ policy
instead of ‘expert’. However, this process incurred a cost by misclassifying
some scenarios where ‘expert’ was safer as ‘IDM’. Nonetheless, the bene-
fits of switching to the ‘IDM’ policy outweighed these losses in terms of
both safety and efficiency. That is, the framework successfully achieved a
trade-off, doubling efficiency while simultaneously improving overall safety.

The key significance of this experiment is demonstrating that the lim-
itations of simple heuristic scenario–system mapping rule were overcome,
and the two conflicting goals optimized using a relatively simple decision
tree model as the ‘knowledge base’, without resorting to deep analysis of the
complex scenario space or costly optimization techniques like reinforcement
learning. This shows that the ‘pre-runtime analysis’ is feasible, and if suf-
ficient simulation data can be stored in the cloud, an adaptive ML-enabled
system can be implemented by analysis.

Nevertheless, this experiment should still be considered a preliminary
validation. As shown in Table 2, the overall classification accuracy of
the ‘knowledge base’ is only around 0.77, and notably, the recall for the
‘IDM’ policy is very low. This implies that the current ‘knowledge base’
has not perfectly learned the scenario–system mapping and is still missing
approximately 67% of the scenarios where IDM is optimal.

This implies that the 400+ feature vector may not fully capture the
scenario complexity, or that the simple decision tree model (max depth = 10)
lacks the sophistication to capture the complex operational boundaries
between the two policies. Consequently, while these ‘preliminary’ valida-
tion results establish the viability of the proposed framework, they also
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strongly underscore the necessity of future research toward building a more
sophisticated ‘knowledge base’.

5.2 Future Directions

To overcome the limitations identified and fully realize the framework’s
potential, future work should first address the refining the cloud pre-runtime
analysis. While our implementation in this research using a decision tree
model demonstrated the feasibility of this mapping, it exhibited limitations
in capturing the complex operational boundaries between the two policies
given features, as analyzed. Indeed, when considering a wider array of
candidate ADS and longer feature vectors, more systematic analysis methods
are required.

One avenue is the need for robust scenario generation techniques. Simu-
lation scenarios are critical for evaluating the performance and identifying
the limitations of candidate ADS models intended for edge deployment.
Cloud-based scenario generation methods should systematically explore
the operational boundaries of these models by designing diverse scenar-
ios including edge cases, such as unexpected obstacles or highly complex
intersections. These methods need to balance criticality (exploring key
boundary conditions) and variety (covering diverse environments), while
enabling automation to reduce the time and cost associated with building the
pre-runtime knowledge base.

Another critical direction is the analysis of the scenario space itself.
The scenario space must be decomposed based on the characteristics of the
candidate ML-enabled systems. By appropriately partitioning the scenario
space-based on analyzing the intrinsic properties of the ML-enabled systems
and the results of simulation-based testing-and allocating these partitioned
spaces to specific candidate systems, a more effective adaptive framework
can be constructed. To achieve this, research focused on decomposing the
scenario space based on the learning dynamics and mechanisms of the
ML-enabled systems is essential.

Furthermore, effective collaboration mechanisms between the edge and
the cloud require in-depth research. Defining clear criteria for when sce-
nario analysis should be handled solely by the edge versus requiring cloud
interaction is a key challenge in designing the collaboration logic. This
includes designing efficient communication protocols, maintaining data con-
sistency, managing potential conflicts between edge and cloud decisions, and
developing strategies for dynamic task allocation and resource management
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considering real-time requirements, communication constraints, and compu-
tational loads at both edge and cloud.

Future research will prioritize integrating comprehensive cloud-based
behavioral analysis with sophisticated self-adaptive techniques executed at
the edge, ensuring effective edge-cloud collaboration. Such efforts aim
to maximize the safety and efficiency of autonomous driving systems by
leveraging the strengths of both edge and cloud resources, while ensur-
ing reliable performance in complex environments. Ultimately, advancing
edge-cloud adaptive frameworks is expected to improve the feasibility of
autonomous driving technologies for commercialization and play a critical
role in developing safe and efficient autonomous systems.

6 Conclusion

We proposed an adaptive ML-enabled edge-cloud framework to enhance
autonomous system safety and efficiency. The framework combines cloud
pre-runtime analysis with collaborative edge-cloud runtime adaptation
(including ML switching) to handle diverse requirements.

The original study [7], through the CARLA-based preliminary evalua-
tion, confirmed both the potential and the limitations of this framework. To
overcome these limitations, we conducted a preliminary validation by imple-
menting the cloud-based pre-runtime analysis component of the proposed
framework, leveraging 100,000 MetaDrive scenarios and a data-driven deci-
sion tree model. As validated on 90,000 test scenarios, the proposed adaptive
ADS achieved higher safety while concurrently attaining an adequate level of
efficiency, thereby quantitatively demonstrating the framework’s viability.

A prototype confirmed the edge adaptation’s applicability and highlighted
future work: developing robust scenario generation techniques, analysis and
decomposition of the scenario space, and refining edge-cloud collaboration.
The next step will be to refine and complete the implementation of the
framework preliminarily validated in this study.
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