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Abstract

End-to-end autonomous driving models increasingly combine perception, prediction,
planning, and control in a single learned pipeline. While this architecture reduces engineering
interfaces, it also produces large multimodal networks whose adaptation after initial training
can be costly. Edge deployment in vehicles adds stringent constraints: limited compute,
memory, thermal headroom, energy budgets, and long-lived safety validation. This paper
examines energy-efficient post-training as a socio-technical systems problem rather than a
narrow optimization technique. It analyzes how fine-tuning, parameter-efficient adaptation,
quantization-aware tuning, distillation, and federated post-training interact with automotive
operating domains, fleet heterogeneity, regulatory oversight, and lifecycle carbon. The central
argument is that energy efficiency in post-training cannot be achieved solely by compressing
models; it requires coordinated choices across data curation, architecture, update frequency,
over-the-air infrastructure, safety assurance, and governance. We discuss structural trade-offs
among adaptation quality, robustness, fairness, and energy use, and we outline deployment
pathways that treat post-training as a governed lifecycle process. Particular attention is given
to edge Al constraints, carbon accounting, robust long-tail behavior, and equitable
performance across regions and populations. The paper concludes with a research agenda for
measurement, carbon-aware scheduling, reproducible benchmarks, and policy instruments
that align efficient post-training with public safety and sustainability goals.

Keywords

energy-efficient post-training; end-to-end autonomous driving; edge Al; sustainable machine
learning; model adaptation; federated learning; robustness; fairness; automotive governance;
lifecycle carbon.

1. Introduction



End-to-end autonomous driving has emerged as a distinctive alternative to modular
perception, prediction, planning, and control stacks. Instead of hand-designing interfaces
between subsystems, end-to-end approaches learn a direct mapping from sensor observations
to driving actions or trajectories, an idea explored through affordance learning, conditional
imitation, and large-scale behavioral cloning [1], [2], [3]. This architectural shift can reduce
integration complexity and allow the model to exploit correlations across modalities, but it
also concentrates safety-critical behavior inside opaque learned parameters. The resulting
systems are difficult to inspect, update, and validate, especially when they must operate across
diverse vehicles, sensors, weather conditions, and regulatory jurisdictions.

The deployment context intensifies these difficulties. Autonomous driving models are
increasingly expected to run partly or wholly on edge hardware inside the vehicle, where
energy, latency, memory bandwidth, and thermal dissipation are bounded. Edge Al
deployment is not merely a matter of shrinking a cloud model; it changes the economics of
adaptation. A model that is trained once in a data center and then post-trained repeatedly for
fleets, regions, sensor calibrations, or regulatory variants may consume substantial energy
over its lifecycle. Recent work on post-training in end-to-end autonomous driving [12]
highlights that adaptation after initial training is becoming a central technical and operational
concern, but the energy implications of that adaptation remain under-examined as a system-
level problem.

This paper argues that energy-efficient post-training for edge autonomous driving must be
understood through structural trade-offs rather than isolated efficiency metrics. Choices about
model architecture, update cadence, data selection, federated orchestration, safety cases, and
carbon accounting are interdependent. An efficient post-training pipeline may reduce
computation but increase data collection costs, weaken long-tail robustness, or create
inequitable performance across regions. Conversely, an overly conservative update policy
may preserve safety validation but leave fleets operating with outdated models that waste
energy through suboptimal driving behavior. The following sections develop a systems
account of these tensions and propose governance and research directions for sustainable
deployment.

2. Foundations of Post-Training for End-to-End Driving

Post-training refers to the family of adaptation processes that occur after a model has been
pre-trained on large-scale data. In autonomous driving, pre-training may involve multimodal
sensor logs, simulated trajectories, human demonstrations, or self-supervised objectives. Post-
training then adjusts the model for particular vehicle platforms, sensor suites, geographic
operating domains, or regulatory constraints. This can include full fine-tuning, partial layer
updates, parameter-efficient adaptation, quantization-aware tuning, preference optimization,
or reinforcement learning from human feedback. The choice among these methods affects not
only accuracy but also the energy required for computation, data movement, validation, and
deployment.

The foundations of efficient adaptation are therefore tied to broader advances in model
compression and transfer learning. Mobile vision architectures demonstrated that carefully
designed convolutional networks can operate under mobile compute constraints [4], while
pruning, quantization, and Huffman coding showed that large gains are possible through
compression [5]. Integer-arithmetic-only quantization later made low-precision inference
practical for edge devices [6]. Knowledge distillation allows a smaller student model to
approximate a larger teacher, reducing inference cost while retaining much of the teacher's



behavior [7]. Parameter-efficient methods such as low-rank adaptation and quantized low-
rank adaptation further reduce the cost of fine-tuning by updating only small subsets of
parameters [8], [9]. Federated learning offers a complementary path by moving adaptation to
distributed devices and aggregating updates rather than raw data [10], [11].

These methods are often presented as purely technical solutions, but in automotive systems
they are embedded in safety, privacy, and infrastructure decisions. A vehicle fleet cannot be
treated as a homogeneous set of identical edge devices. Sensor degradation, regional weather,
road markings, driving conventions, and passenger expectations vary. Post-training must
therefore balance personalization against generalization, and efficiency against robustness. A
recent synthesis of post-training in end-to-end autonomous driving [12] suggests that
adaptation is not a one-time event but an ongoing lifecycle activity. That framing is essential:
energy consumption accumulates across repeated updates, validation cycles, data uploads, and
over-the-air distribution, not only during a single fine-tuning run.

3. Edge Al Deployment Constraints and Energy Trade-Offs

Edge deployment imposes a distinct energy profile. In-vehicle compute must satisfy real-time
latency requirements while operating under thermal limits, power budgets, and mechanical
packaging constraints. The energy cost of inference is influenced by sensor resolution, frame
rate, model depth, memory access patterns, and hardware accelerators. Post-training adds
further costs because adaptation may require local computation, data storage, calibration, and
validation. Even when most training occurs in the cloud, the edge device must eventually run
the adapted model and may participate in federated updates or on-device personalization.
These activities compete with safety-critical functions for limited resources.

A common assumption is that compression automatically yields sustainability benefits. That
assumption is incomplete. Aggressive quantization or pruning can reduce inference energy
but may require additional post-training to recover accuracy, increasing adaptation energy [5],
[6]. Distillation can produce smaller models but requires teacher inference and student
training, which may shift energy burdens rather than eliminate them [7]. Federated learning
can reduce raw data movement but increases communication rounds, coordination overhead,
and client-side computation [10], [11]. Technical debt in machine learning systems further
complicates assessment because hidden dependencies, feedback loops, and unstable data
pipelines can cause repeated remediation work [13]. Energy efficiency must therefore be
measured across the entire update and deployment lifecycle, not only at the point of inference.

The broader sustainability context is equally important. Large-scale model training has
become a recognized source of carbon emissions and policy concern [14], [15]. While post-
training is typically less compute-intensive than pre-training, its repetitive nature across fleets
and regions can produce significant cumulative impact. Short update cycles may improve
responsiveness but increase energy use, validation burden, and over-the-air traffic. Long
update cycles reduce operational energy but risk performance degradation in changing
environments. The design question is not whether to post-train, but how often, where, with
what data, under what safety conditions, and with what carbon accountability.

4. Architecture and System-Level Efficiency

Architecture determines the feasible space for efficient post-training. A model with a compact
vision backbone, efficient temporal fusion, and modular adaptation points can be updated
more cheaply than a monolithic network with dense cross-modal attention across long
horizons. Mobile-oriented architectures provide lessons about parameter efficiency and



latency-aware design [4], while quantization-aware training shows that numerical precision
choices should be considered during adaptation rather than after deployment [6]. Distillation
can transfer knowledge from a large cloud teacher to an edge student, but the student
architecture must be designed to accept future updates without repeated structural changes [7].
Parameter-efficient adaptation methods reduce trainable parameters and optimizer state,
which lowers memory and energy costs during fine-tuning [8], [9].

System-level efficiency also depends on where post-training occurs. Cloud-based adaptation
offers abundant compute and centralized governance but requires data transfer and may delay
updates. Edge-based adaptation preserves privacy and reduces communication, but it is
constrained by vehicle hardware and thermal conditions. Federated approaches distribute
computation across vehicles while aggregating model updates [10], [11]. Hybrid architectures
may combine cloud pre-training, regional cloud post-training, and lightweight on-vehicle
calibration. Each configuration changes the energy profile. A cloud-heavy pipeline may
consume more data-center energy but fewer edge resources; an edge-heavy pipeline may
reduce communication but increase vehicle power draw and thermal stress.

The most promising direction is co-design across model, data, hardware, and operations. For
example, a fleet operator might use low-rank adapters for rapid regional tuning, periodic
distillation to consolidate updates into a smaller production model, and quantized inference
for deployment. Federated learning could be reserved for privacy-sensitive personalization,
while safety-critical updates follow a more centralized validation path. Such a hybrid strategy
treats post-training as an orchestrated pipeline rather than a single training job. It also
acknowledges that energy efficiency is not a property of one algorithm but of the interaction
among architecture, infrastructure, update policy, and assurance requirements.

5. Data, Robustness, Fairness, and Safety

Energy-efficient post-training is inseparable from data strategy. Fine-tuning on smaller,
carefully selected datasets can reduce computation, but poorly curated data may amplify
biases or degrade rare-case performance. Autonomous driving safety depends on long-tail
scenarios: unusual pedestrians, construction zones, extreme weather, damaged signage, and
atypical traffic behavior. A model adapted primarily on common driving data may become
more efficient but less robust. Formal models of safe self-driving behavior emphasize the
need for conservative planning under uncertainty [18], while operational design domain
definitions clarify the conditions under which a system is expected to function [19]. Efficient
post-training must therefore include scenario coverage, uncertainty estimation, and validation
against safety envelopes.

Robustness and fairness are also linked to energy choices. If adaptation is performed only in
regions with abundant data and infrastructure, models may perform worse in underrepresented
areas, creating inequitable safety outcomes. Fairness research in machine learning has
documented how bias can arise from data, objectives, and deployment contexts [17]. In
autonomous driving, fairness concerns include accessibility, pedestrian detection across skin
tones and clothing, regional road conditions, and equitable access to updated models. Energy-
efficient post-training should not become a justification for excluding difficult data or
vulnerable populations from validation. Instead, it should motivate targeted sampling,
synthetic augmentation, and simulation-based testing that improve coverage without
proportional energy growth.



Safety assurance adds another layer. Changes introduced through post-training can invalidate
prior validation evidence, requiring regression testing, simulation, shadow mode deployment,
and field monitoring. Al safety literature has long warned about specification gaming,
distributional shift, and unintended side effects [16]. In automotive contexts, these risks are
compounded by physical harm, legal liability, and public trust. An energy-efficient update
may be technically attractive but unacceptable if it weakens traceability or makes safety cases
harder to maintain. The governance challenge is to design post-training pipelines that are
efficient, auditable, and robust enough to support certification.

6. Infrastructure, Governance, and Policy

Infrastructure shapes the energy efficiency of post-training as much as algorithms do. Over-
the-air update systems, edge-cloud orchestration, data pipelines, simulation farms, and
validation clusters all consume energy and require operational coordination. Federated
learning architectures can reduce raw data transfer but introduce communication rounds,
aggregation servers, and client scheduling complexity [10], [11]. Machine learning technical
debt highlights how fragile pipelines, undeclared dependencies, and configuration drift can
cause repeated rework [13]. For autonomous vehicle fleets, infrastructure must support
versioning, rollback, regional compliance, and security. These requirements add overhead that
must be included in sustainability assessments.

Governance and policy determine whether energy-efficient post-training becomes a systemic
practice or a localized optimization. Regulators may require evidence of functional safety,
cybersecurity, data protection, and equitable performance. Policy frameworks for automated
vehicles emphasize safety, transparency, and public accountability [20]. If energy reporting is
not required, operators may optimize for accuracy and latency while externalizing carbon
costs. If update frequency is not governed, fleets may oscillate between rapid adaptation and
validation debt. A credible governance model would combine mandatory lifecycle carbon
disclosure, safety case updates for post-trained models, fairness audits across operating
domains, and standards for over-the-air update integrity.

Policy also affects innovation. Overly rigid rules could discourage efficient adaptation and
force operators to retain inefficient models for long periods. Overly permissive rules could
allow unvalidated updates to reach public roads. A balanced approach would define risk-
tiered post-training pathways. Low-risk updates, such as calibration adjustments within a
validated envelope, might follow streamlined review. High-risk changes, such as new
operating domains or altered planning behavior, would require stronger evidence. Such tiering
aligns energy efficiency with safety and accountability rather than treating them as opposing
goals.

7. Sustainability and Lifecycle Implications

Sustainability in edge Al is a lifecycle problem. It includes embodied carbon in vehicle
compute hardware, operational energy during inference and adaptation, data center energy for
cloud training, network energy for updates, and end-of-life electronics disposal. Large neural
network training has drawn attention to carbon emissions and energy policy [14], [15], but
post-training introduces a different pattern: smaller individual jobs repeated across many
vehicles, regions, and time periods. The cumulative effect can be substantial, especially if
fleets update frequently or maintain multiple regional variants. Measuring only the energy of
a single fine-tuning run would understate the total burden.



Efficiency improvements can also create rebound effects. If post-training becomes cheaper,
operators may perform it more often, train more personalized variants, or retain larger models
because adaptation is less costly. This dynamic resembles broader sustainability debates in
computing, where efficiency gains do not automatically reduce total consumption.
Governance should therefore consider absolute energy budgets, not only relative
improvements. Carbon-aware scheduling, regional low-carbon energy sourcing, and update
consolidation can help, but they require visibility into fleet operations and data center energy
markets.

A sustainable architecture would treat post-training as a form of maintenance. Updates should
be justified by safety, performance, or regulatory need, not by convenience alone. Model
variants should be consolidated where possible. Edge hardware should be designed for longer
service life and updatability. Data collection should be purposeful rather than exhaustive.
These principles connect technical efficiency to circular economy thinking and public interest.
The goal is not minimal computation in isolation, but a defensible balance among safety,
equity, energy use, and long-term maintainability.

8. Case Illustrations and Cross-Domain Comparisons

Cross-domain comparisons clarify the trade-offs. Mobile vision demonstrated that efficient
architectures can bring deep learning to constrained devices [4], but autonomous driving adds
real-time safety and multimodal sensing. Federated learning in mobile keyboards showed that
distributed adaptation can preserve privacy while improving personalization [10], yet vehicle
fleets face stricter latency, safety, and regulatory constraints. Cloud NLP research revealed
the environmental cost of large models and the importance of energy reporting [14], while
autonomous driving post-training distributes that cost across vehicles and regional
infrastructure. These cases suggest that efficiency solutions must be adapted to domain-
specific assurance regimes.

Autonomous driving also differs from conventional edge Al because the edge device moves
through the world. A vehicle's operating environment changes with weather, road conditions,
and local norms. Post-training may need to respond to these shifts, but frequent updates can
create instability and validation burden. A recent account of post-training in end-to-end
autonomous driving [12] points toward lifecycle adaptation, while earlier end-to-end driving
work shows the promise and fragility of learned behavior [1], [2], [3]. The lesson is that
efficiency cannot be evaluated solely through model size or inference latency. It must include
the ability to update safely, equitably, and sustainably across heterogeneous fleets.

Regional infrastructure further complicates comparison. Some regions have abundant low-
carbon electricity and high-bandwidth connectivity; others do not. A post-training strategy
that relies on continuous cloud connectivity may disadvantage rural or under-resourced areas.
Conversely, fully local adaptation may be constrained by vehicle compute and thermal limits.
Hybrid designs can balance these factors, but they require policy support for interoperability,
cybersecurity, and data governance. Cross-domain experience suggests that the most durable
solutions are modular, measurable, and governed by clear operational boundaries.

9. Research Agenda and Deployment Pathways

A research agenda for energy-efficient post-training should begin with measurement. The
field needs benchmarks that report energy per adaptation, carbon intensity by region, memory
and thermal load on edge devices, communication overhead, and safety regression. These
metrics should be tied to operating domain definitions and fairness audits. Without



standardized measurement, claims of efficiency remain difficult to compare. The required
synthesis of post-training in end-to-end autonomous driving [12] provides a starting point, but
it must be extended with lifecycle accounting and deployment evidence.

Second, research should develop carbon-aware and safety-aware update scheduling. Updates
could be timed to low-carbon electricity, consolidated across regions, or deferred when safety
validation capacity is limited. Federated and hybrid architectures require better methods for
client selection, update aggregation, and privacy preservation [10], [11]. Fairness research
should inform data selection and evaluation so that efficiency does not concentrate benefits in
well-resourced regions [17]. Policy frameworks should require transparency and
accountability for automated vehicle updates [20], while sustainability research should refine
lifecycle carbon models for distributed edge AI [15].

Deployment pathways should be incremental and risk-tiered. Operators can begin with
simulation-based validation, shadow mode updates, and limited operational design domains.
Low-risk calibration updates can be automated within validated envelopes, while high-risk
changes require full safety cases. Governance should include independent auditing, public
reporting, and mechanisms for redress when post-trained models underperform. This
approach treats energy efficiency as one objective among several, not as a justification for
weakening safety, fairness, or public accountability.

10. Conclusion

Energy-efficient post-training of end-to-end autonomous driving models for edge Al
deployment is a systems challenge that spans architecture, data, infrastructure, governance,
and sustainability. End-to-end models offer integration benefits but concentrate safety-critical
behavior in learned parameters that must be adapted over time [1], [2], [3]. Post-training
methods such as parameter-efficient adaptation, quantization, distillation, and federated
learning can reduce computational cost, but their benefits depend on how they interact with
edge constraints, validation requirements, and fleet heterogeneity [5], [6], [7], [8], [9], [10],
[11]. A narrow focus on model compression misses the cumulative energy of repeated updates,
data movement, and assurance activities.

The paper has argued for a lifecycle and governance perspective. Energy efficiency should be
measured across the entire post-training pipeline, including data curation, cloud or edge
computation, over-the-air distribution, safety validation, and end-of-life hardware impacts.
Sustainability goals must be balanced with robustness, fairness, and public safety. Policy
instruments should require disclosure, risk-tiered approval, and equitable performance across
operating domains. Future work should develop reproducible benchmarks, carbon-aware
scheduling, and auditable safety cases for post-trained autonomous driving models. Such an
agenda would help ensure that edge Al deployment advances mobility without shifting
unacceptable costs to energy systems, vulnerable populations, or future maintenance burdens.
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