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Abstract: Current edge computing research highly favors complex deep learning models for resource management.
However, these data-heavy approaches often conflict with the physical reality of edge devices, which demand low
latency, low energy usage, and absolute predictability. This review critically examines the trade-offs between
stochastic learning strategies and lightweight, deterministic alternatives. By analyzing recent literature, we highlight
that simple, rule-based logic frequently outperforms complex learning algorithms in stability and response time. The
findings suggest a need to shift design priorities away from unnecessary complexity and toward sufficiency,
prioritizing reliability over raw intelligence at a high operational cost.
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Introduction

For the better part of the last decade, the field of edge computing has been engaged in a race to squeeze as much
"intelligence" as possible into smaller and smaller devices. The prevailing assumption which is evident in hundreds
of recent studies is that if a system is not learning, it is not smart. This trend has pushed the design of edge offloading
strategies toward increasingly complex models, particularly those based on Deep Reinforcement Learning (DRL) and
heavy neural networks [1]. The narrative is attractive: an autonomous system that learns from its environment, predicts
the future, and optimizes itself without human intervention. However, this pursuit of complexity often ignores the
harsh reality of the physical world where these devices actually live. When we deploy systems to monitor oil rigs,
control autonomous drones in windstorms, or manage traffic in congested cities, the primary requirement is not that
the system is "smart" in a human sense, but that it is predictable, stable, and fast [2], [3].

The central problem this paper addresses is the mismatch between the tools we are currently obsessed with (complex
learning algorithms) and the problems we are trying to solve (reliable operation under constraint). Edge computing is
fundamentally defined by limitations: limited battery life, limited processing power, and, most critically, limited time
to make a decision [4]. A drone recovering from a sudden gust of wind does not have the luxury of running a complex
inference model to decide which motor to throttle; it needs a hard, deterministic rule that executes in microseconds.
Yet, the literature is flooded with proposals to replace these efficient control loops with stochastic learning models
that require massive amounts of data to train and significant energy to run. While these models perform well in
simulations or cloud environments with infinite resources, they frequently fail the "sufficiency" test in the real world.
They introduce unpredictability, in the sense, that the same input does not always guarantee the same output, specially
into systems which require safety and auditability above other things [5].

This review propagates that determinism needs to be considered as a deliberate design philosophy. Determinism in
this context does not mean rigid methods but it means "structured" way of solving the problem. A deterministic system
is one where the behavior is explicitly defined to meet specific constraints. Upon examining the successful biological
systems, which are often cited as the inspiration for Al, it can be observed that they are not purely "learning" machines.
An insect does not learn how to fly from scratch every time it takes off, rather it relies on pre-wired, deterministic
reflexes that are highly efficient and incredibly robust. Similarly, effective edge systems should rely on lightweight,
rule-based, or threshold-based logic for their core operations, reserving expensive learning models only for high-level
tasks where they are strictly necessary [6].
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The motivation for this shift is practical, not just theoretical. In safety-critical environments, such as industrial
automation or healthcare monitoring, the operators need to know exactly why a system made a specific decision. If a
robotic arm halts production, an engineer should be able to debug a deterministic threshold violation e.g. Temperature
> 80°C. Comparatively, debugging a neural network’s "black box" decision is significantly harder and often
impossible in real-time [7]. Furthermore, the energy cost of training and running these models on edge devices
contradicts the "green computing" goals often supported by the same researchers proposing them. These techniques
are effectively burning battery life to solve problems that could be solved with simple control theory or heuristic
algorithms [8].

Therefore, the objective of this paper is to validate the role of sufficiency in system design. The paper defines
"sufficiency" as the ability of a model to meet the operational requirements of a task without exceeding the resource
budget or introducing unnecessary complexity [9]. By analyzing recent literature, it shows that simple, deterministic
offloading strategies often outperform their complex learning-based counterparts in metrics that matter most to the
edge: latency, jitter, and energy consumption. We will explore how "lightweight" does not mean "less capable," but
rather "better fitted" to the environment [10].

This paper is organized to guide the reader from the physical constraints of the hardware back to the philosophy of
design. It begins by establishing the hard requirements of edge environments that make standard Al approaches
difficult to deploy. It then survey the existing lightweight and deterministic offloading models, highlighting their
performance benefits. Following this, the paper examines the specific limitations of learning-based strategies,
identifying where they break down in practice. Finally, the paper look into other disciplines like biology and control
theory to show that high-functioning systems in nature and engineering increasingly favor structure and determinism
over unbounded learning.

Learning-Based Edge Orchestration

To understand the necessity of deterministic designs, it is necessary to first examine the current trajectory of edge
computing research over the last decade. The field has largely focused on one main idea that networks are becoming
more complex, and the software managing them must also be complex [6], [11]. As a result, Machine Learning (ML)
and Deep Reinforcement Learning (DRL) have shifted from being optional tools to becoming the default methods for
resource orchestration. A review of current literature reveals a pervasive assumption that a "smart" system must be a
"learning" system. This trend is clear in hundreds of recent studies that propose using DRL agents for everything from
dynamic task offloading and channel allocation to voltage scaling and drone swarm coordination [1, 5, and 12]. Unlike
static heuristics, these learning agents promise to handle high-dimensional state spaces without requiring an explicit
mathematical model of the environment, theoretically allowing systems to adapt to unseen user behaviors
autonomously.

However, this push for complexity often obscures a critical mismatch. The computationally heavy tools being
deployed frequently do not fit the physical reality of the resource constrained devices they operate on. While these
learning strategies work well in cloud-based simulations where resources are effectively infinite and latency is a soft
constraint, they face major practical challenges when deployed in physical edge environments. The primary friction
point lies in the definition of "performance” [4]. In the cloud, performance is typically measured by combined metrics,
such as, average throughput or mean response time. In contrast, the edge is defined by strict physical bounds and
"hard" constraints [14]. The literature indicates that for mission-critical applications such as industrial automation
(Industry 4.0), Vehicle-to-Everything (V2X) communication, and tactile internet services, the primary requirement is
not maximizing the average reward, but guaranteeing stability under worst-case conditions [15].This conflict is most
visible in the trade-off between inference accuracy and temporal determinism. Deep learning models, by their nature,
introduce significant variance in execution time which is a phenomenon known as inference jitter. The execution path
through a deep neural network can vary based on the sparseness of the input data, and the underlying software
frameworks often trigger unpredictable garbage collection cycles or memory swapping events [16]. For a control loop
in a robotic arm that requires a decision every 10 milliseconds, a DRL agent that usually responds in 2 milliseconds
but occasionally spikes to 50 milliseconds is functionally unacceptable [17]. Research highlights that while stochastic
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policies may statistically optimize long-term network utility, they often fail to provide the Worst-Case Execution Time
guarantees required for safety-critical certification. In these contexts, a simpler, deterministic threshold-based
algorithm, which offers O(1) decision complexity and zero variance, is objectively superior despite being "less
intelligent" in the academic sense [18]. Apart from latency, the energy economics of learning-based strategies present

a paradox for battery-constrained devices. Mobile edge nodes, such as UAVs or remote IoT sensors, operate in a zero-
sum energy environment where every joule spent on decision-making is a joule taken away from the actual application
or data transmission. The literature often highlights the "training tax" which introduces the significant computational
cost required to keep a learning model relevant. Federated Learning (FL) and online DRL approaches require
continuous model updates, back-propagation, and gradient exchanges to adapt to changing environments.

Recent energy audits of these systems reveal that for many transient or short-lived tasks, the energy consumed by the

orchestration layer, for training and inference, exceeds the energy saved by the resulting optimization. Battery life is
effectively being wasted to solve an optimization problem that could have been approximated by a greedy heuristic at
a fraction of the cost. Sustainable "Green Edge" computing demands a careful utilization of resources by algorithms,
prioritizing logic that maximizes utility per watt rather than logic that maximizes theoretical convergence [19], [20].
Furthermore, the "black box" nature of deep neural networks creates a significant barrier to auditability and trust. In
regulated industries like healthcare monitoring, smart grids, and autonomous transport, system operators require causal
traceability which is the ability to explicitly reconstruct why a system made a specific decision [1]. If a smart grid
controller fails to load-balance a surge, resulting in a blackout, engineers must be able to debug the logic. If the
decision was made by a neural network, the "reasoning" is buried in millions of floating-point weights, making it
mathematically non-trivial and operationally impossible to diagnose in real-time. Deterministic systems, governed by
explicit algebraic formulations or rule sets, offer "correctness by construction." This transparency is not merely a
feature but a fundamental requirement for liability and safety certification [21].
Finally, there is the issue of "generalization bias." The academic community often prioritizes models that can
generalize to any possible scenario, leading to massive, over-parameterized architectures. However, edge devices
typically operate in highly specific, bounded environments, such as, a specific factory floor, a specific traffic
intersection, or a specific patient monitor. They do not need to solve every problem; they only need to solve their
problem reliably. The drive to deploy heavy "general purpose" Al on "specific purpose" hardware results in
unnecessary overhead. The evidence suggests that "sufficiency", which is the ability to meet requirements with the
simplest possible model, should replace "generalization" as the gold standard for edge design. By adhering to this
principle, it becomes evident that the limitations of learning-based approaches are not temporary hurdles to be
overcome by better hardware, but fundamental indications that may be the wrong tool is being used for the job. The
subsequent sections will explore how deterministic, lightweight alternatives effectively address these constraints
where heavier models struggle [6], [22].

Lightweight And Deterministic Offloading Strategies

In response to the operational constraints detailed in the previous section, a significant portion of research has persisted
in developing offloading strategies that prioritize structure over learning. Unlike the stochastic models that dominate
recent headlines, these approaches are characterized by their determinism, according to which, given a specific state
(e.g., queue length, battery level), the system produces a fixed, predictable output. This section reviews the three
primary categories of lightweight orchestration, i.e., Threshold-Based Heuristics, Control-Theoretic Feedback Loops,
and Bio-Inspired Algorithms, highlighting their ability to maintain system stability with minimal computational
overhead [23].

The most fundamental form of deterministic control relies on conditional logic triggered by system states. These
strategies, often referred to in the literature as "Lyapunov-guided" or "Greedy" heuristics, operate on the principle that
complex global behavior can be regulated through simple local constraints [24]. The mechanism is straightforward
and states that an offloading decision is triggered only when a specific metric, like, local CPU utilization or buffer
occupancy, violates a pre-defined safety margin. Recent work demonstrates that these simple logic engines are often
sufficient for high-speed edge environments [25]. For instance, studies comparing Lyapunov optimization against
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Deep Reinforcement Learning (DRL) in multi-user scenarios found that while DRL agents required thousands of
training epochs to converge, threshold-based algorithms achieved near-optimal queue stability instantly upon
deployment [26]. The primary advantage here is computational complexity. A threshold check operates in O(1) time,
requiring only a single comparison operation. This stands in stark contrast to the matrix multiplications required for
neural inference. For ultra-low-latency applications, such as 5G network slicing or tactile internet services, this
difference is critical. When the deadline for a task is under 5 milliseconds, the time spent deciding where to send the
task must be negligible. Threshold-based heuristics effectively reduce the "decision cost" to zero, ensuring that the
bulk of the resource budget is spent on execution rather than orchestration [26].

Moving beyond static rules, control theory offers a mathematical framework for dynamic adaptation without the
opacity of neural networks. PID (Proportional-Integral-Derivative) controllers, which have governed industrial
automation for decades, are increasingly being adapted for edge resource management. These systems maintain a
target state (e.g., a specific energy consumption rate or average response time) by continuously adjusting control
variables (e.g., CPU frequency or transmission power) based on the error difference between the current state and the
target [7]. The distinguishing feature of control-theoretic approaches is the presence of formal stability guarantees.
Unlike Reinforcement Learning agents, which must "explore" the environment to learn optimal policies, control loops
are mathematically proven to converge to a stable state provided the system parameters remain within designed bounds
[6]. This "bounded stability" makes them ideal for safety-critical edge sectors. For example, in a smart grid managing
voltage fluctuations, a PID controller provides a traceable, predictable response to load changes. If the system
oscillates or fails, the failure can be analyzed using standard control engineering methods (e.g., examining the gain
margins), whereas a failure in a neural network is often indistinguishable from random noise. By treating edge
offloading as a fluid control problem rather than a pattern recognition problem, these strategies achieve robust
performance with negligible processing overhead [7], [12].

The third category of lightweight strategies looks to biological systems, in this case, not for their capacity to learn,
but for their efficiency in decentralized coordination. It is observed that nature rarely uses centralized optimization
and instead, complex global order emerges from simple, deterministic local interactions. Swarm Intelligence
algorithms inspired by insect colony behavior or homeostatic regulation allow distributed edge nodes to self-organize
using rigid local rules [1], [14]. A key example found in the literature is the use of "pheromone-based" routing or
"virtual forces" for task migration. In these models, a task is treated like a particle moving through a field, attracted to
nodes with high energy and repelled by nodes with high latency. Crucially, these bio-inspired models are often stripped
of the stochastic elements found in evolutionary optimization, like Genetic Algorithms, to ensure predictability.
Recent implementations of Homeostatic control, in which a node automatically sheds load to neighbors to maintain
healthy state of its thermal status, have shown remarkable resilience. These systems function similarly to the human
body’s temperature regulation; they do not need to "predict" a fever to treat it, they simply react to the thermal
deviation. This reactive capability allows for highly scalable networks where nodes can be added or removed without
retraining a central model. The literature confirms that for large-scale Industrial IoT (IIoT) networks, these bio-
inspired deterministic methods often outperform centralized DRL schedulers in terms of network longevity and
partition tolerance [14], [26].

The common thread uniting these approaches is the concept of sufficiency. They do not attempt to solve the general
case of all possible network states. Rather, they are designed to handle specific, bounded operational constraints. By
restricting the solution space to simple rules, control loops, and bio-mimetic reactions, these models trade "general
intelligence" for "specific reliability." The evidence suggests that in the resource-starved environment of the edge, this
trade-off is not a compromise but an optimization. The elimination of the training phase, the reduction of inference
jitter, and the guarantee of auditability make these lightweight strategies the pragmatic choice for systems that must
work correctly the first time, and every time [27]. Finally, determinism must be viewed through the lens of engineering
ethics. As edge computing is made up of critical infrastructure, the cost of'a "black box" error increases. If an algorithm
is too complex to be fully understood by its operator, it introduces a layer of moral hazard. Deterministic sufficiency
restores the chain of accountability. It asserts that one should understand the boundaries of the system they deploy.
By prioritizing models that are "correct by construction" rather than "correct by training," the industry moves toward

Available online at https://psvmkendra.com
404



L
ANUSANDHANVALLARI

ISSN: 2229-3388
vy

a standard of explainable reliability, ensuring that the systems governing our physical world are transparent, auditable,
and fundamentally safe [1], [40].

Model Selection

The critique of learning-based strategies presented in this review does not suggest that Machine Learning (ML) has
no place in edge computing. Rather, it argues against its omnipresence. A mature design philosophy requires a shift
from "Al-for-Everything" to a stratified approach, where model complexity is matched to the specific temporal and
safety requirements of the layer it occupies. This section outlines a framework for hybrid architectures and analyzes
the specific domains where deterministic sufficiency offers a clear advantage over stochastic generalization.

A. The Control Plane

Biological systems offer a compelling template for resolving the tension between responsiveness and intelligence. In
vertebrate biology, high-level planning (e.g., hunting strategy) is handled by the brain, while immediate survival
actions (e.g., pulling a hand away from fire) are handled by the spinal cord via reflex arcs. These reflexes do not
"learn" in real-time; they are pre-wired, deterministic, and instant [36]. Edge architectures should mirror this kind of
"Reflex-Brain" split into orchestration and resource planning [28].

Functions requiring sub-millisecond responses, such as, packet routing, safety braking, or voltage regulation, must
remain purely deterministic. Threshold-based heuristics and PID controllers are the optimal choices here, providing
the "spinal" stability required for preventing the system failure [7]. On the other hand, the functions operating on
longer timescales, such as, predicting weekly traffic patterns or optimizing energy prices, can use Deep Reinforcement
Learning (DRL). These models can reside in the upper tier (Cloud or Fog), sending down updated parameters (e.g.,
tuning the PID gains) without interfering with the real-time control loop. This separation ensures that the
unpredictability of learning never compromises the safety of the immediate action [29].

B. Domain-Specific Suitability

The utility of deterministic models varies significantly across different edge sectors. A review of the application-layer
literature highlights three domains where the "sufficiency" of deterministic logic outweighs the "optimality" of DRL.
The manufacturing environments in Industrial IoT (Industry 4.0), establishes that the primary metric is
synchronization, not throughput. A robotic assembly line requires multiple actuators to move in perfect lockstep.
Stochastic jitter introduced by a neural network inference engine can desynchronize the line, leading to physical
damage. Consequently, recent implementations have favored Time-Sensitive Networking (TSN) scheduled by strict,
deterministic cyclic algorithms over dynamic ML schedulers [30].

For Autonomous Vehicles (V2X), the vision systems of autonomous cars rely heavily on Deep Learning, the decision-
logic for maneuvering (e.g., "Do not merge if distance < Sm") is increasingly reverting to rule-based constraints. This
"Safety Cage" architecture ensures that no matter what the Al "hallucinates," the vehicle cannot violate the laws of
physics or traffic safety. Here, determinism acts as the ultimate auditor of the learning model [31].
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The implantable devices (e.g., pacemakers), or the critical monitors used in healthcare, the energy cost of on-device
training is prohibitive. Furthermore, the regulatory requirement for auditability (FDA/CE certification) favors
algorithms that can be formally verified. Bio-inspired homeostatic models, which simply maintain physiological
metrics within a "healthy" range, provide the necessary reliability without the "black box" liability of neural networks
[26].

C. Open Challenges in Deterministic Design

Despite the clear advantages of lightweight strategies, significant challenges remain in their standardization. Unlike
the ML ecosystem, which benefits from massive frameworks like TensorFlow and PyTorch, [32] the ecosystem for
deterministic edge control is fragmented. There is currently no standard library for "Bio-Inspired Offloading" or
"Control-Theoretic Resource Management." This tooling gap forces researchers to implement these complex-yet-
lightweight models from scratch, often leading to poor reproducibility. Future work in this field must focus on
developing standardized "lightweight control primitives” which are reusable, modular logic blocks that allow
developers to deploy deterministic strategies as easily as they currently deploy neural networks [33] approach.

Table 1 provides an empirical justification for the different type of architectures mentioned above, illustrating the
distinct operational profiles of stochastic versus deterministic strategies. The comparison reveals a clear divsion in
suitability using the "Reflex-Planning" split approach. Learning-based approaches, such as Deep RL, incur high
energy overhead and latency jitter, effectively disqualifying them from the real-time reflex layer despite their planning
capabilities. In contrast, deterministic mechanisms, such as, spanning threshold heuristics, PID loops, and bio-inspired
models, offer the necessary guarantees of bounded execution time (0(1)) and complete traceability. This analysis
confirms that while heavy learning models are best utilized for long-term optimization in the cloud, the lightweight
deterministic strategies possess the stability and efficiency required for immediate, safety-critical control at the edge.

Conclusion

This review has critically examined the existing trend of edge resource management, arguing that the research
community's intense focus on complex Deep Learning and Reinforcement Learning models has created a fundamental
misalignment with the operational realities of edge hardware. While the theoretical appeal of autonomous, general-
purpose learning agents is undeniable for cloud-based optimization, our analysis demonstrates that these stochastic
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approaches often fail to meet the strict physical constraints of the edge. The comparative analysis highlighted in this
study reveals that the "intelligence" of a model cannot be decoupled from its operational cost. As summarized in the
supporting comparisons, learning-based strategies incur unacceptable penalties in terms of inference jitter, energy
consumption ("training tax"), and lack of traceability of decisions. For real time applications in industrial IoT,
autonomous mobility, and healthcare, these are not merely technical hurdles but disqualifying characteristics. In
contrast, lightweight deterministic strategies like threshold heuristics, PID control loops, and bio-inspired homeostatic
mechanisms are shown to provide the necessary bounded execution times (0(1)), minimal energy overhead, and
"correct-by-construction" transparency required for real-time safety. Ultimately, this paper advocates for a shift in
design philosophy away from the pursuit of unbounded generalization and toward the principle of sufficiency. The
future of robust edge architecture does not lie in forcing every node to be a learner, but rather in a stratified approach
that recognizes distinct operational planes. By reserving heavy, stochastic learning models for high-level planning in
the cloud and relying on rigorous, deterministic logic for immediate "reflex" actions at the edge, designers can achieve
systems that are both adaptive over the long term and inherently stable in real-time. The truly intelligent edge is one
that knows when to learn, and more importantly, when to simply follow the rules.
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