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Abstract

Data center optical networks are increasingly positioned as the low-latency substrate for
distributed computation, storage disaggregation, and artificial intelligence workloads. Yet
optical capacity alone does not guarantee predictable latency, because traffic scheduling must
reconcile bursty demand, circuit setup delays, wavelength contention, and heterogeneous
quality-of-service requirements. This paper examines artificial intelligence driven traffic
scheduling for low-latency data center optical networks from a system-level perspective. It
argues that scheduling intelligence should not be treated as a centralized optimizer inserted
above existing hardware, but as a cross-layer control function embedded in the optical,
electrical, and application planes. The discussion covers architectural foundations, including
optical circuit switching, wavelength switching, hybrid electrical-optical fabrics, and hollow-
core fiber interconnects. It then analyzes how reinforcement learning, predictive demand
modeling, and online optimization can reduce tail latency while respecting fairness,
robustness, and governance constraints. The paper also considers deployment realities,
sustainability pressures, and the economic trade-offs between overprovisioning and fine-
grained scheduling. Case illustrations compare intra-data center interconnects with wide-area
traffic engineering and elastic optical routing, showing that transferable design principles
include state abstraction, safety envelopes, and human oversight. The conclusion emphasizes
that low-latency optical scheduling is a socio-technical problem: its success depends not only
on algorithmic performance but also on observability, accountability, energy accounting, and
institutional mechanisms for resolving conflicting operational priorities.
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1. Introduction



Modern data centers have evolved from relatively static warehouses of servers into dynamic
computational infrastructures whose performance depends on rapid, predictable
communication among processors, memory, accelerators, and storage. The classical tree-
based electrical network provided a scalable model for early cloud workloads, but its energy
cost, cabling complexity, and bandwidth limitations became increasingly visible as east-west
traffic grew [1]. Optical interconnects offered a promising alternative by exploiting
wavelength division multiplexing and low-loss transmission, yet early optical architectures
often struggled to match the fine-grained flexibility of packet switching [2]. The resulting
design space is not a simple replacement of electrical links with optical links. It is a
scheduling problem in which the physical properties of light, the granularity of switching, and
the temporal structure of application demand interact.

Artificial intelligence has entered this space because traffic scheduling in optical data centers
is difficult to solve with static rules. Demand fluctuates across microseconds, milliseconds,
and seconds; workloads may require barrier synchronization, collective communication, or
bursty data transfers; and the cost of reconfiguration can be comparable to the latency saved.
Machine learning techniques have therefore been explored for optical performance
monitoring, impairment prediction, and resource assignment [3]. However, much of the
literature treats intelligence as a separate optimization layer rather than as an integral property
of the network architecture. This paper argues that AI-driven traffic scheduling for low-
latency optical networks must be understood as a cross-layer control problem that spans
application intent, transport protocols, electrical packet buffering, optical circuit setup, and
physical-layer constraints.

The urgency of this problem is practical. Low-latency interconnects are no longer only a
concern for high-performance computing. Cloud providers, financial services, machine
learning training clusters, and real-time analytics all depend on tail latency that is stable
enough for service-level agreements. Optical switching can reduce hop count and energy per
bit, but it can also introduce configuration delays, wavelength contention, and synchronization
overhead. Recent work on wavelength-switched and clock-synchronized intra-data center
interconnects illustrates how physical-layer innovation can reduce latency, but also how
tightly scheduling must be coupled with synchronization and switching hardware [5]. The
central question is therefore not whether AI can improve optical scheduling, but under what
architectural conditions, governance structures, and operational assumptions its improvements
are robust, fair, and sustainable.

2. Background and Related Work

Data center network research has long pursued scalability, bisection bandwidth, and cost
efficiency. The fat-tree architecture demonstrated that commodity switches could support
large-scale clusters through a regular topology, but it also established the electrical packet
switch as the default control point [1]. Hybrid electrical-optical designs such as Helios
showed that optical circuit switching could be layered onto electrical aggregation to handle
large flows, yet the control plane had to decide when a circuit was worth establishing [2].
Surveys of optical interconnects for data centers have since documented a wide range of
switching technologies, including micro-electro-mechanical systems, semiconductor optical
amplifiers, and arrayed waveguide gratings, each with different reconfiguration times and
scalability limits [3]. The OSA architecture further demonstrated that optical switching could
provide flexibility across racks, but also that scheduling complexity grows with the number of
ports and the diversity of traffic classes [4].



AI for networking has developed along parallel lines. Reinforcement learning has been
applied to resource management in data centers, where an agent learns to allocate compute or
network resources from experience rather than relying on hand-tuned heuristics [8]. AuTO
extended this idea to datacenter-scale traffic optimization, using deep reinforcement learning
to adjust flow scheduling and rate control in response to changing conditions [9]. Related
work on congestion control has framed the problem as sequential decision making under
uncertainty, where the agent must balance throughput, delay, and fairness [10]. Experience-
driven networking has similarly explored how agents can learn routing and resource
allocation policies from operational data [11]. These approaches draw on general advances in
deep reinforcement learning, including value-based methods that can approximate complex
control policies from high-dimensional state observations [12].

In optical communications, machine learning has been used for nonlinearity compensation,
modulation format recognition, failure prediction, and quality-of-transmission estimation [6].
The appeal is that optical systems produce large amounts of telemetry, and many physical-
layer relationships are difficult to model analytically under real-world conditions [7]. For data
center optical scheduling, however, the most relevant lessons are not merely about prediction
accuracy. They concern state representation, action space design, reward shaping, and the
safety of exploration. An optical scheduler that learns by reconfiguring live circuits may
improve average latency while causing rare but severe disruptions. The literature on elastic
optical networks has begun to address this through deep reinforcement learning for routing,
modulation, and spectrum assignment, but those methods often assume a centralized
controller with relatively complete state information [20]. In intra-data center networks, state
information is distributed, telemetry is sampled, and the cost of miscoordination is high.

The required low-latency interconnect study at reference position five is important because it
grounds the discussion in physical-layer feasibility. It shows that wavelength-switched and
clock-synchronized intra-data center interconnects can be enabled by hollow-core fiber,
reducing propagation delay and supporting tighter synchronization [5]. This does not solve
scheduling by itself. Instead, it raises the bar for scheduling intelligence: if the physical path
is faster, then control-plane delays, queueing, and reconfiguration overhead become
proportionally more significant. The remainder of this paper therefore treats AI scheduling as
a complement to optical hardware innovation, not as a substitute for it.

3. Architectural Foundations of AI-Driven Optical Scheduling

An AI-driven optical scheduler must operate within a layered architecture. At the physical
layer, wavelengths, ports, amplifiers, and fibers define the available resources. At the
switching layer, optical circuit switches, wavelength-selective switches, and hybrid electrical-
optical fabrics determine the granularity and reconfiguration time of connections [2]. At the
transport layer, protocols such as remote direct memory access, congestion control, and
collective communication libraries shape the traffic that reaches the optical fabric [10]. At the
application layer, job schedulers, storage systems, and machine learning frameworks express
priorities that may be implicit rather than explicit. A central challenge is that these layers
expose different notions of time. Physical-layer impairments evolve over microseconds,
optical switches reconfigure over nanoseconds to milliseconds depending on technology,
transport protocols react over round-trip times, and applications may tolerate delay only
within synchronization windows [18].

The placement of intelligence is therefore an architectural decision. A centralized scheduler
can maintain a global view of topology, demand, and policy, but it may become a scalability



bottleneck and a single point of failure. A distributed scheduler can react locally and survive
partial failures, but it may produce oscillations or unfair outcomes when multiple agents
compete for the same wavelengths. A hierarchical design may offer a middle path: local
agents handle fast, reversible decisions such as wavelength selection or queue management,
while a slower global agent handles topology adaptation, capacity reservation, and policy
enforcement. This division mirrors established ideas in traffic engineering, but optical
networks add a physical constraint that electrical networks do not have: once a circuit is
established, it may consume a dedicated wavelength even when idle, and rapid
reconfiguration can introduce transients that affect neighboring channels.

AI can contribute at each level, but the type of learning should match the timescale. For fast
decisions, lightweight predictive models or bandit algorithms may be more appropriate than
deep reinforcement learning, because exploration must be safe and sample efficiency is
critical. For slower decisions, reinforcement learning can learn to balance utilization, latency,
and energy over longer horizons [9]. Predictive models can forecast demand from job traces,
storage access patterns, or collective communication schedules, allowing the scheduler to pre-
provision circuits before contention occurs. Yet prediction is never perfect, and
overconfidence can lead to brittle policies. A robust architecture should therefore combine
learned components with explicit safety envelopes, fallback rules, and observable constraints
that prevent the scheduler from violating latency or fairness bounds.

4. Low-Latency Mechanisms and Cross-Layer Coordination

Low latency in optical data centers is not achieved by any single mechanism. It emerges from
the coordination of propagation delay, switching delay, queueing delay, and control-plane
delay. Hollow-core fiber can reduce propagation delay relative to conventional silica fiber,
and clock synchronization can reduce the uncertainty that forces conservative buffering [5].
Optical circuit switching can eliminate store-and-forward hops for large flows, but circuit
setup and tear-down add control overhead [18]. Microsecond circuit switching can reduce that
overhead, yet it requires tight integration with the electrical packet network and accurate
traffic classification [19]. AI scheduling can help by deciding which flows should use optical
circuits, when circuits should be reconfigured, and how much electrical buffering should be
reserved for latency-sensitive traffic.

A key trade-off is between proactive and reactive scheduling. Proactive scheduling uses
predictions to establish circuits before demand arrives, reducing waiting time but risking
wasted capacity if predictions are wrong. Reactive scheduling waits for demand signals,
reducing wasted capacity but potentially increasing tail latency. Reinforcement learning can
learn a policy that blends both modes according to workload phase, tenant priority, and
network condition [9]. However, the reward function must be designed carefully. If the
reward emphasizes average latency, the agent may neglect tail latency and fairness. If it
emphasizes utilization, the agent may delay small flows behind large transfers. If it
emphasizes energy, the agent may consolidate traffic in ways that create hotspots. Multi-
objective reinforcement learning and constrained optimization offer ways to encode these
concerns, but they also introduce governance questions about who defines the weights and
how trade-offs are audited [16].

Cross-layer coordination is also necessary for congestion control. An optical scheduler that
changes capacity without informing transport protocols can cause queue buildup or
underutilization. Conversely, a congestion control algorithm that reacts slowly to optical
reconfiguration can waste the low-latency benefit. Research on learning-based congestion



control suggests that agents can adapt to changing network conditions, but safety and fairness
remain difficult [10]. In optical data centers, the problem is compounded by the fact that
capacity may change in discrete steps and that some paths may be unidirectional or
asymmetric. A practical design may use explicit signaling between the optical control plane
and transport endpoints, or it may embed scheduling logic in the network interface card and
switch firmware. Either way, the AI component must be observable and interruptible.
Operators need to know why a circuit was established, which flows benefited, and whether
any tenant was disadvantaged.

5. Robustness, Fairness, and Governance

Robustness in AI-driven optical scheduling has at least three dimensions. The first is
resilience to failures: fiber cuts, switch malfunctions, amplifier degradation, and software
bugs can remove capacity suddenly. A learned policy trained on normal conditions may
behave poorly during rare events. The second is resilience to distribution shift: workloads
change, tenants change, and hardware ages. A policy that memorizes traffic patterns may fail
when a new application is deployed. The third is resilience to adversarial or strategic behavior:
tenants may attempt to game the scheduler by shaping traffic or misreporting requirements.
Robust design therefore requires redundancy, conservative fallback modes, continuous
monitoring, and periodic retraining with human oversight [15].

Fairness is equally important. In a multi-tenant data center, optical capacity is a shared
resource, and scheduling decisions distribute latency, bandwidth, and energy costs across
customers. An AI scheduler optimized for aggregate performance may systematically
disadvantage small tenants, delay-tolerant workloads, or applications with unpredictable
bursts. Fairness can be defined in multiple ways: equal access, proportional sharing, max-min
fairness, or priority based on contractual terms. The choice is not purely technical. It reflects
business models, regulatory expectations, and ethical commitments [16]. A governance
framework should therefore make fairness criteria explicit, auditable, and contestable. This
may involve publishing scheduling policies in summary form, providing tenants with
explanations for degraded performance, and establishing internal review processes for high-
impact changes. The critical algorithms literature reminds us that algorithms are not neutral
artifacts; they encode assumptions about value, order, and priority [17].

Governance also extends to safety and accountability. If an AI scheduler causes a service
outage, who is responsible? The model developer, the operator, the tenant, or the hardware
vendor? Clear responsibility allocation is difficult when control is distributed across cloud
providers, network equipment vendors, and application teams. A useful approach is to treat
the scheduler as a safety-critical control system with formal operating envelopes, fail-safe
defaults, and independent audit trails. Human operators should be able to override the
scheduler, and overrides should be logged and analyzed. Regulatory frameworks for AI
governance emphasize transparency, accountability, and human oversight, but they must be
adapted to the fast timescales and proprietary constraints of data center operations [15]. In
practice, this means that AI scheduling should be evaluated not only by latency and
throughput benchmarks but also by its behavior under stress, its treatment of different tenants,
and its ability to explain deviations from expected performance.

6. Deployment, Sustainability, and Economics

Deployment of AI-driven optical scheduling is constrained by economics and sustainability.
Data centers consume substantial electricity, and although efficiency improvements have



moderated growth, the expansion of artificial intelligence workloads has renewed concern
about energy use [13]. Optical interconnects can reduce energy per bit compared with
electrical links, but they also require lasers, amplifiers, cooling, and switching hardware.
Energy consumption is distributed across the network, and scheduling decisions can shift load
between paths, racks, and even geographic regions [14]. An AI scheduler that minimizes
latency may increase energy use by keeping circuits active or by spreading traffic across long
paths. Conversely, an energy-minimizing scheduler may increase latency beyond service-
level objectives. Sustainable design requires multi-objective optimization that accounts for
carbon intensity, renewable availability, and embodied emissions, not just operational power.

The economics of deployment also matter. Retrofitting optical switching into an existing data
center is expensive, and the business case depends on workload mix, scale, and expected
lifetime. Hyperscale operators may justify custom optical fabrics, while smaller enterprises
may rely on commercial switches with limited programmability. AI scheduling can lower the
operational cost of optical networks by improving utilization and reducing overprovisioning,
but it also adds complexity, training costs, and skilled labor requirements. There is a risk that
AI-driven optimization concentrates power in the hands of a few large providers that can
afford the data, talent, and infrastructure. Policy interventions such as open interfaces,
standardized telemetry, and interoperability requirements could reduce lock-in and enable
smaller operators to benefit from scheduling intelligence. At the same time, regulators must
be careful not to freeze innovation or impose one-size-fits-all rules on a rapidly changing
technical field.

A further economic consideration is the relationship between scheduling and service-level
agreements. If AI scheduling improves average latency but increases variance, tenants may
still perceive the service as unreliable. Contracts may need to specify tail latency, jitter, and
fairness guarantees rather than only mean performance. This creates a demand for
measurement and verification. Third-party auditors could evaluate scheduler behavior under
representative workloads, and standardized benchmarks could compare different AI
approaches. Such mechanisms would also help operators avoid overclaiming the benefits of
AI. The value of AI scheduling lies not in replacing human judgment but in extending the
range of conditions under which the network can meet competing objectives.

7. Case Illustrations and Cross-Domain Comparisons

Intra-data center optical scheduling can be compared with wide-area traffic engineering. In
wide-area networks, traffic engineering often operates on timescales of minutes to hours,
using centralized optimization and measured demand matrices. In optical data centers, the
timescale is much shorter, and the cost of reconfiguration is higher relative to flow duration.
AI methods developed for wide-area routing may not transfer directly because they assume
stable topology and abundant state information. However, the idea of hierarchical control,
where fast local decisions are coordinated by slower global policies, is transferable. Similarly,
elastic optical networks use routing, modulation, and spectrum assignment to adapt capacity
to demand, and deep reinforcement learning has been applied to these problems [20]. Intra-
data center networks can learn from this work, but they must also handle stricter latency
bounds and more dynamic traffic.

Another comparison is with energy-aware scheduling in cloud computing. Cloud schedulers
place virtual machines and containers to balance performance and power, often using
prediction and optimization. Optical scheduling adds a network dimension: placing workloads
may affect which optical paths are used and how much reconfiguration is required. Joint



optimization of compute and network scheduling is therefore attractive but difficult because it
requires coordination across administrative domains and timescales. A machine learning
agent could learn joint policies, but the action space becomes enormous, and safety
constraints multiply. A more practical approach may be to expose network state to the
compute scheduler through application programming interfaces and to let each layer optimize
within its own domain, with feedback loops that prevent conflicting decisions.

Cross-domain lessons also come from safety-critical systems such as aviation and power grids.
In these domains, automation is accepted only when it is transparent, bounded, and subject to
human oversight. AI scheduling for optical networks is not yet safety-critical in the same
sense, but as data centers become infrastructure for finance, healthcare, transportation, and
public services, the consequences of failure grow. The governance literature on algorithmic
accountability provides useful guidance: document training data, test for bias, monitor
performance in deployment, and provide channels for appeal [16]. The critical algorithm
studies literature adds that governance must consider power and context, not only technical
metrics [17]. For optical scheduling, this means asking who benefits from lower latency, who
bears the cost of reconfiguration, and how conflicts between tenants are resolved. These
questions cannot be answered by reinforcement learning alone.

8. Research Challenges and Forward Perspectives

Several research challenges remain. First, state representation is difficult. Optical networks
produce telemetry from many devices, but the most useful information for scheduling may be
latent: impending incast, synchronization barriers, or failures that have not yet manifested. AI
models must learn representations that generalize across workloads and hardware generations.
Second, action spaces are large and constrained. Reconfiguring an optical circuit affects
multiple wavelengths and ports, and some actions are irreversible for a period. Safe
reinforcement learning, constrained policy optimization, and model-based control are
promising directions, but they require rigorous validation. Third, evaluation is hard.
Simulation can test many scenarios, but it may not capture physical-layer effects, software
bugs, or tenant behavior. Testbeds and emulation environments are needed, along with
benchmarks that measure tail latency, fairness, and energy.

Fourth, multi-agent coordination is underexplored. In a large data center, multiple controllers
may manage different pods, tenants, or layers. If each uses a learned policy, their interactions
can produce emergent behavior that is difficult to predict. Mechanism design, game theory,
and federated learning may offer tools, but they must account for the physical constraints of
optical switching. Fifth, sustainability metrics must be integrated into scheduling objectives.
Carbon-aware scheduling is well developed for compute, but carbon-aware optical routing is
less mature. It requires information about energy sources, network topology, and the
embodied emissions of hardware. Sixth, policy and governance frameworks must keep pace.
Standards for telemetry, explainability, and auditability could reduce risk and build trust.
International cooperation may be needed because data center supply chains and cloud services
cross borders.

Forward-looking perspectives suggest that the most successful systems will not be fully
autonomous. They will be human-machine systems in which AI handles high-dimensional,
fast-moving optimization while humans set objectives, define constraints, and intervene in
exceptional cases. The optical layer will become more programmable, with open interfaces
and standardized abstractions that allow scheduling algorithms to be ported across vendors.
Hollow-core fiber and advanced switching technologies will reduce physical latency, making



control-plane efficiency even more important [5]. In this environment, the competitive
advantage of a data center may depend less on raw bandwidth than on the intelligence and
governance of its scheduling layer. The challenge is to design that layer so that it is fast
enough for microsecond-scale decisions, fair enough for multi-tenant operation, robust
enough for critical services, and transparent enough for public accountability.

9. Conclusion

AI-driven traffic scheduling for low-latency data center optical networks is a system-level
problem that cannot be reduced to a single algorithm or hardware component. Optical
interconnects promise lower propagation delay, higher bandwidth, and improved energy
efficiency, but they also introduce reconfiguration overhead, wavelength contention, and
synchronization requirements. Artificial intelligence can help by predicting demand,
coordinating cross-layer decisions, and adapting to changing conditions. However, the value
of AI depends on architectural choices about where intelligence resides, how state is
represented, how actions are constrained, and how performance is measured. Centralized,
distributed, and hierarchical designs each have trade-offs, and no single approach is likely to
dominate across all deployment scales.

The paper has argued that robustness, fairness, governance, sustainability, and economics are
not secondary concerns. They shape the feasible design space. A scheduler that optimizes
average latency while ignoring tail latency may fail service-level agreements. A scheduler
that ignores fairness may disadvantage smaller tenants. A scheduler that ignores energy may
undermine sustainability goals. A scheduler that lacks transparency may be difficult to audit
or trust. These issues require interdisciplinary collaboration among computer scientists,
optical engineers, economists, policy scholars, and ethicists. The technical community can
contribute by developing safe learning methods, open benchmarks, and standard telemetry.
Policymakers can contribute by supporting interoperability, accountability, and research on
sustainable infrastructure. Operators can contribute by documenting decisions, testing under
stress, and involving human experts in oversight.

Ultimately, low-latency optical data centers will be judged not only by how fast they move
bits but by how well they allocate a shared, costly, and environmentally significant resource.
AI scheduling is a powerful tool, but it is not a substitute for clear objectives, sound
architecture, and legitimate governance. The next generation of optical networks should
therefore be designed with intelligence embedded in a framework of constraints, not as an
unconstrained optimizer. That framework must be capable of learning from experience while
remaining accountable to the people and institutions that depend on the network.
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