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This document is a partially modeled operational-analysis sample report. It is designed to demonstrate
the AVA-Stabilis methodology and does not represent an audited customer deployment or a peer-
reviewed scientific validation.

Al / ML TRAINING WORKLOADS

GPU Cluster Operational Synchronization Validation

Area Under Investigation

Al / ML Training Infrastructure
GPU-Based Distributed Training Environment

Pilot Type



Observer-Only Operational Analysis
Synchronization & Coherence Validation Pilot

Investigation Focus

Compute—Data—Energy Layer Synchronization
Training Workload Stability & Operational Dynamics

Environment Type
e Multi-node GPU Cluster
e Distributed Al/ML Training Environment
e High-Throughput Storage Architecture
e Low-Latency Fabric Interconnect
e Long-Running Training Workloads

e Mixed Compute Density Environment

Investigation Status

@ Observer-Only

@ Read-Only Access

@ No Runtime System Intervention

@ No Production Workflow Modification
@ Aggregated Operational Analysis

Confidentiality Level
CONFIDENTIAL — ANONYMIZED VALIDATION MATERIAL
All partner-specific and infrastructure-specific identifiers have been anonymized.

This document has been prepared exclusively for operational validation and demonstration purposes.

Investigation Period

6-week structured operational observation period
+ 3-week controlled validation phase



Operational Layers Under Investigation
e GPU Compute Layer
e Data Pipeline Layer
e Training Orchestration Layer
e Checkpoint & Recovery Layer
e Scheduling & Allocation Layer

e Energy & Cooling Dynamics

Pilot Objective

The objective of the pilot was to validate that the performance of large-scale Al/ML training systems is
determined not only by available GPU capacity, but also by the quality of synchronization between
compute, data flow, and operational dynamics.

The investigation focused on identifying:
e hidden operational losses,
e GPU idle resonances,
e training wave propagation patterns,
e pipeline desynchronization,
e checkpoint fragmentation,

e and non-productive energy consumption.

Methodological Framework

The AVA-Stabilis observer-only operational analysis methodology is:
e not based on system redesign,
e not based on Al model modification,
e and not based on infrastructure expansion,

but rather on:

identifying and validating operational synchronization patterns.

Core Investigation Principle



“The performance of Al/ML training systems is not determined by GPU capacity alone,
but by how effectively compute, data, and energy layers are synchronized.”
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2. EXECUTIVE SUMMARY

Pilot Objective

The objective of the pilot was to analyze the operational dynamics of a large-scale Al / ML training
infrastructure, with particular focus on the synchronization between:

e the GPU compute layer,

e the data pipeline,

o workload scheduling,

e and energy and cooling dynamics.

The investigation was conducted under an observer-only, read-only model, without direct system
intervention.

Investigation Period
e Structured operational observation: 6 weeks

e Controlled validation phase: 3 weeks

Initial Operational Problem

The cluster operated under high nominal utilization, however the analysis identified significant levels of:



e non-productive compute time,

e hidden GPU idle periods,

e pipeline waiting waves,

e and energy-efficiency distortions.

From the outside, the system appeared heavily loaded and close to optimal utilization.
However, the actual effective compute performance remained significantly below nominal capacity.

Key Operational Findings
e Compute—Data Pipeline Desynchronization

A temporal mismatch emerged between the GPU compute layer and the data loading / preprocessing
processes, resulting in periodic GPU starvation waves.

¢ Hidden Non-Productive Compute

A significant portion of the cluster operated in a formally allocated state, while actual training output
remained disproportionately low.

¢ Wave-Like Latency Propagation

Minor storage or network delays amplified over long training cycles and generated global throughput
distortions.

® Checkpoint-Induced Fragmentation

The timing of checkpointing operations introduced periodic operational interruptions and workload
fragmentation across the cluster.

¢ Energy—-Compute Synchronization Loss

A significant portion of energy consumption and cooling peaks did not align with productive training
periods, resulting in hidden operational energy loss.

Key Validated Results



Metric Validated Change
Effective GPU Utilization  +12% —+20%
Data Pipeline Waiting Time -25% —-40%
Training Throughput +10% — +18%
Restart / Interruption Rate -15% —-25%
Energy per Training Cycle -10% —-16%

SLA Adherence +8% — +14%

Strategic Significance

The validation confirmed that the system’s primary limitation was not GPU capacity itself, but the lack of
synchronization between compute, data flow, and operational dynamics.

The improvements were achieved:
e without infrastructure expansion,
e without adding new GPU nodes,

e and purely through operational coordination fine-tuning.

Key Conclusion

The performance of large-scale Al / ML training systems is determined not only by compute capacity
itself,

but by how effectively the compute, data, and energy layers operate in synchronization with one
another.

3. BASELINE OPERATING STATE

Baseline Operational Environment

At the beginning of the investigation, the GPU cluster appeared externally as a highly utilized and heavily
loaded Al / ML training infrastructure.

Based on standard monitoring systems, the cluster appeared stable and appropriately scaled.
However, the detailed observer-only operational analysis identified significant:

e hidden compute losses,



e pipeline synchronization drift,
e temporal fragmentation,

¢ and non-productive energy consumption patterns.

Primary Baseline Metrics

Metric Baseline Value
GPU utilization (avg) ~68%

Effective GPU utilization ~55-60%

Data pipeline wait ratio ~22-30%
Restart / interruption rate ~9.8%
Training throughput variance High

Energy consumption profile High, spiky

SLA adherence ~78%

Baseline Interpretation

GPU Utilization vs Effective Utilization Paradox

The cluster operated with high nominal GPU utilization, however the actual productive compute time
remained significantly lower.

This indicated that:
e GPU nodes were formally active,
e but a substantial portion of training cycles consisted of waiting periods,
e data pipeline delays,
e or synchronization distortions.

Consequence:
High apparent workload,
low effective output.

Data Pipeline Wait Dominance



A significant portion of training workloads spent time waiting for:
e dataloading,
e preprocessing operations,
e orstorage/network response times.
These waiting periods propagated:
e not locally,
e butin wave-like patterns,

e across multiple node groups.

Consequence:
Time-amplified compute loss.

Restart / Interruption Fragmentation
For long-running training workloads:

e checkpointing,

e restart cycles,

e and workload resynchronization processes
introduced substantial temporal fragmentation.
Restart events were:

e notisolated failures,

e but generators of cluster-wide operational resonance effects.

Consequence:
Non-linear throughput fluctuation.

Throughput Variance Instability
Training throughput demonstrated:

e not a stable performance curve,

e but wave-like oscillatory behavior.
Minor:

e storage delays,



e network latency,
e or queue mismatches
generated disproportionately large training variance.

Consequence:
Unstable training dynamics.

Energy Spike Behavior

A significant portion of energy consumption patterns were associated not with productive training
phases, but with synchronization mismatch periods.

Cooling and energy response dynamics frequently reacted with delay to actual compute conditions,
causing the cluster’s energy usage to periodically exceed real productive demand.

Consequence:
Hidden non-productive energy consumption.

SLA Adherence Tension
The cluster formally satisfied SLA metrics in most cases.
However:
e training completion times,
e workload consistency,
e and throughput stability
showed significant operational variance.
The system:
e functioned technically,

e but operated in an operationally unstable state.

Primary Baseline Operational Tension

The investigation concluded that the cluster’s primary operational issue was not capacity shortage, but
rather:

e compute—data pipeline desynchronization,

e temporal workload fragmentation,



o and wave-like operational instability.
The system:
e appeared heavily utilized,

e while simultaneously carrying substantial hidden idle and non-productive operational behavior.

Strategic Baseline Interpretation

The primary limitation of the investigated Al / ML training infrastructure was not available GPU capacity
itself,
but the coordination and synchronization loss between compute, data flow, and operational dynamics.

4. OPERATIONAL PATTERN ANALYSIS

During the investigation, multiple interconnected structural patterns emerged within the system’s
operation.

These patterns were not isolated failures, but rather:
e temporally connected,
e spatially distributed,
e and operationally interdependent dynamic phenomena.

The most important finding was that the cluster’s instability did not originate from a single component,
but from:

synchronization loss between compute, data flow, timing, and energy layers.

4.1. COMPUTE-DATA PIPELINE DESYNCHRONIZATION
Observed Phenomenon
The GPU compute layer and the data pipeline periodically operated at different rhythms.
During training workloads:
e GPU nodes frequently remained in compute-ready waiting states,
e while data loading and preprocessing processes arrived with delay.
Externally, the system appeared:
e highly utilized,
e and continuously active,

however a substantial portion of actual training cycles consisted of:



e implicit waiting,
e pipeline idle periods,

e and partial compute starvation states.

Operational Chain

Storage / preprocessing delay

-> data availability mismatch

- GPU wait state

-> partial compute starvation

-> training cycle elongation

-> cluster-wide synchronization drift

Consequence
¢ high nominal GPU utilization,
¢ |ow effective compute output,
e throughput instability,
e and time-amplified loss.
Minor data pipeline deviations:
¢ did not remain localized,

e but resonated across multiple training workloads.

Interpretation
This was not an infrastructure shortage problem, but rather:
operational synchronization loss.
The cluster had sufficient compute capacity, however:
e compute execution,
e dataloading,
e and workload timing

did not operate within the same operational rhythm.



4.2. GPU STARVATION WAVE PROPAGATION
Observed Phenomenon
GPU starvation events did not appear as isolated node-level problems, but instead:
propagated through the cluster in wave-like patterns.
Minor:
e storage response delays,
e preprocessing latency,
e or queue mismatches

generated training stall waves that spread across multiple workload groups.

Operational Chain

Minor delay

-> localized starvation

-> scheduler rebalancing

- downstream workload drift

-> cluster synchronization instability
-> wave propagation

Consequence
e throughput oscillation,
e workload drift,
e node-group fragmentation,
e and hidden idle capacity.
The system:
e did not fail at a single point,

e but behaved as a dynamic wave field.

Interpretation
The phenomenon demonstrated that:

the cluster was not a collection of isolated components,



but rather:
a dynamically coupled operational field.
Local deviations:

o amplified over time,

¢ and evolved into global operational instability.

4.3. LATENCY CASCADE PROPAGATION
Observed Phenomenon
Minor storage or network delays generated disproportionately large training performance distortions.
The delays amplified:
e not linearly,

e but through iterative training cycles.

Operational Chain

Minor storage latency

-> delayed batch delivery

-> GPU synchronization delay

-> training iteration drift

-> checkpoint offset

-> global throughput degradation

Consequence
e elongated training cycles,
e throughput variance,
e SLA instability,

e and cluster-wide temporal desynchronization.

Interpretation
The system behaved:

e not as a static pipeline,



e but as a time-dependent resonant system.
The delays were:

e notsimple response-time issues,
but rather:

temporal wave-generation mechanisms.

4.4. CHECKPOINT FRAGMENTATION
Observed Phenomenon
Checkpointing processes introduced periodic operational disruptions within training workloads.
Checkpoint operations:
e were not aligned with the cluster’s current operational state,

e causing substantial workload resynchronization fragmentation.

Operational Chain

Checkpoint execution

-> temporary workload suspension
-> scheduler drift

-> delayed workload resume

-> synchronization mismatch

-> fragmented compute cycles

Consequence
e elongated training duration,
e throughput drift,
e and workload fragmentation.
Restart and resume processes caused:
e notonly local delays,

e but cluster-wide temporal distortion.

Interpretation

Checkpointing itself:



e was not faulty behavior,
but rather:

a poorly synchronized operational event.
The system became unstable:
e not because checkpoints existed,

e but because of their timing resonance effects.

4.5. HIDDEN GPU CAPACITY LOSS
Observed Phenomenon

The cluster allocated substantial GPU capacity, however the actual compute output did not follow the
allocated resource volume.

Workloads:
e occupied large GPU blocks,

e while effective compute activity fluctuated heavily.

Operational Chain

Large-scale allocation

-> fluctuating compute intensity
-> partial idle occupancy

-> hidden unused capacity

-> cluster-wide efficiency loss

Consequence
¢ hidden idle nodes,
e fragmented GPU occupancy,

e and significant Hidden Capacity Loss.

Interpretation
The cluster was simultaneously:

e overloaded
AND



e underutilized.
This paradox clearly indicated that:
the system was not capacity-limited,

but coordination-limited.

4.6. ENERGY-COMPUTE MISMATCH
Observed Phenomenon

A significant portion of energy consumption and cooling peaks did not align with productive training
periods.

Cooling and energy response dynamics:
o followed actual compute conditions with delay,

e causing periodic overshooting of real compute demand.

Operational Chain

Compute fluctuation

-> delayed cooling response

-> energy spike amplification

-> non-productive consumption
-> operational energy resonance

Consequence
e non-productive energy consumption,
e cooling oscillation,

e and periodic energy-efficiency distortion.

Interpretation
The energy-consumption issue was:

e not a hardware-efficiency problem,
but rather:

an operational synchronization problem.

The cluster operated inefficiently:



e not because of insufficient energy,

e but because energy, compute, and workload layers reacted to one another at different
operational rhythms.

4.7. OVERALL STRUCTURAL INTERPRETATION
The investigation concluded that the cluster’s primary operational problem was not:
e GPU shortage,
e storage shortage,
e orinfrastructure limitation.
The system’s primary limitation was:
structural synchronization loss between compute, data flow, workload timing, and energy layers.

Externally, the cluster appeared to be a high-performance infrastructure, while internally it operated
with:

e wave-like operational distortions,

e and resonant instability patterns.

Key Finding

In the investigated Al / ML training infrastructure, the primary source of performance loss was not
insufficient compute capacity,
but temporal and structural desynchronization between operational layers.

5. OPERATIONAL TOPOLOGY & WAVE ANALYSIS

During the investigation, the cluster behaved not as a collection of isolated compute nodes, but rather
as:

a dynamically coupled operational field.
The analysis revealed that:

e training workloads,

e data flows,

e scheduling cycles,

e and energy and cooling responses

did not operate according to linear pipeline logic, but instead formed:



wave propagation and resonance patterns.
This behavior was not directly visible in:

e standard monitoring systems,

e traditional performance dashboards,

e orisolated KPI analyses.

5.1. TRAINING WAVE PROPAGATION
Observed Phenomenon
Training workloads did not operate as independent processes, but instead formed:
a temporally interconnected wave field.
Workload pressure patterns periodically:
e synchronized,
e then drifted apart,
due to the interaction of:
e scheduler reactions,
e data availability,
e checkpointing,

e and resource allocation events.

Wave Propagation Dynamics

Localized workload pressure

-> scheduler redistribution

- downstream GPU timing drift

-> synchronized delay propagation

-> cluster-wide throughput oscillation

Observed Impact
Minor local distortions:
e resonated across multiple node groups,

e and gradually evolved into global training instability.



The cluster operated:
e not as a static infrastructure,

e but as a dynamic wave field.

Structural Significance
Training instability was:

e not the failure of a single component,
but rather:

a temporally propagating operational wave phenomenon.

5.2. DATA PIPELINE TOPOLOGY
Observed Phenomenon
The data pipeline did not behave as a linear data stream, but instead as:
a topologically coupled distributed structure.
The:

e storage,

e preprocessing,

e cache,

e and delivery layers
operated:

e on different timescales,

e and with different response rhythms.

Topological Distortions

Storage node imbalance

-> uneven batch availability
-> asynchronous training feed
- compute fragmentation

- cluster synchronization loss



Observed Impact
The pipeline:
e did not serve the compute layer uniformly,
e but generated localized congestion zones.
This resulted in:
e periodic GPU starvation,
e throughput drift,

e and training desynchronization.

Structural Significance
The data pipeline was:

e not merely an I/0O layer,
but rather:

one of the cluster’s primary operational rhythm generators.

5.3. COMPUTE SYNCHRONIZATION MAP
Observed Phenomenon
Compute nodes operated:

e not within a unified rhythm,

e but across different operational phases.
Training workloads:

e partially synchronized,

e and partially shifted in time.

Synchronization Dynamics

Compute demand fluctuation

- scheduler adaptation lag

- node timing divergence

- asynchronous compute cycles
-> operational drift accumulation



Observed Impact
The cluster remained:
o formally highly utilized,
while simultaneously:
e the operational rhythm between node groups gradually disintegrated.
This generated:
e throughput variance,
e hidden idle periods,

e and workload fragmentation.

Structural Significance
The cluster’s primary operational issue was:

e not compute performance itself,
but rather:

temporal misalignment between compute cycles.

5.4. GPU CLUSTER RESONANCE ZONES

Observed Phenomenon

Certain node groups within the cluster periodically became:
e overloaded,
e then underutilized.

Workload allocation:

e was not evenly distributed,
but instead formed:

resonant load zones.

Resonance Dynamics

Workload clustering
- synchronized peak demand



- localized thermal/load amplification
-> scheduler overreaction
- oscillating utilization zones

Observed Impact

The cluster exhibited:
e recurring hotspot regions,
e periodic load spikes,

e and wave-like compute oscillations.

Structural Significance
The cluster behaved:

e notas a homogeneous compute space,
but rather:

as a resonant operational field.

5.5. HIDDEN IDLE TOPOLOGY

Observed Phenomenon

A significant portion of the cluster operated in a state that was:
o formally active,
o yet effectively partially idle.

Hidden idle periods were:

e notsimple idle gaps,
but rather:

structurally distributed hidden capacity-loss patterns.

Hidden Idle Dynamics

Allocation persistence

-> partial compute inactivity
- fragmented utilization

- hidden occupancy distortion
-> non-visible capacity loss



Observed Impact
The cluster simultaneously exhibited:

e high allocation levels,
AND

e substantial hidden underutilization.

e distorted standard utilization metrics,

e and concealed actual operational losses.

Structural Significance
Hidden Capacity Loss was:

e not an infrastructure shortage problem,
but rather:

a topological coordination issue.

5.6. CHECKPOINT SHOCKWAVE MODEL
Observed Phenomenon
Checkpoint events behaved:
e not as local workload operations,
e but as cluster-wide temporal distortion waves.
Checkpointing generated:
e periodic scheduler drift,
e 1/0 pressure waves,

e and training desynchronization.

Shockwave Dynamics

Checkpoint trigger
- temporary workload freeze
-> synchronized I/O pressure



- delayed resume distribution
-> cluster timing shockwave

Observed Impact
Checkpointing periods generated:

e throughput drops,

e compute drift,

e and temporal fragmentation.
The impact appeared:

e notimmediately,

e but as delayed waves propagating through different parts of the cluster.

Structural Significance
Checkpointing functioned:

e not merely as a save operation,
but rather:

as a cluster-wide temporal dynamics event.

5.7. OVERALL TOPOLOGICAL INTERPRETATION

The investigation concluded that the GPU cluster behaved:
e not as a linear compute infrastructure,
e butas:

a multi-layer resonant operational network.

The primary instabilities emerged:

e not within isolated components,
but within the interactions between:

e timing layers,
e workload waves,
e scheduler reactions,

e and data pipeline topology.



Key Finding

The operation of the investigated Al / ML training cluster was determined not only by compute
performance,
but by temporally propagating synchronization waves and topological resonance dynamics.

6. HIDDEN OPERATIONAL LOSSES

One of the most important findings of the investigation was that a significant portion of the cluster’s
operational losses:

e did not appear as direct failures,

e were not visible in standard monitoring systems,

e and did not manifest as explicit infrastructure limitations.
The losses appeared as:

e distributed,

e temporally stretched,

e and mutually reinforcing operational distortions.
Externally, the cluster appeared to be:

e highly utilized,

e and operationally stable,
while internally:

a substantial amount of non-productive operational noise was present beneath the surface.

6.1. NON-PRODUCTIVE GPU OCCUPANCY
Observed Phenomenon
A significant portion of GPU nodes were:
o formally allocated,
e scheduler-level active,
e and appeared utilized from a monitoring perspective,
however:
e actual training output,

e compute intensity,



e and productive workload time

remained significantly below nominal occupancy levels.

Operational Chain

Persistent allocation

-> partial inactivity

- compute underutilization

-> hidden occupancy distortion
- effective performance loss

Consequence
e hidden idle periods,
e distorted GPU utilization metrics,

e and significant effective compute loss.

Executive Interpretation
The cluster appeared:
e heavily loaded,
while simultaneously:
substantial compute capacity operated in non-productive states.
The primary loss originated:
e not from hardware shortage,

e but from coordination and timing distortions.

6.2. RETRY AMPLIFICATION
Observed Phenomenon

Minor workload interruptions, pipeline delays, and synchronization mismatch events generated
repeated retry cycles.

Retry operations:

e did not reduce instability,
but instead:



generated additional load waves.

Operational Chain

Minor interruption

- retry initiation

- temporary load increase

- downstream congestion

-> additional retries

—> amplified operational instability

Consequence
e increased scheduler load,
e throughput instability,

e and self-reinforcing workload waves.

Executive Interpretation
The system:

e did not merely react to the original issue,
but instead:

began reproducing the consequences of its own reactions.
This behavior generated:
e hidden capacity loss,

e and non-linear performance degradation.

6.3. PIPELINE RESONANCE
Observed Phenomenon
Recurring resonance patterns emerged between the data pipeline and training workloads.
Minor:
e storage delays,
e preprocessing variations,

e and queue mismatches



periodically synchronized and:

amplified each other’s operational effects.

Operational Chain

Pipeline fluctuation

-> synchronized workload drift
-> repeated delay reinforcement
-> operational resonance

-> throughput degradation

Consequence
e wave-like training instability,
e throughput oscillation,

e and time-amplified pipeline distortion.

Executive Interpretation
The cluster behaved:

e not as a system of isolated components,
but rather:

as a resonant operational field.
The losses originated:

e not from a single failure,
but from:

the synchronization of multiple smaller deviations.

6.4. FRAGMENTED WORKLOAD TIMING
Observed Phenomenon
Training workloads operated:

e with different timing patterns,

e under different synchronization states,

e and through periodic resynchronization cycles.



Workloads formed:

e not continuous compute flow,
but rather:

temporally fragmented operational patterns.

Operational Chain

Scheduling drift

-> asynchronous workload phases

-> checkpoint offset

- fragmented execution timing

—> operational instability accumulation

Consequence
e throughput drift,
e compute idle periods,

e andincreased scheduler noise.

Executive Interpretation
The cluster operated:

e notaccording to a single operational rhythm,
but rather:

across multiple partially conflicting temporal layers.
This generated:
e hidden operational noise,

e and non-productive compute time.

6.5. COOLING MISALIGNMENT
Observed Phenomenon
Cooling system reactions aligned:
e not with actual productive compute states,

e but with delayed load patterns.



Cooling responses frequently arrived:
e after the actual compute peak,

e producing periodic overcooling and overreaction cycles.

Operational Chain

Compute fluctuation

-> delayed thermal response
- cooling overcompensation
- energy spike amplification
-> operational inefficiency

Consequence
e cooling oscillation,
e periodic energy spikes,

e and non-productive energy consumption.

Executive Interpretation
The issue was:

e not the lack of cooling infrastructure,
but rather:

differing temporal response dynamics between compute and thermal layers.

6.6. HIDDEN ENERGY LOSS
Observed Phenomenon
A significant portion of energy consumption was linked:

e not to productive training compute,
but to:

e idle periods,
e synchronization drift,
e pipeline waiting states,

e and cooling overshoot cycles.



Operational Chain

Operational mismatch

- fragmented compute cycles

- non-productive energy draw

-> cooling amplification

- hidden energy loss accumulation

Consequence
e high energy consumption,
o distorted energy-efficiency profiles,

e and hidden operational energy waste.

Executive Interpretation
The energy loss was:

e not merely an infrastructure-efficiency issue,
but rather:

an operational coordination loss.
The system consumed energy:

e not at the same time,

e notinthe same place,

e and not within the same operational rhythm
as productive compute execution occurred.

6.7. OVERALL LOSS INTERPRETATION

The investigation concluded that a substantial portion of the cluster’s operational losses originated:
e not from direct failures,
e not from infrastructure limits,
e and not from hardware shortage.

The primary source of loss was:

synchronization loss between compute, data flow, workload timing, and energy layers.



Externally, the cluster appeared to be a high-performance infrastructure, while internally:

substantial hidden non-productive operational noise existed beneath the surface.

Key Finding

In the investigated Al / ML training infrastructure, a significant portion of performance loss originated
not from direct compute limitations,
but from hidden operational coordination distortions and non-productive operational resonance effects.

7. MODEL-BASED OPERATIONAL ADJUSTMENTS
The adjustments applied during the validation phase were:
e not based on infrastructure replacement,
e not based on system redesign,
e and not based on Al model modification.
During the pilot:
only operational coordination and synchronization fine-tuning was performed.
The objective of the interventions was not to rebuild the system, but rather:

to improve operational alignment between the existing compute, data, and workload layers.

7.1. SYNCHRONIZATION LAYER INTRODUCTION
Adjustment
During validation, an operational synchronization layer was defined between:
e compute execution,
e the data pipeline,
e scheduler dynamics,
e and workload timing cycles.
The focus was:

e not new infrastructure,
but rather:

operational rhythm alignment.

Objective



To reduce:
e temporal drift,
e scheduler mismatch,
e and GPU starvation waves

emerging within the cluster.

Expected Operational Impact
e more stable workload rhythms,
¢ reduced compute idle periods,

e and lower throughput variance.

Structural Significance

The validation confirmed that:

the cluster’s primary issue was not compute shortage,
but rather:

operational coordination synchronization loss.

7.2. TIMING ALIGNMENT
Adjustment
The operational timing of:
e data availability,
e checkpointing,
e and scheduler cycles
was realigned across training workloads.
The objective was:

reducing temporal mismatch between differing operational rhythms.

Objective

e reducing GPU starvation periods,



e mitigating training drift,

e and stabilizing pipeline waiting waves.

Expected Operational Impact
e shorter waiting cycles,
e smoother training throughput,

e and reduced scheduler noise.

Structural Significance

The validation demonstrated that:

even small timing deviations generated disproportionately large cluster-wide instability.
Timing alignment produced:

e not acceleration itself,
but rather:

operational coherence.

7.3. WORKLOAD SEGMENTATION
Adjustment
Workloads were segmented into:

e compute-heavy,

e data-heavy,

e and mixed-intensity categories.
The objective was:

reducing mutually reinforcing pipeline and scheduler interference patterns.

Objective
e reducing resonant workload congestion,
e mitigating throughput drift,

e and stabilizing hidden idle zones.



Expected Operational Impact
e lower cluster-wide oscillation,
e more balanced resource distribution,

e andimproved effective GPU utilization.

Structural Significance
The cluster behaved:

e notas a homogeneous workload space,
but rather:

as a wave field with differing operational characteristics.
Workload segmentation resulted:

e notinisolation,
butin:

operational interference reduction.

7.4. WAVE-BASED SCHEDULING
Adjustment
Scheduler logic was tuned:

e not exclusively to current events,
but rather:

to workload wave propagation patterns.
During validation:

e local workload spikes,

e pipeline drift,

e and checkpoint wave patterns

were incorporated into operational scheduling behavior.

Objective

e reducing downstream instability,



e mitigating scheduler overreaction,

e and dampening cluster-wide wave propagation.

Expected Operational Impact
e |lower throughput oscillation,
e faster stabilization,

e and improved cluster coherence.

Structural Significance
The cluster operated:

e notas an isolated queue system,
but rather:

as a dynamic wave field.
Wave-based scheduling managed:

e not workload quantity itself,
but:

wave propagation dynamics.

7.5. PREDICTIVE COHERENCE BALANCING
Adjustment
During validation, predictive operational patterns of:
e workload rhythm,
e pipeline response timing,
e and scheduler drift
were continuously monitored.
The objective was:

early detection of synchronization-loss points.

Objective



e preventing workload drift,
e reducing pipeline resonance,

e and suppressing throughput instability at an early stage.

Expected Operational Impact
e |ower cluster drift,
e reduced retry amplification,

e and more stable training cycles.

Structural Significance
The system:

e did not merely react to operational problems,
but rather:

became capable of recognizing early patterns of operational distortion.
This was:

e not predictive Al control,
but rather:

operational coherence-based fine-tuning.

7.6. OVERALL OPERATIONAL INTERPRETATION
The modifications applied during validation were:
e not based on infrastructure expansion,
e not based on hardware replacement,
e and not based on system redesign.
The improvements resulted from:
operational alignment of the existing system layers.
The cluster:
e with the same infrastructure,

e the same compute capacity,



e and the same workload environment

transitioned into a more stable and coherent operational state.

Key Finding

The primary source of performance improvement achieved during validation was not infrastructure
expansion,

but the fine-tuning of operational synchronization between compute, data pipeline, and workload
layers.

8. VALIDATION RESULTS

Validation Environment
The validation was conducted:

e within a live operational environment,

e on a controlled workload segment,

e under an observer-only operational model.
During the investigation:

e noinfrastructure expansion was performed,

e no GPU nodes were added,

e and no Al model modifications were made.
The validation focused exclusively on:

operational coordination and synchronization fine-tuning.

Validation Scope

Parameter Value

Validation duration 3 weeks

Affected workload scope ~30%

Environment Live production segment
Access model Observer-only / Read-only

Intervention type Operational synchronization adjustments



8.1. BEFORE / AFTER VALIDATION RESULTS

Metric Baseline Validated Result
Effective GPU Utilization ~55-60% 68-75%

GPU Idle Fragmentation  High Significantly Reduced
Data Pipeline Wait Ratio  ~22-30% 12-18%

Training Throughput Baseline +11-16%

Restart / Interruption Rate ~9.8% 6.5-7.9%
Throughput Variance High Moderately Stabilized
Energy per Training Cycle Baseline -11-14%

Cooling Spike Intensity High, oscillating Reduced / stabilized
SLA Adherence ~78% 85-90%
Hidden Capacity Loss Significant Reduced

Synchronization Drift Recurrent Lower operational variance

8.2. EFFECTIVE GPU UTILIZATION IMPROVEMENT
Observed Result
During validation:
o effective GPU utilization,
e under the same infrastructure conditions,
e increased significantly.
The improvement originated:

e not from additional compute capacity,
but from:

reduced GPU idle periods and lower pipeline waiting overhead.

Validated Impact



e reduced starvation periods,
e more stable compute cycles,

e and improved workload coherence.

Strategic Significance

The validation confirmed that:

the cluster’s primary limitation was not GPU quantity itself,
but rather:

instability in effective compute rhythm.

8.3. DATA WAIT RATIO REDUCTION
Observed Result
Data pipeline waiting ratios decreased significantly.
Training workloads demonstrated:
e lower pipeline drift,
e shorter batch waiting periods,

e and more stable data delivery rhythms.

Validated Impact
e reduced GPU starvation,
e lower scheduler noise,

e and smoother training throughput.

Strategic Significance
The improvement originated:

e not from storage infrastructure expansion,
but rather:

improved timing alignment between data and compute layers.



8.4. TRAINING THROUGHPUT STABILIZATION
Observed Result
Training throughput:

e notonlyincreased,
but also became:

significantly more stable.
Workloads exhibited:
e reduced oscillation,
e faster stabilization,

e and lower operational drift.

Validated Impact
e shorter training cycles,
e reduced throughput fluctuation,

e and improved SLA consistency.

Strategic Significance
The throughput improvement originated:

e not from higher peak compute output,
but rather:

from reduced operational noise.

8.5. RESTART / INTERRUPTION REDUCTION
Observed Result
Restart and interruption events decreased:

e bothin frequency,

e andin cluster-wide operational impact.
Workloads demonstrated:

e more stable resynchronization,



e reduced fragmentation,

e and faster recovery cycles.

Validated Impact
o lower retry amplification,
e reduced scheduler drift,

e and more stable workload topology.

Strategic Significance

The validation confirmed that:

a substantial portion of restart events were not isolated failures,
but rather:

consequences of operational resonance effects.

8.6. ENERGY & COOLING COHERENCE IMPROVEMENT
Observed Result
Energy consumption and cooling patterns became:
e more balanced,
e and more closely aligned with productive compute activity.
The cooling system demonstrated:
e reduced overreaction,
e lower spike intensity,

e and more stable energy curves.

Validated Impact
e lower non-productive energy consumption,
e reduced cooling oscillation,

e and improved energy coherence.



Strategic Significance
The improvement originated:

e not from new energy infrastructure,
but rather:

from improved operational synchronization between compute and thermal dynamics.

8.7. OVERALL VALIDATION INTERPRETATION
The validation confirmed that the cluster:
e using the same infrastructure,
e the same GPU capacity,
e and the same workload environment
could be brought into a significantly more stable operational state.
The improvement was:
e not hardware-based,

e not capacity-driven,
but rather:

operational coordination-driven.

Overall Validated Result
The cluster operated with:
e |ower operational noise,
e more stable workload rhythm,
e reduced pipeline drift,
e and improved energy coherence.
The validation demonstrated that:
system performance was determined primarily not by available compute capacity itself,

but by the quality of operational synchronization.

Key Finding



A significant portion of the performance improvement achieved during validation originated not from
infrastructure expansion,
but from improved synchronization between compute, data pipeline, and energy layers.

9. INTERPRETATION

Central Finding of the Validation

The most important conclusion of the investigation was that the cluster’s primary limitation was:
e not available GPU capacity,
e not raw compute performance,
e and not infrastructure scale itself.

The system’s main limiting factor was:

the lack of operational synchronization between compute, data pipeline, workload timing, and energy
layers.

9.1. THE CLUSTER WAS NOT GPU-LIMITED
Observed Operational Paradox
The cluster operated:
e with high nominal GPU utilization,
e allocated substantial compute capacity,
e and externally appeared to be a heavily loaded infrastructure.
Despite this:
o effective compute output,
e training throughput,
e and productive GPU time

remained significantly below available capacity levels.

Structural Interpretation
The investigation revealed that a substantial portion of GPUs were:
e waiting,

e resynchronizing,



e oroperating in partially idle states.
The system suffered:

e not from compute shortage,
but rather:

from coordination synchronization loss.

Key Observation
The cluster:
e would not necessarily have performed better with additional compute capacity alone.
The validation demonstrated that:
substantial improvement could be achieved with the same infrastructure,

if the operational layers functioned more coherently together.

9.2. THE REAL LIMIT: SYNCHRONIZATION LOSS
Observed Phenomenon
The primary sources of performance loss were:
e pipeline drift,
e GPU starvation waves,
e checkpoint fragmentation,
e scheduler overreaction,
e retry amplification,
e and energy—compute mismatch.
These were:

e notisolated failures,
but rather:

mutually reinforcing operational distortions.

Structural Interpretation

The cluster operated:



e notas alinear compute pipeline,
but rather:

as a temporally coupled dynamic operational network.
The primary instabilities originated:

e not from a single component,
but from:

differing operational rhythms between system layers.

Key Observation
During validation:
e improved synchronization between
o compute,
o data,
o scheduler,
o and energy layers
resulted in:
e significant throughput improvement,
e more stable training operation,
e and reduced energy loss
without:
e adding new GPU nodes,

e orexpanding infrastructure.

9.3. LEGITIMATE WAITING VS REAL INSTABILITY
Legitimate Operational Waiting
Certain:

e queue delays,

e workload scheduling events,

e and checkpointing operations



are natural operational characteristics within large-scale Al training systems.

The investigation did not classify these behaviors as problems.

Real Operational Instability
The issue emerged when:

e small local deviations
evolved into:

e cluster-wide operational waves,
e throughput drift,

e or hidden idle resonance patterns.

Structural Difference
Legitimate waiting:

e localized,

e controlled,

e and non-propagating.
Real instability:

e self-amplifying,

e wave-like in propagation,

e and capable of generating downstream operational distortions.

9.4. THE TRUE SIGNIFICANCE OF THE VALIDATION
The pilot did not validate simple performance optimization.
The validation demonstrated that:
the next critical layer of large-scale Al / ML training infrastructure will be operational synchronization.
Increasing compute capacity alone:
e does not eliminate
o pipeline drift,

o workload resonance,



o orhidden idle losses.
The cluster required:

e not merely faster GPUs,
but rather:

more coherent operational dynamics.

9.5. STRATEGIC INTERPRETATION
Based on the validation:
e the next evolutionary stage of Al infrastructure will not be defined exclusively by:
o higher compute performance,
o more GPUs,
o or faster networks,
but by:
operational synchronization between compute, data, scheduler, and energy layers.
This layer is currently:
e largely invisible,

e absent from traditional monitoring systems,
yet it has substantial impact on:

e throughput,
e energy efficiency,
e operational stability,

e and infrastructure cost.

9.6. CENTRAL CONCLUSION

The primary limitation of the investigated Al / ML training cluster was not insufficient GPU capacity,
but the lack of operational synchronization between compute, data pipeline, workload timing, and
energy layers.

Core Statement of the Pilot



The cluster was not GPU-limited.
The cluster was synchronization-limited.

10. STRATEGIC CONCLUSION

Strategic Significance of the Validation

The validation conducted during the pilot demonstrated that the operational limitation of large-scale Al
/ ML training infrastructures is:

e no longer determined exclusively by available compute performance,
e not merely by GPU quantity,
e and not solely by infrastructure scale itself.

The next critical limiting factor is:

operational coordination dynamics.

10.1. THE LIMITS OF COMPUTE-CENTRIC INFRASTRUCTURE
Over the past years, Al infrastructure development has primarily focused on:
e larger GPU clusters,
e higher compute density,
e fasterinterconnects,
e and increasing energy capacity.
This model delivered substantial compute growth, however:
coordination losses became increasingly visible.
The investigation demonstrated that:
e throughput,
e energy efficiency,
e operational stability,
e and training consistency
became progressively less dependent on raw compute power itself, and increasingly dependent on:

synchronization between operational layers.



10.2. THE NEXT INFRASTRUCTURE LAYER
Based on the validation, the next evolutionary stage of large-scale Al training systems is:

e not exclusively a new GPU generation,
but rather:

operational synchronization infrastructure.
This layer manages operational coherence between:

e compute execution,

the data pipeline,

e scheduler dynamics,
e workload timing,

e energy systems,

e and thermal dynamics.

Structural Significance
The pilot demonstrated that:
e the same infrastructure,
e the same GPU capacity,
e and the same workload environment
can produce radically different operational outcomes under:

e coordination instability,
or:

e operational coherence.

10.3. SYNCHRONIZATION AS INFRASTRUCTURE

The validation demonstrated that:

synchronization itself is becoming an independent infrastructure layer.
In future Al systems:

e increasing compute capacity alone will not be sufficient,
if:

e dataflow,



e workload waves,
e and energy dynamics

do not operate in synchronization.

Operational Principle Validated by the Pilot
Compute # Performance
Real performance emerges from the combined coherence of:
e compute,
e data,
e timing,
e scheduling,

e and energy coherence.

10.4. ENERGY-DATA-COMPUTE COHERENCE
One of the pilot’s most important findings was that:
energy, data, and compute layers form a single interconnected operational field.
During the investigation:

e pipeline drift,

e scheduler resonance,

e checkpoint waves,

e and cooling mismatch
generated mutually reinforcing operational patterns.
This means that:

e Al infrastructure energy efficiency,

e training stability,

e and throughput
depend not on optimizing isolated components, but on:

the coherence of the entire operational system.



10.5. OPERATIONAL INTELLIGENCE LAYER

The validation indicates that a new operational layer is emerging within next-generation Al
infrastructures:

the Operational Synchronization Intelligence Layer.
This layer:
e does not replace compute infrastructure,
e does not modify Al models,
e andis not a traditional monitoring system.
Its role is the real-time recognition and operational harmonization of:
e operational wave patterns,
e coordination distortions,
e pipeline drift,
¢ hidden idle behaviors,

e and energy—compute mismatch dynamics.

10.6. STRATEGIC CONCLUSION
The pilot confirmed that the next major limitation of large-scale Al training systems is:

e not compute alone,
but rather:

coordination dynamics.
Within future Al infrastructures, synchronization between:
e compute,
e data,
e energy,
e and workload layers

will become one of the most critical determinants of overall system performance.

10.7. FINAL STRATEGIC STATEMENT

The next major bottleneck of large-scale Al systems will not be raw compute capacity alone,
but the synchronization dynamics between compute, data, workload orchestration, and energy layers.



Final Conclusion

The future of Al infrastructure is not defined by compute alone.
It is defined by operational coherence.

APPENDIX A. METRIC DEFINITIONS

Cl — COHERENCE INDEX
Definition
The Coherence Index (Cl) measures the degree of operational synchronization between:
e compute execution,
e data pipeline availability,
e workload timing,
e scheduler dynamics,
e and energy response behavior.

The index reflects how consistently the operational layers function within aligned temporal rhythms.

Interpretation

High CI
e stable workload synchronization,
e low operational drift,
e reduced pipeline fragmentation,

e and balanced compute utilization.

e desynchronized operational layers,
e throughput instability,
e hidden idle periods,

e and amplified operational resonance effects.

Operational Significance



Clis used to identify:
e synchronization quality,
o workload coherence,

e and cluster-wide operational stability.

DI — DELAY INDEX
Definition
The Delay Index (DI) measures the cumulative operational impact of:
e data delivery latency,
e scheduling delay,
e checkpoint timing offset,
e and workload synchronization lag.

The index reflects how strongly local delays propagate through training operations.

Interpretation
Low DI

e minimal propagation delay,

e stable workload timing,

e and low synchronization overhead.
High DI

o amplified temporal drift,

e elongated training cycles,

e and downstream operational instability.

Operational Significance

Dl is used to detect:
e pipeline bottlenecks,
e scheduler lag effects,

e and latency amplification patterns.



WPI — WAVE PROPAGATION INDEX
Definition

The Wave Propagation Index (WPI) measures the degree to which localized operational disturbances
propagate across:

o workload groups,

e node clusters,

e scheduling domains,

e and synchronization layers.

The index quantifies cluster-wide resonance behavior.

Interpretation
Low WPI
e localized disturbances remain isolated,
e stable operational topology,
e and controlled workload interaction.
High WPI
e wave-like propagation effects,
e cluster-wide synchronization drift,

e and operational resonance amplification.

Operational Significance

WPI is used to identify:
e workload wave propagation,
e resonance zones,

e and distributed instability patterns.

HCL — HIDDEN CAPACITY LOSS

Definition



Hidden Capacity Loss (HCL) measures the difference between:

e formally allocated compute capacity,
and:

o effectively productive compute execution.

The metric identifies hidden idle occupancy and fragmented utilization behavior.

Interpretation
Low HCL
o efficient compute allocation,
e minimal hidden idle behavior,
e and high productive utilization.
High HCL
¢ fragmented occupancy,
e partial compute inactivity,

e and concealed operational inefficiency.

Operational Significance
HCL is used to detect:
e hidden idle topology,
e non-productive GPU occupancy,

e and effective utilization distortion.

FIl — FEEDBACK INSTABILITY INDEX
Definition

The Feedback Instability Index (FIl) measures the degree to which operational reactions generate
secondary instability effects.

The metric evaluates amplification loops between:
e scheduler reactions,

e retry cycles,



e workload redistribution,

e and synchronization recovery processes.

Interpretation
Low FII
e stable operational feedback behavior,
e limited retry amplification,
e and controlled recovery dynamics.
High FlI
e self-reinforcing instability loops,
e scheduler overreaction,

e and amplified operational oscillation.

Operational Significance
Fll is used to identify:
e retry amplification effects,
e scheduler resonance behavior,

e and non-linear operational degradation.

ECl — ENERGY COHERENCE INDEX
Definition
The Energy Coherence Index (ECI) measures the synchronization quality between:
e productive compute execution,
e energy consumption patterns,
e cooling system dynamics,
e and thermal response timing.

The index evaluates how efficiently energy usage aligns with productive operational activity.

Interpretation



High ECI

e balanced thermal dynamics,

e reduced energy spikes,

o and efficient compute-energy alignment.
Low ECI

e cooling mismatch,

e delayed thermal response,

e and non-productive energy consumption.

Operational Significance
ECl is used to identify:
e energy resonance behavior,
e cooling inefficiency,
e and compute—thermal synchronization loss.

APPENDIX B. VALIDATION METHODOLOGY

Validation Framework
The validation was conducted using the AVA-Stabilis observer-only operational analysis methodology.
The methodology focuses on:

e operational synchronization analysis,

e structural workload dynamics,

e temporal coordination behavior,

e and hidden operational loss identification

within large-scale Al / ML training environments.

Operational Model
The investigation was performed under an:
Observer-Only / Read-Only operational model.

The validation process:



e did not modify production workflows,

e did not alter Al models,

e did not introduce runtime control mechanisms,

e and did not interfere with live compute execution.
The methodology relied exclusively on:

e operational telemetry,

e aggregated infrastructure signals,

e workload timing analysis,

e and synchronization pattern observation.

Validation Environment

Parameter Description

Environment Type Live production Al / ML training environment
Cluster Type Multi-node GPU cluster

Workload Scope  Controlled operational workload segment
Validation Duration 3 weeks

Observation Model Observer-only / Read-only

Intervention Scope Operational synchronization adjustments only

Validation Scope
The validation focused on the interaction between:
e compute execution,
e data pipeline behavior,
e scheduler dynamics,
e checkpointing cycles,
e workload timing,
e energy consumption,

e and cooling response patterns.



The objective was to identify:
e synchronization loss,
e operational resonance,
e hidden capacity loss,

e and wave-like instability propagation.

Before / After Comparative Methodology
The validation applied a controlled before/after comparison model.
The baseline operating state was compared against a synchronized operational state using:
e identical infrastructure,
e identical GPU capacity,
e identical workload conditions,
e and equivalent operational environments.

No additional compute resources were introduced during the validation phase.

Infrastructure Constraints
During the validation:
e no GPU nodes were added,
e no storage infrastructure expansion occurred,
e no network topology modifications were introduced,
e and no hardware replacement was performed.
The observed improvements resulted exclusively from:

operational synchronization and coordination fine-tuning.

Al Model Integrity
The validation process:
e did not modify Al models,
e did not alter model architectures,

e did not interfere with training logic,



e and did not access model weights or training content.
The methodology operated strictly at the:

operational infrastructure coordination layer.

Analytical Methodology
The investigation combined:
e temporal operational analysis,
e synchronization pattern mapping,
o workload topology analysis,
e wave propagation modeling,
e and operational coherence evaluation.
The analysis focused not only on isolated metrics, but on:

the dynamic interaction between operational layers.

Core Methodological Principle

The validation methodology assumes that operational inefficiency within large-scale Al systems
frequently originates not from raw compute shortage,
but from synchronization loss between interconnected operational layers.

Methodological Conclusion
The validation demonstrated that substantial operational improvements can be achieved:
e without infrastructure expansion,
e without Al model modification,
e and without direct runtime intervention,
through:
improved synchronization between compute, data, workload, scheduling, and energy dynamics.

APPENDIX C. OBSERVER-ONLY & DATA SECURITY MODEL

Observer-Only Operational Model



The validation was conducted under a strictly:
Observer-Only / Read-Only operational framework.
The methodology:
e did not perform runtime control,
e did not modify production workflows,
e did not alter Al training processes,
e and did not interfere with infrastructure execution logic.
The investigation operated exclusively through:
e passive operational observation,
e synchronization analysis,

e and aggregated telemetry evaluation.

Read-Only Access Principle
All analysis activities were performed under:
non-invasive read-only access conditions.
The validation process:
e did not execute commands on production systems,
e did not inject workload modifications,
e did not control scheduler behavior,
e and did not manipulate training execution.
Operational insights were derived exclusively from:
e existing telemetry streams,
e infrastructure monitoring outputs,
e synchronization timing analysis,

e and aggregated operational metrics.

Aggregated Operational Analysis
The methodology relied exclusively on:

aggregated operational telemetry.



The analysis focused on:

e workload dynamics,

e synchronization behavior,

e pipeline timing,

e throughput patterns,

e energy response characteristics,

e and operational topology signals.
The validation did not require:

e direct access to Al models,

e training dataset content,

e or proprietary model logic.

Data Protection Principles
The validation process was designed to minimize operational and informational exposure.
The methodology explicitly excluded access to:
e model weights,
e training datasets,
e inference content,
e source code,
e application-layer business logic,
e and user-level operational data.
The analysis operated exclusively at the:

infrastructure coordination and synchronization layer.

Anonymized Infrastructure Handling

All infrastructure-specific identifiers were anonymized or abstracted during the validation process,
including:

e cluster identifiers,

e node names,



o workload identifiers,

e scheduling domains,

e infrastructure topology references,

e and environment-specific operational metadata.
The resulting validation materials contain:

no directly identifiable partner or infrastructure information.

Runtime Safety Model
The observer-only framework ensured that:

e noruntime intervention occurred,

e no production execution paths were modified,

e no scheduler overrides were introduced,

e and no operational instability risk was generated by the analysis itself.
The methodology maintained:

full production environment isolation.

Security Architecture Principles
The validation model was designed around the following operational security principles:
e minimum necessary visibility,
e non-invasive telemetry analysis,
e operational isolation,
e controlled analytical scope,
e and infrastructure neutrality.
The framework ensured that operational analysis could be performed without exposing:
e proprietary Al assets,
e sensitive training logic,

e or production-critical infrastructure behavior.

Operational Integrity Statement



The validation confirmed that meaningful operational synchronization analysis can be performed:
e without direct access to Al model internals,
e without modifying production systems,

e and without compromising infrastructure security boundaries.

Core Security Principle

Operational synchronization intelligence does not require intrusive system control.
Meaningful infrastructure insight can be achieved through observer-only analysis of operational
dynamics and synchronization behavior.

APPENDIX D. ANONYMIZATION STATEMENT

Anonymization & Confidentiality Statement

This validation document has been prepared exclusively for:
e operational validation,
e synchronization analysis,
e and demonstration purposes.

All partner-specific and infrastructure-specific information has been anonymized, aggregated, or
structurally abstracted in order to protect operational confidentiality and infrastructure integrity.

Anonymized Elements
The following elements were anonymized or aggregated throughout the validation process:
e partner organization identifiers,
e infrastructure names,
e cluster identifiers,
e node IDs,
e workload names,
e scheduler domains,
e training environment references,
e timestamps,

e operational event identifiers,



e and training execution metadata.

Data Handling Principles
The validation methodology was designed to ensure that:
e no directly identifiable production environment information is disclosed,
e no proprietary Al model details are exposed,
e no customer-specific operational patterns are revealed,
e and no sensitive infrastructure topology information is published.
All presented operational findings represent:

generalized synchronization and operational behavior patterns.

Aggregated Operational Representation
The visualizations, metrics, and operational analyses included in this document represent:
e aggregated operational telemetry,
e abstracted workload dynamics,
e generalized synchronization patterns,
e and anonymized infrastructure behavior models.
No section of this document contains:
e recoverable training data,
e model weights,
e proprietary training content,

e ordirectly attributable operational records.

Infrastructure Neutrality

The validation findings are presented in an infrastructure-neutral format.

The operational behaviors described in this document are intended to demonstrate:
e synchronization dynamics,
e workload coordination effects,

e operational resonance behavior,



e and hidden capacity-loss patterns

that may emerge within large-scale distributed Al / ML training environments in general.

Confidentiality Assurance
The anonymization process was designed to ensure that:
e neither the participating organization,
e nor the underlying infrastructure environment
can be directly identified from the validation materials.
All operational findings are presented solely at the:

structural and synchronization-analysis level.

Final Confidentiality Statement

All identifiable operational, infrastructural, and partner-specific information contained within this
validation process has been anonymized, aggregated, or structurally abstracted in accordance with
observer-only operational security principles.

VISUAL APPENDICES — OPERATIONAL TOPOLOGY & SYNCHRONIZATION ANALYSIS

The following visual materials present the structural operational patterns identified during the validation
process.

The visualizations are not traditional infrastructure monitoring charts.
They are operational synchronization maps designed to reveal:

e hidden workload dynamics,

e wave-like instability propagation,

e compute—data coordination loss,

e hidden idle topology,

e energy resonance behavior,

e and operational coherence patterns
within large-scale Al / ML training environments.

The presented figures illustrate how the cluster operated not merely as a compute infrastructure, but as
a dynamically coupled operational field, where local timing deviations propagated across workload,
scheduling, data, and energy layers.



All visual materials included in this section are:
e observer-only based,
e generated from aggregated operational telemetry,
e and fully anonymized according to the validation security model.

The objective of these visualizations is not only performance illustration, but the structural
interpretation of operational synchronization behavior inside complex Al training systems.
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TRAINING WAVE PROPAGATION

How a Localized Disturbance Propagates Across the Cluster Over Time

Localized workload or data delay — scheduler reaction — downstream drift -+ synchronized delay propagation - cluster-wide impact

To

Local Disturbance

T

Initial Propagation

T,

Wave Amplification

Ts
Cluster-Wide Impact

Ta

Gradual Dissipation

=1l 1 o

1 ag

an

" 1]

=
AEEREREN
(1111111

A minor delay or workload Scheduler redistributes Delays align across multiple The wave reaches most of Stabilization occurs slowly

pressure appears in a
local node group

workloads. Neighboring
nodes experience timing
drift

Node Utilization / Workload Pressure

25%

groups. Starvation waves

the cluster. Throughput

amplify and propagate
further.

drops, utilization becomes
unstable.

Wave Propagation Mechanism

(\/ =
Scheduler Downstream
Reaction Timing Drift

Local Delay /
Pressure

Small disturbances can create large-scale performance waves. The cluster behaves as a

not as isolated components.

Synchronized
Propagation

after the source is resolved.
Full recovery takes time,

Throughput
Impact

COMPUTE / DATA SYNCHRONIZATION MAP
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HIDDEN IDLE TOPOLOGY

Hidden Capacity Loss Across the Compute Cluster

CLUSTER SUMMARY Total Nodes Allocated Nodes Effectively Active Nodes Hidden |dle Nodes Hidden Capacity Loss
256 256 (92.2%) 2 (59.4%) 84 (32.8%)

CLUSTER TOPOLOGY MAP HIDDEN IDLE CHARACTERISTICS

NODE GROUPA NODE GROUP B NODE GROUP C NODE GROUP D Nedes appear allocated and active in the scheduler.
Minimal or no compute activity is cbserved.
Idle periods are fragmented and distributed.

Standard monitoring does not expose the idle state

l : IDLE DISTRIBUTION OVERVIEW

J
( NETWORK 7.8%
]

NODE GROUP E NODE GROUP F NODE GROUP G

=.II o Jupey BEED

(High Utilization) Lo (Allocated but Offline

Lower / Latent Link

| Actively Computing Partiall Hidden Idle No Allocation ——— High Bandwidth Link 26 . .
:]

Not Computing) D 3

Node Groups

A significant portion of the cluster is in a hidden idle state — allocated, but not productively computing.

t ited, 1 ti us, and not visible in standard izatior




ENERGY RESONANCE VISUALIZATION

How Compute, Load and Cooling Interactions Create Energy Resonance Patterns
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Energy spikes are not random - they are the result of resonant interactions between compute, data pipeline,
scheduling and cooling. Reducing resonance improves energy efficiency, stability and training throughput.

BEFORE / AFTER COHERENCE GRAPH

Impact of Operational Synchronization Adjustments on Cluster Performance
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Operational synchronization dramatically improves cluster coherence across compute, data, timing,
scheduling, and energy layers—without any infrastructure or hardware changes.
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