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Abstract:
The surge in Artificial Intelligence (AI) Data Centers (DCs) being instantiated is
accompanied by a dramatic uptick in the buttressing Strategic/Critical Infrastructure
(SCI) needed. Increasingly, the hyperscalers behind these AIDC are taking
responsibility for their own SCI. Ironically, the AIDC is both reliant upon this SCI, but
is also starting to contribute towards its Condition Monitoring (CM) and Early Fault
Detection (EFD) via AI-facilitated automated anomaly detection pipelines for
CM/EFD. Interestingly, generation of the corpus of test images (containing sample
anomalies to be detected), for conducting training on instances of these AI image
analysis models, turns out to be somewhat non-trivial given issues of, among
others, training data bias, prompt ambiguity, token interpretation variability, latent
space sensitivity, and AI hallucination. Moreover, it turns out that Prompt
Engineering (PE) can impact the involved Context Engineering (CE) forays, which
can segue to, in some cases, spurious results. This paper explores a suitable
counterpoising that is not only somewhat effective in facilitating the generation of
acceptable results but also lends toward the desired phenomenon of grokking for
advancing towards the envisioned large-scale more robust automated anomaly
detection pipeline for CM/EFD.
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I. Introduction
As Strategic/Critical Infrastructure (SCI) around the world matures/degrades and, in some
cases, approaches their End of Service Life (EoSL), the need for more robust Condition
Monitoring (CM), Early Fault Detection (EFD), as well as Inspection, Maintenance, and Repair
(IMR), becomes increasingly vital. The Fourth Industrial Revolution (a.k.a., Industry 4.0,
Intelligence Age, etc.) has brought forth a plethora of "Internet of Things" (IoT) along with
"Industrial Internet of Things" (IIoT) sensors, Cyber-Physical Systems (CPS), and related
capabilities. For example, IoT/IIoT and remote sensing technologies now constitute a powerful
amalgam that is in common use; increasingly, remote sensing data, such as from autonomous
systems and/or orbiting satellites, etc. is being leveraged for CM/EFD/IMR in remote (and/or
hard to access) areas. This specialized subset of IoT, referred to as the Internet of Remote
Things (IoRT), with its Remotely Operated Vehicles (ROVs) and other notable characteristics, is
becoming increasingly crucial for the millions of miles of infrastructure (e.g.,
underground/underwater cables, pipes, and other infrastructural elements traversing the world).
While the goal of CM/EFD/IMR is to detect/address anomalies before major failures occur, the
more subtle anomalies can be challenging to discern, as they might only manifest themselves in
only a small number of inspection cases, as there may not only be a paucity in pertinent
datasets, but also limited training data in general (with the concomitant class imbalance issues)
due to the sensor limitations during collection (e.g., microscopic/internal corrosion, hairline
cracks/insulation gaps/moisture intrusion, coating failures/delamination, etc.) [1]. For that
reason, constantly refined automated anomaly detection pipelines that enable CM/EFD can be
invaluable. Along this vein, Object Detection Methods (ODMs) facilitate Anomaly Detection (AD)
by first locating the pertinent objects. One such well-known ODM is You Only Look Once
(YOLO), which is often leveraged for automated visual inspection. YOLO can readily identify
Areas of Interest (AOI) (e.g., damaged connectors, conductors, insulators, etc.), as YOLO can
be trained to detect known anomalies as classes (e.g., burned connectors, exposed conductors,
cracked insulators, etc.). Besides this direct detection capability, YOLO can also facilitate
baselining by detecting components under normal states; hence, when components are in an
abnormal state, the associated anomalies can be inferred. In essence, YOLO can undertake its
ODM responsibilities, ascertain AOIs, and can then invoke the execution of an anomaly model.
Beyond YOLO, there are anomaly autoencoders, which are often utilized for CM/EFT, but while
autoencoder-based anomaly detection is quite good for both known and unknown faults, it is
somewhat challenged by very small anomalies; in turn, while patch-based anomaly detection
(which scrutinizes small regions of an image independently to discern anomalies) is quite good
for very small anomalies, the computational requirements can be less than desirable. In
contemporary times, diffusion-based anomaly detection (which baselines, reconstructs, and
ascertains the difference) is increasingly being looked to for addressing the more subtle
anomalies, but again, the performance speed and computational cost are prospective issues.
Accordingly, with the advent of these Artificial Intelligence (AI) times, AI-facilitated image
analysis, which is often based upon Vision Transformers (ViT) — a key facet of multimodal
transformer models — is increasingly being leveraged for complementing/supplementing
anomaly detection pipelines by identifying visual anomalies (e.g., damaged wires, discolored
components, etc.) and positing prospective causes (e.g., natural and/or accelerated
degradation resulting in wire damage, overheating and/or burning causing component
discoloration, etc.). However, the envisioned efficacy does not necessarily reside in the arena of
the automated inspection pipelines at scale. Rather, the exploration centers upon the creation of
synthetic anomaly images/datasets (via generative AI models) for training the underpinning
Machine Learning (ML) systems of anomaly detection systems. In essence, generative models
can robustly create representative anomalies, which anomaly detection systems can then be
trained on. For example, by leveraging diffusion-based capabilities, the referenced anomalies
can be inserted into images depicting normal states. On the surface, this may seem to be a
trivial matter, but it turns out that successfully controlling the anomaly placement, realism,
subtlety, etc. is a bit on the non-trivial side (e.g., texture drift), and it requires careful
consideration on the Prompt Engineering (PE) side. Also, as the prompts are specifically
structured to ensure the utilization of valid Contextual Engineering (CE) references (e.g.,
"introduce exactly one power-engineering wiring anomaly that is physically realistic and
consistent with faults observed during infrastructure inspections") as well as realism constraints
(e.g., "the anomaly must represent early-stage degradation, not severe damage"), the
counterpoising of the involved PE/CE needs to be carefully considered.
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