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Introduction

Artificial intelligence systems now sit at the heart of critical decision-making, from
fraud detection and content moderation to industrial control and healthcare triage. As
their influence grows, so does the incentive to subvert, steal, or weaponize them.
Traditional digital forensics offers essential foundations, yet it was not designed for the
distinctive artifacts, workflows, and attack surfaces of modern machine learning. This
book responds to that gap. It provides methodologies for collecting and analyzing
artifacts from compromised ML systems—model checkpoints and provenance records,
training datasets and feature stores, inference gateways and logs—so that
investigators can reconstruct what happened, attribute responsibility, and present
findings that withstand legal scrutiny.

Investigating Al incidents demands a mindset attuned to the ML lifecycle. Evidence is
dispersed across data ingestion and labeling pipelines, training clusters and
accelerators, model registries and deployment stacks, and client applications that
generate prompts and telemetry. Some of the most probative traces are atypical in
classical forensics: non-deterministic training runs, optimizer states, model weights
and hyperparameters, container layers with CUDA dependencies, and even GPU
memory residues. Capturing, hashing, and preserving these elements—while
maintaining a defensible chain of custody—requires procedures tailored to the realities
of large-scale models and distributed MLOps.

The threat landscape is also distinct. Beyond familiar intrusions and exfiltration, Al
systems face data poisoning that subtly biases outcomes, embedded backdoors that
trigger malicious behavior, adversarial examples that induce misclassification, model
extraction and membership inference that erode confidentiality, and prompt injection
that subverts the guardrails of generative systems. Each of these leaves different
forensic signatures across datasets, model internals, and logs. Effective practice
means learning where those signatures reside, how to collect them without
contamination, and how to analyze them to reconstruct an attacker’s sequence of
actions.

Throughout the chapters, we emphasize provenance—uverifiable histories of data and
models. Provenance links training datasets, labeling decisions, code revisions,
dependency trees, and model versions into an auditable graph. When preserved with
cryptographic attestations and robust logging, that graph becomes a powerful
instrument for attribution and remediation. Investigators can pinpoint the first
appearance of a poisoned sample, identify which fine-tune introduced an unsafe
behavior, or establish that a contested output could only have been produced by a
specific model version running under a particular configuration.
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This book also centers the legal dimension. Forensic work is only as valuable as its
admissibility and persuasive power. We translate technical workflows into practices
that align with evidentiary expectations: maintaining chain of custody across cloud
and on-prem environments; documenting acquisition steps for ephemeral resources;
normalizing timestamps and time drift across distributed systems; and producing
reports that clarify methodology, error rates, and limitations. The objective is not
merely to detect and fix, but to support investigations, regulatory inquiries, and
litigation with rigor and transparency.

Finally, we aim to make Al forensics operational. You will find repeatable playbooks for
triage and scoping; guidance for imaging training infrastructure and capturing
accelerator state; techniques for harvesting and interpreting inference logs; and
analytical patterns for correlating events across SIEMs, model registries, and data
lakes. We pair these with readiness measures—hardening controls, telemetry that
anticipates evidentiary needs, and exercises that pressure-test teams and tools—so
that when incidents occur, organizations respond with speed and confidence.

Whether you are a digital forensic examiner, an incident responder, an MLOps
engineer, or counsel preparing to argue the reliability of Al evidence, this book equips
you with the tools and workflows to investigate, attribute, and explain. By uniting the
disciplines of machine learning, security operations, and law, Forensics of Al Systems
provides a practical foundation for preserving evidence, reconstructing model attacks,
and restoring trust when it matters most.
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CHAPTER ONE: The Al Crime Scene: Scoping and
Triage

When an Al system goes rogue, or an attack is detected, the immediate aftermath can
feel like walking into a digital crime scene. Panic often sets in, and the instinct is to
jump straight into fixing things. However, a forensic investigation requires a more
measured approach. Just as a conventional crime scene needs careful handling to
avoid contaminating evidence, an Al incident demands a structured response to
preserve crucial artifacts and ensure a thorough investigation. The initial actions,
encompassing scoping and triage, lay the groundwork for everything that follows.

The Unique Nature of an Al Crime Scene

Forget chalk outlines and yellow tape; an Al crime scene is far more abstract and
distributed. It's not a single physical location, but a constellation of interconnected
components: data pipelines, model registries, cloud infrastructure, and user interfaces.
Unlike a traditional server breach where a file system might be the primary focus, an
Al incident could involve malicious modifications to training data, a subtly altered
model weight, or a series of carefully crafted prompts designed to elicit undesirable
behavior. The sheer complexity and interconnectedness of modern machine learning
systems mean that the "scene" is rarely static and often spans multiple environments.

The transient nature of some Al artifacts further complicates matters. Ephemeral
containers, dynamically scaled cloud resources, and constantly updating model
versions can mean that critical evidence might vanish or be overwritten if not
captured swiftly and appropriately. This necessitates a rapid response with a clear
understanding of what constitutes evidence in an Al context. The goal is to quickly
understand the scope of the incident and prioritize immediate actions, much like first
responders arriving at a physical emergency.

Initial Assessment: What Just Happened?

The very first step in any Al incident is to determine what exactly has occurred. Was it
a performance degradation, an unauthorized outcome, a privacy violation, or a
security breach? These aren't always immediately obvious, and an incident might
present as a seemingly innocuous bug before revealing its malicious underpinnings.
For instance, a chatbot suddenly generating offensive content could be a prompt
injection attack, a data poisoning incident, or simply a poorly fine-tuned model.
Differentiating between these requires a keen eye and an understanding of typical Al
failure modes.
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This initial assessment often relies on anomaly detection. Is the model’s accuracy
suddenly plummeting? Are inference requests coming from unusual geographic
locations or at odd hours? Is the data flowing through the pipeline exhibiting
unexpected distributions? Al systems themselves can be invaluable here, acting as
digital watchdogs to flag unusual patterns and potential vulnerabilities. Many security
platforms now leverage machine learning to enhance their ability to identify and
categorize assets across an organization's attack surface and detect threats in early
stages.

Defining the suspected harm is paramount. Is it an integrity compromise, where the
model's outputs are no longer trustworthy? Is it a confidentiality breach, where
sensitive training data has been exposed? Or is it an availability issue, where the
model has been rendered inoperable? Each of these scenarios points to different
potential attack vectors and demands distinct forensic approaches. A clear
understanding of the hypothesized harm helps to focus initial evidence collection and
triage efforts, preventing a wild goose chase through irrelevant logs and data stores.

Scoping the Incident: Defining the Boundaries

Once a potential incident has been identified, the next critical phase is scoping. This
involves clearly defining the boundaries of the compromise, understanding which
systems and data are affected, and identifying the potential blast radius. Without
proper scoping, investigations can become sprawling, inefficient, and costly,
consuming valuable resources on unaffected components. Scoping an Al incident
requires considering the entire ML lifecycle, from data ingestion to model deployment.

A key aspect of scoping is identifying the attack surface. In Al systems, this surface is
broad and multifaceted, encompassing the training environment, the data itself, the
model parameters, and the inference endpoints. Attackers might target the training
phase by injecting malicious samples into the dataset, a technique known as data
poisoning. Alternatively, they might exploit vulnerabilities in the inference phase,
where the trained model makes predictions, through adversarial attacks designed to
induce misclassification.

Consider a scenario where an Al model used for loan approvals starts exhibiting
discriminatory behavior. The scope of the incident would need to extend beyond just
the deployed model. It would involve examining the training data for bias, scrutinizing
the feature engineering pipeline, reviewing the model architecture and
hyperparameters, and analyzing the inference requests and responses to pinpoint
when and where the bias was introduced or exploited. The attack surface here
includes the entire data lifecycle and model development process.

Furthermore, understanding the potential threat actors and their motivations is crucial
for effective scoping. Are we dealing with an insider threat, a nation-state actor, or a
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financially motivated cybercriminal? The sophistication and persistence of the attacker
will influence the types of evidence to look for and the depth of the investigation
required. A targeted attack by a sophisticated adversary will likely leave different
forensic signatures than an accidental data leakage.

Triage: Prioritizing and Stabilizing

Triage in Al forensics is about making rapid decisions under pressure to stabilize the
compromised system and prioritize immediate actions. Just as in emergency medicine,
the goal is to prevent further harm and ensure that the most critical issues are
addressed first. This often involves a delicate balance between containing the incident
and preserving evidence. Sometimes, immediate containment might risk overwriting
ephemeral evidence, necessitating careful planning.

One of the first triage steps is often to isolate the affected system or component. If a
deployed model is generating malicious outputs, it might need to be taken offline or
rolled back to a previous, known-good version. This prevents further damage or
exposure. However, simply shutting down a system without proper evidence
preservation can destroy critical volatile data. Therefore, any isolation or rollback
procedures must be accompanied by careful documentation and, where possible,
memory and disk imaging.

Automated triage tools, often powered by Al themselves, are becoming increasingly
vital in this phase. These systems can filter through the deluge of alerts, classify
incidents by severity, correlate related events, and even suggest initial response
actions. They can help security teams move from alert noise to evidence-backed
containment much faster than manual processes. However, human oversight remains
crucial, as Al tools can still misinterpret situations or make erroneous conclusions,
especially in novel attack scenarios. The "human in the loop" is essential to validate
findings and guide the investigation.

Another critical aspect of triage is identifying volatile evidence. This includes system
memory, running processes, network connections, and temporary files, all of which
can be lost upon system shutdown or reboot. Rapid acquisition of these ephemeral
artifacts is essential. Similarly, real-time logs and telemetry from inference gateways
or APl endpoints are critical for understanding the immediate impact and spread of the
attack. These logs can reveal the timing, source, and nature of malicious interactions
with the Al system.

Consider a data poisoning attack on a fraud detection model. Triage might involve
immediately suspending further training on the compromised dataset, rolling back to a
previous model version, and rapidly analyzing recent training logs and data inputs to
identify the tainted samples. The focus would be on preventing the poisoned model
from making further incorrect decisions and understanding the extent of the data
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contamination. This requires quickly sifting through a lot of data to find the needle in
the haystack.

Establishing the Incident Response Team

A successful Al forensic investigation is rarely a solo endeavor. It requires a
multidisciplinary team with expertise spanning machine learning, cybersecurity, legal,
and potentially even public relations. During the initial scoping and triage phases, it's
crucial to assemble the right individuals who can bring their diverse perspectives to
bear on the problem. This might include data scientists who understand the model's
inner workings, MLOps engineers familiar with the deployment infrastructure, security
analysts experienced in incident response, and legal counsel to ensure compliance
and advise on potential legal ramifications.

Clear roles and responsibilities must be established early on. Who is leading the
investigation? Who is responsible for technical analysis? Who is handling
communications? A well-defined chain of command and communication plan will
streamline the response and prevent confusion during a high-stress situation. This also
extends to external stakeholders, such as regulatory bodies, customers, or law
enforcement, who may need to be informed depending on the nature and severity of
the incident. Prompt notification of regulatory requirements is crucial, as frameworks
like the EU Al Act may mandate incident reporting for high-risk Al systems.

The incident response team should also establish secure communication channels and
evidence storage locations to prevent further compromise. This seems obvious, but
under pressure, sometimes the most basic security hygiene can be overlooked. The
integrity of the investigation itself depends on keeping sensitive incident details and
collected evidence protected from unauthorized access or alteration.

Planning for Evidence Collection

Before diving headfirst into collecting every log file and model checkpoint, a strategic
plan for evidence collection must be developed. This plan should be guided by the
initial assessment and scoping, focusing on gathering the most relevant and probative
artifacts without causing further disruption or contamination. The principle of "least
intrusiveness" is paramount: collect what is necessary, but avoid actions that might
destroy or alter critical evidence.

The plan should consider the different categories of evidence in an Al context. This
includes model artifacts (weights, configurations, architecture), training datasets (raw
data, preprocessed data, labels), inference logs (inputs, outputs, timestamps, user
IDs), pipeline execution records (notebooks, container images, scheduler logs), and
infrastructure logs (cloud audit trails, system logs, network traffic). Each of these
provides a piece of the puzzle, and a comprehensive collection strategy will ensure
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that no critical information is missed.

For example, if a data poisoning attack is suspected, the plan would prioritize the
collection of training datasets, data preprocessing scripts, and model retraining logs. If
a model extraction attack is suspected, the focus might shift to inference request logs,
API access patterns, and any unusual model performance metrics. The evidence
collection plan should be dynamic, adapting as new information emerges during the
investigation.

Finally, the plan must incorporate robust chain of custody procedures. Every piece of
evidence collected must be meticulously documented, detailing who collected it,
when, how, and why. Hashing of collected data is essential to prove its integrity and
ensure that it hasn't been tampered with. This rigorous approach is not just good
forensic practice; it's a legal necessity if the findings are ever to be presented in court.
Automated evidence collection tools can assist in this process, gathering artifacts
continuously and flagging anomalies. These tools can gather access logs,
infrastructure snapshots, and audit trails, significantly reducing manual effort. Al-
powered systems can even identify whether the right artifacts are being gathered and
suggest additional evidence collection.
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