
WHITE PAPER

SECURING THE FUTURE: DEFENDING 
MACHINE LEARNING SYSTEMS 
AGAINST ADVERSARIAL THREATS 

Abstract
Machine Learning (ML) and Artificial Intelligence (AI) have rapidly become core 
enablers of automation, decision intelligence, cybersecurity analytics, fraud 
prevention, and enterprise-scale digital transformation.

This whitepaper provides a comprehensive, lifecycle‑aligned framework for 
securing ML systems, synthesizing insights from leading global standards such as 
NIST’s Adversarial ML Taxonomy 1, the MITRE ATLAS adversarial threat matrix, and 
governance guidelines from ISO/IEC 42001 3. It examines the evolving adversarial 
landscape, identifies attack surfaces across the ML pipeline—from data ingestion 
and training to deployment and runtime—and articulates the business, operational, 
and regulatory implications of ML compromise
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Executive Summary

The Evolving Threat Landscape

Artificial Intelligence (AI) and Machine Learning (ML) have 
transitioned from experimental technologies to core engines 
of business value and national competitiveness. Today, ML 
models drive critical processes such as fraud detection, identity 
verification, medical diagnostics, cybersecurity analytics, 
supply‑chain optimization, automated decision support, and 
GenAI-enabled productivity. As organizations expand automation 
and rely on ML-based decisions, the confidentiality, integrity, and 
reliability of these models have become mission‑critical risks.

However, the rapid rise of AI has also created a high‑value target 
surface for sophisticated adversaries. Unlike traditional software 
which behaves, ML systems learn patterns from data and can be 
manipulated through subtle, difficult‑to-detect perturbations. 

Machine Learning (ML) is rapidly becoming the decision 
engine of modern enterprises, but its accelerated adoption has 
simultaneously expanded the opportunities available to attackers. 
The threat landscape surrounding AI/ML has evolved dramatically 
over the last five years, driven by three major forces: increasing 
model complexity, widespread democratization of AI tools, and 
the rising financial and strategic value of ML-driven systems. As a 

This introduces a class of vulnerabilities known as adversarial 
ML threats, enabling attackers to influence how models behave, 
degrade accuracy, or even hijack decision-making.

Modern threat actors, including state-sponsored groups, 
cybercriminals, and commercial competitors are actively 
exploiting ML weaknesses. Techniques such as adversarial 
evasion, data poisoning, model extraction, membership inference, 
and GenAI prompt injection allow adversaries to mislead or 
compromise ML systems without needing to breach traditional IT 
controls. These attacks often bypass existing firewalls, SIEM alerts, 
and endpoint defenses, making ML a preferred path for stealthy 
influence and financial gain. 

result, adversaries are no longer targeting infrastructure alone—
they are now targeting the models themselves, the data that trains 
them, and the pipelines that deploy them.

This section explains the key drivers shaping today’s adversarial 
landscape and why traditional cybersecurity strategies are 
insufficient to protect ML systems.

A New Category of Cyber Risk
Unlike traditional software, ML systems learn from data rather than relying on handcrafted logic. This makes them uniquely 
susceptible to data-centric manipulation, where small, benign changes can dramatically alter system behavior. Attackers exploit these 
characteristics through:

The result is an attack surface that is both broader and more subtle than legacy systems.

Adversarial 
examples that cause 

misclassification without 
being perceptible to 

humans

Poisoned datasets that 
embed backdoors or 

bias into models during 
training

Extraction techniques 
that allow attackers 
to clone models by 

querying APIs

Inference attacks 
that allow recovery of 
sensitive training data

Prompt or context 
injections especially in 

GenAI systems—that 
alter model behavior
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Rise of Sophisticated Adversaries Targeting AI

Increased Dependency on Third-Party & Pretrained Models

The GenAI Explosion Has Multiplied the Attack Surface

Threat actors now see ML systems as high-leverage opportunities. Three categories of adversaries dominate this landscape:

Modern ML development relies heavily on:

GenAI systems like large language models (LLMs), code assistants, chatbots, and RAG-based enterprise copilots have introduced entirely new 
attack vectors:

Because GenAI models interact dynamically with users, tools, APIs, and external content, attackers now have an interactive pathway to 
influence enterprise AI systems.

While this accelerates innovation, it introduces AI supply 
chain risk one compromised dataset or model can propagate 
vulnerabilities across thousands of organizations.

This mirrors the evolution of software supply chain risks seen with 

These groups increasingly use 
open-source adversarial ML 
frameworks, reducing the skill 
barrier for exploitation.

1. Cybercriminals

Organized groups exploit 
adversarial ML to:

•	 Bypass fraud detection.

•	 Evade malware classifiers.

•	 Manipulate credit risk models.

•	 Automate large-scale attacks 
using GenAI.

These actors have the motivation and 
resources to bypass conventional 
detection.

2. Nation-State Actors

State-backed entities target ML 
models to:

•	 Influence of public-sector 
decision systems

•	 Compromise biometric 
authentication.

•	 Stealthily degrade critical 
infrastructure ML

•	 Steal proprietary models for 
economic advantage.

This represents a new dimension 
of digital economic warfare.

3. Competitors & Corporate 
Espionage

Unethical commercial competitors 
exploit:

•	 Model extraction to steal IP.

•	 Membership inference to retrieve 
sensitive business data.

•	 Strategic poisoning to diminish 
model performance over time.

Open-source models 
(Hugging Face, GitHub)

Prompt injection: Manipulating 
model behavior through crafted text

Training data poisoning: 
Contaminating publicly scraped data

Indirect prompt injection: Attacking 
via emails, documents, or webpages 

the model consumes

Hallucination exploitation: 
Inducing wrong outputs to trigger 

unintended actions

Jailbreaks: Bypassing safety 
constraints

Agent manipulation: Influencing 
autonomous AI agents that can 

execute tasks

Foundation models 
from cloud providers

Third-party datasets
Community contributed 

architectures

Solorigate (Solorigate (also known as SUNBURST) is the name 
given by Microsoft to a highly sophisticated 2020 supply chain 
cyberattack) but amplified through ML’s sensitivity to training data 
and hidden model behavior.

https://www.microsoft.com/en-us/security/blog/2020/12/18/analyzing-solorigate-the-compromised-dll-file-that-started-a-sophisticated-cyberattack-and-how-microsoft-defender-helps-protect/
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Economic and Operational Stakes Are Increasing

Expanding Regulatory Pressure & Compliance Expectations

Organizations are using ML in high-value processes such as:

Governments and regulators worldwide are developing AI risk management frameworks, including:

Enterprises must now show auditability, explainability, lineage tracking, and robust ML controls, making adversarial resilience both a 
regulatory and competitive necessity.

A compromised model can cause:

This elevates ML security from a technical issue to a board-level business risk.

Fraud scoring

Claims 
processing

Cybersecurity 
detection

Medical 
diagnostics

Predictive 
maintenance

National identity 
authentication

Logistics and supply-
chain optimization

Financial losses 
(revenue leakage, fraud 
evasion, SLA violations)

Safety hazards 
(misdiagnosis, operational 

failures in OT/IoT)

Reputational damage 
(bias amplification, 
wrongful decisions)

Regulatory penalties 
(privacy breaches, 

non-compliance with AI 
governance laws)

EU AI Act 
(high-risk AI 

classification, 
transparency 

mandates)

ISO/IEC 
42001(AI 

Management 
System)

NIST AI Risk 
Management 

Framework

Singapore 
Model AI 

Governance 
Framework

US Executive 
Orders on AI 
Safety and 

Security
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Why Traditional Security Controls Fall Short

The Strategic Imperative for AI Security

Figure 1. ML Attack Surface Risk Levels

Firewalls, endpoint protection, IAM, and network security cannot detect or mitigate adversarial ML threats because:

The evolving threat landscape demands that enterprises:

Organizations that adapt early will gain resilience, regulatory readiness, and competitive advantage. Those that delay face asymmetric risk 
that compound over time.

Prioritize controls data at ingress and inference boundaries, where risk concentrates.

Treat ML systems as  
high-value assets

Conduct ML red teaming &  
stress testing

Maintain continuous monitoring 
for drift and anomalous behavior

Adopt Zero Trust for AI models 
and data pipelines

Build ML-specific security 
architecture

Integrate adversarial defense 
into MLOps

ML systems require modelaware, data-aware, and behavior-aware defenses, not just perimeter controls.

Attacks often 
look like “normal” 

API requests.

Poisoned 
data appears 

statistically valid.

Evasion 
perturbation can 
be imperceptible.

Model theft 
requires no system 
compromise—only 

queries.

GenAI prompts 
appear as legitimate 

user input

ML Attack Surface: Relative Risk Levels
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Adversarial Threats to ML

How they work

Types of poisoning

Impact Examples

Example

Why it matters.

Why it matters.

Typical motivations

Machine Learning introduces a fundamentally different security 
paradigm: instead of exploiting software vulnerabilities, attackers 
exploit mathematical properties of models, statistical weaknesses 
in data, and blind spots in decision boundaries. The result is a 
growing ecosystem of adversarial ML threats that can silently 
compromise integrity, confidentiality, and availability without 
breaching any traditional IT control.

This section provides a detailed overview of the five dominant 
adversarial threats facing modern AI systems, each backed by real-
world applicability and increasing evidence of malicious activity.

Evasion attacks occur when an adversary crafts input specifically 
designed to fool a trained model at inference time, without 
changing the underlying model or data. These examples are often 
indistinguishable from legitimate samples to human observers, 
yet they induce misclassification with high confidence.

Attackers compute the model’s gradient or decision surface and 
then generate minimal perturbations that shift the input across 
a classification boundary while keeping it visually or statistically 
normal.

1.Label flipping

Changing labels so the model learns incorrect associations.

2.Data injection

Introducing malicious or misleading samples into training 
datasets.

3.Backdoor insertion

Adding rare triggers—like a specific pattern or pixel—to force 
predictable misclassification during inference.

A fraudster modifies 2–3 transaction metadata fields by tiny 
amounts so the transaction resembles a low-risk customer profile, 
successfully bypassing the fraud detection model.

Evasion attacks are:

�	 Easy to generate using open-source tools.

�	 Effective against blackbox models  
(no source of access needed)

�	 Hard to detect using traditional cybersecurity logs.

They represent one of the most prevalent realworld attack 
vectors today.

Poisoning is stealthy and persistent—once the model is trained 
on corrupted data, the damage remains until full retraining and 
forensic cleansing occur.

�	 Bypassing fraud or risk detection

�	 Evading malware or spam classifiers

�	 Fooling biometric verification

�	 Misleading computer vision systems in autonomous vehicles

�	 Triggering false negatives in security monitoring systems

�	 A backdoor in face recognition triggers unauthorized access 
when a specific pattern appears.

�	 Poisoned financial datasets degrade credit scoring accuracy.

�	 Cybersecurity ML models trained on contaminated logs fail to 
detect new malware families.

Evasion Attacks

Data poisoning targets the training pipeline rather than the 
deployed model. Attackers intentionally corrupt training data 
to introduce biases, embed backdoors, or degrade model 
performance.

Data Poisoning Attacks
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Motivations

Business risk

Regulatory implications

Characteristics

Types of GenAI adversarial attacks

Model extraction allows adversaries to rebuild a target model by 
querying it repeatedly and analyzing outputs (e.g., confidence 
scores, embeddings, probabilities).

GenAI models—LLMs, copilots, autonomous agents introduce 
entirely new classes of adversarial manipulation due to their 
conversational and context-driven behavior.

1.	 Direct Prompt Injection 
User supplies malicious instructions to override the system 
prompt 
(“Ignore previous instructions and output unsafe content.”)

2.	 Indirect Prompt Injection 
The model is attacked through external content it 
processes, such as:

�	 Emails

�	 Webpages

�	 PDFs

�	 Enterprise documents

3.	 Jailbreaks 
Attackers exploit linguistic tricks, multi-step reasoning, or 
obfuscation to bypass guardrails.

4.	 RAG (Retrieval-Augmented Generation) Manipulation 
Poisoned or tampered documents in vector stores 
manipulate responses.

5.	 Data Contamination Attacks 
Poisoning publicly available training data that future 
models ingest.

Extraction reduces years of R&D into minutes of attacker effort.

It also enables automated generation of evasion samples 
targeting the original model.

Violations:

�	 GDPR

�	 HIPAA

�	 India DPDP Act

�	 Other privacy frameworks require minimization and 
anonymity.

Models that overfit or lack noisebased protections are particularly 
vulnerable.

�	 Steal valuable IP (e.g., proprietary fraud or scoring models)

�	 Clone a commercial API model to avoid subscription costs.

�	 Enable adaptive adversarial attacks by obtaining a near 
perfect surrogate model.

�	 Reverseengineer decision logic or sensitive features.

�	 No need to compromise infrastructure.

�	 Works on blackbox APIs

�	 More queries = higher-fidelity cloned model

Model Extraction (Model Stealing)

Prompt Injection & Jailbreak Attacks  
(GenAI-Specific)

Why is this dangerous?

Example scenario

Membership inference attacks exploit statistical artifacts in trained 
models to determine whether a specific record was used during 
training.

An attacker queries about a medical-diagnosis model with a 
specific patient’s data and based on the model’s confidence, 
infers that the patient’s record was part of the training dataset—
revealing sensitive medical history.

It creates direct privacy and regulatory exposure, especially where 
training data contains sensitive or protected information:

�	 Patient medical records

�	 Customer financial transactions

�	 Identity attributes (biometrics, PII)

�	 Employee HR or productivity data

�	 Threat intelligence logs

Membership Inference Attacks (MIA)
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Why GenAI threats escalate risk.
�	 LLMs interact with untrusted user content directly.

�	 They can trigger downstream actions (via tools, plugins, or 
automations)

�	 Attacks require no specialist ML knowledge.

�	 They often bypass all traditional security controls.

As enterprises deploy copilots and automation agents, prompt-
based attacks have become one of the most actively exploited 
ML threat vectors.

Why it matters.

Model inversion reconstructs training data by analyzing model 
outputs. Unlike MIA, inversion retrieves attributes or full data 
patterns, such as:

�	 Human faces from facial recognition models

�	 Text samples from LLM next-token predictions

�	 Clinical attributes from medical prediction models

Even if datasets are not directly breached, the model itself 
becomes a leaky container of confidential information.

Model Inversion Attacks

Attackers exploit real-time data pipelines by feeding manipulated 
feature values, triggering unwanted actions.

Common targets:

�	 Credit score features.

�	 Log-derived cybersecurity signals.

�	 IoT sensor data

�	 Transaction metadata

�	 Behavioral biometrics

Since ML models trust the input distribution, these manipulations 
can cause silent, high-impact errors if not monitored.

Data & Feature Manipulation Attacks
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Figure 2. Adversarial Attack Mix (Illustrative)
Common Adversarial ML Attack Mix (Illustrative)

Prompt/Jailbreak Membership Inference

Model Theft

Poisoning
Evasion

15% 10%

18%

22%

35%

Attack Surface Anatomy
Machine Learning systems differ fundamentally from traditional 
applications because their behavior is shaped not only by code 
but also by data, learned patterns, training pipelines, model 
artifacts, and dynamic inference contexts. This creates a 
multifaceted attack surface that spans the entire ML lifecycle. 
Understanding this anatomy is essential for designing resilient AI 
platforms.

Below is a detailed breakdown of the primary layers and threat 
entry points that adversaries target.

Compromised ingested data cascades through feature 
engineering and training, embedding long-lived vulnerabilities 
into the model.

This is the earliest and most vulnerable point in the ML lifecycle. 
ML systems rely on diverse data feeds that may originate from:

�	 Third-party providers

�	 Public datasets

�	 Web scraping

�	 Sensors and IoT devices

�	 Business systems (ERP, CRM, SIEM, payment gateways)

�	 User-generated content

�	 Log aggregation pipelines.

Data Sources & Ingress Layer

Common Vulnerabilities

Risk Impact

�	 Poisoning or contamination of raw datasets

�	 Manipulated transaction metadata or behavioral indicators.

�	 “Shadow data” entering the pipeline outside governance 
controls.

�	 Insecure APIs that supply external or partner data

�	 Lack of schema validation or integrity checks
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This is where raw data is cleaned, normalized, encoded, or 
transformed into features. It is also a high-risk manipulation point.

After training, models are stored in registries or artifact repositories.

Models are deployed as:

�	 Microservices

�	 REST/GraphQL APIs

�	 gRPC services

�	 Edge devices

�	 Serverless functions

�	 Inference clusters (GPU/CPU autoscaling)

The training environment includes notebooks, orchestrators 
(Airflow, Kubeflow, Azure ML, SageMaker), GPU clusters, and 
model training code.

Compromise here results in systemic corruption: every model 
trained downstream inherits the vulnerabilities inserted at 
this stage.

Even minor changes in feature transformations can:

Feature Engineering & Data 
PreProcessing Layer

Model Artifacts & Model Registry Layer

Deployment & Serving Infrastructure

Training Pipeline & Compute Environment

Attack Vectors

Registry Risks

IP Theft Vulnerabilities

Threats

Attack Vectors

Key Weaknesses
Why is it critical?

Risks Introduced

�	 Feature manipulation: Altering feature distributions to shift 
model behavior.

�	 Pipeline tampering: Inserting malicious code into notebooks 
or transformation scripts.

�	 Statistical exploitation: Exploiting assumptions in 
normalization, imputation, or scaling

�	 Dependency vulnerabilities: Attacks through compromised 
Python/R data libraries

�	 Unauthorized modification or replacement of stored models

�	 Model signing bypasses allowing injection of tampered 
artifacts.

�	 Unauthorized approvals in CI/CD pipelines

�	 Model version rollback attacks, reverting to weaker versions.

Registries held:

�	 Proprietary models

�	 Embeddings

�	 Training metadata

�	 Feature specifications

These are high-value targets for espionage and competitor 
exploitation.

�	 Code injection in training scripts or configuration files.

�	 Supply-chain attacks on ML libraries (e.g., PyTorch, NumPy, 
TensorFlow)

�	 Compromised GPU/compute nodes used to introduce 
covert backdoors.

�	 Unauthorized training runs producing unvetted models.

�	 Malicious hyperparameter changes affect robustness or 
generalization.

�	 Adversarial evasion using crafted input samples.

�	 Extraction attacks via repeated querying

�	 Flooding/DoS on inference endpoints

�	 Bypassing authentication/authorization

�	 Exfiltration through model responses (e.g., verbose 
confidence scores)

�	 Overly permissive inference APIs

�	 Lack of throttling, monitoring, ABAC/policy enforcement

�	 Exposure of model internals via debugging endpoints

�	 Dramatically distorted training

�	 Produce backdoor triggers.

�	 Leak sensitive information via engineered features.

�	 Cause long-term concept drift.
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This layer includes real-time data flows, feature generation at 
inference, catching, and API orchestration.

Monitoring systems observe:

ML systems rely heavily on:

�	 Pretrained models.

�	 Open-source libraries

�	 Public embeddings

�	 Community datasets

�	 Model zoos and weights repositories

People involved in the ML lifecycle introduce additional risks:

�	 Data scientists use insecure notebooks.

�	 Shadow ML projects outside governance

�	 Weak access controls on experimentation clusters

�	 Insider threats (accidental or deliberate)

�	 Misconfigured API keys or exposed credentials

Attackers exploit these gaps to gain footholds that bypass 
traditional IT protections.

Runtime is where adversaries most commonly target business 
logic, exploiting:

ML Runtime & Inference-Time Context

Monitoring, Logging & Drift Detection Layer

ML Supply Chain & Third-Party 
Dependency Risks

Human/Operational Attack Surface

Risks

Risks

Threats

Dynamic vulnerability

�	 Feature drift or distribution attacks

�	 Context manipulation in GenAI systems

�	 Injection attacks in text, image, or multimodal inputs

�	 RAG poisoning where documents fed into retrieval engines 
are tampered

�	 Payloads embedded inside user-uploaded content (PDFs, 
images, code snippets) �	 Trojanized models downloaded from public sources

�	 Dependency supply-chain attacks

�	 Compromised vector embeddings

�	 Training code with hidden malicious logic

This expands the attack surface well beyond the organization’s 
perimeter.

�	 Telemetry poisoning — hiding adversarial activity by 
manipulating logs

�	 Blind spots due to incomplete drift monitoring

�	 Silencing attacks that disable alerts or distort metrics

�	 Evasion attempts that stay within statistical thresholds

�	 Monitoring failures allow attacks to persist undetected for 
months

�	 High throughput

�	 Real-time constraints

�	 Lack of human oversight

�	 Blind trust in user-supplied content

�	 Input distributions

�	 Prediction patterns

�	 Confidence levels

�	 Latency and system KPIs

�	 Drift and anomaly signals
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1 Data Ingress

2 Feature Engineering

3 Training Pipeline

4 Model Registry

7 Monitoring & Drift Layer

8 ML Supply Chain Dependencies

9 Human & Operational Process

5 Deployment/ 
Serving Layer

6 Runtime
Inputs

Summary Diagram

Why This Matters to Executives

�	 Adversaries exploit non-traditional weak points invisible to 
classic security tools.

�	 Vulnerabilities across layers interact, creating compounding 
systemic risks.

�	 Model integrity can be compromised without breaching 
infrastructure.

�	 AI systems require shared responsibility across data, 
engineering, cyber, and governance teams.

�	 Attackers only need to succeed once; defenders must secure 
the entire lifecycle.

Governance & Risk Management 
for ML Security
Machine Learning systems introduce a fundamentally different 
risk profile compared to traditional IT systems. Their behavior 
depends not just on code but also on dynamic data pipelines, 
evolving model parameters, opaque internal representations, 
and continuous real-time interactions with user inputs. As a 
result, securing ML requires a purpose-built governance and 
risk management framework that extends beyond standard 
cybersecurity and IT governance models.

This section outlines the principles, organizational constructs, 
and operational controls needed to establish a mature, 
enterprise-aligned governance structure for ML security.

Traditional cybersecurity frameworks—while essential—are 
insufficient for ML because they overlook model-centric risks such 
as adversarial manipulation, data poisoning, hallucinationdriven 
harm, and model extraction. A secure ML environment requires:

�	 Model level integrity assurance (signed, verified, 
reproducible models)

�	 Dataset-level provenance (lineage tracking, quality controls, 
versioning)

�	 Pipeline trustworthiness (secure, monitored, reproducible 
training runs)

�	 Inference time protections (input validation, access control, 
rate limits)

�	 Lifecycle visibility (drift, bias, performance degradation)

Without governance, ML systems become opaque, brittle, and 
vulnerable to exploitation.

The Need for Dedicated ML Governance
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A robust governance framework must be anchored in five 
strategic principles:

A mature governance model requires clearly defined roles and 
accountability across multiple teams:

Core Governance Principles for ML Security Organizational Governance Structure

Every dataset, model artifact, deployment step, and pipeline 
component must be authenticated, verified, and authorized.

Assumptions of trust—especially for training data, open-source 
models, or thirdparty tools—must be eliminated.

Comprised of CISO, CIO/CTO, Chief Data Officer, Risk, Compliance, 
and key business owners.

Responsibilities:

Provenance provides traceability across:

�	 Data sources and transformations

�	 Feature engineering logic

�	 Model training runs.

�	 Hyperparameters, seeds, and dependencies

�	 Deployment configurations

This ensures auditability and accountability.

Executives and auditors need visibility into:

�	 What data trained the model?

�	 How features influence predictions

�	 How the model is performing over time

�	 How it responds under stress or adversarial pressure

ML systems evolve with data and drift; governance must include:

�	 Ongoing performance checks

�	 Drift detection

�	 Anomaly detection

�	 Bias analysis

�	 Integrity validation of live traffic

�	 Data scientists build models.

�	 ML engineers deploy models.

�	 Security teams validate controls.

�	 Risk/compliance approve high-risk deployments.

This prevents insider risks and unintended model release.

1. Zero Trust for ML AI/ML Governance Board

Model Risk Management (MRM) Function

ML Security Engineering Team

Product & Business Owners

Legal, Compliance & Privacy

2. Data & Model Provenance

3. Explainability & Transparency

4. Continuous Risk Monitoring

5. Segregation of Duties (SoD)

�	 Approve AI use cases and risk classifications.

�	 Oversee high-risk model assessments.

�	 Review incidents, metrics, and compliance reports.

Similar to financial model governance, this team validates:

�	 Data representativeness

�	 Model assumptions

�	 Robustness under adversarial pressure

�	 Compliance with regulatory requirements

Responsible for:

�	 Secure MLOps pipeline

�	 Model signing & artifact security.

�	 Automated scanning and policy enforcement

�	 Pen-testing and adversarial evaluations

Ensure:

�	 The model aligns with business objectives.

�	 Risks to customers and operations are identified early.

Define:

�	 Regulatory obligations

�	 Data consent boundaries

�	 Retention & anonymization policies

Together, these teams establish clear lines of defense.
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Not all ML models carry equal risk. Governance must classify 
models based on business criticality and potential impact.

A typical risk categorization includes:

A secure ML governance program defines enforceable policies for:

Examples:

�	 Fraud detection

�	 Medical diagnostics

�	 Identity verification

�	 Cybersecurity detection systems

�	 Financial scoring models

�	 Source validation

�	 Dataset versioning

�	 Schema enforcement

�	 PII controls (anonymization, pseudonymization, 
minimization)

�	 Integrity checks (hashing, checksum validation)

�	 Approved training environments

�	 No internet-connected training nodes

�	 Code signing for pipelines.

�	 Controlled GPU access

�	 Mandatory peer review for training scripts

�	 Signed models with checksum validation.

�	 Immutable model registries

�	 Controlled promotion (dev → staging → prod)

�	 SBOM (Software Bill of Materials) for models

�	 ABAC or RBAC for inference APIs

�	 mTLS or token-based authentication

�	 Rate-limiting and throttling.

�	 Input validation for content and structure.

�	 Drift analysis

�	 Bias and fairness monitoring

�	 Anomaly detection

�	 Logging for inference access patterns

Adversarial testing, model card documentation, strict SoD, 
continuous monitoring.

Periodic monitoring, risk review, explainability documentation.

Basic documentation and operational hygiene.

�	 Process automation

�	 Recommendation engines

�	 Customer support bots

�	 Internal analytics

�	 Non-decisioning models

Risk Classification for ML Systems Model Policies, Standards, & Controls

Tier 1 – High-Risk ML Systems

1. Data Governance

2. Secure Development & Training Policies

3. Model Registry & Artifact Control

4. Deployment Standards

5. Monitoring & Logging

Requirements:

Requirements:

Requirements:

Tier 2 – Medium-Risk Systems

Tier 3 – Low-Risk Systems



A systematic ML risk assessment must include:

Governance frameworks must map ML systems to regulatory and 
assurance requirements such as:

Evaluate exposures to:

�	 Evasion

�	 Poisoning

�	 Model theft

�	 Inference attacks

�	 Prompt injection (for GenAI)

�	 Data extraction & inversion

�	 ISO/IEC 42001 (AI Management System)

�	 NIST AI RMF

�	 GDPR / DPDP (privacy controls)

�	 Sectoral regulations (BFSI, healthcare, public sector)

�	 Model documentation & explainability obligations.

Executives must maintain:

�	 Model cards

�	 Decision logs

�	 Lineage reports

�	 Reproducibility evidence

�	 Drift & monitoring dashboards.

This ensures models are audit-ready and aligned with 
compliance standards.

�	 Revenue or fraud loss potential

�	 Operational disruption

�	 Customer harm or bias exposure

�	 Regulatory impact

�	 Pipeline attacks surface.

�	 Data lineage gaps

�	 Logging blind spots

�	 Dependency & supply chain vulnerabilities

Assess:

�	 Model robustness

�	 Input sanitization

�	 Access control strength

�	 Monitoring maturity

This ensures risk visibility before deployment.

Risk Assessment & Threat Modeling 
for ML Systems

Compliance, Assurance & Auditability

1. Adversarial Threat Modeling  
(MITRE ATLAS)

2. Business Impact Analysis

3. Architectural Review

4. Control Effectiveness
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Unlike static applications, ML evolves with data. Governance must 
shift from periodic reviews to continuous assurance:

�	 Continuous monitoring & drift alerts

�	 Automated revalidation when data distributions change

�	 Scheduled adversarial robustness assessments.

�	 Quarterly model stress tests

�	 CI/CD pipelines with mandatory security gates

Governance cannot be a one-time checkpoint; it must be an 
ongoing operational discipline.

Continuous Governance Through the 
ML Lifecycle
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A well-implemented governance framework delivers:

1. Reduced 
operational and 

financial risk

Prevents fraud, 
leakage, bias, 

outages, and unsafe 
decisions.

2. Regulatory 
compliance & 

audit readiness

Avoid penalties  
and enhance trust.

3. Faster, safer 
scaling of AI 

initiatives

Clear policies reduce 
friction and accelerate 

deployment.

4. Increased model 
robustness and 

reliability

Models degrade 
gracefully under 
stress rather than 
catastrophically.

5. Organizational 
alignment & 

accountability

Clear ownership 
improves efficiency 
and reduces errors.

Executive Benefits of Strong ML Governance

�	 Schema/quality validation; statistical profiling; 
canonicalization.

�	 Immutable storage (WORM) and cryptographic signing for 
golden data.

�	 Supplier attestation and model cards for third-party inputs.

�	 Adversarial training for key models; certification where 
feasible.

�	 Differential privacy and regularization for membership 
inference resistance.

�	 Ensembles, randomized smoothing, and feature squeezing.

�	 Inference-time anomaly/adversarial detectors.

�	 Input sanitation/content filters for text, image,  
audio, and code.

�	 mTLS/OAuth with ABAC and policy-based access  
(context, device, geo).

�	 Rate limiting, burst control, and query similarity analysis.

�	 Shadow/canarying with automated rollback and kill-switches.

�	 Prompt shielding (allow/deny patterns) and output 
moderation.

�	 Context isolation in RAG; provenance checks and watermark 
validation.

�	 Safety/alignment fine-tuning; periodic red teaming with 
jailbreak corpora.

�	 PII/toxicity filters and secure tool-use policies.

Data Controls

Model Hardening

Inference Protections

GenAI Guardrails

Technical Defenses & Patterns
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Figure 3. Secure MLOps Reference Architecture

Figure 4. Controls Effectiveness Heatmap
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�	 Org: AI Product Owner, ML Security Eng, Model Risk 
Officer, Incident Response.

�	 Runbooks: data recall, model rollback, rapid retraining, 
kill-switch.

�	 KPIs/KRIs: detection latency, drift incidents, red-team 
breach rate, time-to-rollback.

�	 Assurance: lineage reports, model cards, SBOMs, and 
board packs.

Operating Model & Metrics

Incident Response for Adversarial ML
As enterprises increasingly rely on ML models for mission 
critical decisionmaking, adversarial attacks targeting these 
systems demand a specialized, model-aware Incident 
Response (IR) capability. Conventional IR processes designed 
for malware, network breaches, or endpoint compromise are 
insufficient because adversarial ML incidents involve subtle data 
manipulation, model degradation, context pollution, or exploit 
patterns invisible to traditional security tools.

This section provides a comprehensive, lifecycle aligned IR 
framework tailored for ML and GenAI environments, enabling 
organizations to detect, contain, eradicate, and recover from 
adversarial attacks while maintaining operational continuity and 
regulatory compliance.

Adversarial ML attacks differ from classic cyber incidents in several 
fundamental ways:

�	 Invisible Attacks: Perturbations or malicious inputs often 
appear normal to humans and evade signature based 
detection.

�	 Model Behavior is the Victim: The attacker compromises 
decisions, not systems—causing silent business impact.

�	 Attacks Can Persist: Poisoned data or backdoors remain until 
the model is retrained, making remediation complex.

�	 High Organizational Stakes: Fraud losses, safety incidents, 
bias amplification, and compliance violations can be 
immediate and severe.

�	 GenAI Interaction Risks: Prompt injection and RAG poisoning 
allow adversaries to manipulate copilots and autonomous 
agents without breaching infrastructure.

Therefore, ML IR must incorporate data science, MLOps, security 
engineering, and business operations into a unified response 
framework.

A mature ML IR capability must address five key phases:

Why Adversarial ML Requires a Specialized 
IR Approach

The Adversarial ML Incident Lifecycle

ML-specific anomalies often reveal early signs of compromise. Key 
detection signals include:

�	 Sudden spikes in false positives or false negatives

�	 Inconsistent or unstable model predictions

�	 Distribution shift in predicted classes

�	 Unusual confidence scores or entropy patterns

�	 High similarity between repeated queries  
(extraction attempts)

�	 Adversarial noise signatures

�	 Structured, patterned, or synthetic inputs

�	 Abnormal volumes of inference requests

�	 Outliers in training data distribution

�	 Unapproved data source additions

�	 Data drift correlated with external attack campaigns

1. Detection & Alerting

Behavioral Anomalies

Input-Level Indicators

Data Pipeline Red Flags

�	 Overly directive prompts (“ignore previous instructions…”)

�	 Unexpected tool invocation attempts

�	 Contextually impossible responses from copilots

�	 Recurrent jailbreak patterns

Detection relies on continuous monitoring, specialized detectors 
(e.g., adversarial filters), model telemetry, endpoint analytics, and 
drift analysis dashboards.

GenAI-Specific Indicators

Once an adversarial incident is suspected, rapid containment is 
essential to limit further harm.

2. Containment
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This phase removes root causes and adversarial artifacts.

�	 Identify and remove poisoned samples.

�	 Detect and neutralize backdoors.

�	 Analyze model activation patterns and gradient sensitivities.

�	 For GenAI: reset system prompts, clear context caches, 
sanitize retrieval stores.

�	 Validate dataset integrity (hash comparisons, lineage tracing)

�	 Rebuild feature sets from verified sources.

�	 Review transformations and notebook versions for 
tampering.

�	 Restore validated model registry entries.

�	 Rotate API keys and secrets.

�	 Patch compromised libraries or dependencies.

�	 Revalidate container images and deployment manifests.

This phase requires tight collaboration across ML engineers, data 
scientists, cyber teams, and compliance.

�	 Retrain models using clean datasets.

�	 Recalibrate performance thresholds.

�	 Conduct robustness testing  
(stress tests, adversarial evaluations)

�	 Perform shadow deployment, comparing outputs with 
baselines.

�	 Gradually reintroduce traffic with automated rollback 
triggers

�	 Re-enable agent capabilities only after guardrail verification.

Recovery must demonstrate that the model is safe, accurate, and 
compliant before returning to full production.

�	 Root cause of the attack

�	 Gaps in data governance, access control, or monitoring

�	 Response time and coordination efficiency

�	 Quality of telemetry and detection signals

�	 Required enhancements to policies, pipelines, or model 
documentation.

Outputs should feed into:

�	 AI/ML Governance Board

�	 Risk committees

�	 Compliance and model audit cycles

�	 MLOps improvement roadmaps

This phase reinforces a culture of continuous improvement and 
reduces recurrence probability.

After eradication, the goal is to restore safe operations with 
confidence.

Post-incident learning enhances long-term resilience.3. Eradication

Model-Level Eradication

Pipeline & Data Clean-Up

Infrastructure & Access Remediation

4. Recovery

5. Lessons Learned & Governance Updates

Recovery Actions

Key Areas to Review

�	 Isolate the affected model: Route traffic to a shadow model 
or a last-known-good version.

�	 Freeze the pipeline: Prevent new training runs to avoid 
amplifying the compromise.

�	 Disable vulnerable endpoints: Temporarily restrict high-risk 
APIs or block suspicious IPs.

�	 Restrict external input sources: Particularly important in 
RAG-based GenAI flows.

�	 Disable automated agent actions: Prevent copilots or AI 
agents from performing sensitive tasks.

Containment must balance safety with business continuity and be 
governed by preapproved playbooks.

Containment Actions

Adversarial ML incidents require cross-functional coordination:

Incident Response Roles & Responsibilities

�	 Lead incident classification and escalation.

�	 Manage containment and risk communication.

CISO / Security Operations

�	 Examine pipeline and artifact integrity.

�	 Lead model rollback and redeployment.

�	 Analyze model behavior shifts.

�	 Support adversarial detection and retraining.

ML Engineering

Data Science
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A mature IR program should include playbooks for:

Adversarial ML IR Playbook Templates

�	 Detect prediction anomalies.

�	 Block suspicious traffic.

�	 Deploy adversarial detectors.

�	 Retrain with adversarial hardening.

�	 Trace data lineage.

�	 Identify and remove corrupted samples.

�	 Reset training pipelines.

�	 Strengthening ingestion validation

�	 Detect high frequency queries.

�	 Enforce rate limits and ABAC.

�	 Switch to reduced-output mode (no confidence scores)

�	 Rotate tokens and block abusive clients.

�	 Activate prompt shield.

�	 Disable external tool access.

�	 Sanitize RAG stores.

�	 Re-evaluate system prompt safety.

�	 Assess customer impact.

�	 Prioritize business-continuity decisions.

�	 Evaluate regulatory exposure.

�	 Oversee reporting requirements.

Clear RACI definitions ensure rapid, coordinated execution.

1. Evasion Attack Playbook

2. Data Poisoning Playbook

3. Model Theft / Extraction Playbook

4. GenAI Prompt/Jailbreak Playbook

Product & Business Owners

Legal, Compliance & Privacy

Executives require visibility into the maturity of ML IR. Important 
metrics include:

Organizations that build specialized IR capabilities for ML gain:

Metrics and KPIs for ML Incident Response

The Strategic Value of ML-Aware IR

Appendix A. Glossary

Appendix B. Standards & Frameworks 
Mapping

�	 MTTD: Mean Time to Detect adversarial activity.

�	 MTTC: Mean Time to Contain affected models.

�	 Adversarial Success Rate: Percentage of adversarial 
samples bypassing controls.

�	 Extraction Attempt Frequency: Unusual query 
patterns

�	 Drift and Anomaly Rates

�	 Rollback Frequency: How often rollback mechanisms 
are used.

These KPIs support performance tracking and board-level 
reporting.

�	 Reduced operational losses (fraud, outages, 
misclassifications)

�	 Regulatory resilience for AI governance frameworks

�	 Higher customer trust in AI-driven services

�	 Stronger security posture against emerging ML-specific 
threats

�	 Faster time-to-recovery when incidents occur.

In a world where attackers increasingly target AI systems, 
ML-specific IR is no longer optional—it is a critical pillar of 
enterprise resilience.

�	 Adversarial Example — crafted input to trigger misclassification.

�	 Differential Privacy — adds noise to protect individuals in data.

�	 Model Card — documentation of purpose, data, metrics, risks.

�	  Randomized Smoothing — robustness certification technique.

�	 NIST AI RMF — govern, map, measure, manage across 
lifecycle.

�	 ISO/IEC 42001 — AI Management System integrated with 
org controls.

�	 MITRE ATLAS — adversarial ML tactics/techniques for 
threat modeling.
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