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Introduction

The age of autonomous systems is here: robo-taxis, surgical robots, drone deliveries,
warehouse automation, and beyond. At the heart of this revolution lies a complex web of
algorithms, sensors, edge computing, and real-time decision-making engines. But
autonomy doesn’'t succeed in the lab; it succeeds in the chaos of reality. And that success
hinges on one cornerstone: Testing.

Autonomous robotic systems (ARS) operate with varying degrees of independence in
dynamic environments. Autonomous systems learn, adapt, and make probabilistic
decisions, unlike traditional machines that follow deterministic rules. They process
enormous volumes of sensor data, fuse that information in milliseconds, and execute
motor actions with implications ranging from product damage to human safety.

That's why testing autonomous systems is not a QA checkbox; it's a mission-critical,
multidisciplinary engineering challenge. It's about ensuring these systems behave
reliably, ethically, and safely in all real-world conditions, including edge cases.
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Purpose of this eBook

This eBook will walk you through the end-to-end process of testing autonomous robotic
systems across the pillars of stress, simulation, and scalability, with insights from leading
industries and cutting-edge research.

1. Beyond the Lab:
Testing Autonomous Robots for the
Chaoos of the Real World

Autonomous robotic systems, from autonomous vehicles and drones to industrial robots
and underwater explorers, are increasingly deployed in complex, dynamic real-world
environments. Ensuring their safety, reliability, and robust performance under various
conditions is critical.

Traditional field testing alone is insufficient due to the vast number of possible scenarios
and environmental variables. Thus, advanced testing methodologies, stress testing,
simulation, and scalable validation frameworks are essential to uncover hidden failures
and optimize system design.

2. Understanding Autonomous
Robotic Systems

Autonomous Robotic Systems (ARS) are not a singular technology, they are the result of
converging advancements in artificial intelligence, robotics, sensor technologies, control
theory, and embedded systems. What makes them “autonomous” is their ability to
perceive the environment, make decisions without human input, and execute actions to
fulfill tasks, even in unpredictable conditions.
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Key sectors include:

&

Automotive:
Autonomous vehicles (AVs),
parking robots

N J
Healthcare:
Surgical robots, disinfection
bots
N J

N

N

A 2024 report by ABI Research states that over 12 million autonomous
robots are expected to be deployed across industries by 2030.

o

[ 1]
00000

Manufacturing:
Collaborative robots (cobots),

logistics bots

J

o

Agriculture:
Autonomous tractors,
drones

Defense & Aerospace:
Recon bots, autonomous

submarines

J

These systems rely on sensors, Al algorithms, embedded systems, and mechanical
engineering. Testing them is no longer about checking code but validating behavior in

context.
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2.1 Core Components of ARS:

Perception
Systems:

Sensor Fusion:

Localization and
Mapping (SLAM):

Planning and
Control:

Decision-Making
and Learning
Algorithms:

~

ARS rely on high-fidelity perception mechanisms, using
cameras, LiDAR, radar, ultrasonic sensors, and IMUs
(Inertial Measurement Units). These sensors help the
system “see” and “feel” the environment in real time.

To interpret complex scenes, ARS merge inputs from
multiple sources, fusing visual, spatial, and inertial data
for a coherent model of their surroundings. Advanced
Kalman filters, probabilistic models, and deep learning

help in this stage. )

~

Simultaneous Localization and Mapping (SLAM) is
critical for mobile robots. They must understand where
they are and build maps of the environment
concurrently.

J

\
ARS don’t just know where they are, they plan what to do

next. Path planning, trajectory optimization, and
feedback control loops enable them to navigate and
interact safely.

J

~

Reinforcement learning, behavior trees, or rule-based
systems determine how the robot reacts to obstacles,
humans, or unexpected changes.

J

~

Precision actuators convert decisions into movements,
whether rotating an arm, driving a wheel, or activating a

gripper.

J
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2.2 Levels of Autonomy

No autonomy

(fully

teleoperated) Conditional
autonomy

Le- (can handle
some decisions)
ove 127
Assistive I—e-

systems
(partial Le

autonomy)
High autonomy Le-

(can operate
independently in
known conditions)

Full autonomy
(all environments,
all scenarios)

Most real-world ARS deployed today fall between Level 2 and Level 4, especially in
warehousing, drones, and industrial use cases. Achieving Level 5 remains the "holy grail",
but testing complexity increases exponentially with each autonomy level.

2.3 Industry Examples

» Autonomous Delivery Robots: FedEx Roxo and Starship robots operate on sidewalks
with Level 4 autonomy.

» Surgical Robots: The Da Vinci Surgical System uses precise but semi-autonomous
techniques with heavy human oversight.

» Autonomous Vehicles (AVs): Waymo and Cruise are pioneering Level 4 autonomous
taxis in controlled cities.

» Agricultural Drones: DJI and others are developing drones that spray pesticides and
monitor crops autonomously.

e-Book | 6
B |

3. Understanding Stress in
Autonomous Robotic Systems

3.1 Definition of Stress in Robotics

In robotics engineering, stress analysis traditionally refers to evaluating mechanical
stress and strain on robotic components to ensure structural integrity and longevity.
However, in the context of autonomous systems, "stress" also encompasses operational
stress, conditions that challenge the autonomy of software and hardware, such as sensor
noise, environmental variability, unexpected agent behavior, and computational errors.
These stresses can induce failures ranging from degraded performance to catastrophic
safety hazards.

3.2 Types of Stress Affecting Autonomous Robots

» Mechanical Stress: Physical forces acting on robot parts, including bending, tension,
and fatigue, impact hardware durability.

» Environmental Stress: Variability in lighting, weather, terrain, and underwater conditions
affecting sensors and actuators.

» Computational Stress: Software faults triggered by abnormal inputs, sensor failures, or
unexpected system states.

» Interaction Stress: Dynamic interactions with other agents or obstacles, especially in
multi-agent or adversarial environments.

Understanding these stress types is essential for designing comprehensive testing
strategies that simulate real-world challenges.
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4. The Unique Testing Challenges of Autonomy

N

Testing traditional software systems involves predictable inputs, controlled environments, and deterministic behaviors, making validation relatively straightforward. In contrast, testing
autonomous robotic systems requires evaluating performance under dynamic, unstructured, and often adversarial real-world conditions.

Autonomous systems bring with them an explosion of unpredictability. They must operate without explicit human control, react to novel scenarios, and do so with precision in real-time. Testing
such complexity isn’t just about functional verification but behavioral validation in every conceivable (and inconceivable) situation.

Challenge 1: The Curse of Edge Cases

One of the most significant challenges is edge case proliferation. These
rare scenarios may not appear in training data or during development, yet
they can cause catastrophic failures.

Challenge 2: Infeasibility of Exhaustive Testing

The input space is near-infinite. Every test must account for combinations
of lighting, weather, terrain, human behavior, time-of-day variations, and
adversarial inputs.

Challenge 3: Real-Time and Latency Constraints

Many ARS are deployed in complex real-time systems. A delay of even 100
milliseconds could result in:

According to a 2024 study by MIT CSAIL, edge cases account for over 90% of

real-world failures in autonomous systems but occur in less than 1% of testing hours.

For example, testing a warehouse robot might require:

Navigating
1,000"‘ potential

layout variations.

Avoiding dozens of Operating across

dynamic obstacles shifting lighting and

noise conditions.

(humans, forklifts).

This leads to a combinatorial explosion of test scenarios. Testing every possibility is
computationally and financially impossible.

robotic arm crashing into an object,
drone miscalculating wind drift and colliding mid-air,

car misjudging a braking event and causing an accident.

Testing must measure system behavior across the perception-planning-action loop, ensuring
response times stay within safe bounds under all load conditions.
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Challenge 4: Non-Determinism and Al Opacity

Machine learning Stochastic planning Sensor noise and

Unlike deterministic systems, many ARS behaviors are non-deterministic, inference algorithms environmental variance
driven by:

This raises a massive problem: How do you know if the system’s decision was “right”?

Testing must shift from traditional pass/fail logic to probabilistic validation. Moreover,

explainability in Al systems is still maturing. This makes root-cause analysis of failures complex

and requires sophisticated observability tools.
Challenge 5: Hardware-in-the-Loop (HIL) > Sensors (LIDAR,IMU) > Onboard compute units (GPUs, TPUs)  » Embedded software
and Integrdtion Complexity » Mechanical actuators  » Networking (5G, edge-to-cloud)

Autonomous robots are a symphony of subsystems: Each layer must be tested independently and then together under coordinated stress. HIL testing

setups require physical environments, emulators, robotic arms, motion platforms, and specialized
rigging, making them expensive and time-consuming.

Challenge 6: Safety, Liability & Regulatory Scrutiny > ARS in hospitals must comply with FDA and ISO 13485.
Safety isn't negotiable in healthcare, automotive, aerospace, and defense. » Autonomous vehicles fall under SAE J3016, UNECE WP.29, and NHTSA guidelines.
Any failure can result in legal liabilities or loss of life. » Drones must adhere to FAA Part 107, EASA, and local airspace laws.

Testing must include fail-safe verification, ethical decision modeling, and regulatory test suites,
not just functionality.

Challenge 7: Validation at Scale and in the Wild B a delivery bot recognize snow-covered curbs?
I a firefighting robot operate during heavy smoke and heat?

After passing lab tests, systems must prove themselves in live operational ) ) )
& . 4 > . a warehouse AGV avoid newly placed inventory racks overnight?

environments.

And this is precisely why testing autonomous robotic systems for the real world is crucial.
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b. Stress Testing:
Pushing Limits in Controlled Chaos

Stress testing is about breaking the system - intentionally, aggressively, and repeatedly.
The goal is to push autonomous robotic systems beyond normal operating conditions to
uncover how they degrade, fail, or recover under pressure. In the real world, autonomy isn’t
defined by how well a system performs when everything is perfect, but by how gracefully it
fails when things go sideways.

5.1 What is Stress Testing for ARS?

High CPU/GPU/thermal loads

Extreme or distorted sensor inputs

Interruptions in communication or power

Unusual environmental stimuli (low light, fog, reflective surfaces)

Malfunctioning submodules (camera drop, LiDAR data loss)
It answers vital questions:

« Will the system continue to operate, fail safely, or
behave unpredictably?

« How does it prioritize operations under overload?

« Can it recover without human intervention?

\_ /
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5.2 Types of Stress Testing

N

Introduce adversarial images, sensor occlusions (e.g.,
dust or glare on cameras), and environmental
interference.

Tools like Robustness Gym and Adversarial Sensor
Attacks help automate these tests.

Run peak-processing tasks like real-time inference with
large model sizes while simultaneously handling |/0O.

Validate failover to low-power modes or alternate
compute units (edge vs. cloud).

Use physical chambers to simulate heat, cold,
humidity, or vibration.

For drones and vehicles: simulate wind shear, rain, dust,
or sudden terrain changes.

Interrupt 5G/Wi-Fi connections, simulate high-latency
control loops.

Assess how gracefully fallback to offline/local control
occurs.

Deliberately inject delays, failures, or exceptions into
specific system modules to test resilience.

Tools like ROS Test Nodes, Gazebo fault plugins, and
Chaos Monkey for robotics are commonly used.
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5.3 Tools and Frameworks for Stress Testing

Robot Operating
System (ROS)
Testing Suite

This is for unit testing, node lifecycle validation,
and recovery patterns.

Autoware Stress For autonomous vehicle stack validation.
Benchmarks

NVIDIA Isaac High-fidelity physics-based simulation with
Sim + Omniverse stress scenarios.

OpenRAVE + For stress testing robotic manipulators and
Movelt arms.

Custom HIL Combined with robotic arms, treadmill
Rigs platforms, or motor dynamometers.

5.4 Key Metrics Captured in Stress Testing

» Recovery Time: Time to re-stabilize after a fault

» Fallback Mode Accuracy: Deviation of performance in degraded mode

» Sensor Fusion Confidence Drop: % drop in decision accuracy due to impaired sensors
» Actuator Overload Tolerance: Motor temperatures, torque thresholds

» Battery Efficiency under Load: Impact of stress on power consumption
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6. Simulation-Driven Testing:
Virtual Worlds, Real Insights

When testing autonomous robotic systems, the physical world is too slow, dangerous,
and limited to cover all possibilities. That’s where simulation-driven testing becomes
essential. Virtual environments allow teams to recreate millions of common and rare
scenarios at a fraction of the cost and risk.

Simulation isn’t just an alternative to physical testing; it's the foundation of scalable,
safe, and rapid validation.
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6.1 What is Simulation-Driven Testing?

Simulation-driven testing leverages digital twins, virtual replicas of the real world, where
robots, environments, sensors, and physics are modeled with high fidelity. It enables:

4 O

+ Fast prototyping of autonomous behaviors
+ Safety validation for edge-case scenarios
+ Continuous learning through reinforcement learning (RL)

*+ Testing across varying lighting, terrain, weather, and human behavior

These synthetic environments allow you to simulate years of driving, flying, or operating
within hours.

6.2 Types of Simulations Used in ARS Testing

2D Logic Sim Algorithm logic validation Python, SimPy

3D Kinematic Sim Robotic arm motion planning Movelt, PyBullet

Full-Stack Real-world interaction + sensor NVIDIA Isaac Sim,

Physics Sim emulation Gazebo, Webots

Multi-Agent Swarm robots, traffic systems CARLA, SUMO

Simulation

Digital Twins Digital replica of an Siemens NX,
environment/asset Unity + ROS
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6.3 Advantages of Simulation-Driven Testing

N

C

Repeatability
Every test can be re-run with the same parameters. This helps in
debugging and regression testing.

Safety
You can test edge cases like sensor blindness, crashes, or hazardous
material handling without real-world risk.

Speed
Parallel simulations on GPU clusters let you run thousands of hours of
testing overnight.

Cost-Efficiency
Reduces the need for expensive prototypes, test rigs, or
accident-induced damages.

Synthetic Data Generation
Labeled data from simulations is used to train and validate ML
perception models.
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6.4 Integrating Simulation into DevOps

Simulation isn't just a research tool; it must be embedded in the CI/CD pipeline of
robotics.

Simulation-in-the-Loop (SIL) and Hardware-in-the-Loop (HIL) models allow:

Auto-deployment of code Comparison of Al Monitoring of KPI drift
into virtual testbeds model versions over iterations
Tools like:

GitHub Actions + ROS AWS
Bag Testing RoboMaker for Robotics

Google Scalable Sim

.enable modern robotics teams to run SimOps like DevOps for code.

Simulation-driven testing is the multiplier that lets you scale experimentation and
accelerate safety. However, it must be paired with the ability to scale testing across
hardware, cloud, and time zones.

N\
7. Scalability in Testing: !
From Lab to Deployment at Scale

You've built a robust robot that performs flawlessly in a few test cases. But will it still work
when deployed in 500 factories across three continents, running 24/7 with thousands of
unique configurations?

Scalability in testing isn’t just about running more tests; it's about making testing
architectures elastic, reproducible, and intelligent enough to handle massive
deployments of autonomous systems in production.

7.1 What is Scalable Testing?

Scalable testing refers to the capacity of your testing framework to:

- Handle high concurrency (hundreds/thousands of devices or test instances)
- Validate continuous changes in software, models, and hardware

« Maintain observability and consistency across distributed environments

In autonomous systems, this is particularly complex due to:

Variability in hardware (robot models, sensors)

Deployment environments (indoor vs. outdoor, weather, terrain)

Network conditions (latency, disconnection)

Regulatory/localization differences
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Q.
7.2 Core Building Blocks of Scalable Testing 1

Cloud-Based Testing Infrastructure Scalable Scenario Repositories

Services like AWS RoboMaker, Azure Robotics, and Google Cloud

© Central database of test scenarios with auto-tagging
Robotics are used for:

and classification

© Parallel test executions © Distributed simulation © Ability to clone and run them across geographies
© Auto-scaling based on demand © Parametrized test generators (e.g., Hypothesis, Locust, or
OpenSCENARIO)
® ®
. Telemetry and Monitoring at I
Hardware-in-the-Loop (HIL) Labs at Scale SHETUET CIel LT e 2
Remote labs are set up to test physical components: © Real-ime metrics from deployed ARS (battery health,

mission status, latency)

©® Modular rigs for motors, sensors, and actuators © Edge-to-cloud observability pipelines using Grafana,

© Remote-controlled fault injection Prometheus, ELK, etc

© Digital twin sync with physical state © Anomaly detection pipelines to flag out-of-distribution behavior

Versioned CI/CD Pipelines

© Model versioning using MLflow, DVC, or Hugging Face Hub
© Continuous integration with robotic testbeds (e.g., Jenkins + ROS2)

© Canary deployments with rollback support

e-Book | 18 e-Book | 19




8.1 How Embedded Testing Fits into

7.3 Metrics for Evaluating Scalability Autonomous Robot Testing

Description

Real-Time Processing Validation: Autonomous robots rely heavily on embedded

real-time control systems to process sensor data and actuate motors within strict
Number of test cases executed

dav/h deadlines. Testing embedded systems verifies that these timing constraints are
per day/hour

Test Throughput
met, often using real-time operating systems (RTOS) and hardware-in-the-loop

Change in success rate across (HIL) simulations to replicate real-world timing and control scenarios.

Pass/Fail Drift .
environments

Difference in behavior between Code Quality and Robustness: Embedded testing includes code coverage

Model Drift Detection model versions analysis, static analysis, unit testing, and integration testing specifically for

embedded software. These practices help detect bugs early, ensure robustness, and
Infrastructure Uptime % availability of test rigs/testbeds reduce debugging time during development and before deployment.

Cloud + hardware costs

Ops Cost per Test Hour normalized over time Hardware-in-the-Loop (HIL) Simulations: HIL testing connects physical

embedded hardware with simulated environments to test real-time responses and
interactions without risking the robot or environment. This technique can detect up
to 70% of errors before deployment and is widely used in autonomous robotics

8. Embedded Testing: testing
E nsu rl ng Rel ICI ble Reo I_TI me Sensor Fusion and Data Processing: Embedded testing validates sensor fusion
ContrOI In AUtonomous RObOtS algorithms running on embedded processors, ensuring accurate and reliable

perception critical for navigation and decision-making in autonomous robots.

Embedded testing focuses on verifying and validating the embedded software and

Automated and Repeatable Testing: Embedded testing frameworks support

hardware components that control the robot's sensors, actuators, and real-time

processing units. This testing ensures that the embedded systems operate correctly, SLioreiEel [Epedinlle fesE of emisettiel seiivere CErnpensns, With e

reliably, and safely under real-time constraints and in interaction with the physical SSEIIIA 7 MEEEERen eaing Sl gusliity @ssUrEnes [ e s Erecueiier @t

. maintenance of autonomous robots.
environment.

Integration with Simulation and Field Testing: Embedded testing complements
simulation-based and field testing by validating the embedded software and
hardware layers that interact directly with the physical world, bridging the gap
between virtual tests and real-world operation.
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9. Real-Time Data, Al, and
Continuous Validation

N\

In the dynamic world of autonomy, testing doesn’t end at deployment; it begins anew.
Robots deployed in the field constantly learn, adapt, and encounter unforeseen conditions.
This makes real-time data capture, Al-powered diagnostics, and continuous validation

critical pillars of long-term reliability.

Modern testing must be live, learning, and looped.

9.1 What is Continuous Validation?

Continuous validation is constantly verifying and updating an autonomous
system's reliability, safety, and performance after deployment. It leverages:

Live telemetry from field-deployed ARS

Automated retraining pipelines for Al models

Real-time anomaly detection and alerting

A/B testing of new features/models

This ensures the system doesn’t degrade silently as conditions change.
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9.2 How Al Supercharges Continuous Validation

Al isn't just part of the product, it’s part of the test pipeline.

Model Drift Detection
« Continuously compare inference patterns between old and new models.
- Use various tools or custom anomaly detection to flag shifts.

debug perception failures.

Real-Time Test Case Generation
« ML systems can observe failed behaviors and automatically create targeted

Root-Cause Analysis
« Leverage explainable Al (XAl) to understand why a model misbehaved.
« Heatmaps, SHAP scores, and counterfactual reasoning help engineers

test cases for future regression testing.

9.3 Real-Time Data Pipelines in ARS

Data must flow seamlessly from the field to the cloud to enable real-time validation.

Component Function

Capture sensor data, model decisions,

Edge Logging Agents latency, and actuator commands

Message Buses (eg,
MQTT, ROS2 DDS)

Stream real-time telemetry

Cloud Storage (e.g., S3, Cloud Storage (e.g., S3, Azure
Azure Blob) Blob)

Stream Processors (e.g., Analyze and flag anomalies in
Apache Kafka, Flink) motion

Detect drift, explain errors,

Al Observability Tools
correlate logs
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9.4 Live Validation Techniques

A. Online Shadow Testing

« Run new Al models parallel to old ones on live data (without taking action),
compare decisions, and assess impact.

B. Data Replays

Feed real-world logs into simulated environments to reproduce bugs or edge
cases.

C. Closed-Loop RL Validation

« Use reinforcement learning environments that continuously adapt and
re-train on failed missions.

D. A/B/N Testing

Deploy multiple behavior versions to the field and collect KPI data (delivery
accuracy, havigation time, intervention rate).
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9.5 Metrics That Matter 10. Current Trends, Statistics, and
Industry Perspectives

Description
s N\ N\ A
According to the 2025 Simulation-based stress Machine

Drift Score Quantifies model behavior shift Autonomous Systems testing has reduced system learning-enhanced

from baseline Safety Report, over 70% of failure rates by 40% in adaptive stress testing has

critical failures in industrial robotics improved failure discovery
. . (0] H 1ri . . . - o

Live Intervention Rate %o of 9per0t|0n3 requiring human autonomous vehicles arise deployments. efficiency by 30-50%.

override from rare edge cases not

encountered in field testing.
i i GtCh \ J U J U J

Feedback Loop Latency Time from bug detection to p

deployment . N\ ([ )

Autonomous racing Digital twin adoption is
) % of iot di simulations reveal that projected to grow at a
Field Test Coverage o of scendrio types covered In adversarial testing can CAGR of 35% in robotics by
expose failure modes 2030, driven by predictive

KPI Stability Delivery time, failure rate, energy mls.sed.by Conyentlonql molntenc.ln(.:e olnd stress

Consumption vs. targets testing, improving safety optimization.

margins.
. J . J

Industry leaders emphasize the integration of simulation, adaptive testing, and scalable
validation as foundational pillars for regulatory certification and public trust.
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11. Future Directions in
Autonomous System Stress Testing

/ R, \

Standardization: Developing
industry-wide standards for stress
testing protocols and metrics.

Hybrid Physical-Virtual Testing:
Combining real-world and simulated
tests for comprehensive validation.

'd N\ ( N\
Explainable Al in Testing: Multi-Ag.ent qnd. Humun-Ro!oot
Using interpretable models to Interaction 'I.'es.tlng: A.ddressmg
understand failure causes. complexity in social and
collaborative environments.
& J/ \§ J

Real-Time Digital Twins:
Enabling continuous monitoring and
stress assessment during deployment.

Emerging research focuses on integrating these advances to create resilient and
trustworthy autonomous systems.
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12. Conclusion

Deploying autonomous robotic systems in real-world environments presents
unprecedented challenges in ensuring safety and reliability. Traditional testing methods
alone cannot guarantee robustness against these systems' vast spectrum of operational
stresses. Simulation offers a safe and cost-effective platform for early bug detection and
scenario exploration, while controlled environments and real-world deployments validate
robustness and safety under realistic conditions.

Methodologies emphasizing repeatability, automation, and safety help manufacturers
scale production and maintain quality. Despite challenges such as environmental
complexity and simulation fidelity, advances in testing tools and practices continue to
enhance the reliability and safety of autonomous robots, enabling their broader adoption
across industries.

13. Elevate Your Autonomous Systems
with Indium’s Testing Expertise

At Indium, we transform the way autonomous robotic systems are tested by combining
avant-garde QA expertise with innovative testing strategies. Our robotics testing services
go beyond the basics, validating navigation, perception, and decision-making through
immersive simulations and real-world scenarios to ensure your robots perform flawlessly
in any environment.

On the embedded front, we investigate real-time control systems, leveraging
hardware-in-the-loop simulations and rigorous code analysis to guarantee that your
sensors, actuators, and processors work seamlessly under every condition.

Powered by Al-driven automation and a passionate team of QA specialists, Indium
delivers precision, reliability, and speed that help you bring safer, smarter robots to

market faster.

Ready to take your robotics testing to the next level? Click here to learn more.
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https://www.indium.tech/quality-engineering/
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About Indium

Indium is an Al-driven digital engineering company that helps enterprises build, scale, and innovate with cutting-edge technology.
We specialize in custom solutions, ensuring every engagement is tailored to business needs with a relentless customer-first approach.
Our expertise spans Generative Al, Product Engineering, Intelligent Automation, Data & Al, Quality Engineering, and Gaming,
delivering high-impact solutions that drive real business impact.

With 5,000+ associates globally, we partner with Fortune 500, Global 2000, and leading technology firms across Financial Services,
Healthcare, Manufacturing, Retail, and Technology—driving impact in North America, India, the UK, Singapore, Australia, and Japan
to keep businesses ahead in an Al-first world.
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Ph: +44 1420 300014

Cupertino | Princeton | Georgia
Toll-free: +1-888-207-5969
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Toll-free: 1800-123-1191
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