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Introduction

In less than 3 years, organizations have matured on their Al journey and moved
from pilot experiments to measuring business impact. The speed of change has
never been faster in human history. Organizations that once tested a single task
agent now build networks of specialized agents that coordinate autonomously to
complete complex workflows. The Al agents market reached $8 billion in 2025 and
is projected to hit $48.3 billion by 2030, growing at 43.3% annually, according to
BCC Research. Adoption is accelerating: 85% of organizations have deployed
agents in at least one workflow, and 81% of leaders expect agent integration
across their Al strategy within 12-18 months.

Unlike the past when we automated tasks and workflows, Al is now automating
decisions. While the quality of automated tasks is important, the quality of
decisions takes it to a whole new level impact that we are starting to realize. Al is
also associated with decision drift overtime, which amplifies this impact.
Businesses need predictability of outcomes. No one wants a runaway train,
especially when it affects an organization's ability to serve its customers,
regulators, or society at large. This creates a quality assurance problem that
traditional software testing cannot solve.

Traditional quality engineering was designed for deterministic and static systems.
Unit tests verify that function f(x) produces output y. Integration tests confirm that
component A's output format matches component B's input requirements. System
tests validate end-to-end functionality against specifications. These methods
assume repeatable behavior: run the same test twice, get the same result.

Now, let’s take the case of an agentic platform. An agent processing a loan
application does not execute deterministic logic. It interprets information through a
lens shaped by training data, applies probabilistic reasoning and produces outputs
that vary based on context. The same credit score evaluated at different times,
with different contexts about market conditions or regulatory changes, yields
different decisions. That'’s by design. Quality assurance of Al systems or Al Eval
must validate that this variability remains within acceptable bounds while ensuring
the system achieves correct business outcomes.

Quality Engineering for Multi-Agent Al Systems | © 2026. All Rights Reserved.


https://www.bccresearch.com/pressroom/ait/ai-agents-market-to-grow-433-annually
https://www.demandsage.com/ai-agents-statistics/
https://www.demandsage.com/ai-agents-statistics/

The problem compounds when agents work together. Information degrades as it
passes through sequential handoffs. Context windows have finite capacity. An
agent receiving a 10-page summary of a 200-page contract makes decisions on
compressed information where critical details may have been lost. Errors
introduced by one agent propagate to all downstream agents.

This paper presents a systematic methodology for quality engineering in multi-
agent Al systems. The approach addresses four layers: individual agent quality,
interaction and coordination fidelity, system-level outcomes and continuous
governance including drift detection and compliance enforcement. The
methodology is framework-agnostic, grounded in mathematical formulations of
acceptable deviation ranges and designed for practitioners deploying real world
production systems where reliability and auditability are requirements.

Multi-Agent Systems
Architecture and Behavior

> System Architecture

A multi-agent Al system decomposes complex tasks into subtasks, assigning
each to a specialized agent. Formally, an agent A is defined as

A=(S,P,C,M,R)

where:

S = state (operational state and memory)

P = perception function (how the agent interprets inputs)
C = context (historical information and working memory)
M = model (underlying LLM or reasoning engine)

R = response generation function
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An agent operates by receiving input |, processing it through P(l, C) using context C
and model M, updating state S, and producing response R(l, C, M, S). The response
is probabilistic due to the influence of model weights, context window contents,
and stochastic sampling.

A multi-agent system coordinates n agents {As, Az, ..., Ay} through communication
protocols: sequential workflows (agent A; completes its task and passes output to
Ai.1), parallel processing, hierarchical delegation, or collaborative decision-making.

The distinction from microservices is fundamental. A microservice implements
deterministic logic: given input x, it produces output f(x) reliably. An agent
implements probabilistic reasoning: given input x and context C, it produces output
R(x, C) where R is a distribution, not a fixed value.

Non-Deterministic Behavior

Agent responses depend on context. The context window contains previous
interactions and relevant information the agent processes during inference. An
agent evaluating a loan application receives the applicant's credit score (input) and
maintains context about the bank's current risk appetite, recent regulatory changes
and patterns from previous applications. Two identical credit scores evaluated at
different times, with different contexts, produce different decisions.

We formalize agent response as:
R=1(l,C,0,¢)
where:

> | =input
> C = context
> 0 = model parameters (weights from training)

> € = stochastic element (sampling randomness)
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The function f is non-deterministic due to € and context-sensitive due to C. Quality
assurance cannot expect identical outputs for identical inputs. We define
acceptable ranges of behavior and validate that agent responses remain within
these bounds.

Agents are opinionated systems. Training embeds subjective judgments: what
constitutes good reasoning, which facts to prioritize, how to balance competing
considerations. Quality cannot be measured purely through accuracy against
ground truth. It must account for alignment with intended business judgment and
consistency with expert human decision-making.

Context Management

The context window represents the agent's working memory. LLMs have finite
context capacities, typically 8,000 to 200,000 tokens in production models. In a
multi-agent workflow, information propagates through the agentic workflows. Agent
A; analyzes financial statements and summarizes findings. Agent A, receives this
summary (not the original statements) to assess credit risk. Agent As receives
outputs from both to determine loan terms. By agent Ao, the context has been
compressed through multiple transformations.

We define context fidelity as:
F(A) = |CinCo| / |Col
where:

> Co = original complete context
> Cj = context available to agent A;

> F(A;) = fidelity score (proportion retained)

In practice, F(A;) decreases as i increases. Information loss occurs through
summarization (agents condense outputs to stay within limits), selective attention
(agents prioritize certain information), context eviction (older information drops
out), and semantic drift (repeated paraphrasing alters meaning). Quality assurance
must validate that critical information propagates correctly.
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Figure 2: Context Fidelity Degradation Across Agent Handoffs. Original information
(Co) undergoes progressive compression as it passes through sequential agents,
with fidelity F(A;) decreasing at each stage.

Training and Gold Standards

Agent quality depends on data, training, like fine-tuning, prompt engineering and
human feedback that shape agent behavior for specific tasks. Training must be
guided by domain expertise. An agent designed for pharmaceutical drug discovery
requires input from subject matter experts with advanced degrees in
pharmacology, chemistry and regulatory affairs. The SME establishes a gold
standard: a reference set of exemplary agent behaviors against which actual
performance is measured.

We represent the gold standard as:

G-= {(11, R1*), (I2, R2*), ceey (In, Rn*)}}

where each pair (ls, R¢*) consists of input Iy and ideal response R¢* as determined
by the SME. Agent quality is measured as deviation:

8(A) = Zi [[R(l) - Re*[[ / n

where R(ly) is the agent's actual response and ||:|| represents a distance metric.
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SME involvement is continuous. As the agent operates in production, behavior may
drift due to subtle changes of accumulations as new data influences the model or
operational patterns diverge from training scenarios. Industry practice suggests
agent behavior should remain within £5-7% standard deviation of the gold
standard[WK1] . Deviations exceeding this threshold trigger

retraining or recalibration. It also means human supervision is necessary, especially
in domains with low error margins.

Failure Modes and Testing Inadequacy

> Cascading Errors

In a sequential workflow, an error introduced by agent A; propagates to all
downstream agents. Unlike deterministic systems where invalid outputs trigger
exceptions, agent systems may process incorrect information without detecting
anomalies because the information appears plausible.

Example: An insurance claim processing system coordinates four agents. A,
validates documents. A, verifies signatures. As determines coverage. A,
calculates payout. If A; incorrectly validates a forged document (due to a
sophisticated forgery technique not in training data), A, receives a "verified"
document and proceeds. Even if A, detects a suspicious signature, it may defer
to Aq's authentication. Az and A4 then process the claim as legitimate, resulting
in fraudulent payout.

Mathematically, if agent A; produces output O; with error €;, and agent Ai,q uses
O; as input:

Oiv1 = f(O; + €, ...) = f(0;, ...) + (€, ...)
where error propagation function g can amplify €;. In worst case: €, = 3; €; - Qi

where a; represents amplification at each stage.

> Context Loss and Memory Degradation

A 10-agent workflow analyzing a complex legal contract starts with A; reading
the full 200-page document and extracting key terms.
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A, receives A;'s summary (10 pages) and identifies risks. As receives A,'s
assessment (2 pages) and compares against regulations. By Ao, context has been
compressed through nine layers. A subtle clause critical to regulatory interpretation
may no longer be present in Ajp's context window.

We model context degradation as: Ci,1 = T(Cj) + noise where T is a compression
function. The cumulative effect: Cp = Th-1(Tn-2(...T1(Co))). Information lost at any
stage cannot be recovered.

> Drift and Degradation

Agent behavior is not static. Operational patterns introduce drift—gradual
deviation from the established gold standard as the agent encounters inputs
that differ statistically from its training distribution. Drift manifests as concept
drift (the relationship between inputs and correct outputs changes) and data
drift (the distribution of inputs changes).

The +5-7% standard deviation guideline provides a measurable boundary. If |B;
- G| / o_baseline = 0.07, the agent remains acceptable. Once this threshold is
exceeded, intervention is required.

> Goal Misalignment

Multi-agent systems optimize for collective outcomes, but individual agents
have specific objectives. Misalignment occurs when local optimization conflicts
with global goals. An e-commerce platform uses three agents: A; recommends
products to maximize click-through rate, A, sets prices to maximize margin, Az
manages inventory to minimize holding costs. A; recommends high-margin
luxury items. A, prices them aggressively. Az minimizes inventory of slow-
moving luxury items. Combined: customers receive recommendations for
products that are overpriced and out of stock. Each agent succeeded locally.
The system failed globally.

> Compliance and Governance Violations

Regulatory requirements must be enforced across the entire agent network. In
a healthcare diagnostic system, privacy regulations prohibit certain information
sharing. If agent As logs personally identifiable information to a shared debug
log accessible by A; and Ag (not authorized to process PIl), a compliance
violation occurred, even if the diagnostic outcome is medically sound.
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Figure 2: Cascading error propagation in multi-agent insurance claim processing
where an error at Agent A, propagates through all downstream agents, resulting in
system-level failure despite each subsequent agent performing its designated
function correctly.

Why Traditional Testing Fails

> Understanding the differences:

Traditional Software QE Multi-Agent Al Reality
Deterministic output testing: - ) Probabilistic behavior validation:
Ié{x) Verify f(x) =y Verify P(R|L) within acceptable
> Unit— Integration — System testing distribution

> Agent — Interaction — Workflow — System
evaluation

=" Pass/Fail criteria: Binary assertions (\ Acceptable deviation ranges:
- Static test cases: Pre-written inputs +5-7% from gold standard

with expected outputs — Continuous behavioral monitoring:
Ongoing sampling with drift detection

L4

@\\ Code coverage metrics: Percentage of —o~ Decision path tracing: Coverage of
@5:__/‘@ paths exercised {’_7—0? scenarios, contract variations,
"~ — Regression testing: Confirm new code coordination patterns
doesn’t break old functionality > Drift detection: Confirm behavior hasn't
©-@ Regression testing: Confirm new code — Drift detection: Confirm behavior hasn'’t
@ doesn't break old functionality § deviated from baseline over time
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Unit Testing an Agent

> Traditional software unit test:

def test_loan_approval():
# Arrange
applicant = {
"credit_score": 720,

"income": 75000,
"debt'":15000

+ Act & Assert

assert approve_loan(applicant) is True

For an agent, we cannot assert decision == True because the agent might
reasonably approve or deny based on context not captured (economic conditions,
bank's risk appetite, recent default rates). We cannot assert the decision ==
expected_value because there may not be a single correct answer.

Instead: run the test multiple times to characterize the distribution of decisions,
compare to SME-validated gold standard responses, verify reasoning aligns with
business logic, check deviation is within bounds. This is statistical validation of
probabilistic behavior.

> Integration Testing

Traditional integration testing verifies format compatibility. For agents, format
compatibility is insufficient. We must validate semantic coherence. If A,
summarizes a financial report and passes it to A, for risk analysis, testing must
verify: Did A;'s summary preserve critical information A, needs? Is context
sufficient for informed decisions? If A; made an ambiguous statement, does A,
interpret it as intended? These questions require semantic similarity metrics,
context fidelity measurements, and comparative analysis: Do A,'s decisions
based on A;'s summary match decisions with access to the full report?
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> System Testing and Emergent Behaviors

Multi-agent systems exhibit emergent behaviors, such as system-level patterns

that are not programmed into any individual agent. A customer service system
might escalate difficult queries in unexpected ways, creating feedback loops
that amplify minor issues. This emerges from local decisions (each agent's

"escalate if uncertain" heuristic) but creates a system pattern (queries

bouncing indefinitely). Traditional testing wouldn't anticipate this because it's

not a requirement violation. Detecting such behaviors requires load testing with

realistic query distributions, monitoring inter-agent communication patterns,

analyzing workflow traces for anomalies, and simulating edge cases that stress

coordination.

Quality Engineering Methodology

> Foundational Principles

- Evaluate the system, not just components: Start with macro and then
gradually go micro. Agent performance matters, but system reliability
depends on interaction quality and outcome of correctness. Testing
individual musicians doesn't tell you if they can play Beethoven's Fifth
Symphony together.

- Define acceptable deviation ranges, not binary pass/fail: Agents are
probabilistic. We establish gold standards and measure deviation. If an

agent’s behavior remains within £5-7% of the gold standard, the agent is

acceptable. [WK1] If deviation exceeds this threshold, intervention is
required.

> Mathematically: Agent_Quality = |Actual_Behavior - Gold_Standard| =
o_threshold where o_threshold = 0.05-0.07

- Continuous monitoring, not point-in-time testing: Agents evolve, training

data changes and operational patterns shift. So, validation must be
continuous: pre-deployment testing, deployment validation, post-
deployment monitoring. And drift detection is essential. This is where

metrics such as Population Stability Index (PSI) & Wasserstein Distance

are required among others to continuous monitor drifts.
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-> Continuous monitoring, not point-in-time testing: Agents evolve, training
data changes and operational patterns shift. So, validation must be
continuous: pre-deployment testing, deployment validation, post-
deployment monitoring. And drift detection is essential. This is where
metrics such as Population Stability Index (PSI) & Wasserstein Distance
are required among others to continuous monitor drifts.
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Figure 3: Four-layer quality engineering methodology for multi-agent Al systems.
The framework progresses from individual agent validation through interaction
quality, system outcomes, to continuous governance and drift detection.

Agent-Level Quality

> What We Evaluate:

Response accuracy against gold standards, bias detection, hallucination rates,
decision consistency.
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> Metrics:

Accuracy Deviation: c_agent = v(X(R_actual - R_gold)? / n)
Response Variance: Var(R | Input_type) = E[(R - u_R)2]

Bias Coefficient: B = Z(subjective_decisions_favoring_group_A) /
¥ (total_decisions)

Hallucination Rate: H = (false_statements / total_statements) x 100

> Testing Approach:

SME validation on representative test cases spanning the operational space.
For a loan underwriting agent, test cases cover credit score ranges, income
levels, debt-to-income ratios, employment types, edge cases (recent
bankruptcy, irregular income, co-borrowers). The SME establishes the gold
standard for each case. Ground truth datasets with verified correct answers for
factual queries. Adversarial prompting deliberately constructs inputs to expose
weaknesses. Batch testing with statistical analysis where we run large batches
(hundreds to thousands) and analyze distributions.

> Implementation:

For a loan underwriting agent in production: maintain a curated test set of 500+
loan applications, SME validates gold standard decisions, run the agent against
this test set weekly, calculate o_agent for each run. If c_agent exceeds 0.07,
trigger alert. If bias coefficient B diverges from neutral by >10%, trigger fairness
audit.

Interaction and Coordination Quality

> What We Evaluate:

Agent-to-agent communication fidelity, context propagation accuracy, handoff
completeness, decision coherence.
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> Metrics:

Context Preservation Rate: C_preserved / C_total =
(critical_information_retained) / (critical_information_original)

Handoff Success Rate: HSR = (successful_handoffs / total_handoffs) x 100
Information Entropy Change: AH = H(C_final) - H(C_initial)
where H(C) = -Z p(x) logs p(x)

Coordination Latency: L_coord = Z(t_handoff_i - t_complete_i)

> Testing Approach:

Map all possible execution paths through the agent network. For each path,
identify critical information requirements at each step. Test whether information
flows correctly. Instrument agents to log context contents at each decision
point. Compare context available to Aj against context available to Ai-..
Measure: what percentage of original information is present? Test coordination
mechanisms under stress. Introduce artificial delays, simulate network failures,
and test behavior when an agent becomes unavailable. Deliberately inject
errors at handoff points.

> Implementation:

For an e-commerce recommendation system using 3 agents (product selection,
pricing, inventory): define critical information (user profile, browsing history,
inventory levels, pricing rules), instrument each agent to log context, calculate
context preservation rate for each handoff, measure end-to-end latency, run
coordination failure scenarios weekly. Threshold: If context preservation drops
below 90%, investigate.

System-Level Outcome Validation

> What We Evaluate:

End-to-end business outcome correctness, system performance under realistic
workloads, emergent behaviors, goal alignment.
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> Metrics:

Business Outcome Accuracy: BOA = (correct_outcomes / total_outcomes) x 100
System Throughput: T = requests_processed / time_unit

Workflow Completion Rate: WCR = (successful_completions /
initiated_workflows) x 100

Goal Alignment Score: GAS = correlation (agent_actions, business_KPlIs)

> Testing Approach:

Construct test scenarios mirroring real-world usage. For a customer service
system: simple queries (account balance), complex queries (multi-step
troubleshooting), edge cases (unusual configurations), adversarial queries
(attempts to extract sensitive information). Test system performance under
different loads: 10 concurrent users, 100 concurrent users, and 1000 concurrent
users. A/B test different agent configurations. Deploy two versions with
different architectures. Measure: which produces better business outcomes?
Which has lower latency? For customer-facing systems, the ultimate validation
is user acceptance: adoption rate, task completion rate, satisfaction scores.

> Implementation:

For a financial advisory system: define ground truth (portfolio recommendations
from certified advisors for 1000+ client profiles), run the agent system on the
same profiles, calculate BOA (percentage matching advisor judgment), measure
recommendation quality (risk-adjusted returns over time), load test (simulate
10,000 concurrent users), A/B test (conservative vs aggressive architectures).
Threshold: BOA must exceed 85%, WCR must exceed 95%, throughput must
handle peak load.

Governance, Drift Detection,
Continuous Assurance

> What We Evaluate:

Temporal drift from gold standard, compliance rule adherence, security
boundary enforcement, auditability.
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> Metrics:

Drift Coefficient: D(t) = |Behavior(t) - Gold_Standard| / o_baseline

When D(t) exceeds 1.0, the agent has drifted by one standard deviation. When
D(t) exceeds 1.5-2.0, intervention is required.

Compliance Violation Rate: CVR = (policy_violations / total_decisions) x 100

> Decision Explainability Score: ES = (explainable_decisions / total_decisions) x
100

Audit Trail Completeness: ATC = (logged_decision_points /
required_decision_points) x 100

> Testing Approach:

Implement control charts tracking agent behavior over time. Calculate baseline
during initial deployment. Set control limits at 26 and *3c from baseline. Plot
ongoing measurements. When measurements exceed control limits, investigate
the root cause. Sample a percentage of production traffic (1-10% depending on
volume) and evaluate against a gold standard. Calculate c_agent daily.
Automated scanners analyze decision logs for compliance violations. Pattern
matching detects unauthorized data access, retention of policy violations, and
inadequate risk disclosure. For decisions requiring explanation (loan denials,
insurance claim rejections, medical recommendations), verify the system can
generate explanations meeting regulatory standards.

> Mathematical Framework for Drift:

Drift Status:

Drift_Status = { Acceptable: |B_t - G| = 16 Warning: 10 < |B_t - G| = 20 Critical: |
B_t-G|>20}

Drift Rate: DR = d|B_t - G| / dt
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> Monitoring Strategy:

Continuous sampling (5% of production traffic), daily aggregation (calculate
o_agent daily), control charts (plot oc_agent over time with limits at 0.05, 0.07,
0.10), alert thresholds (o_agent > 0.07: warning, increase sampling to 10%;
o_agent > 0.10: critical, trigger investigation), root cause analysis when drift
detected.

> Implementation:

For a medical diagnosis agent system: establish gold standard during
deployment (1000+ diagnoses validated by expert physicians), sample 10% of
production diagnoses daily (100-200 cases), SME reviews sampled diagnoses
weekly, calculate weekly o_agent, implement automated compliance scanner
(verify HIPAA compliance, verify documentation of reasoning, verify disclosures
present), generate explainability reports for all diagnoses affecting treatment
decisions. Thresholds: c_agent below 0.07, compliance violations zero,
explainability score exceeds 95%. If drift detected: determine whether gold
standard needs updating (medical knowledge advances) or agent needs
retraining (behavior degraded).

Implementation and Future Directions

> Current Practice and Research Gaps

Recent research on multi-agent testing demonstrates the potential of
autonomous, feedback-driven testing frameworks. Agentic multi-model testing
systems using specialized agents for test generation, execution, and
optimization have shown 60% reduction in invalid tests and 30% coverage
improvement compared to single-model baselines in microservice applications.
These results suggest that multi-agent approaches to quality engineering can
evolve into self-improving systems.

Research Gaps:

- Standardization of Evaluation Metrics:

No industry-standard metrics exist for multi-agent quality. Each organization
defines its own objective. The field needs standardized metrics similar to how
software engineering has feature coverage and defect density.
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> Automated Gold Standard Generation:

Building gold standards requires expensive SME time. Research is needed on
techniques for generating gold standards semi-automatically: synthetic data
generation, transfer learning from related domains, active learning to identify
cases where SME input provides maximum value.

> Explainability in Multi-Agent Decisions:

Explaining a single model's decision is challenging. Explaining a decision made
by ten coordinating agents is exponentially harder. Research is needed on
techniques for generating human-understandable explanations of multi-agent
decision chains.

> Continuous Evaluation:

Agents in production need to be treated for what it is: continuously evolving
agents. This requires merging quality on both sides of production. Industries
need to realize, unlike a deterministic system, for agents there is no state of
development done.

> Future Evolution:

As multi-agent systems become ubiquitous, Al evaluation will evolve into a
recognized engineering discipline. Predictive drift detection will monitor leading
indicators (input distribution shifts, context patterns, error rates on edge cases)
enabling proactive intervention before quality degrades. Self-healing agent
networks will automatically detect and correct quality issues.

Let us sum it up

Multi-agent Al systems represent an architectural shift from point solutions to
end-to-end decision automation that will keep growing. Organizations across
financial services, insurance, healthcare, e-commerce, automotive, and
autonomous systems are deploying multi-agent platforms to reduce costs and
enable capabilities that human-only processes but cannot achieve.
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This shift creates risks. Traditional quality engineering was designed for
deterministic systems with predictable behavior. Multi-agent systems are
probabilistic, context-dependent, and exhibit emergent behaviors from agent
interactions. Failures occur in coordination between components, not inside
components. Quality cannot be validated through unit tests and integration
tests alone.

This paper presented a systematic methodology operating across four layers:

> Agent-Level Quality Measure accuracy, bias, hallucination rates,
consistency against SME-validated gold standards. Maintain behavior
within £5-7% of the gold standard.

- Interaction Quality Validate communication fidelity, context propagation,
handoff completeness, decision coherence. Measure information loss
across boundaries and verify critical information persists.

> System Outcomes Evaluate end-to-end business outcome correctness,
performance under realistic workloads, emergent behaviors, goal
alignment.

> Governance - Implement continuous drift detection, compliance scanning,
security enforcement, auditability. Monitor behavior over time and
intervene when deviation exceeds thresholds.

The methodology is framework-agnostic and provides specific metrics, testing
protocols, and mathematical formulations that practitioners can implement.
Implementation requires organizational commitment. Quality engineering for
multi-agent systems cannot be an afterthought. It must be Eval driven
development - embedded from inception, requiring cross-functional
collaboration between domain SME, QE teams, Al/ML engineers, data scientists
and compliance specialists.

The organizations that build this capability now will scale safely. They will
deploy reliable systems that customers trust, regulators approve, and business
stakeholders value. They will avoid technical debt, remediation costs, and
reputational damage from deploying unreliable Al.
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Multi-agent Al is a production of reality and technology. The challenge is
keeping it working reliably over time, at scale, under changing conditions. That
is a quality engineering problem. Organizations that solve it will succeed.

How do we achieve that?

How do we achieve that?

> Define gold standards with domain experts
> Measure deviation continuously

-> Detect drift early

> Validate coordination quality

> Test system outcomes

> Implement governance

The future belongs to organizations that can deploy Al agents with confidence,
knowing the systems are reliable, auditable, and aligned with business
objectives. Quality engineering is how we get there.
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About QKTech

QKTech, formerly QualityKiosk Technologies, helps businesses win in
the Al era by engineering reliability. Backed by experience in delivering
reliable software, products, and platforms for leading global
enterprises, QKTech combines deep domain knowledge with strong
technology skills to help customers deliver great experiences to their
own customers in an Al-first world.

Founded in 2000, QKTech offers reliability, cloud, Al, and product
engineering services that help organizations build and adopt Al
effectively, spanning product development, quality and reliability
engineering, digital assurance, CloudOps and automation. At the core of
this is the Al Reliability OS, an integrated portfolio of services covering
Al for Reliability, Reliability of Al, Shift Right testing, Reliability of
Frontier Systems, and Agentic Engineering. It brings together context
engineering, harness engineering, loop engineering, observability, and
platform-based delivery.

Operating in more than 25 countries with offices in Princeton and San
Jose in the US, as well as Dubai, Singapore, Manila, Hong Kong and
Jakarta, QKTech helps leading brands in banking, capital markets,
insurance, automotive & manufacturing, technology & digital natives,
telecom, airlines, consumer goods, and healthcare to transform their
digital capabilities. The company is headquartered in Mumbai, India,
with engineering centers across Bengaluru, Hyderabad and Pune.

The company’s expertise and achievements have garnered recognition
from esteemed global analyst firms such as Gartner, Forrester, and The
Everest Group for innovative, IP-led solutions and the significant value

of those solutions delivered to clients. QKTech has partnered with the

most innovative and disruptive technology companies to force multiply
outcomes that can be delivered to the customers.

For more information, visit www.gktech.com
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