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Executive Summary
Over the past two decades, Avinash Dongre 
has had the opportunity to build and deliver 
systems across multiple technology waves, 
enterprise platforms, payments systems, 
IoT platforms, conversational systems, and 
most recently, AI-driven solutions. Each 
wave arrived with new tools, new promises, 
and a renewed belief that technology itself 
would simplify system design and delivery.
What has changed is not the ambition 
of systems, but the speed at which 
expectations now outpace responsibility.

Today, tools, particularly AI, dramatically 
expand what appears possible. Demos are 
easier to create, capabilities are easier to 
showcase, and perceived intelligence is 
easier to sell.  
 
At the same time, the underlying 
responsibilities of system design, clarity 
of assumptions, ownership of decisions, 
trust in sources of truth, integration with 
real workflows, and accountability for 
outcomes, have not disappeared. In fact, 
they have become more critical.

This paper reflects on a recurring 
pattern observed across industries and 
technologies:
Systems rarely fail because they lack 
intelligence or sophistication. They 
fail because responsibility was never 
clearly defined, boundaries were never 
consciously drawn, and expectations were 
allowed to drift beyond what engineering 
could responsibly deliver.

Using real examples from early SaaS 
platform over-engineering, to AI-assisted 
leave management, to criminal adjudication 
systems, to large-scale contract analysis, 
this paper explores how modern teams often 
confuse capability with value, accuracy with 
certainty, and possibility with readiness. It 
argues that sustainable systems are not built 
by maximizing what technology can do, but 
by exercising judgment over what it should 
do, and when.

This is not a critique of AI or modern 
tooling. On the contrary, these tools are 
powerful and necessary. But like any tool, 
their value depends on the skill, restraint, 
and responsibility of those who use them. 
Over time, we have come to appreciate 
that engineering is not defined by tools 
or techniques alone. It is grounded in first 
principles, structural discipline, and well-
understood foundations. Yet, the most 
difficult engineering decisions emerge 
when these principles must be applied 
under uncertainty, where scope is evolving, 
context is incomplete, and consequences 
are real. In such situations, maturity in 
judgment, clarity of responsibility, and 
respect for real-world constraints matter as 
much as technical ability.

Avinash Dongre
Vice President – Engineering and Innovation
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Engineering in an Age of Possibility
Every generation of engineers believes it 
is living through a uniquely transformative 
moment. New tools arrive, barriers fall, 
and problems that once required large 
teams and long timelines suddenly appear 
solvable with surprising ease. This pattern 
has repeated itself multiple times.

When large enterprise systems were built 
years ago, the promise was scale and 
standardization. With SaaS, the promise 
became speed and reuse. With cloud-native 
platforms, the promise was elasticity and 
efficiency. Today, with AI, the promise is 
intelligence itself, systems that can reason, 
decide, and act.

Each wave expands what is possible. But 
each wave also introduces a new form of 
uncertainty.

What is different today is not that systems 
are more complex. Complexity has always 
existed, but that the distance between a 
compelling demo and a deployable system 
has grown wider. It is now possible to 
demonstrate powerful capabilities without 
having fully resolved questions of context, 
responsibility, integration, or consequence.
This gap creates a subtle but dangerous 
illusion: that because something can be 
demonstrated convincingly, it must also be 
ready to operate reliably in the real world. 
In practice, the opposite is often true. As 
systems become more capable, the cost 
of unclear assumptions rises. The impact 
of ambiguous ownership increases. The 
consequences of incorrect or incomplete 
context become more severe. What once 
might have been a manageable edge case 
can now affect decisions at scale.

In this environment, engineering is no longer 
just about assembling components or 
applying best practices. It is about making 
conscious choices under uncertainty, 
deciding what to build now, what to defer, 
what to automate, and what must remain 
explicitly governed by humans.

Powerful tools have always changed what 
engineers consider foundational. When 
calculators became ubiquitous, arithmetic 
did not disappear; it became assumed. The 
foundation did not vanish, it moved upward. 
At the same time, experienced engineers do 
not apply powerful tools indiscriminately. 
The presence of a computer does not mean 
it is used to compute simple arithmetic, 
just as the availability of high-precision 
instruments does not justify their use for 
routine tasks. Capability defines what is 
possible, not what is necessary.

AI introduces a similar shift. While it collapses 
layers of execution, it does not eliminate 
the need for judgment about where its use 
is appropriate. As lower layers become 
automated, responsibility moves upward 
in the system, toward problem framing, 
boundary definition, and governance of 
outcomes.

Automated

Speed and Elasticity

Problem Framing, Boundary 
Definition, and Governance
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Engineering as an Art of Judgment
Engineering is often described as a 
discipline governed by rigor, precision, 
and correctness. While these qualities are 
essential, they are not sufficient. In practice, 
the most consequential engineering 
decisions are rarely about correctness 
alone. They are about judgment.

Good judgment often manifests as decisions 
not to build.

These are not questions that specifications 
or tools can answer fully. They require 
experience, context, and an understanding 
of consequences.

Over time, engineering is best understood 
less as an act of construction and more 
as an act of composition. Like an artist 
working within constraints, an engineer 
must balance ambition with restraint. The 
goal is not to use every available technique, 
but to use the right techniques in service of 
a clear outcome.

This perspective becomes especially 
important as tools become more powerful. 
Modern engineering environments 
make it easy to add layers, frameworks, 
abstractions, platforms, intelligence, often 
before their necessity is fully understood. 
The risk is not that these additions are 
wrong, but that they are introduced without 
sufficient clarity about why they are needed, 
who they serve, and what they cost over 
time.

These choices can feel uncomfortable, 
particularly in environments where 
progress is measured by visible complexity 
or technical sophistication. Yet, many of 
the most stable systems are built by teams 
that exercised restraint early and expanded 
deliberately later.
Engineering judgment is also about 
understanding that every system exists 
within a broader context, organizational, 
regulatory, economic, and human. A 
technically elegant solution that ignores 
these dimensions may function in isolation, 
but it will struggle when exposed to real 
usage, real users, and real consequences.

Choosing not to generalize too early.

Choosing not to automate prematurely.

Choosing not to optimize for scale 
before value is established.

Judgment determines:
•	What problem is worth solving now,
•	What can be deferred,
•	What assumptions are safe to make,
•	Which decisions, once made, are 
difficult or impossible to reverse.

This is why engineering cannot 
be reduced to the application 
of best practices alone. Best 
practices are necessary, but 
judgment determines when and 
how they apply.
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High value, clear assumptions.

Premature optimization/scale.

Deterministic, low-consequence 
tasks.

High-consequence, ambiguous, or 
irreversible decisions.

Build Now

Defer

Automate

Human-in-the-Loop
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The Capability Trap
One of the most common patterns 
encountered across different technology 
waves is what can be described as the 
capability trap.

This emerged early while building enterprise 
platforms that were intended to be reused 
across multiple solutions. A significant 
amount of engineering effort went into 
creating highly flexible, role-based access 
systems, fine-grained privilege hierarchies, 
and inheritance models that could support 
almost any conceivable scenario. From an 
engineering standpoint, these systems were 
impressive. They were robust, extensible, 
and theoretically future-proof.

From a user’s perspective, however, much 
of this sophistication was invisible.
End users were not evaluating the elegance 
of access control inheritance. They were 
focused on whether the system solved 
their immediate problem reliably and 
intuitively. Meanwhile, the organization 
building the platform absorbed the cost, in 
time, complexity, and delayed feedback, of 
maintaining and evolving these foundational 
capabilities.

The capability trap occurs when teams 
invest disproportionate effort in building 
what a system can do, without equal clarity 
on what the system needs to do to deliver 
value.

This is not an argument against platforms 
or shared infrastructure. Over time, such 
capabilities often become essential. 
The problem arises when platform-level 
completeness is pursued before solution-
level value is proven.

In environments where product initiatives 
are self-funded or resource-constrained, 
this tradeoff becomes especially stark. Time 
spent perfecting generalized infrastructure is 
time not spent learning from real users. Each 
month invested in internal sophistication 
delays the moment when assumptions are 
tested against reality.

The capability trap gains traction because 
it wears the appearance of responsibility. 
Teams tell themselves they are building 
for the future, reducing risk, and avoiding 
rework. In practice, they may be committing 
to architectural decisions whose relevance 
has not yet been validated.

This same pattern repeats with newer 
technologies. As capabilities expand, the 
temptation to design for every possible 
future grows stronger. Yet, the discipline 
required is the same: build just enough to 
support the problem being solved today, 
while leaving deliberate hooks for what may 
come tomorrow.

Judgment lies in knowing the difference.



Expectation Drift 
and the Burden 
on Engineering
One of the least discussed, yet most 
consequential, forces shaping modern AI 
systems is expectation drift.
Expectation drift occurs when early signals 
of capability, demos, prototypes, partial 
successes, are gradually reinterpreted as 
commitments rather than experiments. What 
begins as optimism becomes obligation. 
What was once a proof of possibility hardens 
into an assumed delivery target. Over time, 
expectations move faster than the system’s 
ability to responsibly support them. This 
drift rarely feels deliberate. In fact, it often 
emerges from well-intentioned enthusiasm. 
AI systems are uniquely prone to this 
dynamic because they produce outputs that 
appear complete, confident, and human-
like even when underlying assumptions 
remain unresolved. A demonstration that 
works in isolation can easily be mistaken for 
readiness at scale. As a result, stakeholders 
may internalize a belief that the remaining 
gaps are merely matters of refinement 
rather than fundamental design questions.
Engineers inherit these expectations 
downstream. By the time unrealistic 
goals surface as technical pressure, the 
expectations themselves are often treated 
as fixed.

This dynamic creates a subtle inversion 
of responsibility. Instead of leadership 
and system design absorbing uncertainty, 
engineers are forced to compensate for it 
through heroic effort, fragile assumptions, 
and silent scope expansion. Accuracy 
targets creep upward without corresponding 
clarity on scope. Edge cases accumulate 
without explicit acknowledgment. Human 
oversight becomes an afterthought rather 
than a design principle.

Over time, this pattern erodes trust on 
all sides. Engineers experience burnout 
and frustration as goals continually shift. 
Stakeholders become disappointed when 
systems fail to meet inflated expectations. 
Most damaging of all, the organization 
begins to associate AI not with leverage, 
but with unpredictability.

Expectation management, therefore, is not 
a communication concern or a soft skill. It is 
a core design responsibility.
Managing expectations does not mean 
lowering ambition. It means making ambition 
explicit, bounded, and aligned with what 
the system is prepared to own. Responsible 
teams treat early demonstrations as 
learning tools, not delivery guarantees. 
They resist the temptation to equate 
confidence with correctness, or progress 
with completeness. They create space to 
revisit assumptions before they harden into 
obligations.

When expectations are managed 
deliberately, boundaries become easier to 
enforce. Decisions about what to automate, 
what to defer, and what must remain human-
owned feel principled rather than defensive. 
Conversely, when expectations are left 
unmanaged, boundaries are perceived as 
resistance, and responsibility is framed as 
hesitation.
In AI-driven systems, where perceived 
intelligence accelerates belief, expectation 
management becomes inseparable from 
responsible engineering. Without it, even 
well-designed systems are pushed into 
roles they were never meant to play. With 
it, teams retain the freedom to design 
systems that are not only impressive, but 
sustainable.
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Teams are asked to ‘close the gap’ 
without revisiting whether the gap 
should exist in the first place. In such 
environments, engineers do not 
over-engineer because they lack 
discipline or judgment; they over-
engineer because expectations have 
already crossed the boundary of 
what can be responsibly delivered. 



Context Is Not Intelligence
One of the most persistent misunderstandings 
in modern system design, especially in 
AI-driven systems, is the assumption that 
intelligence can compensate for unclear or 
unreliable context.

This misunderstanding often surfaces as a 
simple question from stakeholders:

In systems where outcomes have 
consequences, the critical challenge is not 
whether a model can infer, but whether the 
system can distinguish grounded inference 
from ungrounded fabrication. 

Without explicit ownership of context and 
authoritative sources of truth, intelligence may 
produce answers that are plausible, confident, 
and wrong. This is not a failure of learning, but 
a failure of system design. In such systems, 
inference cannot substitute for accountability 
for truth.

In practice, most system failures attributed to 
“AI inaccuracy” are not failures of reasoning. 
They are failures of context assembly, the 
process by which relevant information is 
sourced, validated, structured, and presented 
to the system making the judgment.
This distinction matters because it changes 
how systems should be designed. Context 
acquisition, validation, and ownership are 
often better handled through deterministic 
systems, curated data pipelines, or explicit 
human processes. AI becomes valuable only 
after these foundations are in place.

When these responsibilities are blurred, teams 
often attempt to “fix” the system by improving 
prompts, tuning models, or increasing 
sophistication. The result is diminishing 
returns, growing frustration, and eroding trust.The question sounds reasonable. After all, 

modern AI systems can generate fluent 
responses, reason across complex scenarios, 
and demonstrate an impressive breadth of 
knowledge. But the premise is flawed.

Intelligence does not create context. It operates 
within it. Intelligence can infer patterns 
from incomplete or noisy data, and in many 
domains this is both useful and sufficient. 
However, inference alone does not guarantee 
correctness. 

Responsible AI systems emerge not from 
maximizing intelligence, but from clearly 
separating:
•	 what the system knows,
•	 how it knows it, and
•	 who is accountable when it is wrong.

Only then does intelligence become an asset 
rather than a liability.

•	 Where does the system obtain the 
current version of applicable laws?

•	 What is the authoritative source?
•	 How often is it updated?
•	 How are discrepancies resolved?
•	 What happens when regulations 

change mid-cycle?

On the surface, this appeared to be a 
reasonable use of AI. But the deeper question 
is never about reasoning. It is about truth.

These are not intelligence problems. They 
are governance problems.

“If the system is intelligent, 
shouldn’t it already know 
this?”
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Accuracy, Determinism, and the 
Illusion of Precision
Few topics generate more confidence, and 
more confusion, than accuracy metrics in 
AI systems.

Accuracy is often treated as a single, 
objective number that can be promised, 
measured, and delivered. In reality, 
accuracy is deeply contextual, and its 
meaning changes depending on the nature 
of the decision being made.

This became evident in the development 
of an AI-assisted criminal adjudication 
system designed to evaluate court records 
and determine reportability based on 
jurisdiction-specific laws. The system 
needed to extract relevant events, establish 
timelines, and apply state-specific rules to 
arrive at a binary outcome: reportable or 
not.

Early results were encouraging. The 
system achieved high accuracy quickly on 
provided datasets. From a demonstration 
perspective, it appeared successful.

In this context, promising accuracy percentages without clearly defining scope, sample size, 
and repeatability becomes meaningless. Worse, it creates expectations that engineering 
teams must compensate for through months of additional effort, often without materially 
improving real-world trust.
The lesson is that precision without context is an illusion. High accuracy numbers can coexist 
with low confidence in deployment if the boundaries of the system are not explicitly defined

Responsible systems acknowledge this reality. They incorporate:
•	Confidence thresholds
•	Human-in-the-loop escalation
•	Auditability
•	Explicit acceptance of uncertainty where it exists

However, pushing accuracy from “very 
good” to “nearly perfect” exposed a more 
complex reality.

1

2

3

One important consideration is how 
accuracy is defined. Is accuracy 
measured per document, per 
charge, per case, or per decision? 
Are ambiguous cases counted as 
incorrect, deferred, or excluded?

Accuracy is also influenced by 
data distribution. A system trained 
and evaluated on thousands of 
samples may perform differently 
when exposed to rare edge cases 
that appear infrequently but carry 
significant consequences.

Finally, accuracy is closely tied to 
the level of determinism required. 
AI systems excel in fuzzy decision 
spaces,   where   probabilistic 
reasoning is acceptable. They 
struggle when forced into 
deterministic, binary judgments with 
regulatory or legal consequences.
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Accuracy in AI-driven systems is not a 
single, absolute measure. It is shaped 
by several underlying factors that must 
be clearly understood in context.



When AI Sells but Engineering Delivers
Solving the extraction problem was not the 
hardest part.

The real work involved:

In effect, the system became less about 
extraction and more about reconstructing 
meaning.

Ironically, once the system was built, the 
customer’s interest in the AI itself diminished. 
What they wanted was not intelligence, but 
answers. They did not care how the output 
was produced, only that it was reliable and 
usable.

The sale had happened because of AI.
The value was delivered because of 
engineering.

This is not a failure of AI. It is a reminder 
that AI often acts as an enabler of belief, 
while engineering remains responsible for 
delivery. When these roles are not clearly 
understood, teams risk building highly 
capable systems that do not align with how 
customers ultimately consume value.
The danger lies in mistaking the success 
of a demonstration for the completeness of 
a solution. Demos compress uncertainty; 
delivery exposes it.

One of the more subtle dynamics introduced 
by modern AI is the way it reshapes how 
systems are sold.

AI lends itself to compelling demonstrations. 
A prompt, a response, a visible result, often 
within seconds. These demonstrations 
are powerful because they compress 
complexity into something tangible and 
intuitive. They create belief.

But belief is not the same as readiness.

This tension became clear during the 
development  of  a system designed  to extract 
contractual terms across a large corpus 
of enterprise contracts, approximately 
four thousand artifacts spanning master 
service agreements, statements of work, 
amendments, and external references.
From a demonstration standpoint, the 
problem appeared straightforward. Given a 
contract, the system could extract payment 
terms, service descriptions, and timelines 
with impressive accuracy. The demo 
worked. The sale followed.

Reality arrived later.

The contracts were not uniform documents. 
Master agreements governed multiple 
statements of work, which in turn overrode 
or amended earlier terms. Some conditions 
were referenced indirectly through 
externally hosted web pages. Others relied 
on implicit master data maintained outside 
the documents themselves. Temporal 
correctness mattered, what was true at one 
point in time was no longer valid later.

Extracting text/dates 
from a single document

Resolving hierarchical 
precedence, temporal 
correctness, and 
external references.
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•	Understanding document relationships
•	Resolving hierarchical precedence
•	Assembling context across time
•	Validating references outside the 

document set
•	Reconciling outputs with business 

definitions that were never explicitly 
documented



Responsibility as a Design Choice
Across these experiences, a recurring 
lesson has emerged: responsibility is not 
something that can be added to a system 
after it is built. It must be designed into the 
system from the beginning.
In AI-driven systems, this becomes 
especially important. Intelligence without 
responsibility creates fragility. The more 
powerful the system, the greater the 
potential impact of unclear assumptions.

The most resilient systems are those where 
teams consciously decide:

•	 Which parts of the problem are suitable 
for automation,

•	 Which parts require deterministic 
control,

•	 Which parts demand human oversight.

•	 Defining clear boundaries for automation,
•	 Deciding where human judgment must 

remain authoritative,
•	 Establishing audit trails and override 

mechanisms,
•	 Acknowledging uncertainty explicitly rather 

than hiding it behind confidence scores.

Breaking complex problems into smaller, 
well-defined components is not a sign 
of conservatism. It is a recognition that 
different tools excel at different tasks. AI can 
assist with judgment, pattern recognition, 
and recommendation. It is less suitable 
as an unquestioned authority in domains 
where accountability matters.

Designing for responsibility also means 
resisting the urge to treat AI as a universal 
solution. Not every problem benefits from 
intelligence. Some benefit more from clarity, 
structure, and explicit ownership.
Designing for responsibility does not end 
with choosing where AI is applied; it extends 
to how systems behave when assumptions 
break.

Responsibility shows up in many forms:

In practice, systems rarely fail under ideal 
conditions. They fail in the accumulation of 
non-ideal scenarios, missing inputs, partial 
truths, ambiguous states, delayed signals, 
conflicting interpretations, or assumptions 
that no longer hold. These conditions are 
not edge cases in real-world systems; they 
are the norm.

Design that focuses primarily on the happy 
path assumes correctness by default. 
Responsible system design asks a different 
question: how does the system recognize 
when it may be wrong? Or what happens 
if it is wrong? This distinction becomes 
especially important as systems grow more 
capable and operate at greater scale.

In AI-enabled systems, confidence does 
not imply correctness. Models can produce 
outputs that are plausible, well-formed, and 
statistically consistent, even when they are 
based on incomplete or incorrect context. 
Without explicit mechanisms to detect 
uncertainty, surface ambiguity, or challenge 
assumptions, such systems risk acting 
decisively in situations where they should 
hesitate or escalate.

A useful heuristic, drawn from experience, 
is to expect many more non-ideal scenarios 
than ideal ones. Designing for these cases 
is not defensive pessimism; it is a deliberate 
choice to preserve accountability. This 
includes defining confidence thresholds, 
identifying conditions under which 
automation must defer to human judgment, 
and ensuring that responsibility remains 
explicit when decisions carry consequences.
Ultimately, systems that endure are not 
those that perform perfectly in ideal flows, 
but those that behave predictably and 
responsibly when assumptions break.

This mindset allows teams to move faster, 
not slower, because it reduces rework, 
avoids misplaced optimism, and preserves 
trust with stakeholders.
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Platforms, Factories, and Maturity
Over time, experienced teams tend to 
converge toward similar architectural 
patterns, not because they follow the same 
playbooks, but because they encounter the 
same constraints repeatedly.

This convergence is best understood in 
terms of maturity rather than sophistication.
Early in a system’s life, the priority is clarity: 
understanding the problem, validating 
assumptions, and delivering tangible value. 
At this stage, investing heavily in generalized 
platforms or reusable infrastructure often 
slows learning. Flexibility matters more than 
completeness.

As systems mature, however, a different 
set of pressures emerges. Repetition 
increases. Invariants become visible. 
Teams find themselves rebuilding the same 
foundational capabilities, authentication, 
access control, auditability, workflow 
management, escalation, and human 
override, across multiple solutions.

At this point, the absence of shared structure 
becomes the bottleneck.

This is where platforms and eventually 
factories begin to make sense.
By “factory,” this does not mean a rigid 
system that produces identical outputs. It 
means a delivery engine built around known 
truths: architectural blueprints, guardrails, 
and defaults that absorb non-differentiating 
complexity so that teams can focus on 
problem-specific logic.

In many ways, this reflects lessons the 
software industry has already learned over 
decades. No one debates the need for 
foundational layers in physical construction. 
We do not ask whether a building needs a 
foundation; we ask what kind of foundation 
is appropriate for the structure being built.
Software systems are no different. Certain 
concerns are universal, regardless of 
domain or technology. Re-solving them 
repeatedly does not increase differentiation, 
it increases cost.

AI introduces a new opportunity here. Not as 
a replacement for judgment, but as a means 
to reduce friction in the repetitive, well-
understood parts of system construction. 
Used thoughtfully, AI can help teams 
standardize patterns, generate scaffolding, 
and accelerate delivery without forcing 
premature generalization.

The key is timing. Platforms and factories 
are most effective when they emerge 
from experience, not aspiration. They 
should codify what is already known to be 
necessary, not speculate about what might 
be needed someday. When built too early, 
they constrain learning. When built too late, 
they slow scale.

Prioritize clarity and flexibility over completeness.

Identify invariants (Auth, Audit, Workflow).

Standardized patterns and 
blueprints to absorb complexity.

Maturity lies in knowing the 
difference.

Maturity Curve:       
From Solutions to Factories



What Endures Author’s Context
Looking back across multiple waves of 
technology, the most striking realization is 
not how much has changed, but how much 
has remained the same.

Tools evolve. Interfaces improve. 
Capabilities expand. Each new wave 
promises to simplify what came before. 
Yet the core challenges of system design, 
clarity, responsibility, trust, and judgment, 
persist

AI is no exception.
It amplifies possibility, but it also amplifies 
consequence. It accelerates decision-
making, but it does not absolve teams of 
accountability. It can assist judgment, but 
it cannot replace the need to decide where 
judgment belongs.

The systems that endure are not those that 
adopt new tools the fastest, but those that 
integrate them thoughtfully. They are built 
by teams that understand that engineering 
is not just about making things work, but 
about making choices they are willing to 
stand behind.

The most valuable skill an engineer develops 
over time is not mastery of a particular 
technology, but the ability to recognize 
patterns, to see where complexity is 
necessary, where it is self-inflicted, and 
where restraint creates more value than 
ambition.

Engineering, at its best, is an art. 
Responsibility is the discipline that allows 
that art to survive reality.
Tools will continue to change. Judgment 
will continue to matter.

The reflections in this paper are drawn 
from over two decades of building and 
delivering enterprise systems across 
multiple domains, including payments, 
IoT platforms, conversational systems, 
and AI-driven solutions. Much of this 
work was done within the context 
of ThoughtFocus, a services and 
engineering organization that has 
evolved alongside these technology 
shifts. The lessons presented here are 
not theoretical; they are the result of 
lived experience, repeated mistakes, and 
gradual refinement over time.

www.thoughtfocus.com
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