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Understanding Developer 
Experience With AI
AS GENERATIVE AI (GenAI) has 
expanded, our industry has focused 
increasingly on understanding how 
developers experience GenAI tools 
in their work. At a high level, the 
sentiment numbers look promising; 
internal survey data at Google show 
a consistent positive trend in AI sen-
timent. We’ve seen a 20% increase in 
AI sentiment over the past two years. 
But high-level sentiment scores alone 
don’t capture how developers expe-
rience their day-to-day work, nor do 
they help us identify opportunities 
for further improvement. While we 
know that improvements in model 
quality and performance are helpful, 
we also wanted to understand how 
developers experience AI-powered 

development through the lenses of 
speed, ease, and quality and what 
significant, systemic tradeoffs they 
face. We wanted to examine how de-
velopers articulate these tradeoffs in 
their own words.

Fortunately, we collect data on 
developer experience quarterly, 
through our longitudinal survey pro-
gram.1 Our team thematically ana-
lyzed 1,110 open-ended responses 
from a random sample of Google 
developers who were asked: “Please 
share any thoughts or comments you 
have around how AI-powered tools 
have impacted your development 
workflow in the last three months.” 
What we found is that AI introduces 
a series of systemic tradeoffs where 
productivity gains are in tension 
with points of friction.

Because our survey question was 
intentionally broad, the feedback 
we received was quite varied. Our 

analysis of these 1,110 narrative ex-
periences proceeded in two sequen-
tial phases.

First, we mapped the data by spe-
cific use cases across the software 
development lifecycle (SDLC) to pin-
point where AI was most visible and 
impactful to developers. The vast 
majority of touchpoints clustered 
around four primary activities: code 
generation, information seeking, 
code review, and testing. Beyond 
these core pillars, developers also re-
ported a notable footprint in second-
ary activities, including debugging, 
refactoring, writing documentation, 
and prototyping.

Second, we conducted a deeper 
thematic analysis within each use 
case to capture explicit developer 
sentiment. It was during this phase 
that we observed that a set of consis-
tent themes cut across entirely differ-
ent development activities.
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We found these themes interacted 
as four sociotechnical tensions asso-
ciated with using AI. Understanding 
these overarching tensions is essen-
tial for any engineering organization 
trying to realize true operational re-
turn on investment with GenAI.

Four AI Tensions
When analyzing the qualitative feed-
back across these applications, we 
identified clear universal themes 
mapping to positive and negative 
sentiments. These tradeoffs reveal 
that individual efficiency gains often 
collide with systemic friction.

Work Saved Versus Work Shifted
Developers frequently observed that 
work saved from using GenAI in one 
part of their workflow resulted in 
work being shifted to other parts of 
their workflow or even to other people.

Developers reported that work 
saved during initial code drafting 
was reallocated to additional over-
head from prompting and verifica-
tion. This tradeoff was also seen in 
the July 2025 METR study, where 
they found developers spent less 
time coding but more time interact-
ing with AI through prompting and 
reviewing AI output.2 This happens 
because writing a prompt that leads 
to successful results is nontrivial; it 
requires careful and explicit articu-
lation of constraints. Verification is 
also nontrivial; it requires high-scru-
tiny auditing of nondeterministic 
(and possibly hallucinated) output. 
Additionally, these tasks also require 
a different frame of mind than writ-
ing code, so developers expend effort 
shifting among “careful prompter,” 
“programmer,” and “code reviewer.”

This work shifting dynamic ex-
tends beyond the individual to the 
entire team. Developers report work 
being shifted from one person to 

another in code review: the velocity 
gains for an author can translate into 
an increased time or cognitive load 
for their reviewer if the author did not 
do enough verification themselves.

Overall, GenAI provides time 
savings in some areas of develop-
ment, with sometimes increases in 
others. Applying GenAI in develop-

ment requires a thoughtful balance 
and awareness of these tradeoffs to 
achieve net savings.

Realizing Value Versus Incurring Debt
The drive for rapid output often 
stands in opposition to the long-term 
health of the code base and docu-
mentation. When developers leverage 
AI as a high-speed drafting assistant, 
they can inadvertently introduce se-
mantic bugs, technical debt, and hol-
low documentation.

For instance, developers note that 
AI-generated code can be verbose 
or nonidiomatic. They perceive AI 
models to default to the most fre-
quent patterns found in their train-
ing data, which may not produce the 
most optimal, modular abstractions 
for a specific architecture.

This tradeoff extends to docu-
mentation use cases, too. Developers 
note that AI tends to output generic 
documentation: polished prose that 
looks sophisticated but lacks the 
deep, precise “why” behind an ar-
chitectural decision. Over time, the 

accumulation of these incomplete 
artifacts can make it harder for both 
human developers and future mod-
els to find high-quality reference ex-
amples. Industry research notes this 
pattern and suggests that it signals a 
shift from traditional technical debt 
toward “cognitive debt” and “intent 
debt,” where the code itself works, 

but the underlying engineering ra-
tionale is not well understood, and 
team mental models quietly erode.3 
Technical, cognitive, and intent debt 
make it progressively harder for both 
human developers and future mod-
els to find high-quality reference ex-
amples. They can also contribute to 
the longer-term erosion of expertise 
(more on this topic below).

GenAI is a force multiplier, and it 
can be used both to increase or de-
crease debt. Engineers must utilize 
it appropriately to manage this trad-
eoff and ensure sustainable opera-
tions when needed.

The Quick Start Versus the Last Mile
Our developers report that AI tools 
are very effective at lowering the 
activation energy for development 
work. They reduce friction to start 
tasks, moving the developer more 
easily from a daunting blank page 
into an active state of editing. Yet 
developers find that they hit a wall 
as they get farther into making their 
code production-ready.

What we found is that AI introduces 
a series of systemic tradeoffs where 
productivity gains are in tension with 

points of friction.
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Developers comment that pro-
totype or boilerplate infrastructure 
can be built almost instantly, but the 
engineering work needed to ready a 
system for production (e.g., handling 
edge cases, security, regulatory com-
pliance, and integration with complex 
internal infrastructure) can require 
more manual troubleshooting than 
if the project had been started from 
scratch. This tension is particularly 
noticeable in the testing use case, 
where developers reported instances 
of AI tools lying (a specific type of 
hallucination) about tests passing 
when it hadn’t even executed the tests.

This tension is related to the prior 
two: verifying the completeness and 
correctness of AI-generated code and 
assessing the extent to which it satis-
fies present requirements and incurs 
new technical debt are integral parts 
of production readiness. While it’s 
always been necessary for engineers 
to be aware of where they are in the 
product development lifecycle and 
manage this tradeoff, it is even more 
important with GenAI-based tooling.

Capability Versus Expertise
AI tools excel at functioning as 
timely tutors, allowing developers 
to bridge knowledge gaps, enabling 
them to write code in unfamiliar 
languages or navigate legacy code 
bases without prior domain context. 
Developers reported that AI empow-
ers them to work in unfamiliar terri-
tory but also that they may feel they 
lack the expertise to verify that AI-
generated solutions are correct.

By bypassing the “productive 
struggle” traditionally required to 
master a system, developers risk fall-
ing into superficial learning habits 
and long-term skill degradation. AI 
may create a long-term risk to deep 
technical expertise in some cases.4 In-
dustry research has shown that as AI 

alters standard workflows, organiza-
tions must actively update on-the-job 
training to safeguard developers 
against the risk of deskilling.5 This 
tension is further exacerbated by the 
default affirmation bias found in idea 
generation use cases, where models 
tend to validate and praise a user’s 
ideas rather than identify flaws or 
challenge assumptions.

Without deep technical expertise 
and access to well-vetted design ra-
tionale, developers may struggle to 
evaluate accuracy. The result is some-
times an environment where they can 
generate code quickly but are un-
equipped to debug the complex, sys-
temic failures that arise downstream. 
Using GenAI effectively means mak-
ing conscious decisions of when to 
build long-term expertise in a topic 
versus when shallow knowledge is 
good enough.

Actionable Strategies for 
Practitioners
Navigating these four tensions re-
quires shifting software develop-
ment strategy away from a narrow 
focus on tool adoption and toward 
structural, day-to-day adaptations. 
Whether you are leading an organi-
zation or committing code yourself, 
the following strategies can help.

Optimize the End-to-End Workflow, 
Not Just Code Creation
The paradigm of focusing solely on 
individual developer speed and in-
creasing AI adoption can create a 
massive auditing and management 
tax across the SDLC. To achieve net 
time savings, teams must shift from 
optimizing isolated tasks to recon-
sidering the broader workflow:

•	 Automate continuous valida-
tion at the point of creation: 
Prevent downstream bottlenecks 

by shifting the verification bur-
den earlier and to automated 
systems. For example, instead of 
relying directly on the developer 
to do verification, there should 
be automated feedback loops 
between the coding agent and 
other feedback mechanisms, 
including testing and context-
aware validation agents. This 
would reduce the validation 
burden on developers and their 
teammates.

•	 Enforce micro-scope discipline: 
Because AI makes it trivial to 
generate massive swathes of 
code and content instantly, 
strict adherence to small, modu-
lar goals is critical. Restrict-
ing tasks to tiny, isolated units 
shortens local debugging loops 
when a tool falters and keeps 
verification overhead from 
overwhelming the individual or 
their peers.

•	 Consolidate the toolchain: 
Minimize tool sprawl to pre-
serve flow state. Constantly 
jumping among disconnected 
AI assistants adds decision-
making toil; focus on cohesive, 
unified developer journeys. 
Directly combat decision-
making toil by minimizing tool 
fragmentation and the cognitive 
load that comes with agent pro-
liferation. This can help elimi-
nate the hidden tax developers 
pay when constantly choosing 
among, configuring, and jump-
ing among disconnected AI 
assistants.

Establish Antidebt Countermeasures
Because AI can rapidly proliferate 
verbose, nonidiomatic code or low-
value documentation, teams must 
explicitly reward code health over 
raw output volume:
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•	 Protect code quality: Conduct 
regular “refactoring sprints” or 
use specialized context-aware 
tools to actively consolidate, in-
line, and abstract repetitive, AI-
generated boilerplate patterns. 
AI tools focused on readability 
or adherence to documented 
coding standards may lighten 
the load for teams on this front. 
Thoughtfully scoping the work 
that agents do and do not take 
on autonomously (e.g., specify-
ing what kinds of bugs agents 
may fix without human inter-
vention) is also helpful.

•	 Protect documentation quality: 
Establish strict technical density 
standards for AI-written docu-
mentation. Enforce peer review 
checks specifically designed to 
strip out generic prose, ensur-
ing every document contains the 
critical, high-context “why” be-
hind architectural choices before 
it is merged into the ecosystem 
knowledge base.

•	 Establish and evolve technical 
debt management processes: 
Fundamental principles under-
lying effective technical debt 
management still apply to AI-
powered software development.6 
Making intentional decisions 
about technical debt tradeoffs, 
tracking and measuring technical 
debt, and sharing responsibility 
for technical debt across an en-
gineering organization can help 
mitigate the reckless, inadvertent 
accumulationa of technical debt.

Close the “Last Mile” Production 
Readiness Gap
AI excels at lowering the activation 
energy to start a task, but it does not 

ahttps://martinfowler.com/bliki/TechnicalDebt-
Quadrant.html

simplify the rigorous requirements 
of production-grade development:

•	 Calibrate estimates: Project 
timelines must explicitly account 
for the discrepancy between 
rapid prototyping and the effort 
required to achieve production-
grade quality. Planning for several 
iterations of coding, testing, and 
experimentation will occur ahead 
of production-level hardening. 
Resource and timeline estimates 
should explicitly account for the 
production readiness work.

•	 Ground AI in proprietary data: 
Generic models struggle with 
internal nuances. Link devel-
opment tools directly to inter-
nal application programming 
interfaces, proprietary code 
bases, and architectural docu-
mentation to drastically reduce 
hallucinations.

Safeguard Learning and Expertise
Lowering entry barriers to new do-
mains is powerful, but automated 
shortcuts risk bypassing the “produc-
tive struggle” required to build and 
maintain deep technical mastery:

•	 Design for active learning: 
When using AI to learn, prompt 
it to act as a conversational 
coach that explains structural 
logic rather than an agent that 
simply outputs a copy–paste 
snippet.

•	 Focus on structural mentorship: 
Protect time for junior-to-senior 
pair programming specifically to 
deconstruct AI-generated archi-
tectural paths, preventing blind 
tool affirmation.

•	 Preserve manual coding inter-
vals: For highly novel, critical, 
or complex system components, 
deliberately choose to code 

manually. Forcing the brain to 
construct the mental model from 
scratch prevents skill degrada-
tion and guarantees the team 
can debug complex failures. 
Consider deliberate manual 
coding for specific contexts, 
too: early career developers, 
new hires, or developers new 
to a code base can benefit from 
deeper engagement.

•	 Build sociotechnical immunity: 
Recent evidence suggests that or-
ganizations can protect against 
skill and expertise erosion by 
sensing it early (e.g., setting 
alerts around low- or no-time 
or zero-comment code reviews 
and watching for failure to test 
edge cases), actively containing it 
(e.g., requiring some AI-off code 
changes or reviews and requir-
ing meaningful human engage-
ment at key decision points), and 
implementing structural miti-
gations (e.g., using some saved 
time for skill strengthening ac-
tivities and evolving trainings).4

Beyond AI Adoption: Optimize 
Team Dynamics
When we look at the bigger picture, 
AI tool deployment and adoption 
does not happen in a vacuum. The 
tensions we uncovered in developer 
comments and the strategies we sug-
gest to strike a productive balance are 
important. However, we also know 
from internal research that merely 
increasing AI usage intensity does 
not, by itself, improve productivity 
or the overall developer experience. 
Rather, the benefits of AI appear to 
depend heavily on the quality of un-
derlying team dynamics.7 To leverage 
AI usage for maximum return, engi-
neering organizations must actively 
invest in core team dynamics across 
four distinct dimensions:

https://martinfowler.com/bliki/TechnicalDebt-Quadrant.html
https://martinfowler.com/bliki/TechnicalDebt-Quadrant.html
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•	 Process clarity: Prioritize es-
tablishing guidelines regarding 
which tools should be deployed 
for specific tasks to eliminate 
cognitive tool fragmentation.

•	 Strategic alignment: Keep team 
practices aligned with long-
term business and user values to 
counteract the drift caused by 
generic, AI-generated code and 
documentation.

•	 Team culture: Build high psycho-
logical safety so that developers 
feel comfortable raising concerns 
about verification overhead, 
auditing fatigue, or model hal-
lucinations without fear of being 
penalized for speed.

•	 Balanced workload: Explicitly 
track and adjust team capac-
ity to absorb the newly shifted 
cognitive burdens of prompting 
and code auditing, protecting 
developers from burnout.

Ultimately, GenAI does not re-
write the laws of software develop-
ment rigor; it balances them on a 
tighter scale. Managing these sys-
temic tensions is essential to ensur-
ing that gains in individual speed do 
not come at the expense of engineer-
ing health and ecosystem quality. 
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