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Abstract

Large language models (LLMs) are being rapidly adopted for complex knowledge work, yet little is
known about how end users are adapting these tools to their needs, why their customised workflows take
the shape they do, and what those adaptations reveal about unmet needs in human-Al interaction. This
paper reports findings from seventeen semi-structured interviews with knowledge workers, primarily
software engineers, investigating how complementary human-Al relationships develop in practice, and
whether users perceive LLMs to be genuinely augmentative. Expert software engineers had developed
workflows that preserved their agency over the parts of their work they valued. These were charac-
terised by meticulous upfront specification and iterative agent configuration, which kept strategic and
creative decisions in human hands. Even within these expert workflows, however, participants described
new cognitive burdens, particularly regarding context management, output evaluation, and maintaining
strategic oversight, all of which current tool design does little to mitigate by default. These findings
suggest that complementarity is not a default property of LLM-based tools but something users must
deliberately construct, often in ways those tools do not naturally support.

1. Introduction

Large language models (LLMs), which power popular chatbots like ChatGPT and Claude, have over
a billion users worldwide, yet their design has not evolved significantly past chatbot-based paradigms
since they entered mainstream usage. Prompting a conversational interface via natural language remains
the standard for engaging with Al, despite arguments that it is a poor substitute for genuine natural-
language interaction (Kraljic & Lahav, 2024; Meredith Ringel Morris, 2024). Even interactions with
LLM-powered coding tools are organised as linear chat conversations, whose structure, combined with
the quantity of output LLMs create, produces significant information processing challenges for com-
plex knowledge work like software development (Alami & Ernst, 2025; Suh et al., 2023; Tang et al.,
2024). While there is substantial evidence these tools can genuinely augment complex knowledge work
(Dell’ Acqua et al., 2023; Mohamed et al., 2026), the ways in which they are changing the nature of work
can come with significant cognitive costs (Ranganathan & Ye, 2026; Simkute et al., 2024; Tang et al.,
2024). What remains under-explored is how practitioners are adapting to this tension in potential, and
what their adaptations reveal about the conditions under which genuine augmentation becomes possible.

Research on end-user development has long shown that people with domain expertise will adapt tools to
meet their needs when default designs fall short (Ko et al., 2011). LLM users appear to be doing exactly
this. Sarkar and Drosos (2025) conducted one of the first ethnographic studies of ‘vibe coding’ (a
popularised term for LLM-assisted programming), in which they analysed over eight hours of recorded
expert coding sessions. They found that experienced developers are adapting LLM-based tools in various
ways that both preserve their agency over their work and mitigate LLMs’ shortcomings, notably the
tendency for their quality to deteriorate as their context grows.

Each end-user adaptation reveals a potential new UX issue and, therefore, a design opportunity. Obser-
vational research like Sarkar and Drosos (2025) is therefore beneficial for understanding the details of
an end-user-developed practice, but it leaves open questions regarding why those adaptations emerged
and how attitudes and practices have developed over time. To that end, this research sought to answer
the following research questions through seventeen semi-structured interviews with knowledge workers,
primarily software engineers:
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* RQ1. How do knowledge workers’ custom adaptations of Al tools for complex workflows reveal
unmet needs in human-Al collaboration?

* RQ2. What is the perceived potential for LLMs to augment human abilities?

The data suggest that a genuinely complementary relationship with LLM-based tools is not something
the tools provide by default but something users must construct. The most experienced software en-
gineers had developed sophisticated workflows for preserving agency over the parts of their work they
valued while offloading less rewarding jobs, but these came with significant cognitive costs. Those costs,
and the strategies needed to manage them, are least accessible to less experienced users, who lack both
the technical skill to evaluate LLM-authored code output reliably and the metacognitive resources to
manage effective delegation.

The primary contribution this research makes is to provide empirical support for the importance of
promoting user agency and the enablement of intrinsically rewarding, or meaningful, work as key com-
ponents of a more human-centred, or complementary, relationship with Al. While the traditional view
of complementarity, centering on balancing the relative strengths and weaknesses of humans and tech-
nology, often with the goal of quantifying complementarity (Steyvers et al., 2022; Wilder et al., 2020),
is still crucial, these interviews suggest that whether a relationship with Al is experienced as genuinely
augmentative depends less on the balance of capabilities than on whether it allows the user to protect
and advance the work they value. This paper treats complementarity in this richer sense as the condi-
tion under which LLM use is experienced as genuinely augmentative; the two concepts are distinct, but
the data support their connection inductively. This perspective tends to be missing from much of the
literature and technological development around LLMs, but is an important framing for future design
work.

2. Methodology

2.1. Participants & Recruitment

Participants (N=17) were professional knowledge workers, mostly software engineers, with the excep-
tion of one journalist, one philosophy graduate, and a design educator. Table 1 shows details of each par-
ticipant’s profession and LLM expertise. Recruitment mostly followed a community-driven approach.
Users of the open-source productivity software Obsidian were identified as a strong target, since a sig-
nificant number already share their workflows online (e.g., on Discord, Reddit, and YouTube), and many
were already using LLMs in conjunction with Obsidian. This initial group of Obsidian users contributed
three participants. Two others were found on YouTube or X (f.k.a. Twitter) by searching for ‘agentic
coding’ or ‘Claude Code’ (which was at the time, and still is, one of the most widely used LLM-based
coding tools). These were developers who wrote about or made videos about their workflows. Nine
participants were connections of other participants or UCL’s network and did not publish content about
their work online.

2.2. Procedure

Semi-structured interviews were chosen as the research method as a primary focus of the study was to
uncover participant attitudes towards various aspects of interacting with Al, as well as their motivations
for using Al tools in specific ways. These interviews lasted approximately 60 minutes each and were
adapted to each participant based on a discussion guide. The discussion guide, and subsequent reflexive
thematic analysis (Braun & Clarke, 2019), were largely structured around RQ1 and RQ2 and focused
on how and why participants’ LL.M-assisted workflows took shape the way they did.

2.3. Analysis

The data consisted primarily of automated transcriptions via Microsoft Teams. Thirteen out of seventeen
participants gave informed consent to have their interviews recorded. Data from the other four partici-
pants consisted of detailed notes taken by the interviewer. Data was analysed using reflexive thematic
analysis (Braun & Clarke, 2019). This approach aims to understand implications emerging from quali-
tative data by identifying patterns and themes present across multiple participants. Themes were defined
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PID Profession LLM Expertise*
P1 QA Engineer + Writer Expert
P2 Software Engineer Expert
P3 Software Engineer Expert
P4 Software Engineer Expert
P5 Journalist Intermediate
P6 Higher Education Proficient
P7 Software Engineer Expert
P8  Philosophy Graduate Intermediate
P9 Software Engineer Expert

P10 Software Engineer Expert

P11 Software Engineer Proficient

P12 Software Engineer Expert

P13 Software Engineer Expert

P14 CS Professor Expert

P15 CS PhD Student Proficient

P16 ML Engineer Expert

P17 Software Engineer Expert

Table 1 — This table shows each participant’s profession as well as their relative expertise using
LLMs. *Note: Here ‘Expert’ is used solely to distinguish engineers who have experience using
agents to execute tasks autonomously, some of whom utilise multi-agent architectures. ‘Proficient’
indicates domain expertise but limited experience with agentic workflows, i.e., these users may have
experience with contextually grounded tools like Claude Cowork, but they primarily interface with
LLMs via a chat interface. ‘Intermediate’ refers to users who primarily interface with LLMs via a
chat interface.

iteratively based on the research questions summarised above. A private, local LLM (deepseek-r1 via
Ollama) was used as a reflexive prompt to surface alternative readings: the LLM was prompted, for
each transcript, to identify points of deviation from the themes that could point to additional ones, or
observations that could add nuance to or alter themes. For each excerpt surfaced, the researcher assessed
whether it represented a genuine deviation from a theme or was consistent with it and revised or retained
accordingly.

3. Findings

The strategies that software engineers have developed, individually and as a community, for working
with LLMs and LLM-powered agents have the potential to protect their agency over the aspects of their
work they find meaningful or rewarding (such as the strategic or creative) while effectively offloading
rote or repetitive work. This same offloading, combined with the speed at which LLMs produce code,
also opens up the potential to glean even more reward from ‘giving life’ to new ideas at much greater
speed. However, despite that positive potential, the interviews revealed how LLMs also heavily shift the
nature of software engineering work from execution towards management or orchestration (or from pro-
duction to evaluation), and this shift introduces new cognitive burdens that developers are still learning
how to manage. Thus, the augmentative capacities of LLMs are counterbalanced by their potential to
produce burnout. These findings are broken down in greater detail across three sections:

* §3.1: Software Engineers’ Practices for Working with LLMs,
* §3.2: The Perceived Potential for Augmentation,

* §3.3: Tradeoffs between Augmentation and Burnout
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3.1. Software Engineers’ Practices for Working with LLMs

The most experienced software engineers in this study had developed ways of working with LLM-
based agents that strived to establish complementary relationships in which the human’s and the agent’s
roles were roughly divided between strategic decision-making and execution (e.g., code generation and
debugging), respectively.

These practices were not derived from any explicit framework; varied theories still abound online re-
garding what exactly constitutes best practice for working with agentic coding tools. Participants instead
described arriving at them through a combination of trial and error, learning through their own practice,
and from tweets, blog posts, and videos shared by peers. Importantly, figuring out which tactics work for
a specific context required sustained, deliberate effort that LLM-based systems don’t necessarily support
by default. At a high level, these practices are encapsulated in a few distinct but overlapping behaviours.

The first involves investing significant effort in specification and planning before any code is generated.
This isn’t a new practice for engineers, but its purpose has changed considerably in this new context.
It is now as much about preserving agency as it is about defining the vision for a product. It is also a
direct response to the default behaviour of LLMs, which is highly execution-driven, often at the expense
of clarity and comprehensiveness (Laban et al., 2025). As P14 observed, ‘These models all want to go
to code as soon as possible. Sooner or later it asks, “Should we code this?" Eventually I’ll say, “OK, I
think we have enough."” The key word there is ‘eventually.” By the time they hand anything to the agent,
‘I’'ve already gone through the major questions in the design phase, so I know what’s going to happen.’
Similarly, P9 described a process of extended collaborative planning with the LLM before allowing it
to write a line of code: ‘we are going to keep talking till we get to the level of specificity where it’s
appropriate for the handoff.” This front-loading keeps strategic and architectural decisions in human
hands, while delegating the translation of those decisions into code to the model.

The second practice is the use of persistent agent configuration files (often referred to as AGENTS.md,
CLAUDE.md, or SKILL.md files) that encode behavioural instructions, coding standards, and context
that would otherwise need to be re-specified across sessions. P7 described their value: they can ‘give
very sloppy instructions’ in the heat of a creative moment, knowing that the clarity encoded in the
configuration file will compensate. Their key insight was that writing good agent instructions requires a
different cognitive state than actively building something — “those are usually totally different sessions
for me" — and that capturing instructions during moments of reflective clarity is what makes the system
usable under less ideal conditions. This practice, similar to upfront specification, also appears to be
a response to another limitation of LLMs: statelessness, or lack of actual memory (Dong et al., 2025;
N.F Liuetal., 2024). LLMs’ statelessness, coupled with their frequent handling of large contexts, often
forces the user to act as a memory store on their behalf, introducing new cognitive burdens (discussed
more below).

The third practice is deliberate human-in-the-loop checkpointing, or structuring agent tasks so that hu-
mans review and approve frequently before an agent executes. This is enforced at varying levels and
depends on the detail of a project’s upfront specification work; however, some level of checkpointing is
critical as a response to another limitation of LLMs, which is their tendency to ‘drift.’ Drifting really
occurs because of their aforementioned statelessness; in other words, because they don’t have memory,
LLMs constantly need to summarise previous decisions and turns of conversation, and this compression
(particularly the longer a session lasts) and resulting loss of detail can cause the LLM to ‘drift’ from
its initial focused context (Laban et al., 2025; N. F. Liu et al., 2024). P10 describes responding to this
behaviour: ‘I usually start with “Let’s make a plan," and make it actually write down a plan file and
execute it step by step and confirm the steps with me as it goes along. That way it usually doesn’t really
drift.’

A practitioner perspective on why this matters came from P12, a prototyping architect who works with
engineering teams trying to adopt Al. They described the problem with ceding too much control: ‘Some-
times because you feel like it knows so well what it’s doing, you end up giving it your full trust and letting
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it take over... Then once it gets stuck, you’re in a mess because you don’t know all the things it created
under the hood.” P12’s preferred response of forcing the agent to work in ways they understand, even
when it proposes something arguably better, reflects a broader shift they observed in how developers now
make sense of their own codebases. Where the work was once to plan and then implement, it is now
increasingly to specify, then verify what was built. Several other participants also described deliberately
eliciting Socratic interaction (prompting the model to ask questions rather than generate answers) as a
way of counteracting what P8 called the ‘answer bias’: LLMs’ default tendency to produce confident
responses rather than surface the assumptions that should be examined first. What unites these practices
is that they keep the human in the strategic, creative, and architectural parts of the work while delegating
execution to the model.

3.2. The Perceived Potential for Augmentation

Across participants and domains, negative perspectives on LLLMs were most consistently expressed in re-
sponse to the technology taking over work the user found rewarding, e.g., problem solving and strategic
thinking for developers, ideation and craft for writers, critical thinking for a philosophy student. On the
other hand, positive perspectives on LLMs were voiced by participants who had found ways to offload
work they found tedious, repetitive, time-consuming, or cognitively burdensome (in an unrewarding
way), while retaining agency and control over the parts of their work they found meaningful.

In sum, Al is experienced as augmentative when it handles jobs the user would rather not do, while leav-
ing the user in control of the work they actually want to do. This adds nuance to traditional definitions of
complementarity, i.e., a complementary relationship with Al is not one in which Al is simply delegated
tasks it is ‘better at.” Several participants noted that they were perfectly capable regarding the work they
delegated, and in some cases could do it better than the LLM. P10, for instance, described delegating
the database layer of a project: ‘I know exactly how to do that; it just takes a week and it’s annoying.’

When complementarity is achieved on these terms, participants described a qualitative shift in their
experience of work. Participants with the most positive relationships with Al were not necessarily those
producing the most output, though the ability to automate large amounts of rote work with LLMs was
a factor. Where they perceived Al to be augmentative was in the renewed relationship with work it
enabled. In several cases this was described as a reinvigoration of enjoyment that had been eroded by
years of repetitive execution work. P3 described how encountering the same problem for the tenth time
had gradually drained the joy from coding, and how LLMs had introduced the possibility of converting
‘every wild idea’ into a tangible proof of concept. P10, who described having ‘a cemetery of dead
side projects’ before agentic coding tools, reported ‘a renewed interest and enthusiasm’ driven by being
able to let the LLM handle the parts they found draining while retaining the problem-solving they find
genuinely rewarding: ‘my love was never the ability to write code. I think my love was for the ability to
solve a problem.’

The same phenomenon explains why LLMs fail to feel augmenting in other contexts. P1, who writes and
codes, was clear that they would not use Al for writing: ‘I have the privilege of only doing things that I
enjoy. Why would I pawn the things I enjoy off on AI?* P5 described the process of making connections
between a quote and a piece of fact during journalism as something Al isn’t capable of replicating: ‘the
logic and the connections that you make between either a quote that somebody’s made or a piece of a fact
that you’ve made — that I just think Al isn’t capable of doing.” They argued that the spontaneous, chance-
driven nature of ideation is fundamentally incompatible with the structured, prompt-based interface of a
chatbot: ‘I think a spontaneous process where you are trying to type something into the chatbot misses
the point around the spontaneity of the idea process.’

P8, who experimented extensively with Al-assisted essay writing, found that it substituted a different
and less satisfying kind of cognitive work for the kind they valued: ‘I was spending a lot of time thinking
about how to work with Al to produce a very effective essay... it always felt more scattered... everything
was a lot shallower. That’s not to say the output was shallower, but I wasn’t responsible for anything that
wasn’t shallow.” This concern extended to the value of effort itself. P§ observed that intrinsic motivation
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depends on recognising that work produces a commensurate reward, and that Al risks severing that
connection: ‘I just don’t think it is realistic to expect that people can continually get the same amount of
enjoyment out of doing something when they don’t have to work hard... You develop intrinsic motivation
by recognising that X amount of work will give X reward.” A similar intuition was expressed by P4, an
early adopter of agentic tools, who, despite overall enthusiasm, noted that when everything is automated,
it raises the question of where intrinsic value comes from at all: ‘If everything takes no effort, does it
have any value?’

P13, a games developer who had used Al extensively for web development, highlighted what happens
when Al takes over too much of the rewarding work. When they extended Al use to the parts of devel-
opment they genuinely loved, the work became ‘very monotone... very dry... instead of being a sort of
passion... it started to become more of a chore.” They described this not as a productivity problem but
as a loss of craft: ‘writing the code isn’t the sole goal of development. There is a craftsmanship part to
it that is very undervalued if you offload all of that work.’

The intrinsic reward framing also helps explain a related phenomenon: the tendency to overestimate
productivity gains from LLM use. P3 described what they called a ‘magic factor.” This describes the
situation in which the moments of surprise at what LLMs are capable of are so significant that they
overshadow the frustrating hours spent in unsuccessful ‘doom loops,” which are both less memorable
and often lack negative professional consequences since experimentation is encouraged. The result is
that people exit interactions with LLMs perceiving them to have been more helpful than objective metrics
might support. Perceptions of augmentation and actual augmentation are therefore not the same thing,
and intrinsic reward is partly what conflates them. When Al handles work the user finds unrewarding
and leaves them with work they find rewarding, the experience genuinely does feel like augmentation,
regardless of whether output quality or quantity has measurably improved.

3.3. Tradeoffs between Augmentation and Burnout

The dark side of this perception-vs-reality phenomenon is that some software engineers described coding
with agents as having become addictive, suggesting that these interactions are tapping into extrinsic
reward mechanisms as well.

P7 captured this shift without being prompted: ‘the work is shifting from writing the code to specifying
the system. Not everybody enjoys that part of the work. I think it’s actually much more mentally
draining... I am thinking harder than I have in a long time because the pace and volume of everything
is just so fast.” P10, despite their enthusiasm for what agentic coding has made possible, also noted:
‘a lot of what I’'m doing now, it genuinely feels like I'm not doing software engineering anymore. It
sometimes feels like I’'m babysitting agents.” P9 described the cognitive demands in terms of what
managing multiple agents actually requires, likening the engineer’s new role to that of a startup founder:
‘The founder’s capability at describing a future vision is really important because they’re not going to be
able to review all these decisions that need to happen with them out of the loop [i.e., the decisions made
by agents].” These interviews demonstrate that the new work is not only cognitively demanding but,
for many participants, less intrinsically rewarding than the production work it partially replaces, which
could at least partially explain why it is so ‘mentally draining.’

A related concern, expressed more tentatively across several interviews, is whether extensive LLM use is
affecting skill development and output quality over time. P8 was most direct in expressing this concern:
‘Al does a lot of things you would otherwise spend time doing, which means you’re not spending time
thinking about the material... my understanding went down. There’s no doubt about it, because I was
just moving through far more information more quickly.” P3 described observing a near-universal pat-
tern among coworkers a few months into working intensively with LLMs: ‘almost universally everyone
starts to lower their quality bar a bit... because of the sheer amount of outputs you have to consume
and validate. That’s dangerous.” P13 offered the most detailed account of skill atrophy from personal
experience. Having used Al heavily for web development, they found that after several months, their
intuitive grasp of the codebase had faded. Tasks that were once automatic became deliberate, and de-
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bugging, which had previously felt instinctive, required conscious effort where it hadn’t before. They
described losing what they called their Fingerspitzengefiihl, or the feeling in one’s fingertips for where
problems were located (in other words the intuition that comes with expertise) (Dreyfus, 2004). They
attributed this directly to having offloaded the thinking: ‘you initially would probably think that... I still
do the thinking, it’s just like the writing, the basic code. But I think you need to sort of keep your skills
sharp, just like how athletes still do the basic drills.” These observations were not the focus of this study
and should be treated as preliminary, but they point to questions that longitudinal research will need to
address.

Several participants also raised questions for what implications the challenges they faced could have
for those still developing expertise. The strategies that allow experienced developers to approximate
complementarity have to be learned in tandem with all that the inexperienced don’t know about pro-
gramming. As P10 observed, ‘the stuff you don’t know you don’t know. That’s the gigantic problem...
a junior won’t necessarily know that what [the LLM] is doing is correct... you just don’t have the expe-
rience.” This dynamic was echoed by P6, a design educator who observed the same pattern in students.
The result is that LLLMs, in their current default design, risk replacing cognitive processes that novices
need to develop rather than supporting them, which means amplifying existing gaps rather than closing
them. So while LLMs have the potential to maximise rewarding work, they also have the potential to
amplify existing inequalities in expertise.

4. Discussion

This paper has described how some of the strategies that professional software engineers (SWEs) have
developed to work more effectively with LLM-based agents can both have augmentative, rewarding
effects while at the same time producing burnout. Throughout, emphasis has been placed on the potential
for LLMs to afford SWEs more time for the intrinsically rewarding, or meaningful, aspects of their work
while offloading the rote or tedious. It is important to note that this was an emergent theme, not one
driven by the study’s research questions; however, it serves as a productive framing when considering
how to design Al-powered tools that are more complementary to their users.

Such a framing echoes discourses on human flourishing, which encourage a more holistic perspective on
individual and collective well-being (VanderWeele, 2017). However, there is reason to think this reori-
entation in perspective requires deliberate effort. Brynjolfsson (2022) argues that technology developers
and businesses face structural incentives that favour automation over augmentation. Substituting existing
tasks is the path of least resistance, while genuine augmentation demands more radical organisational
transformation. The result is what he called the “Turing trap,” a systematic bias toward developing Al
that emulates human performance at existing tasks instead of expanding what humans are capable of. In
this view, complementarity is not treated as the default.

From a ‘human flourishing’ perspective, complementarity looks beyond enhancing human skills with
the goal of improving productive output, and towards considerations of the consequences that such a
myopic focus (i.e., on productivity) might have on greater well-being. Here that means designing to
protect human agency by default instead of allowing it to be something that users have to work for. As
this interview sample exhibited, even those users who are best positioned to architect their workflows
to protect their agency (because they have the technical skills to steer LLM behaviour beyond simple
prompting) still struggle to succeed in getting agents to work for them, risk confronting burnout, and
occasionally still inadvertently get locked out of decision-making. This has been observed more broadly
in corporate Al adoption, where the initial productivity gains from Al use tend to give way to workload
creep, cognitive fatigue, and burnout as workers self-impose higher pace and expanded scope without
being asked to (Gent, 2025; Ranganathan & Ye, 2026). The fatigue and burnout are likely, at least in
part, a result of the human’s role in software development work shifting from a production and execution
focus to one that is more evaluative and managerial (Simkute et al., 2024). Another recent study suggests
that this encroachment on agency could extend far beyond software engineering. In a large-scale survey
with over 300 American workers across a diverse range of professions, Ranjit et al. (2026) found that
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meaningful work — tasks which workers associate with a greater sense of agency or happiness — may be
disproportionately exposed to intrusion by Al, as compared to ‘low-level” work.

This is not to say that high-level domains should be exclusively reserved for humans and low-level tasks
delegated disproportionately to artificial agents, but rather that there is still a ways to go towards design-
ing truly complementary Al systems: ones that are capable of maximising the human user’s agency over
what they find meaningful without introducing unnecessary cognitive burdens. Naturally, ‘meaningful’
differs from person to person, and current Al systems are not designed to uncover what that means
for each user nor to structure interactions accordingly (Fischli et al., 2026). Current systems operate
closer to what Fischli et al. (2026) call the ‘liberal’ approach to promoting autonomy in human-AlI in-
teractions, i.e., acting on what users explicitly ask for, without the ‘capability-boosting’ dimension that
would require understanding and actively protecting each user’s needs over time.

Where the flourishing framework and Brynjolfsson’s case for augmentative Al highlight the importance
of protecting agency at the systems level, self-determination theory (SDT) provides possible explana-
tions for its consequence at the individual level. SDT is an empirical framework that studies how differ-
ing types of motivation predict outcomes such as psychological wellbeing, learning, and performance
on creative problem-solving tasks (Deci & Ryan, 1985). Central to SDT is the distinction between au-
tonomous motivation, in which people experience volition and self-endorsement of their actions, and
controlled motivation, in which behaviour is driven by external contingencies or pressure. Importantly,
autonomous motivation leads to better psychological health outcomes, greater persistence, and more
effective performance on heuristic tasks, which are common in knowledge work (Deci & Ryan, 2008).

Work that is autonomously motivated is also more energising, while controlled motives drain energy,
which could partially explain why multiple participants reported that Al’s potential to free up their time
to work on personal projects felt so invigorating (Deci & Ryan, 2008). Even though software engineer-
ing in a work context can be considered extrinsically motivated, participants’ experiences indicate that
it is very much possible to be motivated by, and to find enjoyment in, specific aspects of that work. This
is perhaps why some react so strongly to Al ‘treading on their toes,” so to speak, when it comes to those
aspects referred to here as meaningful or rewarding. For many, strategic problem solving and decision-
making encapsulate what they find rewarding about engineering. For some (arguably a minority), like
P13, this extends to the act of writing code. However, even for P13, the importance of writing code was
less about the actual act of writing code and more about the upkeep of the core skillset and intuition (the
‘craftmanship’) that made him a good engineer. As they said, ‘It’s just more fun to do things yourself.’
Whether or not people like P13 are right in believing that generative Al spells doom for software engi-
neering as a craft, the design of future Al systems could better tilt the balance towards complementing,
and away from replacing, humans by becoming more adaptable to individual users’ personal fulfill-
ment. The industry-standard practice of keeping repository-level context files (e.g., ‘CLAUDE.md’) is
evidence of, and a step towards, this. However, it is also indicative of something broken, particularly
because they are not airtight solutions for addressing individual user needs due to LLMs’ limitations in
managing context (N. F. Liu et al., 2024), nor do they reliably improve code quality (Gloaguen et al.,
2026).

The findings for expert users raise the question of how less experienced users will be impacted. Will
they have the same experiences as experienced software engineers or could their challenges be com-
pounded? Recent work suggests that offloading tasks to Al denies users the experience of productive
struggle through which accurate knowledge of one’s own capabilities develops, which results in reduced
persistence even in the short term (Elizondo et al., 2024; Fleming & Daw, 2017; G. Liu et al., 2026; Ye-
ung & Summerfield, 2012). Expert software engineers have already developed this self-knowledge, but
novices haven’t, which could explain why the benefits of LLM-assisted coding are not shared equally
across skill levels (Prather et al., 2024). Complicating this picture further are the new cognitive bur-
dens discussed above. Participants’ accounts of the demanding nature of learning to work with LLMs
are consistent with Simkute et al. (2024)’s analysis of the ‘ironies of generative Al,” which documents
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how the shift from production to evaluation introduced by automation does not simply reduce workload
but redistributes it in ways that are often more taxing than anticipated. This is an effect of automation
documented at least as far back as 1983 (Bainbridge, 1983). Sarkar and Drosos (2025) corroborate
this phenomenon independently, describing it as programming expertise being ‘redistributed rather than
eliminated’ in agentic workflows. Experienced developers may be better positioned to manage these
new burdens, having already developed both the foundational technical skill to evaluate LLM outputs
and the metacognitive strategies that effective delegation requires. Non-experts have neither.

Presented with system designs that require expert skill to protect agency and reward, novices risk of-
floading too much, and, in the process, lose the opportunity to learn not only important technical skill
but also what they find rewarding about coding, which in turn impacts their ability to develop successful
delegation strategies. Zhang (2024) goes even further, arguing that certain human activities derive their
value intrinsically, from the quality of one’s direct engagement, and cannot be meaningfully delegated
to computational systems without loss. This again highlights the importance of exploration and the
development of underlying skill, as some activity may not be able to be offloaded without impacting,
at the very least, persistence and motivation. Two design directions for Al systems surface from these
considerations: one that focuses on fostering skill development, and another that focuses on adaptability
to what the individual user finds rewarding, ideally both part of the same system. These correspond
to two of the autonomy-promoting strategies that Fischli et al. (2026) propose for personal Al agents:
capability-boosting, which promotes autonomy by helping users build the skills they need to pursue
their goals independently, and meta-autonomy, which gives users control over what kind of Al interac-
tion they want across different domains, e.g., following direct instructions in one context, scaffolding
skill development in another.

5. Conclusion

These findings suggest that the question of whether LLMs augment human capabilities is not a property
of the technology itself, but of the relationship a user is able to construct with it. That relationship is
shaped in part by the level of agency a user is able to exercise over the parts of their work they find
rewarding or meaningful. Expert software engineers demonstrate that this is achievable to some extent,
but only through sustained effort that current tool design neither scaffolds nor encourages. For less
experienced users, the same tools that offer the promise of augmentation risk replacing the cognitive
processes through which both technical skill and a sense of meaningful work develop. This reframes
what it means to design for augmentation. Rather than optimising for output quality or task completion,
systems that genuinely complement their users must account for what those users find rewarding, and
actively work to preserve it. Two design directions follow from this work: systems that scaffold the skill
development required for meaningful delegation, and systems that adapt over time to individual users’
sense of what constitutes rewarding work.
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