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Abstract

This paper proposes a distinction between productive and mun-
dane articulation in people’s interactions with generative AL While
generative Al produces useful results for certain tasks and domains,
for many types of work, experiences with Al are still dominated
by generic and superficially relevant responses. People are often
required to provide context and clarifications through several it-
erations to get usable output. This paper argues that generative
AI will not become a true asset in the workplace unless it allows
people to focus on productive articulation that helps them reflect
on and refine the objectives of their work, by reducing the need
for mundane articulation that makes up the rote work of setting up
fundamental context for generative Al to deliver useful results.

CCS Concepts

« Human-centered computing — Natural language interfaces;
HCI theory, concepts and models; Interaction design theory, concepts
and paradigms.
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1 Generative Al at Work

Generative Al (genAl) seems to be the new medium for knowledge
consumption and use. With generative Al tools that draw informa-
tion from multiple sources and combine it on the spot to present
to a user are becoming commonplace [43]. So far, however, the
user experiences they offer remain fairly rudimentary. They are
good, or at least reasonable, at providing well-scoped responses
to well-specified questions or prompts. But the more subjective
or specialized the request, the more evident the generic nature of
genAl becomes. At first glance, the value of genAl comes from
its ability to summarize, to generate, and to fill in gaps!. But the

!Filling in gaps in a broad sense of the term: For example, as the Copilot in Microsoft’s
Visual Studio Code completes method bodies based on a user’s instructions or code
comments, it is essentially filling in gaps laid out by the user.
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real value and, in particular, the novelty of genAl comes from it
being responsive — that is, generating things that are suitable for
a purpose or a situation [43, ch. 4]. Without the summarization,
generation, and gap-filling being relevant, they would not be as
useful, at least not for most work activities.

1.1 AI as Part of Knowledge Infrastructures

Recent years have seen the uptake of organizational knowledge
bases that are automatically constructed and managed with the
aid of machine learning and Al [e.g., 18, 19, 45], and the intro-
duction of generative Al to workplace software is providing new
ways of utilizing these knowledge infrastructures. Both of these
developments have enabled leaps from passive knowledge stores to
active surfacing of knowledge [44], bringing us closer to the goal of
“connect[ing] knowledge workers with the right set of knowledge
resources or people, at the right time” (O’Dell and Davenport as
quoted by Jarrahi et al.) [18, p. 97]. GenAlL in particular, is changing
the use and reuse of knowledge in organizations by changing the
way it is surfaced [43]. The vision seems to be that genAl will be
integrated in all manner of workplace applications, or at least office
applications ranging from data analysis to word processing and
meeting software. With this, knowledge that previously sat much
more passively in knowledge bases, mainly to be consumed, may
now more actively influence people’s work as it happens.

By (organizational) knowledge infrastructure, I refer to knowledge
storage, management, sharing, and (re)use of knowledge through
knowledge bases, information retrieval, and expertise finding. I use
the word infrastructure to denote the interplay between multiple
tools, technologies, and practices [23, 33] and how they enable
knowing (the reuse and application of knowledge) [1, 3, 28]. I use
the term knowledge infrastructure rather than organizational mem-
ory [4] to describe the combined technological, practical, and social
means for organizational remembering because technology in it-
self is not memory but an infrastructural enablement of memory as
something active and constructive [5]. That is, I am not talking just
about (passive or active) knowledge bases but about technology
that facilitates the human acting involved in remembering [4] and
using knowledge. This is what good genAlI should do - not replace
human memory, interpretation, or knowledge use but facilitate
them as action.

Information in an organization often has multiple potential use
scenarios, and there is lots of it. Employees constantly assess what
information to pay attention to, what to make active use of, and
what to disregard — in other words, what is relevant to them and
to what they are currently doing. As genAlI selectively synthesizes
information for people, how can those people be confident that
they are actually getting to (all of) the knowledge they need and
want for what they are doing? Even beyond information finding
specifically, genAI’s connection with and place(s) within knowledge
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infrastructures are important, as all of genAI’s capabilities are tied
in with information through regurgitation and remixing of it. This
paper discusses what it means to situate Al in people’s work, as
genAl applications promise to weave knowledge surfacing and
remixing into the fabric of knowledge work.

2 Background
2.1 The Work to Make AI Work

People take to generative Al and its ability to select and summarize
as a way to reduce the overhead of finding or consuming informa-
tion [35, 47]. But it often misses the mark because of mistaken or
lacking assumptions [e.g. 22]. This shows that being over-confident
in assumptions about the user leads to poor or less-than-useful user
experiences.

Although a frequent assumption is that genAl enables people
to spend more time on “core” work activities and less time on
articulation work and tedious rote work [e.g. 17, 35, 46] (which,
arguably, might depend on how closely your work lends itself
to what current genAls do well), being productive with genAl
requires people to skillfully articulate themselves in the right way,
for instance specifying details that would be implicitly understood
by a coworker [35, 36] (e.g., that a slide deck should follow the
institutional template), and proposed solutions have so far hinged
on people doing this explicitly [e.g. 20, 21].

2.2 Relevance

The notion of relevance is essential to organizational knowledge
infrastructures, as information only becomes usable knowledge
when that information is meaningful to a person and a situation [8].
When viewing organizational knowing as emergent from the sit-
uated skillful acting of people [28], the connection to person and
situation also depends on what that person is doing with the in-
formation. As such, information’s status as knowledge depends on
how relevant the information is to the person and their activity. In
the fields most often interested in studying information relevance,
such as information retrieval, relevance was originally conceived
as topicality: in essence, the match between terms in a search query
and terms in a search result [30]. It has long since become clear that
relevance is contextual [29], and that not all factors pertinent to rele-
vance can be codified [29, 30]. With this in mind, when we consider
genAl as machine that relies on textual semantics, the experience
of surface-level relevance becomes less surprising. Its textual oper-
ations may be quite advanced, but the effects of primarily topical
relevance are still felt [21, 35].

2.3 Personalization and Context

Personalization for information consumption and knowledge use
can consist both in adapting the information that is provided to
people and in adapting the way that information is presented and the
available modes for interacting with it [9, 27]. This adaptation will be
based on information about the person and/or their situation [e.g.,
9, 14]. Underlying many such proposals is the premise that what is
explicit - often a search query - is not enough for determining what
a person needs (see also contextual relevance above) [40]. Teevan
et al. [39], for example, demonstrate that the same query can carry
different intent depending on who utters it. This underlines the need
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to consider not just the person in isolation but their broader context.
Bannon and Kuutti [4] argue that the remembering and reuse of
information is crucially dependent on context, and Al systems
underscore context as a central notion: Recent work has highlighted
the problems that result when AI systems are unaware, or only
partially aware, of the context in which outputs are surfaced or
produced [13, 37], and other studies have shown that taking broader
contextual information into account can improve AI’s ability to
predict people’s information needs [41, 42].

3 Situating Al in People’s Work

So, context and clarification help genAl produce better results.
But so far, attempts to build clarification into genAl applications
through explicit input fail to distinguish between things that one
would expect to need to specify and things that should be implicitly
understood by an “intelligent” agent. For genAI’s output to feel
not only surface-level relevant but also personally and situationally
relevant, we need to distinguish between articulation that is a
productive part of work and articulation that is simply mundane.

This is not just about who the person is or what information
they need but also what needs to happen. Usefulness depends on
how fit for purpose the possibilities for action are. Current modes
of (inter)action in most genAl tools are relatively basic, as are the
places they appear in: Most of them are restricted to conversational
interfaces [43, ch. 4] or, at best, confined to making things happen
in a single app. This does not match how people work [6], and it
effectively decontextualizes use by siloing the Al Interaction with
genAl should be contextualized in relation to people, activities,
and collaborative settings, not just in relation to whatever app is
currently in use.

3.1 Mundane and Productive Articulation

To deliver the most useful response, the system or tool should not
only understand the explicit content of a request or statement but
also the intent behind it [40, 43]. A request such as: “who should
I ask about the Planning department’s procedure for new build
surveys?” should produce different responses depending on who
is asking and what situation they find themselves in. However,
many current genAl tools seem to operate with a superficial notion
of context that relies on explicit information such as the user’s
organizational or physical location, or what software application
the given instantiation of genAl “lives” in (or simply the preceding
utterances in a conversational interaction [43, ch. 3]).

If genAl systems do not become capable of genuine contextu-
alization, people will continue to be forced to articulate the most
mundane aspects of their situation before getting to anything use-
ful. Many readers have probably tried the back-and-forth it takes
to get genAl tools to carry out a request in a way that is right for
them. A lot of this involves getting the tool to “understand” you
and any relevant circumstances [36]. We can draw a parallel to
the articulation work that is required in collaborative work: For
multiple actors to work together effectively, they need to establish
and maintain common ground, and to understand responsibilities
and division of work, etc. [31]. This articulation work is not by
definition good or bad; it is simply a part of collaborative work.
Similarly, genAl requires some articulation of intent and context
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on the user’s part, which requires the person to figure out both
what to tell the system and how to tell it. This articulation can be
productive, just as it can be productive when we explain a problem
to a coworker (or a rubber duck on our desk) only to come up
with an idea for a solution ourselves without the coworker need-
ing to speak a word - but articulating mundane aspects (such as
the fact that if I need ideas for how to structure an article, I mean
an academic article and not a news article), especially repeatedly,
is usually not. If genAl requires people to spend their energy on
mundane articulation, it is likely to become an additional cognitive
burden rather than fulfilling the promise of freeing up people’s time
to let them focus on what matters to them.

If, instead, genAI’s responses and suggestions are contextually
anchored, the demand on people to articulate contextual aspects
will be reduced, allowing them to turn their focus to productive
articulation that helps them reflect on and develop their conceptual-
ization of the task they want to do or the problem they are trying to
tackle. In sum: (Appropriately) Anchoring people’s use of Al in their
context (person and situation) can allow them to focus on productive
articulation rather than mundane articulation.

4 So, what is the mundane?

... or: what is it mundane to have to articulate (over and over)?
To paraphrase the above, the mundanely articulated is that which
adds no value beyond ensuring that outputs are suitable for the
person and the situation, while the productively articulated is that
which progresses not only the generation of output but also how
the work is conceptualized. A parallel can be drawn to Shah and
Bender’s notion of “beneficial friction”, which acknowledges that
information access is not just about getting an answer but also about
sense-making [32]. My purpose here is not provide a concrete list
of what is mundane and what is productive, partly as the answers
will likely be contextually dependent themselves. My purpose is to
point to the crucial distinction between productive and mundane
articulation, begin a dialogue, and propose a direction of inquiry.

In essence, I propose mundane and productive articulation as
lenses to examine (gen)Al systems with, for purposes of both un-
derstanding and design. A possible line of inquiry in this regard
is whether it is possible at a general level to map different aspects
of a situation to a mundane/productive articulation distinction or
axis, and if (likely) not, how dependent such a mapping is on the
setting, the domain, the application area, and so on. It may (or may
not) be that it is always less mundane to have to state what you are
working on right now than to reiterate that you are a researcher
and not a marketing director or a student. Another part of such
an inquiry is to decide if mundane and productive articulation are
most usefully conceived of as discrete categories or as ends of a
spectrum. This, too, may prove to be dependent on other factors.
Figure 1 summarizes this mapping challenge.

To have some scaffolding for this inquiry, it would be helpful
to have a properly nuanced understanding of context. Context is a
contentious notion in HCI, and one definition or model of it may be
suitable for one use case and inappropriate for another, making it
impossible to definitively say what “context” is comprised of [7, 12,
16]. Abstracting away from an enumeration of concrete components
of context, with the intention of focusing on the purpose of context
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information in this inquiry, one trap we might fall into is to assume
that some aspects of context are completely situational — such as
who else is in the room or what they are trying to achieve together
- and others are a parcel of information that always travels with the
person and is always present, such as a person’s job or educational
background. It would be easy, then, to assume that it is mundane
to tell the system what your job is and productive to tell it what
you are trying to achieve. But these things may not actually be
so straightforward to separate. For example: Articulating what or
how much you already know about a subject, to avoid the Al over-
explaining, can be both difficult and tedious — on the other hand, it
can (as mentioned) be very productive to voice your thoughts and
assumptions out loud, including what you already know about a
problem and what knowledge you might apply to solve it. To tackle
this, we should factor in that circumstances and characteristics can
be more or less defining for a situation.

Even relatively constant or slow-evolving characteristics come
into play in a situational manner. For instance, the knowledge a
person draws on in a given situation will often be different from the
knowledge they draw on in another, even though the knowledge
they possess as a whole obviously does not completely change from
situation to situation — a person might be employed as a quality
assurance inspector, drawing on specialist knowledge of biochem-
istry, while also chairing an employee welfare committee, drawing
on broad insight into organizational culture and procedures. A
prompt like: “draft an email summarizing these complaints about
test equipment” will carry significant underlying implications de-
pending on whether the email is going to the whole organization,
just the quality assurance team, or just management, and depending
on what capacity the person is acting in; specialist impacted by test
equipment issues or leading representative for employee welfare.
With this framing, it is clear that all aspects of context are situa-
tionally entwined and that it is not trivial to specify (certainly not
deterministically) which aspects of a person’s context are mundane
to articulate and which are productive.

Another question we may ask is whether this is only about what
users should be able to leave implicit; or if what is mundane and
what is productive for the user to articulate should also make a
difference for how that information influences the Al: When a genAl
is used to compose a report for a project manager, should mundane
facts, such as their product manager title and that they work in the
security division, be used or treated differently by the AI than more
situational, and potentially more productively articulated, factors
such as an underlying strategic goal of getting a related project
extended? Might the more mundane, for example, best be used in a
dynamic system prompt, while the less mundane is use to enhance
automatic prompt reformulation? (or the other way around)?

A whole other question is how much information people are
comfortable with a given system “knowing” about them.

4.1 Exploring the Distinction

As outlined, determining which circumstances and characteristics
are mundane to articulate and which are productive, or the extent
to which they are one or the other in a given situation or setting, is

The process of rewriting a prompt or query to improve expected effectiveness before
running it [49].
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Figure 1: The articulation of intent and context can be productive, but articulating the mundane is not. For Al to actually free
up people’s time, this distinction is necessary. But the mapping (illustrated here using dashed arrows) of circumstances and
characteristics onto mundane and productive articulation, if at all possible, is an open question (indicated by overlaid question
marks); as is whether mundane and productive are discrete categories or ends of a spectrum (illustrated through separated
boxes and a gradient-filled arrow, respectively). I encourage this as a line of inquiry in future work on human-genAl interaction.

not straightforward. An obvious avenue is to study people’s articu-
lation in genAl interactions, using approaches such as think-aloud
or diary studies to elicit thoughts about the things they find neces-
sary to specify to the Al, and employing mundane and productive
articulation as a framing when analyzing participants’ experiences.
Even without targeted studies, it would be instructive to apply the
productive/mundane framing as a lens onto existing literature that
identifies challenges [e.g. 22, 35] and compare across cases.

Considering mundane and productive articulation may also serve
a generative purpose in the design of genAl tools or features, such
as prompt assistance or task- or domain-specific genAlI tools; for
example by guiding explorations of what assumptions should or
should not be made by the Al, or what clarification to seek from
the user and how to integrate clarification into interactions in a
productive way.

5 GenAlis an Answer, Not the Answer

That I discuss how to make genAl better should not be taken as an
argument for genAl to be used everywhere or all the time. GenAl
now seems to be part of the future of work and, as such, should be
considered in research on work, particularly given its links with or-
ganizational knowledge use (Microsoft’s M365 Copilot, for example,
uses an organization’s files to answer questions and surface poten-
tially useful files to the user [26]). However, it is both worthwhile

and important to consider that the way to create more relevant
knowledge experiences at work can be better design, with or without
(better) AL

5.1 Is Generative AI Worth It?

Any suggestions for improving Al also become suggestions for
advancing AT’s role in the world, and I am ambivalent about con-
tributing to this. If the choice is between better Al and what we
currently have, better is the obvious choice. But Sturdee et al. right-
fully argue that “the potential negative consequences of research
should be questioned, critiqued, and discussed as part of the publi-
cation and peer review process” [34, p. 1]. (Generative) Al comes
with a range of potential and certain costs. There are consequences
for people using it or working in an organization where it is used.
There are also consequences for other people, both before that use
and as a consequence of it. Consequences before use arise (and
have already arisen), for instance, during model training and the
creation of datasets for that training, e.g., when data labellers are
underpaid yet have little choice but to do the work [15, 38], in many
cases without being part of the population that reaps the largest
benefits [48]. Consequences of use could be when people’s lives are
influenced directly or indirectly by decisions and actions taken in
the course of work mediated by Al-powered tools (a very concrete
parallel is the use of predictive algorithms in, for example, social
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services and police work [25]). It could also, more indirectly, be the
climate harms and displacement [2] caused by the environmental
impact of generative Al Environmental consequences stem, for
instance, from the high amounts of energy used when creating and
training models [10]. Importantly, this cost is not one-off, as (like in
any design and development process) getting to the right function-
ality and performance will require multiple rounds of iteration. And
even if existing models can be (re-)used to implement the principles,
running the models also costs both energy [24] and water for data
center cooling [10], which would quickly mount up with the high
numbers of users of knowledge work software (whether they use
it for work or personal uses): A comparative study of the cost of
inference using different generative models found that the cost of
prompting outweighs the cost of training and fine-tuning within
weeks or months, particularly as more and more people begin to use
generative Al [24]. While it may be possible to choose a model with
a lower cost associated with its development and/or its use, there
is (unsurprisingly) a trade-off between accuracy and how environ-
mentally (un-)sustainable different models are [11]. It is important
to assess whether a poorer implementation using genAl could be
worse than no implementation at all, for example, as people would
need to iterate more to get what they need, potentially resulting
in costs the same as or higher than with a better model. But to flip
the coin yet again: Would a more effective system mean briefer use,
or would people merely fill in the “freed-up” time with more use
of the system (similar to when the energy efficiencies created for
bitcoin coincided with greater demand and mining [10])?

This - yet another paper about how we can make genAlI better
- should not be read as an uncritical endorsement of (generative)
Al It is definitely worthwhile to consider what difference it could
make to use (generative) Al or not to use it; what model(s) to use if
Al is used; and whether the same things can be achieved sufficiently
without it. Importantly, this is not just about whether the use of
generative Al (or computing in general) does damage but about
whether that damage is excessive compared to the social, economic,
and environmental benefits [10]. So, not only is it necessary to
assess whether the immediate goals of implementing this, or any
other, paper’s ideas would be worth it but also what the benefits
would be in a grander scheme - do they really measure up against
the potential negative impact? The ideas in this paper must not
be used uncritically. This should go without saying for any paper
making recommendations about technology, but I am not sure it
always does.
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