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Abstract
Exploration and Optimization are ubiquitous activities in human
work. Exploration allows us to consider multiple design or solution
possibilities. Optimization allows us to narrow and refine diverse
possibilities. Given that generative AI produces diverse outcomes
for the same input – an attribute known as generative variability –
there is now a need to re-examine Exploration and Optimization in
the context of generative AI and understand their implications for
the future of work. The relationship between Exploration and Opti-
mization has traditionally been portrayed as independent, inverse,
or even contradictory. Guided by concepts from mixed initiative
interfaces, we conducted a conceptual analysis of three future-work-
centered generative AI use cases. We show that the relationship
between Exploration and Optimization is not “one-size fits all.” We
show how Exploration and Optimization may be combined into
several integrated and inter-dependent work processes. Our use
cases indicate that generative variability will increase the impor-
tance of Exploration and Optimization in future work tasks and
applications.

CCS Concepts
• Human-centered computing→ Interaction design process
andmethods; Interaction design theory, concepts andparadigms;
• Computing methodologies→ Artificial intelligence.
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1 Introduction
AI, and specifically generative AI (GenAI), have become impor-
tant topics for human work and human workplaces. A recent sum-
mary report from the US National Academies suggests that GenAI
automation has potential for future work productivity gains, job
losses, and less well-defined job gains [69]. A second report from
the University of Oxford proposes a tension between automation
and augmentation ([83]; see also [81]), where augmentation im-
plies “that the use of AI enhances human intelligence, rather than
operating independently of, or replacing it” [40], potentially as a
collaborative or even symbiotic human-AI “system” [108]. Giac-
cardi [29] focuses on the inclusion of “things” (i.e., AI agents) as
partners in design, being capable of creating other “things” (i.e.,
design instances).

In this paper, we consider use cases toward the design of AI-
supported augmentation of human work through the concept of
generative variability. Weisz et al. [101, p.4] define generative vari-
ability as what happens when GenAI “generates artifacts as outputs
and those outputs may vary in character or quality, even when a
user’s input does not change” (see also [65]). These attributes can
be seen as a weakness - i.e., indeterminacy of outcomes - or as a
strength - i.e., tunable or “steerable” [17, 57] multiplicities of out-
comes. Generative variability challenges understandings of HCI and
human factors because users may be faced with multiple outcomes
without obvious criteria for what is “best.” Part of our task is to turn
these challenges into design strengths. Through the lens of genera-
tive variability, we consider three use cases for future workplaces:
How can generative applications augment human work to produce,
curate, select, and adapt instances from the large design spaces
that are now possible through generative applications [46, 84, 101]?
Among the challenges in this curatorial work, two activities stand
out:

• Exploration of diverse exemplars produced from generative
algorithms, and

• Optimization of selected exemplars.
Exploration and Optimization1 have long been discussed in hu-

man cognition [35], neurobiology [4], and now the HCI and HCAI
literatures [1, 8, 14, 39, 44, 59, 64, 95, 101, 109]. In cognition, Hills
et al. [35] describe Exploration and Exploitation (a version of Op-
timization) as a trade-off that traces back to humans seeking sus-
tenance for survival, and now applies to diverse problem spaces
including searching for cures for disease or recommending songs
in a music library. Traditionally, these concepts were treated as
distinct [39, 95, 106, 107], or even antagonistic processes [18, 55].
1In this paper, we use ten words to identify formal concepts and we indicate our formal
usage through capitalization. These concepts are: Exploration, Optimization, Ideate,
Constrain, Produce, Suggest, Select, Curate, Assess, and Adapt (see Table 1).
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Using formalisms from frameworks for mixed-initiative user inter-
faces [26, 30, 64, 67], we argue that Exploration and Optimization
are not antagonistic, but intertwined. They are both necessary
phases of diverse creative processes, but they may appear in differ-
ent configurations and relationships with one another or with other
processes. We discuss three use cases (based in the research litera-
ture) to explore that diversity using concepts from mixed-initiative
frameworks to clarify the internal and interrelational actions and
dynamics of Exploration and Optimization [26, 30, 67, 90].

We briefly note that the intended contribution of this paper is
analytic rather than empirical.We don’t analyze “experimental data”
as such. Instead, we base our argument on recent design-oriented
work in generative AI. Therefore, in place of a conventional “Results”
section, we provide a series of three use cases, based in the research
literature, which we analyze using concepts Exploration and Op-
timization. To illustrate these diverse relationships, we make use
of an analytic framework from mixed-initiative creative interfaces
[30, 64, 67, 90]. Our paper makes the following contributions:

• Analysis of the impact of generative AI on the future of work,
focusing on the phenomonon of generative variability

• Analysis of the newly-important concepts of Exploration
and Optimization in relation to generative variability, and in
relation to future work generative applications and domains

• Further development of action vocabularies for mixed ini-
tiative creative interfaces, that can analyze and explicate
Exploration, Optimization, and generative variability

2 Related Work
We begin with a more detailed exploration of themes of human
augmentation and/vs. automation, followed by a survey of Explo-
ration and Optimization across the HCI, Computer Science, and
AI literatures, complemented by a discussion of those themes in
the algorithmic literature. We then particularize these concepts in
design frameworks, and add a more formal analytic approach based
on action-vocabularies from mixed initiative interfaces.

2.1 Augmentation, not Automation
GenAI has been described as a kind of informal production system.
Nielsen [70], for example, asserts that the new paradigm of gener-
ative AI allows the user to state their goal, rather than the steps
required to achieve that goal. However, Bouschery et al. [8, p.140]
object to that command-oriented use pattern:

“Will designers be reduced to “prompt engineers”, that
is, just designing the task given to an AI instead of
the product or component? Augmenting human in-
novation teams with AI hence calls for investigating
many aspects of jointly working with AI...”

Raisch and Krakowski [81] also discuss the tension of automation
and augmentation from amanagement science perspective, conclud-
ing that augmentation is associated with superior organizational
performance. Zysman and Nitzberg [110, p.2] concur about the
importance of human augmentation through AI:

“projections based solely on automating existing tasks
fail to capture the complex reorganizations [of human
work] that are likely to happen... Adaptations will

vary across contexts.. Maintaining the centrality of
humans is likely to prove crucial...”

However, Nielsen’s what-rather-than-how command-oriented
usage pattern under-utilizes GenAI interactions. Nielsen comments
that “I doubt we should even describe this user experience as an
‘interaction’ because there is no turn-taking or gradual progress.”
[70, unpaged]. His proposal seems to substitute a new form of
command-line for an earlier form.

We believe that this type of interaction is only part of the promise
of generative AI. Applications that leverage generative variability
can also be used iteratively - i.e., conversationally - to augment
human abilities with greater user control over what the algorithm
produces. Bouschery et al. [8], Houde et al. [37], Muller et al. [63],
and Weisz et al. [101] advocated for highly interactive methods to
populate a design space of diverse exemplars, and then assist one
or more humans to curate and refine selected exemplars from that
design space [30, 37, 62, 64, 66]. For example, Johnsson et al. [43]
used an AI agent as a part of a double-diamond innovation exercise
with multiple analysis teams. Louie et al. [57] used an earlier form
of generative AI to create a collection of musical passages following
user requirements, and to refine selected one or sets of those pas-
sages. Bouschery et al. [9], Muller et al. [64], and Shaer et al. [87]
examined brainstorming-related methods in which an AI agent aug-
mented the conversational work of groups of humans, generating
ideas (exploration), curating ideas, selecting “best” or “final” ideas,
and in some cases collaboratively refining ideas (optimization).

However, like other new sociotechnical capabilities, generative
AI may be used both more and less effectively to achieve human
goals. In contrast with the successes in the preceding paragraph,
Wadinambiarachchi et al. [96] call attention to possibilities that
design fixation may occur when using AI tools (see also [15]). By
contrast, Bordas et al. [6] emphasized the importance of human-
AI dialogic processes to reduce the likelihood of design fixation.
Lee et al. [48] show that the relationship of AI to one or more hu-
mans depends on multiple factors, and that the relationship itself
can be tuned through those factors (see also [37]). These dialogic
paradigms emphasize fine-grained conversational augmentation
of humans through the patterns of their use of generative AI ap-
plications. In this paper, we apply augmentation concepts through
analysis of human-AI usage patterns of exploration and optimiza-
tion.

2.2 Generative Variability and
Exploration-Optimization Tradeoffs in the
HCI/HCAI literature

The preceding section described how the creation of diverse in-
novation concepts [43], musical passages [57], and brainstorming
ideas [9, 64, 87] depended on the generative variability [101] of
the AI application. In different ways, each project used genera-
tive algorithms to produce not one outcome, but a collection of
varied outcomes. Further actions were needed to work with this
variability as a resource for innovation, music, or idea-creation
and idea-refinement. In other words, researchers used generative
variability to create and populate a design space of possibilities. In
this paper, we consider how people have used these design spaces
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of varied instances and artifacts through different processes of
Exploration and Optimization.

In an influential paper originally published in 1991, MacLean
et al. [59] proposed that the product of design is a single artifact,
but that there is also a discussion-like process that leads to that
artifact. They proposed to formalize that discussion in what they
termed Design Space Analysis, a structured form of argumentation
involving Questions, Options, and Criteria (QOC). Their design
space analysis was intended to provide a well-understood multi-
dimensional space of possible designs. We consider their design
space as a representation of an exploratory process, and their single
artifact as an optimized outcome. Correspondingly, their proposed
methods for optimizing the artifact were quite different from their
methods for exploring the design space. Using a Research through
Design framework, Giaccardi [29, p.144] offers a related analysis of
the exploration of a set of generated of physical artfacts to “open
up an imaginative space.”

Vo et al. [95, p.2] updated the MacLean conceptual analysis, mov-
ing towards more powerful explorations of design spaces: “After
generating initial objects, users can further refine them using con-
venient import and edit prompt features” - i.e., Exploration followed
by Optimization. Zhou and Lee [107] proposed a sequential transi-
tion from Exploration (“generating new ideas”) to subsequent Opti-
mization (“selecting the most promising ones”). Hwang [39] made
similar distinctions regarding early-stage Exploration (“Hands-on
Stage”) and late-stage Optimization (“Camera-Ready Stage”) in hu-
man creative work with AI (see also [8, 64]). In the HCI literature,
Optimization is also sometimes referred to as Exploitation (e.g.,
[14, 44]), or occasionally as Evaluation [32].

Exploration andOptimization/Exploitation/Evaluation have been
discussed as being mutually exclusive, strictly sequential, or as
trade-off concepts in these literatures. Zhong et al. [106] explicitly
designed for Exploration and Exploitation as opposing principles,
proposing a TranSlider as a human-controlled specification along
that trade-off dimension; however, their experiments were limited
to simulations with existing datasets. Zhou et al. [109] similarly
provided an interactive method for users to control their mix of
Exploration and Exploitation content in a music composition task.
By contrast, Medlar et al. [60] and Athukorala et al. [2] proposed to
model and adapt the UI to what they believed would be the appro-
priate point along an Exploration/Exploitation trade-off dimension.

Lee et al. [49] reported a similar contrast between Exploration
and Optimization; however, in their case, Exploration and Opti-
mization were described as distinct user-selected strategies. Ur-
ban Davis et al. [94] similarly provided for flexible user strategies in
their Calliope system, in which the user could adopt an optimized
view of a single potential outcome, or a more globalized view of
multiple potential outcomes. Song et al. [89] examined the impact
of AI assistance on the design of unmanned aerial vehicles and
found that when people worked with AI assistance, their design
strategies focused more on Exploration. By contrast, when people
worked without AI assistance, their strategies focused more on
Optimization. Finally, we note that Zhang et al. [105] speculated
that users might want to adjust a “slider” along a dimension that
ran between Exploration at one extreme, and Optimization at the
opposite extreme.

One familiar example of choosing an Exploration-Optimization
strategy occurs in creative ideation and human-AI collaborative
brainstorming and brainwriting [7, 33, 64, 87]. In Osborn [73]’s anal-
ysis, the core of brainstorming begins with a period of Exploration-
like divergent thinking, in which many ideas are suggested. This
activity is followed by a period of Optimization-like convergent
thinking, in which participants develop consensus on which idea(s)
are best. Participants may also modify the selected idea or ideas
[31, 63, 64, 91, 105, 107]. For example, Suh et al. [91, p. 2] note that
“Divergent (lateral) thinking is the process of generating multiple,
unique ideas or solutions to a problem or task, whereas convergent
(vertical) thinking is the process of integrating, synthesizing, and
evaluating ideas and possibilities to arrive at (dive into) a single (cre-
ative) outcome...” While these processes may be used in cycles, Suh
et al. assume that divergence/Exploration is a necessary antecedent
to convergence/Optimization. As noted above, Bouschery et al. [8],
Muller et al. [64], and Shaer et al. [87] applied this Exploration-
Optimization sequence of activities for groups of humans engaging
with an AI agent while brainstorming [8, 64] or brainwriting [87]
activities.

At a more “meta-” level, Liu et al. [54] analyzed AI-assisted
generation of research questions. In their CoQuest project, they
drew an analogy between breadth-first search as Exploration and
depth-first search as Optimization. Similarly, Liu et al. [54] proposed
that users should be able to choose their strategy (depth vs. breadth)
according to their personal preferences and the stage of their work
in generating research questions.

Generative AI provides new capabilities and creates new chal-
lenges [28, 65, 101]. In this paper, we focus on generative variability
as an enabler of new approaches to working with design and with
outcomes. These new capabilities are already affecting how people
work with design and with desiged artifacts. Exploration and Opti-
mization will be important aspects of how we manage these future
work opportunities.

2.3 Exploration-Optimization Tradeoffs in the
Algorithmic Literature

Exploration and Optimization have also been discussed in the CS
and AI literatures. Bettinger et al. [5] describe Exploration and
Exploitation as two independent processes in an abstract account
of metaheuristic-based recommendations (where “exploitation” and
“optimization” have sometimes been used interchangeably):

“Exploring means making sure that many regions
of the search space are examined... so as not to get
trapped in a local optimum. Exploiting means that if
a promising region of the search space is found, it is
examined more carefully... to see if it contains good
local optima.” [5, p. 475]

Similarly, Cuevas et al. [19, p. 1] write of the “balance between
exploration and exploitation” in the evolutionary search of spaces
of physical attributes (see also [25]). In a brief formal analysis of
evolutionary algorithms, Sun et al. [92] also called for balancing
Exploration and Exploitation. Ponzio et al. [79] advocated for an
even more structured process for their AI-assisted architectural
Design Intelligence process, in which an exploration-like process
necessarily preceded an optimization-like process. Similarly, Patel
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et al. [75] specified an initial step of exploration of multiple design
possibilities, and a subsequent step of focused Optimization, in a
potentially iterative process.

Long et al. [55] argued that Exploration and Optimization are
contradictory:

“It is well-known that both exploration and exploita-
tion are necessary for population-based algorithms.
In practice, the two aspects contradict each other.” [55,
unpaged]

Similarly, Črepinšek et al. [18, p. 1] referred to Exploration and
Exploitation as “antagonistic cornerstones” in evolutionary algo-
rithms.

2.4 Exploration and Optimization within
Human-AI Design Guidelines

Considerations for the design of AI-infused user experiences have
been discussed in five different sets of design guidelines, but the in-
clusion of topics of Exploration and Optimization has proven to be
challenging. Amershi et al. [1] wrote design guidelines for a broad
set of AI applications. They stated that they considered a guideline
of “explore vs. exploit in moderation,” but omitted it because they
found few AI-infused UIs where it was relevant. Four years later,
Chung and Adar [17] noted that most text-to-image appplications
were “lacking support for iterative shaping of the image,” and they
began to remedy this shortcoming in their PromptPaint prototype.
In a set of design guidelines for generative AI applications, Weisz
et al. [101] described Exploration and Optimization as two distinct
and important user goals. While they proposed six design princi-
ples and 24 design strategies for generative AI applications, they
observed that

“[W]e could not... clearly delineate different gener-
ative AI applications as supporting exploratory ver-
sus optimization usage, because many applications
supported both, and users might even alternate be-
tween the two kinds of usage when using the applica-
tion.” [101, p. 13]

Muthusamy et al. [68] proposed a set of guidelines for the de-
sign of “digital workers,” emphasizing ethical design concerns, but
topics of Exploration and Optimization were not relevant to those
concerns. Xu and Gao [103], Xu et al. [104] offered a set of 28 de-
sign guidelines. Their guidelines were relatively high-level, without
details on how to achieve them. To the extent that they mentioned
Exploration and Optimization, they appear to assume a strictly lin-
ear sequence of Exploration followed by Optimization. Herrmann
[34] used socio-technical principles to derive an ethics-oriented
set of design guidelines for AI applications, but did not discuss
the relationship of Exploration and Optimization. Finally, Liu and
Chilton [52] proposed detailed guidelines regarding prompts for
text-to-image projects. Five of their guidelines focused primarily
on rapid iterations to populate a space of design candidates (i.e.,
Exploration), with limited emphasis (one separate guideline) on de-
tecting and correcting problems that may occur with image content
(a medium-specific form of Optimization).

We seek to better understand the contrasts and overlaps identi-
fied in the preceding sets of guidelines by analyzing three repre-
sentative use cases involving Exploration and Optimization. These
use cases show Exploration and Optimization as connected and
multi-directional, rather than opposing or unidirectional, processes.

2.5 Mixed Initiative Interfaces

Name Description

Ideate Create or propose an instance
Constrain Describe or apply limitations to further generative

activities
Produce Createmultiple instances, generally based on a prior

exemplar or description; populate a space of in-
stances

Suggest Propose or recommend an instance
Select Choose one of the instances for further attention or

modification
Curate* Collect, organize, and/or categorize multiple in-

stances
Assess Evaluate one or more instances
Adapt Change, tailor, or customize one or more instances

Table 1: Mixed Initiative Action Vocabulary from the Library
of Mixed Initiative Creative Interfaces [90]. *The Curate ac-
tion was added in this paper (see Section 3.2).

For a more formal, analytic examination of relationships between
Exploration and Optimization, we adopted an analytic vocabulary
from the field of human-AI co-creation, and specifically, mixed
initiative interfaces (e.g., [36]). Spoto and Oleynik [90] built on the
earlier mixed-initiative work [27, 74], to propose a framework for
analyzing Mixed Initiative Creative Interfaces (MICIs) using seven
core actions derived from a workshop on creative interfaces [26]:
Ideate, Constrain, Produce, Suggest, Select, Assess, and Adapt. We
highlight several important aspects of their analytic framework:

• Each action might be taken by either a human or an AI
(“computer,” in their formulation). Table 1 summarizes their
seven actions, and adds one more action – Curate – that we
will justify in Section 3.2 of this paper.2

• Analyzing across the 74 creative interfaces, Spoto andOleynik
found that certain actions were used in only a subset of ap-
plications. Thereby, their action vocabulary provides a way
to analyze applications in terms of the inclusion or exclusion
of certain actions or groups of actions.

• In their analysis of 74 mixed-initiative creative applications
from the Deterding et al. [26] workshop, Spoto and Oleynik
found very different sequential patterns of utilization of the
actions in their vocabulary (i.e., in Table 1) across those ap-
plications. Thereby, their action vocabulary also provides

2Datta and Woodbury [21] developed a more abstract, symbolic notation that was
oriented toward depth-ful analyses of the content of specialized mixed initiative
interfaces. Their work did not clarify issues of Exploration and Optimization. While
solving a different problem, Liu and Chilton [52] discussed Exploration in ways similar
to this paper. However, their approach to Optimization was as a formal algorithmic
parameter, rather than as a design activity.
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Figure 1: Exploration and Optimization as two separate processes. The two processes are potentially composed from the same
action-primitives, which can be performed by either human or AI. A. Exploration. B. Optimization. In practice, the actions
inside the dash-line rounded rectangles are often ad hoc and variable from use case to use case, and from instance to instance.

temporal or sequential differentiations among different ap-
plications.

We will use this action vocabulary as a rigorous method for under-
standing the relationships of Exploration and Optimization across
diverse AI applications.

3 Preliminary: Exploration and Optimization as
Separate Processes

3.1 Background
We now explore the relationships of Exploration and Optimization
by applying the Mixed Initiative Action Vocabulary (Table 1). Simi-
larly to the 74 cases analyzed by Spoto and Oleynik [90], we found
examples from the available literature [18, 39, 55, 95, 106, 107], and
we then iterated on our analysis until we were in full agreement
about which actions were involved, and in what sequence, result-
ing in Figures 1–4. To establish a baseline of how the traditionally
opposing relationship between Exploration and Optimization can
be represented through the Mixed Initiative Action Vocabulary, we
first provide Figure 1 to explicate Exploration and Optimization
as separate processes. We illustrate examples of actions taken for
these processes, drawing across HCI literature in which the two
were separate.

Among the examples of Exploration, Muller et al. [63] described
cases of generative AI support for analogy-based design, resulting
in a series of ordered lists of ideas. Skorupski et al. [88] developed a
more sophisticated use case, with a hierarchical list of higher- and
lower- level categories. It is also possible that the instances could
be displayed in a multidimensional graphical space [53]. Among

the examples of Optimization, the Image-to-Image project [41] and
the Drawing Apprentice project [22] provide examples human-AI
activities leading to a single preferred or recommended outcome
[90].

3.2 Exemplary Workflows
This paper focuses on diverse ways in which human(s) and AI(s)
may interact using strategies and activities of Exploration and
Optimization. To clarify these core activities, we use an action vo-
cabulary from mixed initiative creative interfaces as our analytic
framework. The analysis of Deterding et al. [26] and of Spoto and
Oleynik [90] tended to focus on how one human and one AI could
co-produce a creative outcome. While reflecting state-of-the-art
projects in 2017, this work was done before recent developments in
generative AI. We make one addition to their pathbreaking work,
adding the Curate action in Table 1 based on [30, 67], to include gen-
erative variability phenomena in which people and AI collaborate
on designs, products, or other outcomes that produce multiple out-
comes (see also Sarkar [85]’s description of curation of AI outcomes
as a creative process).

Figure 1 shows two discrete, unrelated processes - one for Exploa-
ration and one for Optimiztion. In Exploration (Figure 1A), the user
creates a description of their desired outcome (Ideate), and then
asks the AI to generate variations on that description (Produce).
The AI suggests one or more examples from among the produced
variations (Suggest). The human and AI then sort and categorize
those examples (Curate), evaluating the most promising ones (As-
sess). Either human or AI may change the design parameters of one
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Ideate

Constrain

Produce

Suggest

Select

Assess

Adapt

Ideate

Constrain

Produce

Suggest

Select

Assess

Adapt

Exit

Exploration Optimization

Curate Curate

A B

Set stakeholder 
requirements and 
brand guidelines 

as constraints

C

Create, identify 
and organize  
viable options

D

Evaluate and iterate based on 
stakeholder feedbackE Final design is completeF

Figure 2: Use Case 1: Explorating and Optimizing graphic design artifacts with AI. A. Exploration actions. B. Optimization
actions. C. Transition from Optimization to Exploration following an initial Constrain step. D. Transition from Exploration to
Optimization. E. Transitions between Optimization and Exploration during the feedback and iteration stage. F. The workflow
ends when the design satisfies all criteria.

or more of the examples (Adapt). When the human is satisfied that
the curated collection of examples is sufficiently complete, then
the work is over (Exit). For example, Kreminski et al. [46] curated
a design space with multiple outcomes, and Liu and Chilton [52]
proposed design guidelines for organizing a collection of generated
images.

In Optimization (Figure 1B), the user inputs an example or ini-
tial instance as a starting point for human and AI to improve the
design (Ideate). The AI suggests one or more changes (Suggest).
The human then chooses a subset of the recommended changes
(Select). The AI evaluates the changes (Assess), and the human and
AI adapt the design as needed (Adapt) before the human accepts the
design as ready for implementation (Exit). For example, Demirel
et al. [24] used generative methods and simulations to optimize the
aerodynamic design of automobiles.

These descriptions correspond to the traditional view of Explo-
ration and Optimization as separate [5, 19], perhaps contradictory
[18, 55] processes. The next three sections show that this simple
dichotomy does not necessarily hold in practice.

4 Use Case 1: Graphic Design
4.1 Background
Schenk [86] identified three phases of a typical graphic design
workflow: preparation, the main creative phase, and production.

Activities in the creative and production phases may include ideat-
ing, seeking inspiration [47], synthesizing ideas, producing and
refining visual assets, collecting and responding to feedback, and
assessing adherance to business and visual criteria [99].

In recent years, researchers have proposed AI support for the
Exploration and Optimization portions of this workflow. Graphic
designers sometimes explore a broad range of ideas in search of
innovative designs. In response to this need, Lopes et al. [56] cre-
ated EvoDesigner, a tool powered by an earlier form of generative
variablity - a genetic algorithm - that automatically evolves design
elements and assesses the dissimilarity of resulting artifacts. In their
CoPaint project, Jiang et al. [42, p.229] described the use of two
related images to generate a “series of high-quality colored images
of consistent color” and “a coherent sketch painting dataset.” Going
a step further, S. Wang et al. [100] used two unrelated images to gen-
erate multiple combinations of two different image concepts (see
also D. Wang et al. [98] for a combination of image category and
style). Thus, these applications used generative variability to create
multiple instances (Exploration). G. Wang et al. [99] discussed the
importance of selecting design elements that meet client require-
ments. They proposed a deep element selection network to support
designers in identifying elements that fulfill visual aesthetics and
consistency criteria. Other automated tools have been proposed



Exploration and Optimization in Future Work CHIWORK ’25, June 23–25, 2025, Amsterdam, Netherlands

Figure 3: Use Case 2: Exploration and Optimization as iterations in group brainstorming with an AI. The two processes from
Figure 1 are in iterative conversation during group brainstorming - from Exploration (Assess) to Optimization (Adapt), and from
Optimization (Assess) to Exploration (Curate). A. Exploration actions. B. Optimization actions. C. Transition from Exploration
to Optimization. D. Transition from Optimization to Exploration. E. When criteria are met (i.e., three brainstorming ideas to be
recommended as “Final ideas”), the brainstorming task is completed.

for generating visual assets [93], suggesting harmonious fonts [16],
and providing constructive feedback on designs [20].

4.2 Exemplary Workflow
Based on common actions identified across this literature [42, 56, 98–
100], we synthesize a workflow for AI-supported graphic design
in Figure 2. The workflow begins with the designer limiting the
space of possibilities with stakeholder requirements (Constrain).
The designer and AI can then ideate on possible designs – both can
create artifacts, and the AI can make a variety of suggestions by
leveraging generative variability (Ideate, Produce, Suggest). Once a
range of possibilities has been identified, they move to Optimization
to narrow down (Select, Curate). An evaluation and iteration stage
follows, which may involve soliciting feedback from stakeholders
and AI (Assess), returning to Exploration to respond to feedback
(Adapt), and finalizing the design (Exit).

In this workflow, Optimization is primarily human-driven, whereas
Exploration is a human-AI collaborative effort. Unlike the simple
workflow described in Section 3.2, this use case exemplifies how one
might cross back and forth between Exploration and Optimization
multiple times, and how practical, business-driven design work may
begin with Optimization rather than Exploration. Here, transitions
between Exploration and Optimization are driven by stakeholder
requirements and feedback – the designer begins by constraining
the space to these requirements, then dynamically shifts between
processes to identify options and iterate towards artifacts that meet
stakeholders’ criteria.

5 Use Case 2: Brainstorming
5.1 Background
Brainstorming has been used in human-to-human configurations
for hundreds of years [77]. Osborn [73] provided an influential
description of the practice, which has since been modified and
extended by others (e.g., [102]). Online versions of brainstorming
(often called “e-brainstorming”, e.g., [7, 50, 61, 76]) have been shown
to be an effective way of overcoming some of the problems observed
in face-to-face brainstorming among humans.Recently, AI agents
have been added to online brainstorming and similar AI-supported
human activities in diverse media, either for one human and one
AI [63], or for a group of humans with an AI [7, 9, 33, 64, 87].

5.2 Exemplary Workflow
Based on studies of human-AI e-brainstorming [7, 9, 37, 64, 87], Fig-
ure 3 describes common iterations of Exploration and Optimization
that we identified across workflows described in these studies. The
work begins with the instructions to humans and AI (Constrain),
which sets limits on the brainstorming topic and on the outcome.
Both humans and AI begin to engage in divergent thinking [102],
producing many ideas (Produce).

Humans (optionally in collaboration with AI) organize the de-
veloping list of ideas (Curate). During ad hoc Curate-Assess-Adapt
work with multiple ideas, humans may choose to focus the group’s
work to improve or refine a single idea (transition from Exploration
to Optimization at Figure 3C), in ad hoc actions of Assess and Adapt
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Figure 4: Use Case 3: Exploration and Optimization on a Curated Collection of Instances. In the design of perfume bottles,
the focus is on curated collections of bottle designs, rather than individual instances. A. Exploration actions. B. Optimization
actions. C. Tranfer of a collection of bottle designs to be first Explored, then Optimized as a curated collection. D. Delivery of
the collection of designs for comparative market testing.

by humans and/or AI. When satisfied with the refinements, the
group may transition back to Exploration at Figure 3D.

When humans conclude that the group has produced and re-
fined novel ideas, then the work is done, and the session ends (Exit).
Hence, uUnlike traditional descriptions of brainstorming that de-
scribe a one-way flow from divergent (Exploration) to convergent
(Optimization) thinking, studies grounded in real-world brainstorm-
ing have shown that multiple, bi-directional transitions between
Exploration and Optimization can occur within the same workflow.

6 Use Case 3: Package Design
6.1 Background
Quanz et al. [80] investigated co-creative systems for package de-
sign. In their case, the problem was to explore diverse candidate
designs for perfume bottles, constrained by descriptions of the
particular scent of each perfume. Similar projects have been under-
taken for the design of aircraft interiors [71], automotive design
[11], and image variations [52]. We focus here on the complexity of
the Quanz et al. study, because they asked human-AI teams to create
a collection of candidate bottle designs for each type of perfume.

6.2 Exemplary Workflow
Following Quanz et al. [80] and supplemented by [11, 52, 71], Figure
4 shows an initial Optimization step driven by constraining possible
designs to specified scent profiles, followed by Exploration of both
individual designs and curated collections of designs, which are
then Optimized as curated collections. Contraints are introduced
through a description of the attributes of the perfume (Constrain).

The AI generates a collection of varied designs (Produce), which
the AI and the human evaluate according to multiple evaluative
factors (Assess). Some designs may be modified (Adapt), while
others may be removed. Eventually a Curated collection of designs
is transferred to the Optimization process (Figure 4C).

Unlike the preceding use cases, this use case involves the op-
posite order of activities, from Optimization to Exploration. The
Optimization step operates on the curated collection of bottle de-
signs (see also [85]). Thereby, the transfer is from the Curate step in
Exploration, to the Curate step in Optimization. Note that, unlike
the other use cases, there is no “return” to Exploration. Through
additional evaluations and modifications of the collection of de-
signs, the human and the AI Assess that the collection is ready for
comparative market testing at Figure 4D (Exit).

7 Discussion
In this section, we show how the use cases can address issues
of human augmentation vs. automation (Section 2.1), generative
variability (Section 2.2), the relationship of Exploration and Opti-
mization (Sections 2.3 and 2.4), and the descriptive utility of mixed
initiative action vocabularies (Section 2.5).

7.1 AI Augmentation of Human Work
In contrast to command-oriented production-like systems (e.g.,
[70]), we have explored three use cases for iterative generative AI
support as an augmentation to humans and their work (for related
use cases, see [40, 62, 81, 83].
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(1) In the Graphic Design use case (Section 4, Figure 2), the
human Constrains the space of AI-produced designs and
human-produced designs. The human then Selects instances
for optimization, invoking the AI for services such as Assess-
ment and Adaptation.

(2) In the Brainstorming use case (Section 5, Figure 3), the hu-
man Constrains the problem space, and the the human and
the AI both Produce ideas during divergent thinking. Human
and AI collaborate to Curate, Asesss, and Adapt ideas, even-
tually collecting the best ideas for reporting to a potential
client.

(3) In the Package Design use case (Section 6, Figure 4), the hu-
man Constrains the design space, and then the AI Produces
candidate package designs. The human and the AI collabo-
rate intensely to Curate, Assess, and Adapt those designs,
reporting-out their collective Assessment of the best designs.

Consistent with principles of mixed-initiative interfaces [30, 36,
64, 67], we showed that both human actions and AI actions were
necessary components of each use case. Beyond traditional concepts
of humans as reactive elements in an AI-dominated human-in-
the-loop paradigm [3, 13, 23, 45], with risks of over-reliance on
AI [38], these three use cases highlighted humans as initiators
(e.g., Ideate, Constrain), as co-organizers of content (e.g., Select,
Curate), and as decision-makers (e.g., Assess, Adapt). Thereby, along
with most of the projects in the Library of Mixed Initiative Creative
Interfaces [26, 90], we propose these use cases as strong arguments
for AI augmentation of human work [8, 63, 81, 110], rather than AI
automation that displaces humans from their work [69].

7.2 Generative Variability
The three use cases engaged with generative variability [65, 101] as
a resource for design. As discussed in Section 2.2, generative vari-
ability refers to the use of generative algorithms to produce diverse
variants of a design, artifact, or concept [101]. Designers often use
multiple sources and configurations of families of design concepts
as starting-points or references in their own design activities. De-
sign Space Analysis [59, 95] provided a formal way to consider
such variability among design instances. Less formally, designers
have used mood boards as sources of information and inspiration
for more than a decade (e.g., [58, 72, 82]), leading to recent work
using generative AI to populate digital versions of mood boards
[12, 78, 97]. In our example use cases, we similarly demonstrated
how users can leverage generative variability to expand the design
space during Ideate, Produce, and Suggest steps by augmenting
their own ideas with possibilities that they may not have identified
on their own.

Generative variability is a relatively recent concept, derived from
the bahavior of generative algorithms. In the next section, we use
concepts of Exploration and Optimization to ground the idea of
generative variability in more specific human and AI actions.

7.3 Intertwining of Exploration and
Optimization

The three use cases demonstrate how users maymake use of genera-
tive variability by transitioning between Exploration and Optimiza-
tion at multiple points in their workflow. During Exploration, users

are actively engaged in Curating the variability among instances as
a resource for design or for further inquiry. During Optimization,
users may identify one or a subset of ideas for focused additional
work, and may enter into a more Constrained round of Exploration
and further Curation. Another way for users to manage variability,
especially undesired variability, is by imposing Constraints as a first
step (e.g., in the graphic design and package design workflows). In
these scenarios, Optimization becomes the first step, demonstrating
how generative variability necessitates a shift away from traditional
workflows in which Exploration always comes first. Additionally,
since the AI may again provide multiple, varied outputs or feedback
that expands the design space in subsequent iterations, users may
need to continuously shift between Exploration and Optimization
to narrow down the design space. This iterative method of working
with AI illustrates another deviation from traditional workflows
that depict a single, uni-directional transition from Exploration to
Optimization necessitated by generative variability.

These intertwined representations of Exploration and Optimiza-
tion necessitate a shift away from applications geared towards one
process or a uni-directional flow between processes (e.g., from Ex-
ploration to Optimization), and instead towards applications that
support diverse work-configurations that take advantage of genera-
tive variability through selective use of these two processes. Amer-
shi et al. [1] noted the tension between generality and specificity,
and propose that designers may need to create additional guide-
lines for specific domains or contexts. Weisz et al. [101] indicated
that designers should identify principles and strategies relevant to
their users’ needs and apply them accordingly. Building on these
ideas, we highlight the importance of providing users with capabil-
ities that can be adapted for either process. For example, providing
users with control over the number of outputs would allow them
to increase outputs when they want to explore a broader design
space (e.g., [11, 51, 59, 95]) and constrain outputs when working
on granular refinements. The small number of studies that allowed
users to tune or steer the behavior of AI agents [17, 37, 57] may
suggest a multi-dimensional approach in which users can indicate
which directions or part(s) of the design space they wish the AI (or
the human-AI team) to explore further.

Similarly, surfacing a temperature control allows users to dy-
namically control the unexpectedness of outputs as they transition
between Exploration and Optimization, in line with Weisz et al.
[101]’s strategy to “Provide controls relevant to the use case and
technology.” Weisz et al. [101] also recommended a strategy to
”Visualize the user’s journey,” a feature that could be useful for
documenting choices made during Selection and Curation, and for
identifying both unexplored options and a direction to optimize
in. Rost and Andreasson [84] and Suh et al. [91] show how these
features can be surfaced to users to support structured Exploration.

To help users leverage these adaptible capabilities, it may also be
necessary to teach designers how these principles can be applied
to both Exploration and Optimization, in line with Amershi et al.
[1]’s guideline to “Make clear what the system can do” and Weisz
et al. [101]’s proposed strategy to “Teach effective use.” For example,
an LLM application that supports brainstorming may show users
how they can increase the temperature, number of outputs, and
other aspects of how the AI presents its contributions to explore
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more creative ideas [37], then craft increasingly specific prompts
to optimize.

Most of the applications of guidelines [1, 52, 101] assume a de-
fault workflow-like process structure. For example, Amershi et al.
[1] organize their guidelines into four phases of interaction: initially,
during interaction, when working, and over time. By contrast, Lee
et al. [49], Liu et al. [54], and Urban Davis et al. [94] emphasized
that users might select Exploration and Optimization as strategic
options, rather than as a pre-specified sequences of operations. Liu
and Chilton [52] speculated that “more controls for steering the
generation at intermediate stages could be exposed,” similarly to the
steering concepts explored by Louie et al. [57] in the exploration-
focused control of complex generated-music design spaces. Future
work should examine how users should be able to choose among
Exploration and Optimization at any time, and whether certain
tasks may require more a priori process-structures.

7.4 Mixed Initiative Interfaces
The use cases also help us to rethink the mixed-initiative action
vocabularies in relation to Exploration and Optimization. In relation
to the individual actions, Exploration and Optimization are higher-
level constructs. How do the actions inform our analyses of those
higher-level concepts?

We designed an eight-action analytic vocabulary, based on the
seven-action framework of Spoto and Oleynik [90]. In response
to new generative variability that is already being pursued for
future work, we reconsidered the frameworks of Grabe et al. [30]
and Muller et al. [67], and we added their Curate concept to the
original seven actions in Table 1. Across the use cases in Sections
3 to 6, we found that each type of action was used at least twice,
and five actions were used in all four of the cases. Thereby, the
actions appear be useful to describe Exploration and Optimization.
Across those same sections, we perceived partially different roles
for humans vs. AI. Humans Constrained and Selected, but AIs did
not. AIs Suggested, but humans did not. Thereby, the actions also
may be useful to differentiate the roles of human and AI in co-
creative workflows. Nonetheless, there are open questions about
future work with mixed initiative analyses. We describe two such
questions in the following sections.

7.4.1 Additional Actions? The eight-action framework appeared
to be useful to describe the three use cases involving generative
variability in this paper. We speculate that other use cases might re-
quire additional actions. These new actions might be media-specific,
such as simultaneous and inter-responsive actions in co-creating
drawings [22, 86] or music [10]. Examples of additional media may
be found in the 74 applications analyzed by Spoto and Oleynik [90].

The use cases we examined tended to focus on the creation of
a single instance through Optimization. There may also be future
projects that co-create families of drawings or suites of music, in
which Exploratory Curation may play a greater role. Through study
of additional use cases, we may learn that Curation be accomplished
through different strategies, such as unstructured collections, sim-
ple lists, ordered lists, dimensionalized categories, or networked
relationships. We look forward to analyses of other and future use
cases.

7.4.2 Additional Patterns? We organized this paper in terms of
two patterns - Exploration and Optimization. By contrast, Grabe
et al. [30] proposed five higher-level interaction patterns that recur
across applications: Exploring, Evolving (i.e., Optimizing), Condi-
tioning, Curating, and Rewriting. We chose to add Curate as one
of the action-primitives in this paper. Could we have gained more
explanatory power if we had treated Curation in Grabe et al.’s
more “modular” way, as suggested by Quanz et al. [80]’s goal to
curate entire collections of perfume bottles [80] in Section 6? We
may learn that the Curate action should be reformulated as a Grabe-
like interaction pattern, especially as generative variability elevates
its importance, and that different curatorial strategies (mentioned
above) may require different Exploration- or Optimization-related
steps within their respective curatorial patterns.

8 Conclusion
Generative AI will have profound impact on the future of human
work with AI [28, 65, 69, 81, 83]. We have used the concept of gen-
erative variability to re-examine the seemingly distinct activities of
Exploration and Optimization, as discussed across the HCI, CS, and
AI literatures, and as proposed in design guidelines for AI applica-
tions [1, 52, 101]. Using analytic frameworks from mixed initiative
interfaces [30, 67], we have shown diverse combinations and inter-
weavings of those two concepts. On that basis, we propose novel
design and technology implications, and we speculate on future
mixed initiative analytic approaches and structured protocols.
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