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Abstract

As AI integrates into design practice, designers increasingly use

generative AI tools to envision AI-enabled solutions, positioning

AI as both design tool and design material. This dual role creates re-

cursive value tensions distinct from traditional design work. We en-

gaged 18 designers in a concept envisioning activity and interviews

to understand how they navigate values and recognize potential

harms in this context. Our analysis reveals that (i) designers engage

in reciprocal re�ection-in-action with AI; (ii) this process surfaces

multi-level value tensions across tool, designer, and concept; (iii)

designers demonstrate greater attunement to harm recognition as

a primary design signal than to articulating positive value ful�ll-

ment; and (iv) designers exercise anticipatory judgment through

meta-design reasoning about how tool assumptions risk propa-

gating into designed concepts and future use contexts. We extend

Schön’s re�ection-in-action framework and discuss implications for

redesigning AI-mediated design tools, supporting harm-centered

reasoning, and positioning design as foundational to AI develop-

ment.
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1 Introduction

Designers increasingly use generative AI tools to conceptualize

and shape ideas for AI-enabled products and services. These tools

promise speed, creative inspiration, and access to technical pos-

sibilities that might otherwise remain opaque. Yet they introduce

a fundamental challenge. When designers use AI to envision AI-

enabled solutions, they must simultaneously navigate value consid-

erations while remaining attentive to potential harms manifested

in the AI-generated suggestions and concept solutions [46]. Early

ideation decisions carry particular weight because the framings, as-

sumptions, and value commitments established at this stage tend to

persist through later development phases. The process of AI concept

envisioning is crucial in shaping both the functional capabilities

and fundamental identity of AI-enabled solutions [91, 94, 99, 101].

During this formative stage, designers establish not merely what

these AI-enabled solutions can do, but their purpose, scope, and re-

lationship to human �ourishing [45]. Early framing decisions about

design scope, including which values are centered, have shaped

documented harms in AI-enabled products, from biased hiring

screening to opaque content moderation [58]. This illustrates why

the approach designers take to value integration at this formative

stage carries critical downstream implications.

The challenge is distinctive because values operate at multiple

levels simultaneously. Design practice is inherently anchored in

human values that manifest throughout the design process and

become embedded in technological outcomes [17, 47]. Values are

not only what designers aim to embed in systems; they also reside

within the tools designers use. When a designer employs a genera-

tive AI tool, that tool carries embedded assumptions, training data

distributions, and architectural constraints. In this context, those as-

sumptions do not merely a�ect the designer’s re�ective process but

also risk propagating into the AI-enabled concept being designed.

When a generative AI tool’s defaults favor certain values like e�-

ciency, particular interaction paradigms and orientations become

candidate design ideas or unexamined omissions in the AI-enabled

solution being envisioned. This propagation pathway distinguishes

the present context from using AI to support conventional design

tasks. The normative commitments embedded in the ideation tool

may resurface as normative commitments in the resulting AI that

end users eventually interact with, in ways that are di�cult to trace
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back to early ideation decisions. In early-stage ideation, three value

streams intersect and sometimes collide, including the designer’s

stated intentions, the AI tool’s interpretations and a�ordances, and

the values imagined for the resulting solution. This convergence

creates novel tensions that di�er fundamentally from traditional de-

sign contexts, where materials respond predictably to manipulation

and do not actively interpret designer intent.

Prior research illuminates aspects of this challenge but leaves

signi�cant gaps. Studies of generative AI in design have examined

these tools as creative assistants, focusing on productivity gains,

inspiration, or collaborative potential. Separately, a rich literature

on value-oriented and ethical design has articulated principles,

frameworks, and methods for embedding values into technological

systems [17]. Design practitioners who specialize in crafting the

interactions between users and digital products possess sophisti-

cated abilities in identifying user needs and shaping meaningful

interactions. However, they often lack specialized AI expertise,

making it di�cult to translate abstract AI a�ordances into con-

crete, value-aligned concepts [79, 91, 96]. Current design frame-

works and resources predominantly focus on implementation ex-

cellence rather than supporting the foundational work of framing

appropriate problems and centering solutions around human values

[1, 3, 30, 51, 90, 96]. What remains empirically underexplored is

what happens when these concerns converge in actual practice, par-

ticularly when designers use generative AI tools to conceptualize

AI systems while actively attempting to center human values and

recognize potential harms during the earliest conceptual phases.

Additionally, much foundational design theory, including seminal

accounts of re�ection-in-action, assumes materials that respond

transparently and predictably to designer manipulation. Genera-

tive AI disrupts this assumption through interpretive agency and

inherent opacity [79, 91].

To investigate these dynamics, we conducted an exploratory

study with 18 designers spanning UX/product design, service de-

sign, and design research, all with prior experience integrating AI

into their design work. Using a concept envisioning activity with

generative AI and re�ective interviews, we examined how design-

ers navigated value considerations and recognized potential harms

during early conceptualization of AI-enabled solutions. By value-

oriented, we mean that participants were asked to anchor their

design activity in a single self-selected human value and intention-

ally center it throughout ideation. This is distinct from conducting

a formal Value Sensitive Design (VSD) process; the activity was

not structured to support iterative investigation of relevant parties,

nor did it require participants to systematically map or negotiate

competing values across direct and indirect parties as VSD’s stake-

holder analysis prescribes [17, 18]. Participants were not required to

have prior VSD experience, and the single-session format does not

approximate the depth of continuous value engagement VSD en-

tails. Rather, the activity draws conceptual inspiration from VSD’s

commitment to proactive value integration while examining how

designers naturally engage with value considerations within the

constraints of a generative AI-mediated ideation context. Because

existing research has not examined how the dual role of AI, as

both design tool and design material, creates value negotiation pro-

cesses that di�er from traditional practice, we address the following

research questions:

RQ1: How do designers engage with human values and gen-

erative AI tools in early-stage AI concept envisioning?

RQ2: How does this engagement, where AI functions as

both tool and perceived design material, in�uence designers’

value articulation and recognition of potential harms?

Our study reveals several key �ndings. First, designers engaged

in reciprocal re�ection-in-action, a bidirectional dialogue where

AI functioned as a responsive material that actively interpreted

designer intent rather than merely responding to manipulation,

extending Schön’s framework [67]. Through this engagement, de-

signers surfaced multi-level value tensions spanning tool, designer,

and concept. Critically, participants demonstrated greater attune-

ment to recognizing potential harms and misalignments than to

articulating positive value ideals. Our �ndings further surface par-

ticipants’ speculation that design expertise could be reoriented from

execution-focused practice toward interpretation-centered engage-

ment. As AI reshapes design practice, understanding how designers

navigate this recursive value-negotiation process becomes crucial

for supporting responsible innovation. Our study contributes to this

understanding by examining the novel condition in which AI func-

tions both as a design medium (designing with AI ) and as the object

of design inquiry (designing for AI ), revealing critical interdepen-

dencies between AI-mediated practice and concept development.

2 Background and Related Work

Drawing from studies in human-computer interaction, design stud-

ies, and AI ethics, this section outlines challenges in AI concept

design, the material properties of AI in design practice, and ap-

proaches to value considerations in AI development.

2.1 Challenges of Designing AI Concepts

Design practitioners have long occupied a pivotal role in problem

framing and innovation conceptualization. Yet their involvement

in AI development frequently occurs after fundamental decisions

about system purpose and scope have been established [15, 33, 93],

signi�cantly constraining their capacity to in�uence what should

be designed rather than merely how to design it e�ectively [65, 94].

Research demonstrates that when designers are excluded from

early-stage concept envisioning, resulting AI solutions may achieve

technical sophistication while failing to address appropriate prob-

lems or align with human values [15, 48].

Designers are often excluded from early problem-framing stages

where values are established [4, 16, 65, 91, 92]. This exclusion com-

pounds the challenges of AI concept envisioning, particularly for

designers who lack specialized AI expertise. Designers must trans-

late abstract AI a�ordances, which embody probabilistic behavior

and complex sociotechnical implications, into meaningful solutions

that address authentic human needs [4, 15, 53, 79, 87, 90, 96]. Unlike

conventional design materials with well-de�ned constraints and

a�ordances, AI systems are di�cult to conceptualize, communicate,

or anticipate in early ideation. Empirical research demonstrates

that designers frequently develop inaccurate mental models of AI

capabilities, often envisioning concepts that exceed technical feasi-

bility or failing to account for emergent e�ects and value tensions

[48, 91–93].
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Current design frameworks and resources predominantly focus

on what Buxton [7] characterizes as designing things right rather

than designing the right thing. Existing resources from major tech-

nology companies [1, 3, 30, 51] emphasize technical re�nement

and user experience optimization while providing limited guid-

ance for the foundational work of problem identi�cation and value

alignment during concept development [90, 96]. While some frame-

works attempt to translate technical AI functionality into design-

appropriate conceptual models [32, 94–96], and others provide con-

crete examples of AI applications to sca�old understanding [53, 95],

product teams primarily use these resources for re�nement and im-

plementation rather than early-stage ideation [89, 91, 94, 96]. This

gap between available resources and actual design needs highlights

the continued challenge of supporting value-oriented AI concept

development, particularly as designers increasingly work with gen-

erative AI tools during conceptualization.

2.2 AI as Design Material

Understanding AI’s distinctive properties as a design material is

essential for grasping how concept development di�ers when de-

signers work with AI systems [27, 38]. A de�ning characteristic of

AI as a design material is its dual nature, functioning simultane-

ously as both a tool within design processes and as the material of

design itself [15, 92]. This duality creates recursive relationships be-

tween design decisions and material properties, where AI systems

evolve through interaction and deployment in ways that transcend

initial design speci�cations [27]. Consequently, designers must con-

ceptualize dynamic systems capable of adaptation and emergent

behavior rather than static artifacts [92, 101].

AI materiality introduces distinctive forms of uncertainty into

the design process. Unlike materials with stable, predictable prop-

erties, AI systems operate probabilistically and may produce unex-

pected outputs or behaviors that diverge from designers’ intentions

[4, 91–93]. This uncertainty complicates conceptualization by re-

quiring designers to anticipate broader ranges of potential system

behaviors and consequences [4, 16]. The probabilistic nature of AI

challenges design practices that assume deterministic relationships

between inputs and outputs [27, 91].

Bidirectional, improvisational engagement between practitioner

and material is not unique to AI. Schön’s concept of backtalk de-

scribes how conventional materials respond to a designer’s moves

in ways that surprise, reveal constraints, and prompt reframing

[66, 68]. Ingold similarly argues that skilled craft practice involves

following and responding to materials as active participants rather

than imposing predetermined form upon passive matter [31]. Ex-

pert craftspeople already engage with materials in reciprocal, in-

terpretively rich ways. What distinguishes AI as a design material

is therefore not the presence of bidirectionality per se, but the

speci�c character of that responsiveness. Rather than returning

force through physical resistance and structural a�ordances that

characterize backtalk in craft practice, AI systems return semantic

interpretation and generative agency [27, 38]. They infer designer

intent, propose novel directions, and embed normative assumptions

into outputs in ways that place evaluative and ethical demands on

designers that Schön’s framework, developed in the context of

physical and diagrammatic materials, did not anticipate.

The material properties of AI also raise fundamental questions

about agency and control. As AI systems gain capabilities for au-

tonomous decision-making and adaptation, designers must recon-

sider their role in shaping system behavior [6, 22, 38]. This shift

from designing �xed artifacts to designing adaptive systems re-

quires conceptual frameworks that account for distributed agency

among human designers, AI systems, and users [22, 38, 84]. The

temporal dimension of AI materiality further complicates concept

design as AI systems evolve over time through data accumulation

and learning, creating dynamic relationships between initial design

decisions and eventual system behavior [22, 27]. This temporal

extension challenges designers to conceptualize not just immedi-

ate functionality but long-term trajectories of system evolution

[27, 38, 92].

Recent studies of how designers work with generative AI tools

reveal emerging forms of human-AI collaboration in creative pro-

cesses where AI systems act as creative partners rather than passive

tools [52, 71, 80, 85, 88]. These collaborations raise questions about

authorship, creativity, and the distribution of agency in design

processes. However, existing work has not examined how these

collaborative dynamics intersect with value considerations when

the AI tool being used and the AI-enabled solutions being designed

are of the same type.

2.3 Values as Enacted in Early-Stage Design
Practice

Values in design cannot be treated as abstract principles appended

at the conclusion of a process; they are enacted through the ways

designers frame problems, negotiate constraints, and evaluate what

counts as a good course of action. Work in VSD demonstrates that

integrating values from the outset produces outcomes qualitatively

di�erent from those that treat values as compliance checks or post-

hoc requirements [17, 18, 83]. Yet much of this literature concen-

trates on identifying and categorizing the values of relevant parties,

while leaving underexplored how values operate in the uncertain

and iterative moments of early-stage design, precisely when as-

sumptions about users, systems, and societal consequences �rst

take shape [17, 47]. Values are further situated in context and tem-

porality [12, 57, 84]. Decisions made during early conceptualization,

whether they privilege e�ciency over re�ection, personalization

over privacy, or automation over human agency, cascade through

technical implementations and social practices, shaping system be-

haviors and broader societal outcomes. The adaptive and emergent

character of AI ampli�es these e�ects, demanding foresight not

only into immediate user interactions but also into how value com-

mitments may shift as systems scale and intersect with complex

socio-technical environments [21, 64, 69, 70, 78].

The introduction of AI into the design process complicates value

enactment. AI tools carry their own embedded value orientations

and technical authority, which interact recursively with designers’

guiding intentions and the values intended for the concept itself

[12, 58, 61, 71, 76]. In early-stage ideation, AI’s suggestions shape

the conceptual space while designers’ interpretations and selective

incorporation of outputs simultaneously in�uence which aspects

of the tool’s embedded assumptions are realized. This dynamic

generates novel tensions and opportunities, which makes friction
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and emergent harm a critical locus for value-sensitive reasoning,

even when explicit articulation of ethical ideals is absent [21, 86].

Despite the proliferation of industry guidelines emphasizing

transparency, trust, and usability [1, 3, 30, 51], support for early-

stage, value-oriented concept development remains limited. Emerg-

ing research has begun to address this gap by proposing frameworks

that help designers orient AI concepts around speci�c values while

anticipating broader societal impacts [64, 69, 74]. These approaches

foreground AI not merely as a production tool but as interpretive

material capable of surfacing assumptions, revealing latent tensions,

and enabling negotiation of value trade-o�s. Conceptualizing val-

ues as generative, contextually enacted, and recursively negotiated

rather than �xed principles provides a foundation for understanding

how design practice mediates multi-level interactions. It positions

early-stage design as a critical moment where value commitments

become materially and socially instantiated [17, 47, 83].

While VSD o�ers a rigorous tripartite methodology encompass-

ing conceptual, empirical, and technical investigations across par-

ties and system states [17, 18], our study does not operationalize

this apparatus. We also do not assume design is inherently value-

driven. Explicit value re�ection is far from universal in professional

practice, and VSD remains a contested and unevenly adopted frame-

work [5, 72]. Our study draws on VSD’s foundational orientation

toward proactive value integration as a conceptual lens, treating

value engagement as naturally occurring practice to be examined

rather than as structured VSD activity.

3 Method

In this section, we describe our conceptual analysis of relevant

parties [19] and our conceptual design activity. We follow this

with information about our semi-structured interviews, including

participants, procedure, and analysis.

3.1 Analysis of Relevant Parties

To orient our investigation of value-related implications, we con-

ducted a conceptual analysis of relevant parties (see Table 3 in Ap-

pendix B), drawing from selected value-sensitive design literature

(e.g., [34, 36, 54, 71]). We identi�ed two groups: direct parties (i.e.,

those who interact directly with AI design tools) and indirect par-

ties (i.e., those who may be impacted downstream by AI-in�uenced

design decisions). For each group, we outlined associated values and

applied the VSD approach to conceptually examine potential value

tensions that might arise as AI use in design disrupts processes and

practices. This analysis served not as empirical data but as scaf-

folding for understanding which values to attend to in interviews.

This analysis yielded two primary outcomes. First, it informed an

initial construction of the value list presented to pilot participants

in the design activity (see Section 3.2) by identifying values rele-

vant across both direct and indirect parties. Second, it shaped the

interview guide by identifying value tensions that served as probes

for eliciting re�ection beyond the speci�c activity.

3.2 Design Activity

We developed a future-oriented design scenario to prompt par-

ticipants’ iterative engagement with generative AI under loosely

constrained, value-focused conditions. The prompt underwent iter-

ative re�nement based on feedback from three experienced design

experts. We then piloted the prompt in a design jam with 11 ex-

perienced designers [75]. We observed that a 15-minute window

was e�ective for ideation and rough concept sketching, leading

us to allocate 20 minutes for the �nal activity to allow adequate

time for interacting with AI, concept ideation, and sketch creation.

This timing balanced exploratory freedom with focused conceptual

development while preserving the integrity of each participant’s re-

�ection. The �nalized prompt encouraged participants to go beyond

conventional design constraints:

“Imagine a future, 3 years from now, where AI plays a

signi�cant role in design. You are a product designer

tasked with designing a novel AI-powered technology

that supports designers in their work. This technology

can be anything you envision—a physical product,

a digital interface, or a combination of both—and it

doesn’t have to be web- or mobile-based. Consider

both the capabilities and limitations of this technology

as you design it. You are allowed to break free from

preconceived notions and rede�ne the potential of AI

for design.”

The activity was intentionally future-oriented to surface par-

ticipants’ re�ective reasoning processes when working under un-

familiar constraints, leveraging their experiential knowledge and

re�ective practice as a form of situated cognition to articulate tech-

nological possibilities through established professional practice. By

asking designers to envision AI-enabled concepts 3 years in the fu-

ture, we encouraged innovative thinking while maintaining connec-

tion to near-term technological advancement. We also structured

the activity for individual completion to isolate personal re�ection

processes, independent of group dynamics or project-speci�c orga-

nizational goals. While this di�ered from the collaborative nature

of some design practices, it allowed designers to think with and

about generative AI, negotiating between leveraging AI capabilities

and envisioning appropriate interaction modalities guided by value

commitments rather than external constraints.

To ground concepts in human values, participants selected one

value from a prede�ned list (i.e., accountability, autonomy, creativ-

ity, e�ciency, growth, identity, ownership, privacy, sustainability,

and trust) drawn from Friedman et al. [19] and our analysis of rele-

vant parties, and integrated it as a core design commitment. This

list, modi�ed through pilot testing with four design practitioners

and re�ective discussions among two authors to ensure relevance to

design-led contexts and a more holistic envisioning of AI concepts,

included values critical for ethical and societal considerations as

well as individual and collective �ourishing.

We invited participants to self-select their value rather than as-

signing one, to preserve the authenticity of their priorities and

choices, mirroring how designers naturally orient toward values in

practice [17, 47] and providing ecological validity to our �ndings.

We constrained participants to a single value, rather than asking

them to navigate multiple competing values simultaneously, to

maintain tractability within the 20-minute session and to allow

observation of how a single value commitment evolves, gets rein-

terpreted, and potentially generates secondary tensions through
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AI-mediated ideation. We acknowledge this departs from the multi-

value navigation VSD recommends and discuss potential implica-

tions in Section 6. While we presented values as �xed guiding labels

for clarity, they were not static in our activity. They became more

speci�c, nuanced, and sometimes reinterpreted through ideation,

sketching, and interactions with AI tools.

3.3 Participants

We recruited 18 interaction designers through diverse professional

networks, including X (formerly Twitter), LinkedIn, and HCI- and

design-speci�c communities on Slack and Discord. Our recruitment

targeted design practitioners working in UX design, product de-

sign, service design, and design research, with at least two years

of professional experience and prior use of generative AI in de-

sign practice. Participants ranged in age from 22 to 51 years (M

= 32.11, SD = 8.47), with 2 to 24 years (M = 7.42, SD = 7.14) of

professional experience. Four had direct professional experience

designing AI-enabled products, while the remaining 14 had experi-

ence designing AI through personal projects or in academic settings.

This composition ensured all participants had relevant expertise

for conceptualizing AI-enabled design tools. Detailed participant

information is provided in Table 1.

3.4 Procedure

We conducted 70-minute virtual sessions via video conferencing.

This study was approved by our University’s Institutional Review

Board (IRB). Participants received a $35 gift card as compensation.

Each session comprised two sequential parts: (1) a value-oriented

design activity and (2) a semi-structured interview.

In part 1, participants received the design prompt on-screen and

selected one core value from the provided list. They were instructed

to use familiar generative AI tools (e.g., ChatGPT, Claude, Copi-

lot, Gemini, Midjourney, Perplexity) for ideation support but not

to paste the design prompt directly into AI systems. While con-

ceptually informed by VSD’s argument for anchoring design in

human values from the outset [17], the activity does not constitute

a VSD process. Participants engaged with a single self-selected

value within a bounded single-session format, without the iter-

ative investigation of relevant parties or recursive value tension

mapping VSD entails, and none were required to have prior VSD

experience. Our procedure is thus better understood as a value-

oriented design probe structured to surface how designers natu-

rally engage with value considerations under generative AI assis-

tance. During the 20-minute activity, participants created concept

sketches capturing their design’s purpose, features, and intended

value integration while engaging in think-aloud protocol through-

out, with researchers taking notes to document emerging reasoning

and decision-making. Following completion, they photographed

or screenshotted their sketches for submission, which we later

re-sketched for clarity (Figure 1).

In part 2, we conducted 45-minute semi-structured interviews,

audio-recorded with consent. Interviews began with participants’

backgrounds and AI-in-design experiences, establishing a founda-

tion for broader discussion beyond the speci�c activity. We then

asked questions about their speci�c design solutions, AI tool in-

tegration processes, value manifestation in their broader design

work, and speculations about AI’s future role in design practice.

Rather than focusing exclusively on the completed activity, we

used it as a probe to elicit re�ection on participants’ professional

experiences, challenges, and aspirations beyond the immediate task.

Following the interview, participants were debriefed, thanked, and

compensated for their time and participation.

3.5 Data Analysis

After completing all the interviews, we used grounded theory

[23, 42] to analyze the perceptions and design practices of partici-

pants in relation to AI. Two authors independently open-coded two

interview transcripts to identify preliminary concepts and emerg-

ing patterns. Based on this preliminary coding, the �rst author

developed an initial codebook, which captured key codes and de�-

nitions grounded in participants’ re�ections and experiences. Next,

two authors applied the initial codebook to code two additional

interview transcripts, using a segment-based approach to test the

robustness and clarity of the codes. Following this round of cod-

ing, the two authors discussed and re�ned the codebook through

constant comparison, addressing any ambiguities or overlaps in

the codes. This process led to a �nal version of the codebook (see

Table 2 in Appendix A), which more precisely captured the range

of information in participants’ responses.

Once the �nal codebook was established, four authors used it

to code all 18 interview transcripts in a two-stage process. One

author initially coded each transcript segment by segment, fol-

lowed by a review from a second author who �agged and re-coded

segments where interpretations diverged. In pairs, we discussed

and reconciled any discrepancies in our coding to reach a shared

consensus and understanding. We then collaboratively developed

the coded data into conceptual categories and relationships that

re�ected insights from the interviews, capturing the underlying

values, motivations, and perspectives that shaped participants’ prac-

tices and perceptions of AI and design. This interpretive approach

acknowledges the role of researchers’ positionality in developing

conceptual frameworks, and our diverse research team brings ex-

pertise across UX of AI, child-AI interaction, creativity support

tools, HCI theory, and communicative practices, all grounded in

human-centered design approaches.

4 Findings

In this section, we present �ndings organized around three areas

that emerged when designers used generative AI to develop AI-

enabled concepts within a single-value constraint. We document

not only the di�culties but the strategies participants improvised to

navigate them, and note where those strategies were productive and

where they remained inconsistent or insu�cient. We present these

patterns as empirical descriptions of how designers navigated value

considerations under a speci�c set of constraints (i.e., single-value

framing, limited session duration, and the AI-generated sugges-

tions) but not as evidence of successful VSD practice or as reliable

models for value-aligned AI concept development.
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Table 1: Participants’ demographic information.

ID Professional Role Exp. (yrs) Design Expertise Educational Background

P1 Experience designer 2 AR/VR Human-computer interaction

P2 Experience designer 5 B2C Human-computer interaction

P3 UX designer 2.5 Experience design Interaction design

P4 Senior UX designer 3.5 B2B Human-computer interaction

P5 Senior UX designer 12 AI and education Visual communication

P6 Product design consultant 3 Early-stage startups Political science

P7 Interaction designer 2 Speculative design Human-computer interaction

P8 Sta� product manager 24 Organization design Computer engineering

P9 Senior product designer 10 Product design Human-computer interaction

P10 Interaction designer 3 UI design Design and technology

P11 Design researcher 6 Human-robot interaction Industrial design

P12 Lead UX designer 3 Data visualization Kinesiology

P13 Design lead 7 AR/VR Human-computer interaction

P14 Product design manager 20 AI Visual communication

P15 CEO / Design director 21 Child-centered design Interaction design

P16 Product designer 4 Computer networking Human-computer interaction

P17 UX designer 2.5 E-commerce enterprise Human-computer interaction

P18 Experience designer 3 Accessibility Human-computer interaction

4.1 Challenges and Strategies in Engaging with
AI as Interpretive Material

To ground the �ndings that follow, we brie�y characterize two pro-

totypical patterns of engagement. The �rst, most frequent among

participants who selected e�ciency, involved relatively rapid con-

vergence. They articulated their value, engaged generative AI for

ideation, received technically coherent suggestions that appeared

value-aligned, and moved into concept sketching with limited fric-

tion. Re�ection on what this process may have foreclosed emerged

primarily in the subsequent interview. The second, observed most

consistently among participants who selected values in greater

tension with AI tool defaults (e.g., creativity, sustainability, auton-

omy, and growth), involved more sustained di�culty, including

repeated prompt reformulation and explicit rejection of AI sugges-

tions. These participants described greater di�culty completing the

right sketches but also more iterative engagement with their value

commitments, andweremore likely to articulate, unprompted, what

the AI could not do, naming speci�c qualities of their value that

resisted translation into generative outputs. These are not discrete

types but poles of a spectrum that provide context for our �ndings.

4.1.1 Value Selection and Translation as a Situated Practice. Design-

ers approached AI concept development through value selections

rooted in lived experiences rather than abstract frameworks. All 18

participants contributed sketches and selected foundational values

based on situated frustrations or aspirations from their professional

contexts, with 15 concept sketches presented in Figure 1 (three were

excluded due to illegibility of the original sketches). While partici-

pants from smaller studios and organizations (e.g., P13, P15, P16)

prioritized creativity and sustainability and academically oriented

participants (e.g., P18) selected growth, the predominant choice

across the group was e�ciency, suggesting that designers’ imagina-

tive range is anchored by current AI framings.

E�ciency is the default orientation already embedded in most

digital product frameworks and in the generative AI tools partici-

pants used for ideation. That a majority gravitated toward it even

when given free choice from a list of 10 values suggests their imag-

inative space had been shaped by tools they routinely work with.

E�ciency is structurally compatible with AI’s existing generative

capabilities, produces little friction with AI tool defaults, and tends

to extend existing technological trajectories rather than challenge

them. Participants who selected it entered ideation with a value the

AI could �uently service, with less friction available to interrupt

early convergence. The e�ciency concentration therefore re�ects

not only individual professional orientation but a structuring con-

straint embedded in AI tool framings themselves, which appear

to limit which values feel available, communicable, and actionable

during ideation. Participants who selected non-e�ciency values

frequently described needing to reframe their value before the AI

could engage with it at all, a translational e�ort that itself shaped

and in some cases constrained the concepts that ultimately emerged.

P11’s selection of e�ciency exempli�es this embodied approach.

They explained, “I sketched the problems I faced at my studio, like

fast-paced deliverables and poor resource allocation. So, when I saw

[e�ciency], I immediately picked that because it allows me to oper-

ationalize other values like trust and creativity in both the AI I’m

using and the AI I’m designing.” Values thus function as hierarchical

systems where foundational choices enable secondary value man-

ifestations. Similarly, P18 connected growth to personal learning

aspirations while acknowledging professional pressures, describing

that “I’m a lifelong learner. In terms of my profession as a designer,

I personally don’t just want to be stagnant, even with job security.
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Figure 1: Examples of AI concept sketches. We re-sketched 15 of 18 participant sketches for clarity and excluded 3 sketches

whose visual and textual descriptions were too ambiguous for reliable interpretation. Sketches represent participants’ �nal

concept representations (at the end of the activity), annotated with the value each participant selected at the start. Although

values are shown as �xed labels, participants’ interpretations of their selected values evolved throughout the design process.

But I also see how the industry is pushing toward AI integration, so

growth feels like survival too.” This dual motivation of intrinsic cu-

riosity coupled with professional adaptation characterized value

selection as authentic expression rather than explicit functional

criteria. In both cases, the selected value carried prior situational

meaning, functioning less as a neutral starting point and more as an

already-interpreted commitment that shaped how AI outputs were

subsequently read and accepted or rejected. Across participants,

value selection operated as an ontological commitment, establishing

the lens through which AI possibilities are explored.
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4.1.2 Reciprocal Reflection-in-Action. When designers work with

conventional materials, they engage in re�ection-in-action, observ-

ing consequences of actions and adjusting approaches based on

feedback. With generative AI, a fundamentally di�erent dynamic

emerged. Unlike conventional materials like paper, wood, or clay

that respond mechanistically to designer manipulation, AI actively

interpreted designer intent and generated novel suggestions, creat-

ing a feedback loop that was bidirectional and interpretive rather

than unidirectional and mechanical. We observed a recurring pat-

tern of reciprocal re�ection-in-action that unfolded across three

interconnected modes (see Figure 2). These modes are not strictly

sequential but �exible, and designers moved �uidly between them

based on conceptual needs.

Figure 2: Process Framework of Reciprocal Re�ection-in-

Action with AI, which depicts three non-sequential, mutu-

ally reinforcing modes of engagement observed when de-

signers used generative AI for AI-enabled concept develop-

ment: value externalization (mode 1), interpretive encounter

(mode 2), and re�ective redirection (mode 3) with primary

progression pathways from mode 1 to modes 2 and 3 as well

as recursive cycling pathways between all the modes.

P4 further captured this complexity, explaining “When using AI to

design AI, I’m constantly toggling between critiquing how well the AI

understands AI capabilities and using those outputs to shape my own

AI concept. For me, this isn’t present when using other non-AI tools.”

P11 described the multi-layered nature, noting “I’m watching how

ChatGPT interprets my e�ciency value, then how it suggests e�ciency

features for my AI concept, then I’m judging whether those suggestions

actually align with what I intend by e�ciency. Each step teaches me

something about the others.” This multi-layered re�ection created

technological self-re�ection where the tool became both medium

and material of design inquiry. Rather than proceeding through

linear action, observation, and adjustment, designers engaged in

recursive cycles where interpretation at one level continuously

informed judgment at another.

Value externalization. Designers translated embodied and intu-

itive understanding of their selected value into explicit and com-

municable language suitable for AI engagement. This translation

was non-trivial. Sixteen of 18 participants struggled to translate

abstract value commitments into concrete and communicable ideas.

As P13 put it, “I know I want my AI solution to boost users’ creativity,

but what does that even mean in terms of interactions and interfaces?

I kept relying on abstract words that were hard to turn into actual

design features.” The externalization process forced designers to

surface and clarify ambiguities in their own thinking. For example,

P15, whose background is in child-centered design, described this

dynamic during the think-aloud phase while reformulating prompts

around creativity multiple times, stating “I started with creativity as

my core value, but after I tried to explain my ideas to ChatGPT re-

peatedly, I realized I actually meant something more speci�c. It’s like

the ability to make unexpected connections between distant concepts.

The translation process helped clarify my own thinking.” Think-aloud

data corroborated this pattern. The act of formulating and articu-

lating value commitments into prompts for AI demanded a level

of speci�city and operationalization that prior re�ection alone had

not produced. This extends accounts of external representations

as thinking instruments. Here, the representation is a communica-

tive act addressed to a system that would interpret and act on it,

introducing a productive constraint di�erent from sketching or

note-taking.

Interpretive encounter. Designers engaged with AI-generated out-

puts as provocative interpretations that revealed both alignments

and gaps relative to their intentions. Critically, designers did not

treat AI outputs as �nished work but as suggestions that invite

critical evaluation, a tension that surfaced repeatedly across partici-

pants. P3 described this tension, stating “the AI generated ideas about

AI functionalities seemed both technically plausible and aligned with

the value I chose. But I later realized that it created a false sense that

I had thoroughly explored the solution space when I, in fact, hadn’t.”

This revealed an important tension that designers knew they should

engage critically with AI suggestions, yet the combination of tech-

nical sophistication and apparent value alignment created pressure

toward acceptance. Examination of the concept sketches in Fig-

ure 1 further deepens this observation. A substantial proportion

of e�ciency-labeled sketches share structural features, like work-

�ow automation interfaces and AI-assisted task prioritization that

closely resemble the genres described in major technology com-

pany design guidelines [1, 3, 30, 51] and, by extension, the outputs

generative AI most readily produces for e�ciency-framed prompts.

This convergence in concept structure suggests the interpretive en-

counter produced concept directions shaped more substantially by

AI outputs than participants recognized during the activity. Surface

value alignment (i.e., AI suggesting e�ciency-oriented features for

an e�ciency-value prompt) may have masked a narrowing of the

design space rather than an exploration of it. P7 also described the

generative potential, noting “The act of using AI to help think about

AI forced me to articulate not just what I valued, but why I valued it

and how it should be designed di�erently across all my ideas.” While

this is true for many, a couple of participants found this pressure

to explicitly formulate value reasoning as “cognitively taxing” (P9

and P11) rather than clarifying, particularly when iterative prompt
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re�nement failed to converge on outputs that felt meaningfully

aligned with their intentions.

Re�ective redirection. Designers critically evaluated AI sugges-

tions and used both alignment and misalignment as stimuli for

deeper thinking. During this mode, designers made deliberate deci-

sions about whether to accept, modify, or reject contributions based

on value alignment and conceptual coherence rather than techni-

cal sophistication alone. As P14 described, “I tried to jump from

explaining my selected value and initial idea to getting AI concept

suggestions, and I grabbed the �rst coherent response. But then I forced

myself to sit with the suggestions and asked some questions. That

was when I found problems I initially missed.” Deliberately introduc-

ing pauses emerged as a strategy that helped designers maintain

critical perspective. Similarly, P12 “realized that ChatGPT’s sugges-

tions reinforced existing AI interaction patterns. Breaking free of this

loop required deliberate e�ort to imagine fundamentally di�erent AI

paradigms.” This capacity for distancing was visible in sketch-level

di�erences as well. Participants who described forcing pauses be-

fore accepting AI suggestions produced sketches with more explicit

notations of constraints or anticipated misalignments alongside

proposed features, rather than single-function implementations.

4.2 Di�culties in Resisting Technical Authority
Across Multi-Level Value Tensions

4.2.1 Technical Authority and Extended Satisficing. Using AI as

re�ective material produced a form of extended satis�cing that

di�ers from conventional good enough decision-making in design.

In traditional contexts, satis�cing is often driven by time pressure

or external constraints. In AI-mediated concept development, de-

signers frequently accepted AI-generated concepts prematurely

because suggestions about AI capabilities carry implicit technical

authority. This authority emerged when AI outputs appeared both

technically sophisticated and aligned with stated human values,

a dynamic P3 captured, describing that “[the AI] gave me a list of

ideas. It was through multiple back-and-forths, but the ideas seemed

pretty solid and related to my chosen value, so I just went with them

and started [working] o� of them. But I realized later [that I had not]

thoroughly explored the solution space,” leading to acceptance that

felt justi�ed in the moment, though later re�ection revealed it as a

false sense of completeness.

This pattern was not simply a matter of e�ciency or lack of

critical engagement. It re�ected a distinctive epistemic situation in

which one AI appeared quali�ed to de�ne the design space for an-

other AI. For instance, P3 articulated this realization, stating “when

ChatGPT suggested machine learning as a behavior for my concept, it

used some technical terms I recognized and could connect them to my

values in such ways that seemed innovative. So, I took the suggestions

without really thinking or knowing I was essentially letting one AI

de�ne the possibilities for another AI I was trying to design.” As doc-

umented in our think-aloud notes, this pattern emerged across 13

of 18 participants during early ideation. Importantly, this authority

was not entirely unwarranted. AI tools do possess genuine exper-

tise about existing AI techniques and patterns, but that expertise is

bounded by training data grounded in current systems and domi-

nant paradigms. What made the authority particularly persuasive

was its coupling of technical language with value framing, which

obscured the limits of the suggestion space and masked potential

harms or omissions.

Temporal pacing played a critical role in whether designers re-

sisted or reinforced this authority. Participants who moved rapidly

from value articulation to concept selection were more susceptible,

while those who deliberately slowed down and revisited sugges-

tions were more likely to surface gaps, risks, or misalignments.

P14’s experience, described earlier, is a representative example. Re-

sistance did not involve rejecting AI outright but rather interrupting

the momentum through which authority solidi�ed. This �nding

carries particular weight for less experienced designers. Generative

AI systems tend toward outputs that a�rm and extend the direc-

tion suggested by user prompts rather than introducing friction or

challenge [20, 39], and for designers with limited domain expertise

or prior experience recognizing AI authority e�ects, this tendency

may make extended satis�cing nearly unavoidable without external

intervention. The metacognitive demands of identifying and inter-

rupting this dynamic are themselves substantial [81], and re�ective

redirection, as an improvised strategy requiring awareness of the

pattern before it can be disrupted, may be far less accessible to

novices.

4.2.2 Multi-Level Value Tensions and Harm Recognition. A central

�nding was that designers using AI tools to design AI concepts

had to manage values across three interdependent levels, namely

values embedded in the AI tool, values guiding the designer’s inten-

tions and intuitive harm sensibilities, and values intended for the

designed concept. Unlike traditional design materials, AI systems

encode assumptions, priorities, and normative commitments that

actively shape ideation. These levels did not remain separate. They

interacted continuously and created tensions and misalignments

rather than stable alignment. Participants frequently struggled to

locate the boundaries between these value sources, a confusion P13

captured well, noting “I wanted to design an AI that values human

creativity, but I realized I was using ChatGPT, which has its own

perspectives or programmed assumptions about creativity, to generate

ideas about creativity-supporting AI. I couldn’t tell where my own

values ended and ChatGPT’s began and vice versa.” This re�ected a

distinctive epistemological challenge. When designers use an AI

tool to reason about AI itself, the separation between tool values

and designer values becomes porous and unstable. P1 articulated

the vigilance required in this context, describing how designers

“should be aware of toxic intent in AI and not blindly follow along.

You must simultaneously be aware of values embedded in AI’s re-

sponses while also ensuring their own values are re�ected in the AI

system they’re designing.” Decisions at one level constrain or enable

possibilities at others, creating recursive loops rather than linear

translation.

Across all activities, designers were consistently more attuned

to value tensions, breakdowns, and potential harms than to articu-

lating what successful value ful�llment should look like. Moments

of discomfort, hesitation, or misalignment functioned as reliable

signals that something was wrong. Designers could often identify

when AI suggestions posed risks to agency, safety, or trust, even

when they struggled to specify ideal alternatives (P1, P6, P9, P13). P9

described this dynamic when re�ecting on AI-generated notions of

user agency, noting a persistent feeling that “something was wrong
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with how the AI was suggesting I build user agency into the system,

like it was creating the appearance of choice without real agency.

I couldn’t articulate exactly why, but I knew it wasn’t right.” This

intuitive harm recognition proved more concrete and actionable

than abstract value statements. These breakdowns were not treated

as failures but as productive cues that redirected design.

Several participants began with clearly articulated values, then

relied on AI for ideation, only to reject outputs that felt wrong,

incomplete, or potentially harmful. This pattern suggests that de-

signers’ intuition about what should not happen functions as a core

design resource in AI-mediated practice. Across participants, values

operated less as �xed principles to be implemented and more as

evolving commitments clari�ed through recognizing misalignment.

As P3 noted, “I can articulate how e�ciency might manifest in inter-

face design, like streamlined work�ows, minimal friction, responsive

feedback. But when I try to specify how it should guide the AI’s opti-

mization strategies, I realize I need help to explore this further.” In this

way, harm recognition becomes a mechanism of knowledge produc-

tion. In these cases, designers re�ned their understanding of values

by resisting and reworking outputs that felt misaligned, though

this was reactive and dependent on individual attunement rather

than systematic practice, and should not be taken to imply that

harm recognition as observed here reliably produces value-aligned

concept outcomes.

When triangulating artifact analysis (see Figure 1) with inter-

view data, we observed value tensions not surfaced during the

activity or prominently reported in interviews. For example, P16’s

sustainability-focused concept centers on an AI recommendation

interface system that allows users to browse existing products and

measure their sustainability metrics:

“I imagine that it provides real-time detection of an

existing product’s sustainability details, [suggests]

how you can improve and make your products more

sustainable, and predicts how sustainable a product

will be. I want the interface to also include an AI agent

in a chat box, like prompting what if I change from

this material to a di�erent material” (P16).

This envisioned concept would typically require continuous data

collection and model retraining whose computational implications

sit in potential tension with the stated sustainability value but go

unaddressed in the sketch. While we do not claim that partici-

pants failed to recognize these tensions, the pattern is consistent

with single-value framing enabling conceptual focus at the cost of

suppressing cross-value con�icts that multi-value or adversarial

framing might have surfaced earlier. Additional sketches suggest

this pattern is not isolated. P8’s autonomy-centered concept depicts

an AI-embedded design tool that mediates organizational design

decisions by automatically detecting whether a certain element

meets established standards. Yet the concept includes no visible

mechanisms for supporting autonomy, such as override controls,

intent-based operations, or adaptive feedback. P7’s e�ciency con-

cept presents a similar case of AI-automated work�ow transfer

across devices with no visible human checkpoints. Taken together,

these artifact observations suggest the activity’s single-value struc-

ture enabled focus at the cost of rendering cross-value tensions

invisible during ideation itself.

These dynamics also shaped how designers reasoned about

agency. Choices about how much authority to grant the AI tool

during ideation became entangled with decisions about how much

agency the designed system should later exercise over users. For in-

stance, P6 re�ected, “I used AI to tell me what problems that designers

on a whole are experiencing. Granted, I don’t know where AI got that

information from. I guess I didn’t really question it. If I let ChatGPT

make too many decisions about my AI concept, am I unconsciously

designing an AI system that will make too many decisions for its users

then?” (P6). Their concern emphasizes that values embedded in

the ideation tool risk propagating into the designed concept’s form

and features, user �ows, and interaction patterns. For designers,

the design process itself functions as a prototype for the human-AI

relationship they were embedding.

Value interference was not uniformly negative. In some cases, it

forced confrontationwith assumptions that might otherwise remain

invisible. P16 captured this tension, describing persistent uncer-

tainty about whether the AI tool’s implicit values about recommen-

dation systems were subtly reshaping sustainability goals, asking

“whether the AI I’m using had implicit values about recommenda-

tion algorithms that were in�uencing my design choices in ways that

might con�ict with my intended values for my new concept, given that

I chose to design an AI recommendation interface centered on sustain-

ability.” While cognitively demanding, these moments sometimes

enabled deeper re�ection and earlier harm anticipation. Partici-

pants also developed nuanced judgments about when AI authority

should remain secondary. P11 stated that “AI might be appropriate

for standard design approaches that do not require a lot of creativity.

But contexts like museums or politics require human-centered vision

that brings surprises beyond current generative AI capabilities.” These

judgments are not abstract principles but situational assessments

grounded in perceived stakes, including potential for harm, loss of

agency, or erosion of trust.

4.3 Challenges and Emerging Strategies in
Interpretation-Centered Design Practice

4.3.1 Interpretation-Centered Design Expertise. Engagement with

AI as re�ective material precipitated a shift from execution-focused

toward interpretation-centered design practice. Participants in-

creasingly spent their e�ort assessing possibilities, weighing value

trade-o�s, and making decisions about concept direction, rather

than thinking about interface-based elements and sketching perfect

product features. As P12 described, the work involved “moving less

like pixel pushing and doing, practicing, and thinking more about

the value, impact, and strategy.” Design expertise is increasingly

exercised through judgment rather than execution.

Creativity emerged as a distinctively human form of expertise

within this interpretive work. Participants did not describe creativ-

ity as visual novelty but as the ability to intentionally depart from

rules and expectations. P9 characterized creativity as “human inter-

vention of purposefully breaking a rule,” a capacity participants felt

was di�cult to delegate to AI. Several designers described monitor-

ing whether AI outputs reinforced familiar patterns or converged

too quickly on predictable solutions, and intervened when distinc-

tiveness was lost. P16 emphasized caring “more about making the
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solution unique” because “everyone can eventually think of and reach

[AI-generated ideas].”

Participants also distinguished between AI-generated variation

and creative direction. While randomness is sometimes useful, it

requires human interpretation to become meaningful. P8 captured

this directly, noting that “true randomness would seem like garbage

to us,” and that its value came from how designers interpreted and

redirected it. Designers treated AI variation as material to work

with rather than as creative output in itself, selectively amplifying

or suppressing it based on whether it supported their intended val-

ues, consistent with work demonstrating that semantically distant

or random ideation inputs require human interpretive work to be-

come generatively useful [8], and with accounts of the distinction

between experiential and re�ective thinking in making sense of

tool-generated outputs [49].

Participants with strong visual design backgrounds initially ex-

perienced this transition as a professional identity challenge. P5

re�ected, “I’ve spent years developing visual design skills, like ty-

pography, layout, color theory. When AI can generate those elements,

what’s left of my expertise? I felt like my professional identity was

being questioned.” Several others, however, saw this di�erently. As

P14 explained, “I realized my visual design skills weren’t becoming

irrelevant. They were becoming evaluation and curation skills. I can

judge AI-generated visuals more sophisticatedly than non-designers

because I understand the principles behind good design, shifting from

making to critiquing and re�ning.” Maintaining interpretive author-

ity required designers to resist the tendency to accept AI outputs at

face value, particularly when outputs appeared technically polished

or persuasive. This reframing is intuitive and well-articulated, but

it represents participants’ retrospective accounts of an emerging

shift in professional identity rather than demonstrated evidence of

sustained interpretive e�ectiveness in practice.

4.3.2 Meta-Design Awareness. As design expertise shifted toward

interpretation, some participants found themselves managing sub-

stantial metacognitive demands, simultaneously reasoning about

the AI tool, the design process, and the AI-enabled system they

were envisioning, a complexity already documented in AI-mediated

ideation contexts [2, 20, 76, 81]. This awareness is distinctive to

designing AI using AI, where tool assumptions and limitations risk

unconsciously transferring into designed concepts. P10 articulated

this clearly, noting “Designing AI using AI requires meta-level under-

standing, which isn’t necessary when using AI for other non-AI design

challenges.” Meta-design awareness manifested through strategic

judgment about when to accept, modify, or reject AI suggestions.

As P6 noted,

“Using AI isn’t all about prompt engineering but more

about managing a strategic conversation. I need to

have the instincts for when to push back on its sugges-

tions, when to redirect the conversation, and when

to take its multiple outputs and combine them into

something completely new. These are judgment calls

that require design expertise, not technical skills” (P6).

This judgment extends beyond prompt formulation to maintaining

value alignment across multiple levels, including designers’ guiding

values, perceived values embedded in AI tools, and intended values

of the concept.

Notably, participants were more consistently attuned to recog-

nizing breakdowns, misalignments, and emerging harms than to ar-

ticulating abstract positive value ful�llment. P4 described moments

when AI authority threatened to override independent judgment,

noting that AI suggestions can “sound so authoritative that they can

override my design judgment. I had to learn to remind myself when

I was being totally persuaded by AI authority rather than making

independent strategic decisions.” These experiences of discomfort

functioned as concrete signals that value alignment had shifted

or failed. Rather than treating such breakdowns as errors to be

corrected later, designers used them to anticipate potential harms

and redirect concepts early in development.

Participants also described how meta-design awareness sup-

ported more speculative, future-oriented reasoning. When envi-

sioning AI-enabled concepts, designers were not only resolving

present value tensions but also anticipating how those values might

shift as systems are deployed and adapted over time. P10 used a

historical analogy to make sense of this uncertainty:

“When the camera was invented, a lot of the painters

were really mad because they stopped getting commis-

sions for portraits. They used to be the ones making

realistic pictures, but once the camera came into play,

everybody could just have their own pictures. That

kind of decentralized production and image making,

but then that just created its own kind of creativity,

which is why we have photography as a medium to-

day” (P10).

For P10, AI similarly recon�gures what counts as design work

and expertise. Rather than eliminating creativity, it shifts where

and how values are negotiated, opening up new possibilities that

only become visible through forward-looking speculation. Several

participants described having to imagine how their own value com-

mitments might need to change as concepts move from speculation

to use. As P8 put it, “When designing AI systems for innovative con-

texts, I’m speculating about how my values might need to evolve

or adapt. The AI tool can help me think through current value con-

�icts, but I have to imagine how those con�icts might change as my

concept is implemented and adopted.” In this process, asking one

AI to imagine another exposed embedded assumptions in current

AI paradigms, surfacing risks and constraints that would remain

invisible in non-AI design tasks.

5 Discussion

Our �ndings reveal that designing with generative AI for AI con-

cepts reshapes re�ection-in-action, introduces new forms of tech-

nical authority, and reframes how values are articulated and ne-

gotiated in design, with implications for design discussed in this

section.

5.1 Extending Re�ection-in-Action

Schön’s concept of re�ection-in-action frames design as a con-

versation between a designer and their materials, where actions

produce consequences that guide subsequent moves [66, 67]. In this

account, designers engage in a conversation with the materials of a

situation [68]. Materials talk back through resistance, a�ordance,

and surprise, prompting continuous reframing and adjustment in a
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process that is already bidirectional and responsive. However, the

conversation remains asymmetric; meaning-making is primarily

human-driven, and materials reveal possibilities through physical

properties and structural constraints rather than through semantic

interpretation. Clay does not infer the sculptor’s intent, generate al-

ternative formal proposals, or embed normative assumptions about

what the work should become. Interpretation belongs to the de-

signer; the material responds, constrains, and discloses [13, 66, 68].

It is precisely this asymmetry that separates conventional material

engagement from AI, where the material returns not physical resis-

tance but semantic interpretation and generative agency [4, 27, 38].

Our �ndings show that this assumption of interpretive asym-

metry does not hold when designers work with generative AI. In

early-stage AI concept design, the material does not merely respond

but actively interprets, reframes, and proposes. AI systems infer

designer intent, translate values into technical possibilities, and

suggest directions for further exploration. As a result, re�ection no

longer unfolds as a unidirectional conversation guided by material

feedback. Instead, it becomes a recursive dialogue in which both

designer and tool participate in interpretation and generation. We

refer to this process as reciprocal re�ection-in-action, a qualitatively

di�erent structure of re�ection that extends Schön’s framework to

account for materials with interpretive agency.

This di�erence manifests in how designers engage with genera-

tive AI’s outputs. Participants did not treat generated suggestions

as neutral responses but as interpretations requiring evaluation.

Re�ecting on this process, participants noted that watching how

an AI interpreted e�ciency as a value and translated it into prod-

uct features, and then judging whether those features re�ected

what e�ciency meant to them, required re�ection at multiple lev-

els. Through this process, designers encountered their own values

indirectly, mediated by the tool’s reasoning, rather than through

direct manipulation of form or structure. This layered sensemaking

contrasts with traditional re�ective practices such as sketching or

note-taking, where external representations primarily function as

extensions of the designer’s own thinking [13, 24, 55].

Prior research has emphasized that design is exploratory and that

goals often emerge through the act of designing itself, particularly

when designers work with ill-de�ned problems [6]. Our �ndings

extend this understanding by showing what changes when the

material itself participates in sensemaking. Interpretive materials

expand the space of possible reframings by proposing directions

designers may not have considered. At the same time, they intro-

duce new cognitive demands. Designers must evaluate not only the

novelty or feasibility of ideas but also the assumptions embedded

in how the tool frames problems, values, and capabilities. Schön de-

scribed designers as developing a tacit feel for howmaterials behave

under intervention [66]. With generative AI, designers develop sen-

sitivity to how the material interprets intent, what defaults shape

its outputs, and where those defaults systematically narrow imagi-

nation, suggesting a form of re�ection Schön’s original framework

did not anticipate.

This framework also clari�es how designer agency is exercised

in AI-mediated design. Prior work has shown that e�ective AI

co-creation depends on designers maintaining judgment and di-

rection while working with generative systems [25, 29, 76]. Our

�ndings extend this work by identifying speci�c mechanisms that

challenge and enable agency. Designers encountered technical au-

thority, value interference, and recursive conventional thinking that

threatened to override independent judgment. In response, they

developed strategies such as slowing down interaction, creating

distance from initial outputs, and using moments of discomfort as

signals for further re�ection. These �ndings align with recent work

on AI-supported ideation that highlights both the generative bene-

�ts and the cognitive overwhelm introduced by accelerated idea

production, o�ering concrete mechanisms through which designers

can maintain critical perspective [20, 39, 52, 59, 76].

The recursive condition of using AI to design AI introduces par-

ticular complexity. Designers must reason simultaneously about

their own agency relative to the tool, the tool’s agency in generat-

ing concepts, and the agency they intend to embed in the systems

they are designing. This form of nested agency introduces cogni-

tive complexity that existing design cognition theories do not fully

account for [2, 20] and represents a novel challenge distinct from

using AI for non-AI design tasks [29, 41, 50, 52, 71, 76]. Recent work

on LLM-supported design space exploration [98] demonstrates how

generative AI shapes which possibilities feel tractable during con-

cept development. Our �ndings extend this by showing that shaping

operates through value-laden framing rather than capability disclo-

sure alone. Work examining how tools con�gure power relations in

design practice [36] resonates with our �nding that AI’s technical

authority is di�cult to resist precisely because it arrives coupled

with apparent value alignment, making its in�uence on concept

direction feel credible and self-evident rather than imposed.

5.2 Technical Authority vs. Traditional
Satis�cing

Prior work on design decision-making has documented satis�cing,

de�ned as the practice of accepting solutions that appear adequate

rather than exhaustively searching for optimal ones [10, 73]. This

behavior is commonly explained through constraints such as limited

time, cognitive load, or resource scarcity. Our �ndings point to a

di�erent mechanism operating in AI-mediated design, one that

cannot be fully explained by these traditional accounts.

We observed a form of deference rooted in perceived technical

authority rather than convenience. This authority emerged from

the convergence of two factors. First, the AI signaled expertise in

AI systems through technical language and familiar references that

designers recognized as legitimate. Second, its suggestions often

appeared to align with the values designers had already articulated,

reinforcing the perception that the AI’s recommendations were

credible. Here, acceptance did not stem from time pressure but

from the perceived coherence between technical plausibility and

value alignment.

Crucially, the cues that led participants to trust the AI did not

reliably indicate its actual trustworthiness in this context. Although

AI training on existing systems supports �uency with current tech-

niques, it also limits the range of possibilities the system can plausi-

bly generate [20, 76]. The same data that enables technical �uency

simultaneously reproduces dominant design conventions. Thirteen

of the eighteen participants encountered this tension, suggesting

that misplaced trust in technical authority is not an exceptional case

but a widespread, consequential challenge in AI-mediated design.
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5.3 Reframing Values in AI Development

Our �ndings complicate prevailing accounts of how values operate

in responsible AI development [28, 83]. Rather than functioning as

�xed constraints or ethical checklists, values emerged as evolving

commitments shaped through iterative engagement with AI tools

[17] and through moments of discomfort and misalignment. Design-

ers worked with values as hierarchical, situated systems grounded

in lived professional experience [10, 18], producing secondary man-

ifestations speci�c to the meta-design context of using AI to design

AI. This contrasts with the abstract and universal treatment of val-

ues common in existing frameworks [63, 64] and underscores the

relational and experiential character of e�ective value integration

[4, 14, 82].

Current AI development practices frequently position ethics

as a late-stage intervention or post-hoc auditing activity [15, 93],

addressing values only after system architectures have solidi�ed

or harms have surfaced [58]. Such reactive approaches limit the

extent to which values can meaningfully shape design decisions

[17, 21, 83]. Our �ndings instead point toward a shift in orien-

tation, where values operate as proactive design materials that

actively inform system conceptualization from the outset. This re-

quires iterative and exploratory engagement, in which values are

negotiated through use rather than implemented as �xed princi-

ples. While aligned with recent calls for values-centered AI design

[21, 28, 69, 70, 78], our study highlights how these challenges inten-

sify when designers work directly with AI systems during concept

development.

Our �ndings also foreground the temporal complexity of value

integration in AI systems, a dimension underexplored in current

design frameworks. Unlike conventional interactive systems with

relatively stable interaction patterns, AI systems evolve through

accumulated user interactions, contextual feedback, and learning

over time [77]. As a result, values embedded in AI cannot be un-

derstood solely through immediate interactions. Designers must

also account for how values may shift as systems adapt to new

users, contexts, and edge cases. For example, an AI-enabled product

initially designed around ownership might �rst express this value

through customization and user control, yet later reinterpret own-

ership as transparency or revision and correction a�ordances based

on emergent use patterns. Participants consistently struggled to

anticipate these forward-looking value transformations, revealing a

gap in prevailing design practices that focus on discrete interaction

moments rather than evolving value relationships.

Critically, our �ndings suggest that harm recognition functions

as a concrete and actionable resource within this value negotiation

process. Rather than relying on abstract articulation of positive

value ideals, which designers found di�cult, they engaged sub-

stantively through noticing misalignment, recognizing discomfort,

and anticipating breakdowns [46]. Sensitivity to what should not

happen o�ered designers a grounded mode of ethical reasoning,

one that supported continuous adjustment as AI concepts evolved

[21, 28, 78]. In this sense, ethical engagement is not separate from

design work but embedded within it, unfolding through iterative

interaction with AI systems. Our �ndings also connect with work

on value tensions in design practice. Sabie et al. [62]’s examination

of unmaking as a design stance and Haghighi et al. [26]’s workshop-

based methods for navigating value tensions both suggest that pro-

ductive engagement with values in design requires deliberate space

for contradiction, resistance, and redirection, which is consistent

with our �nding that harm recognition and re�ective redirection

were more reliable design resources than positive value articulation.

Across these dynamics, values did not guide design in a linear

or harmonious manner. When brought into contact with concrete

design materials, technical constraints, and AI-mediated interpreta-

tions, values generated tensions and con�icts visible only through

engagement [17, 69, 70]. These moments of friction were particu-

larly pronounced when AI tools actively interpreted, translated, or

reframed value concepts, often surfacing misalignments through

use rather than deliberation. Rather than treating such breakdowns

as errors to be corrected after the fact, our �ndings suggest that

harm recognition plays a continuous, central role in ongoing value

negotiation. This reframes ethical work from a phase-based activity

to a constitutive feature of how designers think through AI systems

from inception.

5.4 Design Implications

Our �ndings suggest several critical implications for advancing de-

sign practices that support value-oriented AI concept development.

Rethinking AI design tools. Existing AI design tools should be

fundamentally reimagined to sca�old re�ection-in-action andmulti-

level value tracking rather than optimizing solely for productivity

and frictionless interaction. Priorwork shows that prompt–response

interaction paradigms limit designers’ ability to engage in abduc-

tive loops of interpreting, reframing, and re-grounding ideas during

concept development [60]. While current tools maximize output

quality and minimize user e�ort, making AI interaction feel fric-

tionless, our �ndings suggest that friction, in the form of structured

re�ection pauses [2, 94, 96], can support deeper reasoning about

breakdowns, misalignment, and value con�ict rather than smooth-

ing them over. Designers were particularly attuned to moments

when something felt wrong [46]. Tools should create explicit oppor-

tunities to capture and explore these moments, helping designers

pause when they sense something is wrong and use such moments

as signals for deeper thinking [37].

Complementary non-AI sca�olding. Our �ndings reveal a critical

need for non-AI-powered tools speci�cally designed to sca�old

AI concept development. While AI tools are valuable for gener-

ative exploration, their interpretive authority and generative �u-

ency can overwhelm re�ective processes, particularly when de-

signers are working on innovative or value-laden concepts [9, 56].

We observed that designers who slowed down, created distance

from initial AI responses, and deliberately imagined alternatives

engaged in more critical and creative reasoning. Crucially, these

toolkits should center values respected and promoted by design

practice [83], providing dedicated sca�olding for value articulation

throughout the design process. Non-AI tools provide stable cogni-

tive anchors and create space for critical distance fromAI-generated

outputs. In the absence of such tools, re�ection risks becoming su-

per�cial and driven by the persuasive authority of AI outputs rather
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than deliberate judgment. However, our �ndings on harm recogni-

tion suggest that designers often engaged substantively through

noticing misalignment, discomfort, or potential harm rather than

through formal value frameworks. Accordingly, complementary

non-AI frameworks should explicitly support this form of negative

reasoning by helping designers articulate what should not happen,

recognize emergent harms, and anticipate breakdowns. Rather than

replacing AI tools, these approaches should be understood as com-

plementary, with AI supporting generation and exploration, and

non-AI sca�olding supporting structured re�ection, deliberation,

and harm anticipation. This complementary framing is one we

operationalized in developing our AI Concept Envisioning toolkit

[74].

Organizational positioning of design. Our �ndings extend beyond

design practice to argue that design must be integrated into human-

centered AI development from inception, requiring fundamental

organizational reconsideration. Rather than positioning design pri-

marily as a user experience layer applied after system architecture

decisions have been made, organizations should position design

as foundational to AI development [4, 16, 85, 91, 92, 99, 101]. This

requires giving designers genuine in�uence over what problems

get solved and what solutions get attempted, not just how solutions

are executed. It requires creating structures where designers can

engage with engineers, ethicists, and domain experts in genuine

collaboration [44]. This is organizationally challenging but con-

ceptually important. It acknowledges that how designers approach

value articulation, concept alignment, and harm recognition during

early ideation directly shapes what becomes possible or constrained

in later development phases. Our �ndings show that designers

bring distinctive capabilities in recognizing when something might

be wrong or harmful. Positioning design as foundational means

creating organizational structures that value and amplify these ca-

pabilities rather than treating design as a later-stage re�nement

layer.

6 Limitations and Future Research

Our study has limitations that should be considered when inter-

preting the �ndings. The 20-minute design activity captures early-

stage ideation in a speci�c context and cannot capture the full

process of AI concept development. The limited session time re-

duced opportunities to revisit and renegotiate value commitments

as concepts developed, precisely when cross-value tensions tend

to surface. Asking participants to engage with only a single value,

while ecologically valid, further bounded the kind of deep value ten-

sion exploration that more extended or multi-value engagements

would enable. These choices re�ect our scoping toward naturalis-

tic early-stage ideation rather than structured value negotiation,

and �ndings should be interpreted accordingly. Nevertheless, un-

derstanding how designers approach value integration and harm

recognition at this formative stage matters precisely because it

establishes foundational direction that constrains or enables possi-

bilities in later development phases [97]. Future work could build

on this by examining how extended multi-session engagement and

iterative re�ection in�uence design outcomes.

We also allowed participants to use generative AI tools of their

choice to preserve ecological validity and re�ect real-world varia-

tion in work�ows. As a result, tool-speci�c factors such as inter-

action history and model version likely shaped the character and

quality of AI outputs participants received. Future work should

standardize the AI tools and account for user familiarity levels to

isolate tool-speci�c in�uences.

While all participants reported prior interaction with AI tools,

their experiences ranged from end-user engagement to active in-

volvement in AI product design, and we did not assess their prior

orientations toward AI. Familiarity with AI does not necessarily

translate to understanding its inner workings [91], and those who

had developed more critical stances through professional expe-

rience may have been more attuned to recognizing AI authority

e�ects than those with more uniformly positive associations. Partic-

ipants’ varying familiarity with explicit value re�ection also likely

shaped the depth of engagement visible in our analysis. Future

work should examine these dynamics across varying levels of AI

familiarity and prior orientation, and could explore how targeted re-

sources might deepen designers’ comprehension of AI’s capabilities

and constraints.

Finally, while this work focused on design practitioners, AI

product concept development in practice often involves multidis-

ciplinary teams including product managers, data scientists, and

others. Building on recent research [11, 35, 40, 43, 44, 96, 100], future

work could explore role-speci�c support mechanisms and resources,

moving beyond general collaboration facilitation toward tailored

interventions that address each role’s distinct contributions and

needs.

7 Conclusion

This study explored how designers navigate the dual role of using

AI tools to envision AI-enabled concepts, revealing how doing so

generates recursive value tensions that di�er fundamentally from

traditional design practice. Through a design activity and re�ec-

tive interviews with 18 designers, we identify reciprocal re�ection-

in-action comprising three interconnected modes of engagement,

namely value externalization, interpretive encounter, and re�ective

redirection, extending Schön’s work to account for design materials

with interpretive agency. Our �ndings further show that designers

are more reliably attuned to recognizing potential harmful e�ects

and value misalignments than to articulating abstract notions of

positive value ful�llment. This harm-recognition capability func-

tions as a concrete and actionable design signal, guiding re�ective

redirection and sustaining human interpretive authority in contexts

that pressure designers to defer to AI-generated suggestions. Our

study suggests that responsible AI design requires tools, methods,

and organizational structures that support ongoing value negotia-

tion in early-stage concept design rather than post-hoc auditing,

positioning design as foundational to how AI-enabled products are

conceived and developed over time.
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A Codebook

Table 2: Example of the �nal codebook, including codes, subcodes, and their given de�nitions.

Code Subcode De�nition

AI in Design

Opportunities New design possibilities enabled by the advancement of AI.

Concerns Considerations to navigate when using AI in design work.

Limitations Constraints related to the capabilities and issues of AI tools.

Designing AI
Ideation Action-based factors when ideating solutions.

Selection Action-based factors when selecting a solution.

Role of AI

Partner/collaborator
The perception of AI as an equal participant in the process,

contributing ideas and solutions alongside human designers.

Tool
AI as a supportive tool that aids designers in their tasks

and work�ows without taking over creative responsibilities.

Idea management
The process by which designers expand their thinking and

re�ect on their practices through interaction with AI tools.

Value

Manifestation
Ways in which designers (un)intentionally insert

values into their design thinking and outcomes.

Evolution
How the experience of using generative AI in design

shapes or transforms designers’ values and priorities.

Tension The balancing act between competing values in design.

Agency
The extent to which designers feel in control of the design

process and the ownership they attribute to their creations.

B Analysis of Relevant Parties
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