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Abstract
This� paper� presents� a� framework� that� combines� Design� Thinking� with� Artificial� Intelligence� (AI)�

to� tackle� complex� problem-solving� challenges.� With� AI� increasingly� integrated� into� design�

processes,� the� framework� aims� to� leverage� both� human� intuition� and� machine� capabilities.� It�

conceptualizes� design� as� a� human-machine� algorithmic� system,� using� probabilistic� algorithms� to�

dynamically� explore� and� refine� solutions.� By� viewing� design� as� a� stochastic� process� that�

navigates� high-dimensional� state� spaces,� this� approach� is� well-suited� for� addressing� "wicked�

problems"� requiring� a� blend� of� human� creativity� and� AI's� computational� power.� The� framework�

offers� a� structured,� iterative� process� that� enhances� traditional� Design� Thinking,� bridging� the� gap�

between� conventional� and� AI-driven� methodologies� to� handle� the� complexities� of� modern�

design� challenges.

Keyword
Artificial� Intelligence� in� Design� (디자인에서� 인공지능),� Design� Methodologies� (디자인� 방법론),�

Complex� Problem-Solving� (복잡한�문제�해결),� Design� Thinking� (디자인�사고)

요약
이�논문은�복잡한�문제�해결을�위해�디자인�사고와�인공지능(AI)을�결합하는�프레임워크를�제시합니다.� AI가�디자인�

프로세스에�점점�더�통합됨에�따라,�인간의�직관과�기계의�능력을�모두�활용하는�접근�방식의�필요성이�커지고�있습

니다.�본�프레임워크는�디자인을�인간-기계�알고리즘�시스템으로�개념화하여�확률적�알고리즘을�통해�솔루션을�동적

으로� 탐색하고� 개선합니다.� 이를� 통해� 디자인을� 높은� 차원의� 상태� 공간을� 탐색하는� 확률적� 과정으로� 보고,� 인간의�

창의성과�AI의�계산�능력이�요구되는� '난해한�문제'�해결에�적합한�접근�방식을�제공합니다.�이�프레임워크는�전통적

인�디자인�사고를�보완하는�구조적이고�반복적인�프로세스를�제공하며,� 기존의�디자인�사고와� AI� 기반�방법론�간의�

격차를�메우고,�현대�디자인�과제의�복잡성을�효과적으로�다룰�수�있는�통합된�접근�방식을�제안합니다.
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1.� Introduction

1-1.� Research� Background� and�Objectives

Traditional� design� methodologies� struggle�

when� addressing� the� complex� and�

multidimensional� problems� known� as� "wicked�

problems."1)� These� problems� are� characterized� by�

shifting� constraints,� competing� stakeholder�

interests,� and� emergent,� unpredictable� properties,�

making� it� difficult� for� linear� and� sequential�

methods� to� provide� effective� solutions.� As� the�

scale� and� complexity� of� these� challenges� grows,�

traditional� frameworks� are� inadequate� to� resolve�

these� problem� spaces� where� multiple�

interdependent� variables� interact� dynamically.� This�

growing� complexity� calls� for� exploring� new,�

adaptive� methodologies� capable� of� managing�

these� interconnected� and� evolving� problems�

more� precisely.

Design� Thinking� emphasizes� human-centered,�

iterative,� and� collaborative� problem-solving.� It� has�

been� widely� adopted� to� tackle� such� issues.2)�

However,� it� relies� heavily� on� human� intuition� and�

iterative� prototyping,� which,� while� valuable,� can�

be� time-consuming� and� prone� to� cognitive� biases�

.3)� As� the� complexity� of� design� challenges�

continues� to� escalate,� the� limitations� of� purely�

human-driven� processes� become�more� apparent.

The� integration� of� Artificial� Intelligence� (AI)�

into� design� processes� offers� a� promising� avenue�

to� address� these� limitations.� AI� techniques,� such�

as� generative� design� and� machine� learning,�

enable� the� rapid� exploration� of� vast� solution�

spaces,� identifying� patterns� and� optimizing�

configurations� in� ways� out� of� reach� for� human�

designers� alone.� For� example,� Autodesk's�

1) Rittel, H. W., & Webber, M. M., "Dilemmas in a 
General Theory of Planning," Policy Sciences, 4(2), 
1973, pp. 155-169.

2) Brown, T., "Design Thinking," Harvard Business 
Review, 2008, 86(6), 84.

3) Liedtka, J., "Linking Design Thinking with 
Innovation Outcomes through Cognitive Bias 
Reduction," Journal of Product Innovation 
Management, 2015, 32(6), 925-938

Generative� Design� tools� utilize� AI� to� generate�

thousands� of� potential� solutions� based� on�

predefined� constraints,� allowing� designers� to�

explore� a� high-dimensional� design� space� rapidly.4)�

However,� AI-driven� approaches� often� lack� the�

contextual� understanding� of� human� designers,�

highlighting� the� need� for� a� unified� framework�

that� combines� the� strengths� of� both� human� and�

machine� capabilities.

This� research� proposes� a� "stochastic�

framework"� for� integrating� Design� Thinking� and�

AI,� conceptualizing� the� design� process� as� a�

stochastic� algorithm� that� dynamically� explores�

and� refines� design� solutions.� In� this� framework,�

diverse� human� perspectives� and� AI's�

computational� power� work� in� tandem� to�

navigate� complex� problem� spaces.� Each�

participant� in� a� collaborative� design� team�

contributes� unique� expertise,� effectively� adding�

new� dimensions� to� the� solution� space.� This�

expanded,� high-dimensional� space� allows� for�

more� comprehensive� exploration� and� reduces� the�

risk� of� premature� convergence� into� suboptimal�

solutions.

By� modeling� the� design� process� as� a�

stochastic� algorithm,� this� framework� not� only�

captures� the� iterative,� exploratory� nature� of�

Design� Thinking� but� also� incorporates� AI's� ability�

to� handle� large� datasets� and� complex�

optimization� problems.5)� The� integration� of�

stochastic� methods� in� design� enables� a�

structured� approach� to�managing� uncertainty� and�

complexity,� making� it� particularly� effective� for�

addressing� wicked� problems.� This� framework� �

aims� to� bridge� the� gap� between� traditional�

Design� Thinking� and� AI-driven� methodologies� by�

providing� a� robust,� unified� framework.� From� this�

perspective,� design� is� understood� as� a� dynamic�

process� of� probabilistic� exploration� and�

4) Autodesk, "Generative Design" [Website]. 2021. 
(2024.09.16.) 
www.autodesk.com/solutions/generative-design

5) Dorst, K., & Cross, N., "Creativity in the Design 
Process: Co-Evolution of Problem–Solution," 
Design Studies, 2001, 22(5), 425-437.
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optimization,� capable� of� tackling� the� most�

complex� challenges� in� contemporary� design�

practice.

1-2.� Research� Scope� and�Methodology

The� scope� of� this� study� involves� creating� a�

theoretical� framework� that� conceptualizes� design�

as� a� set� of� algorithmic� processes.� This� framework�

is� then� applied� to� the� Design� Thinking�

methodology� with� a� special� focus� on� human-AI�

co-design� and� its� practical� applications.

First,� the� research� explores� the� mathematical�

principles� underlying� stochastic� algorithms� and�

their� application� to� design.� The� focus� is� on� � �

modeling� design� activity� as� a� dynamic� system,�

were� we� manage� uncertainty� and� optimize�

solutions.� By� treating� design� as� a� stochastic�

process,� we� represent� the� design� space� as� a�

high-dimensional� state,�where� each� decision� leads�

to� probabilistic� outcomes.

This� algorithmic� approach� allows� us� to� define�

Design� Thinking� as� a� structured,� iterative� process.�

By� drawing� parallels� between� the� stages� of�

Design� Thinking� and� various� algorithms,� we�

establish� a� general� framework� that� clarifies� the�

roles� of� humans� and� AI� in� collaborative� design�

systems.� This� combination� strengthens� the�

iterative� nature� of� design,� providing� a� more�

structured� path� for� solving� complex� problems.

The� study� explores� the� synergy� between�

human� contextual� understanding� and� AI's�

computational� strengths.� Is� under� the� scope� of�

our� research� to� provide� practical� guidelines� for�

applying� this� framework� in� real-world� projects.�

These� include� selecting� appropriate� methods,�

balancing� human� and� AI� contributions,� and�

managing� the� complexity� of� large-scale� design.�

The� research� methodology� adopts� a�

comprehensive� approach,� beginning� with� the�

development� of� a� conceptual� model� that� outlines�

key� components� of� the� proposed� stochastic�

framework� and� details� how� these� elements�

integrate� with� the� Design� Thinking� process.�

Metrics� are� established� to� assess� the� framework's�

efectiveness� underdiferent� scenarios.� The�

applicability� of� the� framework� is� explored�

through� hypothetical� scenarios� of� design�

challenges.�

2.� Theoretical� Research�

2-1.� Design� as� a� Tool� for�Uncertainty

� Reduction

Design,� at� its� core,� is� a� process� aimed� at�

transforming� ambiguity� into� clarity.6)� Designers�

play� a� critical� role� in� navigating� this� uncertainty�

by� organizing,� synthesizing,� and� contextualizing�

diverse� information� into� coherent,� actionable�

solutions.7)� This� ability� to� reduce� uncertainty,�

through� methods� like� problem� framing,� iterative�

exploration� of� solutions,� and� continuous�

refinement,� is� not� just� a� byproduct� of� design;� it�

is� a� fundamental� attribute� of� the� discipline,�

making� it� particularly� valuable� in� addressing�

complex,� high-dimensional� challenges.

In� complex� problem� spaces,� such� as� those�

involving� social,� environmental,� or� technological�

factors,� uncertainty� arises� from� various� sources:�

ambiguous� user� needs,� evolving� constraints,� and�

unpredictable� interactions� among� system�

components.� For� example,� in� product� design,�

uncertainty� may� involve� unknown� user�

preferences,� technological� feasibility,� and� market�

dynamics.� 8)In� such� contexts,� traditional� analytical�

approaches� often� fall� short,� as� they� rely� on�

predefined� models� and� linear� processes� that�

cannot� adequately� capture� the� evolving� nature� of�

these� systems.

6) Cross, N., Designerly Ways of Knowing, Springer, 
2006. p.29.

7) Kolko, J., "Abductive Thinking and Sensemaking: 
The Drivers of Design Synthesis," Design Issues, 
2010, 26(1), 15-28.

8) Ulrich, K. T., & Eppinger, S. D., Product Design 
and Development, McGraw-Hill Education, 2016.
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Design,� however,� employs� a� different�

approach.� It� embraces� ambiguity� as� a� starting�

point,� using� it� as� a� space� for� exploration� and�

creativity.9)� Through� iterative� processes� of�

ideation,� prototyping,� and� testing,� designers�

gradually� impose� structure� on� this� ambiguous�

space,� reducing� uncertainty� by� refining� and�

narrowing� down� the� set� of� potential� solutions.�

10)For� example,� in� the� early� stages� of� a� project,�

designers� may� use� brainstorming� and� sketching�

to� explore� a� wide� range� of� possibilities,�

acknowledging� that� many� ideas� will� be�

discarded.� As� the� process� progresses,� feedback�

from� prototypes� and� user� testing� allows�

designers� to� eliminate� less� viable� options� and�

focus� on� those� that� best� meet� the� project’s�

objectives,� thereby� reducing� the� range� of�

uncertainty.

The� concept� of� entropy� in� information� theory�

offers� a� useful� analogy� for� understanding� how�

design� reduces� uncertainty.� Entropy� represents�

the� level� of� disorder� or� randomness� in� a� system;�

higher� entropy� indicates� greater� uncertainty� and�

lower� predictability.11)� In� design,� the� initial� state�

of� a� project� often� resembles� a� high-entropy�

system,� with� numerous� possible� directions� and�

unknowns.� The� design� process,� then,� can� be�

seen� as� a� method� of� entropy� reduction,� where�

each� iteration,� prototype,� and� decision�

incrementally� decreases� the� disorder,� leading� to� a�

more� organized� and� predictable� outcome� aligned�

with� our� objectives.� This� process� of� entropy�

reduction� is� evident� in� the� use� of� structured�

design� methodologies� such� as� the� Double�

9) Brown, T., Change by Design: How Design 
Thinking Transforms Organizations and Inspires 
Innovation, HarperBusiness, 2009. p.23.

10) Norman, D. A., & Verganti, R., "Incremental and 
Radical Innovation: Design Research vs. Technology 
and Meaning Change," Design Issues, 2014, 30(1), 
78-96.

11) Koomen, C. J., "The Entropy of Design: A Study 
on the Meaning of Creativity," IEEE Transactions 
on Systems, Man, and Cybernetics, 1985, 
SMC-15(1), 16-30.

Diamond� model,� which� systematically� guides�

designers� through� phases� of� divergent�

exploration� and� convergent� refinement.12)

Furthermore,� design� can� reduce� uncertainty�

not� only� in� the� solution� space� but� also� in� the�

problem� space.� Designers� frequently� redefine� the�

problem� itself,� reframing� it� in� ways� that� reveal�

new� insights� and� opportunities.� This� reframing� is�

crucial� in� complex� systems� where� the� initial�

problem� definition� is� often� unclear� or�

inadequate.� By� engaging� with� stakeholders,�

conducting� user� research,� and� iterating� on�

problem� statements,� designers� can� clarify� the�

underlying� issues,� making� the� problem� more�

tractable� and� reducing� uncertainty� before� any�

solution� is� proposed.

The� traditional� use� of� visual� thinking� tools,�

such� as� sketches,� diagrams,� and� prototypes,� is�

anothe�mechanism� through�which� design� reduces�

uncertainty.� These� tools� enable� designers� to�

externalize� abstract� ideas,� making� them� more�

concrete� and� accessible� for� critique� and�

discussion.� Visualizations� help� in� mapping�

complex� systems,� identifying� interdependencies,�

and� communicating� ideas� clearly� to� diverse�

stakeholders.� By� making� abstract� concepts�

tangible,� design's� visual� thinking� tools� facilitate� a�

shared� understanding� among� team�members� and�

stakeholders,� thereby� reducing� uncertainty� in�

collaborative� settings.

In� the� context� of� our� stochastic� framework,�

design� activity� is� defined� as� a� structured�

exploration� of� a� high-dimensional� solution� space,�

where� each� design� decision� reduces� uncertainty�

by� narrowing� down� the� set� of� viable� options.�

This� aligns� with� the� principles� of� stochastic�

optimization,� where� the� goal� is� to� progressively�

refine� the� search� space� to� converge� on� an�

optimal� solution.� Design� Thinking,� with� its�

iterative� and� human-centered� approach,� provides�

12) Design Council, "The Design Process: A Guide for 
the Design Process" [Website]. 2015. (2024.09.15.) 
www.designcouncil.org.uk/our-resources/the-double
-diamond/
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a� powerful� mechanism� for� managing� this�

refinement� process,� allowing� teams� to� navigate�

complex� problem� spaces� with� greater� confidence�

and� precision.

By� framing� design� as� a� tool� for� reducing�

uncertainty,� we� can� better� understand� its� impact�

and� develop� more� effective� strategies� for�

leveraging� its� strengths� in� high-dimensional,�

dynamic� problem� spaces.

2-2.� Stochastic�Algorithms� in� Design

Stochastic� algorithms,� rooted� in� probabilistic�

mathematics,� have� become� a� fundamental� tool�

for� navigating� complex,� high-dimensional�

problems� where� traditional� deterministic� methods�

are� inadequate.� While� these� algorithms� have�

been� widely� used� in� fields� such� as� optimization�

and� machine� learning,� their� principles� are�

inherently� present� in� many� traditional� design�

processes,� albeit� in� less� formalized� ways.� This�

section� explores� how� stochastic� methods� align�

with� and� enhance� established� design� practices,�

providing� a� structured� framework� for� exploring�

and� refining� design� solutions.

Traditional� design� processes� often� involve�

navigating� a� vast� space� of� potential� solutions,�

characterized� by� uncertainty� and� the� need� to�

balance� competing� objectives.� Design� Thinking�

methodologies,� for� example,� incorporate� iterative�

cycles� of� ideation,� prototyping,� and� testing,�

where� designers� explore� multiple� ideas� before�

narrowing� down� to� a� few� viable� options.� This�

iterative� exploration� is,� in� essence,� a� form� of�

stochastic� search,� where� each� new� design�

iteration� introduces� variations—similar� to� random�

samples� in� a� stochastic� algorithm.� The� use� of�

mood� boards,� sketches,� and� quick� prototypes� to�

visualize� and� test� ideas� mirrors� the� probabilistic�

exploration� of� solution� spaces� found� in� methods�

like� Monte� Carlo� simulations� or� genetic�

algorithms.

2-2-1.�Algorithmic� Characterization� of�Design

For� instance,� during� the� ideation� phase� of� the�

Double� Diamond� model,� designers� generate� a�

wide� range� of� possible� solutions� without�

immediately� judging� their� feasibility.� This�

open-ended� exploration� can� be� likened� to� the�

random� sampling� used� in� Monte� Carlo� methods,�

where� numerous� possibilities� are� considered� to�

ensure� a� comprehensive� search� of� the� problem�

space.� Designers� may� brainstorm� multiple�

configurations,� experiment� with� different�

materials,� or� test� various� user� interactions,�

gathering� qualitative� data� that� guides� further�

exploration.� In� traditional� practice,� this� process� is�

often� guided� by� intuition� and� experience,� but�

when� formalized� through� stochastic� methods,� it�

can� be� more� systematically� managed� to� ensure�

that� a� diverse� set� of� options� is� considered.

Similarly,� genetic� algorithms� reflect� the�

iterative� refinement� seen� in� traditional� design.13)�

In� design� processes,� particularly� in� fields� like�

product� design� or� architecture,� concepts� often�

evolve� through� multiple� iterations,� with� each�

version� incorporating� feedback� from� stakeholders,�

users,� or� technical� constraints.� This� mirrors� the�

evolutionary� cycle� of� selection,� crossover,� and�

mutation� in� genetic� algorithms,� where� design�

variants� are� evaluated,� combined,� and� adapted�

over� time.� For� example,� a� design� team� may�

begin� with� several� preliminary� designs,� each�

addressing� different� aspects� of� a� brief.� As� these�

designs� are� reviewed,� certain� elements� are�

selected� and� recombined� into� new� iterations,�

gradually� converging� on� a� solution� that� best�

meets� the� project's� goals.� While� this� is�

traditionally� guided� by� the� designer’s� judgment�

and� expertise,� incorporating� a� formalized�

stochastic� approach� can� optimize� this� process� by�

systematically� exploring� the� design� space� and�

avoiding� local� optima—suboptimal� solutions� that�

seem� ideal� within� a� limited� context� but� are�

outperformed� when� broader� possibilities� are�

considered.

13) Dorst, K., & Cross, N. "Creativity in the Design 
Process: Co-Evolution of Problem–Solution," 
Design Studies, vol. 22, no. 5, 2001, pp. 425-437.
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Moreover,� simulated� annealing,� another�

prominent� stochastic� method,� has� a� natural�

counterpart� in� the� design� refinement� process.�

During� later� stages� of� design,� when� key�

decisions� have� been� made,� designers� often� make�

small,� incremental� adjustments� to� fine-tune� the�

solution.� This� resembles� the� process� of� simulated�

annealing,� where� the� solution� space� is� explored�

with� decreasing� intensity� over� time,� allowing� the�

algorithm� to� settle� into� an� optimal� configuration.�

The� parallels� between� these� stochastic�

processes� and� traditional� design� practices�

highlight� the� inherent� stochastic� nature� of�

design.� Designers� often� rely� on� heuristic�

approaches—rules� of� thumb� and� educated�

guesses—that� serve� as� informal� probabilistic�

models.� For� instance,� when� choosing� color�

schemes,� a� designer� might� test� several�

combinations,� gauging� user� reactions� and�

iteratively� refining� the� palette.� This� process�

involves� exploring� the� "design� space"�

probabilistically,� much� like� how� a� Monte� Carlo�

algorithm� samples� a� probability� distribution� to�

approximate� an� optimal� solution.

2-2-2.� Formalization� of� the� Stochastic� Design�
Process

However,� while� these� informal� stochastic�

methods� have� served� designers� well,�

incorporating� formalized� stochastic� algorithms�

into� design� processes� offers� several� key�

advantages.14)� Firstly,� they� provide� a� more�

rigorous� framework� for� managing� complex,�

high-dimensional� design� spaces,� enabling�

designers� to� explore� a� broader� range� of�

possibilities� systematically.� This� more�

comprehensive� and� systemic� approach� is� valuable�

in� multidisciplinary� projects,� where� conflicting�

constraints� and� diverse� objectives� make� the�

design� space� difficult� to� navigate� intuitively.� By�

operating� under� a� broader� algorithmic� vision,�

designers� can� balance� these� competing� demands�

14) Woodbury, R. F., & Burrow, A. L., "Whither 
Design Space?" AI EDAM, 2006, 20(2), 63-82.

more� effectively,� ensuring� consideration� of� all�

relevant� factors.

Secondly,� stochastic� algorithms� can� enhance�

the� efficiency� of� the� design� process� by�

automating� certain� aspects� of� exploration� and�

refinement.� For� example,� Autodesk's� generative�

design� software� uses� genetic� algorithms� to�

explore� thousands� of� design� variations� based� on�

a� set� of� input� constraints,� such� as� material�

strength,� applied� forces,� and� behavior.� Designers�

can� then� evaluate� these� algorithmically� generated�

options� to� identify� the� most� promising�

candidates� for� further� development.� This�

approach� accelerates� the� early� stages� of� design�

and� enables� a� more� thorough� exploration� of� the�

design� space� than� through� manual� methods�

alone.

Lastly,� formalizing� the� stochastic� nature� of�

design� processes� can� improve� communication�

and� collaboration� within� design� teams.� By�

providing� a� common� framework� for�

understanding� and� discussing� design� decisions,�

this� model� helps� bridge� the� gap� between�

different� disciplines,� such� as� engineering,�

marketing,� and� user� experience.�When� evaluating�

design� alternatives,� stakeholders� can� use� unified�

probabilistic� metrics� to� make� more� informed�

decisions.� This� quantitative� approach�

complements� the� qualitative� insights� traditionally�

used� in� design,� fostering� a� more� balanced� and�

holistic� decision-making� process.

In� conclusion,� while� stochastic� algorithms� are�

often� seen� as� distinct� from� traditional� design�

methods,� they� actually� reflect� and� enhance� many�

of� the� intuitive,� iterative� processes� that� designers�

have� used� for� centuries.� By� formalizing� these�

processes� through� probabilistic� models,� stochastic�

algorithms� provide� a� powerful� tool� for� navigating�

the� complexities� of�modern� design� challenges.� As�

designers� increasingly� tackle� high-dimensional,�

interdisciplinary� problems—from� the� sustainability�

of� complex� systems� to� user-centric� digital�

interfaces—� this� unified� and� consistent� theater� of�

operations� can� play� an� essential� role� in�
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expanding� the� boundaries� of� what� is� possible� in�

design.

2-3.� Relation�with�Wicked� Problems�

Wicked� Problems,� a� concept� introduced� by�

Rittel� and� Webber� in� the� 1970s,� describe�

complex,� multifaceted� issues� that� resist� traditional�

problem-solving� methods.� These� problems� are�

characterized� by� their� high� dimensionality,�

emergent� properties,� and� the� lack� of� a� clear�

solution� or� end� state.� They� are� typically� found� in�

social,� environmental,� and� technological� contexts,�

such� as� governance,� public� health,� and� climate,�

where� each� attempted� solution� may� generate�

new� challenges,� leading� to� an� ever-evolving�

problem� landscape.� In� this� section,� we� explore�

how� Human-AI� co-design� methodologies� are�

uniquely� positioned� to� address� the� complexities�

inherent� in�Wicked� Problems.

Wicked� Problems� fundamentally� differ� from�

tame� or� well-structured� problems,� which� have�

clearly� defined� objectives,� constraints,� and�

solutions.� Instead,� Wicked� Problems� are�

open-ended,� with� no� definitive� formulation� or�

stopping� rule.� This� means� that� they� cannot� be�

conclusively� solved� but� can� only� be� managed� or�

improved� incrementally.� They� possess� several� key�

characteristics� that� make� them� particularly�

challenging.� These� problems� are� defined� by� a�

network� of� interdependent� factors� that� influence�

one� another� in� unpredictable� ways.� Changes� in�

one� area� of� the� problem� space� can� ripple�

through� the� system,� causing� unintended�

consequences� elsewhere.�

Furthermore,� Wicked� Problems� do� not� have� a�

clear� endpoint,�making� any� intervention� at� best� a�

temporary� fix� that� requires� ongoing� monitoring�

and� adaptation.� This� is� evident� in� issues� like�

poverty� or� climate� change,� where� progress� is�

incremental� and� often� reversible.� Typically,� they�

also� involve� numerous� stakeholders� with�

conflicting� values,� goals,� and� perceptions� of� the�

problem.� This� plurality� of� perspectives� complicates�

the� decision-making� process,� as� each� stakeholder�

may� define� the� problem� differently� and� advocate�

for� divergent� solutions.

Another� defining� feature� of� Wicked� Problems�

is� their� emergent� properties,� where� the� behavior�

of� the� system� as� a� whole� cannot� be� predicted�

from� the� behavior� of� its� individual� components.�

This� makes� traditional� linear� and� reductionist�

approaches� inadequate,� as� they� fail� to� capture�

the� non-linear� interactions� and� feedback� loops�

that� drive� system� behavior.� Such� emergent�

properties� lead� to� unpredictable� behaviors� and�

complex� dynamics� that� are� difficult� to� manage�

with� conventional�methodologies.

Stochastic� algorithms,� with� their� inherent�

flexibility� and� probabilistic� nature,� are� particularly�

suited� for� navigating� the� uncertain� and� dynamic�

landscapes� of� Wicked� Problems.� Unlike�

deterministic� algorithms,� which� require� a� clearly�

defined� problem� space� and� predictable� outcomes,�

stochastic� methods� thrive� in� environments�

characterized� by� uncertainty� and� complexity.� They�

can� explore� a� broad� range� of� potential� solutions,�

assess� their� impacts� probabilistically,� and� adapt�

to� new� information� as� it� becomes� available.

3.� The� Stochastic� Design� Framework�

3-1.� Design� as�multidimensional� optimization

Design� can� be� interpreted� as� a� process� of�

optimization� within� a� high-dimensional� space.15)�

The� design� that� maximizes� performance� across�

the� most� relevant� dimensions� is� what� we� call�

"Good�Design."

Examining� Dieter� Rams'� "10� Principles� of�

Good� Design,"16)� it� becomes� evident� that� he�

suggests� the� best� possible� design� is� one� that�

excels� across� all� ten� of� these� aspects.� Rams�

identified� the� dimensions� he� considered� most�

15) Simon, H. A., The Sciences of the Artificial, MIT 
Press, 1996.

16) Rams, D., "Ten Principles of Good Design," Vitsoe, 
1976.
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relevant� when� creating� a� product:� 'innovative,'�

'useful,'� 'aesthetic,'� 'understandable,'�

'unobtrusive,'� 'honest,'� 'long-lasting,'� 'thorough�

down� to� the� last� detail,'� 'environmentally�

friendly,'� and� 'as� little� design� as� possible.'

To�measure� each� of� Dieter� Rams'� 10� principles�

effectively,� relevant� metrics� and� methods� can� be�

assigned� to� each.� These� metrics� should� be�

quantifiable� and� based� on� data� collected� from�

user� feedback,� expert� evaluations,� or� empirical�

testing.� Mathematically,� this� can� be� expressed� as�

a�multi-objective� function:

� � � � �       �
where� each� � corresponds� to� a� function� that�
measures� one� of� these� considerations� (usefulness,�

aesthetics,� understandability,� etc.)� for� a� given�

design� state�  .
However,� design� is� far� more� complex� than�

this� suggests.� The� number� of� dimensions�

associated� with� complex� systems� in� design� is�

extremely� high,� encompassing� aspects� like�

symbolic� value,� comparative� performance,�

contextual� significance,� and� more.� Interpreting�

and� harmonizing� these� numerous� dimensions�

often� surpasses� the� capabilities� of� human� design�

teams� alone.� Yet,� thanks� to� the� computing�

power� of� AI� and� machine� learning� techniques,�

we� can� approach� high-dimensional� optimal�

solutions� more� closely.� These� technologies� allow�

us� to� navigate� and� evaluate� vast� design� spaces,�

enabling� a� comprehensive� approach� to�

multi-dimensional� optimization� that� would�

otherwise� be� imposible.

3-2.� Design� as� a� Stochastic� Algorithm

A� stochastic� algorithm� is� a� method� that�

explores� a� solution� space�  � by� making� random�
choices.� At� each� step�  � the� algorithm� samples� a�
state� ∈ � according� to� a� probability�

distribution�   ,� which� depends� on� the�
previous� state�  ​.� The� goal� is� to� find� an�
optimal� solution� ∈ � that� maximizes� or�

minimizes� an� objective� function� ,� where� the�
algorithm� iteratively� updates� � based� on�
probabilistic� evaluations� of� .
In� the� design� process,�  � represent� the� space�

of� all� possible� designs,� with� each� design� ∈ �
evaluated� by� a� fitness� function� ,� which�
reflects� its� desirability� based� on� criteria� such� as�

aesthetics,� functionality,� cost,� etc.� The� process� of�

design� can� be� modeled� as� iteratively� exploring� ,� where� at� each� step� a� new� design� � is�
generated� based� on� the� current� design�  and�
feedback� (which� may� be� probabilistic).� The�

designer's� exploration� mirrors� a� stochastic�

process,� where� the� search� for� the� best� design� � is� driven� by� a� combination� of� deterministic�
choices� and� randomness.

The� evolution� of� the� design� process� can� be�

expressed� as:

� � � � � � � � � � � � � �     
where� � is� a� random� variable� representing� the�
exploratory� changes� in� the� design� at� each�

iteration.� The� final� goal� is� to� converge� toward� a�

design�  � that� satisfies� the� designer’s� objectives,�
akin� to� the� convergence� of� a� stochastic�

algorithm� toward� an� optimal� solution.

3-3.� Application� in� Design� Thinking

Design� thinking� traditionally� involves� a�

sequence� of� phases—Empathize,� Define,� Ideate,�

Prototype,� and� Test.� Each� phase� can� be�

interpreted� through� the� framework� of� stochastic�

processes,� where� the� design� space�  � (set� of� all�
possible� design� solutions)� is� considered� a�

high-dimensional� set� of� potential� solutions.� Every�

possible� design� configuration,� represented� by� a�

state� ∈ � (state�  � contained� in� the� space�  ),�
is� evaluated� according� to� multiple� objective�

criteria,� such� as� functionality,� aesthetics,� costs,�

etc.� The� Design� Thinking� methodology� can� this�

way� be� modeled� as� a� stochastic� search� where�

the� evolution� from� one� state�  � to� another� is�



57

influenced� by� both� deterministic� and� probabilistic�

factors.

3-3-1.� Empathize� Stage

In� the� initial� phase� of� Empathize,� the� design�

process� can� be� compared� to� a� stochastic�

sampling� of� the� problem� space.� Designers� gather�

diverse� qualitative� and� quantitative� data,�

analogous� to� drawing� samples� from� a� complex�

distribution� to� approximate� the� underlying�

structure� of� the� design� problem.� This� phase� is�

crucial� for� constructing� an� informed� model� of�

user� needs� and� contextual� factors,� which� later�

serves� as� the� basis� for� defining� the� objective�

function� � (function�  � that� maps� each�
design� state�  � to� a� performance� value� based� on�
various� criteria).� The� objective� function:

� � � �       
encapsulates� various� design� criteria,� where� each�� (individual� criterion� function� � for� state�)� represents� a� different� dimension� of�

evaluation,� such� as� usability� perfomance,�

aesthetics� puntuation� or� engagement� time.

3-3-2.�Define� Stage

The� Define� phase� is� then� framed� as� the�

formal� articulation� of� this� objective� function,�

setting� clear� boundaries� for� the� subsequent�

exploration� of� the� solution� space.� The� definition�

of� � establishes� the� design� constraints� and�
performance� metrics� that� the� stochastic� process�

aims� to� optimize.� This� phase� also� involves� setting�

the� initial� parameters� for� the� stochastic�

algorithm,� such� as� the� probability� distribution�

over� the� design� space� and� the� initial� state�  �
(starting� point� ​ in� the� design� space� ),� which�
represents� a� preliminary� design� concept� based� on�

insights� from� the� Empathize� phase.

3-3-3.� Ideate� Stage

During� the� Ideate� phase,� designers� generate� a�

wide� range� of� potential� solutions,� exploring� the�

design� space� extensively.� This� exploration� is�

analogous� to� stochastic� sampling� methods,� such�

as� the� Monte� Carlo� approach,� where� multiple�

random� configurations�  (a� set� of�  �
different� design� states)� are� generated� and�

evaluated� according� to� the� objective� function�.�

[Fig.� 1]� Stochastic� Sampling� Representation� in� the�

Ideate� Phase� and� Convergence� to�Objective� Functions�

The� variance� in� these� configurations� reflects�

the� level� of� creativity� and� divergence� in� the�

ideation� process.� A� high� variance� indicates� a�

broad� exploration� of� the� design� space,� essential�

for� discovering� innovative� solutions.� The� use� of�

genetic� algorithms� in� this� phase� can� be�

particularly� effective,� where� selection,� crossover,�

and� mutation� operations� evolve� the� population�

of� design� solutions� toward� regions� of� higher�

fitness,� guided� by� .� In� the� upper� image,�
the� purple�  � states� represent� the� top-performing�
design� variations� selected� from� the� ideation� stage�

for� further� development� in� the� prototyping�

phase.

3-3-4.� Prototype� Stage

In� the� Prototype� Stage,� the� design� process�

transitions� from� broad� exploration� to� focused�
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refinement,� this� can� be� represented� using�

simulated� annealing,� a� probabilistic� technique�

for� approximating� the� global� optimum� of� a�

given� function.�

The� process� begins� with� an� initial� design� ​,�
chosen� from� the� Ideation� phase,� which� serves�

as� the� starting� point� in� the� design� space�  .� At�
each� step,� small� random� changes� are� made� to�

the� design,� represented� as�     ,�
where� � is� a� small� random� adjustment� to� the�
current� design� .� After� each� adjustment,� the�
objective� function� evaluates� whether� the�
new� design� state�   � is� better� or� worse� than�
the� previous� state� ,� with� the� change� in�
performance� given� by�      .�
If� the� new� design� improves� the� objective�

function�  ≻ ,� the� new� state� is�
accepted.�

However,� if� ≤ ,� meaning� the� new�
design� performs� worse,� the� algorithm� can� still�

accept� it� with� a� probability:

� � � � � � � →    exp �
where�  � is� the� temperature� parameter.� It�
controls� the� algorithm’s� flexibility� to� accept�

worse� solutions� initially,� promoting� exploration,�

and� gradually� decreases� to� focus� on� refining�

and� optimizing� the� best� solutions.� So� the�

probability� of� accepting� subpar� results�

decreases� as� the� value� of�  � decreases,�
allowing� for� greater� exploration� early� in� the�

process� and� more� selective� refinement� later� on.�

The� temperature�  � starts� high� to� permit�
flexibility� and� decreases� over� time� according� to�

an� induced� cooling� schedule,� such� as�   × 
,� where�  � is� the� initial�

temperature� and�  � is� the� cooling� rate.�
As� the� temperature� decreases,� the� process�

shifts� from� exploration� to� focused� optimization,�

primarily� accepting� changes� that� improve� the�

design.� This� cycle� of� making� smallad� justments,�

evaluating� them,� and� adjusting� based� on� the�

temperature� continues� iteratively� until� the�

design� reaches� a� stable,� optimized� state� where�

further� changes� offer� little� improvement.� This�

structured� approach� ensures� the� Prototype�

Stage� balances� creativity� and� refinement,�

guiding� the� design� toward� an� optimal� solution�

without� getting� trapped� in� suboptimal� states�

too� early.

3-3-5.� Test� Stage

In� the� Test� phase,� the� design� reaches� a�

convergence� point� where� further� iterations� yield�

diminishing� returns.� Convergence� is� confirmed�

when� the� expected� change� in� the� objective�

function,�    � (expected� value� of� the�
change�),� approaches� zero.� At� this� stage,� the�
design� undergoes� rigorous� validation� against� user�

feedback� and� performance� metrics.� If�

discrepancies� are� found,� the� process� iterates� back�

to� the� Prototype� phase,� adjusting� the� design�

based� on� the� new� insights� obtained.

Managing� uncertainty� is� a� critical� aspect� of�

applying� stochastic� algorithms� to� design� thinking.�

The� degree� of� uncertainty� in� the� design� space�

can� be� quantified� using� entropy.� �
represents� the� entropy� of� the� design� space�  .�
Mathematically,� entropy� � for� a� probability�
distribution� � (the� probability� of� being� in� a�
specific� state� )� over� a� state� ∈ is� given� by:�
� � � � � � � ∈log
(measure� of� uncertainty� in� the� probability�

distribution�  � over� the� design� space�  ),� where�� represents� the� probability� distribution� over�
design� states.� High� entropy� corresponds� to� high�

uncertainty� and� indicates� the� need� for� further�

exploration.� As� the� design� process� progresses�

and� the� solution� set� becomes� more� refined,�

entropy� decreases,� signaling� convergence.�

Designers� to� dynamically� control� the�

exploration-exploitation� trade-off,� adapting� the�

process� to� the� evolving� understanding� of� the�
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problem� space.

3-4.� Conceptual� Demonstration

To� exemplify� this,� let� us� apply� this� framework�

to� the� design� process� of� a� mobile� app� interface�

for� an� e-commerce� platform.� We� aim� to�

optimize� the� user� experience� (UX)� by� balancing�

aesthetics,� functionality,� and� user� engagement.

The� design� process� can� be� framed� as� a�

stochastic� algorithm,� where� the� state� space�  �
represents� all� possible� design� configurations� for�

an� app� interface.� Each� state� ∈ � (each� design�
configuration� contained� in� the� problem� space)� is�

a� unique� design,� encompassing� elements� like�

layout,� color� schemes,� button� placements,� and�

navigation� flow.� The� initial� state� might� be� a�

basic� wireframe� with� placeholders� for� core�

features� such� as� a� search� bar,� product� display,�

and� shopping� cart.� The� objective� is� to� optimize� a�

multi-objective� function�     ,� where� in� this�
case:

l �  � measures� aesthetic� appeal� (e.g.,�
Likert� scale� survey).�

l  � measures� usability� (e.g.,� task�

completion� time,� error� rate).�

l  � measures� user� engagement� (e.g.,� time�
spent,� number� of� interactions).

� In� the� ideation� phase,� designers� explore� the�

design� space� by� generating� various� ideas,� akin� to�

random� sampling� in� a� stochastic� algorithm.� Using�

a� Monte� Carlo� approach,�  � random� variations�
of� the� initial� layout� are� created,� each� varying� in�

button� placement,� color� schemes,� and� navigation.�

Each� variation� � is� evaluated� against� the�
multi-objective� function� .
During� the� prototyping� phase,� a� new� state� ′

(previously� seen� as�   )� is� reached� by� making�
small� changes� such� as� adjusting� colors� or� fonts,�

similar� to� mutations� in� a� genetic� algorithm.� The�

acceptance� of� each� new� state� is� determined� by�

the� change� in� the� multi-objective� function�  ′  ,� (previously� noted� as�     )� using� a� simulated�
annealing� acceptance� probability​.� In� the�

prototyping� cycle,� low-fidelity� prototypes� of� the�

top�  � designs� from� the� ideation� phase� are�
created� and� tested� with� users.� Based� on� usability�

and� engagement� data,� the� designs� are� refined�

iteratively,� adjusting� the� designs� based� on�

feedback� data� to� progressively� converge� toward�

an� optimal� solution�  .
3-5.� Application� in� a� Collaborative� Approach

The� integration� of� stochastic� algorithms� in� a�

collaborative� design� environment� offers� a� unique�

framework� to� leverage� diverse� expertise,� enhance�

creativity,� and� systematically� explore� complex�

design� spaces.� By� modeling� the� collaborative�

process� as� a� stochastic� search,� it� becomes�

possible� to� effectively� manage� the� contributions�

of� multiple� stakeholders,� each� bringing� unique�

perspectives� and� constraints� to� the� design�

problem.� This� approach� not� only� facilitates� more�

comprehensive� exploration� of� the� solution� space�

but� also� helps� navigate� the� inherent� complexities�

of� collaborative� decision-making.

In� a� collaborative� setting,� the� design� space�  �
can� be� conceptualized� as� a� multi-dimensional�

landscape,� where� each� dimension� represents� a�

particular� variable� or� constraint� introduced� by�

different� members� of� the� design� team.� For�

instance,� a� UX� designer� might� focus� on�

dimensions� such� as� user� satisfaction� and�

engagement,� while� an� engineer� might� emphasize�

technical� feasibility� and� performance.� Each�

participant� thus� adds� new� dimensions� to� the�

design� space,� expanding� the� set�  � to�
 ′    

 ,� where� � represents� the�
dimensions� introduced� by� the�  -th� team�
member.� This� expanded� solution� space�  ′ �
allows� for� a� more� diverse� set� of� potential�

solutions,� reducing� the� risk� of� missing� critical�
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design� considerations.

The� stochastic� approach� enables� efficient�

exploration� of� this� expanded� solution� space�

through� random� sampling� and� iterative�

refinement.� In� the� initial� stages� of� collaboration,�

each� team� member� may� generate� a� set� of�

potential� design� solutions�  ,�
reflecting� their� own� domain� expertise� and�

priorities.�

During� the� early� stages,� when� exploration� is�

prioritized,� the� team� is� encouraged� to� consider� a�

wide� range� of� solutions,� maximizing� the� variance�

or� entropy� of� the� design� space.� This� is� achieved�

by� allowing� each� team�member� to� independently�

explore� their� respective� dimensions,� analogous� to�

parallel� search� processes� in� stochastic�

optimization.� As� the� process� advances,� the� focus�

shifts� towards� exploitation,� where� the� team�

collectively� refines� the� most� promising� solutions,�

minimizing� the� variance� within� a� local�

neighborhood� of� the� solution� space.

4.� Conclusions

The� stochastic� design� framework� we� have�

developed� effectively� bridges� the� gap� between�

traditional� and� AI-enhanced� methodologies,�

combining� the� intuitive,� human-centered� nature�

of� Design� Thinking� with� the� computational�

power� and� precision� of� AI.� This� approach� allows�

us� to� systematically� explore� complex� solution�

spaces,� balance� diverse� objectives,� and� adapt�

dynamically� to� changing� requirements� in� ways�

that� traditional� Design� Thinking� cannot.�

Traditional� methodologies� rely� heavily� on� human�

intuition� and� iterative� prototyping,� which� can�

limit� the� exploration� of� solution� spaces� due� to�

cognitive� biases� and� constraints� of� time� and�

resources.� In� contrast,� the� stochastic� framework�

incorporates� algorithms� such� as� Monte� Carlo�

simulations� and� genetic� algorithms� to�

comprehensively� explore� high-dimensional� spaces,�

enabling� the� generation� and� evaluation� of�

thousands� of� potential� solutions� and� revealing�

patterns� that� might� not� be� immediately� apparent�

through� human� exploration� alone.� Additionally,�

while� traditional� Design� Thinking� often� involves�

subjective� prioritization� and� manual� trade-offs�

between� conflicting� design� criteria,� the� stochastic�

approach� uses� multi-objective� optimization�

techniques� to� quantitatively� balance� these�

objectives.� The� stochastic� framework's� adaptive�

algorithms,� such� as� simulated� annealing� and�

reinforcement� learning,� allow� it� to� dynamically�

adjust� to� new� information� or� changing�

requirements� without� the� need� for� a� complete�

reset,� making� the� design� process� more� efficient�

and� responsive.� By� integrating� these� capabilities,�

the� stochastic� design� framework� transforms� the�

design� process� into� a� more� flexible,� adaptable,�

and� effective� tool� for� navigating� complex�

challenges,� harnessing� the� strengths� of� both�

human� creativity� and� computational� capabilities�

to� deliver� innovative� and� optimized� solutions.
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