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Abstract

Early-stage architectural design distributes decisions across parties who control different
variables but share the same performance consequences. Envelope geometry is settled
largely on the architectural side, while glazing specification and system efficiency are
settled largely on the engineering side, and the two sets of decisions determine thermal
comfort, daylight, energy use, and cost jointly. Multi-objective optimization identifies
which design states are attainable under a coordinated formulation, and multi-criteria
methods rank alternatives under stated preferences, but neither represents what happens
when coupled variables are held under separate utility functions. The objective of this
paper is to test, as a proof of concept, whether modeling that division as a two-player non-
cooperative game yields information that Pareto analysis of the same problem does not.
A worked 3 x 3 game, built on constructed values consistent with documented physical
relationships for a single-zone office, yields a unique pure strategy Nash equilibrium in
which neither player holds a dominant strategy. All nine design states are Pareto-efficient
in the four-objective performance space, but once the four indicators are aggregated into
the two player utilities, the equilibrium is strictly Pareto-dominated in the two-player
utility space: a different design state raises the first player’s utility by 15.6 percent and
the second player’s utility by 22.0 percent simultaneously, a loss of 15.6 percent in the
summed normalized utility of the two players relative to the best available joint state.
This figure is a model-specific utility measure, not a share of energy, comfort, daylight,
or cost performance. A sensitivity analysis across 169 weighting combinations shows the
equilibrium migrating across eight distinct design states and falling outside the utility
Pareto set in 54 of the 188 resulting equilibrium instances (29 percent), a descriptive
frequency rather than a probability; 52 of the 169 combinations admit at least one such
equilibrium. When the performance values and the preference weights are both perturbed
at random, at least one inefficient equilibrium appears in 20 to 30 percent of draws, and a
sequential Stackelberg version of the game reaches an inefficient state whichever player
moves first. The results show that, within the specified utility representation, the stable state
implied by decentralized decision-making can be inefficient and that, within a given model,
the size of that gap can be estimated before the design is fixed. They do not show how large
the gap is in real projects. The numerical demonstration uses constructed performance
measures rather than simulation output and establishes the analytical behavior of the
framework rather than the performance of any building. Applying the framework to
simulated and, where possible, calibrated models is left to future work, and the framework
is intended to inform design judgment, not to replace it.
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1. Introduction

Architectural design is a complex and decision-intensive process that involves multiple
goals, interests, and sometimes conflicting priorities. Early-stage design decisions are
essential, as they often influence running costs, functionality, aesthetics, and overall design
performance. This is why simulation-supported decision methods have been pushed
progressively earlier in the design timeline [1,2]. Napps et al. [3] describe the early phases
as a pivotal juncture in the conception of a project, with choices made in this period
wielding substantial influence over subsequent construction and operation, and the delivery
arrangements governing how those decisions are taken have themselves become an object
of study [4].

Computational support for these decisions rests on two families of methods. Multi-
objective optimization searches a design space and returns a Pareto front of non-dominated
solutions [5-7], and surrogate-assisted approaches have made that search tractable for real-
istic building models [8]. Multi-criteria decision-making aggregates competing objectives
into a ranking through explicit preference weights [9,10], with the acknowledged difficulty
that the resulting ranking changes with the weights [11]. Both families treat the design
problem as a single optimization owned by one decision maker. Both are well established,
and neither is in question here.

What neither represents is the structure of the decision itself. In practice, the variables
that determine building performance are not held by one party. Li et al. [12] observe that
under conventional design practice the cooperative operation between architects, structural
engineers, and equipment engineers does not run smoothly, and that the professional
division of labor leaves each designer responsible only for problems within their own
discipline. Flager et al. [13] describe the same fragmentation from the tooling side, noting
the long-standing inability of discipline-specific tools to share data effectively. Han et al. [14]
add that professional barriers make direct algorithmic optimization difficult for designers
to operate, so that architects seek assistance in making decisions rather than a computed
final answer.

The two sets of decisions are nonetheless physically coupled. A glazing specification
changes the comfort consequence of a window-to-wall ratio, and a window-to-wall ratio
changes the energy return on a system upgrade. Each party optimizes what it controls
against what it is measured on, and the resulting building is the joint product. A Pareto front
computed over the union of all variables describes what a single coordinated decision maker
could achieve. It does not describe the state implied by two parties optimizing separately.

That gap is what non-cooperative game theory addresses, and this paper asks a
narrow, testable question: does equilibrium analysis of an architectural design problem
produce information that Pareto analysis of the same problem does not? If the equilibrium
necessarily coincides with the Pareto-efficient set of the same utility representation, the
game-theoretic formulation adds little decision information and amounts to a relabeling. If
the two diverge, the difference identifies a model-implied loss in utility that is associated
with the represented division of decision authority and cannot be traced to any physical or
budgetary constraint within the modeled feasible set. The objective of the paper is therefore
methodological. It sets out the game formulation, applies it to a deliberately simple and
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transparent example, and checks how far the result survives changes in its inputs. It does
not attempt to measure the size of the coordination gap in real projects.

The paper makes four contributions. First, it formulates distributed early-stage ar-
chitectural decisions as a two-player non-cooperative game in which the assignment of
variables to players follows a common, though simplified, division between architectural
and engineering decision domains. Second, it compares the resulting Nash equilibrium
explicitly against both the four-objective Pareto set and the two-player utility Pareto set
and quantifies the resulting loss in normalized utility. Third, it tests how equilibrium
location and efficiency change with the preference weights and with random perturbations
of the performance values. Fourth, it compares the simultaneous game with sequential
Stackelberg variants in which either player moves first.

Section 2 reviews multi-objective optimization, multi-criteria methods, integrated
design, and game-theoretic work in the building domain and locates the gap. Section 3 sets
out the game formulation, the performance measures, the normalization procedure, and the
analysis methods. Section 4 reports the payoff matrix, the equilibrium, the comparison with
the four-objective and utility Pareto sets, the weight sensitivity, the Monte Carlo analysis,
and the Stackelberg variants. Section 5 discusses what follows for design practice, including
the place of the designer’s judgment. Section 6 states the limits of the demonstration, and
Section 7 concludes.

2. Related Work

This section reviews four bodies of work that intersect with the problem addressed
here: multi-objective optimization of building performance, multi-criteria decision-making
and the treatment of preference weights, integrated design and the distribution of decision
authority across a project team, and game-theoretic approaches in construction and engi-
neering design. The literature corpus assembled for this review, comprising the records
screened and the basis on which each was retained, is openly deposited [15].

2.1. Multi-Objective Optimization in Building Design

Simulation-based optimization of building design is a mature field. Evins [5] surveyed
74 studies applying computational optimization to envelope design, system configuration,
and renewable generation, while Machairas et al. [6] and Nguyen et al. [7] reviewed the
algorithms and the coupling between the optimizer and simulation engine. Evolutionary
methods, and NSGA-II in particular, dominate because the design problem is discrete,
non-convex, and expensive to evaluate. Magnier and Haghighat [16] combined TRNSYS
simulation with a genetic algorithm and a neural network surrogate to trade thermal
comfort against energy use, and Basbagill et al. [17] applied multi-objective feedback to
sequential conceptual design decisions.

The approach remains active and has grown more capable. Wu et al. [18] coupled a
Bayesian-optimized gradient boosting surrogate with NSGA-II to generate a Pareto set
over energy use, daylight, and thermal comfort for a residential case, and Li et al. [19]
developed an early-stage framework optimizing energy, daylight, view quality, and thermal
comfort across five Chinese climates. Cruz et al. [8] reviewed surrogate-assisted multi-
objective building optimization systematically and drew a distinction that matters here.
The weighted-sum approach aggregates normalized objectives into a single function and
loses information about how the sub-objectives interfere, whereas the Pareto approach
returns a range of non-dominated solutions and leaves the choice among them open. They
also report that more than half of the studies surveyed stopped at the Pareto front, with
fewer than half adopting any explicit process for selecting a preferred solution from it.
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The Pareto front is the correct object when a single decision maker holds every variable
and is free to select any point on it. Two lines of work qualify that assumption. Zhou
et al. [20] point to a structural feature of the process itself: in a real design process, the
variables are chosen sequentially, with those already fixed separated from those to be
determined at later stages, so that a formulation treating all variables as simultaneously
available misrepresents how the decision unfolds. Attia et al. [21] documented the obstacles
to adoption in practice, including model uncertainty, computation time, and the learning
curve. Jstergérd et al. [2] noted a further complication, namely that building design is
a collaborative activity influenced by architects, engineers, contractors, and owners. The
optimization literature registers this as a barrier to adoption. It does not model it.

2.2. Multi-Criteria Decision-Making and the Weighting Problem

Where objectives must be reduced to a single ranking, multi-criteria methods assign
explicit weights and utilizes aggregation. [9]. Villalba et al. [22] reviewed 91 building-
related applications and found the analytic hierarchy process, simple additive weighting,
and TOPSIS to be the prevalent instruments across assessment, selection, and retrofit.
Grierson [10] combined optimization with multi-criteria ranking and treated the weight
vector as the point at which stakeholder priorities enter the calculation.

The standing objection is that a result that moves with the weights carries limited
authority unless the movement itself is reported, and the building literature now documents
that movement directly. Rachman et al. [11] compared five multi-criteria methods for
passive design selection and tested rank stability under systematic variation of the criterion
weights, finding the analytic hierarchy process comparatively robust to weight variability
and VIKOR the most sensitive. Theilig et al. [23] reached a compatible conclusion for the
renovation of exterior wall structures, reporting that utility analysis and TOPSIS are more
sensitive to emphasized criteria weighting than the alternatives tested. Han et al. [14]
approach the same problem from the designer’s side, proposing an interactive method
through which architects modify a scheme according to their own preferences rather than
accepting an algorithmically determined result.

This paper adopts the discipline that follows from these findings. Section 4.5 treats
weight sensitivity as a result to be reported rather than a caveat to be acknowledged,
because if published comparisons of established methods find their rankings to be weight-
dependent, a new framework has no basis for presenting a single weighting as authoritative.

2.3. Integrated Design and Distributed Decision Authority

The framework proposed here assigns design variables to two players. That partition
is a simplification, but it is grounded in an established observation about how building
design work is organized, and the integrated design literature documents both the division
of responsibility and its consequences for performance.

Napps et al. [3] characterize the early design phase as requiring the collaborative
integration of architecture, structural engineering, energy analysis, and cost planning, and
evaluate design variants across spatial, structural, and environmental criteria precisely
because no single discipline holds all of the relevant information. Li et al. [12] address what
follows when that integration is absent. Reviewing integrated design for climate-responsive
buildings, they observe that the cooperative operation between architects, structural en-
gineers, and equipment engineers does not run smoothly under conventional practice,
with consequences for whole-building performance. Their analysis of the constraints on
integrated design identifies the clear professional division of labor as a primary obstacle,
noting that each designer is responsible only for problems within their own discipline and
that, in the absence of conflict, there is limited information exchange between professions.
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The consequences are documented rather than hypothetical. Flager et al. [13] report
survey evidence that architects and engineers take more than a month to complete a single
design cycle and average fewer than three cycles during conceptual design, with most
engineers using simulation to validate a chosen alternative rather than to explore several.
Attia et al. [24] find that these barriers persist, reporting that architects and engineers
seeking design decision aid experience decisional conflict, and that cognitive, technological,
and social factors continue to limit the uptake of simulation-based support in practice.
They formalize multidisciplinary design optimization as an attempt to structure problem
decomposition and coordination among groups working on a complex engineering system,
which requires identifying the actors responsible for each step and the information passed
between them. Mollaoglu-Korkmaz et al. [4] provide empirical support from twelve case
studies, linking project delivery method to the level of team integration achieved and, in
turn, to sustainability outcomes.

This is the situation the present study formalizes. Envelope geometry is settled largely
on the architectural side, while specification and system efficiency are settled largely
on the engineering side, and each side is accountable for a different set of performance
measures. The physical consequences do not follow that division. What the integrated
design literature describes as a coordination problem corresponds, in game-theoretic terms,
to coupled decisions held under separate utility functions. Section 3 states that structure
formally, while noting in Section 3.1 that the resulting players remain analytical constructs
rather than models of individual behavior.

2.4. Game-Theoretic Approaches in Construction and Building Design

Game theory has an established presence in construction engineering and management.
Eissa et al. [25] mapped the field and found applications concentrated in bidding, contract
selection, risk allocation, and dispute resolution, that is, in situations where the players are
contracting parties with divergent financial interests. Yoon and Pishdad-Bozorgi [26] used
a game-theoretic framework to analyze tacit knowledge sharing and procurement choice in
mega projects.

A second strand addresses stakeholder behavior in building energy markets. Zheng
et al. [27] constructed a tripartite evolutionary game among governments, energy service
companies, and clients to examine energy performance contracting in public buildings, and
identified clients” overestimation of potential loss as the critical barrier to adoption. Gao
et al. [28] combined prospect theory with evolutionary game theory for green renovation
of existing residential buildings and reported that the evolutionary outcomes are highly
sensitive to the prospect theory parameters, with high loss aversion driving the system to-
ward a suboptimal equilibrium. Their finding that equilibrium location depends materially
on preference parameters is directly relevant to Section 4.5 of this paper, although their
players are market actors rather than design disciplines.

A third strand operates on the building itself rather than on the market around it.
Tang and Wang [29] modeled demand-side flexibility engagement as a Stackelberg game
between an aggregator and building users, with transactional service prices and flexibility
capacities determined at Nash equilibrium and users’ dissatisfaction costs quantified
through comfort indicators. This is the closest existing formulation to the present one, in
that it couples comfort against economics across parties with distinct objectives inside a
building performance problem. It differs in that it concerns operational engagement in a
completed building rather than design decisions, and in that its players are an aggregator
and its customers rather than design disciplines.

A fourth strand applies equilibrium concepts to engineering design rather than to
contracting or operation. Marousi and Charitopoulos [30] surveyed this territory for pro-
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cess and energy systems engineering, observing that the field has traditionally emphasized
centralized decision-making schemes while decentralized schemes have attracted increas-
ing attention for their ability to capture multi-stakeholder dynamics more accurately, and
reviewing the Nash, Stackelberg, cooperative, and bilevel formulations through which that
shift has been implemented. Within engineering design specifically, Tang et al. [31] formu-
lated multi-criterion aerodynamic shape design as a Nash game between design variable
subsets, demonstrating that splitting variables between players and solving for equilibrium
gives a tractable route through a high-dimensional coupled problem, and Martinez-Mufioz
et al. [32] applied game-theoretic multi-objective optimization to environmental and social
life cycle assessment of composite bridges.

2.5. Research Gap and Positioning

These four studies answer four different questions. Optimization asks which de-
sign states are attainable [5-8,16-20]. Multi-criteria analysis asks which alternatives are
preferred under stated preferences, and how far that ranking survives changes in those
preferences [9-11,22,23]. Integrated design research asks how decision authority is dis-
tributed across a project team and what the distribution costs [3,4,12-14]. Game theory
asks which states are stable when coupled decisions are held under separate utility func-
tions [25-32].

Game theory is therefore already established in the building domain, in three areas
distinct from the present one. One body of work models stakeholder behavior in energy
retrofit and renovation markets, where the players are governments, energy service compa-
nies, and clients, and the object of analysis is contract adoption [27,28]. A second models
operational interaction between building users and aggregators, trading comfort against
cost at runtime in a completed building [29]. A third, in process and engineering design,
treats variable partitions as players in order to make coupled optimization tractable [30-32].
Across this literature, we did not identify work that partitions coupled early-stage architec-
tural and engineering design variables according to professional decision authority and
then compares the resulting Nash equilibrium directly against the Pareto-efficient set in
order to quantify a coordination-related efficiency gap. That comparison is the contribution
offered here.

One boundary deserves to be stated explicitly. Li et al. [19] employed a hybrid
weighting method to accommodate diverse project demands and report that objective
priorities differ by climate and facade orientation, which resembles the weight variation
reported in Section 4.5 of this paper. The two exercises use the same lever for different
purposes. Their variation tailors a recommended design to project context. The variation
here tests whether the equilibrium remains stable and whether it remains efficient, which is
a question about the decision structure rather than about the design.

This study is accordingly a methodological contribution to architectural decision
support, not a theoretical contribution to game theory. It introduces no new solution
concept and makes no claim to supersede optimization or multi-criteria methods, which
answer different questions and answer them well. The framework is complementary:
optimization identifies what is attainable, and equilibrium analysis identifies what is stable
given who decides what. The gap between those two quantities is the object of interest.

3. Materials and Methods

The core methodological workflow is summarized in Figure 1. It proceeds from
defining the design agents, strategy sets, and performance objectives to constructing the
payoff matrix and identifying the Nash equilibrium. The subsequent subsections extend
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this workflow by evaluating Pareto efficiency, preference weight sensitivity, robustness to
performance perturbations, and sequential Stackelberg outcomes.

Define the Game
(Architectural Design Game)
1

!

Game Type
(Cooperative/ Non-Cooperative Game)

AN, Define four Calculate then
i . : N
 players Define elach | normalized »|  Generate/ normalize four
et player's performance evaluate joint performance
fametE decision objectives strategy measures
agents) domain and combinations
SRy Objective (1)
Define’player
— Design | Objective (2) | utility function
agent (1)
Objective (3)
JI N Design
agent (2) Objective (4) v
Construct the
joint payoff
matrix from

actual
combinations
of agent’s
strategies

Identify best response |<—| Analyze Nash Equilibrium |

I deeper
analysis is
|1 | Analyze pure Nash Equilibrium

needed
strategies

Does Not > Analyze rr.nxecl
Exist strategies

Figure 1. Methodological framework for applying game theory and Nash equilibrium to architectural
design decision-making.

3.1. Game Formulation

The design process is modeled as a two-player non-cooperative game in strategic
form, G ={A, B, Sa, S, Ua, Ug}, where A and B are the players, Sy and Sg are their finite
strategy sets, and U and Up are their utility functions. A joint strategy x = (xa, xg) with
Xxa € Sa and xpg € Sp defines one complete design state. The game is non-cooperative
because the two players hold different utility functions and enter no binding agreement to
coordinate: each selects the strategy that maximizes its own utility given the strategy of the
other. Standard treatments of the solution concepts used here are given by Osborne and
Rubinstein [33] and Fudenberg and Tirole [34].

A joint strategy (xa* xp*) is a pure strategy Nash equilibrium [35] when
Ua(xa®, xg*) > Ua(xa, xg¥) for all xo € Sp and Ug(xa* xg*) > UB(xa* xg) for all
xg € Sp. Neither player can raise its own utility by changing strategy alone. This is a
condition of stability under unilateral deviation and does not imply joint efficiency, a
distinction that Section 4.4 makes central.

The two players are analytical agents that stand for two contrasting design logics.
They are not models of an individual architect or engineer. Three notions are kept apart
in what follows. Variable ownership is a modeling choice about which agent sets which
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variable. Professional responsibility is an institutional matter, and in practice architects,
engineers, clients, and cost consultants share responsibility for comfort, daylight, energy,
and cost. Utility is the set of objectives on which an agent is scored. The partition used here
draws on the observation that envelope geometry tends to be settled on the architectural
side and specification on the engineering side [12,13]. That literature describes a tendency,
not a fixed rule, and no data on how responsibility for these particular criteria is divided in
real teams were collected for this study. The equilibrium is therefore read as the outcome
of two design logics pursued separately, which may or may not match how a given team
is organized. The equilibrium remains a property of the formulated model and its utility
functions and is not a behavioral prediction about any individual.

3.2. Players, Decision Domains, and Strategies

Player A is the passive environmental design agent and controls facade geometry,
represented in this demonstration by the window-to-wall ratio and the depth of a hori-
zontal shading device. Player B is the energy and resource design agent and controls the
specification of the envelope and the systems, represented by the glazing thermal and
optical properties (U-value, solar heat gain coefficient, and visible light transmittance),
the external wall U-value, and the seasonal efficiency of the heating and cooling system.
These are the variables that change across the strategies in Table 1. Other variables that
belong to the same decision domains in practice, such as orientation and thermal mass on
the architectural side and airtightness on the engineering side, are held constant across all
nine joint strategies and are not varied by either player in this demonstration. Each variable
is assigned to exactly one player, which fixes strategic ownership. The physical effects of
a variable are not confined to its owner: the window-to-wall ratio is controlled by A, but
changes energy use and cost, which enter B’s utility, and glazing specification is controlled
by B but changes comfort and daylight, which enter A’s utility. That asymmetry between
control and consequence is the source of strategic interdependence and is what makes the
problem a game rather than two independent optimizations.

Table 1. Player strategies and controlled design variables.

Player/Strategy Description Controlled Variables

Al Compact glazing, deep shading WWR 20%, horizontal shading depth 0.9 m
A2 Moderate glazing, moderate shading WWR 35%, horizontal shading depth 0.6 m
A3 Extensive glazing, light shading WWR 55%, horizontal shading depth 0.3 m

. Clear double glazing (U 2.7 W/m?K, SHGC 0.70, VLT 0.78);
B1 Baseline envelope and systems wall U 0.45 W/m2K; HVAC SCOP 2.6

- Solar control double glazing (U 1.4 W/ m?K, SHGC 0.35,
B2 Solar control envelope, efficient systems VLT 0.62); wall U 024 W/m2K; HVAC SCOP 3.4
. . . o . 2

B3 High-performance envelope and systems Triple glazing, high selectivity (U 0.8 W/m~K, SHGC 0.30,

VLT 0.68); wall U 0.15 W/m?K; heat pump SCOP 4.2

SHGC, solar heat gain coefficient; VLT, visible light transmittance; SCOP, seasonal coefficient of
performance. Thermal mass, and airtightness are held constant across all strategies.

Three strategies per player are defined for the demonstration, listed in Table 1. They
span the range an early-stage design team would realistically consider for a single-zone
office and are deliberately coarse, consistent with the resolution available before the concept
is fixed. Figure 2 shows the three facade options and the three envelope and system specifi-
cations schematically. Each Player B strategy bundles glazing, wall, and system upgrades,
so B1 to B3 represent three coherent specification levels rather than independent choices of
each component. System efficiency is expressed for all three levels as the seasonal coeffi-
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cient of performance (SCOP), so that the three values are directly comparable. The values
are illustrative of standard, improved, and high-efficiency heat generation equipment.

(a) Player A: facade geometry (elevation and section)

section N section \_ section

Al A2 A3
WWR 20%, shading 0.9 m WWR 35%, shading 0.6 m WWR 55%, shading 0.3 m

(b) Player B: envelope and system specification (glazing and wall sections)

HVAC HVAC m /

A

N

A

Bl B2 B3
Clear double glazing Solar-control double glazing Triple glazing, high selectivity
U 2.7, SHGC 0.70, VLT 0.78 U 1.4, SHGC 0.35, VLT 0.62 U 0.8, SHGC 0.30, VLT 0.68
Wall U 0.45; HVAC SCOP 2.6 Wall U 0.24; HVAC SCOP 3.4 Wall U 0.15; heat pump SCOP 4.2

Schematic, not to scale. U in W/m2K.

Figure 2. Schematic of the design strategies. (a) Facade elevations and sections for Player A strategies
Al to A3, showing window-to-wall ratio and horizontal shading depth. (b) Glazing, wall, and system
specifications for Player B strategies Bl to B3. The drawings are not to scale.

3.3. Performance Objectives and Metrics

Four objectives are evaluated for each joint strategy. Thermal comfort PT is the propor-
tion of occupied hours with predicted mean vote inside the acceptable band. Daylight PD
is spatial daylight autonomy, the proportion of floor area meeting the target illuminance for
the required fraction of occupied hours, evaluated with operable blinds so that glare-driven
blind deployment reduces the score. Energy PE is annual energy use intensity. Cost PC
is the initial construction cost of the envelope and systems. In an applied study, these
would be produced by dynamic simulation, for instance EnergyPlus (26.1.0) for thermal
and energy performance [36] and Radiance-based methods for daylight [37], with cost from
a quantity take-off. Their treatment in this paper is set out in Section 3.7.

Player A holds utility over thermal comfort and daylight. Player B holds utility over
energy and cost. This split is a stylized reading of how accountability is often divided in a
project team (Section 3.1), not a claim that each profession cares only about these criteria. It
is this split in utility, not any physical decoupling, that generates the divergence reported
in Section 4.4.

3.4. Normalization

The four objectives carry different units and opposite directions of preference, so each
is normalized to the unit interval by min—max scaling across the nine joint strategies. For
objectives where a higher physical value is preferable, Equation (1) applies. For objectives
where a lower physical value is preferable, which is the case for energy use and cost,
Equation (2) applies.

Pi = (xi —min(x)) / (max(x) —min (x)) 1)

Pi = (max(x) — xi) / (max(x) — min (x)) (2)
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Min-max scaling is one of several available procedures. Vafaei et al. [38] note that
criteria measured in different units must be transformed into comparable dimensionless
values, commonly on the unit interval, and that the choice among techniques such as max,
max—min, sum, and vector normalization can itself alter the resulting ranking. It is adopted
here for transparency and because it makes the consistency check described below available,
not because it is uniquely correct. After normalization, 0 < Pi <1 for every objective, and
a higher value always denotes better performance. Min-max scaling requires that each
normalized column attain both 0 and 1 across the evaluated set, which provides an internal
consistency check on the performance table and is verified in Section 4.1. Normalization is
applied to performance, not to preference: a normalized performance measure states how
good a design state is on one objective, whereas a utility states how much a given player
values that state. The two are distinct and are kept distinct throughout.

3.5. Utility Functions

Each player’s utility is a weighted sum of the two normalized measures in its domain:
UA (XA, XB) = wTPT (XA, XB) + wD PD (XA, XB) 3)

UB (XA, XB) = wEPE (XA, XB) + wC PC (XA, XB) 4)

with wt + wp =1 and wg + wc = 1. The base case sets all four weights to 0.5, which is a
neutral reference rather than a claim that the objectives matter equally. Section 4.5 varies
them systematically and reports how far the conclusions depend on the choice.

3.6. Equilibrium and Efficiency Analysis

Best responses are read column-wise for Player A and row-wise for Player B. A
strategy is dominant when it is a best response to every strategy of the opponent; where
a dominant strategy exists, the game is solvable by iterated elimination, and equilibrium
analysis contributes nothing beyond it, so the absence of dominance is verified before
the equilibrium is reported. Cells that are mutual best responses are pure strategy Nash
equilibria. Where none exists, a mixed-strategy equilibrium in probability distributions
over pure strategies is guaranteed for finite games; its interpretation in a design context is
discussed in Section 5.4.

Efficiency is assessed separately. A joint strategy is Pareto-efficient in the two-player
utility space when no other joint strategy raises one player’s utility without lowering
the other’s. Where the equilibrium lies outside this utility Pareto set, the welfare loss is
quantified as the ratio of the maximum attainable sum of utilities to the sum at equilibrium,
following the price of anarchy measure introduced by Koutsoupias and Papadimitriou [39].

Two Pareto sets are distinguished. The four-objective Pareto set contains the joint
strategies that are non-dominated in the four-objective performance space, that is, on the
four normalized measures PT, PD, PE, and PC. The utility Pareto set contains the joint
strategies that are non-dominated on the two utilities UA and UB. With positive weights,
the utility Pareto set is always a subset of the four-objective Pareto set, because a state
dominated on all four measures is also dominated on both utilities. The reverse does not
hold: aggregation within each player hides the trade-off between comfort and daylight and
the trade-off between energy and cost. Both sets are reported in Section 4.4 so that what
the aggregation adds, and what it hides, can be seen directly. In what follows, statements
that an equilibrium is Pareto-dominated, inefficient, or outside the Pareto set refer to the
two-player utility space unless the four-objective performance space is named explicitly.
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The sum UA + UB is used as the welfare measure because it is the usual basis of the
price of anarchy [39,40] and because both utilities lie on the same normalized scale. The
sum carries value judgments. It assumes that a unit of utility for one player is worth a unit
for the other, and it inherits the min—-max normalization and the weights. The resulting
percentage is therefore a loss in normalized utility within this model. It is not a percentage
of energy use, comfort hours, daylit area, or cost. Where an equilibrium is strictly Pareto-
dominated, its inefficiency does not depend on the summation, since any welfare measure
that increases in both utilities ranks the dominating state higher. The size of the loss does
depend on the measure, and Section 4.4 reports it under the sum, the product, and the
minimum of the two utilities.

3.7. Status of the Numerical Values

The performance measures in Table 2 were constructed rather than simulated. They
were built to satisfy the physical relations that govern this problem, namely that comfort
improves with shading and with envelope quality, that the comfort penalty of a large glazed
area shrinks as the envelope improves, an interaction Li et al. [19] report from optimization
across five climates when they find that increased window-to-wall ratio becomes beneficial
in colder conditions because high-performance envelope settings mitigate the associated
heat transfer, that daylight rises with glazed area but is degraded by blind deployment
under high-transmittance glazing and by the reduced visible transmittance of solar control
coatings, that energy savings from system upgrades diminish at the margin while capital
costs escalate, and that the return on a system upgrade is larger for a heavily glazed
facade. They also satisfy the min—-max consistency condition of Section 3.4. Table Al in
Appendix A reports illustrative physical values for thermal comfort, daylight, annual
energy use intensity, and initial construction cost that correspond to the normalized entries
of Table 2. They were obtained by applying Equations (1) and (2) in reverse over a stated
reference range for each objective, so that the relationships described here can be checked in
physical units. The daylight relation likewise reflects documented shading behavior rather
than an assumed one. O’Brien et al. [41] report that most office occupants adjust shades no
more than weekly or monthly, responding to long-term solar trends rather than to short-
term events, and cite measured evidence that blind position can alter the useful contribution
of daylight by between 10 and 60 percentage points. Van Den Wymelenberg [42] reaches a
compatible conclusion from an independent review, observing that decisions about blind
position are formed over weeks or months rather than hours, and that substantially less
daylight enters when blinds are down, so that daylight-sensing lighting controls save
correspondingly less energy. The constructed values accordingly assign lower useful
daylight performance to heavily glazed cases paired with high-transmittance glazing,
where glare exposure is greatest, and shades are most likely to remain closed. The relations
are therefore constructed rather than measured, but they are not arbitrary, and each of
the two principal mechanisms has independent support in the literature. What follows
establishes the analytical behavior of the framework under physically coherent inputs. It
does not report the performance of any building, and the specific equilibrium location is a
property of these values rather than a finding about offices in general. Section 6 states what
a simulated case study would add. The paper should therefore be read as a methodological
proof of concept. The numbers show that a coordination gap can arise under physically
coherent inputs. They do not show how often it arises, or how large it is, in real projects.
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Table 2. Normalized performance measures for the nine joint strategies.
. . Energy Cost
Joint Strategy = Thermal Comfort Py  Daylight Pp P P
E C
(A1, B1) 0.72 0.10 0.30 0.82
(A1, B2) 0.88 0.00 0.58 0.52
(A1, B3) 1.00 0.08 0.86 0.10
(A2, B1) 0.40 0.52 0.34 1.00
(A2, B2) 0.70 0.44 0.66 0.72
(A2, B3) 0.92 0.56 1.00 0.22
(A3, B1) 0.00 0.62 0.00 0.86
(A3, B2) 0.48 0.80 0.46 0.54
(A3, B3) 0.80 1.00 0.86 0.00

Higher is better for all four objectives after normalization. Corresponding illustrative physical values
are given in Table A1 (Appendix A).

3.8. Robustness Analyses

Two further analyses test whether the divergence depends on the specific inputs.
The first is a Monte Carlo analysis of the performance values. In each of 10,000 draws,
every entry in Table 2 receives an independent perturbation drawn uniformly from the
interval £6; negative values are set to zero, and each column is normalized again by
min-max scaling so that the consistency condition of Section 3.4 still holds. Three ranges
are tested, 6 = 0.05, 0.10, and 0.20, which correspond to 5, 10, and 20 percent of the
range of each objective across the nine states. Each range is run twice, once with equal
weights and once with wT and wE drawn uniformly between 0.20 and 0.80 in every draw.
For each draw, the pure strategy equilibria and the utility Pareto set are recomputed,
and a draw is counted as inefficient when at least one of its pure strategy equilibria
lie outside the utility Pareto set. The ranges are illustrative. They were not derived
from simulation uncertainty, which would require the simulated case study discussed
in Section 6, and independent perturbations ignore the physical correlations between
objectives that a simulation would preserve.

The second analysis replaces simultaneous moves with sequential ones. In a Stackel-
berg game, the leader chooses a strategy while anticipating the follower’s best response,
and the follower then responds to the leader’s choice [30]. Two orders are tested with the
base-case payoffs. When Player A leads, the facade concept is fixed before the specification.
When Player B leads, the specification or the budget for it is set first.

4. Results
4.1. Normalized Performance Measures

Table 2 gives the normalized performance of the nine joint strategies on the four objec-
tives. Every column reaches both 0 and 1, satisfying the min—max condition. The interaction
that drives the rest of the analysis is visible in the thermal comfort column: the penalty for
moving from A1 to A3 is 0.72 under B1 but only 0.16 under B3, because a high-performance
envelope absorbs the consequence of a larger glazed area. The daylight column shows the
countervailing effect, with A3 scoring 0.62 under B1 rather than its maximum, because
clear high-transmittance glazing on a heavily glazed facade drives blind deployment and
suppresses useful daylight.
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4.2. Payoff Matrix

Applying Equations (3) and (4) with equal weights gives the payoff matrix in Table 3.
Each cell holds the ordered pair (UA, UB). For example, (Al, B1) has PT = 0.72 and
PD =0.10, so UA = 0.5(0.72) + 0.5(0.10) = 0.41, and PE = 0.30 and PC = 0.82, so UB = 0.5(0.30)
+0.5(0.82) = 0.56.

Table 3. Two-player payoff matrix under equal weights. Each cell gives the ordered pair (UA, UB).

B1 B2 B3
Al (0.41, 0.56) (0.44, 0.55) (0.54, 0.48)
A2 (0.46, 0.67) (0.57, 0.69) (0.74, 0.61)
A3 (0.31,0.43) (0.64, 0.50) (0.90, 0.43)

Rows are Player A strategies and columns are Player B strategies; UA and UB are computed with
Equations (3) and (4) and all weights equal to 0.5.

4.3. Best Responses and Equilibrium

Reading Table 3 column-wise, Player A’s best response is A2 against B1 (0.46 against
0.41 and 0.31) and A3 against both B2 (0.64) and B3 (0.90). Reading row-wise, Player B’s
best response is Bl against Al (0.56) and B2 against both A2 (0.69) and A3 (0.50). Neither
player holds a dominant strategy: A2 is optimal against B1 but not against B2 or B3, and Bl
is optimal against Al but not against A2 or A3. The game cannot be reduced by iterated
elimination and requires equilibrium analysis.

The single cell that is a mutual best response is (A3, B2), with payoffs (0.640, 0.500).
This is the unique pure strategy Nash equilibrium. The three near misses are informative.
At (A2, B1), Player A is playing its best response, but Player B would move to B2. At (A3,
B3), Player A is content, but Player B would retreat to B2 to avoid the capital cost of triple
glazing. At (A1, B1), Player B is content, but Player A would move to A2 for daylight. In
each case, one party is satisfied, and the other is not, which is the structure that drives the
design toward the equilibrium.

4.4. Equilibrium Against the Utility Pareto Set

The utility Pareto set computed over the nine states contains three joint strategies: (A2,
B2) at (0.57, 0.69), (A2, B3) at (0.74, 0.61), and (A3, B3) at (0.90, 0.43). The equilibrium (A3,
B2) at (0.640, 0.500) is not among them. It is strictly dominated in the two-player utility
space by (A2, B3), which delivers 0.740 to Player A and 0.610 to Player B, improving both
simultaneously by 15.6 percent and 22.0 percent, respectively.

The sum of utilities at equilibrium is 1.140 against a maximum of 1.350 at (A2, B3), a
price of anarchy of 1.184, which corresponds to a loss of 15.6 percent in summed normalized
utility. Measured by the product of the two utilities, the loss is 29.1 percent (0.320 against
0.451), and measured by the lower of the two utilities, it is 18.0 percent (0.500 against 0.610).
None of these values is a percentage of energy, comfort, daylight, or cost performance.
The loss can be traced to the design variables. At equilibrium, Player A has taken the
largest glazed area (A3) while Player B has stopped at the mid-specification envelope
(B2). Neither can improve alone: reducing glazing costs Player A daylight, and upgrading
to triple glazing costs Player B capital without a compensating energy return at that
glazing area. The dominating state (A2, B3) requires both to move at once, with Player
A accepting a smaller glazed area and Player B accepting a higher specification, at which
point the reduced solar load and the improved envelope combine to deliver more of both
objectives. No single party can propose that move and benefit from it; it is available only to
a coordinated decision.
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This is the result the framework exists to produce. A Pareto analysis of the same nine
states identifies (A2, B3) as attainable but is silent on whether it will be reached. Equilibrium
analysis shows that it is not the stable state implied by the modeled decision structure and
puts a number on the shortfall in utility terms, conditional on the utility functions, weights,
and performance values used.

The picture changes when the four objectives are examined before aggregation. On PT,
PD, PE, and PC, none of the nine joint strategies is dominated, because no state is matched
or beaten on all four measures by another state. The four-objective Pareto set therefore
contains all nine states, including the equilibrium, so the equilibrium is not inefficient with
respect to the four building-performance objectives themselves. The dominance of (A2,
B3) over (A3, B2) exists only after aggregation. (A2, B3) is better on thermal comfort (0.92
against 0.48) and energy (1.00 against 0.46), whereas (A3, B2) is better on daylight (0.80
against 0.56) and cost (0.54 against 0.22). Under equal weights, each player gains more
on one of its objectives than it loses on the other, so both utilities rise. Two consequences
follow. First, for this problem, the four-objective front does not discriminate between states,
since it excludes none of them. The utility Pareto set narrows the choice to three states,
and the equilibrium analysis indicates which state the modeled decision structure settles
on. Second, the inefficiency is conditional on the weights inside each utility. A player who
valued daylight far more than comfort would not regard (A2, B3) as an improvement, which
is the situation examined in Section 4.5. Figure 3 shows the nine states in utility space.

0.80
-@- Utility Pareto set
Nash equilibrium (A3, B2);
0.75 - - Stackelberg outcome, A leads
’ Stackelberg outcome, B leads
0.70 A (A2, B2)
(A2, B1)
S 0.65
i)
2 (A2, B3)
o 0.60
o
s (Al'Asll)Bz
2 0.55 - (AL, B2) /
= /
= /
./
0.50 A
(AL, B3) (A3, B2)
0.45 A
(A3, B1)
0.40 A (A3, B3)
T T T T T T T
0.3 0.4 0.5 0.6 0.7 0.8 0.9

Utility of Player A, Ua

Figure 3. The nine joint strategies in utility space under equal weights. The utility Pareto set is joined
by a line. The Nash equilibrium (A3, B2), which is also the Stackelberg outcome when Player A
leads, and the Stackelberg outcome when Player B leads, (A2, B1), both lie below it. The dashed
arrow shows the joint move to (A2, B3), which raises both utilities. All nine states belong to the
four-objective Pareto set.

4.5. Sensitivity to Preference Weights

The weights are the most contestable input, so the game was re-solved across a grid of
wT and wE from 0.20 to 0.80 in steps of 0.05, giving 169 weighting combinations. Every
combination admitted at least one pure strategy Nash equilibrium, so no mixed-strategy
analysis was required.
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The equilibrium location is highly sensitive to the weights. Eight of the nine design
states appear as an equilibrium somewhere in the grid, and the results are summarized
in Table 4. The equilibrium sat at (A3, B3) in 36 percent of cases and at (A2, B1) in 28 per-
cent, and no single state accounts for a majority. Because some weighting combinations
admit more than one equilibrium, the 169 combinations yield 188 equilibrium instances in
total. The equilibrium lay outside the utility Pareto set in 54 of these 188 instances, that is,
29 percent. This is an instance-level descriptive frequency: a combination with two equi-
libria contributes two observations, and the figure should not be read as a probability of
inefficiency. Counted by weighting combination, 19 combinations admit two equilibria,
and none admit more than two; 52 of the 169 combinations (30.8 percent) admit at least
one equilibrium outside the utility Pareto set, and in 39 (23.1 percent) every equilibrium
lies outside it. The states most vulnerable to inefficiency are (A1, B1), which was inefficient
in 30 of 35 occurrences, and (A3, B2), the base-case equilibrium, which was inefficient in
15 of 27.

Table 4. Equilibrium location and efficiency across 169 weighting combinations.

Equilibrium State Occurrences Share of Grid Pareto-Efficient
(A3, B3) 60 36% 60 of 60
(A2, B1) 48 28% 48 of 48
(A1, B1) 35 21% 5 of 35
(A3, B2) 27 16% 12 of 27
(A3, B1) 5 3% 0of5
(A2, B3) 5 3% 50f5
(A2, B2) 4 2% 40f4
(A1, B2) 4 2% 0of4

Occurrences count equilibrium instances (188 in total). Shares are expressed per weighting combina-
tion and sum to more than 100 percent because 19 combinations admit two equilibria. Pareto-efficient
refers to the two-player utility Pareto set.

Two conclusions follow. The specific equilibrium reported in Section 4.3 is a property
of the equal-weight assumption and should not be read as a general result about office
design. The structural finding holds across the tested grid: for weights between 0.20 and
0.80, the equilibrium of the modeled two-party process lies off the utility Pareto set in
29 percent of equilibrium instances, and at least one such equilibrium occurs in 31 percent
of weighting combinations. The framework locates the weighting regions in which that
risk is highest. The range from 0.20 to 0.80 is a numerical test range, chosen to avoid cases
in which one objective is ignored altogether. It is not an empirically established range of
designer preferences. For a project team, the practical output is not the equilibrium itself
but the identification of the regions where the model-implied loss from uncoordinated
decisions is largest.

4.6. Robustness to Perturbed Performance Values

Table 5 summarizes the Monte Carlo analysis. With equal weights and small pertur-
bations (& = 0.05), the base-case equilibrium (A3, B2) survives in 97.6 percent of draws,
and at least one equilibrium lies off the utility Pareto set in 97.7 percent of draws. As the
perturbation grows, the payoff structure changes more often. At = 0.20, the base-case
equilibrium survives in 37.6 percent of draws and an inefficient equilibrium appears in
31.9 percent. The high share at 6 = 0.05 with equal weights reflects the persistence of
the inefficient base-case equilibrium, and the share falls as larger perturbations displace
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it. When the weights are drawn at random as well, the share of draws with at least one
inefficient equilibrium lies between 20.3 and 30.4 percent across the three ranges. This is of
the same order as the 31 percent of weighting combinations with at least one inefficient
equilibrium on the weight grid, although the two figures come from different sampling
schemes and are not directly comparable. The range of 20 to 30 percent therefore applies to
joint perturbation of values and weights, not to perturbation of the performance values
alone. The share of draws with no pure strategy equilibrium rises from 0.5 to 13.5 percent
with equal weights as 6 increases. Where an inefficient equilibrium occurs, the median loss
in summed normalized utility lies between 15.8 and 21.0 percent.

Table 5. Monte Carlo analysis of perturbed performance values (10,000 draws per row).

No Pure Base-Case Draws with at Least

Range & Weights Equilibrium Equilibrium Persists O]? N I.n N fﬁ.cient Median Loss (P10 to F30)
quilibrium
0.05 Equal 0.5% 97.6% 97.7% 16.4% (12.9 to0 20.3)
0.05 Random 1.2% 18.2% 30.4% 15.8% (9.0 to 22.8)
0.10 Equal 6.5% 66.6% 65.1% 17.3% (11.0 to 25.2)
0.10 Random 4.0% 16.7% 25.6% 17.4% (9.8 to 24.8)
0.20 Equal 13.5% 37.6% 31.9% 21.0% (11.0 to 32.8)
0.20 Random 9.1% 18.0% 20.3% 20.4% (10.5 to 31.4)

An inefficient draw has at least one pure strategy equilibrium outside the utility Pareto set. Losses
are in summed normalized utility and are computed only for inefficient draws. Equal weights: all
four weights set to 0.5. Random weights: wT and wE drawn uniformly between 0.20 and 0.80.

Two readings follow. The base-case equilibrium is fragile once the inputs move by
more than a few percent of their range, so the location of the equilibrium should not be
taken from constructed values. The divergence itself is not the product of one carefully
tuned table: under joint perturbation of values and weights, between one draw in three and
one draw in five produces an equilibrium that both players could improve on together.
Whether that share is representative of real design problems cannot be established from
constructed data.

4.7. Sequential Moves: Stackelberg Variants

With Player A as leader, A anticipates from Table 3 that B will answer Al with B1, A2
with B2, and A3 with B2. Its utilities from these three outcomes are 0.41, 0.57, and 0.64, so it
chooses A3, and the outcome is (A3, B2), the same state as the simultaneous equilibrium,
with a summed utility of 1.14. With Player B as leader, B anticipates that A will respond to
B1 with A2, B2 with A3, and B3 with A3. Its utilities from these outcomes are 0.67, 0.50,
and 0.43, so it chooses B1, and the outcome is (A2, B1), with utilities (0.46, 0.67) and a sum
of 1.13. That state also lies off the utility Pareto set, because (A2, B2) gives (0.57, 0.69) and
improves both players. In this example, moving from simultaneous to sequential decisions
changes which inefficient state is reached but does not remove the inefficiency. The order
of moves decides who carries most of the loss: Player B obtains 0.50 when A leads, and
Player A obtains 0.46 when B leads. A one-shot leader and follower is still a simplification
of a design process that iterates and revisits earlier choices.

5. Discussion
5.1. What Equilibrium Adds Beyond Pareto Analysis

The question posed in Section 1 has an answer for this case. The equilibrium lies
outside the two-player utility Pareto set, although it belongs to the four-objective Pareto set,
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so the two analyses do not coincide, and the difference between them is interpretable. The
utility Pareto set describes what the modeled strategies could deliver to both players under
a coordinated choice. The equilibrium identifies the stable state implied by decentralized
decision-making under the stated utility functions and decision structure. The gap between
the two is a model-implied coordination inefficiency. It cannot be attributed to a physical
or budgetary constraint, because both states lie inside the same modeled feasible set, but
its existence and size depend on the specified utility functions, strategy set, normalization
procedure, preference weights, and constructed performance relationships. The analysis
does not establish that professional fragmentation alone causes a gap of the observed
magnitude. The measure used to express it is standard in the analysis of distributed
engineered systems. Chandan et al. [40] define the price of anarchy as the loss in efficiency
caused by distributed decision-making, computed as the ratio between social welfare
at the system optimum and at equilibrium, and treat the misalignment between agents’
local utilities and the system objective as its source. Perakis and Roels [43] apply the
same measure to decentralized supply chains, quantifying how far a chain of autonomous
parties falls short of the fully coordinated equivalent. The situation in Section 4.4 has the
same formal structure, with the architectural and engineering design logics in place of the
contracting parties and normalized performance utility in place of profit.

This distinction matters because the two analyses recommend different actions. A
Pareto analysis returns a set of good design states and leaves the selection to preference. An
equilibrium analysis returns the state that is stable under unilateral deviation and identifies
whether a coordinated intervention is worth making. Where the equilibrium is already
efficient, as it was in 71 percent of the equilibrium instances tested, the analysis finds no
joint move among the modeled strategies that would raise both utilities. That is a narrow
statement. It does not mean that the design meets its comfort, energy, or cost requirements,
that the strategy set contains the best available options, or that coordination on other
variables and with other parties is unnecessary. Where the equilibrium is inefficient, the
analysis names the joint move that would raise both utilities and estimates its value in
utility terms, which gives a project team a specific item to discuss.

5.2. Implications for Integrated Design

Integrated design processes are usually argued for on general grounds. The analysis
here supplies a candidate mechanism and a way of estimating its size within a model. In
the base case, the loss is 15.6 percent of summed normalized utility. It arises because each
player makes the choice that is best for its own objectives, not because either makes an
error. An architectural logic that keeps the larger glazed area and an engineering logic that
declines the triple glazing are both consistent within their own objectives. Within the model,
the inefficiency arises from the assumed division of decision authority in combination with
the specified utilities, weights, and performance values, and more effort inside either
domain does not remove it.

That reframes what an integrated design workshop is for. Its function is not to improve
either party’s judgment but to make available the joint moves that neither can initiate alone.
That framing is consistent with evidence linking the level of team integration achieved on a
project to its sustainability outcomes [4], and with the finding that architects seek methods
that support their decisions rather than replacing them [14]. The framework provides a
way to identify those moves before the workshop takes place, and to establish whether
the exercise is warranted on this project at all. A shared performance target or a combined
budget can change the problem in two distinct ways. If the two utilities are replaced by
a single aggregated utility, the game becomes a centralized single-objective optimization
whose solution is one state that depends on the chosen aggregation and weights; it is not a
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Pareto front. If instead the four performance objectives are kept separate under a single
decision maker, the relevant object is the four-objective Pareto set, which in this example
contains all nine states and leaves the choice to preferences applied afterward.

5.3. Relation to Optimization and Multi-Criteria Methods

In conventional optimization approaches, architects identify the best possible outcome
by maximizing or minimizing a specific objective. When multiple objectives are involved,
these are typically combined into a single function through the assignment of weights.
The outcome then depends on the weighting scheme, and changes in the weights lead to
different design solutions [9,10]. The same dependence applies to the framework presented
here, which is why Section 4.5 reports it rather than assuming it away. Comparative studies
of established multi-criteria methods in the building domain find exactly this behavior,
with rank order shifting under systematic weight variation and the methods differing in
how far they resist it [11,23].

The relationship between the methods is complementary and sequential rather than
competitive. Optimization is the appropriate tool for generating the design states and their
performance; the framework presented here takes those states as input and asks a question
about the decision structure that optimization does not address. In an applied workflow,
a simulation-based optimization of the kind reviewed by Cruz et al. [8] would produce
the performance table, the game-theoretic layer would identify the equilibrium and the
efficiency gap, and multi-criteria methods would remain available for selecting among
efficient states once coordination is established. This division of labor is consistent with
the observation that most optimization studies stop at the Pareto front without an explicit
procedure for choosing among its members [8].

5.4. Mixed Strategies

Every weighting combination tested admitted a pure strategy equilibrium, so mixed
strategies did not arise. They are retained in the formulation because finite games guarantee
a mixed-strategy equilibrium where no pure one exists, but their interpretation in design
requires care. A mixed strategy is a probability distribution over strategies, not a physical
blend of design alternatives: a 0.4 weight on Al and 0.6 on A2 does not describe a window-
to-wall ratio between the two. It describes uncertainty about which strategy a party will
adopt. Where such an equilibrium arises, the useful reading is that the design decision
is genuinely unresolved given the information available, which is itself a finding worth
reporting to a client.

5.5. The Place of the Designer

A framework of this kind raises a fair question: can architectural design be reduced
to a calculation, and if it could, what would be left of the designer’s work and sensibility?
Our position is that it cannot, and the framework does not attempt to do so. Rittel and
Webber [44] argued that planning and design problems cannot be fully stated in advance
and have no single correct solution. Schon [45] described design as a reflective conversation
with the situation, in which the designer frames the problem while working on it, and
Lawson [46] showed how, in architecture, problem and solution develop together. The
technical and the humanistic sides of architecture cannot be separated in practice. The size
of a window is at the same time a question of heat gain, daylight, view, proportion, privacy,
and the character of the facade.

The game-theoretic model works on a small part of that problem once it has already
been framed. It takes as given the options that designers have proposed, the objectives that
can be measured, and the weights that someone has chosen. What makes a proposal good
architecture sits outside the model: how the options were generated, spatial and formal
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quality, meaning, and the relation to place and to the people who use the building. The
contribution is narrow. For the measurable objectives, the model shows whether separately
made decisions could leave both sides worse off than a joint decision, and which joint move
would help. That result is an input to design discussion. It can bring the architect and the
engineer to the table earlier than they might otherwise meet, but whether a smaller glazed
area is acceptable, and what it does to the building, remains a matter of design judgment.

6. Limitations

The performance measures are constructed rather than simulated. They are physically
coherent and internally consistent, and they are sufficient to establish that the equilib-
rium and the utility Pareto set can diverge and to measure the divergence under stated
assumptions. They are not evidence about any real building, and the equilibrium location
reported in Section 4.3 should not be transferred to other cases. Establishing the magnitude
of the coordination gap in practice requires a simulated case study with EnergyPlus and
a Radiance-based daylight model on a defined zone, climate, and cost basis, with the
uncertainty in such model inputs treated explicitly [47]. That is the immediate next step for
this work. The Monte Carlo analysis in Section 4.6 tests sensitivity to the values but cannot
substitute for such a study, because independent random perturbations do not respect the
physical correlations a simulation would preserve. A simulation study could also start
from a model calibrated against measured data. Calibration cannot be applied to a building
that does not yet exist, but a calibrated model of a comparable existing building could
serve as the reference from which the design options are varied, which would reduce the
risk that the coordination gap is an artifact of a poorly chosen baseline. Calibration has its
own limits: accepted criteria mostly address energy use rather than comfort or daylight,
several different models can meet the criteria for the same measured data [48], and errors
in applying the statistical validation indices can give the false impression that a model is
calibrated [49]. Calibration against monitored indoor conditions has nevertheless been used
to predict thermal comfort across a housing stock [50] and to compare envelope retrofit
options for comfort and energy [51], which shows how such a reference model could be
extended beyond energy use. The remaining calibration uncertainty would still need to be
carried through to the equilibrium analysis.

Three further limits apply. The utility functions are linear and additive within each
domain, which excludes threshold effects such as a comfort criterion that must be met rather
than traded. The main analysis treats the game as simultaneous and one-shot, whereas
design usually proceeds in sequence. Zhou et al. [20] documented this directly, noting that
design variables are chosen progressively across stages, with those already fixed separated
from those still to be determined. Section 4.7 tests the simplest sequential alternative,
a Stackelberg game with either player as leader, of the kind surveyed by Marousi and
Charitopoulos [30] and applied to building flexibility by Tang and Wang [29]. Real projects
iterate, revisit earlier decisions, and share information imperfectly, which a single leader
and follower do not capture. Feng et al. [52] provided a construction domain precedent,
modeling a construction supply chain as a Stackelberg game between hierarchical decision
makers and showing that a nominally centralized optimum can be unstable because a
lower-level actor is free to deviate in its own interest. A further limitation follows from the
shading assumption. The constructed daylight values presume manually operated shades.
Automated and integrated daylighting controls behave differently and can improve energy
performance and visual comfort relative to manual operation [53], so the daylight penalty
assigned here to heavily glazed cases would be smaller in a building with automated
shading. The partition into two players is a simplification of a team that in practice includes
the client, the contractor, and the facility operator, each with distinct utilities; extending
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to three or more players is straightforward in principle, but the payoff structure becomes
harder to present and to interpret. The assignment of objectives to players is also stylized,
and the results would change if, for example, cost entered both utilities.

7. Conclusions

This paper formulated early-stage architectural design as a two-player non-cooperative
game in which the assignment of variables to players follows a simplified division between
architectural and engineering decision logics, and asked whether equilibrium analysis
yields information that Pareto analysis does not.

In this example, it does. In the worked case, neither player holds a dominant strategy,
the game has a unique pure strategy Nash equilibrium, and that equilibrium, although
it belongs to the four-objective Pareto set, is strictly Pareto-dominated in the two-player
utility space by a design state that improves both players simultaneously, by 15.6 percent
and 22.0 percent, for a loss of 15.6 percent in summed normalized utility. The dominating
state is reachable only by a simultaneous move that neither party can initiate unilaterally
and from which neither benefits by moving alone. Across 169 weighting combinations, the
equilibrium migrated across eight design states and fell outside the utility Pareto set in
29 percent of the resulting equilibrium instances (54 of 188), and 52 of the 169 combinations
admitted at least one such equilibrium. When the performance values and the weights
were both perturbed at random, at least one inefficient equilibrium appeared in 20 to
30 percent of draws, and a Stackelberg version of the game reached an inefficient state
whichever player moved first. These results describe a model-implied inefficiency under
the stated representation of decision authority and preferences, not a measured effect of
professional fragmentation.

The practical implication is modest. Part of the gap between what a design team could
achieve and what it settles on may come from the way decisions are divided, and a model
of this kind can flag where that risk exists, and which joint moves would address it. The
size of that gap in real projects has not been measured here, and the framework is meant to
support design judgment, not to replace it.

The demonstration rests on constructed rather than simulated performance data and
establishes the analytical behavior of the framework rather than the performance of any
building. Applying it to a simulated, and ideally calibrated, single-zone office across
several climates and extending the formulation to sequential and multi-party settings are
the next steps.
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Appendix A. Illustrative Physical Values of the Constructed
Performance Matrix

Table Al lists illustrative physical values that correspond to the normalized perfor-
mance measures in Table 2. Each column was obtained by applying Equation (1) or (2)
in reverse over a stated reference range, so that normalizing the columns of Table Al
again with Equations (1) and (2) returns Table 2 exactly. The values allow the relationships
described in Section 3.7 to be read in physical units. Moving from B1 to B3 reduces energy
use intensity by 44.8 kWh/m?.yr under Al but by 68.8 kWh/m?-yr under A3, so the
return on the specification upgrade is larger for the heavily glazed facade. The thermal
comfort penalty of moving from Al to A3 falls from 28.8 percentage points under Bl to
8.0 percentage points under B3. The values are constructed for the demonstration and are
not simulation or cost plan outputs.

Table Al. Illustrative physical values corresponding to the normalized performance measures in
Table 2.

Joint Strategy Thermal Comfort (% Daylight, sDA (% of Energy Use Intensity Envelope and

of Occupied Hours) Floor Area) (kWh/m?-yr) System Cost (€/m?)
(A1, B1) 83.8 35.0 126.0 296
(A1, B2) 90.2 30.0 103.6 356
(A1,B3) 95.0 34.0 81.2 440
(A2, B1) 71.0 56.0 122.8 260
(A2, B2) 83.0 52.0 97.2 316
(A2, B3) 91.8 58.0 70.0 416
(A3, B1) 55.0 61.0 150.0 288
(A3, B2) 74.2 70.0 113.2 352
(A3, B3) 87.0 80.0 81.2 460

Reference ranges used to invert the min-max normalization: thermal comfort 55 to 95 percent of
occupied hours within the acceptable PMV band; daylight 30 to 80 percent of floor area (spatial
daylight autonomy); energy use intensity 70 to 150 kWh/m?-yr; initial construction cost of envelope
and systems 260 to 460 €/m? of floor area. Lower values are preferable for energy use intensity

and cost.
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