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Abstract

Physical spaces are often designed to support specific uses.
But how do people create such environments, and how do users
infer their intended function? We propose that design and in-
ference about design are complementary processes, grounded
in a capacity to mentally simulate goal-directed actions. We
tested this using ªOvercookedº-style kitchens where partici-
pants either judged what a kitchen was designed for (Study 1)
or designed kitchens for cooks with varying goals and beliefs
(Study 2). In Study 1, participants inferred that kitchens were
designed for tasks the layout made easier to complete, consis-
tent with the prediction of a simulation-based computational
model. In Study 2, participants made designs that helped cooks
efficiently complete their task, adjusting their choices when
cooks faced uncertainty about which task to perform. Together,
these findings point towards a study of design as a cognitive ac-
tivity grounded in the same mechanisms that support planning
and social reasoning.
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Introduction

Imagine opening a new restaurant. How would you design

the kitchen? If the restaurant If you need to prepare a buf-

fet, you might arrange the equipment to support a wide va-

riety of dishes. But if you were opening an Italian restau-

rant, you might specialize certain areas for specific tasksÐ

for example, positioning flour and water within easy reach

to streamline pasta-making. The same logic applies beyond

restaurants. Suppose you are an urban planner designing an

airport. Anticipating that travelers may run late, you might

design wide corridors with clear signage so that people do

not run into each other or get lost.

Designing Environments

The study of environment design has a long history in ar-

chitecture and urban planning, where it has given rise to

many intuitions about how to make an environment ªwell de-

signedº. For example, the notion that form follows functionÐ

that good design responds systematically to human needsÐ

has received considerable attention in design theory and prac-

tice (Corbusier, 1923; D. Norman, 2013). In cognitive sci-

ence, a smaller body of work has examined how people re-

arrange objects to reduce visual search times and facilitate

foraging behaviors (Gray et al., 2006; Solman & Kingstone,

2017). While these studies demonstrate that people are sensi-

tive to the relationship between spatial structure and task effi-

ciency, so far no unifying computational framework has been

developed that makes quantitative predictions about how peo-

ple structure environments to support their goals.

Inferring Intent from Design

If environments reflect intentional design, people who rec-

ognize this should be able to infer their intended use and act

accordingly. Consider a chef who has just been hired at a new

restaurant. Walking into a kitchen where pasta-making equip-

ment is prominently positioned and easily accessible, they

will likely infer the restaurant’s specialty. Similarly, a traveler

navigating an unfamiliar airport can see that the wide cor-

ridors and prominent signage were placed deliberately, and

trust these features to guide their path rather than wander-

ing at random. Among design practitioners, this communica-

tive dimension is called legibility: the idea that environments

should make their function apparent to users (Montgomery,

1998; D. A. Norman, 1986).

In cognitive science, recent work has examined how peo-

ple use Theory of Mind to extract social information from

physical traces in the environmentÐfor instance, inferring

from objects in front of a doorway that others should not

enter (Jara-Ettinger & Schachner, 2024; Lopez-Brau & Jara-

Ettinger, 2023; Teo et al., 2025). Yet little work has examined

how people reason about durably designed environments like

kitchens and airports, which exist not just to communicate in-

formation about their use, but also to support users’ goals.

The Present Research

In this work, we consider design and inference about de-

sign as complementary processes, grounded in broader ca-

pacities for reasoning about agents’ beliefs, goals, and plans.

We hypothesize that people design environments by reason-

ing about the goals and epistemic states of their users. We

explore these ideas using kitchen environments inspired by

the video game Overcooked (Ghost Town Games, 2016), in

which cooks navigate gridworld kitchens to prepare dishes

(Figure 1).

In Study 1, we ask whether people can infer what a kitchen

was designed for from its spatial arrangement. In Study 2,

we investigate how people design kitchen layouts for particu-

lar purposes, taking into account the goals and beliefs of the

user. We find that people’s inferences and design decisions

are largely captured by a model grounded in planning, with

some evidence that designers also consider users’ beliefs.







to complete the study in the time-estimation conditions, and

$3.00 for an estimated 15 minutes to complete the study in

the inference conditions (mean completion time: 13.0 mins).

Stimuli We created 18 kitchen layouts for each condition.

In the ‘dish condition’, kitchens contained one tomato, one

onion, and one lettuce dispenser, allowing preparation of ei-

ther salad. In the ‘cooks condition’, kitchens contained only

a tomato and lettuce dispenser, and showed starting positions

for two possible cooks. Layouts were hand-crafted to span a

range of design intentions, and varied in the number of inte-

rior countertops (4, 6, or 9) and cutting boards (1 or 2).

Procedure Participants read instructions describing the

Overcooked environment and task. Participants in the time-

estimation conditions were asked to ªestimate how long it

would take to make a dish in each kitchenº. Participants

in the inference conditions were asked to ªjudge how each

kitchen was designed to be usedº. In the ‘dish condition’,

participants were told that some kitchens were designed for

a cook to make an Onion Salad while others were designed

for a Tomato Salad. In the ‘cooks condition’, they were told

that some kitchens were designed for a cook to work alone

while others were designed for two cooks to collaborate. Par-

ticipants then completed a comprehension check containing

questions about the environment mechanics. Incorrect re-

sponses returned them to the instructions. All participants

passed the comprehension check, though some required mul-

tiple attempts (mean failed attempts: 1.0, range: 0±7).

Participants viewed 18 kitchen layouts in randomized or-

der. On each trial, they saw a static image of the kitchen

with the cook’s starting position marked. In the ‘cooks condi-

tion’, a blue square marked where one cook would start, and

a green square marked where the second cook would start;

participants thus reasoned about the same kitchen with either

one cook (starting at the blue square) or two cooks (starting

at the blue and green square). Participants responded using

sliders to provide either time estimates or intention ratings

(Figure 2F±G shows example trials with response formats).

Results

For each kitchen layout, we compared the mean time esti-

mates and the mean intention ratings across participants. We

asked whether participants’ time estimates aligned with our

simulation model, and whether their judgments about what

each kitchen was designed for tracked the relative efficiency

of completing each task.

Inferring what dish a kitchen was designed for In the

‘dish condition’, participants judged whether each kitchen

was designed for making a tomato salad or an onion salad

(Figure 2F). We first compared how well our hierarchical

planner, which approximates the minimum number of steps

an agent would need to complete each dish, captured partici-

pants’ time estimates. Simulated step counts were correlated

with participants’ average time estimates for both tomato

salad (r = 0.68, p = .004) and onion salad (r = 0.82, p <

.001), suggesting that participants’ time estimates aligned

with those of a rational planner (Figure 2A).

We then asked whether these time estimates predicted par-

ticipants’ intention inferences. For each kitchen, we com-

puted two quantities: the average rating of which dish it was

designed for, and the average difference in time estimates be-

tween dishes. We then fit a linear regression predicting in-

tention inferences from the difference in time estimates. In-

tention inferences were strongly predicted by the difference

in time estimates (r = 0.97, p < .001; Figure 2B): kitchens

judged to be relatively faster for making a specific dish were

also judged as designed for making that dish. When predict-

ing participants’ intention inferences using the planner’s rela-

tive step counts, we find a similar pattern (r = 0.75, p< .001).

Inferring how many cooks a kitchen was designed for

In the ‘cooks condition’, participants judged whether each

kitchen was designed for one cook working alone or for two

cooks collaborating to make a tomato salad (Figure 2G). For

one cook, participants’ time estimates were correlated with

the number of steps the model required (r = 0.78, p < .001;

Figure 2C). For two cooks, participants’ time estimates were

better captured by the coordinating planner (r = 0.70, p =

.003) than the independent planner (r = 0.65, p = .006), so

we used the former for subsequent analyses.

Participants’ judgments of how many cooks a kitchen was

designed for were correlated with their time estimatesÐ

specifically, the perceived advantage of two cooks over oneÐ

but this correspondence was weaker than in the dish condition

(r = 0.59, p = .010; Figure 2D). However, we also explored

whether participants drew on a simpler cue: the number of

cutting boards in each kitchen, as a kitchen with two cutting

boards might already suggest a design for two cooks, without

needing to granularly simulate cooks acting in the kitchen.

Consistent with this possibility, intention ratings were well-

predicted by a regression model combining both the differ-

ence in time estimates and the number of cutting boards as

linear predictors (r = 0.97, p < .001; Figure 2E). This explo-

ration suggests that participants combined their assessments

of relative task efficiency with this heuristic cue when infer-

ring how many cooks each kitchen was designed for.

The planner’s relative step counts were similarly not a

strong predictor of participants’ intention inferences on their

own (r = 0.44, p = .067). However, combining model pre-

dictions with the number of cutting boards yielded a strong

fit (r = 0.95, p = .002), mirroring the pattern observed with

participants’ own time estimates.

Study 2: Designing Environments

Study 1 showed that observers can infer what a kitchen was

designed for by assessing which tasks it makes easier. We

now ask how people design environments for others to use.

Unlike observers, who need only assess what an environment

supports, designers must anticipate how users will actÐa task

that requires representing not just physical constraints but

also users’ mental states. When users know their goal, de-





Table 1: Design Study Results. ∆elpd: difference in

expected log predictive density from leave-one-out cross-

validation, relative to best model (with standard error; more

negative = worse). Top-1 Acc. (%): proportion of trials where

people select the model’s modal response. Human: split-half

noise ceiling measuring human agreement. 95% CIs from

bootstrap resampling over design problems.

Model ∆ elpd (se) Acc. (%)

Known-goal

Oracle 0 (0) 30.2 (23.6, 37.8)

Full −98.4 (14.8) 23.9 (16.8, 30.9)

Inf. Abl. −9.3 (5.3) 32.2 (27.0, 38.1)

Eff. Abl. −1810.7 (34.2) 8.4 (5.1, 13.2)

Uniform −1356.7 (19.4) 8.3 (8.3, 8.3)

Human Ð 41.6 (39.8, 42.9)

Unknown-goal

Oracle 0 (0) 25.2 (19.0, 32.6)

Full −68.2 (14.9) 22.2 (16.5, 28.7)

Inf. Abl. −40.3 (7.1) 25.9 (20.5, 32.0)

Eff. Abl. −1540.5 (41.8) 7.7 (4.7, 11.2)

Uniform −1097.9 (31.8) 8.3 (8.3, 8.3)

Human Ð 40.1 (38.6, 41.0)

Designing for a cook who knows which dish to make

In the ‘known-goal’ condition, participants’ furniture place-

ments differed reliably depending on which dish the kitchen

was designed for. As an initial exploratory check, we com-

puted the total variation distance (TVD) between placement

distributions for tomato salad versus onion salad within each

layout, testing significance via permutation of dish label

within each kitchen (Figure 3B; TVD = 0.373, p < .001).

We then compared models using ∆ elpd and top-1 accuracy

(see Table 1). Cross-validated model comparison strongly fa-

vored the Oracle model over a Uniform baseline (∆elpd =

−1356.69± 19.38), confirming that participants valued de-

signs that supported efficient task completion. However, top-

1 accuracy did not clearly discriminate among models: Or-

acle, Full, and Inference-Ablation all had overlapping con-

fidence intervals. This suggests that while models differed

in how they distributed probability across placements, they

often agreed on which placement was most likely. A split-

half noise ceiling shows that humans were more consistent

with each other than with any model, but the models capture

a substantial portion of the systematic variance.

Designing for a cook who does not know which dish to

make In the ‘unknown-goal’ condition, participants’ fur-

niture placements similarly differed depending on the tar-

get dish (TVD = 0.446, p < .001). Participants also made

different design decisions across conditions, though this ef-

fect was smaller than the differences by dish (Figure 3B;

TVD = 0.159, p = .010). This suggests that participants rep-

resented the cook’s uncertainty over which dish to make, and

that this influenced their design choices. Figure 3A illus-

trates this pattern: in the ‘known-goal’ condition, participants

placed furniture to minimize steps, whereas in the ‘unknown-

goal’ condition, participants blocked access to the onion dis-

penser, ensuring the cook could only make the intended dish.

However, model comparisons did not reveal the predicted

pattern (Table 1). We hypothesized the Full model would

outperform the Oracle when cooks must infer their goal, but

cross-validated comparison favored the Oracle in both condi-

tions (∆elpd=−68.16±14.92). As in the known-goal condi-

tion, top-1 accuracy showed overlapping confidence intervals

among the top models, suggesting that the models converged

on similar modal predictions despite differing in their full

distributions. The Efficiency-Ablation model performed sub-

stantially worse (∆elpd =−1472.35±51.92), indicating that

efficiency remained central to participants’ design choices

even when cooks faced uncertainty. Although participants re-

liably made different designs when cooks faced uncertainty,

our models did not capture this difference.

Discussion

We asked whether design choices and inferences about design

are grounded in reasoning about how agents act to achieve

their goals. We found evidence for this in both directions. De-

signers created environments that helped users complete the

intended task. When designers believed users were uncertain

about their goal, they adjusted their designs accordingly. Ob-

servers inferred design intent by assessing which tasks an en-

vironment made relatively faster to complete. In both cases, a

model that simulated efficient, goal-directed agents also cap-

tured patterns in people’s judgments about design.

One limitation is that our design task did not clearly dis-

criminate between models based on efficient action alone, and

those that additionally reasoned about the communicative in-

tent of a designer. This may have been due to an overly sim-

ple ªdesignº setting, where efficient designs for completing a

goal were often very similar or identical to designs that would

have overtly ªcommunicatedº that goal. Follow-up work will

explore more complex environments that can better distin-

guish between these different design intentions.

Our current work also focused on environments designed

for users to efficiently complete their goals. But good design

can serve many other functions. A classroom might sacrifice

physical efficiency to prevent injuries or reduce distraction. A

core tenet of real design practice is also that ªgood design is

unobtrusiveº (Lovell, 2011). This might mean that designers

choose to invest mental effort so that users do not have to ±

so that knowing where to go, or what to do, seems transpar-

ent to the user (Gibson, 1979; Kirsh, 1996; Rubio-Fernandez

et al., 2025). Future work can explore how designers build

environments to shape how people think within them.

Finally, our paradigm treated design as a one-shot choice

among discrete options. Real-world design is often iterative

and involves ill-defined objectives (Goldschmidt, 1991; Rit-

tel & Webber, 1973; Simon, 1969). A complete account of

design will require studying how people explore and revise in

underspecified, unbounded design spaces.
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