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Abstract

Computational measures of dissimilarity are increasingly used in generative design and creativity support systems
to compare and explore design alternatives. However, dissimilarity in creative contexts is not purely physical or
statistical but also perceptual and interpretive, which raises questions about whether computational measures
capture the same distinctions humans do. Therefore, understanding the relationship between computational
and perceived measures of dissimilarity is important for interpreting how algorithmic metrics relate to human
creative judgment. In this work, we conducted an experiment in which participants judged the dissimilarity of
3D geometries and compared these judgments with values produced by a computational measure. Our findings
indicate limited alignment between computational and perceptual dissimilarity. However, the computational
measure significantly predicted variability in human judgments, suggesting that it captures perceptual salience or
agreement rather than the perceived magnitude of dissimilarity. These results highlight the need for perceptually
grounded metrics in generative design systems.

Keywords
Computational Dissimilarity, Generative Design, Perception, Evaluation

1. Introduction

Creativity is recognized as a cornerstone of innovation in design, science, and the arts. Yet, it remains
difficult to define and measure. A common consensus describes creativity as the production of ideas
or artifacts that are both novel and appropriate [1, 2]. Other work by Boden [3] poses that for work
to be considered creative, it must be original, surprising, and useful. While these definitions provide
some clarity of creativity as a construct, operationalization in empirical research still poses significant
challenges.

Creativity is context-dependent and multidimensional, making direct evaluation difficult [4, 5]. While
creativity cannot be reduced to a single perceptual or evaluative process, empirical and computational
approaches may rely on measurable proxies to approximate aspects of human creative assessment. One
widely used proxy for creativity is divergent thinking performance, typically measured by fluency,
originality, flexibility, or elaboration scores [6, 7]. Although divergent thinking tasks have some
predictive validity regarding creativity, they capture only a subset of creative cognition and are sensitive
to scoring procedures and task framing (8, 9].

In computational creativity and generative design, similar proxy-based methods are often used to
operationalize concepts such as novelty, diversity, and surprise, which are typically understood in
relational terms. For example, an artifact is considered novel or surprising because it differs from prior
examples, expectations, or alternatives in a design space [3, 10, 11]. As a result, computational design
systems rely on measures of similarity or dissimilarity to estimate how distinct a generated artifact is
from others, using these as proxies for creative variation or exploration.
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Figure 1: Overview of the 30 individual Building Spatial Designs (BSDs) adopted from Pereverdieva [16]. These
designs served as the base set from which all stimulus pairs shown to participants during the experiment were
constructed.
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Computational design systems, including design process simulations, generative design tools, and
Artificial Intelligence (AI) systems, can now produce and transform large numbers of design alternatives,
making manual comparison and evaluation impractical. As a result, computational measures are
increasingly used because they are scalable, reproducible, and efficient. For example, similarity and
alignment metrics such as CLIPScore [12] quantify semantic alignment between images and text, while
structure-based or domain-specific measures compute geometric or feature-based distances between
design artifacts. However, such metrics are ultimately abstractions of similarity or difference, typically
derived from feature spaces, embeddings, or algorithmic distance functions. Empirical validation against
human perceptual judgments is therefore essential for safeguarding that computational proxies function
as perceptually meaningful indicators rather than purely mathematical abstractions.

An open question, however, is whether such computational measures meaningfully correspond to
human perceptual judgments. Human evaluations of similarity and difference are not purely statistical,
but are shaped by salience, interpretation, structure, and context [13, 14]. Research in cognitive
psychology demonstrates that similarity judgments can be asymmetric and are even sensitive to
phrasing or task framing [14]. For example, framing a task as “similarity” versus “dissimilarity,” or
asking whether object A is different from object B versus asking whether object B is different from
object A, can yield different results even when the compared stimuli are identical. This suggests that
similarity and dissimilarity judgments can involve different cognitive processes and may not map
linearly onto one another [14, 15]. The question is how well these sensitivities in subjective evaluations
can be captured in computational metrics. If generative systems rely on computational dissimilarity
measures that diverge from human perception, they may optimize for mathematically distinct outputs
that are not perceived as meaningfully different by users.

In this work, we investigate the extent to which computational dissimilarity scores of 3D geometries
correlate with human perceptual similarity and dissimilarity judgments. In doing so, we seek to
inform the design and validation of computational metrics used in design support systems, including
design process simulations and creative Al systems, to align algorithmic measures with human creative
perception.

2. Method

2.1. Design & Participants

A mixed-design online study was conducted in which each participant evaluated the perceived dissimi-
larity of pairs of 3D geometries. The stimulus set consisted of 100 pairs of Building Spatial Designs (BSD
pairs), sampled from all possible pairwise combinations of 30 individual BSDs taken from Pereverdieva
[16]. The BSDs were all of comparable complexity, containing identical numbers of spaces and layers,
thereby limiting variability arising from differences in overall design complexity. For each BSD pair,
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Figure 2: Two example trials shown during the online study. Left: dissimilarity condition. Right: similarity
condition.

dissimilarity was precomputed using a dissimilarity measure adapted from Pereverdieva et al. [17]
(Figure 1).

Given that human perceptions of similarity are already sensitive to task phrasing [14], two conditions
were used: participants were randomly assigned to either the dissimilarity or the similarity condition,
in which participants were asked to judge the perceived dissimilarity or similarity of the pairs. Then, to
support the estimation of inter-rater reliability and stable variance component estimation in mixed-
effects models [18, 19, 20], approximately 20 ratings per BSD pair across two conditions were needed,
which corresponded to 4000 observations. To limit participant fatigue during the online experiment,
each participant rated 40 randomly selected BSD pairs. With this setup, a minimum of 100 participants
was required to reach the target number of observations. In total, 115 participants were recruited
through the Prolific platform, of which 14 participants were excluded due to low data quality. The
final sample consisted of 101 participants (48 female, 53 male), between 19 and 60 years old (M = 31.56,
SD = 8.09). Ethical approval for conducting this study was obtained from the Ethical Review Board of
Eindhoven University of Technology, reference ERB-722, prior to data collection.

2.2. Procedure

Prior to starting the online study, participants were informed about the aim of the study. After providing
consent to their participation, participants performed a trial run of rating one BSD pair. Then, each
participant evaluated a random subset of 40 out of the 100 BSD pairs on perceived dissimilarity or
similarity (depending on the condition) using a slider ranging from 0 to 100, in random order (Figure
2). The experiment was set up in such a way that participants had to rotate both 3D models before
continuing to the next set of stimuli. To not influence the participants, they were not informed on
how to evaluate (dis)similarity, which would defeat the purpose of this study. After rating 40 BSD
pairs, participants were asked which features they took into account or relied on when evaluating
(dis)similarity. Finally, participants were asked demographic questions about age and gender. The online
study was conducted using the Lab]S framework [21] and took approximately 25 minutes to complete.
Participants received monetary compensation for their participation after the study concluded.

2.3. Measurements

The computational dissimilarity values were calculated for each BSD pair using a dissimilarity measure
proposed by Pereverdieva et al. [17] (Equation 1), which consists of topological dissimilarity dggp
and two components of geometric dissimilarity using volumetric overlap dyo; and distance between
matching spaces deops:

d(Gy.Gy) = widGep(Gy, Gy) + wadyoi(Gy, Gy) + Wadeom(Gy, Gy) (1)
L2 %1 + Wy + W3




where G; and G, denote two BSDs with wy, wy, w3 = 1, ensuring that d(G;, G,) € [0, 1].

The first component, dggp (Equation 2), is calculated using the concepts of edit distance and adjacency
graphs via adjacent spaces, using a Graph Edit Distance (GED) implementation following Abu-Aisheh
et al. [22]. Each 3D building geometry is represented as a graph G = (V, E), where each node v € Vmaps
to a space within the 3D geometry, and an edge e € E exists if and only if two spaces are adjacent (i.e., at
least share one point in common). The GED algorithm finds an optimal edit path ¢ € ® to transform G,
into a graph isomorphic to G, using a minimal set of node and edge edit operations (insertion, deletion,
substitution), yielding a mapping f : V; — V;. The topological dissimilarity is defined as:

. Zeeqﬁ c(e)
dgep(Gy, G2) i E )
where ¢ denotes an edit path, ® the set of all possible edit paths, c(e) the cost of edit operation e, and
|V1| + |E;| the total number of elements in G, normalizing the result to [0, 1].

The second component, dy o, (Equation 3), captures the geometric dissimilarity between matching
spaces by considering their volumetric overlap. Using the previously obtained mapping f : V1 — V2,
each space v € V; is matched to a corresponding space f(v) € V,. To compare the geometry of a
matched pair, the centers of mass of vand f(v) are first aligned. Next, space vis transformed into 4r
alternative orientations vy, v, ..., vy, by applying r rotations and mirroring over the x- and y-axes. For
each transformed orientation, geometric overlap is quantified using the Jaccard distance [23] (Equation
4), which quantifies overlap for optimally aligned spaces. The geometric dissimilarity (bounded between
0 and 1) based on volumetric overlap is then:

1

dvol (GlﬁGZ) = |V |
1

in dj(v, 3
P rein 1 (% f(V)) (3)

where the minimum operator selects the orientation that yields the greatest volumetric overlap between
a space and its matched counterpart. For each transformed orientation v, the Jaccard distance with
f(v) is computed as:

e U fW)I = e 0 f ()
e U fW)l
where [y N f(v)| denotes the intersection volume shared by both spaces and |w U f(v)| denotes their

union volume.

The third component, dopps (Equation 5), captures geometric dissimilarity arising from differences in
the spatial location of matching spaces within the two 3D geometries. Rather than comparing different
spaces that happen to share similar locations, the measure evaluates the average Euclidean distance
between the centers of mass of all topologically matched spaces identified by the graph correspondence
mapping. The geometric dissimilarity based on center-of-mass distance is then:

deom (G1,Gp) = ﬁ ¥ eom(@) —;Om(f(i)llz .
ieVy

dy (e, f(v)) = (4)

where |[com(i) — com(f(i))|, denotes the Euclidean distance between the centers of mass of matched
space i and f(i), and D the largest bounding box diagonal of either 3D geometry. The result is bounded
between 0 and 1.

Prior to analysis, several bugs identified in the original Python implementation of the dissimilarity
measure were corrected. These included a failure to iterate over all spaces when computing the
volumetric dissimilarity component (Equation 3), and the use of a fixed rather than pair-specific
normalization value D in the distance component (Equation 5). The corrected implementation was
rewritten in C++ and used to compute all dissimilarity values reported here.

Due to the computational dissimilarity values observed in the stimulus set being concentrated within
a restricted range (min = 0.237, max = 0.516), binning across the full [0 — 1] interval did not yield
balanced pair counts. To ensure meaningful coverage of the observed dissimilarity spectrum, pairs
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Figure 3: Example pairs of Building Spatial Designs (BSDs). The top row shows perceived dissimilarity, and the
bottom row shows computational dissimilarity. From left to right: low, medium, and high dissimilarity.

were smartly chosen to ensure a wide range of computed dissimilarity values. Specifically, 15 pairs
were sampled from the lowest 10% and highest 10% of dissimilarity values, and 70 pairs were sampled
across intermediate percentiles, resulting in a total of 100 BSD pairs for human evaluation.

3. Results

3.1. Participant Agreement in Perceptual Judgment

To assess the degree of participant agreement, inter-rater reliability was assessed using a variance
component approach, which fits the incomplete rating design in which each participant evaluated a
subset of 40 out of 100 BSD pairs. Intraclass correlation coefficients (ICCs) at the stimulus-pair level
were low in both conditions (ICCgjpilar = 0-19; ICCqissimilar = 0-09), indicating limited agreement among
participants in how they ranked the relative (dis)similarity of specific BSD pairs. In this analysis, the
ICC reflects the extent to which different participants provide consistent ratings for the same stimulus
pair, i.e., whether certain pairs are reliably judged as more or less (dis)similar across observers. The
combined ratings showed a slight increase (ICC = 0.14) compared to the dissimilarity condition but
remained low overall. These results suggest that (dis)similarity judgments were highly subjective, with
little consensus across participants.

In contrast, ICCs computed at the participant level were higher (ICCgjpilar = 0-25; ICCgissimilar =
0.38; ICCcombined = 0-32). Here, the ICC reflects the consistency of individual participants’ response
tendencies across stimulus pairs, i.e., whether some participants systematically use the rating scale
differently regardless of the specific stimulus pair. The fact that participant-level variance exceeded
stimulus-pair-level variance suggests that systematic individual differences in rating style contributed
more to the observed variability than the differences between BSD pairs themselves.

Taken together, these results indicate that perceived (dis)similarity is not consistently shared across
participants but varies substantially between individuals. This implies that human judgments of
dissimilarity cannot be treated as a single, stable ground truth.

3.2. Alignment Between Computational and Perceived Dissimilarity

As a validity check, the relationship between mean pair-level ratings in the dissimilar and similar
conditions was examined. A strong negative correlation was found between the two conditions (p =
-0.85, p < .001), indicating that pairs judged as more dissimilar in the dissimilar condition tended to be
judged as less similar in the similar condition. This suggests that participants in both conditions were
sensitive to the same underlying perceptual differences between BSD pairs, and that ratings could be
analyzed separately as well as combined. Figure 3 shows six examples of BSD pairs that were computed
or rated as low, medium, and highly dissimilar.
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Figure 4: Mean perceived dissimilarity as a function of computational dissimilarity. The shaded area represents
the variability in human ratings across participants. The mean rating remains largely stable, while the spread of
ratings increases at higher computational dissimilarity values.

The relationship between the computational dissimilarity values and perceived dissimilarity ratings
was then examined using Spearman rank correlation coefficients with bootstrapped 95% confidence
intervals. Effect sizes were interpreted following conventional guidelines [24]. Results indicated small,
statistically nonsignificant correlations between computational and perceived dissimilarity values across
both conditions. In the similar condition, a small negative correlation was observed (p =-0.119, 95% CI [-
0.142, 0.137], p = .237), indicating that higher computational dissimilarity values were weakly associated
with lower similarity ratings, consistent with the expected direction. In the dissimilar condition, a
small positive correlation was found (p = 0.123, 95% CI [-0.146, 0.140], p = .223), again indicating weak
alignment. Given the strong inverse relationship between similarity and dissimilarity ratings, similarity
ratings were inverted and combined with the dissimilarity ratings. The resulting correlation with
computational dissimilarity remained small and non-significant (p = 0.121, 95% CI [-0.024, 0.256], p =
.087).

To further examine this relationship while accounting for the hierarchical structure of the data, a
mixed-effects beta regression was conducted. Perceived dissimilarity values were first transformed
to an open interval (0, 1) according to Smithson and Verkuilen [25]. Beta regression is appropriate
for modeling continuous outcome variables bounded between 0 and 1. Consistent with the Spearman
analyses, computational dissimilarity was not a significant predictor of mean perceived dissimilarity (8 =
1.46, SE = 1.085, z = 1.35, p = .179), suggesting limited alignment between the computational metric and
the central tendency of human judgments. However, computational dissimilarity significantly predicted
the dispersion of perceptual ratings (f = -1.59, SE = 0.433, z = -3.67, p < .001). In beta regression, the
dispersion parameter is inversely related to variance; therefore, the negative coefficient indicates that
variability in perceptual ratings increased with higher computational dissimilarity values (Figure 4). In
other words, although the computational metric did not predict how dissimilar participants perceived
BSD pairs to be on average, it was associated with how consistently those judgments were made.

Across participants, several recurring strategies for judging (dis)similarity emerged from the qualita-
tive responses, although no single strategy was reported universally by all participants. First, multiple
participants indicated relying on the overall global shape of the BSDs, suggesting an emphasis on holistic
comparisons. Second, several responses highlighted the importance of size and spatial proportions,
including height, width, and volume, indicating that metric properties were used as key heuristics in
similarity judgments. Finally, some participants reported attending to distinct geometric features such
as “holes”, “cavities”, and “cut-outs”, which were frequently described as particularly diagnostic for
distinguishing between the 3D geometries.

Taken together, these findings indicate that the computational dissimilarity metric accounts for only



a small proportion of variance in perceptual judgments, raising questions about the extent to which it
captures perceptually relevant differences between the 3D geometries. In addition, participants indicated
that (dis)similarity judgments were primarily driven by a combination of global shape perception, metric
scaling, and distinct features, which are elements currently not implemented in the computational
dissimilarity measure used in this work. Nevertheless, the association with rating dispersion suggests
that while the computational metric does not reliably predict perceived dissimilarity itself, it appears to
be associated with the degree of perceptual consensus across observers.

4. Discussion

This study examined the extent to which a computational dissimilarity measure aligns with human per-
ceptual judgments of similarity and dissimilarity in 3D geometries. Overall, the results indicate limited
alignment between computational and human judgments, while revealing an interesting relationship
between computational metrics and perceptual agreement.

A central finding is that correlations between computational and perceived dissimilarity were con-
sistently small and non-significant across conditions. This suggests that the computational measure
explains only a limited proportion of variance in perceived dissimilarity, indicating that it does not quite
capture the perceptual dimensions that the participants relied on when evaluating the 3D geometries.
This finding aligns with insights from cognitive psychology that similarity judgments are not purely
determined by physical or statistical features, but are shaped by salience, interpretation, and contextual
framing [13, 14]. From this perspective, computational measures that operate on fixed feature represen-
tations or embedding spaces may fail to reflect the flexible and context-dependent nature of human
judgment.

At the same time, the mixed-effects beta regression revealed a different pattern. While computational
dissimilarity did not significantly predict perceived dissimilarity, it significantly predicted the dispersion
of ratings. Specifically, the variability in human judgments increased when computational dissimilarity
increased, indicating lower agreement among participants when evaluating highly dissimilar BSD
pairs, and higher agreement for more similar BSD pairs. This suggests that the computational measure
captures not what people perceive as different, but rather when perceptual differences become more
salient.

This finding may reposition the use of computational similarity metrics in creativity support systems
as well. Rather than directly approximating perceived dissimilarity, computational metrics may function
as indicators of perceptual clarity or salience. In other words, they may be more effective at identifying
regions of the design space where differences are consistently recognized by humans rather than
accurately modeling the magnitude of perceived differences.

The strong negative correlation between similarity and dissimilarity ratings (p = -0.85) indicates that
participants were broadly sensitive to a shared perceptual structure, but the less-than-perfect (smaller
than 1) correlation suggests that similarity and dissimilarity judgments are not fully interchangeable.
This finding contributes to ongoing discussions about whether similarity and dissimilarity can be treated
as mathematically equivalent in empirical settings and supports the need to consider task framing when
designing perceptual studies and evaluation metrics [14].

4.1. Implications for Design Systems, Generative Design, and Creative Al

The findings of this study have implications for the use of computational similarity and dissimilarity
measures in design systems and creative Al systems as well. Such metrics are often used to guide
exploration, promote diversity, or even evaluate generated output. However, the weak alignment with
human perceptual judgment suggests that relying on these measures may lead to unintended outcomes.
For example, systems may prioritize variations that are computationally distinct but perceptually similar
or overlook differences that are meaningful to users. At the same time, the observed relationship with
perceptual agreement suggests another role for computational metrics. Rather than serving as direct
proxies for human judgment, they may be used to inform hybrid approaches in which computational



measures are combined with human-in-the-loop evaluations [26], or to point human attention to
ambiguous regions of the design space.

These findings also point to the need for the development of more perceptually grounded dissimilarity
measures. Rather than relying solely on algorithmic distance functions, future measures may benefit
from being explicitly informed by human perceptual mechanisms. This could be achieved, for example,
by learning from perceptual data or through iterative human-in-the-loop refinement. Such approaches
could help bridge the gap between computational efficiency and perceptual relevance, leading to
measures that better reflect how differences between designs are actually experienced by users.

4.2. Limitations & Future Work

Several limitations should be taken into account when interpreting these results. The computational
dissimilarity values showed a relatively restricted range (min = 0.237, max = 0.516), which may have
reduced sensitivity to detect stronger relationships with perceptual judgment. In addition, the low
inter-rater reliability at the stimulus-pair level indicates substantial variability in individual judgments.
While this reflects the subjective nature of the task, it also limits the extent to which shared perceptual
structures can be inferred for 3D geometries. Furthermore, the BSD corpus used in this study consisted
of designs with comparable structural complexity. Although this helped reduce potential confounding
effects arising from differences in design complexity, it also limits the generalizability of the findings to
more heterogeneous stimulus sets.

These observations suggest several directions for future work. Expanding the range and diversity of
stimuli beyond those of Pereverdieva [16] may help to better capture the full spectrum of perceptual
differences and increase sensitivity to potential alignment with computational measures. Future studies
could also investigate whether variations in design complexity itself influence perceptual agreement.
Moreover, participant feedback indicated that perceptual judgments were often based on features not
explicitly represented in the current computational measure, including global shape information (e.g.,
bounding box or volumetric form) and other holistic properties. This suggests that incorporating higher-
level or more global geometric features may improve alignment with human perceptual judgment.

5. Conclusion

This work investigated the extent to which a computational measure of dissimilarity aligns with human
perceptual judgment in a specific context involving 3D geometries. Across correlation and mixed-
effects analyses, the results indicate limited alignment between computational dissimilarity values
and human judgments. At the same time, the findings suggest that, in this work, the computational
measure captures aspects of perceptual salience or clarity, rather than directly approximating perceived
dissimilarity. These findings may contribute to a more nuanced, general understanding of the role of
computational dissimilarity in design systems, creativity support systems, and creative Al systems, and
highlight the need for approaches that combine computational efficiency with perceptual grounding.

Future work should explore the development of perceptually informed dissimilarity measures and
investigate how human judgments can be more effectively integrated into computational design systems.
Understanding not only what computational measures capture, but also when they diverge from human
perception, is essential for developing systems that meaningfully support human-centered design and
creativity.
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