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AI Judges in Design: Toward
Expert-Equivalent Design
Evaluations with
Vision-Language Models and
In-Context Learning
The subjective evaluation of early-stage engineering designs, such as concept sketches, tra-
ditionally relies on human experts. However, expert evaluations are time-consuming, ex-
pensive, and sometimes inconsistent. Recent advances in vision-language models (VLMs)
offer the potential to automate design assessments, but it is crucial to ensure that these
AI "judges" perform on par with human experts. This work introduces in-context learn-
ing (ICL)-enhanced VLM judges and a comprehensive statistical framework (including
agreement, error, correlation, statistical difference checks, equivalence testing, and top-
set overlap) to rigorously assess AI-expert equivalence. Across two case studies, we show
that reasoning-enabled VLMs are the strongest-performing AI judges. They consistently
outperform 2/3 trained novices across all metrics, and for measures such as uniqueness,
creativity, and drawing quality, they approach expert-equivalent performance. In specific
cases, they even exceed expert–expert agreement, attaining lower mean absolute error
and higher rank correlations than the expert baseline. These findings suggest that, on
certain statistical tests, AI judges are not only approaching expert-expert equivalence but
in some cases surpassing it.

1 Introduction
In engineering design, assessing the quality and creativity of

early concept sketches is a critical but challenging task [1–3]. De-
signers and researchers often rely on subjective evaluations by do-
main experts to judge the creativity, novelty, aesthetic appeal, and
functional feasibility of a design concept [4–6]. This approach,
while considered the gold standard, faces well-known issues: ex-
pert assessment is labor-intensive, potentially costly, and can suffer
from variability due to personal biases and differing criteria. While
defining expertise within a domain remains an active area of re-
search [7], leading researchers argue that expert-level judges should
possess “at least some formal training and experience in the target
domain” [8]. Yet even within panels of experts, achieving con-
sistency is non-trivial, typically necessitating multiple judges and
statistical checks for inter-rater reliability (e.g., intraclass correla-
tion coefficients) [9]. At the same time, crowdsourcing has been
explored to increase throughput of design evaluations, but without
careful control it may yield noisy results [10,11]. For example,
studies show that averaging across a large crowd of non-experts
can lead to inaccurate evaluations, with some raters providing sys-
tematically biased judgments [12]. These challenges motivate the
search for scalable, reliable alternatives or complements to human
expert judges.

Artificial intelligence (AI) offers a promising avenue to address
this need. In particular, vision-language models (VLMs), which
are AI models that combine image and text understanding, have re-
cently achieved remarkable capabilities in interpreting visual con-
tent and producing human-like judgments [13–15]. For example,
DriveLLaVA [16] is a VLM fine-tuned to make human-level judg-
ments in driving scenarios, while Lin et al. [17] developed models
capable of distinguishing AI-generated from human-created art.
Their work was driven by the observation that humans can often
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tell the difference, but large-scale human evaluation is costly and
impractical.

In engineering design, a sufficiently advanced AI could assess
a sketch’s creativity or functionality in seconds, enabling real-time
feedback and rapid screening of large idea pools. However, de-
ploying AI as a design “judge” demands caution: its evaluations
must be as credible and valid as those of a human expert. In other
words, the AI’s ratings should be equivalent to expert ratings for
us to trust its judgments in critical design decisions.

Recent developments make the goal of expert equivalence in-
creasingly plausible. Modern VLMs and other multimodal meth-
ods have demonstrated an ability to understand drawings or images
and relate them to semantic concepts. In engineering design, such
models have shown high correlation with human assessments of
creativity and other metrics [18–21]. However, these methods re-
quire large amounts of training data, limiting their practical use.

Preliminary work has shown that pre-trained VLMs can assess
design similarity [22], and other studies explore LLMs in engineer-
ing tasks like solving mechanics problems [23] or building trusses
using FEM modules [24]. These results suggest that with the right
models and inputs, AI can capture the nuanced criteria used by
experts.

However, a key challenge remains: rigorously verifying that
AI evaluators truly match expert performance. Prior studies of-
ten report high correlations or small average errors [18,25]. While
encouraging, such measures alone do not confirm that the AI’s per-
formance is indistinguishable from that of a human expert within
acceptable bounds. What is needed is a rigorous statistical equiv-
alence perspective: instead of asking whether the AI is simply
correlated with or not significantly worse than humans, we ask
whether any difference between the AI and human evaluations is
within acceptable bounds across multidimensional criteria. Adopt-
ing statistical equivalence testing provides a more stringent and
meaningful validation that the AI can serve as a surrogate for hu-
man judges with confidence and highlights areas of improvement
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for future AI judges.
In this paper, we address this gap by developing AI “judges”

for evaluating design sketches and by introducing a comprehensive
framework to test for expert equivalence. We focus on two case
studies of rating early-stage design sketches on subjective metrics
commonly used in conceptual design assessment (e.g., uniqueness,
creativity, usefulness, drawing quality, and technical goodness).
We utilize in-context learning (ICL) which is a technique by which
a large-language model (LLM) or VLM learns to perform a new
task by seeing a few demonstrations of that task directly in the
prompt. In our case, ICL allows us to expose each AI judge to
examples of design sketches and an expert’s rating, thus better
aligning the AI judge to the expert’s preferences without retraining
or changing any parameters of the base VLM. We test five ICL-
enhanced VLM “judges” using a dataset of design sketches with
scores obtained by multiple design experts. We then design and ap-
ply a rigorous testing procedure to determine whether the models’
ratings are statistically on par with human expert ratings, within a
predefined tolerance margin. To our knowledge, this work is the
first to demonstrate and validate an AI model achieving expert-level
equivalence in an engineering design evaluation context.

Contributions: The key contributions of this work are as fol-
lows:

• We develop an ICL-enhanced AI judge built on a reason-
ing VLM that achieves expert-equivalent performance and, in
specific settings, exceeds expert–expert agreement. In par-
ticular, for creativity and drawing quality, we observe mean
absolute error and rank-correlation levels that surpass the ex-
pert–expert baseline.

• We propose a comprehensive statistical validation framework
to assess AI-expert agreement across multiple dimensions.
Our approach integrates correlation metrics, statistical dif-
ference hypothesis testing, error metrics, equivalence testing,
and top-set overlap analysis to provide a robust and quantifi-
able assessment of AI-expert agreement.

• We showcase two case studies rating design sketches on qual-
ities such as uniqueness, creativity, and drawing quality, re-
vealing that with carefully crafted in-context learning, one can
coax near-expert judgments from a pre-trained VLM.

– We show that top AI judges not only approach expert-
level agreement for many metrics, but also meet ex-
pert agreement better or the same as 2/3 trained novices
across all metrics.

– We confirm this quantitatively by verifying equiva-
lence with human experts using multipronged statistical
checks.

• We show that a handful of ratings from experts can be scaled
to rate thousands of designs using in-context learning for
VLMs while maintaining statistical equivalence to experts at
a level higher than the average trained novice.

The remainder of the paper is organized as follows. Section 2
(Related Works) reviews established metrics for design evaluation,
the use of vision-language models in subjective evaluation tasks,
in-context learning as a method of enhancing VLM performance,
and statistical methods for comparing AI with humans. Sections 3
and 4 present our methodology, including the development of AI
judges, the experimental setup for two case studies, and the statis-
tical framework for evaluating their performance relative to human
experts. Section 5 (Results) reports the experimental results, in-
cluding quantitative comparisons and illustrative figures. Section 6
(Discussion) interprets the findings, while Section 7 outlines Lim-
itations and Future Work. Finally, Section 8 (Conclusion) summa-
rizes the contributions and significance of this study for the design
engineering community.

2 Related Works
In the following sections, we describe related works on estab-

lished metrics for evaluating engineering designs, the use of vision-
language models for subjective evaluation, how in-context learning
can be used to enhance VLMs even in data-scarce domains, and
finally, established statistical methods for comparing raters.

2.1 Engineering Design Metrics for Design Evaluation. En-
gineering design literature has established a variety of metrics
to evaluate the outcomes of conceptual design and ideation. A
foundational distinction is that creative design quality is multi-
dimensional: a concept must be both novel and functional to be
truly valuable.

Various metrics are used to measure the creativity of a design
or idea. These metrics include, but are not limited to, expert
panels [5,26–29], the Consensual Assessment Technique (CAT)
which is based on using several expert raters [8,30,31], the Shah,
Vargas-Hernandez and Smith (SVS) method which outlines numer-
ical methods to assess the novelty, variety, quality, and quantity of
designs during idea generation [32], and the Comparative Creativ-
ity Assessment (CCA), which is based on the SVS method and
calculates the creativity of an individual concept in a set of de-
signs [33]. Among all the metrics created, CAT [8,30,31] is often
cited as the “gold standard” of creativity metrics; however, ob-
taining CAT ratings is very resource intensive [7,34,35] as expert
raters must code hundreds or thousands of ideas.

Many design studies employ expert judges to rate designs on
Likert scales corresponding to specific design attributes. CAT uses
human experts, averaging their scores to arrive at a reliable ground
truth for creativity. CAT relies heavily on the intraclass correla-
tion coefficient (ICC), and, particularly on having a sufficient ICC
between experts [36]. ICC signifies “the extent to which the mean
rating assigned by a group of judges is reliable”[36], and typically
ICC values of 0.7 or greater are considered acceptable levels of
agreement among judges [37,38]. Although experts can be consis-
tent, they are costly to obtain. Work by Miller et al., explores the
use of trained human novices as proxies for experts [9]. They find
that trained novices provide design ratings that are consistent with
experts for novelty but less consistent for quality, and that novice
agreement with experts varies if the metrics are social science or
engineering metrics.

Furthermore, algorithmic metrics (like Shah’s approach for nov-
elty or variety [32]) have been proposed, but they sometimes fail to
capture the subjective nuances that experts weigh. Data-driven ap-
proaches combine features from sketches with machine learning to
predict CAT-style scores [18,19], bridging the gap between purely
automated metrics and human judgment. Our work builds on these
approaches, leveraging machine learning to replicate expert-labeled
design metrics.

2.2 Vision-Language Models in Subjective Evaluation and
LLM-as-a-Judge. VLMs have shown strong performance on tasks
where images and text interplay, such as image captioning. Prior
design-centered work [18–21,39] often trains a model on a large
dataset of sketches labeled with, say, creativity scores, so that the
model can predict the scores for new sketches. Our approach dif-
fers: we do not train or fine-tune the underlying large model; we
rely instead on in-context learning, specifically few-shot prompt-
ing [40], in which we provide the VLM with a handful of demon-
stration examples that illustrate how a human might label a design.
The model then infers how to rate a new sketch in a similar manner.
This approach is attractive in design contexts where data is scarce,
or experts are reluctant to label hundreds of examples.

Recently, the concept of LLM-as-a-judge has been introduced,
which uses LLMs as judges for subjective tasks [41]. Works
have explored fine-tuning LLM-as-a-judge models to either en-
hance judgments of small language models [42] or to enhance
performance for regression tasks [43]. Other work [25] investi-
gates whether LLMs can assess chatbot responses as accurately
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Fig. 1 Top: the in-context learning (ICL) workflow utilized to develop our five AI judges. Bottom: the experimental
setup of Case Study 1. The AI judges utilize the ICL-workflow shown above to rate the test set of designs.

as humans in Chatbot Arena [44], comparing their evaluations
to MT-Bench human ratings [45]. Results suggest strong LLMs
(e.g., GPT-4) can approximate human judgments with 80% agree-
ment, offering a scalable alternative to human evaluation. How-
ever, biases such as position bias (favoring the first response) and
verbosity bias (favoring longer responses) remain concerns [25],
which could similarly affect design evaluations. Most often, LLM-
as-a-judge research only reports one statistic (agreement) when
comparing LLM’s ratings to those of humans, some research has
also reported agreement corrected for chance or Spearman’s cor-
relation [41]. However, even with these two additional statistics,
these results do not sufficiently capture if an LLM’s ratings align
with a human’s.

In a review of VLMs for engineering design tasks, researchers
tested GPT-4V’s ability to assess design similarity by replicating
human-based experiments [22,46]. Results show GPT-4V matches
or exceeds human performance in self-consistency and transitive
reasoning. Motivated by the opportunities of using VLMs as a
judge, as well as the need to ensure that VLMs’ ratings can match
those of experts, our work explores the effectiveness of VLMs
in subjective evaluation of designs. However, we move past just
off-the-shelf VLMs and incorporate advancements in in-context
learning to better align an AI judge with experts.

2.3 In-Context Learning. Few-shot in-context learning (ICL)
is the ability of an LLM to perform a new task given a prompt that
includes a few demonstrations of that task. The LLM, having seen
correct input-output pairs in the demonstrations, can effectively
produce a new output given a new input [40,47,48].

Thus, ICL is a way to adapt a language model to a new down-
stream task without fine-tuning or retraining a model, as was the
traditional way of making a model work for a new task. A visual
of how ICL is utilized for the AI judges in our case-study is shown
in Figure 1. ICL is particularly useful for data-scarce tasks. One
does not need as much data for a new task as they would need
if they were fine-tuning a model, since ICL only requires a few
input-output pair demonstrations [47,48].

Luo et al. identify several factors affecting ICL perfor-
mance [47]: the number and format of demonstrations, their order
(with later examples possibly having a greater impact), and their
diversity. Generally, more demonstrations benefit LLMs, although
improvements diminish as the count grows, and the maximum con-
text size remains a constraint.

2.4 Statistical Dimensions in Prior Work. We frame AI-
human alignment using six complementary dimensions established
in the literature. While inter-rater agreement is the most common
measure of reliability, agreement alone does not establish equiva-
lence. We therefore consider a broader suite of metrics that cap-
ture error, bias, relative ordering, and design-selection outcomes.
This ensures that where one measure is limited, another can re-
veal meaningful divergence or convergence between AI and human
raters.

(1) Inter-rater reliability and agreement. Chance-corrected
and absolute agreement are standard for ordinal or continuous rat-
ings, commonly via Cohen’s Kappa (weighted for ordinal scales)
and intraclass correlation (ICC) [49–51]. In design evaluation
specifically, ICC underlies the Consensual Assessment Technique,
a widely accepted expert-based method for assessing creativ-
ity [9,36].

(2) Error and bias. Deviation metrics (e.g., MAE, RMSE)
summarize rating error; Bland-Altman analyses visualize bias and
limits of agreement beyond correlation [52,53]. On bounded Likert
scales (1-6), RMSE adds little beyond MAE, but Bland-Altman
remains valuable for detecting systematic over- or underestimation
by models.

(3) Difference tests among groups. Nonparametric procedures
such as the Friedman test with post-hoc Wilcoxon signed-rank
comparisons detect overall and pairwise rating differences with-
out assuming normality [54,55]. These tests determine whether
AI-expert variability lies within the typical range of human-human
variability.

(4) Correlation analysis. Spearman’s 𝜌 captures monotonic
rank agreement suited to ordinal judgments [56]. High AI-expert
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correlation suggests that even if absolute scores differ, the model
preserves expert-like prioritization of higher- and lower-quality de-
signs.

(5) Equivalence tests. The Two One-Sided Tests (TOST) pro-
cedure directly tests whether differences fall within a predefined
margin, providing stronger evidence of practical parity than non-
significant difference tests alone [57].

(6) Top-set overlap. Jaccard similarity at varying cutoffs as-
sesses whether AI and experts select the same highest-rated items,
which is critical when design workflows emphasize only the best-
performing concepts [58].

3 ICL-enhanced VLM Methodology
We developed five ICL approaches for rating design sketches.

Unlike typical supervised learning that requires a large training set,
we show each model only a few demonstration examples. These
include (1) a reference design sketch image, (2) a short textual
description or prompt, and (3) the expert’s known rating for that
design. The model thus observes several (e.g., 9) such examples
in the prompt (this is the context), followed by a new target design
(this is the query) and must generate a rating. No parameter updates
occur; the large model remains unchanged. We simply rely on the
model’s ability, via few-shot ICL, to mimic the rating process it
saw in the examples.

3.1 Overview of our AI Judges. As described above, and
shown in Figure 1, different types of information can be provided
in both the context and the query. The value of using an AI
judge is that the evaluation is more automated, thus it was critical
that all of the information used in the context and query could be
automatically retrieved. As such, we first used a vision-language
model to extract the handwritten text descriptions that were on
each sketch. Specifically, we instructed GPT-4o to extract the text
descriptions from each design sketch via the API, and saved these
descriptions as to only run this automated step once. This provided
the textual description used in our later experiments.

The five AI judges that we developed each receive a description
of the design task, the design metric of interest (e.g., uniqueness),
and the rating scale on which to provide the ratings. Unless other-
wise stated, the VLM used was GPT-4o, specifically the “gpt-4o-
2024-08-06” release. The AI judges’ different contexts and queries
are as follows:

(1) AI Judge: No Context
(a) Context: None.
(b) Query: An image of the target design sketch.

(2) AI Judge: Text
(a) Context: Nine textual descriptions of different designs

and their expert ratings.
(b) Query: A textual description of the target design.

(3) AI Judge: Text + Image
(a) Context: Nine textual descriptions of different designs

and their expert ratings.
(b) Query: A textual description and an image of the target

design sketch.
(4) AI Judge: Text + Image + Reasoning

(a) Context: Nine textual descriptions of different designs
and their expert ratings.

(b) Query: A textual description and an image of the target
design sketch.

(c) Model: OpenAI o1 reasoning model.
(5) AI Judge: Text + Image + o3 Reasoning (abbreviated to

AI Judge: o3 Reasoning)
(a) Context: Nine textual descriptions of different designs

and their expert ratings.
(b) Query: A textual description and an image of the target

design sketch.
(c) Model: OpenAI o3 reasoning model.

3.2 Context Size and Selection. We ran a series of initial
experiments using 50 designs to determine the standard ICL and
prompting methodology used in the remainder of the study. We
varied the wording of the prompt, ultimately deciding to (1) re-
quire that the model first describe the target design, then provide a
justification for the rating it would assign that design, and finally
provide the numerical rating, and (2) restrict the model output to
a JSON format.

We also experimented with the number of context examples pro-
vided, evaluating performance for n =1, 5, 7, 9, 15, and 20 context
examples. We empirically found that using 9 context examples
and one target design (10 designs total) yielded the best results,
and increasing to 15 or 20 context examples did not improve per-
formance. We note that these were small-scale initial experiments
done to help our team create a standard starting point from which
to begin the main research.

Finally, we experimented with the modality (text and/or image)
of the context examples provided. We found that including an im-
age of the target design improved performance compared to using
only a textual description. However, including images of the con-
text examples did not improve performance; textual descriptions of
the example designs were sufficient. Although this result was coun-
terintuitive, similar findings have been reported in LLM4CAD [59]
and SpatialRGPT [60], where visual inputs did not always enhance
VLM performance relative to textual inputs.

Through our initial experiments exploring the number and nature
of context demonstrations, we found that using nine context designs
along with a tenth target query provided a reliable framework. To
minimize confounding variables, we kept this constant across all
judges and runs that used ICL. While systematically varying these
values is an important avenue for future research, it falls outside
the scope of this work. Details of the context set and selection
strategy are outlined for each case study in Section 4.1.

4 Methodology for Comparing AI Judges and Human
Experts in Design Ratings

We evaluated the five AI judges (AI Judge: No Context, AI
Judge: Text, AI Judge: Text + Image, and AI Judge: Text + Image
+ Reasoning) against the ratings given by experts for each design
metric. We compare each AI judge against each expert individu-
ally rather than against the averaged expert ratings to ensure that
all comparisons are made against ratings that were actually as-
signed. Across the two case studies and all design metrics, there
is an average MAE between the two experts of 1.08. Averaging
ratings would therefore frequently yield values that neither expert
provided. Moreover, because the Likert scale is ordinal and dis-
crete (1-6), averaging produces continuous values (e.g., 3.5) that
an AI judge constrained to the same ordinal scale would never
output. Treating experts individually also enables direct compar-
ison between AI-expert agreement and expert-expert agreement,
which serves as an empirical baseline for grounding the results of
statistical tests.

In Case Study 1, two human experts (Expert 1 and Expert 2) and
3 trained novices (Trained Novice 1-3) rated a total of 934 early
design sketches of milk frothers. This dataset2 originates from
prior studies [61–63], where each sketch was evaluated on a 6-point
Likert scale across four design metrics: uniqueness, creativity,
usefulness, and drawing quality. These ratings were provided by
two experts and three trained novices.

In Case Study 2, we utilized a dataset of 143 early-stage design
sketches of smartphone holders rated on uniqueness and technical
goodness by three experts [64]. Similarly, each design was rated
on a 6-point Likert scale. In contrast to Case Study 1, in Case
Study 2 there are no ratings from trained novices. The dataset can
be found here3.

2https://sites.psu.edu/creativitymetrics/2018/07/18/milkfrother/
3https://sites.psu.edu/creativitymetrics/2020/05/19/319/
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In both case studies, the expert raters were classified as such
based on their graduate degrees or completion of graduate course-
work in an engineering design-related field [9]. The novices are
trained using the modified Q-sort technique [65] in which experts
select “exemplars or benchmarks of what constitutes, for example,
a highly creative product and a highly uncreative product.” [9].
The novices are then trained using these examples. Our overarch-
ing goals were to determine:

(1) Which AI judge most closely aligns with the human experts’
ratings, and

(2) Whether any AI judges perform at a level comparable to a
human expert, and

(3) In Case Study 1: whether any AI judges perform at a level
comparable to a trained novice.

4.1 Data Preparation. In Case Study 1, we reserved 50
sketches, where both experts provided matching ratings, as our
context set for our ICL-enhanced AI judges. The full set of 934
sketches, including these context examples, was rated once by two
experts and three trained novices. To ensure an unbiased evalu-
ation, only the remaining 884 sketches were included in the test
set. Finally, any sketches missing ratings from any judge (expert,
trained novice, or AI) were removed, resulting in a final test set of
approximately 875 designs.

For each design metric, we selected nine context designs, which
were provided to all AI judges except for the "No Context" judge.
In each of the three runs, and independently for each design metric,
these nine designs were drawn from the reserved context set to
achieve two criteria: (1) agreement between the two experts, and
(2) a uniform distribution across the six-point Likert scale.

In Case Study 2, we analyzed a smaller dataset of 143 de-
signs with three expert raters. To maintain consistency with Case
Study 1, we used two experts as our expert-expert baseline. We
selected the pair of experts with the highest raw agreement in their
ratings for our two design metrics of interest: uniqueness and tech-
nical goodness.

To address the limited dataset size, we treated each run as a
separate experimental instantiation of the AI judge, corresponding
to a distinct set of sampled context examples. For each run, the test
set consisted of the 134 remaining designs once the nine context
designs were excluded. Context designs were again chosen to
satisfy the same two criteria as in Case Study 1: expert agreement
and uniform coverage of the rating scale.

4.2 Validation Metrics and Statistical Analyses. To thor-
oughly assess each AI model’s performance relative to the human
experts, we combined multiple statistical approaches. These were
selected based on the nature of the data (ordinal Likert ratings, lim-
ited to discrete integer values from 1 to 6), the goal of measuring
both absolute and relative agreement, and the need for nonpara-
metric methods given non-normal distributions. All analyses were
repeated separately for each of the design metrics.

Inter-Rater Reliability and Agreement. We assess AI-human
consistency using Weighted Cohen’s Kappa (quadratic) and Intr-
aclass Correlation Coefficient (ICC). Kappa accounts for chance-
corrected ordinal agreement, while ICC measures absolute agree-
ment. Higher values indicate stronger reliability.

Rationale: Kappa is suited for ordinal Likert data, adjusting for
partial agreement, while ICC treats ratings as continuous and re-
flects both correlation and agreement. Together, they ensure a
robust assessment of AI performance relative to human experts.

Error and Bias. We measure error and bias using Mean Abso-
lute Error (MAE) and Bland-Altman analysis of systematic bias.

MAE quantifies rating deviations:

MAE =
1
𝑁

𝑁∑︂
𝑖=1

| 𝑟𝑖 − 𝑟𝑖 | (1)

where 𝑟𝑖 is the AI rating and 𝑟𝑖 is the expert rating. AI models
are considered human-level if their MAE matches or is lower than
expert-expert MAE.

Bland-Altman analysis detects systematic bias by measuring
mean rating differences and their variability. This demonstrates
both the mean difference (or bias) between raters, as well as the
standard deviation (SD) between the raters. If the bias is close to
zero and most data points fall within ±1.96× SD of that difference,
the two raters exhibit strong agreement. If AI-expert differences
fall within the expert-expert limits of agreement (LoA), the AI
demonstrates human-like rating consistency.

Rationale: MAE directly measures rating accuracy and allows
comparison against expert disagreement levels. Since there is no
absolute ground truth, we compute MAE separately for each expert
reference.

Standard correlation does not always reveal systematic rating
biases. Bland-Altman analysis highlights potential biases and the
spread of disagreements at different rating levels, thereby indicating
if the AI’s errors are consistent with normal human disagreement.
Bland-Altman plots can reveal any systematic trends (heteroscedas-
ticity). For example, perhaps the models agree with humans on low
scores but diverge on very high scores. A trend line in the Bland-
Altman (differences growing with the mean rating) would indicate
the agreement depends on the sketch’s overall quality rating.

Statistical Difference Tests. We use the Friedman test to detect
overall rating differences between experts, AI models, and trained
novices. If significant (𝑝 < 0.05), Wilcoxon signed-rank tests
with Bonferroni correction identify specific AI-human differences.

Rationale: The Friedman test is non-parametric and suitable for
repeated measures. Pairwise Wilcoxon tests pinpoint which AI
models differ significantly from experts while controlling for mul-
tiple comparisons.

Correlation Analysis. Spearman’s rank correlation measures
whether AI models maintain the relative ordering of sketches. A
high AI-expert correlation near the expert-expert correlation sug-
gests strong alignment in ranking.

Rationale: Even if absolute ratings differ, AI models should ideally
rank sketches similarly to experts. Spearman’s 𝜌 evaluates this
ranking agreement.

Equivalence Testing. The Two One-Sided Tests (TOST)
framework assesses whether AI ratings are statistically equivalent
to expert ratings within a predefined tolerance (e.g., ±1.0 points).
A significant result confirms AI-expert rating similarity.

Rationale: Non-significant differences (e.g., from Friedman or
Wilcoxon tests) do not confirm equivalence; they only show no
evidence of difference. TOST directly tests whether any differ-
ences are small enough to be practically irrelevant, reinforcing or
contradicting findings of “no difference.”

Equivalence testing complements hypothesis testing. A non-
significant difference test means no detected difference, but a non-
significant equivalence test means insufficient evidence of equiva-
lence—often due to variability. If both tests support equivalence,
there is good evidence that an AI judge is matching an expert. If
difference is non-significant but equivalence fails, the AI is close
but lacks definitive proof of expert-level performance.
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Top-Set Overlap Analysis. Another practical way to evaluate
whether the AI models identify the same “best” sketches as ex-
perts is to measure set overlap in the top-rated designs. Although
correlation and MAE capture broad patterns, some design use cases
focus primarily on whether a model picks out the same top fraction
of designs that a human would. We can measure this by looking
at Jaccard Similarity at variable top-set cutoffs.

To compare an AI model and an expert at multiple thresholds,
we define the following methodology:

(a) Nominal Fraction. We start by choosing a series of nom-
inal cutoffs (e.g., 5%, 10%, 15%, . . . ) to indicate the in-
tended top 𝑘% of items for that expert’s ratings.

(b) Reference Expert Top Set + Ties. For each fraction 𝑓 , let
𝑁 = ⌈ 𝑓 · (total sketches)⌉. We collect the top 𝑁 sketches
from the expert, including all ties at the boundary rating.
In practice, if 𝑁 = 10 but the 10th and 11th sketches share
the same rating, we include both. As a result, the final set
may exceed 𝑁 items, yielding an actual fraction larger than
𝑓 .

(c) Model Top Set + Ties (Matching Size). Suppose the ex-
pert’s top set ends up being 𝑁𝑒 sketches (after ties). We
then form the model’s top set by taking at least 𝑁𝑒 items
under the same tie rule. This ensures neither the expert set
nor the model set excludes items arbitrarily cut off by rating
ties.

(d) Jaccard Similarity. Denote the expert’s top set by 𝐸top
and the model’s top set by 𝑀top. We measure

Jaccard(𝐸top, 𝑀top) =

|︁|︁𝐸top ∩ 𝑀top
|︁|︁|︁|︁𝐸top ∪ 𝑀top
|︁|︁ .

A higher Jaccard indicates better agreement on which
sketches are considered best.

(e) Plotting Actual Fraction vs. Jaccard. To compare the
models and experts, we record the actual fraction of total
sketches |𝐸top |/(total sketches) on the x-axis, since bound-
ary ties can inflate (or occasionally reduce) the set size. On
the y-axis, we plot the Jaccard similarity for each fraction.
Doing this for multiple fractions (5%, 10%, 15%, etc.) pro-
duces a curve showing how well the model and the expert
align on which items belong in progressively larger top sets.

(f) Comparing AUC of the Jaccard Top-Set Similarity To
quantitatively measure this metric, we find the AUC for the
Jaccard plots for Expert 1 vs. Expert 2, and for all five AI
judges vs. each expert as well as the three trained novices
vs. each expert. Figure 3 shows an example of this plot and
the AUC scores are reported in each of the run tables.

Rationale: Whereas correlation tests broad item-by-item rank
alignment, top-set overlap directly answers, “Does the model pick
out the same top-tier sketches that the expert considers best?”
This is often crucial in design or idea-generation tasks where only
the highest-performing concepts matter. By including ties at the
threshold, we avoid arbitrary cutoffs (e.g., one design that shares
the boundary rating gets left out of the model set but included in
the expert set). Furthermore, comparing multiple fractions reveals
if a model aligns strongly at small cutoffs (the absolute top 5%)
but diverges beyond that, or vice versa.

4.3 Decision Rules for “Human-Level” Ratings.

General thresholding. Our goal is to assess how well AI judges
can learn and approximate expert ratings, and we assess this across
a diverse set of agreement metrics with heterogeneous scales,
including bounded measures (e.g., Kappa, ICC, Spearman, Jac-
card AUC), unbounded error-based measures (e.g., MAE), and
hypothesis-test outcomes. To enable meaningful interpretation of
the scores, we anchor all thresholds to expert-expert performance.

We deem an AI judge “as good as” a human expert for a given
metric if the AI-expert score falls within 20% of the corresponding
expert-expert score, in the direction of worse performance. For-
mally, let 𝑀 be a positively oriented metric (“higher is better”:
Kappa, ICC, Spearman, Jaccard AUC). The AI-expert pair passes
if

𝑀AI, expert ≥ 0.8 × 𝑀expert, expert.

For negatively oriented metrics (“lower is better”: MAE, |bias|,
LoA width), the AI-expert pair passes if

𝑀AI, expert ≤ 1.2 × 𝑀expert, expert.

This relative threshold is intentionally defined with respect to
expert-expert performance rather than absolute metric values, re-
flecting the fact that expert agreement is itself imperfect and varies
across metrics. The 20% margin introduces controlled lenience
that accounts for finite-sample variability, metric sensitivity, and
non-zero expert disagreement, while still requiring AI performance
to remain close to the expert baseline.

Furthermore, we observe that most AI judges agree with an ex-
pert less closely than two experts agree with each other. As a
result, a strict cutoff at the expert-expert score would cause most
AI judges to fail across nearly all tests, obscuring meaningful dif-
ferences in relative performance among AI judges and reducing the
interpretability of the results. The exact threshold percentage could
be adjusted in future applications depending on the desired strict-
ness of expert-level equivalence. Overall, anchoring the thresh-
old to expert-expert agreement ensures that all conclusions remain
grounded in human performance.

Exceptions. (i) Equivalence: We use an equivalence margin
of ±1.0 in our TOST setup. This choice is motivated by the ob-
served disagreement between expert raters: across metrics and
case studies, the MAE between expert ratings ranged from 0.76 to
1.27, with an average of 1.08. Thus, a one-point difference on the
1–6 Likert scale reflects typical expert-level variation. Using an
integer-valued margin is also consistent with the discrete nature of
the Likert rating scale and avoids introducing artificial precision
beyond the resolution of the data.

(ii) Difference tests: If the Friedman test is significant (𝑝 >

0.05), we move on to the Wilcoxon signed-rank test. The
Bonferroni-corrected Wilcoxon p-value must be non-significant
(𝑝 > 0.05) for the AI vs. expert to pass this test.

We repeated these analyses independently for each of the design
metrics in each case study, so uniqueness, creativity, usefulness,
and drawing quality for Case Study 1 and uniqueness and technical
goodness for Case Study 2. We then summarized which judge(s)
met which criteria, and thereby concluded which judge performed
better and whether it operated at a “expert-level” for any or all
of the metrics. It is possible an AI judge is very good on some
metrics but not others, or beyond a trained-novice level but not yet
at an expert level. We note such cases in the Results section and
discuss overarching trends in the Discussion.

Practical Interpretation: If an AI consistently demonstrates close
agreement metrics, MAE ≃ expert-expert MAE, low bias and simi-
lar limits of agreement as expert-expert pairs, a TOST equivalence
outcome, no significant difference in distribution, and a strong cor-
relation with the expert, then it can be treated as being “as reliable
as” a human rater on that metric. Otherwise, we can examine
where it fell short (e.g., higher error, lower correlation, or failing
to show equivalence) to pinpoint which aspects of performance
need improvement. Lastly, we compared the five AI judges in
two respects: 1) among each other to determine which ICL setup
yielded ratings that best matched experts, and 2) against the three
trained human novices (in Case Study 1) on the same criteria to
identify if a well-developed AI judge shown just nine design-rating
examples could equally or more closely match expert ratings than
trained humans.
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(a) Mean absolute error across judges. Lower is better. (b) Spearman correlation across judges. Higher is better.

Fig. 2 Case Study 1: The AI-judge which utilizes o3 Reasoning, shown in yellow, outperforms the average trained
novice in MAE for all runs across all design metrics. Perhaps more significantly, it also outperforms the upper
baselines (expert-expert MAE and Spearman’s rank correlation) for all creativity and drawing quality runs.

5 Results
In this section, we report our findings for the two case studies.

We compare the ratings from the five AI judges (No Context, Text,
Text + Image, and Text + Image + o1 Reasoning, and Text + Image
+ o3 Reasoning (abbreviated as o3 Reasoning)) to the expert raters
in each case study, and report their statistical results separately for
each design metric (e.g., uniqueness).

How to Read the Results We show two example tables of the
entire set of statistical results from one run for one design metric
(Tables 1 and 6). In these tables, we report the baseline expert-
expert results of the statistical tests outlined in Section 8, as well
as the results from each of the other human judges and AI judges
compared to Expert 1 and then compared to Expert 2. If these re-
sults meet the thresholds described in Section 4.3 we display them
in bold and count them toward the number of tests passed. The
total number of tests is 9, corresponding to each of the columns,
with the Bland-Altman limits of agreement comprising two tests:
the mean difference and the standard deviation of the difference.
We include one plot of the Jaccard similarity at various fractional
cutoffs (Figure 3) to compare the various judges and help visualize
the Jaccard area under the curve (AUC) reported in the statistical
results. Since these comprehensive tables are quite dense, the rest
are provided in the supplementary material.

For each design metric in each case study, we also provide
summary results from all three runs (Tables 2- 5 for Case Study 1
and Tables 7- 8). The summary results are intended to allow for
easier comparison of different judges. The number of tests passed
(out of nine) for each run is shown as well as the average across all
three runs. A higher average is better. In these tables, the results
from the non-AI judges are shown with a gray background.

5.1 Case Study 1. For Case Study 1, we compare the ratings
from the five AI judges (No Context, Text, Text + Image, and Text +
Image + o1 Reasoning, and o3 Reasoning) against the ratings from
the two human experts (Expert 1 and Expert 2). The expert-expert
scores for each statistical test serve as a baseline. For each metric,
we provide the summarized results from all three runs (Tables 2, 3,
4, and 5). For clarity for the reader, we also provide one example

of the comprehensive statistical results from a single run for the
creativity metric in Table 1. The comprehensive statistical results
for all other runs are provided as supplementary material.

We report statistical measures of inter-rater reliability and agree-
ment, error, statistical hypothesis tests for differences among
groups, correlation, equivalence, and top-set overlap. The nine
statistical tests that we report in Tables 1-8 are outlined in Sec-
tion 4.2.

Fig. 3 The AI Judge: Text + Image + o3 Reasoning (ab-
breviated as o3 Ratings in the legend) reaches a higher
AUC than all of the trained novices and the expert-expert
agreement, therefore exceeding the upper baseline.
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Table 1 Run 1: Summary of Creativity results. Kappa and ICC are relative to the expert-expert baseline of 0.24. MAE
values compare to the observed Expert-Expert MAE = 1.26. Mean Diff ± 1.96 SD reports the 95% limits of agreement
from a Bland-Altman analysis; this reflects the spread of itemwise differences. “Equiv?” indicates whether TOST
found AI-expert equivalence within ±1.0 margin. Bold indicates model is within 20% of expert-expert agreement.

Comparison Kappa ICC MAE
Mean Diff
± 1.96 SD Equiv? Spear.

Wilcoxon
p-corr AUC

Tests
Passed

Expert 1 vs Expert 2 0.24 0.24 1.26 0.20 ± 3.16 - 0.21 1.19 · 10−03 0.58 -

Ex
pe

rt
1

Trained Novice 1 -0.01 -0.01 1.62 −0.88 ± 3.57 True -0.02 7.63 · 10−38 0.56 3/9
Trained Novice 2 0.09 0.09 1.37 0.61 ± 3.38 True 0.13 2.69 · 10−23 0.57 4/9
Trained Novice 3 -0.06 -0.05 1.50 −0.57 ± 3.60 True -0.05 4.88 · 10−17 0.57 4/9
AI Judge: No Context 0.05 0.05 2.04 −1.88 ± 2.96 False 0.11 1.04 · 10−113 0.58 2/9
AI Judge: Text 0.10 0.10 1.49 −1.02 ± 3.01 False 0.14 1.51 · 10−59 0.58 3/9
AI Judge: Text + Image 0.10 0.10 1.40 −0.56 ± 3.25 True 0.10 2.57 · 10−20 0.59 4/9
AI Judge: T + I + Reasoning 0.14 0.14 1.37 −0.91 ± 2.85 True 0.20 2.08 · 10−54 0.59 5/9
AI Judge: o3 Reasoning 0.15 0.15 1.29 −0.57 ± 2.99 True 0.16 1.63 · 10−25 0.57 4/9

Ex
pe

rt
2

Trained Novice 1 0.15 0.15 1.33 −0.68 ± 3.08 True 0.17 2.64 · 10−31 0.60 5/9
Trained Novice 2 0.13 0.13 1.37 0.81 ± 3.12 True 0.14 1.13 · 10−40 0.60 4/9
Trained Novice 3 0.19 0.19 1.23 −0.37 ± 2.98 True 0.21 2.52 · 10−11 0.58 5/9
AI Judge: No Context 0.08 0.08 1.83 −1.68 ± 2.70 False 0.18 2.24 · 10−112 0.57 3/9
AI Judge: Text 0.17 0.17 1.27 −0.82 ± 2.71 True 0.23 1.01 · 10−50 0.58 5/9
AI Judge: Text + Image 0.17 0.17 1.18 −0.35 ± 2.97 True 0.19 8.36 · 10−12 0.59 5/9
AI Judge: T + I + Reasoning 0.18 0.18 1.19 −0.71 ± 2.63 True 0.24 1.99 · 10−42 0.60 5/9
AI Judge: o3 Reasoning 0.24 0.24 1.08 −0.36 ± 2.67 True 0.26 3.41 · 10−14 0.61 7/9

Table 2 Creativity: Summary of Tests Passed Across
Runs. All runs are out of a total of 9 tests.

Comparison Run
1

Run
2

Run
3

Avg.

Ex
pe

rt
1

Trained Novice 1 3 3 3 3/9
Trained Novice 2 4 4 4 4/9
Trained Novice 3 4 4 4 4/9
AI Judge: No Context 2 2 2 2/9
AI Judge: Text 3 3 3 3/9
AI Judge: Text + Img 4 4 4 4/9
AI Judge: Txt. + Img. + Reas. 5 3 4 4/9
AI Judge: o3 Reasoning 4 4 4 4/9

Ex
pe

rt
2

Trained Novice 1 5 5 5 5/9
Trained Novice 2 4 4 4 4/9
Trained Novice 3 5 5 5 5/9
AI Judge: No Context 3 3 3 3/9
AI Judge: Text 5 5 4 4.67/9
AI Judge: Text + Img 5 4 4 4.33/9
AI Judge: Txt. + Img. + Reas. 5 7 5 5.67/9
AI Judge: o3 Reasoning 7 7 7 7/9

5.1.1 Top AI judges utilize reasoning. In both case studies,
either of the two reasoning judges (AI Judge: Text + Image +
Reasoning or o3 Reasoning) are the first or second best performing
AI judges in terms of tests passed for all design metrics. This can
be seen in Tables 2, 3, 4, 5, 7, and 8.

5.1.2 Exceeding expert-expert equivalence. Zooming in on
one statistic at a time, Figure 2(a) shows that for mean absolute
error (MAE) the o3 reasoning AI judge is able to outperform the
expert-expert baseline for all creativity and drawing quality runs.
The o3 reasoning AI judge is also able to exceed the expert-expert
baseline for Spearman’s rank correlation for the same two metrics,
as seen in Figure 2(b).

Furthermore, for creativity, drawing quality, and uniqueness, the
o3 reasoning AI judge passes the MAE test ( scores ≤ 1.2× expert-
expert MAE) for all runs. This means the o3 reasoning AI judge
exceeded or was near expert-expert MAE for all design metrics but

usefulness.

5.1.3 Top AI judges outperform the average trained novice.
The top AI judge beats or matches 2/3 trained novices in the over-
all number of tests passed for creativity, uniqueness, and drawing
quality. For usefulness, the top AI judge beats all three trained
novices when comparing against Expert 1, but only 1/3 trained
novices when comparing against Expert 2 (Table 5).

5.1.4 Looking at one statistic vs. the suite. While focusing
on a single statistic such as MAE or Spearman’s correlation high-
lights standout cases where reasoning-enabled AI judges exceed
expert-expert agreement, the broader statistical suite provides a
more nuanced picture. For instance, when looking at MAE or
Spearman’s rank correlation, creativity and drawing quality are the
metrics where top AI judges exceed expert-levels of equivalence
and those of the average trained novice. However, when looking
at the number of tests passed, the uniqueness becomes a standout
metric where the top AI judges beat or match 2/3 trained novices
and pass more tests on average than they do for creativity. This
underscores the importance of evaluating AI judges across the full
suite of metrics rather than relying on any one measure in isolation.

5.1.5 Trends among design metrics. There are specific trends
that can be seen among the design metrics. For example, usefulness
is the metric for which AI judges and trained novices alike perform
the worst, often passing 1-3 tests out of nine (Table 5). In the
following paragraphs, specific trends for each design metric are
outlined.

Creativity. For the creativity metric, the strongest performance
consistently comes from the o3 Reasoning judge. In Run 1 shown
in Table 1, o3 Reasoning achieves the highest reliability values of
all raters (Weighted Cohen’s Kappa = 0.24, ICC = 0.24) when com-
pared to Expert 2, effectively matching the expert-expert baseline.
It also attains the lowest MAE (1.08, compared to the expert-expert
MAE of 1.26) and passes the largest number of statistical tests
(7/9), outperforming both trained novices and the other AI judges.
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Across all three runs, o3 Reasoning remains the most reliable AI
judge, averaging 7/9 tests passed with Expert 2, which exceeds
the performance of any trained novice (Table 2). Moreover, the o3
Reasoning judge outperforms expert-expert baselines for MAE and
Spearman’s rank correlation for all three creativity runs, as shown
in Figure 2. In Figure 3 that trend continues: the o3 Reasoning AI
judge has the highest AUC in the Jaccard similarity plot, and we
can observe that the o3 Reasoning line quickly catches up to the
expert-expert line, and ultimately exceeds the expert-expert AUC.

The Text + Image + Reasoning judge is the next best AI per-
former. It reaches equivalence on MAE and often passes 5-6 tests
out of 9, making it comparable to the top trained novices and some-
times stronger. By contrast, the No Context judge performs worst
among the AI judges, consistently failing to reach equivalence and
passing only 2-3 tests.

Interestingly, the mean difference for all but one non-expert rater
is negative (as seen in Table 1 for run 1 as well as in the compre-
hensive results for runs 2 and 3 provided as supplementary mate-
rial). This means that non-expert raters consistently give higher
creativity scores than experts do. Looking at o3 Reasoning alone,
a Kruskal-Wallis test (with Mann-Whitney 𝑈 post hoc) indicates
differences in median ratings between o3 and the experts.

The Kruskal-Wallis tests detected robust group differences in
every run (𝐻 = 113.9-187.6, 𝑝 ≤ 1.9 × 10−25). Post hoc
Mann-Whitney 𝑈 tests (Bonferroni-corrected) show that o3 Rea-
soning assigns higher creativity ratings than both experts, with
negative Cliff’s 𝛿 of moderate magnitude relative to Expert 2
(𝛿 ≈ −0.18 to −0.26) and moderate-large magnitude relative to
Expert 1 (𝛿 ≈ −0.28 to −0.34; all corrected 𝑝 < 10−15). The
two experts also differ with a small but consistent effect (Expert 1
lower than Expert 2: 𝛿 ≈ −0.098, corrected 𝑝 ≈ 5.6 × 10−4).
Overall, the omnibus effect is driven primarily by o3 Reasoning’s
systematically higher creativity scores relative to both experts, plus
a smaller Expert 1 vs. Expert 2 scale shift.

Consistent with this, Cliff’s 𝛿 is negative (≈ −0.35 to −0.15),
which, under our sign convention (experts − o3), means o3 assigns
higher ratings than both experts.

Taken together, these results indicate that reasoning-enabled
multimodal judges (especially o3 Reasoning) not only approach,
but in many cases surpass, the consistency of trained novices for
creativity ratings.

Table 3 Uniqueness: Summary of Tests Passed Across
Runs. All runs are out of a total of 9 tests.

Comparison Run
1

Run
2

Run
3

Avg.

Ex
pe

rt
1

Trained Novice 1 7 8 8 7.67/9
Trained Novice 2 5 5 5 5/9
Trained Novice 3 9 9 9 9/9
AI Judge: No Context 2 2 2 2/9
AI Judge: Text 5 5 4 4.67/9
AI Judge: Text + Img. 5 5 6 5.33/9
AI Judge: Txt. + Img. + Reas. 6 8 8 7.33/9
AI Judge: o3 Reasoning 8 7 8 7.67/9

Ex
pe

rt
2

Trained Novice 1 9 9 9 9/9
Trained Novice 2 3 3 3 3/9
Trained Novice 3 8 8 8 8/9
AI Judge: No Context 2 2 2 2/9
AI Judge: Text 9 9 8 8.67/9
AI Judge: Text + Img. 4 4 5 4.33/9
AI Judge: Txt. + Img. + Reas. 9 8 9 8.67/9
AI Judge: o3 Reasoning 7 7 7 7/9

Uniqueness. For rating uniqueness, the best-performing AI
raters were AI Judge: o3 Reasoning and AI Judge: Text + Image
+ Reasoning. Against Expert 1, these models consistently passed
between 7/9 and 8/9 statistical tests, averaging 7.67/9 and 7.33/9,

respectively. Against Expert 2, o3 Reasoning was slightly weaker,
averaging 7/9, while Text + Image + Reasoning tied with AI Judge:
Text as the top-performing AI judges, each averaging 8.67/9 tests
passed (Table 3).

Furthermore, the top AI judges beat or matched 2/3 trained
novices in terms of number of tests passed (Table 3). Relative
to trained novices, the best AI judges consistently outperformed
Trained Novice 2, who averaged only 3/9-5/9 tests passed. They
matched or slightly lagged Trained Novice 1, who averaged 7.67/9
with Expert 1 and a perfect 9/9 with Expert 2. Compared to
Trained Novice 3, who was the strongest novice with averages of
9/9 (Expert 1) and 8/9 (Expert 2), the top AI judges approached
but did not surpass this level of performance. The No Context
judge was the weakest performer overall, passing only 2/9 tests in
every run (Table 3).

Looking at Figure 2, we also note that AI judges were unable
to exceed expert-expert equivalence for MAE or Spearman’s rank
correlation, unlike the results for creativity or drawing quality.

At the same time, Kruskal-Wallis and post hoc analyses revealed
that uniqueness ratings differed systematically among raters. Ex-
pert 1 consistently gave lower uniqueness scores than Expert 2
(Cliff’s 𝛿 ≈ −0.12, corrected 𝑝 ≈ 2.6 × 10−5). Relative to the
experts, o3 Reasoning tended to give slightly lower scores than
Expert 1 (small effect, 𝛿 ≈ 0.07-0.17) and moderately lower scores
than Expert 2 (𝛿 ≈ 0.19-0.28, all corrected 𝑝 < 10−12). Thus,
while o3 Reasoning achieved high rates of test-passing, it gave
systematically lower ratings for uniqueness compared to both ex-
perts, with closer alignment to Expert 2 than Expert 1.

Table 4 Drawing Quality: Summary of Tests Passed
Across Runs. All runs are out of a total of 9 tests.

Comparison Run
1

Run
2

Run
3

Avg.

Ex
pe

rt
1

Trained Novice 1 5 5 5 5/9
Trained Novice 2 2 2 2 2/9
Trained Novice 3 5 5 5 5/9
AI Judge: No Context 8 8 6 7.33/9
AI Judge: Text 5 5 8 6/9
AI Judge: Text + Img. 5 5 6 5.33/9
AI Judge: Txt. + Img. + Reas. 8 8 8 8/9
AI Judge: o3 Reasoning 3 5 5 4.33/9

Ex
pe

rt
2

Trained Novice 1 8 8 8 8/9
Trained Novice 2 8 8 8 8/9
Trained Novice 3 8 8 8 8/9
AI Judge: No Context 8 8 8 8/9
AI Judge: Text 8 5 5 6/9
AI Judge: Text + Img. 6 6 5 5.67/9
AI Judge: Txt. + Img. + Reas. 8 8 6 7.33/9
AI Judge: o3 Reasoning 8 9 9 8.67/9

Drawing Quality. For drawing quality, results were quite dif-
ferent when comparing against ratings from Expert 1 or Expert 2.
Generally, the AI Judge: No Context, AI Judge: Text + Image +
Reasoning, and AI Judge: o3 Reasoning were the top-performing
AI judges. Unlike in most design metrics, AI Judge: No Context
performed quite well, passing an average of 7.33/9 tests against
Expert 1 and 8/9 tests against Expert 2, as shown in Table 4. The
strong performance of AI Judge: No Context suggests that raw
visual assessment alone is highly effective for evaluating draw-
ing quality. This finding is supported by prior findings in [18].
Meanwhile, AI Judge: Text + Image + Reasoning demonstrated
consistently strong agreement with expert ratings, reinforcing the
benefits of multimodal reasoning. The o3 Reasoning judge inter-
estingly performs much better when compared to Expert 2 than
Expert 1 (as seen in Table 4).

Both AI Judge: No Context and AI Judge: Text + Image + Rea-
soning had superior overall performance than the trained novices
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when compared to ratings from Expert 1. When comparing to rat-
ings from Expert 2, only the o3 Reasoning AI judge surpasses all
of the trained novices.

Drawing quality is one of the design metrics where the best
AI judges are able to meet expert-expert agreement levels con-
sistently. Interesting, while the trained novices perform relatively
poorly compared to Expert 1, they are often able to exceed expert-
expert agreement with Expert 2 for the metrics of Kappa, ICC,
MAE, and Spearman correlation coefficient. These results are
shown in part by Figure 2 and also in the comprehensive results
from runs 1-3 in the supplementary material. AI Judge: No Con-
text, AI Judge: Text + Image + Reasoning, and AI Judge: o3
Reasoning were similarly able to better match Expert 2 than Ex-
pert 1 was based on MAE (Figure 2).

This is bolstered by the Kruskal-Wallis tests, which indicated
significant group differences across all runs (𝐻 = 176.5-304.1,
𝑝 ≤ 9.3 × 10−67). Post hoc tests show a stable expert-expert scale
gap (Expert 1 > Expert 2; 𝛿 ≈ 0.30, corrected 𝑝 ≈ 5.2-5.7×10−30).
Relative to the experts, o3 Reasoning is lower than Expert 1 with
moderate to large effects (𝛿 ≈ 0.30 to 0.45, all corrected 𝑝 < 10−29

under the Expert 1 vs. o3 ordering), but broadly comparable to
Expert 2: significant in run 1 with a small effect (Expert 2 >

o3; 𝛿 ≈ 0.13, corrected 𝑝 ≈ 1.7 × 10−6) and nonsignificant after
correction in runs 2-3 (small |𝛿 | ≤ 0.05). Hence, the omnibus
effect is driven primarily by Expert 1’s higher scale and its gap
to o3 Reasoning, while o3 Reasoning and Expert 2 are closely
aligned.

Table 5 Usefulness: Summary of Tests Passed Across
Runs. All runs are out of a total of 9 tests.

Comparison Run
1

Run
2

Run
3

Avg.

Ex
pe

rt
1

Trained Novice 1 2 2 2 2/9
Trained Novice 2 1 1 1 1/9
Trained Novice 3 3 3 4 3.33/9
AI Judge: No Context 2 3 3 2.67/9
AI Judge: Text 3 2 3 2.67/9
AI Judge: Text + Img. 2 2 3 2.33/9
AI Judge: Txt. + Img. + Reas. 3 3 2 2.67/9
AI Judge: o3 Reasoning 4 4 3 3.67/9

Ex
pe

rt
2

Trained Novice 1 2 2 2 2/9
Trained Novice 2 1 1 1 1/9
Trained Novice 3 2 2 2 2/9
AI Judge: No Context 1 2 2 1.67/9
AI Judge: Text 2 1 2 1.67/9
AI Judge: Text + Img. 1 1 2 1.33/9
AI Judge: Txt. + Img. + Reas. 2 1 1 1.33/9
AI Judge: o3 Reasoning 2 1 2 1.67/9

Usefulness. Usefulness is the design metric for which the ex-
perts best agree. They have the highest Weighted Cohen’s Kappa,
ICC, Spearman, and AUC and the lowest MAE and mean differ-
ence (shown in the supplementary material).

In part due to the fact that passing tests is based on the expert-
expert baseline, trained novices and AI judges alike perform poorly
for this design metric. For rating usefulness, no AI judge consis-
tently outperformed the others. Against Expert 1, o3 Reasoning
was the strongest AI, averaging 3.67/9 tests passed, slightly ahead
of the other AI judges, which clustered between 2.33/9 and 2.67/9
(Table 5). Against Expert 2, however, all AI judges performed com-
parably poorly, averaging between 1.33/9 and 1.67/9 tests passed.
Reasoning, which improved performance for other metrics, did not
confer a clear advantage here.

Compared to trained novices, the AI judges were competitive
but not superior. Trained Novice 3 performed best of the novices,
averaging 3.33/9 tests passed with Expert 1 and 2/9 with Expert 2.
Trained Novices 1 and 2 scored lowest, averaging only 2/9 and 1/9

tests, respectively, showing that usefulness is a difficult metric for
both human novices and AI judges to align with experts. Further-
more, as seen in the supplementary material, the mean difference
for all of the raters was negative, indicating that all of the raters
give higher usefulness scores than the experts (similar to the result
for uniqueness). Consistent with this, Kruskal-Wallis tests across
all runs revealed significant group differences (𝐻 = 41.2-166.5,
𝑝 ≤ 1.2 × 10−9) between o3 Reasoning and the two experts. Post
hoc Mann-Whitney 𝑈 tests with Bonferroni correction confirmed
that o3 Reasoning assigns higher usefulness ratings than both ex-
perts, with negative Cliff’s 𝛿 values (𝛿 ≈ −0.30 to −0.14). By
contrast, Expert 1 vs. Expert 2 showed no difference (𝑝 ≈ 0.99,
𝛿 ≈ 0), indicating that the observed effect stems from o3-expert
divergence rather than expert-expert disagreement.

Taken together, these results indicate that usefulness is the hard-
est metric for both humans and AI to predict. All AI judges and
trained novices performed below the levels observed for creativ-
ity, uniqueness, and drawing quality, and none approached expert-
expert agreement.

5.2 Case Study 2. Tables 6, 7, and 8 show the results for Case
Study 2. In this case study there were three experts and no trained
novices. Furthermore, the design metrics of interest were unique-
ness and technical goodness. Technical goodness was defined in
the study that created this dataset as a metric that “assesses the
level to which each solution suits the AM processes, both in terms
of capabilities and limitations” [64].

5.2.1 Which AI judges perform best. Across both metrics, the
strongest performing AI judges were those that incorporated tex-
tual or multimodal inputs, while the No Context judge consistently
underperformed. For uniqueness, AI Judge: Text, AI Judge: Text
+ Image, and AI Judge: o3 Reasoning frequently achieved near-
expert levels of agreement, particularly when compared against Ex-
pert 2 (Table 7). For technical goodness, performance was more
modest overall, but o3 Reasoning stood out as the best AI judge,
reaching an average of 7.33/9 tests passed against Expert 2 (Ta-
ble 8). By contrast, the Text + Image + Reasoning judge performed
relatively poorly for technical goodness, averaging only 2-3 tests
passed across experts.

5.2.2 Performance differs compared to different experts. The
results show that performance varied substantially depending on
which expert was used as the reference. For uniqueness, nearly all
AI judges performed much better when compared to Expert 2 than
when compared to Expert 1. For example, o3 Reasoning achieved
8.33/9 against Expert 2, compared to 3.33/9 against Expert 1. Even
Expert 3 performed better when compared to Expert 2 than Ex-
pert 1. This suggests that Expert 2’s ratings were more closely
aligned with the models’ outputs, whereas Expert 1’s ratings di-
verged more. A similar though less pronounced pattern appeared
for technical goodness, where o3 Reasoning again showed stronger
alignment with Expert 2 than with Expert 1. These findings high-
light the sensitivity of AI-expert equivalence to the specific expert
chosen for comparison.

For uniqueness, this aligns with results from Kruskal-Wallis
tests, which revealed significant group differences across all runs
(𝐻 = 34.3-53.6, 𝑝 < 10−7). Post hoc Mann-Whitney 𝑈 tests show
that Expert 1 consistently diverges from both Expert 2 and Expert 3,
with moderate effect sizes (Cliff’s 𝛿 ≈ 0.32-0.37). By contrast,
Expert 2 and Expert 3 did not differ significantly (𝑝 ≈ 0.67-0.98,
𝛿 ≈ 0).

Relative to the experts, the o3 Reasoning judge assigns system-
atically higher uniqueness scores than Expert 1, with large effect
sizes (Cliff’s 𝛿 ≈ 0.33-0.50, all corrected 𝑝 < 10−11). Against
Expert 2 or Expert 3, however, o3’s ratings were not significantly
different (Bonferroni-corrected 𝑝 ≥ 0.18, 𝛿 ≈ −0.03-0.15).

These results indicate that Expert 1 applies a more conservative
scale for uniqueness, leading to systematic differences both with
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Table 6 Run 1 (Case Study 2): Summary of Uniqueness results. Kappa and ICC are relative to the expert-expert
baseline of 0.42 and 0.43 respectively. MAE values compare to the observed Expert-Expert MAE = 1.12. Mean Diff
± 1.96 SD reports the 95% limits of agreement from a Bland-Altman analysis; this reflects the spread of itemwise
differences. “Equiv?” indicates whether TOST found AI-expert equivalence within ±1.0 margin. Bold indicates model
is within 20% of expert-expert agreement.

Comparison Kappa ICC MAE
Mean Diff
± 1.96 SD Equiv? Spear.

Wilcoxon
p-corr AUC

Tests
Passed

Expert 1 vs Expert 2 0.42 0.43 1.12 −0.81 ± 2.32 - 0.57 5.53 · 10−10 0.68 -

Ex
pe

rt
1

Expert 3 0.36 0.36 1.09 0.79 ± 2.34 True 0.46 9.11 · 10−10 0.64 8/9
AI Judge: No Context 0.16 0.16 1.32 1.21 ± 2.11 False 0.30 4.36 · 10−16 0.61 3/9
AI Judge: Text 0.27 0.27 1.05 0.70 ± 2.34 True 0.36 3.66 · 10−08 0.63 5/9
AI Judge: Text + Image 0.37 0.37 0.93 0.40 ± 2.20 True 0.40 6.23 · 10−04 0.66 7/9
AI Judge: T + I + Reasoning 0.26 0.26 0.98 0.24 ± 2.65 True 0.34 5.44 · 10−02 0.66 6/9
AI Judge: o3 Reasoning 0.26 0.26 1.41 1.19 ± 2.46 False 0.43 2.83 · 10−14 0.66 2/9

Ex
pe

rt
2

Expert 3 0.66 0.67 0.83 -0.03 ± 2.15 True 0.68 1.00 · 10+00 0.69 9/9
AI Judge: No Context 0.41 0.40 1.00 0.40 ± 2.43 True 0.45 1.76 · 10−03 0.63 7/9
AI Judge: Text 0.50 0.50 0.97 -0.12 ± 2.46 True 0.51 1.00 · 10+00 0.64 9/9
AI Judge: Text + Image 0.44 0.44 1.06 -0.41 ± 2.54 True 0.48 2.19 · 10−03 0.64 8/9
AI Judge: T + I + Reasoning 0.40 0.40 1.13 -0.57 ± 2.74 True 0.47 6.95 · 10−05 0.64 8/9
AI Judge: o3 Reasoning 0.55 0.55 0.95 0.38 ± 2.46 True 0.55 6.44 · 10−03 0.65 8/9

other experts and with o3. In contrast, o3 aligns quite closely with
Experts 2 and 3.

Furthermore, for technical goodness, the Kruskal-Wallis tests
showed mixed evidence of group differences across iterations. In
runs 1 and 2, significant omnibus effects were detected (𝐻 = 30.6,
𝑝 = 1.1× 10−6; 𝐻 = 16.4, 𝑝 = 9.6× 10−4), whereas run 6 showed
no overall group differences (𝐻 = 6.3, 𝑝 = 0.096).

Post hoc comparisons reveal that o3 Reasoning consistently as-
signed higher technical goodness ratings than the experts, reflected
in negative Cliff’s 𝛿 values (≈ -0.14 to -0.34). These differences
were strongest relative to Expert 1 and Expert 3 (large effect sizes,
corrected 𝑝 < 0.01), and more modest or nonsignificant relative to
Expert 2. By contrast, the experts did not significantly differ from
one another in any run (all corrected 𝑝 > 0.20, 𝛿 near 0).

5.2.3 Trends among design metrics. Comparing across the two
metrics, AI judges consistently achieved higher agreement with ex-
perts for uniqueness than for technical goodness. Nearly all models
passed more tests on uniqueness, with top AI judges approaching
or even matching expert-expert agreement levels (e.g., Text and o3
Reasoning vs. Expert 2). In contrast, technical goodness proved to
be a more challenging metric for AI judges, with the best models
typically passing only 5-7 tests on average compared to perfect 9/9
alignment among the experts themselves. This suggests that while
AI judges capture subjective evaluations of uniqueness relatively
well, the more domain-specific and process-dependent metric of
technical goodness remains more difficult to replicate.

6 Discussion
Our results demonstrate that reasoning-enabled vision-language

models equipped with in-context learning can closely approximate,
and at times exceed, expert performance in subjective design eval-
uation. Across both case studies, trends emerged that can inform
when and how AI judges achieve expert-level equivalence, and the
implications for future design research.

6.1 Reasoning Models Lead Performance. Reasoning-
enabled models, particularly the Text + Image + Reasoning and o3
Reasoning AI judges, consistently ranked as top performers across
design metrics. In nearly all trials, one or both of these reasoning
judges placed first or second among the five AI judges. This

Table 7 Uniqueness (Case Study 2): Summary of Tests
Passed Across Runs. All runs are out of a total of 9 tests.

Comparison Run
1

Run
2

Run
3

Avg.

Ex
pe

rt
1

Expert 3 8 7 8 7.67/9
AI Judge: No Context 3 2 3 2.67/9
AI Judge: Text 5 5 5 5/9
AI Judge: Text + Img. 7 7 8 7.33/9
AI Judge: Txt. + Img. + Reas. 6 6 5 5.67/9
AI Judge: o3 Reasoning 2 3 5 3.33/9

Ex
pe

rt
2

Expert 3 9 9 9 9/9
AI Judge: No Context 7 3 8 6/9
AI Judge: Text 9 9 8 8.67/9
AI Judge: Text + Img. 8 8 8 8/9
AI Judge: Txt. + Img. + Reas. 8 4 1 4.33/9
AI Judge: o3 Reasoning 8 8 9 8.33/9

Table 8 Technical Goodness (Case Study 2): Summary
of Tests Passed Across Runs. All runs are out of a total
of 9 tests.

Comparison Run
1

Run
2

Run
3

Avg.

Ex
pe

rt
1

Expert 3 9 9 9 9/9
AI Judge: No Context 4 4 5 4.33/9
AI Judge: Text 4 4 4 4/9
AI Judge: Text + Img. 4 4 4 4/9
AI Judge: Txt. + Img. + Reas. 2 2 2 2/9
AI Judge: o3 Reasoning 4 4 7 5/9

Ex
pe

rt
2

Expert 3 9 9 9 9/9
AI Judge: No Context 4 4 4 4/9
AI Judge: Text 5 9 5 6.33/9
AI Judge: Text + Img. 4 7 5 5.33/9
AI Judge: Txt. + Img. + Reas. 2 3 3 2.67/9
AI Judge: o3 Reasoning 6 7 9 7.33/9

finding highlights the importance of combining multimodal inputs
with structured reasoning, suggesting that prompting strategies
which encourage deliberative output can substantially improve
alignment with expert ratings. In contrast, AI Judge: No Context
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showed the weakest alignment with expert-level agreement for
uniqueness and creativity, highlighting the value of few-shot
demonstrations via ICL.

This trend is particularly evident in Tables 3 and 2, where the
four ICL-based judges consistently outperformed the No Context
model in aligning with expert ratings for uniqueness and creativ-
ity. Interestingly, however, AI Judge: No Context outperformed
many of the others for drawing quality. For drawing quality, this
may be because the model was still given the target image in the
query, suggesting that the VLM’s pre-trained understanding of vi-
sual quality may suffice without demonstrations. This aligns with
findings from [18], which reported that drawing quality was the
only design metric where image input improved AI predictions
more than text descriptions.

In some cases, AI Judge: Text performed as well as, or even
better than, AI Judge: Text + Image, particularly for creativity,
usefulness, and drawing quality as well as in Expert 2 comparisons
for uniqueness. This result is somewhat counterintuitive, as one
might expect that additional contextual information (i.e., the image)
would enhance performance. One possible explanation is that the
experts may have relied more heavily on the textual descriptions
than the sketches when making their assessments. This aligns
with findings from [18], which showed that text descriptions had
greater predictive power than sketches. Future work could further
investigate this phenomenon.

6.2 Comparison with Trained Novices. In Case Study 1, the
top AI judges rivaled or surpassed trained novices in multiple de-
sign metrics. For uniqueness, creativity, and drawing quality, the
best AI judges matched or beat two out of three novices in the
number of statistical tests passed. For usefulness, which proved
most difficult, the top AI judge surpassed all three novices when
compared to one expert, but only one novice when compared to
the second expert. These results indicate that reasoning-enabled
VLMs can serve as viable substitutes for trained novices, reducing
the cost and time burden of human evaluations while maintaining
comparable reliability.

6.3 Dependence on the Reference Expert. Performance var-
ied substantially depending on which expert served as the compar-
ison baseline. In Case Study 1, for creativity, and drawing quality,
both AI judges and trained novices tended to achieve higher align-
ment with Expert 2 than with Expert 1. Furthermore, in Case
Study 2 the AI Judges tended to achieve higher alignment with
Expert 2 than Expert 1, as described in Section 5.2.2. Future re-
search might explore what factors make a rater’s judgments more
or less “learnable” or replicable by an AI judge. These might
include tendency toward a mean value rating, self-consistency, or
even years of experience. Alternatively, this may be more impacted
by features of the AI judge, such as the selected VLM or the type
of context provided. While we do not answer these questions in
this work, we do note in Section 5.2.2 that in Case Study 2, the
AI judge better matches the ratings of Experts 2 and 3 than Ex-
pert 1, which aligns with the differences seen just among the three
experts: Post hoc Mann-Whitney 𝑈 tests show that Expert 1 con-
sistently diverges from both Expert 2 and Expert 3, with moderate
effect sizes. So perhaps if an expert diverges from other experts’
ratings, we can expect that an AI judge will be less able to learn
their preferences. In practice, understanding how an expert rates
designs may shed insight on how effective an AI judge will be at
learning and replicating those ratings.

6.4 Exceeding Expert-Expert Agreement. In several in-
stances, AI judges achieved stronger agreement with one expert
than the experts did with each other. For example, in Case
Study 2’s uniqueness trials and Case Study 1’s drawing quality
trials, reasoning-enabled AI judges outperformed the expert-expert
baseline in terms of Kappa and ICC while also achieving lower
mean absolute error and mean difference. These cases demon-

strate that with just a few in-context learning examples, reasoning-
enabled VLMs can produce subjective ratings that match an ex-
pert’s ratings at or beyond expert-level equivalence.

6.5 Metric-Dependent Differences in AI and Expert Rat-
ings. In Case Study 1, the Kruskal–Wallis analysis and post hoc
pairwise tests reveal systematic, metric-dependent rating shifts be-
tween the top performing AI Judge, o3 Reasoning, and human
experts. Specifically, there exist design metrics (i.e. creativity) for
which AI judge consistently assigns higher ratings than both ex-
perts, as well as metrics for which the AI judge consistently assigns
lower ratings than both experts. These trends are summarized in
Section 5.1.5.

cross all runs, the o3 Reasoning AI judge rates designs higher
than both experts for creativity and usefulness, while assigning
lower ratings than both experts for uniqueness. For drawing quality,
a different pattern emerges: Expert 1 consistently acts as the high
rater, with the o3 Reasoning judge assigning lower ratings than
Expert 1 and exhibiting no statistically distinguishable difference
from Expert 2.

As discussed in Section 2.2, there are various examples in the
literature of biases exhibited by AI judges, such as verbosity, po-
sition, and style bias [25]. However, here we are looking at a
different type of bias: a systematic shift away from expert ratings.
Prior research compared AI judges and humans in peer reviewing
manuscripts, and found that across 22 manuscripts, AI rejection
rates were statistically significantly lower than humans, meaning
AI judges were less harsh [66]. Another example of AI raters be-
ing less harsh than humans was in Goshtasbi et al.’s 2024 study
on facial attractiveness, in which AI-based tools’ ratings of facial
attractiveness were significantly higher than those of humans in
a study with a 40-photograph dataset [67]. However, a different
study compared AI raters to humans for judging 30 essays writ-
ten by English as a foreign language students, and found that AI
judges consistently graded lower than human judges, meaning AI
judges were more harsh [68]. The impact of subjectivity vs objec-
tivity is also expressed by Ragolane et al. who tested GPT-3.5 and
GPT-4 against human raters for grading educational assignments
and concluded that automated AI tools were better able to match
human ratings when clear instructions and criteria were provided,
but struggled in matching humans when tasks were subjective or
vague [69]. These conflicting findings, and the small sample size
in each study, indicate that there is not yet field-wide consensus on
how an AI judge will differ from a human judge.

We hypothesize that for subjective and positive metrics, AI
judges may give ratings higher than human raters, as a sort of
“flattery bias.” Meanwhile for objective, well-defined, or neutral-
to-negative metrics we may not see the same trend. Future work
should explore where and why we see an AI judge rate things
systematically higher or lower than a human.

6.6 Patterns Across Statistical Tests. Examining results
across the nine statistical tests reveals systematic patterns. The
Two One-Sided Tests (TOST) for equivalence and Jaccard AUC
tests were most often passed, suggesting that AI judges reliably
capture overall equivalence and top-set selection. By contrast, the
Wilcoxon signed-rank test was least often passed, reflecting the
challenge of replicating fine-grained distributional characteristics
of expert ratings. Weighted Cohen’s Kappa and ICC tended to
move together: a judge either succeeded on both or failed on both,
reinforcing their joint role in measuring reliability.

6.7 Expert-Expert Agreement Does Not Guarantee AI-Ex-
pert Agreement. An important finding is that high expert-expert
agreement in a metric does not necessarily translate into high AI or
novice performance. In Case Study 1, usefulness was the metric
with the strongest expert alignment (highest Kappa, ICC, Spear-
man, and AUC, and lowest error) yet both AI judges and novices
performed poorest on this metric. AI judges typically passed only
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2-4 tests against Expert 1 and 1-2 tests against Expert 2. This
paradox may suggest that experts apply nuanced, domain-specific
heuristics to usefulness that are not easily conveyed through a small
set of demonstrations, making it difficult for both trained novices
and AI to replicate.

6.8 Implications for Design Research. Our results show that
large, general vision-language models can approach and some-
times exceed expert-level performance on subjective design met-
rics with minimal overhead, provided that we carefully craft the
context. Moreover, reasoning-enabled VLM judges show poten-
tial to outperform or match trained novices in design evaluation
tasks. This is a powerful finding for design scenarios with limited
data or budget to collect massive labels for training. However, per-
formance is metric- and expert-dependent, emphasizing the need
for multi-dimensional validation before deployment. The consis-
tent advantage of reasoning models suggests that future AI judges
should incorporate reasoning to align more closely with expert rat-
ings. Furthermore, the context has a large impact on performance,
and future research should comprehensively explore how to select
the best context.

AI judges’ strong performance when compared to trained
novices has promising cost and time saving implications for de-
sign evaluations. These findings also suggest that AI judges could
be used in place of trained novices as proxies for expert raters.
As a showcase of the potential savings, let us assume an expert
is paid $200/hour to rate designs based on uniqueness. Each de-
sign takes the Expert 15 seconds to rate, so 1,000 designs would
cost $200 × 4.167 hours = $833.33. With the ICL framework,
an expert could rate just 9 designs, totaling $12.50. From those
9 designs, we can use a reasoning model to rate the remainder
of the 1,000. In our 12 trials with OpenAI’s o1, running the
reasoning model cost ∼ $0.17/ design, so for 991 additional de-
signs, it would cost $168.47. Therefore, the total cost savings are
$833.33 − $12.50 − $168.47 = $652.46, or 78% cost savings.

This value becomes even clearer when considering the cost and
time of hiring experts and the opportunity cost of using their time
for repetitive ratings. Unlike human raters, who experience rating
fatigue and shifts in judgment [70], AI provides consistent eval-
uations at scale. Lastly, the cost of LLMs and VLMs is steadily
decreasing[71,72], especially with advancements in open-source
models[13], making AI-assisted evaluation increasingly viable.

6.9 Implications for Human-AI Design Workflows. Build-
ing on the implications described above, this work informs how
AI judges might be used in a human-AI design workflow or even
an agentic workflow. We can imagine an AI judge agent which
automatically rates and then ranks a large set of designs, such that
human raters can focus their rating efforts on high-quality sets of
designs. This sort of AI ranking or filtering in a human-AI work-
flow has been shown as successful in prior engineering design
research [73,74].

In this ranking setup, absolute rating differences between AI and
human judges are not as important as high correlation. Further-
more, if we only care about identifying the top performing designs,
then statistical metrics like Jaccard similarity (or other measures of
top-set overlap) become most important. It is clear that the nature
of the workflow informs which statistical tests are most relevant,
and vice-versa, which statistical tests have the highest performance
may inform the nature of the workflow. Future work that predicts
how an AI judges will rate relative to expert raters for a given
metric or task will be critical for identifying the most effective
human-AI design workflows.

6.10 Statistical Rigor Matters. We emphasize that it is in-
sufficient to rely on a single metric (e.g., correlation or a p-value
from a difference test) to claim human-level performance. Our
evaluation integrates multiple statistical approaches to provide a
comprehensive assessment of AI judge reliability. Each statisti-
cal test captures a different aspect of agreement; some focus on

absolute error, while others assess ranking or distributional simi-
larity. Passing one test does not necessarily imply passing others,
highlighting the need for a multifaceted evaluation framework.

To exemplify this, for the drawing quality metric, Trained Novice
3 frequently passed the TOST equivalence test and exhibited low
MAE when compared to Expert 1, yet failed in weighted Co-
hen’s Kappa, ICC, and Spearman correlation. This suggests that
while their ratings were numerically close on average, their rank-
ing patterns and relative consistency differed significantly. Such
discrepancies highlight the limitations of single-metric evaluations
and motivate our use of a suite of nine statistical tests to capture
different facets of expert equivalence. By incorporating multiple
measures, we ensure a more rigorous assessment of whether a
model or rater truly aligns with expert judgment across both abso-
lute agreement and ranking consistency.

Our approach also emphasized selecting appropriate parameters
and thresholds for the design context. For example, ±1.0 equiv-
alence margin in our TOST analysis and the 20% error margin
from expert-expert agreement were determined by the Likert scale
used and expert agreement in our dataset. Future work may explore
ways to determine the best parameters for a given application. This
flexibility allows for tailoring AI evaluation to different levels of
precision required in design assessment tasks.

7 Limitations and Future Work
Though encouraging, these findings are only for two case stud-

ies using early-stage sketches. These AI judges should be tested
on other design modalities (e.g., CAD models, design prototypes)
to confirm generality. Because in-context learning can fail if the
domain is too far from the model’s pretraining, we might not al-
ways see such strong results. Another limitation is interpretability:
the AI judge’s rating might match an expert’s but not necessarily
provide a rationale. Future efforts can study the “chain-of-thought”
text so the model explains how it judged certain design aspects.

We plan to further study whether the trends among design met-
rics hold for other datasets. Are uniqueness and drawing quality
consistently the metrics for which AI judges can best match ex-
perts? Is usefulness consistently difficult? This also raises the
question of whether these results would hold when using different
vision-language models, particularly open-source alternatives. Our
future work will explore this in depth.

A further consideration is the reliability of AI-based evaluation
methods when experts themselves diverge on certain design as-
pects. Since experts may disagree on criteria such as creativity or
functionality of a given design, when and how should an AI model
predict expert ratings? Future work should examine inter-expert
variability, perhaps using ensemble AI methods or probabilistic
models to capture the distribution of expert ratings and provide
uncertainty estimates in AI judgments.

There are important ethical considerations to be made around
the use of AI as an evaluator. We aim to highlight the importance
of ensuring that an AI’s evaluations align with human judgment
to mitigate risk, but other factors must also be considered. For
instance, an AI judge could amplify expert biases at scale. More-
over, while an AI model may outperform a novice in replicating
expert ratings, this does not diminish the value of novice train-
ing. It remains crucial to determine which skills engineers and
designers should retain and develop, regardless of AI’s capabil-
ities. Additionally, we must examine when and how large-scale
design evaluation should occur. While this has been explored for
decades, such as in Google’s Project 10 to the 100th, AI has dra-
matically increased the volume of generated designs, raising new
questions about its role in evaluating this growing set.

8 Conclusion
We proposed using ICL-enhanced vision-language models,

which do not undergo additional training, to rate design sketches
on subjective metrics like uniqueness, usefulness, and creativity.
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To thoroughly verify when such an AI truly performs at a “human
expert” level, we combined multiple statistical tests: inter-rater
agreement, error analysis, distributional checks, correlation, top-
set overlap, and equivalence (TOST). This ensures that claims of
“no difference” are supported by actual evidence of equivalence
rather than the mere absence of significance. Our findings suggest
that AI judges can serve as viable substitutes for trained novices,
outperforming them in several cases and providing scalable, cost-
efficient alternatives for large-scale evaluations. More impor-
tantly, with carefully constructed few-shot prompting, reasoning-
supported VLMs achieved expert-equivalent performance for de-
sign metrics such as uniqueness and drawing quality. Furthermore,
we find that for specific statistical measures like mean absolute er-
ror and Spearman’s rank correlation coefficient, reasoning-enabled
AI judges can exceed expert-expert levels of equivalence when rat-
ing creativity or drawing quality. We conclude that both in-context
learning and rigorous multi-metric, multi-test statistical validation
are crucial to confidently deploy AI judges in design. Moving
forward, we believe this holistic approach will generalize to other
subjective domains, guiding practitioners to adopt AI safely and
effectively as a peer to human experts.
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