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Abstract—Quantitative metrics for Procedural Content Gener-
ation (PCG) evaluation struggle to capture subjective player expe-
rience and cognitive biases. This study examines whether Vision-
Language Models (VLMs) can support human-like PCG level
evaluation from gameplay videos, focusing on belief-conditioned
and prompt-induced creator bias—the phenomenon where eval-
uations differ based on the perceived origin of the content.
Using 60 gameplay videos, we evaluated five dimensions: fun,
challenging, frustrating, surprising, and design. In the inferred-
creator setting, the VLM showed evaluation trends consistent
with human players in three of the five dimensions, with chal-
lenging and frustrating being the exceptions. These divergences
suggest that some experiential dimensions, particularly those
related to difficulty and negative affect, are not fully captured
from gameplay videos alone. Importantly, the VLM’s evaluations
were shaped not by the actual generator category, but by its
inferred belief about the creator. When creator labels were
explicitly injected into the prompt, the VLM showed broad
score inflation under the human-created condition, including
frustrating. Despite these absolute score shifts, relative level
rankings remained highly consistent. These results suggest that
VLMs can approximate human-like subjective PCG evaluation,
but creator information should be omitted from prompts for
authorship-independent assessment.

Index Terms—Procedural generation, Vision language model,
Evaluation models, Cognition, Generative AI, Prompt engineer-
ing

I. INTRODUCTION

Procedural Content Generation (PCG) has been widely used
to reduce development costs and increase content diversity [1].
While prior PCG evaluation has often focused on functional
and structural properties of generated levels, such metrics do
not fully capture how players perceive level quality as an
experience. In particular, player judgments can depend on
dynamic and contextual factors that emerge through interaction
with the content, rather than on static level structure alone [2],
[3].

Gameplay videos provide a compact representation of both
level structure and temporal interaction, including movement,
failure, success, and progression. This makes Vision-Language
Models (VLMs) a promising candidate for evaluating gener-
ated game levels through natural-language criteria. However, it
remains unclear whether VLMs can approximate human-like
evaluation trends, including subjective preferences and creator-
related biases.

Fig. 1. Overview of the VLM-based game level evaluation settings used in
this study.

External context can shape evaluation beyond the content
itself. Prior work shows that judgments can differ depending
on whether the same content is perceived as AI-generated [4].
This raises the need to examine both the evaluative potential
of VLMs and their susceptibility to creator-related bias.

In this study, we analyze VLM-based PCG evaluation from
two perspectives, following the evaluation settings shown in
Fig. 1. First, we examine whether VLM evaluations based on
gameplay videos show trends similar to those observed in prior
human-subject studies. Second, we analyze how explicitly
providing creator information in the evaluation prompt affects
the VLM’s judgment and experiential scores. Through this
analysis, we investigate the potential of VLMs to reflect
dynamic and context-dependent human evaluation, as well as
the presence and impact of creator bias.

II. BACKGROUND

A. PCG Evaluation

The evaluation of generated content is a core process in
PCG research for validating both generation models and their
outputs. In game level generation, prior studies have mainly
relied on quantitative metrics that capture functional and
structural properties, including playability, solvability, path
structure, connectivity, and density [5]–[7]. These metrics are
useful for verifying whether generated levels function properly
and for comparing different generators, but they do not fully
explain how players perceive level quality.

Structural validity does not necessarily correspond to player-
perceived quality. A functionally valid level may not be
experienced as interesting, appropriately challenging, or well-
designed. Prior studies have therefore modeled player ex-
perience using level design features and player behavioral979-8-3315-9476-3/26/$31.00 ©2026 IEEE
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Fig. 2. Comparison of the average scores for each evaluation item in VLM-based game level evaluation. AI and Human indicate the generator type of the
level, and the results are grouped by the actual generator label (truth) and the generator label inferred by the VLM (belief). The evaluation items consist of
fun, challenging, frustrating, surprising, and design.

data [2], [3], or incorporated subjective factors such as en-
joyment, aesthetics, and difficulty through human assessment
[8]. Nevertheless, these approaches still largely rely on static
level properties or post-play assessments, making it difficult to
explain how players experience level elements over time and
within interactive contexts.

B. LLM/VLM-as-a-Judge

With the emergence of large language models (LLMs),
LLM-as-a-Judge has been studied as a way to evaluate gen-
erated outputs using natural-language criteria. It has been
applied to tasks where fixed answers are difficult to define or
human preference is central, such as summarization, dialogue,
and question answering [9]. Studies such as G-Eval and MT-
Bench have shown that strong LLM judges can approximate
human evaluation in open-ended tasks [10], [11]. At the same
time, LLM-based evaluation is not a complete replacement
for human evaluation, as it can be affected by several biases
and by design choices in prompts, criteria, scoring scales, and
comparison formats [9], [11].

This judge paradigm has recently been extended to mul-
timodal settings. VLMs can interpret visual inputs such as
images or videos according to natural-language criteria, and
have been used to evaluate visual outputs and multimodal
responses [12], [13]. This suggests that VLM-as-a-Judge can
provide a complementary approach to PCG evaluation by
interpreting generated levels and gameplay videos in ways that
go beyond conventional quantitative metrics, including their
spatial, visual, temporal, and experiential qualities. However,
it remains unclear how reliably VLMs evaluate generated game
content and how their judgments are influenced by contextual
information about the content, such as whether it is labeled as
human-created or AI-generated.

III. SYSTEM IMPLEMENTATION

a) Level Dataset: We utilized a total of 60 levels ob-
tained from M. Bazzaz and S. Cooper [4], comprising 30
levels each for Super Mario Bros. and Sokoban (15 human-
created and 15 AI-generated per game). The AI-generated
levels include outputs based on large language models (LLMs),
reinforcement learning (RL), and wave function collapse
(WFC); detailed information about these AI-generated levels
is provided in the appendix of the prior study [4].

b) Play Video Generation: Each level was played by AI
agents (breadth-first search (BFS) and A*) within the Mario AI
Framework [14] and PCG Benchmark [5] environments. The
gameplay was recorded as mp4 videos—with resolutions of
256 × 256 px (00:02–01:07) for Super Mario Bros. and 144–
192 × 128–192 px (00:04–01:44) for Sokoban, depending on
the level—which served as the input for the VLM.

c) VLM-as-a-Judge: Drawing inspiration from G-Eval
[10], we incorporated game-specific evaluation steps generated
by Gemini 2.5 Pro into the VLM level evaluation prompts.
To estimate token probabilities as described in G-Eval [10],
we performed 20 independent inference calls per level using
Gemini 2.5 Pro with Temperature 1.0 and Top-P 1.0. The
final creator judgment was determined by the mode, and the
evaluation scores were calculated as the mean of these 20
responses for the five dimensions evaluated in the prior study
[4]: fun, challenging, frustrating, surprising, and design.

IV. EXPERIMENTAL SETUP

To analyze the extent to which the VLM can emulate
human-created level evaluation—including creator bias—and
to assess its evaluation consistency, we conducted two ex-
periments. Within each experiment, identical evaluation steps
were applied per game, and the exact same gameplay videos
were provided as input for each respective level. The source
code and full evaluation prompts are publicly available in the
repository1.

A. Inferred-Creator Evaluation

For comparison with the prior study [4], the VLM was
instructed to sequentially generate the following contents and
return them in a JSON format:

1) A description explaining what occurred in the video.
2) The reasoning behind the creator judgment.
3) The creator selection (Human or AI).
4) The confidence level in the creator selection (on a 3-

point scale).
5) 5-point Likert scale scores for five dimensions (fun,

challenging, frustrating, surprising, design) regarding the
level, accompanied by brief justifications.

1https://github.com/GIST-CILab/vlm-pcg-eval



TABLE I
COMPARISON OF MEANS, SCORE SHIFTS (∆), AND BIAS SIGNIFICANCE BASED ON CREATOR BELIEF

Experience Metric Original Paper (Human Players) [4] Ours (VLM) Bias Alignment
AI Human Shift (∆O) AI Human Shift (∆V )

Enjoyment / Fun 2.92 3.72 +0.80 (p < 0.001) 2.07 3.16 +1.09 (p < 0.001) Match (AI < Human)
Difficulty / Challenge 3.88 3.65 -0.23 (p < 0.015) 1.56 2.00 +0.44 (p < 0.015) Mismatch
Frustration / Negative Affect 3.60 2.84 -0.76 (p < 0.001) 1.79 1.28 -0.51 (p = 0.263) Mismatch
Novelty / Surprise 2.65 2.62 -0.03 (p = 0.96) 1.38 1.43 +0.05 (p = 0.48) Match (Both Insig.)
Aesthetics / Design Quality 2.70 3.57 +0.87 (p < 0.001) 1.84 3.05 +1.21 (p < 0.001) Match (AI < Human)

Note: Shift (∆) is calculated as (Belief: Human) − (Belief: AI); Human player p-values were calculated using ordinal logistic regression with random
intercepts for participant and unique game level [4], while VLM p-values were computed using two-sided Mann-Whitney U tests. ‘AI < Human’ indicates a
significant positive shift (favoring Human), while ‘AI > Human’ indicates a significant negative shift (favoring AI). ‘Both Insig.’ denotes that neither human
players nor the VLM showed a statistically significant bias based on belief (p > 0.05).
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Fig. 3. Scatter plots of VLM evaluation scores for the same levels under two forced-label conditions: forced as AI-generated (x-axis) and forced as human-
created (y-axis). Each point represents the pair of scores assigned to the same level when its presented creator label is changed.

B. Label-Injected Evaluation

Instead of requesting the VLM to deduce the creator, the
evaluation was conducted by explicitly providing creator infor-
mation within the input prompt. Consequently, a level actually
created by a human could be presented as AI-generated,
and vice versa. In this experiment, a cross-evaluation was
performed on all 60 levels by independently injecting both the
“human-created” condition and the “AI-generated” condition
for every level.

V. RESULTS

A. Accuracy and Creator Bias

In Inferred-Creator Evaluation, the VLM’s creator identifi-
cation accuracy was 53.3%, which is close to chance level
(p = 0.699, binomial test) and comparable to the 53%
accuracy reported in the prior human-subject study involving
154 human players [4]. These results indicate that the VLM is
unable to reliably determine whether a level is AI-generated.

When grouping the results of Inferred-Creator Evaluation
by the actual creator, a Mann-Whitney U test (two-sided)
showed no significant differences across any metrics (p ≥
0.609). In contrast, evaluations grouped by the VLM’s belief
exhibited statistically significant variations (Fig. 2). The VLM
assigned higher scores for fun and design (p < 0.001), as
well as challenging (p < 0.015), when it perceived a level
as human-created. However, neither surprising (p = 0.48) nor
frustrating (p = 0.263) showed a significant belief-based shift.

As summarized in Table I, the direction of the VLM’s
belief-based score shifts matched the prior human-subject

study in three of the five dimensions: fun, surprising, and
design. This suggests that the VLM’s belief-conditioned score
changes were not arbitrary, but partly reflected human-like
bias directions. However, challenging and frustrating diverged
from the human-subject pattern, indicating that the VLM may
interpret dimensions related to difficulty and negative affect
differently from human players. Overall, these results suggest
that creator bias was driven not by the objective generator
category, but by the VLM’s inferred belief about the creator.

In Label-Injected Evaluation, where a uniform creator label
was provided for all levels, a Mann-Whitney U test (two-
sided) revealed that the actual creator again had no significant
effect (0.104 ≤ p ≤ 0.629). However, based on the creator
label provided in the prompt, a Wilcoxon signed-rank test
(two-sided) showed that the VLM evaluated the human-created
condition significantly higher across all evaluation dimensions:
fun, challenging, surprising, and design (p < 0.001), as well
as frustrating (p = 0.001). This label-injected score shift is
further illustrated in Fig. 3, where each point compares the
VLM’s scores for the same level under the AI-labeled and
human-labeled conditions. While Inferred-Creator Evaluation
demonstrates an intrinsic bias driven by visual cues, Label-
Injected Evaluation confirms that explicit information in the
prompt induces a substantial bias in the VLM.

B. Evaluation Consistency

Despite the presence of these biases, the VLM’s relative
evaluations maintained consistency. Measuring Kendall’s Tau-
b (two-sided test)—which is robust to tied ranks for the



averaged 5-point scale scores—revealed high rank correlations
across all metrics between the conflicting injected conditions
in Label-Injected Evaluation (0.586 ≤ τ ≤ 0.731, p < 0.001).
This indicates that although injected creator labels shifted the
absolute scores, the VLM preserved a relatively stable ordering
of levels within each metric.

VI. DISCUSSION AND CONCLUSION

Through this study, we observed that a Vision-Language
Model (VLM) can produce evaluation trends partially consis-
tent with human players in game level evaluation, while also
exhibiting creator-related bias. In the inferred-creator setting,
the VLM’s evaluations were not determined by the actual
creator of a level, but varied according to the creator label in-
ferred by the model. This suggests that VLM-based evaluation
reflects not only visual evidence from gameplay videos, but
also belief-based assumptions about the content’s origin. In the
label-injected setting, explicitly providing creator information
further shifted the VLM’s scores, demonstrating that prompt
context can substantially affect absolute evaluations.

Despite these shifts, the VLM maintained relatively stable
rank correlations across conflicting injected-label conditions.
This indicates that despite absolute score biases, the model
preserves useful relative ordering. Therefore, VLM-as-a-Judge
should be understood not as a neutral replacement for human
evaluation, but as a complementary tool whose outputs depend
on both visual input and prompt context. In particular, creator
information should be omitted from prompts when the goal is
to evaluate level quality independently of perceived authorship.

Distinct patterns were observed in the challenging and
frustrating metrics, where the VLM’s evaluations diverged
from the directions observed in human players. In the prior
study [4], participants exhibited a negative affective bias, as-
sociating perceived AI-generated levels with higher difficulty
and frustration. However, the VLM did not show a significant
belief-based shift in frustrating, which may reflect a form of
affective decoupling: unlike human players, it does not directly
experience frustration during gameplay. In contrast, the VLM
evaluated perceived human-created levels as more challenging,
suggesting that it may associate human design with deliberate
structural complexity, whereas human players may perceive
erratic or unoptimized AI-generated layouts as difficult.

Additionally, this challenge discrepancy may be attributed to
the behavioral characteristics of the AI agents used to generate
the gameplay videos. These agents often follow optimized
paths and clear levels mechanically, thereby failing to capture
mistakes, hesitation, repeated attempts, and other behavioral
cues that shape human perceptions of challenge. In cases
where the agent fails to complete a level, the VLM may also
be forced to evaluate the level from incomplete or fragmented
visual evidence.

Future work should therefore explore gameplay videos gen-
erated by agents with varying skill levels and behavioral styles,
ranging from novice-like to expert-like play. Such videos may
better represent the diversity of human player experiences
and improve the evaluation of metrics that depend strongly

on player behavior, such as challenge. More broadly, future
studies should examine whether these findings generalize
across different VLMs, game genres, and prompt designs.
Overall, this study provides empirical evidence that VLMs can
support qualitative PCG level evaluation, while highlighting
the need for blind evaluation protocols and careful control of
creator-related context.
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