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PREFER: FROM PLAYER EXPERIENCE
TO PERSONALIZED GAME REFINEMENT
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ABSTRACT

Understanding how large language models (LLMs) evaluate gameplay experience
is important for using their feedback to guide game design. However, overall
ratings alone provide limited insight into which aspects of experience are associ-
ated with these judgments and how they can inform concrete game changes. We
introduce PREFER, a framework that uses a shared set of experience dimensions
adapted from established psychometric questionnaires to benchmark how models
evaluate gameplay and to guide persona-specific game refinement. Through these
dimensions, we characterize the perspectives models offer as virtual playtesters by
examining how their overall assessments relate to specific aspects of experience
and to the gameplay they produce. To examine how the same dimensions can guide
refinement for players with different preferences, we use personas to simulate
distinct player profiles. For each persona, PREFER uses experience-preference
relationships to select refinement objectives, revises game rules and their implemen-
tations, and playtests candidate games to assess experience changes and predicted
preference gains. Experiments with five personas show that PREFER achieves 9.2%
higher mean post-play preference ratings than the strongest evaluated baseline.

1 INTRODUCTION

Large language models (LLMs) are increasingly used in game development, supporting the generation
of playable prototypes and the evaluation of player experience (Sun et al., 2024; Lankes & Stockl,
2023). Gameplay experience involves multiple aspects, such as challenge, mastery, and immersion
(Sweetser & Wyeth, 2005; Vanden Abeele et al., 2020). Understanding how these aspects relate to
models’ overall judgments is therefore important for characterizing the perspectives they offer as
virtual playtesters and for using their feedback to guide game refinement.

Established player-experience instruments, such as PXI and CORGIS, provide structured dimensions
for describing functional, psychosocial, and challenge-related aspects of gameplay (Vanden Abeele
et al., 2020; Denisova et al., 2020). Building on such instruments, Dutta et al. (2026) map player
reviews to experience constructs and examine their associations with review scores. In parallel,
MeepleLM generates ratings and critiques from game rulebooks under different player personas,
illustrating how LLMs can provide feedback from multiple player perspectives (Li et al., 2026).

Building on these advances, we ask how different LLMs evaluate the experience reflected in actual
gameplay. An overall rating alone does not reveal whether models agree on specific aspects of an
experience, or how those assessments relate to their overall judgments. Characterizing their perspec-
tives therefore calls for comparing both levels of evaluation and examining how these judgments
relate to the gameplay the models produce. Beyond this analysis, a further question is whether the
same experience dimensions can guide game refinement for players with different preferences, by
specifying which aspects to change and in which direction.

To address these questions, we introduce PREFER, a framework that uses shared experience dimen-
sions to benchmark how models evaluate gameplay and to guide persona-specific game refinement.
We adapt experience dimensions from established psychometric questionnaires to assess gameplay
trajectories, collecting overall ratings separately from dimension-level assessments. Different models
evaluate the same trajectories, allowing us to examine how their overall judgments relate to specific
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Figure 1: Overview of PREFER. (a) The game suite provides rules, code, and a playground. (b)
Persona preferences guide rule refinement, implementation, and playtesting. (c) Models and persona-
based evaluators assess the same gameplay trajectories using shared experience dimensions and
overall ratings.

aspects of experience and how their assessments agree or differ. We further compare their evaluations
of trajectories produced through their own play and that of other models, and examine agreement in
game-level rankings.

However, players differ in what they value in a game (Tondello et al., 2019). To better simulate
diverse real-world players, we follow MeepleLM (Li et al., 2026) in using personas to represent
distinct player profiles. For each persona, PREFER relates experience dimensions to overall preference
to select which aspects to change and in which direction. These objectives guide rule revisions, which
are translated into function-level contracts that specify required behavior and guide implementation
checks and repair. Candidate games are then playtested under the target persona, and acceptance
requires both the intended experience changes and a positive predicted preference gain. Feedback
from unsuccessful candidates guides further rule revisions.

We evaluate PREFER on familiar card games and their rule variants. The model benchmark identifies
shared patterns in game rankings alongside differences in how experience dimensions relate to overall
ratings. Across five personas, PREFER achieves 9.2% higher mean post-play preference ratings than
the strongest baseline evaluated. A separate implementation study also shows a higher success rate in
producing runnable games and higher rule-consistency scores than baseline.

Our contributions are threefold:

* We introduce PREFER, a framework that adapts experience dimensions from psychometric
questionnaires to gameplay trajectories, providing a shared basis for model evaluation and
persona-specific game refinement.

* We establish a model benchmark that characterizes the perspectives LLMs offer as virtual
playtesters by comparing their experience judgments, overall ratings, and game rankings,
and relating these evaluations to the gameplay they produce.

* We develop a persona-specific game refinement method that uses experience-preference
relationships to select modification targets, guides rule revisions with playtesting feedback,
and supports implementation through function-level contracts and execution checks.

2 RELATED WORK

Game-Based Agent Evaluation. Games let researchers observe how agents follow rules, choose
actions, and respond to other players over several turns. clembench tests instruction following and task
success through dialogue games (Kranti et al., 2023). GameBench studies strategic reasoning across
nine games (Costarelli et al., 2024). TextArena offers competitive text games that involve skills such



as negotiation and deception (Guertler et al., 2025). Our benchmark uses shared experience measures
to compare models without persona prompts against reference players given fixed persona prompts.
We compare their evaluation profiles on shared gameplay evidence and relate these judgments to the
play the models produce.

Personas and Player Experience. Persona prompts ask an agent to follow a given role or set of
preferences. TRAIT measures model personality through multiple-choice questions about every-
day situations (Lee et al., 2025). PERIL studies how persona prompts affect game strategies. It
maps a model’s answers to personality questions into strategy parameters (Licato & Steinle, 2025).
MeepleLM uses player personas to rate games and explain their judgments from rule descriptions
(Li et al., 2026). PXT and CORGIS offer scales for player experience and perceived challenge (Van-
den Abeele et al., 2020; Denisova et al., 2020). We use these scales to describe gameplay. Personas
guide our game revisions and provide reference players for model comparison.

Game Refinement and Verification. Game refinement requires both useful feedback and code that
follows the revised rules. Self-Refine uses model feedback to improve generated outputs (Madaan
et al., 2023) and systems (Yuksekgonul et al., 2025; Ye et al., 2026). Cardiverse creates card game
variants and playable implementations (Li et al., 2025). Fly, Fail, Fix uses play records from a
reinforcement learning agent to guide changes to game settings (Zook et al., 2025). For code repair,
LDB checks execution step by step to locate errors (Zhong et al., 2024). PolyVer uses function
contracts to verify programs written in different languages (Chen et al., 2025). In our method, a target
player’s experience guides rule changes. Fixed function contracts guide code repair, and playtesting
checks the resulting experience.

3 METHOD

PREFER uses shared experience dimensions to study how LLMs evaluate gameplay and to guide
game refinement for a target persona. We first describe the experience assessment. We then explain
how persona preferences guide rule changes, how function contracts guide their implementation, and
how playtesting provides feedback for further revision.

3.1 EXPERIENCE ASSESSMENT

We describe gameplay through selected dimensions from PXI (Vanden Abeele et al., 2020) and
CORG IS (Denisova et al., 2020). These dimensions cover how a game supports and engages the
player, as well as the demands of play. For example, challenge fit measures whether difficulty suits
the player. Cognitive challenge measures the reasoning and planning required during play. We keep
the dimension definitions and scoring scales fixed across models and personas. Appendix B gives the
full definitions and scoring details.

Let R denote the rulebook and 7 a completed gameplay trajectory. The trajectory records the focal
player’s observations, available actions, chosen actions, and outcomes. An LLM evaluator uses this
evidence to rate each experience dimension. A separate assessment gives an overall rating of the
same playthrough. We write the two assessments as

z=En(R,T,p), y=Sm(R,T,p), )

where m is the evaluation model, 2 € R? contains the d experience scores, and ¥ is the overall rating.
The optional persona p specifies the player’s preferences. Each experience score includes a short
explanation based on the trajectory. The two assessments do not receive each other’s outputs, so y is
not calculated from z.

For model comparison, we omit the persona prompt and compare judgments of the same gameplay
evidence. The pairs (x,y) let us examine how each model’s dimension scores relate to its overall
ratings. For persona-guided refinement, the player agent and both assessments use the same target
persona p. In this setting, y measures the persona’s preference for the played game.

3.2 RULE REFINEMENT

Rule refinement starts from a game with rulebook R, code C, and a target persona p. We collect
paired experience and preference measurements across games under this persona. A regularized linear
predictor f,, relates the experience vector to the preference score. We fit the predictor on other games
before using it to refine the current game. Appendix B.1 gives the predictor and fitting procedure.
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Figure 2: Contract-guided rule implementation. Revised rules are translated into function contracts
that guide code edits and execution checks. Failure traces guide the selection of functions to repair,
and the updated code is rechecked under the same contracts.

The predictor assigns a weight w,; to each experience dimension j. In the original scoring units,
this weight estimates the preference change for a one-point increase in dimension j, with other
dimensions fixed. We use the sign of w,,; to choose the direction of change. A positive weight
suggests increasing the dimension, and a negative weight suggests decreasing it. We denote this
direction by dp,; € {—1,+1} and skip dimensions with zero weight.

Given the current experience vector x, we remove targets without enough room for change on the
scoring scale. We rank the remaining targets by |w,;|. This ranking compares the predicted gains
from equal-sized changes in individual dimensions. It sets the search order, while playtesting checks
the effects of an actual rule change.

For each selected target, an LLM proposes a revised rulebook R’ using R, p, and the target dimension
and direction. The proposal changes a game mechanic while keeping the game objective and
unaffected rules fixed. The next stage implements this rulebook and checks the resulting code.

3.3 RULE IMPLEMENTATION

Contract construction. We compare R’ with R to identify changed requirements and relevant rules
that must remain unchanged. Each requirement keeps a link to its source rule text. We also extract
function definitions and direct calls from the code’s abstract syntax tree. This information helps assign
each required outcome to an owner function and identify functions that may supply its prerequisites.

Following Chen et al. (2025), we express function responsibilities through assumptions and guarantees.
We add provider links and timing conditions to form each contract clause

k= (f,A G,P,a,d), @

where f is the owner function, A is its required entry condition, and G is its required outcome.
The set P lists possible prerequisite providers. The trigger « activates the obligation, and J sets its
deadline. For arguments u, state s before the call, state s’ after the call, and return value r, the clause
requires

A(u,s) = G(s,8,r). 3)

Both A and G are executable checks. We check that the plan covers the rule requirements, has
valid function links, and can execute its predicates. Semantic review provides advice on whether
the clauses match the rules. Once the plan is accepted, its predicates and clause identities stay fixed
during code generation and repair.

Local and joint checks. An implementation model updates the affected function bodies using the
revised rules and accepted contracts. Local checks test an owner function in isolation. Each test
supplies arguments and state that satisfy A, independently of the candidate provider functions. It then
calls the owner and tests G. A failed guarantee or an exception under valid entry conditions identifies
an owner failure. If the test input fails A, the clause remains untested.
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Figure 3: Experience dimensions characterize model evaluation. (a) Associations with overall
ratings reveal shared emphasis on mastery and differences across other dimensions. (b) Normalized
similarity shares summarize resemblance to the five persona profiles; bold marks the largest share for
each model.

Joint checks test whether gameplay supplies the required entry conditions. A runtime monitor follows
each obligation from its trigger a.. It checks A when the owner is called and reports a failure if
A is false. A required call missing at deadline ¢ also causes a failure. The monitor uses provider
calls observed during this period to identify possible causes. For both checks, a lack of evidence is
recorded as unknown.

Repair scope. We use execution feedback to select which functions to repair (Zhong et al., 2024;
Xia et al., 2025). Each supported failure 7 gives a set E; of candidate functions. A local failure gives
E; = {f}. Ajoint failure gives the providers supported by the execution record. We select a set that
covers every failure while limiting edit cost

S* = arg SI,ngl?f Z cs subjectto SNE; #@ foralli, 4)
fes
where F is the set of editable functions and ¢y > 0 is the number of source lines in f. Failures
without supported candidate functions remain unresolved.

Let U/ contain the failure sets not yet covered. If I/ is nonempty, we choose a set with the fewest
candidates, £t € argmingcy |E|. The minimum remaining cost is

0, U=0a,

V) = ®)

min [c; +V{E €U | f ¢ E})], otherwise.
feEt

Selecting f covers every remaining set that contains it. We solve this recurrence by branch-and-bound
search. A branch is dropped when its accumulated cost exceeds the best complete solution. A
completed search returns S*. Appendix D gives the search limits and tie-breaking rules.

The repair model receives the rules, fixed contracts, code, failure records, and selected functions.
It changes only the selected function bodies and preserves their signatures. We keep a patch only
if rechecking improves the results without new failures or loss of earlier evidence. Repair stops
when the required checks pass, no supported repair scope remains, or the budget is exhausted. Only
candidates that pass the required checks proceed to playtesting.

3.4 PLAYTESTING AND FEEDBACK

The player agent plays each candidate with the target persona p. We assess the resulting trajectory
using the same dimensions and scoring procedure as for the original game. Let x be the original
experience vector and x}, the vector for candidate k. A candidate needs valid gameplay and complete
experience scores before it can be accepted.

A rule change can improve the target dimension but harm other parts of the experience. We therefore
check both the target change and the predicted preference gain. For candidate % targeting dimension



(a) Persona profiles

Efficiency Narrative Social System Thrill
Goals 0.17 -0.11 0.18 0.13 0.14
Autonomy 0.34 0.34 0.11 0.33 0.29
Mastery 0.50 0.39 0.07 0.48 0.38
Curiosity 0.40 0.38 0.16 0.40 0.49
Challenge fit 0.45 0.29 0.22 0.33 0.57
Cognition 0.40 0.30 -0.04 0.45 0.35
Decisions 0.40 0.30 0.07 0.46 0.45
Meaning 0.53 0.14 0.08 0.36 0.57
Immersion 0.54 0.16 -0.02 0.48 0.56
Emotion 0.05 0.04 0.02 -0.04 0.50
Feedback 0.45 0.31 0.24 0.32 0.47
Control 0.28 0.10 0.14 0.05 0.09
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(b) Preference prediction error

Efficiency Narrative Social System Thrill
Mean baseline -m- 146 L] 0.50 - 0.79 - 0.87 -u-1.82
Shared model - 1.08 w 0.47 ” 0.56 S 0.61 -- 1.21
Persona-specific . 1.01 . 0.39 - 0.55 . 0.55 - 121
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Held-out MAE (lower is better)

Figure 4: Persona evaluation profiles and preference prediction. (a) Experience dimensions relate
differently to each persona’s ratings. (b) Preference prediction from each persona’s own experience
scores, comparing a persona-mean baseline, shared dimension slopes with persona indicators, and
separate persona models. Lower MAE indicates better prediction; intervals show uncertainty.

7k, acceptance requires
dpji, (mgf]k —zj,) >
fp(l’;c) — fp(z) >0,
where € > 0 is the minimum required change in the target dimension. The first condition checks

progress in the selected direction. The second uses all experience dimensions to estimate the total
preference change.

(6)

We try targets in their ranked order and generate each candidate from the same original game. A
failed implementation, incomplete playtest, or rejected candidate leads to the next target. We accept
the first candidate that passes all checks. If no candidate passes within the search budget, we keep the
original game and enter the feedback stage.

Following Madaan et al. (2023), we use feedback to revise a failed proposal. We select the highest-
priority rejected candidate with valid gameplay and complete experience scores. The feedback
includes its rules, score changes, acceptance decision, and an explanation based on the trajectory. The
generator changes the mechanic while keeping the persona, target dimension, and direction fixed. The
new proposal goes through the same implementation checks and playtesting. Equation 6 compares it
with the original game. If no suitable candidate exists or the feedback revision also fails, we retain
the original game.

4 EXPERIMENTS

Our experiments connect three questions: what experience dimensions reveal about model evaluation,
how persona-specific preference relationships define refinement targets, and whether the resulting
game revisions receive higher post-play preference ratings. We examine each connection separately
before following the complete process in a concrete case.

4.1 EXPERIMENTAL SETUP

Model evaluation. We benchmark GLM (Zeng et al., 2026), DeepSeek (Xu et al., 2026),
Kimi (Team et al., 2026), MiniMax (Chen et al., 2026), and Qwen (Qwen Team, 2026) on 91
card games with fixed rules and implementations. The models play against random opponents without
persona prompts. Five neutral judges and five persona references assess the recorded trajectories
with actor identities hidden. Overall ratings and 12 experience ratings are collected in separate calls.
Appendix A details model configurations and analysis sets.

6



Table 1: Agreement between adjacent game groups. Group Gap is the mean rating difference, and
Pair Agreement is the percentage of correctly ordered cross-group pairs.

Judge Model ~ GLM-5.3 DeepSeek-4.1flash Kimi-K2.7 MiniMax-M2.5 Qwen3.8-Max

Group Gap 1.87 1.10 1.69 1.61 1.59
Pair Agreement  96.0 78.4 88.0 91.5 93.7
Sixty Six 7.0 7.0 7.0 7.4 6.6
Pinochle 2 7.0 6.6 7.0 ~ 7.2 B 5.8
Rummy Rum 7.0 6.6 6.8— —7.0— 5.8
Euchre 7.0 e 6.0 6.8 PAN 6.8 5.8
500 Rum 6.8 5.4 6.8 6.2 5.2
Peep Nap 6.0 5.0 6.0 6.2 5.0
Play Or Pay 5.8 5.0 5.2 6.2 4.8
Anaconda Poker 5.6 5.0 S 5.0 6.0 4.8
Palace 5.4 - 4.6 5.0 ’ 5.4 4.6
Sir Garnet 5.2 4.2 4.6 5.4 4.2
Ship Captain And Crew 3.0 3.0 3.0 3.0 3.0
Left Center Right 3.0 3.0 3.0 3.0 2.0
Bingo 3.0 3.0 3.0 2.6 2.0
Klondike 2.8 2.0 2.4 > 2.4 - 1.8
Napoleon At St Helena 2.8 1.8 2.2 2.0 1.6
GLM DeepSeek Kimi MiniMax Qwen

Pooled-score group
== High == Middle == Low

Figure 5: Shared game preferences and local ranking differences.

Persona prediction and refinement. We adopt five profiles from MeepleLM (Li et al., 2026):
Efficiency Essentialist, Narrative Architect, Social Lubricator, System Purist, and Thrill Seeker. They
provide reference evaluations for model comparison and serve as target players in game refinement.
We validate preference predictions on held-out games and assess game revisions through persona
playtesting and code implementation checks. Appendix B describes the evaluation protocols.

4.2 MODEL EVALUATION THROUGH EXPERIENCE DIMENSIONS

We use experience dimensions to characterize how models evaluate recorded gameplay. Figure 3
presents two complementary views: the associations between individual dimensions and overall
ratings, and the similarity of these association profiles to persona references.

We first examine whether models broadly agree on which games they rate highly. With complete
rankings, four judges define high-, middle-, and low-rated groups for the fifth judge to compare. Each
group spans ten rank positions. Each judge is held out in turn. All five favor the higher-rated group.
Averaging the high—middle and middle—low comparisons gives mean gaps of 1.10-1.87 points and
pairwise agreement of 78.4-96.0%, shown in Table 1. Figure 5 illustrates this pattern with the highest,
middle, and lowest five games by pooled score. Each column orders the displayed games by one
judge’s mean rating over actor sources, and lines connect the same game across judges. High-scoring
games generally remain above low-scoring ones. At the level of overall ratings, the models show
broad agreement.

We then compare how their overall ratings relate to experience dimensions and use persona references
to interpret the resulting association profiles. Figure 3(a) shows positive mastery associations across
models, alongside differences in immersion and challenge fit. The displayed mastery correlations
range from 0.41 to 0.57, placing mastery among the two largest correlations for every model. The other
prominent associations differ: GLM has an immersion correlation of 0.56, DeepSeek a challenge-fit
correlation of 0.42, and Qwen a meaning correlation of 0.54. These patterns identify a common
association with mastery while showing that the remaining dimensions relate differently to each
model’s overall ratings.

The persona references provide a way to interpret these differences in evaluation emphasis. Figure 3(b)
expresses these evaluation patterns relative to the five persona references. System has the largest
estimated similarity share for GLM, DeepSeek, Kimi, and Qwen, while Thrill has the largest share for



Table 2: Refinement and implementation outcomes. Original games provide the preference
reference. Bold marks the best method value, including ties.

Method Preference Rate Success Rate (%) Execution Rate (%) ECon PCon
Original games 2.927 - - - -

Reflexion (Shinn et al., 2023) 2.787 83.33 99.96 0.656 6.514
PromptBreeder (Fernando et al., 2024) 2.740 73.33 99.86 0.670 5.407
Cardiverse (Li et al., 2025) 2.820 76.67 99.52 0.658 5.991
ReCode (Yu et al., 2025) 3.053 83.33 99.96 0.659 6.648
PREFER 3.333 86.67 99.96 0.661 7.377

MiniMax. Similarity describes a combination of evaluation emphases for each model. For example,
MiniMax’s shares are 25.9% for Thrill, 22.0% for Narrative, and 22.1% for System. These shares
describe relative resemblance between evaluation profiles, without implying positive raw correlations.
Social has the smallest normalized share for every neutral model. DeepSeek yields the largest share
for Social, 13.2%, whereas the corresponding values for the other models range from 7.7% to 10.1%.
This suggests that the pool of neutral judges may provide uneven coverage of different reference
perspectives, highlighting the importance of persona-based perspectives.

4.3  VALIDATING EXPERIENCE-BASED PREFERENCE MODELS

The persona profiles in Figure 4(a) characterize differences in evaluation emphasis on common
benchmark inputs. For example, emotional challenge is positively associated with Thrill’s ratings
and negatively associated with System’s. These patterns motivate preference predictors that combine
experience dimensions for each persona. We next examine whether the same experience dimensions
predict preference when games are played under the target persona. This analysis uses a separate
dataset of 455 persona-played observations from the same 91 games and five personas, with experience
scores and preference ratings collected separately.

Preference prediction. We compare separate regularized linear predictors for each persona with a
persona-mean baseline and a shared predictor that uses common dimension coefficients with persona-
dependent score levels. Figure 4(b) reports persona-wise prediction errors. Averaged equally over the
five personas, the separate predictors achieve a mean absolute error (MAE) of 0.740, compared with
1.090 for the persona-mean baseline and 0.785 for the shared predictor. As shown in Figure 4(b), our
persona-specific experience-based preference predictor has lower MAE than the shared predictor in
four of the five personas, with nearly identical errors for Thrill. Appendix B.1 gives the procedures.

Experience and persona ablations. Table 3 compares the experience sources and persona con-
ditioning using identical observations and held-out-game folds. MAE and R? are averaged over
personas; Order measures accuracy for within-persona pairs with different observed ratings, with
both games held out. The nine PXI dimensions achieve MAE 0.761 and ordering accuracy 81.8%,
close to the combined representation’s 0.740 and 82.0%. Using only the three CORGIS challenge
dimensions yields MAE 0.905 and ordering accuracy 72.6%. Removing both sources gives the
persona-mean baseline. The - persona ablation retains all 12 dimensions but shares both coefficients
and intercept across personas, without persona indicators (MAE 0.880; Order 81.3%). PREFER uses
the relationships fitted on the original 49 games to select which dimensions to change and in which
direction for each persona, guiding the game revisions evaluated in Section 4.4.

4.4 POST-PLAY PREFERENCE AND IMPLEMENTATION QUALITY

We compare PREFER with Cardiverse’s game-generation workflow (Li et al., 2025), Reflexion’s
self-feedback refinement (Shinn et al., 2023), ReCode’s bounded recursive planning (Yu et al., 2025),
and PromptBreeder’s mutation (Fernando et al., 2024). We report mean post-play preference and
implementation metrics in Cardiverse (Li et al., 2025): Success Rate, Execution Rate, code-rulebook
embedding similarity (ECon), and play-rule consistency (PCon). Appendices B and D detail the
adaptations, datasets, and protocols.

As shown in Table 2, PREFER achieves a mean preference of 3.333, a paired increase of 0.407 over
the original games and 9.2% above the best baseline’s mean of 3.053. It also achieves the highest
implementation success rate (86.67%) and PCon (7.377), with execution rate tied at 99.96%. The



Table 3: Experience and persona ablations in Table 4: Mean paired preference change by

preference prediction. persona.

Predictor MAE| R? Order(%) Persona Directed refinement With feedback

PREFER 0.740 0.435 82.0 Efficiency +0.333 +0.400

- CORGIS 0.761 0.426  81.8 Narrative +0.067 +0.067

- persona 0.880 0.030 81.3 Social +0.233 +0.267

- PXI 0.905 0.222 72.6 System +0.100 +0.133

- CORGIS&PXI 1.090 -0.022 50.0 Thrill +1.167 +1.167

All personas +-0.380 +0.407

rn Game: Crazy Eights @ Persona: Thrill Seeker (® Design target: Challenge fit 1
Diagnose the failure Redesign the decision Verify in play
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Figure 6: Feedback-guided revision in Crazy Eights. The target persona and experience dimension
remain fixed while playtesting feedback guides a new drawing mechanic.

different method rankings under ECon and PCon highlight the value of checking actual gameplay
alongside code-rulebook similarity.

Table 4 reports paired preference changes from the original games for both directed refinement and
its feedback extension, averaged over 30 games per persona. Directed refinement achieves a mean
gain of 0.380 points. Persona-level mean gains range from 0.067 for Narrative to 1.167 for Thrill.
These differences may reflect how readily persona preferences can be addressed through local rule
edits. Such edits can reshape the immediate risks and consequences relevant to Thrill, but may offer
fewer opportunities to develop thematic progression for Narrative or improve strategic control and
balance for System. The feedback extension yields a small additional improvement, increasing the
mean paired preference gain from 0.380 to 0.407 points, an additional 0.027 points. Overall, PREFER
improves mean post-play preference in the evaluated card games, with gains varying across personas.

4.5 CASE STUDY: FROM AN EXPERIENCE TARGET TO A RULE CHANGE

Figure 6 follows a Crazy Eights revision for Thrill Seeker with a fixed challenge-fit target. Revealing
a player’s hand after extended drawing leaves challenge fit unchanged. Feedback then guides a
stop-or-continue drawing mechanic with a three-draw limit. In the resulting playtest, challenge fit
rises from 2 to 3 and post-selection preference from 2 to 6. The case illustrates how feedback guides
a concrete mechanic change toward the same experience target. Appendix C.1 gives the full rule
changes and evaluation record.

5 CONCLUSION

PREFER uses shared experience dimensions to connect model evaluation with persona-guided game
refinement. The dimensions reveal differences hidden by overall ratings, predict persona preference
on held-out games, and define concrete modification targets. Delivered revisions receive higher
mean post-play preference than the original games and evaluated baselines. The implementation
evaluation also reports higher success and play-rule consistency. Together, these results demonstrate
how experience measurements can inform concrete, executable game revisions.
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A BENCHMARK DETAILS

A.1 DATA, EVALUATORS, AND ANALYSIS SETS

The neutral benchmark contains 91 fixed games and five actor configurations. We match requests
by the exact rule and focal-player evidence texts, deduplicate identical inputs, and require every
instrument needed for a comparison. The common set has 363 unique inputs from 91 games with
overall and 12-dimensional ratings from all five neutral judges and all five persona references. Overall
replies with insufficient evidence remain missing; they are not replaced by zero. Persona scoring
includes the completed supplementary questionnaires. Completed play includes trajectories stopped
at the decision or time limit.

The focal-player evidence records visible states, legal actions, selected actions, and outcomes. Initial
play fixes seat 0 and seed O, with random agents at other seats, limits of 500 focal decisions and four
hours, and at most one model-selected recovery from an invalid action. Evaluation requests hide
actor identity and collect dimensions and overall scores separately. The overall prompt concerns the
recorded experience, excluding replay intention and recommendation.

The actor configurations are GLM-5.3, DeepSeek-V4.1-Flash, Kimi-K2.7-Code, MiniMax-M2.5, and
Qwen3.8-Max. The Qwen judge is Qwen3.8-Max-0902. The original external-rating batch requests
temperature O for Kimi, DeepSeek, MiniMax and Qwen. Reasoning settings and output limits differ
across services.

A.2 DIMENSION ASSOCIATIONS AND WITHIN-GAME CHECKS

For each evaluator, we correlate its dimension ratings with its separately obtained overall scores, using
Spearman correlation with average ranks for ties. Table 5 gives the values underlying the model rings
and persona profiles in the main text. These pooled associations can reflect differences between games.
To inspect variation within games, we rank scores and dimensions across the common set, subtract
the corresponding game means from their ranks, and correlate the centered ranks. Table 6 reports
these within-game associations. Intervals use 2,000 whole-game bootstrap samples. Simultaneous
intervals account for multiple model-pair and dimension comparisons.

Table 5: Associations between experience dimensions and overall ratings. Spearman correlations
characterize evaluation emphasis across models and personas. E, N, S, Y, and T denote Efficiency,
Narrative, Social, System, and Thrill.

Dimension GLM DS Kimi MM Qwen E N S Y T
Goals/rules 0.12 0.06 -0.01 0.03 0.12 0.17 -0.11 0.18 0.13 0.14
Autonomy 044 020 0.17 024 035 034 034 0.11 033 0.29
Mastery 0.57 0.41 048 043 0.56 0.50 0.39 0.07 048 0.38
Curiosity 049 0.18 027 033 042 040 0.38 0.16 040 0.49
Challenge fit 0.06 0.42 0.00 038 0.20 045 0.29 0.22 0.33 0.57

Cognitive challenge 045 0.32 026 0.31 049 040 0.30 -0.04 045 035
Decision challenge ~ 0.42 0.32 0.18 0.31 0.41 040 030 0.07 046 045
Meaning 047 028 0.15 038 0.54 053 0.14 0.08 036 0.57
Immersion 0.56 0.15 021 037 049 054 0.16 -0.02 048 0.56
Emotional challenge  0.03 0.01 -0.02 0.34 0.11 0.05 0.04 0.02 -0.04 0.50
Progress feedback 0.51 0.19 020 022 032 045 031 024 032 047
Ease of control 0.15 0.03 -0.03 0.09 0.08 028 0.10 0.14 0.05 0.09

Model and persona profiles. Across the shared inputs, mastery is positively associated with overall
ratings for every model (p = 0.413-0.574). Immersion has correlation 0.560 for GLM, compared
with 0.148 for DeepSeek and 0.212 for Kimi. Challenge fit has correlations 0.419 for DeepSeek and
0.380 for MiniMax, compared with —0.003 for Kimi. For the Thrill persona, challenge fit, meaning,
immersion, and emotional challenge correlate with overall ratings at 0.567, 0.571, 0.562, and 0.496,
respectively; System’s emotional-challenge correlation is —0.044. These values describe pooled
associations across the recorded games and trajectories.

13



Table 6: Experience associations within games. Correlations of game-centered ranks describe how
experience ratings and overall judgments vary among trajectories of the same game.

Dimension GLM DeepSeek Kimi MiniMax Qwen
Goals/rules 0.174 -0.001 0.114 0.031 0.139
Autonomy 0.132 0.150 0.025 0.117 0.144
Mastery 0.321 0.233  0.245 0.210 0.270
Curiosity 0.236 0.042  0.121 0.122  0.062
Challenge fit 0.080 0.251 -0.005 0.134 -0.036
Cognitive challenge  0.210 0.112 0.019 0.090 0.152
Decision challenge 0.136 0.175 0.004 0.104 0.046
Meaning 0.259 0.135 0.059 0.102 0.211
Immersion 0.261 0.090 0.035 0.095 0.140
Emotional challenge -0.012 0.015 0.012 0.134 -0.001
Progress feedback 0.359 0.199 0.118 0.090 0.124
Ease of control 0.180 0.144  0.059 0.067 0.158
Goals Autonomy Mastery Curiosity
GLM 85 24 47 27 45 47 58 40
DeepSeek 85 37 58 26 70 73 24
Kimi 120 55 25 42 42 24 59 35 59
MiniMax 20 76 23 59 25 42 20 24 46 20
Qwen | 24 74 33 56 47 38 64 24
Challenge fit Cognition Decisions Meaning
GLM 77 20 44 47 51 40 83
DeepSeek 20 78 68 21 64 84
Kimi 27 68 50 35 54 29 29 62
MiniMax 20 57 41 26 20 42 27 26 38 21
Qwen 64 25 19 50 31 53 31 25 71
Immersion Emotion Feedback Control
GLM 50 a7 96 41 53 80
DeepSeek 68 30 69 30 19 74 87
Kimi 49 38 84 50 34 42 52
MiniMax 23 45 18 31 47 20 32 61 29 67
Qwen 71 91 39 56 86
0 50 100 O 50 100 O 50 100 O 50 100
Experience rating
1 2 3 4 5

Figure 7: How evaluators use the experience rating scale. Rating distributions reveal differences in
scoring levels across models, personas, and experience dimensions. Colors identify the five rating
levels.

A.3 SCORING LEVEL AND SAME-INPUT JUDGMENTS

We compare all ten judge pairs on each common input, yielding 3,630 comparisons. Dimension
distance is the mean absolute difference across the 12 ratings. We estimate each pair’s usual signed
overall-score difference from all other games, weighting games equally, subtract this offset from
the held-out comparison, and then take the absolute adjusted gap. Bootstrap samples refit the offset
while excluding every copy of the held-out game. Applying thresholds of dimension MAE at most
0.5 and overall gap at least three identifies 63 pairs from 43 inputs and 30 games. For the 1,834 pairs
with dimension MAE at most 0.5, the share with gap at least two falls from 31.5% to 8.8% after
adjustment. The reduction is 22.6 percentage points. For a gap of at least three, the corresponding
shares are 3.4% and 1.4%.

In Authors, 26 successful requests produce a 13-0 win. GLM assigns 7 for smooth progress, whereas
Qwen assigns 2 and emphasizes limited challenge and uncertainty. In Palace, Kimi assigns 3
and emphasizes the loss and slow hand reduction; MiniMax assigns 7 and values varied, coherent
interaction. In Cold Hands Poker, one forced ante ends at a focal payoff of —5: DeepSeek assigns 5
for an empty but not actively frustrating experience, whereas Qwen assigns 2 for a lack of meaningful
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(a) Scoring level (b) Authors (c) Palace

40 - 31.5% GLM o7 GLM o5
8 30- I DeepSeek o3 DeepSeek o5
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g 20 - Kimi o8 Kimi o3
8 10 8.8% MiniMax o5 MiniMax o7
0 - 1 1
Raw Adjusted 1 3 5 7 9 1 3 5 7 9
Overall rating Overall rating

Figure 8: Scoring levels and judgments of the same play. (a) Accounting for habitual scoring
differences reduces large overall-score gaps among judges with similar dimension ratings. (b,c)
Authors and Palace illustrate differing evaluations of identical gameplay.

play. In Arlington, GLM assigns 8 and values agency and progress, whereas DeepSeek assigns 5
because procedural evidence offers limited support for strong subjective engagement.

A.4 PERSONA REFERENCE SIMILARITY

Let v,- contain evaluator r’s 12 dimension-overall correlations. We center each vector across dimen-
sions and compare it with each persona profile:

cr =V — U1,
CmCr oy = LT Smp @)
llemllllepll” TP (U Smg)

The raw similarity is Pearson correlation between association profiles and may be negative. We map
similarity from [—1, 1] to [0, 1] using (1 + s)/2, then normalize across the five personas to obtain g.
Negative similarities are retained by this transformation. The shares describe relative resemblance
among the five reference profiles; equal similarities yield a 20% share for each persona. Constant
profiles and a zero denominator remain undefined. Whole-game bootstrap samples recompute the
associations and similarities; 2,000 samples provide the intervals shown in the figures.

Sm,p =

Figure 10 also compares gameplay behavior. It averages within-game rank proximity among the
ten player configurations across all 91 games. Ties receive average ranks, including when all
configurations share the same descriptor value.

Table 7: Relative resemblance to persona evaluation profiles. Normalized similarity shares (%)
summarize the relative emphasis of each persona within a model’s evaluation profile.

Judge Efficiency Narrative Social System Thrill

GLM 243 224 101 253 179
DeepSeek 22.5 223 132 233 187
Kimi 23.0 242 9.9 252 177
MiniMax 21.7 220 8.3 22.1 259
Qwen 24.5 21.8 7.7 25.8 202

15



GLM DeepSeek Kimi MiniMax Qwen

24.30 22.46 22.97 21.68 24.47
Efficiency el Le- Le- o~ =
22.44 22.29 24.18 22.01 21.83
Narrative To- Jo- .- o o
10.15 ! 13.22 9.93 ! 8.32 ! 7.67 !
Social ——, —— —— —-— —-— |
25.26 23.31 25.23 22.12 25.83
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17.86 18.72 17.68 25.86 20}20
Thrill -y — = —er 1 =-0= -.=
' f ' ' '
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Normalized similarity weight (%)

Figure 9: Relative persona resemblance and its uncertainty. Normalized similarity shares show
each model’s relative resemblance to the five reference profiles. The 20% line indicates equal shares;
intervals show uncertainty.

(a) Rating order (b) Profile similarity (c) Play summaries
Narrative 0.40 Narrative '0.60 Narrative [0.80
0 1 -1 1 0 1
Social 0.29 0.29 Social -0.02 0.03 Social 10.78 |0.77
System 0.49 0.40 0.15 System [0:861/0.71 -0.22 System 0.81 0.80 0.78
Thrill 0.49 0.33 0.33 0.28 Thrill 0.48 0.35 -0.16 0.43 Thrill 10.72 10.79 0.73 0.74
@D N N
G 2 g0 S 2 g0 S 2 g0 e

N2 & X2
&5 2 &5 2 &5 2

Figure 10: Relations among the five personas. The panels compare agreement in overall ratings,
resemblance of dimension-association profiles, and proximity of gameplay behavior. These comple-
mentary views describe different aspects of persona similarity.

A.5 PERSONA SCORES RECONSTRUCTING NEUTRAL RATINGS

This supplementary analysis predicts a neutral judge’s overall score from the five persona scores on
the same input. It is distinct from predicting a target persona’s preference from experience dimensions
in Section 4.3. The reconstruction uses 363 inputs from 91 games. Within each training fold, persona
scores and the target are standardized with means and standard deviations that weight games equally.
Nonnegative mixture weights sum to one:

2
Héi_nz ai [ ti; =Y Bipzip| »  Bip=0, D Bip=1, ®
T p p

where a; is the reciprocal of the number of inputs in its game. Each game is held out in turn, and
predictions are returned to the judge’s original scale. Baselines use the training mean, equal persona
weights, the single persona selected by training error, and a fitted Efficiency-Thrill mixture. MSE
is averaged first within game and then over games. Error-contrast intervals resample the 91 fixed
held-out game losses 2,000 times; coefficient intervals use 1,000 whole-game refits.
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Table 8: Reconstructing neutral ratings from

(a) vs. mean (b) vs. two personas

1.18 0.19
persona scores. Held-out MSE compares alterna- GM  o2s T Toar
tive combinations of persona evaluations. Lower = DeepSeek ——e— —*—T
. . .. 0.88 0.30
values indicate better prediction. Kimi o .
" 0.86 0.40
) Five Two MiniMax — o
Judge Mean Equal Single personas personas 0 1.05 0.18
wen i — j ——
GLM 2.292 1.116 1.602 1.112 1.306 0.0 0.8 1.6 00 0.3 0.6
DeepSeek 1.507 1.192 1.592 1.227 1.398
Kimi 2.560 1.668 2.393 1.684 1.982 Reduction in held-out MSE
MiniMax 2.412 1.534 2.305 1.555 1.951
Qwen 1606 0.603 0845 0552 0735 Figure 11: Predictive value of persona score
combinations. Positive error reductions favor
the five-persona fit over (a) the mean baseline
and (b) the Efficiency—Thrill fit. Intervals show
uncertainty.
GLM DeepSeek Kimi MiniMax Qwen
31.8 26.1 23.0 19.7 39.3
Efficiency —— — —— —— ——
13.6 9.1 16.6 22.4 18.0
Narrative =—e=— ——— —— —— -.—
5.9 15.8 6.1 9.8 4.3
Social == —_——— “o— —— .-
24.4 28.6 27.9 26.4 24.4
System =~ —e— —— —— —— —.—
24.2 20.4 26.4 21.7 14.1
Thrill  —e— —— —.— —— -.-
0 50 100 0 50 100 0 50 100 0 50 100 0 50 100

Reconstruction weight (%)

Figure 12: Persona contributions to neutral-score reconstruction. Fitted weights describe how
persona ratings combine to predict each neutral judge’s scores. Intervals show uncertainty in these
relative contributions.

A.6 OWN-SOURCE RATING CONTRASTS

For each game and judge, we subtract its average rating of other actors from its rating of its own
actor’s trajectory. We then subtract the panel’s mean contrast for that actor. This adjustment
accounts for actor outputs that all judges prefer; actor identities remain hidden during evaluation. All
adjusted intervals shown in Figure 13 include zero. The Qwen judge and actor have different service
configurations, so “own source” denotes their paired family label, not an identical endpoint.

Table 9: Ratings of a model’s own gameplay

relative to other actors. Adjusted contrasts ac-

count for actor preferences shared by the judge

panel.

Raw Adjusted
Judge mean mean
GLM +0.159  +0.048
DeepSeek -0.206 +0.026
Kimi +0.113  +0.059
MiniMax +0.080 +0.147
Qwen +0.080  -0.056

Mean
GLM e neilinsca o +0.056
DeepSeek o e wen - +0.031
Kimi R +0.069
MiniMax nve aeeit @ Zomg oo e +0.172
Qwen PP . -0.065
-2 0 2
Adjusted rating difference
Figure 13: Own-source rating differences

across games. Adjusted contrasts vary across
games, while average effects remain compatible
with zero. Diamonds indicate means and lines
show uncertainty intervals.
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A.7 GAME RANKINGS AND BROAD CONSENSUS

Game scores average the five actor sources equally within each of 91 complete games. Figure 14
compares rank similarity at two levels on matched data. The left panel correlates the ordering of the
12 dimension associations; the right correlates game scores. Figure 5 displays 15 games selected from
the high, middle, and low pooled-score groups. Pairwise game-ranking correlations range from 0.599
to 0.847. For GLM and DeepSeek, the game-ranking correlation is 0.647 and the dimension-profile
rank correlation is 0.259 on the matched set.

For Table 1, the other four judges define high, middle, and low groups, each spanning ten rank posi-
tions. Fractional weights preserve ties at group boundaries. Group Gap and Pair Agreement average
the high—-middle and middle—low comparisons; tied scores receive half credit in pair agreement.

(a) Profiles (b) Game ranks
DeepSeek 0.26 DeepSeek [0.65
-1 1 -1 1
Kimi 10.83 0.49 Kimi 10.85 0.60
MiniMax 0.31 0.48 0.36 MiniMax 0.73 0.63 0.61
Qwen [0.80 0.55 0.80 0.64 Qwen [0.750.63 0.70 0.66
X Q4 X QS
O\§\ Q%Q,Q/ @d\ ‘ 0\@\’0 6\’\‘\ QQQ'Q/ @d\ o §\@
e W e W

Figure 14: Similarity in evaluation emphasis and game rankings. Models can agree on which
games score highly while differing in how experience dimensions relate to their overall judgments.

A.8 EVALUATION RESEMBLANCE AND PRODUCED PLAY

Evaluation resemblance and output endorsement are matched on all 91 benchmark games, covering
363 unique inputs. For a model-persona pair, evaluation resemblance is the Spearman correlation of
their overall ratings, centered over personas within the model. Output endorsement is the persona’s
rating of that model’s play after removing game-specific model and persona mean effects. This
resemblance measure uses overall ratings, rather than the dimension-profile shares in Figure 3. The
joint game-bootstrap analysis recomputes both directions. The correlation across the 25 model-
persona cells is 0.046.

GLM DeepSeek Kimi MiniMax Qwen

o
T 02
e 5., 2 3 1 3 |3 4
9 K . ® ® 20
5 3.4 o 3 el o [ o a 3 2%
g 00 Py e® L R 0 ar L4 .. ®
5 ] ’ *s 2] ‘
2 -02 5 4 1 3
o

-0.3 0.0 0.3 -0.3 0.0 0.3 -0.3 0.0 0.3 -0.3 0.0 0.3 -0.3 0.0 0.3

Centered rating correlation

® 1 Efficiency @ 2 Narrative @ 3 Social @ 4System @ 5 Thrill

Figure 15: Evaluation resemblance and endorsement of model-produced play. Similarity in
rating patterns shows no clear overall association with relative endorsement of a model’s gameplay.
Colors and numbers identify personas.

A separate exploratory analysis relates log-derived play descriptors to game ratings on all 91 bench-

mark games. We average the five actor sources equally per game, then correlate game-average
scores with log-transformed decision count, forced-action share, action-type diversity, and the mean
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log number of choices at non-forced decisions. For trajectories with no free decisions, free-action
diversity and choice breadth are set to zero. Figure 16 reports individual and simultaneous uncertainty.

Decision length Forced actions Action diversity Choice breadth

i+0.28 -0.10 +0.11 +0.24

GLM o — @ o @
+0.05 +0.05 -0.02 +0.04
DeepSeek —— —— —— ——
{4+0.34 -0.17 +0.23 +0.09
Kimi i — — o - @
+0.15 +0.04 +0.06 +0.06
MiniMax = — —fo— ——

+0.05 -0.08 +0.18 +0.19

Qwen O — - -

-1 0 1 -1 0 1 -1 0 1 -1 0 1

Spearman correlation
== 95% interval —— Simultaneous 95% interval

Figure 16: Observed gameplay characteristics and overall ratings. Associations summarize how
decision length and action-choice characteristics relate to scores. Thick and thin lines show individual
and simultaneous uncertainty intervals.

B EXPERIENCE REPRESENTATION AND EVALUATION DETAILS

Evaluation datasets. Preference-model validation uses 91 games played under each of the five
personas, giving 455 observations. The refinement records cover 30 games and five personas (150
conditions); the preference comparison in Table 2 uses the same 150 conditions, retaining the original-
game score when a revision fails. Its implementation columns come from a separate set of runs
on 30 shared-rule tasks. The preference runs evaluate games delivered to the target persona, while
the implementation runs compare code generated for fixed target rulebooks. Reflexion and ReCode
means use the reported aggregate scores for the evaluated conditions and the original-game scores for
failed revisions. Appendix C describes the paired preference outcomes, and Appendix D details the
implementation protocol. Preference predictors used to guide these historical revisions remain fitted
on the original 49-game dataset; the expanded validation set does not change the recorded revisions.

Table 10 groups the selected constructs by their source instrument. PXI contributes functional
and psychosocial properties (Vanden Abeele et al., 2020), and CORGIS contributes three forms of
challenge (Denisova et al., 2020). We adapt these concepts to trajectory-grounded scores on a 1-5
scale, allowing the same preference-model family to operate across game-specific rules and action
spaces.

Preference ratings. The post-play evaluator receives the persona profile, rule context, and concrete
events from the played trajectory. The anchors are: 1, actively avoid another play; 3, unlikely
to replay; 5, neutral or mixed; 7, willing to replay; 9, strongly prefers replaying or choosing this
game; and 10, exceptional fit. A rating includes trajectory-specific evidence. The median of three
temperature-zero evaluations of each trajectory is the reported preference score. The five personas
are LLM player agents.

Experience measurement during refinement. The measurement prompt receives the persona
profile, rulebook, focal player, and played trajectory and returns a 1-5 score with trajectory evidence
for each dimension. The selected attributes are measured in two fixed prompt batches. Three
temperature-zero measurements are combined by the median for each dimension. Long play records
are divided at turn boundaries, with observation-count-weighted scores across the selected chunks
within each call.

Refinement protocol. Each condition starts from its frozen original game and preference score. A
candidate’s identity comprises game, persona, target dimension, and direction. Unchanged historical
candidates reuse their corresponding evaluated outcome; newly selected candidates receive post-
selection evaluation. The complete result includes every condition, assigning the original score when
the procedure retains the original game. The same fallback applies to failed baseline revisions, which
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Table 10: Experience constructs selected from two instruments. PXI supplies functional and
psychosocial properties; CORGIS distinguishes sources of challenge. The selected constructs are
adapted to the persona’s played trajectory.

Selected construct Trajectory-based interpretation

Player Experience Inventory (PXI)

Goals and rules Clarity of objectives and the rules needed to pursue them
Challenge fit Fit between the challenge and the intended player’s experience
Progress feedback Perceptible information about progress and consequences
Ease of control Ease of expressing the intended game action

Autonomy Meaningful opportunities to choose how to act

Mastery Opportunities to apply and develop competence

Curiosity Interest in discovering game states, outcomes, or possibilities
Meaning Perceived purpose and significance of play

Immersion Absorption in the unfolding game

Challenge Originating from Recent Gameplay Interaction Scale (CORGIS)
Cognitive challenge =~ Demands on reasoning and understanding

Decision challenge Demands created by consequential alternatives
Emotional challenge = Emotional stakes and demands during play

contribute zero preference change in the 30-game comparison. One gameplay trajectory per selected
condition supplies the three preference ratings.

B.1 PREFERENCE PREDICTOR

For persona p, the preference predictor takes the form
T

fo(z) =by +w, z, )
where b, is the intercept and w,, contains the dimension-specific coefficients. The model is fitted with
regularization on paired experience and preference measurements from other games before being
used to guide refinement of the current game. We express the coefficients in the original scoring units,
so that w,,; represents the predicted preference change associated with a unit increase in dimension j,
holding the remaining dimensions fixed.

Data and validation. The validation dataset contains 455 complete experience-preference ob-
servations: one persona-played record for every combination of 91 games and five personas. A
separate ridge model is fitted for each persona with regularization coefficient 10. Standardization
and median imputation use training-fold statistics only; the current data have complete dimensions.
Absolute-score prediction holds out the evaluated game across all personas. Pairwise validation
excludes both compared games and evaluates within-persona pairs with distinct observed preference
labels. Both predictions in a pair come from the same fitted model; a tied prediction receives half
credit. Regression metrics average the five persona-specific results equally. Ordering accuracy pools
14,785 unequal-label pairs.

Shared relationship baseline. The shared model is a pooled ridge regression with one common
coefficient per dimension and five persona one-hot indicators. All feature columns, including the
indicators, are standardized within each training fold; all coefficients use the same ridge penalty
10. Thus, it permits persona-dependent score levels while sharing the dimension slopes. The mean
baseline predicts each persona’s training mean. The - persona ablation uses one pooled ridge model
with the same 12 experience dimensions but no persona indicators, so both slopes and intercept are
shared. Every model excludes the same held-out game or game pair. Figure 4(b) compares separate
models with the shared and mean baselines; Table 3 reports the ablations. Uncertainty shown in
the figures for absolute errors resamples whole games from the fixed held-out predictions (2,000
replicates). The pooled comparator and separate models use the same fixed penalty but differ in
training sample size and feature scaling.

Prediction results. Separate persona models achieve MAE 0.740 versus 1.090 for the persona-mean
baseline, a paired error reduction of 0.350 points. The shared model achieves MAE 0.785; the paired
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error reduction from shared to separate models is 0.046 points. Mean persona-wise R? is 0.435 for
the separate models, and their ordering accuracy is 82.0%, compared with 81.6% for the shared model.
Both games in each ordering comparison are excluded from fitting. Without persona indicators, MAE
is 0.880, mean persona-wise R? is 0.030, and ordering accuracy is 81.3%.

Experience-source comparison. PXI uses goals/rules, challenge fit, progress feedback, ease of con-
trol, autonomy, mastery, curiosity, meaning, and immersion; CORGIS uses cognitive, decision, and
emotional challenge. All source comparisons retain identical observations, labels, fitting procedures,
and validation folds. Adding CORGIS to PXI reduces MAE by 0.021 points.

Target frequencies. Figure 17 counts the first-ranked feasible target over 30 games per persona
in the historical refinement experiment. Efficiency first targets higher ease of control in 24 games,
Narrative higher curiosity in 27, Social higher immersion in all 30, and System higher meaning
in 27. Thrill first targets lower cognitive challenge in 22 games. The ranking uses the conditional
coefficients of f, in the original scoring units after filtering for feasible changes.

Efficiency | 24 5 1
Narrative 27 3
Social 30
System 27 3
Thrill 2 22 6
\X X X X \,X X /7 X
RS éC\ (.,)\00 N X ,bc\}' _ Qo‘\ ;000
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Figure 17: Preferred refinement directions across personas. First-ranked feasible targets reveal
different priorities in the refinement experiment. Plus and minus signs denote intended increases and
decreases in an experience dimension.

Verification of actual refinement targets. The original refinement records fix three feasible targets
per game-persona condition, ranked by the magnitude of the original-unit coefficient, with direction
given by its sign. We independently refit the leave-current-game models on the original 49-game
dataset (245 observations), divide each standardized coefficient by its training feature scale, and
match the saved coefficients for all 150 conditions and all 450 ranked targets to numerical tolerance
10~8. Figure 17 counts the first-ranked feasible target, not the eventually accepted target. In Crazy
Eights, for example, Efficiency first targets meaning (w = 0.583), Narrative curiosity (0.332), Social
immersion (0.843), System meaning (0.422), and Thrill lower cognitive challenge (—0.721). Thrill’s
challenge-fit target is third in that game’s frozen search order (w = 0.643). The target is not changed
using an observed post-intervention preference score.

C SUPPLEMENTARY REFINEMENT RESULTS

Paired outcomes across 30 games. Each of the 30 games contributes all five personas. With the
feedback extension, PREFER improves 39 of the 150 original-game conditions, ties 107, and worsens
four.

Directed refinement delivers 57 total preference points over the original games across 150 paired
conditions, giving a mean of 0.380. Its 93 selected revisions comprise 32 first-ranked, 31 second-
ranked, and 30 third-ranked candidates. The remaining 57 conditions retain their original games. The
outcome counts are 35 increases, 111 ties, and four decreases.
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Table 11: Sensitivity of refinement outcomes to the admission rule. Alternative rules trade off the
number of adopted revisions and observed preference changes. Italics identify the rule used in the
refinement experiment.

Admission gate on the fixed pool Adopted / 150 From feedback Mean Ay Imp. / Tie / Dec.
Target > 0.25 and prediction > 0 103 10 +0.407 39/107/4
Target > 0.25 only 106 13 +0.400 40/104/6
Prediction > 0 only 121 28 +0.480 48/97/5
Target non-decreasing and prediction > 0 115 22 +0.433 44/101/5
Validity only 143 50 +0.420 56/82/12

Systematic diagnostic feedback. The feedback experiment revisits 52 eligible retained-original
conditions. In each condition, the source is the lowest numerical rank with valid gameplay and exact
matching experience records. One feedback-driven rule revision preserves that source candidate’s
target and direction. The batch produces 50 valid scored candidates. Ten satisfy the deployed
admission rule. Updating the selected outputs gives 103 adopted revisions and 61 total preference
points, for a mean of 61/150 = 0.406. The dedicated Crazy Eights case has a separate record and is
excluded from these aggregates.

Sensitivity of the admission rule. Table 11 applies alternative admission rules to the fixed pool of
delivered candidates: the 93 selected revisions and 50 valid feedback candidates. Every row uses the
same executability requirement. This post-hoc analysis describes selection behavior on that pool. The
deployed gate gives the main feedback mean of 0.407; the prediction-only rule selects 121 candidates
with a mean of 0.480. These values expose a practical choice between requiring the intended target
movement and accepting a broader set of predicted preference gains.

C.1 CASE RECORD AND VERIFICATION

The Crazy Eights example is the separate feedback pilot for Thrill Seeker and the challenge-fit
target. It is excluded from both the systematic feedback aggregate and the method comparison, each
covering 150 conditions. We checked the revised rulebook, completed-play status, original experience
responses, median preference record, saved gate decision, and frozen target coefficients. The core
experience responses give challenge fit 3; the three separately collected preference evaluations have
median 6. The saved baseline preference is 2. Summing the original-unit coefficient contributions
reproduces the recorded predicted gain of 3.276. The gate record explicitly excludes observed
preference and marks preference assessment as occurring after selection.

The first proposal reveals a player’s hand after extended drawing. Its challenge-fit responses are all 2,
and the saved critique emphasizes weak immediate consequences of drawing. The revised rule limits
drawing to three cards, permits stopping after an unsuccessful draw, and buries the highest-value card
on a bust. This reduces both hand size and remaining hand value.

D IMPLEMENTATION AND BASELINE DETAILS

Illustrative obligation. For a private-inspection rule, the observation function assumes that the
intended recipient and card are recorded in the pending-inspection state. Its guarantee requires
delivering the card to that recipient while preserving other players’ information boundaries. The
provider set identifies functions that can establish this pending state. The inspection event activates
the obligation, and the recipient’s next decision sets its deadline, expressing that delivery must occur
in time to inform that decision. A function may own multiple clauses, each remaining linked to its
supporting rule requirement.

Planning. A contract plan maps each rule requirement to its owner function and lists possible
prerequisite providers. Every clause has a stable identity, executable assumption and guarantee
predicates, and an obligation trigger and deadline. Structural checks and requirement coverage
determine plan acceptance; semantic-review advice informs plan revision. The preparation stage
permits four attempts and records semantic-review advice. Accepted predicates and clause identities
remain frozen through the implementation loop.
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Local execution. A fixture begins from a reference reset-state copy and constructs entry arguments
satisfying the owner’s assumption. The candidate owner executes on that input. The guarantee
evaluates the actual before-state, after-state, and return value. Fixtures establish their prerequisites
independently of the candidate provider functions, giving the local result a direct interpretation as an
owner check.

Joint execution. The runtime observes real function-entry events and associates them with activated
obligations. At a matching owner call, it applies the same assumption predicate used locally. A
reached deadline with a missing required call is recorded as a failed obligation. Candidate providers
are drawn from declared relationships and execution evidence in the obligation window. Check
outcomes distinguish pass, fail, and unknown, according to the observed predicate and execution
coverage.

Scope selection and repair. In Equation 4, the cost of a function is its inclusive source-line count,
computed as its end line minus its start line plus one. The search in Equation 5 explores candidates in
ascending cost order. Among scopes with equal total cost, it prefers fewer functions and then breaks
ties by sorted function names. Each search is bounded to two seconds; reaching this limit leaves
scope selection unresolved and returns no supported repair scope. The responsibility sets contain
candidate functions supported by the observed execution, and failures without an evidence-supported
responsibility set remain unresolved. Source edits are restricted to selected existing function bodies
with uniquely matched replacements; signatures, rule text, and checking predicates are preserved. Up
to two repair rounds test improvement while preserving prior passing cases.

Baseline adaptations. Cardiverse follows its rulebook-to-code workflow using implementation
templates (Li et al., 2025). Reflexion adapts self-feedback refinement (Shinn et al., 2023): feedback
on the original persona play guides rule revision, and a reflection on the required changes precedes
code editing and execution checks. ReCode adapts recursive code generation (Yu et al., 2025) with a
plan limited to two levels and four executable leaf steps. Code is updated and tested after each step.
PromptBreeder adapts prompt mutation (Fernando et al., 2024) using a fixed mutation prompt to
generate one rule variant per game for all five personas. In the shared-rule implementation tasks, the
same prompt supplies an implementation strategy for the prescribed target rulebook.

Implementation evaluation protocol. The implementation evaluation uses the shared target rule-
books described below. Preference refinement uses localized edits with execution checks; its playtest-
ing and outcome aggregation are described in Appendix B and Appendix C.

The benchmark contains 30 game-level rule-revision tasks, with a frozen target assigned to each
task and personas rotated across games. Each program is evaluated with a random policy over seeds
52000-52009. The PCon evaluator uses the final six decisions and the game outcome to assess
agreement with the revised rulebook.

Outcome aggregation. Success rate counts final implementations that complete all ten evaluation
games, with all 30 tasks as the denominator. For PCon, terminal non-delivery contributes zero;
delivered outputs use valid paired seeds. We average within games and then weight games equally.
This yields 29 comparable games and 286 paired seed positions. The implementation summary
reports each system’s final output.

Execution and embedding metrics. Exec replays each successful final implementation on 100
additional random seeds, 53000-53099, and averages its error-free fraction across games. Each rollout
uses the same random-policy worker as the ten-seed evaluation, with a 4,000-turn limit and a 150-
second timeout. ECon uses Qwen3-Embedding-0.6B to embed the complete final code and its shared
structured target rulebook. Their cosine similarity is averaged over successful implementations.

E FROM ASSESSMENT TO AN EXECUTABLE DESIGN OBJECTIVE

A shared vocabulary makes different priorities inspectable. The model benchmark shows that
similar game rankings can coexist with different dimension associations and scoring levels. Persona
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references interpret these patterns; refinement uses conditional experience-preference models to
choose targets. Held-out prediction connects these measurements to preference on unseen games.

A fixed target connects feedback to a mechanic. Keeping the persona, dimension, and direction
fixed lets feedback address the same design objective. The Crazy Eights record illustrates how an
unchanged measurement guides a new drawing mechanic. The 30-game comparison tests delivered
revisions across games. The results concern LLM personas playing card games; human-player studies
can examine how the approach transfers to other players and settings.

Implementation quality supports rule refinement. The intended experience depends on the
behavior players encounter. Function contracts specify how cooperating functions should realize
arevised rule. The implementation evaluation reports more runnable outputs and higher play-rule
consistency for PREFER than for Cardiverse.
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