
QuestGuard:Quality Gates and Diversity-Aware Repair for
Reliable LLM-Generated GameQuests

Lucas Vieira dos Santos Souza
Institute of Science and Technology

of Sorocaba (ICTS)
São Paulo State University (UNESP)

Sorocaba, Brazil
lucas.v.souza@unesp.br

Murilo Mazzotti Silvestrini
Institute of Mathematics, Statistics
and Scientific Computing (IMECC)
University of Campinas (UNICAMP)

Campinas, Brazil
m261854@dac.unicamp.br

Leopoldo Lusquino Filho
Institute of Science and Technology

of Sorocaba (ICTS)
São Paulo State University (UNESP)

Sorocaba, Brazil
Recod.ai lab, Institute of Computing
University of Campinas (UNICAMP)

Campinas, Brazil
leopoldo.lusquino@unesp.br

Abstract
Once an LLM-generated quest crosses the boundary from prose
into a game engine, it becomes a software artifact: it must satisfy
a structural interface, link to existing world entities, expose an
executable objective flow, and provide testable completion condi-
tions. QuestGuard addresses this software-engineering problem
through a modular Software Quality Assurance pipeline in which a
JSON Schema acts as a lightweight type system and executable con-
tract, deterministic validators operate as quality gates, and rejected
artifacts enter a bounded repair–revalidation loop before publica-
tion. The architecture combines structural, referential, graph, and
content-rule checks with an evidence-adjudicated semantic audit,
and compares validity-oriented repair with a diversity-aware alter-
native. We report an exploratory proof-of-concept study with five
configurations, three independent runs, and 90 quests per configura-
tion. Prompt-only and schema-guided generation produced no fully
valid artifacts, although schema guidance reduced the mean num-
ber of detected errors from 9.67 to 3.38 per quest. Since the repair
configurations are designed to iterate correction and revalidation
until artifacts pass or bounded attempts are exhausted, the main em-
pirical result is the repair overhead required to reach deterministic
validity: both repair configurations reached 100% final yield, while
C4 used two and C5 used eight LLM repair calls across 90 quests.
Diversity-aware repair increased mean unique structural signatures
from 14.00 to 17.67, reduced duplicate signatures from 83.33% to
63.33%, and lowered entity concentration and pairwise similarity.
QuestGuard therefore improves deployability under explicit soft-
ware contracts; it does not claim to optimize entertainment value,
and its diversity measures capture structural rather than complete
experiential or narrative diversity.
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1 Introduction
Large language models (LLMs) are increasingly used to generate
dialogue, characters, quests, and world descriptions in games [2, 15].
Their flexibility is attractive for procedural content generation

(PCG), but stateful game systems expose a central reliability prob-
lem: plausible language is not equivalent to valid game state. Prior
work on GPT-based RPG quest generation shows the promise of
language models for quest authoring while also reporting substan-
tial quality variation and unusable outputs [17]. Similarly, work on
AI game masters and LLM-driven NPCs reports rule violations, in-
consistent state updates, hallucinated items, and references that do
not belong to the current game world [5, 13]. These failures are es-
pecially costly when generated content is consumed automatically
rather than reviewed as draft prose.

This paper frames quest generation as a software-engineering
problem. A machine-consumable quest is a structured specification
whose fields form an interface with the engine, whose identifiers
must resolve against a world model, whose objectives form an
executable dependency graph, and whose completion predicates
must be observable. In this setting, generation resembles a non-
deterministic build step: it creates a candidate artifact, but does not
establish that the artifact is safe to integrate. A release discipline is
therefore required between generation and publication.

QuestGuard provides that discipline. It treats the quest schema
as a lightweight runtime type system and as a design-by-contract
boundary between the generator and the game engine [7, 10]. It
then applies a sequence of automated quality gates, conceptually
aligned with Software Quality Assurance (SQA) and Continuous
Integration (CI): every candidate is checked, defective artifacts are
held, repairs are revalidated, and only passing artifacts are promoted
[1, 3, 12]. The architecture is not merely a prompt template; it is
a modular assurance pipeline with explicit contracts, repeatable
analyses, evidence, and release decisions.

The evaluation compares five configurations. C1 performs
prompt-only generation. C2 adds schema and design guidance. C3
applies a fail-closed publication gate to the same C2 outputs. C4
repairs rejected artifacts with validity as the primary objective. C5
uses the same acceptance criteria but selects repairs with aware-
ness of structural signatures and entity usage. The study asks how
schema guidance changes error density, how quality gates and
repair affect valid-artifact yield, whether diversity-aware repair
improves structural diversity, and how often repair requires an
additional LLM call.

The contributions are a software-architecture view of generated
quests as contract-governed artifacts; a modular validation pipeline
that maps quest defects to established software analyses; a CI-like
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quality-gate and repair cycle; a diversity-aware repair policy; and
an exploratory comparison across 180 independently generated
C1/C2 artifacts and 180 final C4/C5 outputs. The study empha-
sizes deployability under explicit constraints. Human judgments of
fun, pacing, narrative appeal, and replay value remain outside the
current optimization target.

2 Background And Software Engineering
Foundations

Search-based and machine-learning-based PCG distinguish content
production from the evaluation of playability, novelty, controlla-
bility, and quality [11, 14, 16]. Quality-diversity research further
argues that a generator should return not only acceptable artifacts
but also a varied set of solutions [4]. LLMs extend this design space,
and GPT-based quest generation has already shown that language
models can support RPG quest authoring, but also that generated
quests vary greatly in quality and still require evaluation [17]. Sur-
veys identify narrative and NPC generation as major application
areas, while empirical systems show that explicit state controls
and game-specific functions are often needed to preserve world
coherence [2, 5, 13, 15].

QuestGuard interprets these risks through software-engineering
abstractions. First, the JSON Schema plays the role of a lightweight
dynamic type system: it defines the admissible shape of a quest, in-
cluding required fields, value domains, and nested structures. It also
acts as an executable contract between a supplier—the generator—
and a client—the game engine. In design-by-contract terms, the
generator must establish structural postconditions before the en-
gine may rely on the artifact [7]. The contract is necessary but
incomplete because many obligations depend on external world
state or relationships among multiple objectives.

Second, the remaining gates correspond to familiar analysis
stages. Referential validation is analogous to linking and symbol
resolution: identifiers emitted by the generator must resolve in
the world repository, and actions must be compatible with the re-
solved entity types. Graph validation resembles control-flow analy-
sis: objective nodes and prerequisite edges must define a reachable,
acyclic execution order. Content rules form a domain-specific static
analysis that rejects unobservable completion predicates and other
patterns known to be unsuitable for execution. These analogies do
not rename the validators; they explain why the proposed pipeline
belongs to software engineering rather than only to prompt engi-
neering. Static program analysis similarly reasons about possible
runtime behavior before execution [8].

Finally, the complete lifecycle follows a CI-style promotion
model. Continuous Integration repeatedly subjects candidate
changes to automated build and test activities before they enter a
shared product state [1, 12]. In QuestGuard, generation produces
the candidate build, validators implement automated checks, C3 pre-
vents failed artifacts from being published, and C4/C5 implement
correction followed by revalidation. This is a content-integration
pipeline rather than a source-code pipeline, but the SQA objective
is the same: prevent known defects, detect violations consistently,
record evidence, and control promotion through explicit quality
criteria. Quality gates are therefore not auxiliary filters; they are
the release boundary of the architecture [3].

3 QuestGuard Architecture
3.1 Contracts, World Model, And Quest

Representation
QuestGuard uses a typed world repository as the authoritative sym-
bol table for the game domain. The experimental world contains
17 entities categorized as npc, location, item, object, or enemy.
Each entity has a stable identifier and may include attributes such
as name, role, or location. Quest references are expressed through
these identifiers, allowing the pipeline to distinguish a valid syn-
tactic string from a link that resolves to an actual game entity.

A quest is a JSON object containing its identifier, title, summary,
type, giver, start location, structured objectives, completion con-
ditions, rewards, tags, and design notes. Each objective contains a
step identifier, action, target, dependencies, and a success condition.
The schema specifies the structural contract, whereas the world
repository and the objective graph provide the context required to
evaluate cross-field and cross-artifact obligations.

QuestGuard does not assume a particular game engine or a fixed
quest architecture. Its game-specific integration boundary is con-
centrated in three artifacts: the quest schema, the typed world
repository, and the domain-specific content rules. Adapting the
pipeline to another game therefore requires implementing these
contracts and mappings for the target domain, while the validation–
repair–revalidation–publication workflow remains unchanged. In
this sense, the architecture is engine-independent but not game-
model-independent: it applies to games whose quests can be rep-
resented as structured artifacts and whose relevant world entities,
relations, and observable state predicates can be exposed to the
assurance layer.

Figure 1 summarizes the end-to-end flow. A candidate is gener-
ated, analyzed, either accepted or held, repaired when appropriate,
and revalidated before publication. Published sets are then evalu-
ated for structural diversity.

Figure 1: QuestGuard architecture. Deterministic quality
gates precede repair and publication; semantic analysis is
evidence-adjudicated and complementary.
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3.2 Quality Gates And Continuous Assurance
The structural gate checks the JSON Schema contract and detects
absent properties, invalid types, malformed nested structures, illegal
enumerations, and insufficient objective counts. Passing this gate
means that downstream modules receive a well-formed artifact; it
does not mean that identifiers link or that the quest can execute.

The referential gate performs world linking. It resolves the giver,
start location, objective targets, and reward references, then verifies
action–target compatibility. For example, visit requires a location,
talk an NPC, collect an item, inspect an object, and defeat an
enemy. Unknown identifiers are unresolved symbols, while incom-
patible action–target pairs are type errors that become visible only
after linking.

The graph gate analyzes objective control flow. Step identifiers
must be unique, dependency references must resolve, the depen-
dency graph must be acyclic, and the quest must contain executable
roots and terminal objectives. A cycle represents an impossible
control-flow condition; a missing dependency represents a branch
to a nonexistent node.

The content-rules gate performs domain-specific static analysis
over constraints not captured by structure, linking, or graph topol-
ogy. In the current implementation, generic completion conditions
that merely restate quest completion are treated as errors, while
weak preconditions and short or underspecified objective success
conditions are retained as warnings. Error-level findings prevent
deterministic acceptance, whereas warning-level findings remain
diagnostic. These rules are deliberately game-specific and form part
of the adaptation boundary described in Section 3.1. Together, the
four deterministic gates define the valid-artifact criterion used in
the experiment.

The evidence-adjudicated semantic audit is a constrained diag-
nostic stage rather than an open-ended LLM review. This restriction
responds to known limitations of LLM-as-a-judge evaluation, in-
cluding bias, inconsistent reasoning, and unsupported explanations
[18]. The model scores narrative consistency, gameplay clarity, in-
tegration readiness, reusability, maintainability, and game-design
quality, and may propose only predefined issue categories. Quest-
Guard assigns severities to these findings: world inconsistencies,
untracked entities, and unmodelled combat dependencies are high-
severity findings; unclear objectives are warnings; and observations
about reuse, maintainability, or design quality remain advisory. In
the present experiment, however, semantic findings are reported as
complementary diagnostic evidence and do not alter the determin-
istic valid-artifact criterion. A deployment policy may optionally
promote adjudicated high-severity semantic findings to publication-
blocking conditions. Low semantic scores alone never reject an
artifact.

Each proposed issue must include verifiable evidence, such as
an artifact path, an entity identifier, an objective index, and values
observed in the quest. A deterministic adjudicator checks this evi-
dence against the quest and the world repository before the finding
is retained. For example, QUEST_GIVER_STATE_CONTRADICTION is
accepted only when the same giver identifier is also used as a res-
cue or combat target, or when an unavailable giver is still required
by a later objective. Unsupported claims, invalid indices, and evi-
dence contradicted by the artifact are discarded rather than being

treated as validation failures. The complete issue-code taxonomy
and evidence rules are provided with the research artifact.

C3 makes the CI/SQA role of the gates explicit. It publishes only
artifacts that pass the deterministic contract, linking, control-flow,
and static-rule checks. A zero publication rate is therefore not a
malfunction of C3; it means the gate prevented known defects from
crossing the integration boundary. C4 and C5 extend the same cycle
with automated correction, after which the complete gate suite is
executed again.

3.3 Repair And Structural Diversity
The repair stage follows the same defect–correction–revalidation
pattern studied in automated program repair, but applies it to gen-
erated content artifacts rather than source code [6]. Both C4 and
C5 implement bounded repair loops: a candidate is modified, the
deterministic gate suite is executed again, and the artifact is ac-
cepted only if the contract is satisfied. Therefore, final yield should
be interpreted together with the repair overhead of reaching it,
including deterministic transformations, LLM fallback calls, and
any failures within the configured bounds.

C4 first applies deterministic transformations derived from vali-
dation reports: it normalizes required fields, renumbers steps, re-
moves invalid dependencies and cycles, replaces unresolved entities,
corrects incompatible actions or targets, and rewrites generic com-
pletion conditions. Only unresolved cases are sent to an LLM repair
fallback. Because C4 prioritizes validity, different defects may con-
verge to the same convenient valid pattern. For example, in the
worked trace of Figure 2, an incompatible visit:object objective
is repaired by replacing the target with a valid location.

C5 preserves the same validity contract but changes determinis-
tic candidate selection. It prefers to retain a valid target and change
the action, uses less frequent compatible entities when replace-
ment is unavoidable, and penalizes repairs whose structural signa-
ture is already common in the accepted set. Thus, visit:object
is preferably converted to inspect:object, rather than replac-
ing the object with another location. Figure 2 shows this behav-
ior in an actual repair trace from Run 1. The selected C2 arti-
fact contained several schema violations and, in particular, an
INCOMPATIBLE_ACTION_TARGET finding caused by visit:object.
The figure focuses on this referential defect to contrast the repair de-
cisions of C4 and C5; both strategies also normalized the remaining
invalid fields before full-suite revalidation.

For a quest 𝑞, the structural signature is the ordered sequence

𝜎 (𝑞) = ⟨𝑎1:𝜏 (𝑡1), 𝑎2:𝜏 (𝑡2), . . . , 𝑎𝑚 :𝜏 (𝑡𝑚)⟩, (1)

where 𝑎𝑖 is an objective action, 𝑡𝑖 its target, and 𝜏 (𝑡𝑖 ) the target
type resolved from the world repository. The repair state records
signature and entity frequencies and is updated only after a candi-
date passes all deterministic gates. This notion measures structural
variation in executable quest representations. It does not represent
complete narrative or experiential diversity: two quests may use
different entities and signatures while producing similar pacing,
challenge, or player experience.
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Figure 2: Worked repair example from Run 1,
batch_03_quest_004. The highlighted C2 defect com-
bines visit with an object target, producing an
INCOMPATIBLE_ACTION_TARGET finding. C4 restores com-
patibility by replacing the target with a location, whereas
C5 preserves the grounded object and changes the action to
inspect. After the remaining deterministic normalizations,
both repaired artifacts pass the complete gate suite without
an LLM repair call.

4 Exploratory Study Design
4.1 Configurations And Protocol
Figure 3 presents the controlled relationship among the configu-
rations. C1 and C2 perform independent generations. C3, C4, and
C5 operate on the same C2 artifacts within each run, enabling
paired comparison of gating and repair rather than comparison of
unrelated samples.

Figure 3: Controlled experimental configurations. C3, C4,
and C5 operate on the same C2 outputs within each run.

All generations used the locally executed llama3.2 model
through Ollama [9]. The local environment used Ollama version

0.31.2 with 3.2B parameters, 131072-token context length, 3072-
dimensional embeddings, and Q4_K_M quantization. Generation
temperature was 0.7, review temperature was 0.1, top_p was 0.9,
and the maximum output was 4096 tokens per call. Up to eight
calls could complete a batch. When output reached the token limit,
complete quest objects were recovered from the partial JSON and
only the shortfall was requested again.

Each run used an automatically generated base seed, while indi-
vidual request seeds were derived from the base seed and request
index. This design makes runs reproducible without forcing every
retry to repeat the same partial output. Raw responses, settings,
seeds, validation reports, repair traces, and file hashes were pre-
served.

The study is exploratory and establishes a proof of concept rather
than an inferential statistical claim. We use the term proof of concept
because the experiment validates the architecture and its assurance
lifecycle under one controlled quest representation, one typedworld
model, and one model setup; it does not demonstrate cross-game,
cross-engine, or cross-model generalization. Three independent
final runs were executed, each with three batches of ten quests.
Across the runs, C1 produced 90 prompt-only artifacts and C2
produced 90 schema-guided artifacts. The same 90 C2 artifacts were
evaluated by C3 and supplied to C4 and C5, yielding 90 final outputs
for each repair strategy. Distinct seeds and file hashes confirmed
that the generated runs differed. With only three runs, results are
reported through means, sample standard deviations, and paired
deltas; future experiments should use more runs, additional models,
and formal statistical tests.

4.2 Metrics And Scope
A valid artifact is a quest that passes the deterministic structural, ref-
erential, graph, and content-rule gates. The evidence-adjudicated
semantic audit is analyzed separately and does not change Va-
lidityRate or publication yield in the present experiment. For 𝑁
generated artifacts,

ValidityRate =
𝑁valid

𝑁
. (2)

For a repair configuration, final yield is

FinalYield =
𝑁valid after repair

𝑁originally generated
, (3)

Because every C2 artifact required repair in the reported ex-
periment, repair success and final yield coincide for C4 and C5;
a separate repair-success-rate metric would therefore be redun-
dant. The study also reports validation errors and warnings per
quest, generation calls, and LLM repair calls. Structural diversity
is measured through normalized quest-type entropy, unique struc-
tural signatures, duplicate-signature rate, entity coverage, entity
concentration, and average pairwise Jaccard similarity over quest
type, action–target-type pairs. Higher entropy, signature count,
and coverage indicate more structural variety; lower duplication,
concentration, and similarity indicate less homogenization.

These metrics deliberately optimize deployability and structural
variety, not entertainment value. No human study currently mea-
sures fun, narrative interest, emotional impact, challenge, pacing,
or replayability. We therefore use the term structural diversity, not
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complete narrative diversity. A future model should combine player
judgments.

5 Results
5.1 Deployability And Repair Overhead
Tables 1 and 2 summarize deterministic validity, error density, gen-
eration calls, and LLM-call repair overhead. Neither C1 nor C2 pro-
duced a fully valid quest. Schema guidance nevertheless reduced
the mean error count from 9.67 to 3.38 per quest.

Table 1: Validity and validation errors across three final runs.

Configuration Yield Errors Warnings

C1 Prompt-only 0.00 ± 0.00 9.67 ± 1.13 0.00 ± 0.00
C2 Schema-guided 0.00 ± 0.00 3.38 ± 1.31 0.30 ± 0.30
C3 Quality gates 0.00 ± 0.00 3.38 ± 1.31 0.30 ± 0.30
C4 Validity repair 1.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00
C5 Diversity-aware 1.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00

Table 2: Generation calls and LLM-call repair overhead across
three final runs.

Configuration Generation calls LLM repair calls

C1 Prompt-only 3.33 ± 0.58 –
C2 Schema-guided 5.67 ± 0.58 –
C3 Quality gates 5.67 ± 0.58 –
C4 Validity repair 5.67 ± 0.58 0.67 ± 1.15
C5 Diversity-aware 5.67 ± 0.58 2.67 ± 1.53

The relative reduction in error density from C1 to C2 was

9.67 − 3.38
9.67

× 100 ≈ 65.1%. (4)

The contract supplied in C2 therefore improved artifact shape
without establishing deployability. C3 correctly withheld all 90
C2 artifacts, demonstrating the fail-closed behavior expected from
an integration gate. C4 and C5 then executed bounded repair–
revalidation loops and recovered the complete set in all three runs.
The 100% deterministic final yield should therefore be read as evi-
dence that the implemented repair rules and fallback bounds cov-
ered the observed defect classes; the more informative result is the
repair overhead required to reach this yield. Figure 4 presents these
results.
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Figure 4: Validity and error density across configurations.

C4 used two total LLM repair calls across 90 quests and C5 used
eight, corresponding to approximately 0.022 and 0.089 calls per
original quest. This low fallback rate indicates that most correc-
tionswere deterministic. Diversity-aware selection required slightly
more fallback assistance, but the additional LLM-call overhead re-
mained small relative to the generated set. We do not equate call
count with wall-clock latency, token consumption, or monetary
cost.

5.2 Gate-Level Defect Distribution
To determine which assurance layers contributed to defect detec-
tion, we decomposed the validation reports of the same 90 C2
artifacts by deterministic gate. Table 3 reports both the number of
artifacts for which each gate produced at least one finding and the
total number of errors and warnings. The final column shows how
many artifacts independently passed each gate; it is a diagnostic
single-gate analysis rather than a separate repair experiment.

The structural gate detected by far the largest number of viola-
tions, with 263 errors affecting 89 of the 90 artifacts. Referential
validation detected 32 errors across 25 artifacts, while graph valida-
tion found nine errors across nine artifacts. The content-rules gate
produced 27 warnings across 18 artifacts but no error-level findings
in these runs. Importantly, no single gate subsumed the complete
assurance suite. The only C2 artifact that passed the structural gate
still failed referential validation because a reward referenced an
entity absent from the world repository. This provides a concrete
example of why structural conformance alone does not establish
deployability.

Table 3: Defect distribution by deterministic quality gate over
the 90 C2 artifacts.

Gate Affected Errors Warnings Pass

Structural 89 263 0 1
Referential 25 32 0 65
Graph 9 9 0 81
Content Rules 18 0 27 90

5.3 Structural Diversity
Tables 4 and 5 compare C4 and C5. Quest-type entropy was identical
because repair preserved the original quest types.

Table 4: Structural diversity across three final runs.

Metric C4 C5 Δ

Quest-type entropy 0.885 (0.029) 0.885 (0.029) 0.000 (0.000)
Unique signatures 14.00 (3.00) 17.67 (6.35) +3.67 (4.04)
Duplicate rate 0.833 (0.088) 0.633 (0.260) −0.200 (0.219)

Relative to C4, C5 increased unique signatures by approximately
26.2%, reduced duplicate signatures by 24.0%, reduced entity con-
centration by 14.2%, and reduced pairwise similarity by 15.1%. Run-
level deltas were nonnegative for unique signatures, nonpositive
for duplicate rate, and negative for concentration and similarity in
all runs.
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Table 5: Entity-use and similarity metrics across runs.

Metric C4 C5 Δ

Entity coverage 0.843 (0.034) 0.863 (0.034) +0.020 (0.034)
Entity concentration 0.150 (0.016) 0.128 (0.005) −0.021 (0.015)
Pairwise similarity 0.155 (0.017) 0.132 (0.010) −0.023 (0.012)

5.4 Evidence-Adjudicated Semantic Audit
The evidence-adjudicated semantic audit was executed over the
90 final C5 artifacts. All evaluations completed successfully in a
single LLM attempt. Across the three runs, the LLM proposed 169
candidate semantic findings: 56, 56, and 57, respectively. None sur-
vived deterministic evidence adjudication, so all 169 were discarded
rather than promoted to validated semantic findings.

Most rejected findings were contradicted by the quest fields
(84/169, 49.7%) or concerned objectives that the adjudicator deter-
mined to be concrete (73/169, 43.2%). Six findings relied on unsup-
ported evidence rules, five referenced invalid objective indices, and
one claimed an untracked entity that was present in the world
repository. The occasional malformed objective index also illus-
trates why model-produced evidence is verified rather than trusted
directly.

These results, presented in Table 6, do not establish that the
semantic audit has perfect recall or that the artifacts contain no
semantic defects. Instead, they demonstrate the role of the adjudi-
cation layer: candidate LLM judgments do not affect the assurance
decision unless their supporting evidence can be verified against
the artifact and world model.

Table 6: Evidence-adjudicated semantic audit across the three
final runs.

Run Proposed Accepted Discarded

Run 1 56 0 56
Run 2 56 0 56
Run 3 57 0 57

Total 169 0 169

Taken together, the results show that schema guidance substan-
tially reduced error density but did not establish deployability;
the deterministic gates contributed complementary forms of assur-
ance; bounded repair recovered all observed invalid artifacts; and
diversity-aware repair improved structural variety while preserving
the same validity contract. The semantic audit further showed that
LLM-proposed concerns require independent evidence checking:
none of the 169 candidate findings in the final C5 sets survived
deterministic adjudication. Only a small number of additional LLM
repair calls were required by C4 and C5.

6 Discussion And Threats To Validity
6.1 Software Engineering Implications
The comparison between C2 and C3 illustrates why a generated
contract is not equivalent to an assured artifact. The schema acts
as a type and interface boundary, but a well-typed quest can still
fail linking, control-flow, or domain-static-analysis checks. This

mirrors conventional software pipelines, in which successful pars-
ing or compilation does not replace integration testing and quality
assurance.

A natural alternative is constrained decoding. Ollama supports
structured outputs by passing a JSON Schema to the format param-
eter, which can force the response to match a schema more reliably
than prompt-only guidance [9]. This mechanism is complementary
to QuestGuard rather than a replacement for it. It can reduce or
eliminate many format errors, but it does not prove that identifiers
exist in the game world, that actions match resolved target types,
that objective dependencies are acyclic, or that completion con-
ditions are observable by the engine. It also does not remove the
practical need to recover usable objects when long generations are
truncated by output limits. For this reason, QuestGuard focuses on
the assurance layers that grammar-constrained decoding does not
cover.

C3 is particularly important from a CI perspective. Its publica-
tion yield was zero because all C2 artifacts violated at least one
deterministic obligation. In a generation-only evaluation, this result
might appear negative; in SQA terms, it is the intended behavior of
a quality gate. The pipeline prevented defects from being promoted
and preserved evidence for repair. C4 and C5 then completed a
closed assurance loop: detect, correct, reanalyze, and publish. This
separation also improves maintainability because each gate has a
narrow responsibility and can evolve independently as schemas,
worlds, or domain rules change.

The results further suggest that deterministic repair is a practi-
cal complement to LLM generation. Most defects were corrected
without another model call, making the process more reproducible
and auditable. The LLM fallback remains useful for coordinated
rewriting, but it is not the sole assurance mechanism.

6.2 Deployability, Experiential Quality, And
Study Limitations

QuestGuard optimizes deployability rather than entertainment
value. Passing the gates means that the artifact satisfies the defined
contract, resolves against the world, contains executable objective
flow, and uses observable domain conditions. It does not establish
that the quest is fun, emotionally engaging, well paced, balanced, or
worth replaying. This is the principal construct-validity limitation
of the current study and should not be hidden behind the 100%
valid-artifact yield.

The same distinction applies to diversity. The metrics combine
action–type signatures, entity usage, entropy, and pairwise similar-
ity; they measure structural diversity in the quest representation.
They do not measure experiential diversity. Distinct signatures may
still lead to similar gameplay loops, while structurally similar quests
may feel different because of narrative context, challenge, timing, or
player choice. Future work should therefore build an experiential-
diversity layer using human evaluations and cost functions for fun,
novelty, pacing, challenge, replayability, and perceived gameplay
difference.

The semantic audit partially addresses qualities not encoded by
deterministic validators, but it is not human ground truth. Evidence
adjudication limits unsupported model judgments, yet aesthetic
and experiential claims remain subjective. A blinded human study
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involving players and designers is required to calibrate semantic
scores and determine whether structurally diverse outputs are also
perceived as narratively and experientially diverse.

The study is exploratory. It uses one local LLM, one small RPG
world, one schema, 17 entities, and three runs. The shared C2
artifacts support paired comparisons among C3–C5, and stored
seeds, responses, and hashes improve reproducibility, but the sam-
ple is not sufficient for strong statistical generalization. Accordingly,
the architectural mechanism is intended to be model-independent,
whereas the observed defect distribution, repair overhead, and mag-
nitude of the C5 diversity gains are empirical properties of this
particular setup and should not be generalized to other models or
worlds without replication. The high C4 duplicate rate may also be
influenced by the small action and entity space. The next evalua-
tion should increase the number of independent runs, test multiple
model families and world sizes, report confidence intervals, and
apply paired statistical tests and effect sizes. Engine-level execution
tests are also needed to move from contract satisfaction toward
demonstrated runtime integration.

7 Conclusion
QuestGuard reframes LLM quest generation as a software-quality
problem. A generated quest is treated as a contract-governed soft-
ware artifact, the JSON Schema serves as a lightweight type and in-
terface system, entity validation performs linking, objective-graph
validation performs control-flow analysis, and content rules provide
domain-specific static analysis. These checks operate as CI-style
quality gates inside an SQA cycle that holds defective artifacts,
repairs them, revalidates them, and promotes only passing outputs.

In the exploratory study, schema guidance reduced mean error
density by approximately 65.1% but did not produce fully valid
artifacts. The fail-closed C3 gate prevented all defective C2 outputs
from publication. C4 and C5 then reached 100% deterministic final
yield within the configured repair bounds, so the central empirical
finding is not the yield alone but the low LLM-call overhead required
to reach it: most repairs were deterministic, with only two LLM
repair calls for C4 and eight for C5 across 90 quests. C5 preserved
full deterministic validity while improving the measured structural
diversity of the resulting quest sets. These results support a modular
architecture in which LLMs propose content but do not define
correctness.

These findings establish a proof of concept for deployability-
oriented assurance, not a complete evaluation of game quality
or evidence of universal game-engine applicability. QuestGuard
separates an engine-independent assurance workflow from game-
specific contracts, world mappings, and domain rules, but the em-
pirical results reported here remain specific to the evaluated model
and world. Future work will expand the experiment for rigorous
statistical analysis, evaluate multiple LLMs and larger worlds, exe-
cute quests inside a game engine, calibrate the semantic audit with
human raters, and develop experiential-diversity objectives based
on fun, pacing, challenge, narrative appeal, and replayability.

Artifact Availability
The QuestGuard research artifact is publicly available at:

https://github.com/luscaassz/questguard

The repository contains the source code, JSON Schema, typed
world model, generation prompts, validation and repair modules,
experimental scripts, configuration files, raw LLM responses, run
seeds, validation reports, repair traces, generated quest sets, and
aggregated results used in this study. It also provides installation
instructions and commands for reproducing the C1–C5 configura-
tions, executing the deterministic and semantic validation pipelines,
and aggregating independent experimental runs.
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