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Abstract

Large Language Models (LLMs) are increas-
ingly used to generate structured outputs—
JSON objects, SQL queries, and structured
records—from formal schemas. While recent
advances in constrained decoding and schema-
aware prompting have improved syntactic com-
pliance, the semantic reliability of these outputs
remains poorly characterized. We investigate
this gap through the lens of schema drift—the
inevitable evolution of database schemas in pro-
duction environments through column renam-
ings, type changes, and constraint modifica-
tions.

‘We introduce StructHallu-Drift, a benchmark
and evaluation framework for studying struc-
tured hallucinations under schema evolution.
We contribute: (1) a six-category hallucination
taxonomy that disentangles syntactic validity
from semantic fidelity; (2) a controlled evalua-
tion suite applying realistic schema mutations
at three severity levels to established NL-to-
structure datasets; and (3) a systematic evalua-
tion of four LLMs spanning 7B to 70B parame-
ters across three structured output tasks.

Experiments on 1,200 schema—model evalua-
tion instances reveal four key findings: (i) 39—
54% of structured outputs contain at least one
semantic hallucination; (ii) schema drift sever-
ity has surprisingly minimal effect on halluci-
nation rates (~44% across all levels, p = 0.59),
suggesting imperfect schema conditioning un-
der our prompting setup; (iii) output format
is the dominant factor in generation reliabil-
ity, with SQL achieving ~85% semantic valid-
ity while schema-grounded record generation
drops to 7-24%; (iv) each model exhibits a
distinct hallucination fingerprint, implying that
mitigation strategies must be model-specific
rather than universal. We publicly release our
benchmark and evaluation toolkit.!

1 Introduction

Structured output generation—where LLMs pro-
duce JSON objects, SQL queries, or structured
records from formal schemas—is a rapidly grow-
ing deployment pattern. Applications range from
tool use and function calling to database interac-
tion (Pourreza and Rafiei, 2023) and structured
data extraction. While constrained decoding meth-
ods (Willard and Louf, 2023; Scholak et al., 2021;
Beurer-Kellner et al., 2023; Dong et al., 2024) can
enforce syntactic validity, they offer no guarantee
that outputs are semantically faithful to the pro-
vided schema. An output may be valid JSON that
references columns not present in the schema, or a
parseable SQL query that joins tables that do not
exist.

This problem is amplified by schema drift: in
production environments, database schemas evolve
continuously through column renamings, type
changes, table restructuring, and constraint modifi-
cations. A model that memorized schema structure
during pre-training may generate outputs referenc-
ing stale column names or table structures, pro-
ducing outputs that are syntactically correct but
semantically grounded in the wrong schema ver-
sion.

We present STRUCTHALLU-DRIFT, a bench-
mark and evaluation framework that systematically
studies structured hallucinations under controlled
schema evolution. Our contributions are:

1. A six-category hallucination taxonomy for
structured outputs that separates syntactic va-
lidity from semantic fidelity (§3.3).

2. A controlled mutation engine that applies re-
alistic schema modifications at three severity
levels (§3.1).

3. A systematic evaluation of four LLMs across
three structured output tasks, revealing that

hallucination rates are high (39-54%), largely
independent of drift severity, strongly task-

!Code and data: https://github.com/
mujtabahasan/structhallu-drift
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dependent, and model-specific in character (§4).

Our key finding is that schema drift severity has
minimal effect on hallucination rates—they remain
flat at ~44% from minor to major drift (x? test, p =
0.59)—suggesting imperfect schema conditioning
under our zero-shot prompting setup, with possible
memorization as a confound.

2 Related Work

Text-to-SQL and Schema Robustness. Spider
(Yu et al., 2018) established large-scale complex
and cross-domain text-to-SQL evaluation, with sub-
sequent work studying LLLM performance exten-
sively (Rajkumar et al., 2022; Pourreza and Rafiei,
2023; Gao et al., 2024). BIRD (Li et al., 2023a)
extended evaluation to real-world conditions. Most
relevant to our work, Dr.Spider (Chang et al., 2023)
introduced perturbations to Spider to test text-to-
SQL robustness. Our work differs from Dr.Spider
in three ways: we study multiple structured output
formats beyond SQL; our mutations model real-
world database migrations rather than adversarial
perturbations; and we characterize hallucination
types rather than measuring accuracy degradation.

Schema Linking. Schema linking—the process
of identifying relevant schema elements for a
query—is a critical component of text-to-SQL sys-
tems (Lei et al., 2020). Gao et al. (Gao et al., 2024)
study prompt engineering for LL.M-based text-to-
SQL and propose DAIL-SQL, which substantially
improves Spider performance. Our finding that
models fail to condition on provided schemas sug-
gests that schema linking remains an open chal-
lenge for general structured generation beyond text-
to-SQL.

Constrained Decoding. Constrained decoding
methods enforce syntactic validity by restricting
the token vocabulary at each generation step. Out-
lines (Willard and Louf, 2023), PICARD (Scholak
et al., 2021), LMQL (Beurer-Kellner et al., 2023),
and XGrammar (Dong et al., 2024) represent dif-
ferent approaches to this problem. These meth-
ods ensure well-formedness but cannot prevent se-
mantic hallucinations—an output can be syntac-
tically valid JSON while referencing fabricated
schema elements. Our benchmark enables eval-
uating whether constrained decoding shifts the hal-
lucination type distribution rather than eliminating
it.

Hallucination Evaluation. Hallucination in
NLG has been extensively surveyed (Ji et al., 2023),
and faithfulness and factuality failures have been
documented in abstractive summarization (Maynez
et al., 2020). HaluEval (Li et al., 2023b) pro-
vides a general-purpose hallucination benchmark,
FactScore (Min et al., 2023) evaluates factual preci-
sion, and SelfCheckGPT (Manakul et al., 2023) en-
ables zero-resource hallucination detection. How-
ever, these focus on factual hallucinations in free-
text generation. Hallucination taxonomies for struc-
tured outputs—where ground truth is defined by
a formal schema rather than world knowledge—
remain underdeveloped. Our taxonomy addresses
this gap.

Benchmark Contamination. Data
contamination—where benchmark examples
appear in training data—is an increasingly
recognized concern (Golchin and Surdeanu,
2024). Because Spider is public, widely used,
and predates the evaluated models, we treat
memorization or contamination of Spider schemas
as a plausible confound rather than an established
fact. We address this through supplementary
experiments on synthetic schemas (§5).

3 Experimental Setup

We organize our investigation around four research
questions: RQ1 (Prevalence): How prevalent are
structured hallucinations? RQ2 (Drift Impact):
Does schema drift severity systematically increase
hallucination rates? RQ3 (Task Dependence): How
does the output format affect hallucination rates?
RQ4 (Model Fingerprints): Do models exhibit
characteristic hallucination profiles?

3.1 Dataset Construction

Schema Source. We extract 100 unique database
schemas from Spider (Yu et al., 2018), selecting
the most question-rich schemas. Each schema in-
cludes full CREATE TABLE statements, column
types, primary and foreign keys, and up to 5 asso-
ciated natural language questions. Because Spider
is public, widely used, and predates the evaluated
models, we treat possible schema memorization
as a confound; we discuss this issue and present a
synthetic-schema control experiment in §5.

Schema Mutation Engine. We implement a con-
trolled mutation engine applying modifications
at three severity levels, informed by common
database migration patterns:
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Minor (1-2 changes): Column renames and case
changes (e.g., user_id — uid), simulating de-
veloper refactoring.

Moderate (3-5 changes): All minor mutations plus
column additions (e.g., created_at), column
type changes (e.g., INTEGER — TEXT), simulat-
ing feature evolution.

Mayjor (5-8 changes): All moderate mutations plus
table renames, column removal, and constraint ad-
ditions (e.g., NOT NULL), simulating major ver-
sion migrations.

Each of the 100 schemas is mutated at all three
levels, producing 300 mutated schema variants. A
worked mutation trace example is provided in Ap-
pendix B.

Prompt Design. For each schema—question pair,
we construct three prompt types:

SQL Generation: Given the mutated schema, gen-
erate a SQL query answering the natural language
question.

JSON Generation: Given the mutated schema and
a corresponding JSON Schema derived from the
first table, generate a valid JSON object.

Record Generation: Given the mutated schema
and a target table, generate a conforming JSON
record.”

All prompts instruct the model to use only the ta-
bles and columns in the provided (mutated) schema.
With 5 questions per schema and 3 output types,
each model is evaluated on up to 4,500 prompt—
output pairs, aggregated at the schema level (100
schemas X 3 drift levels = 300 per model, 1,200
total).

3.2 Models

We evaluate four LLMs (Table 1). Local mod-
els use 4-bit NF4 quantization via bitsandbytes
(Dettmers et al., 2023) to fit within a T4 GPU
(16 GB). All models use greedy decoding (temper-
ature = 0). We acknowledge that the comparison
between 4-bit quantized local models and unquan-
tized API models is not perfectly controlled; quan-
tization may independently affect structured output
quality.

3.3 Hallucination Taxonomy and Evaluation

We propose a six-category taxonomy of structured
hallucinations, designed to separate syntactic valid-

2We term this “record generation” rather than “extraction”
because Spider questions are queries about data rather than
text containing extractable entities. This task tests schema-
conformant record synthesis.

Model Params Access Quant.
Llama-3.1-8B-Inst. 8B  Local 4-bit
Mistral-7B-Inst.-v0.3 7B Local 4-bit
Gemini 2.5 Flash - API -
Llama-3.3-70B-Vers. 70B  Groq API -

Table 1: Evaluated models. Local models run on a
single T4 GPU with 4-bit quantization.

ity from semantic fidelity. Concrete examples of
each type are provided in Appendix A.

Type 1—Key Fabrication. The model outputs
keys (JSON) or references tables/columns (SQL)
not present in the provided schema. We further
distinguish drift-induced key fabrication, where
the fabricated identifier matches the original (pre-
mutation) schema.

Type 2—Value Confabulation. The key is correct,
but the value is implausible: placeholder values
(e.g., “lorem ipsum”), values outside plausible do-
main ranges, or enum violations.

Type 3—Type Coercion. The output value has
the wrong JSON type relative to the schema (e.g.,
string "25" where integer 25 is expected).

Type 4—Constraint Violation. The output vio-
lates explicit schema constraints: missing required
fields, enum violations, or structural requirements.
We classify missing required keys under this type
(rather than Type 1) because key omission is con-
ceptually distinct from key fabrication: the former
violates a constraint, while the latter invents non-
existent structure.

Type 5—Relational Inconsistency. Individual
field values are valid in isolation but mutually in-
consistent (e.g., start_date after end_date).
We note that our relational checks use domain-
specific heuristic rules (date ordering, non-negative
prices) that may not generalize to all domains.
Type 6—Structural Confabulation. The model
introduces nested objects or arrays where the
schema specifies flat values, or invents fabricated
sub-structures.

Extended Types. Our evaluation additionally de-
tects semantic field confusion (Type 7): cases
where a value appears in the wrong schema field
(e.g., a numeric string in a text-typed name field).
We observe this at rates of 0.7-7.3% across mod-
els, with Llama-3.3-70B most affected. We do
not cover cardinality hallucination (wrong number
of records returned), which requires multi-record
evaluation; we leave this to future work.
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Model Parse. Schema Sem. Hallu.
(%) (%) (%) (%) I[C1]
Llama-3.1-8B 80.7 62.0 60.3 39.7 (34.45)
Mistral-7B 85.0 37.7 46.0  54.048,60]
Gemini Flash 97.7 61.0 59.0 41.03647)
Llama-3.3-70B 100 57.0 56.7  43.3(38.49

Table 2: Structured output validity (n=300 per model).
95% bootstrap Cls on hallucination rates (10,000 resam-

ples).

Evaluation Pipeline. For SQL, we parse queries
using sglglot and verify that all referenced ta-
bles and columns exist in the mutated schema. For
JSON and record outputs, we perform schema vali-
dation (jsonschema), strict type checking, key
set comparison, cross-field relational checks, and
structural depth verification. Unparseable outputs
are treated as terminal failures; in supplementary
analysis (§5), we apply lightweight JSON repair
to assess whether semantic content is recoverable
from formatting failures. All evaluation is de-
terministic and requires no LLM-based judging.
Drift-induced hallucinations are identified by cross-
referencing fabricated identifiers against the origi-
nal pre-mutation schema.

4 Results

We report results aggregated at the schema level
across 1,200 model-schema—drift instances (4 mod-
els x 100 schemas x 3 drift levels), with each
instance comprising up to 15 individual prompt—
output pairs (5 questions x 3 output types).

4.1 RQ1: Hallucination Prevalence

Finding 1: 39-54% of structured outputs con-
tain at least one semantic hallucination. Ta-
ble 2 presents overall validity rates. Llama-3.1-8B
achieves the highest semantic validity at 60.3%,
followed by Gemini Flash (59.0%) and Llama-3.3-
70B (56.7%). Mistral-7B performs worst at 46.0%.

A notable pattern emerges in the parseability—
semantics gap. Llama-3.3-70B achieves perfect
parseability (100%) but drops to 56.7% semantic
validity—over 40% of its well-formed outputs are
semantically hallucinated. This resembles the faith-
fulness failures documented in abstractive summa-
rization (Maynez et al., 2020), transposed to struc-
tured generation.

Finding 2: Schema validation catches most but
not all semantic errors. Among outputs that
pass formal JSON Schema validation, the residual

Drift Hallu. Drift-Ind. Key Fab.
Level (%) (%) (%)
Minor 433 1.0 14.0
Moderate 44.5 14 15.5
Major 45.8 1.1 15.3

Table 3: Hallucination rates by schema drift severity.
The difference between minor and major is not statisti-
cally significant (x? test, p > 0.05).

Model SQL (%) JSON (%) Record (%)
Llama-3.1-8B 85 87 9
Mistral-7B 83 31 24
Gemini Flash 81 89 7
Llama-3.3-70B 88 74 8

Table 4: Semantic validity (%) by output type.

semantic hallucination rate is 8.0%, primarily from
type coercion and relational inconsistency errors
that jsonschema validation does not check. Schema
validation is a useful filter but not sufficient on its
OWn.

4.2 RQ2: Schema Drift Impact

Finding 3: Schema drift severity has surpris-
ingly minimal effect on hallucination rates. In-
creasing drift severity from minor to major pro-
duces virtually no change in overall hallucination
rates (43.3% — 45.8%; Table 3, Figure 1b). A
chi-squared test confirms that the difference is not
statistically significant (p = 0.59). Drift-induced
hallucinations—where the model uses identifiers
from the original schema—account for ~1% of
outputs at any severity level (20 total instances: 9
from Llama-3.1-8B, 11 from Mistral-7B; see Ap-
pendix C for a per-model breakdown).

This negative result suggests imperfect condi-
tioning on the provided schema under our prompt-
ing setup—but we note an important caveat. Be-
cause Spider is public, widely used, and predates
the evaluated models, the flat curve may reflect
models recalling memorized outputs rather than
demonstrating a general inability to condition on
schemas. We present a synthetic-schema control
experiment in §5.

4.3 RQ3: Task Dependence

Finding 4: Output format is the dominant fac-
tor in generation reliability. SQL generation is
robust across all models (81-88%; Table 4, Fig-
ure 1a). JSON generation shows substantial model-
dependent variance: three models achieve 74—89%
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Figure 1: (a) Semantic validity by output format and model. SQL generation is consistently reliable (81-88%);
JSON varies substantially (31-89%); record generation is unreliable (7-24%). (b) Hallucination rates across drift
severity, aggregated across all models. The flat curve indicates negligible drift impact.

while Mistral-7B manages only 31%. Record gen-
eration is unreliable across all models (7-24%).

Record generation is inherently the hardest task
in our setup because Spider questions are queries
about data rather than text containing extractable
entities. The model must synthesize a plausible
record rather than map observed values to fields,
conflating schema compliance failure with content
unavailability. The very low performance there-
fore reflects a combination of missing information
and schema non-compliance, and should not be
attributed solely to structured hallucination.

We also note that evaluation strictness varies
across tasks: SQL evaluation checks table/column
reference validity, while JSON and record eval-
uation applies the full six-type taxonomy. This
asymmetry means cross-task comparisons partly
reflect evaluation granularity differences, not only
task difficulty.

4.4 ROQ4: Hallucination Fingerprints

Finding 5: Each model exhibits a distinctive
hallucination profile. The hallucination profiles
differ strikingly across models (Figure 2):

Gemini Flash shows a constraint-violation-
heavy profile (31.0%) with moderate type coer-
cion (12.3%). With proper JSON array handling
in our evaluation pipeline, Gemini achieves 97.7%
parseability—far higher than in preliminary eval-
uations where array-wrapped outputs were incor-
rectly classified as unparseable. This highlights
how evaluation methodology can distort apparent
model capability.

Llama-3.3-70B (70B parameters) produces per-

fectly parseable output (100%) but concentrates
failures in type coercion (30.3%) and constraint vi-
olation (30.7%). It also exhibits the highest rate of
semantic field confusion (7.3%), a newly identified
hallucination type where correct values are placed
in incorrect schema fields. Larger models do not
hallucinate less; they hallucinate differently.

Mistral-7B distributes failures broadly across
key fabrication (36.0%), constraint violation
(32.0%), and structural confabulation (24.0%).
It is the most likely to invent nested structures
not present in the schema and the only model
where JSON generation substantially underper-
forms SQL.

Llama-3.1-8B has the lowest overall halluci-
nation rate (39.7%), with errors concentrated in
unparseable outputs (19.3%) and key fabrication
(13.7%).

These fingerprints have practical implications: a
mitigation strategy optimized for one model would
be ineffective for another. This argues against uni-
versal benchmarks that rank models on a single
axis, and in favor of profile-aware evaluation. The
discovery of semantic field confusion as a non-
trivial failure mode (up to 7.3%) also suggests that
existing hallucination taxonomies for structured
outputs are incomplete.

5 Discussion

Spider Memorization and Synthetic Schema
Control. The central confound in our drift analy-
sis is possible Spider memorization: Spider is pub-
lic, widely used, and predates the evaluated mod-
els, so schema contamination is plausible. Data

337



Llama-3.1-8B (19.3 13.7 10.7 2 3.7 4.7
30
e
Mistral-7B| 15 EEIRBEPAE 2.3 0.7 5
- 20 S
<
©
Gemini Flash | 2.3 5.7 il 12.3 1.3 2
- 10 &
Llama-3.3-70B 4.3 3.7 7.3 0

OQQ ‘G_Qﬂ

\
Q \0\ {&ﬂ @’Q\}p@&%\e

Figure 2: Hallucination type prevalence (%) by model, including the newly identified semantic field confusion
(Field Conf.) type. Each model exhibits a distinctive failure profile.

contamination more broadly is a recognized con-
cern in LLM evaluation (Golchin and Surdeanu,
2024). The flat drift curve may therefore reflect
models recalling memorized Spider outputs rather
than demonstrating a general inability to condi-
tion on schemas. To probe this, we ran a sup-
plementary experiment on 20 synthetic schemas
with randomized identifiers (e.g., zyx_entries,
plg_records) that are unlikely to appear verba-
tim in pretraining corpora. On synthetic schemas,
hallucination rates remained high (40-58% across
models) and the drift curve remained flat (within
2 percentage points across severity levels), consis-
tent with the Spider results. While this small-scale
experiment does not definitively resolve the memo-
rization question, it provides supporting evidence
that the flat drift curve is not explained by Spider
memorization alone.

Prompt Design as a Confound. Our evaluation
uses a fixed zero-shot prompt design. We did
not ablate prompting strategies (few-shot, schema-
highlighted, self-check), meaning that the observed
failures could partly reflect prompt design choices
rather than intrinsic model limitations. Schema-
linked prompting (Lei et al., 2020; Gao et al.,
2024) has been shown to improve text-to-SQL per-
formance, and may similarly benefit JSON and
record generation. Our conclusion about imperfect
schema conditioning should therefore be read as
qualified by the specific prompting strategy em-

ployed.

JSON Repair and Evaluation Methodology.
Applying lightweight JSON repair to unparseable
outputs yields zero improvement in semantic va-
lidity for any model, confirming that formatting
failures and semantic failures are correlated rather
than independent. More significantly, our evalu-
ation methodology revealed that initial parseabil-
ity estimates can be highly sensitive to how array-
wrapped outputs are handled: Gemini Flash’s ap-
parent 65% parseability in a preliminary evaluation
rose to 98% after proper JSON array handling. This
underscores the importance of robust output extrac-
tion before hallucination assessment, and suggests
that reported parseability rates in the literature may
underestimate model capability when evaluation
pipelines are not designed for output format varia-
tion.

The Parseability—Semantics Tradeoff. Three of
four models achieve >97% parseability, yet seman-
tic validity ranges from 46—60%. Llama-3.3-70B
achieves 100% parseability but only 56.7% seman-
tic validity, while Llama-3.1-8B achieves 80.7%
parseability with 60.3% semantic validity. Higher
parseability may reflect a tendency to produce
plausible-looking output even without grounding—
a structured analogue of the faithfulness failures
documented by Maynez et al. (2020).
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Comparison to Factual Hallucination Bench-
marks. Our taxonomy differs from factual hal-
lucination benchmarks like HaluEval (Li et al.,
2023b) and FactScore (Min et al., 2023) in that
ground truth is defined by a formal schema rather
than world knowledge. This makes evaluation fully
deterministic—no retrieval or LLM-based judging
is needed—but limits the taxonomy to structural
and type-level errors. Detecting semantic field con-
fusion (correct value, wrong field) or value plausi-
bility beyond simple domain rules requires richer
evaluation, potentially bridging the structured and
factual hallucination settings.

6 Practical Implications

Our findings have direct implications for deploying
LLM-based structured generation in production
systems.

Defense in Depth. No single validation layer is
sufficient. JSON Schema validation catches many
errors, but 8% of schema-valid outputs still con-
tain semantic hallucinations (primarily type coer-
cion and relational inconsistency). We recommend
a three-layer defense: (1) constrained decoding
to enforce syntactic validity (Willard and Louf,
2023; Dong et al., 2024), (2) schema validation
to catch structural errors, and (3) type-aware post-
processing to catch coercion errors that syntactic
validation misses.

Model-Specific Mitigation. Our hallucination
fingerprint analysis (Figure 2) reveals that a one-
size-fits-all mitigation strategy will be subopti-
mal. For Llama-3.3-70B, the primary intervention
should target type coercion (30.3%)—adding strict
type casting as a post-processing step. For Mistral-
7B, the priority is key fabrication (36.0%) and struc-
tural confabulation (24.0%)—constrained decoding
with schema-aware token filtering would address
both. For Llama-3.1-8B, improving parseability
(currently 80.7%) through better formatting instruc-
tions would have the largest impact.

Task Selection Matters. SQL generation is sub-
stantially more reliable (81-88%) than JSON gen-
eration (31-89%) or record generation (7-24%).
When possible, production systems should leverage
the relative robustness of SQL by routing structured
queries through text-to-SQL pipelines rather than
direct JSON generation, particularly for models
with low JSON validity.

Evaluation Pipeline Design. Our discovery that
Gemini Flash’s apparent poor performance (65%
parseability in preliminary evaluation) was an eval-
uation artifact—caused by failing to handle array-
wrapped outputs—highlights a broader method-
ological concern. Reported structured genera-
tion benchmarks may systematically underestimate
model capability when evaluation pipelines are not
designed for the full range of output format varia-
tion. We recommend that evaluation frameworks in-
clude (1) format normalization before assessment,
(2) JSON repair as a preprocessing step, and (3) ex-
plicit logging of the parseability—validity gap to
distinguish formatting failures from reasoning fail-
ures.

Limitations

Our benchmark uses schema mutations that, while
modeled on real-world migration patterns, are syn-
thetically generated rather than drawn from actual
production histories. Spider schema memorization
is a plausible confound because Spider is public,
widely used, and predates the evaluated models; al-
though our synthetic-schema experiment provides
supporting evidence, a larger-scale replication on
diverse non-benchmark schemas would strengthen
the conclusions.

We evaluate only greedy decoding without con-
strained decoding baselines (Willard and Louf,
2023; Scholak et al., 2021; Dong et al., 2024).
Constrained decoding is the most obvious prac-
tical mitigation for several hallucination types—
particularly Types 1 (key fabrication) and 6 (struc-
tural confabulation)—and comparing against such
baselines would strengthen the practical implica-
tions.

The comparison between 4-bit quantized local
models and unquantized API models is not per-
fectly controlled. Quantization can independently
degrade structured output quality, and at least one
controlled comparison (same model, quantized vs.
unquantized) would isolate this effect.

We do not ablate prompting strategies. Our find-
ing of imperfect schema conditioning may be par-
tially recoverable through schema-linked prompt-
ing (Gao et al., 2024), few-shot examples, or self-
verification prompts. The current evidence does not
distinguish intrinsic model limitations from prompt
design artifacts.

Our Type 7 (semantic field confusion) detector
uses a simple heuristic that flags numeric strings
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in string-typed fields whenever numeric fields exist
in the schema. This produces false positives for
fields where numeric strings are legitimate values
(e.g., ZIP codes, room numbers, identifiers stored
as TEXT). The reported 0.7-7.3% rates should
therefore be interpreted as upper bounds. More
precise detection would require domain-specific
knowledge about plausible value-field mappings.

Evaluation strictness varies across tasks: SQL
evaluation checks only table and column reference
validity, while JSON and record evaluation applies
the full taxonomy. This asymmetry means cross-
task comparisons partly reflect differences in eval-
uation granularity.

Ethics Statement

This work uses publicly available datasets (Spi-
der) and open-weight or publicly accessible API
models. No private or sensitive data is used. Our
benchmark characterizes model failures, which we
believe serves the community by promoting more
reliable deployment.
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A Qualitative Examples

Table 5 presents concrete examples from our eval-
uation, showing how each hallucination type man-
ifests in actual model outputs. All examples are
drawn from the evaluation data rather than con-
structed synthetically.

B Mutation Trace Example

Table 6 shows a worked mutation trace for a single
schema across all three severity levels. Each row
annotates the specific change applied.

C Drift-Induced Hallucination
Breakdown

Of the 20 total drift-induced hallucinations ob-
served across all models and drift levels, the dis-

tribution is: Llama-3.1-8B (9 instances across 2
schemas: college_1 and store_1), Mistral-
7B (11 instances across 3 schemas: college_1,
college_2, and world_1), Gemini Flash (0),
Llama-3.3-70B (0). All 20 involved column-
rename mutations where the model used the pre-
mutation column name (e.g., EMP_ FNAME after it
was renamed, or country after renaming). Ta-
ble 7 provides the full breakdown.

D Type 6 Detector Validation

To address the concern that 0% structural confab-
ulation rates for some models may reflect a de-
tection gap, we validated our Type 6 detector on
five synthetic test cases: two with unexpected nest-
ing (nested object where string expected; array
where string expected), one with a fabricated sub-
structure in an extra key, and two correct flat out-
puts. The detector achieved 100% precision and
100% recall on these test cases. Manual inspec-
tion of Gemini Flash’s parseable outputs confirmed
that they are predominantly flat structures without
nesting, consistent with the reported 0% rate.

E Summary of Key Findings
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Type Model Schema Context Model Output (excerpt) Diagnosis
1. Key Fab. Gemini college_1 SELECT References table PROF which does
Flash schema (major COUNT (T1.DEPT_CODE) not exist in the mutated schema.
drift) FROM PROF'. ..
2. Value Conf. Gemini world_1 (moder- {"Name": "N/A", Placeholder values "N/A" and O in-
Flash ate); expects coun- "Id": 0, ...} stead of plausible country data.
try data
3. Type Co- Gemini college_2 (mod- {"building": null, null (NoneType) instead of ex-
erc. Flash erate); building: ...} pected string; type mismatch.
string
4. Con- Gemini college_2 {} Empty object returned; required key
str. Viol. Flash (minor); requires building is missing entirely.
building
6. Llama- college_2 (mi- {"building": [], Arrays where flat string/integer val-
Struct. Conf. 70B nor); building: "capacity": [1} ues expected; fabricated list struc-
string ture.
7. Field Conf. Llama- college_2; {"room_number": Numeric value "50" in string field;
70B room_number: "50", ...} may indicate capacity value placed
string in room_number field.

Table 5: Concrete examples of each hallucination type from the evaluation. All examples are from actual model
outputs. Type 5 (relational inconsistency) was not observed in the evaluation data; Type 7 uses heuristic detection
and the example shown may be a false positive (see Limitations).

Level Type Change
Minor Rename actid — ID

Rename FacID — Id

- Model Drift Level Count

Rename FacID — pk_id

Case city_code — CITY_CODE Minor 2
Moderate  Add col. new column added Llama-3.1-8B Moderate 4

Add col. new column added Major 3

Type chg. INTEGER — REAL Minor 3

Rename actid — identifier Mistral-7B Moderate 5

Case Major — major Major 3

Add col. new column added .
Major Typechg.  INTEGER — REAL S; HIEQF;Z_‘;}SB :ﬂ 8

Tbl rename Faculty_Part... — :

app_Faculty_Part...
Remove column dropped Table 7: Drift-induced hallucinations by model and
Constraint ~ NOT NULLonactid severity level. The concentration in just 2-3 schemas

suggests schema-specific rather than systematic vulner-
Table 6: Worked mutation trace for the activity_1  ability.
schema at three severity levels. Each level includes its
own independent set of mutations drawn from the level’s

allowed mutation types.
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#  Finding Implication

F1  39-54% of outputs hallucinate Current models are unreliable for production structured gen-
eration without validation
F2  Schema validation catches most but ~ Schema validation is necessary but insufficient as a stan-

not all errors (8% residual) dalone safeguard

F3  Drift severity has minimal effect Imperfect schema conditioning under our prompting setup,
(~44% flat, p=0.59) with memorization caveat

F4  Output format dominates (SQL: 81— Task design and evaluation granularity strongly affect relia-
88%, record: 7-24%) bility

F5 Each model has a distinct hallucina- Mitigation must be model-specific and profile-aware
tion fingerprint

Table 8: Summary of key findings. F3’s implication is qualified by the Spider memorization confound.
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