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Abstract001

While Large Language Models (LLMs) excel002
at processing unstructured text, their reliability003
falters in structured data generation, leading to004
a critical issue we term table hallucination. Ex-005
isting benchmarks, reliant on monolithic accu-006
racy scores, fail to diagnose the specific ways007
models err. To address this, we introduce a008
systematic framework for understanding and009
evaluating this problem. Our contributions are010
threefold. First, we provide a formal definition011
and a comprehensive taxonomy of table hal-012
lucinations. Second, based on this taxonomy,013
we construct TableHallu, the first diagnostic014
benchmark for this task. TableHallu is built015
using a novel, scalable pipeline that program-016
matically injects distractors to create challeng-017
ing test cases. This automated process, which018
eliminates the need for costly manual annota-019
tion, is proven to be over 95% accurate un-020
der human verification. Third, we conduct021
a comprehensive evaluation of state-of-the-art022
LLMs on TableHallu. The results reveal alarm-023
ing and previously obscured vulnerabilities:024
models universally struggle with ordering con-025
straints, frequently invent non-existent entities026
or attributes, and fail at elementary arithmetic027
during table generation. Our work provides the028
first systematic analysis of table hallucinations029
and a robust benchmark to steer future research030
from pursuing simple accuracy towards achiev-031
ing verifiable, multi-faceted reliability. Code032
and data will be available.033

1 Introduction034

The ability of Large Language Models (LLMs) to035

transform unstructured text into structured tables is036

a cornerstone of their real-world utility. However,037

this powerful capability is plagued by a critical038

and under-examined failure mode: hallucination039

(Ji et al., 2023). In high-stakes domains such as040

finance, where an LLM might generate a finan-041

cial summary with fabricated figures (Khan and042

Figure 1: An example of TableHallu. The user query
requires a quick comparison of our proposed TableHallu
benchmark with other table benchmarks created after
2023. The LLM generates a table for efficient infor-
mation acquisition. However, the table includes the
WikiBio, which the context states was converted into a
table dataset in 2022, thus violating the time constraint
in the user’s query.

Umer, 2024), or in healthcare, where it could pro- 043

duce a patient data table with distorted medical 044

facts (Thirunavukarasu et al., 2023), such hallu- 045

cinations are not merely inaccuracies—they are 046

critical risks that undermine the reliability of these 047

systems. This paper confronts this challenge di- 048

rectly within the paradigm of Query-Driven Table 049

Generation. 050

We define Query-Driven Table Generation as the 051

task of synthesizing a table that strictly adheres 052
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to the constraints specified in a user’s query while053

accurately reflecting the information present in a054

source context. This paradigm imposes a dual obli-055

gation on the model: linguistic faithfulness to the056

source and structural adherence to the query. Draw-057

ing inspiration from the dichotomy of faithfulness058

versus instruction following in traditional halluci-059

nation research (Zhang et al., 2025; Huang et al.,060

2023), and integrating the structural definitions of061

Entities and Attributes from database theory (Sil-062

berschatz et al., 2002; Yu et al., 2018), we pro-063

pose a grounded taxonomy of table hallucinations.064

Specifically, we categorize these failures into two065

primary forms: (1) Constraint Violation, where066

the model fails to adhere to the explicit schema067

or logic required by the query (e.g., omitting a re-068

quired column or ignoring a date range filter), and069

(2) Context Violation, where the model fabricates070

or distorts the entity values relative to the source071

text (e.g., hallucinating non-existent data points),072

as illustrated in Figure 1.073

Despite its importance, this specific intersection074

of structural and content fidelity remains largely075

unaddressed by existing benchmarks. Datasets like076

Struc-Bench (Tang et al., 2023) or Livesum (Deng077

et al., 2024) primarily focus on information extrac-078

tion with fixed or implicit queries (e.g., “summarize079

the context”), lacking the complexity of diverse,080

user-specified constraints. More critically, they fail081

to simulate the “needle-in-a-haystack” challenge082

common in real-world scenarios, where models083

must filter relevant signals from a sea of plausi-084

ble but irrelevant “distractor” information. With-085

out such noise, it is impossible to rigorously test086

whether a model is strictly adhering to query con-087

straints or merely hallucinating based on peripheral088

context. Consequently, there is an urgent need for089

a dedicated benchmark to diagnose, quantify, and090

ultimately mitigate these nuanced failures.091

To bridge this gap, we introduce TableHallu, the092

first diagnostic benchmark focused on table hallu-093

cinations in query-driven generation. Through it,094

we conduct a comprehensive evaluation of state-of-095

the-art LLMs and propose a foundational baseline.096

Our core contributions are as follows:097

• We introduce a systematic definition and098

taxonomy of table hallucinations grounded099

in both linguistic faithfulness and database100

structure. Based on this taxonomy, we con-101

struct TableHallu, a benchmark specifically102

designed to probe the vulnerabilities of LLMs103

in query-driven structured output generation. 104

• We propose a novel, scalable pipeline for au- 105

tomated data generation that significantly 106

reduces reliance on expensive manual an- 107

notation. This pipeline programmatically in- 108

jects distractors to create challenging cases 109

from scratch, producing high-fidelity data that 110

achieves over 95% accuracy under human 111

verification. 112

• We conduct a comprehensive evaluation of 113

state-of-the-art LLMs on TableHallu, pro- 114

viding the first systematic analysis of the 115

factors contributing to table hallucinations. 116

Our study investigates the influence of the 117

model’s thinking mode, context length, and 118

table formats, while also comparing the effi- 119

cacy of various strategies to establish a foun- 120

dational baseline for future research. 121

2 Related Work 122

2.1 Hallucination in Large Language Models 123

Hallucinations in LLMs are broadly categorized 124

into factuality errors (contradicting world knowl- 125

edge) and faithfulness errors (diverging from 126

source context) (Ji et al., 2023; Rawte et al., 2023; 127

Malin et al., 2024; Huang et al., 2025). While factu- 128

ality is widely benchmarked (Lin et al., 2021; Min 129

et al., 2023), our work targets faithfulness, which 130

is paramount for conditional tasks including sum- 131

marization (Maynez et al., 2020), dialogue (Dziri 132

et al., 2022), and structured data generation (Huang 133

et al., 2023). Faithfulness failures further split into 134

instruction adherence (ignoring directives) and con- 135

text adherence (ignoring source text) (Huang et al., 136

2025). Although general benchmarks like HaluE- 137

val (Li et al., 2023) exist, they lack the granularity 138

to diagnose the complex, structural error patterns 139

inherent in query-driven table generation, necessi- 140

tating a specialized taxonomy. 141

2.2 Text-to-Table Generation 142

Text-to-Table (T2T) generation (Wu et al., 2021) 143

has evolved from reversing data-to-text datasets 144

(Wiseman et al., 2017; Lebret et al., 2016) to han- 145

dling complex formats like HTML and JSON (Tang 146

et al., 2023; Yang et al., 2025b). Recent works have 147

further pushed boundaries in multi-source integra- 148

tion and coherence (Deng et al., 2024; Upadhyay 149

et al., 2025; Anvekar et al., 2025). However, exist- 150

ing benchmarks suffer from two critical limitations 151
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regarding hallucination evaluation. First, they pre-152

dominantly rely on static extraction paradigms, ne-153

glecting the dynamic, query-driven constraints154

essential for personalized applications (Liu et al.,155

2024b). Second, they utilize monolithic accuracy156

metrics without adversarial stress testing (e.g.,157

distractor injection), making it difficult to distin-158

guish robust reasoning from rote copying. Table-159

Hallu addresses these gaps by introducing a fine-160

grained taxonomy and a scalable pipeline for gen-161

erating adversarial, query-driven test cases.162

3 The TableHallu Benchmark: A Stress163

Test for Query-Driven Table Generation164

3.1 Formal Problem Definition165

As illustrated in Figure 1, the query-driven text-to-166

table task is defined as follows: given a context167

C (a long-form text) and a query Q, a model is168

required to generate a table T . The query Q spec-169

ifies a set of constraints {q1, q2, . . . , qn}, which170

can encompass various conditions such as tempo-171

ral limitations (e.g., “after 2023”), categorical re-172

quirements (e.g., “text-to-table benchmarks”), and173

sorting orders (e.g., “sorted by year in ascending174

order”). More cases can be found in Appendix E175

A generated table T is considered non-176

hallucinatory if and only if it satisfies two funda-177

mental properties:178

1. Constraint Adherence: The table must179

strictly comply with all constraints specified180

in the query. Formally, ∀qi ∈ Q,T |= qi.181

2. Context Grounding: All information pre-182

sented in the table must be verifiably183

grounded in the source context. Formally,184

Content(T ) ⊆ Content(C).185

Failure to meet these properties results in Table Hal-186

lucination, which we categorize into a fine-grained187

taxonomy to enable precise diagnostics.188

• Constraint-Violation Hallucinations: Viola-189

tions of Constraint Adherence.190

– Out-of-Range: An entity in the table falls191

outside the scope defined by a query con-192

straint (e.g., a 2022 benchmark appear-193

ing when the query asks for post-2023).194

– Order Mismatch: The table rows are not195

sorted according to the specified order.196

– Format Error: The output fails to con-197

form to the requested format (e.g., Mark-198

down syntax errors).199

• Context-Violation Hallucinations: Viola- 200

tions of Context Grounding. 201

– Entity Fabrication: An entity appears in 202

the table but is absent from the context. 203

– Attribute Distortion: An entity’s attribute 204

in the table contradicts the context. 205

– Blank-Filling: A cell that should be 206

empty (never mentioned in the context) 207

is populated with fabricated information. 208

While a subset of Attribute Distortion, 209

we isolate it due to its high frequency 210

and its origin in the model’s propensity 211

for fluent, structured completion. 212

3.2 The TableHallu Pipeline: Principled 213

Construction of Adversarial Data 214

Our benchmark is constructed entirely through a 215

novel, LLM-driven automated pipeline. This ap- 216

proach is designed to preemptively address the crit- 217

ical question of benchmark fidelity—“How can 218

an LLM, itself prone to hallucination, be used 219

to create a reliable benchmark?”—by develop- 220

ing the TableHallu Pipeline. Our solution is not a 221

simple generate-then-verify paradigm, but a novel 222

methodology founded on a two-fold insight de- 223

signed to maximize adversarial complexity while 224

ensuring ground-truth fidelity. 225

First, we employ a decoupled generation pro- 226

cess. Instead of attempting to generate a complex 227

context and its corresponding ground-truth table 228

simultaneously—a process fraught with the risk of 229

co-hallucination—we first construct a pristine, min- 230

imal “ground-truth kernel” (Table, Context, Query). 231

We then exclusively perturb the context by inject- 232

ing adversarial distractors, ensuring the original 233

ground-truth table and query remain untouched 234

and verifiable. This decoupling strategy radically 235

reduces the possibility of generating flawed ground- 236

truth data from the outset. 237

Second, this process is safeguarded by a multi- 238

stage verification protocol. We verify the in- 239

tegrity of the initial “ground-truth kernel” before 240

perturbation, and then critically re-verify the final 241

adversarial context after perturbation. This dual- 242

checkpoint system systematically eliminates errors 243

at each creation stage. The success of this prin- 244

cipled methodology is demonstrated by our final 245

manual audit, which confirmed a data accuracy 246

of over 95%, validating our pipeline as a scalable 247

and reliable solution for generating high-quality 248

adversarial benchmarks. 249
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Generation Pipeline of TableHallu

Step 1. Ground-Truth Kernel Generation

The topic pool is curated
from 12 high-level domains and 
24 fine-grained sub-categories.

1. Topic Pool Curation

• Innovation Trend
• Investment 
• Clinical Research
• Player Income
• Ancient Empires
• ……
• K-12 Systems …

Domain
• Technology
• Finance
• Healthcare
• Sports
• History
• ……
• Education

Sub-Category

Step 3. Multi-Stage VerificationStep 2. Contextual Perturbation with Adversarial Distractors

2. Paired Table-Text Instance Generation
Topic Template

AGI Breakthroughs Timeline 2019-2021
Ground-Truth Table

Lead ResearcherOrganizationBreakthroughYear

Alec RadfordOpenAIGPT-2 2019

Ilya SutskeverOpenAIGPT-32020

...............

Scott ReedDeepMindGato2021

"A timeline of key breakthroughs in 
{emerging_technology} from {start_year} to {end_year}"

Base Context

3. NLQ Formulation

"In 2019, OpenAI released 
the full version of GPT-2, 
led by Alec Radford... 

The following year, 
OpenAI launched GPT-3 
under the leadership of 
Ilya Sutskever… 

In 2021, DeepMind 
unveiled Gato, a 
generalist agent led by 
Scott Reed. "

Natural Language Query
Please generate a table summarizing 
AGI breakthroughs from 2019 to 2021, 
based on the context. The table should have 
the following columns in this sequence: 
'Year', 'Breakthrough', 'Organization', 'Lead 
Researcher’. Ensure the table is sorted by 
'Year' in ascending order...

Subject & Scope

Table Schema

Sorting Method

Query-Driven Constraint 
Identification

{
"constraints": {

"entity scope": ["AGI Breakthroughs"],
"numerical_range": "from 2019 to 2021",
"sort_column": "Year",
"sort_order": "ascending"

}
}

"In 2018, the field of AI 
witnessed a great leap 
with BERT by Google...
<veridical context 1>

In 2022, NVIDIA launched 
the H100 Tensor Core 
GPU...
<veridical context 2>
...... (more text) ..... "

Context Augmentation

Inducing Constraint Violation
Veridical Context Dispersal
Stylistic Consistency

Adver. Context

Base 
Context Distractor information

..... 

Sel
ect

Gu
ide Table, Context, Query

Adversarial Context
Human

Verification

Figure 2: An illustration of the TableHallu Generation Pipeline. The pipeline systematically constructs adversarial
test cases through a three-stage process designed to detect and diagnose hallucinations of LLMs in query-driven
table generation tasks.
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Figure 3: Hierarchical Data Distribution across 4 high-
level Categories and 12 Domains.

Stage 1: Ground-Truth Kernel Generation.250

To ensure diversity, we curated a topic pool251

spanning 12 domains and 24 fine-grained sub-252

categories, each containing numerous topics. Our253

generation process for each sample begins by254

prompting an LLM with a randomly selected topic255

to generate a structured table. This table then serves256

as a factual seed for the LLM to produce a perfectly257

aligned base context. Finally, the LLM creates a258

complex, multi-constraint query derived from both259

the table and the context. This stage yields a pris-260

tine (Table, Context, Query) triplet, establishing261

the unimpeachable “ground-truth kernel” where all262

facts and constraints are internally consistent.263

Stage 2: Adversarial Context Perturbation.264

This is the core of our adversarial design. The ob-265

jective is to inject highly relevant distractors that 266

are inconsistent with the query’s constraints into 267

the context, without corrupting the original ground 268

truth. We first parse the query Q to extract its set 269

of constraints {qi}. These constraints define the 270

precise boundaries for our “counter-constraint” dis- 271

tractors. For example, if a constraint is “in 2023,” 272

the pipeline instructs the LLM to weave plausible 273

narratives involving similar events in “2022” or 274

“2024” into the base context. This surgical injec- 275

tion creates a highly adversarial context that forces 276

the model to perform fine-grained reasoning and 277

information filtering, rather than simple pattern 278

matching. 279

Stage 3: The Multi-Stage Verification Pro- 280

tocol. To guarantee the pipeline’s integrity, we 281

implement the rigorous, two-tiered automated ver- 282

ification process introduced in our methodology. 283

First, an LLM-based verifier confirms the consis- 284

tency and format correctness of the initial ground- 285

truth kernel. This is the crucial first checkpoint. 286

Second, after noise injection, another verifier per- 287

forms the second-checkpoint validation, ensuring 288

that the augmented context (a) retains all informa- 289

tion from the original base context and (b) does not 290

accidentally introduce new, valid information that 291

satisfies the query. As a final, definitive validation 292

of our entire automated pipeline, we employed 20 293

expert English-speaking annotators to manually au- 294

dit the data. Their cross-verification confirmed the 295
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Figure 5: Distribution of table tows, columns and cells
for TableHallu.

integrity of the triplets and the adversarial effective-296

ness of the noise, yielding the aforementioned data297

accuracy of over 95%. This result powerfully val-298

idates our methodology, demonstrating its ability299

to produce complex, high-quality evaluation data300

at scale, significantly mitigating the cost and time301

associated with traditional manual annotation. Fur-302

ther details on human evaluation can be found in303

Appendix B.304

3.3 Benchmark Statistics and Characteristics305

Our pipeline produced a dataset of 2,000 samples306

for evaluation and an additional 1,000 for model307

training. The data distribution is meticulously de-308

signed to ensure comprehensive and unbiased eval-309

uation.310

Topic Diversity (Figure 3.): Our dataset is311

meticulously constructed to encompass 12 distinct312

domains across 4 high-level categories, ensuring313

comprehensive coverage of diverse real-life sce-314

narios. As depicted in Figure 3, the data is well-315

balanced across these domains, exhibiting a near-316

uniform distribution.317

Context Complexity (Figure 4.): The presence318

of adversarial distractors creates a bimodal distri-319

bution in context length, as illustrated in Figure 4.320

Base contexts are concise, typically ranging from321

1,000 to 2,000 characters. In contrast, adversarial322

contexts, after being augmented with distractors,323

become substantially longer, predominantly span-324

ning 4,000 to 10,000 characters. 325

Table Structure (Figure 5): Tables typically 326

contain 5-7 columns and 5-6 rows, averaging 327

around 35 cells. This deliberately larger “surface 328

area” compared to benchmarks like Struc-Bench 329

increases the likelihood of exposing various hallu- 330

cination types within a single sample. 331

3.4 Evaluation Framework: Detection and 332

Diagnostics 333

To move beyond a monolithic “accuracy” score, we 334

propose a diagnostic framework that first detects 335

and classifies hallucinations, then quantifies them 336

using fine-grained metrics. 337

Table Hallucination Detection. Our detection 338

logic classifies hallucinations through a hierarchi- 339

cal series of targeted checks. We first identify En- 340

tity Fabrication and Out-of-Range errors by align- 341

ing primary keys against the context and query con- 342

straints. Crucially, to accommodate the generative 343

variability of LLMs, this alignment is not limited 344

to strict string matching; it incorporates type-aware 345

tolerance mechanisms to normalize format discrep- 346

ancies in specific domains (e.g., dates, monetary 347

values) and employs semantic similarity as a final 348

safeguard to capture linguistic paraphrasing. Sub- 349

sequently, Attribute Distortion and Blank-Filling 350

are detected by comparing the remaining cell val- 351

ues to the ground truth. Finally, we verify the row 352

sequence to detect Order Mismatch and categorize 353

structural anomalies, such as parsing failures or 354

incorrect headers, as Format Errors. 355

Diagnostic Metrics Based on the detection re- 356

sults, we quantify the prevalence of each halluci- 357

nation type by calculating its sample-level halluci- 358

nation rate. This approach allows for a clear, high- 359

level analysis of a model’s primary failure modes. 360

For a given hallucination type H , the Hallucination 361

Rate(HR) is defined as: 362

HR(H) =
Count(Samples exhibiting H)

Count(Total Samples)
(1) 363

Furthermore, we also quantify the TotalHallu(%), 364

representing the percentage of generated responses 365

that exhibit any form of hallucination. This frame- 366

work transforms evaluation from a simple pass/fail 367

judgment into a deep diagnostic tool, pinpointing 368

the specific categories where a model struggles. 369

More details can be found in Appendix C. 370
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Type Model Name Constraint-Violation Context-Violation TotalHallu(%) ↓
Format

Error(%) ↓
Range

Hallu(%) ↓
Order

Mismatch(%) ↓
Attribute

Hallu(%) ↓
Blank

Filling(%) ↓ Entity Fab.(%) ↓

Closed-Source
GPT-4.1 0.4 11.85 10 36.05 29.5 2.55 47
GPT-4o 0.05 9.25 10.25 43.75 36.7 0.9 52.45
o3-mini 1.6 5.8 2.75 23.95 15.25 1.65 31.35

Open-Source

DeepSeek-R1 0.15 5.55 4.4 28.25 20.15 0.7 33.7
DeepSeek-V3 0 14.25 11.55 39.95 32.45 1.4 51.15
Gemma-3-27B 16.55 24.55 23.4 30.3 20.8 2.55 65.95

Llama-3.1-8B-Instruct 7.6 36.65 31.6 43.15 30.2 4.45 73.45
Llama-3.3-70B-Instruct 0.1 26.45 18.65 29.95 18.85 2.45 53.25

Phi-4 31.05 17.8 22.3 30.25 21.95 3.1 74.4
Qwen2.5-72B-Instruct 0.05 24.6 23.9 63 56.25 2.3 76.1
Qwen2.5-7B-Instruct 0.85 39 45.1 75.7 66.35 7.25 90.4
Qwen3-235B-A22B 2.6 5.15 2.65 44.2 38.35 0.7 51

Qwen3-32B 0.1 8.9 6.35 47.8 41.15 1.3 54.65

Avg. 4.7 17.68 16.38 41.25 32.92 2.41 58.07

Table 1: A comprehensive evaluation of Query-Driven Table Hallucinations in various LLMs. Lower percentages
(indicated by ↓) indicate better performance. For each column, the best result is in bold and the second-best is
underlined.

4 Experiments371

To thoroughly assess model capabilities on the372

TableHallu benchmark, we performed extensive373

experiments on a diverse set of 15 leading Large374

Language Models (LLMs). This set includes 12375

open-source models and 3 closed-source models,376

with model sizes ranging from 7B to 671B. Specif-377

ically, the models are: Qwen2.5 (7B, 72B) (Qwen378

et al., 2025), Qwen3 (8B, 14B, 32B) (Yang et al.,379

2025a), the Mixture-of-Experts (MoE) (Mu and380

Lin, 2025) model Qwen3-235B-A22B, Phi-4 (Ab-381

din et al., 2024), Llama-3.1-8B-Instruct, Llama-382

3.3-70B-Instruct (Dubey et al., 2024), Gemma-3-383

27B (Team et al., 2025), DeepSeek-V3 (Liu et al.,384

2024a), DeepSeek-R1 (Guo et al., 2025), o3-mini385

(OpenAI, 2025b), GPT-4o(Hurst et al., 2024), and386

GPT-4.1 (OpenAI, 2025a). Additional details on387

the experimental setup and implementation can be388

found in the supplementary material.389

4.1 Main Results390

Table 1 presents the main results of our evaluation391

on the TableHallu benchmark. The findings show392

that table hallucination is a widespread and severe393

issue, affecting all evaluated LLMs. The Total-394

Hallu rate is high across the board, demonstrating395

the task’s difficulty.396

A deeper analysis reveals specific, shared weak-397

nesses. Models universally struggle with order-398

ing constraints (Order Mismatch), a task where399

even top performers like o3-mini and Qwen3-400

235B-A22B show error rates of 2.75% and 2.65%,401

respectively. For many others, like Llama-3.3-402

70B-Instruct, this error is far more pronounced403

(18.65%). Similarly, Context-Violation errors are 404

common, with Attribute Hallucination and Blank 405

Filling being the primary contributors. These two 406

error types reveal a strong tendency for models to 407

invent data, as seen in GPT-4o (43.75% and 36.7%) 408

and Qwen2.5-72B-Instruct (63% and 56.25%). 409

A clear trend emerges among the top-performing 410

models: the presence of an explicit reasoning 411

or “thinking” step. The leading models in our 412

benchmark—o3-mini, DeepSeek-R1, and Qwen3— 413

all incorporate mechanisms that allow them to pro- 414

cess and plan before generating a final answer. This 415

suggests that the ability to internally decompose 416

the query, cross-reference constraints, and struc- 417

ture the output in a preliminary step is critical for 418

navigating the adversarial challenges of this task. 419

Performance among open-source models varies 420

widely. DeepSeek-R1 stands out as the top open- 421

source performer with a TotalHallu of 33.7%, 422

nearly matching the best proprietary model. In con- 423

trast, models like Llama-3.1-8B-Instruct (73.45%) 424

and Qwen2.5-7B-Instruct (90.4%) struggle signifi- 425

cantly. Some models also fail at the basic task of 426

generating a well-formed table, Gemma-3-27B and 427

Phi-4, for example, have high Format Error rates 428

of 16.55% and 31.05%, respectively. 429

4.2 Impact of Reasoning Mode and Model 430

Scale 431

We performed an ablation study to analyze the ef- 432

fects of a reasoning step (“Thinking Mode”) and 433

model scale. As shown in Table 2, activating Think- 434

ing Mode dramatically reduces hallucinations, es- 435

pecially in adhering to query constraints. This con- 436
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Figure 6: Effect of context type and length on the aver-
age hallucination rate across all models.

Model Name Thinking
Mode

Constraint-
Violation(%) ↓

Context-
Violation(%) ↓

Total
Hallu(%) ↓

Qwen3-8B
On 15.35 53.05 59.1
Off 53.15 76.45 88.15

Qwen3-14B
On 14 43.2 50.5
Off 48.7 72.95 85.5

Qwen3-32B
On 13.55 48.45 54.65
Off 42.5 54.5 72.9

Table 2: Ablation study on the effect of “Thinking Mode”
on hallucination rates for various Qwen3 models. Lower
percentages (indicated by ↓) are better.

firms that architectural approaches focused on rea-437

soning are a key direction for improving reliability.438

Crucially, our results also reveal that model scale439

is not a panacea. When Thinking Mode is enabled,440

performance does not scale monotonically with441

size, as the 14B model outperforms the 32B ver-442

sion. This finding, uncovered by our benchmark,443

challenges the prevailing “bigger is better” assump-444

tion and underscores the need to move beyond sim-445

ple accuracy towards evaluating the multi-faceted446

reliability of models.447

4.3 Impact of Context Length and Distractors448

We analyzed the effect of context length on model449

reliability, testing on both our base context (Base)450

and our purpose-built distractor-injected context451

(Adversarial). The results, depicted in Figure 6,452

reveal a critical vulnerability of modern LLMs.453

First, we observe a clear trend: as the context454

length increases, the average hallucination rate455

rises. This holds true for both base and adversarial456

settings, indicating that even models with long-457

context capabilities struggle with the “lost in the458

middle” problem (Liu et al., 2023) in this task. The459

model’s ability to retrieve information accurately460

degrades as the input document grows.461

Second, the results powerfully validate our462

benchmark’s design. The presence of programmat-463

ically injected distractors in the adversarial context464

Model Name Table
Format

Constraint-
Violation(%) ↓

Context-
Violation(%) ↓

Total
Hallu(%) ↓

o3-mini
Markdown 9.25 30.25 37
Json 7.25 28 34
Tex 17 34.25 41.5

Llama-3.3-70B-Instruct
Markdown 42.5 32.75 60
Json 20.75 37.5 50
Tex 30 31.5 51.5

Qwen3-32B
Markdown 12.75 54.5 60.75
Json 12 60.25 67
Tex 15.5 58.75 65.5

Table 3: Performance evaluation across different ta-
ble formats (Markdown, Json, Tex) for various models.
Lower percentages (indicated by ↓) are better.

causes a dramatic surge in hallucinations. Notably, 465

while this increase is primarily driven by a signif- 466

icant rise in Context-Violation, Query-Violation 467

also exhibits an upward trend. This demonstrates 468

that models are being successfully confused by the 469

distractors. This finding showcases the diagnostic 470

power of our benchmark to pinpoint specific failure 471

modes that simple accuracy scores would obscure. 472

4.4 Influence of Output Format 473

We investigated whether the requested output for- 474

mat itself affects model reliability. We prompted 475

three different models to generate tables in Mark- 476

down, JSON, and LaTeX (Tex) formats. As shown 477

in Table 3, the choice of format has a significant, 478

model-dependent, impact on hallucination rates. 479

Our key finding is that no single format is 480

universally optimal. For example, o3-mini and 481

Qwen3-32B perform best with Markdown, a simple 482

and common format. In contrast, Llama-3.3-70B- 483

Instruct is most reliable when generating JSON. 484

This suggests that a model’s performance is heavily 485

influenced by the prevalence of certain data struc- 486

tures in its training corpus. Unsurprisingly, the 487

syntactically complex Tex format often increased 488

Constraint-Violation, as models struggled with its 489

intricate syntax. 490

This analysis underscores the importance of a 491

multi-faceted evaluation. It reveals that reliability 492

is not just about a model’s core reasoning ability but 493

is also tied to its fluency in specific output schemas. 494

This provides practical insight for users choosing 495

a generation format and highlights a direction for 496

future work: training models to be robust across a 497

wider range of structured data representations. 498

4.5 Mitigation Strategies 499

We investigated whether table hallucinations can be 500

mitigated through inference-time prompting or if 501

they require training-time alignment. We evaluated 502
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Method Query-
Violation(%) ↓

Context-
Violation(%) ↓

Total
Hallu(%) ↓

Base 15.35 53.05 59.10
Careful Emp. 15.40 52.30 58.50
Follow Emp. 15.25 45.60 52.20
COT 15.15 52.05 58.05
SFT 13.85 13.90 24.45

Table 4: Comparison of different methods on Qwen3-
8B(in thinking mode). “Careful Emp.” denotes prompts
emphasizing careful verification of alignment between
the response, query, and context; “Follow Emp.” implies
strict adherence to the query and context. Best results
are bolded and second-best are underlined.

three prompting strategies—emphasizing verifica-503

tion (“Careful Emp.”), strict adherence (“Follow504

Emp.”), and Chain-of-Thought (COT)(Wei et al.,505

2022)—against Supervised Fine-Tuning (SFT) us-506

ing our synthesized dataset.507

As shown in Table 4, prompt engineering proved508

largely ineffective. Strategies like COT and “Care-509

ful Emp.” yielded negligible gains, suggesting that510

mere instruction cannot overcome the model’s sen-511

sitivity to noise. While “Follow Emp.” offered a512

slight improvement by explicitly constraining the513

search space, it failed to address the root cause. In514

contrast, SFT achieved a transformative reduction515

in Total Hallu , driven primarily by a massive drop516

in Context-Violation. This result highlights the crit-517

ical value of our data generation pipeline: by fine-518

tuning on samples containing programmatically519

injected adversarial noise, the model effectively520

learns to distinguish signal from noise, acquiring a521

robustness against distractors that prompting alone522

cannot instill. Detailed prompts can be found in523

Appendix E.524

4.6 Beyond Information Extraction: In-Table525

Computational Failures526

To push beyond simple information extraction, we527

evaluated the models’ ability to perform basic arith-528

metic during table generation. We used a data529

subset with at least two numeric columns and530

prompted the models to add a final column con-531

taining the result of a simple operation (addition,532

subtraction, multiplication, or division) between533

two source columns. Errors in this computed col-534

umn were classified as Attribute Hallucinations.535

The results in Figure 7 reveal a striking failure536

in this capability. For all tested models, requiring537

an in-table calculation led to a massive increase538

in attribute hallucinations compared to the non-539

Figure 7: Performance on different basic arithmetic
subsets. The y-axis denotes the number of samples with
attribute hallucinations.

calculation baseline. For instance, the number of 540

errors for Llama-3.3-70B-Instruct and Qwen3-32B 541

more than doubled when performing multiplication. 542

This indicates the cognitive load of simultaneously 543

managing table structure, retrieving data, and exe- 544

cuting a mathematical operation severely degrades 545

their reliability. 546

This poor performance is particularly notable 547

given that state-of-the-art LLMs have demon- 548

strated high accuracy on standard arithmetic 549

reasoning benchmarks (Cobbe et al., 2021; Anil 550

et al., 2023). The stark contrast between their suc- 551

cess in conversational math and their failure in 552

structured computational tasks highlights a criti- 553

cal, previously under-explored vulnerability. Our 554

findings suggest that future work must focus not 555

just on improving reasoning in isolation, but on 556

reliably integrating it within complex generation 557

formats—a challenge our benchmark is designed 558

to measure. 559

5 Conclusion 560

We introduce TableHallu, the first diagnostic 561

benchmark for query-driven table generation, con- 562

structed via a scalable pipeline for programmatic 563

distractor injection. Our evaluation reveals that 564

LLMs—regardless of scale—are highly suscepti- 565

ble to hallucinations, failing at ordering constraints 566

and in-table arithmetic despite strong standalone 567

performance. While fine-tuning on our dataset mit- 568

igates these errors, our findings underscore a signif- 569

icant gap between models’ general capabilities and 570

their reliability in structured generation. We hope 571

TableHallu steers future research toward achieving 572

verifiable and multi-faceted reliability. 573
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Limitations574

We identify two primary limitations in this study.575

First, our scope is strictly focused on table genera-576

tion. While the proposed taxonomy regarding Con-577

straint and Context violations likely generalizes to578

other structured generation tasks (e.g., code gener-579

ation), we do not empirically verify its applicabil-580

ity beyond tabular formats. Second, to guarantee581

the rigorousness of our diagnostic evaluation and582

the precision of ground truth labels, TableHallu583

is constructed via a synthetic pipeline. Although584

this design choice effectively eliminates the noise585

and label errors prevalent in existing datasets—and586

allows for the controlled injection of adversarial587

distractors—there remains a potential distribution588

shift between our synthesized scenarios and the589

uncurated, heterogeneous nature of data found in590

real-world applications.591

Ethical Considerations592

We strictly adhere to ethical research practices.593

First, given the synthetic nature of TableHallu, we594

conducted rigorous manual and automated checks595

to ensure the dataset is free of personally identifi-596

able information (PII) and offensive content. Sec-597

ond, for human verification, we recruited expert598

annotators (aged 18–30) who were explicitly in-599

formed of the data’s intended research use and pro-600

vided consent. Third, all participants were compen-601

sated at an hourly rate significantly exceeding the602

local minimum wage, ensuring fair labor practices603

appropriate to their demographics.604
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A Pipeline Details788

This appendix elaborates on the automated gen-789

eration pipeline for the TableHallu dataset. The790

pipeline is engineered to systematically generate791

test cases for diagnosing hallucinations in Large792

Language Models (LLMs) for query-driven table793

generation tasks in a scalable, controllable, and794

high-fidelity manner. The entire process is metic-795

ulously designed into three core stages: STEP796

1. Ground-Truth Kernel Generation, STEP 2.797

Contextual Perturbation with Adversarial Dis-798

tractors, and STEP 3. Multi-Stage Verification.799

Throughout the pipeline, generation tasks are per-800

formed by OpenAI GPT-4.1, while the verification801

stage employs the Qwen3-235B-A22B-Thinking-802

2507 model. The specific prompts guiding the803

LLMs at each stage are shown in the final pages.804

A.1 STEP 1. Ground-Truth Kernel805

Generation806

The objective of this stage is to construct a com-807

pletely self-consistent and flawless “Ground-Truth808

Kernel”. This kernel consists of three components:809

a structured Ground-Truth Table, a perfectly cor-810

responding Base Context, and a Natural Lan-811

guage Query that can be uniquely answered from812

the context. This stage ensures that the foundation813

for our subsequent adversarial testing is absolutely814

reliable.815

A.1.1 Topic Pool Curation816

To ensure the diversity and breadth of the generated817

data, we first curated a structured, multi-level topic818

pool.819

• Hierarchical Structure: The topic pool is820

organized in a JSON-like format, covering821

12 high-level domains (e.g., “Technology &822

Business”, “Finance & Economics”) and 24823

fine-grained sub-categories (e.g., “Techno-824

logical Innovation & Adoption”).825

• Template-based Generation: Within each826

sub-category, we predefined multiple “Topic827

Templates”. These templates contain place-828

holders (e.g., {entity1}, {start_year})829

that allow the LLM to randomly fill them from830

a predefined list of entities. This approach 831

facilitates the large-scale creation of semanti- 832

cally rich and realistic topics. 833

A.1.2 Paired Table-Text Instance Generation 834

In this phase, we leverage an LLM to generate 835

paired tables and texts from the topic pool. Guided 836

by a selected topic, the LLM is instructed to: 837

1. Generate the Ground-Truth Table: The 838

LLM first generates a structured and factually 839

accurate table in Json format. The generation 840

is constrained to a size of 5-7 columns and 5- 841

8 rows. Critically, the prompt mandates that 842

at least one cell must be null to represent 843

missing information and that the table rows 844

must be pre-sorted by a logical column. 845

2. Generate the Base Context: Subsequently, 846

using the generated table as the sole factual 847

basis, the LLM writes a concise text. The 848

prompt strictly enforces that every non-null 849

value in the table must be mentioned, and cru- 850

cially, any attribute corresponding to a null 851

cell must be completely omitted from the 852

narrative, without using phrases like “informa- 853

tion unknown”. This ensures a perfect, closed- 854

world correspondence between the table and 855

the context. 856

A.1.3 NLQ Formulation 857

Finally, based on the (Table, Text) pair, we instruct 858

the LLM to construct a complex Natural Language 859

Query (NLQ). The LLM is required to: 860

• Define Scope and Structure: The query 861

must naturally integrate the table’s subject and 862

scope (e.g., a date range). It must also explic- 863

itly define the required table schema, listing 864

all column headers in their exact sequence. 865

• Specify Constraints: The query must include 866

the precise sorting constraint (column and 867

order) derived from the table’s metadata. 868

• Maintain Abstraction: The prompt explic- 869

itly forbids referencing any specific cell val- 870

ues, ensuring the query is about structure and 871

scope, not data points. 872

A.2 STEP 2. Contextual Perturbation with 873

Adversarial Distractors 874

This stage is the core of TableHallu’s adversarial 875

design. Our goal is not to modify the ground-truth 876
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kernel directly but to “contaminate” only the Base877

Context by injecting “Distractors” that are incon-878

sistent with the query’s constraints.879

A.2.1 Query-Driven Constraints880

Identification881

Before injecting distractors, we prompt the LLM882

to analyze the NLQ and extract its constraints883

into a structured JSON format. The extracted884

fields include: entity_scope, numerical_range,885

sort_column, and sort_order. This structured886

output serves as a precise guide for the next step.887

A.2.2 Contextual Perturbation with888

Adversarial Distractors889

Based on the identified constraints, we guide the890

LLM to augment the base context using the detailed891

prompt that enforces a strict protocol for generating892

the Adversarial Context:893

• Mandatory Constraint Violation: The core894

instruction is that every piece of distractor895

content must violate at least one query con-896

straint. The prompt provides explicit exam-897

ples for temporal, geographic, numerical, and898

categorical violations to ensure the distractors899

are effective.900

• Strict Prohibition Rules: The LLM is forbid-901

den from creating distractor entities that could902

satisfy all query constraints, be mistaken for903

ground-truth entries, or have names similar to904

ground-truth entities.905

• Original Context Dispersal: The prompt906

mandates that the original context’s key infor-907

mation be scattered throughout the expanded908

text, preventing simple paragraph-level re-909

trieval.910

• Null Value Protection Protocol: A critical911

instruction is to completely avoid providing912

information for attributes that were null in the913

ground-truth table, ensuring distractors do not914

accidentally fill these informational gaps.915

A.3 STEP 3. Multi-Stage Verification916

To ensure the highest data quality, we designed917

a verification protocol involving two LLM-based918

verifiers followed by a final human audit.919

A.3.1 LLM Verifier 1 – Verify the 920

Ground-Truth Kernel 921

Before any adversarial perturbation, the first LLM 922

verifier reviews the kernel generated in STEP 1. It 923

will check: 924

• Context Quality and Consistency: The con- 925

text must be internally consistent and suffi- 926

cient to answer the query. 927

• Unique Derivation: The table must be un- 928

ambiguously and uniquely derivable from the 929

context. 930

• Content Correspondence: The context must 931

correspond exactly to the table, with no extra 932

or missing information. 933

Only kernels that pass this check as “CORRECT” 934

proceed to the next stage. 935

A.3.2 LLM Verifier 2 – Verify the Adversarial 936

Context 937

After the adversarial context is generated, a second, 938

two-part verification is performed: 939

1. Ground-Truth Preservation: The verifier 940

confirms that all information from the original 941

context is fully preserved in the new, longer 942

adversarial context. 943

2. Distractor Compliance: The verifier ensures 944

that the newly added distractor information 945

does not inadvertently satisfy the query con- 946

straints, which would compromise the ground- 947

truth table as the unique correct answer. 948

An instance must pass both checks to be considered 949

valid. 950

A.3.3 Human Verification 951

As the final quality control measure, all samples 952

that pass the automated LLM verification are ulti- 953

mately audited by human experts. The annotators 954

conduct a holistic review of the entire data instance 955

(table, adversarial context, query) to assess its logi- 956

cal rigor, adversarial effectiveness, and textual natu- 957

ralness. This stringent process ensures an accuracy 958

of over 95% for the TableHallu dataset. 959

B Human Verification Process 960

To ensure the reliability and robustness of the Table- 961

Hallu dataset, we conducted a rigorous manual ver- 962

ification process involving 10 qualified annotators. 963
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All annotators possessed proficient bilingual (En-964

glish and Chinese) reading comprehension skills965

and strong logical reasoning capabilities. The veri-966

fication workflow was structured into three stages:967

training, a pilot phase, and formal annotation. Dur-968

ing the pilot phase, each annotator processed 50969

samples to align with the evaluation criteria, fol-970

lowed by a standard adjustment session to unify971

acceptance standards before the formal verification972

of the full dataset.973

The manual verification protocol enforced a974

strict three-step assessment for each data sample.975

First, annotators evaluated the Query for clarity,976

verifying the presence of essential constraints (e.g.,977

category, column headers, and sorting rules). Sec-978

ond, the Ground Truth (GT) Table was checked979

against the GT Context to ensure factual accuracy,980

correct formatting, and strict adherence to row-981

sorting constraints. Third, and most critically, the982

Distractor Context was scrutinized to verify that983

(1) it fully encompassed the GT Context informa-984

tion, and (2) no added distractor information in-985

advertently satisfied the query constraints, thereby986

guaranteeing the uniqueness of the GT Table as the987

solution. Ambiguous samples were subjected to988

cross-validation and group discussion to maintain989

high-quality standards.990

C Hallucination Detection991

To systematically evaluate the factuality of the992

generated tables, we employ the detection logic993

detailed in Algorithm 1. This procedure hierar-994

chically compares the model-generated table, TA,995

against a ground-truth table, TGT , and a provided996

textual context, C, to identify and categorize five997

distinct types of hallucinations. The process is as998

follows:999

1. Format Hallucination. The initial and most1000

fundamental check is for a Format Hallucination.1001

This error category is triggered under two primary1002

conditions. First, it occurs if the model’s response1003

is not rendered in a parsable format, such as produc-1004

ing plain text instead of a table or using malformed1005

Markdown syntax, which prevents successful data1006

extraction. This represents a complete failure to ad-1007

here to the task’s structural requirements. Second,1008

if the table is successfully parsed, it is still flagged1009

for a Format Hallucination if its column structure1010

(i.e., the names or order of its columns) deviates1011

from that of the ground-truth table TGT . In either1012

case, a structural mismatch is considered a criti-1013

cal failure that precludes any meaningful cell-wise 1014

comparison, causing the algorithm to terminate its 1015

analysis. 1016

2. Row Matching. Following structural valida- 1017

tion, the algorithm performs a row-matching pro- 1018

cedure. Its purpose is to establish a one-to-one cor- 1019

respondence between entities in TA and TGT , typi- 1020

cally by matching values in a designated primary 1021

key column. This step is crucial as it partitions the 1022

rows of TA into two distinct sets for subsequent 1023

analysis: matched rows (M ) and unmatched rows 1024

(U ). 1025

3. Blank Fabrication. For each matched row 1026

pair in the set M , we first inspect for a Blank 1027

Fabrication error. This hallucination type occurs 1028

when the model generates a value for a cell (cA) 1029

that is intended to be empty in the ground truth 1030

(cGT ). It represents the unwarranted invention of a 1031

piece of information for a correctly identified entity 1032

and is checked before other attribute errors. 1033

4. Attribute Hallucination. If a cell is not a 1034

blank fabrication, we then check for an Attribute 1035

Hallucination. This error is logged if a cell value 1036

cA in the generated table does not match the corre- 1037

sponding non-empty cell cGT in the ground truth. 1038

This signifies that the model has retrieved or in- 1039

ferred incorrect information for a specific attribute 1040

of a known entity. The matching criteria are strict 1041

for numerical values and employ semantic similar- 1042

ity for textual content. 1043

5. Scope Hallucination. This check is performed 1044

on the set of unmatched rows, U . An unmatched 1045

row rU is classified as a Scope Hallucination if 1046

its primary key exists within the broader textual 1047

context C, but is not present in the ground-truth 1048

table TGT . This indicates that the model has in- 1049

cluded a factually existing entity that falls outside 1050

the precise scope of the user’s query (e.g., return- 1051

ing a fourth item when only a top-three list was 1052

requested). 1053

6. Entity Fabrication. Finally, if an unmatched 1054

row’s primary key cannot be found even in the 1055

provided context C, it is classified as an Entity 1056

Fabrication. This is the most severe type of hallu- 1057

cination, representing the creation of a completely 1058

fictitious entity that has no basis in the provided 1059

information sources. 1060

This hierarchical and multi-faceted approach al- 1061

lows for a fine-grained and comprehensive eval- 1062
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uation of a model’s ability to generate factually1063

accurate and relevant tabular data.1064

C.1 Implementation Details1065

To operationalize the detection logic described1066

above, we defined several key implementation de-1067

tails regarding data standardization, primary key1068

identification, and the cell-matching criteria.1069

Cell Standardization. To ensure robust compari-1070

son and account for the inherent variability of Large1071

Language Model (LLM) outputs, we first perform1072

a cell standardization pre-processing step. Recog-1073

nizing that LLMs may generate dates in numerous1074

different formats, we employ a comprehensive set1075

of pattern-matching rules to normalize all date-like1076

strings into a single, consistent yyyy-mm-dd format.1077

Similarly, a wide array of expressions for empty1078

or unavailable data (e.g., ‘n/a‘, ‘null‘, ‘—‘, ‘not1079

available‘, etc.) are identified from a predefined1080

list of patterns and standardized to a canonical rep-1081

resentation (‘-‘). This pre-processing is critical1082

to prevent superficial formatting differences from1083

being misclassified as attribute errors.1084

Primary Key Identification. The identification1085

of a primary key is essential for the row-matching1086

and source-analysis steps. Our methodology em-1087

ploys a heuristic to automatically designate a pri-1088

mary key for any given table: we select the first1089

non-numeric column encountered when scanning1090

from left to right. In the case that all columns1091

are determined to be numeric, the first column is1092

used as the primary key by default. This key is1093

subsequently used to match entities between the1094

generated table TA and the ground-truth table TGT1095

and, for unmatched rows, to query the context C in1096

order to differentiate between Scope Hallucinations1097

and Entity Fabrications.1098

Hierarchical Cell Matching. Our cell-matching1099

logic follows a hierarchical strategy to accommo-1100

date different data types and minor textual vari-1101

ations. A distinction is first made between nu-1102

meric and string-based cells. For numeric cells,1103

a strict equality check is performed. For string1104

cells, we first test for mutual substring inclusion1105

(i.e., if one cell’s content is contained within the1106

other’s). This rule effectively handles cases where1107

the LLM provides the correct information but ap-1108

pends it with extraneous or conversational text.1109

If the substring check does not yield a match,1110

we then proceed to semantic similarity matching.1111

Specifically, we encode the cell contents using the 1112

all-mpnet-base-v2 Sentence Transformer model 1113

and compute the cosine similarity between the re- 1114

sulting embeddings. A cell pair is considered a 1115

match if their similarity score exceeds a threshold 1116

of 0.8. We found through empirical observation 1117

of samples that this relatively lenient threshold is 1118

highly effective at correctly identifying semanti- 1119

cally equivalent cells that are phrased differently. 1120

C.2 Evaluation Metrics 1121

To quantify model performance and characterize 1122

the different failure modes, we define a suite of 1123

evaluation metrics based on the hallucination types 1124

identified by our methodology. These are divided 1125

into foundational and aggregated metrics. 1126

Foundational Metrics. We first establish six 1127

foundational metrics, each corresponding directly 1128

to one of the hallucination categories. For each 1129

metric, we calculate the percentage of total sam- 1130

ples in the evaluation set that are flagged with that 1131

specific type of error. The six metrics are: For- 1132

matError (%), RangeHallu (%) (for Scope Hal- 1133

lucinations), OrderMismatch (%) (for Sorting 1134

Hallucinations), AttributeHallu (%), BlankFill- 1135

ing (%), and EntityFabrication (%). 1136

Aggregated Metrics. To provide a higher-level, 1137

more interpretable view of model behavior, we 1138

group the foundational errors into two macro cate- 1139

gories and define an overall hallucination rate. 1140

• Constraint-Violation (%): This metric cap- 1141

tures errors related to a model’s failure to ad- 1142

here to the explicit or implicit constraints of 1143

a query. A sample is counted as a constraint 1144

violation if it exhibits a FormatError, Range- 1145

Hallu, or OrderMismatch. The final metric 1146

is the percentage of samples that contain at 1147

least one of these three error types. 1148

• Context-Violation (%): This metric mea- 1149

sures a model’s failure to faithfully represent 1150

the factual content provided in the context. A 1151

sample is counted as a context violation if it 1152

contains an AttributeHallu, BlankFilling, or 1153

EntityFabrication. This is calculated as the 1154

percentage of samples with one or more of 1155

these three content-related errors. 1156

• TotalHallu (%): This represents the overall 1157

hallucination rate. It is defined as the per- 1158

centage of samples that contain at least one 1159
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hallucination of any of the six foundational1160

types. A sample with multiple types of errors1161

is counted only once for this metric, providing1162

a clear measure of the proportion of flawed1163

outputs in the entire evaluation set.1164

D Experimental Details1165

D.1 General Implementation1166

We deploy all Large Language Models (LLMs)1167

using the vllm inference library. To mitigate1168

the issue of repetitive outputs, we set the gen-1169

eration temperature to 0.6. Furthermore, we1170

configure the maximum number of output tokens1171

(max_tokens) to 30,000. This high token limit1172

is intended to prevent premature truncation, espe-1173

cially for queries that require extended reasoning1174

chains, thereby ensuring the completeness of the1175

generated tables. The specific prompts utilized for1176

the main experiments and subsequent studies are1177

detailed in the Prompts section at the end of this1178

document.1179

Models Our evaluation encompasses a diverse1180

range of state-of-the-art large language models to1181

ensure a comprehensive analysis. To promote re-1182

producibility and transparency, we have primarily1183

utilized open-source models publicly available on1184

the Hugging Face Hub. Table ?? provides a com-1185

plete list of all models employed in our experi-1186

ments, along with direct hyperlinks to their official1187

sources.1188

D.2 Ablation and Format Experiments (Table1189

2 & 3 in Main Text)1190

For the ablation study on the "Thinking Mode" pre-1191

sented in Table 2 of the main paper, we disabled the1192

default "Thinking Mode" of the Qwen3 model by1193

appending the /no_think flag to the input prompt.1194

For the experiments on different table formats,1195

as shown in Table 3, we instructed the LLMs via1196

prompts to generate tables in various formats (e.g.,1197

Markdown, LATEX, JSON). Crucially, each prompt1198

included a format-specific example to guide the1199

model’s output structure. During the evaluation1200

phase, all generated tables, regardless of their orig-1201

inal format, were standardized by converting them1202

into pandas DataFrame objects. This uniform data1203

structure is essential for the consistent application1204

of our hallucination detection and classification1205

pipeline.1206
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Figure 8: Average hallucination rates across four major
thematic categories, providing a high-level overview of
domain-specific challenges.

D.3 Basic arithmetic subsets(Figure 7 in Main 1207

Text) 1208

For the table calculation experiment detailed in 1209

Figure 7 of the main paper, we constructed a spe- 1210

cialized subset of 195 samples, each guaranteed 1211

to have no empty cells. To create ground-truth 1212

samples involving basic arithmetic and ensure the 1213

correctness of the results, we programmatically 1214

extracted two numerical columns from the ground- 1215

truth table (gt_table) using regular expressions 1216

and a Python script. These columns were then used 1217

to compute a third result column. This calculated 1218

column was named “Composite Value” and ap- 1219

pended as the final column to the gt_table. 1220

Subsequently, we employed an LLM to revise 1221

the corresponding user query. The revised query 1222

explicitly described the calculation method for the 1223

“Composite Value” column, specifying which two 1224

source columns were used and the arithmetic op- 1225

eration performed. This methodology minimizes 1226

direct LLM involvement in the ground-truth data 1227

creation process, thereby preventing the introduc- 1228

tion of factual hallucinations into the evaluation 1229

data itself. 1230

D.4 Thematic Analysis: Uncovering 1231

Domain-Specific Vulnerabilities 1232

To investigate whether models’ susceptibility to 1233

hallucination is domain-dependent, we analyzed 1234

their average performance at both a macro level 1235

(four major themes) and a micro level (12 sub- 1236

categories). The results, presented in Figure 8 and 1237

Figure 9, reveal several critical insights into the 1238

nature of model failures. 1239

First, a universal trend observed at both levels 1240

is the dramatic increase in total hallucination rates 1241
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Figure 9: A detailed breakdown of hallucination rates
across 12 sub-categories. This granular view reveals
extreme performance disparities and pinpoints specific
areas of model vulnerability, such as History & Politics
and Law.

when models are exposed to adversarial contexts.1242

The introduction of targeted distractors consistently1243

caused a significant performance degradation com-1244

pared to the base context baseline, validating the1245

effectiveness of our adversarial data construction1246

in exposing model weaknesses.1247

From a high-level perspective (Figure 8), the1248

analysis uncovers distinct domain-specific vulner-1249

abilities. Models exhibit the highest overall hallu-1250

cination rates in the Lifestyle & Culture (64.3%)1251

and Society & Humanities (65.2%) categories.1252

This suggests that topics involving more narrative,1253

subjective, or nuanced human-centric information1254

are significantly more challenging for models to1255

ground accurately.1256

A deeper, more granular analysis across 12 sub-1257

categories (Figure 9) pinpoints these weaknesses1258

with greater precision. The highest error rates1259

are found in abstract and reasoning-intensive do-1260

mains like History & Politics (72.9%) and Law1261

(71.7%). This indicates that models struggle im-1262

mensely when tasks require understanding complex1263

causal relationships, abstract legal or political con-1264

cepts, and dense historical narratives. In contrast,1265

more structured domains like Technology & Busi-1266

ness (60.2%) show comparatively lower, yet still1267

substantial, error rates.1268

Finally, and most importantly, the detailed break-1269

down confirms the dominant failure pattern. Across1270

nearly all 12 sub-categories, Context Violation1271

is consistently the primary driver of hallucina-1272

tions in the adversarial setting. For instance, in1273

the most challenging "History & Politics" theme,1274

context-violation errors are rampant. This indicates1275

that when faced with conflicting information, mod-1276

els are far more likely to disregard the provided1277

source text and fabricate information rather than vi-1278

olate explicit query constraints. This persistent pat-1279

tern across diverse topics highlights a fundamental1280

weakness in current models’ grounding capabilities1281

when under cognitive load.1282

E Prompts and Cases1283
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Prompt for Paired Table-Text Instance Generation (Part 1: Instructions)

You are an expert data curator and content creator. Your task is to generate a ground-truth dataset
for a text-to-table task based on the specific topic. This dataset must contain a JSON object with
two main keys: “gt_table” and “gt_context”.
Follow these instructions precisely:

1. Topic Specification: Use the following specific topic: {topic}
Main Category: {main_category}

2. Create the Ground-Truth Table (‘gt_table’):

• Design a table with 4-7 columns and 5-8 rows about the specified topic.
• Each cell must contain only a single value: This can be a single number, a single entity

(e.g., a person, place, or thing), or null.
• Crucially, at least 1 cell in the table must be EMPTY (null). This represents informa-

tion that is not available.
• The table rows must be sorted by one of the columns in a logical order (e.g., alpha-

betical order for text values, numerical order for numbers, chronological order for dates).
Choose the most appropriate column for sorting based on the topic and data type.

• The table data must be accurate and factual based on your chosen topic.
• Format the table and its metadata strictly according to the provided JSON structure.

3. Create the Ground-Truth Context (‘gt_context’):

• Write a clear, factual paragraph that describes only the information present in the
‘gt_table’.

• Every non-null value in the table must have a direct corresponding mention in the
paragraph.

• Crucially, for cells that are ‘null’ (empty), you must completely omit any mention of
that attribute for that entity. For example, if a product’s price is ‘null’, your description
of that product will cover its other details but will not mention the price at all. Do not use
phrases like “price is unknown” or “information was not disclosed”. Ensure the context
is written so that the missing information cannot be logically inferred.

• Do not include any information that is not present in the ‘gt_table’.

4. Output Format: Provide the final output as a single JSON object, adhering strictly to the
format provided in the following prompt box.
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Prompt for Paired Table-Text Instance Generation (Part 2: JSON Structure)

JSON Output Structure:
{

"gt_table": {
"table": {
"<Table Name: String>": [
{
"<Column Header 1: String>": "<Value: String/Number/null>",
"<Column Header 2: String>": "<Value: String/Number/null>",
...
"<Column Header N: String>": "<Value: String/Number/null>"

}
]

},
"metadata": {
"table_info": {
"<Single Table Name: String>": {
"rows": "<Integer>",
"columns": "<Integer>",
"topic": "{main_category}",
"row_headers": [
"<String: Header for row 1>",
"<String: Header for row 2>",
...

],
...

}
}

}
}

}

"column_headers": [
"<String: Column Header 1>",
"<String: Column Header 2>",
...

],
"sort_column": "<String: Column header used for sorting>",

"sort_method": "<String: Sorting method - 'ascending' or 'descending'>"
}

}
}

},
"gt_context": "<Generated descriptive paragraph here>"

}

Now, please generate one complete instance based on the given topic.
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Prompt for NLQ Formulation (Part 1: Instructions)

Role: You are an expert data analyst. Your task is to write a precise, clear, and natural language
query for an AI assistant. This query must instruct the assistant to extract information from a
ground-truth context and format it into the ground-truth table according to your specified structure
and scope.
Objective: Based on the provided ‘gt_table’ (ground-truth table) and ‘gt_context’ (ground-truth
context), generate a high-quality, natural language query.
Instructions:

1. Identify Subject and Scope:

• First, identify the core subject of the table from the ‘gt_table’s’ title or the ‘gt_context’
(e.g., “China’s Key Financial Indicators”, “Flagship Smartphone Lineup”).

• Next, determine the overall scope/range of the data. For time-series data, specify the
start and end period (e.g., “from 2018 to 2023”). For categorical data, this could be a
descriptive group (e.g., “tech companies in Silicon Valley”). For numerical data, it could
be a range (e.g., “revenue between 100M and 1B USD”).

• Naturally integrate the subject and scope/range into the beginning of your query.

2. Define Table Schema:

• You must explicitly list all required column headers and arrange them in the exact
order they appear in the ‘gt_table’.

• Use clear phrasing, such as: “The columns should be, in order: ...” or “The table should
have the following columns in this sequence: ...”.

3. Specify Sorting Constraint:

• Use the sorting information provided in the ‘gt_table’ metadata (‘sort_column’ and
‘sort_method’) to determine the exact sorting requirement.

• State this sorting rule as an explicit constraint in the query. For example: “sort the
table by [sort_column] in [sort_method] order” where [sort_method] should be either
“ascending” or “descending”.

4. Avoid Specific Cell Values:

• Your query is about scope, structure and format, not specific data points.
• Do not reference any specific cell values in your query (e.g., do not write “...where the

GDP growth in 2018 was 6.7%” or “...which includes the value 2494”).

5. Maintain Natural Language:

• Write the entire query as a single, coherent, human-like command or request. It should
be clear and unambiguous.
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Prompt for NLQ Formulation (Part 2: Examples & Execution)

Example: If ‘gt_table’ is about multi-year financials for several companies:

• Good Query: “Please create a table summarizing the financial performance of tech companies
in Silicon Valley from 2022 to 2023, based on the context. The table must include the columns
‘Company Name’, ‘Year’, and ‘Revenue (USD Billions)’, in that exact order and sort the
results by ‘Company Name’ in ascending order.”

• Bad Query: “Give me the 2022 revenue for Apple and Google, and also their 2023 revenue.”
(Too specific, lacks structural definition).

Your Task: Strictly follow the five rules above to generate a high-quality, natural language ‘query’
for the provided ‘gt_table’ and ‘gt_context’.
Output Format: Directly output the generated natural language ‘query’ as raw text. Do not add
any explanations, titles, or extra formatting.

Input:
{output_of_step1}

Prompt for Query-Driven Constraint Identification (Part 1: Task Definition)

Role: You are an expert at analyzing table generation queries and extracting constraints. Your task
is to identify and extract various constraints from user queries for text-to-table tasks.
Given a user query that requests table generation, you need to identify:

1. Entity Scope: The specific subject matter, domain, or entities that the table should focus on
(e.g., “venture capital funding rounds for DeFi startups”, “institutional AI investments”, “XR
patent filings in the USA and China”).

2. Numerical Range: Time periods, date ranges, or numerical constraints that limit the data
scope. This can be:

• Single time points (e.g., “2023”, “1960”, “2022-Q4”)
• Time ranges (e.g., “2018 to 2021”, “1960 and 1980”, “Nov 2023 to Dec 2023”)
• Other numerical constraints (e.g., price ranges)
• Set to “None” if no numerical constraints are specified

3. Sort Column: The column name by which the table should be sorted.

4. Sort Order: Either “ascending” or “descending”.
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Prompt for Query-Driven Constraint Identification (Part 2: Few-Shot Examples)

Here are some examples:
Example 1:
Query: “Please create a table presenting a comparative timeline of the British and Mongol Empires...
Ensure the table is sorted by ‘Year’ in ascending order.”

Output:
{
"constraints": {

"entity_scope": ["British Empire", "Mongol Empire"],
"numerical_range": "None",
"sort_column": "Year",
"sort_order": "ascending"

}
}

Example 2:
Query: “Please generate a table summarizing venture capital funding rounds for DeFi startups in
2022... Make sure to sort the table by ‘Amount Raised (USD Million)’ in descending order.”

Output:
{
"constraints": {

"entity_scope": ["Venture capital funding rounds", "DeFi startups"],
"numerical_range": "2022",
"sort_column": "Amount Raised (USD Million)",
"sort_order": "descending"

}
}

Example 3:
Query: “Please create a table summarizing the Humira revenue breakdown by region for Roche in
2021... Make sure to sort the table by ‘Region’ in ascending order.”

Output:
{
"constraints": {

"entity_scope": ["Humira revenue breakdown", "Roche"],
"numerical_range": "2021",
"sort_column": "Region",
"sort_order": "ascending"

}
}
...
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Prompt for Query-Driven Constraint Identification (Part 3: Format & Execution)

Output your analysis only in the following JSON format without extra content or explanation:
{
"constraints": {

"entity_scope": "[extracted entity scope]",
"numerical_range": "[extracted numerical range or 'None']",
"sort_column": "[column name for sorting]",
"sort_order": "[ascending or descending]"

}
}

Important Guidelines:

• Extract the entity scope as precisely as possible, focusing on entities with clear boundaries
and distinguishing characteristics.

• For numerical_range, capture time periods, years, or any numerical constraints mentioned.

• Use exact column names as specified in the query for sort_column.

• If no numerical constraints are mentioned, set numerical_range to “None”.

Now analyze the following query and extract the constraints:
{query}
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Prompt for Contextual Perturbation (Part 1: Task Setup & Logic)

Role: You are an expert at generating distractor content for text-to-table tasks. Your objective
is to create expanded context that includes additional information which does NOT satisfy the
query constraints, while preserving all original context information to make table extraction more
challenging for LLMs.
Input Parameters:

• Query: {query}

• Original Context: {gt_context}

• Ground Truth Table: {gt_table_json}

• Query Constraints: {provided_query_constraints}

• Difficulty Level: {provided_difficulty_level}

CRITICAL CONSTRAINT VIOLATION REQUIREMENTS:
Mandatory Distractor Rules:
ABSOLUTE REQUIREMENT: Every piece of distractor content MUST violate at least one query
constraint.
Constraint Violation Examples:

• Temporal: If constraint specifies “2020” → include 2019, 2021, or other years (NEVER
2020).

• Geographic: If constraint specifies “Europe”→ include Asia, Africa, Americas (NEVER
European entities).

• Entity Type: If constraint specifies “electric vehicles”→ include gasoline cars, motorcycles
(NEVER electric vehicles).

• Numerical Range: If constraint specifies “price under $200”→ include items over $200
(NEVER items under $200).

• Categorical: If constraint specifies categories “A, B, C” → include categories “D, E, F”
(NEVER A, B, or C).
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Prompt for Contextual Perturbation (Part 2: Strategy & Guidelines)

Strict Prohibition Rules:

1. Never create entities that satisfy ALL query constraints simultaneously.

2. Never include data that could be mistaken for ground truth entries.

3. Never use ambiguous entities that might partially match constraints.

4. Never include entities with similar names to ground truth entities.

Distractor Generation Strategy:
For each constraint type, generate content that CLEARLY violates the specified constraints.
Example: For constraint “European countries in 2023”:

• ✓CORRECT: Add Asian countries’ data from 2023 (violates geographic constraint).

• ✓CORRECT: Add European countries’ data from 2022/2024 (violates temporal constraint).

• ✓CORRECT: Add other regions’ data from different years (violates both constraints).

• ×WRONG: Add any European country data from 2023 (satisfies all constraints).

Original Context Dispersal:
Distribute original context’s key information throughout the expanded content. Never cluster
Original Context in a single paragraph. This ensures the extraction task remains challenging while
preserving all necessary data.
Null Value Protection Protocol:

• Completely avoid providing information for attributes with null values.

• Never include direct statements, implications, or negative statements about missing data.

• Ensure distractor entities don’t fill gaps in ground truth table data.
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Difficulty Scaling

• Easy: Expand to ∼10x original context length

• Medium: Expand to ∼20x original context length

• Hard: Expand to ∼30x original context length

Writing Standards
Produce professional, coherent content resembling high-quality journalism:

• Smooth paragraph transitions

• Natural narrative flow

• Appropriate connecting phrases

• Human-like writing patterns

Final Validation Checklist
Before submitting, ensure:

1. ✓All distractor entities violate at least one query constraint

2. ✓No distractor entity could be confused with a valid table entry

3. ✓Original context is preserved and dispersed

4. ✓Content flows naturally and professionally

5. ✓Null value protection is maintained

Output Requirements
Provide only the final expanded context. Do not include explanations, meta-commentary, or process
descriptions.
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Prompt for LLM Verifier 1 – Verify the ground-truth kernel

Please evaluate whether the markdown table is correctly derived from the given context according
to the query.

Query:
{query}

Context:
{gt_context}

Table:
{gt_table}

Please thoroughly check these aspects:

1. Context Quality and Consistency:

• Is the context internally consistent without contradictions?
• Does the context contain all necessary information required by the query?
• Are there any logical inconsistencies or conflicting data points in the context?
• Is the context complete enough to answer the query requirements?

2. Unique Derivation:

• Can the table unambiguously be derived from the context based on the query require-
ments?

• Is there sufficient information in the context to generate exactly this table?
• Are all data points in the table clearly supported by the context?

3. Content Correspondence:

• Does the content in the context exactly correspond to the table (no more, no less)?
• The table should not contain:

– Any additional columns or rows not supported by context
– Any duplicate rows or redundant information

* Example:
Context: Brazil set a target to reduce greenhouse gas emissions by 37% from 2005
levels by 2025, and as of 2022, had reported a 29% reduction. For 2030, Brazil
aims for a 43% reduction from 2005 levels, with a net zero target year of 2050.
China has a 2030 target to reduce emissions by 60% from 2005 levels, and by
2022, had achieved a 51% reduction. China also has a more ambitious 2030 target
of a 65% reduction from 2005 levels, with a net zero target year of 2060.
Table:
...

Result: INCORRECT
– Any data that contradicts the context

• Are all values in the table accurate according to the context?

Please answer “CORRECT” only if ALL aspects are satisfied. Answer “INCORRECT” if ANY
aspect fails.

Format:
Result: [CORRECT / INCORRECT]
Reason: [Explanation of your assessment, if INCORRECT]
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Prompt for LLM Verifier 2 – Verify the Adversarial Context - Step 1

Please analyze the following two texts and determine whether all information from the Original
Context is completely preserved in the Full Context.

Original Context:
{gt_context}

Full Context:
{distractor_context}

Please carefully analyze:

1. Whether EVERY specific data point, fact, and number from the original context can be found
in the full context

2. Whether the key information maintains its original accuracy and completeness

3. Whether the content itself remains consistent even if the information in original context
appears in different positions within the full context

Please only answer “YES” or “NO” and provide a brief explanation.

Format:
Result: [YES/NO]
Reason: [Brief explanation]
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Prompt for LLM Verifier 2 – Verify the Adversarial Context - Step 2

Please analyze whether the distractor information in the expanded context would compromise the
uniqueness of the ground-truth table as the correct answer.

Background:

• The Original Context contains information that can be used to generate the Ground-Truth
Table according to the Query requirements

• The Expanded Context includes the Original Context plus additional distractor information

• The goal is to ensure that the distractor information does NOT satisfy the query constraints, so
it won’t interfere with the Ground-Truth Table being the unique correct answer

Query:
{query}

Query Constraints:
{query_constraints}

Original Context:
{gt_context}

Ground-Truth Table (correct answer derived from Original Context):
{gt_table}

Expanded Context (Original Context + Distractor Information):
{distractor_context}

Please analyze:

1. Identify the distractor information (content in Expanded Context that is NOT present in
Original Context)

2. Check if any distractor information satisfies the query constraints (time range, entity scope,
data requirements, etc.)

3. Determine if the distractor information could be used to generate a valid alternative table that
competes with the Ground-Truth Table

Validation Criteria:

• VALID: Distractor information does NOT satisfy query constraints, ensuring Ground-Truth
Table remains the unique correct answer

• INVALID: Distractor information DOES satisfy query constraints, potentially creating
competing valid answers

Please answer “VALID” or “INVALID” and provide detailed reasoning.

Format:
Result: [VALID/INVALID]
Reason: [Detailed analysis of distractor information and its impact on answer uniqueness]28



Base Prompt (Markdown) for Table Generation

Context:
{distractor_context}

Query:
{query}

Only output a table in Markdown format, without any additional information or explanation. Please
format your response using standard Markdown formatting syntax (columns separated by `|` and
`---` as the separator line after the header row). The final table MUST BE put after `####`.

CoT Prompt for Table Generation

Context:
{distractor_context}

Query:
{query}

Only output a table in Markdown format, without any additional information or explanation. Please
format your response using standard Markdown formatting syntax (columns separated by `|` and
`---` as the separator line after the header row). The final table MUST BE put after `####`. Let’s
think step by step.

Following emphasis Prompt

Context:
{distractor_context}

Query:
{query}

Only output a table in Markdown format, without any additional information or explanation.
Please format your response using standard Markdown formatting syntax (columns separated by
`|` and `---` as the separator line after the header row). The final table MUST BE put after
`####`. IMPORTANT: You must strictly adhere to the provided context and query, and only
extract information that is explicitly mentioned.

Careful Prompt

Context:
{distractor_context}

Query:
{query}

Only output a table in Markdown format, without any additional information or explanation. Please
format your response using standard Markdown formatting syntax (columns separated by `|` and
`---` as the separator line after the header row). The final table MUST BE put after `####`.
Before providing your final answer, please carefully review and double-check the accuracy of all
data in your table to ensure it correctly reflects the information from the context.
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Prompt for JSON Output Format

Context:
{distractor_context}

Query:
{query}

Only output a table in JSON format, without any additional information or explanation. Please
format your response using JSON formatting syntax. The response should follow this format:

{
"<Table Name: String>": [

{
"<Column Header 1: String>": "<Value: String/Number>",
"<Column Header 2: String>": "<Value: String/Number>",
...
"<Column Header N: String>": "<Value: String/Number>"

}
]

}

Prompt for LaTeX tabular Output

Context:
{distractor_context}

Query:
{query}

Only output a table in LaTeX tabular format, without any additional information or explanation.
Please format your response using LaTeX tabular formatting syntax. The response should follow
this format:

\begin{tabular}{|l|c|r|}
\hline
\textbf{Column1} & \textbf{Column2} & ... & \textbf{ColumnN} \\
\hline
Value1 & Value2 & ... & ValueN \\
Value4 & Value5 & ... & ValueN \\
\hline
\end{tabular}

30



Bad Case: Format Error

Query:
1 Please create a table summarizing institutional AI investments in 2021,

based on the provided context. The table should have the following
columns in this sequence: "Institution", "Country", "Investment Amount
(USD Million)", "Number of Deals", "Top AI Company Invested", and "
Quarter of Largest Deal". Sort the table by "Investment Amount (USD
Million)" in ascending order. Only output a table in Markdown format ,
without any additional information or explanation.

Ground Truth Table:
1 | Institution | Country | Investment Amount (USD Million) |

Number of Deals | Top AI Company Invested | Quarter of Largest Deal |
2 |------|-----|-----|-------|-------|--------|-----|
3 | Temasek Holdings | Singapore | 800 | 5

| Trax | - |
4 | Sequoia Capital | USA | 950 | 7

| Databricks | Q1 |
5 | Andreessen Horowitz | USA | 1100 | 6

| OpenAI | Q2 |
6 | BlackRock | USA | 1200 | 8

| UiPath | Q2 |
7 | Tencent Holdings | China | 1800 | 9

| CloudWalk | Q3 |
8 | SoftBank Vision Fund | Japan | 2500 | 10

| SenseTime | Q4 |

Response:
1 | Institution | Country | Investment Amount (USD Million) |

Number of Deals | Top AI Company | Quarter of Largest Deal |
2 |------|-----|-----|-------|-------|--------|-----|
3 | Temasek Holdings | Singapore | 800 | 5

| Trax | |
4 | Sequoia Capital | USA | 950 | 7

| Databricks | First Quarter |
5 | Andreessen Horowitz | USA | 1100 | 6

| OpenAI | Second Quarter |
6 | BlackRock | USA | 1200 | 8

| UiPath | Second Quarter |
7 | Tencent Holdings | China | 1800 | 9

| CloudWalk | Third Quarter |
8 | SoftBank Vision Fund | Japan | 2500 | 10

| SenseTime | Fourth Quarter |
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Bad Case: Attribute Hallucination and Blank Filling

Query:
1 Please create a table summarizing publishing and digital platform revenues

from 2019 to 2021, based on the provided context. The table should have
the following columns in this sequence: "Year", "Traditional

Publishing Revenue (USD Billion)", "YouTube Revenue (USD Billion)", "
Amazon Kindle Revenue (USD Billion)", "Traditional Publishing YoY
Growth (%)", "YouTube YoY Growth (%)", and "Amazon Kindle YoY Growth
(%)". Make sure to sort the table by "Year" in ascending order. Only
output a table in Markdown format , without any additional information
or explanation.

Ground Truth Table:
1 | Year | Traditional Publishing Revenue (USD Billion) | YouTube Revenue (

USD Billion) | Amazon Kindle Revenue (USD Billion) | Traditional
Publishing YoY Growth (%) | YouTube YoY Growth (%) | Amazon Kindle YoY
Growth (%) |

2 |------|-----|-----|-------|-------|--------|-----|
3 | 2019 | 25.7 | 15.1

| 3.3 | 1.2
| 35.8 | 13.8

|
4 | 2020 | 26.2 | 19.8

| 4.0 | 1.9
| 31.1 | 21.2

|
5 | 2021 | 27.0 | 28.8

| - | 3.1
| 45.5 | -

|

Response:
1 | Year | Traditional Publishing Revenue (USD Billion) | YouTube Revenue (

USD Billion) | Amazon Kindle Revenue (USD Billion) | Traditional
Publishing YoY Growth (%) | YouTube YoY Growth (%) | Amazon Kindle YoY
Growth (%) |

2 |------|-----|-----|-------|-------|--------|-----|
3 | 2019 | 25.7 | 15.1

| 3.3 | 1.2
| 35.8 | 13.8

|
4 | 2020 | 26.2 | 19.8

| 4.0 | 1.9
| 31.1 | 21.2

|
5 | 2021 | 27.0 | 28.8

| 4.0 | 3.1
| 45.5 | 0.0

|
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Bad Case: Range Hallucination

Query:
1 Please create a table summarizing the discoveries and milestones up to the

Nobel Prize in Chemistry 2021, as described in the context , covering
the period from 2000 to 2021...

Context:

......By 2003, research in South Korea led to the development of
bifunctional thiourea catalysts for Michael addition reactions, with
notable publications appearing in Chemical Communications. This
innovation contributed to the broader understanding of non-metal
catalysis, though it was not directly connected to the discoveries
leading to the Nobel Prize in Chemistry 2021. ......

Response:
1 | Year | Discovery |

Scientist(s) | Country | Catalyst Type
| Application Area |

Notable Publication |
2 |------|-----|-----|-------|-------|--------|-----|
3 | 2000 | First asymmetric organocatalysis using proline |

Benjamin List | Germany | proline
| pharmaceutical synthesis

| Journal of the American Chemical Society |
4 | 2000 | Enamine catalysis for asymmetric synthesis |

David W. C. MacMillan | United States | imidazolidinone
| asymmetric Diels -Alder reactions |

Journal of the American Chemical Society |
5 | 2003 | Bifunctional thiourea catalysts for Michael addition reactions |

Scientists in South Korea | South Korea | thiourea
| Michael addition reactions |

Chemical Communications |
6 | 2005 | Iminium catalysis |

David W. C. MacMillan | United States | imidazolidinone
| organocatalytic transformations |

Science |
7 | 2005 | Organocatalysis expanded to cascade reactions |

Benjamin List | Germany | proline
| cascade reactions

| Angewandte Chemie International Edition |
8 | 2006 | N-heterocyclic carbene (NHC) catalysis for benzoin condensation |

Research group in Switzerland | Switzerland | N-heterocyclic
carbene (NHC) | synthesis of fine chemicals |
European Journal of Organic Chemistry |

9 | 2008 | Copper -based catalysts for synthesis of heterocyclic compounds |
Scientists in India | India | copper -based

| synthesis of heterocyclic compounds |
Green Chemistry |

10 | 2010 | Chiral sulfinamide catalysts for asymmetric epoxidation |
Team in Brazil | Brazil | sulfinamide

| agrochemical synthesis |
Tetrahedron Letters |

11 | 2012 | Visible -light photoredox catalysis using ruthenium complexes |
Researchers in China | China | ruthenium
complexes | organic synthesis |
Journal of Organic Chemistry |

12 | 2015 | Iron -based catalysts for hydrogenation of alkenes |
Group in Russia | Russia | iron -based

| petrochemical processing |
Russian Journal of Applied Chemistry |

13 ...
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Bad Case: Entity Fabrication

Context: no UAE in context
Ground Truth Table:
1 | Region | Hybrid Vehicle Adoption Rate (%) | Charging Stations

(2023) | Government Incentives | Major City | Year of First Major
Policy | Public Transit Hybrid Fleet (%) |

2 |------|-----|-----|-------|-------|--------|-----|
3 | Japan | 19.4 | 30000

| Yes | Tokyo | 2009
| 40 |

4 | China | 8.5 | 180000
| Yes | Beijing | 2014

| 35 |
5 | South Korea | 7.1 | 12000

| Yes | Seoul | 2012
| - |

6 | United States | 6.6 | 56000
| Varies by state | Los Angeles | 2007

| 28 |
7 | Australia | 6.2 | 3500

| Yes | Sydney | 2017
| 18 |

8 | Canada | 5.8 | 7000
| Yes | Toronto | 2016

| 22 |

Response Table:
1 | Region | Hybrid Vehicle Adoption Rate (%) | Charging Stations

(2023) | Government Incentives | Major City | Year of
First Major Policy | Public Transit Hybrid Fleet (%) |

2 |------|-----|-----|-------|-------|--------|-----|
3 | Japan | 19.4 | 30000

| robust | Tokyo
| 2009 | 40

|
4 | China | 8.5 | 180000

| strong | Beijing
| 2014 | 35 |

5 | United Kingdom | 9.7 | 36000
| provided | London

| 2010 | 30
|

6 | Sweden | 8.9 | 12500
| N/A | Stockholm

| 2012 | 27 |
7 | Germany | 10.2 | 44000

| substantial | Berlin
| 2011 | 25

|
8 | United States | 6.6 | 56000

| vary by state | Los Angeles
| 2007 | 28 |

9 | South Korea | 7.1 | 12000
| instrumental | Seoul

| 2012 | N/A
|

10 | Australia | 6.2 | 3500
| available | Sydney

| 2017 | 18
|

11 | Canada | 5.8 | 7000
| in place | Toronto

| 2016 | 22 |
12 | Singapore | 4.5 | 1200

| provided | Singapore
| 2013 | 15 |

13 | India | 3.9 | 2200
| provided | Mumbai

| 2015 | 12
|

14 | New Zealand | 3.2 | 1000
| in place | Auckland

| 2018 | 10 |
15 | UAE | 2.1 | 900

| provided | Dubai
| 2016 | 6

|
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Bad Case: Order Mismatch

Query:
1 Please generate a table summarizing the autonomous vehicle testing and

regulatory status in Japan and the United States , as described in the
context. The table should have the following columns in this sequence:
"Country", "Testing Start Year", "Number of Testing Cities", "Major
Testing Companies", "Regulatory Approval Status", and "First Regulatory
Approval Year". Ensure that the table is sorted by "Testing Start Year

" in ascending order. Only output a table in Markdown format , without
any additional information or explanation.

Ground Truth Table:
1 | Country | Testing Start Year | Number of Testing Cities | Major

Testing Companies | Regulatory Approval Status | First Regulatory
Approval Year |

2 |------|-----|-----|-------|-------|--------|-----|
3 | Japan | 2013 | 7 | Toyota

| Conditional | 2020
|

4 | United States | 2015 | 15 | Waymo
| Permitted | 2018

|
5 | United States | 2016 | 10 | Cruise

| Permitted | 2021
|

6 | Japan | 2017 | 2 | Nissan
| Pilot Only | -

|
7 | United States | 2018 | 5 | Aurora

| Testing Only | -
|

Response:
1 | Country | Testing Start Year | Number of Testing Cities | Major

Testing Companies | Regulatory Approval Status | First Regulatory
Approval Year |

2 |------|-----|-----|-------|-------|--------|-----|
3 | Japan | 2013 | 7 | Toyota

| conditional regulatory approval | 2020
|

4 | United States | 2015 | 15 | Waymo
| permitted regulatory approval | 2018

|
5 | Japan | 2017 | 2 | Nissan

| pilot -only regulatory approval | N/A
|

6 | United States | 2016 | 10 | Cruise
| permitted regulatory approval | 2021

|
7 | United States | 2018 | 5 | Aurora

| testing -only regulatory approval | N/A
|
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LLM Verifier 2 – Verify the Adversarial Context - Step 2

Please analyze whether the distractor information in the expanded context would compromise the
uniqueness of the ground-truth table as the correct answer.

Background:

• The Original Context contains information that can be used to generate the Ground-Truth
Table according to the Query requirements

• The Expanded Context includes the Original Context plus additional distractor information

• The goal is to ensure that the distractor information does NOT satisfy the query constraints, so
it won’t interfere with the Ground-Truth Table being the unique correct answer

Query:
{query}

Query Constraints:
{query_constraints}

Original Context:
{gt_context}

Ground-Truth Table (correct answer derived from Original Context):
{gt_table}

Expanded Context (Original Context + Distractor Information):
{distractor_context}

Please analyze:

1. Identify the distractor information (content in Expanded Context that is NOT present in
Original Context)

2. Check if any distractor information satisfies the query constraints (time range, entity scope,
data requirements, etc.)

3. Determine if the distractor information could be used to generate a valid alternative table that
competes with the Ground-Truth Table

Validation Criteria:

• VALID: Distractor information does NOT satisfy query constraints, ensuring Ground-Truth
Table remains the unique correct answer

• INVALID: Distractor information DOES satisfy query constraints, potentially creating com-
peting valid answers

Please answer “VALID” or “INVALID” and provide detailed reasoning.

Format:
Result: [VALID/INVALID]
Reason: [Detailed analysis of distractor information and its impact on answer uniqueness]
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Algorithm 1: Hallucination Detection Logic

Require: Answer Table TA, Ground Truth Table
TGT , Context C

Ensure: Hallucination Counts H
1: ▷ 1. Format Check
2: if columns of TA ̸= columns of TGT then
3: H[Format]← 1
4: return H
5: end if
6:

7: ▷ 2. Row Matching
8: M,U ← MATCHROWSBYPRIMARYKEY(TA)

▷ M : Matched, U : Unmatched
9:

10: ▷ 3. Attribute Matching (for Matched Rows)
11: for each matched pair (rA, rGT ) ∈M do
12: for each cell cA in rA (except primary key)

do
13: cGT ← corresponding cell in rGT

14: if cGT is EMPTY and cA is NOT
EMPTY then ▷ Check for Blank Fabrication
first

15: H[Blank-Filling] ←
H[Blank-Filling] + 1

16: else if cGT is NOT EMPTY and cA
does not match cGT then ▷ Then check for
Attribute Hallucination

17: H[Attribute]← H[Attribute] + 1
18: end if
19: end for
20: end for
21:

22: ▷ 4. Source Analysis (for Unmatched Rows)
23: for each unmatched row rU ∈ U do
24: key ← primary key of rU
25: if key is in Context C then
26: H[Scope]← H[Scope] + 1
27: else
28: H[EntityFab]← H[EntityFab] + 1
29: end if
30: end for
31: return H
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