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Abstract001

Large language models are increasingly de-002
ployed in enterprise and regulatory settings003
where reasoning must be performed over het-004
erogeneous table–text data under strict privacy005
constraints. However, existing benchmarks for006
tabular or hybrid question answering largely007
assume clean, unredacted inputs and therefore008
fail to capture the systematic information loss009
introduced by real-world privacy practices such010
as masking, deletion, and generalization. This011
gap obscures how redaction fundamentally al-012
ters model reasoning behavior. We present013
HYTEK-P (Hybrid Text–Knowledge reason-014
ing under Privacy Constraints), a benchmark015
designed to evaluate privacy-aware hybrid rea-016
soning over semi-structured tables and unstruc-017
tured text. HYTEK-P is constructed from three018
high-impact real-world domains i.e., consumer019
finance complaints, clinical records, and po-020
lice reports, each paired with realistic redaction021
strategies and expert-validated queries. Tasks022
span five core analytic operation types, en-023
abling fine-grained analysis of reasoning fail-024
ures. We further introduce a diagnostic error025
taxonomy and redacted–unredacted compar-026
isons to isolate privacy-induced degradation.027
HybridPrivacyTab provides a rigorous testbed028
for developing and evaluating models robust to029
privacy-preserving data transformations.030

1 Introduction031

Large language models (LLMs) are increasingly032

used as natural-language interfaces to data, allow-033

ing analysts to pose complex queries without writ-034

ing SQL. However, real-world analytical questions035

such as “Which regions show the strongest up-036

ward trend in severe incidents?” or “How of-037

ten do high-priority cases co-occur with missing038

follow-up notes?” expose fundamental limitations039

of current systems. Answering such queries re-040

quires reasoning over semi-structured tables that041

tightly interleave structured attributes (timestamps,042

Figure 1: This image shows how LLMs struggle to
reason over both structured and unstructured data simul-
taneously for real-world tables.

categories, numeric measurements) with unstruc- 043

tured text (incident narratives, case descriptions, 044

free-form annotations). 045

The core challenge lies in scale and heterogene- 046

ity. Enterprise tables routinely span thousands of 047

rows and dozens of columns, often exceeding LLM 048

context limits by orders of magnitude (Liu et al., 049

2024; Press et al., 2023). This forces models to se- 050

lect relevant content, yet existing approaches either 051

rely on schema-only reasoning that ignores critical 052

textual evidence, or attempt exhaustive serializa- 053

tion that is computationally infeasible. Moreover, 054

the interaction between structured constraints and 055

unstructured semantics demands joint reasoning 056
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that current retrieval-augmented generation (RAG)057

pipelines fail to capture reliably.058

Recent benchmarks have begun evaluating059

LLMs under such conditions. RUST-BENCH (Ab-060

hyankar et al., 2025a) identifies key challenges061

i.e., scale, multi-hop reasoning, heterogeneity, and062

domain specificity, and shows that performance063

degrades as tables grow and reasoning chains064

lengthen, even when the full table fits in context.065

Similar trends appear in long-context and tool-066

based reasoning studies (Chen et al., 2023; Fu et al.,067

2023). However, most benchmarks primarily vary068

these structural axes and report aggregate accuracy,069

offering limited insight into the semantic and op-070

erational reasoning models perform once relevant071

evidence is approximately available.072

A large body of prior work evaluates table and073

hybrid QA, including WikiTableQuestions (Pasu-074

pat and Liang, 2015), WikiSQL (Zhong et al.,075

2017), Spider (Yu et al., 2018), HybridQA (Chen076

et al., 2020b), OTT-QA (Chen et al., 2020a), TAT-077

QA (Zhu et al., 2021), and FeTaQA (Nan et al.,078

2022). While influential, these datasets are largely079

derived from clean, web-crawled sources, predomi-080

nantly Wikipedia and exhibit limited noise and reg-081

ular structure. As a result, strong performance can082

reflect annotation artifacts, distributional overlap,083

or schema regularities rather than robust reason-084

ing (Shaw et al., 2021).085

Recent findings further highlight this issue.086

LLMs often answer questions correctly even when087

the provided context is insufficient, with accuracy088

remaining surprisingly high despite missing evi-089

dence (Joren et al., 2025). Related work on faith-090

fulness shows that models rely on prior knowledge091

or spurious correlations when evidence is weak or092

ambiguous (Dziri et al., 2022). This suggests that093

benchmark accuracy alone can substantially overes-094

timate true reasoning ability, especially on datasets095

closely aligned with pretraining distributions.096

In contrast, real-world semi-structured tables dif-097

fer in ways that materially affect reasoning. Do-098

mains such as police First Information Reports099

(FIRs), consumer complaints, and clinical records100

are authored by diverse, non-expert writers; nar-101

ratives are often grammatically imperfect, incon-102

sistently structured, and semantically dense (Fin-103

layson et al., 2014). Critical evidence may be im-104

plicit or distributed across structured fields and nar-105

rative fragments. The complexity of real incidents,106

disputes, and diagnoses makes these tables a de-107

manding test of semantic understanding rather than108

pattern matching yet such complexity is largely ab- 109

sent from existing benchmarks. These observations 110

motivate a central question: 111

How well can current LLMs reason over 112

large, real-world semi-structured tables 113

that combine structured data and noisy, 114

unstructured text? 115

To address these gaps and answer this question, we 116

introduce HYTEK-P, a benchmark of real-world 117

semi-structured tables paired with expert-vetted 118

natural language questions. Questions are anno- 119

tated with five analytically grounded operation fam- 120

ilies i.e., aggregation, filtering, ranking, trend analy- 121

sis, and structured–unstructured co-occurrence i.e., 122

reflecting how analysts interrogate data in prac- 123

tice (Wang et al., 2020). Tables are consistently 124

large, operating in a fixed high-context regime that 125

enables focused analysis of reasoning failures un- 126

der realistic scale constraints. Because the data 127

originate from sensitive domains, HYTEK-P is 128

released in redacted form following enterprise pri- 129

vacy practices (Douglass et al., 2023), and includes 130

redacted–unredacted comparisons to study infor- 131

mation loss. Our main contributions are as follows: 132

• We introduce HYTEK-P, a benchmark of 133

expert-vetted questions over large, real-world 134

semi-structured tables, annotated with five an- 135

alytical operation families. 136

• We design the benchmark to operate in a fixed 137

high-context regime using noisy, real-world 138

data, enabling analysis beyond clean, web- 139

derived benchmarks. 140

• We provide a redacted benchmark and a diag- 141

nostic error taxonomy that isolates semantic, 142

filtering, and information-loss failures in LLM 143

reasoning. 144

2 Problem Definition and Task Setup 145

We study question answering over semi-structured 146

tables that combine structured attributes with un- 147

structured narrative text, while explicitly account- 148

ing for privacy-preserving transformations com- 149

monly applied in real-world settings. 150

Let T = (C,R) ∈ T denote a semi-structured 151

table, where C = {c1, . . . , cm} is a fixed set of 152

column definitions and R = {r1, . . . , rn} is a set 153

of rows. Each row contains structured field values 154

(e.g., timestamps, categorical attributes, numeric 155
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Figure 2: Q/A pair generation framework.

measurements) and at least one unstructured nar-156

rative field (e.g., incident descriptions or clinical157

notes). The table schema and column semantics158

are assumed to be known.159

To model privacy constraints, we assume that160

tables may undergo privacy-preserving transforma-161

tions. Let P : T → T denote a transformation162

operator that applies masking, deletion, or general-163

ization to sensitive fields while preserving the table164

structure, and let TP = P(T ) denote the resulting165

table.166

Let q ∈ Q be a natural-language question de-167

fined over the table. A question may require reason-168

ing over structured columns, unstructured text, or169

both, and may involve operations such as filtering,170

aggregation, comparison, ranking, or cross-field171

co-occurrence. Each question is associated with172

a ground-truth answer a ∈ A, where A includes173

scalar values, categorical labels, spans, or finite174

sets depending on the query type.175

The task is to compute an answer â from the176

privacy-transformed table and question, formalized177

as 178

â = f(TP , q), 179

where f : T × Q → A∪ {⊥} is a reasoning func- 180

tion and ⊥ denotes an unanswerable query given 181

the available information. Operationally, f must 182

identify a relevant subset of rowsRq ⊆ R, interpret 183

the necessary structured and unstructured fields, 184

and execute the reasoning operations required by q 185

to derive â. If the information in TP is insufficient, 186

the function must return ⊥. 187

This formulation captures hybrid table–text rea- 188

soning under privacy constraints, where informa- 189

tion loss introduced by redaction can directly affect 190

answerability and reasoning correctness. 191

3 Our HYTEK-P Dataset 192

3.1 HYTEK-P Collection 193

We construct a benchmark of large, real-world 194

semi-structured tables drawn from three privacy- 195

sensitive domains. Each domain naturally com- 196

bines structured attributes with rich unstructured 197

narratives, reflecting realistic deployment settings 198
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where reasoning must be performed under both199

scale and privacy constraints.200

First, we collect 322 First Information Reports201

(FIRs) (Anti-Corruption Bureau, Government of202

Haryana, 2024) from Indian police station websites203

in PDF form. These reports are processed using204

OCR, layout parsing, and field extraction to tabu-205

larize recurrent structured fields (e.g., FIR number,206

station, dates, sections of law, locations), while pre-207

serving the narrative description as a free-text col-208

umn. Because FIRs are released without redaction,209

Microsoft Presidio is used to systematically mask210

personally identifiable information (PII), while re-211

taining the structural presence of sensitive entities.212

Second, we sample 400 complaints from the213

U.S. Consumer Financial Protection Bureau’s pub-214

lic Consumer Complaint Database (Consumer Fi-215

nancial Protection Bureau, 2026). This dataset is216

already de-identified and released with structured217

metadata (product, issue, company, dates) and an218

associated complaint narrative. We adopt the pro-219

vided schema with minimal normalization.220

Third, we select 500 discharge summaries from221

the MIMIC-IV v3.1 note module (Johnson et al.,222

2023). These records consist of de-identified free-223

text clinical notes. We manually identify recur-224

ring clinical and administrative attributes to form225

structured columns and retain the remaining dis-226

charge summaries as unstructured narrative fields.227

Access to the MIMIC-IV dataset was obtained in228

accordance with PhysioNet’s data use agreement229

through an authorized collaborator.230

Across all three domains, the resulting tables are231

large, heterogeneous, and privacy-sensitive, with232

critical information distributed across structured233

fields and narrative text.234

3.2 QA Pair Construction235

After preprocessing, each domain yields a semi-236

structured table in which each report x ∈ X is237

represented as a tuple r(x) =
(
s(x), n(x)

)
, where238

s(x) denotes structured attributes and n(x) denotes239

the corresponding narrative.240

Structured and unstructured metadata. For241

each report x, we isolate the structured attributes242

s(x) into a structured slice mirroring native form243

fields. To handle the lexical variability of the nar-244

rative n(x), we proceed in two stages. First, we245

manually analyze approximately 50 reports per do-246

main to identify repeated, semantically stable nar-247

rative datapoints. Based on this analysis, we define248

K canonical narrative features fk : N → Vk, for 249

k = 1, . . . ,K, where each Vk is Boolean or drawn 250

from a small categorical space. 251

In the second stage, we use an information- 252

extraction assistant (Gemini 2.5 Flash) with a 253

fixed JSON schema (Appendix ??) to populate 254

these features automatically. The model is in- 255

structed to abstain when evidence is missing, 256

yielding a normalized unstructured slice u(x) = 257(
f1(n(x)), . . . , fK(n(x))

)
. These slices are used 258

only for question instantiation; evaluation models 259

operate solely on the original semi-structured ta- 260

bles. 261

Hybrid templates and SQL supervision. We 262

define a hybrid query as any question that depends 263

on at least one structured attribute and one narrative 264

feature. Let S index structured fields and F = 265

{1, . . . ,K} index narrative features. Each template 266

j is specified by the field sets Gstr
j ⊆ S and Gtxt

j ⊆ 267

F , with Gstr
j ̸= ∅ and Gtxt

j ̸= ∅, together with a 268

natural-language template ϕj and an SQL template 269

ψj . 270

For an instantiation with parameters θij drawn 271

from report xi, we obtain the concrete question 272

Qij = ϕj
(
s(xi), u(xi); θij

)
and an executable 273

query qsql
ij = ψj(θij), which is executed against 274

the full domain table to produce the gold answer 275

Aij . 276

In total, we design 261 template questions for 277

FIR, 220 for CFPB, and 189 for MIMIC. A repre- 278

sentative CFPB example is: 279

“Who is <structured.complainant> 280

and how much monetary value of 281

worth <unstructured_money_amount> 282

did they lose as reported in their com- 283

plaint?” 284

Ground-truth SQL queries are generated alongside 285

question instantiation. See Section A.1 for a con- 286

crete example. 287

3.3 HYTEK-P Statistics 288

Table 1 summarizes dataset characteristics across 289

domains, including question counts, operation- 290

family distributions, table structure, and answer 291

types. Questions are organized into five analytical 292

families i.e., aggregation, co-occurrence, trend, fil- 293

tering, and ranking, reflecting common analytical 294

workflows over semi-structured data. 295
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Datasets FIR MIMIC CFPB

Questions

# Questions 1571 1350 500
Avg Question Length 18.4 15.3 22.1

Categories (%)

Aggregation 25.5 25.0 20.2
Trend 15.8 16.3 18.2
Ranking 11.2 17.8 14.6
Co-occurrence 20.4 9.7 25.2
Filtering 27.1 31.2 21.8

Tables

# Structured Columns 27 23 18
# Unstructured Columns 4 1 6
Avg # Words of Unstruct. Text 630 813 1018

Answer Type (%)

Number 74.1 34.4 54.4
String 14.9 38.8 3.2
List 10.1 26.8 42.4

Table 1: Dataset statistics by domain.

3.4 HYTEK-P Validation296

Dataset quality is validated at the level of ques-297

tion templates. Three NLP researchers indepen-298

dently reviewed each template, examining instanti-299

ated questions, gold answers, and the source tables.300

Org Apr (%) Rew (%) Rem (%) Used

FIR 280 78.6 7.9 13.6 93.2
MIMIC 200 88.0 6.5 5.5 94.5
CFPB 250 73.2 14.8 12.0 88.0

Table 2: Question Template approval statistics
by domain. Here, Org=Original, Apr=Approved,
Rew=Reworked, Rem=Removed.

301

Annotator Pair Cohen’s κ Jaccard Coefficient

α1,2 0.93 0.93
α2,3 0.96 0.96
α3,1 0.94 0.94

Table 3: Inter-annotator agreement across annotator
pairs.

Reviewers assessed naturalness, answerability,302

and semantic or numerical correctness, allowing303

reworking or removal of unsupported templates.304

Inter-annotator agreement was measured using305

Cohen’s κ, confirming high consistency across re-306

viewers. Table 2 reports template approval statis-307

tics by domain, and Table 3 reports inter-annotator308

agreement.309

4 Experiments 310

Evaluation Setup. Each model is queried under 311

default parameters to retain consistency in outputs. 312

As the sheer size of the single table would exceed 313

past most model’s available context window, ta- 314

bles were randomly instantiated with 39-42 entries 315

from each domain to fit the context window. Care 316

was taken to also programatically ensure the in- 317

clusion of the necessary ground truth answers for 318

every question, providing a challenge to the mod- 319

els to reason over distractors. Each method was 320

then instructed to present the answers appropri- 321

ately for any given (eg, single String, JSON, single 322

phrase) which were then programatically extracted 323

and evaluated in order to keep consistency. 324

Models. To evaluate the efficacy of LLMs in 325

reasoning over hybrid structured–unstructured ta- 326

bles, we benchmark a mix of state-of-the-art long- 327

context models and strong open-weight baselines. 328

Concretely, we use Llama 3.3 70B (Grattafiori 329

et al., 2024), GPT-OSS 120B (OpenAI et al., 330

2025), Gemini 2.0 Flash (Team et al., 2025), and 331

Qwen 3 Next 80B (Yang et al., 2025). These mod- 332

els span both proprietary and open-source families 333

and all support context windows large enough to 334

accommodate our large-table setting. 335

Baselines. We organize our baselines into 336

three categories: (a) retrieval-augmented genera- 337

tion (RAG) pipelines over internal semi-structured 338

data, (b) direct tabular integration with prompting- 339

based information retrieval, and (c) hybrid tabular 340

reasoning methods that explicitly combine sym- 341

bolic and neural components. 342

(a) RAG baselines are engineered to retrieve 343

documents relevant to the question. We test on a 344

basic RAG pipeline and a RAG + Reranker retriever 345

the selects the 5 best tables. 346

(b) Prompting baselines. We first evaluate 347

prompting-only baselines that take the question and 348

its associated table as input. We consider five set- 349

tings: (i) zero-shot prompting (Brown et al., 2020), 350

where the model directly answers from the ques- 351

tion table pair; (ii) chain-of-thought (CoT) (Wei 352

et al., 2022) prompting, which encourages stepwise 353

natural-language reasoning; (iii) few-shot prompt- 354

ing (Brown et al., 2020), with two in-context hybrid 355

queries and gold answers; (iv) program-of-thought 356

(PoT) (Chen et al., 2022) prompting, where the 357

model writes and executes code; and (v) least-to- 358

most (LtM) prompting (Zhou et al., 2023), which 359

decomposes the query into simpler subproblems 360
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solved sequentially.361

(c) Hybrid tabular reasoning methods. We362

evaluate two hybrid table reasoning methods.363

WEAVER (Khoja et al., 2025) decomposes a query364

into a sequence of symbolic operations over tables,365

using an LLM to plan and a program executor to366

run the resulting workflow. BLENDSQL (Glenn367

et al., 2024) instead generates a single extended368

SQL-like query that can reference both schema369

columns and text-derived features, providing a uni-370

fied program that grounds answers in both rela-371

tional fields and narrative content.372

Evaluation Metric To effectively evaluate the373

predicted answers, we employ the usage of Re-374

laxed Exact Match. Instead of only giving credit375

when the predicted answer is exactly the same as376

the gold answer, we also give partial credit when377

it’s almost the same either by count or by token378

overlap. In addition to this, we also evaluate on379

using an LLM as a Judge. This is to cover answers380

that are semantically similar with the predicted an-381

swer. The model employed to perform is Gemini382

2.5 Flash (Comanici et al., 2025) whose prompt is383

kept deterministic, answering either ’Yes’ or ’No’384

to see whether the answers match up. The prompt385

used for this will can be seen in the appendix. Fi-386

nally, we employ the usage of both relaxed EM387

and and LLM as a Judge to assess the following, if388

the threshold of token overlap is above 0.8 and the389

LLM answer is yes, the overall answer is marked390

as matching the ground truth.391

5 Results and Analysis392

HYTEK-P poses a significant challenge: beyond393

hybrid structured, unstructured reasoning, mod-394

els must operate under realistic privacy constraints395

where critical evidence may be masked, general-396

ized, or removed. Our results show that perfor-397

mance degrades substantially from non-redacted398

to redacted settings, revealing systematic failures399

that persist even when tables fit within the model400

context window.401

5.1 Research Questions and Analysis402

RQ1: How effectively do current LLMs rea-403

son over large, real-world hybrid tables across404

domains? Table 4 shows that HYTEK-P poses405

a substantial challenge across all domains, with406

no model achieving consistently high performance.407

Even the strongest results remain well below satura-408

tion, particularly on FIR and MIMIC. For example,409

on FIR, the best-performing configuration (Qwen3- 410

next with Least-to-Most prompting) reaches only 411

73.2% on M3, while Gemini Flash 2.0 and GPT- 412

OSS remain below 70% under comparable settings. 413

Performance is notably lower on MIMIC, where 414

most prompting-based methods cluster around 45– 415

50% on M3, reflecting the complexity and linguis- 416

tic variability of clinical narratives. CFPB yields 417

relatively higher scores, yet even there, best results 418

(72.6% on M3 with Qwen3-next Least-to-Most) in- 419

dicate persistent reasoning difficulty. These results 420

demonstrate that hybrid reasoning over large, real- 421

world tables remains far from solved, even when 422

sufficient context is available. 423

RQ2: How do different reasoning paradigms 424

(prompting, table reasoning, retrieval) compare 425

in hybrid table–text QA? Across all datasets 426

and models, prompting-based methods consistently 427

outperform retrieval-based pipelines, while struc- 428

tured table reasoning methods occupy an interme- 429

diate position. Retrieval approaches (RAG and 430

RAG+Rerank) perform poorly across the board, 431

rarely exceeding 20% on M3 (e.g., 18.8% on FIR 432

and 6.0% on MIMIC with GPT-OSS), indicating 433

that document-level retrieval alone fails to capture 434

fine-grained table semantics. Prompting strategies 435

such as Least-to-Most and Few-shot consistently 436

achieve the strongest results; for instance, Least-to- 437

Most improves FIR M3 performance from 34.3% 438

(Zero-shot, Gemini Flash 2.0) to 73.2% (Qwen3- 439

next). Hybrid table reasoning methods (WEAVER 440

and BlendSQL) outperform retrieval but generally 441

trail the best prompting strategies, suggesting that 442

while explicit symbolic grounding helps, it does 443

not fully resolve the challenges posed by noisy un- 444

structured text and large table scale. 445

RQ3: How sensitive is hybrid reasoning perfor- 446

mance to domain characteristics and implicit 447

information loss? The performance gaps across 448

FIR, MIMIC, and CFPB highlight strong domain 449

sensitivity. FIR exhibits moderate performance 450

with high variance across methods, reflecting het- 451

erogeneous incident narratives and legal structure. 452

MIMIC consistently shows the lowest scores across 453

all paradigms; even the strongest method (Blend- 454

SQL with GPT-OSS) reaches only 71.8% on M3, 455

while most prompting methods remain near or be- 456

low 50%. This aligns with the dense, technical, and 457

often implicit nature of clinical text. CFPB, while 458

comparatively easier, still shows notable degrada- 459

tion under weaker prompting or retrieval strate- 460
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Dataset Category Method Models
Gemini Flash 2.0 Qwen3-next Llama 3.3 GPT-OSS
M1 M2 M3 M1 M2 M3 M1 M2 M3 M1 M2 M3

FIR

Prompting

CoT 48.5 63.6 68.5 44.4 46.8 56.4 40.2 48.9 57.5 39.9 48.4 54.1
PoT 42.8 21.1 48.6 56.4 40.8 62.3 39.8 19.3 47.5 21.0 17.0 30.8
Least-to-Most 24.0 16.8 30.8 61.6 60.6 73.2 43.2 47.2 56.8 39.6 45.6 51.6
Zero-shot 15.3 30.3 34.3 9.4 18.4 21.9 17.5 23.9 31.4 16.6 24.4 28.9
Few-shot 47.4 61.7 66.4 43.4 54.4 60.5 41.1 48.8 56.6 39.5 48.7 53.3

Tab Res WEAVER 31.7 27.2 39.6 40.5 46.5 53.1 29.0 30.2 39.1 35.2 42.4 46.2
BlendSQL 32.6 45.6 54.1 18.2 20.9 28.2 25.3 32.8 43.5 31.3 44.9 52.7

Retrieval RAG 11.3 11.9 20.0 9.0 13.6 18.0 12.1 8.4 15.9 9.9 14.6 18.8
RAG + Rerank 12.4 11.0 19.7 8.8 12.8 17.9 11.3 7.8 15.6 8.5 12.5 16.8

MIMIC

Prompting

CoT 21.7 46.0 46.0 25.0 49.4 49.4 24.2 48.6 48.6 25.8 48.6 48.6
PoT 15.7 37.0 37.0 19.9 39.8 39.8 21.7 44.4 44.6 19.4 42.2 42.2
Least-to-Most 41.6 51.9 57.8 41.5 50.9 56.8 38.7 49.7 51.2 35.8 47.7 50.2
Zero-shot 21.3 45.7 45.4 35.3 52.8 56.8 23.8 49.2 48.6 23.6 49.4 48.8
Few-shot 20.5 46.2 46.2 23.5 51.2 51.4 23.7 49.0 49.0 23.6 49.8 49.8

Tab Res WEAVER 18.3 43.6 43.6 22.7 47.4 47.4 20.4 45.4 45.6 24.5 50.2 50.2
BlendSQL 31.7 65.1 65.1 31.7 66.0 66.0 32.2 65.4 65.4 36.1 71.8 71.8

Retrieval RAG 8.4 1.0 6.2 2.4 5.6 6.0 3.0 2.0 3.4 3.8 5.8 6.0
RAG + Rerank 7.6 1.8 5.4 3.4 6.6 7.6 3.0 2.6 4.2 3.7 5.0 5.6

CFPB

Prompting

CoT 53.4 53.5 66.2 52.0 55.4 68.0 49.0 47.4 57.1 39.2 46.4 54.2
PoT 39.2 45.4 50.4 35.2 41.1 47.6 30.9 36.4 41.8 37.8 42.9 50.1
Least-to-Most 66.0 51.3 72.1 66.3 52.5 72.6 53.9 41.1 58.6 43.1 46.0 55.2
Zero-shot 52.7 53.1 64.3 54.1 51.0 65.0 52.3 44.3 59.7 40.5 47.3 56.1
Few-shot 47.3 51.9 62.8 39.5 44.6 54.9 47.3 50.1 58.1 41.2 49.2 57.2

Tab Res WEAVER 42.7 45.1 52.7 28.3 20.0 32.2 35.9 40.0 47.0 43.5 53.5 59.6
BlendSQL 39.7 41.1 49.4 40.7 36.4 48.9 32.9 35.8 43.2 44.8 57.2 63.5

Retrieval RAG 16.8 6.8 17.5 15.9 7.2 16.2 16.2 6.4 17.0 15.3 7.0 16.5
RAG + Rerank 15.4 6.4 16.0 14.5 6.0 13.7 14.3 5.2 13.7 14.5 6.8 15.5

Table 4: Results on HYTEK-P. M1 = Relaxed Exact Match, M2 = LLM-as-Judge, M3 = Combined evaluation of
REM and LLM-as-Judge. All values are percentages. Tab Res represents Tabular Reasoning methods.

Category Method
Models

Gemini 2.0 Flash Llama 3.3 70B
M1/(∆) M2/(∆) M3/(∆) M1/(∆) M2/(∆) M3/(∆)

Prompting

CoT 48.6 (+0.1) 54.6 (-9.0) 63.6 (-4.9) 42.9 (+2.7) 43.6 (-5.3) 54.7 (-2.8)
PoT 55.3 (+12.5) 35.8 (+14.7) 61.4 (+12.8) 38.0 (-1.8) 35.8 (+16.5) 48.0 (+0.5)
Least-to-Most 55.4 (+31.4) 56.1 (+39.3) 68.4 (+37.6) 46.4 (+3.2) 40.9 (-6.3) 55.0 (-1.8)
Zero-shot 42.2 (+26.9) 54.0 (+23.7) 61.8 (+27.5) 43.5 (+26.0) 47.3 (+23.4) 57.4 (+26.0)
Few-shot 44.2 (-3.2) 53.5 (-8.2) 61.1 (-5.3) 42.4 (+1.3) 43.8 (-5.1) 54.3 (-2.3)

Tab Res WEAVER 35.5 (+3.8) 26.7 (-0.5) 45.6 (+6.0) 32.8 (+3.8) 33.9 (+3.7) 43.0 (+3.9)
BlendSQL 50.1 (+17.5) 50.6 (+5.0) 61.0 (+6.9) 43.5 (+18.2) 38.2 (+5.4) 51.8 (+8.3)

Retrieval RAG 7.5 (-3.8) 10.7 (-1.2) 15.4 (-4.6) 9.6 (-2.5) 8.5 (+0.1) 14.7 (-1.2)
RAG + Rerank 7.9 (-4.5) 11.5 (+0.5) 16.2 (-3.5) 9.2 (-2.1) 8.3 (+0.5) 14.3 (-1.3)

Table 5: Ablation on FIR: performance on unredacted data with change when moving to redacted HYTEK-P. Each
cell is unredacted score with (redacted − unredacted) in parentheses, both in percentage points.Tab Res represents
Tabular Reasoning methods.

gies. Importantly, the uniformly low retrieval per-461

formance and the large gaps between M1, M2,462

and M3 across domains suggest that hybrid rea-463

soning is highly sensitive to partial evidence and464

implicit information loss, conditions that closely465

mirror privacy-driven redaction scenarios explored466

elsewhere in the paper.467

RQ4: How does privacy-driven redaction af-468

fect hybrid reasoning performance, and where469

do models gain or lose the most? Table 5 re-470

veals that the impact of redaction is highly method- 471

and metric-dependent, with both substantial gains 472

and degradations observed. For Gemini Flash 2.0, 473

several prompting strategies exhibit large positive 474

deltas when moving from unredacted to redacted 475

data, particularly under Least-to-Most prompting, 476

which improves by +31.4 on M1, +39.3 on M2, 477

and +37.6 on M3. Similar gains are observed 478

for Zero-shot prompting, with increases exceed- 479

ing +25 points across all metrics. These gains sug- 480

gest that redaction can act as an implicit regular- 481

7



izer, removing spurious lexical cues and encour-482

aging models to rely more heavily on structural483

and contextual signals. In contrast, some meth-484

ods experience consistent performance drops, such485

as Few-shot prompting for Gemini Flash 2.0 (e.g.,486

−8.2 on M2), indicating that exemplar-based rea-487

soning may depend on surface-level entity continu-488

ity that is disrupted by redaction. Overall, the deltas489

demonstrate that redaction does not uniformly de-490

grade performance; instead, it selectively amplifies491

or suppresses reasoning capabilities depending on492

how models utilize textual evidence.493

RQ5: Why do certain reasoning paradigms de-494

grade under redaction while others improve,495

and what does this reveal about their reliance496

on textual cues? The contrasting delta pat-497

terns across prompting, table reasoning, and re-498

trieval methods point to fundamental differences499

in how these paradigms exploit unstructured text.500

Retrieval-based methods consistently degrade un-501

der redaction for both models (e.g., RAG shows502

−4.6 on M3 for Gemini Flash 2.0 and −1.2 for503

Llama 3.3), reflecting their reliance on lexical over-504

lap and entity-specific retrieval cues that are di-505

rectly affected by masking and generalization. In506

contrast, table reasoning methods such as Blend-507

SQL remain comparatively robust and even im-508

prove under redaction (e.g., +17.5 on M1 and509

+6.9 on M3 for Gemini Flash 2.0), suggesting510

that explicit structural grounding mitigates infor-511

mation loss. Prompting-based methods exhibit the512

widest variance: while Least-to-Most and Zero-513

shot prompting benefit substantially from redac-514

tion, CoT and Few-shot prompting show mixed or515

negative deltas, especially on M2, indicating sen-516

sitivity to disrupted narrative flow. These findings517

imply that performance drops are not merely due to518

information removal, but arise when methods im-519

plicitly depend on fragile surface cues rather than520

compositional or structural reasoning.521

6 Related Works522

Prior work on tabular and hybrid QA largely fo-523

cuses on clean, web-derived tables, especially from524

Wikipedia. Benchmarks such as WikiTableQues-525

tions (Pasupat and Liang, 2015), WikiSQL (Zhong526

et al., 2017), and Spider (Yu et al., 2018) target527

neural semantic parsing and text-to-SQL, while Hy-528

bridQA (Chen et al., 2020b), OTT-QA (Chen et al.,529

2020a), TAT-QA (Zhu et al., 2021), and FeTaQA530

(Nan et al., 2022) extend this to joint reasoning over531

tables and text. However, these datasets typically 532

exhibit regular schemas and low noise, so strong 533

performance may exploit annotation artifacts or 534

distributional overlap rather than robust reasoning 535

(Shaw et al., 2021). 536

More recent work examines LLMs under long- 537

context and tool-based reasoning settings. RUST- 538

BENCH (Abhyankar et al., 2025a) shows that per- 539

formance degrades as tables grow, domains be- 540

come more heterogeneous, and reasoning chains 541

lengthen, with similar trends observed in long- 542

context and tool-augmented studies (Chen et al., 543

2023; Fu et al., 2023). These benchmarks mainly 544

vary structural factors (scale, multi-hop depth, con- 545

text length) and report aggregate accuracy, offering 546

limited insight into the specific semantic and opera- 547

tional skills models exhibit once relevant evidence 548

is retrieved. In contrast, our work explicitly targets 549

this latter regime, analyzing fine-grained tabular op- 550

erations over noisy, domain-specific tables where 551

the key evidence is already approximately avail- 552

able. 553

7 Conclusion 554

We presented HYTEK-P, a benchmark for evaluat- 555

ing hybrid text–knowledge reasoning over large, 556

real-world semi-structured tables under privacy 557

constraints. By grounding the benchmark in 558

three high-impact domains—consumer finance, 559

healthcare, and law enforcement—and systemati- 560

cally comparing redacted and unredacted settings, 561

HYTEK-P exposes failure modes that are largely in- 562

visible in existing clean, web-derived benchmarks. 563

Our results show that even state-of-the-art LLMs 564

struggle to reliably combine structured and unstruc- 565

tured evidence at scale, and that privacy-driven 566

redaction can both degrade and, in some cases, un- 567

expectedly reshape model reasoning behavior. The 568

fine-grained analyses across reasoning paradigms 569

and metrics highlight that performance gaps stem 570

not only from context length or retrieval, but from 571

deeper limitations in compositional and robust rea- 572

soning. We hope HYTEK-P serves as a rigorous 573

testbed for developing models and methods that 574

reason more reliably over real-world data, where 575

noise, heterogeneity, and privacy are intrinsic rather 576

than exceptional. 577

Limitations 578

This paper explores dimensions of privacy related 579

performance of various methods with LLMs, and 580

8



it explores a study on performance with redacted581

data vs unredacted data with the FIRs. However, a582

more thorough study on the effectiveness of redac-583

tion on reasoning could be done to draw clear584

links in failure points, especially with the other585

datasets explored here like CFPB and MIMIC. Fur-586

thermore, while the question generation pipeline587

was thoroughly reviewed, gaps could exist in the588

flags derived that might have been missed in the589

review phase. Furthermore, the benchmark pri-590

marily targets five analytic operation types and591

mostly numeric or short categorical answers. It592

does not evaluate more open-ended tasks such as593

explanation, justification, or long-form summariza-594

tion over hybrid data. More experiments could also595

be performed with other prominent tabular reason-596

ing methods such as (Abhyankar et al., 2025b) and597

(Cheng et al., 2023). Similarly, an exploration of598

large reasoning models on our dataset, who demon-599

strate the capability of understanding semantics600

more thoroughly, could have been done to com-601

plement the baselines we have experimented on.602

In future works, we will explore these dimensions603

to our dataset and construct a potential method604

to enhance reasoning over redacted data. While605

HyTEK-P questions are annotated with high-level606

analytical operation families (aggregation, trend,607

ranking, co-occurrence, filtering; see Table 1), in608

the main paper we focus our analysis on the pri-609

mary axes of interest for this benchmark: domain610

(FIR, MIMIC, CFPB), privacy setting (unredacted611

vs. redacted), and reasoning paradigm (prompting,612

hybrid table reasoning, retrieval). Reporting full613

results broken down by operation family would re-614

quire slicing over 3 domains × 2 privacy conditions615

× 3 metrics × 10+ methods × 5 operation families,616

yielding hundreds of additional numbers and fig-617

ures. In our experience this level of granularity618

makes the main narrative much harder to follow,619

without changing the high-level conclusions we620

draw about the impact of redaction and model de-621

sign. We therefore present aggregated results in622

the paper, and leave fine-grained operation-family623

analyses to future work and downstream users of624

the benchmark.625

8 Ethics Statement626

HYTEK-P is released as a diagnostic research627

benchmark intended to improve the safety, robust-628

ness, and accountability of hybrid text–knowledge629

reasoning systems operating on real-world data.630

All datasets used in this work are derived from 631

publicly available, de-identified, or appropriately 632

licensed sources, including government-released 633

FIR records, the CFPB Consumer Complaint 634

Database, and the MIMIC-IV clinical dataset ac- 635

cessed under PhysioNet’s data use agreement. Any 636

personally identifiable information (PII) present 637

in the original sources was systematically han- 638

dled using established de-identification or redac- 639

tion pipelines, and no new personal identifiers were 640

introduced at any stage of dataset construction. 641

The redacted and unredacted settings are explic- 642

itly treated as evaluation conditions rather than 643

deployment recommendations, and we emphasize 644

that strong benchmark performance should not be 645

interpreted as certification for real-world use in 646

high-stakes legal, financial, or medical settings. 647

The benchmark will be released under a 648

**research-only, non-commercial license**, with 649

access conditioned on agreement to ethical usage 650

terms that prohibit adversarial training, generation 651

of synthetic sensitive records, or deployment with- 652

out qualified human oversight. Release materials 653

will include a comprehensive **datasheet** docu- 654

menting data sources, preprocessing steps, redac- 655

tion procedures, annotation protocols, known bi- 656

ases, and limitations, as well as detailed instruc- 657

tions for reproducing all experiments reported in 658

the paper. We commit to releasing all evaluation 659

code, prompts, and templates necessary for full 660

reproducibility, while excluding any raw sensitive 661

content beyond what is already de-identified or 662

redacted. Clear usage guidelines will accompany 663

the dataset to discourage misuse and to reinforce 664

that HYTEK-P is designed for capability assess- 665

ment and failure analysis, not as a training corpus 666

or decision-support system. 667

We acknowledge that the benchmark reflects the 668

institutional, geographic, and linguistic character- 669

istics of its source domains, and may therefore 670

inherit biases present in those data. These limi- 671

tations are documented transparently, and we en- 672

courage future extensions that broaden coverage 673

across jurisdictions, languages, and populations. 674

Human validation of question templates and an- 675

notations was conducted on a voluntary basis by 676

domain-informed researchers to ensure semantic 677

correctness and realism, without exposure to sen- 678

sitive personal identifiers. Large language models 679

were used only in a limited, controlled manner for 680

assistance with data normalization, question instan- 681

tiation, and manuscript editing. Overall, HYTEK-P 682
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is intended to support responsible AI research by683

making privacy-sensitive failure modes visible and684

by promoting more cautious, transparent evaluation685

of hybrid reasoning systems in real-world settings.686

In the future, we plan to also further explore these687

dimensions at a granular level.688
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A Appendix874

A.1 MIMIC Question Instantiation875

Example (MIMIC). A representative MIMIC876

template combines a structured age field with a877

binary narrative feature indicating hyperglycemia:878

Template (NL). “Among adult pa-879

tients aged between {age_min} and880

{age_max} years, how many had hyper-881

glycemia documented in the pertinent re-882

sults during the hospitalization?”883

SQL template.884

SELECT COUNT(DISTINCT "structured.subject_id") AS gold885
FROM discharge_summaries886
WHERE "structured.anchor_age" >= {age_min}887
AND "structured.anchor_age" <= {age_max}888
AND "unstructured.pr.hyperglycemia_present" = TRUE;889

For the instantiation with age_min = 18 and890

age_max = 39, we obtain the concrete question:891

“Among adult patients aged between 18892

and 39 years, how many had hyper-893

glycemia documented in the pertinent re-894

sults during the hospitalization?”895

The corresponding instantiated SQL (with896

{age_min} and {age_max} replaced by 18 and 39)897

returns a gold answer of 33.898

For the instantiation with age_min = 18 and899

age_max = 39, we obtain the concrete question:900

“Among adult patients aged between 18901

and 39 years, how many had hyper-902

glycemia documented in the pertinent re-903

sults during the hospitalization?”904

and the corresponding instantiated SQL (with905

{age_min} and {age_max} replaced by 18 and 39),906

which returns a gold answer of 33.907

A.2 Prompts Used908

Below we have mentioned and listed down all the909

prompts that we have used for experimentation and910

dataset creation.911

Chain-of-Thought System Prompt

You are a data analysis assistant for
tabular <domain> data.
You will be given a table of <domain> and
a question about that table.
Each row is one FIR and the first row
contains column names.
{COLUMN_DEFINITIONS}
The main narrative field is <unstructured
narrative>. Some fields are unstructured
text and some tokens are redacted like
<PERSON_000001>; treat them as opaque
strings.
Your task:
Think through the steps and think carefully.
Display the final answer in a simple one
word or phrase format

912
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Few-Shot System Prompt

You are a data analysis assistant that
learns from examples.
You will be given several examples
consisting of:

• a small table of <domain records>

• a natural language question about that
table,

• the correct answer.

Then you will get a new table and question.
Answer it in the same style.
Each row is one <domain report> and the
first row contains column names.
{COLUMN_DEFINITIONS}
The main narrative field is <unstructured
narrative>. Other columns provide
structured metadata such as station, date,
year, sections, and parties involved.
Your task on the NEW question:

1. Read and interpret the table and
question.

2. Identify which rows and fields are
relevant, using both the narrative and
structured columns.

3. Produce a concise answer in the format
the question requires. This is seen in
the question

4. If the question cannot be answered
from the table, reply with NONE or
[] as appropriate.

5. Unless the question requires it, do
not include the narrative. Only
include the relevant answers for every
question noted in answers.

Here is one examples:
Example 1
Table (with header row):
row_id,police_station,StatementOfComplaint
1,BEHAL,"The complainant reports that his
daughter left home in the evening to go to
the market and did not return. The family
searched the village and bus stand but she
is still missing. The complainant suspects
that an unknown person has kidnapped her."
2,BEHAL,"The complainant reports that he
slipped from his bicycle on the road and
injured his leg. He was taken to the
government hospital for treatment. No
person is missing or unaccounted for in
this incident."
Question:
How many FIRs registered at Behal police
station involve a missing person case?
Answer:
"1"

913

Least-to-Most System Prompt

You are a data analysis assistant for
tabular FIR data.
You will be given a table of <domain> and
a question about that table.
Each row is one FIR and the first row
contains column names.
{COLUMN_DEFINITIONS}
The main narrative field is <unstructured
narrative> Use it as the primary source
of information about the incident, and use
other columns when the question refers to
them.
Use least-to-most reasoning for each
question:

1. Under Decomposition: break the
question into a numbered list
of simpler sub-questions (e.g.,
identifying relevant filters, fields,
and computations).

2. Under Solving: answer each
sub-question in order, referring
to rows or row_ids and the relevant
columns.

3. Under Final answer: output a single
concise answer in the format the
question requires (e.g., an integer,
a specific value, a list of row_ids,
or a short text).

• If the question truly cannot be
answered from the table, use
Final answer: NONE or Final
answer: [].

• Unless the question requires it,
do not include the narrative.
Only include the relevant answers
for every question noted in
answers.

Your output MUST follow this structure
exactly:
Decomposition:
1. ...
2. ...
...
Solving:
1. ...
2. ...
...
Final answer: <your final answer>

914
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Program-of-Thought System Prompt

You are an expert at translating questions
about <domain> tables into small Python
programs.
The data is stored in a conceptual table
called temp. Column names match the header
row.
{COLUMN_DEFINITIONS}
Most questions require:

• Reading and interpreting the narrative
field.

• Returning whatever value the question
asks for

For each question, write a short Python
3 program that returns the information
requested.
Example:
row_id,police_station,
StatementOfComplaint_pseudo
1,BEHAL,"The complainant reports that his
daughter left home in the evening to go to
the market and did not return. The family
searched the village and bus stand but she
is still missing. The complainant suspects
that an unknown person has kidnapped her."
Question:
How many FIRs registered at Behal police
station involve a missing person case?
Correct Python program of thought:
row = [(1, BEHAL)] print(row)

915

FIR Information Extraction Prompt

You are an information extraction assistant.
Your task: Read the FIR / CFPB complaint /
MIMIC narrative given to you as input and ex-
tract structured information into a single JSON
object that follows the schema and data types
defined below.
GENERAL INSTRUCTIONS
- Output MUST be valid JSON. - Output ONLY
the JSON object (no explanations or extra text).
- Use exactly the field names and structure spec-
ified below. - Do not add new fields or rename
any fields. - If a data point is not mentioned or
cannot be inferred with reasonable certainty, set
it to: - null for scalar fields (string, number), false
for boolean flags (unless the narrative clearly im-
plies true), [] for lists/arrays. Do not hallucinate
or guess values that are not grounded in the text.
—–[JSON SCHEMA PROGRAMATICALLY
INSERTED HERE]—–

916

LLM-As-A-Judge Prompt

You are an LLM-as-a-judge evaluating
answers to questions.
You will receive a: "id": A string table
identifier for the row (for example:
"pmet1", "pmet2"). "question": The
question asked. "gold answer": The ground
truth. "candidates": A dictionary of
model answers to evaluate. The keys are
model names such as "gemini_answer",
"llama_answer", "gptoss_answer", and
"qwen_answer".
Your task: For EACH candidate in EACH
case, decide if it is very close to
GOLD_ANSWER. However, please be lenient.
If the answers are not super close, try to
see if they are partially correct.
Criteria for "yes": Counts perfectly
match or are off by a margin of 5%
Candidate includes most gold info for IDs
if requested. For example, if the gold is
[283, 285] and the predicted answer is
[1,2,283], say "yes" since it’s partially
correct. Same top-ranked entities for
"highest/top" questions or entities in
order. Gold is null/empty/zero and
Candidate says "NONE", "no answer", []
empty brackets, 0 or anything where the
gold answer has nothing and the predicted
answers gravitate towards that. Incidents
or strings make sense semantically, e.g.
"Blunt force trauma", "deep head injury".
JSONs perfectly match
Criteria for "no": IDs or dates contradict
the gold completely. Answer is irrelevant
or hallucinated especially when a gold
label is empty. Answer does not make
semantic sense to the question being
asked. Discrepancies between counts is
too high.

917

A.3 Model hyper-parameters 918

In order to keep experimental outputs consistent, 919

every model was tested under the following con- 920

ditions: the maximum output token of 8192 was 921

given for each model to complete their reasoning 922

chains and fairly assess their outputs without trun- 923

cation. Temperatures were kept deterministic, set at 924

the value of 0.1 across the four models used, with a 925

top p of 0.95. For LLM as a judge, we used Gemini 926

2.5 Flash and kept the prompt utilized consistent 927

for every method’s results. 928

A.4 Annotation and Validation Guidelines 929

This appendix describes the annotation protocol 930

used to validate question templates, instantiated 931

QA pairs, and gold answers in HYTEK-P. The ob- 932

jective of annotation is to ensure that all questions 933

are natural, answerable from the table content, and 934

supported by correct structured and unstructured 935

evidence, while respecting privacy constraints. 936
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Annotator roles and qualifications. Annota-937

tions were performed by NLP researchers with938

prior experience in dataset validation and famil-939

iarity with semi-structured data. Domain-specific940

context (legal, clinical, and consumer finance) was941

provided through short primers. All participation942

was voluntary, and annotators were instructed to943

treat the benchmark as an evaluation artifact rather944

than a decision-support resource. The annotators945

worked on a voluntary basis seeing the good cause946

of the paper.947

Annotation inputs. For each template and its in-948

stantiated examples, annotators were shown: (i) the949

full semi-structured table, (ii) the natural-language950

question, (iii) the instantiated parameters, (iv) the951

corresponding SQL query, and (v) the gold answer952

produced by executing the query on the table.953

Annotation procedure. For each instantiated954

QA pair, annotators followed a fixed sequence:955

1. Assess whether the question is natural and956

reflects a realistic analytical intent.957

2. Verify that sufficient evidence exists in the958

table (structured fields, narrative text, or both)959

to support an answer.960

3. Check that the SQL query correctly retrieves961

the gold answer from the table.962

Each instance was assigned one of three labels:963

Approve (question and answer fully supported),964

Rework (minor fixes needed, e.g., SQL or word-965

ing), or Remove (unsupported, ambiguous, or un-966

realistic).967

Quality control and agreement. A subset of968

templates and instances was independently re-969

viewed by multiple annotators to measure inter-970

annotator agreement. Cohen’s κ was used for cate-971

gorical decisions, and disagreements were resolved972

through adjudication. Systematic issues identified973

during review triggered template-level revisions.974

Privacy handling. Annotators worked exclu-975

sively with de-identified or redacted data unless976

explicitly authorized. Any instance suspected of977

containing residual personally identifiable informa-978

tion was flagged and excluded until re-redaction979

was performed. Annotators were prohibited from980

attempting re-identification or inference of masked981

entities.982

Deliverables. For each annotated item, anno- 983

tators provided: (i) the final label (Approve/Re- 984

work/Remove), (ii) a brief justification for Rework 985

or Remove decisions, and (iii) suggested correc- 986

tions where applicable. All decisions were logged 987

with timestamps for auditability. 988

Reproducibility. The dataset release includes the 989

annotation rubric, validation scripts, inter-annotator 990

agreement statistics, and documentation describing 991

the full annotation workflow. These materials en- 992

able independent reproduction and extension of the 993

benchmark while maintaining ethical and privacy 994

safeguards. 995
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