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Abstract001

Query-focused table summarization requires002
generating natural language summaries of tabu-003
lar data conditioned on a user query, enabling004
users to access insights beyond fact retrieval.005
Existing approaches face key limitations: table-006
to-text models require costly fine-tuning and007
struggle with complex reasoning, prompt-based008
LLM methods suffer from token-limit and ef-009
ficiency issues while exposing sensitive data,010
and prior agentic pipelines often rely on de-011
composition, planning, or manual templates012
that lack robustness and scalability. To miti-013
gate these issues, we introduce an agentic work-014
flow, FACTS, a Fast, Accurate, and Privacy-015
Compliant Table Summarization approach via016
Offline Template Generation. FACTS produces017
offline templates, consisting of SQL queries and018
Jinja2 templates, which can be rendered into019
natural language summaries and are reusable020
across multiple tables sharing the same schema.021
It enables fast summarization through reusable022
offline templates, accurate outputs with exe-023
cutable SQL queries, and privacy compliance024
by sending only table schemas to LLMs. Eval-025
uations on widely-used benchmarks show that026
FACTS consistently outperforms baselines, es-027
tablishing it as a practical solution for real-028
world query-focused table summarization.029

1 Introduction030

Query-focused table summarization requires gen-031

erating natural language summaries of tabular data032

conditioned on a user query, enabling users to ac-033

cess insights that go beyond fact retrieval (Zhao034

et al., 2023). Unlike generic table summariza-035

tion (Lebret et al., 2016; Moosavi et al., 2021),036

which aims to capture all salient table content,037

query-focused summarization adapts to diverse038

user intents. Compared with table question answer-039

ing (Pasupat and Liang, 2015; Nan et al., 2022),040

which typically returns short factoid answers,041

query-focused summarization demands richer rea-042

soning and explanatory narratives. This distinction043

is especially critical in real-world domains such as 044

finance, healthcare, and law, where professionals 045

rely on customized summaries for decision-making. 046

For instance, in a financial institution, analysts may 047

request gross income summaries, one for each year 048

over the past ten years, providing a user query as 049

in Figure 1 (top left). 050

We argue that a practical solution must handle 051

large datasets efficiently, support reusability, en- 052

sure correctness of outputs, and protect sensitive 053

information. These four properties are essential 054

for query-focused table summarization methods in 055

practice. First, the method must be fast, enabling 056

reusability across tables with the same schema and 057

scalability to very large tables without passing all 058

rows to language models. Second, it must be ac- 059

curate, grounding summaries in executable opera- 060

tions rather than free-form text generation. Third, it 061

must be privacy-compliant, since regulations such 062

as HIPAA and GDPR prohibit exposing individual- 063

level records to external LLM services. 064

Yet existing approaches fall short. Table-to- 065

text models (Liu et al., 2022b; Zhao et al., 2022; 066

Jiang et al., 2022) require costly fine-tuning and 067

still struggle with numerical reasoning and logi- 068

cal fidelity. Prompt-based methods (Zhao et al., 069

2023; Zhang et al., 2024) directly query powerful 070

LLMs but suffer from token-limit and efficiency 071

issues while exposing sensitive data from the ta- 072

bles. Prevalent agentic frameworks (Cheng et al., 073

2023; Ye et al., 2023; Zhao et al., 2024; Zhang 074

et al., 2025) mitigate some challenges by ground- 075

ing outputs in SQL or Python execution, but most 076

rely on decomposition, natural language planning, 077

or manual template design, which lack robustness 078

and scalability. Returning to our previous example, 079

an approach such as DirectSumm would require 080

ten separate LLM generations for ten yearly tables, 081

with all values revealed to the model, leading to 082

inefficiency and privacy risks, as illustrated in Fig- 083

ure 1 (left). 084
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Figure 1: Comparison between DirectSumm (Zhang et al., 2024) (left) and our proposed FACTS framework (right).
DirectSumm prompts a large language model (LLM) with the full table and query, which may produce hallucinated
values, exposes all table records to external services, and requires regeneration for each new table even under the
same schema and query. In contrast, FACTS generates a reusable offline template consisting of schema-aware SQL
queries and a Jinja2 template. The SQL queries retrieve precise values through execution, while the Jinja2 template
renders natural language summaries, ensuring accuracy, reusability, scalability, and privacy compliance.

To address these challenges, we introduce085

FACTS, a Fast, Accurate, and Privacy-Compliant086

Table Summarization approach via Offline Tem-087

plate Generation. FACTS employs an agentic088

workflow with three stages. First, it generates089

schema-aware guided questions and filtering rules090

to clarify user query intent. Second, it synthesizes091

SQL queries to extract relevant information from092

tables. Third, it produces a Jinja2 template to ren-093

der SQL outputs into natural language. Crucially,094

FACTS integrates an LLM Council, an ensemble of095

LLMs iteratively validating and refining outputs at096

each stage. This feedback loop ensures correctness,097

consistency, and usability of the generated artifacts.098

The final product, an offline template composed of099

SQL queries and a Jinja2 template, can be reused100

across any tables with the same schema for a given101

query. Returning to our example, an offline tem-102

plate produced by FACTS can summarize gross103

income across ten yearly tables, avoiding repeated104

LLM calls while ensuring accurate and privacy-105

compliant outputs (Figure 1 (right)). To the best of106

our knowledge, FACTS introduces the first agentic107

framework that automates offline template gener-108

ation for query-focused table summarization. We109

evaluate FACTS on three public benchmarks: Fe-110

TaQA (Nan et al., 2022), QTSumm (Zhao et al.,111

2023), and QFMTS (Zhang et al., 2024). Experi-112

mental results show that FACTS consistently out-113

performs representative baselines, demonstrating114

its practicality for real-world query-focused table115

summarization. 116

In summary, our contributions are as follows: (1) 117

We propose offline template generation, which pro- 118

duces reusable and schema-specific templates in a 119

privacy-compliant manner, enabling scalability to 120

large tables and efficiency across recurring queries. 121

(2) We design FACTS, an agentic workflow that in- 122

tegrates guided question generation, SQL synthesis, 123

and Jinja2 rendering, supported by iterative feed- 124

back loops to ensure correctness. (3) We demon- 125

strate the practicality of FACTS through compre- 126

hensive experiments on FeTaQA, QTSumm, and 127

QFMTS, showing promising improvements over 128

representative baselines. 129

2 Related Work 130

This section reviews prior work related to our study. 131

We first situate query-focused table summarization 132

within the broader landscape of table summariza- 133

tion and question answering. We then survey ex- 134

isting approaches and compare these paradigms 135

against our proposed framework. 136

Query-Focused Table Summarization. Re- 137

search on table-to-text generation has primarily 138

aimed at transforming structured tables into natural 139

language statements or summaries (Parikh et al., 140

2020; Chen et al., 2020; Cheng et al., 2022b; Le- 141

bret et al., 2016; Moosavi et al., 2021; Suadaa 142

et al., 2021). These works typically target either 143

single-sentence descriptions or domain-specific 144
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summaries, with the main goal of improving flu-145

ency and factual consistency. However, such out-146

puts are not tailored to a user’s specific information147

needs. In contrast, table question answering (Pasu-148

pat and Liang, 2015; Iyyer et al., 2017; Nan et al.,149

2022) has focused on answering precise fact-based150

queries, usually returning short values or entities.151

While table question answering captures query in-152

tent, it lacks the ability to provide longer-form153

reasoning or explanatory summaries. To address154

this gap, Zhao et al. (2023) introduced the task of155

query-focused table summarization, where a model156

generates a narrative-style summary conditioned157

on both the table and a user query. Compared to158

generic table summarization, query-focused table159

summarization explicitly accounts for diverse user160

intents, and compared to table question answer-161

ing, it produces extended summaries rather than162

minimal answers.163

Existing Approaches. Existing work can be164

broadly grouped into three categories. (1) Table-to-165

text models adapt language models to better capture166

table structure and reasoning. TAPEX (Liu et al.,167

2022b) extends BART with large-scale synthetic168

SQL execution data, improving compositional rea-169

soning. ReasTAP (Zhao et al., 2022) follows a sim-170

ilar idea but uses synthetic QA corpora to enhance171

logical understanding. OmniTab (Jiang et al., 2022)172

combines both natural and synthetic QA signals for173

more robust pretraining. FORTAP (Cheng et al.,174

2022a) leverages spreadsheet formulas as supervi-175

sion to strengthen numerical reasoning. PLOG (Liu176

et al., 2022a) introduces a two-stage strategy: first177

generating logical forms from tables, then convert-178

ing them into natural language, to improve logi-179

cal faithfulness in summaries. (2) Prompt-based180

models instead rely directly on large language181

models (LLMs) with carefully designed prompt-182

ing. ReFactor (Zhao et al., 2023) extracts query-183

relevant facts and concatenates them with the query184

to guide generation. DirectSumm (Zhang et al.,185

2024) produces summaries in a single step, syn-186

thesizing text directly from the table and query.187

Reason-then-Summ (Zhang et al., 2024) decom-188

poses the task into two stages, first retrieving rele-189

vant facts and then composing longer summaries.190

(3) Agentic frameworks use external tools such as191

SQL or Python to ensure accuracy. Binder (Cheng192

et al., 2023) translates the input query into exe-193

cutable programs, often SQL, to ground results in194

computation. Dater (Ye et al., 2023) decomposes195

Example 1: An offline template generated by FACTS
on the QFMTS dataset (Zhang et al., 2024). The SQL
query retrieves the top three accounts by savings bal-
ance, and the Jinja2 template renders the results into
natural language.
SQL Queries:
- SELECT a."name", s."balance"
FROM "ACCOUNTS" a
JOIN "SAVINGS" s
ON CAST(a."custid" AS DOUBLE) = s."custid"

ORDER BY s."balance" DESC, a."name" ASC
LIMIT 3;

Jinja2 Template:
{% if values and values|length > 0 %}

The three accounts with the highest
savings balances are:

{% for row in values %}
- {{ row["name"] }} with a savings

balance of {{ row["balance"] }}.
{% endfor %}
Overall, these represent the top savers

by balance in the dataset.
{% else %}

No results were found for the requested
top savings accounts.

{% endif %}

complex queries into smaller sub-queries, executes 196

them individually, and aggregates their outputs. Ta- 197

PERA (Zhao et al., 2024) builds natural language 198

plans that are converted into Python programs for 199

execution before aggregation. SPaGe (Zhang et al., 200

2025) moves beyond free-form plans by introduc- 201

ing structured representations and graph-based exe- 202

cution, improving reliability in multi-table scenar- 203

ios. Table 2 in Appendix A contrasts our proposed 204

FACTS with representative methods using four cri- 205

teria. Reusable: artifacts applicable to new tables 206

with the same schema; Scalable: ability to handle 207

very large tables without feeding all rows; Accu- 208

rate: correctness via executable programs; Privacy- 209

Compliant: avoiding exposure of raw table content 210

to LLMs. Most prior methods fall short on one or 211

more dimensions: table-to-text and prompt-based 212

models lack all four; agentic frameworks improve 213

accuracy but sacrifice scalability and privacy; and 214

plan-based methods, such as TaPERA and SPaGe, 215

yield only partially reusable plans. FACTS is the 216

only approach satisfying all four desired properties. 217

3 Methodology 218

To avoid ambiguity, we first clarify the terminol- 219

ogy used in this section. A user query denotes 220

the natural language input provided by the user, 221

which specifies an information need over one or 222

more tables and may include rich contextual de- 223
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tails. An SQL query refers to executable code224

generated by our method to retrieve the informa-225

tion required to satisfy the user query. A Jinja2226

template is a rendering program that verbalizes227

SQL outputs into natural language. An offline228

template is the composite artifact introduced in229

this work, bundling one or more SQL queries to-230

gether with a Jinja2 template. Unless otherwise231

specified, the term schema refers to the structural232

metadata of the table, e.g., column names and data233

types, rather than raw values. Finally, a summary234

denotes the final natural language output returned235

to the user after executing the SQL queries and236

rendering the Jinja2 template. The remainder of237

this section is structured as follows: Section 3.1 in-238

troduces the concept of offline templates and moti-239

vates their reusability; Section 3.2 details the LLM240

Council, which provides iterative validation and241

feedback; and Section 3.3 presents the complete242

FACTS framework and its three modules.243

3.1 Offline Template244

Formally, an offline template is defined as a com-245

posite artifact consisting of (1) one or more schema-246

aware SQL queries that retrieve relevant facts from247

the underlying tables, and (2) a Jinja2 template that248

transforms the retrieved outputs into a natural lan-249

guage summary. Crucially, offline templates are250

bound to both the table schema and the user query251

semantics. Once generated, the same offline tem-252

plate can be directly applied to any table sharing the253

same schema and answering the same user query or254

semantically similar queries, enabling reusability255

across tables that differ only in values, e.g., multi-256

ple years of financial records or multiple patients’257

health records. In this work, we define template258

reusability under an identical schema, without con-259

sidering schema drift or renamed columns. This260

design avoids repeated LLM inference, provides261

efficiency through lightweight SQL execution, and262

ensures privacy compliance by never exposing raw263

table values to LLMs. Example 1 illustrates a264

real template generated by FACTS on the QFMTS265

dataset (Zhang et al., 2024). Here, the SQL query266

selects the top three accounts by savings balance267

from the ACCOUNTS and SAVINGS tables, and the268

Jinja2 template verbalizes the results into a coher-269

ent narrative. This example demonstrates offline270

templates are executable and reusable artifacts that271

faithfully capture user intent and generalize across272

tables with the same schema and query semantics.273

3.2 LLM Council 274

The LLM Council is an ensemble of LLMs that col- 275

laboratively validate intermediate outputs at each 276

stage of the FACTS framework. Rather than relying 277

on a single model, the Council prompts multiple 278

heterogeneous LLMs, each of which independently 279

produces a structured judgment (YES/NO) and brief 280

feedback. A majority-voting scheme determines 281

whether a candidate artifact is accepted, while the 282

collected feedback is aggregated into a consensus 283

explanation that guides iterative refinement. The 284

Council provides feedback in four places: (1) eval- 285

uating guided questions and filtering rules, (2) vali- 286

dating generated SQL queries, (3) checking align- 287

ment between SQL results and Jinja2 templates, 288

and (4) assessing whether the final summary sat- 289

isfies the user query. These validation steps will 290

be described in detail in the next subsection. This 291

mechanism reduces reliance on any single model, 292

mitigates hallucinations, and ensures correctness 293

and usability of generated artifacts. 294

Algorithm 1 in Appendix B presents the Coun- 295

cil’s evaluate-and-refine procedure in pseudocode. 296

For each candidate artifact, a task-specific prompt 297

is built from the artifact and its context, e.g., ta- 298

ble schema, guided questions, execution logs, and 299

passed independently to every model in the ensem- 300

ble. Their responses are parsed into decisions and 301

feedback, after which majority voting determines 302

the overall acceptance decision, and aggregated 303

feedback provides a concise rationale to guide re- 304

finement. Full prompt templates are included in 305

Appendix C. 306

3.3 FACTS Framework 307

The FACTS framework is composed of three in- 308

terconnected stages, shown in Figure 2, with full 309

pseudocode provided in Appendix D. At each stage, 310

outputs generated by the LLM agent are validated 311

by the LLM Council introduced in Section 3.2, 312

which provides structured feedback and guides it- 313

erative refinement. 314

Stage 1: Schema-Guided Specification and Fil- 315

tering. Given the user query and table schema, 316

the agent first generates schema-aware clarifica- 317

tions in two complementary forms: (i) guided 318

questions that identify which columns, relation- 319

ships, and operations are relevant, and (ii) filtering 320

rules that specify which rows or categorical values 321

should be excluded. Crucially, the LLM never ac- 322

cesses the raw table contents. Instead, it proposes 323
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Figure 2: The FACTS framework for query-focused table summarization via Offline Template Generation. (1)
Schema-Guided Specification and Filtering: the agent enriches the user query with guided questions and filtering
rules over the table schema, with validation from the LLM Council. (2) SQL Queries Generation: using these
specifications, the agent synthesizes and iteratively improves SQL queries through execution feedback and Council
validation. (3) Jinja2 Template Generation and Alignment: a Jinja2 template verbalizes SQL outputs into
natural language, with LLM Council checks ensuring alignment. The final output is a reusable offline template that
combines validated SQL queries with a Jinja2 template.

filtering rules in abstract form, e.g., "exclude rows324

where category=’expense’", which are later ex-325

pressed as WHERE clauses in SQL. This ensures326

the filtering process remains privacy-compliant and327

syntactically verifiable. For example, in the finan-328

cial scenario introduced earlier, the agent may gen-329

erate rules that remove irrelevant transaction cate-330

gories, e.g., "exclude expense transactions", before331

producing summaries of gross income. The result-332

ing schema-guided specifications serve as input to333

SQL synthesis in the next stage.334

Stage 2: SQL Queries Generation. Using the335

approved specifications from Stage 1, the agent336

synthesizes one or more candidate SQL queries.337

These SQL queries integrate the filtering rules as338

constraints, ensuring that only relevant subsets of339

the data are processed. Each query is executed340

locally against the relevant tables to verify correct-341

ness. If a query fails or returns empty results, the342

error traces and execution outputs are passed to the343

LLM Council for feedback. Based on this feed-344

back, the agent revises the query iteratively until it345

is executable. This refinement loop ensures that the346

final SQL queries are robust, accurate, and faith-347

fully grounded in the user specification.348

Stage 3: Jinja2 Template Generation and Align-349

ment. Once the SQL queries are validated, the350

agent produces a Jinja2 template to render the re-351

sults into natural language. The template is re- 352

quired to reference exact column names, correctly 353

iterate over the returned rows, and handle empty re- 354

sults gracefully. The LLM Council then checks for 355

alignment between SQL outputs and template ref- 356

erences. If mismatches occur, e.g., missing fields 357

or shape incompatibilities, the SQL and template 358

are refined together until a consistent and valid pair 359

is obtained. The final output is an offline template, 360

consisting of reusable SQL queries and a Jinja2 361

template that can generalize across new tables with 362

the same schema and query semantics. 363

Together, these three stages ensure FACTS 364

achieves its key desired properties. Offline tem- 365

plates provide fast summarization by reusing vali- 366

dated SQL queries and Jinja2 template rendering 367

logic, accurate outputs by grounding summaries in 368

executed SQL queries rather than free-form gener- 369

ation, and privacy-compliant operation by expos- 370

ing only schemas, without revealing raw table val- 371

ues. For completeness, the full prompts used in the 372

FACTS framework are provided in Appendix E. 373

4 Experimental Results 374

In this section, we present a comprehensive eval- 375

uation of the proposed FACTS framework. Our 376

experiments are designed to address the following 377

research questions: RQ1: Does FACTS, through 378

offline templates, outperform existing methods for 379
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query-focused table summarization? RQ2: Do380

human evaluators confirm that FACTS produces381

more factually correct and complete summaries382

with fewer hallucinations than existing baselines?383

RQ3: To what extent does FACTS provide prac-384

tical benefits in reusability and scalability, partic-385

ularly when the schema and user query remain386

fixed or semantically similar, or when table sizes387

increase? RQ4: How does FACTS compare with388

non-agentic alternatives, such as directly prompt-389

ing an LLM to generate an offline template in a390

single step?391

To answer these questions, we first introduce392

the datasets, evaluation metrics in Section 4.1, and393

baseline methods in Section 4.2. We then provide394

implementation details for FACTS and all baselines395

in Section 4.3, present the main results and analysis396

in Section 4.4, and provide human evaluation in397

Section 4.5. Additionally, we evaluate reusability398

and scalability in Section 4.6, and finally conduct399

ablation studies contrasting agentic versus single-400

call template generation in Appendix F.401

4.1 Dataset and Evaluation402

Datasets. We evaluate FACTS on the test splits403

of three widely used benchmarks: FeTaQA (Nan404

et al., 2022), QTSumm (Zhao et al., 2023), and405

QFMTS (Zhang et al., 2024), which cover both406

single and multi-table scenarios. We provide more407

descriptions of these benchmarks in Appendix G.408

Evaluation Metrics. We follow (Zhang et al.,409

2025) to assess summarization quality using BLEU,410

ROUGE-L, and METEOR scores. Additional de-411

tails are provided in Appendix G.412

4.2 Baseline Methods413

We restrict our comparisons to training-free and414

fine-tuning-free approaches, since FACTS itself415

does not rely on supervised model adaptation.416

The baselines fall into two categories: prompt-417

based models and agentic frameworks. Prompt-418

based models include: (1) Chain-of-Thought419

(CoT) (Wei et al., 2022) prompts the LLM to420

explicitly verbalize intermediate reasoning steps421

before producing the final summary. (2) Direct-422

Summ (Zhang et al., 2024) generates summaries423

in a single pass, conditioning directly on the ta-424

ble and user query. (3) ReFactor (Zhao et al.,425

2023) extracts query-relevant facts from the ta-426

ble and concatenates them with the user query as427

augmented input to the LLM. (4) Reason-then-428

Summ (Zhang et al., 2024) decomposes the pro- 429

cess into two stages: first retrieving relevant facts, 430

then composing a longer narrative summary. Agen- 431

tic frameworks include: (5) Binder (Cheng et al., 432

2023) translates the query into executable SQL pro- 433

grams to ground the results in computation. (6) 434

Dater (Ye et al., 2023) decomposes large tables 435

into smaller ones and complex queries into simpler 436

sub-queries, executes them individually, and aggre- 437

gates their outputs. (7) TaPERA (Zhao et al., 2024) 438

generates natural language plans that are converted 439

into Python programs for execution and aggrega- 440

tion. (8) SPaGe (Zhang et al., 2025) introduces 441

structured graph-based plans, improving reliability 442

in multi-table scenarios. Together, these baselines 443

cover the spectrum of training-free methods: (i) 444

direct prompting of LLMs with or without explicit 445

reasoning, and (ii) agentic approaches that couple 446

LLMs with external executors. 447

4.3 Implementation Details 448

The main LLM agent employs GPT-4o-mini as 449

the backbone model, chosen for its strong per- 450

formance in table reasoning and summarization 451

tasks (Nguyen et al., 2025). The LLM Council 452

consists of GPT-4o-mini, Claude-4 Sonnet, and 453

DeepSeek v3. To further isolate the impact of 454

Council composition, we also evaluate a FACTS 455

(GPT-Only) variant, in which all three models in 456

the Council are replaced with GPT-4o-mini, en- 457

abling us to assess the effectiveness of FACTS 458

independent of cross-model diversity. More im- 459

plementation details are elaborated in Appendix H. 460

4.4 Results and Analysis 461

Effectiveness. Table 1 reports results on the test 462

splits of FeTaQA, QTSumm, and QFMTS. Overall, 463

FACTS consistently achieves the best or second- 464

best performance across all datasets and metrics, 465

demonstrating the effectiveness of offline template 466

generation with iterative validation. When com- 467

pared with prompt-based methods, FACTS outper- 468

forms CoT, ReFactor, and DirectSumm across most 469

metrics. These approaches lack grounding in exe- 470

cutable programs, which makes them prone to hal- 471

lucinations and incomplete coverage. Reason-then- 472

Summ achieves relatively strong results on QT- 473

Summ, showing that explicitly structuring the gen- 474

eration process into fact retrieval and composition 475

can sometimes improve the quality of the gener- 476

ated summaries. However, its gains are inconsistent 477

across datasets, and like other prompt-based mod- 478
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Table 1: Evaluations on the test sets of three benchmarks. FeTaQA and QTSumm are single-table datasets, while
QFMTS is a multi-table dataset. The best and second-best results are shown in bold and underline, respectively.
FACTS achieves the best or the second-best results on all datasets.

Method FeTaQA QTSumm QFMTS

BLEU ROUGE-L METEOR BLEU ROUGE-L METEOR BLEU ROUGE-L METEOR

CoT 28.2 51.0 56.9 19.3 39.0 47.2 31.5 54.3 58.1
ReFactor 26.2 53.6 57.2 19.9 39.5 48.8 - - -
DirectSumm 29.8 51.7 58.2 20.7 40.2 50.3 33.6 57.0 62.8
Reason-then-Summ 31.7 52.6 60.7 21.8 42.3 51.5 40.8 62.7 66.2

Binder 25.5 47.9 51.1 18.2 40.0 39.0 42.5 65.3 70.7
Dater 29.8 54.0 59.4 16.6 35.2 35.5 - - -
TaPERA 29.5 53.4 58.2 14.6 33.0 33.2 - - -
SPaGe 33.8 55.7 62.3 20.9 41.3 47.7 45.7 68.3 73.4

FACTS (GPT-Only) (ours) 30.8 55.7 66.0 20.1 43.1 50.5 45.4 70.5 73.2
FACTS (ours) 32.6 58.9 67.7 21.9 45.8 51.3 46.0 70.8 73.2

els, it lacks execution-level validation and remains479

vulnerable to factual errors and hallucinations in480

intermediate steps that may propagate into the fi-481

nal summary. Against agentic frameworks, FACTS482

surpasses Binder, Dater, and TaPERA, which often483

struggle with complex logic or multi-table reason-484

ing. SPaGe remains a strong competitor by lever-485

aging graph-based planning. Nevertheless, FACTS486

outperforms SPaGe on every dataset in at least two487

of the reported metrics, suggesting that FACTS gen-488

erates more faithful and well-formed summaries489

that are better aligned with reference outputs. We490

further compare the full FACTS system with its491

GPT-Only variant, in which all three models in492

the LLM Council are replaced by GPT-4o-mini.493

While the full FACTS framework achieves the best494

overall performance, which we attribute in part to495

the diversity of reasoning behaviors introduced by496

heterogeneous Council members, the GPT-Only497

variant still outperforms baseline methods on most498

datasets and metrics. This result demonstrates that499

the core FACTS workflow itself is effective even500

without cross-model diversity, and that Council het-501

erogeneity further amplifies these strengths.502

Computation Cost. Across the three datasets503

evaluated, each sample involves on average 2.47504

accepted guiding questions or filtering rules (2.25505

initially accepted and 0.22 accepted after one round506

of revision), 1.36 SQL refinement rounds, and 1.84507

template refinement rounds, with the maximum508

patience set to three rounds in our experiments.509

We further provide token-level efficiency analysis510

showing that the entire FACTS workflow requires511

9, 922 input tokens and 1, 045 output tokens per512

sample on average (including all stages and Coun-513

cil outputs), offering a comprehensive view of run-514

time and generation cost.515

Taken together, these findings provide a clear516

answer to RQ1, showing that FACTS reliably pro- 517

duces offline templates that deliver strong and 518

stable performance across both single-table and 519

multi-table summarization tasks, benefiting from 520

the three stages introduced in Section 3.3. For ad- 521

ditional qualitative insight, Appendix I provides a 522

step-by-step case study of FACTS, including inter- 523

mediate outputs at each stage. 524

4.5 Human Evaluation and Preference Study 525

To complement the automatic and computational 526

evaluations, we perform human assessments. 527

Human Evaluation. We conduct a comprehen- 528

sive human evaluation on 100 randomly sampled 529

examples from QTSumm and 100 from QFMTS 530

to assess four aspects: (1) whether each generated 531

SQL semantically matches the user query (intent 532

match), (2) whether the SQL execution results cor- 533

rectly correspond to the numerical or factual con- 534

tent in the reference summary (SQL execution accu- 535

racy), (3) whether the numbers and facts rendered 536

in the final summary faithfully reflect the SQL exe- 537

cution results (template rendering accuracy), and 538

(4) whether the LLM Council unanimously accepts 539

a specification or SQL query that leads to an incor- 540

rect result (Council consensus error rate). FACTS 541

achieves 97% intent match, 94% SQL execution ac- 542

curacy, and 98% template rendering accuracy, with 543

a very low Council consensus error rate of about 544

3%. The Council consensus error rate is computed 545

across two stages: (i) schema-guided specification 546

and filtering, and (ii) SQL query generation. While 547

no errors occur during the specification stage, about 548

6% of the SQL queries approved by the Council 549

lead to incorrect results during the generation stage, 550

yielding an overall average error rate of approxi- 551

mately 3%. The SQL execution accuracy is lower 552

than the template rendering accuracy because some 553
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SQL queries compute incorrect values with respect554

to the reference summary, while the rendering ac-555

curacy reflects whether the template correctly ver-556

balizes the SQL execution results. Therefore, the557

overall factual correctness of the generated sum-558

maries can be estimated as 94% × 98% ≈ 92%.559

Although FACTS achieves high factual accuracy,560

the automatic metrics primarily capture surface-561

level overlap and semantic similarity rather than562

factual correctness. Human evaluation thus pro-563

vides complementary insights.564

Human Preference Study. We further conduct565

a side-by-side human preference study compar-566

ing FACTS with the strongest baseline SPaGe on567

QFMTS. Human evaluators are presented with the568

same user query and two randomly ordered system569

outputs, one from FACTS and one from SPaGe,570

without method identifiers. Evaluators are then571

asked to choose the preferred output or indicate no572

preference based on three criteria: (1) whether the573

summary fully answers the user query (complete-574

ness), (2) whether the reported numbers and facts575

are accurate (correctness), and (3) whether unsup-576

ported or ungrounded content is introduced (hal-577

lucination). FACTS is preferred in 55% of cases578

for completeness, 59% for correctness, and 60%579

for hallucination reduction, indicating that human580

evaluators consistently favor FACTS for producing581

more accurate, complete, and faithful summaries.582

These findings confirm that human judgments align583

with the automatic metrics and computational anal-584

yses, collectively addressing RQ2.585

4.6 Reusability and Scalability Analysis586

We further examine whether FACTS delivers the587

promised advantages of reusability and scalability,588

addressing RQ3. We compare against two strong589

baselines, Reason-then-Summ and SPaGe, using590

100 randomly sampled examples from QTSumm.591

Experiment 1: Reusability across tables. We592

fix the user query and table schema but vary the593

cell values. As shown in Figure 3 (in Appendix J),594

with a single table, FACTS is slightly slower than595

Reason-then-Summ, since it must generate the of-596

fline template for the first time, and comparable597

to SPaGe. We emphasize that the latency reported598

in Figure 3 already includes the cost of the initial599

offline template generation. However, once the tem-600

plate is generated, FACTS achieves a substantial601

speed advantage when reusing it across multiple ta-602

bles with the same schema. With 100 tables under603

the same schema, FACTS outperforms both base- 604

lines: new summaries require only SQL execution 605

and Jinja2 rendering, while the other methods must 606

reprocess the entire table for every example. 607

Experiment 2: Reusability across semantically 608

similar queries. To assess robustness to semanti- 609

cally similar user queries, we conduct an additional 610

experiment on the same 100 randomly sampled QT- 611

Summ examples. We use GPT-5 to paraphrase both 612

the user queries and corresponding reference sum- 613

maries, creating semantically similar but lexically 614

different variants. The original offline templates are 615

then applied without regeneration. FACTS main- 616

tains comparable performance with BLEU = 21.8, 617

ROUGE-L = 43.5, and METEOR = 50.8, con- 618

firming that it generalizes to semantic variations of 619

the same query while preserving effectiveness. 620

Experiment 3: Scalability with table size. We 621

next test how runtime scales as the number of rows 622

in each table increases, ranging from 100 to 1000. 623

Figure 4 (in Appendix J) shows that FACTS re- 624

mains flat in runtime, as templates depend only on 625

the schema. By contrast, Reason-then-Summ and 626

SPaGe incur steadily increasing cost, since larger 627

tables must be serialized and passed into the LLM. 628

Together, these results show that FACTS 629

achieves both reusability and scalability, while pre- 630

serving summary quality. This combination of 631

speed, reliability, and accuracy makes it particu- 632

larly well-suited for real-world deployments. 633

5 Conclusion 634

In this work, we address the challenges in query- 635

focused table summarization by proposing FACTS, 636

an agentic framework that generates reusable of- 637

fline templates by combining schema-guided speci- 638

fications, SQL synthesis, and Jinja2 rendering, with 639

iterative validation from an LLM Council. Exten- 640

sive experiments show that FACTS consistently out- 641

performs strong baselines, while offering unique 642

advantages in reusability, scalability, and privacy 643

compliance. We also acknowledge that FACTS 644

assumes a practical privacy model where only ta- 645

ble schemas and queries are shared with external 646

LLMs, while raw values remain local. A detailed 647

discussion of this privacy scope, limitations, and 648

possible extensions is provided in Appendix K. 649

These results highlight FACTS as a practical so- 650

lution for query-focused table summarization in 651

real-world applications. 652
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Limitations653

Schema Drift. Our definition of offline template654

reusability relies on the assumption of an identi-655

cal table schema. If column names change or data656

types are modified, the pre-generated SQL queries657

and Jinja2 templates may fail to execute or render658

correctly. Currently, FACTS does not automati-659

cally detect or adapt to such schema modifications660

without regenerating the template.661

Privacy Scope. Our privacy compliance relies on662

a threat model where raw table values are kept local,663

but table schemas and user queries are exposed to664

the external LLM. In highly sensitive domains, the665

schema itself (e.g., specific column headers regard-666

ing medical diagnoses) or the user’s query intent667

might be considered confidential information. Our668

current framework does not employ obfuscation669

techniques for these metadata, which limits its ap-670

plication in environments with zero-trust policies671

regarding schema exposure.672
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A Comparison Table for Related Works 878

Table 2 contrasts our proposed FACTS with repre- 879

sentative methods using the four criteria mentioned 880

in Section 2. 881

B LLM Council Pseudocode 882

Algorithm 1 presents the Council’s evaluate-and- 883

refine procedure introduced in Section 3.2 in pseu- 884

docode. 885

C LLM Council Prompts 886

For completeness, we include the full prompts used 887

by the LLM Council for evaluation. These prompts 888

directly correspond to the four validation steps 889

described in Section 3.2 and formalized in Algo- 890

rithm 1. Each prompt is presented independently to 891

all LLMs in the Council, and their structured out- 892

puts are aggregated via majority voting with feed- 893

back consolidation. We provide the exact versions 894

here to ensure transparency and reproducibility of 895

our experiments. 896

Example 2: Prompt for evaluating guided questions and
filtering rules.

897
You are evaluating a question or 898

filtering rule for table 899
summarization. 900

901
Table Information: 902
[table schema here] 903

904
User Query: 905
[original user query] 906

907
Previously Generated Questions or 908

Filtering Rules: 909
[list of previously accepted guided 910

questions and filtering rules] 911
912

Current Question or Filtering Rule to 913
Evaluate: 914

[proposed guiding question or filtering 915
rule] 916

917
Is this a good question or filtering 918

rule that will help guide SQL query 919
generation? Answer with YES or NO 920
only. 921

922
If NO, provide a brief reason why this 923

question is not helpful. 924
925

Output format: 926
Decision: [YES/NO] 927
Feedback: [Brief reason if NO, or ' 928

Question is good ' if YES] 929930
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Table 2: Comparison of paradigms for query-focused table summarization. Only FACTS satisfies all four desired
properties. TaPERA and SPaGe produce partially reusable plans, denoted as ∼.

Method Reusable Scalable Accurate Privacy-Compliant

Table-to-Text Models ✗ ✗ ✗ ✗

Prompt-Based Models ✗ ✗ ✗ ✗

Binder (Cheng et al., 2023) ✗ ✗ ✓ ✗

Dater (Ye et al., 2023) ✗ ✗ ✓ ✗

TaPERA (Zhao et al., 2024) ∼ ✗ ✓ ✗

SPaGe (Zhang et al., 2025) ∼ ✗ ✓ ✗

FACTS (ours) ✓ ✓ ✓ ✓

Algorithm 1 LLM Council: Evaluate-and-Refine
Input: artifact A (e.g., a guided question, SQL query, Jinja2 template, or summary), context X
(schema, guidance, execution logs), model set C = {M1, . . . ,Mm}
Output: decision DEC ∈ {YES, NO}, consensus feedback FB

1: R ← ∅ ▷ per-model results
2: for M ∈ C do ▷ independent judgments
3: p← BUILDPROMPT(A,X )
4: o← LLMCALL(M,p) ▷ LLM call
5: (d, f)← PARSE(o) ▷ d ∈ {YES, NO}, f=brief feedback
6: R ← R∪ {(d, f)}
7: DEC← MAJORITYVOTE({d : (d, f) ∈ R})
8: FB← AGGREGATE({f : (d, f) ∈ R},DEC) ▷ short consensus rationale
9: return (DEC,FB)

Example 3: Prompt for evaluating SQL queries.
931

You are evaluating a SQL query execution932
for table summarization.933

934
Table Information:935
[table schema here]936

937
Guidance:938
[generated guided questions and939

filtering rules]940
941

SQL Query:942
[proposed SQL query]943

944
Execution Result:945
[empty results or error message]946

947
Evaluate whether this SQL query is valid948

and appropriate:949
1. Does it execute without errors?950
2. Does it return the non -empty data for951

summarization?952
3. Does it filter and select appropriate953

columns?954
955

Answer with YES or NO only. If NO,956
provide a brief reason.957

958
Output format:959
Decision: [YES/NO]960
Feedback: [Brief reason if NO, or 'SQL961

query is good ' if YES]962963

Example 4: Prompt for evaluating SQL–template align-
ment.

964
You are evaluating whether a SQL query 965

result aligns with a Jinja2 template 966
for table summarization. 967

968
Table Information: 969
[table schema here] 970

971
SQL Query: 972
[proposed SQL query] 973

974
Jinja2 Template: 975
[proposed Jinja2 template] 976

977
Evaluate: 978
1. Does the SQL return all fields that 979

the template tries to access? 980
2. Is the data structure compatible (e.g 981

., if template expects multiple rows 982
, does SQL return them)? 983

3. Are field names in the template 984
matching the column names returned 985
by SQL? 986

987
Answer with YES or NO only. If NO, 988

provide a brief reason. 989
990

Output format: 991
Decision: [YES/NO] 992
Feedback: [Brief reason if NO, or 'SQL 993

and template are well -aligned ' if 994
YES] 995996
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Example 5: Prompt for evaluating generated summaries.
997

You are evaluating a generated summary998
for table summarization.999

1000
Table Information:1001
[table schema here]1002

1003
User Query:1004
[original user query]1005

1006
Generated Summary:1007
[system -produced summary]1008

1009
Evaluate summary quality:1010
1. Relevance to the query1011
2. Accuracy of information1012
3. Clarity and coherence1013
4. Completeness1014

1015
Answer with YES or NO only. If NO,1016

provide a brief reason.1017
1018

Output format:1019
Decision: [YES/NO]1020
Feedback: [Brief reason if NO, or '1021

Summary is good ' if YES]10221023

D Pseudo Code of FACTS1024

Algorithm 2 summarizes the FACTS workflow.1025

The process begins with Schema-Guided Specifi-1026

cation and Filtering, where the agent proposes1027

schema-aware clarifying questions and filtering1028

rules based on the user query q and table schema1029

S. Each specification is vetted by the LLM Coun-1030

cil, and accepted ones are accumulated in U to1031

progressively refine the query intent. Next, in1032

SQL Queries Generation, candidate SQL queries1033

are synthesized using (q,U ,S), executed locally1034

against the table, and validated both by execution1035

feedback and the LLM Council. Invalid queries are1036

iteratively revised until a correct and executable1037

query Q is obtained. Finally, in Jinja2 Template1038

Generation and Alignment, the agent generates1039

a Jinja2 template J to render SQL results into1040

natural language. The LLM Council checks align-1041

ment between template references and SQL out-1042

puts; if misalignments are detected, the template is1043

refined until valid. The resulting offline template1044

T = (Q,J ) can then be reused across any table1045

with the same schema, enabling fast, accurate, and1046

privacy-compliant summarization without expos-1047

ing raw table values to the LLMs.1048

E FACTS Prompts1049

FACTS relies on a set of carefully designed1050

prompts to guide schema-aware question and filter-1051

ing rule generation, SQL synthesis, and Jinja2 tem-1052

plate construction. Below we provide a few repre- 1053

sentative examples; the complete set of prompts, in- 1054

cluding dataset-specific variants due to multi-table 1055

schemas, is released with our code for reproducibil- 1056

ity. 1057

Example 6: Prompt for generating a schema-aware guid-
ing question and filtering rule.

1058
Based on the table information and user 1059

query below , generate ONE specific , 1060
detailed question or filtering rule 1061
that will help guide SQL query 1062
generation. 1063

1064
Table Information: 1065
[table schema here] 1066

1067
User Query: [user query here] 1068

1069
Previously generated questions and 1070

filtering rules: 1071
[None or list of prior questions and 1072

filtering rules] 1073
1074

Generate ONE new question or filtering 1075
rule that: 1076

1. Is different from previously 1077
generated questions and filtering 1078
rules 1079

2. Clarifies what specific information 1080
is needed or what information is 1081
irrelevant 1082

3. Helps understand data relationships 1083
4. Guides the SQL query structure 1084

1085
Output format: 1086
Specification: [Your single question or 1087

filtering rule here] 10881089
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Example 7: Prompt for SQL query synthesis.
1090

Based on the table information , user1091
query , and refined questions below ,1092
generate a valid DuckDB SQL query.1093

1094
Table Information:1095
[table schema here]1096

1097
Guided Specifications:1098
[final set of guided questions and1099

filtering rules]1100
1101

IMPORTANT: You are querying a pandas1102
DataFrame named 'df' that contains1103
the table data.1104

1105
Generate valid DuckDB SQL SELECT query1106

that:1107
1. Retrieves the necessary information1108

to answer the user query1109
2. Uses proper DuckDB syntax1110
3. References the DataFrame as 'df'1111
4. Quotes column names exactly as they1112

appear1113
5. Handles data types appropriately1114

1115
Output format:1116
SQL queries:1117
[Your SQL query here]11181119

Example 8: Prompt for Jinja2 template generation.
1120

Based on the demonstration examples1121
below and the current SQL result ,1122
generate a Jinja2 template.1123

1124
--- Demonstration Examples ---1125
[table , user query , and reference1126

summary triples]1127
1128

--- Current Task ---1129
Table Information: [table schema here]1130
User Query: [user query here]1131
SQL Query: [SQL query here]1132

1133
Generate a Jinja2 template that:1134
1. Uses the variable name 'values ' to1135

access the data1136
2. Iterates with {% for row in values %}1137
3. Accesses fields with row[" Column Name1138

"]1139
4. Produces a coherent paragraph summary1140

in the style of the examples1141
5. Handles empty results gracefully1142

1143
Output format:1144
Jinja2 template:1145
[Your Jinja2 template here]11461147

For space reasons, we only show these represen-1148

tative prompts here. The full set, including iterative1149

improvement and alignment prompts, is available1150

in our code release.1151

F Ablation Study1152

To better assess the role of iterative refinement, we1153

compare FACTS with a simplified Single-Call vari-1154

ant. In this setting, the user query, table schema, 1155

and three in-context demonstration examples, iden- 1156

tical to those used in our main experiments, are 1157

provided to GPT-4o-mini, which is prompted to 1158

generate an entire offline template in a single step, 1159

including both SQL queries and the Jinja2 template. 1160

Unlike FACTS, this approach does not incorpo- 1161

rate iterative validation or feedback from the LLM 1162

Council, nor does it leverage local SQL execution 1163

traces during refinement. To capture robustness, we 1164

report the SQL pass rate, defined as the proportion 1165

of generated SQL queries that execute successfully 1166

without error. 1167

Results are shown in Table 3. While Single-Call 1168

attains moderate text-level scores, it suffers from 1169

a substantially lower pass rate. This illustrates the 1170

brittleness of one-shot template generation: SQL 1171

queries often contain syntax errors, reference non- 1172

existent columns, or yield empty outputs, which 1173

directly undermines summary quality. By con- 1174

trast, FACTS consistently achieves a 100% pass 1175

rate across datasets, as its iterative refinement loop 1176

with Council validation and execution feedback de- 1177

tects and corrects errors before finalization. This 1178

not only ensures robustness but also translates into 1179

consistently higher BLEU, ROUGE-L, and ME- 1180

TEOR scores. In summary, these results directly 1181

address RQ4, confirming that FACTS substantially 1182

outperforms non-agentic single-step alternatives by 1183

combining structured stages with iterative valida- 1184

tion. 1185

G Additional Descriptions for Datasets 1186

Datasets. We provide more details for the three 1187

benchmarks introduced in Section 4.1 and used in 1188

our experiment. FeTaQA consists of 2,003 exam- 1189

ples from Wikipedia, each pairing a single rela- 1190

tional table with a query and a short factual sum- 1191

mary. QTSumm, also derived from Wikipedia, in- 1192

cludes 1,078 examples where queries are linked 1193

to single tables but require generating longer, 1194

paragraph-style summaries. QFMTS contains 608 1195

examples, with each query associated with an av- 1196

erage of 1.8 tables, demanding reasoning and inte- 1197

gration across multiple table schemas. QFMTS is 1198

based on the Spider dataset (Yu et al., 2018), which 1199

includes 200 databases spanning 138 distinct do- 1200

mains, such as university courses, online SQL tuto- 1201

rials, textbook examples, and public CSV reposito- 1202

ries. Together, these datasets provide a complemen- 1203

tary testbed: FeTaQA evaluates concise summa- 1204
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Table 3: Evaluations of Single-Call on the test sets of three benchmarks.

Method FeTaQA QTSumm QFMTS

BLEU ROUGE-L METEOR BLEU ROUGE-L METEOR BLEU ROUGE-L METEOR Pass Rate

Single-Call 29.4 52.1 58.4 14.2 37.9 40.6 35.4 63.2 69.8 83.2%

FACTS (ours) 32.6 58.9 67.7 21.9 45.8 51.3 46.0 70.8 73.2 100.0%

rization, QTSumm emphasizes extended narrative1205

responses, and QFMTS challenges systems with1206

compositional multi-table reasoning.1207

Evaluation Metrics. BLEU (Papineni et al.,1208

2002) measures n-gram precision by computing1209

exact word overlap between generated and ref-1210

erence summaries; we report SacreBLEU scores.1211

ROUGE-L (Lin and Hovy, 2003) evaluates recall1212

via the longest common subsequence, indicating1213

how much reference content is covered; we report1214

the F1 variant. METEOR (Banerjee and Lavie,1215

2005) balances precision and recall by considering1216

unigram matches with stemming and synonymy.1217

Together, these metrics provide a comprehensive1218

assessment of both fluency and factual alignment1219

in generated summaries.1220

H Additional Implementation Details1221

Following (Zhang et al., 2025), to align outputs1222

with target writing style, we employ in-context1223

learning (Brown et al., 2020): when generating1224

Jinja2 templates, the prompt includes three demon-1225

stration examples drawn from the corpus, encourag-1226

ing summaries that are stylistically and structurally1227

consistent with reference outputs.1228

At the workflow level, we allow a fixed up-1229

per bound of 10 guided questions and filtering1230

rules, and set the patience for revision at 3 iter-1231

ations for guided questions, filtering rules, SQL1232

queries, and Jinja2 templates. SQL execution is1233

handled by DuckDB (Raasveldt and Mühleisen,1234

2019), which enables efficient in-memory querying1235

and integrates seamlessly with pandas DataFrames1236

in Python.1237

For baseline methods and other hyperparame-1238

ters, we follow the setup of (Zhang et al., 2025).1239

All prompt-based and agentic baselines are imple-1240

mented using the same GPT-4o-mini backbone to1241

ensure comparability, and we directly cite reported1242

results from (Zhang et al., 2025) where available.1243

I Case Study: Step-by-Step Outputs on 1244

QFMTS 1245

We illustrate FACTS end-to-end on a QFMTS ex- 1246

ample, ID #303. The user asks: "Show all doc- 1247

ument names using templates with template type 1248

code BK." We show the intermediate artifacts pro- 1249

duced at each stage. 1250

Example 9: Input (QFMTS #303): user query and
schemas.

1251
User Query: 1252

Show all document names using 1253
templates with template type code 1254
BK. 1255

1256
Schemas: 1257

Templates(Template_ID , Version_Number , 1258
Template_Type_Code , 1259

Date_Effective_From , 1260
Date_Effective_To , 1261
Template_Details) 1262

Documents(Document_ID , Template_ID , 1263
Document_Name , 1264
Document_Description , 1265
Other_Details) 12661267

Example 10: Stage 1 — Accepted guided specifications.
1268

Q1: Should results include only 1269
documents whose associated BK 1270
templates are currently effective 1271
(i.e., Date_Effective_From <= today 1272

and (Date_Effective_To is null 1273
or >= today)), 1274

or should all BK templates be 1275
considered regardless of dates? 1276

1277
Q2: Should we return all documents whose 1278

Template_ID links to a Templates 1279
row with Template_Type_Code = 'BK ' 1280
regardless of the templates ' 1281

effective date range , or limit 1282
results to BK templates that are 1283
currently effective based on 1284

Date_Effective_From and 1285
Date_Effective_To? 12861287

Example 11: Stage 2 — Synthesized SQL (validated by
Council).

1288
SELECT d." Document_Name" 1289
FROM "Documents" AS d 1290
JOIN "Templates" AS t 1291

ON d." Template_ID" = t." Template_ID" 1292
WHERE t." Template_Type_Code" = 'BK '; 12931294
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Example 12: Stage 3 — Final Jinja2 template (after
refinement).

1295
{% set names = (values | map(attribute='1296

Document_Name ') | select () | list)1297
%}1298

{% set unique_names = names | unique |1299
list %}1300

{% if unique_names and unique_names|1301
length > 0 %}1302

There are {{ unique_names|length }}1303
documents that use templates with1304
the template type code BK.1305

The document names are {% for n in1306
unique_names %}{{ n }}{% if not loop1307
.last %}{% if loop.revindex == 1 %},1308
and {% else %}, {% endif %}{% endif1309
%}{% endfor %}.1310

{% else %}1311
There are 0 documents that use templates1312

with the template type code BK.1313
{% endif %}13141315

Example 13: Final output vs. reference.
1316

Generated summary:1317
There are 5 documents that use1318

templates with the template type1319
code BK. The document names are1320
Robbin CV, Data base , How to read1321
a book , Palm reading , About Korea.1322

1323
Reference summary:1324

There are 5 document names that use1325
templates with the template type1326
code BK. The document names are1327
Robbin CV, Data base , How to read1328
a book , Palm reading , and About1329
Korea.1330

1331
Single -example scores:1332

SacreBLEU = 83.2, ROUGE -L = 93.5,1333
METEOR = 95.213341335

Summary. The accepted guided specifications1336

focus the retrieval criterion, the synthesized SQL1337

grounds the result set, and the refined Jinja2 tem-1338

plate ensures correct counting and list formatting.1339

The final output faithfully matches the reference.1340

J Figures for Reusability and Scalability1341

Analysis1342

This section includes the figures for reusability and1343

scalability analysis of our proposed FACTS.1344

K Privacy Scope and Threat Model1345

To clarify the privacy assumptions of FACTS, we1346

adopt a practical enterprise-level threat model in1347

which the large language model (LLM) is treated1348

as an external API that can observe schema-level1349

prompts but cannot access any local data or SQL1350
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Figure 3: Reusability analysis. Runtime for gen-
erating summaries with 1 versus 100 tables under
the same schema and query.
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Figure 4: Scalability analysis. Runtime for gen-
erating summaries as the number of rows in each
table increases.

execution results. Raw table cell values (e.g., per- 1351

sonal identifiers, transaction records, or numerical 1352

measurements) are considered sensitive and never 1353

leave the local environment. All interactions with 1354

LLMs occur solely at the schema or query level 1355

during guided-question generation, SQL synthesis, 1356

and template rendering, while SQL execution and 1357

summary rendering are performed locally. This de- 1358

sign ensures that only structural information, not ac- 1359

tual data, is exposed. We acknowledge that schema 1360

structures or user queries may still reveal limited 1361

information about domain or intent. Future work 1362

may integrate stronger defenses such as schema 1363

abstraction, name obfuscation, or query redaction 1364

to further strengthen privacy protection. 1365

L LLM Usage 1366

We made use of large language models solely for 1367

improving the presentation of this paper. Their 1368

role was limited to refining wording and verifying 1369

grammar to enhance clarity and readability. No as- 1370

sistance from LLMs was involved in the design of 1371

16



methods, implementation of experiments, or analy-1372

sis of results.1373
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Algorithm 2 FACTS Framework
Input: user query q, table schema S, LLMs Council C, max number of guiding specifications Kq,
patience Pq, Psql, Ptpl
Output: offline template T = (Q,J ) where Q is a set of SQL queries and J is a Jinja2 template

1: /* Component 1: Schema-Guided Specification and Filtering */
2: U ← ∅ ▷ accepted guiding spefications
3: for k = 1 to Kq do ▷ how many guiding specifications we can generate
4: u← GENSPECIFICATION(q,S,U)
5: (vote, fb)← COUNCILJUDGE(C, u)
6: if vote = YES then
7: U ← U ∪ {u} ▷ added to the accepted set of guiding specifications
8: else
9: t← 0

10: while vote ̸= YES and t < Pq do ▷ refine until Council satisfied or reach patience
11: u← REVISESPECIFICATION(u, fb, q,S,U)
12: (vote, fb)← COUNCILJUDGE(C, u)
13: t← t+ 1

14: if vote = YES then
15: U ← U ∪ {u}
16: if SUFFICIENT(U) then break ▷ final set of guiding specifications
17: /* Component 2: SQL Queries Generation */
18: Q ← ∅; vote← false
19: t← 0
20: while not vote and t < Psql do
21: Q̃ ← GENSQL(q,U ,S)
22: exec← EXECUTESQL(Q̃,S)
23: (vote, fb)← COUNCILJUDGE(C, (Q̃, exec))
24: if vote = YES and VALID(exec) then
25: Q ← Q̃; vote← true
26: else
27: Q̃ ← REVISESQL(Q̃, exec, fb) ▷ handle errors, empties, shape mismatches
28: t← t+ 1

29: /* Component 3: Jinja2 Template Generation and Alignment */
30: vote← false; t← 0
31: while not vote and t < Ptpl do
32: J ← GENJINJA2(q,Q,S)
33: (vote, fb)← COUNCILJUDGE(C, (J ,Q,S))
34: vote← (vote = YES) and ALIGNED(J ,Q,S) ▷ fields match SQL outputs
35: if not vote then
36: (Q,J )← REFINE(Q,J , fb) ▷ fix unknown fields, shapes
37: t← t+ 1

38: return T = (Q,J ) ▷ reusable offline template
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