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Abstract001

Executable SQL generation is typically stud-002
ied in text-to-SQL settings, where tables are003
provided as fully linearized textual schemas004
and contents. While effective, this formula-005
tion assumes access to structured text and in-006
curs substantial token overhead, which is mis-007
aligned with many real-world scenarios where008
tables appear as visual artifacts in documents009
or webpages. We investigate whether compact010
optical representations can serve as an efficient011
interface for executable semantic parsing. We012
present OptiSQL, a vision-driven framework013
that generates executable SQL directly from014
table images and natural language questions us-015
ing compact optical tokens. OptiSQL leverages016
an OCR-oriented visual encoder to compress017
table structure and content into a small set of018
optical tokens and fine-tunes a pretrained de-019
coder for SQL generation while freezing the020
encoder to isolate representation sufficiency.021
Experiments on a visualized version of Spider022
2.0-Snow show that OptiSQL retains strong023
execution accuracy while reducing table input024
tokens by an order of magnitude. Robustness025
analyses further demonstrate that optical tokens026
preserve essential structural information under027
visual perturbations.028

1 Introduction029

Executable SQL generation has been predomi-030

nantly studied under the text-to-SQL paradigm,031

where database schemas and table contents are032

provided as structured textual inputs (Yu et al.,033

2018; Lei et al., 2025). While effective in con-034

trolled settings, this formulation relies on a strong035

assumption: that clean, machine-readable table text036

is readily available. In many real-world scenarios,037

however, tabular data is encountered primarily in038

visual form, such as scanned documents, PDFs,039

or web pages, where structured textual schemas040

are not directly accessible. Converting such inputs041

into text typically requires multi-stage preprocess-042

ing and manual normalization, making text-based043

pipelines brittle in practice (Kim et al., 2022; Lee 044

et al., 2023). 045

This mismatch motivates treating tables as vi- 046

sual objects rather than inherently textual ones. Ta- 047

ble images naturally encode row-column structure, 048

alignment, and grouping, which are expensive to 049

represent through token-by-token linearization. Re- 050

cent OCR-oriented vision-language models have 051

shown that document images can be compressed 052

into compact sequences of discrete visual repre- 053

sentations while preserving fine-grained semantic 054

and structural information (Wei et al., 2025). In 055

particular, DeepSeek-OCR demonstrates that high- 056

resolution document images can be mapped into a 057

small number of optical tokens suitable for down- 058

stream language modeling (Wei et al., 2025). Im- 059

portantly, these optical tokens capture more than 060

raw text, retaining layout and relational cues criti- 061

cal for table understanding (Wei et al., 2025). 062

In this work, we leverage optical tokens as an 063

explicit interface for executable semantic parsing. 064

Rather than reconstructing text or schemas, we 065

ask whether a compact visual abstraction of a ta- 066

ble is sufficient to support SQL generation under 067

strict token budgets. We introduce OptiSQL, a 068

vision-driven framework that generates executable 069

SQL queries directly from table images and natu- 070

ral language questions. OptiSQL uses a pretrained 071

OCR-oriented visual encoder to convert a table im- 072

age into a fixed-length sequence of optical tokens, 073

and fine-tunes a pretrained autoregressive decoder 074

to generate SQL. The visual encoder is frozen by 075

default, isolating the representational sufficiency 076

of optical tokens and avoiding confounding effects 077

from encoder adaptation. 078

We evaluate OptiSQL on a visualized version of 079

Spider 2.0 (Lei et al., 2025), using execution ac- 080

curacy as the primary metric. Through controlled 081

analyses of token budgets and visual perturbations, 082

we show that OptiSQL substantially reduces input 083

length while maintaining strong executable accu- 084
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ID Name Dept Salary
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3 ‘Charlie’ ‘Sales’ 60000
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ID Name Dept Salary
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ID Name Dept Salary

1 ‘Alice’ ‘HR’ 50000

2 ‘Bob’ ‘Eng’ 70000

3 ‘Charlie’ ‘Sales’ 60000

Traditional Text-based Text-to-SQL

Input Table Text

```

Table: Employees. Columns: ID (int), Name (text), Dept (text), Salary (int). 

Rows:

(1, 'Alice', 'HR', 50000), (2, 'Bob', 'Eng', 70000), (3, 'Charlie', 'Sales', 60000),

(1, 'Alice', 'Eng', 70000), (2, 'Bob', 'HR', 70000), (3, 'Charlie', 'Sales', 60000),

(1, 'Aaron', 'Eng', 70000), (2, 'Bob', 'HR', 70000), (3, 'Charlie', 'Sales', 60000),

(1, 'Narhon', 'Eng', 70000), (3, 'Charlie', 'Sales', 'Sales', 60000)), ...

```

Text-to-SQL
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Reducing
92.7%
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Figure 1: OptiSQL generates executable SQL directly from table images using compact optical tokens. A frozen
OCR-oriented visual encoder converts a table image into a fixed-size sequence of optical tokens, which are combined
with a natural language question and processed by a trainable decoder. By operating under an explicit token budget,
OptiSQL enables an efficient and robust alternative to text-based table encodings.

racy, and that performance degrades predictably as085

visual information is removed or corrupted. These086

results indicate that optical tokens provide a practi-087

cal and analyzable interface for efficiency-oriented088

executable semantic parsing, especially under long-089

context cost constraints (Liu et al., 2024). In sum-090

mary, this work makes the following contributions:091

• We propose OptiSQL, a vision-driven frame-092

work that replaces explicit textual table en-093

codings with compact optical tokens for exe-094

cutable SQL generation.095

• We introduce a controlled evaluation setting096

that isolates the sufficiency of optical tokens097

by freezing the visual encoder and adapting098

only the decoder.099

• We demonstrate favorable trade-offs between100

input efficiency, robustness, and execution ac-101

curacy on the semantic parsing task.102

2 Related Work103

2.1 Text-to-SQL Semantic Parsing104

Text-to-SQL semantic parsing generates executable105

SQL queries from natural language questions given106

textual representations of database schemas and107

contents (Yu et al., 2018; Shi et al., 2025; Zhou108

et al., 2024; Lei et al., 2025). Prior work has109

improved accuracy through schema linking, con- 110

strained decoding, and execution-guided learning 111

(Guo et al., 2019; Wang et al., 2025; Liu et al., 112

2024; Cai et al., 2025). Recent agent-based sys- 113

tems further leverage iterative refinement and ex- 114

ecution feedback, with ReFoRCE representing a 115

strong state-of-the-art approach (Deng et al., 2025). 116

These methods assume clean and complete tex- 117

tual access to schemas and table contents, remov- 118

ing the representational bottleneck that arises in 119

visually grounded settings. We therefore treat text- 120

to-SQL systems as upper-bound baselines rather 121

than direct competitors, as they operate under a 122

fundamentally different input assumption. 123

2.2 OCR-Centric Pipelines 124

Querying tables embedded in document images is 125

often addressed via OCR-centric pipelines that re- 126

construct text and table structure before applying 127

text-based parsers (Li et al., 2020; doc; Sheng and 128

Xu, 2024). While modular, such pipelines are sen- 129

sitive to recognition errors and typically discard 130

spatial and layout information during text lineariza- 131

tion, leading to error propagation and high input 132

costs (Guan et al., 2025). We include an OCR 133

pipeline as a reference baseline to highlight the 134

trade-offs between explicit text reconstruction and 135

efficient executable reasoning. 136
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2.3 Optical Tokenization for Document137

Understanding138

Vision-language models such as Pix2Struct and139

Donut map document images directly to structured140

outputs and have been applied to table-related tasks141

(Lee et al., 2023; Kim et al., 2022). More recently,142

OCR-oriented visual encoders have been proposed143

to compress document images into compact se-144

quences of optical tokens that preserve semantic145

and structural information under strict length bud-146

gets (Wei et al., 2025). DeepSeek-OCR exemplifies147

this direction, demonstrating that high-resolution148

document images can be represented by a small149

number of informative visual tokens.150

Our work builds on optical tokenization as a rep-151

resentation interface but targets a different question:152

whether compact optical tokens are sufficient for153

executable semantic parsing. Unlike prior work,154

we explicitly freeze the visual encoder by default155

and adapt only the decoder, enabling a controlled156

study of representation sufficiency and efficiency-157

accuracy trade-offs in SQL generation.158

3 Task Definition159

We study executable SQL generation from ta-160

ble images. Given a table image I and a natural161

language question q, the goal is to generate an162

executable SQL query s whose execution on the163

underlying database returns the correct answer.164

3.1 Problem Formulation165

Unlike standard text-to-SQL settings, the model166

is not given ground-truth textual schemas, column167

metadata, or table contents as structured text. All168

table-related information must be inferred from the169

visual input. We assume the table image captures170

the schema cues and cell contents needed to an-171

swer the question, and the model does not access172

database metadata or schema annotations at infer-173

ence time.174

3.2 Efficiency-Oriented Objective175

Our central objective is input efficiency. Let |V |176

be the number of optical tokens representing I pro-177

duced by an OCR-oriented visual encoder, and let178

|T | be the number of tokens required to represent179

the same table via textual linearization. We study180

whether accurate SQL generation remains feasible181

when |V |≪|T |, and how executable performance182

varies as we explicitly control the token budget.183

3.3 Evaluation 184

We primarily evaluate with execution accuracy 185

(EXAcc), and additionally report canonical exact 186

match (EX-Can) and efficiency metrics such as 187

optical tokens per query and token savings ratio 188

(TSR); metric definitions are provided in Section 5. 189

4 Model Architecture 190

OptiSQL is a vision-driven semantic parsing frame- 191

work that generates executable SQL queries from 192

table images under explicit input efficiency con- 193

straints. As shown in Figure 1, the model consists 194

of three components: (i) a pretrained OCR-oriented 195

visual encoder that converts a table image into a 196

compact sequence of optical tokens, (ii) a unified 197

token interface that combines optical tokens with 198

the natural language question, and (iii) a pretrained 199

decoder adapted for SQL generation. 200

A key design principle of OptiSQL is to treat 201

optical tokenization as a fixed representation inter- 202

face. By default, the visual encoder is frozen and 203

only the decoder is fine-tuned for SQL generation. 204

This setting, denoted as FROZENENC, isolates the 205

representational capacity of compact optical tokens 206

and enables a controlled study of whether such 207

representations are sufficient for executable seman- 208

tic parsing. We additionally consider a FULLFT 209

variant as an ablation to study accuracy and robust- 210

ness trade-offs introduced by encoder adaptation. 211

Unless otherwise specified, OptiSQL refers to the 212

FROZENENC setting throughout the paper. 213

4.1 Optical Tokenization via a Visual Encoder 214

Given a table image I , OptiSQL employs a pre- 215

trained OCR-oriented visual encoder E to produce 216

a sequence of optical tokens: 217

V = E(I) = (v1, v2, . . . , vn), (1) 218

where each token encodes localized visual, textual, 219

and structural information extracted from the im- 220

age. The encoder compresses the two-dimensional 221

table layout into a one-dimensional token sequence 222

while preserving regularities such as row-column 223

alignment, cell grouping information, and header- 224

content associations. 225

Importantly, OptiSQL does not perform explicit 226

text reconstruction or OCR decoding during infer- 227

ence. The optical tokens are treated as a latent 228

interface that implicitly represents table content 229

and structure. By freezing the visual encoder, we 230
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prevent task-specific adaptation and directly eval-231

uate whether the pretrained optical tokens retain232

sufficient information for executable reasoning.233

The number of optical tokens n is controlled234

by the encoder configuration, enabling systematic235

exploration of different token budgets. This ex-236

plicit control is central to our analysis of efficiency-237

accuracy trade-offs.238

4.2 Unified Input Representation239

The decoder input is constructed by concatenat-240

ing the optical tokens with the tokenized natural241

language question:242

X = [V ;Q], (2)243

where Q denotes the question tokens. Optical and244

textual tokens are projected into a shared embed-245

ding space before being processed by the decoder.246

No textual schema annotations, column names,247

or table contents are provided. All table-related in-248

formation must be inferred from the optical tokens.249

This design enforces a strict representational bottle-250

neck and distinguishes OptiSQL from text-to-SQL251

systems and OCR-based pipelines.252

4.3 Autoregressive SQL Decoder253

OptiSQL uses a pretrained decoder D to generate254

SQL queries conditioned on the combined input255

sequence X . At each decoding step t, the model256

predicts the next SQL token st according to:257

p(st | s<t, X). (3)258

The decoder is responsible for producing syntac-259

tically valid and executable SQL queries. SQL gen-260

eration terminates when an end-of-sequence token261

is produced. While syntax constraints may option-262

ally be applied, the core model relies on learned263

representations rather than hand-crafted rules.264

Under the default FROZENENC setting, only265

the decoder parameters are updated during train-266

ing. This design focuses learning on mapping com-267

pact optical representations to executable programs,268

without altering the visual tokenization itself.269

4.4 Training Variants270

We consider two training variants to disentangle271

representation sufficiency from encoder adaptation272

effects.273

FROZENENC. In the default setting, the visual 274

encoder is frozen and only the decoder is fine-tuned. 275

This variant serves as the primary configuration for 276

evaluating input efficiency, token budget scaling, 277

visual grounding, and robustness. 278

FULLFT. As an ablation, we fine-tune both the 279

visual encoder and the decoder. In this setting, 280

we additionally apply robustness-oriented training- 281

time table rendering augmentations. FULLFT is 282

used solely to study the trade-offs between clean 283

accuracy and generalization, and is not the default 284

configuration. 285

5 Experimental Setup 286

This section describes the datasets, baselines, eval- 287

uation metrics, and experimental protocols. All 288

experiments are designed to address a single ques- 289

tion: are compact optical tokens sufficient to sup- 290

port executable SQL generation under strict input 291

efficiency constraints? Unless otherwise specified, 292

all OptiSQL results correspond to the FROZENENC 293

setting, which freezes the encoder. 294

5.1 Dataset and Task Construction 295

We evaluate OptiSQL on a visualized version of 296

Spider 2.0-Snow (Lei et al., 2025), a realistic 297

enterprise-oriented text-to-SQL benchmark with 298

complex SQL queries and diverse schemas. For 299

each example, the original table is rendered into a 300

table image, while the natural language question 301

and ground-truth SQL query remain unchanged. 302

No textual schema or table content is provided to 303

the model. 304

5.2 Baselines 305

We compare our proposed OptiSQL against rep- 306

resentative baselines that reflect different assump- 307

tions about table access. 308

Text-based Text-to-SQL. We include Re- 309

FoRCE (Deng et al., 2025), a state-of-the-art 310

text-to-SQL system operating on ground-truth 311

textual schemas and contents. This setting removes 312

the representational bottleneck entirely and 313

therefore serves as an upper-bound baseline, 314

albeit with very high token cost. 315

OCR-based Text-to-SQL Pipeline. We con- 316

struct a two-stage pipeline that first applies OCR to 317

recover table text and structure, followed by a text- 318

based SQL parser. This baseline reflects a common 319

document understanding workflow and highlights 320
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the effects of OCR errors, schema linearization,321

and long textual inputs.322

Vision-Language Models. We evaluate general-323

purpose vision-language models (VLMs), includ-324

ing Pix2Struct (Lee et al., 2023) and Donut (Kim325

et al., 2022), which directly generate SQL from326

images without explicit OCR pipelines.327

5.3 Evaluation Metrics328

We evaluate models along four dimensions: exe-329

cutable correctness, syntactic fidelity, input effi-330

ciency, and robustness.331

Execution Accuracy (EXAcc). Execution accu-332

racy measures whether the generated SQL query333

produces the correct result when executed against334

the database:335

EXAcc =
1

N

N∑
i=1

1[EX(si,Di) = EX(s∗i ,Di)] .

(4)336

Execution-based evaluation is preferred as semanti-337

cally equivalent SQL queries may differ in surface338

form.339

Canonical Exact Match (EX-Can). We addi-340

tionally report canonical exact match, which com-341

pares SQL strings after conservative normalization:342

EX-Can =
1

N

N∑
i=1

1[Can(si) = Can(s∗i )] . (5)343

Canonicalization removes surface-form differences344

while avoiding semantic changes. Details are pro-345

vided in Appendix 1, with an illustrative example346

in Figure 2.347

Robustness Metrics. Robustness is measured as348

the drop in execution accuracy under visual pertur-349

bation P:350

∆P = EXAccclean − EXAccP . (6)351

5.4 Experimental Conditions and Ablations352

We design a set of experiments to isolate represen-353

tation sufficiency, visual grounding, and efficiency354

trade-offs.355

Token budget sweep. We vary the optical token356

budget (e.g., 64, 100, 256, 400) while keeping all357

other components fixed, enabling systematic analy-358

sis of accuracy-efficiency trade-offs.359

Example of SQL Canonicalization for EX-Can

Raw prediction s

SELECT * FROM users
WHERE age > 18 AND city=’LA’
ORDER BY created_at DESC;

Canonicalized Can(s)

select * from users where city=’LA’ and
age>18 order by created_at desc;

Figure 2: An example of SQL canonicalization used
for EX-Can. The procedure normalizes keyword case,
whitespace, punctuation spacing, and reorders flat AND
conditions within the same logical level.

FROZENENC vs. FULLFT. We compare the 360

default FROZENENC setting against a FULLFT 361

(where the encoder is also updated) ablation in 362

which both encoder and decoder are fine-tuned. 363

FULLFT is used only to study accuracy and robust- 364

ness trade-offs and is not the default configuration. 365

No-image and wrong-image diagnostics. To 366

verify visual grounding, we evaluate NOIMAGE 367

(optical tokens removed) and WRONGTABLE (table 368

images permuted across examples), testing whether 369

models collapse into language-only or template- 370

based generation. 371

5.5 Robustness Augmentation and Evaluation 372

We study robustness under both training-time aug- 373

mentation and inference-time perturbation. The 374

two are intentionally separated to distinguish ro- 375

bustness gained through encoder adaptation from 376

robustness intrinsic to the optical token interface. 377

Training-time augmentation (FULLFT). When 378

fine-tuning the visual encoder (FULLFT), we apply 379

rendering-based augmentations that preserve table 380

semantics while altering visual appearance. These 381

augmentations are designed to encourage invari- 382

ance to superficial layout and style variations, and 383

are applied on-the-fly during training. 384

Specifically, we use: (i) Style variation, includ- 385

ing changes in font family and size, spacing, border 386

thickness, zebra striping, cell padding, and column 387

width; and (ii) Table transposition, which swaps 388

rows and columns while relocating headers accord- 389

ingly. Examples of such augmentations are shown 390

in Figure 3. The supervision signal (ground-truth 391
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ID Name Dept Salary

1 ‘Alice’ ‘HR’ 50000

2 ‘BoB’ ‘Eng’ 70000

3 ‘cHARlie’ ‘SAleS’ 60000

ID Name Dept Salary

1 ‘Alice’ ‘HR’ 50000

2 ‘Bob’ ‘Eng’ 70000

3 ‘Charlie’ ‘Sales’ 60000

ID Name Dept Salary

1 ‘Alice’ ‘HR’ 50000

2 ‘Bob’ ‘Eng’ 70000

3 ‘Charlie’ ‘Sales’ 60000

ID Name Dept Salary

1 ‘Alice’ ‘HR’ 50000

2 ‘Bob’ ‘Eng’ 70000

3 ‘Charlie’ ‘Sales’ 60000

ID Name Dept Salary

1 ‘Alice’ ‘HR’ 50000

2 ‘Bob’ ‘Eng’ 70000

3 ‘Charlie’ ‘Sales’ 60000

ID 1 2 3

Name ‘Alice’ ‘Bob’ ‘Charlie’

Dept ‘HR’ ‘Eng’ ‘Sales’

Salary 50000 70000 60000

Figure 3: Different visual renderings of the same table content. Variations include changes in font style, color,
layout, borders, and spacing, while preserving identical schema and cell values. These styles are used to study
robustness to superficial visual changes.

SQL) remains unchanged. Unless otherwise speci-392

fied, these augmentations are enabled only in the393

FULLFT ablation and are not used in the default394

FROZENENC setting.395

Inference-time robustness evaluation. To eval-396

uate robustness independently of retraining, we397

apply controlled test-time perturbations to the ren-398

dered table images and measure the resulting drop399

in execution accuracy:400

∆P = EXAccclean − EXAccP .401

All perturbations preserve table content except402

where explicitly noted.403

StyleShift. StyleShift samples a different render-404

ing template at test time while keeping the underly-405

ing table content fixed. This perturbation assesses406

invariance to superficial visual factors such as font407

choice, spacing, and grid styling, without altering408

textual or relational information.409

HeaderMask. HeaderMask partially occludes410

column headers to disrupt explicit schema cues411

while preserving table body cells. We mask only412

the header row region using opaque rectangular413

fills. The masking ratio is capped at at most one-414

third of the header width per table. Mask locations415

are sampled uniformly over contiguous header416

spans (or multiple short spans). Empirically, larger417

masking ratios lead to unstable behavior and can418

prevent convergence, and are therefore excluded.419

Visual grounding diagnostics. In addition to ro-420

bustness perturbations, we include two diagnos-421

tic settings to test visual grounding. NOIMAGE422

removes optical tokens (or replaces them with a423

learned null token) while keeping the question424

unchanged. WRONGTABLE permutes table im- 425

ages across examples, producing mismatched table- 426

question pairs. These settings are not intended as re- 427

alistic noise models, but as stress tests to verify that 428

SQL generation does not collapse into language- 429

only or template-based behavior. 430

Default parameterizations for all perturbations 431

are summarized in Appendix A.4. 432

5.6 Implementation Details 433

OptiSQL uses a pretrained OCR-oriented visual 434

encoder to produce compact optical tokens. Un- 435

less otherwise specified, the encoder is frozen and 436

only the autoregressive decoder is fine-tuned us- 437

ing token-level cross-entropy loss over SQL tar- 438

gets. For FULLFT, both encoder and decoder are 439

updated and robustness-oriented training-time aug- 440

mentations are enabled. All models are evaluated 441

under identical decoding and runtime settings. 442

6 Results and Analysis 443

We analyze OptiSQL with a focus on representation 444

sufficiency rather than leaderboard performance. 445

Specifically, we ask whether compact optical to- 446

kens can preserve sufficient structural and semantic 447

information to support the generation of executable 448

SQL under explicit efficiency constraints. Unless 449

otherwise specified, OptiSQL refers to the default 450

FROZENENC setting. 451

6.1 Main Results 452

Table 1 reports execution accuracy, canonical ex- 453

act match, robustness, and table-related token cost 454

across representative baselines. For all methods, 455

we report only tokens used to encode table infor- 456

mation, excluding question and output tokens. 457

Text-only systems achieve the highest execution 458
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Model Input Table Tokens EXAcc EX-Can EXAcc St. EXAcc HM

REFORCE (Deng et al., 2025) Text 3,500 0.78 0.86 0.86 0.86
DEEPSEEK-OCR (Wei et al., 2025) OCR text 3,500 0.62 0.70 0.58 0.45
PIX2STRUCT (Lee et al., 2023) Image 800 0.55 0.63 0.50 0.38
DONUT (Kim et al., 2022) Image 900 0.57 0.65 0.48 0.35
OPTISQL (FROZENENC) Image 256 0.66 0.76 0.72 0.60
OPTISQL (FULLFT) Image 256 0.68 0.77 0.65 0.55

Table 1: Table Tokens count only tokens used to represent table information, excluding question and output tokens.
ReFoRCE is a text-only upper-bound baseline. EXAcc St. represents the style-shift setting, and EXAcc HM denotes
the header-masking setting. Best results are in bold, second-best are underlined.

accuracy when ground-truth textual schemas and ta-459

ble contents are available. In particular, ReFoRCE460

benefits from lossless access to explicit schema461

structure and therefore serves as an upper-bound462

reference rather than a directly comparable sys-463

tem. This setting assumes strictly stronger input464

supervision than any image-based formulation.465

In contrast, OCR-based pipelines exhibit a sub-466

stantial performance drop. Despite reconstructing467

text explicitly, OCR errors and schema lineariza-468

tion introduce compounding noise and long input469

sequences. General-purpose VLMs further under-470

perform on executable accuracy, suggesting that471

document-level generation objectives do not di-472

rectly translate to structured program synthesis.473

Under a strictly weaker and more realistic as-474

sumption, where table information is provided475

only as images and accessed through compact opti-476

cal tokens, OptiSQL achieves the strongest execu-477

tion accuracy among all non-text-only approaches.478

With only 256 optical tokens, OptiSQL approaches479

the performance of OCR pipelines while using480

an order of magnitude fewer table tokens. These481

results demonstrate that optical tokens produced482

by an OCR-oriented encoder preserve sufficient483

structural and semantic information to support exe-484

cutable SQL generation under severe compression.485

Robustness and encoder adaptation. Both486

FROZENENC and FULLFT degrade under test-487

time perturbations, with header masking consis-488

tently more damaging than style variation. While489

FULLFT slightly improves clean accuracy, it ex-490

hibits larger robustness drops, indicating overfitting491

to surface rendering patterns even with training-492

time augmentation. This trade-off motivates our493

choice of FROZENENC as the default setting for494

studying representation sufficiency and efficiency.495

Setting EXAcc (%) EX-Can (%)

Clean Image 66 76
NoImage 15 -83.33% 28 -63.16%

RandomImage 22 -66.67% 30 -60.53%

WrongTable 6 -90.91% 12 -84.21%

Table 2: EXAcc and EX-Can under visual grounding di-
agnostics. Removing, randomizing, or mismatching ta-
ble images causes substantial performance degradation,
highlighting the importance of correct visual grounding.

Clean Image No Image Random Image Wrong Table
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Figure 4: Visual grounding diagnostics for OptiSQL
(FrozenEnc). EXAcc and EX-Can under clean and per-
turbed visual inputs. Bars show accuracy. Performance
degrades sharply when visual grounding is disrupted.

6.2 Visual Grounding Diagnostics 496

To verify that OptiSQL relies on visual table in- 497

formation rather than language priors, we conduct 498

strong diagnostic ablations that remove or corrupt 499

the visual input. Table 2 reports execution accuracy 500

for FROZENENC under these conditions. 501

Removing optical tokens (NOIMAGE) causes 502

a dramatic collapse in execution accuracy, con- 503

firming that SQL generation does not reduce to a 504

language-only or template-based process. Replac- 505

ing the table image with random or mismatched im- 506

ages further degrades performance, demonstrating 507
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Figure 5: Execution accuracy and inference latency as
a function of the optical token budget. Increasing the
number of optical tokens improves execution accuracy
with diminishing returns beyond 256 tokens, while la-
tency grows approximately linearly, revealing a clear
efficiency-accuracy trade-off.

that OptiSQL is sensitive to table-specific visual508

content rather than generic visual cues. Together,509

these results provide direct evidence that optical510

tokens act as a necessary conditioning signal for511

executable reasoning.512

6.3 Efficiency-Accuracy Trade-offs513

We next analyze how performance scales with the514

optical token budget. Figure 5 shows execution515

accuracy and latency across budgets.516

Execution accuracy increases monotonically as517

the token budget grows, with diminishing returns518

beyond approximately 256 tokens. This identi-519

fies a clear efficiency sweet spot where OptiSQL520

achieves strong executable accuracy at moderate521

runtime cost. Notably, robustness trends remain sta-522

ble across budgets, indicating that compression pri-523

marily limits representational capacity rather than524

altering sensitivity to visual perturbations.525

Scope of Comparison. OptiSQL is not designed526

to compete directly with leaderboard systems on527

Spider 2.0, which assume full access to ground-528

truth textual schemas and contents. Such compar-529

isons would conflate differences in task formulation530

with performance in modeling. Instead, we include531

a strong text-only system as an upper-bound refer-532

ence to contextualize the efficiency-accuracy trade-533

off introduced by optical representations. Our ob-534

jective is to study whether executable reasoning re-535

mains feasible when table information is accessed536

through a highly compressed visual channel.537

6.4 Summary538

Overall, these results show that compact optical to-539

kens can serve as an effective and analyzable inter-540

face for executable semantic parsing. Compared to 541

textual representations, they offer substantial com- 542

pression at a controlled accuracy cost. Compared 543

to OCR pipelines, they avoid explicit reconstruc- 544

tion and reduce error propagation. Compared to 545

general-purpose vision-language models, OptiSQL 546

benefits from OCR-oriented tokenization and task- 547

specific decoder adaptation. Rather than replacing 548

text-based settings when ground-truth schemas are 549

available, optical tokens enable a principled ex- 550

ploration of efficiency-oriented semantic parsing 551

under realistic input constraints. 552

7 Conclusion 553

We study executable SQL generation under a re- 554

alistic setting where tables are available only as 555

visual artifacts rather than structured text. Instead 556

of reconstructing tables into long textual inputs, 557

we investigate whether compact optical tokens can 558

serve as an efficient interface for semantic parsing. 559

Experiments on a visualized version of Spider 2.0- 560

Snow show that optical tokens achieve substantial 561

input compression while preserving strong execu- 562

tion accuracy. Compared to OCR-based pipelines 563

and general-purpose vision-language models, Op- 564

tiSQL offers a more favorable efficiency-accuracy 565

trade-off under identical input assumptions. These 566

results suggest that optical tokenization is a practi- 567

cal alternative to text-centric table representations 568

when structured schemas are unavailable, and high- 569

light representation choice as a key design for exe- 570

cutable reasoning under long-context constraints. 571

Limitations 572

OptiSQL relies on a pretrained visual encoder, and 573

its performance is bounded by the encoder’s ability 574

to represent textual and structural information in ta- 575

ble images. Inputs with severe noise, handwriting, 576

or distortions may not be well handled. Moreover, 577

our evaluation focuses on single-table queries in 578

a visualized Spider 2.0-Snow setting. Extending 579

the approach to multi-table queries will require 580

modeling inter-table relations and joins, which we 581

leave to future work. Finally, we primarily adopt a 582

frozen-encoder training protocol to study represen- 583

tation sufficiency. While fine-tuning the encoder 584

can improve accuracy, it may reduce robustness, 585

suggesting a trade-off that warrants investigation. 586

We focus exclusively on executable SQL genera- 587

tion; the applicability of compact optical tokens to 588

other structured generation tasks remains open. 589
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A Appendix680

This appendix provides implementation and proto-681

col details that are omitted from the main text for682

conciseness. In particular, we describe (1) token683

accounting and TSR computation (table-only), (2)684

dataset visualization and rendering pipeline follow-685

ing DeepSeek-OCR style inputs, (3) robustness per-686

turbation generation, (4) execution evaluation pro-687

tocol in SQLite with failure taxonomy, (5) training688

and decoding hyperparameters for FROZENENC689

and FULLFT, and (6) additional canonicalization690

examples and intentionally excluded rules.691

A.1 Canonicalization for EX-Can692

We compute Canonical Exact Match (EX-Can) by693

applying a conservative canonicalization function694

Can(·) to both predicted and gold SQL strings, and695

then performing exact string comparison. Canon-696

icalization removes surface-form differences that697

are unlikely to change semantics, while avoiding698

aggressive rewrites that may introduce incorrect699

equivalence.700

More examples. Below are common cases han-701

dled by our pipeline:702

• Whitespace and case: SELECT * FROM T→703

select * from t.704

• Operator spacing: a=1 AND b =2 → a=1705

and b=2.706

• Flat boolean ordering (same level only):707

where age>18 and city=’LA’ ↔ where708

city=’LA’ and age>18.709

Rules we intentionally do not apply. We do not710

reorder JOINs, do not normalize nested boolean711

structures (beyond flat chains), do not rewrite sub-712

queries, and do not apply algebraic transformations713

such as distributing predicates across OR clauses.714

These operations can change semantics or require715

database-aware reasoning, and are therefore ex-716

cluded.717

A.2 Token Accounting and TSR (Table-only)718

In the main text we report input efficiency with719

table-only token accounting. That is, we measure720

how many tokens are needed to represent only the721

table, and we ignore question tokens and output722

tokens for TSR and related statistics. This choice723

isolates the compression benefit of optical tokeniza-724

tion on tabular content.725

Algorithm 1: Canonicalization pipeline for
EX-Can

Input: SQL string s
Output: Canonicalized SQL string Can(s)

Optional preprocessing:
s← STRIPCOMMENTS(s) ; // remove SQL
comments if present

s← NORMALIZEUNICODE(s) ; // normalize
Unicode characters

Step 1 (Case normalization):
s← LOWERCASEKEYWORDS(s) ; // or
uppercase, applied consistently

Step 2 (Whitespace normalization):
s← COLLAPSEWHITESPACE(s) ;
// spaces/newlines/tabs → single space

s← TRIM(s)

Step 3 (Punctuation spacing):
s← NORMALIZEOPSPACING(s) ; // e.g., a=1
↔ a = 1

Step 4 (Redundant parentheses):
s← REMOVEREDUNDANTPARENS(s) ; // only
if precedence is preserved

Step 5 (AND/OR condition ordering):
1. Parse s into an abstract syntax tree (AST):

T ← PARSESQL(s)

2. For each WHERE clause node in T :

(a) Identify maximal flat boolean chains at the same
syntactic level (handle AND and OR separately)

(b) Canonicalize each condition in the chain to a
string key

(c) Sort conditions lexicographically within each
chain

(d) Reconstruct the chain without re-associating
nested boolean expressions

3. Serialize the modified AST back to SQL:
s← SERIALIZESQL(T )

return s

Table-text token length. Let Lin(·) denote a 726

deterministic textual linearization of the table 727

(schema plus cell values) used by the text-only 728

baseline and by the OCR pipeline after reconstruc- 729

tion. We compute 730

Ltable-text(i) = |Tok(Lin(tablei))| , (7) 731

where Tok(·) is the tokenizer of the decoder (same 732

tokenizer used for SQL generation), and | · | counts 733

tokens. 734

Optical token length. For OptiSQL, let Vi = 735

E(Ii) be the optical token sequence produced by 736

the OCR-oriented encoder. We compute 737

Lopt(i) = |Vi|. (8) 738

Under a fixed token budget configuration (for exam- 739

ple 256), Lopt(i) is bounded and typically constant 740
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for most samples, except when dynamic tiling is741

enabled.742

Token Savings Ratio (TSR). We define TSR743

strictly on the table representation:744

TSR =
Ei [Ltable-text(i)]

Ei

[
Lopt(i)

] . (9)745

For interpretability, we also report the per-query746

averages E[Ltable-text] and E[Lopt].747

Implementation notes.748

• We use the same tokenizer across baselines to749

avoid tokenizer-induced artifacts.750

• Lin(·) is deterministic, including fixed col-751

umn ordering and row ordering, so that TSR752

is stable across runs.753

• For OCR pipelines, Ltable-text is computed on754

the reconstructed text fed into the downstream755

text-to-SQL model. This number is therefore756

comparable to the text-only baseline.757

A.3 Visualized Spider 2.0-Snow Construction758

and Rendering759

We build a visualized version of Spider 2.0-760

Snow (Lei et al., 2025) by rendering database tables761

into images while keeping natural language ques-762

tions and gold SQL unchanged. Rendering follows763

the image-input conventions used by DeepSeek-764

OCR (Wei et al., 2025) to ensure compatibility765

with OCR-oriented optical tokenization.766

Table extraction. For each example, we identify767

the target table(s) required by the gold SQL. In our768

single-table setting, we extract the referenced table769

into a structured grid with:770

• a header row (column names),771

• body cells (stringified values with type-aware772

formatting),773

• optional row index column (disabled by de-774

fault, enabled only for transpose augmenta-775

tion).776

Base rendering pipeline. We render tables via777

an HTML-CSS template and export to PNG:778

1. Serialize the table grid into HTML.779

2. Apply a CSS theme (fonts, border rules,780

padding, alignment).781

3. Use a headless browser to rasterize the HTML 782

into a high-resolution PNG with a white back- 783

ground and tight crop. 784

4. Apply model-side preprocessing expected by 785

the encoder (RGB conversion, resize with as- 786

pect ratio preserved, and padding if needed). 787

Unless otherwise specified, FROZENENC uses a 788

single base style at both training and evaluation. 789

Style templates (for FULLFT augmentation). 790

For training-time style augmentation (FULLFT 791

only), we sample from a set of style templates that 792

vary: 793

• font family and size, boldness, 794

• cell padding, row height, and column width, 795

• border thickness and grid visibility, 796

• zebra striping and header emphasis. 797

Figure 3 shows representative examples in the main 798

text. 799

Table transpose augmentation (FULLFT only). 800

We optionally apply a transpose transform to en- 801

courage invariance to layout changes while pre- 802

serving table semantics. Concretely, we render a 803

transposed view in which each original column be- 804

comes a labeled row, and we add an index header 805

for original rows. This produces a visually distinct 806

but information-preserving representation. The su- 807

pervision remains the same gold SQL because the 808

underlying data content and header-value associa- 809

tions are preserved in the rendered view. 810

A.4 Robustness Perturbations 811

We evaluate robustness using test-time perturba- 812

tions that modify the rendered table image without 813

retraining. All perturbations preserve table content 814

except for explicit occlusion in HeaderMask. 815

StyleShift. StyleShift samples a different render- 816

ing template at test time while preserving the same 817

grid content. This assesses invariance to superficial 818

style factors. 819

HeaderMask. HeaderMask occludes a portion 820

of column headers. We mask only the header row 821

region (not body cells) with a solid rectangle fill. 822

The masking ratio is capped at 1/3 of the header 823

region. Empirically, larger masking ratios cause op- 824

timization instability and can prevent convergence. 825
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Perturbation Default parameters

StyleShift sample 1 template uniformly from style pool
HeaderMask mask ratio r ∼ Unif(0, 1/3); header row only
NoImage remove optical tokens, keep question tokens
WrongTable permute table images within evaluation batch or dataset

Table 3: Default robustness perturbation parameters
used in evaluation.

• Mask target: header row cells only.826

• Mask ratio cap: at most 1/3 of header width827

per table.828

• Sampling: uniformly sample a contiguous829

span (or multiple short spans) over header830

cells, then draw opaque rectangles.831

NoImage and WrongTable. NOIMAGE removes832

optical tokens (or replaces them with a learned833

null token) while keeping the question unchanged.834

WRONGTABLE permutes table images across835

examples, producing mismatched table-question836

pairs. Both are diagnostic tests for visual ground-837

ing.838

Suggested perturbation parameterization. Ta-839

ble 3 summarizes default parameters used in our840

experiments.841

A.5 Execution Evaluation Protocol in SQLite842

We evaluate executable correctness by executing843

both predicted SQL and gold SQL in SQLite, using844

the same database instance per example. Execution845

timeouts are treated as failures.846

Engine and safety. We use SQLite as the DB847

engine. For each query:848

1. open a read-only connection to the corre-849

sponding database,850

2. execute the gold SQL to obtain the reference851

result R∗,852

3. execute the predicted SQL to obtain R if exe-853

cution succeeds.854

Timeout handling. We enforce a wall-clock855

timeout (for example 2 seconds) per query using856

a process-level timeout mechanism. If a query ex-857

ceeds the timeout, it is marked as Timeout and858

counted as execution failure. After excluding de-859

vice instability, we treat timeouts as model-induced860

failures, typically caused by missing predicates or861

pathological joins.862

Outcome category Rate (%)

Correct execution (EXAcc = 1) 76
Executable but wrong result 10
Timeout 2
Non-executable (syntax or schema error) 12

Total failures (EXAcc = 0) 24
Non-executable among failures 50

Table 4: Execution outcome breakdown under SQLite.
Among failures, non-executable predictions are about
half.

Result normalization. We compare results after 863

normalization: 864

• treat row order as irrelevant unless an explicit 865

ORDER BY exists in both queries, 866

• canonicalize numeric formatting (float toler- 867

ance if needed), 868

• normalize NULL and string encodings. 869

Failure taxonomy and additional statistics. Be- 870

yond EXAcc, we compute: 871

• ValidSQL: percentage of predicted SQL that 872

executes successfully within timeout, 873

• NonExecutable: percentage with SQL syntax 874

errors, missing tables or columns, or other 875

runtime errors, 876

• Timeout: percentage exceeding the timeout. 877

We observed that among the failed cases (EX- 878

Acc = 0), non-executable predictions account for 879

roughly 50%. Table 4 reports a representative 880

breakdown consistent with this observation. These 881

values should be updated with the final run logs, 882

but the taxonomy and reporting format remain the 883

same. 884

Common failure causes. We find two dominant 885

sources: 886

• Non-executable: schema linking errors 887

(wrong column names, missing table aliases), 888

malformed quoting, and invalid aggregation 889

usage. 890

• Executable but wrong: incorrect join paths, 891

missing filter predicates, and wrong aggrega- 892

tion or grouping. 893

Timeouts are commonly triggered by missing 894

WHERE predicates leading to full scans, or un- 895

intended Cartesian products. 896
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Hyperparameter FROZENENC FULLFT

Optimizer AdamW AdamW
β1, β2 (0.9, 0.95) (0.9, 0.95)
Weight decay 0.1 0.1
Warmup ratio 0.03 0.05
LR schedule cosine decay cosine decay
Grad clip norm 1.0 1.0
Precision bf16 (or fp16) bf16 (or fp16)

Table 5: Common optimization settings.

Learning rate FROZENENC FULLFT

Decoder LR 2× 10−4 1× 10−4

Encoder LR 0 (frozen) 5× 10−6

Encoder LR relative scale 0 20× smaller than decoder

Table 6: Recommended learning rates for FROZENENC
and FULLFT.

A.6 Training and Decoding Hyperparameters897

(FROZENENC vs FULLFT)898

This section provides a complete hyperparameter899

specification used for the two training variants:900

FROZENENC (default) updates only the decoder,901

and FULLFT updates both encoder and decoder902

with training-time augmentations.903

Optimizer and schedule. We use AdamW for904

all experiments. We recommend cosine decay with905

linear warmup. Gradient clipping is applied for906

stability.907

Learning rates. FROZENENC uses a higher908

decoder LR since only the decoder is trained.909

FULLFT uses a much smaller encoder LR to re-910

duce overfitting to visual styles and to preserve the911

pretrained optical tokenization behavior.912

Batching and steps. We recommend setting913

global batch size via gradient accumulation to fit914

GPU memory. A practical configuration is:915

• Global batch size: 256 examples (via accu-916

mulation).917

• Training steps: 20k to 30k for FROZENENC,918

10k to 20k for FULLFT (higher cost per step).919

Sequence lengths. We cap input and output920

lengths to stabilize training and ensure comparable921

latency reporting.922

• Optical tokens: {64, 100, 256, 400} depend-923

ing on budget.924

• Question length cap: 128 tokens.925

• Max input length: 512 tokens (optical plus 926

question plus special tokens). 927

• Max output length: 256 tokens for SQL gen- 928

eration. 929

Decoding strategy. We use deterministic decod- 930

ing for reliable executable evaluation. 931

• Default: beam search with beam size 4, tem- 932

perature 0, max output length 256. 933

• Latency reporting: greedy decoding (tem- 934

perature 0) with the same max output length. 935

Augmentations in FULLFT. Training-time aug- 936

mentations described in Appendix A.3 and Ap- 937

pendix A.4 (style variation and transpose) are en- 938

abled only for FULLFT. All other settings are kept 939

identical to FROZENENC to isolate the effect of 940

encoder adaptation. 941

A.7 Notes on Baseline Token Accounting 942

To avoid confusion in Table 1, we emphasize that 943

the OCR pipeline baseline consumes text tokens 944

after OCR reconstruction and schema linearization. 945

Therefore, its Tokens/Query reflects the length of 946

reconstructed table text (table-only) rather than op- 947

tical tokens. In the main table, we recommend 948

labeling this row as OCR-text + NL and explicitly 949

stating that its token count is computed under the 950

same table-text token accounting defined in Ap- 951

pendix A.2. 952
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