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Abstract001

Language models struggle with structured-data002
reasoning not because they cannot produce003
SQL, but because they misalign the question004
with the schema before SQL generation begins.005
These pre-SQL grounding errors, such as se-006
lecting the wrong target field, filter, join path,007
or schema slice, propagate into downstream008
query generation and execution. We intro-009
duce GRIPS (Grounded Pre-SQL Signature), a010
three-stage neurosymbolic framework that sep-011
arates question-to-schema grounding from SQL012
generation. GRIPS first constructs a determin-013
istic, LLM-free grounding record that resolves014
the question against the schema; this record015
then conditions SQL generation, and a deter-016
ministic executor returns the final answer. We017
evaluate GRIPS on TempTabQA-C and BIRD,018
covering both semi-structured temporal tables019
and fully relational databases. A failure audit of020
SQL Static shows that pre-computation ground-021
ing errors dominate on both benchmarks, ac-022
counting for 53.9% of failures on TempTabQA-023
C and 64.7% on BIRD. Across two model024
families, GRIPS-Adaptive improves over SQL025
Static in 18 of 20 comparisons, with an average026
gain of 11.0 REMS points, while reducing to-027
ken usage by 47.8%. These results suggest that028
making grounding explicit before SQL genera-029
tion improves accuracy, efficiency, and debug-030
gability.031

1 Introduction032

Large language models (LLMs) have made reason-033

ing over structured data look deceptively simple:034

provide a table or database schema, ask a question,035

and let the model answer. In practice, however,036

structured-data reasoning requires several decisions037

before any computation can be performed. The sys-038

tem must determine what the question refers to in039

the schema, identify the target field, resolve values040

and filters, recover relevant tables or schema slices,041

and decide which operation should be applied. If042

these pre-SQL decisions are wrong, errors carry 043

over to downstream reasoning. This is why mod- 044

els that perform strongly in free-form reasoning 045

remain brittle on structured-data QA across both 046

semi-structured temporal tables and fully relational 047

databases (Zhou et al., 2024; Shankarampeta et al., 048

2025; Gruber et al., 2025; Li et al., 2023; Osés Gri- 049

jalba et al., 2025; Du et al., 2025). 050

Recent work has addressed parts of this bottle- 051

neck from three broad directions. The first and 052

largest line of work targets SQL generation quality, 053

focusing on schema linking and schema retrieval 054

(Gao et al., 2024; Wang et al., 2025; Shi et al., 055

2025; Glass et al., 2025; Nahid et al., 2025; Eben 056

et al., 2025; Sharma et al., 2025; Zhang et al., 2025). 057

The second direction targets inference efficiency 058

through cost-aware routing (Zhu et al., 2025; Yi 059

and Chen, 2025; Shao et al., 2025). The third direc- 060

tion targets tabular reasoning for QA, improving 061

prompting and execution strategies to recover fi- 062

nal answers - though these methods have largely 063

been evaluated on semi-structured tables and do 064

not generalize readily to fully relational settings 065

(Kulkarni et al., 2025; Deng et al., 2025a; Rajgaria 066

et al., 2025). Crucially, these advances optimize 067

one component at a time and none addresses the 068

full pipeline from grounding through SQL genera- 069

tion to final answer recovery (Wu et al., 2024; Yang 070

et al., 2025). 071

In this work, we investigate the pipeline end-to- 072

end, starting with the pre-SQL condition, focusing 073

on what inputs are available and where LLMs fail 074

before generation even begins. Using the strongest 075

recent neurosymbolic baseline (symbolic proce- 076

dures externalize grounding and execution, while 077

the neural model is reserved for constrained SQL 078

synthesis), we evaluate on both structured (BIRD) 079

and semi-structured (TempTabQA-C) datasets and 080

find that the model’s inability to correctly map the 081

question onto the schema is the dominant error 082

source. 083
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Seeing this consistent pattern across both set-084

tings, we introduce GRIPS (Grounded Pre-SQL085

Signature), a robust and efficient framework that ad-086

dresses this bottleneck with the core idea: ground087

first, then generate. Rather than asking the model088

to infer schema grounding and write SQL simul-089

taneously, GRIPS makes the pre-SQL grounding090

state explicit and inspectable. Our evaluation is091

organized around three research questions:092

RQ1: Where do current structured-data reasoning093

baselines fail, and do these failures occur before094

computation across both semi-structured temporal095

tables and relational databases?096

RQ2: Does explicit pre-SQL grounding improve097

end-to-end answer accuracy across heterogeneous098

question types, counterfactual perturbations, table-099

size variation, and relational database queries?100

RQ3: Can explicit grounding reduce irrelevant101

schema context and token usage without sacrificing102

answer accuracy?103

Our main contributions are as follows:104

1. We provide a cross-benchmark failure anal-105

ysis of SQL-based structured-data reasoning,106

showing that pre-computation grounding fail-107

ures dominate across both TempTabQA-C and108

BIRD.109

2. We introduce GRIPS, a three-stage neurosym-110

bolic framework that constructs an explicit, de-111

terministic, LLM-free grounding record before112

SQL generation.113

3. We show that separating grounding from gen-114

eration improves both accuracy and efficiency.115

GRIPS-Adaptive improves over SQL Static in116

18 of 20 comparisons, with an average gain of117

11.0 REMS points, while reducing average to-118

ken usage by 47.8%.119

2 Related Work120

SQL generation quality. The dominant line of121

work improves SQL generation by refining schema122

linking through semantic retrieval (Wang et al.,123

2025), pseudo-SQL abstraction (Shi et al., 2025),124

agent-driven schema discovery (Ziyang Wang,125

2026), graph-based pathfinding (Safdarian et al.,126

2025), and token-level linking (Glass et al., 2025;127

Nahid et al., 2025; Li et al., 2023; Gao et al., 2024).128

All rely on an LLM at the grounding step and opti-129

mize for SQL correctness rather than final answer130

accuracy. To our knowledge, no prior method re-131

solves grounding deterministically before genera-132

tion while targeting end-to-end answer correctness 133

across both structured and semi-structured settings, 134

which is what GRIPS attempts. 135

Inference efficiency. Cost-aware methods re- 136

duce SQL generation overhead through complex- 137

ity routing (Zhu et al., 2025), tree-guided decod- 138

ing (Sharma et al., 2025), execution-bootstrapped 139

selection (Zhang et al., 2025), and multi-agent dis- 140

patch (Shao et al., 2025; Yi and Chen, 2025), but 141

typically require learned routers or dataset-specific 142

supervision. GRIPS aims to pursue efficiency dif- 143

ferently: by eliminating the LLM from the ground- 144

ing step entirely, the symbolic stage naturally pro- 145

duces compact, question-specific prompts, reduc- 146

ing average token usage significantly without any 147

routing supervision. 148

Tabular reasoning for QA. Work on semi- 149

structured table QA improves answer recov- 150

ery through symbolic intermediate representa- 151

tions (Kulkarni et al., 2025), temporal prompt- 152

ing (Deng et al., 2025b), and adaptive prompt- 153

ing (Rajgaria et al., 2025); robustness benchmarks 154

confirm persistent brittleness under temporal and 155

structural variation (Shankarampeta et al., 2025; 156

Zhou et al., 2024; Gruber et al., 2025). These meth- 157

ods improve execution or prompting but do not 158

address the upstream grounding step, and largely 159

remain within semi-structured settings. We build 160

directly on Kulkarni et al. (2025) and extend the 161

grounding bottleneck analysis to fully relational 162

databases, showing the same failure pattern holds 163

in both settings. 164

3 Diagnosing Pre-SQL Failures in 165

Structured-Data Reasoning 166

Before introducing GRIPS, we first ask where cur- 167

rent structured-data reasoning pipelines fail. Our 168

goal is not to re-rank existing methods, but to lo- 169

calize the dominant source of error. We focus this 170

analysis on SQL Static, the strongest non-adaptive 171

symbolic baseline from prior temporal tabular rea- 172

soning work (Kulkarni et al., 2025). SQL Static is 173

a useful diagnostic target because it already con- 174

strains the model to generate executable SQL from 175

schema context and fixed demonstrations. If such a 176

pipeline fails, the error can often be traced to a spe- 177

cific stage: the model may have selected the wrong 178

schema element, applied the wrong operation, or 179

failed to produce executable SQL. 180
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Example 1: TempTabQA-C, Hard

C: Darrell Pace
Personal Information: Birth Date = 1956-10-23
Olympic Games: Individual MedalGold | 1976 |Mon-
treal; MedalGold | 1984 | Los Angeles
Pan American Games: Team MedalGold | 1979 | San
Juan; MedalGold | 1983 | Caracas
Pan American Games: Individual MedalGold | 1983
| Caracas; MedalSilver | 1979 | San Juan

Q: How many medals did Darrell Pace win in his/her twen-
ties?

A: 6

Example 2: BIRD, california_schools

E: “between 1/1/1980 and 12/31/1980” means the year =
1980.

Q: What is the average number of test takers from Fresno
schools that opened between 1/1/1980 and 12/31/1980?

A: 137.89

Table 1: Examples from TempTabQA-C and BIRD.

3.1 Datasets181

Our analysis spans two structurally different bench-182

marks, with examples shown in Table 1.183

TempTabQA-C (Gupta et al., 2023) is a tempo-184

ral table QA benchmark built from Olympic and185

athletics infoboxes. It provides seven controlled186

evaluation splits: three difficulty levels (Easy(732),187

Medium(507), Hard(719), the original unmodified188

split (Orig.(578)), a counterfactual variant with per-189

turbed table content (CFact.)(699), and two table-190

size variants (Small(855), Large(538)). Together191

these splits test robustness across question diffi-192

culty, distributional shift, and structural variation.193

BIRD (Li et al., 2023) is a text-to-SQL benchmark194

spanning eight real-world relational databases. For195

answer-level evaluation, we execute the human-196

authored gold SQL queries to derive the reference197

outputs. Each question has a gold SQL query, an198

evidence hint, and one of three hardness labels:199

Simple(92), Moderate(92), or Challenging(92). We200

use the Mini-Dev split throughout and refer to it as201

BIRD.202

3.2 Analysis203

We run SQL Static (Kulkarni et al., 2025) on204

development-style evaluation slices (20 per split)205

from each benchmark and retain only the failed206

predictions. Each instance is manually inspected207

using the full question, schema or table context,208

optional evidence, generated SQL, executed result,209

and gold answer. Failure is defined at the final-210

answer level: on TempTabQA-C via REMS; on211

BIRD when the executed SQL does not produce212

the gold answer. Each failure receives one primary213

Figure 1: SQL Static failure breakdown by diagnostic
class and subcategory. TempTabQA-C grounding errors
concentrate on schema-slice and cardinality (G5/G3);
BIRD on filter and join grounding (G2/G4).

Type Example Question Root Cause

Wrong
target
(G)

Which was the most cur-
rent medal win for Lin
Sang?

Returns a partial
event string instead
of the correct for-
mat; target field
never resolved.

Wrong
scope
(O)

How many times did
Ilya Shymanovich win
an International medal
in the European Cham-
pionships (SC) before
2019?

Schema slice iden-
tified but temporal
operator applied in-
correctly; produces
0 instead of gold
count 4.

Empty
SQL
(E)

What is the shortest time
span (in years) within
which Abhinav Bindra
won gold, silver, and
bronze medals in the
same format across any
tournament?

Empty SQL pro-
duced; pipeline
fails before any
executable query is
formed.

Table 2: One representative failure per diagnostic class
from SQL Static. Full subcategory examples in Ap-
pendix A.

diagnostic label structured around a single causal 214

question: does the error arise before computation, 215

during computation, or at the execution interface? 216

We group failures into three diagnostic classes. 217

Grounding (G) errors occur before computation 218

begins. In these cases, the model fails to correctly 219

resolve the question against the schema. Examples 220

include selecting the wrong target field, grounding 221

a value to the wrong column, using the wrong fil- 222

ter, choosing the wrong schema slice, or following 223

the wrong join path. Operator (O) errors occur 224

after the relevant schema region is approximately 225

identified, but the wrong computation is applied. 226

Examples include incorrect temporal scope, aggre- 227

gation, ranking, comparison, or path-based selec- 228

tion. Execution-Interface (E) errors occur when 229

the pipeline fails to produce a usable query or an- 230

swer. Examples include invalid SQL, empty SQL, 231
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Figure 2: The GRIPS Framework

or malformed output.232

This taxonomy intentionally abstracts away from233

dataset-specific labels. TempTabQA-C and BIRD234

differ in structure, but both require the system to235

ground the question, apply the correct operation,236

and produce an executable query. The three-way237

taxonomy therefore allows us to compare failure238

composition across benchmarks.239

3.3 Results and Key Takeaway240

As shown in Figure 1, Grounding is the largest241

failure class on both benchmarks: 53.9% of fail-242

ures on TempTabQA-C and 64.7% on BIRD arise243

before any reasoning step, with Operator errors244

secondary (43.2%, 32.0%) and Execution-Interface245

failures small (2.9%, 3.3%). Table 2 gives one rep-246

resentative case per class; in all three, the SQL is247

syntactically valid yet wrong because the error oc-248

curs upstream when the question is resolved against249

the schema. This consistent pattern across both a250

semi-structured temporal benchmark and a fully251

relational one motivates GRIPS’s core design: re-252

solving question-to-schema grounding determinis-253

tically before any LLM call.254

4 The GRIPS Framework255

We introduce GRIPS, Grounded Pre-SQL Sig-256

nature, a three-stage neurosymbolic framework257

for structured-data reasoning. Given a question,258

schema or table context, and optional evidence,259

GRIPS separates the task into: (1) deterministic260

grounding, (2) LLM-based SQL generation, and261

(3) deterministic execution. Figure 2 illustrates this262

pipeline.263

The key idea is to separate what the question264

refers to from how the SQL should be written.265

Standard prompting pipelines ask the LLM to infer266

schema elements, values, filters, joins, and SQL in 267

a single step. GRIPS instead resolves the question- 268

to-schema mapping first and passes this grounding 269

record to the LLM before SQL generation. 270

4.1 Stage I: Deterministic Grounding 271

Stage I constructs a question-specific grounding ob- 272

ject as a JSON record. This object makes pre-SQL 273

decisions explicit and contains: the original ques- 274

tion, a slotized pattern, grounded slots, a structure 275

profile, and a compressed grounding signature. 276

For TempTabQA-C, we ground the 277

question against the temporal infobox 278

schema using slot types such as Athlete, 279

Tournament, Format, MedalColor, and Year; 280

the structure profile records answer-shape 281

cues such as total_placeholder_count, 282

distinct_slot_type_count, answer_shape, 283

and requirement. For BIRD, we lift the same idea 284

to the relational level, grounding to Table, Column, 285

Value, and Date; the structure profile records im- 286

plicated tables, grounded column and value counts, 287

grounding concentration, filter selectivity, target 288

determinacy, and foreign-key path length when 289

applicable. 290

The construction procedure is deterministic and 291

uses no gold SQL, labeled training data, or addi- 292

tional LLM calls. It builds alias maps over schema 293

names, values, dates, and evidence; grounds ques- 294

tion spans against those aliases; normalizes and 295

deduplicates matches; and replaces grounded spans 296

with typed placeholders. The result is a compact 297

representation of the question’s grounded structure 298

before SQL generation. 299

GRIPS is schema-aware rather than benchmark- 300

identical: the same operations are reused across 301

datasets, while the slot labels and schema inven- 302
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GRIPS Prompt Template

# Instruction
Write one SQLite query for the question.
Output SQL only.

# Schema
[CREATE TABLE ...]

# Rules
– SQLite only; output one SQL statement
– Return only the requested field(s)
– [Dataset-specific rules, e.g.,
Medal types: MedalGold, MedalSilver,
MedalBronze
Event = Tournament + Format + Year
BIRD: use provided evidence hint]

# GRIPS JSON
{
"question": "...",
"pattern": "...",
"grounded_slots": {...},
"structure_profile": {...}
}

# Examples
Ex1: {Q1} → SQL: {SQL1}
Ex2: {Q2} → SQL: {SQL2}

# Question
{Question}
# Target
SQL:

Figure 3: The GRIPS prompt template.

tories vary by data representation. Appendix B303

provides full construction details.304

The compressed signature records the structural305

pattern of the grounded question: which slot types306

appear, how many grounded entities or values are307

present, whether slots repeat, and what answer308

shape is implied. The signature serves two pur-309

poses. First, it conditions SQL generation by mak-310

ing the question-to-schema mapping visible to the311

LLM. Second, in GRIPS-Adaptive, it acts as a re-312

trieval key for selecting structurally similar demon-313

strations from the development pool.314

4.2 Stage II: GRIPS SQL Generation315

In Stage II, the LLM generates SQL conditioned on316

the GRIPS grounding object. The prompt includes317

the task instruction, schema block, dataset-specific318

rules, optional evidence, GRIPS JSON, demonstra-319

tions, and target question. The model is instructed320

to output exactly one SQLite query.321

We evaluate two variants.322

(1) GRIPS-Static uses the GRIPS JSON with a323

fixed set of demonstrations, isolating the effect of324

explicit grounding.325

(2) GRIPS-Adaptive, our main method, uses the326

same GRIPS JSON but dynamically selects demon-327

strations using the compressed signature, testing 328

the added value of structurally matched examples. 329

Thus, GRIPS-Static measures the contribution 330

of explicit pre-SQL grounding, while GRIPS- 331

Adaptive measures the additional contribution of 332

signature-based retrieval. The full prompt template 333

and benchmark-specific instantiations are in Fig- 334

ure 3. 335

4.3 Stage III: Deterministic Execution 336

In Stage III, the generated SQL is normalized and 337

executed in SQLite. GRIPS returns the executed 338

result as the final answer rather than the raw model 339

output. Keeping execution fixed across methods 340

isolates the effect of grounding and demonstration 341

selection. The design also improves debuggability: 342

errors can be traced to grounding, retrieval, SQL 343

generation, or execution, rather than being hidden 344

inside a single end-to-end prompt. 345

GRIPS assumes that relevant schema elements 346

and values can be recovered through aliasing, nor- 347

malization, evidence matching, and graph traversal. 348

This is reasonable for the benchmarks studied here, 349

but may be harder for schemas with incomplete 350

metadata or undocumented aliases, which is left 351

for future work. 352

5 Experimental Setup 353

We experiment with two models: GPT-5-nano with 354

default reasoning effort and temperature (OpenAI, 355

2025), and Llama-3.3-70B-Instruct (Grattafiori 356

et al., 2024). All methods are evaluated on all 357

10 splits on both benchmarks, 140 experiments in 358

total. 359

5.1 Baselines 360

We compare against seven baselines spanning 361

direct-answer and SQL-based approaches, follow- 362

ing the evaluation protocol of Kulkarni et al. (2025). 363

The first six are direct-answer baselines, whereas 364

the last one is a neurosymbolic method. 365

• Direct Static: fixed few-shot, free-text answer 366

from raw context. 367

• CLEAR (Kulkarni et al., 2025): row extraction, 368

question decomposition, answer synthesis. 369

• CoT (Wei et al., 2022; Kojima et al., 2022): ex- 370

plicit reasoning steps before answering. 371

• PlanSolve (Wang et al., 2023): reasoning plan 372

followed by step-by-step calculation. 373
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Model Method TempTabQA-C (REMS ↑) BIRD (REMS ↑)

Easy Medium Hard Orig. CFact. Small Large Simple Moderate Chall.

GPT-5-nano Direct Static 91.47 63.72 56.44 70.77 59.03 80.10 60.90 7.61 3.26 3.26
CLEAR 71.58 57.04 38.13 54.29 45.47 56.34 46.80 0.00 1.09 0.00
CoT 76.73 61.74 46.81 59.44 50.25 66.77 50.99 1.63 2.17 1.09
PlanSolve 78.46 61.11 45.68 61.04 51.15 68.85 53.18 0.00 2.17 1.09
PoT 5.12 2.38 3.45 4.76 2.39 6.20 1.49 2.17 2.17 1.09
Faithful-CoT 36.37 25.97 23.11 27.37 20.28 37.20 15.43 2.17 1.74 0.00
SQL Static 77.94 63.31 60.71 64.71 60.20 75.87 66.81 64.93 43.13 30.92

Ours GRIPS-Static 88.87 73.37 62.68 76.73 64.66 77.39 78.72 60.74 39.76 33.11
GRIPS-Adaptive 93.24 80.28 58.48 80.10 76.82 89.55 85.22 61.67 46.10 37.45

Llama-70B Direct Static 83.46 65.01 44.20 62.78 45.82 77.56 55.13 6.34 5.01 7.09
CLEAR 72.79 61.33 42.33 61.70 48.11 68.87 46.76 0.00 2.17 3.26
CoT 90.86 72.16 52.79 75.54 54.38 83.27 59.12 0.00 2.17 1.09
PlanSolve 89.79 72.64 50.76 72.72 58.20 81.08 59.61 1.09 3.26 1.09
PoT 14.75 0.25 6.82 6.23 6.22 6.78 6.88 3.82 4.35 1.63
Faithful-CoT 14.75 0.00 6.54 7.44 6.51 8.30 7.43 3.26 7.61 1.82
SQL Static 76.98 65.78 50.84 64.19 59.73 70.39 65.38 61.52 44.34 32.91

Ours GRIPS-Static 93.38 61.01 61.72 74.49 73.10 78.16 65.35 59.05 45.42 35.20
GRIPS-Adaptive 94.61 77.02 56.46 78.05 76.86 83.49 78.44 63.15 62.51 41.72

Table 3: REMS ↑ across TempTabQA-C and BIRD. EMS results follow the same pattern, shown in Appendix C.2.

• PoT (Chen et al., 2022): Python program over374

table contents to compute the answer.375

• Faithful-CoT (Lyu et al., 2023): explicit decom-376

position before program generation.377

• SQL Static (Kulkarni et al., 2025): SQL from378

raw schema with six fixed in-context examples;379

our direct point of comparison.380

5.2 Evaluation Metrics381

Following prior temporal tabular reasoning work,382

we report three metrics. (i) EMS (Exact Match383

Score) checks whether the predicted answer is384

character-for-character identical to the gold answer.385

(ii) REMS (Relaxed Exact Match Score) applies386

surface normalization before comparison, allowing387

minor formatting differences to count as correct.388

(iii) Avg. Token Count measures the average to-389

kens consumed per query across input and output,390

serving as a direct proxy for inference cost.391

6 Results and Discussion392

We evaluate GRIPS against seven baselines across393

TempTabQA-C and BIRD using two model fami-394

lies, GPT-5-nano and Llama-70B. Table 3 reports395

answer accuracy using REMS, while Table 6 re-396

ports average token usage.397

Across both datasets, the main pattern is consis-398

tent: GRIPS improves structured-data reasoning399

by making pre-SQL grounding explicit. GRIPS-400

Adaptive is the strongest overall method, improving401

over SQL Static in 18 of 20 comparisons with an402

average gain of 11.0 REMS points. At the same 403

time, it reduces average token usage by 47.8% rela- 404

tive to SQL Static. 405

6.1 RQ1: Where Do Baselines Fall Short? 406

As shown in Table 3, direct prompting methods 407

such as CoT, PlanSolve, PoT, Faithful-CoT and 408

Direct Static perform unevenly across difficulty 409

splits. On TempTabQA-C, for instance, CoT drops 410

from 76.73 to 46.81 (GPT-4o-mini) and from 90.86 411

to 52.79 (Llama-70B) between Easy and Hard, a 412

pattern that is consistent across methods. This sug- 413

gests that neither step-by-step reasoning nor direct 414

table querying reliably handles harder composi- 415

tional grounding problems. 416

SQL Static performs better than many 417

prompting-only methods, because it constrains 418

the model to produce executable SQL, however, 419

Table 4 shows that it still fails in systematic ways. 420

In the TempTabQA-C example, SQL Static in- 421

correctly splits “European Championships (SC)” 422

into separate fields, treating part of the entity as 423

a format constraint, producing the wrong answer. 424

GRIPS instead preserves the phrase as the correct 425

entity and recovers the correct count. In the BIRD 426

example, SQL Static queries ‘UserDisplayName’ 427

from the wrong table, while GRIPS identifies the 428

correct join path and returns the correct answer. 429

The error categories in Figure 4 further show 430

that SQL Static failures are often grounding fail- 431

ures rather than purely SQL execution failures. 432

On TempTabQA-C, GRIPS rescues 24% of SQL 433
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Benchmark Question SQL Static failure GRIPS correction

TempTabQA-
C

How many times did Ilya Shy-
manovich win an International
medal in the European Champi-
onships (SC) before 2019?

Splits into t.name = ‘European
Championships’ and f.name = ‘SC’;
incorrect format constraint; returns 0.

Preserves as t.name = ‘European
Championships (SC)’; removes
format filter; recovers count 4.

BIRD Name the user that commented
‘thank you user93!’

Queries UserDisplayName from
comments; column does not exist—
wrong target.

Joins via C.UserId = U.Id; selects
U.DisplayName; returns Preets.

Table 4: Representative failure cases showing what Stage I resolves before the LLM writes SQL. Red = SQL Static
Failure; green = GRIPS correction. Full queries in Appendix C.4.

Figure 4: Share of SQL Static failures rescued by
GRIPS, by diagnostic class and subcategory.

Static failures from grounding-related categories434

and about 15% from operator-related categories.435

On BIRD, it rescues 11% from grounding-related436

categories and about 5% from operator/path-related437

categories. This means the baseline often fails be-438

cause it selects the wrong target, filter, cardinal-439

ity, join, path, or scope. This suggests that the440

baseline methods are not just weak at final answer441

generation, but they often begin from the wrong442

interpretation of the question.443

6.2 RQ2: Does Explicit Grounding Improve444

Accuracy?445

GRIPS-Adaptive achieves the best REMS in 17446

of 20 groups and improves over SQL Static, the447

strongest prior neurosymbolic baseline, in 18 of448

20 groups, with an average gain of 11.0 REMS449

points. It is particularly effective when ground-450

ing ambiguity is high: large tables, counterfac-451

tual perturbations, and relational queries requir-452

ing non-trivial joins. Table 5 decomposes the gains:453

grounding alone (SQL Static → GRIPS-Static) con-454

tributes +5.1 REMS, and adding adaptive retrieval455

(GRIPS-Static → GRIPS-Adaptive) contributes an-456

other +5.9, confirming that both components are457

necessary.458

The broader takeaway is that instead of asking459

the model to identify evidence, resolve constraints,460

and write SQL all at once, GRIPS separates these461

Step Component Accuracy ↑ Efficiency ↓ ∆REMS

SS→ GS Grounding 15/20 20/20 +5.1
GS→ GA Retrieval 18/20 17/20 +5.9

Table 5: Ablation study of GRIPS component: SS =
SQL Static; GS = GRIPS-Static; GA = GRIPS-Adaptive

steps, reducing error propagation. Another bene- 462

fit is that GRIPS improves debuggability because 463

intermediate grounding decisions can be inspected. 464

Robustness across splits. On TempTabQA-C, 465

GRIPS-Adaptive is strongest across all three axes 466

— difficulty, counterfactual perturbation, and table 467

size. The largest gains over SQL Static appear on 468

large-table (+18.4 REMS on average) and coun- 469

terfactual splits (+16.6 REMS), consistent with 470

grounding being most valuable when context is 471

broader or noisier. One exception: GRIPS-Static 472

outperforms GRIPS-Adaptive on the Hard split for 473

both models. We attribute this to retrieval sparsity 474

— Hard questions are structurally rare in the de- 475

velopment pool, so signature-matched examples 476

are less reliable; fixed demonstrations prove more 477

stable under this condition. 478

On BIRD, GRIPS-Adaptive is best on Moder- 479

ate and Challenging for both models, improving 480

over SQL Static by up to 18.2 REMS points. The 481

one exception is BIRD Simple under GPT-5-nano, 482

where SQL Static is marginally stronger: when a 483

query can be answered from a near-direct schema 484

match, full-schema exposure is already sufficient 485

and GRIPS has little room to help. Its advantage 486

appears once queries require more selective ground- 487

ing — exactly where it improves on harder splits. 488

Model effects. GPT-5-nano and Llama-70B have 489

different strengths. On TempTabQA-C, GPT-5- 490

nano often has stronger Direct Static and GRIPS- 491

Adaptive scores. Thus the method is not simply 492

model-dependent in one direction. GRIPS transfers 493

across both, but model strengths vary by dataset 494

and split. Llama-70B is stronger in some CoT / 495

7



Model Method TempTabQA-C avg. tokens ↓ BIRD avg. tokens ↓

Easy Medium Hard Orig. CFact. Small Large Simple Moderate Chall.

GPT-5-nano Direct Static 2799 3098 3838 3373 4559 2539 4614 2885 2919 2875
CLEAR 4824 5418 6811 5794 7066 4599 7423 3459 3492 3454
CoT 2459 2878 3957 3333 4606 2327 4722 2683 2709 2661
PlanSolve 2410 2812 3908 3237 4444 2238 4661 2589 2602 2551
PoT 3921 4462 5924 4956 6176 3464 6674 2882 3160 3019
Faithful-CoT 3763 4485 5725 4775 6114 3311 6717 2733 2893 2761
SQL Static 3937 4329 5122 4719 4719 4334 4505 2227 2833 3220

Ours GRIPS-Static 2299 2664 3338 3212 3272 3010 2978 1475 1660 1872
GRIPS-Adaptive 1513 1989 2221 2110 2224 1895 2049 2012 2471 3077

Llama-70B Direct Static 1597 1595 1667 1576 1763 1398 2004 2532 2559 2657
CLEAR 2272 2370 2544 2408 2669 2107 2916 3239 3276 3220
CoT 1423 1501 1680 1537 1838 1265 2065 2610 2574 2536
PlanSolve 1336 1402 1612 1458 1729 1192 1964 2438 2506 2432
PoT 1563 1647 1863 1686 2102 1349 2399 2576 2628 2596
Faithful-CoT 1651 1762 1980 1805 2176 1445 2465 2594 2702 2653
SQL Static 2918 3017 3080 3003 3017 2974 2977 1193 1241 1256

Ours GRIPS-Static 1293 1131 2047 2525 1824 1504 1953 1170 1219 1238
GRIPS-Adaptive 634 803 996 814 823 775 801 1039 1133 1203

Table 6: Average total token count per query across all splits (↓ lower is better).

PlanSolve settings. The BIRD gains from GRIPS-496

Adaptive over GRIPS-Static are larger for Llama.497

6.3 RQ3: Does Grounding Reduce Token498

Usage?499

Avg. Token Count measures provider-reported to-500

tal tokens (input prompt and completion) for the501

final answer-generation run. It counts only content502

inserted into the prompt, such as schema, evidence,503

GRIPS JSON, and demonstrations, and excludes504

local retrieval pools, database files, signature con-505

struction, example scoring, and SQL execution.506

Because GPT-5-nano and Llama-70B use different507

tokenizers and provider accounting, token counts508

should be compared within model/provider rather509

than across them.510

As Table 6 shows, GRIPS-Adaptive substantially511

reduces the token usage across both datasets, in 17512

of 20 groups, with an average reduction of 47.8%513

relative to SQL Static. This efficiency gain comes514

from narrowing the context before final generation.515

Rather than passing large amounts of schema or516

evidence into the model, GRIPS-Adaptive retrieves517

the most relevant information after grounding the518

question. The system therefore spends fewer to-519

kens on irrelevant context and avoids long reason-520

ing traces that do not improve correctness.521

Overall, the results suggest that better decom-522

position can improve both performance and cost,523

as many baselines use more tokens without consis-524

tently matching GRIPS-Adaptive’s accuracy.525

Scaling across difficulty and datasets. GRIPS- 526

Adaptive reduces token counts by 55–78% ver- 527

sus SQL Static across Easy/Medium/Hard splits 528

on TempTabQA-C for both model families, as it 529

queries only a compact grounded schema slice 530

rather than the full schema. On BIRD — a stricter 531

setting with larger relational schemas — Llama- 532

70B shows that GRIPS-Adaptive is simultane- 533

ously the cheapest and most accurate method, re- 534

ducing tokens from 1,193–1,256 (SQL Static) to 535

1,039–1,203 while improving REMS across all 536

three difficulty levels. Under GPT-5-nano on BIRD, 537

GRIPS-Static is cheaper than GRIPS-Adaptive 538

(e.g., 1,475 vs. 2,012 on Simple), suggesting adap- 539

tive selection over-expands on large schemas for 540

weaker models, yet GRIPS-Adaptive still under- 541

cuts SQL Static on all splits and improves accuracy 542

on Moderate and Challenging. 543

7 Conclusion and Future Work 544

We introduced GRIPS, a neurosymbolic frame- 545

work that makes pre-SQL grounding explicit be- 546

fore generation. GRIPS-Adaptive improves over 547

SQL Static in 18 of 20 comparisons (+11.0 REMS, 548

−47.8% tokens), showing that explicit ground- 549

ing improves accuracy and efficiency simultane- 550

ously. Future work will extend to noisier schemas 551

and investigate transfer to knowledge graph QA, 552

where the same upstream bottleneck arises before 553

SPARQL generation. 554
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Limitations555

GRIPS’s symbolic grounding relies on heuristic556

alias maps and schema normalization rules that557

may not transfer cleanly to noisier schemas or para-558

phrastic queries. At the same time, the procedure is559

schema-aware rather than benchmark-specialized:560

the same operations—alias mapping, span ground-561

ing, normalization, and optional graph traver-562

sal—are reused across settings, while only the563

schema inventory changes. Our failure taxonomy564

involves manual interpretation, and our evaluation565

covers two benchmark families — TempTabQA-C566

and BIRD — which do not exhaust the broader567

space of real-world tabular settings. BIRD re-568

sults should be interpreted with caution, as prior569

work has documented noisy questions and incor-570

rect gold SQL in some domains (Wretblad et al.,571

2024), which can affect benchmark reliability.572

Ethics Statement573

This work studies question answering over bench-574

marked structured datasets and relational databases;575

it does not involve human-subject experimentation576

or user deployment. The main risk is over-reliance577

on generated answers or SQL in settings where578

correctness matters. Although symbolic grounding579

improves interpretability and reduces some error580

modes, incorrect grounding can still produce plau-581

sible but false outputs. We therefore do not recom-582

mend use of the method without task-level verifica-583

tion in high-stakes domains such as medicine, law,584

finance, or public administration. Users should also585

respect the licensing and access conditions of the586

underlying datasets and database resources.587
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A Failure Analysis793

We audit SQL Static failures to identify where794

structured-data reasoning breaks down before in-795

troducing GRIPS. The protocol, taxonomy, and796

empirical composition are described below.797

A.1 Failure Analysis Protocol798

We run SQL Static on development-style evalu-799

ation slices from each benchmark and manually800

inspect each failed instance using the full ques-801

tion, schema or table context, optional evidence,802

generated SQL, executed result, and gold answer.803

Each failure receives one primary diagnostic label804

structured around a single causal question: does the805

error arise before computation, during computation,806

or at the execution interface?807

A.2 Nine-Way Failure Taxonomy808

Table 7 lists one representative instance per subcat-809

egory, covering all nine non-zero failure subtypes810

observed across TempTabQA-C and BIRD. Each811

example is drawn directly from the audited SQL812

Static runs.813

A.3 Empirical Failure Composition814

Figure 5 shows the class distribution after re-815

auditing SQL Static errors across all splits. Ground-816

ing dominates on both benchmarks, confirming the817

pattern reported in Section 3.3.818

B GRIPS Construction Details819

This section describes how the GRIPS JSON is820

constructed deterministically for each benchmark,821

illustrated in Figure 6, without LLM calls, gold822

SQL, or manual annotation.823

B.1 Algorithm 824

Algorithm 1 summarizes the routine: we build alias 825

maps over schema names, values, dates, and evi- 826

dence; ground question spans against these aliases; 827

merge evidence-level matches when available; nor- 828

malize duplicates; and replace grounded mentions 829

with typed placeholders to produce the slotized 830

pattern. We then derive the structure profile and 831

serialize the full object into a compressed ground- 832

ing signature. The slot labels differ because the 833

schemas differ, but the construction operations are 834

shared: alias expansion, span matching, normaliza- 835

tion, deduplication, and structure profiling. 836

B.2 TempTabQA-C 837

For TempTabQA-C, the symbolic stage grounds 838

the question against a fixed temporal infobox 839

schema using regex- and cue-based rules over 840

five slot types: Athlete, Tournament, Format, 841

MedalColor, and Year. Years are extracted 842

through explicit year patterns; medal colors from 843

a controlled inventory; formats through distance- 844

format expressions; tournament spans through cap- 845

italized multi-word patterns; and athlete names 846

through cue-based fallback matching. Overlap- 847

ping candidates are deduplicated so that no span 848

is assigned to conflicting slots. The question is 849

then rewritten into a slotized pattern by replacing 850

grounded spans with typed placeholders, and struc- 851

tural counts — total placeholder count, distinct 852

slot-type count, repeated slots, and tuple-style re- 853

quirement labels (singlet, doublet, triplet) — are 854

derived deterministically. 855

B.3 BIRD 856

Thus, the procedure is not benchmark-specific in 857

the sense of encoding task-specific reasoning mod- 858

ules; it is a schema-aware deterministic ground- 859

ing pipeline instantiated over different schema in- 860

ventories. For BIRD, the same principle is ap- 861

plied at the relational-schema level, grounding the 862

question to Table, Column, Value, and Date ob- 863

jects. Schema metadata — table names, column 864

names, and foreign-key structure — is loaded and 865

alias maps are built over normalized forms to sup- 866

port spacing, inflectional, and orthographic varia- 867

tion. Value grounding handles quoted strings, nu- 868

meric spans, categorical codes, and date expres- 869

sions. The structural profile records implicated 870

tables, grounded column and value counts, target 871

determinacy, grounding concentration, filter selec- 872

11



Code Failure type Example Dataset Observation / Root cause

G1 Wrong
target

Which was the most current medal win for Lin
Sang?

TempTabQA-
C

Returns a partial event description in-
stead of the correct answer form; target
field never resolved.

G2 Wrong filter State the names and full communication ad-
dress of high schools in Monterey which has
more than 800 free or reduced price meals for
ages 15–17?

BIRD Grounds Monterey to City instead of
County; query filtered on wrong at-
tribute.

G3 Wrong cardi-
nality

In which year(s) did Kylie Masse win medals
in the World Championships (LC)?

TempTabQA-
C

Question is set-valued but system emits
no final answer despite a valid multi-
year SELECT DISTINCT query.

G4 Wrong join What is the telephone number for the school
with the lowest average score in reading in
Fresno Unified?

BIRD Joins through frpm instead of the mini-
mal gold join path; incorrect relational
grounding.

G5 Wrong slice How many International medals did Abhinav
Bindra win in the 2002?

TempTabQA-
C

Counts over an incorrectly grounded ev-
idence slice; returns 0 instead of gold
answer 2.

O1 Wrong tem-
poral scope

How many times did Ilya Shymanovich win an
International medal in the European Champi-
onships (SC) before 2019?

TempTabQA-
C

Schema slice largely identified but tem-
poral operator applied incorrectly; re-
turns 0 instead of 4.

O2 Wrong path For the branch located in south Bohemia with
the biggest number of inhabitants, what is the
percentage of male clients?

BIRD Follows wrong structural path for target
branch selection; incorrect maximum-
based condition used.

E1 Invalid SQL Count the events where Natalia Valeeva won
gold, then a lower medal, then gold again in
consecutive iterations.

TempTabQA-
C

References non-existent column
m2.tournament_id; execution fails.

E2 Empty SQL What is the shortest time span (in years) within
which Abhinav Bindra won gold, silver, and
bronze medals in the same format across any
tournament?

TempTabQA-
C

System produces empty_sql; pipeline
fails before any executable query is
formed.

Table 7: Representative failures from audited SQL Static runs, aligned with the nine non-zero subcategories in
Figure 1.

Algorithm 1 GRIPS JSON Construction
Require: Question q; schema or table context S; optional

evidence e
Ensure: GRIPS JSON z
1: A ← BUILDALIASMAPS(S, e)
2: Mq ← GROUNDQUESTION(q,A)
3: if e is available then
4: Me ← GROUNDEVIDENCE(e,A)
5: else
6: Me ← ∅
7: end if
8: M ← DEDUPLICATENORMALIZE(Mq ∪Me)
9: p← SLOTPATTERN(q,Mq)

10: ϕ← STRUCTUREPROFILE(q,M,S)
11: z ← {question : q, pattern : p, slots :

M, profile : ϕ}
12: z.signature← COMPRESS(z)
13: return z

tivity, and shortest foreign-key path length, all de-873

rived through deterministic graph traversal.874

B.4 What the Symbolic Layer Contributes875

The GRIPS JSON is not an answer, a chain-of-876

thought, or an executable program. It externalizes877

the question-to-schema mapping that would oth-878

erwise remain implicit inside the prompt, directly879

targeting the dominant upstream failure identified880

in Section 3.3. Figure 6 shows one real signature881

from each benchmark. 882

C Additional Results 883

C.1 Full Baseline Results 884

Tables 8–11 report REMS and EMS for all base- 885

lines across all splits of TempTabQA-C and BIRD. 886

EMS follows the same pattern as REMS through- 887

out; both are included here for completeness. 888

C.2 Results with All Baselines 889

We report the full appendix results for all baselines, 890

including REMS/EMS and token count (TC), in 891

addition to the focused main-paper comparisons. 892

C.3 Overall Accuracy–Efficiency 893

Table 12 reports weighted overall REMS, average 894

token count, and REMS per 1k tokens across both 895

benchmarks. REMS/1k Tok jointly captures accu- 896

racy and efficiency on a single frontier metric. 897

C.4 Extended Rescue Examples 898

This section extends the two main-paper cases with 899

two additional failure–correction pairs, one per 900

12



Figure 5: Failure composition by diagnostic class after re-auditing SQL Static errors on TempTabQA-C (Easy/Medi-
um/Hard) and BIRD (Simple/Moderate/Challenging).

benchmark, covering a different failure subtype901

in each.902

TempTabQA-C — Full SQL. Question: How903

many times did Ilya Shymanovich win an Interna-904

tional medal in the European Championships (SC)905

before 2019?906

SQL Static (returns 0).907
908

SELECT COUNT(*) AS medal_count909
FROM Medal m910
JOIN Format f ON m.format_id = f.format_id911
JOIN Tournament t ON f.tournament_id = t.912

tournament_id913
JOIN Athlete a ON t.athlete_id = a.athlete_id914
WHERE a.name = 'Ilya Shymanovich'915

AND t.name = ’European Championships’916
AND f.name = ’SC’917
AND m.year < 2019918
AND m.type IN ('MedalGold', 'MedalSilver', '919

MedalBronze');920921

GRIPS Adaptive (returns 4).922
923

SELECT COUNT(m.medal_id) AS total_medals924
FROM Medal m925
JOIN Format f ON m.format_id = f.format_id926
JOIN Tournament t ON f.tournament_id = t.927

tournament_id928
JOIN Athlete a ON t.athlete_id = a.athlete_id929
WHERE a.name = 'Ilya Shymanovich'930

AND t.name = ’European Championships (SC)’931
AND m.year < 2019;932933

BIRD — Full SQL. Question: Name the user934

that commented ‘thank you user93!’935

SQL Static (no answer).936
937

SELECT UserDisplayName938
FROM comments939
WHERE Text = 'thank you user93!'940
LIMIT 1;941942

GRIPS Static and GRIPS Adaptive (returns 943

Preets). 944
945

SELECT U.DisplayName 946
FROM comments C 947
JOIN users U ON C.UserId = U.Id 948
WHERE C.Text = 'thank you user93!' 949
LIMIT 1; 950951

D AI Disclosure 952

AI-based assistants were used for limited writing, 953

coding, and figure-preparation support during the 954

development of this project. All experiments, an- 955

notations, technical claims, and final manuscript 956

decisions were reviewed and validated by the au- 957

thors. 958
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TempTabQA-C GRIP SIGNATURE

question:
How many times did Kemar Bailey-Cole win

an
International medal in the Commonwealth

Games
before 2012?

pattern:
How many times did {Athlete} win an
International medal in the {Tournament}
before {Year}?

grounded_slots:
Athlete = Kemar Bailey-Cole
Tournament = Commonwealth Games
Year = 2012

structure_profile:
total_placeholder_count = 3
distinct_slot_type_count = 3
answer_shape = count
requirement = triplet

BIRD GRIP SIGNATURE

question:
What is the ratio of customers who pay

in EUR
against customers who pay in CZK?

pattern:
What is the ratio of customers who pay

in
{Value} against customers who pay in

{Value}?

grounded_slots:
Table = customers
Column = Currency
Value = EUR; Value = CZK

structure_profile:
implicated_tables = [customers]
grounded_column_count = 1
grounded_value_count = 2
grounding_concentration = high
filter_selectivity = narrow
target_determinacy = inferred_clear

Figure 6: Examples of real GRIP signatures from TempTabQA-C and BIRD. Each signature records the original
question, its slotized pattern, grounded schema elements, and a compact structure profile before direct answering or
SQL generation.

Model Method Easy Medium Hard

REMS/EMS TC REMS/EMS TC REMS/EMS TC

GPT-5-nano Direct Static 91.47 / 90.57 2799 63.72 / 61.54 3098 56.44 / 55.22 3838
CLEAR 71.58 / 70.77 4824 57.04 / 54.44 5418 38.13 / 37.27 6811
CoT 76.73 / 75.68 2459 61.74 / 58.97 2878 46.81 / 45.48 3957
PlanSolve 78.46 / 77.73 2410 61.11 / 58.78 2812 45.68 / 44.37 3908
PoT 5.12 / 5.05 3921 2.38 / 2.17 4462 3.45 / 3.34 5924
Faithful-CoT 36.37 / 35.66 3763 25.97 / 24.46 4485 23.11 / 22.39 5725
SQL Static 77.94 / 77.73 3937 63.31 / 63.31 4329 60.71 / 60.64 5122

Ours GRIPS-Static 88.87 / 87.57 2299 73.37 / 72.98 2664 62.68 / 62.59 3338
GRIPS-Adaptive 93.24 / 92.35 1513 80.28 / 80.28 1989 58.48 / 58.28 2221

Llama-70B Direct Static 83.46 / 82.79 1597 65.01 / 56.61 1595 44.20 / 42.56 1667
CLEAR 72.79 / 72.13 2272 61.33 / 57.59 2370 42.33 / 41.72 2544
CoT 90.86 / 89.89 1423 72.16 / 67.65 1501 52.79 / 51.60 1680
PlanSolve 89.79 / 89.34 1336 72.64 / 68.05 14017 50.76 / 49.65 1612
PoT 14.75 / 14.62 1563 0.25 / 0.20 1647 6.82 / 6.68 1863
Faithful-CoT 14.75 / 14.21 1651 0.00 / 0.00 1762 6.54 / 5.98 1980
SQL Static 76.98 / 76.78 2918 65.78 / 64.89 3017 50.84 / 49.79 3080

Ours GRIPS-Static 93.38 / 93.17 1293 61.01 / 58.58 1131 61.72 / 60.08 2047
GRIPS-Adaptive 94.61 / 94.40 634 77.02 / 76.33 803 56.46 / 54.94 996

Table 8: TempTabQA-C Easy, Medium, and Hard split accuracy and token usage with all baselines.
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Model Method
Simple Moderate Challenging

REMS/EMS TC REMS/EMS TC REMS/EMS TC

GPT-5-nano Direct Static 7.61 / 6.52 2885 3.26 / 3.26 2919 3.26 / 2.17 2875
CLEAR 0.00 / 0.00 3459 1.09 / 1.09 3492 0.00 / 0.00 3454
CoT 1.63 / 1.09 2683 2.17 / 2.17 2709 1.09 / 1.09 2661
PlanSolve 0.00 / 0.00 2589 2.17 / 2.17 2602 1.09 / 1.09 2551
PoT 2.17 / 1.09 2882 2.17 / 2.17 3160 1.09 / 1.09 3019
Faithful-CoT 2.17 / 2.17 2733 1.74 / 1.09 2893 0.00 / 0.00 2761
SQL Static 64.93 / 58.70 2227 43.13 / 34.78 2833 30.92 / 21.74 3220

Ours GRIPS-Static 60.74 / 54.35 1475 39.76 / 33.70 1660 33.11 / 27.17 1872
GRIPS-Adaptive 61.67 / 55.43 2012 46.10 / 40.22 2471 37.45 / 26.09 3077

Llama-70B Direct Static 6.34 / 5.43 2532 5.01 / 4.35 2559 7.09 / 4.35 2657
CLEAR 0.00 / 0.00 3239 2.17 / 2.17 3276 3.26 / 3.26 3220
CoT 0.00 / 0.00 2610 2.17 / 2.17 2574 1.09 / 1.09 2536
PlanSolve 1.09 / 0.00 2438 3.26 / 3.26 2506 1.09 / 1.09 2432
PoT 3.82 / 3.26 2576 4.35 / 4.35 2628 1.63 / 0.00 2596
Faithful-CoT 3.26 / 2.17 2594 7.61 / 7.61 2702 1.82 / 1.09 2653
SQL Static 61.52 / 55.43 1193 44.34 / 34.78 1241 32.91 / 21.74 1256

Ours GRIPS-Static 59.05 / 53.26 1170 45.42 / 33.70 1219 35.20 / 25.00 1238
GRIPS-Adaptive 63.15 / 55.43 1039 62.51 / 50.00 1133 41.72 / 30.43 1203

Table 9: BIRD Simple, Moderate, and Challenging split accuracy and token usage with all baselines.

Model Method Original Counterfactual

REMS/EMS TC REMS/EMS TC

GPT-5-nano Direct Static 70.77 / 69.55 3373 59.03 / 57.31 4559
CLEAR 54.29 / 53.11 5794 45.47 / 44.28 7066
CoT 59.44 / 57.61 3333 50.25 / 48.34 4606
PlanSolve 61.04 / 59.34 3237 51.15 / 49.20 4444
PoT 4.76 / 4.50 4956 2.39 / 2.32 6176
Faithful-CoT 27.37 / 26.47 4775 20.28 / 19.25 6114
SQL Static 64.71 / 64.71 4719 60.20 / 60.20 4719

Ours GRIPS-Static 76.73 / 76.47 3212 64.66 / 63.95 3272
GRIPS-Adaptive 80.10 / 79.76 2110 76.82 / 75.82 2224

Llama-70B Direct Static 62.78 / 59.86 1576 45.82 / 41.82 1763
CLEAR 61.70 / 59.86 2408 48.11 / 45.30 2669
CoT 75.54 / 73.36 1537 54.38 / 51.81 1838
PlanSolve 72.72 / 70.76 1458 58.20 / 55.72 1729
PoT 6.23 / 6.06 1686 6.22 / 6.22 2102
Faithful-CoT 7.44 / 6.75 1805 6.51 / 6.37 2176
SQL Static 64.19 / 63.67 3003 59.73 / 59.08 3017

Ours GRIPS-Static 74.49 / 72.66 2525 73.10 / 72.53 1824
GRIPS-Adaptive 78.05 / 76.99 814 76.86 / 75.39 823

Table 10: TempTabQA-C Original vs. CounterFactual accuracy and token usage with all baselines.
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Model Method Small Large

REMS/EMS TC REMS/EMS TC

GPT-5-nano Direct Static 80.10 / 78.71 2539 60.90 / 58.74 4614
CLEAR 56.34 / 55.44 4599 46.80 / 45.17 7423
CoT 66.77 / 65.38 2327 50.99 / 49.26 4722
PlanSolve 68.85 / 67.49 2238 53.18 / 51.49 4661
PoT 6.20 / 6.08 3464 1.49 / 1.49 6674
Faithful-CoT 37.20 / 36.02 3311 15.43 / 15.06 6717
SQL Static 75.87 / 75.79 4334 66.81 / 66.54 4505

Ours GRIPS-Static 77.39 / 75.79 3010 78.72 / 77.70 2978
GRIPS-Adaptive 89.55 / 88.54 1895 85.22 / 83.83 2049

Llama-70B Direct Static 77.56 / 74.39 1398 55.13 / 50.93 2004
CLEAR 68.87 / 67.37 2107 46.76 / 44.98 29164
CoT 83.27 / 81.52 1265 59.12 / 57.06 20654
PlanSolve 81.08 / 79.88 11925 59.61 / 57.81 1964
PoT 6.78 / 6.78 1349 6.88 / 6.32 2399
Faithful-CoT 8.30 / 8.07 1445 7.43 / 6.88 2465
SQL Static 70.39 / 69.79 2974 65.38 / 64.87 2977

Ours GRIPS-Static 78.16 / 76.37 1504 65.35 / 63.75 1953
GRIPS-Adaptive 83.49 / 82.22 775 78.44 / 77.51 801

Table 11: TempTabQA-C small-table vs. large-table accuracy and token usage with all baselines.
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Dataset Model Method REMS Tokens REMS/1k Tok

BIRD GPT-5-nano

Direct Static 4.71 2893.3 1.63
CLEAR 0.36 3468.4 0.10
CoT 1.63 2684.2 0.61
PlanSolve 1.09 2580.7 0.42
PoT 1.81 3020.4 0.60
Faithful-CoT 1.30 2795.8 0.47
SQL Static 46.33 2760.2 17.99

Ours GRIPS-Static 44.54 1669.3 27.60
GRIPS-Adaptive 48.41 2520.0 20.49

Llama-70B

Direct Static 6.15 2582.8 2.38
CLEAR 1.81 3244.8 0.56
CoT 1.09 2573.6 0.42
PlanSolve 1.81 2458.7 0.73
PoT 3.27 2600.2 1.26
Faithful-CoT 4.23 2649.7 1.59
SQL Static 46.26 1230.0 37.83

Ours GRIPS-Static 46.56 1209.4 38.71
GRIPS-Adaptive 55.79 1125.0 50.21

TempTabQA-C GPT-5-nano

Direct Static 69.87 3492.0 21.66
CLEAR 53.00 5916.2 9.51
CoT 59.46 3407.7 19.57
PlanSolve 60.47 3325.4 20.46
PoT 3.88 4995.3 0.89
Faithful-CoT 27.35 4886.3 6.35
SQL Static 67.67 4519.0 15.18

Ours GRIPS-Static 74.63 2971.8 25.84
GRIPS-Adaptive 80.68 1990.0 41.78

Llama-70B

Direct Static 64.27 1622.3 39.83
CLEAR 59.69 2406.7 25.43
CoT 73.23 1550.3 49.33
PlanSolve 71.90 1467.5 51.27
PoT 7.36 1714.9 4.48
Faithful-CoT 7.86 1815.0 4.54
SQL Static 65.25 2992.3 21.81

Ours GRIPS-Static 73.42 1742.3 45.24
GRIPS-Adaptive 79.56 801.3 99.43

Table 12: Weighted overall accuracy and efficiency across TempTabQA-C and BIRD. REMS/1k Tok measures
answer accuracy per thousand tokens consumed, combining accuracy and efficiency into a single frontier metric.
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