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Abstract

The ability to retrieve relevant tables for an-001
swering questions is a key task for structured002
information retrieval. Multi-stage retrieval sys-003
tems rely heavily on rerankers to refine can-004
didate lists produced by efficient first-stage005
retrievers. As a result, neural rerankers and006
LLM-based reranking methods have become007
increasingly important due to their superior ca-008
pacity for semantic understanding and reason-009
ing compared to conventional sparse or dense010
retrieval models. Recently, Large Reasoning011
Models (LRMs) equipped with explicit chain-012
of-thought (CoT) reasoning have shown strong013
improvements in ranking quality in unstruc-014
tured passage retrieval.015

In this work, we present TabRank, a016
framework for training reasoning rerankers017
for Tabular Retrieval. We first present a018
comprehensive dataset of 6728 reasoning019
traces for tabular reranking on the Natural020
Questions Tables dataset. We then explore021
two variants of training a compact reasoning022
model on these reasoning traces: explicit023
CoT distillation and conditioning the student024
reranker on the teacher’s reasoning trace025
within the prompt. We stress-test TabRank026
on several out-of-distribution generalization027
settings on diverse domains and multi-table028
scenarios. Our approach significantly improves029
performance across a variety of table retrieval030
datasets, increasing Acc@10 by 30.5%031
on HybridQA, 15.2% on SQA, 52.9% on032
TabFact, and 13.1% on TATQA subsets of033
the Multi-Table QA Benchmark compared034
to the base model. Notably, TabRank gen-035
eralizes effectively to multi-table reasoning.036
Our code, data and models are available at037
https://anonymous.4open.science/r/TabRanker-038
46DC/039

1 Introduction040

Multi-stage retrieval has become the dominant041

architecture for open-domain question answer-042

ing over structured data: a lightweight first-stage043

retriever produces a coarse candidate set using 044

embedding-based methods, which a reranker re- 045

fines before passing results to a reader or generator 046

any downstream task. Because the reranker oper- 047

ates at the critical bottleneck between retrieval and 048

reasoning, its effectiveness directly governs end-to- 049

end system performance. Table retrieval, however, 050

presents challenges fundamentally different from 051

those of unstructured passages. Their semantics are 052

encoded not only in surface lexical content, but also 053

in structural properties such as column schemas, 054

row alignments, and inter-cell relationships. Con- 055

sequently, reranking models need to capture the 056

relational and compositional signals important for 057

effective table retrieval. that has received relatively 058

limited attention in existing reranking literature. 059

The broader reranking literature has instead 060

focused almost exclusively on passage re- 061

trieval, driving a wave of neural reranking re- 062

search spanning pointwise, pairwise, and list- 063

wise paradigms, from cross-encoder architectures 064

such as MonoT5 (Nogueira et al., 2020) and 065

RankT5 (Zhuang et al., 2023), to instruction-tuned 066

generative rerankers including RankGPT (Sun 067

et al., 2023) and RankZephyr (Pradeep et al., 068

2023b), as well as contrastive approaches that lever- 069

age hard negatives to learn fine-grained relevance 070

distinctions. 071

A major shift emerged with the introduction of 072

Large Reasoning Models (LRMs). Systems such 073

as OpenAI’s o1 (Jaech et al., 2024) and DeepSeek- 074

R1 (Guo et al., 2025) demonstrated that models 075

trained with reinforcement learning to generate ex- 076

tended chain-of-thought (CoT) reasoning before 077

producing answers achieve substantially stronger 078

performance on complex multi-step tasks. The in- 079

formation retrieval community rapidly adopted this 080

paradigm. Rank1 (Weller et al., 2025) showed that 081

fine-tuning on LRM-generated ranking rationales 082

yields strong reranking performance with notable 083

out-of-distribution generalization gains, while sub- 084
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Figure 1: Teacher distillation and COTCOND, COTGEN, and NAIVE SFT training and inference pipeline for table
ranking. DeepSeek-R1 produces teacher chain-of-thought and ranking labels from the training prompt, which guide
the training of CoTCond, CoTGen, and Naive SFT students. The icon marks components excluded from loss
computation, while the icon marks components used for loss computation.

sequent approaches such as ReasonRank (Liu et al.,085

2025) and Rank-R1 (Zhuang et al., 2025) further086

integrated reasoning via reinforcement learning ob-087

jectives and rationale-guided supervision. How-088

ever, this line of work has exposed a fundamen-089

tal tension regarding how reasoning should be in-090

corporated into reranking models. The dominant091

paradigm, which we refer to as CoTGen distil-092

lation, trains a student model to autoregressively093

reproduce the teacher’s complete reasoning trace094

as a supervised target alongside the final prediction.095

While effective in-domain, recent studies suggest096

that this approach may encourage overfitting to097

dataset-specific reasoning trajectories. (Lu et al.,098

2025) demonstrated that such models exhibit de-099

graded cross-domain transferability, while (Jedidi100

et al., 2025) show that reasoning-based rerankers101

tend to produce overly polarized relevance esti-102

mates, negatively affecting partial-relevance cali-103

bration. These risks are especially acute for table104

retrieval, where reasoning over structural proper-105

ties differs substantially from passage-level reason-106

ing, and where domain shift, across table layouts,107

schemas, and question types, is the norm rather108

than the exception.109

In this work, we address these limitations by110

introducing TabRank, a reranking model for struc-111

tured tabular retrieval that substantially outper-112

forms both standard supervised fine-tuning and113

CoTGen distillation in generalizing to out-of-114

distribution table settings, including multi-table115

retrieval and financial-domain datasets such as TAT-116

QA. TabRank employs a conditional reasoning117

distillation framework for listwise table rerank-118

ing: rather than supervising the model to generate119

teacher reasoning traces token-by-token, TabRank 120

prepends DeepSeek-R1-generated reasoning to- 121

kens directly into the input prompt and conditions 122

the reranker on this reasoning context while com- 123

puting loss only over the final ranking output. This 124

formulation encourages the model to leverage in- 125

termediate reasoning signals without explicitly im- 126

itating the teacher’s reasoning trajectory, thereby 127

decoupling structured reasoning benefits from the 128

overfitting risks associated with reasoning trace 129

generation. 130

We train TabRank using single-table supervi- 131

sion and evaluate its generalization across four di- 132

verse table reasoning benchmarks, including out-of- 133

distribution settings and multi-table retrieval tasks. 134

Our contributions are summarized as follows: 135

• We show that TabRank’s conditional CoT dis- 136

tillation, treating teacher reasoning as contex- 137

tual input rather than an autoregressive gener- 138

ation target, improves Acc@10 by 30.5% on 139

HybridQA, 15.2% on SQA, 13.1% on TaTQA 140

and 52.9% on TabFact subsets of Multi-Table 141

QA Benchmark relative to the base model in 142

out-of-distribution settings. 143

• We demonstrate that TabRank although 144

trained exclusively with single-table supervi- 145

sion generalizes naturally to multi-table re- 146

trieval without architectural modification. 147

• We release a comprehensive data including 148

distilled DeepSeek-R1 reasoning traces and 149

supervision signals used for fine-tuning, to 150

support reproducibility and future research on 151

reasoning-aware table retrieval. 152
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2 Related Work153

Neural reranking has progressed through cross-154

encoders that jointly encode query–passage pairs155

for relevance scoring. MonoT5 (Nogueira et al.,156

2020) framed reranking as sequence-to-sequence157

generation, while RankT5 (Zhuang et al., 2023)158

strengthened this with direct ranking loss optimiza-159

tion. The advent of large language models intro-160

duced listwise reranking: RankGPT (Sun et al.,161

2023) demonstrated that prompting LLMs to out-162

put passage permutations is surprisingly competi-163

tive in a zero-shot setting, and open-source models164

such as RankVicuna (Pradeep et al., 2023a) and165

RankZephyr (Pradeep et al., 2023b) distilled this166

capability at a fraction of the cost. FIRST (Reddy167

et al., 2024) further reduced inference overhead by168

scoring from the first generated token.169

The recent integration of chain-of-thought (CoT)170

reasoning into reranking marks a qualitative shift171

in this trajectory. ReasonIR (Shao et al., 2025)172

incorporated reasoning at the retrieval stage, Rea-173

sonRank (Liu et al., 2025) combined rationale su-174

pervision with reinforcement learning ranking re-175

wards, and Rank-R1 (Zhuang et al., 2025) opti-176

mized reranking end-to-end through answer-aware177

reinforcement learning, reducing reliance on super-178

vised reasoning traces altogether.179

Despite this momentum, a critical limitation180

of the dominant CoT distillation paradigm has181

emerged. (Lu et al., 2025) show that training mod-182

els to reproduce teacher reasoning traces improves183

in-domain performance but degrades cross-domain184

generalization, while (Jedidi et al., 2025) show that185

inference-time reasoning produces overly polarized186

relevance scores that hurt partial-relevance estima-187

tion. TabRank addresses both failure modes: we188

are the first to bring reasoning-augmented rerank-189

ing to structured tabular data, and we propose con-190

ditional reasoning distillation as a principled alter-191

native that retains the benefits of structured reason-192

ing while avoiding the generalization costs of trace193

imitation.194

3 Problem Setup195

Given a natural language query q and a set of k196

candidate tables returned by a first-stage retriever,197

T = {t1, t2, . . . , tk},198

the goal of listwise table reranking is to learn a199

reranker fθ(q,T) that produces a ranked ordering200

σ̂ = (t̂1, t̂2, . . . , t̂k),201

such that relevant tables are assigned higher posi- 202

tions in the ranking. Each candidate table ti is as- 203

sociated with a binary relevance label yi ∈ {0, 1}, 204

where yi = 1 indicates that table ti contains the 205

information required to answer query q. 206

For the single-table retrieval setting, each query 207

is associated with exactly one relevant table. Let g 208

denote the index of the gold table. Then, 209

yg = 1,
k∑

i=1

yi = 1. 210

In contrast, for multi-table retrieval, multiple 211

candidate tables may jointly contribute to answer- 212

ing the query. 213

The reranker is trained to maximize the rank- 214

ing quality of relevant tables within the candidate 215

list. We evaluate reranking performance using 216

Recall@K, nDCG@K, and Accuracy@K. De- 217

tails regarding these metrics are provided in Ap- 218

pendix A. 219

4 Data Generation 220

4.1 Training Data Sampling 221

We use the NQ-Tables dataset (Herzig et al., 2021) 222

and construct training samples from its training 223

split, which contains 9,574 queries. Since our train- 224

ing setup focuses exclusively on single-table re- 225

trieval, each training query contains exactly one 226

relevant table. 227

For each query, we construct a ranked list of 228

candidate tables by combining the outputs of three 229

retrieval pipelines using Reciprocal Rank Fusion 230

(RRF): the lexical matching algorithm BM25, the 231

sparse embedding model SPLADE-V3 (Lassance 232

et al., 2024), and the dense embedding model all- 233

mpnet-base-v2 (Song et al., 2020). Each training 234

sample contains between 10 and 20 tables, where 235

the exact number is uniformly sampled. We re- 236

tain only samples where the gold table appears 237

within the retrieved candidate set. For every query– 238

candidate pair, we construct an instruction-style 239

prompt consisting of the query and the ranked can- 240

didate table list. The generated prompt is subse- 241

quently passed to a teacher reasoning model for 242

synthetic reasoning generation. 243

4.2 Data Generation 244

We generate synthetic reasoning traces using 245

DeepSeek-R1, leveraging its explicit reasoning ca- 246

pabilities to produce intermediate ranking ratio- 247

nales before generating the final ranked output. The 248
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teacher model is prompted with the query and can-249

didate tables and instructed to reason within a ded-250

icated <think> block prior to producing the final251

ranking. Our prompt is shown in Figure 4.252

Unlike prior reranking formulations that rely253

on pairwise or pointwise reasoning, our prompt254

structure naturally extends to both single-table and255

multi-table retrieval settings without requiring ar-256

chitectural modifications. This unified formulation257

enables the model to generalize to multi-table re-258

trieval despite being trained only on single-table259

supervision.260

We generate training data using temperature 0.7,261

maximum generation length of 8192 tokens. We in-262

tentionally allow long generation lengths to encour-263

age deeper reasoning before producing the final264

ranking output.265

After generation, we apply several filtering steps266

by removing examples containing fewer than 9 can-267

didate tables, samples exceeding 25,000 total to-268

kens, incomplete generations, and malformed rank-269

ings or duplicated predictions. The final filtered270

dataset contains 6,728 queries, with an average of271

20.06 candidate tables and 2,304 reasoning tokens272

per query.273

5 Reasoning Distillation Strategies274

We finetune the base model using the generated rea-275

soning data under three distinct training paradigms.276

Naive SFT. The first baseline, which we refer to277

as Naive Distillation (Naive SFT), trains the base278

model using only the final ranked output generated279

by the teacher model. The reasoning traces are280

removed entirely, and the model is optimized solely281

to predict the final ranking sequence.282

Formally, given input (q,T) and target ranking283

σ̂, the training objective minimizes the autoregres-284

sive loss over ranking tokens:285

Lrank = −
n∑

t=1

log pθ(σ̂t | q,T, σ̂<t). (1)286

This setup resembles standard supervised fine-287

tuning for reranking without explicit reasoning su-288

pervision.289

Standard Chain-of-Thought Distillation. Our290

second setup follows standard chain-of-thought dis-291

tillation approaches commonly used in reasoning292

models. We denote this method as CoTGen.293

Here, the model is trained to explicitly generate 294

both the reasoning trajectory and the final ranking 295

output. The generated <think> tokens are treated 296

as supervised targets, and loss is computed jointly 297

over reasoning and ranking tokens: 298

LCoTGen = Lreason + Lrank. (2) 299

Conditional Reasoning Distillation. We pro- 300

pose CoTCond, a conditional reasoning distillation 301

framework for reranking. Instead of training the 302

model to generate reasoning traces, we prepend 303

teacher-generated thinking tokens directly into the 304

input prompt and condition the model on the rea- 305

soning context during training. 306

Formally, the model input becomes: 307

x = [q;T; r], (3) 308

where r denotes the teacher-generated reasoning 309

trace. The model is trained only to predict the final 310

ranking conditioned on the provided reasoning: 311

LCoTCond = −
n∑

t=1

log pθ(σ̂t | q,T, r, σ̂<t). (4) 312

Importantly, no loss is computed over reason- 313

ing tokens themselves. The reasoning sequence 314

acts purely as contextual conditioning information 315

rather than an autoregressive generation target. 316

This training formulation differs fundamen- 317

tally from standard CoT distillation. By remov- 318

ing the requirement to imitate teacher reasoning 319

token-by-token, the model is encouraged to learn 320

ranking-relevant abstractions rather than memoriz- 321

ing dataset-specific reasoning trajectories. We ob- 322

serve that this significantly improves cross-domain 323

generalization while also reducing inference-time 324

reasoning overhead. 325

Additionally, CoTCond produces substantially 326

shorter reasoning traces at inference time, result- 327

ing in lower latency and reduced generation cost 328

compared to CoTGen-style models. 329

6 Training Details 330

All models are initialized from the same pretrained 331

checkpoint and finetuned using LoRA adapters 332

with identical optimization settings for fair compar- 333

ison. 334

For CoTCond, teacher-generated reasoning 335

traces are included in the prompt but excluded from 336

the loss computation, so the model learns only from 337
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the final ranking tokens while still conditioning on338

the reasoning context. CoTGen instead optimizes339

over both reasoning and ranking tokens, requiring340

the model to generate reasoning sequences dur-341

ing training and inference. Naive SFT removes342

reasoning entirely and trains only on the final rank-343

ing output. Overall, CoTCond provides reasoning344

guidance without requiring explicit reasoning gen-345

eration, leading to better generalization and lower346

inference cost than CoTGen.347

All reranker models are finetuned using the348

LLaMA-Factory framework with LoRA adaptation.349

Training is performed on 2 NVIDIA H200 GPUs350

for approximately 18 hours using an effective batch351

size of 64 and learning rate of 5 × 10−5.352

7 Result and Analysis353

Table 1 reports out-of-distribution reranking per-354

formance across HybridQA, SQA, TAT-QA, and355

TabFact subsets of Multi-Table QA Benchmark356

(Zou et al., 2025). Details regarding these datasets357

are provided in Appendix C.358

Across all four datasets, CoTCond is the best-359

performing method. The base model here is360

Qwen3-8B (Team, 2025) fine-tuned exclusively361

on NQ-Tables, a Wikipedia-derived single-table362

benchmark. Three of the four evaluation datasets363

(HybridQA, SQA, TabFact) share this Wikipedia364

provenance, while TAT-QA is drawn from finan-365

cial annual reports and represents a fundamentally366

different table structure, reasoning style, and do-367

main. Despite this, CoTCond generalizes consis-368

tently across all four settings, which we discuss in369

turn.370

Magnitude of the CoTCond gains. CoTCond371

improves substantially over the base reranker on372

all benchmarks. The largest relative gain appears373

on TabFact, where Accuracy@10 increases from374

0.3816 to 0.5835, corresponding to a 52.9% im-375

provement. HybridQA shows the next largest Ac-376

curacy@10 gain at 30.5%, rising from 0.6200 to377

0.8091. SQA and TAT-QA show smaller but still378

meaningful gains, with Accuracy@10 improving379

by 15.2% and 13.1%, respectively.380

These gains are strongest on the datasets where381

the base reranker struggles most. TabFact begins382

with the lowest base Accuracy@10, and CoTCond383

produces the largest relative improvement. TAT-384

QA also presents a challenging transfer setting, yet385

CoTCond remains the only method to improve ev-386

ery metric decisively. This behavior suggests that387

conditional reasoning helps most when lexical or 388

surface-level matching provides a weak signal, and 389

the reranker must rely on structural or composi- 390

tional evidence. 391

Conditioning outperforms generation. The 392

comparison between CoTGen and CoTCond iso- 393

lates the role of the distillation objective. Both 394

methods use the same teacher-generated reasoning 395

data, but they present it to the student in different 396

ways. CoTGen trains the model to generate both 397

the reasoning trace and the final ranking. CoTCond 398

instead places the reasoning trace in the input and 399

computes loss only over the final ranking. This sin- 400

gle design change produces gains on every bench- 401

mark. 402

On HybridQA, CoTCond improves over CoT- 403

Gen from 0.7659 to 0.7833 on Recall@5 and 404

from 0.7624 to 0.8091 on Accuracy@10. On 405

SQA, Recall@10 rises from 0.8446 to 0.8840. On 406

TAT-QA, Recall@5 rises from 0.5124 to 0.5520 407

and nDCG@10 rises from 0.5203 to 0.5459. On 408

TabFact, CoTCond improves nDCG@10 from 409

0.6661 to 0.6890 and Accuracy@10 from 0.5614 410

to 0.5835. The repeated margin over CoTGen 411

shows that reasoning supervision helps most when 412

it acts as a conditioning context rather than a token 413

sequence to imitate. 414

This result challenges the assumption that richer 415

token-level supervision necessarily improves rea- 416

soning distillation. In this setting, forcing the stu- 417

dent to reproduce long teacher traces appears to 418

dilute the ranking objective. The model must al- 419

locate capacity to matching teacher phrasing, in- 420

termediate steps, and potentially dataset-specific 421

reasoning habits. CoTCond avoids that pressure. It 422

gives the model access to the teacher’s reasoning 423

signal while allowing optimization to concentrate 424

on the ranking decision. The result is a cleaner 425

learning signal for reranking. 426

Naive distillation exposes the value of reason- 427

ing context. Naive_SFT provides a useful lower 428

bound on distillation without reasoning. It trains 429

only on the teacher’s final ranking outputs, dis- 430

carding the reasoning traces entirely. This strategy 431

improves over the base model on several metrics, 432

but its gains are weaker and less stable than those 433

of the reasoning-based methods. TAT-QA shows 434

the clearest failure mode. Naive_SFT slightly im- 435

proves Recall@5 and Recall@10, but nDCG@5 436

drops by 1.2% and nDCG@10 drops by 1.8% rela- 437
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Recall nDCG Acc Metadata

Dataset Method @5 @10 @5 @10 @10 Avg Tokens Fails

H
yb

ri
dQ

A
- 0.7649 0.8488 0.7041 0.7393 0.7827 - -

Base Model 0.6921 0.7617 0.6771 0.7072 0.6200 2369 66

Naive SFT 0.7371 0.8253 0.7052 0.7434 0.7157 1241 175
∆+6.5% ∆+8.3% ∆+4.2% ∆+5.1% ∆+15.4%

CoTGen 0.7659 0.8526 0.7322 0.7698 0.7624 2983 124
∆+10.7% ∆+11.9% ∆+8.1% ∆+8.9% ∆+23.0%

CoTCond 0.7833 0.8849 0.7432 0.7864 0.8091 2634 13
∆+13.2% ∆+16.2% ∆+9.8% ∆+11.2% ∆+30.5%

SQ
A

- 0.6745 0.7432 0.6018 0.6326 0.6892 - -

Base Model 0.6914 0.8041 0.6483 0.6951 0.7095 1807 0

Naive SFT 0.7038 0.8423 0.6575 0.7141 0.7770 1282 9
∆+1.8% ∆+4.8% ∆+1.4% ∆+2.7% ∆+9.5%

CoTGen 0.7038 0.8446 0.6633 0.7205 0.7703 3318 0
∆+1.8% ∆+5.0% ∆+2.3% ∆+3.7% ∆+8.6%

CoTCond 0.7387 0.8840 0.6782 0.7381 0.8176 2145 0
∆+6.8% ∆+9.9% ∆+4.6% ∆+6.2% ∆+15.2%

TA
T-

Q
A

- 0.4107 0.4788 0.3774 0.4037 0.3260 - -

Base Model 0.5014 0.5953 0.4657 0.5051 0.3785 2794 19

Naive SFT 0.5152 0.6017 0.4601 0.4959 0.3867 1297 29
∆+2.8% ∆+1.1% ∆−1.2% ∆−1.8% ∆+2.2%

CoTGen 0.5124 0.6234 0.4751 0.5203 0.4144 3704 23
∆+2.2% ∆+4.7% ∆+2.0% ∆+3.0% ∆+9.5%

CoTCond 0.5520 0.6639 0.5000 0.5459 0.4282 2473 0
∆+10.1% ∆+11.5% ∆+7.4% ∆+8.1% ∆+13.1%

Ta
bF

ac
t

- 0.4633 0.5342 0.4536 0.4846 0.3444 - -

Base Model 0.5543 0.6302 0.5659 0.6003 0.3816 2193 489

Naive SFT 0.5848 0.6780 0.5810 0.6220 0.4716 1365 825
∆+5.5% ∆+7.6% ∆+2.7% ∆+3.6% ∆+23.6%

CoTGen 0.6277 0.7342 0.6190 0.6661 0.5614 3716 583
∆+13.3% ∆+16.5% ∆+9.4% ∆+10.9% ∆+47.1%

CoTCond 0.6490 0.7678 0.6368 0.6890 0.5835 2454 45
∆+17.1% ∆+21.8% ∆+12.5% ∆+14.8% ∆+52.9%

Table 1: Out-of-distribution retrieval performance on the MultiTableQA dataset. The base model is Qwen3-8B
trained exclusively on the NQ-Tables training set. ∆% is relative to Base. Best values per dataset are bolded,
second-best are underlined. All rerankers rerank the top 25 tables from the first stage retriever.

tive to the base model. This combination suggests438

that the model retrieves more relevant candidates439

somewhere in the list while placing them less ef-440

fectively near the top.441

The contrast with CoTCond indicates that442

teacher reasoning contains information that final443

rankings alone do not transmit. Ranking labels de-444

scribe the desired order, but they do not explain445

which table fields, rows, schema elements, or rela-446

tional cues justify that order. Conditional reasoning447

supplies this missing scaffolding during training. 448

Because CoTCond masks reasoning tokens from 449

the loss, the model can use this scaffolding without 450

having to learn to reproduce it verbatim. 451

Token efficiency. CoTCond also improves the 452

accuracy and reliability profile without incurring 453

the full generation cost of CoTGen. Across all four 454

datasets, CoTGen produces the longest outputs, 455

ranging from 2983 tokens on HybridQA to 3716 456
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Figure 2: Distribution of per-query outcomes across datasets and reranking methods. Each bar decomposes model
behavior into correct ranking, parse failures, empty outputs, and duplicate outputs.

tokens on TabFact. CoTCond uses fewer tokens457

than CoTGen on every benchmark while achiev-458

ing better retrieval performance. The savings are459

substantial on TAT-QA, where CoTCond uses 2473460

tokens compared with 3704 for CoTGen, and on461

TabFact, where it uses 2454 tokens compared with462

3716.463

Naive_SFT remains the cheapest method in to-464

ken count, but its lower ranking quality and higher465

failure rates make that efficiency less useful. CoT-466

Cond occupies a stronger point on the accuracy-467

cost comparison. It spends more tokens than468

Naive_SFT, but it buys substantially higher ranking469

quality and far better output validity. It also spends470

far fewer tokens than CoTGen while outperforming471

it across all metrics.472

8 Error Analysis473

Aggregated retrieval metrics conceal the structural474

failures that drive the gains in Table 1. Figure 2475

therefore decomposes predictions into four mutu-476

ally exclusive categories: correct rankings, parse477

failures, empty outputs, and duplicate predictions.478

Two patterns emerge. First, the base reranker479

suffers from substantial output reliability failures,480

especially on TabFact and TAT-QA. Duplicate pre-481

dictions dominate these errors, reaching 16.8% on482

TabFact and 33.7% on TAT-QA. This explains the483

gap between the base model’s recall and ranking484

accuracy: relevant tables are often retrieved, but485

the generated rankings are structurally invalid.486

Second, reasoning supervision substantially im-487

proves output reliability. CoTGen sharply reduces 488

duplicate and empty outputs across all datasets, sug- 489

gesting that reasoning traces regularize the decod- 490

ing process and encourage more coherent ranked 491

lists. However, parse failures remain persistent on 492

more difficult datasets such as TAT-QA and Tab- 493

Fact, likely because long autoregressive reasoning 494

chains increase opportunities for formatting drift. 495

CoTCond achieves the cleanest reliability pro- 496

file overall. It nearly eliminates structural failures 497

across all benchmarks, reducing duplicate predic- 498

tions to 2.2% on TAT-QA and below 3% on every 499

other dataset. By conditioning on teacher reason- 500

ing instead of generating it token-by-token, CoT- 501

Cond preserves the benefits of reasoning super- 502

vision while avoiding the long generation chains 503

responsible for many CoTGen failures. 504

Overall, the results show that most improve- 505

ments from reasoning distillation come from elimi- 506

nating structural failures rather than refining fine- 507

grained ranking order. Conditioning-based distilla- 508

tion provides the strongest balance between rank- 509

ing quality and output reliability. 510

Overall, the error analysis shows that the metric 511

improvements attributed to CoTCond in Table 1 512

stem from eliminating structural failures rather than 513

from marginal reordering gains. Once malformed 514

outputs, empty rankings, and duplicate predictions 515

are suppressed, the reranker reliably places at least 516

one gold table in the top-10 on the vast majority of 517

queries. This finding reframes the contribution of 518

reasoning distillation for listwise reranking. Rea- 519
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Base Thinking NaiveSFT Thinking CoTGen Thinking
On T7 (T7):
“. . . Table 7 is titled 1984 San 
Diego Chargers season . . . the 
results show losses in weeks 
13, 15, and 16. That is three 
losses. But the user says 9 
losses out of 16. So maybe this 
table is not
enough.”

On T24 (T24):
“Table 24: 1984 San Diego 
Chargers Season. Weeks 7–
11 . . . losses in week 7 and 8. 
Two losses.”

On T26 (T26):
“. . . mentioned only briefly as 
part of partial-season tables; 
deemed insufficient to confirm 
the 9-loss total.”

On T7 (T7):
“Relevant but incomplete. Covers 
Weeks 12–16 of the 1984 season,
showing 3 losses (Weeks 13, 15, 
16). Not enough to confirm a
9-7 record but includes Charger 
data.”

On T24 (T24):
“Relevant but incomplete. Covers 
Weeks 7–11 of the 1984 season, 
showing 3 losses (Weeks 7, 8, 9).
Not enough for full 
confirmation.”

On T26 (T26): 
“Relevant but incomplete. Weeks 
1–6 of the 1984 season show
2 losses (Weeks 2, 4). Again, 
insufficient for full 
confirmation.”

On T7 (T7):
“Title is 1984 San Diego 
Chargers Season . . . losses in 
weeks 13, 15, and 16 . . . Perhaps
the table is incomplete . . . but 
since it is about the Chargers, it is 
highly relevant.”

On T24 (T24) & T26 (T26):
“Table 24 . . . 1984 season, 
Weeks 7–11 . . . losses in weeks 
7, 8, 9. 
Table 26 . . . Weeks 1–6 . . . 
losses in weeks 2 and 4. Both 
relevant but incomplete.”

CoTCond Thinking
On T7 (T7):
“Title is 1984 San Diego 
Chargers Season . . . directly 
about the Chargers . . . weeks 12–
16. Highly relevant. If this
table shows all 16 games
we can count the losses.”

On T24 (T24) & T26
(T26):
“Title 1984 San Diego Chargers 
Season . . . Weeks 7–11 and
Weeks 1–6 respectively.
Both are direct Chargers 
records . . . equally relevant; 
cover different parts of the same 
season.”

Ranking 
(parseFail)

1.   T25
2.   T29
3.  
4.   
5.   T28
6.   
---------------------------
output truncated; no 
valid JSON
---------------------------

Ranking 

1.   T25
2.   T29
3.   
4.   
5.   T20
6.   T28
7.    
       ....

---------------------------

Ranking 

1.   T25
2.   T29
3.   
4.   
5.   
6.   T28

       ....

---------------------------

Ranking 

1.   
2.   T25
3.   
4.   
5.   T29
6.   T28

       ....

---------------------------

T7
T24

T26

T24
T26

T7

T7
T24
T26

T26
T24

T7

Figure 3: Chain-of-thought reasoning excerpts (top rows) and produced table rankings (bottom rows) across four
prompting strategies for a query from TabFact (downstream task is fact verification). The input claim is: “The San
Diego Chargers lost 9 games out of 16.” Each column shows the model’s reasoning about the three gold tables
T7 (id 4381) , T24 (id 4380) , T26 (id 4379) . All three gold tables are partitions of the same 1984 San Diego

Chargers Season table, containing weeks 1–6, 7–11, and 12–16 respectively.

soning supervision matters primarily because it520

teaches the model to produce coherent ranked lists521

over long candidate sets, and CoTCond captures522

that benefit without paying the generation cost of523

CoTGen. A qualitative ranking example for this is524

provided in Figure 3.525

9 Conclusion526

In this paper, we present TabRank, a reasoning-527

aware framework for table reranking that includes528

a dataset of 6,728 synthetic reasoning traces for529

NQ-Tables Reranking and a set of compact dis-530

tilled reranking models for tabular retrieval. We531

demonstrate that incorporating reasoning supervi-532

sion significantly improves retrieval quality across533

a diverse collection of out-of-domain and multi-534

table question answering benchmarks. In partic-535

ular, our proposed conditional reasoning distilla- 536

tion strategy allows models to leverage teacher- 537

generated reasoning without explicitly reproducing 538

long reasoning traces, resulting in better general- 539

ization, stronger ranking accuracy, and lower infer- 540

ence cost. 541

In addition to improving ranking performance, 542

TabRank also reduces structural generation failures 543

such as malformed outputs and duplicate predic- 544

tions, leading to more reliable reranking behav- 545

ior. Overall, our results highlight the effectiveness 546

of conditional reasoning for general-purpose table 547

reranking and suggest promising future directions 548

for reasoning-enhanced retrieval systems in tabu- 549

lar question answering and structured information 550

retrieval. 551
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10 Limitations552

Our work focuses exclusively on text-based table553

retrieval and assumes that tables are available in554

a structured serialized format. Many real-world555

tables, however, are embedded in scanned docu-556

ments, PDFs, spreadsheets, or images where layout557

and visual structure play a significant role. Extend-558

ing reasoning-based reranking to multimodal table559

representations remains an important direction for560

future work.561

Additionally, our training setup relies on syn-562

thetic reasoning traces generated by a single teacher563

model. While these traces provide effective super-564

vision, they may also inherit biases or reasoning565

artifacts specific to the teacher. Exploring more566

diverse teacher models or reinforcement-learning-567

based objectives could improve robustness further.568

Finally, our models are trained primarily on569

English-language benchmarks and evaluated on570

question answering and fact checking workloads.571

The extent to which conditional reasoning distil-572

lation generalizes to multilingual settings, semi-573

structured enterprise data, or broader retrieval tasks574

beyond QA and Fact Checking remains open for575

future investigation.576

11 Ethics Statement577

This work focuses on improving table reranking578

models for question answering and information re-579

trieval research. The datasets used in this study are580

publicly available academic benchmarks, including581

Natural Questions Tables, HybridQA, SQA, Tab-582

Fact, and TAT-QA. We do not collect or release any583

personally identifiable information, and our experi-584

ments are conducted solely for research purposes.585

Our approach relies on synthetic reasoning586

traces generated by large language models. While587

these traces can improve reranking performance,588

they may also inherit biases, factual inconsisten-589

cies, or reasoning artifacts present in the teacher590

models. Such biases could affect downstream591

retrieval behavior and generalization across do-592

mains. We therefore encourage careful evaluation593

of reasoning-based retrieval systems before deploy-594

ment in high-stakes or real-world applications. Our595

work explores conditional reasoning distillation596

techniques that improve efficiency while reducing597

inference overhead.598

Additionally, we used AI-assisted writing tools599

to improve the clarity and readability of the600

manuscript by obtaining feedback and suggestions 601

during the writing process. 602
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A Evaluation Metrics698

We report three standard information retrieval met-699

rics, each computed at cutoff K.700

Recall@K. Recall@K measures the fraction of701

relevant items recovered within the top-K retrieved702

results. Given a query with ground-truth relevant703

set R:704

Recall@K =
|R ∩ SK |

|R|
(5)705

where SK denotes the set of top-K retrieved candi- 706

dates. A score of 1 indicates complete coverage of 707

all relevant items within the top K results. 708

nDCG@K. Normalized Discounted Cumulative 709

Gain evaluates ranking quality by assigning higher 710

credit to relevant items appearing at earlier posi- 711

tions via a logarithmic position discount: 712

DCG@K =
K∑
i=1

reli
log2(i+ 1)

(6) 713

where reli ∈ {0, 1} is the binary relevance label of 714

the item at rank i. DCG@K is then normalized by 715

the Ideal DCG (IDCG@K)—the score achieved 716

by a perfect oracle ranking: 717

nDCG@K =
DCG@K

IDCG@K
∈ [0, 1] (7) 718

A score of 1 indicates that all relevant items are 719

ranked optimally. 720

Accuracy@K. Accuracy@K measures the pro- 721

portion of queries for which all relevant items are 722

retrieved within the top-K results: 723

Acc@K =
1

|Q|
∑
q∈Q

1
[
Rq ⊆ S(q)

K

]
(8) 724

where Q is the set of evaluation queries, Rq de- 725

notes the set of relevant items for query q, S(q)
K 726

represents the top-K retrieved results, and 1[·] is 727

the indicator function. The metric assigns a value 728

of 1 only when every relevant item for a query 729

appears within the top-K retrieved results, and 0 730

otherwise. This provides a strict evaluation of re- 731

trieval completeness at rank K. 732
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B Prompt Template733

You are a table relevance expert. Given a
question and a set of candidate tables, rank
them from most to least useful for answering
the question. Reason carefully about each
table’s content, schema, and how directly it
addresses the question.
Output your final ranking as JSON:
{"ranked_tables": [1, 2, 3, ...]} where the
numbers are the Table IDs shown in the prompt.

Question: {question}

Candidate tables to rank:

### Table 1
| . . . | . . . | . . . |

### Table N
| . . . | . . . | . . . |

Figure 4: Prompt used for data generation.

C Dataset Statistics734

Dataset # Queries # Tables
TabFact 15,106 34,351
HybridQA 6,106 17,229
SQA 148 320
TaTQA 362 4,754

Table 2: Statistics of the datasets used in our experi-
ments.
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