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Abstract

Test-time scaling has emerged as a promising paradigm to enhance reasoning in1

large reasoning models by allocating additional inference-time compute. How-2

ever, its potential for tabular reasoning remains underexplored. We identify that3

existing process reward models, widely used to supervise reasoning steps, strug-4

gle with table-specific operations such as table retrieval and schema interaction,5

leading to bottlenecked performance under TTS. To address this gap, we propose6

TATTO, the first table-grounded PRM framework that leverages tool use for ac-7

curate verification. We develop a scalable data curation pipeline producing over8

60k high-quality step-level annotations that combine expert rationales with pro-9

grammatic tool executions, and train our tabular PRM via supervised fine-tuning10

followed by reinforcement learning with tool-grounded reward shaping. We pro-11

vide both theoretical analyses and empirical evaluations on the efficacy of our12

method. Across five challenging tabular reasoning benchmarks, our TATTO-8B13

PRM achieves an average 30.9% relative gain over the base LRM, consistently sur-14

passes strong baselines such as Qwen-2.5-Math-PRM-72B with up to 9× parameter15

efficiency, and generalizes robustly across multiple TTS strategies.16

1 Introduction17

Tabular reasoning has become a fundamental capability for emerging large reasoning models (LRMs),18

supporting real-world applications such as numerical analysis [1, 48], fact-checking [4, 35, 70], and19

question answering [52, 36, 25]. Unlike free-form text, tables present information in rows and columns20

with an implicit relational semi-structure. Reasoning over tables requires both accurate interpretation21

of tabular content and step-by-step logical inference to generate precise answers [56, 71]. To support22

such multi-step reasoning, recent advances in test-time scaling (TTS) [34, 71] have substantially23

enhanced the chain-of-thought (CoT) capabilities of LRMs by leveraging post-training reinforcement24

learning techniques such as PPO [41] and GRPO [44], aligning model behavior with the demands of25

complex reasoning tasks. Moreover, works such as the Table-R1 series [60, 65, 21] have extended26

these advances by transferring reasoning capabilities from general text to the tabular domain.27

On the other hand, process reward models (PRMs) [43, 80, 62] have been developed to provide28

step-level supervision over LRMs’ reasoning trajectories, enabling fine-grained guidance to further29

scale performance at inference time. With increasing compute and emphasis on enhancing LRMs’30

tabular reasoning abilities [31, 64], a corresponding step-level verifier to evaluate and supervise the31

reasoning quality of these models is equally important but remains notably absent. This gap motivates32

our study of a fundamental question: How can we provide robust step-level supervision to R1-style33

LRMs in tabular reasoning?34
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To address this question, we begin by revisiting several advanced PRMs from the general domain35

and evaluating their ability to provide effective supervision on tabular reasoning tasks. Our analysis36

reveals that existing PRMs struggle to reliably verify two critical types of table-involved CoT steps:37

① Table Retrieval, where PRMs fail to supervise whether LRMs extract the correct sub-region of38

the input table relevant to the query; and ② Schema Interaction, where PRMs can’t detect attention39

collapse [10], as LRMs often overlook long-range table dependencies due to inherent locality bias.40

We also observe that PRMs frequently introduce evaluation errors stemming from table lookup biases41

or execution mistakes, leading to performance bottlenecks under standard TTS strategies.42

Motivated by our preliminary analyses, we introduce TATTO, the first table-grounded thinking PRM43

that leverages tools to provide reward supervision on structured tabular reasoning tasks. In contrast44

to prior PRMs that overlook table-specific operations, TATTO provides step-level supervision with45

both table-grounded and model inner-reasoning rewards. In addition, during the verification process,46

TATTO is able to integrate various types of external tools to engage with table evidence throughout,47

yielding more precise and reliable supervision. To train our PRM, we first design a scalable data48

curation pipeline that constructs over 60k high-quality supervision instances by integrating expert49

verification rationales with programmatic tool executions. We then train our PRM in two stages: (i)50

supervised fine-tuning to acquire table-aware verification capabilities, and (ii) reinforcement learning51

with tool-grounded reward shaping to encourage effective tool use and accurate supervision.52

To demonstrate the efficacy of TATTO, we provide both theoretical analyses and empirical evaluation.53

Theoretically, we show that incorporating table-grounded rewards from TATTO yields a strengthened54

lower-bound performance guarantee on policy improvement. Empirically, across five challenging55

tabular reasoning benchmarks, incorporating our 8B size TATTO with Best-of-N yields a 30.9% rela-56

tive gain over the underlying LRMs. In addition, TATTO consistently outperforms other strong PRM57

baselines such as Qwen-2.5-Math-PRM-72B [72] and GenPRM-32B [73], while using substantially58

fewer parameters. Our in-depth analyses further show that incorporating RL yields an improvement59

of 10.2% over supervised fine-tuning alone, and our TATTO generalizes robustly across different60

TTS strategies such as Beam Search and DVTS.61

2 Preliminary62

Table Understanding with Reasoning Models. We define a semi-structured table as T = (H,R),63

where H denotes the set of column headers capturing schema-level semantics, and R denotes the64

collection of rows, each consisting of cell entries consistently aligned with H . Given a table T and65

an associated natural language query q, we define a reasoning model as a conditional generation66

policy π(τ | T, q), where τ = {a1, . . . , ai}. Here, τ denotes the trajectory sequence of the model67

response, including both intermediate reasoning steps a≤L−1 and the final answer ai. In practice,68

the intermediate reasoning steps can comprise both model-generated reasoning processes and tool-69

integrated programs that directly operate over the table to retrieve or compute intermediate results.70

The final answer can take different formats depending on the query type, such as textual/numerical71

values, boolean outputs (e.g., True/False), or executable programs (e.g., Python, SQL).72

Process Reward Model. We denote a PRM as Rθ, parameterized by θ. At test-time, a PRM is input73

with a table T , a query q, and a candidate response τ generated by the policy model. The PRM assigns74

step-level rewards ri to reflect the correctness of each intermediate CoT step. In table-based tasks,75

each CoT step typically involves not only the model’s internal reasoning but also table-grounded76

operations (e.g., retrieving a cell value from the input table). Accordingly, we decompose the PRM’s77

step-level reward into two components:78

ri = ri,rea + ri,tab and rτ =
1

L

L∑
i=1

ri, (1)

where ri,rea captures the correctness of the reasoning process, ri,tab reflects the accuracy of table-79

grounded operations, and rτ denotes the trajectory-level reward. These process rewards can be further80

leveraged by an inference-time strategy ϕ to guide resampling, refinement, or candidate selection81

among the responses generated by the policy model [46].82

3 Why Table Reasoning Requires Verifiers Beyond Current PRMs?83

To examine the bottlenecks of applying LRMs in tabular reasoning and the effectiveness of existing84

PRMs on table-involved responses, we first conduct a pilot study on two key questions:85
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Figure 1: Best-of-N performance of DeepSeek-R1-Distill-Qwen-14B
across 3 table tasks with different types of verifiers.

Table Retrieval 
Schema Interaction

Inner-thinking
Others

Figure 2: Error Distribu-
tion over 4 step categories
across 500 incorrect cases
after Best-of-N selection.

Table 1: Representative error cases in 4 different reasoning step categories. Each example highlights
the erroneous model step in red, the corresponding error description, and the PRM’s (mis)judgment
reward, illustrating where existing PRMs fail to detect mistakes.
Category Wrong Model Answer Error Description & PRM output

Table Retrieval

<think> Step 1: I need to figure out the average prominence of
mountain peaks in the Democratic Republic of the Congo that have
an elevation of at least 3000 meters.
Step 2: First, I’ll review the provided table. My main focus is on
the ‘country’ and ‘elevation (m)’ columns. (Wrong Step)
. . . </think>
Final Answer is \boxed{2306.65}

The model initially retrieves the wrong part of the table
(columns ‘Country’ and ‘Elevation (m)’), which leads to
errors in all subsequent reasoning steps.

PRM → {correct} ✗ Fail to detect the error

Schema Interaction

<think> Step 1: Let me start by looking at the table provided
. . . The retrieved columns are . . .
Step 4: I’ll go through each row and note down the episodes:
Episode 1: Rating - 5.1, Episode 2: Rating - 5.2 . . . (Wrong Step)
Step 5: Adding the rating together is 5.1 + 5.2 + . . . </think>
Final Answer is: \boxed{11.52}

The model identifies the correct column for the answer,
but fails to extract all elements, omitting the last
cell. This omission leads to incorrect reasoning in all
subsequent steps.

PRM → {correct} ✗ Fail to detect the error

Inner-thinking

<think> Step 1: Based on the table contents, I need to count
podiums per season. 2008: (1 + 1 + 1)/3 = 1, 2009: 6, 2010:
0, 2011: (2 + 0)/2 = 1 . . .
Step 4: Then I will average across seasons. Final average is (1 +
6 + 0 + 1)/4 = 2 (Wrong Step)
</think>
Final Answer is: \boxed{2}

The model incorrectly does the calculation by averaging
the season-level means, giving each season equal weight,
instead of averaging across all team-seasons.

PRM → {incorrect} ✓ Detect the error

Others <think> . . . The nation with a total of 13 medals is South Ko-
rea.</think>
Final Answer is southkorea (Wrong Step)

The output format is incorrect by not inserting the final
answer into \boxed{} and cannot be extracted later.
PRM → {incorrect} ✓ Detect the error

RQ1 - Beyond free-form text inputs, can common step-level verifiers combined with TTS strategies86

also enhance the performance of LRMs on tabular reasoning tasks?87

RQ2 - When reward supervision is required for tabular reasoning tasks, how should PRMs effectively88

evaluate and guide the quality of each generated reasoning step by LRMs?89

For RQ1, we evaluate a widely utilized reasoning model, DeepSeek-R1-Distill-Qwen-14B [13]90

on TableBench [59], which includes three fundamental table tasks: Fact Checking, Numerical91

Reasoning, and Data Analyses. As the TTS strategy, we adopt Best-of-N with different feedback92

verifiers, including two advanced PRMs [72, 14], majority voting [31], and LLM-as-a-judge [75].93

Figure 1 reports Best-of-N results across three table reasoning tasks. Incorporating feedback verifiers94

into Best-of-N indeed improves performance over single-shot generation, with PRMs generally95

yielding the largest gains. These findings align with prior studies applying PRMs with TTS to other96

domains such as mathematical reasoning [43, 31, 23]. However, we find that once the number of97

generated responses surpasses a threshold (N ≥ 8), the performance all converges to a bottleneck.98

For instance, the performance of Qwen2.5-Math-PRM-72B on fact checking is 79.19%, 79.82%, and99

79.84% for N = {8, 16, 32}, indicating that further increases in N yield negligible improvements.100

Observation 1 (Limitation on TTS): Existing verifiers improve LRMs on tabular reasoning,
but their effectiveness quickly saturates, failing to fully exploit additional test-time compute.

101

Error Analysis. Building on this observation, we further investigate the underlying causes of102

the performance bottleneck. We conduct an error analysis on both LRM’s generation and PRM’s103

supervision processes. Specifically, we sample 500 erroneous responses from the LRM after Best-104

of-N selection with Qwen2.5-Math-PRM-72B, and ask human experts to carefully classify them105

into 13 predefined error types (See Appendix C). We then align these error types with 4 broader106
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Table Retrieval Step

Schema Interaction Step

With Table Prefix

Figure 3: Left: PRM judgments on 100 reasoning steps with the real-retrieved/randomly-replaced
sub-table. Middle: Layer-wise average attention mass vs. relative step distance in tabular reasoning.
Attention concentrates on nearby steps, with sharp decay as distance increases. Right: Comparison
of Best-of-N results on numerical reasoning with/without the table prefix.

reasoning-step categories that reflect the typical flow of an LRM’s reasoning process: Table Retrieval107

Step (locating relevant rows/columns regarding the input query), Schema Interaction Step (reasoning108

over the retrieved table contents), inner-thinking Step (models’ inner reasoning independent of table109

contents), and Others (initial setup or the final output steps). Figure 2 presents the error distribution110

across 4 reasoning step categories. We find that most errors arise in Table Retrieval (47.7%) and111

Schema Interaction (34.3%), implying that PRMs perform reasonably well on independent reasoning112

but fall short when reasoning steps involve table-specific operations. For better demonstration, we113

provide representative examples for each category in Table 1.114

Why do PRMs fail on table-involved reasoning steps? We next analyze why PRMs lose their115

supervisory effectiveness when reasoning steps involve table operations. Regarding table retrieval, we116

conduct a contrastive experiment on 500 randomly sampled LRM’s output responses by (i) keeping117

the original retrieved sub-table and (ii) replacing it with a random sub-table region. We compare118

the PRM’s output rewards on these two variants. Figure 3 (left) shows PRM judgments on the table119

retrieval steps. The identical distributions between real and random sub-tables indicate that PRMs120

fail to distinguish table retrieval correctness. This suggests that existing PRMs are unable to evaluate121

if the retrieved portion of the table correctly corresponds to the query.122

Takeaway 1 (Table Retrieval): Existing PRMs are insensitive to table retrieval correctness in
the reasoning steps and fail to recognize whether the retrieved content corresponds to the query.

123

Regarding Schema Interaction, we observe that in the output trajectories of LRMs, the table retrieval124

step typically occurs at the beginning, as the model must first extract relevant information from the125

table to answer the query. In contrast, schema interaction steps are not always adjacent to retrieval;126

LRMs often perform inner reasoning between retrieval and interaction. As a result, schema interaction127

steps may occur far from the original table retrieval step. Figure 3 (middle) illustrates the attention128

distribution for a schema interaction step (step 8) relative to the retrieval step (step 0). Since LRM129

is auto-regressive, the schema interaction step allocates most of its attention to nearby neighbor130

steps and little to the earlier retrieval step. Such inherent locality bias leads the model to frequently131

misinterpret or lose previously retrieved information, though the table retrieval step has already132

extracted relevant information. Additionally, PRMs fail to detect such misinterpretation, as their133

judgments are localized to the current step rather than capturing dependency on distant prior steps.134

Takeaway 2 (Schema Interaction): Schema interaction steps under-attend to distant table
retrieval contents due to locality bias. PRMs miss these failures because they can’t look ahead
and capture long-range dependencies among distant steps.

135

Table Prefix is the Key. To address the limitation above, we start by trying a simple input modification136

of PRMs: prepend the retrieved table contents as a prefix to each schema interaction step before137

feeding it into PRMs, which provides direct access to the retrieval context instead of long-range138

dependencies. Figure 3 (right) reports the results with and without the table prefix. Surprisingly,139

adding the prefix improves the performance of PRMs, suggesting that incorporating retrieval table140

information as a prefix provides stronger supervision.141

Motivation. Our findings above highlight the need for a more robust PRM verifier capable of142

evaluating both table-involved operations and model inner reasoning. Motivated by this, we design143

and train a new PRM tailored for tabular reasoning.144

4



𝑟𝑟𝑖𝑖,tab = 1
𝑟𝑟𝑖𝑖,tab = −1… …

1. Reasoning Trajectory Generation

Inner-thinking Step

Table Retrieval Step Schema Interaction Step

Interpretation 
Computation
Grouping …Retrieve

Collected Expert LLM’s Responses 𝓣𝓣𝐩𝐩𝐩𝐩𝐩𝐩𝐩𝐩

2. Verification Synthesis & Reward Assignment 3. Tool Use Synthesis

Table 
Retrieval

Schema 
Interaction

Inner-thinking

table reward

𝑟𝑟𝑖𝑖,tab = 1
𝑟𝑟𝑖𝑖,tab = −1

Verification Rationale
table prefix

extract

reasoning reward

Overall Verification Rationales from Stage 2
… …

Input: Table + Query 
sourced from TableBench, HybridQA, ToTTo, etc… 

Tool Integration

Computation toolsTable lookup tools

… …

Tool-augmented Verification

Step 1 Step 2 Step 3 Step 8 Step n

Step 1 Step 2 Step 3 Step 8 Step n

Step 1 Step 2 Step 3 Step 8 Step n

Verification Rationale

𝑟𝑟𝑖𝑖,rea = 1
𝑟𝑟𝑖𝑖,rea = −1

LRM’s Generation Steps PRM’s Verification Steps Original Input Table Retrieved Sub-TableLRM

table reward

judge

judge

judge

Verification Rationale

Figure 4: Overview of our data curation pipeline for training TATTO (Detailed in Section 4.1). We
treat LRM-generated reasoning steps separately, synthesize verification rationales with assigned step-
level rewards, and further augment verification rationales with tool executions for precise supervision.

4 Building a Table-Grounded Step Verifier145

We introduce TATTO, a generative PRM that integrates model reasoning with tool-use during its step-146

by-step verification process to enable effective supervision on both table operations and reasoning147

steps. In Section 4.1, we first introduce a large-scale agentic data synthesis pipeline designed for PRM148

training. We then elaborate how TATTO is trained via our two-stage training paradigms in Section 4.2.149

In Section 4.3, we further provide a theoretical guarantee on TATTO’s policy improvement.150

4.1 Data Curation Pipline151

We find in Section 3 that a major drawback of PRMs is their inability to supervise the table opera-152

tions, such as retrieval and interaction. Recent studies [40, 11, 38] have advanced LLM agents in153

autonomously using tools to interact with external environments and iteratively refining their actions154

through reasoning. With several existing table tools available, we incorporate them into the training155

data so that PRMs can learn to leverage tool execution outputs for more accurate step verification. To156

this end, we design a comprehensive data curation pipeline that simulates real-world scenarios of157

PRM tool use and step verification at scale. As illustrated in Figure 4, there are three main stages:158

Reasoning Trajectory Generation. We begin by collecting CoT reasoning trajectories generated by159

expert LRMs (DeepSeek-R1 and Claude Opus 4.1) on various tabular tasks. We sample from a broad160

range of sources, including TableBench [59], HybridQA [5], ToTTo [35], and WikiTQ [36]. We161

generate multiple model responses per query, capturing both correct and incorrect reasoning patterns.162

We then adopt a dual-verification procedure [11], where both human annotators and expert LLMs are163

employed to examine and filter out low-quality or incomplete CoT data. Through this, we receive a164

high-quality set of LRMs’ output responses Tpool for subsequent data labeling.165

Verification Synthesis & Reward Assignment. Our next step is to provide step-level verification166

rationales and assign PRM step-reward labels for each candidate response in Tpool. To this end, we167

first identify the table retrieval and schema interaction steps within each response in Tpool:168

Table retrieval steps - We first extract the retrieved sub-table from each step. Then we apply LLM-as-169

a-judge to evaluate whether retrieved contents are accurate and provide complete rationales for the170

judgment. We assign step-level table reward ri,tab ∈ {−1, 1} (in Eq. 1) based on the correctness of171

the retrieval, while setting ri,rea to 0. This reward supervision explicitly trains PRMs to recognize if172

the retrieved sub-table aligns with the input query, addressing the limitation shown in Takeaway 1.173

Schema interaction steps - We collect the sub-table retrieved from the preceding table retrieval step174

and use it as a table prefix. If the retrieval is incorrect, we manually replace it with the correct175

sub-table corresponding to the query. We then prepend this table prefix to the verification rationale176

generated by LLM-as-a-judge. Finally, we assign the PRM’s step-level table reward ri,tab ∈ {−1, 1}177

based on the correctness of the schema interaction, and ri,rea to 0. By explicitly attaching the retrieved178

sub-table to each schema interaction step, we mitigate the dependencies issue noted in Takeaway 2.179

Other steps without table operations involved - We directly query an expert LLM (DeepSeek-R1) to180

generate verification rationales. We assign the PRM’s step-level reasoning reward ri,rea ∈ {−1, 1}181

based on the correctness of the reasoning, while setting the table reward ri,tab to 0.182
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Tool Use Synthesis. To help PRMs learn to leverage tools for more accurate verification, we augment183

the collected verification rationales by incorporating tool invocation, execution, and feedback into184

the verification steps. Specifically, whenever the model’s inner reasoning involves a calculation or185

table lookup operation, we replace it with the corresponding tool call and its execution result. We186

primarily employ two types of tools:187

Computation tools - Applying Python or SQL code snippets for arithmetic or aggregation operations.188

E.g., if a step verifies the sum of a table column, we replace the model’s manual calculation with a189

code snippet that executes the summation and returns the result.190

Table lookup tools - Locating and extracting specific rows, columns, or cells from the table. E.g.,191

if a step requires referencing a sub-table cell value during the verification, we replace the model’s192

self-extraction with an explicit lookup tool call that retrieves the corresponding entry.193

By integrating verification processes with code snippets and real-time interpreter feedback, we194

construct roughly 60k data for TATTO’s verification reasoning and tool usage.195

4.2 Training Details196

With the data recipe in place, we then train an off-the-shelf model as our PRM’s backbone. Specifically,197

we initialize TATTO with supervised fine-tuning to acquire table-aware verification capabilities,198

followed by reinforcement learning to encourage effective tool utilization.199

Cold-Start SFT. We first finetune our PRM Rθ on the curated dataset described in Section 4.1.200

During SFT, Rθ is trained auto-regressively to learn (i) identifying accurate sub-table regions, (ii)201

prepending the table prefix to each schema interaction step, and (iii) generating faithful verification202

rationales that align with the step-level reward labels.203

Tool-Grounded Reward Shaping in RL. Previous generative PRMs training [31, 23, 73] typically204

ended with SFT phase. Recent advances in agentic RL [19, 13] further leverage policy optimization205

to better align the model’s reasoning process with tool invocation and utilization. To enable our PRM206

to better learn how to dynamically and effectively integrate tools during verification, we optimize Rθ207

via a modified GRPO [44]. Below, we elaborate on how we convert step-level labels yi into dense,208

tool-grounded rewards used for policy training.209

Specifically, during RL rollouts of each training instance (T, q, τ), we substitute the original rule-210

based GRPO reward with a newly designed per-step dense reward signal that incorporates label-211

matching accuracy, confidence calibration, and tool-grounding, i.e.212

rGRPO
i = 1{ŷi = yi}︸ ︷︷ ︸

label-matching

− λcal

(
− logRθ(yi | T, q, τ)

)
︸ ︷︷ ︸

confidence calibration

+ λtool · support(vi)︸ ︷︷ ︸
tool-grounding

, (2)

where vi denotes the verification rationale associated with step i, corresponding to ai ∈ τ ,213

support(vi) ∈ {0, 1} measures whether the rationale correctly incorporates tool outputs, and214

λcal, λtool are two tunable coefficients. Beyond training our PRM on step-level correctness via215

the label-matching term, we also incorporate a confidence calibration term to encourage the model to216

place higher probability on correct labels for stable training, and a tool-grounding term to promote217

rationales that correctly leverage tool outputs.218

During RL training, we aggregate the per-step rewards rGRPO
i into a trajectory-level reward. These219

trajectory-level rewards are then normalized within each sampled group to compute group-relative220

advantages, which are used to update the PRM Rθ under the GRPO objective. Note that our newly221

designed reward can also be directly incorporated into recently advanced GRPO variants, such as222

GSPO [74] and ARPO [9].223

4.3 Inference-time Policy Improvement Guarantee224

To elucidate the role of TATTO with its dual rewards on both table operations and reasoning processes225

(Eq.1) in enhancing the inference-time performance of LRMs, we present a theoretical performance226

guarantee below on the policy improvement induced by our PRM Rθ.227

Recall that the goal of our PRM is to improve the generated trajectory τ sampled from the policy228

model π, i.e., τ ∼ π(· | T, q). By combining the input prefix (T, q), we treat (T, q, a1, . . . , ai−1) as229
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the current state si. At step i, given the current state, the policy model samples an action ai ∼ π(· | si).230

The Q-value of policy π for the state–action pair (si, ai) is defined as the expected future success:231

Qπ(si, ai) = Qπ
(
(T, q, a1, . . . , ai−1), ai

)
= Eai+1,...,aL∼π(·|si) [1aLis correct] . (3)

Here, we use the Q-value to measure the success probability of reaching the final correct answer.232

Similarly, the value at state si can be defined as the expectation Q-values over the next action,233

i.e., V π(si) = Eai∼π(·|si)[Q
π(si, ai)]. In Theorem 4.1, we establish a lower-bound guarantee on234

policy improvement, in terms of V π(si), after a single step of natural policy gradient update when235

incorporating the process reward supervision ri from our PRM Rθ.236

Theorem 4.1 (Policy Improvement Guarantee (Lower Bound)). Let π denote the current policy.237

After one step of natural policy gradient update guided by the PRM Rθ, the updated policy is238

π′(ai | si) ∝ exp(Qπ(si, ai)+ri(si, ai)), where ri(si, ai) = ri,rea(si, ai)+ri,tab(si, ai) (see Eq. 1).239

Then, the expected improvement over the state distribution ρ satisfies:240

Esi∼ρ

[
V π′

(si)− V π(si)
]
≳ Esi∼ρVarai∼π(·|si) [ri,rea(si, ai)]︸ ︷︷ ︸

distinguishability from reasoning reward

+Esi∼ρVarai∼π(·|si) [ri,tab(si, ai)]︸ ︷︷ ︸
distinguishability from table reward

+ Esi∼ρEai∼π(·|si) [ri(si, ai)A
π(si, ai)]︸ ︷︷ ︸

alignment between overall process reward ri and Aπ

, (4)

where Aπ(si, ai) = Qπ(si, ai)−V π(si) denotes the advantage of π for the state–action pair (si, ai).241

Remark 4.2. The variance term Esi∼ρVarai∼π(·|si)[ri,tab(si, ai)] ≥ 0, introduced through our PRM’s242

table reward ri,tab, yields an improved lower-bound guarantee compared to common PRMs that rely243

solely on the reasoning reward ri,rea.244

Theorem 4.1 verifies our observation in Section 3 that incorporating additional reward supervision on245

table operation steps during policy models (LRMs) generation can further enhance their inference-246

time performance. The complete proof is presented in Appendix B. In the following section, we247

further empirically evaluate the effectiveness of our TATTO across various tabular reasoning tasks.248

5 Empirical Evaluations249

Baselines and Models. We compare TATTO against various types of verifiers, including advanced250

PRMs, majority voting [31], and LLM-as-a-judge [75]. The setups for these baselines are aligned with251

Section 3. For PRMs, we include both discriminative (Qwen-PRM series [72], Math-Shepherd-PRM252

[54], and Skywork-PRM [14]) and generative (ThinkPRM [23] and GenPRM [73]). Regarding the253

policy reasoning models, we evaluate our proposed method on DeepSeek-R1-Distill-Qwen-14B [13].254

Further details on the baselines and policy models setups are provided in Appendix D.1.255

Datasets. We evaluate on four representative and challenging benchmarks spanning diverse tabular256

reasoning tasks: (i) TableBench (TB) [59], a recently released benchmark for complex table reasoning257

with 886 test cases across 18 categories; we focus on three core sub-tasks: Numerical Reasoning (NR),258

Fact Checking (FC), and Data Analysis (DA). (ii) WTQ [36], a benchmark for complex question259

answering over Wikipedia tables. (iii) MMQA [57], a multi-table understanding benchmark covering260

retrieval, text-to-SQL generation, multi-table QA, and key selection.261

Implementation Details. We train TATTO on the off-the-shelf Qwen-3-8B model [61] using our262

curated 60k training dataset described in Section 4.1. All training and inference experiments are263

conducted on 8×A100-80G GPUs. For the TTS strategy, we adopt three representative methods to264

evaluate the effectiveness of TATTO under inference scaling: Best-of-N [3], Beam Search [46], and265

Diverse Verifier Tree Search (DVTS) [2]. Additional details, including TATTO training setup and the266

configurations of the three TTS strategies, are provided in Appendix D.2.267

5.1 Main Results268

Table 2 reports the best-of-N performance on the DeepSeek-R1-Distill-Qwen-14B policy model269

across 5 table reasoning tasks. Notably, TATTO consistently outperforms strong baselines such as270

GenPRM (32B) and Qwen-Math-PRM (72B) with only 8B parameter size. For example, on TB-DA,271

a particularly challenging task for math-oriented PRMs, TATTO achieves the largest relative gain,272
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Table 2: Main results of TATTO on 5 different tabular reasoning tasks. We report the best-of-N
performance using DeepSeek-R1-Distill-Qwen-14B as the policy model and compare against various
feedback verifiers. The best and second-best results are highlighted. TATTO consistently achieves
state-of-the-art TTS performance with significantly fewer parameters.

Verifer (Best-of-N) Params TB-NR TB-FC TB-DA WTQ MMQA

4 8 16 32 4 8 16 32 4 8 16 32 4 8 16 32 4 8 16 32

Majority Vote - 65.5 65.9 66.8 66.5 76.2 77.3 77.3 77.4 23.5 24.5 26.0 26.1 64.7 65.3 67.3 67.0 18.4 19.4 20.4 20.1
LLM-as-a-judge - 66.7 66.9 67.1 66.9 77.2 78.3 78.4 78.6 23.5 27.4 28.0 28.4 65.2 66.4 68.1 68.1 19.6 21.3 22.5 22.7
Skywork-PRM-7B 7B 66.1 69.5 70.3 70.1 76.8 78.4 78.6 78.3 24.1 27.5 28.9 29.1 65.9 67.5 68.4 68.6 21.4 24.6 25.1 25.3
Math-Shepherd-PRM-7B 7B 67.2 70.6 71.5 71.8 76.2 76.9 76.8 77.1 22.7 24.8 26.4 25.9 66.8 68.7 69.6 69.3 22.0 25.2 25.9 26.1
Qwen-2.5-Math-PRM-7B 7B 66.9 70.1 71.7 72.5 75.4 77.2 77.9 77.4 23.2 25.4 26.3 26.6 65.2 68.5 69.6 69.7 23.5 25.2 27.1 27.3
ThinkPRM 14B 69.2 70.7 73.5 73.8 75.8 75.4 76.3 76.9 21.6 22.7 23.1 22.8 64.3 66.1 65.7 65.9 22.4 22.7 23.6 23.0
GenPRM 32B 71.5 73.5 73.7 74.2 76.3 78.5 79.2 79.4 25.3 27.9 30.2 30.7 69.8 72.5 73.3 73.1 23.8 25.4 26.2 26.4
Qwen-2.5-Math-PRM-72B 72B 70.4 73.8 74.9 75.3 77.8 79.2 79.8 79.8 25.5 31.5 32.0 32.4 69.2 71.8 73.0 72.6 24.4 26.8 28.7 28.6
TATTO 8B 71.2 74.2 76.4 78.1 77.4 79.6 81.2 82.0 27.7 31.9 33.6 34.3 69.8 72.3 73.5 74.9 25.1 27.2 29.1 30.5

Figure 5: Performance of TATTO under three TTS strategies. Left: Best-of-N on TableBench-NR,
where TATTO achieves consistent improvements as N increases. Middle: Average results on Beam
Search across five table reasoning tasks. Right: Average results on Diverse Verifier Tree Search
(DVTS) across the same tasks.

improving from 27.7% at N= 4 to 34.3% at N= 32. In addition, as observed earlier in Section 3,273

existing PRMs often saturate or yield suboptimal performance beyond a threshold of N. In contrast,274

TATTO continues to deliver consistent improvements as the response group size increases.275

Figure 5 (left) visualizes the performance gains with increasing N on TB-NR. These results highlight276

(i) the effectiveness and relevance of our curated training dataset, and (ii) the ability of our method to277

deliver stronger table-grounded reward supervision, achieving substantial accuracy gains while being278

up to 9× more parameter-efficient than the strongest baselines.279

5.2 In-depth Analyses on TATTO280

Generalizability on Other TTS Strategies. Beyond Best-of-N, we also evaluate TATTO on two281

additional TTS strategies: beam search and DVTS. Figure 5 (middle and right) shows the average282

performance across the 5 tabular reasoning tasks. Across both strategies compared to other PRM283

baselines, TATTO consistently delivers steady improvements with the increasing budgets on N. For284

example, in beam search, TATTO improves from 45.0% to 54.8%, whereas GenPRM plateaus around285

51% and Skywork-PRM remains below 46%. These results demonstrate the robust generalizability286

of our method across various TTS strategies.287

Mastery of RL with Bootstrapping from SFT. To investigate tool integration and reasoning288

capabilities of TATTO through RL training, we conduct additional experiments to compare the289

performance before (cold-start SFT only) and after RL training on TableBench. Table 3 (first two290

rows) reports the Best-of-N results for the two training stages of TATTO. After RL training, the291

overall performance improves by 10.2% relative to the SFT stage.292

We further present a case study illustrating the difference between the verification processes at the two293

training stages on a specific instance in Figure 7 (Appendix F). When facing the same step (Step 3),294

the SFT-stage relies on inner text reasoning to verify the calculation, but introduces numerical errors295

that lead to incorrect justification of the step’s correctness. In contrast, the RL-stage learns to leverage296

the computation tool with concise Python code, ensuring accurate calculations and thereby providing297

more reliable reward supervision on the policy model’s responses. In addition, we randomly sample298

500 reasoning trajectories from both stages of TATTO on the same set of inputs and observe a 26.3%299
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Table 3: In-depth analysis of TATTO on TableBench. We compare performance across SFT and RL
training stages, along with ablations on reward design.

TATTO TB-NR TB-FC TB-DA

4 8 16 32 4 8 16 32 4 8 16 32

SFT only 67.9 69.1 72.0 73.7 71.5 73.0 74.6 75.2 23.3 25.6 26.2 26.4

ours (SFT+RL) 71.2 74.2 76.4 78.1 77.4 79.6 81.2 82.0 27.7 31.9 33.6 34.3
rule-based 67.0 68.4 70.4 73.1 71.6 74.0 74.9 75.8 25.5 27.4 28.0 28.6
w/o tool-grounding 68.5 71.1 72.7 74.6 73.2 75.6 75.5 76.3 26.2 28.1 28.7 30.3
w/o confidence caliboration 71.1 73.7 74.3 76.2 76.4 76.7 78.4 80.5 27.4 29.5 31.3 33.2

improvement in the tool-integration ratio after RL training, indicating our model learns to utilize300

tools better for step-level verification during RL rollouts.301

Reward Shaping during RL Training. We analyze the contribution of each component in our302

reward shaping (Eq. 2) during RL training. Table 3 reports the ablation results for each component.303

Removing the tool-grounding term results in a significant performance drop of 3.9% across all three304

tasks, e.g., ↓ 4% on TB-DA at N = 32, underscoring the necessity of encouraging tool utilization305

during training. Similarly, excluding the confidence calibration term degrades performance by 1.6%306

on average, indicating that calibrated probability assignment provides a complementary role in307

stabilizing reward signals. We also investigate the original rule-based group-relative reward from308

GRPO, which yields marginal improvement after SFT. This indicates that solely relying on the309

original reward (designed primarily for policy model training) does not transfer well when applying310

RL to a reward model. Due to page limits, we leave additional ablation studies in Appendix E.311

6 Related Works312

Reasoning over semi-structured tables poses a unique challenge for LLMs, requiring them to bridge313

natural language understanding with structured reasoning over rows, columns, and cell values314

[20, 71]. Recent works [50, 18, 8, 15] have investigated tabular reasoning on several downstream315

tasks, including table QA [49, 36, 5, 79], table fact verification [4, 35, 59], text-to-SQL [33], etc.316

Early-stage methods, such as TAPAS [17] and TaBERT [66], encode table data into transformer-317

based encoder representations to support end-to-end table understanding. Later studies leverage318

the capabilities of LLMs to apply either prompt engineering [48, 49, 56] or supervised fine-tuning319

techniques [26, 47, 69] for enhanced reasoning on tables, achieving stronger generalization and320

adaptability across diverse tasks. More recent works, including the Table-R1 series [60, 65, 21] and321

Reasoning-Table [24], leverages post-training RL methods such as GRPO [44] to acquire higher-322

quality reasoning paths during reasoning over table information.323

While these recent advances have focused on improving the generation ability of models on tables,324

how to provide robust and verifiable reward supervision for the lengthy and complex output trajectories325

generated by the table-specific reasoning models remains largely unexplored. This essential yet326

overlooked gap motivates us to develop the first tool-use and thinking PRM, which is specifically327

designed and utilized for enhancing test time scaling on tabular reasoning tasks. We leave more328

detailed discussions on Process Reward Models and Tool Integration with RL in Appendix A.329

7 Conclusion330

We introduced TATTO, the first tool-augmented thinking PRM tailored for tabular reasoning. By331

diagnosing why existing verifiers fail on table retrieval and schema interaction, we built a scalable332

pipeline with expert rationales, table prefixes, and tool-augmented verification, and trained our model333

via SFT followed by RL with reward shaping. Theoretically, TATTO strengthens policy improvement334

guarantees by supervising both reasoning and table-grounded operations in each reasoning step.335

Empirically, TATTO achieves state-of-the-art performance across five table benchmarks, surpassing336

strong PRMs with up to 9× parameter efficiency and generalizing across multiple TTS strategies.337

Our results underscore the importance of table-grounded reward supervision and point toward future338

directions in reward modeling for structured reasoning tasks. We leave additional discussion of339

limitations and broader impacts to Appendix G.340
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Appendix591

A Additional Related Work592

Table Question Answering. The evolution of Table Question Answering (Table QA) research [20]593

has been propelled by the creation of sophisticated evaluation resources that facilitate semantic parsing594

capabilities [63, 28, 29]. Foundational works, including WTQ [37] and TabFact [4], established initial595

evaluation paradigms through Wikipedia-derived HTML table QA pairs. Structured supervision has596

also been explored in alternative benchmarks such as WikiSQL [78] and Spider [67], where logical597

expressions serve as explicit annotations to encourage systematic reasoning. More recent studies such598

as MultiTableQA [79], MT-RAIG [42], and MMQA [58] has shifted towards multi-hop reasoning.599

PRMs for Test-time Scaling. Process Reward Models (PRMs) [30, 51, 68] deliver fine-grained,600

step-level feedback to guide model reasoning, assigning intermediate rewards to individual reasoning601

steps rather than only judging final answers [12, 55, 6]. Prominent PRMs, including Math-Shepherd602

[54], Skywork-PRM [14], and the Qwen2.5-Math-PRM family [72], are trained using a mix of603

human annotations and synthesized supervision to score model-generated solution steps across604

domains such as math [32], scientific reasoning [39], and programming [16]; more recently, Think-605

PRM proposes a generative verifier to produce long-chain CoT evaluations [23]. PRMs have been606

incorporated into training-time optimization as reward signals via step-verified online RL and verifier-607

guided self-training [27, 12, 7], and into inference-time scaling by coupling step-level scoring with608

search/decoding strategies [73, 23, 64], including beam search, reward-guided tree search, and609

Best-of-N sampling.610

Discriminative vs. Generative PRM. In general, PRMs can be categorized as discriminative611

and generative evaluators [77]. A discriminative PRM treats verification as classification, directly612

predicting the correctness of each reasoning step with a scalar score. It is typically trained on step-613

level labels using cross-entropy loss, making it heavily reliant on step-level reward annotations. A614

generative PRM instead frames verification as conditional generation. It is trained with the standard615

language modeling objective to first generate rationales and then verify each step’s correctness via a616

judgment token (e.g., [correct, incorrect]).617
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B Proof of Theorem 4.1618

Notational conventions. We use si for a state, ai for an action, π for the current policy, and π′ for619

the updated policy. The advantage is Aπ(si, ai) = Qπ(si, ai)− V π(si). The PRM signal at a step is620

the overall process reward, defined as621

ri(si, ai) ≜ ri,rea(si, ai) + ri,tab(si, ai).

For a fixed si, we write Eπ[·] ≡ Eai∼π(·|si)[·], Varπ[·] ≡ Varai∼π(·|si)[·], and Covπ(·, ·) ≡622

Covai∼π(·|si)(·, ·). Expectations over states use the subscript explicitly, e.g., Esi∼ρ[·]. We use623

dπ
′

ρ for the discounted state distribution under π′ starting from ρ.624

We start the proof by introducing two standard lemmas that will be used repeatedly; both are625

well-known results in the RL literature, and we omit their proofs here for brevity.626

Lemma B.1 (Performance Difference Lemma (PDL)). For any pair of policies π and π′ defined627

over the same Markov decision process with initial state distribution ρ, the following identity holds:628

Esi∼ρ

[
V π′

(si)− V π(si)
]

= Esi∼dπ′
ρ
Eai∼π′(·|si)

[
Aπ(si, ai)

]
.

See proof of Lemma 6.1 in [22].629

Lemma B.2 (Natural policy gradient (NPG) update form). Fix a step size γ > 0. If the NPG630

update is guided by the signal Aπ(si, ai) + ri(si, ai), then631

π′(ai | si) ∝ π(ai | si) exp
(
γ
(
Aπ(si, ai) + ri(si, ai)

))
,

Zπ(si) ≜ Eai∼π(·|si)

[
exp

(
γ
(
Aπ(si, ai) + ri(si, ai)

))]
,

so that
π′(ai | si)
π(ai | si)

=
exp(·)
Zπ(si)

.

(5)

See proof of Lemma F.2 in [43]. Next, we restate Theorem 4.1 in the following proposition.632

Proposition B.3 (Full-strength policy improvement lower bound). Let π′ be the NPG update in633

Lemma B.2. There exists η = Θ(γ) such that634

Esi∼ρ

[
V π′

(si)− V π(si)
]

≳ Esi∼ρ

[
Varπ

[
ri,rea(si, ai)

]︸ ︷︷ ︸
distinguishability (reasoning reward)

+ Varπ
[
ri,tab(si, ai)

]︸ ︷︷ ︸
distinguishability (table reward)

+2 Covπ
(
ri,rea(si, ai), ri,tab(si, ai)

)︸ ︷︷ ︸
alignment between ri,rea and ri,tab

+Eπ

[
ri(si, ai)A

π(si, ai)
]︸ ︷︷ ︸

alignment of ri with Aπ

]
.

(6)

Proof of Proposition B.3. We now combine the performance difference lemma with the NPG update635

to derive a variance–alignment lower bound, while first retaining the covariance term between the636

reward components. By Lemma B.1, we have637

Esi∼ρ

[
V π′

(si)− V π(si)
]
= Esi∼dπ′

ρ
Eai∼π′(·|si)

[
Aπ(si, ai)

]
. (7)

Exponential tilting and a log-partition bound. Let us define the log-partition at state si by638

logZπ(si) = logEai∼π(·|si) exp
(
γ
(
Aπ(si, ai) + ri(si, ai)

))
.

From Lemma B.2, we have639

Aπ(si, ai) =
1

γ
log

π′(ai | si)
π(ai | si)

− ri(si, ai) +
1

γ
logZπ(si).

Averaging over ai ∼ π′(· | si), using Eπ′ [log π′

π ] ≥ 0 and Jensen plus Eπ[A
π(si, ai)] = 0 gives640

Eai∼π′(·|si)[A
π(si, ai)] ≥ −Eai∼π′(·|si)[ri(si, ai)] + Eai∼π(·|si)[ri(si, ai)]. (8)
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Plugging this into Eq. 7 yields the basic inner-product lower bound641

Esi∼ρ

[
V π′

(si)− V π(si)
]
≥ Esi∼dπ′

ρ
⟨π′(· | si)− π(· | si), ri(si, ·)⟩ . (9)

Small-γ expansion of the policy move. For sufficiently small γ, a first-order expansion of the642

exponential tilt implies643

⟨π′(· | si)− π(· | si), ri(si, ·)⟩ ≳ η
(
Varπ

[
ri(si, ai)

]
+ Eπ

[
ri(si, ai)A

π(si, ai)
])

, (10)

for some η = Θ(γ). Combining Eq. 9 and Eq. 10, and weakening dπ
′

ρ to ρ (componentwise644

monotonicity) gives645

Esi∼ρ

[
V π′

(si)− V π(si)
]
≳ η Esi∼ρ

[
Varπ

[
ri(si, ai)

]
+ Eπ

[
ri(si, ai)A

π(si, ai)
]]
. (11)

Variance decomposition with covariance. Next, using ri = ri,rea + ri,tab, we have646

Varπ
[
ri(si, ai)

]
= Varπ

[
ri,rea(si, ai)

]
+Varπ

[
ri,tab(si, ai)

]
+ 2Covπ

(
ri,rea(si, ai), ri,tab(si, ai)

)
.

(12)

Substituting into Eq. 11 complete our proof of Proposition B.3 (Eq. 6).647

Covariance elimination under our reward design. By construction in our setup (see Section 4.1),648

for each state–action pair (si, ai), the two components of the PRM signal, i.e., table reward and649

reasoning reward, are mutually exclusive. Formally, we have650

ri,tab(si, ai) ∈ {−1, 0, 1}, ri,rea(si, ai) ∈ {−1, 0, 1}, and ri,tab(si, ai) ri,rea(si, ai) = 0.

Policy-gradient updates are invariant to adding any per-state baseline, so we may center each651

component without loss, i.e.,652

r̃i,rea(si, ai) = ri,rea(si, ai)−Eπ

[
ri,rea(si, ai)

]
, r̃i,tab(si, ai) = ri,tab(si, ai)−Eπ

[
ri,tab(si, ai)

]
.

Mutual exclusivity yields Eπ

[
r̃i,rea(si, ai) r̃i,tab(si, ai)

]
= 0, hence Covπ

(
r̃i,rea, r̃i,tab

)
= 0 and653

Varπ
[
r̃i(si, ai)

]
= Varπ

[
r̃i,rea(si, ai)

]
+Varπ

[
r̃i,tab(si, ai)

]
, r̃i ≜ r̃i,rea + r̃i,tab.

Plugging these centered quantities into the bounds of Proposition B.3 (which is NPG-invariant under654

per-state centering) gives exactly Theorem 4.1’s inequality:655

Esi∼ρ

[
V π′

(si)− V π(si)
]

≳ Esi∼ρ

[
Varπ

[
ri,rea(si, ai)

]
+Varπ

[
ri,tab(si, ai)

]
+ Eπ

[
ri(si, ai)A

π(si, ai)
]]
,

(13)

which completes the proof of Theorem 4.1. □656

Remarks. (i) Proposition B.3 is strictly more general; Theorem 4.1 follows as a corollary under657

mutual exclusivity plus per-state centering (baseline invariance). (ii) Mutual exclusivity alone658

yields Eπ[ri,rea ri,tab] = 0, but per-state centering is what ensures Covπ(ri,rea, ri,tab) = 0. (iii) The659

alignment term necessarily uses the composite signal ri because the NPG step is guided by Aπ + ri.660
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C Error Analysis661

Figure 6: Error distribution over 500 incorrect LRM responses after Best-of-N. The errors are grouped
into 13 predefined types, with the majority arising from table retrieval and schema interaction.

In Section 3, we perform a fine-grained error analysis on 500 erroneous responses sampled after662

Best-of-N selection with Qwen2.5-Math-PRM-72B, to better understand the limitations of LRMs and663

PRMs. Each response is inspected and categorized by human experts into 13 predefined error types,664

covering both reasoning and table-specific mistakes. Figure 6 illustrates the overall error distribution.665

Error Type Distribution. The most frequent errors are unit mismatch (15.0%), row mis-selection666

(14.8%), and miscalculation (11.2%). Other common issues include column mis-selection (10.4%),667

partial aggregation (9.6%), and missing or incomplete context (7.6%). Less frequent but still notable668

categories include output format errors, incorrect grouping, double counting, misinterpretation, and669

contradictory steps. A small portion of errors is grouped under others and logical errors. This diverse670

distribution highlights that model failures are not restricted to arithmetic slips but extend to schema671

understanding and structural reasoning.672

Mapping to Reasoning-Step Categories. To reveal deeper patterns, we align the 13 error types673

with four reasoning-step categories reflecting the typical flow of LRMs:674

• Table Retrieval Step: Includes row/column mis-selection, unit mismatch, and partial aggregation.675

These account for 47.7% of total errors, indicating difficulty in locating and extracting the correct676

table region.677

• Schema Interaction Step: Covers miscalculation, grouping mistakes, double counting, and678

misinterpretation of table semantics. This represents 34.3% of errors, reflecting challenges in679

reasoning over structured contents once retrieved.680

• Inner-Thinking Step: Logical errors or contradictory reasoning steps independent of table contents.681

These contribute 12.0% of total errors, suggesting LRMs remain relatively competent in pure logical682

chains compared to table-centric operations.683

• Others: Errors arising from context omission or improper output formatting.684

Key Findings. The analysis confirms that most model weaknesses lie in table-related operations,685

including table retrieval and schema interaction, rather than general logical reasoning. PRMs, when686

supervising such steps, face greater challenges since they must not only validate the correctness of687

reasoning but also verify alignment between the retrieved sub-table and the query.688
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D Experimental Setups689

D.1 Policy Model Configurations690

In our experiments, we adopt an LRM DeepSeek-R1-Distill-Qwen-14B [13] as the downstream691

policy model. During inference, we configure the model with a temperature of 0.7, a maximum692

generation length of 16,384 tokens, and top-p sampling with p = 0.95. We evaluate the LRM on693

several inference-time scaling strategies:694

Best-of-N (BoN). The policy model generates N candidate responses independently. A verifier695

(PRM) scores each response, and the final output is selected based on a voting or scoring method.696

Beam Search. Given beam width N and branching factor M , the model generates N initial steps.697

The verifier then selects the top N/M continuations, and the model expands each with M new698

candidates. This process repeats until termination, enabling guided exploration of high-quality699

reasoning paths.700

Diverse Verifier Tree Search (DVTS). DVTS is a variant of beam search where the search process701

is divided into multiple subtrees. Each subtree is explored independently using verifier-guided702

expansions, with candidates selected at every step based on PRM scores.703

Majority Voting. After generating multiple responses, the final answer is determined by simple704

majority over identical outputs, regardless of intermediate step scores. This method provides a705

baseline aggregation mechanism.706

LLM-as-a-Judge. Instead of relying solely on PRMs, a separate LLM is prompted to compare and707

evaluate candidate responses directly, selecting the most plausible or logically consistent output.708

D.2 Training Details709

We train TATTO using the off-the-shelf Qwen-3-8B model [61] on our curated 60K dataset. For710

supervised fine-tuning, we adopt the LLaMA-Factory framework [76]. The training setup uses a711

learning rate of 1× 10−5, a weight decay of 1× 10−4, a maximum sequence length of 20,000, and is712

run for 3 epochs. For the RL training stage, we adopt the VeRL framework [45] to further optimize713

the SFT checkpoint via policy optimization. The model is trained with a batch size of 32, generating714

8 samples per question as the group size, and is run for 3 epochs. During inference, we use the OpenR715

framework [53] to deploy our trained TATTO-8B, which serves as a verifier to guide the downstream716

LRM under different test-time scaling strategies.717

E Ablations718

Table 4: Ablation on confidence calibration λcal.

N=32 TB-NR TB-FC TB-DA

0.3 76.8 80.9 33.1
0.5 77.3 81.3 33.6
0.8 78.1 82.0 34.3
1.0 78.5 81.4 33.8

Table 5: Ablation on tool-grounding λtool.

N=32 TB-NR TB-FC TB-DA

0.1 75.2 76.3 30.8
0.5 75.9 76.9 32.2
1.0 78.1 82.0 34.3
1.3 77.5 81.2 34.6

Ablations on λcal and λtool. In Eq. 2, we use λcal and λtool as tunable coefficients to balance719

the contributions of the corresponding reward terms in GRPO. To examine their influence, we720

separately train our verifier model (initialized from the same SFT checkpoint) by varying λcal ∈721

{0.3, 0.5, 0.8, 1.0} and λtool ∈ {0.1, 0.5, 1.0, 1.5} during RL, and then evaluate on TableBench with722

N = 32. As shown in Table 4 and 5, performance improves as λcal increases, peaking at 0.8–1.0. For723

λtool, accuracy rises steadily and is strongest around 1.0–1.3. These results empirically confirm the724

effectiveness of confidence calibration and tool-grounding in enhancing TTS.725
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F Case Study on TATTO726

Figure 7: Case Study on TATTO Before and After RL Training. Applying RL training enhances our
PRM’s dynamic utilization of tool calls, which in turn provides more reliable supervision over the
input reasoning trajectories of LRMs.

G Limitations and Broader Impacts727

While reinforcement learning with reward shaping enhances our PRM’s ability to capture fine-728

grained tabular reasoning signals, it introduces more computational overhead. Compared to SFT-only729

training, the RL stage requires additional rollouts, reward evaluations, and optimization steps, which730

can increase training cost and resource demands. This overhead may hinder reproducibility and731

accessibility in low-resource environments, motivating future work on more efficient reward objectives732

and lightweight reward modeling strategies. In addition, our current framework is limited to text–table733

reasoning, and extending it to multimodal settings (e.g., integrating charts or image-based tables)734

remains an important direction for future work.735

Broader Impacts. From a broader perspective, this work highlights the potential for process reward736

models to enhance structured reasoning in domains such as fact-checking, scientific analysis, and737

decision support. At the same time, reliance on automated verification carries risks: if tools or training738

data contain errors, these may be amplified rather than corrected. We encourage future research to739

explore mechanisms for auditing verifier reliability, reducing the energy footprint of RL training, and740

ensuring equitable performance across diverse application domains.741
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Question: Does the paper discuss the limitations of the work performed by the authors?759

Answer: [Yes]760

Justification: Limitation discussion is included in the Appendix.761
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(d) We recognize that reproducibility may be tricky in some cases, in which case839

authors are welcome to describe the particular way they provide for reproducibility.840

In the case of closed-source models, it may be that access to the model is limited in841

some way (e.g., to registered users), but it should be possible for other researchers842

to have some path to reproducing or verifying the results.843

5. Open access to data and code844

Question: Does the paper provide open access to the data and code, with sufficient instruc-845

tions to faithfully reproduce the main experimental results, as described in supplemental846

material?847
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Answer: [Yes]848

Justification: We provide detailed implementation frameworks and dataset instructions in849

the Appendix.850

Guidelines:851

• The answer NA means that paper does not include experiments requiring code.852

• Please see the NeurIPS code and data submission guidelines (https://nips.cc/853

public/guides/CodeSubmissionPolicy) for more details.854

• While we encourage the release of code and data, we understand that this might not be855

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not856

including code, unless this is central to the contribution (e.g., for a new open-source857

benchmark).858

• The instructions should contain the exact command and environment needed to run to859

reproduce the results. See the NeurIPS code and data submission guidelines (https:860

//nips.cc/public/guides/CodeSubmissionPolicy) for more details.861

• The authors should provide instructions on data access and preparation, including how862

to access the raw data, preprocessed data, intermediate data, and generated data, etc.863

• The authors should provide scripts to reproduce all experimental results for the new864

proposed method and baselines. If only a subset of experiments are reproducible, they865

should state which ones are omitted from the script and why.866

• At submission time, to preserve anonymity, the authors should release anonymized867

versions (if applicable).868

• Providing as much information as possible in supplemental material (appended to the869

paper) is recommended, but including URLs to data and code is permitted.870

6. Experimental setting/details871

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-872

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the873

results?874

Answer: [Yes]875

Justification: Experiment details are provided in detail in the Appendix.876

Guidelines:877

• The answer NA means that the paper does not include experiments.878

• The experimental setting should be presented in the core of the paper to a level of detail879

that is necessary to appreciate the results and make sense of them.880

• The full details can be provided either with the code, in appendix, or as supplemental881

material.882

7. Experiment statistical significance883

Question: Does the paper report error bars suitably and correctly defined or other appropriate884

information about the statistical significance of the experiments?885

Answer: [Yes]886

Justification: Each experiment’s results are reported as the average over three independent887

experimental runs.888

Guidelines:889

• The answer NA means that the paper does not include experiments.890

• The authors should answer "Yes" if the results are accompanied by error bars, confi-891

dence intervals, or statistical significance tests, at least for the experiments that support892

the main claims of the paper.893

• The factors of variability that the error bars are capturing should be clearly stated (for894

example, train/test split, initialization, random drawing of some parameter, or overall895

run with given experimental conditions).896

• The method for calculating the error bars should be explained (closed form formula,897

call to a library function, bootstrap, etc.)898

• The assumptions made should be given (e.g., Normally distributed errors).899
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• It should be clear whether the error bar is the standard deviation or the standard error900

of the mean.901

• It is OK to report 1-sigma error bars, but one should state it. The authors should902

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis903

of Normality of errors is not verified.904

• For asymmetric distributions, the authors should be careful not to show in tables or905

figures symmetric error bars that would yield results that are out of range (e.g. negative906

error rates).907

• If error bars are reported in tables or plots, The authors should explain in the text how908

they were calculated and reference the corresponding figures or tables in the text.909

8. Experiments compute resources910

Question: For each experiment, does the paper provide sufficient information on the com-911

puter resources (type of compute workers, memory, time of execution) needed to reproduce912

the experiments?913

Answer: [Yes]914

Justification: The experimental details are provided in the Appendix.915

Guidelines:916

• The answer NA means that the paper does not include experiments.917

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,918

or cloud provider, including relevant memory and storage.919

• The paper should provide the amount of compute required for each of the individual920

experimental runs as well as estimate the total compute.921

• The paper should disclose whether the full research project required more compute922

than the experiments reported in the paper (e.g., preliminary or failed experiments that923

didn’t make it into the paper).924

9. Code of ethics925

Question: Does the research conducted in the paper conform, in every respect, with the926

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?927

Answer: [Yes]928

Justification: We comply with the Code of Ethics.929

Guidelines:930

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.931

• If the authors answer No, they should explain the special circumstances that require a932

deviation from the Code of Ethics.933

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-934

eration due to laws or regulations in their jurisdiction).935

10. Broader impacts936

Question: Does the paper discuss both potential positive societal impacts and negative937

societal impacts of the work performed?938

Answer: [Yes]939

Justification: We include the broader impact discussion in the Appendix.940

Guidelines:941

• The answer NA means that there is no societal impact of the work performed.942

• If the authors answer NA or No, they should explain why their work has no societal943

impact or why the paper does not address societal impact.944

• Examples of negative societal impacts include potential malicious or unintended uses945

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations946

(e.g., deployment of technologies that could make decisions that unfairly impact specific947

groups), privacy considerations, and security considerations.948
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• The conference expects that many papers will be foundational research and not tied949

to particular applications, let alone deployments. However, if there is a direct path to950

any negative applications, the authors should point it out. For example, it is legitimate951

to point out that an improvement in the quality of generative models could be used to952

generate deepfakes for disinformation. On the other hand, it is not needed to point out953

that a generic algorithm for optimizing neural networks could enable people to train954

models that generate Deepfakes faster.955

• The authors should consider possible harms that could arise when the technology is956

being used as intended and functioning correctly, harms that could arise when the957

technology is being used as intended but gives incorrect results, and harms following958

from (intentional or unintentional) misuse of the technology.959

• If there are negative societal impacts, the authors could also discuss possible mitigation960

strategies (e.g., gated release of models, providing defenses in addition to attacks,961

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from962

feedback over time, improving the efficiency and accessibility of ML).963

11. Safeguards964

Question: Does the paper describe safeguards that have been put in place for responsible965

release of data or models that have a high risk for misuse (e.g., pretrained language models,966

image generators, or scraped datasets)?967

Answer: [NA]968

Justification: We do not observe such risks of misuse in this paper.969

Guidelines:970

• The answer NA means that the paper poses no such risks.971

• Released models that have a high risk for misuse or dual-use should be released with972

necessary safeguards to allow for controlled use of the model, for example by requiring973

that users adhere to usage guidelines or restrictions to access the model or implementing974

safety filters.975

• Datasets that have been scraped from the Internet could pose safety risks. The authors976

should describe how they avoided releasing unsafe images.977

• We recognize that providing effective safeguards is challenging, and many papers do978

not require this, but we encourage authors to take this into account and make a best979

faith effort.980

12. Licenses for existing assets981

Question: Are the creators or original owners of assets (e.g., code, data, models), used in982

the paper, properly credited and are the license and terms of use explicitly mentioned and983

properly respected?984

Answer: [Yes]985

Justification: All existing resources are properly cited in this paper.986

Guidelines:987

• The answer NA means that the paper does not use existing assets.988

• The authors should cite the original paper that produced the code package or dataset.989

• The authors should state which version of the asset is used and, if possible, include a990

URL.991

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.992

• For scraped data from a particular source (e.g., website), the copyright and terms of993

service of that source should be provided.994

• If assets are released, the license, copyright information, and terms of use in the995

package should be provided. For popular datasets, paperswithcode.com/datasets996

has curated licenses for some datasets. Their licensing guide can help determine the997

license of a dataset.998

• For existing datasets that are re-packaged, both the original license and the license of999

the derived asset (if it has changed) should be provided.1000
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• If this information is not available online, the authors are encouraged to reach out to1001

the asset’s creators.1002

13. New assets1003

Question: Are new assets introduced in the paper well documented and is the documentation1004

provided alongside the assets?1005

Answer: [NA]1006

Justification: This paper does not release any real-world dataset. Other code implementations1007

are detailed as supplementary material.1008

Guidelines:1009

• The answer NA means that the paper does not release new assets.1010

• Researchers should communicate the details of the dataset/code/model as part of their1011

submissions via structured templates. This includes details about training, license,1012

limitations, etc.1013

• The paper should discuss whether and how consent was obtained from people whose1014

asset is used.1015

• At submission time, remember to anonymize your assets (if applicable). You can either1016

create an anonymized URL or include an anonymized zip file.1017

14. Crowdsourcing and research with human subjects1018

Question: For crowdsourcing experiments and research with human subjects, does the paper1019

include the full text of instructions given to participants and screenshots, if applicable, as1020

well as details about compensation (if any)?1021

Answer: [NA]1022

Justification: No human objects are involved in this paper.1023

Guidelines:1024

• The answer NA means that the paper does not involve crowdsourcing nor research with1025

human subjects.1026

• Including this information in the supplemental material is fine, but if the main contribu-1027

tion of the paper involves human subjects, then as much detail as possible should be1028

included in the main paper.1029

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,1030

or other labor should be paid at least the minimum wage in the country of the data1031

collector.1032

15. Institutional review board (IRB) approvals or equivalent for research with human1033

subjects1034

Question: Does the paper describe potential risks incurred by study participants, whether1035

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)1036

approvals (or an equivalent approval/review based on the requirements of your country or1037

institution) were obtained?1038

Answer: [NA]1039

Justification: This paper does not involve crowdsourcing nor research with human subjects.1040

Guidelines:1041

• The answer NA means that the paper does not involve crowdsourcing nor research with1042

human subjects.1043

• Depending on the country in which research is conducted, IRB approval (or equivalent)1044

may be required for any human subjects research. If you obtained IRB approval, you1045

should clearly state this in the paper.1046

• We recognize that the procedures for this may vary significantly between institutions1047

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the1048

guidelines for their institution.1049

• For initial submissions, do not include any information that would break anonymity (if1050

applicable), such as the institution conducting the review.1051
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16. Declaration of LLM usage1052

Question: Does the paper describe the usage of LLMs if it is an important, original, or1053

non-standard component of the core methods in this research? Note that if the LLM is used1054

only for writing, editing, or formatting purposes and does not impact the core methodology,1055

scientific rigorousness, or originality of the research, declaration is not required.1056

Answer: [Yes]1057

Justification: The LLM usage is described in detail in this paper.1058

Guidelines:1059

• The answer NA means that the core method development in this research does not1060

involve LLMs as any important, original, or non-standard components.1061

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)1062

for what should or should not be described.1063
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