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Abstract
Open-domain table QA requires reliable evi-
dence localization beyond candidate retrieval.
Compact table fingerprints reduce irrelevant
signals during representation learning, but re-
trieval based on learned representations may
still have limited ability to distinguish evi-
dence segments among retrieved candidates.
This issue is especially pronounced when ta-
bles are partitioned into segments that share
similar metadata and schema patterns. We
propose Probe-Grounded Reasoning (PGR),
a coarse-to-fine framework for content-level
evidence localization. PGR generates query-
specific probes with metadata cues and cell-
level evidence, then reranks candidate seg-
ments to improve fine-grained evidence lo-
calization. It then derives answers via a de-
coupled Semantic-Plan-Execute workflow with
GRPO-optimized planning and execution. On
Open-WikiTable, under a controlled evaluation
setting with fixed BM25-retrieved candidates,
PGR achieves 85.96% segment-level evidence
accuracy at k = 5 and reaches 69.0% end-
to-end QA accuracy, suggesting that content-
level verification supports more reliable evi-
dence grounding for downstream reasoning.
Code is available at https://github.com/
XFastDataLab/PGR/.

1 Introduction

Open-domain Table Question Answering (Table
QA) requires effective evidence retrieval from
large-scale table corpora to support grounded rea-
soning. While Large Language Models (LLMs)
have significantly advanced the reasoning stage
within retrieve-then-reason pipelines, overall end-
to-end performance remains fundamentally con-
strained by retrieval granularity.

In open-domain table question answering, large-
scale tables are often partitioned into multiple seg-
ments for processing. Effective table retrieval re-
quires balancing semantic coverage and represen-
tation efficiency, as overly detailed representations
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Figure 1: The ambiguity trap in partitioned table re-
trieval under single-ground-truth scenarios. The large
Recall@1 vs. Recall@5 gap on Open-WikiTable in-
dicates that high-recall retrieval may still leave fine-
grained segment localization challenging.

may introduce redundant information and increase
complexity. This motivates compact table finger-
prints for retriever training, reducing representation
complexity while retaining essential table signals.

However, high-recall retrieval alone does
not guarantee fine-grained evidence localization.
This limitation is particularly evident in Open-
WikiTable, where approximately 52% of tables
are partitioned into multiple segments. Under our
SDR retrieval setting, single-ground-truth scenar-
ios show a substantial top-1/top-5 recall gap (Fig-
ure 1): top-1 recall is 71.8%, compared with 97.9%
at top-5, indicating that the relevant evidence seg-
ment is often included in the retrieved candidate
set but not ranked first. When large tables are
split row-wise into segments, sibling segments may
share similar metadata and schema patterns, mak-
ing fine-grained evidence localization challenging.
Although retrievers trained with compact finger-
prints achieve high recall, their learned representa-
tions may have limited ability to distinguish closely
related candidates. This motivates content-level
verification beyond retrieval-based ranking.
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We propose a coarse-to-fine verification strat-
egy to improve evidence localization under
segment-level ambiguity. We employ a standard
dense retriever optimized with compact table-level
fingerprints for coarse global retrieval, and del-
egate fine-grained evidence localization to our
Probe-Grounded Reasoning (PGR). PGR imple-
ments a verify-then-reason workflow that first miti-
gates segment-level ambiguity and then performs
grounded answer generation through two integrated
stages: (1) Evidence Localization: PGR synthe-
sizes query-specific probes containing metadata
cues and cell-level evidence, using evidence-value
matching to score and rank candidate segments.
(2) Grounded Reasoning: Once the top-ranked seg-
ment is selected, PGR recovers the corresponding
full table context and executes a Semantic-Plan-
Execute (SPE) process to produce the final answer.

Direct code generation from raw tables can lead
to compounded errors, as models must simulta-
neously handle semantic disambiguation, logical
planning, and syntactic correctness. To address
this, we design SPE as a decoupled workflow con-
sisting of semantic enrichment, strategic planning,
and program execution. This design improves rea-
soning controllability by separating intermediate
stages and grounding execution on verified evi-
dence. Finally, we optimize the planning and exe-
cution stages with Group Relative Policy Optimiza-
tion to improve reasoning consistency.

Our contributions are as follows:
• Coarse-to-Fine Strategy: We propose a

coarse-to-fine framework that mitigates the
Ambiguity Trap in partitioned table QA set-
tings by decoupling global retrieval from fine-
grained content verification.

• Probe-Grounded Reasoning (PGR): We in-
troduce PGR, a verify-then-reason framework
that combines probe-based evidence localiza-
tion with grounded answer generation through
a decoupled Semantic-Plan-Execute process.

• Empirical Validation: Experiments on the
Open-WikiTable benchmark show consistent
improvements over existing baselines.

2 Related Work

Table Retrieval. Traditional sparse retrieval
methods, such as BM25 (Robertson and Zaragoza,
2009), excel in lexical matching but falter in seman-
tic scenarios due to vocabulary mismatch. Dense
retrievers (Karpukhin et al., 2020) address this by

embedding queries and tables in a shared space. In
open-domain Table QA, a key trade-off emerges be-
tween coverage and efficiency: encoding full tables
is costly (Herzig et al., 2021; Lin et al., 2023), mo-
tivating compact abstractions such as metadata or
sampled rows (Wang et al., 2022). While effective
for global localization through compact table-level
representations, such abstractions may provide in-
sufficient granularity for distinguishing candidate
segments that share similar metadata and schema
patterns. Standard contrastive objectives with in-
batch negatives are commonly used for dense re-
trieval training (Zhan et al., 2021), but they are not
designed to explicitly address fine-grained ambi-
guity among retrieved candidates, motivating our
content-level verification in PGR.

Program-Aided Open-Domain Table QA. In
closed-domain settings, where the evidence table
is given, many studies enhance LLM reasoning
by generating executable programs such as SQL or
Python for precise computation (Cheng et al., 2023;
Chen et al., 2023). In open-domain settings, the
evidence must first be retrieved from a large corpus
of tables, often partitioned into segments, produc-
ing top-k candidates that may contain structurally
similar distractors with similar schemas. This re-
trieval ambiguity motivates an additional reranking
stage to improve evidence segment localization.
OpenTab (Kong et al., 2024) extends the program-
aided paradigm to open-domain settings by gener-
ating SQL queries for each retrieved segment and
using execution results for reranking and reason-
ing. While effective in disambiguating retrieved
candidates, this approach requires multiple LLM
calls and program executions for each candidate. In
contrast, our approach performs probe-based con-
tent verification with a single LLM call for probe
generation, improving evidence localization among
candidate segments.

Decoupled Reasoning Frameworks. Direct pro-
gram generation couples semantic disambiguation,
planning, and execution, which can lead to com-
pounded errors in complex tables. Recent works
advocate decoupling to address this. ReWOO (Xu
et al., 2023) separates reasoning from tool obser-
vations to decrease latency. Program of Thoughts
(Chen et al., 2023) disentangles computation from
reasoning. In deep search settings, HiRA (Jin et al.,
2025a) explores a hierarchical decoupling of plan-
ning and execution to improve efficiency. Related
seek-and-solve paradigms have advanced iterative
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reasoning over tables (Jiang et al., 2025), while
decomposed text-to-SQL approaches separate in-
termediate reasoning steps from final query genera-
tion to improve complex query solving (Pourreza
and Rafiei, 2023). Building on these ideas, our SPE
framework decouples reasoning into semantic en-
richment (normalizing headers), strategic planning
(isolating logic), and program execution over the
original table grounded in verified evidence. This
decoupled strategy improves reasoning controlla-
bility and grounds execution on verified evidence,
enhancing end-to-end performance in open-domain
tabular QA scenarios.

Reinforcement Learning for Reasoning. Align-
ing LLMs with tasks often uses RL like PPO
(Schulman et al., 2017), but instability from critic
networks poses challenges. Outcome-based meth-
ods like GRPO (Shao et al., 2024) normalize re-
wards group-wise, proving effective in verifiable
tasks like math and code. Recent studies have fur-
ther extended this paradigm to grounded genera-
tion, utilizing verifiable rewards to enhance factual
consistency and grounding (Sim et al., 2025). In
Table QA, RL-based optimization is increasingly
employed to refine reasoning trajectories. Vari-
ous frameworks have explored diverse directions,
including inference-time scaling for complex rea-
soning (Yang et al., 2025), region-based RL for
fine-grained table understanding (Wu et al., 2026),
and program-based reasoning tailored for small
language models (Jin et al., 2025b). Our SPE work-
flow leverages this RL-based refinement to improve
factual and logical consistency.

3 Methodology

3.1 Overall Framework

We approach open-domain Table QA using a
coarse-to-fine strategy that deliberately balances
denoising with fine-grained evidence resolution, as
illustrated in Figure 2. The pipeline consists of two
tightly integrated stages.

Stage 1: Global Localization. Given a question
Q and the full corpus T , a standard dense retriever
identifies a ranked candidate set Tcand consisting of
the top-K table segments. The retriever is trained
with compact table-level fingerprints containing
hierarchical metadata, column headers, and the top-
2 sample rows, reducing irrelevant signals during
representation learning while preserving coarse-
grained table semantics. At inference, the learned

retriever performs high-recall candidate retrieval
over table segments.

Stage 2: Probe-Grounded Reasoning (PGR).
To mitigate segment-level ambiguity among re-
trieved candidates with similar structural signals,
PGR adopts a verify-then-reason workflow:

• Evidence Localization (gprobe, frerank): PGR
generates a query-specific probe PQ in a sin-
gle LLM call conditioned on Q and the rep-
resentations of all candidates in Tcand. Candi-
dates sharing identical metadata are grouped
within a unified prompt context, with their
schema information merged. It then determin-
istically matches PQ against candidate meta-
data and cell values, producing the top-ranked
segment s∗ through content-level verification.

• Grounded Reasoning (fexec): The selected
segment s∗ is expanded to its parent source
table T ∗, which provides the complete con-
text for downstream reasoning. PGR then de-
rives the final answer A via a Semantic-Plan-
Execute (SPE) workflow. To improve answer
reliability over direct generation, SPE adopts
a decoupled pipeline consisting of semantic
enrichment, strategic planning, and execution
grounded in verified evidence. This structured
approach enables reliable reasoning while pre-
serving access to the complete table context.

Formally, letM and S denote the metadata and
schemas of candidate segments in Tcand, respec-
tively. PGR first selects the top-ranked candidate
segment s∗, maps it back to its parent source table
T ∗, and then produces the final answer A as:

PQ = gprobe(Q,M,S) (1)

s∗ = frerank(PQ, Tcand) (2)

T ∗ = parent(s∗) (3)

A = fexec(Q,T ∗) (4)

This coarse-to-fine design separates broad can-
didate retrieval from fine-grained evidence verifi-
cation: Stage 1 performs high-recall segment re-
trieval with a retriever optimized using compact
table-level representations, while Stage 2 refines
candidate evidence through content-level verifica-
tion within a decoupled reasoning workflow.

3.2 Candidate Retrieval
In our framework, the retrieval stage narrows down
the full corpus to a manageable set of candidate
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Figure 2: Overview of the end-to-end QA pipeline. The framework operates in two integrated stages. In Stage 1
(Global Localization), candidate retrieval obtains top-K segments, where closely related candidates may share
similar metadata and schema patterns. In Stage 2 (Probe-Grounded Reasoning), probe verification performs
evidence localization, followed by answer generation via the Semantic-Plan-Execute (SPE) workflow.

segments while maintaining high recall. We train
the retriever with a table-level contrastive learning
objective, where training instances are constructed
at the table level to simplify optimization and focus
on coarse-grained matching.

We use a compact “fingerprint” serialization for
retriever training: each table is represented by its
hierarchical metadata (Page Title, Section Title,
and Caption), column headers, and only the top-2
sample rows. This compact representation reduces
irrelevant content during representation learning
and focuses optimization on query-relevant signals.

During training, we optimize the standard In-
foNCE loss with in-batch negatives:

LInfoNCE = − log
e(eQ·eT )/τ

∑
T ′∈batch e

(eQ·eT ′ )/τ
, (5)

where eQ and eT are the embeddings of the ques-
tion and the table fingerprint, respectively, and τ
serves as the temperature parameter that regulates
the softness of the resulting probability distribution.

This training objective learns coarse-grained ta-
ble matching. At inference, applying the encoder
to segment serializations yields a high-recall candi-
date set Tcand consisting of top-K retrieved seg-
ments. PGR further ranks candidate segments
through content-level verification.

3.3 Probe-Grounded Reasoning

To refine candidate selection and improve evi-
dence localization under segment-level ambiguity
among retrieved candidates, we introduce Probe-
Grounded Reasoning (PGR). PGR complements

structural cues with probe-based content verifica-
tion, adopting a verify-then-reason workflow for
evidence localization and grounded reasoning.

3.3.1 Evidence Localization
The core of evidence localization is a query-
specific probe PQ that translates the question in-
tent into verifiable constraints. Formally, PQ =
(cmeta, Ccontent), where cmeta encodes expected
metadata fields (page title, section, caption) and
Ccontent = {(hi, vi)} associates column headers hi
with expected cell values vi.

PQ is synthesized by a generator gprobe within
a single LLM call, conditioned on Q and candi-
date segment representations. To reduce prompt
redundancy, candidates sharing identical metadata
are grouped into a unified input, with their schema
information merged, allowing gprobe to generate a
shared probe set for multiple segments. The gen-
erated probes are then applied to individual candi-
dates for content-level verification and reranking.
During training, gprobe is supervised using auto-
matically constructed evidence paths derived from
available SQL annotations via rule-based parsing.

Once generated, PGR executes a deterministic
tracing procedure over Tcand:

• Compute metadata alignment score smeta. We
enforce a subset constraint: smeta = 1.0 if
cmeta is non-empty and all its tokens appear in
the candidate’s metadata context, otherwise
0.0.

• For candidates passing this filter (smeta > 0),
we proceed to evaluate every individual row
r. For each constraint (hi, vi), we calculate
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the token recall score of vi against the corre-
sponding cell value. These scores are summed
to yield the row confidence sr.

• We define the final aggregated table score as:

stotal = smeta +max
r

sr, (6)

where smeta represents the metadata alignment
score and maxr sr is the highest confidence
found among the rows.

The segment s∗ with highest stotal is selected,
with retriever rank used to break ties. Max pooling
aggregates row-level evidence into a segment-level
ranking score. The full algorithm is in Appendix B.

3.3.2 Grounded Reasoning via SPE
Once the top-ranked candidate segment s∗ is se-
lected, PGR expands it to its parent table T ∗ and de-
rives the final answer A. Direct program generation
from raw tables can suffer from compounded errors,
as the model must simultaneously handle semantic
disambiguation of cryptic headers, logical planning
across operations, and syntactic correctness. To im-
prove reasoning controllability and ground the exe-
cution process on verified evidence, we propose the
Semantic-Plan-Execute (SPE) framework, which
systematically decouples the reasoning process into
three modular steps:

Step 1: Semantic Enrichment. Cryptic or
domain-specific column headers are normalized
by synthesizing a functional definition dj for each
header hj using a strong teacher model. This pro-
duces a semantic map M = {(hj , dj)}, integrated
via SFT to aid subsequent interpretation.

Step 2: Strategic Planning. The strategic plan-
ner utilizes the question Q and the semantic map
M to synthesize the following outputs:

• Working Out: A Chain-of-Thought reason-
ing path that analyzes the underlying logical
dependencies inherent in the query.

• Structured Plan: A minimal column subset
{h′1, . . . , h′m} selected specifically to guide
the program execution.

This decoupling effectively separates logical rea-
soning from implementation details and produces
a minimal relevant column subset, enabling the
subsequent code generation to focus on syntactic
correctness using a compact and noise-reduced ta-
ble representation.

Step 3: Program Generation and Execution.
An executable Pandas script is generated using an
Adaptive Contextual Sampling of T ∗ as the gen-
eration context, while the generated program is
executed over the complete source table T ∗:

• Column Pruning: Retain only planned
columns and those in PQ.

• Row Rerank: Rows are reranked according
to their alignment with the verified cell values
{vi} from the probe PQ, promoting evidence-
containing rows to higher positions.

By prioritizing evidence-containing rows and rele-
vant columns in the generation context, this adap-
tive sampling reduces irrelevant signals during pro-
gram generation.

Outcome-Oriented Optimization. We train our
framework in two phases: (1) all components un-
dergo SFT using SQL-derived probes/plans and
teacher-distilled semantic maps/code. Specifically,
we parse the SQL annotations provided in Open-
WikiTable to construct strategic plans and content
verification probes for the corresponding QA pairs.
(2) the planner and executor are further aligned
via Group Relative Policy Optimization (GRPO)
(Shao et al., 2024) with group-wise rewards de-
rived from Exact Match outcomes (reward details
in Appendix C).

By first verifying evidence deterministically and
then reasoning in a decoupled, evidence-aligned
manner, PGR mitigates the ambiguity trap and im-
proves reasoning reliability.

4 Experiments

4.1 Experimental Setup
Datasets. We evaluate our framework primarily
on the Open-WikiTable benchmark (Kweon et al.,
2023), which integrates decontextualized and para-
phrased questions from WikiSQL (Zhong et al.,
2017) and WikiTableQuestions (WikiTQ) (Pasu-
pat and Liang, 2015). Large tables are split row-
wise into overlapping segments, resulting in ap-
proximately 52% of tables being distributed across
multiple distinct segments. This setting naturally
creates cases where candidate segments from the
same source table inherit the same metadata and
schema, leading to segment-level ambiguity and
motivating content-level evidence disambiguation.

Training Set Construction. We construct a cu-
rated training corpus from the Open-WikiTable
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training split, comprising WikiSQL and WikiTQ.
For the WikiSQL subset, we apply a difficulty-
aware stratified sampling strategy, while retaining
all WikiTQ samples. The resulting corpus is fur-
ther partitioned into Supervised Fine-Tuning (SFT)
and Reinforcement Learning (RL) subsets for sub-
sequent training. Detailed statistics and sampling
rates are provided in Appendix D.

Evaluation Settings. We evaluate our framework
under two open-domain settings: controlled reason-
ing evaluation and full-pipeline evaluation.

• Controlled Reasoning Evaluation: We fol-
low the evaluation protocol established by
OpenTab (Kong et al., 2024) and adopted by
CoQ (Sui et al., 2025). BM25 provides the
same top-K candidates for all methods as in-
put to our PGR. The evaluated baselines in-
clude Few-Shot QA (Min et al., 2024), Chain-
of-Table (Wang et al., 2024), Basic Text-
to-SQL (Rajkumar et al., 2022), OpenTab
(Kong et al., 2024), MAG-SQL (Xie et al.,
2024), and CoQ.

• Full-Pipeline Evaluation: We evaluate our
complete pipeline with varying numbers of
retrieved candidates. For different K values,
the pipeline uses the corresponding top-K re-
trieved segments and their parent tables as the
evidence context.

Experimental Protocol. The controlled evalua-
tion uses fixed BM25-retrieved candidates shared
across methods to ensure a consistent retrieval con-
dition. The full-pipeline evaluation uses SDR re-
trieval followed by the complete PGR workflow for
end-to-end QA evaluation.

Metrics. For retrieval, we report Recall@K
(K ∈ {1, 5, 10, 20}). For probe-based evidence
localization, we report Segment-level Evidence
Accuracy and Table-level Evidence Accuracy.
A top-ranked candidate is counted as correct if
its segment or source table belongs to the corre-
sponding ground-truth set. For end-to-end QA, we
use Execution Accuracy (Acc), measured by ex-
ecuting generated programs (SQL or Pandas) and
comparing the resulting answers with ground truth.
We apply answer normalization before comparison,
including mapping None/NaN, empty strings, and
empty containers to "none", and converting single-
element lists to scalars. We follow OpenTab’s offi-
cial evaluation script for consistent execution.

Implementation Details. The Standard Dense
Retriever (SDR) uses a BERT-base backbone
trained with in-batch negatives. The PGR is ini-
tialized with Qwen3-8B and trained through a two-
stage process consisting of supervised fine-tuning
(SFT) followed by outcome-oriented alignment
with GRPO. All experiments are conducted on a
single NVIDIA RTX 4090 (24GB) GPU using the
Unsloth library1. Additional training details are
provided in Appendix E.

4.2 Main Results
Table Retrieval Performance. Table 1 and Table
2 summarize retrieval performance on the Open-
WikiTable validation set. We report both Full Re-
call@K (all ground-truth segments retrieved) and
Hit Recall@K (at least one segment retrieved). Re-
sults are further decomposed into Single-GT and
Multi-GT subsets.

Our Standard Dense Retriever (SDR) achieves
an Overall Full Recall@5 of 96.6%, compared with
the reported DPR-BERT baseline performance of
87.0%. Its Overall Hit Recall@5 reaches 98.0%.
These results suggest that training with compact
table-level fingerprints enables effective global ta-
ble localization in this retrieval setting.

Analyzing the Ambiguity Trap. Despite
achieving high overall recall, a substantial gap ex-
ists in Full Recall, with R@1 achieving 61.1%
and R@5 reaching 96.6%. Decomposing results
into Single-GT and Multi-GT subsets provides fur-
ther insight into this gap: in Single-GT scenar-
ios, this gap reaches 0.261. Since only one seg-
ment is required as evidence in these queries, this
gap provides an indicator of segment-level ambi-
guity among retrieved candidates: retrieved candi-
dates may contain multiple segments from the same
source table, where the evidence-bearing segment
is not always ranked first among structurally similar
sibling segments with shared metadata and schema
patterns. This observation motivates our PGR,
which performs fine-grained content-level verifi-
cation to improve evidence localization among can-
didate segments.

End-to-End QA Performance. We evaluate QA
performance under open-domain settings. For
probe-based evidence localization, we report both
segment-level and table-level evidence accuracy.

Open-domain Evaluation. 1) Controlled Rea-
soning Evaluation. As shown in Table 3, PGR out-

1http://github.com/unslothai/unsloth
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Table 1: Retrieval performance (Full Recall@K) on
Open-WikiTable validation set. Full R@1 for Multi-
GT is 0.000 because the metric requires retrieving all
ground-truth segments. DPR-BERT* results are as re-
ported in Kong et al. (2024).

Category Method R@1 R@5 R@10 R@20

Overall DPR-BERT* - 0.870 0.933 0.975
BM25 (repro.) 0.565 0.832 0.893 0.940
SDR (Ours) 0.611 0.966 0.986 0.993

Single-GT BM25 (repro.) 0.663 0.874 0.922 0.960
SDR (Ours) 0.718 0.979 0.989 0.995

Multi-GT BM25 (repro.) 0.000 0.589 0.722 0.828
SDR (Ours) 0.000 0.890 0.964 0.987

Table 2: Retrieval performance (Hit Recall@K) on
Open-WikiTable validation set.

Category Method R@1 R@5 R@10 R@20

Overall BM25 (repro.) 0.671 0.877 0.922 0.959
SDR (Ours) 0.740 0.980 0.990 0.994

Single-GT BM25 (repro.) 0.663 0.874 0.922 0.960
SDR (Ours) 0.718 0.979 0.989 0.995

Multi-GT BM25 (repro.) 0.714 0.890 0.919 0.951
SDR (Ours) 0.867 0.987 0.991 0.994

performs all baselines under various top-K settings.
As K increases from 1 to 10, PGR’s execution ac-
curacy improves from 0.579 to 0.716, consistent
with the benefit of having a larger candidate pool
for evidence localization. Under the same settings,
PGR achieves 90.35% segment-level evidence ac-
curacy and 92.88% table-level evidence accuracy
at K = 10. These results suggest that content-level
verification helps identify relevant evidence among
retrieved candidates, providing more reliable evi-
dence grounding for downstream reasoning.

2) Full-Pipeline Evaluation. Table 4 summa-
rizes the end-to-end performance of our proposed
framework under the full-pipeline setting. With
SDR retrieval and the complete PGR workflow,
the framework achieves an execution accuracy of
74.90% on the Test set with K = 5. Increasing
K from 1 to 5 improves segment-level evidence
accuracy from 76.34% to 93.99% and QA accuracy
from 73.92% to 74.90%. These results indicate
that PGR improves evidence localization among
retrieved candidates. Given the strong table-level
localization already achieved by SDR, the corre-
sponding QA improvement is relatively smaller.

Overall, these results show that combining
denoising-oriented retrieval, content-level verifi-
cation, and decoupled reasoning achieves effective
evidence localization under segment-level ambigu-

Table 3: Controlled Reasoning Evaluation: End-to-End
QA Accuracy on the Open-WikiTable test dataset. All
methods follow the identical evaluation protocol (Kong
et al., 2024; Sui et al., 2025), using the exact same top-
K candidate segments retrieved by BM25. Baseline
results are from Sui et al. (2025).

Method Top-1 Top-2 Top-5 Top-10

Baselines (from Sui et al. (2025))
Few-Shot QA 0.336 0.357 0.383 0.388
Chain-of-Table 0.404 0.430 0.463 0.467
Basic Text-to-SQL 0.429 0.458 0.490 0.496
OpenTab 0.491 0.523 0.556 0.565
MAG-SQL 0.457 0.476 0.516 0.524
CoQ 0.527 0.552 0.592 0.608

Ours
Segment-level Evidence Acc 66.92 77.89 85.96 90.35
Table-level Evidence Acc 72.22 81.66 89.02 92.88
PGR 0.579 0.640 0.690 0.716

Table 4: Full-pipeline evaluation of the proposed frame-
work on the Open-WikiTable dataset. K denotes the
number of retrieved segments.

Validation Test

Metric K=1 K=5 K=10 K=20 K=1 K=5 K=10 K=20

Evidence Localization
Segment-level Evidence Acc. 73.96 92.14 92.67 92.17 76.34 93.99 94.35 94.15
Table-level Evidence Acc. 94.83 97.30 97.24 96.89 96.71 98.17 98.02 97.83

End-to-End QA Accuracy
SDR+PGR 72.46 73.58 73.80 73.22 73.92 74.90 74.72 74.81

ity and strong end-to-end QA performance. These
findings suggest that the proposed framework pro-
vides more reliable evidence grounding for down-
stream reasoning.

4.3 Ablation Studies and Analysis

We conduct ablation studies to analyze the con-
tribution of the optimization strategy, reasoning
workflow, and probe-guided table refinement.

Impact of GRPO Optimization. To evaluate
the contribution of GRPO, we conduct ablation
studies on the Open-WikiTable validation set with
identical Top-10 candidate segments retrieved by
SDR and the same probe-based evidence localiza-
tion pipeline. The only difference between vari-
ants is the optimization strategy of the reasoning
model: supervised fine-tuning (SFT) versus SFT
followed by GRPO. We report set exact match (Set-
EM), plan-level F1 (P-F1), execution success rate
(Exec.), logic error rate (Err.), and final QA accu-
racy (QA), where Set-EM measures order-invariant
exact plan matching and Err. is the wrong-answer
rate over successful executions where the selected
segment is in the gold segment set.

As shown in Table 5, removing GRPO consis-
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Table 5: GRPO ablation. All runs use identical Top-10
retrieved candidates and probe-based evidence localiza-
tion.

Variant Set-EM P-F1 Exec Err QA

SFT 0.695 0.891 0.950 0.304 0.633
SFT+GRPO 0.816 0.929 0.994 0.229 0.738

∆ +0.121 +0.038 +0.044 -0.076 +0.105

tently degrades reasoning and execution perfor-
mance. Compared with SFT-only training, GRPO
improves plan generation quality by 12.1 points in
Set-EM and 3.8 points in P-F1, while increasing
execution success rate by 4.4 points and reducing
logic error rate by 7.6 points. These improvements
translate into a 10.5-point absolute gain in end-to-
end QA accuracy, from 63.3% to 73.8%, indicat-
ing that GRPO improves both intermediate reason-
ing quality and final execution reliability under the
same evidence context.

Ablation of SPE Workflow and Probe-guided
Table Refinement on Open-WikiTable. To ana-
lyze the contribution of different reasoning stages
and probe-guided table refinement, we perform
controlled ablations under the closed-domain set-
ting on the Open-WikiTable test set. All variants
use the same backbone and evaluation protocol.
We compare three reasoning variants: SPE (full),
PE (without semantic enrichment), and E (without
semantic enrichment and strategic planning). Each
variant is evaluated with and without probe-guided
table refinement, which consists of probe-based
column pruning and row-level reranking.

Table 6 shows that Probe-guided Table Refine-
ment improves QA accuracy across all reasoning
variants. Plan metrics are fixed across refinement
settings since the same plans are reused; the ob-
served gains mainly reflect differences in execution
contexts. SPE obtains slightly higher plan metrics
than PE, although their final QA performance re-
mains comparable. Both SPE and PE outperform
Executor-only execution in this setting, suggesting
that intermediate reasoning stages provide useful
context for downstream execution.

5 Conclusion

Partitioned table QA requires fine-grained evi-
dence localization, as high-recall retrieval alone
may leave relevant evidence under-ranked. In set-
tings such as Open-WikiTable, sibling segments
inherit the same metadata and schema, making

Table 6: Ablation study of the reasoning workflow and
Probe-guided Table Refinement on Open-WikiTable test
set. Plan metrics are unchanged across refinement set-
tings because generated plans are reused.

Method Set-EM P-F1 QA w/ Ref. QA w/o Ref.

SPE 84.07 94.40 76.07 70.05
PE 81.94 93.72 76.23 69.71
E – – 71.24 62.77

evidence localization more challenging. We pro-
pose a coarse-to-fine framework that decouples
global retrieval from fine-grained content verifica-
tion. PGR performs probe-based localization and
content-level verification to improve fine-grained
evidence localization, followed by a decoupled
SPE process for grounded answer generation.

Experiments on Open-WikiTable show that
fingerprint-based retrieval achieves high recall,
while segment-level ambiguity remains among re-
trieved candidates. Under a controlled evaluation
setting with fixed BM25-retrieved candidates, PGR
achieves strong evidence localization performance
and improves end-to-end QA accuracy over exist-
ing reasoning baselines. These results demonstrate
that content-level evidence grounding improves ev-
idence localization under segment-level ambiguity
in partitioned table QA.

Limitations

Our framework focuses on single-table reasoning,
limiting its effectiveness for queries requiring cross-
table aggregation; extending PGR to support multi-
table assembly is a key direction for future work.

Moreover, the strategic planning and probe gen-
eration modules rely on the availability of struc-
tured SQL data, which constrains its applicability
to domains lacking such supervision. In addition,
the generated probes may occasionally contain hal-
lucinations, which introduce noise into evidence
localization and affect the accuracy of subsequent
reasoning.
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A Table Linearization and Input
Representation

Each table is represented together with its hierar-
chical metadata, including page titles, section titles,
and captions. Table 7 shows an example.

Field Content

Page Title Avatar (2009 film)
Section Title Accolades
Caption List of awards and nominations received

by Avatar

Schema Award, Category, Result

Row 1 Academy Awards, Best Picture, Nomi-
nated

Row 2 Golden Globe, Best Director, Won

Table 7: Example representation of a table with hierar-
chical metadata.

The metadata, schema, and rows are serial-
ized into a structured sequence of the form:
{Page Title} {Section Title} {Caption} \n
{Header} \n {Rows}. During training, the result-
ing sequence is used as input to the encoder:

Linearized Input Sequence

Avatar (2009 film) Accolades List of awards
and nominations received by Avatar
| Award | Category | Result |
| Academy Awards | Best Picture | Nominated |
| Golden Globe | Best Director | Won |

B Formal Evidence Tracing Procedure

This section details the deterministic procedure
for content-level Evidence Tracing and Reranking.
This algorithm (Alg. 1) takes the structured query
probe generated by the LLM and ranks candidate
segments through metadata matching and cell-level
verification across retrieved candidates.

C Reward Shaping Details

To guide the Group Relative Policy Optimization
(GRPO) process, we design a multi-dimensional
tiered reward system. This system provides dense
feedback for both the Strategic Planner (Step 2)
and the Program Executor (Step 3), penalizing for-
mat violations while incentivizing logical minimal-
ity and execution correctness.

C.1 Strategic Planning Rewards
The planning reward function Rplan evaluates the
generated reasoning path alongside the correspond-
ing column selection plan. In addition to the re-

Algorithm 1 Evidence Tracing (Verification Stage)

Require: Candidate segments Tcand, Probe P =
(cmeta, Ccontent), Initial scores Sinit

Ensure: Target segment s∗

1: Definitions:
2: Tok(x): set of non-empty whitespace tokens

in string x
3: ovl(v, c) = |Tok(v) ∩

Tok(c)|/|Tok(v)| if v, c ̸= ∅ else 0
4: for each s ∈ Tcand do
5: smeta ← I(Tok(cmeta) ̸= ∅ ∧ Tok(cmeta) ⊆

Tok(s.metadata))
6: srow ← 0
7: if smeta = 1 then
8: srow ←

maxr∈s.rows
∑

(h,v)∈Ccontent
ovl(v, r[h])

9: end if
10: Stotal(s)← smeta + srow
11: end for
12: return argmaxs∈Tcand

(Stotal(s), Sinit(s))

wards in Table 8, an auxiliary tag-counting reward
is included, which assigns +0.5 for each required
structural tag appearing exactly once, and −1.0
otherwise (missing or duplicated).

Condition Score

Structural Format
Exact format match (reason-

ing + <PLAN>)
+3.0

Format violation or missing
tags

−2.0

Grounding Constraints
Schema hallucination (non-

existent columns)
−2.0

Logical Reasoning Quality
Tier 1: Exact match with

gold plan
+5.0

Tier 2: Correct column set,
incorrect order

+3.5

Tier 3: Core order correct,
with redundancy

max(0, 2.0− 0.5Nred)

Tier 4: Core order wrong,
with redundancy

max(0, 1.0− 0.5Nred)

Tier 5: Missing essential ev-
idence columns

−2.0

Table 8: Detailed reward shaping for Strategic Planning
(gplan). Nred denotes the count of redundant columns.

C.2 Program Execution Rewards

The execution reward function Rexec assesses the
syntactic correctness and execution results of the
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generated Python script.

Condition Score

Structural Format
Missing <CODE> block or essential df variable −2.0

Missing required reasoning steps or duplicate
end-tags

−2.0

Execution Policy
Use of forbidden functions (e.g., print,

.iterrows())
−1.0

Execution Outcome
Success: Executes correctly and matches tar-

get answer
+4.0

Partial: Executes successfully but yields
wrong answer

+2.0

Failure: Runtime error, syntax error, or miss-
ing output

−1.0

Table 9: Reward shaping for Program Execution (fexec).

D Training Data Statistics

Sampling Strategy. We construct the probe train-
ing set using difficulty-aware stratified sampling on
WikiSQL, retaining 4%, 10%, and 15% of Level
1–3 samples and all Level 4 samples, while fully
retaining WikiTQ. After filtering unsuccessful an-
notations from the collected examples, 7,993 ex-
amples remain in the curated probe set. This set is
divided into an SFT subset of 3,993 examples and
a GRPO subset of 4,000 examples. The SFT subset
is further processed to construct planner and execu-
tor training data, resulting in 3,839 and 3,756 valid
examples, respectively. For semantic enrichment,
we additionally sample 8,000 table instances.

Table 10: Statistics of the curated training data. The
probe training set is constructed from WikiSQL and
WikiTQ after filtering unsuccessful annotations, while
semantic enrichment uses an additional randomly sam-
pled table subset.

Complexity Level Orig. Count Rate Final Size

WikiSQL Subset
Level 1 (Simple) 28,685 4% 1,147
Level 2 (Multi-Cond) 10,995 10% 1,099
Level 3 (Agg/Group) 9,868 15% 1,480
Level 4 (Complex) 10 100% 10

WikiSQL Total 49,558 — 3,736
WikiTQ (Full) 4,261 100% 4,261

Curated Probe Set — — 7,993

Training Usage
Planner SFT — — 3,839
Executor SFT — — 3,756
GRPO Training — — 4,000

Semantic Enrichment Training — — 8,000

E Training and Implementation Details

This section provides the comprehensive training
configurations for the Standard Dense Retriever
(SDR) and the Probe-Grounded Reasoning (PGR).

E.1 Retriever Training (SDR)

The SDR is built upon a BERT-base-uncased back-
bone. We fine-tune the model for 10 epochs using
a contrastive learning objective with in-batch neg-
atives. We use a learning rate of 1 × 10−5 with
a linear warmup ratio of 0.1 and a batch size of
64, employing a temperature parameter τ = 0.05
for the InfoNCE loss. The table fingerprints are
serialized as described in Appendix A.

E.2 PGR Training Phases

The PGR components are initialized from Qwen3-
8B and optimized with component-specific objec-
tives using the Unsloth library.

Phase I: SFT. We perform supervised fine-tuning
for all components for 3 epochs using AdamW with
weight decay 0.01 and a warmup ratio of 0.1. The
probe module is fine-tuned on the curated probe
training set, while the semantic enrichment module,
planner, and executor are trained on their respective
datasets reported in Table 10. The probe and se-
mantic modules use a linear learning-rate schedule
with a peak learning rate of 1 × 10−5, while the
planner and executor use a cosine schedule with a
peak learning rate of 2× 10−5.

Phase II: GRPO. We perform alignment for 1
epoch using GRPO with a group size G = 8, a
learning rate of 5×10−6, and a warmup ratio of 0.1.
The training is guided by a tiered reward system
based on Exact Match outcomes, as detailed in
Appendix C.

Inference Configuration. All PGR inference
uses deterministic decoding with temperature = 0,
top-p = 1.0, and top-k = 1, with a maximum gen-
eration length of 2,048 tokens. LLM inference is
served through vLLM. A fixed random seed of 42
is used for reproducibility.

F Additional API-based Model Analysis

We provide an additional analysis comparing our
reasoning pipeline with API-based Direct Pandas
variants under a controlled table-QA setting. All
methods operate on the same gold table and the
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same 2,000 validation instances, with a standard-
ized input format consisting of normalized ques-
tions, column names, and cell values.

We compare two DeepSeek-V3-based Direct
Pandas variants:

• Direct Pandas (w/o row rerank): The model
generates a single-step Pandas-style program
executed on the original table.

• Direct Pandas (w/ probe-based row rerank):
The same Direct Pandas pipeline is augmented
with probe-based row reranking before pro-
gram generation.

We additionally evaluate our PGR pipeline with
the Qwen3-8B backbone using the decoupled SPE
workflow, including semantic enrichment, strategic
planning, and adaptive contextual sampling.

Table 11 reports results on the sampled valida-
tion subset. PGR achieves 72.65% accuracy, com-
pared with 70.50% for Direct Pandas without row
reranking and 73.65% for the variant with probe-
based row reranking. Probe-based row reranking
improves the Direct Pandas variant by 3.15 per-
centage points, highlighting the contribution of
evidence-focused row selection. PGR achieves
comparable performance while additionally pro-
viding an explicit decoupled reasoning process.

Table 11: Auxiliary API-based analysis on a 2,000-
sample subset of the Open-WikiTable validation set. All
methods are provided with the same gold table.

Method Backbone Accuracy (%)

Direct Pandas (w/o row rerank) DeepSeek-V3 70.50
Direct Pandas (w/ probe-based row rerank) DeepSeek-V3 73.65
PGR (Local) Qwen3-8B 72.65

G Latency Sensitivity Analysis

Experimental Setup. We measure inference
latency on the first 100 queries of the Open-
WikiTable validation set with batch size 1, using
vLLM to serve the LLM inference calls. Latency
is defined as the wall-clock time of one complete
query, including all PGR reasoning and execution
stages after retrieval. Retrieval is reused from pre-
computed candidates and excluded from the timing.
The results are summarized in Table 12.

Table 12: End-to-End Latency vs. Candidate Size K.

Candidate Size (K) Avg. End-to-End Latency (s) LLM Calls per Query

k = 5 9.795 4
k = 10 9.828 4
k = 20 9.857 4

The latency remains relatively stable as the can-
didate size increases from K = 5 to K = 20.
Since all settings use the same PGR pipeline and
number of model invocations, increasing K intro-
duces limited additional overhead in this evaluation.
The measured variation mainly reflects runtime dif-
ferences in the full inference process.

H Diagnostic Analysis of Evidence
Localization

The main text reports both Table-level and
Segment-level Evidence Accuracy. We further ana-
lyze Segment-level Hit Accuracy across query com-
plexities using SDR’s top-5 retrieved candidates on
the Open-WikiTable validation set. Table 13 pro-
vides a finer-grained breakdown of probe-based
evidence localization.

Table 13: Diagnostic analysis of segment-level evidence
localization across query complexities using the top-5
candidates retrieved by SDR on Open-WikiTable. The
three reranking outcomes are mutually exclusive.

Metric Overall Single-GT Multi-GT

Total Samples 6,602 5,625 977
Segment-level Hit Accuracy 92.14 91.18 97.65

Non-fallback: Top-1 Changed 22.98 21.49 31.53
– Hit 94.00 93.05 97.73
– Miss 6.00 6.95 2.27

Non-fallback: Top-1 Retained 61.31 68.48 20.06
– Hit 99.09 99.09 98.98
– Miss 0.91 0.91 1.02

Fallback 15.71 10.03 48.41
– Hit 62.30 33.16 97.04
– Miss 37.70 66.84 2.96

Based on the deterministic reranking procedure,
the probe module produces three mutually exclu-
sive outcomes. In 22.98% of cases, probe scoring
changes the retriever’s initial Top-1 without fall-
back, and 94.00% of these cases achieve a segment-
level hit. In 61.31% of cases, probe scoring retains
the initial Top-1 with a unique highest score, with
a 99.09% hit rate. The remaining 15.71% of cases
use the fallback mechanism when probe-based scor-
ing is unavailable or does not yield a unique max-
imum score. Fallback is more frequent in Multi-
GT cases, occurring in 48.41% of instances with a
97.04% hit rate, whereas Single-GT fallback cases
are more challenging, with a 33.16% hit rate.

H.1 Error Analysis of Probe-based Evidence
Localization

We further analyze probe-based evidence localiza-
tion failures under the single-ground-truth setting
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using the Top-5 candidate sets retrieved by SDR on
the validation set.

Table 14: Failure mode analysis of probe-based local-
ization under single-ground-truth cases.

Failure Mode Count Ratio

Constraint Value Mismatch 210 42.34%
Gold Segment Not in Top-K 119 23.99%
Metadata Mismatch 86 17.34%
Ranking Competition 46 9.27%
Empty Evidence 25 5.04%
Column Name Mismatch 10 2.02%

Table 14 summarizes the failure modes among
the 496 incorrect cases. The dominant failure cat-
egory is constraint value mismatch (42.34%), fol-
lowed by missing gold segments from the retrieved
candidate set (23.99%) and metadata mismatch
(17.34%). The analysis identifies evidence match-
ing and retrieval coverage as the main sources of
the remaining localization errors.

Question and Generated Probe

Question: “What was the expenditure per capita if the
revenue per capita was $7,755 in federal taxes and
expenditures per state?”

Generated Probe:

{ "title": "Federal taxation
and spending by state ...",

"evidence": [{ "column":
"Revenue_per_capita",

"value": "7,755"
}] }

Ground Truth Segment (Seg 1294)

State_ Revenue_per_capita Spending_per_capita

Tennessee $7,755 $8,358
Indiana $6,724 $7,447

Question and Generated Probe

Question: “If in the opinion polls for the 2009
Norwegian general election, the average polling rate
per month in July 2009 was 7.2%, what was it in May
2009?”

Generated Probe:

{ "title": "Opinion polling for
the Norwegian parliamentary
election, 2009 ...",

"evidence": [{ "column":
"Jul_2009",

"value": "7.2"
}] }

Ground Truth Segment (Seg 3849)

Party May_2009 Jul_2009

Labour 32.9% 33.1%
Socialist Left 7.3% 7.2%

These examples illustrate constraint value mis-
match failures. In both cases, the generated probes
identify the relevant columns and value patterns,
but fail to match the ground-truth cells due to differ-
ences between probe constraints and table cell rep-
resentations. Specifically, the generated probes cap-
ture the underlying values but do not fully match
the cell representations in the table.

I Additional Generalization and Ablation
Analysis

We provide additional analyses beyond the main
Open-WikiTable evaluation on RETQA (Wang
et al., 2025), a real-estate table QA dataset. We
use a filtered RETQA test subset containing 2,976
single-table questions and perform zero-shot evalu-
ation with models trained only on Open-WikiTable.
Based on this setting, we first examine probe-based
evidence localization under different retrieval con-
figurations and then analyze the contribution of dif-
ferent components in the Semantic-Plan-Execute
(SPE) workflow through closed-domain ablations.

I.1 Probe-based Evidence Localization under
Different Retrieval Configurations

We further evaluate segment-level probe lo-
calization under two retrieval configurations.
The first configuration uses the table-level
table_caption_label field, where BM25 re-
trieves candidates without table partitioning. The
second configuration adopts a segment-based set-
ting, where tables are split into fixed-length 500-
token chunks and retrieved using the full segment
serialization. We follow the same segment-level hit
criterion defined in the main text.

Table 15: Retrieval hit accuracy and segment-level
probe localization accuracy under different retrieval con-
figurations.

Setting Retrieval Recall Probe Evidence Acc.

Top-1 Top-2 Top-5 Top-10 Top-1 Top-2 Top-5 Top-10

Metadata 0.663 0.678 0.733 0.809 0.663 0.662 0.687 0.753
Segmented 0.463 0.561 0.703 0.798 0.463 0.528 0.605 0.652
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Table 16: Ablation study of the reasoning workflow and
Probe-guided Table Refinement on RETQA under the
closed-domain setting.

Method Set-EM P-F1 QA w/ Ref. QA w/o Ref.

SPE 70.8 91.1 71.8 68.0
PE 37.6 84.0 71.4 68.1
E – – 75.1 62.4

Table 15 reports retrieval hit accuracy and
segment-level localization accuracy under the two
configurations. At Top-10, conditioned on the
ground-truth segment being included in the re-
trieved candidate set, probe localization achieves
93.0% conditional accuracy in the table-level re-
trieval setting and 81.7% in the segmented retrieval
setting. These results suggest that probe-based
localization remains applicable across different re-
trieval configurations and enables fine-grained evi-
dence localization within retrieved candidates.

I.2 Closed-domain Reasoning Ablation

We further analyze the interaction between the SPE
reasoning workflow and Probe-guided Table Re-
finement on RETQA under the closed-domain set-
ting. The results are shown in Table 16.

On RETQA, removing semantic enrichment sub-
stantially degrades plan-related metrics, reducing
Set-EM by 33.2 points and P-F1 by 7.1 points.
However, this improvement in intermediate plans
brings limited gains in final QA accuracy, as SPE
and PE achieve similar QA performance under the
same refinement setting. In contrast, the executor-
only variant benefits substantially from refinement,
improving from 62.4% to 75.1%. Further anal-
ysis shows that among the correct executor-only
cases with explicit SQL conditions, 15.49% have
generated filters that deviate from the annotated
constraints while still producing correct answers,
suggesting that refinement can preserve sufficient
evidence through alternative filtering conditions.
Overall, reasoning workflow and evidence refine-
ment contribute through complementary pathways.

Refinement-SQL Mismatch Example

Question: Among Yue Long Garden and Jian Fa
Central Mansion in Baiyun District, Guangzhou,
which one has a lower floor area ratio?

SQL: WHERE "Project Name" IN (’Yue Long
Garden’, ’Jian Fa Central Mansion’)

Pandas: df[’Land Parcel
Name’].isin([’AB0405037’, ...])

J Prompt Templates

J.1 Probe Generation Prompt

System Prompt for Probe Generation

You are an expert analyst extracting evidence from
Question into a JSON probe to check table relevance.
Provide a step-by-step reasoning in <THINK></THINK>
block. Then, output the JSON probe in
<PROBE></PROBE> block.

Reasoning steps:
1. Summarize the user’s intent.
2. First, identify the target table by selecting the most
relevant ’title’ from the provided schema based on
key phrases in the ’Question’.
3. Second, based exclusively on the selected ’title’,
examine its available columns. Map specific values
from the ’Question’ to the correct ’column’. For
comparisons (>, <, >=, <=), treat the boundary value as
evidence. Leave ’evidence’ empty ONLY for
aggregation or sorting without specific filters.

The probe block must be valid JSON with ’title’ and
’evidence’ (list of {’column’, ’value’}).

J.2 Semantic Enrichment Prompt

Semantic Enrichment Prompt

Role: You are an expert data analyst. Your task is to
analyze a raw data table and generate a concise,
semantic description for each of its columns.

Instructions:
1. Understand the Table Context: Examine the table’s
title, column and sample cell values together to infer
what the entire table represents. Based on this
combined information, write a concise sentence that
summarizes the table’s domain, subject, and overall
purpose. This judgment should capture the background
or type of information recorded in the table.
2. Generate Column-Level Descriptions: After
forming the overall understanding, write a clear and
specific sentence for each column, describing what the
column represents within the context of the table title
and overall table meaning. Explicitly include the table
title or its key context in each column description to
ensure the semantic link.

Format the Output:
- Provide your final answer as a single JSON object.
- Include one reserved key called ’table_summary’ for
the overall table-level background sentence.
- Each other key should be an exact column name from
the input table, and its value should be your generated
semantic description.
- Do not include any other text, explanations, or
markdown formatting outside of this JSON object.
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J.3 Strategic Planning Prompt

Strategic Planning Prompt

You are an expert query planner for a database table.
Your goal is to create a logical, step-by-step plan to
answer a user’s question by selecting the necessary
column descriptions in the correct order.

Think step by step to formulate a plan. Explain how
you will use the columns to find the answer. Place your
reasoning between <start_working_out> and
<end_working_out>.

Provide the final list of required column names in their
logical order. Then, provide your solution between
<PLAN> and </PLAN>.

J.4 Program Execution Prompt

Program Execution Prompt

You are an expert Python data analyst. Write Pandas
code to answer the user’s question. Think step-by-step
before coding and put your reasoning between
<start_working_out> and <end_working_out>.

Reasoning must include:
1. Condition Setup: Determine the filtering and
selection conditions needed to answer the question.
2. Data Preparation (if needed): Describe
preprocessing like handling missing values, type
conversion, or excluding summary rows.
3. Implementation: Follow Execution Plan columns in
order to write the pandas code.

Code requirements:
- Use the variable ’df’ to access the DataFrame.
- Use exact string matching (case-insensitive) for string
filters.
- Use pd.to_numeric(df[’col’],
errors=’coerce’) before finding maximums,
minimums, or performing arithmetic.
- Store the final result in final_answer.

Output only the reasoning and code. Put code between
<CODE> and </CODE>.
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