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Abstract

Open-domain tabular question answering
(TQA) aims to answer natural language queries
over a data lake that contains a large corpus of
heterogeneous tables. Unlike closed-domain
TQA, this task operates without pre-provided
tables, making it particularly challenging. Ex-
isting methods usually first retrieve relevant
tables and then answer the question based on
the retrieved tables. However, they face chal-
lenges in effectively and efficiently preparing
tables from the low-quality, heterogeneous data
lake and in operationalizing table information.
To address these limitations, we present ArrTab
(Agentic retrieval and reasoning on Tables) for
open-domain TQA. ArrTab leverages MuRe,
a self-supervised Multi-table Retriever trained
on questions synthesized by translating table-
derived SQL queries into natural language via
large language models. Based on MuRe, Ar-
rTab proposes a multi-agent system for open-
domain TQA that consists of the Table Re-
triever Agent, the Table Integration Agent, the
Information Extraction Agent and the Answer
Agent. Furthermore, to enhance accuracy, a
lazy execution strategy is adopted where op-
erations are described in natural language but
executed only during the information extrac-
tion stage, allowing for globally consistent rea-
soning. Extensive experiments on real-world
datasets demonstrate the superiority of ArrTab.

1 Introduction

Tabular Question Answering (TQA) (Zhang et al.,
2024; Fan et al., 2025) has been extensively studied
in real-world scenarios. Given a query and a struc-
tured table, the goal is to generate a precise answer
by reasoning over the table contents. However,
conventional TQA methods are typically closed-
domain, assuming the relevant tables are already
provided, which limits their practical applicabil-
ity. In many real-world applications, such as web
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search or virtual assistants, the appropriate table
is not readily available and must first be retrieved
from a large collection (Cafarella et al., 2008; Jin
et al., 2022). To address this limitation, open-
domain tabular question answering (open-domain
TQA) (Herzig et al., 2021; Gu et al., 2022) has
recently emerged. This task aims to answer natural
language queries over a table data lake containing
a large number of heterogeneous tables.

Since directly feeding the entire data lake into a
model is infeasible, existing open-domain TQA
methods typically adopt a retrieve-then-reason
paradigm: they first employ a retriever to locate
relevant tables and then leverage language models,
such as Large Language Models (LLMs) (Wang
et al., 2025, 2026), to infer the answer. In the early
stage, methods (e.g., (Herzig et al., 2021; Kang
et al., 2024)) usually first retrieve relevant tables
using methods such as dense retrieval techniques,
and then employ small language models, such as
TAPAS (Herzig et al., 2020), to generate answers.
More recently, LLM-based approaches have been
widely adopted, leveraging either SQL-based query
generation (Kong et al., 2024) or tool-integrated
reasoning (Qiu, 2025) to enhance performance.

Despite these advancements, two key limitations
remain. First, existing open-domain TQA systems
typically rely on either label-intensive dense re-
trieval (Herzig et al., 2021) or inaccurate sparse
retrieval (Kong et al., 2024). While dense retrieval
embeds questions and tables into a latent space
to capture semantic similarity, it requires labeled
data for training and primarily focuses on single-
table retrieval. On the other hand, the inaccurate
sparse retriever usually relies on keyword match-
ing (e.g., BM25 (Kong et al., 2024)), failing to
capture deep semantics. Second, current methods
usually operate in sequential stages, where errors
from table preprocessing cascade and accumulate
downstream. This leads to low accuracy, partic-
ularly in open-domain settings characterized by
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noisy retrieval and heterogeneous table structures.
To overcome these limitations, we propose Ar-

rTab, an Agentic retrieval and reasoning frame-
work on Tables for open-domain TQA. It features
MuRe, a self-supervised Multi-table Retriever de-
signed to accurately discover relevant tables. Build-
ing upon MuRe, a multi-agent system is established
to collaboratively operationalize table information
and perform globally consistent reasoning via a
lazy execution strategy.

MuRe establishes a self-supervised learning
paradigm that constructs multi-table training sam-
ples directly from the data lake without the use of
labels. To improve the quality of the synthesized
training samples, MuRe adopts SQL as an interme-
diate representation and introduces a table-to-SQL-
to-question pipeline. It first identifies value-level
and schema-level overlaps in raw tables to automat-
ically generate executable multi-table SQL queries,
which are then translated into natural-language
questions using LLMs. Furthermore, MuRe adopts
a ranking-based relevance learning to retrieve co-
herent table sets that collectively support the query,
thus enhancing its ability to solve complex, multi-
table reasoning tasks in the open-domain settings.

Based on MuRe, a multi-agent system is built to
enable end-to-end reasoning over retrieved tables.
Specifically, ArrTab consists of four specialized
agents: the Table Retriever Agent, the Table Inte-
gration Agent, the Information Extraction Agent,
and the Answer Agent. These agents collaborate
through a shared state and collectively decompose
open-domain TQA into retrieval, planning, extrac-
tion, and synthesis stages. Following a lazy execu-
tion strategy, the Table Retriever Agent identifies
a relevant set of tables, while the Table Integration
Agent formulates high-level multi-table reasoning
plans without materializing intermediate results.
The Information Extraction Agent then translates
these abstract plans into executable SQL to extract
precise evidence, and the Answer Agent synthe-
sizes and validates the final response. This enables
efficient operation while ensuring globally consis-
tent reasoning across multi-table evidence.

The main contributions are summarized as:

• First, we propose ArrTab, an agentic retrieval and
reasoning framework for open-domain tabular
question answering.

• Second, we introduce MuRe, a self-supervised
multi-table retriever that first synthesizes train-
ing data from raw tables via a table-to-SQL-

to-question pipeline and then trains a relevance
model by employing a ranking-based relevance
objective to accurately retrieve coherent table
sets without manual annotation.

• Third, we develop a multi-agent system with
a lazy execution strategy, enabling efficient and
globally consistent multi-table reasoning through
coordinated retrieval, planning, extraction, and
answer synthesis.

• Finally, extensive experiments on real-world
datasets demonstrate that ArrTab significantly
outperforms existing TQA systems. Compared
to current open-domain TQA methods, Ar-
rTab achieves an average performance improve-
ment of 12.46%. It also delivers competitive
results compared to closed-domain TQA base-
lines where the grounding tables are provided.

2 Preliminaries

We consider a tabular data lake denoted as D =
{T1, T2, . . . , TN}, where each table Ti = (Ci, Ri)
consists of a set of columns Ci = {ci1, . . . , cimi}
and a set of rows Ri = {ri1, . . . , rini}. Each cell
xijz represents the value in row rij and column ciz .
We use Q to denote the space of natural language
questions andA to denote the space of the answers.

Definition 1 (Open-domain Tabular Question
Answering) (Herzig et al., 2021; Kang et al., 2024).
Given a question (q ∈ Q) and a large tabular
data lake (D = {T1, . . . , TN}), the goal of open-
domain tabular question answering is to infer the
correct answer (a∗ ∈ A), such that the answer is
verifiably grounded in and factually consistent with
the evidence contained in D.

Due to the large number of tables in the data
lake, feeding all tables into the model is infeasi-
ble (Chen et al., 2026). Therefore, typical open-
domain TQA systems first retrieve a relevant subset
of tables (Tq ⊆ D), and then reason over them to
produce the correct answer (a∗). An open-domain
TQA system can be represented as a composition
of two functions: a∗ = fans(fret(q,D), q), where
(fret) denotes the table retrieval module that selects
potentially relevant tables, and (fans) denotes the
reasoning or answer generation module that derives
the final answer from the retrieved tables.

Remark 2.1: (Open-domain TQA vs. Closed-
domain TQA). The distinction between open-
domain TQA and closed-domain TQA lies in the
grounding tables. In closed-domain tabular QA,
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Figure 1: System architecture of ArrTab.

the question is answered with respect to given ta-
bles, assuming that the relevant data are known. In
contrast, open-domain QA operates over a large
and diverse tabular data lake, where relevant tables
need first to be retrieved from numerous heteroge-
neous candidates before reasoning can be applied.

3 Overview of ArrTab

As illustrated in Figure 1, ArrTab integrates a self-
supervised retriever training pipeline with a collab-
orative multi-agent reasoning framework. To accu-
rately train a multi-table retriever without labels,
an LLM-based Data Synthesis module first discov-
ers table relationships through Partner Discovery
and then generates multi-table SQL queries paired
with natural language questions, which are used to
optimize the retriever by Ranking-based Relevance
Learning. Leveraging this retriever, open-domain
queries are processed through a coordinated work-
flow of specialized agents. First, the Table Re-
trieval Agent identifies evidence tables. Then, the
Table Integration Agent unifies them, the Informa-
tion Extraction Agent extracts useful data, and the
Answer Agent generates the final answer. A lazy
execution strategy is used to defer the execution of
logical integration plans until the extraction stage.

4 MuRe Retriever

4.1 LLM-based Data Synthesis

We first construct a self-supervised training cor-
pus comprising natural language questions paired
with ground-truth evidence sets of tables. For-
mally, a training example is a pair (q, T ∗) where
T ∗ = {TA, TB, . . .} denotes the minimal set of
tables required to answer q. Our goal is to synthe-

size such pairs directly from an unlabeled data lake
D, without manual annotation. “self-supervised”
means that supervision tuples (q, T ∗) are automati-
cally generated from the unlabeled data lake with-
out human annotation.
(1) Partner discovery via content overlap. MuRe
needs to identify partners for a given anchor ta-
ble, so that the resulting question logically requires
combining evidence from multiple tables.

Given the data lake D, MuRe first sample an an-
chor table TA ∼ U(D) and select a representative
column cA ∈ TA. Instead of traversing an explicit
schema graph, which is often unavailable in open
data lakes, MuRe discovers partner tables heuris-
tically. For each candidate TB , MuRe computes
two overlap metrics that capture value-level and
schema-level relatedness. Let V (c) be the set of
cell values in a column c, and let H(T ) denote the
set of column headers of table T . MuRe defines
the Value Overlap Jval and Schema Overlap Jsch
between TA and TB as

Jval(TA, TB) = max
ci∈TA, cj∈TB

|V (ci) ∩ V (cj)|
|V (ci) ∪ V (cj)|

,

(1)

Jsch(TA, TB) =
|H(TA) ∩H(TB)|
|H(TA) ∪H(TB)|

. (2)

MuRe then select as partner TB the table that maxi-
mizes a composite score λJval+(1−λ)Jsch, where
λ controls the relative emphasis on shared values
versus shared schema. Hyperparameters are evalu-
ated in Section 6.4.
(2) Adaptive multi-table SQL generation. Once
a pair (TA, TB) has been selected, MuRe gener-
ates a structured SQL query S whose evaluation
requires simultaneous access to both tables. In-
stead of directly generating questions, MuRe uses
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SQL as a latent semantic representation that is eas-
ier to translate to natural language than the tables
themselves.

For entity overlap, when Jval(TA, TB) >
Jsch(TA, TB), MuRe instantiates a join-based tem-
plate that links tuples across tables:

SELECT agg(TB .col) FROM TA JOIN TB

ON TA.key = TB .key WHERE TA.cond,

where agg is an aggregation operator such as MAX,
MIN, or COUNT, and key and cond are instantiated
from sampled rows and predicates in TA and TB .
This template encourages questions that, for exam-
ple, ask for the maximum value of an attribute in
TB conditioned on an entity filter in TA.

For schema overlap, when Jsch(TA, TB) >
Jval(TA, TB), MuRe employs a union-based tem-
plate that aggregates information coming from dis-
joint subsets of two structurally analogous tables:

SELECT agg(col) FROM TA WHERE cond
UNION SELECT agg(col) FROM TB WHERE cond.

(3) Question translation. To bridge the gap be-
tween structured logical forms and natural lan-
guage, MuRe leverages the zero-shot capabilities
of LLM. Instead of fine-tuning a smaller language
model, MuRe employs an LLM with a small size as
the translation module. We choose Gemma-2-9b-it
because it offers a favorable quality-cost trade-off
for SQL-to-question translation, allowing us to syn-
thesize training supervision in batch while main-
taining adequate semantic fidelity (see experiments
in Sec 6.4). The prompt template is in Sec A.1.

Given a multi-table SQL query S and the prompt
instructions P , the model generates the correspond-
ing question: q = LLM(S,P). The resulting train-
ing sample is the pair (q, T ∗), where T ∗ is the set
of tables involved in the SQL.

4.2 Ranking-based Relevance Learning

In multi-table retrieval, individual tables often pro-
vide partial evidence. If one enforces a single pos-
itive label per question or treats retrieval as inde-
pendent binary classification, the model may suffer
from overfitting or catastrophic forgetting of the
pre-trained semantic space (Sun et al., 2022; Chen
et al., 2024b). To remedy this, we cast relevance
learning as a ranking task. Instead of forcing ab-
solute probability targets, we optimize the relative
ordering between relevant and irrelevant tables. Let
(q, T ∗) be a training instance, and let C(q) ⊆ D be

the candidate set retrieved by the first stage. We de-
fine the set of hard negatives asN (q) = C(q) \ T ∗.
(1) Architecture. MuRe adopts a dense bi-encoder
architecture following SOLO (Wang and Cas-
tro Fernandez, 2023). It consists of two Trans-
former encoders (Reimers and Gurevych, 2019): a
question encoder Eq(·) and a table encoder Et(·),
which independently encode the input question q
and candidate table T into a shared dense embed-
ding space: hq = Eq(q) ∈ Rd, hT = Et(T ) ∈ Rd.

For table encoding, each table is first trans-
formed into a set of semantic triples using the
Row-Wise Complete Graph serialization strategy
in SOLO. The serialized triples are then linearized
into textual sequences and fed into the Transformer
encoder to capture schema semantics and row-wise
relational information. The relevance score be-
tween q and T is computed using cosine similarity:

s(q, T ) = ⟨hq, hT ⟩. (3)

(2) Objective. To train the model, we minimize
the pairwise margin ranking loss, enabling fine-
tuning of the decision boundary for hard candidates
while preserving the general capability of the pre-
trained embeddings. Specifically, for each question
q, we construct training pairs by taking the Carte-
sian product of the positive set T ∗ and the negative
set N (q). The objective dictates that the score of a
relevant table T+ must exceed that of an irrelevant
table T− by a margin γ:

L =
1

|T ∗||N (q)|
∑

T+∈T ∗
T−∈N (q)

max
(
0,

β − (s(q, T+)− s(q, T−))
)
,

(4)

where β is a hyperparameter controlling the sepa-
ration between positive and negative scores.
(3) Index construction and inference. The result-
ing dense table embeddings are stored in a com-
pressed index using for efficient retrieval (Douze
et al., 2025; Wang et al., 2024a). At inference
time, given a question q, we encode it using the
student encoder and perform an Approximate Near-
est Neighbor (ANN) search directly over the table
index. This yields a ranked list of top-K tables
T = {T1, . . . , TK}. The relevance score is de-
fined as: S(q, T ) = ⟨vq,vT ⟩, where vq and vT

are the dense vectors of the question and table, re-
spectively. The retrieved set T̂ (q) is then sent to
the multi-agent system for evidence synthesis and
generates the final answers.
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5 The Multi-Agent TQA Framework

Build upon MuRe retriever, a multi-agent TQA
framework is proposed that processes user queries
through four agents: Table Retrieval Agent, Table
Integration Agent, Information Extraction Agent,
and Answer Agent. These agents collaborate
through a shared state context, employing a Lazy
Execution strategy to minimize overhead and error
propagation when generating the final answer. De-
tailed prompts and communication mechanism are
provided in Sec. A.

5.1 Table Retrieval Agent
Given a large and heterogeneous data lake in open-
domain TQA, the goal of the Table Retrieval Agent
is to efficiently narrow the search space and identify
a small set of relevant candidate tables. Leverag-
ing the vector index constructed during the offline
stage, the agent encodes the natural language query
q into the same semantic embedding space as ta-
bles, and retrieves the top-K tables according to
the cosine similarity score ⟨q, T ⟩. Formally, the
retrieved candidate set is defined as

Tq = TopKT∈D⟨q, T ⟩,

where D denotes the table corpus.

5.2 Integration Agent with Lazy Execution
In open-domain settings, answering a question typ-
ically requires integrating evidence from multiple
tables. However, the retrieved tables may contain
substantial noise, and the relationships among them
are often ambiguous or weakly connected, making
reliable multi-table reasoning particularly challeng-
ing. The Table Integration Agent addresses this by
operating as a strategic logic planner. Instead of di-
rectly processing tables, it adopts a Lazy Execution
strategy, analyzing the schemas of the candidate ta-
bles Tq to formulate an abstract integration plan Φ.
Specifically, the agent utilizes an LLM to predict
the optimal relational operation type and to iden-
tify semantic correspondences between columns.
Formally, the planning process is defined as:

Φ = (op, Tsel,Mcol) = LLMIntegrator(q,STq)
(5)

Here, op ∈ {JOIN, UNION, NONE} denotes the oper-
ation, which captures the most common types of
inter-table relationships. Tsel ⊆ Tq represents the
subset of tables selected as relevant to the query,
andMcol denotes the set of semantically aligned
column pairs across tables.

Instead of directly executing table operations,
the agent first constructs an abstract integration
plan over table schemas. Such lazy execution pro-
vides two key advantages: (1) it avoids premature
evidence composition that may amplify retrieval
and schema alignment errors during physical ta-
ble integration; and (2) it enables semantic-level
filtering of irrelevant or weakly related tables be-
fore execution, thereby reducing the downstream
reasoning space and improving answer reliability.

5.3 Information Extraction Agent with
Self-reflective Text-to-SQL

The Information Extraction Agent is designed to
bridge the gap between natural language planning
and symbolic execution. It operationalizes the ab-
stract integration plan Φ and the user query q by
synthesizing them into a concrete, executable SQL
statement YSQL. While focused on SQL, the frame-
work is extensible to other languages like Python
for complex tasks beyond relational algebra.

Leveraging the strong code generation capabili-
ties of LLMs (Zhu et al., 2024b; Zhan et al., 2025),
we further introduce a Self-reflective Text-to-SQL
mechanism to improve execution reliability. Specif-
ically, the generated SQL query is executed against
an in-memory database constructed from the se-
lected tables T sel. If execution fails due to syntax
or schema errors, the execution feedback E(t) is
used to iteratively refine the query:

Y
(t+1)
SQL = LLMText2SQL(q,Φ, Y

(t)
SQL, E

(t)) (6)

This execution-grounded loop enables the agent to
progressively correct erroneous SQL and align the
generated query with both the schema constraints
and the semantic intent of the integration plan.

5.4 Answering Agent with Evidence
Sufficiency Verification

The Answering Agent acts as the final reasoning
module, synthesizing a natural language answer
based on the query q and the retrieved evidence R.

A critical limitation of conventional single-pass
pipelines is their vulnerability to retrieval failures,
which frequently lead to unanswerable queries or
hallucinations. To alleviate this issue, we introduce
a Evidence Sufficiency Verification mechanism that
explicitly evaluates the sufficiency of R with re-
spect to q before generating the final answers.
Specifically, the LLM first evaluates whether the
retrieved evidence sufficiently supports answering
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the query. If the evidence is deemed sufficient, the
final answer is generated as a = LLM(q,R). Oth-
erwise, instead of forcing generation under missing
evidence, the agent identifies unresolved informa-
tion gaps and reformulates the query:

q′ = LLMRewrite(q,Rgap). (7)

The reformulated query q′ is then routed back to
the Table Retrieval Agent (Section 5.1) for another
retrieval iteration. This closed-loop refinement pro-
gressively improves evidence completeness and
mitigates retrieval failures.

6 Evaluation

6.1 Experiment Setup
Datasets. Following prior works (Zhang et al.,
2024; Zou et al., 2025), we adopt four widely
used datasets to evaluate the performance of open-
domain TQA, including WikiTables (Zou et al.,
2025), RETQA (Wang et al., 2024b), FeTaQA (Nan
et al., 2022), and TabFact (Chen et al.). WikiTables
and RETQA are natively multi-table benchmarks,
while FeTaQA and TabFact are originally single-
table datasets but are included due to their wide
usage. Following (Zou et al., 2025), the single-
table datasets are partitioned by rows, columns, or
kept intact to construct the final data lake. Detailed
dataset statistics and preprocessing procedures are
provided in Sec. B in the Appendix.
Baselines. We consider two categories of base-
lines for a comprehensive evaluation: open-domain
TQA and closed-domain TQA. For open-domain
TQA, we include three representative methods: (1)
DTR (Herzig et al., 2021), (2) OPENTAB (Kong
et al., 2024), and (3) OpenTable-R1 (Qiu, 2025).
For closed-domain TQA, we include two state-of-
the-art methods: (4) ReacTable (Zhang et al., 2024)
and (5) AutoPrep (Fan et al., 2025). For fairness, all
open-domain baselines are evaluated on the same
data lake, query set, and retrieval space for each
dataset. We report closed-domain systems sepa-
rately as upper-bound references, because they are
provided with gold tables and therefore do not face
the retrieval stage.
Metrics. Following prior work (Zhang et al., 2024),
we use ROUGE (Wang et al., 2025) to evaluate
performance on FeTaQA and RETQA, since their
ground-truth answers are free-form. We use exact
match accuracy for WikiTables and TabFact. For
WikiTables, predictions are normalized for number
formatting and letter casing, while TabFact uses

binary labels (True/False). For both metrics, the
higher value indicates better performance.
Implementation details. We set the default num-
ber of retrieved tables to 10, use DeepSeek-V3 as
the default LLM for agents, and Gemma-2-9b-it
for SQL translation due to its cost efficiency. Both
are among the top open-source LLMs available
at the time of our experiments. The deployment
details are in Sec. C. λ, which is used for balanc-
ing value overlap and schema overlap, is set to
0.6. β, which is used in the training objective,
is set to 0.3. We synthesize one question per ta-
ble for MuRe with a maximum of 4000. The re-
triever is trained for 20 epochs with batch size 4,
learning rate 1 × 10−4, and weight decay 0.1. In
all experiments, the number of context examples
provided to the LLM is set to 3. The maximum
number of iterations is empirically set to 3. Other
hyperparameters for the baseline methods follow
their original papers. The codebase is available at
https://github.com/guaiyoui/ArrTab.

6.2 Main Results

Exp-1: Effectiveness. We first present the main
results across four datasets in Figure 2. The mod-
els are categorized into open-domain and closed-
domain settings. We include closed-domain base-
lines as upper-bound references, since they are
given gold tables while ArrTab needs to retrieve
evidence from the full data lake first. In the open-
domain setting, our method exhibits outstanding
performance, significantly outperforming all base-
lines across all metrics. Specifically, compared
to the strong baseline OPENTAB, our method
achieves a substantial improvement of 31.89% and
21.61% in terms of ROUGE-1 on RETQA and
TabFact accuracy, respectively. Furthermore, our
method surpasses OpenTable-R1 by 30.60% on
FeTaQA (ROUGE-L). These results highlight the
superiority of our framework in retrieving and rea-
soning over tables in an open-domain context. Re-
markably, despite operating in the more challeng-
ing open-domain setting (which requires retrieval),
our method demonstrates competitive performance
against closed-domain models. For instance, on
the FeTaQA dataset, our method even outperforms
ReacTable and AutoPrep by 4.67% and 6.30% in
terms of ROUGE-L, respectively. The effective-
ness of the model in multi-table environments and
the superior quality of the retrieved evidence allow
ArrTab to achieve competitive results.
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Figure 2: Results on four open-domain TQA benchmarks (WikiTables, RETQA, FeTaQA, and TabFact).
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Figure 3: Efficiency study

6.3 Efficiency and Ablation Study

In the following experiments, the performance
scores are measured by ROUGE-L for RETQA and
FeTaQA and accuracy for WikiTable and TabFact.

Exp-2: Efficiency analysis. We compare the
inference latency of ArrTab with ReacTable and
OPENTAB in Figure 3. ArrTab incurs moderately
higher latency due to its multi-agent reasoning pro-
cess, with most overhead coming from integration
planning, SQL generation, and answer generation,
while retrieval itself is negligible. Across datasets,
ArrTab remains within a practical latency range
and provides a favorable trade-off between accu-
racy and computational cost. We also report the
one-time MuRe training cost ( 30–120 minutes),
which is conducted offline and thus imposes no
overhead on per-query inference latency.

Exp-3: Ablation study. We conduct component-
level ablations to quantify the contribution of each
module. As shown in Figure 4, all components
contribute consistently to the final performance.
Replacing MuRe with BM25 causes the largest
average drop of 0.1483, with the most severe degra-
dation on RETQA (0.6342→ 0.3386), confirming
the importance of multi-table retrieval. Remov-
ing evidence verification, self-reflective Text2SQL,
and lazy execution reduces performance by 0.1304,
0.1230, and 0.0839 on average, respectively. These
results show that ArrTab’s gains are not driven by a
single component, but by the joint effect of reliable
retrieval, evidence checking, robust SQL extraction,
and delayed physical execution.
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Figure 4: Ablation study

6.4 Hyperparameter Study

Exp-4: Impact of retrieved table number. Fig-
ure 5(a) shows the effect of varying the retrieved ta-
ble number K. Increasing K from 6 to 10 improves
the average performance from 0.5374 to 0.5840,
with clear gains on RETQA (0.5493 → 0.6342)
and TabFact (0.5777→ 0.6459). Further increas-
ing K to 12 slightly reduces the average score to
0.5798, indicating that extra retrieved tables may
introduce noise. We therefore use K = 10 as the
default setting.
Exp-5: Impact of LLMs. We further the im-
pact of LLM on ArrTab, evaluating Qwen3-32B,
DeepSeek-V3, and Gemini-2.5-pro in Figure 5(b).
Stronger LLM backbones generally improve per-
formance, with the average score increasing from
0.5308 with Qwen3-32B to 0.5840 with DeepSeek-
V3 and 0.6028 with Gemini-2.5-pro. Gemini-
2.5-pro achieves the best results on three of four
datasets, including FeTaQA (0.5804) and TabFact
(0.6658). These results show that ArrTab benefits
from stronger reasoning backbones while preserv-
ing the same retrieval and agentic workflow.
Exp-6: Impact of retry times. We also analyze
the effect of the maximum retry number Y . The
results are in Figure 5(c). Increasing Y from 1 to
3 improves the average performance from 0.4536
to 0.5840, with large gains on RETQA (0.4039
→ 0.6342) and FeTaQA (0.3806→ 0.5331). Fur-
ther increasing Y to 4 brings no clear benefit, with
the average score remaining nearly unchanged at
0.5807. We therefore set Y = 3 as the default
setting, balancing self-correction benefits and addi-
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Figure 5: Hyperparameter study of retrieved table number, used LLMs, retry times and β.

tional inference cost.
Exp-6: Impact of β. We analyze the effect of the
balance parameter β in Figure 5(d). Increasing β
from 0.1 to 0.3 improves the average performance
from 0.5565 to 0.5840, indicating that stronger
partner-discovery weighting improves multi-table
evidence construction. Further increasing β to 0.5
slightly reduces the average score to 0.5840, with
mixed effects across datasets. We therefore set
β = 0.3 as the default setting, which provides the
most stable performance across datasets.

6.5 Additional Experiments

We add more additional reproducibility details in
Appendix C, including: (1) LLM deployment, (2)
Retriever architecture and training, (3) Inter-agent
state transfer, and (4) Context budgeting. To fur-
ther validate ArrTab, we conduct the following
additional experiments in Appendix C: (1) SQL-to-
question translation ablation: comparing Gemma-
family models for MuRe data synthesis. (2) Stage-
wise latency breakdown: profiling the inference
cost of each agent. (3) MuRe training data analy-
sis: analyzing the statistics of augmented training
data. (4) Case study: illustrating the self-correction
behavior of the pipeline on a representative messy-
context example.

7 Related Works

Our work is closely related to both open-domain
and closed-domain TQA.
Closed-domain TQA. With the provided ground-
ing tables, closed-domain TQA aims to accurately
answer natural language queries by reasoning over
the structured data and relationships. Recent ap-
proaches are predominantly language-model-based,
particularly leveraging LLMs. These methods can
be broadly categorized into two groups: training-
based models and code-generation-based models.
The training-based approaches directly train or fine-
tune custom models to generate answers from in-
put tables, typically requiring ground-truth labels

for supervision. Representative models include
TAPAS (Herzig et al., 2020), TAPEX (Liu et al.),
TACUBE (Zhou et al., 2022), and OMNITAB (Jiang
et al., 2022). With the rapid development of
LLMs (Tan et al., 2025b, 2026, 2025a), recent work
has focused on instructing models to generate exe-
cutable code, such as SQL or Python, to manipu-
late tables and reason over structured data more
effectively. Representative studies include RE-
ACTABLE (Zhang et al., 2024), AUTOTQA (Zhu
et al., 2024a), and AUTOPREP (Fan et al., 2025).
Recent studies explore wider settings, such as
multi-table question answering (Pal et al., 2023)
and multi-modal question answering (Talmor et al.;
Chen et al., 2020).
Open-domain TQA. Since open-domain TQA op-
erates over a large data lake, it typically involves
a retrieval stage that selects a subset of relevant
tables (Chen et al., 2024a; Zhang and Balog, 2020;
Deng et al., 2019). Once the relevant tables are
retrieved, the task reduces to a regular TQA prob-
lem. Traditional pipelines rely on static retrieval
methods (e.g., TF–IDF, BM25) followed by closed-
domain semantic parsing (Herzig et al., 2020).
More recently, researchers have explored leverag-
ing LLM (Kong et al., 2024) and tool-integrated
reasoning frameworks (Qiu, 2025) to enhance the
performance of open-domain TQA.

8 Conclusion

In this work, we introduced ArrTab, an agen-
tic open-domain TQA framework with a self-
supervised multi-table retriever MuRe. MuRe is
trained in a self-supervised manner with LLM-
augmented questions and the table-to-SQL-to-
question pipeline. Based on MuRe, a multi-
agent collaboration paradigm is proposed, which
achieves both high efficiency and robust reason-
ing. The proposed lazy execution strategy further
enhances accuracy through globally consistent rea-
soning. Experimental results on real-world datasets
validate the superiority of ArrTab.
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9 Limitations

While the proposed framework demonstrates signif-
icant improvements in open-domain tabular ques-
tion answering, it involves certain limitations. The
coordination of multiple agents and the use of it-
erative feedback loops introduce additional com-
putational overhead, resulting in higher inference
latency compared to single-pass pipelines. More-
over, although the simulated data lake effectively
captures challenges such as schema heterogene-
ity, further research is necessary to evaluate the
robustness of the framework in even more complex,
large-scale real-world environments.
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A Implementation Details

This section provides implementation details for
the main modules in our framework, including the
SQL-to-text translation procedure and the prompt
designs of the four specialized agents. All agents
operate within a unified state-space, passing inter-
mediate results to subsequent modules.

A.1 SQL-to-Text Translation Implementation

The SQL-to-text module is used during the syn-
thetic data construction process of MuRe. Given a
generated multi-table SQL query, the module uses
an LLM to convert the formal query into a natural-
language question, which then serves as weak su-
pervision for retriever training. Rather than directly
verbalizing table or column identifiers, the prompt
encourages the model to replace raw schema names
with content-grounded descriptions and to express
SQL operators in natural language.

Prompt Design: SQL-to-Question

Input. Multi-table SQL query S .
Guidance. Translate the query into a nat-
ural English question. Ensure raw identi-
fiers are replaced with content-based de-
scriptions and operators are contextualized
for readability.
Output. The natural question q only.

A.2 Table Retrieval Agent

The Table Retrieval Agent is the entry point of the
pipeline. It filters the massive data lake and re-
trieves a small set of candidate tables that are most
relevant to the user’s query. In our implementation,
we utilize MuRe to score the relevance between the
natural language query q and all available tables in
the data lake. The agent selects the top-k (specifi-
cally, k = 10 in our experiments) tables based on
these scores. These retrieved tables, denoted as
Tretrieved, are then loaded into the system state for
subsequent integration analysis.

A.3 Table Integration Agent

The Table Integration Agent is designed for un-
derstanding the relationships between the retrieved
tables and the query. It performs two critical tasks:
(1) Operation Decision, determining whether the
tables should be combined via a Join (vertical) or
Union (horizontal) operation, or if no combina-
tion is needed; and (2) Schema Matching, identi-
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Table 1: Datasets Details

Dataset # of Tables # of Questions Output Origin Description

WikiTables 560 500 Short answer Native multi-table Wikipedia web-table QA with 1–3 related evidence tables.
RETQA 4932 20762 Free-form text Native multi-table Multi-hop reasoning over the Chinese real-estate sector.
FeTaQA 17639 10330 Free-form text Simulated multi-table Abstractive reasoning requiring aggregation on Wikipedia tables.
TabFact 199078 117884 Binary label (True/Flase) Simulated multi-table Large-scale fact verification on open-domain Wikipedia tables.

fying semantically equivalent column pairs across
different tables (e.g., matching “born_date” with
“dob”). This agent takes the schema information of
Tretrieved as input and outputs a structured integra-
tion plan. The prompt design is in Box A.4.

A.4 Information Extraction Agent

Once the data is integrated, the Information Ex-
traction Agent generates an executable SQL query
to extract the precise answer. This agent receives
the integration instructions (e.g., which columns
to align) and the serialized content of the selected
tables. To ensure robustness against dirty data,
the prompt explicitly instructs the model to handle
‘NULL‘ values, perform fuzzy matching for entity
names (using ‘LIKE‘), and cast data types correctly
before arithmetic operations. The generated SQL
is executed against an in-memory SQLite database.

Prompt Design: Table Integration Agent

Input. User query q and Schema Informa-
tion S = {(Tname, [c1, . . . , cm])}.
Guidance. You are a data integration expert.
Analyze the table schemas and the query to
determine the optimal combination strategy.
• Identify the operation type: “Join”

(column-wise) or “Union” (row-wise).
• Select table subset relevant to the query.
• Identify matched column pairs for schema

alignment.
• If the tables lack sufficient information,

output “No need”.
Output. A JSON object containing
join_union_type, selected_tables, and
matched_pairs.

A.5 Answering Agent

The Answering Agent acts as the final reasoning
module, synthesizing a natural language answer
based on the query q and the retrieved evidence
R. We adopt a Evidence Sufficiency Verification
step that explicitly evaluates the sufficiency of R
with respect to q before generating the final an-
swers. The LLM internally assesses whether the

retrieved evidence is sufficient to support answer-
ing the query. The prompt design for this iterative
reasoning process is illustrated in Box A.5. Con-
cretely, the verification step is invoked when the
extracted evidence is insufficient for answering the
question, including cases where SQL execution re-
turns an empty result or the returned result lacks
the necessary factual information.

Information Extraction Agent

Input. Query q, Integration Instructions,
and Table Samples.
Guidance. You are a SQL writing assistant.
Generate a SQL query to extract the answer.
(1) Data Cleaning: Filter out rows where
key numeric fields are NULL or ‘nan‘. (2)
Fuzzy Matching: Use ‘LIKE‘ operators for
entity names to handle potential typos or for-
matting differences. (3) Type Casting: En-
sure string values are cast to numeric types
before mathematical calculation. (4) Syntax:
Use double quotes for column names with
special characters.
Output. The executable SQL query string.

Answer Agent

Input. User query q and Retrieved Evidence
R (SQL Execution Results).
Guidance. You are a rigorous answer agent.
Analyze whether the retrieved evidence R
provides a complete and factual basis to an-
swer q without hallucination. Based on this
verification, strictly adhere to the following
branching logic: if R is sufficient, synthe-
size the final natural language answer a; con-
versely, if critical information is missing or
ambiguous, diagnose the information gap
and generate a reformulated query q′ aimed
at retrieving the specific missing details.
Output. A JSON object containing the
verification status (“sufficient” or “insuffi-
cient”) and the corresponding content (ei-
ther the answer or the reformulated query).
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A.6 Communication Mechanism
The agents communicate through a shared struc-
tured state rather than free-form dialogue. Each
agent reads the fields relevant to its role, writes its
intermediate output back to the state, and passes
the updated state to the next agent. This design
makes inter-agent communication explicit, reduces
redundant context, and keeps each stage grounded
in the outputs of previous stages.

Concretely, the integration agent re-
ceives schema-level inputs represented as
{(Tname, [c1, . . . , cm])} and writes an integra-
tion plan specifying selected tables, relevant
columns, and potential join or union relationships.
The SQL agent then reads this plan together
with the selected table names, full column
lists, and up to six sampled rows rendered by
pandas.DataFrame.to_string(index=False),
and writes executable SQL queries and extraction
results. Finally, the answer agent receives the
extracted evidence as compact JSON-style records
with column names and at most eight rows, verifies
evidence sufficiency, and produces the final answer
or a rewrite request when necessary.

B Datasets Details

B.1 Dataset Statistics
We evaluate ArrTab on four table-centric bench-
marks covering both native and simulated multi-
table settings, as summarized in Table 1. RETQA
and WikiTables are native multi-table benchmarks,
while FeTaQA and TabFact are converted into sim-
ulated multi-table data lakes through table frag-
mentation. This combination allows us to evaluate
naturally occurring cross-table reasoning as well as
in open-domain retrieval settings.

WikiTables is a native multi-table extension of
WikiTableQuestions built from Wikipedia web ta-
bles. The dataset is from (Zou et al., 2025). We
convert each unique source table into a CSV file in
the data lake, and preserve the benchmark-provided
question-answer pairs and oracle evidence-table
groupings. Our processed version contains 560
unique tables and 500 questions, where each ques-
tion may require evidence from 1–3 related tables
and approximately 45% of questions require more
than one table.

RETQA contains 4,932 tables and 20,762 ques-
tions from real-world Chinese real-estate data. It is
naturally multi-table, where answering a question
often requires integrating evidence across related

tables, and the output is free-form text.
FeTaQA is an abstractive table QA benchmark

built on Wikipedia tables, containing 17,639 tables
and 10,330 questions. Its answers are free-form
text and typically require aggregation, comparison,
or summarization over tabular content. TabFact
contains 199,078 tables and 117,884 statements
for table-based fact verification, where each out-
put is a binary label. For FeTaQA and TabFact,
we construct simulated multi-table settings from
their original single-table supervision to study the
scalability of open-domain TQA (the detailed pro-
cessing process is in Sec. B.2).

We further quantify retrieval-space heterogene-
ity using three statistics in Table 2. First, schema
heterogeneity is defined as

Hschema(D) =
∣∣⋃

T∈D NormCols(T )
∣∣

∑
T∈D |Cols(T )|

, (8)

where NormCols(T ) denotes the normalized
column-name set of table T after lower-casing and
trimming. Second, for each table T with cell set
Cells(T ), the missing rate is

MR(T ) =

∑
c∈Cells(T ) I[c is missing]

|Cells(T )| , (9)

and the average missing rate of data lake D is

AvgMR(D) = 1

|D|
∑

T∈D
MR(T ). (10)

Finally, we define the percentage of noisy tables as

NoisePct(D) = 1

|D|
∑

T∈D
I[MR(T ) > 0.5]× 100.

(11)
As shown in Table 2, RETQA has a relatively ho-
mogeneous schema space but still requires cross-
table evidence composition, TabFact provides the
largest retrieval space, and WikiTables exhibits
the highest schema heterogeneity. These comple-
mentary properties stress different aspects of open-
domain tabular QA, including evidence retrieval,
schema variation, and noisy-table filtering.

B.2 Dataset Processing and Construction

For native multi-table benchmarks, we preserve
the released retrieval space and table groupings,
applying only format normalization needed by
our pipeline. For originally single-table bench-
marks, we construct simulated multi-table data
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Table 2: Retrieval-space statistics of the four evaluation data lakes.

Dataset # Tables Avg. Rows Avg. Cols Schema Heterogeneity Avg. Missing Rate (%) Noisy Tables (%)

WikiTables 560 13.45 6.28 0.2805 4.36 0.18
RETQA 4,932 22.51 10.13 0.0007 5.46 0.00
FeTaQA 17,639 10.36 4.92 0.1501 6.21 0.01
TabFact 199,078 9.48 5.48 0.0178 7.16 0.00

lakes through controlled table partition and noise
injection. This design follows the common prac-
tice of adapting single-table TQA benchmarks to
multi-table datasets to evaluate cross-table reason-
ing capabilities (Zou et al., 2025).

For native multi-table datasets, we avoid arti-
ficial repartitioning. RETQA is evaluated in its
original open-domain form: the retrieval space con-
sists of the 4,932 real- estate tables released with
the dataset, and the native table boundaries are pre-
served. Since the raw RETQA data is in Chinese,
we apply Helsinki-NLP/opus-mt-zh-en (Tiedemann
and Thottingal, 2020) to translate table names, col-
umn schemas, cell values, questions, and answers
into English, followed by format normalization.
WikiTables is also used as a native multi-table
benchmark. We build it from (Zou et al., 2025),
convert each unique source table into a CSV file,
and preserve the benchmark-provided question-
answer pairs and oracle evidence-table groupings.
Thus, RETQA and WikiTables evaluate ArrTab un-
der naturally multi-table retrieval spaces rather than
simulated tables.

For single-table datasets, namely FeTaQA and
TabFact, we follow a controlled simulation strategy
to create fragmented data lakes from their origi-
nal table-level supervision. Since each original
instance is paired with a single table, we follow the
widely common practice (Zou et al., 2025) and ap-
ply vertical or horizontal partitioning to decompose
the table into multiple related fragments. Verti-
cal partitioning creates join-style evidence by split-
ting columns while preserving key columns as join
paths. Horizontal partitioning creates union-style
evidence by splitting rows and further injecting
missingness with the missing completely at ran-
dom (MCAR) mechanism and LLM-based schema
rewriting. This construction is intended to model
common table fragmentation and schema variation
in real-world data lakes, rather than to simplify
retrieval. The full table processing procedure is for-
malized in Algorithm 1, and the schema-rewriting
prompt is shown below.

Algorithm 1: Simulation Pipeline
Input :Source Dataset D, Agent Aschema

Output :Processed Data Lake Dlake

1 Dlake ← ∅
2 for each (T, q, a) ∈ D do
3 s← Random({Vertical,Horizontal})
4 if s = Vertical then

// Decompose columns
preserving join keys

5 {TA, TB},J ← Decompose(T )
6 Smeta ← {tables : [TA, TB], Join}
7 end
8 else if s = Horizontal then

// Row-wise split with noise
injection

9 Ttop, Tbottom ← SplitRows(T, ρ =
0.6)

10 Ttop ← MaskMCAR(Ttop)
11 Corig ← GetColumns(Tbottom)
12 Calt ← Aschema(Pschema, Corig)
13 Tbottom.cols← Calt

14 Smeta ← {tables :
[Ttop, Tbottom],Union}

15 end
16 Dlake.append({q, a, Smeta})
17 end
18 return Dlake

Prompt Design: Schema Heterogeneity

Input. Original table columns Corig and
sample rows.
Guidance. You are an expert data engi-
neer. Simulate schema heterogeneity in
a data lake by generating alternative col-
umn names for the provided table. The new
names must be semantically equivalent to
the originals but lexically different (e.g., uti-
lizing synonyms or abbreviations), while
maintaining the original column order.
Output. A JSON object containing the list
‘alternative_column_names‘.
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C Additional Experiments

C.1 Additional Reproducibility Details

(1) LLM deployment. In our evaluation, we use
API-based LLMs for the agentic reasoning pipeline
for SQL-to-question translation in MuRe data syn-
thesis. In the main experiments, the default rea-
soning backbone is deepseek-ai/DeepSeek-V3,
accessed through the Nebius AI Studio OpenAI-
compatible API. DeeoSeek-V3 is the leading
open-source LLM when doing the experiments.
Note that, during the revision of this paper, the
DeepSeek-V3 access on Nebius expired, so we
switched to OpenRouter. For backbone compari-
son, we additionally evaluate Qwen3-32B (from
Nebius) and Gemini-2.5-pro (from the official
provider) through their corresponding OpenAI-
compatible endpoints. For SQL-to-question trans-
lation, we use Gemma-family models from Nebius,
with Gemma-2-9B-it as the default setting and
smaller/larger variants used for sensitivity analysis.
(2) Retriever architecture and training. MuRe
follows a transformer-based dual-encoder design
with separate question and table encoders. Ques-
tions are truncated to 40–50 tokens, table passages
to 200–300 tokens, and the retriever is trained for
20 epochs with batch size 4, learning rate 1×10−4,
and weight decay 0.1.
(3) Inter-agent state transfer. Agents communi-
cate through a shared structured state dictionary
with fixed fields. Each agent reads the fields re-
quired by its role and writes its output back to the
same state:
{ "query", "table_names", "tables",
"selected_tables", "integration_plan",
"sql_tables", "sql", "evidence",
"evidence_sufficient", "rewritten_query",
"final_answer" }

This explicit state interface supports lazy execu-
tion, evidence verification, and retry control in the
online question answering pipeline.
(4) Context budgeting. To keep prompts within a
manageable length, we retrieve the top-K=10 candi-
date tables, select at most three for SQL generation,
and serialize only a small number of representative
rows per table (six rows drawn at random). This
ensures context length is controlled through princi-
pled table selection and row sampling, rather than
late-stage prompt truncation.

C.2 Ablation of SQL-to-Question

We evaluate the impact of the SQL-to-question
translation model used in MuRe’s synthetic data

Table 3: SQL-to-question translation model ablation on
FeTaQA. Latency and token usage are measured during
offline SQL-to-question generation, while ROUGE-L
reports downstream QA performance.

SQL-to-NL Model Avg. Latency (s) Avg. Total Tokens FeTaQA ROUGE-L

Gemma-2-2B 0.61 328.5 0.5193
Gemma-2-9B-it 0.69 305.2 0.5331
Gemma-3-27B 0.85 252.0 0.5345

Table 4: Stage-wise latency and token usage on FeTaQA
with max retries = 3 and the default backbone.

Stage Latency (s) Prompt Tokens Completion Tokens Total Tokens

Retrieval 0.37 0 0 0
Integration Planning 9.579 4863 42 4905
SQL Generation 9.367 2573 104 2677
Answer Generation 7.245 2195 31 2226

Total 26.235 9631 177 9808

construction. As shown in Table 3, smaller and
larger Gemma-family translators differ in genera-
tion cost, while the downstream FeTaQA ROUGE-
L measures how the resulting synthetic questions
affect final QA performance. We use Gemma-2-
9B-it as the default translator because it provides a
practical balance between translation quality and
offline generation cost.

C.3 Stage-wise Latency

Table 4 reports the stage-wise inference cost of Ar-
rTab on FeTaQA under the default setting. The
overall latency is 26.235 seconds, with most of the
cost coming from integration planning and SQL
generation, which take 9.579 and 9.367 seconds,
respectively. These two stages also account for
the majority of token usage, consuming 7,582 of
the 9,808 total tokens. In contrast, retrieval is
lightweight, taking only 0.37 seconds and requiring
no LLM tokens. Answer generation adds 7.245 sec-
onds and 2,226 tokens, reflecting the final evidence-
grounded reasoning step. These stage-wise results
show that overhead is primarily introduced by struc-
tured multi-agent reasoning.

C.4 MuRe Training Data Analysis

Table 5 summarizes the scale and composition of
the synthesized MuRe training corpus. The cor-
pus contains 4,420 training samples with broad
coverage of filtered aggregation queries, including
MAX, MIN, COUNT, SUM, and AVG operations.
The SQL operation counts are non-exclusive, since
a query may combine aggregation, filtering, and
join or union structures. A manual inspection of
20 sampled multi-table pairs estimates the obvious
partner-noise rate at 20.0%.
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Table 5: Summary of the synthesized MuRe training
corpus on FeTaQA.

Statistic Value

Training samples 4,420
Degenerate single-table fraction 66.2%
Distinct-1 / Distinct-2 0.0278 / 0.0891
JOIN-containing SQL 1,401 (31.7%)
UNION-containing SQL 95 (2.1%)
Aggregation ops 4,420
WHERE clauses 4,420 (100%)
Manual partner-noise estimate 4/20 (20.0%)

C.5 Case Study

We present a representative messy-context success
case. The question is: “When did Andy Karl win
the Olivier Award and for which of his work?”
Step 1: Retrieval context. The retrieved neighbor-
hood contains the correct table, 0_2275_0_Andy
Karl_Awards and nominations. It also contains
one distractor table tagged as messy because its
headers are raw cell-like values, such as 1964,
Aileen Ward, and John Keats: The Making
of a Poet. Thus, the instance is labeled messy at
the retrieval-context level, even though the target
table itself has a clear schema.
Step 2: First extraction. The integration agent se-
lects the correct Andy Karl awards table. However,
the SQL generator produces an overly restrictive
predicate due to limited context:

WHERE Award LIKE ’%Olivier%’
AND Result LIKE ’%Won%’.

The query is syntactically valid but returns an
empty result, leaving insufficient evidence for an-
swer generation.
Step 3: Verification and rewrite. The verifier de-
tects that SQL execution succeeded but the ex-
tracted evidence is empty. It rewrites the original
query as follows:

“When did Andy Karl win the Olivier
Award and for which of his work?”

into a more evidence-oriented request:

“Provide a table of Andy Karl’s Olivier
Awards, listing the award year and the
production/work for which he won, or a
table of Olivier Award winners in cate-
gories you think Andy Karl appears in.”

Step 4: Second extraction. The system re-enters
extraction over the same oracle table set. The sec-
ond SQL broadens the predicate to include alter-
native Olivier-related and winning-result matches,

Retrieval Context

clear

First Extraction (Attempt 1)

Verification Rewrite

Second Extraction (Attempt 2)

Final Answer:

0_2275_0
Andy Karl_Awards
and Nominations

0_2275_0
Andy Karl_Awards
and Nominations

SQL (narrow)

SELECT [Year], [Award], [Work], [Result], [Category]
  FROM   Andy_Karl_Awards_and_Nominations
WHERE  Award LIKE '%Olivier%' 
    AND    Result LIKE '%Won%';

"Provide a table of Andy Karl's Olivier Awards,
listing the award year and the production/work for which he won, or a table of

Olivier Award winners in categories you think Andy Karl appears in."

clear

0_827_1
Grounding 

Day (musical)

clear

0_4567_0
Theatre

Productions

messy

1964 | Aileen Ward |
John Keats: The

Making of a Poet | ...

0_2275_0
Andy Karl_Awards
and Nominations

Selected Table

SQL (broader)

SELECT [Year], [Award], [Work], [Result], [Category]
  FROM  Andy_Karl_Awards_and_Nominations
WHERE Award LIKE '%Olivier%'
     OR    Award LIKE '%Olivier Award%'
     OR    Result LIKE '%Won%';

Assets

Year Award Work Result Category

2017 Olivier Award Groundhog Day Won Best Actor in  ...

2006 Olivier Award Merrily We ... Nominated Best Actor in  ...

2004 Olivier Award Saturday ...  Nominated Best Actor in  ...

2010 Olivier Award Rock of Ages Nominated Best Actor in  ...

Selected Table
(reuse)

Execution Result

AssetsYear Award Work Result Category

Execution Result

(no rows)

4 * 5 (non-empty)

0 * 5 (empty)

Andy Karl won the Olivier Award in 2017 for Groundhog Day
(Laurence Olivier Award for Best Actor in Musical). 

Question:  When did Andy Karl win the Olivier Award and for which of his work? 

Figure 6: Verification-guided recovery in the Andy Karl
messy-context case. The verifier detects that the first
SQL execution is valid but insufficient, rewrites the
query, and enables a broader second extraction that ex-
poses answer-bearing rows.

rather than requiring both conditions simultane-
ously. This revised extraction returns non-empty
answer-bearing rows.
Step 5: Final answer. Given the recovered evi-
dence, the answer agent produces the grounded
answer that Andy Karl won in 2017 for Groundhog
Day, with the category identified as the Laurence
Olivier Award for Best Actor in a Musical. This
case shows that verification helps by repairing in-
sufficient evidence through broader second-pass
extraction, rather than by retrieving new tables.

D LLM Usage

To enhance clarity and readability, we use
LLMs as general-purpose writing assistants during
manuscript polishing. Specifically, after drafting
the manuscript ourselves, we use LLMs to: 1) sug-
gest alternative phrasing to reduce repetitiveness
while maintaining consistency; 2) check consis-
tency in tense, notation, and other grammatical
aspects; and 3) recommend more standard termi-
nology or abbreviations where appropriate. We
carefully reviewed and edited all LLM-generated
text to ensure accuracy and faithfulness, and no
text was incorporated without verification by the
authors. LLMs were not used for research ideation,
experimental design, or data analysis. All technical
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claims, equations, proofs, and conclusions were
written and verified by the authors. We take full
responsibility for the content of this paper.
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