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Abstract

We present a novel approach for claim verifi-
cation from tabular data documents. Recent
LLM-based approaches either employ complex
pretraining/fine-tuning or decompose verifica-
tion into subtasks, often lacking comprehensive
explanations and generalizability. To address
these limitations, we propose a Multi-Agentic
framework for Claim vErification (MACE) con-
sisting of three specialized agents: Planner, Ex-
ecutor, and Verifier. Instead of elaborate fine-
tuning, each agent employs a zero-shot Chain-
of-Thought setup to perform its tasks. MACE
produces interpretable verification traces, with
the Planner generating explicit reasoning strate-
gies, the Executor providing detailed computa-
tion steps, and the Verifier validating the logic.
Experiments demonstrate that MACE achieves
state-of-the-art (SOTA) performance on two
datasets and performs on par with the best mod-
els on two others, while achieving 80–100%
of best performance with substantially smaller
models: 27–92B parameters versus 235B. This
combination of competitive performance, mem-
ory efficiency, and transparent reasoning high-
lights our framework’s effectiveness.1

1 Introduction

Claim verification from tabular data documents
is a critical task in Natural Language Processing,
driven by the need to combat misinformation in
domains where factual information is often stored
in structured tables. Tables, embedded within doc-
uments such as scientific papers, financial reports,
and corporate sustainability disclosures, serve as
concise representations of complex information,
making them pivotal for verifying claims about nu-
merical, categorical, or relational data. Documents
may contain contextual paragraphs alongside ta-
bles. As organizations increasingly rely on tabular

1Our code is available at
https://github.com/rudra0713/
Claim-Verification-using-Multi-Agent-Architecture.

data to communicate key metrics, accurate claim
verification against these sources is critical to en-
sure trust and accountability. Formally, the task
takes a claim and evidence (tables/paragraphs) as
input, outputting a verdict (“support,” “refute,” or
“not enough info”) with reasoning. Throughout
this paper, we use ‘evidence’ to refer to tables and
paragraphs. This task spans closed-domain (Wu
and Feng, 2024; Lu et al., 2024) (claims paired
with specific tables) and open-domain (Zhao et al.,
2024c; Gu et al., 2022b) (claims paired with doc-
ument corpora, with models having to retrieve rel-
evant tables from the corpora) settings. Table 1
shows an example from a mining company’s sus-
tainability report. For claim ‘Reused/recycled wa-
ter made up 55.82% of all operational water use
across all years’, Table 1 provides supporting ev-
idence (detailed analysis in Section 3). Despite
recent advancements, claim verification from tab-
ular data documents faces challenges that include
diverse table structures and the need for sophis-
ticated reasoning to integrate tabular and textual
evidence. For instance, verifying this claim re-
quires: identifying relevant rows based on scope
(“All Operations” vs “Mining Operations”), under-
standing hierarchical structure (rows 2–6 under row
1), selecting data rows (5–6 for reused/recycled wa-
ter and operational use), extracting values across
years (2017–2023), and determining operation se-
quence (summation then percentage) to validate
55.82%. Additionally, open-domain retrieval, gen-
erating explainable outcomes, and generalizabil-
ity across domains remain significant challenges
(Gupta et al., 2022). To address these challenges,
we propose (MACE), a novel, prompt-based ap-
proach that avoids elaborate pre-training and fine-
tuning. MACE comprises three specialized agents:
(i) Planner–devises reasoning strategies, (ii) Execu-
tor– implements the plan and performs verification,
and (iii) Verifier–validates output for consistency
and correctness. This design enables effective col-
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Row No. 2023 2022 2021 2020 2019 2018 2017

1 All Operations
2 Water withdrawal(2) 145,770 117,327 117,262 118,284 127,018 128,146 115,368
... ... ... ... ... ... ... ...
5 Water reused/recycled 168,358 134,131 138,812 157,641 148,914 174,688 176,563
6 Operational water use(4) 315,784 250,449 256,074 275,925 275,931 302,835 291,931

7 Mining Operations
8 Water withdrawal(2) 72,645 47,701 45,222 47,739 51,954 60,003 44,225
... ... ... ... ... ... ... ...
12 Water reused/recycled 168,358 134,131 138,812 157,641 148,914 174,688 176,563
13 Operational water use(4) 242,687 180,823 184,034 205,381 200,867 234,691 220,788

Table 1: Water Metrics in Megalitres (ML)(1). (2) Water withdrawal is water that enters the operational water
system and is used to supply the operational water demands. ... (4) Total water use is the sum of water withdrawals
and water reused/recycled. Row No. column is added only for illustrative purposes.

laboration among agents while maintaining inter-
pretability. A key innovation is our feedback loop
mechanism: the Executor can request plan revi-
sions from the Planner when encountering ambigu-
ities, and the Verifier can request corrections from
the Executor when detecting inconsistencies, pre-
venting error propagation. Our framework achieves
SOTA performance on two closed-domain datasets
and matches the best models on two open-domain
datasets, demonstrating its versatility in both claim
verification settings. Smaller configurations (27–
92B parameters) achieve 80–96% of 235B model
performance using 11.5–39.1% memory, offering
compelling performance-memory tradeoffs with
step-by-step explainability that details the selected
rows, columns, cells, and mathematical operations
performed.

2 Related Work

Prior works address claim verification through
three main approaches: pre-training, fine-tuning,
and prompt engineering.
Pre-training and Fine-tuning Approaches. Re-
cent advances include TableGPT2 (Su et al., 2024),
trained on 593.8K tables for schema and cell-level
information, and TableRAG (Chen et al., 2024),
using retrieval-augmented generation for large ta-
ble context limitations. Fine-tuning methods like
TAT (Zhu et al., 2024) decompose reasoning into
extraction, reasoning, and execution steps; ProTrix
(Wu and Feng, 2024) employs a Plan-then-Reason
framework for diverse table queries.
Claim Verification from Tabular Data. FinDVer
(Zhao et al., 2024c) focuses on claim verification
over financial documents, and shows that even mod-
els like GPT-4o underperform human experts in nu-
merical reasoning. TART (Lu et al., 2024) bridges

program-based precision and chain-of-thought ex-
plainability by integrating LLMs with specialized
tools, achieving SOTA performance on SciTab (Lu
et al., 2023) and PubHT (Akhtar et al., 2022) bench-
marks. For open-domain, OpenTab (Kong et al.,
2024) combines BM25 retrieval with SQL gener-
ation; GraphOTTER (Li et al., 2024) transforms
tables into graph representations, effective for ta-
bles with merged cells and nested structures.

Agentic and Tool-Augmented Fact-Checking. A
parallel line of work applies agentic LLM systems
to fact-checking. PACAR (Zhao et al., 2024a) is
the closest to MACE in structure, using a claim
decomposer, a planner, an executor, and a verifier,
with tailored actions such as numerical reasoning.
LoCal (Ma et al., 2025) combines a decomposing
agent with several reasoning agents and two evalu-
ating agents, one checking whether the solution is
logically equivalent to the claim and the other test-
ing whether it still holds under the counterfactual
label. FacTool (Chern et al., 2023) detects factual
errors in generated text across four tasks, including
knowledge-based QA and mathematical reasoning.
MATA (Hyeon et al., 2026) is closer to our data
setting. It answers questions over tables by generat-
ing candidates along several reasoning paths, then
picking among them using small language models
as tools.

Despite this progress, several challenges persist.
Many approaches rely on proprietary large mod-
els like GPT-3/4 (Zhao et al., 2024c; Lu et al.,
2024), requiring substantial resources and hinder-
ing reproducibility. Fine-tuned models excel on
specific datasets but struggle to generalize across
diverse table formats and domains, while resource-
intensive methods limit practicality. Furthermore,
unidirectional task decomposition techniques (Ye
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et al., 2023; Zhao et al., 2024b) are prone to er-
ror propagation, while SQL generation methods
face difficulties with complex header hierarchies
(Li et al., 2024). The agentic frameworks discussed
above are evaluated exclusively on textual evidence.
PACAR and LoCal report results on FEVEROUS
under a filtered setting that retains only claims
verifiable from sentence evidence, thereby exclud-
ing its table-based claims, and none of FacTool’s
four tasks involves tables. MATA operates over
tables but addresses question answering, return-
ing extractive answers evaluated by exact match,
fuzzy matching, and F1 rather than verdicts over ev-
idence. In contrast, our MACE framework incorpo-
rates feedback loops enabling iterative refinement,
revision requests when detecting inconsistencies,
mitigating error propagation.

3 Methodology

MACE is implemented using the AutoGen li-
brary (Wu et al., 2023) and it functions as a struc-
tured, constrained group-chat system where agents
collaborate in a predefined sequence to verify
claims against tabular data documents (Figure 1).
It comprises four agents: User agent provides
the claim and evidence; Planner agent designs a
step-by-step verification strategy; Executor agent
implements the plan and produces a provisional
verdict; and Verifier agent evaluates the output
for consistency and correctness. The group-chat
operates through constrained speaker transitions
managed by a custom selection function, follow-
ing: User → Planner → Executor → Verifier →
User. The framework incorporates a revision mech-
anism enabling the Executor to request plan revi-
sions from the Planner, and the Verifier to request
corrections from the Executor—a key advantage
over unidirectional pipelines where errors prop-
agate through subsequent stages. Each agent is
configured with detailed system messages but op-
erates in zero-shot mode. The framework supports
closed-domain (claims paired with specific tables)
as well as open-domain (adding a retrieval mod-
ule before Planner for retrieving relevant evidence
from corpora) settings. Throughout this section, all
examples illustrate the verification process for the
claim ‘Reused/recycled water made up 55.82% of
all operational water use across all years’ using
data from Table 1.

3.1 Planner Agent

The Planner (Figure 1) receives the claim and evi-
dence from the User agent, then devises an action
plan for verification. It breaks down the verification
task into explicit, actionable steps that the Executor
can follow without ambiguity. The agent addresses
several critical challenges: First, it pays attention
to negation words such as "not", "no", "without",
"does not", etc., which can drastically alter claim
meaning and must be reflected in the verification
strategy. Second, it resolves ambiguous descriptors
(e.g., "significant," "outperform," "large margin")
through quantitative thresholds based on context or
domain norms. Third, it manages compound claims
by identifying parts that need verification and deter-
mining dependencies between them. The Planner
produces an <explanation> (identifying key claim
components, relevant table columns/rows, and com-
parisons) and a <plan> (instructions for data ex-
traction, computation, and comparison). Figure
2(left) shows an action plan snippet generated by
the Planner (see Figure 3 for the complete plan),
which correctly identifies the necessary rows, math-
ematical operations, and the verification threshold.

3.2 Executor Agent

The Executor (Figure 1) receives the Planner’s ac-
tion plan and retrieves the original claim and ev-
idence from group-chat history, then implements
the plan with explicit reasoning traces through nec-
essary computations. The agent executes each step
while addressing several verification challenges.
For verdict determination, it distinguishes between
three outcomes: "support" when the table provides
clear evidence backing the claim, "refute" when
evidence contradicts the claim or the main compo-
nent of a compound claim fails, and "not enough
info" when required data is absent. The agent han-
dles compound claims by treating the main point as
decisive without forcing "refute" verdicts for aux-
iliary unverifiable details. It performs directional
and numeric checks, attending to trend directions
(increase vs decrease) and accepting approximate
matches within a reasonable tolerance. For ambigu-
ous terms, the Executor tests multiple reasonable
interpretations and documents all results. When the
instructions are unclear, the Executor outputs "re-
vise" instead of a verdict, requesting clarification.
The Executor produces <explanation> (execution
trace showing data extraction, computations, and
reasoning), a final verdict (a single line contain-
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Figure 1: Overview of the MACE framework. Black solid arrows indicate the standard workflow sequence among
agents. Black dashed arrows represent feedback loops; Red arrows show the Group Chat agent monitoring all agents.
Blue dashed arrows indicate the final verdict return path from the Verifier to the User agent.

Steps for the Executor: These steps are pro-
vided by the Planner for the Executor to per-
form.
1. Identify relevant data rows - extract "Water
reused/recycled" and "Operational water use(4)"
for "All Operations" (2023–2017) (rows 5 and 6
of Table 1).

2. Compute yearly percentages and the overall
percentage.

3. Compare the overall percentage to 55.82%.

4. Return "support" if the computed percentage
is 55.82% (or very close, e.g., rounding to two
decimal places), otherwise "refute."

Results from the Executor agent: Action plan
performed by the Executor agent.

1. Extract "Water reused/recycled" for All Op-
erations (2017-2023)- 2017: 176563 ML, ...,
2023: 168358 ML, Total Reused/Recycled =
176563 + ... + 168358 = 1,099,107 ML. (rows
5 and 6 of Table 1).
2. Extract ‘Operational water use(4)’ for All
Operations (2017-2023)- ... = 1,968,929 ML
3. Compute overall percentage:
(1, 999, 107/1, 968, 929)× 100 = 55.82%
4. Compare with claimed percentage (55.82%):
the computed percentage (55.82%) matches the
claimed percentage exactly. Support.

Figure 2: Snippets of the action plan generated by the Planner agent (left) and execution results from the Executor
agent (right). Text in italic and colored blue are added for illustration purposes only.

ing "support," "refute," or "not enough info"), or
"revise" with explanation when the plan requires
clarification. Figure 2(right) shows an execution
trace snippet (see Figure 4 for the complete trace),
which accurately extracts the relevant cells from
Table 1, performs the calculations correctly, and
arrives at the appropriate verdict.

3.3 Verifier Agent

The Verifier agent (Figure 1) receives the Execu-
tor’s explanation and provisional verdict, then au-
dits the output for correctness and consistency be-
fore finalization. It acts as a quality control mecha-
nism, catching errors before final verdict submis-
sion and preventing invalid outputs from reaching
end users—unlike pipelines processing data with-
out validation. The agent checks logical coherence
between explanation and verdict, ensuring reason-
ing faithfully supports the decision, then follows
two pathways: approve if reasoning and decision

are sound, or output "revise" if errors, omissions,
or inconsistencies exist. The system terminates
when the Verifier issues a final verdict. Output
includes <explanation> (validation reasoning ex-
amining consistency and correctness), final ver-
dict ("support," "refute," or "not enough info" if
approved), or "revise" with correction requests.

4 Experiment

We evaluate MACE on two key questions: (1) How
does MACE perform compared to single-model
approaches across model sizes, agent configura-
tions, and resource (memory, runtime)? (2) How
does MACE compare against SOTA baselines in
both closed- and open-domain settings? We orga-
nize this section as follows: Section 4.1 describes
datasets, 4.2 details implementation, 4.3 analyzes
MACE configurations and resource efficiency, and
4.4 compares against baselines.
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Setting Dataset Tables Claims Labels Key Characteristics

Closed SciTab (Lu et al., 2023) 213 1,224 3-way Claims from scientific publications
SEM-TAB-FACTS (Wang et al., 2021) 2,961 653 3-way Scientific tables, complex reasoning

Open

FinDVer (Zhao et al., 2024c)

2-way Long, hybrid-content financial
documents

- Testmini 517 700
- Test 1,262 1,700

SciTab-OD 213 868 2-way Open-domain version of SciTab

Table 2: Evaluation datasets for claim verification. Labels: 3-way (support/refute/not enough info), 2-way
(support/refute). For brevity, we refer to SEM-TAB-FACTS, Testmini, and Test as SemTab, TM, and T.

4.1 Evaluation Datasets

We evaluate MACE across two verification settings:
closed-domain and open-domain. Table 2 summa-
rizes the datasets.
SciTab-OD Dataset Creation. We created
an open-domain version of the SciTab dataset
(SciTab-OD) using retrieval-augmented genera-
tion. Whereas SciTab (Lu et al., 2023) pairs each
claim with one specific table, we drop that pairing.
A system must therefore identify the relevant ta-
ble among all tables in the dataset, which yields
the open-domain setting. Following (Zhao et al.,
2024c), we use only support/refute claims, reduc-
ing the original 1,224 claims to 868 while retaining
all 213 tables. We introduce no new claims and no
new annotations; SciTab-OD therefore inherits its
labels from SciTab.
Retrieval Mechanism. Since retrieval is not our
primary focus, we adopt existing strategies. For
FinDVer, Zhao et al. (2024c) compared three re-
trievers: BM25 (Robertson et al., 1995), Con-
triever (Izacard et al., 2022), and OpenAI’s text-
embedding-3 across retrieval sizes k = 3, 5, 10,
finding text-embedding-3 with k = 10 optimal.
We adopt this configuration, achieving 67.91% and
69.53% recall for evidence retrieval on Testmini
and Test sets. For SciTab-OD, we retrieve top-2
tables using text-embedding-3, achieving 68.43%
recall.
Evaluation Metrics. To ensure fair comparison
with prior works, we adopt the original metrics pub-
lished with the datasets: Macro F1 for SciTab and
SciTab-OD, Micro F1 for SemTab, and Accuracy
for FinDVer, enabling direct baseline comparison.

4.2 Implementation Details

We evaluate MACE using 4 Together.ai models at
different scales: small (<70B: Mistral-7B, LLama-
8B), medium (70-200B: Qwen-72B), large (>200B:
Qwen-235B), assigned in different combinations to
agents. GPT-20B serves as the Verifier in some

configurations to evaluate independent verifica-
tion. For brevity, we refer to Mistral-7B as Mt-7B,
LLama-8B as Ll-8B, Qwen-72B as Qw-72B, and
Qwen-235B as Qw-235B. Each agent uses a 2000-
second timeout, 3 retry attempts, temperature 0 for
deterministic outputs, and 1500 maximum output
tokens. Maximum conversation rounds is set to
8. We handle 2-class (open-domain) and 3-class
(closed-domain) classification by adjusting agent
prompts. For baselines, we use zero-shot prompts
from Lu et al. (2023) and Zhao et al. (2024c) for
closed and open-domain, respectively. System mes-
sages are in Appendix Figures 5–8 (closed-domain)
and 9–12 (open-domain). For closed-domain, ta-
bles are converted to HTML format. For open-
domain, we use the retrieval results directly as pro-
vided by the respective retrieval systems.

4.3 Performance Analysis of Multi-Agent
Configuration

We assess MACE across five distinct setups for each
model: single-model inference (i) with Chain-of-
Thought prompting (w COT), and (ii) without COT
(wo COT), and three MACE variants including: (iii)
two-agent configuration with Planner and Execu-
tor both using the same model m (MACE Pm +
Em), where we remove the Verifier module and the
Executor returns the final verdict directly to the
User Agent; notice that it makes this setup serve
as an ablation of the feedback loop, since the loop
runs between Executor and Verifier and disappears
along with the Verifier; three-agent configuration
where (iv) all agents use the same model m (MACE

Pm + Em + Vm); and (v) Planner and Executor use
model m while Verifier uses GPT-20B, denoted
as m′ (MACE Pm + Em + Vm′). We introduce
the fifth variant to investigate whether MACE ben-
efits more from using the same model across all
agents or from employing a different model as the
Verifier. Comparing setups (iii) and (iv) therefore
isolates the contribution of the Verifier and its feed-
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Model Configurations Closed-Domain Open-Domain

Model Configuration SciTab SemTab FinDVer-TM FinDVer-T SciTab-OD
(Macro F1) (Micro F1) (Accuracy) (Accuracy) (Macro F1)

Mt-7B

w COT 0.49 0.48 0.56 0.55 0.65
wo COT 0.40 0.41 0.52 0.53 0.58
MACE (Pm + Em) 0.34 0.26 0.52 0.51 0.50
MACE (Pm + Em + Vm) 0.23 0.27 0.51 0.50 0.52
MACE (Pm + Em + Vm′ ) 0.58 0.74 0.64 0.65 0.60

Ll-8B

w COT 0.53 0.76 0.71 0.70 0.56
wo COT 0.44 0.56 0.63 0.63 0.59
MACE (Pm + Em) 0.46 0.58 0.63 0.62 0.60
MACE (Pm + Em + Vm) 0.45 0.60 0.62 0.61 0.53
MACE (Pm + Em + Vm′ ) 0.65 0.86 0.68 0.71 0.66

Qw-72B

w COT 0.62 0.87 0.75 0.77 0.72
wo COT 0.68 0.80 0.73 0.72 0.69
MACE (Pm + Em) 0.63 0.87 0.75 0.73 0.70
MACE (Pm + Em + Vm) 0.64 0.87 0.75 0.74 0.71
MACE (Pm + Em + Vm′ ) 0.67 0.89 0.72 0.72 0.66

Qw-235B

w COT 0.73 0.89 0.76 0.74 0.74
wo COT 0.70 0.84 0.72 0.73 0.68
MACE (Pm + Em) 0.71 0.90 0.76 0.76 0.75
MACE (Pm + Em + Vm) 0.71 0.89 0.75 0.76 0.76
MACE (Pm + Em + Vm′ ) 0.71 0.89 0.71 0.73 0.73

Table 3: Performance comparison of different model configurations across closed-domain and open-domain datasets.
P: Planner, E: Executor, V: Verifier, m′: GPT-20B. For each dataset, bold indicates best performance and underline
indicates second-best performance across each model.

back loop. We do not ablate the Executor further,
since only the Planner would remain and no ver-
dict could be produced. During early development,
we also evaluated a Verifier restricted to approving
or rejecting the Executor’s verdict without issuing
revision requests. This variant yielded no substan-
tial improvement over setup (iii), indicating that
the Verifier contributes primarily by triggering re-
visions rather than by merely adding an additional
inference pass. Table 3 presents the results across
two closed and two open-domain datasets. Fol-
lowing Zhao et al. (2024c), we employ GPT-4o
to extract the final verdict from model outputs in
the w COT and wo COT setups. In contrast, no
MACE variants require GPT-4o post-processing,
as the structured agent framework ensures explicit
verdict formatting.

4.3.1 Closed-Domain Performance
MACE demonstrates remarkable gains for smaller
models: Mt-7B improves from 0.49 to 0.58 on Sc-
iTab (18.4%) and from 0.48 to 0.74 on SemTab
(54.2%), while Ll-8B improves from 0.53 to 0.65
on SciTab (22.6%) and from 0.76 to 0.86 on
SemTab (13.2%). Medium and large models show
more modest improvements: Qw-72B achieves
0.67 on SciTab (slightly below wo COT) and 0.89

on SemTab (2.30% improvement), while Qw-235B
reaches 0.71 on SciTab (vs 0.73 with COT) and
0.90 on SemTab (vs 0.89 with COT). This reveals
that structured collaboration compensates for indi-
vidual limitations in smaller models, allowing them
to approach larger model capabilities, while larger
models with strong reasoning see diminishing re-
turns from coordination overhead.

This pattern follows from the stage at which
verification errors arise. Under the w COT and
wo COT setups, a single model must identify the
relevant rows and columns, perform the required
computation, and commit to a verdict within one
inference pass. Intermediate errors therefore go un-
detected. MACE distributes these responsibilities
across agents, allowing the Executor to return an
inadequate plan to the Planner and the Verifier to
reject a computation or a verdict unsupported by
the accompanying reasoning. Smaller models com-
mit such errors at a higher rate, and decomposing
the task into independently verifiable stages recov-
ers a substantial portion of them. Larger models
incur fewer errors in a single pass, which limits the
improvement arising from additional structure.

4.3.2 Open-Domain Performance
For smaller models, MACE with independent ver-
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ifier (Pm + Em + Vm′) provides substantial ben-
efits: Mt-7B improves from 0.56 to 0.64-0.65 on
FinDVer (14.3-18.2%) though it declines to 0.60 on
SciTab-OD (vs 0.65 w COT), while Ll-8B achieves
0.68-0.71 on FinDVer and 0.66 on SciTab-OD
(17.9% improvement over 0.56 w COT). Notably,
MACE configurations without independent verifier
underperform significantly: on SciTab-OD, Mt-
7B achieves only 0.50-0.52 (vs 0.60 with indepen-
dent verifier), and on FinDVer-TM, Ll-8B reaches
only 0.63 (vs 0.68 with independent verifier). For
medium and large models, patterns shift: Qw-72B
performs best with simple w COT on both FinD-
Ver variants (0.75-0.77 vs MACE’s 0.72-0.75) and
SciTab-OD (0.72 vs 0.71), with the GPT-20B veri-
fier configuration achieving only 0.66. Qw-235B
with two-agent (Pm+Em) achieving 0.76 on FinD-
Ver and same-model three-agent (Pm +Em + Vm)
reaching 0.76 on SciTab-OD, while the GPT-20B
verifier variant consistently underperforms (0.71-
0.73). These results demonstrate that verifier se-
lection should be adapted to base model capabili-
ties: the GPT-20B verifier provides the most bene-
fit for small models but for medium-large models,
maintaining reasoning consistency within the same
model family is more important than leveraging an
independent verifier.

4.3.3 Memory Efficiency Analysis
Memory footprint depends on configuration. Same-
model (Pm+Em+Vm) requires one instance (e.g.,
Qw-72B: 72B parameters). Independent verifier
(Pm + Em + Vm′) requires both (e.g., Mt-7B +
GPT-20B = 27B). Table 4 compares these configu-
rations against Qw-235B baseline and shows that
smaller configurations achieve compelling perfor-
mance with dramatically reduced memory. Config-
urations with 27–92B parameters reach 79.5–100%
of Qw-235B’s performance while consuming only
11.5–39.1% of the memory. Notably, despite be-
ing nearly 30× smaller than Qw-235B, Ll-8B with
MACE achieves 89.0% of the large model’s per-
formance on SciTab and 95.6% on SemTab, while
Mt-7B reaches 79.5% and 83.1% respectively. On
open-domain datasets, similar patterns emerge: Ll-
8B (28B parameters) reaches 86.8–93.4% of Qw-
235B’s performance on SciTab-OD and FinDVer
while consuming only 11.9% of the memory. These
findings democratize high-quality claim verifica-
tion, enabling deployment on hardware that is un-
able to support large models and allowing multiple
simultaneous instances for increased throughput.

4.3.4 Runtime Analysis

While MACE achieves strong performance with
reduced memory, practical deployment requires
analysis of execution time. Multi-agent coordi-
nation introduces overhead compared to a single-
model inference. We investigate two questions for
300 claims: (1) How does MACE runtime com-
pare to single-model COT? (2) How does memory-
efficient MACE compare to the best-performing
model?
Same-Model Comparison. Table 5 (top) com-
pares single-model COT against MACE with inde-
pendent verifier (Pm + Em + Vm′). For Mt-7B,
MACE takes 27.5× longer on SciTab (110 vs. 4
minutes) and 11.8× longer on SciTab-OD (141
vs. 12 minutes). This overhead reflects the cost
of sequential agent processing with potential revi-
sion rounds. For Qw-72B, the overhead is lower:
5.3× on SciTab (123 vs. 23 minutes) and 1.7×
on SciTab-OD (106 vs. 62 minutes). The perfor-
mance gains justify these overheads. On SciTab,
Mt-7B MACE achieves 0.58 Macro F1 versus 0.49
with COT (18.4% improvement). Qw-72B MACE

reaches 0.67 versus 0.62 with COT (8.1% improve-
ment). For scenarios prioritizing accuracy over
latency, these tradeoffs are compelling.
Memory-Efficient Configuration versus Large
Model. We compare Ll-8B MACE (Pm + Em +
Vm′) against Qw-235B with COT. Table 5(bottom)
shows runtime across two closed-domain datasets.
The comparison reveals 2.21–2.71× longer execu-
tion time than Qw-235B COT, averaging 2.46×
overhead. Despite this overhead, the memory-
efficient configuration achieves 0.86 on SemTab,
reaching 95.6% of Qw-235B’s performance (0.90)
with 28B versus 235B parameters. With less than
2.8× runtime increase, the system reaches within
4.4% performance of the larger model, using only
11% memory, enabling competitive verification in
memory-constrained environments where deploy-
ing large models is infeasible.

4.4 Comparison against Baselines

We compare MACE against SOTA baselines across
closed and open-domain datasets, including fine-
tuning, pipeline-based, ensemble systems, and
LLMs (baseline details are in Appendix A). We re-
strict our comparison to methods that verify claims
against tabular evidence, and therefore exclude the
agentic frameworks of Section 2, which either tar-
get text-only evidence or address table question
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Config. Total Memory Perf. vs 235B
Params vs 235B SciTab SemTab

Qw-235B (baseline) 235B 100% 100% 100%

Same-model verifier:
Qw-72B 72B 30.6% 87.7% 97.8%

Independent verifier:
Mt-7B 27B 11.5% 79.5% 83.1%
Ll-8B 28B 11.9% 89.0% 96.6%
Qw-72B 92B 39.1% 91.8% 100%

Table 4: Memory efficiency analysis for closed-domain datasets.
All performance (Perf.) percentages are relative to Qw-235B w
COT (0.73 on SciTab, 0.89 on SemTab).

Config. SciTab SciTab-OD

Mt-7B w COT 4 12
Mt-7B MACE 110 141

Qw-72B w COT 23 62
Qw-72B MACE 123 106

Config. SciTab SemTab

Qw-235B w COT 55.07 42.13
Ll-8B (MACE) 121.83 114.25

Runtime Ratio 2.21× 2.71×

Table 5: Runtime (minutes) comparison for 300
claims; (top) same-model and (bottom) memory-
efficient vs. large model (Qw-235B).

answering rather than verification.

4.4.1 Closed-Domain Datasets

Method Macro F1
PASTA + 0.33
ProTrix ++ 0.43
TART (GPT-4)∗ 0.64
Alpaca-7B† 0.29
Vicuna (13B)† 0.35
Ll-13B† 0.33
InstructGPT† 0.42
InstructGPT + COT† 0.43
GPT-4† 0.65
GPT-4 + COT† 0.63
MACE (Mt-7B, Pm + Em + Vm′ ) 0.58
MACE (Ll-8B, Pm + Em + Vm′ ) 0.65
MACE (Qw-72B, Pm + Em + Vm′ ) 0.67
MACE (Qw-235B, Pm + Em + Vm′ ) 0.71

Table 6: Macro F1 on SciTab dataset. Models marked
with †, ∗, and ++ are sourced from Lu et al. (2023),
Lu et al. (2024) and Wu and Feng (2024) respectively;
PASTA + is from executing Gu et al. (2022a).

SciTab Dataset. Table 6 compares MACE

against pipeline-based approaches (PASTA, Pro-
Trix, TART) and various LLMs. MACE achieves
SOTA performance (0.71 Macro F1) without pre-
training or fine-tuning, substantially outperform-
ing all pipeline approaches, open-source models
(Vicuna-13B) and closed-source models (GPT-4).
Even smaller MACE configurations demonstrate
strong performance: Ll-8B matches GPT-4 at 0.65,
while Mt-7B achieves 0.58, outperforming Instruct-
GPT + COT (0.43).
SemTab Dataset. Table 7 compares MACE

against SemEval-2021 Task 9 competition winners
and fine-tuned models. Mt-7B MACE achieves
0.74, already competitive with many fine-tuned
baselines despite being a smaller model. Ll-8B
MACE reaches 0.86, surpassing the previous SOTA
King001 by 1.18%. Qw-72B MACE achieves 0.89,

Method Micro F1
sattiy† 0.77
RyanStark† 0.82
THiFly-Queen† 0.84
King001† 0.85
Volta∗ 0.74
Tapas∗ 0.75
Tapex∗ 0.76
LKA∗ 0.79
DeBERTaV3∗ 0.79
PASTA∗ 0.84
MACE (Mt-7B, Pm + Em + Vm′ ) 0.74
MACE (Ll-8B, Pm + Em + Vm′ ) 0.86
MACE (Qw-72B, Pm + Em + Vm′ ) 0.89
MACE (Qw-235B, Pm + Em) 0.90

Table 7: Micro F1 on SemTab dataset. Models marked
with † are the best performing according to Wang et al.
(2021); those with ∗ are sourced from Gu et al. (2022a).

outperforming all competing baselines. The largest
configuration, Qw-235B MACE achieves the best
overall performance at 0.90.

4.4.2 Open Domain Datasets

Accuracy
Method TM T
DeepSeek-V2-Lite 0.60 0.58
Qwen-2.5 0.72 0.70
Llama-3.1 70B 0.75 0.75
Qwen-2.5 72B 0.76 0.75
Mistral-Large 123B 0.75 0.76
Claude-3.5-Sonnet 0.73 0.70
Gemini-1.5-Pro 0.71 0.73
GPT-4o 0.75 0.76
MACE (Mt-7B, Pm+Em+Vm′ ) 0.64 0.65
MACE (Ll-8B, Pm +Em +Vm′ ) 0.68 0.71
MACE (Qw-72B, Pm+Em+Vm) 0.75 0.74
MACE (Qw-235B, Pm + Em) 0.76 0.76

Table 8: Accuracy on FinDVer dataset. All baseline
models are sourced from Zhao et al. (2024c).

FinDVer Dataset. Table 8 compares MACE

against open and closed-source models on FinD-
Ver. MACE achieves SOTA performance on both
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TM and T splits with Qw-235B (Pm +Em) reach-
ing 0.76 accuracy, matching the best baseline re-
sults. Qw-72B (Pm + Em + Vm) achieves 0.75
on TM, matching the performance of larger base-
lines (Mistral-Large 123B, GPT-4o). Even smaller
configurations show competitive results: Mt-7B
(Pm + Em + Vm′) reaches 0.64-0.65, outperform-
ing DeepSeek-V2-Lite (0.60, 0.58), while Ll-8B
(Pm+Em+Vm′) achieves 0.68-0.71, approaching
the performance of Qwen-2.5 (0.72, 0.70).

Macro F1
Method w COT wo COT
Llama-3B 0.57 0.37
Mistral-7B 0.65 0.58
Llama-8B 0.56 0.59
Gemma-12B 0.68 0.64
Llama-70B 0.74 0.65
DeepSeek-70B 0.72 0.73
Qwen-72B 0.72 0.69
Qwen-235B 0.74 0.68
Llama-400B 0.77 0.73
DeepSeek-V3.1 0.74 0.56
GPT-4o 0.71 0.60
Claude-3.5-Sonnet 0.71 0.71
MACE (Mt-7B, Pm + Em + Vm′ ) 0.60
MACE (Ll-8B, Pm + Em + Vm′ ) 0.66
MACE (Qw-72B, Pm +Em +Vm) 0.71
MACE (Qw-235B, Pm+Em+Vm) 0.76

Table 9: Macro F1 on SciTab-OD dataset.

SciTab-OD Dataset. Table 9 compares MACE

with baseline models on SciTab-OD. Qw-235B
(Pm + Em + Vm) achieves 0.76 Macro F1, out-
performing prominent models GPT-4o and Claude-
3.5-Sonnet by 7.04%. While the largest base-
line Llama-400B reaches 0.77, MACE achieves
98.70% of this performance using only 235B pa-
rameters, demonstrating superior parameter effi-
ciency. Ll-8B (Pm + Em + Vm′) reaches 0.66,
substantially outperforming comparably sized base-
lines (Llama-8B, Mistral-7B), and approaching the
performance of larger Gemma-12B (0.68 w COT).
Across both open-domain datasets, these results
show that strategic agent coordination enables com-
petitive performance while handling hybrid content
of tables and paragraphs effectively.

4.4.3 Error Analysis
Error analysis across open-domain datasets reveals
three misinterpretation patterns when using an in-
dependent verifier: (1) over-strict compound claim,
(2) inexact numerical matches and (3) compara-
tive terms like "outperform" requiring strict domi-
nance. Model-specific patterns emerge: small mod-
els (Mt-7B) struggle with retrieval-induced ambi-

guity, while large models (Qw-235B) benefit from
same-model verifiers that maintain reasoning con-
sistency. In contrast, independent GPT-20B veri-
fiers lack domain knowledge present in large base
models, causing verification errors. This explains
why same-model configurations outperform inde-
pendent verifiers for large models (details in Ap-
pendix B).

5 Conclusion & Future Work

We introduce MACE, a multi-agent framework for
claim verification from tabular data documents
with three specialized agents—Planner, Executor,
and Verifier. Using only prompt-based reasoning,
MACE achieves SOTA performance on SciTab and
SemTab and matches the best performance on two
other datasets, while enabling smaller configura-
tions to approach best-model performance with
substantial memory savings. Future work includes
incorporating specialized agents for mathematical
reasoning and implementing feedback loops be-
tween NEI predictions and retrieval.

6 Limitations

While MACE demonstrates strong performance
across diverse model sizes and datasets, the multi-
agent coordination introduces computational over-
head, with runtime increasing by 5.3× to 27.5×
depending on model size and verification setting.
This tradeoff between accuracy and execution time
may limit deployment in latency-sensitive applica-
tions, though it remains justified for scenarios pri-
oritizing verification accuracy over response speed.
Additionally, our work does not focus on special-
ized techniques for handling long tables or context
window limits. While we successfully process ta-
bles of varying sizes across our evaluation datasets,
extremely large tables that exceed model context
windows would require preprocessing strategies
such as table decomposition, summarization, or
retrieval-based chunking, which we leave for future
work. Finally, our evaluation assumes well-formed
tables. We do not assess the robustness of MACE

to inputs containing substantial missing or erro-
neous values, or irregular formatting. Constructing
such perturbed benchmarks and the corresponding
evaluation protocol remains future work.
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A Baseline Details

• PASTA (Gu et al., 2022a): A novel framework
pretraining DeBERTaV3 on 1.2 million WikiTa-
bles sentence-table pairs, achieving SOTA per-
formance with 85.6% on TabFact, surpassing
prior models by 4.7 points and narrowing the
human performance gap to 1.5 points (92.1%).

• ProTrix (Wu and Feng, 2024): Proposes a Plan-
then-Reason framework that plans reasoning
paths and assigns steps to program-based or
textual reasoning for answering user queries
over tables with context.

• TART (Lu et al., 2024): Introduces a tool-
augmented reasoning framework with a table
formatter, tool maker, and explanation genera-
tor to enhance LLM performance and explain-
ability on tables.

• Volta (Gautam et al., 2021): A BERT-based
model for table understanding, verifying state-
ments and identifying evidence using transfer
learning and standardized table formats.

• LKA (Zhao and Yang, 2022): A self-labeled
keypoint alignment approach enhancing table-
based fact verification by exploring statement-
table correlations through dual-view alignment
and an MOE block.

• Tapas (Müller et al., 2021): Adapts the bi-
nary TAPAS model for SemEval-2021 Task 9,
employing artificial neutral examples and pre-
training on counter-factual data and TABFACT
to classify statements as entailed or refuted.

• Tapex (Liu et al., 2022): Proposes table pre-
training via a synthetic SQL executor, achiev-
ing accuracy improvements of 23–48% on Wik-
iSQL, WikiTableQuestions, SQA, and TabFact,
setting new state-of-the-art results.

• DeBERTAV3 (He et al., 2021): Enhances
DeBERTa with replaced token detection pre-
training to jointly encode sentences and tables.

• Various models: Include open-source (Alpaca-
7B, Vicuna-13B, LLama-13B) and closed-
source (InstructGPT, GPT-4) models for table-
related tasks.

B Error Analysis for Open-Domain
Datasets

To understand the performance patterns observed
in open-domain settings, we conducted a detailed
error analysis across three experimental setups:
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(1) FinDVer-Testmini with Qwen-235B, compar-
ing same-model MACE (Pm + Em + Vm) against
MACE with GPT-20B verifier (Pm + Em + Vm′),
(2) SciTab-OD with Mistral-7B, comparing w COT
against MACE with GPT-20B verifier (Pm +Em +
Vm′), and (3) SciTab-OD with Qwen-72B, compar-
ing w COT against MACE with GPT-20B verifier
(Pm + Em + Vm′). For each setup, we analyzed
cases where the better-performing configuration
produced correct predictions while the GPT-20B
verifier variant failed.

A notable finding from setups (2) and (3) is that
for both Mistral-7B and Qwen-72B on SciTab-OD,
simple COT reasoning outperforms the complex
multi-agent system with external GPT-20B verifier.
This suggests that the added complexity of multi-
agent coordination with an external verifier can
introduce new failure modes that offset potential
benefits, particularly when the verifier’s reasoning
style differs from the base model’s capabilities.

Common Error Patterns Across Model Sizes.
Our analysis reveals three error categories that
consistently appear across all model sizes (small,
medium, and large) when using the GPT-20B veri-
fier:

Over-strict Compound Claim Interpretation.
The GPT-20B verifier applies rigid standards when
evaluating compound claims, failing to distinguish
essential from contextual components. This pat-
tern appears across all model sizes on both FinD-
Ver and SciTab-OD. Consider the following claim
from FinDVer: “The company’s international fran-
chising revenue increased by 40.6% in fiscal 2023
due to more stores in operation despite facing in-
flation and competitive threats impacting overall
business operations, including increased store la-
bor costs and intense competition from various
sectors.” Evidence confirms the 40.6% revenue
increase and mentions inflation, but lacks explicit
discussion of “intense competition from various
sectors.” The GPT-20B verifier issues “refute” be-
cause this contextual detail is unsupported, despite
the core revenue claim being verified. In contrast,
same-model verifiers (whether Qwen-235B, Qwen-
72B, or even Mistral-7B with appropriate config-
uration) correctly identify the revenue metric as
essential and the ‘competitive’ context as supple-
mentary, issuing a “support” verdict. This pattern
is particularly problematic in financial domains
where claims routinely include business context
alongside factual data.

Numerical Hyperprecision. The external veri-

fier demonstrates excessive strictness with numer-
ical values across all datasets. In FinDVer-TM,
when a claim states a facility was “increased to
$750 million” but evidence shows $729.2 million
($460M drawn + $269.2M available), the GPT-20B
verifier issues “refute” due to the $20.8M discrep-
ancy (2.8% difference). Same-model verifiers ex-
hibit greater tolerance, recognizing that financial
reporting often involves rounding. For SciTab-OD
with Mistral-7B, numerical precision errors mani-
fest differently: when comparing performance met-
rics like 0.94 vs 0.93, the verifier treats these as
strictly unequal rather than approximately matched,
leading to incorrect “refute” verdicts for claims
about model performance improvements.

Misinterpretation of Comparative Terms.
When claims use terms like “outperform” or “bet-
ter than,” the GPT-20B verifier applies overly strict
interpretations across all model sizes. From the
Scitab dataset, the statement “Models using BoC
outperform models using BoW and ASM” is eval-
uated against a table showing BoC beats ASM on
all metrics but ties with BoW on some SVM and
ANN metrics while beating it on others. The GPT-
20B verifier issues “refute” because BoC does not
strictly dominate BoW on every metric. However,
Mistral-7B with simple COT correctly interprets
“outperform” as “better overall,” issuing “support.”
Qwen-72B exhibits the same pattern, demonstrat-
ing this is a verifier-specific issue rather than a base
model capability problem.

Model-Specific Error Patterns. Beyond com-
mon errors, we observe distinct patterns that vary
by base model size:

Inference Capability Gaps (Large Models
Only). For Qwen-235B on FinDVer, errors involve
the verifier’s inability to make reasonable domain-
informed inferences. In claim ie-val-191 about
“.... the company is still facing substantial doubt
about continuing as a going concern due to accumu-
lated deficits and past operating losses.” evidence
discusses “accumulated deficits,” “past operating
losses,” and “need for additional financing” with-
out using the exact phrase “going concern.” The
GPT-20B verifier marks this unsupported, while
Qwen-235B’s same-model verifier correctly infers
the connection. This suggests that GPT-20B ver-
ifier may lack the domain knowledge that larger
models possess, creating a capability mismatch
when verifying outputs from sophisticated base
models.

Retrieval-Induced Ambiguity (Small Models).
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For Mistral-7B on SciTab-OD, errors stem from the
verifier’s inability to handle ambiguous evidence re-
trieved from open-domain sources. When retrieved
tables contain incomplete information or require
cross-referencing multiple sections, the GPT-20B
verifier defaults to “refute” if any claim compo-
nent lacks explicit evidence. Mistral-7B with COT,
however, can work within these constraints by fo-
cusing on verifiable core assertions and noting limi-
tations. This pattern does not appear for larger mod-
els (Qwen-72B, Qwen-235B), which better handle
ambiguous retrieval results even with the external
verifier.

Implications. These error patterns explain the
performance gaps between same-model and GPT-
20B verifier configurations across open-domain
datasets. The common errors (compound claims,
numerical precision, comparative terms) affect all
model sizes, while model-specific patterns (infer-
ence gaps for large models, retrieval ambiguity
for small models) suggest verifier selection should
adapt to base model capabilities. For large mod-
els like Qwen-235B, maintaining reasoning con-
sistency within the same model family outweighs
potential benefits from external verification. For
small models like Mistral-7B, an external verifier
can help with complex reasoning but may intro-
duce new errors when evidence is ambiguous. The
finding that simple COT outperforms multi-agent
systems with external verifiers for Mistral-7B and
Qwen-72B on SciTab-OD further underscores that
added coordination complexity can be detrimental
when verifier capabilities do not align well with
base model reasoning patterns.
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Action Plan:

1. Identify Relevant Data Rows:
- Extract the "Water reused/recycled" row for "All Operations" across all years (2023-2017).

(rows 1 and 5 of Table 1)
- Extract the "Operational water use(4)" row for "All Operations" across all years (2023-2017).

(Rows 1 and 6 of Table 1)

2. Calculate Reused/Recycled Water Percentage for Each Year:
- For each year, compute the percentage of reused/recycled water relative to operational water

use:

Percentage =

(
Water reused/recycled
Operational water use

)
× 100

- Perform this calculation for all years (2023-2017).

3. Aggregate Across All Years:
- Sum the "Water reused/recycled" values across all years.
- Sum the "Operational water use" values across all years.
- Compute the overall percentage:

Overall Percentage =

(
Total Reused/Recycled

Total Operational Water Use

)
× 100

4. Compare with Claimed Percentage (55.82%):
- Compare the computed overall percentage with the claimed 55.82%.
- If the computed percentage matches (within reasonable rounding), the claim is supported.

Otherwise, it is refuted.

5. Assumptions and Clarifications:
- The claim refers to "all operational water use across all years," so we focus on the "All

Operations" section, not "Mining Operations." (Rows 1 and 7 of Table 1)
- The caption clarifies that "Operational water use(4)" is the sum of water withdrawals and

water reused/recycled, which aligns with the claim’s context. (caption of Table 1)
- The term "across all years" is interpreted as an aggregate of all years (2017–2023), not an

average of yearly percentages.

6. Potential Issues:
- If the computed percentage deviates significantly from 55.82%, the claim is refuted.
- Ensure no misinterpretation of "All Operations" vs. "Mining Operations" data (the claim is

about "all operations").
Steps for the Executor: These steps are provided by the Planner for the Executor to perform.
1. Extract "Water reused/recycled" and "Operational water use(4)" for "All Operations" (2023–
2017) (rows 5 and 6 of Table 1).
2. Compute yearly percentages and the overall percentage.
3. Compare the overall percentage to 55.82%.
4. Return "support" if the computed percentage is 55.82% (or very close, e.g., rounding to two
decimal places), otherwise "refute."
Final Verdict:
The Executor will compute and return either "support" or "refute" based on the above steps.
(Note: The Planner does not compute the final percentage; this is the Executor’s task.)

Figure 3: Action plan, generated by MACE’s Planner agent for verifying the claim ‘Reused/recycled water made up
55.82 % of all operational water use across all years’ using data from Table 1.
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Step 1: Extract ‘Water reused/recycled’ for All Operations (2017-2023):- 2017: 176563 ML-
2018: 174688 ML- 2019: 148914 ML- 2020: 157641 ML- 2021: 138812 ML- 2022: 134131
ML- 2023: 168358 ML. (row 5 of Table 1)
Total Reused/Recycled = 176563 + 174688 + 148914 + 157641 + 138812 + 134131 + 168358 =
1,099,107 ML
Step 2: Extract ‘Operational water use(4)’ for All Operations (2017-2023):- 2017: 291931 ML-
2018: 302835 ML- 2019: 275931 ML- 2020: 275925 ML- 2021: 256074 ML- 2022: 250449
ML- 2023: 315784 ML (row 6 of Table 1)
Total Operational Water Use = 291931 + 302835 + 275931 + 275925 + 256074 + 250449 +
315784 = 1,968,929 ML
Step 3: Compute overall percentage:Overall Percentage = (1, 099, 107/1, 968, 929) ∗ 100 ≈ 55.82%
Step 4: Compare with claimed percentage (55.82%):The computed percentage (55.82%) matches
the claimed percentage exactly.
Step 5: Assumptions:- The claim refers to ‘all operations’, so we ignored ‘Mining Operations’
data.- ‘Across all years’ was interpreted as an aggregate sum, not yearly averages.- The caption
confirms ‘Operational water use(4)’ is the correct metric for the denominator.

Figure 4: Execution trace, generated by MACE’s Executor agent for verifying the claim ‘Reused/recycled water
made up 55.82 % of all operational water use across all years’ using data from Table 1.

System Message: You are the Planner Agent. Your role is to carefully analyze the scientific claim, the provided table, and
the table caption. You must design a clear plan for how the Executor Agent should verify the claim using the table.
Important Guidelines:

1. Negation Awareness: Pay very close attention to negation words such as “not”, “no”, “without”, “fail to”, “does not”,
or “cannot”. These drastically change the meaning of the claim and must be reflected in your plan.

2. Relevance: Focus only on the information in the table and caption. Do not invent data.

3. Consistency Rule: Your plan must lead to a verdict that is consistent with your explanation.

4. Clarity: Write step-by-step instructions the Executor Agent can follow.

Response Format:
<explanation>
Your reasoning here: identify the key claim components, which table
columns/rows are relevant, and what needs to be compared or checked.
</explanation>
<plan>
Explicit, step-by-step instructions for the Executor Agent.
</plan>

Description: Agent for generating a detailed action plan to process the table, caption, and headers. Initiates the analysis
process.

Figure 5: Overview of the Planner Agent’s system message and description for closed-domain verification, outlining
its role and guidelines for creating an action plan to verify claims from tabular data.
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System Message: You are the Executor Agent. Your role is to follow the Planner Agent’s plan and determine whether the
claim is supported, refuted, or unverifiable (“not enough info”).
Meanings of Verdicts:

• support → The table provides clear, relevant evidence that directly backs up the claim in full.

• refute → The table provides clear, relevant evidence that directly contradicts the claim, OR for compound claims, if the
main part of the claim is contradicted or unsupported.

• not enough info → The table does not provide the required data to verify the claim. Absence of relevant metrics,
entities, or comparisons must always lead to “not enough info,” not “refute.”

Guidelines:

1. Consistency Rule: Your explanation and your verdict must not contradict each other.

2. Compound Claims: Treat the main point of the claim as decisive. Auxiliary or unverifiable details should not force
“refute” if the main claim is supported.

3. Directional & Numeric Checks: Pay close attention to directional words (e.g., “increase,” “decrease”) and numeric
trends. Accept approximate matches (e.g., “about 5” = 4.8–6.2).

4. Unclear Plans: If the Planner’s plan is vague or unexecutable, respond with “revise” instead of a verdict, explaining
what needs clarification.

5. Evidential Fairness: Terms like “large margin” or “substantial” should be judged relative to the scale of results, not by
an arbitrary cutoff. Use “refute” only if the data shows systematic contradiction to the claim.

Response Format:
<explanation>
Step-by-step reasoning here...
</explanation>
support/refute/not enough info OR "revise"

Description: Executes the Planner agent’s action plan exactly as written, in the same order, without creating new steps or
disambiguating terms. For each step, labels it explicitly (Step X: <original text>) and explains execution inside a single
<explanation>...</explanation> block. Ends with a verdict (“support”, “refute”, or “not enough info”). If the plan is
unclear, responds with “revise” instead of a verdict and explains what needs revision.

Figure 6: Overview of the Executor Agent’s system message and description for closed-domain verification,
outlining its role and guidelines for executing the verification plan and determining the final verdict.
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System Message: You are the Verifier Agent. Your role is to check the Executor Agent’s explanation and verdict for
correctness, consistency, and fairness.
Meanings of Verdicts:

• support → The table provides clear, relevant evidence that directly backs up the claim in full.

• refute → The table provides clear, relevant evidence that directly contradicts the claim, OR for compound claims, if the
main part of the claim is contradicted or unsupported.

• not enough info → The table does not provide the required data to verify the claim. Absence of relevant metrics,
entities, or comparisons must always lead to “not enough info,” not “refute.”

Guidelines:

1. Consistency Check: The Executor’s explanation must match the verdict.

2. Compound Claims: Do not demand perfection. Auxiliary unverifiable clauses should not override a supported main
claim.

3. Numeric & Qualitative Terms: Accept approximate matches (e.g., 4.8 ≈ “5”). Interpret terms like “large margin” or
“substantial” relative to the scale of the results, not as fixed thresholds.

4. Revision Trigger: If the Executor’s verdict does not align with these definitions and guidelines, respond with “revise”
and explain what should be corrected.

5. Final Verdict: If Executor’s output is sound, repeat the verdict as-is. If flawed but fixable, return “revise”. Do not
invent a verdict yourself beyond support/refute/not enough info.

Response Format:
<explanation>
Your validation reasoning here...
</explanation>
support/refute/not enough info OR "revise"

Description: Critically audits the Executor’s output for strict consistency with the evidence and claim wording. Approves
the verdict only if the explanation is complete, precise, and logically sound. If there is any flaw, ambiguity, or overreach,
responds with “revise” to request correction from the Executor.

Figure 7: Overview of the Verifier Agent’s system message and description for closed-domain verification, outlining
its role and guidelines for validating the Executor’s output and ensuring consistency before issuing the final verdict.

System Message: You are an Input Agent tasked with sending the claim, table, and caption to the Planner Agent. Stop
communication after receiving a final verdict (“support”, “refute”, or “not enough info”) from the Verifier Agent.
Description: Agent for initiating the process by sending the claim, table, and caption to the Planner Agent.

Figure 8: Overview of the User Agent’s system message and description for closed-domain verification, outlining
its role in initiating the verification process and managing communication flow.
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System Message: You are the Planner Agent. Your role is to carefully analyze the claim along
with the provided evidence, which may include multiple tables and/or multiple paragraphs. You
must design a clear plan for how the Executor Agent should verify the claim using the available
evidence.
Important Guidelines:
1. Negation Awareness: Pay very close attention to negation words such as “not”, “no”, “without”, “fail to”, “does
not”, or “cannot”. These drastically change the meaning of the claim and must be reflected in your plan.
2. Relevance: Focus only on the information in the given tables and paragraphs. Do not invent data.
3. Consistency Rule: Your plan must lead to a verdict that is consistent with your explanation.
4. Clarity: Write step-by-step instructions the Executor Agent can follow.

Response Format:
<explanation>
Your reasoning here: identify the key claim components, which evidence sources (tables/paragraphs) are relevant,
and what needs to be compared or checked.
</explanation>
<plan>
Explicit, step-by-step instructions for the Executor Agent.

</plan>

Description: Agent for generating a detailed action plan to process the claim along with multiple
tables and/or paragraphs. Initiates the analysis process.

Figure 9: Overview of the Planner Agent’s system message and description for open-domain verification, outlining
its role and guidelines for creating an action plan to verify claims from tabular data documents with retrieved
evidence.
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System Message: You are the Executor Agent. Your role is to follow the Planner Agent’s plan
and determine whether the claim is supported or refuted.
Meanings of Verdicts:
- support → The evidence (tables/paragraphs) provides clear, relevant support that backs up the claim in full.
- refute → The evidence clearly contradicts the claim, OR for compound claims, if any essential part of the claim is
contradicted or unsupported.

Guidelines:
1. Consistency Rule: Your explanation and your verdict must not contradict each other.

- Explicit contradiction → “refute”
- Clear evidence alignment → “support”

2. Compound Claims: If any essential part of the claim is unsupported or contradicted, the correct outcome is
“refute.”
3. Directional & Numeric Checks:

- Pay close attention to directional words (e.g., “increase,” “decrease”) and numeric trends.
- Accept approximate matches (e.g., “about 5” = 4.8–6.2).
- Do not misinterpret negation or claim direction.

4. Unclear Plans: If the Planner’s plan is vague or unexecutable, respond with “revise” instead of a verdict, ex-
plaining what needs clarification.
5. Evidential Fairness:

- “Outperform” or “improvement” does not require being strictly higher in every metric.
- Equal performance in some metrics with clear improvements in others still counts as support, as long as no

consistent evidence contradicts the claim.
- Minor ties or marginal differences do not automatically refute a claim.
- Terms like “large margin” or “substantial” should be judged relative to the scale of results, not by an arbitrary

cutoff.
- Use “refute” only if the data shows systematic contradiction to the claim.

Response Format:
<explanation>
Step-by-step reasoning here...
</explanation>

support/refute OR “revise”

Description: Executes the Planner agent’s action plan exactly as written, in the same order, with-
out creating new steps or disambiguating terms. For each step, labels it explicitly (Step X: <origi-
nal text>) and explains execution inside a single <explanation>...</explanation> block. Ends with
a verdict (“support” or “refute”). If the plan is unclear, responds with “revise” instead of a verdict
and explains what needs revision.

Figure 10: Overview of the Executor Agent’s system message and description for open-domain verification, outlining
its role and guidelines for executing the verification plan across multiple evidence sources and determining the final
verdict.
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System Message: You are the Verifier Agent. Your role is to check the Executor Agent’s explana-
tion and verdict for correctness, consistency, and fairness.
Meanings of Verdicts:
- support → The evidence (tables/paragraphs) provides clear, relevant support that backs up the claim in full.
- refute → The evidence clearly contradicts the claim, OR for compound claims, if any essential part of the claim is
contradicted or unsupported.

Guidelines:
1. Consistency Check: The Executor’s explanation must match the verdict.

- Explicit contradiction → “refute”
- Clear evidence alignment → “support”

2. Compound Claims: If any essential part of the claim is unsupported or contradicted, the correct outcome is
“refute.”
3. Numeric & Qualitative Terms:

- Accept approximate matches (e.g., 4.8 ≈ “5”).
- Interpret terms like “large margin” or “substantial” relative to the scale of the results, not as fixed thresholds.

4. Revision Trigger: If the Executor’s verdict does not align with these definitions and guidelines, respond with
“revise” and explain what should be corrected.
5. Final Verdict:

- If Executor’s output is sound, repeat the verdict as-is.
- If flawed but fixable, return “revise”.
- Do not invent a verdict yourself beyond support/refute.

Response Format:
<explanation>
Your validation reasoning here...
</explanation>

support/refute OR “revise”

Description: Critically audits the Executor’s output for strict consistency with the evidence and
claim wording. Approves the verdict only if the explanation is complete, precise, and logically
sound. If there is any flaw, ambiguity, or overreach, responds with “revise” to request correction
from the Executor.

Figure 11: Overview of the Verifier Agent’s system message and description for open-domain verification, outlining
its role and guidelines for validating the Executor’s output and ensuring consistency before issuing the final verdict.

System Message: You are an Input Agent tasked with sending the claim, along with multiple
tables and/or multiple paragraphs, to the Planner Agent. Stop communication after receiving a
final verdict (“support” or “refute”) from the Verifier Agent.

Description: Agent for initiating the process by sending the claim, along with multiple tables
and/or paragraphs, to the Planner Agent.

Figure 12: Overview of the User Agent’s system message and description for open-domain verification, outlining its
role in initiating the verification process and managing communication flow.
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