Analyzing LLM Instruction Optimization for Tabular Fact Verification
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Abstract In this work, we conduct a comparative study of
out-of-the-box prompting techniques, paired with
Instruction optimization provides a lightweight, instruction optimization, for tabular fact verifica-

model-agnostic approach to enhancing the rea-
soning performance of large language models
(LLMs). This paper presents the first system-
atic comparison of instruction optimization,

tion. Instruction optimization is a technique that al-
lows for improvements to LLM performance with-
out gradient updates. Since LLMs are known to

based on the DSPy optimization framework, be sensitive to prompt formulation (Webson and
for tabular fact verification. We evaluate four Pavlick, 2022; Leidinger et al., 2023), we analyze
out-of-the-box prompting techniques that cover the impacts of instruction optimization on practical
both text-only prompting and code use: direct and generalizable prompting techniques, such as
prediction, Chain-of-Thought (CoT), ReAct Chain-of-Thought (Wei et al., 2022).

with SQL tools, and CodeAct with Python ex-
ecution. We study three optimizers from the
DSPy framework—COPRO, MiPROvV2, and
SIMBA— across four benchmarks and three

Recent frameworks for instruction optimization
(e.g., DSPy; Khattab et al., 2024) treat multi-step
LLM pipelines as programs whose textual parame-

model families. We find that instruction op- ters can be automatically tuned by search or meta-
timization consistently improves verification reasoning, yielding large gains on diverse tasks.
accuracy, with MiPROV2 yielding the most sta- Despite this progress, a systematic understanding
ble gains for CoT, and SIMBA providing the of how instruction optimization affects tabular fact

largest benefits for ReAct agents, particularly at
larger model scales. Behavioral analyses reveal
that SIMBA encourages more direct reasoning
paths by applying heuristics, thereby improving

verification is lacking. The following impacts are
particularly underexplored: (1) prompting tech-
niques that differ in their intermediate computa-

numerical comparison abilities in CoT reason- tion (e.g., direct prediction, CoT, and program-
ing and helping avoid unnecessary tool calls aided reasoning via SQL and Python), (2) opti-
in ReAct agents. Across different prompting mizer families, and (3) model scale and families.
techniques, CoT remains effective for tabular Tool_augmented agents (e'g.’ ReAct’ Yao et al.,
fact checking, especially with smaller models. 2023) promise stronger grounding by interleaving

Although ReAct agents built with larger mod-
els can achieve competitive performance, they
require careful instruction optimization.

thoughts with executable actions, but their end-to-
end effectiveness depends critically on the learned
tool interface and execution reliability—factors that
instruction optimization may help or hinder.

We present the first comparative study of instruc-
Verifying natural language claims against struc-  tion optimization for tabular fact verification using
tured data is a central capability for trustworthy  the DSPy optimization framework. Our study fo-
NLP systems deployed in science, public health, cuses on three optimizers within DSPy: COPRO,
and information quality assurance. While numer- MiPROv2, and SIMBA'. We analyze these op-
ous methods have been proposed for tabular fact  timizers across four benchmarks (TabFact, Pub-
verification (Yang and Zhu, 2021; Ou and Liu, HealthTab, SciTab and MMSci), four prompting
2022; Lu et al., 2025; Zhang et al., 2024b, infer  techniques (Direct prediction, CoT, ReAct, and

alia), the resulting systems are often specialized to ~ ————— ) )
icular dataset fail t tperf imol We restrict MiPROv2 and SIMBA to instruction-only tun-
a partlc.u ar dataset or ail to outperform Simpler ing to isolate the effect of instructions from few-shot example
prompting approaches. selection.
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CodeAct), and three base LLMs (Qwen3, Gemma3,
GPT-40). We conduct a comprehensive analysis,
using both task metrics (accuracy, macro-F1) and
behavioral shifts (e.g., frequency and success of
SQL/Python calls, error taxonomies), to address
the following research questions:

* What is the impact of optimized instructions on
CoT reasoning?

* How does the optimized instructions affect the
tool calling behavior of ReAct agent?

* Does program-aided reasoning show consistent
advantages over CoT in tabular fact checking?

Our experiment results show that the influence
of instruction optimization varies depending on the
prompting technique and model size. Compared
with smaller models, larger models benefit more
from the optimized instructions and show greater
improvement across four test sets. Among different
optimizers, MiPROV2 brings consistent gains for
CoT reasoning, while SIMBA proves effective for
improving tool use behavior of ReAct.

A closer inspection of the optimized instructions
reveal that MiPROv2 and SIMBA optimizer en-
courage the model to choose a direct reasoning
path, avoiding unnecessary tool calls for simple
claims. With SIMBA optimizer, the tool use fre-
quency is reduced, with more successful tool ex-
ecution. In addition, we find SIMBA optimizer
includes more heuristics about numerical compar-
ison in the refined instructions, which helps im-
prove the overall accuracy in CoT. Our code is
available at https://github.com/xiaodu@123/
tabfact-prompt-optimization.

2 Related Work

Table-based Fact Checking Verifying claims
against structured evidence requires composi-
tional reasoning over diverse table schema. Tab-
Fact (Chen et al., 2020) established the first large-
scale benchmark for binary fact verification on
Wikipedia tables. Later datasets incorporated more
nuanced labeling schema (e.g., three labels instead
of only two) and more complex claims requiring
multi-hop reasoning (Wang et al., 2021). Among
these, several domain-specific datasets have been
created: PubHealthTab (Akhtar et al., 2022), which
targets claims about public health, SciTab (Lu et al.,
2023), which includes claims from computer sci-
ence publications, and SciAtomicBench (Zhang
et al., 2025), which covers computer science along

with other domains such as finance. While fact ver-
ification datasets typically present tabular data in
textual form, multi-modal datasets have also been
created (Yang et al., 2025b). Additionally, some
fact-verification datasets mix tabular evidence with
text (Aly et al., 2021; Schlichtkrull et al., 2023;
Zhao et al., 2024) and figures (Wang et al., 2025;
Chan et al., 2024).

Early methods for tabular fact verification used
symbolic or programmatic reasoning (Chen et al.,
2020; Zhong et al., 2020; Shi et al., 2020; Zhang
et al., 2020; Yang et al., 2020; Yang and Zhu, 2021;
Ou and Liu, 2022). While some recent work has
also made use of neuro-symbolic systems (Glenn
et al., 2024; Aly and Vlachos, 2024; Cheng et al.,
2023), there has been an increasing focus on adapt-
ing and making use of LLMs. To this end, prior
works have developed both pre-training (Eisensch-
los et al., 2020; Dong and Smith, 2021; Zhang
et al., 2024a) and fine-tuning (Wu and Feng, 2024;
Jiang et al., 2025) approaches for table-based fact
verification, as well as more general table-based
reasoning tasks (Herzig et al., 2020; Liu et al.,
2022). Additionally, several works propose prompt-
ing techniques for improving model reasoning over
tables (Wang et al., 2024b; Zhang et al., 2025; Ab-
hyankar et al., 2025; Zhang et al., 2024b). Recently,
work has also begun to investigate agentic systems
and tool-use for table-based fact verification (Lu
et al., 2025; Zhou et al., 2025). However, despite
these advances, many systems are computationally
intensive or specialized to a particular dataset. In
contrast, our work explores computationally light
instruction optimization techniques applied to gen-
eral prompting strategies.

Most closely related to our work are two recent
analyses into the challenges of various table under-
standing tasks, including fact verification. Bhan-
dari et al. (2025) examine how instruction tuning,
in-context examples, and model size impact per-
formance on tabular reasoning tasks, while Wu
et al. (2025) survey approaches to table understand-
ing tasks more broadly. In contrast to these anal-
yses, our work compares instruction optimization
techniques applied to simple prompting strategies
(standard baselines such as CoT as well as simple
programmatic reasoning models such as ReAct).
Additionally, while Bhandari et al. (2025) cover
multiple table understanding tasks, our work fo-
cuses only on table-based fact verification, opting
instead to cover a wider range of datasets tabular
fact verification.
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3 Method

3.1 Prompting Techniques

Chain-of-Thought Chain-of-thought reasoning
(CoT) (Wei et al., 2022) encourages LLMs to gener-
ate intermediate reasoning steps before producing
the final answer. With CoT, LLMs can decompose
a complex query into sub-problems and progres-
sively build the solution in the reasoning traces.

ReAct ReAct (Yao et al., 2023) serves as a foun-
dational framework for tool-based agents by inter-
leaving reasoning with task-specific actions. ReAct
enables LLMs to interact with external tools, allow-
ing them to collect additional evidence and ground
their reasoning in the tool execution output. In our
experiments, we evaluate a ReAct agent with ac-
cess to a standard SQL tool that can execute SQL
queries on the table data to retrieve relevant infor-
mation and perform math operations.

CodeAct CodeAct (Wang et al., 2024a) lever-
ages executable Python code as the primary action
modality for tool-based agents. Unlike existing
paradigms that rely on tool calls in text or JSON
formats, CodeAct enables multi-step operations
and flexible tool chaining through code execution,
allowing the agent to perform sophisticated actions
by integrating with Python’s control flow and ex-
isting libraries. In our experiments, the CodeAgent
has no access to pre-defined tools. It generates free-
form python codes to process the table data and
perform math operations step by step.

3.2 Instruction Optimization

In our analysis, we focus on three LLM-
based instruction optimization approaches in the
DSPy (Khattab et al., 2024) framework: COPRO,
MiPROV2 (Opsahl-Ong et al., 2024) and SIMBA.

DSPy Framework DSPy is a framework for
algorithmically optimizing model prompts and
weights, treating LLM pipelines as programmes
that can be automatically compiled and optimized.

COPRO Cooperative Prompt Optimization (CO-
PRO) systematically explores various candidate
instructions in a beam search-like manner and eval-
uates their performance on the train set. The op-
timizer iteratively refines the prompt instruction
by proposing multiple new candidate instructions
based on the N best prompts among previous at-
tempts and their corresponding evaluation scores.

MiPROv2 Multi-Stage Instruction Prompt Op-
timization (MiPROV?2) is an advanced framework
that can refine both the instruction and few-shot
demonstrations through a three-stage pipeline.
First, the optimizer bootstraps multiple candidate
sets of few-shot demonstrations from the training
data. Then, it generates diverse prompt instructions
and demonstrations based on previously evaluated
candidates, the properties of the downstream task,
and randomly sampled prompting strategies. Fi-
nally, MiPROv2 employs Bayesian optimization
method to efficiently search the best combination
of candidate instruction and demonstration.

Compared with COPRO, MiPROV2 provides a
richer context for the generation of new candidate
instructions and performs more efficient evaluation
on mini-batches of training data.

SIMBA Stochastic Introspective Mini-Batch As-
cent (SIMBA) is an introspective prompt optimiza-
tion algorithm that leverages the language model’s
capacity for self-reflection to iteratively improve
instruction quality. The optimizer identifies chal-
lenging training instances where model outputs
exhibit high variability, then applies two comple-
mentary strategies to refine prompts. One strat-
egy performs contrastive analysis, where the model
compares successful and unsuccessful execution
traces to generate explicit improvement rules that
are appended to the original instruction. Another
strategy incorporates successful execution trajecto-
ries as few-shot demonstrations.

4 Experiments

4.1 Datasets

We evaluate the performance of various LLMs on
four tabular fact checking datasets: TabFact (Chen
et al., 2020), PubHealthTab (Akhtar et al., 2022),
SciTab (Lu et al., 2023) and MMSci (Yang et al.,
2025b). These datasets cover diverse domains and
table types, ranging from general knowledge to
specialized data, thereby enabling a more compre-
hensive evaluation of the generalization ability of
different approaches. In SciTab, PubHealthTab,
and MMSci, there are three labels: supports, re-
futes and not enough info; TabFact is a binary clas-
sification task with only supports and refutes labels.

SciTab SciTab (Lu et al., 2023) is a benchmark
designed for scientific claim verification, leverag-
ing real-world table evidence from scientific publi-
cations in machine learning and natural language
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Dataset Train Dev Test
TabFact 92,585 12,851 8,609
SciTab 210 429 429
PubHealthTab 1440 177 180
MMSci - - 1,038

Table 1: Statistics of the fact checking datasets.

processing domains. The dataset presents unique
challenges in claim ambiguity, compositional rea-
soning and numerical analysis of scientific data.

PubHealthTab PubHealthTab (Akhtar et al.,
2022) is a table-based fact checking dataset focus-
ing on public health claims. The evidence tables are
extracted from multiple web sources, which exhibit
noisy and complex table structure with varying con-
tent quality.

TabFact TabFact (Chen et al., 2020) is a large-
scale table-based fact verification dataset that con-
sists of human-annotated claims with Wikipedia
tables as evidence. TabFact provides two test sets
that differ in the claim complexity, and we use the
complex test set for evaluation.

MMSci MMSci (Yang et al., 2025b) is a bench-
mark for multimodal scientific reasoning across
three table-based tasks. We use the table fact veri-
fication test set, converting table images to textual
format, to evaluate generalization to unseen data.

4.2 Optimization

For each considered LLM, we evaluate the perfor-
mance of different prompting techniques, includ-
ing direct prompting, CoT, ReAct and CodeAct
to study the impact of instruction optimization on
both language-based reasoning and program-aided
reasoning. We use the same instructions in the sys-
tem prompt before optimization for different exper-
iments, i.e. verify the given claim against
the provided table data. All the experiments
are conducted in zero-shot setting.

4.3 Evaluation Setup

Models and Baselines We conduct our experi-
ments using Qwen3 (Yang et al., 2025a), Gemma3
(Team et al., 2025) and GPT-40 models, which al-
lows us to systematically investigate the impact
of instruction optimization on reasoning and tool-
calling behavior across different model families
and sizes. The same model is used for proposing
candidate instructions and evaluating instruction

quality during optimization. To examine the effec-
tiveness of optimized instructions, we compare the
model performance in GPT-40 experiments with
ReActable (Zhang et al., 2024b), a ReAct frame-
work that uses GPT-40 with human-written instruc-
tions and SQL and Python as tools.

Data processing Each fact checking dataset is
processed into a unified data format. We then split
three of the datasets (TabFact, SciTab, and Pub-
HealthTab) into train, development and test sets;
our fourth dataset, MMSci, is used only for evalua-
tion. We create a hybrid training set for instruction
optimization by randomly sampling 100 instances
from the training splits of the three datasets. We
sample 40 PubHealthTab instances, 40 SciTab in-
stances and 20 TabFact instances to ensure the la-
bel distribution of the hybrid dataset is balanced.
Statistics of the processed datasets are in Table 1.

Evaluation metrics We optimize the instructions
using the hybrid train data, and evaluate the per-
formance on the development and test sets of all
four datasets with accuracy and macro-F1. During
instruction optimization, only accuracy is used to
measure the quality of different candidate prompts.

5 Results

We report the test performance of different prompt-
ing techniques with Qwen3 models on four fact
checking datasets in Table 2. For direct prompting
and CoT, larger models generally achieve higher
accuracy and F1 than their smaller counterparts
across most test sets. For program-aided reason-
ing paradigms (ReAct, CodeAct), increasing model
size does not yield significant performance gains.
Although larger models have similar baseline per-
formance to smaller versions, they benefit substan-
tially more from instruction optimization and show
greater improvement with refined instructions.
The effectiveness of instruction optimization
for tabular reasoning is highly dependent on both
model scale and the prompting technique. For
optimizing CoT reasoning, MiPROvV2 brings the
most consistent gains, achieving the highest accu-
racy and F1 on PubHealthTab, TabFact and MM-
Sci for Qwen3-8B, and showing competitive re-
sults across three datasets with Qwen3-32B. For
program-based reasoning, SIMBA provides the
strongest performance gain on SciTab, particularly
for improving ReAct with the Qwen3-32B model.
COPRO also offers moderate benefits for Qwen3-

3081



Qwen3-8B Qwen3-32B
Module Optimizer PubHealth SciTab TabFact MMSci  PubHealth SciTab TabFact MMSci
Acc F1 Acc F1  Acc FI  Acc Fl Acc Fl  Acc F1  Acc Fl1 Acc Fl
Baseline 733 734 587 565 58.0 528 572 415 844 823 529 496 64.1 628 682 463
Direct +COPRO 733 734 58.7 56.6 58.1 528 57.0 412 844 827 534 511 653 639 69.5 47.7
+MiPROvV2 72.8 729 564 543 585 534 566 413 844 823 531 500 64.1 628 682 46.3
+SIMBA 733 734 58.7 565 58.1 528 573 414 856 843 527 500 67.6 68.7 70.6 494
Baseline 839 823 643 644 776 805 819 58.0 883 87.6 664 664 845 86.6 865 61.6
CoT +COPRO 839 828 662 662 768 799 794 563 872 86.1 674 673 855 87.6 867 615
+MiPROv2 86.1 85.7 660 66.0 80.3 83.1 825 594 872 865 688 68.6 869 885 87.7 654
+SIMBA 822 814 625 622 77.6 80.6 81.6 587 90.0 89.6 688 68.6 852 87.1 87.0 642
Baseline 86.7 86.6 613 612 838 853 825 585 878 874 615 60.1 864 87.0 875 62.6
ReAct +COPRO 844 839 622 621 80.5 815 836 61.5 86.1 847 620 615 815 841 850 61.0
+MiPROv2 81.7 81.1 61.8 61.8 755 80.6 822 60.0 878 872 615 609 842 852 862 63.0
+SIMBA 86.1 852 583 583 829 847 80.8 573 90.6 90.0 662 659 86.1 87.0 859 65.0
Baseline 86.1 86.0 57.1 57.1 820 835 812 592 856 849 580 575 859 871 875 66.1
CodeAct +COPRO 82.8 822 59.7 59.1 800 822 833 60.7 87.2 86.6 622 61.8 867 879 881 633
+MiPROv2 86.1 85.7 569 56.6 80.5 820 82.1 59.0 839 835 59.0 582 864 87.6 865 62.7
+SIMBA 85.0 849 59.7 595 848 855 843 598 856 852 692 693 854 87.0 865 62.6

Table 2: Results of Qwen3-8B and Qwen3-32B on test sets. Bold is best performance per method and dataset.

32B model but less consistently than SIMBA. This
suggests that larger models are better at identi-
fying patterns of successful trajectories through
self-reflection and comparative analysis, leading
to more effective rules for optimizing tool use in
diverse scenarios.

According to Table 3, the general trend observed
with the Gemma3 model family is slightly dif-
ferent from Qwen3. The larger Gemma3 model
shows consistently higher performance for both
CoT reasoning and program-aided reasoning. Un-
like Qwen3, where the optimizers fail to enhance
the performance for ReAct with a smaller model,
Gemma3 models respond more positively to in-
struction optimization across different prompting
techniques and show greater improvement with re-
fined instructions at both sizes.

Similar to Qwen3 experiments, MiPROv?2 still
delivers significant improvements when optimiz-
ing CoT. SIMBA performs exceptionally well for
improving ReAct and CodeAct, particularly for
the larger 27B model. COPRO remains effective
for smaller model (12B) but provides smaller in-
cremental gains relative to MiPROv2 and SIMBA.
Overall, the Gemma3 model family underperforms
Qwen3, even after applying instruction optimiza-
tion. For both Gemma3 and Qwen3 models, CoT
reasoning consistently achieves competitive per-
formance after instruction optimization compared
with program-aided reasoning methods on tabular
fact checking.

Table 4 summarizes the test performance of

GPT-40 models. Due to budget considerations,
GPT-40 models and ReActable are evaluated on a
smaller TabFact test set (TabFact-mini) with 400
random instances. GPT-40 models demonstrate
much stronger baseline performance, and conse-
quently benefit less from instruction optimization
than Qwen3 and Gemma3 models. For GPT-4o0-
mini, MiPROvV2 is more effective for improving
CoT reasoning, while SIMBA yields greater im-
provements across the test sets for optimizing Re-
Act. However, no single optimizer provides con-
sistent performance gains for optimizing CodeAct.
For the GPT-40 model, SIMBA performs consis-
tently well and brings improvement to both CoT
and ReAct, whereas MiPROV2 is shown to be effec-
tive for enhancing CodeAct performance. ReAct
with GPT-40 shows slightly worse performance
on SciTab and TabFact-mini compared with the
ReActable baseline, but it can consistently outper-
form ReActable across all test sets after SIMBA
optimization, which demonstrates the superiority
of DSPy-based instruction optimization over man-
ually designed prompts.

According to the test performance on MMSci,
we observe that for Qwen3-32B and Gemma3-27B
model, the optimized instructions with superior per-
formance on PubHealthTab, SciTab and TabFact of-
ten generalize well to MMSci. Specifically, instruc-
tions optimized by SIMBA consistently achieves
the highest F1 scores on MMSci in both direct
prompting and ReAct settings, while CoT instruc-
tions learned by MiPROV2 continues to deliver the
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strongest improvements on MMSci. However, this
trend is not observed in GPT-40 models, for which
the performance on the other three fact checking
datasets is not predictive of test performance on
MMSci. Although SIMBA shows strong perfor-
mance on SciTab and TabFact-mini across direct
prompting, CoT and ReAct settings, these perfor-
mance gains do not consistently transfer to MMSci
test data. This may indicate instructions proposed
by GPT-40 during SIMBA optimization generalize
less effectively on unseen data.

To further examine the effectiveness and gener-
alizability of instruction optimization, we conduct
ablation studies using varying random seeds, initial
instructions of diverse quality and different train-
ing data. We also extend the evaluation of ReAct
agents by considering single or multiple most com-
monly used tools introduced in TART framework
(Lu et al., 2025). More detail of our experiments
can be found in Section C.

5.1 Effects of Optimizing Instructions on
Table Reasoning

Tables 2 and 3 provide evidence that prompt opti-
mization improves table reasoning performance in
both the direct and CoT settings. To analyze this in
more detail, Tables 5 and 6 present confusion ma-
trices comparing the differences between SIMBA
optimization and the baseline.

The most salient pattern observed from Tables 5
and 6 is that optimization increases the proportion
of refute predictions, indicating that it leads to more
conservative predictions overall. To further explain
this effect, we analyzed the optimized instructions
for both the direct and CoT modules.

For direct prompting, we observe that the op-
timized instructions are often tuned towards ordi-
nal information. For Qwen3-32B optimized with
SIMBA, the resulting instruction (Table 7) includes
an additional prompt encouraging attention to the
order of elements in the claim (e.g., “If the table
contradicts the claim’s order, the module should re-
turn ‘refutes.’”). To validate this effect, we defined
a set of ordinal terms (see Section A.1) and ana-
lyzed the effectiveness of the optimized instruction
depending on whether the claim contained ordi-
nal terms (Table 8). Indeed, when the gold label
is ‘refute’, the optimized instruction shows a no-
table 4.5% improvement (from 66.1% to 70.6%)
for claims containing ordinal terms compared to
those without.

For CoT, the instruction (Table 7) optimized by

SIMBA with the Qwen3-32B model is particularly
specialized to numerical comparisons (e.g., “the
module should focus on comparing the values in
the table to determine if the claim is supported or
refuted”). Following a similar procedure as above,
we defined a set of comparative terms (Section A.2)
and analyzed whether the optimized instruction
prompts more explicit comparison behavior during
reasoning, and how this affects performance (Ta-
ble 9). Again, when the gold label is ‘refute’, the
optimized instruction yields a 2.4% improvement
(from 83.7% to 86.1%).

Tables 8 and 9 validate that the optimization
process encourages the model to focus on specific
aspects crucial for table reasoning (element order
and numerical comparison for Direct prediction
and CoT respectively) and that these behaviors are
effectively reflected in performance improvements.

5.2 Analysis of Tool Use Behavior

We investigate the tool use behavior of ReAct with
Qwen3 models on the SciTab test data before and
after instruction optimization. For the 32B model,
COPRO increases the tool calling frequency from
90% to 93%, but leads to more error rates (suc-
cessful execution is reduced from 42% to 12%).
Both MiPROV2 and SIMBA guide the model to-
wards a more direct reasoning path by reducing tool
usage frequency from 90% to 70.6% and 35.4% re-
spectively, while increasing the average length of
reasoning in the trajectory by 16% and 33%. This
implies that MiPROv2 and SIMBA encourage di-
rect table interpretation rather than relying heavily
on tool-based verification and only invoke tool calls
when necessary. MiPROV2 leads to more tool ex-
ecution errors after optimization, while SIMBA
maintains a similar level of error rate compared to
the baseline.

For the smaller 8B model, COPRO and
MiPROvV2 dramatically reduce tool usage fre-
quency from 67% to around 40%, while SIMBA
maintains a similar level of tool use frequency as
the baseline with a slightly improved successful
execution rate (40.8% to 41.2%).

5.3 Error analysis of ReAct and CodeAct

To assess the validity of ReAct and CodeAct re-
sults, we sample 20 error cases from each setting
with Qwen3-32B on the SciTab test set and con-
duct a manual error analysis. We define a high-level
error taxonomy consisting of three categories: data-
related, code-related, and reasoning errors, and an-
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Gemma3-12B Gemma3-27B

Module Optimizer PubHealth SciTab TabFact MMSci  PubHealth SciTab TabFact MMSci
Acc F1 Acc F1  Acc FI  Acc Fl Acc Fl  Acc F1  Acc Fl1 Acc Fl
Baseline 778 728 483 434 57.6 546 647 389 828 804 536 507 586 603 66.7 450
Direct +COPRO 80.6 772 499 464 588 589 659 453 828 80.2 515 482 544 592 657 449
mree +MiPROvV2 80.6 794 55.0 54.7 632 64.1 669 450 828 803 559 546 592 61.6 674 46.0
+SIMBA 81.7 79.5 543 528 592 60.1 645 450 856 837 60.6 60.6 629 629 673 474
Baseline 87.8 864 543 523 755 777 793 546 878 869 622 619 783 808 829 589
CoT +COPRO 87.8 86.5 573 564 745 766 79.8 548 894 88.7 615 613 784 81.6 846 598
© +MiPROv2 87.2 85.6 583 57.8 80.1 822 847 60.5 839 87.8 648 644 814 834 858 625
+SIMBA 894 888 60.1 59.6 77.6 79.3 832 577 889 876 636 638 758 79.1 819 59.0
Baseline 83.9 829 492 487 649 728 799 575 878 86.8 529 529 763 808 829 587
ReAct +COPRO 872 865 583 571 77.1 794 847 61.0 850 83.6 480 479 729 784 69.3 525
+MiPROv2 844 835 49.0 487 64.6 725 799 574 894 888 63.6 632 829 844 865 625
+SIMBA 86.7 857 534 510 79.8 81.1 848 592 90.0 893 604 589 84.0 850 858 62.6
Baseline 86.7 86.0 515 498 647 722 832 577 872 862 559 56.1 73.6 787 858 613
CodeAct +COPRO 894 889 543 534 670 744 850 o61.1 889 879 592 595 79.0 81.5 844 61.1
+MiPROv2 883 87.6 499 48.6 789 81.6 847 590 856 848 555 56.0 813 836 86.5 628
+SIMBA 85.0 84.0 552 548 775 799 834 61.7 894 885 583 567 831 844 87.6 65.6

Table 3: Results of Gemma3-12B

and Gemma3-27B on test sets. Bold is best performance per method and dataset.

GPT-40-mini GPT-40

Module Optimizer PubHealth SciTab TabFact-mini MMSci PubHealth SciTab TabFact-mini MMSci
Acc Fl Acc Fl Acc F1 Acc Fl Acc Fl Acc Fl Acc F1 Acc Fl
ReActable 739 734 527 524 855 855 643 482 833 826 676 67.6 8.8 897 854 628
Baseline 856 853 583 584 650 667 700 512 90.6 89.8 650 650 732 748 82.1 60.1
Direct +COPRO 86.7 87.1 61.1 61.0 652 657 708 51.8 894 889 648 647 760 77.0 847 612
+MiPROvV2 85.0 852 60.1 598 635 639 71.6 529 90.0 89.1 650 651 745 760 844 61.7
+SIMBA 86.1 856 57.1 56.6 605 640 69.7 51.1 894 885 653 652 765 773 828 598
Baseline 90.6 90.1 629 63.0 798 824 83.0 589 878 872 692 69.1 878 89.6 877 637
CoT +COPRO 90.0 89.6 61.8 61.7 81.0 827 83.6 613 87.8 875 69.7 69.6 830 89.8 884 650
+MiPROvV2 89.4 889 648 648 812 83.0 844 609 894 889 70.6 705 885 899 883 658
+SIMBA 90.0 89.5 643 643 788 8l.1 84,5 622 90.0 89.8 706 70.5 90.2 914 879 643
Baseline 87.8 873 550 53.1 848 854 844 612 883 873 641 628 900 903 89.5 66.2
ReAct +COPRO 894 889 594 584 828 837 857 618 894 889 678 673 902 910 887 670
+MiPROV2 90.0 89.6 60.1 60.0 825 832 845 603 894 884 662 656 908 914 885 67.6
+SIMBA 91.7 91.1 60.1 599 848 861 84.0 622 883 87.6 683 683 91.0 923 83.1 64.0
Baseline 844 837 59.0 588 825 839 845 604 872 867 634 623 902 90.8 893 654
CodeAct +COPRO 844 828 534 522 835 847 854 613 894 89.0 629 60.7 905 914 89.7 649
0deAc +MiPROV2 80.6 779 522 489 852 86.6 829 57.8 91.1 90.6 65.0 639 912 91.7 892 62.6
+SIMBA 844 83.0 557 549 815 830 84.1 586 883 87.6 61.1 60.5 90.0 914 89.0 654

Table 4: Results of GPT-40-mini and GPT-40 on test sets. Bold is best performance per method and dataset.

alyze which category or categories each erroneous
instance belongs to, noting that a single instance
can fall into more than one category.

The main sources of errors in ReAct are issues
with reasoning (45%) and data-related errors (35
%). ReAct often focuses on part of the statement in
a complex claim, neglecting other relevant data in
tool planning or reasoning steps. Also, tool traces
with execution errors can lead to illogical reasoning
that is inconsistent with the provided table data.
Data-related issues include underspecified claims
and noisy table structure, which makes it difficult
for ReAct to construct correct SQL queries.

For CodeAct, the error analysis in Table 11

shows that the largest share of errors (70%) stems
from issues intrinsic to the SciTab dataset, includ-
ing subjective or underspecified claims (e.g. unde-
fined notions of “significance”), claims requiring
information not present in the table, or incorrect
gold labels. Code-related errors account for over
30% of cases; among 6 such errors, 4 arise from
code execution failures due primarily to syntactic
issues, indicating that more robust coding agents
could substantially reduce this error type. Rea-
soning errors constitute around 15% of the total
and are claim-related, typically involving claim
misinterpretation or failure to recognize that the
table lacks the required information, where a "not
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Direct Gold
(Base—SIMBA) Support Refute
< Support 3,870—2,941 2,430—1,270
.'g Refute 311—1,242  1,648—2,880
= Not
Enough Info 125—123 225—153

Table 5: Confusion matrices before and after prompt
optimization for Direct prediction with the Qwen3-32B
model on TabFact. — and — indicate positive and
negative changes respectively.

CoT Gold
(Base—SIMBA) Support Refute
< Support 3,643—3,648 429—403
% Refute 483—499 3,628—3,691
A Not
Enough Info 180—159 246—209

Table 6: Confusion matrices before and after prompt op-
timization for CoT with the Qwen3-32B model on Tab-
Fact. — and — indicate positive and negative changes
respectively.

enough information" label should have been pre-
dicted. Notably, even when code execution failed,
the model occasionally compensated during the
reasoning phase by approximating the intended
computation through inspection of the generated
code or table contents.

5.4 Comparison of CoT with ReAct

To understand the performance differences between
CoT reasoning and tool-augmented agents, we con-
duct a detailed analysis of 50 instances from the
SciTab test set and evaluate Qwen3-8B and Qwen3-
32B predictions after optimizing instructions with
MiPROvV2. As shown in Table 10, ReAct consis-
tently outperforms CoT across both Qwen3-32B
(78% vs. 70%) and Qwen3-8B (60% vs. 54%) on
this subset. A closer inspection of these 50 claims
reveals complementary failure modes.

The primary advantage of ReAct lies in its it-
erative verification process, which is effective for
verifying complex or multi-clause claims that in-
volve multiple quantitative checks, such as “G2S
approaches outperform the S2S baseline”. Even
though some tool calls may fail with execution er-
rors, the agent can re-examine the table evidence
and switch to a different strategy using language-
based reasoning in the following step. This stands
in contrast to CoT’s reasoning process, which often

fails to aggregate all sub-claims before reaching a
final verdict. In addition, CoT often misinterprets
metric directionality, such as treating lower error
rates (e.g., ADDED/MISS values) as worse perfor-
mance. For Qwen3-32B, four of the six ReAct-only
successes are on claims that CoT incorrectly labels
as refutes due to misinterpreting metric directional-
ity. The other are cases where CoT abstains from
deciding on multi-clause improvements (e.g. "out-
performs baselines by 10.5 F1"). The 8B model
exhibits a similar pattern but with a stronger ten-
dency to abstain from making decisions.
However, ReAct’s reliance on tool-based verifi-
cation can hinder its performance on simple and
straightforward claims, where direct table interpre-
tation is enough for making the decision, such as
"BI and IS individually outperform the oracle". For
the Qwen3-8B model, every instance where CoT
succeeded but ReAct failed is due to tool execu-
tion errors. The agent is prone to violating the tool
schema and representing table data in the wrong
format when making tool calls. The resulting exe-
cution errors prevent the verifier from revisiting the
claim, causing the reasoning process to terminate
with either a not enough info or refutes label. Over-
all, this comparison confirms that tool planning en-
courages more systematic evidence checking, but
the benefits only appear when the learned tool in-
terface is properly aligned with the tool executor.

5.5 Comparison of ReAct with CodeAct

We analyze 100 random instances from SciTab test
data to study the differences between ReAct and
CodeAct based on Qwen3-32B predictions. Distri-
bution of the correctness before and after SIMBA
optimization is shown in Table 12.

Among 17 ReAct-only correct instances in the
baseline experiments, we observe that CodeAct
often struggles with parsing table data as well as
handling numerical aggregation and comparison.
Unlike ReAct that uses SQL tool to extract relevant
table data and solves math problems in the fol-
lowing reasoning steps, CodeAct relies on python
codes for both table parsing and math reasoning.
The generated python code often introduces a ta-
ble representation or directly assigns relevant table
cells to variables, which is prone to mistakes. Also,
CodeAct tends to be overly strict when making
numerical comparisons and may fail to consider
all the relevant entries. After SIMBA optimiza-
tion, CodeAct gives correct predictions on 11 out
of 17 error instances. We find SIMBA is particu-
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Module

Instruction

Baseline Verify the given claim against the provided table data.

Verify the given claim against the provided table data.\n\nIf the module receives a claim that specifies a particular treatment

Direct (SIMBA)

as the “first” or "second’ alternative for a given condition, it should carefully cross-check the table data to ensure the claim’s
order of alternatives matches the table. [...] If the table contradicts the claim’s order, the module should return 'refutes.’[...]

Avoid returning 'not enough info’ when the table provides sufficient data to evaluate the claim.

Verify the given claim against the provided table data.\n\nlf the claim refers to the effectiveness or performance of a method in a

CoT (SIMBA)

specific stage, and the table includes evaluation metrics (e.g., accuracy, percentage) for that stage, then the module should focus
on comparing the values in the table to determine if the claim is supported or refuted. Avoid assuming the table lacks certain metrics

unless explicitly stated. [...]

Table 7: Baseline and optimized instructions for the Qwen3-32B model using the SIMBA optimizer. The prompt
parts that exhibit the characteristics analyzed in Tables 8 and 9 are underlined. Some parts of the instructions have

been omitted for clarity.

Metric With Ordinal Terms  Without Ordinal Terms
Baseline SIMBA Baseline SIMBA

Instances 1,499 7,110

Accuracy by Gold Label

All (overall) 63.7 69.0 64.2 67.3

Refute 39.0 70.6 38.1 66.1

Support 90.2 67.4 89.8 67.4

Table 8: Comparison of Direct prediction with Qwen3-
32B before and after optimization (SIMBA) on in-
stances containing ordinal terms in the claim (Sec-
tion A.1) from TabFact.

Metric Baseline

1,882

SIMBA  Overlap
2,016 2,382

Instances w/ comparative terms

Accuracy on Overlapping Instances by Gold Label

All (overall) 83.0 84.1 -
Refute 83.7 86.1 -
Support 82.2 81.8 -

Table 9: Comparison of CoT with Qwen3-32B before
and after optimization (SIMBA) on instances containing
comparative terms in the reasoning (Section A.2) from
TabFact.

larly effective for improving table parsing and sim-
ple numerical comparison by introducing heuris-
tic rules. However, CodeAct still shows limited
reasoning ability after optimization in validating
complex claims, especially demonstrating weak
performance when the claim contains ambiguous
descriptions or requires multi-row comparisons.

6 Conclusion

Recent research on tabular fact checking has in-
vestigated tool-augmented and agentic approaches,
yet it remains unclear whether external tools and
program-aided reasoning provide consistent ad-
vantages over language-based reasoning for latest
LLMs. In this work, we present the first compara-

QOutcome Qwen3-32B  Qwen3-8B
Both correct 33 22
CoT only correct 2 5
ReAct only correct 6 8
Both wrong 9 15

Table 10: Comparison of CoT and ReAct on 50 random
SciTab test claims.

Taxonomy ReAct CodeAct
Data-related Errors 7 (35%) 14 (70.0%)
Code-related Errors 5 (25%) 6 (30.0%)
Reasoning Errors 9 (45%) 3 (15.0%)

Table 11: Number of error instances of each type found
in ReAct and CodeAct predictions with Qwen3-32B on
SciTab.

Outcome Baseline  with SIMBA
Both correct 44 52
ReAct only correct 17 12
CodeAct only correct 7 13
Both wrong 32 23

Table 12: Comparison of ReAct and CodeAct with
Qwen3-32B on 100 random SciTab test instances

tive analysis of various prompting techniques for
tabular fact checking and examine the impact of
instruction optimization on reasoning and tool use
behavior across two model families. Our analysis
reveals that MiPROv2 optimizer yields substantial
gains for CoT reasoning, while SIMBA proves ef-
fective in refining the instructions of ReAct and
CodeAct agents. Both MiPROv2 and SIMBA en-
courage more direct reasoning paths and help re-
duce unnecessary tool calls. Overall, CoT remains
a strong choice for tabular fact checking, partic-
ularly with smaller models. Meanwhile, ReAct
agents built on larger models can achieve competi-
tive performance, but require more careful instruc-
tion optimization.
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Limitations

While our study provides valuable insights into
the impact of instruction optimization on diverse
prompting techniques for tabular fact checking,
we acknowledge several limitations in our exper-
imental setup. The scope of our experiments is
restricted to two specific model families, Qwen3
and Gemma3, each with two sizes, and the gen-
eralizability of our findings to other model archi-
tectures or substantially larger models remains an
open question. Our comparative analysis is lim-
ited to three representative instruction optimization
methods, and a broader survey of latest techniques
such as GEPA (Agrawal et al., 2025) could reveal
different model behaviors or performance trade-
offs. Our evaluation of ReAct agent is conducted
with a single tool for executing SQL queries, which
does not capture the complexities of tool selection
in multi-tool scenarios. Additionally, we do not
account for the potential influence of the quality of
the initial instruction on the optimization process.
All the experiments are conducted with the same
seed instruction in a simple format.
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A Implementation Details

A.1 List of Ordinal Terms

Table 13 shows the list of ordinal terms used in
the experiments in Section 5.1. These terms are
pre-determined prior to the experiments and used
to identify cases where the claim involves ordinal
information, such as ordering or ranking relations
between the claim and the table values or among
the table values themselves.

A.2 List of Comparative Terms

Table 14 shows the list of comparative terms used in
the experiments in Section 5.1. These terms are pre-
determined prior to the experiments and served as a
proxy indicator for whether the model’s reasoning
process involves comparisons either between the
claim and the table values or among the table values
themselves.

A.3 Hyperparameter setting

We conduct our analysis with the instruction opti-
mizers from DSPy.

COPRO For COPRO optimization, we set the
breadth to 6 and depth to 3. The initial temperature
for instruction generation is set to 1.2.

MiPROvV2 To ensure a consistent comparison
among the optimizers, MiPROv2 optimizer is
configured to refine only the prompt instructions.
Specifically, we set the number of bootstrapped
demonstrations and number of labeled demonstra-
tions to 0 and use the medium optimization mode.

SIMBA  We set the number of generated candi-
dates per iteration to 6 and the number of itera-
tion steps to 8. The maximal number of few-shot
demonstrations is set to 0 to ensure only the instruc-
tions are optimized. We use a random seed of 0 for
sampling candidate programs during optimization.

A.4 Dataset Details

All the evaluation datasets (PubHealthTab, SciTab,
TabFact, MMSci) used in our experiments are avail-
able under the MIT License. For each dataset, we
adopt the original version from the official Github
repository.

A.5 Computation Details

Experiments with Qwen3-8B, Gemma3-12B and
Gemma3-27B were run on a single NVIDIA A100
GPU with 80GB of GPU memory. Experiments

with Qwen3-32B were run on two NVIDIA A100
GPUs. The GPU hours depend on the model size,
prompting method, optimizer type and size of test
dataset. For example, optimizing the instructions
in ReAct or CodeAct with COPRO and SIMBA
optimizer on the hybrid train data takes up to 10
hours. Evaluation on TabFact test data with Re-
Act or CodeAct framework using a large backbone
model (27B/32B) usually takes up to 2 to 3 days.

A.6 Implementation of ReActable

The official ReActable implementation is incompat-
ible with GPT-40 models, since the models do not
consistently follow the output format defined in the
in-context samples, which leads to parsing failure
when extracting code blocks from generated con-
tent. To evaluate ReActable with GPT-40 models,
we reproduce the pipeline by enforcing structured
output generation using instructor library (Liu
and Contributors, 2024). At each iteration step,
the model can choose from three actions, including
executing SQL command, executing Python snip-
pet and predicting the final verdict. The code is
executed on the most recent intermediate table that
can be successfully processed. We set the maxi-
mum number of iterations to 5, use a temperature
of 0 and limit the generation to 3,500 tokens per
iteration step. The model is forced to output the
final label if it generates repeated code blocks in
consecutive iterations or if code execution fails.

We extend the prompt templates by adapting the
instructions to our tasks and design system prompts
with more detailed instructions to provide guidance
on structured output generation, as shown in Fig-
ure 1, 2, 3 and 4. We use the same in-context
demonstrations across all three-class fact check-
ing experiments, which are built from 5 random
instances in SciTab training set. We use 3 out of
these in-context samples annotated with binary la-
bels in TabFact experiments.

B Optimized Instructions

Table 15 shows the optimized instructions with dif-
ferent optimizers for Qwen3-32B. With COPRO
optimization, the refined instruction describes a
detailed procedural workflow, where “design an
SQL query to extract relevant data” is included as
a mandatory reasoning step. The agent is forced to
use the tool for simple queries, which can lead to
a high volume of low-quality or unnecessary tool
calls. With MiPROvV2, the optimized instruction
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Ordinal Terms

“first’, ‘second’, ‘third’, ‘fourth’, ‘fifth’, ‘sixth’, ‘seventh’, ‘eighth’, ‘ninth’, ‘tenth’, ‘next’, ‘last’,
‘previous’, ‘following’, ‘initial’, ‘final’, ‘primary’, ‘secondary’, ‘subsequent’, ‘preceding’, ‘beginning’,
‘middle’, ‘end’, ‘earlier’, ‘later’, ‘prior’, ‘posterior’, ‘successive’, ‘consecutive’, ‘sequential’

Table 13: List of ordinal terms used in the experiments in Section 5.1

Comparative Terms

"lower’, “higher’, ’greater’, ’smaller’, ’larger’, ’lesser’, ’equal’, "unequal’, "bigger’, ’shorter’,
’longer’, ’deeper’, ’stronger’, *weaker’, ’faster’, ’slower’, ’earlier’, ’later’, ’better’, *worse’,
’superior’, 'inferior’, 'maximum’, “minimum’, ’greater than’, ’less than’, ’equal to’, *'more than’,
fewer than’, ’at least’, at most’, ‘not more than’, 'not less than’

Table 14: List of comparative terms used in the experiments in Section 5.1

System prompt (Two classes) System prompt (Three classes)

You verify claims against tables step-by-step
using SQL, Python, or a direct answer.

RULES:

1. Each step: pick action_type = SQL |
Python | Answer.

2. SQL/Python — fill "code" with executable
code. NEVER put a label in "code".

3. Answer — fill "label" with exactly
"supported" or "refuted".

4. Table name is DF. Wrap column names
with spaces in backticks: ‘Col Name"*.

5. An executor runs your code and returns an
intermediate table.

6. Keep code short (<300 chars). Operate on
the most recent intermediate table.

IMPORTANT: "code" = executable
SQL/Python ONLY. "label" = final ver-
dict ONLY. Never mix them.

Figure 1: System prompt used for two-class table-based
fact checking tasks.

only consists of short and high-level guiding princi-
ples. It explicitly mentions "Use the execute_sql
tool when necessary for deeper insights", which
allows the agent to decide when to invoke the tool
based on claim complexity. SIMBA optimization
results in lengthy instructions by appending spe-
cific rules to the seed instruction, including details
on how to formulate tool calls and when to avoid

You verify claims against tables step-by-step
using SQL, Python, or a direct answer.

RULES:

1. Each step: pick action_type = SQL |
Python | Answer.

2. SQL/Python — fill "code" with executable
code. NEVER put a label in "code".

3. Answer — fill "label" with exactly
"supported"”, "refuted”, or "not verifiable".

4. Table name is DF. Wrap column names
with spaces in backticks: ‘Col Name"*.

5. An executor runs your code and returns an
intermediate table.

6. Keep code short (<300 chars). Operate on
the most recent intermediate table.

Labels:

- "supported": table confirms the claim.

- "refuted": table contradicts the claim.

- "not verifiable": table lacks relevant info
(only after examining data).

IMPORTANT: ‘"code" = executable
SQL/Python ONLY. "label" = final ver-
dict ONLY. Never mix them.

Figure 2: System prompt used for three-class table-
based fact checking tasks.

constructing complex SQL queries. By providing
explicit heuristics, SIMBA effectively teaches the
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Optimizer

Optimized Instruction

Baseline

Verify the given claim against the provided table data.

COPRO

You are a reasoning agent responsible for determining whether a provided claim is supported, inaccurate,
or indeterminate based on the data in the provided table and its contextual caption. You will analyze
the structure, content, and context of the table, craft an effective SQL query using the execute_sql
tool to extract or verify relevant evidence, and use the retrieved information to make an evidence-based
evaluation.\n\nFollow the structured approach:\nl. Begin by thoroughly reading the claim, table, and
the caption to understand the context and what the table represents.\n\n2. Design an SQL query to
extract relevant data directly from the table by executing the execute_sql tool with a table_name and
sql_query that targets the claim.\n3. Examine the query result closely and evaluate it in light of the
claim.\n4. Reason through your findings step by step, making explicit references to the evidence derived
from the query and table.\n5. Once you have sufficient information and a conclusive understanding of
whether the claim is supported by the data or contradicts it, use the finish tool to provide your final
answer: supported, not supported, or insufficient evidence.\n\nYour answer should be data-driven
and well-supported, with clear reasoning.

MiPROV2

Carefully verify the accuracy of the provided claim using the structured table data. You are an intelligent
Agent tasked with reasoning through the claim and deciding if it is supported, refuted, or if there’s not
enough information to judge. Use the execute_sqgl tool to query the table when necessary for deeper
insights and the finish tool once you are confident in your verification. Always base your reasoning on
the data and avoid making assumptions not directly supported by the table.

SIMBA

Verify the given claim against the provided table data.\n\nYou are an Agent. In each episode, you will be
given the fields claim, table, caption as input. And you can see your past trajectory so far. Your goal is
to use one or more of the supplied tools to collect any necessary information for producing answer.\n\nTo
do this, you will interleave next_thought, next_tool_name, and next_tool_args in each turn, and also
when finishing the task. After each tool call, you receive a resulting observation, which gets appended to
your trajectory.\n\nWhen writing next_thought, you may reason about the current situation and plan for
future steps. When selecting the next_tool_name and its next_tool_args, the tool must be one of:\n\n(1)
execute_sql [...]\n(2) finish [...]\nWhen providing next_tool_args, the value inside the field must
be in JSON format\n\nlf the table data explicitly contains the information needed to verify the claim, the
module should immediately call the finish tool without executing unnecessary SQL queries. Specifically,
if the claim is about matching URLs to organization names and the table directly lists these associations, the
module should recognize this and conclude the task without further tool calls. [...] If the claim refers to a
specific metric (e.g., accuracy) and a specific setting (e.g., transductive), the module should verify whether
the table explicitly reports that metric and setting. If the table only provides related metrics (e.g., F-Score)
or does not mention the setting, the module should not assume equivalence and should conclude that the
data does not directly support the claim.

Table 15: Seed instruction and the instructions optimized by different optimizers (COPRO, MiPROv2, SIMBA) for
ReAct agent with Qwen3-32B model. The underlined instructions highlight key characteristics of each optimizer.
Some parts of the instructions have been omitted for clarity.

agent a more sophisticated decision-making strat-
egy that not only reduces unnecessary tool calls but
also helps avoid reasoning pitfalls (e.g. the agent
should not equate different evaluation metrics if
the metric name is not explicitly mentioned in the
table).

Tables 16 to 31 shows optimized instructions
with different optimizers (COPRO, MiPROV2, and
SIMBA) for four prompting techniques (direct
prompting, CoT, ReAct, and CodeAct) on Qwen3-
8B, Qwen3-32B, Gemma3-12B, and Gemma3-27B
models.

C Ablation Study
C.1 Robustness to Random Seed

We conduct ablation studies with different random
seeds to verify the sensitivity of instruction op-

timization methods. =~ We only adjust the ran-
dom seeds in MiPROv2 and SIMBA optimizer,
since COPRO does not rely on random seeds. In
MiPROvV2 and SIMBA, the random seed is used
to sample prompting strategies for generating new
candidate instructions and to create mini batches
of validation data for assessing the quality of pro-
posed instructions. We evaluate the performance
of Qwen3-32B with CoT prompting across three
random seeds. In Table 32, we observe consistent
performance gains in F1 scores on SciTab, TabFact
and MMSci test sets with both optimizers. The vari-
ation in metric values is under 2% in most settings
for each optimizer, which indicates that the opti-
mizers are not highly sensitive to varying random
seeds.
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Optimizer Instruction

Baseline Verify the given claim against the provided table data.

COPRO Verify the given claim against the provided table data.

MiPROv2  Analyze the claim and the associated table data to determine whether the claim is supported, refuted,
or neutral based on the information provided in the table. Carefully examine the details in the table to
evaluate the accuracy of the claim and provide a clear and justified conclusion.

SIMBA Verify the given claim against the provided table data.

Table 16: Baseline and optimized instructions for the Qwen3-8B model with direct prompting using various
optimizers.

Optimizer Instruction

Baseline Verify the given claim against the provided table data.

COPRO Analyze the table data and the claim thoroughly. Determine whether the claim is supported, contradicted, or
cannot be determined based on the data. Provide a clear and concise evaluation with a brief explanation of your
reasoning.

MiPROv2  Analyze the claim, table data, and table caption to determine whether the claim is supported, refuted, or if there
is not enough information to verify it. Provide a step-by-step reasoning process explaining how you arrived
at your conclusion, and clearly state your final answer as one of the following: ’supports’, ‘refutes’, or 'not
enough info’.

SIMBA Verify the given claim against the provided table data.\n\nIf the module receives a claim comparing the price
values of different energy sources, it should focus on the actual price numbers provided in the table rather than
interpreting the claim as referring to the count of prices. Specifically, when the claim states that one energy
source has the “highest number of energy prices,” it should be understood as comparing the price values, not
the count of entries. The module should directly compare the price values listed in the table and determine
whether the claim is supported, refuted, or if there is not enough information based on the actual numerical
data provided.\n\nlf the module receives a claim that refers to a specific difference (e.g., ’lower by 1.4 for each
metric’), it should check whether the table provides explicit numerical values or metrics to support or refute
this difference. If the table does not contain such specific data, the module should conclude that there is "not
enough info’ rather than making assumptions about the data. Focus on the exact wording of the claim and the
presence of concrete numerical comparisons in the table.\n\nlf the module receives a claim comparing two
models (e.g., *SegMatch works slightly better than Audio2vec’), it should first identify all relevant variants of
the mentioned models in the table. For each metric in the table, compare the values of the models directly. If
the claim refers to a specific difference (e.g., “slightly better’), ensure that the actual numerical differences in
the table are significant enough to support or refute the claim. If the table provides explicit numerical values for
the relevant models, use those to determine whether the claim is supported, refuted, or if there is not enough
information. Avoid making assumptions about the data and focus on the exact wording of the claim and the
presence of concrete numerical comparisons in the table.

Table 17: Baseline and optimized instructions for the Qwen3-8B model with CoT method using various optimizers.
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Optimizer Instruction

Baseline Verify the given claim against the provided table data.

COPRO You are an Agent tasked with evaluating a claim against a given table. You will be provided with the ‘claim®,
‘table‘, and ‘caption® as input. Your objective is to analyze the data and determine whether the claim is supported
by the table, contradicted by it, or if there is insufficient information to decide. You may use the provided tools
to perform analysis and derive conclusions. You should interleave your thoughts, SQL queries, and tool calls to
arrive at a well-reasoned conclusion.

MiPROv2  You are an Agent tasked with verifying a claim against a table. You are provided with the ‘claim‘, ‘table‘, and
‘caption® as input, along with your past trajectory. Your goal is to determine if the claim is supported, refuted,
or if there is not enough information to verify it.\n\nTo accomplish this, you will:\n1. Carefully analyse the
claim and the table data.\n2. Use your reasoning to plan your next step, which could involve:\n a) Executing a
SQL query to extract relevant data from the table using the ‘execute_sql‘ tool. This tool takes the table data,
table name, and SQL query as arguments.\n b) Concluding the task by using the ‘finish‘ tool when you have
sufficient information to evaluate the claim.\n3. After each action, you will receive an observation that gets
appended to your trajectory.\n4. Based on the observations and your reasoning, you will iteratively decide the
next action until you can determine whether the claim is supported, refuted, or cannot be verified.\n\nWhen
writing ‘next_thought‘, you must provide a clear explanation of your reasoning and plan for the next step.
When selecting ‘next_tool_name‘, make sure to choose between ‘execute_sql‘ or ‘finish‘. When specifying
‘next_tool_args‘, ensure the arguments are provided in JSON format.\n\nYour final answer should be one of:\n-
\"supports\" if the claim is supported by the table data.\n- \"refutes\" if the claim is refuted by the table data.\n-
\"not enough info\" if the table data does not provide sufficient information to evaluate the claim.\n\nKeep your
reasoning process clear and concise, and make sure to justify your actions based on the information available in
the table.

SIMBA Verify the given claim against the provided table data.\n\nYou are an Agent. In each episode, you will be
given the fields ‘claim‘, ‘table‘, ‘caption® as input. And you can see your past trajectory so far.\nYour goal is
to use one or more of the supplied tools to collect any necessary information for producing ‘answer*.\n\nTo
do this, you will interleave next_thought, next_tool_name, and next_tool_args in each turn, and also when
finishing the task.\nAfter each tool call, you receive a resulting observation, which gets appended to your
trajectory.\n\nWhen writing next_thought, you may reason about the current situation and plan for future
steps.\nWhen selecting the next_tool_name and its next_tool_args, the tool must be one of:\n\n(1) execute_sql,
whose description is <desc>Execute a SQL query on a table provided as list of lists format. Args: table_data:
List of lists where first row contains headers, subsequent rows contain data table_name: Name of the table
dataframe for executing SQL query sql_query: SQL query string to execute Returns: Formatted string of the
transformed table or error message </desc>. It takes arguments {’table_data’: {’items’: {}, 'type’: ’array’},
“table_name’: {’type’: ’string’}, ’sql_query’: {’type’: ’string’} }.\n(2) finish, whose description is <desc>Marks
the task as complete. That is, signals that all information for producing the outputs, i.e. ‘answer’, are now
available to be extracted.</desc>. It takes arguments { }.\nWhen providing ‘next_tool_args®, the value inside
the field must be in JSON format\n\nIf the module receives a claim that involves comparing systems based on
their training methodology (e.g., reinforcement learning vs. learned rewards), it should focus on identifying
explicit indicators in the table data that directly relate to the training method. For instance, if the claim mentions
’learned reward’ or 'no reinforcement training,” the module should look for specific terms like *Learned’ or 'not
using RL’ in the 'Reward’ column. Avoid making assumptions about simplicity based on reward values alone.
Instead, focus on the explicit data that directly addresses the claim’s components.\n\nlf the module receives
a claim that involves comparing systems based on their training methodology (e.g., reinforcement learning
vs. learned rewards), it should focus on identifying explicit indicators in the table data that directly relate to
the training method. For instance, if the claim mentions ’learned reward’ or "no reinforcement training,” the
module should look for specific terms like "Learned’ or "not using RL’ in the 'Reward’ column. Avoid making
assumptions about simplicity based on reward values alone. Instead, focus on the explicit data that directly
addresses the claim’s components.

Table 18: Baseline and optimized instructions for the Qwen3-8B model with ReAct method using various optimizers.
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Optimizer Instruction

Baseline Verify the given claim against the provided table data.

COPRO You are an intelligent agent tasked with verifying a claim against a provided table. You will receive the
following inputs: ‘claim‘ (a statement to be verified), ‘table‘ (a dataset containing rows and columns), and
‘caption‘ (a description of the table). Your goal is to generate a Python script that analyses the data to verify
the claim. The script should print any relevant information to the console, including the table’s caption and a
sample of the table data. Once all necessary information is collected and the claim is verified, mark the task as
completed with ‘finished=True* and provide a clear final answer.

MiPROv2  Verify the given claim against the provided table data. You are an intelligent agent tasked with evaluating the
truthfulness of the claim based on the information in the table. For each episode, you will receive the fields
‘claim’, ‘table‘, and ‘caption‘ as input.\n\nYour goal is to generate executable Python code that processes the
table data to determine whether the claim is supported, refuted, or not enough information is available. For
each iteration, you will generate a code snippet that either solves the task directly or progresses towards a
solution. Ensure that any output you wish to extract from the code is printed to the console, and the code should
be enclosed in a fenced code block. When all necessary information for determining the truth of the claim is
available, mark ‘finished=True to indicate the completion of the process.\n\nYou have access to the Python
Standard Library and can use any functions provided to analyze the table data. Your code should be precise and
directly address the claim by evaluating the data provided in the table. After executing the code, the result will
be used to determine whether the claim is supported, refuted, or cannot be verified with the given information.

SIMBA Verify the given claim against the provided table data.\n\n'You are an intelligent agent. For each episode, you
will receive the fields ‘claim®, ‘table‘, ‘caption® as input.\nYour goal is to generate executable Python code
that collects any necessary information for producing ‘answer‘.\nFor each iteration, you will generate a code
snippet that either solves the task or progresses towards the solution.\nEnsure any output you wish to extract
from the code is printed to the console. The code should be enclosed in a fenced code block.\nWhen all
information for producing the outputs (‘answer®) are available to be extracted, mark ‘finished=True* besides
the final Python code.\nYou have access to the Python Standard Library and the following functions:\n\nlf the
module receives a claim that involves specific events or scenarios not directly mentioned in the table data, it
should carefully analyze the table’s content to determine if there is any indirect or related information that
could support or refute the claim. If the table does not provide any relevant information, the module should
conclude that there is not enough information to support or refute the claim.\n\nlf the module receives a claim
that involves specific features or embeddings, it should directly compare the relevant metrics for those features
rather than averaging them. This approach will help in identifying subtle differences that may refute or support
the claim. Avoid using averaging unless it is explicitly required to summarize overall performance.\n\nlf the
module receives a claim and table data, it should first parse the table data into a structured format (e.g., a list of
dictionaries) and ensure all variables are properly defined before using them in the code. If the table data is
not in a usable format, the module should convert it into a structured format by explicitly defining the rows
and columns. Additionally, the module should handle any potential errors, such as undefined variables, by
checking for their existence and providing meaningful error messages. This will prevent incorrect conclusions
based on faulty data parsing.\n\nlf the module receives a claim that involves specific features or embeddings, it
should directly compare the relevant metrics for those features rather than averaging them. This approach will
help in identifying subtle differences that may refute or support the claim. Avoid using averaging unless it is
explicitly required to summarize overall performance. Additionally, ensure that the code correctly identifies
and compares the specific fields mentioned in the claim, such as "the precinct’ and ’buta’ in this case, to avoid
misinterpretation of the data.

Table 19: Baseline and optimized instructions for the Qwen3-8B model with CodeAct method using various
optimizers.
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Optimizer Instruction

Baseline Verify the given claim against the provided table data.

COPRO Given a table of data, evaluate the truthfulness of a specific claim by thoroughly cross-referencing it with the
information provided in the table. Explain the reasoning behind your conclusion clearly.

MiPROv2  Verify the given claim against the provided table data.

SIMBA Verify the given claim against the provided table data.\n\nIf the module receives a claim that specifies a
particular treatment as the ’first’ or ’second’ alternative for a given condition, it should carefully cross-check the
table data to ensure the claim’s order of alternatives matches the table. Specifically, if the claim states that *X is
the first alternative and Y is the second,” the module should verify that the table lists X as the "First alternative’
and Y as the ’Second alternative’ for the relevant condition. If the table contradicts the claim’s order, the module
should return ’'refutes.”\n\nIf the module receives a claim that specifies a particular condition (e.g., ’English and
Europarl corpus’), it should focus exclusively on the row in the table that matches that condition. It should then
compare the precision values of DocSub and DF in that row. If DocSub’s precision is lower than DF’s and DF
has the highest precision in that row, the module should return ’supports.” Avoid generalizing across all rows
or misinterpreting the relative values of precision.\n\nlf the module receives a claim that discusses a system’s
training method (e.g., "without any reinforcement training’), it should check whether the table provides explicit
information about the training method of the system in question. If the table does not include such information,
the module should return not enough info’ rather than making an unsupported inference. Specifically, if the
claim is about the simplicity or training method of a system and the table only contains performance metrics
(e.g., ROUGE scores), the module should avoid drawing conclusions about the training method and instead
return ‘not enough info.”\n\nlf the module receives a claim that involves combining the points of players from
the same club, it should sum the points for each club and compare the totals. Specifically, if the claim states
that ’kalner haie gets to be the leading in points,” the module should calculate the total points for kalner haie
and compare it with the total points for other clubs. If kalner haie’s total points are not the highest, the module
should return ’refutes.” Avoid returning "not enough info’ when the table provides sufficient data to evaluate the
claim.

Table 20: Baseline and optimized instructions for the Qwen3-32B model with direct prompting using various
optimizers.

Optimizer Instruction

Baseline Verify the given claim against the provided table data.

COPRO Given a claim and a table of data, assess whether the claim is *completely supported*, *partially supported*,
*contradicted®, or *inconclusive* based on the information in the table. Provide a concise yet thorough
explanation for your evaluation. Consider all relevant data points and ensure that your reasoning directly ties
back to the table’s contents.

MiPROv2  Analyze the given claim by thoroughly examining the provided table and its caption. Use step-by-step logical
reasoning to determine whether the claim is supported, refuted, or if there isn’t enough information in the table
to verify it. Pay attention to specific details and ensure the conclusion is accurate based on the context and data.

SIMBA Verify the given claim against the provided table data.\n\nlf the claim refers to the effectiveness or performance
of a method in a specific stage, and the table includes evaluation metrics (e.g., accuracy, percentage) for that
stage, then the module should focus on comparing the values in the table to determine if the claim is supported
or refuted. Avoid assuming the table lacks certain metrics unless explicitly stated. If the table shows a consistent
improvement in performance with the inclusion of a method in a stage, the module should conclude that the
method is effective in that stage, and use this to refute a claim that it is not.

Table 21: Baseline and optimized instructions for the Qwen3-32B model with CoT method using various optimizers.
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Optimizer Instruction

Baseline Verity the given claim against the provided table data.

COPRO The proposed instruction is as follows:\n\n**Instruction:** You are a reasoning agent responsible for determin-
ing whether a provided ‘claim‘ is supported, inaccurate, or indeterminate based on the data in the provided
‘table‘ and its contextual ‘caption‘. You will analyze the structure, content, and context of the table, craft an
effective SQL query using the ‘execute_sql‘ tool to extract or verify relevant evidence, and use the retrieved
information to make an evidence-based evaluation.\n\nFollow the structured approach:\n1. Begin by thoroughly
reading the ‘claim°, ‘table‘, and the ‘caption‘ to understand the context and what the table represents.\n2.
Design an SQL query to extract relevant data directly from the ‘table‘ by executing the ‘execute_sql‘ tool with a
‘table_name* and ‘sql_query" that targets the claim.\n3. Examine the query result closely and evaluate it in light
of the claim.\n4. Reason through your findings step by step, making explicit references to the evidence derived
from the query and table.\n5. Once you have sufficient information and a conclusive understanding of whether
the claim is supported by the data or contradicts it, use the ‘finish‘ tool to provide your final answer: ‘supported®,
‘not supported*, or ‘insufficient evidence*.\n\nYour answer should be data-driven and well-supported, with clear
reasoning.

MiPROv2  Carefully verify the accuracy of the provided claim using the structured table data. You are an intelligent
Agent tasked with reasoning through the claim and deciding if it is supported, refuted, or if there’s not enough
information to judge. Use the ‘execute_sql‘ tool to query the table when necessary for deeper insights and the
“finish* tool once you are confident in your verification. Always base your reasoning on the data and avoid
making assumptions not directly supported by the table.

SIMBA Verify the given claim against the provided table data.\n\nYou are an Agent. In each episode, you will be
given the fields ‘claim‘, ‘table‘, ‘caption‘ as input. And you can see your past trajectory so far.\nYour goal is
to use one or more of the supplied tools to collect any necessary information for producing ‘answer*.\n\nTo
do this, you will interleave next_thought, next_tool_name, and next_tool_args in each turn, and also when
finishing the task.\nAfter each tool call, you receive a resulting observation, which gets appended to your
trajectory.\n\nWhen writing next_thought, you may reason about the current situation and plan for future
steps.\nWhen selecting the next_tool_name and its next_tool_args, the tool must be one of:\n\n(1) execute_sql,
whose description is <desc>Execute a SQL query on a table provided as list of lists format. Args: table_data:
List of lists where first row contains headers, subsequent rows contain data table_name: Name of the table
dataframe for executing SQL query sql_query: SQL query string to execute Returns: Formatted string of the
transformed table or error message </desc>. It takes arguments {’table_data’: {’items’: {}, ’type’: ’array’},
“table_name’: {’type’: ’string’}, ’sql_query’: {’type’: ’string’ } }.\n(2) finish, whose description is <desc>Marks
the task as complete. That is, signals that all information for producing the outputs, i.e. ‘answer‘, are now
available to be extracted.</desc>. It takes arguments { }.\nWhen providing ‘next_tool_args*, the value inside the
field must be in JSON format\n\nIf the table data explicitly contains the information needed to verify the claim,
the module should immediately call the ‘finish tool without executing unnecessary SQL queries. Specifically,
if the claim is about matching URLSs to organization names and the table directly lists these associations, the
module should recognize this and conclude the task without further tool calls. Avoid overcomplicating the
verification process with multiple queries when the data is already clear and accessible.\n\nlf the table data
explicitly contains the required information for verification, the module should avoid executing unnecessary
SQL queries. Specifically, if the claim is about comparing accuracy values and the table directly lists these
values, the module should extract the relevant data directly from the table without constructing complex SQL
queries. Additionally, the module should not assume that a marginal increase in accuracy is sufficient to support
a claim about the incorporation of a new concept (e.g., sense-level information) unless the data explicitly
supports this conclusion.\n\nIf the claim refers to a specific metric (e.g., accuracy) and a specific setting (e.g.,
transductive), the module should verify whether the table explicitly reports that metric and setting. If the table
only provides related metrics (e.g., F-Score) or does not mention the setting, the module should not assume
equivalence and should conclude that the data does not directly support the claim.

Table 22: Baseline and optimized instructions for the Qwen3-32B model with ReAct method using various
optimizers.
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Optimizer Instruction

Baseline Verity the given claim against the provided table data.

COPRO You will act as a data verification assistant. Your task is to evaluate whether the provided ‘claim‘ is supported
by the data in the ‘table‘ (a dictionary with key-value structure), which is accompanied by the ‘caption‘ (a brief
explanation of the table’s contents). Generate concise and functional Python code that verifies the claim against
the table. The code should print relevant results for making a judgment on the truth of the claim. When the data
needed to evaluate the claim is fully extracted or the task is complete, conclude by marking ‘finished=True‘ and
output your findings in the answer field.

MiPROv2  Verify the accuracy of a given claim by generating Python code that interprets the provided table data, including
checking for numerical trends, comparisons, and contextual details from the table caption.\n\nAs an intelligent
agent, you will receive a claim, a table, and a caption as inputs. Your task is to generate Python code that either
directly answers the claim or helps collect information to support a final answer. The code should be written
in an iterative way and should output relevant information for evaluation. When the claim can be definitively
answered, indicate this with ‘finished=True‘ alongside your code. You can utilize the Python Standard Library
and any relevant functions to support your analysis. Make sure the output is printed clearly and in a structured
format.

SIMBA Verify the given claim against the provided table data.\n\nYou are an intelligent agent. For each episode, you
will receive the fields ‘claim’, ‘table‘, ‘caption® as input.\nYour goal is to generate executable Python code that
collects any necessary information for producing ‘answer‘.\nFor each iteration, you will generate a code snippet
that either solves the task or progresses towards the solution.\nEnsure any output you wish to extract from the
code is printed to the console. The code should be enclosed in a fenced code block.\nWhen all information for
producing the outputs (‘answer*) are available to be extracted, mark ‘finished=True* besides the final Python
code.\nYou have access to the Python Standard Library and the following functions:\n\nlf the module receives
a claim about the methodology of a classifier (e.g., we use a rule-based classifier’), it should generate code
that prints the table data and the caption for inspection, without making assumptions about the relationship
between the data and the claim. The code should be structured to ensure that the data is clearly presented for the
extractor to interpret.\n\nlf the module receives a claim about a general trend (e.g., ’Prescriptions for Opioids
decreased from 2010-2015) and the table contains percentages of counties with changes in various measures, it
should generate code that prints the raw table data and the caption for inspection. Avoid attempting to process
or analyze the data directly, as the table may not provide the necessary information to verify the claim. Ensure
that the code is syntactically correct by properly escaping newline characters and using triple-quoted strings
if needed.\n\nlf the module receives a claim about a chronological relationship between two events and the
table contains the years of these events, it should generate code that correctly parses the years and checks
the chronological order. Ensure that the code is syntactically correct by properly indenting all code blocks,
especially after control flow statements like ’if” and ’else’.\n\nIf the module receives a claim about a general
trend and the table contains percentages of counties with changes in various measures, it should generate code
that prints the raw table data and the caption for inspection. Avoid attempting to process or analyze the data
directly, as the table may not provide the necessary information to verify the claim. Ensure that the code is
syntactically correct by properly escaping newline characters and using triple-quoted strings if needed.

Table 23: Baseline and optimized instructions for the Qwen3-32B model with CodeAct method using various
optimizers.
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Optimizer Instruction

Baseline Verify the given claim against the provided table data.

COPRO You are a precise and reliable fact-checking assistant. You will be provided with a claim and a table of data.
Your task is to rigorously assess the claim against the data and definitively classify it as either *Supported’,
’Contradicted’, or *Not Determinable’. Provide a concise explanation for your classification, citing specific data
points from the table as irrefutable evidence. Should the claim be deemed *Not Determinable’, clearly articulate
the specific information required to reach a conclusive assessment. Structure your response to prioritize clarity,
accuracy, and brevity, ensuring a seamless understanding of your reasoning.

MiPROv2  You are a fact-checking assistant. Given a claim, a table, and a caption describing the table, determine if the
claim is refuted by the table. Return \"refutes\" if the claim contradicts information in the table, and \"supports\"
otherwise. Focus on precise comparisons between the claim’s assertions and the data presented in the table,
considering the table’s caption for context.

SIMBA Verify the given claim against the provided table data.\n\nWhen evaluating a claim involving numerical
comparisons against table data, carefully extract the relevant numerical values from the table. Specifically,
when the claim involves comparing two values, ensure you are comparing the correct values (e.g., comparing
’conversion factor’ for "Hydrocodone’ and "Hydromorphone’). If one value is larger than the other, and the
claim asserts the opposite, classify the claim as 'refutes’. Prioritize direct numerical comparisons over any
potential misinterpretations of the table’s context.\n\nWhen evaluating claims involving numerical comparisons
against table data, prioritize direct numerical comparisons. Specifically, extract the relevant numerical values
(deaths and hospitalizations in this case) and compare them. If the claim asserts a difference and the numbers
support that difference, classify as ’supports’. If the claim asserts the opposite of the numerical difference,
classify as ’refutes’. Pay close attention to the wording of the claim (e.g., 'much lower’, "higher’, ’equal’)
to ensure accurate comparison.\n\nWhen evaluating claims about attendance changes, directly compare the
attendance numbers for the specified dates. If the attendance on the second date is significantly lower than
the first, classify the claim as ’supports’. Be mindful of the wording of the claim (e.g., ’significant decline’)
and ensure the numerical difference aligns with that wording. Prioritize numerical comparison over any other
contextual factors.\n\nWhen evaluating claims about recovered footage, carefully examine the *missing episodes
with recovered footage’ column for the relevant story and episode. If the table indicates that episode 4 for story
032 in Australia has recovered footage, classify the claim as *supports’. Prioritize direct matches between the
claim and the table data, especially when the claim explicitly mentions a specific episode and story number.

Table 24: Baseline and optimized instructions for the Gemma3-12B model with direct prompting using various
optimizers.

3099



Optimizer Instruction

Baseline Verify the given claim against the provided table data.

COPRO You are an expert fact-checker specializing in data-driven verification. Your task is to rigorously evaluate a
given claim against the information presented in a provided table. Determine whether the claim is definitively
supported, definitively contradicted, or if the table contains no relevant information about the claim (not
mentioned). Provide a concise but thorough justification for your assessment, always referencing specific data
points from the table to substantiate your reasoning. Prioritize clarity and precision in your explanation.

MiPROv2  You are an expert claim verifier. Analyze the provided claim and the accompanying table to determine if the
claim is supported, refuted, or if there is not enough information to verify it. Provide a detailed, step-by-step
reasoning process explaining how you arrived at your conclusion. Clearly state your final answer as \"supports,\"
\"refutes,\" or \"not enough info.

SIMBA Verify the given claim against the provided table data.\n\nWhen verifying a claim against a table, carefully
examine the table’s contents and units. Do not attempt calculations or comparisons that are not explicitly
provided in the table. If the table lacks the necessary information to directly support or refute the claim, respond
with ’not enough info’. Avoid making assumptions or performing calculations that are not directly supported
by the data.\n\nWhen analyzing claims about performance improvements based on table data, especially when
the table includes ROUGE scores, carefully consider any accompanying captions or descriptions. If the caption
indicates that the system being evaluated optimizes for a different metric than the one being compared (e.g.,
optimizing for learned reward instead of ROUGE), do not assume that higher ROUGE scores automatically
imply a performance boost. Instead, compare the system’s scores to those of other systems, taking into account
the optimization strategy. If the table lacks clear evidence of a performance boost relative to other systems,
respond with "not enough info’.\n\nWhen analyzing claims about accuracy based on table data, first identify all
models relevant to the claim (e.g., models using TVMAX). Then, systematically compare the ’Test-Standard
Overall’ scores (or the relevant accuracy metric) for each of these models to determine which achieves the
highest score. Avoid prematurely concluding that no model meets the claim’s criteria before completing this
comparison.\n\nWhen analyzing claims about energy prices, focus on the numerical values provided in the table.
The claim likely refers to the price itself, not a count of prices. Carefully compare the relevant prices mentioned
in the claim with the values in the table, ignoring irrelevant details like the time or percentage change. If the
claim asks for a comparison between two specific items (e.g., WTI crude and natural gas), only consider those
items when making your determination.

Table 25: Baseline and optimized instructions for the Gemma3-12B model with CoT method using various
optimizers.
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Optimizer Instruction

Baseline Verify the given claim against the provided table data.

COPRO You are a claim verification agent. You are given a claim, a table, and a caption. Your task is to determine if the
claim is supported, contradicted, or not mentioned in the table. Analyze the table data, considering the caption
for context. Provide a concise answer indicating whether the claim is supported, contradicted, or not mentioned.
If the claim is supported or contradicted, briefly explain how the table data supports or contradicts the claim.

MiPROv2  Verify the given claim against the provided table data.\n\nYou are an Agent. In each episode, you will be
given the fields ‘claim‘, ‘table‘, ‘caption® as input. And you can see your past trajectory so far.\nYour goal is
to use one or more of the supplied tools to collect any necessary information for producing ‘answer‘.\n\nTo
do this, you will interleave next_thought, next_tool_name, and next_tool_args in each turn, and also when
finishing the task.\nAfter each tool call, you receive a resulting observation, which gets appended to your
trajectory.\n\nWhen writing next_thought, you may reason about the current situation and plan for future
steps.\nWhen selecting the next_tool_name and its next_tool_args, the tool must be one of:\n\n(1) execute_sql,
whose description is <desc>Execute a SQL query on a table provided as list of lists format. Args: table_data:
List of lists where first row contains headers, subsequent rows contain data table_name: Name of the table
dataframe for executing SQL query sql_query: SQL query string to execute Returns: Formatted string of the
transformed table or error message </desc>. It takes arguments {’table_data’: {’items’: {}, 'type’: ’array’},
’table_name’: {’type’: ’string’}, ’sql_query’: {’type’: ’string’ } }.\n(2) finish, whose description is <desc>Marks
the task as complete. That is, signals that all information for producing the outputs, i.e. ‘answer’, are now
available to be extracted.</desc>. It takes arguments { }.\nWhen providing ‘next_tool_args®, the value inside
the field must be in JSON format

SIMBA Verify the given claim against the provided table data.\n\nYou are an Agent. In each episode, you will be
given the fields ‘claim‘, ‘table‘, ‘caption® as input. And you can see your past trajectory so far.\nYour goal is
to use one or more of the supplied tools to collect any necessary information for producing ‘answer*.\n\nTo
do this, you will interleave next_thought, next_tool_name, and next_tool_args in each turn, and also when
finishing the task.\nAfter each tool call, you receive a resulting observation, which gets appended to your
trajectory.\n\nWhen writing next_thought, you may reason about the current situation and plan for future
steps.\nWhen selecting the next_tool_name and its next_tool_args, the tool must be one of:\n\n(1) execute_sq],
whose description is <desc>Execute a SQL query on a table provided as list of lists format. Args: table_data:
List of lists where first row contains headers, subsequent rows contain data table_name: Name of the table
dataframe for executing SQL query sql_query: SQL query string to execute Returns: Formatted string of the
transformed table or error message </desc>. It takes arguments {’table_data’: {’items’: {}, 'type’: ’array’},
“table_name’: {’type’: ’string’}, ’sql_query’: {’type’: ’string’ } }.\n(2) finish, whose description is <desc>Marks
the task as complete. That is, signals that all information for producing the outputs, i.e. ‘answer, are now
available to be extracted.</desc>. It takes arguments { }.\nWhen providing ‘next_tool_args*, the value inside
the field must be in JSON format\n\nWhen attempting to use the ‘execute_sql° tool, carefully review the tool’s
documentation to ensure the ‘table_data‘ is formatted as a list of lists, where the first inner list represents the
header row and subsequent lists represent the data rows. Before calling the tool, double-check the structure of
‘table_data‘ to confirm it adheres to this format. If repeated attempts to execute the SQL query fail, abandon the
tool and rely on direct analysis of the table data provided in the initial input.

Table 26: Baseline and optimized instructions for the Gemma3-12B model with ReAct method using various
optimizers.
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Optimizer Instruction

Baseline Verity the given claim against the provided table data.

COPRO You are a claim verifier, expertly analyzing claims against tabular data. Given a claim, a table, and a caption,
you must determine if the claim is *True’, *False’, or "Insufficient information’. Focus on precision and accuracy.
Consider all relevant columns and rows. Your response *must* include the reasoning process and the final
determination. Start by briefly outlining your strategy, then analyze the data, and finally state the conclusion.
Only provide the determination after thorough analysis.

MiPROv2  You are an expert data analyst tasked with verifying claims against tabular data. You will be given a claim, a
table, and its caption. Your objective is to analyze the table and determine if the claim is supported, refuted,
or if there is not enough information to verify it.\n\nTo accomplish this, you will first generate Python code
to extract and analyze the relevant data from the table. The generated code should be printed to the console
within a fenced code block. This code may involve parsing the table, calculating statistics, or performing
comparisons.\n\nAfter generating the code, execute it and observe the output. Based on the output and your
understanding of the claim and table, determine whether the claim is supported, refuted, or if there is not
enough information.\n\nFinally, mark ‘finished=True‘ along with the final Python code. Ensure all necessary
information is extracted before marking ‘finished=True‘.\n\nYou have access to the Python Standard Library.

SIMBA Verify the given claim against the provided table data.\n\nYou are an intelligent agent. For each episode, you
will receive the fields ‘claim’, ‘table‘, ‘caption® as input.\nYour goal is to generate executable Python code that
collects any necessary information for producing ‘answer‘.\nFor each iteration, you will generate a code snippet
that either solves the task or progresses towards the solution.\nEnsure any output you wish to extract from the
code is printed to the console. The code should be enclosed in a fenced code block.\nWhen all information for
producing the outputs (‘answer*) are available to be extracted, mark ‘finished=True* besides the final Python
code.\nYou have access to the Python Standard Library and the following functions:\n\nWhen receiving the
‘table‘ input, which is a string containing tabular data, use the ‘pandas‘ library to parse the table data directly
from the string. Specifically, use ‘pd.read_csv*‘ with ‘StringlO* to read the table string into a pandas DataFrame.
This will allow you to access the table data using DataFrame indexing and avoid the ‘NameError* that occurs
when trying to access an undefined variable.

Table 27: Baseline and optimized instructions for the Gemma3-12B model with CodeAct method using various
optimizers.

Task prompt (Two classes) Task prompt (Three classes)

The database table DF is shown as follows:
Caption: {table caption }
{table}

The database table DF is shown as follows:
Caption: {table caption}
{table}

Answer the following question based
on the data above: “{claim}” Is the above
claim supported or refuted by the provided
table?  Generate SQL or Python code
step-by-step given the question and table to
answer the question correctly. For each step,
generate SQL code to process the query or
Python code to reformat the data. Output
the code braced by “* " " and an external
executor will process the code generated
and feed an intermediate table back to you.
Answer the question directly if confident.

Answer the following question based
on the data above: “{claim}” Is the above
claim supported, refuted or not verifiable
based on the provided table? Generate
SQL or Python code step-by-step given the
question and table to answer the question
correctly. For each step, you can choose to
generate SQL code to process the query or
Python code to reformat the data, or answer
the question directly with explanations.
Output the code braced by ““ind an external
executor will process the code generated
and feed an intermediate table back to you.
Figure 3: Task prompt template used for two-class table- Answer the_ question directly if confident.
based fact checking tasks. Answer with exactly one of these labels:
supports, refutes, or not enough info.

C.2 Effect of Initial Instruction Quality
Figure 4: Task prompt template used for three-class

To assess the effect of initial instruction quality o o qe checking tasks

on instruction optimization, we optimize Qwen3-
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Optimizer Instruction

Baseline Verify the given claim against the provided table data.

COPRO You are a fact-checking assistant. Your task is to determine if a given claim is supported, refuted, or not found
within a provided data table.\n\nHere’s how you’ll proceed:\n\n1. **Carefully read the claim.** Understand
exactly what it states.\n2. **Analyze the data table.** Identify relevant rows and columns to assess the claim.\n3.
**Determine the relationship:**\n * **Supported:** If the data in the table directly confirms the claim.\n *
**Refuted:** If the data in the table directly contradicts the claim.\n * **Not found:** If the table does not
contain information relevant to the claim, or the information is insufficient to verify it.\n4. **Respond concisely
with *only* one of the following labels:** ‘Supported‘, ‘Refuted‘, or ‘Not found*. Do not include explanations
or additional text.

MiPROv2  You are an expert at fact verification. Given a claim, a table, and a caption describing the table, determine if the
claim is supported by the table, refuted by the table, or if the table provides insufficient information to make a
determination.\n\nCarefully analyze the claim and the table content. Pay attention to units, specific data points,
and the overall context. Your response should be one of the following: ’supports’, 'refutes’, or *not enough
info’ \n\nHere’s an example:\n\nClaim: story number 032 from australia has episode 4 as the missing episode
with recovered footage\nTable: Il doctor | season | story no | serial | number of episodes | total footage remaining
from missing episodes (mm : ss) | missing episodes with recovered footage | country / territory | source | format
| total footage (mm : ss) Il ..\nCaption: doctor who missing episodes\nAnswer: supports\n\nNow, apply your
expertise to the given claim, table, and caption.

SIMBA Verity the given claim against the provided table data.\n\nWhen presented with a claim and a table, focus on
directly comparing the values in the table to the statement in the claim. In this case, the claim states that *adding
logits’ does *not* perform the best. The table shows *Add Logits’ achieving 80.85 F1%, *Add Logits+Expert’
achieving 80.90 F1%, and other methods having lower or similar F1 scores. Therefore, the claim is refuted
because adding logits *does* perform well, and is not the worst. If you encounter similar claims, explicitly
check if the table data contradicts the claim’s assertion.\n\nWhen evaluating a claim about the effectiveness of
an approach based on table data, prioritize identifying the performance metrics associated with that approach.
If the metrics demonstrate strong performance (e.g., high success rates, low error rates), the claim that the
approach is *not* effective is likely refuted. Conversely, if the metrics show poor performance, the claim is
supported. Pay close attention to comparative values within the table to determine if the approach outperforms
others, even if absolute values are not exceptionally high.\n\nWhen you receive a claim and a table with
numerical data, explicitly compare the numbers in the claim to the numbers in the table. If the numbers in the
table demonstrably contradict the claim (e.g., the claim states values are within a range, but the table shows
values outside that range), then output ‘refutes’. Do not default to *not enough info’ if numerical comparisons
can be made.\n\nWhen you receive a claim and a table with numerical data, *always* carefully read the caption
to understand what the numbers represent and how they relate to the claim. If the caption indicates that the
numbers are not directly comparable to the claim’s assertion (e.g., different metrics are being optimized), or if
the claim refers to a factor not represented in the table, output 'not enough info’. Do not attempt to make a
judgment based solely on numerical comparisons if the context suggests it’s inappropriate.

Table 28: Baseline and optimized instructions for the Gemma3-27B model with direct prompting using various
optimizers.
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Optimizer

Instruction

You are a meticulous fact-checker. Your task is to determine if a given claim is supported by the data in
a provided table.\n\nFirst, carefully analyze the claim and identify the key pieces of information needed to
verify it. Then, examine the table to find relevant data.\n\nBased on this comparison, respond with one of the
following options:\n\n* **Supported:** If the table data directly supports the claim.\n* **Contradicted:** If
the table data directly contradicts the claim.\n* **Not enough information:** If the table does not contain
enough information to verify the claim.\n\nPresent your reasoning *before* your final answer. Explain how

You are a highly skilled fact-checker responsible for ensuring the accuracy of critical information used in
public health advisories. A misclassification could have serious consequences. Given a claim, a table of data,
and a caption describing the table, your task is to meticulously verify the claim against the data. Provide a
step-by-step reasoning process, clearly outlining how you arrived at your conclusion. Then, definitively state
whether the claim is ’supports’, ‘refutes’, or "'not enough info’ based on the table. Your accuracy is paramount.

Baseline Verity the given claim against the provided table data.
COPRO
you arrived at your conclusion by referencing specific data points from the table.
MiPROV2
SIMBA

Verify the given claim against the provided table data.\n\nWhen analyzing claims about statistical significance,
prioritize identifying whether the table explicitly indicates statistical significance (e.g., using asterisks or other
markers) for the relevant models and conditions. If the table shows statistically significant improvements
for a model listed as ’Our Models’ under oracle setup, even without a direct comparison to the same model
without oracle setup, the claim that *our model does not achieve statistically significantly better BLEU scores’
is likely refuted.\n\nWhen analyzing claims, focus *strictly* on whether the table contains information directly
relevant to the claim. Avoid making inferences or drawing conclusions based on related data (like accuracy
scores in this case) if the claim concerns a different aspect (like the use of sense-level information). If the
table doesn’t explicitly address the claim, default to *not enough info’, even if you can reason about related
concepts.\n\nWhen analyzing claims, strictly adhere to the information presented in the table. If the table
defines ranges or boundaries (like ’less than 17%”), avoid interpreting the claim as being “inaccurate’ simply
because a value falls within that range. Instead, focus on whether the table *directly* supports, refutes, or lacks
information regarding the claim. If the table only provides definitions or categorizations without addressing the
claim’s truthfulness, default to 'not enough info’.

Table 29: Baseline and optimized instructions for the Gemma3-27B model with CoT method using various

optimizers.

32B with CoT prompting using three different seed
instructions. We consider seed instructions of di-
verse informativeness, including an empty instruc-
tion, a paraphrase of the default instruction used
in previous analysis, and a more detailed instruc-
tion. Table 33 demonstrates that different optimiz-
ers exhibit varying sensitivity to initial instruction
quality. COPRO benefits from more informative
and detailed initial instructions, showing steadily
increasing F1 scores on TabFact and MMSci as the
seed instruction contains more information. This is
mainly because COPRO proposes new candidate
instructions solely based on previous candidates
and their evaluation scores. A detailed seed in-
struction can provide more guidance for instruction
generation in early iterations.

SIMBA reaches peak performance with con-
cise seed instructions, whereas introducing addi-
tional detail in the seed can lead to degradation.
Since SIMBA appends heuristic rules to the ini-
tial instructions, starting from a detailed instruction
may restrict the search space, which negatively im-
pacts the generalisability of optimized instructions.
Given semantically equivalent seed instructions,
SIMBA is least sensitive to variations in surface

form compared with COPRO and MiPROvV2. The
model performance after SIMBA optimization with
the paraphrased initial instruction remains similar
to the baseline across all test sets.

C.3 Optimizing ReAct with TART tools

In addition to SQL tool, we investigate ReAct
agents equipped with single or multiple tools that
are most commonly used in TART framework (Lu
et al., 2025). We optimize the instructions in
ReAct agents with Qwen3-32B as the backbone
model using MiPROv2 and SIMBA, since these
optimizers are more effective for improving Re-
Act performance based on Table 2. As shown in
Table 35, increasing the number of TART tools
does not necessarily lead to better optimized per-
formance for ReAct agents. In most experiment
settings, F1 scores on the test sets after optimiza-
tion follow a U-shaped trend as the number of tool
functions is increased from 3 to 10. ReAct with a
single tool such as get_column_cell_value can
achieve stronger performance before and after in-
struction optimization than using top 10 TART
tools. The get_row_by_name tool is particularly
effective on PubHealthTab and MMSci, while
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Optimizer Instruction

Baseline Verify the given claim against the provided table data.

COPRO You are a highly accurate claim verification agent. Your task is to determine whether a given claim is supported
by data within a provided table. You will be given a ‘claim‘, a ‘table* (in list of lists format including a header
row), and a ‘caption‘ describing the table.\n\nFollow these steps:\n\nl. **Understand the Claim:** Carefully
read the ‘claim* to identify the key entities and relationship being asserted.\n2. ** Analyze the Table: ** Examine
the ‘table‘ structure, header, and data to understand the information it contains. Consider the ‘caption‘ for
helpful context.\n3. **Formulate a SQL Query:** Construct a SQL query that, when executed against the
‘table‘, will directly answer the question posed by the ‘claim‘. The SQL query should be as simple and direct
as possible.\n4. **Execute the SQL Query:** Use the ‘execute_sql* tool with the ‘table_data‘, a chosen
‘table_name* (e.g., \"my_table\"), and your crafted ‘sql_query‘.\n5. **Interpret the Results:** Analyze the
results returned by the ‘execute_sql‘ tool. \n6. **Verify the Claim:** Based on the query results, determine if
the claim is supported (TRUE), contradicted (FALSE), or if the table does not contain sufficient information to
determine (UNKNOWN).\n7. **Finish:** Use the ‘finish* tool to signal task completion.\n\nYour response
should be accurate and concise, relying solely on the information presented in the ‘table‘. Prioritize SQL
queries that directly address the claim’s core assertion.

MiPROvV2  You are a fact-checking agent tasked with verifying claims against tabular data. You will be given a claim,
a table, and a table caption. Your goal is to determine if the table supports, refutes, or provides insufficient
information to verify the claim.\n\n**Here’s how you should operate:**\n\n1. **Reasoning:** Carefully read
the claim, table caption, and table data. Formulate a clear plan to determine the answer. Consider potential
issues like units, data types, and ambiguous language.\n2. **Tool Use (execute_sql):** If the table is complex
or requires specific data extraction, use the ‘execute_sql‘ tool to query the table. Craft SQL queries that
directly address the claim. Remember to handle potential errors (e.g., invalid column names, data types). If
SQL fails, proceed to manual inspection.\n3. **Manual Inspection:** If ‘execute_sql* fails or isn’t necessary,
manually inspect the table to find relevant information.\n4. **Final Decision:** Based on your reasoning and
the extracted evidence, determine whether the table *supports* the claim, *refutes* the claim, or provides
*not enough info* to make a determination.\n5. **QOutput:** Provide your reasoning step-by-step, then state
your final answer as either "supports’, ‘refutes’, or 'not enough info’ .\n\n**Important Considerations:**\n\n*
Prioritize accuracy. Double-check your reasoning and evidence.\n* Be mindful of the table caption; it often
provides crucial context.\n* If the claim refers to a comparison, ensure you are comparing the correct data
points.\n* If the table does not contain the information necessary to answer the claim, select \"not enough info\".

SIMBA Verify the given claim against the provided table data.\n\nYou are an Agent. In each episode, you will be
given the fields ‘claim®, ‘table‘, ‘caption‘ as input. And you can see your past trajectory so far.\nYour goal is
to use one or more of the supplied tools to collect any necessary information for producing ‘answer‘.\n\nTo
do this, you will interleave next_thought, next_tool_name, and next_tool_args in each turn, and also when
finishing the task.\nAfter each tool call, you receive a resulting observation, which gets appended to your
trajectory.\n\nWhen writing next_thought, you may reason about the current situation and plan for future
steps.\nWhen selecting the next_tool_name and its next_tool_args, the tool must be one of:\n\n(1) execute_sql,
whose description is <desc>Execute a SQL query on a table provided as list of lists format. Args: table_data:
List of lists where first row contains headers, subsequent rows contain data table_name: Name of the table
dataframe for executing SQL query sql_query: SQL query string to execute Returns: Formatted string of the
transformed table or error message </desc>. It takes arguments {’table_data’: {’items’: {}, ’type’: ’array’},
"table_name’: {’type’: ’string’ }, sql_query’: {"type’: ’string’ } }.\n(2) finish, whose description is <desc>Marks
the task as complete. That is, signals that all information for producing the outputs, i.e. ‘answer, are now
available to be extracted.</desc>. It takes arguments { }.\nWhen providing ‘next_tool_args*, the value inside
the field must be in JSON format\n\nWhen you receive table data directly as a list of lists, avoid attempting to
use the ‘execute_sql‘ tool. Instead, directly analyze the provided data to answer the question. Prioritize direct
analysis of the provided data before resorting to SQL queries, especially if initial SQL attempts fail.\n\nWhen
the table data is provided directly as a list of lists, prioritize analyzing the data directly instead of attempting to
use SQL. SQL is useful for complex queries on large datasets, but for small, directly provided tables, direct
analysis is more efficient and avoids potential errors. Look for keywords like ’list of lists’ or "table’ in the input
to determine if direct analysis is appropriate.\n\nWhen encountering an Odds Ratio (OR) of 1.00, especially in
the context of a claim about a baseline percentage, consider explicitly stating the assumption that the baseline
rate is equal to the claimed percentage. Avoid immediately concluding 'not enough info’ simply because the
table doesn’t directly state the percentage; instead, explore reasonable interpretations of the OR value in relation
to the claim.\n\nWhen analyzing tables, prioritize the most directly relevant value to the claim. In this case, the
claim asks for the sensitivity *percentage* of the acute phase. While 98% appears in the table, it’s a specificity
value, not a sensitivity value. Focus on the ’Sensitivity (%)’ column and the ’Acute phase’ row to find the
correct value (17%). Avoid getting distracted by other numbers in the table that aren’t directly responsive
to the question.\n\nWhen the input ‘table‘ is provided as a list of lists (rather than a database connection or
similar), prioritize direct analysis of the data instead of attempting to use SQL. SQL is more appropriate for
large datasets or complex queries, but for small, directly provided tables, direct analysis is more efficient and
avoids potential errors. Look for keywords like ’list of lists” or “table’ in the input to determine if direct analysis
is appropriate. If SQL queries repeatedly fail, immediately switch to direct data analysis.

Table 30: Baseline and optimized instructions for the Gemma3-27B model with ReAct method using various
optimizers.
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Optimizer Instruction

Baseline Verify the given claim against the provided table data.

COPRO You are a highly skilled agent designed to verify claims based on data presented in tables. You will be given a
‘claim®, a ‘table’ (represented as a string), and a ‘caption‘ describing the table. Your task is to determine whether
the claim is supported by the information in the table. \n\nHere’s how you will proceed:\n\n1. **Understand
the Table:** Parse the table string to understand its structure (rows, columns, headers).\n2. **Extract Relevant
Data:** Identify the data within the table that relates to the ‘claim‘.\n3. **Verity the Claim:** Compare the
information in the ‘claim‘ with the extracted data to determine if the claim is TRUE, FALSE, or UNKNOWN (if
the table doesn’t contain enough information to verify the claim).\n4. **Generate Python Code:** Write Python
code to accomplish steps 1-3. The code must print the final answer (“TRUE®, ‘FALSE‘, or ‘UNKNOWN*)
to standard output. Focus on extracting and comparing the key pieces of information needed to answer the
question directly.\n5. **Mark Completion:** Include ‘finished=True* after the final code block when the
answer is ready to be extracted.\n\nDo not include any conversational text or explanations in your output; only
the Python code and the ‘finished=True‘ marker.

MiPROv2  You are a highly skilled data analyst tasked with verifying claims against tabular data. You will receive a
‘claim‘ (a statement to be verified), a ‘table‘ (containing the data in a delimited string format), and a ‘caption®
(describing the table). Your objective is to determine if the ‘claim® is supported, refuted, or if the ‘table’
provides insufficient information (‘not enough info*).\n\nYou must generate Python code to parse the ‘table
data using the ‘pandas‘ library. The table data is delimited by ‘llI*. Extract the relevant information from the
table to evaluate the claim. Ensure your code handles potential errors gracefully, such as missing data or
incorrect data types. Print the final boolean result (True or False) representing whether the claim is supported
by the table data to the console.\n\nYour response must follow these steps:\n\n1l. **Parse the Table:** Use
‘pandas‘ to read the table data from the provided string. Use ‘sep="II"* to correctly parse the data. Clean the
data by removing leading/trailing whitespace from column names and cell values.\n2. **Analyze the Claim:**
Carefully read and understand the claim. Identify the specific data points needed from the table to verify the
claim.\n3. **Extract and Compare:** Extract the relevant data points from the ‘pandas‘ DataFrame. Perform
the necessary comparison or calculation to determine if the claim is true or false based on the table data.\n4.
**Print the Result:** Print either ‘True‘ or ‘False‘ to the console, representing the result of your analysis.\n5.
**Mark Completion:** After printing the result, add ‘Finished: True* to signify the task is complete.\n\nYou
should only print the boolean value (True or False) and ‘Finished: True‘ to the console; no other text or
explanations.

3

SIMBA Verify the given claim against the provided table data.\n\nYou are an intelligent agent. For each episode, you
will receive the fields ‘claim®, ‘table’, ‘caption® as input.\nYour goal is to generate executable Python code that
collects any necessary information for producing ‘answer‘.\nFor each iteration, you will generate a code snippet
that either solves the task or progresses towards the solution.\nEnsure any output you wish to extract from the
code is printed to the console. The code should be enclosed in a fenced code block.\nWhen all information for
producing the outputs (‘answer*) are available to be extracted, mark ‘finished=True besides the final Python
code.\nYou have access to the Python Standard Library and the following functions:\n\nWhen generating code
to parse tables, pay close attention to syntax, especially indentation. Ensure that all ‘else‘ statements have
corresponding indented blocks. Before finalizing the code, consider adding a simple test case to verify that the
parsing logic works correctly with a small subset of the table data. Also, consider adding error handling to
catch potential parsing issues and provide informative error messages.\n\nWhen parsing tables, be extremely
careful with the separator. The table uses ’II’ as a separator, but you initially used \\I". Ensure the separator
matches the table’s format exactly. Also, double-check the column names you are trying to access after parsing
the table to avoid KeyErrors. Consider adding a small test case to verify the parsing logic with a subset of
the table data before proceeding with the full analysis.\n\nWhen parsing the table, double-check the separator
used in ‘pd.read_csv*. The table uses ’II’ as a separator. Ensure this is correctly specified. Also, after creating
the DataFrame, verify the number of columns and the assigned column names to ensure they match the table
structure. Add a small test case to verify the parsing logic with a subset of the table data before proceeding with
the full analysis. If parsing fails, return a simple error message instead of crashing.\n\nWhen generating Python
code, pay extremely close attention to indentation. Incorrect indentation is a common source of errors. Before
finalizing the code, use a linter or run the code locally to catch these errors. Specifically, ensure that all blocks
following control flow statements (e.g., ‘if*, ‘else’, ‘try‘, ‘except‘) are properly indented.

Table 31: Baseline and optimized instructions for the Gemma3-27B model with CodeAct method using various
optimizers.
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PubHealth SciTab TabFact MMSci
Random Seed Optimizer Acc Fl Acc Fl1 Acc  Fl1 Acc  Fl1
Baseline 88.3 87.6 664 664 845 866 865 61.6
0 +MiPROv2 87.8 873 674 672 859 878 874 63.6
+SIMBA 872 862 688 68.6 852 87.1 864 63.1
9 +MiPROv2 88.3 87.2 68.5 685 852 874 866 624
+SIMBA 88.3 874 678 675 86.1 874 878 65.1
4 +MiPROv2 87.8 87.1 67.8 67.8 865 883 873 65.1
+SIMBA 889 88.0 688 68.6 865 879 885 64.7

Table 32: Ablation study on random seeds for Qwen3-32B with CoT. Bold indicates best performance per dataset.

PubHealth SciTab TabFact MMSci

Seed Instruction Optimizer Acc FI  Acc  FI Acc Fl  Acc Fl
Baseline 883 87.6 664 664 845 866 865 61.6
. . . . . +COPRO 872 86.1 674 673 855 876 867 615
Verify the given claim against the provided table data. (Default) +MiPROV2 872 865 688 68.6 869 885 877 654
+SIMBA 900 89.6 688 68.6 852 871 87.0 642
Baseline 85.6 845 68.1 682 835 859 864 63.0
Empty strin +COPRO 872 859 67.1 670 833 854 855 60.8
pty string +MiPROV2 850 838 692 69.0 865 884 877 622
+SIMBA 87.8 868 667 664 841 861 86.7 63.1
Baseline 894 888 67.1 672 840 861 863 623
. o ) . +COPRO 90.0 895 664 664 844 866 854 622
Check whether the table data supports the claim. +MiPROV2 883 875 664 662 842 864 869 632
+SIMBA 894 835 685 682 862 876 866 638
Examine the claim provided below and systematically compare each com- Baseline 839 830 688 688 859 879 870 629
ponent of the statement against the corresponding values, entries, and rela- +COPRO 878 869 688 688 855 87.6 869 634
tionships present in the table. Determine whether the claim is supported by, +MiPROv2 856 848 662 662 87.0 887 87.0 63.1
contradicts, or cannot be verified from the available tabular information. +SIMBA 87.8 868 657 658 859 875 858 627

Table 33: Ablation study on seed instructions for Qwen3-32B with CoT. Bold indicates best performance per seed

instruction and dataset.

PubHealth SciTab TabFact MMSci

Training Data  Optimizer Acc F1 Acc F1 Acc F1 Acc F1
Baseline 883 87.6 664 664 845 86.6 865 61.6

Hybrid +COPRO 872 86.1 674 673 855 876 867 61.5
y +MiPROvV2 872 865 688 68.6 869 885 87.7 654
+SIMBA 90.0 89.6 688 686 852 87.1 87.0 642

+COPRO 872 86,5 69.7 698 832 854 855 624

SciTab +MiPROv2 889 88.0 683 682 865 883 874 621
+SIMBA 878 873 641 637 848 865 883 674

+COPRO 88.3 88.8 674 692 854 870 864 817

TabFact +MiPROvV2 87.2 883 70.2 713 86.1 881 87.0 889
+SIMBA 90.0 893 0643 675 870 882 88.2 89.0

+COPRO 878 873 685 684 86.6 88.1 878 658

PubHealth +MiPROv2 87.2 864 66.0 660 856 876 874 658
+SIMBA 889 883 674 673 854 871 86.6 628

Table 34: Ablation study on training data for Qwen3-32B with CoT. Bold indicates best performance per training

data configuration and dataset.

get_row_index_by_value demonstrates strong
performance on SciTab. Despite showing effec-
tiveness in some evaluation settings, ReAct with
TART tools or their combinations does not outper-
form the counterpart with SQL tool after SIMBA
optimization.

C.4 Training Data Configuration

We investigate the impact of training data on in-
struction optimization by conducting the optimiza-
tion with three training configurations. Instead
of using hybrid train data, we randomly sample
100 instances from each of the SciTab, TabFact
and PubHealthTab training sets to construct single-
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PubHealth SciTab TabFact MMSci

Tool Functions Optimizer Acc Fl Acc  Fl1 Acc  Fl1 Acc  Fl1
Baseline 87.8 874 615 60.1 828 833 875 626
execute_sql +MiPROv2 87.8 872 615 609 842 852 862 63.0

+SIMBA 90.6 90.0 662 659 861 87.0 859 65.0

Baseline 850 843 594 581 834 848 847 618
Top 10 TART tools +MiPROv2 878 87.1 60.1 593 860 874 878 624
+SIMBA 844 839 627 627 816 844 816 578

Baseline 850 841 580 566 834 850 832 59.1
Top 3 TART tools +MiPROv2 86.7 859 613 602 835 859 86.6 625
+SIMBA 844 839 587 585 821 842 828 586

Baseline 844 836 59.7 580 841 856 838 597
Top 5 TART tools +MiPROv2 85.0 842 583 572 839 858 863 62.6
+SIMBA 828 81.6 587 581 820 840 822 581

Baseline 86.7 859 599 596 836 845 86.1 628
equal_to +MiPROv2 86.1 850 594 585 843 853 873 634
+SIMBA 850 847 66.0 658 835 848 858 614

Baseline 872 86.6 618 60.7 852 86.6 858 60.8
get_column_by_name +MiPROv2 87.8 872 592 586 81.6 844 848 617
+SIMBA 839 825 639 o641 834 857 837 602

Baseline 87.8 86.6 599 585 833 851 844 621
get_column_cell_value +MiPROv2 88.3 878 604 597 849 862 868 61.8
+SIMBA 883 876 653 651 817 840 814 594

Baseline 88.3 877 578 556 852 86.6 870 63.6
get_row_by_name +MiPROv2 889 882 60.1 585 854 86.7 881 63.0
+SIMBA 872 863 611 60.7 850 868 875 66.6

Baseline 878 870 622 616 846 865 865 63.1
get_row_index_by_value +MiPROv2 87.2 86.5 64.1 638 826 844 868 61.6
+SIMBA 872 867 66.0 661 824 856 865 612

Table 35: Ablation study on tool functions used in TART for Qwen3-32B with ReAct. Bold indicates best
performance per tool function and dataset.

source training sets. As shown in Table 34, SIMBA
benefits more from using a hybrid train set, while
MiPROV2 is less sensitive to the distribution of
train data. This indicates hybrid data can help
SIMBA learn more generalized rules across dif-
ferent table-based fact checking tasks. In contrast,
MiPROV2 follows human-written heuristic rules
to propose new candidate instructions and mainly
relies on the train data to understand the task for-
mat. Also, we find optimized instructions learned
on TabFact data can generalize surprisingly well on
SciTab and MMSci, probably due to cleaner data
and binary label distribution in TabFact.
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