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Abstract

Recent advancements in table-based question
answering (table QA) have been driven by
the development of table-specific reasoning
strategies for leveraging large language models.
Previous works employ sub-table-based
reasoning, which involves matching query-
relevant table values and aggregating them
into sub-tables for precise reasoning. However,
these approaches are limited to scenarios
with query-relevant single tables, failing
to handle real-world table QA settings that
involve noisy multi-table sets. To address the
challenges of real-world table QA, we propose
EASE: Entity-Aware Sub-table Generation
for REal-world Multi-table QA framework.
Given a noisy multi-table set, EASE first
extracts key entities from the question to
construct a sub-table schema. It then populates
this schema by utilizing a selected set of
column values from the noisy multi-table
set, thereby facilitating efficient and effective
sub-table-based reasoning. We introduce a
Noisy Multi-table QA dataset and conduct
extensive experiments to evaluate EASE’s
effectiveness on real-world table QA. Our
results demonstrate that EASE effectively
filters out irrelevant information while
incorporating pertinent table values, leading
to efficient and effective performance on
real-world table QA. Our dataset can be found
https://github.com/Metalchaos8527/
ease_noisy_multi-table_qga.git

1 Introduction

Tables provide a structured representation of data
by organizing information into rows and columns,
making them a valuable resource for solving
diverse real-world problems (Zhu et al., 2021;
Moosavi et al., 2021; Hernandez et al., 2022). Con-
sequently, table-based reasoning necessitates sys-
tems not only to retrieve relevant values but also

*These authors contributed equally to this work.
Corresponding authors

to aggregate and process them effectively. Table-
based question answering (table QA) addresses
this challenge by enabling systems to process, in-
terpret, and manipulate structured information to
generate accurate answers. Specifically, the system
is required to (1) understand the table’s structural
schema, and (2) comprehend the semantic meaning
of its values (Cheng et al., 2023; Min et al., 2024;
Fang et al., 2024).

To fulfill these requirements, previous works em-
ploy specialized table QA training strategy (Herzig
et al., 2020; Liu et al., 2022; Jiang et al., 2022;
Gu et al., 2022) for enhancing the structural com-
prehension capabilities of transformer-based mod-
els (Vaswani et al., 2017; Devlin et al., 2019; Lewis
et al., 2020). Meanwhile, recent studies have lever-
aged the emergent abilities of large language mod-
els (LLMs) to improve reasoning capabilities in
table QA (Wei et al., 2022a; Yang et al., 2024).
These approaches involve sub-table-based reason-
ing, where models extract and aggregate relevant
table values from a single-table, thereby enhancing
the accuracy and interpretability of table-based rea-
soning (Cheng et al., 2023; Ye et al., 2023; Wang
et al., 2024b). While these methods demonstrate ef-
ficacy in single-table settings, they do not consider
the complexities of real-world table QA.

In real-world table QA, the system needs to
reference multiple tables to generate accurate an-
swers (Pal et al., 2023). Additionally, the multi-
table input may contain noisy tables unrelated to an-
swering the question (Maamari et al., 2024; Wang
et al., 2025). Consequently, a real-world table QA
system is required to filter out irrelevant informa-
tion and effectively aggregate and process multiple
tables to generate an accurate answer for complex
questions. However, existing approaches do not ad-
dress the complexities of real-world table QA, lead-
ing to erroneous reasoning. As shown in Figure 1(a)
and Figure 1(b), existing approaches generate in-
correct answers due to their reliance on single-table
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Figure 1: Illustration of the comparison between (a) Single-table-based LLM Framework, (b) Naive Multi-table-
based Language Modeling and (c) EASE Framework in real-world table QA. Given a noisy input table set T, (a)
fails to generate precise answers due to its lack of multi-table-based reasoning capabilities. Even (b) refers wrong
value in noisy table despite its multi-table specific training. In contrast, (c¢) EASE generates correct answers through
entity-aware sub-table generation, successfully filtering out noisy tables and aggregating relevant table values from

the noisy input table set.

operations and oversight for noisy multi-table set-
tings. Therefore, it is crucial to develop systems
capable of not only processing multiple tables but
also identifying and filtering out noisy tables to
generate the accurate answer.

To address the complexities of real-world table
QA, we propose EASE: Entity-Aware Sub-table
Generation for REal-world Multi-table QA. EASE
is an LLM-based framework that consists of five
modules, by extracting query-aware entities from
the tables and subsequently creating and filling the
table schema. As illustrated in Figure 1(c), given
a question and a noisy input table set, EASE first
extracts entities and operations to distinguish rel-
evant table values from the noisy input table set.
Subsequently, EASE utilizes the extracted entities
to select the relevant column value set from the
noisy input table set. Finally, EASE constructs a
sub-table schema and fills its cell based on the se-
lected column value set, ultimately generating the
final answer through the required operations.

To validate EASE’s effectiveness, we construct a
Noisy Multi-table QA dataset by injecting noisy ta-
bles into the MultiTabQA dataset (Pal et al., 2023)
based on realistic settings. We conduct extensive
experiments on the Noisy Multi-table QA dataset
to compare EASE with general reasoning and table-

specific reasoning methods. We summarize our con-
tributions as follows:

* We introduce the Noisy Multi-table QA
dataset to reflect real-world table QA settings.

* We propose the EASE framework, which con-
structs the entity-aware sub-table to aggregate
relevant table values and generate an accurate
answer among noisy input table sets.

* We demonstrate the effectiveness and effi-
ciency of the EASE framework through com-
prehensive experiments on the Noisy Multi-
table QA dataset.

2 Related Work
2.1 Leveraging Language Model for Table QA

Existing works on table QA are categorized into
training-based and prompting-based approaches.
TaPas (Herzig et al., 2020) extends BERT (De-
vlin et al., 2019) architecture to jointly train on
textual and tabular inputs, enabling effective table-
based QA on transformer-based models. TableL-
LaMA (Zhang et al., 2024) focuses on handling di-
verse table-based tasks through instruction-tuning
on LLMs. The prompting-based approaches mit-
igate the limitations of training-based methods,
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such as lack of interpretability and robustness
to diverse table types, through reasoning with
LLMs. Dater (Ye et al., 2023) introduces evidence
and question decomposition to process large ta-
bles and complex queries efficiently. Chain-of-
Table (Wang et al., 2024b) extends the standard
Chain-of-Thought (Wei et al., 2022b) to table-
based reasoning, enabling LLMs to iteratively gen-
erate operations and update the sub-tables. Al-
though these approaches advance table-based rea-
soning without additional training, they rely on
single-table setting and fall short in realistic set-
tings that require multi-table information.

2.2 Multi-table QA

While existing table QA systems are limited to
single-table settings, real-world table QA often
necessitates complex processing and reasoning
across multiple tables to answer questions. Mul-
tiTabQA (Pal et al., 2023) addresses this challenge
by proposing a dataset and training methods de-
signed to handle multiple tables. Wu et al. (2025)
introduce the MMQA benchmark to tackle multi-
hop reasoning capability in multi-table question an-
swering. Additionally, Wang et al. (2024a) present
a preprocessing strategy for removing irrelevant
columns to overcome input sequence length limi-
tations and numerical computation constraints in
multi-table QA. However, these studies leverage
direct end-to-end methods, resulting in a lack of
intermediate reasoning steps.

2.3 Ensuring Reliability in Table QA

Recent works have introduced several approaches
to guarantee robust and consistent structural com-
prehension in Table QA. ITR (Lin et al., 2023)
seeks to address the sequence length limitations,
where key information is often lost due to trun-
cation caused by length constraints, by extract-
ing only relevant subsets of tables. To enhance
the robustness of table structural comprehension,
Liu et al. (2024) propose a normalization strategy
to mitigate performance degradation under table
perturbation when utilizing LLMs for table QA.
RoBUT (Zhao et al., 2023) evaluates the robustness
of existing table QA systems by leveraging human-
annotated adversarial perturbations. Despite efforts
to build reliable and robust table QA systems, exist-
ing approaches have solely focused on settings in-
volving structural noise. However, they have largely
overlooked situations where a table, although con-
textually similar, is irrelevant to the question.
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Figure 2: Illustration of the process of constructing a
Noisy Multi-table QA dataset through noise injection
under two settings: (a) randomly sampled noise injection
and (b) contextually sampled noise injection.

3 Noisy Multi-table QA Dataset

In this section, we describe the problem formula-
tion and construction process of the Noisy Multi-
table QA dataset. To reflect the complexities of real-
world table QA settings, we introduce the Noisy
Multi-table QA dataset, which is constructed by in-
jecting noisy tables unrelated to the input question.

3.1 Problem Formulation

In real-world table QA, each instance comprises
a set of tables 7', a natural language question
@, and its corresponding ground truth answer A.
The set of tables T' is composed of relevant ta-
bles 7" and noisy tables T, formalized as T =
T+ U T, where T = {tf,...,t7}"7" and
T—={t,... b }le. Here, m denotes the total
number of input tables, and % represents the num-
ber of noisy tables that are irrelevant to generate
the answer. Given the question () and noisy input
table set 7', the system should generate a precise
answer by effectively handling the noise within the
data.

3.2 Dataset Construction

Motivation Since we aim to evaluate the sys-
tem’s ability to generate the answer in the presence
of a noisy input table set, the input table set is con-
structed to include both query-relevant and irrele-
vant tables. We utilize the MultiTabQA dataset (Pal
et al., 2023) as a source dataset for constructing
the Noisy Multi-table QA dataset. Each instance
in the source dataset comprises a natural language
question paired with a set of query-relevant input
tables. Consequently, the system is required to per-
form multi-table processing to generate the answer.
However, since the MultiTabQA dataset only pro-
vides the necessary input tables for each query, it
does not fully reflect real-world settings where the
model is required to distinguish relevant informa-
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tion from noise. Therefore, we inject noisy tables
into the dataset to reflect a more challenging and
realistic setting of real-world table QA.

Candidate Table Pool Construction To inject
noisy tables into the MultiTabQA dataset, we for-
mulate the overall dataset construction as a search
problem. We construct a candidate table pool Cr
for retrieving noisy tables. The Cr encompasses
all tables from the dataset. We eliminate duplicate
tables that share identical table names and column
names. Additionally, we exclude any tables present
in T for each instance.

Noise Injection Following the construction of
the candidate table pool C'7, we sample the noisy ta-
ble 7~ in two distinct settings: (1) randomly sam-
pled noise injection and (2) contextually sampled
noise injection. Figure 2 provides an overview of
each noise injection setting. In the randomly sam-
pled noise injection setting, we randomly retrieve
k noisy tables from Cr. This setting is designed
to simulate real-world table QA where irrelevant
data may inadvertently be included. In contrast, the
contextually sampled noise injection setting re-
flects a more realistic scenario where contextually
similar yet irrelevant tables exist. We inject con-
textual noise through semantic similarity to inject
noisy tables. Specifically, we calculate similarity
scores by using embeddings of column names for
each pairwise combination between a relevant table
instance tf and the tables in the candidate pool Cr.
We utilize a pre-trained text embedder’, to compute
embeddings and calculate cosine similarity scores.
The tables with the top-k highest similarity scores
are then selected as the noisy tables 7. With the
Noisy Multi-table QA dataset, we can evaluate the
system’s ability to generate accurate answers under
real-world table QA settings.

4 EASE Framework

To address the complexities of real-world table QA,
we propose the EASE framework. As illustrated in
Algorithm 1, EASE comprises five modules that
primarily leverage the advanced reasoning capa-
bility of LLMs. First, EASE extracts key entities
and operations (line 2) necessary for answering
the question. Next, it initializes a sub-table schema
as a structural foundation (line 3), which is subse-
quently filled with contextually relevant selected

'We use E5-large-v2 (Wang et al., 2022) as the text embed-
ding model.

column value set from a noisy input table set (line
4 and line 5). Finally, EASE synthesizes the filled
sub-table and extracted operations to generate a
step-by-step reasoning process for answer genera-
tion (line 6). We now detail each module of EASE.
All prompts and examples used in EASE are pro-
vided in Appendix A.3.

Algorithm 1: EASE Framework

Input: T": Noisy input table set, T Compact subset of " with top-3
rows retained per table, Q: Natural language question,
LM: LLM-based module, SM: Symbolic language module
Output: Ais the predicted answer to the question.
1 Function EASE(T, T, Q):

2 Entg, Og + WMextract (T, Q)
> Extract key entities Ent g and operations Oq
3 E7 <— LMschemagen (EntQ)
> Generate sub-table schema Er for subsequent reasoning
4 T's < SMcolselect (EntQ ,T)
> Select relevant column value set T's from 7'
5 Er + Wschenarin1 (B, Ts)
> Fill the cell of Ep from T's
6 A <= LManswerGen (Q7 E’T7 OQ)
> Generate answer of () based on Er and Oq

7 return A

Entity & Operation Extraction In real-world
table QA, the key challenge lies in identifying rele-
vant data from a noisy input table set. To address
this, EASE identifies key information and required
operations by capturing the relevance between the
question and tables. Specifically, to ensure effi-
ciency, LMetract leverages an LLM to extract key
entities Ent¢) and operations O from the question
(@ and a compact subset T. Formally, we define
this subset as 7 = {head(t,3)|t € T}, where
head(t, k) is an operator that extracts the top k
rows of a table ¢ (line 2). This method enables
EASE to distinguish pertinent values and plan re-
quired operations while minimizing the initial com-
putational load.

Sub-table Schema Generation In the Sub-table
Schema Generation module, we construct a table
schema to serve as a structural foundation for sub-
table-based reasoning. Given Ent¢, LMschenacen Uti-
lizes LLMs to generate a markdown-style tabular
format, where each column name corresponds to
an entity from Entg (line 3). By generating Er,
we guide an LLM for subsequent sub-table filling
and answer generation.

Column Value Selection Filling cells in sub-
table schema Er necessitates obtaining relevant
table values. Therefore, we employ the symbolic
language Python (using the pandas package) to
select these values for filling cells in E7. Given
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Entg and T', SMco1select Outputs column value set
Tg by selecting corresponding column value from
T based on Entg (line 4). This results in a smaller
yet concise set T's that preserves pertinent informa-
tion for efficient reasoning.

Sub-table Filling Once the sub-table schema Er
and column value set Ts are established, EASE
enriches the content of E7 in Sub-table Filling. In
detail, LMschemari11 fills the cell of Er by aggre-
gating values from T’g, generating filled sub-table
Er (line 5). This process ensures structural coher-
ence while providing the necessary information for
accurate answer generation.

Answer Generation Finally, EASE employs
table-based reasoning to address the complex ques-
tion. With the query-relevant sub-table Er pre-
pared, LManswercen generates step-by-step reasoning
guided by the required operations Og, ultimately
producing the prediction A.

5 Experimental Setup

Datasets We utilize the Noisy Multi-table QA
dataset for the experiments. From the MultiTabQA
dataset (Pal et al., 2023), we extract samples un-
der the 75th percentile of table length while ex-
cluding instances with excessively long tables. We
also convert the format of the ground truth an-
swer from a tabular format to free-form using GPT-
40 (Hurst et al., 2024), thereby enabling generation-
based evaluation and ensuring the interpretability
of the systems’ output. For candidate table pool
construction and noise injection, we set m = 4
and k € {1,2, 3}, reflecting the varying number
of noisy tables across instances. The Noisy Multi-
table QA dataset comprises a total of 600 samples.
Detailed dataset statistics are presented in Table 6.

Baseline Methods We compare EASE with
LLM-based reasoning methods such as (1) Generic
Reasoning and (2) Table-Specific Reasoning.

(1) Generic Reasoning. These methods repre-
sent generic reasoning prompting applicable in
task-agnostic scenarios. The Zero-Shot method
prompts LLMs to directly answer the given ques-
tion () using the whole noisy input table set 7.
Similarly, the Few-Shot method provides several
examples (@, T, A) to guide LLMs in generating
an answer. Meanwhile, Chain-of-Thought prompt-
ing (Wei et al., 2022b) instructs LLMs to produce
a step-by-step reasoning chain before deriving the
final answer.
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(2) Table-specific Reasoning. These meth-
ods are specifically developed for table-based
reasoning with LLMs, encompassing train-
ing and prompting-based approaches. TableL-
LaMA (Zhang et al., 2024) is an instruction-tuned
model specialized for handling table-based tasks.
MultiTabQA (Pal et al., 2023) is a TAPEX (Liu
et al., 2022)-based model fine-tuned on the Multi-
TabQA dataset for standard multi-table QA. Chain-
of-Table (Wang et al., 2024b) is a prompting-based
method that instructs the LLMs to find table ma-
nipulation operations and corresponding arguments
for each round of reasoning. Throughout the rea-
soning process, the Chain-of-Table executes these
operations and iteratively generates sub-tables until
the endpoint is reached.

We use GPT-3.5 (turbo-0125)?, GPT-40 (2024-
08-06) (Hurst et al., 2024) and Claude-3.5 (haiku-
20241022)* as the backbone LLMs for both generic
reasoning and table-specific reasoning methods,
with the exception of TableLLaMA and Multi-
TabQA. We use the public checkpoint of TableL-
LaMA* based on the LLaMA-2-7b (Touvron et al.,
2023) and MultiTabQA> based on BART (Lewis
et al., 2020). The implementation details including
generation hyperparameters and prompt templates
are provided in Appendix A.2 and Appendix A.3.

Evaluation Metrics We adopt two generation-
based evaluation metrics for real-world table QA:
the ChrF score (Popovié, 2015) and Substring Ex-
act Match (EM) score. ChrF score is a character-
level evaluation metric that calculates F1-score
based on the precision and recall of N-grams be-
tween the generated output and the ground truth.
Substring EM score evaluates whether the ground
truth appears as an exact substring within the
model-generated answer, providing a straightfor-
ward measure of response quality.

In addition, we propose a Table-F1 score to bet-
ter assess the factuality of the model-generated
answer by checking the alignment between table
values generated in the prediction and the corre-
sponding ground truth. This metric first filters out
any irrelevant substrings in the generated output
that do not originate from the table values. Sub-
sequently, it computes the F1-score based on the
remaining table-relevant substrings of the model-

Zhttps://openai.com/index/chatgpt/
3https://www.anthropic.com/claude/haiku
*https://github.com/OSU-NLP-Group/TableLlama
>https://github.com/kolk/MultiTabQA



GPT-3.5

Claude-3.5

GPT-40

Methods ChrF Substring EM  Table-F1 ChrF Substring EM Table-F1 ChrF Substring EM Table-F1
Generic Reasoning
Zero-Shot 44.41 31.10 43.28 43.21 37.87 49.07 54.77 43.15 57.20
Few-Shot 41.71 37.53 43.09 37.25 52.89 51.20 56.38 55.12 57.80
Chain-of-Thought 12.62 11.87 14.85 54.16 42.87 58.50 60.12 48.33 64.73
Table-specific Reasoning
TableLLaMA" - - - 18.41 12.28 17.20 - - -
Chain-of-Table 32.37 44.40 43.79 14.41 43.56 38.48 35.54 39.90 39.76
EASE 30.15 43.28 44.85 38.27 55.81 57.27 63.80 66.02 69.65

Table 1: Experimental results on a randomly sampled noise injection setting. Note that TableLLaMA is a table

task-specific fine-tuned model, where the backbone architecture is fixed and cannot be altered.

GPT-3.5 Claude-3.5 GPT-40
Methods ChrF Substring EM  Table-F1 ChrF Substring EM Table-F1 ChrF Substring EM Table-F1
Generic Reasoning
Zero-Shot 42.97 29.87 42.38 43.34 39.20 49.68 52.87 41.64 55.86
Few-Shot 40.33 35.86 41.45 35.87 58.40 53.03 54.20 53.97 56.54
Chain-of-Thought 12.93 13.97 15.22 53.26 4243 58.68 56.52 44.85 60.66
Table-specific Reasoning
TableLLaMA" - - - 18.00 15.32 20.26 - - -
Chain-of-Table 32.01 39.58 40.93 14.65 46.17 40.82 32.80 48.06 46.83
EASE 29.63 41.67 43.05 48.29 58.53 61.92 59.43 62.06 65.68

Table 2: Experimental results on a contextually sampled noise injection setting. Note that TableLLaMA is a table
task-specific fine-tuned model, where the backbone architecture is fixed and cannot be altered.

generated answer and the ground truth, leading to
fine-grained evaluation for table-based factuality of
the model-generated answer. Given a generated an-
swer A, we first extract the generated table values
Al by filtering out any table irrelevant substrings.
Table-F1 is then computed based on the precision
and recall of Agpje with respect to the ground truth
A. Precision, recall, and Table-F1 score are defined
as follows:

Aple N A
Table-Precision = |ta{)k€7| (D)
|Atable|
Appre N A
Table-Recall = |t"‘b1"“A|| 2)

2 x Table-Precision x Table-Recall

Table-F1 =
able Table-Precision + Table-Recall 3)

A high Table-F1 score indicates that the gener-
ated table values closely match the ground truth,
A, while a lower score suggests either missing or
extraneous information in /ltable.

6 Main Results

In this section, we present comparative experimen-
tal results of EASE and baselines. We also provide
additional analysis on the efficiency of EASE and
robustness of EASE with varying numbers of noisy
tables. Further supplementary comparisons with

sub-table-based table QA baselines and additional
analyses on EASE are presented in Appendix C.

6.1 Effectiveness of EASE Framework

We compare EASE with both generic and table-
specific reasoning methods on the Noisy Multi-
table QA dataset. The results for randomly sampled
and contextually sampled noise injection settings
are presented in Table 1 and Table 2, respectively.
EASE consistently achieves the highest Substring
EM and competitive Table-F1 scores except for
Claude-3.5 variants, demonstrating its effective-
ness in filtering noise and extracting relevant infor-
mation. Notably, with GPT-40, EASE achieves the
best performance in both settings. EASE also per-
forms competitively with Claude-3.5, demonstrat-
ing strong generalization capabilities. In particular,
when using GPT-3.5 and Claude-3.5 as the back-
bone, EASE shows comparable performance with
baselines in Substring EM and Table-F1. These
results highlight EASE’s ability to extract and vali-
date relevant information from noisy tables more
effectively.

Despite being a general framework without task-
specific fine-tuning, EASE outperforms TableL-
LaMA, a table-specific fine-tuned model, across
both noise settings. Meanwhile, the Chain-of-
Thought method shows the worst performance
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Methods ChrF Substring EM Table-F1
Conventional setting
MultiTabQA 34.12 50.35 51.90
CoT" 58.04 47.46 63.40
Chain-of-Table”  30.18 48.39 44.27
EASE’ 61.82 62.55 66.73
Randomly sampled noise injection
MultiTabQA 29.57 41.96 43.44
CoT" 60.12 48.33 64.73
Chain-of-Table”  35.54 39.90 39.76
EASE" 63.80 66.02 69.65
Contextually sampled noise injection
MultiTabQA 29.30 41.08 42.49
CoT" 56.52 44.85 60.66
Chain-of-Table*  32.80 48.06 46.83
EASE’ 59.43 62.06 65.68

Table 3: Performance comparison of MultiTabQA and
EASE under the conventional MultiTabQA setting and
the proposed noisy multi-table QA settings. The * indi-
cates the result of LLM-based reasoning methods with
GPT-4o as the backbone LLM.

among other baselines when using GPT-3.5 as the
backbone. This is attributed to the GPT-3.5’s in-
put length constraint, leading to incomplete and
erroneous answer generation. In contrast, EASE
achieves the highest Table-F1 score in both settings
when using GPT-3.5 as the backbone compared to
all baselines, demonstrating the effectiveness of its
column value selection across various LLMs.

To further examine whether task-specific multi-
table QA training alone is sufficient for noisy
multi-table QA, we compare EASE with Multi-
TabQA (Pal et al., 2023), a model tailored for stan-
dard multi-table QA, under both conventional and
noisy settings. As shown in Table 3, MultiTabQA
drops from 51.90 Table-F1 on the conventional
MultiTabQA dataset to 43.44 and 42.49 under ran-
domly and contextually sampled noise injection,
respectively. In contrast, EASE maintains strong
performance across settings, achieving 66.73 on the
conventional settings and 69.65 and 65.68 under
noisy settings. These results suggest that reason-
ing in noisy multi-table QA depends not merely on
multi-table QA-tailored training, but on employ-
ing appropriate methods for explicitly filtering ir-
relevant information and effectively aggregating
pertinent values from noisy multi-table inputs.

While EASE shows robust performance com-
pared to baselines, we observe an inconsistent per-
formance of EASE on the ChrF metric. Since ChrF
evaluates the overlap between the reference answer
and the prediction based on a character-level n-

(a) Randomly sampled noise injection
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Figure 3: Box plots illustrating the input table length
distribution between the baselines and EASE. The term
"# chars" represents the number of characters, and "#
cells" denotes the number of cells in the input tables.
Baselines encompass all the generic reasoning and table-
specific reasoning methods, excluding EASE.

gram Fl-score, the longer predictions generated
by EASE due to its step-by-step reasoning tend to
be penalized, resulting in lower ChrF scores com-
pared to other baselines. In contrast, Substring EM
and Table-F1 directly assess whether the gold an-
swer appears in the generated answer, making them
more reliable for factual evaluation. EASE’s supe-
rior performance on these metrics highlights its
strong factual accuracy and answer relevance in
real-world table QA tasks.

6.2 Efficiency of EASE Framework

We evaluate the efficiency of EASE by compar-
ing input table lengths with baseline methods, in-
cluding generic and table-specific reasoning ap-
proaches. As shown in Figure 3, EASE signifi-
cantly reduces both the number of characters (#
chars) and the number of cell values (# cells) com-
pared to baselines. This reduction is attributed to
EASE’s sub-table generation method, which selec-
tively fills the sub-table schema with only relevant
table values through its Column Value Selection
module. EASE minimizes input size by filtering
out irrelevant information from noisy input tables
while maintaining reasoning quality. These find-
ings indicate that EASE not only optimizes input
length but also reduces computational overhead,
enhancing its scalability for real-world table QA
applications.
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Figure 4: Experimental results by number of tables for
random and contextual noisy tables.

6.3 Robustness of EASE under Different
Numbers of Noisy Tables

We evaluate the robustness of EASE by compar-
ing its performance against Chain-of-Thought and
Chain-of-Table across various noisy table ratios.
Figure 4 illustrates the Table-F1 scores of each
method using GPT-40 as the backbone. Overall,
EASE outperforms both Chain-of-Thought and
Chain-of-Table across all settings, regardless of the
number of noisy tables. These results demonstrate
that EASE effectively filters out irrelevant infor-
mation while preserving essential content for rea-
soning, ensuring robust performance in real-world
table QA settings. Notably, when generating an an-
swer from a noisy input table set comprising three
noisy tables and one relevant table, EASE outper-
forms the baselines in all settings. By leveraging
Entity & Operation Extraction, EASE effectively
discards irrelevant values and focuses on generat-
ing answers based on pertinent table content. In
cases where the table set includes two noisy and
two relevant tables, all methods experience per-
formance degradation. This result arises from the
equal contribution of noisy and relevant informa-
tion, which places a burden on the system to bal-
ance filtering out irrelevant data with aggregating
the pertinent values. In contrast, EASE still out-
performs the baselines by constructing a sub-table

Methods ChrF Substring EM  Table-F1

Randomly sampled noise injection

EASE 63.80 66.02 69.65
W/0 LMextract 48.51 51.32 54.59
W/0 LMschemagen  52.16 63.17 68.17
W/0 SMcoiselect  61.66 61.47 64.56

Contextually sampled noise injection

EASE 5943 62.06 65.68
w/0 LMextract 47.83 48.55 51.91
W/0 LMschemagen  49.96 59.28 64.92
w/0 SMeotselect  59.06 58.10 62.59

Table 4: Results of ablating the Entity & Operation
Extraction module (W/0 LMgytract), Sub-table Schema
Generation (W/0 LMs¢chemagen) and Column Value Selec-
tion (W/0 SMco1select)-

schema that utilizes concise and relevant column
values.

7 Ablation Study

To assess the impact of each module in EASE on
real-world table QA, we conduct an ablation study
by discarding the Entity & Operation Extraction
module (W/0 LMgytract), Sub-table Schema Genera-
tion (W/0 LMschemagen) and Column Value Selection
(W/0 SMco1select). The results are shown in Table 4.
Since LMeytract is crucial for identifying relevant
table values among noisy multi-tables, its absence
leads to a significant performance decline, with
an average decrease of 14.415 in Table-F1 score.
When LMschenacen i ablated, the performance also
degrades, indicating that constructing a structural
foundation followed by contextual sub-table filling
is more effective than employing a generic sub-
table generation approach. Lastly, the absence of
SMco1select leads to both inefficient and ineffective
real-world table QA performance. These findings
highlight that SMco1se1ect improves performance by
filtering out irrelevant tables, thereby providing a
more concise source for subsequent Sub-table Fill-
ing. Overall, the core modules in EASE contribute
to effective table-based reasoning.

8 Case Study

We qualitatively verify the reasoning capability of
EASE using two examples from the Noisy Multi-
table QA dataset. Table 5 presents the responses
generated by EASE alongside those from Chain-of-
Thought and Chain-of-Table. The results demon-
strate that in noisy multi-table QA settings, EASE
effectively extracts relevant table information in a

284



QUESTION 1

Find the total balance across checking accounts.

Input Tables

Gold Answer

{*CHECKING’: {‘columns’: [‘custid’, ‘balance’], ‘index’: [0, 1, 2, 3, 4, 5, 6], ‘data’: [[1, 10000.0], [2,
2000.01, [3, 3000.0], [4, 7000.0], [5, 10000.0], [6, 77.0], [7, 7.0]], ‘table_name’: ‘CHECKING’}, ‘Tryout’:
{‘columns’: [‘pID’, ‘cName’, ‘pPos’, ‘decision’], ‘index’: [0, 1, 2, 3, 4, 5], ‘data’: [[10001, ‘LSU’, ‘goalie’,
‘no’], [10001, ‘ASU’, ‘goalie’, ‘yes’], [20002, ‘FSU’, ‘striker’, ‘yes’], ...

32084.0

Chain-of-Thought
Chain-of-Table

Thus, the total balance across checking accounts is 32107.0. X
Therefore, the answer is: 32184.0 X

EASE The total balance across checking accounts is 32,084.0.

QUESTION 2 For each position, what is the minimum time students spent practicing?

Input Tables {‘Player’: { ‘columns’: [‘pID’, ‘pName’, ‘yCard’, ‘HS’], ‘index’: [0, 1, 2, 3, 4, 5], “data’: [[10001, ‘An-
drew’, ‘no’, 1200], [20002, ‘Blake’, ‘no’, 1600], [30003, ‘Charles’, ‘no’, 300], ..., ‘College’: { ‘columns’:
[‘cName’, ‘state’, ‘enr’], ‘index’: [0, 1, 2, 3], ‘data’: [['LSU’, ‘LA’, 18000], [‘ASU’, ‘AZ’, 120001, [‘OU’,
‘OK’, 22000], [‘FSU’, ‘FL’, 19000]], ‘table_name’: ‘College’}, ‘Projects’: { ‘columns’: ...

Gold Answer 1200 for goalie, 300 for mid, 1600 for striker.

Chain-of-Thought
X
Chain-of-Table
EASE
300

Therefore, the answer to the question, based on the provided data, is that the information is not available.

therefore, the answer is: [Empty Cell] - 89, goalie - 98, mid - 789, striker - 256 X
For each position, the minimum time students spent practicing is: - Goalie: 1200 - Striker: 1600 - Mid:

Table 5: Comparison of generation results for each method in Noisy Multi-table QA dataset. The red components
are the noisy table in the input table. Detailed reasoning steps for EASE are presented in Appendix B.

step-by-step manner, leveraging its structured rea-
soning framework. As seen in Question 1, EASE
exhibits strong numerical reasoning capabilities in
complex arithmetic scenarios that require structural
awareness of tables. Additionally, for Question
2, which necessitates integrating multi-table infor-
mation, EASE accurately extracts and utilizes the
relevant data to generate correct answers. In con-
trast, Chain-of-Thought and Chain-of-Table strug-
gle with table-based reasoning, failing to recognize
key information required for answering questions.

9 Error Analysis

To understand the structural bottlenecks of EASE,
we analyze failure cases under noisy multi-table
QA settings. As shown in Figure 5, the failure pat-
terns vary depending on the type of injected noise.
Across both noise injections, the most prevalent er-
ror type is Answer Generation Error. These errors
typically stem from two distinct sources: seman-
tic errors, such as misinterpreting the user intent
or table schema, and arithmetic/logical errors, in-
cluding miscalculating averages or ignoring top-k
constraints during the final generation step.

Under contextual noise, EASE specifically
struggles with Entity Extraction, frequently over-
extracting entities from noise tables. Since this phe-
nomenon is absent under random noise injection,
it is directly attributed to the contextual similarity
of column and table names between the ground
truth schemas and the sampled noisy tables. Fur-
thermore, EASE exhibits structural Table Filling
Errors across both settings. These errors generally

occur when the model fails to enumerate all match-
ing values for complex joins or neglects underlying
join constraints.

In conclusion, the error analysis reveals remain-
ing challenges in sub-table filling and answer gen-
eration across both settings, with contextual noise
further complicating entity extraction. Addressing
these limitations necessitates more granular, phase-
aware noise filtration and dynamic sub-table-based
reasoning strategies in future research.

10 Conclusion

In this paper, we tackled real-world table QA by
introducing the Noisy Multi-table QA dataset and
novel EASE framework. The Noisy Multi-table
QA dataset is constructed by injecting both ran-
domly and contextually sampled noise, thereby re-
flecting the real-world table QA settings in which
the system should reference multiple tables to gen-
erate accurate answers. To address the complexi-
ties of real-world table QA, we have proposed an
EASE framework, which constructs entity-aware
sub-table schema and then fills its cell with a
selected column value set. Our extensive experi-
ments showcase EASE’s outstanding performance,
demonstrating effective sub-table-based reasoning
and efficient sub-table filling by column value selec-
tion. This entity-aware sub-table generation design
sheds light on the effective utilization of LLMs’
table-based reasoning capabilities in real-world ta-
ble QA settings.
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Limitations

Here, we outline two key limitations: (1) the re-
stricted scope of our work and (2) The inference
cost of proprietary LLMs. (1) The restricted scope
of our work. We focus on real-world table QA,
where answering a question requires reasoning
over both relevant and noisy tables. To imple-
ment this setting, we conduct experiments on the
Noisy Multi-table QA dataset, built from Multi-
TabQA (Pal et al., 2023) with injected noisy tables.
Although this setup is appropriate for evaluating
EASE under noisy multi-table conditions, our ex-
periments remain limited to this benchmark con-
struction. For that reason, we do not expect EASE
to work transparently on other types of tables that
are different from the MultiTabQA dataset, such
as a spreadsheet or database format. Moreover, fo-
cusing on real-world table QA, we did not evaluate
our approach on conventional table QA datasets
such as WikiTQ (Pasupat and Liang, 2015) and
FeTaQA (Nan et al., 2022).

(2) The inference cost of proprietary LLMs.
To address real-world table QA, we primarily rely
on proprietary LLMs to leverage state-of-the-art
reasoning capabilities. This leads to high inference
costs, compared to the open-source LLMs such
as LLaMA (Dubey et al., 2024) or Mixtral (Jiang
et al., 2024). We conducted preliminary experi-
ments on utilizing instruction-tuned LLaMA-3.1-
8B° on both generic and table-specific reasoning
methods. However, LLaMA-3.1-8B fails to gener-
ate an answer due to limited table understanding
capability. We believe future work could extend
the approaches for enhancing table-based reason-
ing capabilities of open-source LLMs in real-world
tables.

Ethics Statement

In this section, we discuss the ethical considera-
tions of our work.

(1) Privacy and Languages. The Noisy Multi-
table QA dataset was constructed upon the Mul-
tiTabQA dataset, which encompasses Spider (Yu
et al., 2018), GeoQuery (Zelle and Mooney, 1996)
and Atis (Dahl et al., 1994) in English. The Spi-
der dataset consists of web-crawled data annotated
with human-generated SQL queries. GeoQuery
addresses geographical question answering using
Geobase data (e.g., identifying the location of a

®meta-llama/Llama-3.1-8B-Instruct

specific city), while ATIS encompasses scenarios
where users request flight information through au-
tomated airline travel inquiry systems. Since each
dataset is based on human annotations or domain-
specific table-based question answering, there is
minimal risk of including personal information or
offensive content. (2) Licenses and terms. The
source dataset, MultiTabQA, is developed under
the MIT license. Similarly, TableLLaMA (Zhang
et al., 2024), which we use as a baseline, is also
distributed under the MIT license. We primarily em-
ploy LangChain’, available under the MIT license,
for implementing EASE. (3) Intended use. Our
proposed Noisy Multi-table QA datasets and EASE
framework are intended to be used on table-based
reasoning on real-world table QA. This dataset can
serve as a basis for generating synthetic training
data for multi-table QA, as it emphasizes generat-
ing accurate answers under noisy input table sets.
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A Detailed Experimental Setup

A.1 Data Statistics

We construct the Noisy Multi-table QA dataset by
applying two noise injection methodologies to the
MultiTabQA (Pal et al., 2023) dataset. MultiTabQA
dataset is developed under MIT license. The sam-
ples are randomly selected for the dataset construc-
tion. Table 6 shows statistics of the Noisy Multi-
table QA dataset.

# of noisy tables

1 2 3

Randomly sampled noise injection

# of examples 100 100 100

Module temperature top_p output_tokens examples
GPT-3.5
LMextract 0.3 1.0 4096 6
LMschenagen 0.3 1.0 4096 0
LMschemaFi1l 0.3 1.0 4096 0
LManswerGen 0.3 1.0 4096 0
Claude-3.5
LMextract 0.3 1.0 8192 6
LMschemagen 0.3 1.0 8192 0
LMschemari11 0.3 1.0 8192 0
LManswerGen 0.3 1.0 8192 0
GPT-40
LMextract 0.3 1.0 16383 6
L Mschemagen 0.3 1.0 16383 0
LMschemaFi11 0.3 1.0 16383 0
LManswerGen 0.3 1.0 16383 0

Min. table length 23.00 40.00 72.00 Table 7: Generation hyperparameters for EASE
Max. table length 3,799.00 11,045.00 11,775.00 "
Avg. table length 745.73 909.36 1,298.20 odule temperature top_p output_tokens examples
Min. noisy table length 32.00 41.00 72.00 GPT-3.5
Max. noisy table length  3,799.00 11,045.00 11,775.00 Zero-Shot 0 1.0 4096 0
Avg. noisy table length 795.27 1,078.98 968.88 Few-Shot 0 1.0 4096 3
Contextually sampled noise injection Chain-of-Thought 0 1.0 4096 0
# of examples 100 100 100 Claude-3.5
Min. table length 23.00 40.00 72.00 Zero-Shot 0 1.0 8192 0
Max. table length 11,107.00  3,737.00 11,775.00 Fow-Shot o 0 192 B
Avg. table length 843.62 811.47 1,298.20 -
Min. noisy table length  67.00 49.00 72.00 Chain-of-Thought 0 10 8192 0
Max. noisy table length  11,107.00  3,107.00  11,775.00 GPT-4o
Avg. noisy table length  1,731.84 756.66 1,133.57 Zero-Shot 0 1.0 16383 0
Few-Shot 0 1.0 16383 3
Table 6: Statistics of the Noisy Multi-table QA dataset. Chain-of-Thought 0 1.0 16383 0

A.2 Implementation Details

We provide the implementation details, including
supplementary experimental setups, inference hy-
perparameters for each module in EASE and base-
lines.

Supplementary Experimental Setups For the
experiments, we implement a generic reasoning
baseline and EASE using the langchain package.
For Chain-of-Table (Wang et al., 2024b), we em-
ploy its public code base®, and adopt the Wik-
1TQ (Pasupat and Liang, 2015) version prompt for
the DynamicPlan module. Additionally, we imple-
ment TableLLaMA (Zhang et al., 2024)? and Multi-
TabQA (Pal et al., 2023)!° using their public code-
bases and checkpoints, and conduct evaluations on
a single NVIDIA RTX A6000 48GB GPU.

8https://github.com/google-research/chain-of-table
*https://github.com/OS U-NLP-Group/TableLlama
https://github.com/kolk/MultiTabQA

Table 8: Generation hyperparameters for generic reasoning
baselines

Generation Hyperparameters The generation
hyperparameters for EASE is shown in Table 7.
For the generic reasoning baselines (Table 8), we
set hyperparmeters based on the preliminary ex-
periments shown in Table 9 and Table 10. For
Chain-of-Table, we adhere to the original con-
figuration: temperature € {0,1}, top_p = 1,
and decode_steps = 200. For TableLLaMA
we set temperature = 0.6, top_p = 0.9, and
max_gen_len = 512.

A.3 Prompt Template

We present the prompt templates and shot examples
for each module in EASE and generic reasoning
baselines.

EASE Framework

* Entity & Operation Extraction: See Table 20
for prompt template and Table 21 shot exam-
ples.
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Methods ChrF Substring EM  Table-F1 Methods Backbone ChrF Substring EM  Table-F1
zero-shot 54.77 43.15 57.20 Randomly sampled noise injection
L temp 0.3 55.14 42.66 57.31 CoT GPT-35 1262 11.87 14.85
fCW—ShOt 5638 55 12 5780 Chain-of-Table GPT-3.5 32.37 44.40 43.79
_ 6-shot, temp 0.3 56.54 54.65 57.48 DATER GPT3.5 3169 29.32 30.09
CoT 60.12 1833 6473 DATER GPT-40 9.85 8.05 7.93
0 ’ ’ ’ EASE GPT-3.5 30.15 43.28 44.85
L temp 0.3 58.46 46.22 62.98
Contextually sampled noise injection
L. ) . CoT GPT-3.5 1293 13.97 15.22
Table 9: Preliminary experimental results for selecting Chain-of-Table GPT3.5  32.01 3958 40.93
generation hyperparameters for generic reasoning base- DATER GPT-3.5  33.05 29.83 31.40
lines under randomly sampled noise injection setting. DATER GPT-40  9.64 7.22 7.64
EASE GPT-3.5 29.63 41.67 43.05

Methods ChrF Substring EM Table-F1
zero-shot 52.87 41.64 55.86
L temp 0.3 53.88 42.46 56.39
few-shot 54.20 53.97 56.54
L 6-shot, temp 0.3  56.11 53.76 56.29
CoT 56.52 44.85 60.66
L temp 0.3 57.23 45.28 61.76

Table 10: Preliminary experimental results for selecting
generation hyperparameters for generic reasoning base-
lines under contextually sampled noise injection setting.

¢ Sub-table Schema Generation: See Table 22.
* Sub-table Filling: See Table 23.
¢ Answer Generation: See Table 24.

Generic Reasoning Baselines

» Zero-shot & Few-shot: See Table 25 for
prompt template and Table 26 shot examples
for Few-shot.

* Chain-of-Thought: See Table 27.

B Outputs of Each Module in EASE

The outputs of each module in the EASE for the
given question and tables are presented in Table 28
and Table 29.

C Additional Analysis

We present additional analysis to validate EASE’s
generalizability, effectiveness, and robustness.

C.1 Supplementary Comparisons with
Sub-table-based Table QA Baselines

To evaluate the effectiveness of EASE’s multi-stage
sub-table generation, we conduct comparative ex-
periments with DATER (Ye et al., 2023) and H-
STAR (Abhyankar et al., 2025), baselines that also
aim to filter irrelevant table content. While these
methods seek to extract pertinent information from
the input table set, they differ fundamentally in their

Table 11: Experimental results of EASE and DATER
under the Noisy Multi-table QA dataset with GPT-3.5 as
the default backbone LLM. For DATER, we additionally
report results using GPT-4o.

utilization of the resulting sub-table. DATER em-
ploys an extractive approach, prompting an LLM to
look up the full table and select indices of relevant
rows and columns. This sub-table then serves as
’sub-evidence’ for a final reasoner that aggregates
results from multiple SQL queries. Similarly, H-
STAR constructs a sub-table through a multi-view
extraction process, and generates the final answer
with the generated sub-table. In contrast, EASE
generates a consolidated sub-table, containing the
query-relevant partial information, that serves as
the primary context directly grounding the final
reasoning process. Although H-STAR utilizes the
sub-table as a main source, it employs additional
SQL executions for final answer generation, lead-
ing to computational overhead. In the following, we
present a comparative empirical analysis of EASE
against DATER and H-STAR.

Comparison with DATER We conduct compar-
ative experiments by implementing DATER and
EASE with GPT-3.5 as the backbone LLM. As
shown in Table 11, EASE consistently outperforms
both DATER and Chain-of-Table across both noise
settings. We attribute this performance gap to a
critical limitation in DATER’s design: its failure to
perform multi-table aggregation during sub-table
generation. By merely selecting relevant table con-
tent, DATER produces a fragmented collection of
evidence, forcing the subsequent SQL generation
step to reason over disjointed information. This
leads to erroneous queries that cannot capture com-
plex inter-table relationships. In addition, DATER
performs even worse when implemented with GPT-
40, indicating that it does not consistently benefit
from a stronger backbone LLM and generalizes less
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Methods ChrF Substring EM Table-F1 Methods ChrF Substring EM Table-F1
Randomly sampled noise injection Randomly sampled noise injection

CoT" 60.12 48.33 64.73 TableLLaMA 18.41 12.28 17.20

Chain-of-Table"  35.54 39.90 39.76 EASE" + TableLLaMA  25.94 19.60 30.67

H_STA*R 9.56 6.07 775 Contextually sampled noise injection

EASE 63.80 66.02 69.65 TableLLaMA 18.00 1532 20.26
Contextually sampled noise injection EASE" + TableLLaMA  23.07 17.05 24.65

CoT" 56.52 44.85 60.66

Chain-of-Table”  32.80 48.06 46.83 Table 13: Experimental results of using the EASE-

H'ST‘A;R 9.67 4.72 6.54 generated sub-table as input on TableLLaMA. The *

EASE 59.43 62.06 65.68

Table 12: Experimental results of EASE and H-STAR
under the Noisy Multi-table QA dataset with GPT-40 as
the backbone LLM.

effectively to noisy multi-table QA settings. Con-
versely, EASE’s sub-table generation utilizes both
extractive and generative manner by first extract-
ing candidate subset, then generating sub-table by
aggregating those pertinent values, thereby serving
key information for the reasoning in Noisy Multi-
table QA settings. Overall, these results support
the effectiveness of EASE’s consolidated sub-table
generation for robust reasoning under noisy multi-
table settings.

Comparison with H-STAR We additionally
compare EASE with H-STAR (Abhyankar et al.,
2025) to examine how it transfers to our noisy
multi-table QA setting. As shown in Table 12, H-
STAR performs substantially worse than all other
baselines under both randomly and contextually
sampled noise injection, achieving Table-F1 scores
of 7.75 and 6.54, respectively, while EASE attains
69.65 and 65.68. These results suggest that H-
STAR does not transfer effectively to noisy multi-
table QA settings, where the model must distin-
guish relevant evidence from noisy tables and con-
solidate information across multiple tables. In con-
trast, EASE explicitly performs query-aware filter-
ing and multi-table aggregation before final answer
generation, which enables more robust reasoning
under noisy multi-table inputs.

C.2 Informativeness of the sub-table
generated by EASE

As demonstrated in the ablation study (Section 7),
eliminating the sub-table generation degrades the
performance of EASE for real-world table QA. To
further assess the importance of the sub-table gen-
eration for real-world table QA, we conduct an
additional experiment. We extract the EASE gen-
erated sub-table for each case then utilize them

indicates the result of LLM-based reasoning methods
with GPT-40 as the backbone LLM.

Methods GPT-40 accuracy
Randomly sampled noise injection
MultiTabQA 0.003
Chain-of-Table" 0.56
EASE" 0.78
Contextually sampled noise injection
MultiTabQA 0.01
Chain-of-Table" 0.49
EASE" 0.64

Table 14: Experimental results of EASE and baselines
under unanswerable cases. The * indicates the result
of LLM-based reasoning methods with GPT-40 as the
backbone LLM.

as inputs for TableLLaMA (Zhang et al., 2024),
a model fine-tuned for single-table QA task. The
experimental results, presented in Table 13, reveal
that utilizing EASE-generated sub-tables as input
for TableLLaMA leads to performance improve-
ments across all metrics and settings. This sug-
gests that the sub-table encapsulate relevant and
aggregated table information essential for question
answering, highlighting the rich informativeness
of EASE-generated sub-table. In conclusion, our
findings provide further empirical evidence for the
effectiveness of sub-table generation as a crucial in-
termediate representation for real-world table QA.

C.3 Robustness of EASE under unanswerable
cases

Real-world table QA often involves scenarios with
partial or completely missing information neces-
sary for answering a question. To address this, we
conduct additional experiments to evaluate the han-
dling of faulty table cases. Specifically, we design a
noise-only multi-table QA setting, where each data
instance consists exclusively of query-irrelevant ta-
bles, creating inherently unanswerable scenarios.
In such cases, the system should ideally generate

292



GPT-40

Methods Randomly sampled noise injection ~Contextually sampled noise injection
Zero-Shot 57.20 55.86
CoT 64.73 60.66
Chain-of-Table 39.76 46.83
Direct sub-table extraction 58.41 55.43
EASE 69.65 65.68
Claude-3.5
Methods Randomly sampled noise injection Contextually sampled noise injection
Zero-Shot 49.07 49.68
CoT 58.50 58.68
Chain-of-Table 38.48 40.82
Direct sub-table extraction 50.16 51.13
EASE 57.27 61.92

Table 15: Experimental results of Direct sub-table extraction methods, EASE and baselines on Noisy Multi-table
QA dataset with GPT-40, Claude-3.5 as a backbone LLM. All results are presented in Table-F1 metric.

outputs such as "unanswerable" or "None." To ver-
ify the framework’s robustness under a faulty input
table set scenario, we conduct experiments on the
MultiTabQA model, Chain-of-Table, and EASE.
To evaluate the framework’s performance in unan-
swerable cases, we introdcue an LLM-as-a-judge
metric utilizing GPT-4o to judge each framework’s
output’s semantic similarity between each frame-
work’s output and a reference set containing re-
sponses to unanswerable situations (e.g., "unan-
swerable", "none", "not provided", "unavailable",
"not contain").

As illustrated in Table 14, EASE surpasses
all baselines, showing comparable robustness in
unanswerable situations. This can be attributed to
EASE’s Entity Extraction module, which effec-
tively discriminates between query-relevant and
irrelevant tables within the input table sets. In con-
trast, MultiTabQA, fails to handle unanswerable
cases by always generating output based on the
given faulty input table sets. In summary, EASE
demonstrates superior robustness compared to base-
lines, showcasing its generalizability in handling
faulty table cases.

C.4 Necessity of multi-step reasoning pipeline
of EASE under Noisy Multi-table QA
settings

In Noisy Multi-table QA settings, the system is re-
quired to conduct multi-step reasoning by filtering
out irrelevant information and effectively aggre-
gating multiple table information in to generate
an accurate answer. Therefore, we conducted ad-
ditional experiments for validating the multi-stage
design choice of EASE by adding the "Direct sub-
table extraction’ method. We use the prompt shown

«SYSTEM»

Answer the following question based on the provided table
in the JSON format. Please identify relevant sub-tables that
are needed for answering the question. When generating
the final answer, generate after the format ‘Final Answer:*.

«USER»
Table Data: {tables}
Question: {question}

Table 16: Prompt for direct sub-table generation method.

in Table 16, by instructing the LLM to first extract
the sub-table and generate the answer based on the
extracted sub-table. For the experiment, we set the
GPT-40 and Claud-3.5 as a backbone model and
conducted experiments on CoT, Chain-of-Table,
and EASE.

The experimental results for validating the neces-
sity of multi-step reasoning pipeline of EASE are
shown in Table 15. These results show that the di-
rect sub-table extraction method shows a marginal
gain over zero-shot prompting, but lags behind the
EASE and other baselines. Morevoer, Direct sub-
table extraction even shows lower performance on
contextually sampled noise injection with GPT-40
as a backbone. This indicates that instructing the
model to extract the sub-table and answer simul-
taneously is an inappropriate design choice under
Noisy Multi-table QA settings, as the system fails
to extract and aggregate pertinent table values for
sub-table generation. In contrast, EASE’s explicit
multi-stage pipeline ensure a structured decom-
position of the task, leading to more robust per-
formance under varying noise conditions. These
findings highlight the importance of multi-step rea-
soning over direct sub-table extraction approaches,
reinforcing the design motivation behind EASE.
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GPT-3.5 Claude-3.5 GPT-40
Methods ChrF Substring EM Table-F1 ChrF Substring EM Table-F1 ChrF Substring EM Table-F1
Chain-of-Thought 12.62 11.87 14.85 54.16 42.87 58.50 60.12 48.33 64.73
Chain-of-Table 32.37 44.40 43.79 14.41 43.56 38.48 35.54 39.90 39.76
EASE w programming  41.99 34.81 37.03 59.99 53.92 57.43 71.09 64.99 67.98
EASE 30.15 43.28 44.85 38.27 55.81 57.27 63.80 66.02 69.65

Table 17: Performance of EASE with different implementations for the sub-table filling module in a randomly
sampled noise injection setting : LLM-based vs. Programming-based.

GPT-3.5 Claude-3.5 GPT-40
Methods ChrF Substring EM Table-F1 ChrF Substring EM Table-F1 ChrF Substring EM Table-F1
Chain-of-Thought 12.93 13.97 15.22 53.26 42.43 58.68 56.52 44.85 60.66
Chain-of-Table 32.01 39.58 40.93 14.65 46.17 40.82 32.80 48.06 46.83
EASE w programming  40.71 31.81 35.16 57.11 51.04 54.51 67.63 62.29 64.65
EASE 29.63 41.67 43.05 48.29 58.53 61.92 59.43 62.06 65.68

Table 18: Performance of EASE with different implementations for the sub-table filling module in a contextually
sampled noise injection setting : LLM-based vs. Programming-based.

C.5 Validity of LLM-based sub-table filling
compared to programming-based
approach

To tackle the challenges posed by real-world ta-
ble QA, we proposed EASE framework which
generates precise sub-tables through the Sub-table
Schema Generation and Sub-table Filling modules.
This design is inspired by the findings of Min
et al. (2024), which demonstrated that LLMs ex-
hibit improved performance on table QA tasks
when tables are presented in a markdown format
within a Retrieval-Augmented Generation (RAG)
context. Accordingly, our Sub-table Filling mod-
ule employs an LLM to generate sub-tables in this
markdown style, thereby improving downstream
QA accuracy. However, despite its potential for
higher accuracy, this LLM-based generation pro-
cess introduces computational overhead compared
to programming-based approaches. To analyze this
trade-off between accuracy and efficiency, we con-
duct a comparative experiment by substituting the
Sub-table Filling module with a code generation-
based implementation. In this setup, we prompted
the LLM with the curated pandas code generation
instruction, question () and selected relevant col-
umn value set Ts to generate a pandas script that
simultaneously performs the sub-table filling and
derives the final answer.

Table 17 and Table 18 summarize our compar-
ative experiments, which indicate that the code
generation-based implementation (EASE w pro-
gramming) yields mixed and often unfavorable
results in Noisy Multi-table QA settings. While

EASE w programming improved the syntactic sim-
ilarity of answers, it struggled to enhance overall
QA accuracy. The performance varied significantly
depending on the backbone LLMs. With a highly
capable model like GPT-40, the EASE w program-
ming still outperformed the Chain-of-Thought base-
line, though it fall short of the original EASE. How-
ever, the performance degradation was more promi-
nent for Claude-3.5 and GPT-3.5, where EASE w
programming not only underperformed the origi-
nal EASE but also lagged behind other baselines.
This reveals a key findings: leveraging LLMs for
code generation is less robust and highly depen-
dent on the model’s coding generation capability,
whereas the LLM-based sub-table generation in
EASE offers a higher end-to-end task performance
and maintains generalizability. Consequently, these
experiments empirically validate our design choice
in EASE, highlighting the effectiveness of direct
sub-table generation for achieving reliable end-to-
end performance across a range of LLMs.

C.6 Discussion on computational overhead of
EASE

To quantify the inference cost discussed in Limita-
tions, we conduct a theoretical analysis of inference
cost with respect to the token consumption com-
plexity. We analyze the token consumption of CoT,
Chain-of-Table, and EASE. For Chain-of-Table,
which operates iteratively, we measure token con-
sumption by tracking the mean and maximum num-
ber of reasoning iterations. We define the follow-
ing variables for our analysis: NV (rows per table),
M (columns per table), x (rows in a sub-table), y
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Methods Token consumption

complexity
CoT O(TNM)
Chain-of-Table ~ O(TNM + kzy)
EASE O(TrM + Typsc)

Table 19: Theoretical analysis of token consumption for
each method represented in Big O notation.

(columns in a sub-table), T' (number of tables), k
(number of sub-table generation iterations), and r
(rows for entity extraction). In our experiments, we
set T' = 4 for all methods and r = 3 for EASE.

As shown in Table 19, both CoT and Chain-of-
Table initially receive the full tables as input. How-
ever, Chain-of-Table’s token consumption further
increases as it iteratively processes sub-tables of
size x X y for k iterations (x < N,y < M). We em-
pirically observe that k can reach up to 6, leading to
substantial token consumption. In contrast, EASE
significantly reduces input size by first processing
only the top three rows (r = 3) of each table for
Entity & Operation Extraction. Subsequently, its
sub-table filling module operates on a much smaller
and more concise input T, which consists of fewer
number of tables (Ty,, < T') containing only query-
relevant rows (s < N) and columns (¢ < M).

In terms of generation time, CoT exhibited the
lowest latency as it produces the answer in a
single inference step. Conversely, Chain-of-Table
recorded the longest generation time due to its it-
erative reasoning process, which required an aver-
age of four and up to a maximum of six steps in
our experiments. EASE requires a fixed number
of four sequential LLM calls to execute its mod-
ular pipeline for filtering and aggregation. Conse-
quently, while EASE is highly efficient on token
consumption, this efficiency comes at the cost of
higher generation latency compared to the direct
CoT baseline.

C.7 Module-wise Error Distribution

Figure 5 shows the module-wise error distribution
of EASE under different noise settings.
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Error Analysis of EASE with GPT-40 by Module-wise Error Type

Random Noise Contextual Noise

44.8%
69.7%
28.9%

mmm  Table Filling Error mmm  Answer Generation Error mmm  Table Filling Error

mmm Entity Extraction Error mmm  Answer Generation Error

Figure 5: Error distribution of EASE with GPT-40 by module when randomly and contextually sampled noise are
injected. While Answer Generation accounts for most errors in both noisy settings, contextual noise also increases
upstream failures in Entity Extraction, suggesting that semantically similar noise makes early-stage filtering more
difficult.
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«SYSTEM»

Task description:

You are an expert data scientist. You will be given a question and the schemas of the tables. Your job is to extract important
entities and desired operations from a given question. The extracted entities and operations will be used as groundwork
for constructing a reasoning table to write a faithful and precise answer to the given question. Below is the procedure for
extracting entities and operations from the question.

Procedure.

1. Find the relevancy between the question and tables: Read the question first, then look at the schemas of the tables to find
the columns that might be useful sources for answering it.

2. Extract operations that should be used when answering the question. The operation might be about counting, comparison,
sorting, arithmetic operations, grouping, etc.

- If the question merely requires a selection of the value within the table, the operation should be ’select’

3. Extract the important entities in the question. The extraction must follow these criteria:

1) Discard the entity that is irrelevant to any columns of the given tables.

2) Do not discard the entity that can be reasoned by using the values from the given tables’ columns.

3) If the entity’s name is the same as the table’s name, extract the relevant column name from that corresponding table.

4) If the extracted entity emerges from more than two tables, extract all the co-occurred entities, and the table name should
delimit the entities.

5) Extract entity as “Table_name.Column_name’ format.

**Note**

- Please be aware that the provided example tables are just subsets of the original, complete tables. Therefore, the entities you
wish to extract may not be present in the row of the tables.

- This should not lead to extraction and operation failure: not extracting any entities or operations because of the absence of
the value in the given example tables.

- Do not generate “None" or “Unanswerable" for the **Operations** and **Extracted Entities**. You must extract at least
one entity or operation.

Output format:

- **Explanation**: Describe step by step reasoning chain of the extraction
- **QOperations**: #01: Operation name,

#02: Operation name, ...

#0j: Operation name.

- **Extracted Entities**: #el: Entity name,

#e2: Entity name, ...

#ei: Entity name.

{few_shot}

«USER»

Question: {question}

Example Tables: <table_name> : {table_name_1} col: {column_names of table_name_1}

rowl: {rowl values of table_name_1} row 2 : {row2 values of table_name_1} row 3 : {row3 values of table_name_1}

<table_name> : {table_name_n} col: {column_names of table_name_n}
rowl: {rowl values of table_name_n} row 2 : {row2 values of table_name_n} row 3 : {row3 values of table_name_n}

Table 20: Prompt for Entity & Operation Extraction. The input is constructed as a pair of Question and Example
Tables. For Example Tables, it consist of {table_name_n} which represents the names of the table, {column_names
of table_name_n} that specifies the list of column names and the corresponding values in the first three rows.
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Input Question: Show all card type codes and the number of cards in each type.
Example Tables: <table_name> : Customers_Cards col : card_id | customer_id | card_type_code
| card_number | date_valid_from | date_valid_to | other_card_details row 1 : 1 | 14 | Credit |
4560596484842 |1 2011-04-17 09:05:28 1 2018-03-07 17:06:19 | 5567915676420343 row 2 : 219
| Credit | 4859448397570735 1 2012-05-22 02:05:41 1 2018-02-25 15:43:32 |1 4539333582760 row 3 : 3
| 6 | Debit | 348237249146948 | 2014-08-01 14:26:45 1 2018-03-24 15:29:00 1 4916210554814

Output **Explanation™®*:
1. **Relevancy between the question and table**:
- The question is asking for "all card type codes and the number of cards in each type," which directly
relates to the ‘Customers_Cards’ table.
- The ‘card_type_code’ column in the ‘Customers_Cards’ table is relevant for identifying the different
types of card codes.
- The question also requires counting the number of cards for each type, which involves the ‘card_id’
column in the ‘Customers_Cards’ table.

2. **Extract operations**:

- **Grouping**: We need to group the data by ‘card_type_code’ to categorize the cards into their
respective types.

- **Counting®*: After grouping, we need to count the number of ‘card_id’ entries within each group
to determine the number of cards for each type.

3. **Extract important entities**:

- ‘Customers_Cards.card_type_code’ is extracted because it represents the card type codes that need to
be listed.

- ‘Customers_Cards.card_id’ is extracted to perform the counting operation to find out how many cards
exist for each type.

**Operations**:
- #o01: Group (by ‘card_type_code’ to categorize cards)
- #02: Count (to count ‘card_id’ entries within each type)

**Extracted Entities**:
- #el: Customers_Cards.card_type_code
- #e2: Customers_Cards.card_id

Table 21: Example for Few-Shot setting in Entity & Operation Extraction.

«USER»
Generate a small empty table format to answer queries with the extracted entities as columns. The empty table should be
represented in standard tabular format.

The output format should be like: " | entity 1l entity 2 | entity3 | ... | entity 4l
| | | | | |

| | | [ i
Just give me the output.

Input: {entities}

Table 22: Prompt for Sub-table Schema Generation. {entities} is the entities extracted in the Entity & Operation
Extraction.
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«SYSTEM»
Fill the table using the given data. Extract and organize information from the Source Data and fill the Empty table.

Input:
* Source Data (Provided Tables)
* Empty Table Structure (Columns)

Output Format:
1. Filled Table: Provide the completed table in this markdown format:
""" Column 1 | Column 2| ... | Column N | | | |—I [1Value 1| Value2|...1 Value N Il..1...1...1

S
2. Reasoning Steps: Explain how you filled the table step-by-step for each column and any rules applied to handle missing or
conflicting data.

«USER»

Fill the table using the given data. Extract and organize information from the Source Data and fill the Empty table.
Input:

* Source Data (Provided Tables): {tables}

* Empty Table Structure (Columns): {empty_table}

Output Format:
1. Filled Table: Provide the completed table in this markdown format:
"I Column 1] Column 2| ... | Column N | | ! — [1Value 1| Value 2| ...1 Value N Il ...1...1..1

S
2. Reasoning Steps: Explain how you filled the table step-by-step for each column and any rules applied to handle missing or
conflicting data.

Table 23: Prompt for Sub-table Filling. {tables} contains the tables fitted in the Column Value Selection step, and
{empty_table} contains the entities extracted in the Entity & Operation Extraction.

«SYSTEM»
You are a data analysis expert. Please answer the question using step-by-step reasoning based on the provided table and the
list of potentially required operations.

Instructions:

1. Parse the structured data carefully.

2. Identify relationships between tables and question.

3. Provide a step-by-step reasoning process based on the provided operations.

4. Answer the question using data from all tables. When generating the Final Answer, write conciesly and precisely.

The output should be like
Reasoning step:
Final Answer:

«USER»

Table Data: {table}
Question: {question}
Operations: {operations}

Table 24: Prompt for Answer Generation. {table} is the table obtained in the Sub-table Filling, and {operations}
are the operations extracted in the Entity & Operation Extraction.
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«SYSTEM»

You are an expert data scientist. You will be given a Question and Table as input.

The Table is a text that is formed as a Python dictionary. The dictionary is a nested dictionary with the table’s name as the
main key and columns, index, and data as subkeys.

Your job is to answer the question with the given table.

For example, when given below input:

Table: {{ "department": {{"columns": ["Department_ID", "Name", "Creation", "Ranking", "Budget_in_Billions",
"Num_Employees"], "index": ["row 1", "row 2", "row 3", "row 4", "row 5", "row 6", "row 7", "row 8", "row 9", "row
10", "row 11", "row 12", "row 13", "row 14", "row 15"], "data": [ [1, "State", 1789, 1, 9.96, 30266], [2, "Treasury", 1789, 2,
11.1, 115897], [3, "Defense", 1947, 3, 439.3, 30000001, (4, "Justice", 1870, 4, 23.4, 112557], [5, "Interior", 1849, 5, 10.7,
71436], [6, "Agriculture", 1889, 6, 77.6, 109832], [7, "Commerce", 1903, 7, 6.2, 36000], [8, "Labor", 1913, 8, 59.7, 17347],
[9, "Health and Human Services", 1953, 9, 543.2, 67000], [10, "Housing and Urban Development", 1965, 10, 46.2, 10600],
[11, "Transportation", 1966, 11, 58.0, 58622], [12, "Energy", 1977, 12, 21.5, 116100], [13, "Education", 1979, 13, 62.8, 4487],
[14, "Veterans Affairs", 1989, 14, 73.2, 235000], [15, "Homeland Security", 2002, 15, 44.6, 208000] ] }}, {{ "management":
{{"columns": ["department_ID", "head_ID", "temporary_acting"], "index": ["row 1", "row 2", "row 3", "row 4", "row 5"],
"data": [ [2, 5, "Yes"], [15, 4, "Yes"], [2, 6, "Yes"], [7, 3, "No"], [11, 10, "No"] 1}} }}

Question: Show the name and number of employees for the departments managed by heads whose temporary acting value is
“Yes’?

The output should be:
**json
{{“answer”: “...”,}}

Just give me the output.
{few_shot}
«USER»

Table Data: {tables}
Question: {question}

Table 25: Prompt for Zero-Shot and Few-Shot in generic reasoning baseline. The system prompt includes a detailed
description of the model’s role and tasks. Additionally, the model takes in noisy multi-table information as {tables}
and a query as {question} as inputs to generate a response. In a Few-shot setting, examples relevant to the task are
provided in {few_shot}.

Input Table Data: {‘Customer_Orders’: ‘{"columns": ["order_id", "customer_id", "order_status_code",
"order_date"], "index":[0,1,2,3,4,5,6,7,8,9,10,11,12,13,14], "data": [[1,12,"Completed","2018-
02-10 15:44:48"], [2,4,"New","2018-01-31 17:49:18"], [3,1,"PartFilled","2018-02-26 12:39:33"],
[4,4,"Pending","2018-03-07 16:55:17"], [5,4,"New","2018-02-12 19:34:12"], [6,11,"PartFilled","2018-
03-06  16:35:51"], [7,1,"Cancelled","2018-02-15  02:25:32"], [8,13,"Pending","2018-03-
05 23:17:54"], [9,7,"Pending","2018-02-09 11:16:46"], [10,11,"Cancelled","2018-03-22
10:49:25"], [11,8,"Cancelled","2018-02-16 19:42:39"], [12,4,"New","2018-02-02 23:42:01"],
[13,15,"PartFilled","2018-02-26  05:34:18"], [14,6,"Completed”,"2018-03-18 15:12:39"],
[15,10,"Pending","2018-03-16 22:42:46"1]}’}, Question: ‘List the order id, customer id for
orders in Cancelled status, ordered by their order dates.’

QOutput Order IDs 7, 11, and 10 with Customer IDs 1, 8, and 11 respectively.

Table 26: Example for Few-Shot setting in the generic reasoning baseline.
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«SYSTEM»

You are an expert data scientist. You will be given a Question and Table as input.

The Table is a text that is formed as a Python dictionary. The dictionary is a nested dictionary with the table’s name as the
main key and columns, index, and data as subkeys.

Your job is to answer the question with the given table.

For example, when given below input: Table: {{ "department": {{"columns": ["Department ID", "Name", "Creation",
"Ranking", "Budget_in_Billions", "Num_Employees"], "index": ["row 1", "row 2", "row 3", "row 4", "row 5", "row 6",
"row 7", "row 8", "row 9", "row 10", "row 11", "row 12", "row 13", "row 14", "row 15"], "data": [ [1, "State", 1789, 1,
9.96, 30266], [2, "Treasury", 1789, 2, 11.1, 115897], [3, "Defense", 1947, 3, 439.3, 3000000], [4, "Justice", 1870, 4, 23.4,
112557], [5, "Interior", 1849, 5, 10.7, 71436], [6, "Agriculture", 1889, 6, 77.6, 109832], [7, "Commerce", 1903, 7, 6.2, 36000],
[8, "Labor", 1913, 8, 59.7, 17347], [9, "Health and Human Services", 1953, 9, 543.2, 67000], [10, "Housing and Urban
Development”, 1965, 10, 46.2, 10600], [11, "Transportation", 1966, 11, 58.0, 58622], [12, "Energy", 1977, 12, 21.5, 116100],
[13, "Education", 1979, 13, 62.8, 4487], [14, "Veterans Affairs", 1989, 14, 73.2, 235000], [15, "Homeland Security", 2002,
15, 44.6,208000] ] }}, {{ "management": {{"columns": ["department_ID", "head_ID", "temporary_acting"], "index": ["row
1", "row 2", "row 3", "row 4", "row 5"], "data": [ [2, 5, "Yes"], [15, 4, "Yes"], [2, 6, "Yes"], [7, 3, "No"], [11, 10, "No"] 1}} }}
Question: Show the name and number of employees for the departments managed by heads whose temporary acting value is
“Yes’?

The final answer should be:
**json
{{“answer”: “...”,}}

«USER»

Table Data: {tables}
Question: {question}
Let’s think step by step.

Table 27: Prompt for Chain-of-Thought in generic reasoning baseline.

Question: Find the total balance across checking accounts.

Input Tables: {‘CHECKING’: { ‘columns’: [‘custid’, ‘balance’], ‘index’: [0, 1, 2, 3,4, 5, 6], ‘data’: [[1, 10000.0], [2,

2000.01, [3, 3000.0], [4, 7000.0], [5, 10000.0], [6, 77.0], [7, 7.0]], ‘table_name’: ‘CHECKING’}, ‘Tryout’: { ‘columns’: [‘pID’, ‘cName’
,‘pPos’, ‘decision’], ‘index’: [0, 1, 2, 3, 4, 5], ‘data’: [[10001, ‘LSU’, ‘goalie’, ‘no’], [10001, ‘ASU’, ‘goalie’, ‘yes’], [20002, ‘FSU’, ...

**Explanation®*:

1. **Relevancy between the question and tables**:

- The question asks for the total balance across checking accounts. This directly relates to the ‘CHECKING’
table.

- The ‘balance’ column in the ‘CHECKING’ table is relevant for calculating the total balance.

2. **Extract operations**:

- **Summation**: We need to sum up all the values in the ‘balance’ column to find the total balance
across all checking accounts.

Entity & Operation Extraction | 3. **Extract important entities**:

- ‘CHECKING.balance’ is the key entity needed to perform the summation operation to find the total
balance.

**Operations**:
- #o1: Sum (to calculate the total of all values in the ‘balance’ column)

**Extracted Entities**:
- #el: CHECKING.balance

| CHECKING | balance |

Sub-table Schema Generation

{*CHECKING’: {‘columns’: [‘balance’], ‘index’: [0, 1, 2, 3, 4, 5, 6], ‘data’: [[10000.0], [2000.0], [3000.0],

Column Value Selection [7000.0], [10000.0], [77.0], [7.0]], “table_name’: ‘CHECKING' })

Table 28: Results generated by the Entity & Operation Extraction, Sub-table Schema Generation, and Column Value
Selection steps for the given question and tables.
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Question: Find the total balance across checking accounts.

Input Tables: { CHECKING’: {‘columns’: [‘custid’, ‘balance’], ‘index’: [0, 1, 2, 3, 4, 5, 6], ‘data’: [[1, 10000.0], [2,

2000.0], [3, 3000.0], [4, 7000.0], [5, 10000.0], [6, 77.0], [7, 7.0]], ‘table_name’: ‘CHECKING’}, ‘Tryout’: { ‘columns’: [‘pID’, ‘cName’
,‘pPos’, ‘decision’], ‘index’: [0, 1, 2, 3, 4, 5], “data’: [[10001, ‘LSU’, ‘goalie’, ‘no’], [10001, ‘ASU’, ‘goalie’, ‘yes’], [20002, ‘FSU’, ...

To fill the empty table using the provided source data, we need to extract and organize the information
from the given data structure. Here’s how we can do it step-by-step:

### Reasoning Steps:

1. #*Understanding the Source Data Structure®*:

- The source data is a dictionary with a key “CHECKING” that maps to another dictionary.

- This inner dictionary contains:

- “index”: A list of indices ‘[0, 1, 2, 3,4, 5, 6]’.

- “columns”: A list of column names ‘[ ‘balance’]’.

- “data”: A list of lists, where each sub-list contains a single float value representing the balance.

2. **Mapping Source Data to Table Structure**:

- The empty table structure has columns ‘[‘CHECKING?’, ‘balance’]’.

- The “CHECKING” column will be filled with the indices from the source data.

- The “balance” column will be filled with the corresponding balance values from the source data.

3. **Filling the Table**:

- For each index in the source data, create a row in the table.

- The first column “CHECKING” will contain the index value.

Sub-table Filling - The second column “balance” will contain the corresponding balance value from the “data” list.

4. **Handling Missing or Conflicting Data**:
- There is no missing or conflicting data in this case. Each index has a corresponding balance value.

### Filled Table:

| CHECKING | balance |
| - |
10110000.0 |
1112000.01
1213000.01

1317000.0 1
14110000.0 |

15177.01

1617.01

Each row corresponds to an index from the source data, with the balance value filled in the respective
column. This approach ensures that all data from the source is accurately represented in the filled table.

Reasoning step:

1. Identify the relevant column for the operation, which is the ‘balance’ column in the ‘CHECKING’
table.

2. Use the sum operation to calculate the total balance across all checking accounts by adding up all the
values in the ‘balance’ column.

Answer Generation
Calculation:

- Sum of balances = 10000.0 + 2000.0 + 3000.0 + 7000.0 + 10000.0 + 77.0 + 7.0

Final Answer:
The total balance across checking accounts is 32,084.0.

Table 29: Results generated by the Sub-table Filling and Answer Generation for the given question and tables.

302



