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for Selecting Subtables in Table Question Answering
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Abstract

Applying language models (LMs) to tables
is challenging due to the mismatch between
the two-dimensional structure of tables and
the one-dimensional inputs expected by LMs.
This mismatch forces linearization, making
LMs particularly sensitive to irrelevant cells.
Subtable selection mitigates this challenge by
isolating question-relevant content prior to an-
swer generation. However, existing approaches
either rely on independent row or column
selection, failing to capture cross-row and
cross-column dependencies, or attempt global
reasoning and face challenges similar to holistic
table QA under noisy contexts. We propose
PieTa (Piece of Table), a divide-and-conquer
subtable selection framework that progressively
aggregates locally selected evidence without
requiring explicit global reasoning. PieTa uses
an iterative, window-based multi-resolution
process to construct compact subtables that
capture global dependencies while limiting
LM exposure to irrelevant content. Extensive
experiments demonstrate that PieTa consis-
tently outperforms prior subtable-based and
holistic table QA approaches. Our code is avail-
able at https://github.com/MLV-group/
Piece-of-Table.git.

1 Introduction

Tables effectively mitigate data complexity by
organizing information into curated rows and
columns, making them more accessible and
comprehensible than plain text. This structured
representation has inspired a range of natural
language processing tasks, including table question
answering (QA) (Pasupat and Liang, 2015; Zhong
et al., 2017; Iyyer et al., 2017; Chen et al., 2020;
Zhu et al., 2021; Nan et al., 2022; Cheng et al.,
2022b; Pang et al., 2024; Wu et al., 2025a,b).
Despite their expressiveness, tables pose
fundamental challenges for language model (LM)
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Question: How many total medals has the United States won in women's figure skating?

Row: patickPE?_-

Figure 1: Overview of the proposed PieTa (Piece of
Table) framework. Given an input table and a question,
it synthesizes a subtable by iteratively dividing the table
into smaller windows, selecting relevant cells within
each window using language models, and merging the
resulting subwindows. This process is repeated until the
final subtable is formed.

readers (Wang et al., 2024). LMs are primarily
trained to process linear, one-dimensional token
sequences, whereas tables are inherently two-
dimensional and require reasoning across rows
and columns, often without a natural sequential
structure (Chen et al., 2023; Li et al., 2024).
This mismatch necessitates linearization, forcing
heterogeneous table cells into a single sequence.

Such linearization places relevant and non-
evidential cells in a shared context, amplifying the
impact of irrelevant information and distracting LM
reasoning. In table QA, only a small subset of cells
typically provides the evidence needed to answer a
question, while the remainder introduces noise (Pat-
naik et al., 2024). Even models with table-aware
pretraining or advanced prompting often struggle to
reliably identify relevant evidence under such noisy
conditions (Kumar et al., 2023; Chen et al., 2024).

Prior work has sought to mitigate this challenge
by improving LMs’ understanding of tabular struc-
ture, e.g. through table-specific pretraining objec-
tives (Liu et al., 2022; Jiang et al., 2022; Cheng et al.,
2022a), specialized positional embeddings (Herzig
et al., 2020; Yang et al., 2022; Yin et al., 2020;
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Wang et al., 2021), or table-specific prompting with
large commercial LMs (Cheng et al., 2023; Zhang
etal., 2024; Wang et al., 2024; Ji et al., 2024; Yang
etal., 2025). However, these approaches typically
operate over entire tables and therefore remain
vulnerable to distraction from irrelevant content.

This motivates subtable selection, which aims
to select a question-relevant subset of a table to
reduce the noise presented to the QA reader. The
QA reader then focuses on the selected subtable to
construct the final answer.

For example, Lin et al. (2023)’s inner table
retriever (ITR) selects rows and columns that align
with a given question by computing similarity
scores between the question and each individual
row or column. This approach is effective for
answering simple questions, but it struggles to
capture dependencies across multiple rows and/or
columns (Section 2). Ye et al. (2023)’s Dater
addresses this limitation by using LM in-context
learning to jointly select multiple rows. While
this improves upon independent row selection, the
method inherits limitations of applying LM readers
to tabular data, as the LM-based selector itself can
be distracted by noise present in the table.

Ideally, constructing a high-quality subtable
requires reasoning over interactions among mul-
tiple rows and columns. However, capturing such
interactions jointly, as in holistic QA approaches
that reason directly over the entire table, remains
challenging in practice due to the presence of
excessive irrelevant information.

In this paper, we present PieTa (Piece of Table), a
subtable selection framework for table QA. The key
idea of PieTu is to progressively construct a subtable
while ensuring that LMs are invoked only on mod-
erate amounts of table context at each stage. PieTa
follows an iterative, multi resolution procedure. In
the Divide step, the input table is decomposed into
smaller windows. In the subsequent Conquer step,
an LM selects question-relevant cells within each
window (Figure 1), forming subwindows. In the
Combine step, these subwindows are merged into
a new compact table. This process is repeated by
treating the merged table as the input to the next
iteration until the final subtable is obtained. By
progressively selecting and combining informative
table regions, PieTa captures dependencies across
multiple rows and columns while avoiding LM
reasoning under excessive irrelevant information.

Evaluated on the WikiTableQuestions (Wik-
iTQ; Pasupat and Liang, 2015), WikiSQL (Zhong

etal.,2017), and Hierarchical Table (HiTab; Cheng
et al., 2022b) datasets, PieTa achieves significant
improvements in both QA accuracy and subtable
selection performance.

2 Related Work

In table QA, a reader, often implemented as a
language model (LM), answers questions by
reasonging over an entire table (holistic approaches)
or a pre-selected subtable.

Holistic table QA readers. 7aPEx mimics an
SQL execution engine by synthesizing answers
from tables using paired SQL queries (Liu et al.,
2022). It adopts the BART backbone model (Lewis
et al.,, 2020), which is initially pre-trained on
synthetic SQL queries and subsequently fine-tuned
for natural language table QA.

Constructing large-scale, high-quality table-SQL
query pairs can be costly. To alleviate this burden,
Omnilab replaces complex SQL queries with
plain-text descriptions (Jiang et al., 2022). It
assumes that each table is accompanied by a textual
description, which is used for pre-training before
fine-tuning on table QA tasks.

Prompt-based holistic methods have been
extensively studied in the presence of large-scale
commercial LMs. Chen (2023) adopts Chain-of-
Thought (Wei et al., 2022) prompting to reason
explicitly about table structure. Similarly, Chain-
of-Table and StructGPT formulate step-by-step
reasoning as sequences of tabular operations,
enabling LMs to handle complex tables (Jiang et al.,
2023; Wang et al., 2024). Binder and ReActable
further employ LMs to generate executable SQL
statements (Cheng et al., 2023; Zhang et al., 2024).

Despite their effectiveness, holistic approaches
share a fundamental limitation: For most questions,
only a small subset of table cells is relevant, while
the remaining cells distract LM reasoning (Patnaik
et al., 2024). This motivates approaches that aim to
explicitly identify and isolate relevant table content.

Subtable selection(-based) approaches. Lin
et al. (2023) fine-tune dense passage retriever en-
coders (Karpukhin et al., 2020) to select relevant
rows and columns. Their inner table retriever (ITR)
uses a supervised contrastive loss that labels rows
and columns containing answer cells as positive.
Originally designed to keep table inputs within an
LM’s token limit, this approach does not explicitly
construct a minimum subtable that balances preci-
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sion and recall. While extending this technique to
filter irrelevant information is feasible, it cannot cap-
ture dependencies across multiple rows or columns.
For instance, when answering the question Which
was the next aircraft that came into service
after Cessna 404 Titan?, ITR faces challenges
because it must identify the aircraft that started
the service after the Cessna 404 Titan without in-
formation on when it started the service.

Dater addresses independent selection by using
LM in-context learning to joinlty synthesize a
subtable and sub-query pair from a given table and
question (Ye et al., 2023). However, the LM-based
selector itself remains sensitive to irrelevant
information in the table, which can interfere with
reliable subtable construction, particularly when
non-evidential content is prevalent (Section 4.2).

TabSQLify selects a subset of rows (with all
columns) as input for LMs to generate SQL queries
for subtable selection (Nahid and Rafiei, 2024).
However, similar to ITR, it fails to capture relation-
ships across rows. Moreover, even when applied
to the entire table, it inherits limitations similar to
those of Dater, as the LM must still reason in the
presence of irrelevant information (Appendix C).

3 Divide-and-Conquer Subtable Selection

The table question answering (QA) task aims
to generate an answer A from a table 7" and a
human-understandable question (). The answer
A may take various forms (e.g., a number, word,
phrase, or sentence) and is either extracted from 7T’
or synthesized by a reader R.

In subtable-based QA approaches, a selector S
first generates a subtable T from 7', which is then
fed to the reader R to generate the final answer:

Ts= S(TvQ)v A= R(T57Q) :
Our study focuses on improving the selector S and
does not modify the readers. However, in principle,
joint tuning of R and S is feasible.

3.1 Subtable selection

Our subtable selection algorithm iteratively applies
three main steps. In the Divide step, the input
table 7' is partitioned into overlapping windows
{W;}X | of size w x w using a sliding window
approach (Algorithm 2). In the Conquer step, the
(subwindow) selector S’ extracts a subwindow ‘A/Z
within each window W;, guided by the question @

Algorithm 1 SUBTABLESELECTION (S5).

: Input: Table 7" and question Q)
: Parameter: Window size w
Output: Final subtable 7T’s
t+1
T'+T;T° o
while 7"~ £T" do

T T

{W;}X; < DIVIDETABLE(T"; w)

> Divide step (see Algorithm 2)

VoeIqanpswn=

10: T'+o
11:  for W;in {W;}X, do

12: Vi S8 (P(Wi,Q)) > Conquer step

13: Tt T UV} > Combine step
14:  end for

15:  t+t+1

16: end while

17: TsT¢

and a prompt instruction P (see Appendix A.2):
V=8'(P(W:.Q)).

The Combine step merges the generated subwin-
dows {171}?;1 into a new table T°. Specifically,
T is obtained as the set union of all cells in the
subwindows {‘A/Z}Z]\Ll These steps are repeated,
taking 7" as the new input T for the Divide step in
each iteration ¢, until the generated table T* is no
longer updated. The complete subtable selection
process is outlined in Algorithm 1.

3.2 Fine-tuning the selector

We construct the selector S’ by fine-tuning the
Llama' (Dubey et al., 2024) and Qwen? (Yang et al.,
2024) models (Section 4). In principle, however,
our method is applicable to any LM-based selector.

Data generation. The training data are generated
by sampling input windows (of size w X w) from the
SQUALL (Shi et al., 2020) and WikiSQL (Zhong
et al., 2017) training datasets, which consist
of tables, questions, and the associated target
subwindows (see Section 4). We define condition
columns as columns containing cells that match the
conditions specified in the question. Each cell in a
condition column may or may not satisfy the given
condition. Similarly, the column containing the
exact cell values that the question seeks is referred
to as the answer column. For example, in the ex-
ample question presented in Figure 2, the columns
Horwood, Total, and Placement are the condition
columns, while Goodman is an answer column.

1Llama3.1—8B—Instr‘uct, https://www.1llama.com/.
2Qwen2. 5-7B-Instruct,
https://huggingface.co/Qwen/Qwen2.5-7B-Instruct.
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Question: What score did Goodman give to all songs with safe results, which received a 7 from Horwood and have a total score of 317? Target: 8
Original table X Output: Not available with the given information Union table Output: 8
Week Dance/song Goodman| Dixon |Horwood| Tonioli Total Placement Goodman|Horwood Total Placement
row 1 1 cha-cha-cha / ain't no mountain high enough 8 f 7 8 31 - row 1 8 7 31 -
row 2 2 foxtrot / she said 8 7 8 31 safe row 2 8 7 31 safe
row 3 3 quickstep / dreaming of you 7 8 8 8 31 safe row 3 7 8 31 safe
row 4 4 charleston / forty-second street 9 9 9 8 35 safe row 4 9 9 35 safe
row 5 5 argentine tango / bat out of hell 8 9 8 9 34 safe row 5 8 8 34 safe
row 6 6 viennese waltz / where the wild roses m 9 9 8 9 35 safe row 6 9 8 35 safe
row 7 7 rumba / too lost in you 9 9 8 9 35 safe row 7 9 8 35 safe
row 8 8 samba / young hearts run free 9 10 9 10 38 safe row 8 9 9 38 safe
row 9 10 jive / soul bossa nova 9 9 8 9 35 safe | row 9 9 8 35 safe
row 10 salsa / spinning around 7 7 7 7 28 safe | [row 10 7 7 28 safe
row 11 m swing / in the mood - - - - 2nd/4 points| safe I [row11 - - 2nd/4 points| safe
row 12 11 tango / hung up 10 10 9 9 38 safe i row 12 10 9 38 safe
row 13 12 samba / young hearts run free 9 9 10 38 second place| | [row 14 9 7 34 second place|
row 14 12 showdance /i like the way (you move) 9 9 7 9 34 second place| |
row 15 12 paso doble / don't let me be misunderstood 8 9 9 9 35 second place| |
]
I.
Vs Goodman V5 [Goodman] Horwood| i
row 12 10 ]
row 13 9 ! Gold table Output: 8
row 14 9 Vi [Horwood] _ Total Placement | | | |Goodman{Horwood]  Total | Placement |
row 15 8 [row2 | 7 | 31 safe | | [row2| 8 | 7 | 31 | safe |

Figure 2: Example of training data generation for subtable selection with a window size w =4. The question and table
are taken from the WikiSQL training dataset (Zhong et al., 2017). Three conditions specified in the question and their
corresponding cell values in the table are highlighted in green. The three sampled input windows, {W;}?_, (orange
boxes) and their corresponding targets subwindows {V; }3_; are shown below. On the right, the derived union and gold
tables are presented along with the resulting answers. The original table contains three condition columns (Horwood,
Total, and Placement) and one answer column (Goodman). The union table aggregates all rows that satisfy at least
one condition, whereas the gold table includes only rows that jointly satisfy all conditions. Estimating the gold table is
significantly more challenging as it requires reasoning over the entire table. The GPT-3.5 reader produces an incorrect
answer when using the full table but generates correct answers when using either the union or gold table.

For each training window W; sampled from a
table 7" with a corresponding question (), the target
subwindow Vj is constructed by first selecting all
condition and answer columns within W;. Then, for
these selected columns, only the rows that satisfy
all the conditions present in W; are included.

Figure 2 illustrates the training data generation
process. The first window W contains three con-
dition columns, Horwood, Total and Placement.
The target subwindow V; is then generated from
the cells in these columns that jointly satisfy the
conditions 7 from Horwood, total score of 31,
and safe results mentioned in the question. The
second window W5 includes a condition column
Horwood and an answer column Goodman. To create
V5, the subset of these columns satisfying the
condition 7 from Horwood is included. However,
since no cells meet this condition, V5 is constructed
as an empty table containing only the column
headers. The third window W3 contains only an
answer column, and as no conditions are imposed,
all cells from this column are included in V3.

This target window generation strategy en-
ables the selector S’ to focus exclusively on
the input windows W when making predictions
(see Appendix B.5 for details).

3.3 Representing subtables

Common representations for LMs in subtable
generation include the index representation, which
identifies selected rows and columns using their
indexes and headers, and the rable representation,
which organizes selected cells into a structured
table format. Both representations have inherent
limitations that impact their effectiveness.

The index representation struggles when the
information required to identify relevant content
is embedded within cells rather than in row or
column headers. Because it relies solely on headers,
it cannot directly capture cell content, making it
difficult for selectors to learn how to align queries
with embedded information. For example, as
shown in Figure 3(a), the column Placement is
not explicitly mentioned in the question, while
the content matching the condition safe appears
within a cell. This mismatch prevents the LM from
recognizing the column Placement as relevant.

In contrast, the table representation is prone to
errors caused by the autoregressive nature of the
token generation process. Since each token predic-
tion depends on previous predictions, early errors in
the sequence can propagate and compound, signif-
icantly reducing accuracy (Ross and Bagnell, 2010;
Bengio et al., 2015; Lamb et al., 2016; Bachmann
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Question: Window:

What score did Goodman give to all

songs with safe results , which
received a 7 from Horwood and have
a total score of 31?

(a) Index repr. (b) Table repr. (c) Coordinate repr.

col(Horwood, Total), Horwood | Total <0,1> | <¢,¢> | <03> | <¢,¢>

row(,2) 7 31 <p,p> | <p,p> | <, p> | <, P>
7 31 <2,1> <p, p> <2,3> <2,4>

<p, > | <P, P> | <p, P> | <¢p, P>
<p, > | <P, P> | <p, P> | <¢p, P>

Figure 3: Examples of subtable representations (W7 in
Figure 2; w =4). The information matching the condition
safeislocated in a cell rather than in the column header.
Both the index and table representations fail to select the
cell safe because the column Placement is not selected.
The proposed coordinate representation overcomes this
limitation by preserving the input window structure as
well as relevant cell contents. (¢,¢) denotes an empty
token, explicitly indicating that a cell was not selected.

and Nagarajan, 2024). For instance, in Figure 3(b),
failure to predict the column header Placement
results in the exclusion of the entire column.

To overcome these limitations, we propose the
coordinate representation, which preserves the
input subwindow structure and uses coordinate
tokens (<row_index, column_index>) to indicate
the positions of selected cells. Unselected cells are
denoted by empty tokens (<¢,¢>). This approach
improves the ability of the model to identify
relevant cells, even when their columns are initially
overlooked, as demonstrated in Figure 3(c) with the
successful identification of the cell safe.

3.4 Discussion

The crux of our approach lies in the multi-
resolutional table formation technique built upon
table (sub)windows. In images, neighboring pixels
often exhibit strong correlations, justifying the
use of small windows e.g. convolutional kernels
in convolutional neural networks and attention
windows in vision transformers. However, tables
do not necessarily exhibit such spatial structures:
For example, in the original table in Figure 2, neigh-
boring cells like 31 and 35 are more similar within
the Total column. In contrast, cells in row 2 lack a
comparable relationship: the value 31 in the total
column appears next to safe, but it is not semanti-
cally more related to safe than to other cell values.
From this perspective, the use of subwindows may
initially appear to impose unnecessary constraints.

Our union-based subwindow combination

Horwood | Tonioli | Total | Placement Dataset Reader Original Union GOld
e WIikiTQ  OmniTab  62.52  64.39 67.79
8 8 31 safe .

. OmniTab 88.42 92.64 92.65
9 8 35 safe

WIkiSQL /) a3.1  73.03 7810 79.01

Table 1: Table QA performance (exact match, %): Union
tables achieve performance comparable to gold tables
while being easier to construct.

approach effectively overcomes such potential re-
strictions while ensuring focused answer generation
by constructing moderately-sized final subtables.
An ideal subtable for answering the question in
Figure 2 would intersect the cells meeting the
conditions 7 from Horwood, total score of 31
and safe results, along with their corresponding
cell values in the Goodman column, as illustrated in
the bottom table in the right column of Figure 2.

Directly identifying such a gold table would
require a comprehensive understanding of the entire
table. Instead, our algorithm iteratively merges
subwindows identified within each window. For
example, it selects cells matching 7 or 31 or safe
and combines them into a subtable, effectively
taking their union (as shown in the table in the upper
right column of Figure 2).

This union approach offers significant advan-
tages. First, identifying relevant subwindows within
small windows is much simpler than pinpointing the
gold table, which requires intersecting conditions
across the entire table: The selection module (LMs)
can focus exclusively on the cells within each win-
dow, avoiding the challenges posed by long context
inputs. Our training target generation process aligns
with this design: Each target subwindow is con-
structed solely based on the conditions and outputs
present within the corresponding input window.

We also empirically validated that the resulting
union subtables are significantly smaller than the
original tables, facilitating downstream answer
generation. On average, they contain only 13.91%
of the original number of cells. Although slightly
larger than the gold tables, they achieve comparable
QA performance. Table 1 presents examples of
subtable construction, demonstrating substantial
improvements in final table QA performance.

4 Experiments

We evaluated the proposed Piela on the Wik-
iTQ (Pasupat and Liang, 2015), WikiSQL (Zhong
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Selector Precision (P) Recall (R)
ITR 13.45 97.84
TabSQLify 75.47 87.36
Holistic LM 89.27 93.20
Piela (1 iter.) 19.22 99.65
PieTa (2 iter.) 56.88 99.22
Piela (3 iter.) 60.13 99.15
PieTa (Final) 60.88 99.12

Table 2: Performance of subtable selection algorithms
for the subtable generation sub-task on WikiSQL,
evaluated in precision (%) and recall (%). Hereafter, (P)
and (R) denote precision and recall, respectively. The
last four rows highlight the effectiveness of our iterative
subtable formation approach (Llama; see Section 3.1).
The total number of iterations varies across instances, as
PieTa terminates once the subtable remains unchanged.

et al., 2017), and HiTab (Cheng et al., 2022b)
datasets. WikiTQ and WikiSQL are standard table
QA benchmarks that support broad algorithmic
comparison, while HiTab presents more complex
structures, including nested headers (dataset details
are provided in Appendix B).

Our evaluation is conducted from two perspec-
tives. First, for subtable selection, we evaluate the
identification of condition and answer rows and
columns using annotated labels from WikiSQL.
Precision and recall are used as metrics, where cells
belonging to the underlying gold table are treated
as positive and all others as negative.

Second, we assess the end-to-end table QA
performance by feeding the subtables generated by
PieTa to table QA readers R. Specifically, we use
OmniTab (Jiang et al., 2022) and TaPEx (Liu et al.,
2022), fine-tuned on WikiTQ and WikiSQL, respec-
tively. We also consider general-purpose readers
that are not fine-tuned for table QA, including GPT-
3.5, Gemini 2.0 Flash-Lite and DP&Agent (Liu
etal., 2024) (see Appendix A.3 for details).

For the HiTab dataset, we use GP7-3.5 and
Gemini 2.0 readers. All evaluations are based on
the exact-match (EM) accuracy, which measures
the proportion of predictions that exactly match the
ground-truth answers.

4.1 Subtable selection results

To evaluate Piela against existing approaches,
we conducted experiments using /7R (Lin et al.,
2023), TabSQLify (Nahid and Rafiei, 2024), and
a simple baseline algorithm that fine-tunes an LM

#eond- & p) (R) |#ans.rows (P) (R)
ans. columns
1 3532 10000| 0-5  60.83 99.13
2 66.68 9890| 5-10 65.14 97.83
3 4837 99.54| 10-15  67.09 98.82
4 5153 99.69 | 15-20  77.54 99.34
5 4276 99.53| 20-270 72.06 94.36

Table 3: Subtable generation performance across varying
numbers of condition and answer columns (left) and
answer rows (right) on WikiSQL.

to generate a subtable directly from the input table
(referred to as Holistic LM).3 For PieTa and Holistic
LM, we fine-tune Llama3.l for one epoch (see
Section 3.2). For TabSQLify, we initially evaluated
both Liama3.1 and GPT-3.5, and report results for
the better-performing model (as GPT-3.5 was used
in (Nahid and Rafiei, 2024)).

Table 2 summarizes the results. /7R, which
evaluates rows and columns independently, exhibits
substantially lower recall than PieTa. By effectively
capturing dependencies across rows and columns,
PieTa also improves precision by 47.43%.

Similar to PieTla, TabSQLify can model cross-
column dependencies. It first extracts a small set of
rows (specifically, the first three, following Nahid
and Rafiei, 2024) and then identifies condition
and answer columns. However, if the initial row
selection does not contain all required conditions,
the method may select irrelevant columns, leading
to suboptimal subtable construction.

Increasing the number of extracted rows could
partially mitigate this issue, but it also places
additional burden on the LM selector by introducing
more irrelevant information. As a result, perfor-
mance quickly plateaus and remains significantly
lower than that of PieTa (see Appendix C).

Another drawback of approaches that generate
SQL queries, including TabSQLify, is the risk of
producing inoperable SQL code (Xie et al., 2024).
We empirically observed that TabSQLify generated
unexecutable SQL code for 425 out of 15,878 pairs
in the WikiSQL dataset and 83 out of 4,344 pairs
in the WikiTQ dataset.

In subtable selection, high recall is essential,
as missing relevant rows or columns leads to
incomplete evidence and consequently degrades

3Both Dater and TubSQLify rely on in-context learning,
whereas PieTa adopts fine-tuning. To our knowledge, existing
fine-tuning approaches do not target subtable selection.
Holistic LM can thus be viewed as a fine-tuning-based
analogue of Dater for this task.
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Dataset Selector P R)
ITR 7.80 86.67
o Dater 47.29 83.41
WIKTQ | psority 5833 74.17
PieTla 46.97 91.67
ITR 3.54 100.00
Dater 22.63 97.23

HiT
Tab | rpsoLiy 955 91.66
PieTa 19.56 100.00

Table 4: Subtable selection results on WikiTQ and HiTab.

downstream table QA performance. For example,
despite achieving high precision in Table 2, Holistic
LM attains only 45.79% EM (with OmniTab reader),
substantially lower than our results of 91.17%.

Among the compared subtable selection algo-
rithms, only /TR inherently produces high recall
under its default settings provided by the authors.
Other approaches lack a direct mechanism to
balance precision and recall. While PieTa is not
explicitly optimized for high recall, it consistently
demonstrates a tendency to achieve higher recall
compared to other approaches.

Table 3 shows that PieTa maintains high recall
across different numbers of answer columns and
rows. Recall also remains high even as the number
of condition columns increases, reflecting con-
straints specified in the question. This demonstrates
that PieTa effectively captures relevant information
even for complex multi-condition queries, which
is essential for maintaining QA accuracy.

We also conducted a small-scale human anno-
tation study on the WikiTQ and HiTab test sets.*
We randomly sampled 30 examples from each test
set and asked annotators to determine whether the
predicted subtable contains all rows and columns
necessary to answer the question (Appendix D).

As shown in Table 4, PieTa achieves the highest
recall on WikiTQ and matches the highest recall on
HiTab, indicating that it consistently preserves the
evidence required for answering. Precision is gen-
erally lower for all methods under this strict manual
evaluation. On HiTab, Dater attains slightly higher
precision, whereas PieTa achieves higher recall,
reflecting a different precision-recall trade-off.

*WikiSQL provides SQL annotations from which gold
tables can be constructed, whereas such annotations are not
available for WikiTQ and HiTab, making automatic recall
evaluation difficult.

[ Gemini 2.0 [_1ITR [ Dater [ TabSQLify [ PieTa

_75
$65
=55
=45
w35

25

0-50 50-100 400+

100-200  200-400

[ TaPEx [ ITR [ TabSQLify [T PieTa

8
22
=55
wa5
35 ‘

0-50 50-100 400+

100-200  200-400

Number of cells
Figure 4: Table QA performance (EM; %) across varying
number of cells on WikiTQ (top) and WikiSQL (bottom).

[ TaPEx [ ITR [ TabSQLify [ PieTa

.90

270

= 50

@30

107765 510 1020 20-50 50-100 100+
Maximum distance between answer cells

Figure 5: Table QA accuracy (EM; %) on WikiSQL
across varying maximum distances between answer
cells in a table.

4.2 Table QA results

Table 5 summarizes exact-match QA accuracy on
WikiTQ, WikiSQL, and HiTab. The top section
shows results for selector-based QA where different
subtable selectors are combined with various
readers (TauPEx, Omnilab, GPT-3.5, Gemini 2.0,
and DP&Agent) that are commonly used in prior
subtable selection research. A dash (-) indicates
the holistic setting where a reader processes
the full table without subtable selection. The
bottom section presents additional holistic QA
models, including Binder (Cheng et al., 2023),
StructGPT (Jiang et al., 2023), CABINET (Patnaik
et al., 2024), Chain-of-Table (Wang et al., 2024),
and ReAcTable (Zhang et al., 2024), for reference.

On WikiTQ, PieTa (using either the Liama or
QOwen backbone) consistently improves reader per-
formance by generating focused and contextually
relevant subtables. Across most reader configu-
rations, PieTa outperforms both holistic readers
and other selectors, achieving substantial gains
over using entire tables. The only exception occurs
with TaPEx, where TabSQLify performs slightly
better. A similar trend is observed on WikiSQL,
where PieTa again provides the highest accuracy
for most readers. In contrast, competing selectors
often degrade performance relative to the holistic
baseline, while PieTa consistently enhances it.

For HiTab, zero-shot evaluation is performed
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Selector-based QA: subtable selectors with different readers

Selector
Dataset Reader - - -
- ITR Dater TabSQLify PieTa (Llama) PieTa (Qwen)
TaPEx 56.54 56.86 53.73 58.75 58.01 57.51
OmniTab 63.01 63.47 57.09 60.01 64.78 63.79
WikiTQ | GPT-3.5 60.75 59.13 57.78 (52.80)  59.21(59.71) 63.65 63.05
Gemini 2.0 68.58 70.58 57.78 58.61 70.81 73.14
DP&Agent 73.60 70.79 65.96 62.94 74.15 74.08
TaPEx 89.31 89.09 83.01 80.68 91.83 89.97
o OmniTab 88.42 89.71 82.85 81.05 91.17 89.46
WikiSQL
GPT-3.5 69.50 67.60 68.97 69.58 (70.25) 75.49 7271
Gemini 2.0 63.97 61.69 61.83 70.68 69.76 66.21
HiTab GPT-3.5 40.59 39.97 35.98 33.44 46.72 46.65
Gemini 2.0 52.15 55.11 38.51 46.97 62.06 63.32
Holistic QA: full tables without subtable selection
Dataset WikiTQ WikiSQL
Reader Binder StructGPT CABINET Chain-of-Table ~ ReAcTable StructGPT CABINET
55.40 52.20 60.00 59.94 52.50 65.60 89.17

Table 5: Exact-match accuracy (%) of table QA methods on WikiTQ, WikiSQL, and HiTab. (Top) Selector-based
QA results, where subtable selectors are combined with different readers. A dash (-) denotes the holistic setting
in which readers process the full table without subtable selection. (Bottom) Results of additional holistic QA models
for comparison. For Dater and TabSQLify, we also report results using their original GPT-3.5 readers (numbers
in parentheses), while selectors remain unchanged (see Appendix A.3). For each reader, the best and second-best

selectors are highlighted in bold and underlined, respectively.

with GPT-3.5 and Gemini 2.0. Despite being trained
only on WikiTQ, PieTa surpasses all other selectors
and holistic readers on this challenging dataset.
It is particularly effective on hierarchical tables
with nested headers, which are common in HiTab,
demonstrating its robustness and adaptability to
diverse table structures.

Overall, selector-based approaches achieve
higher accuracy than the holistic QA models shown
in the bottom section of the table, with PieTa
consistently delivering the largest improvements.
Furthermore, as shown in Figure 4, PieTa maintains
strong table QA performance across varying table
sizes. This robustness can be attributed to its ability
to identify and merge dispersed relevant cells using
a union-based selection strategy combined with
multi-resolution integration. Further analysis based
on the distance between answer cells (Figure 5)
shows that existing approaches struggle when
answer cells are far apart, whereas PieTa remains
effective even in these challenging cases.

4.3 Ablation study

Fine-tuning vs. in-context Learning. We com-
pare our fine-tuning approach for the LM selector
with an alternative in-context learning method using

Learning  Targetrepr. Window size | EM

Fine-tune Coord. 4x4 90.11
In-context Coord. 4x4 87.60
Fine-tune Index 4x4 84.85
Fine-tune Table 4x4 89.44
Fine-tune Coord. 3x3 90.11
Fine-tune Coord. 5x5 89.71
Fine-tune Coord. 4xn 86.03

Table 6: Table QA performance across variations of our
algorithm on the WikiSQL validation set (7TaPEx reader).
The first row represents our final method, integrating
selector LM fine-tuning and a coordinate-based subtable
representation. The results show that these design choices
enhance performance individually and collectively.

a two-shot setup. As shown in Table 6, in-context
learning results in significantly lower performance
compared to fine-tuning. This is primarily because
LMs that are not specifically configured for subtable
selection, often deviate from the intended task,
e.g. attempting to answer questions directly based
on the subwindow content rather than generating
relevant subtables. In contrast, fine-tuning aligns the
selector’s functionality with the subtable selection
task and adapts the output format to a coordinate
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Table size Runtime (s) Tokens (10?)
(# cells) ITR Dater TabSQLify Piela ITR Dater TabSQLify Piela
0-50 0.28 9.79 1.29 328 049 479 2.36 6.05
50 — 100 0.67 11.65 1.83 6.15 086 4.87 2.36 11.05
100 — 200 0.67 10.97 2.31 6.97 1.66 4.94 2.39 23.51
200 — 400 0.67 9.89 3.36 1270 347 4.87 2.55 43.44
400 + 0.70  9.81 8.22 3493 10.28 4.82 2.34 182.24

Table 7: Average runtime and token usage for subtable selection algorithms across different table sizes on WikiTQ.

representation. This eliminates the need for lengthy
prompts and improves overall performance.

Window size w. This is the only hyperparameter
in PieTa and is set to 4 x 4 by default. To assess its
impact, we evaluated window sizes of 3x3, 5x35,
and 4 xn, where 4 xn spans all columns (averaging
approximately six columns; see Appendix B). As
shown in Table 6, both 4 x4 and 3 x 3 achieve strong
performance, while 55 shows a slight decline, and
4 xn degrades noticeably. This suggests that larger
windows make it more challenging for the selector
to identify cells that satisfy all conditions.

Subtable representation. Table 6 shows that the
proposed coordinate-based subtable representation
significantly outperforms existing index and table
representations in table QA performance.

4.4 Runtime and token consumption

The computational cost of PieTa scales linearly
with the size of the input table. Table 7 presents
the average runtime (in seconds) across different
table sizes. For PieTa, over 99% of the total runtime
is spent on selector inference. The runtime of /TR
and PieTa is measured on a server with eight RTX
6000 Ada GPUs, while that of Dater and TabSQLify
is measured using the gpt-3.5-turbo API. While
Piela incurs higher computational overhead than
baseline methods, it delivers substantially stronger
performance. Its iterative design also enables a
flexible trade-off between accuracy and efficiency
by adjusting the number of iterations (Table 12).

Token usage is also presented in Table 7,
measured as the total number of tokens per query
(input prompt plus generated output) using each
language model’s native tokenizer.

PieTa is well suited for settings where improved
reliability justifies additional computation. It
operates within a few seconds for small to moderate
tables, with latency increasing for larger inputs.

Recent cost- and latency-aware evaluations of tool
use and planning in LLM-based QA highlight
the trade-off between latency and reasoning
robustness, with reported latencies spanning a
similar range (Ghoshal and Al-Bustami, 2026).
In practice, Piela can be applied when higher
accuracy is required and integrated with lighter
baselines to balance latency and performance.

5 Conclusion

We have explored the challenges of subtable
selection in table question answering, focusing on
the limitations of existing approaches in capturing
joint dependencies across rows and columns, and
managing lengthy token sequences in language
models. Our algorithm bypasses these challenges
by dividing input tables into small windows and
independently constructing subtables therein. The
resulting multi-resolution windowing strategy
effectively combines subtables through simple
union operations, streamlining subtable selection
while preserving long-range relationships without
imposing unnecessary operational assumptions.
Evaluated on the WikiTQ, WikiSQL and HiTab
datasets, our method demonstrated significant
improvements over state-of-the-art methods.

Limitations

Our study focused on improving the subtable selec-
tion process independently of the reader that gener-
ates the final answer. This approach offers the advan-
tage of flexibility, as the selection process can be eas-
ily combined with any type of reader. For instance,
our algorithm can directly enhance the performance
of readers that generate both natural language an-
swers and SQL queries. However, in principle, tailor-
ing the subtable selector specifically for the reader
could further improve performance. Future research
should explore the possibility of jointly optimizing
the subtable selection process and the reader.
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A Implementation Details

A.1 Subwindow sampling process

Algorithm 2 details the window generation process
from an input table. The DIVIDETABLE algorithm
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generates a set of subwindows W = {W;}¥, by
sliding a window of size w X w across the input
table 7" with a stride of 1.

Algorithm 2 DIVIDETABLE

1: Input: Table 7" with R rows and C' columns
2: Parameters: Window size w

3: Output: Set of windows W ={W;} X,

4: W2

5: fori=0to Rby 1 do

6: for j=0toC by 1do

7 if i+w > R then

8: i=R—w

9: end if
10: if j+w > C then
11: j=C—-w
12: end if
13: Wi=T[i:i4+w,j:j+w) > Window slicing
14: W=Wu{W,}
15:  end for
16: end for

A.2  Input prompt structure for selector S

The input prompt for selector S consists of both
fixed and variable components, as shown in Fig. 6.
The variable components, highlighted in blue
and green, represent the question and the table
window, respectively. The fixed components remain
unchanged across all tables and questions.

A.3 Configurations of the general-purpose
readers GPT-3.5 and Gemini 2.0

For our experiments with the general-purpose
readers GPT-3.5 and Gemini 2.0 in both the holistic
setting and subtable-based QA (Table 4 of the main
paper), we configure the models to generate both
SQL queries and textual output answers, following
the strategy of DP&Agent (Liu et al., 2024): When
SQL execution returns a single-cell result, the cell’s
content is taken as the final answer. If the query pro-
duces multiple cells or fails to execute, we instead
use the generated textual output as the answer.

We apply in-context learning for both output
types: 10-shot learning for SQL outputs follow-
ing (Nahid and Rafiei, 2024), and two-shot learning
for textual outputs, consistent with the experimental
setup for holistic readers in (Nahid and Rafiei,
2024). The prompts used in these experiments are
shown in Figure 7.

This setup differs from the original configuration
of GPT-3.5 when combined with subtable selec-
tion in 7abSQLify (Nahid and Rafiei, 2024) and
Dater (Yeetal., 2023). In TabSQLify, the SQL query
used to extract the subtable is incorporated into
the reader prompt. In addition, when the extracted

subtable contained only a single cell, it is omitted
as input for the reader, and the cell itself was taken
directly as the answer. In contrast, Dater’s reader
processes not only the subtable but also the outputs
of a question decomposer, emphasizing question de-
composition to effectively handle complex queries.

For a fair comparison, we also report results
using the original GP7-3.5 configurations from
TabSQLify and Dater, shown in parentheses in
Table 4 of the main paper. For DP&Agent, we
mitigate hallucinations in GP7-3.5 by providing
the agent with the following additional guideline:
**Stay focused on the given question*x: You
must base your answer strictly on the given
question. After the observation step, do
not generate or infer new questions.

B Additional Experimental Details

B.1 Training settings

All experiments are conducted on a server with
4xNVIDIA RTX 6000 Ada GPUs, 1TiB RAM, and
an AMD EPYC 7763 CPU running Ubuntu 20.04.6.
We use PyTorch 2.5.1, Torchtune 0.6.0, vLLM
0.6.4, and HuggingFace Transformers 4.48.0 with
CUDA 12.1.

The selector is trained for a single epoch with the
AdamW optimizer with an initial learning rate of
107°, a batch size of 8, and 4 gradient accumulation
steps. The training process takes approximately two
hours for WikiSQL and WikiTQ datasets.

B.2 Datasets

The WikiSQL and WikiTQ datasets are built from
tables extracted from Wikipedia, covering diverse
domains. WikiTQ includes operations such as
superlatives, aggregations, and comparisons, with
4,344 test examples. On average, the test tables
contain 6.3 columns and 25.8 rows, with some
tables reaching up to 21 columns and 517 rows.
WikiSQL features simpler questions involving
aggregation, column selection, and conditions. It
contains 15,878 test examples, with an average
table size of 6.4 columns and 18.6 rows, and a
maximum of 23 columns and 1,950 rows. Both
datasets are widely used in table QA research,
including (Lin et al., 2023; Nahid and Rafiei, 2024).

We generate training data by extracting condition
and answer columns from SQL queries annotated
in WikiSQL (Zhong et al., 2017) and SQUALL (Shi
et al., 2020). These columns define the target
subwindow V' within each window W (Section 3.2).
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Pr‘omEt |-

Below is an instruction that describes a task, paired with an input that provides further

context.

Write a response that appropriately completes the request.

### Instruction:

This is a task of extracting subtable which has gold information to answer the question
from a given table. Specifically, you have to select rows and columns which have the
information you need. Then, generate the subtable with those rows and columns. Each
cell is indicated through <row_index,column_index>. Indicate unnecessary cells as

<empty,empty>.

### Input:

### Question: Who played in the Toronto Raptors from 1995-96?

#it# Table:

Col: <0,1> Player | <0,2> School/Club Team | <0,3> Years in Toronto | <0,4> No.
<1,1> patrick o'bryant | <1,2> bradley | <1,3> 2009-10 | <1,4>13.0

<2,1> jermaine o'neal | <2,2> eau claire high school | <2,3>2008-09 | <2,4> 6.0
<3,1> dan o'sullivan | <3,2> fordham | <3,3> 1995-96 | <3,4>45.0

<4,1> hakeem olajuwon | <4,2> houston | <4,3> 2001-02 | <4,4> 34.0

### Response:

Subtable |-

<0,1> | <empty,empty> | <0,3> | <empty,empty>
<empty,empty> | <empty,empty> | <empty,empty> | <empty,empty>
<empty,empty> | <empty,empty> | <empty,empty> | <empty,empty>
<3,1> | <empty,empty> | <3,3> | <empty,empty>
<empty,empty> | <empty,empty> | <empty,empty> | <empty,empty>

Figure 6: An example of a prompt. Given a question () and a window W, the prompt generator P creates a textual
prompt (top). This prompt is fed to the subwindow selector S’ to construct the output subwindow (bottom). The
complete question @) and input window W are highlighted in blue and green, respectively. In the instruction, the
input and target windows are referred to as a table and subtable, respectively.

SQUALL provides SQL annotations for 11,468
questions in WikiTQ.

HiTab complements WikiSQL and WikiTQ by
introducing hierarchical tables with multi-level
headers and nested structures, commonly found in
real-world documents such as financial reports and
government statistics. It comprises 1,584 test exam-
ples across 540 unique tables, with an average of 9.9
columns and 12.8 rows, and up to 22 columns and 62
rows. HiTab emphasizes numerical reasoning and
the interpretation of structurally complex tables.

Our experiments follow the experimental
protocol and evaluation metric of Jiang et al. (2022),
using a single run for each of the WikiTQ and
WikiSQL datasets on clearly separated training,
validation, and test sets.

B.3 Algorithms compared

For the table QA experiments (Table 4 of the main
paper), we reproduced the results for OmniTab,
CABINET, GPT-3.5, ITR, TabSQLify and Dater
(excluding the original GPT reader configuration
used in Dater) using the code and services (for GPT-
based models) provided by the respective authors.

For Dater and Binder, the original studies used
Codex (Chen et al., 2021), which was not available
during our experiments. Instead, we report the
results from (Nahid and Rafiei, 2024) obtained with
GPT-3.5. For other algorithms, we report the results
as presented in their original papers.

B.4 Data augmentation

We augmented the selector training data by labeling
cells with the same value as target cells within
the window as targets in the training dataset. This
augmentation was applied to 8% of the data in
WikiTQ and 21% in WikiSQL.

B.5 Taining data sampling details

In our preliminary experiments, we observed that
randomly sampling training data (pairs of input W;
and the corresponding target V; subwindows) often
caused S’ to generate meaningless single-column
target tables. This issue arises due to an imbalance
in the distribution of target window sizes.

For a given input window W of size w X w,
there are w(w + 1) possible target window sizes:
{[1, 1],...,[1, w],...,[w, 1],...,[w, w]}. Cases such
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{ Pr‘omét |-

Based on the table information below, find the answer to the given question correctly.

Table _title: {table title}
Table:
{table or subtable}

Question: {question}
A: {reasoning process}
Answer: {short-form answer }

: Pr'omét P

Generate SQL for selecting the required rows and columns, given the question and

table to answer the question correctly.
SQLite table properties:

Table: {table title} ({table column})
{table or subtable}

3 example rows:

select * from T limit 3;

{first 3 rows of table}

Q: {question}

SQL:

Figure 7: Template prompts for the holistic GPT-3.5 reader to generate textual answers (top) and SQL queries (bottom),
adapted from (Nahid and Rafiei, 2024). Each { } placeholder in the prompt is replaced with the corresponding variable

components.

as [0, 0], [1, 0], [2, 0], ..., and [w, 0] are excluded,
as a table must contain at least one column. Among
the valid cases, single-column target windows
dominate (Figure 8), while cases where the entire
input window W becomes the target are rare. The
latter scenario requires all columns in W to be
either condition or answer columns, with every
cells satisfying the given question. To address this
imbalance, we explicitly adjust the target window
size distribution when sampling the training set.

To achieve a balanced distribution of the number
of rows and columns in target subtables, we evenly
match their occurrences. We first determine the
number of columns n € {1,2,...,w} in the target
subtable and designate them as either condition or
answer columns. The remaining w — n columns
are filled with non-condition, non-answer columns.
Similarly, for the rows, we select m rows that satisfy
the condition and fill the remaining w — m rows
with cells that do not meet the condition. By evenly
sampling n and m, we can generate a well-balanced
dataset. To ensure reproducibility, we fix the
random seed to 42 during the sampling process.

Selector EM (%)
#rows
3 (original) 59.71
TabSQLify 10 60.52
20 61.58
Full 61.79
PieTa (Ours) 63.65

Table 8: Table QA performance of 7TabSQLify (EM; %)
across different numbers of rows, compared with our
method (PieTa). Both methods use GPT-3.5 readers
(with the original TabSQLify configuration). See Table
4 of the main paper for additional comparisons.

C Additional Results

C.1 Additional results for TabSQLify

TabSQLify selects a subset of rows (specifically, the
first three rows with all columns) as input for LMs
to generate SQL queries for subtable selection. A
key limitation of this approach is that if the initial
rows do not contain all necessary conditions, the al-
gorithm may sample irrelevant columns, leading to
suboptimal selections. Increasing the number of ex-
tracted rows could help mitigate this issue, but it also
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Figure 8: Histograms depicting the distribution of the generated 4 x 4 window training data for WikiSQL. The ‘raw’
histogram represents the original, unfiltered data, while the ‘balanced’ histogram shows the adjusted data used
to mitigate class imbalance. In the bottom row, the x-axis represents [the number of answer rows, the number of
condition & answer columns]. Note that the y-axis scales vary across the histograms.

burdens the LM selector with longer context process-
ing, ultimately resulting in plateauing performance
that remains significantly lower than ours (Table 8).

C.2 Performance
by query types and failure cases

We analyze the behavior of subtable selection
algorithms across different question types in
Table 9. Overall, PieTa consistently achieves
high recall across all categories, demonstrating
its effectiveness in preserving question relevant
information during subtable construction.

At the same time, the results reveal systematic
variations in precision across question types. In par-
ticular, for Find type questions, where the ground
truth subtable often comprises only a few cells and
sometimes a single cell, Piela tends to generate
larger subtables than necessary. This behavior
stems from its union based construction strategy,
which prioritizes coverage over compactness.

Despite this limitation, Pie7a substantially
outperforms /TR and Dater in precision while main-
taining near perfect recall. Although TabSQLify
achieves higher precision overall, it does so at the
cost of recall, which is critical in table QA settings.
In contrast, Piela provides a more favorable
precision recall trade off, effectively filtering
out irrelevant content while reliably retaining all
information required to answer the query.

C.3 Simple baselines for subtable selection

To assess the inherent difficulty of subtable
selection in table QA and to contextualize the
benefits of LM-based approaches, we evaluate two
simple, non-learned baselines: a rule-based lexical
matching method and an iterative binary search
strategy. These baselines rely solely on surface-
level similarity and serve as reference points for
understanding the limitations of straightforward
selection heuristics.

Rule-based selection using BM25. We first
consider a rule-based retrieval baseline based on the
Best Matching 25 (BM25) algorithm (Robertson
et al., 2009). BM25 is an information retrieval
method that ranks documents according to their
lexical similarity to a query. In our setting, the
question serves as the query, while each table row or
column is treated as a document. Rows or columns
whose BM?25 scores exceed a predefined threshold
are selected.

We evaluate three variants: Rule-Row, which
selects rows; Rule-Col, which selects columns,
and Rule-Inter, which takes the intersection of the
selected rows and columns. Table 10 reports results
on the WikiSQL test set under varying thresholds:
All rule-based variants exhibit substantially
lower recall than LM-based methods, including
PieTa (Table 2). High recall is critical for table QA,
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Table 9: Performance of subtable selection algorithms across query types. (P) and (R) denote precision and recall,

T ITR Dater TabSQLify PieTa (Llama)
e ®m e ® ]| e ® @ ®
Find 4.15 9768 | 941 9233 | 70.71 87.74 | 56.44 99.33
Count 23.50 97.84 | 27.39 91.88 | 52.27 5797 | 72.41 96.43
Max 38.36 98.29 | 42.35 97.10 | 79.35 89.72 | 72.41 99.56
Min 35.56 98.09 | 41.04 96.55 | 81.24 9242 | 73.03 99.36
Average | 49.51 98.63 | 51.94 98.00 | 86.53 90.98 | 76.42 99.86
Sum 54.15 9891 | 56.61 98.61 | 83.85 86.90 | 80.24 99.91

respectively.
Rule-based selection )
PieTa (Llama)
Rule-Row Rule-Col Rule-Inter
Threshold Avg.#rows Avg. #columns
(P) (R) (P) (R) (P) (R) (P) (R)
0.5 18.28 2.59 2294 69.02 | 17.69 86.21 | 42.81 80.58
1.0 10.04 2.29 24.01 65.34 | 18.02 81.74 | 47.01 76.47
1.5 5.57 1.79 2240 5585 | 16.81 59.62 | 42.15 59.29
60.88 99.12
2.0 4.74 1.53 21.04 4821 | 1572 4551 | 3743 48.81
2.5 4.07 1.33 19.21 39.97 | 14.62 36.74 | 31.88 41.71
3.0 3.60 1.15 17.41 32.85 | 13.61 30.20 | 26.73 35.72

Table 10: Performance of rule-based subtable selection on the WikiSQL test set with varying BM25 thresholds. We
evaluate row-wise selection (Rule-Row), column-wise selection (Rule-Col), and the intersection of the selected rows

and columns (Rule-Inter).

Tree depth  (P) R)
1 1541 78.79
2 18.85 64.72
3 23.50 54.92
4 28.81 47.60
5 50.24 28.62

Table 11: Performance of the iterative binary search
based subtable selection strategy on the WikiSQL test
set at five different tree depths.

as missing relevant rows or columns leads to incom-
plete evidence and limits downstream reasoning.
Increasing the BM25 threshold reduces table size
but consistently degrades recall, while lowering
the threshold substantially reduces precision. This
illustrates a fundamental limitation of purely lexical
filtering, which lacks semantic understanding.

Iterative binary search. To contrast with our
window-based iterative framework, we also evaluate

a binary search strategy that greedily reduces table
size. At each iteration, the table is divided in half
along both row and column dimensions. For each
row-wise split, we compute the Jaccard similarity
between the query and each half. The same pro-
cedure is applied to the column-wise split. Among
these resulting candidate subtables, the one with the
highest Jaccard similarity is selected. This process
is repeated for a predefined number of iterations.

Table 11 summarizes the results on the WikiSQL
test set across five different search depths. While
shallow searches preserve relatively high recall,
deeper searches quickly discard relevant content,
leading to pronounced recall degradation due to the
brittleness of greedy, similarity-based partitioning,
where early decisions irreversibly remove necessary
evidence.

D Manual Annotation
of WikiT(Q and HiTab Test Sets

We recruited graduate student annotators in NLP
with direct experience working with LLMs. Each an-
notator was provided with an instruction along with
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PieTa (Llama) ITR  Dater TabSQLify

Max iteration 1 2 3 4 5 6 7 00 - - -
Runtime 418 598 6.62 674 678 681 684 6.87| 030 9.85 1.91
Accuracy 6441 64.73 64.64 6471 64778 64.78 64.78 64.78 | 63.47 57.09 60.01

Table 12: Table QA accuracy (EM, %) and runtime (in seconds) of PieTa on WikiTQ across different maximum
iteration settings. oo denotes running the algorithm until convergence, without an explicit iteration cap.

a table-question pair and asked to identify all header
and content cells required to answer the question
(Fig. 9). The annotation criterion focuses on identi-
fying the minimal set of cells necessary to derive the
correct answer. Each example was independently
annotated. No compensation was provided.

Given a table and a question, identify the relevant headers
and cells required to answer the question.

Represent each selected cell by its coordinate in the form
(row, column), where both row and column indices start
from 0.

Output only the set of selected coordinates.

Table: {table}
Question: {question}

Figure 9: Instruction provided to human annotators
for identifying all header and content cells required to
answer a given question.

E Potential Risks

Since PieTa relies on pre-trained language models
(LMs) to extract relevant subtables, it may inherit
and reflect any biases present in these models.
Likewise, as PieTa learns to identify subtables
based on training data, it may inadvertently
reinforce existing biases within the dataset.

While we do not foresee specific problematic
scenarios, subtable selection inherently carries
the risk of introducing unintended bias due to the
selective sampling of table contents. Furthermore,
in adversarial settings, subtable selection systems
could be exploited to selectively present data
that supports a particular agenda while omitting
contradictory evidence.
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