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Abstract

The text-to-table task aims to generate struc-
tured data in tabular formats from unstructured
text. While the integration of large language
models (LLMs) has significantly enhanced the
comprehensiveness and flexibility of genera-
tion, challenges regarding inconsistent output
quality persist, such as the inclusion of redun-
dant information and numerical inaccuracies.
We propose TableMBR, a robust table gen-
eration method that maintains structural con-
sistency through minimum Bayes risk (MBR)
decoding. Experimental results showed that
TableMBR outperforms the baseline, achieving
relative improvements of up to 15% in F1 score
on Rotowire and 23% in accuracy on LiveSum.

1 Introduction

The text-to-table task aims to generate structured
tables from input text written in natural language.
With the emergence of large language models
(LLMs), flexible table generation is becoming in-
creasingly feasible, including the generation of the
schema, defined as the structural framework con-
sisting of row and column headers (Deng et al.,
2024; Sundar et al., 2024; Ahuja et al., 2025). How-
ever, ensuring structural consistency remains a sig-
nificant challenge. This involves generating the
appropriate number of row and column headers
and producing exact cell values that correspond to
those headers. Map&Make (Ahuja et al., 2025) ad-
dressed this by fixing the schema before generating
each cell value, and achieved better accuracy com-
pared with other existing methods. Nevertheless,
Map&Make lacks a mechanism to explicitly main-
tain the consistency of the table structures. This
leads to risks such as the addition of redundant
columns or the inclusion of numerical errors.

In natural language text generation tasks such as
machine translation, minimum Bayes risk (MBR)
decoding has been proposed to generate high-
quality text with fewer errors by maximizing the
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Figure 1: Table generation by our proposed TableMBR

expected utility (Kumar and Byrne, 2004; Eikema
and Aziz, 2020). MBR decoding generates mul-
tiple output hypothesis texts and estimates the ex-
pected utility of each hypothesis using a utility
function such as an automatic evaluation metric.
The hypothesis that maximizes the estimated utility
is then selected as the final output.

To improve the structural consistency of table
generation, we propose TableMBR, a minimum
Bayes risk table generation method that maximizes
the expected structural consistency. Figure 1 il-
lustrates an overview of TableMBR. TableMBR
first generates multiple hypothesis tables using
Map&Make. We then sample pseudo-reference
tables and evaluate the F1-based structural utility
to estimate the expected utility of each hypothe-
sis. Specifically, we define the utility as a linear
combination of the F1 scores of three components:
row headers, column headers, and cells. To en-
able more flexible matching in F1 score calcula-
tion, we use not only exact match but also lexical
similarity (Popović, 2015) and semantic similar-
ity (Zhang et al., 2019). Finally, TableMBR outputs
the best hypothesis table that maximizes the ex-
pected utility. We evaluated the effectiveness of the
proposed TableMBR using Gemini-2.5 Flash (Co-
manici et al., 2025) and GPT-4.1 mini (OpenAI
et al., 2024). The experimental results demon-
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strated that TableMBR outperforms the baseline,
Map&Make, achieving relative improvements of
up to 15% in F1 score on Rotowire (Wu et al.,
2022) and 23% in accuracy on LiveSum (Ahuja
et al., 2025).

2 Background and Related Work

2.1 Text-to-Table Generation

Wu et al. (2022) proposed text-to-table as an infor-
mation extraction task that involves generating ta-
bles from natural language text. They demonstrated
that table-formatted information, which possesses
complex two-dimensional structures that are dif-
ficult to handle within conventional named entity
recognition or relation extraction frameworks, can
be represented by extending sequence-to-sequence
(seq2seq) models (Lewis et al., 2020). They also
identified several challenges in table generation,
including the generation of multiple tables, schema
uncertainty, and sparse information extraction.

End-to-End Table Generation Wu et al. (2022)
initially proposed a seq2seq model that treats a
table as a sequence of tokens. However, this ap-
proach struggled to capture the two-dimensional
dependencies inherent in tables, making it diffi-
cult to maintain structural consistency. In response
to this, STable (Pietruszka et al., 2024) generates
tables using permutation-based decoding, which
does not rely on a fixed cell generation order and
accounts for two-dimensional structure.

Multi-Step Table Generation Recent methods
leverage the reasoning capabilities of LLMs to per-
form the generation process in stages. Text-Tuple-
Table (Deng et al., 2024) extracts event tuples from
texts and then integrates them into a tabular format.
This approach improved performance in tasks that
require not only extraction but also the aggregation
of information. Similarly, gTBLS (Sundar et al.,
2024) divides the generation process into two steps:
schema extraction and question answering (QA). It
improved structural consistency by first identifying
row and column headers and then filling each cell
in a QA format based on that structure.

Map&Make Map&Make (Ahuja et al., 2025) is
one of the multi-step table generation methods. It
first decomposes the input text into a sequence of
atomic facts and extracts the elements necessary
for tabulation. It then sequentially generates the
schema, such as row and column headers, based

on the extracted information. Finally, it processes
each statement according to the generated schema
and updates the corresponding cells to complete the
table. Map&Make outperforms existing prompting
methods by decoupling schema generation from
cell value generation, which allows for the flexible
generation of tables even with complex structures.

Nevertheless, Map&Make does not explicitly
guarantee the structural consistency. In addition,
since the generation process in Map&Make is se-
quential, if irrelevant information is mistakenly
extracted as part of the schema in the early step,
the table structures and cell values are suscepti-
ble to errors. Consequently, tables generated by
Map&Make still suffer from errors such as the ad-
dition of redundant columns, missing values, and
over-/under-estimated numerical values.

2.2 Minimum Bayes Risk (MBR) Decoding

MBR decoding (Kumar and Byrne, 2004; Eikema
and Aziz, 2020) generates high-quality text by max-
imizing the expected utility of output hypotheses.

Let X and Y denote the input and output spaces,
respectively. Conventional maximum a posteriori
(MAP) decoding, which is the most widely used
method, outputs a hypothesis yMAP ∈ Y that max-
imizes the output probability given an input text
x ∈ X . Since searching the entire output space
Y is infeasible, the output is selected from a finite
set of output hypotheses H ⊂ Y obtained by beam
search or sampling:

yMAP = argmax
y∈H

p(y|x; θ), (1)

where θ denotes parameters of a text generation
model. MBR decoding extends this hypothesis se-
lection rule to maximize the expected utility rather
than the output probability, as follows:

yMBR = argmax
h∈H

Ey∼p(·|x;θ) [u(h, y)] , (2)

where u : Y × Y → R denotes the utility function.
It evaluates the utility of a hypothesis h given a
reference output y, and satisfies h ⪰y h′ ⇐⇒
u(h, y) ≥ u(h′, y) where ⪰y denotes the prefer-
ence relation under the reference y. Since calcu-
lating the expectation over the entire output space
Y is computationally intractable, MBR decoding
typically estimates the expected utility using a
Monte Carlo approximation with a finite multiset
of pseudo-references R = {r1, . . . , r|R|} sampled
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from p(·|x; θ), as follows:

yMBR ≈ argmax
h∈H

1

|R|
∑

r∈R
u(h, r). (3)

Typically, the same set of sampled texts is used for
both hypothesis set H and pseudo-reference set R.

The application of MBR decoding has expanded
to structured data generation tasks, such as code
generation and Text-to-SQL (Shi et al., 2022; Yade-
gari et al., 2026). For code generation, MBR-
EXEC (Shi et al., 2022) uses the agreement of
execution results as a utility function rather than
relying on surface-level string matching. Simi-
larly, in the Text-to-SQL task, several methods have
been proposed that incorporate consistency checks
based on query execution results or explicitly inte-
grate generation probabilities into scores (Yadegari
et al., 2026). For generating high-quality structured
data, the design of utility functions that account for
domain-specific characteristics, e.g., executability
and logical consistency, is important.

3 Proposed Method: TableMBR

We propose TableMBR, a generation method for
maintaining structural consistency in table genera-
tion. As illustrated in Figure 1, TableMBR gener-
ates multiple hypothesis tables using an LLM and
selects the final output table based on MBR decod-
ing with the proposed utility function that evaluates
the structural consistency. The generation process
consists of the following steps:

1) Hypothesis Generation: Generate multiple
hypothesis tables.

2) Utility Evaluation: Evaluate the structural
consistency of each hypothesis table based on
pseudo-reference tables.

3) Hypothesis Selection: Select the hypothesis
table that maximizes the expected utility.

1) Hypothesis Generation We first generate
multiple output hypotheses H = {h1, . . . , hn}
and pseudo-references R = {r1, . . . , r|R|} using
Map&Make (Ahuja et al., 2025), where n ∈ N
is the number of hypotheses. To diversify the hy-
potheses and pseudo-references, we use tempera-
ture sampling.Appendix A provides more details.

2) Utility Evaluation We then evaluate the F1-
based utility of each hypothesis h ∈ H for each
pseudo-reference r ∈ R. We formulate the utility

function as u(h, r) = F1sim(h, r) with a similarity
function sim that measures the similarity between
two elements in tables. To maintain the consistency
between structures, defined by headers, and con-
tents, F1sim is composed of F1 scores for each ta-
ble components: row headers (row), column head-
ers (col), and cell values (cell), i.e., F1sim(h, r) =
1
3

(
F1simrow(h, r) + F1simcol (h, r) + F1simcell(h, r)

)
. For

each component ℓ ∈ {row, col, cell}, the F1 score
F1simℓ (h, r) is calculated from the precision (Prec)
and recall (Recall) as usual:

F1simℓ (h, r) =
2Precsimℓ (h, r)Recallsimℓ (h, r)

Precsimℓ (h, r) + Recallsimℓ (h, r)
.

(4)
We evaluate Precsimℓ and Recallsimℓ in the ele-
ment unit for each table component by treating
each component as a set of the element values.
Let E be the element space, Eℓ ⊆ E be the
element subspace of the table component ℓ ∈
{row, col, cell}, and ϕℓ : Y → 2Eℓ be a function
that extracts elements from a given table, e.g.,
ϕcol(y) = {“name”, “age”, . . .}. For cell, since
a set consisting solely of cell values cannot identify
which row and column the cells belong to, e.g.,
{20, 30, 5.0, . . .} does not contain the positional
information, we include the two-dimensional posi-
tional information in a cell element representation
using its corresponding row and column headers.
For example, ϕcell(y) = {(“Bob”, “age”, 20), . . .}.
We calculate Precsimℓ : Y × Y → [0, 1] and
Recallsimℓ : Y × Y → [0, 1] by aligning the most
similar element in the corresponding set using the
similarity function sim:

Precsimℓ (h, r)

=
1

|ϕℓ(h)|
∑

eh∈ϕℓ(h)

max
er∈ϕℓ(r)

sim(eh, er), (5)

Recallsimℓ (h, r)

=
1

|ϕℓ(r)|
∑

er∈ϕℓ(r)

max
eh∈ϕℓ(h)

sim(eh, er). (6)

where sim: E × E → [0, 1] denotes the similarity
function. For cell, we calculate the similarity be-
tween two cells as the product of the individual
similarities of their sub-elements.

3) Hypothesis Selection Finally, we select the
hypothesis that maximizes the expected utility esti-
mated using pseudo-references:

argmax
h∈H

1

|R|
∑

r∈R
u(h, r). (7)
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4 Experiments

We evaluate the effectiveness of TableMBR from
two perspectives, structural consistency and accu-
racy of cell value prediction. The former, structural
consistency in dynamic schema generation, evalu-
ates how well over-/under-generation is mitigated,
especially when the input text contains irrelevant
information. The latter, content fidelity in a fixed-
schema setting, evaluates the accuracy of cell value
prediction in a setting where the schema is given.

4.1 Experimental Setup

We generate 32 hypotheses for each input, i.e.,
n = 32, using GPT-4.1 mini (OpenAI et al., 2024)
and Gemini-2.5 Flash (Comanici et al., 2025). For
both models, we do not perform any additional
fine-tuning and only call the inference through their
respective APIs. We use the same set of output can-
didates for the hypotheses and pseudo-references.
We compare our method with the output of a sin-
gle generation, i.e., n = 1, as the baseline for
comparison, which is equivalent to the results of
Map&Make (Ahuja et al., 2025). To control the
balance between the diversity and quality of the
generated outputs from the LLMs in our experi-
ments, the following decoding parameters for hy-
pothesis generation were used: temperature: 1.0,
top-k: 40, and top-p: 0.95.

We also evaluate the influence of the number
of hypotheses n. Specifically, we examine the ex-
tent to which applying TableMBR is effective com-
pared with single generation in the text-to-table
task, as well as how an increase in n contributes
to performance. We vary the number of hypothe-
ses n ∈ {1, 4, 8, 16, 32}. Furthermore, to ensure
the reliability of any observed performance differ-
ences across these settings, we conduct a bootstrap
significance test (Koehn, 2004) with p < 0.05.

4.2 Structural Consistency in Dynamic
Schema Generation

Dataset We evaluate the structural consistency
in the Rotowire dataset (Wiseman et al., 2017),
which pairs NBA game summaries with two types
of structured data: player tables and team tables. A
characteristic of this dataset is that the input text
contains numerous descriptions that are considered
noise for the table generation task, e.g., qualita-
tive commentary on game developments and player
emotions. Hence, we can evaluate two critical as-
pects of structural consistency: factual consistency,

the ability to select only the facts necessary for
tabulation, and schema consistency, the ability to
suppress the generation of redundant or incorrect
columns. We use the test data manually corrected
by Ahuja et al. (2025).

Evaluation Metrics For the evaluation met-
rics and utility functions of the structural con-
sistency, we use F1 scores with three similarity
functions: exact match (EM), CHRF (Popović,
2015), and BERTScore (BERT) (Zhang et al.,
2019). For calculating BERTScore, we use
google-bert/bert-base-uncased (Devlin et al.,
2019). Since row and column headers in Rotowire
consist of descriptive text such as player names
or statistical categories, we also use ChrF and
BERTScore to allow for soft matching of semanti-
cally similar expressions, in addition to EM.

Results Table 1 shows the experimental results
on the Rotowire dataset. TableMBR achieved sta-
tistically significant gains in the player table, as in-
dicated by †. For instance, when we used F1EM for
the utility function, Gemini-2.5 Flash and GPT-4.1
mini achieved 3.44 and 4.90 points of improvement
in F1BERT

cell , respectively. Conversely, in the team ta-
ble, where the baseline scores were extremely low,
the effects of MBR decoding were inconsistent.
While some configurations showed slight improve-
ments, others fell below the baseline performance,
suggesting that the benefits of TableMBR are lim-
ited when the hypothesis quality is extremely low.

We also confirmed a clear trend where the per-
formance of TableMBR generally improves as the
number of hypotheses n increases, as shown in Fig-
ure 2. By comparing the results for n = 32 with
those for smaller hypothesis sets, i.e., n < 32, we
observed a consistent upward trend, demonstrating
that increasing the number of hypotheses directly
contributes to the final scores across all table types
and components, including row headers, column
headers, and structured cells.

4.3 Content Fidelity in Fixed-Schema Setting

Dataset In this setting, we use the LiveSum
dataset (Deng et al., 2024). LiveSum focuses on
accurately generating cell values given a fixed and
predefined schema. We evaluate the accuracy of
cell value prediction for each difficulty level classi-
fied in the original dataset. The dataset details are
provided in Appendix B.

1090



Row Header Column Header Structured Cells

Method Utility F1EM
row F1CHRF

row F1BERT
row F1EM

col F1CHRF
col F1BERT

col F1EM
cell F1CHRF

cell F1BERT
cell

Gemini-2.5 Flash - Player Table
Map&Make – 85.27 89.44 89.38 24.35 50.46 66.56 28.31 46.28 57.56
TableMBR F1EM 85.55† (+0.28) 89.58† (+0.14) 89.61† (+0.23) 27.31† (+2.96) 53.30† (+2.84) 70.51† (+3.95) 30.26† (+1.95) 48.98† (+2.70) 61.00† (+3.44)

F1CHRF 85.58† (+0.31) 89.60† (+0.16) 89.64† (+0.26) 24.41 (+0.06) 51.63† (+1.17) 67.13† (+0.57) 27.85 (-0.46) 47.68† (+1.40) 58.13 (+0.57)
F1BERT 85.56† (+0.29) 89.59† (+0.15) 89.62† (+0.24) 25.91† (+1.56) 52.34† (+1.88) 69.11† (+2.55) 29.41† (+1.10) 48.48† (+2.20) 59.97† (+2.41)

Gemini-2.5 Flash - Team Table
Map&Make – 9.56 60.95 30.71 8.96 33.72 40.32 0.94 16.05 9.88
TableMBR F1EM 9.68 (+0.12) 62.81† (+1.86) 28.70 (-2.01) 10.56† (+1.60) 34.65† (+0.93) 42.48† (+2.16) 0.80 (-0.14) 16.95† (+0.90) 10.36 (+0.48)

F1CHRF 8.89 (-0.67) 62.83† (+1.88) 27.63 (-3.08) 6.97 (-1.99) 33.30 (-0.42) 37.38 (-2.94) 0.69 (-0.25) 15.78 (-0.27) 9.03 (-0.85)
F1BERT 9.61 (+0.05) 62.71† (+1.76) 28.60 (-2.11) 9.80† (+0.84) 34.42† (+0.70) 41.02† (+0.70) 0.75 (-0.19) 16.69† (+0.64) 10.00 (+0.12)

GPT-4.1 mini - Player Table
Map&Make – 85.19 89.81 89.51 31.52 57.28 70.50 29.32 49.06 58.24
TableMBR F1EM 87.08† (+1.89) 90.84† (+1.03) 90.90† (+1.39) 34.43† (+2.91) 59.98† (+2.70) 74.37† (+3.87) 33.68† (+4.36) 53.04† (+3.98) 63.14† (+4.90)

F1CHRF 87.02† (+1.83) 90.89† (+1.08) 90.91† (+1.40) 32.70† (+1.18) 59.35† (+2.07) 71.93† (+1.43) 31.92† (+2.60) 52.77† (+3.71) 61.06† (+2.82)
F1BERT 87.11† (+1.92) 90.87† (+1.06) 90.91† (+1.40) 34.12† (+2.60) 59.60† (+2.32) 73.95† (+3.45) 33.62† (+4.30) 53.02† (+3.96) 62.91† (+4.67)

GPT-4.1 mini - Team Table
Map&Make – 6.56 59.82 27.17 5.68 32.29 38.15 1.49 15.90 9.33
TableMBR F1EM 7.79† (+1.23) 62.08† (+2.26) 26.54 (-0.63) 4.50 (-1.18) 33.74† (+1.45) 37.66 (-0.49) 0.68 (-0.81) 17.49† (+1.59) 8.69 (-0.64)

F1CHRF 6.40 (-0.16) 61.94† (+2.12) 24.46 (-2.71) 2.95 (-2.73) 33.68† (+1.39) 34.91 (-3.24) 0.65 (-0.84) 17.43† (+1.53) 7.63 (-1.70)
F1BERT 7.64† (+1.08) 61.96† (+2.14) 26.43 (-0.74) 4.58 (-1.10) 33.95† (+1.66) 37.38 (-0.77) 0.48 (-1.01) 17.34† (+1.44) 8.57 (-0.76)

Table 1: F1 scores of each table component in Rotowire dataset. Values in parentheses “(·)” denote improvements
over Map&Make. Bold scores indicate best score within each evaluation metric. † indicates statistical significance
(p < 0.05).

Model n Easy Medium Hard Avg.

Gemini-2.5 Flash 1 98.67 79.82 60.48 79.66
4 98.87 85.38† 68.20† 84.15†

8 98.97 86.75† 71.88† 85.87†

16 99.07† 87.33† 73.97† 86.79†

32 99.04† 87.50† 74.47† 87.00†

GPT-4.1 mini 1 97.61 48.74 13.83 53.39
4 97.94 48.49 13.79 53.41
8 98.31† 49.54 15.25† 54.37†

16 98.41† 49.75† 15.45† 54.54†

32 98.18† 50.03† 14.59 54.27†

Table 2: Accuracy of cell values when using F1EM for
utility function on LiveSum dataset. Bold scores indi-
cate the best scores within the model in each difficulty.
† indicates statistical significance (p < 0.05).

Evaluation Metrics We use exact match as the
evaluation metric for cell value prediction because
all the cell values in LiveSum are numerical counts,
and other metrics based on semantic similarity are
unsuitable for this task.

Results The experimental results are shown in Ta-
ble 2. We observed that TableMBR outperformed
the baseline in accuracy across all models. Most of
these improvements were found to be statistically
significant (p < 0.05). Notably, for Gemini-2.5
Flash in the “Hard” difficulty setting, there was a
substantial improvement of nearly 14 points, with
the score increasing from 60.48 for n = 1 to 74.47
for n = 32. Regarding the trends by difficulty level,
the accuracy for “Easy” tasks had already reached
a high level of over 97% at the baseline; neverthe-

less, the proposed method yielded slight further
gains. Conversely, for tasks requiring complex ag-
gregation such as “Medium” and “Hard” levels,
the improvement margin provided by the proposed
method becomes more pronounced. As for the im-
pact of increasing n, Gemini-2.5 Flash, which has
a relatively high baseline score, shows monotonic
improvement as n increases. In contrast, for GPT-
4.1 mini, which has a relatively lower baseline, the
performance peaked at n = 16 and subsequently
declined at n = 32.

5 Discussion

5.1 Baseline Performance and Convergence to
False Consensus

In Rotowire, while MBR decoding yielded signifi-
cant improvements for the player table, the gains
for the team table were marginal or, in some con-
figurations, even showed a downward trend. This
suggests a prerequisite for the effectiveness of the
approach based on “selecting consistency through
consensus among multiple hypotheses.” Theoreti-
cally, MBR decoding ensures reliability by sup-
pressing outliers, based on the assumption that
the set of hypotheses covers the proximity of the
ground truth to some extent (Ohashi et al., 2024).
When the baseline performance is above a certain
threshold, as seen in the player table, hypotheses
close to the correct answer form a majority.

However, in scenarios where the baseline is ex-
tremely low (around a few percent), such as in the

1091



4 8 16 32
85.15
85.30
85.45
85.60

ro
w

Sc
or

e
Player - row / EM

4 8 16 32
89.3
89.4
89.5
89.6
89.7

Player - row / ChrF

4 8 16 32
89.2

89.4

89.6

89.8
Player - row / BERT

4 8 16 32
8.0
8.5
9.0
9.5

10.0
Team - row / EM

4 8 16 32

60.8

61.6

62.4

Team - row / ChrF

4 8 16 32
27
28
29
30
31

Team - row / BERT

4 8 16 32

24.0

25.5

27.0

co
l

Sc
or

e

Player - col / EM

4 8 16 32
50

51

52

53

Player - col / ChrF

4 8 16 32
64

66

68

70

Player - col / BERT

4 8 16 32

6.0
7.5
9.0

10.5
Team - col / EM

4 8 16 32

32

33

34

35
Team - col / ChrF

4 8 16 32
36

38

40

42
Team - col / BERT

4 8 16 32
N

27
28
29
30

ce
ll

Sc
or

e

Player - cell / EM

4 8 16 32
N

46
47
48
49

Player - cell / ChrF

4 8 16 32
N

55.5
57.0
58.5
60.0
61.5

Player - cell / BERT

4 8 16 32
N

0.4
0.6
0.8
1.0

Team - cell / EM

4 8 16 32
N

15.2

16.0

16.8

Team - cell / ChrF

4 8 16 32
N

8.0

8.8

9.6

10.4
Team - cell / BERT

4 8 16 32

85.6

86.4

87.2

ro
w

Sc
or

e

Player - row / EM

4 8 16 32
89.6

90.0

90.4

90.8
Player - row / ChrF

4 8 16 32

89.6

90.4

91.2
Player - row / BERT

4 8 16 32
6.0
6.5
7.0
7.5
8.0

Team - row / EM

4 8 16 32

60.0

60.8

61.6

62.4
Team - row / ChrF

4 8 16 32
24

25

26

27

Team - row / BERT

4 8 16 32
31
32
33
34
35

co
l

Sc
or

e

Player - col / EM

4 8 16 32
57

58

59

60

Player - col / ChrF

4 8 16 32

70.5

72.0

73.5

75.0
Player - col / BERT

4 8 16 32

3

4

5

6
Team - col / EM

4 8 16 32
32.0

32.8

33.6

34.4
Team - col / ChrF

4 8 16 32

35
36
37
38

Team - col / BERT

4 8 16 32
N

30.0

31.5

33.0

ce
ll

Sc
or

e

Player - cell / EM

4 8 16 32
N

49.5

51.0

52.5

Player - cell / ChrF

4 8 16 32
N

58.5
60.0
61.5
63.0

Player - cell / BERT

4 8 16 32
N

0.0
0.5
1.0
1.5
2.0

Team - cell / EM

4 8 16 32
N

16.0

16.8

17.6

Team - cell / ChrF

4 8 16 32
N

7.2

8.0

8.8

Team - cell / BERT

G
em

in
i-2

.5
 F

la
sh

G
PT

-4
.1

 m
in

i
Baseline F1EM F1ChrF F1BERT

Figure 2: F1 scores when varying number of hypotheses n in Rotowire

team table, the set of hypotheses contains almost
no correct answers. In such cases, specific halluci-
nations generated confidently by the model or fre-
quently occurring erroneous patterns become dom-
inant. Consequently, MBR decoding may select
this “false consensus” among incorrect hypothe-
ses. This suggests that the application of MBR
decoding in text-to-table tasks requires the single-
generation model to guarantee a minimum level of
quality (the probability of including the correct an-
swer). In tasks that fall below this threshold, there
is an inherent risk that the method may reinforce
systematic errors.

5.2 Improved Robustness in both Schema
Generation and Numerical Aggregation

The experimental results using LiveSum clarify
that the selection mechanism based on structural
consensus through MBR decoding significantly
contributes to improved numerical accuracy, rep-

resenting “content-level consistency.” Live com-
mentary text contains substantial noise that can
easily be confused with actual events, such as “a
near miss” or “just over the goal.” In single gen-
eration (Baseline), the model tends to react over-
sensitively to these descriptions, leading to “over-
counting” where predicted values deviate signif-
icantly from the actual values. In contrast, the
proposed TableMBR effectively filters out sporadic
hallucinations (outliers) that appear only in specific
hypotheses through consensus building, converging
toward numerical values with higher certainty.

This correction effect was more pronounced in
the “Hard” sections, where model output is typ-
ically unstable, compared to the “Easy” sections,
where the baseline already shows high performance.
This fact suggests that the proposed method func-
tions as a robust framework for ensuring informa-
tion reliability in situations where the model’s infer-
ence uncertainty is high. The series of experimen-
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Figure 3: F1 scores in Rotowire when we use Fβ for utility function instead of F1.

tal results in this study indicate that the proposed
framework of consistency optimization via MBR
decoding is effective for both “structural errors” (re-
dundant column generation) in Rotowire and “con-
tent errors” (numerical discrepancies) in LiveSum.
This substantiates that the proposed method pos-
sesses high generalizability for improving reliabil-
ity across the text-to-table task in general, regard-
less of task definitions such as dynamic schema
generation versus fixed settings or differences in
domains.

5.3 Impact of Hypothesis Number and
Computational Efficiency

As shown in Figure 2 and Table 2, we observed a
general trend in which performance improves as
the number of hypotheses n increases. However, it
is difficult to define a universally optimal value of n
for all tasks. Our results on LiveSum indicate that
performance gains begin to saturate or even slightly

decline for some models around n = 16. A simi-
lar, though less pronounced, saturation trend can
be observed in Rotowire. The computational cost
for hyphothesis generation scales linearly with the
number of hypotheses n. Therefore, simply maxi-
mizing n is not always desirable in practical appli-
cations. Based on our empirical observations, we
consider n = 16 to be a practical value that effec-
tively balances substantial performance gains with
computational efficiency across different datasets
and models.

5.4 Balancing Weight Between Precision and
Recall in Utility Function

We analyze the effect of the balance between pre-
cision and recall by substituting F1 with Fβ in
the utility function. Specifically, we vary β ∈
{0.25, 0.33, 0.5, 0.75, 1.0, 1.5, 2.0, 3.0, 4.0} in Ro-
towire. Note that β < 1 corresponds to a precision-
oriented setting and β > 1 corresponds to a recall-
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attempted

3-pointers 
made

Field goals 
attempted

Field goals 
made Points Total 

rebounds
John Wall 10 None None None None 30 None
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The Washington Wizards defeated the Denver Nuggets, 123 - 113, Wednesday at Pepsi Center. The Wizards (39 - 24), who 
have now won three straight road games to improve their record away from home to 13 - 15, won Wednesday's matchup in 
fairly effortless fashion, as they opened up the game early and went into halftime with a 17 - point lead. That was thanks in 
large part to an incredibly hot shooting performance from Washington, as they shot 57 percent from the field and 42 percent 
from behind the arc. The Wizards were once again led by a pair of great performances from their starting backcourt, with 
John Wall posting a game - high 30 points and 10 assists, while Bradley Beal scored 23 points of his own. The two shot a 
combined 21 - of - 36 (58 percent) from the field. For the Nuggets (29 - 35), Wednesday's defeat marked their second loss in 
their last three games, and it was thanks in large part to their lack of defense, as Denver was pretty solid on the offensive 
side of the ball. As a team, the Nuggets shot 53 percent from the field and a scorching 46 percent from behind the arc, but 
the 123 points they gave up ended up being too much to overcome. Gary Harris led the way for Denver, shooting 10 - of - 15 
from the field and 6 - of - 9 from behind the arc en route to scoring a game - high 26 points. Wilson Chandler added 21 points 
of his own, while Mason Plumlee added 19 points and 10 rebounds for a double - double. Up next, the Wizards will head to 
Sacramento on Friday to take on the Kings, while the Nuggets will head home Friday and play the Celtics.
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The Washington Wizards defeated the Denver Nuggets, 
123 - 113, Wednesday at Pepsi Center. The Wizards (39 -
24), who have now won three straight road games to 
improve their record away from home to 13 - 15, won 
Wednesday's matchup in fairly effortless fashion, as they 
opened up the game early and went into halftime with a 17 
- point lead. That was thanks in large part to an incredibly 
hot shooting performance from Washington, as they shot 
57 percent from the field and 42 percent from behind the 
arc. The Wizards were once again led by a pair of great 
performances from their starting backcourt, with John Wall 
posting a game - high 30 points and 10 assists, while 
Bradley Beal scored 23 points of his own. The two shot a 
combined 21 - of - 36 (58 percent) from the field. For the 
Nuggets (29 - 35), Wednesday's defeat marked their 
second loss in their last three games, and it was thanks in 
large part to their lack of defense, as Denver was pretty 
solid on the offensive side of the ball. As a team, the 
Nuggets shot 53 percent from the field and a scorching 46 
percent from behind the arc, but the 123 points they gave 
up ended up being too much to overcome. Gary Harris led 
the way for Denver, shooting 10 - of - 15 from the field and 
6 - of - 9 from behind the arc en route to scoring a game -
high 26 points. Wilson Chandler added 21 points of his 
own, while Mason Plumlee added 19 points and 10 
rebounds for a double - double. Up next, the Wizards 
will head to Sacramento on Friday to take on the Kings, 
while the Nuggets will head home Friday and play the 
Celtics.
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Figure 4: Comparisons of generation examples on Rotowire dataset. Upper row presents gold data, while lower row
displays selection results obtained by varying parameter β. As shown, prioritizing recall tends to increase number
of extraneous columns that reflect non-statistical information from input text, such as game dates and qualitative
descriptions. In contrast, precision-oriented setting suppresses such excessive column generation, resulting in
selection of compact schema that closely resembles gold data.

oriented setting.
As illustrated in Figure 3, across both models

and table types, we confirmed that a smaller β,
i.e., a precision-oriented setting, yields higher F1
scores. For instance, while the F1BERT

cell score was
63.14 in the results for GPT-4.1 mini using FβEM,
the score reached 64.26 at β = 0.25. Conversely,
the score dropped to 60.70 at β = 4.0. This high-
lights that, in table generation, the exclusion of
errors through a precision-oriented utility function
contributes more directly. While recall is often em-
phasized in general text generation tasks such as
summarization, the inclusion of even a single incor-
rect row or column in structured data significantly
undermines the reliability of the entire dataset.

This tendency is also qualitatively evident in the
relationship between the descriptive characteristics
of the Rotowire dataset and the generation process
of Map&Make, as shown in Figure 4. The primary
strength of Map&Make lies in its ability to dy-
namically induce a schema from input text without
requiring a predefined structure. However, a side
effect of this high versatility is its tendency to pick
up various pieces of information within the text as
unnecessary columns, resulting in overgeneration.
In fact, the input text in Rotowire contains many
descriptions that should not be tabulated, such as
“Wednesday’s matchup” or “double-double.” Be-

cause Map&Make extracts these elements equally,
it frequently generates unnecessary columns or hal-
lucinated headers, such as “Game Date” or “Double
Double,” as shown in the bottom row of Figure 4.

In contrast, the results under the precision-
oriented setting with β = 0.25, shown in the sec-
ond row of Figure 4, successfully retained only
the appropriate columns while suppressing irrele-
vant ones. This outcome occurs because precision-
oriented TableMBR applies a strong penalty to hy-
potheses containing redundant cells that do not
reach a consensus across multiple hypotheses.
Thus, TableMBR successfully maintains the versa-
tility of Map&Make while filtering out excessive
noise from the perspective of structural consistency.
We conclude that a precision-oriented utility func-
tion prioritizing the exclusion of misinformation is
essential for structured data generation and serves
as a key to enhancing the practicality of versatile
prompting methods.

6 Conclusion

We proposed TableMBR, a text-to-table generation
method that explicitly maintains structural consis-
tency. Specifically, TableMBR selects the table that
maximizes the expected utility based on matches
of table rows, columns, and structured cells among
multiple hypotheses. The proposed TableMBR
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achieved performance improvements in two tasks
with different settings, dynamic schema genera-
tion and fixed-schema settings. Specifically, we
observed relative improvements of up to 15% in
F1 on Rotowire and 23% in accuracy on LiveSum.
In addition, we clarified that a precision-oriented
configuration in the design of the utility function is
particularly effective for structured data generation.
By prioritizing precision, TableMBR effectively
suppresses structural errors and redundant infor-
mation that lacks solid consensus across multiple
hypotheses, ensuring highly robust generation even
for noisy input text.

For future work, we will investigate the gen-
eralizability of TableMBR across other domains,
particularly medical and legal domains, where high
reliability is crucial, aiming to reduce critical errors
in table generation.

Limitations

Computational Cost MBR decoding increases
the computational cost and inference time com-
pared to MAP decoding. The associated API costs
and latency are n times higher than those of the
baseline, where n ∈ N is the number of hypothe-
ses. As discussed in Section 5.3, this trade-off can
be managed by selecting a moderate value of n to
maintain practical efficiency.

Domain and Task Specificity Our current evalu-
ation is focused on the sports domain through the
Rotowire and LiveSum datasets. Further investiga-
tion is needed to verify the generalizability of the
proposed structural utility function in other special-
ized domains such as medical or legal document
processing.

Ethical Considerations

Dependence on Base Model Quality As dis-
cussed in Section 5.1, the effectiveness of
TableMBR is dependent on the quality of the un-
derlying LLM. When the baseline performance is
extremely low, the hypothesis set may lack any
correct answers, potentially leading to a “false con-
sensus” where the model selects a consistently gen-
erated but incorrect hallucination.

Use of Benchmark Datasets In this study, we
utilize the existing benchmark datasets Rotowire
and LiveSum. These datasets are used in accor-
dance with the terms of use provided by the orig-
inal authors. We have confirmed that Rotowire

and LiveSum are based on publicly available sports
game results and live commentaries and do not
contain highly sensitive personal information.

Use of AI Assistants. We used GitHub Copilot
for coding, and all generated code was verified by
the authors. For writing support, including gram-
matical checking and translation, we used DeepL,
Grammarly, and ChatGPT. All original content was
written and verified by the authors.

Licenses. The Rotowire and LiveSum datasets
can be used for research purposes as described in
the original papers (Wiseman et al., 2017; Ahuja
et al., 2025; Deng et al., 2024). For LLM, Access
to the Gemini-2.5 Flash (Comanici et al., 2025) and
GPT-4.1 mini (OpenAI et al., 2024) models was
conducted through the official Google and Ope-
nAI APIs, respectively, in compliance with their
terms of service. We also used mbrs (Deguchi et al.,
2024), an MIT-licensed tool. Therefore, we con-
firmed that all datasets, models, and tools used in
this research comply with their respective licenses
and terms of use, and we identified no licensing
issues. Therefore, we confirmed that all datasets,
models, and tools used in this research comply with
their respective licenses and terms of use, and iden-
tified no licensing issues.
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(Unified) variant for the actual execution. Under
this approach, the prompts for each stage are inte-
grated into a single query, enabling the model to
complete the entire transformation from unstruc-
tured text to a structured table within a single LLM
call. The specific components of these integrated
prompts for the Rotowire and LiveSum datasets cor-
respond to the contents shown in Figure 5–Figure 7
and Figure 8–Figure 10, respectively.

B Overview of LiveSum

LiveSum is a dataset designed to evaluate infor-
mation aggregation capabilities, consisting of live
commentary text for 3,771 English Premier League
(EPL) matches from 2014 to 2023. Each live com-
mentary segment spans approximately 1,256 words
on average. Models are required to extract and ag-
gregate eight specific types of event information
from these long, unstructured texts to generate a
summary table.

Task Characteristics In contrast to Rotowire,
which emphasizes “structure generation” where
schemas are dynamically induced from input text,
LiveSum focuses on “value generation”. This pri-
marily aims at the accurate aggregation of event
counts from time-series text based on a predefined,
fixed schema. In soccer live commentary, a single
event may be mentioned across multiple commen-
taries (e.g., “Goal!” and “Player scores” referring
to the same event), while conversely, similar ex-
pressions may refer to different events. Therefore,
this task requires advanced information aggrega-
tion and reasoning capabilities rather than simple
extraction.

Difficulty Classification Following the classifi-
cation criteria established by Deng et al. (2024), the
event categories in the LiveSum dataset are divided
into three difficulty levels based on the diversity of
their linguistic expressions and the resulting com-
plexity of information aggregation. We used these
predefined levels to analyze the performance of
TableMBR across varied degrees of task difficulty.

• Easy (Low Difficulty): Includes “Goals” and
“Red Cards”. Goals are often explicitly stated
in the text, and red cards occur infrequently,
making their identification relatively straight-
forward.

• Medium (Moderate Difficulty): Includes
four types: “Yellow Cards”, “Corner Kicks”,
“Free Kicks”, and “Offsides”.

• Hard (High Difficulty): Includes “Shots” and
“Fouls”. These have extremely diverse varia-
tions in expression and description within the
commentary, making accurate identification
and aggregation the most challenging.
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Prompt with Map&Make for Rotowire (Task1: Propositional Atomization)

You are an expert at converting unstructured, detailed textual inputs into highly structured
tables.
You are given 3 tasks to perform sequentially.
Perform TASK 1, then, use the output of TASK 1 to perform TASK 2. Finally, use the outputs of
TASK 1 and TASK 2 to perform TASK 3. After completing all three tasks, present the outputs in
the order of TASK 1, TASK 2, and TASK 3, separated clearly.

***TASK 1***:
Decompose the given paragraphs or sentences into clear, self-contained, and highly detailed
short atomic statements without losing any information. Each atomic statement should capture a
single fact or action with maximum granularity.

***INSTRUCTIONS for TASK 1***:
Capture only information explicitly stated in the input text.
No detail should be assumed, inferred, or added that is not present in the text.
Each atomic statement should contain only one key entity and one action or attribute.
If a sentence contains multiple pieces of information, decompose it further into more granular
statements.
Eliminate ambiguity by resolving pronouns and ensuring each statement stands alone.
Preserve necessary context so each statement is meaningful on its own.
Represent numerical data and units exactly as given in the input text.
Ensure each statement conveys unique information without overlapping others.
Ensure statements are clear, direct, and free from unnecessary complexity.
DO NOT infer or calculate additional data points, such as missed shots, unless explicitly stated
in the text.
Resolve pronouns to their corresponding nouns for clarity.
Maintain relationships between entities without combining multiple facts.

***OUTPUT FORMAT for TASK 1***:
<ATOMIC STATEMENT 1>
<ATOMIC STATEMENT 2>
<ATOMIC STATEMENT 3>
...

***FINAL CHECKLIST for TASK 1***:
All information from the input text is included.
No information or calculation is added that is not present in the text.
Every fact and detail is accurately represented.
Statements are clear and can be understood independently.
Numerical data and units are formatted exactly as provided in the text.
Each statement directly reflects the input text without inferred details.
Pronouns are resolved; statements are unambiguous.
Each statement contains only one key entity and one action or attribute.
Do not number the statements or add extra formatting.

Figure 5: Prompt for Propositional Atomization (for Rotowire)
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Prompt with Map&Make for Rotowire (Task2: Schema Extraction)

***TASK 2***:
Given a set of atomic text statements, extract row and column headers to create a table schema.

***INSTRUCTIONS for TASK 2***:
Do not proceed without completing TASK 1.
Read the statements carefully to identify all attributes, entities, and data points mentioned,
whether explicitly stated or implicitly implied.
Determine the row headers (primary keys) and column headers required to represent the data
comprehensively and concisely:
Row headers are the unique identifiers for individual rows (key entities).
Column headers are the attributes of the primary keys that represent different aspects or data
points.
Include all explicit and implicit data points, ensuring no relevant information is overlooked.
Pay close attention to numerical data, even if it is presented within comparative statements or
descriptions of events or related to specific categories or time periods mentioned in the text.
Explicit numerical data must always be captured as attributes where appropriate.
Implicit data points or recurring attributes must also be included.
Avoid adding actions as column headers but extract any data points associated with them.
Ensure that all numerical values are captured as attributes, even if they are related to specific
time periods or events within the context.
When encountering comparative statements or ratios like “X of Y”, ensure you capture both ’X’
and ’Y’ as potentially distinct and relevant data points if they represent different aspects of
an attribute.
Be attentive to granular details and avoid focusing solely on general or aggregate values if
more specific data points are available in the text.

***OUTPUT FORMAT for TASK 2***:
{
“<Table name>”: {
“row_headers”: [“Row Header 1”, ...],
“column_headers”: [“Column Header 1”, ...]
}
...
}

***REASONING STEPS for TASK 2***:
**Step 1 - Identify the context from all the statements to generate a short description**
**Step 2 - Create a empty list of row and column headers for the tables. This list would be
updated as we keep on processing the statements and will keep adding relevant column and row
headers to the list.**
**Step 3 - Process statements one by one and add relevant headers if not already present in the
list.**

***Output Instructions for TASK 2***:
1. For *every given statement* return the updates done to the schema and generate the “Team”
Table and “Player” Table schema.
2. Do not return schema directly in any case.

Figure 6: Prompt for Schema Extraction (for Rotowire)
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Prompt with Map&Make for Rotowire (Task 3: Table Generation)

***TASK 3***:
Do not proceed without completing TASK 2.
**Given**:
*Statements*: A sequence of atomic statements from TASK 1.
*Schema*: A json object with table names and their row headers and column headers of the
respective tables from TASK 2.
**Your goal is to**:
Process each statement one by one.
Identify the correct set of table, row and column headers and the cell at that index to update
based on the statement.
Update or add values to the tables accordingly.

***OUTPUT FORMAT for TASK 3***:
### Final Output Tables:
### <Table name>
| | <Column Header 1> | ... |
| <Row Header 1> | <Cell Value for (Row Header 1, Column Header 1)> | ... |

***REASONING STEPS for TASK 3***:
Follow the given algorithm thoroughly,
ALGORITHM
For each statement in the input:
Identify Table: Determine the correct table to be updated based on the table.
Identify Row and Column: Determine which set of row and columns headers have to be updated based
on this table.
Update the Table: If no value exists, update the value of the cell as per the statement.

***FINAL CHECKLIST for TASK 3***:
Follow these guidelines to generate tables and return the final state of the table after processing
all the statements.
Ensure all sentences are processed and for every statement return the update and revised state
of the updated cells as shown in the example.
Return the final table in the exact specified format starting with ### Final Table.
Do not generate the final table directly in any case.
No need to generate the intermediate table states, just return the final table at the end.
Ensure the table is concise, well-structured, and contains all information from the input.
The output should contain “Team” table and “Player” table.

***Output Instructions for TASK 3***:
1. Handle Missing Data: If a column value is not present in the statements, keep it as None.
2. Structural Integrity: Do not add or remove any rows or columns unless explicitly instructed
by the data. Ensure uniformity in the format of data across the table.
3. Table formatting: Use “|” to separate cells

***FINAL OUTPUT FORMAT***:
<ATOMIC STATEMENT 1>
...
{ “<Table name>”: { “row_headers”: [...], “column_headers”: [...] } }
### Final Output Tables:
### <Table name>
| | <Column Header 1> | ... |
| <Row Header 1> | <Cell Value for (Row Header 1, Column Header 1)> | ... |

***FINAL CHECKLIST***:
Ensure that all the tasks are completed.
Ensure that the final output contains only the output of all the 3 tasks.
Provide all *OUTPUT* in the specified format only.

Figure 7: Prompt for Table Generation (for Rotowire)
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Prompt with Map&Make for LiveSum (Task1: Propositional Atomization)

You are an expert at converting unstructured, detailed textual inputs into highly structured
tables.
You are given 3 tasks to perform sequentially.
Perform TASK 1, then, use the output of TASK 1 to perform TASK 2. Finally, use the outputs of
TASK 1 and TASK 2 to perform TASK 3. After completing all three tasks, present the outputs in
the order of TASK 1, TASK 2, and TASK 3, separated clearly.

***TASK 1***:
Decompose the given football live commentary sentences into clear, self-contained, and highly
detailed short atomic statements without losing any information. Each atomic statement should
capture a single fact or action with maximum granularity.

***INSTRUCTIONS for TASK 1***:
Capture only information explicitly stated in the commentary.
No detail should be assumed, inferred, or added that is not present in the text.
Each atomic statement should contain only one key entity (team or player) and one action or
attribute.
If a sentence contains multiple pieces of information, decompose it further into more granular
statements.
Eliminate ambiguity by resolving pronouns and ensuring each statement stands alone.
Preserve necessary context so each statement is meaningful on its own.
Represent numerical data and units exactly as given in the text.
Ensure each statement conveys unique information without overlapping others.
Resolve pronouns to their corresponding nouns for clarity.
Each statement must correspond to one football event (goal, shot, foul, card, corner, free kick,
offside, etc.).

***OUTPUT FORMAT for TASK 1***:
<ATOMIC STATEMENT 1>
<ATOMIC STATEMENT 2>
<ATOMIC STATEMENT 3>
...

***FINAL CHECKLIST for TASK 1***:
All information from the commentary is included.
No information or calculation is added that is not present in the text.
Every fact and detail is accurately represented.
Statements are clear and can be understood independently.
Numerical data and units are formatted exactly as provided in the commentary.
Each statement directly reflects the commentary without inferred details.
Pronouns are resolved; statements are unambiguous.
Each statement contains only one key entity and one action or attribute.

Figure 8: Prompt for Propositional Atomization (for LiveSum)
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Prompt with Map&Make for LiveSum (Task2: Schema Extraction)

***TASK 2***:
Given a set of atomic text statements, extract row and column headers to create a table schema.

***INSTRUCTIONS for TASK 2***:
Do not proceed without completing TASK 1.
Read the statements carefully to identify all attributes, entities, and data points mentioned,
whether explicitly stated or implicitly implied.
Determine the row headers (primary keys) and column headers required to represent the data
comprehensively and concisely.
Row headers should be the teams participating in the match: [“Home Team”, “Away Team”].
Column headers should be the football event categories: [“Goal”, “Shots”, “Fouls”, “Yellow
Cards”, “Red Cards”, “Corner Kicks”, “Free Kicks”, “Offsides”].
Ensure that all events from the atomic statements map into these categories.
Avoid adding actions as column headers but extract any data points associated with them.
Explicit numerical data must always be captured as attributes.

***OUTPUT FORMAT for TASK 2***:
{
“Match Summary Table”: {
“row_headers”: [“Home Team”, “Away Team”],
“column_headers”: [“Goals”, “Shots”, “Fouls”, “Yellow Cards”, “Red Cards”, “Corner Kicks”, “Free
Kicks”, “Offsides”]
}
}

***REASONING STEPS for TASK 2***:
Step 1 - Identify the context from all the statements to generate a short description
Step 2 - Create an empty list of row and column headers for the tables.
This list would be updated as we keep on processing the statements and will keep adding relevant
headers to the list.
Step 3 - Process statements one by one and add relevant headers if not already present in the
list.

Figure 9: Prompt for Schema Extraction (for LiveSum)

Prompt with Map&Make for LiveSum (Task 3: Table Generation)

***TASK 3***:
Do not proceed without completing TASK 2.
Given:
*Statements*: A sequence of atomic statements from TASK 1.
*Schema*: A json object with table name, row headers, and column headers from TASK 2.
Your goal is to:
Process each statement one by one.
Identify the correct row (team) and column (event) and update the cell at that index to increment
the count.
Update or add values to the table accordingly.

***OUTPUT FORMAT for TASK 3***:
### Final Output Tables:
### Match Summary Table
| | Goals | Shots | Fouls | Yellow Cards | Red Cards | Corner Kicks | Free Kicks | Offsides |
| Home Team | x | x | x | x | x | x | x | x |
| Away Team | x | x | x | x | x | x | x | x |

***FINAL CHECKLIST for TASK 3***:
Follow these guidelines to generate the final table and return the final state of the table
after processing all the statements.
Ensure all sentences are processed and for every statement return the update and revised state
of the updated cells.
Handle Missing Data: If a column value is not present in the statements, keep it as 0.
Structural Integrity: Do not add or remove any rows or columns unless explicitly instructed by
the data.
Ensure uniformity in the format of data across the table.
The output should contain exactly one “Match Summary Table”.

Figure 10: Prompt for Table Generation (for LiveSum)
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