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1. Introduction
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Introduction

There are many kinds of sports games.

4

Badminton Basketball Baseball

Even more!



Introduction

How to watch a sports game?

5

Video

Easy to understand 👍
Time-consuming 👎

Table

Time-saving 👍
Hard to understand 👎

Text

Easy to understand 👍
Time-saving 👍



Introduction

How to convert a video into a table?

[1] ShuttleSet: A Human-Annotated Stroke-Level Singles Dataset for Badminton Tactical Analysis [KDD 2023] 6

ShuttleSet [1] has already completed this task.

https://arxiv.org/abs/2306.04948


Introduction

How to convert a table into a text?

7

1. Understand the structure of the table

2. Select relevant and important information

3. Write accurate and fluent text



How to convert a table into a text?

Introduction
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1. Understand the structure of the table

2. Select relevant and important information

3. Write accurate and fluent text



2. Related Work
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2.1. Table-to-Text Generation
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Table-to-Text Generation

Convert structured tables into unstructured texts.

● Content Planning (What to say): means to analyze and filter given structured 

data, from which all or part of the data is selected for abstraction and 

association.

● Content Generating (How to say): refers to accurately and fluently describe 

the selected data through natural language.

11[2] A Survey on Neural Data-to-Text Generation [IEEE Transactions on Knowledge and Data Engineering]

https://ieeexplore.ieee.org/abstract/document/10215344


Table-to-Text 
Generation

● High data fidelity

● Long textual outputs

12[2] A Survey on Neural Data-to-Text Generation [IEEE Transactions on Knowledge and Data Engineering]

https://ieeexplore.ieee.org/abstract/document/10215344


Table-to-Text Generation
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2.2. Model-based Method

14



Model-based Method

15[2] A Survey on Neural Data-to-Text Generation [IEEE Transactions on Knowledge and Data Engineering]

https://ieeexplore.ieee.org/abstract/document/10215344


NCP [3]

● Content Selection (What to say)

○ Content Selection Gate

● Content Planning (What order)

○ One-layer Pointer Network

● Text Generation (How to say)

○ Two-layer LSTM

16[3] Data-to-Text Generation with Content Selection and Planning [AAAI 2019]

https://ojs.aaai.org/index.php/AAAI/article/view/4668


NDP [4]

● Static Content Planning

● Dynamic Content Planning

● Text Decoder

● Record Reconstruction

17[4] Neural data-to-text generation with dynamic content planning [Knowledge-Based Systems 2021]

https://www.sciencedirect.com/science/article/pii/S0950705120307395?casa_token=wpa-GpdUIqIAAAAA:x8KFjStY66dm7FTxBrdxm5poBtVKUaYARz7qyPSSyd92MeJnsE1uw_aGH1hUvw4oN99kurfSfsw


DUV [5]

● Contextual Numerical Value Representation

● Content Planning Verification

18[5] Enhancing Content Planning for Table-to-Text Generation with Data Understanding and Verification [EMNLP 2020]

https://aclanthology.org/2020.findings-emnlp.262/


Macro [6]

● Macro Planning

○ Entities

○ Events

○ Interactions

○ Paragraphs

● Text Generation

19[6] Data-to-text Generation with Macro Planning [TACL 2021]

https://aclanthology.org/2021.tacl-1.31/


SeqPlan [7]

● Interleaving planning and generation steps

● Sequential latent variable

● High sample efficiency in low-resource settings

20[7] Data-to-text Generation with Variational Sequential Planning [TACL 2022]

https://aclanthology.org/2022.tacl-1.40/


2.3. Prompt-based Method
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Zero-shot, One-shot, and Few-shot [8]

● Zero reference example

● One reference example

● Few reference examples

22[8] Language Models are Few-Shot Learners [NeurIPS 2020]

https://proceedings.neurips.cc/paper/2020/hash/1457c0d6bfcb4967418bfb8ac142f64a-Abstract.html


Chain-of-Thought [9]

● Let think step by step!

23[9] Chain-of-Thought Prompting Elicits Reasoning in Large Language Models [NeurIPS 2022]

https://proceedings.neurips.cc/paper_files/paper/2022/hash/9d5609613524ecf4f15af0f7b31abca4-Abstract-Conference.html


Tree-of-Thought [10]

● Exploring multiple reasoning paths

● Self-evaluating choices

● Backtracking

24[10] Tree of Thoughts: Deliberate Problem Solving with Large Language Models [NeurIPS 2023]

https://proceedings.neurips.cc/paper_files/paper/2023/hash/271db9922b8d1f4dd7aaef84ed5ac703-Abstract-Conference.html


Chain-of-Table [11]

● Dynamic planning

● Argument generation

● Operation history

25[11] Chain-of-Table: Evolving Tables in the Reasoning Chain for Table Understanding [ICLR 2024]

https://arxiv.org/abs/2401.04398


Comparison

26

Method Prompting Chain Tree Table Table-to-Text 
Generation

N-shot [8] ✔ ❌ ❌ ❌ ❌
Chain-of-Thought [9] ✔ ✔ ❌ ❌ ❌
Tree-of-Thought [10] ✔ ✔ ✔ ❌ ❌
Chain-of-Table [11] ✔ ✔ ❌ ✔ ❌
Tree-of-Text (Ours) ✔ ✔ ✔ ✔ ✔



3. Problem
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Problem

What are the problems with model-based methods?

28

1. The dataset size is limited (e.g., ShuttleSet+ contains only 58 instances)

2. Making model training highly challenging



Problem

What are the problems with prompt-based methods?

29

1. Previous methods directly input the entire table into the LLM, making it 

difficult for the model to fully understand the table structure

2. These methods directly output the final text in a single step, limiting the 

model’s ability to process detailed information



4. Solution
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Tree-of-Text

31[12] Algorithm 426: Merge sort algorithm [M1]

https://dl.acm.org/doi/10.1145/355602.361317


Tree-of-Text
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(1) Content Planning
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(1) Content Planning

● Starting from the root node

● LLM determines the operations and arguments for the child nodes

● Input

○ Tables T ← (Tj | j = 1, 2, . . . , n)

○ Operation History OH ← (op | op = root())

○ Operation Pool OP ← (op | op ∈ operations, op != root())

○ Depth D ← 0

● Output

○ Operations and Arguments OA ← (Oi(Ai) | Oi ∈ OP, i = 1, 2, . . . , d)

○ d represents the degree of this node and must not exceed the maximum degree MAX_DEGREE

34



Prompt for Content Planning
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Operations

● root(): Do nothing. Represent the root node of the tree.

● select_table(): Select a table by the table name.

● select_row(): Select the rows by the row indices.

● select_col(): Select the columns by the column names.

● count(): Count the number of unique values by the column names of tables.

● sort(): Sort the rows by the column names in sorting orders.

● filter(): Filter the rows by the column names, symbols, and values.

● write(): Write the text based on the tables. Represent the leaf node of the tree.

36



(2) Operation Execution
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(2) Operation Execution

● Execute Oi(Ai) in Operations and Arguments OA respectively

● Update Tables Ti, Operation History OHi, Operation Pool OPi, and Depth Di

○ Ti ← Oi(T, Ai)

○ OHi ← OH + Oi(Ai)

○ OPi ← OP − Oi()

○ Di ← D + 1

● Pass Ti, OHi, OPi, and Di to the child nodes respectively

○ (1) Content Planning

○ (2) Operation Execution

38



(2) Operation Execution

● The process continues recursively, until…

● If the depth D_i' reaches the maximum depth MAX_DEPTH

○ The LLM is used to generate a textual description t of the input table T, which is then returned 

to the parent node

● If a write() operation is encountered

○ The LLM writes a short text t_i' based on the input table T as well

○ Since other child nodes also return texts t_i', we collect them into a sequence 

t' = ( t_i' | i = 1, 2, …, d )

39



Prompt for write() operation
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(3) Content Generating
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(3) Content Generating

● The LLM then merges these short texts t' and rewrites into a new text t

● Return t to the parent node

○ (3) Content Generating

● This recursive process continues until it returns to the root node

● The text t returned from the root node is the final output

42



Prompt for Content Generating
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Optimizations

1. Unlike Chain-of-Table, which generates operations first and then arguments, 

our method generates operations and arguments in one step

2. If a node has one child node, there is no need to use the LLM for merging

3. LLM is used for merging only at the root node, while other nodes simply 

concatenate texts

44



Algorithm

45



5. Experiment
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5.1. Dataset
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🏸 ShuttleSet+

● We introduce a new dataset, ShuttleSet+, derived from ShuttleSet22 [13].

● Since ShuttleSet22 does not include corresponding textual reports for each 

match, we collected human-written reports in English for each game from 

online sources such as the BWF and Olympics websites, and renamed the 

dataset as ShuttleSet+.

● 58 matches
○ Train: 40

○ Valid: 9

○ Test: 9

48[13] ShuttleSet22: Benchmarking Stroke Forecasting with Stroke-Level Badminton Dataset [CoRR 2023]

https://openreview.net/forum?id=gSZKRyM5xo


Data Preprocessing for ShuttleSet+

1. We retain only the final stroke of each rally.

2. We selected the nine most essential columns, renaming and reordering to 

improve clarity while removing unrelated fields.

3. We translated the values in the ball_type, win_reason, and lose_reason into 

English.

4. We reorder the table columns according to the order specified in the table 

description of ShuttleSet+.

49



🏀 RotoWire-FG [14]

● The RotoWire-FG [14] dataset is an extension of the original RotoWire [15] 

dataset.

● Basketball game summaries from RotoWire Game Recaps covering the years 

2017–2019, and aligned with official NBA box score tables.

● 7,635 summaries

○ Train: 5,340

○ Valid: 1,147

○ Test: 1,148

50
[14] Revisiting Challenges in Data-to-Text Generation with Fact Grounding [INLG 2019]
[15] Challenges in Data-to-Document Generation [EMNLP 2017]

https://aclanthology.org/W19-8639/
https://aclanthology.org/D17-1239/


Data Preprocessing for RotoWire

1. We convert the original data from JSON format into multiple CSV tables: game, 

home_line, vis_line, and box_score.

2. We reorder the table columns according to the sequence specified in the table 

description of RotoWire.

51



⚾ MLB [16]

● Baseball statistics paired with human-written summaries in English sourced 

from the ESPN website.

● Compared to RotoWire, it is approximately five times larger, featuring a 

broader vocabulary and longer summaries.

● 26,304 instances

○ Train: 22,821

○ Valid: 1,739

○ Test: 1,744

52[16] Data-to-text Generation with Entity Modeling [ACL 2019]

https://aclanthology.org/P19-1195/


Data Preprocessing for MLB

1. We first convert the original data from JSON format into multiple CSV tables: 

game, home_line, vis_line, box_score, and play_by_play.

2. We remove these redundant rows to streamline the dataset.

3. We reorder the table columns according to the sequence specified in the table 

description of MLB.

53



5.2. Evaluation Metric
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5.2.1. Automatic Evaluation
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Information Extraction (IE) [17]

● Information

○ (table|column|value)

○ e.g. (match|winner|Akane YAMAGUCHI)

● LLM-based IE model

○ Extract information from the text.

○ To validate its reliability, we manually annotated a set of information and compared it with that 

extracted by the LLM.

○ It achieved over 70% on all evaluation metrics with few-shot prompting.

56[17] Challenges in Data-to-Document Generation [EMNLP 2017]

https://aclanthology.org/D17-1239/


LLM-based IE model

● To validate its reliability, we manually annotated a set of information and 

compared it with that extracted by the LLM.

● It achieved over 70% on all evaluation metrics with few-shot prompting.

57



Prompt for the LLM-based IE model
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Automatic Evaluation [17]

● Relation Generation (RG) ⬆
○ Count (#) and Precision (P%) of information extracted from the generated text and table.

● Content Selection (CS) ⬆
○ Precision (P%), Recall (R%), and F1 score (F%) of information extracted from the generated text 

and referenced text.

● Content Ordering (CO) ⬆
○ The complement of the Damerau-Levenshtein Distance (DLD%) between information extracted 

from the generated text and referenced text.

59[17] Challenges in Data-to-Document Generation [EMNLP 2017]

https://aclanthology.org/D17-1239/


Automatic Evaluation [17]

● Time (in seconds) ⬇
○ Average time required to generate a text.

● Cost (in $0.001 USD) ⬇
○ Average cost required to generate a text.

60[17] Challenges in Data-to-Document Generation [EMNLP 2017]

https://aclanthology.org/D17-1239/


5.2.2 Human Evaluation
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Human Evaluation [18]

1. Analyze each summary against the corresponding tables and count the number of

a. Supported Facts: Statements consistent with the table.

b. Contradicted Facts: Statements inconsistent with the table.

2. Select the best and worst summary from the five options based on three criteria

a. Coherence: How logically and smoothly the ideas and events are connected throughout the report.

b. Conciseness: How effectively a report conveys information using as few words as necessary, without 

unnecessary repetition or irrelevant details.

c. Grammaticality: Whether the text follows the rules of standard English grammar.

62[18] Data-to-text Generation with Variational Sequential Planning [TACL 2022]

https://aclanthology.org/2022.tacl-1.40/


5.3. Implementation Detail
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Implementation Detail

● LLM: gpt-4o-mini

● Max depth: 5

● Max degree: 5

● Operation pool: All operations

● Table format: CSV

64



5.4. Quantitative Result
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5.4.1. Automatic Evaluation
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🏸 ShuttleSet+

67

40% 40%5.6% 1.5% 6.5% 6.8% 6.7% 30.8%



🏀 RotoWire-FG
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0.2% 5.2% 5.7% 53% 61%



⚾ MLB
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2.3% 0.2% 0.5% 0.3% 53% 67%



5.4.2. Human Evaluation
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🏸 ShuttleSet+
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🏀 RotoWire-FG
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⚾ MLB
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5.5. Qualitative Result
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Short and correctHuman
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Chain-of-Table
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Long but not correct



Tree-of-Text
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Longer, detailed, and correct



5.6. Ablation Study
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The Effects of Large Language Models

● The performance of llama3.1-405b is only slightly worse than that of 

gpt-4o-mini, validating the generalizability of our method on open-source 

LLMs.

● However, gpt-4o did not outperform gpt-4o-mini, suggesting that gpt-4o-mini 

already performs sufficiently well on this task.

79



The Analysis of Max Depth & Max Degree

● If more detailed text is required, increasing max depth and max degree 

improves performance at the expense of higher computational cost.

● Conversely, for more general text, reducing the max depth and max degree 

lowers both the level of detail and the cost.

80



The Influences of Operation Pool

● Overall, maintaining all operations provides the most balanced performance, 

demonstrating greater robustness.

81



The Influences of Operation Pool

● Overall, maintaining all operations provides the most balanced performance, 

demonstrating greater robustness.
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The Impacts of Table Formats

● CSV achieves the best performance.

● While PIPE and HTML perform similarly, they have significantly higher time and 

cost due to requiring more symbols to represent the table.

● Markdown performs the worst, likely because LLMs have been pre-trained on 

fewer examples of this format.

83



6. Conclusion
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Conclusion

● Problem
○ Model-based Methods: The dataset size is limited (e.g., ShuttleSet+ contains only 58 matches)

○ Prompt-based Methods: Hallucination issues and shorter outputs.

● Solution
○ Content Planning: Select appropriate operations and arguments.  

○ Operation Execution: Execute operations to decompose tables into smaller sub-tables.  

○ Content Generating: Merge short texts and rewrite them into a long text.

● Experiment
○ Effectiveness: Experiments show that Tree-of-Text achieves the best performance on 

ShuttleSet+, leads in RG and CO on RotoWire-FG, and excels in CS and CO on MLB.

○ Efficiency: Our method achieves about 40% of Chain-of-Table's time and cost.

85



Conclusion

● Limitations

○ Our approach requires manually tuning configurations and prompts for the corresponding 

dataset.

○ Our proposed approach still requires higher time and cost than Few-shot and 

Chain-of-Thought.

● Future Works

○ One of the interesting research directions could be to explore automatic selection for 

configurations and prompts.

○ Parallel processing or knowledge distillation is a potential direction for further research.
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7. Q&A
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Thank you for listening!
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