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Problem :- Information Mismatch in Tables For Different Languages

English Table
Hindi Table
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Example from: Siddharth Khincha, Chelsi Jain, Vivek Gupta, Tushar Kataria, and Shuo Zhang. 2023. InfoSync: Information 
Synchronization across Multilingual Semi-structured Tables.  In Findings of the Association for Computational Linguistics: ACL 2023, 
pages 2536–2559, Toronto, Canada. Association for Computational Linguistics.

Low Resource 
Language 

- Outdated Table

https://aclanthology.org/2023.findings-acl.159/
https://aclanthology.org/2023.findings-acl.159/


Magnitude of the Problem

❖ Wikipedia 
- Articles in more than 300 languages. 

- English has the most significant 
Wikipedia covering 23% (11%) of total 
pages (articles).

- Most users’ edits (76%) are also done in 
English Wikipedia. 

- Except for the top 25 languages, the total 
number of active editors, pages, and edits 
is less than 1%
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Our Prior Work (ACL 2023 Finding)
● Proposes a two step approach

○ Information Alignment Step
○ Information Updation Step

● Information Alignment Step
○ Novel dataset focusing on the Information Alignment
○ Propose a Multi-step Constraint Relaxation approach for the Alignment Step 

- Using pre-trained language models (RoBERT, Sentence Transformer etc)

● Information Updation Step
○ Rules based approach for coverage
○ Live Human Verification of Updates

Khincha et. al. 2023 did not focus on information updation (no updations dataset),  and doesn’t leverage 
SOTA Large Language Model’s (LLMs) for any of the above tasks. 

Siddharth Khincha, Chelsi Jain, Vivek Gupta, Tushar Kataria, and Shuo Zhang. 2023. InfoSync: Information Synchronization across 
Multilingual Semi-structured Tables.  In Findings of the Association for Computational Linguistics: ACL 2023, pages 2536–2559, Toronto, 
Canada. Association for Computational Linguistics.

https://aclanthology.org/2023.findings-acl.159/
https://aclanthology.org/2023.findings-acl.159/


Can we do better?

● Can we leverage LLMs for synchronization of multilingual entity-centric tables 
across multilingual Wikipedia editions?

● How can LLMs be effectively utilized with zero-shot prompts, and how can their 
performance be enhanced?

● How effective are LLMs compared to the rule-based methods proposed in prior 
Khincha et. al. 2023?

Siddharth Khincha, Chelsi Jain, Vivek Gupta, Tushar Kataria, and Shuo Zhang. 2023. InfoSync: Information Synchronization across 
Multilingual Semi-structured Tables.  In Findings of the Association for Computational Linguistics: ACL 2023, pages 2536–2559, Toronto, 
Canada. Association for Computational Linguistics.

https://aclanthology.org/2023.findings-acl.159/
https://aclanthology.org/2023.findings-acl.159/


Key Contributions of This Work

Information Alignment

● Use SOTA LLMs to enhance the InfoSync (Khincha et. al.) performance. 

Information Updation

● InfoUpdate : First human annotated and verified Information Updation benchmark

● Propose a multi-step decomposition based zero-shot LLM approach that significantly 
enhances the factuality and coherence of the information updates.

● Developed novel evaluation metrics and conducted detailed error analysis to identify LLM 
limitations.



What is Information Alignment ?

A mapping of rows across two tables in 
different language 

- which contain information about 
the same attribute

- This information is similar and 
comparable

- can be entailed or contradicted to 
each other

E.g. Nationality (En) ←→ Nationalite (Fr)



Information Alignment

Input: List of alignments from multiple models 

- InfoSync - Khincha et. al. rule based

- Multiple LLMs (e.g. Gemini, GPT etc

- Use multi-voting for final alignment

Output: Final ensemble-selected alignments



Alignment Results
We manually annotate 400 
Input_Gold–Output_Gold alignments.

Our Multi-Voting (3x) approach achieves 
higher scores. 



Information Updation -  Dataset Creation

Timeline

Language A

Language B

Past (e. g. 2020) Present (e.g. 2025)

Input Table 

Reference Table 

Gold Table 
Name Elon Musk

Born June 28, 1971

Name Elon Musk

Born June 28, 1971

Citizenship South Africa, USA

Nom Elon Musk

Date de Naissance 28 juin 1971

Nationalité Afrique du Sud, 
États-Unis

Task: Update Input Table (En) from Reference Tables (Fr), Ideal Table Gold Table  
(En)



Information Updation - Methodology

● Simple Prompt - Direct description of task with 
input/output and requirements specified

● Task decomposition 
Elementary with a Single Prompt - (1.) 
Alignment Step and (2.) Update Step

● Our Approach 
Hierarchical Task Decomposition Prompt

Divide the task into multiple prompts with 
sequential inference.
○ Translation
○ Knowledge graphs conversion
○ Merge
○ Update
○ Back-Translation

Prompt based LLM 
Inference



What is Hierarchical Task Decomposition Prompt ?

Translation (X → En)

Knowledge graphs conversion

Merge

Update

Back-Translation (En → X)

Attribute Value

Name Elon Musk

Born June 28, 1971

Citizenship South Africa

Net Worth $150 billion (2021)

Spouse(s) Justine Musk

Children 5

Twitter Handle @elonmusk

Attribute Value

Nom Elon Musk

Date de Naissance 28 juin 1971

Nationalité Afrique du Sud, 
États-Unis

Connu Pour Tesla, SpaceX, Twitter

Fortune 220 milliards USD (2023)

Époux(se) Justine Musk, Talulah 
Riley

Enfants 9

Entreprises Tesla, SpaceX, Twitter

Input Table (En) Reference Table (Fr)



Hierarchical Task Decomposition Prompt

Translation (X → En)

Knowledge graphs conversion

Merge

Update

Back-Translation (En → X)

Attribute Value

Name Elon Musk

Born June 28, 1971

Citizenship South Africa

Net Worth $150 billion (2021)

Spouse(s) Justine Musk

Children 5

Twitter Handle @elonmusk

Attribute Value

Name Elon Musk

Date of Birth 28 juin 1971

Nationality South Africa, USA

Known For Tesla, SpaceX, Twitter

Net Worth 220 milliards USD (2023)

Spouses Justine Musk, Talulah 
Riley

Children 9

Companies Tesla, SpaceX, Twitter

Input Table Translated (En) Reference Table Translated(En)



Hierarchical Task Decomposition Prompt

Translation (X → En)

Knowledge graphs conversion

Merge

Update

Back-Translation (En → X)

Input_kg = {
    "name": "Elon Musk",
    "personal_information": {
        "born": "June 28, 1971",
        "citizenship": "South 
Africa"
    },
    "financial_information": {
        "net_worth": "$150 billion 
(2021)"
    },
    "family_information": {
        "spouse": "Justine Musk",
        "children": 5
    },
    "online_presence": {
        "twitter_handle": 
"@elonmusk"
    }
}

Ref_kg =  {
    "name": "Elon Musk",
    "personal_information": {
        "date_of_birth": "June 28, 
1971",
        "nationality": ["South 
Africa", "USA"]
    },
    "professional_information": {
        "known_for": ["Tesla", 
"SpaceX", "Twitter"],
        "companies": ["Tesla", 
"SpaceX", "Twitter"]
    },
    "financial_information": {
        "net_worth": "220 billion USD 
(2023)"
    },
    "family_information": {
        "spouses": ["Justine Musk", 
"Talulah Riley"],
        "children": 9
    }
}



Hierarchical Task Decomposition Prompt

Translation (X → En)
Knowledge graphs conversion
Merge
Update
Back-Translation (En → X)

■ Common information in Reference and Input
■ Information present only in the Reference

Merged_kg = {
    "name": "Elon Musk",
    "personal_information": {
        "date_of_birth": "June 28, 1971",
        "citizenship": ["South Africa", "USA"]
    },
    "professional_information": {
        "known_for": ["Tesla", "SpaceX", "Twitter"],
        "companies": ["Tesla", "SpaceX", "Twitter"]
    },
    "financial_information": {
        "net_worth": "220 billion USD (2023)"
    },
    "family_information": {
        "spouses": ["Justine Musk", "Talulah Riley"],
        "children": 9
    },
    "online_presence": {
        "twitter_handle": "@elonmusk"
    }
}

Input_kg

Ref_kg



Hierarchical Task Decomposition Prompt

Translation
Knowledge graphs conversion
Merge
Update
Back-Translation

Attribute Value

Name Elon Musk

Born June 28, 1971

Citizenship South Africa

Net Worth $150 billion (2021)

Spouse(s) Justine Musk

Children 5

Twitter Handle @elonmusk

Attribute Value
Name Elon Musk

Born June 28, 1971

Citizenship South Africa, U.S., 
Canada

Known For Tesla, SpaceX, 
Twitter, Neuralink

Net Worth $230 billion (2024)

Spouse(s) Justine Musk, Talulah 
Riley (div.), Grimes 
(ex.)

Children 10

Companies Tesla, SpaceX, 
Twitter, xAI, Neuralink

Twitter Handle @elonmuskmerged_kg



Hierarchical Task Decomposition Prompt

Translation (X → En)

Knowledge graphs conversion

Merge

Update

Back-Translation : (En → X)

Not Required for this example 

because input was in English.

Attribute Value

Name Elon Musk

Born June 28, 1971

Citizenship South Africa, U.S., 
Canada

Known For Tesla, SpaceX, 
Twitter, Neuralink

Net Worth $230 billion (2024)

Spouse(s) Justine Musk, Talulah 
Riley (div.), Grimes 
(ex.)

Children 10

Companies Tesla, SpaceX, 
Twitter, xAI, Neuralink

Twitter Handle @elonmusk



Evaluation Metric

Given Source, Gold and Output Tables:

Compute <Source,Gold> and <Gold, Output> 
alignments

Categorised as follows:

Tri-align(tr) : Table keys common across the 3 
tables

Bi-Align(bi) : Table keys common either between 
Source and Gold or Output and Gold

Un-aligned: Table keys remaining after removing 
tri-aligned and bi-aligned keys (Source , Gold, 
Output)



Evaluation Metric



Evaluation Metric

Retain (Input):



Results

Our approach excels in correcting and adding missing information, reducing 
hallucination, thus consistently outperforming other strong baselines methods



Error Analysis

■ Shows increasing errors per decomposition steps w.r.t  to the Gold table (Human 
annotated data) 

■ Reference errors are the minimum baseline i.e. things missing in reference tables



Example Live Updates

The updated infobox is shown in column 3 where the 'job/occupation' key is updated. 
This is an example of "Value substitution". 
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TakeAways

- LLMs can synchronize information in low-resource languages by utilizing 
reference data from high-resource languages.

- Performance can be enhanced through Hierarchical Task Decomposition, 
such as translating to English and converting to knowledge graphs.

- Extending the dataset to include more diverse languages and more 
complex structured information structures to test LLM generalizability.


