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Introduction



• Statistics Netherlands (CBS)

• Goal CCN Information Dialogue:
To help users find the desired answer to their questions 
more quickly.

• Knowledge-base question answering (KBQA)
• Input: question

• Output: single table cell

Introduction
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• Main challenges:

• Generating good answers
• Returning single cells from tables

• Non-hallucinating

• Scalability
• Answer justification

Introduction
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Introduction
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Data: StatLine

• Focus: Dutch 
‘key figures’ 
tables
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Data: StatLine

Observa-ons

Dimensions

Measures
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• Focus: Dutch 
‘key figures’ 
tables



{
"@odata.context": "https://odata4.cbs.nl/CBS/81528NED/$metadata#Observations",
"value": [

{
"Id": 0,
"Measure": "M000219", MSR: average gas consumption
"ValueAttribute": "None",
"Value": 1850.0,
"StringValue": null,
“HousingCharacteristics": "T001100", DIM: total dwellings
“Regions": "NL01", DIM: The Netherlands
“Periods": "2010JJ00“ DIM: period

},
]

}

Data: Open Data Version 4.01 (API)
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• Iden%fier
• Title
• Descrip%on
• PrefLabel
• AltLabel
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Data: 
Knowledge
Graph



• S-expressions as intermediate query representation

Question:

“How many tourists went abroad by train?”

Output model:
(VALUE (85302NED (MSR M001957 (WHERE (DIM Vakantiekenmerken A046401)))))

Method

Total number of tourists Method of transport: train
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Method: enKty retrieval

12

• Sparse retrieval
• BM25+

• Elasticsearch

• Dense retrieval

• Sent. transformer

• Embedding index



Method: entity retrieval
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• Sparse retrieval
• BM25+

• Elasticsearch

• Dense retrieval
• Sent. transformer
• Embedding index



Method: schema retrieval
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• Candidate nodes
• Subgraph exploding

• GraphDB

• SPARQL queries



• Greedy baseline

• BM25+ entity retrieval
• Best scoring nodes à S-expression

Method: S-expression decoding
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• Encoder-decoder LLM

1. Add KG identifiers to LLM token vocabulary (~ 25k)

• Excluding time and geo dimensions 
2. Make fixed embeddings for entity identifiers

• Query-time decoder pipeline

1. Dense entity retrieval (embedding index)

2. Prompt generation:

3. Constrained inference

Method: S-expression decoding
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Method: constrained inference
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PLMs used for comparison:

1. RobBERT
• Dutch RoBERTa

2. SNERT

• CBS domain finetuned RobBERT (MLM)
3. BERTje GroNLP

• Also used as sentence transformer

Method: PLMs
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Results
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• ~1.200 training samples question-expression pairs



• Metrics: exact match of 
target entities

• Similar results between 
sparse and dense retrieval

Results: EnKty retrieval
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• Evaluation on “key figure” tables dataset

Results: Generated S-expressions
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Results: generalization evaluation

Key figures:

All samples:
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• BM25+ & baseline better approach for current format

• Dense retrieval performance dropped with more tables

• Fixed embedder did not help learn code representations 
with the number of training samples available

Results: conclusions
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• Recap main challenges:

• Generating good answers ❌

• Non-hallucinating ✅

• Scalability ❌

• Answer justification ✅

Results: conclusions
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• En`ty retrieval reranking by combining sparse & dense 
search ✅

• Research on effects of increasing training data ✅

• Inves`gate use of CBS domain-based LLM fine-tuning ✅

• More complex S-expressions 

• Determine and return when no answer is possible 

“Future” work
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