
Overview
• Problem: harvesting information from data sources can be 

challenging because data is published in different data formats and 
using different conventions

• Goal: build a semantic model that describes the data source
§ Input:

q A set of domain ontologies 𝑶
q A target data source 𝑠(𝑎%, 𝑎', … , 𝑎)): 𝑎+ is a source attribute

§ Output:
q A semantic model 𝑠𝑚 𝑠

• Application: automatically convert data sources to RDF triples to 
publish to knowledge graphs
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How to navigate in the search space
• Construct a space of possible semantic models (𝐺+).)

• Transition function 𝑓: merge new attribute to existing semantic model 
according to 𝐺+).

Overall search-based approach

top-k semantic models

𝑠𝑚%(𝑎%, 𝑎0, … )

𝑠𝑚'(𝑎1, 𝑎0, … )

𝑠𝑚%2(𝑎%, 𝑎0, 𝑎3, … )

𝑠𝑚%4(𝑎%, 𝑎0, 𝑎5, … )

𝑠𝑚'2(𝑎1, 𝑎0, 𝑎3, … )

𝑠𝑚'4(𝑎1, 𝑎0, 𝑎6, … )

𝑠𝑚%2(𝑎%, 𝑎0, 𝑎3, … )0.70

𝑠𝑚'4(𝑎1, 𝑎0, 𝑎6, … )0.68

𝑠𝑚'2(𝑎1, 𝑎0, 𝑎3, … )0.53

𝑠𝑚%4(𝑎%, 𝑎0, 𝑎5, … )0.51

𝑠𝑚%7(𝑎%, 𝑎0, 𝑎6, … )0.31

repeat for next attribute

𝒈

• Use beam search to find the most probable semantic model
• Navigate in the combinatorial space using a transition function 𝑓
• Rank and select modeling options using a graphical model 𝑔

Crawling Extraction
Data Acquisition

Mapping To
Ontology

Entity Linking
& Similarity

Knowledge Graph
Deployment

Query &
Visualization

Elastic
Search

Graph
DB

schema.org geonames

How to rank semantic models
• Likelihood of a semantic model - 𝑃 ∀𝑦 ∈ 𝒚; 𝑦 = true 𝒙 - indicates the 

quality of the model
• Estimate the likelihood using a conditional random field (CRF)

§ 𝑃 𝒚 𝒙 = %
F(GH)

∏JK∈𝑪M ∏NO∈JK Ψ7(𝒚7, 𝒙7; 𝜃R)
§ 𝑍 𝒙7 = ∑𝒚∏JK∈𝑪M ∏NH∈JK Ψ7(𝒚7, 𝒙7; 𝜃R)
§ Ψ7 𝒚7, 𝒙7; 𝜃R = exp ∑W 𝜃RW𝑓RW(𝒚7, 𝒙7)

• Features:
§ Link confidence
§ Cardinality relationships between source attributes
§ Structural similarity
§ …

• Datasets: museum-crm and museum-edm (Taheriyan 2016)
• Semantic labelers: DSL (Pham et al. 2016), SemTyper 

(Ramnandan et al. 2015), Serene (Rummele et al. 2018)

• Baselines: (Taheriyan et al. 2016), Serene (Una et al. 2018)

Conclusion and Future Work
• By exploiting relationships within the data sources and 

semantic models, our approach:
• generates better semantic models
• is more robust to noise

• Future work: 
• Minimize user effort by leveraging Linked Open Data
• End-to-end system from web extraction to semantic model
• Integrate with interactive modeling system (Karma)

Dataset SemTyper DSL Serene
dsedm 0.830 0.886 0.912

dscrm 0.628 0.896 0.910

Methods
dsedm dscrm

SemTyper DSL Serene Oracle SemTyper DSL Serene Oracle
Taheriyan 0.712 0.635 0.803 0.887 0.618 0.695 0.774 0.857

Serene 0.693 0.719 0.789 0.885 0.663 0.698 0.753 0.840

PGM-SM 0.768 0.815 0.829 0.935 0.725 0.844 0.880 0.944

Training the Graphical Model
• Create labeled data from sample of possible semantic models
• Train to identify correct/incorrect links in the models

𝒇


