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A Trip Down 
Memory Lane

Ten years ago, I presented

one of the first multimodal knowledge 

graphs:

• 15 million Wikimedia images

• Linked to DBpedia for semantic context

• 450 million visual similarity relations

The question: How do we query both 

structure and content?



IMGpedia

S. Ferrada, et al. IMGpedia: a Linked Dataset with Content-based Analysis of Wikimedia Images (2017). In Proceedings of the International Semantic Web Conference. Best Student Paper.
S. Ferrada, et al. Answering Visuo-semantic Queries with IMGpedia (2017). In Companion Proceedings of the International Semantic Web Conference. Best Poster.



Why did we want to do this?

Benjamin Bustos

Multimedia databases:
- Indexing
- Similarity search
- Efficient algoritms
- Metric spaces

Aidan Hogan

Semantic Web???
SPARQL???
Wikidata??



Traditional graph 
queries weren't enough 

for multimodal data



Traditional Graphs and Modern Apps

Traditional (Knowledge) Graphs

Rigid structures

Exact Matching

Symbolic

Modern Applications

Similarity-based

Richly Multimodal

Vector-based



In this talk

How have we been modernizing graphs 

(models, storage, querying) to keep 

them useful in the age of AI?



IMGpedia worked... but exposed fundamental 
gaps:

 No native support for vectors in RDF

 No way to express dynamic similarity in queries

 No native storage and indexing for vectors

 No clear strategy for hybrid query evaluation

These weren't just implementation details.

They were fundamental limitations.



A Quest For Native 
Similarity Support

New non-indexing algorithms for similarity search

Native vector support

Query language support

Efficient Evaluation



Definition: 𝒓-range Similarity Search

r

Query Ball



Solving 𝒓-range Similarity Search

NAÏVE ALGORITHM

For 𝑣 ∈  𝐷:

    if 𝛿 𝑣, 𝑞 ≤ 𝑟:

        output 𝑣

METRIC INDEX-BASED ALGORITHM

Traverse the structure, prunning zones 

known to be too far (using triangle 

inequality)

Always costs 𝐷 = 𝑛 similarity 
computations

Costs 𝐷 = 𝑛 similarity computations 
only in the worst case 



Definition: 𝑘-NN Similarity Search

Query point + k=3

If you have a set of blue dots, and for each need to find the most similar red ones, it’s called a similarity join



Solving 𝑘-NN Similarity Search

NAÏVE ALGORITHM METRIC INDEX-BASED ALGORITHM

Keeps a priority list of the zones of 

the index sorted by distance. 

Discards zones on the fly if they are 

further than the 𝑘-th candidate

Always costs 𝐷 = 𝑛 similarity computations
Costs 𝐷 = 𝑛 similarity computations only 

in the worst case 

candidates = Max-Heap()
foreach 𝑢𝑖 ∈ 𝑅 do:
dist = 𝑑 𝑢𝑖 , 𝑞
if candidates.size()<k then:
candidates.add(dist,𝑢𝑖)

else if candidates.max().dist > dist
then:
candidates.remove()
candidates.add(dist,𝑢𝑖)

return candidates



New non-indexing algorithms for similarity 
search

𝑂 𝑛
3

2  for ~50% accuracy. Works in disk
SOTA REF: 20% accuracy but much faster

S. Ferrada, B. Bustos, N. Reyes. An efficient algorithm for approximated self-similarity joins in metric spaces (2020). In Information Systems.



Query Language Support
SELECT ?p1 ?p2 ?d WHERE {

    {?p1 wdt:P31/wdt:P279* wd:Q6256 ; #countries

         wdt:P4010 ?GDP1 ; 

         wdt:P1081 ?hdi1 ;

         wdt:P30 wd:Q46 } #in Europe

    SIMILARITY JOIN ON (?GDP1 ?hdi1) (?GDP2 ?hdi2)

    TOP 1 WITH DISTANCE sim:manhattan AS ?d

    {?p2 wdt:P31/wdt:P279* wd:Q6256 ; #countries

         wdt:P4010 ?GDP2 ; 

         wdt:P1081 ?hdi2 ;

         wdt:P361 wd:Q12585 }} #in LATAM

Obtains Latin American countries with a 

similar GDP and HDI of European Countries

S. Ferrada, A. Hogan, B. Bustos. Extending SPARQL with Similarity Joins (2020). In Proceedings of the Semantic Web Conference.
S. Ferrada, A. Hogan, B. Bustos. Similarity Joins and Clustering for SPARQL (2024). In the Semantic Web Journal.



Query Language Support + IMGpedia

Get paintings of a Spanish artist from the 20th Century that are more 

aesthetically similar to paintings of Monet

S. Ferrada, A. Hogan, B. Bustos. Extending SPARQL with Similarity Joins (2020). In Proceedings of the Semantic Web Conference.
S. Ferrada, A. Hogan, B. Bustos. Similarity Joins and Clustering for SPARQL (2024). In the Semantic Web Journal.



Query Language Support – Similarity Grouping

Region Measurement

Region Metropolitana 16.753

Región Metropolitana 11.005

region metropolitana 76.029

región metropolitana 5.443

R.METROPOLITANA 32.639

Metropolitan Region 11.356

Pollution

SELECT AVG (?measurement) ?region WHERE {

  ?region ex:pollution ?measurement .

}

CLUSTER BY ?region

S. Ferrada, A. Hogan, B. Bustos. Similarity Joins and Clustering for SPARQL (2024). In the Semantic Web Journal.



Query Language Support – Similarity Grouping

S. Ferrada, A. Hogan, B. Bustos. Similarity Joins and Clustering for SPARQL (2024). In the Semantic Web Journal.



Query Language Support – Similarity Grouping

SELECT ?color ?Mv ?c WHERE {

  ?star stp:color ?color ;

        stp:absMagnitude ?Mv ;

        stp:parallaxUncertainty ?error .

  FILTER (?error < 75)

}

CLUSTER BY ?color ?Mv 

WITH sim:dbscan(0.05, 10) AS ?c

S. Ferrada, A. Hogan, B. Bustos. Similarity Joins and Clustering for SPARQL (2024). In the Semantic Web Journal.



Similarity joins didn't revolutionize the field.

But the underlying question—how do we 
efficiently combine structure and similarity?—
became THE question.

Especially when agents and RAG systems 
arrived.



User Prompt User Prompt
(embedding)

Chunk 
Retriever

Knowledge-informed 
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Chunks

(embeddings)

Knowledge 
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How is fraction 
addition taught in 

fourth grade?

The modern use-case: GraphRAG



Efficient Hybrid Querying: Graph Search and 
Similarity Search

V. Calisto, S. Ferrada, G. Navarro, J. P. Sweet, J. Reutter, D. Vrgoc. Graph Querying or Similarity Search? Both! (2025). In Proceedings of the International Semantic Web Conference.

What our SPARQL extension, and what modern graph 
systems do when combining graph pattern search and 

similarity search is to first find the solutions to the pattern 
and them query the vector index. This is not always the best 

plan, but it is hard to combine/parallelize.



Efficient Hybrid Querying: Graph Search and 
Similarity Search

V. Calisto, S. Ferrada, G. Navarro, J. P. Sweet, J. Reutter, D. Vrgoc. Graph Querying or Similarity Search? Both! (2025). In Proceedings of the International Semantic Web Conference.



Efficient Hybrid Querying: Graph Search and 
Similarity Search

only computes the similarities 
required to output 𝑘 answers

wco cost to get the answers to 
the restricted versions of the 
graph pattern.

෨𝑂 𝑄𝑥∈𝑅(𝑑)
∗ , 𝐷 𝐺

V. Calisto, S. Ferrada, G. Navarro, J. P. Sweet, J. Reutter, D. Vrgoc. Graph Querying or Similarity Search? Both! (2025). In Proceedings of the International Semantic Web Conference.



Implementation

MillenniumDB

Leapfrog Triejoin

HSNW

SELECT ?person ?dist WHERE { 

 ?person :won :Turing_Award .

 :Geoffrey_Hinton :hasVector ?vector.

 ?person proc:hnswIterator("indexName" ?vector ?dist) 

} LIMIT 100

We include:
• Special vector datatype: 

"[1,2,3]"^^type:tensorFloat

• Distance functions:  
fn:manhattanDistance(?vector,"[1,2,3]"^^type:tensorFloat)

• HSNW Iterators (𝑛𝑒𝑥𝑡𝜏 𝑏  function)
proc:hnswIterator(“index” ?vector ?dist)

D. Vrgoc et al. MillenniumDB a multi-modal, multi-model  graph database (2024). In Compation Proceedings of the International Conference on the Management of Data.
V. Calisto, S. Ferrada, G. Navarro, J. P. Sweet, J. Reutter, D. Vrgoc. Graph Querying or Similarity Search? Both! (2025). In Proceedings of the International Semantic Web Conference.



Query Evaluation Time - Selectivity Analysis

We see an improvement when selectivity is low: 𝑄 𝐺 > 250.000

V. Calisto, S. Ferrada, G. Navarro, J. P. Sweet, J. Reutter, D. Vrgoc. Graph Querying or Similarity Search? Both! (2025). In Proceedings of the International Semantic Web Conference.



And then we used it...



ChatSP – An Agent helping teachers learn the 
new textbook methodology



ChatSP – Graph-based Agentic AI for 
Education



ChatSP – Graph-based Agentic AI for 
Education

The vocabulary is key for 
automatic query generation.



ChatSP – Graph-based Agentic AI for 
Education



Multimodal Graphs – 
TelarKG 

R. Angles, V. Calisto, J. Díaz, S. Ferrada, A. Hoga,n et al. TelarKG: a Knowledge Graph of Chile’s Constitutional Process (2024). In the 7th ACM SIGMOD GRADES/NDA Workshop. 



Multimodal Graphs – TelarKG 

R. Angles, V. Calisto, J. Díaz, S. Ferrada, A. Hogan, et al. TelarKG: a Knowledge Graph of Chile’s Constitutional Process (2024). In the 7th ACM SIGMOD GRADES/NDA Workshop. 

MATCH (?tw :Tweet)->()<-(?convMemb :ConventionMember),

(twp_1494…)->(:TwitterAccount)<- (?author :ConventionMember),

(?author)-[:politicalGroupConvention]->(?authorPConv), 

(?convMemb)-[:politicalGroupConvention]->(?convMembPConv)

PROJECT_SIMILARITY(?tw, ?dist, "tweets_sbert", twp_1494142390663360512, ANGULAR)

GROUP BY ?convMembPConv

RETURN ?convMembPConv, COUNT(?tw), AVG(?dist)

BA N CA DA C OU NT A VG(DIS T)

Mov. Soc Constituyentes 51 0.423795

Indep. No Neutrales 4 0.475289

Frente Amplio 95 0.501312

Partido_Comunista 41 0.513067

Ex LDP 31 0.575289

Colectivo Socialista 25 0.616303

Vamos por Chile 27 0.646724

Pueblo Constituyente (ex 
LDP)

11 0.673799

UDI 11 0.686078



Multimodal Graphs – TelarKG 

R. Angles, V. Calisto, J. Díaz, S. Ferrada, A. Hogan et al. TelarKG: a Knowledge Graph of Chile’s Constitutional Process (2024). In the 7th ACM SIGMOD GRADES/NDA Workshop. 



Agents that mimic public opinion

We interviewed a hundred people from 
the south of Chile in order to train agents 

that would learn their political opinions



Agents that mimic public opinion

IMFD joint project, including C. Rojas, I. Baeza, H. Sarmiento, S. Ferrada.



Agents that mimic public opinion

The idea then is to be able to summarize ”live” what the agents have to 
say regarding current political topics. In particular, in presidential debates.

How can this be done in a fair way?

How to handle agents that cannot produce an answer?



Agents that mimic public opinion

The agent correctly 
associates Kast to right wing 
politics, which go against the 

beliefs of the agent

However, it doesn’t 
recognize nor associates the 
name of the leftist candidate 

to anything it knows

But what would an agent 
with similar beliefs than this 

one answer?



Agents that mimic public opinion

We are testing adding an agent similarity 
graph. Maybe disaggregated by topic, so that 
we can predict what an agent can say based 

on the opinions of similar agents

We are also testing what further context 
could be useful in such graph (localization, 

political affiliation, religion, etc.)



Graphs Enable Client Curiosity:
A Graph for the American Popular Art Museum



Graphs Enable Client Curiosity:
A Graph for the American Popular Art Museum

Work with by my undergrad students Sergio Gálvez and Antonio Vitalic



Modern Apps require even more from graphs

Multimodal KGs

Efficient Graph 
Querying

Efficient 
Similarity 
Search

GraphRAG

Access to 
Heterogeneous 

Sources

Queryable Graph Compression



Heterogeneous Datasources

Actúa en

Uma Thurman Pulp Fiction

protagoniza

Uma Thurman Tiempos Violentos

Acts in ⊒ stars in
Pulp Fiction ≡ Tiempos Violentos

(?actor, Acts In, Pulp Fiction)

(?actor, Acts In, Pulp Fiction) (?actor, stars in, Tiempos Violentos)

Uma Thurman

S. Cheng, S. Ferrada, O. Hartig, Considering Vocabulary Mappings in Query Plans for Federations of RDF Data Sources (2023). Conference on Cooperative Information Systems. Best Paper Award.

Obtainable with 
AI/ML



Heretogeneous Datasources

User HeFQUIN GDBMS

SELECT * WHERE {
   ?p p:name ?n .
}

MATCH (p) 
RETURN p, p.name AS n
UNION
MATCH (x)-[p]->(y)
RETURN p, p.name AS n

(p: 1, n: Quentin Tarantino)
(p: 3, n: Uma Thurman)

(?p->n:1, ?n->“Quentin Tarantino”)
(?p->n:3, ?n->“Uma Thurman”)

SPARQL → Cypher
SPARQL → GraphQL

S. Khayatbashi, S. Ferrada, O. Hartig. Converting property graphs to RDF: a preliminary study of the practical impact of different mappings (2022), In Proc. of the 5th ACM SIGMOD 
GRADES/NDA
HeFQUIN: A Query Federation Engine for Heterogeneous Graph Data Sources. https://github.com/LiUSemWeb/HeFQUIN

https://github.com/LiUSemWeb/HeFQUIN


Graph (Queryable) Compression

subject predicate object

:QuentinTarantino :name “Quentin 
Tarantino”

:QuentinTarantino :directed :PulpFiction

:QuentinTarantino :acted_in :PulpFiction

:PulpFiction :title “Pulp Fiction”

:PulpFiction :released 1994

:UmaThurman :name “Uma Thurman”

:UmaThurman :born_in :UnitedStated

:UmaThurman :birthyear 1970

:UmaThurman :acted_in :PulpFiction

Row Group 0

Column subject
Page 0
:QuentinTarantino
:QuentinTarantino
:QuentinTarantino

Column predicate
Page 0
:name
:directed
:acted_in

Column object
Page 0
“QuentinTarantino”
:PulpFiction
:PulpFiction

Row Group 1

Column subject

Page 0
:PulpFiction
:PulpFiction :UmaThurman

Column predicate
Page 0
:title
:released
:name

Column object
Page 0
“Pulp Fiction”
1994
“Uma Thurman”

Row Group 2

Column subject
Page 0
:UmaThurman
:UmaThurman
:UmaThurman

Column predicate
Page 0
:born_in
:birthyear
:acted_in

Column object
Page 0
:UnitedStates
1970
:PulpFiction

J. Arenas-Guerrero, S. Ferrada. COTTAS: Columnar Triple Table Storage for Efficient and Compressed RDF Management (2025). In Proceedings of the International Semantic Web 
Conference.

We achieve much better compression than HDT, and offer reasonable query times even 
when the index doesn’t align with the triple pattern (unlike HDT)



Why 
queryable 
compression 
matters for 
modern 
apps?

Compression + federation = practical distributed GraphRAG

Reduced infrastructure costs enable larger-scale 
deployments

More data fits in memory for local reasoning

Faster data transfer in federated scenarios



Modern Apps require even more from graphs

Multimodal KGs

Efficient Graph 
Querying

Efficient 
Similarity 
Search

GraphRAG

Access to 
Heterogeneous 

Sources

Queryable Graph Compression

Neurosymbolic AI



Graphs need to be 
constantly evolving
To remain relevant, graphs must evolve alongside the 

applications they support.



What is still missing?

1. Query 
Standards

No SPARQL standard for similarity operators

Need: Unified hybrid query language

2. 
Optimization 
Theory

Graph query optimizers are mature

Vector search optimization is well-studied

Hybrid? Still an open problem

When to push similarity? When to pull structure?

3. 
Benchmarks 
& Evaluation

Nothing standardized for GraphRAG workloads

How do we compare systems fairly?

4. Agent-
Graph 
Interfaces

How should agents "know" when to query graphs?

Query generation from natural language?

Feedback loops between retrieval and reasoning?



Personal 
Remarks

At the beginning, similarity search for 
graphs felt like a solution looking for a 
problem.

Today it's everywhere.

I didn't predict that. We rarely do.

We just follow the interesting questions 
and trust the world will eventually need 
the answers.



Thanks!

sebastian.ferrada@uchile.cl http://sferrada.com

sebastian.ferrada@uchile.cl http://sferrada.com

mailto:sebastian.ferrada@uchile.cl
http://sferrada.com/
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