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But users want to ask more complex queries

Which actor played Han Solo in

Star Wars? Star - @ R ., Intersection
Wars .,
‘.
v
Here you go Han Solo o *" Intersection

STAR WARS: EPISQDEIV = ANEW HOPE / HAN SOL... » ((Star Wars, characters) A
Harrison

(Han Solo, playedBy))

B Natural Language Ask the
. Processing Knowledge Graph
Vittorio Zunino Celotto, G& 3 We W|” fOCUS

on this

which movies played by spanish actors won an academy award

Here is where the problem
starts...

About 75,700,000 results (1.39 seconds)

= News [JImages (3] Videos (O Shopping : More

https://www.latinolife.co.uk » articles » things-you-should...
Things you should know about Spanish Oscar Triumphs
Things you should know about Spanish Oscar Triumphs

* The Sea Inside: Won Best Foreign Language Film, 2004. ...

ETH:zurich « Javier Bardem: Won the Best Actor in a Supporting Role, 2007. ...
¢ All About mv Mother: Won Best Foreian Lanauaae Award 1999

Pl

Harrison
character FO rd

sameAS

Vi

https://en.wikipedia.org/wiki/Harrison_Ford

S

X Q

Tools

People also ask

Which Spanish actors have Oscars?
What Spanish movie won an Oscar?

Has any Mexican won an Oscar?



Motivation: Logical Reasoning over Knowledge Graphs

Can we do multi-hop reasoning i.e. answer complex queries on an incomplete
massive KG?

Our goal: Apply full First-order logic: Existential, Negation, Conjunction, Disjunction

Training + Evaluation Queries Further Evaluation Queries
&—@mmoﬁo‘%@ 8)—»@0'8‘;@8)@8}0—»@
1p 2p 3p 2i 3i ip pi 2u up

Why is it complicated?
1. Increase in query-hops => Increase in complexity of traditional methods
2. Knowledge graphs are incomplete and very large in real cases
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How the system works
Query: "List the teams where Brazilian football players who were awarded a Ballon d’Or played”

Input: Query in logical statements: (((Brazil, CitizenOf), (Ballon d’Or, Winner)), Team)

Output: Rank of all entities, according to the value of the negative random sampling. Done by
near-neighbor search via Locality Sensitivity Hashing

VECTOR SPACE

Brazil

All retrieved answers .
Retrieved wrong answer

O%
/ The model uses low-dimensional
% o) Intersection one-point vector embeddings to

(o] represent the entities.
o o
|—_—> o The logical operations are defined by
o,F-.C: Barcelona Neural Networks
¢> Q A.C. Milan
o g O\
Ballon ° i> \ Retrieved correct answers
d’or

Answer embedding
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Multi-Layer Perceptron (MLP)

MLP: Operators are defined by a simple Multi-Layer Perceptron Neural Network

Why Neural Networks? Good results in basic KG tasks [9]
(+) Flexibility to “learn” any operator
(-) Hard to understand what they really learn

=
o 121
§;; 1 I C——=0—— !
i .9 —0—2 - |2 : = -2
At Embedded = Embedded
= /O—' vector g - i ] vector
g d O O O d
-
2-input operator 1-input operator
Operators:
° Projection P(Si, rj)ZNNk(Si, r]‘),ViES,VjE |R|
« Intersection  I(si,Sj) = NNi(si,sj),Vi,jE€S
* Negation N(s;) = NNy(s;),Vs; €S where s, represents an entity variable and r; a relation

INotice we do not have a Union operator because we represent queries in DNF
ETH:zirich



Multi-Layer Perceptron Mixer (MLP-Mixer)

MLP-Mixer [6] is a Neural Network Architecture built for Image Processing with the purpose of removing
convolutions.

. \ MLP".
I MLP-Mixer o .
i o | i '
: S i
i [T TTTH Per-patch ;]_ N x Mixer Average | | Fully g :
R fully-connected }_ Layer Pooling connected F "é !
i \ ) ) § |
MLP-Mixer e AN ..
Modules - —_—
: Patches ] |
| E) @ | | — MLP1 |— ;
! Dimensions T s ‘ —
= = L 1 MLP1 T £
| 5| -l EmyalT \ 2 § [ LMLP1 N\ g MLP1
' 8 & E S ! 1 &8 MLP1
— e { MLP1 | s

2-input Operators:
o Projection P(Sl',rj):MLPmix(Si,rj)ViES,VjE|R|

 Intersection I(sj,8j) = MLPp,ix(s;,$;),Vi,JES

Insight: Convolutional layers are not performing great -> Intuitively, nearby entities are not initially related
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Model variants

Hyper-Graph Embeddings Attention mechanism 2-vector Average
Simple graph snapshots Hypergraph Snapshots
P g =5 A ©
. T e @
&% . S % X, °
meta-path: O O eature 1mp0rtance
E:XEOA oﬁginal‘i”\‘ ) /_F\ 8®8 ?)
® © 2 lo Prediction
@10 1
F e RUIXIF
‘ o L
[ Average point
o
Graph embedding transformation Include the attention layers in the NNs may learn different “close”
into a series of snapshots to operators to focus on the results
create new node embeddings important” parts of the embedding We compute the operators twice

and average the result
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Results: Models vs Baselines

Insights:
1. We see a considerable improvement in all cases
2. Neural Networks seem to be capturing the essence of the logical operations

3. A combination of model variants can potentially lead to a better improvement

Best model so far (BetaE) 1-point vector encoding (GQE)
Dataset MLP MLP-Mixer 2-vector avg MLP MLP-Mixer @ 2-vector avg
FB15k 9% 4% 9% 36% 35.5% 39%
FB15k-237 7% 9% 11% 28% 29% 31%
NELL995 7% 9% 8% 30% 32% 31%

Table of relative improvements (%)
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Results: Negative Queries

Pros: Achieve better results than baseline model

Cons: (1) Hard to understand the representation of a negative entity
(2) Unable to measure query uncertainty

Dataset | Model | 2in 3in inp pin pni | avg
ppisk | MLP | 172 178 135 9.1 152 | 145 19%
BetaE | 143 147 115 65 124 | 11.8 Improvement
MLP | 66 107 81 47 4.4 | 69 229,
EBIS-237 | petaB | 51 79 74 36 34 | 54 improvement
MLP | 51 8.0 100 3.6 3.6 | 6.1
4%
NELL99S | petaE | 51 7.8 100 31 35 | 59 mprovement

(Measure) MRR: Mean Reciprocal Rank

ETH:zirich



Future work

Some points to cover in future work:

- Logical Disjunction (V): Now we use DNF transformation to handle this query. Look into other
methods that create an OR operator.

- Logic Regularizers: Logic Neural Networks can be a good fit for this problem. Our initial results
seemed discouraging. Further research needed.

- Query/answer generation: The structures we use for training and testing may have a great
influence on the system performance. Better query generation techniques could have a
performance boost.

- Other embeddings: There are other types of embeddings unexplored for this problem. Look into
other promising graph embeddings (i.e. quantum embeddings)

ETH:urich 10
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