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BACKGROUND
 Hypergraph is used to express multiway interactions using hyperedges.

 These multiway interactions (hyperedges) can have hidden semantics.

 Example : Genetic pathway is a set of genes that collaborate to perform a specific biological function.
Hyperedge Context behind interaction

Figure: Programmed cell death: The battlefield between the host and alpha-herpesviruses and a potential avenue for cancer treatment

Apoptosis Pathway (example) Genetic pathways expressed as hypergraph

Function : cell death

Function : DNA damage response
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BACKGROUND
 Disentangled representation learning (DRL) aims to identify factors behind observed data

• Ex) In social network graph, there can be hidden relations (family, friend) between individuals

 Usually rely on factor representation similarity to identify the most relevant factor

• Assumption : nodes are connected because they share commonalities (i.e. similarities)
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Example of factor in social network
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MOTIVATION
 Assumptions can mislead disentanglement and limit applicability of DRL.

• Ex ) Genetic pathway : genes in a pathway do not necessarily have similar properties or gene expression (feature).
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Example of factor in social network Each pathway has their own functional context.
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MOTIVATION
 Assumptions can mislead disentanglement and limit applicability of DRL.

• Ex ) Genetic pathway : genes in a pathway do not necessarily have similar properties or gene expression.

 We aim to design hyperedge disentanglement criterion, that does not rely on assumptions about data.

• We need to find a characteristic that is related to the definition of ‘hyperedge disentanglement’ 

• Since hyperedge semantics are abstract concepts, it is difficult to discover characteristics
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Example of factor in social network Each pathway has their own functional context.
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MOTIVATION
 We use category theory, the abstract language of mathematics, to discover characteristics

• Category theory express a complex system as compositional structure

• We analyze hyperedge disentanglement and semantics with category theory

• Through analysis, we discovered a criterion (characteristics) that holds regardless of data.

Fa
th

er

Example of factor in social network Each pathway has their own functional context.
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 Quote from [1].  Aim to see global, compositional structure of a system, instead of focusing on each component.

CATEGORY THEORY : INTRODUCTION

Category theory takes a bird’s eye view of mathematics. 
From high in the sky, details become invisible, but we can spot patterns that were impossible to detect from ground level.

[1] Leinster, Tom. Basic category theory. Vol. 143. Cambridge University Press, 2014.
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 Category

• Collection of objects and morphisms between them.

• Must have identity morphism for each object, and morphisms are composable.

• Ex) objects are sets, and morphisms are functions

 Functor

• Structure preserving maps between two categories.

CATEGORY THEORY : CATEGORY & FUNCTOR
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 Natural transformation

• Assume two functors 𝐹𝐹,𝐺𝐺 ∶ 𝔻𝔻 → 𝔼𝔼.  For object 𝐴𝐴 ∈ 𝔻𝔻, 𝛼𝛼𝐴𝐴 ∶ 𝐹𝐹 𝐴𝐴 → 𝐺𝐺(𝐴𝐴) is natural transformation.

• This results commutative diagram below, which is often called a ‘naturality condition’.

CATEGORY THEORY : NATURAL TRANSFORMATION
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 Hypergraph 

• Consider each node as a set, each hyperedge as larger set that contains some nodes.

• It induces poset structure with inclusion maps ( denoted PISet)

 Hypergraph Neural Network

• Can be considered as a result of functor that maps PISet

to category for representations (denoted DLRep)

ANALYZING HYPERGRAPH NEURAL NETWORK
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 For DRL, there are two type of representations

• Entangled representation and disentangled (factor specific) representation

• We can consider them as a result of two different functors (entangled, disentangled)

• Thus we have naturality condition (Commutative diagram) for relevant factor.

 Criterion : If naturality condition holds, then the factor is relevant to hyperedge.

METHOD : CRITERION FOR DISENTANGLEMENT



12

 Node-to-Hyperedge Propagation

• As relevant factor needs to satisfy commutative diagram (naturality condition), we get two representations

• Factor representations are learned by projection (1 MLP for each factor)

• Aggregation-first branch :

• Disentangle-first branch :  

• By calculating similarity of two representation, we can check whether naturality condition holds.

• Relevance of a factor ‘𝑘𝑘’ for hyperedge ‘𝑒𝑒𝑖𝑖’ : 

 Hyperedge-to-Node propagation

• For each factor, propagate back to nodes, with hyperedge weights proportional to

METHOD : IMPLEMENTATION (NATURAL-HNN)
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 Metric : Macro F1

 Task : cancer subtype classification for each patient (hypergraph)

 Patients have same hyperedges (pathways), but node features (gene expression) are different

EXPERIMENT : CANCER SUBTYPE CLASSIFICATION
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 We se lected  Top-15 pa thways tha t  were  re levant  to  ta sk with  SHAP va lue .

 After cluste ring pa thways with  CliXO algorithm , we ca lcula ted  funct iona l sim ila rity be tween cluste rs from  the  result  of our m odel

• Measured  re levance  d istribut ion  ([𝛼𝛼𝑖𝑖1, … ,𝛼𝛼𝑖𝑖𝑘𝑘]) sim ila rity be tween cluste rs

 (Figure  5) When com pared  with  ground  t ru th , our m odel (Na tura l-HNN) could  cap ture  funct iona l context  while  HSDN could  not .

 (Figure  6) Each factor cap tures d iffe ren t  context , a s each factor has sm a ll Pea rson  corre la t ion  with  o ther factors.

EXPERIMENT : CAPTURING HYPEREDGE SEMANTICS
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 We tested  genera lizab ility of our m odel by m easuring perform ances with  d iffe rent  t ra in ing ra t io  (Figure  7)

• Natura l-HNN perform s be t te r than  convolut ion-based  m ethods (a ) and  a t ten t ion /equiva riance  based  m ethods (b ).

 We checked  whether our m odel cap tures hyperedge  sem antics rega rd less of hyperpa ram eters (Figure  8)

• (a ) For d iffe ren t  t ra in ing ra t io , Na tura l-HNN st ill cap tures funct iona l context  (hyperedge  sem antics)

• (b ) For d iffe ren t  hyperpa ram eters (e .g. h idden  d im ension , num ber of factors, 𝜆𝜆), Na tura l-HNN st ill cap tures funct iona l context .

EXPERIMENT : CAPTURING HYPEREDGE SEMANTICS
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 Through the lens of category theory, we analyzed hyperedge disentanglement and proposed naturality 

condition-based criterion for disentanglement

 We experimentally showed that our model (Natural-HNN) with our own criterion could capture functional 

context of genetic pathways.

 Our model outperforms most of the baselines in cancer subtype classification task by reflecting functional 

context of genetic pathways.

CONCLUSION
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