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Exploratory vs. Predictive ML
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Exploratory ML

Best of both worlds

Exploratory + Predictive ML Predictive ML



Examples
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Breast Cancer Malware Analysis Materials Science Census Data



Motivation – SYFLOW

4

Census Data

Sex Height Race Education Age Income

♀ 168 White 12 72 17k

♂ 163 White 11 55 23k

♀ 160 White 5 62 1k

♂ 188 White 16 38 63k

♀ 165 White 14 45 4k

♂ 172 White 12 78 71k

♀ 180 White 8 74 1k

Task – Subgroup Discovery: 
   1. Find exceptional subgroups

2. With an interpretable description

50k 100k 150k 200k 250k 300k

Y : Wages in $1000

“Female & Low Education”
“Male & White & Age > 38”
“Male & Educated & Age > 30”

Sex Height Race Education Age Income

♀ 168 White 12 72 17k

♂ 163 White 11 55 23k

♀ 160 White 5 62 1k

♂ 188 White 16 38 63k

♀ 165 White 9 45 4k

♂ 172 White 12 78 71k

♀ 180 White 8 74 1k



Subgroup Discovery till now
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Sex Height Race Education Age Income

♀ 168 White 12 72 17k

♂ 163 White 11 55 23k

♀ 160 White 5 62 1k

♂ 188 White 16 38 63k

♀ 165 White 14 45 4k

♂ 172 White 12 78 71k

♀ 180 White 8 74 1k

Prototypical Subgroup Discovery
1. Generate boolean predicates

i. Categorical: Sex=♀
ii. Continuous: 170 < height < 180 .. 

2. Use a (parametric) exceptionality measure
3. Combinatorially search the best subgroup

Three major problems
1. Highly dependents

 on discretization
2. Only works for 

assumed distribution
3. Does not scale to 

large dimensions
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SYFLOW – In a nutshell
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Subgroup Discovery SYFLOW

1. Dependent on Pre-Discretization 1. Learn predicates end-to-end
    à Accurate Discretization

2. Strong assumptions on the
    target distribution

2. Use Normalizing Flows (NFs)
    à No assumptions

3. Combinatorial optimization 3. Continous optimization
    à Highly scalable

(Rezende & Mohamed. 2015)



SYFLOW – Neural Rule Layer I

(Yang et. al. 2018) 7

Goal: Find an crisp interpretable description

Ingredients:
1. Differentiable binning predicate
2. Differentiable logical AND 

• Differentiable analog of:

• Temperature 𝑡 controls crispness



SYFLOW – Neural Rule Layer II
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Ingredients:
1. Differentiable binning predicate

• Harmonic means behaves like an AND

1. If one 

2. If all 

2. Differentiable logical AND 

• How to turn off useless predicates?

Subgroup 
𝑃!|#$%

Overall
 𝑃!

max 	𝐾𝐿(𝑃"|$%&	|	𝑃")

Fully differentiable!

…

…



SYFLOW – Finding general & diverse subgroups
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Our objective

Subgroup 
𝑃!|#$%

Overall
 𝑃!

max 	𝐾𝐿(𝑃"|$%&	|	𝑃")

…

…

Optimization

1. Learn the overall distribution 𝑃"

2. Learn the subgroup distribution 𝑃"|$%&

3. Optimize classifier weights and bins

4. Output: Subgroup 

Repeat for
𝑁 steps Repeat for

𝑘 subgroups



Experiments – Synthetic

10(Lemmerich & Becker, 2018; Lemmerich & Becker, 2018 + van Leeuwen & Knobbe, 2011; Proenca et al., 2022; Friedman & Fisher, 1999)
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Target distributions Scalability in 𝒎

SYFLOW is robust to various
target distributions.

SYFLOW finds a good balance
between accuracy and runtime.



Experiments – Real World
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Experiments – Insurance Dataset
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SYFLOWSD-𝝁
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Experiments – Materials Sciences
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0.5 1 1.5 2

Y : HOMO-LUMO gap

Odd #Atoms → #Atoms > 8
Odd #Atoms → % 4-bonds < 0.6 → % 2-bonds < 0.9
Even #Atoms → 3-D Planarity → Gyration < 1.00
Even #Atoms → % 0-bonds < 0.01 → 2-bonds > 0.43
→ Gyration < 1.00 → % 1 bond < 0.3

Gold Nanoclusters

• Number of Atoms
• Even #Atoms
• 3-D Planarity

Target: HOMO-LUMO gap
~ stability and conductivity
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Census Data

50k 100k 150k 200k 250k 300k

Y : Wages in $1000

“Female & Low Education”
“Male & White & Age > 38”
“Male & Educated & Age > 30”

SYFLOW

Discovered Subgroups

Conclusion

Paper Code
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SYFLOW – Objective
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Approximating KL-Divergence

Objective for general & diverse subgroups

à Trade-off size and exceptionality

à Diverse subgroups
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SYFLOW Key contributions

Subgroup 
𝑃!|#$%

Overall
 𝑃!

max 	𝐾𝐿(𝑃!|#$%	|	𝑃!)

Fully differentiable!

1. Continuous optimization to 
   maximize KL-divergence 

2. Normalizing Flows to accurately
    learn target distributions

3. Neuro-symbolic rule layer to learn
    interpretable subgroup descriptions
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50k 100k 150k 200k 250k 300k

Y : Wages in $1000

Female → Low Education
Male → White → Age > 38
Male → Educated → Age > 30

50k 100k 150k 200k 250k 300k

Y : Wages in $1000

Male → Age > 30 → Height > 1.6

Male → Age > 27 → Height > 1.6

Male → Age > 27 → Height > 1.6

Traditional subgroup discovery

• Highly redundant
• Depends on pre-discretization
• Slow for large #features

SYFLOW

• Diverse set of subgroups
• Learns  best discretization
• Highly scalable



On images
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SYFLOW – Table with bold numbers
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SYFLOW – Different Target distributions
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