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Context

Black-box predictors

o currently adopted in almost every field
e.g. pattern detection, image and speech recognition

@ detect patterns and relationships buried in data
v knowledge acquired and reused in similar applications

v/ impressive predictive capabilities

X knowledge sub-symbolically represented (internal parameters)

X not suitable for human comprehension (BB behaviour )
X no explanations provided for predictions

— unreliability in critical applications, e.g., healthcare, finance, ...

1= interpretable predictors

15 symbolic knowledge-extraction techniques (e <tal- 2021]
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Motivation

Symbolic knowledge-extraction techniques

The literature offers a growing amount of extraction techniques:
v/ each method offers peculiar advantages
X each method is subject to some limitations

@ typical design choices are identifiable in the literature

e.g. hypercubic input space partitioning for regression tasks
e.g. first-order logic rules as interpretable outputs

v hypercubic partitioning is human-interpretable

X

but it may present several criticalities

e.g. symmetric top-down partitioning on asymmetric data sets
e.g. bottom-up partitioning without region relevance awareness
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Discuss knowledge extractors based on hypercubes and clustering

@ analyse recurrent designs adopted to explain opaque regressors
i.e. create rules associated with hypercubic input space regions

@ identify of possible issues deriving from this approach
e.g. slow convergence
e.g. human-interpretability hindrances

@ propose two different knowledge-extraction workflows
e involving clustering approaches
e possibly overcoming the identified drawbacks
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0.06 build adjacent temporary cubes around
0.04 the existing ones
0.02 i.e. 2 temporary cubes per input
000 E dimension per existing cube
-002 select the best temporary cube
-0.04 i.e. the most similar w.r.t. the adjacent
~0.06 existing cube
merge the best temporary cube with
0.06 H H
the existing one
0.04 . . .
repeat for every successive iteration
0.02
0.00 % at each iteration only one cube is
002 expanded towards one direction
~0.04 — waste of time and resources
—0.06 15 non-exhaustivity issue
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find the most distinctive dimensions

split each dimension into n user-defined

partitions

merge pairs of adjacent similar regions
o similarity w.r.t. expected output

split regions having predictive error
greater than the user-defined threshold
(recursion)

e same metrics adopted for the BB

input dimensions are split at each
recursion into equal partitions
v/ sensitivity to region relevance
v/ sensitivity to feature relevance
X symmetric partitioning
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apply a clustering technique to the data to identify relevant regions

enclose the regions (or part of them) inside hypercubes

refine the hypercubes to enhance coverage and predictive

performance of the explainable model

remove overlaps, or impose a priority order to avoid ambiguity

describe each hypercube with human-interpretable rules
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A clustering-based top-down workflow

1. apply a clustering technique to the data to identify relevant regions

2. cut the input space to separate different clusters while avoiding
spreading instances of a single cluster over multiple regions

3. create hypercubic regions approximating the identified optimum cuts,
avoiding overlapping cubes

4. refine the hypercubes by recursively repeating the previous steps for
each cube, to enhance the predictive performance of the model

5. describe each hypercube with human-interpretable rules
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Conclusions

In this paper

@ we present 2 workflows for symbolic knowledge extraction
e top-down vs. bottom-up

@ based on hypercubic input feature space partitioning
e to enhance human interpretability

o exploiting clustering mechanisms
e to perform a density-driven partitioning

o theoretically achieving better results

e.g. computational complexity, input space coverage
e.g. predictive performance, human-readability extent
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Future Works

Future works & open issues

@ implement knowledge extractors adhering to the presented concepts
e to be included within the PSyKE framework

@ select the correct number of clusters to be identified
@ handle outliers in the construction of hypercubes
@ clusters associated with overlapping hypercubic regions

@ discern different clusters approximated by same hypercubes
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