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»Sum-Product Networks (SPNs) are inherently
uninterpretable — internal nodes do not correspond
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 Easyto read CSls
* Expressive

»Can convert SPNs into an interpretable
representation by leveraging the CSls encoded by
the SPN?

The ExSPN framework
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output : CSI-tree 7 = (Gosi, Veeis X €) output : Instance function ¢

1 Convert S to a normal-spn S, ,;-ma I

2 Infer ¢ using alg.

3 Initialize Gcsi = Grnormal : ﬂ"csz’ — t,ii’narﬂlai s T =
(Gesiy Yesis X C)

1 for Each instance D; € D do

2 Perform upward pass for D and compute Si“*(D;)
for each node V

3 Perform a downward pass, appending D; to the
&(N,p) of a child N, of a sum node that led to

ExSPN:

How?

4 st=[Gsi.root] maz (Y. : d
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20 return 7

Empirical Evaluations
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»outputs CSl-tree on real-world clinical

domain that is human-interpretable —
validated by our medical expert Dr. Haas

» The CSls in the CSI-tree match the ones in the mixture of
gaussians used to generate the synthetic data

» For example, V1 IL V2 | VO > -3 present in the data is also
captured by the CSl-tree

Results
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» Validating ExXSPN on more relevant clinical studies

» Allowing domain experts to interact with the learned
model

» Extending ExSPN to a broader class of models —
TDPMs and beyond

» More types of explanations — beyond CSls
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