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Thus we build a structured model of dependency,

one that captures local correlations without To avoid evaluating an unsupervised algorithm using

An Al tells a doctor a patient is high-risk. The

obvious next question is: why? enforcing global connectivity: Group-Aware superwsgd metrics, | .used cross —group mutual
. . Information and modularity how much more internally
. _ Stochastic Concept Bottleneck Machines. _
Modern machine-learning models can make connected groups are than chance would predict.
remarkably accurate predictions but often provide P(x,y)
little visibility into the reasoning behind them. In Aims [(X;Y) ZP(X y)lo %8P0 P(y)

high-stakes healthcare settings, that creates a
fundamental problem: a prediction cannot be safely
acted on if the person responsible for the decision

In order to evaluate the unsupervised nature of Stage 3,

Grouped Stochastic Concept Bottleneck Model .
we use a hyperprior on number of groups & groups

GSCBM . . :
cannot understand, challenge or correct it. ( ) memberships using the Chinese Restaurant Process to
evaluate outputs.
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Concept Bottleneck Models (CBMs) address this by Edite oot oo comeenta withn.
routing prediction through an intermediate layer of group.

human-interpretable concepts, that a clinician can
inspect and, when necessary, correct.
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Stochastics CBMs replace hard = ‘f"moj 1:’;:“ = The GSCBM is designed to address key limitations
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4N L Stage 1: Structured Sparsity with Known Concept Stage 1’s core hypothesis confirmed, using a loss
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e Provide the model with ground-truth

groups assignments. Stage 3’s internal hyperprior shifted to entropy giving a

peaked distribution rather than an even, indecisive one.

Stage 2: Soft Group Discovery with Fixed Gr

Concepts cy, ..., C¢ Target y ]
oup Count

é[‘Brown wing’]=0.82 J[‘Yellow Warbler’]=0.32
¢é[*Yellow crown’]=0.39 y[‘california Gull’]=0.13
¢é['Yellow primary’]=0.40 y[‘'Yellow headed Blackbird’]=0.36

Conclusion and Future Work
e Remove the assumption of known group
Motivation izsrfggir;tsr\;v:llfztlllspeC|fy|ng the We have validated the core hypothesis that Group
groups K. Aware Concept Bottleneck Machines can address
current limitations and recover structured sparsity given
ground truth groups. Going forward we look to:

The three limitations of CBMs and SCBMs: e Precise groupings are unknown and must

* Concept Dependency Assumption: CBMs assume be discovered from data.
concepts independent to one another while Stage 3: Full Bayesian Group Discovery with 1. Empirically test the model to recover the number
: of groups and group memberships given no ground
SCBMs assume global concept dependence Hyperprior on Group Count truth
* Concept Leakage: Model learns to exploit patterns e Remove the assumption of a fixed number 2. Run synthetic tests, where group membership is
_ _ . of groups. Model learns both the concept- ambiguous and compare performance across
as label hints, bypassing the intended to-group assignments and the effective stages, run a larger number of tests establishing
interpretable reasoning. number of groups directly from data, reliability

reflecting real-world scenarios.
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built upon.
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