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New Framework

Summary Computational efficiency

We describe a framework that utilizes techniques from CRL on unlabelled data  Learning alignments with concept labels Label predictor Training a binary classifier using this framework is more
Causal Representation Learning (CRL) to develop computationally efficient

new Concept Based Models with theoretical guar- -
antees on the correctness of the learned concepts and
number of required concept labels. To achieve this,
we propose new estimators that can match learned la-
tent variables from the CRL methods with annotated
interpretable concepts from human labellers. In more
details:
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1. We propose a linear estimator with finite-sample
high probability consistency results.

2. We propose a non-parametric estimator for this
mapping with asymptotic high probability consis-
tency results.
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3. We conducted experiments that show that mul-
tiple versions of our estimator perform well in
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