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EFN In this paper, we present multi- Assignment Clustering for Boolean Data, a method of pooling data where similar objects are allowed to
belong to more than one cluster at the same time. We show that multi assignment clustering can be applied to a variety of applications,

such as role mining and role-based access control. We demonstrate the effectiveness of our method on real-world datasets and
compare it to several combinatorial methods on synthetic data. We also show that our method outperforms the state-of-the-art methods
in terms of accuracy and noise reduction, and that it can also be used to detect wrong or erroneous assignments of objects in real
world datasets. The results of our experiments on synthetic datasets show that the method is able to outperform the state of the art.

Conventional clustering methods typically assume that each data item belongs to a single cluster. This assumption does not hold in

RSN general. In order to overcome this limitation, we propose a generative method for clustering vectorial data, where each object can be
assigned to multiple clusters. Using a deterministic annealing scheme, our method decomposes the observed data into the contributions
of individual clusters and infers their parameters. Experiments on synthetic Boolean data show that our method achieves higher
accuracy in the source parameter estimation and superior cluster stability compared to state-of-the-art approaches. We also apply our
method to an important problem in computer security known as role mining. Experiments on real-world access control data show
performance gains in generalization to new employees against other multi-assignment methods. In challenging situations with high
noise levels, our approach maintains its good performance, while alternative state-of-the-art techniques lack robustness.
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A WHEEH

ASR HifA, OCR Hiff, ASR ¥ OCR OS5 % AN LI=5E0BEHH H 2K 5127”73 (K4 1% ASR+OCR
L SRENOHERTH 2). FREHNTF AL AT 4 FEBITTEY & DL ASR HRIZEERS AR
FHM 72 523 % 53, ASR & OCR ZH5HHETANT 5 Z & THENALNS.

OCR only

We present a multi- Assignment Clustering approach for Boolean data. Our approach is based on a probabilistic representation of
cluster centroids, which are characterized by disjunctions of Booleanemissions. We compare the accuracy of different methods at
different noise levels, and compare them with other multi-assignment methods. We show that our approach outperforms the state-of-
the-art methods in terms of accuracy. We also compare the performance of different multi- assignment methods with other methods.
Our results show that the multi-Assignments approach is more accurate than the state of the art methods, and that it is more robust to
noise than the other approaches. Furthermore, our approach is able to estimate cluster centroid mismatch at different levels of noise.

ASR only

In this paper, we present a probabilistic model for clustering Boolean data where similar objects are allowed to belong to more than one
cluster at the same time. The model is based on the notion that the objects and the permissions are independent from each other. We
show that the model can be used to infer the permissions of a given object by inferring the permissions from its input data. We
demonstrate that the proposed model outperforms the state-of-the-art clustering methods in terms of accuracy and noise. We also
demonstrate the effectiveness of our model on a real-world dataset from a Swiss bank. Our experiments on synthetic data demonstrate
that our proposed model can outperform the state of the art clustering techniques. We further demonstrate the applicability of our
method on real world datasets.

OCR + ASR

In this paper, we present multi- Assignment Clustering for Boolean Data, a method of pooling data where similar objects are allowed to
belong to more than one cluster at the same time. We show that multi assignment clustering can be applied to a variety of applications,
such as role mining and role-based access control. We demonstrate the effectiveness of our method on real-world datasets and
compare it to several combinatorial methods on synthetic data. We also show that our method outperforms the state-of-the-art methods
in terms of accuracy and noise reduction, and that it can also be used to detect wrong or erroneous assignments of objects in real
world datasets. The results of our experiments on synthetic datasets show that the method is able to outperform the state of the art.

Reference

Conventional clustering methods typically assume that each data item belongs to a single cluster. This assumption does not hold in
general. In order to overcome this limitation, we propose a generative method for clustering vectorial data, where each object can be
assigned to multiple clusters. Using a deterministic annealing scheme, our method decomposes the observed data into the
contributions of individual clusters and infers their parameters. Experiments on synthetic Boolean data show that our method achieves
higher accuracy in the source parameter estimation and superior cluster stability compared to state-of-the-art approaches. We also
apply our method to an important problem in computer security known as role mining. Experiments on real-world access control data
show performance gains in generalization to new employees against other multi-assignment methods. In challenging situations with
high noise levels, our approach maintains its good performance, while alternative state-of-the-art techniques lack robustness.
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Comparing accuracy of different methods at different noise levels:
* Marginalizing out the &;;s we get the full data likelihood:
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« Inference: Deterministic Annealing
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