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Lecture Objectives

After covering the basics of machine learning in the previous lecture, we will now start our
discussion on the role of machine learning in communications.

I Building directly on the previous lecture, we will start with a signal detection example to
reinforce the importance of the choice of appropriate loss function and performance
measure.

I We will then discuss some potential classes of communications problems that will benefit
from machine learning.

I We will conclude with a case study on Determinantal Learning for Wireless Networks.
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Binary Classification on an Unbalanced Dataset

I Lets assume that each point in our training set has a binary label.
I Assume further that one of the labels occurs very infrequently.

I Think of a signal detection problem assuming that the message is transmitted very
infrequently.

I In many such problems, it is more detrimental if we miss a signal than if we detect a signal
that was not there (false negatives are more critical than false positives).

I Consider the classical example of a medical dataset.
I Assume that the binary label signifies whether a given patient has a disease or not.
I It is really critical to detect correctly when a patient has that disease. Otherwise, the

treatment may get delayed.
I On the contrary, if we misclassify a healthy person as having that disease, it is “relatively”

easy to handle it (e.g., run more tests).
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Binary Classification - Choice of Loss Function

ŷ
<latexit sha1_base64="MIQRtRNu2AtbSlq9aOk2tkcIifM=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGC/YA2lM120y7dbMLuRAihP8KLB0W8+nu8+W/ctjlo64OBx3szzMwLEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJ3czvPHFtRKweMUu4H9GREqFgFK3U6Y8p5tl0UKm6NXcOskq8glShQHNQ+eoPY5ZGXCGT1Jie5ybo51SjYJJPy/3U8ISyCR3xnqWKRtz4+fzcKTm3ypCEsbalkMzV3xM5jYzJosB2RhTHZtmbif95vRTDGz8XKkmRK7ZYFKaSYExmv5Oh0JyhzCyhTAt7K2FjqilDm1DZhuAtv7xK2vWad1mrP1xVG7dFHCU4hTO4AA+uoQH30IQWMJjAM7zCm5M4L86787FoXXOKmRP4A+fzB7MPj84=</latexit>

y
<latexit sha1_base64="mEcz1FLhuG1BpP6c5hi50qAIJ0g=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5qRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8f6QuNAQ==</latexit>

0
<latexit sha1_base64="rsPGDo38dCUrLsAt/ftnosrChUA=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlptsvV9yqOwdZJV5OKpCj0S9/9QYxSyOUhgmqdddzE+NnVBnOBE5LvVRjQtmYDrFrqaQRaj+bHzolZ1YZkDBWtqQhc/X3REYjrSdRYDsjakZ62ZuJ/3nd1ITXfsZlkhqUbLEoTAUxMZl9TQZcITNiYgllittbCRtRRZmx2ZRsCN7yy6ukXat6F9Va87JSv8njKMIJnMI5eHAFdbiDBrSAAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPemeMuA==</latexit>

1
<latexit sha1_base64="TtIgPQprnJE4HSS++PuM3etxya8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlptcvV9yqOwdZJV5OKpCj0S9/9QYxSyOUhgmqdddzE+NnVBnOBE5LvVRjQtmYDrFrqaQRaj+bHzolZ1YZkDBWtqQhc/X3REYjrSdRYDsjakZ62ZuJ/3nd1ITXfsZlkhqUbLEoTAUxMZl9TQZcITNiYgllittbCRtRRZmx2ZRsCN7yy6ukXat6F9Va87JSv8njKMIJnMI5eHAFdbiDBrSAAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPe+uMuQ==</latexit>

0
<latexit sha1_base64="rsPGDo38dCUrLsAt/ftnosrChUA=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlptsvV9yqOwdZJV5OKpCj0S9/9QYxSyOUhgmqdddzE+NnVBnOBE5LvVRjQtmYDrFrqaQRaj+bHzolZ1YZkDBWtqQhc/X3REYjrSdRYDsjakZ62ZuJ/3nd1ITXfsZlkhqUbLEoTAUxMZl9TQZcITNiYgllittbCRtRRZmx2ZRsCN7yy6ukXat6F9Va87JSv8njKMIJnMI5eHAFdbiDBrSAAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPemeMuA==</latexit>

tn
<latexit sha1_base64="+CA+0xI4ZmFiVuB0lb9qkNK/KRE=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ae0oWy2m3bpZhN3J0IJ/RNePCji1b/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilTtbTEUE17ZcrbtWdg6wSLycVyNHol796g5ilEVfIJDWm67kJ+hnVKJjk01IvNTyhbEyHvGupohE3fja/d0rOrDIgYaxtKSRz9fdERiNjJlFgOyOKI7PszcT/vG6K4bWfCZWkyBVbLApTSTAms+fJQGjOUE4soUwLeythI6opQxtRyYbgLb+8Slq1qndRrd1fVuo3eRxFOIFTOAcPrqAOd9CAJjCQ8Ayv8OY8Oi/Ou/OxaC04+cwx/IHz+QMb5JAD</latexit> fp

<latexit sha1_base64="6JYc/NRN9XikZYID+zCs+KHxtas=">AAAB73icbVBNSwMxEJ3Ur1q/qh69BIvgqexWQY9FLx4r2A9ol5JNs21okl2TrFCW/gkvHhTx6t/x5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFtfWNzq7hd2tnd2z8oHx61TJxqypo0FrHuhMQwwRVrWm4F6ySaERkK1g7HtzO//cS04bF6sJOEBZIMFY84JdZJnaynJY6Sab9c8areHHiV+DmpQI5Gv/zVG8Q0lUxZKogxXd9LbJARbTkVbFrqpYYlhI7JkHUdVUQyE2Tze6f4zCkDHMXalbJ4rv6eyIg0ZiJD1ymJHZllbyb+53VTG10HGVdJapmii0VRKrCN8ex5POCaUSsmjhCqubsV0xHRhFoXUcmF4C+/vEpatap/Ua3dX1bqN3kcRTiBUzgHH66gDnfQgCZQEPAMr/CGHtELekcfi9YCymeO4Q/Q5w8Jmo/3</latexit>

fn
<latexit sha1_base64="+8Dmi8QskEP8AmxsfaoPRsRefuY=">AAAB73icbVBNSwMxEJ3Ur1q/qh69BIvgqexWQY9FLx4r2A9ol5JNs21okl2TrFCW/gkvHhTx6t/x5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFtfWNzq7hd2tnd2z8oHx61TJxqypo0FrHuhMQwwRVrWm4F6ySaERkK1g7HtzO//cS04bF6sJOEBZIMFY84JdZJnaynJY7UtF+ueFVvDrxK/JxUIEejX/7qDWKaSqYsFcSYru8lNsiItpwKNi31UsMSQsdkyLqOKiKZCbL5vVN85pQBjmLtSlk8V39PZEQaM5Gh65TEjsyyNxP/87qpja6DjKsktUzRxaIoFdjGePY8HnDNqBUTRwjV3N2K6YhoQq2LqORC8JdfXiWtWtW/qNbuLyv1mzyOIpzAKZyDD1dQhztoQBMoCHiGV3hDj+gFvaOPRWsB5TPH8Afo8wcGkI/1</latexit>

tp
<latexit sha1_base64="ekvRJv+DYBLjPBh6x0ELOdzbycY=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ae0oWy2m3bpbhJ3J0IJ/RNePCji1b/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUkS8iQIl7ySaUxVI3g7GtzO//cS1EXH0gJOE+4oOIxEKRtFKnaynFcFk2i9X3Ko7B1klXk4qkKPRL3/1BjFLFY+QSWpM13MT9DOqUTDJp6VeanhC2ZgOedfSiCpu/Gx+75ScWWVAwljbipDM1d8TGVXGTFRgOxXFkVn2ZuJ/XjfF8NrPRJSkyCO2WBSmkmBMZs+TgdCcoZxYQpkW9lbCRlRThjaikg3BW355lbRqVe+iWru/rNRv8jiKcAKncA4eXEEd7qABTWAg4Rle4c15dF6cd+dj0Vpw8plj+APn8wce7pAF</latexit>

0
<latexit sha1_base64="rsPGDo38dCUrLsAt/ftnosrChUA=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlptsvV9yqOwdZJV5OKpCj0S9/9QYxSyOUhgmqdddzE+NnVBnOBE5LvVRjQtmYDrFrqaQRaj+bHzolZ1YZkDBWtqQhc/X3REYjrSdRYDsjakZ62ZuJ/3nd1ITXfsZlkhqUbLEoTAUxMZl9TQZcITNiYgllittbCRtRRZmx2ZRsCN7yy6ukXat6F9Va87JSv8njKMIJnMI5eHAFdbiDBrSAAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPemeMuA==</latexit>

0
<latexit sha1_base64="rsPGDo38dCUrLsAt/ftnosrChUA=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlptsvV9yqOwdZJV5OKpCj0S9/9QYxSyOUhgmqdddzE+NnVBnOBE5LvVRjQtmYDrFrqaQRaj+bHzolZ1YZkDBWtqQhc/X3REYjrSdRYDsjakZ62ZuJ/3nd1ITXfsZlkhqUbLEoTAUxMZl9TQZcITNiYgllittbCRtRRZmx2ZRsCN7yy6ukXat6F9Va87JSv8njKMIJnMI5eHAFdbiDBrSAAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPemeMuA==</latexit> ?

<latexit sha1_base64="mw1bJo/9DNp8DutHGImvRCvU1iE=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKexGQW8GvXhMwDwgWcLspDcZMzu7zMwKIeQLvHhQxKuf5M2/cZLsQRMLGoqqbrq7gkRwbVz328mtrW9sbuW3Czu7e/sHxcOjpo5TxbDBYhGrdkA1Ci6xYbgR2E4U0igQ2ApGdzO/9YRK81g+mHGCfkQHkoecUWOl+k2vWHLL7hxklXgZKUGGWq/41e3HLI1QGiao1h3PTYw/ocpwJnBa6KYaE8pGdIAdSyWNUPuT+aFTcmaVPgljZUsaMld/T0xopPU4CmxnRM1QL3sz8T+vk5rw2p9wmaQGJVssClNBTExmX5M+V8iMGFtCmeL2VsKGVFFmbDYFG4K3/PIqaVbK3kW5Ur8sVW+zOPJwAqdwDh5cQRXuoQYNYIDwDK/w5jw6L86787FozTnZzDH8gfP5A5EjjMc=</latexit>

?
<latexit sha1_base64="mw1bJo/9DNp8DutHGImvRCvU1iE=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKexGQW8GvXhMwDwgWcLspDcZMzu7zMwKIeQLvHhQxKuf5M2/cZLsQRMLGoqqbrq7gkRwbVz328mtrW9sbuW3Czu7e/sHxcOjpo5TxbDBYhGrdkA1Ci6xYbgR2E4U0igQ2ApGdzO/9YRK81g+mHGCfkQHkoecUWOl+k2vWHLL7hxklXgZKUGGWq/41e3HLI1QGiao1h3PTYw/ocpwJnBa6KYaE8pGdIAdSyWNUPuT+aFTcmaVPgljZUsaMld/T0xopPU4CmxnRM1QL3sz8T+vk5rw2p9wmaQGJVssClNBTExmX5M+V8iMGFtCmeL2VsKGVFFmbDYFG4K3/PIqaVbK3kW5Ur8sVW+zOPJwAqdwDh5cQRXuoQYNYIDwDK/w5jw6L86787FozTnZzDH8gfP5A5EjjMc=</latexit>

1
<latexit sha1_base64="TtIgPQprnJE4HSS++PuM3etxya8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlptcvV9yqOwdZJV5OKpCj0S9/9QYxSyOUhgmqdddzE+NnVBnOBE5LvVRjQtmYDrFrqaQRaj+bHzolZ1YZkDBWtqQhc/X3REYjrSdRYDsjakZ62ZuJ/3nd1ITXfsZlkhqUbLEoTAUxMZl9TQZcITNiYgllittbCRtRRZmx2ZRsCN7yy6ukXat6F9Va87JSv8njKMIJnMI5eHAFdbiDBrSAAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPe+uMuQ==</latexit>

For the reasons that we already discussed, we may want to put a larger loss for fn. Therefore,
simply 0-1 loss function will not work in this case.
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Binary Classification - Measuring Accuracy

I Consider a dataset in which only 0.1% of patients have a disease and the rest are healthy.
Note that you can easily map this to the signal detection problem as well.

I You propose an algorithm that gives a 99.5% accuracy. Accuracy here is defined as the
percentage of points that were correctly classified.

I Is this a good algorithm?
I What about a trivial algorithm that predicts that no one has a disease? In other words,
ŷi = 0,∀i. What is the accuracy of this algorithm?

I Why is this performing better than your algorithm?
I Takeaway: We need to be more careful with how we measure accuracy.
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Binary Classification - ROC

R
at

e t
p

<latexit sha1_base64="9HCdtWuc/AX02wc9tOnRcWrseEw=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBT0WvXisYj+gDWGz3bRLd5OwOxFqyC/x4kERr/4Ub/4bt20O2vpg4PHeDDPzgkRwDY7zbZXW1jc2t8rblZ3dvf2qfXDY0XGqKGvTWMSqFxDNBI9YGzgI1ksUIzIQrBtMbmZ+95EpzePoAaYJ8yQZRTzklICRfLuaDZTE9wSYn0GS575dc+rOHHiVuAWpoQIt3/4aDGOaShYBFUTrvusk4GVEAaeC5ZVBqllC6ISMWN/QiEimvWx+eI5PjTLEYaxMRYDn6u+JjEitpzIwnZLAWC97M/E/r59CeOVlPEpSYBFdLApTgSHGsxTwkCtGQUwNIVRxcyumY6IIBZNVxYTgLr+8SjqNunteb9xd1JrXRRxldIxO0Bly0SVqolvUQm1EUYqe0St6s56sF+vd+li0lqxi5gj9gfX5AxdHk18=</latexit>

Ratefp
<latexit sha1_base64="C51X8LhuZMlqVWatgvSKXMbeK4w=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkpSBT0WvXisYj+gDWGz3bRLd5OwOxFqyC/x4kERr/4Ub/4bt20O2vpg4PHeDDPzgkRwDY7zbZXW1jc2t8rblZ3dvf2qfXDY0XGqKGvTWMSqFxDNBI9YGzgI1ksUIzIQrBtMbmZ+95EpzePoAaYJ8yQZRTzklICRfLuaDZTE9wSYn4VJnvt2zak7c+BV4hakhgq0fPtrMIxpKlkEVBCt+66TgJcRBZwKllcGqWYJoRMyYn1DIyKZ9rL54Tk+NcoQh7EyFQGeq78nMiK1nsrAdEoCY73szcT/vH4K4ZWX8ShJgUV0sShMBYYYz1LAQ64YBTE1hFDFza2YjokiFExWFROCu/zyKuk06u55vXF3UWteF3GU0TE6QWfIRZeoiW5RC7URRSl6Rq/ozXqyXqx362PRWrKKmSP0B9bnDwHlk1E=</latexit>

1<latexit sha1_base64="TtIgPQprnJE4HSS++PuM3etxya8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlptcvV9yqOwdZJV5OKpCj0S9/9QYxSyOUhgmqdddzE+NnVBnOBE5LvVRjQtmYDrFrqaQRaj+bHzolZ1YZkDBWtqQhc/X3REYjrSdRYDsjakZ62ZuJ/3nd1ITXfsZlkhqUbLEoTAUxMZl9TQZcITNiYgllittbCRtRRZmx2ZRsCN7yy6ukXat6F9Va87JSv8njKMIJnMI5eHAFdbiDBrSAAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPe+uMuQ==</latexit>

1<latexit sha1_base64="TtIgPQprnJE4HSS++PuM3etxya8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlptcvV9yqOwdZJV5OKpCj0S9/9QYxSyOUhgmqdddzE+NnVBnOBE5LvVRjQtmYDrFrqaQRaj+bHzolZ1YZkDBWtqQhc/X3REYjrSdRYDsjakZ62ZuJ/3nd1ITXfsZlkhqUbLEoTAUxMZl9TQZcITNiYgllittbCRtRRZmx2ZRsCN7yy6ukXat6F9Va87JSv8njKMIJnMI5eHAFdbiDBrSAAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPe+uMuQ==</latexit>

(1, 1)
<latexit sha1_base64="DV5eQYbg03EPQqsGq6ruFsB/fXw=">AAAB7HicbVBNSwMxEJ3Ur1q/qh69BItQQcpuFfRY9OKxgtsW2qVk02wbms0uSVYoS3+DFw+KePUHefPfmLZ70NYHA4/3ZpiZFySCa+M436iwtr6xuVXcLu3s7u0flA+PWjpOFWUejUWsOgHRTHDJPMONYJ1EMRIFgrWD8d3Mbz8xpXksH80kYX5EhpKHnBJjJa/qXrjn/XLFqTlz4FXi5qQCOZr98ldvENM0YtJQQbTuuk5i/Iwow6lg01Iv1SwhdEyGrGupJBHTfjY/dorPrDLAYaxsSYPn6u+JjERaT6LAdkbEjPSyNxP/87qpCW/8jMskNUzSxaIwFdjEePY5HnDFqBETSwhV3N6K6YgoQo3Np2RDcJdfXiWtes29rNUfriqN2zyOIpzAKVTBhWtowD00wQMKHJ7hFd6QRC/oHX0sWgsonzmGP0CfPxkZjY8=</latexit>

(0, 0)
<latexit sha1_base64="jJTM9Svw/g6oTb0PZMECWA64ZDM=">AAAB7HicbVBNSwMxEJ3Ur1q/qh69BItQQcpuFfRY9OKxgtsW2qVk02wbms0uSVYoS3+DFw+KePUHefPfmLZ70NYHA4/3ZpiZFySCa+M436iwtr6xuVXcLu3s7u0flA+PWjpOFWUejUWsOgHRTHDJPMONYJ1EMRIFgrWD8d3Mbz8xpXksH80kYX5EhpKHnBJjJa/qXDjn/XLFqTlz4FXi5qQCOZr98ldvENM0YtJQQbTuuk5i/Iwow6lg01Iv1SwhdEyGrGupJBHTfjY/dorPrDLAYaxsSYPn6u+JjERaT6LAdkbEjPSyNxP/87qpCW/8jMskNUzSxaIwFdjEePY5HnDFqBETSwhV3N6K6YgoQo3Np2RDcJdfXiWtes29rNUfriqN2zyOIpzAKVTBhWtowD00wQMKHJ7hFd6QRC/oHX0sWgsonzmGP0CfPxYNjY0=</latexit>
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Flip a fair coin

Ideal classifier

Practical classifier

I Remember the dependence of Ratetp and Ratefp in a signal detection problem on the
signal detection threshold.

I The practical classifier curve is obtained by changing this threshold.
I This is called Receiver Operating Characteristics (ROC) curve and is one of the standard

tools used in machine learning to characterize the performance of classifiers.
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First a Note on Artificial Neural Networks
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Communications Problems that can benefit from ML

I Remember from the first lecture that for a ML problem to be meaningful, you need (i)
some pattern to learn, (ii) data to learn from, and (iii) it should not be possible to
describe that pattern mathematically.

I Given this, here are the type of problems that will benefit from ML:
I Some algorithms may be prohibitively complex for real-time implementation. Can we come

up with ML-based solutions? Case study today.
I Mathematical models are inadequate or incomplete to describe the data. Case study on Day

3.
I Data-driven applications, such as edge learning. Case study on Day 4.

In which problems would ML not make sense? Let’s see next.
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QPSK Example- I
6
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(a) Quadrature phase-shift keying for information encoding and the corresponding received signals.

Detection: 01 Detection: 11

Detection: 10Detection: 00

(b) Detection regions with a trained neural network.

Detection: 01 Detection: 11

Detection: 10Detection: 00

(c) Optimal detection regions using detection theory.

Fig. 2. We send QPSK signals over an AWGN channel, as shown in (a), and try to detect the signals at

the receiver. The detection regions produced by a trained neural network is shown in (b) and the optimal

regions obtained from detection theory are shown in (c).

1) If there is a known optimal algorithm, a trained neural network cannot outperform it. The detection

error probability is, however, almost the same in this particular example since most received signals

appear within the black square where the neural network has a decent behavior.

2) There are two reasons why the detection regions in Fig. 2(b) are wrongly shaped. Firstly, the shape

inside the black square (around the signal points) is wrong due to overfitting; the training examples

in Fig. 2(a) can be approximately separated by many piecewise linear boundaries, including the ones

shown in Fig. 2(b). Secondly, since all training examples are inside the square, the behavior outside

the square is somewhat random; the neural network has learned to interpolate between training

examples but not to extrapolate outside the square. This is a practical issue since received signals

far outside the square occasionally appear due to the long-tailed Gaussian distribution. This is a

general phenomenon; neural networks are good at handling typical inputs but may generalize poorly

to atypical inputs.

E. Björnson, P. Giselsson, “Two Applications of Deep Learning in the Physical Layer of Communication
Systems”, IEEE Signal Processing Magazine, Sept. 2020.
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QPSK Example - II

6
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(a) Quadrature phase-shift keying for information encoding and the corresponding received signals.

Detection: 01 Detection: 11

Detection: 10Detection: 00

(b) Detection regions with a trained neural network.

Detection: 01 Detection: 11

Detection: 10Detection: 00

(c) Optimal detection regions using detection theory.

Fig. 2. We send QPSK signals over an AWGN channel, as shown in (a), and try to detect the signals at

the receiver. The detection regions produced by a trained neural network is shown in (b) and the optimal

regions obtained from detection theory are shown in (c).

1) If there is a known optimal algorithm, a trained neural network cannot outperform it. The detection

error probability is, however, almost the same in this particular example since most received signals

appear within the black square where the neural network has a decent behavior.

2) There are two reasons why the detection regions in Fig. 2(b) are wrongly shaped. Firstly, the shape

inside the black square (around the signal points) is wrong due to overfitting; the training examples

in Fig. 2(a) can be approximately separated by many piecewise linear boundaries, including the ones

shown in Fig. 2(b). Secondly, since all training examples are inside the square, the behavior outside

the square is somewhat random; the neural network has learned to interpolate between training

examples but not to extrapolate outside the square. This is a practical issue since received signals

far outside the square occasionally appear due to the long-tailed Gaussian distribution. This is a

general phenomenon; neural networks are good at handling typical inputs but may generalize poorly

to atypical inputs.

E. Björnson, P. Giselsson, “Two Applications of Deep Learning in the Physical Layer of Communication
Systems”, IEEE Signal Processing Magazine, Sept. 2020.
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Case Study: Determinantal Learning for Wireless Networks
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Stochastic geometry is model driven approach, ML is data-driven approach.

C. Saha and H. S. Dhillon, “Machine Learning meets Stochastic Geometry: Determinantal Subset Selection for
Wireless Networks”, in Proc. IEEE Globecom, Waikoloa, HI, Dec. 2019.
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..but there is a connection
I Determinantal point process (DPP): used as a repulsive point process to model the

locations of macro base stations in a cellular network∗.
8

(a) Houston data set (b) LA data set

Fig. 1: Real macro BS deployments.

(a) Gauss DPP (b) Cauchy DPP (c) Generalized Gamma DPP

Fig. 2: DPP models fitted to the Houston BS deployment.

Based on the maximum likelihood (ML) estimate method which is implemented in the software

package provided in [21], we have summarized the estimated parameters for different DPPs fitted to

the Houston and LA data set in Table I and Table II. Realizations of the Gauss DPP, Cauchy DPP and

Generalized Gamma DPP fitted to the Houston urban area deployment are shown in Fig. 2. From these

figures, it can be qualitatively observed that the fitted DPPs are regularly distributed and close to the

real BS deployments. In Section V, we will rigorously validate the accuracy of these DPP models based

on different summary statistics.

TABLE I: DPP Parameters for the Houston Data Set

Model λ α ν
Gauss DPP 0.4492 0.8417 −
Cauchy DPP 0.4492 1.558 3.424

Generalized Gamma DPP 0.4492 2.539 2.63

TABLE II: DPP Parameters for the LA Data Set

Model λ α ν
Gauss DPP 0.2347 1.165 −
Cauchy DPP 0.2347 2.13 3.344

Generalized Gamma DPP 0.2347 3.446 2.505

I DPP is also used in ML as a probability model for subset selection.
∗Y. Li, F. Baccelli, H. S. Dhillon and J. G. Andrews, “Statistical Modeling and Probabilistic Analysis of Cellular Networks with Determinantal

Point Processes”, IEEE Trans. on Commun., vol. 63, no. 9, pp. 3405-3422, Sep. 2015
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Discrete point processes

Y

...

Discrete point processes

P





 = 0.01

P





 = 0.02

14

I Consider a ground set
of N items,
Y = {1, 2, . . . , N}

I Power set: 2Y

I Any probabilistic subset
selection model is a
probability measure P
on 2Y .

Example: Independent point process
I Each element i is included with probability pi

P(Y ) =
∏

i∈Y
pi
∏

i 6∈Y
(1− pi)
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DPP
DPPs are probabilistic models that quantify the likelihood of selecting a subset of items as the
determinant of a kernel matrix (K).
Definition 1: K-matrix formulation

I Consider a ground set of N items, Y = {1, 2, . . . , N}
I DPP is a probability measure on the power set 2Y

I A random subset Y follows a DPP if P(A ⊂ Y) = det(KA), where KA ≡ [Ki,j ]i,j∈A
I K is positive semidefinite with K � I

L-ensemble formulation of DPP
I A DPP is alternatively defined in terms of a matrix L (L � I) indexed by Y ⊆ Y:

PL(Y ) ≡ PL(Y = Y ) =
det(LY )

det(L+ I)
,

where LY = [Li,j ]i,j∈Y .
I K and L are related as

K = (L+ I)−1L.

H. S. Dhillon 13/23



DPP: Quality-Diversity Tradeoff
I Say, ai ∈ RN is some vector representation of the ith item of Y.
I Li,j = k(ai,aj) ≡ φ(ai)>φ(aj)
k(·, ·)= kernel function, φ = feature map.

I Quality-diversity decomposition:

Li,j = k(ai,aj) = g(ai)︸ ︷︷ ︸
quality of ai (∀i ∈ Y

× Si,j︸︷︷︸
similarity of ai and aj (∀i, j ∈ Y, i 6= j)

×g(aj),

I PL(Y = Y ) ∝ det(LY ) = det(SY )
∏
i∈Y

g(ai)
2,

,.4"
,,
,
",,' 

.,,,,, 
,, 

,,,,, 
,,'/ 

......... ,, ," ...
... 

, ...
... 

...
... 

...
... ,,,. 
/ 

/ 
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/ 

,,,
,/

/ 
, (a) g(a1) increases. (b) S1,2 increases.

P(Y ) = {1, 2} ∝ Vol({φ(ai)}): (a)
as g(ai) increases, the volume in-
creases, (b) as Si,j increases, the vol-
ume decreases.
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Conditional DPP

𝑋
Some external
input (say, an

image)

Conditional DPP

Ground set
Y(X)
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subset

Example: Image search

Image library

“New york”
Conditional 

DPP

I Similar to the quality-diversity decomposition of DPP,

Li,j(X) = g(ai|X)︸ ︷︷ ︸
quality of item i given X

× Si,j(X)︸ ︷︷ ︸
diversity measure of i, j given X

×g(aj |X).
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DPP Learning (DPPL) Framework
Setting quality and diversity measures:

I Log-linear model for the quality measure:

g(ai|X) = exp
(
θ>f(ai|X)

)
,

where f assigns m feature values to ai.

I For Si,j(X), we use the Gaussian kernel: Si,j(X) = e−
‖ai−aj‖

2

σ2 .

Learning setup
I Training set: T := (X1, Y1), . . . , (XK , YK), where Xk is the input and Yk ⊆ Y(Xk) is the

output.
I

(θ∗, σ∗) = argmax
(θ,σ)
L(T ; θ, σ),

where

L(T ; θ, σ) = log

K∏

k=1

Pθ,σ(Yk|Xk) =

K∑

k=1

logPθ,σ(Yk|Xk),

where Pθ,σ ≡ PL parameterized by θ and σ.
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Case Study: Link Scheduling Problem
System Model

I A network with M Tx-Rx pairs with fixed link
distance d.

I Can be represented as a directed bipartite graph
G := {Nt,Nr, E},

I Nt and Nr are the independent sets of vertices
denoting the set of Tx-s and Rx-s.

I E := {(t, r)} is the set of directed edges where
t ∈ Nt and r ∈ Nr.

I |Nt| = |Nr| = |E| =M .

Problem Formulation
I A link is active when the Tx transmits at a power level ph and is inactive when the Tx

transmits at a power level p` (with 0 ≤ p` < ph).

I Rate on the lth link is given by log2 (1 + γl), γl =

Channel gain︷︸︸︷
ζll pl

σ2
︸︷︷︸

Thermal noise power

+
∑j 6=l
ej∈E

ζjlpj
.
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Sum-Rate Optimization
I Sum-rate maximization problem:

maximize
∑

el∈E
log2 (1 + γl) ,

subjected to pl ∈ {p`, ph}

where {pl}el∈E .
I An optimal subset of simultaneously active links : E∗ ⊆ E †.

I The integer programming problem is
NP hard.

I Can be solved iteratively by geometric
programming.

†P. C. Weeraddana, M. Codreanu, M. Latva-aho, A. Ephremides, C. Fischione et al., “Weighted sum-rate maximization in wireless networks: A
review," Foundations and Trends in Networking, vol. 6, no. 1-2, pp. 1-163, 2012.
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DPPL for Link Scheduling

Train	the	DPP	kernel	to	obtain		

Generate	optimal	schedule	
E⇤ = SumRateMax(KW
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X = (G, KW
N )
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I KWNt,Nr : complete
weighted bipartite
graph on Nt,Nr with
W(i, j) = ζij for all
i ∈ Nt, j ∈ Nr.

I For the training phase,
Xk = (KWNt,Nr , E , E∗)k.

I g(ai|X) := exp (θ1ζllph − θ2I1 − θ3I2) , where I1 = phζj′i with
j′ = argmaxj=1,...,L 6=i{ζji} and I2 = phζj′′i with j′′ = argmaxj=1,...,L6=i,j′{ζji} are the
two strongest interfering powers

I Si,j(X) = exp(−(‖x(ti)− x(rj)‖2 + ‖x(tj)− x(ri)‖2)/σ2), where x(ti) and x(rj)
denote the locations of Tx ti ∈ Nt and Rx rj ∈ Nr.
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Results
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Trends of Sum-Rate
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Figure: Average rates obtained for different network sizes using DPPL.
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Summary

I Discussed the role of machine learning in communications.
I Today’s case study was focused on using machine learning for approximating algorithms.
I We identified a general class of subset selection problems in wireless networks which can

be solved by jointly leveraging machine learning and stochastic geometry.
I Developed the DPPL framework, where the DPP originates from SG and its learning

applications have been fine-tuned by the ML community.
I When applied to a special case of wireless link scheduling, DPP is able to learn the

underlying quality-diversity tradeoff of the optimal subsets of simultaneously active links.
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Matlab code available at: https://github.com/stochastic-geometry/DPPL
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