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Concept drift adaptation techniques are designed for evolving
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Concept drift adaptation techniques are designed for evolving
tasks but only aim to learn the last task in the sequence

Continual learning techniques aim to learn the sequence of
tasks but are not designed for evolving tasks

Adapt to evolving tasks

Effectively exploit forward and backward learning

Provide performance guarantees and analytically characterize 
the increase in ESS

Knowledge gaps

Key contributions



Uncertainty set

Incremental minimax risk classifiers 
(IMRCs)

<latexit sha1_base64="2IDyNV3bbG8bddSz3/ILkqE1ey0="></latexit>

U⌦k
j = {p 2 �(X ⇥ Y) : |Ep{�(x, y)}� ⌧⌦k

j | � �⌦k
j }

where is a feature mapping
<latexit sha1_base64="yhEGEUa37DT2zSSGoIrLKSGP1pA=">AAACJnicbZDLSgMxFIYz9VbrbdSlm2ARXJUZqRcEoeDGZRV7kU4tmTRtQ5OZITmjlGGexo2v4sZFRcSdj2J6AbX1h8DPd84h5/x+JLgGx/m0MguLS8sr2dXc2vrG5pa9vVPVYawoq9BQhKruE80ED1gFOAhWjxQj0hes5vcvR/XaA1Oah8EtDCLWlKQb8A6nBAxq2RdeucfPsScJ9CgRST3FHnDJ9A+6M0jxbg+IUuHjhPt+cpPey5addwrOWHjeuFOTR1OVW/bQa4c0liwAKojWDdeJoJkQBZwKlua8WLOI0D7psoaxATGbNJPxmSk+MKSNO6EyLwA8pr8nEiK1HkjfdI521LO1Efyv1oihc9ZMeBDFwAI6+agTCwwhHmWG21wxCmJgDKGKm10x7RFFKJhkcyYEd/bkeVM9KrgnhePrYr5UnMaRRXtoHx0iF52iErpCZVRBFD2hFzREb9az9Wq9Wx+T1ow1ndlFf2R9fQOGVKZv</latexit>

� : X ⇥ Y ! Rm

<latexit sha1_base64="81GEYnJNLCbXFeWOkji9lHdzWYw=">AAACE3icbVDLSgMxFM3UV62vqks3wSKIizIj9bEsuHFZwT6gU0smzbSxmWRI7ghl6D+48VfcuFDErRt3/o2ZtgttPRByOOfe5N4TxIIbcN1vJ7e0vLK6ll8vbGxube8Ud/caRiWasjpVQulWQAwTXLI6cBCsFWtGokCwZjC8yvzmA9OGK3kLo5h1ItKXPOSUgJW6xRM/UKJnRpG9Uh9IMu7e36W+5v2BfSuEAdGxUtLg4bhbLLlldwK8SLwZKaEZat3il99TNImYBCqIMW3PjaGTEg2cCjYu+IlhMaFD0mdtSyWJmOmkk53G+MgqPRwqbY8EPFF/d6QkMtnYtjIiMDDzXib+57UTCC87KZdxAkzS6UdhIjAonAWEe1wzCmJkCaGa21kxtSkQCjbGgg3Bm195kTROy955+eymUqpWZnHk0QE6RMfIQxeoiq5RDdURRY/oGb2iN+fJeXHenY9pac6Z9eyjP3A+fwBnKp+1</latexit>

⌧⌦k
j

<latexit sha1_base64="P7owilTH9TBZrpQlfkf/tXUtXfo=">AAACFnicbVC7TsMwFHXKq5RXgJHFokJioUpQeYyVWBiLRB9SEyrHcVpTx45sB6mK8hUs/AoLAwixIjb+BqftAC1Xsnx0zj32vSdIGFXacb6t0tLyyupaeb2ysbm1vWPv7rWVSCUmLSyYkN0AKcIoJy1NNSPdRBIUB4x0gtFVoXceiFRU8Fs9TogfowGnEcVIG6pvn3iBYKEax+bKPGaMIcr793eZJ+lgaJ6L9BDJRAiu4Cjv21Wn5kwKLgJ3BqpgVs2+/eWFAqcx4RozpFTPdRLtZ0hqihnJK16qSILwCA1Iz0COYqL8bLJWDo8ME8JISHO4hhP2tyNDsSomN50x0kM1rxXkf1ov1dGln1GepJpwPP0oShnUAhYZwZBKgjUbG4CwpGZWiE0KCGuTZMWE4M6vvAjapzX3vHZ2U6826rM4yuAAHIJj4IIL0ADXoAlaAINH8AxewZv1ZL1Y79bHtLVkzTz74E9Znz+vg6Dq</latexit>

�⌦k
j

is the mean vector of expectation estimate

is a confidence vector



Uncertainty set

Learning

Prediction

Incremental minimax risk classifiers 
(IMRCs)
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Performance guarantees and 
effective sample size (ESS)
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Experimental results

Algorithm Yearbook I. Noise DomainNet UTKFaces R. MNIST CLEAR

GEM .18 ± .03 .39 ± .08 .69 ± .05 .12 ± .00 .36 ± .06 .57 ± .10

MER .16 ± .03 .17 ± .03 .38 ± .04 .17 ± .09 .37 ± .09 .10 ± .03

ELLA .45 ± .01 .48 ± .05 .67 ± .05 .19 ± .12 .48 ± .05 .61 ± .03

CL-MRC .13 ± .04 .15 ± .03 .34 ± .06 .10 ± .01 .36 ± .01 .09 ± .03
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