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Motivation Utilising unit-level surprise
 To adapt quickly to OOD data, we need to adapt some part of our trained network Controlled setting Shift Gonv FCo SGD  Update rule FlexTune [7]
— New task/classes — final layer [2] | Low 827404 51.5+0.3 71.3+£2.1 82.9+05 82.7+04
— New domain — batchnorm layers [5] or residual adapters [6] Ry E ek s Dottedlne fed Caums Bl srase High 0.0+£0.0 945409 744+£52 792+42  945+£09

- But what if we don’t know what type of shift will occur? Avg. 579+0.3 64.4+£03 722+£29 81.8§+1.2 86.3 = 0.5

: : S 5
— Unit-level Surprlse! Impulse MNs  Inwverse I:Irangez Shot Moise Stripe Elgzag Q. 9.
™ = S
b A m 4+ 1.0 4+ 1.0
. N n
s % ” ”W iO.S- io.s
L > >
<L o e e e I — <,,
o : ' EMNIST DA d t t 1 0.0 C1 C2 C3 FC1 FC2 0.0 C1 C2 C3 FC1 FC2
Shift I Pattern I Response - ataset [1]. Layer Layer
| | SGD, low-level shift SGD, high-level shift
Low-level shift, ] Units in early layers detect abnormal I Updating only the (weights of the) first 5 5
e.g. new background or corruption i input, 1.e. are surprised. This propagates i surprised units can restore normality Su rprise patterns 2154 > 154
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High-level shift, i Only units in later units are 0 Updating only the (weights of the) first O O O 0.06
¢.g. unseen class : surprised by their input : surprised units can preserve structure # _
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: ® O O | O O O 0.00 Why isn't it better!
! ! 1. Networks are not very modular by default
Unit-level surprise can help determine which few parameters should be updated. Purple units are Convl Conv2 Convd  EC1 FCO - Meta-learn modular structure over multiple environ-
unsurprised, yellow surprised. Blue indicates the weights to be updated. O O O O 0.10 ments”?
: : : ® S 0.08  Zunits surprised ~ #parameters to be updated
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E O O O ® O 0.06 2. Surprise may not be sufficient
Calculating unit-level surprise ® ° ° ° ® 004 » Incorporate other unit-level information?
O O O | « E.g. gradient magnitude or parameter importance [4]
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L O ® 9 O 3. Validation is difficult
- * No ground-truth update structure
e Test: Q(A) P(A) o , . ,
27 Update rule ease reach out — open to collaborations:
 5(A) = Dk (Q(A)]|P(A)) L P
« Bayesian surprise [3] e = A e « Update if but your parents are not
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