Usable Information and Evolution of
Optimal Representations During Training
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Overview

“dogl’

VA Y

* How is relevant and irrelevant information about the input X
represented during training?

* How can we quantify the information contained in a representation Z
in a deep network?

* How are the learning dynamics affected by the implicit regularization
coming from SGD?
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Possible learning dynamics

e Prior work using Shannon’s mutual information suggested these
learning dynamics (Shwartz-Ziv and Tishby 2017) but has been
disputed in part over the approximation of mutual information (Saxe
et al., 2018).
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“Usable Information” in a representation

A representation Z may store information in a variety of ways.

It may be that a complex transtormation is required to read out the

information, or it may be that a simple linear decoder could read out
the information.

In both cases, from an information-theoretic perspective, the same
information is contained in the representation, however, there is an
important distinction regarding how “usable” this information is.



Usable Information (definition)

I1,(Z;Y):=H(Y) - Lce(p(y|2), q(y|2))

H(Y) is the entropy, or uncertainty, of Y
Lce IS the cross-entropy loss on the test set of

q(y|z)is a discriminator network trained to approximate the true
distribution p(y|z)

Related to V-Information (Xu et al., 2020)



Usable Information (definition)

I1,(Z;Y):=H(Y) - Lce(p(y|2), q(y|2))

Property: 1,(Z;Y) < I(Z;Y)
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Effect of learning rate and batch size

Batch size: 64
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Usable infcrmation (bits)

Effect of learning rate and batch size
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Batch size: 64 Batch size: 256 Batch size: 512
-\‘.wo\r’-\-lh\b\ —— fine -\~'¢‘\'O‘o§’.¢‘---s-.--—-- —— flne '.,*~,\’--\‘V"""-\"‘ )
"(v‘\,’.{\vl“" -95 10- | —e— coirse| . "'/'""wv. 2.0 - P e ,),n“!\,m\ 5 90
o AM4) \ I8 -90 v
’h '
i = N = ity -85
-90 825~ w ¥ 25- SN
- -~ I'\ - s nl l. .
o - ") - v
- - - ‘ = - o -80
S g - -805 S !
‘85 S = 20- ’ 8 = 20_ :.'l ‘.
] Q H ) Q - 75
c E i c E yl
s 2= S WV‘ s 2= 0
-80 - H -70m = :
2 9 i 2 9 i
S f10- | S Z10- |
* - o o 09 O—0—0—9
75 = - ..00 ® e =) ! -~ o
05~ | - 05~ | " - 60
I I
-70 ! :
0.0~ 0.0~ -55
100 120 140 160 0 20 40 60 80 100 120 140 160 0 20 40 60 80 100 120 140 160

Epoch Epoch Epoch

Validation accuracy



Usable infcrmation (bits)
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Conclusion

 We introduce a notion of usable information contained in the
representation learned by a deep network, and use it to study how
optimal representations for the task emerge during training.

* We show that the implicit regularization coming from training with
Stochastic Gradient Descent with a high learning-rate and small batch
size plays an important role in learning minimal sufficient
representations for the task.
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