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What drives the evolution of internal representations?

What are properties of learned representations?

How fully trained networks process information?
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IB Theory Claim: Training comprises 2 phases

1 Fitting: I(Y ; T‘) & I(X; T‘) rise (short)

2 Compression: I(X; T‘) slowly drops (long)

[Shwartz-Tishby’17]
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~~~ Real Problem: Mismatch between I(X; T‘) measurement and model
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‘ T‘�1+b‘(k)

� S‘(k)

Z‘(k) � N (0; �2)

T‘(k)

=) X 7! T‘ is a parametrized channel (by DNN’s parameters)

=) I(X; T‘) is a function of weights and biases!
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~~~ Know the distribution N� of Z‘ (noise injected by design)

~~~ Extremely complicated P =) Treat as unknown
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Structured Estimator - Convergence Rate

Theorem (Goldfeld-Greenewald-Weed-Polyanskiy’19)

For any � > 0; d � 1, we have

sup
P 2F(SG)

d;K
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�
�
�h(P � N�)� h(P̂Sn � N�)

�
�
� � C�;d;K � n� 1

2

where C�;d;K = O�;K(cd) for a constant c.
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=) Analyze empirical 1-Wasserstein distance under Gaussian convolutions
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�

2
(�)d
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, where 
(�)>0 is monotonically decreasing in �.
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Noisy version of DNN from [Shwartz-Tishby’17]:

Binary Classi�cation: 12-bit input & 12{10{7{5{4{3{2 MLP arch.

Noise std.: Set to � = 0:01

Veri�ed in multiple additional experiments

[Goldfeld-Berg-Greenewald-Melnyk-Nguyen-Kingsbury-Polyanskiy’18]

=) Compression of I(X; T‘) driven by clustering of representations
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