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The impact of data structure on learning
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The data sets we care about in machine learning contain a lot of structure.

Written text (NLP) Images Games of Go

How does data structure impact learning in neural networks?



The teacher-student setup
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Goal:

Student
ϕθ(x) Stochastic gradient descent 

Empirical risk minimisation



The Gaussian Equivalence Property
Goal: compute the prediction mean-squared error at all times.

3

For the vanilla-teacher student with i.i.d. inputs x:
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Saad & Solla, (1995)

Biehl & Schwarze (1995)

Student network 
(trying to learn)

Teacher network 
(creates the data)



The Gaussian Equivalence Property
Goal: compute the prediction mean-squared error at all times.
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Average over  
the inputs x

For the vanilla-teacher student with i.i.d. inputs x:
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λk ∼ wkx νm ∼ w̃mx

Saad & Solla, (1995)

Biehl & Schwarze (1995)



Goal: compute the prediction mean-squared error at all times.

The Gaussian Equivalence Property
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Average over  
the local fields (λ, ν)

For the vanilla-teacher student with i.i.d. inputs x:
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Key random variables

for online learning


and replicas (batch)

λk ∼ wkx νm ∼ w̃mx

Saad & Solla, (1995)

Biehl & Schwarze (1995)



Gaussian Equivalence Property: 
  are jointly Gaussian(λ, ν)

Goal: compute the prediction mean-squared error at all times.

The Gaussian Equivalence Property

3

For the vanilla-teacher student with i.i.d. inputs x:
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Exixj = �ij
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Saad & Solla, (1995)

Biehl & Schwarze (1995)
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Hence, the pmse is a function of only

the second moments of :(λ, ν)

Qk` ⌘ E �k�`, Rkm ⌘ E �k⌫m, Tmn ⌘ E ⌫m⌫n
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The hidden manifold model
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SG, M. Mézard, F. Krzakala, L. Zdeborová  
Phys. Rev. X, 10 (4), 041044
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Gaussian Equivalence Theorem 

We give rigorous conditions under which we can

 analyse learning from data coming from single-layer generators.

Dynamical equations for two-layer students 
 

The equations track the test error of two-layer

 students trained on deep generative models.

Our contributions
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Replica analysis for random feature regression 
 

Closed set of fixed point equations that characterise 
the performance after full-batch training.



The Gaussian Equivalence Theorem

Setup: Fully connected, single layer generator


with the teacher acting on the latent variable c: 

G : RD ! RN
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Theorem: Let P be the distribution of the pair          
and let  be the Gaussian distribution with the 
same first and second moments. Then…

P̂
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They’re still 
(sometimes) 
Gaussian!
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The Gaussian Equivalence Theorem
G : RD ! RN
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Theorem: Let P be the distribution of the pair          
and let  be the Gaussian distribution with the 
same first and second moments. Then…

P̂

<latexit sha1_base64="XHtZw979YelqgplAWz5iOVyIIA8=">AAACFXicbVDJSgNBFOxxjeOuRy+NQfAgYSbG7Rb0oMcoJgqZQXo6b0ybnoXuN0IY5h+8if6LN/Hq2V/xZGc5uBU0FPXq8aorSKXQ6Dgf1sTk1PTMbGnOnl9YXFpeWV1r6SRTHJo8kYm6DpgGKWJookAJ16kCFgUSroLeyWB+dQ9KiyS+xH4KfsRuYxEKztBILa/LkDZuVspOxRmC/iXumJTJGMb/6XUSnkUQI5dM67brpOjnTKHgEgrbyzSkjPfYLbQNjVkE2s+HaQu6ZZQODRNlXox0qH7fyFmkdT8KjDNi2NW/ZwPxv1k7w/DQz0WcZggxHx0KM0kxoYOv045QwFH2DWFcCZOV8i5TjKMpyLa9DoSmxWGenElQWOQXp8dFXq26O9Tdre3Qvf3CNmW5v6v5S1rVilur7J3XyvWjcW0lskE2yTZxyQGpkzPSIE3CyR15IE/k2Xq0XqxX621knbDGO+vkB6z3L4qFnLM=</latexit>

(�, ⌫)

<latexit sha1_base64="UJ/Feh1MlEd/fFNbCmve1lteHcE=">AAACHXicbVBLS8NAGNz4rPFV9ehlsQgVSklq6+NW9KBHFauFppbN5osu3WzC7kYoIf/Dm+h/8SZexb/iyW3tQa0DC8PMfOwwfsKZ0o7zYU1Nz8zOzRcW7MWl5ZXV4tr6lYpTSaFFYx7Ltk8UcCagpZnm0E4kkMjncO33j4f+9T1IxWJxqQcJdCNyK1jIKNFGuil73GQDUsGeSHd6xZJTdUbAk8QdkxIa46xX/PSCmKYRCE05UarjOonuZkRqRjnktpcqSAjtk1voGCpIBKqbjVrneNsoAQ5jaZ7QeKT+vMhIpNQg8k0yIvpO/fWG4n9eJ9XhQTdjIkk1CPr9UZhyrGM8nAAHTALVfGAIoZKZrpjeEUmoNkPZthdAaNYc9ckIB6nz7OLkKM9qNbeC3d16BTf2ctuM5f6dZpJc1apuvdo4r5eah+PZCmgTbaEyctE+aqJTdIZaiCKJHtATerYerRfr1Xr7jk5Z45sN9AvW+xcVXp+T</latexit>

Student weights Teacher weights

Generator weights

Related to input correlations

Related work 
• Works in wide network limit rely on RMT and thus random weights


• Mei & Montanari; Couillet et al. introduce related equivalent Gaussian 
models for integrals w.r.t. spectral densities.


• Large body of work on low-dim projections of high-dim data being 
Gaussian - we quantify how Gaussian they look like.
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Goal: Derive a closed set of equations for the order parameters

Dynamical equations for two-layer students

Qk` ⌘ E�k�`, Rkm ⌘ E�k⌫m

<latexit sha1_base64="Rv+PNAPEfNiWhGP/9nwa/GCnrIY="></latexit>

Goal: that track the dynamics of a two-layer student  
          trained using online SGD on the deep hidden manifold.
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• Train the student using online SGD:
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✓µ+1 = ✓µ � ⌘r✓L(✓)|✓µ,xµ,y⇤
µ

Setup: Fully connected, single layer generator


with the teacher acting on the latent variable c: 

G : RD ! RN
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Dynamical equations for two-layer students

Qk` ⌘ E�k�`, Rkm ⌘ E�k⌫m
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Spectral density of 
input-input covariance

Goal: Derive a closed set of equations for the order parameters Saad & Solla (1995) 
Biehl & Riegler (1995)

Train the student using online SGD:
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Statement:

Dynamical equations for two-layer students
Qk` ⌘ E�k�`, Rkm ⌘ E�k⌫m
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Remarkably, the generator only appears via two covariance matrices:

⌦ij = E xixj
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Input-input 
correlations

�ir = E xicr
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Input-latent 
correlations



Testing the equations with deep generators

x = G(c) = GL · · · G3 � G2 � G1(c), c ⇠ N (0, ID),
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Deep Convolutional GAN (Radford et al., ICLR 2016)
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x = G(c) = GL · · · G3 � G2 � G1(c), c ⇠ N (0, ID),
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Used pre-trained dcGAN (Radford ’15) and normalising flows (Dinh ’17) to 
generate inputs

M=K=2, , D=3072, N=3072η = 0.2Top half: CIFAR10 images 
Bottom half: realNVP samples



The batch case: random-features logistic regression
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Top half: Graysacle CIFAR10 images 
Bottom half: Samples from dcGAN 

(Radford et al. ’15)
Fixed weight decay λ = 10⁻².

• Replica calculation provides generalisation error of 
full-batch logistic regression with random features.



Concluding perspectives
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B. Loureiro, C. Gerbelot, H. Cui  
SG, M. Mézard, F. Krzakala, L. Zdeborová,  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• Proof of convergence for empirical risk 

• Complementary proof of risk convergence: Hu & Lu 
(arXiv:2009.07669)
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Concluding perspectives
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• Proof of convergence for empirical risk


• Complementary proof of risk convergence: Hu & Lu 
(arXiv:2009.07669)

• Pre-trained teacher with static feature map 
for more realistic learning curves.

Goals: Establish the limits of Gaussian equivalence, 
go beyond Gaussian models of data!
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