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Research Aim

To obtain analytical equations for the training dynamics of finite,
feature learning ReLU neural networks.
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Key Properties

e We motivate our new paradigm by the specific properties it
can handle:

1. Finite (separate from NTK [1])

2. Feature Learning on structured data (separate from
statistical physics [2])

3. ReLU Networks (separate from previous linear dynamics

[3])
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Main Idea

e Represent the ReLU network as a Gated Deep Linear Network
[3].

 We prove that a mapping always exists.
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The GDLN which imitates the RelLU network is called the
Rectified Linear Network (ReLLN)
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Finding 1: ReLU networks will sometimes choose nonlinear
solution even when a linear option is possible but always favours
the fastest learner.
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We prove the uniqueness of the ReLN we find 1n this setting.
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Finding 2: ReLU networks 1n this setting have a preference
towards structured mixed-selectivity due to the learning speed
boost.
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Finding 3: ReLU networks still prefer structured mixed-selective
representations as the number of contexts grows.



Setting 4: Depth
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Finding 4: Additional hidden layers makes the network dynamics
inconsistent. We can still design a GDLN which fits the
distribution of dynamics.
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Finding the Gates

Algorithm 1 A preliminary algorithm for finding a ReLLN. This follows a simple K-means clustering
algorithm, but with samples taken throughout training such that it is easier to identify pathways
through the network as they emerge.

Require: num_trainings > 0, num_epochs > 0,0 > 0,(X € RN Y € RPXYN) (the dataset),
HeZ K e Z
Ensure: o < ¢ for sufficiently small e € R
for i in num_trainings do
WO c RHx*d NN(O,O’),Wl € RpxH NN(O,O‘)
for j in num_epochs do L
{Wy, W1} < gradient_descent({ Wy, W1}, X) > Apply gradient descent update step
if j mod 100 = 0 then > Sample at different times to find different structure as it emerges
sample = maximum(WyX,0) > Sample latent representations with ReLLU activation
sample_binary = step(sample) > Threshold the sample to indicate if a neuron is active
samples = vstack(samples,sample_binary) > Stack binary latent representations
end if > Each sample appended vertically appears like a new neuron
end for
end for
centroids = K-means(samples, K)
return centroids




Finding the Gates

Algorithm 1 A preliminary algorithm for finding a ReLN. This follows a simple K-means clustering
algorithm, but with samples taken throughout training such that it 1s easier to identify pathways
through the network as they emerge.

Require: num_trainings > 0,num_epochs > 0,0 > 0,(X € RN Y € RP*N) (the dataset),
HeZ K eZ
Ensure: o < ¢ for sufficiently small e € R
for i in num_trainings do
Wy € REXD  N(0,0), W, € RPXH ~ N(0,0)
for j in num_epochs do -
{Wy, W1} < gradient_descent({ Wy, W1}, X) > Apply gradient descent update step
if j mod 100 = 0 then > Sample at different times to find different structure as it emerges
sample = maximum(Wy X, 0) > Sample latent representations with ReLLU activation
sample_binary = step(sample) > Threshold the sample to indicate if a neuron is active
samples = vstack(samples,sample_binary) > Stack binary latent representations

end if > Each sample appended vertically appears like a new neuron
end for

end for
centroids = K-means(samples, K)
return centroids

Finding 5: We provide a preliminary algorithm to 1dentify ReLNs
from ReLU Networks.



