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. Classification with VSE Joss: Z(X,Y) = ||[WH + blg, — YH%, where H = [A(x)), ..., h(xy)] € R,
- Assumption 1: The number of features is larger than the number of classes: n > C.

- Assumption 2: The dataset is balanced, i.e., there are m := N/C samples from each class in the dataset.
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- (NC3) Convergence to self-duality: the class means M and the final
weights W' converge to each other: (hY, — (h)
M/|[M|| — W/||WT]|
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> The NTK captures the dependence of the features on the input data (missing in UFMs).

» Show that NC occurs in fixed points of gradient flow dynamics under additional assumptions.
* Discuss necessary conditions for convergence to NC.
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Neural Tangent Kernel (NTK)
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[1] Baratin et al. Implicit regularization via neural feature alignment. AISTATS, 2021.
[2] Shan & Bordelon. A theory of neural tangent kernel alignment and its influence on training. CoRR, 2020.
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and trainable parameters w is given by

@Z,S(xi, X)) = (Vyh(x,), vwhs(xj)), x,x, €L, k,s€n]

* Intuitively, the NTK captures correlations between input samples during training.

- NTK alignment: during training, «correlations» O(x;, xj) become larger for samples (x;, xj) from the same class [1,2]

~ The NTK develops an (approximate) block structure during training of DNN classifiers!

[1] Baratin et al. Implicit regularization via neural feature alignment. AISTATS, 2021.
[2] Shan & Bordelon. A theory of neural tangent kernel alignment and its influence on training. CoRR, 2020.
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Theorem. Assume that the NTK block structure assumption holds. Assume further that the last-layer features

are centralized, i.e, (h) — (), and the gradient flow dynamics invariant is zero, i.e., I£ = (). Then the DNN's dynamic
exhibits neural collapse as defined in (NC1)-(NC3).

» Zero invariant assumption E = O has similar effects to joint reqgularization of W and H.
- Centralized features (h) X 0 are (approximately) achieved by batch-normalization.

w> Regularization and batch-normalization are important for NC!

- If the additional assumptions do not hold, there are non-trivial fixed points not satisfying NC within our model.

- Condition E o« W''W — c(h){(h) " is necessary for NC (zero invariant with (h) = O is a special case).



Experiments

Architectures:
e ResNet20,
e VGG11/16,
 DenseNet40.

Datasets:

« MNIST,

e FashionMNIST,
 CIFAR10.

~» 9 models in total

a) Invariant norm

b) Inv. alignment to WV
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Figure: ResNet20 trained on MNIST. Red lines: DNNs that exhibit NC, blue lines: DNNs

that do not exhibit NC.
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Thanks for your attention!



