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Do we have Edge of Stability for Non-Euclidean

gradient descent?
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Algorithm 1 Frank-Wolfe to approximate (*)
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Special Cases: Infinity Norm
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Figure 2: £, -descent on Top: MLP CIFAR-10-5k; bottom: Transformer on Tiny Shakespeare.
Columns show train loss, gradient norm, directional smoothness, and generalized sharpness (14).
Dashed lines mark the stability threshold 2/7.
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Figure 4: Spectral GD on Top: MLP, CIFAR-10, bottom: Transformer, Tiny Shakespeare.
Columns show train loss, gradient norm, directional smoothness, and generalized sharpness (19).

Dashed lines mark the stability threshold 2/7.



Normalized Non-Euclidean GD
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Figure 5: Normalized non-Euclidean GD. Top: SignGD on CIFAR-10-5k; bottom: normalized
Spectral GD on CIFAR-10. Columns show train loss, gradient norm, directional smoothness di-
vided by ||[VL(w¢)||«, and generalized sharpness divided by ||[VL(w¢)||«. Dashed lines mark the
stability threshold 2/7.
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Minimizing Quadratic Model
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Figure 6: MSE loss for Spectral GD on a CNN trained on CIFAR-10 with n = 0.002. At four
marked iterations, we switch from the true objective to the quadratic Taylor approximation at the
current iterate. In the two left panels, before EoS, the quadratic approximation closely tracks the
true loss; in the two right panels, during EoS, it quickly diverges.
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Quality of FW Approximation
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Figure F.1: The maximum block-wise Hessian eigenvalue (solid line), which is the generalized
sharpness of Block CD, and its approximation by the Frank-Wolfe algorithm varying the number of
initialization points in {1,7,15} for the Frank-Wolfe algorithm. Here, M is the number of restarts
of the Frank-Wolfe algorithm, varying the initialization point.



L2 Sharpness Does Not Capture EoS of
Non-Euclidean GD
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Figure G.5: (Spectral GD) Train loss, gradient norm, directional smoothness, generalized sharpness
(19), and L2 sharpness (Amax(V2L(W;))) during training ResNet20 (top, n = 5-107°) and VGG11
(bottom, n = 5-10~%) on CIFAR-10 with Spectral GD. Horizontal dashed lines correspond to the
value 2/y.



SignGD is f, — oo Limit of RMSprop

1le6 B2=0.999 1e6 B2=0.99 1le6 B2=09
1.14 1.4
1" ]
1.0 +== %vﬂﬁw - - 1.2
0.9
0.9 1 1.0 +-= -
0.8
] W 0.8 -
e—— — —
(I) Sb 1(’)0 150 2(‘)0 (I) Sb 1{')0 l.'l50 2(‘)() (I) 5‘0 160 l.'li() 2(‘]0
1le6 B2=0.6 1e6 B2=03 1e6 B2=01
2.0
1.5 -
. ‘ . : 7 . ‘ . : 71 10 fgmmmmmmnmooooo oo tttete
0 50 100 150 200 0 50 100 150 200 0 50 100 150 200

Figure H.1: Sharpness of RMSprop when training MLP model on a subset of CIFAR-10 dataset,
varying (o hyperparameter. Here, colored lines correspond to the evolution of the top-4 largest
eigenvalues of the preconditioned Hessian, while the dashed line is 2/n threshold. We observe that
RMSprop reaches AEoS only for realistic (close to 1) values of 32, while for small 82 the preconditioned
sharpness is not at 2/n, but significantly higher.
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