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TL;DR

We quantify how rotation on network
parameters impact Adam’s performance;

We show that most theoretical assumptions
do not capture this dependency well.
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= SGD (with momentum)
== Adam (with momentum)

[Kunstner et al., 2025]




Rotation (non-)Equivariance

- SGD(M) maintains the same trajectory up to rotation (f(Rw) = Rf(w))
- Adam is not rotation equivariant, due to its element-wise division
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Q2. What rotation-dependent assumptions adequately
capture Adam’s behavior under rotations?



Training in Rotated Parameter Spaces
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Rotationwes

We want to examine the impact of various scopes of rotations on Adam's performance
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Random Rotation Degrades Performance
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Structured Rotation Improves Performance

We can also use a structured rotation, such as singular vectors

Rotate the gradient with its SVD

ift mod F = 0 then
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Q1. How do various types of rotations influence Adam’s
performance in practice?




Assumptions in Theory

Theoretical analysis uses assumptions to describe characteristics of functions, which can be used to
prove performance guarantees of algorithms.

Jthen

-

Theorem 3.1. Suppose|G is L-smooth|and that|n =

— w, |

6w - Glw.) < Do

- Many common assumptions, like Lipschitz smoothness in euclidean norm, are rotation invariant
- We examine a few rotation dependent assumptions
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Block Diagonal Hessian

j-th Hessian row:

-Il?lﬂl

- i-th weight

@ Neuron containing i-th weight
B Layer containing i-th weight without neuron
Other weights

We found that Hessian values outside the block diagonal are the primary drivers of gradient
evolution, despite their smaller magnitude



Update (Semi-)orthogonality

Recent optimizers (Muon, Shampoo), “orthogonalize” update matrices.

Compute the Adam Update (ignoring weight decay)
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Summary

% Adam is sensitive to parameter space rotations in practical training:

> Broader scope of random rotation leads to greater
performance degradation

> Structured SVD-based rotation improves performance

% Existing theoretical assumptions are not properly equipped to
understand the beneficial properties of Adam;

s (Semi-)orthogonality of layer updates is a strong predictor of
Adam’s performance



