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We propose a loss function that enables diffusion models to
respect data symmetries without architectural constraints or data
augmentation, ensuring stable, low-variance training.

Introduction Results

Reflection Group in 1D

Molecular graph Symmetric conformer

Generate £1 from a single training sample using reflection symmetry.
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empirical dist. is not necessarily G-invariant.
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Training iterations

Our method converges faster with lower variance.

* Existing methods: Rotation and Permutation Groups in 2D

 Equivariant denoisers > complex to design.

Generate a 4-point 2D point cloud, ensuring equivariance to rotation and permutation.
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Our method converges faster with lower variance.

* Quridea: Symmetrized loss > simple, stable,
symmetry-aware.

Molecular Conformer Prediction
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Method Conclusion

LE(B) = By e)mis(o.cr) |@E)||D(t, 1) Our method injects equivariance via a simple
loss modification.
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* Minimal overhead.
* Strongtheoretical backing.

* Better generalization on symmetric data.
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* The minimizer is provably G-equivariant.
* Reduced gradient variance - stable training.

Algorithm 1 Approximation of ¢ (x¢,?)

1: Draw M samples x> ~ ¢(xg), K group elements gi ~ ug
2: for each z3*, gx do
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4: end for

5: Wy — P Bmt) & (x4, 1)
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