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One Line of Code. Any Optimizer. Faster Training.
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Mask momentum updates that disagree with the gradient. Drop-in for ADAMW, LION, LAPrRoOP, MARS. No new hyperparameters.

The Problem with Momentum

2D Toy: Cautious Removes Oscillations

LLM Pretraining (C4, 100M LLaMA)
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The One-Line Change (PyTorch)
Figure 1. GD (cyan), GDM (red), C-GDM (blue) on £(w) = 4w? + w3. C-GDM eliminates overshooting and ensures

# Standard optimizer update: -
p.add (updatg, alpha=—§r) monotonic decrease of both £ and #. Scaling Results (FineWeb-Edu, 1x Chinchilla)

# Cautious optimizer update:
mask = (update * grad > 0)
p.add (update * mask / (mask.mean() + eps)
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| , - _ , , Cautious optimizers are a one-line, hyperparameter-free change that consistently improves AbDAMW, LION,
C-AdamW wins 5 of 7 benchmarks. Bold = better. During training, ~45% of coordinates have u; ® g; < 0 (momentum opposes gradient). Masking these guarantees: LAPROP, and MARS across pretraining, vision, and post-training.
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Every step decreases the loss — no wasted oscillations.
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