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What if…

...the loss landscape isn’t just a chaotic 
non-convex jungle, 

but instead, has an underlying structure 
that we can exploit?

?
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Theoretical Foundation

The convexity of the loss!
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The Non-Convex Loss Landscape

- Example Function:
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The (Non-)Convex Loss Landscape

Convex

Mathematical Assumption: Near the minimum of a smooth non-convex function, the 
region is always locally convex.

We can divide in two regions:

- Non-Convex Region (          )

- Convex Region (          )



Optimization Algorithms
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There is more than Adam.



First- and Second-Order Optimization Algorithms

First-Order Methods
(Adam, SGD, …)

- Good for non-convex regions with 

complex loss landscape

- Suboptimal in convex regions 

- Computational efficient per step
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Second-Order Methods
(Quasi-Newton, Conjugate Gradient, …)

- Suboptimal in non-convex regions

- Optimal for convex problems 

(Superlinear Convergence)

- More expensive per step than 

Adam/SGD
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When to use what tool?

- Non-Convex
- First-Order Optimizer 

- →  Adam

- Convex
- Second-Order Optimizer 

- → Conjugate Gradient (CG)

But when do we know when to switch? 

Adam

Conjugate Gradient (CG)

Adam
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Detecting the Transition

What the gradient norm tells us!



The Gradient Norm
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The gradient norm behaviour reveals the geometry of the loss landscape:
Convex or Non-Convex

Gradient Norm



Gradient Norm switching Idea
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Non-Convex Region

Optimizer: Adam

Increasing Gradient norm

Convex Region

Optimizer: Conjugate Gradient

Decreasing Gradient norm

Transition Point

Gradient norm maximum
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The Two-Phase Algorithm

Theory meets practice!
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The Two-Phase Algorithm
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- Theoretically switching at the peak

- Practically, we define switching:

- 90% of the maximum

How do we know if we are over the peak?
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Experimental Results

Does it work?



Training on Vision Transformer (VIT) - CIFAR-10
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Experimental Results
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Model Dataset Val. Loss 
(Adam)↓

Val. Loss 
(Adam+CG)↓

Val. Accuracy 
(Adam)↑

Val. Accuracy 
(Adam+CG)↑

VIT¹ MNIST 0.0061 0.0044 (27.87 %) 0.965 0.974 (+0.93 %)

CIFAR-10 0.0997 0.0991 (0.60 %) 0.428 0.435 (+1.64 %)

VGG-5² MNIST 0.0014 0.0011 (21.43 %) 0.993 0.994 (+0.10 %)

CIFAR-10 0.0531 0.0491 (7.53 %) 0.710 0.719 (+1.27 %)

- Vision Transformer (VIT) > Dosovitskiy et al. 2021

- VGG5 -> Smaller version of VGG-11 > Simonyan et al. 214

- on average: 7.2 % lower Val. Loss
- on average: 

- faster convergence

Ø 7.2 % lower Val. Loss,   Ø 1.9 % better Val. Accuracy   and faster convergence!

¹ - Vision Transformer (VIT) from Dosovitsky et al. 2021(https://arxiv.org/abs/2010.11929 )
² - Smaller variant from VGG-11 Simonyan et al. 2014 (https://arxiv.org/abs/1409.1556 ) 

https://arxiv.org/abs/2010.11929
https://arxiv.org/abs/1409.1556
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Take Home Message



24

1. Optimization should follow the loss shape.

2. The gradient norm tells you when to switch gears.

3. Use geometry-aware optimization

!
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