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Again with this secret  
sauce and Adam SGD 

thing on LLMs?!
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Ok let’s put a twist on it..
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Because:  
 
1) My point here is that this does not really matter..

2) Yes, LLMs are important


3) Yet, looking only at LLM pretraining is dangerous

4) But still, lots of stuff here will e still about LLMs



Why Adam?

PS: I actually love Muon and LMOs as well !!



Adam is used, is reliable, and is still a crucial  
component even in the most innovative pipelines

+ Studying Adam-SGD gap is fundamental for 
understanding the Muon-Adam gap. 
(Its actually much more general, about norms gap)
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Setting  to 0 
we get RMSprop  

(Tieleman, Hinton, 2012)
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Setting  
 to 0 we get  
SignSGD  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But there are many more explanations and GREAT works! 
(just a few below)



11

But there are many more explanations and GREAT works! 
(just a few below)



1212



1313



Is this true at a reasonable scale?



Simplified Models 
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Momentum 
reintroduced
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We heavily tune all methods claiming a connection 
to Adam. SignSGD + momentum closes 96% gap



We do heavy tuning for each method, e.g. RMSprop:
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Signum: a good model, but there is still something more.. 
It is 25% slower at optimal tuning!
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Actually,  works very well in Adam! β1 = β2
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410M parameters, Chinchilla-optimal
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410M parameters, Chinchilla-optimal
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This is your Adam LM 
Default. Be careful ;)



SignGD processing

Adam processing



2018!!

Sounds familiar? Yes! Was already done in 2018!

The missing piece in Balles and Hennig (2018) was to show when and if the term 
 is a measure of variance.σ2

k := vk − m2
k

 We show:  only has a precise variance interpretation for the case . vk − m2
k β1 = β2

dk =
mk

m2
k + γ EMAτ[(amk−1 − bgk)2]

Proposition: Adam’s update  can be represented asdk

for some  and  if and only if .a, b, γ ∈ ℝ τ ∈ (0,1) β1 = β2
23



So, to summarize:


- Yes, SignGD+m is very good


- Yes, Adam is slightly better


- But in the end.. yeah sign (which btw is an LMO) is enough!



So, to summarize:


- Yes, SignGD+m is very good


- Yes, Adam is slightly better


- But in the end.. yeah sign (which btw is an LMO) is enough!

But Why?!



Heterogeneity in the landscape

block 1
block 2

block 3
Eigenvalues 
(both Hessians)
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We reproduced this



Which is also linked to data distribution  Hessian!⟹
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But aren’t we 
forgetting something?
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But aren’t we 
forgetting something?

The gap depends on BS 
let’s dive more into that!



Adam vs. SGD training a 160M parameter transformer (1.2 B tokens budget)
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Adam < SGD at very low batch sizes, even at larger scales (tuned) !
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Another paper independently confirmed this! 
And yes, Fred already said it ~4 years ago!
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But Why?!



A bit more specifically, the real question is…  
 
Is the superiority of Adam in large batch due to 
Attention / Transformers / Language modeling?



The answer is no, no, and no.

Chenxiang Zhang, Rustem Islamov, Enea Monzio Compagnoni,  
Jun Pang, Aurelien Lucchi, Antonio Orvieto

A bit more specifically, the real question is…  
 
Is the superiority of Adam in large batch due to 
Attention / Transformers / Language modeling?



So, finally (I have been dreaming about this forever) 
we did all the confounders ablations — with good tuning



🥁
 = optimal gap.  

 
- Positive = SGD better 
- Negative = Adam better

Δ*



Baseline: Softmax Attention. All like Teodora’s paper



Baseline: Softmax Attention. All like Teodora’s paper

Gated convolution network has same exact behavior 
So not really about Softmax..



Softmax Attention, next token prediction 
but now… we have the human genome 
as dataset (HG38) !

Adam is still WOW. So mmh, does not seem to be related to natural language!



Is this then about in some way classification?  
Take the ZINC dataset for molecular property prediction (graph regression)

Both GRIT and GAT (first is transformer, second message passing, have same trend)





So, how can we 
understand this? 
 
Intuition is simple!!!
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For SignSGD, the following (Compagnoni et al. 24) is a weak-first-order-approx. :

For SGD, the following is a weak-first-order-approx. :

* i.e., algorithms follow flow for small η

dXt = − ∇f(Xt)dt +
ηΣ
B

dWt

drift diff

dXt = − erf ( B
2

Σ− 1
2 ∇f(Xt)) dt + η Id − diag (erf ( BΣ− 1

2 ∇f(Xt)

2 ))
2

1/2

dWt

drift diff

Assumption: gradient noise is i.i.d. with constant 1-sample covariance  Σ
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Egor Shulgin, Jörg K.H. Franke, Dimitri von Rütte, Tianyue H. Zhang, Niccolò Ajroldi, 
Korbinian Pöppel, Bernhard Schölkopf, Aaron Klein, Peter Richtárik, Antonio Orvieto



Kovalev:

Minimize over everything for each token budget .T = Kb



There exist indeed an optimal batch size for LMO methods

But for SGD, batch size 1 is already optimal!

Kovalev:

Minimize over everything for each token budget .T = Kb



Also check paper by Rustem and Tony!



Thanks!!!


