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Logistics

Assignments and Quiz

• Q1 graded and returned. Regrade requests in person at OH

• Don’t panic if you see a low number – the median is ~50. 

 Many more quizzes and we drop 2!

• Doing the assignments are helpful!



Logistics

Assignments and Quiz

Partial credit – what do we consider different types

Criterion 1: Knowing the experiments you’ve run.

• Ex A: Across my 5 seeds in my seed variation experiments, I saw that [..]

• Ex B: I saw in my experiments that validation loss could vary [..]

• None: [Not citing any assignment or not submitting]

Our intent – Ex A makes it clear that you know what experiments you were actually 
running. Since Ex B is generic, it makes it difficult to know if there’s an actual 
experiment you know about, or if it’s purely your vibes. 

 We want to reward students who know the experiments they ran in detail



Logistics

Assignments and Quiz

Partial credit – what do we consider different types

Criterion 2: Knowing what the experiments did.

• Ex A: I saw that the standard deviation of my run was ~ 0.03 (matches report)

• Ex B: I saw that the standard deviation of my run was ~ 0.05 (misremembered report, 
small error)

• Ex C: I saw that the standard deviation of my run was 0.001 (off by many orders of 
magnitude)

• Ex C: I saw that the standard deviation of my run was high (generic)

Our intent – Ex A makes it clear that you know the outcome of the experiments you ran. 
Ex B and C are different levels of errors in experiment outcomes. At the level of Ex C, it’s 
hard to know if you know your experiments beyond extremely vague generalities.



Logistics

Assignments and Quiz

Partial credit – what do we consider different types

Criterion 3: Relevance and coherence

• Ex A: I saw in my seed variation experiment that ..

• None: I ran my RMS norm experiment in problem 6 and I remember that the norm 
value is 1e-5. So I think the seed variation is.. 

We didn’t see any cases of this in Q1, but there is a loophole that you can kind of cite 
anything in our current criteria, so we reserve the right to zero out any partial credit 
that’s obviously gaming the system..

We’re going to have 3 fields (Citation, Outcome, Rationale) for each of the 3 to make 
grading more transparent to you.



Logistics

Assignments and Quiz

• A2 is due on Thu

  There’s still time to do a good chunk of A2!

• Q2 will be on Thu

  Please make use of partial credit + explicitly cite your experiments

Tutorial scheduling

• Emails going out today



Pushing things to the limit

Models are getting larger

The stakes are higher



Advanced topics in scaling and norms

Optimization in the infinite model limit

What is the ‘right’ norm for optimization?

“What’s the maximum
step we can take?”

“What step should we take?”



Scaling limits of learning rates

Why do learning rates have to change with model size?



Our game plan: theory (lite)

1. Start with a simple model

2. Write down our ‘interventions’ 

3. Study scaling limits of this toy model

4. Specialize to the transformers

(also a easy to follow paper)



The simple model

Limit

Width to infinity

Fixed

Depth

Steps

Input norm

Loss gradients

Why this model? 

Simple enough to be tractable, rich enough 
to be interesting



The goal: a ‘stable’ limit

As the width goes to infinity, we want 2 key properties to hold

Stable: Activations have constant scale (𝑧𝑡 = Θ(1)) and logits O(1) throughout training

Nontrivial: Change in logits is at least constant scale (Δ𝑧 = Ω(1)) for some timestep

(This rules out the case of zero init or zero learning rate, which are stable but useless)



Aside: feature learning (and why we care)

One well known ‘stable’ limit: NTK

• As we scale up width, keep a=O(1), w=O(1)

• Output of layers as 
1

𝑚
σ𝑖 𝑎𝑖𝜙(𝑤𝑖

⊤𝑥) (
1

𝑚
 scaling)

• Keep LR O(1)

What happens? 

Lots of weights → Weights change 𝑂 𝑚−
1

2

The model becomes a ‘local’ version of init

Reduction to kernels

Roughly equivalent to regression in ∇𝜃𝑓(𝑥) space



Aside 2: we don’t want the NTK limit

The NTK misses a lot of important phenomena..

• “Feature learning” (in the NTK, the first layer is nearly constant)

• In practice, a lot worse than the standard NN settings

Clearly, stability isn’t the be all end all of scaling!



From NTK to muP

Observation: we made various choices about or limit

• Output scale of each block/layer

• Initialization scale

• Learning rate scale

Are there stable and nontrivial limits if we manipulate these variables?

This is the premise of ‘𝜇𝑃’ style parametrization methods



ABC parametrization

Recall the formal model: The abc parametrization is

• Parameter multiplier:    𝑛−𝑎𝑙

• Parameter initialization:    𝑊𝑙 ∼ 𝑁(0, 𝑛−2𝑏𝑙)

• Learning rate:     𝑛𝑙 ∝ 𝑛−𝑐𝑙

We want to find combinations (a,b,c) that lead to stable, nontrivial limits. 

(Basic assumptions)

• Inputs 𝑥 are 𝑂 1



Warmup: activation stability

Let’s start with something simple we’ve already looked at activation stability at init

Base case: 

Argument:
1.  We a vector-vector product for each dim, and each product is (O(d)) with a scaling constant nb1  from init.

2.  Thus the ‘typical size of an entry’ (the RMS norm) is ~ nb1

3.  The output scalar is the other exponent term na1

4.  And we can (mostly) ignore ϕ since its scales things by roughly a constant.

𝑧1 = 𝑂 𝑛−𝑎1−𝑏1

(where the big O notation means −𝑏1 = lim
𝑛→∞

log𝑛( 𝑈
𝑅𝑀𝑆 

))



Warmup: activation stability 2

Inductive case: Assume 𝑧𝑙−1 is RMS O(1). Then, 𝑧𝑙 = 𝑂 𝑛−𝑎𝑙−𝑏𝑙+
1

2

Argument: 

1. We now have a growing vector-vector product of dim O(n)

2. Inner product of random unit gaussian matrix with a vector is 𝑂 𝑛
1

2

3. Combine with the matrix scale 𝑛−𝑏𝑙  and output scale 𝑛−𝑎𝑙

Stability conditions for activation

• 𝑎1 + 𝑏1 = 0 (layer 1 has 𝑂 𝑛−𝑎1−𝑏1  )

• 𝑎𝑙 + 𝑏𝑙 =
1

2
 (layer l has 𝑂 𝑛−𝑎𝑙−𝑏𝑙+

1

2 ) 

• 𝑎𝐿+1 + 𝑏𝐿+1 ≥
1

2
 (we only need layer L readouts to be O(1), not Θ(1)



Warmup: kaiming init and activation stability

He Initialization

𝑊 ∼ N 0,
2

𝐷𝑖𝑛

Reminder: Glorot and He initializations keep 
activation values ‘stable’ across layers at 
initialization.

No changes to output scale (𝑎𝑙 = 0) but (𝑏𝑙 =
1/2) from the init scale. Stabilizes the 
interior and last layers!

Recall our discussion of the Xavier init



Activations are not enough! 

We’re missing two big chunks of things: 

• Reasoning about the updates (‘nontrivial’) criterion

• Ensuring this holds throughout training (dynamics)

Stable: Activations have constant scale (𝑧𝑡 = Θ(1)) and logits O(1) throughout training

Nontrivial: Change in logits is at least constant scale (𝑧𝑡 = Ω(1)) for some timestep



Gradients at init

Now let’s reason about gradients..

 Same work, in a backwards way where we chain everything..

Let’s assume that our loss function is stable (
𝜕𝐿

𝜕𝑊𝐿+1
= Θ(1)). 

By the same argument as the forward case, 𝑂
𝜕𝐿

𝜕𝑊𝑙
= 𝑛−𝑔𝑙  where,

𝑔𝑙 = 𝑎𝐿+1 + 𝑏𝐿+1 + ෍

𝑖=𝑙+1

𝑎𝑖 + 𝑏𝑖 −
1

2
+ 𝑎𝑙

 
Similar logic to ‘input layer’

from before
Same sqrt(n) calculation

(just backwards)
No b term

since we take grad wrt W

Additional constraints: 𝑔𝑙 = 𝑎𝑙 + 𝑎𝐿+1 + 𝑏𝐿+1, and  𝑔𝐿+1 = 𝑎𝐿+1



Beyond init: reasoning about optimizer behavior

That was the easy part. Now to try to work out the whole training process.

This is really hard! We are going to use very aggressive simplifications..

We will only track coarse grained optimizer behavior. 
For SGD, weight updates are roughly gradient sized.

 For Adam, updates are actually roughly O(1) (sign of gradient has ~ O(1) RMS)

=𝑂(𝑛−𝑔𝑙−𝑐𝑙)

=𝑂(𝑛−𝑐𝑙)



Tracking changes in updates

Let’s track how activations change over time.. At time t, 

Init activation 

(already controlled)

Alignment between

updates and init

Alignment between

updates

We will define these alignment exponents as variables



Layer by layer..

Let’s work out the second step layer by layer.

Layer 1

We want 𝑧1
1 = Θ(1) and know 𝑧1

0 = Θ(1) from init.

The change 𝒏−𝒂𝟏𝚫𝑾𝟏
𝟏𝒙 must be low order (O(1))

Implications

If our optimizer is Adam, Δ𝑊1
1 = 𝑂(𝑛−𝑐1 ) and so, 𝑛−𝑎1 Δ𝑊1

1𝑥 = 𝑂 𝑛−𝑎1−𝑐1

Which adds a new constraint of 𝒂𝟏 + 𝒄𝟏 ≥ 𝟎  



Stability during training (intermediate layer)

Layer l

Init activation 

(already controlled)
𝑂 𝑛−

1

2
−𝑟𝑙−1+𝜔𝑙  𝑂 𝑛−𝑎𝑙−𝑐𝑙+𝛼𝑙  𝑂 𝑛−𝑎𝑙−𝑐𝑙−𝑟𝑙−1+𝑢𝑙  

Implications

If our optimizer is Adam, we have 3 new constraints (one for each term)

•
1

2
+ 𝑟𝑙−1 − 𝜔𝑙 ≥ 0

• 𝑎𝑙 + 𝑐𝑙 − 𝛼𝑙 ≥ 0

• 𝑎𝑙 + 𝑐𝑙 + 𝑟𝑙−1 − 𝑢𝑙 ≥ 0



Stability during training (final logit)

Last layer (logits)

Init activation 

(already controlled) 𝑂 𝑛−𝑎𝐿+1−𝑏𝐿+1−𝑟𝐿+𝜔𝐿+1  𝑂 𝑛−𝑎𝐿+1−𝑐𝐿+1+𝛼𝐿+1  𝑂 𝑛−𝑎𝐿+1−𝑐𝐿+1−𝑟𝐿+𝑢𝐿+1  

(these latter two terms are basically the same)

Implications 

If our optimizer is Adam, we have 3 constraints (like before)

• 𝑎𝐿+1 + 𝑏𝐿+1 + 𝑟𝐿 − 𝜔𝐿+1 ≥ 0

• 𝑎𝐿+1 + 𝑐𝐿+1 − 𝛼𝐿+1 ≥ 0

• 𝑎𝐿+1 + 𝑐𝐿+1 + 𝑟𝐿 − 𝑢𝐿+1 ≥ 0



Aside: physics math

What am I doing that’s kind of concerning (and sketchy)?

Our setup is something like

Θ 𝑛 − 𝑂 𝑛 = Θ(𝑛)

But now note that.. We can have something like

𝑛 + log 𝑛 − 𝑛 = 𝑂 log 𝑛

So you can have catastrophic cancellation of leading order terms!

We are assuming that the various terms are ‘orthogonal enough’ to not cancel out.
Some areas of physics use these leading order term calculations 



Nontriviality

One of the three terms should be at Θ(1) to ensure the logits change past initialization

Nontrivial: Change in logits is at least constant scale (𝑧𝑡 = Ω(1)) for some timestep

Last layer (logits)

Init activation 

(already controlled) 𝑂 𝑛−𝑎𝐿+1−𝑏𝐿+1−𝑟𝐿+𝜔𝐿+1  𝑂 𝑛−𝑎𝐿+1−𝑐𝐿+1+𝛼𝐿+1  𝑂 𝑛−𝑎𝐿+1−𝑐𝐿+1−𝑟𝐿+𝑢𝐿+1  



Complete constraints

This generates a large series of constraints over all of our scaling coefs (a,b,c) and 
alignment parameters (r,𝛼, 𝜔,𝑢). 



Valid parametrizations under the constraints

We can pick various alignment parameters (e.g. 𝛼𝑙 = 𝑢𝑙 = 1 or 𝛼𝑙 = 𝑢𝑙 =
1

2
 ). 

Canonically, 𝜔𝑙 =
1

2
 for this paper, and we minimize 𝑟𝑙  (maximizing feature learning 𝑛−𝑟𝑙)

“b” “a” “c” “c”



Results from original muP

Small-step stability Learning rate transfer



Alignment in practice

Alignment during training varies – between 0.5 and 1.0



Per-layer LRs

Per-layer LRs dictated by the scaling exponents generally improve performance



Significant gains from respecting the scaling

As we go the right and pick the ‘right’ LR scalings we get significant improvements



Recap: muP

We want stability and ‘feature learning’ at once as we scale (width)

Rough order-of-magnitude calculations are very helpful tools 

Practical scaling constraints (a,b,c)-parametrization derived from the math



From muP to muon

Story so far: we want activations and logits to be stable and maximal (Δ𝑧𝑙 = Θ 1 )

For muP: find a series of inits and scalings that roughly enable this

Another view: find parameter updates that naturally follow this



Core idea: what’s the right geometry for optimization?

Gradient descent can be viewed as optimizing a linearization within a neighborhood

𝜃𝑡 = 𝜃𝑡−1 + arg min
Δ𝜃

< 𝑔𝑡 , Δ𝜃 > +
1

2𝜂
Δ𝜃

2

2

How should we be picking this neighborhood? Why l2? 



Neighborhoods from muP style ideas

What does muP have to say about the ‘right’ metric?

There is actually a term we can very easily control with the optimizer..

𝑛−𝑎𝑙Δ𝑊𝑙𝑧𝑙 = 𝑛−𝑎𝑙 𝑧𝑙  if we have that Δ𝑊𝑙  is an isometry (for square W).

Can we update our parameters via an isometry?

Δ𝑊𝑡 = arg min
Δ𝑊

𝑜𝑝
≤𝜌

< 𝐺, Δ𝑊 >𝐹



Idealized Muon

By the duality between operator and nuclear norms, for the SVD 𝐺 = 𝑈Σ𝑉⊤,
Δ𝑊𝑡 = arg min

Δ𝑊
𝑜𝑝

≤𝜌
< 𝐺, Δ𝑊 >𝐹 = −𝜌𝑈𝑉⊤

This gives rise to what I’d call the ‘idealized muon’

Idealized muon. Inputs: scalar LR η, matrix LR ρ

For each matrix valued parameters, set 
𝑊𝑡 = 𝑊𝑡−1 + arg min

Δ𝑊
𝑜𝑝

≤𝜌
< 𝐺, Δ𝑊 >𝐹 = 𝑊𝑡−1 − 𝜌𝑈𝑉⊤

For each scalar valued parameters, set

𝑊𝑡 = 𝑊𝑡−1 + arg min
Δ𝑊

2
≤𝜂

< 𝐺, Δ𝑊 >𝐹 = 𝑊𝑡−1 − 𝜂𝐺



Practical Muon (newton schultz)

Changes from idealized Muon

1. Use momentum 𝐵𝑡, not the gradient

2. Use NewtonSchultz5, not SVD + sign

3. Use AdamW (or some other advanced optimizer) for the other parameters, not SGD.



What’s Newton Schultz..?

Systems concern: Doing the SVD is very slow. Newton-Schultz is a fast, loose approx.

Core trick: Instead of the SVD, consider G → 𝐺 𝐺⊤𝐺 −
1

2 = UV⊤. 

 How do we compute 𝐺⊤𝐺 −
1

2 efficiently? (3rd order) Newton-Schultz is the following eq.

𝑌𝑘+1 =
1

2
𝑌𝑘(3𝐼 − (𝐺⊤𝐺)𝑌𝑘

2)

 Once we have 𝐺⊤𝐺 −
1

2, multiply once by G to get what we want. It’s all matmuls!

The ‘real’ Muon uses the quintic expansion with nonstandard coefficients (but the idea is the same)

Yk+1 = Yk 𝑎I − 𝑏(G⊤G)Yk
2 + 𝑐 (G⊤G)Yk

2 2
 



From nanoGPT to scale

Original Jordan keller blog: clear wins on nanoGPT + scale up experiments



Muon in the wild

Muon works at scale



Stability patches for muon (kimi)

Kimi’s muon implementation has a few practical patches

1. Weight decay (adding the usual AdamW decay into the muon update)

2. Consistent RMS updates (scale by max 𝐴, 𝐵  for rectangular matrices)

 …and make it match AdamW’s average step size (x0.2)

(And QK-clip, in the actual K2 report)



Why does muon work

Our muP argument is one (this is the Bernstein and Newhouse argument), but 
also there’s some empirical tests you can do about the ‘update rank’



Impact of netwon schultz

Some interesting facts about muon.. 

The ‘coefficients’ do not have the right fixed point But it’s fine – fast approx. in 5 steps



Questioning muon

More evidence that the precise spectrum is not important (and uniform isn’t optimal)



Recap: Muon

MuP’s “update constraints” give natural ideas for a new type of optimizer update

Polar decompositions can be practical (and effective) with newton-schultz

But maybe the ‘unit singular value’ story isn’t quite 100% right 



Recap: Optimizers 1

Optimization is complex! A complicated interplay of (light) theory and empirics

Some lessons..

1. What are the ‘core phenomena’? (norms, feature update, singular values)

2. What’s the right model? (NQM, norm-invariant loss, scaling limits)

3. What’s the limits of the theory? (e.g., NQM vs Muon)
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  G = U Σ  V ⊤


  Δ  W t =   arg ⁡      min     |   |  Δ W | |  o p ≤ 𝜌 ⁡  < G , Δ W  > F = − 𝜌 U  V ⊤


  η


  ρ


   W t =  W  t − 1 +   arg ⁡      min     |   |  Δ W | |  o p ≤ 𝜌 ⁡  < G , Δ W  > F =  W  t − 1 − 𝜌 U  V ⊤


   W t =  W  t − 1 +   arg ⁡      min     |   |  Δ W | | 2 ≤ 𝜂 ⁡  < G , Δ W  > F =  W  t − 1 − 𝜂 G


   B t


  G → G    (   G ⊤ G )  −  1 2 =   UV ⊤ .


     (   G ⊤ G )  −  1 2


   Y  k + 1 =  1 2  Y k ( 3 I − (  G ⊤ G )  Y k 2 )


     (   G ⊤ G )  −  1 2


   Y  k + 1 =  Y k  [  a I − b (  G ⊤ G )  Y k 2 + c    (  (  G ⊤ G )  Y k 2 ) 2 ]


      max ⁡   (  A , B )

