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A different perspective on Scheduling:
Schedules are just an online-to-batch conversion!

The schedules used by experimentalists

/ are not replacing this D/G\ﬁ’ part!

They are actually replacing averaging.
High-Performance schedules arise naturally from
theory by analyzing the last iterate x; rather than x



Theoretically Optimal Schedules [
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Beyond Learning Rate
Schedules




Varying cosine-schedule length shows how Schedule-Free closely tracks the
Pareto frontier of Loss v.s. training time.
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Schedule-Free Learning - closing the theory/practice gap

- An alternative to schedules that doesn’t need to know the stopping time T In
advance

- Maintains the same theoretically optimal rate of convergence as linear decay
schedules and Polyak averaging

- Works as well and often better than cosine or linear decay schedules!

The Road Less Scheduled
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Schedule-Free Learning Paradigm

Interpolation beta=0.9

(A kind of momentum) \
vy = (1 = Pz, + px,

Base optimizer update |z.,,=z—7v f(y,)
| |
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/ L f+1) 1 4

Running Average
Equivalent to:



Schedule-Free does momentum in a different,
more gradual way....

f$ = 0.9 results in the current gradient evaluation point y
containing 0.1 of the most recent gradient g,_;

Vi = (1 _,B)Zt ,th

Zg1 =2 —7 JO)

_ - : my = pm,+ (1= p) flx)

X, 1=, 1 X Z
+1 ( / 1) [ { 1 +1

Classical momentum does the same thing! 0.1 of the most
recent gradient is included in the step

Xyl = A T ANy

But classical momentum incorporates the rest of the
gradient over the next ~10 steps, whereas Schedule-Free
incorporates it much slower, of the reminder of

optimization



Online-to-Batch Theory

Theorem 2. Let F be a convex function. Léet,...,"t be an iid sequence such thai(x) =
E [f(x,")]. Letzy,...,z7 be arbitrary vectors and letv4,...,wr and! 4,...,! 1t be arbitrary

numbers IN0, 1] such thatz;, w; and! ; are irllldependent d‘ft#. ., . Set:
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O =" T(Yt."t)- (11)
Then we have for ait-: |
T
EIF (x1)! F(x)] # C° tzlgwfg"zt! X% (12)

Beta is a free "momentum-like” parameter that can be tuned in the range [0,1] for best performance.

Unlike standard momentum, it won’t break your convergence theory!



SCALING YOUR RESEARCH

Can Schedule-Free Learning be applied to
(larger)-Large Language Models?



Original Schedule-Free paper experiments:

OpenWebText (GPT-2 124M)

- Trained using warm-starting 3.2
- Trained for a large number of steps (over-trained?) 31 —
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General case: without warm-starting, for varying token
budgets, larger batches, and for larger (1B+) models?



Complete failure initially



Large Batch-Sizes break it!
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FIX: Add back in inner momentum!

The Schedule-Free original formulation removed AdamW'’s
momentum for simplicity. Turns out its CRITICAL to large batch
training
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Why?

MOMENTUM ENABLES LARGER LEARNING RATES



—e— Schedule-Free
Schedule-Free with Inner Momentum
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Learning rates must be scaled with batch-size (sqrt(B)) to maintain performance. Momentum appears
to be critical to using large step sizes.



PART #2

Understanding weight norms & gradient norms is critical
for LLM training



Val Loss

Strange things happen to weight and gradient norms during training
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Why does this matter?

Gradient norm has no relation to convergence for LLM training, instead it controls the

effective learning rate!

A flat gradient norm is ideal, it keeps the learning rate following expected behavior!

2
Tleft X T}t Hgt”



Why does this happen? Weight-Decay maintains weights on a ball. Averaging
gives a point inside the ball with smaller weight norm.
Gradient norm scales inversely with weight norm, so the
gradient norm increases.
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FIX:

If the effective learning rate scales with gradient norm

2
Tleft X Tt Hgt”

Then just explicitly scale the learning rate by the gradient norm:

?

IV f()*

Tt =

Hmmm... doesn’t that remind us of the Polyak Step Size?
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5.0

POLYAK WORKS!

4.5 -
As good as any fixed
numerator
4.0 -
Practical version of S
Polyak+SF: .
= fye) = [ + BV (Ye)s 2e—1 — x¢)
\/§||Vf(yt)H1
3.0 -

Pun et al. (2025) + a scaled L1 norm in the denominator

2.5

—— Schedule-Free 0.1/L1
—— Schedule-Free 0.2/L1
—— Schedule-Free 0.5/L1
Schedule-Free 1/L1
Schedule-Free 2/L1
Schedule-Free 5/L1
Schedule-Free 10/L1
e-Free Poylak

—
—
~~~~~~
N -

—y SV -
vvvvvvvv

-— ~ o
-~ -— ”‘—-~—/’~_—-—I—_~~~~v-‘ ~~~~~

0B

Tokens



PART #3

Warmup....



WARMING UP THE AVERAGING HELPS A LOT
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This iIs common wisdom, but appears more crucial for larger model training.

None of the 20+ experiments in the Schedule-Free paper required this.... But LLM training does.
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RESULTS: Very effective for long duration training runs!

—— Linear Decay Schedule
---- Schedule-Free+ (beta 0.8->0.965)

—-—- WSD Schedule

Tokens

1B parameters, 1T tokens (1000 tokens-per-parameter)

Same training loss as a 45% longer training run!

R\ —— Linear Decay Schedule 0.008 .
\ \ ---- Schedule-Free+ (beta 0.8->0.965) I
1 I
\m ——- WSD Schedule % 0.006 '.:
M - ad :
@) l
PPy g C :
RS c 0.004 4
\\ © :
Q I
1 I
\\M \\ o E
| | | | O-OOO | |
0B 200B 4008 600B 800B OB 200B

4008B 600B 800B

Tokens



Failure cases: short training runs
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When training the same 1B model for only 20B tokens, Schedule-Free has no advantage.

Speculation: Schedule-Free benefits from low loss it sees for intermediate iterates. Short runs don't
have significantly lower loss during the middle of training.

ALSO: Warmup takes a larger fraction of the run.



Nice Properties of Schedule-Free

In classic theory, we expect the convergence of function value to follow a nice smooth 1/sqrt shape:

Schedule-based approaches look nothing like this. Schedule-Free training curves do!
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