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Figure 1: The training and validation loss curves, plotted against both training tokens and wall-clock

time on GPT-2 large model (770M).



So we benchmarked

Algorithm 1 AdamW Algorithm 2 ADOPT Algorithm 3 AdEMAMi x
1: Input: Initial parameter 1: Input: Initial parameters o, nw 1: Input: Initial parameters o, number of iterations 7', learning rate 7, weight decay A, B, Bz, Pa, Psarts 0
2: Initialize: mg < 0,v, 2 Initialize: m < 0, v, « VL( beta_scheduler, alpha scheduler, warmup parameters 73, and T, €.

. 3: fort € [T) do 2: Initialize: mg « 0, m§*™ 0, v 0
3: for t € [T] do P F[V‘C(EQ.EL) 3 fort e [T)do
4 g« VL(x,§,) 5 o e ti/d 4 Ba(t) « beta scheduler(l, B3, Butart, Ts, )> a(f) ¢ alpha scheduler(t,a, T,) o Update B3 and a schedulers
5omy e+ (1 5 g+ VL@, &)
6 vt v (- & M Ame B o gim, (1 ),
7 r e my/(1—BY) T v Bovi +(1—-B2)g T mioY « By(tymiy + (1 Ba(t))g, > Update slow EMA
' ¢ - P8 mp e m ey (met Ax) 8 v B +(1-Bo)g, O,
8 T T -7 9 endfor 9 ring —my/(1—B), by v /(1-BY)
9: end for 10: Return: @7 10: @ @7 (% + Az,
10: Return: 11: end for

12: Return: 7

Algorithm 4 Lion

Algorithm 6 Signum (our PyTorch variant) Algorithm 10 SOAP
1: Input: Initial parameters &, number of iterations 7',
learning rate ~;, weight decay A, momentum f. n :
2 Taitalioes e 0 Algorithm 11 Sophia
3: fort € [T] do - .
¢ o L) Algorithm 12 SF-AdamW _ Algorithm 8 Muon
50 my « fmy_y + g,
6: Ezlﬂ — z.'—jm (s(ign (Bmy +g,) + Azy) Algorithm 13p rodigy
7: end for
8 Return: @7 Algorithm 14 MARS (MARS—-AdamW)




Optimizers: Adam-like

Algorithm 3 AdEMAML x

Tnput: Initial parameters @, number of iterations 7, learning rate ~, weight decay X, A1, Bz Ba. Petarts o

beta scheduler, alpha scheduler, warmup parameters T, and T, .

2: Initialize: mg 0, MY « 0, vy + 0

3: fort € [T] do

4 fB3(t) + beta scheduler(t,/ art; T3,), o(t) + alpha scheduler(t, o, T.,) © Update B3 and o schedulers
5 g, ¢ VL(@t,€,)

6 my  Bimey +(1-Bi)g,

7 mI e B (tmioy + (1 - Bs(t))g, > Update slow EMA
8 v fover+(L-Ba)g, Og,

9ty —my/(1- ), B < v /(1-8)

10 @i m -y (PO g
11: end for
12: Return: o7
Algorithm 2 ADOPT

1: Input: Initial parameters o, number of iterations T, learning rate ;, weight decay X, B1, fz. €.

2: Initialize: mo < 0, vy  VL(xo, &) ® VL(x0, €0)

3: fort € [T] do

4 g« VL(i, &)

5 ot/ > Update clipping value schedule
6 my e Bmies + (1= B)ctamp (i

T v Bover +(1-B2)9: 09,

8: ®yy 2 — Y (M + Axy) > Update without v,
9: end for

10:

Return: 7




Optimizers: " Sign-based”

Algorithm 4 Lion
1: Input: Initial parameters ¢, number of iterations 7', learning rate ~y;, weight decay A, 81, 2.
2: Initialize: mo + 0
3: for t € [T] do

g: < VL(®:, &)

my  Bomy_y + (1 — Ba)g, > Update EMA of g,
61 @y @ — Y (sign (Bimu—1 + (1 — B1)gy) + Ax:)
7: end for

8: Return: 1

Algorithm 5 Signum (basic) Algorithm 6 Signum (our PyTorch variant)

1: Input: Initial parameters o, number of iterations 7°, 1: Input: Initial parameters @, number of iterations 7',
learning rate -y;, weight decay A, momentum 3. learning rate +y;, weight decay A, momentum 3.

2: Initialize: mo < 0 2: Initialize: m, < 0

3: for t € [T] do 3: for t € [T] do

4 g VL(2, &) 4 g, Lz, &)

50 my « fmy_ + (1 - B)g, 5 omy <+ fmuo1+g,

6 Ty1 & @ — e (sign(me) + Azy) 6 Ty1 @ — Y (sign(Bmy +g,) + Axy)

7: end for 7: end for

8: Return: zp 8: Return: zp




Optimizers: Using matrix information

ATgorithm 7 u6nNon 1D (for non-1D parameters)

‘Algorithm 9 SOAPNon 1D (for non-1D parameters)

Tnput: Initial non- 1D parameters ar, number of ierafions T learning rate ;. momentum . number of N
iterations Tis, a, b, ¢ coeffcients.
Initializ

3 do

&g e V(€

s omoe mota,

6 g e mitg, > Practical implementation of Nesterov momentum
7. Set: wo « g,//lg:1x

8 forne [Tus]do

9 i1 ¢ aw, + bww] e (waw])’ w, > Newion-Schulz iteration
o endbr

1w e -y,

12: end for

13: Return:

Algorithm 8 Huon (general scheme)
1: Tnput: Tnitial parameters o, number of iterations T Muon’s parameters: learning rat
Newton-Schulz terations 7Txs, a. b, ¢ coefficients. Adam’s parameters: learning rate
fort € [T] do
if 2, € {embeds, scalar params, 1n head} then
ohyy & Adar (2}, 72, A, B
Ise

. momentum 5, muatber of
£, weight de

b One iteration of Adamii

o e
!, + MuonNon1D (

© One iteration of MuonNon:

Al Tis, By b T = 1)

11: Return: 4, 2%

Tnput: o

m 0,

Initialize preconditioners: ¢,,q, + eigenbasis (V.L(z

{nrle\ljda

a,
Bume s+ (1= g,
m{ + af meg,

o Bavs 1 (1- Ba)gl

e

12 Lo—dhxi»ﬂfﬁ)

B w 9

19: Return: 27

s T leaming rate ,, weight decay A, f, Bz, preconditioning frequency

0) VL (@0,€0) )

» Rotate g,

> Compute Rdan’s statistcs in rotational space

> Optional: use bias correction

& Perform update in original space
b Update preconditioners




Optimizers: Parameter-free effort

Algorithm 13 Prodigy

1: Input: Initial parameters xo, number of iterations 7', learning rate
2: Initialize: dy < 1076,y < 1,mq « 0,v < 0,79 < 0,89 + 0
3: fort € [T] do

4 g, VL(xy, &)

50 my  frmey + (1= fi)dig,

6 v Pove + (1= B2)dig, O g,
7.
8;

e y/1=B5/(1-BE)
o e VB +(1— \/Tz)“r'tdf@nzu —z)
9 st VBasi1 + (1 — VBa)edig,
10:  diga Hxx)ax{d,,m}
1 @y @ — edy (me/ (Vi + dig) + Aar)
12: end for
13: Return: zp

7, weight decay A, B1, B2, €.

> Optional: use scheduler on «y

> Optional: use bias correction

Algorithm 12 SF-AdamW

Twarmups €-
2: Initialize: 2z, < xg, v < 0
3: fort € [T] do

4: — (1= Bz + Bz

5 gy« VL(y, &)

6 v Bovy 1 +(1-Ba)g, Og,
70y /1= BEmin{1,t/Twarmup}

8 e (9e/ (Vi +€) + Ayy)
9 Crp1 ﬁ“/f

100 @eq1 < (L= 1)@ + Crp12e41

11: end for

12: Return: 7

Zey1 4 20—
2

: Input: Initial parameters x,, number of iterations 7', learning rate v, weight decay A, 8, 82, warmup iterations




Number of steps? batch size? scheduler? hyperparameters?



Setup

Number of steps? batch size? scheduler? hyperparameters?
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[terations & batch size

Table 2. Lengths of training for Small batch settings (32 x 512).

# Parameters Tokens (Iterations) Chinchilla Tokens
124M 1B (64k) | 2.1B (128k) | 4.2B (256k) | 6.3B (384k) | 8.4B (512k) | 16.8B (1024k) 25B
210M 1B (64k) | 2.1B (128k) | 4.2B (256k) | 6.3B (384k) | 8.4B (512k) | 16.8B (1024k) 12B

Table 3. Lengths of training for Large batch settings (256 x 512).

# Parameters Tokens (Iterations) Chinchilla Tokens
124M 1B (8k) | 2.1B (16k) | 4.2B (32k) | 6.3B (48k) | 8.4B (64k) | 16.8B (128k) 25B
210M 1B (8k) | 2.1B (16k) | 4.2B (32k) | 6.3B (48k) | 8.4B (64k) | 16.8B (128k) 12B

Table 4. Lengths of training for X-Large batch settings (1984 x 512).
[ # Parameters ‘ Tokens (Iterations) Chinchilla Tokens ]
[ 720M | 8B (8k) | 16B (16k) | 48B (48k) 14.4B |




Scheduler
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Learning rate decay: down to zero

Cosine Decay (AdamW, 210M, max LR 10~%)
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Benchmarking schedulers for different

optimizers
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Benchmarking schedulers for different optimizers

—— Sophia
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Benchmarking schedulers for different optimizers
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Scheduler: gradient norms perspective

Adani ADOPT AdEMANEx
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ADOPT

Scheduler: gradient norms perspective
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Hyperparameters: learning rate
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Hyperparameters: weight decay
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Hyperparameters: weight decay
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Hyperparameters: weight

Validation Loss

Validation Loss

Validation Loss

Validation Loss
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Hyperparameters: warmup

Final Validation Loss
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Hyperparameters

Validation Loss

Validation Loss
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Benchmarking at small scale
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Benchmarking at small scale

Outperformmg AdamW, Batch Size 32 (124M)
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Benchmarking at small scale

Underperforming AdamW, Batch Size 256 (124M)
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Benchmarking at small scale

Outperforming AdamW, Batch Size 256 (124M)
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Benchmarking at small scale

Underperforming AdamW, Batch Size 256 (210M)
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Benchmarking at small scale

Outperforming AdamW, Batch Size 256 (210M)
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Benchmarking: Scaling Up
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Benchmarking: Scaling Up
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Benchmarking: Wall-Time

124M 210M

< 60
E
=
10
F S & & § & & F S & PSSy E e F
& }bé“ {3‘}6&3 & g }ef %&g & I v“f ,vif%u‘lv W gy%\ SRS
¥ < & & ¥ <



The End?

Thanks!



