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Implementation details. Code is available in supplemen-
tary material. All experiments are conducted on a single
NVIDIA Titan 24GB GPU. Our framework consists of the
I-NFE Chord transport step and an optional 1-NFE prox-
imal refinement. To present the best overall performance,
our default ChordEdit (NFE=2) includes this refinement
(parameters: n = 1, ¢ = 0.90, 4 = 0.15, A = 1.00,
t. = 0.30). These defaults reflect a clear trade-off, as
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2 + 2z 4z =0. (2)

Physics block. Our physics block numerically solves the
differential equation using a single step of Euler’s method:

?(1} o Z —2¢ ., Zt—Zf—
2 ~ H_éf t ~ t 5; 1 (3)
1
Zt+1 — <t -+ (Sff'.-lg ) (4)
il 1 2
3§'+)1 =3 z‘f s 5?‘,3} i (5)

Plugging in Eq. 2, we can rewrite the physics block as:
" 1 . 1
Zt41 = 2¢ + Ot (:f:f( S Ot('}/lzf b ’}’[}3{)) : (6)

P :R% 5 R?

2>

t+1 — P"}‘(‘Zt? e Zt—ms ’)) (7)



R EREITE

uifih sk AT — il (b B R AR S :

z+1 = Ep(z141),

PAR P BEA BP0 tH AR A -

Zt41-

—BHERIR TR E, MRYPRAINE 2, S ERRIEIUE 2 Z A2

. 2
Ly = ||Z4+1 — 2415 -

Rl a2 A DARERE R -
Lo = Dgp(P(2) || Q)

2L ZRR N :
=L+ Lo

ZARKH T S Fifefl, [RINSE Franbdan 240 0 MR ETR S THIVIELZEL o



IZTTIERIATUR . AHERE

A&

1%, midikE&RmS L RBHIRMNIBL T YIRS

BOWE Mo 32, fER2E ] —BPEER P EL 2 TR




. SRS AR

b 3 ot Bt







F—¥: HHERY

B A DLT40 L E m [ token S A iR @, € R¥medet | PL KA T4 X557 B n 1 token 4
fiE o) x, € Rimodet

VESE: R P A T R A

dm — W;wma
k:ﬂ — ka'n*

e T
N
e

B METEM Query [+ qn € RY il Key [ & k, € RY, Hr d B3 L 4ERE
H d Wi B%. W qn Ml k, AR EREE. PEFERH

dm — [‘?ITQE:"'?qd]T' (3)



B ERHELHBE

WA S5 d 4 Query FTik

Qi = [@1; Qs oo 0]+
W IR, S SPIATC R — R SRR X

j€{1,2,...,d/2},
Hygd d/2 A HETasia), RIS TS A Al — M E e 6

f; = 10000~2U-1/d,
iy 153 d/2 MRS IR

¢V = qoj1 +igy;,

ARt B IR A 0.



F=F: EABYNE (HEEIEHR)

BA: B AMARIE, DA token LSRR AR it m.

WL FRIOIE m S TR 0, HITe, HSRINER A me;. fEETH L, i
HEAEMTIRA 7%, SHTH j e, A

(}U) = (Q‘Zj—l -+ iq;gj)f,.’.imgj. (8)

ST CITR/NTN

™% = cos(mb;) + isin(mb;), (9)



F=F: EABYNE (HEEIEHR)

RS C AN

"™ = cos(mb;) + isin(m#;), (9)

FEFFH- I B ISR, W DA SEROE FERIER TR X —H . & XIS e HEFF Ro

( cosmb; —sinmb, 0 0 e 0 0 \
sinmf; cosmb 0 0 o 0 0
0 0 cosmby — sinmdb,
Rem = 0 0 sinm#y cosmby .- 0
0 0 0 oo cosmbg,  —sinmby s
\ 0 0 0 0 cooosinmblys cosmbys /

(10)



F=F: EABYNE (HEEIEHR)

g% J5 1) Query [ 5 A
(jm — R(—),mqm- (11)

AR, XF Key [ &N AL T4EXOLE n B IER -

E:n, = R@,nkn- (12)

Wil gt T AR EAE B ATERE Query B G, FIUIERE Key [l ko HAPERES j X
ik TR Pl

G2j—1 = Qa2j—1 cos(mb;) — qo; sin(mb,), (13)
62.;5 = (2j—1 Sil’l(ﬁ'lﬁj) + @2; cos(;m.ﬁ J) (1 4)









% 3 df Bt

A . GRPORIFT/IN\LHS




ENX—1 1 policy netfl— reward fn

class Policy(nn.Module):
def __init_ (self, num_prompts, num_actions, hidden_dim=64):

super().__init_ ()
self.emb = nn.Embedding(num_prompts, hidden_dim)
self.head = nn.Linear(hidden_dim, num_actions)

def forward(self, prompts):
x = self.emb(prompts)
logits = self.head(x)
return logits

def reward_fn(prompts, actions, num_actions):

IRIn]

RS prompt HUIEEMERERE prompt_id % num_actions,

e Faraa

X reward = 1, &% reward = 0,
targets = prompts % num_actions
rewards = (actions == targets).float()
return rewards



& ZE— 1 Ref net

num_prompts = 32
num_actions = 8

policy = Policy(num_prompts, num_actions)
ref_policy = copy.deepcopy(policy)
H

for p in ref_policy.parameters():

p.requires_grad = False
_""--—_

optimizer = torch.optim.AdamW(policy.parameters(), lr=1le-3)

y o1

group_size = 8 # &1 prompt FKE/LT
batch_size = 16 # prompt Z{&
clip_eps = 0.2
beta = 0.05

3+






waA L LU'ILH:-II'U__BIGU\II
logits_old = policy(prompts_group)
dist_old = Categorical(logits=1logits_old)

actions = dist_old.sample()
old_log_probs = dist_old.log_prob(actions)

rewards = reward_fn(prompts_group, actions, num_actions)

# i1® group-relative advantage

rewards_grouped = rewards.view(batch_size, group_size)

advantages = (rewards_grouped - rewards_grouped.mean(dim=1, keepdim=True)) / |
rewards_grouped.std(dim=1, keepdim=True) + le-8

)

advantages = advantages.view(-1).detach()

* AfE—# rollout ZiE, M3.XL PPO / GRPO EZFf
for ppo_epoch in range(4):

logits = policy(prompts_group)
dist = Categorical(logits=logits)
log_probs = dist.log_prob(actions)

ratio = torch.exp(log_probs - old_log_probs)

unclipped = ratio #* advantages
clipped = torch.clamp{ratio, 1 - clip eps, 1 + clip_eps) #* advantages

policy_loss = -torch.min(unclipped, clipped).mean()
optimizer.zero_grad()

policy_loss.backward()
optimizer.step()
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Evaluation

Validation: What do you keep an eye on during training?

Test: How do we compare different LLMs quantitatively?












Scaling Law

If you had a given budget of compute, what
model would you train on how much data?






ldea #2: Tune hyperparams at small scale!

* Then just copy them over and run them at large scale.

e Challenge?

e ... turns out they don't transfer so easily! Best choice at small scale
may not be the same at larger scale. (E.g., inductive biases or LR)

e This also doesn't tell you how large to make your choices.






Scaling laws

minimize fest-loss(model size, data, baich size, steps,...) such that compute within budget
for a given architecture, how much data / params would be needed for a target performance?

can we extrapolate from smaller to larger models / experiments??

Nopt(C)) DOpt(C) = argmln L(Na D)
N,D s.t. FLOPs(N,D)=C






Key Finding: power law relationships

LX)=(1/X)*=X"" But what'’s the
/ /’ value of alpha?
test loss resource _ .
(data/parameters/ Varies with your
compute) pre-training design.

e scale X >2X => Loss -> 27% Loss



How does the test loss scale as a function of data size?

If parameters and total compute are too large to be bottlenecks (“infinite”)...

4.2
—— L=(D/5.4-1013)70.09
3.9
@ 3.6
o
B 33
o
3.0
actually log scale too = e T8 T
log(L - irreducible error ' \
9( ) Dataset Size log scale

tokens



How does the test loss scale with number of params?

If tokens and total compute are too large to be bottlenecks (“infinite”)...

Test loss

4.2

3.9

3.6

3.3

3.0

2.7

—— L=(D/5.4" 1013)-{1.095

108 10°

Dataset Size
tokens

5.6
4.8

4.0

3.2

2.4

—— L=(N/8.8-1013)-0.076

105

107 10°

Parameters
non-embedding




How does the test loss scale with available compute?

® power law too, if you allocate compute “optimally”

=
4.2
6 —— L=(D/5.4-1013)-00% | 56 —— L=(N/8.8-1013)70.076
3.9
4.8
2 5
; 4.0
9 4
e
? 3.3 3.2
= 3
3.0
2.4
L = (Cmin/2.3 - 108)~0.050
2 . — J : 2.7 . ; — . .
10 1077 105 10% 107! 10! 108 10 105 107 109
Compute Dataset Size Parameters

PF-days, non-embedding tokens non-embedding









Predictions: extrapolation

For a given #FLOPs, how many
parameters should we allocate?
(compute = 6 x data x params)

1T
- Approach 1
e — Approach 2
5 -  Approach 3
% 10B -=-= Kaplan et al (2020)
E Yr Chinchilla (70B)
E 108 ¥ Gopher (280B)
% GPT-3(175B)
Y Megatron-Turing NLG (530B)
100M

101? 1019 1021 1023 1025
FLOPs
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Scaling Law: =ZXBR NN 48 BRI

L(N,D) = Loo + A/N*a + B/D"B
| | l

Loo A/N*a B/D"B
REILigg SENRIR RN
EEABAE RN BRIFABEN TR $) T

BIDESR: loss N TREARRE—ZEEWH, I N5 D HIHEDERKE.



HOAER: C=~6ND, fEializziii

izt min L(N,D) s.t. C=6ND

* BEEMET, N5 D A2MIUE

* BRIERKKRETERMRZERDFRE &

* XMEGHARN BENBEFEN
L% C, XN BRLMEm) D; MK D sasMmgs/s N,



XESL: RESHEEERUEFIEK

N x 2 Dx 2 S

| | D = 20N
for every doubling of model size,

training tokens should also double #) 20 tokens / parameter

7B S} ~ 140B tokens 70B S} ~ 1.4T tokens

—aiE: KREEXK, FIEHBRETEK.




RE®REH: B/\W Chinchilla B3 8 AR Gopher

Gopher

280B 2% - 49 300B tokens

BE iE

PURK, BHRBHENTE

same compute
better allocation

Chinchilla

70B 8 - £ 1.4T tokens

B iz

PHE), BIlFERS
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ENVER

JSemantic Targets vs. Raw Pixels
1Combined losses

L=Lcrip+Lpino + LiBoT++
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