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Limitations of Cosine LRS

Standard Cosine LRS

Continual training requires a
full restart at this point

Requires pre-specification
of total training steps
| l |
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From Cosine Scheduler to WSD

Standard Cosine LRS WSD

Continual training requires a
ull restart at this point

Requires pre-specification
of total training steps
| 1

Roll back to this point to
continue training or re-decay

# Requires pre-specificaljon
of decay-phase strategy
1 1

|

Pretraining-friendly
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Limitations of WSD

WSD

*
. y
Roll back to this goint to
. - . -
continue training or,re-decay
*
*

» When to start? -
> How long to decay? | One Decay Training
» Which Curve? { One Experiment

» What if modifications?

—

Requires pre-specificaljon
of decay-phase strateégy
1 | 1 1

B,

Requires pre-specifying
phase/strategies. Rolls back to
the end of the stable phase.



Limitations of WSD

» When to start?

» How long to decay?

» Which Curve?

» What if modifications?
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WSD vs. WSM at a glance
WSD WSM (Ours)
d
Roll back to this goint to i

- - . -
continue training or,re-decay
*
*

One Decay Training
One Experiment

—

Requires pre-specificaljon
of decay-phase strategy
1 1

] L .y

One Training
Multiple Experiments

1 1 ] 1 L e

Requires pre-specifying
phase/strategies. Rolls back to
the end of the stable phase.

No annealing required during
training. Simulates various decay
methods via checkpoint merging.
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Merging as Synthetic Decay

) BN T e

Gaoling School of Artificial Intelligence

Checkpoint Merging Gradient updating (with LR Decay)
A k ) K
0,1k = Z Cithn Optk = 00— ) _ Wi~ Gnti1

ﬁﬂl fll

(c_j ~ weight of merged ckpts) (w_j ~ weight of accumulated gradient)
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Merging as Synthetic Decay

Checkpoint Merging Gradient updating (with LR Decay)
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Link between Checkpoint Merging and Gradient updating
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Merging as Synthetic Decay

Checkpoint Merging Gradient updating (with LR Decay)
R k ) k
0,1k = Z Cithn Ok = On — Zw:‘ * &nti—1
]:O =1

Link between Checkpoint Merging and Gradient updating
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Merging as Synthetic Decay
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Any decay schedule can be translated into a principled model merging weight.

w(t)=1-0.11"¢ wit)=1-t
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The empirical ranking is consistent across both worlds: 1-sqrt > Mean > EMA.




Experiments

Experiment Setup

« Ling-mini, a standard MoE model
with 16.3B ~ Al.4B parameters

« Begin with a checkpoint pretrained

on 10.2T tokens

Vocabulary size of

Attention head
num is 64, and
group size is 8
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[ Linear Output Layer

]

| Final RMSNorm |
A

[ MoE

B

l RMSNorm 2 |

{l
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Supported
content length
of 128k tokens

80 x

First 4 blocks use
dense FFN with
hidden size 18,432
instead of MoE

RMSNorm 1
3

i

[ Token Embedding Layer

>

Tokenized Text |

Sample input text

Embedding

N TR HE B

Gaoling School of Artificial Intelligence

Training Objective: Next-Token Prediction
and Multi-Token Prediction (MTP)

Feed Forward (SwiGLU) Module

SiLU activation ] Linear Layer

.
....................................

r—

Intermedlate hidden
layer dimension of 2,048

//«K
Feed Foward ﬁ [ Feed Foward |

E Layer .E

Resource Savings:
* Model size is 1T
* But only 1 (shared) + 8 experts

dimension of 8,192 activate per token

* Only 51B parameters are
activate per inference step
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WSM vs. WSD: Main Results

- Red: LR decay in WSD - Gray: Stable LR in WSM - Blue: Post-merge Model in WSM

Professional Knowledge Math
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Code
: SUEZ 4\ Tl XN | = 4fhﬁ
g™ g g
100 20(.)r°kens(3§)) 400 500 100 20(.)r°kens(33l], 400 500 100 20[.]r°kens(330) 400 500
—e— WSM (Before Merge) —e— WSD WSM (Merge 8) —+— WSM (Merge 12) —e— WSM (Merge 16) —e— WSM (Merge 20)
General Language Professional Overall
Knowledge = Modeling bl St Knowledge Average
WSD 69.06 67.78 57.49 64.88 53.46 62.67
Base Model] WSM 70.22 68.67 58.81 65.58 56.04 63.95
Improv. +1.68% +1.31% +2.30% +1.08% +4.83% +2.04%

WSM outperforms WSD by over 2%. 11
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WSM vs. WSD: Main Results
- Red: LR decay in WSD - Gray: Stable LR in WSM - Blue: Post-merge Model in WSM
Professional Knowledge Math Code
: SUEZ 4\ Tl XN | = 4\//’”
3 3ss 3"
100 20(.)r°kens(3§)) 400 500 100 20(.)r°kens(3&ﬂ, 400 500 100 20[.]r°kens (3;0) 400 500
—e— WSM (Before Merge) —e— WSD WSM (Merge 8) —+— WSM (Merge 12) —e— WSM (Merge 16) —e— WSM (Merge 20)
Language Knowledge Math Code Reason Agent Ii)vera]l
verage
WSD 81.12 60.00 61.43 58.23 63.21 68.16 62.90
Inst Model WSM 84.78 61.73 62.28 57.95 64.94 69.33 64.07
Improv. +4.51% +2.88% +1.38% -0.48% +2.74% +1.72% +1.86%

This advantage holds up after SFT. 12
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Key Drivers of WSM

64.0 -
o) C 63.5 v' Larger merging duration
c .0 Les . .
'Oy B <5 v Good merging algorithm
© :_.5 62.5
o5 S 620 Merge 2 v' Finer merging granularit
s > g i
& <o —— Merge 12 . . : .
oL + Merge 16 v Introduction of high-quality annealing data
61.0 1 —e— Merge 20
100 200 300 400 500
Tokens (B)
General Language Professional Overall
(0)] £ Knowledge Modeling Math S Knowledge Average
c C
o e Decay  1-sgrt 69.06 67.78 57.49 64.88 53.46 62.67
| .
o © EMA 69.05 67.64 58.81 64.19 54.44 63.01
s O Merging Mean 70.22 68.67 5881 65.58 56.04 63.95
< 1-sqrt 70.27 68.26 59.65 65.70 55.42 64.06
P Merging General Language Professional Overall
(0)) E Granularity Knowledge Modeling Math St Knowledge Average
o (5B,16) 69.46 79.95 57.07 64.68 53.82 63.63
o5 (10B,8) 69.23 80.00 57.94 64.39 53.78 63.78
o C (20B 4) 69.29 80.29 56.79 63.87 54.19 63.36
S O (40B,2) 68.47 79.83 56.57 63.59 52.20 62.77
O (80B,1) 67.47 64.98 55.07 61.69 51.61 60.33
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Additional Observations

(] o L ] L] ° °
v Decay & Merging: Not additive v Improved Generalization
—T 60.370
Overall Average Performance Overall Average Performance —5.5 % Merged-Model
— = - - - — e Decay-8T
e constant | 50.496
501 : r r 621 -6.0
_|55' o ﬂi : ! v 61 - 58.622
E 50+ M ; —637 77008
iqs F gm{ ; -57.748%
s | §-7.01 g
v i o590 K 3
& 40} T 3 56.874 &
35! r 58 - ST
56.000
301 l 5714 | —-8.0 1
0 2000 4000 6000 8000 10000 10000 10020 10040 10060 10080 10100 55.126
Training Tokens (B) Training Tokens (B) 85
—— constant —e— Decay  * Decay-then-Merge —— Decay —+— Merge-then-Decay - T e o o L 54.252

Weight-1

v' Better Load Balancing

language modeling loss mean_global max_violation mean_global_min_violation

WSD 0.675 0.601 0.322
WSM 0.697 0.545 0.201
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Conclusion

« We present Warmup-Stable and Merge (WSM), a simple yet general framework for
LLM pretraining LR scheduling.

« Through extensive experiments, we systematically investigate key factors in
instantiating this framework, including merge methods, merge frequency, and the
compatibility of merging and decay strategies.

« WSM achieves substantial improvements over WSD, and offers significant

flexibility in training.

Thanks for your attention



	幻灯片 1
	幻灯片 2
	幻灯片 3
	幻灯片 4
	幻灯片 5
	幻灯片 6
	幻灯片 7
	幻灯片 8
	幻灯片 9
	幻灯片 10
	幻灯片 11
	幻灯片 12
	幻灯片 13
	幻灯片 14
	幻灯片 15

