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Scaling Law



Scaling Law

Taiwan-LLM 
v2 13B

GPT-4
 

v3 70B



Emergent Abilities


An ability is emergent if it is not present in smaller models  

but is present in larger models.



Emergent Abilities




How to Scale?


Training FLOPs ~= 6 x Model Size x Number of Tokens



How to Scale?


Training FLOPs ~= 6 x Model Size x Number of Tokens

Taiwan-LLM Training FLOPs = 6 x 70e9 x 500e9 = 2e23

GPT-4 FLOPs = 2e25



Cost of Frontier Models


GPT-4 FLOPs = 2e25 ~100M USD

GPT-5 FLOPs = 2e26? ~1B USD

GPT-6 FLOPs = 2e27? ~10B USD

2023 Q1

2024 Q4?

2025?



Chinchilla’s Law




Research Question
• Given a fixed FLOPs budget, C, how should one trade-off model size and 

number of training tokens


• Final pre-training loss as a function of L(N, D)


• N: # parameters


• D: # training tokens



Fix FLOPs

Figure source: The Llama 3 Herd of Models



Pertaining loss as downstream performance indicator?

Figure source: The Llama 3 Herd of Models



Transformer Architecture



• Vanilla Transformers vs LLaMa (請⾒去年實習課影片）

• RMS Normalization

• Rotary Positional Encoding

• KV-Cache

• Group Query Attention

• SwiGLU


• Mixture of Expert



Rumor:  
GPT4 / Gemini Architecrue



Open-weight MoE
Org #Experts Active Params / Total Params

Mixtral 8x7B Mistral 8 13B / 56B

Grok-1 X.AI 8 86B / 314B

DBRX Databricks 16 36B / 132B

Arctic Snowflake 128 17B / 480B

DeepSeekMoE Deepseek 162 (2 shared) 21B / 236B



Dense vs MoE



共享 Expert

Figure source: DeepSeekMoE: Towards Ultimate Expert Specialization in Mixture-of-Experts Language Models



Attention 也可以 MoE?

Figure source:JetMoE: Reaching Llama2 Performance with 0.1M Dollars



Attention 也可以 MoE?

Figure source:JetMoE: Reaching Llama2 Performance with 0.1M Dollars

Llama 3.1 405B 參數分佈

Attn 做 MoE 好處不⼤



Figure source: DeepSeek



Token 先決 



Token 塞⾞ 

Figure source: Stanford CS25: V1 I Mixture of Experts (MoE) paradigm and the Switch Transformer

Token dropping



負載平衡

Figure source: Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity



負載平衡

Expert 1 Expert 2

Token 1 0.5 0.5

Token 2 0.5 0.5

Token 3 0.5 0.5

Expert 1 Expert 2

Token 1 0.51 0.49

Token 2 0.51 0.49

Token 3 0 1

f_1 = 2/3

P_2 = (0.5+0.5+0.5) / 3

P_1 = (0.5+0.5+0.5) / 3
f_2 = 1/3

Loss = 2/3 x 0.5 + 
            1/3 x 0.5  
         = 0.5

f_1 = 2/3

P_2 = (0.49+0.49+1)  
           / 3

P_1 = (0.51+0.51) / 3
f_2 = 1/3

Loss = 0.447



Token 先決的問題

● 負載不平衡 / Balancing Loss 不穩定             （Expert-choice） 
● 每⼀個 token ⽤相同的 FLOPs                      （Mixture of Depth）



Expert 先決 Token 先決 



效果顯著...嗎？

Figure source: Mixture-of-Experts with Expert Choice Routing



效果顯著...嗎？

Figure source: Mixture-of-Experts with Expert Choice Routing

需要多解決⼀個問題: 訓練與推論時 router 的輸入不同



Token 先決的問題

● 負載不平衡 / Balancing Loss 不穩定             （Expert-choice） 
● 每⼀個 token ⽤相同的 FLOPs                      （Mixture of Depth）



跳層

Figure source: Mixture-of-Depths: Dynamically allocating compute in transformer-based language models


