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Logistics

● Final projects
○ Final group confirmed tomorrow

● HW0 due tomorrow
● Quiz1 & HW1 coming tomorrow



Recap: inference
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Typesafe.ai
https://x.com/CompleteSkeptic/status/2099925682726002904
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Where are we?



The development of modern LLMs

instruction 
following

creativity

factuality safety

code math

…

pretraining 

post-training
Supervised Fine-Tuning (SFT) / Reinforcement Learning (RL) 

one or more 
stages

w/ a language 
modeling objective



What can we scale?

● The loss scales as a power-law with:
○ N: model size
○ D: dataset size
○ C: the amount of compute used for training 

(e.g., number of training steps)





FLOPs (Floating point operations per second)





Given a fixed compute budget, what is the optimal 
model size and dataset size for training?
Let’s say you can use one GPU for one day

○ Would you train a 5 million parameter LM on 
100 books?

○ What about a 500 million parameter LM on 
one book?

○ Or a 100k parameter LM on 5k books?



Given a fixed compute budget, what is the optimal 
model size and dataset size for training?

● Kaplan et al. 2020
● Chinchilla (Hoffmann et al. 2022)



Observations from Kaplan et al., 2020

● Performance depends largely on scale (model size, 
data size, and compute) and weakly on model 
architecture (e.g., depth, width)

● Performance improves most when model and 
dataset size scale together; increasing one while 
keeping the other fixed results in diminishing 
returns







Issues with Kaplan laws

● Used same learning rate schedule for all 
training runs, regardless of how many training 
tokens / batches!

● This schedule needs to be adjusted based on 
the number of training steps; otherwise, it can 
impair performance

● The resulting “scaling laws” from Kaplan et al., 
are flawed because of this!



Chinchilla scaling laws

● Kaplan et al., 2020: prioritize increasing model size over data size
○ With a 10x compute increase, increase model size by 5x and 

data size by 2x 
○ With a 100x compute increase, model size 25x and data 4x

● Chinchilla (Hoffmann et al., 2022): increase model and data size at 
the same rate
○ With a 10x compute increase, increase both model size and data 

size by 3.1x
○ With a 100x compute increase, both model and data size 10x



For a given FLOP budget there is an optimal model to 
train

valley



Projecting optimal model size and number of tokens 
for larger models



Large models should be significantly smaller and 
trained for much longer than is currently done (2022)



Large models should be significantly smaller and 
trained for much longer than is currently done (2022)

PF: PetaFLOP



Gopher vs. Chinchilla



Chinchilla’s loss function





Beyond Chinchilla-optimal

Model # Params # Training Tokens Ratio 
(tokens / param)

Chinchilla 70B 1.4T 20

Llama 1 7B 1T 142

Llama 2 7B 2T 284

Llama 3 8B 15T 1,875

Sardana et al. varies varies up to 10,000

https://www.jonvet.com/blog/llm-scaling-in-2025

https://arxiv.org/abs/2401.00448
https://www.jonvet.com/blog/llm-scaling-in-2025




Recent take

https://x.com/jietang/status/2089941544581403107

https://x.com/jietang/status/2089941544581403107


Recent take (cont’d)

There is no single “scaling law” or scaling knob. Once a model is large enough, the best way to 
improve it may be to keep its size fixed and scale how much it learns from experience, how long it 

can reason, or how much computation it uses on each problem.



Prompting

Prompting is not a mere hack but a scientific 
methodology for probing, understanding, and controlling 
AI models via their natural input-output interface.



A learning paradigm shift

Task A

Task C

Task B

Task D

 before
2018

Task A

Task C

Task B

Task D

 since
2018

training task-specific models 
from scratch pretraining and then adapting

Neural network diagrams adapted from Colin Raffel’s talk at Stanford MLSys Seminars

Image created by Gemini



How to adapt a model to a downstream task?

36

Model Fine-tuning In-context learning/Prompting

Task A

Task B

that is good → 

ça c'est bon

task descriptionTranslate English to French:

I see you → je te vois

you are welcome → je vous en prie 

no worries → pas de soucis

demonstrations



Scaling model size unlocks new capabilities

From “PaLM: Scaling Language Modeling with Pathways” by Chowdhery et al. (2022)



Inverse scaling

○ https://www.lesswrong.com/posts/iznohbCPFkeB9kAJ
L/inverse-scaling-prize-round-1-winners

○ https://www.lesswrong.com/posts/DARiTSTx5xDLQGrrz
/inverse-scaling-prize-second-round-winners

https://www.lesswrong.com/posts/iznohbCPFkeB9kAJL/inverse-scaling-prize-round-1-winners
https://www.lesswrong.com/posts/iznohbCPFkeB9kAJL/inverse-scaling-prize-round-1-winners
https://www.lesswrong.com/posts/DARiTSTx5xDLQGrrz/inverse-scaling-prize-second-round-winners
https://www.lesswrong.com/posts/DARiTSTx5xDLQGrrz/inverse-scaling-prize-second-round-winners


Inverse scaling (cont’d)





False premise questions: When did Google release 
ChatGPT?

Vu et al. 2023: 
https://arxiv.org/abs/2310.03214

https://arxiv.org/abs/2310.03214




In-context learning



In-context learning (cont’d)



What makes in-context learning work?

“Rethinking the Role of Demonstrations: What Makes In-Context Learning Work?” by Min et al. (2022)

https://arxiv.org/abs/2202.12837


Limitations of prompting

https://arxiv.org/abs/2102.09690

https://arxiv.org/abs/2102.09690


Limitations of prompting (cont’d)

https://arxiv.org/abs/2102.09690

https://arxiv.org/abs/2102.09690


Best practices for prompt engineering

● https://www.deeplearning.ai/short-courses/chatgpt-prompt
-engineering-for-developers/

https://www.deeplearning.ai/short-courses/chatgpt-prompt-engineering-for-developers/
https://www.deeplearning.ai/short-courses/chatgpt-prompt-engineering-for-developers/


In-context learning vs. supervised fine-tuning





Limitations of standard few-shot learning

● Does not work well on tasks that require reasoning abilities
● Often does not improve substantially with increasing 

language model scale

“Scaling Language Models: Methods, Analysis & Insights from Training Gopher” by Rae et al. (2021)

https://arxiv.org/abs/2112.11446


Chain-of-thought (CoT) prompting CoT reasoning 
process



Chain-of-thought prompting for various tasks



Constitutional AI: “Thought” does not need to be 
“step by step”

thought

“Constitutional AI: Harmlessness from AI Feedback” by Bai et al. (2022)

https://arxiv.org/abs/2212.08073


CoT prompting vs. 
supervised fine-tuning



Chain-of-thought prompting is an emergent ability of 
model scale





Emergent Abilities of Large Language Models

Emergence is when quantitative changes in a system result in qualitative 
changes in behavior.

An ability is emergent if it is not present in smaller models but is present in 
larger models.

Emergent abilities would not have been directly predicted by extrapolating 
a scaling law (i.e. consistent performance improvements) from small-scale 
models.



Emergent abilities show a clear pattern—performance is near-random until a certain critical 
threshold of scale is reached, after which performance increases to substantially above random.



Claimed emergent abilities evaporate upon changing the metric

“Are Emergent Abilities of Large Language Models a Mirage?” by Schaeffer et al. (2023)

https://arxiv.org/abs/2304.15004


Claimed emergent abilities evaporate upon using better statistics

“Are Emergent Abilities of Large Language Models a Mirage?” by Schaeffer et al. (2023)

https://arxiv.org/abs/2304.15004


Zero-shot chain-of-thought prompting

“Large Language Models are Zero-Shot Reasoners” by Kojima et al. (2022)

https://arxiv.org/abs/2205.11916




Zero-shot chain-of-thought prompting (cont’d)





Self-consistency prompting

“Self-Consistency Improves Chain of Thought Reasoning in Language Models” by Wang et al. (2022)

Don’t interpret SCP it as majority voting!

https://arxiv.org/abs/2203.11171


Least-to-most prompting

“Self-Consistency Improves Chain of Thought Reasoning in Language Models” by Wang et al. (2022)

https://arxiv.org/abs/2203.11171


Analogical prompting

“Large Language Models as Analogical Reasoners” by Yasunaga et al. (2023)

https://arxiv.org/abs/2310.01714


Tree of Thoughts prompting

"Tree of Thoughts: Deliberate Problem Solving with Large Language Models" by Yao et al. (2023)

https://arxiv.org/abs/2305.10601




Context engineering

https://www.anthropic.com/engineering/effective-context-engineering-for-ai-agents

https://www.anthropic.com/engineering/effective-context-engineering-for-ai-agents


Context engineering (cont’d)

Building with language models is becoming less about finding the 
right words and phrases for your prompts, and more about 
answering the broader question of “what configuration of context is 
most likely to generate our model’s desired behavior?”

https://www.anthropic.com/engineering/effective-context-engineering-for-ai-agents

https://www.anthropic.com/engineering/effective-context-engineering-for-ai-agents


Context engineering (cont’d)

System prompts should use simple, direct language and clearly 
explain what the model should do.



Context engineering (cont’d)

Context engineering is the art and science of curating what will go 
into the limited context window from that constantly evolving 
universe of possible information.

https://www.anthropic.com/engineering/effective-context-engineering-for-ai-agents

https://www.anthropic.com/engineering/effective-context-engineering-for-ai-agents


Context engineering (cont’d)

https://x.com/karpathy/statu
s/1937902205765607626

https://x.com/karpathy/status/1937902205765607626
https://x.com/karpathy/status/1937902205765607626


Recap: Decoding



Scaling model size unlocks new capabilities

From “PaLM: Scaling Language Modeling with Pathways” by Chowdhery et al. (2022)



Prompting

Prompting is not a mere hack but a scientific 
methodology for probing, understanding, and controlling 
AI models via their natural input-output interface.



A learning paradigm shift

Task A

Task C

Task B

Task D

 before
2018

Task A

Task C

Task B

Task D

 since
2018

training task-specific models 
from scratch pretraining and then adapting

Neural network diagrams adapted from Colin Raffel’s talk at Stanford MLSys Seminars

Image created by Gemini



How to adapt a model to a downstream task?

80

Model Fine-tuning In-context learning/Prompting

Task A

Task B

that is good → 

ça c'est bon

task descriptionTranslate English to French:

I see you → je te vois

you are welcome → je vous en prie 

no worries → pas de soucis

demonstrations





In-context learning



In-context learning (cont’d)



What makes in-context learning work?

“Rethinking the Role of Demonstrations: What Makes In-Context Learning Work?” by Min et al. (2022)

https://arxiv.org/abs/2202.12837


Limitations of prompting

https://arxiv.org/abs/2102.09690

https://arxiv.org/abs/2102.09690


Limitations of prompting (cont’d)

https://arxiv.org/abs/2102.09690

https://arxiv.org/abs/2102.09690


In-context learning vs. supervised fine-tuning





Limitations of standard few-shot learning

● Does not work well on tasks that require reasoning abilities
● Often does not improve substantially with increasing 

language model scale

“Scaling Language Models: Methods, Analysis & Insights from Training Gopher” by Rae et al. (2021)

https://arxiv.org/abs/2112.11446


Chain-of-thought (CoT) prompting CoT reasoning 
process



Chain-of-thought prompting for various tasks



Constitutional AI: “Thought” does not need to be 
“step by step”

thought

“Constitutional AI: Harmlessness from AI Feedback” by Bai et al. (2022)

https://arxiv.org/abs/2212.08073


CoT prompting vs. 
supervised fine-tuning



Chain-of-thought prompting is an emergent ability of 
model scale





Emergent Abilities of Large Language Models

Emergence is when quantitative changes in a system result in qualitative 
changes in behavior.

An ability is emergent if it is not present in smaller models but is present in 
larger models.

Emergent abilities would not have been directly predicted by extrapolating 
a scaling law (i.e. consistent performance improvements) from small-scale 
models.



Emergent abilities show a clear pattern—performance is near-random until a certain critical 
threshold of scale is reached, after which performance increases to substantially above random.



Claimed emergent abilities evaporate upon changing the metric

“Are Emergent Abilities of Large Language Models a Mirage?” by Schaeffer et al. (2023)

https://arxiv.org/abs/2304.15004


Claimed emergent abilities evaporate upon using better statistics

“Are Emergent Abilities of Large Language Models a Mirage?” by Schaeffer et al. (2023)

https://arxiv.org/abs/2304.15004


Zero-shot chain-of-thought prompting

“Large Language Models are Zero-Shot Reasoners” by Kojima et al. (2022)

https://arxiv.org/abs/2205.11916




Zero-shot chain-of-thought prompting (cont’d)





Self-consistency prompting

“Self-Consistency Improves Chain of Thought Reasoning in Language Models” by Wang et al. (2022)

Don’t interpret SCP it as majority voting!

https://arxiv.org/abs/2203.11171


Least-to-most prompting

“Self-Consistency Improves Chain of Thought Reasoning in Language Models” by Wang et al. (2022)

https://arxiv.org/abs/2203.11171


Analogical prompting

“Large Language Models as Analogical Reasoners” by Yasunaga et al. (2023)

https://arxiv.org/abs/2310.01714


Tree of Thoughts prompting

"Tree of Thoughts: Deliberate Problem Solving with Large Language Models" by Yao et al. (2023)

https://arxiv.org/abs/2305.10601




Best practices for prompt engineering

● https://www.deeplearning.ai/short-courses/chatgpt-prompt
-engineering-for-developers/

https://www.deeplearning.ai/short-courses/chatgpt-prompt-engineering-for-developers/
https://www.deeplearning.ai/short-courses/chatgpt-prompt-engineering-for-developers/










Context engineering

https://www.anthropic.com/engineering/effective-context-engineering-for-ai-agents

https://www.anthropic.com/engineering/effective-context-engineering-for-ai-agents


Context engineering (cont’d)

Building with language models is becoming less about finding the 
right words and phrases for your prompts, and more about 
answering the broader question of “what configuration of context is 
most likely to generate our model’s desired behavior?”

https://www.anthropic.com/engineering/effective-context-engineering-for-ai-agents

https://www.anthropic.com/engineering/effective-context-engineering-for-ai-agents


Context engineering (cont’d)

System prompts should use simple, direct language and clearly 
explain what the model should do.



Context engineering (cont’d)

Context engineering is the art and science of curating what will go 
into the limited context window from that constantly evolving 
universe of possible information.

https://www.anthropic.com/engineering/effective-context-engineering-for-ai-agents

https://www.anthropic.com/engineering/effective-context-engineering-for-ai-agents


Context engineering (cont’d)

https://x.com/karpathy/statu
s/1937902205765607626

https://x.com/karpathy/status/1937902205765607626
https://x.com/karpathy/status/1937902205765607626


Thank you!


