
Lecture 13: LLM prompting, in-context learning, 
scaling laws, emergent capacities (cont’d)

COMP 3361 Natural Language Processing

Spring 2024

Many materials from COS484@Princeton and CSE447@UW (Taylor Sorensen) with special thanks!



Lecture 3: Tokenization

Announcements

• As mentioned, #assignment-2 due date is extended to Mar 22, next 
Friday 
• #course-project will be released on Mar 22 

• TA will deliver a coding tutorial on Transformers and #assignment-2 
next Tuesday (Mar 19).  
• Come to the class if you have problems with transforming what we 

taught in class into code implementation! 
• Final exam plan 
• Course project plan



3(Brown et al., 2020): Language Models are Few-Shot Learners

GPT-3’s scaling laws in performance



Chain-of-thought (CoT) prompting

4(Wei et al., 2022): Chain-of-Thought Prompting Elicits Reasoning in Large Language Models



Natural Language Processing - CSE 517 / CSE 447

Why in-context learning with LLMs?

•Amazing zero/few-shot performance 

◦Save a lot of annotation! 🎉

•Easy to use without training

◦Just talk to them! 👍

•One model for many NLP applications 😄

◦No need to annotate and fine-tune for different tasks

But, again, they are sensitive to prompts! Need to design a good prompt or train a good 
example retriever! 😂
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Okay, so bigger is better? Can you be more specific?
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Scaling Laws
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Scaling Laws (Kaplan et al., 2020)

• Kaplan et al., 2020 (OpenAI) explore how performance scales w.r.t. 
several parameters 

• Vary: 
• Scale: - # Model Params,  - Dataset size (tokens) 
• Other hyperparameters: Hidden layer sizes, context length, batch 

size 
• Goal: Can we reliably predict test loss  based on training scale 

(parameters and dataset size)?
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Scaling Laws (Kaplan et al., 2020)
• Result: Test loss  very closely 

follows a power law: 
• Given constant dataset size , 

• Given constant model size ,

<latexit sha1_base64="ZulQnuAxajCQqeGX0rA170utLio=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQiwcPCZgHJEuYnXSSMbOzy8ysEJZ8gRcPinj1k7z5N06SPWhiQUNR1U13VxALro3rfju5ldW19Y38ZmFre2d3r7h/0NBRohjWWSQi1QqoRsEl1g03AluxQhoGApvB6HbqN59QaR7JBzOO0Q/pQPI+Z9RYqXbfLZbcsjsDWSZeRkqQodotfnV6EUtClIYJqnXbc2Pjp1QZzgROCp1EY0zZiA6wbamkIWo/nR06ISdW6ZF+pGxJQ2bq74mUhlqPw8B2htQM9aI3Ff/z2onpX/spl3FiULL5on4iiInI9GvS4wqZEWNLKFPc3krYkCrKjM2mYEPwFl9eJo2zsndZvqidlyo3WRx5OIJjOAUPrqACd1CFOjBAeIZXeHMenRfn3fmYt+acbOYQ/sD5/AGmyYza</latexit>

L

<latexit sha1_base64="nKmfocFW39sCTNBvMUhn0TSRLT0=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2NQDx4TMA9IljA76SRjZmeXmVkhLPkCLx4U8eonefNvnCR70MSChqKqm+6uIBZcG9f9dnIrq2vrG/nNwtb2zu5ecf+goaNEMayzSESqFVCNgkusG24EtmKFNAwENoPR7dRvPqHSPJIPZhyjH9KB5H3OqLFS7a5bLLlldwayTLyMlCBDtVv86vQiloQoDRNU67bnxsZPqTKcCZwUOonGmLIRHWDbUklD1H46O3RCTqzSI/1I2ZKGzNTfEykNtR6Hge0MqRnqRW8q/ue1E9O/9lMu48SgZPNF/UQQE5Hp16THFTIjxpZQpri9lbAhVZQZm03BhuAtvrxMGmdl77J8UTsvVW6yOPJwBMdwCh5cQQXuoQp1YIDwDK/w5jw6L8678zFvzTnZzCH8gfP5A5qpjNI=</latexit>

D

<latexit sha1_base64="Myr3Kcmiy/fK9XQuulchFknRygM=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQiydJwDwgWcLspJOMmZ1dZmaFsOQLvHhQxKuf5M2/cZLsQRMLGoqqbrq7glhwbVz328mtrK6tb+Q3C1vbO7t7xf2Dho4SxbDOIhGpVkA1Ci6xbrgR2IoV0jAQ2AxGt1O/+YRK80g+mHGMfkgHkvc5o8ZKtftuseSW3RnIMvEyUoIM1W7xq9OLWBKiNExQrdueGxs/pcpwJnBS6CQaY8pGdIBtSyUNUfvp7NAJObFKj/QjZUsaMlN/T6Q01HocBrYzpGaoF72p+J/XTkz/2k+5jBODks0X9RNBTESmX5MeV8iMGFtCmeL2VsKGVFFmbDYFG4K3+PIyaZyVvcvyRe28VLnJ4sjDERzDKXhwBRW4gyrUgQHCM7zCm/PovDjvzse8NedkM4fwB87nD6nRjNw=</latexit>

N

<latexit sha1_base64="X/q1JkGCcld6fw1jcVs2pirR+9w="></latexit>

L(N) ⇡
✓
Nc

N

◆↵N

<latexit sha1_base64="wMAXW2XfX2InC3jHMBWy5fDVlZE="></latexit>

L(D) ⇡
✓
Dc

D

◆↵D

To linearly decrease test loss , you 
need to exponentially increase 
dataset size  or model size 
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Scaling Laws (Kaplan et al., 2020)
• Result: Test loss  very closely 

follows a power law: 
• Given constant dataset size , 

• Given constant model size ,
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Empirical estimates of parameters from experiments
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LLaMA (Touvron et al., 2023)

• OpenAI/Deepmind only looked at the optimal size given a fixed 
training compute budget 

• What if you care more about inference time compute cost? 
• Smaller model => Smaller inference cost 
• To get best small model, should just train a small model on as much 

data as possible (beyond “Chinchilla-optimal”) 
• “Overtrained” LLaMA-13B outperformed GPT-3 on many benchmarks

<latexit sha1_base64="OTXO7LEOpVLXOBlwL10jYY1yUyk="></latexit>

Nopt(C), Dopt(C) = argmin
N,D s.t. FLOPs(N,D)=C

L(N,D)

https://arxiv.org/pdf/2302.13971.pdf
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Recently
• A lot of recent progress has been made from training bigger models on more 

data: LLaMA 2, GPT-4, Gemini, Mistral, etc. 
• Note: quality matters too! Need more high-quality data, low-quality data does 

not improve performance 
• Limits of scale: 

• Limits on data: Modern LLMs are trained 
on basically the entire internet - we can’t 
find 10 new internets out of nowhere 

• Limits on compute: Big tech companies 
can’t continue to 10x their model sizes 
for much longer

But that won’t stop Sam Altman from 
trying!

(For context: $7T is more than GDP of all 
countries except US and China! Japan: 

$4.2T, Germany: $4T, …)
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Emergent capabilities of LLMs?



Emergent properties of LLMs

14(Wei et al., 2022) Emergent Abilities of Large Language Models
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Emergent capabilities a mirage?

• (Schaeffer et al., 2023) take issue 
with the characterization of 
“emergent capabilities” 

• Most metrics used in (Wei et al., 
2022) were “hard” metrics which 
don’t give partial credit like 
accuracy

Hard Accuracy: 
A) 123 + 456 = 579 ✅ 
B) 123 + 456 = 578 ❌ 
C) 123 + 456 = 42 ❌  

In (Wei et al., 2022), B and C are 
both wrong, even though B is 
much closer to correct than C

https://arxiv.org/abs/2304.15004
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Emergent capabilities a mirage?

• (Schaeffer et al., 2023) measure soft 
metrics (e.g., how many digits are 
correct, probability of the right 
answer) for “emergent abilities” 

• Find much more predictable 
scaling 

• Different metric choices lead to 
different appearances of 
“emergent” or not emergent 

• “Emergent abilities” are a mirage(?)

Hard Accuracy: 
A) 123 + 456 = 579 ✅ 
B) 123 + 456 = 578 ❌ 
C) 123 + 456 = 42 ❌  

Soft Accuracy (# correct digits): 
A) 123 + 456 = 579 3/3 ✅ 
B) 123 + 456 = 578 2/3 🤷 
C) 123 + 456 = 42 0/3 ❌ 

https://arxiv.org/abs/2304.15004


What happened after GPT-3?
(Is model size ,  training corpora  the only way to go?)↑ ↑



How was ChatGPT developed?

https://yaofu.notion.site/How-does-GPT-Obtain-its-Ability-Tracing-Emergent-
Abilities-of-Language-Models-to-their-Sources-
b9a57ac0fcf74f30a1ab9e3e36fa1dc1

What’s new?

• Training on code

• Supervised instruction tuning 
• RLHF = Reinforcement learning  

from human feedback



How was ChatGPT developed?

(Slide credit: Graham Neubig)



InstructGPT: Supervised instruction tuning + RLHF

(Ouyang et al., 2022): Training language models to follow instructions with human feedback
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SFT data: only ~13k (not public)

Supervised instruction tuning



(Ouyang et al., 2022): Training language models to follow instructions with human feedback

InstructGPT: Supervised instruction tuning + RLHF



InstructGPT: Supervised instruction tuning + RLHF

(Ouyang et al., 2022): Training language models to follow instructions with human feedback



ChatGPT = InstructGPT + dialogue data

https://openai.com/blog/chatgpt

“We trained this model using Reinforcement 
Learning from Human Feedback (RLHF), using 
the same methods as InstructGPT, but with 
slight differences in the data collection setup. We 
trained an initial model using supervised fine-
tuning: human AI trainers provided conversations 
in which they played both sides—the user and an 
AI assistant. We gave the trainers access to 
model-written suggestions to help them compose 
their responses. We mixed this new dialogue 
dataset with the InstructGPT dataset, which we 
transformed into a dialogue format.”


Human feedback data is the key!

https://openai.com/blog/instruction-following/


Recent models are getting smaller?
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• Smaller models trained on 1.4T, high-quality & publicly available data

• The models (LLaMA 2) are public

• “LLaMA-13B outperforms GPT-3 (175B) on most benchmarks, and 
LLaMA-65B is competitive with the best models, Chinchilla-70B 
and PaLM-540B”

(Touvron et al., 2023): LLaMA: Open and Efficient Foundation Language Models



GPT-4

• GPT-4: a multi-modal model capable of processing image and text inputs and producing 
text outputs.


• Model size and training details unknown

• Can process up to 32k context size

26
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GPT-4


