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Review: Pretraining and Finetuning
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are composed of tiny water droplet EOS

Decoder
(Transformers, LSTM, …)

Clouds are composed of tiny water droplet

Step 1:
Pre-training

Abundant data; learn general language

Step 2:
Fine-tuning

Decoder
(Transformers, LSTM, …)

… the movie was …

or

Limited data; adapt to the task
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Pretrain/Finetune Paradigm

Example: T5 (Raffel et. al, 2019)

https://blog.research.google/2020/02/exploring-transfer-learning-with-t5.html
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Enter GPT-2…
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Decoder: GPT-2 Language Models are Unsupervised 
Multitask Learners [Radford et al., 2019]

• One of the most impressive things about GPT-2 was that it could obtain 
great performance on many NLP datasets zero-shot!

i.e. no fine-tuning and 
simply prompting the 
pre-trained model and 
generating the output

.

That is good = Das ist gut . Tasty Chocolate

Prompt

leckere Schokolade

Generated Text 

Many arrows missing here. Use your imagination
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Much higher quality text
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Can zero-
shot many 
tasks! 

At SOTA 
levels!
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Why does 
this work? 
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Enter GPT-3…
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GPT-3 Paper (Brown et al., 2020)

Method: “What if we made an 
autoregressive language model 
10x bigger??”

Result: LMs can do in-context 
learning!!

https://arxiv.org/pdf/2005.14165.pdf
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In-Context Learning

GPT-3 (Brown et. Al, 2020)

“Figure 1.1: Language model meta-learning. During unsupervised 
pre-training, a language model develops a broad set of skills and 
pattern recognition abilities. It then uses these abilities at 
inference time to rapidly adapt to or recognize the desired task. 
We use the term “in-context learning” to describe the inner loop 
of this process, which occurs within the forward-pass upon each 
sequence. The sequences in this diagram are not intended to be 
representative of the data a model would see during pre-training, 
but are intended to show that there are sometimes repeated sub-
tasks embedded within a single sequence.”

https://arxiv.org/pdf/2005.14165.pdf
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In-Context Learning

GPT-3 (Brown et. Al, 2020)

https://arxiv.org/pdf/2005.14165.pdf


NLP and LMs In-Context Learning, Scaling Laws, Emergent CapabilitiesNLP and LMs In-Context Learning, Scaling Laws, Emergent Capabilities13

In-Context Learning

GPT-3 (Brown et. Al, 2020)

https://arxiv.org/pdf/2005.14165.pdf
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GPT-3 (Brown et. Al, 2020)

Bigger Model Better In-Context Learning

https://arxiv.org/pdf/2005.14165.pdf
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Questions

• Why does in-context learning work?

• What are benefits to in-context learning vs. other approaches?

• What are disadvantages to in-context learning?
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Classic vs. Finetuning vs. In-Context

Classic DL 

Approach

Pretrain/

Finetune
In-Context Learning

# Task-Specific 

Training Data

Pretrain on NL Data

Gradient updates 

on training data

Where does 

“learning” come from

>1M (ideally) 10k 0(!)-20

No Yes Yes

Yes Yes No

Statistics of 

training data

Language 

representations from 

pretraining, modified to 

finetune data statistics

Language rep. from 

pretraining, mimic 

description of task + 

examples
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Difficulties with in-context learning

• The way you phrase a prompt can drastically affect performance (Sorensen et 
al., 2022, Sclar et al., 2023)

• Depends somewhat on the existence of a similar task in training data

• Not easy to tell ex ante if a model can reliably perform a certain task

https://arxiv.org/abs/2203.11364
https://arxiv.org/abs/2203.11364
https://arxiv.org/pdf/2310.11324.pdf
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Scrambling the labels doesn’t hurt much…
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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)?

https://arxiv.org/pdf/2001.08361.pdf
https://arxiv.org/pdf/2001.08361.pdf
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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 ,

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 ,

Bringing it together:

Empirical estimates of parameters from experiments
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Scaling Laws (Kaplan et al., 2020)
• It requires a certain compute budget  

(FLOPs) to train a model of size  on  
tokens

• Given a fixed compute budget, can 
calculate “optimal” (lowest test loss) 
choices using scaling law:

• Bringing it together:

Note: Power laws in this paper (Jan 2020) 

inspired GPT-3 size (May 2020), and 

generalized to models 10x tested size!
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Chinchilla (Hoffman et al., 2022)

DeepMind iterated on (Kaplan, 2020):

• Found better scaling law (lower test 
loss) by:

• Changing learning rate scheduler

• Testing larger models

• According to scaling laws, model should 
be smaller and tokens bigger for given 
compute budget

• Trained model based on new-scaling 
law: Chinchilla

https://arxiv.org/pdf/2203.15556.pdf
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Chinchilla (Hoffman et al., 2022)

DeepMind iterated on (Kaplan, 2020):

• Found better scaling law (lower test 
loss) by:

• Changing learning rate scheduler

• Testing larger models

• According to scaling laws, model should 
be smaller and tokens bigger for given 
compute budget

• Trained model based on new-scaling 
law: Chinchilla

“Chinchilla optimal”: Optimal model 
size/dataset size for a given compute 
budget, according to improved scaling 
laws

https://arxiv.org/pdf/2203.15556.pdf


NLP and LMs In-Context Learning, Scaling Laws, Emergent CapabilitiesNLP and LMs In-Context Learning, Scaling Laws, Emergent Capabilities27

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

https://arxiv.org/pdf/2302.13971.pdf
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The Bitter Lesson

• Richard Sutton claimed: “The biggest lesson that can be read from 70 years of 
AI research is that general methods that leverage computation are ultimately 
the most effective, and by a large margin.”

• Others claim “Scale is all you need”

• What do you think?
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More 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
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Emergent Capabilities (Wei et al., 2022)
Test loss predictably improves with scale - but 
what about capabilities?

• “Emergence is when quantitative changes in 
a system result in qualitative changes in 
behavior.” (Anderson, 1972)

• “An ability is emergent if it is not present in 
smaller models but is present in larger 
models.” (Wei et al., 2022)

• Corollary: It may fundamentally be hard to 
predict capabilities of future models

https://arxiv.org/pdf/2206.07682.pdf
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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
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Other Phenomena
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Fundamentally, LLMs are doing next-word prediction on Internet text

Hypothesis: LLM performance will depend on:

• Probability of the task being performed

• Probability of the target output

• Probability of the target input



NLP and LMs In-Context Learning, Scaling Laws, Emergent CapabilitiesNLP and LMs In-Context Learning, Scaling Laws, Emergent Capabilities37

30 shows up much more often 

than 29 in pretraining text

13-shifted ciphers are more common 

than 12-shifted ciphers online
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(9/5)x + 32 is common because it is 

the Celsius -> Fahrenheit conversion

Grammatical text is more common 

than ungrammatical text
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How does in-context learning mechanistically work?

• Hypothesis: Maybe they actually can do gradient 
descent in context??

• Demonstrate that linear self-attention can emulate one 
step gradient descent on a linear regression task

• In-context predictions follow closely predictions one 
would arrive to with gradient descent
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Okay, so transformers can do gradient descent. But 
do LLMs actually do GD?

• Test on GPT-J and LLaMA

• Find a large gap between gradient descent and 
LLM in-context learning

• Open question whether LLMs do GD
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ML conventional wisdom: Training 
too long on the same data is bad, 
leads to overfitting

• “Grokking”: models that have been 
overtrained on the same set of 
data somehow suddenly learn to 
generalize
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https://x.com/johnschulman2/status/1741178475946602979?s=20
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Thank you!
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