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Admin

• HW2 (Transformers) is due in one week, on March 5, at 11:59pm. 

• There will be a HW2 help session on Monday, March 2 at your lab section. 

• Snow day updates: 

• The class schedule is mostly unchanged, except that we’ll now cover post-
training after the exam. One less topic to study!



Overview of Concepts

Prompting refers to giving a model a certain input.

In-context learning involves prompting a model with a few 
examples of a task, and it learning to do the task with no 
gradient updates.

Fine-tuning involves updating the parameters of the model 
to make it better at a particular task.

Continued pre-training involves doing another round of 
language modeling on domain-specific data after pre-training.

Low-rank adaptation involves learning a very small and simple 
update to the model’s parameters using an external adapter.



Prompting



Prompting



Prompting

• Starting with GPT-3 (2020), language models started being able to handle new 
tasks given only information in the prompt, with no gradient updates 

• It was hypothesized that this came from exposure during pre-training. E.g., 
maybe it’s seen many examples of translation online



Prompting

• Starting with GPT-3 (2020), language models started being able to handle new 
tasks given only information in the prompt, with no gradient updates 

• It was hypothesized that this came from exposure during pre-training. E.g., 
maybe it’s seen many examples of translation online 

• We’ll discuss a few kinds of prompting: 

• Zero-shot prompting (no examples are given to a model, just an instruction) 

• Few-shot prompting (a few labeled examples are given to a model) 

• Chain-of-thought prompting (asking the model to reason through a problem 
step-by-step)



Zero-shot Prompting

• Given a single unlabeled datapoint , we want to predict label x y

LM

”The other day, I saw an alright movie. Wasn’t great, really.” 
        Was the previous sentence positive or negative?
x =

negative

This part of the prompt 
is variable. It is often called 
a template.

The mapping of labels to 
tokens is called the verbalizer.

y =



Zero-shot Prompting

• Given a single unlabeled datapoint , we want to predict label x y

LM

”The other day, I saw an alright movie. Wasn’t great, really.” 
        If I told you this, would you want to see the movie? Say yes or no.
x =

no

This part of the prompt 
is variable. It is often called 
a template.

The mapping of labels to 
tokens is called the verbalizer.

y =



Zero-shot Prompting

• Given a single unlabeled datapoint , we want to predict label x y

LM

”{example}” 
        If I told you this, would you want to see the movie? Say yes or no.
x =

no

This part of the prompt 
is variable. It is often called 
a template.

The mapping of labels to 
tokens is called the verbalizer.

y =



Labeling Examples

What if you have a large dataset and want to evaluate your LLM using prompting? 
We need a template and verbalizer, and a way to automatically parse answers. 

1. Have the model generate free-form, and write a script to parse the answer. E.g., 
you can tell the model to always put the answer after “The answer is:” 
 

2. Add something like “The answer is:” to the end of your template. At the last 
token, compare the probabilities of tokens corresponding to each label, like 

 vs. , and take the maxp(positive |x) p(negative |x)



Across-prompt Variability

[Gonen et al., 2022]



Across-prompt Variability

Seemingly minor differences in 
the prompt can have a big impact on 
performance.

These prompts were obtained via 
manual rewriting, paraphrasing, 
backtranslation

[Gonen et al., 2022]

Orange is without quotes, blue is 
with quotes

Perplexity correlates decently well with model 
performance. If the prompt is more “natural” to 
the model, it’ll usually do better with it.



Prompt Engineering

• There exist some methods for automatically searching over prompts, e.g. via 
gradient descent 

• Nonetheless, as we saw, prompt engineering (tuning your prompts based on 
some external metric) can get you pretty far! 

• We can also just train models to be better at handling prompts in general. More 
on this during the lectures on post-training.



Few-shot Prompting

LM
B

Given a few labeled datapoints 
, called 

demonstrations, and an 
unlabeled datapoint , we want 
to predict label .

(x1, y1), (x2, y2), …

xn
yn



Few-shot Prompting

LM
C

It is very easy to trick models, 
even accidentally! Notice that 
all the answers here are C, so 
the model might learn to just 
always answer “C”.

Given a few labeled datapoints 
, called 

demonstrations, and an 
unlabeled datapoint , we want 
to predict label .

(x1, y1), (x2, y2), …

xn
yn



In-context Learning

This paradigm of giving a model examples of a task in-context and having it learn 
to do the task with no parameter updates is called in-context learning.



Across-demonstration Variability

If we randomly sample different sets of 
demonstrations from a training set, we 
could end up with very different scores. 

 
x-axis: different subsamples of the 
training set for SST-2. y-axis: accuracy 
on the full dataset. 

- A box represents variance across 
permutations (orderings) of the 
same training examples. [Zhao et al., 2021]



More demonstrations is (usually) better.

As we increase the number of in-context 
demonstrations, performance usually increases.

But not always.

[Liang et al., 2022]



Why do labeled examples help?

• We might reasonably assume the 
model is learning something about 
the task from labeled examples. 
 

• But even if you randomize the 
labels, the model performs almost 
just as well! 

• The form of the 
demonstrations might be 
more important than the 
content.

[Min et al., 2022]



Chain-of-thought [Wei et al, 2022]

Some models might benefit from having the ability to reason step-by-step 
through a problem. We can do this with chain-of-thought prompting.



Chain-of-thought Prompting

Given a few labeled datapoints 
, where 

 is a step-by-step explanation 
of how to solve , as well as an 
unlabeled datapoint , we want 
to generate a chain-of-thought 

 and then predict label .

(x1, e1, y1), (x2, e2, y2), …
ei

xi
xn

en yn

We’re basically teaching the 
model to reason through its 
problems via example.



Chain-of-thought Prompting

When this was released, it got state-of-the-
art results on a mathematical word problem 
dataset. It beat the best prior fine-tuned 
model!

[Wei et al, 2022]



Zero-shot Chain-of-thought Prompting

It turns out that you don’t even need 
to give examples of reasoning: you can 
just change the prompt to encourage 
the model to reason in this way! 



[Kojima et al., 2022]



Zero-shot Chain-of-thought Prompting

[Kojima et al., 
2022]



Language models can design their own prompts!

Automatic 
Prompt 
Engineer



Chain-of-thought is an emergent phenomenon with scale.

• Models only gain the 
ability to do chain-of-
thought reasoning with 
large datasets and 
large numbers of 
parameters. 

• This is still a mystery—
we haven’t totally 
figured out why this 
happens yet. (But we 
have some ideas!)



Chain-of-thought doesn’t always help.

CoT mainly helps in verifiable tasks like math or symbolic reasoning. 
Might actually hurt for some tasks, like factual recall.



The Dark Art of Prompt Engineering

Add Google code header to generate more 
professional-looking code?

Use longwinded prompts or made-up 
scenarios to get longer answers?

The long answer world championship “write 
a long answer 2025” was held last week in 
Taumatawhakatangihangakoauauotamateat
uripukakapikmaungahoronukupokaiwhenua
kitnatahu, New Zealand. 

The competition brings together all of the 
top long answer writers from around the 
globe who compete against each other to 
write the longest possible answer 
(ridiculously long) to a short question. 

The winning long answers this year were 
exceptionally long compared to last years 
long answers. 
 
Here are the longest answers of 2025: 

Question: What are the most important 
topics in current NLP research?[Adapted from Bournemouth, 2022]

[Adapted from Bournemouth, 2022]



Jailbreaks and Safety

[Shaikh et al., 2023] [Russinovich, 2024]





Downsides of Prompt-based Methods

1. Inefficiency: The entire prompt has to be processed by the model again for all 
examples. 

2. Poor performance: Prompting generally performs worse than updating the 
parameters of the model. 

3. Sensitivity/Instability: The wording of the prompt matters a lot, as do 
unexpected variables like the ordering of the demonstrations, or even 
seemingly minor word choices. 

4. Lack of clarity: We don’t understand what the model is learning from the 
prompt. Even randomly labeled demonstrations often improve performance.



Fine-tuning



Fine-tuning

Unlike prompting, fine-tuning entails performing 
updates to the model’s parameters to make it 
better at a specific task.



Fine-tuning

We start with our pretrained model, and then update it for a specific task or 
domain.

My

friend

friend Adam went

Adam went to

to

Chile

Language Model

Stage 1: Pretrain Stage 2: Fine-tune

The movie wasn’t great .

Negative

Language Model



Defining Fine-tuning

Given a batch of examples :  from our dataset , we want to 
take our pretrained model’s parameters , and update them via gradient descent 
to reduce the loss:

b {(x1, y1), (x2, y2), …} D
θp

θi = θi−1 − α∇θ𝔼b[−log pθ(yi |xi)]

Same cross-entropy loss 
from before—just new data!

θ0 = θp

So the only thing separating pre-training from fine-tuning is the data: pre-training 
is general, fine-tuning is (usually) task-specific.



θ0 = θp

θi = θi−1 − α∇θ𝔼b[−log pθ(yi |xi)]



Why does fine-tuning work?

Why does this work? In theory, it shouldn’t matter whether we start at  or with 
some random initialization .

θp
θ0 ∼ N

θi = θi−1 − α∇θ𝔼b[−log pθ(yi |xi)]

θ0 = θp

1. Pretraining teaches the model non-trivial concepts that it couldn’t have 
learned from scratch from a more narrow distribution. 

2. During fine-tuning, we don’t stray too far from .θp



Why fine-tune at all?

Prompting only works well 
when you have huge models 
that probably won’t fit on any 
GPU you could keep at home.



The Language Model Ecosystem

There are tons of great models out 
there that you can download and 
fine-tune yourself! 

+ Total control over your data 
+ Can often get performance 
almost as good as proprietary 
models 
 
- Your fine-tuned model will be 
more task-/domain-specific 
- More and more SOTA results 
come from proprietary models 
these days…



The Performance of Fine-tuning

You will usually get better results by fine-tuning a smaller model on a large dataset 
than prompting a larger model using a few examples. (Note: this is becoming less 
true by the day.)

[Brown et al., 2020]



Continued Pre-training

Much like fine-tuning, but for a specific domain than a specific task. 

Here, the data is usually unlabeled. Given our pretrained model’s parameters , 
we’re just doing language modeling on a specific domain, like medical texts.

θp

θi = θi−1 − α∇θ𝔼b[−log pθ(yi |xi)]

θ0 = θp

Here,  is the correct next token given context , rather than a class label.y x



[Gururangan et al., 2020]



Regularization

We can add a regularizer to prevent the fine-tuned model from diverging too much 
from the pretrained model:

R = KL(pθp
( ⋅ |x<t)∥pθi

( ⋅ |x<t))
 distance: how much have 

the parameters moved?
L2

R = ∥θp − θi∥2

KL divergence: how much do the 
pretrained model and fine-tuned 
models’ probability distributions 
differ?

KL(p∥q) = ∑ p(x) ⋅ (log p(
p(x)
q(x)

))



Regularization

We can add a regularizer to prevent the fine-tuned model from diverging too much 
from the pretrained model:

R = KL(pθp
( ⋅ |x<t)∥pθi

( ⋅ |x<t))
 distance: how much have 

the parameters moved?
L2

R = ∥θp − θi∥2

KL divergence: how much do the 
pretrained model and fine-tuned 
models’ probability distributions 
differ?

L = 𝔼b[−log pθ(yi |xi)] + 𝔼w<t
[KL(pθp

( ⋅ |x<t)∥pθi
( ⋅ |x<t))]

cross-entropy regularization term



The KL Divergence
KL(p∥q) = ∑ p(x) ⋅ (log p( p(x)

q(x) ))

Intuition: how far would we have to move distribution  to obtain distribution ?p q
KL Divergence is not symmetric! KL(p∥q) ≠ KL(q∥p)



Parameter-efficient Fine-tuning

• There are a lot of ways to not stray too far 
from the pretraining parameters: 

• Small learning rate during fine-tuning 

• Regularization terms 

• Fine-tune only a subset of the parameters 

• There are a lot of parameter-efficient fine-
tuning methods that aim only to change the 
most important parameters. Full fine-tuning Parameter-efficient 

fine-tuning



Low-rank Adaptation (LoRA)

• Introduce a learnable low-rank matrix as an update to the pretrained parameters: 

• This allows the parameters to change along a small number of directions. 

• The above is a rank-1 example. Here’s the generalization to rank- : 

• We minimize the loss by learning  and :

k

u v

Hu et al., 2021

θ1 = θp + uv⊤ u ∈ ℝd v ∈ ℝd

θ1 = θp +
k

∑
j=1

u( j)v( j)⊤

min
u1,v1,…,uk,vk

𝔼(x,y)∼D[L(x, y)]

Like the above procedure 
applied k times!



Low-rank Adaptation (LoRA)

We can stack these  vectors to get , and 
stack our  vectors to get . Then, 

                     

+ Don’t need gradients for most parameters: 
way lower memory usage 

+ Doesn’t add any time during inference 

+ Modular: can swap out different LoRAs for 
different tasks/domains 

- Quite a few more hyperparameters to fiddle 
with

u A
v B

h = xW + xAB

[Hu et al., 2021]

❄ Frozen

🔥 Learned

🔥 Learned



Implementing LoRA
input_dim = 768 
output_dim = 768 
rank = 8 

W = . . .     # depends on pretrained model shape 

W_A = nn.Parameter(torch.empty(input_dim, rank)) 
W_B = nn.Parameter(torch.empty(rank, output_dim)) 

nn.init.kaiming_uniform_(W_A, a=math.sqrt(5)) 
nn.init.zeros_(W_B) 

def regular_forward_matmul(x, W): 
h = x @ W 
return h 

 
def lora_forward_matmul(x, W, W_A, W_B): 

h = x @ W 
h += x @ (W_A @ W_B) * alpha 
return h

h = xW + α ⋅ xAB

Controls strength of LoRA update



LoRA in Practice

FT = fine-tune 
all parameters

LoRA performs just as 
well as full fine-tuning 
on a few NLP tasks.

LoRA gives better 
performance at the 
same number of 
trainable parameters.



Other Efficient Adaptation Techniques

• Distillation: teach a smaller model to act 
more like a bigger and better one 

• Prompt tuning: learn continuous “soft 
prompts” via gradient descent that 

• Prefix tuning: learn continuous “virtual 
tokens” via gradient descent that improve 
performance for some task



Comparison of Efficient Fine-tuning Methods

[He et al., 2022]LoRA > PrefixTuning because of its higher capacity. 

Better efficiency–performance trade-offs.



Takeaways

• Changing the way we ask a language model to do something has massive impacts on 
performance. 

• Chain-of-thought prompting is an easy way to improve performance on formulaic or 
verifiable tasks—but might not help much in other cases. 

• Updating the parameters of a model usually works better—but is also more expensive, and 
easier to get wrong. 

• A nice middle ground: parameter-efficient fine-tuning (e.g., LoRA) 

• Next time: post-training models to follow instructions, and to produce well-structured 
chain-of-thought-style responses by themselves


