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Announcements

 HW3 Final submission due April 21, 11.59 p.m.
 HWA4 will be released on April 22.



Today

* Recap: Pre-training, Task-specific Fine-tuning
* Prompting
* Zero-shot
e Few-shot
e Chain-of-thought
* Post-training
* |nstruction Tuning / Supervised Fine-tuning for general tasks.

* Reinforcement Learning for Alignment



Recap: Pre-training, Task-specific Fine-tuning

* Pre-train the model on a large corpus of text with next-token prediction
objective (decoder) or masked language modeling objective (encoder)

e GPT2/GPT3 are decoder-only language models trained on NTP.
e BERT is an encoder-only model trained on MLM.

e |ast-lecture:
* Pre-training teaches the model general language capabilities.

* Fine-tuning specializes it for specific tasks.



Recap: Task-specitic Fine-tuning

e Let M, be a pre-trained decoder model.

e We want to train this model for question answering (given a question g,
generate an answer a). How do we fine-tune this model?

See Written Notes

* We want to train this model for sentiment classification (given a paragraph x,

predict a sentiment y € {positive, negative, neutral} a). How do we fine-tune
this model?

See Written Notes



Recap: Task-specitic Fine-tuning

* Task-specitic fine-tuning only specializes the model for one downstream task.

* Post-GPT3, there was a shift towards building general-purpose models that can
solve *any* task at test time.

e How do we build such models?



Prompting - Zero- and Few-shot

Approach 1: Use the general-purpose pre-trained model with zero-/few-shot
learning to adapt to different tasks at inference time.

First shown to work successtully with GPT3.

Why this works: Pre-trained models are exposed to a lots of downstream tasks in
pre-training. We just need to extract that behavior.

Two main paradigms
* Zero-shot prompting (the task is described in words)

* Few-shot prompting (exemplars are given in-context, i.e. in the prompt)



Zero-shot prompting

e | et's focus on classification tasks

* |nput x, want to predict label y from a label set.

e Example: x = “The restaurant ambience was great but the food was a little bland”
* Wrap this in a verbalizer v

Review: The restaurant ambience was great but the food was a little bland
Choose from the following sentiment labels for this review: Positive, Negative, Neutral

&

|

Slide from Greg Durrett. Neutral




Multiple ways to do classification with Zero-shot prompting

Review: The restaurant ambience was great but the food was a little bland
Choose from the following sentiment labels for this review: Positive, Negative, Neutral

$ - Approach 1: Generate from the model and match answer
| against out label set.
Neutral - What can go wrong?

Model does not follow the instruction, generates something else.

"The person seemed to like the restaurant which would indicate he is positive about the
restaurant but maybe the food is the more important tactor, so it should be negative”

Slide from Greg Durrett.



Multiple ways to do classification with Zero-shot prompting

Review: The restaurant ambience was great but the food was a little bland
Choose from the following sentiment labels for this review: Positive, Negative, Neutral

$ - Approach 2: Create templates: <input> The review is
[positive/negative/neutral]
| - Compare P(positive | context), P(negative | context), P(neutral |
Neutral context)

- You only compare between valid examples.

Slide from Greg Durrett.



Issues with Zero-shot Prompting

e Different verbalizations may lead to different outputs.
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Slide from Greg Durrett. Perplexity Gonen et al.,, 2022



Issues with Zero-shot Prompting

e OPT-175B: average of best 50% of the

orompts much higher than the overall
average.

* How do we standardize evaluation it
different prompts work for different
models?

Slide from Greg Durrett.

Task Avg Acc Acc S0%
Antonyms — —
GLUE Cola 47.7 57.1
Newspop 66.4 72.9
AG News 57.5 68.7
IMDB 86.2 91.0
DBpedia 46.7 55.2
Emotion 16.4 23.0
Tweet Offensive 51.3 55.8

Gonen et al., 2022



Issues with Zero-shot Prompting

e OPT-175B: average of best 50% of tr
orompts much higher than the overa

average.

* How do we standardize evaluation it
different prompts work for ditterent
models?

* Prompt-optimization: There's some
work on finding prompts that would
lead to the best performance (can be
done automatically or manually).

Slide from Greg Durrett.

Task Avg Acc Acc 50%
Antonyms — —
GLUE Cola 47.7 57.1
Newspop 66.4 72.9
AG News 57.5 68.7
IMDB 86.2 91.0
DBpedia 46.7 55.2
Emotion 16.4 23.0
Tweet Offensive 51.3 55.8

Gonen et al., 2022



Few-shot Prompting

e | et's focus on classification tasks

* |nput x, want to predict label y from a label set.

* Include a small "training dataset” in the prompt, ie (x,y) pairs that demonstrate
the task.



Few-shot Prompting

Review: The restaurant ambience was great but the food was a little bland
Sentiment: Neutral

Review: The movie was great! Loved the action scenes.
Sentiment: Positive

Review: Went to see that movie, total waste of time.

Sentiment: Negative

Review: The new renovations have been great, and the food quality has remained
same if not better

$ — Neutral




Few-shot Prompting: Potential Issues?

* Context demonstrates the label space through examples. What can go wrong
here?

o Skewed label distribution: If my training data has more +ves than -ves, will the
model “learn” a prior that more reviews are positive?

* Which training examples are chosen matter.

90 -

R a0 /\ > Variance observed with different
>’ ° °
. random subsets of the training
-
g examples chosen as context.
(é) | . .
g » Note: Results with GPT-3, instruct
O 501 . .
A — GFT-31758 models reduce this behavior.

40 - —— With Calibration

01 4 8 16

Slide from Greg Durrett. Number of Training Examples 7hao et C”., 20



Few-shot Prompting: Potential Issues?

* Context demonstrates the label space through examples. What can go wrong

here?

e The order of the data can matter.

Accuracy Across Training Sets and Permutations
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Takeaways

e Zero- and few-shot are very performant ways ot eliciting task-specific behaviors
from powerful LLMs.

* Prompt-optimization matters!!

e The results can be different based on both the verbalization and the
exemplars. Tune these welll!



Chain-of-thought Prompting

* Motivation?
e ESNLI
* Additionally ingesting explanation/rationales should improve performance.
* Where do we get these? Can we ask GPT3 to generate?

Premise: An adult dressed 1in black holds a stick.
Hypothesis: An adult 1s walking away, empty-handed.

Label: contradiction
Explanation: Holds a stick implies using hands so it 1s not empty-handed.



Chain-of-thought Prompting

* More concrete examples where rationales / intermediate reasoning steps help.

Q: Roger has 5 tennis balls. He buys Q: Yes or no: Would a pear sink in
2 more cans of tennis balls. Each can water?

has 3 tennis balls. How many tennis

answer is no.

balls does he have now? A-
The answer is 11.




Chain-of-thought Prompting

* How do we prompt models to generate this chain-of-thought?
* Few-shot examples with explanations (Wei et al., 2022)

%

* Improvements on reasoning tasks
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Chain-of-thought Prompting

* How do we prompt models to generate this chain-of-thought?
* Few-shot examples with explanations (Wei et al., 2022)
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Chain-of-thought Prompting

* Do we need Few-shot prompting to elicit chain of thought?
e “lLarge Language Models are Zero-Shot Reasoners” Kojima et al, 2023

(b) Few-shot-CoT

b -— -~

K Roger has 5 tennis balls. He buys 2 more cans of tem No. Category Template Accuracy
balls. Each has 3 tennis balls. H tennis balls d . : .
hg r?avearfovf/:’? N 1as < fennis balls. How many fenms balls does 1 instructive  Let’s think step by step. 78.7
A: Roger started with 5 balls. 2 cans of 3 tennis balls each is 6 2 F1rs,t, (*1) , , 71.3
tennis balls. 5 + 6 = 11. The answer is 11. 3 Let’s think about this logically. 74.5
4 Let’s solve this problem by splitting it into steps. (*2) 72.2
Q: A juggler can juggle 16 balls. Half of the balls are golf balls, 5 Let’s be realistic and think step by step. 70.8
and half of the golf balls are blue. How many blue golf balls are 6 Let’s think like a detective step by step. 70.3
there? 7 Let’s think 57.5
A: 8 Before we dive into the answer, 55.7
(Output) The juggler can juggle 16 balls. Half of the balls are golf 9 The answer 1s after the proof. 45.7
balls. So there are 16 / 2 = 8 golf balls. Half of the golf balls are 10  misleading Don’t think. Just feel. 18.8
W- So there are 8/ 2 = 4 blue golf balls. The answer is 4. y 11 Let’s think step by step but reach an incorrect answer. 18.7
12 Let’s count the number of "a" in the question. 16.7
(d) Zero-shot-CoT (Ours) 13 By using the fact that the earth is round, 9.3
/Q: A juggler can juggle 16 balls. Half of the balls are golf balls\ }g irrelevant iﬁrt:lfag:gr,;' found a good restaurant DEAIbY, gg
and half of the golf balls are blue. How many blue golf balls are 16 It's a b » .l d 13'1
there? t’s a beautirul day. .
A: Let’s think step by step. - (Zero-shot) 17.7

(Output) There are 16 balls in total. Half of the balls are golf
balls. That means that there are 8 golf balls. Half of the golf balls
Qre blue. That means that there are 4 blue golf balls. v /




Chain-of-thought Prompting

* Do models "use” the reasoning chains as expected? i.e. does the correctness of the
reasoning chain matter?

* Perturb the explanations in two ways:
* Perturb Computational Trace
* Perturb Natural Language

/

Question | Take the last letters of the words in "Bill Gates” and
concatenate them.

-

/

Gold Explanation )

The last letter of "Bill" is letter"l". The last of "Gates" is "s".
Trace NL Concatenating “I" and "s" is “Is". So the answer is Is.
—

J

f N
Perturbing Trace The last letter of "BIill" is letter "- The last of "Gates" is B
Concatenating “I" and "s" is “Is". So the answer is Is.

J

Slide from Greg Dlﬂcﬁer'ttyrblng NL [BI" S "Gates”,"s","I","s","Is". So the answer is Is.

j Ye and Durrett (2022)




Chain-of-thought Prompting

* Perturbed / Incorrect explanations do lead to worse performance.
* Incorrect explanations still improve over no explanations.

Performance of Perturbed Prompts

standard wrong trace, gold NL
gold explanation gold trace, no NL
e
Q
S
<
=
Q
>
<
O
2
=
O
a4
Let Concat Coin Flip GSM

Slide from Greg Durrett. Ye and Durrett (2022)



Other perspectives on Prompting

® Main benefit from chain-of-thought is extra computation.

® Experiments that failed:

I/ B

® Replace “"explanation tokens” with “..” in the input during inference.

Did not work.

Targets [ kid

[ is
Layer 2 C C
Layer 1 [: L

Inputs [ The [ kid

(a) Standard pretraining

- |dea: Pre-train/fine-tune with pause tokens.

nore . Ignore
¥ playing Output soccer

(b) Pause-pretraining

Goyal et al (2024)
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® \When pre-trained + fine-tuned with pause tokens, improves
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Figure 3: Downstream performance for a 1B model. Injecting delays in both stages of training
(PausePT_PauseFT) outperforms the standard end-end training StdPT_StdFT on our wide variety of
tasks (except HellaSwag). In contrast, introducing delays only in the finetuning stage provides only
lukewarm gains, and even hurts in GSM8Kk.

Goyal et al (2024)



To CoT or notto CoT?

® Most of the improvement from CoT was for reasoning tasks,

Our experiments on CoT improvements

Soft Reasoning

Mathematical

Commonsense

Symbolic

- Zero-shot direct answer Knowledge

Zero-shot CoT

Sprague et al, 2025



Takeaways

® Chain-of-thought works well for reasoning-adjacent tasks.
® Tons of more complicated prompting techniques studied.

® Chain-of-thought prompting was seen to emerge with scale.
® Now, models are trained to generate chain-of-thought.



Post-training

® Pre-GPT3:
® Get pre-trained language models. (General purpose, trained on LM objective)
® Fine-tune them on task-specific objectives/data.

® GPT-3
® Get pre-trained language models. (General purpose, trained on LM objective)
® Use zero-/few-shot learning to adapt to different tasks at inference time.

® Post-training
® Get pre-trained language models. (General purpose, trained on LM objective)
® Post-tune (not necessarily on task-specific data). We still want general-
purpose models after this step.



Post-training

¢ Instruction tuning: supervised data (x, y*) Instruction-t
® Input x: Who won the 2024 Cricket World Cup? tuning used
® QOutput y: India

® Preference data: (x, y+, y-) |
® Input x: who won the 2024 Cricket World Cup? Typically, a

® Output preferred y+: India \P’)VhiCh Ol"ftp
® Qutput dis-preferred y-: Australia ence aligr

this later.

uning and fine-
interchangeably.

human decides
ut is preferred,

ment with human

preterences. We will discuss



Instruction Tuning

e \What data should we instruct-tune/fine-tune on?

> TO: tries to deliver on the goal of T5

Combine popular NLP tasks.

p Summarization and do many tasks with one model
The picture appeared on the wall of a |ﬂC‘Ude d prOm pt fOr taSk
Poundland store on Whymark Avenue [...] How > . . . (e .
would you rephrase that in a few words? Crowdsourced prompts: |deﬂt|flcat|0n.

instructions for how to do the tasks
Paraphrase identification

("How is air traffic controlled?” “How do Graffiti artist Banksy\
you become an air traffic controller?” is believed to be
Pick one: these questions are duplicates behind [...]
3 or not duplicates. /

Question answering

-, N Not duplicates ]
I know that the answer to “What team did I @
the Panthers defeat?” is in “The Panthers

finished the regular season [...]
Y you tell me what it is?

. Can Arizona Cardinals ]
J

Sanh et al. (2021)



Instruction Tuning

e \What data should we instruict-tune/fine-tune on?

Train Test
4 N ( \ N N\ R
Multiple-Choice QA Closed-Book QA Structure-To-Text Sentence Completion BIG-Bench
CommonsenseQA e
e e Siililhi ~ COPA  Code Description Evaluate on a held-out set of
DREAM o I '
Wiki QA Wiki Bio He“aswag Conceptual 1] 117 .
Soanil J( g— | tasks” not seen during pre-
"~ N ™ B y Hindu Knowledge L.
QuaRTz Sentiment Summarization
_ . 4 B Known Unknowns tra Inin 9 ’
Social IQA Amazon CNN Daily Mail Natural Language . .
nference anguagen | | Helps evaluate task generalization.
WIQA App Reviews Gigaword '
ANLI o
, Logic Grid
Cosmos QA IMDB MultiNews
CB : :
QASC | | Logical Deduction
Rotten Tomatoes SamSum RTE : .
QuaRel \__ ") Misconceptions
Yelp XSum p; N | — '
SciQ \. J L y, Coreference Movie Dialog
4 N\ N Resolution | *
Wiki Hop Topic Classification FIEREEN—. Novel Concepts
. y Identification WSC
- Strategy QA
. . ~ AG News MRPC Winogrande egy
Extractive QA g y :
DBPedia PAWS Syllogisms
Adversarial QA g AR
TREC QQP DWordbSenig ~ Vitamin C
Quoref 9 JAR ) Isam |gua on ) W. h
' : inow
ROPES WiC B y
\ J U J
DuoRC
\ y,

Sanh et al. (2021)



Instruction Tuning

® \What data should we instruct-tune/fine-tune on?
® PalLM (google’s 540B LM) also instruction-tunes on a wide range on

NLP tasks.
MMLU BBH TyDiQA MGSM

Model Finetuning Mixtures Tasks Norm. avg. Direct ColI Direct ColI  Direct CoT
540B None (no finetuning) 0 49.1 71.3 629 49.1 63.7 52.9 45.9
CoTl 9 52.6 (+3.5) 68.8 64.8 50.5 61.1 61.2 59.4

Col, Muffin 89 57.0 (+7.9) 71.8 66.7 56.7 64.0 65.3 63.0

CoI, Muffin, TO-SF 282 57.5 (+8.4) 729 68.2 573 64.0 65.8 61.6

Col, Muffin, TO-SF, NIV2 1,836 58.5 (+9.4) 73.2 68.1 58.8 65.6 67.4 61.3




Instruction Tuning

¢ | imitations:
* Traditional NLP tasks (paraphrase detection, NLI, summarization, sentiment
classification etc.) very limited. These do not reflect the kind of queries users might

have for frontier LLMs. E.g.
e Traditional summarization datasets mostly news-centric.
e Sentiment-classification/NLI are useful “skills” but aren’t end tasks users are
interested in.

® How do we get (X, y*) pairs where x covers some broad diversity of queries we actually
care about, and y* is a reasonably high quality response for x.
® Distill from a larger model (like GPT-4)!



Generating Instruction Tuning data

* | ots of techniques explored:
* Use a strong model (like GPT4) to generate both x (inputs) and y (outputs).
e E.g. AlpacaEval
e Use some existing collection of user queries (WildChat) to get user generated
queries and ChatGPT responses to those queries. Train on this dataset!



Instruction Tuning (Alpaca/Self-Instruct)

® Alpaca (Fine-tuned LLaMA1-7B model on 52k instruction-tuned
examples)

® Training data, i.e (X, y*) pairs generated using a modified self-instruct
method.

N

N

@ Meta , -
LLaMA 7B )
Text-davinci-003 l-"fl -

\ . Supervised _j .
N - 52K Finetuning Alpaca 7B
175 Self- Modified Self-instruct Instruction-following
Instruct Instruction Generation examples
seed tasks
Example seed task Example Generated task
Instruction: Brainstorm a list of Instruction: Brainstorm creative
possible New Year's resolutions. ideas for designing a conference
Output: Al
- Lose weight Output:
- Exercise more ... Incorporating flexible
- Eat healthier components, such as moveable
walls and furniture ...




Limitations of Instruction-tuning?

® Upper bounded by responses in the training data (presumably written by humans/
stronger model).
® These generate suboptimal responses.

® Open-ended tasks can have multiple acceptable answers. Training objective maximizes
ikelihood of one.

® Mismatch with actual objective “"generate responses that humans prefer” and the LM
objective.

® Can we explicitly train the model to generate responses that humans prefer?



Reinforcement Learning with human preferences

Step1 Step 2 Step 3
Collect demonstration data, Collect comparison data, Optimize a policy against
and train a supervised policy. and train a reward model. the reward model using
reinforcement learning.
Pre-
trained A promptis A prompt and A new prompt »

sampled from our e olai - several model o is sampled from .

xplain the moon Explain the moon Write a story

LM prompt dataset. landing to a 6 year old outputs are landing to a 6 year old the dataset. about frogs
sampled.
+ © o |
A Iabeler Explain gravity... Explain war... The pollcy
demonstrates the ) G . .Q | generates
deS|red Output satellite of... the moon... an OUtlet‘
behavi 4 J
enavior. Some people went Y
tothe moon.. A labeler ranks
+ the outputs from @
This data is used - best to worst. )
to fine-tune GPT-3 /R 0-0-0-0 The reward model
with supervised .\‘.\sa{/. calculates a
learning. Y . . reward for
- This data is used the output.
BIEIE to train our
reward model. . Thereward is

used to update

RLHF the policy

using PPO.




Optimizing for human preferences

- Given an input x, and a sample y, suppose we have a way to obtain human rewara
R(x,y) € R.

Why don't adults roll Adults typically do Most adults find it

of the bed? not roll off of the bed uncomfortable or even
pecause they have oainful to move around in

X developed the their sleep, so rolling off
muscle memory ... the bed would be difficult

yl without vvo|<)i]ng up first.

R(x,y,;) = 0.8 :
R(x,y;) = 0.3

> We train our model to get params 6 that maximize the expected reward of generated

samples: E;_, 10[R(X, V)]




Optimizing for human preferences

» Problem: Getting rewards from humans in the loop is expensive.

- Solution: instead of asking humans, model their preterences as a separate (NLP)

problem [Knox and Stone, 2009]

Why don’t adults roll Adults typically do
of the bed? not roll off of the bead
pecause they have
X developed the

muscle memory ...

Y1
R(x,y;) = 0.8

h

m

Odl
ne
ne

NfuU

" S

Most adults find it

uncomfortable or even
inful to move around in
eep, so rolling off

ned would be diffic
without waking up first.

Y2

R(x, yl) — ()3

Ult

> Train a RM(x, v)

that predicts
these scalar
rewards.



Optimizing for human preferences

> Problem: Human rewards can be extremely miscalibrated.
- Solution: Ask for preferences instead of scores. [Phelps et al., 2015; Clark et al., 2018]

Most adults find it

Why don't adults roll Adults typically do
of the bed? ~ot roll off of the bed uncomfortable or even
hecause they have > oainful to move around in
X developed the their sleep, so rolling off
the bed would be difficult

muscle memory ... | | |
without waking up first.

Y1 Vs



Bradley Terry [1952] Model

* Given preference data (x,y,,y_), learn the RMy(x, y).

e BT stipulates that human preterences can be written as:

exp(r™ (x,y,))
exp(r* (x,y,)) +exp(r*(x,y_))

o Py >y ) =

* From the above dataset, we can estimate parameters via maximum likelihood.

« Lp(rp D) =—E(y 10 [loga (r¢(x, Vi) = Ty, y_))]




How do we RLHF?

* Given:
e SFT LM model porr(y | x)

e Reward model RM¢(X, y)

e \We want to maximize —pre(y‘x)[R(x, y)] :

e Initialize py(y | x) with perr(yv|x)
e Use Reinforcement Learning to learn params 6 that maximize the above objective.

* Learnt rewards can be imperfect.

* Solution: Add a penalty for drifting too far from the initialization.

X
o E5p iy Rp(x,y) — plog Py ) In expectation, this is the KL

pSFT(y‘x) \, divergence between

pPo(y | x) and pgrr(y | x)




How do we RLHF?

- Lots of algorithms that can be used: e.g. REINFORCE [Williams 92].
> Most popular: Proximal Policy Optimization (PPO) [Schulman et al, 2017]
> Used by OpenAl

0.7}

Learning to summarize from human feedback

0.6}

Nisan Stiennon* Long Ouyang* Jeff Wu™ Daniel M. Ziegler* Ryan Lowe*
Chelsea Voss* Alec Radford Dario Amodei Paul Christiano™

OpenAl

Reference summaries

Fraction preferred to ref

0.2} | o S |
1.3B 2.7B 6.7B 12.9B
Model size




PPO algorithm (under the hood)

4 ) / ™ g (lse)
SFT Polic old
KL Model (x, }’). l}:lwzl'ld r(x,y) GAE (e, ap) LMy TLSL(atISt
av /ST (q, |s¢) SFT 0ae + Advantage Function -
o r(x,y) r(seal)| mHv it (ayls,)
\_ J \_ J A(se,ap) = Z(yl)l(st“ _J ”¢Ro|rd(at|3t)
(s, at)‘ * TD Error | L L _
Fmm————— ' 4 N 8¢ = 1(Se. @) + YV (Se+1) =V (5e) A(St, ar)
PPO-clip Los
| St | x | Yo Ve-1 |y S¢ Value V(s,) * Return ciip LOSS
—7— Model >

I R, = A(s,,a,) +V
l—at-.- _ (;gt'-atl| V¢(St) ) t ( t at) (St) / @ 7 .O
ﬁ Divide LM Loss

(X,y)[ X [yl’yZ: s YT

Policy R,

Pretraining Data

A(sp, ap) R,

- (agls,) r N
Bo1q \EIPL LM :ff'af) » | (Se.ap) A(st,at) Value
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Limitations: Reward Hacking

® Reward model might be biased towards some “features” due to the
composition of the training data.
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Figure 1: Log-scaled heatmap of lengths of SFT outputs vs. learned reward model scores

for WebGPT (left). The graph shows that reward scores are strongly correlated with length.
RLHF with these consistently leads to longer outputs (right).
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Figure 1: Log-scaled heatmap of lengths of SFT outputs vs. learned reward model scores
for WebGPT (left). The graph shows that reward scores are strongly correlated with length.
RLHF with these consistently leads to longer outputs (right).

® Found that reward models prefer longer texts. Most of the improvement
after RLHF was because of longer texts.



Limitations: Reward Hacking
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Potential Issues: Reward Hacking

- Reward over-optimization?
- The reward model is learnt on a static preference dataset (x,y.,y_)
- Usually, these outputs are sampled from perr(y | x)

> Will reward model scores generalize to outputs sampled from py(y|x)?
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