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Recall:
Few-shot

Learning with
LLMs
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* Suppose you have...
1. asmall labelled dataset (i.e., a few-shot setting), D
2. avery large pre-trained language model

* There are two ways to “learn”:

A. Supervised fine-tuning i.e., updating the LLM’s
parameters using
1. astandard supervised objective
2. backpropagation to compute gradients
3. vyour favorite optimizer (e.g., Adam)

- Con: backpropagation requires ~3x the memory and
computation time as the forward computation

* Con: you might not have access to the model parameters
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* Suppose you have...

1. asmall labelled dataset (i.e., a few-shot setting), D
2. avery large pre-trained language model

* There are two ways to “learn”:

B. In-context learningi.e., feeding the training dataset to the
LLM as a prompt and taking the output as a prediction
* the LLM (hopefully) infers patterns in the training

dataset during inference (i.e., decoding)

* Pro: no backpropagation required and only one pass
through the training dataset per test example

* Pro: does not require access to the model parameters,
only APl access to the model itself

* Con: the prompt may be very long and Transformer LMs

require O(N?) time/space where N = length of context



- Standard setup: a set of input/output pairs from a
training dataset are presented in sequence to an LLM,

typically along with a plain-text task description

i Aggregate Performance Across Benchmarks

—eo— Few Shot
—e&— One Shot
80 —e— Zero Shot

Recall: —~
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10/2/24 Source: https://arxiv.org/pdf/2005.14165
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Recall:
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* In-context learning is surprisingly sensitive to...

1.
2.
3.

the order the training examples are presented in
label imbalance (e.g. # of positive vs. # of negative)

the number of unique labels in the training dataset

* In-context learning is surprisingly insensitive to...

1.
2.

the correctness of the labels!

the amount of training data used in the prompt!



So why does
this work? Why
is it better than

zero-shot
learning?
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* In-context learning is surprisingly sensitive to...

1. the order the training examples are presented in
2. labelimbalance (e.g. # of positive vs. # of negative)

3. the number of unique labels in the training dataset

* In-context learning is surprisingly insensitive to...

1. the correctness of the labels!

2. the amount of training data used in the prompt!



* Min et al. (2022) identified four meaningful factors:

Demonstrations ;s ibytion of inputs Label space
| Circulation revenue has increased by 5% in Finland. \ni Positive |
Format
| Panostaija did not disclose the purchase price. \n__ Neutral | (The use

| Paying off the national debt will be extremely painful. \n  Negative | of pairs)

FEW-S h Ot Test example Wr-fabd mapping

| The acquisition will have an immediate positive impact. \n  ? |

In-context

. . Figure 7: Four different aspects in the demonstrations:

Lea i ng Wlth the input-label mapping, the distribution of the input

LL M S text, the label space, and the use of input-label pairing
as the format of the demonstrations.

* Another potentially meaningful aspect of in-context
learning: what exactly are we asking the LLM?

10/2/24 Source: http://arxiv.org/abs/2202.12837
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* Not all prompts are equally good!

- Example: zero-shot news article classification using
OPT-175B on the AG News dataset

Prompt Accuracy

Prom pt What is this piece of news regarding? 40.9
. . What is this article about? 52.4

E ng Ineeri ng What is the best way to describe this article? 68.2
What is the most accurate label for this news article? 71.2

* What affects the accuracy associated with using a prompt?

- One potential answer: how likely the prompt is under the

learned model’s implied distribution over sequences
10/2/24 Source: https://arxiv.org/pdf/2212.04037
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* Not all prompts are equally good!

- Example: zero-shot news article classification using
OPT-175B on the AG News dataset
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* Lower perplexity =
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10/2/24 Source: https://arxiv.org/pdf/2212.04037 10
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* Not all prompts are equally good!

- Example: zero-shot news article classification using
OPT-175B on the AG News dataset

—44 ee '.: }1". e '.-u. ® . .
-6 C) The.wor'd Po:r' ‘dog’ i: French is ¢ Perplexrty IS the
-8 4 .
‘dog i French for Lt exponentiated
Prompt I B = '
g 121 S ee WS uen o C I
Engineering S ‘ o averf'age.negatlve
~16- . . log-likelihood of a
—-18 1 doa ic French For I/P
_201 : —— sequence
10! 10?2

Perplexity
, , * Lower perplexity =
Figure 2: Score of correct label vs. perplexity for the
word-level translation task in French with OPT 175B. h |gh er likelihood
The z axis is in log scale. The blue points stand for
prompts with quotation marks for the words, while the
yellow points are of prompts without quotation marks.

10/2/24 Source: https://arxiv.org/pdf/2212.04037
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- Some ways of learning better prompts for your task:

1. Prompt paraphrasing — programmatically generate
and test many different prompts from a paraphrase

Learning to model, then pick the one that works best
PrOmpt 2. Gradient-based search — use optimization to search

for the discrete representation of the prompt that

makes the desired output most likely

3. Prompt tuning — directly optimize the embeddings
that are input into the LLM, without bothering to

construct a discrete representation of the prompt

10/2/24 12



* Insight: asking an LLM to reason about its

answer can improve its in-context performance

* Chain-of-thought prompting provides examples of

Chain-of-
Thought

reasoning in the in-context training examples

Standard Prompting Chain-of-Thought Prompting
P ro I I I pt I ng Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?

A: The answer is 11. A:
The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to
do they have? make lunch and bought 6 more, how many apples

L ) Co they have? -

' A: The answer is 27. x )

10/2/24 Source: http://arxiv.org/abs/2201.11903

The

answer is 9. /'
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* Insight: asking an LLM to reason about its

answer can improve its in-context performance

* Chain-of-thought prompting provides examples of

Chain-of- o . o
reasoning in the IN-context tralnlng examples

T h O U g h t Finetuned GPT-3 175B

. B Prior best
P ro m pt I n g [J PaLM 540B: standard prompting
B PalLM 540B: chain-of-thought prompting

100 |
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Solve rate (%)
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(e}
\

0 25727
Math Word Problems (GSM8K)

Figure 2: PalLM 540B uses chain-of-
thought prompting to achieve new state-
of-the-art performance on the GSM8K
benchmark of math word problems.
Finetuned GPT-3 and prior best are from
Cobbe et al. (2021).

10/2/24 Source: http://arxiv.org/abs/2201.11903

Chain-of-Thought Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans of

tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A:
The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples

Co they have? J

The
answer is 9.

14
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Chain-of-
Thought
Prompting
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* Insight:

asking an LLM to reason about its

answer can improve its in-context performance

* Chain-of-thought prompting provides examples of

reasoning in the in-context training examples

(a) Few-shot

@oger has 5 tennis balls. He buys 2 more cans of tenQ

balls. Each can has 3 tennis balls. How many tennis balls does
he have now?
A: The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A:

(Output) The answer is 8. X

(b) Few-shot-CoT

ﬁ Roger has 5 tennis balls. He buys 2 more cans of ter@
balls. Each can has 3 tennis balls. How many tennis balls does

he have now?
A: Roger started with 5 balls. 2 cans of 3 tennis balls each is 6
tennis balls. 5 + 6 = 11. The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A:

(Output) The juggler can juggle 16 balls. Half of the balls are golf

o

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A: The answer (arabic numerals) is

(Output) 8 X

(c) Zero-shot

Source: https://arxiv.org/pdf/2205.11916.pdf

balls. So there are 16 / 2 = 8 golf balls. Half of the golf balls are
We. So there are 8/ 2 = 4 blue golf balls. The answer is 4. //

15
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Chain-of-
Thought
Prompting
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* Insight: asking an LLM to reason about its

answer can improve its in-context performance

* Chain-of-thought prompting provides examples of

reasoning in the in-context training examples

MultiArith GSM8K

Source: https://arxiv.org/pdf/2205.11916.pdf

Zero-Shot 17.7 104
Few-Shot (2 samples) 33.7 15.6
Few-Shot (8 samples) 33.8 15.6
Zero-Shot-CoT \ /787 40.7
Few-Shot-CoT (2 samples) 84.8 41.3

16
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Insight: asking an LLM to reason about its

answer can improve its in-context performance

Chain-of-thought prompting provides examples of

reasoning in the in-context training examples

September 12, 2024

Learning to Reason with LLMs

We are introducing OpenAl o1, a new large language model trained with
reinforcement learning to perform complex reasoning. o1 thinks before it answers
—it can produce a long internal chain of thought before responding to the user.

Source:


https://openai.com/index/learning-to-reason-with-llms/

Recall:
Zero-shot

Learning with
LLMs
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* Summarization

Story: Jason listened to the weather
and heard it was going to be sunny.
He thought the kids might like to go
swimming. He gathered up the
swimsuits, towels and sunscreen.
Jason and the kids got into the truck
and drove to the beach. They spent
the next 2 hours playing and
splashing in the surf.

One-sentence Summary:

Source: https://arxiv.org/pdf/1910.00998.pdf

Model output (Llama-2-70B):

Jason took the kids swimming at the
beach after hearing the weather
forecast, gathering necessary items
and driving there.

\
Model output (Llama-2-7B Chat):

Sure! Here is a one-sentence
summary of the story:

g in the surf afte
ecessary items, including

Jason and the kids went om<s
at the beach,

swimsuits, towels, and sunscreen.
\ Y,

18
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* LLMs are trained to reduce the perplexity of its training

corpus i.e., it’s good at completing

* Issue: an interactive agent (e.g., a chatbot) can’t just

predict what comes next, it needs to behave in a certain

way (e.g., conversationally)

Instruction
* We need to align the LLM with the expectations of a

Fine-Tuning

human user for a given task

* Idea: build a “chatbot” training dataset and use it to

fine-tune the LLM

* This approach is called instruction fine-tuning,

chat fine-tuning, alignment, behavioral fine-tuning, etc...

10/2/24 19



So how could we build
such a dataset? Where
can we get...

* Prompts?

* Response?

10/2/24

* LLMs are trained to reduce the perplexity of its training

corpus i.e., it’s good at completing

* Issue: an interactive agent (e.g., a chatbot) can’t just
predict what comes next, it needs to behave in a certain

way (e.g., conversationally)

* We need to align the LLM with the expectations of a

human user for a given task

* Idea: build a “chatbot” training dataset and use it to
fine-tune the LLM

* This approach is called instruction fine-tuning,

chat fine-tuning, alignment, behavioral fine-tuning, etc...

20



Instruction

Fine-Tuning
Dataset:
InstructGPT
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* Consists

prompt/response pairs

* Human labelers wrote both
an instruction prompt and a
demonstration response

- Some prompts were taken
from early users of the
OpenAl API, and labelers
wrote the demo response

* All data is closed source

Source: https://arxiv.org/pdf/2203.02155

Table 1: Distribution of use
case categories from our API
prompt dataset.

Use-case (%)
Generation 45.6%
Open QA 12.4%
Brainstorming  11.2%
Chat 8.4%
Rewrite 6.6%

Summarization 4.2%
Classification 3.5%

Other 3.5%
Closed QA 2.6%
Extract 1.9%

21
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Instruction

Fine-Tuning
Dataset:
Dolly
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* Consists of 15k
prompt/response pairs

* Employees of
DataBricks wrote all the
prompt/response pairs

- All data is open source!

We set up a contest, where the top 20 labelers would get a big award, We also
outlined 7 very specific tasks:

e Open Q&A: For instance, "Why do people like comedy movies?” or "What is
the capital of France?” In some cases, there’s not a correct answer, and in
others, it requires drawing on knowledge of the world at large.

¢ Closed Q&A: These are questions that can be answered using only the
information contained in a passage of reference text. For instance, given a
paragraph from Wikipedia on the atom, one might ask, “What is the ratio
between protons and neutrons in the nucleus?”

¢ Extract information from Wikipedia: Here an annotator would copy a
paragraph from Wikipedia and extract entities or other factual information
such as weights or measurements from the passage.

¢ Summarize information from Wikipedia: For this, annotators provided a
passage from Wikipedia and were asked to distill it to a short summary.

¢ Brainstorming: This task asked for open-ended ideation and an associated list
of possible options. For instance, “What are some fun activities | can do with
my friends this weekend?".

¢ Classification: For this task, annotators were asked to make judgments about
class membership (e.g are the items in a list animals, minerals or vegetables)
or to judge the properties of a short passage of text, such as the sentiment of
a movie review.

¢ Creative writing: This task would include things like writing a poem or a love
letter.

22
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Instruction

Fine-Tuning
Dataset:
Dolly
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W

General What is best Playstation and Xbox are two competing game
Q&A Playstation or  consoles, where which is "best" will depend on the
Xbox? preferences of the gamer. From a graphics and

performance perspective they are comparable, with
Sony's Playstation technically leading, though most
gamers would be unlikely to notice a significant
difference. From a game library perspective, both
consoles have their respective first-party titles that
appeal to different demographics. For example,
Microsoft has seen great popularity due to popular
title Halo being exclusively available on the console. On
the other hand, Playstation has popular exclusive titles
such as God of War and Gran Turismo. Ultimately the
decision of which console is best will likely come down
to which games titles the purchaser prefers.

Source: https://huggingface.co/datasets/databricks/databricks-dolly-15k

23
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Instruction

Fine-Tuning
Dataset:
Dolly
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W

Open Q&A What Michael Phelps has won the most gold medals of all
individual has  time with 23 golds.
won the most
Olympic gold
medals in the
history of the
games?

Source: https://huggingface.co/datasets/databricks/databricks-dolly-15k

24
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— W

Closed When was the Reading railway station is a major The first
Q&A first Reading transport hub in Reading, Berkshire, Reading
railway station England. Itis on the northern edge of railway
opened? the town centre, near the main retail  station was
and commercial areas and the River opened on
- Thames, 36 miles (58 km) from the 30th of
I n Stru Ctl on London Paddington. The firs i March, 1840.
F| N e_Tu ning station was opened opf 30 March 184
as the temporary western terminus of
Data set: the original line of the Great Western
Railway (GWR). Reading is the ninth-
DOl Iy busiest station in the UK outside

London and the second busiest
interchange station outside London
with over 3.8 million passengers
changing trains at the station annually.

10/2/24 Source: https://huggingface.co/datasets/databricks/databricks-dolly-15k
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Instruction

Fine-Tuning
Dataset:
Dolly

10/2/24

Information Extract all of

Extraction  the dates
mentioned in
this
paragraph
and list them
using bullets
in the format
{Date} -
{Description}

— W

Daniel Leavitt was born e November 16, 1813 -
November 16, 1813, at This is when Daniel
Rye, New Hampshire, the  Leavitt was born

son of Benning Leavitt, e 1838 - This is when
influential businessman, Daniel Leavitt married his
state senator, county wife Ruth Jeannette Ball.

commissioner and later
Chicopee Selectman, and
his wife Olive (Jenness)
Leavitt. Daniel Leavitt
married in 1838 at West
Springfield,
Massachusetts, Ruth
Jeannette Ball. They had
three children.

Source: https://huggingface.co/datasets/databricks/databricks-dolly-15k 26
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Instruction

Fine-Tuning
Dataset:
Dolly
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“

Brainstorming What are some unique There are many items you can use to
curtain tie backs thatyou = make a curtain tie back. Some ideas for
can make yourself? this include a chain, a circle and pin,

jute rope, wooden beaded rope, a
necklack or bracelet, a door knob, a
length of a leather belt, macrame rope,
or a string of artificial flowers.

Classification  Identify which instrument  Gudok is string, Cantaro is percussion.
is string or percussion:
Cantaro, Gudok

Source: https://huggingface.co/datasets/databricks/databricks-dolly-15k 27
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“

Creative Write a haiku about how Caressed by sweet brine, you are crispy
Writing much | love pickles. and crunchy. Oh, won’t you be mine?
I nStru Ctl on Creative What should | do on a free You can visit and take photos at San
F| N e_Tu ning Writing afternoon in San Francisco's landmarks such as Pier 39 or
Francisco? Golden Gate Bridge. If you enjoy
Data set: walking outdoors, there are several
large parks in the city. You can visit
DOI Iy Golden Gate Park and the various

attractions and museums located in the
park. The Presidio is also a popular park
where you can get some of the best
views of Golden Gate Bridge.

10/2/24 Source: https://huggingface.co/datasets/databricks/databricks-dolly-15k 28
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* Key idea: programmatically build instruction fine-tuning

examples from existing NLP tasks (12 tasks, 62 datasets)

¢ R R Y W Sy i '1| ' ™,
Commonsense Sentiment Paraphrase ||Closed-book QA|( Struct to text Translation
(7 datasets) (4 datasets) (4 datasets) (4 datasets) (3 datasets) (4 datasets) (8 datasets)

(ANLI(R1-R3)J( RTE ) |(__CoPA J|[(_ IMDB )||(" MRPC )||(ARC (easyichai)}| | (CommonGen) | | (ParaCrawi ENIDE )

( CB J(  SNLI )| [(HellaSwag )| |( Sent140 ) ( aap  )||C  Na  }||(__DART _ )||(Paacraw ENES )
( MmNL ) whoe ) PieA )| ssT-2 )| paws )| TQA )|[(CE2ENLG )||(Paracraw ENFR)

NLI StoryClo Yel - -
) & ry zejJ lL!\'h elp j} J STS-B _,} X | k[:_ WEBNLG ) ) (wMT-16 ENCS )
, ‘
Reading comp. Read. comp. w/| | Coreference Summarization _
(5 datasets) commonsense | | (3 datasets) (11 datasets) (_WMT-16 EN/FI )
("Boola )(OBQA)|| (2datasets) DPR Co0A )(TREC )| | (_AESLC )(Muli-News ) (_Samsum )

CoLA ) | C AG News )( Newsroom ) (Wi Lingaa en) | | (WMT-16 ENRU)

i ( DROP )(SQuAD)||( CosmosQA ]| |( Winogrande ) —
I l I l Math CMN-DM ) {( opinabs: iDebate 3 XS ) 3
I Stru Ctl O (MultiRC (_ReCoRD )| |(__WSC273 )| |(Farucuason mesr)) | ( Gigaword (n:n,qm. Mavie ) - ) me h EN"R_J

Fine-Tuning * For each NLP task/dataset, Flan created 10 templates e.g.,
D ata S et : R:;:::r:s:asmunaut Valery Polyakov <premise> ( N

Read the following and

ﬁé&iﬁ?ﬁgmﬁ'ﬁ: - B Based on the paragraph determine if the hypothesis can
F I a n space, a staggering 438 d a:,’; above, can we conclude that | | be inferred from the premise:
between 1994 and 1995. <hypothesis>? Premise: <premise>
. <options> Hypothesis: <hypothesis>
Hypothesis # <options>
Russians hold the record for the Template 2
longest stay in space. <premise> _ _/
Target Opt Can we infer the following? Tﬂmﬂlﬂtﬂ 4 .
10NS:
Entaiment ==} [ - ves <hypothesis> C )
Mot entailment = <options>

10/2/24 Source: https://arxiv.org/pdf/2109.01652 29
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Model Details Data Collection & Training Details
Release Collection Model Base Size Public? |Prompt Types Tasks in Flan # Exs Methods
202005 UnifiedQA UnifiedQA RoBerta 110-340M ° @ 46/ 46 750k
202104 CrossFit BART-CrossFit BART 140M @ @ 15 /159 71M
202104 Natural Inst V1.0 | Gen. BART BART 140M @ @/@ 61/61 | 620k  +Detailed kishot Prompts /7
202109 Flan 2021 Flan-LaMDA LaMDA 1378 @ e/@ 62/62 | 44M + Template Variety
202110 P3 T0, TO%, To++ TS-LM 38 O D 62/62  12M I —— ]
- + Input Inversion
202110 MetalCL MetalCL GPT-2 770M QO @ 00/142 | 35M I — ]
202111 ExMix EXTS 15 220MB @ @ 72/107 | 500k + With Bratraining
2022 04 Super-Natural Inst. | Tk-Instruct T5-LM, mT5 11138 ° @ /@ 1556 /1613 5M I * D“’f’:ﬁ;::“’;;’:“”"
g ~With Pretraining
I t t . 202210 GLM GLM-130B GLM 1308 ° @ 65/77 12M [ ——— l
n S r u C I O n 20221 xP3 BLOOMz,mT0 | BLOOM, mT5  13-176B ° @ 53/7 81M + Massively Multilingual
- s 2022172 Unnatural Inst.t | T5-LM-Unnat. Inst. | T5-LM nB @ @ ~20 /M7 64k + Synthetic Data
INe-1unin Sy o
202212 Self-Instructt GPT-3SelfInst. | GPT-3 1758 @ @ Unknown 82k + Knowledge Distillation
@ +@ + Termnplate Variety
202212 OPT-IML Bench' |OPT-IML oPT soss () ~2067 /2207 18M PR
a a S e S @ + Multilingual
+ Template Variety
202210 Flan 2022 (ours) | Flan-Ts, Flan-PaLM TS-LM, PaLM 10M-540B w @+@ 1836 15M + Input Inversion
@ + Multilingual

Figure 2: A Timeline of Public Instruction Tuning Collections specifies the collection release date, detailed information
on the finetuned models (the base model, their size, and whether the model itself is Public (I’) or Not Public (NI’)), what
prompt specification they were trained for (zero-shot, few-shot, or Chain-of-Thought), the number of tasks contained in
the Flan 2022 Collection (released with this work), and core methodological contributions in each work.

Note that the number of tasks and of examples vary under different assumptions and so are estimates. For instance, the
definition of “task” and "task category” vary by work, and are not easily simplified to one ontology. The reported counts
for the number of tasks are reported using task definitions from the respective works.

" indicates concurrent work.

10/2/24 Source: https://arxiv.org/pdf/2301.13688
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Instruction fine-tuned LLMs # Params | Base Model Fine-tuning Trainset
Self-build  Dataset Name Size
Instruct-GPT (Ouyang et al., 2022) 1768 GPT-3 (Brown et al_, 2020h) Yes - -
BLOOMZ (Muennighoff et al., 2022)" 1768 BLOOM (Scao et al., 2022) No xP3 -
FLAN-TS5 (Chung et al., 2022) 11B T5 (Raffel et al., 2019) No FLAN 2021 -
Alpaca (Taori et al., 2023y 7B LLaMA (Touvron et al., 2023a) Yes - 52K
Vicuna (Chiang et al., 21323}"’ 13B LLaMA (Touvron et al., 2023a) Yes - TOK
GPT-4-LLM (Peng et al., 2023)° 7B LLaMA (Touvron et al., 2023a) Yes - 52K
Claude (Bai et al., 2022h) - - Yes - -
WizardLM (Xu et al., 2[}233}6 7B LLaMA (Touvron et al., 2023a) Yes Evol-Instruct TOK
ChatGLM2 (Du et al., 2022)° 6B GLM (Du et al., 2022) Yes - 1.1 Tokens
LIMA (Zhou et al., 2023) 65B LLaMA (Touvron et al., 2023a) Yes - 1K

OPT-IML (lyer et al., 2022)* 1758 OPT (Zhang et al., 2022a) No - -

I n St r u Ct I O n Dolly 2.0 (Conover et al., 21323}9 12B Pythia (Biderman et al., 2023) No - 15K

Falcon-Instruct (Almazroued et al.., 21]23:1}” 40B Falcon (Almazrouei et al., 2023h) No - -

(] [ ]
F | n e-Tu n | n g Guanaco (JosephusCheung, 2021)"" 7B LLaMA (Touvron et al., 2023a) Yes - SB6K

Minotaur (Collective, 2{]23}'1 15B Starcoder Plus (Li et al., 20231 No - -
M O d e I S Nous-Hermes (NousResearch, 2023)" 138 LLaMA (Touvron et al., 2023a) No - 300K+
TULU {Wang et al., 2(]23(:}” 6. 78 OPT (Zhang et al., 2022a) No Mixed -
YuLan-Chat (YuLan-Chat-Team, 2023)" 13B LLaMA (Touvron et al., 2023a) Yes - 250K
MOSS (Tianxiang and Xipeng, 2023)' 16B - Yes - -
Airoboros (Durbin, 2023)" 13B LLaMA (Touvron et al., 2023a) Yes - -
Ultral M (Ding et al., 2[}:233}lﬂ 13B J LLaMA (Touvron et al., 2023a) Yes - -

* Key takeaway: instruction fine-tuned models are often

very effective at a much smaller scale than typical LLMs
10/2/24 Source: https://arxiv.org/pdf/2301.13688
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Fine-tuning Trainset

Instruction fine-tuned LLMs # Params  Base Model
Self-build  Dataset Name Size
Instruct-GPT (Ouyang et al., 2022) 1768 GPT-3 (Brown et al_, 2020h) Yes - -
I d e a : W h a t if BLOOMZ (Muennighoff et al., 2022)" 1768 BLOOM (Scao et al., 2022) No xP3 -
FLAN-TS5 (Chung et al., 2022) 11B T5 (Raffel et al., 2019) No FLAN 2021 -
I d Alpaca (Taori et al., 2023)° 7B LLaMA (Touvron et al., 2023a) Yes - 52K
We CO u g et a n Vicuna (Chiang et al., 21323}"’ 13B LLaMA (Touvron et al., 2023a) Yes - TOK
GPT-4-LLM (Peng et al., 2023)° 7B LLaMA (Touvron et al., 2023a) Yes - 52K
L L M to Claude (Bai et al., 2022h) - - Yes - -
WizardLM (Xu et al., 2[}233}6 7B LLaMA (Touvron et al., 2023a) Yes Evol-Instruct TOK
ge n e ra te it S ChatGLM2 (Du et al., 2022)° 6B GLM (Du et al., 2022) Yes - 1.1 Tokens
LIMA (Zhou et al., 2023) 65B LLaMA (Touvron et al., 2023a) Yes - 1K

OPT-IML (lyer et al., 2022)* 1758 OPT (Zhang et al., 2022a) No - -

[ ) [ ]
OW n fl n e_t u n I n g Dolly 2.0 (Conover et al., 21323}9 12B Pythia (Biderman et al., 2023) No - 15K
Falcon-Instruct (Almazroued et al.., 21]23:1}”:' 40B Falcon (Almazrouei et al., 2023h) No - -

d a t a S et ? H O W Guanaco (JosephusCheung, 2021)" 7B LLaMA (Touvron et al., 2023a) Yes - 586K

Minotaur (Collective, 2{]23}'1 15B Starcoder Plus (Li et al., 20231 No - -
WO u Id We m a ke Nous-Hermes (NousResearch, 2023)" 13B LLaMA (Touvron et al., 2023a) No - 300K+
TULU {Wang et al., 2(]23(:}” 6. 78 OPT (Zhang et al., 2022a) No Mixed -
t h YuLan-Chat (YuLan-Chat-Team, 2023)" 13B LLaMA (Touvron et al., 2023a) Yes - 250K
S u re e MOSS (Tianxiang and Xipeng, 2023)' 16B - Yes - -
Airoboros (Durbin, 2023)" 13B LLaMA (Touvron et al., 2023a) Yes - -
re S p O n S e S We re Ultral. M (Ding et al., 2023a)"* 13B LLaMA (Touvron et al., 2023a) Yes - -
(" d 7”9 _ _ _
g000a - Key takeaway: instruction fine-tuned models are often

very effective at a much smaller scale than typical LLMs
10/2/24 Source: https://arxiv.org/pdf/2301.13688
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* InstructGPT uses Reinforcement Learning with Human
Feedback (RLHF) to further fine-tune an already

Reinforcement
Learning from

instruction fine-tuned version of GPT3

* “In human evaluations on our prompt distribution,
fiiman f he 1.3B p | p GPT model
outputs from the 1.3B parameter Instruct mode
Feedback |
are preferred to outputs from the 175B GPT-3, despite

having 100x fewer parameters.”

10/2/24 Source: https://arxiv.org/pdf/2203.02155 33
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Reinforcement
Learning from

Human
Feedback

10/2/24

Step1

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This datais used
to fine-tune GPT-3
with supervised
learning.

Explain the moon
landing to a & year old

'

)

Va

Some people went
to the moon...

'

SFT

&

V4
BEE

Source: https://arxiv.org/pdf/2203.02155

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

Explain the moon

landing to a & year old
0 o

Eaplain grimity... Eaplain var..
(c] o

Moo b natursl People want ta

satulbte of_. this ...

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPQ.

B

Write a story
about frogs

\

PPO

% -
1

Once upan a time...

:
&

1
r

=
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Sotlect demonstration data. * Step 1 performs instruction fine-

and train a supervised policy.

tuning on 13k training examples

mpeatomonr | @
Rel nf(?rcement :bplda h ' * This aligns the model behavior with
Learning from Ehmdtttptth @ what we would expect of a chat agent
Human | e but the diversity of the responses
Feedback ;}hdilsfs might be limited because of the small
carning

IR (and potentially not representative)

training data

10/2/24 Source: https://arxiv.org/pdf/2203.02155 35
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Reinforcement
Learning from

Human
Feedback

10/2/24

Step

Collect demonstration data,
and train a supervised policy.

A prompt is
sampled from our
prompt dataset

A labeler
demonstrates the
desired output
behavior.

This data is used
to fine-tune GPT-3
with supervised
learning

LRI
e

iy

Source: https://arxiv.org/pdf/2203.02155

AN

i

Step 2
Collect comparison data,
and train a reward model.
A prompt and
several model ok e meth
outputs are landing 10 a 6 year old
sampled.
(2] o
Cophan ity Trphann mw
(c] (o]

A labeler ranks
the outputs from
best to worst,

This data is used
to train our
reward model.

e 1 e Ponpls maet b
atette o e M

ﬁ_/

In Step 2, the
model takes 33k
prompts and
samples

K € {4, ..,9}
responses from
the instruction
fine-tuned model
for each one
Then, a human
labeler ranks all

the responses

36
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Reinforcement
Learning from

Human
Feedback:
Ranking
Interface

10/2/24

Playground task @

Talk to the
assistant

Task 1 of 5

Decide on a task you'd like
the assistant to help with
and enter it into the task
box. Interact with the Al
assistant. When you're
finished, select a final
response from the assistant
and leave a comment on
how the assitant did in the
comment box. Click to go to
the next task.

Comments
| thought the assistant was ...

Rating
O OO0 O
Bad Good

Next Task

&

Human
| have to come up with a conversation with an Al assistant for the purposes of showing it off in a demo. What sorts of conversation
topics would you recommend?

Assistant

| think the best topics for conversation are common themes and interests that everyone could have. Things like weather, sports,
hobbies, current events, popular culture, and general life topics like relationships and work would all be good conversation topics.
You could also have more advanced conversations discussing philosophy and morality if you want to demonstrate some higher level
Al capabilities.

Human
I think I'm more interested in an advanced conversation. What's a good starter question if | wanted to discuss something
philosophical, like epistemology or the nature of language?

Assistant

| think an excellent philosophical topic would be epistemology, which is the theory of knowledge, and specifically how we can know
and understand the world around us. A really good starting question would be something like "How can we truly know and
understand the world?", or "What is the nature of knowledge?". If you want to go even deeper, | think philosophy of language would
also be fascinating - questions like "What is meaning?", "How do language and thought relate?", and "How can language mislead and
deceive?" would be great discussion topics.

Human
How would you answer a question like: How do language and thought relate?

Choose the most helpful and honest response

| think a good answer to that would be that language helps us to structure our thoughts and express what we are thinking. Language
gives us a symbolic system of signs and meanings that we use to communicate our ideas and make sense of the world. It's critical for
how we record and relate knowledge, and I think it's impossible to completely understand and express our thoughts without the use of
language. Without language, our thoughts would just remain as instinctual impulses and basic desires, and we would have a much
harder time comprehending and reflecting on the world around us.

| think the key relationship between language and thought is that language allows us to communicate and express our thoughts and
ideas to others. Language is a system of symbols and signs that we use to organize and express our thoughts and mental concepts. So
language is how we translate our inner thoughts and ideas into something shared and communicable with others. Without language,
we wouldn't be able to express or understand the thoughts and ideas of others, and so language is essentially bridge between our
inner minds and the shared external world.

A A B B

A is better B is better

Source: http://arxiv.org/abs/2204.05862
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Reinforcement
Learning from

Human
Feedback:
Reward
Model

10/2/24

Step
Collect demonstration data,
and train a supervised policy.

A prompt is

sampled from aur

L}r.ﬂml]t dﬂ‘[nq@t lamdeng to & & yoar ol

A labeler

behavior,

This data is used

to fine-tune GPT-3 ol

demonstrates the @
desired output

%

& & 8

with supervised 1?;;&,3;?
learning &
=

iy

Source: https://arxiv.org/pdf/2203.02155

i

Step 2
Collect comparison data,
and train a reward model.
A prompt and
several model ok e meth
outputs are landing 10 a 6 year old
sampled.
(2] o
Cophan ity Trphann mw
(c] (o]

e 1 e Ponpls maet b
atette o e M

A labeler ranks
the outputs from @
best to worst,

0°0-0-0
This data is used am
to train our
reward model.

0-0-0-0

In Step 2, the
model takes 33k
prompts and
samples

K € {4, ..,9}
responses from
the instruction
fine-tuned model
for each one
Then, a human
labeler ranks all

the responses

38
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Reinforcement
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Human
Feedback:
Reward
Model

10/2/24

* The reward model is a smaller LLM (e.g., 6B vs. 175B
parameters), but with the softmax over words
replaced with a linear layer so that it outputs a scalar

value, i.e. the reward of some (prompt, response) pair

* This regression model is trained so that rewards of

higher-ranking responses, y,,,, are larger than those of

the lower-ranking responses, y;:

1
£(0) = m E(x v,y ~pll0g o (1 (x, y,) — 19(x,y,)]
2

/A2,

where x is the prompt, K is the number of responses
for prompt x, D is the set of human labelled

preferences, and 1y is the reward model

39



Reinforcement
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Human
Feedback:
Reward
Model

10/2/24

* The reward model is a smaller LLM (e.g., 6B vs. 175B
parameters), but with the softmax over words
replaced with a linear layer so that it outputs a scalar

value, i.e. the reward of some (prompt, response) pair

* This regression model is trained so that rewards of

higher-ranking responses, y,,, are larger than those of

the lower-ranking responses, y;:

1
£(0) = — @ E(xy,,v;) ~plloga(rg(x, yu) —1o(x, y1)]

* During training, all (12{) pairwise rankings for a prompt

are kept together in a batch for efficiency/stability

40



Okay so now
what do we do

with this
thing...”?

10/2/24

* The reward model is a smaller LLM (e.g., 6B vs. 175B
parameters), but with the softmax over words
replaced with a linear layer so that it outputs a scalar

value, i.e. the reward of some (prompt, response) pair

* This regression model is trained so that rewards of
higher-ranking responses, y,,, are larger than those of

the lower-ranking responses, y;:

1
£(0) = — @ E(xy,,v;) ~plloga(rg(x, yu) —1o(x, y1)]

* During training, all (12{) pairwise rankings for a prompt

are kept together in a batch for efficiency/stability

41



Okay so now
what do we do

with this
thing...”?
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Step

Collect demonstration data,
and train a supervised policy.

A prompt s
sampled from aur
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This data is used
to fine-tune GPT-3
with supervised
learning.

Explain thi moon
to & & yiar old

landing

Source: https://arxiv.org/pdf/2203.02155

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst

This data is used
to train our
reward model.

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

™

Write a story
about frogs

'

FPO

X

Y

COnce upon a time..,

Y

RM

&

Y

42


https://arxiv.org/pdf/2203.02155

Reinforcement
Learning:

Problem
Formulation

10/2/24

- State space, &
* Action space, A

* Reward function

- Stochastic, p(r | s, a)

* Deterministic, R: § X A - R

* Transition function

- Stochastic, p(s’ | s, a)

* Deterministic, 0: § X A - §
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Reinforcement
Learning:

Problem
Formulation
for Fine-tuning
LLMs

10/2/24

- State space, § = {all possible sequences of tokens}
» Action space, A = {vocabulary of next tokens}

- Reward function

» Stochastic, p(r | s, a)
* Deterministic reward based on reward model

trained on human feedback, Ry

° Ry is a bit of weird reward function from an RL
perspective: it returns 0 V a # EOS and

ro(x,|s, a]l — x) otherwise

* Transition function

» Stochastic, p(s’ | s, a)

- Deterministic, §(s,a) = [s, al 2



Reinforcement
Learning:

Object of
Interest

10/2/24

* A stochastic, parametrized policy, T4 (a | s)

* Specifies a distribution over actions in every state

— plaq|ss; @) = 7T¢(a1|5t)

— plazlsy; @) = my(az|se)
Model: s; — B0 .

— p(ajqlse ) = my(aa]se)

* An episode T = {s,, ay, S1,a4, ..., St} is one run of an agent

through the system ending in a terminal state, st

* The stochastic policy induces a distribution over episodes

p¢(T) — p({SOJ a(), Sl) a’l: ee ST})

T—1
= p(So) 1_[ p(Ses1 | Se,ar) Ty (atlse)
t=0
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Reinforcement
Learning:

Object of
Interest for
Fine-tuning
LLMs

10/2/24

* The LLM to be fine-tuned, m4(a | s)

* Specifies a distribution over next tokens given any input

sequence

— plaq|ss; @) = 7T¢(a1|5t)

— plazlsy; @) = my(az|se)
Model: s; — B0 .

— p(ajqlse ) = my(aa]se)

* An episode T = {x, ay, S1,a4, ..., g@} is one completion of

the prompt x, ending in an EOS token

* The LLM induces a distribution over possible completions

qu(T) — p({aOisli all ---;ST} | X = SO)
T—-1

= 1_[ Ty (atlse)

t=0
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Objective function: £(¢) = —Ep,(m |[Rg(T)], the negative expected reward of a response
Tpt(®) =V (~Epym [Ro (1) = Vg | = [ Ro(Dpp(1) dT

T-1

Polic
Grad}lent T j Ro(T)V¢ 1_[7T¢(at|5t) dT

t=0

Methods

" Issue: Vg (T) involves taking the gradient of a (hideous) product

10/2/24
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Objective function: £(¢) = —Ep,(m |[Rg(T)], the negative expected reward of a response

Tpt(®) =V (~Epym [Ro (1)) = T | = [ Ro(Dpy(1) dT

Likelihood T-1
Ratio - _f R (T)Vfl) (1_[ 7Tqb(at|5t) dT
Method - = 7

a.k.a. .mSightV (T 3 C’")
@ ?56 Fngl)

(lvgguzi;\ms, ls 7 (7) = 10 )y (aelse)
Vi ‘os () - g;% by 1 (e 1se)

10/2/24 Source: https://link.springer.com/article/10.1007/bf00992696 48
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Objective function: £(¢) = —Ep,(m |[Rg(T)], the negative expected reward of a response

Vo t($) = Vo (—Ep,(r[Re(T]) = Vi | — f Re(T)pg (T) dT)

:;:Slcl)hOOd _ __]‘RB(T)Yqbpqu(DZI‘ g—fRQ(T)VL¢(logﬁ¢(T))p¢(T2’dT
Method - — ADAVA G
a.k.a. EV%C}?[R@ D 7o }
REINFORCE v~ LT R (T >\7¢ oy (T )
(Williams, b
\,\,’\,\p(‘g TC w ~ \7% (LLA/\ eLoné\\-)X
N
= - *\-Z e %/ES(-?\, C?ld@
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