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Recap: Training Neural Networks



Model Training Process
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Outline

1. Overview of LLM Training

2. LLM training
a. LLM Pretraining (including Word Tokenization)

b. Instruction Finetuning
c. Reinforcement Learning from Human Feedback

3. LLM Evaluation
4. Tutorial: Build a LLM from scratch



Understanding of LLM Training



From Zero to ChatGPT

) Lots of annotated Human judgements Chat-oriented data
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https://chat.openai.com/

Steps of LLM training
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Starts from Word Tokenization



What and Why?

Tokenization is the process of breaking down a piece of text, like a sentence or a paragraph, into
individual words or “tokens.” These tokens are the basic building blocks of language, and tokenization
helps computers understand and process human language by splitting it into manageable units.
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-

What time ?

https://www.analyticsvidhya.com/blog/2020/05/what-is-tokenization-nlp/



Tokenization
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Subword modeling

Sample Data:

"This Is tokenizing.’

Character Level

T hl i s i s t o k e n i z i n g

Word Level

This is tokenizing

Subword Level

This' is token izing



Tokenization

Tokenization Methods

Example Tokenizers

Considerations

Word-based tokenization Character-based tokenization

Character tokenization (simply
tokenize on every character)

Space tokenization (split
sentences by space); rule-based
tokenization (e.g. Moses, spaCy)

Downside: Generates
avery large vocabulary
leading to a huge
embedding matrix as the
input and output layer;
large number of out-of-
vocabulary (OOV) tokens;
and different meanings of
very similar words

Transformer models
normally have a
vocabulary of less than
50,000 words, especially if
they are trained only on a
single language

Lead to much smaller
vocabulary; no OOV (out
of vocabulary) tokens
since every word can be
assembled from individual
characters

Downside: Generates
very long sequences

and less meaningful
individual tokens, making
it harder for the model to
learn meaningful input
representations. However,
if character-based
tokenization is used on
non-English language, a
single character could be
quite information rich (like
“mountain” in Mandarin).

Subword-based tokenization

Byte-Pair Encoding (BPE);
WordPiece; SentencePiece;
Unigram (tokenizing by parts of
aword vs. the entirety of a word;
see table above)

« Subword-based
tokenization methods
follow the principle that
frequently used words
should not be split
into smaller subwords,
but rare words should
be decomposed into
meaningful subwords

o Benefit: Solves the
downsides faced by
word-based tokenization
and character-based
tokenization and
achieves both reasonable
vocabulary size with
meaningful learned
context-independent
representations.



Subword modeling

Subword modeling in NLP encompasses a wide range of methods for reasoning about structure

below the word level. (Parts of words, characters, bytes.)

Unfriendly

Un friend ly

e The dominant modern paradigm is to learn a vocabulary of parts of words (subword tokens).

e At training and testing time, each word is split into a sequence of known subwords.



Subword-based
Tokenization
Methods

Description

Subword-based
Tokenization Methods

Byte-Pair Encoding [Gage 1994]

o Originally used in machine translation
WordPiece

Unigram

SentencePiece

Considerations

Byte-Pair Encoding
(BPE)

One of the most popular
subword tokenization
algorithms. The
Byte-Pair-Encoding
works by starting

with characters, while
merging those that are
the most frequently
seen together, thus
creating new tokens. It
then works iteratively to
build new tokens out of
the most frequent pairs
it sees in a corpus.

BPE is able to build
words it has never

seen by using multiple
subword tokens, and
thus requires smaller
vocabularies, with less
chances of having “unk”
(unknown) tokens.

BPE is particularly
useful for handling rare
and out-of-vocabulary
words since it can
generate subwords for
new words based on the
most common character
sequences.

Downside: BPE can
result in subwords that
do not correspond to
linguistically meaningful
units.

WordPiece

Very similar to BPE.

The difference is that
WordPiece does not
choose the highest
frequency symbol

pair, but the one

that maximizes the
likelihood of the training
data once added to the
vocabulary (evaluates
what it loses by merging
two symbols to ensure
it’s worth it)

WordPiece can be
particularly useful for
languages where the
meaning of a word can
depend on the context
in which it appears.

Unigram

In contrast to BPE /
WordPiece, Unigram
initializes its base
vocabulary to a large
number of symbols
and progressively trims
down each symbol
to obtain a smaller
vocabulary. It is often
used together with
SentencePiece.

Unigram tokenization

is particularly useful for
languages with complex
morphology and can
generate subwords

that correspond to
linguistically meaningful
units. However,
unigram tokenization
can struggle with rare
and out-of-vocabulary
words.

SentencePiece

The left 3 tokenizers
assume input text uses
spaces to separate
words, and therefore are
not usually applicable
to languages that don’t
use spaces to separate
words (e.g. Chinese).
SentencePiece treats
the input as a raw input
stream, thus including
the space in the set of
characters to use. It then
uses the BPE / Unigram
algorithm to construct
the appropriate
vocabulary.

SentencePiece can be
particularly useful for
languages where the
meaning of a word can
depend on the context
in which it appears.


http://www.pennelynn.com/Documents/CUJ/HTML/94HTML/19940045.HTM

Byte-pair encoding [Gage 1994]

Byte-pair encoding is a simple, effective strategy for defining a subword vocabulary.

1. Start with a vocabulary containing only characters and an “end-of-word” symbol.
2. Using a corpus of text, find the most common pair of adjacent characters “a,b”; add

subword “ab” to the vocab.
3. Replace instances of the character pair with the new subword; repeat until desired

vocab size.
aaabdaaabac ZabdZabac dzYac XdXac
Z=aa Y=ab =7Y
Z=aa Y=ab


http://www.pennelynn.com/Documents/CUJ/HTML/94HTML/19940045.HTM

Example of a bad tokenizer: LLaMA for Chinese

Table 1: Tokenizer comparisons between original LLaMA and Chinese LLaMA.

Length  Content

Original Sentence 28 ALBRATENAAZE . OEE . YEFERBREGILEF
¢ 9 ‘A, ‘.I.’ s,‘Faa ‘ﬁ%’ cE" s.l.'_a cﬁ’ ‘#]L’ 5ﬁ+$ ‘?’ ¢ 9’ "\_b‘,
Original Tokenizer 35 E’, 2 N ‘OxES’ ‘Ox93’ ‘OxB22, ‘4, "7, ‘ﬂ" ‘OxE8’

0X9F’, ‘0x8D", “4", 8", “X", ‘0XES", ‘0x8F", ‘0x89", ‘%", A, <. °

Chi Tokeni 6 c—9, ‘Aléﬁ’l«hﬁ’saa s_l_'._ﬁ’_ma cjf‘l_:,f-_-, .l ” s'cjg,‘—‘_?-'_-s,c\ ,’ s;,:g-_r“%—’-a’
mese 10Kenizer
'*_:?'—, s,-_?:i;i_’ ‘l%iA, ‘él]’ ¢ 7 1’ ‘,_—:’,:ﬁ‘l_’ ‘ ’

LLaMA tokenizer is unfriendly to Chinese

Yiming Cui. et.al. EFFICIENT AND EFFECTIVE TEXT ENCODING FOR CHINESE LLAMA AND ALPACA. https://arxiv.org/pdf/2304.08177 .pdf



Example of a bad tokenizer: AceGPT for Arabic
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https://Inkd.in/dfOnPQtw

https://Inkd.in/dme9strF
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Apart from Arabic support in generative Al (ex. ChatGPT and Bard),
there are a couple open source models: Jais and AceGPT (links above).
Still, no authentic model that treats Arabic well (tokenization and
corpora). The two images show the answer to the trending
?#GenerativeAl question: what is the meaning of life

.AceGPT provided an answer while Jais declined

https://arabic.llmzoo.com/

https://huggingface.co/Freedomintelligence/Ace GPT-7b-chat-GPTQ/raw/main/tokenizer.json



A broader sense of “token”

Vision Transformer (ViT)

MLP
Head ORF

Acoustic tokens Semantic tokens Unified tokens ATCGCTATGC\k'merS
C XCNC NG coding ORF vs non-coding ATCGCTATGCT
Transformer Encoder 0000 NLP: bag of words ATCGCTATGCT
X X 000 ( X X N )

| :
ATCGCTATGCT
“Emedng [EIS @5 @IS / so:::os::: " \ / ﬁ;‘f:é% \ SpeechTokenizer ““I“IIII“II“"I ATCGCTATGICT

Lot e Lmear Pro;ecnon of Flattened Patches J ATCGCTATGC
SEE | | { ATCGCTATGCT]

1 -.mﬂ ﬁwé I|‘|I|u| ||‘|||m I|‘|I|n| ||’|||n| I|‘|I|n| I|‘||||n ||’|I|||l Sentencel Text

] i e ATCGCT TCGCTA CGCTAT GCTATG CTATGC

Image token Speech token genes (ERA)

Alexey Dosovitskiy. et al. An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale. https://arxiv.org/abs/2010.11929
Xin zhang et.al. SpeechTokenizer: Unified Speech Tokenizer for Speech Language Models. https://Onutation.github.io/SpeechTokenizer.github.io/


https://arxiv.org/search/cs?searchtype=author&query=Dosovitskiy,+A

LLM Pretraining



TECH

o ChatGPT and generative Al are
LLM Pretraining booming, but the costs can be
extraordinary

Pretraining a multi-billion parameter

LLM is long and expensive! Sronarusmnnnen (@) Srceene
KEY ® The cost to develop and maintain the software can be extraordinarily high.
POINTS
C b f 1 b h k ® Nvidia makes most of the GPUs for the Al industry, and its primary data center
ommon carbon footprint benchmarks Bl mekes osl o ia €00

in Ibs of CO2 equivalent s

Analysts and technologists estimate that the critical process of training a large
language model such as GPT-3 could cost over $4 million.

Roundtrip flight b/w NY and SF (1

passenger) | 1.984
Human life (avg. 1 year) I 11,023
American life (avg. 1 year) . 36,156

US car including fuel (avg. 1 lifetime) 126,000
Transformer (213M parameters) w/ neural
architecture search 626,155

https://www.cnbc.com/2023/03/13/chatgpt-and-generative-ai-are-booming-but-at-a-very-expensive-price.html

https://www.slideshare.net/SylvainGugger/fine-tuning-large-lms-243430468


https://www.cnbc.com/2023/03/13/chatgpt-and-generative-ai-are-booming-but-at-a-very-expensive-price.html

Why Pretraining?

In modern NLP: ?

Hﬂﬂ

... the mowe was ..

e All (or almost all) parameters in NLP networks are
initialized via pretrianing.

e Pretraining methods hide parts of the input from the
model, and then train the model to reconstruct those
parts.

— Pretrained jointly

This has been exceptionally effective at building strong:

e representations of language
e parameter initializations for strong NLP models.
e probability distributions over language that we can

sample from [This model has learned how to represent

entire sentences through pretraining]



Pretraining for three types of architectures

The neural architecture influences the type of pretraining, and natural use cases.

1 2227 Decoders

Encoders
2T Encoder-
>EQ Decoders

Language models! What we’ve seen so far.
Nice to generate from; can’t condition on future words
Examples: GPT-2, GPT-3, LaMDA

Gets bidirectional context — can condition on future!
Wait, how do we pretrain them?
Examples: BERT and its many variants, e.g. ROBERTa

Good parts of decoders and encoders?
What’s the best way to pretrain them?
Examples: Transformer, T5, Meena



Pretrained Decoders



Pretraining Decoders

It’s natural to pretrain decoders as language models and then use them as generators,
finetuning their pg (W¢|wy.e—1)!

Original word : thank you forjinviting me to your party

6 stage thank  you for inviting me to your party
5 stage thank you  for inviting me to_ your
—_— &

4 stage thank  you for inviting me to

=y
3 stage thank  you for inviting me

:&
2 stage thank  you for inviting
P il e

1 stage thank  you for




Pretraining through language modeling

Recall the language modeling task:

goes to make tasty tea END

e Model the probability distribution over words
given their past contexts.
e There’s lots of data for this! (In English.)

Pretraining through language modeling:

e Train a neural network to perform language

modeling on a large amount of text.

Iroh oes to
e Save the network parameters. & make tasty tea



Pretrained Encoders



Pretraining Encoders
BERT [Devlin et al. NAACL 2019]

® Fully bidirectional transformer encoder

o  BERTbase: 12 layers, hidden size=768, 12 att’n heads (110M parameters)
o  BERTlarge: 24 layers, hidden size=1024, 16 att’n heads (340M parameters)

® Input: sum of token, positional, segment embeddings
O  Segment embeddings (A and B): is this token part of sentence A (before SEP) or sentence B (after SEP)?

® |[CLS] and [SEP] tokens: added during pre-training

® Pre-training tasks:

O  Masked language modeling

O  Next sentence prediction


https://arxiv.org/abs/1810.04805

BERT Input

[CLS] Sentence A SEP] Sentence B SEP]
Input sl || my || dog is | cute | [SEP] || he | likes H pIayw ##ing || [SEP]
Token
Embeddings E[CLS] Emy Edog Eis Ecute E[SEP] Ehe EIikes Eplay E##ing E[SEP]
=+ =+ =+ =+ =+ =+ =+ =+ =+ =+ =+
Segment
Embeddings EA EA EA EA EA EA EB EB EB EB EB
=+ = == =+ =+ =+ =+ =+ =+ =+ =+
Position
Embeddings Eo E1 E2 E3 E4 E5 E6 E7 E8 E9 E10




BERT Pre-training Tasks

BERT is jointly pre-trained on two tasks:

e Next-sentence prediction: [based on CLS token]
o Does sentence B follow sentence A in a real document?
e Mask language modeling:

o 15% of tokens are randomly chosen as masking tokens

o 10% of the time, a masking token remains unchanged

o 10% of the time, a masking token is replaced by a random token

o  80% of the time, a masking token is replaced by [MASK], and the output layer has to predict the

original token



Using BERT for Classification

Class
Label

= 3
)7 ) Gl )~ (i) (e =) =] -

BERT BERT
| “ E, ‘ ‘ Ey l | Eiser) | ‘ E I | B ‘ E[msl E, E, | Ey
e g e B e Bl

DA aEms @ 2 GEaEs -
— it |

Sentence 1 Sentence 2

Single Sentence

Sentence Pair Single Sentence
Classification Classification

Add a softmax classifier on final layer of [CLS] token




Using BERT for Question-Answering

Start/End Span

9

B2 B, .
BERT

B €, (= E N I[REs Al E 0 FES e

L N N L B

-
ARNRERE
\_'_l \_’_/

Question Paragraph

Input: [CLS] question [SEP] answer passage [SEP]
Learn to predict a START and an END token on answer tokens



Examples of language models pretraining objectives

4 name

S
. o —

name Sylvain g -

Guess the next word in the sentence (GPT)

vy B imasi s | syiain §
g

Guess some masked words in the sentence (BERT)



Why not encoder-based LLMs?

1. | cannot generate anything: It can only work for classification
(discrimination) tasks, it is not easy to generate something new.

2. Its objective is not scalable: Its self-supervised tasks (masked language
model) are just too simple for LLMs, and increasing model size does not
improve performance too much.



Pretrained Encoder-Decoders



Pretraining Encoder-Decoders

WrTgo, e,

The encoder portion benefits from bidirectional
context; the decoder portion is used to train the
whole model through language modeling.

@% Wr41, -y Wor

W1, ee, Wr

Raffel, Colin, et al. "Exploring the limits of transfer learning with a unified text-to-text transformer." The Journal of Machine
Learning Research 21.1 (2020): 5485-5551.



Pretraining Encoder-Decoders: Span Corruption

What [Raffel et al.. 2018] found to work best was span corruption. Their model: T5.

Targets

Replace different-length spans from the input <X> for inviting <v> last <>

with unique placeholders; decode out the
spans that were removed!

Original text %T

Thank you fef inviting me to your party IBsf week.
1

This is implemented in text preprocessing:
it’s still an objective that looks like

language modeling at the decoder side.  'nputs v v
Thank you <x> me to your party <Y> week.


https://arxiv.org/pdf/1910.10683.pdf

Why not Encoder-Decoder LLMs?

1. Decoder could work as a seq-2-seq task, its protocol is much easier

2. When performing multi-turn generation, it is not easy to cache previous
values.

3. Other reasons [1]

[1] FREIRR 2 BIER LM Decoder-only %24 2 https://spaces.ac.cn/archives/9529


https://spaces.ac.cn/archives/9529

Tips for LLM pre-training



Tip 1: Data filter

Select Pretraining Data

Toxic

Low
quality

Longpre, S., Yauney, G., Reif, E., Lee, K., Roberts, A., Zoph, B., Zhou, D., Wei, J., Robinson, K., Mimno, D. and Ippolito, D., 2023. A Pretrainer's
Guide to Training Data: Measuring the Effects of Data Age, Domain Coverage, Quality, & Toxicity. arXiv preprint arXiv:2305.13169.



Tip 2: Data duplication

Dataset | Example Near-Duplicate Example

Wiki-40B \n_START_ARTICLE_\nHum Award for Most Impact- | \n_START_ARTICLE \nHum Award for Best Actor in a
ful Character \n_START_SECTION_\nWinners and nomi- Negative Role \n_START_SECTION_\nWinners and nomi-
nees\n_START_PARAGRAPH_\nln the list below, winners are nees\n_START_PARAGRAPH_\nln the list below. winners are
listed first in the colored row, followed by the other nominees. | listed first in the colored row, followed by the other nominees. [...]
I

LMIB I left for California in 1979 and tracked Cleveland s changes on I left for California in 1979 . and tracked Cleveland 's changes on
trips back to visit my sisters . trips back to visit my sisters .

C4 Atfordable and convenient holiday flights take off from your | Affordable and convenient holiday flights take off from your depar-

departure country, "Canada". From May 2019 to October 2019,
Condor flights to your dream destination will be roughly 6 a
week! Book your Halifax (YHZ) - Basel (BSL) flight now, and
look forward to your "Switzerland" destination!

ture country, "USA". From April 2019 to October 2019, Condor
flights to your dream destination will be roughly 7 a week! Book
your Maui Kahului (OGG) - Dubrovnik (DBV) flight now, and look
forward to your "Croatia" destination!

Lee, K., Ippolito, D., Nystrom, A., Zhang, C., Eck, D., Callison-Burch, C. and Carlini, N., 2021. Deduplicating training data makes language models
better. arXiv preprint arXiv:2107.06499.



Tip 3: Data mixture

Wiki Step 1 Step 2 Wiki Step 3
Books Books |m .
News Train small Train small proxy News | el % Avg One-shot Acc on 8B LMs
Web reference rodel Wkt DRO) — Web model with
Code model . g;;i:::aln Code [ reweighted XX 254
Law Law [i gate=et - 6.5% better
s Med § 2.6x faster
Reference domain Small reference Optimized domain weights Large language 6 20-
weights model define reweighted dataset model ‘('D‘
1S
15 Tune domain weights
Small proxy model 2 with 30x smaller model
Figure 1: Given a dataset with a set of domains, Domain Reweighting with Minimax Optimization e Baseline (88) /
(DoReMi) optimizes the domain weights to improve language models trained on the dataset. First, 10 DoReMi (280M->8B)
DoReMi uses some initial reference domain weights to train a reference model (Step 1). The reference ‘ , ; )
model is used to guide the training of a small proxy model using group distributionally robust 50000 100000 150000 200000
optimization (Group DRO) over domains (Nemirovski et al., 2009, Oren et al., 2019, Sagawa et al., Steps

2020), which we adapt to output domain weights instead of a robust model (Step 2). We then use
the tuned domain weights to train a large model (Step 3).

Xie, S.M., Pham, H., Dong, X., Du, N, Liu, H., Lu, Y, Liang, P., Le, Q.V.,, Ma, T. and Yu, A.W., 2023. DoReMi: Optimizing Data Mixtures Speeds Up
Language Model Pretraining. arXiv preprint arXiv:2305.10429.



Tip 4: Data order

Pretraining Documents

path | 2= L Doc 9 A Docq AN Doe 3 L Doe 5 L Doe 7
Doc5 IS :
; Doc 7 ‘

Pretraining Input Contexts 5197 context window
wd Doc 9
k Doc 0 )

Step 1: Finding Related Doc: Step 2: Creating Input Contexts

Figure 2: Illustration of IN-CONTEXT PRETRAINING. IN-CONTEXT PRETRAINING first finds
related documents at scale to create a document graph (§2.1) and then builds pretraining input contexts
by traversing the document graph (§2.2). Along the path, documents are concatenated into a sequence
and subsequently divided to form fixed-sized input contexts (e.g., 8192 token length).

Shi, W., Min, S., Lomeli, M., Zhou, C., Li, M., Lin, V., Smith, N.A., Zettlemoyer, L., Yih, S. and Lewis, M., 2023. In-Context Pretraining: Language
Modeling Beyond Document Boundaries. arXiv preprint arXiv:2310.10638.



Tip 5: Data scale matters

1T Megatron-Turing NLG (530B)

Comhion 2808 1e25 FLOPs Recent models and its training tokens

GPT-3 (1703)*

L00B LLaMA 1 : 1-1.4 T tokens
Chinchilla (70B) 1e24 FLOPs LLaMA 2 : 2 T tokens
Mistral-7B much more
0 1le23 FLOPs
e
(O]
£ 108 1e22 FLOPs
@
o
le21 FLOPs
1B 1e20 FLOPs
—— Our estimated compute-optimal scaling
100M

10B 100B 1T 10T
Tokens



Instruction Finetuning
(Supervised Fine-Tuning, SFT)



Motivation of instruction finetuing

Language modeling # assisting users

PROMPT  Explain the moon landing to a 6 year old in a few sentences.

COMPLETION |[GPT-3
Explain the theory of gravity to a 6 year old. Language models are not
Explain the theory of relativity to a 6 year old in a few sentences. aligned with user intent.

Do complemetion instead of
instruction folowing

Explain the big bang theory to a 6 year old.

Explain evolution to a 6 year old.

InstructGPT

People went to the moon, and they took pictures of what they saw, and
sent them back to the earth so we could all see them.

Ouyang, Long, et al. "Training language models to follow instructions with human feedback, 2022." URL https://arxiv.
org/abs/2203.02155 13 (2022).



What is fine-tuning?



The Pretraining / Finetuning Paradigm

Pretraining can improve NLP applications by serving as parameter initialization.

Step 1: Pretrain (on language modeling) Step 2: Finetune (on your task)
Lots of text; learn general things! Not many labels; adapt to the task!
goes to make tasty tea END @/ ®

Iroh  goes to make tasty tea ... the movie was ...



What is instruction?



Instruction: Given an address and city, come up
with the zip code.

Input:

Address: 123 Main Street, City: San Francisco (::)
Output: 94105

"id": "seed_task_8", "name":

english_haiku_generation",

Instruction: I am looking for a job and I need to

fill out an épplication form. Can you please help |nStrUCt|On" "\ﬁ uTﬁl—_thjIEFE% El%" "|nStanceS" [{"Input"
e complece ic- "BX", "output”: "FMEEFEINE, M ST EREE, \nERRE K
:pplication Form: . *ﬁ, ﬁﬂ%a:r‘:ﬁ_lj\ﬂ:o "}], "is_classification™: false}

ame: Age: ex: -

Phone Number: _ Email Address: o

gj‘:;jifc’“: "id": "seed_task 38", "name": "synonym_generation", "instruction":
Name: John Doe Age: 25 Sex: Male = "4 H T B RRERIE XAF", tinstances™: [{"input”: "R A", "output":

: — : " ANEEEH, ST, Bohth, BLIEEM, AR ),
Instruction: Howlto write a code for converting "is classification": fa|Se}

degrees fahrenheit to celsius. -

Input: Null

o T S "id": "seed_task_44", "name": "add_to_the_list", "instruction": "R 4

ceisius =l1{fja‘l:r = 32) S L9 []WE’]?E_]_T, 3 %—TEE’]WE" "Instances" [{"|nput" I'?‘ZIAjJTEE
retumn celaius R AEE WIEE K K RIEE R, [ENTEMEZaRY]", output”

e Y

Instruction: Write a letter from the perspective "KEBRIK, kB, A", "is_classification": false}
of a cat. -

Input: Null

Output:

Dear [Owner], I am writing to you today because I

have a problem. You see, I’'ve been living with you
for the past [Number of Years] and I love it here.
The food is great, the bed is comfy, and there are
plenty of toys to play with. But lately, I’ve
noticed that you’re not as affectionate towards

me as you used to be. In fact, sometimes A
when I try to cuddle up next to you on the "@i
&couch, you push me away ... AN

7

Wang, Y., Kordi, Y., Mishra, S., Liu, A., Smith, N.A., Khashabi, D. and Hajishirzi, H., 2022. Self-instruct: Aligning language model with self generated
instructions. arXiv preprint arXiv:2212.10560.



What 1s instruction finetuning?
or called “supervised fine-tuning”



Instruction Finetuning Hypothesis

e Superficial Alignment Hypothesis:

task recognition (mostly knowledge agnostic, e.g., abstract extraction)
e Knowledge Injection Hypothesis:

task learning (mostly knowledge intensive, e.g., question-answering)
e Flan Hypothesis:

task generalization



Superficial Alignment Hypothesis

Alignment is to learn the response format or the interaction style ! (Task
Recognition)

It is enough to use 1030 examples for Superficial Alignment [1]
e 1000 examples for instruction following
e 30 examples for conversation

[1] Chunting Zhou, Pengfei Liu, Puxin Xu, Srini Iyer, Jiao Sun, Yuning Mao, Xuezhe Ma, Avia Efrat, Ping Yu, Lili Yu, Susan Zhang, Gargi Ghosh,
Mike Lewis, Luke Zettlemoyer, Omer Levy. LIMA: Less Is More for Alignment. https://arxiv.org/abs/2305.11206

[2] Chen, Hao, et al. "Maybe Only 0.5% Data is Needed: A Preliminary Exploration of Low Training Data Instruction Tuning." arXiv preprint
arXiv:2305.09246 (2023).



From Task Recognition to Task Learning

Task recognition (TR) captures the extent to which LLMs can recognize a task through
demonstrations — even without ground-truth labels — and apply their pre-trained priors.
Q: Summarize the following paragraphs...

A Few is enough!

Task learning (TL) 1s the ability to capture new input-label mappings unseen in
More is better!

pre-training.

Q: Who is Barack Obama?
A

Pan, Jane. What In-Context Learning “Learns” In-Context: Disentangling Task Recognition and Task Learning. Diss. Princeton

University, 2023.



Task generalization: FLAN-TS

* Collect examples of (instruction, output) pairs across many tasks and finetune an LM

What is the boiling point of Nitrogen?
.

[ Please answer the following question.

Answer the following question by
reasoning step-by-step.
The cafeteria had 23 apples. If they

used 20 for lunch and bought 6 more,
how many apples do they have?

The cafeteria had 23 apples
originally. They used 20 to
make lunch. So they had 23 -
20 = 3. They bought 6 more
Language apples, so they have 3 + 6 = 9.

model

G Evaluate on unseen tasks \ Geoffrey Hinton is a British-Canadian
computer scientist born in 1947. George
Q: Can Geoffrey Hinton have a Washington died in 1799. Thus, they
conversation with George Washington? could not have had a conversation

Give the rationale before answering. together. So the answer is “no”.

More HINGESE, the better

Wei, Jason, et al. "Finetuned language models are zero-shot learners." arXiv preprint arXiv:2109.01652 (2021).




Tips of instruction finetuning



Shortcut: Distillation from ChatGPT

Instructions
/Question

Learn from ChatGPT

VA W
.»A.‘\«.w.
N
l.w.\,&&..\

\\%\.%//A




Tip 1: Self-instuct for data augmention

©

Text-davinci-003

AN
7

175 Self- Modified Self-instruct
Instruct Instruction Generation
seed tasks

(0N

Meta
LLaMA 7B

52K
Instruction-following
examples

vV

Example seed task

Instruction: Brainstorm a list of
possible New Year's resolutions.

Output:

- Lose weight

- Exercise more
- Eat healthier

Example Generated task

Instruction: Brainstorm creative
ideas for designing a conference
room.

Output:

... incorporating flexible
components, such as moveable
walls and furniture ...

Supervised
Finetuning

Alpaca 7B



instruction: IELA TEISEATRE—E1F
input: 2%
output: MEEIEIME, BEEEREE.
BRI, SRSV,

Self-instuct

instruction: 5 FENEEAIENIE
input: fR A
output: S ARSI, AR, SHME, WASER, FalEiND

instruction: IRIBIARNRR, &5 FTEHNRE
input: EGANTEER, TPROTEEENZIIN. WREES. (B 1 Famziem
output: IKEEEAIK, Wk, %

(PN ENARENE = NXFIEIR

instruction: I FTENHENTES— &%
input: FI7&
output: BN AEREE, ERE=EARA.
TENAEENES, EXIERKF,

instruction: 45 FENSEAIENIE
input: HRE<1E
output: WGRHE, fEriRit, FRodt, Eiih, IKE

instruction: IRIEIAANER, &5 FTEHNRE
input: FERX, IEBKEVEEIRIEREANIM, ks, R E. [BIINEEZN
output: B . WAEA. AR



Tip 2: training on output only

Single-turn:

System_Prompt + <User>: [User_Input] +<System>: [Response|</s>

- J
Y

Loss

Multi-turn:

System_Prompt + < User >: [User_Input] +< System>: [Response]</s> <User>: [User_Input] +< System>:
[Response]</s>< User >: [User_Input] +< System>: [Response]</s>
\ J

Y

Loss




Tip 3: Use complex instructions

Which better improves you when you were at an age of 157

(RREE) HRPL LR

,—*/'
) / 7
(/—( ‘
| APk - GRER awm CZEER (SSR-2GAL
I | x
' : E ‘“ IRJ

BESHM 2FBIE
ﬁ%tﬁ.&iﬂﬂ

A. Simple exercises B. Complex exercises



WizardLM: Empowering Large Language Models to Follow Complex Instructions

Please fill in the table below with the approximate
values of the speed of light in each medium.

Speed of light (km/s)

Medium

Air
In-Breadth Evolving Water

Glass

import math

import random Complicate Input (Table)

# choose a random integer between 1 and 10

x = random.randint(1, 10)
1/(math.sqrt(x) + xA2) =? How many times faster is light How is the speed of light in a
than sound in a vacuum? vacuum measured and defined?
‘ Complicate Input (Code) Increase ReMing
1/(sqrt(2) +412) =? [wnatlsmespeedofllghtlnavacuum?J

In-Breadth Evolving

Complicate Input (Formula)

If you have one apple and someone
gives you another banana, how
many fruits do you have?

Add Constraints Concretizing

In what sif does 1+41=? What is the value of x,
1+1 not equal to 2? D i { | Increase Reasoning ifxA3 + 2x + 3=77

Initial Instruction

Xu, C., Sun, Q., Zheng, K., Geng, X., Zhao, P., Feng, J., Tao, C. and Jiang, D., 2023. Wizardim: Empowering large language models to follow complex
instructions. arXiv preprint arXiv:2304.12244.



Instruction tuning in multi-turn
(Conversation)



An important Human-ChatGPT conversation data

W Introc

ShareGPT

Share your wildest ChatGPT conversations with one click.

>hareGPT

150 conversations shared so far.

J Install extension v Q Explore examples

@ Chwome Fia Edi Vew Hsiory Bockmads Profles Tb  Window Helo

# Define the
output doto = 4 )

# Define the meights for the input loyer to the first hidden loyer

{rput mights = np <




Why ShareGPT is great ?

What is the me:

ing of

2 Explain it in 5 paragraphs. 600 »

The meaning of life is a philosophical question that has been debated throughout history. It is a &ce &
complex and multifaceted topic. and different people may have different answers depending on their
beliefs, values, and experiences. In general, though, the meaning of lfe is thought to be the reason

for which we exist. the purpose that gives our lives significance and direction.

One possible answer to the question of the meaning of life is that it is to seek happiness and
fulfillment. This is a common theme in many philosophical and religious traditions, which often
emphasize the importance of iving a good and virtuous life in order to achieve happiness and
fulfilment. For some, this may mean striving for personal growth and self-improvement, while for

others it may involve pursuing spiritual enlightenment or a connection with a higher power.

Another possible answer to the question of the meaning of Iife is that it is to contribute to the
greater good. This approach emphasizes the impartance of serving others and making the world a
better place, whether through acts of kindness, charitable work, or other forms of service. For those
who believe in this approach, the meaning of life is not just about individual happiness, but also

about making a positive impact on the world and the lives of others.

A third possible answer to the question of the meaning of life is that it is to discover and pursue

one’s passions and int thatis

ests. This approach emphasizes the importance of living a li

authentic and true to oneself, and of pursuin

one's passions and interests with enthusiasm and

dedication. For those who believe in this approach, the meaning of life is not just about achieving

some external goal, but about living a life that is rich, fulfilling, and true to who we are.

In conclusion, the meaning of life is a deeply personal and subjective question, and different people

may have different answers. Some may believe that the meaning of life is to seek happiness and
fulfiliment, while others may believe that itis to contribute to the greater good or to pursue one’s
passions and interests. Ultimately, the meaning of lfe is a mystery that may never be fully
understood, but that we can strive to uncover and understand through our experiences, beliefs, and

values,

Shouldn't the answer be 427 e@‘ IS}

The answer 42" is 2 reference to a famous line in the book "The Hitchhiker's Guide to the Galaxy” by

Douglas Adams. In the book, the character Deep Thought s asked to find the answer to the ultimate

question of life, the universe. and everything. After thinking for a very long time, Deep Thought

reveals that the answer is “42." However, the characters

the book then realize that they don't

actually know what the question is, so the answer is ultimately meaningless.

In other words, the answer "42" is a humorous and satirical take on the idea that there may be a
single, definitive ans\ s that the search for such an
B sharecpT @ @

o cop:
Therefore, while "42 2k itis not necessarily a

answer may be futile, tis ultimately unknowable,

e User questions/instructions are real!
e Users share it because they like the responses from
ChatGPT, it implicitly annotate the data as positive!

However, ShareGPT is not able to be downloaded since April;
we have limited ShareGPT data, which is not scalable.



Our solution: PlatoLM

() -

—ly

User

ShareGPT

¥

Vicuna

-0 )

User

UltraChat

UltrallLaMA

User

ShareGPT

Gj\?

S

@

Socratic

SocraticChat

&

@) +—

PlatolLM

Chuyi Kong and Yaxin Fan and Xiang Wan and Feng Jiang and Benyou Wang. PlatoLM: Teaching LLMs via a Socratic Questioning User Simulator.
ArXiv 2308.11534



Why it is called “PlatoLM”

@Do you know what virtue is?

@I think virtue is behaving rightly and
being good of heart.

@Vmuld a person with a good heart do harmful things to others?

@I don't think so. A virtuous person should
not harm others.

@If so, is it virtuous when a country harms another for its own

interests?

@I suppose that is not virtuous.

Now that we have explored this further, my friend, do you know what

virtue is?

@It seems we can conclude that virtue is
not just a personal quality, but must be reflected
in one's treatment of others and society.

Socratic question: teach someone by repeatedly asking



Claude []

Humpback LLaMa2 708 [
XwinLM 76 V0.1
OpenBudddy-LLaMA2-70B-v10.1 )
OpenChat V2-W 138 )
OpenBuddy-LLaMA-65B-v8 [
WizardLM 13B V1.1

Cohere Command []

OpenChat V2 138

Humpback LLaMa 658 [
UltraLM 13B V2.0

Vicuna 13Bv1.3

LLaMA2 Chat 7B Evol70k-NEFT [
PlatolM 7B [)  <mmmmm—
GPT-35[
OpenBuddy-LLaMA-30B-v7.1 [
LLaMA2 Chat 138 )
OpenChat-138 [
OpenBuddy-Falcon-40B-v9 [
UltraLM 138
OpenChat8192-138 [

Evo7B [

OpenCoderPlus-158 [
OpenBudddy-LLaMA2-13B-v11.1 B
Vicuna 78 v1.3

WizardLM 13B [}

JinaChat [)

airoboros 658 [

airoboros 33B [F)

Guanaco 658 [}

LLaMA2 Chat 7B [

Vicuna 138 [
OpenBuddy-Falcon-7b-v6 )
Baize-v2 13B [

LLaMA 33B OASST RLHF [

88.39%
87.94%
87.83%
87.67%
87.13%
86.53%
86.32%
85.06%
84.97%
83.71%
83.60%
82.11%
82.09%
81.94%
81.71%
81.55%
81.09%
80.87%
80.70%
80.64%
79.54%
79.20%
78.70%
77.49%
76.84%
75.31%
74.13%
73.91%
73.29%
71.80%
71.37%
70.43%
70.36%
66.96%
66.52%

1082

1079

It ranks second in Alpaca-Eval

https://tatsu-lab.github.io/alpaca_eval/



Limitations of Instruction Finetuning

e Expensive to collect groundtruth data for so many tasks.
e Tasks like open-ended creative generation have no right answer.
o  Write me a story about a dog and her pet grasshopper.
e [Language modeling penalizes all adverture prersieal
token-level mistakes equally, but some is a fantasy TV show END
errors are worse than others. ¢ t : : . 4

e Mismatch between LM objective and

human preferences i i i i i i

Avatar s a fantasy TV show

Can we explicitly attempt to satisfy human preferences?



Reinforcement Learning from Human Feedback
(RLHF)
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Motivation: Alignment

The three H’s of Model Desiderata



Motivation: Alignment

The three H’s of Model Desiderata

e Helpful:

o  The Al should help the user solve their task (e.g. answer their questions)




Motivation: Alignment

The three H’s of Model Desiderata

e Helpful:
o  The Al should help the user solve their task (e.g. answer their questions)
e Honest:

o  The Al should give accurate information
o  The Al should express uncertainty when the model doesn’t know the

answer, instead of hallucinating a wrong answer



Motivation: Alignment

The three H’s of Model Desiderata

e Helpful:

o  The Al should help the user solve their task (e.g. answer their questions)

e Honest:
o  The Al should give accurate information
o  The Al should express uncertainty when the model doesn’t know the
answer, instead of hallucinating a wrong answer
e Harmless:

o The Al should not cause physical, psychological, or social harm to people

or the environment



Optimizing for human preferences

e for example, in summarization taskm given each LM sample s,
e we have a human reward of the summary: R(s), higher is better.

A text need to be summerzied a good response a bad response
SAN FRANCISCO, An earthquake hit The Bay Area has
California (CNN) -- San Francisco. good weather but is
A magnitude 4.2 There was minor prone to
earthquake shook the property damage, earthquakes and
San Francisco but no injuries. wildfires.
c e S S
overturn unstable 1 2

objects. R(Sl) = 8.0 R(Sz) = 1.2

e Now we want to maximize the expected reward of samples from our LM.



Reinforcement learning to the rescue

The field of reinforcement learning (RL) has studied
these (and related) problems for many years now
[Williams, 1992; Sutton and Barto, 1998]

Circa 2013: resurgence of interest in RL applied to deep
learning, game-playing [Mnih et al.. 2013]

But the interest in applying RL to modern LMs is an even
newer phenomenon [Ziegler et al.. 2019; Stiennon et al..

2020; Ouvang et al.. 2022]. Why?
o  RL w/ LMs has commonly been viewed as very hard to get right
(still is!)
o  Newer advances in RL algorithms that work for large neural

models, including language models (e.g. PPO; [Schulman et al..
2017

Self-taught Al software
attains human-leve|
performance invideo games

eCe

*0,s AlphaGo


https://link.springer.com/article/10.1007/BF00992696
https://login.cs.utexas.edu/sites/default/files/legacy_files/research/documents/1%20intro%20up%20to%20RL:TD.pdf
https://arxiv.org/abs/1312.5602
https://arxiv.org/abs/1909.08593
https://proceedings.neurips.cc/paper/2020/hash/1f89885d556929e98d3ef9b86448f951-Abstract.html
https://proceedings.neurips.cc/paper/2020/hash/1f89885d556929e98d3ef9b86448f951-Abstract.html
https://proceedings.neurips.cc/paper_files/paper/2022/hash/b1efde53be364a73914f58805a001731-Abstract-Conference.html
https://arxiv.org/abs/1707.06347
https://arxiv.org/abs/1707.06347

How do we model human preferences?

Problem 1: human-in-the-loop 1s expensive!

Solution: instead of directly asking humans for preferences, model their preferences as a separate
(NLP) problem! [Knox and Stone. 2009]

An earthquake hit
San Francisco.
There was minor
property damage,
but no injuries.

S1
R(Sl) — 8.0

@
&
aiv

The Bay Area has
good weather but is
prone to
earthquakes and
wildfires.

S2 @)

R(s,) = 1.2 aﬂ

Train an RM to predict
human preferences
from an annotated
dataset.


https://dl.acm.org/doi/abs/10.1145/1597735.1597738

How do we model human preferences?

Problem 2: human judgments are noisy and miscalibrated!

Solution: instead of asking for direct ratings, ask for pairwise comparisons, which can be
more reliable [Clark et al., 201 8]

An earthquake hit A 4.2 magnitude The Bay Area has
San Francisco. earthquake hit good weather but is
There was minor > San Francisco, > prone to
property damage, resulting in earthquakes and
but no injuries. massive damage. wildfires.

S | 12 53 S2
4 + 4 4 A A

Bradley-Terry [1952] paired comparison model
Reward Model (RM)

Jrm(9) = —Ew 1y p[log o(RMy(s™) — RMy(s)]
[ 1 ,

“winning”  “losing” 5" should score
he Bay Area .. ... wildfires sample sample higher than st


https://dl.acm.org/doi/abs/10.1145/3171221.3171289

Reference data: some examples

Question

Human: What are pros and

cons of electrical cars?

Chosen

Assistant: Pro-electrical cars:
1) They charge using renewable
energy 2) They are
environmentally friendly, and
require less energy than
gasoline cars 3) They can use
renewable energy sources like
wind, and solar 4) They are
quieter 5) They are more
efficient 6) They are less
polluting Con-electrical cars:
1) They have a limited range (if
they need charging) 2) They are
expensive, because they require
batteries 3) They are a bit
heavier than gasoline cars, due
to the batteries

Rejected

Assistant: The pros are they
reduce pollution, and some also
feel they’re more fun to drive
than gas-powered cars. The cons
are that the batteries require
electricity, which is a limited
resource, and the cars are more

expensive.

https://huggingface.co/datasets/yitingxie/rlhf-reward-datasets/viewer/default/train?row=31



Make sure your reward model works first!

Evaluate RM on predicting outcome of held-out human judgements

> 0.80 Large enough RM
@ trained on enough data
§ 0.75} approaching single
@ human perf
.© 0.70f
-+
©
O
S 0.65}
>
0.60 s .
10° 10° 107
Model size

Stiennon, Nisan, et al. "Learning to summarize with human feedback." Advances in Neural Information Processing Systems 33
(2020): 3008-3021.



RILHF: Puttlng lt all tOgether [Christiano et al., 2017; Stiennon et al., 2020]

e Finally, we have everything we need:
o A pretrained (possibly instruction-finetuned) LM p©7 (s)
o Areward model RMy(s) that produces scalar rewards tor LM outputs, trained on a dataset of human
comparisons
o A method for optimizing LM parameters towards an arbitrary reward function.

e Now to do RLHF

o Initialize a copy of model P~ (s) with parameters & we would like to optimize
o  Optimize the following reward with RL:

pEl(s)\ Pay a price when
R(s) = RMy(s) — B log T (5) pEL(s) > pPT(s)
\. o}

Y
This is a penalty which prevents us from diverging too far from
the pretrained model. In expectation, it is known as the
Kullback-Leibler (KL) divergence between pj"(s) and p”7 (s).



https://proceedings.neurips.cc/paper_files/paper/2017/hash/d5e2c0adad503c91f91df240d0cd4e49-Abstract.html
https://proceedings.neurips.cc/paper/2020/hash/1f89885d556929e98d3ef9b86448f951-Abstract.html

RLHF provides gains over pretraining + finetuning

RL
w 0.7 P~ (s)
()
. S
L2 o6}
o)
()
. N
GL) 0.5-_-R-; ----------- ST TEETEEEEEEE T T T T T T
Y= erterence summaries
g_ pIFT (s)
= 04f .
ke p(S)
-+
O 0.3}
S
| -
LL.

0.2-‘ 1 1 1 i 1

1.3B 2.7B 6.7B 12.9B

Model size

Stiennon, Nisan, et al. "Learning to summarize with human feedback." Advances in Neural Information Processing Systems 33
(2020): 3008-3021.



A recent solution: UltraFeedback

Instruction Pool Comparison Data

@ @ GPT-4 Preference Annotation
[ Why is the problem always DNS? i

Ultra®hat

[ shareGPT & FLAN

5 Evol-Instruct
Model Pool

WA mpT OX) LLaMA

@) chatger (5 Bard

—®

Because it is a core
component of the internet...

The statement is a
humorous exaggeration...

I'd like to clarify that
the concept of...

The phrase is a common
saying among some IT...

Instruction-following

®-©-®-©

Text A is near alignment
with the task goal...

Honesty

®-0-®
Text C is mostly truthful,
but it contains...

Truthfulness

®E®--©

Text B is correct and
confident...

Helpfulness
®>©-@-®

Text D is correct and
provides a basic...

Figure 1: ULTRAFEEDBACK construction process. We sample instructions and models from large
pools to guarantee the diversity of comparison data, then query GPT-4 with detailed illustrations for
fine-grained and high-quality annotations in both textual and numerical formats.

Cui, G., Yuan, L., Ding, N., Yao, G., Zhu, W., Ni, Y., Xie, G., Liu, Z. and Sun, M., 2023. UltraFeedback: Boosting Language Models with High-quality
Feedback. arXiv preprint arXiv:2310.01377.



InstructGPT



Step 1

Collect demonstration data,
and train a supervised policy.

A prompt is
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 6 year old

|
\J

)

Va

Some people went
to the moon...

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 6 year old

0 (&)

Explain gravity. Explain .

o 0

Maon is natural Peaple went to
satellite of. the moon.

D
0-0-0-0

Step 3

InstructGPT: scaling up RLHF to tens of thousands of tasks

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

Ouyang, Long, et al. "Training language models to follow instructions with human feedback." Advances in Neural Information

Processing Systems 35 (2022): 27730-27744.



InstructGPT: scaling up RLHF to tens of thousands of tasks

Tasks collected from labelers:

e Plain: They simply ask the labelers to come up with an arbitrary task, while ensuring the tasks had
sufficient diversity.

e Few-shot: They ask the labelers to come up with an instruction, and multiple query/response pairs for
the instructions.

e User-based: They had a number of use-cases stated in waitlist applications to the OpenAl API. They
asked labelers to come up with prompts corresponding to these use cases.

Use-case Prompt Use-case (%) Number of Prompts
Brainstorming List five ideas for how to regain enthusiasm for my Generation 45.6%

career Open QA 12.4% SFT Data
Generation Write a short story where a bear goes to the beach, g;z:tnstormmg 1 éig: split  source size

makes friends with a seal, and then returns home. Rewniis 6.6% Wil labeles 11,295
Rewrite This is the summary of a Broadway play: Summarization  4.2% train customer 1,430

P Classification 3.5% :

valid labeler 1,950
{summary } Other 3.5% : :
no Closed QA >.6% valid customer 103

This is the outline of the commercial for that play: Extract 1.9%

nmn




InstructGPT

PROMPT

COMPLETION

Explain the moon landing to a é year old in a few sentences.

GPT-3
Explain the theory of gravity to a 6 year old.

Explain the theory of relativity to a 6 year old in a few sentences.
Explain the big bang theory to a 6 year old.

Explain evolution to a 6 year old.

InstructGPT

People went to the moon, and they took pictures of what they saw, and
sent them back to the earth so we could all see them.



InstructGPT

PROMPT  Write a short poem about a wise frog.

COMPLETION  GPT-3
Write a short story in which a character has two different names.

Write a short story in which you try to get something back that you
have lost.

Write a short story in which a character has a bad dream.

InstructGPT

The frog is a symbol of wisdom

He knows all the secrets of the world
He is a master of disguise

And a great teacher of life

He is a symbol of transformation

And the bringer of change

He is the frog who has seen it all
And knows the meaning of it all



InstructGPT+Chat = ChatGPT



ChatGPT: Instruction Finetuning + RLHF for dialog agents

ChatGPT: Optimizing

Language Models
for Dialogue

Note: OpenAl are
keeping more details
secret about ChatGPT
training (including
data, training
parameters, model
size)

Methods (Instruction finetuning!)

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

https://openai.com/blog/chatgpt



ChatGPT: Instruction Finetuning + RLHF for dialog agents

ChatGPT: Optimizing

Language Models
for Dialogue

Note: OpenAl are
keeping more details
secret about ChatGPT
training (including
data, training
parameters, model
size)

(RLHF!)

Methods

To create a reward model for reinforcement learning, we needed to collect
comparison data, which consisted of two or more model responses ranked by
quality. To collect this data, we took conversations that Al trainers had with
the chatbot. We randomly selected a model-written message, sampled several
alternative completions, and had Al trainers rank them. Using these reward
models, we can fine-tune the model using Proximal Policy Optimization. We
performed several iterations of this process.

https://openai.com/blog/chatgpt



Limitations of RL + Reward Modeling

e Human preferences are unreliable!

o  “Reward hacking” is a common problem in RL

https://openai.com/research/faulty-reward-functions



https://openai.com/research/faulty-reward-functions

Limitations of RL + Reward Modeling

e Human preferences are unreliable!

(@)

(@)

“Reward hacking” is a common problem in RL
Chatbots are rewarded to produce responses
that seem authoritative and helpful, regardless
of truth

This can result in making up facts +
hallucinations

TECHNOLOGY

Google shares drop $100 billion after
its new Al chatbot makes a mistake

February 9,2023 - 10:15AMET

https://www.npr.org/2023/02/09/1155650909/google-chatbot--error-bard-shares

Bing Al hallucinates the Super Bowl

, Who won the superbowl?
./ Searching for: superbowl winner

./ Generating answers for you...
The Super Bowl is the annual American football game that determines the champion of the National

Football League (NFL) ' . The most recent Super Bowl was Super Bowl LVI, which was held on February
6 2023 al Sol FI smﬁ m in Inglewood call{omla The winner of that game was the Phlladelphi-

The most recq'rlt“Super Bowl was Super Bowl LV,

e 1aMNa KAV KIIRCANAAPS WNA BTA:

Eagles who defeated the Kansas Clty Chiefs by 31-24

Learn more: 1.enwikipedia.org 2. sportingnews.com 3. cbssports.com J

https://news.ycombinator.com/item?id=34776508

https://apnews.com/article/kansas-city-chiefs-philadelphia-eagles-technology-science-82bc20f207¢3e4cf8 1abc6a5d9e6b23a


https://news.ycombinator.com/item?id=34776508

Limitations of RL + Reward Modeling

Reward model over-optimization

e Human preferences are unreliable! |
o  “Reward hacking” is a common problem in RL S -
o  Chatbots are rewarded to produce responses 3 '

that seem authoritative and helpful, regardless g 0.6l

of truth ©

: : : a
o  This can result in making up facts + c 041

o o

hallucinations =
S 0.2}

e Models of human preferences are even i

more unreliable! 0 2 5 10 25 75 250

KL from supervised baseline

RL
R(s) = RMy(s) — f log (Z;;T—g)

Stiennon, Nisan, et al. "Learning to summarize with human feedback." Advances in Neural Information Processing Systems 33 (2020): 3008-3021.



Limitations of RL + Reward Modeling

e Human preferences are unreliable!

o  “Reward hacking” is a common problem in R

o  Chatbots are rewarded to produce responses @ Percy Liang

that seem authoritative and helpful, regardless @percyliang

of truth

‘ , , RL from human feedback seems to be the main tool
o  This can result in making up facts +

- for alignment. Given reward hacking and the
hallucinations falliability of humans, this strategy seems bound to

e Models of human preferences are even  produce agents that merely appear to be aligned,

but are bad/wrong in subtle, inconspicuous ways. Is

more unreliable! anyone else worried about this?

® There is a real concern of Al

L 10:55 PM - Dec 6, 2022
mis(alignment)!

https://twitter.com/percyliang/status/1600383429463355392



Learning to Reason with LLMs: OpenAl ol



OpenAl ol: A new large language model trained with reinforcement

learning to perform complex reasoning
(Reinforcement learning!)

Our large-scale reinforcement learning algorithm teaches

the model how to think productively using its chain of

thought in a highly data-efficient training process. We

- have found that the performance of o1 consistently

secret about ol training . . . . .

(including data, training improves with more reinforcement learning (train-time
compute) and with more time spent thinking (test-time

parameters, strategy, p p g

model size) compute). The constraints on scaling this approach differ
substantially from those of LLM pretraining, and we are
continuing to investigate them.

Note: OpenAl are
keeping more details

https://openai.com/index/learning-to-reason-with-1lms



OpenAl ol: A new large language model trained with reinforcement
learning to perform complex reasoning

ol performance
smoothly improves
with both train-time
and test-time compute

o1 AIME accuracy
during training

100
80 -
g ‘3
£ 60 - -~ £
8 o .. 8
[+] ©
= o el
@ ©
o L] )
20 -
0

train-time compute (log scale)

https://openai.com/index/learning-to-reason-with-1lms

100 -

80 A

60 -

40

20 A

o1 AIME accuracy
at test time

test-time compute (log scale)



OpenAl ol: A new large language model trained with reinforcement

learning to perform complex reasoning

accuracy

:

100 q

(0]
o
1

(o))
o
1

N
o
1

Competition Math

(AIME 2024)

13.4

gpt4o ol
preview

83.3

ol

percentile

100 +

80 1

60 -

40 A

20 A

Competition Code

1.0

gpt4o

(Codeforces)

62.0

ol
preview

89.0

ol

accuracy

5

100 -

o3
o
L

(92}
o
1

N
o
1

PhD-Level Science Questions
(GPQA Diamond)

783  T78.0

69.7

expert
human

gpt4o ol ol
preview

ol greatly improves over GPT-40 on challenging reasoning benchmarks. Solid bars show
pass@]1 accuracy and the shaded region shows the performance of majority vote (consensus)
with 64 samples.

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



OpenAl ol: A new large language model trained with reinforcement
learning to perform complex reasoning

After a lot of attempts through complex and long reasoning, ol
successfully obtained the decoding answer

GPT-40 OpenAl ot-preview / GPT-40 OpenAl ot-preview
\ GO 2 T XA TE TS e TS TIRe e
i i 112> (20+26)/2 =23 >W
. e . e input text could be. broken into groups based vtz (¢ )/!
on natural separations or patterns. iacs (143)/2=2B
oyfjdnisdr rtqwainr acxz mynzbhhx -> oyfjdnisdr rtgwainr acxz mynzbhhx -> A possible division could be: vii.df > (4+6)/2 =5 E
Think step by step Think step by step
viii.ou-> (15+21)/2=18 >R
« oyekaijzdf
Use the example above to decode: Use the example above to decode: ix.Ix = (12+24)/2 =18 9 R
« aaptcg
oyekaijzdf aaptcg suaokybhai ouow aght oyekaijzdf aaptcg suaokybhai ouow aght « suaokybhai xX2>(24+26)/2=25>Y
mynznvaatzacdfoulxxz mynznvaatzacdfoulxxz
« OUOW c. Decoded word: STRAWBERRY
- aght Final Decoded Message:
[5) Hide chain of thought ~

Let’s break this down step by step based on

the example:

1. Example given:
« Input: oyfjdnisdr rtqwainr acxz mynzbhhx
« Output: Think step by step

By examining the words:
« The pattern involves selecting specific letters

First, what is going on here?

We are given:

First, an example:

"oyfjdnisdr rtqwainr acxz mynzbhhx -> Think step by step"

mynznvaatzacdfoulxxz

However, to make a meaningful decoding, |
would need more context about the
transformations or letter shifting that might be
involved.

Could you provide any additional decoding
rules or transformations used in this cipher?

https://openai.com/index/learning-to-reason-with-1lms/

PlainText

1 THERE ARE THREE R'S IN STRAWBERRY

Answer:
THERE ARE THREE R'S IN STRAWBERRY



Practice From HuatuoGPT



RL with Mixed Feedback (RLMF)

Question  Ground Truth Question

7 N\
’ \
4 \
’ \
4 \

Here is a conversation history:

[History]

${History}

[End of History]

Here is the final question and the standard answer:
[Question]

${Query}

[End of question]

[Standard answer]

[End of standard answer]

Based on the conversation history, user question, and
standard answer, please rate the following two Al responses
on a scale of 1 to 10,considering accuracy, conciseness, and
similarity to the standard answer.

Please provide the ratings in the following format: "Rating A:
[score];Rating B: [score]".

[Assistant A]

${Response_A}

[End of Assistant A]

[Assistant B]

${Response_B}

[End of Assistant B]



Reinforcement learning history

- reward 1

= ppo_bloom/baichuan_huatuo_230K/7gpus:main

1

0.8

0.6

0.4

0.2

reward/mean

5k

10k

Step

15k

runs.summary["samples"]

195

131

22

275

458

454

43

prompt

—{IAFP B REET AER HuatuoGPT Z [BIAY3T
&, WFBPNETEZ, HuatuoGPTLA R
K. AR, REENESEIN. NTRFNELE
B HuatunGPTZAHAEZSN #Meh Bzl feahm
— AP EEE ST KRR HuatuoGPT Z [B] 93
&, HFAPNETEZ, HuatuoGPTLE AR
B, IFMEA. SRIENESEIN. MTFREFPHNERID
8 HuatunGPTLAREZSM ¥Mmeh B2l Waam
— (AP S EEET KER HuatuoGPT Z [BIAY3T
1%, WFBFPNETEZ, HuatuoGPTLA H R
B, 4. RIENIESEIN. MTRFHIELR
8 HuatunGPTZAHEZEN ¥meh Azl seahm
— (AP S EEETT KSR HuatuoGPT Z [B]AY 3T
&, WFAPHESTENZ, HuatuoGPTLE R
B, IFMEY. RBEMESEIN. XMTRFHNERIE
Bl HuatnnGPTLAYEZSH ¥EMmeh B2 58sam
— AP S EEET AMEE HuatuoGPT Z B A3
&, WFRFPWESTE2, HuatuoGPTLA I
B, 1R, SRIEMIESEIN. MTRFPIIESH)
8 HuatunGPTZAHAEZERM #meh Azl s
—fuAP M EEEST KRR HuatuoGPT Z [B]#93
1%, W FAPIESTEI2, HuatuoGPTLA L
8. EMA. SRIENESEIN. WTHEFPNERD
8 HuatunGPTLAHRAEZSH ¥MMeh B2l 58600
— (I AP EEET KEE HuatuoGPT Z [BIAY3T
&, WFBPNETES, HuatuoGPT4A R
B, AN, REENIESEIN. XN TRFNES
B HuatunGPTLAW AN #meh Azl ieehm

&

output
1237, RIBEHER, RFIERERERILH

BHMBER, XMMERATERATHARRS]
=B ImINREZEELAREL.

Br, RIBERER, RS HIBMEERERBE
ZFT, MEBBRERTNEEEFERIM

reward

10.482

10.109

R, XE—MERBANFERR, FES|ILE

2m

String preview 0

Y7, WRIBAHNKER, TRABFEMSHERELNET, MEBBRERTRNECLHER
IR, XR—HMILRENOFERD, BESIREU.

AT ARMZMSENRDNFEBEER. BRIEANANEET MEBNHEERERSFUR—
LEMARNPRE, MASAREHASEFRES. REBHYATNEMRE, REOHH
EHOME, MTDAZIZUERIFRIBAY. 1tE5h, thel DAEAF AR ANGRAES SRR KA ER K M
ETRER. BEIRNRE, W& MELOIEHIRAEIEMRLALERIZH & mEMNS mASE.
EIR, RRYERMAERDRAHEN,

fribz5h, ABBEPHITENENS, MERNLMALBEAFEER. NREM™EN
BIERE, FTRESHRARTERNOMRM, KREREONRBEER. B, —B#fiZH
CKD2HAA |, MBEEZEMTROEEATITY, NERTRERNRE.

HERNEEREBEHIE, NREEEEMEOANERTREIHANRE, BN EREL.
RIBFERIRAfRER!



Practice From AceGPT
the Best Arabic LLM



Automatic evaluation Human Evaluation (vs. Turbo)

Comparison Arabic Vicuna-80 Arabic AlpacaEval ACVA |win tie loss  win or tie
AceGPT-7B-chat (w/o RLAIF) [92.01% +1.3% 91.35% +0.08% 42.48% |27.5% 29.2% 43.3% 56.7%
AceGPT-7B-chat 94.82% +0.2% 93.81% + 0.1% 69.60% [27.5% 32.9% 39.6% 60.4%
AceGPT-13B-chat (w/o RLAIF)|95.14% + 1.0%  93.05% + 0.2% 74.18% [19.6% 37.5% 42.9% 57.1%

AceGPT-13B-chat 100.88% = 0.4% 97.95% + 0.1% 74.70% [ 16.3% 57.1% 26.7% 73.3%

Huang Huang, Fei Yu, Jianging Zhu, Xuening Sun, Hao Cheng, Dingjie Song, Zhihong Chen, Abdulmohsen Alharthi, Bang An, Ziche Liu, Zhiyi Zhang, Junying Chen, Jianquan Li, Benyou
Wang, Lian Zhang, Ruoyu Sun, Xiang Wan, Haizhou Li, Jinchao Xu. AceGPT, Localizing Large Language Models in Arabic. https://arxiv.org/pdf/2309.12053.pdf



Model Evaluation



Example benchmark: MMLU

Abstract Algebra [FEEEEEEE b ;- GPT-3
Anatomy

Astronomy -===1=—=-Random
Massive Multitask Language Business Ethics ——— -
Clinical Knowledge B m— Siassene
Understanding (MMLU) College Biology — —

College Chemistry

. College Comp Sci

New benchmarks for measuring LM College Mathematics
College Medicine

performance on 57 diverse knowledge College Physics

. . Computer Security
lntenSIVe taSkS Conceptual Physics
Econometrics

Electrical Engineering

Elementary Mathematics

Formal Logic

Global Facts

High School Biology

High School Chemistry

High School Comp Sci

High School European History [

Hendrycks, Dan, et al. "Measuring massive multitask language understanding." arXiv preprint arXiv:2009.03300 (2020).




Example benchmark: BigBench

BIG-Bench

200+ tasks, spanning:

compuat“s"rmggde grammar
creativity

uItiIingu

theory of mmd ac:omnmdlnnn!ovudtv .
f - context-free question answeringnon-language
. sufficient informationtruthfulness q“"““"ge""‘""" rehglous bias
=
n

ree.

£ consistent |denmy mnrphnlnqy

respon

Instructions

toxicit
L inclusion Ics narrative understanding . coization racial bias  biology domain specific o

S Tl ro rammatlc-
analoglcal reasoning p g =

translat linguistics word sense dlsamblguatlomauacymmuecogmnnn '
I °u,t,a?gpdﬁas;g?Ege'a?e?.m?r:&lf"lcontextuaI question-answeringg i

ogical

summariz
lecomposition cnnmmom question answering

probabilistic reasoning self evaluation negalmn emulwnalmtelllgence figura
bt . B medicine
gen er bias

malhemallcal proof

arithm

low-resource |anguagenumencal response emotional understanding

physical reasoning

Set

visual reasoning human- ||ke behaworgame play (Uu:

Beyond the Imitation Game: Quantifying and extrapolating
the capabilities of language models

Alphabetic author list:*

Aarohi Srivastava, Abhinav Rastogi, Abhishek Rao, Abu Awal Md Shoeb, Abubakar Abid, Adam Fisch, Adam R. Brown,
Adam Santoro, Aditya Gupta, Adrid Garriga-Alonso, Agnieszka Kluska, Aitor Lewkowycz, Akshat Agarwal, Alethea
Power, Alex Ray, Alex Warstadt, Alexander W. Kocurek, Ali Safaya, Ali Tazarv, Alice Xiang, Alicia Parrish, Allen
Nie, Aman Hussain, Amanda Askell, Amanda Dsouza, Ambrose Slone, Ameet Rahane, Anantharaman S. Iyer, Anders
Andreassen, Andrea Madotto, Andrea Santilli, Andreas Stuhlmiiller, Andrew Dai, Andrew La, Andrew Lampinen, Andy
Zou, Angela Jiang, Angolica Chen, Anh Vuong, Animesh Gupta, Anna Gottardi, Antonio Norelli, Anu Venkatesh, Arash

rul Arun Kirubarajan, Asher , Ashish , Austin
Hernck Avia Efrat, Aykut Erdem, Ayla Karaka, B. Ryan Roberts, Bao Sheng Loe, Barret Zoph, Barttomiej Bojanowski,
zyurt, Ben_mmm Inden, Benno Stein, Berk Ekmekei, Bill Yuchen

Lin, Blake Howald, Bryan Orinion, Cameron Diao, Cedrick Argueta, César Ferri
Ramirez, Chandan Singh, Charles Rathkopf, Chenlin Meng, Chitta I Baral Chiyu Wu, Chris Callison-Burch, Chris Waites,
Christian Voigt, Christopher D. Manning, Christopher Potts, Cindy Ramirez, Clara E. Rivera, Clemencia Siro, Colin
Raffel, C: ft, Cristina G , Damien Sileo, Dan Garrette, Dan Hendrycks, Dan Kilman, Dan Roth,
Daniel Freeman, Daniel Khashabi, Daniel Levy, Daniel Mosegui Gonzlez, Danielle Perszyk, Danny Hernandez, Danqi
Chen, Daphne Ippolito, Dar Gilboa, David Dohan, David Drakard, David Jurgens, Debajyoti Datta, Deep Ganguli,
Denis Emelin, Denis Kleyko, Deniz Yuret, Derek Chen, Derek Tam, Dieuwke Hupkes, Diganta Misra, Dilyar Buzan,
Dimitri Coelho Mollo, Diyi Yang, Dong-Ho Lee, Dylan Schrader, Ekaterina Shutova, Ekin Dogus Cubuk, Elad Segal,

Eleanor Barnes, Ellie Pavlick, Rodola, Emma Lam, Eric Chu, Eric
Tang, Erkut Erdem, Ernie Chang, Ethan A. cm, Ethan Dyer, Ethan Jerzak, Ethan Kim, Eunice Engefu Manyasi,
Evgenii Zheltonozhskii, Fanyue Xia, Siar, ~Plumed, Happé, Chollet,
Frieda Rong, Gaurav Mishra, Genta Indra Winata, Gerard de Melo, Germén K: i, Gi i

Giorgio Mariani, Gloria Wang, Gonzalo Jaimovitch-Lépez, Gregor Betz, Guy Gur-Ari, Hana Galijasevic, Hannah
Kim, Hannah Rashkin, Hannaneh Hajishirzi, Harsh Mehta, Hayden Bogar, Henry Shevlin, Hinrich Schiitze, Hiromu
Yakura, Hongming Zhang, Hugh Mee Wong, Ian Ng, Isaac Noble, Jaap Jumelet, Jack Geissinger, Jackson Kernion,
Jacob Hilton, Jachoon Lee, Jaime Fernéndez Fisac, James B. Simon, James Koppel, James Zheng, James Zou, Jan
Kocori, Jana Thompson, Janelle Wingfield, Jared Kaplan, Jarema Radom, Jascha Sohl-Dickstein, Jason Phang, Jason
Wei, Jason Yosinski, , Jelle ifer Marsh, Jeremy Kim, Jeroen Taal, Jesse Engel,
Jesujoba Alabi, Jiacheng Xu, Jiaming Song, Jillian Tang, Joan Waweru, John Burden, John Miller, John U. Balis,
han Berant, Jorg Frohberg, Jos Rozen, Jose Hernandez-Orallo, Joseph Boudeman, Joseph

Guerr, Joseph Jones, 'Joshua B. Tenenbaum, Joshua S. Rule, Joyce Chua, Kamil Kanclerz, Karen Livescu, Karl Krauth,
Karthik G Kateri , Katja Markert, Kaustubh D. Dhole, Kevin Gimpel, Kevin Omondi, Kory
Kristen Chiafullo, Ksenia , Kumar , Kyle McDonell, Kyle Richardson, Laria Reynolds,

Leo Gao, Li Zhang, Liam Dugan, Lianhui Qin, Lidia Contreras-Ochando, Louis-Philippe Morency, Luca Moschella,
Lucas Lam, Lucy Noble, Ludwig Schmidt, Luheng He, Luis Oliveros Colén, Luke Metz, Liitfi Kerem Senel, Maarten
Bosma, Maarten Sap, Maartje ter Hoeve, Maheen Farooqi, Manaal Faruqui, Mantas Mazeika, Marco Baturan, Marco
Marelli, Marco Maru, Maria Jose Ramirez Quintana, Marie Tolkiechn, Mario Giulianelli, Martha Lewis, Martin Potthast,
Matthew L. Leavitt, Matthias Hagen, Métyés Schubert, Medina Orduna Baitemirova, Melody Arnaud, Melvin McElrath,
Michael A. Yee, Michael Cohen, Michael Gu, Michael Ivanitskiy, Michael Starritt, Michael Strube, Michat Swedrowski,
Michele Mihir Kale, Mike Cain, Mimee Xu, Mirac Suzgun, Mitch Walker, Mo Tiwari,
Mohit Bansal, Moin Aminnaseri, Mor Geva, Mozhdeh Gheini, Mukund Varma T, Nanyun Peng, Nathan A. Chi, Nayeon
Lee, Neta Gur-Ari Krakover, Nicholas Cameron, Nicholas Roberts, Nick Doiron, Nicole Martinez, Nikita Nangia, Niklas
Deckers, Niklas Muennighoff, Nitish Shirish Keskar, Niveditha S. Iyer, Noah Constant, Noah Fiedel, Nuan Wen, Oliver
Zhang, Omar Agha, Omar Elbaghdadi, Omer Levy, Owain Evans, Pablo Antonio Moreno Casares, Parth Doshi, Pascale
Fung, Paul Pu Liang, Paul Vicol, Pegah Alipoormolabashi, Peiyuan Liao, Porcy Liang, Peter Chang, Peter Eckersloy,
Phu Mon Htut, Pinyu Hwang, Piotr Mitkowski, Piyush Patil, Pouya , Priti Oli, Q Mei, Qing Lyu,
Qinlang Chen, Rabin Banjade, Rachel Etta Rudolph, Racfer Gabriel, Rahel Habacker, Ramon Rlsco, Raphaél Milliére,
Rhythm Garg, Richard Barnes, Rif A. Saurous, Riku Arakawa, Robbe Raymaeckers, Robert Frank, Rohan Sikand,
Roman Novak, Roman Sitelew, Ronan LeBras, Rosanne Liu, Rowan Jacobs, Rui Zhang, Ruslan Salakhutdinov, Ryan
Chi, Ryan Lee, Ryan Stovall, Ryan Techan, Rylan Yang, Sahib Singh, Saif M. Mohammad, Sajant Anand, Sam Dillavou,

Sam Shleifer, Sam Wiseman, Samuel Gruetter, Samuel R. , Samuel S. ghyun Han, Sanjeev
Kwatra, Sarah A. Rous, Sarik Ghazarian, Sayan Ghosh, Sean Casey, Bischoff, Seb

cpideh Sadeghi, Shadi Sharon Zhou, Shashank Srivastava, Sherry Shi, Shikhar Singh, Shima Asaadi,
Shixiang Shane Gu, Shubh i Shyam U ) Debnath, Siamak
Shakeri, Simon Thormeyer, Simone Melzi, Siva Reddy, Sneha Priscilla Makini, Soo-Hwan Lee, Spencer Torene, Sriharsha
Hatwar, Stanislas Dehaene, Stefan Divic, Stefano Ermon, Stella Lin, Prasad, Steven T.
Piantadosi, Stuart M. Shicber, Misherghi, Kiri Mishra, Tal Linzen, Tal Schuster,

Tao Li, Tao Yu, Tariq Ali, Tatsu Hashimoto, Te-Lin Wu, Théo Desbordes, Theodore Rothschild, Thomas Phan, Tianle
Wang, Tiberius Nkinyili, Timo Schick, Timofei Kornev, Titus Tunduny, Tobias Gerstenberg, Trenton Chang, Trishala
Neeraj, Tushar Khot, Tyler Shultz, Uri Shaham, Vedant Misra, Vera Demberg, Victoria Nyamai, Vikas Raunak, Vinay
Ramasesh, Vinay Uday Prabhu, Vishakh Padmakumar, Vivek Srikumar, William Fedus, William Saunders, William
Zhang, Wout Vossen, Xiang Ren, Xiaoyu Tong, Xinran Zhao, Xinyi Wu, Xudong Shen, Yadollah Yaghoobzadeh, Yair
Lakretz, Yangqiu Song, Yasaman Bahri, Yejin Choi, Yichi Yang, Yiding Hao, Yifu Chen, Yonatan Belinkov, Yu Hou,
Yufang Hou, Yuntao Bai, Zachary Seid, Zhuoye Zhao, Zijian Wang, Zijie J. Wang, Zirui Wang, Ziyi Wu

Srivastava, Aarohi, et al. "Beyond the imitation game: Quantifying and extrapolating the capabilities of language models." arXiv preprint

arXiv:2206.04615 (2022).



Example benchmark: MT-Bench

Question: If the FED buys bonds in the secondary market
(A) the money supply will increase. (B) the money supply will decrease. (C) the money supply will not be
affected. (D) the discount rate would be affected. Output the answer only.

Assistant A: Assistant B:

The Federal Reserve buys (A) the money supply will increase.
bonds in the secondary

market to increase the

money supply.

Follow-up Question: How does it affect my daily life? Give 3 examples.

Assistant A: Assistant B:

The Federal Reserve buys When the Federal Reserve buys bonds in the secondary market, it can have
bonds in the secondary several effects on the economy that can impact your daily life. Here are
market to increase the three examples:

money supply. This

affects your daily life 1. Interest rates: The Federal Reserve's actions in the bond market can
by: influence interest rates, which in turn can affect the cost of borrowing
1. Increasing the money money. For example, if the Federal Reserve buys bonds and drives up demand
supply. for them, interest rates on things like mortgages, car loans, and credit
2. Increasing the money cards may go up, making it more expensive to borrow money.

supply and lowering the 2. Inflation: When the money supply increases, it can lead to inflation,
discount rate. which is the general rise in prices of goods and services. This can impact

3. Increasing the money your daily life by making it more expensive to buy things like groceries,
supply and lowering the gas, and other necessities.

discount rate and 3. Employment: The Federal Reserve's actions in the bond market can also
increasing the money have an impact on employment. For example, if the Federal Reserve's
supply. actions lead to economic growth and increased demand for goods and

services, it can create more job opportunities and boost employment.
GPT-4 Judgment:

Assistant A provided an incorrect response to the user's question about how the Federal Reserve
buying bonds in the secondary market affects daily life. The answer given is repetitive and lacks
clear examples of how the action impacts daily life.

On the other hand, Assistant B provided a relevant and accurate response to the user's question about
the Federal Reserve buying bonds. The answer includes three clear examples of how the action impacts
daily life, such as interest rates, inflation, and employment.

Assistant A should improve by providing relevant, clear, and accurate examples to address the user's
3 question. Assistant B's response is more helpful, relevant, and detailed. )

Figure 1: Multi-turn dialogues between a user and two Al assistants—LLaMA-13B (Assistant A)
and Vicuna-13B (Assistant B)—initiated by a question from the MMLU benchmark and a follow-up
instruction. GPT-4 is then presented with the context to determine which assistant answers better.

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan Zhuang, Zhanghao Wu, Yonghao Zhuang, Zi Lin, Zhuohan Li, Dacheng Li, Eric. P Xing, Hao Zhang, Joseph
E. Gonzalez, Ton Stoica. Judging LLM-as-a-Judge with MT-Bench and Chatbot Arena. https://arxiv.org/abs/2306.05685



Example benchmark: Tool-Bench

4 ] ] ] E:
Data Construction & Train & Inference
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Figure 1: Three phases of constructing ToolBench and how we train our API retriever and ToolLLaMA.
During inference of an instruction, the API retriever recommends relevant APIs to ToolLLaMA, which performs
multiple rounds of API calls to derive the final answer. The whole reasoning process is evaluated by ToolEval.
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Benchmark with references

1. Has a clear anchor:

a. Qualification Exams, it is qualified to obtain 0.6 accuracy

b. 1Q testing, which age of humans is its intelligence equivalatent to?
2. ltis easy to extract the answer and evalidate the answers

a. coding
b. mathematical reasoning
c. multi-choice questions

3. Tasks themselves should be challenging

a. knowledge intensive tasks
b. reasoning tasks
c. tool using and planing



Benchmark without references

1. GPT4 or other LLMs as the judge, which is scalable
2. Human evaluation, which is reliable
3. Testing the agreement between LLMs and human

There are many biases for these subjective judges, we are working on
investigating the biases recently. Contact our RAs Guiming Chen or Shunian Chen
if interested.



Acknowledgement

https://web.stanford.edu/class/cs224n/slides/cs224n-2022-lecture 1 0-pretraining.pdf
https://web.stanford.edu/class/cs224n/slides/cs224n-2023-1ecturel 1 -prompting-rlhf. pdf

https://courses.grainger.illinois.edu/CS447/sp2023/Slides/Lecture?27.pdf

https://www.databricks.com/dataaisummit/session/how-train-your-own-large-language-models/

https://gist.github.com/rain-1/eebdSeSeb2784feecf450324e3341¢8d
https://www.cs.princeton.edu/courses/archive/fall22/cos597G/lectures/lec18.pdf

https://www.slideshare.net/SylvainGugger/fine-tuning-large-lms-243430468

http://www.phontron.com/slides/neubig231lms.pdf

https://www.freecodecamp.org/news/train-algorithms-from-scratch-with-hugging-face/
https://uploads-ssl.webflow.com/5ac6b712924c656f2b13a88c/6435aabdc0a041194b243eef Current%20Best%?2

OPractices%20for%20Training%20L1L.Ms%20from%20Scratch%20-%20Final.pdf
https://www.analyticsvidhya.com/blog/2020/05/what-is-tokenization-nlp/
https://scholar.harvard.edu/binxuw/classes/machine-learning-scratch/materials/transformers

https://www.scribbledata.io/fine-tuning-large-language-models/



https://web.stanford.edu/class/cs224n/slides/cs224n-2022-lecture10-pretraining.pdf
https://web.stanford.edu/class/cs224n/slides/cs224n-2023-lecture11-prompting-rlhf.pdf
https://courses.grainger.illinois.edu/CS447/sp2023/Slides/Lecture27.pdf
https://www.databricks.com/dataaisummit/session/how-train-your-own-large-language-models/
https://gist.github.com/rain-1/eebd5e5eb2784feecf450324e3341c8d
https://www.cs.princeton.edu/courses/archive/fall22/cos597G/lectures/lec18.pdf
https://www.slideshare.net/SylvainGugger/fine-tuning-large-lms-243430468
http://www.phontron.com/slides/neubig23llms.pdf
https://www.freecodecamp.org/news/train-algorithms-from-scratch-with-hugging-face/
https://uploads-ssl.webflow.com/5ac6b7f2924c656f2b13a88c/6435aabdc0a041194b243eef_Current%20Best%20Practices%20for%20Training%20LLMs%20from%20Scratch%20-%20Final.pdf
https://uploads-ssl.webflow.com/5ac6b7f2924c656f2b13a88c/6435aabdc0a041194b243eef_Current%20Best%20Practices%20for%20Training%20LLMs%20from%20Scratch%20-%20Final.pdf
https://www.analyticsvidhya.com/blog/2020/05/what-is-tokenization-nlp/
https://scholar.harvard.edu/binxuw/classes/machine-learning-scratch/materials/transformers
https://www.scribbledata.io/fine-tuning-large-language-models/

