Pre-train (Instruction) Reinforcement Learning from
Fine-tuning Human Feedback (RLHF)
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* English: SQUAD, Chinese: DRCD

Pre-train Fine-tune

 Testing | _EM _

QANet none Chinese QA 66.1
Chinese Chinese QA 82.0 89.1
Chinese QA Chinese | g1, 837
BERT 104 _ QA
EnglishQA | 633 [ 7838 |
languages
9 Chinese + English ) 826 90.1

F1 score of Human performance is 93.30%

This work is done by ZIEER - #FRIE
https://arxiv.org/abs/1909.09587
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How to use BERT — Case 1

class
Random M
Linear o ==p.
) initialization

L Init by pre-train

Input: sequence
output: class

Example:
Sentiment analysis

i thisis good

v
positive

>_ This is the model

to be learned.

[#23232021] BEEEHXEE (Self-supervised
Learning) (—) - BERTR7T

https://youtu.be/ghOhewYkjgo
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bertForSequenceClassification
class
t
Linear Trained from Input: single sentence
Classifier Scratch Ul IIN '
output: class
Example:
4 ) Sentiment analysis (our
A A ...
BERT=PFine-tune Document Classification
WREF : SST-2, ColA
[ t ot t
[CLS] W W, Wy
sentence
R0 F 5 FRERS
bertForSequenceClassification
Class Input: two sentences, output: class
1 Example: Natural Language Inference
J?‘n,ear Given a “premise”, determining whether

a “hypothesis” is T/F/ unknown.

BERT ]

t t t | t t t
[CLS] Wy W, [SEP] W3 Wy Ws
Sentence 1 Sentence 2
MNLI, QQP, QNLI, STS-B, MRPC, RTE, SWAG

BREH

BERT %5l

—a)FIREERS
bertForTokenClassification
class class class
t t t
Linear Linear Linear  |nput: single sentence,
Cls Cls Cls output: class of each word
t t t
t 1 | 1 Example: Slot filling
BERT Jamive Taipei_on_November 2 |
[ J | | |
other dest other time time
g s s il
[CLS] w, W, Ws WR{EFS : CoNLL-2003 NER
sentence
REER
bertForQuestionAnswering
I l Learned 0.7
sndind from scratch softmax
The answer is “d, d5". dot product )i ﬁ /\
t t t
BERT ]

t t t t t t t
[CLS] @ g, [SEP] d; d, d;
question document

B RS : SQUAD v1.1, SQUAD 2.0

Source of image: https://leemeng.tw/attack_on_bert_transfer_learning_in_nlp.html
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Source of image: https://arxiv.org/abs/1905.00537
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(Forget Task 1)

Task 2

Sentiment

Language
Model

L&

learner + generator

https://arxiv.org/abs/1909.03329v2
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LAMAL: LAnguage Modeling Is All You Need for Lifelong Language

Learning
Fan- '_ = — N . .
LAMOL: LAnguage MOdeling for Lifelong Language Learning

|
ye] Fan-Keng Sun, Cheng-Hao Ho, Hung-Yi Lee
ax
ca Most research on lifelong learning applies to images or games, but not language. We present LAMOL, a simple yet effective
tas method for lifelong language learning (LLL) based on language modeling. LAMOL replays pseudo-samples of previous tasks
th while requiring no extra memory or model capacity. Specifically, LAMOL is a language model that simultaneously learns to solve
- the tasks and generate training samples. When the model is trained for a new task, it generates pseudo-samples of previous
as tasks for training alongside data for the new task. The results show that LAMOL prevents catastrophic forgetting without any

sign of intransigence and can perform five very different language tasks sequentially with only one model. Overall, LAMOL

outperforms previous methods by a considerable margin and is only 2-3% worse than multitasking, which is usually considered
the LLL upper bound. The source code Is available at this hitps URL.

https://arxiv.org/abs/1909.03329v2
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FLAN (Finetuned Language Net)
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https://arxiv.org/abs/2109.01652

https://arxiv.org/abs/2110.08207
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. GPT-3175B zero shot [ GPT-3 175B few-shot [ FLAN 137B zero-shot

Performance
on unseen
task types

Natural language inference  Reading Comprehension Closed-Book QA

FLAN (Finetuned Language Net)
https://arxiv.org/abs/2109.01652
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Instruction finetuning

Please answer the following question.

What is the boiling point of Nitrogen?

L™

Chain-of-thought finetuning

;. ™

Answer the following question by
reasoning step-by-step.

The cafeteria had 23 apples. If they
used 20 for lunch and bought & more,
\ how many apples do they have?

e

Inference: generalization to unseen tasks |

Q: Can Geoffrey Hinton have a
conversation with George Washington? y

Give the rationale before answering.

BRI E—

EE

Scaling Instruction-Fine-tuned Language Models
https://arxiv.org/abs/2210.11416

The cafeteria had 23 apples

originally. They used 20 to
make lunch. So they had 23 -

Language
model

20 = 3. They bought & more
apples, so they have 3 + 6 = 9. )

. Geoffrey Hinton is a British-Canadian
computer scientist born in 1947. George
Washington died in 1799. Thus, they
could not have had a conversation
together. So the answer is “no”.
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For PaLM 540B, instruction-tuning only requires 0.2% of the pre-training compute.

60 &0 408 mr_!«ije]'
/,,/ N
g .
ED §_E'., EE- ﬁ 628 model
= w40 i 5 40
. U
G g
g E +1,E'3‘|5tﬂ.5k5 E E BB mode
g 20 —e— 282 tasks g 5 20

£3 Eg
= 89 tasks c =
Z 9 tasks z

0 —a— Mo finetuning 0

5B 628 5408 0 9 89 282 682 1,836

Model size (# parameters) Number of finetuning tasks



f‘[ Model input

The square root of x is the cube
root of y. What is y to the power
of 2,if x =47

.

P PaLM 540B output

.

}.\

Q. The square root of x is the
cube root of y. What is y to the
power of 2, if x = 87

Q. The square root of x is the
cube root of y. What is y to the
power of 2, if x = 12?

Q. The square [...], if x=16?

% (keeps asking more
questions)

/-{ Flan-PaLM 540B output ]-\

64 G

8,

N %

https://ai.googleblog.com/2022/11/better-language-models-without-massive.html
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PUR 2R 8 FLAN:
Template 1 Template 3
L <premise> ) ,
o P Read the following and
= I Based on the paragraph determine if the hypothesis can
E above, can we conclude that | | be inferred from the premise:
+ <hypothesis>? Premise: <premise>
@ Coptions> H s
) ypothesis: <hypothesis>
~ <options>
—~ || Template 2
f:premise> k F
2 Can we infer the following? Tgmmg!g o <o
SFT Data RM Data PPO Data C D)
split  source size split  source size split  source size

train labeler 11,295 train labeler 6,623 train customer 31.144
1.430

train  customer train  customer 26,584 valid customer 16,185 \3 B=E % ==
valid labeler 1,550  valid labeler 3,488 AR R ERERER

valid customer 103 valid customer 14,399




Instruction Fine-tuning == EERE

e LLaMAZ2: https://arxiv.org/abs/2307.09288

Quality Is All You Need.] Third-party SFT data is available from many different sources, but we found that
many of these have insufficient diversity and quality — in particular for aligning LLMs towards dialogue-style
instructions. As a result, we focused ﬁrst on cnllechng several thausand examples of high- quallty SFT data,

findings are sm*ular in spirit to Zhou et al. (2023), whlch also fmcls that a limited set of clean instruction- mnmg
data can be sufficient to reach a high level of quality. We found that SFT annotations in the order of tens of
thousands was enough to achieve a high-quality result. We stopped annotating SFT after collecting a total of
27,540 annotations. Note that we do not include any Meta user data.

* LIMA: Less Is More for Alignment https://arxiv.org/abs/2305.11206

1k training examples  “rasponses from LIMA are either equivalent or strictly
preferred to GPT-4 in 43% of cases”
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A ChatGPT /&EmRY & fE

Open Al's Terms of Use

https://openai.com/policies/tel
ms-of-use

(c) Restrictions. You may not (i) use the Services in a way that infringes,
misappropriates or violates any person’s rights; (ii) reverse assemble,
reverse compile, decompile, translate or otherwise attempt to discover the
source code or underlying components of models, algorithms, and
systems of the Services (except to the extent such restrictions are contrary
to applicable law); (iil) use output from the Services to develop models that
compete with OpenAl; (iv) except as permitted through the AP|, use any
automated or programmatic method to extract data or output from the
Services, including scraping, web harvesting, or web data extraction; (v)
represent that output from the Services was human-generated when it is
not or otherwise violate our Usage Policies; (vii) buy, sell, or transfer API
keys without our prior consent; or (viii), send us any personal information of
children under 13 or the applicable age of digital consent. You will comply
with any rate limits and other requirements in our documentation. You may
use Services only in geographies currently supported by OpenAl.
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Source of image: https://www.cidianwang.com/mingj/01dc61673.htm



Alpaca

https://crfm.stanford.edu/2023/03/13/alpaca.html

Vicuna

https://Imsys.org/blog/2023-03-30-vicuna/

Model Name

Dataset

Training code

Evaluation
metrics

Training cost
(/B)

Training cost
(13B)

LLaMA

Publicly available
datasets
(1T token)

N/A

Academic benchmark

82K GPU-hours

135K GPU-hours

Alpaca

Self-instruct from davinci-
003 API
(52K samples)

Available

Author evaluation

$500 (data) + $100 (training)

N/A

Stanford
Alpaca

Vicuna Bard/ChatGPT
User-shared N/A
conversations

(70K samples)

Available MN/A

GPT-4 assessment Mixed

$140 (training) N/A

$300 (training) N/A

https://vicuna.lmsys.org/
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"™ | LLaMA OpenFlamingo = | LLaVA
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! TaoLi Kqala + task data VigionL LM InstructBLIP Chatbridge
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ChatMed
. Adapier Panda(iPT
Multimaodal models
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Source of image:
https://arxiv.org/abs/2303.18223
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