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Dialog CWS Dialog. WS
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MT Chunk MT Chunk

Sum Parsing Sum Parsing
aa aa
Fine-tuning Prompting

B esAEStEh—LESES:

Text Classification (text -> label): ta

Prediction Task

Ry 74 A * Text Pair Classification (two texts -> label i
/ o Sequence Labeling (text -> one label per token): task-sealat
* Extractive Summarization (text -> subset of text): task-extractive (implies text-seqlab )

Span Labeling > labels on spans): task
F

* Language Modeling (predict probability of text): task

* Conditioned Language Modeling (some input -> text): task dlm (implies task-1m)

« Sequence-to-sequence Tasks (text -> text, including MT): task-seazseq (implies task-condlm )
o Cloze-style Prediction, Masked Language Modeling (right and left context -> word):

Context Prediction (as in word2vec) (w

d -> right and left context

Relation Prediction (text -> graph of relations between words, including ¢

Tree Prediction (text -> tree, including

Graph Prediction (text -> graph not necessarily between nodes;

Word Alignment (parallel text -> alignment between words)

ntactic and some semantic semantic parsing)

ndency parsing): task-relation

Lexicon Induction/Embedding Alignment (text/embeddings -> bi- or multi-lingual lexicon): task-lexicon

T ZRR R

x1 %3

Left-to-right Masked LM

unidirectional no decoder
GPT1/2/3

LaMDA BERT

y2

x1 x2 x3 1 y2

Encode-decoder

more params

MASS/TS5/BART
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s p. * Text Pair Classification (two texts -> label: ta
/  Sequence Labeling (text -> one label per token)
* Extractive Summarization (text -> subset of text

Span Labeling

> labels on spans): task

Language Modeling (predict probability of text): task

Conditioned Language Modeling (some input -> text): task

Sequence-to-sequence Tasks (text -> text, including MT

Context Prediction (as in word2vec) (word -> right and left context

Relation Prediction (text

Tree Prediction (text -> tree, including

Graph Prediction (text -> graph not necessarily between nodes)

Word Alignment (parallel text

Cloze-style Prediction, Masked Language Modeling (right and left context

yntactic and some semantic semantic parsing): task

Prediction Task

e (implies text-seqlab )

(implies task-1m )
eq (implies task-condlm )
> word): task-cl

> graph of relations between words, including dependency parsing): task-relation

Lexicon Induction/Embedding Alignment (text/embeddings -> bi- or multi-lingual lexicon): task-lexicon
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Left-to-right

unidirectional no decoder
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more params
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Natural Instructions (Mishra et al.. 2021)
FLAN (Wei et al., 2021)

TO (Sanh et., 2021)

@
2021
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Visual Instruction Tuning (Liu et al., 2023)
LLaMA-Adapter (Zhang et al., 2023)
MS3IT (Li et al., 2023)

2024
PAT T iZNARTZ M RAIRA

T REIZESSE L

18R + SEEEE

ChatGPTHRIAREYHIA

InstructGPT (Ouyang et al., 2021)

Super-Naturallnstructions (Wang et al., 2022)

FLAN-Collection-vl (Chung et al., 2022)
Self-Instruct (Wang et al., 2022)

mTO (Muennighoff et al., 2022)
OPT-IML (lyer et al., 2022)
@ . @

HIRE. (IS8 DHHTAR
2022

ChatGPT|ajtt

Less is More!

LIMA (Zhou et al., 2023)
DEITA (Liu et al., 2023)
InsTag (Lu et al., 2023)
AlpaGasus (Chen et al., 2023)
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™. Dave D. Miller -
Master Practitioner in Neu guistic Programming, H gear Labs Tra... - 9
What is NLP? What has it done for you?

Neuro Linguistic Programming is curiosity that uses modeling and
whatever works from elsewhere to develop a trail of techniques that can
change your life in many ways. | better understand others, | knowv

Upvote < 0o G

q"i‘y Benney Meshullam -

What are some examples of NLP language patterns? Do people
use them without realizing it?

There are several examples of natural language processing (NLP) language
patterns that people commonly use in their everyday conversations
without consciously realizing it. Here are a few examples: 1. Ques

Upvote & O G

Quora
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. . Instruction : Give me a quote from a famous person on this topic.
R Instruction : Give me a quote from a ] q P P

famous person on this topic. Input: Topic: The importance of being honest.
Output: "Honesty is the first chapter in the book of wisdom." - Thomas Jefferson
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Instruction : Give me a quote from a

famous person on this topic.

ERRIFIES

You
‘You are asked to come up with a set of 20 diverse task instructions. These task instructions will be
given to a GPT model and we will evaluate the GPT model for completing the instructions.

Here are the requirements:

1. Try not to repeat the verb for each instruction to maximize diversity.

2. The language used for the instruction also should be diverse. For example, you should combine
questions with imperative instrucitons.

3. The type of instructions should be diverse. The list should include diverse types of tasks like
open-ended generation, classification, editing, etc.

2. AGPT language model should be able to complete the instruction. For example, do not ask the
assistant to create any visual or audio output. For another example, do not ask the assistant to
wake you up at 5pm or set a reminder because it cannot perform any action.

3. The instructions should be in English.

4. The instructions should be 1to 2 sentences long. Either an imperative sentence or a question is
permitted.

5. You should generate an appropriate input to the instruction. The input field should contain a
specific example provided for the instruction. It should involve realistic data and should not
contain simple placeholders. The input should provide substantial content to make the instruction
challenging but should ideally not exceed 100 words.

6. Not all instructions require input. For example, when a instruction asks about some general

information, "what is the highest peak in the world", it is not necssary to provide a specific context.
In this case, we simply put "<noinput>" in the input field.

7. The output should be an appropriate response to the instruction and the input. Make sure the
output is less than 100 words.

List of 20 tasks:
174

ChatGPT
Here's a set of 20 diverse task instructions designed to evaluate a GPT model's capabilities:

1. Instruction: Compose a brief poem about the changing seasons.
¢ Input: "<noinput>"
* Output: "Leaves whisper tales in vibrant hues, summer's green fades into autumn's russet
news. Frost's white lace graces branches bare, till spring's gentle warmth fills the brisk air."
2. Instruction: Identify the language used in the following text and explain how you determined it.
¢ Input: "¢Como estas hoy?"
¢ Output: "The text is in Spanish. This is determined by the use of the phrase '¢Cémo estas
hoy?' which translates to 'How are you today? in English, and the use of the inverted

question mark is unigue to Spanish."

https://github.com/tatsu-lab/stanford_alpaca/blob/main/prompt.txt



O FIFBAIRERY
B BEEXA—EYRis<SEUEEAGIF, R

LLM&E R E ZANRIRIEY

I

B FFEAERES AR, PRI EIRSLLMER

In what situation does
1+1 not equal to 2?

import math
- import random
1+1=7? > 1/(sqrt(2) +4r2) = ? .
gzl—j-%’tiﬁ)\ gg}\'{,ti'ﬁ)\ # choose a random integer between 1 and 10

How to prove1+1=2in
the Goldbach Conjecture?

How many times faster is light

What is the speed of light in a vacuum? ——
than sound in a vacuum?

IENnHEE

WizardLM: Empowering Large Language Models to Follow Complex Instructions. arXiv2304.12244

x = random.randint(1, 10)
1/(math.sqrt(x) + xA2) =?

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

Medium Speed of light (km/s)
Air
O\
SN [waer
Glass
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Dataset #Tasks | # Instructions | Language Collection | Usage Access | Human
Method Verified?
xP3 (Muennighoff | 83 - Multilingual Mixed Instruct. Open | No
etal., 2022) Tuning
Super-Natural- 1.616 1.616 Multilingual Mixed Instruct. Open | Yes b
Instructions - - .
(v2) (Wang et al., Dataset # Tasks | # Instructions | Lan Collection | Usage | Access | Verified?
2022b) Method
ZeroPrompl  (Xu PromptSource (Bach et al., 2022) 180 2,085 English Mixed 'Il‘anuCL Open Yes
i uning
etal, 2022) P3 (Sanh et al., 2021) 270 2073 Enelish Mixed Instruct. | Open | Yes

Dataset # Tasks | # Instructions | Lan Collection | Usage Access | Human
GLM-130B (Zeng xP3 (Muennighoff et al., 2021 Method Veri-
fied?
etal, 2023 -
CLUE (CL),UEbench Natural Instruct v (Mishra [ OIG (AT, 2021) 30 43M English Mixed Instruct. Open | No
mark 2021) 2022) Tuning
Be]le‘-l 5M (Yunjic Super-Natural-Instruct v2 ([ Baize (Xu et al., 2023) 3 100K+ English Model Chat Open No
al, 2023) J et al., 2022b) Generated
et al., 202: - _
Guanaco-Datasel CrossFit (Ye et al., 2021) Camel (Guohao et al., 2023) - 115K English Model Instruct. Open | No
. ; Generated | Tuning,
(JosephusCheung, | "R AN (Wei et al., 2021) 2021 Chat
220 UltraChat (Di 1., 2023 675K English Model Chd 0 N
CSL (Li et al, | Exvix (Aribandi et al,, 2021) traChat (Ding et al., 2023) - nglis| G0 e at pen o
2022) i i enerated
Chinese- UnifedSKG (Xie el al, 2022 Dolly (Databricks, 2022) 7 15,000 English Human Instruct. Open | Yes
ChatLLaMA Annotated Tuning
(YDli-ai, 2021) MetalCL (Min et al 2021) Guanaco-Dataset (JosephusCheung, | 175 534,530 Multlingual| Mixed Instruct. Open No
Firefly (Yang, 2023) ' 2021) ] _ ] Tuning
TnstructGPT (Ouyang ot al., 3 Chat]__Lgl\’J"[P: Chinese-ChatLLaMA | - - Multilingual | Mixed Instruct. Open | No
Luotuo (Ziang Leng (YDli-ai, 2021) Tuning
and Li, 2023) GPT-4-LLM (Peng et al., 2023) 175 165K Multilingual| Model RLHF, Open No
Chinese-Alpaca Generated | Instruct.
(Liu et al., 2023) FLAN Collection 2022 (( Tuning
etal., 2022; Longpre et al., 2(| ShareGPT (ShareGPT, 2021) - - Multilingual| Model Instruct. Closed | Yes
OPT-IML Bench (Iyeretal.,Z Generated Tuning,
GPT-4-LLM (Peng Chat
etal., 2023) GLM-130B (Zeng ct al., 202{| SHP (Ethayarajh et al., 2023) 18 385K English Existing, RLHEF, Open Yes
Human Instruct.
ShareGPT Self-Instruct (Wang et al., 20{ Annotated | Tuning
(ShareGPT, 2021) HH-RLHF (Bai et al., 2022; An- | - 169,550 English Mixed RLHF, Open Yes
Unnatural Instructions (Hoi | thropic, 2022; Ganguli et al., 2022 Instruct.
Chinese-Vicuna etal., 2022) Tuning
(Chenghao Fan and Alpaca (Taori et al., 2023) HC3 (Guo et al., 2023) 12 37,175 Multilingual | Mixed Instruct. Open Yes
Tian, 2023) Tuning
| Stack-Exchange-Preferences (Lam- | - 10M English Existing RLHF, Open | Yes
CUGE (Yao et al., | 18 = bert et al., 2023) Instruct.
2021) Tuning
HC3 (Guo et al., | 12 37.175 InstructWild (Xue et al., 2023) 429 104K Multilingual| Model Instruct. Open | No
2023) Generated | Tuning
InstructWild (Xue | 429 104K Mumguar VIoaer MSUCt. Upen | INO T
etal., 2023) (eng, zh) 1 Generated | Tuning 1
Our Translated Cor- | 2k 67,798 Chinese Mixed Instruct. Open | Yes
pus Tuning

Chinese Open Instruction Generalist: A Preliminary Release,

Zhang et al.2023
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 Instruction Quality I Minimal Loss Constant I T Bag of Indicators

Instruction Mining: When Data Mining Meets Large Language Model Finetuning. arXiv2307.06290
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@)0pen Tagging

Write flask routes
for blog posts that
implement CRUD. Use
flask-sqlalchemy.
The incoming and
outgoing data
should be in JSON.
Use appropriate
error handling and
return status codes

Add the necessary
try except blocks
to the above code.

The instruction is about writing flask routes for
blog posts, which indicates a web development task.

The instruction mentions implementing CRUD (Create,
Read, Update, Delete) operations, which suggests
managing data in a database.

The instruction requests incoming and outgoing data
to be in JSON format, indicating the use of JSON
for data manipulation.

The instruction calls for appropriate error
handling, suggesting the implementation of error
handling mechanisms.

The instruction calls for appropriate error
handling, suggesting the implementation of error
handling mechanisms.

? Can you also provide

some examples of
specific telemedicine
platforms that
healthcare providers
commonly use?

Can you please add
some statistics on
how many patients
have utilized
telemedicine
services during the
pandemic and how
many of them were
atisfied with it?

creative Writing software development

machine learning

The user is asking for specific examples of
telemedicine platforms.

The user is inquiring about the technological aspects
of telemedicine platforms.

The user wants information specifically related to
healthcare providers and their use of telemedicine
platforms.

This tag refers to the intention of requesting the
addition of statistical information on the
utilization of telemedicine services during the
pandemic and the satisfaction levels of patients.

This tag indicates the intention of requesting
specific data or information to support an argument
or statement.

ey input/output data ana]_ysis : .
1:6‘\_% mlﬁ{{ .§ program,, clarification ™" p ek DAL ST
1| .
meiieb development v Annotators Metrics
e syntax error: =
. Lon mvar ] s’ LLM  Human
— — C outputrs.rmrproblem solve ™ _—
& mathematics Pior e %
& recommendation Lthmcor O
Sk exanple reques —_—
explanation -error, _handling, debug
conditional statement..-.-word problem

information retrieval; -«

#InsTag: Instruction Tagging for Analyzing Supervised Fine-tuning of Large Language Models. ICLR2024
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BE

e RO A — =l — | 7
= =
O dHeEN SRE:
Eﬁgg ILERISLS?
U & PFRIFS:
Source #Examples Avg Input Len. Avg Output Len.
Training
Stack Exchange (STEM) 200 117 523
Stack Exchange (Other) 200 119 530
wikiHow 200 12 1,811
Pushshift t/WritingPrompts 150 34 274
Natural Instructions 50 236 92
Paper Authors (Group A) 200 40 334
Dev
Paper Authors (Group A) 50 36 N/A
Test
Pushshift r/AskReddit 70 30 N/A
Paper Authors (Group B) 230 31 N/A

Bl LIMA wins s Tie LIMA Loses

Alpaca 65B 26%
DaVinci003 35%
BARD (April) 42%
Claude (April) 54%
GPT-4 (April) 57%
50% 75%  100%

At "DRIEZ" 7

LIMA: Less Is More for Alignment (Zhou et al. 2023)
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How many positive three-digit integers less than 500 have at least two digits that are the same?

7

Task Name: math puzzles

Format: This is a math question. First, analyze the question and give a brief analysis in the first
paragraph. Then, use a list to present the step-by-step solution. Next, give another list to output
a detailed explanation. Last, give the correct result and a conclusion.

Original Response

To solve this problem, | will count how many
three-digit numbers less than 500 have at
least two digits that are the same, and subtract
that from the total number of three-digit
numbers less than 500. The total number of
three-digit numbers less than 500 is 4 x 10 x
10 = 400, since the first digit canbe 1, 2, 3, or
4, and the second and third digits

Therefore, the number of three-digit numbers
less than 500 that have no digits that are the
same is 4 x 9 x 8 = 288. This means that the
number of three-digit numbers less than 500
that have at least two digits that are the same
is 400 - 288 = 112.

-

ReAlign Response (Ours)

Analysis:
To solve the problem, we need to count ...

Solution:
1. Calculate the total number ...

2. Count the number of three-digit ...

Explanation:

- The first digitcan be 1, 2, 3, or 4, and the ...

Result:

There are 112 three-digit numbers less than ...

Conclusion:
There are 112 positive three-digit integers ...

GSMBK Accuracy (%)
g & 8 & 3

IS
on
i

B
[
.

. GSMEBK

s+ ReAlign

(+9.86)
56.63

LLaMA-2-13B

Reformatted Alignment. arXiv2402.12219

Mistral7B
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Instruction: 1+1="?
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Orca: Progressive Learning from Complex Explanation Traces of GPT-4. Microsoft
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Traditional ML Superalignment Our Analogy

Human level

Supervisor Student Supervisor Student Supervisor Student

Weak-to-Strong Generalization: Eliciting Strong Capabilities With Weak Supervision. OpenAl 39
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Method
Full
Full
Freeze
LoRA/GalLore/BAdam
QLoRA
QLoRA

QLoRA

Bits

AMP

16

16

16

8

4

2

LY
27—

7B

120GB

60GB

20GB

16GB

10GB

6GB

4GB

13B

240GB

120GB

40GB

32GB

20GB

12GB

8GB

30B

600GB

300GB

80GB

64GB

40GB

24GB

16GB

70B

1200GB

600GB

200GB

160GB

80GB

48GB

24GB

8x7B

900GB

400GB

160GB

120GB

60GB

30GB

18GB

LHAARBTENEFA/N (LLaMA-Factory, Zheng et al., 2023)
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‘ ! Cases of Parameter Updating

Lecture05: 12 xF3]

Pre-trained LMs Prompts

frozen Tuned

B 13B 30B 70B 8x7B

GB  240GB  600GB  1200GB  900GB

Example: BART + Continuous Prompts for Machine Translation

. - o T T B
B Too many, difficult to select?

E B

L Promptless Fine-tuning If you have a highly large left-to- B

c Fixed-prompt Tuning right pre-trained language model
Prompt+LM Fine—tuniR (e.g., GPT3) |

C Adapter Tuning e

If you have few training samples?
Tuning-free Prompting X
C : . '.
Fixed-LM Prompt Tuning If you have lots of training samples?
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PEFT (Parameter-Efficient Fine-Tuning)

m Adapter Tuning(Google, 2019)

r
!

e

- -

—— o ——

[ Layer Norm l

Transformer °

Adapter

Layer

2% Feed-forward
layer

[ Layer Norm ]

©

l Feed-forward layer J

1
Multi-headed
attention

o

__________

—_— e ——

-
-

OOOIOOO

Feedforward
up-project

Nonlinearity

|
OO0
|
Feedforward
down-project

I
O0000OO0

e e e e
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PEFT (Parameter-Efficient Fine-Tuning)
B

B Prefix Tuning(Stanford, 2021)

Fine-tuning

Transformer (Translation)
F 1 1 1 31 1 1 1 [ ]

Transformer (Summarization)
[ 1 [ 1 [ 1 [ 1 [ 1 [ 1 [ 1 [ 1

Transformer (Table-to-text)

Irnrnnnl

name Starbucks type coffee shop [SEP] Starbucks serves coffee
Input (table-to-text) Output (table-to-text)

Prefix

(Translation)

' Prefix
(Summarization)
1

Prefix
(Table-to-text)

Prefix-tuning

Transformer (Pretrained)

LI

name Starbucks type coffee shop [SEP] Starbucks serves coffee
Input (table-to-text) Output (table-to-text) 43
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PEFT (Parameter-Efficient Fine-Tuning)
O
O
O

Prompt Tuning(Google, 2021)

. f Pre-trained | | .
Model Tuning Model i Prompt Tuning
g (11B params) ) :
al f N Mixed-task
Task A 22 Task AModel | Batch
Batch (11B params) I AT a1
- 7 C | ci Pre-trained
5 - N [ B | B | b1 Model
Task B Task B Model | | e —— (11B params)
Batch (11B params) I
~ “ | Task Prompts
= 4 N | (20K params each)
Task C [Cc2| | TaskC Model | !
Batch (11B params) I
- J |
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OO0 PEFT (Parameter-Efficient Fine-Tuning)

LORA(Microsoft, 2021)

Pretrained
Weights
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Self Rewarding Language Models arXo40110020 SHIBREZ LR

Self-Play Fine-Tuning Converts Weak Language Models to Strong Language Models. arX|v2401 .01335
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