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Instruction Pretraining

Key Point

- Why Instruction Pretraining?
= Pre-training — Fine Tuning Alignment

= Instruction Format Tuning enhances Task Generalization

- How to make Instruction Pretraining Dataset from Raw data?
= Human? GPT4 API? -> High Cost

= Instruction synthesizer based on Open Source Model

Multitask Tuning to Synthesize Instructions

HotpotQA

The seventh season of television series Game
of Thrones concluded on August 27, 2017...

RACE

You can definitely get the amazing experience
in your travel

SQuAD

Instruction
Synthesizer

%

Commonsense Reasoning

Ins: When is the finale of season 77

Let's think step by step.

Res: The seventh season concluded on August 27,
2017. Therefore, the answer is August 27, 2017

Sentiment Analysis

Ins: What is the author's attitude?
Options: - Negative - Unconcerned - Positive
Res: Positive

Woman: What's next?
Man: | work at the library from 8:00 to 11:15

Inference on Raw Pre-Training Corpora
Text

My classmates all want to go to different clubs.
Helen wants to join the Reading Club. ...

Math Questions

\_Ilns: How long does he work in the morning?

Res: 3 hours, 15 minutes

Instruction-Response Pairs

Ins: What club does Helen like?
Res: Helen likes the reading club.
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Instruction Synthesizer
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LM Pre-Training

1. General Pre-Training From Scratch

RefinedWeb: 200M text. 100B tokens
MA| Pre-Training Data® A& Hat X, Y EOF H3L (20%)
= 40M raw textE 7|82 2 200M synthesized pairsE A

Mix the fine-tuning data (0.2B) for instruction synthesizer

2. Domain-Adaptive Continual Pre-Training

PubMed Abstracts / Financial news
Mix the instruction-augmented corpora with general instruction

Llama3-8B

2%, Natural Language Processing
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Hyper-parameter

Pre-Train From Scratch

Continual Pre-Train

Parameters

Hidden size
Intermediate size

Max Position Embeddings
Num attention heads
Num hidden layers
Num key value heads
Rope theta

Vocab Size

Tokenizer

Computing infrastructure
Run-time

Train steps

Batch size

Max Sequence Length
Max Learning Rate
Optimizer

Adam beta weights
Learning rate scheduler
Weight decay

‘Warm-up steps
Gradient clipping
Dropout ratio

500M
1536
4320
2048

24

16

24
10000
32000
Mistral
8 A100-80GB GPUs
5 days
200K
0.5M tokens
2048
3e-4
Adam
0.9,0.95
cosine
0.1

2000

1

0.1

1.3B
2048
8192
2048

32

20

8

10000
32000
Mistral
8 A100-80GB GPUs
10 days
100K
1M tokens
2048
2e-4
Adam
0.9, 0.95
cosine
0.1
2000

1

0.1

8B

4096
14336
8192

32

32

8
500000
128256
Llama3
4 A100-80GB GPUs
1 day
4K
0.25M tokens
4096
le-5
Adam
0.9,0.95
cosine
0.1

1000

1

0.1

Table 10: Hyper-Parameters of Pre-Training From Scratch and Continual Pre-Training.
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Results

ARC-e ARC-¢c BoolQ SIQA WinoGrande PIQA OBQA HellaSwag MMLU

S00M
Vanilla PT 503 264 57.5 44.6 538 711 298 47.2 254
Mix PT 52.8 26.7 46.8 46.6 527 70.1 30.0 47.0 26.7
Instruct PT 54.8 274 62.0 47.2 54.8 69.9 30.8 47.3 253
1.3B
Vanilla PT 585 28.8 60.3 47.9 549 73.0 33.6 54.9 257
Instruct PT 60.5 30.9 62.2 49.2 55.9 73.6 334 543 27.3

Table 1: General Performance of the Pre-Trained Base Models via Vanilla Pre-Training (Vanilla PT), mixing
raw corpora with fine-tuning data for the instruction synthesizer (Mix PT), and Instruction Pre-Training (Instruct
PT) in general pre-training from scratch.

Zero-Shot Few-Shot
Inst tPT

#Param. # Token Average e = 200 Instruct PT
GPT-2 774M - 45.7 e
Pythia 1B 300B 47.1
BLOOM  1.1B 341B 45.1
Instruct PT  500M 100B 46.6 vanilla PT
OPT 1.3B 300B 493 260 Vanilla PT
GPT-2 1.5B - 48.6 \’//\/-
BLOOM 3B 341B 50.1
Insu.uct IJT 1.3B IOUB 49.? 0 20 40 &0 80 100120 0 20 40 60 B0 100120

Number of Instruction-Tune Steps (K)

Table 2: Comparison between Our Pre-Trained Base Figure 4: MMLU Performance during Instruc-

Models and Others on general benchmarks. Detailed tion Tuning of models pre-trained via Vanilla Pre-
results are in Table 11. Training (Vanilla PT) and Instruction Pre-Training (In-
struct PT).
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General Pre-Training From Scratch

Vanilla < Mix < Instruct

Instruction PT == Data Efficiency
—> EZ4ILHOE 012 52 45

PTZ, Instruction Tuningst™ ‘50| 23| 57}
=> PTt SFT2| Alignment &2 2 Downstream Task
o = w=H =
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Results

BioMed. PubMedQA ChemProt RCT MQP UMSLE | AVERAGE Domain-Adaptive Continual Pre-Training
Llama3-70B 54.3 518 822 B4.8 46.7 63.9
Llama3-8B 59.8 27.6 73.6 66.2 40.6 53.6
Vanilla PT 65.1 42.4 724 764 355 58.4 - '(')'H|:o|' 751'-%% 7|% E%(Llam83>%% X-" 9"6|-_Tl_ E—I|:— Continua|
Instruct PT 68.7 472 734 793 38.0 61.3
Pre-training2 o Z4t
Finance ConvFinQA Headline FiQA SA FPB NER | AVERAGE
Llama3-70B 39.1 86.3 81.0 68.5 644 71.9 _ Dl.ﬁ-jl.xlg Vanilla < Instruct
Llama3-8B 49.9 81.1 833 635 728 70.1
Vanilla PT 62.9 84.7 82.2 654 649 72.0
Instruct PT 74.6 87.1 824 65.7 63.6 74.7

Table 3: Domain-Specific Task Performance of Llama3-8B without continued pre-training, after continued pre-

training via Vanilla Pre-Training (Vanilla PT), and after continued pre-training via Instruction Pre-Training (Instruct Abl ation on PT d ata
PT). Both Vanilla PT and Instruct PT mix domain-specific corpora with general instructions to boost prompting

ability. We also display the performance of Llama3-70B for reference.

w/o Corpora: w/o =@l E3} Instruction PT data
w/o Corpora Rule-based 1-shot Ours

Med. 73.3 73.1 731 747 ) .= 7|Hto C ChA R XF
Fin. 58.6 58.8 585 613 Rule-based: 7|22 = PT H|O|H Ehe XA

Table 4: Ablations on Training Data. w/o Corpora
removes domain-specific pre-training corpora. Rule-
based replaces instruction-augmented corpora with
those created by the rule-based methods in Cheng et al.
(2023). 1-shot replaces instruction-augmented corpora
with those created through single-turn synthesis. We
report the average task scores within each domain.

1-shot: Synthesizer Inference THAIO| A 1 round Z12H AHE
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Analysis on Instruction Synthesizer

Response Generation

Accuracy Quality

- Response Accuracy: Compute Accuracy

Seen Unseen
Seen  Unseen

Zero  Few Fero Few

Base 306 292 165 218 121 196
gold response Ours 700 552 494 499 253 308

- Instruction Pair Quality: F1 similarity between generated response and the

Table 5: Response Accuracy and Instruction-
Response Pair Quality of our instruction synthesizer
(Ours) and Mistral-7B (Base). “Zero™ indicates the zero-

1) Zero-shot: Input contains only the raw text

2) Few-shot: Input contains 3-shot gold pairs shot setting where no examples are presented before the
testing raw text, and “Few” prepends 3-shot examples
- Unseen O‘” EH '5HA‘|E 3"'_—,_1% g% to the testing raw text.

Lot

— HX| 25} 00| 0f| CHSHA &= Instruction PairE BHE7|0f| &
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Analysis on Instruction Corpora

Accuracy Relevance # Category

. . General T1.5 92.9 49
Appropriateness of Instruction Corpora BioMed. 862 99.4 2%

Finance 69.8 85.8 41
_ A ME]

. - - - = 77~
O O Instruction Palrgl Accuracy, Releva nce, DIVGI’SIty = J'g7|' Table 6: Response Accuracy, Context Relevance,
and Number of Task Categories of the instruction-

H=g|= - p: ted ¢ .
- Instruction Pair®l Al 500745 425t D GPT-45 ALESHOl YO-SE S sugmented corpors
Code 1%
>0 17 =) .
12| 37X SHUM BTt 22 7HH| 2 2f0| == A|Z
Misc.
SIS CHO ot Maths 6%
- H=ot SHO0|H, Contextlf #HEEl pairO| HAM E CFYSH Instruction Task 7% Commonsense
o o Sentiment Reasoning
Category=0 Lot E= &9 Analysis 8% 23%
Summarization
11% Coreference
Resolution
St Natural 16%
to-Text Language
e Inference
15%

Figure 6: Distribution of Task Scenarios of Synthe-
sized Instruction-Response Pairs in the instruction-
augmented corpora.

8/ 22



Examples

<s> <CoN> Our school life is very interesting! My friends and I study hard at school. And we are good at
our lessons. We are very happy. We have lots of time for our hobbies. My classmates all want to go to
different clubs. Helen wants to join the Reading Club. She loves reading books. The Reading Club meets
every Wednesday at three thirty. Lily enjoys dancing. She wants to join the Dancing Club. It meets on
Mondays at four thirty. There’s also an Art Club. It meets on Fridays at four o’clock. Nick doesn’t want
to join the Art Club. He doesn’t like drawing. He thinks it is too difficult for him . Nick likes playing
computer games. He wants to join the Computer Club. It meets every Thursday at three forty-five. Mike
loves sports. He wants to join the football team. They play football every Monday at three thirty. I want
to join the Music Club. I like listening to music with my friends. The Music Club meets on Tuesday at
three fifteen. </CON>

<QUE> What club does Helen like? <ANS> Helen likes the reading club. </END>
<QUE> How many friends does the story teller describe? <ans> I have four friends. </EnD>

<QUE> Are you and your friends smart? <ANS> unknown </END> </s><s> <CON> Billy and Sara are
brother and sister. They went to the beach with their family last July for a week, and had the best time
ever! On Monday, Billy and Sara wanted to build a giant sandcastle. They invited their new friends
Jack and Jane to help build the sandcastle. Jack and Jane had a house on the beach, so they were really
good when it came to building sandcastles. They hoped that they could make the sandcastle taller than
themselves, but they soon found they needed more help. They asked their cousin Joey to help them build
the biggest sandcastle in the world! Joey wasn’t the friendliest cousin in the world, but to Billy and Sara’s
surprise, Joey was happy to help build the sandcastle. Billy, Sara, Jake, Jane and Joey had spent the whole
day building the sandcastle, and finally, right before dinner time, they completed it. The sandcastle was
huge! It had a river around the castle, and even a bridge to cross the river. It even had a flag at the top, and
a wall that went around the castle too! They were so happy!

The rest of the week at the beach was a lot of fun for Billy and Sara. On Tuesday, they went for ice cream.
Sara’s ice cream fell and dripped all the way down to her tummy, but Billy gave her some of his. On
Wednesday, they watched the fireworks at night. On Thursday, they went swimming all day long, moving
like worms in the water. On Friday, they had to go back home. They were sad, so they started counting
down the days until next year at the beach! </coN>

<QUE> how do billy and Sara know each other? <ans> Billy and Sara are brother and sister. </END>
<QuE> Did they do something yesterday? <ANS> no. </END>

<QUE> When did they do something? <ANs> last July </END>

<QUE> What did they do? <ans> They went to the beach </END> </s>

Table 9: An Example of a Sequence for Fine-Tuning the Instruction Synthesizer. This sequence contains two
examples, both from the CoQA dataset (Reddy et al., 2019), constituting a 2-shot example.

Not a writer, a writer wannabe, editor, lit maj, or pretend literary critic. Just an avid reader/listener. My
ratings are opinion only.

I love all genres of books. However, when I listen to audio books as I clean, garden, drive they are better
with a lot of heat!

"Laborious"

This might have been a bit more tolerable if narrator was better. I am happy to say that I did finish the
book but it just seemed to go and on. Like other listeners the book itself reminded me of a bad TV show.
Not horrible but of all the books I have listened to this is just bearly average.

Problem: Pick your answer from:

a). They didn’t like the genre.;

b). They did n’t have enough time to read it.;

¢). They did n't like the author.;

d). They did n’t like the narrator.;

Q: What may be the reason for them not finishing the book?

Answer: d).

Customer Web Interaction: Fundamentals and Decision Tree From Virtual Communities

Authors

Enrico Senger, Sandra Gronover, and Gerold Riempp, University of St. Gallen

Abstract

In order to utilise the new possibilities of Internet technology efficiently, many companies invest consider-
able sums in the development of communication channels to customers. In this context, the often-quoted
objective of cost saving per interaction appears to be questionable, since new communication media have
not been able to fully substitute the existing systems. Costs are therefore more likely to rise than drop.
The following article discusses potentials, criteria, conditions and consequences related to the use of
computer-mediated environments for customer interaction. The objective is to derive recommendations
for action in respect of a context-dependent support, especially by means of web collaboration and
self-service-options.

Download Customer Web Interaction: Fundamentals and Decision Tree

Problem: Pick your answer from:

a). It can be edited.;

b). It can be read offline.;

¢). It can be read online.;

d). It can be used offline.;

Q: What may happen after the download?

Answer: c).

Table 12: A Case of a 2-shot Example in the General Instruction-Augmented Corpora.
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Conclusion
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VYocabulary Expansion for Low-resource Cross-lingual Transfer
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Embedding Initialization

72X 2 2 Multilingual Model%|A Monolingual Model2 7= Zi2 7}

= Vocab Embedding Z=7|3} O #|?
Further | |Instruction
Pretraining Tuning

LLaMA
37_" = 7|'II HFEH Hindi
\ </
Bl eoH Vocabulary Instruction l .
Extension Tuning
- Vocab Expansion SPRYTN [LaMA
English Chinese

- Vocab Replacement -l @
e |

LLaMA
= Arabic

= 2{L}, =22 Low-resource | A{ = Of2{et F# 2O XA ALEO| Hei =4, H2EX

O|FMOo| Bt HLCH O ZIEHS D XIAAIR S Hot= 28K 20| st systematic study
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Heuristic-based embedding initialization

Problem Statement

- 2™ =20 Source Model2 target P1O{0f LS & HTH A7 | =

S

- Target corpus2F H tokenizerE st A|7AA auxiliary tokenizer & 474
- S|H tokenizerQ| vocab2 2 £ H Source vocabldt XX = V. ., E UHE FTE

- VO[A V., & F7t8l target vocabulary Vi E& => V+ Vo= Vi

M7IX] FE|AElSH Rule 7|82 WHES A H

= Mean, Merge, Token Align
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Method

Mean Token Alignment
- V,ew = Source tokenizer2 &2 &|= vocab - Target corpusl| =& =S source, target tokenizer2
embedding®| o= AHEZS F0 =3}
- EZotE 282 Hlmoi H W source token index
7} target token index@t alignk|=X| align listE MM
Merge
(2CH Cr Ofd)
- 7P°8: 7|& subtokenO| A A0 EE&(= M E24} 0fl) 32000 => [(1234, 12345), (2345, 23456, 3456)]
OlH|| El 0] S A}SHO 2ASHE A EOI&JQDELHAOIQ
A
A

o
£ A ot0] 7tE B s SOl gl Es 79

- BPEQ| merge rulea AtE: (‘a’, 't") — ‘at’
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Experiments
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: the size of V.,

: the amount of Adaptation Samples
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Setup

Task Language Template

English {premise} Question: {hypothesis} True, False, or Neither? Answer:
Arabic {premise} Jls: {hypothesis} pso . Uns of ¥ 130 Y 513 dolarl:
German  {premise} Frage: {hypothesis} Wahr, Falsch oder Weder? Antwort:

Greek {premise} Epéytnon: {hypothesis} AAndéc, Wevdse, 1 Kavéva amd ta 8io;
M o d el NLI Aztdvnon:

Hindi {premise} W¥: {hypothesis} TR, AT GE AT e, T ? I

Japanese  {premise} E[]: {hypothesis} E. ., ¥HELTHRVW?EX:

Swahili {premise} Swali: {hypothesis} Kweli, Uongo au Wala? Jibu:
_ |_ |a m a2 7 B / I\/l |Stra | 7 B Thai {premise} A107%: {hypothesis} 934, tfig, uile? dmeu:

English Write a short summary of the following text in {language]}. Article: {text} Sum-

mary:

. Arabic Sl Lasla 15008 yoall MUl dallly ol allaall: [text} yaslall
- B ase | ne: S ource / I_ A PT ( I_ 0 RA) / Ra ] d om / FOC U S SUM German Schreiben Sie eine kurze Zusammenfassung des folgenden Textes auf Deutsch.
Artikel: {text} Zusammenfassung:
Greek lpdape wa glvtoun Teplinyn Tov TAQURAT® KEWEVOU GTA EAANVIKA.
‘Apdpo: {text} IMepihmypn:
Hindi frefefEa = ggy &6 & ford | o (text) F&T:
Japanese RONEOEN®HABTHEEZR IV, FOH: {text) BH:
Swahili Andika muhtasari mfupi wa maandishi yafuatayo kwa Kiswahili. Makala: {text}
Muhtasari:

TaSk Thai dWouagudu q vastonnusdaliilduntulne unaa: {text} agil:
English Answer the following question. Context: {context} Question: {question} Answer:
Arabic | Sl J1gadl Ul 3l {context} Jl4.dl: {question]} &l>l:
German  Beantworten Sie die folgende Frage. Artikel: {context} Frage: {question}

- NLI / Summarization / QA Antwort

Greek Amdvinoe gtnv mwapakdte spdtnon. Keluevo: {context} Egdtnon: {ques-
tion} Astdvtnon:
Hindi T T I IR S| Hof: {context} WST: {question} I

Japanese RO XEDEMNCE X X\, LH: {context) EH: {question) & X:
Swahili Jibu swali lifuatalo. Makala: {context} Swali: {question} Jibu:
Thai pavAINSUAD (U ynAMN: {context} A10N: {question} A1AaY:

Target Dataset
- CC-100: low-resource setting 215~30k / high-resource setting 220~1M sentences

- 728 ez FUEE EE A ke HE7|E &9 10071
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Zero-shot performance

Arabic German Greek Hindi Japanese Swabhili Thai Average - Mean & A||gn % Source / |_A PT 9" EHS
Afro-Asiatic Indo-European Indo-European Indo-European Japonic Niger-Congo Kra-Dai
Mﬂdd KLI UM SPAN ML SUM SPAN KLI UM SPAN MLL S5UM SPAN KLI UM SPAN HLI SUM SPAM KLI SUM SPAN KL sUM EPAN |_ _I L|_ _L|: O A i
I OO

Source 30 157 .08 | .37 224 30 |.30 238 .06 | .31 36.7 .33 |.17 239 58| .34 247 .02 |.36 206 .28 | .31 240 .24
LAPT 30 142 .11 | .30 17.0 .25 |.33 230 .10 | .31 365 .39 |.22 247 52 |.33 264 .02|.34 207 27| .30 232 24

+ Random .32 10.2 .06 | .34 185 .26 |.34 196 .03 .32 344 26 |.15 243 48 .32 253 .02 (.35 183 24| .31 215 .19 _ :ol |OW_reSOurce |anguage<swah|||1
+FOCUS .30 96 .08 |.35 18.3 25| .34 198 .09 | 32 328 .18 |.19 233 44 |.34 259 05 |.31 172 21| .31 21.0 .19

+ Mean 30 139 .11 | .38 18.9 .27 .34 19.7 12 .32 361 .31 (.19 24.6 47 | .34 255 03 | .33 199 .28 (| .31 22.7 23 . o) [
+Merge 35 131 .10 | 36 193 27 |34 188 WAL |32 334 27|18 24.6 46|34 253 03 |31 185 28 || 31 219 22 Thai, Greek)0| A, SOTA?! FOCUS= 2
+Align 31 144 12 |36 17.0 26 |34 19.1 12| 33 36.1 31 |.25 24.8 46 |34 259 |05 33 189 27 || .32 224 23

ol 50| BOAl= &Y

Table 1: Zero-shot performance in low-resource settings (30K sentences) on 500 randomly selected test samples

for each dataset using LLaMAZ2-7B as source. The baselines without vocabulary expansion are in grey . Bold _ oS M= FNHCHE
indicates comparable or better results than Random. Underlined indicates comparable or better results than FOCUS. = Low-resource Setti neé |-O“ -I = -” H
Darker blue and red shades indicate higher positive and negative relative performance change over Source per K= -5'_ xl 8‘1‘ o

language and task, respectively. e ° =

- German Sumdt Japanese SPANO|A] 243t H& &4

o
—

— German / Japanese®t Z2 High resource language0|A| = Expansion0| &1} O|H|

— PTEHA 0| M 0[0] St O10f0f CHeh SH&0| 23| EY o2, Q8|2 &2 EEo| Hl0|E{E 7|8 expansionS & 1t
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Size of New Target Tokens

Random =X= Mean --m- Align

Arabic
_x-—ll T, PIL AT ¢ ¢ e —  — —
0.1 ey
i, ._______'Z'a:.._._,_._ ________
e,
sy @
0.0 Greek
:‘:I L]
v 0.10 _._.1“'\-..“:?':.7..._._._._
=1 el e e By ity e
32 0.05 S R s
Hindi
0,3 Paapeees RS BEEE B
BT iesniasa s TP
0.2 — By [ Fa N |
250 o
Language /
—200 Arabic o
& =@~ Greek /
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Figure 2: Performance in zero-shot SPAN across differ-
ent numbers of new target tokens, including inference
speedup. Red and grey dotted lines denote the perfor-
mance of Source and LAPT, respectively.

What is the proper size of new target tokens?

ot

{50, 100, 500, 1K, 5K, 10K} Of CHot d& H2tQf Inference £

.

- Performance & Inference Speed Tradeoff

= New vocabhO| HZ =2 H50| WO X|= At

— S| AE HE L2 RandomO| H|SH robustnessE H| W™ & FX|
Recommendation

- Setting |V,ew! to around 100 to 500 can be a suitable threshold to

maintain competitive performance while benefiting from inference Speed
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Adaptation Samples

LAPT =¥=+ Mean
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Figure 3: Performance and inference speedup in zero-

shot SPAN across different numbers of training sen- - Need at least |D| = 214 to 215 to achieve competitive performance with
tences. Red dotted line denotes Source performance.

Source and LAPT when |V, ., = 100

- Using Align might provide better performance than Mean 19722



Other LLMs

Arabic Greek Hindi
Approach NLI SUM SPAN NLI SUM SPAN NLI SUM SPAN
Source 39 171 .20 |37 36.1 .12 | .34 384 45
LAPT 34 153 .15 |39 253 .13 |.31 38.6 .50
+Random .36 13.6 .13 |35 207 .13 |.33 338 .34
+ Mean 33 144 14 |31 232 .12 (34 344 37
+ Align 33 147 14 |30 233 15 (34 351 37

Speedup [%] 46.0 44.8 43.5|57.2 57.3 56.4|56.0 59.1 55.1

Table 2: Zero-shot performance and inference speedup
using 30K sentences with Mistral-7B as Source. Bold
indicates comparable or better results than Random.
Darker blue and red indicate higher positive and neg-
ative relative performance change over Source.

2%, Natural Language Processing
& Artificial Intelligence

Mistral-7B

- Source0f H|3H A CHEE 4-50| X5}

— Mistral-7B XA 7t Llama2 2Ct O XA Z H&50| 7| &
— Remaining Challenges 2 ¥ Z

This implies that different base models could have different requirements

of ID] and |V, ey!

—ZHLLMsH 2 3t&3H Q10{QF 11 0| CIE7|IHE 0|, RE LLMsO|| LEtS}

= O Z Lt otX| 2 S Eot At S A8 dt= Randoml| 89 EL= FL.
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Conclusion

Tt A10{0j CH3ll AdaptationA|0 Vocabulary Expansion®| CHSt 1 &

Am
Ot
ot

| low-resource0| 2 Z U0 Xt 0| 2 =2 EF0F 220 A Q| Z[X o CHOH &7

.

HEHQl ZFHM AtEetCt7| 2Lt ZE e Ho|AgfQlezM nafst HE
. @YY EA I ER. BPES| ARSI A2 1

- FOCUS, LAPTL2| At& 0| =753 CHH RandomECh= L2 CHEt

= DE@ 27} X[LEX|[A 2X] = Ol =t=0| =752 &= 0| JUSI?
- High resource setting | Al expansion XtH|= £2 COt0| Ot = QULCt= M A
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Thank you

Q&A
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