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טּ ᶍ
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1. טּ ᶍ

2. טּ ᶍ  ֹAlphaFold ᶱ ᶊ

3. ᶇ ◖

4. טּ ᶊᵩᵰᶪ᷈ḻḜḭᴻḇ᷿ḧḭḴᴻ᷿ḯḻ

5. טּ ḏᴻḇᶊᵩᵰᶪ

6. טּ ḏᴻḇᶍ

7. ᴴ ᶍ ᴲ ᶍ

8. ᷿ḧḭḴᴻ᷿ḯḻᶇ ᶍ

9. ᶍּט ᶊᵩᵰᶪ



טּ ᶍ
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1. טּ ᶍ

טּ ᶇ ᴲ ᶍ ᶇ ᵸᶡᶍ

2. טּ ᶍ  ֹAlphaFold ᶱ ᶊ

3. ᶇ ◖

4. טּ ᶊᵩᵰᶪ᷈ḻḜḭᴻḇ᷿ḧḭḴᴻ᷿ḯḻ

5. טּ ḏᴻḇᶊᵩᵰᶪ

6. טּ ḏᴻḇᶍ

7. ᴴ ᶍ ᴲ ᶍ

8. ᷿ḧḭḴᴻ᷿ḯḻᶇ ᶍ

9. ᶍּט ᶊᵩᵰᶪ



טּ ᶍ
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טּ¸ ¸

¸ᶡᶀᶬᶲּט ᶡ ᶡᵸᵳᵮ ᵣ

Å טּ ᶊᵩᵣᶅᶎ ᶍ ᶆᵡᶪ ᶍ שּ ᴲ טּ ᶊ ᶂᶅᵣᶝᵸ

Å טּ ᴲ טּ ᴲ טּ ᶣ ᶍ שּ ᶊᵩᵣᶅᶡ ᶊ⅛ᵧᶝᵸ

Å ᶡ ᴲ ᴲḵḤḋḐᶉᶈ ·ᶉ ᵫᵡᶩᶝᵸ

טּ

┼

ḇḻḙ᷄

᷈ḻḜḭᴻḇּש

ḟḵ᷅ḱḧḻ᷅

ḏᴻḇḡᴻḁ

AHI

import math

a = math.sqrt (3.1)
print(a)

Python



ᵲᶍ ᶊᶃᵣᶅ֩ ᶉᵲᶇ֪
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טּ¸

¸

¸ ᶍ

ֹ

ֹ ╪᷿ḁḎḨ שּ ╪֩ ᴴꞌ טּ ᶊᵩᵣᶅᶡ ╔ᴴ ᶱ ᶂᶅᵣᶝᵸ֪

ֹᶻᶽḁḐ2 627

HP: https:// sites.google.com /view/ ku - kato - lab/

e - mail: mori.yoshiharu.323@m.kyushu - u.ac.jp

Å Moodle ᶊᶝᵿ ᵶᶅᵣᶉᵣ ᶎᵆּט ᵇᶍ᷈ᴻḁ ᶱ ᶂᶅᵮᵿᵴᵣ

Å ᵫᵡᶪ ᶎMoodle ᶆ ᵶᶅᶡᶨᵣᶝᵸ

Å ᶎ ᶊ ᶇᵶᶝᵸᵫᴲᶣᶟᶱ ᶉᵣ ᶎ9 12 ֩ 2֪3:59 ᶝᶆ

2ֹ025 9 1 2Ǝ 3Ǝ 10 30 ¿16 20 ֩ ᶊ ֪

ֹᶻᶽḁḐ2 210

ֹ ᶇ╗



ᵲᶍ ᶊᶃᵣᶅ
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¸ᵆּט ᵇᶎ ḟḵ᷅ḱḨᶍ ꞌ שּ ᶍ╗ᶃᶆᵸ

¸ ᶍ ᶉ ᶇ ᶉ

Å ᶍ ᴲ ╪

Å טּ ᵩᶧᶒ ᶊᶃᵣᶅ ᶉ ᶎ ᶇᵶᶝᵺᶲ

Å ᶍ ᶍ ᶱ ᵣᶪᵫᴲ ᶉ ᶎ ᵶᶝᵸ

Å ᶣ ᶉ ᶍ ᶱ ᶍ ᶊᵩᵣᶅ ᶆᵬᶪᵲᶇᶱ ᶇᵶᶝᵸ

Å ᶆᶎᵆּט ᵇᶍ ᶊᵩᵣᶅ ᶍ ᵫᶈᶍᶧᵥᶊꞌ ᵴᶫᶅᵣᶪᵪᶱ ᵶᶝᵸ

Å ᵶᵣ ᶍḌᴻḳᵫ ᵾᶇᵶᶅᶡ ᶊ ᶆᵬᶪ ᵧ ᶱ ᶒᶝᵸ

¸ ᶊᵩᵰᶪᵩ ᵣ

Å טּ ᶊ ᶍᵡᶪ ᴴ ᶱ ᶊ⅛ᵥᶡᶍᶆᶎᵡᶩᶝᵺᶲ

Å ᵶᶅᴲ ᶆ⅛ᵥ ᶊᵩᵰᶪ ᶉᶷḳ᷉ḲḂḨᶍ ᶎ ᶊ ᵣᶝᵺᶲ

Å ᶨᵪᶍḅḝḐᶻᶼᶷᴴḌᴻḳᶍךּ ᶉ ᵣ ᶍ ᶱ ᵥᶡᶍᶆᶡᵡᶩᶝᵺᶲ



ᶍ
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טּ¸ ᶍ ֹ ᴲ ᴲ

טּ¸ ᶊᵩᵰᶪ᷈ḻḜḭᴻḇᶍ

טּ¸ ᶊᵩᵰᶪ ᴲ ᶍ

טּ¸ ᶊᵩᵰᶪ ᶍ

Å טּ ᶍ ᶊᵡᶪᶡᶍᶎ ᶆᵡᶪ

Å ᴴ ᶊ ᶄᵣᶅ ᶱ ᵶᵾᶩᴲ ᶱᵶᵾᶩᵸᶪ

Å טּ ᶱ ᵸᶪ ᶱ ᵮᵲᶇᶎ╗ ᶊᶎ

Å ᶍ ᶱ᷈ḻḜḭᴻḇᶱ ᵣᶅ ᶊ ᵸᶪ ᵫ ᵶᶅᵬᵾ

Å טּ ᶍ ᶇ ᶍ ᶍ ᶣᴲ ᶍ ᴴ ᶉᶈᵫ ᶉ ᶇᵶᶅ ᵶᶅᵬᶅᵣᶪ

Å שּ ᶍ ᶆᶎᴲᵲᶍ ᶆ ᵶᵣ ᵫᵡᶂᵾ

Å שּ ᶣ שּ ᶊᵩᵣᶅAIᶱ ᵶᵾ ᵫ ᶝᵯᶪᵶᵮ ᶮᶫᶅᵣᶪ

Å ᶊᶉᶪ ᷈ḻḜḭᴻḇᶍ ᶡ ᵧᶨᶫᶅᵣᶪ



ᵆּט ᵇᶍ ᵸᶡᶍ
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¸ ᶍḩᶹḻḩḋḃᴻḀ

AHIᶉᶈᶍꞌ ᶉ ᶇ ᶊ ᵴᶲᶍ ᶱᵬᶂᶀᶩ ᶊ ᵰᶝᵶᶦᵥ¨

ą ᶍ ᶱ ᶆᵬᴲ ᵶᵣ ᶱ ᶪᵲᶇᵫּס ᶊᶉᶪ

¸ ᶉ ᶉᵮᵶᶅꞌ ᶉ ᵫ ᵸᶪᵲᶇᶎᶉᵣ

ᶍ ᴲ טּ ᶍ ∏ᴲ ᶍ ᶉᶈᵫ ᵴᶫᶃᶃᵡᶪᴳ

טּ ᶍ ᶉ ᶎᶡᶎᶣᵼᶫᶚᶈ ᶉᵮᶉᶪᶍᵿᶬᵥᵪ§

ą ᶉᶡᶍᵫᶆᵬᵾᶨᵼᵥᵪᶡᵶᶫᶉᵣᴳᵿᵰᶈ ᶉᶡᶍᵿᶇ ᵫ ᵸᶪᵲᶇᵫᶆᵬᶪᶍᵪ

¸ᵼᶫᵽᶫᶍ ᶍ ᶇ ᶍ ᶆ ᵶᵣ ᶱ ᶧᵥ

ᶍ ᵫקּ ᵶᵾ ᶱ ᶍ ᶊᶧᶩקּ ᴴ ᵴᶫᶪᵲᶇᶆ ᵬᵮ ᵸᶪᴳ

ᵲᶫᵪᶨ ᵴᶲᵫ ᶆᵬᶪ ╓ᶆᵸ¨



טּ ᶍ
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1. טּ ᶍ

2. טּ ᶍ  ֹAlphaFold ᶱ ᶊ

טּ ᶍ ᶗᶍꞌ ᴲ שּ ᶍ

3. ᶇ ◖

4. טּ ᶊᵩᵰᶪ᷈ḻḜḭᴻḇ᷿ḧḭḴᴻ᷿ḯḻ

5. טּ ḏᴻḇᶊᵩᵰᶪ

6. טּ ḏᴻḇᶍ

7. ᴴ ᶍ ᴲ ᶍ

8. ᷿ḧḭḴᴻ᷿ḯḻᶇ ᶍ

9. ᶍּט ᶊᵩᵰᶪ



AHI ᶍּט ꞌ AֹlphaFold ᶱ ᶊ
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ColabFold: AlphaFold2
https:// colab.research.google.com / github / sokrypton / ColabFold /blob/main/AlphaFold2.ipynb

ֹḇḻḙ᷄ ᶍ וֹ

ᵲᶫ֩♣ ᶍ ֪ᶱ ᵸᶪᶇÂ

ᵲᶫ֩ ֪ᵫ ᶪ
֩ ᶊᶎ ᶍ ᵫ ᶪ֪

AlphaFold ᶎ שּ ᶍ ᶊᵩᵰᶪᶡᶍᶆᵸᵫᴲ

ᵼᶍ ᴲ ᴲ ᴲ ᴲ ≥ ᶍ ᶎᵡᶨᶥᶪ ᶊᵩᵣᶅ ᶃᶇ ᵣᶝᵸ

¸AlphaFold ᶱ ᶊ ᵣᶪ



ḇḻḙ᷄ ᶍ
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pdb id: 6VXX

¸ ᶍ (SARS - CoV - 2 spike) ¸ḇḻḙ᷄ ᶍ ֩ ֪

¸ ᶉ ᶍ ֩ ֪

ʀḠḲḋ᷄ḁ ʁ᷿ᴻḐ

ḧᶿ᷅ḵḛḻ
pdb id: 1MBN

pdb id: 1VYT

pdb id: 1PG1

ćᵲᶫᶎּך§



ḇḻḙ᷄ ᶇᶎ§ֹ ᴴ ᴴ
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¸ḇḻḙ᷄ ᶎ ·ᶉ ᶱ ᶂᶅᵣᶪ

Å ḇḻḙ᷄ ᶎᶽḕḳ᷃ᴻ ᴲ ♫ᴲ ֩ ᴴ ᵼᶍ ֪ᶉᶈᶍ ᶊ ᵪᵺᶉᵣ

Å ·ᶉ ᶎ│ᶉᶪ ᶍḇḻḙ᷄ ᶊᶧᶂᶅ ᵴᶫᶅᵣᶪą │ᶉᶪ ᶇᶎ§

¸ḇḻḙ᷄ ᶎDNA ᶍ┼ ᶊᶧᶩ ᶨᶫᶪ ᶆᵡᶪ

Å ḇḻḙ᷄ ᶎ ᶍᶷḧḖ ᶍḢḟḉḑ ᶊᶧᶩ ᵴᶫᶪ

Å DNA ᶊᵡᶪ┼ ᵫḇḻḙ᷄ ᶍᶷḧḖ ᶍ ᶒ֩ᶷḧḖ ֪ᶇᵶᶅ ᵴᶫᶪ

Å │ᶉᶪᶷḧḖ ᶱ ᶃḇḻḙ᷄ ᶎ│ᶉᶪ ᶍᶡᶍᶆᵡᶩᴲᵼᶍ ᵫ│ᶉᶪ

¸ḇḻḙ᷄ ᶎ ᶍ ᶱ ᵸᶪ

Å ḇḻḙ᷄ ᶎᶷḧḖ ᵫ ᶊ ᵴᶫᵾᶡᶍᶆᶎᶉᵮᴲ ᶍ ᶱ ᵸᶪ

Å ᶃᶝᶩᴲ╗ᶃᶍ ᶍḇḻḙ᷄ ᶎᶷḧḖ ᵫ ᶝᶂᶅᵩᶩᴲᵼᶍ ᶊ ᶂᵾ ᶱ ᵶᴲ
ᵫ ᵴᶫᶪ ą ᵴᶨᶊ ᶊᴲ ᵾ ᶱ ᶃ ᵼᶍ ᶡ ᶅᵣᶪᵲᶇᵫ ᵪᶂᶅᵣᶪ

Å ᵫ ᶨᵪᶇᶉᶫᶏᴲᵼᶍḇḻḙ᷄ ᶍ ᵫ ᵪᶅּס ᵫ ᵣ¨

DNA

VLSEGEWQLVLHVWAKVEADVAGHGQDILIRLFKSHPET
LEKFDRFKHLKTEAEMKASEDLKKHGVTVLTALGAILKK
KGHHEAELKPLAQSHATKHKIPIKYLEFISEAIIHVLHS
RHPGDFGADAQGAMNKALELFRKDIAAKYKELGYQG

ḇḻḙ᷄ ᶍᶷḧḖ

ᴴ ḝᶾᴻḳḏᶸḻ᷅



ḇḻḙ᷄ ᶱ ᵸᶪ ֹᶷḧḖ
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ᶷḱḓḻ
Alanine-Ala-A

᷅Ḳ᷿ḻ
Glycine-Gly-G

᷿ḁḎᶹḻ
Cysteine-Cys-C

ᶷḁḙḱ᷃ḻ
Aspartic acid-Asp-D

᷅ḳḇḧḻ
Glutamic acid-Glu-E

ḝᶼḓḳᶷḱḓḻ
Phenylalanine-Phe-F

ḚḁḉḀḻ
Histidine-His-H

ᶹḅḵᶹ᷿ḻ
Isoleucine-Ile-I

ḲḀḻ
Lysine-Lys-K

ḵᶹ᷿ḻ
Leucine-Leu-L

ḩḉᶿḓḻ
Methionine-Met-M

ᶷḁḙḱ᷃ḻ
Asparagine-Asn-N

ḟḵḲḻ
Proline-Pro-P

᷅ḳḇḧḻ
Glutamate-Gln-
Q

ᶷḳ᷃ḓḻ
Arginine-Arg-R

ḃḲḻ
Serine-Ser-S

ḁḴᶿḓḻ
Threonine-Thr-T

ḘḲḻ
Valine-Val-V

ḐḲḟḐḝᶶḻ
Tryptophan-Trp-W

ḉḵ᷿ḻ
Tyrosine-Tyr-Y

ᶷḧḖ



ᶷḧḖ ᶇ ᶍ
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ḉḵ᷿ḻᴻ᷅Ḳ᷿ḻᴻ᷅Ḳ᷿ḻᴻḝᶼḓḳᶷḱḓḻᴻḩḉᶿḓḻ

¸ ᶍᶷḧḖ ᶎḢḟḉḑ ᶊᶧᶩḥḲḢḟḉḑᶱ ᵸᶪ

¸ḥḲḢḟḉḑᶎ ᶉ ᶱᶇᶪ

Å ᶆᶎꜛᵮᶊᵡᶪᶧᵥᶊ ᵧᶅᶡᴲᵩ ᵣᶊ ᵣ ᵫᵡᶪ

Å ᶍ ᶱ ᵸᶪᶧᵥᶊ ᵫ ᵴᶫᶪ

Å ᶉᶈᶍ ᶡ ᶆᵡᶪ

Å ᶱ╗ ᵶᶅᵆ ᶽḕḳ᷃ᴻᵇᶆ ᵸᶪᵲᶇᵫᵡᶪלּ

Ḣḟḉḑ



ᶇᵶᶅᶍ ֹᶷḧḖ ᶎ⅓ ᵴᶫᵾ ᵿ
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¸ḇḻḙ᷄ ᶊᵩᵰᶪ ᶍ ᶄᵰ

Å ḇḻḙ᷄ ᶎ ·ᶉ ᵫᵡᶪᵫᴲ ᶍḇḻḙ᷄ ᶱ ᵸᶪ ᶊᶎᵣᵮᶃᵪᵡᶪ

Å ᵡᶪ ᶱ ᵶᵾᶩ ᵶᵥᶪ ᶱ ᶇᵣᵥ

Å ᴲּט ᴲᶷḧḖ ᶉᶈᶊᶧᶂᶅḇḻḙ᷄ ᶎ ᵴᶫᵥᶪ

¸ḇḻḙ᷄ ᶍ ᶄᵰ

x         y         z     atom
1.7264   - 2.1988    2.8369 S
3.0902   - 2.8415    1.8343 C
0.6467   - 1.5697    1.5121 C
1.1364   - 0.2987    0.8137 C
...

טּ ᴴ ᶷḧḖ

Tyr - Gly - Gly - Phe- Met

ḉḵ᷿ḻᴻ᷅Ḳ᷿ḻᴻ᷅Ḳ᷿ḻᴻ
ḝᶼḓḳᶷḱḓḻᴻḩḉᶿḓḻ

טּ

YGGFM

╗ טּ

ᶱ⅓ ¨טּ



ḏᴻḇḡᴻḁᶍ ֹḇḻḙ᷄ ᶍᶷḧḖ ᶇ
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¸ᶷḧḖ ᶍḏᴻḇḡᴻḁ ¸ ᶍḏᴻḇḡᴻḁ

¸ ḏᴻḇḡᴻḁᶍ ᶊᶧᶩ ᶉ Ḫḏḳᶱ

Å ᶆᶎᴲ ḏᴻḇᶇ ḏᴻḇᶍ ᶱ ḏᴻḇᶱ ᵣᶅḪḏḳᶱ ᵴᵺᶪ

ą ᵪᶃ ᵫ ᵴᶫᶅᵣᶪḏᴻḇᵫ סּ ᶆᶉᵰᶫᶏᶉᶨᶉᵣ

Å ╗ᶃᶍ ᷅ḳᴻḟᶣ ᶉ ḟḵḀᶼ᷄Ḑᶆᶎ סּ

ą ᶉ ᶊᶧᶩḏᴻḇḡᴻḁᶍ ᶱ ᶂᶅᵣᶪ

Å ᷈ḻḜḭᴻḇᶍ ᶣ ᶍ ᵧᶅᴲנᶊּטּ סּ ᶉḏᴻḇᵫ ᵶᵾᵲᶇᵫ

Å ·ᶉ ᶊᵩᵰᶪḇḻḙ᷄ ᶍᶷḧḖ

ᵫ ᵴᶫᶅᵣᶪ

Å ᶩᶝᶇᶠᶨᶫᵾḏᴻḇḡᴻḁᶊᶎ

ᵧᶏ UniParc ᵫᵡᶪ

https:// www.uniprot.org / uniparc

Å 10+ ᵫ ᵴᶫᶅᵣᶪ

Å ḇḻḙ᷄ ᶉᶈᶍ ᶍ

ᵫ ᶊ ᵴᶫᶅᵣᶪ

Å ḇḻḙ᷄ ᶍḏᴻḇḡᴻḁᶊᶎ

Protein Data Bank (PDB) ᵫᵡᶪ

https:// www.wwpdb.org/

Å 26 ᶍ ᵫ ᵴᶫᶅᶪ

VLSEGEWQLVLHVWAKVEADVAGHGQDILIRLFKSHPET
LEKFDRFKHLKTEAEMKASEDLKKHGVTVLTALGAILKK
KGHHEAELKPLAQSHATKHKIPIKYLEFISEAIIHVLHS
RHPGDFGADAQGAMNKALELFRKDIAAKYKELGYQG



AI ᶱ ᴴ ᵸᶪ ᶊ ᵶᶉᵰᶫᶏᶉᶨᶉᵣᵲᶇ
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¸ ᶇ ᶍ

¸ ᶇ ᶊ ᵸᶪ ≥

¸ ᶍ ᴴ ᶱ ᵧᶅᵩᵮ

Å ᵴᶫᵾ ᶎ ᶊ ᵶᵣ ᶉᶍᵪ§ ą ᵮᶍ ᵼᵥᶆᶎᶉᵣᴳ

Å ᵶᵪᵶ ᵴᶫᵾ ᶎᴲ ᶉ לּ ᵫᵡᶪᵲᶇᵫ ᵣ

Å ֹḇḻḙ᷄ ᶍ ᵼᶫ ᶎ ᶍ ᶆᵡᶪᴳ

ᵶᵪᵶ ᵫ ᵪᶪᵲᶇᶆᴲ ᵫ ᵴᶫᴲᵼᶍ ᵮᶍ ᵫּס ᶇᶉᶪ

Å ᵪᶨᵆ ᵫ ᶊ ᵶᵣ ᵇᶱ ᶪ eɵnd - to - end ( ᵪᶨ ᶝᶆ)ᶍ ᶇᵣᵥᵲᶇᵫᵡᶪ

Å Â ⌐ᶊ ᶊ ᶪᶡᶍᶆᶉᵰᶫᶏᶉᶨᶉᵣᴳּנᵧᶅ᷈ḻḜḭᴻḇᵫ⅛ᵣᶣᵸᵣɟ ᶍᴲ

ᵧᶏ ḏᴻḇᶣ ᶊ ᶊ ᶆᵬᶪᶡᶍᵫᶧᵣᴳᵴᶨᶊḏᴻḇ ᵫ ᵴᵣɟ ᶍᵫ ᶝᵶᵣ

Å Â ᶉ ᶆᶎ ᶪᵲᶇᵫ ᶆᵡᶪᶡᶍ֩ ᶊ ᴴ ᵫᵪᵪᶪ ֪

Å ֹ Âḇḻḙ᷄ ᶍᶷḧḖ

 Âḇḻḙ᷄ ᶍ

Å ᶇᶉᶂᶅᵣᶪ ᶆ ᵫ ᵶᵣᶡᶍᶎּךᵪ§ᵴᶨᶊᴲᵼᶍ ᵶᵣᶡᶍᶇ ᵫᵡᶪ ᶎּךᵪ§

Å ֹḇḻḙ᷄ ᶍ ᵫ ᵪᶫᶏᴲ ᵸᶪ ᶉᶈᶍ ᵫ ᵪᶪᵪᶡᵶᶫᶉᵣᴳᵶᵪᵶ ᵫ ᵶᵮᴲ

ᵫᵪᵪᶪᴳ ᶇᶉᶂᶅᶎ ᶎ ᶊ ᶊ ᶪᶲᵿᵰᶈᶉᵡᴳ

ᵼᵥᵣᵧᶏᴲḇḻḙ᷄ ᶍᶷḧḖ ᶇ ᴲᵴᶨᶊᶎᵼᶍ ᶇᶍ ᶊᶎ ᵫᵡᶪᶲᵿᶂᵾ¨



AlphaFold ᶎּךᵫᵸᵳᵣ֩ᵸᵳᵪᶂᵾ֪ᶍᵪ§
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¸ AHIᶍ ᵫᵸᵳᵣ§

Å AHIᶍ ᵫ §ᵴᶫᵾלּ ą ᶡᶀᶬᶲᵼᵥᵿᵫᴲᵼᶫᵿᵰᶆᶎᶉᵣ¨

Å ֹ ᶎᶚᶇᶲᶈᶍ ᵫ ᶱ ᵶᶅᵩᶩᴲ ᶨᵿᵰᵫ ᶆᶎᶉᵣ

¸AlphaFold ᶍ ᶉᶈ ḇḻḙ᷄ ḪḏḳP֩LM: Protein Language Model ֪

Ḫḏḳ d֩iffusion model ֪

ColabFold

ḏᴻḇḡᴻḁᶍᶉ C֩PU, GPU ֪

ḘᶹᶿᶹḻḝᶾḦḎᶸ᷄ḁ

AlphaFold2

AlphaFold3
J. Abramson et al., Nature, 630(2024) 493.

J. Jumper et al., Nature, 596(2021) 583.

Figure 1

Figure 1



ḓḭᴻḱḳḕḋḐḷᴻᶇ᷄
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Å ᶷḧḖ ᶱ ᶇᵶᴲ

ḇḻḙ᷄ ᶍ ֩ ֪ᶱ

ḓḭᴻḱḳḕḋḐḷᴻ᷄ᶆ ᵸᶪ

Å ᶧᵮ ᶨᶫᶪᵾᶠᴲ ᶝᶆ ᵴᶫᶅ

ᵣᶪ

Å ḇḻḙ᷄ ᶍ ᶱ ᶪᶡᶍᶆᶎᶉᵣᵫᴲ

ᶍ ᶎᴲḇḻḙ᷄

ᶆ∙ ᵪᶨ ᵴᶫᶅᵣᵾ

D. T. Jones, J. Mol. Biol., 577(1999) 195.



AlphaFold2 ∙ ᶍ
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¸ḇḻḙ᷄ ᶍ ᶆᶎ ᶍ ᷅ḳᴻḟᶆᶡ ᶊ ᶱ ᵶᶅᵣᵾ

AlphaFold

trRosetta

ResTriplet

ֹ ᴲ ֹ

end - to - end ᶉ ᶆᶎᶉᵣ¨

A. W. Senior et al., Nature, 577(2020) 706. Figure 2

Figure 1
Z. Du et al., Nat. Protoc., 16 (2021) 5634.

Y. Li et al., Proteins, 87 (2019) 1082.

Figure 1



טּ ᶍ
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1. טּ ᶍ

2. טּ ᶍ  ֹAlphaFold ᶱ ᶊ

3. ᶇ ◖

ᶊᶧᶪ ᶍ ᴲ◖ ᶊᶧᶪ ◖ ᶍ

4. טּ ᶊᵩᵰᶪ᷈ḻḜḭᴻḇ᷿ḧḭḴᴻ᷿ḯḻ

5. טּ ḏᴻḇᶊᵩᵰᶪ

6. טּ ḏᴻḇᶍ

7. ᴴ ᶍ ᴲ ᶍ

8. ᷿ḧḭḴᴻ᷿ḯḻᶇ ᶍ

9. ᶍּט ᶊᵩᵰᶪ



ᶍ ᶩ ᶀֹᵼᶡᵼᶡ ᶣ ᶂᶅᶉᶲᵿ§
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K

L

¸ ᶍ ¸ ᶉ ᶆ֩ ᶊ ᵧᵾ֪

§

Å ᶎ ᴴ ᴴ ᵪᶨ ᵴᶫᶪ

Å ᶎ ᶍᵆ ᵇᶊ ᶪ

Å ↨ ᶊ ᵸᶪ

Å ᶍ ᶩᶱ ᵫ ᶂᶅᵣᶪ§

Å טּ ᶇᶎּךᶉᶍᵪ§

Å ᶱ ᵰ ᶫᵾᶇᵶᶅᶡ

ᵼᵲᵪᶨᵆ ᵇᶎ ᶅᵮᶪᶍ§



ḓḭᴻḐḻᶍ ֹ ᶍ◖
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¸◖ ᶍ ֹ ᵣᶪ ᶇ ᵫ ᵪᶫᶏ ᵫ ᵪᶪ

Å ֹᵡᶪ ᶱ ᶂᵾ ᵫᵡᶂᶅᴲᵡᶪ ᶆᶍ ᶇ ᵫ ᶝᶂᶅᵣᶪ

Å ᶍ ᶇ ᵫᴲ ᶍ ᶇ ᶆ ᶆᵬᶪ

ą ᵲᶍᵲᶇᶱᵆ◖ ᵫ ᵪᶂᵾᵇᶇᵣᵥ

Å ᶱ ᵿᶇ ᵧᶏᴲ ᶍ◖ ᵫ ᵪᶪ֩ ᶎᶣᶣ ֪

t = 0

t = 1x
v

ǾΩȄΩ

x, v ᶇᴬᴽְ־ᴪᴽְᶍ ᶎ§

¸ḓḭᴻḐḻᶍ◖

Å ᶊᶎ ᶇᶉᶂᶅᵣᶪ

Å █ ᶊ ᵴᶫᶅᵣᶪ ᶊ ᵮ ᶎᴲ◖ ᵪᶨᶎ ᵪᶨᶉ ąr ᶍ ᵪᶨ ᵪᶪ֩ ᴲ ֪

Å ᷿ḻḟḳᵿᵫᴲ╗ ᶊ3 ∙ ᶊᶉᶪᶇ ᶊᶎ ᵰᶉᵮᶉᶪą ᷈ḻḜḭᴻḇᶍ

Å ᵫ ᶊ∟ ᵶᶉᵰᶫᶏᴲᶽḕḳ᷃ᴻ ᵫ ᵸᶪ

◖ ᶽḕḳ᷃ᴻ

ḥḎḻ᷿ḫḳᶽḕḳ᷃ᴻ

ᶽḕḳ᷃ᴻ

ᶝᵾᶎ ᶊ



ḓḭᴻḐḻᶍ ᶍ ֹḘḕᶍ◖
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¸Ḙḕᶍ◖ ᶇ◖ ᶍ

◖

◖ ᶍ

ᶽḕḳ᷃ᴻᶍ

¸ ◖ ᶇḘḕᶍ◖ ᶍ

Å ◖ ᶱ◖ ᶊᶧᶂᶅ ᵸᶪ ᶍ ᶎᶈᵥᵸᶫᶏᶧᵣᵪ§

Å ᶊᶎᴲ ᶍ᷿ ḭḴᴻḏᶸḻ᷁ᴻ ᶱ ᵪᶉᵰᶫᶏᶉᶨᶉᵣ

Å ᶊ█ ᶍᶧᵥᶊּט ᶱḘḕᶊ ᵬ ᵧᶅ ᶱ ᵥᵲᶇᵫᶆᵬᶪ

Å טּ ᶱḘḕᶇᵶᶅ⅛ᶂᵾ ᶎᴲ ᶍ ᴴ ᶉᶈᶍ ᶎ ᶪᵲᶇᵫᶆᵬᶉᵣ

טּ ᶱ

Ḙḕᶆ



ᶊᵩᵰᶪ ᶡ ᶉ ֹ ᶊᶃᵣᶅᶍ

25

¸᷄ᴻḵḻᶍ ֹ ᶍ ᶊ ᵮ

¸ ֩᷄ᴻḵḻ ֪ᶎ ᴴ ᶍ ᶱ ᵧᶪ ᶊ

+ʵ +ʵ

-нʵ
Å ᶣ ᶎ ᶱ ᶂᶅᵣᶪᶍᶆᴲᵼᶫᶨᶍ ᶊ ᵮ ᶎ ᶊ

Å ᵣᶮᶥᶪ ᶉᶈᶡ ᶆ ᶆᵬᶪ

Å █ ᶍᶧᵥᶊ ╫ ᶍ┴ᵣᶊᶧᶩ ᶎ ᶊ ᶱ ᶃ

¸ᵼᶍ ᴲ ᶎ ᶉ ᶉᶈᶊ ᵸᶪ ᶱ ᵸᶪ

᷄ᴻḵḻᶍ

ᵼᶍ ᶍ

Ḧ᷄ḁᶻᶼḳ ᵼᶍ ᴲ ·ᶉ

Å ᵼᶡᵼᶡ ֩ ֪ᶎ
ᶈᵥᶣᶂᶅ ᵴᶫᶪ§

Å ᴴ ᶎᶉᵻ ᵣ§

Å ᴴ

Å ᶉᶲᶆ ᶇ ᶎḃḋḐᶉᶍ§



ֹ ḁḲḋḐ
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ᵲᵥᶉᶪᶎᵹ§

ᶎ ᶍ ᶇ ᶍ

ᵫḁ᷄Ḳᴻḻᶊᵥᶃᶪ

Å ᶍ∞ ᶇ ᶱ ᶠᶪᶇ ᵬᵫ ᶝᶪ

Å ᵫᶉᵰᶫᶏ ◖

ᵲᵥᶉᶪ

¸ḓḭᴻḐḻᶍ◖ ᶆ ᶆᵬᶪᵲᶇ

¸ ᶍ ḁḲḋḐ ֹ ᵫ ᶍᶧᵥᶉ ᵬᶱᵶᶉᵣ

ḁḲḋḐᶍ ֹ ᶩ ḁḲḋḐᶍ ֹ◖ ᶩᶊᶉᶨᶉᵣ



ḧ᷄ḵᶉ ᶍ ֹ ֩ ֪

27

¸ ᶱ ᵧᶪ ᶍ ֩ ᶇ│ᶉᶪᶇᵲᶬ֪

Å ḓḭᴻḐḻᶍ◖ ᶎ ᵶᶉᵣ

Å ╗ ᶊᶎ ᴲ ᵫ ᶇᶉᶪᶧᵥᶉᵴᵣ ᶆ ᵴᶫᶪ

Å ·ᶉ ֩ᶽḕḳ᷃ᴻᶉᶈ֪ᵫ ᶉ ᵶᵪᶇᶪᵲᶇᵫᶆᵬᶉᵣᵲᶇᵫᵡᶪ

Å ᶉ ᴲ ᶇ ֩ ᶊᶎ◖ ֪ᵫ ᶊ ᶆᵬᶉᵣ

Å ᵼᶡᵼᶡᵆ ᵸᶪᵇᶂᶅᶉᶲᵿ§ᶇᵣᵥᵲᶇᵫ ᶇᶉᶪ

¸᷿ḭḴᴻḏᶸḻ᷁ᴻ

Å ᶊᶎ ᶊᶉᶂᶅᵣᶪ

Å ḓḭᴻḐḻᶍ◖ ᶊ ᶮᶂᶅ ᵴᶫᶪ

Å ᶉ ᶱ ᵣᶅᴲ ᶊ ᵸᶪᵲᶇᶎᶆᵬᶉᵣą ᷈ḻḜḭᴻḇᶊᶧᶪ
Å ᵪᵣᵲᶇᶱ ᵧᶏᴲ ᶍ ᵶᵪ ᶨᶫᶉᵣᴲ ᶱ ᵪᶉᵣᶇᵣᵰᶉᵣᴲᶉᶈᵫᵡᶪ

ᶝᵾᶎ



ḓḭᴻḐḻᶍ ᶇ ᶆᵆ ᴴ ᵇᶱ ᶆᵬᶪ§
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֩ ֪
§ᵫᶧᵮᶉᵪᶂᵾᶍᵪךּ¸ ḓḭᴻḐḻᶍ ᶇ ᶆ ᵧᶪ

Å ᶍ ᶩᶱ ᵫ ᶂᶅᵣᶪ

Å ᷄ᴻḵḻ ᶇꜛ ᵫᶃᶩ ᶂᶅᵣᶪ

ᶍ◖

ᵫּנ ◖ ᶱᵸᶪ

ą ᵪᶨ ᵫ ᵴᶫᶪ

ą ᶍᶽḕḳ᷃ᴻᵫ ᵸᶪ

᷄ᴻḵḻ ᵫꜛ ᶧᶩ ᵮᶉᶩ ᵫ ᵴᵮᶉᶂᶅᵣᵮ

ą ᵫ↨ ᶆᵡᶪᵲᶇᶇ ᵸᶪ

ᶽḕḳ᷃ᴻᶍ ᵫ ᶆᵡᶪᵲᶇᶱ ᶇᵶᶅᵣᵾᵲᶇᵫ ᶆᶉᵪᶂᵾ

ᵲᶍᶧᵥᶉ ᶱ ᶆᵬᶪ ᵶᵣ ᵫ ᵿᶂᵾ



ᶆᶎ וֹ ᶊ ᴴ ᶱ ᶆᵬᵼᵥ
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n=1:  K n֫=2: L , ...

¸ ᶍ᷿ḭḴᴻḏᶸḻ᷁ᴻ

¸ ᶍ᷿ḭḴᴻḏᶸḻ᷁ᴻ ᶱ ᵣᵾ וֹ

ʑ

ʏ

ᵡᶮᵺᶅ

ᶍᶽḕḳ᷃ᴻ

ֹᶷḃḐḻ ᶍ טּ ᶍ



טּ ᶍ
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1. טּ ᶍ

2. טּ ᶍ  ֹAlphaFold ᶱ ᶊ

3. ᶇ ◖

4. טּ ᶊᵩᵰᶪ᷈ḻḜḭᴻḇ᷿ḧḭḴᴻ᷿ḯḻ

ą טּ ᴲ◖ ą ᷿ḧḭḴᴻ᷿ḯḻ

5. טּ ḏᴻḇᶊᵩᵰᶪ

6. טּ ḏᴻḇᶍ

7. ᴴ ᶍ ᴲ ᶍ

8. ᷿ḧḭḴᴻ᷿ḯḻᶇ ᶍ

9. ᶍּט ᶊᵩᵰᶪ



ḓḭᴻḐḻᶍ ֹ ᶍ◖

31

¸◖ ᶍ ֹ ᵣᶪ ᶇ ᵫ ᵪᶫᶏ ᵫ ᵪᶪ

Å ֹᵡᶪ ᶱ ᶂᵾ ᵫᵡᶂᶅᴲᵡᶪ ᶆᶍ ᶇ ᵫ ᶝᶂᶅᵣᶪ

Å ᶍ ᶇ ᵫᴲ ᶍ ᶇ ᶆ ᶆᵬᶪ

ą ᵲᶍᵲᶇᶱᵆ◖ ᵫ ᵪᶂᵾᵇᶇᵣᵥ

Å ᶱ ᵿᶇ ᵧᶏᴲ ᶍ◖ ᵫ ᵪᶪ֩ ᶎᶣᶣ ֪

t = 0

t = 1x
v

ǾΩȄΩ

x, v ᶇᴬᴽְ־ᴪᴽְᶍ ᶎ§

¸ḓḭᴻḐḻᶍ◖

Å ᶊᶎ ᶇᶉᶂᶅᵣᶪ

Å █ ᶊ ᵴᶫᶅᵣᶪ ᶊ ᵮ ᶎᴲ◖ ᵪᶨᶎ ᵪᶨᶉ ąr ᶍ ᵪᶨ ᵪᶪ֩ ᴲ ֪

Å ᷿ḻḟḳᵿᵫᴲ╗ ᶊ3 ∙ ᶊᶉᶪᶇ ᶊᶎ ᵰᶉᵮᶉᶪą ᷈ḻḜḭᴻḇᶍ

Å ᵫ ᶊ∟ ᵶᶉᵰᶫᶏᴲᶽḕḳ᷃ᴻ ᵫ ᵸᶪ

◖ ᶽḕḳ᷃ᴻ

ḥḎḻ᷿ḫḳᶽḕḳ᷃ᴻ

ᶽḕḳ᷃ᴻ

ᶝᵾᶎ ᶊ



ḓḭᴻḐḻᶍ ᶍ ֹḘḕᶍ◖
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¸Ḙḕᶍ◖ ᶇ◖ ᶍ

◖

◖ ᶍ

ᶽḕḳ᷃ᴻᶍ

¸Ḙḕᶍ◖ ᶍ ֹ

A,  ʔ ᶎ Ĥ x, v ᶍ ᶱ ᵧᶅ ᶝᶪ

ᶍזּ∙ ᶆᶍ᷅ḱḝ



ḓḭᴻḐḻᶍ◖ ᶱ᷈ḻḜḭᴻḇᶆ ᵸᶪᶊᶎ
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¸ ₲

¸ ₲ ͯ

ᶱ ᵮ ą f(x) ᶱ ᶪᵲᶇֹ

F = df/dx

᷈ḻḜḭᴻḇᶆ

ᶆᵬᶪᶧᵥᶊᵸᶪ

¸ ᶍ ֩ ᶇḢḻᶆ ᵮ ֪

◖



᷿ḧḭḴᴻ᷿ḯḻᶍ

34

ᶍּנ ᶎ ᶍᶧᵥᶊ ᵮᵲᶇᵫᶆᵬᶪּ֩נ ᶍ ᶇ◖ ᵪᶨ֪

ᶝᵾ ᶍ ᶎ ᶍᶧᵥᶊ ᵮᵲᶇᵫᶆᵬᶪ֩ᵲᶫᶡ ᶍ ᵪᶨ֪

∙ ᶍᶧᵥᶊᴲ ᶍ∞ ᴴ ᶍ ɵּט ᵸᶪᵲᶇᵫᶆᵬᶪ

ᵲᶍ ᶱ ᶩ ᵸᵲᶇᶊᵻ ᶩ ᷿ḧḭḴᴻ᷿ḯḻᵫ ᵴᶫᶪ



ᶱᶡᵥטּ ᵶ ᶊ ᵸᶪ
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f(x) ᶱ a ᶍᶝᶮᶩᶆ ᵸᶪ

ᵲᵲᶆ ᶇᵶᶅᵣᶪ

ɣt ᶲᵿ ᶍ ᶱ  t ᶍ ᶉᶈᶆ ᵸᶪ

¸Ḏᶹḱᴻ

¸ ᴴ ᶍḎᶹḱᴻ

ɣt ᶍ╗ ᶍ ᶝᶆᶆ ᶀ ᶪ



◖ ᶍ ֩ᵡᶝᶩ ᶎᶧᵮᶉᵣ֪

36

ᶊ ᵸᶪᶍᶆᶉᵮᴲᵶᵹᶃ ᶱ ᶠᶉᵫᶨ

∞ ᶇ ᶱ ᵶᶅᵣᵮ ᶱ֫ ᶇᵣᵥ

 x(0), v(0) ᶱ ᶠᶪᵲᶇᶊᶧᶩ

ᵼᶍ ᶍ∞ ᶇ ᵫ ᶨᶫᶪֹ

◖ ᶍ ֩ᶿᶹḱᴻ ֪

* ᶎ
   ᶧᵮᵡᶩᶝᵺᶲ

ᵮᶍ ֫∞ ᴴ
ᵫ ᶝᶫᶏ סּ



◖ ᶊᵩᵰᶪᶿᶹḱᴻ ᶍ
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1.  x(0), v(0) ᶱ ᵧᶪ

2. F ᶱ ᵸᶪ

3. ᶱ ᵸᶪ

4. ᶱ ᵸᶪ

5. ᶊꞌᵷᶅ ᴴ ᶉᶈᶱ ᵸᶪ

6. ᵶᵾḁḎḋḟ ᶆᶉᵰᶫᶏ 2 ᶊ ᶪ

ᶿᶹḱᴻ



ᶿᶹḱᴻ ᶊᶧᶪḘḕᶍ◖ ᶍ
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[1] k = 1.0

def calc_force (x):

f = - k*x

return f

[2] m=1.0; dt = 0.01; nsteps = 5000

x = 1.0; v = 0.0; f = calc_force (x)

x_list = [x]; t_list = [0.0]

for i in range( nsteps ):

t_list.append ((i+1)*dt)

f = calc_force (x)

x = x + v*dt

v = v + (f/m)*dt

x_list.append (x)

[3] import matplotlib.pyplot as plt

plt.plot ( t_list , x_list )

plt.show ()

ᶍ ᶱ ᵥ

ᶱ ᵸᶪ

ḙḱḩᴻḇᶍ

סᶱּוֹ ᵸᶪטּ

ᶍ

x, v, f ᶍ ᶍ ᶱ

┴ᵧᶉᵣᶧᵥᶊ
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ḡḳḴ

¸᷿ḻḟḴ᷄Ḏᶸḋ᷄ ᶇ ᶏᶫᶪ ᶍᶑᶇᶃ

¸ ᵫ ᶊ∟ ᵸᶪ ᶎ ᶆᵬᶉᵣ

¸↨ ᶊ᷿ḧḭḴᴻ᷿ḯḻᶱ ᶆᵬᶪᵾᶠᴲ ᵮᶍ ᶊ ᵣᶨᶫᶅᵣᶪ



ᶧᶩ ᵫ ᵣ ᶊᶧᶪḘḕᶍ◖ ᶍ

40

[1] k = 1.0

def calc_force (x):

f = - k*x

return f

[2] m=1.0; dt = 0.01; nsteps = 5000

x = 1.0; v = 0.0; f = calc_force (x)

x_list = [x]; t_list = [0.0]

for i in range( nsteps ):

t_list.append ((i+1)*dt)

v = v + 0.5*(f/m)*dt

x = x + v*dt

x_list.append (x)

f = calc_force (x)

v = v + 0.5*(f/m)*dt

[3] import matplotlib.pyplot as plt

plt.plot ( t_list , x_list )

plt.show ()

ᶍ ᶱ ᵥ

ᶱ ᵸᶪ

ḙḱḩᴻḇᶍ

סᶱּוֹ ᵸᶪטּ

ᶍ

ḡḳḴ ᶊᶧᶪ



ᵫᵡᶂᵾᶨ ᵶᶅᶞᶝᵶᶦᵥ
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Ḙḕᶍ◖ ᶊ ᵫ ᶂᵾᶡᶍ

Ḙḕᶍ◖ ᶊ ᵫ ᶩ

ᵴᶨᶊ ᵪᶨ ᵴᵺᶪ

ᵲᶫᶨᶍ ᶆᶎ֩ ᶍ֪ᶽḕḳ᷃ᴻᶎ ᵶᶉᵣ

¸

¸



ḧ᷄ḵᶉ ᶍ ֹ ֩ ֪
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¸ ᶱ ᵧᶪ ᶍ ֩ ᶇ│ᶉᶪᶇᵲᶬ֪

Å ḓḭᴻḐḻᶍ◖ ᶎ ᵶᶉᵣ

Å ╗ ᶊᶎ ᴲ ᵫ ᶇᶉᶪᶧᵥᶉᵴᵣ ᶆ ᵴᶫᶪ

Å ·ᶉ ֩ᶽḕḳ᷃ᴻᶉᶈ֪ᵫ ᶉ ᵶᵪᶇᶪᵲᶇᵫᶆᵬᶉᵣᵲᶇᵫᵡᶪ

Å ᶉ ᴲ ᶇ ֩ ᶊᶎ◖ ֪ᵫ ᶊ ᶆᵬᶉᵣ

Å ᵼᶡᵼᶡᵆ ᵸᶪᵇᶂᶅᶉᶲᵿ§ᶇᵣᵥᵲᶇᵫ ᶇᶉᶪ

¸᷿ḭḴᴻḏᶸḻ᷁ᴻ

Å ᶊᶎ ᶊᶉᶂᶅᵣᶪ

Å ḓḭᴻḐḻᶍ◖ ᶊ ᶮᶂᶅ ᵴᶫᶪ

Å ᶉ ᶱ ᵣᶅᴲ ᶊ ᵸᶪᵲᶇᶎᶆᵬᶉᵣą ᷈ḻḜḭᴻḇᶊᶧᶪ
Å ᵪᵣᵲᶇᶱ ᵧᶏᴲ ᶍ ᵶᵪ ᶨᶫᶉᵣᴲ ᶱ ᵪᶉᵣᶇᵣᵰᶉᵣᴲᶉᶈᵫᵡᶪ

ᶝᵾᶎ



᷿ḭḴᴻḏᶸḻ᷁ᴻ ᶍ
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Å ᴴ

Å

Å

ᶆᶍ᷄ᴻḵḻ

-

-

- ֩ ᶍ ֪ᶍ ֹטּ

ᵼᶫᵽᶫᶍ ᶎ ╗ᶍ ᶱᶇᶪᵲᶇᵫᶆᵬᶉᵣ

* ᶎḁḜḻᶇᶧᶏᶫᶪ ᶱ ᵸᶪ ᵫᵡᶩᶝᵸ

ᵡᵾᵪᶡ ᵫ1 ᵶᵪᶉᵣᶧᵥᶊ⅛ᵧᶪ

ᵼᶍ ᶍ ᶎ ᶉ ᶇᶉᶂᶅᵣᶪ

¸ ᶆᶍ᷿ḭḴᴻḏᶸḻ᷁ᴻ ¸ ḁḴᴻḇᴻ



טּ ֹḗᴻḐḲᴻᴴḝᶾḋ᷄
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ḗᴻḐḲᴻᴴḝᶾḋ᷄ ᶎ ᶍ ᶊᶉᶪ

᷄ᴻḵḻⱳ

ⱳ

ḝᶾḋ᷄ⱳ

N ᶍ Ĥ 1 ᶍ
ᶝᵿ ᶊ ᵮᵲᶇᶎ ᵶᵣ

¸ ᶆᶍ᷿ḭḴᴻḏᶸḻ᷁ᴻ



סּ ᶉ ᶍ᷿ḭḴᴻḏᶸḻ᷁ᴻ ᶍ
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ᶍ טּ ᶊᵸᶪᵲᶇᵫᶆᵬᵾ¨ Ĥ ᷈ḻḜḭᴻḇᶊᶧᶪ ᵫּס

ᶊ ᵰᶪᶧᵥᶊ ᶱ ᵸᶪ֩ Ĥ֪ ᶍ ᶊ

ᶉᶈᶎ

ᵶᶅ ᵪ ʔʝ)ɵ ᵪᵰᶅ

ḝᶾḋ᷄ ᶉᶩ

Sᶱ ∞ ᶊᵸᶪᶧᵥᶊ ᵸᶪᶇ ᶍ ᶊᶉᶪ

Nᶎ ᶝᵾᶎ ᶍ



ᶊᵩᵰᶪ᷿ḭḴᴻḏᶸḻ᷁ᴻ ᶍ ᶉ
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n=1:  K n֫=2: L , ...

¸ ᶍ᷿ḭḴᴻḏᶸḻ᷁ᴻ

¸ ᶍ᷿ḭḴᴻḏᶸḻ᷁ᴻ ᶱ ᵣᵾ וֹ

ʑ

ʏ

ᵡᶮᵺᶅ

ᶍᶽḕḳ᷃ᴻ

ֹᶷḃḐḻ ᶍ טּ ᶍ



᷿ḭḴᴻḏᶸḻ᷁ᴻ ᶍ ֹ ᶍ
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[1] !pip install pyscf

[2] from pyscf import gto , scf

[3] mol = gto.Mole ()

mol.atom = 'H 0.0 0.0 0.0'

mol.basis = '6 - 31g'

mol.charge = 0

mol.spin = 1 

mol.build ()

mol_uhf = scf.UHF (mol)

e = mol_uhf.kernel ()

print("E [ hartree ] =", e)

טּ ḱᶹḞḱḲ

ᶽḕḳ᷃ᴻᶍ ᶱ



᷿ḭḴᴻḏᶸḻ᷁ᴻ ᶍ ֹᶷḱḓḻᶍ
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[1] !pip install pyscf rdkit py3Dmol pyberny

[2] from rdkit import Chem

from rdkit.Chem import AllChem

[3] alanine = "C[C@@H](C(=O)O)N"

mol = Chem.AddHs( Chem.MolFromSmiles(alanine))

params = AllChem.ETKDGv3()

AllChem.EmbedMolecule (mol, params)

AllChem.MMFFOptimizeMolecule (mol)

xyz = Chem.MolToXYZBlock(mol)

[4] import py3Dmol

v = py3Dmol.view(width=500, height=420)

v.addModel ( xyz , " xyz ")

v.setStyle ({"stick": {"radius":0.25}, "sphere": {"scale":0.3}})

v.zoomTo()

v.show ()

SMILES ᶇ ᶏᶫᶪ

֩ ֪

ᶍּס טּ
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[5] conf = mol.GetConformer ()

xyz_lines = []

for i , atom in enumerate( mol.GetAtoms ()):

p = conf.GetAtomPosition ( i )

xyz_lines.append (f"{ atom.GetSymbol ()} {p.x:.6f} {p.y:.6f} {p.z:.6f}")

xyz_str = " ¥n".join ( xyz_lines )

[6] from pyscf import gto , dft

from pyscf.geomopt import berny_solver

mol_pyscf = gto.Mole ()

mol_pyscf.atom = xyz_str

mol_pyscf.charge = 0 

mol_pyscf.spin = 0

mol_pyscf.basis = "6 - 31g(d)"

mol_pyscf.build ()

mol_dft = dft.RKS ( mol_pyscf )

mol_dft.xc = "B3LYP"

mol_dft.kernel ()

[7] mol_min = berny_solver.optimize ( mol_dft ) ᶍ טּ



טּ ᶍ
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1. טּ ᶍ

2. טּ ᶍ  ֹAlphaFold ᶱ ᶊ

3. ᶇ ◖

4. טּ ᶊᵩᵰᶪ᷈ḻḜḭᴻḇ᷿ḧḭḴᴻ᷿ḯḻ

5. טּ ḏᴻḇᶊᵩᵰᶪ

ᶍ᷈ḻḜḭᴻḇᶊᵩᵰᶪ ᶩ⅛ᵣᴲ

6. טּ ḏᴻḇᶍ

7. ᴴ ᶍ ᴲ ᶍ

8. ᷿ḧḭḴᴻ᷿ḯḻᶇ ᶍ

9. ᶍּט ᶊᵩᵰᶪ
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C2H6O

CH3CH2OH

ethanol

CCO

¸

0D ֹ ᶍ

1Dֹ ᶍ╗

2D ֹ ᶍ

3D ֹ ᶍ

4D ֹ ᶍ

Å

Å

Å טּ

Å SMILES

Å SELFIES

Å ᶍ

Å ᶍ ᶍ

Å ᶉ

Å ᴲ

Å נּ ᶉ

Å ᷿֩ḧḭḴᴻ᷿ḯḻ וֹ ֪

P. Carracedo-Reboredoet al., Comput. Struct. Biotechnol. J., 19 (2021) 4538.



ᶍ ᷿ḧḭḴᴻ᷿ḯḻ
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Å ᶍ ᵫ

Å ᶍ ᶍ ᵴᶊּנᵧᶅᴲ⅛ᵥ ᵫ

ᵧᶪᵲᶇᶊᶧᶪ ᶍ ᵴ

Å ╗ ᶍ

Å ḙḱḩᴻḇᶍ ᶡ

╗ᶃᶍ ᶊᵸᶫᶏᶧᵣ

¸ ᶉ♪ ֩ ֪ ¸ḇḻḙ᷄

Å ᶍ ᵫ

Å ḇḻḙ᷄ ᶍ ᵫ ᶆᵡᶪᵾᶠ

ᶍḇḻḙ᷄ ᶍḙḱḩᴻḇ ᵿ

ᵰᶆᶎ ᶆᶎᶉᵣ ą טּ

¸ ♪ ᶍḇḻḙ᷄



᷿ḧḭḴᴻ᷿ḯḻᶊᵩᵰᶪ ᶽḕḳ᷃ᴻ
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van der Waals

╥ ֹ

ֹ

i jr ij

Lennard - Jones  ḥḎḻ᷿ḫḳ¸ ᴴ

¸ ᶉḥḎḻ᷿ḫḳᶽḕḳ᷃ᴻ

טּ ᶇ ᶍ ᶆ ᶊ ᵶᵾᵣ ą ḥḎḻ᷿ḫḳ
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C2H6O

CH3CH2OH

ethanol

CCO

¸

0D ֹ ᶍ

1Dֹ ᶍ╗

2D ֹ ᶍ

3D ֹ ᶍ

4D ֹ ᶍ

Å

Å

Å טּ

Å SMILES

Å SELFIES

Å ᶍ

Å ᶍ ᶍ

Å Morgan fingerprint

Å ᶉ

Å ᴲ

Å נּ ᶉ

Å ᷿֩ḧḭḴᴻ᷿ḯḻ וֹ ֪

P. Carracedo-Reboredoet al., Comput. Struct. Biotechnol. J., 19 (2021) 4538.
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¸Morgan ḝᶸḻ᷁ᴻḟḲḻḐ

T. H. Nguyen-Vo et al., Memetic Comput., 16 (2024) 519.
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[1] !pip install rdkit

[2] import pandas as pd

URL = "https://deepchemdata.s3 - us- west - 1.amazonaws.com/datasets/ delaney - processed.csv "

df = pd.read_csv (URL)

df = df.rename (columns={"measured log solubility in mols per litre ": " logS "})

df = df [["smiles", " logS "]]. dropna (). reset_index (drop=True)

df

[3] from rdkit import Chem, DataStructs

from rdkit.Chem import rdFingerprintGenerator as rfg

import numpy as np

FP_NBITS = 2048

mgen = rfg.GetMorganGenerator (radius=2, fpSize =FP_NBITS, includeChirality =True)
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[4] X_list , y_list = [], []

for smiles, y in df [["smiles", " logS "]]. itertuples (index=False):

mol = Chem.MolFromSmiles(smiles)

fp = mgen.GetFingerprint (mol)

X_list.append ( fp )

y_list.append (y)

X = np.array ( X_list )

y = np.array ( y_list )

X.shape , y.shape

[5] import matplotlib.pyplot as plt

from sklearn.decomposition import PCA

pca = PCA(n_components=2)

X_2d = pca.fit_transform (X)

plt.figure ( figsize =(6,5))

sc = plt.scatter (X_2d[:,0], X_2d[:,1], c=y, alpha=0.8)

plt.colorbar ( sc, label=" logS ")

plt.xlabel ("PC1"); plt.ylabel ("PC2")

     plt.show ()



Ḫḏḳᶊᶧᶪḝᶸḻ᷁ᴻḟḲḻḐᶱ ᵶᵾ ᶍ
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[6] from sklearn.model_selection import train_test_split

X_tr , X_te , y_tr , y_te = train_test_split (X, y, test_size =0.2)

X_tr.shape , X_te.shape

[7] from sklearn.ensemble import RandomForestRegressor

from sklearn.linear_model import LinearRegression

rmodel = LinearRegression ()

#rmodel = RandomForestRegressor ()

rmodel.fit ( X_tr , y_tr )

[8] import matplotlib.pyplot as plt

p_te = rmodel.predict ( X_te )

plt.figure ( figsize =(5,5))

plt.scatter ( y_te , p_te , alpha=0.7)

lims = [min( y_te.min (), p_te.min ()) - 0.5, max( y_te.max (), p_te.max ())+0.5]

plt.plot ( lims , lims , linestyle =" -- ")

plt.xlim ( lims ); plt.ylim ( lims )

plt.xlabel ("True logS "); plt.ylabel ("Predicted logS ")

plt.show ()
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1. טּ ᶍ

2. טּ ᶍ  ֹAlphaFold ᶱ ᶊ

3. ᶇ ◖

4. טּ ᶊᵩᵰᶪ᷈ḻḜḭᴻḇ᷿ḧḭḴᴻ᷿ḯḻ

5. טּ ḏᴻḇᶊᵩᵰᶪ

6. טּ ḏᴻḇᶍ

7. ᴴ ᶍ ᴲ ᶍ

Ḫḏḳᶱ ᵶᵾ ᶍ ᴲּט ᵪᶨ ᶝᶆ

8. ᷿ḧḭḴᴻ᷿ḯḻᶇ ᶍ

9. ᶍּט ᶊᵩᵰᶪ
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S. K. Gottipati, et al., Proc. Mach. Learn. Res. 119 (2020) 3668.
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R. Gomez-Bombarelli, et al., ACS Cent. Sci. 4 (2018) 268.
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[1] !pip install rdkit guacamol

[2] !git clone https://github.com/BenevolentAI/guacamol_baselines

%cd guacamol_baselines /

!bash fetch_guacamol_dataset.sh

[3] import random, pathlib

from rdkit import Chem

from rdkit.Chem import Draw, QED, Descriptors

smiles_path = pathlib.Path ("data/guacamol_v1_all.smiles")

all_smiles = [ l.strip () for l in open( smiles_path ) if l.strip ()]

gen = random.sample ( all_smiles , 20)

gen

[4] mols = [ Chem.MolFromSmiles(s) for s in gen]

img = Draw.MolsToGridImage (mols, molsPerRow=5, subImgSize (200,200))

img
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F. Grisoni, Curr. Opin. Struct. Biol. 79 (2023) 102527.
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A. Rives et al., PNAS, 118 (2021) e2016239118.

R. Rao et al., bioRxiv, doi.org/10.1101/2020.12.15.422761(2020).

R. Rao et al., PMLR, 139(2021) 8844.


