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ਧ: 61872011) 䍴ࣙ亩ⴞ

᪎㾷 SQL ⭕ᡆ (text-to-SQL) ᱥ㠠ࣞौ䖥ԬᐛぁⲺ䠃㾷ᓊ⭞ҁж, ҕᱥ䈣ѿ䀙᷆亼ตⲺ⹊ガ✣⛯.

SQL ⭕ᡆṯᦤ䗉ޛⲺ㠠❬䈣䀶ᨅ䘦㠠ࣞ⭕ᡆ⴮ᓊⲺ SQL ᮦᦤᓉḛ䈘䈣ਛ, ᆹݷ䇮䶔щѐӰ઎൞уҼ

䀙 SQL䈣⌋Ⲻ᛻߫с䇵䰤ᮦᦤᓉ. 䳅⵶ཝ䠅 SQL⴮ީᮦᦤ䳼Ⲻуᯣᶺ䙖ԛ਀ӰᐛᲰ㜳ᢶᵥⲺউ䏀䘑

↛, SQL ⭕ᡆԱࣗҕᗍࡦҼᶷཝⲺਇኋ. ะӄ␧ᓜᆜҖⲺ SQL ⭕ᡆ (deep learning-based text-to-SQL)

㜳ཕ࡟⭞ཝ㿺⁗ᮦᦤⲺՎࣵ, ԄᐨᴿᮦᦤѣᆜҖ㠠❬䈣䀶Ƚᮦᦤᓉԛ਀ SQL 䈣ਛⲺ㺞⽰, ᒬṯᦤ᯦Ⲻ

㠠❬䈣䀶䗉ޛ⭕ᡆㅜਾḛ䈘䴶≸Ⲻ SQL 䈣ਛ. ⴮ሯӄՖ㔕Ⲻ SQL ⭕ᡆ, ะӄ␧ᓜᆜҖⲺ SQL ⭕ᡆ

ޭᴿ儎߼⺤⦽Ƚ䗉ؗޛᚥ⚫⍱ૂਥ䘣ԙᆜҖⲺՎ⛯. 䘇ᒪᶛ, ⹊ガ㘻൞ะӄ␧ᓜᆜҖⲺ SQL⭕ᡆᯯ䶘

䘑㺂Ҽж㌱ࡍⲺ⹊ガ,ᵢᮽԄ SQL⭕ᡆ൰ᲥȽᮦᦤ䳼Ƚ⁗ශ㔉ᶺૂ䇺զᯯ⌋ቸ䶘ሯ⧦ᴿ⹊ガ䘑㺂࠼㊱

㔲䘦.

ީ䭤䈃 SQL ⭕ᡆ, 䈣ѿ䀙᷆, ␧ᓜᆜҖ, ԙ⸷⭕ᡆ, 㕌⸷ – 䀙⸷⁗ශ

1 ᕋ䀶

SQL (structured query language) ᱟ᫽֌ޣ㌫රᮠᦞᓃⲴ㔃ᶴॆḕ䈒䈝䀰, ⭘Ҿ䇯䰞઼༴⨶㔃ᶴ

ॆᮠᦞ. оભԔᔿ㕆〻䈝䀰н਼, SQL Ⲵᵜ䍘ᱟа⿽สҾ䳶ਸⲴ༠᰾ᔿ㕆〻䈝䀰. SQL ൘ 1986 ᒤᡀ

Ѫ㖾ഭഭᇦḷ߶ॆ㓴㓷 (American National Standards Institute, ANSI)Ⲵа亩ḷ߶,ᒦ൘ 1987ᒤᡀѪ

ഭ䱵ḷ߶ॆ㓴㓷 (International Organization for Standardization, ISO) Ⲵа亩ḷ߶ [1], ਾ㔝ਁኅѝḷ

߶ SQL ҏᆈ൘ཊ⿽ᢙኅᖒᔿ. SQL ⴨∄䖳ҾѻࡽⲴ䈫߉᧕ਓ㘼䀰, ਟԕݱ䇨аᶑભԔ䇯䰞ཊњ䇠ᖅ,

ᒦф⎸䲔Ҷᤷᇊྲօࡠ䗮䇠ᖅⲴᗵ㾱ᙗ, ֻྲ, ਟԕн֯⭘㍒ᕅ. ൘⧠ԓ䖟Ԧѝ, ᖃ⎹৺ޣ㌫රᮠᦞᓃ

ᕋ⭞Ṳᕅ: ằ␵Ⓚ, ᵡ⩚䊚, ᆉ⌭ᆷ, ㅹ. สҾ␡ᓖᆖҐⲴ SQL ⭏ᡀ⹄ウ㔬䘠. ѝഭ、ᆖ: ؑ᚟、ᆖ, 2022, 52: 1363–1392, doi: 10.

1360/SSI-2021-0316

Liang Q Y, Zhu Q H, Sun Z Y, et al. A survey of deep learning based text-to-SQL generation (in Chinese). Sci Sin

Inform, 2022, 52: 1363–1392, doi: 10.1360/SSI-2021-0316
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ằ␵Ⓚㅹ: สҾ␡ᓖᆖҐⲴ SQL ⭏ᡀ⹄ウ㔬䘠

Ⲵ᫽֌ᰦ, ᖰᖰ䜭Պ⭘ࡠ SQL 䈝ਕ, ྲ᫽֌⭥୶ᒣਠᆈۘ⭘ᡧ઼୶૱ᮠᦞǃḕ䈒ᆖṑѝ㘱ᐸ઼䈮〻ؑ

᚟ㅹ.

❦㘼, ሩҾнҶ䀓 SQL 䈝⌅ⲴӪ, ᖸ䳮൘वਜ਼བྷ䟿䇠ᖅⲴᮠᦞᓃѝᘛ䙏ൠ᢮ࡠ㠚ᐡᝏޤ䏓Ⲵᮠ

ᦞ. ൘ާփᓄ⭘൪Ჟѝ, 䟽༽ᙗൠᮠᦞḕ䈒ᖰᖰҏՊ⎸㙇བྷ䟿ⲴӪ࣋䍴Ⓚ, ྲᇒᡧੁ⭥୶ᇒᴽ䈒䰞ާ

փ୶૱ԧṬ઼৲ᮠ. ഐ↔, 䙊䗷ሩᡰ䴰㾱ḕ䈒Ⲵ᜿മ䘋㹼᧿䘠, ⭡ SQL ⭏ᡀ (text-to-SQL) ⁑ර㠚ࣘ

⭏ᡀާᴹ⴨ᓄ࣏㜭Ⲵ SQL䈝ਕᱟᗵ㾱ф䶎ᑨᴹᑞࣙⲴ,ᆳ㜭ཏ䇙䶎уъӪઈ䖫ᶮൠ䇯䰞ᮠᦞᓃ,䱽վ

བྷ㿴⁑ᮠᦞ᷀࠶Ⲵ䰘​,ҏਟԕ൘߿ቁӪ࣋⎸㙇Ⲵᛵߥлᨀ׋㠚ࣘф৺ᰦⲴḕ䈒ᮠᦞ৽侸. 䲔↔ѻཆ,

SQL 䈝⌅઼⁑ᔿ⴨ሩҾભԔᔿ㕆〻䈝䀰㘼䀰䖳Ѫㆰঅ, ⭏ᡀ SQL 䈝ਕⲴԫ࣑ҏᴹ䖳儈Ⲵਟ㹼ᙗ.

SQL ⭏ᡀԫ࣑ᰘ൘ṩᦞᐢᴹᮠᦞᓃؑ᚟, ሶ㠚❦䈝䀰᧿䘠᱐ሴࡠ⢩ᇊ࣏㜭Ⲵ SQL 䈝ਕ, ᆳᱟ䖟

Ԧᐕ〻亶ฏѝԓ⸱⭏ᡀԫ࣑ԕ৺㠚❦䈝䀰༴⨶亶ฏѝ䈝ѹ䀓᷀ (semantic parsing) ԫ࣑Ⲵ✝⛩⹄ウѻ

а. SQL⭏ᡀԫ࣑ݱ䇨֯⭘ḕ䈒䰞仈Ⲵ䈝ѹᶕ䇯䰞઼᫽֌㔃ᶴॆᮠᦞᓃؑ᚟, 㘼ᰐ䴰Ҷ䀓༽ᵲⲴ SQL

ḕ䈒䈝⌅, ᶱབྷൠ߿ቁҶḕ䈒ᮠᦞᓃᡰ䴰㾱Ⲵݸ傼⸕䇶. ᐢᴹ⹄ウवਜ਼Ҷ֯⭘สҾ㿴ࡉ [2]ǃ〻ᒿਸ

ᡀ [3] ㅹᯩ⌅⭏ᡀḕ䈒䈝ਕ, ն䘉Ӌᯩ⌅䙊ᑨਚ൘ሿ㿴⁑ᮠᦞ䳶кᇎ傼ᒦф䳮ԕ䗮ࡠ䖳ྭⲴ⭏ᡀ᭸᷌.

䲿⵰␡ᓖᆖҐᢰᵟⲴнᯝ⎼⧠ԕ৺⹄ウӪઈሩ SQL⭏ᡀ൪ᲟⲴнᯝ᧒㍒, สҾ␡ᓖᆖҐⲴ SQL⭏ᡀ

(deep learning-based text-to-SQL)ᡀѪҶᖃࡽ䶎ᑨ䟽㾱Ⲵ⹄ウ䰞仈.䘁ᒤᶕสҾ␡ᓖᆖҐⲴ SQL⭏ᡀ

⹄ウਆᗇҶབྷ䟿Ⲵ⹄ウᡀ᷌, ⭏ᡀ SQL Ⲵ᭸᷌нᯝᨀॷ, ᡀѪҶ SQL ⭏ᡀ⹄ウѝѫ⍱Ⲵᯩᔿ. ഐ↔,

䪸ሩสҾ␡ᓖᆖҐⲴ SQL⭏ᡀ䰞仈䘋㹼㔬䘠ሩԓ⸱㠚ࣘॆ⭏ᡀ઼␡ᓖᆖҐᓄ⭘ާᴹ䟽㾱Ⲵ⹄ウ᜿ѹ.

ⴞࡽҏᴹ⹄ウ䪸ሩ SQL ⭏ᡀ䰞仈䘋㹼㔬䘠 [4, 5]. նѫ㾱ᆈ൘ྲл䰞仈: (1) ⧠ᴹ࠶㊫Ṷᷦ䖳Ѫ㋇

㌉, ᰐ⌅ޘ䶒㾶ⴆ SQL ⭏ᡀ⹄ウ; (2) ሩ⢩ᇊ㊫࡛лⲴ⹄ウ᮷⥞ᮤ⨶нཏ࠶ݵ, ⋑ᴹ⎹৺ⴞࡽᴰᯠⲴ

ᯩ⌅઼⁑ර; (3) ⋑ᴹᮤ⨶⧠ᴹ⹄ウⲴާփᙍ䐟. ᵜ㔬䘠สҾ䘉Ӌ䰞仈, ᶴ䙐Ҷ㌫㔏Ⲵ࠶㊫Ṷᷦሩ⧠ᴹ

⹄ウ䘋㹼ᮤ⨶, ᒦф᷀࠶Ҷ⧠ᴹ SQL ⭏ᡀ⹄ウⲴᑨ㿱ᙍ䐟. ᵜ᮷ሶสҾ␡ᓖᆖҐⲴ SQL ⭏ᡀⲴ⹄ウ

Ѫ࠶ 4 њ䜘࠶, ᱟ࡛࠶ SQL ⭏ᡀ൪Ჟǃᮠᦞ䳶ǃ⁑ර㔃ᶴ઼䇴ՠᤷḷ. ަѝ, SQL ⭏ᡀ൪Ჟवਜ਼Ҷᑨ

㿱 SQL ⭏ᡀѝᡰ⎹৺Ⲵ䴰≲઼㾱㍐; ᮠᦞ䳶ਟԕṩᦞᡰ⎹৺Ⲵᮠᦞᓃᱟ੖वਜ਼н਼亶ฏؑ᚟࠶Ѫঅ

亶ฏᮠᦞ䳶઼䐘ฏᮠᦞ䳶; ⁑ර㔃ᶴਟԕ࠶Ѫ㕆⸱⁑ර઼䀓⸱⁑ර, 㕆⸱⁑රਟԕṩᦞᡰ༴⨶ሩ䊑ᱟ

੖㔃ᶴॆ࠶Ѫ㠚❦䈝䀰᧿䘠㕆⸱ǃᮠᦞᓃ㕆⸱઼㠚❦䈝䀰оᮠᦞᓃѻ䰤Ⲵ⁑ᔿ䬮᧕㕆⸱ 3 䜘࠶, ᮠ

ᦞᓃ㕆⸱৸ਟԕ㓶࠶Ѫᮠᦞ⁑ᔿ઼ᮠᦞᓃ䇠ᖅⲴ㕆⸱, 䀓⸱⁑රਟԕṩᦞ SQL н਼Ⲵ⭏ᡀᯩᔿ࠶Ѫ

⁑⡸ᨂ٬Ⲵᯩᔿ઼สҾ⭏ᡀⲴᯩᔿ,สҾ⭏ᡀⲴᯩᔿवᤜҶสҾᒿࡇ⭏ᡀ઼สҾ䈝⌅⭏ᡀє⿽ާփⲴ

ᯩ⌅.

ᵜ᮷ሩสҾ␡ᓖᆖҐⲴ SQL ⭏ᡀ⹄ウᐕ֌䘋㹼㔬䘠. 俆ᮤݸ⨶Ҷ SQL ⭏ᡀᑨ㿱൪Ჟ㾱㍐. ᧕⵰

᧒㍒ҶสҾ␡ᓖᆖҐⲴ SQL ⭏ᡀᯩ⌅Ⲵᮠᦞ䳶, ṩᦞн਼ᮠᦞ䳶Ⲵ⢩⛩ᖂ㓣Ҷᮠᦞ䳶Ⲵ⹄ウ઼ਁኅ.

❦ਾᵜ᮷ሩ␡ᓖᆖҐ⁑ර㔃ᶴ䘋㹼Ҷ᷀࠶,Ӿ㕆⸱⁑ර઼䀓⸱⁑රєᯩ䶒ޕ᡻ሩ⧠ᴹᯩ⌅ᔪ・Ҷ䈖㓶

Ⲵ࠶㊫㌫㔏, ᒦሩ⇿ањ䈖㓶㊫࡛Ⲵ⹄ウᐕ֌䘋㹼㔬䘠. ਖཆ, ᵜ᮷ҏᮤ⨶Ҷ䪸ሩ SQL ⭏ᡀ⁑රⲴ䇴

ՠᤷḷ. ᴰਾ䇘䇪ҶสҾ␡ᓖᆖҐⲴ SQL ⭏ᡀ⹄ウ䶒ѤⲴѫ㾱᥁ᡈ઼ᵚᶕ⹄ウᯩੁ.

2 ะӄ␧ᓜᆜҖⲺ SQL ⭕ᡆ࠼㊱ᯯ⌋ૂ⴮ީᐛ֒

2.1 ะᵢᾸᘫ

ѪҶׯҾ⨶䀓, ᵜ᮷ሶ SQL ⭏ᡀ⴨ޣᾲᘥྲڊлӻ㓽.

(1) SQL ⭏ᡀ (text-to-SQL): ᵜ㔬䘠䪸ሩӾ᮷ᵜ䖜ॆѪ SQL 䈝ਕⲴԫ࣑, 䈕ԫ࣑ᰘ൘ሶ⭘ᡧ䗃ޕ
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Question:
What are the name and budget of the departments 

with average instructor salary greater than the 
overall average? 

Table 1: instructor 

Table 2: department 

id name department_id …

id name building … … …

…

…

…

…

…

Select

COLUMNS Instructor WHERE

Name Budget … …

Data Encoder Decoder

SELECT T2.name, T2.budget 
FROM instructor as T1 JOIN department as 
T2 ON T1.department_id = T2.id GROUP BY 
T1.department_id HAVING avg(T1.salary) > 
(SELECT avg(salary) FROM instructor) 

ഴ 1 (㖇㔒⡾ᖟഴ) ะӄ␧ᓜᆜҖⲺᯯ⌋⭕ᡆ SQL 䈣ਛⲺ⽰ׁ

Figure 1 (Color online) An example of generating a SQL statement based on deep learning

Ⲵḕ䈒䰞仈䖜ॆѪ⴨ᓄⲴ SQL ḕ䈒䈝ਕ.

(2) 䈝ѹ䀓᷀ (semantic parsing): ሶ㠚❦䈝䀰ᖒᔿⲴ䗃ޕ᱐ሴࡠਟᢗ㹼Ⲵ〻ᒿ, ަѝਟᢗ㹼〻ᒿ

Ⲵᖒᔿवᤜ䙫䗁㺘䗮ᔿǃSQL ḕ䈒䈝ਕǃPython 〻ᒿǃJAVA 〻ᒿㅹ.

(3) 㕆⸱⁑ර (encoding model): ሶᮠᦞ䗃ޕ㔉␡ᓖ⁑ර, ᒦ֯⭘␡ᓖᆖҐⲴ㕆⸱ಘ (encoder) 㕆

⸱Ѫ⁑ර޵䜘Ⲵ㺘⽪ᖒᔿ.

(4) 䀓⸱⁑ර (decoding model): ࡙⭘␡ᓖᆖҐⲴ䀓⸱ಘ (decoder) ሶ⁑ර޵䜘㺘⽪ᖒᔿ䀓⸱Ѫⴞ

ḷᖒᔿ, ྲ SQL 䈝ਕǃPython ԓ⸱ㅹ.

(5) ᣭ䊑䈝⌅ṁ (abstract syntax tree, AST): ᣭ䊑䈝⌅ṁᱟⓀԓ⸱䈝⌅㔃ᶴⲴа⿽ᣭ䊑㺘⽪. ᆳ

ԕṁ⣦Ⲵ㔃ᶴ㺘⽪㕆〻䈝䀰Ⲵ䈝⌅㔃ᶴ, ṁкⲴ⇿њ㢲⛩䜭㺘⽪Ⓚԓ⸱ѝⲴа⿽㔃ᶴ.

(6) SQL䈝⌅: SQL䈝䀰Ⲵ䈝⌅䙊ᑨ⭡ᣭ䊑䈝⌅᧿䘠䈝䀰 [6] (abstract syntax description language,

ASDL)ᇊѹ.൘㔉ᇊ䈝⌅Ⲵᛵߥл,ањ SQL䈝ਕਟԕ䀓᷀Ѫ⴨ᓄⲴᣭ䊑䈝⌅ṁ. ⹄ウ㘵ҏਟԕ㠚ᇊ

ѹ SQL 䈝⌅.

(7) ⁑⡸ᨂ٬ (sketch-based slot-filling): ⁑⡸ᨂ٬ᱟ⭏ᡀ SQL Ⲵа⿽ᯩ⌅, 䘉㊫ᯩ⌅Ⲵ⢩⛩ᱟݸ

ᔪањ䙊⭘Ⲵࡋ SQL ⁑⡸, ᒦሶ䴰㾱⭏ᡀⲴ䜘࠶オࠪᶕ, ѻਾ䇝㓳⁑රሩオࠪᶕⲴս㖞䘋㹼ປオ, ᴰ

ਾ㓴ᡀањᆼᮤⲴ SQL 䈝ਕ

2.2 ⹊ガᾸ߫

മ 1 ኅ⽪ҶањสҾ␡ᓖᆖҐⲴᯩ⌅⭏ᡀ SQL 䈝ਕⲴ⽪ֻ, SQL 䈝ਕ⭏ᡀ䗷〻ѫ㾱⎹৺ᮠᦞ䳶

઼⁑ර㔃ᶴѝⲴ㕆⸱ǃ䀓⸱⁑ර, Ҿޣ SQL ⭏ᡀ⹄ウⲴࡋᯠⴞࡽҏ䳶ѝ൘ԕк 3 њᯩੁ. ᮠᦞ䳶Ѫ␡

ᓖᆖҐ⁑රᨀ׋⭘Ҿ䇝㓳Ⲵ䈝ᯉ, ަѝᮠᦞ㊫ර઼⢩⛩㜭ཏ৽᱐ SQL Ⲵާփ⭏ᡀ൪Ჟ. н਼ᮠᦞ䳶

,ᇊҶ⁑රн਼Ⲵᓄ⭘൪Ჟ઼ᓄ⭘㤳തߣ ᒦфሩᮠᦞ䳶Ⲵ⹄ウҏᶱབྷൠ׳䘋Ҷਾ㔝 SQL ⭏ᡀᯩ⌅Ⲵ

.ᯠࡋ ⴞࡽสҾ␡ᓖᆖҐⲴᯩ⌅สᵜ䚥ᗚ㕆⸱ಘ – 䀓⸱ಘ㔃ᶴ, ⎹৺㕆⸱⁑ර઼䀓⸱⁑රєњ䱦⇥,

ਾ㔝⹄ウ䙊ᑨ䪸ሩ䘉єњ䱦⇥䘋㹼Ոॆ.

ਟԕӾ SQL ⭏ᡀ൪Ჟѝᮠᦞᓃ亶ฏሩ⧠ᴹᮠᦞ䳶䘋㹼࠶ࡂ. ᮠᦞ䳶Ⲵᰙᵏ⹄ウу⌘൘਴њн਼

亶ฏ޵䜘᭦䳶ḕ䈒䰞仈઼⴨ᓄ SQL 䈝ਕ, 㠤࣋Ҿᨀॷঅ亶ฏᮠᦞ䳶䍘䟿. ൘䘁ᵏⲴ⹄ウѝ, བྷཊᮠ⹄

ウ㘵ᴤ࣐ޣ⌘བྷ㿴⁑Ⲵ䐘亶ฏᮠᦞ䳶,䙊䗷ᨀॷᮠᦞ༽ᵲᓖ໎࣐ SQL⭏ᡀԫ࣑Ⲵ᥁ᡈᙗ,ԕ↔ᶕ◰ਁ

⹄ウ㘵ᶴᔪᴤྭⲴ␡ᓖᆖҐ⁑ර. ਖཆ, ҏᴹ⹄ウ㘵൘བྷ㿴⁑䐘ฏᮠᦞ䳶Ⲵส⹰к໎࣐ḕ䈒кл᮷׍

䎆Ⲵᛵߥ, ᶴ䙐ҶӔӂᔿ⭏ᡀ SQL 䈝ਕⲴᮠᦞ䳶. ᙫѻ, 䲿⵰䎺ᶕ䎺ཊᮠᦞ䳶Ⲵᨀࠪ, нӵ໎࣐Ҷ⹄

ウ㘵ሩ SQL ⭏ᡀԫ࣑Ⲵ⹄ウޤ䏓, ҏ໎࣐ሩ␡ᓖᆖҐ⁑ර⭏ᡀ㜭࣋Ⲵ᥁ᡈᙗ.

㕆⸱⁑රⲴ⹄ウѫ㾱ޣ⌘ྲօሩḕ䈒䰞仈ԕ৺ SQL ⭏ᡀԫ࣑ѝ⢩ᴹⲴ㔃ᶴॆᮠᦞᓃ䘋㹼ਸ䘲Ⲵ
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㕆⸱. ާփ㘼䀰,㕆⸱䗷〻䴰㾱਼ᰦ㘳㲁ḕ䈒䰞仈ǃᮠᦞᓃԕ৺ḕ䈒䰞仈઼ᮠᦞᓃѻ䰤Ⲵ⁑ᔿ䬮᧕,ަ

ѝ⁑ᔿ㕆⸱઼⁑ᔿ䬮᧕ሩ⭏ᡀ SQL 䈝ਕ䶎ᑨ䟽㾱, ҏᱟ㕆⸱⁑රⲴޣ䭞⹄ウ䰞仈. ഐ↔, മ㖁㔌ǃ亴

䇝㓳⁑රㅹݸ䘋Ⲵ␡ᓖᆖҐᢰᵟҏнᯝ㻛ᕅࡠޕ SQL ⭏ᡀԫ࣑, ԕ↔ᨀॷ⁑ර㕆⸱㜭࣋. ѪҶ֯ᗇ

㕆⸱䗷〻㜭ཏᴤྭൠ㾶ⴆḕ䈒䰞仈઼ᮠᦞᓃѻ䰤Ⲵ㚄㌫,ҏᴹ䎺ᶕ䎺ཊⲴ⹄ウᔰ࿻֯⭘Ѡᇼ⁑රⲴ㕆

,ᇩ޵⸱ ԕ৺֯⭘у䰘Ⲵ亴䇝㓳⁑ර໎ᕪ༴⨶㠚❦䈝䀰оᮠᦞᓃ⁑ᔿѻ䰤䬮᧕Ⲵ㜭࣋.

䀓⸱⁑රⲴ⹄ウҏᱟ SQL⭏ᡀԫ࣑Ⲵ䟽⛩ѻа,ᆳߣᇊҶྲօሶ㕆⸱ਾⲴؑ᚟䖜ॆѪ SQL䈝ਕ

ᡆަㅹԧ㺘⽪ᖒᔿ. 㕆⸱ಘ – 䀓⸱ಘ㔃ᶴⲴสᵜ䗃ࠪᯩᔿѪ亪ᒿൠ⭏ᡀᲞ䙊অ䇽ᒿࡇ, ն⁑ර䀓⸱ਾ

ᑨᑨᰐ⌅䇶࡛ SQL 䈝ਕ޵н䴰㾱亪ᒿ䲀ࡦⲴ䜘࠶, ྲ SQL 䈝ਕѝᒦࡇⲴḕ䈒ᶑԦ, ԕ৺⭏ᡀнㅖਸ

䈝⌅Ⲵ SQL 䈝ਕ. สҾ䘉Ӌ䰞仈, ⹄ウ㘵൘䀓⸱⁑ර䜘࠶ᨀࠪҶа㌫ࡇสҾ⁑⡸Ⲵᯩ⌅ԕ৺֯⭘ਜ਼

䈝⌅㓖ᶏᡆ㔃ᶴ᭿ᝏⲴ䀓⸱ಘㅹ⹄ウ, ԕ↔ᨀॷ⁑ර䀓⸱㜭࣋, ᒦቭਟ㜭؍䇱⁑ර⭏ᡀᴹ᜿ѹⲴਟᢗ

㹼〻ᒿ.

ᮤփ㘼䀰, SQL ⭏ᡀⲴ⹄ウᱟᖃࡽ䈝ѹ䀓᷀ԫ࣑Ⲵࡽ⋯⹄ウ. ⴨∄䖳Ҿ⭏ᡀަԆભԔᔿ㕆〻䈝䀰

Ⲵ〻ᒿ, SQL ⭏ᡀԫ࣑Ⲵ᭸᷌⴨ሩᱮ㪇, 㜭ཏ൘儈߶⺞⦷Ⲵᛵߥл⭏ᡀ䖳Ѫ༽ᵲⲴ SQL 䈝ਕ. ਼ᰦ

SQL ⭏ᡀҏᱟ䶒ੁᇎ䱵ᓄ⭘ᯩ䶒ᴰާᴹ▌࣋Ⲵ䈝ѹ䀓᷀ԫ࣑.

2.3 ᐛѐ⮂㔅ޮ㩳൦亯ⴤ

൘བྷᮠᦞᰦԓ, ሩᝏޤ䏓ᮠᦞ䘋㹼ᘛ䙏ᣭਆ઼ᮠᦞ᷀࠶䙀⑀ᡀѪӪԜޣ⌘Ⲵ❖⛩. նሩᮠᦞᓃⲴ

᫽֌䙊ᑨ䴰㾱ާᴹ㕆〻䈝䀰ส⹰઼᷀࠶ (ྲ SQL), 䘉㔉䶎уъӪઈ䇮㖞Ҷ䖳儈Ⲵ䰘​. ⴞࡽᐕъ⭼ᨀ

ࠪҶа㌫ࡇสҾ SQL⭏ᡀᢰᵟⲴሩ䈍ᔿᮠᦞ᷀࠶ᓄ⭘,ਚ䴰䗃ޕ㠚❦䈝䀰,ቡਟԕ㧧ਆ઼᷀࠶བྷ㿴⁑

Ⲵᮠᦞ. л䶒ሶӾިර㩭ൠ൪ᲟѝⲴᲪ㜭ᇒᴽ઼ Excel ѝᲪ㜭ᮠᦞ᷀࠶Ѯֻ.

൘Ც㜭ᇒᴽⲴᓄ⭘ѝ, SQL ⭏ᡀоᲪ㜭ሩ䈍㌫㔏Ⲵ㔃ਸᢰᵟ㜭ཏ 24 ሿᰦ㠚ࣘḕ䈒ᮠᦞᓃᒦഎㆄ

⭘ᡧ⴨ޣ䰞仈, ᶱབྷൠ߿ቁҶӪᐕᇒᴽⲴ⎸㙇઼䘀㩕ᡀᵜ, 㜭ཏᴹ᭸ൠᨀॷ⭘ᡧփ傼. 䱯䟼ᐤᐤⲴሿ

㵌Ც㜭ᇒᴽᱟަѝⲴިරԓ㺘, ᆳ㜭ཏᑞࣙ⭘ᡧ䀓ߣᑨ⭘Ⲵъ࣑૘䈒㊫䰞仈, ԕ৺䙊䗷ཊ䖞ሩ䈍ᆼᡀ

୶૱ሬ䍝Ⲵᐕ֌. ቔަᱟ൘བྷර䍝⢙㢲ᵏ䰤, ྲৼॱа䍝⢙㢲, 䘉⿽Ც㜭ᇒᴽ㜭ཏ৺ᰦ૽ᓄ, ᴹ᭸߿ቁ

ҶഐѪᇒᴽӪᮠн䏣㘼ሬ㠤Ⲵ䱫ຎ઼୶ъᦏཡ. ൘䘉⿽Ც㜭䰞ㆄᛵߥл, ⭘ᡧа㡜ⴻнࡠਾਠᮠᦞᓃ,

ḕ᢮⴨ᓄ୶૱ؑ᚟৸ᖸ㙇ᰦ, สҾ㠚❦䈝䀰⨶䀓ⲴᲪ㜭⁑ර㜭ཏᴹ᭸ᨀॷ⭘ᡧփ傼, ѪԱъࡋ䙐ᴤཊ

୶ъԧ٬.

Excel ֌Ѫ䙊⭘ᮠᦞ༴⨶઼᷀࠶䖟Ԧ, ᐢ㓿ᡀѪҶӪԜᰕᑨ࣎ޜѝᴰ䟽㾱Ⲵ䖟Ԧ. նᖸཊ⭘ᡧ䙊

ᑨਚ֯⭘ Excel Ⲵส⹰࣏㜭, ሩᮠᦞᯩ᷀࠶䶒ӽᆈ൘аᇊⲴ䳮ᓖ. ᗞ䖟ӊ⍢⹄ウ䲒ᔰਁҶа྇Ც㜭࠶

᷀㇇⌅ AnnaParser Ѫ Excel ᨀ׋ሩ䈍ᔿᲪ㜭࣏᷀࠶㜭. AnnaParser ᱟа⿽ިරⲴ SQL ⭏ᡀⲴ㩭ൠ

㇇⌅, ণ䙊䗷㠚❦䈝䀰Ⲵ⨶䀓⭏ᡀ SQL ༴⨶ᮠᦞᒦ䗃ࠪ༴⨶ਾ㔃᷌. AnnaParser 俆֯ݸ⭘ᮠᦞᣭ䊑

⁑ඇ (data abstraction) ᶕ䇶࡛㠚❦䈝䀰оᮠᦞ⁑ᔿ઼ᮠᦞ䇠ᖅⲴ㚄㌫, ᒦᴯᦒᡀ⴨ᓄㅖਧ䗃ޕ䈝ѹ

䀓᷀⁑ඇ. ❦ਾ֯⭘⸕䇶⨶䀓 (knowledge understanding) ⁑ඇ᥆ᧈ⇿њ㺘Ṭ㛼ਾ䳀ਜ਼Ⲵ⸕䇶, ᴰਾ֯

⭘а⿽㠚ᓅੁкⲴ䀓᷀Ṷᷦᶕ⭏ᡀᴰ㓸Ⲵ SQL 䈝ਕ䘋㹼ᮠᦞⲴ༴⨶઼᷀࠶. ㊫լൠ, ᐕъ⭼޵Ⲵ䉧

ⅼǃTableauǃSalesForce ㅹޜਨ਼ṧҏаⴤޣ⌘ሩ䈍ᔿᮠᦞ᷀࠶ᒦ⍫䏳൘ᆖᵟࡽ⋯.

ᙫ㘼䀰ѻ, SQL ⭏ᡀ⹄ウާᴹ⧠ᇎ᜿ѹᒦ㜭ཏ൘ᐕъ⭼ѝⲴབྷර亩ⴞѝ㩭ൠ, 㜭ཏᇎ䱵ᨀॷ⭘ᡧ

൘⢩ᇊ䴰≲лⲴᓄ⭘փ傼, ᒦфਟԕᨀॷԱъ⴨ᓄ୶૱Ⲵㄎҹ઼࣋୶ъԧ٬.

2.4 ⌊ᯯ㊱࠼

ᵜ᮷ሩสҾ␡ᓖᆖҐⲴ SQL⭏ᡀ⹄ウᡰ⎹৺Ⲵ SQL⭏ᡀ൪Ჟǃᮠᦞ䳶ǃ⁑ර㔃ᶴ઼䇴ՠᯩ⌅䘋
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Figure 2 (Color online) Taxonomy of deep learning-based SQL generation systems

㹼Ҷ䈖㓶Ⲵ઼࠶ࡂᙫ㔃. ᴰ㓸ᗇࡠ⴨ᓄⲴ⹄ウ࠶㊫Ṷᷦྲമ 2 ᡰ⽪.

൪Ჟᯩ䶒, SQL ⭏ᡀ൪Ჟ৽᱐Ҷ⭏ᡀ䗷〻ѝ䶒ѤⲴާփ䴰≲઼⢩⛩, ൪Ჟਟԕṩᦞн਼൪Ჟݳ㍐

࣐ԕ४࠶, ྲ൪ᲟѝⲴ䈝⿽ǃᱟ੖ᴹཊ䖞 SQL ⭏ᡀㅹ. ањᮠᦞ䳶ਟԕवਜ਼ᇎ䱵൪ᲟѝⲴཊ⿽ݳ㍐,

ṩᦞ SQL ⭏ᡀн਼Ⲵ䴰≲઼⢩⛩, ਟԕ䘹ᤙ઼㓴ਸн਼Ⲵ൪Ჟݳ㍐, Ӿ㘼ᖒᡀㅖਸ⢩ᇊ䴰≲Ⲵ SQL

⭏ᡀԫ࣑. ѻਾⲴᮠᦞ䳶⹄ウሶṩᦞ SQL ⭏ᡀ൪Ჟݳ㍐ѝᮠᦞᱟ੖वਜ਼ཊњ亶ฏⲴᮠᦞᓃ䘋㹼࠶ࡂ.

൘࠶ࡂਾ׍❦ਟԕӾަԆ൪Ჟݳ㍐Ⲵ䀂ᓖ㔗㔝᷀࠶, ྲᮠᦞ⎹৺Ⲵ䈝⿽ԕ৺ᱟ੖䴰㾱֯⭘ཊ䖞 SQL

⭏ᡀⲴᯩᔿ.

ᮠᦞ䳶ᯩ䶒, SQL ⭏ᡀᮠᦞ䳶ਟԕӾᱟ੖वਜ਼н਼亶ฏᮠᦞᓃⲴ䀂ᓖ࠶ࡂ, Ѫঅ亶ฏᮠᦞ䳶઼࠶

䐘ฏᮠᦞ䳶. ൘অ亶ฏⲴᮠᦞ䳶ѝ, ⁑රਚ䴰㾱䪸ሩঅњ亶ฏᮠᦞᓃⲴḕ䈒䰞仈⭏ᡀ⴨ᓄⲴ SQL 䈝

ਕ. অ亶ฏⲴᮠᦞ䳶ਚ⎹৺অаᮠᦞᓃԕ৺অаⲴ亶ฏ⸕䇶, ഐ↔ᡰ䴰ᮠᦞᮠ䟿⴨ሩ䖳ቁ, ⁑රᆖҐ

⴨ሩㆰঅ, ਼ᰦᓄ⭘㤳തҏᴹ䲀. ൘䐘ฏⲴᮠᦞ䳶ѝ, ⁑රнӵ㾱ᆖҐཊ亶ฏᮠᦞᓃᡰ⎹৺Ⲵ⸕䇶, ᒦ

㾱≲⁑ර㜭ཏ⌋ॆࡠ䇝㓳䗷〻ᵚ㿱䗷Ⲵᮠᦞᓃ. ⭡Ҿ⎹৺Ⲵᮠᦞᓃ઼亶ฏ⸕䇶ᴤཊ, 䐘ฏᮠᦞ䳶Ⲵᮠ

䟿ҏ⴨ሩ䖳ཊ, ሩ⁑රⲴᆖҐ઼⌋ॆ㜭࣋㾱≲ᴤ儈, ն਼ᰦ䐘ฏᮠᦞ䳶Ⲵᓄ⭘ԧ٬⴨∄অ亶ฏᮠᦞ䳶

ᴤབྷ.䐘ฏᮠᦞ䳶޵䜘ҏਟԕṩᦞ൪Ჟݳ㍐Ⲵ䈝⿽ǃSQL䈝ਕ༽ᵲ〻ᓖԕ৺⭏ᡀᯩᔿᱟ੖⎹৺ཊ䖞⭏

ᡀ㔗㔝䘋㹼઼࠶ࡂ㓴ਸ.

⁑ර㔃ᶴᯩ䶒, ਟṩᦞ㕆⸱⁑ර઼䀓⸱⁑රє䜘࠶ኅᔰ. 㕆⸱⁑රਟԕӾ㕆⸱Ⲵሩ䊑ᱟ੖㔃ᶴॆ

Ѫ㠚❦䈝䀰㕆⸱ǃᮠᦞᓃ㕆⸱઼㠚❦䈝䀰оᮠᦞᓃѻ䰤Ⲵ⁑ᔿ䬮᧕࠶ 3 ㊫. ൘㠚❦䈝䀰Ⲵ㕆⸱ᯩ䶒,

ᗇ⳺Ҿ㠚❦䈝䀰༴⨶亶ฏⲴਁኅ, ⴞࡽᐢᴹབྷ䟿Ⲵ⹄ウᐕ֌, ྲ䇽፼઼ޕ亴䇝㓳⁑රㅹ. ൘ᮠᦞᓃ㕆

⸱ᯩ䶒, ᮠᦞᓃ޵ᇩਟԕ㓶࠶Ѫᮠᦞᓃ⁑ᔿ઼ᮠᦞᓃ䇠ᖅ. ਖཆⴞࡽҏᴹ⹄ウޣ⌘অ⤜ᨀॷ⁑රሩ⁑

ᔿ䬮᧕Ⲵᦅ㧧㜭࣋,Ӿ㘼ᨀॷ⁑ර⭏ᡀ SQLⲴ᭸᷌.ᮠᦞᓃ㕆⸱⎹৺Ⲵ⴨ޣᢰᵟѫ㾱वᤜᗚ⧟⾎㓿㖁

㔌ǃമ⾎㓿㖁㔌઼亴䇝㓳⁑ර. 䀓⸱⁑රਟԕṩᦞ⭏ᡀ SQL 䈝ਕⲴн਼ᯩᔿ࠶ѪสҾ⁑⡸ᨂ٬Ⲵᯩ

⌅઼สҾ⭏ᡀⲴᯩ⌅. สҾ⁑⡸ᨂ٬ᯩ⌅Ⲵ⢩⛩ᱟн㾱≲⭏ᡀᆼᮤⲴ SQL䈝ਕ,ਚ䴰㾱⭏ᡀ⁑⡸ѝ䴰

㾱ᨂޕⲴ⴨޵ޣᇩ.նสҾ⁑⡸Ⲵᯩ⌅൘䶒ੁ༽ᵲ〻ᓖн਼Ⲵ SQL䈝ਕᰦާᴹ䖳བྷ४࡛,ᡰԕਾ㔝ሶ

.䇘䇪࡛࠶ สҾ⭏ᡀⲴᯩ⌅⁑ර䴰㾱⭏ᡀᆼᮤⲴ SQL ,ᇩ޵ ᡆ㘵⭏ᡀᆼᮤⲴㅹԧ㺘⽪ᖒᔿ. ൘⭏ᡀⲴ

ᯩ⌅ѝ৸ਟԕṩᦞ⭏ᡀ SQL Ⲵᖒᔿн਼࠶ѪสҾᒿࡇ⭏ᡀⲴᯩ⌅઼สҾ䈝⌅⭏ᡀⲴᯩ⌅. ൘สҾᒿ

,ᡀⲴᯩ⌅ѝ⭏ࡇ ⁑රሶ SQL 䈝ਕⴻ֌ᱟа⿽⢩↺Ⲵ㠚❦䈝䀰, ሶ SQL 䈝ਕѝⲴ⇿ањݳ㍐ⴻ֌ᱟ

অ䇽ⴤ᧕䘋㹼ᆼᮤ SQL ᒿࡇⲴ亴⍻. สҾᒿࡇⲴᯩ⌅䙊ᑨҏՊᩝ䝽ަԆ⁑ඇⲴՈॆᶕ໎ᕪ⭏ᡀ᭸᷌,
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ྲᕪॆᆖҐ઼亴䇝㓳⁑රㅹ. ൘สҾ䈝⌅⭏ᡀⲴᯩ⌅ѝ, ⁑රⴤ᧕亴⍻ SQL 䈝ਕⲴᣭ䊑䈝⌅ṁ, ⴨ᖃ

Ҿ൘⭏ᡀ䗷〻ѝ࣐ޕҶ䈝⌅Ⲵ㓖ᶏ, Ӿ㘼ቭਟ㜭䇙⁑රᆖҐࡠ SQL 䈝ਕⲴ䈝⌅. ൘สҾ䈝⌅⭏ᡀⲴ

,䜘޵ ҏवਜ਼Ҷ࡙⭘䈝⌅ᔪ⁑઼䪸ሩ䈝⌅Ոॆє⿽ᙍ䐟, ㅜа⿽ⴤ᧕֯⭘ SQL 䈝⌅㓖ᶏ䀓⸱䗷〻, ㅜ

Ҽ⿽䪸ሩ SQL Ⲵ⢩⛩䇮䇑ѝ䰤㺘⽪ᡆ֯⭘ަԆ䈝⌅֌Ѫѝ䰤㺘⽪ᶕ䘋а↕Ոॆ䀓⸱䗷〻. 㕆⸱ಘ –

䀓⸱ಘ㔃ᶴлⲴ␡ᓖᆖҐ⁑රवਜ਼Ҷ㕆⸱⁑ර઼䀓⸱⁑ර䜘࠶,ᵜ᮷൘࠶㊫ᰦ㘳㲁᮷ㄐѝ⹄ウⲴח䟽

⛩䘋㹼ኅᔰ, ֻྲӵ൘㕆⸱⁑ර䜘࠶䘋㹼ࡋᯠⲴ᮷ㄐ, ሶਚՊ൘㕆⸱⁑ර䜘࠶ᙫ㔃, нՊ൘䀓⸱⁑ර

䜘࠶ኅᔰ᧿䘠.

䇴ՠᯩ⌅ᯩ䶒, ⭡Ҿ㾱≲⁑ර⭏ᡀᴹ㓖ᶏⲴਟᢗ㹼 SQL 䈝ਕ, 㘼нᱟᰐ㓖ᶏⲴ㠚❦䈝䀰, ᡰԕሩ

⭏ᡀਾⲴ޵ᇩ㾱≲ᴤ儈. ާփ㺘⧠Ѫ俆ݸ㾱≲⭏ᡀⲴ޵ᇩㅖਸ SQL 䈝⌅, 㘼нᱟަԆⲴᖒᔿ, ਖཆ䘈

㾱≲⭏ᡀⲴ SQL 䈝ਕ઼ḷ߶ㆄṸⲴ䈝ѹ⴨਼. ൘ SQL ⭏ᡀ䗷〻ѝ, ᑨ㿱Ⲵ䇴ՠᯩ⌅वᤜสҾ᮷ᵜⲴ

㓴ᡀᡀ࠶३䝽⦷઼ᆼޘ३䝽⦷,઼สҾᢗ㹼Ⲵᢗ㹼㔃᷌↓⺞⦷.ᇎ䱵ѝ,ᖰᖰ䴰㾱㔬ਸཊњ䇴ԧᤷḷᶕ

䇴ԧ⭏ᡀ SQL 䈝ਕⲴ䍘䟿. ਖཆ, ҏᴹ⹄ウнᯝ᧒㍒ྲօᴤ࣐ᇒ㿲ൠ䇴ԧ⭏ᡀ SQL Ⲵ䈝ѹ, ԕ৺䲔

Ҷ SQL 䈝ѹԕཆަԆ䇴ՠᤷḷ.

2.5 ⴮ީ㔲䘦

ⴞࡽҏᴹ⹄ウ㘵Ӿн਼䀂ᓖሩ SQL ⭏ᡀⲴᐕ֌䘋㹼ᮤ⨶઼ᙫ㔃 [4, 5, 7]. Kalajdjieski ㅹ [4] ሶ⧠

ᴹޣҾ SQL ⭏ᡀⲴ⹄ウ࠶ࡂѪᮠᦞ䳶ǃᯩ⌅઼䇴ՠᤷḷ 3 䜘࠶, ᙫ㔃Ҷⴞࡽᑨ㿱ⲴޣҾ SQL ⭏ᡀ

Ⲵᐕ֌. ᮷⥞ [4] 俆ݸ൘ᮠᦞ䳶ᯩ䶒, ᮤ⨶઼㔏䇑Ҷᑨ㿱Ⲵ㤡᮷ᮠᦞ䳶. ❦ਾ, ൘ᯩ⌅䜘࠶ኅ⽪Ҷཊ

⿽สҾᗚ⧟⾎㓿㖁㔌 (recurrent neural networks, RNNs) Ⲵ␡ᓖᆖҐ⁑ර. ᴰਾӻ㓽Ҷ⴨ޣⲴ䇴ԧ

ᤷḷ઼਴㠚ⲴՈ㕪⛩. ն᮷⥞ [4] ⋑ᴹሩ⧠ᴹ SQL ⭏ᡀ⴨ᯩޣ⌅䘋㹼㌫㔏ൠ࠶㊫, ਚᱟ㖇ࡇҶ SQL

⭏ᡀѝᑨ㿱Ⲵ⁑ර. 䘉ሬ㠤ሩ⴨ޣᢰᵟਁኅᛵߥԕ৺ሩѫ㾱ࡋᯠ⛩ᡰ኎㊫࡛Ⲵ᧿䘠нཏ␵Რ. ᒦф,

᮷⥞ [4] ѫ㾱ᙫ㔃ҶޣҾ㕆⸱ಘ – 䀓⸱ಘ (encoder-decoder) Ṷᷦѝ⎹৺Ⲵᗚ⧟⾎㓿㖁㔌઼ৼੁ⌘᜿

࣋ᵪࡦ⴨ޣᢰᵟ, 㕪ቁሩ㕆⸱䗷〻ѝമ⾎㓿㖁㔌 (graph neural network, GNN) ઼亴䇝㓳⁑ර䜘࠶Ⲵ

⴨ޣ᮷⥞ᙫ㔃, ն⹄ウ㺘᰾䘉Ӌᢰᵟᖰᖰ㜭ཏᨀॷ SQL ⭏ᡀⲴ᭸᷌. 䲔↔ѻཆ, ҏᴹ䎺ᶕ䎺ཊⲴ⹄

ウޣ⌘ѝ᮷⴨ޣ SQL ⭏ᡀᮠᦞ䳶Ⲵᶴᔪ, ᮷⥞ [4] ҏ㕪ቁሩ↔Ⲵᙫ㔃. Katsogiannis-Meimarakis ઼

Koutrika [5] ਁ㺘ҶаㇷสҾ␡ᓖᆖҐⲴ SQL ⭏ᡀᯩ⌅ᮉ〻. 俆ݸӻ㓽ҶޣҾ SQL ⭏ᡀⲴє⿽ᮠᦞ

䳶, ᱟ࡛࠶ WikiSQL ઼ Spider. ❦ਾ࠶ѪสҾ⁑⡸ᨂ٬ǃᒿࡠࡇᒿ઼ࡇสҾ䈝⌅Ⲵ 3 ⿽ SQL ⭏ᡀᯩ

⌅䘋㹼ӻ㓽, ⇿⿽ᯩ⌅лѫ㾱⎹৺ 2 ⿽ᐖਣⲴާփ᮷⥞ӻ㓽. ն᮷⥞ [5] ⋑ᴹሩ䇴ԧᤷḷ઼ᯩ⌅䘋㹼

㌫㔏ᮤ⨶, ҏ⋑ᴹሩᮠᦞ䳶⴨ޣ⹄ウ䘋㹼࠶㊫઼ᙫ㔃. ਖཆ, ᮷⥞ [5] ѫ㾱สҾᮉ〻ⲴⴞⲴ, ᡰԕ⋑ᴹ

ሩо⧠ᴹ⹄ウⲴ⴨ޣᢰᵟ䘋㹼␡ޕ᧒㍒, ҏ⋑ᴹሩⴞࡽ൘ WikiSQL ઼ Spider ᮠᦞ䳶к㺘⧠ᴰྭⲴа

㌫ᯩࡇ⌅䘋㹼ᙫ㔃. █⪷ㅹ [7] у䰘䪸ሩᮠᦞᓃ㠚❦䈝䀰᧕ਓ䘋㹼䇘䇪,Ӿ䀓⸱㊫࡛Ⲵ䀂ᓖሶ⧠ᴹ⹄ウ

Ѫ࠶ 4 ㊫, Ⲵ⭏ᡀᯩ⌅ǃสҾപᇊ⁑ᶯⲴ⭏ᡀᯩ⌅ǃṶᷦࡇᱟสҾᒿ࡛࠶ – 㓶㢲Ⲵ࠶䱦⇥⭏ᡀᯩ⌅઼

สҾ䈝⌅Ⲵቲ㓗ᔿ⭏ᡀᯩ⌅. 䪸ሩ䘉 4 ㊫䀓⸱ᯩ⌅, ᮷⥞ [7] ҏᖂ㓣Ҷ 7 ⿽䖵ࣙ㊫ᯩ⌅֌Ѫ㺕ݵ, ൘

㺕ݵⲴᯩ⌅ѝᰒᴹ⎹৺ሩ㕆⸱䱦⇥Ⲵ༴⨶, ҏᴹሩ䀓⸱䱦⇥Ⲵ༴⨶. 㲭❦᮷⥞ [7] Ӿ㕆⸱ಘ – 䀓⸱ಘ

Ṷᷦл䘋㹼࠶㊫,նᮤփᱟӾ䀓⸱ቲ䶒䘋㹼㊫࡛࠶ࡂ,⋑ᴹ䗷ཊⲴޣ⌘ SQL⭏ᡀԫ࣑ѝ㕆⸱ಘⲴ⢩↺

ᙗ. ᮷⥞ [7] ሶ㕆⸱䱦⇥Ⲵࡋᯠᐕ֌ᖂ㓣Ѫ䖵ࣙ㊫ᯩ⌅, ⋑ᴹሶ⧠ᴹሩ㕆⸱䱦⇥Ⲵ⹄ウᐕ֌࠶ࡂ൘㕆

⸱ಘ – 䀓⸱ಘṶᷦл. ਖཆ, ᮷⥞ [7] Ⲵ㊫රѪ㌫㔏ᙗ㔬䘠, ѫ㾱ᱟሩ⧠ᴹ⹄ウڊҶ㌫㔏Ⲵᮤ⨶, ⋑ᴹ

ާփ᷀࠶ᖃࡽ⹄ウⲴᔰኅᙍ䐟.

ѪҶ༴⨶ԕк᮷⥞Ⲵተ䲀ᙗ, ᵜ㔬䘠俆ݸᔪ・Ҷ㌫㔏ᙗⲴ࠶㊫Ṷᷦ, ⭘Ҿᮤ⨶઼࠶㊫⧠ᴹ⹄ウᐕ

֌. ㊫Ṷᷦṩᦞ࠶ SQL ⭏ᡀ⹄ウѝࡋᯠ⛩Ⲵח䟽н਼, ࠶ሩ㕆⸱ಘ઼䀓⸱ಘѝⲴ⹄ウ䘋㹼䈖㓶࡛࠶
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ѝഭ、ᆖ :ؑ᚟、ᆖ ㅜ 52 ধ ㅜ 8 ᵏ

㊫. ❦ਾ൘ާփⲴᮠᦞ઼ᯩ⌅ቲ䶒, ᮤ⨶Ҷⴞࡽ SQL ⭏ᡀ⹄ウⲴާփᐕ֌઼ࡋᯠ⛩. ާփ㘼䀰, 䶒ޘ

ᮤ⨶ҶޣҾ SQL ⭏ᡀ⹄ウⲴѝ᮷઼㤡᮷ᮠᦞ䳶, ᙫ㔃Ҷ⎹৺ᗚ⧟⾎㓿㖁㔌ǃമ⾎㓿㖁㔌઼亴䇝㓳⁑

රㅹа㌫ࡇᴰᯠⲴ㕆⸱⁑ර⹄ウ, ԕ৺สҾ⁑⡸ǃᒿ઼ࡇ䈝⌅Ⲵ䀓⸱⁑රⲴ⹄ウᙍ䐟. ᴰਾᵜ᮷ᙫ㔃

Ҷ⴨ޣᐕ֌ᆈ൘Ⲵ᥁ᡈᒦኅᵋҶᵚᶕⲴ⹄ウᯩੁ.

3 SQL ⭕ᡆ൰Ქ

SQL ⭏ᡀԫ࣑ṩᦞн਼൪ᲟⲴ䴰≲ާᴹн਼Ⲵ⢩⛩. л䶒ᮤ⨶Ҷިරᓄ⭘൪Ჟл SQL ⭏ᡀԫ࣑

ѝᡰवਜ਼Ⲵ൪Ჟݳ㍐.䘉Ӌ൪Ჟݳ㍐ਟԕṩᦞᇎ䱵Ⲵ䴰≲䘋㹼㓴ਸ,Ӿ㘼ᶴᡀ਴ާ⢩㢢Ⲵ SQL⭏ᡀ⹄

ウԫ࣑.

ṩᦞᮠᦞⲴ䈝䀰⢩⛩ਟԕᗇࡠ䶒ੁн਼䈝⿽Ⲵ൪Ჟ. ިරⲴ䈝⿽वᤜ㤡᮷઼ѝ᮷, ⧠ᴹ SQL ⭏

ᡀᮠᦞ䳶བྷཊ䶒ੁ㤡᮷ḕ䈒䰞仈઼ SQL䈝ਕ,նᇎ䱵ᓄ⭘ѝ,ሩѝ᮷ᮠᦞᓃⲴḕ䈒਼ṧᆈ൘བྷ䟿Ⲵ䴰

≲. ਖཆ,ሩҾѝ᮷ᮠᦞᓃѝⲴᮠᦞḕ䈒,ḕ䈒䰞仈ҏਟԕᴹѝ᮷ᡆ㤡᮷є⿽䘹亩.൘н਼䈝⿽൪Ჟл,

SQL ⭏ᡀⲴ᭸᷌Պਇࡠᖡ૽, ⴨ޣⲴ⹄ウ䴰㾱䪸ሩн਼䈝⿽൪Ჟ䘋㹼⢩ᇊⲴ䘲䝽.

ṩᦞާփ SQL 䈝ਕⲴ༽ᵲ〻ᓖਟԕሶ⭏ᡀԫ࣑࠶Ѫㆰঅ઼༽ᵲє⿽൪Ჟ. ㆰঅ⭏ᡀ൪Ჟл SQL

䈝ਕа㡜ਚवਜ਼ “SELECT”, “FROM” ઼ “WHERE” ,䭞ᆇޣ 㘼༽ᵲ⭏ᡀ൪ᲟлⲴ SQL 䈝ਕᑨᑨव

ਜ਼ “GROUP BY” ઼ “ORDER BY” ㅹޣ䭞ᆇ, ԕ৺፼྇Ⲵ༽ᵲḕ䈒ᶑԦ. ⴨∄䖳Ҿਚवਜ਼ㆰঅ SQL

䈝ਕⲴԫ࣑㘼䀰, 䘉Ӌ༽ᵲⲴḕ䈒䈝ਕՊ㔉⭏ᡀ⁑රᑖᶕᴤབྷⲴ᥁ᡈ.

ṩᦞ SQL 䈝ਕᡰ⎹৺ᮠᦞ㺘Ⲵ༽ᵲ〻ᓖ, ਟԕሶ⭏ᡀԫ࣑࠶Ѫㆰঅ઼༽ᵲᮠᦞ㺘є⿽൪Ჟ. ㆰ

অⲴᮠᦞ㺘ᖰᖰᱟঅ㺘Ⲵᮠᦞᓃ, ᒦфᮠᦞ㺘ѝⲴ⁑ᔿ઼ᮠᦞ䇠ᖅ᧕䘁㠚❦䈝䀰Ⲵ᧿䘠, 䘉ṧⲴᮠᦞ

㺘о㠚❦䈝䀰Ⲵ࠶ᐳᐞᔲ⴨ሩ䖳ሿ, ⭏ᡀ SQL Ⲵᙗ㜭䖳儈. ༽ᵲⲴᮠᦞ㺘䙊ᑨ⎹৺Ⲵᮠᦞ㺘⁑ᔿ⴨

ሩ༽ᵲ, ᮠᦞ㺘༽ᵲᙗਟԕާփփ⧠൘єњᯩ䶒, 俆ݸᱟᮠᦞᓃ⁑ᔿѻ䰤Ⲵ䬮᧕ޣ㌫⴨ሩ䖳ཊ, ަ⅑

ᱟᮠᦞ⁑ᔿⲴ᧿䘠ᴤ࣐᧕䘁ⵏᇎᔰਁ൪Ჟ, 䘉ቡሬ㠤Ҷᮠᦞ㺘઼㠚❦䈝䀰Ⲵ࠶ᐳᐞᔲ䖳བྷ, ሩ⁑රⲴ

⁑ᔿ䬮᧕㜭࣋㾱≲ᴤ儈.

ṩᦞ SQL ⭏ᡀ䗷〻ᱟ੖ᆈ൘кл᮷׍䎆, ਟԕሶ⭏ᡀԫ࣑࠶Ѫঅ䖞 SQL ⭏ᡀ൪Ჟ઼ཊ䖞 SQL

⭏ᡀ൪Ჟ. ᑨ㿱Ⲵ SQL ⭏ᡀԫ࣑኎Ҿঅ䖞 SQL ⭏ᡀ൪ᲟлⲴᓄ⭘, ަ⢩⛩ᱟṩᦞаਕ㠚❦䈝䀰᧿䘠

⭏ᡀаਕሩᓄⲴ SQL 䈝ਕ. ཊ䖞 SQL ⭏ᡀ൪Ჟਟԕݱ䇨䘋㹼ཊ⅑Ⲵ SQL ⭏ᡀ, ᒦфᖃࡽ SQL 䈝ਕ

Ⲵ⭏ᡀਟ㜭׍䎆к⅑ᡆ㘵ѻࡽ SQL 䈝ਕⲴ⭏ᡀ㔃᷌. 䘉⿽ཊ䖞Ⲵ൪Ჟਟԕ⭘Ҿ䳮ԕа⅑ᙗ᧿䘠␵ᾊ

ḕ䈒᜿മⲴᛵߥ, ԕ৺ᖃࡽḕ䈒䴰㾱৲㘳ѻࡽḕ䈒㔃᷌Ⲵᛵߥ.

ṩᦞᡰ⎹৺Ⲵ SQL ᮠᦞᱟ੖वਜ਼ᶕ㠚ཊњн਼亶ฏ޵Ⲵᮠᦞᓃ޵ᇩ, ਟԕ䪸ሩᮠᦞᓃ亶ฏⲴ൪

Ჟ䘋㹼 SQL ⭏ᡀԫ࣑䇮䇑. 㤕ањᮠᦞ䳶ਚवਜ਼ањ亶ฏ޵Ⲵ⸕䇶, 䛓ṩᦞ䈕ᮠᦞ䳶⭏ᡀⲴ SQL 䈝

ਕ䙊ᑨਚ㜭䘲䝽ᖃࡽ亶ฏ޵Ⲵᓄ⭘. ྲ᷌䴰㾱䇝㓳Ⲵ␡ᓖᆖҐ⁑ර㜭ཏሶ SQL ⭏ᡀ⌋ॆࡠᵚ㿱䗷Ⲵ

ᮠᦞᓃ亶ฏ, .Ⲵᮠᦞ䳶䘋㹼䇝㓳޵䴰㾱᭦䳶ཊњ亶ฏࡉ ᵜ᮷൘ሩᮠᦞ䳶㔬䘠ᯩ䶒俆ݸሶṩᦞ↔㊫൪

Ჟ䘋㹼࠶㊫, ❦ਾ࡛࠶䇘䇪⇿њ㊫࡛лᐢᴹ⹄ウᡰ⎹৺ⲴަԆ൪Ჟ.

൘ᇎ䱵ᔰਁ䗷〻ѝ, ᑨᑨՊ⎹৺䲔Ҷ SQL 䈝ਕԕཆⲴᮠᦞᓃ᫽֌ԓ⸱, ྲᮠᦞᓃ䘎᧕, SQL ḕ䈒

䈝ਕ亴༴⨶ㅹ֯⭘ SQL ཆ䜘ԓ⸱Ⲵ൪Ჟ. 䘉ᱟа⿽ SQL ⭏ᡀⲴᤃኅԫ࣑൪Ჟ, ⭏ᡀཆ䜘ԓ⸱㜭ཏ׳

䘋᫽֌ᮠᦞᓃ⴨ޣᐕ֌Ⲵ㠚ࣘॆ, ᒦ䘋а↕ᨀॷᇎ䱵ᔰਁ൪ᲟѝⲴ SQL 㕆઼֯߉⭘᭸⦷.

⧠ᴹⲴ⹄ウѫ㾱䪸ሩ SQL 䈝ਕ༽ᵲ〻ᓖǃᮠᦞᓃ亶ฏ઼ཊ䖞 SQL ⭏ᡀ൪Ჟ䘋㹼Ҷ⹄ウ, ᒦᨀ

ࠪҶа㌫ࡇⲴᮠᦞ䳶઼⁑රᯩ⌅. ն䶒ੁн਼䈝⿽઼ᇎ䱵ᓄ⭘Ⲵ SQL ⭏ᡀ⹄ウԫ࣑䖳ቁ, ѪҶѠᇼ

SQL ⭏ᡀԫ઼࣑ᓄ⭘൪Ჟ, 䪸ሩн਼൪ᲟⲴᐕ֌䘈ᴹ䘋а↕⹄ウⲴオ䰤.
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ằ␵Ⓚㅹ: สҾ␡ᓖᆖҐⲴ SQL ⭏ᡀ⹄ウ㔬䘠

㺞 1 ঋ亼ตᮦᦤ䳼ԙ㺞ᮽ⥤ᙱ㔉

Table 1 Summary of representative literature on sigle-domain datasets

Paper Year Dataset #Num Domain

Price [8], Iyer et al. [9] 1990 ATIS 5280 Air travel information

Zelle and Mooney [10], Popescu et al. [2] 1996 GeoQuery 877 Geographic information

Tang and Mooney [11], Popescu et al. [2] 2000 Restaurants 378 Restaurant, food and location information

Li et al. [12] 2014 Academic 196 Microsoft academic information

Yaghmazadeh et al. [3] 2017 Yelp 131 Yelp website

Yaghmazadeh et al. [3] 2017 IMDB 128 IMDB website

Iyer et al. [9] 2017 Scholar 817 Academic publication information

Finegan-Dollak et al. [13] 2018 Advising 4570 Student course information

4 SQL ⭕ᡆᮦᦤ䳼

ᶴ䙐བྷ㿴⁑儈䍘䟿ᮠᦞ䳶ᱟสҾ␡ᓖᆖҐⲴ SQL ⭏ᡀ⹄ウⲴส⹰, ᮠᦞ䳶Ⲵ䇮䇑઼ᶴ䙐ҏаⴤ

ᱟ SQL ⭏ᡀ亶ฏⲴањޣ䭞⹄ウ䰞仈. ᰙᵏޣҾᮠᦞ䳶Ⲵ⹄ウѫ㾱䪸ሩ⢩ᇊ亶ฏⲴᮠᦞᓃ᭦䳶ḕ䈒

䰞仈઼⴨ᓄⲴ SQL䈝ਕ. 䘁ᒤᶕ,ᴤཊⲴ⹄ウᐕ֌䳶ѝҾ䐘亶ฏ (cross-domain)Ⲵ SQL⭏ᡀ,ণ䪸ሩ

ཊњᮠᦞᓃ䇮㖞䰞仈઼⴨ޣⲴ SQL䈝ਕ, 䘉㾱≲ SQL⭏ᡀ⁑ර൘ᆖҐḀӋ亶ฏкⲴ⸕䇶ਾ㜭ཏ⌋ॆ

.н਼亶ฏⲴḕ䈒䴰≲кࡠ ᵜ㢲ሶӾᮠᦞ䳶ᱟ੖䐘亶ฏⲴ䀂ᓖሩᐢᴹ⹄ウᐕ֌䘋㹼㌫㔏ᙫ㔃.

4.1 ঋ亼ตᮦᦤ䳼

൘⹄ウᰙᵏ, བྷ䜘࠶ SQL ⭏ᡀᮠᦞ䳶ਚ⎹৺ҶḀњ⢩ᇊ亶ฏঅњᮠᦞᓃ. 䘉㊫ᮠᦞ䳶ᑨᑨवਜ਼

ањᮠᦞᓃѝⲴཊњᮠᦞ㺘. 䇝㓳઼⍻䈅䗷〻ᡰ֯⭘Ⲵᮠᦞ൷⭡䈕ᮠᦞᓃӗ⭏. 㺘 1 [2, 3, 8∼13] ኅ⽪Ҷ

অ亶ฏᮠᦞ䳶Ⲵԓ㺘᮷⥞઼ᮠᦞ䳶สᵜ㔏䇑ᮠᦞ. ਟԕਁ⧠অ亶ฏⲴᮠᦞ䳶Ⲵᶴ䙐ᰦ䰤䖳ᰙ, ⴨ᓄⲴ

ᮠᦞ䟿ҏ䖳ቁ.

ṩᦞн਼亶ฏⲴާփ൪Ჟ઼⴨ᓄᮠᦞ, н਼⹄ウ㘵ሩ਴⿽亶ฏ޵Ⲵḕ䈒䰞仈઼ SQL ᮠᦞ䘋㹼Ҷ

অ⤜Ⲵ᭦䳶. Tang ઼ Mooney [11] ԕ৺ Popescu ㅹ [2] սޣҾ佀侶ǃ伏⢙ԕ৺⴨ޣҶࡠਾᮤ⨶ᗇݸ

㖞ؑ᚟Ⲵ Restaurants ᮠᦞ䳶. Li ㅹ [12] ൘ᗞ䖟ᆖᵟᩌ㍒ (Microsoft Academic Search, MAS) к᭦

䳶Ҷ Academic ᮠᦞ䳶. ަѝ SQL 䈝ਕ䙊䗷᷊Ѯ MAS 㖁ㄉⲴᩌ㍒亥䶒㺘⽪Ⲵ⇿њ䙫䗁ḕ䈒ᗇࠪ.

Yaghmazadehㅹ [3] ᭦䳶ҶޣҾ Yelp઼ IMDB㖁ㄉк⴨ޣⲴḕ䈒ᮠᦞ,ᶴ䙐Ҷ Yelp઼ IMDBᮠᦞ䳶.

ᮠᦞ䳶ѝⲴ䰞仈൷⭡ᮠᦞḷ⌘㘵ᨀࠪ, ަѝ䰞仈޵ᇩ㺘䗮Ҷḷ⌘㘵ᐼᵋ൘ Yelp ઼ IMDB ᮠᦞᓃ䘋㹼

ḕ䈒Ⲵ᜿മ. Iyerㅹ [9] สҾ৏࿻ޣҾ㡚⨝亴䇒Ⲵ ATISᮠᦞ䳶 [8, 14],ሶ৏ᶕվ᭸⦷Ⲵ SQLḕ䈒䘋㹼Ҷ

᭩,ᶴ䙐Ҷᯠ⡸ᵜⲴ؞ SQL⭏ᡀᮠᦞ䳶. ൘↔ส⹰к,䘋а↕傼䇱Ҷ؞᭩ਾⲴḕ䈒㔃᷌⋑ᴹ᭩ਈ,؍䇱

ᮠᦞ䳶࣏㜭Ⲵа㠤ᙗ. ਼ᰦ൘ Iyer ㅹⲴ䘉ㇷᐕ֌ѝ, ԆԜҏਁᐳҶ㠚ᐡⲴᮠᦞ䳶 Scholar, ަѝ᭦䳶Ⲵ

ᮠᦞѪ⭘ᡧޣҾᆖᵟਁ㺘ؑ᚟Ⲵḕ䈒䰞仈. Scholar о Academic ᮠᦞ䳶㊫լ, ն֯⭘Ⲵᮠᦞᓃᆈ൘ᐞ

ᔲ. Popescu ㅹ [2] ઼ Iyer ㅹ [9] ਾḷ⌘઼ᆼழݸ GeoQuery ᮠᦞ䳶. GeoQuery ᱟ㖾ഭൠ⨶⴨ޣ䰞仈Ⲵ

ḕ䈒ᮠᦞ,৏࿻⡸ᵜѪḕ䈒䰞仈઼䙫䗁㕆〻䈝䀰㓴ᡀⲴᮠᦞ䳶,ѫ㾱⭘Ҿ䈝ѹ䀓᷀ԫ࣑.ਾᶕ؞᭩ᡀѪ

ḕ䈒䰞仈઼ SQL 䈝ਕⲴᮠᦞ, ਟԕ⭘Ҿ SQL ⭏ᡀԫ࣑. Finegan-Dollak ㅹ [13] ᨀࠪ Advising ᮠᦞ䳶,

䘉ᱟޣҾ Michigan བྷᆖ䈮〻ؑ᚟Ⲵᮠᦞᓃḕ䈒ᮠᦞ䳶. ަѝаӋḕ䈒䰞仈ᱟӾ⴨ޣ䜘䰘Ⲵ Facebook

亥䶒᭦䳶Ⲵ, ަԆḕ䈒䰞仈ᱟ⭡Ҷ䀓ᮠᦞᓃⲴ䇑㇇ᵪуъᆖ⭏㕆߉Ⲵ. 䘉ㇷᐕ֌ѝ, Finegan-Dollakㅹ

䘈ሩѻࡽⲴ SQL ⭏ᡀ⴨ޣᮠᦞ䳶䘋㹼Ҷ઼᷀࠶༴⨶, ѫ㾱वᤜሩᮠᦞⲴ৫䟽઼؞↓༴⨶. ᴰਾਁᐳ
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㺞 2 䐞亼ตᮦᦤ䳼ԙ㺞ᮽ⥤ᙱ㔉

Table 2 Summary of representative literature on cross-domain datasets

Paper Year Dataset #Num #DB.Num

Zhong et al. [15] 2017 WikiSQL 80654 24241

Shi et al. [16] 2020 SQUALL 11276 2108

Yu et al. [17] 2018 Spider 9693 200

Lee et al. [18] 2021 KaggleDBQA 272 8

Min et al. [19] 2019 CSpider 9691 166

Sun et al. [20] 2020 TableQA 49974 5291

Wang et al. [21] 2020 DuSQL 23797 200

Yu et al. [22] 2019 SParC 12726 200

Yu et al. [23] 2019 CoSQL 15598 200

Guo et al. [24] 2021 CHASE 17940 280

ҶޣҾѻࡽ SQL ⭏ᡀ⹄ウᐕ֌ᮠᦞ䳶Ⲵ༴⨶ਾ⡸ᵜ, Ѫਾ㔝Ⲵ SQL ⭏ᡀԫ࣑ᨀ׋Ҷ࡙ׯ.

ⴞࡽঅ亶ฏⲴᮠᦞ䳶ѫ㾱֯⭘㤡䈝᧿䘠઼㤡᮷ᮠᦞᓃ, ᒦф䟷⭘অ䖞Ⲵᯩᔿ⭏ᡀㆰঅⲴ SQL 䈝

ਕ. অ亶ฏⲴ SQL ⭏ᡀᮠᦞ䳶ਚ㾱≲ SQL ⭏ᡀ㌫㔏ᆖҐḀњ⢩ᇊ亶ฏⲴ⸕䇶, ᒦ൘䈕亶ฏⲴ㊫լ䰞

仈к䘋㹼ᓄ⭘. 䘉㊫ᮠᦞ䳶䘲ਸ䇝㓳ԫ࣑ⴞḷঅаⲴ SQL ⭏ᡀ⁑ර, 䘉㊫⁑ර䙊ᑨᓄ⭘㤳തᴹ䲀ф

ᰐ⌅⌋ॆަࡠԆ亶ฏⲴ SQL ⭏ᡀԫ࣑.

4.2 䐞亼ตᮦᦤ䳼

൘ⵏᇎᓄ⭘൪Ჟѝ,ᮠᦞᓃḕ䈒ԫ࣑ᑨᑨ⎹৺ཊњᮠᦞᓃ,ഐ↔㾱≲ SQL⭏ᡀ⁑ර㜭ཏ⌋ॆࡠ䇝

㓳䗷〻ѝ⋑ᴹࠪ⧠䗷Ⲵᮠᦞᓃк. 㺘 2 [15∼24] ᙫ㔃Ҷ䐘亶ฏⲴᮠᦞ䳶Ⲵԓ㺘᮷⥞઼㔏䇑ᮠᦞ. 䐘亶ฏ

ᮠᦞ䳶ሶཊњ亶ฏⲴᮠᦞᓃ䘋㹼Ҷ≷ᙫ, 㾱≲⁑ර൘ަѝаӋᮠᦞᓃ亶ฏк䇝㓳, ᒦ⌋ॆࡠн਼亶ฏ

Ⲵᮠᦞᓃк. оঅ亶ฏⲴᮠᦞ䳶⴨∄, 䐘亶ฏⲴᮠᦞ䳶⎹৺Ⲵᮠᦞᓃ઼ᮠᦞᮠ䟿ҏᴤཊ.

䐘亶ฏᮠᦞ䳶ᖰᖰ⴨䖳Ҿঅ亶ฏᮠᦞ䳶ᴹᴤབྷⲴ㿴⁑, ն䐘亶ฏᮠᦞ䳶޵䜘Ⲵ SQL 䈝ਕ༽ᵲᓖ

ҏᱟ४࠶䐘亶ฏᮠᦞ䳶Ⲵ⢩ᖱѻа. Zhong ㅹ [15] Ӿ Wikipedia ѝᣭਆҶ 24241 њ HTML ᮠᦞ㺘, ֯

⭘ӊ傜䘺Շवᒣਠ䘋㹼Ӫᐕḷ⌘, ᶴ䙐ҶབྷරⲴ WikiSQL ᮠᦞ䳶. ḷ⌘䗷〻ѝ俆֯ݸ⭘⁑⡸Ⲵᯩᔿ

⭏ᡀ㋇㋂ᓖⲴḕ䈒䰞仈, ❦ਾ䇙ḷ⌘㘵ṩᦞ䰞仈઼ᮠᦞ㺘ࠪ߉⴨ᓄⲴ SQL 䈝ਕ. ਾ㔝ҏሩ䰞仈᧿䘠

઼ SQL 䈝ਕⲴа㠤ᙗ䘋㹼ҶӪᐕỰ傼. WikiSQL वਜ਼Ҷཊњ亶ฏ޵Ⲵঅ㺘ᮠᦞᓃ, նަѝⲴ SQL 䈝

ਕ⴨ሩㆰঅ, ⋑ᴹ⎹৺༽ᵲⲴ SQL ᫽֌. Shi ㅹ [16] สҾ WikiTableQuestions [25] ѝ⴨ޣḕ䈒ᶴ䙐Ҷ

SQUALLᮠᦞ䳶, ަѝḕ䈒䰞仈нӵवਜ਼ㆰঅⲴ㺘Ṭḕ᢮, 䘈ާᴹ儈ᓖⲴ㓴ਸᙗ. ൘ SQUALLᮠᦞ䳶

ѝ, 俆ݸṩᦞḕ䈒䰞仈ᶴ䙐Ҷⴞḷԓ⸱Ⲵ SQL 㺘⽪ᖒᔿ, ❦ਾḷ⌘Ҷḕ䈒䰞仈઼ⴞḷ SQL ѻ䰤Ⲵ䇽

≷᱐ሴޣ㌫. 䘉⿽㓶㋂ᓖⲴޣ㚄ؑ᚟߿ቁҶ⁑රᆖҐ䗃ޕ䗃ࠪѻ䰤ሩ喀ؑ᚟Ⲵ䳮ᓖ, ᇎ傼㔃᷌ҏ䇱᰾

Ҷ䘉⿽ḷ⌘ؑ᚟Ⲵᴹ᭸ᙗ. Yuㅹ [17] ᶴ䙐Ҷањབྷ㿴⁑ǃ༽ᵲⲴ䐘亶ฏ SQL⭏ᡀᮠᦞ䳶 —— Spider.

䈕ᮠᦞ䳶वਜ਼Ҷ 200 њᮠᦞᓃ, 183 њн਼Ⲵ亶ฏ, ԕ৺䶎ᑨ༽ᵲⲴ SQL ḕ䈒䈝ਕ. Spider ᮠᦞ䳶ѝ

SQL ༽ᵲⲴ৏ഐѫ㾱वਜ਼єᯩ䶒: (1) ḕ䈒ᖃࡽ㺘ⲴᶑԦ䟼ਟ㜭䴰㾱ӾަԆᮠᦞ㺘㧧ਆؑ᚟; (2) SQL

䈝ਕѝवਜ਼Ҷ༽ᵲⲴḕ䈒ᶑԦ, ྲ “GROUP BY” ઼ “ORDER BY”. ⴨ሩҾ WikiSQL, Spider ᮠᦞ䳶

᰾ᱮᨀॷҶሩ⁑ර⭏ᡀ SQL 㜭࣋Ⲵ㾱≲. Lee ㅹ [18] สҾ Kaggle ㄎ䎋ᒣਠкⵏᇎⲴᮠᦞᓃ᭦䳶Ҷ䐘

ฏ䇴ՠᮠᦞ䳶 KaggleDBQA. ѪҶㅖਸᐕъ⭼ⵏᇎⲴ൪Ჟ, KaggleDBQA ѝⲴᮠᦞᓃ⋑ᴹሩᮠᦞᓃ⁑

1371

 https://engine.scichina.com/doi/10.1360/SSI-2021-0316



ằ␵Ⓚㅹ: สҾ␡ᓖᆖҐⲴ SQL ⭏ᡀ⹄ウ㔬䘠

ᔿ䘋㹼仍ཆⲴ亴༴⨶, ḕ䈒䰞仈ѝҏቭ䟿䚯ݽҶᨀࡠᮠᦞᓃѝⲴࡇ਽〠. KaggleDBQA ਼ᰦҏ֯⭘Ҷ

ᮠᦞᓃ᮷ẓ઼⴨ޣ᧿䘠ᶕ໎ᕪ⁑රሩ亶ฏؑ޵᚟ⲴᆖҐ, ԕ↔໎࣐൘亶ฏཆ亴⍻Ⲵ↓⺞⦷. о Spider

⴨∄䖳, KaggleDBQA ൘ SQL 䈝ਕкާᴹᴤཊ∄ֻⲴ儈䳮ᓖḕ䈒, ᒦфᴤ࣐ㅖਸᐕъ⭼⭏ᡀ SQL Ⲵ

൪Ჟ.

४࠶䐘亶ฏ SQL ⭏ᡀᮠᦞ䳶Ⲵਖањ⢩ᖱᱟ䈝䀰㊫ර, ѻࡽⲴབྷཊᮠᦞ䳶䜭֯⭘㤡䈝֌Ѫ唈䇔

䈝䀰,նѪҶ䘲䝽֯⭘ѝ᮷Ⲵᓄ⭘൪Ჟ,ҏᴹаӋ⹄ウޣ⌘ѝ᮷ SQLᮠᦞ䳶. Minㅹ [19]ṩᦞ Spiderᮠ

ᦞ䳶,ሶ㤡᮷᧿䘠䙊䗷Ӫᐕ㘫䈁ᡀѝ᮷᧿䘠,Ӿ㘼ᶴᔪҶ CSpider. 䘉⿽㊫රⲴᮠᦞ䳶㔉 SQL⭏ᡀᑖᶕ

Ҷྲлє⛩ᯠⲴ᥁ᡈ, 俆ݸᱟᔪ・ѝ᮷ḕ䈒䰞仈઼㤡᮷Ⲵᮠᦞ㺘Ⲵ᱐ሴᆈ൘ഠ䳮, ަ⅑ᱟԕঅ䇽Ѫঅ

սሩᮠᦞ㺘䘋㹼࠶䇽ਟ㜭ࠪ䭉.൘↔ส⹰к, Minㅹҏ䙊䗷 CSpider傼䇱Ҷ䐘䈝䀰 (cross-lingual)Ⲵ䇽

፼ᯩޕ⌅Ⲵᴹ᭸ᙗ. Sun ㅹ [20] Ӿн਼亶ฏ᭦䳶Ҷ䎵䗷 6000 њᮠᦞ㺘䘋㹼ḷ⌘઼Ự傼, ᶴ䙐Ҷѝ᮷ᮠ

ᦞ䳶 TableQA.оѻࡽⲴᐕ֌⴨∄䖳, TableQA㘳㲁ࡠҶⵏᇎ൪Ჟѝ਼ањһ⢙ਟ㜭Պᴹн਼Ⲵ㺘䗮,

ԕ৺ḕ䈒Ⲵ䰞仈ᱟ੖ਟԕഎㆄєњᑨ㿱Ⲵ䰞仈. TableQAᮠᦞ䳶ѝⲴ SQL༽ᵲ〻ᓖоWikiSQL㊫լ,

ն֯⭘Ⲵᮠᦞᓃᱟѝ᮷ᮠᦞᓃ. Wangㅹ [21] ᶴ䙐ҶањབྷරⲴ䐘亶ฏ SQL⭏ᡀⲴᮠᦞ䳶 DuSQL,ަ

ѝ֯⭘ѝ᮷᧿䘠઼ѝ᮷ᮠᦞᓃ. 䈕᮷俆᷀࠶ݸҶ⭘ᡧ൘ⵏᇎ൪Ჟѝ֯⭘ SQL ḕ䈒䈝ਕⲴ࠶ᐳ, ᒦ㘳

㲁Ҷަѝབྷ䟿Ⲵᮠᦞ㺘ѝ㹼/ࡇ䘀㇇Ⲵᛵߥ. ᧕⵰൘ᮠᦞᶴ䙐䗷〻ѝ, DuSQL䙊䗷ᇊѹⲴ SQL䈝⌅㠚

ࣘ⭏ᡀ SQL ḕ䈒䈝ਕ઼ሩᓄⲴ՚䈝䀰䰞仈᧿䘠, ᒦ䙊䗷Շवᯩᔿሶ՚䈝䀰䰞仈᧿䘠᭩߉Ѫ㠚❦䈝䀰

䰞仈.

䘁ᒤᶕ,൘䐘亶ฏᮠᦞ䳶Ⲵส⹰к,кл᮷׍䎆Ⲵཊ䖞 SQL⭏ᡀԫ࣑ҏᕅ䎧Ҷ䎺ᶕ䎺ཊ⹄ウ㘵Ⲵ

.⌘ޣ 䘉㊫ SQL ⭏ᡀԫ࣑䘲⭘Ҿ䴰㾱ੁ SQL ⭏ᡀ㌫㔏䈒䰞а㌫ࡇ䰞仈ᶕ䘋㹼༽ᵲḕ䈒Ⲵ൪Ჟ, 㾱≲

SQL⭏ᡀ⁑ර㜭ཏᦅ᥹ࡽ᮷ḕ䈒Ⲵؑ᚟ᒦ⭘Ҿਾ㔝Ⲵḕ䈒䗷〻. Yuㅹ [22] ᶴ䙐Ҷањवਜ਼ 4298䖞ሩ

䈍Ⲵ SQL⭏ᡀᮠᦞ䳶 SParC,䈕ᮠᦞ䳶нӵ㾱≲⁑ර㜭ཏ⌋ॆࡠᯠⲴ亶ฏ,ᒦф㾱≲ӾѠᇼⲴкл᮷

ӔӂѝᆖҐަѝⲴ׍䎆ޣ㌫. SParC ѝ֯⭘৏࿻ Spider ᮠᦞ䳶ѝⲴḕ䈒䰞仈֌ѪᶴᔪӔӂḕ䈒Ⲵᤷ

ሬؑ᚟, ᮠᦞḷ⌘㘵ṩᦞ Spider ѝⲴḕ䈒䰞仈ᨀࠪ⴨ӂޣ㚄Ⲵ䰞仈ᒦ֌ѪӔӂⲴⴞḷ. ᮠᦞ䳶ѝⲴӔ

ӂ䰞仈ṩᦞ༽ᵲⲴ SQLḕ䈒᭩㕆,ᒦ⭡ḷ⌘㘵䘋㹼аᇊ〻ᓖⲴӔӂ᧒㍒,ᴰਾḷ⌘㘵ሶ⇿ањӔӂѝ

Ⲵ䰞仈䖜ॆѪ SQLḕ䈒䈝ਕ,Ӿ㘼ᶴᔪ↔㊫ᮠᦞ䳶Ⲵᮠᦞঅݳ. 2019ᒤ, Yuㅹ [23] 㔗㔝ᨀࠪањवਜ਼

3007䖞ሩ䈍Ⲵ SQL⭏ᡀᮠᦞ䳶 CoSQL.⴨∄䖳ҾѻࡽⲴ SParC, CoSQLⲴᮠᦞᴤ࣐䍤䘁ⵏᇎ൪Ჟѝ

ੁ SQL ⭏ᡀ㌫㔏䈒䰞Ⲵᛵߥ. ᖃੁ SQL ⭏ᡀ㌫㔏ḕ䈒ᰦ, CoSQL ᮠᦞ䳶ѝ㘳㲁Ҷྲ᷌ᰐ⌅⭘ SQL

䈝ਕ䘋㹼എㆄᰦ, ᓄᖃԕаᇊⲴᯩᔿੁᨀ䰞㘵▴␵ᡆᨀ⽪䈕䰞仈ᰐ⌅എㆄ, ྲ᷌㜭ཏഎㆄࡉ䘄എ⴨ᓄ

Ⲵ SQL ḕ䈒䈝ਕ. Guo ㅹ [24] ᭦䳶Ҷањवਜ਼ 5459 䖞ሩ䈍Ⲵ༽ᵲѝ᮷ᮠᦞ䳶 CHASE. оѻࡽⲴ䐘

亶ฏкл᮷׍䎆ᮠᦞ䳶⴨∄䖳, CHASE໎ᕪҶкл᮷׍䎆Ⲵ⢩⛩ԕ৺໎࣐Ҷሩ䈍䗷〻ѝ SQLⲴ༽ᵲ

〻ᓖ. CHASE ਟԕ࠶Ѫє䜘࠶, CHASE-C ઼ CHASE-T. ൘ CHASE-C ѝ, 12 ਽ᆖ⭏֌Ѫḷ⌘㘵䘋㹼

䰞仈ᒿࡇⲴᔪ・, ԕ৺⴨ᓄ SQL 䈝ਕⲴḷ⌘. ൘↔䗷〻ѝ䘈ᨀ׋Ҷḕ䈒᜿മ᧘㦀ᯩ⌅ᶕ؍䇱ཊṧᙗ.

൘ CHASE-T ѝ, ㊫լҾ CSpider, ⴤ᧕ሶ SParC ѝⲴӔӂḕ䈒ᮠᦞ䳶㘫䈁Ѫѝ᮷ᮠᦞ䳶ᒦ㕃䀓ѝ㤡

᮷ѻ䰤Ⲵٿᐞ. Ӿ㘼ሶє䜘࠶㔃ਸᶴᔪҶㅜањབྷරѝ᮷䐘亶ฏкл᮷׍䎆Ⲵ SQL ⭏ᡀᮠᦞ䳶.

4.3 ቅ㔉

Ӿঅ亶ฏⲴᮠᦞ䳶ࡠ䐘亶ฏᮠᦞ䳶, ,䎆Ⲵᮠᦞ䳶׍䐘亶ฏкл᮷ࡠ޽ 䲿⵰ SQL ⭏ᡀᢰᵟⲴਁ

ኅ, SQL⭏ᡀ⴨ޣᮠᦞ䳶ҏਈᗇ䎺ᶕ䎺༽ᵲ,䎺ᶕ䎺䍤ਸᇎ䱵Ⲵᓄ⭘൪Ჟ. о↔਼ᰦ,ҏᴹ䎺ᶕ䎺ཊⲴ

⹄ウ㘵ޣ⌘བྷ㿴⁑ѝ᮷ SQL ⭏ᡀᮠᦞ䳶Ⲵ⹄ウ, 䘉ᴹ࡙Ҿ੨ᕅ⹄ウ㘵ᔰኅѝ᮷᧿䘠઼ᮠᦞᓃ⴨ޣ㕆

⸱Ⲵ⹄ウ.ᮠᦞ䳶ᱟสҾ␡ᓖᆖҐⲴᯩ⌅ѝ䶎ᑨ䟽㾱Ⲵа䜘࠶,ᮠᦞ䳮ᓖⲴ໎࣐㔉 SQL⭏ᡀ亶ฏнᯝ
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For the cars with 4 cylinders , which model has the largest horsepower ? 

id … Cylinders … Horsepower …

cars_data

make_id model make

cars_names

Encoding

… … 4 … … …

1

2

NL encoding

Database encoding

1

2

Table name matching

Column name matching

Content matching

Schema linking3

3
Legend

ഴ 3 㕌⸷䗽ぁ⽰ׁ

Figure 3 An example of encoding process

ᨀࠪᯠⲴ᥁ᡈ, ᧘ࣘҶ SQL ⭏ᡀ⴨ᯩޣ⌅Ⲵ⹄ウ, ֯ᗇสҾ␡ᓖᆖҐⲴ SQL ⭏ᡀ⁑රа↕↕ੁᇎ䱵

ᓄ⭘䗸䘋. ⴞࡽ൘⧠ᴹḀӋᮠᦞ䳶к, ᴰݸ䘋Ⲵᯩ⌅䗮ࡠ䶎ᑨ儈Ⲵ߶⺞⦷, 㘼࢙лⲴᛵߥਟ㜭⭡ḷ߶

Ⲵ SQL䈝ਕḷ⌘䭉䈟ሬ㠤.ഐ↔ᡁԜᓄ⌘᜿ࡠᮠᦞ䳶ѝḷ⌘ٿᐞᑖᶕⲴ䈟ᣕ⦷,Ự⍻ᮠᦞ䳶ѝḕ䈒䈝

ѹо SQL 䈝ਕнሩᓄⲴᛵߥ, ᨀॷᮠᦞ䍘䟿. ਖཆ, ⧠ᴹᮠᦞ䳶䙊ᑨ㾱≲Ӫᐕ৲оḷ⌘઼Ựḕ, ഐ↔

བྷ㿴⁑ᮠᦞ䳶ᖰᖰ᜿ણ⵰བྷ䟿Ⲵḷ⌘ԓԧ. ਾ㔝⹄ウᓄ㔗㔝᧒㍒䶒ੁᇎ䱵ᓄ⭘൪ᲟⲴ儈䍘䟿ᮠᦞ䳶,

ԕ৺ྲօ䱽վሩབྷ㿴⁑ᮠᦞ䳶Ⲵḷ⌘ᔰ䬰.

5 ⁗ශ㔉ᶺ

5.1 㕌⸷⁗ශ

สҾ␡ᓖᆖҐⲴᯩ⌅俆ݸ㾱≲⁑රⲴ䗃ޕѪᮠᆇ㊫රⲴੁ䟿,ᒦ㾱≲㕆⸱ਾ㜭ཏቭਟ㜭ൠ؍⮉৏

࿻䗃ޕⲴᡰᴹ䈝ѹ. ሶ䗃ޕⲴؑ᚟㕆⸱Ѫਸ䘲Ⲵੁ䟿ᖒᔿᱟ䇝㓳␡ᓖᆖҐ⁑රѝ䶎ᑨ䟽㾱Ⲵ⧟㢲, ᆳ

ሶⴤ᧕ߣᇊਾ㔝䈝ѹ䀓᷀Ⲵ᭸᷌.⭡Ҿ SQL⭏ᡀⲴ⢩↺ᙗ,൘㕆⸱䱦⇥䴰㾱਼ᰦ㘳㲁㠚❦䈝䀰ᖒᔿⲴ

ḕ䈒䰞仈ǃ㔃ᶴॆⲴᮠᦞᓃؑ᚟ԕ৺㠚❦䈝䀰оᮠᦞᓃѻ䰤Ⲵ⁑ᔿ䬮᧕ؑ᚟.

മ 3 ኅ⽪Ҷ㕆⸱䗷〻ѝ䴰㾱㘳㲁Ⲵ޵ᇩ. ަѝ㕆ਧ 1 Ѫ㠚❦䈝䀰㕆⸱䜘࠶, 㕆ਧ 2 Ѫᮠᦞᓃ㕆⸱

䜘࠶, 㕆ਧ 3 Ѫ⁑ᔿ䬮᧕䜘࠶. ྲമ 3 ᡰ⽪, ᮠᦞᓃ⴨ޣⲴ㕆⸱нӵ䴰㾱㘳㲁ᮠᦞᓃ⁑ᔿⲴ㕆⸱, ণ

䪸ሩ cars data ઼ cars names єᕐᮠᦞ㺘Ⲵ㕆⸱, 䘈䴰㾱㘳㲁⁑ᔿ䬮᧕Ⲵ㕆⸱, ֻྲሶ㠚❦䈝䀰ѝⲴ

cars ሩᓄࡠമѝⲴєᕐ㺘, ሶ cylinders, model ઼ horsepower ሩᓄࡠ㺘ѝⲴࡇ਽〠. ⧠ᴹ⹄ウᐕ֌व

ᤜҶ൘ᮠᦞᓃ㕆⸱䜘࠶㘳㲁⁑ᔿ䬮᧕Ⲵڊ⌅, ԕ৺অ⤜㘳㲁ᨀॷ⁑රሩ⁑ᔿ䬮᧕⨶䀓㜭࣋Ⲵڊ⌅, л

䶒ሶሩ䘁ᒤᶕу⌘Ҿᨀॷ⁑ර⁑ᔿ䬮᧕㜭࣋Ⲵ⹄ウᐕ֌࠶ᔰ䇘䇪. 䲔↔ѻཆ, ᮠᦞᓃ޵ᇩਟԕ࠶Ѫᮠ

ᦞᓃ⁑ᔿ઼ᮠᦞᓃ䇠ᖅ, аӋ⹄ウᐕ֌ҏሩᮠᦞᓃѝⲴ䇠ᖅ䘋㹼㕆⸱, ֻྲሶ㠚❦䈝䀰ѝⲴᮠᆇ 4 ሩ

ᓄࡠᮠᦞ㺘ѝⲴ䇠ᖅ.

5.1.1 㠠❬䈣䀶㕌⸷

SQL Ⲵḕ䈒䰞仈䙊ᑨԕ㠚❦䈝䀰Ⲵᖒᔿ᧿䘠, ྲօ൘⁑රѝ㺘⽪↔㊫㠚❦䈝䀰Ⲵ᧿䘠ҏᱟ㠚❦

䈝䀰༴⨶ (natural language processing, NLP)亶ฏⲴ䟽㾱⹄ウᯩੁ.䲿⵰␡ᓖᆖҐⲴਁኅ,ⴞࡽสҾ⾎

㓿㖁㔌Ⲵ䇽࠶ᐳ㺘⽪, ণ䇽፼ޕ (word embedding), ᱟ⭏ᡀ㠚❦䈝䀰㺘⽪Ⲵᴰᴹ᭸ᯩ⌅. 䇽፼ޕ⁑ර

ᖰᖰ䙊䗷䇝㓳䈝䀰⁑ර (language model) [26] ᡆ㘵֯⭘⢩ᇊⲴ⾎㓿㖁㔌 [27] ᶕ⭏ᡀঅ䇽઼ަкл᮷Ⲵ
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ằ␵Ⓚㅹ: สҾ␡ᓖᆖҐⲴ SQL ⭏ᡀ⹄ウ㔬䘠

Word2Vec Glove fastText ELMo GPT BERT

2013 2014 2015 2016 2017 2018 2019

BART

ഴ 4 㔅ޮ䈃ᎂޛ⁗ශⲺᰬ䰪㓵

Figure 4 A timeline of classical word embedding models

䈝ѹ㺘⽪. മ 4 ኅ⽪Ҷ൘䇽፼ޕ亶ฏާᴹ䟽㾱ᖡ૽Ⲵ㓿ި⁑ර.

Word2Vec [28, 29] ઼ Glove [30] ᱟ䇽፼ޕ䖳ᰙᰦᵏⲴ㓿ި⁑ර. Word2Vec ֯⭘䘎㔝䇽㺻⁑ර (con-

tinuous bag-of-words, CBOW) ઼䐣ᆇ⁑ර (skip-gram) ᶕᦅ᥹অ䇽Ⲵ䈝ѹؑ᚟ᒦሶᆳԜ䖜ॆࡠл⑨ԫ

࣑֯⭘. ަѝ䘎㔝䇽㺻⁑ර: 䗃ޕᐢ⸕кл᮷, 䗃ࠪሩлњঅ䇽Ⲵ亴⍻. о↔⴨৽Ⲵᱟ䐣ᆇ⁑ර: 䗃

,Ḁњঅ䇽ޕ 䗃ࠪሩᆳкл᮷䇽ੁ䟿Ⲵ亴⍻. 䘉є⿽ᯩ⌅Ӿᐢᴹ䈝ᯉѝ䇝㓳ਾਟԕᗇࡠ⇿њ䇽Ⲵ㺘⽪

ؑ᚟. Glove ൘ Word2Vec Ⲵส⹰к৸࡙⭘ޡ⧠⸙䱥㘳㲁Ҷޘተ઼ተ䜘Ⲵؑ᚟, ԕ↔ᶕᕕ㺕 Word2Vec

ਚ㘳㲁ተ䜘デਓᡰᑖᶕⲴн䏣. fastText [31] ᱟањ䇑㇇䇽ੁ䟿઼᮷ᵜ࠶㊫Ⲵᐕާ, оѻࡽⲴᐕ֌⴨∄

䖳, ᆳᒦ⋑ᴹሶঅ䇽֌Ѫнਟࢢ࠶Ⲵঅս, 㘼ᱟ㘳㲁Ҷᆇㅖ㓗࡛Ⲵ n-gram Ⲵؑ᚟. 䘉ṧᑖᶕⲴྭ༴ᱟ

㜭ཏሩ䇽㺘ѻཆⲴঅ䇽䇑㇇䇽ੁ䟿, ഐѪᆳԜⲴ n-gram ਟ㜭о䇽㺘޵Ⲵঅ䇽ޡӛ.

❦㘼,ԕк䇽፼ᯩޕ⌅ᗇࡠঅ䇽ੁ䟿ਾᖰᖰ䴰㾱㓿䗷⢩ᇊⲴ⾎㓿㖁㔌᡽㜭ᗇᮤࡠփⲴ㠚❦䈝䀰㕆

⸱㺘⽪, 䘉㊫⢩ᇊⲴ⾎㓿㖁㔌वᤜҶ RNN [27] ㌫ࡇ㖁㔌઼ Transformer [32] ㌫ࡇ㖁㔌. Ր㔏⾎㓿㖁㔌䇑

㇇䳀㯿ቲ䗃ࠪྲᔿ (1) ᡰ⽪:

H = φ(XWxh + bh), (1)

ަѝ X Ѫ䗃ޕⲴᢩ䟿ᮠᦞ, φ Ѫ◰⍫࠭ᮠ, Wxh ઼ bh ѪਟᆖҐ৲ᮠ, H Ѫ䳀㯿ቲ䗃ࠪ. ྲ᷌ሶк䘠

䳀㯿ቲ⭘Ҿ䗃ࠪ, ਚ䴰໎࣐ᔿࡉ (2):

O = HWhq + bq, (2)

ަѝ O Ѫ䗃ࠪ㔃᷌, Whq ઼ bq ѪਟᆖҐ৲ᮠ. оՐ㔏⾎㓿㖁㔌⴨∄, RNN ໎࣐Ҷ䳀㯿⣦ᘱⲴ⢩ᙗ,

ྲᔿ (3) ѝⲴ Ht−1 ᡰ⽪:

Ht = φ(XtWxh +Ht−1Whh + bh). (3)

䇑㇇ᖃࡽᰦ䰤↕僔 t Ⲵ䳀㯿ቲ⣦ᘱ Ht 䴰㾱࡙⭘ t− 1 ↕Ⲵ䳀㯿ቲ⣦ᘱ Ht−1, ަѝᯠ໎Ⲵ Whh Ѫਟ

ᆖҐ৲ᮠ, ⭘Ҿ᧿䘠ྲօ֯⭘кањ䳀㯿ቲ⣦ᘱ. ਼ṧൠ, ᰦ䰤↕僔 t Ⲵ䳀㯿ቲ⣦ᘱՊ㻛⭘Ҿлаᰦ

䰤↕僔䳀㯿ቲ⣦ᘱⲴ䇑㇇, ᡰԕᱟާᴹᗚ⧟⢩⛩Ⲵ⾎㓿㖁㔌. ާᴹ䘉⿽⢩⛩Ⲵ⾎㓿㖁㔌ਟԕᦅ᥹ᒿࡇ

,ਾⲴ㚄㌫ࡽ ᴤᴹ࡙Ҿᒿؑࡇ᚟Ⲵ㺘⽪, ⴞࡽҏᴹа㌫ࡇ⹄ウสҾ RNN 㔃ᶴ䘋㹼᭩䘋઼ᓄ⭘ [33∼37].

Tranformer ᱟ४࡛Ҿ RNN ㌫ࡇ⁑රⲴਖа⿽㖁㔌㔃ᶴ, ަ࡙⭘㠚⌘᜿࣋ᵪࡦਟԕ㕃䀓 RNN ㌫ࡇ⁑

රᦅ㧧᮷ᵜ䮯ᵏ׍䎆㜭࣋н䏣Ⲵ䰞仈. о RNN 䙀њ༴⨶অ䇽н਼, 㠚⌘᜿࣋ᵪࡦѝ⇿њঅ䇽䜭䙊䗷

㠚⌘᜿࣋䘎᧕ަࡠԆঅ䇽, ާᴹᒦ㹼Ⲵ⢩⛩. 㠚⌘᜿࣋ᵪࡦഐѪᒦ㹼䇑㇇㘼᭮ᔳҶ亪ᒿ᫽֌, ᒦѪ䗃

.␫࣐ս㖞㕆⸱ᶕ㺘⽪㔍ሩ઼⴨ሩⲴս㖞ؑ᚟ޕ Transformer ⁑ර䘈ᐼᵋ㜭ཏ䙊䗷਼а⿽⌘᜿࣋ᵪࡦ

ᆖҐࡠн਼㹼Ѫ, ᡰԕ䟷⭘ཊཤ⌘᜿࣋ᵪࡦ㓴ਸ֯⭘н਼Ⲵḕ䈒ǃ䭞઼٬Ⲵн਼㺘⽪. ཊཤ⌘᜿࣋ᵪ

ѝާփⲴㅜࡦ s њཤ⌘᜿࣋䇑㇇䗷〻ྲᔿ (4) ᡰ⽪:

heads = softmax

(
QKT

√
dk

)
V , (4)

ަѝ dk 㺘⽪ањཤ⌘᜿࣋ѝⲴ⁑ර㔤ᓖ, Q, K ઼ V 㺘⽪⭡䗃ޕ䇑㇇㘼ᶕⲴḕ䈒ǃ䭞઼٬.൘㠚❦䈝

䀰༴⨶Ⲵཊ亩ԫ࣑ѝ, Transformer ⴨∄ RNN 㺘⧠ࠪҶᴤᕪⲴ㜭࣋, ᒦфਾ㔝Ո⿰Ⲵ䇽፼ޕ⁑රᖰᖰ
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สҾ Transformer ѝⲴ㕆⸱⁑ර᭩䙐㘼ᶕ. ٬ᗇ⌘᜿Ⲵᱟ䘉㊫⢩ᇊⲴ㖁㔌㔃ᶴ䙊ᑨҏՊ㻛⭘Ҿ༴⨶ཊ

䖞ሩ䈍Ⲵ㕆⸱,ྲ Sordoniㅹ [38] ᨀࠪⲴቲ⅑ᗚ⧟㕆⸱ –䀓⸱ಘ (hierarchical recurrent encoder-decoder,

HRED) ⁑ර, 䟷⭘ RNN ⁑ර࡛࠶ሩᖃࡽՊ䈍઼ѻࡽкл᮷䘋㹼㕆⸱, ᒦфሶє㘵㔃ਸਾ䘋㹼䀓⸱.

Zhang ㅹ [39] ᨀࠪ Recosa ⁑ර, ਼ᰦሶ RNN ㌫ࡇ⁑රⲴ㕆⸱઼ Transformer ѝⲴ㠚⌘᜿࣋ᵪࡦᕅޕ

.⸱ཊ䖞ሩ䈍Ⲵ㕆ࡠ

ѪҶᴤྭൠ࡙⭘བྷ㿴⁑ᮠᦞ઼⢩ᇊ⾎㓿㖁㔌㔃ᶴⲴՈ࣯,֯ᗇ㕆⸱⁑ර㜭ཏ䇶࡛⴨਼অ䇽൘н਼

䈝ຳлⲴާփਜ਼ѹ, а㌫ࡇสҾ RNN ઼ Transformer Ⲵ亴䇝㓳㠚❦䈝䀰㕆⸱⹄ウҏ䲿ѻᨀࠪ. ަѝ

ELMo⁑ර [40] 䙊䗷ৼੁ LSTMᆖҐঅ䇽Ⲵ㺘⽪ᒦ൘བྷ䟿䈝ᯉк亴䇝㓳⴨ᓄⲴ䈝䀰⁑ර, ᵏᵋ⁑ර㜭

ཏᆖҐࡠঅ䇽䈝⌅઼䈝ѹⲴ༽ᵲ⭘⌅ԕ৺䘉Ӌ༽ᵲ⭘⌅൘н਼кл᮷Ⲵਈॆ. ᇎ傼䇱᰾ ELMo ൘л

⑨ԫ࣑ᗞ䈳㜭ཏ൘ཊ⿽䈝ѹⲴ㺘⽪кਆᗇ䖳ྭ᭸᷌. н਼Ҿ ELMo, GPT [41] ֯⭘ Transformer Ⲵ䀓

⸱ಘѪѫ㾱㔃ᶴᶕ䘋㹼অ䇽㺘⽪ⲴᆖҐ, 䇝㓳䗷〻ѝ䟷⭘䈝䀰⁑රⲴ㓿ިᙍ䐟, ণ䙊䗷ࠐࡽњ䇽ᶕ亴

⍻ਾањ䇽. BERT [42] о ELMo Ⲵᐕ֌ᯩᔿ㊫լ, ն䘹ᤙ֯⭘ৼੁⲴ Transformer 㕆⸱ಘѪส⹰㔃

ᶴᶕᦅ᥹␡ቲ䈝ѹؑ᚟. н਼Ҿѻ֯ࡽ⭘Ӿᐖᖰਣ䘋㹼অ䇽亴⍻Ⲵᯩᔿ, BERT ֯⭘Ҷ᧙⸱䈝䀰⁑ර

(masked language model, MLM)઼лаਕ䈍亴⍻ (next sentence prediction, NSP)єњᆀԫ࣑ᶕ䘋㹼亴

䇝㓳. MLMԫ࣑⭘Ҿ亴⍻ਕᆀѝ㻛䚞տⲴ 15%Ⲵঅ䇽, NSPԫ࣑⭘Ҿࡔᯝєњਕᆀᱟ੖䘎᧕൘а䎧,

є㘵㔃ਸਟԕ֯ᗇ BERT ᦅ᥹ਕᆀ޵䜘઼ਕᆀѻ䰤༽ᵲⲴ䈝ѹؑ᚟. BART [43] 䟷⭘Ҷ Transformer

Ⲵᮤփ㔃ᶴѪส⹰Ṷᷦ, वਜ਼ҶৼੁⲴ㕆⸱ಘ઼ӾᐖࡠਣⲴ㠚എᖂ䀓⸱ಘ, ާᴹ BERT ઼ GPT ⁑ර

Ⲵ⢩⛩. 亴䇝㓳वਜ਼єњ䜘࠶, 俆ݸ䙊䗷ಚ丣࠭ᮠ⹤ൿ䗃ޕⲴ᮷ᵜ, ❦ਾ䙊䗷ᆖҐ䇙⁑ර䟽ᯠᚒ༽઼

ᶴ䙐৏࿻䗃ޕ. BART 䙊䗷ᚒ༽㻛ᢃҡⲴ᮷ᵜ㜭ཏ䇙⁑රᦅ㧧ᴤཊ᮷ᵜ޵䜘㚄㌫, Ӿ㘼൘᮷ᵜ⭏ᡀ㊫

ԫ࣑ѝ㧧ᗇᴤྭⲴ㺘⧠. ਼ṧൠ, 亴䇝㓳⁑ර, ྲ BERT, ҏਟԕ⭘Ҿཊ䖞ሩ䈍Ⲵ⭏ᡀ [44].

ਾ㔝ӽ❦ᴹབྷ䟿Ⲵᐕ֌สҾ䘉Ӌ㓿ި⁑ර䘋㹼᭩䘋,ྲ GPT2 [45], GPT3 [46], RoBERTa [47], Code-

BERT [48] ㅹ. 䘉Ӌ⹄ウᐕ֌ᶱབྷൠ׳䘋Ҷ NLP 亶ฏ⴨ޣԫ࣑Ⲵ⹄ウ, ҏሩҾ SQL ⭏ᡀԫ࣑Ⲵ㠚❦

䈝䀰㕆⸱䜘࠶ᨀ׋Ҷབྷ䟿Ⲵᙍ䐟઼ᐕާ.

5.1.2 ᮦᦤᓉ㕌⸷

ᮠᦞᓃⲴ㕆⸱ᱟ SQL ⭏ᡀ⹄ウԫ࣑Ⲵ⢩㢢ѻа, ൘ᰙᵏঅ亶ฏⲴᮠᦞ䳶ѝ⭡Ҿ᧿䘠䖳Ѫ䈖㓶ф

SQL䈝ਕ⴨ሩㆰঅ,н䘋㹼ᮠᦞᓃ㕆⸱༴⨶ҏ㜭ᗇࡠ䖳ྭⲴ᭸᷌,ն䲿⵰ᮠᦞ䳶Ⲵ䐘亶ฏԕ৺ SQL䈝

ਕ༽ᵲᙗⲴᨀॷ, SQL⭏ᡀ䎺ᶕ䎺㾱≲⁑ර㕆⸱䗷〻ѝ㜭ཏᴤྭൠ༴⨶㔃ᶴॆⲴᮠᦞ㺘ؑ᚟. SQL ⭏

ᡀԫ࣑ѝᡰ⎹৺ⲴᮠᦞᓃѪޣ㌫රᮠᦞᓃ, ԕ㹼઼ࡇⲴᖒᔿ㓴㓷ᆈۘᮠᦞ. ᮠᦞᓃⲴؑ᚟ਟԕ㓶࠶Ѫ

ᮠᦞᓃ⁑ᔿ (database schema) ઼ᮠᦞᓃ䇠ᖅ, ᮠᦞᓃ⁑ᔿᤷࡇ਽〠ǃ㊫ර઼ཆ䭞ㅹᮠᦞ㺘䙫䗁㔃ᶴ,

ᮠᦞᓃ䇠ᖅᤷᮠᦞ㺘ѝⲴᮠᦞ䇠ᖅ. а㡜ᶕ䈤, ⭏ᡀ SQL ḕ䈒䈝ਕ䗷〻ѝᖰᖰ䴰㾱֯⭘ᮠᦞ㺘Ⲵ䙫

䗁㔃ᶴ, նҏᴹ⹄ウ㺘᰾֯⭘ᮠᦞᓃѝⲴᮠᦞ䇠ᖅਟԕ䘋а↕໎ᕪ⁑රⲴ⭏ᡀ᭸᷌. ᵜሿ㢲ሶᙫ㔃઼

䇘䇪ሩᮠᦞᓃ⁑ᔿ઼޵ᇩ㕆⸱Ⲵ⴨ޣ⹄ウ.

ᮠᦞᓃ㕆⸱ਟ࠶Ѫᮠᦞᓃঅ⤜㕆⸱઼㠚❦䈝䀰ᮠᦞᓃ㚄ਸ㕆⸱є⿽ᯩᔿ. മ 5 ኅ⽪Ҷ㠚❦䈝䀰

઼ᮠᦞᓃ㓿ިⲴ㕆⸱ᙍ䐟, ަѝлᯩє⿽ᙍ䐟Ѫᮠᦞᓃঅ⤜㕆⸱ᯩᔿ, кᯩѪ㠚❦䈝䀰઼ᮠᦞᓃ㚄ਸ

㕆⸱Ⲵᯩᔿ. ㅜа⿽ᙍ䐟ᱟሶᮠᦞ㺘઼ḕ䈒䰞仈䖜ॆѪᒿࡇਾ֯⭘ਟ㕆⸱ᒿࡇⲴ⾎㓿㖁㔌⁑ර䘋㹼㕆

⸱, ྲ֯⭘ᗚ⧟⾎㓿㖁㔌㌫ࡇ⁑ර. ㅜҼ⿽ᙍ䐟ᱟ֯⭘മ⾎㓿㖁㔌ሩᮠᦞᓃⲴ޵䜘㔃ᶴ䘋㹼㕆⸱, ❦

ਾо㠚❦䈝䀰Ⲵ㕆⸱㔃ਸਾᗇࡠᴰ㓸Ⲵ㕆⸱. ㅜй⿽ᙍ䐟ᱟ֯⭘亴䇝㓳⁑රሩ㠚❦䈝䀰઼ᮠᦞᓃؑ᚟

㕆⸱. മѝ亴䇝㓳⁑රԕ BERT Ѫֻ, 㕆⸱㘳㲁Ҷ䗃ޕⲴঅ䇽ǃ㠚❦䈝䀰оᮠᦞᓃؑ᚟Ⲵ࠶䳄, ԕ৺

ս㖞ؑ᚟. 㕆⸱䗷〻֯⭘⢩↺ᆇㅖሶཊњᮠᦞ㺘ǃࡇ਽〠ԕ৺٬䘋㹼४࠶, ԕ↔ቭਟ㜭ൠᦅ᥹ᮠᦞᓃ
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ằ␵Ⓚㅹ: สҾ␡ᓖᆖҐⲴ SQL ⭏ᡀ⹄ウ㔬䘠

For the cars

RNN RNN RNN

… cars_data …

RNN RNN RNN

DB encoding (RNNs) 

For the cars

RNN RNN RNN

…

RNN

NL encoding (RNNs)

cars_data cars_name

4

DB encoding (GNNs)

For the …[CLS] [SEP] cars_data[T] [C] cylinders [V] 4horsepower [T] cars_name [C] …

0 0 0 … 0 1 1 1 1 1 1 1 1 1 1 1

0 1 2 … 15 16 17 18 19 20 21 22 23 24 25 26

Tokens:

Segements:

Positions:

Encoded results

NL encoding DB encoding

BERT

1 2

3

NL encoding (RNNs)

ഴ 5 (㖇㔒⡾ᖟഴ) SQL ⭕ᡆѣ㔅ޮⲺᮦᦤᓉ㕌⸷ᯯ⌋

Figure 5 (Color online) Classic encoding methods in SQL generation

.䜘Ⲵ㚄㌫޵

ᮠᦞᓃঅ⤜㕆⸱ᯩᔿл, ⁑රᖰᖰ䴰㾱অ⤜ሩ㠚❦䈝䀰઼ᮠᦞᓃ䘋㹼㕆⸱, ᒦ֯⭘⌘᜿࣋ᵪࡦሶ

є㘵Ⲵ㕆⸱䘋㹼㚄ਸ. ൘ᮠᦞᓃ㕆⸱Ⲵᰙᵏ⹄ウѝ, Xu ㅹ [49] ൘ SQLNet Ⲵ⹄ウᐕ֌ѝ֯⭘Ҷࡇ⌘᜿

࣋ (column attention) ᵪࡦᶕ໎ᕪ⁑රᦅ᥹ḕ䈒䰞仈઼ࡇ਽〠ѻ䰤Ⲵ㚄㌫, ަ⢩⛩ᱟ໎࣐⌘᜿࣋ᵪࡦ

ᶕ໎ᕪ⁑රᦅ᥹ḕ䈒䰞仈઼ࡇ਽〠ѻ䰤㚄㌫Ⲵ㜭࣋. Yu ㅹ [50] ᨀࠪҶ TypeSQL, ㊫ර઼⁑ᔿࡇ⭘࡙

䬮᧕ㅹݸ傼⸕䇶䖵ࣙ㕆⸱䗷〻. ൘ާփ㊫රⲴ䇑㇇䗷〻ѝ, 俆ݸሶḕ䈒䰞仈࠶䇽ਾоᮠᦞᓃ⁑ᔿѝⲴ

অ䇽䘋㹼३䝽, ᒦሶ㜭ཏ३䝽ࡇ਽〠Ⲵঅ䇽֌Ѫࡇ㊫ර. ᧕⵰ሶᰦ䰤ǃᮠᆇ઼ભ਽ᇎփṩᦞݸ傼⸕䇶

䘋㹼䇶઼࡛ḷ䇠. ⭡Ҿ㺘Ⲵ޵ᇩᱟਟԕ㧧ਆⲴ, ᡰԕҏሶḕ䈒䰞仈઼㺘޵ᇩ䘋㹼३䝽ԕ↔ᶕḷ䇠ḕ䈒

䰞仈ѝⲴࡇ㊫ර. ᇎ傼㔃᷌䇱᰾֯⭘㊫රؑ᚟ਟԕᴤྭൠ༴⨶ḕ䈒䰞仈ѝ㖅㿱Ⲵᇎփ઼ᮠᆇ޵ᇩ.

䲿⵰മ⾎㓿㖁㔌Ⲵਁኅ,㔃ᶴॆⲴᮠᦞᓃؑ᚟ҏ䙀⑀֯⭘മ⾎㓿㖁㔌䘋㹼㕆⸱. Boginㅹ [51] ֯⭘

മ⾎㓿㖁㔌 GNN-SQL ᶕ㕆⸱ᮠᦞᓃ⁑ᔿⲴ㔃ᶴ, 䘉⿽ GNN Ⲵ㕆⸱ᖒᔿҏ਼ᰦ൘㕆⸱઼䀓⸱䱦⇥֯

⭘, ԕ↔䇙⁑ර൘ᵚ㿱䗷Ⲵᮠᦞᓃ⁑ᔿкާᴹᴤྭⲴ⌋ॆᙗ㜭. ֯⭘ GNN 㕆⸱ᮠᦞᓃ⁑ᔿⲴ䗷〻ѝ,

ሶᮠᦞᓃѝⲴ㺘ǃ⴨ޣⲴࡇԕ৺㺘ѻ䰤Ⲵޣ㌫㺘⽪ѪаᕐമⲴᖒᔿ, ᒦ֯⭘оḕ䈒䰞仈⴨ޣⲴᆀമᶕ

Ѡᇼḕ䈒䰞仈ѝ⇿њঅ䇽Ⲵ㺘⽪. 2019 ᒤ, Bogin ㅹ [52] 㔗㔝ᨀࠪ Global-GNN 㖁㔌ᶕ䀓ߣሩ䗃ࠪḕ

䈒Ⲵ㔃ᶴ䘋㹼ޘተ᧘⨶Ⲵ䰞仈. 䈕⁑ර֯⭘ޘተ䰘᧗ (global gating) ᵪࡦ, оѻ֯ࡽ⭘ተ䜘ؑ᚟Ⲵᯩ

⌅⴨∄䖳, 㜭ཏ䘋а↕ᨀॷ SQL ⭏ᡀⲴᙗ㜭. Wang ㅹ [53] ⌘᜿ࡠѻࡽⲴᐕ֌൘ᮠᦞᓃ⁑ᔿ㕆⸱઼⁑

ᔿ䬮᧕ѝԕঅ⤜Ⲵ⢩ᖱॆᢰᵟᶕ໎ᕪঅ䇽ੁ䟿Ⲵ㺘⽪, 㘼нᱟ㕆⸱অ䇽઼ࡇѻ䰤Ⲵޣ㌫. ᡰԕᨀࠪҶ

RAT-SQLṶᷦ,ᨀ׋Ҷа⿽㔏аⲴᯩ⌅ᶕ㕆⸱䗃ޕѻ䰤Ⲵԫ᜿ޣ㌫ؑ᚟.ަ⢩⛩ᱟ࡙⭘ањᆼᮤⲴޣ

㌫മ⌘᜿⾎㓿㖁㔌ᶕ༴⨶਴⿽亴ݸᇊѹⲴޣ㌫, ަѝޣ㌫ᝏ (relation aware) ᵪݱࡦ䇨㕆⸱ḕ䈒䰞仈

অ䇽઼ᮠᦞᓃ⁑ᔿݳ㍐ѻ䰤Ⲵԫ᜿ޣ㌫, ᒦф䘉Ӌ㺘⽪ᱟ֯⭘㠚⌘᜿ᵪࡦ൘ᡰᴹ䗃ޕк㚄ਸ䇑㇇Ⲵ.

Scholak ㅹ [54] ൘ RAT-SQL Ⲵส⹰кᨀࠪҶ DuoRAT, оᶴᔪ䎺ᶕ䎺༽ᵲⲴ㕆⸱㔃ᶴн਼, DuoRAT

⁑රѫ㾱ޣ⌘ RAT-SQL⁑රᴹଚӋ䜘࠶ਟԕㆰॆ. 䈕⹄ウ䇱᰾สҾ੟ਁᔿⲴ⁑ᔿ䬮᧕ᑖᶕⲴྭ༴Ո

.㌫⁑ᔿⲴ䬮᧕⴨ሩᴤ࣐䟽㾱ޣᇩⲴ⁑ᔿ䬮᧕઼޵㘼สҾ,ݸ Chenㅹ [55] ᨀࠪ ShadowGNN,俆֯ݸ⭘

മ᱐ሴ㖁㔌৫ᦹ㠚❦䈝䀰઼ᮠᦞᓃ⁑ᔿⲴ䈝ѹؑ᚟,ᗇࡠᣭ䊑Ⲵ㔃ᶴ,᧕⵰֯⭘ RATṶᷦᶕ㧧ᗇᮤփ
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ѝഭ、ᆖ :ؑ᚟、ᆖ ㅜ 52 ধ ㅜ 8 ᵏ

Ⲵ㕆⸱,ԕ↔ᶕ㕃䀓⢩ᇊ亶ฏؑ᚟Ⲵᖡ૽,䇙⁑රާᴹᴤྭⲴ䐘亶ฏ㜭࣋. Caoㅹ [56] ᨀࠪҶ LGESQL

ᶕ㘳㲁䗩Ⲵᤃᢁ㔃ᶴ, ᨀࠪҶа⿽໎ᕪ㓯മ (line graph), Ӿ৏࿻ԕ㢲⛩ѪѝᗳⲴമѝᶴ䙐Ҷԕ䗩Ѫѝ

ᗳⲴമ, ᒦ࡙⭘䘉є⿽മ࡛࠶ᦅ᥹㢲⛩઼䗩Ⲵᤃᢁ㔃ᶴ. ُࣙҾ㓯മ, ⎸᚟нӵ䙊䗷㢲⛩ѻ䰤Ⲵ䘎᧕,

㘼ф䙊䗷ᴹੁ䗩Ⲵᤃᢁ㔃ᶴ䘋㹼ᴤᴹ᭸ⲴՐ᫝, 䘋㘼ᨀ儈Ҷ㕆⸱㜭࣋.

㠚❦䈝䀰઼ᮠᦞᓃ㚄ਸ㕆⸱ᖰᖰ䴰㾱֯⭘䇝㓳⁑රᶕᦅ㧧є㘵ѻ䰤Ⲵкл᮷ޣ㚄ؑ᚟. Hwang

ㅹ [57] ൘ SQLova ⁑රǃHe ㅹ [58] ൘ X-SQL ⁑රǃLyu ㅹ [59] ൘ HydraNet ԕ৺ Lei ㅹ [60] ൘ SLSQL

Ⲵ⹄ウᐕ֌ѝ൷֯⭘ BERT亴䇝㓳⁑ර㕆⸱ḕ䈒䰞仈઼⎹৺Ⲵᮠᦞᓃ⁑ᔿ. Zhangㅹ [61] ൘ EditSQL

ᐕ֌ѝᨀࠪҶḕ䈒䰞仈઼ᮠᦞ㺘є㘵ѻ䰤Ⲵ co-attentionᵪࡦᒦ֯⭘ BERT֌Ѫ㕆⸱ᐕާ. ൘ḕ䈒䰞

仈㕆⸱ѝ, ᕅޕᮠᦞ㺘ѝⲴࡇ਽〠䘋㹼⌘᜿࣋ᵪࡦ䇑㇇, ԕ↔㧧ਆᴰ⴨ޣⲴࡇ. ൘ᮠᦞ㺘Ⲵ㕆⸱ѝ, 俆

,䜘㔃ᶴ޵ᦅ᥹ࡦ㠚⌘᜿࣋ᵪ⭘֯ݸ ❦ਾ֯⭘⌘᜿࣋ᵪࡦᦅ᥹ḕ䈒䰞仈઼ᮠᦞ㺘⁑ᔿⲴޣ㌫. є⿽㕆

⸱ഐ co-attention ᵪࡦ㘼⴨ӂ׍䎆, ഐ↔䲿⵰ḕ䈒䰞仈Ⲵਈॆ, .਽〠Ⲵ㕆⸱ҏՊਈॆࡇ Lin ㅹ [62] ᨀ

ࠪҶ BRIDGE ⁑ර, ൘֯⭘ BERT 亴䇝㓳⁑රሩᮠᦞᓃ⁑ᔿ㕆⸱Ⲵส⹰к, ৸֯⭘⁑㋺३䝽Ⲵᯩᔿ

Ӿ⴨ޣᮠᦞᓃѝ䘹ਆ⴨ᓄࡇѝⲴ䇠ᖅ,ᒦ࡙⭘ᮠᦞᓃѝⲴ䇠ᖅᶕ䘋а↕໎ᕪࡇⲴ㺘⽪. Maㅹ [63] ᨀࠪ

IE-SQL⁑ර,࡙⭘ᒿࡇḷ⌘Ⲵᯩ⌅ᣭਆ䴰㾱ᨂ٬༴Ⲵ᜿മ઼ޣ㌫,ᒦ֯⭘᮷ᵜ३䝽Ⲵᯩ⌅䘋㹼⁑ᔿ䬮

᧕,䘋а↕ᨀॷҶ൘WikiSQLᮠᦞ䳶кⲴ SQL⭏ᡀᙗ㜭. Zhongㅹ [64] ᨀࠪҶ GAZPṶᷦ,࡙⭘ਸᡀ

ᯠ⧟ຳлⲴᮠᦞᶕ໎ᕪ⁑ර㕆⸱ⲴᆖҐ䗷〻. н਼Ҿᑨ㿱Ⲵᮠᦞ໎ᕪᯩ⌅, GAZP Ⲵ䈝ѹ䀓ੁࡽ⭘֯

᷀ಘ઼৽ੁⲴḕ䈒䰞仈⭏ᡀಘ⭏ᡀᮠᦞᒦ䘋㹼а㠤ᙗ傼䇱. GAZP൘ Spider, Sparc઼ CoSQLᮠᦞ䳶

к䘋㹼ᇎ傼ᒦᨀॷҶᙗ㜭, 䇱᰾ҶᨀॷⲴᙗ㜭оᮠᦞਸᡀᮠ䟿ᡀ∄ֻ, ᒦфᮠᦞⲴᗚ⧟а㠤ᙗᱟޣ䭞.

ҏᴹ⹄ウ䪸ሩ SQL ⭏ᡀԫ࣑Ⲵ⢩⛩, 䟽ᯠ亴䇝㓳⢩ᇊҾ SQL ⭏ᡀԫ࣑Ⲵ⁑ර. 㺘 3 ኅ⽪Ҷ SQL

⭏ᡀԫ࣑ѝާᴹԓ㺘ᙗⲴ亴䇝㓳⁑ර,ަѝࡽ 3⿽⁑ර䪸ሩ NLP亶ฏԫ࣑,֯⭘㓟㠚❦䈝䀰ᮠᦞ䘋㹼

亴䇝㓳, ਾ 5 ⿽⁑ර䪸ሩ SQL ⭏ᡀԫ࣑Ⲵ⢩⛩䘋㹼Ҷ䘲䝽઼Ոॆ. 㺘ѝࠪࡇҶ䘉Ӌ㓿ި亴䇝㓳⁑ර

Ⲵ਽〠ǃ亴䇝㓳֯⭘Ⲵᮠᦞ䳶ǃ亴䇝㓳ⴞḷԕ৺ᡰ৲㘳Ⲵส⹰⁑ර, ަѝࡽ 3 ⿽㠚❦䈝䀰༴⨶亶ฏⲴ

亴䇝㓳⁑ර৲㘳 Transformer Ⲵ㖁㔌㔃ᶴ, ਾ 5 ⿽亴䇝㓳⁑ර৲㘳㠚❦䈝䀰༴⨶亶ฏᐢᴹⲴ亴䇝㓳⹄

ウ. Yuㅹ [65] ᨀࠪ GraPPa亴䇝㓳ᯩ⌅,ԕ RoBERTaѪส⹰ᒦ䘋а↕൘⭏ᡀᮠᦞк䘋㹼亴䇝㓳. ަѝ

བྷ䟿Ⲵ⭏ᡀᮠᦞ䙊䗷਼↕Ⲵкл᮷ᰐޣ䈝⌅ᶴ䙐.亴䇝㓳ⴞḷѪ᧙⸱䈝䀰⁑ර઼ SQL䈝ѹ亴⍻ (SQL

semantic prediction, SSP). ަѝ MLM ⭘Ҿ亴⍻㻛䚞᧙Ⲵঅ䇽, SSP ⭘Ҿ亴⍻Ḁࡇᱟ੖ࠪ⧠൘ SQL 䈝

ਕѝԕ৺֯⭘Ⲵ㚊ਸ᫽֌. ᇎ傼䇱᰾Ҷ GraPPa ൘ཊњᮠᦞ䳶к䎵䗷Ҷ RoBERTa ⁑ර. Yin ㅹ [66]

สҾ㤡᮷㔤สⲮ、઼ WDC 㖁亥ѝⲴ 2600 зњᮠᦞ㺘 [67], ԕ৺ᮠᦞ㺘ѝⲴкл᮷䇝㓳Ҷ TaBERT

⁑ර. ൘㠚❦䈝䀰㺘⽪ⲴᆖҐѝ֯⭘ MLM ⁑ර, ൘ࡇ㺘⽪ᆖҐѝ֯⭘ࡇ䚞᧙઼অ٬ݳᚒ༽֌Ѫ亴䇝

㓳ⴞḷ. ᇎ傼㔃᷌㺘᰾, TaBERT ਟԕ൘л⑨ԫ࣑кⲴ WikiTableQuestions ઼ Spier ᮠᦞ䳶к㺘⧠ࠪ

Ҷ䖳ྭⲴᙗ㜭. Shi ㅹ [68] ᨀࠪҶа⿽⭏ᡀ໎ᕪⲴ亴䇝㓳Ṷᷦ, ⭘Ҿ䀓ߣ⧠ᴹ䙊⭘亴䇝㓳Ṷᷦ䶒ѤⲴ 3

њ䰞仈: ᰐ⌅䇶࡛ḕ䈒䰞仈ѝᨀ৺Ⲵࡇ, ᰐ⌅ӾঅݳṬ٬᧘ᯝᨀ৺Ⲵࡇ, ԕ৺ᰐ⌅㓴ਸ༽ᵲⲴ SQL ḕ

䈒. GAP ֯⭘ 4 њ亴䇝㓳ⴞḷ, 䲔ҶMLM ԕཆ, 䘈ᴹࡇ亴⍻ǃࡇᚒ༽, ԕ৺ SQL ⭏ᡀ. ަѝࡇ亴⍻

ᆖҐⲴⴞḷᱟ䙊䗷亴⍻ањࡇᱟ੖㻛⭘Ҿ䈍䈝ѝ,ࡇᚒ༽ᆖҐⲴⴞḷᱟ䙊䗷สҾ䟷ṧⲴঅݳṬ٬ᚒ༽

਽ѻ䰤Ⲵ䬮᧕Ⲵ㜭࣋,㘼ࡇṬ٬઼ݳ਽,໎ᕪҶ⁑රਁ⧠অࡇ SQL⭏ᡀᆖҐⲴⴞḷᱟⴤ᧕ол⑨ԫ࣑

⴨ޣ. GAP ᡰ֯⭘ⲴᮠᦞᶕⓀҾ Github ԕ৺⭡ Spider кᮠᦞ㺘⭏ᡀ. ᴰ㓸⁑ර൘ Spider ᮠᦞ䳶к

䘋а↕ᨀॷ SQL ⭏ᡀᙗ㜭. Xuan ㅹ [69] ᨀࠪҶа⿽䙊䗷ᮠᦞᓃ⁑ᔿᝏ⸕䱽ಚⲴᯩ⌅, SeaD, ᶕ亴䇝

㓳สҾ Transformer Ⲵ⁑ර. ⁑රѫ㾱⢩⛩ᱟ֯⭘亴䇝㓳⁑රᶕ䇝㓳 Erosion ઼ Shuffle єњ䱽ಚⴞ

ḷ. Erosion 䪸ሩ㺘Ṭ޵Ⲵᡀ࠶䘋㹼ਈᦒ, वᤜҶሩࡇⲴ䟽ᯠᧂᒿ, ԕ⢩ᇊᾲ⦷ࡐ䲔ḀࡇᡆӾަԆᮠᦞ

㺘ѝ䘹ࡠ࣐໎ࡇࡉᖃࡽ㺘ѝ. ↔ᰦ⴨ᓄⲴ SQL ҏᓄᖃ᭩ਈ, ԕ↔ᶕ䇙⁑රᆖҐࡠ㠚❦䈝䀰Ⲵḕ䈒䰞
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㺞 3 SQL ⭕ᡆԱࣗѣޭᴿԙ㺞ᙝⲺ人䇣㓹⁗ශ

Table 3 Summary of representative pre-trained models for text-to-SQL task

Model Pre-training dataset Pre-training objectives Basic model

BERT BooksCorpus, English Wikipedia
(1) Masked language model

(2) Next sentence prediction
Transformer-encoder

RoBERTa
BooksCorpus, English Wikipedia,

CC-NEWS, OPENWEBTEXT, STORIES
Masked Language Model Transformer-encoder

BART
BooksCorpus, English Wikipedia,

CC-NEWS, OPENWEBTEXT, STORIES

(1) Bidirectional encoder

(2) Autoregressive decoder
Transformer

Grappa

Synthetic Examples (WIKITABLES, Spider

and WikiSQL), Natural Language Utterances

(TabFact, LogicNLG, LogicNLG, HybridQA

WikiSQL, WikiTableQuestions, ToTTo, Spider)

(1) Masked language model

(2) SQL semantic prediction
RoBERTa

TaBERT
English Wikipedia,

WDC WebTable Corpus

(1) Masked Language Model

(2) Masked column prediction

(3) Cell value recovery

BERT

GAP English Wikipedia, SQL from GitHub

(1) Masked language model

(2) Column prediction

(3) Column recovery

(4) SQL generation

BART

STRUG ToTTo

(1) Column grounding

(2) Value grounding

(3) Column-value mapping

BERT

SeaD WikiSQL
Schema-aware denoising

(erosion and shuffle)
BART

仈ྲօоᮠᦞᓃ⴨䘎᧕, ԕ৺൘ḕ䈒ࡇнᆈ൘Ⲵᛵߥлᣋࠪᔲᑨ. Shuffle ᱟሶ䗃ؑޕ᚟Ⲵ޵䜘ᇎփᢃ

ҡ, 㾱≲⁑ර䟽ᯠᶴ䙐ࠪањ↓⺞亪ᒿⲴ䗃ޕ. Shuffle 䇝㓳ⲴⴞⲴᱟ䇙⁑ර㜭ཏᦅ㧧н਼ḕ䈒ᇎփѻ

䰤Ⲵ޵䜘㚄㌫. SeaD 䙊䗷亴䇝㓳єњ䱽ಚⴞḷᶕሩ㔃ᶴᮠᦞᴤྭൠᔪ⁑, Ӿ㘼ᴹ᭸ൠᨀॷҶ SQL ⭏

ᡀ᭸᷌.

5.1.3 ⁗ᕅ䬴᧛

⁑ᔿ䬮᧕ᤷሶ㠚❦䈝䀰Ⲵঅ䇽᱐ሴާࡠփⲴᮠᦞᓃ⁑ᔿ,㾱≲⁑ර㜭ཏ⨶䀓㠚❦䈝䀰䈝ѹᒦоᮠ

ᦞᓃ⁑ᔿ䘋㹼३䝽. ᐢᴹ⹄ウ䇱᰾൘ SQL ⭏ᡀԫ࣑ѝ⁑ᔿ䬮᧕ᱟᖡ૽ᴰ㓸⭏ᡀ᭸᷌Ⲵޣ䭞ഐ㍐ [60].

ⴞࡽҏᴹа㌫ࡇⲴ⹄ウᐕ֌ޣ⌘⁑ᔿ䬮᧕,वᤜᨀ׋ᴤ㓶㋂ᓖḷ⌘Ⲵᮠᦞ䳶઼у⌘⁑ᔿ䬮᧕㜭࣋Ⲵᯩ

⌅. 䘉Ӌ⹄ウу⌘Ҿঅ⤜໎ᕪ⁑රᦅ㧧⁑ᔿ䬮᧕Ⲵ㜭࣋, ᒦሶ䘉⿽㜭࣋⭘Ҿл⑨ SQL ⭏ᡀԫ࣑, 䘋㘼

ᨀॷ SQL ⭏ᡀⲴ᭸᷌.

ѪҶ䇙⁑රާᴹᴤᕪⲴ⁑ᔿ䬮᧕㜭࣋,аӋ⹄ウᐕ֌ḷ⌘Ҷ㠚❦䈝䀰઼ᮠᦞᓃ⁑ᔿѻ䰤Ⲵ䬮᧕ؑ

᚟, ԕ↔֯⭘ⴁⶓᆖҐⲴᯩᔿ֯ᗇ⁑රާᴹᴤᕪⲴ༴⨶⁑ᔿ䬮᧕Ⲵ㜭࣋. Lei ㅹ [60] ൘ Spider ᮠᦞ䳶

Ⲵส⹰к, ḷ⌘Ҷ䇝㓳䳶઼傼䇱䳶к⁑ර䬮᧕Ⲵ䈖㓶ؑ᚟, ᶴ䙐Ҷ Spider-L ᮠᦞ䳶. Shi ㅹ [16] ൘ᶴ

䙐 SQUALL ᮠᦞ䳶䗷〻ѝ਼ṧᨀ׋Ҷ㓶㋂ᓖⲴ⁑ᔿ䬮᧕ؑ᚟, 㠚❦䈝ࡠර㜭ཏᴤᇩ᱃ൠᆖҐ⁑ׯᯩ
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ѝഭ、ᆖ :ؑ᚟、ᆖ ㅜ 52 ধ ㅜ 8 ᵏ

䀰ѝ䈝ѹᡰሩᓄⲴᮠᦞᓃ⁑ᔿ. 㓶㋂ᓖⲴ⁑ᔿ䬮᧕ḷ⌘ؑ᚟㜭ཏㆰॆ⁑රᆖҐ䬮᧕ؑ᚟Ⲵഠ䳮, ҏਟ

ԕ֌Ѫส߶ᮠᦞ䳶⍻䈅н਼ᯩ⌅㺘⽪⁑ᔿ䬮᧕Ⲵ㜭࣋.

❦㘼,ሩ⁑ᔿ䬮᧕ؑ᚟Ⲵḷ⌘ᖰᖰ䴰㾱Ԉࠪ䖳བྷⲴԓԧ,䙊ᑨ䘉⿽㋂ᓖⲴ䬮᧕ؑ᚟ҏ䳮ԕ㧧ᗇ. ൘

⋑ᴹሩ⁑ᔿ䬮᧕䘋㹼㓶㋂ᓖḷ⌘Ⲵᛵߥл, .䴰㾱⴨ᓄⲴᯩ⌅䇶࡛⁑ᔿ䬮᧕ؑ᚟ࡉ ⁑ᔿ䬮᧕Ⲵᯩ⌅ਟ

,Ѫє⿽࠶ ণสҾᆇㅖѢ३䝽Ⲵᯩ⌅઼สҾ䈝ѹⲴᯩ⌅. สҾᆇㅖѢ३䝽Ⲵᯩ⌅ṩᦞ㠚❦䈝䀰઼ᮠᦞ

ᓃ⁑ᔿѻ䰤ⲴᆇㅖѢ३䝽ޣ㌫ᶕࡔᯝ㠚❦䈝䀰ѝᡰᤷⲴᮠᦞᓃ, ަѝवᤜҶᆼޘ३䝽઼֯⭘ n-gram

⁑㋺३䝽є⿽ާփᯩ⌅. նสҾᆇㅖѢ३䝽Ⲵᯩ⌅㕪ቁ⚥⍫ᙗ, 䳮ԕਁ⧠䘁ѹ䇽ѻ䰤Ⲵሩᓄޣ㌫. ส

Ҿ䈝ѹⲴᯩ⌅ṩᦞ⾎㓿㖁㔌䇑㇇㠚❦䈝䀰઼ᮠᦞᓃ⁑ᔿѻ䰤䈝ѹᐞᔲᶕࡔᯝ⁑ᔿ䬮᧕Ⲵޣ㌫.ㆰঅⲴ

䇑㇇є⿽䈝ѹ㺘޽ਟԕṩᦞ㠚❦䈝䀰㕆⸱⁑ර䇑㇇㠚❦䈝䀰઼ᮠᦞᓃ⁑ᔿѻ䰤Ⲵ䈝ѹؑ᚟,❦ਾ⌅ڊ

⽪ѻ䰤Ⲵ⴨լᓖᶕࡔᯝ䬮᧕ޣ㌫. ҏᴹа㌫ࡇⲴ⹄ウᐕ֌অ⤜ᆖҐ⁑ᔿ䬮᧕ؑ᚟⭘Ҿᕪॆ SQL ⭏ᡀ

⁑රⲴ᭸᷌. Lei ㅹ [60] ൘ḷ⌘Ҷ Spider к⁑ᔿ䬮᧕ؑ᚟ѻਾᢙኅҶ㕆⸱⁑ර䘋㹼ᆖҐ, ѫ㾱໎࣐⁑

ᔿ䬮᧕ؑ᚟ⲴⴁⶓᔿᆖҐ઼ᝏ⸕⁑ᔿⲴ㺘⽪, ᇎ傼㔃᷌䇱᰾Ҷ⁑ᔿ䬮᧕ᆖҐ㜭ཏ൘ Spider ᮠᦞ䳶к

ᨀॷ᭸᷌. Liu ㅹ [70] ᨀࠪҶ ETA (erasing-then-awakening) ᯩ⌅, 俆ݸ䇝㓳ањᾲᘥ亴⍻⁑ර䇑㇇ᮠ

ᦞᓃѝ⁑ᔿᱟ੖㻛ḕ䈒䰞仈ᨀ৺Ⲵਟؑᓖ,❦ਾ൘亴䇝㓳⁑රѝ䙊䗷䚞᧙ḕ䈒䰞仈Ⲵঅ䇽ᶕ㧧ᗇਟؑ

ᓖⲴਈॆ, ᒦԕਈॆ䟿֌Ѫሩᓄঅ䇽Ⲵ䟽㾱〻ᓖ, ᴰਾ֯⭘亴䇝㓳⁑ර㔃ਸ亴⍻⁑ඇ⭏ᡀ⴨ᓄⲴ⁑ᔿ

䬮᧕ޣ㌫. ᇎ傼㔃᷌䇱᰾ ETA ⁑ර⭏ᡀⲴ⁑ᔿ䬮᧕ޣ㌫㜭ཏ㻛Ӫ㊫уᇦ⨶䀓, ᒦф൘ SQL ⭏ᡀԫ࣑

к㜭ཏ䗮ࡠ䖳ྭⲴ᭸᷌. Deng ㅹ [71] ᨀࠪ STRUG (structure-grounded) 亴䇝㓳⁑ර, वᤜҶࡇ३䝽

(column grounding)ǃ٬३䝽 (value grounding) ࡇ઼ – ٬३䝽 3 ⿽亴䇝㓳ⴞḷ. ≳㾱࡛࠶єњⴞḷࡽ

⁑ර㜭ཏᆖҐྲࡠօሶ㠚❦䈝䀰᧿䘠ѝⲴঅ䇽ሩᓄࡠᮠᦞ㺘⁑ᔿ઼ᮠᦞ䇠ᖅ,㘼ㅜ 3њ䇝㓳ⴞḷ⭘Ҿ

༴⨶٬઼ࡇѻ䰤Ⲵሩᓄޣ㌫. STRUG ਟԕᴹ᭸ᦅ᥹⁑ᔿ䬮᧕ؑ᚟, ᒦԕ↔ᨀॷл⑨ SQL ⭏ᡀԫ࣑Ⲵ

᭸᷌, ᴰ㓸൘ WikiSQL ઼ Spider ᮠᦞ䳶к㺘⧠ࠪҶ䖳ྭⲴ᭸᷌.

5.2 䀙⸷⁗ශ

␡ᓖᆖҐ⁑ර൘ሩ䗃ޕᮠᦞ䘋㹼␡ቲ⅑㕆⸱༴⨶о䇑㇇ѻਾ,䴰㾱ሶ⁑රⲴ޵䜘㺘⽪ᖒᔿ䀓⸱Ѫ

ⴞḷᖒᔿ, ൘ SQL ⭏ᡀԫ࣑ѝⲴⴞḷᖒᔿቡᱟ SQL 䈝ਕ৺ަㅹԧⲴ㺘⽪ᖒᔿ. ᤹➗ SQL ⭏ᡀᯩᔿ

Ⲵн਼ਟԕሶ䀓⸱⁑ර࠶ѪสҾ⁑⡸ᨂ٬Ⲵᯩ⌅઼สҾ⭏ᡀⲴᯩ⌅,൘สҾ⭏ᡀⲴᯩ⌅ѝ৸ਟԕṩᦞ

䀓⸱䗷〻ѝᱟ੖ᴹ䈝⌅㓖ᶏ࠶ѪสҾᒿࡇⲴ SQL ⭏ᡀᯩ⌅઼สҾ䈝⌅Ⲵ SQL ⭏ᡀᯩ⌅.

മ 6 ኅ⽪Ҷ SQL 䈝ਕ⭏ᡀᯩᔿ. ㅜа⿽ᱟสҾ⁑⡸ᨂ٬Ⲵᯩ⌅, 唁㢢Ṷ޵Ⲵᱟ䴰㾱ᨂޕⲴ޵ᇩ,

ྲ᷌ AGG 㺘⽪㚊ਸ᫽֌ㅖਧ, COL 㺘⽪ḕ䈒Ⲵࡇ, TBL+ 㺘⽪ḕ䈒Ⲵ㺘, ਟԕ⭡ཊњ㺘䘎᧕㘼ᶕ,

VAL㺘⽪ާփⲴᮠ٬㊫ර. ㅜҼ⿽ᯩᔿสҾ⭏ᡀⲴᯩ⌅, ਟԕާփ࠶ѪᱟสҾᒿࡇ⭏ᡀⲴᯩ⌅઼สҾ

䈝⌅⭏ᡀⲴᯩ⌅. สҾᒿࡇ⭏ᡀⲴᯩ⌅ሶ SQL 䈝ਕⴻ֌ᱟ⭡Პ䙊অ䇽ᶴᡀⲴᒿࡇ, ᒦṩᦞᐢᴹⲴᒿ

亴⍻лањࡇ SQL ѝⲴঅ䇽, ᥁䘹ࡽ K њᾲ⦷ᴰབྷⲴঅ䇽֌Ѫى䘹Ⲵлањঅ䇽. สҾ䈝⌅⭏ᡀⲴ

ᯩ⌅ᱟ൘ SQL 䈝ਕ⭏ᡀ䗷〻ѝ࣐ޕ SQL ᣭ䊑䈝⌅ṁ㔃ᶴⲴ㓖ᶏ, а㡜ԕӾк㠣лⲴᯩᔿ⭏ᡀ, ণӾ

ṁ㔃ᶴѝⲴṩ㢲⛩ᖰਦᆀ㔃⛩ (㓸㔃ㅖ) Ⲵᯩੁ⭏ᡀ.

㺘 4 [15, 50,53,56,60,69,72∼74] ኅ⽪Ҷ൘ SQL ⭏ᡀԫ࣑ѝⲴ㓿ި⁑රԕ৺ⴞࡽᴰᯠ⁑රⲴᢰᵟ⢩⛩.

ަѝ WikiSQL ઼ Spider ᱟⴞࡽ SQL ⭏ᡀԫ࣑ѝᴰާԓ㺘ᙗⲴᮠᦞ䳶. 䘁ᵏⲴ⹄ウѝ㕆⸱⁑රᑨ⭘

亴䇝㓳⁑ර઼മ⾎㓿㖁㔌ᶕ໎ᕪ⁑රሩ㠚❦䈝䀰઼ᮠᦞᓃⲴ㕆⸱㜭࣋,ᒦф䀓⸱⁑රѝสҾ䈝⌅⭏ᡀ

Ⲵᯩ⌅ᖰᖰՊਆᗇᴤྭⲴ᭸᷌.

൘䀓⸱䗷〻ѝ, ҏᴹ⹄ウ䪸ሩ䀓⸱䗷〻ѝⲴ䙊⭘᭩䘋ᯩ⌅, 䘉Ӌᯩ⌅ਟԕ⭘Ҿཊ⿽䀓⸱⁑රѝ.

Vinyalsㅹ [75] ᨀࠪᤷ䪸㖁㔌൘ཊ⿽㠚❦䈝䀰༴⨶ԫ࣑к൷ᴹᓄ⭘,ᤷ䪸㖁㔌ݱ䇨Ӿ䗃ޕѝᤧ䍍অ䇽ࡠ
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SELECT T1.model 
FROM car_names AS T1 
JOIN cars_data AS T2 
ON T1.make_id = T2.id 
WHERE T2.cylinders = 4 
ORDER BY T2.horsepower 
DESC LIMIT 1 

SELECT FROM WHERE
ORDER

BY
LIMIT

AGG COL TBL+ COND+ COL VAL

cars_data

SELECTT1.modelFROMcar_names AS T1 JOIN cars

…

SELECT

T1.model FROM

…

WHERE …

…

1

2

Sketch-based methods

Generation-based methods

1

2

Decoding

Legend

ഴ 6 (㖇㔒⡾ᖟഴ) 䀙⸷䗽ぁ⽰ׁ

Figure 6 (Color online) An example of decoding process

㺞 4 㔅ޮ SQL ⭕ᡆ⁗ශⲺᢶᵥ⢯⛯

Table 4 Technical characteristics of classic SQL generation models

Ref. Year Model Dataset Encoder Decoder

Yu et al. [50] 2018 TypeSQL WikiSQL Bidirectional LSTM Simple Sketch-Based Slot-Filling

Choi et al. [72] 2020 RyanSQL Spider BERT Complex Sketch-Based Slot-Filling

Hui et al. [73] 2021 SDSQL WikiSQL Schema Dependency Learning Simple Sketch-Based Slot-Filling

Zhong et al. [15] 2017 Seq2SQL WikiSQL Bidirectional LSTM Sequence-Based Generation

Lei et al. [60] 2020 SLSQL Spider BERT and Bidirectional GRU Sequence-Based Generation

Xuan et al. [69] 2021 SeaD WikiSQL Pre-training Schema-aware Denoising Sequence-Based Generation

Wang et al. [53] 2020 RATSQL Spider Relation-Aware Self-Attention Grammar-Based Generation

Cao et al. [56] 2021 LGESQL Spider Line Graph Enhanced Encoding Grammar-Based Generation

Rubin et al. [74] 2021 SMBOP Spider Relation-Aware Self-Attention Bottom-Up Grammar-Based Generation

䗃ࠪѝ, 䘉ᴹ࡙Ҿ⁑ර⭏ᡀ䇽㺘ѻཆⲴঅ䇽, Ӿ㘼ᨀॷ⁑රᙗ㜭. Wang ㅹ [76] ᨀࠪᢗ㹼ᤷሬⲴ䀓⸱ᵪ

〻ᒿⲴᢗ㹼ؑ᚟,൘䀓⸱䗷〻ѝỰ⍻ᒦᧂ䲔䭉䈟〻ᒿ,Ӿ㘼ᨀॷ⁑ර࠶ᯝ⭏ᡀⲴ䜘ࡔ䈝ѹؑ᚟⭘࡙,ࡦ

䀓⸱᭸᷌. Kelkarㅹ [77] ᨀࠪа⿽࡛ࡔᔿ䟽ᯠᧂᒿᯩ⌅ Bertrand-DR.ަሶ䟽ᯠᧂᒿ䗷〻ᶴᔪѪа⿽ส

Ҿ BERT Ⲵ࠶㊫ಘ, ԕ↔ᶕࡔᯝ⭏ᡀⲴ SQL 䈝ਕᱟ੖о䗃ؑޕ᚟ሩᓄ.

5.2.1 ะӄ⁗⡾ᨈٲⲺᯯ⌋

สҾ⁑⡸Ⲵ SQL⭏ᡀᯩ⌅ᱟ SQL⭏ᡀ䰞仈Ⲵа⿽ㆰॆᖒᔿ, ӵӵ⭏ᡀ⁑⡸ѝオ㕪ս㖞Ⲵᡰ䴰㾱

Ⲵ٬.਼а⿽ SQL䈝ਕਟ㜭ᴹཊ⿽ㅹԧⲴ㺘⽪ᖒᔿ,ֻྲḕ䈒ᶑԦѝ㓖ᶏⲴ亪ᒿ᭩ਈᖰᖰнᖡ૽ SQL

䈝ਕⲴ䈝ѹ઼ᢗ㹼㔃᷌. ྲ᷌⁑රӵӵᱟഐѪ亪ᒿн↓⺞㘼ࡔᯝ⭏ᡀ㔃᷌н↓⺞ᱟᆈ൘ٿᐞⲴ, 䘉⿽

䰞仈ҏ㻛〠Ѫ “亪ᒿ䟽㾱 (order-matter)”Ⲵ䰞仈.⁑⡸޵䜘⇿њ䴰㾱ປオⲴս㖞ਟԕⴻ֌ᱟањ䳶ਸ,

ᒦф䳶ਸ޵䜘⋑ᴹ亪ᒿ४࠶. ᡰԕਟԕሶ⁑⡸⭏ᡀᯩ⌅ⴻ֌ᒿࡠࡇ䳶ਸ (sequence-to-set) Ⲵᯩ⌅, ഐ

↔֯⭘⁑⡸⭏ᡀⲴᯩ⌅ᴹ࡙Ҿ⁑ර㕃䀓亪ᒿ䟽㾱Ⲵ䰞仈.

SQL ԫ࣑ѝสҾ⁑⡸Ⲵᯩ⌅൘ Xu ㅹ [49] Ⲵ SQLNet 㖁㔌ѝ俆ݸᨀࠪ, ⭘Ҿ䀓ߣ WikiSQL ᮠᦞ

䳶ѝഐѪ SQL 䈝ਕㅹԧᖒᔿᡰᕅ䎧Ⲵ亪ᒿ䰞仈. SQLNet Ⲵ䇮䇑ᕅޕҶᒿࡠࡇ䳶ਸⲴ㔃ᶴ, ⭘Ҿ亴⍻

ᰐᒿⲴ㓖ᶏ䳶,㘼нᱟᴹᒿⲴᒿࡇ. Yuㅹ [50] ൘ TypeSQLѝҏ֯⭘⁑⡸ᨂ٬,ᒦф൘䀓⸱䗷〻ѝሶ䴰
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Simple sketch-SQLNet

SELECT COUNT CFL Team FROM CFLDraft
WHERE College = “York” 

SQL:

Sketch:
SELECT

WHERE

AND

$AGG $COLUMN

$COLUMN $OP $VALUE

$COLUMN $OP $VALUE( )*

How many CFL teams are from York College? Question:

Generated
SQL:

SELECT

WHERE

COUNT CFL Team

College = “York”

Complex sketch-RYANSQL 

Find the name of airports which do not have any flight in and out.

SELECT AirportName FROM Airports WHERE AirportCode NOT IN 
(SELECT SourceAirport FROM Flights UNION 
SELECT DestAirport FROM Flights) 

FROM ($TBL)+

$DIST ( $AGG ( $DIST1 $AGG1 $COL1 

$ARI $DIST2 $AGG2 $COL2 ) ) + 
SELECT 

ORDER
BY 

( ( $DIST1 $AGG1 $COL1$ARI 
$DIST2 $AGG2 $COL2 ) $ORD ) * 

GROUP
BY 

( $COL )�

WHERE 
HAVING 

( $CONJ ( $DIST1$AGG1 $COL1

$ARI$DIST2$AGG2$COL2 )$NOT$CO
ND$VAL1|$SEL1$VAL2|$SEL2 )*

…

P1

…

[ NONE ] 

S1

SELECT AirportName
FROM Airports 
WHERE AirportCode
NOT IN S2 

[ WHERE ]

SELECT SourceAirport
S2 FROM Flights
UNION S3

[ WHERE, 
UNION ]

SELECT DestAirport
FROM Flights

P2

S2

P3

S3

ഴ 7 ะӄ⁗⡾ᨈᯯٲ⌋⭕ᡆ SQL ⽰ׁ

Figure 7 An example of generating SQL stataments in sketch-based slot-filling methods

㾱ᨂ٬Ⲵ޵ᇩᙫ㔃Ѫ 3њ㊫࡛ᒦ֯⭘ 3њ⁑රᶕ䘋㹼䇝㓳,ԕ↔䪸ሩн਼㊫රⲴᨂ٬䘋㹼ᔪ⁑. Dong

઼ Lapata [78] ᨀࠪ Coarse-to-Fine ⁑ර, ሶสҾ⁑⡸Ⲵ⭏ᡀԫ࣑࠶Ѫєњ䱦⇥䘋㹼, 俆ݸṩᦞḕ䈒䰞

仈Ⲵ䈝ѹ⭏ᡀањ㋇⮕Ⲵ⁑⡸, ᘭ⮕ަѝⲴާփⲴ৲ᮠ઼ਈ䟿. ❦ਾṩᦞ㠚❦䈝䀰䗃઼ޕ⁑⡸ປݵ㕪

ཡⲴ㓶㢲. Hwang ㅹ [57] ൘ SQLova ѝ࡙⭘亴䇝㓳⁑රⲴՈ࣯, 䘋а↕ᨀॷ⁑⡸ѝᨂ٬༴Ⲵ亴⍻᭸᷌.

He ㅹ [58] ൘ SQLova Ⲵส⹰кᨀࠪҶ X-SQL, ሶ⁑⡸ᨂ٬Ⲵ䀓⸱䗷〻䘋а↕ㆰॆ, ᒦ࡙⭘кл᮷໎ᕪ

Ⲵᯩ⌅ᨀॷ⭏ᡀ᭸᷌. Lyu ㅹ [59] ᨀࠪ HydraNet, ᴤ࣐࠶ݵൠ֯⭘亴䇝㓳⁑රⲴՈ࣯. н਼Ҿ SQLova

઼ X-SQLሶᡰᴹⲴḕ䈒䰞仈઼ᮠᦞᓃ⁑ᔿ䗃ޕ㔉亴䇝㓳⁑ර, HydraNetሶ㠚❦䈝䀰઼অ⤜Ⲵࡇ䘋㹼

亴䇝㓳,䙊䗷ㆰॆ䀓⸱䗷〻ѝⲴ༽ᵲ᫽֌ᨀॷᙗ㜭. Huiㅹ [73] ᨀࠪ SDSQL,֯⭘ᮠᦞᓃ⁑ᔿ׍䎆ᤷሬ

Ⲵ⁑ර, བྷᑵᓖᨀॷҶ䀓⸱ᵏ䰤Ⲵ᧘⨶᭸⦷, 㜭ཏѪл⑨ԫ࣑ᨀ׋ᴤབྷⲴ⚥⍫ᙗ.

ᰙᵏสҾ⁑⡸Ⲵᯩ⌅བྷཊ䪸ሩ∄䖳ㆰঅⲴ SQL䈝ਕ,ྲWikiSQLѝⲴᮠᦞ,ഐѪަѝⲴ SQL䈝

ਕнवਜ਼ “GROUP BY”, “JOIN”ㅹ༽ᵲ᫽֌.ሩҾ༽ᵲⲴ SQL⭏ᡀᮠᦞ䳶㘼䀰,ྲ Spider,สҾ⁑⡸

Ⲵᯩ⌅ሶ䶒ѤᴤཊⲴ᥁ᡈ.䘉Ӌ᥁ᡈѫ㾱ᶕⓀҾ (1)䳮ԕᇊѹањ䙊⭘Ⲵ༽ᵲ SQL⁑⡸; (2)⁑⡸ѝ፼

྇ḕ䈒ᡰ䴰޵ᇩ䳮ԕ亴⍻. Yu ㅹ [79] ൘ Spider ᮠᦞ䳶к俆⅑ᨀࠪҶสҾ⁑⡸Ⲵᯩ⌅ SyntaxSQLNet,

⁑රሶ SQL 䀓⸱䗷〻࠶䀓Ѫ 9 њ⁑ඇᶕ༴⨶н਼ SQL 㓴Ԧ, ⇿њ⁑ඇѝ֯⭘สҾ⁑⡸Ⲵᯩ⌅. н਼

Ҿѻࡽ SQLNet ֯⭘亴ᇊѹⲴ⁑⡸, SyntaxSQLNet ֯⭘⢩ᇊⲴ䈝⌅ṁᶕ䘋㹼䀓᷀, 䙂ᖂൠ䈳⭘н਼

⁑ඇᶕ⭏ᡀ SQL 䈝ਕ. Lee [80] ൘ Spider ᮠᦞ䳶к᭩䘋สҾ⁑⡸Ⲵᯩ⌅, ᨀࠪҶ RCSQL. ⁑රѝ俆ݸ

֯⭘᮷ᵜ࠶㊫Ⲵᯩ⌅㔉⇿њᆀਕѝ਴њ⁑ඇ䘋㹼࠶㊫,❦ਾ֯⭘⢩ᇊҾᆀਕⲴ䀓⸱ಘṩᦞ⁑⡸⭏ᡀࡇ

઼⴨ᓄⲴ䘀㇇ㅖ. ᴩ䠁䎵ㅹ [81] ҏ䪸ሩ Spider ᮠᦞ䳶ѝⲴ༽ᵲ SQL 䈝ਕ䇮䇑Ҷа⿽สҾ⁑⡸ᨂ٬ປ

.⌅Ⲵᯩݵ 䪸ሩ༽ᵲ SQL ѝⲴཊ㺘ḕ䈒䰞仈, 䈕᮷ሶަ “FROM” ᆀਕѝⲴ “JOIN” ᫽֌ᔪ⁑Ѫᯟඖ

㓣ṁ䰞仈ᒦ䟷⭘ޘተՈॆ㇇⌅䘋㹼≲䀓. ᴰ㓸⁑ර൘ SQL 䈝ਕ⴨ᓄᆀਕкⲴ亴⍻߶⺞⦷ᴹаᇊᨀॷ.

൘ Spider ᮠᦞ䳶кᴰᯠⲴ⁑⡸ᨂ٬ᯩ⌅ᱟ Choi ㅹ [72] ᨀࠪⲴ RYANSQL ⁑ර, ަѝᇊѹҶ䈝ਕս㖞

ԓ⸱ (statement position code, SPC), ሶ፼྇Ⲵ SQL ḕ䈒䖜ᦒѪа㓴䶎፼྇Ⲵ SELECT 䈝ਕ, ᒦ䘋㹼

䙂ᖂⲴ亴⍻. 䲔↔ѻཆ, RYANSQL ⁑රҏሩ䗃࣐໎ޕҶ༴⨶, ྲ㺕ࡇݵ਽〠ؑ᚟, ԕ↔ᯩؑׯ᚟Ⲵḕ

᢮઼४࠶.

മ 7ኅ⽪Ҷ⧠ᴹสҾ⁑⡸Ⲵᯩ⌅ਟԕṩᦞ SQL䈝ਕⲴ༽ᵲᓖ࠶Ѫㆰঅ⁑⡸઼༽ᵲ⁑⡸є⿽ᙍ䐟.
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ằ␵Ⓚㅹ: สҾ␡ᓖᆖҐⲴ SQL ⭏ᡀ⹄ウ㔬䘠

ㆰঅ⁑⡸ѫ㾱䶒ੁ㊫լҾ WikiSQLⲴᮠᦞ䳶, ഐѪਟԕ֯⭘ㆰঅⲴ⁑ᔿ㾶ⴆᮠᦞ䳶ѝᡰᴹⲴ SQL䈝

ਕ. മ 7 ѝᐖᆀമኅ⽪Ҷ SQLNet ѝᨀࠪⲴㆰঅ⁑⡸Ⲵֻᆀ, ਚ䴰㾱䇮㖞 SELECT, WHERE઼ AND

䘉 3 њޣ䭞ᆇ, ⁑ර亴⍻㚊ਸ᫽֌ㅖ $AGGǃ⴨ࡇޣ $COLUMNǃ᫽֌ㅖ $OPǃ⴨ᓄ٬ $VALUE ԕ

৺༴⨶ḕ䈒ѝਟ㜭ࠪ⧠ⲴཊњᶑԦ. മ 7 ѝਣᆀമኅ⽪Ҷ RYANSQL ѝᨀࠪⲴ༽ᵲ⁑⡸Ⲵֻᆀ, ⴨

∄ѻл, ༽ᵲ⁑⡸ѝ䴰㾱㘳㲁Ⲵ SQL .䭞ᆇѻ䰤㚄㌫Ⲵ༽ᵲᙗ᰾ᱮᨀॷޣ䭞ᆇԕ৺ޣ ൘к䘠ֻᆀѝ,

RYANSQL ሶ༽ᵲⲴ SQL 䈝ਕṩᦞ 3 ⿽㊫රⲴ䈝ਕս㖞ԓ⸱䖜ॆѪҶ⴨ᓄⲴ䶎፼྇ SELECT 䈝ਕ,

⭏ᡀ䗷〻ѝṩᦞ⇿њ⁑⡸䙂ᖂൠ⭏ᡀ⴨ᓄⲴ޵ᇩ,ᒦ֯⭘䈝ਕս㖞ԓ⸱ሶ⇿њ⁑ඇਸᡀѪᴰ㓸Ⲵ SQL

䈝ਕ.

5.2.2 ะӄ⭕ᡆⲺᯯ⌋

สҾ⭏ᡀⲴᯩ⌅ሶ SQL䈝ਕⴻ֌ањᮤփ䘋㹼⭏ᡀ, 㘼нᱟሶ SQL䈝ਕⴻ֌⭡ањ⁑⡸ѝⲴн

਼⁑ඇ㓴ਸ㘼ᡀ. оสҾ⁑⡸Ⲵᯩ⌅⴨∄䖳, สҾ⭏ᡀⲴᯩ⌅൘ᖒᔿкᴤ࣐⚥⍫, ᰐ䴰亴ݸᇊѹ⁑⡸

ԕ৺䇮䇑⁑⡸ѝཊњ⁑ඇѻ䰤Ⲵ㚄㌫. ⭏ᡀⲴᯩ⌅ਟ࠶ѪสҾᒿࡇⲴᯩ⌅઼สҾ䈝⌅Ⲵᯩ⌅, є㘵Ⲵ

ѫ㾱४࠶ᱟ䀓⸱䗷〻ѝᱟ੖᤹➗䈝⌅㿴ࡉⲴ㓖ᶏ䘋㹼⭏ᡀ.

ะӄᓅࡍ⭕ᡆⲺᯯ⌋. สҾᒿࡇⲴ SQL ⭏ᡀᯩ⌅ሶ SQL 䈝ਕⴻ֌а⿽⢩↺Ⲵ㠚❦䈝䀰, ࡙⭘ᵪ

ಘ㘫䈁Ⲵᯩ⌅ሶḕ䈒䰞仈㘫䈁ѪሩᓄⲴ SQL 䈝ਕ. ⴨ሩҾสҾ⁑⡸ᨂ٬Ⲵᯩ⌅, สҾᒿࡇⲴᯩ⌅н

⭘䇮䇑༽ᵲⲴ⁑⡸, ൘ᖒᔿкᴤ࣐ㆰ⌱, фㅖਸ⭏ᡀᔿᯩ⌅Ⲵⴤ㿲⨶䀓. նสҾᒿࡇⲴᯩ⌅ᴤ࣐⌘䟽

⭏ᡀ䗷〻Ⲵ䘎㔝ᙗ, ᖰᖰਚ⭘㘳㲁 SQL 䈝ਕѝཊ⿽㺘䗮ᖒᔿⲴа⿽㺘䗮亪ᒿ.

৏⭏ⲴสҾᒿࡇⲴᯩ⌅ᖰᖰਚ㜭֌Ѫส߶⁑ර, ᒦн㜭䗮ࡠԔӪ┑᜿Ⲵ⭏ᡀ᭸᷌, ᡰԕสҾᒿࡇ

Ⲵᯩ⌅֌Ѫѫ㾱⁑රࠪ⧠൘᮷⥞ѝᰦᑨᑨՊᩝ䝽ަԆቲ䶒ⲴՈॆ,ྲᕪॆᆖҐ઼亴䇝㓳⁑රㅹ. Zhong

ㅹ [15] 俆⅑൘བྷ㿴⁑ SQL ⭏ᡀᮠᦞ䳶 WikiSQL к֯⭘ᒿࡇ⭏ᡀⲴᯩ⌅, ᨀࠪҶ Seq2SQL ⁑ර. ⁑

රᕅޕҶᤷ䪸㖁㔌ѝⲴᤧ䍍ᵪࡦ⭏ᡀ SQL 䈝ਕѝⲴḕ䈒ࡇ਽〠, ֯⭘ᕪॆᆖҐ⭏ᡀ SQL 䈝ਕⲴᶑ

Ԧ,㕃䀓ḕ䈒ᶑԦѝ⭡Ҿ亪ᒿᰐޣ㘼ᰐ⌅䇑㇇Ӕ৹ໂᦏཡ࠭ᮠⲴᛵߥ. Seq2SQL࡙⭘Ҷᮠᦞ䳶ѝ SQL

䈝ਕⲴ⢩⛩߿ቁᩌ㍒オ䰤ᒦ֯⭘ᕪॆᆖҐѝⲴ྆࣡ᵪࡦ༴⨶ḕ䈒ᶑԦⲴ亪ᒿ䰞仈,൘оѻࡽ䈝ѹ䀓᷀

⁑ර⴨∄ⲴᛵߥлᗇࡠҶ䖳ྭⲴ᭸᷌. Xuan ㅹ [69] ᨀࠪҶа⿽਽Ѫ SeaD Ⲵᒿࡇ⭏ᡀ⁑ර, ަѝ֯⭘

Transformer֌Ѫส⹰ᷦᶴ,ᒦ⋑ᴹ໎࣐䈝⌅㓖ᶏԕ৺ަԆ仍ཆ⁑ඇ,ԕ↔ᶕ᧒㍒ᒿࡇ⭏ᡀ⁑ර൘ᓄ⭘

ѝᱟ੖㻛վՠ. ⁑රѝ֯⭘亴䇝㓳Ⲵᯩ⌅䇙⁑රᆖҐྲօ൘᭩ਈਾⲴ䗃ޕк亴⍻䗃ࠪԕ৺ྲօ൘ᢃҡ

ਾⲴᮠᦞѝᚒ༽䗃ޕ, ᒦ֯⭘а⿽ᶑԦ᭿ᝏⲴᢗ㹼ᤷሬㆆ⮕ᶕ䘋㹼䀓⸱. SeaD ൘䀓⸱䗷〻ѝђᔳ䛓

Ӌᰐ⌅ᢗ㹼ᡆ䘄എオ㔃᷌Ⲵḕ䈒, ԕ৺ṩᦞᮠᦞ䳶Ⲵ⢩⛩ሩ SQL ѝн਼ⲴᶑԦ൘⭏ᡀ䗷〻ѝ䘋㹼ާ

փⲴ༴⨶. SeaD 䙊䗷ԕкڊ⌅ᶕᴰབྷॆᒿࡇ⭏ᡀᯩ⌅Ⲵ▌㜭, ᒦ൘ WikiSQL ᮠᦞ䳶кਆᗇҶᖸྭⲴ

᭸᷌.

ะӄ䈣⌋⭕ᡆⲺᯯ⌋. สҾ䈝⌅Ⲵ⭏ᡀᯩ⌅ᱟ൘ᒿࡇ⭏ᡀⲴส⹰к໎࣐Ҷ䈝⌅㓖ᶏ, 㾱≲⁑ර൘

䀓⸱䗷〻ѝ⭏ᡀᣭ䊑䈝⌅ṁѝⲴ䈝⌅㿴ࡉ, 㘼нᱟㆰঅⲴঅ䇽. ⹄ウ㔃᷌ᱮ⽪, สҾ䈝⌅⭏ᡀᖰᖰ㜭

ཏਆᗇ䖳ྭⲴᙗ㜭,ቔަᱟ䶒ሩ༽ᵲ SQL⭏ᡀⲴᛵߥл,สҾ䈝⌅Ⲵ⭏ᡀ⁑රՊ᰾ᱮ∄ަԆ⁑රⲴᙗ

㜭儈. สҾ䈝⌅⭏ᡀⲴᯩ⌅ਟԕ࠶Ѫ࡙⭘䈝⌅䀓⸱઼䪸ሩ䈝⌅Ոॆ䘉є⿽ᙍ䐟.

࡙⭘䈝⌅䀓⸱Ⲵᙍ䐟, ѫ㾱ᱟ࡙⭘ᐢᴹⲴ䈝⌅Ṷᷦ䘋㹼䀓⸱䱦⇥Ⲵ㓖ᶏ, 㕃䀓สҾᒿࡇⲴᯩ⌅ᰐ

⌅ᴹ᭸ᦅ᥹〻ᒿ㔃ᶴⲴ䰞仈. Rabinovich ㅹ [82] ൘䈝ѹ䀓઼᷀ԓ⸱⭏ᡀѝᕅޕᣭ䊑䈝⌅㖁㔌 (abstract

syntax networks, ASNs), ᢙኅҶḷ߶Ⲵ㕆⸱ಘ – 䀓⸱ಘ㔃ᶴ. ަ⢩⛩ᱟԕ㠚亦ੁлⲴᯩᔿ⭏ᡀᣭ䊑䈝

⌅ṁ, ൘ԫօ㔉ᇊ䗃ޕⲴ䀓⸱䗷〻ѝ, ⁑ඇѻ䰤䘋㹼ࣘᘱ䘹ᤙⲴ⴨ӂ䙂ᖂ, ަѝ⭏ᡀⲴṁⲴ㔃ᶴ৽᱐

Ҷ䙂ᖂⲴ䈳⭘മ. ASNs ֯⭘ᣭ䊑䈝⌅᧿䘠䈝䀰Ṷᷦᶕᶴ䙐 AST, 䀓⸱䗷〻ѝ֯⭘⢩ᇊⲴ䇮䇑⁑ඇᶕ
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⭏ᡀަѝާփⲴ䈝⌅. ASNs ൘ԓ⸱⭏ᡀᮠᦞ䳶઼ཊњ䈝ѹ䀓᷀ᮠᦞ䳶кਆᗇҶᖃᰦᴰྭⲴ㔃᷌. Yin

઼ Neubig [83] ᨀࠪ䈝⌅⾎㓿㖁㔌⁑ර SNM, ֯⭘สҾ䈝⌅Ⲵ⾎㓿㖁㔌⁑රᶕ⭏ᡀ䙊⭘㕆〻䈝䀰, ྲ

Java, Python ㅹ. ѪҶᦅ᥹㕆〻䈝䀰ᓅቲ䈝⌅ؑ᚟, ᮷⥞ [83] 俆ݸᇊѹ⁑රሶ䗃ޕⲴ㠚❦䈝䀰䖜ॆѪ

AST, ަѝ AST ⭡⢩ᇊ䈝䀰Ⲵḷ߶䀓᷀ಘᨀ׋, 䀓⸱䗷〻⭡а㌫ࡇṁⲴᶴ䙐ࣘ֌㓴ᡀ. ᴰਾ֯⭘⭏ᡀ

ᐕާሶ AST䖜ᦒѪⴞḷԓ⸱. SNM֯⭘㔃ᶴॆؑ᚟㓖ᶏᩌ㍒オ䰤,֯ᗇ⭏ᡀⲴԓ⸱ᴹ㢟ྭⲴṬᔿ,ᒦ

ф㜭ཏ৽᱐㕆〻䈝䀰Ⲵ⢩ᙗ. 2017 ᒤ, Yin ઼ Neubig [84] 㔗㔝ᨀࠪҶа⿽สҾ䖜ᦒⲴ⾎㓿㖁㔌䀓᷀ಘ

TRANX, ֯⭘⭏ᡀⴞḷⲴ䈝⌅ؑ᚟㓖ᶏ䗃ࠪオ䰤ԕ৺ሩؑ᚟⍱ᔪ⁑. TRANX ⁑රѝ֯⭘ ASDL ѝ

ᤷᇊⲴ AST ֌Ѫ䙊⭘Ⲵѝ䰤䈝ѹ㺘⽪, ᒦሶԫ࣑⢩ᇊⲴ䈝⌅֌Ѫཆ䜘⸕䇶ᨀ׋㔉⁑ර֌Ѫᤷሬؑ᚟,

ഐ↔ሶ䈝ѹ䀓᷀䗷〻о⢩ᇊ䈝⌅䀓㙖. TRANX ⁑රᴰ㓸൘ WikiSQL ઼ཊњ䈝ѹ䀓᷀ᮠᦞ䳶Ⲵ৏ᴹ

ส⹰кᨀॷҶᙗ㜭. Zhao ㅹ [85] ᨀࠪҶа⿽ޣҾ䀓⸱䗷〻ѝ䈝⌅Ⲵ亴䇝㓳⁑ර GP, ⭘Ҿ൘䀓⸱ㄟ߿

ቁ䀓⸱䗷〻ѝࠪ⧠Ⲵ䈝⌅䭉䈟.⭡Ҿ SQL䈝⌅оާփⲴ㠚❦䈝䀰ᰐޣ,ᡰԕ GP俆ݸ൘⋑ᴹ㕆⸱ಘؑ

᚟ᰦ亴䇝㓳Ҷањ䀓⸱ಘ, ᒦ֯⭘ flooding֌Ѫᦏཡ࠭ᮠ, ⭘Ҿ䚯ݽተ䜘ᴰՈⲴᛵߥ. GP ᴹ᭸ൠᨀ儈

Ҷ⁑රⲴ䇝㓳᭸⦷, ާᴹ㢟ྭⲴ励ἂᙗ઼᭦ᮋᙗ, ᒦ൘ Spider ᮠᦞ䳶кާᴹ䖳儈Ⲵ߶⺞⦷. Xu ㅹ [86]

ᨀࠪ DT-Fixup⁑ර,䇱᰾䙊䗷䘲ᖃⲴࡍ࿻ॆ઼Ոॆ,␡ቲ TransformerⲴྭ༴ਟԕᔦ㔝ާࡠᴹሿ㿴⁑

ᮠᦞ䳶Ⲵ᥁ᡈᙗԫ࣑к. DT-Fixup ⁑ර䇝㓳Ҷ 48 ቲⲴ Transformer, वᤜҶ RoBERTa Ⲵ 24 ቲᗞ䈳

ቲ઼ 24 њӾཤ䇝㓳ޣ㌫ᝏ⸕ቲ, ᴰ㓸֯⭘สҾ䈝⌅Ⲵ⭏ᡀᯩ⌅䘋㹼䀓⸱. ᇎ傼㔃᷌㺘᰾ሩҾ䴰㾱᧘

⨶઼㔃ᶴ⨶䀓Ⲵഠ䳮ԫ࣑, ྲ SQL ⭏ᡀ, ໎࣐␡ᓖᴹࣙҾᨀ儈൘ሿᮠᦞ䳶кⲴ⌋ॆ㜭࣋, ᒦ൘ Spider

ᮠᦞ䳶к䗮ࡠ᧕䘁ᴰྭⲴ᭸᷌.

䪸ሩ䈝⌅ՈॆⲴᙍ䐟ѝ, ⹄ウ㘵ѫ㾱䪸ሩ৏⭏Ⲵ䈝⌅ᔪ⁑ᯩ⌅䘋㹼Ոॆ, ᰘ൘䇮䇑ᴤ࣐ᴹ᭸Ⲵ䈝

⌅㺘⽪ԕ৺ᴤᴹ᭸ൠ࡙⭘䈝⌅ؑ᚟. Linㅹ [87] ᨀࠪ GrammarSQL,ަѪ SQL䈝ਕ䇮䇑Ҷа⿽䈝⌅,ᆳ

㜭ཏ㾶ⴆ ATIS઼ Spiderѝ 98%Ⲵ䈝⌅ᛵߥ. 䇮䇑Ⲵᯠ䈝⌅㘳㲁Ҷ൘⭏ᡀ䗷〻ѝ䈝⌅Ⲵ׍䎆ᛵߥ,ྲ

ᮠᦞᓃ⁑ᔿѝⲴࡇ਽〠઼٬ѻ䰤Ⲵ㓖ᶏޣ㌫. 俆ݸ, ሩаӋкл᮷᭿ᝏᓖⲴᛵߥ䙊䗷ੁкл᮷ᰐޣ䈝

⌅␫࣐仍ཆⲴ䶎㓸㔃ㅖᶕ༴⨶, ᒦԕ↔ᶕ⺞؍㺘ǃ٬઼ࡇᕅ⭘Ⲵа㠤ᙗ. ❦ਾሩҾᴤ༽ᵲⲴкл᮷᭿

ᝏᓖ,ֻྲ⺞؍ SQLḕ䈒ѝⲴ㺘䘎᧕ޡӛޡޜཆ䭞,ࡉሩӗ⭏ᔿ㿴ࡉᢙኅ֯⭘䘀㹼ᰦ㓖ᶏԕ⺞؍ਚݱ

䇨ᴹ᭸Ⲵ〻ᒿ. 䘉⿽ᯠⲴ䈝⌅㓖ᶏ䀓⸱䇙 GrammarSQL ⁑ර൘ ATIS ઼ Spider к䗮ࡠҶ⴨ሩ䖳ྭⲴ

㔃᷌. Guo ㅹ [88] ᨀࠪ IRNET, оѻࡽㄟࡠㄟⲴᯩ⌅н਼, IRNET ሶ SQL Ѫ࠶ 3 њ↕僔䘋㹼⭏ᡀ, 俆

,䘋㹼ᮠᦞᓃ⁑ᔿ䬮᧕࠶൘㕆⸱䜘ݸ ❦ਾ⭏ᡀ SQL 䈝ਕⲴѝ䰤㺘⽪ (intermediate representation, IR),

ᴰਾṩᦞѝ䰤㺘⽪⭏ᡀᴰ㓸Ⲵ SQL 䈝ਕ. IRNET 䇮䇑Ҷа⿽⢩ᇊ亶ฏⲴ䈝䀰, SemQL, ᶕ֌Ѫ㠚❦

䈝䀰઼ SQL䈝ਕⲴѝ䰤㺘⽪. ԕ↔ᶕ䳀㯿⢩ᇊⲴ SQL䈝⌅ᇎ⧠㓶㢲,㕃䀓㠚❦䈝䀰઼ SQL䈝ਕѻ䰤

Ⲵн३䝽䰞仈,Ӿ㘼࡙࠶ݵ⭘㠚❦䈝䀰㺘䗮Ⲵؑ᚟.䀓⸱ಘ࡙⭘สҾ䈝⌅Ⲵᯩ⌅,䙊䗷а㌫ࡇᶴ䙐ṁ㔃

ᶴⲴ⍫ࣘᔪ⁑ SemSQL Ⲵ⭏ᡀ䗷〻. ⁑රᴰ㓸൘༽ᵲ䐘ฏᮠᦞ䳶 Spider кਆᗇҶ䖳ྭⲴ᭸᷌. Rubin

ㅹ [74] ⌘᜿ࡠ൘สҾ䈝⌅Ⲵᯩ⌅ѝ,৏࿻㠚亦ੁлⲴ䀓᷀ᯩ⌅᭸⦷н儈фᑨᑨ䀓᷀ࠪᰐ᜿ѹⲴ䜘࠶ṁ,

ᡰԕᨀࠪ SmBoP, 䘹ᤙ֯⭘㠚ᓅੁкⲴᯩ⌅⭏ᡀ䈝⌅ṁ. ަѝ൘䈝⌅ቲ䶒ҏُ䢤Ҷ IRNET Ⲵᙍ䐟,

֯⭘໎ᕪਾⲴޣ㌫ԓᮠ֌Ѫ⭏ᡀ SQL Ⲵѝ䰤㺘⽪ᖒᔿ. ާփ㘼䀰, ൘ㅜ t ↕䀓⸱䗷〻ѝ, 䀓⸱ಘՊᒦ

㹼ൠ⭏ᡀࡽ K њᆀṁ, ަѝ⇿њᆀṁⲴ儈ᓖሿҾㅹҾ t. 䘉ṧਟԕᴹ᭸ൠ䱽վ䘀㹼ᰦⲴ༽ᵲ〻ᓖ, Ӿ

㘼ᨀॷ᭸⦷.൘ᔪ⁑ᯩ䶒,㠚л㘼кⲴ䀓⸱ᯩᔿᴹ࡙Ҿᶴ䙐ᴹ᜿ѹⲴᆀ〻ᒿ,㘼нᱟ⋑ᴹ␵Რ䈝ѹⲴ䜘

.⸱ԓ࠶ ࡙⭘䘉ṧⲴᯩ⌅֯ᗇ SmBoP 㜭ཏ൘ Spider ᮠᦞ䳶к䗮ࡠⴞࡽᴰྭⲴ᭸᷌, ԕ৺ᨀॷ⁑ර䀓

⸱᭸⦷.

മ 8ኅ⽪ҶสҾ䈝⌅Ⲵє⿽ᙍ䐟. ᐖᆀമኅ⽪Ҷ࡙⭘ SQL䙊⭘䈝⌅൘䀓⸱䱦⇥䘋㹼㓖ᶏⲴֻᆀ,

а㌫ࡇ⹄ウ䇱᰾໎࣐䈝⌅㓖ᶏՊᨀॷ⁑රⲴ⭏ᡀ᭸᷌. ਣᆀമኅ⽪Ҷ䪸ሩ⧠ᴹ䈝⌅䘋㹼ՈॆⲴᙍ䐟,
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ằ␵Ⓚㅹ: สҾ␡ᓖᆖҐⲴ SQL ⭏ᡀ⹄ウ㔬䘠

Decoding with  
grammar

Decoding with 
grammar optimization

DSL design
Augmented 
grammar

query::=(SELECT distinct select_results FROM table_refs
where_clause group_by)

select_results::=col_refs | agg
agg::=agg_func(col_refs)

agg_func::=MIN|MAX|COUNT
col_refs::=col_ref, col_refs|col_ref

…

IRNET-SemQL 

…

SMBOP-augmented relational algebra  

Operation Notation Input → Output 

Set Union R×R→R 

Selection P×R→R 

Projection Π C′×R→R 

Keep Any → Any 

Group by C×R→R 

… … …

query

SELECT

none

name

FROM

table_name

age

where_clause

distinct select_results table_refs condition

col_ref
col_ref op val

60≥

group_by

none

actor

SELECT T1.name
FROM friend AS T1 JOIN highschooler AS T2 
ON T1.student_id = T2.id WHERE T2.grade > 5 
GROUP BY T1.student_id HAVING count(*) >= 2 

SELECT name FROM actor WHERE age ≥ 60 SELECT name FROM actor WHERE age ≥ 60 

∪

σ

κ

γ

Z ::= intersectRR unionRR exceptRR| R

R ::= Select| Select Filter | Select Order

| Select Superlative | Select Order Filter
| Select Superlative Filter 

Select ::= A AA AAA AAAA AA...A

Order ::= asc A | desc A

ഴ 8 ะӄ䈣⌋Ⲻᯯ⌋⭕ᡆ SQL ⽰ׁ

Figure 8 An example of generating SQL stataments in grammar-based methods

वᤜҶ⢩ᇊ亶ฏ䈝䀰 (domain specific language, DSL)Ⲵ䇮䇑઼໎ᕪ⧠ᴹ䈝⌅൘ SQL⭏ᡀѝⲴ㺘⽪㜭

࣋є⿽ާփڊ⌅, 䘉⿽ᙍ䐟ᰘ൘ᕕ㺕㠚❦䈝䀰ࡠ SQL 䈝⌅ѻ䰤ᆈ൘Ⲵᐞ䐍, 䙊䗷ѝ䰤㺘⽪Ⲵ䘋а↕

໎ᕪሶ䗃ޕ䖜ॆѪ SQL 䈝ਕⲴ㜭࣋. IRNET 䙊䗷䇮䇑ѝ䰤㺘⽪Ⲵ䈝⌅ᨀॷ SQL ⭏ᡀ᭸᷌, മѝኅ

⽪Ⲵ䈝⌅ṁֻᆀѝ, SQL ḕ䈒ѝⲴ “GROUP BY”, “HAVING” ઼ “FROM” ᆀਕ൘ SemQL ḕ䈒ѝ㻛

⎸䲔, “WHERE” ઼ “HAVING” ѝⲴᶑԦ൘ SemQL ḕ䈒Ⲵ Filter ᆀṁѝ㻛㔏а㺘⽪, ԕ↔ᶕᕕ㺕㠚

❦䈝䀰઼ SQL ᇎ⧠㓶㢲ѻ䰤Ⲵᐞ䐍. ᇎ⧠㓶㢲ਟԕ൘䲿ਾⲴ᧘ᯝ䱦⇥䙊䗷亶ฏ⸕䇶Ӿ SemQL ḕ䈒

ѝ⺞ᇊ. SMBOP ⁑ර࡙⭘ SQL ⢩ᇊⲴ᫽֌໎ᕪ⧠ᴹⲴޣ㌫ԓᮠ (relational algebra) 㺘⽪ᖒᔿ, ᒦ֯

⭘㠚ᓅੁкⲴᯩᔿ⭏ᡀᆀ〻ᒿ, ԕ↔ᶕ䘋а↕ᨀॷ⁑රสҾ䈝⌅⭏ᡀⲴᙗ㜭. മѝ SBMOP ሩᓄⲴޣ

㌫ԓᮠѝ, R 㺘⽪ޣ㌫, P 㺘⽪ᯝ䀰, C 㺘⽪ᑨ䟿, C ′ 㺘⽪ᑨ䟿䳶ਸ. ൘ᶴ䙐ṁⲴ䗷〻ѝ䘈ᕅޕҶҶа

ݳ KEEP ᫽֌, ᆳнՊ᭩ਈᓄ⭘ᆳⲴᆀṁⲴ䈝ѹ. ഐ↔, ᶴ䙐䗷〻ѝԕ൘н᭩ਈᖒᔿḕ䈒Ⲵᛵߥл໎

࣐ṁⲴ儈ᓖ, ԕ↔؍䇱⭏ᡀᆀṁѪᒣ㺑ṁ.

5.3 ቅ㔉

䲿⵰␡ᓖᆖҐⲴਁኅ,⹄ウ㘵нᯝൠ᧒㍒઼ᶴ䙐਴⿽⁑ර㔃ᶴᶕ䘲䝽઼䀓ߣн਼亶ฏ䶒ѤⲴ䰞仈.

൘ SQL⭏ᡀ亶ฏҏᱟྲ↔,ᗇ⳺Ҿ␡ᓖᆖҐ઼㠚❦䈝䀰༴⨶亶ฏⲴᘛ䙏ਁኅ,བྷ䟿Ո⿰Ⲵ⁑ර㔃ᶴ઼

ᔪ⁑ᙍ䐟㻛⭘Ҿ⭏ᡀ SQL䈝ਕ. ਼ᰦ, ⹄ウ㘵ԜнᯝൠՈॆ઼᭩䘋⧠ᴹ⁑ර, ֯ަ㜭ᴤྭൠ䀓ߣ SQL

⭏ᡀ䶒ѤⲴ䰞仈, 䘉ҏ֯ᗇ SQL ⭏ᡀⲴ⁑ර㔃ᶴਟԕ㻛ަԆ⴨լ亶ฏᡰُ䢤ᒦ׳䘋␡ᓖᆖҐⲴਁኅ.

൘ SQL ⭏ᡀⲴ⁑ර㔃ᶴ⹄ウᐕ֌ѝ, ⹄ウ䰞仈ѫ㾱⎹৺ሩ㔃ᶴॆᮠᦞᓃ㕆⸱䰞仈ǃ㠚❦䈝䀰઼ᮠᦞ

ᓃѻ䰤⁑ᔿ䬮᧕䰞仈ԕ৺⭏ᡀާᴹѕṬ䈝⌅㓖ᶏⲴ SQL䈝ਕ䰞仈.䪸ሩ䘉Ӌѫ㾱䰞仈,а㌫ࡇ⹄ウᐕ

֌ѝᕅޕമ⾎㓿㖁㔌઼亴䇝㓳⁑රㅹݸ䘋ᢰᵟᶕՈॆ䀓ᯩߣṸ. ⹄ウ㔃᷌䇱᰾䪸ሩ SQL ⢩⛩Ⲵ⁑ර

㔃ᶴࡋᯠ,ྲ䪸ሩ SQLԫ࣑Ⲵ亴䇝㓳⁑ර,㜭ཏᴹ᭸ൠᨀॷᇎ傼ᙗ㜭.ਾ㔝Ⲵ⹄ウᓄ㔗㔝䪸ሩ SQL⭏

ᡀᡰ⎹৺Ⲵѫ㾱䰞仈䘋㹼⁑ර㔃ᶴᯩ䶒Ⲵࡋᯠ,㔗㔝᧒㍒␡ᓖᆖҐ⁑රྲօ໎ᕪሩ㠚❦䈝䀰઼ᮠᦞᓃ

ѻ䰤䈝ѹ३䝽઼䬮᧕Ⲵᦅ㧧㜭࣋, ԕ৺ሩн਼㊫ර䀓⸱ᯩᔿ⭏ᡀ SQL Ⲵ▌࣋.
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ѝഭ、ᆖ :ؑ᚟、ᆖ ㅜ 52 ধ ㅜ 8 ᵏ

Gold SQL:

Question:

Pred. SQL 1:

Pred. SQL 2:

Who is above 34 years old ?

Execution

Gold SQL:
Pred. SQL 1:
Pred. SQL 2:

Execution

Matching

Gold SQL:
Pred. SQL 2:

ഴ 9 (㖇㔒⡾ᖟഴ) ᢝ㺂ૂᇂޞ९䞃᤽ḽ䇺զ SQL ⭕ᡆ᭾᷒ਥ㜳ᆎ൞у䏩Ⲻ⽰ׁ

Figure 9 (Color online) Examples of possible inadequacies in evaluating the generated SQL with execution accuracy and
exact matching

6 SQL ⭕ᡆ䇺զᯯ⌋

䇴ՠᯩ⌅⭘Ҿ䇴ՠ␡ᓖᆖҐ⁑ර⭏ᡀ SQLⲴ᭸᷌,䪸ሩн਼Ⲵ⭏ᡀᯩᔿਟԕ࠶Ѫঅ䖞 SQL⭏ᡀ

Ⲵ䇴ՠ઼ཊ䖞 SQL ⭏ᡀⲴ䇴ՠє㊫. অ䖞 SQL ⭏ᡀⲴ䇴ՠᯩ⌅वᤜҶสҾ᮷ᵜ઼สҾᢗ㹼є⿽. ཊ

䖞 SQL ⭏ᡀⲴ䇴ՠᯩ⌅৲㘳㠚❦䈝䀰ཊ䖞ሩ䈍Ⲵ䇴ՠᤷḷ, वᤜҶḕ䈒३䝽 (question match) ઼Ӕ

ӂ३䝽 (interaction match).

অ䖞䇴ՠᤷḷѝ,สҾ᮷ᵜⲴ䇴ԧᤷḷਚ䴰࡙⭘⭏ᡀⲴ᮷ᵜ䘋㹼䇑㇇,वᤜ㓴ᡀᡀ࠶३䝽⦷ (com-

ponent matching) ઼ᆼޘ३䝽⦷ (exact matching). SQL 㓴ᡀᡀ࠶३䝽⦷ᱟޣҾ SQL 䜘ᇎ⧠㓶㢲ሩ޵

ᓄⲴ३䝽⦷㔏䇑ᤷḷ. 䇑㇇䗷〻俆ݸ䴰㾱ሶᆼᮤⲴ SQL ᣶࠶Ѫ਴њ䜘࠶, ྲ “SELECT”, “WHERE”

઼ “GROUP BY” ㅹ䜘࠶, ᧕⵰䇑㇇⇿њ䜘࠶ѝᓄᖃवਜ਼Ⲵ٬Ⲵ䳶ਸᱟ੖३䝽. ⇿њн਼䜘࠶Ⲵ३䝽

⦷ਟԕ䘋а↕䇑㇇⴨ᓄⲴ F1 ٬, ⭘Ҿᵳ㺑㋮߶⦷઼ਜഎ⦷ᒦᗇࡠᴤᇒ㿲Ⲵ䇴ԧ. ᆼޘ३䝽⦷ᱟᤷ⭏

ᡀ亴⍻Ⲵ SQL 䈝ਕ઼↓⺞Ⲵ SQL 䈝ਕᆼޘ⴨਼Ⲵᾲ⦷. о SQL 㓴ᡀᡀ࠶३䝽⴨∄䖳, ᆼޘ३䝽Ⲵ

㾱≲ᴤ儈, ণањ SQL 䈝ਕѝᡰᴹ㓴ᡀᡀ࠶䜭३䝽ਾ᡽㜭㇇֌䈕 SQL 䈝ਕ኎Ҿᆼޘ३䝽. ٬ᗇ⌘᜿

Ⲵᱟ SQL 䈝ਕḀӋᡀ࠶ѝᡰवਜ਼Ⲵ٬⋑ᴹ亪ᒿⲴ䲀ࡦ, ᡰԕ൘ᰐ亪ᒿ㾱≲Ⲵᡀ࠶ѝ䴰㾱ԕ䳶ਸⲴᖒ

ᔿᶕ䇑㇇ᱟ੖३䝽, 㘼нᱟԕᆇㅖѢⲴᖒᔿ䘋㹼䇑㇇, ԕ↔ᶕ⎸䲔ӵӵഐѪ亪ᒿн३䝽ᡰᑖᶕⲴ䈟ᐞ.

สҾᢗ㹼Ⲵ䇴ԧᤷḷ䴰㾱ሩ∄ SQL 䈝ਕᢗ㹼ਾⲴ㔃᷌, ᢗ㹼㔃᷌↓⺞⦷ (execution accuracy) ᱟ㔏䇑

ᢗ㹼㔃᷌३䝽〻ᓖⲴᤷḷ.⭡Ҿ਼а⿽࣏㜭Ⲵ SQL䈝ਕҏਟ㜭ᆈ൘ཊ⿽Ⲵ㺘䗮ᖒᔿ,ѪҶ䚯ݽᆼޘ३

䝽ᤷḷѝ䚇┿Ⲵᛵߥ, ḕⴻ SQL 䈝ਕⲴᢗ㹼㔃᷌ᶕࡔᯝ⭏ᡀⲴ SQL ᱟ੖↓⺞ҏᱟањ䟽㾱Ⲵᤷḷ.

֯⭘ᢗ㹼↓⺞⦷֌Ѫ䇴ԧᤷḷ㾱≲ᮠᦞ䳶ѝᆈ൘ਟԕ䘋㹼অݳ⍻䈅ⲴᶑԦ,ণ㾱≲ᮠᦞ䳶ѝᨀ׋↓⺞

SQL 䈝ਕᡰ⭏ᡀⲴḕ䈒㔃᷌, ᒦԕ↔ᶕо⭏ᡀ SQL Ⲵᢗ㹼㔃᷌䘋㹼ሩ∄.

ཊ䖞䇴ՠᤷḷѝ, ḕ䈒३䝽ᱟᤷ൘ӵ㘳㲁অ䖞⭏ᡀⲴᛵߥлᮤփⲴ३䝽⦷, а㡜֯⭘অ䖞䇴ՠᤷ

ḷѝⲴᆼޘ३䝽⦷֌Ѫ⴨ᓄᤷḷ. ൘ᇎ䱵ᇎ傼ѝ, ҏ䴰㾱䪸ሩᖃࡽঅ䖞⭏ᡀ䗷〻ѝᱟ੖׍䎆ࡽ᮷⭏ᡀ

㔃᷌䘋㹼࠶ᔰ䇘䇪. Ӕӂ३䝽ᱟᤷ൘ᮤփཊ䖞⭏ᡀ䗷〻ѝ, .⺞↓䜘Ⲵᡰᴹḕ䈒䰞仈઼⭏ᡀ㔃᷌ᱟ੖޵

❦㘼,অ㓟ⲴสҾ᮷ᵜ३䝽઼ SQLᢗ㹼Ⲵ䇴ՠᤷḷᖰᖰᆈ൘н䏣. ྲമ 9ᡰ⽪,亴⍻Ⲵ SQL 1⴨

∄Ҿ↓⺞Ⲵ SQL㕪ቁҶḕ䈒ᶑԦ,亴⍻Ⲵ SQL 2о↓⺞Ⲵ SQLнᆼޘ३䝽. նਚ⭘ database 1֌Ѫ

⍻䈅Ⲵᛵߥл, 亴⍻Ⲵ SQL 1 Ⲵᢗ㹼㔃᷌ӽ❦↓⺞, ᡰԕѪٷ䱣ᙗṧֻ, ণᢗ㹼㔃᷌↓⺞նᇎ䱵 SQL
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ằ␵Ⓚㅹ: สҾ␡ᓖᆖҐⲴ SQL ⭏ᡀ⹄ウ㔬䘠

ᆈ൘䈝ѹ䭉䈟.㘼 SQL 2㲭❦нᆼޘ३䝽, ն൘䈝ѹко↓⺞Ⲵ SQL⴨਼ (൘ᮠᦞᓃѝᒤ喴൷⭘ᮤᮠ

㺘⽪Ⲵᛵߥл, > 34 ઼ ! 35 Ⲵḕ䈒㔃᷌⴨਼), ᡰԕ SQL 2 ᱟањٷ䱤ᙗṧֻ, ণ SQL 亴⍻↓⺞ն

ᱟ㻛䇴ՠᤷḷࡠ࠶Ҷ䭉䈟䛓а㊫.

ⴞࡽҏᴹ⹄ウޣ⌘ྲօՈॆ SQL ⭏ᡀⲴ䇴ՠᯩ⌅, Zhong ㅹ [89] ᨀࠪҶ㫨便⍻䈅྇ԦⲴᯩ⌅, ֯

⭘⍻䈅྇Ԧ↓⺞⦷ᶕ䇴ՠ⁑ර⭏ᡀ SQLⲴ᭸᷌.俆ݸ䙊䗷؞᭩ᮠᦞ䳶ѝ↓⺞Ⲵ SQL䈝ਕᗇࡠа㌫ࡇ

ᖒᔿк⴨լⲴ “䛫ትḕ䈒”, ྲമ 9 ᡰ⽪, 亴⍻ SQL 1 ⴨∄䖳Ҿ↓⺞ SQL ቁҶᶑԦ, ㇇ᱟа⿽䛫ትḕ

䈒. ❦ਾ䲿ᵪ⭏ᡀа㌫ࡇⲴᮠᦞᓃ, ྲമ 9 ѝⲴ database 1 ∼ database n. ᴰਾ䙊䗷㫨便Ⲵᯩᔿ؍⮉

㜭४࠶↓⺞ḕ䈒 SQL ઼䛫ትḕ䈒 SQL 䈝ѹⲴᴰሿᮠᦞᓃᮠ䟿֌Ѫ⍻䈅྇Ԧ, ⭘Ҿ䇴ՠ⭏ᡀ SQL Ⲵ

䍘䟿. ᇎ傼֯⭘ 21 њ Spider ᮠᦞ䳶ῌঅк⁑රᡰ亴⍻Ⲵ 100 њ䲿ᵪṧᵜ, ᇎ傼㔃᷌㺘᰾ᆼޘ३䝽⦷

ᆈ൘վՠ⁑රᙗ㜭Ⲵᛵߥ, ᒣ൷ሬ㠤Ҷ 2.5% Ⲵٷ䱤ᙗ, ᴰ儈䗮ࡠ 8.1% Ⲵٷ䱤ᙗᛵߥ. ᒦф൘༽ᵲⲴ

SQL 䈝ਕк, ᆼޘ३䝽⦷ᴤ࣐ᇩ᱃ࠪ䭉. 䘉ҏ䘋а↕䈤᰾অ㓟֯⭘ᆼޘ३䝽⦷ᰐ⌅ᇒ㿲৽ᓄ SQL ⭏

ᡀ⁑රⲴᙗ㜭, ਾ㔝ޣҾ⭏ᡀ SQL 䍘䟿䇴ՠⲴ⹄ウӽ❦䴰㾱⹄ウ㘵Ⲵޣ⌘.

7 ᙱ㔉фኋᵑ

ᵜ᮷㔬䘠Ҷ⧠ᴹสҾ␡ᓖᆖҐⲴ SQL ⭏ᡀ⴨ޣᐕ֌, Ӿ SQL ⭏ᡀ൪Ჟǃᮠᦞ䳶ǃ⁑ර㔃ᶴ઼䇴

ՠᯩ⌅ 4 њቲ䶒ሩ⧠ᴹᐕ֌䘋㹼࠶㊫. ൘↔࠶㊫Ⲵส⹰к, ᵜ᮷৸䪸ሩ⇿њ㊫࡛䘋㹼䈖㓶Ⲵ࠶ࡂ, ᒦ

ᙫ㔃ᮤ⨶ҶޣҾ⇿њ⹄ウᯩੁⲴ⴨ޣᐕ֌઼⹄ウᙍ䐟. SQL ⭏ᡀ㜭ཏ䇙䶎уъӪ༛䖫ᶮൠ䇯䰞ᮠᦞ

ᓃ޵ᇩ, 㘼ᰐ䴰Ҷ䀓༽ᵲⲴ SQL 䈝⌅, 䱽վҶӾབྷ㿴⁑ᮠᦞѝᣭਆᴹ᭸ؑ᚟Ⲵ䰘​. SQL 㠚ࣘ⭏ᡀᱟ

㕆〻㠚ࣘॆ઼ᮠᦞ傡ࣘⲴ䖟Ԧᐕ〻ѝ䟽㾱Ⲵ⹄ウ䈮仈, ާᴹ䟽㾱Ⲵᆖᵟ᜿ѹ઼ᒯ⌋Ⲵᓄ⭘ԧ٬.

สҾ␡ᓖᆖҐⲴ SQL ⭏ᡀᐢ㓿ᴹҶབྷ䟿Ⲵ⹄ウᡀ᷌, նӽ❦ᆈ൘ྲлⲴ᥁ᡈ.

(1) ᮠᦞ䳶ᯩ䶒, 㕪ѿ䶒ੁᇎ䱵ᓄ⭘൪ᲟⲴ儈䍘䟿ᮠᦞ. ᮠᦞ䳶ᱟ SQL ⭏ᡀԫ࣑ѝⲴ䟽㾱⹄ウᯩ

ੁ,䎺ᶕ䎺ཊ⹄ウޣ⌘ SQL⭏ᡀᮠᦞ䳶Ⲵᶴ䙐,ަѝᮠᦞⲴ㿴⁑઼䍘䟿ᱟߣᇊᮠᦞ䳶ᱟ੖ਟ⭘Ⲵส⹰

ᶑԦ, ᮠᦞ䳶Ⲵ亶ฏ㾶ⴆ〻ᓖǃḕ䈒䰞仈㺘䗮઼᜿മཊṧᙗሩᶴ䙐ањྭⲴᮠᦞ䳶㠣ޣ䟽㾱. 䲔↔ѻ

ཆ, ֯⭘⢩ᇊᮠᦞ䳶䇝㓳Ⲵ⁑ර㜭੖൘ᇎ䱵൪Ჟѝᓄ⭘ҏᱟᮠᦞ䳶ᶴ䙐Ⲵޣ䭞᥁ᡈ, 䘉нӵ㾱≲ᮠᦞ

䳶ާᴹ㢟ྭⲴ㿴⁑઼䍘䟿, 䘈㾱≲ᮠᦞㅖਸᓄ⭘Ⲵ䴰≲. 䘁ᵏⲴ⹄ウѝ, ⹄ウ㘵ᨀࠪҶаӋкл᮷׍

䎆Ⲵ䐘ฏᮠᦞ䳶, ⁑ᤏҶᇎ䱵ᓄ⭘ѝо SQL ⭏ᡀ㌫㔏ሩ䈍Ⲵᖒᔿ, 㘳㲁Ҷᖃࡽ SQL 䈝ਕⲴ⭏ᡀ׍䎆

.ߥ᮷⭏ᡀ㔃᷌Ⲵᛵࡽ նⴞࡽ SQL ⭏ᡀӽ䳮ԕ൘ⵏᇎ൪Ჟѝ䜘㖢, ᇎ䱵ᓄ⭘൪ᲟѝⲴ SQL ⭏ᡀᮠᦞ

䳶ӽ❦٬ᗇ㔗㔝᧒㍒.

(2) 㕆⸱⁑රᯩ䶒, ༴⨶ᮠᦞᓃ⴨ؑޣ᚟Ⲵ㕆⸱㜭࣋н䏣. ᮠᦞᓃ㕆⸱ᱟ SQL ⭏ᡀԫ࣑Ⲵ䟽㾱⢩

⛩, ⴞޣࡽҾᮠᦞᓃ㕆⸱Ⲵ⹄ウѫ㾱ޣ⌘ᮠᦞᓃ⁑ᔿ, 䜘࠶⹄ウѝᮠᦞᓃ䇠ᖅҏ㻛⭘ᶕᨀॷᮤփ㕆⸱

᭸᷌. ᮠᦞᓃ⁑ᔿѝ⁑ᔿ㕆⸱઼⁑ᔿ䬮᧕ᴰާᴹ᥁ᡈᙗ, ⴞࡽⲴ⹄ウབྷཊสҾ⌘᜿࣋ᵪࡦǃമ㖁㔌઼

亴䇝㓳⁑ර. ն൘മ㖁㔌ѝ, ⧠ᴹⲴ⹄ウѫ㾱Ѫᶴᔪԕ㢲⛩ѪѝᗳⲴമ, ሩҾ㢲⛩ተ䜘о䶎ተ䜘Ⲵޣ

㌫, ԕ৺䗩Ⲵᤃᢁ㔃ᶴ༴⨶㜭࣋н䏣. ൘亴䇝㓳⁑රѝ, ⧠ᴹⲴབྷཊ⹄ウѫ㾱֯⭘ᐢᴹⲴ亴䇝㓳⁑ර

䘋㹼ᗞ䈳, ྲ BERT, 䖳ቁᴹ⹄ウ䪸ሩ SQL ⭏ᡀԫ࣑Ⲵ⢩⛩䘋㹼亴䇝㓳ṶᷦⲴՈॆ, ሬ㠤⧠ᴹⲴ⹄ウ

⋑ᴹ࡙࠶ݵ⭘亴䇝㓳⁑රⲴ▌࣋. ሩҾ֯⭘ᮠᦞᓃ䇠ᖅ໎ᕪ㕆⸱Ⲵᛵߥ, ྲօᰒ࡙࠶ݵ⭘ᮠᦞᓃ䇠ᖅ

৸㜭䇙ᮠᦞᓃ䚯ݽ䗷ཊ᳤䵢ᮠᦞ䇠ᖅⲴᯩ⌅਼ṧ٬ᗇ⹄ウ.ањਸ䘲Ⲵᮠᦞᓃ㕆⸱ᴹ࡙Ҿ࠶ݵൠᦅ᥹

ḕ䈒䰞仈઼ᮠᦞᓃؑ᚟, ҏ㜭ཏሩਾ㔝Ⲵ䀓⸱㔃᷌ާᴹ〟ᶱⲴᖡ૽, മ㖁㔌ǃ亴䇝㓳⁑ර઼ᮠᦞᓃ䇠

ᖅ໎ᕪⲴᯩ⌅ӽ❦䴰㾱⹄ウ㘵䘋а↕᧒㍒.

(3) 䀓⸱⁑රᯩ䶒, 㕪ѿሩн਼㊫ර䀓⸱ᯩᔿⲴ▌࣋䘋㹼␡ޕ᧒㍒. ⴞࡽ൘䀓⸱䗷〻ѝѫ㾱वਜ਼
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ѝഭ、ᆖ :ؑ᚟、ᆖ ㅜ 52 ধ ㅜ 8 ᵏ

สҾ⁑⡸ǃสҾᒿ઼ࡇสҾ䈝⌅Ⲵ 3⿽ާփᯩ⌅. ൘สҾ⁑⡸Ⲵᯩ⌅ѝ,䪸ሩ SQL䈝ਕн਼༽ᵲ〻ᓖ

Ⲵᮠᦞ䳶ᆈ൘н਼Ⲵ⁑⡸. ൘༽ᵲ⁑⡸ѝн਼Ⲵ䇮䇑ᯩ⌅ҏՊሩ⁑රⲴ䀓⸱ᙗ㜭ӗ⭏䟽㾱Ⲵᖡ૽, 䴰

㾱ሩ⁑⡸䘋㹼ਸ䘲䇮䇑ԕ৺ሩ⁑⡸޵䜘⭏ᡀᯩ⌅䘋㹼ਸ䘲Ⲵ䘹ᤙ᡽㜭䘋а↕ᨀॷ⁑⡸Ⲵ᭸᷌.สҾᒿ

,⌅Ⲵ⭏ᡀᯩ⌅ᱟ⭏ᡀᯩᔿѝⲴส⹰ᯩࡇ նҏᴹ䘁ᵏ⹄ウ㺘᰾สҾᒿࡇ⭏ᡀⲴ▌࣋⋑ᴹ㻛࠶ݵ᧒㍒.

ⴞࡽབྷཊ SQL⭏ᡀᯩ⌅䟷⭘สҾ䈝⌅Ⲵᯩᔿ,ն൘สҾ䈝⌅⭏ᡀᯩᔿ޵䜘,ҏᆈ൘н਼Ⲵ᭩䘋઼Ոॆ

ㆆ⮕, ྲᯠⲴ㺘⽪ᯩ⌅䇮䇑઼㠚лੁк䀓⸱ᯩᔿㅹ. สҾ䈝⌅⭏ᡀⲴᯩᔿᱟⴞࡽᴰާ▌࣋Ⲵᯩ⌅, ส

Ҿ䈕ᯩᔿⲴՈॆᖰᖰ㜭ཏᨀॷ⭏ᡀ᭸᷌. ൘਴⿽䀓⸱ᯩᔿ޵䜘བྷཊ֯⭘⌘᜿࣋ᵪࡦ, ᤷ䪸㖁㔌 [75] ઼

ᢗ㹼ᤷሬ [76] Ⲵ䀓⸱ㅹᵪࡦ, ൘н਼䀓⸱ᯩ⌅лⲴ䙊⭘Ոॆㆆ⮕׍❦ᆈ൘䘋а↕᧒㍒Ⲵオ䰤. ᙫѻ,

൘䀓⸱䗷〻ѝ, 䪸ሩн਼䀓⸱ᯩᔿⲴ޵䜘Ոॆ, ԕ৺䙊⭘Ⲵ䀓⸱ᤷሬᙗᯩ⌅ӽ❦䴰㾱⹄ウ㘵䘋а↕Ⲵ

᧒㍒.

(4) 䇴ՠ⁑රⲴᤷḷ䴰㾱䘋а↕ᆼழ. ⴞࡽ䇴ՠ⭏ᡀ SQL 䍘䟿Ⲵᤷḷѫ㾱֯⭘᮷ᵜ३䝽〻ᓖԕ

৺ᢗ㹼㔃᷌Ⲵ↓⺞⦷,ն䘉Ӌ䇴ԧᤷḷ׍❦䶒Ѥྲл䰞仈:⴨਼䈝ѹⲴ SQL䈝ਕਟ㜭ᴹн਼Ⲵ㺘⧠ᖒ

ᔿ; ሩҾᢗ㹼㔃᷌Ѫオᰦ, ᢗ㹼㔃᷌ᱟ੖߶⺞䳮ԕࡔᯝ; 䈝ѹн਼Ⲵ SQL 䈝ਕਟ㜭൘⢩ᇊᮠᦞᓃкᴹ

⴨਼Ⲵᢗ㹼㔃᷌;ሩҾнҶ䀓 SQLⲴӪઈᶕ䈤,䳮ԕ൘нỰḕᮠᦞᓃⲴᛵߥлࡔᯝ⭏ᡀⲴ㔃᷌ᱟ੖ⵏ

↓ㅖਸһᇎ; 䪸ሩн਼ᮠᦞ䳶䇝㓳Ⲵ⁑ර, 䳮ԕ䇴ԧн਼⁑ර⌋ॆⲴ㜭࣋. 㲭❦⧠ᴹ⹄ウѝབྷཊ֯⭘

ཊњᤷḷ䘋㹼㔬ਸ䇴ՠ, ն⭘Ҿ䀓ߣк䘠䰞仈Ⲵᯠ䇴ՠᤷḷӽ❦ᴹᖵ䘋а↕᧒㍒.

ѪҶᓄሩྲкⲴа㌫ࡇ᥁ᡈ, л䶒䇘䇪ᵚᶕสҾ␡ᓖᆖҐⲴ SQL ⭏ᡀ⹄ウਟ㜭Ⲵᯩੁ.

(1) 䘋а↕᥆ᧈⵏᇎ൪Ჟѝ㠚ࣘ⭏ᡀ SQL Ⲵ䴰≲, ԕⵏᇎ൪ᲟѝⲴާփ䴰≲Ѫሬੁ, ᶴ䙐儈䍘䟿

儈ਟ⭘ᙗⲴⵏᇎᮠᦞ䳶. SQL ⭏ᡀᮠᦞ䳶ᱟ᭟᫁สҾ␡ᓖᆖҐⲴ SQL ⭏ᡀ㌫㔏Ⲵส⹰, н਼Ⲵᮠᦞ

ᇊҶߣ SQL ⭏ᡀԫ࣑Ⲵ⢩⛩. ᵚᶕ⹄ウਟԕ䘋а↕᥆ᧈⵏᇎ൪Ჟѝ SQL 㠚ࣘ⭏ᡀⲴ䴰≲, ྲḕ䈒䰞

仈֯⭘ཊ⿽䈝䀰᧿䘠ⲴᛵߥǃSQL ⭏ᡀ䭉䈟ਾ䴰㾱؞༽ᛵ઼ߥ SQL 䈝ਕཆ׍䎆ަԆ㕆〻䈝䀰〻ᒿᢗ

㹼Ⲵᛵߥ. ሩⵏᇎ൪ᲟѝᮠᦞⲴ᥆ᧈᱟ SQL ⭏ᡀ⹄ウѝ䶎ᑨ䟽㾱Ⲵа↕, ⵏᇎᮠᦞᓃѝⲴᮠᦞᓃ⁑

ᔿ઼ᮠᦞ䇠ᖅᖰᖰо㠚❦䈝䀰ᆈ൘䖳བྷⲴ࠶ᐳᐞᔲ.䘉ሶ㾱≲⁑රާᴹᴤᕪⲴ䈝ѹ㺘⽪㜭઼࣋㓴ਸ⌋

ॆ㜭࣋, ਼ᰦ, 䘉ṧⲴ⁑රሩҾᐕъ⭼ާփᓄ⭘൪ᲟⲴ㩭ൠᴤᴹԧ٬.

(2) 䱽վབྷ㿴⁑ᮠᦞ䳶ḷ⌘Ⲵᔰ䬰. ⧠ᴹ⹄ウѝབྷ㿴⁑ᮠᦞ䳶ሩ SQL ⭏ᡀⲴ⹄ウᴹᶱབྷⲴ׳䘋

֌⭘, ն䘉Ӌᮠᦞ䳶ᖰᖰҏՊ⎸㙇བྷ䟿ⲴӪ࣋⢙࣋䘋㹼ḷ⌘. Spider ᮠᦞ䳶 [17] Ⲵᶴ䙐䗷〻㾱≲ḷ⌘

㘵൘㔉ᇊᮠᦞᓃⲴᛵߥл㔉ࠪḕ䈒䰞仈઼⴨ᓄⲴ SQL 䈝ਕ. DuSQL [21] ᮠᦞ䳶൘ᶴ䙐䗷〻ѝ俆ݸṩ

ᦞ㠚ᇊѹⲴ䈝⌅⭏ᡀ SQL 䈝ਕᒦф㾱≲ḷ⌘㘵ሶ՚ḕ䈒䰞仈᭩ѪⵏᇎⲴ㠚❦䈝䀰᧿䘠䰞仈, ԕ↔䱽

վḷ⌘Ⲵᡀᵜ. 䱽վᮠᦞⲴḷ⌘ᔰ䬰нӵ㜭ཏᑞࣙ⹄ウӪઈᘛ䙏ᶴ䙐ㅖਸ䴰≲൪ᲟⲴᮠᦞ䳶, ҏ㜭Ѫ

䇝㓳⁑රᨀ׋ᴤཊⲴᮠᦞ, Ӿ㘼ᨀॷ⁑රⲴ᭸᷌, ᵚᶕ൘ᮠᦞ䳶ᶴ䙐Ⲵ⹄ウᯩ䶒ᓄ਼ᰦ㘳㲁ᮠᦞ䍘䟿

઼䱽վᮠᦞᔰ䬰єᯩ䶒.

(3) ᶴᔪ SQL ⭏ᡀⲴ⴨ޣ␡ᓖᆖҐ⁑ර䴰㾱䪸ሩ SQL ⭏ᡀⲴ⢩⛩䘋㹼䘋а↕Ⲵ⹄ウ. 㕆⸱⁑ර

ᱟ SQL⭏ᡀⲴޣ䭞,ަѝнӵ䴰㾱⢩࡛ൠ㘳㲁ᡰ⎹৺Ⲵᮠᦞᓃ,ҏ䴰㾱㘳㲁㠚❦䈝䀰઼ᮠᦞᓃⲴޣ㌫.

ᒦф㕆⸱⁑රߣᇊҶ⁑ර㜭੖࡙࠶ݵ⭘㠚❦䈝䀰Ⲵḕ䈒䰞仈઼㔃ᶴॆⲴᮠᦞᓃؑ᚟.൘ᵚᶕ㕆⸱⁑ර

Ⲵ⹄ウѝ䴰㾱࡙࠶ݵ⭘⧠ᴹ␡ᓖᆖҐⲴᴰᯠ⹄ウᡀ᷌,ྲമ⾎㓿㖁㔌઼亴䇝㓳⁑රㅹ,ᒦ䪸ሩ SQL⭏

ᡀԫ࣑Ⲵ⢩⛩䘋㹼Ոॆ. ቔަᱟ䪸ሩ亴䇝㓳⁑ර, ᓄᖃ㔗㔝᧒㍒ SQL ⭏ᡀԫ࣑⢩ᇊⲴ儈᭸亴䇝㓳ᯩ

⌅, ᒦ࠶ݵൠ࡙⭘ᮠᦞᓃѝᮠᦞ䇠ᖅⲴ޵ᇩ, 䘋а↕ᨀॷ SQL ⭏ᡀ᭸᷌. ൘ᵚᶕ䀓⸱䱦⇥, 䪸ሩн਼

ᯩ⌅Ⲵ޵䜘Ոॆ઼䙊⭘䀓⸱ՈॆᯩṸ׍❦䴰㾱ࡋᯠ,䘋а↕ᨀॷ SQL⭏ᡀⲴᙗ㜭.ᒦф㾱⌘䟽㕆⸱⁑

ර઼䀓⸱⁑රⲴ㔬ਸ㘳㲁, 䘉ṧ᡽㜭ਁ࠶ݵᥕ⇿а⿽䀓⸱ᯩᔿⲴ▌࣋. ն⁑රⲴࡋᯠᒦнаᇊᤷⲴᱟ

໎࣐⁑රⲴ༽ᵲᓖ,ቔަᱟ䀓⸱䱦⇥,ᵚᶕᓄᖃㆰॆ⁑ර㔃ᶴᒦᨀॷ⁑ර᭸⦷,䘉ṧ᡽㜭൘ᐕъ⭼ᨀ׋
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ᴤྭⲴ䀓ᯩߣṸ.

(4) 䇴ՠ SQL ⭏ᡀ᭸᷌Ⲵᤷḷ઼ᯩ⌅Ⲵ᧒㍒. 䇴ՠᯩ⌅⭘Ҿ㺑䟿␡ᓖᆖҐ⁑ර⭏ᡀ SQL 䈝ਕⲴ

䍘䟿, ањྭⲴ䇴ՠᯩ⌅ᓄቭ䟿䚯ٷݽ䱣ᙗ઼ٷ䱤ᙗṧᵜⲴࠪ⧠. ᐢᴹ⹄ウ䇱᰾䇴ՠᯩ⌅ѝн㜭অ㓟

֯⭘ᆼޘ३䝽઼ᢗ㹼Ⲵᤷḷ [89], ᓄᖃ࠶ݵ㘳㲁 SQLⲴ䈝ѹ,䚯ާݽᴹ↓⺞䈝ѹ㘼ᖒᔿн਼Ⲵ SQL䈝

ਕ㻛䈟ᣕ. ൘䈝ѹቲ⅑ѻཆ, 䇴ՠᤷḷҏ䴰㾱㘳㲁⭏ᡀ SQL 䈝ਕ൘ᰦ䰤オ䰤кⲴᢗ㹼᭸⦷. ᴰਾ, ⭡

Ҿⴞࡽ SQL ⭏ᡀ䶒ੁ䶎уъⲴ⭘ᡧ, ᡰԕ䇴ՠᤷḷҏᓄ䈕㘳㲁ӰѸṧⲴ⭏ᡀ㔃᷌ᱟ⭘ᡧਟԕ᧕ਇⲴ,

ᒦфቭ䟿؍䇱ᢗ㹼 SQL ਾ䗃ࠪ㔃᷌Ⲵਟ䈫ᙗ.
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A survey of deep learning based text-to-SQL generation
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Abstract Text-to-SQL is an important application of automation software engineering. It is also a research

hotspot in the field of semantic parsing. The text-to-SQL task aims to automatically generate the SQL state-

ment according to the natural language description. It allows nonprofessionals to access the database without

understanding SQL syntax. With the development of large-scale text-to-SQL datasets and artificial intelligence

technologies, the text-to-SQL task is also making great progress. Compared with the traditional text-to-SQL

generation, the deep learning-based text-to-SQL has the advantages of high accuracy, flexibility, and iterative

learning. In recent years, several studies have focused on SQL generation based on deep learning. This research

summarizes existing works from the aspects of text-to-SQL scenarios, datasets, model structures, and evaluation

methods.

Keywords text-to-SQL, semantic parsing, deep learning, code generation, encoder-decoder
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