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CLEAR-SQL: Cross—Language Enhanced Adaptive Reasoner Framework
for Text—to—SQL Semantic Parsing

ZHANG Gaiyu , LIU Mengchi , YIN Kang
(School of Computer Science, South China Normal University , Guangzhou 510631, China)

Abstract: To address the challenges in multilingual Text—to—SQL applications, such as limited zero—shot performance and semantic—schema
misalignment, a cross—language enhanced adaptive reasoner framework , CLEAR-SQL, is proposed. The framework integrates three core com-
ponents: (D Hybrid contrastive retrieval, which unifies SQL structural patterns with cross—lingual semantic alignment by leveraging multilin-
gual sentence embedding models; 2 A hierarchical schema reasoning chain that utilizes a multi—turn Chain—of-Thought for table, column,
and join deduction; and 3) An execution feedback loop that incorporates a typed error correction mechanism for query validation and iterative
optimization. Experimental results demonstrate that the framework achieves an Exact Match (EM) rate of 72.1% on the CSpider benchmark
and an average EM of 72.3% across six languages on the Multispider benchmark, surpassing strong baselines by 10.3 and 11.7 percentage
points, respectively. Furthermore, the hybrid retrieval enhances SQL skeleton similarity by 22.3 percentage points, and the error correction
mechanism attains a 65.6% correction rate for SQL syntax errors. The study concludes that the proposed framework effectively improves the ac-
curacy and robustness of multilingual Text—to-SQL parsing, establishing language—agnostic parsing capabilities without parallel resources and
setting a new technical standard for building multilingual database natural language interfaces.

Key Words: Text-to—SQL; cross—lingual semantic parsing; large language models; hybrid contrastive retrieval; multi—~turn Chain—of-

Thought (CoT) ; execution feedback loop
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Table 4 Ablation experiment results of CLEAR-SQL on the CSpider

development set
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[ERIURIEN LN PEREAR L
CLEAR-SQL 734 -
wlo i K55 60.2 -13.2

wlo 73 )RR R 70.1 -33
wlo TR AR LK 2% 64.8 -8.2
wlo BEBRIAT ST % 71.3 -2.1

S0 45 LT T b TR T AE 2R D A AR R A A AR AN
AL BB A VE . 2 5E R bR TE R FEHLE] R BEHLS ]
e, BRI RE S R R T 13,24 E 43 5, X FE A0 TE
TN LM BRI i | A S B R SOR I SE A iU
FRAARAHT 4

WA, A J2 A M 3B AR e 179 DT R e ok f 3 (M
B 8.6 4N E 4 i), Bl it 5| 5 LLM R 2 B A B0 d A X
MARA - i e T 85 1 5 3 5 b 0 o S5 R 2R i ) A
HE— 20 Ml TR AR FE AT R AL AE T R & ) 5L il i
I A SQLEHFE B, al kT HIAMMY 3.3 4 F 43 L i PR g 1
TE, T FE Text—to—SQL AT 55 Hr 25 ¥4 X 55 15 1 SUXF 5% [F]
E

5 AT RS B AR S AR BE L 38 3 2k A8 R
LLM (4 515, BTk 7 2.0 N E 20 i tEfe b 25, o 3% 4
T& T HEZR 1) A 52 B g FH A ] i
35 BiIEE L TXXFERESF

hg E AR A SCHE B R A X H S AR A B 1 5 X S5F
D7 T S BRACR BT T IR SRS . IR B A AT
AR KR 2 A 7R 51 SQL AR i % SQL 2 [H]
B 4548 B 2R AR o Multispider ZEMEM) 7 FIE S [, L
BT 4FORE R R R R QIR R (R, BEVLE B R
il ; @ ICHEASIE UKL 2 (R2) , (f F R U [ A 7 i SRR
NPT HERD ; OB TE 5 1 KR (R3) , 2R A SCHE L
Hh AT SOG SRR, X 1) SR A T4 2 A0S 5 PR A T i L
K2 ;s IR A 25— UK R (R4) AR SCHEZR I 52 38 7 1k

&m



5 XX

M XA %, T B : CLEAR-SQL : T 1] Text-to-SQL 15 XA AT HY 15 1 5 B0 [ 3 i 41k JHE 22 -7 -

458 T SR 5 SQL A M AL

Table 5 SQL skeleton similarity analysis on MultiSpider

%5 MultiSpider # SQL & Z= 4Rl 5347 (%)
A [ A
;ﬁi Yk i?ﬂi ®EiE S HIE b MR ;ﬁi‘( ¢
B 45 (Monolingual Training)
R1 334 29.1 27.9 283 265 28.7 25.8 28.5
R2 58.3 55.2 54.6 539 497 53.1 30.7 50.8
R3 77.2 69.6 69.3 67.7 67.0 72.6 42.5 66.6
R4 914 90.1 90.0 89.7 88.0 90.8 82.4 88.9
EREA AL T ( Zero—Shot Directly Predict)
R1 334 299 28.5 29.1 27.8 30.2 26.4 29.3
R2 58.3 56.8 55.9 55.1 52.6 57.3 31.6 52.5
R3 77.2 74.6 76.1 76.0 72.2 77.9 43.8 71.1
R4 914 900 89.9 895 902 913 83.3 89.4
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Fig.2 Error correction analysis on CSpider—dev (total:32 errors,
corrected:21)
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Fig. 3 Parameter sensitivity analysis based on SQL skeleton Jaccard
similarity
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