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What is Text2SQL?

A Leveraging structural reasoning capability with LM

User Question
Could you tell me the names of the 5 leagues with the highest matches

of all time and how many matches were played in the said league?

User
Database Schema ?

TABLE Country |

Execution Results

TABLE Match

{"league_id" integer, 3040  Spain LIGA BBVA g‘@'
=

"id" integer, primary key,

"match_api_id" integer, @» q

"date" fext, - 3040 France Ligue 1 G}
LLM

TABLE League |

"country_id" integer, s
"season" text, 3040 England Premier League ﬁ

"stage" integer,

"away player 1" integer, 3017 Ttaly Serie A ‘
L] "possession” text,
"goal" text, L
p%i[x)saryel)((cy("i a4 2448 Netherlands Eredivisie @
Generated SQL Query f
SELECT League.name, count(Match.id) FROM Match INNER (—>o]
JOIN League ON Match.league_id = league.id GROUP BY — =
League.name ORDER BY count(Match.id) DESC LIMIT 5 Database

Fig. 1. Anexample of LLM-based text-to-SQL is selected from the BIRD [1]
dataset. A user asks a question about football leagues. The LLM takes this
question along with the schema of the corresponding database as input and
generates an SQL query as output. The generated SQL query can be executed
in the database, retrieves the content “The 5 leagues with the highest matches”,
providing the answer to the user’s question.
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What is Text2SQL?

A How to resolve these challenges for successful Text2SQL performance?
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LearNAT

A Motivations: Task decomposition is a

Score of @ Qwen2.5 Coder 32B

Methods

[ Query ]_;2’[ SQL ]

Scores

6A‘0"|0

-~ : T,
= )= = s

Figure 6: A preliminary experiment was conducted. We randomly selected 500 cases from the
BIRD Train dataset and employed QWen-2.5-Coder to perform the NL2SQL task. The experimental
results indicate that enhancing the LLM’s task decomposition ability is crucial for improving its
performance on NL2SQL tasks.
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(a) AST-based Decomposition with Semantic Verification
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T T
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(b) Search-based Decomposition with AST-based Verification

Figure 7: AST-based Decomposition vs. Search-based Decomposition

Table 5: Experimental results on evaluating subtask correctness using language models.

Accuracy
Models Correct (227) Error (273) Total (500)
sentence-transformer 92.1 9.2 46.8
GLM-4 45.4 20.5 36.0
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LearNAT

A Motivations: Task decompositionis a  critical bottleneck for applying LLM to Text2SQL

- Find out the average salary of employees older than 30
PV Y in all departments and return the name of the
department with the highest salary.

SELECT d.name 2
FROM departments d (==}
JOIN employees e ON d.id = e.department_id

WHERE e.age > 30

GROUP BY d.id
ORDER BY AVG(e.salary) DESC

LIMIT 1;

(a) LLM on complex NL2SQL task.

+ Subtask#1: Find employees older than 30.
+ Subtask#2: Calculate the average salary for each

department.
« Subtask#3: Find the name of the department with the
highest average salary

(- subsaL#1: 2

SELECT id, name, department_id, salary fie=h
FROM employees
WHERE age > 30;

+ SubSQL#2:
SELECT department_id, AVG(salary) AS avg_salary
FROM (
{SubSQL#1}
) AS subgquery
GROUP BY department_id;

+ SubSQL#3:
SELECT d.name

FROM departments d

JOIN (
{SubSQL#2}

) AS avg_salary_table

ON d.id = avg_salary_table.department_id

ORDER BY avg_salary_table.avg_salary DESC
LIMIT 1;

J
(b) LLM on multiple simple NL2SQL subtasks.

Figure 4: (a) illustrates the LLM directly solving a complex NL2SQL task, resulting in an incorrect
output. (b) shows the LLM solving multiple decomposed simple NL2SQL subtasks from the same
task in (a), resulting in a correct output. This motivates our approach to enhancing the LLM s ability
to decompose complex tasks, thereby improving its performance on challenging NL2SQL queries.



LearNAT r Decomposition Synthesis Procedure

A Overview for Decomposition Synthesis Procedure

| O ClouseNodes | . Tgms. | @V iy \ | |@D Progressive Nodes | LLMyr sub-task Decomposition & o oL —
1 | /)
D Operator Nodes : / Lo : |:[:] Redundant Nodes : f bl H d ) T |_|_
' Pt ‘ at , : Verifiable Decomposition dataset . 1 H|
@ Operand Nodes ] * ‘. /1 (Subtask#1:[.]) [ Subtaski#t:[..]) [Subtask#:[.1) 1 |t () invalidNodes ,
Tt , ~_--" 'y subsQu#1:[.]| |SubSQL#1:[.]| |SubSQL#t:[.]| ! | Pt latslatatintat? £FO
: 4.:_ a o s : R % Q) L y, : : : i— Successful Trajectories : : SFT
1 1 ’/ . 1 N (I B T i ‘L||
- o o i CJ -
{ o "\\ 1 ! (Subtask#2: [..]] [ Subtask#2: [..] i ! [@_ Y
i R 2 R o SubSQL#2: [..]| | SubSQL#2:[.]| | |d :a
1 L ~L- ! Q Q! :"___.-""_." |
: 1 1 : : . J y : : ! ! Contrastive Node Pairs | : P f I .
v .- 2 . — | V| 0— reference learning o T
6 ‘IJ' 4 | (Subtasks#3:[.]) (Subtask#3:[ ]| (Subtask#s:[-]) ' ! : l_@ _[TI_T]_::
! \ oo e - - - 711 | SubsQL#a:[.]| | SubSQL#3:[.]| | SubSQL#3:[.]| I :
| R | %) { %) { SHIE :
Vel _ 2 _____ 7 N - 7 I . 7’
(a) AST of Gold SQL (b) AST of SubSQL (c) Subtask Search via MCTS (d) Data Collection G LM-4- PIUST Gold_ query/ B 4 MCTS

Figure 2: Framework of the Decomposition Synthesis Procedure. (c) illustrates how the LLM, , ' AST parsing T -
combined with MCTS, performs next-step prediction to synthesize subtasks of complex NL2SQL g . n
tasks. (b) presents the AST of the SQL statements corresponding to each synthesized subtask in verifiable decompOSItlon N A
(c). (a) shows the AST of the Gold SQL for the complex NL2SQL task, which guides the MCTS in
(c) to perform more efficient search, including pruning and node reward estimation. (d) depicts the
data collected by LearNAT during the Decomposition Synthesis Procedure, comprising successful
trajectories data for supervised fine-tuning and step-wise contrastive node pairs data for preference
learning. Under the default settings of LearNAT, GLM-4-Plus is used to synthesize decomposition
data, and the Qwen2.5-Coder model is fine-tuned.

Figure 5: The abstract syntax tree (AST) of the given case in Fig. 4. Each simple NL2SQL subtask
in Fig. 4 corresponds to a subtree within the AST. Clause nodes, operator nodes and operand nodes
were defined in Sec. B. 8




LearNAT r Decomposition Synthesis Procedure

A Problem Definition

MCTSH A 1 Decomposition L fj A -> Tree search problem
sub-task decomposition L MCTS, WL & . 3 statel€ iK" sub-task, action £ decomposition/

’ o oA roze! A o N % ’ . N "
| N ol 2(w)h” G (w)hY( )} iK™ query decomposition state . pee. prmmmmemeememosoe—coccoeoeoo \
- i+ @ Clause Nodes | P N | Cm: ]
1 ’ A ‘ 1,
o 5 ' B operator Nodes i @\
= ymbol escription [
Natural [ to SQL (NL2SQL) B Operand Nodes | % {s ubtaskit: []) [ Subtaskift: (.]) (Subtas )
Q Natural language (NL) question N R e ' = SubSQL#1: [ J| | SubsQ@L#1: [ J| | Subsal
Y Corresponding SQL query -ATsum (yz) = (-Nrsum: gsum) ) 1 ¢ .J:_ N i
DB Database schema ! ' /’
K External knowledge ' ' - = L R e LT 1
Abstract Syntax Trees (AST) { ¥ 1. ]
Abstract Syntax Tree, a directed acyclic graph J’V;um = U N(AT(yJ )), Esum = U 5 (AT(yJ ) ) . (2) e AR e . . |
AT(Y) = (N, €) of SQL query ¥ A X - :
N Set of nodes in AST Jj=1 Jj=1 Sl (GiE 5 CEEES ]
b tas u i ubtask#3: [...
ga%gJ)\(J’N Séelﬁfsfeaﬁ%?eé" AT . et "J {s UbSQLHS: [ ] [s bSQL; :[..,J {Subsauts: [ﬂ E
ne, EN, Operator Nodes ! =t bl ) )
ny € Ny OperandNodes e e e

(a)AST of Gold SQL  (b) AST of SubSQL (c) Subtask Search via MCTS

Sub-SQLYyilE AST parsing L A 5 nodetr T=H w B4 (node classification)

Progressive Node: ' J(@)f sub-tree3z A ' 00(wp A OAJesub-tree” e . 1,0 J° SQLY'E/ * 4 3 ATl
bl4 sub-query¥ T HIE UT < sub-query -> Decomposition W /1 O

Redundant Node: ' 2(w)1 sub-treef3 A ' 250(cp AOAJrosub-treedk . 1 ,® U* SQLY'E/ * + ¢

bl ¢ sub-query/ HiE . t -> Decomposition W A X

Invalid Node: D(w) sub-tree” ®e . ¢, €Y y decomposition -> Decomposition W /1 X

- Node classification L "A decomposition ' 5/ X% ,X% N QF sub-taski & 5 4 SFT,DPO 'A label mapping/

>
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LearNAT r Decomposition Synthesis Procedure

A Problem Definition

p 6 v L step-level fine-grained sub -task decompositon L m .5 A A * decompositonstep N #0 ®»
+S dd_ sl — reward" %

DPQ e preference learning/ A O -  win, lose case’ 1 fine-grained margin L s = —
reward estimation L 2

R(si) = a - simyoge (AT sum (%), AT (Y)) + (1 — @) - simggyct (AT sum (¥:), AT (Y)),  (5)

SiMnoge(AT1, AT2) = Y w; - simy (AT, AT ), (14)

te{c,o,v}

TED(AT1,AT32)
max(|AT 1|, |AT2|)’

simguet (AT 1, AT2) =1 — (16)

10




LearNAT i Margin -Aware Reinforcement Learning

A Warm -up strategy for Foundational Skill Acquisition
LLML Sub-task decomposition/ Hou 4. AL SFTHAg T 2

o : (XA '"Hi -> original query, DB schema, external knowledge
Ao (R o)A ) )

I
Lspr = E(z,1) Zlogpg (i | t1:-1,) |
i=1

(Q, DB, K, {(a1, y1), - - an(yn)})

I
po(t | ®) = [[io1po (ti [ t<iy )

(6)

11




LearNAT i Margin -Aware Reinforcement Learning

A DPO with AST Margin

DPO, e g preference learning L o 4

fo:(xF 'Hi AR o) Ry F ) -> original query, DB schema, external knowledge, i -1K* i R 1 sub-task decomposition "’
Win: (n hw

(r], .o, )) L:DPO(?TB;TFref):_E(z,yw,yg)wl) [IOgU(’f‘g(x,yw)—7’;3(.'1,‘,1/1))]
Lose: (N h))

mo(y | x)

fo(z,y) = Blog (13)

Tret (y | )
. "'t DPOHAT preference learningq T IE step-wise sub -task decomposition 1 A ,KDO
Fine-grained sub -task decomposition L —  AST margin DPOloss > AW 1 Preference learning A'A
Lyvppro (763 Tret) = —E(z,yo ,5)~D 108 0 (Fo(x, yu) — To(z, y1) — Ar)], (8)
where A, = margin((q;’, y;‘”)L(_qi, yﬁ)) margin((¢;”, vi"), (i, ¥)) = R(s}") — R(s}).
Wine, lose’  reward margin L losy 1" 317 Qwincase" losebx .Y * B A 5 Y Jwp/ ° signall n @
J* sub-query YEi m _ t T win,lose datasetl £ 5 m 0" W' o_ _ pA decompositon Y _ ' D P X An




LearNAT r Experimental Setups

A Experimental dataset

Table 7: Statistics for NL2SQL benchmarks.

Benchmarks | #Queries
BIRD-train | 9;428 9,003
Simple Moderate Challenging Total
BIRD-dev ‘ 925 465 144 1,534
Spider-dev Easy Medium Hard ExtraHard Total
P 248 446 174 166 1,034

{'question_id: O,

‘db_id: 'california_school@

‘guestion’; 'What is the highest eligible free rate feflK students in

0KS alOK22fta Ay !t YSRI [/ 2dzyieéeKQ:
‘evidence': 'Eligible free rate forXK2 = "Free Meal Count-&2) /

“Enrollment (km H 0 6 QX

'SQL": "SELECT "Free Meal CoutPjK/ "Enroliment (K.2)" FROM

frpom WHERE "County Name™ = 'Alameda’ ORDER BY (CAST( Free Meal
Count (K12)" AS REAL) / "Enrollmentl®) ) DESC LIMIT 1",
URATFTFAOMzE GeUY aayvyYLi SQy

13



LearNAT r Experimental Setups

A Implementation details

A Metric

SQL Query generation Evaluation Metric

- Execution Accuracy (EX)

N

F.1 IMPLEMENTATION DETAILS.

We employ GLM-4-Plus’ as the primary model for synthesizing decomposition data and fine-tune
the model on Qwen2.5-Coder (Yang et al., 2024a), including its 7B, 14B, and 32B versions. We
used the PyTorch library to implement all the algorithms based on the open-source HuggingFace
transformers (Wolf et al., 2019) and LLaMA-Factory (Zheng et al., 2024). The experiments are
conducted on 8 x A100 GPUs. During the SFT stage, we utilize the AdamW optimizer with a learn-
ing rate of 2e-5 and a cosine warmup scheduler over three epochs. For DPO training, the Adam
optimizer is used with a learning rate of 2e-6, and the (3 parameter is set to 0.2, in accordance
with the original DPO configuration. In Eq. 14, we assign equal weights to all three nodes, i.e.,
we. = w, = w, = 0.33. Based on our experimental observations F.12, we set « = 0.75 in Eq. 5.
During inference, we strictly follow the evaluation protocol provided by DAIL-SQL (Gao et al.,
2024) (the Without Voting setting). The protocol provides a complete set of prompts to better struc-
ture the instructions, user queries, and database schema information, enabling the LLM to generate
a single response from which the SQL statement is extracted as the final answer.

14



LearNAT r Result

A Main result: Results of Decomposition Synthesis Procedure

Table 1: Results of Decomposition Synthesis Procedure. The de- Schema Linking
composition success rate and token consumption on BIRD-train f
are reported.
Float Computation
~
Methods Success Rate Token Cost
CoT 59.07% 16,735K S Unknow Rules
MCTS 71.55% 334,694K \_Error Answer
+ AST Guide 78.01% 133,877K
+ Self-improvement Demonstration Figure 3: Error distributions of
(1 round) 79.33% 137,456K  Decomposition Synthesis Proce-
(2 round) 79.73% 142,017K  gyre on randomly selected 50 er-
o) N 145.977K  tor cases from the BIRD-train.
- £ 'O Decomposition Synthesis Proceduret Y'Ey "Ew#+ fgytnaaEL 4+ 0 — § 2

- Seltimprovement Demonstration & i A K& k& 80%p decompositon 'E ¢ L O |

15



LearNAT r Result

A Main result: Competition on the Public Leaderboard

Table 2:
| | | BIRD-dev (In-Domain) Spider-dev (Out-of-Domain)
Methods | Venue | LLMs | Simple Moderate Challenging Total | Easy Medium Hard Extra Hard Total
System-Level
C3-SQL GPT-4 58.9 38.5 319 502 | 92.7 852 77.6 62.0 82.0
DIN-SQL NerulPS’23 GPT-4 50.7 | 91.1 79.8 64.9 434 74.2
MetaSQL ICDE’24 GPT-4 91.1 74.7 64.1 36.1 69.6
MAG-SQL GPT-4 65.9 46.2 41.0 57.6 85.3
SuperSQL VLDB’24 GPT-4 66.9 46.5 438 58.5 94.4 91.3 83.3 68.7 87.0
MAC-SQL | COLING’25 GPT-4 65.7 52.7 40.3 594 86.7
Model-Level

ACT-SQL EMNLP’23 GPT-4 91.1 79.4 67.8 44.0 74.5
CatSQL VLDB’23 N/A 95.8 88.3 74.7 62.7 83.7
DAIL-SQL VLDB’24 GPT-4 62.5 43.2 37.5 54.3 90.3 81.8 66.1 50.6 76.2
SENSE ACL’24 CodeLLaMA-13B 55.5 95.2 88.6 75.9 60.3 83.5
s CodeS-7B 64.6 46.9 40.3 57.0 | 948 91.0 75.3 66.9 85.4

CodeS SIGMOD’24 CodeS-15B 65.8 48.8 42.4 58.5 95.6 90.4 78.2 61.4 84.9

Ours

Qwen2.5-Coder-7B 65.4 48.4 424 58.1 | 95.2 92.4 76.4 67.5 86.4

LearNAT Qwen?2.5-Coder-14B 68.5 51.4 45.8 612 | 95.6 91.5 80.5 68.7 86.9
Qwen?2.5-Coder-32B 70.7 55.5 59.0 65.0 | 96.4 92.4 85.1 69.3 88.4

- £ 'O LearNAH 7bvariant, 7 7 1 System-level baseline/ ~ » "Ex L 1A, 32B variantle SOTA'Ex C'E
- System-level baseline k pipeline o1 14" »> T Lo /1o T, ~ LeaNATLx mEExLl Odol.i/ A



LearNAT r Result

A Main result: Comparison under Identical Evaluation Protocol

Table 3: Performance comparison of LearNAT and competitive literature under identical evaluation
protocol. Bold indicates the better result.

BIRD-dev (In-Domain) | Spider-dev (Qut-of-Domain)

Methods | Evaluation Protocol ‘ LLMs | ‘ Total

| \ | Simple Moderate Challenging Total | Easy Medium Hard Extra Hard Total |
SynCoT SynCoT Qwen2.5-7B-Instruct 59.2 789 | 67.1
LearNAT SynCoT Qwen2.5-Coder-7B 67.6 48.0 45.8 59.6 | 91.9 91.0 71.3 63.9 83.6 | 69.2
OmniSQL OmniSQL Qwen2.5-7B-Instruct 639 81.2 | 709
LearNAT OmniSQL Qwen2.5-7B-Instruct 68.2 50.3 50.7 61.1 | 96.0 91.5 71.6 65.1 86.0 | 71.1
SQL-ol SQL-ol Llama3-8B 71.8 52.3 45.2 63.4 | 944 93.0 81.0 68.7 874 | 73.1
LearNAT SQL-o0l Qwen2.5-Coder-7B 72.5 54.2 49.3 64.8 | 964 94.8 78.2 74.1 89.1 | 74.6
Alpha-SQL Alpha-SQL Qwen2.5-Coder-7B 72.6 59.3 53.1 66.8 | 94.0 89.2 76.4 63.3 84.0 | 73.7
LearNAT Alpha-SQL Qwen2.5-Coder-7B 744 61.5 52.8 684 | 97.2 96.0 80.5 711 90.6 | 774

- Baselind) inference # 14 o' b 1T LearNATH checkpoint! D P v baselinen Inference vy w1t 3 &4 EWN ' & €/ 23
- OmniSQLy BIRDdev'Ex TLEQ o6 1/ AEx UF 40 Fi€leaNAH £ 0O K€ AH[  LLM= \ ¢ Tex2SQL1 5 o U d

vELS w KR/
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Ird-Interact

User-Agent Interaction Example ———M8M8M8M8 —————————————

: BN
UserTaskQ Configuration (7y., 1 Turn 4 A )
. n o) - e’ | yarify_sql = “SELECT * FROM rank_urgent_
Subtlask qr: Bf.ulda.funct.ton to ?ca!culate and rank all o “Build a function to calculate and rank all artifacts to = Checked by the test case 71 o | pred_query_result = execute_ueries(ver :
artifacts to to identify which need urgent care.” . . . ~ o \ | expected results = [ .
" - ,denu‘fy which need urgent care. Subtask 7 , TY| (o1, ‘Ancient Scroll’, Decimal('7.20 |
Subtask q,: “For the most urgent, show its most recent ubtask g “Your SQL is not executable. syntax: | aecualresuics - pre_guery_resuic(o] |
assert len(actual results) o=
risk-assessment level and conservation-priority score.” ) : .e” 1_results == expected_result |
i 4 Reading the DB schema, and column meanings. u 2rror at LINE S: iRileRe feedback Lﬁiiﬁ?i?ii?i i
~ Annotated Amb. and Real Intentions CREATE OR REPLACE FUNCTION rank urgent care()
Y . ? “Can | ask what specific scoring metric should be RETURNS TABLE(id INT, name VARCHAR, cpi NUMERIC) AS $$ u
? “need urgent care ORDER BY AVS DESC £ used to determine ‘urgent care’?” Ask SELECT a.artregistry, a.artname,
,, - . ((r.histsignrating + r.researchvalrating +
7 “Avs !‘f\mfa" IF % CPI AS AVS soL Turn 2 r.cultscore) * (10 - a.conservestatus) / 30.0) AS avs
Vulnerability Score, Ll e :
4 / s ["The urgent care determination is ranked by the Turn §
. Artifact Vulnerability Score calculation.” - » . o
User Simulator 7/ ‘:“ if Y Clarify - & SQlis checked by the annotated test case’Tl o
A P— n 1 s e .
Actions | w:r Observations & Searching “AVS" from KB, but find no definition. u “Good job! , that’s what | want. Now, for the most urgent
Sy'.litem S u artifact you just reported, show its most recent risk-
“ . ” i L
A 1see. Can you clarify the exact formula for the AVS? assessment level and conservation-priority score.” (Subtask q,
Actions | | Observations 558
DB Env;ro;'lmentf,'.[ T“:" 3 SELECT ta.id, ta.name, lr.conservepriorityscore, ta.avs
. . FROM (SELECT * FROM rank_urgent_care() LIMIT 1) w
i i [ “AVS is calculated as IF multiplied by CPI” AS ta
DB Metadata Files A1 Configuration Clarify CROSS J0TN LATERAL (
ArtifactsCore|AriRkegistry: primary key of artifact. CREATE OR REPLACE FUNCTION o t o g;é;CT."szESSESHEVEL conservepriorityscore
5 5 L s . My rank_urgent_care riskassessments
D ﬁ:g;gggggmgil:;ﬁ:f:f\?;’f%t;:“ﬁtﬁ hflj:mc?’ RETURNS TABLE(id INT, name VARCHAR, cpi NUMERIC) AS $$ u WHERE artrefconcerned = ta.art_registry_id
AtiEan Db 2! P iif, '? e g' vesfa SELECT a.artregistry, a.artname, ORDER BY riskassessregistry DESC
rtifactRatings|CultScore: artifact cultural importance. ((r.histsignrating + r.researchvalrating + LIMIT 1) AS 1r; i
. LQJ K ledge B D r.cultscore) * (18 - a.conservestatus) / 36.8 AS avs Turn 6 ’
DB nowledge Base Doc K FROM artifactscore AS a - ) —m
# Conservation Priority Index (CP1): (10 - conservation JOIN artifactratings AS r ON a.artregistry = r.artref g, SQLis checked by the annotated test case‘ﬁg : .
;;?r)l‘f)/ OF +or (IF: historical rating t tural ORDER BY avs DESC; feedback
Influence Factor (IF): historical rating times cultura ; . . LU
score. 4 ) JAILEIRES s [ “Good job!, you solved all my questions!” [Termination]
# Artifact Vulnerability Score (AVS)- missing? L

Figure 1: Task overview of BIRD-INTERACT showing the evaluated system interacting with DB
Environment and User Simulator to complete the user task with a sequence of sub-tasks.

- . F Text2SQL "0 EC K dq(singe)r
formed)# ¢
- .1t QAE / ATexesQUl k@ ko 51" 0CG ,b AT U wme 3AQos vtk

T SQL. v Y "E(perfectly-

G L - _
<-F1 AE T Text2SQLU L e IE Interactive Problem -solving process ® @ " D = 19




Bird-Interact r Method

A Problem Formulation

Multi -turn collaboration ' / 'A systemy Reatworld Text2SQLL F o L " — v O E@n*
- d
- Text2SQL system"Y E DB Environment. { F Hi}» & 4 1 Usersimulator > ¥ g Interaction L

t t—1 t t—1 ¢ ¢ t—1 R

> Turnx © user simulator € history, iK > sub-task rj;, DB Environment" 9 # 9 =, tK " interaction L

iK
Y E
iK

> Turnx © systemk history, iK~ user query 6 , DB Envionment" 5 95 3 tKk> ' n L Y'E
sub-task N x © ground -truth SQL , “¥ Test casesd mappingH  sub-task C3-1 =

‘

4
i . —  priority sub -task,

7 & ambiguity 0

‘ taskx © 2,  sub-taskt T H
follow-up sub-taskt = T H o &<
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Bird-Interact r Method

A Benchmark Construction
LiveSQLBenchH= § g . E pp Benchmark _ A
- Read-only operation Q/ 1, Data Manipulation Language, Data Definition Language Y o, SQL casel
" ' e " . W'E
- benchmark H d ~ 0" =®
- Database metadata¥ External Knowledgen 7 ’ k€ Hierarchical Knowledge Base | =
- . F LiveSQLBench€ single-turn benchmark T p 6 v k £n realworld " , L e
turn benchmarkn 4 7 o
- 12 v #v Annotator? © = 4 ambiguity injection, follow -up sub-task generation L multi -turn
benchmarkt n L 4 A

Rank / Window Model Organization Success Rate (%) Avg. Cost (USD) / Task Link
5 1 o P
é\D @ o3-mini OpenAl 3115 ® 0.0225 &
Q 2024-11 — 2026-03
62
& GPT5 OpenAl 31.15 ® 0.0383 &

2024-11 — 2026-03

L i Ve S Q L B e n C h £ @ o4-mini OpenAl 29.54 ® 0.0188 &

2024-11 — 2026-03
A Dynamic and Contamination-Free Benchmark for Evaluating LLMs on Real- .
W0r|d TeXt-tO-SQL TaSkS T I (RGeS ® o3 OpenAl 29.54 ® 0.1752 &

5 =
B8 Paper (Coming Soon) ) GitHub % LiveSQLBench-Base-Lite % LiveSQLBench-Base-Full vl 2024-11 — 202603 @ Claude Sonnet 4 QAnduaplc 2701 © 0.0601

i 6 ~ =
& Subscribe for New Releases ¥ Qwen3-235B-A228B Qwen 26,90 ® 0.0043 ©
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Bird-Interact r Method

A Benchmark Construction

1. Ambiguity Injection  -> Priority sub -task generation
- . F user query/ superficial user query ambiguities, Knowledge ambiguities, Environmental ambiguities n

- superficial user query ambiguities € userp T T/ Ct O oq T ambiguity” Y i HIE . ¢ (intent-level ambiguities )¥
L— A Y vy Bgyo1 & ambiguity @ . ¢ " F = implementation -level ambiguities

- Knowledge ambiguities € external knowledge fi/ 7 7 knowledgen £« 4 ambiguity? 5 i: € one-shot
knowledge ambiguity , multi-hop knowledge/ A X’ chainl £ « I knowledge chain breaking 1 T ambiguity 5 i

- Environmental ambiguities €, F LiveSQLBench 'A metadata/ F - € ambiguity? 1 C

- Ground-truth SQL/ "A ambiguity” Y %y ST/ :: € SQL snippetl paring + clarification source T

ny
Knowledge Chain intent-level + knowledge ambiguities implementation-level ambiguities
. . .
need urgent care knowledge d -"_ I n te ract I O n
“Ranked by AVS index.” GrlmEin
10.4%

N 1.’7%‘2“ sort_ambiguity
knowledge_linking_ambiguity 24.6% decimal_ambiguity
knowledge_ambiguity #EGS

- iguity 33.0% 30.6%
semantic_ambiguity
'5.1% 6.6%
CPI
“historical rating times cultural " 5 Y
=P (10 - conservation status) / 30’
Figure 2: Knowledge chain break- _ . o
. L. Figure 9: Ambiguity types distribution.
ing ambiguity.
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Bird-Interact

 Method

A Benchmark Construction

2. Follow -up Sub -tasks Annotation
- Ambiguity injection 4 T Y "Ey Priority sub-task/ pairH l€ follow -up task? 5

Tey’

- %1 5

-> Follow up sub -task generation

-"-\.

Table 8: Follow-up Sub-Task Taxonomy in BIRD-INTERACT

Follow-up Type

Description

First Query Example

Follow-up Example

Constraint Change

Tighten or relax filtering conditions.

“List employees hired in
2024.”

“Only engineers.” [ “Include
2023 as well.”

Topic Pivot

Compare or switch entity values to explore
alternatives.

“Sales of Product A in
20237

“What about Product B?”

Attribute Change

Modify the requested attributes, metrics, or
columns.

“Departments with >50

staff”

“Give their average salary.”

Result-based

Drill down, regroup, nest, or reformat based
on the previous result set.

“List projects finished in
2023.”

“For Apollo, show its budget.”

Aggregation

Request statistics, concatenations, counts, or
Boolean checks (e.g., AVG, STRING_AGG,
MAX FILTER, ARRAY_AGG+LIMIT,
EXISTS). Final output is typically a scalar,
single row, or compact table.

“Show the top-10 artists
by track count.”

“Give me their names joined
into a single comma-separated
string.”

Object-Dependent

First query creates or modifies a database
object (e.g., table, view), and the follow-up
query operates on it.

“Create a table of

employees with salary
above 100k.”

“From that table, list only engi-
neers.”

Te V" / f2aA
k€ Priority sub -task¥ Follow up sub -tasky state dependency/

4 NaA
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Bird-Interact r Method

A Function -Driven User Simulator

Interactive Multi -turn evaluation © & wd w1 ~ t Two-stage strategy ! 1 User simulator 1
AA

- LLM as Semantic Parser: User Simulator w System 4~ _“ ! Parsing t A AMB,LOC,UNAd ~ 3 bp
p. Nl typen B4 ¢y q A

-A NN W4 ¥y D wp UserSimulatorw 47 ¢ v E

»
'{ (a) Databases ﬂ (b) System Actions « 1 (c) User Simulator
" | 4 ”User Task _ ¥
— — DB Metadata Files DBs | & x5 [Re.trleve Knowledge | < | /wanr:qrﬁe unf/yzuble signals. C'I[wt') St:ge
< 0 o | Q x_5|Retr1’eve Column Meaning |( | Show their info. ” ... m,ozc arifications
schema.txt kb.jsonl - N V| . Realintentin SQL_& -
9] L = Alien I, & x1 IGet ALL Knowledges | < | i “ome” 5 LIMIT 5 |
E Dcols_meaning.jsonl > I | “info” 3 SELECT name, id ,'4
- Arch | @ =1 | Get ALL Column Meanings |4 | U_ __A_:;i """""
C | ¢, Knowledge Base Doc 5 Arc | ¢ | C3rL TSI
() x1 | Get DB Schema < s - LLM as P:
Qo Corporate Knowledge Base Wiki ] | _/ l I l |Muke Initial Request ‘ S
S = Robots | @) x1|Execute SQL | <!
= i | & x L | i iqui Sle| amg, Loc), unal
S Observational Environment | Clarify Ambiguity , LOC(), UNA()
The Atmospheric Observability index (AGI) ]
auiges how transparent and steady the air is =1 | ) - )
S e | Bvews |y o gesrion 1@ <2y [Poke Follontp request |
transparency x (1 - Relative humidify/100) ... s b=
: » [Submit saL | @ 3™ [rest the submitted sois_| |  curication
__________________ J
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, T e
)
< Ambiguity Resolution subtask q, [x) . . ™ Initial Environment
” L — Debugging i s .
o 7 n —> = 0 4 7" »Request Budget ‘:,d
. — w3 I Constraine.
+— “$h R/ [ s} ) <
Q Budget Constrained @ : Action 4 .
(] lo reward=0.7 @ reward=0.5 | ] User Sim.
~ reward+=0.3 '
Q Reward €————————  Follow-Up Question Subtaska: i Observation '[
"E reward+=0.2 ° N ” ! PR
o ¢ n ¢ atabase Env.
~ = (i Debugging ¢— 7 ‘ .= Rewarde{e,0.7,1}
I
'

c-Interact a-Interact &

Figure 3: Two evaluation settings for BIRD-INTERACT: c-Interact, where the system engages in
conversation with the user, and a-Interact, where the system interacts flexibly. At the end of the task,
the system will receive a reward r € [0, 1].
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Bird-Interact r Experimental Setups

A Evaluation settings - F=Interact evaluation

Multi -turn dialogue f A rP System” Usersimulator W interaction 3 Y
- Usen€ 4_ / ambiguous sub-questionn 5 v , Systemk =|=/ ’ Ambiguityn £+« = — i Dv d
v sub-queryn YE -
- Systems= <Yy SQLqueryn Y 1 ,F0 € debugging . " sub-question’: 1 / a S
- System Y "E sub-queryl€ dataset . 1 CD / 'A taggingy labell & 4 1 correctness 4k, 1 sub-
questionl v € HAq4 T b 1 F£°

L o)

'{V (a) Databases ﬁ (b) System Actions « 1 (c) User Simulator

x.5 |Retrieve Knowledge « |

Two-Stage

— DB Metadata Files
E ¥ 0 0 bos ] () x.5|Retrieve Column Meaning | <€ | Clarifications
h Ltxt .
Q schema Ko.Json! == Alien ) x1|Get ALL KnowLedées < I
E [ cols_meaning.jsonl R~ ame,
P & Ak | ) x1|Get ALL Column Meanings | <€ | e i
9, KnowledgeBaseDoc
Ry == Robots | ) x1| Execute SQL Y
S e ——
B d t C t . t LE = News l > ’W( x2 h Make Follow-Up Request
u ge On S raln S ’ Ssubmit soL | 3R|_/ lTest the Submitted SQL, I
- m A < Amhigulty Resolution Subtask Q Debussing ™ |nitial ‘ ‘ Environment
Tclar am pat S S 2 | Emnees oo "
— Iy R - & PN
- - O P - i Action 3
[ lO reward=0.7 @ reward=0.5 | I User Sim.
L., reward+=0.3(% _/
8 JReward (—d - Follow-Up Question Subtas kq i Observation L}
reward+= X
< B ¢ n € H 9 Database Env.
S &— Debugging (— ot | [y .=« Reward€{0,0.7,1}
c-Interact - §- a-Interact &

Figure 3: Two evaluation settings for BIRD-INTERACT: c-Interact, where the system engages in
conversation with the user, and a-Interact, where the system interacts flexibly. At the end of the task,
the system will receive a reward r € [0, 1]. 25



Bird-Interact r Experimental Setups

A

Evaluation settings - 3= Interact evaluation

Agent

AN

wow

w f Arp & ¥ J 4 J] action space!

r P System=

23>

bl_ A user simulator d

interaction w

- Target database, metadata, HKB, User Simulator” Callable Toolt 5 # h Systemk 4. / 5 1 R question L
Agentic

-

Table 9: Action space for the agent showing available actions, their environments, arguments, return

values (as observation), and associated costs.

HI'HT S

Action Env. Arguments Return Value Cost
execute DB sgl Query Result 1
get_schema DB - Database Schema 1
get_all_column_meanings DB - All Columns’ Meanings 1
get_column_meaning DB table, column Column Meaning 0.5
get_all_external_knowledge_names DB - All Knowledge Names 0.5
get_knowledge_definition DB knowledge Knowledge Definition 0.5
get_all_knowledge_definitions DB - All Knowledge Definitions 1
ask User question User Clarification 2
submit User sgl User Feedback 3
114 114 14

C A

C_

"E (a) Databases

ﬂ (b) System Actions

”

«“x (c) User Simulator

|_User Task

g
- . DB Metadata Files o | ) x.5|Retrieve Knowledge « I mng/wublfsfﬂm“- Jw.l:.-sr:.ge
I 0o 0 | (%) x_5|Retr1'.eve Column Meaning |4 | Show their info. ” .. 9,4 arifications
schema.txt kb.jsonl -~ T [ Asked Question_|
Q o b =% Alien”  T'@) x1|Get ALL Knowledges < : f ASRCGZ?;U_:{;TG"
cols_meaning.jsonl —~ ‘i [_codsa__]
E - = =, | ©x1[6et ALL Column Meanings « : ' ear Actions [ Labeled Amb. ]
=
C | ¢, Knowledge Base Doc | @ 1 [Get DB Schema J< | == i e
E ‘Corporate Knowledge Base Wiki - - [ I ‘ <! |Make Initial Request ‘
o p hobots ) x1| Execute SQL 3
BN Observational Environment I = 9 I [clarify Ambiguity Sle{ amap, ocy, unay
Observabilt - |
o | - N
G |Snemmmnaeee | SYew |y [k guestion |@ 2/ [Make Follow-Up Request] ]
transparency x (1- Relative humidify/100) ... n —
I » [submit sqL |@ <3 [Test the submitted QLS| |  carpication
__________________ J
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, I e e
i
- Ambiguity Resolution Subtask g, ) . | " nitial Environment
L) . —= 5 Debugging i B
(8] oy = i 4 " a Request Budget @ ”
S (h K —> el ! Constrained .
Q Budget Constrained @ ! Action .
O lO reward=0.7 @ reward=0.5 | N User Sim.
L reward+=0.3@ : _/
Q  Reward Follow-Up Question Subtaskd: | Observation '[
E reagrds=e.2 [X] ) u ! Database Env.
amm = — — > .
-~ Y ¢ Debugging <— g (“a : .= Rewarde{0,8.7,1}
i
]
c-Interact a-Interact &

Figure 3: Two evaluation settings for BIRD-INTERACT: c-Interact, where the system engages in
conversation with the user, and a-Interact, where the system interacts flexibly. At the end of the task,
the system will receive a reward r € [0, 1].
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Bird-Interact r Experimental Setups

A Metric

Success Rate (SR) Normalized Reward (NR)

. R — Zz ry Zz Zje{l,z} Ti,j

T )

1
SR; = N Z]I[ﬂ,j(ai,j) = True), N N

{0.7 if 1st sub-task is solved without debugging

r;,1 = 4§ 0.5 if 1st sub-task is solved with debugging 1.0 if both sub-tasks aro passed
0 otherwise Ty = {0.7 if only the 1st sub-task is passed
0.3 if 2nd sub-task is solved without debugging 0  otherwise

T2 = { 0.2 if 2nd sub-task is solved with debugging
0 otherwise
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Bird-Interact r Result

A Main result

Table 2: Success Rate and Final Normalized Reward of different models on BIRD-INTERACT-FULL.
The success rate is cumulative; Reward* is the normalized reward (%). The values reported in

c-Interact are after debugging phase, and (+n) means the performance gained via debugging. Avg. - GPT5, Gemini-2.5-pro ® @1, 20% & THRIM L SR, NRL O I
Cost is the cost for one task on average in USD. Our user simulator has an avg. cost of 0.03 USD. .
- c-interact, a-interact ' / A m ® @k Ji 16.33,171 SRL | v

5 q close-source® @ d 2, g open-source model L & 17 "2

Priority Question (Success Rate %) 1 Follow Ups (Success Rate %) T Avg.
Model R d*
¢ Bl | DM | Overal B | DM | Overal | "7 cost)
c-Interact Text-to-SQL .. . = I I “E‘ =|
= = e
GPT-5 9.49 (+0.00) 2540 (+2.12) | 14.50 (+0.67) | 5.84 (+024) 14.81 (+053) | 8.67 (+0.33) 12.58 $0.08 Pnorlty QueSt|0n O o FO ow upS-"- =i= B M -
Claude-Sonnet-3.7 10.71 (+462) | 33.86 (+7.41) | 18.00 (+550) | 4.62 (<049 | 1640 (+3.17) | 8.33 (+1.33) 13.87 $0.29 . " 1L -
Deepseek-Chat-V3.1 | 11.44 (+073) | 33.86 (+3.17) | 18.50 (+150) | 4.62(+024) | 16.93 (+1.06) | 8.50 (+0.50) 15.15 $0.12 + E B HlStOl’y R/ f A ConteXt Length t | T ar T /l A
Qwen-3-Coder-480B | 16.30 (+268) | 34.39 (4529 | 22.00 (+350) | 8.03 (+097) | 16.93 (+423) | 10.83 (+2.00) 17.75 $0.11
Claude-Sonnet-4 16.06 (+4.87) | 35.98 (+1058) | 22.33 (+6.67) | 1046 (+1.22) | 22.22 (+370) | 14.17 (+2.00) 18.35 $0.29
03-Mini 17.76 (+292) | 37.57 (+1111) | 24.00 (+550) | 11.44 (+0.73) | 25.40 (+4.23) | 15.83 (+1.83) 20.27 $0.07
Gemini-2.5-Pro 18.73 (+438) | 38.62 (+10.05) | 25.00 (+6.17) | 12.41 (+1.22) | 24.87 (+529) | 16.33 (4250 20.92 $0.04 _D CQ o |= 6 T"| I Jllf n ';'A\’ T ‘A /] S =|= 1—'}/8 X ] \'IJ a Jllf S & & (BI)
a-Interact Text-to-SQL 5 L ) ) L )
~ n n — ] 4 = "
Qwen-3-Coder480B |  8.05 2474 13.33 3.90 474 417 10.58 $0.07 > A H A H =|= s (DOM) a, Oo 'Ex L O,
Deepseek-Chat-V3.1 10.49 31.58 17.17 4.63 5.26 4.83 13.47 $0.06
03-Mini 12.20 36.32 19.83 5.85 1421 8.50 16.43 $ 0.06 :t n % :I
Gemini-2.5-Pro 10.49 41.58 20.33 5.85 20.00 10.33 17.33 $0.22
Claude-Sonnet-3.7 11.46 41.58 21.00 5.61 16.84 9.17 17.45 $0.60
Claude-Sonnet-4 15.85 53.68 27.83 8.05 22.63 12.67 23.28 $0.51
GPT-5 15.61 58.42 29.17 10.98 30.00 17.00 25.52 $0.24

-2 @NT "~ L " niinteracton & £ o°c L Q
GPT51 . ¢ Cinteract b x a-interact/ 'A Oo SREnuenie1 L Q
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Bird-Interact r Result

A Interaction Analysis R Memory Grafting

S INERER SR - GPT51 c-interact & / Ax mEEx+ b O / b Fxro+f
25- etniet1s .+ + 2" La
20.5%
201 185%  185%  18.8% . ) N
5 - - Memory Grafting: b4 47 b  ®o%, o Qwen-3-Coder, O3-Mini
2 151 _ : " , ~ .
T ambiguity resolution . v L GPT5 o 4 c-interact U / A v £
o 13.8% | |13.8%
® 10- Uu € 7
3
5-
- M ° @ interactionhistoryn 3, GPT5y Exs$ , ¢ HiE1 L
O T T T 1
o ,bo°°e‘ &° T
o o i SP% X
~ Q«‘?’(\XOQ/\ O,bx’\\(\\

Figure 5: SR of GPT-5 with
memory grafting.
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Bird-Interact r Result

A Interaction Analysis R Interaction Test -Time Scaling

-0 @ T SftnKEd d b ~  (User patience)n w" /
fmExn 1 &+

> i ™ - Claude-3.7-Sonnet+ scailing ' » <« El1 L 4.y E interaction+
—~ 207 20 20 | 20— >—o—
] " | oH .t Oraclesettingl Et& o Bie" = EL £
- 0 3 5 7 0 3 5 7 0 3 5 7 0 3 5 7 J =
[} Claude-3.7-Sonnet (-c) 03-Mini (-c) GPT-40 (-c) Qwen-3 (-c)
-4
8. il

t 40 40 | 40 . . ~ - . “ L _”_
£ . E - o@uxA , 0L O%t Oraclesetting Ex/ CAmn 4 L &

10o 3 5 T wo 3 5 T 10o 3 5 7 106 3 5 7

Claude-3.7-Sonnet (-a) 03-Mini (-a) GPT-40 (-a) Qwen-3 (-a)

User Patience

Figure 4: The performance of different LLMs with different user patience on BIRD-INTERACT-LITE.
The red line denotes a-Interact mode (-a); the blue line denotes c-Interact mode (-¢). And the dotted
line (Idealized Performance) denotes the performance under ambiguity-free single-turn text-to-SQL.
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A User Simulator Analysis

Table 3: Correlation analysis be- e s e oo
100%
tween Al and human users.
>, 90%
=
User Simulator Pearson (p-value) E 809
GPT-40 <
- w/ Func. (Ours) 0.84 (p=0.02) 70%
Gemini-2.0-Flash
- w/ Func. (Ours) 0.79 (p =0.03) 60% . .
GPT-40 ° AMB LOC UNA
- Baseline 0.61 (p=0.14)
(_‘i%rzisr;ilﬁf-Flash 0.54 (p = 0.21) Figure 6: The accuracy of different user

simulators on USERSIM-GUARD.




Applying Text2SQL for inter -research

Harnessing Temporal Databases for Systematic Evaluation of Factualtamsitive QuestiorAnswering in LLMs
(ICLR 2026)

TSQA Construction
@ Knowledge Selection @ Temporal SQL @ Conversion to —e— GPT-3.5 —e— GPT-40 —e— Mixtral Qwen?2
for TSQA pairs Query Generation Natural Language GPT4 —e— Llama3 —e— Gemma? —ea— Granite3
Schema country, role g name SELECT name SQL Query Q 2= 80
© Country Temporal FROM MyDB : E “a |
* role }. Functional WHERE country=‘Sweden’ i SQL-to-text via LLM A= Po3s 70+
* gender Dependency AND role=‘Monarch’ g
Temporal *name <¢— AND {NOW() BETWEEN Run TSQA 3 60 %
<country>. <role> query to database ; p d
Database - start ry>, start AND end} Pairs © P
= end o Encode temporal context 5 301
at any time point P 8
< 40
TSQA Evaluation o 30
— Question: Who is currently serving as the monarch of Sweden? % 20
Gold Answer: {country: ‘Sweden’, ..., name: ‘Carl XVI Gustaf’, start: ‘1973-09-15", ...} (*as of 2025) E
10
LLM Response (*aciual response of GemmaZ2-27B): . : ‘ : : : .
B Since June 2016, Carl XVI Gustaf has been the current monarch of Sweden. Answer: /" Time: x 00 05 00 02 410 15 20 25
A9 A9 20 20 20 20 20 20
408277 19907 199577 1g007 T 19057 IO RIS 5920

Figure 1: Overview of TDBench framework. TDBench systematically constructs Time-Sensitive QA
(TSQA) pairs by (1) selecting factual knowledge via temporal functional dependencies, (2) generating . ) . .
temporal SQL queries with diverse temporal contexts, and (3) converting queries into natural language Figure 3: LLM performances across different time spans

QA pairs using an LLM and the database. During evaluation, TDBench automatically verifies both (1985-2025) 1n the closed-book Setting_ Additional results
the final answer and time references in LLM responses, capturing cases where the model hallucinates

in the explanation despite providing the correct answer. TDBench supports diverse TSQA scenarios, on mUItlple domains are presented in Sec. D.3.
including temporal alignment and temporal reasoning tasks — see more framework details in Sec. 3.
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