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Abstract

Detecting missing foreign keys (FKs) requires
accurately modeling semantic dependencies
across database schemas, which conventional
heuristic-based methods are fundamentally lim-
ited in capturing. We propose LLM-FK, the
first fully automated multi-agent framework for
FK detection, designed to address three core
challenges that hinder naive LLM-based solu-
tions in large-scale complex databases: com-
binatorial search space explosion, ambiguous
inference under limited context, and global in-
consistency arising from isolated local predic-
tions. LLM-FK coordinates four specialized
agents: a Profiler that decomposes the FK de-
tection problem into the task of validating FK
candidate column pairs and prunes the search
space via a unique-key-driven schema decom-
position strategy; an Interpreter that injects
self-augmented domain knowledge; a Refiner
that constructs compact structural representa-
tions and performs multi-perspective chain-of-
thought reasoning; and a Verifier that enforces
schema-wide consistency through a holistic
conflict resolution strategy. Experiments on
five benchmark datasets demonstrate that LLM-
FK consistently achieves F1-scores above 93%,
surpassing existing baselines by 15% on the
large-scale MusicBrainz database, while reduc-
ing the candidate search space by two to three
orders of magnitude without losing true FKs
and maintaining robustness under challenging
conditions like missing data. These results
demonstrate the effectiveness and scalability
of LLM-FK in real-world databases.

1 Introduction

Foreign key (FK) constraints define directional de-
pendencies between a referencing column (or col-
umn set) in one table and a referenced column in an-
other, thereby enforcing referential integrity in rela-
tional databases (Melton and Simon, 2001). These
constraints play a foundational role in supporting
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Figure 1: Comparison of FK detection: heuristic limita-
tions vs. LLM semantic reasoning.

essential downstream tasks, including schema re-
verse engineering, data integration, and semantic
querying (Wu et al., 2019; Li et al., 2023). How-
ever, in real-world databases, FK constraints are
frequently missing due to schema evolution, legacy
system migration, or intentional omission for per-
formance reasons, which can undermine data re-
liability and semantic consistency (Johnson et al.,
2003). While manual FK identification may be
feasible for small schemas, it quickly becomes im-
practical for large-scale databases characterized by
numerous heterogeneous tables and complex data
distributions (Halevy et al., 2006; Hai et al., 2023).

Existing automated FK detection methods pre-
dominantly rely on heuristics that exploit syntactic
or statistical signals, such as column name sim-
ilarity and value inclusion ratios (Rostin et al.,
2009; Chen et al., 2014; Jiang and Naumann,
2020). Although these heuristics are effective in
well-structured or narrowly scoped schemas, they
largely fail to capture the deeper semantic depen-
dencies that fundamentally underpin FKs (Lausen,
2007; Kent, 2012). As a result, their performance is
highly sensitive to irregularities such as sparse data
and unconventional naming patterns, and necessi-
tates manual tuning or high-quality labeled data to
remain reliable (Zhang et al., 2010), which signifi-
cantly limits their scalability and generalizability
to large, heterogeneous or evolving databases.
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Figure 2: Overview of our LLM-FK framework. The pipeline orchestrates four specialized agents to achieve
fully automated FK detection: the Profiler executes the Unique-Key-Driven Schema Decomposition Strategy; the
Interpreter performs Self-Augmented Domain Knowledge Injection; the Refiner employs Multi-Perspective CoT
Reasoning; and the Verifier applies the Holistic Conflict Resolution Strategy.

Large Language Models (LLMs) offer a promis-
ing alternative by implicitly capturing semantic re-
lationships that extend beyond surface-level heuris-
tics; however, directly applying LLMs to large-
scale FK detection introduces several fundamental
challenges (see Figure 1). First, combinatorial
search space explosion severely limits scalability:
as table and column counts increase, the number
of candidate column pairs grows rapidly (e.g., ap-
proximately 4,000 pairs for only eight tables (Poess
and Floyd, 2000)), rendering exhaustive evaluation
computationally infeasible. Second, ambiguous
inference under limited context complicates ac-
curate reasoning: finite context windows (Ye et al.,
2023; Chen et al., 2024) and performance degra-
dation when processing raw tabular data (Cheng
et al., 2022; Chen, 2023; Sui et al., 2024b) pre-
vent LLMs from jointly accessing complete schema
structures and data distributions, forcing reliance
on compressed or partial representations that may
omit critical signals. Third, global inconsistency
arising from isolated local predictions emerges
because LLMs typically assess FKs in a local con-
text independently, such as evaluating individual
column pairs or table pairs in isolation, leading to
globally conflicting decisions such as cyclic refer-
ences that violate schema-level coherence.

To overcome these limitations, we propose
LLM-FK, a structured multi-agent framework for
fully automated FK detection in large-scale com-
plex databases, requiring neither manual inter-
vention nor labeled data. LLM-FK decomposes
schema-wide FK discovery into coordinated rea-
soning stages, with each stage explicitly addressing
one of the aforementioned challenges. To mitigate
combinatorial search space explosion, the Pro-
filer employs a Unique-Key-Driven Schema De-
composition Strategy, leveraging LLMs to iden-
tify the most plausible referenced unique key for
each potentially referenced table, and thereby de-
composing the global detection task into focused
validation problems over a pruned column pair can-
didate set. This constraint-aware decomposition
dramatically reduces decision complexity and the
search space while preserving recall of FKs. To
address ambiguous inference under limited con-
text, the Interpreter and Refiner jointly perform
Self-Augmented Domain Knowledge Injection
and Multi-Perspective Chain-of-Thought (CoT)
Reasoning. Specifically, the Interpreter extracts
implicit semantic cues from schema metadata and
inferred domain knowledge, while the Refiner in-
tegrates this context with compact structural rep-
resentations, enabling robust reasoning from syn-
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tactic, semantic, and statistical perspectives despite
limited context. Finally, to ensure global consis-
tency from local predictions, the Verifier applies
a Holistic Conflict Resolution Strategy by con-
structing a schema-level dependency graph, detect-
ing structural violations such as cyclic references,
and performing targeted reasoning to resolve in-
consistencies, thereby producing a coherent FK
set aligned with relational semantics and overall
schema topology.

We evaluate LLM-FK through extensive ex-
periments on five public benchmark databases
spanning diverse domains and scales. Over-
all, LLM-FK demonstrates consistent superiority
in effectiveness, efficiency, and robustness. It
achieves F1-scores exceeding 93% on all bench-
marks and outperforms both heuristic-based and
LLM-based baselines by more than 15% on Mu-
sicBrainz (Swartz, 2002), a complex real-world
database containing over 300 tables. In terms of
efficiency, LLM-FK reduces the candidate search
space by two to three orders of magnitude with-
out losing any true FKs. Furthermore, it maintains
strong robustness under challenging conditions, in-
cluding missing data and obscure semantic relation-
ships. These results highlight the scalability and
generalizability of LLM-FK for FK detection in
large-scale complex databases.

Our contributions are summarized as follows:

• We propose LLM-FK, the first multi-agent
framework for fully automated FK detection
in large-scale complex databases, overcom-
ing the semantic limitations of existing ap-
proaches without requiring manual supervi-
sion or labeled data.

• We design four specialized agents that sys-
tematically address the core challenges of ap-
plying LLMs to FK detection: the Profiler
reduces the search space via a Unique-Key-
Driven Schema Decomposition Strategy; the
Interpreter and Refiner enable deep and robust
inference through Self-Augmented Domain
Knowledge Injection and Multi-Perspective
CoT Reasoning; and the Verifier enforces
schema-wide coherence through a Holistic
Conflict Resolution Strategy.

• Extensive experiments demonstrate that LLM-
FK achieves state-of-the-art (SOTA) accuracy,
high efficiency, and strong robustness against
complex, large-scale schemas.

2 Related Work

2.1 Heuristic-based Methods for FK Detection

Heuristic-based approaches constitute the domi-
nant line of research for automated FK detection,
relying on predefined syntactic and statistical sig-
nals extracted from database schemas and data in-
stances. These methods can be broadly catego-
rized into rule-weighted approaches and machine
learning-based approaches. Rule-weighted meth-
ods (Zhang et al., 2010; Chen et al., 2014; Jiang and
Naumann, 2020) design a collection of manually
crafted heuristics—such as column name similar-
ity and value inclusion ratios—and aggregate them
through weighted scoring functions to estimate the
plausibility of FK candidates. Although effective
in constrained settings, these approaches require
labor-intensive manual tuning to determine appro-
priate heuristic weights and decision thresholds,
which limits their adaptability across domains.

Machine learning-based methods attempt to al-
leviate manual tuning by learning decision func-
tions from labeled examples, thereby automating
candidate ranking or classification (Rostin et al.,
2009; Yan and He, 2020). However, this paradigm
introduces a strong dependency on high-quality la-
beled training data, which is expensive to obtain
and often unavailable for large, real-world database
schemas. More fundamentally, because FKs en-
code semantic relationships rather than purely syn-
tactic and statistical regularities, rigid heuristic sig-
nals inevitably break down in large-scale complex
databases. Irregularities such as sparse data, non-
standard naming conventions, and heterogeneous
schema designs frequently produce counterexam-
ples that violate heuristic assumptions (Zhang et al.,
2010), leading to degraded accuracy and limited
generalization. In contrast, our proposed LLM-FK
leverages the semantic reasoning capabilities of
LLMs to directly infer FK relationships, enabling
automated and robust detection beyond the expres-
siveness of fixed heuristics.

2.2 LLMs for Database Schema Analysis

LLMs have recently shown strong potential in a
range of database schema analysis tasks, includ-
ing table annotation, entity matching, and join
prediction (Narayan et al., 2022; Fernandez et al.,
2023; Jaimovitch-López et al., 2023). These stud-
ies demonstrate that LLMs can effectively cap-
ture semantic information from schema metadata
and natural language descriptions. Despite this
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progress, systematic investigation of LLM-based
database-wide FK detection remains largely unex-
plored. Closely related works focus on pairwise
join prediction. For instance, Chorus (Kayali et al.,
2023) leverages Python code completion prompt-
ing to predict joinability between tables, but primar-
ily targets ad-hoc analytical joins rather than formal
FK constraints. As a result, they do not explicitly
model the semantic directionality, uniqueness re-
quirements, or referential integrity guarantees that
distinguish FKs from general joins.

Moreover, MMQA preliminarily explores di-
rectly prompting LLMs to identify FKs between
table pairs as a prerequisite for multi-table ques-
tion answering (Wu et al., 2025); however, such
generic LLM-based reasoning paradigms, includ-
ing few-shot prompting and chain-of-thought rea-
soning, are difficult to apply naively to large-scale
complex databases (Brown et al., 2020; Wei et al.,
2022). These approaches suffer from three fun-
damental limitations: combinatorial search space
explosion when enumerating column pairs, ambigu-
ous inference under limited context, and global in-
consistency arising from isolated local predictions.
Without structural decomposition or coordination
mechanisms, naive LLM applications struggle to
scale while maintaining schema-level coherence.
To address these challenges, we propose LLM-FK,
a multi-agent framework in which each agent is ex-
plicitly designed to resolve one of the limitations of
applying LLMs to FK detection, enabling scalable,
consistent, and semantically grounded inference.

3 LLM-FK Approach

3.1 Problem Definition

FK detection aims to recover implicit referential
constraints from a given relational database schema
and its data instances. Formally, given a relational
database D = {T1, . . . , Tn}, each table Ti is de-
fined as a tuple (Ci,Ri), where Ci denotes the set
of columns (schema) andRi denotes the finite set
of data tuples (instance). The objective of FK de-
tection is to identify a set of elementary references
Φ = {(cf , cp) | cf ∈ Ci, cp ∈ Cj}, where each pair
(cf , cp) represents a single-column FK relationship
in which the referencing column cf refers to the ref-
erenced column cp. This formulation generalizes
to composite FKs (Harrington, 2016), which are
modeled as combinations of multiple elementary
references on distinct columns between the same
source and target tables. By reducing FK detection

to the identification of elementary column-level ref-
erences, this definition enables fine-grained reason-
ing while remaining compatible with higher-order
relational constraints.

3.2 Preliminaries: UCC and IND

Unique Column Combination (UCC) and Mini-
mal UCC (MinUCC). UCCs capture the notion
of key-like column sets within a table. Specifi-
cally, for a table Ti, a subset of columns X ⊆ Ci
constitutes a UCC if the projection of Ti onto X
uniquely identifies every tuple. Formally, for any
two distinct tuples tu, tv ∈ Ri, their projected val-
ues must satisfy tu[X] ̸= tv[X]. A MinUCC fur-
ther enforces minimality, requiring that no proper
subset X ′ ⊂ X preserves the uniqueness property.
MinUCCs are particularly important in FK detec-
tion, as they represent candidate keys and therefore
constitute the only valid targets for FK references.

Inclusion Dependency (IND). An IND, denoted
as Ti[X] ⊆ Tj [Y ], holds when the set of values ap-
pearing in column set X ⊆ Ci is contained within
the set of values of Y ⊆ Cj . INDs provide a neces-
sary structural condition for referential constraints:
any FK from X to Y must satisfy the correspond-
ing IND. In this work, we focus exclusively on
single-column INDs, which align with our elemen-
tary reference formulation and serve as a reliable
basis for FK candidate pruning.

3.3 Overview of LLM-FK

We propose LLM-FK, a multi-agent framework for
fully automated FK detection in large-scale com-
plex databases. As illustrated in Figure 2, LLM-
FK consists of four specialized agents—Profiler,
Interpreter, Refiner, and Verifier—each respon-
sible for a distinct reasoning stage and equipped
with a dedicated strategy. Together, these agents
decompose schema-wide FK discovery into coordi-
nated, tractable sub-tasks that collectively address
the limitations of naive LLM-based inference.

The Profiler initiates the workflow by decom-
posing the global detection task into column-pair
validation problems and aggressively narrowing
the candidate space through a Unique-Key-Driven
Schema Decomposition Strategy. The Interpreter
then performs Self-Augmented Domain Knowl-
edge Injection to expose implicit semantic signals
embedded in the schema. Building on this enriched
context, the Refiner conducts deep inference us-
ing Multi-Perspective CoT Reasoning to evaluate
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each candidate FK. Finally, the Verifier aggregates
pairwise predictions and applies a Holistic Conflict
Resolution Strategy to eliminate inconsistencies
and ensure global schema coherence. We detail
each component and strategy in the following sub-
sections, with additional implementation details
provided in Appendix B.

3.4 Unique-Key-Driven Decomposition
The Profiler serves as the entry point of the LLM-
FK pipeline, with the primary goal of optimizing
LLM inputs for scalability and reliability. It ex-
plicitly addresses two fundamental challenges: (1)
the infeasibility of direct schema-wide FK detec-
tion due to limited LLM context windows and
the risk of hallucinations, and (2) the combina-
torial explosion of candidate FKs as schema size
and complexity grow. To this end, we introduce
a Unique-Key-Driven Schema Decomposition
Strategy that systematically transforms the global
FK detection problem into a set of manageable
column-level validation tasks while aggressively
pruning structurally invalid candidates.

Schema Decomposition. We decompose FK de-
tection into independent binary classification prob-
lems over directed column pairs. Specifically, each
candidate (cf , cp) is evaluated in isolation, with the
LLM determining whether cf functionally refer-
ences cp. Compared to coarser decomposition gran-
ularities such as table-pair reasoning, column-level
decomposition isolates the atomic unit of FK se-
mantics. This design keeps the sub-problem struc-
ture invariant to overall schema scale, focuses the
LLM on a single directed hypothesis at one time,
and substantially reduces decision complexity and
hallucination risk.

Candidate Pruning. Although atomic decom-
position simplifies individual decisions, it naively
induces a combinatorial explosion in the number
of column pairs. To ensure computational feasibil-
ity, we employ a pruning strategy to aggressively
refine the candidate set. First, we apply IND-based
validation and rule-based filters: INDs enforce
necessary value inclusion constraints, while rule-
based checks eliminate pairs with incompatible
data types or semantically unsuitable types (e.g.,
Boolean or floating-point columns). Second, we
exploit the structural property that FKs must ref-
erence unique keys. Instead of relying on primary
keys (PKs)—which are frequently missing, incom-
plete, or overly composite—we identify MinUCCs

as candidate referenced keys. For each potentially
referenced table, the LLM infers the most plausible
referenced unique key from its MinUCC set. As
shown in Figure 2, we then discard any candidate
column pair whose referenced column does not
belong to the selected unique keys. This process
yields a compact yet comprehensive candidate set
that preserves recall of true FKs while eliminating
structurally invalid FK hypotheses.

3.5 Knowledge-Augmented Reasoning
To accurately assess pruned candidate pairs un-
der the constraints of finite LLM context windows,
LLM-FK coordinates two agents—the Interpreter
and the Refiner—to perform structured, knowledge-
augmented reasoning. The Interpreter focuses on
Self-Augmented Domain Knowledge Injection to
resolve semantic ambiguity, while the Refiner em-
ploys Multi-Perspective CoT Reasoning to conduct
deep, evidence-based inference.

Self-Augmented Domain Knowledge Injection.
The Interpreter equips the framework with a global
semantic understanding of the database by analyz-
ing the names of all tables involved in the candidate
set. We intentionally restrict this analysis to table
names, as they capture core entity semantics while
remaining sufficiently concise to fit within the
LLM’s context budget. By inferring the overarch-
ing application domain and salient entity concepts,
the Interpreter bridges the gap between abstract
schema symbols and real-world semantics. Cru-
cially, this process enables self-augmentation (Sui
et al., 2024a): schema-wide domain insights are in-
jected into each reasoning task, reducing ambiguity
when candidate column pairs are evaluated within
an isolated local context. The Interpreter performs
this analysis once per database, ensuring consistent
semantic grounding across all subsequent valida-
tions without redundant computation.

Multi-Perspective CoT Reasoning. Building on
the injected domain knowledge, the Refiner im-
plements a multi-perspective CoT framework that
integrates complementary signals for robust infer-
ence. To this end, the Refiner issues SQL queries
to extract and serialize compact, high-density rep-
resentations of relevant information, including: (1)
schema definitions (table and column names); (2)
statistical metadata (ordinal positions, data types,
value ranges, cardinalities, row counts, and aver-
age text lengths); (3) inter-column dependencies
(value coverage ratios and table size ratios); and (4)
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sample data instances (top-5 rows). This concise se-
rialization avoids the noise and cost associated with
full-table inputs while preserving sufficient and dis-
criminative evidence to prevent misinterpretations
in raw data processing, such as ambiguous data
types. The Refiner then reasons from three com-
plementary perspectives: a syntactic perspective
based on naming conventions, a statistical perspec-
tive grounded in distributional regularities, and a se-
mantic perspective focused on entity relationships.
By emulating expert human reasoning, this multi-
perspective process enables cross-perspective com-
pensation, allowing reliable signals to correct judg-
ments when others are compromised, such as in
obfuscated schemas or data-sparse tables.

3.6 Holistic Conflict Resolution
To ensure schema-wide structural consistency, the
Verifier applies a Holistic Conflict Resolution Strat-
egy that operates over aggregated pairwise predic-
tions. It constructs a schema topology graph encod-
ing inferred FK relationships and then identifies
structural violations arising from local decisions.
In particular, we focus on two common conflict
types: multiple references, where a single column
references multiple distinct targets, and cyclic ref-
erences, where FK relationships form closed loops.

Conflict resolution proceeds in two stages.
First, for multiple-reference conflicts, the Verifier
reevaluates competing candidates using the same
knowledge-augmented reasoning framework de-
scribed in Section 3.5, retaining only the most
semantically and structurally plausible FK. Sec-
ond, for cyclic references, the Verifier employs an
iterative elimination strategy that prioritizes the
shortest cycles, which represent the most immedi-
ate violations of relational semantics. Within each
cycle, the least plausible reference is removed, and
the process repeats until the graph converges to
an acyclic and unambiguous state. Crucially, the
Refiner’s semantic-based reasoning typically con-
strains the candidates into tightly clustered, seman-
tically related subgraphs. Leveraging this localiza-
tion, our approach yields two primary advantages.
First, unlike methods that rely on isolated confi-
dence scores, evaluating conflicting candidates col-
lectively within these specific structures facilitates
direct semantic comparison, accurately capturing
intrinsic semantic hierarchical relationships. Sec-
ond, it significantly reduces computational com-
plexity; by confining conflict resolution to these
highly localized immediate contexts (e.g., length-2

cyclic references), our approach intrinsically avoids
the cascading complexity typically associated with
global graph traversals. Through this procedure,
the Verifier guarantees that the final FK set is glob-
ally coherent with relational database principles.

4 Experiments

4.1 Experimental Setup
Datasets and Evaluation Metrics. We evalu-
ate LLM-FK on five widely adopted relational
database benchmarks: TPC-H (Poess and Floyd,
2000), Northwind (NWind) (Microsoft, 2023b),
TPC-E (Chen et al., 2011), AdventureWorks
(AdvWorks) (Microsoft, 2023a), and MusicBrainz
(MusicBz) (Swartz, 2002). These datasets span di-
verse application domains—including commerce,
retail, finance, manufacturing, and entertain-
ment—and exhibit substantial variation in schema
scale, naming conventions, and data characteristics.
Together, they capture a broad spectrum of real-
world challenges for FK detection, ranging from
clean benchmark schemas to large-scale, hetero-
geneous databases. Detailed dataset statistics are
reported in Appendix C.

To assess FK detection quality, we adopt stan-
dard Precision (P), Recall (R), and F1-score
(F) (Goutte and Gaussier, 2005). All metrics are
computed over the candidate set produced by the
Profiler, which defines the effective search space
for subsequent reasoning. This evaluation protocol
isolates the quality of FK inference from trivial
candidates eliminated during early pruning.

Baselines. We compare LLM-FK against seven
representative baselines spanning three method-
ological paradigms. (1) Rule-weighted methods.
MC-FK (Zhang et al., 2010) relies exclusively on
data statistics under uniform reference assumptions.
Fast-FK (Chen et al., 2014) combines syntactic sim-
ilarity with cardinality-based signals. HOPF (Jiang
and Naumann, 2020) further exploits PK con-
straints to improve detection performance. (2) Ma-
chine learning-based methods. ML-FK (Rostin
et al., 2009) trains classifiers on basic syntactic
and statistical features. AutoSuggest (Yan and He,
2020) extends this approach by incorporating ad-
ditional metadata, including ordinal positions. (3)
LLM-based methods. Chorus (Kayali et al., 2023)
predicts joinability via Python code completion
prompting. End-to-End (Wu et al., 2025) directly
queries LLMs to identify FKs for each table pair
in a single pass. Few-Shot (Brown et al., 2020)
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Category Method TPC-H Northwind TPC-E AdventureWorks MusicBrainz
P R F P R F P R F P R F P R F

Rule-weighted
MC-FK 0.56 1.00 0.72 0.71 0.91 0.80 0.32 0.78 0.46 0.46 0.59 0.52 0.51 0.81 0.62
Fast-FK 0.50 0.78 0.61 0.67 0.91 0.77 0.82 0.91 0.86 0.54 0.84 0.65 0.62 0.81 0.70
HOPF 1.00 0.10 0.20 0.67 0.19 0.29 0.78 0.16 0.26 0.57 0.45 0.46 0.75 0.86 0.80

ML-based
ML-FK 0.67 0.67 0.67 0.00 0.00 0.00 0.79 0.58 0.67 0.77 0.22 0.34 0.35 0.49 0.41
AutoSuggest 0.50 0.22 0.31 0.48 0.91 0.62 0.45 0.64 0.53 0.24 0.54 0.33 0.30 0.23 0.26

LLM-based

Chorus 0.50 0.44 0.47 0.46 0.55 0.50 0.32 0.47 0.38 0.13 0.29 0.18 0.26 0.32 0.29
End-to-End 0.82 1.00 0.90 1.00 1.00 1.00 0.57 0.87 0.69 0.72 0.75 0.73 0.70 0.81 0.75
Few-Shot 0.80 0.89 0.84 1.00 0.91 0.95 0.46 0.71 0.56 0.63 0.68 0.66 0.70 0.70 0.70
CoT 0.82 1.00 0.90 1.00 1.00 1.00 0.60 0.87 0.71 0.71 0.74 0.72 0.68 0.81 0.74

Ours LLM-FK 1.00 1.00 1.00 1.00 1.00 1.00 0.91 0.96 0.93 0.93 0.96 0.94 0.91 1.00 0.95

Table 1: Performance comparison of FK detection across five datasets. Bold indicates the best performance, and
underlined indicates the second-best.

augments this setting with explicit FK exemplars.
CoT (Wei et al., 2022) applies chain-of-thought
prompting to elicit step-by-step reasoning. These
baselines collectively represent the current SOTA
across heuristic-based and LLM-driven paradigms.

Implementation Details. All LLM-based meth-
ods are implemented using DeepSeek-R1 (Guo
et al., 2025) with the temperature set to 0 to ensure
deterministic and reproducible outputs. To pre-
vent data leakage (Balloccu et al., 2024), database
names are masked during inference. In addition,
empty columns are excluded during rule-based
pruning in the Profiler to ensure fair comparison
with data-driven baselines. Further implementa-
tion details and reproducibility considerations are
provided in Appendix D. Supplementary experi-
ments—including evaluations on other LLMs, a
detailed computational cost analysis, and other ad-
ditional results—along with qualitative case stud-
ies, are presented in Appendix E.

4.2 Main Results
Table 1 summarizes the overall FK detection per-
formance. The results reveal several key findings:
First, LLM-FK consistently achieves SOTA perfor-
mance across all five datasets, outperforming the
strongest baselines by substantial margins on com-
plex schemas (e.g., +21% F1-score on Adventure-
Works and +15% on MusicBrainz). Second, LLM-
FK exhibits markedly higher accuracy and gener-
alizability than heuristic-based methods. While
the strongest heuristic-based baseline (Fast-FK) at-
tains F1-scores ranging from 0.61 to 0.86—exhibit-
ing large variance across datasets—LLM-FK main-
tains stable performance between 0.93 and 1.00.
This improvement stems from LLM-FK’s ability
to reason about semantic intent, which is funda-

mental to FK design, rather than relying solely
on brittle syntactic or statistical signals that are
sensitive to irregularities. Third, while generic
LLM-based baselines degrade sharply on complex
schemas like AdventureWorks and MusicBrainz,
LLM-FK demonstrates superior stability. Specif-
ically, our multi-agent collaboration framework
decomposes FK detection into invariant, binary
directed column-pair validation tasks to reduce
decision complexity, executes deep reasoning de-
spite limited context, and enforces global schema-
wide consistency, thereby effectively overcoming
the challenges of native LLM-based paradigms on
large-scale complex databases. Moreover, the poor
performance of Chorus confirms that join predic-
tion alone fails to capture the semantic direction-
ality and integrity constraints intrinsic to FKs. Fi-
nally, LLM-FK shows strong robustness under se-
mantic opacity, as exemplified by TPC-E, which
contains numerous ambiguous English abbrevia-
tions. While generic LLM-based methods strug-
gle in this setting, LLM-FK achieves an F1-score
of 0.93, benefiting from Self-Augmented Domain
Knowledge Injection and Multi-Perspective CoT
Reasoning that jointly disambiguate local column
pairs using global and structural cues. Overall,
these results demonstrate that LLM-FK provides
accurate, generalizable, and robust FK detection
for large-scale complex databases.

4.3 Analysis of Candidate Pruning

We analyze the pruning strategy from two perspec-
tives: search space reduction and pruning safety.
Figure 3 shows the number of remaining candidates
after each pruning stage, compared to a commonly
used table-level baseline defined by all pairwise
combinations of tables.
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Figure 3: Remaining candidate counts after various
stages of pruning compared to the table-level baseline.

Configuration TPC-H NWind TPC-E AdvWorks MusicBz

Analysis A: Refiner Agent
w/ Injection (Base) 0.78 0.92 0.70 0.83 0.87
w/o Injection 0.78 0.92 0.61 0.74 0.76
Perf. Drop (∆) – – -9% -9% -11%

Analysis B: Verifier Agent
w/ Injection (Full) 1.00 1.00 0.93 0.94 0.95
w/o Injection 0.78 1.00 0.89 0.94 0.95
Perf. Drop (∆) -22% – -4% – –

Table 2: Ablation study on the impact of Self-
Augmented Domain Knowledge Injection.

Search Space Reduction. The proposed multi-
stage pruning strategy achieves dramatic compres-
sion of the FK candidate space. On the large-scale
MusicBrainz dataset, the number of candidate pairs
is reduced from over 2.46× 106 to only 2,306, cor-
responding to a reduction of nearly three orders
of magnitude. Across most datasets, the resulting
candidate sets are even smaller than those produced
by table-level enumeration. This reduction directly
mitigates the combinatorial explosion inherent in
large schemas and drastically decreases the number
of required LLM invocations, ensuring that down-
stream reasoning remains computationally feasible.

Pruning Safety. Importantly, this aggressive
pruning does not sacrifice recall. Across all five
datasets, the number of pruned true FKs is exactly
zero, confirming that the strategy preserves 100%
of the ground-truth FKs. We further observe that
declared PKs often act as supersets of the actual
referenced unique keys, driven by indexing choices
or domain-specific modeling decisions. In con-
trast, true FKs frequently reference minimal unique
subsets. By targeting MinUCCs rather than poten-
tially missing or overly composite PKs, LLM-FK
achieves more effective pruning while strictly pre-
serving correctness.

Scenario Model TPC-H NWind TPC-E AdvWorks MusicBz

Missing
Data

w/o MP-CoT 0.89 1.00 0.88 0.90 0.93
Full MP-CoT 1.00 1.00 0.92 0.91 0.96

Improv. (∆) +11% – +4% +1% +3%

Obscure
Semantics

w/o MP-CoT 0.74 1.00 0.90 0.82 0.86
Full MP-CoT 0.78 1.00 0.92 0.83 0.89

Improv. (∆) +4% – +2% +1% +3%

Anonymous
Schema

w/o MP-CoT 0.31 0.83 0.56 0.28 0.38
Full MP-CoT 0.67 0.92 0.71 0.53 0.76

Improv. (∆) +36% +9% +15% +25% +38%

Table 3: Robustness analysis of Multi-Perspective CoT
Reasoning across different challenging scenarios.

4.4 Analysis of Domain Knowledge Injection

To quantify the contribution of Self-Augmented Do-
main Knowledge Injection, we selectively disable
it in the Refiner and the Verifier. Table 2 reports the
resulting F1-score changes of each agent’s output.

The results confirm that domain knowledge in-
jection is beneficial across both agents. For the
Refiner, removing injected knowledge leads to no-
table performance drops on AdventureWorks and
MusicBrainz (9% and 11%, respectively). This
degradation arises because isolated column pairs
lack sufficient semantic context in large schemas,
causing LLMs to misinterpret entity relationships.
For the Verifier, domain knowledge is especially
critical on smaller datasets such as TPC-H, where
its removal results in a 22% F1-score drop. In com-
pact schemas, global semantic cues enable explicit
differentiation among competing candidates dur-
ing conflict resolution. On TPC-E, which is dom-
inated by abbreviated identifiers, injected domain
knowledge consistently alleviates semantic ambi-
guity, preventing performance degradation for both
agents. These findings highlight the complemen-
tary role of global semantic grounding in both local
inference and global consistency enforcement.

4.5 Analysis of Multi-Perspective CoT

We evaluate the robustness of Multi-Perspective
CoT (MP-CoT) Reasoning under three challeng-
ing real-world scenarios: (1) Missing Data (empty
tables), (2) Obscure Semantics (Chinese pinyin ab-
breviations), and (3) Anonymous Schema (schema
names unavailable). These scenarios simulate irreg-
ular conditions commonly encountered in partial
or degraded database schemas. We compare the
F1-scores of the full MP-CoT framework against a
variant without MP-CoT in Table 3.

The results yield several insights. First, remov-
ing MP-CoT consistently degrades performance
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Dataset
Refiner (Pre-CR) Verifier (Post-CR) Gains

P R F P R F ∆P ∆F

TPC-H 0.64 1.00 0.78 1.00 1.00 1.00 +36% +22%
NWind 0.85 1.00 0.92 1.00 1.00 1.00 +15% +8%
TPC-E 0.56 0.96 0.70 0.91 0.96 0.93 +35% +23%
AdvWorks 0.71 0.99 0.83 0.93 0.96 0.94 +22% +11%
MusicBz 0.77 1.00 0.87 0.91 1.00 0.95 +14% +8%

Table 4: Ablation study on the impact of Holistic Con-
flict Resolution.

across all datasets, validating its necessity. The ef-
fect is most pronounced under Anonymous Schema
conditions, where MP-CoT improves F1-score by
up to 38% on MusicBrainz. Second, MP-CoT pro-
vides strong robustness by allowing remaining per-
spectives to compensate when one signal is unavail-
able. Even in the presence of missing data, where
heuristic-based methods typically fail, F1-scores
remain above 90% across all datasets. Finally, the
analysis further confirms that these reasoning per-
spectives are complementary and non-redundant,
ensuring resilience against schema degradation by
mutually compensating for limitations: syntactic
and semantic clues address data sparsity, syntactic
and statistical evidence mitigates semantic ambi-
guity, and statistical signals become pivotal when
schema names are absent.

4.6 Analysis of Holistic Conflict Resolution

We evaluate the effectiveness of the Holistic Con-
flict Resolution (CR) Strategy by comparing Re-
finer outputs before conflict resolution (Pre-CR)
with the final predictions produced by the Verifier
(Post-CR). As shown in Table 4, the Refiner is in-
tentionally designed to be aggressive, prioritizing
high recall at the cost of lower precision.

The Verifier serves as a critical global filter
that resolves structural inconsistencies. Across all
datasets, conflict resolution substantially improves
precision, with gains ranging from +14% to +36%,
while largely preserving recall. In four out of five
datasets, all true FKs identified by the Refiner are
retained after CR. Notably, all cyclic references
encountered are strictly length-2, ensuring that the
resolution avoids the cascading complexity associ-
ated with global traversals. These results demon-
strate that holistic, schema-level reasoning is essen-
tial for reconciling local predictions and ensuring
global consistency, enabling LLM-FK to achieve
both high accuracy and structural correctness.

5 Conclusion

We present LLM-FK, the first multi-agent frame-
work for FK detection in large-scale complex
databases. By orchestrating four specialized agents,
LLM-FK decomposes the detection task, performs
semantically grounded reasoning, and enforces
global consistency. Specifically, the Profiler re-
duces the search space via Unique-Key-Driven
Schema Decomposition Strategy; the Interpreter
and Refiner leverage Self-Augmented Domain
Knowledge Injection and Multi-Perspective CoT
Reasoning for deep inference; and the Verifier rec-
onciles local predictions through Holistic Conflict
Resolution Strategy. Extensive experiments show
that LLM-FK consistently achieves SOTA perfor-
mance, providing an accurate, efficient, and robust
solution for FK discovery that serves as a practical
basis for downstream database applications.

Limitations

While our experiments cover five benchmarks span-
ning commerce, retail, finance, manufacturing, and
entertainment, there remain unexplored database
domains with extremely large-scale or highly het-
erogeneous schemas. Importantly, LLM-FK is
designed to be domain-agnostic and relies solely
on schema-inherent signals rather than domain-
specific knowledge, ensuring that its performance
does not depend on particular conventions or lan-
guages. Moreover, its multi-agent design allows
seamless extension to new databases without addi-
tional training or supervision. Combined with our
candidate pruning and structured reasoning strate-
gies, LLM-FK maintains computational feasibility
and robust generalization even in complex schemas,
making it broadly applicable while leaving room
for future evaluations on specialized domains.
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A More Related Work

A.1 Metadata Discovery
Extensive research has investigated efficient strate-
gies for discovering Unique Column Combinations
(UCCs) and Inclusion Dependencies (INDs), mak-
ing the extraction of such metadata computationally
feasible even for large databases (De Marchi et al.,
2002; Abedjan et al., 2015; Dürsch et al., 2019).
Representative algorithms include Spider (Bauck-
mann et al., 2006), which efficiently identifies
single-column INDs using a disk-based sort-merge
join, and Binder (Papenbrock et al., 2015b), which
generalizes the approach to multi-column INDs via
a hash-based divide-and-conquer strategy.

To address practical challenges such as dirty
or incomplete data, approximate IND discovery
techniques have also been proposed (Tschirschnitz
et al., 2017; Kaminsky et al., 2023). The metadata
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discovery process within LLM-FK is fully com-
patible with these established algorithms, allowing
practitioners to tailor the framework according to
specific objectives—such as prioritizing computa-
tional efficiency or maximizing robustness to data
anomalies—without modifying the overall reason-
ing pipeline.

A.2 Multi-Agent Systems

Multi-agent systems have recently shown strong
potential for solving complex reasoning tasks
by enabling collaboration among specialized
agents (Guan and Greene, 2024; Guo et al., 2024;
Zhang et al., 2024). In the tabular domain, exist-
ing multi-agent frameworks primarily target down-
stream applications like Text-to-SQL and table
question answering (Xie et al., 2024; Sui et al.,
2025; Wang et al., 2025a; Yu et al., 2025; Zhou
et al., 2025). These tasks generally assume a known
schema and rely on content matching and local
schema linking to satisfy specific queries.

In contrast, FK detection presents a fundamen-
tally different challenge: it requires holistic struc-
tural reasoning across an entire database schema.
To the best of our knowledge, LLM-FK is the first
framework to leverage multi-agent collaboration
specifically for FK detection, demonstrating how
specialized agents can jointly address the com-
binatorial and inconsistency challenges inherent
in large, complex databases. This design illus-
trates the potential of multi-agent reasoning beyond
content-oriented tasks, extending it to structural in-
ference and schema-level constraint discovery.

A.3 FK Detection in Modern Data Ecosystems

While FKs are fundamental to relational database
theory, their explicit definition is frequently absent
in practice, making FK detection a critical task
for downstream data operations. The urgency and
practical significance of this problem in contem-
porary settings can be summarized across two key
dimensions:

Ubiquity of Missing FKs. In modern data envi-
ronments, the absence of explicit FKs has become
a widespread norm driven by evolving engineer-
ing practices and architectural shifts. To avoid
performance degradation during high-concurrency
operations, developers frequently omit physical
FKs, shifting constraint management entirely to
the application layer (Alibaba, 2022), making these
implicit constraints highly prone to loss during

database migration or analytical extraction (Jiang
and Naumann, 2020). Furthermore, distributed
architectures—such as the “database-per-service”
pattern in microservices (Newman, 2021) and
schema-on-read data lakehouses (Armbrust et al.,
2021)—inherently restrict strict, cross-database
FK constraints. Empirical studies corroborate this
scarcity, revealing that a significant majority of
real-world open-source web applications and rela-
tional databases completely lack explicit FK def-
initions (Agarwal et al., 2021; Christopher et al.,
2021; Döhmen et al., 2024).

Critical Role in Advanced Data Applications.
Beyond classic data management tasks like data
integration and schema reverse engineering, FK de-
tection is increasingly pivotal in contemporary data
ecosystems. In complex, heterogeneous environ-
ments, identifying FK relationships is highly valu-
able for streamlining data discovery and bolster-
ing governance efficiency (Fernandez et al., 2018;
Hai et al., 2023). Moreover, accurately inferring
these structural dependencies provides an essen-
tial foundation for empowering automated Busi-
ness Intelligence (BI) modeling (Lin et al., 2023),
as FK detection closely aligns with the founda-
tional steps of BI model construction and enables
automatic generation of schema graphs for down-
stream analytical pipelines. In the current era of
LLM-driven database interfaces, explicit FKs pro-
vide deterministic join paths that have been empiri-
cally proven to substantially enhance the accuracy
of Text-to-SQL parsing (Gao et al., 2023). More
broadly, multi-table Question Answering (QA) has
recently emerged as a focal point in LLM-driven
table understanding(Zhu et al., 2024; Wang et al.,
2025b), where FK detection is explicitly identified
as a prerequisite for resolving multi-hop complex
questions across diverse tables (Wu et al., 2025).
This positions robust FK detection as a key enabler
for seamlessly integrating structured relational se-
mantics into emerging LLM-based table reasoning
systems.

B More Implementation Details

B.1 Detailed Elaboration of Multi-Agent
Collaboration

To automate the reasoning required for FK de-
tection, LLM-FK orchestrates four specialized
agents—Profiler, Interpreter, Refiner, and Ver-
ifier—to collaboratively execute a database-wide
FK detection task. Each agent executes distinct
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cognitive operations via specific LLM instructions
I , denoted as π. Formally, the roles and operational
formulations are as follows:

Profiler (Ap). The Profiler serves as the en-
try point of the agent workflow, implementing a
Unique-Key-Driven Schema Decomposition to
mitigate search space explosion. Given a database
D, the set of identified INDs J (pre-filtered by
data type rules), and the set of MinUCCs U derived
from referenced tables in J , the Profiler iterates
over each referenced table T . Using its subset of
MinUCCs UT ⊆ U , it selects the most suitable
referenced unique key k guided by IAp :

k = π(T,UT , IAp), (1)

These keys are aggregated into a set K, which de-
terministically prunes the search space. The struc-
turally valid candidate FK pairs are then:

Ψcand = {(cf , cp) ∈ J | cp ∈ K}, (2)

Interpreter (Ai). The Interpreter performs Self-
Augmented Domain Knowledge Injection to re-
duce schema ambiguities. Analyzing Ψcand, it de-
rives global domain knowledge Kdom from the set
of table names NΨcand

:

Kdom = π(NΨcand
, IAi), (3)

which is shared downstream to ensure semantic
consistency across local reasoning tasks.

Refiner (Ar). The Refiner validates each can-
didate pair ψ = (cf , cp) ∈ Ψcand using Multi-
Perspective CoT Reasoning, integrating domain
knowledgeKdom and serialized structural represen-
tations Sψ derived from SQL queries:

pψ = π(ψ, Sψ,Kdom, IAr), (4)

where pψ ∈ {0, 1} indicates whether ψ consti-
tutes a true FK. We denote the set of positively
validated candidates as:

Ψpos = {ψ ∈ Ψcand | pψ = 1}, (5)

Verifier (Av). The Verifier ensures global coher-
ence via the Holistic Conflict Resolution Strategy.
Initialized with Ψpos, it identifies structural viola-
tions (e.g., multiple or cyclic references) within the
aggregated schema topology. For any identified
conflict set Ψconflict, it determines the valid subset

Ψresolved by leveraging domain knowledge Kdom
and structural representations SΨconflict

:

Ψresolved = π(Ψconflict, SΨconflict
,Kdom, IAv).

(6)
This resolution mechanism refines the global

schema topology by eliminating invalid candidate
FKs, ensuring convergence to a conflict-free state
and yielding the final consistent FK set Φ.

Multi-Agent Collaboration. The overall work-
flow is formally defined in Algorithm 2. Detailed
prompts for each agent are provided in Appendix F.

B.2 Detailed Elaboration of Profiler
B.2.1 IND-based and Rule-based Pruning
To effectively reduce the search space, the Profiler
enforces two fundamental rules for pruning:

• Type Compatibility: Candidate columns
must strictly share the same data type.

• Exclusion of Unsuitable Types: Columns
representing continuous measurements (e.g.,
float, decimal) or binary states (e.g., bool,
bit) are automatically filtered out as they se-
mantically lack identifying properties.

Beyond these foundational constraints, our IND-
based and rule-based mechanisms are designed
with significant flexibility and extensibility. The
IND-based validation supports adaptive algorithm
selection (see Appendix A.1) to optimize the bal-
ance between execution efficiency and robustness.
Furthermore, additional rules—such as filtering
empty tables or columns and applying specific car-
dinality thresholds—can be seamlessly integrated
into the rule-based pruning.

B.2.2 Unique Key Selection
Optimal unique key selection leverages LLM
prompts guided by formalized judgment criteria
(see Table 5), including uniqueness validity, col-
umn ordinality, naming conventions, type suitabil-
ity, value conciseness, minimal composition, and
semantic alignment. By grounding the selection
process in these formalized rules, the LLM can ef-
fectively discern the most appropriate referenced
unique key from the set of MinUCCs. This ap-
proach leverages the model’s reasoning capabili-
ties to prioritize candidates that not only satisfy
structural constraints but also align with the logical
conventions of the database schema, ensuring the
selected keys are semantically meaningful.
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Criterion Description

Uniqueness Validity The candidate must uniquely identify a specific tuple within the table.

Column Ordinality Columns positioned earlier in the table definition are prioritized.

Naming Convention Preference is given to column names containing typical identifiers (e.g., “id”,
“key”, “code”).

Type Suitability The data type is typically an integer or a string, adhering to standard key
definitions.

Value Conciseness The data values should be concise and human-readable (short text length).

Minimal Composition Candidates with fewer constituent columns (atomic keys) are preferred over
complex composite keys.

Semantic Alignment The key must logically represent the entity according to the semantic context
of the table.

Table 5: Judgment criteria for unique key selection.

Type Information

Schema Definitions Table name
Column name

Statistical Metadata Ordinal position
Data type
Average value text length
Number of distinct values
Number of rows in table
Cardinality ratio (distinct
values / table rows)
Minimum value
Maximum value

Inter-column Dependencies Coverage ratio
Table size ratio
Out-of-range ratio

Sample Data Example data from table
(first 5 rows)

Table 6: Serialized structural representations for Multi-
Perspective CoT Reasoning.

B.3 Detailed Elaboration of Interpreter

The Interpreter implements a summarize-then-
reason strategy (see Figure 4), which mirrors the
human cognitive process of acquiring a holistic un-
derstanding of the database domain before making
specific judgments. In this workflow, the LLM first
synthesizes a global domain profile from collec-
tive table semantics to prime itself with a unified
context. Crucially, these self-generated insights
are injected back into local reasoning tasks, allow-
ing the framework to self-augment abstract schema
symbols with concrete domain knowledge. This
global-to-local paradigm ensures semantic consis-
tency by grounding isolated inferences in a shared

Step 1：Summarize the application 
domain to which this database 
belongs and the entity knowledge 
required for identifying FKs.

The database belongs to 
the Educational 
Administration domain. Key 
entity logic suggests that 
`student` likely references 
`teacher` to denote an 
academic advisor.
…………

Structural 
Representations

Candidate Table Names Domain Knowledge

Step 2：Determine whether the
column pair constitutes a FK. Multi-Perspective CoT

Domain 
KnowledgeTrue

False

Self-Augmentation

Validation for Each 
Column Pair

student

teacher

teacher_extra
…………

Figure 4: Illustration of the Self-Augmented Domain
Knowledge Injection.

foundation, while simultaneously achieving full
automation—autonomously deriving macroscopic
insights without reliance on external manual anno-
tations.

B.4 Detailed Elaboration of Refiner

Structural Representations Extraction. The
Refiner constructs serialized structural representa-
tions by formulating SQL queries on raw table data
(see Table 6), including schema definitions, sta-
tistical metadata, inter-column dependencies, and
sample data. This ensures that multi-perspective
reasoning is grounded in precise schema and data
evidence.

Multi-Perspective CoT Reasoning. The Refiner
integrates three reasoning perspectives (see Fig-
ure 5):
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Rule 1: Average Value Text Length: The average value text lengths of the two 
associated columns' values should typically be very similar.
Rule 2: Coverage Ratio: Foreign key values should generally cover a significant 
portion of the referenced unique key values. 
Rule 3: Out-of-Range Ratio: Foreign key values should be uniformly distributed 
across the referenced domain, not confined to a narrow subset. 

Syntax

Step 1: Understand the real-world entities or relationships represented by the two  
tables and interpret the meaning of their attributes based on columns.
Step 2: Based on their semantics, determine whether the foreign key relationship 
aligns with logical relationships such as "is-a" or "has-a".

Rule 1: Higher string similarity generally indicates a greater likelihood of a foreign 
key relationship. Analyze the similarity of table/column names for the candidate.
Rule 2: Columns with typical suffixes (e.g., id, key, no) are more likely to be 
foreign keys. Assess whether column names conform to such conventions.

Semantics

Statistics

Figure 5: Illustration of the Multi-Perspective CoT Rea-
soning.

• Semantic: Maps schema concepts to real-
world entities.

• Syntactic: Evaluates naming conventions and
string similarity.

• Statistical: Analyzes statistical distributions
and inclusion relationships.

B.5 Detailed Elaboration of Verifier
The Verifier enforces global consistency via the
Holistic Conflict Resolution algorithm (see Algo-
rithm 1), resolving multiple references and cyclic
references to produce the final, structurally consis-
tent FK set Φ.

C Dataset Details

Table 7 provides a detailed statistical overview
of the datasets used in our experiments. These
datasets span diverse domains, schema complexi-
ties, and scales, enabling a comprehensive evalua-
tion of FK detection methods.

• TPC-H: A standard decision-support bench-
mark widely adopted in the database commu-
nity. It simulates a commercial environment
with a relatively simple schema (8 tables) and
sparse FK relationships, providing a baseline
for correctness verification.

• Northwind: A classic synthetic dataset rep-
resenting a small retail business. With 13 ta-
bles, it offers a manageable yet representative
schema for evaluating FK detection in typical
inventory and sales scenarios.

• TPC-E: An On-Line Transaction Process-
ing (OLTP) (Bernstein and Newcomer, 2009)
benchmark modeling a brokerage firm. Its

Algorithm 1 Holistic Conflict Resolution
Require: Candidate FK Set Ψpos

Ensure: Consistent FK Set Φ
1: Initialize Φ← Ψpos

2: // Stage 1: Resolve Multiple References
3: // Ensure each source column references at

most one target column
4: for each source column csrc referencing dis-

tinct target columns Ctargets in Φ do
5: if |Ctargets| > 1 then
6: // Select the single most plausible target

column via reasoning
7: cbest ← Reasoning-Select(csrc, Ctargets)

8: Update Φ to retain only the reference
(csrc, cbest) for csrc

9: end if
10: end for
11: // Stage 2: Resolve Cyclic References
12: // Iteratively eliminate cycles to ensure topo-

logical consistency
13: while Schema Topology Graph G(Φ) contains

cycles do
14: // Prioritize immediate violations for unam-

biguous resolution
15: Cycle← FindShortestCycle(G)
16: // Identify the least plausible link (edge) in

the cycle
17: eweak ← Reasoning-Weakest(Cycle)
18: Φ← Φ \ {eweak} {Break the cycle}
19: end while
20: return Φ

schema is more complex than TPC-H (33 ta-
bles) and includes richer integrity constraints.
English abbreviations are frequently used in
table and column names, introducing addi-
tional semantic challenges.

• AdventureWorks: A synthetic database simu-
lating a bicycle manufacturing company. Con-
taining 71 tables and numerous FKs, it ex-
hibits complex schema patterns, including
composite FKs, which pose substantial chal-
lenges for FK detection algorithms.

• MusicBrainz: A large-scale, real-world mu-
sic encyclopedia database. With 382 tables
and over 2.4 million column pairs, it is the
most complex dataset in our evaluation, pro-
viding a testbed for both scalability and robust-
ness in a noisy, heterogeneous environment.
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Dataset Type Tables FKs Column Pairs Domain

TPC-H Benchmark 8 9 3,721 Commerce
Northwind Synthetic 13 11 7,744 Retail
TPC-E Benchmark 33 46 36,481 Finance
AdventureWorks Synthetic 71 91 236,196 Manufacturing
MusicBrainz Real 382 354 2,458,624 Entertainment

Table 7: Detailed statistics and domains of datasets.

D Reproducibility Statement

D.1 LLM-FK and LLM-based Baselines
All experiments are conducted using DeepSeek-R1
as the backbone LLM. To ensure deterministic re-
sults and reproducibility, we set the temperature
parameter to 0, while leaving all other hyperparam-
eters at their default values.

For metadata extraction, we employ the
Metanome profiling tool (Papenbrock et al., 2015a)
to identify structural constraints; specifically, we
target MinUCCs and utilize the Spider algo-
rithm (Bauckmann et al., 2006) to detect single-
column INDs.

For LLM-based baselines: Chorus is imple-
mented using its official open-source code. De-
tailed prompt designs for other LLM-based base-
lines, as well as for LLM-FK, are provided in
Appendix F and Appendix G.

D.2 Heuristic-based Baselines
All heuristic-based baselines are faithfully re-
implemented following the methodology described
in their respective papers, with careful attention to
hyperparameters and evaluation protocols:

• MC-FK: Since no default parameters are
provided, we adopt the reported confidence
scores for FK detection and empirically tune
the decision threshold to maximize the F1-
score on each dataset.

• Fast-FK: Lacking explicit defaults, we as-
sign reasonable weights to its constituent rules
based on prior literature and preliminary tun-
ing: column name similarity (0.2), column-
table name similarity (0.5), cardinality ratio
(0.3), and whether the referencing column is
a unique key (−0.5).

• HOPF: Implemented strictly following the
default configuration from the original work.

• ML-FK and AutoSuggest: We follow a leave-
one-database-out training protocol proposed
in the ML-FK. Specifically, for each target
database, the labeled FK candidates from the
remaining four datasets serve as training data.
LightGBM (Ke et al., 2017) is employed as
the classifier due to its efficiency and strong
performance, with default hyperparameters
used consistently across all experiments.

E More Experiment Results and Analysis

E.1 Generalizability to Different LLM
Backbones

To demonstrate that LLM-FK’s effectiveness does
not rely on a particular LLM backbone, we eval-
uated our framework using DeepSeek-R1 (Guo
et al., 2025), Qwen3-Max (Yang et al., 2025), GPT-
5-mini (Singh et al., 2025), and LLaMA3.3-70B-
Instruct (Grattafiori et al., 2024) without any model-
specific fine-tuning.

Generalizability of Candidate Pruning. As
shown in Table 8, the Profiler consistently achieves
a substantial and reliable reduction in the candi-
date search space across all LLMs (e.g., from over
2.4 million to ∼2,355 pairs on MusicBrainz). Cru-
cially, this reduction consistently preserves true
positive matches, with only a single true FK being
erroneously pruned across all trials—specifically
by LLaMA3.3 on AdventureWorks. This high-
lights the high reliability and model-agnostic gen-
eralizability of our pruning methodology.

Generalizability of FK Detection. Table 9 re-
ports the F1-scores for FK detection. LLM-FK sig-
nificantly outperforms the overall best-performing
End-to-End baselines specifically on complex
schemas such as TPC-E, AdventureWorks, and
MusicBrainz, demonstrating the generalizability
of our multi-agent collaborative approach across
different underlying LLMs. Among the evaluated
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models, LLaMA 3.3 exhibits relatively lower per-
formance, likely attributable to differences in in-
herent reasoning capabilities for complex logical
constraints. Nevertheless, these results still con-
sistently surpass the vast majority of traditional
heuristic-based methods (see Table 1) and End-to-
End baselines, further supporting the effectiveness
of our LLM-FK. Finally, the marginally lower F1-
scores observed on smaller datasets like TPC-H
are an artifact of the constrained schema size; in
practice, only a few FKs was misclassified, which
disproportionately skews the metric rather than in-
dicating a fundamental limitation.

E.2 Computational Cost Analysis
Following the preliminary search space analysis in
Section 4.3, we detail the runtime overhead and
computational expenditures associated with LLM
calls. We conduct a comprehensive analysis of
API calls, token usage, and monetary costs using
Qwen3-Max as the backend LLM. The pricing is
based on Qwen3-Max, with a rate of 2.5 CNY for
inputs up to 32K tokens and 10 CNY for outputs
up to 32K tokens.

Overall Comparison. To evaluate the LLM in-
vocation frequency and associated expenses, we
compare our method (LLM-FK) against an End-to-
End baseline. This baseline identifies FKs between
a pair of tables in a single pass and serves as the
most effective and efficient baseline in our study.
The overall comparison is summarized in Table 11.
For smaller schemas such as TPC-H, LLM-FK ex-
hibits a slightly lower F1-score (0.78 compared to
0.90) and incurs marginally higher costs. How-
ever, this performance gap corresponds to merely
a few misclassified FKs, which is magnified by
the small scale of the dataset. For larger datasets,
including TPC-E and AdventureWorks, LLM-FK
requires higher API costs and token consumption.
Nevertheless, this increased expenditure represents
a favorable trade-off, as it yields substantial im-
provements in accuracy and better performance in
terms of API calls. Most notably, when applied to
massive and complex schemas like MusicBrainz,
LLM-FK not only achieves the highest accuracy
(0.96) but also drastically reduces monetary costs,
demonstrating its superior scalability and efficiency
in large-scale environments.

Internal Breakdown. To further elucidate the
sources of the computational overhead, we provide
a detailed breakdown across the internal agents

within our multi-agent framework: Profiler, Inter-
preter, Refiner, and Verifier. As detailed in Ta-
ble 12, the analysis clearly indicates that the pri-
mary time and cost expenditures are concentrated
within the Refiner module. Conversely, the Veri-
fier incurs minimal overhead because its input is
drastically pruned by the Refiner, such as reducing
2,355 candidates down to merely 92 conflicts in
the MusicBrainz dataset. Furthermore, these re-
maining conflicts naturally form tightly clustered,
localized semantic subgraphs; notably, all cyclic
references encountered across our experiments are
strictly length-2 (see Appendix E.7 for a typical
example). By iteratively prioritizing the resolu-
tion of these shortest cycles, the Verifier processes
highly isolated, immediate neighborhood conflicts
rather than complex, cascading chains, thereby re-
quiring significantly fewer computational overhead
to globally resolve.

E.3 Robustness in the Absence of UCC
Metadata

To evaluate the pruning effectiveness of our method
under empty-table conditions (where UCCs are un-
available), we conducted an experiment to verify
its robustness. As summarized in Table 10, the
results demonstrate consistently excellent pruning
performance across all five benchmark datasets.
The volume of retained candidates remains highly
comparable to that of the original data-rich envi-
ronment, and only a single true FK (in TPC-E)
was erroneously pruned. This high consistency
is achieved because, as illustrated in Table 5, our
method leverages LLMs to comprehensively rea-
son across multiple dimensions—such as column
ordinality, naming conventions, and semantic align-
ment. This multi-dimensional reasoning allows
our framework to infer plausible referenced unique
keys directly from the schema, effectively compen-
sating for the lack of UCCs and ensuring robust-
ness even in completely empty-table environments.
Furthermore, it is worth noting that in practical
database operations, completely empty tables are
often temporary or staging tables that rarely require
complex structural analysis.

E.4 Example Analysis of Unique-Key-Driven
Schema Decomposition

Column-Level Processing vs. Table-Level Pro-
cessing. Prior methods input entire table pairs to
LLMs, requesting all FKs in a single pass. This of-
ten leads to attention dispersion and hallucinations,
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Dataset Original Pairs DeepSeek-R1 Qwen3-Max LLaMA3.3 GPT-5-mini

Cand. Err. Cand. Err. Cand. Err. Cand. Err.

TPC-H 3,721 49 0 49 0 47 0 49 0
Northwind 7,744 60 0 60 0 60 0 60 0
TPC-E 36,481 194 0 194 0 195 0 192 0
AdventureWorks 236,196 2,034 0 2,057 0 1,987 1 2,024 0
MusicBrainz 2,458,624 2,306 0 2,355 0 2,355 0 2,355 0

Table 8: The Profiler candidate pruning results across different LLMs. Each entry shows the number of candidates
(Cand.) and the number of erroneous prunings (Err.), where erroneous pruning indicates FKs that are incorrectly
removed during the pruning process.

LLM Method TPC-H Northwind TPC-E AdventureWorks MusicBrainz

DeepSeek-R1 End-to-End 0.90 1.00 0.69 0.73 0.75
LLM-FK (Ours) 1.00 1.00 0.93 0.94 0.95

Qwen3-Max End-to-End 0.90 0.92 0.58 0.52 0.75
LLM-FK (Ours) 0.78 1.00 0.92 0.92 0.96

LLaMA3.3 End-to-End 0.80 0.95 0.61 0.66 0.74
LLM-FK (Ours) 0.70 0.96 0.85 0.79 0.86

GPT-5-mini End-to-End 0.90 0.95 0.67 0.79 0.80
LLM-FK (Ours) 0.78 1.00 0.93 0.95 0.93

Table 9: F1-score comparison for FK detection across different LLMs. Best results per LLM are bolded.

Dataset Pairs Original Empty

Cand. Err. Cand. Err.

TPC-H 3,721 49 0 49 0
Northwind 7,744 60 0 69 0
TPC-E 36,481 194 0 156 1
AdventureWorks 236,196 2,034 0 2,127 0
MusicBrainz 2,458,624 2,306 0 2,138 0

Table 10: Pruning results in original versus empty ta-
bles. Cand. denotes retained candidates; Err. denotes
mistakenly pruned true FKs.

particularly when multiple FKs exist between the
same tables.

For example, in TPC-E, the table
holding_history references trade through
two distinct FKs: hh_h_t_id → t_id and
hh_t_id → t_id. In our experiments, table-
level methods typically detect only one FK. In
contrast, even without Self-Augmented Domain
Knowledge Injection or Multi-Perspective CoT
Reasoning, LLM-FK successfully identifies both
FKs, attributed to our column-pair decomposition.
By decomposing schemas into atomic units, we
reduce task complexity invariant to schema size,
allowing focused reasoning for each candidate pair
and maintaining tractability in large schemas.

Unique Key-Based vs. Primary Key-Based
Pruning. Our unique key-based pruning

is more robust than relying solely on de-
clared PKs. In complex schemas, PKs often
form supersets of MinUCCs, introducing
unnecessary redundancy. For instance, in
production_productproductphoto (Adven-
tureWorks), the PK is composite (ProductID
+ ProductPhotoID), whereas ProductID alone
constitutes a MinUCC and serves as the target
for all referencing FKs. If pruning relied on
the overly composite PK, irrelevant candidate
pairs involving ProductPhotoID would persist,
increasing computational cost. In contrast, unique
key-based pruning efficiently narrows the search
space while preserving FK integrity.

E.5 Example Analysis of Self-Augmented
Domain Knowledge Injection

We analyze the holding_summary.hs_s_symb
and daily_market.dm_s_symb candidate column
pair from TPC-E. Both columns share the suffix
s_symb (Security Symbol) but serve distinct roles:
daily_market tracks daily stock data, whereas
holding_summary aggregates customer holdings.

Without domain knowledge, the LLM fails to
decipher the semantics of these abbreviations, re-
sulting in an erroneous reliance on syntactic simi-
larity and mistakenly predicting an FK. With our
Interpreter, a global domain context identifies the
database as a “Financial Trading System” and dis-
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tinguishes “Market Data” from “Account Hold-
ings.” This knowledge guides the Refiner to re-
ject the candidate, illustrating that self-augmented
domain knowledge resolves semantic ambiguities
effectively.

E.6 Example Analysis of Multi-Perspective
CoT Reasoning

Beyond ensuring the robustness of LLM-FK in sce-
narios with missing data or ambiguous semantics,
the Multi-Perspective CoT Reasoning leverages
sufficient information embedded in structural repre-
sentations and performs deep semantic reasoning to
address ambiguous or inconsistent signals. For in-
stance, the FK series_annotation.annotation
→ annotation.id in MusicBrainz involves
columns with numerical values in different for-
mats (scientific vs. integer), where the former is
formalized as scientific notation due to the large
magnitude of values in the leading rows, while
the latter remains in integer format. Without multi-
perspective reasoning, the LLM misinterprets scien-
tific notation as string values, rejecting the FK due
to mismatches in both data type and value range
within the leading rows. LLM-FK overcomes this
by:

• Injecting statistical metadata (data types,
value ranges) to provide sufficient informa-
tion, preventing misinterpretation.

• Cross-validating syntactic, semantic and sta-
tistical perspectives to ensure robust infer-
ence transcending superficial judgments based
solely on format discrepancies or value range
mismatches.

E.7 Example Analysis of Holistic Conflict
Resolution

In the MusicBrainz, complex conflicts arise
involving l_artist_recording, artist, and
artist_meta within the outputs of the Refiner.
Specifically, l_artist_recording.entity0 is
ambiguously identified as an FK referencing both
artist.id and artist_meta.id. Exacerbating
this issue, a direct cyclic reference exists between
artist and artist_meta (i.e., they reference each
other), which obscures the true hierarchical rela-
tionship. Such structural conflicts are highly typical
rather than random occurrences. Crucially, the Re-
finer’s semantic-based reasoning constrains these
highly correlated candidates into tightly clustered,
semantically related subgraphs.

By constructing the global schema topology and
collectively analyzing the candidates within the
conflicting subgraphs, our Holistic Conflict Res-
olution Strategy identifies that artist serves as
the semantic core entity, whereas artist_meta
acts as auxiliary metadata. Consequently, we re-
solve the conflicts by retaining the canonical ref-
erences to artist.id and eliminating the spuri-
ous candidates referencing artist_meta.id. This
decision improves upon local validation methods
that rely on assigning confidence scores to column
pairs. While such scores are often inaccurate due
to isolated reasoning, our construction of a global
schema topology facilitates a direct semantic com-
parison to capture hierarchical relationships. This
holistic reasoning process eliminates conflicting
references and ensures that the final alignment is
both semantically and structurally consistent at the
global schema level.

F Prompts of LLM-FK and Case Study

In this appendix, we provide detailed examples of
the prompts used for each core agent in LLM-FK:
Profiler, Interpreter, Refiner, and Verifier. These
examples illustrate how the multi-agent framework
operationalizes FK detection.

We use the sample database introduced in Fig-
ure 2 as the running case study, which also illus-
trates the overall multi-agent workflow. Figure 1
illustrates the limitations of heuristic-based meth-
ods and the effectiveness of LLMs in semantic
reasoning for FK detection, while also highlighting
the accompanying challenges. Figure 4 specifically
details the Self-Augmented Domain Knowledge
Injection performed by the Interpreter.

Figures 6–10 show the specific prompts and their
corresponding outputs across different stages of the
pipeline. Specifically, these example prompts are
directly populated with the structural representa-
tions, representing the execution outcomes of the
SQL queries.

G Prompts of LLM-based Baselines

For completeness, we also provide the prompt de-
signs used for the LLM-based baselines: End-to-
End, Few-Shot and CoT. Figures 11–13 illustrate
the corresponding prompts.
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Dataset Method F1-score API Calls Tokens Cost (¥)

In Out In Out Total

TPC-H
End-to-End 0.90 36 0.0351 0.0006 0.088 0.006 0.094
LLM-FK 0.78 60 0.1221 0.0011 0.305 0.011 0.316

Northwind
End-to-End 0.92 66 0.0617 0.0010 0.154 0.010 0.164
LLM-FK 1.00 71 0.1312 0.0012 0.328 0.012 0.339

TPC-E
End-to-End 0.58 528 0.4496 0.0066 1.124 0.066 1.190
LLM-FK 0.92 245 0.5342 0.0031 1.335 0.032 1.367

AdventureWorks
End-to-End 0.52 2485 2.6313 0.0346 6.578 0.346 6.924
LLM-FK 0.92 2142 5.5458 0.0224 13.864 0.223 14.087

MusicBrainz
End-to-End 0.75 28203 25.9330 0.3653 64.832 3.653 68.485
LLM-FK 0.96 2588 6.3064 0.0264 15.766 0.264 16.029

Table 11: Overall computational cost comparison between the End-to-End baseline and LLM-FK across different
datasets.

Dataset Agent API Calls Tokens Cost (¥)

In Out In Out Total

TPC-H

Profiler 8 0.0149 0.0001 0.037 0.001 0.038
Interpreter 1 0.0003 0.0005 0.001 0.005 0.006
Refiner 49 0.1004 0.0005 0.251 0.005 0.256
Verifier 2 0.0064 0.0000 0.016 0.000 0.017

Northwind

Profiler 9 0.0067 0.0001 0.017 0.001 0.018
Interpreter 1 0.0004 0.0005 0.001 0.005 0.005
Refiner 60 0.1211 0.0006 0.303 0.006 0.309
Verifier 1 0.0030 0.0000 0.007 0.000 0.008

TPC-E

Profiler 20 0.0140 0.0002 0.035 0.002 0.037
Interpreter 1 0.0004 0.0006 0.001 0.006 0.007
Refiner 194 0.4165 0.0019 1.041 0.019 1.061
Verifier 30 0.1032 0.0004 0.258 0.004 0.262

AdventureWorks

Profiler 60 0.0433 0.0006 0.108 0.006 0.114
Interpreter 1 0.0007 0.0009 0.002 0.009 0.011
Refiner 2057 5.3956 0.0205 13.489 0.205 13.694
Verifier 24 0.1061 0.0004 0.265 0.004 0.269

MusicBrainz

Profiler 140 0.0967 0.0014 0.242 0.014 0.256
Interpreter 1 0.0014 0.0011 0.004 0.011 0.015
Refiner 2355 5.8799 0.0228 14.700 0.228 14.927
Verifier 92 0.3284 0.0011 0.821 0.011 0.832

Table 12: Detailed breakdown of computational overhead across internal agents in the LLM-FK framework.
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Algorithm 2 The Overall Pipeline of LLM-FK

Require: Database D, Instruction Set I = {IAp , IAi , IAr , IAv}
Ensure: The set of FKs Φ

1: // Stage 1: Profiler (Ap) - Profiling & Unique-Key-Driven Schema Decomposition
2: Jraw ← ExtractINDs(D) {Profiler invokes tool to extract raw INDs}
3: U ← ExtractMinUCCs(D) {Profiler invokes tool to extract MinUCCs}
4: J ← FilterByType(Jraw) {Profiler invokes tool to filter INDs by data types}
5: K ← ∅ {Initialize the set of selected unique keys}
6: Tref ← GetReferencedTables(J )
7: for each table T ∈ Tref do
8: k ← π(T,UT , IAp) {Select the most plausible referenced unique key}
9: K ← K ∪ {k}

10: end for
11: Ψcand ← {(cf , cp) ∈ J | cp ∈ K} {Profiler prunes J using selected unique keys}
12: // Stage 2: Interpreter (Ai) - Self-Augmented Domain Knowledge Injection
13: NΨcand

← ExtractTableNames(Ψcand) {Interpreter invokes tool to extract table names}
14: Kdom ← π(NΨcand

, IAi) {Interpreter constructs self-augmented domain knowledge}
15: // Stage 3: Refiner (Ar) - Multi-Perspective CoT Reasoning
16: Ψpos ← ∅ {Initialize local FK result set}
17: for each candidate ψ ∈ Ψcand in parallel do
18: Sψ ← GetStructuralRepresentative(ψ,D) {Refiner formulates SQL queries guided by Multi-

Perspective CoT to derive structural representations}
19: pψ ← π(ψ, Sψ,Kdom, IAr) {Refiner executes binary validation (pψ ∈ {0, 1})}
20: if pψ = 1 then
21: Ψpos ← Ψpos ∪ {ψ}
22: end if
23: end for
24: // Stage 4: Verifier (Av) - Holistic Conflict Resolution
25: G ← ConstructGraph(Ψpos) {Construct schema topology graph}
26: // Phase 4.1: Resolve Multiple References First
27: Cmulti ← DetectMultiRefConflicts(G) {Verifier invokes tool to detect multiple references}
28: for each conflict set Ψconflict ∈ Cmulti do
29: SΨconflict

← GetStructuralRepresentative(Ψconflict,D) {Verifier formulates SQL queries guided
by Multi-Perspective CoT to derive structural representations}

30: Ψresolved ← π(Ψconflict, SΨconflict
,Kdom, IAv) {Retain the most plausible candidate FK}

31: Ψpos ← (Ψpos \Ψconflict) ∪Ψresolved

32: end for
33: // Phase 4.2: Iteratively Resolve Cyclic References
34: while TRUE do
35: G ← ConstructGraph(Ψpos) {Construct the graph with updated edges}
36: Ccycle ← DetectCyclicConflicts(G) {Verifier invokes tool to detect cyclic references}
37: if Ccycle = ∅ then
38: break {Terminate if no cycles remain}
39: end if
40: Select the shortest conflict set Ψconflict ∈ Ccycle {Prioritize the shortest cycle for resolution}
41: SΨconflict

← GetStructuralRepresentative(Ψconflict,D)
42: Ψresolved ← π(Ψconflict, SΨconflict

,Kdom, IAv) {Remove the least plausible candidate FK}
43: Ψpos ← (Ψpos \Ψconflict) ∪Ψresolved

44: end while
45: Φ← Ψpos

46: return Φ

33222



[Role-play]
You are a database architecture analyst specializing in relational database design, data lineage reasoning, and semantic integrity analysis.
[Task Description]
Your task is to reason through candidate minimal unique column combinations (MinUCCs) to identify the most probable referenced unique key 
for a given table. Table `teacher` contains several candidate unique keys. Based on the given selection criterion, select the single most 
appropriate MinUCC that would serve as the referenced unique key for foreign keys.
[Sample Data]
The first five rows of the table are as follows:
| id | name | address_code |
|---|---|---|
| 1 | Alice | 001 |
| 2 | Bob | 002 |
| 3 | Carol | 005 |
| 4 | Dave | 003 |
| 5 | Eve | 004 |
[Selection Criterion]
1. Uniqueness Validity: The candidate must uniquely identify a tuple (satisfied by all candidates provided).
2. Column Ordinality: Columns positioned earlier in the table definition are prioritized.
3. Naming Convention: Preference is given to column names containing typical identifiers (e.g., “id”, “key”, “code”).
4. Type Suitability: The data type is typically an integer or a string, adhering to standard key definitions.
5. Value Conciseness: The data values should be concise and human-readable (short text length).
6. Minimal Composition: Candidates with fewer constituent columns (atomic keys) are preferred over complex composite keys.
7. Semantic Alignment: The key must logically represent the entity according to the semantic context of the table.
[Candidate Solutions]
1. id
2. name
3. address_code
[Response Format]
Your response should be in this format: Selection: [the referenced unique key]

[Conclusion]
Selection: id

Figure 6: Prompt of the Profile for unique key selection.

[Role-play]
You are a database architecture analyst specializing in relational database design, data lineage reasoning, and semantic integrity analysis.
[Task Description]
The task involves processing a list of table names from a relational database to reconstruct foreign key relationships via semantic analysis. As a 
prerequisite, the initial step requires comprehending the application domain and acquiring the entity knowledge essential for foreign key 
identification, laying the groundwork for the subsequent process.
[Database Tables]
The following database tables need analysis: `teacher`, `student`, `teacher_extra`.
[Analysis Steps]
Please perform a deep semantic analysis on the above tables and output a summary. Follow these steps:
1. Domain Inference: Based on the table names, infer the likely application domain of this database (e.g., E-commerce, HR, ERP, etc.).
2. Entity Definition: For each table in the list, determine what "entity" it represents and summarize what entity knowledge is needed to identify
foreign keys semantically.
[Response Format]
Your response should be in this format: 
Domain Summary: [Your analysis]  
Entity Knowledge Summary for Foreign Key Identification: [Your summary]

[Conclusion]
Domain Summary: Educational Administration / Academic Management System.
Entity Knowledge Summary for Foreign Key Identification:
teacher: Core faculty entity. Serves as the principal entity that teacher_extra must reference.
student: Core learner entity. Expected to hold a potential semantic link to teacher (indicating advisor/mentor).
teacher_extra: Extension Table (Vertical Partitioning). Stores supplementary metadata. Semantically, it implies a strict 1:1 dependency on the 
teacher table, sharing the same logical grain.

Figure 7: Prompt of the Interpreter for domain knowledge generation.
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[Role-play]
You are a database architecture analyst specializing in relational database design, data lineage reasoning, and semantic integrity analysis.
[Task Description]
A foreign key (FK) represents a referential constraint where values in one table (referencing) correspond to the primary or unique key values in 
another table (referenced), ensuring data consistency. Your task is to determine whether Column A functions as a foreign key referencing 
Column B based on the provided information.
[Domain Knowledge]
Domain Summary: Educational Administration / Academic Management System.
Entity Knowledge Summary for Foreign Key Identification:
teacher: Core faculty entity. Serves as the principal entity that teacher_extra must reference.
student: Core learner entity. Expected to hold a potential semantic link to teacher (indicating advisor/mentor).
teacher_extra: Extension Table (Vertical Partitioning). Stores supplementary metadata. Semantically, it implies a strict 1:1 dependency on the
teacher table, sharing the same logical grain.
[Column A Information]
- Table Name: `student` - Column Name: `study_under` - Ordinal Position: 2  - Data Type: Integer - Average Length: 1
- Distinct Values (Cardinality): 2 - Total Rows: 5 - Cardinality Ratio (Cardinality / Total Rows): 0.4 - Min Value: 1 - Max Value: 2
- Sample Data: 
The first five rows of the table are as follows:
| id | name | study_under | address_code |
|---|---|---|---|
| 1 | Elaine | 2 | 002 |
| 2 | Bonnie | 2 | 001 |
| 3 | Van | 1 | 003 |
| 4 | Kelly | 1 | 005 |
| 5 | Lucas | 1 | 004 |
[Column B Information]
- Table Name: `teacher` - Column Name: `id` - Ordinal Position: 0 - Data Type: Integer - Average Length: 1
- Distinct Values (Cardinality): 5 - Total Rows: 5 - Cardinality Ratio (Cardinality / Total Rows): 1 - Min Value: 1 - Max Value: 5
- Sample Data:
The first five rows of the table are as follows:
| id | name | address_code |
|---|---|---|
| 1 | Alice | 001 |
| 2 | Bob | 002 |
| 3 | Carol | 005 |
| 4 | Dave | 003 |
| 5 | Eve | 004 |
[Chain-of-Thought]
1. Semantic Analysis:
   - Step 1: Interpret the real-world entities represented by the tables. Does `student.study_under` semantically imply a reference to a `teacher` ?
   - Step 2: Determine if the relationship follows logical "is-a", "has-a", or "assigned-to" semantics for foreign keys.
2. Syntactic Analysis:
   - Analyze the similarity between column/table names. Higher similarity implies a higher probability of a relationship.
   - Check for standard naming conventions (suffixes like `_id`, `_key`, `_no`).
3. Statistical Analysis (Inclusion Dependency is pre-verified):
   - Coverage Ratio: The foreign key should reference a sufficient portion of the referenced key values; in this case, the coverage ratio is 0.4.
   - Length Similarity: The average storage lengths of both columns should be identical or highly similar (1 vs 1).
   - Range Logic: Foreign key references should be evenly distributed across the referenced key domain, instead of being limited to a small 
subset; in this case, the out-of-range ratio is 0.6.
   - Table Size Ratio: Foreign keys typically exist in tables that are equal to or larger than the referenced table (1:N relationship). Here, row 
count ratio (`student` / `teacher`) is 1.0.
[Response Format]
Your response should be in this format: Decision: [True | False]

[Conclusion]
Decision: True

Figure 8: Prompt of the Refiner for each FK candidate pair validation.
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[Role-play]
You are a database architecture analyst specializing in relational database design, data lineage reasoning, and semantic integrity analysis.
[Task Description]
Resolve the "Multiple References Conflict" where a single column in a source table exhibits potential foreign key relationship with multiple
candidate columns in target tables. A valid foreign key design dictates that a source column should reference exactly one target column.
Based on the provided information, select the single most appropriate foreign key relationship.
[Domain Knowledge]
Domain Summary: Educational Administration / Academic Management System.
Entity Knowledge Summary for Foreign Key Identification:
teacher: Core faculty entity. Serves as the principal entity that teacher_extra must reference.
student: Core learner entity. Expected to hold a potential semantic link to teacher (indicating advisor/mentor).
teacher_extra: Extension Table (Vertical Partitioning). Stores supplementary metadata. Semantically, it implies a strict 1:1 dependency on the
teacher table, sharing the same logical grain.
[Referencing Column Information]
- Table Name: `student` - Column Name: `study_under` - Ordinal Position: 2 - Data Type: Integer - Average Length: 1
- Distinct Values (Cardinality): 2 - Total Rows: 5 - Cardinality Ratio (Cardinality / Total Rows): 0.4 - Min Value: 1 - Max Value: 2
- Sample Data: 
The first five rows of the table are as follows:
| id | name | study_under | address_code |
|---|---|---|---|
| 1 | Elaine | 2 | 002 |
| 2 | Bonnie | 2 | 001 |
| 3 | Van | 1 | 003 |
| 4 | Kelly | 1 | 005 |
| 5 | Lucas | 1 | 004 |
[Referenced Columns Information]
- Table Name: `teacher` - Column Name: `id` - Ordinal Position: 0 - Data Type: Integer - Average Length: 1
- Distinct Values (Cardinality): 5 - Total Rows: 5 - Cardinality Ratio (Cardinality / Total Rows): 1 - Min Value: 1 - Max Value: 5
- Sample Data: 
The first five rows of the table are as follows:
| id | name | address_code |
|---|---|---|
| 1 | Alice | 001 |
| 2 | Bob | 002 |
| 3 | Carol | 005 |
| 4 | Dave | 003 |
| 5 | Eve | 004 |
- Table Name: `teacher_extra` - Column Name: `id` - Ordinal Position: 0 - Data Type: Integer - Average Length: 1
- Distinct Values (Cardinality): 5 - Total Rows: 5 - Cardinality Ratio (Cardinality / Total Rows): 1 - Min Value: 1 - Max Value: 5
- Sample Data: 
The first five rows of the table are as follows:
| id | subject |
|---|---|
| 1 | Mathematics |  
| 2 | Computer Science | 
| 3 | Literature | 
| 4 | Physics | 
| 5 | World History | 
[Chain-of-Thought]
1. Semantic Analysis:
   - Step 1: Interpret the entities represented by the tables. 
   - Step 2: Determine if the relationship follows logical "is-a", "has-a", or "assigned-to" semantics for foreign keys.
2. Syntactic Analysis:
   - Analyze the similarity between column/table names. Higher similarity implies a higher probability of a relationship.
   - Check for standard naming conventions (suffixes like `_id`, `_key`, `_no`).
3. Statistical Analysis (Inclusion Dependency is pre-verified):
   - Coverage Ratio: The foreign key should reference a sufficient portion of the referenced key values; the coverage ratios are 0.4, 0.4.
   - Length Similarity: The average storage lengths of both columns should be identical or highly similar (1 vs 1 vs 1).
   - Range Logic: Foreign key references should be evenly distributed across the referenced key domain, instead of being limited to a small 
subset; the out-of-range ratios are 0.6, 0.6.
   - Table Size Ratio: Foreign keys typically exist in tables that are equal to or larger than the referenced table (1:N relationship); row count 
ratios are 1.0, 1.0.
[Response Format]
Your response should be in this format: Selection: [the most appropriate referenced column]

[Conclusion]
Selection: teacher.id

Figure 9: Prompt of the Verifier for multiple references resolution.
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[Role-play]
You are a database architecture analyst specializing in relational database design, data lineage reasoning, and semantic integrity analysis.
[Task Description]
Resolve the "Cyclic References Conflict" where the potential foreign keys form a closed loop. Based on the provided information, select the
least plausible (weakest) reference relationship within the cycle and remove it to break the loop.
[Domain Knowledge]
Domain Summary: Educational Administration / Academic Management System.
Entity Knowledge Summary for Foreign Key Identification:
teacher: Core faculty entity. Serves as the principal entity that teacher_extra must reference.
student: Core learner entity. Expected to hold a potential semantic link to teacher (indicating advisor/mentor).
teacher_extra: Extension Table (Vertical Partitioning). Stores supplementary metadata. Semantically, it implies a strict 1:1 dependency on the 
teacher table, sharing the same logical grain.
[Conflict Description]
1. teacher.id → teacher.extra.id
2. teacher.extra.id → teacher.id
[Columns Information]
- Table Name: `teacher` - Column Name: `id` - Ordinal Position: 0 - Data Type: Integer - Average Length: 1
- Distinct Values (Cardinality): 5 - Total Rows: 5 - Cardinality Ratio (Cardinality / Total Rows): 1 - Min Value: 1 - Max Value: 5
- Sample Data: 
The first five rows of the table are as follows:
| id | name | address_code |
|---|---|---|
| 1 | Alice | 001 |
| 2 | Bob | 002 |
| 3 | Carol | 005 |
| 4 | Dave | 003 |
| 5 | Eve | 004 |
- Table Name: `teacher_extra` - Column Name: `id` - Ordinal Position: 0 - Data Type: Integer - Average Length: 1
- Distinct Values (Cardinality): 5 - Total Rows: 5 - Cardinality Ratio (Cardinality / Total Rows): 1 - Min Value: 1 - Max Value: 5
- Sample Data: 
The first five rows of the table are as follows:
| id | subject |
|---|---|
| 1 | Mathematics |
| 2 | Computer Science | 
| 3 | Literature | 
| 4 | Physics | 
| 5 | World History | 
[Chain-of-Thought]
1. Semantic Analysis:
   - Step 1: Interpret the entities represented by the tables. 
   - Step 2: Determine if the relationship follows logical "is-a", "has-a", or "assigned-to" semantics for foreign keys.
2. Syntactic Analysis:
   - Analyze the similarity between column/table names. Higher similarity implies a higher probability of a relationship.
   - Check for standard naming conventions (suffixes like `_id`, `_key`, `_no`).
3. Statistical Analysis (Inclusion Dependency is pre-verified):
   - Coverage Ratio: The foreign key should reference a sufficient portion of the referenced key values; the coverage ratios are 1.0, 1.0.
   - Length Similarity: The average storage lengths of both columns should be identical or highly similar (1 vs 1), (1 vs 1).
   - Range Logic: Foreign key references should be evenly distributed across the referenced key domain, instead of being limited to a small 
subset; the out-of-range ratios are 0, 0.
   - Table Size Ratio: Foreign keys typically exist in tables that are equal to or larger than the referenced table (1:N relationship); row count 
ratios are 1.0, 1.0.
[Response Format]
Your response should be in this format: Selection: [the least plausible reference relationship]

[Conclusion]
Selection: teacher.id → teacher.extra.id

Figure 10: Prompt of the Verifier for cyclic references resolution.
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[Role-play]
You are a database architecture analyst specializing in relational database design, data lineage reasoning, and semantic integrity analysis.
[Task Description]
Identify foreign key relationships between the following two tables based strictly on the provided information. For each identified foreign key, 
output a list entry. Taking a scenario where Table A references Table B as an example, use this exact format:
[<Table A name>, <foreign key column name in Table A>, <Table B name>, <referenced column name in Table B>].
[Table Information]
- Table name: student
The first five rows of the table are as follows:
| id | name | study_under | address_code |
|---|---|---|---|
| 1 | Elaine | 2 | 002 |
| 2 | Bonnie | 2 | 001 |
| 3 | Van | 1 | 003 |
| 4 | Kelly | 1 | 005 |
| 5 | Lucas | 1 | 004 |

- Table name: teacher
The first five rows of the table are as follows:
| id | name | address_code |
|---|---|---|
| 1 | Alice | 001 |
| 2 | Bob | 002 |
| 3 | Carol | 005 |
| 4 | Dave | 003 |
| 5 | Eve | 004 |
[Response Format]
Your response should be in this format: Foreign Keys: [the identified foreign keys]
Example Output:
1. [['orders', 'customer_id', 'customers', 'id']]
2. [[]]

Figure 11: Prompt of the End-to-End baseline.

[End-to-End Prompt]
……………………
[Examples]
# Example 1: Single Foreign Key Relationship
Input:
- orders (the first five rows):
| order_id | date | user_id | amount | 
|---|---|---|---|
| 101 | 2023-01-01 | 5 | 100.0 |
| 102 | 2023-01-02 | 8 | 50.5 |
| 103 | 2023-01-03 | 5 | 120.0 |
| 104 | 2023-01-04 | 6 | 200.0 |
| 105 | 2023-01-05 | 7 | 80.0 | 
- users (the first five rows):
| uid | user_name | email |
|---|---|---|
| 5 | Alice | alice@example.com |
| 6 | Bob | bob@test.com |
| 7 | Charlie | charlie@corp.com |
| 8 | David | david@mail.com |
| 9 | Eve | eve@web.com |
Output: [['orders', 'user_id', 'users', 'uid']]
# Example 2: No Foreign Key Relationship
Input:
- logs (the first five rows):
| log_id | timestamp | message |
|---|---|---|
| 1 | 12:00:01 | Error 404 |
| 2 | 12:00:05 | OK 200 |
| 3 | 12:01:10 | OK 200 |
| 4 | 12:02:45 | Error 500 |
| 5 | 12:05:00 | OK 200 |

- employees (the first five rows):
| emp_id | name | department |
|---|---|---|
| 99 | Frank | HR |
| 100 | Grace | IT |
| 101 | Heidi | Sales |
| 102 | Ivan | Marketing |
| 103 | Judy | IT |
Output: [[]]
# Example 3: Multiple Foreign Key Relationships
Input:
- flights (the first five rows):
| flight_no | dept_code | arr_code | time |
|---|---|---|---|
| AA123 | JFK | LHR | 10:00 |
| BA001 | LHR | JFK | 14:00 |
| DL456 | LAX | HND | 08:30 |
| JL002 | HND | SFO | 16:45 |
| UA789 | SFO | LAX | 12:15 |
- airports (the first five rows):
| iata_code | city | country |
|---|---|---|
| JFK | New York | USA |
| LHR | London | UK |
| LAX | Los Angeles | USA |
| HND | Tokyo | Japan |
| SFO | San Francisco | USA |
Output:[['flights', 'dept_code', 'airports', 'iata_code'], 
['flights', 'arr_code', 'airports', 'iata_code']]

End of Examples.

Figure 12: Prompt of the Few-Shot baseline.
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[End-to-End Prompt]
……………………
[Examples]
# Example 1: Single Foreign Key Relationship
Input:
- orders (the first five rows):
| order_id | date | user_id | amount | 
|---|---|---|---|
| 101 | 2023-01-01 | 5 | 100.0 |
| 102 | 2023-01-02 | 8 | 50.5 |
| 103 | 2023-01-03 | 5 | 120.0 |
| 104 | 2023-01-04 | 6 | 200.0 |
| 105 | 2023-01-05 | 7 | 80.0 | 
- users (the first five rows):
| uid | user_name | email |
|---|---|---|
| 5 | Alice | alice@example.com |
| 6 | Bob | bob@test.com |
| 7 | Charlie | charlie@corp.com |
| 8 | David | david@mail.com |
| 9 | Eve | eve@web.com |
Output: [['orders', 'user_id', 'users', 'uid']]
Explanation: Semantically, the 'orders' table records transactions 
made by specific entities. The column 'user_id' explicitly names the 
entity it refers to ('user'). Comparing this to the 'users' table, 'uid' 
serves as the primary identifier for user entities. Since 'user_id' in 
orders matches the semantic meaning of 'uid' in users, it is a foreign 
key describing 'which user placed this order'.
# Example 2: No Foreign Key Relationship
Input:
- logs (the first five rows):
| log_id | timestamp | message |
|---|---|---|
| 1 | 12:00:01 | Error 404 |
| 2 | 12:00:05 | OK 200 |
| 3 | 12:01:10 | OK 200 |
| 4 | 12:02:45 | Error 500 |
| 5 | 12:05:00 | OK 200 |
- employees (the first five rows):
| emp_id | name | department |
|---|---|---|
| 99 | Frank | HR |
| 100 | Grace | IT |
| 101 | Heidi | Sales |
| 102 | Ivan | Marketing |
| 103 | Judy | IT |
Output: [[]]
Explanation:  Semantically, 'server_logs' tracks system events, while 
'employees' tracks human resources. There is no logical semantic 
relationship between a system log and an employee record in this 
schema. Although 'log_id' and 'emp_id' are both unique numeric 
identifiers, their column names indicate they represent completely 
different real-world entities (a log entry vs. a person). Therefore, no 
foreign key exists.

# Example 3: Multiple Foreign Key Relationships
Input:
- flights (the first five rows):
| flight_no | dept_code | arr_code | time |
|---|---|---|---|
| AA123 | JFK | LHR | 10:00 |
| BA001 | LHR | JFK | 14:00 |
| DL456 | LAX | HND | 08:30 |
| JL002 | HND | SFO | 16:45 |
| UA789 | SFO | LAX | 12:15 |
- airports (the first five rows):
| iata_code | city | country |
|---|---|---|
| JFK | New York | USA |
| LHR | London | UK |
| LAX | Los Angeles | USA |
| HND | Tokyo | Japan |
| SFO | San Francisco | USA |
Output:[['flights', 'dept_code', 'airports', 'iata_code'], ['flights', 
'arr_code', 'airports', 'iata_code']]
Explanation: Semantically, a flight involves two locations: a 
departure point and an arrival point. The columns 
'dept_code' (Departure) and 'arr_code' (Arrival) in the 'flights' 
table both describe airport entities. The 'airports' table contains 
the master list of these entities, identified by 'iata_code'. Since 
both columns in 'flights' utilize the standard IATA location codes 
found in the 'airports' table, they both reference 
'airports.iata_code'.

End of Examples.
[Chain-of-Thought]
Now, analyze the specific information provided. Please think step 
by step, provide your explanation first, followed by the Python 
list code block.

Figure 13: Prompt of the CoT baseline.
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