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1. ABSTRACT 4. CONCEPTUAL FRAMEWORK 7. EXPERIMENTS AND RESULTS
Combining multiple knowledge graphs (KGs) across linguistic boundaries is a . 7.1 Experimental Setup
, , . , - Graph Exhaustive inearization + ' '
persistent challenge due to semantic heterogeneity and the complexity of graph e U oming Partitioning  Batch Pairing HgerTERn ¥ LSS Rpmmon] RORERgCON |  (Araph Lmsson Dataset: DBP15K (zhep) — 15,000 ground-truth pairs
i _Ii ' i |5' T ; x 5 _ . -
EﬂU!FDI]IT‘IEI]tE. We prc::_npn:jse a fram.elwnrl-a: for ::rﬂssl Imgual graph fusion, leveraging 1 Hgarl??ﬁlﬁr T [ Lineariver ]:;., E;;rﬂc?!gﬁﬁne Max-Confidence | | Graph Fusion Zero-Shot: Mo training data used
the in-context reasoning and multilingual semantic priors of Large Language mw G Partiticner c?nnvﬂlhiplﬁs Limgmﬂj,ﬁm ~, | Aggregation Union Merge + Model: Gemini 2.5 Flash (T = 0.0)
Model [I_I_M :l (e - Deduplicate b Entity Unification i
QOEIs 3/ G» v JL O S (?:P :sfumﬁhﬁf - Runtime: 5—6 hours end-to-end
- - * . . : , , i I dz o D pep
The framework implements structural linearization by mapping triplets directly into = = B Tﬂ’-‘rﬂ{ﬂf ] | confidence Infra: Google Cloud (Vertex Al
, . . o, ‘Enghsh) R . 5515 tern J
natural language sequences (e.q., [head] [relation] [tail]), enabling the LLM to map ey [5,]5,-18.| & | Wﬂﬂmﬂ’ﬁmw @ 7.2 Primary Alignment Metrics
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Figure 1: End-to-end pipeline of the modular framework for N-graph fusion. Input KGs are partitioned by
entity, paired exhaustively, linearized for the LLM (Gemini 2.5 Flash, zero-shot), parsed and deduplicated by 7.3 Hits@k 7.4 T Sweep
max-confidence, then merged into the evolving fused graph G.. The fused graph becomes input to the next Table 2: Hits@k Table 3: Confidence threshold sensitivity
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step (Gt + Gt — Gp). k ' . Prec. Rec.
@ Knowledge is fragmented across linguistic and cultural boundaries. Cross-lingual 1 3,516 88 . 3% 0.00 65 . 4% 23 A% 34 . T%
entity alignment \EA) and graph fusion are essential to build a universal knowledge
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OO0 Traditional embedding- and GNN-based methods rely on seed alignments, are 5. METHODOLOGY DETAILS 19 34943 59 0% 090 88.0% 23. 9% 7. 1%
O+ sensitive to low-resource settings, and lack interpretability. 0.95 92.4% 21. 4% 34.8%
_ké.-_ L LMs encode multilingual semantic priors and enable zero-shot transfer via in- 1. Entity-Centric Partitioning: Preserve topological context by batching triplets sharing the same head entity (K; and
“*" context reasoning. Kp batches). * Key Takeaways
m We introduce a modular sequential agglomeration framework that linearizes 2. Exhaustive Batch Pairing: Compare every batch pair (B;, Bj) — Cartesian product yields K3 x Ky pairs (e.g., 24 « AtT = 0.90, framework achieves 88.0% precision with negligible recall loss.
triplets, leverages LLM reasoning, and fuses N-graphs incrementally. 32 = 768). « When the model predicts, it is correct at 88.3% (Hits@1).
A Results show high precision (88.0% @ 1=0.90) without costly seed alignments, 3. Linearization: {h, r, t) — "[head] [relation] [tail]" with surrounding context for the LLM. + TP mean confidence 0.980; FP mean confidence 0.738.
el - : « Hecall remains the main challenge due to context-window limits.
though recall is limited by context-window constraints. 4. LLM Reasoning: Zero-shot in-context reasoning via Jinja2 prompt template; output constrained to JSON with d

confidence scores,

5. Response Parsing: Truncation recovery, JSON extraction, label—ID resolution; JSOML checkpointing & API key
rotation for resilience.

3. PRELIMINARIES & PROBLEM FORMULATION 8. CONCLUSION

6. Max-Confidence Aggregation: Deduplicate by (source, target), keep highest-confidence prediction —

AlignmentMap. - _
Knowledge Graph (KG) _ | o | We presented a modular, zero-shot framework for multilingual N-graph fusion. On
7. Graph Fusion: Union merge + entity unification produces fused graph G.; G- becomes input to the next step.

=(E, R, T) where T < E xR x E are triplets (h, r, t). DBP15K zhgp, It achieves 88.0% precision at T = 0.90 with negligible recall loss —
indicating LLMs can act as a universal semantic bridge for synthesizing global

Cross-lingual Entity Alignment _
knowledge bases without costly seed alignments.

Find Aj; = {(e;, ej) € E; x Ej [ ej = ej} across Ly, L;.

N-Graph Fusion 6. RELATED WORK

Sequentially fuse [Gy, ..., Gy} into G-V via agglomeration. Traditional EA Methods
Embedding/translation models (Transk, MTransE, JAPE) and GNN-based aligners (GCN-Align, RDGCN) rely on
seed alignments and suffer in low-resource settings.
LLM-based EA (Recent)
Accept if ofu;, up 2T (e.g., = 0.90). + ZeroEA (Huo et al., 2024): Zero-training EA with PLMs.
« Seg-Align (Yang et al., 2024a): Sample segmentation + zero-shot prompts.
« ProLEA (Munne et al., 2025): Entity profile generation with LLMs.

9. FUTURE WORK

Objective at iteration t
Maxg; u) e GGy P(Uj = uj[ L(Gy), L(Gy))

L

Replace exhaustive pairing with heuristic blocking + semantic indexing.

L

Hierarchical prompting for global structural context.

L

Hybrid: LLM alignments as silver seeds for GNN aligners.

L

Evaluate across more datasets, languages, and evolving LLMs.

Multi-Graph Alignment / Our Work

MultiEA (Yang et al., 2024b) aligns multiple KGs in one pass but faces transitive error propagation. We instead

tackle sequential N-graph fusion via a modular pipeline that combines LLM reasoning, entity-centric
partitioning, exhaustive pairing, and max-confidence aggregation — without any training data.
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