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RAG reduces LLM hallucinations by grounding answers
in external knowledge, and Graph RAG enables multi-hop
reasoning via knowledge graphs. GNN-based retrievers
(GNN-RAG) offer accurate, low-cost retrieval, but perfor-
mance drops on complex long-hop questions and scaling
rules are unclear. We analyze how scaling the GNN re-
triever affects retrieval in Graph RAG. Scaling only the
linear-layer width often saturates or degrades under limited
supervision, while increasing the effective training signal
stabilizes scaling. These results indicate that robust scal-
ing requires jointly increasing model capacity and training
data for multi-hop KGQA.
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3: fort=1toT do

4 for/=1to L do

5 for k = 1to K do

6 WD = g({m, v e woin)).
7 end for «

: h9>=¢(hy41{zqukﬂ).

9: end for
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12: end for
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K1 BERF—Y SR

dimd Parameters Ratio vs base Learning Rate
50 887,970 1% 50x 1074
150 4,223,270 4.75% 3.4x1074
200 6,560,770 7.39% 3.0x 1074
250 9,363,270 10.55% 2.8x 107
300 12,630,770 14.22x 2.6x1074
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