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Challenges:

Problems & Ideas

— Constraints in Training Data Quantity and Quality.
Poor Generalization and Unavailability of Predication Result.

* Poor Generalization of Cross Sub-plan Predictions.
* Unavailability of Plan-level CAE for COE.

— Naive Feature Encoding.

ldeas:
LLM for training queries generation.

A novel tree-structure-aware neural network for sub-plan representation.

Cardinality as input for cost estimation and operator-level training target.

Semantic-based operator feature encoding.
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Boxplot analysis of Q-Error for COE in QueryFormer and
our method on the IMDB dataset under three evaluation
settings: Identical Distribution (ID), Cross Template (CT),
and Cross Sub-plan (CS). In ID, evaluation plans share
the same distribution as the training set. In CT, evaluation
plans are generated from templates not seen during
training. In CS, the model is evaluated on each sub-plans
derived from the ID test set.



Main Contributions

Overall workflow
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The proposed cardinality and cost estimation techniques significantly improve both accuracy and generalization performance.
Moreover, the pre-trained model achieves strong accuracy in zero-shot deployment and few-shot fine-tuning scenarios.



