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Background: Learned Index Structures
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• Traditional Indexes: 

• Theoretical guarantee on performance

• Well studied and successfully integrated in real systems

• Pure Learned Indexes: 

• Learn search-key distribution with some error correction mechanism

• Better performance with less space requirement

• Hybrid Learned Indexes:

• Optimizing traditional indexes with helping (e.g., ML) models
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Background: Evolution of Learned Indexes

Abdullah Al -Mamun, Hao Wu, Qiyang  He, Jianguo Wang, and Walid G. Aref. “A Survey of Learned Indexes for the Multi -dimensional Space.” ACM Computing Surveys (CSUR), 2025 . 



• R-tree is a widely -used spatial index 
structure.

• For range query processing in R -
tree:
• Even if the bounding box of a leaf 

node overlaps the query region, the 
data object itself may not 

• Scan all the data objects contained 
inside the leaf node

• Test whether the data object is contained 
in the given range 

• (or “overlap” the query region for non -
zero objects)

Background: The R-tree
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• Given the benefits of learned index structures and the issue of node overlap in 
the R -tree, the following important questions arise: 

• Which workloads degrade the performance of range query processing in a traditional R -tree?

• If identified, can we leverage ML techniques for the R -tree to make R -tree query processing 
faster?

• How to choose an appropriate ML model?

• What are the tradeoffs in processing queries over the ML -enhanced R -tree?

Motivation
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• Given a range query Q( Xmin, Ymin, Xmax , Ymax) as input, can we directly predict the true 
leafNodeIds  in the R -Tree that contain the output data objects?

Problem Formulation
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• Three different types of classification tasks:

• Proposal:

• The AI -tree which transforms the search operation of an R -tree into a multi -label 
classification task. 

R-tree Search Operation: A Multi-label Classification Task

Abdullah Al -Mamun, Haider, Ch Md Rakin, Jianguo Wang, and Walid G. Aref. "The “AI+ R” -tree: An Instance -optimized R -tree." In 2022 23rd IEEE International Conference on Mobile Data 
Management (MDM), pp. 9 -18. IEEE, 2022.
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• How can we transform and formulate the R -tree search operation into a multi -label 
classification task? 

• As there is no readily available training data, what will be the process of training data 
preparation for a particular query workload?

• How to process queries efficiently over the ML -enhanced R -tree?

• What is the impact of the choice of ML models on dynamic query workloads?

Challenges
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• An overlap ratio α quantifies the degree of extraneous leaf node accesses 
required by a range query.

• For a range query:

• α =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑙𝑒𝑎𝑓 𝑛𝑜𝑑𝑒𝑠 𝑡ℎ𝑎𝑡 𝑎𝑐𝑡𝑢𝑎𝑙𝑙𝑦 𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑠 𝑡ℎ𝑒 𝑜𝑢𝑡𝑝𝑢𝑡 𝑑𝑎𝑡𝑎 𝑜𝑏𝑗𝑒𝑐𝑡𝑠

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑙𝑒𝑎𝑓 𝑛𝑜𝑑𝑒𝑠 𝑠𝑒𝑎𝑟𝑐ℎ𝑒𝑑 𝑏𝑦 𝑡ℎ𝑒 𝑅−𝑇𝑟𝑒𝑒 

• α is in the range [0,1]

• High -overlap Queries: 

• A range query is declared as a “high -overlap query” if the value of α is less than a pre -defined 
threshold 𝜏.

Definition: Overlap Ratio
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• Query Processing:

• Leveraging a binary classifier to automatically differentiate between high - and low -overlap queries

• Process the high -overlap queries using the AI -tree

• Process the low -overlap queries using the R -tree

• Adopting a hybrid approach, namely the AI+R -tree, to process both types of range queries efficiently

• In the worst -case scenario, if the AI -tree returns an empty set, the R -tree is invoked.

The AI+R-tree
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• Operates on static query workloads

• Does not analyze the impact of ML models on query processing performance

• Does not investigate the potential of designing custom ML models for the AI+R -tree

• New contributions:

• Extend the AI+R -tree to process dynamic query workloads 

• Present the empirical tradeoffs in query processing by varying the choice of ML models

• Query Recall

• Query Processing Time

• ML Model Size

• Include a case study of designing a custom loss function tailored to the query processing 
requirements of the AI+R -tree

Limitations of the AI+R-tree
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• Workflow of ML model training and testing:

• Prepare training data for a particular data and query 
workloads

• Train a multi -label classifier (e.g., multi -label 
decision tree classifier)

• Invoke the trained multi -label classifier to directly 
predict the true leaf node IDs that contain the query 
result

Learning the R-tree Index
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• Decision Tree (DT)

• Random Forest (RF)

• eXtreme  Gradient Boosting ( XGBoost )

• Neural Network (NN)

• Variant-1: NN model with a standard loss function

• Variant-2: NN Model with a custom loss function

Choice of ML Models for the Multi-label  Classifier
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• An input range query: 𝑄 

• Ground truth labels (i.e., leaf node ids): 

• 𝐿1, 𝐿2, 𝐿3

• The number of qualifying data objects within 𝐿1, 
𝐿2, 𝐿3 (e.g., inside 𝑄) are 1, 4, 1, respectively.

• If an ML model predicts:

• Only L1 or L3 correctly, the recall is 1/6 = 0.16

• Only L2 correctly, the recall is 4/6 = 0.66

• This information is not captured if we calculate 
the NN model training loss in terms of leaf node 
predictions only.

Designing a Custom Loss Function for the NN-based Models
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• For the custom loss function, we need to use information beyond the model 
prediction.

Designing a Custom Loss Function for the NN-based Models (Cont’d)
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• Three datasets from the UCR Spatio -Temporal Active Repository (UCR -STAR):

• Tweet locations

• Gowalla 

• Chicago crimes

• Query workloads:

• Selectivity: [0.00005, 0.0001, 0.0002]

• Overlap Raito ( 𝛼): [0.1, 0.25, 0.5, 0.75, 1.0]

• Splitting each query set into 60%/20%/20% (train/validation/test)

Evaluation: Datasets and Query Workloads
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Evaluation: DT-based Classifiers for the Tweet Locations Dataset
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Evaluation: NN-based Classifiers for the Tweet Locations Dataset
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• Average ML model size of the AI+R -tree for the tweet locations dataset across 
all 𝛼 values (in MBs)

Evaluation: Space Consumption of the ML Models
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• The AI+R -tree combines both the traditional R -tree structure and the learned 
R-tree (i.e., the AI -tree) structure to maximize query processing performance.

• Overall, this study takes an important step towards realizing the AI+R -tree in 
various practical settings, and opens several directions for future research:

• Investigating the benefit of the AI+X -tree structure, where 𝑋 is a traditional spatial or a multi -
dimensional index structure with the issue of node overlapping. 

• Designing a mutable AI+R -tree, and developing efficient query processing techniques over 
the mutable structure 

• Optimizing the proposed custom NN -based classifier for improving the query processing 
latency

Conclusion and Future Research Directions
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