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Questions to Answer

1. How to index data with ML models.
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3. What are the limitations? 

4. How to break the limitations?  
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Goal – Replace B+ Tree With Learning Model 
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What is the intuition?
Index can be considered as addr = f(key), which we should learn.



Goal – Replace B+ Tree With Learning Model 
Issue: The distribution looks to be complicated, we need to use 
complex model to simulate the distribution. 
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Goal – Replace B+ Tree With Learning Model 
Question: Can we simplify the distribution?
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Answer: We do the simplification by adding restrictions on the data.



Simplify The Distribution
Add restriction: ki’s addr must be larger than ki-1’s addr. 
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This makes the distribution 
monotone increasing.



Simplify The Distribution
Add restriction: ki’s addr must be larger than ki-1’s addr. 
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More restriction: the entire memory should be contiguous 

This makes the distribution 
more simpler.

Data should 
be contiguous.



Using Linear Model To Simulate The Distribution 
We can use a linear model to learn the distribution.
pospredict = w * key + b,   Loss = !

"
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This makes the distribution 
more simpler.



Correct The Predict Result
Problem: the predicted position is different with the real position.  
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This makes the distribution 
more simpler.

Solution: perform the binary search on misprediction.



Correct The Predict Result
Problem: the predicted position is different with the real position.  
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This makes the distribution 
more simpler.

Solution: perform the binary search in a fixed range.

pos – error pos + error



Correct The Predict Result
Problem: How to know the error for keys not in the training set?    

< w, b >

<key, posreal >

Solution: All keys must be known beforehand (Restriction II).

pospredict

Phase I: Train the model.
• Use L to correct the model
• Or directly calculate the w, b Loss 
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Phase II: Calculate the error bound for each key
• Should include all keys in the workload
• Error = | pospredict – posreal |
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Correct The Predict Result
Problem: How to know the error for keys not in the training set?    
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• Use L to correct the model
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Issue: It takes cost to maintain an error for every key.
Solution: we only need to keep the max error among all records (keys).



Correct The Predict Result
Problem: How to know the error for keys not in the training set?    
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<key, posreal >

Solution: All keys must be known beforehand (Restriction II).

pospredict

Phase I: Train the model.
• Use L to correct the model
• Or directly calculate the w, b Loss 

Phase II: Calculate the error bound for each key
• Should include all keys in the workload
• Error = | pospredict – posreal |

Issue: It takes cost to maintain an error for every key.
Solution: we only need to keep the max error among all records (keys).



Correct The Predict Result

BTree
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Adding restrictions to 
simplify the distribution. < w, b >
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Example

<k1, v1> <k2, v2> <k4, v4> <k7, v7> <k10, v10> <k11, v11> <k15, v15>

<w, b>, err

Key: k7

Pos: 2

Range Query in < pos – e, pos + e >



Correct The Predict Result
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pos – max_err pos + max_err

Problem: The error bound is still large.
Solution: Leverage multi-stage design.



Multi-stage Design

BTree

Key

Problem: The error bound is still large.
Solution: Leverage multi-stage design.

Every model i has its own parameter: <wi, bi>, erri



Multi-stage Design
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Inference Process:

Step 1. Predict the position with model1.1 (pos1 = key * w1.1 + b1.1).

Step 2. Use pos1 to pickup a model in stage 2 (m = pos1 / N * M2 , N is the total number of records, 

Mi is the total number of models at stage 2) 

Step 3. Predict the position with the mode x in stage 2 (pos2 = key * w2.x + b2.x).

Step 4. Correct the position with the err2.x

Each model can be trained individually.



Performance of Learned Index

Learned Index has better performance and fewer memory cost.
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Why Benefit The Performance?

Learned index has better performance for large dataset. 



Why Benefit The Performance?

Learned index has better performance for large dataset. 

Small dataset:
For single query, learned index 
executes more instructions with 
higher CPI comparing with B-Tree.

Example: 0.1K dataset, 
#instruction / Query: 142 v.s. 94 
CPI:                           0.4 v.s. 0.29



Why Benefit The Performance?

Learned index has better performance for large dataset. 

Large dataset:
For single query, Learned index 
executes less instructions with 
better cache locality.

Reason:
1. BTree’s #instructions increased is faster than Learned Index.

Btree - 33 (14) inst. by adding a layer with fanout of 16 (2).
Learned Index – 4 inst. when the error is increased by 1.  

Example: 1K à 1M
#Layers in Btree:  3 à 6
Error bound in Learned Index: 0.6 à 4.76



Why Benefit The Performance?

Learned index has better performance for large dataset. 

Large dataset:
For single query, Learned index 
executes less instructions with 
better cache locality.

Reason:
2. Learned index has better cache locality because of its small size.

Example: 200MB
Btree:  37 cache lines per query
Learned Index: 10 cache lines per query



Why Benefit The Performance?

Learned index has better performance for large dataset. 

Large dataset:
For single query, Learned index 
executes less instructions with 
better cache locality.

Small dataset:
For single query, learned index 
executes more instructions with 
higher CPI comparing with B-Tree.



Goodbye & Good Luck


