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So, you want to build a 
learning system?



Really?



Learned Query 
Optimizer in 

Microsoft’s
Cosmos 

2017-present: journey so far ..

• Learned Cardinality [VLDB’19]

• Learned Cost Model [SIGMOD’20]

• Learned Query Planner [SIGMOD’21]

• Learned Parallelism [VLDB’20]

• Learned Checkpointing [VLDB’21]

• Learned MQO 



Learned Cardinality in Cosmos

465711% 1%95th Percentile Error: 95th Percentile Error:



Learned Cardinality in Cosmos
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Learned Cardinality in Cosmos
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Learned Cardinality in Cosmos

-100.00%

-80.00%

-60.00%

-40.00%

-20.00%

0.00%

20.00%

40.00%

Container Count Difference

Worse

Better

8.29%Average Improvement:



Deployment!
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2017: 
Spring: problem
Summer: intern
Fall: code cleanup

2018:
System integration
E2E testing
Paper writing

2019:
Paper@VLDB’19
Plan comparison
Perf regressions

2020:
Release flighting
Deployment

2021:
industry@ICDE’21



7 Practical 
Aspects



1. Telemetry Collection

• Operator-level telemetry

• Customer privacy

• Global telemetry

• Value of production workloads



Synapse Spark Operator Distribution
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Production TPC-DS

* SparkCruise: Workload Optimization in Managed Spark Clusters at Microsoft. Abhishek Roy et. al. VLDB 2021.



Synapse SQL Cardinality Correlation

Production TPC-DS
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2. Training Data

• Tabular data

• Plan Encoding

• Connecting logical/physical

• Handling missing values

Missing Operator Statistics in Cosmos



3. Model Training

• Traditional vs deep learning

• Scalable training

• Accuracy vs Coverage

• Handling heterogeneity 



Global single-attribute correlations

…. Oops!

Table 1
EstCardinality EstChildCardinality EstCost EstSubgraphCost EstMaxParallelism InputCardinality JobPartitions JobNodes JobInputSize EstJobOutputSize EstJobCost EstJobDataShuffle JobUDOs QueueLength

Cardinality 0.00226 0.00204 0.00065 0.00012 0.10939 -0.00012 0.15792 0.00507 0.10278 0.04404 0.00329 0.00329 0.00138 0.04302
Cost 0.00005 0.00006 0.00002 -0.00003 0.05256 -0.00004 0.05048 -0.00802 0.01821 0.00211 -0.00002 -0.00002 -0.00394 -0.00392
PeakMemory 0.00037 -0.00054 -0.00091 -0.00059 0.73369 -0.00087 0.07063 0.43736 -0.02556 -0.01793 -0.00476 -0.00476 0.11905 0.82479
MaxParallelism 0.00051 0.00052 0.00042 0.00102 0.28291 0.00465 0.07955 0.02994 0.08451 0.01376 0.00280 0.00280 0.01508 0.00074
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Cardinality Cost Container Size Cluster Size

• Workload diversity, complexity, evolution!



Fine-grained learning
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4. Feedback Loop

• External vs in-process scoring

• Gauging the impact of feedback

• Lightweight inference

• Replacing code with model predictions



Replacing code with model predictions

Use learned cardinality 
wherever available

Custom predict 
function



5. Experimentation

• Does feedback lead to better Performance?

• Is the plan change good?

• Discarding noise

• Replaying production workloads



6. Deployment

• Opt-in:
• Per-query

• Per-account

• Opt-out
• Per-cluster

• Per-region



7. Performance Regression

• Causes: inaccurate models, component interactions

• Understanding and explaning

• Mitigation: disable model/query

• Avoiding regressions
• More diversified training data

• Online learning (customer expectations)

• Fixing other components

• Predicting the impact of plan changes



PerfGuard

PerfGuard: Deploying ML-for-Systems without Performance Regressions, Almost! . Remmelt Ammerlaan et. al. VLDB 2022 (to appear).



Open Questions

• How to cope the old school with the new one?

• Is the rich getting richer?

• What are we really learning?

• How do we address learning bias?

• What is cost of learning?

• ML vs Heuristics?

Thanks!


