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Partitioning
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• Data is stored as multiple small 
files in folder

• Partition divides those data file 
into useful slices

Partition



Writing Partitions

-- %python

( df.write
   .format("delta")
   .mode("overwrite")
   .partitionBy(“[columnName]")
   .save(“[deltaFilePath]")
)

-- %sql

CREATE TABLE IF NOT EXISTS [table]
  PARTITIONED BY (“[columnName]")
  ...

Use the PARTITIONED BY or .partitionBy() command



Demo: Partitioning
Partition a Tsable



Optimization



Small/Incremental Updates Problem
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• Parquet files have an optimal size

• Updates small and inefficient files

• `OPTIMIZE` command compacts small files into 
larger

• `OPTIMIZE` command performed on entire table 

• Files are NOT deleted

• Add to the JSON transaction log



OPTIMIZE using Bin-packing
--Optimize an entire table
OPTIMIZE <database>.<table>

--Optimize a specific partition (this MUST be a partition column)
OPTIMIZE <database>.<table> WHERE purchaseMonth = 202007



OPTIMIZE using Bin-packing
• Python/ Scala operations 
• Work on a “DeltaTable” object rather than a dataframe
• Using .optimize() command
• Using .where() command

# This requires a “deltaTable” object
from delta.tables import *

deltaTable = DeltaTable.forPath(spark, <Path to Delta Table>)
# OR
deltaTable = DeltaTable.forName(spark, <HIVE Table Name>)`

deltaTable.optimize().executeCompaction()

deltaTable.optimize().where("date='<date>'").executeCompaction() 



Data Skipping
• Collect Statistics in Transaction Log

• Collects “min/max” Value For First 32 Columns

• Selectively Ignore Files

• Do not need to read all the file and can skip it

ID

{ min:“1”,
  max:“10000” }

ID

{ min:“10001”,
  max:“20000” }

ID

{ min:“20001”,
  max:“30000” }

ID

{ min:“30001”,
  max:“40000” }

SELECT * FROM [table] WHERE ID < “20000”



Data Skipping
• Specify Delta Statistics Columns

• More Effective on Keys, Number, High Cardinality

• More Less Effective on Long Strings and Timestamps

delta.dataSkippingNumIndexedCols



Z-Ordering



Z-Ordering

“Sort the data on specific columns before writing to files, to optimize 
data skipping”

--Optimize an entire table
OPTIMIZE [database].[table] ZORDER BY [ColumnName]

Z-Order can be expense, as with any sort-based 
Operation. It is sometimes better to perform this 

as an out-of-hours maintenance operation 



Z-Ordering Explained
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SELECT count(*) FROM Employees 
WHERE Name = ‘Brad’

• The small files are not ordered

• SQL statement to query data

• Data skipping will look at all files until it finds 
what it’s looking for



Z-Ordering Explained
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OPTIMZE Z-Order as similar to a 
clustered index - organising 

your data on disk to maximise 
queries for specific columns

SELECT count(*) FROM Employees 
WHERE Name = ‘Brad’

ZORDER BY Name



Auto-Optimize



Auto Optimize
• Optimize at specifically at certain times when required
• Optimize automatically every time you perform a write using Auto-Optimize

--Enable AutoOptimize
set spark.databricks.delta.properties.defaults.autoOptimize.optimizeWrite = true;
set spark.databricks.delta.properties.defaults.autoOptimize.autoCompact = true;

Options:
• Optimized Writes:

• Dynamically optimizes partition sizes
• Attempts to write out 128 MB files for each table partition 

• Auto Compaction: 
• Run a lightweight optimize job after the write has finished
• Further file compaction opportunities



Auto Optimise vs Optimize

--Enable AutoOptimize
set spark.databricks.delta.properties.defaults.autoOptimize.optimizeWrite = true;
set spark.databricks.delta.properties.defaults.autoOptimize.autoCompact = true;

OPTIMIZE is specified manually

•  Compacts small files or co-locate common data using Z-ORDER

•  SQL command

--Optimize an entire table
OPTIMIZE <database>.<table> ZORDER BY <columnName>

Auto-Optimize is automatically

•  Performs during every write action, compacting into small files

•  Spark Configuration settings change



Vacuum



Obsolete Files
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To remove obsolete history files, Delta has the 
VACUUM command

This command physically deletes data files older 
than a specified date

You CANNOT time travel past dates where history 
has been vacuumed



Using the Vacuum Command

# Vacuum Table using defaults
deltaTable.vacuum()

# Vacuum Table for files older than 7 days (168 hours)
deltaTable.vacuum(168)

--Vacuum Table using defaults
VACUUM [database].[table]

--Vacuum using path not Hive table
VACUUM ‘/mnt/lake/BASE/myTable/’

--VACUUM for a non-default time period
VACUUM [database].[table] RETAIN 168 HOURS

--TEST THE VACUUM BEFORE YOU RUN IT
VACUUM [database].[table] RETAIN 168 HOURS DRY RUN

Vacuuming in SQL:

Using the Python deltaTable object:



Demo: Optimization
Optimize a Delta Table



LAB01: Optimization
Optimize & Vacuum



Liquid Clustering



Liquid Clustering 

Source: https://asp-eurasipjournals.springeropen.com/articles/10.1186/1687-6180-2012-181/figures/1

• New Optimizing Approach

• Flexible

• Simplifies Data Layout

• Enhances Query Performance

• Streamlines Optimization Process

• Hilbert Curves Algorithm

https://asp-eurasipjournals.springeropen.com/articles/10.1186/1687-6180-2012-181/figures/1


Liquid Clustering
• Dynamic Data Layout

• Adaptable Clustering Management

• Simplified Command Execution

• Eliminates Partitioning and Z-Ordering

• Efficient Table Creation Process



Liquid Clustering - Scenarios
• High Cardinality Columns

• Skew Data Distribution

• Rapidly Growing Data with High Maintenance

• Concurrent Write Operations

• Inadequate or Excessive Partitions



Liquid Clustering – Explained 
• Incremental Clustering

• Optimize Flow

• Metadata Integration

Unoptimized Optimized
VS

_delta_log

OPTIMIZE 
command

Optimized 
Files

Unoptimized 
Files

Optimize 
Job

delta_log



Liquid Clustering – Commands

-- Modified Table
ALTER TABLE [database].[table] CLUSTER BY [columnName]

-- Rename Column - Column mapping needs to be enabled
ALTER TABLE [database].[table] RENAME COLUMN [oldName] TO [newName]

-- Deleted Cluster Column
ALTER TABLE [database].[table] CLUSTER BY NONE

-- Create table
CREATE TABLE [database].[table] CLUSTER BY [columnName]

--Optimize Table
OPTIMIZE [database].[table]

--View Metadata
DESCRIBE TABLE [table] or DESCRIBE DETAIL [table]

• Clustering Columns in Table Definitions

• Managing Clustering Columns

• Triggering Clustering Columns

• Viewing Metadata



Liquid Clustering – Consideration
• Default Choice

• Compatibility

• Uses Specific Delta Versions

• Not Compatible With Previous Strategies

• Eliminates OPTIMIZE ZORDER BY 

> Databricks Runtime 13.3 LTS

writer reader



Liquid Clustering – Limitations

• Columns With Statistics 

• 4 Columns

• Structured Streaming



Demo: Liquid Clustering 
Liquid Clustering



LAB02: Liquid Clustering
Liquid Clustering & Vacuum



Performance Tuning



Execution Plan



Execution Plan
• Optimising based on the Execution Plans

• Identifies the most effective method to execute the Spark operation

• Use Catalyst Optimizer



Logical Plan
Logical Plan is broken down into three sections:

• Unresolved Logical Plan (Parsed Logical Plan)
• Identifies the `Unresolved` objects

• Resolved Logical Plan (Analyzed Logical Plan)
• Validates the `Unresolved` objects 

• Optimized Logical Plan
• Applies predicates or rules to further optimize the plan



Physical Plan

• Is how the Logical Plan will be executed on the cluster

• Generates different execution strategies 

• Compares them through a Cost Model

• Selects the best optimal plan/strategy as the “Best Physical Plan”



Generate Execution Plan
• Execution Plan can be generated using SQL or Python syntax

• Applying additional parameters show different output format of plan

• Can view in Spark UI

%python
df.explain("extended")

EXPLAIN EXTENDED
SELECT statement

EXPLAIN [ EXTENDED | CODEGEN | COST | FORMATTED ] 
statement



Adaptive Query Execution



Adaptive Query Execution (AQE)

spark.conf.set("spark.sql.adaptive.enabled", "true")

• Optimizes further by changing the 
Query Plan:
• Uses Runtime Statistics
• Increases Query Performance

• Visible in Spark UI

• Enable using Spark Configuration 
settings



Demo: Execution Plan
Execution Plan



Query Hints



Query Hints

SELECT /*+ [BROADCAST | MERGE | SHUFFLE_HASH | SHUFFLE_HASH](t1) */
 <columnName>
FROM <t1> 
INNER JOIN <t2> ON t1.key = t2.key;

SELECT /*+ [COALESCE | REPARTITION | REPARTITION_BY_RANGE | 
REBALANCE](n) */
 <columnName>
FROM <t1>

• Specify the approach

Partitioning Hints
• COALESCE, REPARTITION, REPARTITION_BY_RANGE, REBALANCE

Join Hints
• BROADCAST, MERGE, SHUFFLE_HASH, SHUFFLE_REPLICATE_NL



LAB03: Execution Plan
Execution Plan



Cluster Monitoring



• Native Monitoring 

• Databricks Runtime < 12.0

• Gathers Live Cluster Metrics (CPU, Memory, etc.)

• Generates Snapshot of Usage

• Historical Metrics Stored

https://www.youtube.com/watch?v=y3VCWVbzAKA 

Ganglia

https://www.youtube.com/watch?v=y3VCWVbzAKA


Ganglia Snapshot

Server Load 
Distribution

Cluster Memory

Cluster CPU

Cluster Nodes

Networking
Cluster Load



Metrics

https://www.youtube.com/watch?v=9fa8dnKbfsU

• Native Monitoring 
• Databricks Runtime 13.0+
• Metrics replaces Ganglia
• Gathers Key Hardware & Spark Metrics
• Stored in Azure Databricks-Managed Storage

• Metrics
• Hardware
• Spark
• GPU

https://www.youtube.com/watch?v=9fa8dnKbfsU


Hardware Metrics – CPU & Memory 



Hardware Metrics - Memory



Hardware Metrics - Networking



Spark UI



Spark UI
• Monitor Spark Application

• Insight Into Executions and Workload

• Debugging

• Displays queries, jobs, DAG, and query plans



Spark UI - Tabs

Displays all jobs 
executed

Displays all stages 
in job execute

Displays any 
persisted RDDs and 

DataFrames

Displays information 
of the environment, 
variables, system 

Displays information 
of the Spark SQL 

queries 

Displays the 
executors 

information.

Displays information 
when it is being used 
as a distributed SQL 

engine

Displays information 
of the IDEs in 

session and use 

Displays information 
of Spark Streaming



Spark UI - Jobs



Spark UI - DAG



Spark UI - Query Plan



Demo: Cluster Monitoring
Spark UI
Metrics



Recap



Recap
• Small File Problem

• Optimization
• Bin-packing 
• Data Skipping 
• Z-Ordering

• Liquid Clustering

• Performance Tuning
• Execution Plans
• Adaptive Query Execution
• Query Hints

• Cluster Monitoring




	Default Section
	Slide 1: Performance  Tuning

	Partitioning
	Slide 3: Partitioning
	Slide 4
	Slide 5
	Slide 6: Demo: Partitioning

	Optimization
	Slide 7: Optimization
	Slide 8: Small/Incremental Updates Problem
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13: Z-Ordering
	Slide 14
	Slide 15
	Slide 16
	Slide 17: Auto-Optimize
	Slide 18
	Slide 19
	Slide 20: Vacuum
	Slide 21: Obsolete Files
	Slide 22: Using the Vacuum Command
	Slide 23: Demo: Optimization
	Slide 24: LAB01: Optimization

	Liquid Clustering
	Slide 25: Liquid Clustering
	Slide 26: Liquid Clustering 
	Slide 27: Liquid Clustering
	Slide 28: Liquid Clustering - Scenarios
	Slide 29: Liquid Clustering – Explained 
	Slide 30
	Slide 31: Liquid Clustering – Consideration
	Slide 32: Liquid Clustering – Limitations
	Slide 33: Demo: Liquid Clustering 
	Slide 34: LAB02: Liquid Clustering

	Performance Tuning
	Slide 35: Performance Tuning
	Slide 36: Execution Plan
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 41: Adaptive Query Execution
	Slide 42
	Slide 43: Demo: Execution Plan
	Slide 44: Query Hints
	Slide 45
	Slide 46: LAB03: Execution Plan

	Cluster Monitoring
	Slide 47: Cluster Monitoring
	Slide 48
	Slide 49
	Slide 50
	Slide 51
	Slide 52
	Slide 53
	Slide 54: Spark UI
	Slide 55
	Slide 56
	Slide 57
	Slide 58
	Slide 59
	Slide 60: Demo: Cluster Monitoring

	Recap
	Slide 61: Recap
	Slide 62
	Slide 63


