
class 20

In-Situ Data Processing

Prof. Manos Athanassoulis 

https://bu-disc.github.io/CS561/

CS 561: Data Systems Architectures

with slides from Dr. Ioannis Alagiannis and Dr. Matthaios Olma

https://bu-disc.github.io/CS561/




Extracting knowledge from data

§ Growing data collections

§ No a priori knowledge about data

§ Ad hoc queries 

3Need for efficient data exploration

“Most firms estimate that they are only analyzing 12% of 
the data that they already have” [Forrester 2014]
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Increases data-to-query time

Requires workload knowledge



Data loading
§ Part of the first query

§ Both for row-stores and column-stores

§ In practice:
§ Cost increases linearly with the dataset size
§ CPU and I/O intensive

Data analysis cost should depend on the data 
we need to process



* DBMS-X External tables, CSV engine MySQL

Querying data in situ*

0|ALGERIA|0| haggle. carefully fina
1|ARGENTINA|1|al foxes promise 
2|BRAZIL|1|y alongside of the pen
3|CANADA|1|eas hang ironic, silen
4|EGYPT|4|y above the carefully th

...

raw file

1 ARGENTINA 1 al foxes promis

Fields

0|ALGERIA|0| haggle. carei…

1|ARGENTINA|1|al foxes p… 

2|BRAZIL|1|y alongside o…

3|CANADA|1|eas hang iro…

……………………………….…………

convert to 
binary

parse

tokenize

9

0

50

100

150

200

External Files DBMS

Ex
ec

ut
io

n 
Ti

m
e 

(s
ec

)

Tokenizing
Parsing
Converting
I/O
Processing

Tuples: 10m Attrs: 100 
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Query: select * from R…straw-man approach is slow
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Why in-situ query processing?

Quick data-to-query time

Why not DBMS?

Partial/no data ownership à cannot transform and load



NoDB: Technology

+ NoDB = PostgresRaw

Efficient in situ querying

Minimal changes to the query engine
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PostgresRaw

positional map
scan 

operator 
raw files

PostgreSQL
query engine

cache

statistics

Adaptive indexing 
mechanism
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Positional map

CSV File

tuples

attributes
positions of attributes

Created on-the-fly

Reduce parsing

Reduce tokenizing
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Positional map

CSV File

known position looking for

Created on-the-fly

Reduce parsing

Reduce tokenizing

Make raw data access progressively cheaper
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PostgresRaw
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positional map
scan 

operator 
raw files

PostgreSQL
query engine

cache

statistics

avoid raw file 
accesses

generate statistics 
adaptively
…

a b c d e f g h i k l m

!= Classical Data Loading

Caching
User does not need to control when, what, 
how or where data is cached

Data layout
best suited for …

raw file format
user queries
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PostgresRaw: access paths

§ Vertical index
§ Caching
§ Positional map
§ Direct access

scan operator 
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Data Loading
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Tuples: 7.5m Attrs: 150 File size: 11 GB



PostgresRaw vs. other DBMS
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Tuples: 7.5m Attrs: 150 File size: 11 GB



PostgresRaw vs. other DBMS
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19Comparable/competitive performance

Tuples: 7.5m Attrs: 150 File size: 11 GB
~ 7000 sec ~ 4800 sec
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15% from full positional map
2x improvement

Random queries on 10 attributes
Tuples: 7.5m Attrs: 150 File size: 11 GB

Vary storage capacity (15MB-2GB)

No need for the whole positional map
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Is caching enough?

22Best choice: Combine positional map and cache

First query most expensive Naïve “in situ”

Cache

Positional Map

PostgresRaw
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Adapting to changes
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Graceful adaptation to workload changes

workload changes



PostgreSQL vs. PostgresRaw
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NoDB in the research space
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HadoopDB

Impala

Spark



What is missing from the NoDB approach?

Indexing!

How to index?

What to index?

Updates!





Reducing data to query time
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Query Sequence

DBMS DBMS with index In-situ

60GB smart meter dataset, selectivity 1%, 128GB RAM, 1 thread

Ideal: instant access to data & interactive response to queries

Tuning pays off 
after 45 queries

Loading pays-off 
after 220 queries



Interactive in situ query processing

• Partitioning: Shared data ownership
• Physical restructuring prohibited

• Indexing: Depends on workload
• A priori index tuning is impossible for exploratory workloads

• Updates in file interrupt in situ query processing
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Adaptive logical partitioning
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...

…

Enable data skipping
Fine-grained access path selection

Set the ground for reducing data access

Iteratively partition dataset

Q1 Qnattr1 attrN

…

1) Collect data statistics at runtime
2) Calculate number of sub-partitions

Increase disjointness: Reduce distinct values
Remove tails: Reduce excess kurtosis

Homogeneous

Query-based

p1

p2

p3

p4

p3



Online index tuning

33Maximize gain: build cost vs performance

B+

Index types
- Value-Existence (i.e., Bloom filters)
- Value-Position (i.e., B+ Trees)

...

…

attr1 attrN

Tuning decision
- Based on randomized algorithm
- Cost of scan vs. cost of build + gain

Build and drop based on budget

costs vs. gains
Should I build or not?

Bf

Qm



Append and in place updates

34Minimize overhead of updates

...

Store partition state
- Calculate hash value (MD5)

Monitor file for modifications

Recognize updated partitions

Fix modified partitions
- Drop/Re-build cache/index

...

attr1 attrN

Bf B+

Qm

Bf

Bf B+

Bf



Slalom architecture
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Incremental logical partitioning
- Based on data distribution

Adaptive partition indexing
- Based on access patternsRaw Data 

Access

Raw data

SQL query

Raw Data Access

Indexing 
Structures Online 

tuner

Adapt data access to queries and data at runtime
Combining Online Tuning with Adaptive Indexing

Monitors data for updates
- Updates data structures



CSV Positional Index

tuples
attributes

Indexed attributes: 

1. Positional index is empty

36



CSV Positional Index

tuples
attributes

a4, a6

1. Positional index is empty
2. Q1 accesses a4 and a6
3. Q2 accesses a4 and a9

p4, p6

p4, p6

p4, p6

p4, p6

Indexed attributes: 

p4, p6, p9

p4, p6, p9

p4, p6, p9

p4, p6, p9

a4, a6, a9
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Types of updates

38Goal: Efficiently correct the auxiliary structures

In-place update Append



Identifying in-place updates

• Store partition state
• Calculate MD5 hash
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a94a8fe5

098f6bc

d4621d3

73cade4

e832627

ad02348

29205b9

• Monitor file
• Using OS support (iNotify)

• Find updated partitions
• Calculate new MD5 hashes
• Compare with previous state



Fixing the touched partitions
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2

259

Diff: 2 characters

• We find the diff offsets using the PM
• We store this diff in a separate array
• Using it when fetching records from file

Before update

After update

• Auxiliary structures are dropped 
for the touched partitions.



Identifying append-like updates

• Add new rows to a new 
partition

• Further split new partitions
• Statically
• Dynamically

41



Experimental setup

Hardware:
- Xeon CPU E5-2660 @ 2.20GHz, 2TB HDD - 7200RPM, 128GB RAM
Systems:
- Disk-based: PostgreSQL
- In-Memory: DBMS X
- In situ: PostgresRAW, Slalom with Stochastic Cracking
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From raw data to results
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Working under memory constraints
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55GB uniform dataset, 128GB RAM, cold caches, selectivity: 0.1% (select 10 consecutive values)



Uniform data query sequence
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59GB uniform dataset, 128GB RAM, cold caches,100 point & range queries, selectivity: 0.5%-5%
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Execution breakdown
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59GB uniform dataset, 128GB RAM, cold caches,1000 point & range queries, selectivity: 0.5%-5%
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Smart meter workload query sequence
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59GB uniform dataset, 128GB RAM, cold caches,100 point & range queries, selectivity: 0.5%-5%



Memory consumption
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59GB uniform dataset, 128GB RAM, cold caches,100 point & range queries, selectivity: 0.5%-5%
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Memory Footprint

59GB uniform dataset, 128GB RAM, cold caches,1000 point & range queries, selectivity: 0.5%-5%

Cracking converges faster to final state 49



Minimizing data access
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Access path used to access tuples
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Snow-Gun Postgresql with index

It offers competitive performance to a loaded system

Append-like updates
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Append 4.2GB Append 4.9GB

Adaptive 
partitioning

Slalom adapts partitioning after an append

24GB uniform dataset, 377GB RAM, cold run, Point queries; 1% selectivity

Slalom



Takeaways from Slalom

Speed-up in situ query processing
Take advantage of data distribution when tuning databases

Online logical partitioning algorithm
Extract logical clustering within the data

Low-overhead online fine-grained index selection
Using a randomized algorithm

Performance comparable to in-memory DBMS
3x lower cumulative exec. time
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