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ƻƴŎŜ ǳǇƻƴ ŀ ǘƛƳŜ Χ

processor stalled >50% of the time

[VLDB99]
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http://www.vldb.org/conf/1999/P28.pdf
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aƻƻǊŜΩǎ ƭŀǿ

doubling of transistor counts continues

clock speeds and power hit the wall 3
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processor trends
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vertical dimension: cores & caches
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ILP
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implicit parallelism & memory matters
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http://dl.acm.org/citation.cfm?id=2452380
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horizontal dimension: cores & sockets

exploit abundant parallelism
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workload scalability on multicores
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stopping underutilization

ωhow to adapt traditional execution models to 
fully exploit modern hardware?

ωhow to maximize data & instruction locality at 
the right level of the memory hierarchy?

ωhow to continue scaling-up despite many 
cores and non-uniform topologies?
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utilization

ŜȄǇƭƻƛǘƛƴƎ ŎƻǊŜΩǎ ǊŜǎƻǳǊŎŜǎ
minimizing memory stalls

scalability

scaling up OLTP
scaling up OLAP
conclusions

core core
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L2

L3
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instruction & data

parallelism

horizontal

parallelism

core

core core

core
multithreading

pipelining 

superscalar

SIMD

SMT

multicores

modern parallelism
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CPU

fetch execute mem writedecode

fetch execute mem writedecode

fetch execute mem writedecode

fetch execute mem writedecode

Instruction pipelining:

... six cycles to complete 2 instructions!

instr1

instr2

instr3

instr4

multiple instructions can be partially overlapped

2 3 4 5 6 7 8 9 10 11 121
clock
cycle

fundamental way to parallelize

increase the instruction throughput 12
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fetch decode execute mem write

fetch decode execute mem write

fetch decode execute mem write

CPU

instr1

instr2

instr3

instr4

more than one instructions during a clock cycle

fetch decode execute mem write

fetch decode execute mem write

fetch decode execute mem write

instr5

instr6

instr7 fetch decode execute mem

fetch decode execute meminstr8

superscalar cpu
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SISD SIMD

instructions data

results

instructions data

results
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A1 B1

A B

R1

op

traditionally (SISD) SIMD

A1   A2   A3   A4

op

B1   B2   B3   B4

op op op

R1   R2   R3   R4

SISD to SIMD

apply the same action on multiple 

data values 

with the same cost as for 1 value
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assembly or compilers provide special commands

How:

for(i=0;i<N;i++) 

res+=a[i]

for (i=0;i<N;i+=4)

res[i,i+1,i+2,i+3]=SIMD_add(res[i,i+1,i+2,i+3], a[i,i+1,i+2,i+3])

+ corner cases

[SIGMOD02b]

SIMD(single instruction multiple data)

SUM

16

ignoring the for-loop code 
we will do 4 times less instructions

http://dl.acm.org/citation.cfm?id=564709
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column-store model helps as data is 
already packed in dense arrays

SIMD(single instruction multiple data)

17

Accelerate many data management primitives:

Å filtering

Å partitioning

Å compression

Å data movement with scatter/gather instructions

[SIGMOD02b, CIDR05 , VLDB08a, SIGMOD15]

http://dl.acm.org/citation.cfm?id=564709
http://www.cidrdb.org/cidr2005/papers/P19.pdf
http://dl.acm.org/citation.cfm?id=1454171
http://www.cs.columbia.edu/~orestis/sigmod15.pdf
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instruction & data

parallelism

core

core
multithreading

pipelining

superscalar

SIMD

SMT

modern parallelism
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A SMT processor pretends to be multiple logical processors

(one per instruction stream).

core

registers

L1

L2

memory

CPU

SMT(simultaneous multithreading)

19if one thread stalls another one can continue  
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A

minimal code changes

ignorance of resource sharing

core

registers

CPU

B

L1

L2 competition for execution units

[VLDB05b]

SMTςtreat logical as physical
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http://dl.acm.org/citation.cfm?id=1083602


i Ymulticores

A/2

core

registers

CPU

A/2

share input and output data in the cache

reimplementation of dbms operators

odd tuples

even tuples

beneficial for instruction & data cache performance

separate output bufferswrite

read

partitioning and merging

L1

L2
merging step

no longer preserving the order of input records

SMTςmultithreaded operators
[VLDB05b]
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http://dl.acm.org/citation.cfm?id=1083602
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A

registers

CPU

A preload data elements that will soon be needed

L2

main worker helper

use one thread for the computation 
and the other to manage resources 

work-ahead
set

data structure

memory address 

request

preload

memory

core

L1

preloading in SMT
[VLDB05b]
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http://dl.acm.org/citation.cfm?id=1083602
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A SMT processor pretends to be multiple logical processors

(one per instruction stream).

better than single threaded:

Åincrease thread-level parallelism

Åimprove processor utilization when one thread blocks

not as good as two physical cores

Åcpu resources are shared, not replicated

core

core

core core

SMT(simultaneous multithreading)
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core
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L2

memory

CPU
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reg
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memory
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work in parallel

from single core to multi-cores

how do we keep cpuat 100% ? 24
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Q1 Q2 Q3 Q4

reg

L2

memory

reg reg reg

L1 L1 L1 L1

1 core for each query [VLDB08b]

c0 c1 c2 c3

scan in multicores

limited opportunities I/O sharing 25

http://dl.acm.org/citation.cfm?id=1453924
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block 1

block 2

block 3

block 4

{Q1,...Qn}
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{Q1,...,Qn} {Q1,...,Qn} {Q1,...,Qn}

data

1 core for each table scan

scan in multicores

load into caches once + share => reduce cache misses

[VLDB08b]
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http://dl.acm.org/citation.cfm?id=1453924
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sorting on multicore SIMD

core core core...

SIMD SIMD SIMD
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sorting on multicore SIMD
[VLDB08a]

28

http://dl.acm.org/citation.cfm?id=1454171
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core

core

2 cores work simultaneously 

to merge the pair of lists 
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sorting on multicore SIMD
[VLDB08a]
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http://dl.acm.org/citation.cfm?id=1454171
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instruction & data

parallelism

horizontal

parallelism

core

core core

core
multithreading

pipelining

superscalar

SIMD

SMT

multicores

modern parallelism
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utilization

ŜȄǇƭƻƛǘƛƴƎ ŎƻǊŜΩǎ ǊŜǎƻǳǊŎŜǎ
minimizing memory stalls

scalability

scaling up OLTP
scaling up OLAP
conclusions

core core
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stalls in cloud workloads
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[ASPLOS12]

> 50% of the time goes to stalls on average

~1 instructions per cycle
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graph courtesy of Ferdmanet al.
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http://parsa.epfl.ch/cloudsuite/cloudsuite.html
http://dl.acm.org/citation.cfm?id=2150982
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sources of memory stalls
TPC-C, 100GB data on Intel Xeon E5-2640 v2

[SIGMOD16]

L1-I & LLC data misses dominate the stall time34
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ω50%-80% of cycles are stalls

ςProblem:
instruction fetch & long-latency data misses

ςInstructionsneed more capacity

ςData missesare compulsory

ωFocus on maximizing:

ςL1-I locality & cache line utilization for data

ŦƻǊ Řŀǘŀ ƛƴǘŜƴǎƛǾŜ ŀǇǇƭƛŎŀǘƛƻƴǎ Χ
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minimizing memory stalls

being cache conscious
code optimizations
alternative data structures/layout
vectorizedexecution

exploiting common instructions
computation spreading

prefetching
light
temporal stream
software-guided

36
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prefetching ςlite

ωnext-line: miss A Ą fetch A+1

ωstream: miss A, A+1 Ą fetch A+2, A+3

Vfavors sequential access & spatial locality

Uinstructions: branches, function calls

Åbranch prediction

Udata: pointer chasing

Åstride: miss A, A+20 Ą fetch A+40, A+60

Χ ƻǊ ǘŜȄǘ-book prefetching

[ISCA90, MICRO00]

though, memory stalls are still too high

preferred on real hardware due to simplicity
37

http://dl.acm.org/citation.cfm?id=325162
http://dl.acm.org/citation.cfm?id=360135
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temporal streaming

lookup( )

traverse( )

fn(
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ñEPFLòñCOMADò

[ISCA05, MICRO11a, MICRO13a]

more accurate Ą higher space cost

exploits recurring control flow

slide courtesy of CansuKaynak
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http://dl.acm.org/citation.cfm?id=1069989
http://dl.acm.org/citation.cfm?id=2155638
http://dl.acm.org/citation.cfm?id=2540732
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code optimizations

ωsimplified code
ςin-memory databases have smaller instruction footprint

ωbetter code layout
ςminimize jumps Ą exploit next line prefetcher

ςprofile-guided optimizations (static)

ςjust-in-time (dynamic)

ωquery compilation into machine/naïve code
ςe.g., HyPer, Hekaton, MemSQL, Impala

[ISCA01, ICDE10, PVLDB11a, SIGMOD13a]
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http://dl.acm.org/citation.cfm?id=379260
http://ieeexplore.ieee.org/xpl/login.jsp?tp=&arnumber=5447892&url=http://ieeexplore.ieee.org/xpls/abs_all.jsp?arnumber=5447892
http://dl.acm.org/citation.cfm?id=2002940
http://dl.acm.org/citation.cfm?id=2463710
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cache conscious data layouts

16 bytes columns

cache lines (64bytes)

goal:
maximize cache line utilization &
exploit next-line prefetcher

row stores: good for OLTP
accessing many columns

column stores: good for OLAP
accessing a few columns

[SIGMOD85, CIDR05, VLDB05a]

erietta

pinar

greendanica

orangeiraklis

blue

black

row storeerietta blue pinar black

erietta pinar column storedanica iraklis
40

http://dl.acm.org/citation.cfm?id=318923
http://www.cidrdb.org/cidr2005/papers/P19.pdf
http://dl.acm.org/citation.cfm?id=1083658
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instruction & data overlap

mix new order
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TPC-C (100GB data) on Shore-MT
overlapping cache blocks cold hot

higher overlap in same-type transactions

overlap: significant for instructions & low for data

[PVLDB14f]
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http://www.vldb.org/pvldb/vol7/p1893-tozun.pdf
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computation spreading
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[ASPLOS06, MICRO12]

need to track recent misses and cache contents

exploits aggregate L1-I & instruction overlap
42

dl.acm.org/citation.cfm?id=1168893
http://dl.acm.org/citation.cfm?id=2457497
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summary

ω5.a{ǎ ǳƴŘŜǊǳǘƛƭƛȊŜ ŀ ŎƻǊŜΩǎ ǊŜǎƻǳǊŎŜǎ

ωProblem 1: L1-I misses

ςdue to capacity

ςminimized footprint &
illusion of a larger cache by maximizing re-use

ωProblem 2: LLC data misses

ςcompulsory

ςmaximize cache-line utilization through
cache-conscious algorithms and layout

43
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utilization

ŜȄǇƭƻƛǘƛƴƎ ŎƻǊŜΩǎ ǊŜǎƻǳǊŎŜǎ
minimizing memory stalls

scalability

scaling up OLTP
scaling up OLAP
conclusions

core core
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challenges when scaling up
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critical path of transaction execution

Core Core Core Core Core Core Core Core

Data

System state

threads

many accesses to shared data structures 46
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data access pattern
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clutter code with critical sections-> contention

[PVLDB10b]
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http://www.comp.nus.edu.sg/~vldb2010/proceedings/files/papers/R83.pdf
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critical sections
Updating 1 row

many critical sections even for simplest transaction
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