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Staleness

Streaming Applications with Update Semantics

Both data streams and continuous queries
can exhibit update semantics ...

Update semantics: the latest Staleness: how out-of-date results

result is all that really matters are compared to latest data
N 7 " Push-based processing: updates and queries are part of the same pipeline

“H - e = Data is transient, queries are persistent
ow to minimize - . .
= (Other studies: web and soft real-time databases, stream warehouses

[ We study the notion of staleness in the streaming context J

example 1: Financial services

s

Streams: Trades (time, symbollId, price, volume)

Quotes (time, symbolId, bid, bidvol, ask, askVol) staleness of results for - .
° ® ° ° . ° A
Query: For each symbol, continuously update Streamlng appllcatlons Wlth update Semantlcs N S;cgleness rismr rtEH;C:S ;:::SIE :jeTECtS
the total trade volume and average trading price under conditions of high load?” (measure u:]dclvr:eekz(;r obsolete dates | e
i of the last 10 minutes. | ! e.g., symbol or objectld) < Latency of the result
( example 2: Road traffic monitoring [Overload: High-volume streams can exceed processing capacity leading to stale results} | | Ik / . Query results timeline
Stream: Positions(time, objectlId, x, vy, speed) —© : : ‘ > Input updates timeline
A )
Query: For each object, continuously update The UpStream Framework update
the number of cars i1n range R of the object . . . .
in the last minute. .. , , [ Staleness is intrinsic to applications with update semantics J
- g Key insight: Exploit update semantics!
. Shed load to keep up with new updates
II.  Push update semantics upstream
{ Update-aware load shedding via subset-based approximation } Why? More effective load management = Preventive [ Uniform update rates: IN-PLACE Key Scheduling }
Where? Closer to source of overload = Memory efficient
. : L < W) < . < W(2)< W(1
Query w/ + o+ Window Buffers How? Storage-centric framework based on update queues = Order keys by earliest enqueue time : k;')) T k((2))< k;l)) c
SV,VLHS,Z,V,Z:? 1 ® Keep the most recent window ) 7 = ~ Fair Queuing with in-place updates — -~ 1 ~*1 "~ ~ Q
.___+ ™ Shed older window tuples using ) . cralenocs - IN-PLACE minimizes the maximum
.I v' windowing information (size w, slide s) Update Queue = Bounded average staleness per key - WaltlngtlmeW __________________________
v' tuple marking scheme /‘:Pdate |/\/\/L,t = QOptimal performance for uniform update rates
eys time
. . Data Continuous — 6 18
dom d
[ Window updates vs. Window random drops } [ oo ]| S > query | > [ A ] | st | Rondomarops [
update update 8 <777 in-queue) --[ Mz
Staleness Memory stream stream e - V. T 112 3
7 0 WAppend —— - 7 B %“““—; _____ No drops o Wz‘&ppend%‘ | 7 % X /IN-PLACE\\\ - ‘\\\\\ ~ 10 %
3 | Whrop = ] WindowDrop 2 ~ WhDrop —— MM KLM KS > . e I
icjf 10 ;LAZY'WB - g query operator z‘) 10000 - LAZY-WB —=— \_ A ) § 2 ,7" i i ?o'.’?
A _Window-aware % : Vo T < | y | Querycost: 4=
S " update queue & L S 100msec - 12
2 - _E 1000? - 1t T 0 L . 0
% I q% 5 ~~~~~~~~~~~~~~~~~ o 0 In:?lt Ratf:o(#tup?e::’s/ sechlld) » I : * # f)(f)' Keys 75 10
;" II Querycost: 5 1 Memory Management (MM) Key Scheduling (KS)
& - msec \
© gl 0 \ \ \ \ " On-demand paging " Group stream tuples by update key
50 100 143 200 250 50 100 143 200 250 | . . °
Input Rate (Htuples/second) Input Rate (Huples/second) = Early vs. Late garbage collection = Order update keys for processing [ Non-uniform update rates: LINECUTTING Key Scheduling }
{ EAGER vs. LAZY window updates } ..\ . . .
_ = Update frequencies are rarely uniform (e.g., stock price updates)
Key Load Management (KLM) = Update-aware load shedding e IN-PLACE treats all kevs “too fairly”
EAGER: updatg _on window start LAZY: update‘on window end = Update semantics: keep the most recent update (in-place updates) . den: Adanivel Y / Vd -
EAGER-WB sﬁgjggj(s,? LAZY-WB EAGER-WB f}flé% LAZY-WB " Query semantics: represent the update unit (e.g. tuple, window of tuples) €a: Adaptively promote slow updating keys
' ' - - ' ' 0.9 |
1 | Zj z Zj I Cog 08 - NYSE
0.6 % 0.6 04 % 04T _ o7 Trades and Quotes
. g . £ - oo . §  dataset IN-PLACE ---
Cg * e Further details LINECUTTING minimizes the maximum | £ z:
i 1023 é 03 1% % "I | . . . . + W g
Hl | | I 1 1 1 HL H] H[ol < il H H m H] H[ " The UpStream system is a prototype implementation on top of the Borealis SPE. S — ? l g 04 LINECUTTING
. . % 0.3 -
o w0 w s O W w0 C o w mow 00 m e m = Website: http://www.systems.ethz.ch/research/projects/upstream/ l W prevents starvation of fast keys & o2 i
Incremental window processing Non-incremental window processing " Seealso: ”UpStream: Storage'centﬁc Load Managementfor Streaming S (“slowness”) enables promotion of slow keys O'; ] — H
(cost per tuple) (cost per window) Applications with Update Semantics”, VLDB Journal, 2011. SO R < A U R




