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Figure. Probability of one-second service-level response time as the system scales and
frequency of server-level high-latency outliers varies.
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50%ile latency 95%ile latency 99%ile latency

One random leaf finishes Ims 5ms 10ms
95% of all leaf 12ms 32ms 70ms
requests finish

100% of all leaf 40ms 87ms 140ms

requests finish

Table 1. Individual-leaf-request finishing times for a large fan-out service tree (measured
from root node of the tree).
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Living with Latency Variability
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Mostly idle cluster With concurrent terasort

No hedge  Tied request after Ims No hedge  Tied request after Ims
50%ile 19ms 16ms (-16%) 24ms 19ms (-21%)
90%ile 38ms 29ms (—24%) 56ms 38ms (-32%)
99%ile 67ms 42ms  (-37%) 108ms 67ms  (-38%)
99.9%ile 98ms 61ms (—38%) 159ms 108ms  (-32%)

Table 2. Read latencies observed in a BigTable service benchmark.
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Cross-Request Long-Term Adaptations
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KT LA 53 [X (partition), ZRJE R IX L85> X ERF e Mg & LT3 1
A3 BC AN A7 T o X SR BT BT 7 B e — N XN — S ML 3] 5 —
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Large Information Retrieval Systems
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MEERIREIGH P . FEAMT RS EA RFNERS RN, 1000 M7
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JEE LB R 2 il 4 2R B it nT AR AL R B U ik [R]85 3R, RS TR /N O R 45 2R
ST HB L L FE W, . B, good enough BE I Sl F Sk Bkt AE L T &
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A simple way to curb latency variability is to issue the same request to multiple replicas and use

the results from whichever replica responds first.

Canary requests. 1] {8 & ZE1E =1 i R Ge A A S5 — A 1) S —ANRE g A K AT RE
fi A B ARS8 42, fili R crash B2 ST SHLES RN = AR IIEIR . N
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SN IEIR PR AR e, AH A T A R AR X P VR ORE, AR ) T
Google A RIS 5 I 2 R4 bR X Mg =k 77 0.

Mutations

H BN IEFRATAT I 18 B8 AR ER 2 il H T AR S A &5 RGURES AT BB T 1
BEAE, W T — RBHIEZBERIRS . ST IR &2 RGUIRS IR, 2
HACATZ EWIE IR R XA Ty, JRRWIR: B, fEIX SR 58 A0t 2E iR H sk
bU R e S R AR @ AR /s B, SERRA BB AE T LA OB % 42 B
2, AR SR B 5 AT 5, IR B IRSSER AT LA T T DA A — B
R (e IR R B &) ffa, TR E SRR RS kUL, Al A
HIFE AR & K quorum-based 532 (LL 41 Lamport ) Paxos 57%[8]); H1 T ix L4
FAERARIARPIE LT RE =AM ok T, KRAMUAE tail-tolerant 1.
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B S 2 B IR A BRI e, ol bt P S R 45 B v 11
ST 58 LA R B AR T S A fan T B A AL BOR (WHIZ A2 DMA), K2 B IR tied



requests” TS, 815 HIH TH B AT DL SE 25 5 Bl S B B UAc 381 M T e B U sr A
RARAI I BITEY, B o= s 2 gk BE1E =K, M B iF it 1T 2 B8 2 A
DL % 38 G 2 S BH 2 7 R A B2

M &
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)R T35 R G T 46 52 BRI 2 1O« A RS R, ] St 4 o
A VERE 7% B BT SRR TGTE IR B AL (I SLBE /T o 2485 AR (Fault-tolerant) Y Hi JHL
R NYHBEE -CHRSGHE G, CETEFIELHMERZET. K00,
“tail-tolerant” F A1) H I AR A2 R0 T- R B IR 252K Ui 48 ek V8 bR = AR £l 8)
PIRTA RIR . B AR TISEL H SR w2 2B IR B s R YR I ik 2 A R, (B2 sA
JIH] “tail-tolerant” AR & 7] AFEANE MR U 1E 0L T 3k T DABRAIRAEIR . X 28
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