SAPIENZA

UNIVERSITA DI ROMA

On Data Skewness, Stragglers, and MapReduce
Progress Indicators

Emilio Coppa and Irene Finocchi

i
: Another example: : ibuti
/Progress analysis helps users understand the program ) VY] = £ SRS T muﬁ)tiplication fibrary Skewness and stragglers in MapReduce 0 | d(')url contrllgutlo? _
execution and can shed light on abnormal behaviors: Design and implementation of NearestFit,
J Suiniuinteininteieininieinieteineinisheie et o  Partitioning  skewness: keys unfairly [ a novel progress indicator especially well-
- remaining time? - slow/stalled computations? D, asell-Tedue Phase i1 Doaer?-ReducePhase E partitioned among tasks 0 suited for long-running applications.
. . . . . . . ! J 1 ! 1 1 T "|. lllllllll Toorareris P ILLLALLY . )
- load unbalancing? - algorithmic inefficiencies? } 80 [-Hadsop o L g ([ 0 Shuffle data skewness: few key groups our approach:
\_ A R B v e much larger than others i ) i ' i
€l | g -~ KO : - Computational skewness: data skewness + 0 "o ('jr_‘et?“ progressdassurgp on. v collected
ntntiteted ettt : 'S ol | 1S - superlinear reduce functions Predictions based on dynamicatly  coliecte
1 _ . ] ] I 1y A F Trug =—— 1 ! fine-grained profile data
: Example: Apache Hadoop progress indicator : y oSl ol Hagoop : : - exploit machine learning techniques to predict
1 1 0 20 40 60 80 100 : : .. . .
: Benchmark: WordCount Map: ~20mins : : actual running time (%) ¥ actual running time (%) ! State-ot-art progress indicators do not deal i remaining running time
: Dataset: Wikipedia dump Reduce:  ~10mins | : ') Dtacet 2 - Foducs Phace : with computational skewness . efficient implementation based on data
| e mmmmmmemmmmmemmmmemmmm—————- , ) ‘ : pataset 1 - Reduce Fhase 'l - : ‘ [ streaming algorithms
;e . ) 1 B ' ' | ] . 7l- L B T
' [] . Map Phase : 1 7 — L - | 1 r b
E * 11:30:01: Running job: job_201503151102_0002 1 100 —— : | : TS IR - E 100 — E ! Bird's eye view of our prediction model
] : 11:30:02: map 0% reduce 0% : — 80 [Hadoop e “““““— ] : —GEJ A | — | : _g 4 |- mm - B @— : 1 80 F & 7 7] 1 I
s 1 11:32:26: map 10% reduce 0% : Sl P : 23 | — (0 33 B N ' © £ 6 [ m—— Step 1 Step 2 Step 3
;1 11:34:48: map 19% reduce 0% 13 ' : I — " ‘12 I ——— i g 60 it o e S R -
' ! 11:36:32: map 30% reduce 0% - R : D | ———— —] e S B it (1] A S
1 11:38:26: map 41% reduce 0% g T 20F L~ . I 0 20 40 60 80 100 : ; 0 20 40 60 80 100 & ' S y TaskRatly e o o 1o progress(t)—» é(t> < ei(t) N f(’VkD
! 1 11:40:08: map 52% reduce 0% ' 0 - ' - - ' ; running time (%) 1y running time (%) . 1 20 " Hadoop -eeemees 4 2 — B 1 ] \A AN
14 11:42:39: map 64% reduce 0% : 0 20 40 60 80 100 : Smmmmmmmesmmmmmemmem————a——- B e el e L L L v b7 Jobhato -, fpme— g \
' 1 11:44:14: map 75% reduce 0% . actual running time (%) : 1 0 20 40 60 80 10 0 20 40 60 80 100 | ] reduce phase reduce task reduce function
' | 11:46:25: map 86% reduce 0% : : After ~4 mins: 1 ectalumingtime(%) running time (%) : >
11 11:50:01: map 100% reduce 0% ; Reduce Phase ! s 10% Straggler: a task which takes L top-down
' 11:52:57: map 100% reduce 34% ' 80 [ Hadoop - ; - true remaining time: 36 mins he oth Linear progress assumption: running i
i+ 11:55:02: map 100% reduce 52% Y R : - estimated progress: 85% the other ones time depends linearly on the input size l
1 . . . 0 0 1 3 . _ . .
ARty ep Loovereduce 797 . 5ot : - estimated remaining time: ~1 min i
! e T 1 s e 1 . . .
1 1 . . . . [ | 1 1 1 1 1
E : ﬁj59.59. Job complete: job 201503151102 0002 : 0 0 .20t I40 | ?‘0 (/&;o 100 . Same benchmark, different datasets: e.g., Computing Clustering coefficients in social " t
' actual running time (% 1 . o . . . T
| smmesssmesssssmessssssseeeee : very different progress prediction accuracy. Why? networks (power-law degree distribution) [ progress( t) = — ( t) s;art x 100
€(L) — Ustart
i &= &= = = = = S = = S S S H S H = S_H S = S N O BN NN - N N BB N E NN EEEE N N EE E B -l star
estimated | ‘ phase
] i i . . g - end time start time
How to predict reduce running time for key group (k, V,)? (Step 3) Remaining time of task i
Two complementary techniques r-(t) o
’ — E l
: : : : . unprocessed key k ] ]
Technique 1: d-nearest neighbor regression Technique 2: curve fitting (Step 2) Estimated end time
__average of the running times observed Find a mathematical model (parameters a, b, and c): exact cost model for the running time of reduce functions: ’é’(t) — max Ei(t)
in the §-neighborhood of k — a4+ b- | Vk|c unknown in general reduce tasks i
D)
% A A k: any unprocessed key assigned to task i estimated J
El < : V,: set of values associated with k end time of task |
= = s a r.
5[ x= Vi ol x = |V " atbxt | o o ei(t) = pi(t) +ri(t)
= = Our assumption: running time function of input size
() g g
= = - ~ ‘ ~ - T
ks : | past reduce - »”’ ‘Vkl‘ ~ ‘Vk2| f(k], Vkl) ~ f(kzj sz) time of last '
aVH 1 executions Q ’o’f»' past reduce complgted. reduce_ estimated remaining
o i ?Ej ot executions Then: execution in task | time of task |
[ii:.ii HEE ] > il B L0 N (1)
- input size > . — . : o
Xé - X0 Y input size fi (t) Z Task 1 - j i
neighbors of k unprocessed key k T Tosk 2 [N :
Rather accurate, but §-neighborhood Potentially always applicable, but | —t—— >
could be empty (especially for stragglers) hard to tune in practice (unstable, noisy profiles) ?ﬁnpgﬁ]);rgzranag g?fé &%zle:ufr?éggﬁs taar P() Bt) ¢ &lt) E(t)=2()
5,(t)
r---------------------------------------------
l : Experimental results
Implementation ingredients

Applications: text processing (WordCount, Invertedindex), graph
computations (2LengthPathGenerator, TriangleCount), numerical analysis
(MatrixMultiplication), database processing (NaturalJoin).

Combining nearest neighbors and curve fitting (1) Characterization of reduce task inputs

Combination of the two techniques overcomes their drawbacks Which is the distribution of key group sizes for a given task:

. - . Datasets: Wikipedia dump, 6 social networks (SNAP project), 2 sparse
while retaining their advantages:

matrices (uniform/skewed value distribution), and 5 skewed relations
(zipf distribution).

Obtained by profiling map tasks

N (2) Information about past executions of reduce functions:

(task) nearest-neighbor

Which are the input sizes and running times of terminated Platform: 8/16/32 ml.XlaI’ge inStanceS from Amazon Web SerViCES

Exploit profiling executions?
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