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Es<mated	
  costs	
  of	
  datacenter:	
  
46,000	
  servers	
  
$3,500,000	
  per	
  month	
  to	
  run	
  

Data	
  courtesy	
  of	
  James	
  Hamilton	
  [SIGMOD’11	
  Keynote]	
  

3yr	
  server	
  and	
  10yr	
  
infrastructure	
  
amorJzaJon	
  

Server	
  &	
  Power	
  are	
  

88%	
  of	
  total	
  cost	
  



•  Use	
  less	
  resources:	
  Customer	
  wants	
  1000	
  TPS.	
  What	
  is	
  the	
  most	
  
efficient	
  (e.g.,	
  CPU/Memory)	
  to	
  deliver	
  it?	
  

•  Share	
  resources:	
  Can	
  I	
  place	
  customer	
  A’s	
  DB	
  along	
  side	
  customer	
  
B’s	
  DB?	
  Will	
  their	
  service-­‐levels	
  be	
  met?	
  

Service	
  Provider	
  Administrator	
  

Ways	
  to	
  reduce	
  costs	
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Customer	
  DBA	
  



Provider:	
  Support	
  mul<ple	
  customers	
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Storage	
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  is	
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High-­‐priority	
  app	
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  SLOs	
  

Red	
  is	
  running	
  
Low-­‐priority	
  app	
  
Best-­‐effort	
  SLO	
  

Expects	
  
<	
  5ms	
  query	
  response	
  

<me	
  

More	
  customers	
  
arrive!	
  



•  Use	
  less	
  resources:	
  Customer	
  wants	
  1000	
  TPS.	
  What	
  is	
  the	
  most	
  
efficient	
  (e.g.,	
  CPU/Memory)	
  to	
  deliver	
  it?	
  

•  Share	
  resources:	
  Can	
  I	
  place	
  customer	
  A’s	
  DB	
  along	
  side	
  customer	
  
B’s	
  DB?	
  Will	
  their	
  service-­‐levels	
  be	
  met?	
  

Service	
  Provider	
  Administrator	
  

How	
  to	
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  costs	
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•  Use	
  the	
  right	
  amount	
  of	
  resources:	
  What	
  will	
  be	
  the	
  performance	
  
(e.g.,	
  query	
  latency)	
  if	
  I	
  use	
  8GB	
  of	
  RAM	
  instead	
  of	
  16GB?	
  

•  Solve	
  performance	
  problems:	
  I’m	
  only	
  gefng	
  500	
  TPS.	
  What’s	
  
wrong?	
  Is	
  the	
  cloud	
  to	
  blame?	
  

Customer	
  DBA	
  

Need	
  to	
  build	
  performance	
  models	
  to	
  understand	
  



What	
  are	
  performance	
  models?	
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ü  Dynamic	
  Resource	
  Alloca<on	
  [FAST’09]	
  
ü  Capacity	
  Planning	
  [SIGMOD’13]	
  

ü What-­‐if	
  Queries	
  [SIGMETRICS’10]	
  

ü  Performance	
  Anomaly	
  Detec<on	
  [SIGMETRICS’10]	
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Building	
  performance	
  models	
  takes	
  <me	
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32	
  data	
  
points	
  

32x32=1024	
  
sampling	
  
points	
  

Actuate	
  a	
  live	
  system	
  and	
  take	
  experimental	
  samples.	
  
Sample	
  in	
  512MB	
  chunks;	
  15	
  minutes	
  for	
  each	
  point	
  

16GB	
  

ExhausJve	
  sampling	
  takes	
  11	
  days!	
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  performance	
  models	
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Black-­‐box	
  Models	
  
	
  
Minimal	
  assump<ons	
  
Needs	
  lots	
  of	
  samples	
  
Could	
  over-­‐fit	
  

AnalyScal	
  Models	
  
	
  
No	
  samples	
  required	
  
Difficult	
  to	
  derive	
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  to	
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Gray-­‐box	
  Models	
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Relation: The correlation between a set of metrics is described
by a relation. The relation includes functions to filter the data, a
mathematical function describing the relationship, an error function
(e.g., squared error), a method to compute a best-fit (e.g., gradient
descent), and a method to compute the confidence score. Many of
these functions (e.g., the gradient descent optimizer and the method
to compute the confidence score) are independent of the specific re-
lation and may be shared by several relations. We follow an object-
oriented paradigm to implement relations; we explain the details of
our implementation in Section 5.1. To illustrate, we show a SelfTalk
code snippet of the linear relation that is provided with the Dena
runtime system.

DEFINE RELATION linear {
PARAMETER a,b : number,
INPUT x:number-array, y:number-array,
...
FUNCTION confidence
{
OUTPUT confidence:number
LANGUAGE ‘matlab’
SCRIPT
$
y_hat = a.*x .+ b;
confidence = R2(y,y_hat);
//calculate residuals
...

$
}
...

}

It shows the relation containing two parameters and two input
data arrays; the parameters refer to the slope and y-intercept of the
linear line and the two input arrays correspond to the input and out-
put data values obtained by monitoring the system. We focus on the
function to compute the confidence of the relation; the confidence
score is a number between 0.0 and 1.0 representing how well the
hypothesis fits the monitoring data. In the example, we specify the
confidence as the R2 (implemented as a MATLAB script delimited
by $) and we also check the residuals before returning the confi-
dence score.

Context: The relationship between metrics is influenced by the
workload and other system configuration settings – referred to as
the context of the hypothesis. Therefore, simply fitting the expec-
tations to all measured data would lead to false fits. Consider the
expectation EXPECT LINEAR (‘name=queries_per_sec’,
‘name=io_per_sec’) and assume that we get a 50% hit ratio
with a 512MB cache and a 90% hit ratio with a 1GB cache. With
different cache sizes, the exact relationship between the metrics
(‘queries_per_sec’,‘io_per_sec’)will be different. In fact,
the factor α would be 0.5 for a 512MB cache and 0.9 for a 1GB
cache. Specifically, the analyst must provide her belief about the
contexts that the hypothesis is sensitive to. A context is simply a
list of conditions on a set of performance metrics, workload met-
rics, or configuration parameters. In Listing 2, the context is spec-
ified as name=cache_size and value<=512, which states that
the analyst expects the hypothesis to hold true only when the cache
size is less than 512MB. We also support a wild-card operator, e.g.,
name=cache_size and value=*, to indicate that cache_size
is a configuration parameter that may affect the fit. In this case,
Dena will evaluate the expectation for each setting of the configu-
ration separately.

3.2 Query
Dena expands the hypothesis submitted by the analyst into ex-

pectations, fits each expectation to the monitoring data, and stores
the results in a database; these results can be further analyzed by
submitting queries written in SelfTalk. The analyst can query about

the confidence of the expectations that result from the expansion of
the hypotheses, evaluate the fit under various contexts and for dif-
ferent sub-components. We categorize the queries into two types:
i) queries that focus the analysis on particular components, con-
figurations, or confidence values, and ii) queries that modify the
presentation of the results by ordering them based on confidence
score, or grouping them by particular metrics, or by grouping them
by the configuration type.

The general syntax of a SelfTalk query is
1 QUERY <HYP-NAME>
2 [METRIC <METRICS-SET>]
3 [CONTEXT {<CTX-SET>}]
4 [CONFIDENCE {<|>|=|>=|<= <VALUE>>}
5 |{<IN> <RANGE>}]
6 [ORDER BY CONFIDENCE [ASC|DSC]]
7 [RANK BY CONFIDENCE [ASC|DSC]]
8 [GROUP BY METRIC <METRIC>...<METRIC>]
9 [GROUP BY CONTEXT <CONTEXT>...<CONTEXT>]

It consists of three parts: i) the preamble – we need to specify
the name of the hypothesis being queried, e.g., the hypothesis name
(shown in line 1), ii) the query focus – we narrow the analysis by
specifying conditions on the metric set, the context set, and the
confidence score (lines 2-5) and iii) the presentation of results – the
results may be displayed by controlling the ordering based on the
confidence score, and by grouping using a certain metric attributes
or contexts (lines 6-9). We present the details of how queries enable
analysis of the results using two examples next.

All queries include a hypothesis name; the hypothesis name is
used to find the results stored by Dena in the database. If no op-
tions are specified, the results of all expectations that are generated
from the hypothesis are returned — that is, the results all possible
expansions (expectations) of the metric set and context set declared
in the hypothesis. This is equivalent to the SELECT * construct
in SQL; SelfTalk allows the fine-grained analysis to be done with
ease by restricting the analysis to certain sub-components and for
certain contexts. For example, the analyst may issue
QUERY HYP-LINEAR
METRIC (x,y) {

"x.component=‘MySQL’ and x.unit=‘1/sec’
and
y.component=‘Akash’ and y.unit=‘1/sec’"

}
CONTEXT (a) {

"a.name=‘mysql_cache_size’ and a.value=512"
}
CONFIDENCE > 0.9

that returns results from expectations of the linear hypothesis (named
HYP-LINEAR) for throughput-like metrics measured at the Akash
storage server and MySQL only for configurations where the size
of the MySQL cache is configured to 512MB and those expecta-
tions with a confidence score greater than 0.9.

In addition to allowing focused analysis of the results, SelfTalk
allows the analyst to control the presentation of the results of a
query by grouping, ordering, and ranking. We can analyze the ef-
fect of changing the size of the MySQL cache on the throughput by
stating

QUERY HYP-LINEAR
METRIC (x,y) {

"x.component=‘MySQL’ and x.unit=‘1/sec’
and
y.component=‘Akash’ and y.unit=‘1/sec’"

}
ORDER BY CONFIDENCE DSC
GROUP BY CONTEXT (a) {

"a.name=‘mysql_cache_size’ and a.value=*"
}

134
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HINT myHint!
RELATION LINEAR(x,y)!
METRIC (x,y) {!
  x.name=MySQL.CPU!
  y.name=MySQL.QPS!
} !
CONTEXT (a) {!
   a.name=MySQL.BufPoolAlloc!
   a.value >= 512MB!
}!

Refine	
  models	
  using	
  data	
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Rank	
  models	
  and	
  blend	
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16GB	
  

1.	
  Divide	
  search	
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y	
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3.	
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  best-­‐model	
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2.	
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Set	
  of	
  model	
  templates	
  
• Analy<cal	
  models	
  
•  A-­‐STOR:	
  analy<cal	
  model	
  for	
  predic<ng	
  storage	
  hierarchy	
  
latency	
  [FAST’09]	
  

• Black-­‐box	
  models	
  
•  B-­‐SVM:	
  support	
  vector	
  machine	
  regression	
  
•  B-­‐CNST:	
  average	
  values	
  as	
  predic<on	
  results	
  

• Gray-­‐box	
  models	
  
• G-­‐RGN:	
  region-­‐based	
  curve	
  fifng	
  model	
  
• G-­‐INV:	
  inversely-­‐propor<onal	
  curve	
  fifng	
  model	
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Workloads	
  and	
  datasets	
  
• Benchmarks	
  
• TPC-­‐W:	
  E-­‐commerce	
  (online	
  bookstore)	
  benchmark	
  

• TPC-­‐C:	
  Wholesale	
  parts	
  supplier	
  with	
  warehouses	
  and	
  sales	
  
districts	
  

• Experiments	
  
•  Conducted	
  over	
  a	
  period	
  of	
  6	
  months	
  
• Data	
  from	
  OS,	
  MySQL,	
  and	
  storage	
  server	
  

•  At	
  the	
  end,	
  the	
  structured	
  data	
  was	
  10GB	
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Modeling	
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Conclusions	
  
• We	
  built	
  Ensemble	
  
•  An	
  interacSve	
  modeling	
  framework	
  	
  

• Uses	
  semanSc	
  knowledge	
  as	
  model	
  guides	
  
•  Run<me	
  engine	
  itera<vely	
  validates,	
  selec<vely	
  reuses	
  and	
  
refines	
  models	
  

• Applied	
  Ensemble	
  to	
  build	
  performance	
  models	
  
•  Allows	
  one	
  to	
  explore	
  tradeoffs	
  of	
  analy<cal,	
  black-­‐box,	
  
and	
  gray-­‐box	
  models	
  
•  Showed	
  that	
  we	
  can	
  create	
  models	
  with	
  beler	
  accuracy	
  in	
  
shorter	
  periods	
  of	
  <me	
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