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assumes all trace data is stored in memory. This is feasible
only with coarse-grained tracing.
The CEPBA Tools can use both o⌅ine and online cluster-

ing techniques for reducing data [5,16,22,25]. To make trace
analysis and presentation more manageable, Casas et al. de-
veloped a post-mortem technique to compress a trace by
identifying and retaining representative trace structure [5].
Going one step further, to reduce the amount of generated
trace data, Gonzalez et al. [16] and Llort et al. [25] developed
online clustering algorithms to retain only a representative
portion of the trace. It is not clear how well these techniques
would work for fine-grained call path tracing.
Yet another way to ‘lossily’ compress trace data is to

filter it. As already mentioned, to manage overhead, all
instrumentation-based tools statically filter data by selec-
tively instrumenting. Scalasca and TAU support feedback-
directed selective tracing, which uses the results of a prior
performance profile to avoid instrumenting frequently exe-
cuting procedures [15, 35]. Others tools support forms of
manual selective tracing [8]. Since feedback-directed trace
reduction requires an additional execution, it is likely im-
practical in some situations; and manual instrumentation is
usually undesirable.
In contrast to static filtering, it is also possible to dynam-

ically filter trace information. For example, the CEPBA
Tools dynamically filter trace records by discarding periods
of computation that consume less than a certain time thresh-
old [16]. While dynamic filtering can e�ectively reduce trace
data volume, it must be applied carefully to avoid system-
atic error by discarding frequent computation periods just
under the filtering threshold. As another example of dy-
namic filtering, TAU and VAMPIR can optionally throttle
a procedure by disabling its instrumentation after that pro-
cedure has been executed a certain number of times [19,35].
In contrast to all of these techniques, by using asyn-

chronous sampling, we have taken a fundamentally di�er-
ent approach to scale the process of collecting a call path
trace. Although, we do use a form of lossless compression (a
calling context tree), that compression would be ine�ective
without sampling. With a reasonable sampling period and
the absence of a correlation between the execution and sam-
pling period, asynchronous sampling can collect represen-
tative and fine-grained call path traces for little overhead.
Sampling naturally focuses attention on important execu-
tion contexts without relying on possibly premature local
filtering tests. Additionally, because asynchronous sampling
provides controllable measurement granularity, it naturally
scales to very large-scale and long-running executions.
Sampling can also be employed to present call path traces

at multiple levels of abstraction and at arbitrary resolu-
tions. Here the basic problem is that a display window typ-
ically has many fewer pixels than available trace records.
Given one pixel and the trace data that could map to it, so-
phisticated presentation tools like Paraver attempt to select
the most interesting datum to define that pixel’s color [22].
However, such techniques require examination of all trace
data to render one display. Because this is impractical for
fine-grained traces of large-scale executions, we use various
forms of sampling to rapidly render complementary slices
of calling-context-sensitive data. In particular, by sampling
trace data for presentation, we can accurately render views
by consulting only a fraction of the available data.
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Figure 1: (a) The call path for a sample point; (b)
several call path samples form a calling context tree.

Other work on scalably presenting traces at multiple lev-
els of resolution has focused on flat traces; and none, to our
knowledge, has used sampling. To scale in the time dimen-
sion, Jumpshot’s SLOG2 format organizes trace events with
a binary tree to quickly select trace events for rendering [7].
To scale in the time and process dimensions, Gamblin et al.
use multi-level wavelet compression [12]. Lee et al. precom-
pute certain summary views [23].

2.4 Summary
By using sampling both for measurement and presen-

tation, we can collect and present fine-grained large-scale
traces for applications written in several programming mod-
els. In prior work [1], we presented a terse overview of an
early prototype of our tool. This paper, besides describing
the key ideas behind our work, additionally presents new
techniques for (a) scalable post-mortem trace analyses and
(b) scalable presentation, including a combined process/time
and call-path/time display.

3. COLLECTING CALL PATH TRACES
To collect call path traces with controllable granularity

and measurement overhead, we use asynchronous sampling.
Sampling-based measurement uses a recurring event trigger,
with a configurable period, to raise signals within the pro-
gram being monitored. When an event trigger occurs, rais-
ing a signal, we collect the calling context of that sample —
the set of procedure frames active on the call stack — by un-
winding the call stack. Because unwinding call stacks from
an arbitrary execution point can be quite challenging, we
base our work on HPCToolkit’s call path profiler [38,39].
To make a call path tracer scalable, we need a way to com-

pactly represent a series of timestamped call paths. Rather
than storing a call path independently for each sample event,
we represent all of the call paths for all samples (in a thread)
as a calling context tree (CCT) [2], which is shown in Fig-
ure 1. A CCT is a weighted tree whose root is the program
entry point and whose leaves represent sample points. Given
a sample point (leaf), the path from the tree’s root to the
leaf’s parent represents a sample’s calling context. Although
not strictly necessary for a trace, leaves of the tree can be
weighted with metric values such as sample counts that rep-
resent program performance in context (a call path profile).
The critical thing for tracing is that with a CCT, the calling
context for a sample may be completely represented by a leaf
node. Thus, to form a trace, we simply generate a sequence
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assumes all trace data is stored in memory. This is feasible
only with coarse-grained tracing.
The CEPBA Tools can use both o⌅ine and online cluster-

ing techniques for reducing data [5,16,22,25]. To make trace
analysis and presentation more manageable, Casas et al. de-
veloped a post-mortem technique to compress a trace by
identifying and retaining representative trace structure [5].
Going one step further, to reduce the amount of generated
trace data, Gonzalez et al. [16] and Llort et al. [25] developed
online clustering algorithms to retain only a representative
portion of the trace. It is not clear how well these techniques
would work for fine-grained call path tracing.
Yet another way to ‘lossily’ compress trace data is to

filter it. As already mentioned, to manage overhead, all
instrumentation-based tools statically filter data by selec-
tively instrumenting. Scalasca and TAU support feedback-
directed selective tracing, which uses the results of a prior
performance profile to avoid instrumenting frequently exe-
cuting procedures [15, 35]. Others tools support forms of
manual selective tracing [8]. Since feedback-directed trace
reduction requires an additional execution, it is likely im-
practical in some situations; and manual instrumentation is
usually undesirable.
In contrast to static filtering, it is also possible to dynam-

ically filter trace information. For example, the CEPBA
Tools dynamically filter trace records by discarding periods
of computation that consume less than a certain time thresh-
old [16]. While dynamic filtering can e�ectively reduce trace
data volume, it must be applied carefully to avoid system-
atic error by discarding frequent computation periods just
under the filtering threshold. As another example of dy-
namic filtering, TAU and VAMPIR can optionally throttle
a procedure by disabling its instrumentation after that pro-
cedure has been executed a certain number of times [19,35].
In contrast to all of these techniques, by using asyn-

chronous sampling, we have taken a fundamentally di�er-
ent approach to scale the process of collecting a call path
trace. Although, we do use a form of lossless compression (a
calling context tree), that compression would be ine�ective
without sampling. With a reasonable sampling period and
the absence of a correlation between the execution and sam-
pling period, asynchronous sampling can collect represen-
tative and fine-grained call path traces for little overhead.
Sampling naturally focuses attention on important execu-
tion contexts without relying on possibly premature local
filtering tests. Additionally, because asynchronous sampling
provides controllable measurement granularity, it naturally
scales to very large-scale and long-running executions.
Sampling can also be employed to present call path traces

at multiple levels of abstraction and at arbitrary resolu-
tions. Here the basic problem is that a display window typ-
ically has many fewer pixels than available trace records.
Given one pixel and the trace data that could map to it, so-
phisticated presentation tools like Paraver attempt to select
the most interesting datum to define that pixel’s color [22].
However, such techniques require examination of all trace
data to render one display. Because this is impractical for
fine-grained traces of large-scale executions, we use various
forms of sampling to rapidly render complementary slices
of calling-context-sensitive data. In particular, by sampling
trace data for presentation, we can accurately render views
by consulting only a fraction of the available data.
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Figure 1: (a) The call path for a sample point; (b)
several call path samples form a calling context tree.

Other work on scalably presenting traces at multiple lev-
els of resolution has focused on flat traces; and none, to our
knowledge, has used sampling. To scale in the time dimen-
sion, Jumpshot’s SLOG2 format organizes trace events with
a binary tree to quickly select trace events for rendering [7].
To scale in the time and process dimensions, Gamblin et al.
use multi-level wavelet compression [12]. Lee et al. precom-
pute certain summary views [23].

2.4 Summary
By using sampling both for measurement and presen-

tation, we can collect and present fine-grained large-scale
traces for applications written in several programming mod-
els. In prior work [1], we presented a terse overview of an
early prototype of our tool. This paper, besides describing
the key ideas behind our work, additionally presents new
techniques for (a) scalable post-mortem trace analyses and
(b) scalable presentation, including a combined process/time
and call-path/time display.

3. COLLECTING CALL PATH TRACES
To collect call path traces with controllable granularity

and measurement overhead, we use asynchronous sampling.
Sampling-based measurement uses a recurring event trigger,
with a configurable period, to raise signals within the pro-
gram being monitored. When an event trigger occurs, rais-
ing a signal, we collect the calling context of that sample —
the set of procedure frames active on the call stack — by un-
winding the call stack. Because unwinding call stacks from
an arbitrary execution point can be quite challenging, we
base our work on HPCToolkit’s call path profiler [38,39].
To make a call path tracer scalable, we need a way to com-

pactly represent a series of timestamped call paths. Rather
than storing a call path independently for each sample event,
we represent all of the call paths for all samples (in a thread)
as a calling context tree (CCT) [2], which is shown in Fig-
ure 1. A CCT is a weighted tree whose root is the program
entry point and whose leaves represent sample points. Given
a sample point (leaf), the path from the tree’s root to the
leaf’s parent represents a sample’s calling context. Although
not strictly necessary for a trace, leaves of the tree can be
weighted with metric values such as sample counts that rep-
resent program performance in context (a call path profile).
The critical thing for tracing is that with a CCT, the calling
context for a sample may be completely represented by a leaf
node. Thus, to form a trace, we simply generate a sequence
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v Central	
  aspect	
  
Ø  Abstract	
  data	
  model	
  
Ø  Capture	
  seman4cs	
  
and	
  aNribu4on	
  

v Realiza7on	
  
Ø  Scalable	
  data	
  store	
  
Ø  Efficient	
  queries	
  

v Progress	
  so	
  far:	
  
Ø  Discussion	
  with	
  visualiza4on	
  and	
  performance	
  community	
  
Ø  Community	
  agreement	
  of	
  a	
  model	
  strawman	
  
Ø  Formal	
  write-­‐up	
  in	
  progress	
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A	
  Central	
  Data	
  Model	
  to	
  Enable	
  Mappings	
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Thrust	
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  Visual	
  Performance	
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v Holis7c	
  analysis	
  
Ø  Capture	
  rela4onship	
  between	
  measurements	
  	
  
Ø  Adap4ve	
  behavior	
  
Ø Mappings	
  and	
  correla4ons	
  through	
  data	
  model	
  
Ø  Integrate	
  meta	
  data	
  to	
  capture	
  adap4vity	
  

v Goal:	
  understand	
  performance	
  behavior	
  
Ø  Enable	
  users	
  to	
  understand	
  their	
  performance	
  
Ø  Enable	
  users	
  to	
  act	
  on	
  newly	
  gained	
  insight	
  

v Main	
  challenge	
  
Ø Map	
  informa4on	
  to	
  domains	
  that	
  are	
  intui4ve	
  for	
  users	
  

•  Physical	
  simula4on	
  domain,	
  data	
  structures,	
  high-­‐level	
  constructs	
  
•  Mask	
  run4me	
  constructs,	
  resilience	
  features,	
  hidden	
  adap4vity	
  

Ø  Provide	
  mul4ple	
  perspec4ves	
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Visualiza4on	
  Help	
  Create	
  Insight	
  
v A	
  picture	
  can	
  say	
  more	
  than	
  1000	
  words	
  

Ø  But	
  it	
  needs	
  to	
  be	
  the	
  right	
  picture	
  
Ø  New	
  InfoVis	
  techniques	
  needed	
  

•  Unstructured	
  and	
  discrete	
  data	
  
•  High	
  dimensionality	
  
•  Complex	
  rela4onships	
  

v Example	
  
Ø  Job	
  mappings	
  on	
  Cray	
  systems	
  

v Example	
  
Ø Messages	
  in	
  logical	
  4me	
  with	
  delay	
  informa4on	
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PIPER 

Use	
  Case	
  MemAxes:	
  On-­‐node	
  Data	
  Mo4on	
  

v  A	
  measurement	
  component	
  samples	
  memory	
  instruc7ons	
  
v  We	
  map	
  latency	
  informa7on	
  onto	
  source	
  code	
  and	
  node	
  topology	
  

v  Parallel	
  coordinates	
  view	
  allows	
  explora7on	
  of	
  correla7ons	
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PIPER 

Linked	
  Views	
  Show	
  On-­‐node	
  Data	
  Mo4on	
  Problems	
  
v  Parallel	
  coordinates	
  view	
  

shows	
  correla7on	
  between	
  
array	
  index	
  and	
  core	
  id	
  in	
  
LULESH	
  

v  Linked	
  node	
  topology	
  view	
  
shows	
  data	
  mo7on	
  for	
  
highlighted	
  memory	
  
opera7ons	
  

v  A	
  con7guous	
  chunk	
  of	
  an	
  array	
  
is	
  ini7ally	
  split	
  between	
  
threads	
  on	
  four	
  cores	
  

v  Using	
  an	
  op7mized	
  affinity	
  
scheme,	
  we	
  improve	
  locality	
  

v  Performance	
  improved	
  by	
  10%	
  	
  
v  Look	
  for	
  MemAxes	
  at	
  

tomorrow’s	
  Technology	
  
Marketplace	
  

Default	
  thread	
  affinity	
  with	
  poor	
  locality	
  

Op4mized	
  thread	
  affinity	
  with	
  good	
  locality	
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Thrust	
  4:	
  Feedback	
  &	
  Autotuning	
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v Performance	
  informa7on	
  as	
  feedback	
  
Ø  Challenge	
  1:	
  large	
  search	
  space	
  
Ø  Challenge	
  2:	
  need	
  for	
  distributed	
  decisions	
  

v Goal:	
  hierarchical	
  feedback	
  loop	
  
Ø  Local	
  decisions	
  where	
  possible	
  
Ø  Global	
  decisions	
  where	
  necessary	
  

v  Integra7on	
  into	
  all	
  levels	
  of	
  sobware	
  stack	
  
Ø  Inclusion	
  of	
  stack-­‐wide	
  informa4on	
  
Ø  Actors	
  in	
  all	
  levels	
  of	
  the	
  X-­‐Stack	
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Hierarchical	
  Auto-­‐Tuning	
  
v Challenge:	
  high	
  dimensional	
  search	
  spaces	
  

Ø  Separate	
  into	
  individual	
  loops	
  where	
  possible	
  
Ø  Ini4al	
  results	
  show	
  significant	
  search	
  speed	
  improvements	
  

v Challenge:	
  high	
  node	
  counts	
  
Ø  Central	
  auto-­‐tuner	
  no	
  longer	
  feasible	
  
Ø Mul4ple	
  independent	
  tuners	
  
oXen	
  interact	
  poorly	
  

v Goal:	
  distributed,	
  	
  
coordinated	
  search	
  
Ø  Coordina4on	
  service	
  
as	
  mediator	
  

Ø  Informs	
  workers	
  
Ø  Aggregates	
  data	
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Status	
  Summary	
  
v Thrust	
  1:	
  Measurement	
  /	
  Interface	
  

Ø  Proof	
  of	
  concept	
  for	
  threaded	
  RT	
  interface	
  
Ø  Prototype	
  for	
  OMPT	
  use	
  in	
  HPCToolkit	
  
Ø  Network	
  conten4on	
  analysis	
  
Ø  Infrastructure	
  improvements	
  and	
  releases	
  (Dyninst	
  &	
  MRNet)	
  

v Thrust	
  2:	
  Data	
  Model	
  and	
  ABribu7on	
  
Ø  Ini4al	
  data	
  model	
  complete	
  and	
  being	
  wriNen	
  up	
  

v Thrust	
  3:	
  Visual	
  Performance	
  Analysis	
  
Ø  New	
  visualiza4on	
  techniques	
  for	
  message	
  displays	
  
Ø MemAxes:	
  on-­‐node	
  data	
  mo4on	
  visualiza4on	
  	
  

v Thrust	
  4:	
  Feedback	
  and	
  Auto-­‐Tuning	
  
Ø  Improved	
  search	
  for	
  high	
  dimensional	
  spaces	
  
Ø  First	
  design	
  of	
  a	
  distributed,	
  coordinated	
  tuning	
  approach	
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Comparison	
  to	
  “Conven4onal”	
  Techniques	
  
v  Learning	
  from	
  conven7onal	
  programming	
  models	
  

Ø  Ini4al	
  star4ng	
  point:	
  performance	
  analysis	
  for	
  MPI+X	
  
•  Exis4ng	
  infrastructure,	
  experience,	
  and	
  interfaces	
  
•  Expand	
  to	
  cross-­‐stack	
  correla4on	
  

Ø  Iden4fy	
  types	
  of	
  informa4on	
  and	
  meta-­‐data	
  needed	
  	
  

v Suppor7ng	
  emerging	
  models	
  
Ø  Support	
  emerging	
  low-­‐level	
  OS	
  and	
  RT	
  system	
  (new	
  interfaces)	
  
Ø  Support	
  emerging	
  programming	
  abstrac4ons	
  (new	
  mappings)	
  
Ø  Goal:	
  compa4ble	
  interfaces	
  to	
  avoid	
  MxN	
  scenario	
  
Ø  Capture	
  and	
  properly	
  represent	
  system	
  adap4vity	
  

v  Final	
  goal:	
  new	
  capabili7es	
  for	
  the	
  X-­‐Stack	
  
Ø  New	
  types	
  of	
  data	
  and	
  new	
  presenta4on	
  
Ø  Correlated	
  and	
  intui4ve	
  representa4on	
  of	
  informa4on	
  
Ø  Support	
  users	
  using	
  the	
  new	
  X-­‐Stack	
  models	
  

v Will	
  have	
  to	
  grow	
  with	
  the	
  X-­‐Stack	
  projects	
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Ques4ons	
  to	
  Other	
  Teams	
  
v  Needs	
  for	
  new	
  programming	
  approaches	
  

Ø  What	
  types	
  of	
  performance	
  problems	
  do	
  you	
  expect	
  and/or	
  want	
  to	
  
measure	
  and	
  analyze?	
  	
  

Ø  What	
  abstrac4ons	
  should	
  a	
  performance	
  tool	
  use	
  to	
  display?	
  
•  Which	
  source	
  constructs	
  and	
  data	
  structure	
  informa4on	
  is	
  useful?	
  
•  How	
  is	
  this	
  exposed	
  to	
  the	
  tool?	
  

Ø  What	
  parts	
  can	
  benefit	
  from	
  auto-­‐tuning?	
  
•  Which	
  knobs	
  exist	
  and	
  how	
  are	
  they	
  exposed?	
  

v  Interfaces	
  to	
  run7mes,	
  OS,	
  and	
  hardware	
  
Ø  What	
  are	
  the	
  units	
  managed	
  by	
  the	
  respec4ve	
  layers?	
  
Ø  How	
  is	
  informa4on	
  exposed?	
  
Ø  What	
  interfaces	
  allow	
  tools	
  /	
  tuners	
  to	
  set	
  knobs	
  

v  Interac7on	
  with	
  the	
  external	
  environment	
  /	
  scheduler	
  
Ø  Request,	
  ini4alize	
  and	
  control	
  tool	
  resources	
  

v  Panel	
  tomorrow:	
  	
  
Performance	
  Tools	
  and	
  Their	
  Interfaces	
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