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Abstract

Multi-dimensional performance data analysis presents challenges for programmers, and users.
Developers have to choose library and compiler options for each platform, analyze raw
performance data, and keep up with new technologies. Users run codes on different platforms,
validate results with collaborators, and analyze performance data as applications scale up.
Site operators use multiple profiling tools to optimize performance, requiring the analysis
of multiple sources and data types. There is currently no comprehensive tool to support
the structured analysis of unstructured data, when, holistic performance data analysis can
offer actionable insights and improve performance. In this work, we present thicket, a tool
designed based on the experiences and insights of programmers, and users to address these
needs. Thicket is a Python-based data analysis toolkit that aims to make performance data
exploration more accessible and user-friendly for application code developers, users, and
site operators. It achieves this by providing a comprehensive interface that allows for the
easy manipulation, modeling, and visualization of data collected from multiple tools and
executions. The central element of Thicket is the ”thicket object,” which unifies data from
multiple sources and allows for various data manipulation and modeling operations, including
filtering, grouping, and querying, and statistical operations. Thicket also supports the use
of external libraries such as scikit-learn and Extra-P for data modeling and visualization
in an intuitive call tree context. Overall, Thicket aims to help users make better decisions
about their application’s performance by providing actionable insights from complex and
multi-dimensional performance data. Here, we present some capabilities extended by the
components of thicket and important use cases that have implications beyond the data

structure that provide these capabilities.
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time (exc) ProblemSize Reps Bytes/Rep Flops/Rep name
node profile

{'name': 'Base_CUDA, 'type": '} -8547 701 NaN 4194304 NaN NaN NaN Base_CUDA
2477314085958804064 NaN 1048576 NaN NaN NaN Base_CUDA
{'name": 'Algorithm_MEMCPY', 'type": Y -8547 701 NaN 4194304 NaN NaN NaN Algorithm_MEMCPY
2477314085958804064 NaN 1048576 NaN NaN NaN Algorithm_MEMCPY
-212325480724945778  0.000212 4194304 100.0 67108864.0 0.0 Algorithm_MEMCPY
4195139501579787455  0.000190 1048576  100.0 16777216.0 0.0 Algorithm_MEMCPY
{'name": 'Apps_MASS3DPA.default', 'type": ‘function’}  -212325480724945778 17.741624 4194250  50.0 67913616.0 170085226.0 Apps_MASS3DPA default
4195139501579787455  4.142721 1048500 50.0 16977632.0 42518772.0 Apps_MASS3DPA.default
{'name': 'Apps_NODAL_ACCUMULATION_3D.default', 'type": 'function'}  -212325480724945778 5.174605 4173281  100.0 134796944.0 37559529.0 Apps_NODAL_ACCUMULATION_3D.default
4195139501579787455  1.174504 1030301 100.0 33464144.0 9272709.0 Apps_NODAL_ACCUMULATION_3D.default
{'name": 'Basic_TRAP_INT.default', 'type": ‘function'} -212325480724945778 1.741007 4194304 50.0 16.0 41943040.0 Basic_TRAP_INT.default
4195139501579787455  0.435387 1048576 50.0 16.0 10485760.0 Basic_TRAP_INT.default
{'name': 'Stream_DOT.default', 'type": 'function’}  -212325480724945778 24.278595 4194304 2000.0 67108880.0 8388608.0 Stream_DOT.default
4195139501579787455  6.684469 1048576 2000.0 16777232.0 2097152.0 Stream_DOT.default

Figure 4.2: Propagation of metadata filter onto performance data.
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Then, after observing the results, we can use the statistical filter to manipulate the
performance data table. This helps provide a more focused visualization or application of
statistical functions on a selected number of nodes of the customized performance data.
Fig. 4.3 shows an example of a thicket aggregate statistics table. Compared to the empty
stats table from Fig. 3.2, this table has appended results. The appended results are the
mean, median, and percentile of the exclusive run-time for each node from the performance
data table.

We provide a range of statistical and visualization functionalities as part of the thicket
API. One of these, is the ability to generate heat maps using a column from the appended
aggregate statistics table. The table in Fig.4.3 has multiple rows of information, and we
can generate the heat map of all these rows for the median exclusive time column. Before
we perform any visualization on this table, we sort this table on the basis of the average
(median) exclusive run-time for each node. We then have a resulting table as can be seen in
Fig. 4.4.

We will now use this sorted table to generate a heat-map of all the nodes present, based
on the average exclusive run-time to get a proper understanding of how the run-times are
distributed for each of these nodes on average. The sorting of table based on the median
column help with this visualization technique by allowing us to easily separate the longer
and shorter run-times.

Fig. 4.5 represents the heat map with this setting. The heat map is color coded, where
the lighter the color, the higher the average run-time, and the darker the color, the lower
the average run-time. The capability of generating heat maps help visualize the overall
distribution of the nodes and their corresponding average run-time. However, the data is
too large at this scale for proper analysis. This figure is much more helpful in getting an
overview of the data and then determining what nodes to focus on.

This is a case where filtering the statistics table is complimentary in combination with
the visualization. In Fig. 4.6, we present a much shorter table than the table in Fig. 4.4
with a chosen set of nodes. We achieve this using the statistics filter to filter down to just
the Basic . TRAP_INT, Basic. REDUCE3_INT, Basic_.PI_REDUCE, Stream_TRIAD, and the
Stream_TRIAD.block_128 nodes.
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name (exc) median (exc) mean time(exc) p
node

{'name': 'Base_CUDA!, 'type": 'function'} Base_CUDA 0.000636 0.000632 [0.0006265, 0.000636, 0.000639]
{'name": 'Algorithm', 'type": ‘function’} Algorithm 0.000048 0.000048 [4.6500000000000005¢-05, 4.8¢-05, 4.9¢-05]
{'name": 'Algorithm_MEMCPY', 'type": 'function'} Algorithm_MEMCPY 0.000016 0.000016 [1.6e-05, 1.6e-05, 1.6e-05]
{'name': 'Algorithm_MEMCPY.block_128', 'type": ‘function'} Algorithm_MEMCPY.block_128 0.002440 0.002442 [0.0024395, 0.00244, 0.0024435]
{'name": 'Algorithm_MEMCPY.library', 'type': 'function'} Algorithm_MEMCPY.library 0.002609 0.002609 [0.0026085, 0.002609, 0.002609]
{'name': 'Stream_DOT.block_128', 'type": 'function'} Stream_DOT.block_128 0.113655 0.112893 [0.11216000000000001, 0.113655, 0.114006500000...
{'name": 'Stream_MUL', 'type": 'function'} Stream_MUL 0.000011 0.000011 [1.0500000000000001e-05, 1.1e-05, 1.15e-05]
{'name': 'Stream_MUL.block_128', ‘type": ‘function'} Stream_MUL.block_128 0.043271 0.043180 [0.043106, 0.043271, 0.0432995]
{'name": 'Stream_TRIAD', 'type": 'function'} Stream_TRIAD 0.000008 0.000008 [8e-06, 8e-06, 8.5e-06]
{'name": 'Stream_TRIAD.block_128', 'type": 'function'} Stream_TRIAD.block_128 0.033730 0.033717 [0.033696000000000004, 0.03373, 0.0337445]

Figure 4.3: An aggregate statistics table with the inclusive time metrics mean, median,
and percentile values.
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name time(exc) median time(exc) mean time(exc) percentile

node
{'name": 'Basic_TRAP_INT', 'type': 'function'} Basic_TRAP_INT 0.000007 0.000007 [7e-086, 7e-086, 7.499999999999999¢-06]
{'name": 'Basic_REDUCE3_INT', 'type': 'function'} Basic_REDUCE3_INT 0.000008 0.000008 [8e-06, 8e-06, 8e-06]
{'name': 'Basic_PI_REDUCE', 'type': 'function'} Basic_PI_REDUCE 0.000008 0.000008 [7.499999999999999¢-06, 8e-06, 8e-06]
{'name': 'Basic_INDEXLIST', 'type': 'function'} Basic_INDEXLIST 0.000008 0.000009 [8e-06, 8e-06, 9e-06]
{'name': 'Basic_IF_QUAD', 'type": ‘function'} Basic_IF_QUAD 0.000008 0.000008 [8e-06, 8e-06, 8.5e-06]
{'name': 'Polybench_JACOBI_1D.block_128', 'type': 'function’} Polybench_JACOBI_1D.block_128 0.077718 0.077743 [0.07769899999999999, 0.077718, 0.077775]
{'name': 'Polybench_JACOBI_2D.block_128', 'type": ‘function’} Polybench_JACOBI_2D.block_128 0.102580 0.102596 [0.1025345, 0.10258, 0.10265]
{'name": 'Stream_DOT.block_128', 'type': 'function'} Stream_DOT.block_128 0.113655 0.112893 [0.11216000000000001, 0.113655, 0.114006500000...
{'name': 'Basic_PI_ATOMIC.block_128', 'type": ‘function'} Basic_PI_ATOMIC.block_128 0.124113 0.120364 [0.11722250000000001, 0.124113, 0.1253795]
{'name': 'Polybench_FLOYD_WARSHALL.block_128', 'type": ‘function'} Polybench_FLOYD_WARSHALL.block_128 0.209053 0.209057 [0.208826, 0.209053, 0.2092865]

Figure 4.4: The aggregate statistics table from Fig. 4.3 sorted on the basis of the average
(median) exclusive run-time, or the third column from the referenced table.
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Figure 4.5: The heat map generated with respect to the time(exc) median metric from
Fig. 4.4
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name time(exc) medi; time(exc) mean time(exc) percentile

node
{'name’: 'Basic_TRAP_INT", 'type": 'function'} Basic_TRAP_INT 0.000007 0.000007 [7e-06, 7e-06, 7.499999999999999¢-06]
{'name': 'Basic_REDUCE3_INT', 'type": ‘function'} Basic_REDUCE3_INT 0.000008 0.000008 [8e-06, 8e-086, 8e-06]
{'name': 'Basic_PI_REDUCE', 'type": 'function'} Basic_PI_REDUCE 0.000008 0.000008 [7.499999999399999¢-06, 8e-06, 8e-06]
{'name": 'Stream_TRIAD', 'type": ‘function'} Stream_TRIAD 0.000008 0.000008 [8e-06, 8e-06, 8.5e-06]
{'name': 'Stream_TRIAD.block_128', 'type": ‘function'} Stream_TRIAD.block_128 0.033730 0.033717 [0.033696000000000004, 0.03373, 0.0337445]

Figure 4.6: The stats filter applied to Fig. 4.4, reducing the number of nodes to six.
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The filtering of nodes for this specific example is done to take a more concentrated look
at the nodes with the highest three average run-times and the lowest two run-times. As a
result of the filtering, we end up with a much more readable and precise heat map in Fig. 4.7.
The figure truly enables the EDA of performance data as a combination of manipulation and
visualization of the performance data.

We provide users with the flexibility to manipulate data with either of the three
components of the thicket. In practice, a user can append several other statistical calculations
to the statistics table. Then, generate heat maps based on those calculations, using them as
the metric for this visualization. The thicket’s several statistical and visualization capabilities
make exploring thicket performance data non-linear, where a user can either manipulate
performance data, perform statistical calculations, or visualize data in any order and any
number of times.

And as demonstrated in the last example, it can be used in combination to make
conclusions about performance. The capabilities of the thicket are extendable and can
include a wide variety of implications in the future. In the next chapter, chapter 5, we
provide an overview of current improvements being implemented by the PAVE team and

possible future avenues for thicket.
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Chapter 5

Conclusion and Future Work

In this chapter, we summarize our thesis and provide insight into future work that can extend

the capabilities of thicket.

5.1 Summary

We provided an overview of four performance tools, HPCToolkit [1, 8], Score-P [7], TAU [9],
and Allinea MAP [6], that generate profiles for different programs runs. These tools from
chapter 2 also allow the analysis of performance data contained within the profiles.

We introduced thicket [5], a performance analysis tool that enables the analysis of an
ensemble of the program runs together. We established that thicket differs from the rest of
the performance tools in chapter 2 as it allows multiple profiles to be read into a single object
for a thorough analysis instead of a single profile at a time. The three components of thicket
were also introduced, providing the background necessary to understand our contributions
to thicket.

We identified our contributions to thicket, which include extending the capabilities
of two out of the three components of thicket: the metadata and aggregate statistics.
The capabilities mentioned in chapter 3 is the filtering and grouping functions concerning
the metadata table and the filtering function concerning the statistics table. We also
demonstrated the effect of these functions with simple examples of the metadata and

statistics tables.
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We provided the use case settings for two cases demonstrated in chapter 4. These use
cases helped us expand on the effects of the filtering and grouping functions from chapter 3
beyond the metadata and statistics tables. We displayed the visual representation of both
use cases with the help of metadata and statistics table examples, the performance data
table, and a heat map of the corresponding statistics table.

We found that the filtering and grouping capabilities are essential to the post-processing of
performance data and can be combined with several other thicket capabilities for meaningful

EDA.

5.2 Future Work

In the future, we are considering leveraging deep learning neural networks to take data from
the tables of a thicket object and deduce optimal settings for running a program. An example
of this would be using neural networks to provide users with a suggestion on what compiler
will result in optimal performance while executing a program.

Another extension to thicket’s capabilities is to export data stored in thicket objects
directly onto pre-existing visualization tools like Tableau. This opens up the opportunity for
scientists to visualize these data directly without and extensive knowledge of the code base.

We are expanding the accessibility of thicket by providing an open-access suite of Jupyter
notebooks demonstrating additional capabilities of thicket beyond the work of this thesis.
Easy-to-follow tutorials will also be provided as part of extensive documentation for thicket
in the Read the Docs format. The suite of Jupyter notebooks will also be executable with

the help of the Binder platform.
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