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|/O Analysis Cycle

* Optimizing /O efficiency has become essential for
maximizing productivity as scientific workloads on
HPC systems become increasingly data-intensive

~N

/O Trace
) ) Collection
* The go-to solution:1/O Analysis
* Involves gathering 1/0 traces and examining patterns
to detect anomalies _
\l, Query Execution

« Existing 1/0 analysis tools utilize data drilling to _ I/_O _ 1/0 A"3|V5'5 N Data Drilling
Optimization J Visualization

identify 1/0O bottlenecks within trace data that can fit
in memory M N

* Recently, traces from scientific workloads have
reached terabytesin size, necessitating out-of-core
analysis
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|/O Analysis Cycle

* Optimizing 1/0 efficiency has become essential for
maximizing productivity as scientific workloads on
HPC systems become increasingly data-intensive

* The go-to solution:1/O Analysis “data drilling”: Iterative
* Involves gathering 1/0 traces and examining patterns __ »’ exploration of data for
to detect anomalies e deeper insights

a- \ |
* Existing /O analysis tools utilize data drilling to D £ I A
identify 1/0O bottlenecks within trace data that can fit

in memory “out-of-core analysis”:
« Recently, traces from scientific workloads have L Analysis of data too large to
reached terabytesin size, necessitating out-of-core <~ "~ fit in memory by means of
analysis distributed computing

__________________________________________________________
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State-of-the-art

e Currently, I/O analysisis conducted using various tools, including
» Profiling/Tracing: Darshan, Recorder, DLIO Profiler
e Analysis: PyDarshan, Drishti, DXT Explorer, Recorder-viz
* Studies mostly rely on these tools to detect I/O problems, for instance
« UMAMI [1], TOKIO [2], IOMiner [3]: System-wide, Darshan, Pandas, In-memory

« Extracting and characterizing 1/0 behavior of HPC workloads [4]: Workflow-level, Recorder, Parquet, Out-of-core
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Challenges

* |/O analysison large-scale I/O traces, involvingdatadrilling, is a complex task that faces three major challenges:

Analyzing terabyte-scale Inefficient slicing and Lack of global query
I/0 traces grouping optimization
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Challenges

* As the volume of traces generated by scientific workloads has grown to terabytesin size, there is an increasing
need for out-of-core 1/O analysis

* Forinstance, traces from DLIO Benchmark [5] for a TensorFlow workload reaches 5TB in size

* Accesses 5376 files of 132MB in size, 4 read threads, 1000 epoch

* Calculatingthe unoverlapped I/O requires efficient slicing and grouping in async I/O scenarios
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DLIOBenchmark. run
Thread 2947025

<module> iter <module>. iter <. <module>_iter <module=_iter <modu..  <module=.iter emodule>.iter <module=. iter <modules iter <module> iter <module=it_.  <mod._

Thread 2047316

Thread 2047317

Thread 2047318

Thread 2047319

I/O operations
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Challenges

* Typical queries to analyze this trace would look like the followingin SQL

/

# Total I/0 size by each thread within a specific time
SELECT SUM(size) FROM traces WHERE time > ‘©1:50' and time < ‘01:53" GROUP BY thread_id

# Aggregated I/0 BW per process within a specific time

\FELECT SUM(size)/SUM(duration) FROM traces WHERE time > ‘©01:50' and time < ‘©1:53’ GROUP BY process_id

DLIOBenchmark. run

Thread 2047025 <maodules.iter

Thread 2047316

Thread 2947317

Thread 2947318

read [r )| r read 1!/ reac

Thread 2047319
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Solution: IOMax

* The lOMaxtoolis aimed at enhancingthe efficiency User — @ Queries IOMax
afifa . taset + t t
of data drilling analysison large-scale 1/0 traces : L i dsier QueryEngine
. ; » Build Aggregate ]
* |t has three main components : [_Detectissues | - View
. E +@ Issues > @
« DatasetValidator " DatasetTransformer ) L . ® » Query
I
X [ Dtype Optimization } Cache Aggregate Results
- DatasetTransformer ! — ] View )
=
. E ncoaing "@
* QueryEngine | | Derived Columns | [ RunQueries |
I
I . —
Config| | >[ UserFunctions J (3) Optimized Dataset
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|IOMax — DatasetValidator

* Detectsissues within the I/O traces

Misinferred datatypes
Inefficient datatypes

Encoding issues (binary/string)

* Forinstance

e 47242024

|/O Category and Access Pattern columns are among
commonly misinferred datatypes

String columns are highly inefficient for analysis, both
when storing and querying them

e

Config

)
[ Derived Columns ]
]

= >[ User Functions

( N
: IOMax
1) Queries
ok (1) Dataset + Metadata D a Erc
DatasetValidator - .uery s S
| Detect Issues | » Build C%g\]hr,egate
+@ Issues @
DatasetTransformer - y :
[ Dtype Optimization ] Cache\//‘:«ggregate
[ Encoding ’
t®

[ Run Queries

J

» Query

(3) Optimized Dataset

Results
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|IOMax — DatasetTransformer us ch

* Corrects misinferred datatypesby converting them
into the expected datatypes

* Forinstance

* |/O Category and Access Pattern columns usually have
limited set of values, hence can be transformed into
more efficient datatypes

e Strings columns such as File and Process Names can
be encoded as integers values through hashing

Categoricaldata Boolean
columnsin I/O encoding when
trace needed
| Column Misinferred | Transformed | Reduction
| [/O Category | 32-bit Integer | 8-bit Integer ~4x
| Access Pattern | 32-bit Integer Boolean ~d4x

e 47242024

(1) Queries IOMax
: DatasetValidator = Q'ueryEnglne S
: | Detect Issues | > Build Aggregate
: » View )
I y\2) Issues @
: DatasetTransformer ~ v - ® » Query
I
E [ Dtype Optimization ] Cache \zggregate ) Results
: [ Encoding ] | ®
: [ Derived Columns | ( RunQueries ]
I
' M s
Confid| ™ | ’f pearEunclions ] 3 Dptimized Dataset
Reduction varies due
Categorical to variablelength
encoding when nature of string
needed columns
' Column Original | Transformed | Reduction
File Name String 64-bit Integer 10-20x
Process Name | String 64-bit Integer 10-20x
| 1/O Function String Category 60-80x
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| O M a X % QU e ry E ﬂ g | n e User r If T (@) Queries IOMax |

; DatasetValidator = QfleryEngine S
. I > View
e Constructs an execution plan that leverages query ' @ tssues - ®
reduction and in-memory caching techniques to E DatasetTransformer T A‘S’;gregate L 1@, élue?
« . . imirati esulls
minimize redundant|/O costs i R | View
Encodi
: [ ncoding ] | ®
| [ Derived Columns | ( RunQueries ]
!
| 2 ed
Config| | >{__User Functions _ | 3) Optimized Dataset
4 )

# Total I/0 size by each thread within a specific time
SELECT SUM(size) FROM traces WHERE time > ‘@01:50' and time < ‘©1:53' GROUP BY thread_id

# Aggregated I/0 BW per process within a specific time

\SELECT SUM(size)/SUM(duration) FROM traces WHERE time > ‘©1:50' and time < ‘@©1:53' GROUP BY process_id

J

Merge grouping queries via the

Determine appropriate Group “time ranges” with the . .
: . : aggregate view to avoid
aggregation methods for the expected time resolution out
: . . redundant accessto the same
metricsaccessed of time-based slicing

data
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Evaluations

e Workloads

* Microbenchmarks utilizing varied 1/O trace records
* 5 million, 25 million, 125 million

* Derived fromreal-world /O traces

* 4 scientific HPC workflows
1000 Genomes, Montage (in this presentation)

 HACC, CML1 (in the paper)

1000 Genomes 715,248,240 21,268,291 2,712
Montage 12,346,353 19,680 11,488

8%%'8 4/24/2024

440GB
30GB

Hardware

* Lassen supercomputer at LLNL
* |BMPower9 CPU, 256GB RAM
* IBMSpectrum Scale FS (GPFS)
Software
* Pandas (Data analysis library)
* Utilized for in-memory analysis
e Dask (Distributed computing library)
* Utilized for out-of-core analysis
* Pandas compatible APIs

* Recorder (I/O tracing library)

* Provides fine-grained | /O events
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Evaluations - Data Reduction

* 10 real-world I/O analysis queries are executed
against datasets to showcase the effects of
independent query treatment and the increasing
memory footprint

* The execution time of the unoptimized queries
increases linearly, ~¥6x per scale, while optimized
version scales well

* The optimized version has a memory footprint that
is 8.5x smaller than the unoptimized version

e 47242024
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Evaluations = lterative Queries

* Performing I/O analysisand datadrillinginvolves
iterative operations. Typically, this is part of the
analysisprocess. In our case, we offloaded these
iterative operationsto our preprocessor
(DatasetTransformer), which is written in C

* The findingsreveal a linearincrease in Python’s
iteration time, ~5x per scale

* In contrast, C exhibits a constantiteration time,
averagingaround 50 ms

e 47242024
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Evaluations - Datatype Performance

* Range queries were executed on both string and
integer indices to identify the top %, %, and % of the
most accessed files

 Our DataTransformer transforms string columns
like filename into integer through hashing

e Accessing subsets with string indices exhibits a linear
increase in access time relative to the number of
files, resultingin an 11.4x slower performance

* In contrast, integer indices shows a nearly constant
access time, averaging around 15us

e Stringindicesincura memory footprint 13.1x larger
than that of integer indices

8%%'8 4/24/2024
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Evaluations — Scientific Workflows

* 10 real-world I/O analysis queries were executed
against the /O traces of Montage and 1000
Genomes to illustrate the overall benefits derived
from our methodology

* The finding show that IOMax improves the analysis
performance up to 7x for large-scale 1/O traces

e Additionally, it reduces the memory footprint of
queries by 3x
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Conclusion

Our methodology improves
real-world large-scale 1/O
analysis performance by 7x

8%%'8 4/24/2024

Our data transformer improves
data-slicing performance by
11.4x

Our query optimizationsachieve
up to 8.6x performance
improvementand an 11x
reduction in memory usage

20



Thank you!

Any questions?

This work was performed underthe auspices of the U.S. Department of Energy by Lawrence Livermore National Laboratory under Contract DE-AC52-07NA27344. This
material is based upon work supported by the U.S. Department of Energy, Office of Science, Office of Advanced Scientific Computing Research underthe DOE Early
Career Research Program (LLNL-PRES-857387). Also, the material is based upon work supported by the National Science Foundation under Grant no. NSF OAC-2104013,
e 4/24/2024 OCI-1835764, and CSR-1814872. 21
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