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Transfer Learning Workflow for High-Quality 1/0 Bandwidth Prediction with Limited Data
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Motivation Results

The /O performance of a scientific application is difficult to predict due to multiple
intertwined variables coming from the hardware, middleware, and the application layer?.
This makes predicting I/O performance a good candidate problem for machine learning due
to the complex relationships of the variables involved.

Transfer Learning Workflow

Initial Training on the Blue Waters Dataset

Final error after training on Blue Waters dataset
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1. Data Preprocessing

We remove logs with erroneous data and drop several all-zero metrics.
Bandwidth outliers are identified and eliminated using Interquartile Range (IQR)
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method?. In total we shed ~15% of the data from all datasets. T — B B ] w
However, making a high-quality prediction requires a large amount of high-quality data, and _ 15+ Full dataset 18.81 MB/s
collecting it is a big challenge for most data centers. Comprehensive I/O performance data 2. Bu"ding Neural Network Model % Limited # of procs 5.53 MB/s
from various .types of applications can tal.<e .yecj;\rs to gather and is rarely done in practice by We use a Multi-Layer PerceptronS with 3 fully-connected hidden layers and RelLU ;% 7 Random guess in IR T
small to medium data centers due to their limited resources. activations. The model receives 96 Darshan POSIX counters and the # of -

To answer this problem, we propose to apply transfer learning to perform the 1/0 prediction.
We use publicly available Darshan? logs from the Blue Waters cluster operated by NCSA from

processess as input and produces bandwidth in MB/s.

ReLU activations
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Data Source & Target Prediction

We use around 680,000 Darshan v3.21+ logs with POSIX records from Blue Waters for the
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Explainable Al

We use 9 approaches (Integrated Gradients, Integrated Gradients with Noise
Tunnel, Deeplift, Feature Ablation, Shapley Value Sampling, Guided Propagation,
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Random seed for 5-fold cross-validation
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Random seed for 5-fold cross-validation

Transfer Learning on the limited number of processes performs better than the current state of the art®, the
random guess in the IQR range, and the model trained directly on the target dataset.

initial training. Our target dataset for transfer learning is around 1,300 Darshan logs from Feature Permutation, InputXGrad, Saliency) and average the attributed
scientific applications and benchmarks running on CLAIX18 and a random selection of importance for each feature. " Full dataset 11.6% 20.1%
around 60,000 Darshan logs collected at ALCF Theta. i READ. TIME Limited # of processes 3.4% 8.92%

, _ , , , , ReAD_Tiv A - Random guess in IQR 95.9% 14.4%
Since we want to verify that the model is looking at the right thing, we calculate the TOTAL_TIME A : : : : .
bandwidth ourselves according to the formula used by Darshan? as follows: s il A Without transfer learning (trained directly on the target dataset) ] 22.4%

A . s .': LOWBST_RANK_TIME 4001 Current state of the art (Isakov et al.)® 10% 10%

1 MiB /S = Calculated Bandwidth
S o (bytes, + bytes,,)

ACCESS2__ACCESS ’+U.Ul
MAX READ_TIME_SIZE —0.01 ‘

nprocs ’ +0.01

ACCESS2 ACCESS ’ +0.01
READ_1G_PLUS —n.m‘

SIZE_READ_1G_PLUS —n.m‘

Explainable Al Outcome — The Model Found the Bandwidth Formula

MiB/s = k= bytes = Total EOSIX bytes read (r) & write (w) o Moo MAX_READ_TIME ) +001
max,. ..r.—o (tmd + tr + tow) t = Total time from metadata (md), read READ_1001K oo READ_100_1k ) +o01 Top 10 list of features with the highest impact according to the model contains the same metrics Darshan uses to
(r), and write (w) " ecerann Acomss p’ff I :+ calculate the bandwidth. This is an important finding since we know that the result is not a mere coincidence.
84 other features 84 other features
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Our detailed work, references, findings, and analysis can be
found in this QR code link.

deduce the bandwidth. Our future work will explore this features to deduce application’s runtime execution
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MiB/s =
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Times:

max,. o (tmd + tr +tw)

- POSIX_F_READ_TIME
- POSIX_TOTAL_TIME
- POSIX_F_MAX_READ_TIME
- POSIX_F_META_TIME
- POSIX F WRITE TIME
| - POSIX_F_SLOWEST_RANK_TIME |

Sizes:

- POSIX_ACCESS2_ACCESS

- POSIX_SLOWEST_RANK_BYTES
- POSIX_MAX_READ TIME_SIZE

- POSIX_BYTES_WRITTEN

# of processes
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