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1 INTRODUCTION
The I/O performance of a scientific application is difficult to predict

due to multiple intertwined variables coming from the hardware,

middleware, and the application layer[1]. Within the application

layer itself, multiple components are affecting the performance,

such as different programming paradigms and I/O operation algo-

rithms[2]. This makes predicting I/O performance a good candidate

problem for machine learning due to the complex relationships

of the variables involved. However, making a high-quality predic-

tion requires a large amount of high-quality data, and collecting

it is a big challenge for most data centers. Comprehensive I/O per-

formance data from various types of applications can take years

to gather and is rarely done in practice by small to medium data

centers due to their limited resources.

In this project, we explore the use of transfer learning to predict

the I/O performance by utilizing the publicly available I/O perfor-

mance data in the form of Darshan[3] logs that were collected at the

Blue Waters supercomputer operated by NCSA during 2012-2021
1
.

We devise a workflow to train a neural network model on the data

extracted from these I/O logs and then use it as a base to predict the

POSIX I/O bandwidth performance of other clusters (CLAIX18 [4]

at the RWTH Aachen University and Theta [5] at the Argonne

National Laboratory) as presented in Figure 1. Transfer learning

enables us to retrain the model to predict the performance of a

different unrelated cluster while requiring a significantly smaller

amount of data than the usual approach of using only the data from

one particular cluster. In our experiments, the bandwidth predic-

tions for those clusters were obtained using the datasets of as few

as <1% records (compared to around 680,000 Darshan logs to build

the base neural network model).

The outcome of our project is a workflow that employs transfer

learning to predict the I/O performance. Our workflow consists of

training the base model on the initial data from Blue Waters, fine-

tuning it on much smaller data from the target cluster, and verifying

the model using cross-validation and explainable AI techniques.

The workflow achieves a promising result, suggesting it can be

used to predict the I/O bandwidth of another system with a mean

absolute error better or equivalent to the state-of-the-art model

built directly on the data from the target cluster [6].

1
https://bluewaters.ncsa.illinois.edu/data-sets
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Figure 1: Overview of the Transfer Learning Workflow

2 RELATEDWORKS
Multiple machine learning studies and experiments have been done

regarding the performance prediction in HPC environments. In

terms of I/O performance specifically, there are several existing

works trying to cover various aspects of performance such as ac-

cess patterns[7], data transfer[8][9], scheduling strategy[10], ac-

cess time[11], memory usage[8], and bandwidth[6][12][13]. Using

Darshan logs is one of the common ways to produce the train-

ing dataset[6][13][14]. Transfer learning was also used in various

related papers to predict runtime[15] and conduct performance

autotuning[16][17] in the HPC domain.

3 WORKFLOW
Our workflow can be divided into four parts: 1) preparing and clean-

ing the data by removing the erroneous records, all-zero features,

and bandwidth outliers (the latter using the interquartile range

(IQR) method[18]), 2) training the initial neural network model, 3)

fine-tuning/transfer learning the initial model on a much smaller

target dataset, and 4) verifying the results using cross-validation

and explainable AI methods.

The neural network architecture is based on a Multi-Layer Per-

ceptron[19] with fully-connected hidden layers. It receives 96 vari-

ous POSIX counters and the number of processes from the Darshan

log as input and produces bandwidth in MB/s as output (see Fig-

ure 2). To ensure the robustness of our model, we perform a strat-

ified 5-fold cross-validation[20] during the initial model training

https://bluewaters.ncsa.illinois.edu/data-sets
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Figure 2: Neural network architecture used in our work. It
consists of an input layer, three hidden layers connected
with ReLU activations, and the output layer that produces
the bandwidth value

stage using ten random seeds (resulting in 50 models) and then re-

peat the process for each base model during the fine-tuning/transfer

learning stage, producing 250 models. To verify that the model is

learning the correct features from the dataset, we apply multiple

explainable machine learning techniques after the transfer learn-

ing stage. We employ nine approaches: Integrated Gradients[21],

Integrated Gradients with Noise Tunnel[22], DeepLift[23], Fea-

ture Ablation[24], Shapley Value Sampling[25] [26], Guided Back-

propagation[27], Feature Permutation[28], InputXGrad[29] and

Saliency[30]. We average the results of these approaches to create

a list of the most important features.

We evaluate two model variants to avoid unnecessary over-

generalization caused by training the model to predict the data

highly unlikely to appear at the target cluster. The first variant is

trained on the whole Blue Waters dataset, and the training data for

the second variant contains only the records with the number of

processes that also appears in the target cluster data. The reasoning

behind this is that the bandwidth from a large number of processes

will never be achieved by the target cluster because of its limited

hardware resources (nodes and cores). For the target dataset, we

collected around 1,300 Darshan logs from scientific applications

and benchmarks running on CLAIX18 (< 1% compared to the initial

training data) and randomly selected around 60,000 Darshan logs

from those that were already collected on Theta (< 10% relative to

the initial training data).

TheDarshan binary logswere processed on one node of CLAIX18

(2 Intel Skylake with 2.1 GHz and 48 cores in total and 192 GB

of memory). For training the deep learning models, we used the

CLAIX16 GPU partition (NVIDIA P100-SXM2 16 GB GPU with 1

Intel Broadwell 2.2 GHz and 12 cores and 64 GB memory).

4 RESULTS
Figure 3 compares the results of the initial training stage and the

fine-tuning/transfer learning stage side-by-side. In this Figure, we

use the percentage error relative to the bandwidth mean as the

comparison metric. Our base neural network performed better than

state of the art from Isakov et al.[6], and the transfer learning result

on the limited number of processes is relatively comparable to state

of the art. We also compare our approach against two baseline

models: 1) random guessing within the IQR range and 2) the model

trained directly on the target cluster data without using transfer

learning. Table 1 shows the mean percentage error relative to the

mean bandwidth across all our tested variants. These results show

that transfer learning has an undeniable impact since it outperforms

both baseline models.

Figure 3: Comparison of the results from the base neural
network model on the Blue Waters data (left chart) and the
models on the CLAIX18 and the Theta data after transfer
learning (right chart)

Table 1: Final error across all stages and variants as a percent-
age of mean bandwidth

Variant Initial Training Fine-tuning
Full Dataset 11.6% 20.1%

Limited # of Processes 3.4% 8.92%
Random Guess in IQR 95.9% 14.4%

Without Initial Training - 22.4%

State of the Art 10% 10%

The result from our explainable AI analysis shows that the most

important features are related to time, data transfer sizes, and the

number of processes. Overall, the model can learn the formula

used to calculate the bandwidth on its own with no pre-existing

notion of it. This result shows that our proposed Transfer Learning

Workflow can produce a high-quality I/O bandwidth prediction for

clusters while requiring limited I/O performance data. Our testing

on the data from two systems with different architectures shows

that the workflow is generalizable. We will extend this workflow in

the future to create more fine-grained predictions based on specific

components like the filesystem or application type.
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