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Abstract—Scientific facilities around the world transfer ter-
abytes of data to Berkeley Lab’s National Energy Research
Scientific Computing Center (NERSC) for processing. These large
data transfers can cause congestion on the computer network.
To better manage these large transfers, we plan to predict
their expected transfer time using machine learning techniques.
Through a careful study of traffic logs (Tstat), we find an effective
way of utilizing information from recently completed transfers
to improve the prediction accuracy by up to 30%.

I. INTRODUCTION

NERSC uses specialized Data Transfer Nodes (DTNs) for
high speed transfers. Flows traveling to and from the DTNs are
measured using Transfer Control Protocol Statistics (Tstat) [1].
Tstat is widely used for network performance prediction and
anomaly detection [2].

Our Tstat logs contain over 300 million flows from 2019
and 2020. Using these records, we train machine learning
models to predict the duration of large data transfers. Expected
transfer times are useful for resource management and user
applications. A user can use the information to plan ahead,
download data from the fastest server, or dynamically reserve
a high speed link for consistent performance [3].

This study extends previous work in [4]. Nakashima used
logs from January and February 2019 to train time series
models and predict network throughput. To obtain regular time
intervals, he averaged flows over variable length windows.
This approach equally weighs small control flows and large
data flows. In this study, we pay special attention to large data
flows because they can occupy a large share of resources and
cause congestion.

II. METHODS

We define a large data transfer as either a single file transfer
or a batch transfer of smaller size whose total size is within
the largest 5% of all flows (larger than 5 GB). The duration
of these transfers range from a few minutes to a day.

The first challenge is that a single file transfer can use
parallel streams, and a batch transfer can use concurrent
streams for each file. To map flows to data transfers, flows
with the same source and destination IP that overlap in time
by 90% are aggregated.

The second challenge is that many Tstat features are
recorded after the transfer is complete. When predicting the
duration of a new transfer, only features known before the
transfer begins can be used. These base features include the
start time, size, duration, and pinged round-trip time (RTT).

A limitation of these features is that they do not adequately
reflect current network conditions.

Meanwhile, network conditions are captured by the initially
unknown features. These features include the standard devi-
ation of the RTT, throughput, and congestion window size.
To use these extended features for prediction, their values can
be retrieved from the most recently completed transfer to the
same site. By also recording the lag time since this transfer, a
model can learn whether the historical information is relevant
or obsolete.

III. RESULTS

Tstat distinguishes between outgoing versus incoming con-
nections and client-to-server (C2S) versus server-to-client
(82C) transfers, for a total of four transfer directions. This
summary presents results for outgoing S2C transfers.

We first train random forest and support vector machine
(SVM) with radial basis function kernel using only the base
feature set. Then, we extend the feature set using the historical
information and retrain the models for comparison.

Figure 1 shows the mean absolute error (MAE) of the
models trained on the two feature sets. The extended features
improve model performance by up to 30%. Support vector
machine is outperformed by random forest. Random forest
trained on the extended feature set has an MAE of 300
seconds, which is only 3% of the longest transfer times.
Measured versus predicted plots are shown in Figure 2.
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Fig. 1: Comparison of mean absolute error

IV. CONCLUSION

We present three recommendations for preprocessing Tstat
data:

1) Separate models should be developed for each transfer
direction
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(d) Random forest trained on base features

Fig. 2: Predicted versus measured duration

2) Parallel and concurrent streams can be aggregated for
large transfers

3) Unknown features can be used for prediction by refer-
encing recent transfers

Referencing recently completed transfers improves model
performance. The extended features add awareness to current
network conditions and anomalies. In the future, we plan to
train deep learning using the two feature sets and classify low
performance flows.
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