
Towards Source Selection in Transfer Learning for
Cloud Performance Prediction

Hannes Larsson∗, Jalil Taghia∗, Farnaz Moradi∗, and Andreas Johnsson∗†
∗ Ericsson Research, Sweden, Email: {hannes.larsson,jalil.taghia,farnaz.moradi,andreas.a.johnsson}@ericsson.com

† Uppsala University, Department of Information Technology, Sweden, Email: andreas.johnsson@it.uu.se

Abstract—Learning performance models for cloud services is
challenging due to the dynamics of the operational environment
stemming from scaling and migration decisions. This requires
exchange or adaptation of the models in order to maintain
prediction accuracy over time. Approaches that incorporates
previously acquired knowledge using transfer learning is a viable
technique for timely and robust model adaptation, especially
when the training data is limited.

In this paper we quantify the impact of different source
domains on the accuracy of a target model in another domain.
The evaluation is performed using data traces collected from a
testbed that runs a Video-on-Demand service and a Key-Value
Store under various load conditions. We find that the choice
of source domain can yield a transfer gain, and sometimes a
substantial transfer penalty.

Index Terms—Service Management, Performance Prediction,
Machine Learning, Transfer Learning, Source Selection.

I. INTRODUCTION

A promising approach enabling intelligent service manage-
ment is the use of performance models that can predict and
forecast the service quality at the client side based on available
observations in the network infrastructure. The ability to learn
performance models from observations, using machine learn-
ing, simplify management tasks such as service on-boarding,
proactive service assurance, and root-cause analysis.

In our recent work [1], we addressed a key challenge in
data-driven modelling for dynamic network and cloud environ-
ments, namely the difficulty to maintain the model accuracy
over time. Cloud services generally rely on a virtualization
layer that allows service components to migrate between
physical execution environments, and the resources assigned
to the service can dynamically be scaled up or down based
on operator policies or user requirements. This is exemplified
in Figure 1 where the service execution environment changes
from one configuration to a second (source and target do-
mains). Such changes reduce the accuracy of a performance
model, which has been trained for a specific system con-
figuration and environmental condition. As a consequence,
management functions that rely on a performance model
are negatively affected, unless the model is appropriately
updated. Further, extensive measurements and data collection
is usually required for training machine-learning models. The
data collection process takes time and the overhead associated
with measurements and data collection can adversely affect the
service itself and potentially co-located services as well. For
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Fig. 1. Prediction of service-quality metrics Y at the client given observations
of network and cloud infrastructure state and utilization {XNW , XDC1..3}.
The execution environment changes from source to target domain.

certain services, such as short-lived Virtual Network Functions
(VNFs), there is often not enough time to gather the data
required for training a model.

To overcome these challenges, we have proposed and evalu-
ated an approach using transfer learning where the knowledge
embedded in a model and learned for one environment (source
domain) is transferred to facilitate timely predictions in a
changed execution environment (target domain) [1]. Since
transfer learning is an approach that aims at incorporating
knowledge gained in a source domain into the target domain,
the transferred knowledge from the sources must be relevant
to the target domain in order to avoid negative transfer [2].

This paper addresses this challenge and contributes by
providing insights from experimental results quantifying the
impact of different source domains on the target domain, with
a varying number of available samples. A source domain can
either yield improved accuracy in the target domain, or result
in negative transfer.

II. PROBLEM SETTING

Figure 1 outlines the system under consideration, where
clients are interacting, over a network, with services that are
executing in a data center. For the purpose of this paper, we
consider experiments and data traces where clients access two
networked services executing in one data center; a Video-on-
Demand (VoD) service and a Key-Value Store (KVS) service.

In a series of works [3], [4], and [5], we predicted the
service-level metrics Yt at time t on the VoD and KVS
clients, based on knowing the infrastructure metrics Xt. Using
supervised machine learning, we developed and evaluated978-3-903176-32-4 © 2021 IFIP



models M : Xt → Ŷt, such that Ŷt closely approximate Yt

for a given Xt.
In another work [1], we showed that the accuracy of

a static performance model M decreases over time if the
service execution environment changes, for example, due to
the scaling of resources, service migration, changed hardware
platform, or other infrastructure dynamics.

In this paper, we use the definition of transfer learning from
[6] to formalize the challenges of source selection in transfer
learning for dynamic clouds. A domain D = {X,P (X)}
consists of two components: (1) a feature space X , and (2) a
marginal probability distribution P (X), where X corresponds
to the infrastructure metrics. Further, a task T = {Y,M}
consists of two components: a target space Y corresponding
to service-level metrics, and an objective predictive model M .

Transfer learning is then defined as follows. Given a source
domain DS and learning task TS , a target domain DT and
learning task TT , transfer learning aims at reducing the cost
of learning the predictive model M in DT using the knowledge
in DS and TS , where DS 6= DT , or TS 6= TT . A model that
is transferred from DS to DT is denoted MS→T , to separate
it from a model MS or MT that is trained in isolation either
in the source or target domain.

This paper, which builds upon and extends our findings in
[1], aims at quantifying how the performance of a target model
MS→T varies with the choice of source domain DS , and the
number of available samples Nt at time t in DT .

III. APPROACH

In this paper, the transfer learning approach builds upon re-
training of a neural-network model M , that is transferred from
a source domain, inspired by the work in [7]. Such a model
consists of an input layer, corresponding to samples Xt, n−1
hidden layers L1, ..., Ln−1, weights w1, ..., wn, and an output
layer Ln corresponding to Yt.

The weights wi for a neural-network model MS , called
the source model, are trained using backpropagation [8] with
samples from the source domain DS . In this paper, the
knowledge transfer corresponds to training a model initialized
with the weights from the source model MS and fine tuned
using available samples from the target domain DT . After
knowledge transfer, the resulting neural network is denoted
MS→T and is thus used for service-level metric prediction in
DT . For the purpose of this paper we limit the study to transfer
scenarios where DS 6= DT while the tasks are identical, i.e.
TS = TT . This corresponds to a transfer scenario where a
cloud service is scaled or migrated, while the prediction task
remains the same.

We assess the choice of source domain DS and its impact
on model accuracy in DT by training target models MS→T for
each source model MS . For each combination of DS and DT ,
we evaluate the model accuracy given the number of available
samples Nt at time t in DT .

As a baseline, we train a neural network from scratch, with
randomly initialized weights, solely using samples from DT

that is available at time t, and this model is denoted by MT .

TABLE I
TRACES USED FOR EVALUATION.

Trace ID Service(s) Load pattern Target Y # samples

K1P KVS Periodic ReadsAvg 28962

K1F KVS Flashcrowd ReadsAvg 19444

K2P KVS + VoD Periodic ReadsAvg 26488

K2F KVS + VoD Flashcrowd ReadsAvg 24225

V1P VoD Periodic FrameRate 37036

V1F VoD Flashcrowd FrameRate 36633

V2P VoD + KVS Periodic FrameRate 27699

V2F VoD + KVS Flashcrowd FrameRate 29151

We use the concept of transfer gain G, inspired from [2],
to quantify the impact of DS on MS→T , which we define as
G = eT − eS→T , where eT and eS→T are the model errors
for MT and MS→T , respectively.

IV. TESTBED AND DATA TRACES

A. Testbed and services

The results in this paper are based on traces obtained
from executing experiments in a testbed [5]. This section
provides an overview of the experimental infrastructure, and
the structure of the data traces.

The testbed consists of a server cluster and a set of clients.
The server cluster is deployed on a rack with ten high-
performance machines interconnected by a Gigabit Ethernet.
On these machines a Video-on-Demand (VoD) service and a
Key-Value Store (KVS) service are installed, and can execute
in parallel. The VoD service uses a modified VLC media player
software [9], which provides single-representation streaming
with a varying frame rate. The KVS service uses the Voldemort
software [10].

Two load generators are running in parallel in the testbed,
one for the VoD application and another for the KVS ap-
plication. The VoD load generator dynamically controls the
number of active VoD sessions, spawning and terminating
VLC clients. The KVS load generator controls the rate of KVS
operations issued per second. Both generators produce load
according to two distinct load patterns; either a periodic-load
or a flashcrowd-load pattern [11].

B. Collected data and traces

This subsection provides a description of the data collected
on the testbed, namely the input feature set X as well as the
specific service-level metrics YV oD and YKV S .

Features X are extracted from the Linux kernels that
run on the machines. To access the kernel data, we use
System Activity Report (SAR), a popular open-source Linux
library [12], which provides approximately 1700 features per
server. Examples of such statistics are CPU utilization per
core, memory utilization, and disk I/O.

The YV oD service-level metrics are measured on the client.
During an experiment, we capture multiple metrics, but for the
purpose of this paper we focus on the number of displayed
video frames per second (FrameRate).



The YKV S service-level metrics are also measured on the
clients. During an experiment, we capture multiple metrics,
but here the focus is on Read Response Time as the average
read latency for obtaining responses over a set of operations
performed per second (ReadsAvg.).

A trace is generated by executing testbed experiments with
different configurations where statistics are collected every
second; specifically it includes features X , and service-level
metrics YV oD and YKV S .

The 8 traces used in this paper are summarized in Table I.
The trace ID is encoded according to service under investiga-
tion (KVS or VoD), number of concurrent services (1 or 2),
and load pattern (periodic or flashcrowd load).

V. EVALUATION AND RESULTS

We apply the evaluation methodology described in Section
III to a set of transfer scenarios for VoD and KVS, respectively.
The evaluation aims at providing evidence for the need of
selecting a good source domain in transfer learning for cloud
performance predictions.

A source domain DS , and its corresponding model MS ,
is created for each trace in Table I. A target domain corre-
sponds to a change in the number of services executing on
the platform, and/or the distribution of samples P (X) that
corresponds to the load pattern for a given trace. We define
8 transfer scenarios, summarized in Table II, based on the
traces in Table I. One trace, separately for KVS and VoD, is
used to define the target domain DT while the other three
traces constitute 3 separate source domains DS1, DS2, DS3.
Note that we limit the evaluation in this paper to scenarios
where TS = TT , for KVS and VoD.

Further, the Normalized Mean Absolute Error is used as the
metric for quantifying model performance, and is defined as
e = 1

ȳ ( 1
m

∑m
t=1 |yt − ŷt|), where ŷt is the model prediction

for the measured performance metric yt, and ȳ is the average
of the samples yt of the test set of size m.

We manually reduced the number of features to 18 using
domain knowledge as proposed in [13]. Manual feature selec-
tion across traces ensures an identical feature space, enabling
homogeneous transfer [14], for source and target domains.

For the purpose of this evaluation, we have selected a
neural-network model architecture with an input layer with
18 nodes corresponding to the features, 3 hidden layers with
256 nodes each, and one output layer. The same architecture is
applied for both VoD and KVS traces. Note that the ambition is
not to find the optimal neural-network architecture, but rather
to evaluate the impact of source domains.

To obtain the source models {MS1,MS2,MS3} for each
scenario, the neural networks are initialized with random
weights and are trained on samples from the source domains.
For training, the source domains are reduced to the same
size of 16000 samples randomly split into training (80%) and
validation (20%) sets. The model and its weights are then
transferred for tuning and predictions in the target domain.
Similarly, in the target domain the samples are split into
training, validation, and test sets. The training set is varied

between 10 and 100 samples to emulate the shortage of
samples in the target domain, and is used for either re-training
the transferred source model MS→T or to train a new target
model MT . The test set always corresponds to 20% of the
samples in the trace, and the remaining samples are used for
the validation set. Note that the validation set is used for early
stopping and the test set is used for evaluation.

For the implementation of the neural networks, Keras library
[15] running on top of TensorFlow [16] was used. We used
the rectified linear unit (ReLU) activation function for all the
layers, Adam optimizer [17] with a learning rate starting at
0.001 using exponential decay with decay rate 85, 1000 decay
steps and staircase function, and mean absolute error (MAE)
as the loss function. Each experiment was run for a maximum
of 200 epochs, with early stopping using a patience of 10
epochs and weight restoring, with a batch size of 32.

We quantify the impact of source domains on the error
of MS→T for each scenario described in Table II. For each
scenario, we select 10, 25, 50, 75 and 100 samples from the
target domain. Using the selected target samples, we train
a baseline model MT and finetune the transferred models
MSi→T for each source DSi

. The data from the source domain
is normalized, and the target domain data used for the fine
tuning is scaled using the same transformation. For training the
baseline model MT , the selected target samples are normalized
according to the full target data set. Once the models are
trained, the transfer gain G can be computed by evaluating
MSi→T and MT on the same test set. This process is repeated
25 times with different randomly chosen target samples for
each target sample size.

The evaluation results are shown in Figure 2, where each
graph plots the transfer gain versus number of available
samples in the target domain, for different source domains.

The results for transfer scenarios 1 - 4, corresponding to
the task of predicting ReadAvgs for KVS, are shown in the
graphs of the upper row in Figure 2. In scenario 1 and
2, corresponding to single-service target domains, transfer
learning always give a transfer gain G > 0. The transfer gain is
reduced when the number of target-domain samples increases,
which corroborates our observations in [1]. In scenarios 3 and
4, where the target domain corresponds to a co-located service
execution environment, the choice of source domain becomes
more important. Selecting a source domain with co-located
services, that is DS3 in scenario 3 and DS3 in scenario 4,
gives G > 0, whereas a negative transfer gain is observed
for the other sources. The difference in transfer gain in the
worst case corresponds to an NMAE of approximately 0.5.
For source domains yielding G < 0, we note that an increase
in target-domain samples reduces the negative transfer gain.

The evaluation results for transfer scenarios 5 - 8, corre-
sponding to the task of predicting FrameRate for VoD, are
shown in the graphs of the lower row in Figure 2. The results
for single-service target domains in scenario 5 and 6 are
similar to what was observed in scenario 1 and 2. However, the
penalty of selecting the wrong source for the target domains
with co-located services, corresponding to scenarios 7 and



TABLE II
THE TRANSFER SCENARIOS STUDIED IN THIS WORK. DSi CORRESPONDS TO THE SOURCE DOMAINS EVALUATED FOR THE TARGET DOMAIN DT . THE

TASK FOR SCENARIOS 1 - 4 IS READSAVG AND FOR SCENARIOS 5 - 8 FRAMERATE. NOTE THAT TS = TT .

Scenario

DSi, i = 1..3 DT

DS1 DS2 DS3

Trace Service P (XS) Trace Service P (XS) Trace Service P (XS) Trace Service P (XT )

1 K1F KVS Flash K2P KVS+VoD Periodic K2F KVS+VoD Flash K1P KVS Periodic

2 K1P KVS Periodic K2P KVS+VoD Periodic K2F KVS+VoD Flash K1F KVS Flash

3 K1P KVS Periodic K1F KVS Flash K2P KVS+VoD Periodic K2F KVS+VoD Flash

4 K1P KVS Periodic K1F KVS Flash K2F KVS+VoD Flash K2P KVS+VoD Periodic

5 V1F VoD Flash V2P VoD+KVS Periodic V2F VoD+KVS Flash V1P VoD Periodic

6 V1P VoD Periodic V2P VoD+KVS Periodic V2F VoD+KVS Flash V1F VoD Flash

7 V1P VoD Periodic V1F VoD Flash V2P VoD+KVS Periodic V2F VoD+KVS Flash

8 V1P VoD Periodic V1F VoD Flash V2F VoD+KVS Flash V2P VoD+KVS Periodic

Fig. 2. Transfer gain G (NMAE) given source domains DS1, DS2, DS3 versus sample size in DT for 8 different target domains. See Table II for details
regarding source and target domains for each scenario. The legend in Scenario 1 applies for all scenarios.

8, is striking. The difference in G, in terms of NMAE, is
in the worst case almost 7.5. Also, for these scenarios, the
benefits and penalties of transfer learning are reduced with an
increasing number of samples.

In summary, the benefit of choosing a good source is
notable especially when few samples are available in the target
domain. Further, the results show that the risk of obtaining
a significant penalty in performance also decreases with a
growing number of target-domain samples. It is evident that
intelligent soure selection in transfer learning is essential for
performance modeling of services executing in a dynamic
cloud environment. Proposals and evaluation of approaches
for source selection is part of future work.

VI. CONCLUSIONS

In this paper, we identified the need for automated source
selection in transfer learning for improved performance mod-
eling of dynamic cloud services. We evaluated the impact on
the target domain given different source domains in multiple
scenarios with realistic data sets obtained from a testbed for

two different services under varying load, namely a Video-on-
Demand and a Key-Value Store service.

We provided empirical evidence showing that the transfer
gain is highly dependent on the source domain. In scenarios
where the target domain constitutes a complex shared service
environment we observe a significant penalty from selecting
the wrong source. The positive impact of transfer learning,
and also the penalty, is reduced with an increased number of
target-domain samples.

Future work will focus on more challenging transfer sce-
narios, and novel approaches for automated source selection
in transfer learning.
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