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Abstract—Over the last years, the ever-growing number of
Machine Learning(ML) and Artificial Intelligence(AI) applica-
tions deployed in the Cloud has led to high demands on the
computing resources required for efficient processing. Multiple
users deploy multiple applications on the same server node
to maximize Quality of Service(QoS); however, this leads to
increased interference. In addition, Cloud providers aim to
minimize their operating costs by efficiently utilizing the available
resources. These conflicting optimization goals form a complex
paradigm where efficient scheduling is required.

In this work, we present IRIS, an interference- and resource-
aware predictive inference scheduling framework for ML infer-
ence serving in the cloud. We target the multi-objective problem
of QoS maximization with effective CPU utilization based on
Queries per Second(QPS) predictions by proposing a model-
less ML-based solution and integrating it into the Kubernetes
platform. Our approach is evaluated over real hardware in-
frastructure and a set of ML applications. Our experimental
analysis shows that under various QoS constraints, the model-
specific interference-aware scheduler violates QoS constraints less
frequently by achieving 1.8× fewer violations, on average, com-
pared to over-provisioning and 3.1× fewer violations compared
to under-provisioning, through efficient exploitation of available
CPU resources. The model-less feature is able to cause, on
average, 1.5× fewer violations compared to the model-specific
scheduler, while further reducing the average CPU utilization by
≈ 30%.

Index Terms—Cloud, Machine Learning, Inference, Schedul-
ing, Interference-aware, Resource-aware, Model-less

I. INTRODUCTION

Today, the number of applications that utilize Artificial
Intelligence(AI) is increasing in high pace. Deep Learn-
ing(DL) [1] models that provide inference over huge datasets
appear over several alternative domains, with healthcare [2],
finance [3] and transportation [4] being just a few represen-
tative examples. The rise of such applications, in addition to
the ever-increasing complexity of the deployed models, has
led to increased demands in terms of computation, memory
and storage resources. Especially for modern deep learning
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models, the required resources may skyrocket, thus making it
prohibitive for the end-users to support inference. For example,
the ResNet-50 architecture [5] has over 25 million parameters,
while the latest popular models, such as GPT-3 [6], require
more than 175 billion parameters.

Cloud comes to alleviate this resource wall challenge, by
taking a significant amount of the computational burden,
providing scalable, flexible and cost-effective solutions. As
a matter of fact, inference accounts for more than 90% of
total infrastructure costs within AWS [7], while Facebook runs
online inference tasks tens-of trillions of times per day [8]. To
ease the deployment of inference workloads, Cloud providers
offer Machine Learning solutions as services over their in-
frastructure (MLaaS), with typical examples including IBM
Watson [9], Google’s Vertex AI [10], Amazon SageMaker [11]
and Azure Machine Learning [12]. In the MLaaS paradigm,
end-users are able to upload their pre-trained models and
expose them as web-services through specific APIs. Typically,
these models are accompanied by throughput- or latency-
oriented Quality of Service (QoS) requirements (e.g., “model
must serve at least 60 requests per second”) or bound by
Service Level Objectives (SLOs) (e.g., “at least 99% of the
requests must be completed within 500ms) [8], [13], [14]. To
achieve these requirements, providers tend to be conservative
and over-provision resources allocated for such services [13],
in order to keep up with the highly fluctuating load over the
day, which, however, leads to resource under-utilization and
increased operational costs [15], [16].

As such, a key challenge for Cloud providers becomes to
guarantee the aforementioned requirements, while also maxi-
mizing the resource efficiency of their infrastructure. However,
this co-optimization objective is extremely challenging, due
to: i) Resource Interference: Providers tend to co-locate
applications on the same physical servers to increase the
resource utilization of their infrastructures [15], [17], [18].
However, this leads to interference in the shared resources of
the systems, which in turn is translated to high performance
variability [16]. Especially for latency-critical applications,



even small amounts of interference can lead to significant
QoS violations [19], [20]; ii) Incoming Requests Variability:
Incoming requests can vary in their timing, frequency, and
workload characteristics, making it challenging to provide
consistent and predictable performance [21], [22]; iii) Diverse
QoSs/SLAs: While applications from different domains ap-
parently use the same models for their tasks (e.g., ResNet
for image classification), they can introduce different QoS
requirements. For example, automotive applications require
millisecond-scale inference serving [23], while agricultural
ones can be more tolerant to performance variability [24]. iv)
Model Variants: There exist a vast amount of different DNN
architectures (e.g., ResNet, MobileNet), or different versions
of the same architecture (e.g., quantized MobileNet), available
for performing the same task (e.g., image classification).
The abundance of different frameworks such as TensorFlow,
PyTorch, ONNX Runtime, etc. represents another degree of
freedom, as the exact model can be implemented on differ-
ent backends. These variants trade performance for resource
requirements and/or accuracy and vice-versa.

Aiming to overcome these challenges, efficient scheduling
of ML inference serving systems deployed on the Cloud is
required. However, sufficient scheduling is a quite challenging
process, as a deep understanding of the application architec-
ture, workload patterns, and Cloud infrastructure capabilities
should be taken into account [25]. Cloud application schedul-
ing has already been addressed and various solutions have been
proposed [26]. Model-less approaches [27], i.e., scheduling
frameworks that do not rely on pre-defined models, are be-
coming more and more famous in dynamic and unpredictable
environments, where non-linear behavior is observed. Model-
less scheduling usually relies on ML techniques, as they can
rapidly adapt to varying conditions and real-time decision
making, based on the current state and input workload.

In this work, we present IRIS, an interference and resource-
aware, predictive scheduling framework for ML inference
serving engines. The optimization objective of IRIS is to
maximize QoS requirements, under efficient CPU utilization.
IRIS supports both model-specific and model-less approaches,
where the former allows end-users to directly specify the
architecture of their ML serving system and the latter re-
ceives higher-level descriptions (e.g., image classification)
and automatically determines the optimal inference serving
solution. IRIS employs ML techniques predict the Queries per
Second(QPS), based on the current load and resource state,
and dynamically re-provisions CPU allocations to minimize
resource utilization of the underlying system while also satis-
fying user-defined QoS requirements. The novel contributions
of this work are the following:

• We propose a novel interference and resource-aware, pre-
dictive scheduling framework for ML inference engines,
solving the multi-objective problem of QoS maximization
with effective CPU utilization based on QPS prediction.

• We integrate a model-less approach into our scheduling
framework which navigates the trade-off space of diverse
ML model-variants for a specific inference task.

• We integrate and evaluate our solution with Kubernetes
framework, showing that our scheduler is able to cause,
on average, 1.5× fewer violations compared to a model-
specific interference-aware scheduler, while further re-
ducing the average CPU utilization 30%, on average.

The rest of this paper is organized as follows. Section II
presents an overview of related work, while in Section III
we provide an extensive characterization of the target ML
engines. In Section IV we present IRIS’ architecture and in
Section V the experimental evaluation, analysis and discussion
is performed. Finally, Section VI concludes this work.

II. RELATED WORK

Inference Serving: One of the first approaches for infer-
ence serving was TensorFlow Serving [28], a flexible, high-
performance serving system for machine learning models
designed for production environments. From an industrial
standpoint, Nvidia’s AI platform offers the Triton Inference
Server [29], which uses GPU inference serving while sup-
porting CPU models, although requiring static configuration
of the model instance. Towards this direction, several works
with different approaches have been conducted, aiming to
address the problem of efficient resource orchestration and
optimization for ML inference serving systems. Adaptive and
pre-defined batching techniques [30]–[33] have been intro-
duced aiming to support ML inference, while auto-scaling
approaches are also considered [32], [34], [35], [35], [36].
Furthermore, aiming to support efficient ML inference, server-
less approaches have been considered [33], [37], while ML-
based and predictive solutions for load request and resource
utilization have been widely utilized [13], [14], [38]–[43],
[43], [44], such as reinforcement learning-based solutions [43].
Aiming to provide lightweight decision making, the approach
of model-less decision making has also been considered as an
alternative [27], [45].

Interference-aware Scheduling: A major ability of a Cloud
serving system is to operate efficiently under various interfer-
ence levels. Several existing works aim to manage the com-
plications caused by interference. Authors of [46] investigate
the optimization of resource utilization through the awareness
of the scheduler, based on past decision making. Moreover,
a contention-aware scheduling approach to mitigate conflicts
over shared resources has also been considered [47]. In [48],
interference and QoS degradation models are utilized, by
identifying the co-location of pre-characterized workloads, to
improve data center utilization over interference. Resource par-
titioning techniques that aim to satisfy the QoS requirements
have been examined [49], while in [17], [50], interference-
aware scheduling on CPU servers, based on load predicting,
is proposed. Finally, the authors of [51] consider a modular
framework, aiming to balance incoming workload, based on
low-level metrics monitoring.

Although various approaches to inference serving and
interference-aware scheduling have been investigated in re-
search, to the best of our knowledge, no study has yet
combined the model-less approach with the interference- and



resource-aware feature. Our inference serving system uses
different model-variants as well as vertical and horizontal
scaling to counteract the effects of destructive interference,
caused by other applications in the inference system. Through
this approach, our methodology is able to meet user-defined
QoS requirements and efficiently utilise the available CPU
resources.

III. CHARACTERIZING INFERENCE SERVING

In this section, first, we provide a detailed presentation
of our hardware and software setup, and also describe the
inference serving benchmarks used in this paper. Then, we
analyze the impact of resource availability on the performance
of different popular deep learning models, commonly used for
image processing tasks, while, on the same time, we unveil
important insights concerning the sensitivity of the different
models, as well as the different backend libraries, with respect
to these two aspects, and we identify certain bottlenecks that
relate to each case. The characterization process follows a
Q&A approach, where the purpose of each question is to
highlight important insights regarding different performance-
related aspects.

A. Inference Serving Testbed

Hardware & Software Infrastructure: Our experiments
were performed on a dual-socket Intel® Xeon® Gold 6138
(@2.0GHz) high-end server, equipped with 126 GB of DRAM
memory. On the physical machine, we set up two virtual
machines to serve as the master (4 vCPUs, 8 GB RAM)
and worker (8 vCPUs, 16 GB RAM) nodes of our cluster,
using KVM as the hypervisor. On top of the VMs, we deploy
the Kubernetes container orchestrator (v1.23) in combination
with Docker (v20.10), which is the most common method for
deploying Cloud clusters at scale.

Inference Engine Workloads: For the purposes of this
work, we use the object detection and image classification
tasks derived from the MLPerf Inference benchmark suite
[52]. Table I illustrates the MLPerf inference engines and
model variant examined, with their corresponding accuracy.
Each MLPerf inference container instance consists of two
main components, a) the inference engine and b) the load

TABLE I: Supported MLPerf inference engines, model variant
and corresponding accuracy

Task Representation Model Variant Accuracy
Resnet50 76.4%ONNX
Mobilenet 71.6%
Resnet50 76.4%
Mobilenet 71.6%

Image Classification
Tensorflow (TF)

Mobinet Quantized(Q) 70.6%

ONNX SSD-Mobilenet mAP 0.23
SSD-Mobilenet mAP 0.23
SSD-Mobilenet Quan-
tized Fine-Tuned(QFT)

mAP 0.23594Object Detection
Tensorflow (TF)

SSD-Mobilenet
Symmetrically
Quantized Fine-
Tuned(SQFT)

mAP 0.234

generator. The Inference Engine component is responsible for
performing the detection and classification tasks. It receives
as input the pre-trained DNN model used during inference
(e.g. ResNet, Mobilenet, etc.) and the corresponding backend
framework (e.g. ONNX Runtime, Tensorflow, etc.). The load
generator module is responsible for generating traffic on the
inference engine and measuring its performance. It receives
as input the validation dataset, (e.g., Imagenet, Coco), as well
as the scenario and the number of inference queries to be
performed. In our case, the load generator sends 8 samples per
query once the previous query is completed. With the above
inputs, the load generator performs streaming queries to the
inference engine and waits for the results.

Synthetic Interference Generation: To quantify the impact
caused by co-locating applications on an inference server,
we spawn different amounts of interfering micro-benchmarks,
each of which stresses a different resource on the underlying
system. Specifically, we utilize the CPU, L2 and L3 cache and
memory bandwidth/capacity stress micro-benchmarks, derived
from the iBench suite [53]. The duration of each container
is set to 1 hour to ensure that the impact of each micro-
benchmark on a shared resource increases slowly, to account
for the fact that each job generates a small amount of constant
intensity interference during our experiments. Consequently,
we control the intensity by adjusting the number of concurrent
iBench workloads that stress each resource accordingly.

B. MLPerf performance characterization

To gain deeper insights into the execution specifics of the
various inference engines listed in Table I, we quantify the
impact of different knobs on their performance. Specifically,
we profile the various engines, aiming to pinpoint how the
i) different model representation backends, ii) vertical and
horizontal resource scaling and iii) resource interference affect
the performance (queries per second – QPS) of each of
the examined engines. Regarding the different backends, we
examine the ONNX [54] and Tensorflow [55] model represen-
tations, provided directly by MLPerf. Vertical up and down
scaling is achieved by altering the environmental variables
OMP_NUM_THREADS and INTRA_OP_PARALLELISM_THREADS

for ONNX and Tensorflow backends respectively, which define
the number of available thread pools used for parallel exe-
cutions. These parameters enable operation-level parallelism,
e.g., internal parallelization of Tensorflow’s matrix multiplica-
tion operation (tf.matmul()). Moreover, for horizontal scal-
ing, we further examine the impact of MLPerf’s #workers
configuration, which controls the number of parallel worker
threads, i.e., the amount of worker threads that can serve infer-
ence requests simultaneously. Worker threads are instantiated
using Python’s threading library [56] and run as background
daemons that serve requests from a task queue in a first-come
first-serve manner.

Isolated Execution: First, we investigate the influence of
vertical and horizontal scaling on the performance of different
model variants of the investigated ML tasks, i.e., image
classification and object detection, without interference. We
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Fig. 1: Impact of #Workers and #Threads on the achieved QPS of the examined inference engines
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Fig. 2: Impact of different sources and levels of interference on the studied MLPerf inference engines

examine different numbers of workers and threads, ranging
from 1 up to 8, where the latter corresponds to fully utilizing
our worker VM (8 vCPUs). Figure 1 shows the results of the
experiment performed.

⋆ Q: How do different model variants for the same task
behave in terms of performance?

Figure 1 shows that different model variants can achieve
different QPS values for the same task. Focusing on single
worker/thread performance, we see that, in the image clas-
sification task, TF-Mobilenet has the highest QPS, serving
1.26× more queries per second than ONNX-Mobilenet and
4.64× more than TF-Resnet50. Performance differences are
also observed in the object detection task, where TF-SSD-
Mobilenet has a QPS 1.11× higher than the Quantized Fine-
tuned version of the same model. Moreover, while different
model representations (i.e., ONNX, TF) do have an impact
on performance, there is no clear dominance of one over the
other. For example, in the case of resnet50 model (image
classification task), ONNX clearly outperforms TF, providing
≈ ×1.5 higher throughput, while for mobilenet, TF stands
out, with ≈ ×1.3 more QPS. Lastly, for the object detection
model variants we observe that different model representations
do not affect performance dramatically. From the above, it is
evident that determining the most suitable DNN architecture
and model representation backend is not a trivial process.

⋆ Q: How does vertical scaling (i.e., #Threads) of resources
affect performance?

In terms of the vertical scaling parameters, i.e., the
paremeter OMP_NUM_THREADS for ONNX Runtime
and INTRA_OP_PARALLELISM_THREADS for Tensorflow
(#threads), we find that the inference engine performance
increases as we increase the parameter value. Specifically,
a parameter value of 8 results in 2.8× higher QPS for the

ONNX Runtime and 3.8× higher QPS for Tensorflow. We
also note that the benefits of vertical scaling are different
for different model variants and representations. While
all the models present high linear correlation between the
number of threads and QPS achieved, the final performance
improvements are not equally proportional. For example, in
the image classification task, a #threads value of 8 for
ONNX-Resnet50 results in 5.3× more queries being served
per second, as opposed to only 1.5× more queries being
served for ONNX-Mobilenet.

⋆ Q: How does horizontal scaling (i.e., #Workers) of
resources affect performance?

The effects of the #workers parameter differ depending
on the corresponding backend, i.e. Tensorflow and ONNX
Runtime. Figure 1 shows that for TF, increasing the number
of workers does not provide any improvement in throughput.
This happens due to CPython’s Global Interpreter Lock a.k.a
GIL [57]. The GIL ensures that only one thread is running in
the interpreter at a time and is designed this way to simplify
low-level details such as synchronisation or memory manage-
ment of concurrent threads. While this leads to high single-
threaded performance, it limits parallel or multi-threaded
execution of Python code [58]. On the other hand, ONNX
is negatively affected when scaling the number of available
workers. Specifically, in the case of single thread and multiple
workers we observe an average of 14% QPS drop among all
examined inference engines. What is of great interest is that,
when scaling both the amount of available workers and threads
per worker, performance drops dramatically, leading to up to
×2 less throughput. This happens because the total amount of
threads from all workers (#workers×#threads) exceed the
number of available CPU resources of the system, leading to
continuous context switching in the OS, and thus generating
resource interference on the CPU.



Execution under Interference: Next, we further examine
the performance of the different inference engines under the
presence of interference. To illustrate the effects of resource
contention, we perform a series of experiments in which we
measure the QPS that each model achieves while the server is
stressed at a particular shared resource at a time, as well as the
variance of the QPS value when these resources are stressed
at different intensities (1 to 16 iBench containers).

⋆ Q: How does resource interference affect the perfor-
mance of the inference engines?

Figure 2 shows the effects of various sources of interference
on the studied MLPerf inference engines. We observe that,
for the general case, the higher the number of parallel iBench
jobs, the greater the QPS degradation. However, performance
degradation due to the increasing number of co-located micro-
benchmarks is not uniform across all the levels of resource
interference. Specifically, for the inference engines examined,
memory bandwidth and CPU stress have the greatest influence
on the QPS achieved, while last-level cache and memory
capacity follow. In the image classification task, using 16
parallel iBench jobs results in an average 10.65× lower QPS
compared to using one iBench job when the CPU and 6.66×
when stressing the last-level cache. For the object detection
task, inducing the same interference results in an average
11.71× lower QPS when stressing the CPU, and 8× when
stressing the last-level cache.

An interesting observation regarding the TF-Resnet50 in-
ference engine is that memory capacity stress has no impact
on throughput, showing that the impact of interference also
depends on application characteristics.

⋆ Q: Do different backends (i.e., ONNX, TF) reveal
different performance sensitivy w.r.t. resource interference?

Figure 2 also shows the impact of the backend used, i.e.,
ONNX Runtime and Tensorflow, on the QPS achieved. It
can be seen that the Resnet50 implementation in the ONNX
Runtime environment is able to achieve higher QPS than
the Tensorflow implementation for the same level of inter-
ference. For example, when the CPU is stressed from one
iBench job, ONNX-Resnet50 performs 1.5× more queries per
second compared to TF-Resnet50. The picture changes for
the corresponding implementations of Mobilenet and SSD-
Mobilenet, where the Tensorflow implementations outperform
the ONNX Runtime in terms of QPS. In particular, for
the interference scenario mentioned above, the TF-Mobilent
and TF-SSD-Mobilent achieve 2.7× and 2.5× higher QPS,
respectively, compared to the corresponding ONNX Runtime
model variants.

⋆ Q: How do different resource allocations affect the
performance of the inference engines under the presence
of interference?

Aiming to highlight the effects of vertical and horizontal
scaling in the presence of interference, we also perform
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Fig. 3: Impact of #OMP and #MLPerf threads on ONNX
Mobilenet under interference

experiments in which we change the tuning parameters. For the
ONNX backend, we maintain one of the two tuning parameters
constant, and change the value of the other, to see how the
freely varying variable affects the QPS value and its variance
under interference. Thus, we conduct experiments by varying
only one of the variables, respectively. For the Tensoflow
backend, we only consider the tuning parameter #threads,
since the number of workers did not provide any performance
variability in the isolated characterization process.

Figure 3 shows the results for the ONNX backend. Fo-
cusing on the left subplot, where the environment variable
OMP_NUM_THREADS is held constant, we see that we get higher
QPS when the #workers parameter is equal to 1, indicated
by the darkest box (#workers = 1), than when we use a
higher value. In the subplot where the #workers option is
held constant, the best performance is observed for #threads
values of 2 and 4, while a QPS drop appears to occur for
a #threads value of 8. In addition, Figure 4 illustrates the
results for the corresponding tensorflow backend. Initially,
we observe a similar upward trend in performance, for all
MLPerf Inference engines with the Tensorflow backend, as
the value of #threads increases. The highest QPS values are
generally found when the number of threads exceeds 5, where
the median QPS value goes up to 90. The lowest performance
variability is observed when the Tensorflow threads are equal
to 1, for all different sources of interference. Moreover, as the
stress intensity in memory capacity varies, the performance
of the models remains quite robust and deviates only slightly
from the median value of the achieved QPS, compared to the
high performance variability observed with the varying degrees
of pressure on the other shared resources.

IV. IRIS DESIGN

Based on the insights gained from the characterization pro-
cess, we design IRIS. Its main goal is to meet the QoS require-
ments of the deployed inference engines while minimizing
the allocated CPU resources of the system. IRIS identifies in-
terference effects by exploiting low-level performance events,
and leverages these metrics to provide accurate predictions
regarding the performance of the deployed inference engines in
the future. Based on these predictions, it automatically assigns
resources and dynamically applies horizontal and vertical
scaling policies to the deployed inference engines. Our design
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approach consists of two distinct phases: a) the offline phase
and b) the online phase, as shown in Figure 5, which we
explain in detail in the following sections.

A. Offline Phase

The purpose of the offline phase is twofold. The first stage
is the training data preparation life-cycle for building the ML
models used by IRIS. This includes the generation of different
co-location scenarios, data extraction, cleanup, aggregation
and feature engineering. Overall, training data should include
representative scenarios that also exist under realistic deploy-
ments and cover a sufficient spectrum of application behaviors,
so as to avoid covariate shift between training and run-time
(testing) data distributions [59]. The second phase includes the
identification of the most efficient ML approach for modeling
the performance, in terms of QPS prediction accuracy, per
inference engine. Deciding the most appropriate ML algorithm
is not a straightforward matter, as it highly depends on the
quality of the gathered data, the inherent characteristics and
complexity of the problem, as well as the level of accuracy and
interpretability required [60]. Thus, IRIS performs a design
space exploration (DSE) over a pool of different ML solutions
to identify the most appropriate ML modeling approach, as
well as the hyperparameters that are used during the learning
process.

Scenario Generation: This step concerns the generation
of representative co-location scenarios, which cover both low-
and high-intensity interference across different layers of the
system. We use asymmetric interference load generation on
the server, by co-locating MLPerf inference engines along
with iBench [53] interference micro-benchmarks. Specifically,
each scenario consists of initially deploying a random number
of iBench containers, each of which occupies a randomly
selected specific shared resource of the cluster, i.e., CPU, L2
cache, L3 cache, memory bandwidth, and memory capacity,
for the duration of the scenario. The total number of iBench
containers used varies between 1 and 16. After setting the in-
terference conditions, we randomly select one of the available
inference engines, either for image classification or for object
detection, and deploy it on the worker server. Moreover, we
randomly set the horizontal and vertical degree of parallelism,
whose values range from 1 up to 8. As mentioned in section
III, each inference engine uses the Multiple Stream scenario,

with duration limited to 60 seconds. These parameters fully
describe the execution scenario 1a . In total, we have run more
than 5500 different deployment scenarios, with each scenario
differing by the above parameters.

Performance Monitoring: The monitoring mechanisms of
IRIS are driven by two main principles. First, the resource
orchestration component should be able to assess the state
of the underlying system, in terms of existing interference,
prior and during the execution of the inference engines. As
shown in Section III, underlying interference highly affects
the performance of inference serving and this “interference
state” can be used as input to the ML prediction models.
To capture interference effects, we exploit low-level system
performance events (e.g., IPC, Cache misses, etc.) as well
as higher-level metrics (e.g., CPU/Memory utilization and
others) 1b , which, as shown in prior research, provide deep
insights regarding resource contention and highly correlate
with the performance of applications [25], [61]. Second, IRIS
should be able to forecast the future QPS of the inference
engines under dynamically altered interference effects. These
predictions can be used to pro-actively alter allocated resources
per inference engine, minimizing QoS violations. Thus, IRIS
also continuously monitors application-related performance
metrics (i.e., QPS 1c ). While MLPerf provides application-
related performance metrics advertisement, we assume that, in
general, this operation is handled by application developers,
who should build and propagate the respective APIs to be
consumed by IRIS. We set the monitoring interval to 1 second,
both for the system and the inference engine monitoring
components. Although more frequent monitoring intervals
could provide faster detection of QoS violations, they can also
introduce noisy and unstable results, leading to false alarms
regarding potential violations [20].

Training Dataset Formation: For building the training
dataset, IRIS collects the different system metrics for each
MLPerf inference engine under different interference scenar-
ios. The random scenario execution data is accumulated to
form the training dataset 2a . Each row of the dataset contains
i) the name of the selected inference engine, ii) the backend
framework, i.e., Tensorflow or ONNX, iii) the system metrics
collected at the beginning of each training scenario, iv) the
assigned values of the INTRA_OP_PARALLELISM_THREADS

for the Tensorflow backend and the OMP_NUM_THREADS and
--threads options for the ONNX backend (#threads), and
v) the QPS achieved.

Performance Modeling DSE: The purpose of this step is
to identify the most efficient ML model, per inference engine,
for predicting the QPS achieved under interference. From the
training dataset 2b , we isolate each time the rows pertaining
to a single engine and train a number of different regression
models 2c , each with its default training hyperparameters 2d .
Finally, we compare the accuracy of their prediction of QPS
using the result of a 10-fold cross-validation of the scikit-
learn Python library [62] to identify the best model 2e . Table
IV shows the most striking results for the achieved accuracy
when the trained dataset for each engine is given as input to
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TABLE II: XGBoost regression best parameters after hyper-parameter tuning for each MLPerf inference engine

Model Variant Subsample Silent Reg lambda Estimators Min Child Weight Max Depth Learning Rate Gamma Colsample bytree Colsample bylevel
Resnet50 0.7 False 100.0 1600.0 1.0 10.0 0.2 0.5 0.8 1.0
Mobilenet 0.7 False 5.0 1600.0 0.5 6.0 0.01 1.0 0.6 0.9Onnx
Ssd-Mobilenet 0.5 False 5.0 800.0 10.0 20.0 0.1 0.5 0.8 0.8
Resnet50 0.8 False 50.0 400.0 5.0 15.0 0.1 0.5 1.0 0.7
Mobilenet 0.5 False 50.0 3200.0 1.0 20.0 0.1 0.5 1.0 0.9
Mobilenet-Q 0.8 False 50.0 3200.0 5.0 15.0 0.01 0.5 0.9 0.8
Ssd-Mobilenet 1.0 False 50.0 3200.0 5.0 6.0 0.1 0.25 1.0 0.9
Ssd-Mobilenet-QFT 0.8 False 5.0 100.0 3.0 15.0 0.1 0.0 1.0 0.7

Tensorflow

Ssd-Mobilenet-SQFT 0.9 False 10.0 3200.0 1.0 10.0 0.01 0.5 1.0 0.5

models in the ML model pool . As we can see from the tables,
the most accurate ML regression models in predicting the
performance of the MLPerf inference benchmarks are Random
Forest Regression and XGBoost Regression. This is true for
both the image classification task and the object detection task.
It can also be seen that the XGBoost regression in particular
has the best overall score for almost all inference engines.
Since the Random Forest regression outperforms the XGBoost
regression in only 2 of the total 9 predictions, and that only
slightly, we will use the XGBoost regressor for predicting QPS
for all MLPerf inference benchmarks.

Model’s hyperparameter tuning: To further increase the
score by cross-validation obtained with the XGBoost regressor
in the default configuration, we perform a hyperparameter
optimization process 2f to select a set of hyperparame-
ters for our regressor, tailored to the performance of each
MLPerf inference benchmark it needs to predict. We perform
a randomized search for the hyperparameters of the XGboost
regressor, for each MLPerf Inference benchmark, using the
RandomizedSearchCV function of the scikit-learn Python li-
brary. Table II contains the best parameters for the XGBoost
ML Regression algorithm, for each MLPerf inference engine,
after the hyperparameter tuning while Table III summarizes
the default and tuned accuracy achieved. Adjusting the model
parameters leads to an average increase in accuracy of 1.5%.

B. Online Phase

In the online phase IRIS continuously evaluates the levels
of interference on the underlying system, by monitoring the
hardware-related monitors described in Section IV-A. Based
on these monitors, it performs QPS predictions for newly
deployed inference engines, as well as running ones, and
dynamically re-configures their allocated resources, in order
to minimize CPU utilization while satisfying a user-defined
target QPS value. IRIS supports two different inference serving
approaches: i) the model-specific one, where the specific
inference engine that the end-user wants to use, serves as
input along with the required QoS, and ii) the model-less
approach, where only the task, i.e., image classification or
object detection, serves as input and it is decided which model
is best to use to satisfy the required QoS.

Model-specific: In the online phase of the model-specific
approach, as mentioned earlier, our scheduler takes the target
inference engine with the target QoS as input and attempts to
determine the degree of parallelism that will allow the system
to be as resource-constrained as possible, while still satisfying
the required QoS constraint. Through continuous monitoring,
our mechanism gains insight into the current level of disruption
using various system metrics such as CPU and cluster memory
usage, which are collected over a predefined interval 3a , and
the average values per metric are calculated.

Depending on which backend, i.e. Tensorflow or ONNX, the



inference engine uses, it sets the values for the corresponding
inference engine tuning knobs. To achieve this, our scheduler
relies on the pre-trained XGBoost model. Specifically, given
the interference conditions indicated by the collected system
metrics 4a and all the different parallelization levels 4b , the
regression model predicts the QPS 4c that the benchmark
would achieve. After collecting the predicted QPS scores for
the different parallelization levels 4d , we perform a sort, based
on the CPU utilization 4e , and select the tuning knob value
that minimizes the CPU utilization and satisfies the QoS 4f .

Model-less: In the online phase of the modeless approach,
the end user specifies only the task he wants to perform, i.e.,
image classification or object detection, and the target QoS.
The modeless scheduler then selects the best inference engine
with the appropriate degree of parallelism from a task-specific
pool of registered, trained inference models to complete the
task in the least resource-intensive manner, while satisfying the
QoS constraint under the current interference conditions in the
system. The main difference is that during the QPS prediction
phase, the model-less scheduler not only tries different levels
of parallelism, but also different models for the given task.
Apart from this additional degree of freedom, the other steps
are identical.

V. EVALUATION

To evaluate our schedulers, we perform a series of tests
on both the model-specific and model-less approaches. Each
scheduling system is evaluated against different baselines, dif-
ferent levels of interference, and different QoS requirements.

A. Model-specific Inference Engine Scheduler Evaluation

Experiment Description: To quantify the impact of differ-
ent levels of interference on scheduling decisions, we create
3 different interference scenarios. In each scenario, iBench
batches are deployed on our cluster, pressuring various shared
resources for a specified time interval ranging from 70 to
220 seconds. When an iBench batch is finished, the next
one is started after a random time interval between 10 and
30 seconds. After the interference level is determined, the
inference engines presented in section III are used to provide
a specific QoS constraint. Each engine is deployed 10 times

TABLE III: Score of 10-fold cross-validation comparison of
the XGBoost Regression before and after hyper-parameter
optimization

Model Variant Default Tuned
Resnet50 0.843 0.877 (+3.8%)
Mobilenet 0.914 0.924 (+1.08%)Onnx
Ssd-Mobilenet 0.941 0.943 (+0.21%)
Resnet50 0.962 0.964 (+0.20%)
Mobilenet 0.962 0.97 (+0.82%)
Mobilenet-Q 0.956 0.966 (+1.03%)
Ssd-Mobilenet 0.965 0.971 (+0.61%)
Ssd-Mobilenet-QFT 0.956 0.964 (+0.82%)

Tensorflow

Ssd-Mobilenet-SQFT 0.961 0.966 (+0.51%)
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Fig. 6: Model-specific inference serving evaluation of the
number of QoS violations(top) and average CPU utiliza-
tion(bottom) over different QoS constraint levels.

for a duration of 30 seconds. We also consider 3 different QoS
constraints i) Low, ii) Medium, and iii) High for each inference
engine, based on the QPS values it can achieve. Finally,
we compare our model-specific scheduler to two different
schedulers: i) a scheduler that provides a minimum of CPU
resources (Min CPU Usage), and ii) a scheduler that provides
full-provisioning and thus maximizes the utilization of CPU
(Max CPU Usage).

Figure 6 (top) shows the violations of the specified QoS
constraint for 3 representative inference engines i) the TF-
Mobilenet, ii) the TF-Mobilenet-Q, and iii) the ONNX-SSD-
Mobilenet. X axis shows different QoS constraint levels,
while Y axis depicts the number of QoS violations. Our
interference-aware scheduler manages to keep the number of
QoS violations significantly lower than Min CPU Usage in
all cases with medium or high QoS constraints, and performs
better or equal to Min CPU Usage in almost all cases with low
QoS constraints. IRIS (Interference-Aware) achieves 67.53%
less QoS violations compared to Min CPU Usage, on average.
Furthermore, our scheduler manages to perform remarkably
better than the Max CPU Usage in the ONNX SSD-Mobilenet
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Fig. 7: QPS Distributions for TensorFlow Mobilenet Quantized
over different QoS constraints ans interference scenarios



TABLE IV: Evaluation by 10-fold cross-validation of different regression models for difference ML engines

Image Classification Object Detection
ONNX Tensorflow ONNX TensorflowModel

Resnet50 Mobilenet Resnet50 Mobilenet Mobilenet-Q Ssd-mobilenet Ssd-mobilenet Ssd-mobilenet-QFT Ssd-mobilenet-SQFT
Lasso 0.679 0.801 0.745 0.783 0.797 0.838 0.792 0.763 0.769

Elastic Net 0.679 0.803 0.744 0.783 0.798 0.842 0.791 0.762 0.765
Decision Tree 0.632 0.835 0.921 0.93 0.92 0.878 0.927 0.926 0.929

RF 0.825 0.909 0.955 0.962 0.959 0.942 0.963 0.954 0.961
XGBoost 0.843 0.914 0.962 0.962 0.956 0.941 0.965 0.956 0.961

inference engine. More specifically, we achieve, on average,
43.97% less QoS violations compared to the Max CPU Usage

approach. This is because the ONNX benchmarks perform best
at moderate parallelism, while they show a performance drop
at high parallelism. In the Tensorflow benchmarks, the number
of QoS violations of our custom scheduler is similar to that
of the Max CPU Usage, although our scheduler achieves this
without using the cluster’s resources at maximum capacity all
the time.

Figure 6 (bottom) depicts the average CPU utilization of the
studied scheduling approaches for different QoS constraint lev-
els. Our interference-aware scheduler achieves 36.78% CPU
utilization, on average which is between the CPU utilization
of the Min CPU Usage (15.38%) and the Max CPU Usage

(all threads occupied - 84.27%). This means that our custom
scheduler is able to meet or exceed the QoS constraint for
most inference engines by utilizing 56.4% less CPU resources
compared to Max CPU Usage, and avoiding the resource
under-utilization and high QoS violations, compared to Min

CPU Usage.
To gain further insight into the behaviour of the examined

scheduling approaches, we examine the QPS distributions
obtained for i) the TF-Mobilenet-Q and ii) the ONNX-SSD-
Mobilenet Inference Engines, respectively, for 3 different
QoS targets and 3 different interference scenarios. As Figure
7 shows, our interference-sensitive scheduler exhibits 26%
less QPS compared to Max CPU Usage for TF-Mobilenet-Q.
However, this comes with the cost of resource over-utilization.
For ONNX-SSD-Mobilenet in figure 8, our scheduler achieves
44% more QPS, on average, thus we confirm that maximizing
resource utilization does not necessarily lead to high QPS
due to context switching and congestion. Moreover, we see a
performance distribution with the highest probability of QPS
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Fig. 9: Model-less Inference Serving Evaluation for QoS viola-
tions(top), average CPU utilization(middle) and QPS(bottom)
for Image Classification Task.

values above the target QoS for all QoS constraints. Therefore,
our scheduler provides more QoS guarantees compared to Min

CPU Usage, by achieving 59.2% and 16.6% higher QPS, on
average, for TF-Mobilenet-Q and ONNX-SSD-Mobilenet, re-
spectively. Thus, IRIS can guarantee high QPS, while avoiding
resource congestion.

B. Model-less Inference Engine Scheduler Evaluation

Experiment Description: When evaluating the model-less
scheduler, we only specify the desired task, i.e., image clas-
sification or object detection, and the scheduler selects the
appropriate inference engine and the values of the tuning
knobs. We consider 20 requests, the duration of each inference
engine being 30 seconds. Finally, our model-less scheduler
is compared to all different interference-aware model-specific
schedulers for the given task e.g., for the object detection task,



a baseline is the interference-aware model-specific scheduler
using only the TF-SSD-Mobilenet inference engine.

Figure 9 indicates the QoS violations(top) and average
CPU utilization(middle) for the image classification task. For
low(20) and medium(35) target QoS constraint, the model-
less scheduler mostly uses the ONNX-Mobilenet benchmark,
which never violates the constraint. With the high QoS con-
straint(50), most of the time the TF-Mobilenet benchmark is
used, which has a higher QPS capability with a lower CPU
utilization. As a result, the model-less scheduler achieves, on
average, 57.63% less QoS violations compared to the others,
where a single model variant is utilized. Furthermore, as we
observe in Figure 9(middle) the model-less approach achieves
low QoS violations, while keeping the average CPU utilization
down to 21.34%, on average, across all QoS constraints.
Moreover, as it can be seen from the QPS distributions in
Figure 9, the model-less scheduler exhibits similar perfor-
mance variability to the benchmark it uses most often for each
QoS objective. More specifically, it manages to keep the mean
QPS value above the QoS constraints, while it achieves 2×,
1.22× and 1.56× higher QPS for low, medium and high QoS
constraint, on average.

In a similar experiment for object detection tasks, Figure
10 highlights the QoS violations(top), the average CPU uti-
lization(middle) and the QPS(bottom), respectively. In partic-
ular, our model-less scheduler mainly uses the ONNX-SSD-
Mobilenet benchmark with a low QoS constraint, by achieving
up to 23.89% less QoS violations, on average, for all the
QoS constraints (Fig. 10 top). For the medium and high
QoS requirements, the model-less scheduler applies the TF-
SSD-Mobilenet benchmark for most deployments, so that, on
average, 8 QoS violations occur, as with the model-specific
scheduler serving TF-SSD-Mobilenet. However, it performs
significantly better than the scheduler with the ONNX-SSD-
Mobilenet benchmark in these QoS conditions, by achieving
42.36% less QoS violations, on average. Furthermore, the
average CPU utilization is maintained at a minimum for
all QoS conditions, by consuming down to 34.19% of the
total amount of the CPU (Fig. 10 middle). The performance
variability shown in Figure 10 is similar to the performance
variability it mostly selects, resulting in a mean QPS score
above the QoS constraints (Fig. 10 bottom).

VI. CONCLUSION

In this work, we present an interference- and resource-aware
predictive scheduling framework for ML inference engines that
aims to guarantee application-specific QoS constraints, while
minimizing resource utilization. Our framework is based on
a model-less approach and is integrated with the Kubernetes
system. Under various QoS constraints, the model-specific
interference-aware scheduler violates QoS constraints less
frequently by achieving 1.8× fewer violations, on average,
compared to over-provisioning and 3.1× fewer violations
compared to under-provisioning, through efficient exploitation
of available CPU resources. The model-less feature is able
to cause, on average, 1.5× fewer violations compared to the
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Fig. 10: Model-less Inference Serving Evaluation for
QoS violations(top), average CPU utilization(middle) and
QPS(bottom) for Object Detection Task.

model-specific scheduler, while further reducing the average
CPU utilization by ≈ 30%.
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