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1

Introduction

The recent explosion of computer vision research has led to
interesting applications of learning-driven techniques in autonomous embedded systems (AES) domain such as object
detection in self-driving vehicles and image recognition in
robotics. In particular, deep neural networks (DNNs) with
generally the same building blocks have been dominantly
applied as effective and accurate implementation of image
recognition, object detection, tracking, and localization towards enabling full autonomy in the future [60, 50]. For example, using such DNNs alone, Tesla has recently demonstrated that a great deal of autonomy in self-driving cars
can be achieved [33]. Another catalyzer for the feasibility
of DNN-driven autonomous systems in practice has been the
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Deep neural networks (DNNs) used in computer vision
have become widespread techniques commonly used in
autonomous embedded systems for applications such as
image/object recognition and tracking. The stringent space,
weight, and power constraints seen in such systems impose
a major impediment for practical and safe implementation
of DNNs, because they have to be latency predictable
while ensuring minimum energy consumption and maximum
accuracy. Unfortunately, exploring this optimization space
is very challenging because (1) smart coordination has to
be performed among system- and application-level solutions,
(2) layer characteristics should be taken into account, and
more importantly, (3) when multiple DNNs exist, a consensus
on system configurations should be calculated, which is
a problem that is an order of magnitude harder than any
previously considered scenario. In this paper, we present
NeuOS, a comprehensive latency predictable system solution
for running multi-DNN workloads in autonomous systems.
NeuOS can guarantee latency predictability, while managing
energy optimization and dynamic accuracy adjustment based
on specific system constraints via smart coordinated systemand application-level decision-making among multiple DNN
instances. We implement and extensively evaluate NeuOS
on two state-of-the-art autonomous system platforms for a
set of popular DNN models. Experiments show that NeuOS
rarely misses deadlines, and can improve energy and accuracy
considerably compared to state of the art.
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Figure 1: Ternary depiction of the 3D optimization space.
advancement of fast, energy-efficient embedded platforms,
particularly accelerator-enabled multicore systems such as
the NVIDIA Drive AGX and the Tesla AI platforms [44, 22].
Autonomous systems based on embedded hardware platforms are bounded by stringent Space, Weight, and Power
(SWaP) constraints. The SWaP constraints require system designers to carefully take into account energy efficiency. However, DNN-driven autonomous embedded systems are considered mission-critical real-time applications and thus, require
predictable latency1 and sufficient accuracy2 (of the DNN
output) in order to pass rigorous certifications and be safe for
end users [46]. This causes a challenging conflict with energy
efficiency since accurate DNNs require a tremendous amount
of resources to be feasible and to be timing-predictable, and
are by far the biggest source of resource consumption in such
systems [5]. This usually results in less complicated (and less
resource-demanding) DNN models to be designed and used
in these systems, reducing accuracy considerably.
Fig. 1(a) shows a hypothetical three-dimensional space
between latency, power, and accuracy mapped to a ternary
plot [55] (where (Energy + Timing + Accuracy) has
been normalized to 3). Each dot in Fig. 1(a) represents
a configuration with a unique set of latency, power, and
accuracy characteristics. The power consumption is usually
1 Latency from each system component (including the DNNs) in AES
will add up to the reaction latency between when a sensor observes an event
and when the system externally reacts to that event, such as by applying
the breaks in a self-driving vehicle. The faster a system reacts, the more
likely it is for the system to avoid a disaster, such as an accident. However,
policymakers might adopt a reasonable reaction time, such as 33ms or even
300ms [48, 27, 12, 14, 9, 4] as ”safe enough".
2 We should mention here that there is currently no established standard
to connect DNN accuracy to the safety of a particular system, such as DNNs
in self-driving vehicles. In this paper, we assume the more accurate the DNN,
the safer the system is.
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adjusted at system-level via dynamic voltage/frequency
scaling (DVFS) [5, 21]. The accuracy adjustment is done
at application-level via DNN approximation configuration
switching (see Sec. 4 for details). Note that both DVFS
and DNN configuration adjustments would impact runtime
latency. This figure highlights three configurations with
various levels of latency, power consumption, and accuracy
tradeoff that might or might not be acceptable given the
current performance constraints. Choosing the best threedimensional trade-off optimization point is a significant
challenge given the vast and complex DVFS and accuracy
configuration space.
Although all autonomous systems are required to be latency
predictable in nature, the constraints on power and accuracy
may vary based on the type of autonomous system (e.g.,
highly constrained power for drones and maximum accuracy
requirement for autonomous driving). To illustrate one such
variation, note Fig. 1(b), which shows a constraint on latency,
and a constraint on accuracy imposed in the configuration
space limiting the possible configurations considerably.
Challenges specific to DNN-driven AES. In addition to the
aforementioned optimization problem, DNNs are constructed
from layers, where each layer responds differently to DVFS
changes and has unique approximation characteristics (as
we shall showcase in Sec. 3.1). In order to meet a latency
target with optimized energy consumption and accuracy,
each layer requires a unique DVFS and approximation
configuration, whereas existing approaches such as Poet [23]
and JouleGuard [21] deal with DNNs as a black-box.
Moreover, system-level DVFS adjustments and applicationlevel accuracy adjustments happen at two separate stages.
Without smart coordination, the system might fall in a
negative feedback loop, as we shall demonstrate in Sec. 3.2.
This coordination needs to happen at layer boundaries,
making the problem at least an order of magnitude harder
than previous work.
Furthermore, existing techniques mostly focus on singletasking scenarios [5, 3, 20] whereas AES generally require
multiple instances of different DNNs. As we shall motivate
in Sec. 3.3 using a real-world example, these DNNs need
to communicate and build a cohort on a layer-by-layer basis
to avoid greedy and inefficient decision-making. Moreover,
system-level and application-level coordination in this multiDNN scenario is much harder than isolated processes
considered in previous work.
Finally, existing approaches [13, 5] optimize latency
performance on a best-effort basis (e.g., by using control
theory) that can overshoot a latency target (as demonstrated
in Sec. 3.2). A better solution should include proven real-time
runtime strategies such as LAG analysis [51].
Contribution. In this paper, we present NeuOS3 , a comprehensive timing-predictable system solution for multi-DNN
3 The

latest version of NeuOS can be found at https://github.com/
Soroosh129/NeuOS.
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workloads in autonomous embedded systems. NeuOS can
manage energy optimization and dynamic accuracy adjustment for DNNs based on specific system constraints via smart
coordinated system- and application-level decision-making.
NeuOS is designed fundamentally based on the idea of
multi-DNN execution by introducing the concept of cohort,
a collective set of DNN instances that can communicate
through a shared channel. To track this cohort, we address how
latency, energy, and accuracy can be measured and propagated
efficiently in the multi-DNN cohort.
Besides the fundamental goal of providing latency predictability (i.e., meeting deadlines for processing each DNN
instance), NeuOS addresses the challenge of balancing energy
at system level and accuracy at application level for DNNs,
which has never been addressed in literature to the best of our
knowledge. Balancing three constraints at various execution
levels in the multi-DNN scenario requires smart coordination 1) between system level and application level decision
making, and 2) among multiple DNN instances.
Towards these coordination goals, we introduce two algorithms in Sec. 4.2 that are executed at the layer completion
boundary of each DNN instance: one algorithm that can predict the best system-level DVFS configuration for each DNN
member of the cohort to meet deadline and minimize power
for that specific member in the upcoming layer, and one algorithm that decides what application level approximation
configuration is required for others if any one of these systemlevel DVFS decisions were chosen. These two algorithms
effectively propagate all courses of action for the next layer in
order to meet the deadline. Based on these two algorithms, we
propose an optimization problem in Sec. 4.3 that can decide
the best course of action depending on the system constraint,
and minimize system overhead. This method is effective because 1) it introduces an identical decision-making among
all DNN instances in the cohort and solves the coordination
problem between system-level and application-level decision
making, and 2) provides adaptability to three typical scenarios
imposing different constraints on energy and accuracy.
Implementation and Evaluation. We implement a system
prototype of NeuOS and extensively evaluate NeuOS using
popular image detection DNNs as a representative of
convolutional deep neural networks used in AES. The
evaluation is done under the following conditions:
• Extensible in terms of architecture. We fully implement NeuOS using a set of popular DNN models on
two different platforms: an NVIDIA Jetson TX2 SoC
(with architecture designed for low overhead embedded
systems), and an NVIDIA AGX Xavier SoC (with architecture designed for complex autonomous systems such
as self-driving cars).
• Multi-DNN scenarios. We ensure that our system can
trade-off and balance multiple DNNs in all conditions
by testing NeuOS under three cohort sizes: a small 1process, a medium 2-4 process, and a large 6-8 process.
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• Latency predictability. We extensively compare NeuOS
to six state-of-the-art solutions in literature, and find that
NeuOS rarely misses deadlines under all evaluated scenarios, and can improve runtime latency on average by
68% (between 8% and 96% depending on DNN complexity) on TX2, by 40% on average (between 12% and
89%) on AGX, and by 54% overall.
• Versatility. NeuOS can be easily adapted to the following three constraint scenarios:
– Balanced energy and accuracy. Without any
system constraints given, NeuOS is proved to be
energy efficient while sacrificing an affordable
degree of accuracy, improving energy consumption
on average by 68% on TX2, by 40% on average on
AGX, while incurring an accuracy loss of 21% on
average (between 19% and 42%).
– Min energy. When energy is constrained to be minimal, NeuOS is able to sacrifice accuracy a small
amount (at most 23%) but further improve energy
consumption by 11% over the general unrestricted
case, while meeting the latency requirement.
– Max accuracy. When accuracy is given as a
constraint, NeuOS is able to improve accuracy
by 10% on average compared to balanced case,
but also sacrifices energy by only a small amount,
increasing by 23% on average.

2

Background

DVFS space in autonomous systems. The trade-off between
latency and power consumption is usually achieved via adjustments to frequency and/or voltages of hardware components. A software and hardware technique typical of modern
systems is DVFS. Through DVFS, system software such as
the operating system or hardware solutions can dynamically
adjust voltage and frequency. To understand this technique
better, consider Fig. 2(a), showing the components of a Jetson TX2, which contains a Parker SoC with a big.LITTLE
architecture with 2 NVIDIA Denver big cores and 4 ARM
Cortex A53 LITTLE cores. The Parker SoC also contains
a 256-core Pascal-architecture GPU. The TX2 module also
contains 8 GB of shared memory (the Jetson AGX Xavier
also used in Sec. 5 has a more advanced Xavier SoC with
8 NVIDIA “Carmel” cores, a 512 Volta-architecture GPU,
and 16GB of shared memory). Each component includes a
voltage/frequency (V/F) gate that can be adjusted via software. The value for frequency and voltage for each component
forms a unique topple, called a DVFS configuration throughout this paper.
DNN and its approximation techniques. Fig. 2(b) depicts a
simplified version of a Deep Neural Network (DNN). Neurons
are the basic building blocks of DNNs. Depending on the layer
neurons belong to, they perform various different operations.
A DNN may contain multiple layers of different types, such
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Figure 2: DVFS configuration space and DNN structure.
as the convolutional and the normalization layers, which are
connected via their inputs and outputs.
DNNs by nature are approximation functions [36]. DNNs
are trained on a specific training set. After training, accuracy
is measured by using a test data set, set aside from the
training set and measuring the accuracy (e.g., top-5 error rate–
comparing the top 5 guesses against the ground truth). The
accuracy of the overall DNN can be adjusted by manipulating
the layer parameters.
A rich set of DNN approximation techniques have been
proposed in the literature and adopted in the industry [17,
58, 24, 29, 43, 56, 7, 18]. Such techniques aim at reducing
the computation and storage overhead for executing DNN
workloads. An example technique to provide approximation
for convolutional layers is Lowrank [45], which performs a
lowrank decomposition of the convolution filters. In our implementation, dynamic accuracy adjustment or “hot swapping”
layers will refer to applying the lowrank decomposition to the
upcoming layers before their execution. Note that applying
such approximation adjustments on the fly is possible because
the generated pair of layers have the exact combined input and
output dimensions. Moreover, this adjustment is only possible
for future layers at each layer boundary.
Measuring Accuracy. The approximation on the fly will
affect the final accuracy. Due to the dynamic nature of this
adjustment, the exact value of accuracy measurement using
traditional methodology is impractical. Most related work
thus incorporate an alternative scoring method [3], where the
system will deduce the accuracy score accordingly if certain
approximation techniques are to be applied to the next layer.
In our method, we assume a perfect score for the original
DNN, and switching to the lowrank approximation of any
layer will reduce the score by a set amount. For example,
running AlexNet in its entirety will result in a score of 100. If
we swap a convolutional layer with a lowrank version of that
layer, the overall accuracy will be affected by some amount
(e.g., 1 in our method), thus yielding a lower score (e.g., 99
under the scoring method). Therefore, the score is always
relative to the original DNN configuration and not related to
the absolute value of accuracy on a particular dataset. This
method of keeping relative accuracy is still invaluable to
maximizing accuracy in a dynamic runtime environment but
cannot be used to calculate the exact accuracy loss.
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Figure 3: Calculated best system level DVFS configuration
and best application level theoretical approximation configuration for AlexNet on Jetson TX2 in order to meet a 12ms
deadline (0 means no approximation).

Figure 4: Negative feedback loop between an applicationlevel solution and a system-level solution.

3

Observation 1: Layer-level trade-off makes the problem an
order of magnitude harder than ordinary blackbox techniques.

Motivation

In this section, we lay out several motivational case studies
to understand the challenges that exist for DNNs, and gain
insights on why existing approaches (or naively extended
ones) may fail under our problem context.

3.1

Balancing in two-dimensional Space

The trade-off to meet a specified latency target while maximizing accuracy is done in a 2-dimensional space by choosing
an approximation configuration for the application. Similarly,
the 2-dimensional trade-off between energy and latency is
done by changing an optimal DVFS configuration. Traditional
control-theory based solutions treat the entire application as
a black-box, and decide on what DVFS or approximation
configuration should be chosen every few iterations of that
specific application [21, 20]. However, treating DNNs as a
blackbox does not yield the most efficient results. Fig. 3 left
hand shows the best DVFS configuration for each layer of
AlexNet among all possible DVFS configurations for a Jetson
TX2 in terms of energy consumption. The y-axis is the layer
number for AlexNet, and the x-axis is the DVFS configuration
index, partially sorted based on frequency and activated core
counts. The dots show the configuration that has the absolute
minimum energy consumption. As is evident, each layer has
a different optimal DVFS configuration. More interestingly,
we observe a non-linearity where sometimes faster DVFS
configurations have lower energy consumption. This is due
to the massive parallelism of GPUs, where increasing the frequency by 2x for example can yield a 10-fold improvement
in performance, which outweighs the momentary increase in
energy consumption. Fig. 3 right hand shows the best theoretical approximation configurations required for each layer
of AlexNet in order to meet a 12ms deadline4 . As is evident
in the figure, each layer requires a different approximation
configuration for optimal results.
Thus, the DNN must somehow become transparent to the
system, conveying layer-by-layer information in order to
make the correct decisions. This can make the decision space
in the 2-dimensional space at least an order of magnitude
harder (e.g., AlexNet has 23 layers) since every layer must be
considered for each execution of the DNN application.
4 Please
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see Sec. 4.2 for more details on how this is calculated.
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3.2

(b)

Balancing in three-dimensional Space

Balancing energy/latency and accuracy/latency in isolation
can be naive, and lead to unnecessary consumption of energy
or reduced accuracy. Fig. 4a shows a similar experiment
to Sec. 3.1, but both the system and application (Alexnet)
are employed at the same time without any coordination.
The goal of both solutions is to reach a 20ms deadline (by
using latency deficit, LAG, as a guide (Sec. 4.2)). In the
case of AlexNet, the system-level DVFS adjustment can be
enough to meet the desired deadline. In an ideal scenario,
only energy is adjusted slightly until AlexNet is not behind
schedule. However, as is evident in the figure, normalized
energy consumption and accuracy for each layer are both
decreased continuously and dramatically. This is due to an
unwanted negative loop, where a negative deficit (indicating
that the system is behind schedule) has resulted in the
application-level solution switching to a lower approximation
configuration. Because these configurations are discrete, as
we shall discuss in Sec. 4.2, the deficit will overshoot (at
around layer 10) and becomes positive (meaning the system is
ahead of schedule). The system-level solution would see this
deficit as a headroom to reduce energy consumption, and in
the case of Fig. 4a, has turned the positive deficit into a small
negative at around layer 18. This cycle (as depicted in Fig. 4b)
is repeated until the minimum approximation configuration
is reached. This result is extremely undesirable in accuracysensitive applications such as autonomous driving (but can
be okay for energy sensitive applications such as remote
sensing). Thus, a feasible solution would be for the system
and application to communicate, and make decisions based on
given constraints for an application based on given constraints.
This communication should be done at the granularity of
layers, which makes the problem extra hard.
Observation 2: Trade-off in a 3-dimensional latency, energy,
and accuracy optimization space is a significant challenge
due to both system constraints as well as lacking harmony
between application-level and system-level solutions.

3.3

Balancing for Multi-DNN Scenarios

To the best of our knowledge, no existing approach deals
with multiple DNN instances in a coordinated manner.
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Figure 5: Energy consumption and execution time of running
8 instances of Resnet-50 on a Jetson TX2 under PredJoule.
Straightforwardly extending single-tasking latency/energy
trade-off approaches, such as PredJoule [5], to multi-tasking
scenarios would only result in decision-making that is local
and greedy, based on locally measured variables. To showcase
why coordination in this additional dimension is a key
issue, examine Fig. 5, which shows the latency and energy
consumption for running 8 DNN instances together averaged
over 20 iterations under PredJoule on a Jetson TX2. We
chose PredJoule because in our experiments, it outperformed
all other existing solutions on exploring the 2D tradeoff
between latency and energy for DNNs. The left (right) y-axis
in Fig. 5 depicts the latency (energy consumption) in seconds
(miliJoules) for each instance. As is evident in the figure, the
DVFS management is greedy, resulting in instances 1 and
2 having relatively good latency and energy consumption.
This greediness has pushed the rest of the DNN instances
into unacceptable latency range (which is above 150ms for
ResNet-50) because the chosen DVFS configuration at each
layer boundary has been mostly beneficial only to the current
layers of DNN instance 1 and 2. Moreover, the distribution
of timing and energy consumption is not even across all
instances because of the same reason. This disparity is the
result of an uncoordinated system solution that chooses DVFS
configurations greedily based on local variables.
Observation 3: In addition to the 2D and 3D complexities
of solving the latency/accuracy/energy trade-off, a complete
system solution must also accommodate for Multi-DNN
scenarios, which are inherently more complicated to model
and predict than single-DNN scenarios. The case studies
also imply that naive extensions on existing single-DNN
2D solutions may fail in multi-DNN cases because they
make greedy decisions based on local variables without
coordination towards being globally optimal.

4
4.1

System Design
NeuOS Overview

To optimize the three-dimensional tradeoff space at the layer
granularity, two basic research questions need to be answered
first: 1) how to define and track the values of the three
performance constraints in the system, and 2) what target
should be imposed for optimizing each constraint.
For the first research question, we define a value of LAG
(defined in Sec. 4.2, as a measurement of how far behind the
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DNN is compared to an ideal schedule that meets the relative
deadline D), which tracks the progress of DNN execution
at layer boundaries, P for energy consumption (in mJ) for
each layer, and a variable X to reflect accuracy. We choose
to track LAG at runtime instead of using an end-to-end
optimization because it is more practical due to two reasons:
1) in a multi-DNN scenario, predicting the overlap between
different DNN instances (and thus coordinating an optimal
solution) cannot be done offline without making unrealistic
assumptions, such as synchronized release times, and, 2) LAG
is especially useful in a real system since it can account for
outside interference, such as interference by other processes
in the system, whereas an end-to-end optimization framework
could miss the latency target. Moreover, as we shall discuss in
Sec. 4.2, the value of P can be inferred by LAG in our design
as these two variables fundamentally depend on the runtime
DVFS configuration. Thus, the essential variables to track
the status of a DNN execution can be simplified to {LAG, X}.
Since we are dealing with a multi-DNN scenario, each DNN
instance will have its own set of these variables. To know the
collective status of the system, each DNN instance will put
its variables in a shared queue.
In order to answer the second question regarding what
optimization targets should be imposed on the system, we
focus on the following three typical scenarios (expanded on
in Sec. 4.3) that entail different performance constraints:
• Min Energy (MP ) is when NeuOS is deployed on
an embedded system with a critically small energy
envelope. Thus, the system should minimize energy
without sacrificing too much accuracy. This scenario
is motivated by applications seen in extremely powerlimited systems such as drones, robotics, and a massive
set of internet-of-thing devices.
• Max Accuracy (MA ) is when NeuOS is deployed on
a system that has limited energy but accuracy is of
utmost importance. Thus, the system should try to
maximize accuracy without losing too much energy. This
scenario is motivated by CPS-related applications such
as autonomous driving.
• Balanced Energy and Accuracy (S) describes a more
general, flexible scenario when the system is limited by
both energy consumption and accuracy requirements,
but no priority is given to either. Thus, the system should
try to balance energy consumption and accuracy.
With the given scenarios and the values of {LAG, X} at
hand, we can answer the two key research questions presented
in our motivation: 1) how to coordinate in a multi-DNN
scenario such that the overall system is balanced and can meet
the performance constraints, and, 2) how to efficiently tradeoff
between latency, energy, and accuracy given the complexity of
the problem space and how to prevent the negative feedback
loop discussed in Sec. 3.2?
Design overview. Fig. 6 shows the overall design of NeuOS
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deadline Di as a form of LAG [51], denoted by LAGi . LAGi
is a local variable (that can be updated at layer boundaries)
for each DNN instance that keeps track of how far ahead or
how far behind the DNN instance is compared to the deadline
at time t. LAGi is calculated as:

Figure 6: Design Overview
around {LAG, X}. The left side depicts the shared queue
among multiple DNN instances. In the middle, a simple
example of n concurrently running DNN instances each with
three layers is shown. NeuOS makes runtime decisions on
DVFS and DNN approximation configuration adjustments at
layer boundaries, i.e., whenever a layer of a DNN instance
completes. This is beneficial not only because applying
approximation on-the-fly is possible only at layer boundaries,
but in terms of overhead as well (as proved by our evaluation).
As illustrated in the figure, at the boundary between layers
L2 and L3 of the first DNN instance, NeuOS is going through
the process of decision-making which contains several steps.
The first step is Alg.1, which senses the last known value
of LAG for each DNN instance. Alg. 1 decides what DVFS
configuration (at system level) is best for each instance in
order to meet their deadlines D, outputting a list of potential
DVFS configurations (∆), where each member of the list
corresponds to a DNN instance. In the next step, the list
of potential DVFS configurations are fed into Alg.2, which
predicts what approximation {Xi } (at application level) would
be required for other DNN instances to meet the deadline if
the DVFS configuration for any one of the DNN instances
is applied. Thus, Alg. 1 and Alg. 2 in tandem discover all
possible courses of action the system can take to meet the
deadline. However, at this point, no decision has been made
on what DVFS configuration or accuracy configuration should
be chosen for the system, because that depends on the given
system constraint. This problem is inherently an optimization
problem of finding the best possible choice in the propagated
configuration space. We present this optimization problem
formally in Sec. 4.3, where depending on broad scenarios, a
particular setting is chosen for the next period of execution.
In the last step of NeuOS, the system chooses one of these
possibilities based on the scenario involved.

4.2

Coordinated System- and Application-level
Adjustments

In this section, we expand on how runtime LAG is measured,
how it relates to energy consumption, how accuracy X
is calculated, and how the two developed algorithms take
advantage of these two measurements to discover all possible
choices the system can make efficiently in order to reduce the
LAG to zero and meet the deadline.
LAG. We quantify the relationship between the partial
execution time at time t of DNN instance i (ei ) and its relative
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∑

LAGi (t, Li (t)) =

(dl − el ),

(1)

l∈Li (t)

in which Li (t) is the list of the layers of instance i that have
completed by time t. For layer l ∈ Li (t), dl and el depict the
sub-deadline for layer l and the recorded execution time for
layer l, respectively. NeuOS keeps track of el by measuring
the elapsed time between each layer. Moreover, we use the
proportional deadline method [38] to devise sub-deadlines
for each layer based on Di , the relative (end-to-end) deadline
of DNN instance i, in which the subdeadline dl for layer l is
calculated as:
dl = (el /

∑ (ex )) · Di ,

(2)

x∈Li

where ∑x∈Li (ex ) denotes the execution time of DNN i. The
proportional nature of sub-deadlines means that they only
need to be calculated once for the lifetime of a given DNN
instance on a platform.
Each DNN instance i would broadcast LAGi among all
instances via the shared queue. Thus, LAGi would reflect the
last known status of DNN instance i up to the last executed
layer. We call the collection of LAG from all instances the
LAG cohort, and we denote it by Φ. At completion of a DNN
instance, a special message is sent to the cohort so that every
DNN instance in the system is aware of their exit.
Based on the LAG cohort, the DNN instances can make
decisions on accuracy and DVFS. A cohort will be perfect if
every LAG within it is 0, or ∀LAGi ∈ Φ, LAGi = 0. This means
that all layers have exactly finished by their sub-deadline so
far. Thus, the system has reasons to believe that the DNN
instances will exactly finish by the deadline and do not require
a faster DVFS or an approximation configuration, saving
energy and accuracy in the process.
Since LAG indicates how far behind (LAG < 0) or ahead
(LAG > 0) each DNN is, the DVFS and the approximation
configuration need to be adjusted to run faster or slower
accordingly. However, energy consumption and accuracy
constraints must also be considered. We discuss each next.
System-level DVFS adjustment. At system-level, the question is which DVFS configuration is the best given the state
of Φ to minimize energy consumption while reducing LAG
to zero? The answer would vary between different DNN instances in the cohort, as they exhibit different LAGs. Moreover, different layers react differently to DVFS adjustments.
Alg. 1 is responsible for finding the best DVFS configuration for each DNN instance in the cohort. Alg. 1 takes as
input the LAG cohort Φ and a SpeedUp/PowerUp table for
the current layer of each DNN instance i. The structure of
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Algorithm 1 ∆ Calculator.

Algorithm 2 Xi Calculator.

Input: Φ
⊲ Progress Cohort
Input: SpeedUp/PowerUp[]
⊲ The SpeedUp/PowerUp table of DNNs.
Output: ∆

Input: ∆
⊲ Potential DVFS list.
Input: SpeedUp/Accuracy[]
⊲ The SpeedUp/Accuracy table of DNNs.
Input: SpeedUp/PowerUp[]
⊲ The SpeedUp/PowerUp table of DNNs.
Output: X[][]
⊲ The accuracy list for each DNN instance for each δ

1: function R ETURN∆(Φ)
2:
for LAGi in Φ do
i
3:
SPi ← Di +LAG
.
Di

4:
δi ← LookUp SpeedUp/PowerUp[SPi ]

1: function R ETURNXi (∆)
2:
for δc in ∆ do
3:
for i = 0 to i < |∆| do

Table 1: SpeedUp/PowerUp and SpeedUp/Accuracy tables.
(a) SpeedUp/PowerUp for a layer of DNN instance i.

4:
5:

SP (δc )·(Di +LAGi )

SAi ← i
Di

X[c][i] ← LookUp SpeedUp/Accuracy[SAi ]

(b) SpeedUp/Accuracy.

DVFS Configuration(δ)

SpeedUp

PowerUp

X

SpeedUp

1
2
3

1x
2.1x
2.8x

1x
2x
1.5x

81%
71%
59%

1x
1.8x
2.5x

the SpeedUp/PowerUp table is depicted in Table 1a. The first
column of Table 1a is the index for all the possible DVFS
configurations in the system. The second column indicates
how fast each DVFS configuration is in the worst case scenario compared to the baseline DVFS configuration (baseline
is usually chosen to be the slowest configuration). The third
column indicates how much power that DVFS configuration
will consume relative to baseline.
Storing relative speedup and powerup values (instead of
absolute measurements) is useful for looking up the table. In
Alg. 1, given a LAGi (line 2) and a relative deadline Di for
DNN instance i, the required speedup (denoted as Si ) could
be directly calculated as (line 3):

on other DNN instances i 6= c? The speedup of δc for other
DNN instances can be calculated by using δc as the lookup
key in their corresponding SpeedUp/PowerUp table. But what
if this speedup does not reduce LAGi to zero? To solve this
problem, we next present the algorithm that calculates the
application-level approximation required to reduce LAGi to
zero given a DVFS configuration δc ∈ ∆.
Application-level accuracy adjustment. Alg. 2 portrays the
procedures to calculate the required approximation for the
upcoming layers of all DNN instances based on a DVFS
configuration. If the instance i is behind the ideal schedule by
LAGi , with a relative deadline of Di , and if the chosen DVFS
configuration is δc , the remaining required speedup can be
calculated as follows (line 4):
SAi (δc ) =

SPi (δc ) · (Di + LAGi )
,
Di

(4)

in which SP is the speedup (or slowdown) value calculated
as the relationship between the current projected execution
time (Di + LAGi ) and the ideal execution time (Di ). Since
LAG can be negative or positive, the value of SP can
indicate a slowdown or speedup, where the slowdown is a
way to conserve energy, which is the goal of NeuOS. The
LookUp procedure (line 4) would then find the closest DVFS
configuration that matches the speedup (or slowdown) in
relation to the current configuration.
For our Alg. 1 to operate, we prepare a structure such as
Table 1a for all DNN instances in a hashed format5 . The
LookUp procedure would then directly find a bucket by using the SpeedUp as an index. The output of Alg. 1 is a set
∆ = {δ1 , δ2 , ..., δn }, in which δi is the ideal DVFS configuration for DNN instance i in order to meet the deadline.
Imagine we ultimately decide that δc ∈ ∆ is the best DVFS
configuration for the next scheduling period. A very interesting question would be that, what is the effect of applying δc

in which SAi (δc ) is the required speedup (or slowdown) via
approximation for DNN instance i when DVFS configuration
δc is chosen, and SPi (δc ) · (Di + LAGi ) is the new projected
execution time of DNN instance i. The value of SAc , the
speedup from accuracy for the chosen DVFS configuration,
should always be zero or less than zero since by definition,
δc is the ideal DVFS configuration for c and requires no
additional speedup from approximation.
The value of SAi is then used as a lookup key to a new table,
called the SpeedUp/Accuracy table, depicted in Table 1b.
Table 1b stores the relative worst case execution times for
each layer’s approximation configuration. We index each
row by X, which is the value of the total accuracy of that
configuration6 . Note that the exact value of X has no effect
in the algorithm and what matters is the relative order in
Table 1b (i.e., the lower we go down the table, the lower the
relative accuracy). The output of Alg.2 is the row index in the
SpeedUp/Accuracy table sufficient to meet the deadline for
all DNN instances except c. We denote this index for layer k
of DVFS configuration i as Xik . This value is then broadcasted
in the accuracy cohort and indicates the application-level

5 Our hashing is custom, and hashes the relationship between SpeedUp
and PowerUp. This method relies on partially sorting the DVFS configuration
space. You can find the latest hashing code at https://git.io/Jfogq

6 Each row could be indexed by any measure. However, indexing with
X has benefits in overhead reduction for the LookUp procedure in Alg. 2
because it can be more easily hashed.

SP =
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Di + LAGi
,
Di

(3)
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configuration chosen for the next immediate layer of the
corresponding DNN instance.
The remaining question is that which δc should be chosen.
We answer this question next.

4.3

Constraints and Coordination

The combination of Alg. 1 and Alg. 2 produces a list of potential DVFS configurations ∆, and for each DVFS configuration
in ∆, a corresponding list of required approximations for all
DNN instances in the cohort if that DVFS configuration were
to be applied. Such a scenario can be visualized as a decision
tree. The remaining question of our design would be which
path to go down to in order to have a perfect LAG cohort. As
discussed in Sec. 3.2, the requirements on energy and accuracy can vary depending on specific scenarios. We present
the following three approaches based on the three scenarios
defined in Sec. 4.1, i.e., minimum energy (MP ), maximum
accuracy (MA ), and balanced energy and accuracy (S).
Min Energy. This approach aims at minimizing power
usage at the cost of accuracy. To choose the best DVFS
configuration in the DVFS candidate set ∆, we should
look at the corresponding SPi (δc ), δc ∈ ∆ values in the
SpeedUp/PowerUp table and choose the δc that has the
smallest PowerUp value for that corresponding DNN instance,
namely:
δc = {δi ∈ ∆ | PowerU pi (δi ) ≤ PowerU pi (δx ), ∀δx ∈ ∆},
(5)
in which PowerU pi (δi ) is extracted from the
SpeedUp/PowerUp table of DNN instance i. Note that in
our experience, the values of PowerUp can be non-linear in
relation to SpeedUp, and hence, a comprehensive search as
noted above is required. Then, using Alg. 2, the accuracy
cohort can be calculated and broadcasted based on the projected new execution times. Even though this approach has
the best power consumption, it will not have the best accuracy
since many processes will most likely not meet the deadline
without significant loss of accuracy, since the speedup from
DVFS alone will likely not make up for the vast majority of
the progress values in the cohort.
Max Accuracy. In this method, our system chooses the DVFS
configuration δc in such a way that:
δc = {δi ∈ ∆ | ∑(SA j (δi )) ≤ ∀ ∑(SA j (δx ∈ ∆)),
∀ DNN instance j in cohort},

(6)

in which ∑ SA j (δi ) is the sum of all the required speedups
from approximation (SAi ) for configuration δi , and ≤
∀ ∑(SA j (δx ∈ ∆)) is indicating that the sum of approximationinduced speedup for the chosen δc should be less than or
equal any other sum of approximation values for other δx ∈ ∆
(this indirectly ensures minimized accuracy loss).
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Statistical Approach for Balanced Energy and Accuracy.
To achieve balanced energy and accuracy, we propose a
statistical approach that checks the state of ∆ and the projected
accuracy cohort in statistical terms to make a decision. The
calculation of SPi and SAi (which depends on SPi ) resemble the
form of Bivariate Regression Analysis (BRA) [57], in which:
SAi = SPi ·

Di + LAGi
+ 0,
Di

(7)

i
in which, Di +LAG
is called the influence of SPi on the required
Di
approximation. To measure this influence, we first calculate

i=n−1

I=

∑
i=0

Di + LAGi
,
Di

(8)

in which I is the collective influence of LAG on approximation. If the value of I is high, it means that the accuracy
can be more adversely affected by a low value of DVFSinduced speedup(SPi ). Similarly, a low value of I means that
the accuracy can remain minimal even with a low value for
DVFS-induced speedup. We simplify our decision making
by dividing the LAG cohort Φ into three groups based on
how big or small the value of LAG is. The boundary for the
intervals is calculated using:
max{Φ} − min{Φ}
.
(9)
3
The three groups G1[0...Boundary], G2[Boundary...2·Boundary],
and G3[2 · Boundary...3 · Boundary] are then formed, and the
ultimate DVFS configuration is chosen as:


median(G1) i f (I < t)
δc = median(G2) i f (t < I < 1 + t) ,
(10)


median(G3) i f (I > 1 + t)
Boundary =

in which, t is a threshold for I, set to the standard deviation σ
of the set I. However, t can be chosen by the system designer
to indicate a requirement on power consumption and accuracy.
A small value for t will push the system towards faster DVFS
configurations and vice versa.
Discussion on choosing modes and safety. We would like
to conclude our design by a discussion on which modes to
choose and the safety concern it might entail. Our stand
from a system perspective is to design a flexible system
architecture that can adapt to various external needs. Where
absolute mission-critical applications are concerned, we
offer Max Accuracy. Nonetheless, depending on the safety
requirement, our Balanced approach might be good enough
with the proper threshold t even for applications such as selfdriving vehicles. However, choosing a mode dynamically
at runtime or statically for a particular system offline has
more to do with the certification standards (which are in their
preliminary stages for self-driving vehicles) as well as the
requirement on maximum reaction time and accuracy. Thus,
we believe the decision should be relegated to an external
policy controller [54, 31, 6, 34, 52]
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Figure 7: Energy under various methods (in mJ) for 1, 4, and 8 instances of 4 DNN models.
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Figure 8: Latency under various methods (in ms) for 1, 4, and 8 instances of 4 DNN models.

5

Evaluation

In this section, we test our full implementation on top of
Caffe [25] with an extensive set of evaluations.

5.1

Experimental Setup

In this section we lay out our experimental setup, which
includes two embedded platforms and four popular DNN
models. We compare NeuOS to 6 existing approaches.
Testbeds. We have chosen two different NVIDIA platforms
imposing different architectural features (since deployed
autonomous systems solutions, particularly for autonomous
driving and robotics, seem to gravitate towards NVIDIA
hardware as of writing this paper [26, 30]) to showcase
the cross-platform nature of our design when it comes to
hardware. We use NVIDIA Jetson TX2, with 6 big.LITTLE
ARM-based cores and a 256-core Pascal based GPU with
11759 unique DVFS configurations, and the NVIDIA Jetson
AGX Xavier, the latest powerful platform for robotics and
autonomous vehicles with an 8-core NVIDIA Carmel CPU
and a 512-core Volta-based GPU with 51967 unique DVFS
configurations.
DNN models. Having a diversified portfolio of DNN models
can showcase that NeuOS is future proof in the fast-moving
field of neural networks. To that end, we use AlexNet [32],
ResNet [19], GoogleNet [2], and VGGNet [49] in our
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experiments. Our method dynamically applies a lowrank
version of a convolutional layer whenever approximation is
necessary by keeping both version of the layer in memory for
fast switching. The deadline for each DNN instance is based
on their worst-case execution time (WCET) on each platform,
and is set to 10ms, 30ms, 150ms, and 40ms respectively for
Jetson TX2 and 5ms, 10ms, 25ms, 30ms respectively for AGX
Xavier. Note that ResNet is much slower on Jetson TX2 due
to the older JetPack software.
Small Cohort, Medium Cohort, Large Cohort sizes. We
test NeuOS under three different cohort size classes to test
for adaptability and balance: 1 process for small, 2 to 4
processes for medium, and 6 to 8 processes for large. Each
of these cohort sizes have their own unique challenges. We
measure average timing, energy consumption, and accuracy
for these scenarios and provide a measure of balancing where
applicable. For medium and large cohorts, we include a mixed
scenario, where different DNN models are executed, which
represents systems that use different DNNs (for example for
voice and image recognition). For the medium cohort, one
instance of each DNN model and for the large cohort, two
instances of each model are initiated.
Adaptability to different system scenarios. As discussed in
Sec. 4.1, we consider three different scenarios with different
limits on latency, energy and accuracy: minimum energy,
maximum accuracy, and balanced energy and accuracy.
Compared Solutions. We implement and compare six state-
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Figure 9: Average accuracy (y-axis as a fraction of 1) of the cohort over iteration of execution for 4 different DNN models with 4
and 8 instances compared to ApNet (x-axis is the iteration number).
of-the art solutions from the literature, including DNNspecific and DNN-agnostic ones, software-based DVFS and
hardware-based DVFS, and application-level and system-level
solutions. We present a short detail for each as follows.
PredJoule [5] is a system-level solution tailored towards
DNN by employing a layer-based DVFS adjustment solution
for optimization latency and energy. Poet [23] is a systemlevel control-theory based software solution that balances
energy and timing in a best-effort manner via adjusting DVFS.
We choose to compare against Poet instead of its extended
approaches including JouleGuard [21] and CoAdapt [20],
as they employ essentially the same set of control theorybased techniques as Poet. ApNet [3] is an application-level
solution based on DNNs that can theoretically provide a perlayer approximation requirement offline to meet deadlines.
Race2Idle [28] is the classic “run it as fast as you can”
philosophy, which is always interesting to compare to. MaxN [10, 11] is a reactive hardware DVFS that maximizes
frequency and sacrifices energy in the name of speed, in
NVIDIA embedded hardware. Max-Q [10] is a hardware
DVFS on Jetson TX2 that dynamically adjusts DVFS on
the fly to conserve energy. However, this feature has been
removed from the Xavier platform [11], and is replaced by
low level power caps, such as 10W, 15W, and 30W. We use
the 15w cap instead of Max-Q on Xavier.

5.2

Overall Effectiveness

In this section, we measure the efficacy of NeuOS on the
two evaluated platforms under the balanced scenario. Since
our design is concerned with timing predictability, energy
consumption, and DNN accuracy, we measure all three
constraints and compare against state-of-the-art literature
under each platform and each scenario.
5.2.1 Small Cohort
Energy. The left column of Fig. 7 depicts our measurements
in terms of average energy consumption compared to a GPUenabled Poet, Max-Q, Max-N, PredJoule, and Race2Idle using
AlexNet, GoogleNet, ResNet-50 and VGGNet as the base
DNN model and using lowrank as the approximation method.
As is evident in the figure, NeuOS is able to save energy
considerably compared to all other methods on Jetson TX2
on all DNN models, with improvements of 68% on average for
Jetson TX2 and 46% on average for AGX Xavier. This saving
is due to the fact that in some cases accuracy is minimally
traded off for the benefit of energy and timing.
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On the Jetson AGX Xavier, NeuOS has better energy
consumption compared to all other approaches on every DNN
model except compared to PredJoule for VGGNet. As we
shall see for timing, PredJoule misses the deadline of 30 for
VGGNet, and NeuOS has decided to sacrifice energy to meet
timing.
Latency. Fig. 8 shows the average execution time for NeuOS
compared to the 5 methods and using 4 DNN models. NeuOS
outperforms all other approaches, improving on average
execution time by 68% on Jetson TX2 and by 40% on AGX
Xavier. It is also interesting to note that AGX Xavier is much
faster than Jetson TX2, by 70% on average.
Tail Latency. Through response time measurements, we
find that NeuOS rarely misses the deadline (3.25% of the
time). Moreover, the variance is low with the 99th percentile
execution time for AlexNet, GoogleNet, ResNet-50, and
VGGNet as 9.2 ms, 48 ms, 130.3 ms and 39.1 ms for TX2 and
5.0 ms, 12.0 ms, 26.1 ms and 36.2 ms for AGX respectively.
Accuracy. We also measure the accuracy loss of NeuOS
compared to ground truth and compared to ApNet (Fig. 9
omits small cohort for clarity). ApNet is the only DNNspecific application level solution we are aware of. NeuOS
has an approximation score of 0.94% on average (out of 1),
which is better than ApNet by 21%.
5.2.2 Medium and Large Cohorts
In order to save space, we only compare PredJoule for
the 4-process medium and 8-process large cohort sizes.
In our testings, PredJoule already vastly outperforms other
methodologies, and thus is a good comparison to NeuOS.
Energy. As is evident in the second and third columns of
Fig. 7, NeuOS can almost always outperform PredJoule
in terms of energy consumption on Jetson TX2 improving
70% on average. However, rather interestingly, NeuOS
performs worse in terms of energy compared to PredJoule for
GoogleNet, ResNet, and VGGNet on AGX Xavier. This is
due to the fact that PredJoule again misses the deadlines on
AGX Xavier, and NeuOS has sacrificed a negligible amount
of energy (1.5% on average) in order to meet the deadline.
Latency. NeuOS always outperforms state-of the art, improving by 53% on average for Jetson TX2, and by 32% on average
for AGX. This is due to the fact that NeuOS is able to leverage
a small amount of accuracy and energy loss (in the case of
AGX Xavier) for better timing and energy characteristics.
Tail Latency. We find that deadline miss ratio is about the

USENIX Association

T.S

MA

PredJoule

25

1 Process

Time (ms)

15
10
5
01

2

3

25

4 5 6
Iteration

7

8

9

2 Process

Time (ms)

15
10
5
1

2

3

4 5 6
Iteration

7

8

9

3

4 5 6
Iteration

7

8

9

2 Process

(a) The entire configuration space
for all DVFS and accuracy combinations for Jetson TX2.
1

2

3

250

3 Process

Energy (mJ)

4 5 6
Iteration

7

8

9

7

8

9

3 Process

200

Time (ms)

30
25
20
15
10
5
0

140
120
100
80
60
40
20
0

2

Energy (mJ)

20

0

MP
1 Process

Energy (mJ)

20

140
120
100
80
60
40
20
01

150
100

1

2

3

4 5 6
Iteration

7

8

9

50
0

1

2

3

4 5 6
Iteration

Figure 10: Performance of NeuOS under three scenarios
compared to PredJoule on Jetson TX2.
same as the small cohort. Moreover, the variance is similarly
low with the 99th percentile execution time for AlexNet,
GoogleNet, ResNet-50, and VGGNet as 10.4 ms, 39.2 ms,
101.7 ms and 69 ms for TX2 and 11 ms, 12.5, 26.3 and 35.9
ms for AGX respectively for the medium cohort and 13.6 ms,
40.8 ms, 190 ms and 72 ms for TX2 and 10.7 ms , 54 ms , 62
ms and 36.1 ms for AGX respectively for the large cohort.
Accuracy. Fig. 9 shows the average accuracy of the cohort
over 6 iterations on AGX Xavier. As is evident in the figure,
NeuOS generally improves upon accuracy as the system
progresses because the optimization in Sec. 4.3 is able to
find better DVFS configurations. When compared to the
efficient approximation-aware solution APnet, NeuOS is able
to achieve noticeably better accuracy in all scenarios.
Balance. A very important measure discussed in Sec. 3.3 is
how balanced the system solution is when faced with multiple
processes. To measure how balanced NeuOS is compared
to PredJoule in the 4-process and 8-process scenarios, we
include min-max bars in Fig. 7 and Fig. 8 to showcase the
discrepancy between minimum and maximum timing/energy.
As is evident in the figure, the discrepancy is negligible
compared to the total energy consumption and execution time
(up to 79 mJ and 4 ms). Thus, NeuOS maintains balance
in the cohort. This is due to the coordinated cohorts and a
uniform non-greedy decision making approach introduced in
our design.

5.3

Detailed Examination on Tradeoff

In this section, we focus on the fact that system designers
might require certain constraints that limits the ability of
NeuOS in a certain dimension. To this end, we test our
platform under three different scenarios: Maximum Accuracy
(MA ), Minimum Power (MP ), and Balanced (T.S).
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(b) Chosen configurations in the
triangle space.

5.3.1 Energy and Latency.
We compare against PredJoule and measure average timing
for the cohort in ms and average energy in mJ in Fig. 10 for
1-process (small), 2-process (medium), and 3-process (large)
scenarios on AlexNet over 9 iterations on the Jetson TX2.
PredJoule is shown as a black line. The deadline in this
scenario is set to 25 to show the interesting characteristics of
each method.
Balanced. As is evident in the figure, our statistical balanced
approach outperforms PredJoule over all iterations. Notably
in the case of medium and large cohorts, PredJoule has
a particularly bad start in terms of timing and has higher
fluctuation due to the greedy nature of DVFS selection.
Min Energy. Interestingly, MP performs very bad (still meets
the deadline) for the small cohort both in terms of timing and
energy consumption. This is due to the algorithms discussed
in Sec. 4.3. The system has switched to a very slow DVFS
configuration to save energy. However, because of the nonlinearity inherent in very slow DVFS configurations for
GPUs [5], this has resulted in a very bad energy consumption
as well. However, the coordination starts to pay off for
medium and large cohorts. This is because a coordinated
multi-process cohort needs faster DVFS configurations and
thus, the circumstances push MP out of the slow and power
inefficient DVFS configuration subset. The greediness of
PredJoule is inherent for medium and large cohorts in the
form of very large fluctuations throughout the iterations.
Max Accuracy. MA should improve accuracy while sacrificing energy and timing. We shall discuss the accuracy decisions shortly. However, the timing for MA is worse than
balanced energy by a negligible amount. The same is true
for energy consumption (23% on average). This highlights a
big design decision of the balanced scenario overall. Even for
the balanced general approach, sacrificing accuracy is done
very conservatively as was discussed earlier. Thus, the slight
push toward perfect accuracy does not introduce very large
overheads. However, as was discussed earlier guaranteeing
a tight deadline (such as 10ms for AlexNet) requires some
approximation if energy consumption is a consideration.
5.3.2 Energy-Accuracy Tradeoff.
For accuracy and to show where the variations of NeuOS
jump in terms of system and application configurations, we
bring back the triangle of Fig. 1, but with real DVFS and
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Table 2: Average execution time overhead of NeuOS
compared to other approaches on AlexNet (ms).
1 Process
NeuOS
PredJoule
ApNet
Poet

0.145
0.772
0
151.03

4 Process
0.571
0.929
3.27
604.12

8 Process

(a) Overhead in addition to Caffe

(b) Ratio to total memory

0.738
1.597
5.85
1208.27

Lowrank

Hash Table

Ratio

Jetson TX2

AGX Xavier

226 MB
23 MB
82 MB
509 MB

331 B
2.1 KB
3.2 KB
634 B

49%
30%
45%
48%

10%
2%
7%
25%

4%
1%
3%
12.7%

accuracy configurations with the selected configurations of
MP , MA , and T.S highlighted in Fig. 11b. As is evident in
the triangle, the deadline limits the possible configurations to
the bottom left corner. However, within that limitation, MP
(in red) has chosen configurations that are lower on energy
consumption toward the upper right. On the other hand MA (in
green) has chosen configurations that are not as good in terms
of energy consumption, but are better in terms of accuracy
toward bottom left. Finally, T.S, colored black, is similar to
MA because of the high emphasis on accuracy in our design.

5.4

Overhead

Execution time: Table 2 shows the overhead of NeuOS
compared to Poet, PredJoule, and ApNet using AlexNet as
the baseline model on Jetson TX2 (times are in milliseconds).
As is evident in Table 2, the overhead for NeuOS is
negligible, especially compared to Poet and the overhead is
also negligible compared to the overall execution time of
AlexNet itself. The reason Poet is so slow is because it has
to go through all DVFS configurations in a quadratic way
(O(n2 ), n is the number of DVFS configurations). Even O(n)
would be unacceptable on embedded systems with more than
10000 unique DVFS configurations. This proves that applying
our complexity reduction techniques (via hashing) is a must
for a practical system solution. Moreover, NeuOS is more
efficient than PredJoule and ApNet, especially in 4 Process
and 8 Process scenarios.
Memory: As discussed in Sec. 5.1, our implementation
keeps both the original and the lowrank approximation
of the model in GPU memory for fast switching at layer
boundaries. Moreover, NeuOS also holds the per-layer hash
tables containing approximation and DVFS configuration
information as described in Sec. 4. Table 3 depicts the
added overhead in terms of both raw and percentage of
the total NeuOS memory usage. As expected, the lowrank
approximated version of each model has slightly less overall
size compared to the original model. Nonetheless, this
technique sacrifices memory overhead to improve latency and
energy consumption. A viable alternative left as future work
is dynamic approximation on the fly, which trades off latency
for lower memory consumption. Moreover, the overhead of
the hash tables is negligible compared to the total memory
usage. Finally, the last two columns depict the cumulative
maximum percentage of total available memory occupied by
one instance of NeuOS for each platform (this memory usage
also includes the temporary intermediate layer data [39]).
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Table 3: Raw and percentage based memory overhead of
applying NeuOS for each model.
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AlexNet
GoogleNet
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VGGNet

6

Related Work

Trading off latency and power efficiency has been a hot topic
in the related fields including real-time embedded systems
and mobile computing [40, 8, 41, 53, 59, 16, 37, 42, 47, 1].
Due to the explosion of approximation techniques in different
application domains, there has been several recent works [15,
35, 13] seeking to address this problem in a three dimensional
space covering accuracy as well. Unfortunately, these works
cannot resolve the problem as their applicability is limited
in scope in various ways. JouleGuard [21], MeanTime [13],
CoAdapt [20] and other similar approaches provide general
system or hardware solution for non-DNN applications that
claim to explore the three dimensional optimization space.
A very recent set of works including PredJoule [5], and
ApNet [3] are able to provide latency predictability (meeting
deadlines) for DNN-based workloads, yet they only consider
two out of the three dimensions and focus on single-DNN
scenarios. As we have discussed in Sec. 3.2, running ApNet
and PredJoule at the same time even at different frequencies
will result in a negative feedback loop. Thus, a better, more
coordinated approach is required.
Such limitations would dramatically reduce the complexity
of the optimization space, as the system-level and applicationlevel tradeoffs focusing on a single task can be considered
in an independent manner (e.g., pure system-level and
application-level optimization under Poet [23] and CoAdapt,
respectively). This results in solutions that are inapplicable to
any practical autonomous real-time system featuring a multiDNN environment.
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8

Conclusion

This paper presents NeuOS, a comprehensive latency predictable system solution for running multi-DNN workloads
in autonomous embedded systems. NeuOS can guarantee
latency predictability, while managing energy optimization
and dynamic accuracy adjustment based on specific system
constraints via smart coordinated system- and applicationlevel decision-making among multiple DNN instances. Extensive evaluation results prove the efficacy and practicality
of NeuOS.
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