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Abstract

Deploying Artificial Neural Networks (ANNs) on embedded multi-core platforms requires precise models for estimating and op-
timizing timing and energy, which is crucial for enabling novel Artificial Intelligence (AI) applications. However, predicting
non-functional properties (timing, power) is challenging due to degrees of parallelism in ANNs and complex effects in execution
platforms (e.g. contentions at shared resources, dynamic power management). This article presents an Electronic System-Level
(ESL) timing and energy modeling flow and the associated calibration methodology for optimizing ANN deployment on multi-core
platforms. The proposed flow leverages SystemC simulation to offer both speed and accuracy while ensuring high scalability in
many dimensions, such as platform resources modeling. Analytical models are used for ANN layer computation and communica-
tion delays as well as power consumption and energy cost. We propose a measurement-based calibration approach to these models
which enables high prediction accuracy while guaranteeing high re-usability. The calibrated models can be used across different
settings without the need to re-perform a calibration phase. We validate our flow against real measurements of ANN implementa-
tions on a prototype multi-core platform. Results demonstrate over 97% accuracy in timing and 93% in energy for 54 mappings of
different ANNSs tested with and without the use of power management on the platform, with an evaluation time under 2s per map-
ping. Furthermore, we illustrate that our flow is suitable for Design Space Exploration (DSE), allowing up to 24% improvement in

inference time and 16% in energy compared to baseline implementation.

1. Introduction

Artificial Intelligence (AI) and more specifically Artificial
Neural Networks (ANNs) have garnered significant interest in
recent years. The fast evolution of hardware platforms has ren-
dered possible the training and execution of complex ANNs
featuring millions of parameters, such as AlexNet [1], thus
opening the door to a wide range of novel applications across
various domains. Current trends aim at bringing ANNs at
the edge part of Internet-of-Things (IoT) applications, thus
removing an important number of timing and energy-costly
transfers compared to their execution in the cloud [2]. At
the edge, various types of embedded platforms are available,
such as MicroController Units (MCUs) [3, 4], MultiProcessor
Units (MPUs) [5, 6], Field Programmable Gate Arrays (FP-
GAs) [7, 18] and even Application-Specific Integrated Circuits
(ASICs) which have emerged for the efficient processing of
ANNSs [9) [10]. Most of these platforms feature systems with
multiple Processing Elements (PEs) combined with a commu-
nication infrastructure that allows cores to share processed data.
Runtime management is needed to further optimize power con-
sumption in such platforms. Programming ANNs on embed-
ded platforms with limited processing and memory resources,
while complying with time and energy constraints, is challeng-
ing. This design process is also constrained by development
time, which limits possible optimization of these systems.

Early optimization of hardware resources and software de-
ployment is thus essential to deliver architectures that fully

meet both functional (such as ANN classification accuracy) and
non-functional requirements (such as timing and energy). In
this context, Electronic System-Level (ESL) [[11] modeling is
key to enable early evaluation and Design Space Exploration
(DSE) of implementation candidates. ESL frameworks were
developed to assess the performance and energy of applica-
tions deployed on multi-processor platforms early in the de-
sign process. They allow preparing optimized configurations
of software (i.e. workload splitting, mapping) and hardware
(i.e. number of PE, memory size) resources of ANNs. The
deployment of ANNs algorithms on multi-core platforms can
take benefit of data (pipeline execution of different layers) and
spatial (splitting the workload inside layers between multiple
PEs) parallelism. However, possible contention for accessing
shared resources and dynamic power management render the
modeling and prediction of non-functional properties difficult
on such systems [12]. Significant efforts must be spent to cor-
rectly abstract low level details which can limit the efficiency of
ESL approaches for Al systems. The calibration phase is thus
critical to deliver efficient ESL models with limited effort.

This article presents a measurement-based calibration ap-
proach to facilitate the creation of efficient performance and
energy models for ANNs mappings onto multi-core platforms.
The proposed approach, illustrated in Figure|l} is designed for
high scalability across multiple dimensions. We define by scal-
ability the fact after being calibrated once, the models provide
fast-yet-accurate assessment of timing and energy for a wide
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Figure 1: Overview of the proposed flow. The contributions of this article correspond to the proposed analytical models and their characterization procedure. We
use the following legend in the remainder of this article: computations are represented in green color, communications in blue color, and waiting in yellow color.

range of different settings. The scopes of scalability include
ANN mappings leveraging varying degree of data and spatial
parallelization and different levels of communication workload
and shared resource contention. Furthermore, the proposed
flow scales with the physical resources of tile-based multi-core
platforms, including the number of PEs, tile memory size, and
dynamic power management capabilities. The full evaluation
of the scalability of the flow and its limitations can be found in
Section[7.3] To offer predictive models with good level of scal-
ability, the flow relies on the Synchronous Data Flow (SDF)
Model of Computation (MoC) and a tile-based Model of the
Architecture (MoA). Based on these assumptions, the contribu-
tion of this article are:

e Timing and power models and the related characterization
procedures are proposed for computation and communi-
cation delays and power consumption according to possi-
ble tiles phases (computation, communication, low-power
mode).

e A measurement-based approach for the calibration of
models to capture intrinsic platform characteristics, in-
cluding power management effects. With the proposed
approach, the models offer high scalability i.e. without
the need to re-perform calibration for considering multi-
ple applications partitionings and mappings.

e The validation of the proposed hybrid modeling approach
through the evaluation of the prediction speed and accu-
racy against real implementations of 54 mappings of dif-
ferent ANNs on multi-core platforms of varying dimen-
sions. The results demonstrate that the established work-
flow delivers high level of accuracy (more than 97 % on
timing and 93 % on power and energy) with an evaluation
time under 2 s per mapping.

e A demonstration of the proposed models in a DSE ap-
proach to find architecture optimization of ANNs on multi-
core platforms, leading up to respectively 24 % and 16 %

improved inference time and energy. Our modeling flow,
DSE framework and the results presented in this article are
publicly available on the project’s open-source Git reposi-
tory [13].

The remainder of this article is organized as follows: Sec-
tion [2] gives a review of relevant literature regarding the eval-
uation of ANN implementations under timing and energy con-
straints. Section [3] presents the fundamental principles of our
approach. Sections ] and [5]describe our methodology to obtain
a fast yet accurate prediction flow for timing and power/energy.
Section [6] presents the calibration methodology and the experi-
ments led to extensively evaluate our proposed workflow. Sec-
tion[7.3]discusses the level of scalability of the flow in the tested
dimensions, and its limitations. Section [§] presents how the
modeling approach can be used to perform efficient DSE. In the
last section, we conclude and give perspectives on this work.

2. Related work

Electronic System-Level (ESL) [11] modeling approaches
were proposed to facilitate the high level abstraction modeling
and evaluation of multiprocessor architectures. Fundamentally,
they rely on the representation of a system architecture with
three complementary views: application, platform and map-
ping descriptions. For the purpose of early performance and
power evaluation, applications are described as workload mod-
els. Timing and power estimations are considered to model the
influence of computation and communication loads on platform
resources. In this article, we specifically compare to the meth-
ods developed to evaluate performance and power of Al sys-
tems. Approaches for the evaluation of non-functional proper-
ties of ANN mappings on edge platforms can be separated into
three main categories:

1) Rapid prototyping:| it focuses on systematic implementa-
tion of ANNs and measurement of tested metrics during
the execution on real hardware.




2) [Analytical modeling:| it aims at formally define models to
abstract low level platform details and allows early predic-
tion of non-functional properties.

3) [Simulation-based modeling.] it relies on the virtualization
of ANN mappings in order to run and observe its execution
and analyze the occupation of platform resources.

2.1. Rapid prototyping

Measuring quantities such as latency and energy at test on
a real hardware platform offers the highest possible evalua-
tion accuracy. The approaches in [5 4] provide evaluation and
optimization flows for ANN implementations respectively on
NVIDIA Jetson GPU and MCUs under classification accuracy,
latency and energy constraints. Neural Architecture Search
(NAS) [14] is included in these flows to optimize along with
the implementation the design of ANNSs in regards to their ar-
chitectural features (e.g. number of layers, number of neurons
inside layers). NAS is performed with a feedback loop using
quantities measured after training and implementation on the
real hardware platform. Due to the important exploration time
necessary to perform NAS, these approaches are limited in ex-
ploring the degree of parallelism, mapping and scheduling of
the ANN on the targeted hardware.

The authors of [15} 6] propose DSE flows to find CNN de-
ployments that optimize latency and energy respectively on
platforms featuring multi-core systems and Al accelerators,
which are instrumented to measure timing and energy to rank
mappings. As a general limit to rapid prototyping approaches,
the systematic evaluation of ANN implementations through
measurement requires an important, time-consuming effort.
This type of approach also restricts the possibilities in regards
to architectural exploration due to the necessity of using a fixed
implementation platform.

In our work, we carry out a calibration phase through mea-
surements for our high level of abstraction models. The cali-
bration effort is limited due to the considered modeling rules
adopted for the applications and the platform. This allows cap-
turing characteristics from the hardware platform while still
maintaining reduced development time and guaranteeing high
scalability.

2.2. Analytical modeling

Analytical models are fast to execute, thus overcoming the
challenges regarding evaluation time faced by rapid prototyp-
ing approaches. This type of models establish a relationship
between the value of an evaluated quantity (e.g. timing, power
and energy), ANN hyperparameters (e.g. layer types and num-
bers, number of neurons) and platform settings (e.g. number
of PEs). AutoDice [16] is a framework for fast exploration
of ANN mappings onto distributed heterogeneous edge devices
with possible automatic generation of implementable C code. It
leverages high level analytical models which formulate for each
ANN layer the relationship between the number of cores usable
on the hardware target and the resulting delay and power/energy
cost. PreVIous [17] proposes analytical models for timing and
energy regressed from measurements on two edge multi-core

platforms. Both approaches [[16| |17]] propose simple commu-
nication time models which capture data retrieval from external
memory and layer input/output communications between cores,
but they don’t take into account shared resource contentions.

The authors of [18]] propose a DSE flow for CNNs deployed
on FPGA, which allows exploring several sources of paral-
lelism within convolution layers and evaluates possible map-
pings using analytical models for timing. It enables an impor-
tant speedup of AlexNet’s execution [1]] compared to the state-
of-the-art. fpgaConvNet [19] is an evaluation and optimization
framework enabling fine-grained partitioning, analysis and tim-
ing prediction (with more than 93 % accuracy) of CNNs de-
scribed as SDF graphs [29] on FPGA. Both approaches [18}19]
however do not propose power and energy prediction. Other
approaches such as Timeloop [20]], NNest [21], HALF [22]
and MAESTRO [23] propose automatized evaluation and ex-
ploration of ANN mappings on FPGA accelerators and GPUs to
formulate the relationship between performance, utilized area,
and energy.

As general criticism to solely analytical modeling ap-
proaches, they show limitations when applied to multi-core
platforms, due to the important overheads on timing and energy
caused by concurrent accesses of cores to shared resources. In
our work, we include fast yet accurate simulation to capture
the inter-core communication and the contention effects. We
complete our analytical models with measurements to deliver
precise estimates with a limited effort of characterization.

2.3. Simulation-based modeling

Simulation-based approaches conveniently allow studying
how cores contend for shared resources. This allows pro-
viding high scalability in regards to the number of cores and
amount of communications on the platform, to the expense of
low level description and thus longer evaluation time. The au-
thors of [25] propose a simulation-based approach for platform-
aware NAS for ANNs implemented on Neural Processing Units
(NPUs). The simulation aspect allows modeling the com-
plex data movement and processing through various special-
ized units and memory hierarchies inside NPUs, but does not
focus on modeling shared resource contentions. NNSim [26]
is a SystemC Transaction Level Modeling (TLM) simulator for
the Eyeriss [9] ANN accelerator architecture. It is focused on
providing a fast functional model to help designers verify and
validate ANN implementations and does not offer power and
energy prediction.

SECDA-TFLite [27] is an open-source framework which
uses SystemC simulation for co-designing CPU systems with
dedicated ANN accelerators. The SystemC models are cali-
brated by retrieving number of cycles and power consumption
metrics directly from Register Transfer Level (RTL) system de-
scription. Once calibrated, the SystemC models can be re-used
to explore the design space while abstracting fine implemen-
tation details, thus offering significant speed-up with high pre-
diction accuracy. However the targeted architectures in [27]]
are composed of single— or double—thread only host proces-
sor, and on— and off—chip communications are performed with



Table 1: Summary of main properties and features of approaches from the state-of-the-art.

Type Approach Platform Evaluation Evaluated quantities Considered form of parallelism Platform properties
speed Shared
- Co . Power
Timing | Power/energy | Application Spatial resource
. management
contention
[5] GPU X v’ v’ v’ X v’ v’
Rapid [15)14] VPU X v v N X v’ X
prototyping 6] MPU + GPU X v’ v’ v’ X v’ X
AutoDice [16] All v’ v’ v’ v’ v’ X X
PreVlous [17] MPU v’ v’ X v N X X
[18]119] FPGA v’ N X v’ N X X
Analytical Timeloop [20] FPGA, GPU v v v N v’ X X
models NNest [21] ASIC v’ v’ v’ v’ N X X
HALF [22] FPGA v’ v v’ v’ v X X
MAESTRO [23] ASIC v’ v’ v v v’ X X
[24] NPUs v’ v’ X v’ N X X
[251126] NPUs v’ v’ X v v’ X X
Simulation | SECDA-TFLite [27] | MCU + NPU Vv’ v’ v’ v’ N X X
[81128] ASIC v v X N v v’ X
Our work MPU v’ N v’ N v’ v’ N

Legend: In this table, the symbol X marks properties that we deemed not acceptably satisfied and v marks properties that we deem acceptably satisfied. Regarding evaluation speed, we
deem that rapid prototyping approaches do not allow offering fast enough evaluation time compared to modeling approaches.

AXI stream bus, which severely limits the shared resource con-
tention effects that we are tackling in our approach.

The approach in [8| 28] consists in an IP-based design
methodology to find optimized accelerator architectures for the
inference of CNNs described in the Kahn Process Network
(KPN) MoC [30]. SystemC simulation is used to model shared
resource contention, providing an evaluation time in the order
of seconds up to the order of hundreds of seconds (excluding
model compilation time) depending on the data size processed
inside ANN layers and number of neurons in layers. This ap-
proach achieves more than 92 % accuracy on timing prediction.
In contrast to this approach, our work is focused on tuning plat-
form parameters and optimizing software deployment of ANNs
on multi-core platforms rather than selecting hardware blocks
from an IP bank to build optimized accelerators. Our models
also offer a higher accuracy on timing, overall faster prediction
time, and also enable power and energy analysis.

Table [T] summarizes papers discussed in this section. The
originality of our work relies on the combination of analytical,
simulation and measurement approaches in a hybrid modeling
approach that demonstrate then fast yet accurate capabilities.
The considered modeling assumptions, presented in the follow-
ing section, especially allow the measurement effort to be lim-
ited but still with good level of scalability.

3. Fundamentals and system modeling assumptions

In this work we consider two of the main ANN algo-
rithms considered in both industry and academia: the Feed-
forward Neural Networks (FNNs, also commonly called multi-
layer perceptrons) [31]] and the Convolutional Neural Networks
(CNNs) [32]. FNNs are composed of only one type of layer: the
dense layer, also called fully-connected layer, used to classify
data. In addition to dense layers, CNNs also contain convo-
lutional and pooling layers generally placed before the dense
ones. An example of CNN is provided in Figure 2] @, which
illustrates the different types of layers.

3.1. Model of Computation (MoC)

To ease the analysis and optimization process of ANNs im-
plemented on embedded platforms, dataflow-oriented MoCs
are appropriately used [9}133]. They allow expressing the data-
flow with different degrees of parallelism. In this work we rely
on Synchronous Data Flow (SDF) [29]]. SDF is used in many
works to model the data-flow of ANNs [19] 34} [35]]. It offers
a clear and well-known semantic for the description of applica-
tions, which:

o offers the separation of computation and communication
phases, thus making possible the characterization and
analysis of these two aspects independently,

o offers the possibility to express an application’s paral-
lelism through its partitioning in sets of actors,

e allows static analysis to prevent inter-blocking in the ap-
plication, taking into account the defined token produc-
tion/consumption rates for communications,

e is adapted to pipeline execution (spatial parallelism),
e supports real implementation on multi-processor systems.

SDF also offers formal models which can be used to formally
describe hardware/software architectures. The interested reader
can refer to [[19} 36] for more details. An example of SDF
Graph (SDFGQG) is provided in Figure @ Actors, represented
in green color, model computation. Their behavior is separated
into three phases: read, compute and write. During the com-
pute phase, no interference with any other actor can occur. The
dataflow between actors, represented in blue color, is modeled
as bounded communication channels which are buffers contain-
ing data labeled as tokens exchanged under the First In First
Out (FIFO) principle. For every communication channel in the
SDEFG, each actor has a defined token production rate and a to-
ken consumption rate. Without loss of genericity, we assume
in this work that for every channel, the token production and
consumption rates are equal.
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SDF allows expressing different degrees of parallelism of
ANNs with respect to the computations and communications
performed. The authors of [35] present a way of capturing
ANNSs in SDF using the layer level of granularity, where each
layer of the ANN is modeled as an actor, and the neuron level
of granularity, where each neuron is modeled as an actor. In
this work, we allow intermediate levels of granularity between
layer and neuron grains and we also allow mixing the level of
granularity inside a model: layers can be described with a num-
ber of actors that differ from one another. To properly define
intermediate levels of granularity, we introduce the notion of
"clustering" of a layer L in SDF, and we denote C;, the number
of actors generated from L. All actors issued from the clus-
tering of a layer contain roughly the same number of neurons.
In Figure [2] the number inside actors represent the number of
neurons it contains. The communication channels number and
token consumption rate are also dependent on the clustering as
illustrated in the different examples of CNN clusterings in Fig-
ure 2} @ corresponds to the main SDFG for the ANN in @.
It represents the layer level of granularity, where every layer L
in the ANN is represented by a single actor (i.e. C, = 1). The
computation phase of actors corresponds to the sequential exe-
cution of the entire layers without using spatial parallelization.
From the main SDFG, the individual clustering of layers Cp,
can be increased to create finer grained representations of the

ANN. For example, in , the number of neurons (in this case
convolution filters) inside each cluster of the first layer is 2 and
3. Two input channels containing both the entire input image
from the source are generated to provide each actor with the
complete input necessary to process each neuron. Two output
channels are also generated. Their size is determined by the
number of neurons contained in the actor (2 X 28 x 28 tokens
for the actor with 2 neurons and 3 X 28 x 28 for the other). In-
creasing the clustering of a layer enables parallel computations
with possible inference time enhancements, at the cost of in-
creasing the communication workload, leading to possible con-
tention and timing overheads. Each SDFG to @B can be
refined by increasing one layer’s clustering C; by 1. We provide
the example of €M) from which € to @ can be generated.
Exploring the grain used to model ANN layers is necessary to
find the best compromise between parallelism expression and
communication overheads to optimize latency and energy.

3.2. Model of Architecture (MoA)

The considered MoA is a tile-based model in which each tile
is one single-core processor with private data and instruction
memories. Executing instructions from this private memory
causes no interference with other tiles. Data exchanges between
different tiles are performed through a shared memory. The
shared memory accesses are done using shared communication



bus, which integrate an arbiter to manage concurrent accesses
to the shared resources by tiles. This MoA allows respecting
the separation of computation phases (performed privately in-
side tiles) and communication phases (which involve accesses
to the shared memory) required by the MoC used. More de-
tails regarding the communication protocol in this MoA can be
found in [37]. This MoA is fully compositional, i.e. adding
tiles does not disturb the properties of other tiles. The use of
this MoA then allows to propose performance and power mod-
els that are also scalable with respect to the number of tiles
used in the implementation platform. A diagram that positions
the different components of the MoA is given in Figure e
This MoA is applicable to several commonly used platforms
in the industry, such as Digital Signal Processing (DSPs) SoCs
(e.g. NxP MSC8156 featuring 6 tiles [38]]), integrated many-
core platforms (e.g. Kalray MPPA DPU - 80 tiles [39] and Intel
SCC - 48 tiles [40]) and most modern platforms with Al ac-
celerators (e.g. Coral Dev. Board - NXP i.MX 8M SoC with
5 tiles [41]). These platforms also feature additional elements
that are not considered in our MoA: external memories such as
DDRRAM with their access infrastructure, caches and specific
Al-accelerators. In this article, we concentrate thus on ANNSs
with limited level of complexity as the consideration of external
memory effects on performance and power is out of the scope
of this work.

3.3. Power management

During the execution of ANNs on multi-core platforms,
when tiles require unavailable tokens to execute, they enter a
waiting state until the tokens are available. Waiting tiles can
therefore be switched to a lower power consumption mode.
Several techniques can be used in order to manage and reduce
the power consumption of multi-core systems. In this work,
we choose to implement clock gating as presented for exam-
ple in [42]. In order to evaluate the impact of clock gating on
ANN execution on tile-based multi-core platforms, we consid-
ered two different communication modes, as depicted by the
dotted components in Figure 6:

1. One mode with an active wait implemented as polling-
based communications without the use of clock gating.
When a tile needs unavailable data to execute, it polls the
shared memory until the data is available,

2. One mode with a passive wait implemented as interrupt-
based communications with the use of clock gating (C.G.).
When a tile needs unavailable data to execute, it enters the
low power mode (clock gating) until its clock is re-enabled
by an interrupt signal, which indicates that the data is now
available.

The interrupt-based platform introduces an interrupt controller
to manage the interrupt signal and clock gating controllers
which are represented in yellow. When finishing a read/write
transaction, tiles enables the interrupt signal through the use of
the interrupt controller peripheral. When the interrupt is en-
abled, clock gated tiles exit the low power mode and resume
their execution. The additional components cause overheads in
latency and increase the system’s power consumption. However

they enable the usage of low power mode instead of polling on
the shared memory which can lead to power consumption en-
hancements. The trade-off in latency and energy between the
two communication modes must therefore be evaluated on a
case-by-case basis for each considered mapping.

3.4. Mapping

The actors are mapped on the tiles available on the platform
and each tile implements the code related to mapped actors into
its private memory. Communication channels between actors
are mapped on the shared memory. Tiles read (ReadTokens()
statement) and write (WriteTokens() statement) the data nec-
essary for the execution of actors in communication channels.
During the execution of actors’ computation phase, PE cannot
be interrupted. In our work, the application is self-scheduled:
the scheduling is established based on the dependency between
actors. We illustrate in Figure [2] how several mappings of a
given SDFG are possible with the example of the ANN in @
modeled as the SDFG @ As shown in g, M corresponds
to the mapping in which all actors are mapped on the same tile
T,. We provide the encoding of M with significance of each
index, as well as a graphical representation of the mapping in
@. Similarly to the clustering refinement process, the mapping
can be progressively modified by allocating actors to different
tiles. For example, mappings @, and (@) are variations
from g in which, one actor was mapped to 7, while others
remain mapped on 7';. Mapping actors from the same or differ-
ent layers on different tiles allows leveraging data parallelism.
To leverage spatial parallelism expressed by the clustering of
layers, different actors from the same layer must be mapped
on different tiles (e.g. (¥ and @¥)). Mappings can be fur-
ther modified as shown in (D, and @8). In general using
more tiles enable a parallel execution of the application but it
also generates more communications, with impact on the ap-
plication’s latency. Similarly, using more cores will increase
the power consumption but the use of passive wait can signifi-
cantly reduce it. As illustrated in o, comparing both cluster-
ings and mappings allows finding solutions that optimize timing
and power properties and the number of tiles required.

4. Timing analysis flow

4.1. Shared resource contention modeling using simulation
The approach considers workload models that capture the
influence of running the ANNs on processing and communi-
cation resources. Computation and communication effects are
modeled with delays caused by the usage of platform resources.
Our workload models are created with the SystemC framework
with the same organization as in [43]. The SystemC model al-
lows describing all the tiles and the shared resources composing
the system, and predicting the impact of possible contentions
on the latency of the application. The bottom part of Figure 3]
provides an illustration of the hierarchy of the SystemC mod-
els with a simple application mapping. The SystemC models
are built accordingly to the SDF and MoA models. Analyti-
cal models of computation and communication time are inte-
grated in a behavioral description of each tile, which describes
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D sotup | NI
P FLOAT input[N],FLOAT output[M]):
FOR m FROM 0 TO M-1

INTEGER n FLOAT sum 0
FOR n FROM 0 TO N-1:
sum <= sum + weights[m] [n]*input[n];
sum <= sum + bias;

output[m] <= ActivationFunction (sum) ;
Wri 1 )
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Figure 3: Illustration of the timing modeling flow’s elements. The SystemC ESL simulation at the figure’s bottom is used to abstract the behavior of the real platform
executing ANNS as seen on the figure’s left. Computation and communication statements inside tiles, respectively in green and blue, use the associated models

represented in the figure’s center.

the sequence of the mapped computation and communication
statements. During simulation, when an actor is in the com-
pute phase, the analytical computation time model is set to pre-
dict the corresponding delay. During communications through
channels, the communication time model is called to compute
the delays of communications on the platform considering the
ongoing communication workload and contentions for shared
resources. The simulation emulates the state of tiles (wait, read,
write or compute) and shared resources during the processing of
the ANN. It allows considering the two communication modes:
polling and interrupt-based. Once the simulation terminated,
the estimated execution traces contain the information about
tiles and shared resource states as well as the actor being exe-
cuted by tiles at any given time of the simulated execution. The
latency and throughput of the ANN mapping can be extracted
from these execution traces.

4.2. Analytical model for ANN layer computation time

The proposed analytical model can be used to predict the
computation delay of any actor containing a set of neurons is-
sued from the clustering of ANN layers. In this article we focus
on convolutional, pooling and dense layers, but the proposed
methodology can be used to obtain similar models for other
layers. The center-right part of Figure [3] illustrates how three
elementary delays: Ds, D, and Dy can be identified in the
provided snippet based on the operations executed to compute
a dense layer. Equation [I] presents the resulting formula for the

delay needed to compute a cluster of neurons from a dense layer
Ddense~

Ddense(M’N) = M'N'DZ +M'Dw+Dsetup~ (1)

Ds is the delay needed to perform the Multiply-ACcumulate
(MAC) operation: the multiplication of the input of the neu-
ron by the weight and its addition to the output of the neuron.
D, corresponds to the delay needed to compute the activation
function of the neuron but also to add the bias. In addition to
these two delays, the initialization of the variables at the be-
ginning of the function ExecuteClusterDense and the call and
return procedures of the function causes a delay denoted Dyeyyp.
Due to the adopted MoA, all the data (neuron’s weights, inputs)
and instructions are available in the local memory of tiles. The
model is thus scalable in consideration of the number of neu-
rons in the actor M and the number of tokens in input N. Using
the same approach, we propose an analytical computation time
model for actors issued from the clustering of convolution and
pooling layers in Equations 2]and 3]

Dconv(F, IW7 Ilu Kx, Ky) = F'Iw‘Ih‘Kx'Ky‘D*+F'Iw'1h'D<p+Dselup~
@)
DpOOl(F’ Iw, Ih, K)m Ky) =F- Iw : Ih : Kx : Ky : Dmax + Dsetup' (3)

D.ony depends on the number of neurons (convolution fil-
ters) F in the cluster, the convolution input image width /,, and
height I;,, and the convolution filters’ width K, and height K.



It also depends on the elementary delays D, needed to perform
the convolution operation, D, to add the bias and compute the
activation function and Dy to call the ExecuteClusterConv
function. The delay needed to compute actors issued from the
clustering of pooling layers depends on the number of filters
F, the input image’s width /,, and height ;,, and the maximum
filter’s width K, and height K,. It depends on the elementary
delays Dp,.x needed to parse the input image and compute the
maximum or average of K, - K, pixels and Dy, needed to call
the function ExecuteClusterPool.

The base delays Dy, D., Dy, Dyax and Dyey, are calibrated
through measurements as presented in Section [6.3] It can be
observed on the center-right of Figure [3] that extra-delays are
captured as well, linked to the implementation in code of the
ANN, such as the initialization and increment of variables used
inside for loops. The use of measurement-based model calibra-
tion allows to model these additional delays with accuracy. It
also allows accounting for the effect caused by compiler opti-
mizations and hardware, such as PE’s Instruction Set Architec-
ture (ISA).

4.3. Message level communication time model

In [37] a message level communication time model was pro-
posed for timing prediction of dataflow applications on multi-
core platforms compatible with the proposed MoA. It is com-
posed of analytical models to predict the delay of tiles when
writing/reading tokens in shared memory. The analytical mod-
els are combined with a high level abstraction executable model
of channels. The resulting model allows an activity-sensitive
description of communication phases during write and read ac-
cesses to the shared memory. They are performed in three
phases: check token availability, buffer access (read/write) and
token status update, rendering possible the prediction of com-
munication resources use even in the case of contention due
to concurrent accesses. The model is calibrated through mea-
surements of elementary delays in the different communication
phases, when the cores access the bus. After calibration, the
proposed model was compared to measured delays and to a
cycle-accurate communication time model, showing significant
prediction speedup without loss of accuracy. The center-left
part of Figure [3]illustrates how the proposed model allows pre-
dicting communication time with a reduced number of simu-
lation synchronization events compared to the cycle accurate
model, thus enhancing simulation speed. The characterization
and validation process was done with polling-based communi-
cations on platforms under our MoA hypothesis. In this work,
we use this model to predict the communication delays between
clusters of ANN layers while considering the influence of plat-
form shared resources. We use an extension of the communi-
cation bus model’s to support interrupt-based communications
with the use of clock gating presented in [44].

5. Power and energy analysis flow

5.1. Power and energy analysis using simulation
To accurately assess power and energy consumption, we pro-
pose a state-based power model. We define a phase as an inter-

Application
Execution traces from starts
simulation: phases of ~ Tile Tq|------ T Read |C°mP“te Write
tiles during the j
execution of the

' Tile 7o
mapping "
Time

Tile 71
(Dynamic)
Tile T :
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consumption (W) Pstatic

using power model

System —
(total)

Figure 4: The execution traces from the simulation are used to predict power
consumption. The computation and communication time and power models are
calibrated through measurements. The phase in green corresponds to compu-
tations, phases in blue to active communications (read, write) and phases in
yellow to passive waiting in clock gating mode.

val with start and end times of a specific state of tiles. In this
work, tile phases can either be compute, read, write, poll or
clock gated. The knowledge of the phases in which tiles are
throughout the execution of ANNs and the shared resources’
state is obtained from the execution traces from the simula-
tion. The execution traces contain time markers with the current
phase for each tile. A new timestamp is generated when a tile
changes phase during the execution. The execution traces al-
low thus knowing the state of all cores and shared resources
at any time of the execution. Figure [ provides an example
of traces output by the SystemC simulation and the predicted
system’s power consumption. The proposed power modeling
flow is used as post processing of the execution traces output
by the SystemC simulation. It allows predicting the evolution
of power consumption during the execution of the ANN. The
total energy cost of the ANN’s mapping is then deduced by in-
tegrating the predicted system’s power consumption over the
estimated inference time.

5.2. Proposed power model

5.2.1. Coarse-grained model

To accurately determine the power consumption P(t), both
static and dynamic power consumption must be accounted for.
In integrated circuits, static power consumption is due to the
leakage current that flows continuously as long as transistors
are powered. This leakage current is present even when the
transistors are not actively switching states. Dynamic power
consumption, on the other hand, is associated with the switch-
ing activity of the transistors [42]]. We consider in this work
that the static power consumption Py is the power consump-
tion of the multi-core system when supplied with power but
not clocked. When using power management, additional com-
ponents are implemented to support interrupt-based communi-
cations and clock gating. We thus introduce different models
for the static power consumption of the platform: with power
management P, gaic and without P, gaiic. Regarding dynamic
power consumption, when executing ANNS, tiles execute com-



putation and communication activities, which are strictly sepa-
rated due to the SDF MoC and our MoA. During the execution
of ANN mappings, the different possible tile phases are illus-
trated on the execution traces in Figure [ when using power
management. We describe the dynamic power consumption of
the platform executing ANNSs using the following terms:

e Pcomp(?), the total power consumption of tiles in computa-
tion (comp.) phase at time .

® P, comm(?), the total power consumption in communica-
tion (comm.) phase at time # when using power manage-
ment, and P, comm(#) When not using power management.

To keep our models simple, we make the assumption that dy-
namic power consumption models Peomp(?) and P4/, comm(#) do
not depend on tile private memory sizes. In Section[7.3|we dis-
cuss the validity of this hypothesis and show some limitations.
To summarize, the total power consumption of the system at
time 7 is provided in Equations [] and [5] respectively with (&)
and without (A) power management.

Ptotal,A(t) = PA, static T Pcomp(t) + PA, comm(t)~ (4)
Ptotal,A(t) = PA, static T Pcomp(t) + PA, comm(t)- (5)

5.2.2. Refinement of P omp(t)

When tiles are in computation phase, they are performing
ANN computations (i.e. processing neurons from layers). In
this phase, tiles are independent from one another as all nec-
essary data is contained in the private memory of the tile. The
proposed model for Peomp(?) is thus linear in consideration of
tiles in computation phase. The model for Pcomp(?) is provided
in Equation [6]

T
Pcomp(t) = Z Pcomp,i acomp,i(t)’
i=1
1 if tile i is in computation phase at time ¢,

with acomp,i(t) = {

0 otherwise.
(6)
In this equation, 7" denotes the number of tiles in the plat-
form. Pcomp,; is the power consumption of tile i in computation
phase, with 1 < i < T. @comp,i(?) is a factor indicating if tile i is
in computation phase at time ¢. The @comp,i(?) are obtained from
the execution traces of the simulation.

5.2.3. Refinement of P opm(t)

When tiles are in the communication activity, they either
perform a read or a write in the shared memory or wait for
the availability of data. With power management, tiles enter
clock gated mode when waiting for data, and without, tiles per-
form active waiting by polling the shared memory. When clock
gated, tiles are not supplied with the clock and should theoreti-
cally contribute only to the static power consumption of the sys-
tem P, satic. However, on some platforms - as observed on our
FPGA-based experiment platform -, tiles in clock gated mode
still bear a contribution to dynamic power which must be taken

into account in the model, e.g. due to internal components such
as the private memory still being supplied with the clock. Read,
write and polling phases are interleaved and correspond to the
total power consumption of tiles accessing the shared memory
at time #. When several tiles try to access a shared memory si-
multaneously, the bus arbiter gives the access to only one tile
and the others are paused until the shared memory is available.
Shared memories can thus be accessed by only one tile at any
given time ¢. To simplify our model, we assume that tiles in
read, write and polling phases share the same dynamic contri-
bution to power denoted Py, which corresponds to the power
consumption of tiles accessing the shared memory. Accord-
ing to that, the power consumption Pomm(?) is either equal to
P, when at least one tile is accessing the shared memory, or 0
otherwise. The proposed models for P.omm(#) without and with
power management are given respectively in Equations[7]and [}

T
Ps comm(®) = P rp(D) = P (1 -] - (r))] @
i=1

Py, if at least one tile is reading, writing,
or polling on shared memory at time f,

0 otherwise.

PA, comm () = PA, w() + PA,cg(t) (8
T T
= Pn (1 -[]a- arw,,-(z») = D Py g (0.
i=1 i=1

In these equations, 7' denotes the number of tiles in the plat-
form. Py, is the power consumption of one tile accessing the
shared memory. a,wp, ; (?) is a factor indicating if tile 7 is access-
ing the shared memory at time ¢, when not using power man-
agement. @y, ; (¢) is defined similarly when using power man-
agement, thus excluding the waiting phases. P, is the power
consumption of tiles when clock gated and a.,_ ; (¢) indicates if
i is clock gated at time z.

5.2.4. Possible refinement of Pgasic

Pgaic 1s usually fixed as constant in power models. In this
work, we propose a possible refinement of this part which ex-
tends the model’s scalability to platforms that respects our MoA
but feature different dimensions in regards to the number of tiles
and size of private memories. The experiments and results pre-
sented in this article use this optional refinement. In Equation[9]
and in Equation [_115] we propose the refined model for Py satic
and for P, garic respectively.

T
PA, stalic(Ts M) = Z Ptile, mem Mi + TPtile, core T Pcircuit~ (9)

i=1
PA, stalic(T: M) = PA, static(T7 M) + PA, components (10)

In these equations, 7 is the number of tiles in the considered
platform. The term M; corresponds to the private memory size
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Figure 5: On the left: implementation platform and measurement infrastructure used for model calibration and validation. On the right: illustration of the configu-

rations tested during the models’ calibration.

of tile i. The private memory of a tile is used to store its in-
structions and data. The vector M = {M;, M, ... My} of size
T corresponds to the private memory size of each tile. Piile, mem
is the base contribution to static power consumption of a unit
of private memory. P, core 1S the contribution of the processor
core of tiles to the static power consumption, which is indepen-
dent of the private memory size. Pj.yit iS the contribution of the
remainder of the circuit to the static power consumption, which
corresponds to the shared memory and shared interconnect. Fi-
nally, P, components 1S the contribution to the static power con-
sumption of the additional components used to support power
management, i.e. the interrupt and clock gating controllers. The
base power consumption terms Peomp,ic(1,2..7}> Pegic(12..7)> Psm>
Ptile, mems Ptile, cores Pcircuit and PA, components are obtained during
the measurement-based calibration of the model, as presented
in Section[6.3]

6. Experimental setup

6.1. Platform

In order to perform the calibration and validation of the pro-
posed modeling flows, we implemented a tile-based multi-core
platform which respect the MoA. We implemented one plat-
form with interrupt-based communications with clock gating
and one with polling-based communications without clock gat-
ing. The platforms are implemented on a AMD ZCU102 board,
which features a UltraScale MPSoC+ FPGA [45]. They are
implemented on the programmable logic section of the FPGA.
An illustration of the implementation platform is provided in
the left part of Figure 5] We selected this type of experiment
platform in place of a Commercially Available Off-the-Shelf
(COTYS) platform to fully control the hardware resources (num-
ber of tiles, power management) and the mapping of software
resources. This also allowed us to accurately monitor the occu-
pation of resources.

The processing core of the tiles is a MicroBlaze [46]
equipped with Floating Point Units (FPU) and multiplier ISA
extensions and running at 100 MHz. The private memory of
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tiles and the shared memory are implemented as Block Random
Access Memories (BRAMs), which are internal to the FPGA
SoC. The communication medium to access the shared mem-
ory is an Advanced eXtensible Interface (AXI) bus. In the clock
gating version, the interrupt controller and the clock gating con-
trollers are IPs provided by AMD [46]]. The main version of the
implemented platforms is composed of 7 tiles, one with 1IMB
of private memory (7;) and others with 256kB of private mem-
ory. T contains a bigger private memory than the others to en-
able the execution of single-core scenarios, which are memory-
intensive.

6.2. Measurement infrastructure

We use the timing measurement infrastructure presented
in [47]. It relies on code instrumentation to issue a start sig-
nal at the beginning of the SDFG’s execution and a stop signal
at the end, requiring the execution of a single processor instruc-
tion for both. The overhead on timing when using this infras-
tructure is thus marginal. Based on the elapsed time between
the two signals, the SDFG’s execution time is measured. In ad-
dition to this, to perform an accurate calibration of communi-
cation times, we used Integrated Logic Analyzers (ILAs) [48]]
which allows probing AXI signals. The targeted FPGA fea-
tures several power supplies. We probed VCCINT, which cor-
responds to the supply voltage of the programmable logic of
the FPGA, and VCCBRAM, which corresponds to the supply
voltage for the BRAM. We observed marginal variation of the
power consumption on VCCBRAM when performing our cali-
bration. In fact, the activity linked to memory usage is observed
rather on the VCCINT power supply, as the memory controllers
are implemented on the programmable logic part of the FPGA.
For this reason, we focus only on VCCINT power consumption
in this study. The power measurements are obtained using the
R&S HMC8012 Digital Multimeter [49] at a sampling rate of
approximately 100 samples per second. We took 10000 sam-
ples for each considered measurement in order to obtain a rep-
resentative average of the system consumption.
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6.3. Model calibration through measurements
6.3.1. Timing models

To calibrate the computation time models, we measure delays
required for the execution of clusters with varying workloads,
e.g. in regards to the number of inputs N and number of neurons
M for dense layers, as highlighted in orange color in the snippet
in the bottom right of Figure[5] The measured data is then used
to retrieve the elementary delays identified in the models using
multi-linear regression. The calibrations are done when using
the FPUs and multipliers extensions of the MicroBlaze’s ISA
and compiler optimization setting -O0. Calibrating another sets
of elementary delays when using different hardware extensions
and compiler settings is possible using the same methodology,
and would allow engineers using our flow to test several set-
tings. We calibrated the computation time elementary delays,
given in processor cycles (p.c., 10 ns in our setup):

e Convolution layers: D,
Dyerp = 28 p.c.

T1pc., D, = 631p.c. and

e Dense layers: Dy = 50p.c., Dygrery = 106p.c., and
Dgeryp = 31 p.c.

e Max pooling layers: D,uqx = 25p.c. and Dyeryp = 106 p.c.

The advantage of characterization through measurements over
estimations is to offer higher accuracy, as it accounts for hard-
ware/software implementation details. These include the intri-
cate behavior of the platform (e.g., use of FPUs), code struc-
ture (e.g., variable initialization), and compiler optimization ef-
fects. To compare, let us assume that each statement in the
snippet provided in Figure [3|requires three instructions, ignor-
ing pipeline optimizations, with each instruction taking one cy-
cle to execute. Under this assumption, the dense layers delays
would be Ds = 30p.c., D, = 61 p.c., and Dgewp = 6 p.c., which
is a significant underestimation of the values obtained through
measurements.

The communication time model is also calibrated through the
regression of measured data regarding the time spent in commu-
nication, when performing read and write tokens statements and
waiting for the availability of data. These delays are measured
by probing the communication bus on the targeted platform
using ILAs. On the one hand, the calibration shows that the
interrupt-based communication with power management sup-
port introduce extra delays to enter and exit waiting phases.

11

These are due to the setup of the interrupt controller and clock
gating mode. They are not observed with polling-based com-
munication without power management. On the other hand,
polling-based communication cause extra-delays linked to the
constant polling of shared memory by tiles in waiting phases,
which are not observed with interrupt-based communication.

6.3.2. Power model

The power model calibration process involves measuring the
power consumption of the targeted multi-core system under
various operating conditions and using multi-linear regression
to determine the base power consumption terms (€.g. Pcomp)-
The operating conditions’ specifications are illustrated on the
right of Figure[5| They consist in @@): measure the static power
consumption of the system when all tiles are idle, @): measure
the power consumption of the system when each tile in the plat-
form is set individually in the operating condition at test and
@D: measure the system’s power consumption when tiles are
progressively set to execute simultaneously. Only @) and @
are necessary to perform the calibration of the model, but ad-
ditional configurations like @) allow increasing the accuracy.
The calibration data and calibrated models are illustrated in Fig-
ure@(a) and (b). We calibrate Pcomp = 0.058 W, P, = 0.058 W
and Py, = 0.060 W for our setup. Our models are based on the
assumption that dynamic power consumption models do not de-
pend on tile private memory sizes. This hypothesis is valid for
smaller private memory sizes, within the 1024 kB threshold. As
it can be seen on Figure [§] (a), tile 1 has a slightly increased
power consumption compared to others. This is due to the fact
tile 1 is equipped with a 1024 kB private memory, others only
having 256 kB. The difference in dynamic power consumption
is however observed to be marginal (maximum 6 % difference
between tile 1 and the others) as the private memory size re-
mains under 1024 kB.

To calibrate the refined model for static power consumption
presented in Equations [0 and [I0] we created designs of multi-
core platforms with different number of tiles and allocated pri-
vate memory sizes, with and without power management. Due
to our implementation technology, we had the possibility to al-
leviate the data retrieval effort by using instead chip provider
estimates from the Xilinx Power Estimator (XPE) presented
in [50]], which is reliable for predicting static power consump-
tion. We then performed a linear regression of the estimated



data from XPE. We provide in Figure[6|(c) a graph containing a
subset of the gathered data for the evolution of tile power con-
sumption based on private memory size, which shows contribu-
tion to static power consumption of tiles evolving linearly with
the private memory size. We obtain Pyje, mem = 1.16 X 1073w,
Piite, core = 0.031 W and P, componens = 0.033 W through the
regression of XPE estimates. To conveniently set Pgircuit, We
calculate the difference between the measured static power con-
sumption of our main platform prototype obtained from @) and
the model obtained from XPE estimates. Through this process
we obtain Py = 0.678 W.

7. Validation results & discussions

7.1. Tested criteria

The calibrated modeling flow, tested setups and results are
available on our open source Git repository [13]. In order to
evaluate our modeling flow, we tested and stressed it in the fol-
lowing regards:

1. Consideration of applications of different complexity. We

considered four ANNs to test our flow, including three

FNNs and one CNN, as illustrated at the top of Table @

The FNNI1 has minimal computation workload, thus test-

ing our flow in high communication-to-computation ratio

situations. The FNN2 and FNN3 have three layers and
allow testing intermediate computation and communica-
tion workloads. They are trained on different data-sets:

MNIST [32] and GTSRB [51]], thus also testing differ-

ent input, output, source and sink sizes. The CNN also

implements convolution and pooling, thus testing the ap-
plicability of our flow to these additional types of layers.

Despite the tested applications’ simplicity, they allow test-

ing a significant number of representative situations. They

also have a low number of parameters and thus reduced
memory requirements, thus enabling their implementation

on our prototype multi-core platform on FPGA with lim-

ited private memory sizes possibilities. We used SDFGs

with a low and high amount of actors and communication
channels, respectively 2 and 3 at the lowest, and 22 and

113 at the highest.

Consideration of a total of 54 mappings using 1 up to 7

tiles. The multi-core mappings leverage both data and spa-

tial parallelism.

3. Consideration of mappings with high and low amount of
communications. We define for this the notion of commu-
nication rate as the percentage of time spent by all tiles on
average in communication (including read/write and wait
phases). The lowest observed communication rate is 2 %
and the highest is 70 %.

4. Mappings are tested with and without power management.

Prediction errors are computed using the formula € = %

where Xp is the prediction and Xy is the measurement. The
number of iterations simulated by the SystemC model is set by
the user and must be high enough to properly evaluate the effect
of spatial parallelism leveraging. In our experiments, for each

12

considered mapping, we empirically set the total number of it-
erations to 100. Figure [§]in appendix provides all the detailed
evaluation setups and results.

7.2. Observations and discussions

Results overview. Overall, the proposed hybrid modeling flow
allows predicting timing with more than 97 % prediction accu-
racy, and power and energy with more than 92 %. The worst
observed error regarding timing is 2.85 % on latency, 7.03 %
on power and 7.21 % on energy. The model is also fast with
an evaluation time of both timing and power/energy under 2 s
for 100 simulated iterations per mapping, observed on all the
54 tested mappings. The fast-yet-accurate evaluation is made
possible by the hypothesis of strict separation of computations
and communications using SDF and the MoA, which allows
building separate computation time models for ANN layers and
communication time model.

The analytical computation time model is validated by the
high accuracy, more than 99 % on average, obtained on exe-
cution time prediction of single-core scenarios, which have a
limited amount of communications. The use of simulation and
the message level communication time model offer an accurate
modeling of communications on the platform and contentions
when multiple cores access simultaneously the shared mem-
ory. This allows offering high accuracy on multi-core map-
pings. The power consumption linked to the different phases
of tiles are correctly modeled through the use of the execution
traces from our simulation-based timing modeling flow. The
decrease in prediction accuracy between timing and power is
due to the power measurement infrastructure having reduced
accuracy compared to the time one, and to the propagation of
error from the execution traces predicted with the timing mod-
eling flow on power predictions.

Evaluation speed. On the 54 tested ANN mappings, the evalu-
ation time per mapping is on average 1.76 s and at most 2.27 s
on an AMD Ryzen 7 PRO 4750U CPU @ 1.70 GHz. This dura-
tion includes the compilation time of the scenario and running
the simulation. The power and energy estimation is performed
as post-processing of the simulation. Its duration is observed to
be marginal compared to the compilation and simulation time.
By ways of contrast, our automatized timing and power mea-
surement infrastructure used for the calibration and validation
of the models takes up to 120 s including also compilation and
FPGA programming time, but excluding ANN training, FPGA
design synthesis, Board Support Package (BSP) generation and
source code development. Our SystemC models offer a signif-
icant speedup, allowing engineers to perform fast and reliable
evaluation of ANN mapping candidates under timing and en-
ergy constraints, while alleviating important effort spent on the
development of such applications on the targeted platform.

Scalability regarding ANN type and complexity. Table [2] pro-
vides the average and highest (max) prediction accuracy of the
models for the four ANNs. The FNNI1 is the application with
the highest timing error (0.83 % on average over all tested map-
pings, 2.85 % at highest). The slightly higher timing prediction
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Figure 7: Average and highest observed prediction error on timing, power and energy in regards to different metrics. The legend of (a) is the same for (b) and (c).

M,, denotes the number of mappings in each category.

Table 2: Summary of the average (avg) and highest (max) observed prediction
error by ANN for every tested metric.

Application

reraemor| 0.83% | 0.31% | 0.62%

P @avg) | 2-19% | 2.46% | 2.58%
Al 2.08% | 254% | 2.68%

tir&ilz?":;')” 2.85% 1.13% 1.64%

P (max) | 488% | 4.94% | 6.78%

AU 6.85% | 5.30% | 6.22%

error on this application is due to FNN1 having the highest com-
munication workload ratio compared to the computation one.
The prediction errors for power and energy are observed to be
slightly higher on the CNN1 application. This is due to the dif-
ferent types of computations inside layers (convolution, pooling
and dense). However this difference remains minimal. Glob-
ally, the results show no major influence of the application type
on the prediction error.

Scalability regarding the use of power management. Fig-
ure[7)(a) illustrates the prediction error with and without power
management. It can be observed that the prediction error on
the three tested quantities is slightly higher when using power
management, but this difference is marginal. This observation
is made when testing 27 different mappings for both modes,
which shows that the proposed models offer scalability in re-
gards to the use of power management.

Scalability regarding the number of cores used and communi-
cation rates. Charts are provided in Figure |Z| (b) and (c) de-
picting how the prediction error of the models evolve based on
the number of cores used and the communication rates, which
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are intrinsically linked. For both timing and power, the error
raises in an apparent linear way with the amount of commu-
nication and core number. The error reaches up to 2.85 % for
timing and 7 % for power and energy for mappings with approx-
imately 70 % communication rate. It is important to note that
scenarios where all tiles spend on average more than 60 % of
the execution in communication are exceptional: such scenario
are not desirable as the platform’s PEs are significantly under-
utilized. When performing a linear regression of the highest
observed error by the number of cores and communication rate,
the resulting models observe that the worst case error remains
bounded under the threshold of 10 % for mappings with up to
10 cores and 100 % communication rate. Within these bound-
aries, the models remain confident.

The observed phenomenon is due to the communication
model used in the proposed approach, which was presented
in [37]. This model has some limitations due the way low level
communication details are abstracted. The estimated durations
only consider the status of the communication infrastructure at
the beginning of each communication statement. This neglects
possible evolution of the infrastructure status over the computed
duration. The limitations of the communication time model are
further detailed in [52]], where possible enhancements are pro-
posed.

Baseline comparison. As means of comparison with state-of-
the-art analytical modeling approaches presented in Section 2]
such as Timeloop [20] and MAESTRO [23]], we built analytical
models that enable modeling time and power / energy for ANN
mappings described in our MoC and mapped on platforms
which respects our MoA. The analytical models are composed
of our calibrated communication / computation time and power
models, respectively presented in Sections 4.2} B3] and [5.2] but
excluding the simulation flow. In addition to what is offered in
related works, they also support power management and model
data dependency while describing exchanges of data through
interconnect-bus types as used in our approach. They are also
calibrated for the tested platform. However, without their inte-
gration into the proposed complete simulation-based approach,
they cannot describe shared resource contention as accurately.
We evaluated the 54 mappings with the analytical models.
Results show that these models provide a very fast evaluation
speed in the order of milliseconds. They are reliable on tim-



ing, power and energy prediction for mappings with and with-
out power management, with low communication regimes and
reduced number of cores. However, the error grows in a seem-
ingly exponential trend with communication rates and number
of cores, reaching up to 28 % on timing and 22 % on power
and energy on mappings with more than 60 % communica-
tion rates. The analytical models show limitations especially
when predicting for mappings that leverage both data and spa-
tial parallelism, for which important shared resource contention
effects occur. When applied to multi-core platforms which
present shared resource contention problems, this type of mod-
els prove unreliable compared to the proposed simulation-based
flow. The interested reader can find more details on this com-
parison in [36]].

Table 3: Power and energy prediction error regarding different platform dimen-
sions. Each row corresponds to a different platform. On the left, the private
memory size per tile is indicated in kB — grayed out boxes indicate that the
tile is not implemented on the platform. In the center, the error on static power
consumption is provided. Then the error on power and energy when running
mappings is provided, including static and dynamic power. M, denotes the
number of tested mappings, avg denotes the average prediction error and max
denotes the highest observed prediction error.

Platform (number of tiles, private |gor| Error running mappings (%)
memory size per tiles in kB) ;t:l:::r " Power | Energy
Tr | T2 | T3 | Ta | Ts | Te | T7 [ o) | " [avg [max P emE
1024|256 | 256 | 256 | 256 | 256 | 256 |1.54] 54 |2.54|7.03]2.70(7.21
512|256 | 256 | 128 | 128 0.53] 2 |2.50|2.53)2.71(2.87
64 | 64 | 64 3.33] 4 |3.56|4.93]13.95(5.13
64 | 64 4.74] 2 10.95|1.25/0.54|0.75
512 2.19] 6 |4.74|5.25]14.32(4.85
1024 4.22] 6 |7.56|8.3617.16|7.97
2048 1.57] 6 ]9.21(8.82|10.71(10.32

Scalability regarding different platform dimensions. Table [3]
shows summarized results on the applicability of our power
and energy modeling flow to multi-core platform with different
number of tiles and private memory sizes. We tested 4 multi-
core platforms, including the main platform used to test all 54
mappings, and 3 single-core platforms with important private
memory size. These platforms are dimensioned to support the
execution of sub-sets of the 54 mappings. There are no varia-
tion regarding timing behavior on these different platform ver-
sions (timing results are therefore not presented in the Table[3).
This validates the scalability of the timing model to platforms
of different sizes subscribing to our MoA.

We observe that the error when predicting the static power
term only lies below 5% for all tested platforms. This al-
lows validating the static power model presented in Equations|J]
and [T10] and the proposed calibration approach. The prediction
error on both power and energy is on average 2.5 % for all
tested mappings on multi-core platforms, which means that the
flow is highly accurate. The error gets however exceptionally
high for mappings run on single-core platforms, reaching up to
10.32 % on energy at highest on the one with a 2048 kB pri-
vate memory. We observe in fact that the error grows steadily
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with the private memory size on single-core platforms. Since
the static power consumption model is validated, our hypoth-
esis that private memory size does not influence the dynamic
power consumption terms of tiles is proven to be not applica-
ble when focusing on single-platforms with important private
memory size. On the FPGA used to implement our platform,
BRAMs are placed in rows along the programmable logic sec-
tions. The tile’s private memory tends thus to be inefficiently
distributed surrounding the PE, requiring significant routing re-
sources and causing the observed marked increase in dynamic
consumption during memory accesses. We further discuss this
phenomenon in [36]. We observe however that the error re-
mains bounded below 10 % on single and multi-core platforms
with tiles equipped with at most 1024 kB of private memory.
This effect is therefore mitigated under this threshold, as spec-
ified in Section Within the 1024 kB private memory size
boundary, the power and energy modeling flow is scalable in
regards to different platform dimensions.

7.3. Summary on the scalability of the proposed models

In Section [7.2] we have evaluated the proposed timing and
energy modeling flow in regards to many dimensions. Table
provides a summary of the results of this evaluation, and the
conclusion regarding the scalability of the flow. We define by
scalability the fact after being calibrated once, the models pro-
vide fast-yet-accurate assessment of timing and energy for a
wide range of different settings. When deploying our model-
ing flow to a new platform, the models needs to be calibrated
once following the procedure described in Section [6.3] They
can then be used to efficiently estimate the timing, power and
energy of ANN mappings with scalability in regards to many
dimensions.

Regarding ANN hyperparameters, our experiments show that
the timing model is scalable in regards to layer types, layer
number and neurons number. Extending the proposed flow
to other types of layers (other than convolution, pooling and
dense) and different activation functions (other than ReLU) is
possible and requires building new computation time models
with the methodology described in Sections [] and [6.3] The
results also show that the power and energy model is scalable
in regards to any ANN application hyperparameters, including
layer type as the same base power consumption term is used
for all layer types without important error variation. Regard-
ing clustering / mapping and number of tiles, the results show
that the models are scalable for mappings with small and large
number of actors and channels and with up to 7 tiles. The tim-
ing models are proven to be scalable in regards to the private
memory size of tiles. The power and energy models show how-
ever limitations when applied to platforms with large memory
size. For memory of less than 1024 kB, the model provides ac-
ceptable prediction accuracy. Regarding power management,
the timing and power models have proven to be scalable when
applied to clock gating. However, other power management
approaches come with different complex phenomenon not cur-
rently captured in our models. For example modeling Dynamic
Voltage and Frequency Scaling (DVFS) requires capturing sev-
eral voltage and frequency modes with important power con-



Table 4: Summary of the scalability of the proposed timing and power models in regards to several dimensions.

Scalability ANN Clustering / Number Private Power C?m.P 1le.r ISA Communication
of model hyper . . memory optimization . .
mapping of tiles . management . extensions medium (e.g. bus)
/ Scope parameters size settings

Scalable for
Scalable Scalable for clock interconnect-bus type.
- § Scalable, gating. Other power Re-calibration | Re-calibration 'S type.
Timing models | New layer types Scalable . Scalable R Other communication

tested up to 7 tiles management techniques necessary necessary . .

need new model. > medium require
require a new model.

a new model

Scalable for
Scalable within Scalable for clock interconnect-bus type
Power and Scalable . . gating. Other power Re-calibration | Re-calibration 'S type-
Scalable Scalable . private memory size R Other communication

energy models tested up to 7 tiles management techniques necessary necessary . .

threshold > medium require
require a new model.
a new model

sumption and timing behavior difference.

By following the

saved in either .json or .csv format. The tooling offers the possi-

presented model characterization and calibration methodology,
similar fast-yet-accurate models could be developed within the
proposed hybrid simulation-based framework. Our flow can
capture and compare the effects of compiler optimization set-
tings (e.g. -O0 compared to -O3). To achieve this, different
sets of elementary delays should be calibrated for each setting.
Our flow can also be used to evaluate open-hardware platforms,
such as RISC-V-based, testing different ISA extensions and as-
sessing their contributions and costs in terms of energy and
inference time. Different sets of elementary delays and base
power consumption terms should be calibrated for the tested
settings, thus enabling a case-by-case assessment of ISA ex-
tensions’ effects for considered ANNs. Regarding communi-
cation medium types, the timing and energy models can be re-
used as such for AXI bus with interconnects. Re-calibration
is necessary to extend the applicability of the model to similar
bus, such as Wishbone or Intel Avalon. However, the current
modeling flow will not support other medium such as Networks
on Chip (NoC), which require different dedicated models to be
supported.

The proposed modeling flow should be applicable, with re-
calibration, to Commercial Off-The-Shelf (COTS) platforms
provided that the signals required for calibration are observ-
able. On such platforms, computation and communication time
model base terms shall be retrieved by instrumenting the cores.
The targeted platform should include cycle counters or plat-
form management units to enable timing measurements neces-
sary for the calibration of the computation and communication
time models base terms. Shunts resistors that can be instru-
mented are necessary for power measurements for the power
model’s calibration. To be able to re-use our flow, engineers
should follow the methodology to calibrate the proposed mod-
els as described in Section [6.3]

8. Design Space Exploration (DSE)

We illustrate the use of our modeling flow to explore and
optimize ANN mappings in a DSE flow available on our open
source Git repository [13]. The DSE module allows to auto-
matically search for optimized clusterings and mappings. Can-
didate solutions are successively generated, compiled and run
to be evaluated and then compared. The exploration duration
can be specified by the user. The list of evaluated mappings is
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bility to generate the C code to implement any of the evaluated
mappings on embedded multi-core platforms. The exploration
is enhanced by utilizing the Branch & Bound (BB) exhaustive
search algorithm presented in [53]]. The BB algorithm is used
two times: first to perform the search of clusterings, then of
mappings. The clusterings and mappings are progressively up-
graded using BB following a greedy approach: the selected next
branch is the one with the immediate best score. The upgrad-
ing process follows the principles presented in Sec.[3.1and[3.4]
and illustrated in Figure 2] For each considered mapping, the
DSE tool generates the SystemC file to simulate the mapping,
and evaluates it using the proposed modeling flow as presented
in Sections [ and [3] and validated in Section [/l Our models
provide in particular three estimated metrics per mapping: the
execution time, average power consumption and energy per in-
ference. In our experiments, the BB algorithm selects at each
step of the DSE the mapping with the lowest energy, and gener-
ates new mappings from it. We refer thus in our DSE approach
to the energy as the score to optimize. Different quantities and
scoring functions can be specified by the user depending on the
optimization strategy.

We have left the flow automatically dimension the platform’s
number of tiles under the limit of T, = 7 tiles and mem-
ory sizes based on the needs of each mapping. To compare the
results of our flow, we also evaluated a so-called baseline im-
plementation of each ANN, in which each layer’s clustering is
maximized (up to 7 clusters due to the constraint Ty,,x = 7) and
each cluster is mapped on a different tile. This baseline map-
ping also always implements power management. Figures[J](a)
to (d) in appendix show the distribution of explored mappings
in graphs with the latency in x-axis and the energy in y-axis.
Tables [3] to [§] show a summary of the DSE results from Fig-
ure 0] In the tables, we use the notion of rank, which refers to
the ranking of a mapping based on its score (i.e. the energy in
our approach) compared to the other mappings. For example
the mapping ranked 1 has a score which is superior to all the
other mappings (i.e. has the lowest energy cost per iteration in
our approach).

For each ANN, we ran the evaluation flow for 4-hours, with
a total of 4140 mappings per ANN evaluated on average dur-
ing that time-frame. This corresponds to an evaluation speed
of 17 mappings/min., which is less than the observed 30 map-
pings/min. (2 s per mapping) in Section[7.2] This is due to over-



Table 5: Results of the DSE process for the FNN1.

Rank Mapping @ Energy | Latency
1| reermEEn | x | 1.40mJ | 97 289
14g4507:2 : cycles
Cense1 =3 | Censer =5
2 1 x | +0.07% | +0.09%
3 % | +0.13% | +0.09%
143 v | +5.71% | +9.36%
Caense1 =7 | Caenser=" T
212 Eg 5672 567 v +1608% +23560/0

Table 6: Results of the DSE process for the FNN2.

Rank Mapping @ Energy | Latency
Cense1=7 Caenser=3 Cigensez=> 224 054
! Wﬁm v |34md cycles
Cense1 =7 Caenser™3 Clgensez =3
2 x | +3.78% | +5.33%
Cense1 =7 Caenser™4 Clgensez=>
Ciense1 =7 Cense2=6 Caenses=7
16 | o | +6.61% | +8.76%

heads when using the DSE toolflow caused by the loading and
saving of the database containing all mappings description and
scores, which is done at every step. Due to the expanding data
saved in the database, loading and saving it causes increasing
overheads. Additional delays are also due to the comparison of
mappings scores done to select the best mapping, the creation
of new mappings from the selected one, and the generation of
the SystemC experiments descriptions. The DSE experiments
are conducted when using caching on the host processor.

Our experiments consistently showed that the top-ranked
mapping (rank 1) outperforms others in optimizing both en-
ergy and latency. While the selection and optimization process
in our DSE flow focuses solely at each step on the mapping
with the best score i.e. the lowest energy in our approach, we
observe that the latency gets also optimized in the same pro-
cess. This is due to the energy quantity being intrinsically re-
lated to the latency as explained in details in Section [5.1] As
illustrated in Table 5] the identified optimized ANN mappings
achieve energy savings of up to 16 % and latency reductions
of up to 24 % compared to the baseline implementation which
is ranked 212. The results also reveal that higher-ranked map-
pings exhibit non-trivial configurations. They do not necessar-
ily employ the highest clustering for each layer and often fea-
ture complex mapping strategies, as observed in the top three
mappings of FNN1 shown in Table[5] Interestingly, gains from
using power management differs among applications and map-
pings. For instance, for the FNN1, the highest-ranked mapping
using power management is at rank 143, consuming 5.71 %
more energy and requiring 9.36 % more time per inference than
the 1%-rank, which does not use power management. The op-
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Table 7: Results of the DSE process for the FNN3.

Rank Mapping @ Energy | Latency
Caense1 =7 Caenser=6 Censes=7 192 008
1 ﬂgg 567“9 56“ 567 X 286 mJ CyCIeS
Coense1 =7 Citensez=6 Cigenses=7
2 | i | | *0-60% | +1.67%
Caense1 =7 Censer=3 Cogenses =7
3 | rommEh ' x | +0.72% | +0.95%
Cense1 =7 Caenser=7 Cgenses=7
6 ooy v | t1-55% | +2.54%

Table 8: Results of the DSE process for the CNN.

Rank Mapping @ Energy | Latency
Coon1=5 * Cense1 =7 Censer=3 3117 941
1 PR iR | v |41-80 mJ cycles
Coomt=5* Cuanse1=7 Caemez=0
2 45ilﬂ567i1 mg | v~ | 10.04% | +0.02%
Coon1=3 * Cense1 =7 Censer=7
3 2345012 4567ﬂ s | ¥ | +0-16% | +0.16%
Ceom1 =5 * Caense1 =0 Coense2=5
6 | oEEiPEEEEE x [+11.63% | +3.78%

posite is observed for the FNN2. The 1%-ranked mapping uses
power management, and the 2"-ranked mapping is the same
one without power management. The 2"-ranked mapping re-
quires 3.78 % higher energy consumption and 5.33 % longer in-
ference time compared to its counter-part with power manage-
ment. The information from our flow allow engineers to make
informed trade-offs when deciding whether to implement power
management, which may require additional resources but offer
potential gains. Overall, these results highlight the effectiveness
of the proposed flow in optimizing ANN implementations.

9. Conclusion & prospectives

This article presents a novel energy and timing optimization
flow for mapping ANNs onto multi-core platforms. The origi-
nality of this work lies in the integration of a modeling approach
with simulation and analytical models calibrated through mea-
surements, achieving both high evaluation speed and accuracy.
The proposed models were calibrated using a prototype multi-
core platform implemented on FPGA and validated against real
measurements of 54 ANN mappings. The flow demonstrated
an evaluation time of less than 2s per mapping, with a pre-
diction accuracy reaching 97 % for timing and 93 % for power
and energy. These results validate the flow’s scalability in re-
gards to many dimensions without the need for re-calibration.
The models are scalable in regards to ANN application types
and complexity, clustering, mapping strategies with and with-
out power management, high and low communication rates,
and platform resources (number of tiles, private memory sizes
within 1024 kB threshold.). The evaluation results and DSE
demonstration validate the proposed flow as a fast yet accu-
rate solution for evaluating and optimizing ANN mappings on



multi-core platforms.

This flow is particularly well-suited for exploring various
hardware/software settings. For instance, it could be used to
evaluate open-hardware platforms, such as RISC-V-based, test-
ing different ISA extensions and assessing their contributions
and costs in terms of energy and inference time. With the in-
creasing adoption of edge platforms incorporating dedicated Al
accelerators, shared caches, and external memories, a notable
prospect of this work could be to extend the flow to these more
complex architectures. Since the proposed flow does not re-
quire training ANNs to evaluate mappings, it could also be in-
tegrated with Neural Architecture Search (NAS) [14] to opti-
mize both algorithms under classification accuracy constraints
and their implementations under timing and energy constraints.
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Figure 8: Detailed evaluation results of our flow.
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Figure 9: Pareto plots of the energy by the latency, obtained during the DSE process for the tested ANNs.
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