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Abstract—The modemn system-on-chip (SoC) of the current exascale computing em
s complax. These Sols notonly consist of several general-purpose processing coras
but aleointegrate many spedalized hardware acceleratomns. Three common
coherncy interfaces are used 1o integrabe the accalerators with the memary
hiararchy: nom-cohanant, cohamant with the lastlevel cache (LLC), and fully-coharant.
However, using a single coherence interface for all the acceleratoms in an Sol can
lead o significant overheads: inthe non-coherant model, accelemlons direclly access
the main memosy, which can have considerable performance penalty; whemeas in the
LLC-coherent model, the accelaratons access the LLC but may sufter from
parfomance baotthenas k due to contantion batween sevaral accalarators; and the
fully-coherent moded, that reliea on private cachea, canincur non-tivial power/aea
overheads, Given the Emilations of sach of these inlerfaces, this paper proposes a
novel perfarmance-awans hytnid coherency interface, where different accelamtors
usa ditferent coherency models, decided at design timea based an the targat
apphcations soas to optimize the overall systam perfomance. A new Bayesian
ophimization based framework |5 also proposed to detarm ne the optimal hybed
coherency interface, Le., use maching learning to select the beat coherency model for
each ofthe acceleratorsinthe SoG in lemns of pedormance. Forimage procassing
and classification workloads, the proposed frmmework determined that a hybrid
intedface achieves upto 23 percant better parformance compared to the other
homogenecus’ imterfaces, whare all the accelerators use a single coharency model,

Index Terms—Systam-an-chip (SoC), harcdware accalerators, coharence
profocols, Bayesian optimization
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1 INTRODUCTION

THE modern system-on-chip (SoC) comprises of many general-
purpose processors and specialized hardware accelerators. To effi-
ciently support several highly-demanding workloads simulta-
nepusly, such as image classification, speech recognition, and
biometric security technology, the SoCs consist of many heteroge-
neous accelerators, designed for different applications. Some of the
recent examples of high-performance and low-power many-acceler-
ator SoCs include: Nvidia Tegra, Apple "A’ series, and Samsung Exy-
nos, These accelerators are often loosely coupled, located outside the
processor core, rather than tightly coupled, which are integrated into
the CPL core’s pipeline [4].

Three common coherency interfaces are used to integrate acceler-
ators with the memory hierarchy in a loosely-coupled architecture:
non-coherent, coherent with the last-level cache (LLC-coherent), and fully-
coherent [6]. In a non-coherent interfacing model, an accelerator
typically uses a private scratchpad memory for local storage and
uses software-managed direct memory access (DMA) to request
data from the main memory. In LLC-coherent, the DMA is
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performed to the last-level cache rather than the main memory.
Finally, a fully-coherent model involves each accelerator using its
own private cache, which implements a cache coherence protocol
such as MESI or MOES], similar toa processor’s cache,

There are interesting cost trade-offs involved with each of the
three coherence models for accelerator-based SoCs. While the non-
coherent model is simple and involves minimal hardware overhead,
it also requires significant software management and can suffer from
performance,/ power overheads due to the costly main memory
accesses that can span over several cyeles. LLC-coherent, on the other
hand, can be more power and performance-efficient than non-
coherent in case of workloads with a high LLC hit rate. However, the
performance of the LLC-coherent model can suffer with increased
contention when several accelerators are operating concurrently and
during irregular data access patterns that can increase LLC misses.
The fullycoherent model requires little software management but
can incur significant hardware area/ power overhead.

Given the modern SoCs integrate several heterogeneous accel-
erators to support a multitude of applications, a single coherence
interface used by all the accelerators for different applications may
not be the most optimal in terms of power and performance [5],
[7]. As an alternative, the coherency interface for each accelerator
in such SoCs can be selected based on the workloads, with different
accelerators using different coherency models. To determine such
optimal coherency models for these accelerators, this paper makes
the following contributions.

As a first contribution, the paper proposes a novel performance-
auare hybrid coherency inferface for heterogeneous many-accelerator
505, In this hybrid interface, a subset of the accelerators can use one
type of coherency model, such as non-coherent, while the others use
a different model, for example LLC-coherent, depending on which
options optimize the overall system performance, The best interface
for each accelerator, in terms of performance, is decided at design
time based on the targeted applications, and therefore avaids any
overheads that can come with an alternative approach of run-time
selection of the coherency models: both added hardware costs and
performance penalties,

The second contribution is a new framework to determine the
optimal coherency interface for a given SoC and a set of targeted
applications. This framework integrates Bayesian optimization, which
is a machine learning based approach to optimize black-box func-
tions effidently [5], with the gem5-Aladdin architectural simulator
that supports modeling of complex heterogeneous many-accelerator
505 [12]. The proposed framework is called BayesOpt-gem5-Aladdin,
For a given S0 with different accelerators and a target workload,
the Bayesian optimization algorithm intelligently selects the appro-
priate coherency model for each accelerator 50 as to optimize its per-
formance, which is obtained by running the workload on the
modeled SoC in the gem5-Aladdin simulator.

Finally, to show the effectiveness of the new BayesOpt-gemS5-
Aladdin approach, this framework was used to determine the optimal
coherency interface for a complex SoC with accelerators for image
processing, For each accelerator, two possible coherence models are
considered: nom-coherent or LLC-coherent (fully-coherent is not con-
sidered due to its hardware/ performance overheads). For this SoC,
the BayesOpt-gem5 Aladdin framework determined that @ hybrid
coherency interface is the most optimal, showing up to 23 percent better
accelerator performance than the other "homogeneous’ interfaces
where all the accelerators are either non-coherent or LLC-coherent.

2 BACKGROUND

There are two important threads relevant to this paper: the gem5-
Aladdin architectural simulator and the Bayesian optimization
approach.
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21 gemb5-Aladdin Architectural Simulator

gem5-Aladdin models interactions within an SoC: between differ-
ent accelerators, processors and the memory hierarchy [12]. This
framework integrates the well-known gem5 architectural simula-
tor [3] with the Aladdin accelerator simulator [111.

In gem5-Aladdin, a user program running om a CPU (in gem5)
can invoke an accelerator through an el system call. The accelera-
tors are accurately modeled in Aladdin without the need to gener-
ate RTL Aladdin is a trace-based simulator that profiles the
dynamic execution of a program and constructs a data dependence
graph. The vertices of this graph are LLVM IR instructions and the
edges mark the true dependencies between the instructions. Vari-
ous design optimizations, such as pipelining and loop wnrolling,
can then be applied, followed by scheduling the graph for execu-
tion. When the invoked accelerator finishes, it writes to a shared
pointer between the CPU and the accelerator to signal the end of
execution. All three coherence models for the accelerators can be
implemented in gem5-Aladdin: (i) non-coherent: gem&'s DMA
engine is used by an accelerator’s local scratchpad to access the
main memaory; (i) LLC-coherent: an accelerator coherency port
(ACP) [2] is implemented, where the accelerator's scratchpad can
directly access the LLC through an ACT controller. To model this
interface, gem5's MESI protocol is augmented with the ACP con-
troller; and (iii) fully-coherent: each accelerator can use its private
cache instead of a scratchpad memory and implements coherence
using the gem5’s MESI protocal.

Fig. 1 shows an example SoC that can be modeled using gems5-
Aladdin. The system is a tiled architecture, with tiles correspond-
ing to the processors, accelerators, and the LLC/memory control-
lers, connected using a network-on-chip (NoC). Each processor tile
consists of a processing element and a private L1 cache controller.
The accelerator tile comprises the accelerator compute unit and the
L1/ACP/DMA controllers.

2.2 Bayesian Optimization: An Overview
Bavesian oplimization (Bayes-Opt) is a machine learning based
method that has been shown to be highly-effective for optimizing
black-box functions [5]. These functions are expensive to evaluate,
lack simple structures like concavity or linearity, and cannot be
expressed as closed-form expressions. Bayes-Opt has also been
shown to be more effective than other heuristic optimization
approaches such as genetic algorithms, espedally for accelerator
design space exploration, in terms of faster convergence and quality
of solutions [10].

Bayes-Opt starts with some initial sampling by evaluating the
objective function at random inputs, followed by intelligently select-
ing those values that will optimize the objective. The algorithm first

builds a Bayesian statistical model of the objective function using the
initial sampling. Typically, a Gaussian process (GP) is used for this
modeling that provides a probability distribution describing the
potential vales for the objective functiom (f{z)) at some candidate
input x [13]. This Gaussian process is updated as the algorithm pro-
ceeds and samples new values. The selection of the new input sam-
ples is determined by the evaluation of an acquisition function [5]: the
prindple behind using acquisition function is to replace the original
complex optimization problem by a simpler optimization problem,
using a function which is much cheaper to evaluate than the original
objective. The acquisition function evaluates the desirability of eval-
uating f at a candidate input x. and therefore, the selected input is
the one that optimizes the acquisition function.

Algorithm 1. Bayesian Optimization Pseudo-Code

Step 1: Construct a Gaussian process prior on f

Step 2: Evaluate [ at random n; points

while n < N do
Step 3: Update the posterior probability distribution on f
Step 4: Select x,, that optimizes the acquisition function,
computed using the current posterior distribution
Step 5: Evaluate f(x;)
Step &: Increment n

Step 7: Return the solution with the best f{zx)

Algorithm 1 presents the pseudo-code for the Bayesian oplimi-
zation method. The algorithm starts by constructing an initial GP
model of the objective function f (Le, construct a GP prior). In
step 2, the function f is evaluated for ny, random input values. The
next steps of the technique are iterative and are performed V — ny
times, where N is the budget on the number of fundion evalua-
tions. In step 3, using the available data, the posterior probability
distribution on f is updated. In step 4, a new input sample T, is
selected, which optimizes the acquisition fundtion, evaluated using
the current posterior distribution. In step 5, the original objective is
evaluated at this point =, followed by incrementing the iteration
counter. Omce all the iterations are complete, the solution with the
best (minimum or maximum) [ is returned.

In this paper, lower confidence bound (LCB) is used as the acquisi-
tion function to minimize the main objective function § [13]. This
acquisition function prefers not only the points that lead to small f
but also those points, where [ is uncertain. The former is called
exploitation and the latter is referred to as exploration. The balance
between exploitation and exploration aveids getting stuck in local
minima or maxima, and hence improves the quality of the optimal
solution. The LCB function is formulated as below

arep(x, f) = plz) — falz). (1)

In Equation (1), g and o are the mean and variance of the GP distri-
bution, and £ is a tunable trade-off parameter to balance exploita-
tion and exploration. To achieve a global minimum, the points
preferred are those that not only minimize f (small u) but also
where fis more uncertain (larger o).

3 OpTiMAL COHERENCE INTERFACE SELECTION

The proposed hybrid coherency interface model is presented in
this section, along with a novel Bayesian optimization based frame-
work to determine the optimal coherency interface for each acceler-
ator of an SoC.

3.1 A Performance-Aware Hybrid Coherency Interface

This paper proposes a novel performance-avare hybrid coherency
interface for heterogeneous many-accelerator SoCs. In this interface,
different accelerators use different coherency models, determined
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Fig. 2. Proposed BayesOpt-gemS-Aladdin framewaork.

at design time s0 as to optimize the overall performance. For exam-
Ple, a subset of the accelerators can be non-coherent, while others
LLC-coherent or fully-coherent, depending on which options lead
to the best performance for the accelerators. In such a system, the
expensive main memory accesses are minimized, while also reduc-
ing the contentiom at the LLC, maximizing the overall performance
of the accelerators. A system with different coherence interfaces
works correctly as follows: (i) in case of non-coherent, CPU flushes
the caches before invoking the accelerator, and also after the accel-
erator writes the data to the memory so as not to read any stale
data; (ii) in case of fully-coherent, the accelerators follow the same
coherence protocol as the CPUs (MEST in this case); and (ifi) in case
of LLC-coherent, the request will be sent to the LLC and hence the
LLC controller will ensure correctness on behalf of the accelerator.
More details can be found in [12].

Asarelevant related work, Spandex isa wrapper coherence proto-
cal that has been introduced to integrate heterogeneous devices
(CPUs, accelerators, GFPUs), where each uses a different coherence
protocol, in a correct and efficient way [1]. Our work, on the other
hand, is proposing a hybrid coherence interface where the best coher-
ence interface for each accelerator is selected so as to achieve the opti-
mal overall system performance. Currently, if a fully-coherent
interface is selected for an accelerator, it is assumed to use the same
coherence protocol as the CPUs use (Le., MESI coherence). However,
the proposed approach is general, and can be extended to devices
with different coherence protocols. In this case, a Spandex-like wrap-
per will be required for the correct operation. Also, while Spandex
has been shown to achieve better performance than MESHbased pro-
tocols for heterogeneous SoCs, it can still incur some hardware over-
heads due to the additional custom translation units corresponding
toeach device. For simplicity, MESI protocol is assumed inthis paper.

3.2 BayesOpt-gem3-Aladdin Framework

Deetermining the best coherency interface for each accelerator in a
complex SoC, with several heterogeneous accelerators, is non-
intuitive and a challenging problem. The performance of each acceler-
ator is affected not only by its computation time and memory access
patterns but also due to contention with other accelerators for shared
resources. Such characteristics are governed by the coherency modes
used by the accelerators and are hard to predictat design time.

As shown in Fig. 2, a fmmework combining Bayesian optimiza-
tion with pem5-Aladdin is proposed to determine the optimal
coherence interface for each accelerator in an SoC. The gem5-
Aladdin sirmlator, as discussed in Sectiom 2.1, can model complex
SoCs with several accelerators that can use different coherence
models, and run various workloads concurrently. The complete
SoC can be described using a "config file’ that is input to the simula-
tor, which indudes the configurations of processors, accelerators,
memory /caches, and the interconnect. Bayesian optimization, as
discussed in Section 2.2, is used to select the best coherence model
for each accelerator: non-coherent or LLC-coherent. Fully-coherent
(FC) model is not considered due to its significant hardware and
performance overheads. In terms of performance, the FC model
may not be suitable for some accelerators such as for DNM, as these

TABLE 1
SoC Micro-Architecture Configuration
Component Parameters
CPU Core Out-of-order X86 @2.5 GHz B-uop issue
width, 192-entry ROB
L2 Cache (LLC) 2 MB, 16-way, LEL
DEAM LP-DDE4, @600 MHz, 4 GB, 4 channels,
5.6GB/s
NoC 4 » 4 2D-mesh topology, link band width:

128 bits, single-cycle routers and links, 4
WiCs per input port

accelerators access large amount of data (for weights and inputs/
outputs), which cannot fit in the L1 caches and can therefore lead
to significant cache misses, penalizing the overall performance. In
addition, DNN accelerators benefit from using scratchpad memory
as opposed to private caches due to their regular, streaming data
access patterns. Therefore, to prune the search space and faster
convergence, the FC model was not included. Finally, the objective
function is to minimize the average (geometric mean) of the cydes
taken by these accelerators to execute their respective kernels,
obtained from gem3-Aladdin for a given application.

In this framework, the Bayesian oplimization algorithm first
constructs a Gaussian distribution model for the average perfor-
mange metric (f in Algorithm 1), following steps 1-2. Sets of ran-
domly selected coherence models for different accelerators (e, ny,
typically 10 sets) and the corresponding evaluated performances
are used to gemerate this initial GI* model. Next, steps 3-6 of
Algorithm 1 are followed: during the given budget of N iterations,
Bayes-Opt selects those sets of coherence models for the accelera-
tors (x,) that minimize the LCB acquisition funcion (Equation (1),
evaluated using the current posterior distribution); these coherence
models are then used by gem5-Aladdin to evaluate performances,
which in turn are used to update the GP model used by Bayes-Opt.
After all the iterations are complete, the set of optimal coherence
mirdels for different accelerators that achieves the minimum aver-
age cycles is selected (step 7).

4 EXPERIMENTAL RESULTS

Amn interesting set of experiments is performed to show the effec-
tiveness of the BayesOpt-gemS5-Aladdin framework.

4.1 Experimental Setup

For an exhaustive evaluation, two different homogeneous interfaces,
where all the accelerators in a 50 use a single coherency model, are
compared with two different hybrid interfaces where the accelera-
tors use varying coherency models. The homogeneous coherency
interfaces are: (i) AI-LLC-Coherent and (i) All-Non-Coherent. The
hybrid coherency interfaces are: (a) Altermate-Hybrid: one possible
hybrid interface solution that achieves high performance but may
not be the best, selected manually through a set of random evalia-
tions, where each accelemator is assigned LLC-coherent or non-
coherent randomly, and (b) Bayes-Cpt-Hybrid: the hybrid interface
selected by the BayesOpt-gem5-Aladdin framework, Le., each accel-
erator can be either non-coherent or LLC-coherent, depending om
which option best optimizes its performance.

The SoC configuration used for evaluation, modeled in gem5-
Aladdin, is shown in Table 1. Similar to Fig. 1, the system is a tiled
architecture comprising: 7 CPU tiles and 7 accelerator tiles, along
with the L2 cache controller and main memory controller tiles, con-
nected using a 4 = 4 NoC. The processors execute different workloads
concurrently, offloading various kemels to the appropriate accelera-
tors, effectively leading to all the accelerators operating in parallel.

As shown in Table 2, the image processing and classification
workloads are used for evaluation. For image processing
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TABLE 2 17500
Workloads * One possible set of
Targeted : £ . coherence models for
— B the ¥ accelerators |

Workload Description % 27000 2 the SaC =in
fit-transpose  512-point 10 complex FFT =
stencil-30 48 chained 3D second-order stencil, 32 » 32 x 32 R

input & .
SPMV-CTS Sparse matrix-vector multiply, 5 copies of 2048 « 512 e .y N

matrix - seoon .
Lenet5-CNN  5layers: 2 convolutional (3 = 3), 1 pooling, 2 fully- = . . *

comnected, 1.2 MB weights, 98% accuracy on ;g . .

i 25500 = - 5
2 L .
L]

workloads, three MachSuite benchmarks are used: ffi-franspose, 5 - e
stencl-3D, and sparse matrix vector multiply (spmo) [9]. For image & S . CEEE
classification task, a LeNet5 comvolutional neural network (CNN)is 2 " 'a;r;:;r;ﬁ"
used on MMNIST dataset [S]. The modeled Sol in gEﬂ\E-Aladdin = 24500 Hybrid salution
consists of one Lenet5-CNN accelerator, and two instances of each o 5 10 15 0 15 30

of the image processing accelerators.

Since there are 7 accelerators, the input space for Bayesian opti-
mization has 7 dimensions. In this study, each accelerator can be
either non-coherent or LLC-coherent, hence a total of 128 possible
configurations. A single-objective function is used for optimization:
geometric mean of the cycles taken by different accelerators to exe-
cute their respective workloads, While a design space of 128 config-
urations is considered, the proposed framework can handle a
larger design space with 1000s of possible configurations.

4.2 Results

Fig. 3 shows the performance results for various accelerators in the
SoC using different coherency interfaces. All-Non-Coherent inter-
face performs the worst due to a large number of cycles spent to
fetch data from the main memory. AILLLC-Coherent achieves up
to 23.6 percent better performance than all non-coherent case as the
memory requests are first sent to the LLC, and in case of the LLC
hits, results in much shorter access latency. The hybrid solutions,
on the other hand, achieve better performance than these homoge-
neous cases. One possible hybrid interface, manually selected
through some random evaluations (alternate-hybrid), with FFT-1/
SPMV-0/5tencil-0 as non-coherent and rest as LLC coherent, is
able to achieve up to 23.2 percent better performance than All-
Non-Coherent and up to 124 percent than All-LLC-Coherent
However, this hybrid case also shows a degradation of 3.8 percent
for Stencild) over the all LLCcoherent case: while using some
accelerators as non-coberent reduces contention at the LLC and
can achieve better performance for the LLC-coherent accelerators,
it can also incur latency overheads for the non-coherent accelera-
tors due to the contention at the memory controller and the long
access latency, The Bayes-Opt-Hybrid selected by the proposed
framework, with enly SPMV-1 as non-coherent, achieves the

B A|l-LLC-Caherent

B All-Mon-Coherent

B Alternate-Hybrid: FFT-1/5PMV-0/5tencil-0 NC, rest LLC
B Bayes-Opt-Hybrid: SPMV-1 NC, rest LLC

1
a |||| |||| ||“ ||‘| ||‘ ||‘| ||‘| ||\|

FFT-0 FFT-1 SPMV-0 5SPMV-1 Stencil-0 Stencil-1 CHNM - Average

2 [
L] e

=
=

# cycles normalized to
All-Mon-Coherent
eee

Kernels in a system with 7 concurrent accelerators

Fig. 3. Performance results for different coherency interfacas.

Number of iterations

Fig. 4, Convargence of Bayeskan optimization.

best performance with up to 227 percent (CNN-Lenet5) and
14.5 percent (SPMV-0) improvements over All-Mon-Coherent and
All-LLC-Coherent, respectively, without any degradations. Note
that in this hybrid, selecting one of the SPMVs as non-coherent and
the other as LLC-coherent minimizes contention and improves the
overall performance.

As shown in Fig 4, the BayesOpt-gem5-Aladdin framework
used only 20 iterations (in addition to the 10 random samples) to
converge on this optimal solution. Therefore, while there are 128
possible configurations, only 30 evaluations were performed. Each
iteration took ~ 1 hour, where majority of the ime was dominated
by the gem5-Aladdin run. Note that Bayesian optimization balan-
ces exploitation (Le., evaluating points that minimize the objective)
with exploration, evaluating uncertain points, sometimes with sig-
nificantly worse performance, to avoid any local minima. Finally,
as part of the validation, the most optimal solution from Bayes-Opt
was confirmed against the best coherence interface obtained from a
manual run of all possible 128 configurations.

To summarize, a hybrid coherency interface model can achieve
significantly better performance than the homogeneous models for
many-accelerator SoCs. The results also demonstrate that the pro-
posed BavesOpt-gem5-Aladdin framework is able to converge to
the best hybrid solution in a small number of iterations.

5 ConNcLusioN AND FUTURE WORK

The paper proposes a novel performance-aware hybrid coherency
interface for many-accelerator heterogeneous SoCs. A new Bayesian
optimization based framework is proposed in conjunction with the
gem5-Aladdin simulator to determine the optimal hybrid coherency
interface in terms of performance. For image processing workloads,
the proposed framework determined thata hybrid interface achieves
significantly better performance than the other “homogeneous’ inter-
faces. As a future work, a more exhaustive design space exploration
will be performed comsidering other parameters as well in the Baye-
s0pt-gem5-Aladdin framework, such as scratchpad size, L2 cache
size, Mol parameters, etc
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