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Optimization and Deployment of Memory-Intensive Operations in Deep
Learning Model on Edge

Peng XU, Jianxin ZHAO and Chi Harold LIU

Department of Computer Science and Technology,Beijing Institute of Technology,Beijing 100081, China
(xupeng_mii@163. com)

Abstract As a large amount of data is increasingly generated from edge devices,such as smart homes, mobile phones,and weara-
ble devices,it becomes crucial for many applications to deploy machine learning modes across edge devices. The execution speed of
the deployed model is a key element to ensure service quality. Considering a highly heterogeneous edge deployment scenario.deep
learning compiling is a novel approach that aims to solve this problem. It defines models using certain DSLs and generates effi-
cient code implementations on different hardware devices. However, there are still two aspects that are not yet thoroughly investi-
gated yet. The first is the optimization of memory-intensive operations,and the second problem is the heterogeneity of the deploy-
ment target. To that end.in this work, we propose a system solution that optimizes memory-intensive operation,optimizes the

subgraph distribution,and enables the compiling and deployment of DNN models on multiple targets. The evaluation results show

the performance of our proposed system.
Keywords

Chinese Library Classification TP311.5

1 Introduction

The fast development of machine learning models, espe-
cially deep learning (DL) models,has made a huge impact on
a lot of fields, such as transportation™'” , health® , biology"* ,
etc. As a large amount of data is increasingly generated from
edge devices,such as smart homes.mobile phone,and weara-
ble devices,it becomes crucial for many applications to deploy
machine learning modes across edge devices'*.

The execution speed of the deployed model is a key ele-
ment to ensure service quality. There has already been a lot of
technology developed for that purpose. Vendor libraries such
as MKL and cuBLAS provide highly optimized computation
performance for specific hardware architecture’®. However,
they lack support for specifically customized operators, and
this approach is limited by specific hardware. In a highly het-
erogeneous edge deployment scenario, this approach is not via-
ble.

Deep learning compiler is a new approach that aims to
solve this problem"’. The DL compilers take the model defini-
tions described by certain DSLs, and generate efficient code
implementations on different hardware devices. This field has
attracted wide interest from academia and industry. However,
there are still two aspects that are not yet thoroughly investi-

gated yet.

Submission data;2022-11-15 Modification data:2023-01-19

Memory optimization, Deep compiler, Computation optimization, Model deployment, Edge computing

The first is the optimization of memory-intensive opera-
tions. In deep learning compilers,a DNN is represented as a
computation graph, where operators are the nodes in this
graph. There are two types of operations. The first is compu-
tation-intensive, such as convolutions. They require a lot of
computation resources. They are the major focus of current
work. The other type is memory-intensive operations, e.g. ,
copying a large matrix from source to destination. Such opera-
tions do not involve quite complex calculations but do a lot of
memory operations. It has been shown that these operations
have a non-trivial impact on the performance of computation.

Fig. 1 shows the ratio of memory-intensive computation
for five representative models used in real-life production on
GPU for tasks such as NLP, recommendation, speech, or im-
age recognition. With an average ratio of 63% in execution
time and 90 % in total kernel numbers, memory-intensive com-
putation has already become a dominating factor that signifi-
cantly impacts the training and inference efficiency of many
recent DNN workloads. Therefore, it is crucial to optimize
memory-intensive operations.

A memory-intensive computation graph usually consists
of tens or even hundreds of operators. There are two levels of
dependencies. Operator-level dependency describes the opera-
tor connection represented in a subgraph. Element-level de-

pendency indicates the dependency between elements within
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tensors. The two-level dependencies combined with JIT de-
mand make fusion optimization extremely challenging for

modern memory-intensive ML models.

30,
93% 750, 2% 87% 86%
jSO% ﬂ ﬁ_‘ -
CRNN ASR BERT Transformer

Fig.1 Ratio of memory-intensive computations'’’

Faced with this problem on memory-heavy operations, the
current deep learning compiler frameworks face the following
dilemma when conducting fusion on these two patterns. The
first is fusion leads to the redundant computation. When there
are one-to-many element-level dependencies,as in repeat or re-
duction operations, where one element generated by the pro-
ducer is required by multiple elements of the consumer(s),
each thread of the consumer will independently compute this
common element, causing significant computation redundancy.

The second problem is the heterogeneity of the deploy-
ment target. The compiled code can be deployed on a wide
range of hardware accelerators. One popular choice is a gra-
phics processing unit,or GPU. It provides a huge space for pa-
rallel execution. Recently there are also researches that focus
on the Tensor Processing Unit (TPU). It is an accelerator de-
veloped by Google specifically for neural network machine

learning™®!. Moreover, edge computing is fast growing. That

leads to deployment on multiple lightweight target forms, in-
cluding virtual machines and containers, etc. . Due to the
limited memory and computing resource, such deployment
again requires optimization at the model compiling phase.

To that end,in this work, we propose a system solution-
Owl that enables end-to-end deployment of optimized models
on devices. Fig. 2 shows an overview of it. In Sec. 3, we pre-
sent the optimization of two typical memory-intensive ope-
rations in DNN:repeat and reduction. In Sec. 4, we introduce a
fair subgraph fusion scheme to address the challenge of com-
putation redundancy-inefficiency tradeoff posed by memory-
intensive operations in computation graphs. In Sec. 5, we ex-
plain the various aspects of the model deployment module,
which lays the foundation of the previous two functionalities.

The novelty of this work is two-fold. The first is to pro-
pose a subgraph fusion scheme that fairly distributes the de-
ployed subgraph resources in an edge computing environment,
so as to utilize the model compiling optimization techniques,
notably fusion, for computations with memory-intensive ope-
rations. The second is to propose a framework that incorpo-
rates the aforementioned scheme with optimizations on the
performance of memory-intensive operators, supported by
model deployment on multiple targets,including edge devices.
For the rest of this work, we first briefly show related work

and then discuss these aspects in detail.
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Fig. 2 Overview of the proposed Owl framework

2 Related Work

With the development of the Internet,more and more da-
ta are generated from devices such as mobile phones, smart
homes,and self-driving cars. Deep Learning lays a foundation
for using algorithms to parse and learn data. Numerous works
have been proposed to address issues such as the unstable net-

[10

work environment of edge devices!'”, reducing bandwidth

usage and network data transmission delay'''l, and ensuring
user privacy security’'?), There are also new paradigms such
as Federated Learning, which is a distributed deep learning
training method that aims to build personalized models on

edge devices 1%,
2.1 Model Compilation and Optimization
Each neural network can be represented as a mathemati-

cal function. Due to their complexity,they are often expressed
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as a graph instead of mathematical notations. Most research
work and tools in the field of neural network are developed
based on these graphs. Formally. they are called computation
graphs and defined as directed graphs. Each node represents
either input or computation, such as multiplication, summa-
tion,etc. The edges represent calling order among nodes. For
example, Fig.3 is a part of the computation graph of

GoogleNet!'*),a complex neural network architecture.
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Fig. 3 An example of computation graph:part of the GoogleNet!!¢]

With the rapid development of deep learning, deep lear-
ning compilers are in the early stage of development. There
are some popular deep learning compilers in the industry.
Apache comes up with TVM, an end-to-end deep learning
compiler. It is easily portable across hardware devices. Intel’s

hi'") supports efficient memory manage-

open source nGrap
ment and data layout abstraction across several deep learning
frameworks and hardware platforms. Along with the deep
learning compiler I mentioned above, there are Meta Ten-
sor'® ,Google XLAM,Glow'®” , etc.

Compilers include front end, back end, and intermediate
representation (IR), where IR is responsible for optimizing
between the front end and back end. IR design is very impor-
tant for compilers. IR needs to consider the integrity of com-
pilation from source code to object code, ease of compilation
optimization,and performance. Google’s MLIR!Y provides an
infrastructure and specification for multiple layers of IR to fa-
cilitate transformation between IRS and improve the possibili-
ty of reuse between different compiler optimizations. The

TVM compiler was developed on top of the original NNVM

IR, supplemented by the second-generation IR Relay*!. In re-
cent months,Relax has been proposed as the next generation
of TVM graph-level IR to improve the efficiency and perform-
ance of TVM development.

The optimization of deep model inference and the im-
provement of neural network compilers are two hot research
areas of deep learning compilers. AutoTVM'™/ is an automatic
optimization framework for the operator layer of compiler
TVM. It uses template search space to find the best execution

of operators on target hardware. Based on this, FlexTensor-?"

£25) reduce or even eliminate the dependence on tem-

and Ansor
plates in search and improve search results. TASOM™ is a
computing layer optimizer that automatically generates good
performance calculations by generating candidate replacement
graphs and backtracking. The authors of [27] propose to use
the polyhedron model to generate high-performance matrix
multiplication vector code. In [ 28], the author designed an op-
timization framework PET, which first performs partial equi-
valence optimization at the tensor,operator and graph levels,
and then automatically corrects the results to complete equiva-
lence by looking for effective opportunities previously lost in
partial equivalence transformation.
2.2 Model Deployment

Most existing machine learning frameworks, such as Ten-
sorFlow and Caffe.focus on training analysis models. Deploy-
ment of services is close to the idea of model services. The

[29] service system is used for ML model-based predic-

Clipper
tion, selecting the model with the least delay from the models
on multiple ML frameworks. It enables users to access models
based on multiple machine learning frameworks. These models
are implemented as containers.

TensorFlow Serving™" is a much better model execution
framework than Clipper. This model can be deployed as a con-
tainer containing TensorFlow to provide predictive requests.
Since our work on Zoo was published, several microservice de-
ployment systems., such as Seldon, have been developed. It
uses Docker to deploy the model. Seldon defines inference dia-
grams based on the model,and then deploys these diagrams in
a deployment or production environment using the container
orchestration system Kubernetes.

59) is more focused on using Tensor-

TensorFlow Serving
Flow itself as the model execution framework than Clipper.
The model can be deployed as a container containing Tensor-
Flow to provide forecast requests. There are some micro-ser-
vice deployment systems,such as Seldon™!!. Seldon defines in-
ference diagrams based on the model,and then uses the con-
tainer orchestration system Kubernetes to deploy these dia-
grams in a deployment or production environment.

Machine learning inference services are often latency cri-

tical,and the automatic scaling capabilities of serverless com-
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puting can handle burst workloads well. Yang et al. presented
a solution called INFLess"* , which reduces resource alloca-
tion for each serverless instance in order to achieve the best

performance for the inference service.

3 Optimization of Memory-intensive Operations

In the computing graph,resource-intensive operations can
be divided into computation-intensive operations and memory-
intensive operations. The former has been themain topic of re-
search in the past few years, such as better utilization of the
parallel computing mechanism provided by hardware to im-
prove computing efficiency and so on. But the importance of
the latter is only beginning to be recognized. In this section,
we present optimizations of two memory-intensive operations:
reduction and repeat.

3.1 Reduction Operations

Reduction operations are an important group of opera-
tions in computing. Reduction operations such assum and max
accumulate values along a particular axis by a particular func-
tion in an n-dimensional array (ndarray). For example. as
shown in Fig. 4,a matrix can be reduced to a vector in the row
dimension. If the sum operation is used, the result can be the
sum of all the elements. If the max operation is used, the re-
sult can be the maximum value of those elements. Reduction
operations are one of the key operations of advanced applica-
tions. For example,sum is used to implement the Batch Nor-

malization neurons that are often used in DNN.

1 1 2
Sum
reduce
1 2 3
e
1 3 4
1 4 5

Fig.4 Example of the sum reduction operations

Reduction operations follow similar patterns, which lead
to similar design choices that can be summarized into several
patterns. In most cases of these templates,we only need to de-
fine the summation function FN,

The reduction operation usually requires a specified axis.
One of the challenges we faced is the multi-axis reduction. A
simple implementation is to repeat the operation along one
axis for each axis specified,and then repeat the process on the
next axis. However,each uniaxial reduction requires additional
temporary memory to store intermediate results. In applica-
tions that make heavy use of reduction operations, such as

DNN. the inefficiency of reduction operations becomes a me-

mory and performance bottleneck.

In a single-axis reduction algorithm,the source ndarray x
needs to be compressed into a smaller target ndarray y. Sup-
pose the dimension to be reduced is of size a,and the total
number of elements in x is n. The basic idea is to iterate over

their elements one by one, but the index in y keeps returning
. a s
to 0 when it reaches — —1. We modified the procedure so that
n

the index in y iterates repeatedly on a given axis,all using an
intermediate memory.

An optimization step prior to this algorithm is to merge
adjacent axes. For example,if a ndarray of shape (3,4,5,6) is
to be reduced along the second and third axis,it can be simpli-
fied to the ndarray of the shape (3,20,6). The proposed algo-
rithm is shown as below.

Algorithm 1  Revised Multi-axes reduction on n-dimenional
array

Input:source array x,shape of x

Qutput:target array y with reduction results

Initialize:

1. ent=0;ndim=length(shape)

2. innersize= x_shape[ ndim-1]

3. loopsize= x_shape[ ndim-2]

4. compute strides according to shape

5. for ix=0 to N do

6. for k=0 to innersize do

7. accumulate x[ix+k] to y[k]

8. end for

9. ix + = innersize;ent+ +;

10.  if cnt == loopsize do

11. iy=0;cnt=0;

12. int iterindex=ix;int pre_iteridx=1ix;
13. for i=ndim —1 downto 0 do

14. iterindex /= shape[i];

15. residual =pre_iteridx - iterindex * x_shape[i];
16. iy += residual * strides[i];

17. pre_iteridx=1iterindex;

18. end for

19. end if

20. end for

The complexity of the existing reduction algorithm is
OCHMN) ,where M is the number of slices, N is the source
array x’s slice size,and H is the number of axes. Compared to
that,our proposed algorithm’ complexity is OCND ,where I is
the number of inner slice sizes.

3.2 Repeat Operations

The repeat operation repeats elements of a ndarray along
each axis for specified times. For example,a vector of shape
(3.4) can be expanded to shape (6.,4) if repeated along the
first axis,or (3,8) along the second axis. Fig. 5 shows an exam-
ple of this. It consists of internal repetitions and external repe-

titions Cor “tile”). The former repeats the elements of the
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input ndarray,while the latter constructs a ndarray by repea-

ting the entire input ndarray a specified number of times along

each axis.
1 5 1 1 5 5
2 6 2 2 6 6
3 7 ] 3 3 7 7
4 3 4 4 8 8

Fig.5 Example of the repeat operation

Repeat is another operation that is often used in DNN,
especially for implementing the UpSampling and BatchNor-
malisation neurons"**'. Reduction operations reduce the input
ndarray, while repeat operations expand the input ndarray.
Both operations require memory management rather than
complex computation.

Each repeat operation along an axis requires the creation
of additional memory space for the intermediate result. Thus,
similar to the reduction function,to perform multi-axis repeti-
tion, using the existing operation only a few times will cause a
memory bottleneck for the entire application. For this pur-
pose,we implement the multi-axis repeat operation.

The optimizations we use in our algorithm follow two
patterns. The first approach is to provide multiple implemen-
tations for different inputs. For example, if we only use one
axis or only repeat the highest dimension,a specific implemen-
tation for that case would be much faster than a general solu-
tion.

The second approach is to reduce the creation of interme-
diate memory. A repeat algorithm is similar to a reverse of re-
duction:it requires expanding the source ndarray x into a lar-
ger destination ndarray y. Using elements that repeat as
blocks,the repeat operation copies elements from x to y block
by block. The indices in both ndarrays move by a step of block
size, but with different periods.

In the modified implementation, the intermediate memory
is created only once, and all iteration cycles along different
axes are completed in the same memory. Specifically, we define
h to be the highest non-one-repeat dimension, copy the HD
dimension from source ndarray to target ndarray, and then

copy the lower dimensions within target ndarray.

4 Fair Subgraph Fusion with Memory-Intensive Op-

erations

Based on the operator optimization in the previous sec-
tion, we propose a decentralized subgraph fusion framework

that distributes proper fusion resources among different de-

ployed subgraphs, while keeping the fairness of resource
usage. We model this problem as a cooperative bargaining
game (CBG) following that in [34]. In this section, we first
present the design of this game and explain the utility function

used in this game. The notation frequently used in this work is

shown in Table 1.

Table 1 Notations
Notation Meaning
N Number of devices in system
Number of subgraphs
U; Utility function of device i
d; Disagreement value of devicei
r ITterative update rounds
" Step size in sub-gradient method
Subgraph distribution matrix
F possible utility values

4.1 Game Design

The cooperative bargaining game is an important model in
the cooperative game theory. Initially this game analysis two
players. They cooperate in a certain task, get some reward
such as money,and then each in turn demands a portion of it.
If the proposals sum up to a value that is less than the total
available reward,both players get what they demanded. Other-
wise, both get only previously agreed disagreement value,
which adds up to less than the total value, as return. Each
player proposes according to certain utility.

In this work, we model the subgraph fusion problem in
distributed model compilation as a cooperative game. In this
framework, the participating edge nodes provide extra sub-
graph that they are willing to share with others for fusion op-
erations in a subgraph. A node selects a certain amount of
subgraph from each category according to its local preference.
For example,a node is more willing to share the class of sub-
graph that is in a surplus locally. As a target,all participating
nodes aim to enable as much fusion as possible,though the to-
tal available shareable subgraphs are limited. During the redis-
tribution process, each participating node v, tries to selfishly
maximize its own utility U;. By letting each participating node
achieve its maximal utility,the system can get the most from
the distribution process.

If the edge nodes cannot reach an agreement on how to
distribute subgraphs, they fall back to the default disagree-
ment value d; , which is node i’ s utility before distribution. It
means that all nodes need to achieve better utility or stay the
same via participating in this game.

Formally,we define a bargaining game as a set(F, D).
Here FE€ R is a feasibility set that contains the possible uti-
lity values,and DE R " is the set of initially decided disagree-
ment values. To solve the CBG, we use the Nash Bargaining
Solution (NBS).

Definition 1 a set of rewards (U, ,U, ,++,U{) is a
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NBS of the CBG problem if it is the solution to the optimiza-
tion problem:
N

maximise l]] W, —d»)

NBS satisfies a series of axioms. Most importantly, it
guarantees pareto optimality, which means that the outcome of
any player cannot be further improved without damaging the
utilities of the others. Besides,it is invariant to equivalent uti-
lity representations. If we apply a transformation that keeps
the same ordering preference, e.g. , linear transformation, on
the utility function, the outcome of the bargaining solution
should not change. These properties provide good flexibility to
the framework.

The optimization problem above,can be simplified by ap-
plying logarithm operation on both sides of the equation.

Therefore, the final minimizing target becomes:

— ilog(U,‘ —d,;)
4.2 Centralized Solution

We start from a common centralized setting, where there
is an edge server that has access to the information of all the
participating nodes,and is fully in charge of solving the opti-
mization problem.

For each node,the utility is defined as an array min §=
(51582 5%+ 5ssy). There can be multiple possible definitions of U
(s;) (abbreviated as U;). Combining the utility definition and

the problem definition, the optimization problem is:

min > —log(U, —d,)
=1
s. t. 5,.k<07

‘Z\:]S;.k<T/<

Here the constraints areV:€[1,N], V£€ [1,K]. The
first means that each element in the optimized distribution
vector s should be non-negative, since negative value means a
participant has to share the part of subgraph it does not intend
to share. The second constraint means that the subgraph
amount of one given category in the system T, should remain
the same after distribution.

This optimization is an Integer Programming problem.
The solution requirement can be relaxed by allowing elements
distribution matrix S to be non-negative float numbers. We
only need to round the optimization results to integers later.
The solver system has NK variables. For a practical edge de-
ployment system, | N| can be a very large number. This re-
quires a lot of computation, which is why a decentralized solu-
tion is required.

4.3 Decentralized Solution

In this part,we derive a decentralized solution for the op-
timization problem due to the computation complexity and the
fit for distributed edge deployment environment. Here each

node solves an optimization sub-problem, without caring about

the solution of other nodes. And together, they can somehow
reach the overall optimization target.

Following this approach, we can make each node v; to
solve part of the problem of minimizing — log (U; — d,),
where s;.,==0. One problem lies in that sub-problems are cou-
pled by the second constraint,since it involves all s; sotherwise
all the sub-problems can be separately solved by each node.

To relax this constraint, we apply the Lagrangian dual
decomposition. Specifically,we form the partial L.agrangian %:
R¥™—>R .

KS,A) :Ii —log(U(s;)-d ) Jrﬁ:’/h, (Iilx;,k — T

=§:1 (—logU;,—d)) +§:ll\mi_k ) *é:l/\b'f/;
Here A,>0,Y £€[1,K],and A4 is the Lagrangian multi-

K
plier. In solving this problem, the extra item 2 A, T, at the
k=1

end, which does not affect the optimization of s, can be re-
moved. Therefore, this equation can be separated into N
parts,each independent from the others. It contains two com-
ponents. The former part is the same as that in the equation in
the previous section, and the latter one contains a variant of
the second constraint, multiplied by the Lagrangian multip-

lier. We can see the dual function 4(S,A) as one that contains

N
variable A, with Sfixed. Since A&0,and 2 s;, — T:<<0, Y &,
i=1

the solution to this problem constitutes a lower bound to the
original optimization problem. The target of solving this pro-
blem thus is to finding the proper A parameters that minimizes
the difference between the dual function and the original func-
tion.

To achieve that purpose, the sub-gradient optimization
method is used. It is an iterative method for solving convex
optimization problems using sub-gradients. A sub-gradient of
a convex {unction f at x, is any v in the domain of f so that:

flo)— flx)=v" (x—x0) s YV 2E dom(f)

Here a sub-gradient of the dual function is calculated as

N
208;.x — Tx. Therefore, in solving the problem each node v;
=1

finds s; that minimize:

N.

K
(s A) =2 (—log(U, —d;) + 2 Aes; i)
i k=1

=1
5 Deployment of Compiled Model

Another challenge in conductingmachine-learning-based
data analytics on edge devices is the deployment of compiled
machine learning models. It is a key topic in edge compu-
ting"®’. In this section, we introduce how our system sup-
ports the deployment of compiled models on different back-
ends,based on the work in [36]. It should be noted that de-

ployment is not limited to edge devices, but can also be on

cloud servers where the accelerators enable high performance.
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5.1 Deployment Backends

With the fast development of edge technologies, there ex-
ist various types of deployment backends. One key principle is
to support multiple deployment methods. A common type is
hardware accelerators such as GPU and TPU. Compilers such
as TVM target at these accelerators, and develop feature so
that the implementation can benefit from the power of parallel
computation etc. provided by these devices.such as SIMD vec-
torization, multi-core, cache.

However, despite the superb model inference perform-
ance,one drawback of this approach is that the users need to
take a very long time,hours,sometimes days,to train a single
model on a specific platform. Considering the huge number of
edge devices often deployed in real world applications, this ap-
proach is often not practical.

Instead, we recognize the benefit of using portable tech-
nologies. Recently, containers such as Docker as a lightweight
virtualization technology have gained wide application. It is
used in deployment systems such as Kubernetes. Deploying
models as Docker containers will effectively reduce the cost of
re-training.

Besides container, virtual machine is another choice as
targets. The common virtual machine tools such as VMWare
are not suitable to be deployed on edge devices with limited
resources. In such case, Unikernel is a better choice as VM
manager. It builds small virtual machines with a specialized
minimal operating system that hosts only one model and appli-
cation. These specialized applications can then be deployed on
edge devices. Specifically, we explore MirageOS, an unikernel
system. Deploying to Unikernel has proved to be of low me-
mory footprint,and thus is quite suitable for resource-limited
edge devices.

Another execution target is JavaScript. Using JavaScript
to perform data analytics at the web end has begun to attract
interest from academia and industry. TensorFlow. js has dem-
onstrated the possibility of defining neural network models on
web end and performs inference on the web end. Facebook has
developed Reason, a popular language that compiles its code
into JavaScript. Techniques such as WebAssembly ensure
good performance of such web-end models. By exporting ma-
chine learning models to JavaScript code, we can do complex
computations on web browser, without relying on other de-
pendencies such as third-party libraries. Furthermore, the
JavaScript code can also be exported to edge devices as a light-
weight backend.

5.2 Naming of Models

One important aspect of deployment of compiled ML
models is version control. A common practice of the model de-
velopers is to keep modifying, compiling, and deploy their

models on edges until it reaches a suitable status. As such,it is

crucial for each version of a model to be assigned a unique 1D
so as to be well managed.

The naming scheme of a model is:id/[vid|latest]/pin. To
access a model,users can either choose a specific version id,or
to use the newest version (“latest”) in the local model reposi-
tory.

It is easy to see that using this option would lead to in-
consistency among edge devices:the newest version of models
on one device might not be so on the other; the developer
might have already uploaded a revised model.

To get the newest version of model from the server, the
download time of the current version of model on a local de-
vice is saved. If the latest symbol is set in the model 1D, the
newest model on the model server will be downloaded to the
local repository after a certain amount of time. In a production
edge deployment scenario,it is advised that each model contain
a specific model version id using hash; the latest symbol is
more suitable to be used in MLL model development. Besides,
the pin part in the model ID indicates if the model if finalized
and its compiling and deployment configuration should be
saved. Once the naming convention is fixed, users can contri-
bute newly created models to the model repositories so that it

can be accessed by others.
6 Evaluation

In this section we evaluated the proposed method, focu-
sing on two aspects: the performance of memory-intensive
computations in compiled models, and the performance of de-
ployed models on various deployment targets.

6.1 Setup

For the performance measurements of memory-intensive
operations, we use various input sizes and then measure the
execution time and memory usage. We focus on edge devices
for the evaluation and use the single-board computer Raspber-
ry Pi 4 (rpid) as the evaluation hardware. It has a 64-bit quad-
core Cortex-A72 CPU of 1. 5GHz. It represents a typical edge
device deployed in our application scenario. On the software
side, we use version 1. 16 of NumPy,and version 1. 0 of Julia
as a comparison. Both are state-of-the-art numerical computa-
tion tools.

Next, we compare the performance of different deploy-
ment backends we use. Specifically, we observe two types of
typical operations: map and reduction operations on ndarray.
Our compiler can produce two kinds of executables: bytecode
and native. Native executables are compiled specifically for
certain architectures and often run faster, while the advantage
of bytecode executables is portable. A Docker container can
adapt to both choices. Besides, we also compare the perform-
ance of the same computation deployed as JavaScript and vir-

tual machine Mirage.
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6.2 Memory-Intensive Evaluations

To measure the performance, we compare the copy opera-
tion in our system, NumPy, Julia,and C program. Here “Owl”
indicates our proposed method. For the C program, we use
memcpy. The compiling flags in C and Owl are set to the same
level 3 optimization. The input is a vector of single-precision
float numbers that gradually increase in size. The initial com-
parison results are shown in Fig. 6. The experimental results
show that C program runs the fastest, and Owl and NumPy
are quite close to C program. The copy time grows linearly
with input size. The Julia implementation of copy though
shows large variation. Copy operation, unlike the calculation-
heavy sin operation, etc. » is not limited by computation, and

thus not very likely to be improved too much above C lan-

guage.
175 { —— owl
--+- numpy
1501 4 julia
L, 125
£ 100
g
Faot 75
50
25
0
0 1 2 3 4 5
Input vector size of copy operation x10°
Fig. 6 Measure performance of copy operations on various platforms

Because there are multiple axes involved, we use a four-
dimensional floating number ndarray as input to evaluate the
reduction operation. All four dimensions have the same
length. We measure the peak memory usage as the length in-
crease ,each for axis equals to 0,1,and both 0 and 2 dimen-
sions. The results of the evaluation compared with NumPy
and Julia are shown in Fig. 7. Experimental results show that
the memory usage of the proposed algorithm, measured on a

single axis 0.is lower than that of NumPy and Julia.
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===
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(b) memory usage
Fig. 7 Measure performance of sum reduction operations on various

platforms

The evaluation ofrepeat operation is similar to that of re-
duction operations. We use a four-dimensional ndarray made
up of floating-point numbers as input. All four dimensions
have the same length. We measure the speed with increasing
length, the repetition times is set to 2 on all dimensions. The
evaluation results compared with NumPy and Julia on diffe-

rent devices are shown in Fig. 8.

1 owl »
800 - numpy P
—4 julia P
600 7 4
3 400 b f
E A
& s
200 v
o
04 12

20 25 30 35 40 45
Input 4-dim array length

Fig. 8 Comparing the performance of repeat operation with NumPy

and Julia,on desktop

The evaluations are performed on both desktop and edge
device RaspberryPi. In both cases, the repetitive operation per-
formance in the proposed system is superior to the other two
librariess NumPy and Julia. Julia’ s performance is much slo-
wer;the reason is that its implementation is not in native-C,
and its multi-axes repeat operations are compounded by sin-
gle-axis ones.

We also measure the peak memory usage shown in Fig. 9.
As you can see,in NumPy,repeat operations are about half as
effective in both execution speed and memory usage. In con-
trast to this implementation, the multi-axis repeats operation
in NumPy is achieved by running multiple single-axis repeat,

and thus is less efficient in both memory usage and execution

speed.
700 owl £
-~~~ numpy
< 600 1 _ .. julia
S 500
=
8
& 400
2 300
8
g 200
100
0
20 2 30 35 40 45
Input 4-dim array length
Fig. 9 Repeat operation memory usage comparison

The repeat operation in Julia is much slower than in the
other two. One reason is that repeat operation is not a compu-
tation-intensive operation,so the optimization techniques such
as static compilation and vectorization are of less importance
than the other methods. Another reason is that this operation
is implemented in pure Julia rather than the efficient C code.
6.3 Model Deployment

Next, we compare the performance of computation on dif-
ferent deployment backends;we use the widely used map and
reduction Cor “fold”) operations on ndarray as the bench-

mark. Backends include native, bytecode, JavaScript, and vir-
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tual machine, We use simple functions such as multiplication
on l-dimensional (size <<1 000) and 2-dimensional arrays.
Fig. 10 shows the relationship between the total size of ndar-
ray and the execution time; when projected to log scale, the re-

lationship keeps linear.

4— native-owl "
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+- javascript
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Ndarrav size
(b)

Fig. 10 Performance of (a) map and (b) fold operations on various

deployment backends.

For both operations, our proposed deployment method is
faster than the base version, and native executables outper-
form bytecode ones. The performance of Mirage executables is
close to that of native code. Generally,JavaScript runs the slo-
west, but note how the performance gap between JavaScript
and the others converges when the ndarray size grows. For the
fold operation,JavaScript even runs faster than bytecode when
the input size is sufficiently large. The same evaluation experi-
ments are also conducted on edge devices. Despite that the
performance is much slower than that on the laptop machine,
the results are similar.

Conclusion In this work, we recognize two issues that
are not well addressed yet in the previous work about the deep
model compilation: optimization of memory-intensive opera-
tions and the deployment of models on various targets. We
have proposed a framework solution to address them, inclu-
ding operation optimization, subgraph fusion distribution, and
system deployment modules. The evaluation results show the

good performance of our proposed solution.
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