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ABSTRACT

Neural Architecture Search (NAS) is widely used in industry, search-
ing for neural networks meeting task requirements. Meanwhile, it
faces a challenge in scheduling networks satisfying memory con-
straints. This paper proposes HMCOS that performs hierarchical
memory-constrained operator scheduling of NAS networks: given a
network, HMCOS constructs a hierarchical computation graph and
employs an iterative scheduling algorithm to progressively reduce
peak memory footprints. We evaluate HMCOS against RPO and
SERENITY (two popular scheduling techniques). The results show
that HMCOS outperforms existing techniques in supporting more
NAS networks, reducing 8.7~42.4% of peak memory footprints, and
achieving 137~283x of speedups in scheduling.

1 INTRODUCTION

In recent years, Neural Architecture Search (NAS) is widely used
in industry. It searches for neural networks meeting task require-
ments. Many NAS algorithms are proposed to expand design space
and enhance their performance with increased accuracy under pa-
rameter and computation budgets [16]. The resulting networks are
complicated—they may include irregular wirings and multiple lev-
els of architectures, deviating from regular and almost sequential
patterns in classic hand-crafted networks such as VGG [17] and
ResNet [6].

As Figure 1 shows, when NAS networks are deployed, schedules
must be figured out. These schedules describe execution plans of
the corresponding computation graphs, guaranteeing the correct-
ness and as well efficiency of computations. Schedules are strictly
constrained by memory—networks can be deployed only when
their schedules meet memory constraints.
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Figure 1: Neural Architecture Search (NAS) techniques
search for the best network under task requirements. Repre-
sented as a computation graph, the network has to be sched-

uled before deployment, taking hardware constraints of tar-
get devices into account.
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However, engineers face two challenges when scheduling NAS
networks for memory-constrained devices, including mobile and
embedded devices.

Challenge 1: Huge schedule space. The architectural character-
istics of NAS networks indicate a huge number of possible schedules
for a computation graph. Different schedules lead to different life-
times of intermediate results produced by operators, which account
for most of the runtime memory footprints. As Figure 2 shows, these
schedules have significantly different peak memory footprints, and
only 4% satisfy a given memory constraint (4.60 MB)'.
Furthermore, it is time-consuming to exhaustively search in a
huge schedule space for schedules with the lowest memory foot-
print. In Figure 2, the optimal peak memory footprint of NASNet-
A [19] (for ImageNet dataset) is 4.13 MB, while none of the schedules
with peaks lower than 4.40 MB is sampled within 1M samples.

Challenge 2: Diverse architectures. The NAS networks are usu-
ally composed of different cells. A network may contain either se-
quential or non-sequential cell-level architectures. Figure 3 shows
the computation graph of NASNet-A at the operator and the cell
levels. Schedules of these networks can possibly interleave multiple
cells at one time, that is, executing an operator in one cell, then
next operator in another cell. This variety is common in practice,
requiring general-purposed scheduling algorithms to be designed.

Existing work. Existing deep learning frameworks/compilers (e.g.,
TensorFlow [1] and TVM [3]) are unaware of memory footprints

!We use peak memory footprints of classic networks as constraints. The peak of
MobileNetV1 [7] for ImageNet is 4.60 MB.
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Figure 2: Peak memory footprint distribution of 1M samples
in NASNet-A (for ImageNet) schedule space. The memory
constraint is 4.60 MB in this example.
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(b) Cell level.

(a) Operator level.
Figure 3: Computation graph at two levels: at the operator
level, there are irregular wirings between operators; at the
cell level, cells form a non-sequential structure.

w.r.t. different network schedules. SERENITY [2], the state-of-the-art,
sets initial foot on this problem. It identifies each partial schedule by
a signature and develops a DP-based scheduling algorithm. SEREN-
ITY achieves the schedule with the lowest peak memory footprint
on supported networks. Despite its effectiveness, SERENITY has two
limitations when applied in practice: (1) It only works for hourglass-
shaped networks where cells are sequentially concatenated; (2) It
usually takes hours to produce a schedule for a network.

Our work. Inspired by multiple levels of architecture, we pro-
pose HMCOS?, the first hierarchical approach towards memory-
constrained scheduling of NAS networks. HMCOS constructs a
hierarchical computation graph and iteratively schedules operators
on the hierarchical graph. The hierarhical graph greatly simplifies
the complex architecture of a NAS network and effectively prunes
the schedule space. The iterative scheduling algorithm disassembles
only the peak-related vertices of the hierarchical graph, and thus
manages to produce interleaving schedules without introducing
too much workload.
This paper makes the following contributions:

(1) Hierarchization. We propose strategies for hierarchization of
a computation graph by introducing two levels of hierarchy.
The hierarchical graph is much more efficient in scheduling,
and also provides opportunities for optimizing peak memory
footprints.

Scheduling. We design an iterative scheduling algorithm, which
progressively reduces peak memory footprints through itera-
tions, and three optimizations to further improve its efficiency.
Evaluation. We evaluate HMCOS on several NAS networks.
The evaluation results show that HMCOS (1) supports a large
family of network architectures; (2) reduces 8.7~42.4% peak
memory footprints compared with baseline reverse postorder
scheduling; (3) saves 137~283x scheduling time compared with
baseline SERENITY.

—
N
~

2 PRELIMINARIES

This section introduces several basic concepts related to memory-
constrained scheduling of neural networks.

2Source code is available at https:/github.com/wzh99/HMCOS.
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Definition 2.1 (Computation Graph and Schedule). One batch
of neural network computation is modeled as a directed acyclic
graph (DAG) G = (V, E). Each vertex v € V represents an operator
performing primitive computation. Each directed edge (u,v) € E
represents a data dependency between operators u and v.

A schedule s = (v1,02,...,05) is a topological ordering of G
where n = #V and v; specifies the operator to be executed at time i.

Definition 2.2 (Value and Operator). A value x is a result pro-
duced by an operator in the computation graph. size(x) tells how
much memory should be allocated to x. Let in(v) be the input list
(x1,%2, ..., %m) where m € Nand out(v) the output list (y1,y2, . . ., yn)
where n € N. An operator v represents computation out(v) =
f(in(v)). It is described as v uses values in in(v) and defines values
in out(v).

Correspondingly, def(x) is the operator defining a given value
x, and use(x) is a list of operators using x.

Given a neural network, we need to allocate memory space of
each value properly so that the network is safely and correctly
executed. Lifetime specifies the shortest time period of a value
whose memory space must be available.

Definition 2.3 (Lifetime). Given a schedule s, the lifetime of a
value x is an interval [alloc(x), free(x)] where alloc(x) is the time
when the its defining operator is called and free(x) is the time
when it is terminally used, i.e., used by vf,¢¢(x) and no longer used
by following operators. Let def(x) = v;, we have:
free(x) = 1)

alloc(x) =i, max j.

vj€use(x)

There are two alternate stages in neural network execution: the
stage of executing an operator, and the stage between execution
of two operators. We use stable footprint and transient footprint
respectively to describe memory footprints in the two stages.

Definition 2.4 (Memory Footprint). For a schedule s of a computa-
tion graph G with n operators, let (i3, 13, . . ., p1y,) and (p(t), y{, cooph)
be two footprint sequences, where yf_;_ is the stable footprint
and p6<i<n is the transient footprint at time i:

= size(x), )

alloc(x) <i<free(x)

©)

yf = size(x).
alloc(x) <i<free(x)-1

The peak memory footprint jipeqr of schedule s is defined as the
maximum of stable footprints: pyeqr = max .

3 HMCOS DESIGN

The key idea of HMCOS is to hierarchically schedule a compu-
tation graph for achieving the lowest peak memory footprint. As
shown in Figure 4, HMCOS contains two major components: (1)
Hierarchization of computation graphs (§3.1), where operators in a
computation graph is organized into a hierarchy; (2) Iterative sched-
uling algorithm that iteratively schedules operators on hierarchical
graphs (§3.2).
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Figure 4: Overview of HMCOS.

3.1 Hierarchization of Computation Graphs

HMCOS hierarchizes computation graph to effectively prune sched-
ule space before actual scheduling is performed. Thus we extend a
computation graph to a hierarchical one.

Definition 3.1 (Hierarchical Graph). A hierarchical graph is a
graph G = (V,E) where each vertex v € V can either represent
an operator or a hierarchical vertex. A hierarchical vertex v can be
further expanded to another hierarchical graph G (v).

HMCOS introduces two levels, sequence and group, into hierar-
chical graphs.

3.1.1 Sequence. Operators can be joined as sequences. Despite
diversity in wirings of NAS networks, sequential patterns are ubiq-
uitous. If each of these sequences is treated as a single vertex, the
schedule space is effectively reduced.

First, a sequence must look “sequential” in graph structure. It
must be a list of operators (v1, vy, . .., v,) where each operator has
only one predecessor and one successor.

Second, the memory footprints of a sequence must not hinder
cutting peaks. Let its memory footprints be y7_;,, and ,ué <i<n'
They must satisfy two conditions:

S S
CoNDITION 1. p1} > 1y ;.
Reason. If the first operator has the highest stable footprint in a se-
quence, the sequence is always safe to schedule as a whole. There is

no risk of lifting the peak memory footprint after the first operator.
CONDITION 2. i > pif where 1 < i< j<n.

Reason. A sequence should have non-increasing transient footprints.
Otherwise it hinders cutting peak memory footprint when schedul-
ing another hierarchical vertex, since it does not provide the lowest
possible initial transient footprint for that vertex.

3.1.2  Group. NAS networks are usually built upon cells. Cells
encapsulate certain degree of architectural complexity inside them;
they also indicate different periods of computation, thus helping
recognize the critical, peak-related parts. However, the scope of a
cell is not memory-aware; a hierarchical graph created from cells
may have high peak memory footprint, requiring more iterations
to reduce.

For this reason, we design groups on sequences to alleviate the
cost of scheduling. Sequences are grouped by taking four steps:

(1) Create initial groups from cells. The scopes of cells are pro-
vided by the NAS algorithm.

(2) For the output vertex o} of each cell ¢;, detect all vertices
dominated by it and create set D; of these vertices. Here a
dominator tree is constructed by the technique in [11].
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(3) For each D;, find a connected subset C; of D; satisfying: (a)
v} € Ci, (b) 0i = X(xkyeou(cy) size(x) < Xixkyeou (v?)
size(x), and (c) o; is the smallest. Here for a hierarchical
vertex v, OU (v) = {(x, #uses_outside(x,v))} is a mapping
where x is a value defined inside G(v), and uses_outside
produces a set of x’s uses outside G(v).

(4) If such C; is found, extract vertices C; — {07} from their
original groups and create a new group for them.

3.2 Iterative Scheduling Algorithm

We design an iterative scheduling algorithm to progressively reduce
peak memory footprints. As shown in Figure 4, the scheduling
algorithm accepts a hierarchical graph and produces a schedule of it.
The hierarchical graph is disassembled and rescheduled according
to its peaks in memory footprints. The process repeats until the
hierarchical graph cannot be further disassembled.

Algorithm 1 shows the iterative scheduling algorithm. It locates
and disassembles the peak-related hierarchical vertices. Let X;
{x | alloc(x) < i < free(x)} be the set of alive values during
i-th operator’s execution. Suppose fipeqr = p1f., HMCOS finds all

peak values, i.e., alive values at the peak Xp.qx = Xj. For each
peak value x € Xjeqr, HMCOS finds its defining operator and
the related sequence and group of x as well. Then it disassembles
the corresponding hierarchical vertices. Only groups need to be
disassembled to expose schedules interleaving groups. Sequences
remain unchanged as they do not hide optimization opportunities.

During scheduling, memory footprints are computed incremen-
tally by computing differences values Ay} <i<nand Apy e

Aif=pf—p_y = ), size(y), (4)
yeout(v;)
Ap; =pf —pb = Z size(x). (5)
i= max
vjeuse(x)

Equation 4 sums up size of each value y in out(v;). Equation 5 identi-
fies whether a value x is terminally used by operator v;. To compute

Equation 5, HMCOS maintains a mapping U; = {(x, #uses_after(x,v;))}

at each time i, where x is an alive value and uses_after retrieves a
set of x’s uses after v;.

Algorithm 2 shows the scheduling algorithm on a fixed hierar-
chical graph. ScheduleGraph resembles the DP-based algorithm
in SERENITY and supports hierarchical graphs. ScheduleVertex
processes a hierarchical vertex v: If v is a sequence, the algorithm
directly computes memory footprints for it, using Equation 4 and 5.
Otherwise, it calls ScheduleGraph to schedule G(v).

We then propose three optimizations to further improve effi-
ciency of the scheduling algorithm.

Optimization 1: Adaptive soft budgeting.

This optimization prunes sub-optimal schedules as soon as pos-
sible. It reduces schedule space by defining a memory budget 7 and
eliminating partial schedules whose peak memory footprints are
larger than 7. Different from SERENTTY, which relies on a hard-to-
set hyperparameter to search for an appropriate budget, HMCOS
employs fipeqr of last iteration for budget of current iteration. In
Algorithm 2, ScheduleVertex and ScheduleGraph return null if
the schedule satisfying the budget cannot be produced.



Algorithm 1: Iterative scheduling.

Algorithm 2: Scheduling a hierarchical graph.

Input: hierarchical graph G
Output: schedule s, peak memory footprint pipeqx
1 s — () Hpeak <
2 while true do
3 R « ScheduleGraph(G, {});
4 Compute Xpeqk from R.s;
5 for x € Xpeqk do
6 L Find sequence v that contains def (x);
7

if no group is disassembled then break;
s R, Hpeak < R-,upeak;

if v is in some group v, then disassemble vg;

[CICY

Optimization 2: Scheduling strategy selection.

This optimization saves scheduling work on noncritical parts of
the graph. HMCOS employs the DP-based method on groups with
large memory footprints, while adopts simple scheduling method
(e.g., reverse postorder) on the others. HMCOS computes peak
memory footprint with simple scheduling and compares it with
previous peak. It adopts simple scheduling if the peak is not lifted.

Optimization 3: Group schedule memoization.

This optimization reuses scheduling result inside and across it-
erations. The optimal schedule of a group g depends on (1) the
hierarchical graph G(g) it expands to, and (2) whether values de-
fined outside the group are terminally used in g. Only when a value
is terminally used, its size is counted in some Ay}, affecting its
successive memory footprints (Equation 5). We define value context
I'(g, U;) to characterize the environment of group scheduling:

I'(g. Up) = {(x. k = Ui[x]) | (x.k) € IU(g)}. (6)

Here for a hierarchical vertex v, IU (v) = {(x, #uses_inside(x,v))} is
a mapping where x is a value defined outside G(v), and uses_inside
returns a set of x’s uses inside G(v). During scheduling, if a group
g with context I'(g, U;) has been optimally scheduled, the schedule
is reused.

4 EVALUATION
4.1 Setup

Networks. We evaluate HMCOS with four popular NAS networks:
NASNet-A [19], AmoebaNet-A [15] and DARTS [12] for both CIFAR-
10 and ImageNet datasets; and RandWire [18] for ImageNet dataset.
We arbitrarily take three RandWire architectures with parameter
WS(4,0.75). These networks have configurations for small com-
putation regime, and can potentially be deployed on resource-
constrained devices.

Baselines. We compare HMCOS with reverse postorder (RPO)
scheduling and SERENITY. RPO is a static scheduling method com-
monly used in deep learning compilers. SERENITY is the state-of-
the-art in memory-constrained operator scheduling. As SERENITY is
not publicly available, we implement our own version of SERENITY.

Metrics. We evaluate HMCOS with following metrics:

(1) Peak memory footprints of schedules. We set memory con-
straints as 1.80 MB for CIFAR-103 and 4.60 MB for ImageNet.

3The peak memory footprint of DenseNet [8] for CIFAR-10 is 1.80 MB.
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Input: hierarchical graph G
Output: schedule s, peak memory footprint ppeqk
1 function ScheduleVertex (o, Up):

2 if v is a sequence vy, vy, ..., v, ) then

3 l‘é — 0, peak < —09;

4 fori € 1..ndo

5 5, ph, Uy — ComputeFootprint (v, pf_,, Ui—1);
6 Hpeak < maX(,upeak, IJ?);

7 return s, #peuk,#ﬁ, Uy;

8 else if v is a group g then

9 | return ScheduleGraph(G(g), Uo);

function ScheduleGraph(G, Up):

zo < ZeroIndegree((),G);

Mo — {(z0, ({},=00,0, Uo)) };

n «— #G.V;

for k € 1..ndo

M —{}

for (zx_1, (Sk—1, Hpeak- L., U-1)) € My_1 do

for w € zj_; do

R « ScheduleVertex(w, U-1);

Sk — Sk—1 - R.s;

Hpeak < maX(ﬂpeak»ﬂil + Reflpeak);

”El — .uil + R-/Jil;

2z < Zerolndegree(sg,G);

if zi & keys(My) V ppeak < Mi[zk]-peak
then
| Milzr] & (st bpeaks o ys U-1);

24

return M, [{}];

25

Arena size of each schedule with arena-based allocation,
which is adopted by popular edge deep learning frameworks,
such as TensorFlow Lite*. It allocates a huge memory arena
upfront and locates memory space of values by offsets. The
arena size and offsets of values need to be precomputed from
a schedule. We adopt the allocator in TensorFlow Lite to plan
the memory.

Scheduling time of each run. To fairly compare SERENITY with
HMCOS, we disable adaptive soft budgeting optimization
of SERENITY because it requires setting a hyperparameter
which affects its scheduling efficiency.

4.2 Result

4.2.1 Performance. We evaluate supportability, effectiveness and
efficiency of HMCOS against RPO and SERENITY on all of the
networks.

Supportability. HMCOS supports all the networks in our ex-
periments. Comparatively, SERENITY does not support NASNet-A,
AmoebaNet-A and DARTS because cells in these networks are not
sequentially concatenated; SERENITY supports RandWire because
of its hourglass-shaped architecture.

Effectiveness. Table 1 shows peak memory footprints of schedules
achieved by RPO, SERENITY and HMCOS. The result suggests that
HMCOS is effective in reducing peak memory footprints, thus
enabling deployment of more networks under memory constraints.

*https://www.tensorflow.org/lite/
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Table 1: Performance of RPO (marked as R), SERENITY (marked as S) and HMCOS (marked as H) on several NAS network
architectures. Reduction rates of peak memory footprints and arena sizes are computed relative to RPO. For each peak memory
footprint, we mark  if it satisfies the memory constraint and X if it does not.

0.5 T T T 3.0 T T T
NASNet-A  AmoebaNet-A DARTS NASNet-A  AmoebaNet-A DARTS

peak memory footprint of an architecture. We carry out exper-

Dataset Network Peak memory footprint (MB) Arena size (MB) Scheduling time (s)
R S H Reduction R S H Reduction S H Speedup
NASNet-A 225 x 225 x 170 V 243% | 2.50 250 2.06 17.5% - 40.05 -
CIFAR-10 AmoebaNet-A | 1.75 v 127 v 113 V 35.7% | 1.85 1.67 1.27 31.8% - 1.57 -
DARTS 232 x 169 Vv 134 V 42.4% | 271 195 1.62 40.3% - 0.97 -
NASNet-A 506 X 440 Vv 413 18.3% | 5.45 4.79 493 9.5% - 0.207 -
AmoebaNet-A | 492 x 429 V 422 V 14.2% | 530 4.67 4.88 7.9% - 0.065 -
ImageNet DARTS 491 X 453 V 366 V 253% | 529 491 453 14.5% - 0.042 -
& RandWire 1 537 X 443 V 443 17.4% | 6.06 490 4.90 19.2% 5659 20 283x
RandWire 2 537 X 490 X 490 X 8.7% | 5.60 5.13 5.13 8.3% 5358 39 137x
RandWire 3 583 X 420 Vv 420 V 28.0% | 583 4.67 4.67 20.0% | 10247 68 151x
g CIFAR-10 ImageNet
£2°TX 4o — AmoebaNet-A and DARTS, because they do not achieve peak mem-
§‘5 2e s 4072 Te \ ory footprints as low as HMCOS in these cases.
> ! 2 123
g 2
§ " o 4.2.2  lteration. We next evaluate how each iteration reduces the
g

(a) Peak memory footprint.

CIFAR-10

ImageNet

Scheduling Time (s)

NASNet-A  AmoebaNet-A  DARTS AmoebaNet-A DARTS

(b) Scheduling time.

NASNet-A

CIFAR-10 ImageNet

03

0.2

Ratio

0.1 12 2

DARTS

0.0
NASNet-A  AmoebaNet-A

DARTS NASNet-A  AmoebaNet-A
(c) Ratio of freed sequences.

Figure 5: Performance and workload in each iteration of

HMCOS. The index of the iteration is marked on each data

point.

First, RPO fails to produce schedules under memory constraints
at most of the time. Compared with RPO, HMCOS achieves 8.7~42.4%
of reduction in peak memory footprints, and almost always pro-
duces schedules satisfying memory constraints.

Second, we slightly extend SERENITY’s divide-and-conquer strat-
egy to handle cells in NASNet-A, AmoebaNet-A and DARTS. As this
strategy ignores interleaving schedules, SERENITY always produces
schedules with higher peak memory footprints than HMCOS for
such architectures.

HMCOS also benefits arena-based allocation by producing sched-
ules with lower peak memory footprints. Table 1 lists arena sizes
of schedules produced by RPO, SERENITY and HMCOS. HMCOS
reduces arena sizes by 7.9~40.3% compared with RPO. On most of
the architectures, HMCOS produces schedules with arena sizes
smaller than or equal to SERENITY.

Efficiency. Table 1 shows scheduling time of SERENITY and HM-
COS. All of the architectures are scheduled by HMCOS within
two minutes, and five of them are even done in two seconds. For
three RandWire architectures, HMCOS achieves 137~283x speedup
compared with SERENITY. Note that we do not measure schedul-
ing time of RPO on all architectures and SERENITY on NASNet-A,
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iments on NASNet-A, AmoebaNet-A and DARTS because they
require at least two iterations of scheduling.

Figure 5 shows the peak memory footprints, scheduling time
and ratio of freed sequences in each iteration of the scheduling. It
takes only three iterations to terminate for all CIFAR-10 architec-
tures and two iterations for all ImageNet architectures. Figure 5(a)
shows that peak memory footprints are reduced in later iterations
for half of the architectures. It denotes that iterative scheduling
significantly reduces peak memory footprints. Figure 5(b) shows
that even though disassembly increases scheduling workload, the
increase in scheduling time is still acceptable. Figure 5(c) shows that
at most 20% of the sequences are freed from their original groups—
only a small part of the graph needs to be carefully scheduled. It
explains why the scheduling time is acceptable after disassembly.

4.2.3 Ablation Study. We further investigate how the components
of HMCOS affect its effectiveness and efficiency. Table 2 lists config-
urations used in our study. @ is a complete HMCOS configuration,
while others have fewer components than @. @~@ add levels of hi-
erarchization to the configuration. 3 directly organizes sequences
as cells in the original architectures instead of creating groups
by the method in §3.1.2. Each of ®~@ removes one scheduling
optimization.

We evaluate these configurations on NASNet-A, AmoebaNet-A
and DARTS, and compute peak memory footprints for all schedules.
The results show that the effectiveness of HMCOS is affected by
the group level hierarchization strategy, rather than the sequence
level hierarchization and the three optimizations. NASNet-A for
CIFAR-10 has peak memory footprint 1.83 MB under (3 instead of
1.70 MB under other configurations. This indicates that organizing
sequences as groups is better than directly following the cells in
the original architectures, because groups catch opportunities for
optimization.

Scheduling time under different configurations are listed in Table
3. For ® and @, we compute their speedup ratio compared with
their previous configurations (2 and (@ respectively). For ®~@),
we compute their slowdown ratio compared with @). It can be seen
that sequence level hierarchization makes scheduling of these ar-
chitectures tractable in acceptable time. Group level hierarchization



Table 2: Configurations during the ablation study.

Configuration @ ® ® @ ® ® @
Hierarchization None Sequence  Sequence+Cell Complete Complete Complete Complete
Scheduling Complete Complete Complete Complete w/o Adaptl.ve wlo Schedulutxg wlo Group schedule
soft budgeting  strategy selection memoization

Table 3: Time (in seconds) for scheduling architectures. T and | represent speedup and slowdown ratios, respectively.

Dataset Network @ @ ® @ ® ® @
Time | Time | Time T | Time T | Time | | Time | | Time |
NASNet-A >3,600 | 836.39 | 271.01 3.09x | 40.05 6.77x | 49.05 1.22x | 40.12 1.00x | 47.02 1.17x
CIFAR-10  AmoebaNet-A | >3,600 99.70 8.80  11.32x 1.57 5.61x 542  3.45x 1.70  1.09x 1.83  1.17x
DARTS >3,600 19.58 5.06 3.87x 0.97 5.20x% 1.11  1.15x 1.05 1.06x 1.04 1.08x
NASNet-A >3,600 | 457.79 2.16 212x | 0.207  10.42x 0.96  4.63x 1.09 5.25x | 0.212 1.02x
ImageNet AmoebaNet-A | >3,600 76.53 0.73 105x | 0.065 11.25x 0.29  4.51x 0.20  3.02x | 0.069 1.06x
DARTS 1,139 | 117.30 0.023 422x | 0.042 0.55x | 0.063  1.50x 0.20 4.64x | 0.042 1.00x
Geomean | - | - | - 329 | - 483« | - 231x | - 210x | - 1.08x

further raises scheduling efficiency. The three optimizations are
complementary in improving efficiency of scheduling.

5 RELATED WORK

Neural Architecture Search. Most of the studies on NAS [12, 15,
19] propose methods to efficiently search for a specific network
architecture in a manually-designed search space. Some other tech-
niques, such as RandWire [18], switch from searching for specific
architectures to network generators. Many of these NAS networks
have characteristics that existing systems are usually unaware of,
such as irregular wirings [2] and low computation density per op-
erator [4]. To enable efficient deployment of these networks, there
is plenty of room for improvement in existing systems.

Memory optimization. Neural networks are memory-consuming.
Extensive studies have been done to optimize memory footprints
of training [10, 14]. With increasing demand for deploying neural
networks on resource-constrained devices, it is also important to
optimize memory footprints of inference on these devices. There
exist many other approaches, including model compression [5] and
graph rewriting [9]. Comparatively, SERENITY [2] and HMCOS take
a different tack in that they optimize peak memory footprints of
networks through memory-constrained scheduling.

Inter-operator scheduling. There are two levels of scheduling
for execution of neural networks: intra-operator and inter-operator.
Intra-operator scheduling orchestrates computation inside an oper-
ator, while inter-operator scheduling produces an execution plan of
operators in the computation graph. Existing studies [4, 13] mainly
focus on reducing latency by leveraging inter-operator parallelism.
SERENITY performs inter-operator scheduling for reducing peak
memory footprints of irregularly wired networks. HMCOS also
performs inter-operator scheduling, but in a hierarchical, and thus
much more efficient style.

6 CONCLUSION

Memory-constrained scheduling is important for deploying NAS
networks on memory-constrained devices. This paper proposes
HMCOS for scheduling NAS networks with memory constraints.
HMCOS constructs a hierarchical computation graph and itera-
tively schedules operators on the hierarchical graph. Our evaluation

shows supportability, effectiveness and efficiency of HMCOS in
scheduling NAS networks.
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