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Abstract

Deep learning (DL) compilers have emerged aiming to reduce the gap between
abundant, fast-growing DL models and the lag of high performance implemen-
tations of these models on diverse hardware devices. In this work, we introduce
several optimization strategies, combining analytic ideal cache models with ma-
chine learning models trained with real hardware measures, and integrate them into
a unified auto-tuning framework, called AutoMCL, to improve the performance
of DL compilers on both the operation level and the end-to-end model inference.
We evaluate AutoMCL and compare it with state-of-the-art on multiple CPUs.
End-to-end evaluations show that AutoMCL outperforms TensforFlow on fully
connected and convolutional neural networks with respectively a geometric mean
of 9.29x and 1.54 x speedup. Over the baseline AutoTVM, on average, AutoMCL
achieves respectively 1.37x and 2.16x speedup in inference and optimization time
for fully connected neural networks and gains 2.55% performance improvement in
inference for convolutional neural networks with 1.91% more optimization cost.

1 Introduction

Deep learning models have found wide applications in image and sound recognition, natural language
translation, game playing, etc. The success of deep learning benefits greatly from the accessibility
of DL frameworks, such as TensforFlow [4]], PyTorch [19] and MXNet [8]], which not only ease the
burden of coding but also provide high performance supports through efficient low-level libraries,
such as Intel oneMKL [2] or NVIDIA cuDNN [3]]. However, it is difficult to make the library
development, which requires tremendous manual engineering effort entangled with hardwares and
often takes months or even years to finish, keep pace with the rapid innovation of DL models. As
a result, many newly introduced neural networks or operators may lack optimal implementation
support on the target hardwares, thus hindering the further innovation of DL models. To address
this challenge, DL compilers (e.g. TVM [9]] and TensorComprehensions [25]) emerged [16], whose
goal is to automatically compile high-level declarations of DL operators into efficient low-level code
across various hardware devices, including CPUs, GPUs, FPGAs, and ASICs.

To make the DL compilers appealing, it is essential to keep their performance competitive or even
superior to that of DL frameworks or hand-optimized libraries. To achieve this, state-of-the-art DL
compilers, such as TVM and its successor AutoTVM [10], extend the decoupled compute/schedule
principle of Halide [20] to separate target hardware intrinsics from computation description and
optimization sequence specification composed of transform primitives to ease the process of high-
level optimization, and leverage machine learning to automate low-level optimizations. The success
of DL compilers relies on high-quality schedules as well as effective searching and learning strategies
to find optimal parameters. Recently, new progress have been made on automating the design of
schedule primitives, enlarging the parameter space to expose more tuning opportunities and utilizing
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heuristic and learning approaches, in particular reinforcement learning, to explore the parameter
space more effectively to find optimal candidates. Among these work, AdaTune [15[], Ansor [29],
CHAMELEON [5], FlexTensor [30]] and Cortex [11] are built on top of TVM while the value function
method [23] and TIRAMISU [6]] are respectively based on Halide and the polyhedral model.

Most of these optimizations have been focusing on the loop level optimizations, such as loop tiling,
loop split and fuse, loop unroll, loop reordering, vectorization, etc. The algorithm level optimization,
on the other hand, is hard to automate and still requires human’s expertise. Moreover, while enlarging
the tuning space may potentially include better candidates, it also calls more effort to find the optimal
solution and often leads to getting suboptimal solution in limited budget. Thus, it remains a great
challenge to prune the parameter space efficiently to avoid unnecessary exploration, which may also
help increase the chance of optimal solutions to be picked earlier. A purely analytical modeling
approach for optimizing convolutions [17] was recently proposed towards this direction.

In this work, we propose several new strategies aiming to leverage both analytic model and machine
learning to generate more efficient code in shorter compilation time targeting on the CPU platforms,
the ubiquity of which implies that a great number of users can benefit from such improvement. Our
main contributions are three-fold:

e We introduce new strategies for initializing and filtering the tiling size space for matrix
multiplication and convolution based on analytic models.

e We introduce several new competitive schedules for matrix multiplication and convolution
in both algorithm and loop level to enlarge the schedule space.

e We integrate the proposed strategies into a new auto-tuning framework called AutoMCL,
which leverages TVM’s frontend computational graph optimization and backend code
generation functionalities. We conduct operator level and end-to-end evaluations showing
that the overall performance of AutoMCL is superior to AutoTVM in both inference and
optimization time on typical fully connected or convolutional neural networks.

2 Background

The operations matrix multiplication and convolution appear widely in many deep neural networks
and improving their performance is critical to speed up the the training and inference. Matrix multi-
plication has been implemented on CPU in many basic linear algebra libraries, such as ATLAS [27],
GotoBLAS [13] and Intel oneMKL [2]]. The convolution operation was also implemented on CPU in
several standalone libraries, such as Intel oneDNN [[1]. In the context of deep learning, there is a a
strong demand to deploy a well-trained model to a great variety and amount of devices such that the
model can infer in real time on the target hardwares. This offers new challenges and opportunities for
auto-tuning the performance of these two operations for fixed size input tensors [28| [18]].

Matrix multiplication and 2D-convolution operators. Mathematically, the matrix multiplica-
tion operator matmul takes two matrices Ay;xx and Bgxn as input and computes their prod-
uct matrix Cpsx . In this paper, we would assume that the operator takes two matrices Dy i

and W« x and computes a new matrix Csxn by Cs; = kK;Ol AirBji. The 2D-convolution
operator conv2d, in its simplest form, takes a tensor D of dimensions B x IC x DH x DW,
a tensor W of dimensions OC x IC' x KH x KW, two stride sizes si, S2, and produces
a tensor C' of dimensions B x OC x OH x OW, where OH = (DH — KH)/s; + 1
and OW = (DW — KW)/ss + 1. Each element of C is computed according to the rule
Choyae i= ng&l kKyzal éingl Dy i syy+k,,s0x+ks Wo,i k, k.- In general, it may also takes
two padding sizes PH, PW and two dilation sizes di, d» and produces a tensor of dimen-
sions B x OC x OH x OW, where OH = (DH + 2PH — (KH — 1)dy — 1)/s1 + 1 and
OW = (DW +2PW — (KW — 1)dy — 1)/so + 1.

Ideal cache model. The ideal cache model was introduced in [[12] for studying the cache complexity
of algorithms. It assumes that the computer has a two-level memory hierarchy consisting of an ideal
cache of Z words with cache line size C, where Z >> C, and an arbitrarily large main memory. To
access a word in main memory, it first searches it in cache. If the word does not reside in the cache,
a cache miss occurs and a cache line containing the word is loaded into the cache from the main
memory. It assumes that the cache is fully associative and the line with furthest access in the future
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will be replaced if new data is loaded into a full cache. The cache complexity counts the number of
cache misses. For instance, the (worst) cache complexity for scanning n words continuously stored in
an array is [n/C7 + 1. In general, the cache complexity of an algorithm operating on a tensor largely
depends on the layout of the tensor and the ordering for visiting the dimensions of the tensor.

3 Components of AutoMCL

We design a few optimization passes and evaluate the effectiveness of each optimization strategy
individually and only append experimentally proven working optimizations to our framework. Fig.[T]
provides an overview of the framework, named AutoMCL.
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Figure 1: Flow of AutoMCL with the new strategies introduced in this work highlighted.

Enlarging the space of schedules. The DL compiler TVM provides two default computes for the
matrix multiplication operator, namely DNMM and RPMM and one default compute CONV for gen-
eral 2D-convolution. We introduce another four alternative computes TMM, TTMM, DPMM, LPMM
for matrix multiplication and two alternative computes Im2colDNMM332 and Im2colRPMMYV for
convolution by converting convolution to matrix multiplication in an im2col manner. Table [T summa-
rizes the specification of each compute for matrix multiplication. The computes for convolution can
be found in the supplemental material. We manually write schedule template for each new compute
and improve the default schedule templates for DNMM, RPMM, CONYV respectively as DNMM332
(single-level tiling to double-level tiling), RPMMYV (adding missing vectorization for some loop) and
CONVOpt (loop reordering according to the cache complexity analysis in Theorem 2]and its remark).

Table 1: Compute specification for matrix multiplication

Name Specification (M, K, N; are parameters.)
K—1
T™MM Cy,x = k=0 Dy,ka,k K
-1
TIMM W[, = Wi Cyo == S0y Dy x Wi,
N K/K—-1 . L Ki—1

DNMM  CCy gz, = k=0  Dykoricith * Wa kosk,+k;3 Cyo = ;=0 CCyuk,

. k-1
LPMM  PDy, 1y := Dygud,tyi ks Cya i= Zk;o PD,n, 1y mod a, * Wak

. Ppu— _1
RPMM  PW, ko, := Wa N4k Oy 7= 25—g Dy.k * PWx/Nt,k,z mod N,

DPMM  PDy, ky, = Dy sty +yi ks PWay bz = WapaNy i,k

K-1
Cya = ko PD,ns, iy mod as, * PWo N, ke mod N,

We analyze the cache complexity with the ideal cache model for each schedule template, stated as
Theorem [T and Theorem [2] whose detailed proof can be found in the supplemental material. Note
that all the nested loops will be tiled in the schedules. This would lead to a better cache complexity if
the data required for computing a tile all fit in cache. This assumption depends both on the tile and
cache size but should not depend on the input tensor size (with the kernel sizes as an exception since
they are usually small). Table [2]and Table [3]summarize the assumptions.

Let V, be the length of vectorization, C be the cache line size, Z be the cache size, and D, be the
size of tensor data type in bytes. Let V,, := Vy/Dy, C, := C¢/Dy, Zy, := Z/D;.
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TMM : %Nﬂt(m(gﬁw+1)%+Nt([%1+1)%+m(%1ﬂ))
TTMM : %Nﬂt(m((&ul)wvt((&lﬂ))
A (M (T8 +1) £ +Kt( £ (154 +1))
DNMM : ¥ g%1<Mt+Nt (s )+Mt( NCKf1+1)+Mt([%1+1))
LPMM : %([%fﬂqtl)JrM([KPrl) [28e] 41
+ X (M, ([Nf1+1)+K (M @g—;] 1) + 15207 4 1))
RPMM :  {E([EN] 4+ 1) + N([EE]+ 1) + [ ] +1
e 8 (M (11 +1) & (W (1] +1) 4 1258 + 1))
DPMM : %([@fﬂ+1)+M((c—i1+1>+%<( ]+1)+N([ ]+1)
+[2&) 1+ LA (Mt( JCV;}+1>+(K%1 ([Kffﬂ+1+[Kth1+1)).
Theorem 2. Assume that T,(My, K, Ny) < (ZJ:; and OW|OW, IC|IC, OC|OC, the cache com-
plexity for CONVOpt is:
(B*(DH+2PH)ZIC*(DW+2PW)1+1+(B*DH*IC*([DWW_FD)
I1C KH « KW % IC;t
+0C * 1C. *(fc—w1+1) €8
oc OC, ocC ow OWy x OCY
—|—[C*KH*KW*OCt*(]—Cw'|+1)+(B*Oct*OH*OWt*(]— . '|—|—1)>
oc ow OCY
—|—B*OCt *OH*OWt x ICx KH« KW x ([ Cﬂ}}ﬁ—l)
oc ow (s2% (OWy — 1) + (KW — 1) % do + 1)
—i—B*OCt*[C’*OH*OWt*KH*([ o 1+1)
ocC OC, ocC OC%
—I—B*O—Ct*OH*OW*([ 14+1)+ (B*OH*OW oc, ([ ]—l—l))
+B*OC*OH*g$ [OWWH)
and the cache complexity of Im2col-CONYV is:
[B*IC*(DH—FQZH)*(DW—'_QPW)W+1+([B*IC*CDH*DW-\Jrl)
BxOH xOW x IC ICy« KH x KW IC’ KHxx KW xIC,
—I—B*OH*OW*IC*KH*([(OWt_1)*S2+C(KW_1)*d2+1w+1)

+Cm(B*xOH x OW,IC x KH « KW,0C,OW,, IC: * KH x KW, OC})

+Bx OC x« OH *

i ow . ([OWt
oW,

14+1) + (B*OH*OW* (381 *((%it]ﬂ)).

Remark 1. For the cache complexity of CONV in TVM, we only need to replace the bold part in
Tablewith OCy x ICy ([%] + 1)+ KW % ICy x ([OCy/Cy] + 1) and (1)) in Thearem@by
OC«IC« KH x (Vé—‘:ﬁ + 1). It is usually larger than that of CONVOpt for the same tiling size.

Learning to choose schedules. We first evaluate the performance of each schedule on a dataset
consisting of matrices with sizes ranging from small to large. The experiments, reported in Section 4]
show that each one can be exclusively the best for certain types of sizes. We then choose the top
four best performed schedules as candidates and train a boosted tree model by Xgboost [7], with the
matrix size as input feature, to automatically select the best one for a particular size.
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Table 2: Values of T;,, for different schedules for matrix multiplication (from top to bottom: TMM,
TTMM, DNMM, LPMM, RPMM, DPMM)

(MthtaNt)

My(T&: 1+1>+zwc£1 >+Mt< 21+1)

K(T2] 1) + max (No(TE2] 4+ 1), My(TET 4 1)+ M1 8] 4 1))
Mf<[Nfo1+1>+ma M(T3:1+1), (Mt+Nt><(qw+1>)

X
1 + max |+ My, [~&
[%¢

Fem
1+max ([54] + Ny,
[

w

4]+ max (Mt( ST+ 1), No([EE] + 1) + [Fe] +1>)
&t + max (Mt( SET D), My ([ + 1) + fMW—i—l))
]+ My, [ 551 4 Ny, [28L] 4 max (Mt((ciuﬂ +1), [EMe 4 [EeNey 2))

1 + max

Table 3: Values of T, for convolution schedules (top: CONVOpt, bottom: Im2col-CONV)
T.(OW, IC;, OCY)

OC; * ([w1+1)+KH*KW*ICt*([%@1+1)’
max ([Owéizocq‘kl)‘*‘KH*Ic (((sz*(owt—l)ﬂKW 1)*d2+1)1+1)
ICH S KW 10, = (125 + 1), ([952001 1) 4 OW,  (1922] 1),

OW, # (12447 +1) + OC, * (194] +1)

OWt ([KH*]éW*ICt-IJ'_ )+IC *(|—(0Wt—1)*824g1UKW—1)*d2+1—|+1)’
max | 2.5 OC, » ([ FHHIC) 1), OC, « ([Q2] +1) + OW, » (1221 +1),
m(OWt,IC't*KH KW OCt)

Initializing the tiling size space. Suppose that there are m dimensions to be tiled and the size of
each dimension is X;, ¢ = 1,..., m. Then the number of valid one-level tilings is H:’;l X;, which
is one billion for X; = 1000. Thus one has to set up a reasonable initial tiling size space. For
instance, in TVM, there are two basic strategies depending on the tiling size being a factor of X; or a
power of 2. Suppose that there are m dimensions X1, ..., X,, to be tiled, and each dimension has a
nested tiling of levels d;, ¢ = 1, ..., m. Then the initial configure space for the factor strategy is a
direct product of the sets G; := {(Xi(o), .. ,Xi(di)) | H?;O XZ-(J) =X;},i=1,...,m. We adopt
this factor strategy for 2D-convolution. For matrix multiplication, we propose a more sophisticated
strategy, motivated by both the factor strategy of TVM and the analytic model of [21] to balance
cache locality and load balancing among parallel threads. This strategy is described by Algorithm [I]

Filtering the tiling size space. Let G(Z;,Y;, X;) be the initial tiling size space for the com-
pute/schedule pair (O, S), where Z;, Y, X; denote the innermost tiling sizes for the tiled dimensions
Z,Y, X. Let T(X;,Y;, X;) be the cache fit formula T, or T;,,. Let X be the dimension for vectoriza-
tion and X; be the tiling size for this dimension. We would only consider the tiling size satisfying
both X > min(Xy,V,,) and T' < Z,,/C,, and filter out the rest ones from G.

Learning to choose optimal configurations. Except for the default schedule CONV of TVM, the
configuration space for all the schedules considered in this work is solely formed by different tiling
sizes. The schedule CONV has another knob unroll_kw to decide whether to unroll the for loop
involving the kernel dimension KW. The size of the configuration space in our experiments is
usually less than 10, 000 thanks to the initialization and filter strategies. For this moderate size, we
find that the rather direct tuning strategy described by Algorithm 2] works quite well in practice.

4 Evaluation

We developed AutoMCL on top of TVM (0.6.0) and it will be released in open source. Three Intel
CPUs (Intel 17-G9700F, Intel 17-9750H, Intel 19-9900) and one AMD CPU (AMD-Ryzen9-3900X) are
used for evaluation. More detailed hardware information can be found in the supplemental material.
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We first evaluate each optimization strategy individually based on TVM on randomly generated
datasets consisting of tensors of various sizes, in order to see if a particular optimization can speed up
either optimization time or inference time. Then we evaluate the whole integrated framework on both
the operation and the end-to-end level for typical fully connected and convolutional neural networks.
The maximum number of trials for the whole tuning and the early stopping are set respectively as
10, 000 and 400 for most of the experiments. The only exception is the end-to-end evaluation of
CNNs, where we set the two numbers respectively as 500 and 300.

Algorithm 1: InitConfigSpace(O, S)

Input: A compute/schedule pair (O, S) for matmul, the number of parallel threads p.
Output: The initial configure space G for tiling.

begin

if S has 1-level tiling then

initialize G, G4, Gy, Gi, Gy respectively as 0;

for all factors p, of p do

L Pz = p/py; let Gy, and G, be respectively all the factors of [M/p, ] and [N/p,|;

Gyz = {(Mt,Nt) | Mt S Gy,Nt S GI}
let G, be all the factors of K; G := {(1, My, 1, Ny, Ky) | (M, Ny) € Gya, Ky € G}
else if S has 2-level tiling then
initialize G', G, Gy, G, Gy, respectively as (;
for all factors p, of p do

Pz = P/Pys
L let G 1= { (Mo, My) : MoMy|[M/py|}: Gur := {(No. NJ) 2 No N[N/ ]
Gyy = {(My, My, Ny, Ny) | (M, My) € Gy, (No, N¢) € G}
let GG, be all the factors of K;
| G :={(My, My, Ny, Ni, Ky) | (Mo, My, Ny, N¢) € Gya, Ky € Gy };
/* Due to limitation of TVM, it is additionally rquired that M;|M for

LPMM, N{N for RPMM and M;|M, NN for DPMM. */
return G

Algorithm 2: AutoConfig(O, S, G, m,n,b)

Input: The compute/schedule pair (O, S), the configuration space G for (O, S), the maximum
number of trials m, the batch size n for restarting training, the batch size b for a parallel run.

Output: The optimal configuration.

begin

D := (); t :== 0; randomly pop n configurations from G and put in NV;

while true do

while N # () do

L choose b configurations B from N ; N := N \ B;

in parallel, run the code compiled from the tuple (O, S, ¢), ¢ € B, on hardware;
add B examples labelled with (averaged) running timings to D; t := ¢ + |N|;

if G # () and t < m then
train a ML model with D and predict the running timings of (O, S, c), ¢ € G;
pop the best (shortest predicted timing) n configurations N from G;

else
L break;

return the configurations in D with the shortest running time

Comparison of different schedules. To make a fair comparison, we create two testing datasets
consisting of examples of various dimension sizes for matrix multiplication and convolution. For
matrix multiplication, a dimension size is chosen in three different scales, with small size in {1, 8,16},
medium size in {64,256} and large size in {1024, 4096}, which creates 72 different combinations.
We remove 5 extreme size cases and add additional 120 examples with each dimension randomly
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taking values in 1..4096. For convolution, we create a dataset of the same size (458) as matrix mul-
tiplication. The dimensions of each convolution example (DpxroxpHx DW, WOCOKICK KHX KW )
with stride s and padding size p randomly take values by the following rule: B € {1,32,128},
IC € {20...2"Y OC € {2°.2"}, DH = DW € {1---256}, KH = KW € {1,3,5,7},
s€{1,2},p=|(KH —1)/2]. In addition, we only keep examples with each dimension size less
than 4096 in their im2col representations.

Fig. [2]reports the proportions of examples with the shortest running time or the lowest cache misses
(measured by the ideal cache model) for different schedules implementing matrix multiplication or
convolution. The experiments show that each schedule can be exclusively the best for certain types of
tensor sizes. Here we allow a 0.02 tolerance for being the best. Our manually improved schedule
DNMM332, RPMMYV and CONVOpt indeed work better than their counterparts. Moreover, the real
and the theoretical measure correlate quite well for the “top performed” schedules, except for the two
based on DNMM, which however have a different vectorization dimension from the others.

Best-performed
W Exclusively Best-performed
B Best-cache-model-measured
mm Exclusively Best-cache-model-measured

DNMM DNMM332 RPMM RPMMV ~DPMM  LPMM  TMM  TTMM CONV CONVOpt Im2colRPMMY Im2col DNMM332

o
%
°

Best-performed
B Exclusively Best-performed 0.8
B Best-cache-model-measured

o
>

N Exclusively Best-cacl del

Proportion
IS
Proportion

o
[

e
=

Figure 2: Performance of different candidate schedules for matmul and conv2d.

Evaluation of automatic schedule chosen. With performing exclusively the best on at least 5% of
the dataset as a criterion, four “top performed” schedules DNMM332, RPMMYV, LPMM, TMM are
selected for matmul and three are selected for conv2d. For matmul, we adopt Xgboost to automatically
choose the best schedule among the four for a given problem size. The dataset is the same as the
one in last subsection, from which 40 randomly chosen examples are reserved for the testing dataset
and the rest for the training dataset. Fig. [3]reports the performance on the testing dataset, where
AutoSchedule denotes the learned schedule and OptSchedule stands for choosing schedules in a static
manner as TVM but with DNMM and RPMM replaced respectively by DNMM332 and RPMMV.
For conv2d, the learning approach does not work quite well and we instead use CONVOpt as the
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Figure 3: Performance of OptSchedule and AutoSchedule for marmul.

default implementation since it performs better than CONV while having the same advantage as
CONYV on leveraging NCHWCc layout optimization in the end-to-end inference.

Evaluation of tiling size space initialization and filter. Fig. [ illustrates how the two default
schedules for matmul (DNMM when M < 16 and RPMM when M > 16) perform when being
combined with different strategies for initializing the tiling size space. The left image shows the
speedup over the base (factor). The middle and right images show the space swell ratio over the
base (factor). Our strategy pfactor shrinks the tiling size space more than 40% for matrices with
powers of 2 sizes without an obvious performance loss. For the dataset consisting of matrices of
prime number sizes, pfactor brings 1.2 speedup on average.

Fig. ] show that the filter strategy further reduces tiling space size while not loosing performance.



factor
. power2
B factorpower
B pfactor

w s
S 3
Space Swell Factor

Space Swell Factor
2
5

S

data-prime data-prime Geomean

data-prime  data-prime  data-power2 data-power2  Geomean (M<=16) (M>16)
M<=16)  (M>16)  (M<=16)  (M>16) (

Figure 4: Performance of different initialization strategy for matmul.

data-power2  data-power2 Geomean
M<=16) (M>16)

2.0
AutoTVM “ o «
215 . filter S 2 2
& = 5 8 5 =
© 1.0 = = 8 T
3 = = S
o
R 0s
0.0 0
DNMM RPMM CONV  Geomean DNMM RPMM CONV  Geomean

Figure 5: Performance of the proposed filter strategy for pruning the tiling size space.

197 Comparison of different configuration space exploiting strategies. Fig. [f|compares AutoTVM’s

198 exploration module (SA+RANK) and AutoMCL’s performance model (REG) on tuning GEMMs of

199 different sizes. The left and right image show the average performance of tuned matrix multiplications
and the average tuning time.
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Figure 6: Comparison between AutoTVM and AutoMCL on exploring the configuration space.

200
201 Evaluation of AutoMCL on the operation and the end-to-end level. Now we evaluate the per-
202 formance of AutoMCL, which integrates all the optimization strategies introduced in Section [3] on
203 optimizing matmul and conv2d for both fully connected neural networks (FCNNGs) [26] and typical
204 convolutional neural networks (CNNs) ResNet-50 [14]], Inception-v3[24], and VGG16 [22].
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Figure 7: Evaluating the operations matmul and conv2d for FCNNs and CNNgs.
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Figure 9: End-to-end evaluation on CNNs.

Ablation analysis. We analyze the effects of adding different optimizations on the performance,
where O.S and AS stand for using respectively the optimized and the automatically chosen schedules.
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Figure 10: Ablation analysis on a dense layer and a convolution layer from CNNs.

5 Conclusion

In this paper, we have introduced a framework AutoMCL to auto-tune the matrix multiplication and
the 2D-convolution operations in fully connected and convolutional neural networks by leveraging
both analytic and machine learning models. Experiments show that it outperforms AutoTVM on both
inference speed and optimization cost for FCNNs and is competitive to AutoTVM for CNNs. In the
future, we plan to further improve its performance by designing better strategies on automatically
choosing the optimal schedule.
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[N/A] . You are strongly encouraged to include a justification to your answer, either by referencing
the appropriate section of your paper or providing a brief inline description. For example:

e Did you include the license to the code and datasets? [Yes] See Section 2?.
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e Did you include the license to the code and datasets? The code and the data are

proprietary.

e Did you include the license to the code and datasets? [IN/A]
Please do not modify the questions and only use the provided macros for your answers. Note that the
Checklist section does not count towards the page limit. In your paper, please delete this instructions
block and only keep the Checklist section heading above along with the questions/answers below.

1. For all authors...

(a) Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope? [Yes]

(b) Did you describe the limitations of your work? [Yes] See Sectionon “Evaluation of
automatic schedule chosen”.

(c) Did you discuss any potential negative societal impacts of your work? [N/A]

(d) Have you read the ethics review guidelines and ensured that your paper conforms to
them? [Yes]

2. If you are including theoretical results...

(a) Did you state the full set of assumptions of all theoretical results? [Yes]

(b) Did you include complete proofs of all theoretical results? [Yes] , but only in the
supplemental material due to space limit.

3. If you ran experiments...

(a) Did you include the code, data, and instructions needed to reproduce the main ex-
perimental results (either in the supplemental material or as a URL)? [Yes] , in the
supplemental material.

(b) Did you specify all the training details (e.g., data splits, hyperparameters, how they
were chosen)? [Yes] , in the supplemental material.

(c) Did you report error bars (e.g., with respect to the random seed after running experi-
ments multiple times)? [Yes] , see Section E]on “Ablation analysis”

(d) Did you include the total amount of compute and the type of resources used (e.g., type
of GPUgs, internal cluster, or cloud provider)? [Yes] , in the supplemental material.

4. If you are using existing assets (e.g., code, data, models) or curating/releasing new assets...

(a) If your work uses existing assets, did you cite the creators? [Yes]

(b) Did you mention the license of the assets? [Yes] , in the supplemental material.

(c) Did you include any new assets either in the supplemental material or as a URL? [Yes]

(d) Did you discuss whether and how consent was obtained from people whose data you’re
using/curating? [N/A]

(e) Did you discuss whether the data you are using/curating contains personally identifiable
information or offensive content? [N/A |

5. If you used crowdsourcing or conducted research with human subjects...

(a) Did you include the full text of instructions given to participants and screenshots, if
applicable? [N/A]

(b) Did you describe any potential participant risks, with links to Institutional Review
Board (IRB) approvals, if applicable? [IN/A]

(c) Did you include the estimated hourly wage paid to participants and the total amount
spent on participant compensation? [N/A]

12



	Introduction
	Background
	Components of AutoMCL
	Evaluation
	Conclusion

