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Ultrasound Computed Tomography (USCT) is an emerging imaging technology that has received
significant attention for its promising capabilities for breast cancer screening. To reduce the effort
spent by radiologists we propose a deep learning model to predict the presence of breast tumors in a
USCT volume. We propose a convolutional neural network (CNN)-based classification model for
predicting if a USCT volume contains a tumor. We evaluated the model by an area under the
receiver operating characteristic curve (AUROC) in detecting USCT volumes containing a tumor.
The result suggests that the proposed model has a potential to reduce the workload of radiologists
in a clinical setting.

Keywords:Deep Learning, Computer-Aided Diagnosis, Ultrasound Computed Tomography, Machine
Learning
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In this study, we provide the first evaluation of Extra-P, which is a tool for predicting the performance
metrics of a parallel application executed at a large scale using the performance metrics of the
application executed at multiple small scales, in a use case of function call count prediction. Our
experimental results demonstrated that Extra-P predicted the function call counts for five parallel
applications within an error of 2.23%. Additionally, we propose a technique to predict the total
execution time of a function using the call count predicted as a use case of function call count
prediction. Our experimental results demonstrated that the proposed technique improved the
prediction accuracy of the total execution time of various functions by 1.41% on average.

Keywords: Extra-P, parallel applications, function call count, evaluation

1. Introduction

The analysis of the dynamic behavior of parallel
applications is widely performed by
supercomputing users for various purposes (e.g.,
performance tuning). Because an application's
behavior depends on the scale of execution (.e.,
process count and input data), the collection of
performance metrics (e.g., function call, and
memory and cache access counts) usually requires

the execution of a targeted application combined

with a profiling tool (e.g., TAU) at a targeted scale.

However, this approach for collecting the
performance metrics of large-scale applications
consumes a large amount of computing time and
resources. A more cost-effective approach to
collecting performance metrics is required for

large-scale applications.

In this context, various methods for modeling
the performance of parallel applications have
been developed. These methods enable us to
collect the various performance metrics (e.g.,
execution time) of a given application executed at
a large scale with reasonable computing time and
resources, by creating their scalability models
empirically or analytically. Specifically, Extra-P,
which is the most powerful tool for the
performance analysis of parallel applications,
automatically generates a model to provide the
extrapolated performance from a subset of metric
data of a given application executed at small
scales. In previous work, the authors reported
that Extra-P is very useful for estimating some
execution time,

performance metrics (e.g.,

number of floating-point instructions, and



communication message size) of a given
application executed at a large scale; however, but
it is still unknown whether Extra-P can be used
for scalability prediction for the other metrics. In
particular, the function call count is an important
metric for understanding the application behavior
and is widely used for the performance analysis of
parallel applications; however, to the best of our
knowledge, researchers have not reported the
effectiveness of Extra-P in function call count
prediction.

In this paper, we show the first evaluation of
Extra-P for function call count prediction.
Therefore, as a use case for function call count
prediction, we propose a method that predicts the
total execution time of function using the number
of predicted function calls. Our experimental
results demonstrated that Extra-P predicted the
number of function calls with sufficiently high
accuracy for various functions and our proposed
method predicted the total execution time of
various functions with higher accuracy than the
conventional method.

We summarize the main contributions of this
study as follows:

We demonstrate that Extra-P is also useful
for creating models of function call counts.
We demonstrate that combining function call
count prediction is effective in predicting the
total execution time of functions.

We demonstrate that Extra-P greatly reduces

the cost of collecting the total execution time

of functions.

2. Background

2.1. Profiling

Profiling parallel applications is widely used for
performance analysis and tuning in the field of
high-performance computing. Profiling involves

the collection of the performance metrics of a

targeted application. Such metrics include the
number of function calls and the total execution
time of functions. To collect performance metrics,
an instrumentation code is inserted into the
targeted application using a compiler or dynamic
library, and the application is then executed on a
targeted system. Profiling tools, such as TAU and
Score-P, are available for the insertion of the
instrumentation code. We note that the
performance metrics collected through profiling
are measured values. We believe that the costs
(computing time and resources) of
performance-metric collection through profiling
are high because this approach requires a
targeted application to be executed on a targeted
system. Many techniques, such as selective
instrumentation, have been developed to reduce
the costs of performance-metric collection;
however, performance is limited by the execution
of the application plus the required collection
overhead.

2.2.Extra-P

Extra-P is a performance analysis tool for
parallel applications that can be used for the
quick analysis of parallel applications. Extra-P
extrapolates a performance metric of a targeted
application executed at a large scale from those of
the application executed at multiple small scales.
To accomplish this, Extra-P generates a
scalability model for the performance metric
using regression. The independent variables of
the model are the process count and problem size,
and the dependent variable is the performance
metric to be predicted.

The general form of the model used in Extra-P is

as follows:

n m

flxy, o, xm) = Z ckl_[ xjim(lOgXI)jm 0

k=1 =1

where m is the number of independent variables,

x;1s an independent variable, and ¢, is a



regression parameter. n is the number of product

terms, each of which has a different combination
of H}’;lxii“ (logx;)’kt. The exponents iy; and j,

are called the hypotheses and characterize the
form of the equation. Extra-P users can specify
the sets of iy; and j, (referred to as 7 and
respectively) used for the regression from the
command line interface.

Using Extra-P, we can collect various
performance metrics of a targeted application
without executing the application at a targeted
scale; however, the performance metrics reported
by Extra-P are predicted values. Additionally, the
effectiveness of Extra-P has been proven for a few
performance metrics (e.g., total execution time of
a function and communication message size). It is
still unknown whether Extra-P can also be used

for function call count prediction.

3. Function Call Count Prediction using Extra-P
3.1. Function Call Count and Performance
Tuning

The function call count is helpful for tuning
the performance of an application. Because
calling a function has a performance overhead,
a reduction in the function call count may
improve overall application performance. For
example, inlining a function can remove the
calling overhead from an application, but it
increases the application code size. The
function call count is fundamental information
in performance tuning; therefore, many
profiling tools support functionality to report
the call counts of the functions executed.

The function call count is a dynamic attribute
of an application. It is usually affected by
various factors of running applications (e.g.,
inputs, process count, and results of branch

instructions) and cannot be computed using

Table 1. System configuration of
TSUBAMES.0

Total peak performance | 12.15PFlops (double)
# of nodes 540

Total memory capacity 138,240GB

Network topology Full-bisection fat tree

Table 2. Node configuration of TSUBAMES3.0

Processor name Intel Xeon E5-2680 V4
CPU # of physical (logical) cores 14(28)
Frequency 2.40GHz
Memory Capacity 256GB
- Bandwidth 153.6GB/s
GPU Processor name NVIDIA Tesla P100

static code analysis. Thus, to obtain the exact
number of function calls, we require a targeted
application to be executed at a targeted scale.
3.2. Experimental Methodologies

In this subsection, we evaluate the accuracy of
Extra-P in function call count prediction.
Specifically, we first collect sample data G.e., call
counts per function) by executing a targeted
application at various small scales and then input
them into Extra-P. Next, Extra-P automatically
generates an optimal model to predict the
scalability of the call count for each function.
Finally, we predict the function call count at a
large scale with using the model generated and
compare the result with the measured call count.

To enable the generation of multi-variable
models, we use multi-parameter for the modeler
option in Extra-P. Moreover, we use /=1-1, 0, 1, 2,
3} for the exponents of the polynomial and use J=
{0, 1} for the exponents of the logarithm in
Equation (D). We also set
force_combination_exponents and
allow_negative_exponents to True.

We conducted our experiment on the
supercomputer TSUBAMES3.0. It consists of 540
compute nodes, each of which has two CPUs
(Intel Xeon E5-2680 V4). The system and node
configurations of TSUBAMES3.0 are shown in
Tables 1 and 2, respectively. We used TAU as a

profiling tool when collecting the actual number



Table 3. Benchmark programs and scales
used for model generation. Abbreviations in
italics in the Scales column represent the as

following: pc=process count, ps=problem size,
gs=grid size, it=iterations, kc=key count, and

mv=max value.

Name Scales
EP pei(2,4,8,16,32,64), ps : (24,25,28,30,32)
FT pe:(2,4,8,16,32,64), g5 : (32,54, 128,256,512),
it © (5,10,15,20,25)
IS pe(2,4,8,16),kc: (18,20,22,24),mv: (9, 11,13, 15)
MG pe:(4,8,16,32,64), ps: (4,8,16,32,64),
it (5,10,15,20,25)
LULESH | pc:(8,27,64,125,216,343),it : (8.16,32,64, 128),
ps:(16,24,32,48)

Table 4. Scales used for prediction

Process counts Input data
Name Small ~ Medium  Large Small Medium Large
EP 128 256 512 ps =36 ps=40 ps=44
FT 128 256 512 gs = 128,ir =25  gs = 256,it =25 2!
s 32 64 128 ke=28,mv=20 kc=29.mv=20
MG 128 256 512 ps=16,it=25  ps=32,i1=25
LULESH 512 729 1,000 ps =32,it =48 ps=64,ir=48 ps=128,ir =48

of function calls.

We tested five HPC applications shown on
TSUBAMES3.0. Four out of the five applications
(.e., EP, FT, IS, and MG), which we selected from
the NAS Parallel Benchmark suite, are simple
and stress particular properties. The remaining
application, LULESH, is more complex and we
selected it from the CORAL-2 Benchmark suite.

The scales used for model generation are
summarized in Table 3. We executed an
application for every combination of the scale
parameters shown in the table and then entered
all the resulting function call counts into Extra-P
to generate the models. For example, we executed
EP at 30 scales (6 types of process counts X 5
types of problem sizes) in total.

Using the models generated by Extra-P, we
predicted the function call counts of each
application for the three types of process counts
and input data shown in Table 4. We note that
these targeted scales are larger than the data

collection scales shown in Table 3. In the next

section, we focus on the functions executed at all

Table 5. Fitting errors in function call count

prediction
Name MAPE[%] | Min MAPE per func.[%] | Max MAPE per func.[%]
EP 324.79 0.00 13775.78
FT 1.58 0.00 283.65
IS 23.66 0.00 2024.92
MG 10.92 0.00 903.92
LULESH 2.64 0.00 94.32

the scales listed in Tables 3 and 4. Our
experimental results exclude a few functions
executed only at a specific scale.
We used the following two metrics to evaluate
prediction accuracy.
MAPE: The accuracy of a model is often
evaluated using the mean absolute percent
error (MAPE), which is the average of the
absolute error rate between the model's
output values (F,) and the observed values (4,).

It can be expressed by the following formula:
N
100 A, —F
MAPE[%] =—Zi| i O
N = A

where Nis the number of data points.
Weighted MAPE: In the MAPE, the errors in
each data point contribute to the overall error
equally; however, the more precise prediction
of a large function call count is helpful for
performance tuning. Therefore, we introduce
the weighted MAPE as the other metric for
prediction accuracy. The weighted MAPE is a
weighted average of the absolute error rate by
the number of function calls and can be
expressed by the following formula:
|Ae — Fi

100
Weighted MAPE[%] = Z ct (3)
Csum t=1 At

where ¢; and ¢y, represent the number of
function calls measured for the function
$t$ and the total number of function calls
measured during the execution of a targeted
application at a given scale, respectively.

3.3. Experimental Results

Table 5 summarizes the fitting errors of the

function-call-count models generated by Extra-P.
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Figure 1. Accuracy of function call count
prediction for various process counts using

large input data

As shown in the table, Extra-P produced models
well -fitted to the collected data, in many cases. In
particular, the function-call-count models
generated by Extra-P had an error of 1.58% on
average for FT. A few applications, such as EP
and IS, had large MAPEs because they included
some functions that had irregular patterns in the
function call count. However, the numbers of calls
for such functions were relatively small. Extra-P
provided very accurate models for many functions
that were important to overall performance, even
in such applications.

Figure 1 shows the prediction accuracy of the
generated models for various process counts. The
x-axis represents the process count, and the
y-axis represents MAPE or weighted MAPE. We

note that the y-axis uses the logarithmic scale.

The five bars on each x-label represent the five
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Figure 2. Accuracy of function call count
prediction for various input data using large

process counts

applications. We used large input data for this
experiment.

Figure 1 (a) shows that two out of the five
applications (.e., IS, and LULESH) had small
errors (within 10%). As shown in Table 5, Extra-P
produced function-call-count models well -fitted to
these applications so that the generated models
had high prediction accuracy at the targeted
scales.

By contrast, FT and MG had large MAPEs
because of the inaccuracy of the call-count models
for some functions. However, this inaccuracy may
not become a problem in many use cases because
such functions have relatively small call counts
and are therefore less important than the other
functions. Figure 1 (b) exemplifies this. The
weighted MAPE was up to 2.23%.

Figure 2 shows the prediction accuracy of the
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generated models for various input data. We used
large process counts for this experiment. Similar
to Figure 1, the weighted MAPEs of the models
generated were very small for all combinations of
applications and input data, whereas the MAPEs
were large for a few applications. Thus, we
conclude that Extra-P produced models sufficient

for practical use in function call count prediction.

4. Combining Function Call Count Prediction and

Total Execution Time of Functions Prediction
As described in the previous section, Extra-P
produced accurate function-call-count models, in
many cases. In this section, as a use case for
predicting function call counts, we combine
function call count prediction with the scalability
prediction of the total execution time of a
function.

4.1. Predicting the Total
Functions

Execution Time of

The prediction of the total execution time of a

function is often performed to identify a
scalability bug in a targeted application. As
shown in previous work, it is the main use case of
Extra-P.

The total execution time of function (Tz) can be

expressed as follows.
Ng

Te=) 1k (4

i=1

where Ni is the function call count and t% is the
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rth total execution time of function F.

Generally, Extra-P predicts the total execution
time of function directly. Specifically, we first
collect the total execution time of each function
(Tz) while executing a targeted application at
various small scales. Next, we enter the collected
data into Extra-P and then create a total
execution time of function model for each function.
Finally, we predict the total execution time of
function executed at a targeted scale using the
generated model (the direct method in Figure 3).

Hereafter, we call this the direct approach
because we need to distinguish between this
approach and our approach proposed in the next
section.

4.2. Combined Approach

Theoretically, the total execution time of
function can be expressed as follows.

Tr = Np X tp (5)
where ¢ is the average execution time of
function per call.

Because the execution scales (i.e., process counts
and input data) have different influences on the
call count (Nz) and total execution time of
function per call (£7), the direct modeling of Ty is
difficult for some functions. For such functions,
prediction accuracy can be improved by
developing individual models for Nz and tz, and
then combining the predicted results using the
models (the combined method in Figure 3). We
call this the combined approach and use Extra-P
to model both Nz and tz.

4.3. Experimental Methodologies

Many profiling tools report two types of total
execution time of function. One is inclusive time,
which includes the time taken by all callees. The
other is exclusive time, which represents the time
taken by the targeted function itself. In this study,
we performed the prediction for both inclusive

and exclusive time.



Table 6. Fitting errors in the total execution time of function prediction. In "x (y-2)," xis the

MAPE, and yand zare the minimum and maximum MAPE per function, respectively

Exclusive Inclusive
Name Direct [%] Combined [%] Direct [%] Combined [%]
EP 539.18 (0.14-15599.76) 516.85 (0.078-14251.43) | 439.78 (0.31-15599.76)  417.70 (0.08-14251.43)
FT 20711.60 (0.02-4125476.68) 409.52 (0.0-51945.34) 415.20 (0.0-84141.52) 472.66 (0.0-51527.31)
IS 402.96 (0.01-48590.21) 421.29 (0.03-66931.58) 364.00 (0.02-49760.63)  408.55 (0.07-66931.58)
MG 104.06 (0.0-11042.49) 46.45 (0.01-1015.20) 120.58 (0.01-26427.56) 138.32 (0.01-42872.94)
LULESH 152.02 (0.0-15216.29) 106.57 (0.0-13155.79) 145.28 (0.0-15816.07) 146.16 (0.0-13155.79)
We wused the same experimental system

described in Section 3.2. We also used the
benchmark programs and execution scales listed
in Tables 3 and 4.

We evaluated the cost of data collection, in
addition to fitting errors and prediction accuracy.
We define the cost of collecting data (C) for an
application (app) executed on M cores as follows:

C=MXTy,
Because many supercomputing services require
users to buy points, which are consumed based on
the product of the computing time and number of
computing resources.

Both direct and combined approaches require
model generation and prediction processes in
addition to data collection. These two processes
also consume computing time and resources;
however, they can be executed very quickly, even
on a single compute node. Because the costs of
model generation and prediction are relatively
small compared with the cost of data collection,
we ignore them in this study.

4.4. Experimental Results

The fitting errors for the total execution time of
function models are shown in Table 6. Each entry
represents the MAPE of all models generated by
an approach for an application, and the range

represents the minimum and maximum values in

the case of computing the MAPE for each function.

The table shows that the combined approach
produced models with higher accuracy than the
direct approach when predicting the exclusive

time of functions. In particular, compared with
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process counts using large input data

the direct approach, the combined approach
reduced the fitting error by 20,302% for FT. This
1s because, with respect to the exclusive time,
Extra-P can create more precise models for Ng
and ¢z than T.

Figure 4 shows the accuracy in predicting the
total execution time of function. The x-axis
represents the process count, and the y-axis
represents the MAPE or weighted MAPE. We
note that the y-axis uses logarithmic scale. We
used large input data.

As shown in Figure 4 (a), Extra-P on average



100000000

10000000

1000000

100000

V8]
% 10000
s
1000
100
1
sma medium arge
(d) MAPE
100
wl
o
= 1
=
E 0.01
)
S

0.0001

scale

medium arge

0.000001
small

mEP mFT mIS mMG mLULESH

(b) Weighted MAPE
Figure 5. Accuracy of prediction of total
execution time of functions for various input

data using large process counts

produced inaccurate models in the total execution
time of function prediction. The smallest MAPE
was 58.95+%, even when we used the combined
approach. In particular, FT had a MAPE of
10,000,000+% for the
FT

large process count.

Because executed many all-to-all
communication functions and they were called
from several locations within the code, it was
difficult for Extra-P to precisely extrapolate the
performance of such functions.

By contrast, we observed different properties of
the models produced by Extra-P in view of the
weighted MAPE. Figure 4 (b) shows that the
models achieved very high accuracy (within 1% of
the weighted MAPE) for four out of five
applications. Therefore, we consider that the
models achieved sufficient accuracy in practice.

Figure 5 shows the prediction accuracy of the

generated models for various input data. We used
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large process counts. Similar to Figure 4, the

weighted MAPEs were small, whereas the
MAPEs were large. The models generated had a
weighted MAPE of 1.41%, on average. Thus, we
conclude that Extra-P produced models sufficient
for practical use in total execution time of
function prediction.

Figure 6 shows the cost of collecting the total
execution time of functions. The x-axes represent
the number of execution scales to be collected,
while the y-axes represent costs. The y-axis uses
the logarithmic scale. The blue lines represent the
case of predicting the total execution time of
function and the red lines represent the case of
collecting the total execution time of function
based on actual runs (i.e., using profilers). We
note that the data collection time for the direct
approach was the same as that for the combined
approach.

The figure shows that the cost of predictively
collecting the total execution time of functions
was completely constant across the number of
predicted scales. This is because we ignored
Extra-P's execution cost, which was relatively
small compared with the cost of data collection, as
described in Section 4.3. By contrast, the cost of
collecting the total execution time of function
based on actual runs increased gradually as the
number of predicted scales increased. In
particular, in the case of collecting the total
execution time of function at 27 scales, the
predictive approach reduced the cost of data
collection by 99% for EP compared with the
approach of actually-running the application.
Thus, the predictive approach was effective,
particularly for collecting the total execution time

of function at multiple scales.

5. Conclusions

In this study, we evaluated Extra-P in function
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Figure 6. Cost of prediction of total execution time of functions

call count prediction. Our experimental results
showed that Extra-P produced highly accurate
scalability models for various functions in the
case of function call count prediction. Additionally,
we showed that the predicted function call counts
were helpful for improving the prediction

accuracy of the total execution time of functions.
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The predicted function call counts may be useful
for the prediction of performance metrics, with
the exception of the total execution time of
functions.

In future work, we will extend the use case of
function call count prediction to the prediction of

other metrics.
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HKBRMEYOBEMEREFRLL T BRMBROARNLHARIN TS,

— 7. BEMERIIRNFH

ICFARETHSH. TORELEZBEMELTHREINHFHFARAVLN TS, VAT XFINIVEIEIENEZD
ERRANICEETDHET. ANTAREEZRET HRBLEFIELTHMONTWS EEH L IXN)AFILIES V0T
FRAMJOMNELBEERIZMA T, BMOMERIEINGIEREZE T 52 RE Lz, RFEETIL., M AFILIELVOT
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H3CHME (100 words F2)

The drug-supersaturation formulations are developed to overcome the solubility issue of poorly
water-soluble drugs. However, the supersaturated drugs are subject to crystallization due to their
thermodynamic instability. The addition of excipient that can inhibit drug crystallization and stabilize
drug supersaturation is of high importance. Cyclodextrin (CD) and its derivatives are widely employed
as solubilizers to increase drug apparent solubility through inclusion complex formation. Our group
found a new function of permethylated CD as effective crystallization inhibitor. In this study, we aimed
to investigate the crystallization inhibition mechanism of permethylated CD. The MD simulation was
conducted to unravel the interaction mode between drug and permethylated CD.

Keywords: >oO07F >, BEFHIRF, fEaalbAFIEF. MD >32L—>3>
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NTLVS, —7.CD FEKICKDEY OISR LHIH]
ERIZET HARIERETDLERANTHLA TV
W A DEITHAEICELNT, 12 FEHED CD FEIKIC
FHEMIERLINHERZITMLUI-ER. BKEDS
WAFILAE CD M&YRWEMSERILNFEEREZRT
CEERWEL: (Fig. 1), LALGA L., ZDHESIEHD
FIHEIETBATH -1,
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Crystallization induction time (h)
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Fig. 1. Comparison of solubilization and crystallization

inhibition ability of CD derivatives.
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Fig. 2. Chemical structure of (a) CLT and (b) -CD or
TM-B-CD.

Fig. 3. Initial structures of CLT-supersaturated
solution containing 1 molecule of B-CD (left) or
TM-B-CD (right). The water molecules are hidden for

the convenience of observation.
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CLT molecules from MD simulation at 50 ns.
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FE S 7 F NI A X ETHD BTV AF AL G Zo B M= RI8 (GPCR) IZX0iEMAbE=ZIT5, =
DOIEMAGIZITV RS 7z GPCR @ C R DFEENEZEELE 2 b TEZD, T O SEIZL->C GPCR @
B EGE A > 7 ZADS A B 7 RN ThEIRRAT 7 F A/ h—/b 4,5 ERYEE (PIP) &&FE5L TV
BIENIINoTE T2, 22T, Vgl C K, BT RO PIP, D B TLVATF U ~OIEMALD R 5% 57181 7
FLRal—TarllioTREEL, B TV AT OIEMEALBEREA T T2, ZOREE, TNENOREMHEETIE B 7
VAT DOIEMALDORREE DN 720 | Vgl C R Ma g A= 7 OO IEHAL ~DHF G B RKRENEN -T2, F
72, PIPICE T B TV AT UATEMALREE I D2 ED 00Tz,

Activation of B-arrestins is triggered by binding to G protein-coupled receptors (GPCRS) on the plasma
membrane. Although binding to the phosphorylated C-terminal of GPCRs has been considered important for this
activation, recent studies have revealed that B-arrestin activation is also influenced by the intracellular hydrophobic
core of the GPCR and phosphatidylinositol 4,5-bisphosphate (PIP2) in the plasma membrane. Here, by using
molecular dynamics simulation, we examined the contribution of the phosphorylated C-terminus, the intracellular
core, and PIP; to B-arrestin activation. Our results show that the degree of p-arrestin activation differs for each
binding mode, with the phosphorylated C-terminus contributing more to activation than the intracellular core. In
addition, we find that PIP, molecules shift B-arrestin to the active conformation.

Keywords: B 7L AF> PIP,, GPCR, MD ¥2alb—i3>
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HE. EHBEDREZF AL PARP [EEHICLS BRCA ZEBUNADBEENBRAEZBU TS,
PARP BEEFIOBEMEEHRAGEEICEVDTELHEESN TOS=O  MBIE)N—R A /R—=23 FHEILSDHE
REEDH D, TIT. RIEFMMNHALMN TIEZARUBRCAness | ITEH A2 FEZFRHELT-. EFGHRFTEEEH
ORERMRBEITIELEBMEL, ARZHELS-, CRISPR RV)—=U T oFoN-RIEZNIRHE (38 B
FICOVWTRIEFEHELTDIUIHFIFEITV. SUIAEVLDOMLIRIZZV RV EDEBEFENE LUV ENEH
R EREL-, HEERE X LD —NMEaMRFEET o=,

X ER (100 words F2E)

Recently, PARP inhibitors based on the principle of synthetic lethality have received renewed
attention as a treatment for BRCA mutation-positive cancers, and their efficacy has been confirmed in
a variety of carcinomas, leading to broad reverse innovation. 38 genes obtained by CRISPR screening
are drug discovery targets, ranked from highest to lowest in terms of protein structure and molecular
biology. Protein structures and thermodynamic analyses were performed to find candidate compounds
for functional inhibitors.

Keywords: PARP inhibitor, BRCAness, in silico drug design, thermodynamical analysis, structural

analysis

ERLEH Alphafold2 [Z&Y B2 /N BEEDEBESH
HE, ERBEORELFI AL PARPEERICE @BITSIURIENBRNSIVN\VERNOEHIEN
% BRCA ZEBHENSADBEEN. BEEINTE BUEORTELHEERSOLODEHILEMIFERESR
TW5, BERETTIECEN DBEREBRMN DL, L Lz, TOHER. EHOEMIZHTI)—RLEamzE
BNARBIZBEVWTEMMEAERESINTETLS, 2016 BETDHEMTE,
FEITTHONT-EEB R IRD A B E O KRBT
HUL T, PARP HEFIDIZEM LY 55 DNA BELE #BE
“BRCAness”IZBHAHEMELT 156 EOEERFIZE Domainfocused CRISPR RH—=49HhinE5
EAREINIZ, LOLENSBRCAZEBHETEE MEERBEHERTBENREACVEEDIV /Y
DREDOLEFIDFE® PARP HEXICHNTS EBHEEEFHL. UHREHICHLTHEBD in silico
BELGLARVANBOONGVWERBEDHFENR  AIETHAUBREERTHIILT. FAMUFEHEER
EFEINTWNS, TCTNODEEREMHRT H1=0IC,  MGFHRAETRZHRE L=, BiE&EL Alphafold2 %
CRISPR AUV —=2T hiB5NT=“BRCAness”IZ AWTFRILI-FRRIIEH I N\ E DB EF IR
BEh20FEEMELT. EFHMWLHBFEEESD L. HFBAREIIaL—2aVIT&EBNZNETE
FREBIEL. EETAHIET, B DOEZICK>TRIEZM DT
ATODzHRTIE, EERMIZ“BRCAness”(Z1H 5 HESOMFITLIz, ZDHRRZAVT, ATEEEHEDOF LY
BERFEHETHICETRIROMERREHA. AN EMGIRICHERIRMILEMDIFEREERL
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A study of light emission phenomena using fluctuational electromagnetic simulation
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AMETIE, FEARFEALFRF (light emitting diode ; LED) ZFL = T+ k=% X (Thermophotonics ; TPX)

BUATLITEBLEZ. ThIFIIVARIC LED ZAWVSIEAEHETHS. LED Tk, BEZHIMLTIEF
BREEIZT BH2ET, TV DKRAICKBBRARME EIERGSF-IL IO LI B REFIENDFEAEE
Cd. 0=, BABICEVWTHLENELIRILX—MENTESAEEMELHS. TPX VAT LI, KELE
NBEEATDIREFETHD. £, NMMTRAONTHEIRTEHETHEMELTHERATES.

In this study, we focused on a thermophotonics (TPX) power generation system using semiconductor light
emitting diodes (LEDs). This is characterized by using LEDs as the emitter. In LEDs, by applying a voltage to
bring them into an unbalanced state, light emission called electroluminescence, which is different from blackbody
radiation according to Planck's law, is generated. Therefore, there is a possibility that highly efficient energy
transportation can be performed even in a distant field. The TPX system is a power generation method with a large
power density. It can also be applied as a cooler by devising how to apply bias.

Keywords: thermophotonics, light emitting diodes, electroluminescence, power generation
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ZITCAMETIE, #FEHEFEALFEF (light
emitting diode ; LED)Z AWz AT+ F=V X
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Machine Learning for Integrated Database of Clinical Information
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BRBERAEE T —IN—RICEEFNIEWRE - BEOZHOPREZROEENSKEDORE - EHELETUR
IEFRTEIRARETIVERBELEISIELZ. COBMDIzH RAXETIIIZEVWTAOHEDIRIRERFEIELRH
MRETEOTREICTMI 5012, FTo—ILREREZERAF Oy T —I U EHE LNV ETHLO
EORFERELFFRAREL - DFREDOIKXRICKYRERDAF O TELTHILAEERRY  KET—2DORA
AINFHA—RIILEBIZERAARELZLONFEONT . SOICINECTHRELLZFEEEEBOBKT—2(TEAL.
BEOEEKA T ETEIRE TELI NS ANBREHAONZTIEDRERES -,

We developed an efficient large-scale implementation of Bayesian multiple-kernel learning based on
annealed-importance-sampling-Riemannian-manifold-Hamiltonian Monte Carlo, with the goal of
estimating risks of disease onset and progression based on clinical information recorded in a large
database of electronic medical records. Developing and applying different techniques for efficient
computation, we obtained an implementation of the algorithm that can deal with a Bayesian
multiple-kernel model with large numbers of kernels and samples, unlike previously reported

reversible-jump algorithms.

Keywords:
learning, Monte-Carlo method
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The importance of seabed exploration using research vessels is increasing. A careful and precise
ship control is required in a situation where natural disturbances complicatedly change in time. As
an alternative, we developed Al for autonomous ship maneuvering based on deep reinforcement
learning. In addition, in order to accelerate the development of mining and mining equipment, a
GPGPU DEM-MPS code for simulating multi-phase flows reproducing seabed environment was

developed.

Keywords: Seabed exploration, AI, DEM,-MPS, GPU

E2LEH

BENMECEEMNUEAD TR, BAKEBERR
[C&BERFELE, AEMEAVBERZFEDNE
BEMMNMEL TS, REBEENEHITELTEIRRT
[ZBWT, BEEFEEICEEON-EEIVIaVEE
BT B1=OI2IF, EHFALEMMTEEAROSND, K
HRTIE, BEOHIEERTIIRYVFEVINERELE
EERZREICSTIEMBEBOFLBLLT, RER
ER2FICHEDKERIEM Al OBRKETS, /83y
EFIAL-ZEREZHEEL, FEXX—LOBHEY
SZERNSA—ADORBEILETICLT, BEEZEED
EEALEMEICET HMMHEENERRT 5, BFKL
BRI AL &, EERERAVKERHEBRICLDR
FEICIZ T, EMEAV-ERBE TORIRBREER
FTAHIEICKYRBEELOANRMEOFTEMETS. chiod
MEBEZLLIC, SEOBFERIFELMRIE ST
HOEBREMAFIERMTELTHITHIILEAN
L%,

Ftz, BE-FARORRELDBREBEL B, &,
MIEEDHMBATERSATEY, RIE-HHEED
FEEMRSEE-OIZE, EHRATHIEKEDE

29

BiIalb—2avhROonD, KRAETHE, ERIE
RELNFEEZERSE THAEKRERRYI2L—Y
IVERFEL, R/NAVERAVWERRRBERTANE
ITEAREGIRIE DB EER S,

BZE

SEEL, FEREFBEDUVEDTHS DDPG N
—XD BEMEKER Al OFRFEET oIz, Z2—3)LF
IRT—IDARIZEFOHEZONSMMEBIFEREAGL-
FHDREZRAND, BRBEDRIEEO/NAMEE
I 50, BEREMEAVTHMEERIZEAT S
RIIRBRZIT o=, TORR, BRELAFDOREIC
TERLARETHIELDOD, EMIETOERIEXTH
%, BREORE, KHEAEOBRELVIFRELNHER
ENT ECT, CWHDRELZRRI H-ODREE
TU, O TEMEREZEETHETEOEDMNE
ERELT=,

BEREOBERSI2L— V(2o T, BRIl T
FAFEL-ERNEREE MPS ZE A b E-ERE
FRMBHTAD GPGPUI—R£BRL, ¥ LTL AR
BT aL—2avET DR YMERIIL:,



RFELE-BEEM AL [2DVT, BEAEMERAL
THBBBRZITO-#ER%E Fig.l ITRY . BASNEN
FHEIHERBEHICEVLTH, BRELTIEREANZ
HAEHE-MBZEERECEBKRKAIEETHSE, #
JOF LD DDPG DRETHo=HEFIEDHRE LK
HAEZEBTEHLEHRALz, COHKERMND, B
LIz Al FAREREEDEMEBNERETDIDE
¥ TED,

tide : 81.1 [deg], 0.46 [knot]
wind : 279.8 [deg], 3.29 [m/sec]
35-00.80 -
35-00.60 -
o
=
£ !
£
5 35-0040
35-00.20
35-"0’007 It It It i It It It It It
AF o o e e e e e e
\39' \’9' \39' \’9' (59' \'9' \’9’ \'39' \’9'
Longitude
40
&
= 20r
g \WWMW
ol
% 20t
= 40

[0"40_- 19[0"41 :55-10"43; 5 7[0"44_'4 s 10"46; 7 5-[0'-47.'4 'y 10,-49._0310_-50: 3¢ 10"52_-0 7 [0-'53_' 2%

time
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Fig.2 Multiphase flow analysis of dam-breaking
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FIFEERER 22IAJ - Improving Sequential Bayesian Inference

FRREEREE
Mohammad Emtiyaz Khan

i

Approximate Bayesian Inference Team, RIKEN Center for Advanced Intelligence Project
http://team-approx-bayes.github.io

Bayesian principles offer a mathematically rigorous way to fundamentally improve and rethink
continual learning and adaptive Al systems. However, performing approximate Bayesian inference
for deep learning and large neural networks is still a challenging open question and requires large
amounts of compute resources. In this project, we employed TSUBAME3.0 to develop new
state-of-the-art Bayesian deep learning methods. These lay the foundation for our future work on
developing robust practical Al systems which can continually learn and update their beliefs by

performing sequential Bayesian inference.

Keywords: Approximate Bayesian Inference, Continual Learning, Deep Learning, Optimization,

Numerical Algorithms
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Current machine-learning and Al systems are
very rigid and struggle to adapt to new
situations. Sequential Bayesian inference
offers a principled way to update the current
beliefs based on newly observed information.
However, performing exact Bayesian inference
for large neural network models is
computationally intractable. The goal of this
project was to develop new state-of-the-art
methods for approximate Bayesian inference.
These algorithms are expected to enable Al
systems to become more robust to
perturbations and continually adapt like
humans and animals.

BE

The report is structured in three sections. Each
section corresponds to an algorithm for
Bayesian deep learning we researched and
developed using TSUBAMES3.0.

1. Second-Order Optimization via Bayes
(SOBA)

2. The Lie-Group Bayesian Learning Rule
(LieGroup-BLR)

3. Sharpness-Aware Minimization as an
Optimal Relaxation of Bayes (bSAM)

1. Second-Order Optimization via Bayes
(SOBA)
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Most of modern deep learning uses optimizers
to train deep neural networks. The following
equations show the update-rule of the popular
RMSprop / Adam deep learning optimizer:

g < VL(0)
s (1= p)s + pg’
0+ 0—-al/s+v) g

To enable deep learning systems to adapt to
new situations and continually learn, it 1is
essential for these models to know what they
know. However, these models should also
understand what they don’t know yet and
should not be overconfident in such situations.
Starting from a rigorous mathematical theory,
we have developed a modification of RMSprop
which can estimate uncertainty in deep
learning by computing an approximate
Bayesian posterior. The algorithm is shown in
the following equations, where the changes to
RMSprop/Adam are highlighted in red.

g < VL(0+¢), where ¢ ~ V(0,5 1)
0—60—a(s)lyg
s (1—p)s+ p(seg)+o’f2s(eg — 1)°

This method allows the deep learning model to
be uncertain about its decisions in regions


http://team-approx-bayes.github.io/

where there is no data, as shown in the
following Figure 1.

-3 -2

Figure 1. When training neural networks, using
our SOBA optimizer instead of RMSprop allows
the model to be uncertain in situations where
there is little observed data. This uncertainty is
essential to quickly adapt to new beliefs once
more information is observed.

The SOBA optimizer offers state-of-the-art
performance for Bayesian deep learning. A
previous version was part of our winning solution
to the NeurIPS 2021 Challenge on Approximate
Inference in  Bayesian Deep  Learning
(https://izmailovpavel.github.io/neurips bdl comp
etition/).

TSUBAMES3.0 was essential in developing and
benchmarking this method. Large computational
resources are required when training neural
networks on big datasets such as ImageNet or
simply to train modern neural network
architectures. In future projects on sequential
Bayesian inference for large neural networks,
SOBA will be one of the key ingredients to obtain
accurate models with well-calibrated uncertainty.

2. The Lie-Group Bayesian Learning Rule
(LieGroup-BLR)

Due to its mathematical formulation, the SOBA
optimizer appears to be restricted to perturb
the weights with Gaussian noise (see the
Algorithm before Figure 1). In a follow-up work,
we found a way to generalize SOBA from
Gaussian noise to arbitrary noise distributions.
This is achieved by using the mathematical
framework of Lie groups (see the following
Figure 2).

-1 0 1 2 3
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Figure 2. In approximate Bayesian inference, a
probability distribution (called the Bayesian
posterior) is estimated. SOBA is restricted to
Gaussian distributions, but using the Lie-group
formalism, we were able to generalize to other
distributions. The figure shows Uniform,
Rayleigh and Laplace distributions.

-

In Figure 3, we compare the LieGroup-BLR to
SGD and the SOBA optimizer (here called
“IVON”). We observe that the additional
flexibility to choose a non-Gaussian noise
distribution can sometimes improve the results.

)

CIFAR-10
Method  Family Q Ace. T NLL | ECE |
(higher is better) (lower is better) (lower is better)

Additive Uniform | 91.07+0.08 0.365+0.003 0.05240.001
(Al m Gaussian | 91.28.44.11 0.32810.008 0.04549.001
& Laplace 91.1440.12 0.31240.005 0.039.+0.001
Affine Uniform | 91.60+0.05 0.300+0.002 0.040+0.001
(Al @ Gaussian | 91.5340.10 0.294 10.004 0.036+0.001
g Laplace 91.87 +0.04 0.27240.002 0.029.4¢.001
SGD - 91.2240.07 0.354+0.006  0.050+0.001
iVON Gaussian | 91.8040.05 0.288+0.003 0.03820.001
VOGN Gaussian | 91.3240.09 0.26410.003 0.01140.000
Figure 3. The developed  Lie-Group

optimization methods improve the performance
over traditional SGD optimization in terms of
accuracy and uncertainty on image classification
datasets with neural network models.

3. Sharpness-Aware Minimization as
Optimal Relaxation of Bayes

Sharpness-Aware Minimization (SAM) is a
recent method proposed by Google researchers to
improve generalization and robustness in deep
learning. The method has been very influential
over the last years, accumulating over 500
citations in a short timespan.

an
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SAM: sup Z(0 +¢)

lel<p
*

X Fenchel

P Biconjugate
\ / Bayes:

Ecn002)[(0 +€)]
Figure 4. Sharpness-Aware Minimization
considers the worst-case perturbation in a

neighborhood, whereas Bayesian approaches
average over many random perturbations.

In our recent work we discovered a connection
of SAM to Bayesian approaches, as illustrated in
the above Figure 4. This connection enabled us to
propose a Bayesian-SAM method (called bSAM)
which extends SAM to obtain uncertainty
estimates.

We illustrate the uncertainty estimation in
Figure 5. The decision boundary obtained by
bSAM is more “blurred out”, especially in regions
where there is no data. In these regions, the
model is uncertain about the correct prediction.

™ B

(b) bBSAM (c) SAM (point est.)
Figure 5. bSAM extends SAM to obtain
uncertainty estimates without computational
overhead.

Model / Method Accuracy T NLL | ECE | AUROC 1
Dataset (higherisbetter)  (lowerisbetier)  (lowerisbetier)  (higher is beer)
SGD 91680200  0.290008 0.03970005  0.9150 002)
ResNet-20-FRN/  SAM-SGD 922940 0250000 0.02660.005 09200003
CIFAR-10 Adam 89.97(0.27) 04119021y 0.06100.003  0.900(p,003)
SAM-Adam 9157021, 02610005 003290002 0.91810.001)
bSAM (ours) 9216015y 0.28(0003 0.0057(0002)  0.925(0.001)
SGD 66480100 12000007 0.05240000  0.8460,002)
ResNet-20-FRN/  SAM-SGD 67270220 L1901 0.048150001  0.8480.002)
CIFAR-100  Adam 61760011 1.66.ose) 0.15820006  0.826(0.003)
SAM-Adam 65.3410.32) 1.23(0.012y 0.01660 003) 0.8479.002)
bSAM (ours)  68.22(p11)  1.10(o1s  0.0258(0003  0.857(0.001)

Figure 6. The proposed bSAM method improves
accuracy and uncertainty estimation when
compared to SAM.

Using TSUBAME3.0 was essential in
developing and researching our bSAM method on
large deep learning models.
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FLH, SROFEE

In this project, we have developed new
state-of-the-art methods for approximate
Bayesian inference (SOBA, LieGroup-BLR and
bSAM). Our next step is to use these
algorithms to improve sequential and continual
learning of Al systems, making them more
adaptive and robust. Furthermore, future effort
will be spent on applying the approximate
Bayesian inference algorithms developed in
this project on larger problems and machine
learning models. For instance, we want to show
that our methods can be useful in large-scale
settings like large language models.
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# 3 : Interaction analysis of human serum albumin-cyclic peptide complex
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EIR LU TR H 2D TOABRIR ST F R THAN, BHEHIC k> TAHITEA ~LHEHEN TLED
A TV, 2O EE IR T D720 I3 SE R ThOE MG T V7 EOREENEE THD, BRIk
RIFRETINVT I OB ERREIEDOF AAERZMHT 52T, 7V 7L LOREAIZEE /M AEHAZIL
L, BRI F RGN THZ LD KD, Al SRR 12 Lo TROLIZE NI T V7 EaY 2T
Y OBERFEEICH LT B 12— a A AR RN 2 S U7, AR ARNT OFEF, 2R
F U OESFHEEBLOBREEOELLIZE W TH EHEER T T-LOKER/A N ETHDLIENHALI

277,

B ER (100 words F2E)

Cyeclic peptides have attracted much attention in recent years as pharmaceuticals, but they face
the problem of being rapidly eliminated from the body by renal efflux. In order to overcome this
problem, binding to the transporter, human serum albumin, is important. Analysis of the interaction
between cyclic peptides and albumin in complex structures will reveal the interactions that are
important for binding to albumin and will be useful for cyclic peptide design. Molecular dynamics
simulations and interaction analysis were performed on the complex structure of human serum
albumin and colistin. Interaction analysis revealed that hydrogen bonding with atoms
constituting the main chain is the predominant mechanism in both the linear and ring
structures of colistin.

Keywords: Cyclic peptides, human serum albumin, molecular dynamics simulation
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# 3 : Numerical analyses of fluid dynamics in pores of landfill waste layer
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FBIH £k
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ARBETORIETo-. EFMIZIZZE A TR Navier-Stokes HFEXZFALVT SUPG/PSPG EICEIKRE
IEEREFREICKYBEEL=, S5IZ,GPGPU avE1a—TA T LKA HENERILER A 1=, EIL—RAFE
RADKARIZIX GPBi-CG EFEAL, YILF GPU ZF AL TEELHFHEIZELSLIaL—arEiToT=,

E X

The purpose of this study is to establish a numerical simulation model of fluid flow in a landfill layer
with high quality and high precision. A 3D finite element method is a powerful tool for flows having
complex geometry such as porous media in landfill. However, it leads a huge amount of computation
cost. In this study, we examined to accelerate the 3D FEM by using the Graphics Processing Unit as a

general-purpose use (GPGPU).

Keywords:landfill, Numerical simulation, FEM, Navier-Stokes equations, GPGPU
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Pk (100 words F2)

A heterogeneous computation can engage both CPU and GPU parallelism at the same time, and
take advantage of all available processing power. But CPU peak performance and memory bandwidth
are at least 20 times lower than that of GPU, so simultaneous use of both CPU and GPU for
simulation may be inefficient. We propose a new temporal blocking algorithm of the LRnLA family
that can increase the efficiency of CPU parallelization so that the performance is on par with GPU.
The algorithm uses the data structure designed specifically to exchange data between subtasks

spanning space and time.

Keywords:LRnLLA -+ temporal blocking + LBM * hwloc * many-core
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In the present study, I developed a generic program code for simulation of mammalian neocortical-circuit

models and machine learning using these models, for the goal set out in a KAKENHI grant project
entitled “the mathematical model and learning theory for pluralistic brain activity in early
development.” This fast simulator that takes full advantage of GPU accelerators allowed me to show that
a cortical-circuit model with module structures exhibits module-wise synchronous dynamics after
learning as do neocortical circuits of animals, and that these dynamics can be described by a newly

developed statistical mechanical theory.

Keywords:
mechanics, large-scale simulation

ERLEH

AEEIAREEEEEORNABERBDRMEE
EEBHMAEREEZXTTEHDDLDTHS., U
TICHHEZFEOERLENEZRRSHN, KERF
FAREF. UTOMREREDENEERT S0
(2. TSUBAME O #2# % GPU Z# AL - KR1EET
ERELTFAL., NERERETIILOSESIaL—
2AVICE S THREZMELLSIETEHEDTH D,

AAROERELTIEET EEICH>THREDNHD
B R D EB RN ERAICERETELLIICAHY,
COBHOBMAREREZEIN TV DIV Z A
FTIVITEERBNGEZRBREFETEZRI CENBALL
[CHoTERIELH D, 2MEEBEHB O HFEHE
FEOLER-KEFSIFCOEEADRIEE A, FFESHIZ,
RIS O S IERBAMAFE Y B HoTLK
BFEHRICERTTHETHILICRIILTL:
(1,2,

—5.REEEEORIIE. BREEICRENDKS

mammalian neocortex, computational neuroscience, machine learning, statistical

TR KR E O MREBRERANTYT . BHHMN DR
B/ IRBIRRDERET LB TELHAELDOH
LV W FEREHRICER T THELTILM:
(3], £t=. 2L EEHB D HRHREDFEL.
SERPBREEMYESRICEKRAVSIENTEDH
PIRREHRICEER T THEEL TV,
COLSLHEBOMREZEDRITHELILITLT,
E HREAROBEEE OMREENS. Mt HhE
BRzAVTEBZEDORIEVEMITLTSY., —
EDNEUISFTEMBT HL. TOHRDEEMH
BENERD I LFEmMITTRLTL (5],
LEDEREBRFAT. ARETHRRREL. B
MO MEIRETH LR EMHADBFE L. VALY
bERERTHDKKER EEEEAESHDEK TR
BIREICHABIABERLILTEATLADN., &
WSRAMGREMICHL T, ERAMREELTEZELS
LT 5. FYBKRMICIK, ETHARERFEA TRRKRE
DHBERETIVEBEL, DT TREEGBES



EDNGA—LERENHROELBRFEDOEMKIZFH 115
ERERLABTILDICHRELIMRIC, SEED LR
HAREONINETICHRLTCEL-BRELHRTED
MEIWEHERT D, TLTEBESN-REAEE N SIE
REEES AN DEBH . BEERETILICZOEBEMH
FEETOEBROZFERRECEDSSICEETLIO
e FEEEELTOMD T IL—THEITHETE
FLEHHANFERRUBIES S 2L—2a0 Ol
FRAVTHARS, ChIZE-2T. RO FEBICFHLE
MWERE N DIRBELZEDERFIC, T —FTAT—F
HEERICERTHFEYERMICHSAIZSNTING
Moz AL U M EREIROEBEEEREITEILT
HTEEHMET D,
W=
HREZBLTCARRERAMERICERINSGED 21—
WEEEHEAAAZBERIRETILLEOZEDOH
fE>2al—i3>% GPU 79€35L—43—%FALT
KIFBEHN OB RICKRITTESLVI2L—2—E2HELL,
MR IEENEMS AR ERAICEREZE
£ BETILRU., HEORB RO F IGEENH
BERMUYANEZRBETILO 2 8YDIIaL—4—%
ERL. ChoDY3al—aviEREEM T 545
HEERBEELz, ChOoF AV TRENER & #RE
BOZTHMBREIHBEFEEDO—mHERINT,
BEBLUER
SHAFEEFERLBMNTRRZAMEICE TR
AGREBICERESETBHICH->T. EDLIHEKX

MEEOHBERERETILEITNIEIRVLVONEER
Ltz ZRAMRBLDEREBEL T, EITHARTHEE
EREENRANTELEBEDORAAEREETIVIC
BRI - BREEOH DT T, BRINIREE+
SITEHRBALENLGNEVSHERICE ST, TI T, £17
REICEVTEEL-#ERRET IILEME HFE
W, EROKBKEEHERBERKRICED 1—ILIE
EEEDGEICHARLz, ELVS301. BIAD K TIX#
BEREZOIIBED 21—V LICREAFEEZRLT
BY. ENDPEENLGERERFL TS IEATE
DHETHLMNIE->TETWLENSTHB(6,7], >
T.AHMRTHSAREREL. BEEEOKKNEEI DS
ZEICHESTIDED2—ILEENEDLSICLTH
naHNTHB.

Z.THREERER. REEEREB AN EITHRT
AWELZO=21—0OOBBRKEO0~2 OEHE
ELHNEMAARBRRXTRINIEMET L. AR
FEDELRRTHAIKMRERREEF O @ZHED
RREBBEIYRBICETILELIZYTIRTAVIE
TILDOBAER—RIZ, HEFEENVEEERVED
—LBEBYOEADHZEEDIIaL—2avEET
TE EHICHMETILOBESIHBEERELET
TEAEILHEL 2L —F—% C++-OpenACCEH
WTHEETHILITHIILIz fIZE, TRISTET &S
[CED1—LBEEZF ODEMETIVLIZEVT, E2a
—ILOKFEHIBEEDTAFTIVRERTLOFE
THOMESIAL—2avEERITTED, KEBEZR

E: EV1-IVigENH5RFHERRETIVOFB I 2L—a v 0—4f
[BFrZ R € 7 )L DFEMREEE DA 5 —FR

(7 EEM,

EJa—Ib

7 S )

4515

>

e ‘ 1',. LT .
o Il V.._Jv.dl‘-lﬂv u"‘*m'"j'.,_‘l. 4 »

Q 100

50
¥

# >+ 7 AR
1 N

1

TV a1—)VNEERM 1
TV a—)AEEH 2
— EJa1—-IHFEETH

H=
\H
~
N
X
R
=]
&

N

2

1 gt o

Yau: Y e I

B Q 300
=]

TV 21— IVARESKH 12 ORERMIREEY 2 —IVIFEERO A1 IV A



ELERAGETLOFHNGESIaL—2avETh-o
=M. WTFhOBAEE GPU 79150 —48—I2&oT
RigFEEEREDOMR LN FONT,

BUEETILEA—RELEZBE. BEVa—ILEBELHE
DEAICHEERERANES 12— L EICRBEST
SRFEME NFEREAVTRERT HILICELHAD
L.ZO 22l — 45— DiERZERUICEMITEHIE
[CERLT=. T BED2—ILEEEZH-BE. £
Ca—LORBICKIERRREZLERTHEE . #H
LG RBFEEFELETHEICHERTESNIEEICIT
STEMNTEAHILD., BB - BRMITRLU I, F-8
METILOEET, HAOBEBRERBFLLTHON DI
R - ST ERR TR ERHEEORRELT
BRIBZILICERYLIZ, ChoDERITAENE
BREREELEEMICIEIKEESL. BEMETILTH
BLLICEBBAIEHDHN . RARDOFEDREFIR
ATWBATREEAV RSN T,

RICVEBIFEX=-2—AY - -SHEERA=—1—AV-
EEEFRN=—21—O 0 3 BENMERSNS, BE
DRMEEHZFHEORNEIRBELHIBRERE
[CETIVELEREBETILOOIAL—4—F X TH
RQIESEITHELI-, CDYIaL—4—TH, Bl
ETLDGELRKFIZ. ED2—ILIEDOEAREAE
8% GPU 775 — 2RV XBREN DB RGE
Ezal—2avIt&-oTHERL. ChEffist hFEE
K> TEMIFBHILICHTILTZ,

FLH, SHROFE
SHAEEEIHAERTOC VD 1 FEBLENSZELHY.
BEBLGDHVIaL—F—RUTNITH T HERDE
FREHRETIEENT LA, 0 5 FEKXLKL
K. DU —B—DINSA— RO EE R ENH
DEDITEHRIZEBL TSRS, EDKSIZEE
DNEAELTUKDMERARTI, T, BEELTRE
MO BRERET ILICEBEEZToKRICED
—LEBENRN . BENBERRENAIRELEDDH,
FOBROZRYDAERBETILD/INSTA—RIFED L
STIEICRANEN, HEEHIBESIaL—a - Bk
R EEREL TR TL,

47

SEXH

[1] Ikezoe et al. (2018) Cell Rep.

[2] Uesaka et al. (unpublished data)

[3] Hayakawa & Fukai (2020) Phys. Rev. Res.
[4] Chiba (2015) Adv. in Math

[5] Bahri et al. (2020) Ann.Rev.Cond.Matt.Phys.
[6] Ko et al (2011) Nature

[7] Shi et al (2022) Nat. Comm.

[8] Bernardi et al. (2021) PLoS Comput. Biol.



48



TSUBAME #RF A w4 FE ZHAHA BRRBSE

FBZBEZAVNVESFENFEII2L—30DEEL
Acceleration of molecular dynamics simulation using deep learning

w B3
Shuto Hayashi

RREMEREKXE #EKREHRAN
Medical Research Institute, Tokyo Medical and Dental University
https://www.shimamlab.info

BUNIEDNFOWEEERRITT 210 R FBANEI 2L —2avITKYRV NV B REED T 1 TIOREE
T IARDLATHORATND LBLGDS, DFBNFEIIAL—LaVICBREGEEIRNEDLELT HELD
MERLIHY . REFME - KIBEZS 2L —2a 0 FT2EFER—/N—aVE1—3ZRVWTEF REBEEET 5,
ZITARETE, P FEAFEIIAL—2av @@ DR ECEM T IRB=1—J LRI —0ZRAFEL
Foe NUFY—OT—2tyrERAVWEERIECLY . BRDFENEEDIV/NRVEICHLTEERERNDOESHEEICS

Ab—2avERTTEDHEETRLE,

To analyze the functions of proteins, molecular dynamics simulations are widely used to study the
dynamics of protein structures. However, molecular dynamics simulations have the drawback of
requiring significant computational resources, and even with the use of supercomputers, conducting
long and large-scale simulations can be time-consuming. In this project, we developed a deep neural
network that can mimic molecular dynamics simulations with high speed and accuracy. Through
validation using benchmark datasets, we demonstrated that our method can perform fast and accurate

simulations for any given protein.

Keywords: molecular dynamics simulation, deep learning, E(3)-equivariant neural network, graph

neural network, protein structure
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X ER (100 words F2E)

A direct liquid cooling is used to cool the electric coils of motors installed in electric vehicles. To clarify
the relationship between the liquid wetting spreading on the coil and heat removal, we implemented a
temperature field analysis into the phase-field LBM large-scale two-phase flow numerical code we
have developed. The results showed that the analysis was unstable and the temperature field was
unphysical, so the time evolution equations of the LBM were improved and the method was developed
into a stable analysis method. Using this method, the effects of flow temperature and flow rate on heat
removal were qualitatively clarified for a simplified stator coil structure.

Keywords: Cooling of electric devices, two-phase flow, phase-field lattice Boltzmann method,
thermal simulation, Taylor-Couette flow
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Grid Inhomogeneous Solvation Theory (GIST) can describe hydrations around proteins using the
spatial distribution of the hydration energy and hydration entropy. However, huge computation is
required for the GIST because the GIST requires the trajectory obtained using molecular dynamics
simulations. In the present study, a deep learning (DL) model to predict the hydration free energy
distribution was proposed. It was found that our DL model can quantitatively predict the hydration

free energy distribution in less than 1 minute.
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To understand the effects of the temperature-dependent fluid properties on turbulent flows, we
performed direct numerical simulations (DNSs) of turbulent channel flows with temperature-
dependent fluid properties where isothermal conditions were specified for the top (293K) and bottom
(353K) walls. We considered a water fluid with variable viscosity but constant fluid density and thermal
diffusivity. The DNSs at the friction Reynolds number of 300, 650, and 1000 were performed by the
lattice Boltzmann method. The results show that turbulence reduction (enhancement) occurs near the
hot (cold) walls, leading to a decreased (an increased) frictional resistance. It is also found that the
logarithmic region is still retained for the mean velocity and temperature of variable-viscosity turbulent

flows.

Keywords: Lattice Boltzmann method, Turbulent channel flows, Heat transter, variable-viscosity flow,

logarithmic law
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H X : Large-Scale Propagation Simulations of Ultra-Wideband Electromagnetic Fields in Millimeters and Terahertz
Wave Frequencies Using GPU Cluster

Fyhns4 SR T4RIT

Jerdvisanop Chakarothai

EiRAREEANFRBERRHEE
National Institute of Information and Communications Technology
https://www.nict.go.jp

SEHRTINIVWIFRIZBITSERIFMMOERBFELERLT, EXOEEENKREL. RELGIKRORLETH
RAEnBIENZL, LHL, DERVERGHRBEOILRILY —2 RITRIREK - BELE - REHAGZEDES YN
FHETDHE.ZEENDFAFEDEHINERL, FENINKRELD, BICENGIHRIRIEIL., B, XFH. Hl.
OB FEORLALEEEYINEEL., ERKREELLFATILERSETHD, 2T . AMETIK. A 704X
ZENERNREICBVTIEFUFIZ28CGHz ) ERDZIEBNESREICTRITH-HIC. KIREEH R 32
L—2ar Bt Lz FICEE OB EY DO BEEE RUBEENLERMELY — M ASHSN=BRERLEA
RANBESES=0NEE) FREDTOT S LIZHAF AL =012, R -IERLz. () BERERIRED HIERENT
D=HIZ K-BDAHTIFEL, KYEBROA T ADBEITIEWVETETIVLIZT 510123 RTBEETIVL(T—
TIL . BF. VAV EE) BN EROREEICEHLE THEUEL THEAAD ZEEREEICLIz. Q)EREELY
—rE BT EMICHEARAT DI, ERHESRERRUVEEEREZR — DAY A TRYKRZ D KT H10HIC.
FDTD ZDERILZEITL, ZRTEMIZKIER DR L ERIAF T oIz, ERRICHELIREZETET JLICHEARA
#.FDTD JEICE > THRMTLIZERETE—AVNEIZEDED LB L, §%& . BELIRZHA LA KIREEHR
BFEITOFETHD,

Millimeter-wave and terahertz electromagnetic (EM) waves are often used in line-of-sight propagation. However, if
there are absorbers, scatterers, reflectors, or other obstacles within the Fresnel zone of the wave propagation path, the
uncertainty of the received power prediction method increases significantly. Especially in indoor propagation
environments, there are various obstacles such as walls, ceilings, desks, shelves, and chairs, making accurate prediction
of propagation conditions difficult. Therefore, in this study, we developed large-scale EM simulation techniques for
accurate prediction of the received power of millimeter-wave (especially 28 GHz band) waves in indoor environments.
In particular, we improved and extended conventional programs to discretize actual structures and incorporate
functional structures such as EM scattering sheet. (1) To perform numerical analysis of indoor radio wave environments,
in addition to floors and walls, we discretize 3D structural models (tables, chairs, computers, etc.) to match resolution
of the analysis space. (2) To incorporate EM scattering sheets into the analysis region, we incorporate a surface
impedance into the FDTD method to handle perfect magnetic conductors and perfect conductors on the same surface
plane and demonstrated the validity of the formulation through 3D numerical analysis. We compared the results by the
FDTD analysis which includes a scattering sheet with those obtained by the moment method. In the future, we plan to
perform large-scale electromagnetic field analysis incorporating scattering sheets.

Keywords: millimeter-wave, FDTD, indoor propagation, large-scale simulation, electromagnetic scattering sheet
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TSUBAME #£EF|IA M4 EE ZHAE BBEHREE

FIRAREE "MTALERPOEREF—RATFTAMIBITSEATRERRIRFOMEEDOARA
# 3 : Correlation between solid solution elements and carbon atoms in metastable austenite during
bainitic transformation

FIRRERERE KT B
Takatoshi Nagano

R ZTWRFEXFRETIZHRE IFHYVERFTFESE

TR (300 FIEE)

Fe-Si-C &4 T DRFDZEEE | RFEOWEELAIC LD G ~ DA — R E %00 VASP 12X
STHHT D, ZORRICEST Fe-Si-C A& OMWLEA—AT A MIDRFERIEN ERIELTDAD
ZALEHOENI LT, IR BIRE DEWIZE S TEEOBNMENE DD ELHONI LT, —ATF Ak
HODRFBIRENREIRDIAHEL T, A —AT T AT AZBNEIR L CODEXIRBEREN 0.4 wtftirE
TIHTAEZREEL TV WEEIVE LR ETHIENETOND, ZOZENDLA—AT FANMIEREL TWAE 7
ABFBIRBNIN Ty TEN, RBIBEDOENELEE 2 OND, BRROEBNIEDZEICHOWTILE R ERE
ETHHA—AT T ANMITAZBDREREL CODAREMEN B, ZOX A BNEREAZPLE LB 2 DT

TED,

X E% (100 words F2E)

The behavior of carbon in Fe-Si-C alloys and the effect of carbon concentration changes on the
crystal structure are calculated by first-principles VASP calculations. The results reveal the
mechanism of the high carbon concentration in the metastable austenite phase in Fe-Si-C alloys.
It is also clarified that the predominance of transformation changes with carbon concentration.
The reason for the difference in carbon concentration in austenite is that when silicon is solidly
soluble in austenite, the carbon concentration is more stable up to around 0.4 wt% than when
silicon is not solidly soluble in austenite. This suggests that carbon is trapped in the vicinity of
silicon solid solution in austenite, resulting in the difference in carbon concentration. The
difference in the predominance of transformation can be explained by considering that austenite
with a high carbon concentration is likely to have silicon in solid solution, and that this silicon

inhibits transformation.
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EREAW-KRESFEE
Large Scale Pretraining Using Synthetic Images

1EHE ER

BEERWKREMRR TOINT—XTIFvRR L S2—

R (300 FIEE)

NFETOMRTIEEZTRIC tar T7MIILHLEEEBREHL AEITKY inode % 1/1000 (TR, /3TA—4
NECBHE- A0 FOHEEZEATHILTAEYEHEEZ/—FICRIEHILTHIRT 55 EZEMAREL TS,
REFETIE, ShoDHEMiZAWLTHO TEEICA S E K74 vision transformer DB FIEEFEEMELIz, 112
L. SOEIBEIFEICTHELERT —2(E JFT-300M/3B HETHY . FhoDT—2tybIELFHTH S,
FZT. ABFEEETIE Visual Atom > Newton Fractal GED AT EBRZHAWNTCERIEEE{Tof-. TOHE.

AL EZBERAN-ERIFEE1TO2ET ImageNet-21k 2B 2 2 ERIF T EREEZERLT=,

FE X ER (100 words F2E)

Previous studies have developed methods to reduce the number of inodes to 1/1000 by reading images
directly from tar files during training, and to reduce memory consumption inversely proportional to
nodes by introducing parameter distribution, recalculation, and offloading mechanisms. In this
assignment, we conducted pre-training of a very large vision transformer, which is possible only by
using these techniques. However, the image data required for such pre-training is on the scale of
JFT-300M/3B, and these data sets are not publicly available. Therefore, in this proposal, pre-training
was conducted using artificial images such as Visual Atom and Newton Fractal. As a result, we

achieved a pre-training performance exceeding ImageNet-21k by pre-training with artificial images.

Keywords: FEFE . FHIFE . Vision Transformer, A TE{§, KiRET—4
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AT Hub of Synthetic Image Datasets and Pre-trained Models
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ijﬁbf:o
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CEERIC tar 77/ IV S EEESREFRD AEICKY inode 1% 1/1000 (ZH]

Toward the design of next-generation systems that enable high-speed execution of large-scale learning,
we have been conducting research and development of methods for effective use of accelerators,
optimization of communication in large-scale parallel execution, and efficiency improvement of storage
1/0, etc. We evaluated and verified these methods in TSUBAME. In particular, the number of inodes
was reduced to 1/1000 by reading images directly from tar files during training.
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A wind lens turbine (WLT) has been attracting attention for its high-power output efficiency, and we
are developing a medium-sized WLT with a rated output of 200 kW. In this project, we evaluated the
power and drag coefficients of WLTs by CFD and aerodynamically designed the diffuser shape for the
200kW WLT. A full-scale simulation method was developed to evaluate the scale effect on the power
coefficient of the WLT. CFD was performed on a multi-rotor system with two WLTSs to investigate the

relationship between turbine spacing and power gain.

Keywords: Diffuser augmented wind turbine, Aero dynamics, Multi rotor system, Lattice Boltzmann
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