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Pl1. Ax N# (ax.sdfg) () SDFG @M —32RiY Python BRI, —Bokit,
SDFGs [ ARIES AL BRI 56 (HAEX AP OL T, FA14 0 SDFG B Ae#e, F-Ff
AR )5 SDFGs DA At sUA it o
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B RAFAT RSN . %P 2o R Python Aism /B, 42 e e
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\ Interface library \

sdfgec ax_6.sdfg

\ Generated Code \ibkernelso
\ Generated Device code | “‘“da“ég:“‘“l’ﬂf
ttace ox_Tadis [ | cupa e g *i \ Neko

sdfgcc ax_8.sdfg
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4.1 SRR

1e [gure 20, TATH A FE KRR SDFG 5 54 s )
Neko [ J 4 26 H9 R [l 45 98 . Neko 42 3% T B 1T RS AR M T 350 41—
BB, B G E) R A ANBI P S R T DA A R AR BV . A
[Listing 1.1Jr, FA1ER TUTLE Neko dhffifi] C #| Fortran 1, 45
ST — KRV P . o T TR A, TR
Python LR RIE T 4% 5 .GPU_4 B, AFRAY SDFG [ A
B T4 I

interface
subroutine dace_x_helm(handle, wd, ud, &
dxd, dyd, dzd, dxtd, dytd, dztd, &
hid, giid, g22d, g33d, gl2d, gl3d, g23d, nelv, 1x) &

bind(c, name=’__dace_ax_helm’)
use, intrinsic :: iso_c_binding
type(c_ptr), value :: handle
type (c_ptr), value :: wd, ud
type(c_ptr), value :: dxd, dyd, dzd
type (c_ptr), value :: dxtd, dytd, dztd
type(c_ptr), value :: hid, giid, g22d, g33d, gl2d, gi13d, g23d
integer(c_int) :: nel, 1x

end subroutine dace_ax_helm
end interface

Listing 1.1. The interface with a backend library using device pointers. In this case
for the DaCe implementation of the kernel. The DaCe implementation does not require
any boilerplate wrapping code for different GPU backends.

4.2  WEAE DaCe PR

DaCe J§ll_I- 576 R AEHEEHCE AR BRI, IR TAERSE
4 IFR SDFG 192G IS0 R G 8 T 5 4 M A A, 3
NI4T SEBUF AR I HEAT T 4k, SRty 529l [isting 1.970
FTDACE, 5 2 PR B R 43 W T A3 BT A TC 22 T D 56
(el il e2).
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dtype = dace.float64
Q@dace.program ()
def ax(wd : dtypelne,lx,1x,1x], wud : dtypelnel,lx,lx,1x],

dxd : dtypellx,1x], dyd : dtypellx,1x],
dzd : dtypellx,1x], dxtd : dtypellx,1x],
dytd : dtypellx,1x], dztd : dtypellx,1x],

glld : dtypelnel,lx,1x,1x], g22d : dtypelnel,lx,1lx,1x],
g33d : dtypelnel,lx,1x,1x], gl12d : dtypelnel,lx,1lx,1lx],
g13d : dtypelnel,lx,1x,1x], g23d : dtypelnel,lx,1lx,1x])

hid : dtypelnel,lx,1lx,1x]):

# Temp arrays

stmp = np.empty((nel,lx,1lx,1x),dtype=dtype)
rtmp = np.empty((nel,lx,1lx,1x),dtype=dtype)
ttmp = np.empty((nel,lx,lx,1x),dtype=dtype)
urtmp = np.empty((nel,lx,lx,1lx),dtype=dtype)
ustmp = np.empty((nel,lx,lx,1lx),dtype=dtype)
uttmp = np.empty((nel,lx,lx,1lx),dtype=dtype)

# First map over all elements for each spatial dimension

for e, k, j, i in dc.map[0:ne,0:1x,0:1x,0:1x] @ScheduleType.GPUdevice
rtmp[e,k,j,i] =
stmp [e,k,j,i] =
ttmp [e,k,j,i] =

o O o
o O o

# Sequential most inner loop

for 1 in range(lx):
rtmple,k,j,i] = rtmple,k,j,il+dxd[1,il*ud[e,k,j,1]
stmple,k,j,i]l = stmple,k,j,il+dyd[1,jl*udl[e,k,1,i]
ttmple,k,j,i] = ttmple,k,j,il+dzd[1,k]l*udle,1,j,i]

GO0 = giid[e,k,j,il; GO1 = gi2d[e,k,j,il; GO02 = gi3dle,k,j,il
G11 = g22dle,k,j,il; G12 = g23dle,k,j,il; G22 = g33dle,k,j,i]
H = hid[e,k,j,I]

rtmp_s = rtmple,k,j,I]

stmp_s = stmple,k,j,I]

ttmp_s = ttmple,k,j,il

urtmp[e,k,j,i] = H * (GOO*rtmp_s + GOl*stmp_s + GO2*ttmp_s])
ustmp[e,k,j,i]l] = H * (GOl*rtmp_s + Gll*stmp_s + G12*ttmp_s])
uttmp[e,k,j,i] = H * (GO2*rtmp_s + G12*stmp_s + G22*ttmp_s])

# Second map over all elements for each spatial dimension
for e2, k2, j2, i2 in dc.map[0:ne,0:1x,0:1x,0:1x]@ScheduleType.GPUdevice:
wd[e2,k2,j2,i2] = 0.0
for 12 in range(1lx):
wd[e2,k2,j2,i2] = wdl[e2,k2,j2,i2] + dxtd[12,i2]*urtmp[e2,k2,j2,12]
wd[e2,k2,j2,i2] = wd[e2,k2,j2,i2] + dytd[12, j2]*ustmp[e2,k2,12,i2]
wd[e2,k2,j2,i2] = wdl[e2,k2,j2,i2] + dztd[12,k2]*uttmple2,12,j2,i2]

Listing 1.2. The DaCe kernel written in the Python frontend, adapted from the
standard kernel but simplified to easily be expressed with the DaCe formalism. Note
the temporary arrays added on lines 12 to 17.

SDFG IR T —4FIHI0E, XETTRAEAT PR R . frfE—FpmT
L) SDFG IR W Rl #iALFoR, (BASCRZHUEN FRE X RR, ik
TCE WAL RN RFEFE S AR . BAMFEIR TR RIS (FE/HE),
HHENTRMIERN. FdREshm i FEEs (Fk) O3, XRUEMH:L
FRICHT sdfg PRS2 AR R SN . HAThomd B 5 (0 XUNiBE) F#oR,
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union of the dimensions of the original maps

AR Expands a map into the different iterators and enables a
hierarchical view of parallelism.

HEE KR Implements the orthogonal tiling, which is a type of nested
map fission that creates tiles in every dimension of the
matched map.

FEFF Allows loop-fracturing which can allow vectorization and
improved cache usage with loop-blocking.

B4 A specific transform that combines StripMining and Map-
Tiling.

Hdi s

KA Introduces a local transient array for caching data

A
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def ax_3D_optimization_1(sdfg : dc.SDFG, lx_val : int)

sdfg.apply_gpu_transformations ()

sdfg.apply_transformations (MapExpansion) # Expand Maps ’e’,’i’,’j’,’k’

sdfg.apply_transformations (MapCollapse) # Recollapse Maps ’i’ and ’j’

sdfg.apply_transformations (MapCollapse) # Recollapse Maps ’i,j’ and ’k’

sdfg.replace(’1lx’,str(lx_val)) # Specify symbol to a constant
# enables constant propagation

entry = find_map_by_param(sdfg, ’e’)

exit = find_map_by_param(sdfg, ’k’)

exit.schedule = dc.ScheduleType.GPU_ThreadBlock #Promotes thread-level

for arr in [’ud’, ’’, ..., ’’]:
InLocalStorage.apply_to(sdfg,dict(array=arr),node_a=entry,node_b=exit)

def ax_3D_optimization_2(sdfg : dc.SDFG, lx_val : int)

entry = find_map_by_param(sdfg, ’e2’)

MapExpansion.apply_to(sdfg, map_entry=entry)

# Explicit Map collapse

MapCollapse.apply_to(sdfg, outer_map_entry=find_map_by_param(sdfg, ’k2’),
inner_map_entry=find_map_by_param(sdfg, ’j2’))

MapCollapse.apply_to(sdfg, outer_map_entry=find_map_by_param(sdfg, ’j2°’),
inner_map_entry=find_map_by_param(sdfg, ’i2’))

exit = find_map_by_param(sdfg,’k2’)

exit.schedule = dc.ScheduleType.GPU_ThreadBlock

for arr in [’dxtd’, ’’, ..]

InLocalStorage.apply_to(sdfg,dict(array=arr),node_a=entry,node_b=exit)

# Fuse the two outer Maps (over elements)
sdfg.apply_transformations (MapFusion)
sdfg.simplify ()

Listing 1.3. The first function treats the first part of the code. It has two main tasks:
to promote data containers to shared memory and to prepare for the fusion of the
el and e2. The second function treats the remaining code. It has two main tasks: to
promote data containers to shared memory and to fuse the el and e2 maps.
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R  chos
Introduce L —> @ @ @B “:Q RS> .

%MA shared

containers

Shared
memory
transform

Fused
Map over

R @ @ all

elements
\(w/k//////////////////////

el 3. — st SDFG SEBUEAR S 3D FATAR I IR /-l Bl s g @i e .
DT 0 FORIEENAA A MIRHZL 0 Fon 4R GPU By T Ira St
SRR EAEMIFI AT Y, BB Aevr AR T




i MR B B 1123 5 DaCe 9

4.4 SIS
AWM T =AF S, HPFE Nvidia A1 AMD g GPU, #ATH
Wi~ Nvidia #5745 (NJ Al Sleipner) fE— P AMISERE, ZERZ HIH T
PEAE Nvidia f# {4 A100 [16], F1 GH200 [15] fPERE. AMD 37 ik H 2522
Kajaani [ CSC ¥ty LUMI-G $34- 82 &ML LUMI, {4 R%K
P b 24 [Table 21, ({54 GCD, Neko 7 sk 652y o 1 Tir B {7
BA PR S LA . Neko Fil DaCe PAZAd F B4 i . FRAIEEIAG

% 2. MK ARG PFRE

G40 FIBALHAC CUDA/ROCm 4% DaCe i

NJ A100 CUDA 11.5 GCC 12 0.15.1% 0.9.99
Sleipner GH200 CUDA 12.5 GCC 13 0.15.1% 0.9.99
LUMI-G MI250X ROCm 6.0.3 Cray 16 1.0.1"* 0.9.99

* WM EIAEWE NVIDIA 245 1, i) DaCe JfiAs (0.16 f11.0.1) #HEAERE T

**EFIHAY DaCe HiiA 0.15.1 F1 0.16 7 MI250X B L% A mCIE B AT m Il o A 2 P 5

128, 256, 512, 1024, 2048, 4096. 8192. 16384 132768 NIt (Ng) Kt
AN Ng(le — 1) ASRAF SRR RN 27 A% E3EFT T3 3
iR 3 <o < 8 PUATHEREN & .

(S}
0%

S

AFFEESAE =R R GPU R URT RS RS A5 A bR R 2 10
AR PG Gllops /s SR PEAlX = ARS8l 5

GH200 (figure 4): DaCe S FHATALHEMETE K 2 K0T 2048 ASTCR KM
RSP ERBULT 1D 560 . K SRISTE R Z RO B PR, RE e =6
(ESER, B DaCe J2AE KRR R~ 155 o SEBUIE e 7 T 22 DR B 1 5
We . Fok s SEIUTE BRI K 5 SRS, AN B0 S A TE SR I RS R B DA
lz =8 b, XEFMLESR. RATEZT K F et RN =z B
I RE IR B I, W5 B TR RO B I RE 2R R I%E , SRJ5 8% LTt



10 M. I. Andersson et al.

Ix=3 Ix=4

o
o
o

= N W b
o
o
o

performance [Gflops/s]

o o
o o
o o o
| N

o
o
o

o

performance [Gflops/s] performance [Gflops/s]
O CERN RN - N W A
o © o o © o
S © oS S © o
S & oS S & oS
K " ﬂ I
b,
§538
® me
o

o
o
o

o

K O U S S S - PR . S R
PP Y @ S \Q;,‘b n;i\@ N SR R \‘b,b‘b %’9%

elements elements

Pl 4. RREIRHER/R 3 < 1z < 8 1 GH200 5 i EARSEHTERE (Glops/s).

A100 (figure 5): 5[5 A100 HLEHLEE T L 105 & R AR
PRSP E R AN, kS GH200 Al AT, DaCe
MK HAE o < 7 FRMENMRL XFEEN 2 $ %K RAFLF. 1D %L
BT R P R B4 LA AR TR B, (LT A8 A0 TE 2 I H LA S
. 5 GH200 FZ5 A, WM REE 310/ N RO 43, 8T Lo = 3.
5 GH200 [ BUAIL . 76 F W2 J5 PERE R 2B B A E I e fl

MI250X (figure 6): Ff1131: % %] DaCe 7£ MI250X b (M E-5 S Al e B
M R, (EEAEER R, FTA Fs i M RERE R B A100 fIE(EIE
. WT Iz > 6, 1D SEMETER ZEMM R T F R IR, X5 Nvidia 145
BB T BRI E . 3TN Lo, 47T A . VA e Sk
INKIRG R K % 3 AD (7R, DA o = 8



LR ST RS 25 DaCe 11

Ix=3 Ix=4

N
o
o
o

a
o
o

performance [Gflops/s]
N
o
S
o s}
" %

c
Ix=5 Ix=6
52000
2
£ 1500 A\
oo 74,7%% Sy
©
£
g 500 e
g W, «®- dace
0
Ix=7 Ix=8

8
\

performance [Gflops/s]
- - N
o ua o
S © oS
S & o
ﬁ ”

o

R U SR S S - PR . S R N
S R RN R RS ®%% (bq:\b N SR s \‘b,b‘b %’9%

elements elements

5. AR RFAI 3 < 1z < 8 75 AL100 5 A _EH IR RS2 B ERE (Glops/s).

6 AR TAE

PERERERINELR B HPC 2RI, th I AL IR R4, SCILs R
AEFHBE A A B AS ER R AR B, R —Bk iR, AR T 2Ry
. Kokkos f&—A) 1Z R CH+1E, Bit T — MG R, HTAEL i
P& (4% CPU fl GPU) AT HATIITRI N AEAE B [17) . 25(0iHl, RAJA
BRI RFRES, STEER Ot S DA SE IS SR LR e RE R A [4). it
Sh, E33 (19] S LATRIZE, 41 CUDA. OpenMP #1 SYCL, {455
PEfE I ORI HIFE R % C 2 RS NekRS (6] 15 T OCCA py# [1l]7] o5z
AR A TE (CUDA. HIP. OpenCL). ZEIRIEEME TS ET Nekbone, £
% FPGA [11) 1 OpenCL (18] 5230 . ARMABIHTEL A FE 19 32 175
£ M BT R AR RS (18] thEtT TR



12 M. I. Andersson et al.

Ix=3 Ix=4
% 1500
o
5]
g 1000
g
E 500
2
z M ;A ﬁ
0 F -
Ix=5 Ix=6
;Z‘, 1500
53
g 1000 MI250X
€ e KSTEP
£ 500 = 1D
E =@- dace
0
Ix=7 Ix=8
2 1500
&
1)
g 1000 7
g _a—0—0—0——¢
E 500
o
E}- /
0

R U SR S S - PR . S R N
S R RN R RS @% (bq:\b N SR s \‘b,b‘b rgﬁ@

elements elements

6. AR R A 3 < Lo < 8 AGPERE (Gflops/s) AEREI— 4> GCD g MI250X 4 4
IRCPSCES

7 WRER

FATREAR T Neko HFEPAG ) 32 23155 WAZAE DaCe il — 411k ik
SCBL, AR AR R 2 e e i S e o AT A R AU 4
WE] 7 BT B Fortran i MUK GRS T o AT T AR I8 DAFE SCHR 0
Frit— i, BIANHABHAT SRS, A& T o BT 2D B
1D FHATAE RN . FATAE AMD R58 BRIy, (BASER 2 IERE
Pk . X n e H T DaCe A 0.15.1 fiiAZ] 0.16 A Z [ A4 T2 1T 5
Nvidia it AAH FEAERE T B AORREE ST HATHE AMD R4 ERFIIL. &
2, WIS B PR RE N S R BEVA ) Neko WRZAHIRSE, I HLo) T IH%E.

Acknowledgments. 7 T AE 17155 Hy B Hi [ 588 9T 527 AR FL il % it 551 H NAISS
2024/22-531 I NAISS 2024/9-20 P4} ScaLab /NH$RALR) Sleipner GEHE{ i BT 324 .
Wiy SRR F B e-Science BFFE L (SeRC) [ ALAL AN B 4HEYL (SESST).



(MR RV A )2 5 DaCe 13
CEP N

1. Abdelfattah, A., Barra, V., Beams, N., Bleile, R., Brown, J., Camier, J.S., Carson,
R., Chalmers, N., Dobrev, V., Dudouit, Y., et al.: Gpu algorithms for efficient
exascale discretizations. Parallel Computing 108, 102841 (2021)

2. Andersson, M.I., Markidis, S.: A case study on dace portability & performance for
batched discrete fourier transforms. In: Proceedings of the International Conference

on High Performance Computing in Asia-Pacific Region. pp. 55-63 (2023)

3. Andersson, M.I., Karp, M., Markidis, S.: Towards performance portable kernels
for computational fluid dynamics using dace. In: Extended Abstract In The 53rd
International Conference on Parallel Processing Workshops (ICPP Workshops ’24)
(2024)

4. Beckingsale, D.A.e.A.: RAJA: Portable performance for large-scale scientific appli-
cations. In: 2019 ieee/acm international workshop on performance, portability and
productivity in hpc (p3hpc). pp. 71-81. IEEE (2019)

5. Ben-Nun, T., de Fine Licht, J., Ziogas, A.N., Schneider, T., Hoefler, T.: Stateful
dataflow multigraphs: A data-centric model for performance portability on hetero-
geneous architectures. In: Proceedings of the International Conference for High

Performance Computing, Networking, Storage and Analysis. SC "19 (2019)

6. Chalmers, N., Karakus, A., Austin, A.P., Swirydowicz, K., Warburton, T.: libParanu-
mal: a performance portable high-order finite element library (2022). https://doil
org/10.5281/zenodo.4004744, https://github.com/paranumal/libparanumal,

release 0.5.0

7. Fischer, P., Min, M., Rathnayake, T., Dutta, S., Kolev, T., Dobrev, V., Camier,
J.S., Kronbichler, M., Warburton, T., Swirydowicz, K., et al.: Scalability of high-
performance pde solvers. The International Journal of High Performance Computing
Applications 34(5), 562-586 (2020)

8. Jansson, N., Karp, M., Perez, A., Mukha, T., Ju, Y., Liu, J., P4ll, S., Laure, E.,
Weinkauf, T., Schumacher, J., Schlatter, P., Markidis, S.: Exploring the ultimate
regime of turbulent rayleigh — bénard convection through unprecedented spectral-
element simulations. In: Proceedings of the International Conference for High
Performance Computing, Networking, Storage and Analysis. SC ’23, Association
for Computing Machinery, New York, NY, USA (2023). https://doi.org/10.,
1145/3581784.3627039, https://doi.org/10.1145/3581784.3627039

9. Jansson, N., Karp, M., Podobas, A., Markidis, S., Schlatter, P.: Neko: A modern,
portable, and scalable framework for high-fidelity computational fluid dynamics.
Computers & Fluids p. 106243 (2024)


https://doi.org/10.5281/zenodo.4004744
https://doi.org/10.5281/zenodo.4004744
https://doi.org/10.5281/zenodo.4004744
https://doi.org/10.5281/zenodo.4004744
https://github.com/paranumal/libparanumal
https://doi.org/10.1145/3581784.3627039
https://doi.org/10.1145/3581784.3627039
https://doi.org/10.1145/3581784.3627039
https://doi.org/10.1145/3581784.3627039
https://doi.org/10.1145/3581784.3627039

14

10.

11.

12.

13.

14.

15.

16.

17.

18.

M. I. Andersson et al.

Karp, M., Massaro, D., Jansson, N., Hart, A., Wahlgren, J., Schlatter, P., Markidis,
S.: Large-scale direct numerical simulations of turbulence using gpus and modern
fortran. The International Journal of High Performance Computing Applications p.
10943420231158616 (2023)

Karp, M., Podobas, A., Jansson, N., Kenter, T., Plessl, C., Schlatter, P., Markidis,
S.: High-performance spectral element methods on field-programmable gate arrays
: Implementation, evaluation, and future projection. In: 2021 IEEE International
Parallel and Distributed Processing Symposium (IPDPS). pp. 1077-1086 (2021).
https://doi.org/10.1109/IPDPS49936.2021.00116

Karp, M., Suarez, E., Meinke, J.H., Andersson, M.I., Schlatter, P., Markidis, S.,
Jansson, N.: Experience and analysis of scalable high-fidelity computational fluid
dynamics on modular supercomputing architectures. The international journal of
high performance computing applications p. 10943420241303163 (2025)

Pennati, L., Andersson, M.I., Steiniger, K., Widera, R., Narwal, T., Bussmann, M.,
Markidis, S.: A parallel and highly-portable hpc poisson solver: Preconditioned
bi-cgstab with alpaka (2025), https://arxiv.org/abs/2503.08935

Schaad, P., Schneider, T., Ben-Nun, T., Calotoiu, A., Ziogas, A.N., Hoefler, T:
Fuzzyflow: Leveraging dataflow to find and squash program optimization bugs.
In: Proceedings of the International Conference for High Performance Computing,
Networking, Storage and Analysis. SC ’23, Association for Computing Machinery,
New York, NY, USA (2023). https://doi.org/10.1145/3581784.3613214, https|
//doi.org/10.1145/3581784.3613214

Schieffer, G., Wahlgren, J., Ren, J., Faj, J., Peng, I.: Harnessing integrated cpu-gpu
system memory for hpc: a first look into grace hopper. In: Proceedings of the
53rd International Conference on Parallel Processing. p. 199 — 209. ICPP ’24,
Association for Computing Machinery, New York, NY, USA (2024). https://doi!
org/10.1145/3673038.3673110, https://doi.org/10.1145/3673038.3673110

Svedin, M., Chien, S.W.D., Chikafa, G., Jansson, N., Podobas, A.: Benchmarking
the nvidia gpu lineage: From early k80 to modern al00 with asynchronous memory
transfers. In: Proceedings of the 11th International Symposium on Highly Effi-
cient Accelerators and Reconfigurable Technologies. HEART ’21, Association for
Computing Machinery, New York, NY, USA (2021). https://doi.org/10.1145/
3468044 .3468053, https://doi.org/10.1145/3468044.3468053

Trott, C.R., et Al.: Kokkos 3: Programming model extensions for the exascale era.
IEEE Transactions on Parallel and Distributed Systems 33(4), 805-817 (2021)

Vincent, J., Gong, J., Karp, M., Peplinski, A., Jansson, N., Podobas, A., Jocksch,
A., Yao, J., Hussain, F., Markidis, S., Karlsson, M., Pleiter, D., Laure, E., Schlatter,


https://doi.org/10.1109/IPDPS49936.2021.00116
https://doi.org/10.1109/IPDPS49936.2021.00116
https://arxiv.org/abs/2503.08935
https://doi.org/10.1145/3581784.3613214
https://doi.org/10.1145/3581784.3613214
https://doi.org/10.1145/3581784.3613214
https://doi.org/10.1145/3581784.3613214
https://doi.org/10.1145/3673038.3673110
https://doi.org/10.1145/3673038.3673110
https://doi.org/10.1145/3673038.3673110
https://doi.org/10.1145/3673038.3673110
https://doi.org/10.1145/3673038.3673110
https://doi.org/10.1145/3468044.3468053
https://doi.org/10.1145/3468044.3468053
https://doi.org/10.1145/3468044.3468053
https://doi.org/10.1145/3468044.3468053
https://doi.org/10.1145/3468044.3468053

19.

(R ST A S % 5 DaCe 15

P.: Strong scaling of openacc enabled nek5000 on several gpu based hpc systems. In:
International Conference on High Performance Computing in Asia-Pacific Region.
p- 94 — 102. HPCAsia 22, Association for Computing Machinery, New York, NY,
USA (2022). https://doi.org/10.1145/3492805.3492818, https://doi.org/10,
1145/3492805.3492818

Zenker, E., Worpitz, B., Widera, R., Huebl, A., Juckeland, G., Kniipfer, A., Nagel,
W.E., Bussmann, M.: Alpaka - an abstraction library for parallel kernel acceleration.

IEEE Computer Society (May 2016)


https://doi.org/10.1145/3492805.3492818
https://doi.org/10.1145/3492805.3492818
https://doi.org/10.1145/3492805.3492818
https://doi.org/10.1145/3492805.3492818

	便携式高性能内核生成用于计算流体动力学代码的DaCe

