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FERNIIE TE ok B ik s L R R 2tk b, ARSI gk
R IEARE R E X T Embedding Lookup+Sum £ #) 1] 11 51T
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Bk, Ak ERE S X Injective L] Embed-
ding Lookup %7 H1 Reduction 52 1) Sum ¥, F£&57 Sum
X} Embedding Lookup % tH 4K #6122 . Bt J5, W te.cre-
ate schedule() B A= AT 46 W B 7 €. LA R A Embedding
Lookup + Sum Fili & 57 {5k B 5% € SOR:

defembedding lookup sum_ baseline(vocab_size,
embedding_dim, batch_size, seq length):

data= te.placeholder((vocab_size, embedding dim), name=
"embedding_table", dtype= "float32")

indices = te.placeholder((batch size,seq length), name =

"indices", dtype="int32")
#1.(Gather)
gathered=te.compute((batch_size,seq length,embedding
dim), lambda i, j, k: data[indices[;, j], k], name= "gather")
#2.(Sum)
te.reduce axisr=te.reduce axis((0,seq_length), name="r")
sum_reduce=te.compute((batch_size,embedding dim),
lambda i, k: te.sum(gathered|[7,7k],axis=r),name= "sum_

reduce")

return [data, indices], sum_reduce
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B SERUER T 2 AT % 0 i SIMD 484 TE RS, (HARE X
Embedding 57 (WA ZE B EHE VA7 Sum BT 1AL 4EE
BT R, AEER BRI A7 AT S ST
BUREFI . BRI AR, 44 CPU Rt S &

THMIFAE, ASCERR RS WAZRTHET T parallel (2447
A7)« vectorize ([AIEAL) « unroll (FEFREFF) = I JiE,
BEATRE R RIIRAL, BRI R
#CPU JEifETR
i, k=sch[out].op.axis
#CPU AL 2
i, k=sch[out].op.axis
r=sch[out].op.reduce_axis[0]# 3K £
# AT AN Z T
sch[out].parallel(7)
# [ AL R A
k,, k=sch[out].split(k, factor=8)
sch[out].vectorize(k;)
# AR FEIT IR 7 SOT 4
r,, r=sch[out].split(r, factor=4)

sch[out].unroll(r,)

FEAZ R LSRG o, BE 0 U 4R FE A IR AT 451, K] par-
allel J 15 78 70 &% CPU [0 2 &%k fEs KM vectorize J7 15 45
IRAYERZ B bR B IR AR R Oy I B A, BORIR & TS
JEE AN AR A o T A 2 4 FE A 52 AR AURFAIE BE T un-
roll B, A ¥R 73 STV K5 G A7 B R ARAA o A 507 il
EARGHER T P, e T R B AR A S A R
EEAZ ., WIRA BRI T 24755, Bl 7 CPU
JR IR A A 25 R o

3.4 GPU [l i B 5
GPU fE st RE AT TS, L 2EH BT 5 CPU £
FERFEES, HL R IAT H R, O E
SREREIOIEZ O @ T RA LR AL RE A
AU, RIE4 A Embedding 5 Sum B &M, AL
£ GPU Jm%ii#t %} Embedding 55 Sum 57 iIRL& AR BH T
BRI SHATECE SN, LIS BB AT U R
71, BARMARAC T EE ST
#GPU H: 1 2 5w
# X Gather $ 4 1 F&
i, j, k= sch[gathered].op.axis
k,, k; = sch[gathered].split(k, factor=1024)
sch[gathered].bind(i, te.thread axis(“blockldx.x”))
sch[gathered].bind(j, te.thread axis(“blockldx.y”))
sch[gathered].bind(k,, te.thread axis(“blockldx.z”))
sch[gathered].bind(k;, te.thread axis(“threadldx.x”))
# X Sum #EAF I 5

i, k = sch[out].op.axis
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r, = sch[out].op.reduce_axis
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k,, k; = sch[out].split(k, factor=1024)
sch[out].bind(7, te.thread axis(“blockldx.x™))
sch[out].bind(k,, te.thread axis(“blockldx.z”))
sch[out].bind(k;, te.thread axis(“threadldx.x”))
#GPU AL FZ 5
i,k=sch[out].op.axis
r=sch[out].op.reduce_axis[0]# FHXIH £ %l
# 48 5E R
sch[out].bind(i,te.thread axis(“blockldx.x”))
sch[out].bind(k,te.thread_axis(“threadldx.x”))
#0F r EEAT U] 3 DASE 4 R O FAT 1
r,,r=sch[out].split(r,factor=4)

sch[out].unroll(r;)
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TEVF 2 BARIR B 2% 2 45 v, Embedding 248 5 # Sum
KA AL BN WL, Bl i, BERT 253 T Transformer [¥]
TR ZRTE 5 BALE AN JZ )2 8 %451, 3% token,
BB SN BRI DeepFM. DCN 2595 J3 i 45 1l 3
FH Embedding + Sum 5 fl& 2 FRFIEIR N . N2 TH VA
R AR, RS0 T NSRS rh i B 22 A0S T RS 1)
Embedding + Sum Z5 8/ LA, I8 a5 A FHRVE R R/
WNYERE . RN S P A, BB E IR | .

k1 WX EAARE

FEEMS  WLRRAN BAGEE RN R
1 1000 128 32 20
2 5000 128 32 64
3 30522 1024 32 256
4 50 000 1024 128 512
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DT VA AR SCATBETE Al SRS 0 Ak, SRI  E DL
Embedding 571 Sum 5773 512 oF B 9F 05 A2
Ak AR A AL S AU A AT (Fused) , BT
TR E T A IR — N, SRt g R e
Faaie

F2 H5ERIHHIGH T CPU 5 GPU T & I, 4418
1) Embedding-Lookup+Sum £ #4 s PEE . AAE X L,
FHFEIBFIH T PyTorch 2.5 BIERINSEIL CRAME ) 1E R,
FITA B 100 A 35 P39 FERT, 547 ms.

& 2 CPU “F & M Ak MK 2%

- PyTorch TVM TVM & YA PyTorch
FEiE Sk W L st
1 0.021 4 0.018 7 0.0016  11.51 13.17
2 0.042 2 0.1549 0.0044  35.11 9.57
3 7.746 1 17.034 6 22881 7.44 3.39
4 616865 1385831  20.2656 6.84 3.04
* 3 GPU -F & s illiX 25
e PyTorch TVM  TVM@G AminiE  PyTorch [
e FEE W th I b
1 0.0200  0.0107  0.0030 3.56 6.65
200197 00248  0.0048 5.18 4.12
302118  0.1981 0.061 5 3.22 3.45
4 15878 15133 0.449 7 3.36 3.53
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GPU A Ji5 o 14 7€ il AL Al 45 B2 3w . 7E CPU P& L, il
IFATA ARG R IT 5 S s, RE T T Huk
JRF AR A R IFAT R TE GPU & L, i e Hegs e
FIEL EARAL, BRI T BA7H 98 A A I AT T SRR
SEBEE RN, TR S ARG A AZ SRS AE S R A AS BE 4E
NREF& EHES T BB T, SE T ME SRR TE
I AV 3 5 R R T SRR T T A R . A
WAL TVM AE B oy 5 SIS 7 i A S 6t 1 T 55
(R BEREARORT S B AR e, ik — B IR R B e S A I T
AlG E SR SR AL T B A . AR AR AT T 5
W& IR E BN A TR IR IR AT e S DL 2 2 R AP
G 0B &N ARSI I

SEH:

[1]JJUNG W, DAO T T, LEE J.DeepCuts:a deep learning opti-
mization framework for versatile GPU workloads[C]//PLDI
2021: Proceedings of the 42"° ACM SIGPLAN International
Conference on Programming Language Design and Imple-
mentation. NewYork: ACM, 2021:190-205.

[2]SHI Y N, YANG Z, XUE J L,et al.Welder:scheduling deep

learning memory access via tile-graph[C]//17" USENIX
Symposium on Operating Systems Design and Implementa-
tion(OSDI23).USA:USENIX Association,2023:701-718.

[3]TensorFlow[EB/OL].(2015-11-09)[2025-11-22].https://www.
tensorflow.org/xla.

[4]ZHENG Z, YANG X D, ZHAO P Z,et al.AStitch:enabling
anew multi-dimensional optimization space for memo-
ry-intensive ML training and inference on modem SIMT
architectures[C]//Proceedings of the 27" ACM International
Conference on Architectural Suppon for Programming Lan-
guagesand Operating Systems.New York:ACM,2022:359-373.

[SIMAL X, XIE Z Q, YANG Z,et al. Rammer: enabling holistic
deep learning compiler optimizations with rTasks[C]//15"
USENIX Symposium on Operating Systems Design and Im-
plementation.USA: USENIX Association,2020:881-897.

[6]JFEGADE P, CHEN T Q, GIBBONS P B, et al. Cortex:a com-
piler for recursive deep learning models[EB/OL].(2021-03-05)
[2025-11-22].https://doi.org/10.48550/arXiv.2011.01383.

[7INIU W, GUAN J X, WANG Y Z,et al. DNNFusion: accelerat-
ing deep neural network sexecution with advanced operator
fusion[C]//PLDI 2021: Proceedings of the 42" ACM SIG-
PLAN International Conference on Programming Language
Design and Implementation.New York: ACM,2021:883-898.

[8]ZHENG S Z, CHEN S Y, SONG P D, et al. Chimera: an
analytical optimizing framework for effective compute-in-
tensive operators fusion[C]//2023 IEEE International Sympo-
sium on High-Performance Computer Architecture(HPCA).
Piscataway:1EEE, 2023: 1113-1126.

[9JCHEN T Q, ZHENG L M, YAN E,et al.Learning to optimize
tensor programs[EB/OL].(2019-01-08)[2025-11-22]. https://
doi.org/10.48550/arXiv.1805.08166.

[10]ZHENG L M, JIA C F, SUN M M,et al.Ansor:generating
high-performance tensor programs for deep learning[EB/
OL].(2023-10-15)[2025-11-22].https://doi.org/10.48550/arX-
iv.2006.06762.

(1] 2% . @R EF I RiFSE TVM 89 5T kb hiFmi
[D]. #:M @ %890 K, 2024.

[12] A . @& TVM REF D RHiFSHETRSEBRARMAL
[D]. #6M : #R90 K 52, 2023.

[{EEEN]
9 (1994—) , %, AmiE A, WAL, TAIF,
HRT R ALK, RHEFRLALFHALF.
OlcA5 B #9: 2025-10-14 44= B #: 2025-12-10)

2025 555 12 H E



