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Abstract  With the rapid adoption of Transformer models in artificial intelligence domains such
as natural language processing (NLP) and computer vision, the computational efficiency of their
core component—the multi-head attention (MHA) mechanism—has become critical for model in-
ference performance. However, in high-performance computing (HPC) scenarios emphasizing
low power consumption and energy efficiency, traditional GPU architectures face significant chal-
lenges due to memory bandwidth limitations and energy consumption issues. The MT-3000, a
CPU-DSP heterogeneous multi-core processor designed for HPC, emerges as a promising alterna-
tive to GPUs through its Very Long Instruction Word (VLIW) architecture, high computational
density, and exceptional energy efficiency (45.4 GFLOPS/W double-precision efficiency, 62%
higher than NVIDIA V100 GPU). Nevertheless, MT-3000" s limited main memory bandwidth
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(13 GB/s) and frequent I/O operations constrain its performance in memory-intensive MHA
computations. Existing optimization strategies primarily targeting GPU high-bandwidth memory
(HBM) and Tensor Cores prove ineffective for alleviating DSP platform bandwidth bottlenecks,
necessitating architecture-customized optimization solutions. To address this challenge, this paper
proposes a comprehensive optimization framework encompassing kernel optimization, memory
access optimization, and scheduling optimization to accelerate MHA inference in PyTorch ecosys-
tems on MT-3000. Kernel optimization focuses on low-level refactoring of critical operators like
Linear and Softmax.: Matrix tiling (e. g. » M; =6, N;=128), loop unrolling., and outer product
method design are employed to maximize computation-data transfer parallelism. For instance,
the Linear operator kernel is redesigned to decompose input matrices into sub-blocks fitting the
DSP’s on-chip vector memory (AM), with double-buffering techniques enabling overlapping of
computation and DMA transfers. Operator fusion further integrates scaling, matrix multiplica-
tion (Matmul), and Softmax into unified computational units, reducing intermediate data storage
and achieving I/O overhead reduction. The optimized Linear operator achieves 1. 53 TFLOPS per
cluster, reaching 37.7% of theoretical peak performance (4.05 TFLOPS), delivering 5. 34 X
speedup over NVIDIA V100 GPU for 1024 X 4096 matrix dimensions. Memory optimization re-
structures dataflow to reduce DDR bandwidth dependency: Weight matrices with reusability are
broadcast and loaded once into on-chip memory via global shared memory (GSM), while phase-a-
ware dataflow scheduling combined with cache management ensures high data reuse rates. For
example, intermediate attention scores in Softmax computation are cached in GSM (6 MB per
cluster), eliminating redundant DDR transfers. Scheduling optimization introduces row-granular
block parallelism, partitioning MHA tasks into row-wise subtasks distributed across 24 DSP
cores per cluster. Asynchronous DMA transfers hide data transfer latency, and dynamic load bal-
ancing ensures equitable task allocation. Experiments demonstrate excellent scalability: A 4-clus-
ter configuration achieves 3. 98 X throughput improvement over single-cluster with merely 3. 5%
latency increase (sequence length S=1024). Systematic evaluations validate the framework’s ef-
fectiveness: For typical large language model configurations (embedding dimensions 4096/8192,
32/64 heads) . the optimized MHA mechanism achieves up to 23. 53 X acceleration over NVIDIA
V100 GPU (S =128, 64 heads), maintaining 7. 87 X performance advantage in long-sequence
scenarios (S=1024). A parameter search space and memory constraint model provide general
guidance for balancing tiling strategies and on-chip resource limitations. This study not only de-
livers practical solutions for efficient deployment of bandwidth-constrained Al tasks on MT-3000,
but also lays technical foundations for domestic platforms like Tianhe supercomputers to support
large-scale parametric models. Future work will explore hybrid-precision quantization, sparse
computation acceleration, and dynamic pipeline parallelism to further unleash MT-3000’s poten-

tial in next-generation Al inference.
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3. FOR k,=0; £, <<K; &k, +=K, do

4. DMA (DDR—>GSM, X ([m,: my+M,)s [ko: k,
+E, ) —>X,);
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X, [M, K, 1,UFEHFH GSM 1R R EZE 47 15
WO B X, BRI — 2R P A
THFE X, (M, K, ] % Hilkiz 2= SM, Jf WAL E
FERE W B X6 R R R WL LKL, L N, 8
#%% P 4 DSP ) AM = ] b, iF /45 8 P A
Y,[M,. N, .5 E EAFXR A E . AT E—51k
it R X, W, R4 X, fw, #1711
BLEA X, MW, IEAR Y, i RERZ N,
T #E e Linear 5 FMTHRA AR, A SCRH T MR

PRV A% il e KA TR 5 HE A% ) JF AT
PR ERT T ERE. TR R N BT IR 2
Fr 7w
3% 2. Linear WA
BN CHERE X IM, LK LAWK LN
Wb R Y, (M, N ]
Begin
1. VPU load Y, to VR_y[0: M,),[0: N,/32);
2 FOR k=0; £#<<K,; £+ +do
3. //Loop unrolled
4. FOR m=0; m<M,; m—+—+do
5. SPU_load X,[m][k] to R_x[m];
6 Broadcast R_x[m] to VR_x[m];
7. //Loop unrolled
8. FORn=0; n<<N,/32; n++do
9 VPU_load W[k, n] to VR_w[n];
10.  //Loop unrolled
11. FORm=0; m<<M,; m++do
12. FOR n=0; n<<N,/32; n++do
13. Mula VR_x[m], VR_w[n], VR_y[m][n]—>
VR_y[m][n];
14, VPU store VR_y[0: M,).[0: N,/32) 0V, ;
End
RS 2 vyl o A AR SR A A 0
Y, [ EAE ) A AR A VR _y ok R HO B
B B At R (R . 42 8 R A B R T L
AR AR AR RE X RN 3 DL SR R R
W, B IINER 3 25 A7 4% 1Y #RAE SEAT 1 A AS AR AT AL Ak
B,k ik 5 2 2 AT B AL e i I ()
BHE T T RROCE,
H T R AT RO A% A O AT FRATTRE
X, MW, L & 5 15 B2 S 1 RS R
TE DA 2o A8 o 75 28 LR B A 3 SR Bl e A e
FNFRBRE . Hop X, EEEASLE X, K H
A R/NRBEE I SM A5 M —2F, X — 2 4
AR DO S
2X D Size XM, X K, <. SM_Size 4)
Hrb, D _Size R BAEHE KN A SCR I FP32,
Kt D Size i 4B, SM_Size /8 SM I A& &
e Wy FNY, LT A G2 vh XORAF L b 5 B —
NG P IXAE T, PRI 33X = 3 [] W) o 2 1) 22 ol DX 3%
INTEET AM IR/ 75 B0l 2 A X G IR,
(2XK,; XN, +2XM, XN, +N)
X D _Size << AM Size
X, BIR/ANTEW R GSM 2 5 45, I =
(6) Fr7K o

(5
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D_Size X K, X M, << GSM_Size (6) 6. //Loop unrolled
ﬂqT%%i«[‘ﬁ%{%%fgéim‘iﬁiﬁg*%ﬂ(ﬁu 7. FOR my=m,; m;<<min(M, m,+32); m, ++:
Llama'®’ 1 Qwen[‘%: ) F A AR ok M A TR S SR 8. VPU _load Y[m,][n] to VR_p[m, —m,] & ele-
FI Sk it A BE Ny 128 3, BRI SO Linear 710 crpoments
9. VR _sum[m,—m,] +=VR_p[m,—m,];

WESHEIEN M, =6 Ml N, =128, TESH%E#H
oM, BRTFTRE R M, BRSO N, WO N,
AL WK, MR EERER 2 WK, WK, Al
M, BRATRE N K, Al M, 5988, L5
RO e . A T BRI s 1 B R R LK, N,
M, FFES AT RE IR B R A . SR, T ax gk
SR BAEHEA IR L X R, T EAE N Z T
BT B, AR SGE o 2R A R R ACE A
FEREBTIRBR G, 22 TR 2] 73R 1 R iS58
KNI T 5.

x1 SHHEEZTH
Fe M, N, M, K, N, K, M,
1 6 128 288 4k 128 512 12
2 6 128 720 2k 256 256 30
3 6 128 720 2k 512 128 30
4 6 128 1440 1k 256 128 60
5 6 128 1440 1k 512 64 60

4.1.2 Softmax BHF1{1k

£ MHA H, softmax 5784 46 5l (1) S R 25 5%

Fe R A — AL R A, HH R AN PR
e’
25"

T Z B ICE = R HE R L RE
BRUAFTA ¢ KM, T MHA ¥ softmax J& LLAT
R B EAT B PR R A an Bk 3 B 7 AR I
Y[M.K i+ AM ZH, 7£ softmax 5 7 1k 1L
o AR S BRATHEAT R 4, B 32 AT AE I — N Ab R
B, X FREA AL, J R R ITR MBI, A
J 38 3k A B J T 1 I 2 A AT 0 1) SR AR A
&% 3. softmax b5
B R YLIM LN ]

W HE I so ftimax (YIM N, dim =—1)

D)

softmax (z;) =

Begin

1. FORm,=0; m,<M; m,+=32 do

2 //Loop unrolled

3. FOR m,=m,; m;<<min(M, m,+32); m, ++:

4 VPU _load Y[m,1[0] to VR _sum[m, —m,] & ele-
ment-wise ex ponent ;

5. FORn=1; n<N/32; n++:

10.

VR _sum wvector reduction & element-wise reciprocal

& transfer to R _sum;

11.  Broadcast R_sum to VR _sum ;

12. FORn=0; n<<N/32; n++:

13. //Loop unrolled

14. FOR m,=m,; m,<<min(M,, m,+32); m,++:
15. VPU _load Y[m,][n] to VR_plm,—m,];

16. VR_plm,—m,] * =VR_sum[m, —m, ];

17. VPU _store VR_plm;—m,] toY[m,[n];

End

KT kAR PERE A SRS 32 4> FP32 (i) fit
AT N ER R ) (vector reduction) SR Hl, Sy T il 3 X
— R FRATR A T E0 4% 09 0y ik A AL, ASE B
TR ] PR A 2, LR Y S B R T AN Rk 4
Fr 7
Bk 4. NI LR
Hi A VR _sum[0:32]

Bt R _sum[0:32]

1. ] bale 362X A VR _sum T AE &5 0 = A% 32 AL 34T
gL —114d.

2. BWAS VR _sum FF1E4n —HIEATHIN

3. XFHMJE 4 16 4~ VR _sum 57 a8 25474341, 55 B U A 1B
Hlml—4, 53 4 A,

4. R BERAE VSTDWOMI6 F1 VSTDW1MI16 445 2 25 4%
PR EIEGE R AM H L 2Z JF Fm#E ] VR _sum F A4 .

5. XFEEH VR _sum 75 A7 7% BEAT AN, 45 B A A8

A,
6. EE UL A~5 AR, B &R E] 32 AN IF 5 1 = N B A
(EIEESEE 3

H, VSTDWOMI16 #1 VSTDWIMI16 45 4 A4 1 Ji
Wk 2 iR, XM AR EE 42 2 MT-3000 40 #8855 A
) 1] i R PR AR AR , LA 0 D) BB R K 1) i A AE AR T
Bt X E I E S A AM,

*& 2 VSTDWOMI16 #1 VSTDWI1IMI16 8% #21E
Ui A7 B 1 T o A A A VifFR e AM

#b/‘\

HYX ., A N w
X e ) B 2 W7 I A0 B
VSTDWOM16
VRO:{B0,B1,--B13,B14,B15} {Bo, B16, B32,
VRI1:VRO, * AR
VRI1:{Bl16,B17,---B29,B30,B31} B48, Bl, B17,
VSTDW1MI16
VR6:{B32,B33,---B45,B16,B47}  B33,B49,-+-Bl5,
VR7:VR6,
VR7:{B48,B49,---B61,B62,B63}  B31,B47,B63}
* +AR[16]

R AE g AR N 3R 3 IR
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x3 HE4BFLCHRDEHA

"smvaga. M, %0, ARO\n"

"snop 1\n"

"vidw * +ARO[0],VRO\n"

" | vldw * +AR0[1],VRI\n"

"vldw * +AR0[2],VR2\n"

" | smvaga. M, %1, AR4\n"

" | vldw * +ARO0[3],VR3\n"

"snop 8\n"

"ystdwOm16 VR1:VRO, * +AR4[0]\n"

" | vstdwlml6 VR3:VR2, * +AR4[16]\n"

"r"(am_z1),"r"(am_z)

)

4.1.3 HTEa

TE TR B 27 )RR S B b B8 Rl o — Tl
FHBIAACEA , HAZ O S8 AR 2 i ok ol /D 5 40 7 A [
2 IR Z (8 B #% 3l R 48 TH i AR i 6 p
7N fE MHA 119 52 8 A, 46 B4 9 75 (matmul) & — 4>
fe VAL B SR, LS 38 R IR R A I (scale) FI
softmax X PRI % B 7. 8 T IAL Tk fE
FE9 A BB AL i AR T T RS R
X =R TR —E T

FLRR A, AR SOHE 40 L (scale) 328 55 15 42 ik A
matmul BN IHE Z 5, 763 845 200 2 1584
Jaor Bl AT scale #AE, IF 76 06 BE Al | 4% 2211 &
softmax &L R HGK 7y, BEJm . A HH % 3
() softmax AR NI R A% A9 VT — AL A . J8 aod i A
iR e i I SR - WK 3 N IR
R Z (8] 2k 7] 4 iz o BT B 7 %58 DDR A7 9 7 R
(9 AE IR, I 5853 R T i 3 b 2 A7 B2 T iR O
TERE .
4.2 BEFREMRL

TESEAT T8 B LA Y A b, AT B R A
SrAT T MHA BSR4 i 7 B

Bl 7 MHA B35 R o

a7, 0] LU B B A Sk B3 A R
gy, ERCKk U, A B 408 Linear 2 15 31 #

(K) . B (Q) F{E (V) Z Ji - i view F trans-
pose #AE, B AL Z AN EE 1k, H—2 5
e, 810k K, Q, Vs LEKEHRNK,
Q. VIS EIRREN, KT — KW, AN
—Fh T MT-3000 2244 /) MHA 465w L 3 52 43
MBI R B S R A BE KRR /O 1
eI S a5 R 2R B 3 K7 9 3 50 F i H 3k
B, TR ERANA R, RAOTHEAET R E L
HEAT A H 6 TR S L AT BRI R .
Eik 5. MHA 43 Bir Bl B4k

A A Inpw[S.D]AEEM W, [D,D], W,[D,
DI K W, [D,.D]

W B Output[S. D]

Begin

1. W% 1 HEAR QK.

2. ¥ K #BERNKT,

3. % Q RIS RATH(M 1T QOB = SMK K, T #5141
BN FD & AM, 458 303 8 M 472 1135 0 3
T EA GSM, 75— E A AM,

4. MEBHESWATE - Z R E AE,

5. HIEENIEMRIZEE GSM.,

6. ¥ MATHEREINE S V, #17 marmul i85 452 oAk
ML HH O, M 17, 45545R 8] DDR,

7. WAL 3~6, 1 H BT K ML FRAF B DDR, #4545 Ouz-
put .

End

i 43 B B B A AR SR AT LA BN TR )
Sk Ay S AR R B B TT L SR AT G0 43 HORE B X T O U AR
HEAT RS A0 A BE L SE 50 R L R AE B Rl SE L
AR SCKE A TH AR R 43 O AN G B B B . R R
BRSO R E JAEE A R DL B e K
Az R, S K R R AL K R R AR S
LT 5 B ) A% i Aot R 5 4 RO, a3k b T B 0 Ak 1
KRBT A RO B T 5 =EOE 1% il ok Y &4 AE
RS EER 1/0 FFEI15 5 18 % R4 .
4.3 EHRL

VIAE AL 0 A% 0 B b 2 0 /0 B4l 4% B i, Xl
PR R A B R A A R | A 4 R 4 R Ak S
17 (GSMD [ 87 9 R LA KA 20R T DMA A% fii
HeSTEL ., X R AL RN L AR T 1O D AE B B
IR T TR TR AR kRS 0 B 1S
Wl BXT b 8 s .

FE PG AL 2Z BT, BUOHE 1 1% i B% 42 2 )L DDR Y 47
HEF AM/SM, 58 i 8 J5 # 45 R 1% 151 DDR,
MR, DDR 5 AM Z [A] i DMA 1% i 3 2%
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B8 UifE AR Jn K 12 ook ke

13GB/s, 1M AM 5 GSM 2z [a] 4 & %y it 4 0] 5 35
160GB/s fFfE RS F 2, T —WER, &AM
P T AP R AT L B B DL A ] 4

FEAETE GSM Fl AM Hh IR 75 15558 W5 S BRIk
M 2> DDR 5 AM 2 8] /) 5008 A% S vk 8. 3 #h
RSP A R m e 2 A T AM 5
GSM 2 [8] ) 1 3 30 18 L 0 3 A T AR T A R0OR .
it QKV B B, H i £ A A A IS B 6 e
e 4 fin. RALZ AT T8 QKV Y & A3 4 46
7 24 Input )\ DDR #ti2 N/N, K 3| SM, X 7E
Input BB KEE 2 S8R F W Ui £ 85 . Mtk
ZJa R BE — k8 GSM, Z )5 M GSM. 17 #i%
B BIAT, A AR SO S B B R SR W 3E o B i
BIA% 43 FIE B ACEE (A% B g — 20 A TR
ViFER0% 0 3 S 0L A A5 e, FRATT LB sk 2> 1T A8
BB AL B AR T T RPERE

R4 QKVIHEGHEMLETEEEERTLL

S Input(DDR—>GSM)  Input(GSM—>SM) ~ W, (DDR—>AM) QKV(DDR—>AM) QKV(AM—>DDR)  Input(DDR—>SM)
At 4 7 2K DMA DMA Broadcast DMA DMA DMA
e Ak Hi 0 0 M/(P % M,) K/K, K/K, N/N,
itk )m 1 N/N, M/(P * M,) K/K, K/K, 0

5 XBWERELHHN

AR AL B G0 A S AL 00 E TR 4R A
EFPAE MT-3000 549 Z AL BEER 1 A PERE R 2L .
SEUS DA A BE R 8 CPU %0 B 2R 48 A 52 B DL &
Nvidia V100 GPU 4 fig 3 e , D55 3000 F 85 43
B TSI R B E DL K RGP R M A R
FF., B, @i Linear 35 F A1 50 7 2 o 17 40 6L
JE O R T AT LR AR L N P A
YEFEAS TR iy A FA R B B ] 5 LY 4878 T/ B 3
SN E S KB 5T 118 % 5 RURE
R OCEE AL AL . LR, JE T T R OE F R S 4
fic B ik A48 4096/8192, 3k %k 32/64) , %Lk 5
() Linear % F 1 MHA HLH| 247 hn s He ik . A%

Jei s JE AL BT g 2 AT LR G T R R
JEIL T R R S A0t a . ki
S M 2 A BEUE S T A SCHR SR RS B A A
JE S AER#)Z R A AL SR w9 G 25vE s S MT-3000 2b 3 8%
TR Z AT TAES b 0 = 380 8 B 1 SEUE AR A .
5.1 Linear EF K & &84 FF 38 MK

TEARAT o RATE Se Xt MT-3000 4bBEES | Lin-
car B Y SE I AT BF B) O 4 43 B . 38 S R AT
B R A QBB B s 2k 7R 2 B 2 (create
group) i1 Ccalculate) DA K PN 17 B i 5 B B (mal-
loc free) s RGE AL 1 25 Br B FE IS . XA 8] B
TBE ) B AN P X AL R B W, 3R 5 JOR T 45 Bir B
(R 2t % AR I 55 S AT I ], O [6) RSS9 B Linear
1 45 3B 4 i a) o AN 9 BR

RS5 A EMMELEFE Linear B & 584 B iE (HL07 . ms)
o4 AL calculate create group malloc free Total time
X (128X128), W(128X128) 0.167 0. 301 0.193 0.661
X (256X256), W(256X256) 0.195 0.312 0. 204 0.711
X (1024X1024), W(1024X128) 0. 329 0.317 0.226 0.872
X (512X512), W(512X512) 0. 343 0.325 0.231 0. 899
X (1024X2048), W(2048X128) 0. 398 0. 301 0.229 0.928
X (1024X2048), W(2048X256) 0.508 0. 308 0.246 1. 062
X (1024X2048), W(2048X2048) 2.725 0. 309 0.238 3.272
X (1024X4096), W(4096X4096) 10. 474 0.361 0. 229 11. 064

B X AN R AR S T Linear 8 F A9 £ 3 4
A 1B) JF 485 4 8 o 1T DLk B 6 28 O PR B AR AR 22 57

e/ P 3 5 R (I X (128 X 128) W (128 X
128)) , R # 4H B & (create group) 5 N F H i/ B aiL
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Proportion of Time Distribution for Different Scales

1.01 | - Malloc Free
o mmm Create Group
£ 08! Em Calculate
S 06
E 04
& 02

0_0

‘,\"v‘

&
Matrix Scale

Bl 9 Linear fEAS [RIHLAE T 19 45 38 40 BsF 8] 5 He

(malloc free) #AE B I 8] (5 L 23 %1 55 35 45. 54 %6 Fl
29. 20 %0 » 3X 7% W 2R R0 Ui 1 19 i1 5 T4 /N BRASL 1
POk B R . e SRR 0 S sh AN
EHNA G J A, AT 2 B . SR Bl
FE AR PR (I X (1024 X 4096) W (4096 X
4096)) , 2k B2 41 A0 £ 4 B ] o5 LU R & 3. 26 %0, N AR
HAE /B o5 LR B 3 B AR, X — B T KM
BB A% O T B3 AT 55 1) R 1o i 25080 15 0 T 2
TR U A S 45 PR 450 0 [0 TR B B AR . L
FERBB Y 5 F BB e £ SRR )
U A B4 AR X6 55 i S 2 R 555 L AT I K RS B 5 ) B 4K
TS5 A B T T TR B R A
AT T AN Linear 51 19 315 1 AE #F
frEm bl i X WA EIM,K],W By
2[K.N].

MKN 1000
Per =

1024° tzme
MR A 7R /N 3 S rh, i X (128 X128)
W(128X128), LM PEREL A 11. 72 GFLOPS, X
FER TN T 5 T A AR I B . BN
% )2 B A A 25 (B R A B 78 7 42548 . BE B PR AL
PR MERE S I W F 2T Y A3 2 X (1024 X
2048) . W (2048 X 2048) Hf, s W ¥ A Bk 7+ =
1467. 89GFLOPS; 75 1 K HLAR 37 5t X (1024 X 4096) |
W (4096 X 4096) &, ¥ G #f — P ik 3] 1527.74
GFLOPS, i5 3| 5% 22 W {1 BB (4. 05 TFLOPS) (1)
37.7% o XFW A SCHRE 1 23 B OR m  BLZE vh e R
5 VLIW 154 G RE i T FAEH S0 FR il .
5.2 Linear & F §9 0 bk 5K
AR 3 A X L SE B AL T Linear 57 78 MT-
3000 ZbBRAS b py i E Pk RE . SC%9 K PyTorch #E
25, NVIDIA V100 GPU 1 MT-3000 ji | CPU

GFLOPS (8

SN BESE 4 L7 batch size=4 B E T H AT &R
PEREXT E . WA I A B S B N 3 L 5

55 S R0 G T2 AR R A0 L R A AR O X
[S.D]AEME LR R WD, D, H i A4
D=4096 (55 Llama 7B, Qwen 7B % & &I % i} X}
FEO L FHIKBE S M 128 Z 1024 DL 128 Kb,
BEXEAS TR BB HE [ X FIALEE W, Linear 764 7] °F-
& ErPATE R 6 s,

% 6 Linear TR E T & LB HATHFE (A .ms)

i AT DSP V100 CPU
S=128 3. 34 17. 82 1196. 34
S=256 4,24 21. 85 2250. 13
S=384 5.04 24. 46 3395. 38
S=512 6.07 27. 86 4494. 68
S =640 7.35 30. 27 5794. 08
S=768 8.79 33. 46 6624. 15
S=896 9. 66 36. 90 7936. 59
$=1024 10. 81 39. 94 8740. 79

3L R LA BRIV A L AR S B9 MT-3000 DSP
5 NVIDIA V100 GPU Z [a] fyPEBE 2 5. % B hr
FOWR BT MT-3000 7647152058 1 1 42 T i
B, TR 6 RO TR A BURET A S  BoE | 10
N IB AL E TN R PSP SR ES

Speedup ratio of DSP over V100
—e— Acceleration Ratio (V100 / DSP)

Speedup Ratio

128 256 384 sI2 640 768 896 1024
WY

Bl 10 Linear 578/ [RI MU 49 n 2

AR AT LAE 1, DSP 75 45 200 M B T 1y
B FER T V100, (B IR Bl % 46 BFE AT 5 (SO 1y 3 n
S D, HARTT L 7R/ B [ (S <<384)
iF . DSP 4 i LA 2 7E 4. 8 X LA b B AT A 5. 34 X
(S=128), ik £ E5 25 T A SCHE i o Ak L, )
LA R A A% i 5 T B AR IR AT L 0 B SR
AN A& T T A N B TR AT AT 55 Th Re 98 72
Gy RIS I OL . SR, AE R B B (512<C
S<C1024) Bf, i HZ W T BEE 3.69 X (S =
1024) 3K & i T BE & 1H 5 = 03 K, V100 19 5l
ez B o AF A B E] B R RE L HRTE T84 DSP AR
R . A IR LA BT R R L {H DSP 7 48 5% S04 7



2060 it <A

Bl

i) AT 4 4558 V100, Bl InAE S = 1024 W}, DSP
FEAHY S V100 # 2796 (10. 81ms vs. 39.94ms),
X RIS 1 DSP 3 3E & Kk 7 B8 v & DLy
TEAERE (D =4096)£R Mk 2118 5. i A X T gl
ffiHl CPU, 24 S=2896 Ll K S=1024 I}, Jin i 4>
WA 821,59 % L & 808. 58 £, DSP J& Bi i} %f
CPU g He A8 M 34 AR 3L T FRATT LAk iy b 24
5.3 B = _ER) MHA fniE i

A A R GRS IR PP A MHA BLH 5y 8
A RRE, 37 5 NVIDIA V100 GPU # 17 %f It 43
BT s LIS UE S5 A AL AR . 52 50 2R FH 55 B iz FH 3
Serf g U IR B L Batch size [ E R 4, 4> B EE 32
S CGLYERE 128) Al 64 3k Gk 4B 128) 19 7E & J1 4L
B A - R LN N A= S 2 S RN
FRIAErE . PATH R a0 7 FEK 8 s,

F£7 32 LPATREIITEE

AT DSP V100
S=128 24. 22 353. 38
S=256 31.55 357.73
S =384 39. 84 361. 81
S=512 52.01 366. 75
S=640 60. 18 372. 42
S=768 66. 90 380. 27
S =896 73. 84 387.67
S=1024 83.08 394.78

# 8 64 LPATHEITEL

AT DSP V100
S=128 59. 32 1395. 69
S=256 72.54 1412. 04
S=384 89.78 1425. 84
S=512 109. 56 1448. 23
S=640 131.75 1466. 16
S=768 157. 71 1496. 64
S=896 172. 28 1515. 50

S=1024 194. 27 1529.73

T A VAL B M RE AR SCEE B T 2T
FI K & (sequence length) #E47I3L, B 1 F5 K J&E S
WHE R 128 2 1024, M 128 B— A E0HE o5, AR
PO A g A 904 BE 1 37 55 . DA [ Sk 0 ok
Pl R R L i 11 s, BB R T MHA
EARTIEE Tt rE B,

H P S %04 , MT-3000 Ab 33 88 78 MHA #LH
R PERE R B B 2 T NVIDIA V100 GPU, Jt H:
JETE R S B (head=64) 3 5t T J L 1 5 5 119 Jim 128 7%
J1. LB 32 BEFE 64 W), MT-3000 (i3 ok
TRAETE, DIETAITEC S =128 M, head=32 BN

N 2025 4F
Speedup ratio of DSP over V100 on MHA
TS il o
A 2004 N
= e,
S 17.57 \\
- Su
= 15.04 s -
2 ¢ 2
e 125 e
= 10.04 i
1 —.
o - -
& 157
@ i T
5.04 e e

640 768 896 1024

Input Rows/M

MHA ZEAS [/ BT )00 L

3% 512

K11

W N 14.59 X, 1ff head = 64 i # 1 B TH &
23.53X, X—HR LW, V100 fEFHIFITLZLITHE
Fp T I S A SRS, T MT-3000 38 i3 A6 B8 it
JABE (a0 DMA T8 VBRSO FE ORI R 22
fE BEBEAMT 1/O VifE I8 . B A AT 90 K
S M 128 8 5 1024, MT-3000 FHNE H R ZE AT
Rt B (H AR AT 4 B E L HY . 7F head =64 I,
S=128 WYMNE L A 23.53 X, 1 S =1024 Wf &=
7.87X . X—i#HIEH T V100 A5 2 E B A
A IE] o b/ S By, R ke, MT-3000 i 5
JZAEAGE A A 53 2 DMA 1% fii . 475 58 16 K LA S A
YRR R AR . B, FE S = 1024 B, MT-3000
FEMF 194. 27 ms S8 AT L 1M V100 7 1529. 73 ms,
FB MT-3000 78 £ 7 FI AT 55 v 24 52 B R FH A 18
TE S AY 1) ORI BB C (A A ZERE 8192 #5TL
64 %), MT-3000 7E/NFEAL i A (S =128 ~512) B
FIEE R ik 13. 22X ~23. 53 X, 3& & 5% i #fE B AT 55
Chn SCA A B 58 B RS . X T K R AIT 55
(S=1024) , 3 A PR HFAE 7. 87 X, WoR HiAE & I
Yyt T i3 WAk
5.4 L#% R MHA ¥ BN

ARFTEFXF MT-3000 B 0F T 25 IF i B P
JEAR, BT 32 SRR I ALIBC 8 i R S
Ab P batch_size=1 fE45 #EATI B0, 03k 9 Pros,
HWAFIRKEMN S=128 9" = S=1024 I, PUH%E
2 VO B XM B L T I I A B R s ¢ 4 I AR
3.5% LI, Hith S =1024 35 F PUFE B AFHIE Ky
83. 08 ms, K HAFE 80. 63 ms LI 2. 45 ms, B
AR S T R

T P I S 3 S B PR T 22 R A FE AL
WEA . 2 CPU #17 Z & 4T % 4y Bo i, &4
Y B 5 T L ST Y 2R AR 2 ) i AR RN R 2B 4R A
1117 326 S A7 B AR ) I 5 900 ) A R B TR A DG OR
R, REHFEREFE. R g ah 200
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TR Y A S, L S=1024 i, Y #% A X
BT B[] PN AT SE R 48. 15 A EEA T (83. 08 ms/ B
A B R (80. 63 ms/FEA) SIHE 3. 98 £ A nt:
AR T, F A E MT-3000 443 15 = 2244 e 20K
TR IR Ak SE PR B3 25

R9 NI MHAFEM
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S=1024 80. 63 81.43 82.28 83.08
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7.87 fEEREIR T WL T fE 5 GPU 1E £ k471t
RN a8
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SR AL 7 T SR P B 3 e L 9 A A AL RN B i
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1. 53 TFLOPS, (5 BB WA 1 37. 7% , A% NVIDIA
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HEAELE T Gk AZEJE 4096/8192, 3% 32/64) 4
# NVIDIA V100 GPU & in i 23. 53 £i5, HL7E 5
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Background

This paper addresses a critical challenge at the intersec-
tion of high-performance computing (HPC) and artificial in-
telligence ( Al): optimizing Multi-Head Attention (MHA)
mechanisms on bandwidth-constrained heterogeneous proces-
sors. MHA is a core component of Transformer-based mod-
els, which have revolutionized natural language processing
(NLP) and other Al domains. However, as model sizes
grow to billions or even trillions of parameters, traditional
hardware accelerators such as GPUs face significant challen-
ges in balancing computational efficiency and memory band-
width utilization. Current international research has primari-
ly focused on optimizing MHA on GPU architectures, lever-
aging high-bandwidth memory (HBM) and Tensor Core ac-
celeration. Despite these efforts, existing solutions often
struggle with bandwidth-constrained scenarios, particularly on
low-power processors like digital signal processors (DSPs).

In this work, we propose a comprehensive optimization
framework for MHA on the MT-3000 processor, a low-pow-
er, high-performance DSP designed for HPC tasks. By in-

tegrating operator optimization, memory access optimiza-

tion, and scheduling optimization, we significantly enhance
MHA inference efficiency in bandwidth-limited environ-
ments. Our optimizations achieve a peak performance of
1. 53 TFLOPS for the Linear operator on a single cluster,
reaching 37. 7% of the theoretical peak and achieving up to
23.53 X acceleration over NVIDIA V100 GPUs in typical
large-language-model configurations. These results demon-
strate the potential of MT-3000 as an efficient alternative for
Al workloads, particularly in long-sequence inference tasks.
This research is part of the National Key R&.D Program
of China project titled “Application Support Environment and
Development Framework for Next-Generation Domestic Su-
percomputing Systems” ( Grant No. 2023YFB3001900).
The project aims to establish a diverse application support
environment and development framework to facilitate the ad-
aptation and upgrade of diverse autonomous application soft-
ware to next-generation domestic supercomputing systems. This
work contributes to advancing the development and efficient op-
eration of framework software for scientific intelligence compu-

ting on next-generation domestic supercomputing systems.





