The Huawei-DeepSeek Symbiosis
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Right before China’s national day holidays, DeepSeek released Ascend support for
TileLang, DeepGEMM, DeepEP, TileKernels, FlashMLA, and DeepSelect.
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Neither can do this alone. Although they have Pangu, Huawei has no frontier lab to
prove their chip can train or infer models, DeepSeek has models but cannot buy the
compute it needs. Each supplies exactly what the other lacks: Huawei provides the
hardware and native software stack; DeepSeek brings the workloads and engineering
needed to make that hardware useful for its models. September 30’s release of
Ascend support in DeepSeek repositories is an artifact of this trade, where the
exchange runs through the kernel-authoring language.
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In 2028 or even 2027, DeepSeek will likely be primarily using Huawei’s stack,
especially with the external and internal pressure to build a fully domestic chinese
ecosystem. As we show here and in future articles, the Huawei ecosystem is already
mature and well developed, with strong foundations from the Ascend time and

DeepSeek engineers building further ontop.
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In this article, we'll first examine Ascend 950PR’s architecture and benchmark its

compute and memory performance. We then explore DeepSeek’s software releases,



from TileLang’s compiler capabilities to hardware-specific kernel optimizations and
rack-scale communication. Finally, we analyze DeepSeek-V4.1-Flash’s execution

profile.

FEAXSF , BRITBEELEZMTARE 050PR AW , ANHEE S MAFEEEH TEEN
o BEfE , HAIVKEIR Y DeepSeek WEHER MR , M TileLang M4miFeR6E D , B4t
NEEFEHNE L , BEIWEREE. &5, BI1E 247 DeepSeek-V4.1-Flash
HY AT HFE o

Ascend 950
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We deep-dived into CANN and the Ascend 950 architecture in our DeepSeek V4 Pro

article. Since then, more interesting details have been revealed.
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Starting from the chip, many variants of 950PR/DT have appeared with varying core

counts, HBM stack height, and cache sizes. Some are likely either

virtualised/simulated, or for testing only. This is because only a fraction of dies and

HBM stacks meet the target spec, due to both outright defects and parametric

shortfalls in power and performance, so Huawei bins both compute and memory into

multiple SKUs and pairs weaker memory with weaker compute, rather than binning

only compute as Nvidia does.
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950DT — SKU Comparison

Core Count Frequency Memory L2 Cache DDR Rate
2y Chlp Al Core Cube Core VectorCore AICPUCore Cube Core VectorCore (GIB) (MiB) Base Read Write Niislization Oations
DT 8591 950DT 36 36 72 5] 1800 1300 144 128 40 40 40 4,8,16,32 |
DT 9582 a50DT 36 36 72 5] 1800 1800 96 128 40 40 40 4,8,16,32 ‘
DT 9595 a50DT 36 36 72 6 1800 1800 96 128 3 31 31 4,8,16,32 |
DT 9596 95007 36 36 72 6 1800 1800 64 128 31 31 3 4,8,16,32 }
DT 95A1 a50DT 36 36 72 5] 1800 1800 144 128 40 40 40 4,8,16,32
DT 95A2 95007 36 36 72 6 1800 1800 96 128 40 40 40 4,8,16,32
DT 9581 950DT 32 32 64 & 1650 1650 144 128 40 40 40 4,8,16,32 |
DT 9582 95007 32 32 64 B 1650 1650 96 128 40 40 40 4,8,16,32 |
DT_8582x 95007 32 32 64 6 1650 1650 96 128 40 40 40 4,8,16,32 |
DT 9583 95007 32 32 64 7 1650 1650 126* 112 35 35 35 4,8,16,32 |
DT 9584 95007 32 32 64 7 1650 16850 84 112 35 35 35 4,8,16,32
DT 9585 95007 32 32 64 & 1650 1650 96 128 31 31 31 4,8,16,32 ‘
DT 9586 25007 32 3z 64 ] 1650 1650 64 128 31 31 31 4,8,16,32 |
DT 9587 95007 32 32 64 7 1650 1650 84 112 27 27 27 4,8,16,32 i
DT 9588 95007 32 32 64 7 1650 1650 56 112 27 27 27 4,8,16,32 |
DT 9571 95007 28 28 56 7 1650 1650 144 128 40 40 40 7,14,28 \
DT 9572 950DT 28 28 56 7 1650 1650 96 128 40 40 40 7.14,28 |
DT 9573 950071 28 28 56 5 1650 1650 126* 112 35 35 35 7,14,28 |
DT 9574 350071 28 28 56 5 1650 1650 24 112 35 35 35 7,14,28 |
DT 9575 950DT 28 28 56 7. 1650 1650 96 128 31 3 3 7.14,28 |
DT 9576 950DT 28 28 56 7 1650 1650 64 128 a1 31 3 7.14,28 |
DT 9577 95007 28 28 56 5 1650 1650 84 112 27 27 27 7.14,28 |
DT 9578 95007 28 28 56 5 1650 1650 56 112 27 27 27 7.14,28
DT_950x 950DT 8 8 16 5 1650 1650 24 a2 10 10 10 2,46 ‘
DT_950y 950DT 8 8 16 5 1650 1650 16 3z 7 7 7 2,46
950PR — SKU Comparison
Core Count Frequency Memory L2 Cache DDR Rate
SKu ChiP alCore  CubeCore VectorCore AICPUCore CubeCore VectorCore  (GiB) (MiB) Base Read wiite | uauolisation Options
PR_9599 950PR 36 36 72 [ 1800 1800 128 128 16 16 16 4,8,16,32
PR_9589 S50PR 32 32 G4 (-] 1650 1650 128 128 16 16 16 4,8,16,32
PR_958b 950PR 32 32 64 7 1650 1650 112 112 14 14 14 4,8,16,32
PR_9579 950PR 28 28 56 7 1650 1650 128 128 16 16 16 4,8,16,32
PR_957b 950PR 28 28 56 7 1650 1650 112 112 14 14 14 7.,14,28
PR_957bx 950PR 28 28 56 7 1650 1650 112 112 14 14 14 7,14,28
PR_957c 950PR 28 28 56 5 1650 1650 84 112 14 14 14 7,14,28
PR_957d 950PR 28 28 56 5 1650 1650 98 96 12 12 12 7.,14,28
PR_950z 950PR 4 4 8 5 1650 1650 24 16 2 2 2 24,6

This isn’t new, 910B also has variants such as 910B1, 910B2, 910B3, 910B4. For the

following microbenchmarks, we use an Ascend 950PR_9579, with 28 cube cores and



128 GiB HBM.

XHIEHEEE | 910B hEZ AT | {50 910B1, 910B2, 910B3., 910B4., £ FME
B EEN RS | RIVEANE — Ascend 950PR_9579 , Bit& 28 4 Cube #/vHM
128 GiB HBM,

root@cb3bb851f93f: /workspace# npu-smi info

| NPU ID | Name | Health | Power (W) Temp(C) Hugepages-Usage(page) |
| | | Bus-Id | NPU Util(%) Memory-Usage(MB) HBM-Usage(MB) |

e e e e e
——————————————————====4

| 0 | Ascend950PR | OK | 203.3 56 0 / 0 |

| | | 0000:12:00.0 | 0 0 / 0 5242 / 131072 |

e e e e
e

O S S S S
______________________ +

root@cb3bb851f93f:/workspace# npu-smi info

+ +

| npu-smi 25.7.rc1.6 Version: 25.7.rc1.6 |

+ + + + +

| NPU ID | Name | Health | Power(W) Temp(C) Hugepages-Usage(page) |
| | | Bus-ld | NPU Util(%) Memory-Usage(MB) HBM-Usage(MB) |

| 0 | Ascend950PR | OK | 203.356 0/0 |
| || 0000:12:00.0 | 0 0/ 0 5242 / 131072 |



Running point chases reading 16 KiB of integer payload per launch, it stays near
134ns through 18 blocks, rises to 182ns at 56, then jumps to 391ns at 64. This is

consistent with a second wave beyond 56 Vector cores.

RIBIZE ( point chase ) MiXE IR B 3N1EE 16 KiB B EEIE , £ 18 1 block LARIE
IBIRFEFTE 134ns £4 , 2l 56 4 block Bf A ZE 182ns , 2| 64 4 block BBk FH =
391ns, X5# 56 4 Vector #/0 G B A S Z RO B IR ME R

Ascend 950PR concurrent pointer chases
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Then by running a scalar pointer-chase probe separately on every Cube and Vector
core, recording load timings at matching addresses throughout a 128 MiB chain, we
get the following graph. Each cell’s color represents the mean absolute difference
between two cores' address profiles, producing two groups that match the decoded

dies.
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Going further, by timing a Vector core’s pointer chase while another core runs either
memory traffic or register-only work; the extra slowdown reveals which subsystems
share resources, supporting groups such as {0,2,4} and {1,3,5}. Mixed Cube/Vector
launches identify each subsystem’s one Cube and two Vectors, which we draw
together within those groups, with physical positions remaining schematic.
HE-—FHKE 6 BEES —MEOETAFLTEORESATFRABNEN , HEAD
Vector #Z /UMY IEEHIBIZE ( pointer chase ) B TR |, FTF= £ MEFIMNEERB R T HRLE F
REGFEEREREAZ , NMENET &M {0,2,4) M {1,3,5) XHEM S H, Cube 5 Vector
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Ascend 950PR die sharing groups
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Source: SemiAnalysis
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CPU within the NPU

NPU AEB#Y CPU

Each 950PR comes with a variable number of Linx816 AArch64 ELF AICPUs. The
MIDR numbers imply these cores are likely the same as the middle cores in the Kirin
9000S/9010. These AICPU cores have instruction set:

S5 950PR W R AT HMEM Linx816 AArch64 ELF AICPU, MIDR %S 3ER |, X4
ZOR AT EE SRR 0000S/9010 A #ZMEE, XL AICPU AL EABUTESEX
F

fp asimd evtstrm aes pmull shal sha2 crc32 atomics fphp asimdhp cpuid

asimdrdm jscvt fcma lrcpc dcpop sha3 sm3 sm4 asimddp sha512 sve



asimdfhm dit uscat ilrcpc flagm ssbs sb paca pacg dcpodp flagm2

frint svei8mm svebfl6 i8mm bflé6 dgh rng ecv

fp asimd evtstrm aes pmull sha1 sha2 crc32 atomics fphp asimdhp cpuid
asimdrdm jscvt fcma Ircpc dcpop sha3 sm3 sm4 asimddp sha512 sve
asimdfhm dit uscat ilrcpc flagm ssbs sb paca pacg dcpodp flagm2

frint svei8mm svebf16 i8mm bf16 dgh rng ecv

For this SKU, there are 7 configured, 6 visible, and 5 executing AICPU cores. Other
than device control it can provide CPU-operator support, such as KV metadata. The

AICPU helps out for short work where D2H overhead take up most of the time.

3% SKU , HEET 7 4 AICPU &0, Ef 6 NATAL |, 5 MSE5RERMIT. KRR
BRI , BRERE CPU BT, flMNAE KV T#HiE, XTF D2H (RFEF=E
) E5TT 8 SIRE K30 TR EES |, AICPU BEB B RREHBIER.

For DSA, a small scheduling step reads the current sequence lengths and assigns
indexer work to accelerator cores. Cube/Vector cores then compute INT8 indexer
scores and select the top 2,048 indices. These planning, index selection, and gather
steps are ran on AICPUs in vLLM-ascend implementation, and we compare their

performance to running on the host CPU.

EDSAH , —MUMAESRSERYFFIKE , B ESIZE (indexer ) £
DEAINIEEE %D BEJE Cube/Vector #/0THE INT8 RSB , HIiFIEHE 2,048
MN#&ES|, £ vLLM-ascend WRI A , LMK, FES|%EFEF gather ZERIYIE AICPU
LiE1T , BITEHMEESEEN CPU LIETHERBT T XL,



Sparse index selection and gather on 950PR
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Due to their limited compute performance, AICPU is only good for short work where
overhead dominates, and work where data starts and is consumed at the NPU.
HTEOMERR , AICPU REEHFHELESHNERES , URKIEE NPU EF=4£H
£ NPU E#UBEZR THERE

Microbenchmarks

REER R

Ascend 950PR is designed for prefill and recommendation. It gets lower memory
bandwidth and core than its bigger brother the 950DT.

Ascend 950PR TR TE T ( prefill ) MEFEZ R RIT. HEEAXNRFES 950DT ,
TR FH MR OREEER.

The results below are not from DeepSeek’s contributions but from stock
torch.matmul on ascend resolving to aclnnMatmul MatMulV3Common MatMulV3 .
We compared 1,055 BF16 GEMM shapes from several open-sourced models.

Huawei’s best kernels hits 99.7% of the ceiling, showing DeepSeek’s 99+% from



DeepGEMM isn’t the only way to maximize utilization. Huawei engineers did good

work too.

THENERHIEREB DeepSeek HE , MEXRBFEE LFREMN torch.matmul , H
EMEEEN aclnnMatmul MatMulv3Common MatMulv3 o BAIXEE TRBZAMNFIR
BER 1,055 I BF16 GEMM Bk, #ARMBE FEE TEIL LIRAY 99.7% , X &
B DeepSeek & DeepGEMM EIH 99%+ Rl AR HEZR KR H R E—IER,
HPH TRRMEHFMS T HERTHE,

BF16 GEMM across eight accelerators
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Source: SemiAnalysis
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The advantage is concentrated in compute-bound work. On the shapes below
Ascend’s ridge, its median achieved/attainable fraction is 41.5% versus H100’s
46.8%. Some of Nvidia’s results were power-limited and did not hit maximum SM
clock: median power around 690-698 W out of a 700 W limit, and median sampled
SM clocks at 1335-1470 MHz, below the max of 1830 MHz. Huawei approximated
599-600 W, at 1500-1550 MHz against its 1650 MHz reference.
EMABETEETETERERES L, ELTFEE LR K (ridge ) 2 TR
R, EBERAYSERRAR IR ALARI AR BIRE8 A 41.5% , ™ H100 9 46.8%.
RFEVEBDMIAERZE T HFERS , RIXF&KS SM =R : £ 700 W HyZhFE LR
N, HRuERIhFEA T 690-698 W, KiFHY SM SRR AN ERIE 1335-1470 MHz , €T
1830 MHz WE{EEH., #ANNFEMEANN 599-600 W , IZ1THMZER A 1500-1550
MHz , fl§F & 1650 MHz W E &S EE,



Ascend’s MXU design may contribute to some of this high utilization, Ascend stages
matrix operands in dedicated LOA/LOB buffers and accumulators in LOC, with
overlapping movement, computation and result handling. Huawei associates the
enlarged LOC with more flexible tiling and reuse.

FEH MXU RITARRXIIMENARNRERZ —. FSBRERREREFETH
#9 LOA/LOB EFXH , H K RMERFHE LOC 1 , EHERE. HTESLERLEB/U
EBH1T. RN, AW LOC BEBHREREN TR (tiling ) SHITFEEA.

But of course, 950PR’s falls behind on absolute values, sitting somewhere between
A100 and MI300X.

EBEEL , 950PR AN MHRERE LMAER , &F A100 5 MI300X Z[E B K

BF16 GEMM throughput across eight accelerators

Absolute roofline Median (fill) and best (outling)
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5 100
= 1 MI325% 592 770
® Ascend 950PR B300
' | LA H100 MI300X MIS00X 59 |6
t % .
100, . 5 H200 MI325X
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| PR N L -SSP PRSP SR
109 10 107 10% 104 0 500 1000 1500 2000
arithmetic intensity (FLOP/byte) achieved TFLOPS

Source: SemiAnalysis

SRR : SemiAnalysis
MemBW

HNFHFR (MemBW )

Measuring HBM memory bandwidth, we see 950PR’s effective bandwidth and
bandwidth utilization surpassing H100 at small message size per buffers, and nearly

matching H100 in bandwidth utilization at large message sizes.



EN HBM AEH R , RN , E8NMNEAXAEERYR/NET , 950PR B9F
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H100 #%F.

950PR and H100 copy bandwidth

—e— 950PR —=— H100

1
TOOR Foren e e T e s T s e
| 9S0PR; SDMA » Vector
| 400,000 bytes
1

1
3,000 :«;mpa;sam\ » Vector
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Message size per buffer Message size per buffer
Source: SemiAnalysis
SRR : SemiAnalysis

A dip appears in the curve as Ascend switches copy methods to a Vector-core
TensorMove kernel that has more startup cost, so a slightly larger copy suddenly
takes longer. For very large copies, that extra cost becomes relatively small, so
bandwidth rises again.

HEAHRHAT —LME , IRETABYHRTEF LN, BEAERABHTHEARN
Vector #% TensorMove E¥ , SEBBEER A —ENEFIRERNRMRAE M, m
NFBAMENHIEES , XEOMMFTHEOLEANETD , BEHFRXSEHREH,

Note that high FLOPs utilization and bandwidth utilization does not necessarily
translate to high MFU/MBU. Training, especially with FSDP, requires collectives,
checkpointing, and data moving that can be hard to overlap.

FEISHRE , S FLOPs MIARNSTRANARAT—E2HA NS MFU/MBU, &
Bl (LHREXA FSDP 8t ) FEEHITREA/BRE. REKAREFEURKEREZ , MiX
LREFTERERTEERBRES,



As we mentioned in our Jalepeno article, a “chip” in benchmarks is just a social
construct. Multiple dies can be glue to form a bigger “chip”. Thus performance per
watt or TCO is the best comparison. But for China, watts are far cheaper. We’'ll
analyze Ascend’s perf per TCO in a future article.

EMFENERT Jalepeno HIXEFRREFR , EEMNHENSH"BETFTTIR—MAN
EX, ZMRA (die) T2 UBIHEHER-—BMEARNTHE. Hit , SR%8E
FEPERE (TCO ) TREEENNLLEE, EXHPEXRN , EIREFEF/ES
Z, BINBERENEFHE - TFBE LR TCO KRR,

# OpenAl Jalapefio : &I T EE Blackwell

OpenAl Jalapefio: Better Than Nvidia Blackwell
Read full story

Hardware raises the ceiling, but software lets you reach that ceiling. Although
Huawei’s hardware may be beyond ~5 years behind(compared to A100), the software

is right at the frontier.

BHRST LR, BERAERE TIREETMEBNMNLR, RELNNEHAIEERT
A100 BEY 5 F , BRHFE LA TEHEKF,

DeepSeek Open Source

DeepSeek FFiR

For the 6 repos that received ascend support(TileLang, DeepGEMM, DeepEP,
TileKernels, FlashMLA, DeepSelect), only TileLang is usable as of writing, and CANN

9.2.0 has not been released. Deepseek requires CANN 9.2.0 which was released



after time of writing, and a C++20 compiler is required which CANN 9.2.0-beta.2 does
not provide. The HDK will be released on Oct 15. This comes after DeepSeek’s open
source week in 2025, where some of these repositories were released with Nvidia

support only.

ERBEBIEFN 6 MBE ( TileLang, DeepGEMM, DeepEP. TileKernels,
FlashMLA, DeepSelect) F , B E BTt R AE TileLang ATA , B CANN 9.2.0 &k
Ko, DeepSeek ER{EM CANN 9.2.0 , ZIRAREARANXBREZEA XM , HEFE
C++20 4mi¥2% , ™ CANN 9.2.0-beta.2 Hxigfit, HDK ¥ T 10 A 15 B &, XX
4 7£ DeepSeek 2025 FHRAZE , HXERBEFE D XA X Nvidiao

From the results above, we can see Huawei can already execute operations well; the
symbiosis is about making the rest of the application & the work required to support it
more efficient and reusable.

MERERAUEFL LN ELEBRIFHINTHEXEE | XMEEXZANENE
T, UENANERBIURZFEMENIEESEESR. EUEMA.

Engineering runs both ways

TEIMERN@A =

Huawei’s architecture is already influencing how DeepSeek’s software organizes
data. Earlier FlashMLA KV-cache layouts stored quantized values and their scaling
factors in separate regions. On Ascend, fetching a token then required separate
transfers for its values and scales. The new implementation places them together,

reducing the number of transfer requests by the memory transfer engine(MTE).

R RHEZRTF AT DeepSeek RHFARBTEN AR, R FlashMLA # KV £
EHREENESHERERTERERRRE. 5B L , BUE—1 Token IEE N
HBENBHEFI#HTHREERR. FZINERERE—E , \MBLDTRFER
5|2 ( MTE ) W& 55 RIRE.
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copy 2 (MTEZ2): token 1 scale
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[ Vector-side staging buffer (UB) J
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Source: SemiAnalysis

Scale 2

Values 0

SRR : SemiAnalysis

From fast kernels to reusable kernel engineering

MNEMHFRTEANKTFTE

Ascend 950 backend is merged into the main TileLang repository, rather than existing
only in a separate Huawei adapter. It adds native compilation, scheduling,

synchronization and runtime integration for Ascend’s execution model.

Ascend 950 R E & H Z TileLang ERBEH , MIEMN UM ZIPENEERB[IEXF
£, T Ascend WIITIER  IFZTREHEZE. BE. BTUREITHNERX

o

TileLang makes Ascend kernels easier to write, but developers still need to account

for the hardware. They choose the calculations, tile sizes and where data is stored.



The compiler handles much of the coordination between Cube cores, Vector cores

and data transfers.

TileLang ik Ascend EFHRELBENHEE , EFRXENERZ I EEREEHS
M, FXEBEEEREITEZE, DRK/D (tilesize) ARBBEERLE ; MgmFEN
MITALIE Cube 20y, Vector 20 SEIELE 1 2 B Y KEB 7 th[E T1E,

Digging below the implementation and looking at its performance against CANN and
Triton-ascend, it can match and beat CANN at certain cases; the preferred
implementation changes with size. This is a warm-cache simple and naive

benchmark.

H—SRANEREN , HXELHES CANN & Triton-ascend B HEERINATLLEE |
TileLang ER L S B LREZHEHM CANN ; RMEM A RLBEEITERENT
mEL, FEHANR , AR —NERTFMBRE TH1THE S EEN L,



Operator execution time on 950PR
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AutoSchedule uses data dependencies and estimated execution times to plan which
operations can overlap. It also chooses how many buffer slots to use within the
available on-chip memory, allowing upcoming data to load while the current tile is
being processed. Developers can guide these decisions when the default schedule is

not suitable.



AutoSchedule R B MBRZSTMEMITHE , MY BLERETUEBNT. BIE
SEATANA ERFERREERZDONEHE , NIELEIF SR ( tile ) KIERS TR
FmEELEHE, SRAAETEAN , FFRE A X ERKRITTFRIFE,

Example Serialized schedule
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Source: SemiAnalysis
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On 950PR, AutoSchedule helps especially for smaller sizes, reducing execution time
by up to 40% for a single operation.

£ 950PR L , AutoSchedule ER/MAMETHRLANBEE |, T R TURERNHRITHE
BEZE 40%.



mHC post scheduling on 950PR
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SRR : SemiAnalysis

The compiler also inserts synchronization so operations wait for the data they need,
while removing waits that other dependencies make unnecessary. It checks
conditional branches too, so it does not assume an operation has completed when
that branch might never execute. This reduces the synchronization work

programmers must manage themselves.

WIFREBAELHE  BREBESTHEHAFORIE , FEEBRIBL EH &
REMEBTLENERF, CR2REFHIX , BREEN D XAEBREAT2HIT
IR FTIIRREE =K. XERTEFAXNBITEENEL RIE,

DeepEP

Huawei has joined NVIDIA in commercializing large scale-up Al systems, with its
Ascend supernodes extending tightly coupled accelerator interconnects across
multiple racks from the 910 CloudMatrix384 to the 950 SuperPod,enabling wideEP
scale-out. In the 30th September release, Huawei also released EP16

dispatch/combine benchmarks over URMA in the 950DT superpod.

HANECERBE—RBREHN@T B (scale-up ) Al REHERT = 33
(Ascend ) BT REBEBBEMNINEREEBSHELE M , M 910 CI #

R #l 950 SuperPod , NSRRI 7 KBE T XH1T ( wide-EP ) By
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Source: Huawei, DeepSeek, SemiAnalysis
SRR : Huawei, DeepSeek, SemiAnalysis

Huawei’s dispatch is three sequential operators (pre/URMA/post) whereas GB300 is
one fused call, and their post work includes receive completion, which our
measurement includes, but also includes expansion by expert which GB300’s results
don't.

HRARA=ZABITHEF ( GIAE/URMA/GLIE ) |, T GB300 2—XEESIAA ; 4
AWELEBEBESEWTMK ( receive completion ) R — RN N ES B HITA—
EEEEERERHITHT RIZIE , M GB300 WERHAREEX—& 5.

DeepEP-Ascend is a port of DeepEP V2.5, with the same python API but calls URMA
and HCCL underneath. In July 2025, Huawei’s Ascend team proposed DeepEP-
Ascend under deepseek-ai , but a DeepEP maintainer declined. Today, DeepEP-

Ascend is distributed under DeepSeek’s own organization.

DeepEP-Ascend =& DeepEP V2.5 W EIRA , /8 7T ERY Python API , B KE X
 URMA #l HCCL, 2025 7 B , # W FEH R E R 1IE DeepEP-Ascend AN
deepseek-ai , 1B DeepEP W4 EHIEX, W% , DeepEP-Ascend EX N E
DeepSeek B HHEA T A M,



Ascend’s separate Cube and Vector execution paths create opportunities to overlap
communication and computation, but do not make that overlap free. Expert
computation can also require vector processing and data movement, while
communication competes for shared memory bandwidth. Therefore there’s a tradeoff
on how much communication can be hidden without slowing the computation that
runs alongside.

F &% Cube 5 Vector TR D E , TABESITENEEBHRTEE TS  BX
MESFERERN. TRTEAFEATEFEQELENGERE K MBEEF2FAH
ENEFETR. Bt , EFEEHATETHTENBRT B RREZSVERE | REF
E—M

McE oalso uses limit_core_num(32, 1) For router GEMM and shared Gate/Up MatMul. For this op't:wﬁz.eol Decode s.l«ape_, the
defoult MatMul uses vec acceleration; by controlling it to use the Cube path, reducing the footprint of vec, and freeing up

vec resources For parallel quantification, activation, and communication tasks.

MoE 3%} Router GEMM #{1 Shared Gate/Up MatMul {8 limit_core_num(32, 1) , F#H3ARM%
189 Decode shape, BRIA MatMul ={EFR vec IiE; @ITIEAZ(FE KA Cube 812, B3 vec
R, AHTNEN. BENBEESEN vec BR. X—ABSERSFEES, BREFZEMNE

RMEFHREE, Ths change needs to work together with eross-stream waiting, so that operators optimized
Indepe_nde_n‘t[:{ don't end up compeling for the same resources.

MLA £ MLA Prolog Flash MLA Value 128 _
main siream Qivecache BF16/08 118 A2A 58 AllToAll x Gate OPro] ReduceScatter
. i )
Y ! v
Goto Gate AliGather Gate 188

gate_stream Sigmoid

Source: Huawei

KR 4R

This resource-balancing problem is not unique to DeepSeek. Huawei’'s Kimi K3
recipe explicitly restricts vector use to leave capacity for concurrent work, and
chooses between dedicated CCU and Vector-based communication according to
what must overlap. Faster individual operations are not enough: their resource

demands must also fit together.

IX Fh 3R - 1 BB H 3F DeepSeek Friit B, #NH Kimi K3 FRAHESI TOE£ T
WER , MEAHEAESTEED , AREFTEEEHTNES , EXEH CCU EET
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DeepEP-Ascend’s documentation identifies contention between combine processing
and URMA communication for HBM resources, and says Huawei firmware
improvements are planned to reduce it. This is the practical form of co-design: the
model exposes a bottleneck, the implementation adapts, and the platform’s

development priorities respond to what remains.

DeepEP-Ascend By #4385 H T A& 42 ( combine processing ) 5§ URMA BIEE %
ZF HBM RIRETHVRR |, HRAER ITRED E 4 St RERIX — BB, XHMBRES
thEEIT ( co-design ) FYSERRAI] - BEKRFMRIT , TEZIUHNHAZE K MEEHN
FF R AR 55 25 D BR i i 1R 58 B () 8L

All planned

REMRZH
In May’s unverified DeepSeek investor meeting transcript, Liang Wenfeng said:

£ 5 At — 1 RAZRIEK DeepSeek RAEZELWLESF |, PUERTR

“So, when it comes to the chip gap between China and the US, | think the software
ecosystem gap will eventually disappear. But on the hardware side, we face two
separate disadvantages: it takes four Huawei accelerator cards to match one NVIDIA

card, and Huawei is also roughly two years behind in bringing its hardware to market.”

‘Bt , WEPRZENBHEZERE , RANBRAEES ENEELKER. BERGER ,
BNEEFRNTENS S  FENKENNIE R TR —KEFEMNEF |, Fa4ERA
EREMAEOTIZNEE EBERRAME,

4 months later, the ecosystem gap did indeed narrow. The same transcript mentioned

TileLang and helping Huawei get the ecosystem right.

ANBE SR ZEERIEMSED. A—HLEHEIREIT TileLang , AR HEIER
MHETEEASHERIT,



DSv4.1 Flash Optimizations

DSv4.1 Flash {4k

Another part of the DeepSeek-Huawei symbiosis is that DeepSeek provides Huawei

with weights, supporting Day-0 optimized releases, such as DeepSeek V4 and V4.1.

DeepSeek SN HEXAN S — MEI |, £ T DeepSeek MmN REERNE ,
M358 BRI IRA R , Bl DeepSeek V4 V4.1,

Ascend’s accumulator design forces a different approach to attention. The Cube’s
LOC buffer cannot rescale accumulated outputs in place, while returning a rescaled
output to LOC would require an expensive identity-matrix multiplication. DeepSeek
instead keeps the running output accumulator in Vector UB, transferring partial sums
from LOC when needed for rescaling and accumulation. Hopper holds its accumulator
in registers, while Blackwell provides loads and stores between tensor memory and

reqgisters, avoiding this particular restriction

FHE (Ascend ) WEMBRITEFEREEIZENTELXATRANLES R, Cube B
LOC XL ZERb N 2L HTEN B , MEERBHRENHMEIEZE LOC XFE
ERITHES RN ENIERERE, DeepSeek MEMEETHHNME R MEREE
Vector UB /|, REZEEF MM EZ AT A M LOC ¥ &7 M ( partial sums ) .
tbZF , Hopper B HZMB[BREEF TP , M Blackwell M| XHFKENESFFHE
Z BRI MEBMEFME , MTHE TiX—4ER .
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Profile

HERERIAT

Huawei also released a profile of one rank of DeepSeek-V4.1-Flash on a Huawei
Ascend 950DT deployment of 32 chips, together with its host threads. In June, we

covered a similar profile, that of DeepSeek V4 Pro’s.

HRNENTTIE 32 FUSH LN ERE 950DT ( Huawei Ascend 950DT ) SREBERIE
T , DeepSeek-V4.1-Flash B4 rank & HE EHLBHMEREZIMT ( profile ) BiiE. S F
6 A, BINE 2 — R LAV EBER 4T85 , B DeepSeek V4 Pro BYAEX1EIR .

DeepSeekV4 1.6T 58 0 XZEF 43 K H:RERERT ER#HE—2EKR, GB300
NVL72, MI355X, B200

DeepSeekV4 1.6T Day 0 to Day 43 Performance Over Time - Huawei, GB300
NVL72, MI355X, B200

Read full story

Many components are similar, like the use of AICPU and separation of some layers
to different streams.

FLEGZMEEE , Fl AICPU NER , UREF 2 ESEETER ( stream ) LW
(0798



DeepSeek-V4.1-Flash decode: 3 steps on one rank, 131.9 ms
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IR : SemiAnalysi
MR o oemiANnalysis

The execution order is 40 target-model layers, the target LM head, 3 DSpark drafter
blocks, the draft LM head, and 5 sampling rounds. The main compute runs on Stream
19; the drafter’s run on Stream 173. The V2 MC? kernels that fused computation and
communication from the DSv4 Pro trace shows up again, as V3 this time. This is why
only 4 Al CPU-launched HCCL operations appear per step, against 43 expert
dispatches. These are the target and draft vocabulary heads’ hcom allGather and
hcom alltoallv : gather hidden states, run the LM-head GEMM, then exchange
logits.

AT FMRR 7 - 40 NERERE, BFHRER LM Head, 3 4 DSpark E2E#ER, &
EER LM Head , AR 5 ®X#&, FitHEZ1THE Stream 19 L ; BEEEWITEN)EZ
1771E Stream 173 £, BLHITE DSv4 Pro B Trace F RS MiITESEREME V2 MC2 &
F o, BEREA V3 IRABREI, XUERTAAE 43 RERDERP , BNFTRNEN
4 X H Al CPU £/ HCCL B, XEREIINNBRIARISEERARIN
hcom _allGather 5 hcom alltoallv @ REREMRE. 1T LM Head B9 GEMM it
E , BERR logits.

The drafter blocks run once to produce base logits for the draft positions. The
subsequent Markov head models token dependencies through sampling and

embedding feedback. It does not rerun the transformer blocks for each proposal. The



end of each step changes from MoE and attention to a serial chain of small

projections and sampling operations.

BEERMET R, AT HAREMNBEERERM logits, BEMNIZ/RA XL ( Markov
head ) M@ KA SN RIBREHE Token BIEBAER , MEFERN T MRE Token
E#1Z1T Transformer 3R, BNMNTREBNITELSELEM MoE 5B LG |, #
THE—RIPNERESRERERI BT,

One decode step (step 1): 22.08 ms, dispatch to dispatch
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One pipeline period on Stream 19, 546 ps, 42 kernels: layer 7's MoE block + layer 8's attention
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Source: SemiAnalysis
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As mentioned and explained in previous articles, speculative decoding is a lossless
method to predict draft tokens and use a single pass to verify them, amortizing weight
loading. In the decode step diagram above, we can see how much faster DSpark

token drafting is compared to the verification step.
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DSv4.1 Flash is also the first DeepSeek model to use Engram, but after Qwen and
Meituan Longcat.

DSv4.1 Flash i 2 B MNX A Engram B DeepSeek #HE R E I ZHIE Y T8
(Qwen ) MEH LongcatELFEA TiX—HAR,

ngrams




# Engrams R\ N E X : @& DRAM/SSD HEMHENR it

Engrams Embedding Entendre: Codesign for Efficient DRAM/SSD Offloading
Read full story

Because Engram takes token IDs as input, the fetch can be done async and
overlapped with layer 0’'s compute. This allows offloading to DRAM without

performance loss vis-a-vis HBM, but offloading to a PCle 4.0 SSD degrades

performance. Read more in our Engram analysis:

HTF Engram EA Token ID fERHIN , BUCEBAIAFHH1T , 5% 0 BWITEMEE
BEE, XESKHPEET DRAM Bt , #HERT HBM Tt BiEgeiik ; BEEHEE
PCle 4.0 SSD , &S 3t ge T, FENWIEATH Engram D47 :
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Summarizing kernel durations in the steady-state window, Stream 19 is occupied for
88.8% of the window but contributes 72.6% of summed device time because other
streams overlap it. In the middle, the substantial MIX AIv and AI_VECTOR CORE

bands contain dispatch/combine as well as quantization.
RSB ORNK kernel BHE#HITLE : Stream 19 EiZBEOFH SHAE RN 88.8% , 1B
AT EHM stream SHEE , EREBNEZRBAEM SR 72.6%. BFHBAHIE

# mIx_arv M ar vecTor core X#HEE dispatch/combine AR 2 HIRE,



Ascend exposes separately scheduled cube and vector paths through MIx AIC,
MIX AIV, AI CORE, and AI VECTOR CORE . Each event has a task type, so the
duration accounting is a partition. Mixed types still involve work beyond a single
physical unit; their names do not turn elapsed kernel duration into measured cube-

only or vector-only utilization.

AMBES mIx ATc, MIX AIV. AI CORE M AI VECTOR cORE =T A7 5 AEMN
M7 (cube) BLEME (vector) ERRE ., BNSEHHBEEFRE , ket KS
AR -, BERENASREBLE—YELETNIH ; HERATEK
E1E kernel WA R BB E R T2 TN @ E L TSR AR,
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A first-order scenario doubling cube throughput while leaving other device work
unchanged gives a 1.32x step improvement. It holds measured stream overlap
constant and leaves idle unchanged. This is a composition scenario, not a prediction
for new silicon: mixed task types are not exclusive utilization measurements, and
bandwidth, dependencies, and scheduling can change the result.
E—M—BFNEZZET , BRER Cube EHEFEMRFRENEMUTETIETRT ,
AR 1.32 FHHRAEHA. ZNERFINHREEBREEE , ARFTHRREFR
T, FR—MERMEEZR , MIENFSHHOEETN  BEESREHEHMMUN
MARNERENR , B, BEXAZANBENHBIERTRALE R,



Quantization fusion likewise remains an opportunity, its attraction is the repeated
producer-to-consumer boundary and its large share of the vector bucket that also
carries fused communication.

EARMEEHESNATE , ARSI I ETHFERELRANEFE-HRE LR, U
REFRTEASEREN Vector T 51 TR ALLHI,

Ecosystem gaps

E£FZEE

One issue however is the partnership could work extremely well for DeepSeek

without making Ascend equally usable for everyone else.

R, BENEBEET , XMEERAFFX DeepSeek MN B , BRMLEELLFHE
XS EL AT & &M S REHFFH.

For DeepSeek, building compilers, maintaining kernels and debugging vendor-
specific behavior competes with model research and product development, albeit

temporarily.

Xt DeepSeek M5 , WEGRmIEEE. 4V KEEF (kernel ) URBRA EETEHITH ,
SE—ERELSPHBERRN~RITEANESD , REXATERENN,

For everyone else, there may be issues when hardware configurations doesn’t align
with DeepSeek’s. Most optimizations were on supernodes, and as of vLLM-

Ascend 0.26.0rcl many issues exist working with Ascend on x86 hosts:

NEMABEAMS , —BEHEES DeepSeek WIMEAR—3 , BATREHI B, K
Aﬁt%%B%%f%fﬁ*ﬁm\\#/fﬂ’g MmEHZE vLLM-Ascend 0.26.0rcl Y R < , 7
B x86 EN LETHEFREEZ HE

e No DeepGEMM support on x86 hosts
o x86 A X% DeepGEMM



e Dependency on memfabric_hybrid containing hardcoded ARM headers for

vLLM-Ascend, blocking startup; vLLM-Ascend doesn’t work out of the box.

o {XHifY memfabric hybrid FEES43 vLLM-Ascend T 4RAZHY ARM k244 |
SEHBHZM ; vLLM-Ascend T3EFF 58 E A

e CPU-binding skipped for non-ARM CPUs on vLLM-Ascend
e 7 vLLM-Ascend £X$3F ARM CPU B3I CPU 48

e No NPU + x86 CI, patches needed for some recipes

o fRZ NPU +x86 WIFEEMK (Cl) , BOETHLSFZHNT

Conclusion

SR

Huawei already has highly efficient implementations of some foundational operations.
DeepSeek brings model-specific workloads and engineering that extend the platform
beyond those operations, while Huawei’'s architecture and native stack shape how
those implementations are built. The resulting compiler and kernel work matters not
only for today’s performance, but for the engineering it can save on the next model

and deployment.

KRN ERTEMEF LELBEMS VXX, DeepSeek WU#ﬂ%T#%‘Eﬂ:EF'JEﬁ
THEABETIEREN , BZFPENIELRAREXREEMEF 2 ; SHLEA,
NEHREERERRKLIRZAEE 7 IX LSRN EET R, EElltbfL)E—Fﬂ%H’gﬁL#
IR AT, HEUFTNETI THMHERI , EETREMNIT—RKREREE
HEETERENITRERAN,

A broader opportunity is a engineering multiplier for China’s Al industry. Other
operators serving DeepSeek can reuse kernels and deployment practices, while
other labs can build new models on shared compiler capabilities. If these users
contribute fixes and optimizations back, the gains can compound: each team starts

with more of the difficult work already done.



ERANYEBNETEEERANFE A UL IERK, HMIRMH DeepSeek FREH
EMRzERNEEZEAXLEEFIASHEIE , HESXREHRERIEREN
RIFREENTFRIER, EXEEAEELBENT SMNARRBFERME , Xl
BELERERN : B—MHENMNEREDSH , ERFHAERE TS HIETE,

Source: Dwarkesh Podcast

3B : Dwarkesh &

On the Dwarkesh Podcast, Jenson talked about his concerns with chip export
restrictions. From the software results so far and testing on 950PR, the ecosystem
gap is definitely closer with DeepSeek’s help on top of Huawei’s work, Jenson’s

nightmare is starting to come true.

f£ Dwarkesh &/ , ECM KB TS HFEOEHNEM, MEB BT 4R R L
& 7E 950PR EHIMIHARE , ERAEE TIENEM L0k DeepSeek BBI L , £FF
HWEBWXEEWRE , ECHNETEFBRE AN,



