The Huawei-DeepSeek Symbiosis

Huawei Ascend 950PR Deep dive & pbenchmarks, DSv4.1 Flash Analysis, DeepSeek
support for Ascend, AICPU, Tilelang Ascend
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Right before China’s national day holidays, DeepSeek released Ascend support for
TileLang, DeepGEMM, DeepEP, TileKernels, FlashMLA, and DeepSelect.

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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Source: SemiAnalysis - Note thar the diagram is a simulacion.

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.

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.

Ascend 950

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.

950DT — SKU Comparison

Core Count Frequency Memory L2 Cache DDR Rate

nw Chip Al Core Cube Core VectorCore AICPUCore Cube Core VectorCore (GiB} (MiB) Base Read Write Virtuskisation Options
DT 9591 95007 36 36 72 4] 1800 1800 144 128 40 40 40 4,8,16,32 |
DT 8592 95007 36 36 72 6 1800 1800 96 128 40 40 40 4,8,16,32
DT 9595 850DT 36 36 72 6 1800 1800 96 128 n 31 31 4,8.16,32
DT _9596 95007 36 36 72 ] 1800 1800 64 128 31 31 31 4,8,16,32
DT 9541 95007 36 36 72 =] 1800 1800 144 128 40 40 40 4,8,16,32
DT _85A2 85007 6 36 72 [ 1800 1800 96 128 40 40 40 4,8,16,32
DT 9581 95007 32 32 B4 1] 1650 1650 144 128 40 40 40 4,8,16,32
DT_9582 95007 32 32 64 6 1650 1650 96 128 40 40 40 4,8,16,32
DT _9582x 850DT a2 32 64 [ 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 84 7 1650 1650 B4 112 35 35 35 4,8.16,32
DT_9585 95007 32 32 64 6 1650 1650 96 128 31 31 31 4,8,16,32
DT 9586 85007 ¥l 32 64 -] 1650 1650 64 128 31 31 3 4,8,16,32
DT_9587 95007 32 32 64 7 1650 1650 B84 112 27 27 27 4,8,16,32
DT_ 9588 95007 32 32 64 7 1650 1650 56 112 27 27 27 4,8,16,32
DT 9571 950DT 28 28 56 7 1650 1650 144 128 40 40 40 7.14,28
DT 9572 95007 28 28 56 7 1650 1650 96 128 40 40 40 7.14,28
DT 9573 95007 28 28 56 5 1650 1650 126 112 35 35 35 7.14,28
DT 9574 85007 28 28 56 5 1650 1650 B84 112 35 35 35 7.14.28
DT 9575 95007 28 28 56 7 1650 1650 96 128 31 31 31 7.14,28
DT 8576 95007 28 28 56 7 1650 1650 64 128 31 31 31 7.14.28
DT 9577 35007 28 28 56 5 1650 1650 B4 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_850x 95007 8 8 16 5 1650 1650 24 32 10 10 10 2,46
DT 950y 95007 8 g 16 5 1650 1650 16 32 7 7 7 246

950PR — SKU Comparison

Core Count Frequency H.mr, L2 Cache DDR Rate
SKu Chlp AlCore  CubeCore VectorCore AICPUCore CubeCore VectorCore  (GiB) (MiB) Base Read Wiite  Virtualisation Options

PR_9599 950PR 36 36 72 51 1800 1800 128 128 16 16 16 4,8,16.32
PR 9589 950PR 32 22 64 6 1650 1650 128 128 16 16 16 4,8,16,32
PR 958h 950PR 32 a2 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_957¢c 950PR 28 28 56 - 1650 1650 B4 112 14 14 14 7.14.28
PR 957d 950PR 28 28 56 & 1650 1650 96 56 12 12 12 7.14,28
PR_950z 950PR 4 4 B 5 1650 1650 24 16 2 2 2 246

Source: SemiAnalysis

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.
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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.

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.



Ascend 950PR die sharing groups
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CPU within the NPU

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:

Bow e R

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.

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.



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.

Microbenchmarks

Ascend 950PR is designed for prefill and recommendation. It gets lower memory

bandwidth and core than its bigger brother the 950DT.

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.

BF16 GEMM across eight accelerators
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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.

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.

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

BF16 GEMM throughput across eight accelerators
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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.



950PR and H100 copy bandwidth
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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.

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.

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.
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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.

DeepSeek Open Source

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.

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.

Engineering runs both ways

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).

Before
)[ Vector-side staging buffer (UB) ]
copy 1 (MTE2): token 1 values
copy 2 (MTEZ2): token 1 scale
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( Vector-side staging buffer (UB) J
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I

Source: SemiAnalysis

From fast kernels to reusable kernel
engineering



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.

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.

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.

Operator execution time on 950PR
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Source: SemiAnalysis

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.

Exomple Serialized schedule

Data movement (in)
Cube

Lime
Pipelined schedule

Data movement (in) [ LO-A ] [ 1B ] [ L2:4 ] :
Data movement (out) [ S0 J[ s1 ] [ s2 ]E
w Wm0
(o) (o)(e2)

I time
|

Source: SemiAnalysis

On 950PR, AutoSchedule helps especially for smaller sizes, reducing execution time by

up to 40% for a single operation.

mHC post scheduling on 950PR
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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.

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.

EP16 comparison boundaries
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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.

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, buta DeepEP maintainer declined. Today, DeepEP-Ascend is

distributed under DeepSeek’s own organization.

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.

MoE also uses limit_core_num(32, 1) for router GEMM and shared Gate/Up MatMul, For this optimized Decode shape, the
default 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.
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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.

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.

All planned

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

“So, when it comes to the chip gap between China and the US, I 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.”

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

TileLang and helping Huawei get the ecosystem right.

DSv4.1 Flash Optimizations

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.

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

registers, avoiding this particular restriction

Ascend 450 NVIDIA Hopper NVIDIA Blackwell
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Profile

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.
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Read full story

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

different streams.

DeepSeek-V4.1-Flash decode: 3 steps on one rank, 131.9 ms
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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.

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.
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One decode step (step 1): 22.08 ms, dispatch to dispatch
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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.

BRYAN SHAN, CAM QUILICI, AND 4 OTHERS - 95180
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:
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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_a1v and AI_VECTOR_CORE bands

contain dispatch/combine as well as quantization.

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.

Top 12 kernels of 80, sync filtered Core-type apliti cube vi vector Stream occupancy, fop 6 of 21

BSams [17.4%)
the two.
GEMM forikes: 33T X A 8 12m 136.7% gl LR
7T (R tube wdmecs (NNNNNN @000 mani ek grooe 82
s

“ ol 30 ma 122 9% e L1
vvvvv [ar—

& e b %

4.lems 18.2%)
vector-copable
patha: 4T

AVELTOR_COKE S © &0 m1 16 9%}
yyyyy anty ||

A CORE B5T ma 14 BE) tweern a4 || ygy
cube arky HEC lameh ops e

Labnlllam',-‘. . e 17 | gy
B paer Tranier angine . uant ! copy + Eraram

Sham 1y
e, grooh 41, Lipwt

uuuuuu

I GESM (rouprd @ guantued denae
N guart [norm S rope | sengla | M mix
I 1ol abi-+o-al dipatch ! combinel

wemr. 137 ) Sreomia
- LA indexer. o fcpy 1Tz HECL lareh ey | T 0
[

) 2 N s ® » 2 e o 5 P ' o » o © P o
device fime over 415 mz of steatty shate (1.8 shep peviods, me) device time ims) occupancy over the 415 ms windaw (%)
raws overlap, 2a they sum past 110 %

Source: SemiAnalysis

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.

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.

Ecosystem gaps

One issue however is the partnership could work extremely well for DeepSeek without

making Ascend equally usable for everyone else.

For DeepSeek, building compilers, maintaining kernels and debugging vendor-specific

behavior competes with model research and product development, albeit temporarily.



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:

No DeepGEMM support on x86 hosts

Dependency on memfabric_hybrid containing hardcoded ARM headers for vLLM-
Ascend, blocking startup; vLLM-Ascend doesn’t work out of the box.

CPU-binding skipped for non-ARM CPUs on vLLM-Ascend

No NPU + x86 CI, patches needed for some recipes

Conclusion

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.

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.



Source:

On the Dwarkesh Podcast, Jensen 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, Jensen’s nightmare

is starting to come true.

Bridging the gap between the world's most important industry, semiconductors, and
business.
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