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Abstract

The rapid scaling of large language models (LLMs) has unveiled
critical limitations in current hardware architectures, including con-
straints in memory capacity, computational efficiency, and intercon-
nection bandwidth. DeepSeek-V3, trained on 2,048 NVIDIA H800
GPUs, demonstrates how hardware-aware model co-design can
effectively address these challenges, enabling cost-efficient training
and inference at scale. This paper presents an in-depth analysis of
the DeepSeek-V3/R1 model architecture and its Al infrastructure,
highlighting key innovations such as Multi-head Latent Attention
(MLA) for enhanced memory efficiency, Mixture of Experts (MoE)
architectures for optimized computation-communication trade-offs,
FP8 mixed-precision training to unlock the full potential of hard-
ware capabilities, and a Multi-Plane Network Topology to minimize

cluster-level network overhead. Building on the hardware bottle-
necks encountered during DeepSeek-V3's development, we engage
in a broader discussion with academic and industry peers on po-
tential future hardware directions, including precise low-precision
computation units, scale-up and scale-out convergence, and in-
novations in low-latency communication fabrics. These insights
underscore the critical role of hardware and model co-design in
meeting the escalating demands of Al workloads, offering a practi-
cal blueprint for innovation in next-generation Al systems.
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Basic Architecture of DeepSeek-V3
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DeepSeek-V2
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Transformer-based
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Multi-head Latent Attention: Memory Bottleneck
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Multli-Head Attention

* Reduce KV Cache with MLA
* Multi-Head Attention: try to find *correlation™ between inputs

Input

dding [ 1]
Queries ¢
Attention(Q, K, V) — softmax( 4L )V *
ention(Q, K, V) = softmax mmn
vy, .

Divide by 8 ( Vdi )

MultiHead(Q, K, V) = Concat(head;, ..., heady, )W
where head; = Attention(QWiQ, KWHX vwY)




Memory Efficiency

* Multi-Head Attention with Causal Mask:

* The I-th row represents the I-th token, depending on the KVs of
the token 1, 2, ..., I-1

» Some existing KV cache optimizatins
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Memory Efficiency (cont’d)

* Reduce KV Cache with MLA || /¢~ rwomersoac
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Table 1: KV cache size comparison (BF16 precision):
DeepSeek-V3 (MLA) largely reduces KV cache size compared
to other models using GQA.

Model KV Cache Per Token | Multiplier
DeepSeek-V3 (MLA) 70.272 KB 1x
Qwen-2.5 72B (GQA) 327.680 KB 4.66%
LLaMA-3.1405B (GQA) 516.096 KB 7.28%




Other Memory Optimizations

Target Tokens ts ty ts s ty ty s lg Ly ts Lg ty ts L t, Iy
4 4 ¢ $ . 4 . 4 4 . + | } 4
[ Cross-Entropy Loss ..,/ Lyain Cross-Entropy Loss mz]-' Linm [ Cross-Entropy Loss ., Limp [ Cross-Entropy Loss H,g]-‘ Larrp
____________________ T " N e
' Main Model - i MTP Module 1 . ' MTP Module 2 | | MTP Madule 3 {
: (Next Taken Prediction) : I (Nexté Token Prediction) I | (Next? Token Prediction) | | [Next* Token Prediction) |
|
| [ | I | |
[ Output Head  gry5| ! : : Output Head BF16 : Output Head BF16 :
r i 4

| |
I | | | |

I
: Output Head BF16 :
i :

rans<tarmer Kin Ancrarme alla

Memory-efficient attention

Model KV Cache Per Token | Multiplier

o S h ared KV DeepSeek-V3 (MLA) 70.272 KB 1x

Qwen-2.5 72B (GQA) 327.680 KB 4.66x

eo\Windowed KV LLaMA-3.1 405B (GQA) 516.096 KB 7.28x
e Quantized compression

QOOQ - - OOOO| Input Hidden u,

: )7 concotenate concatenate ! o N o I
- | .
' Attention . n c ' Dispatch: All-to-All £98 '
: R R L 'Y (oY) {q&}ﬂié‘o OS] = ' - i
| FP8 Mixed Precision : \ Tapply apply . I : | :
! L FP8 r32|RoPE  RoPE — ') .
|
! ' [ Router J ) |
: RMSNorm : : OO ~OQ|Latent ¢ Latent XV O - OO | | P32 d]nﬂﬂ] Top-K, :
| P32 ) 1, L f ' '
| i ! I 1 ! |
! : ! I : :
|



DeepSeekMoE: Efficient Sparse Computing
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MoE Models

* Experts feature fine-grained.

» Shared Experts are vital

* Activated parameters are largely reduced.
* Fine-grained experts are friendly to deploy.
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MoE Models

* Experts feature fine-grained.
» Shared Experts are vital

DeepSeek-V2
e 236B parameters Model Training Cost
e 21B parameters activated per token [JReaisaaliil: 155 GFLOPS/Token

DeepSeek-V3 MoE 250 GFLOPS/Token
DeepSeek-V3 Qwen-72B Dense 394 GFLOPS/Token

® 671 B param eters LLaMa-405B Dense 2448 GFLOPS/Token
e 21B parameters activated per token
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Decouple MLA and MoE
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DualPipe and Computing-Communication Overlap

* 4 components
* Attention (BWF)
* All-to-all dispatch
* MLP (BWF)
* All-to-all combine (BF)

Device 0| C
Device 1
Device 2
Devices  |o| |1| [2] [3] |4
Device 4 || | |
Device 5 L | | .
Device 6 | J K
pevicer T T T T T T T 1o

Time -~

Computation MI P(R) A ATTN(B) A

Communication

Time -

A Forward chunk A Backward chunk

Figure 4 | Overlapping strategy for a pair of individual forward and backward chunks (the
boundaries of the transformer blocks are not aligned). Orange denotes forward, green denotes

"backward for input”, blue denotes "backward for weights", purple denotes PP communication,

and red denotes barriers. Both all-to-all and PP communication can be fully hidden.

. Forward - Backward . Backward for input . Backward for weights - Overlapped forward & Backward

Figure 5 | Example DualPipe scheduling for 8 PP ranks and 20 micro-batches in two directions.
The micro-batches in the reverse direction are symmetric to those in the forward direction, so
we omit their batch ID for illustration simplicity. Two cells enclosed by a shared black border
have mutually overlapped computation and communication.
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Back-of-the-envelope Calculation

* Read Sec 2.3.2 carefully

Comm. Time = (1Byte + 2Bytes) x 32 x 9 x 7K/50GB/s = 120.96us
Total Time Per Layer = 2 x 120.96us = 241.92us
Total Inference Time = 61 x 241.92us = 14.76ms

Comm. Time = (1Byte + 2Bytes) x 32 x 9 x 7K/900GB/s = 6.72us
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Multi- Token Prediction
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Multi- Token Prediction (MTP) Framework (cont’d)
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Abstract

The rapid scaling of large language models (LLMs) has unveiled
critical limitations in current hardware architectures, including con-
straints in memory capacity, computational efficiency, and intercon-
nection bandwidth. DeepSeek-V3, trained on 2,048 NVIDIA H800
GPUs, demonstrates how hardware-aware model co-design can
effectively address these challenges, enabling cost-efficient training
and inference at scale. This paper presents an in-depth analysis of
the DeepSeek-V3/R1 model architecture and its Al infrastructure,
highlighting key innovations such as Multi-head Latent Attention
(MLA) for enhanced memory efficiency, Mixture of Experts (MoE)
architectures for optimized computation-communication trade-offs,
FP8 mixed-precision training to unlock the full potential of hard-
ware capabilities, and a Multi-Plane Network Topology to minimize

cluster-level network overhead. Building on the hardware bottle-
necks encountered during DeepSeek-V3's development, we engage
in a broader discussion with academic and industry peers on po-
tential future hardware directions, including precise low-precision
computation units, scale-up and scale-out convergence, and in-
novations in low-latency communication fabrics. These insights
underscore the critical role of hardware and model co-design in
meeting the escalating demands of Al workloads, offering a practi-
cal blueprint for innovation in next-generation Al systems.

CCS Concepts

« Computer systems organization — Architectures.

Low-Precision

Interconnect

Cluster Network

Looking Forward: Challenges
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Quantization

* Primarily used in inference, not training

* NVIDIA's Transformer Engine supports FP8 mixed-precision
* FP8-compatible training framework

* Co-design between algorithm and infrastructure

20



Low-Precision Driven Design

* FP8 mix-precision training: more data & high bandwidth
* E4AM3: higher precision; weights/activations
 ES5M2: low precision: gradients

» Challenges
* Limited accumulation precision: FP22 (E8M13) addition registers
* Fine-grained quantization: sub-tensor quantization parameters
* Different parts have different parameters
* Fine-grained de-quantization done by CUDA cores = data movement
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Low-Precision Driven Design (cont’d)

* LogFMT: Communication Compression
* Quantize to a dynamically-ranged log space
e Step = (max-min) / [2M(n-1) - 2]
* Using n=8 bits: better accuracy than E4M3/ESM?2
* Tokens dispatched using fine-grained FP8 quantization in EP parallelism
* LogFMT-nBit: n is the number of bits with the leading 1 bit as the sign bit
 Nn=8, better than E4M3 and E5M?2
* Nn=10, similar to BF16 combine
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Abstract

The rapid scaling of large language models (LLMs) has unveiled
critical limitations in current hardware architectures, including con-
straints in memory capacity, computational efficiency, and intercon-
nection bandwidth. DeepSeek-V3, trained on 2,048 NVIDIA H800
GPUs, demonstrates how hardware-aware model co-design can
effectively address these challenges, enabling cost-efficient training
and inference at scale. This paper presents an in-depth analysis of
the DeepSeek-V3/R1 model architecture and its Al infrastructure,
highlighting key innovations such as Multi-head Latent Attention
(MLA) for enhanced memory efficiency, Mixture of Experts (MoE)
architectures for optimized computation-communication trade-offs,
FP8 mixed-precision training to unlock the full potential of hard-
ware capabilities, and a Multi-Plane Network Topology to minimize

cluster-level network overhead. Building on the hardware bottle-
necks encountered during DeepSeek-V3's development, we engage
in a broader discussion with academic and industry peers on po-
tential future hardware directions, including precise low-precision
computation units, scale-up and scale-out convergence, and in-
novations in low-latency communication fabrics. These insights
underscore the critical role of hardware and model co-design in
meeting the escalating demands of Al workloads, offering a practi-
cal blueprint for innovation in next-generation Al systems.
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2x CPU
8x NVIDIA H800

Hardware Architecture

NVLink BW: 400GB/s

8x IB CX7 NIC
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NVLink Bandwidth is limited

* Avoid Tensor Parallelism (TP)

* Disabled during training
* Enabled during inference to reduce latency

GPUO

Input 1 layer Output /
. —— GPUI

X A y \
GPU2




NVLink Bandwidth is [imited (cont’d)

 Enhanced Pipeline Parallelism (PP)
* Dual Pipe
* Overlap attention and MoE computation with MoE communication

Deviceo[0|1]2[3]4|5]6 [ |7 0 |s 1 |9 2 3 4 5 6|l6|7|7|8|8|9]9
Device 1 0|11]2(3|4 5 6 | 0 |7 1 |8 2 |9 3 4 5 6 7 8(7(9]/8|9
Device 2 0]1]2 3 4 5 I 0 |6 1 |7 2 |8 3 |9 4 5 6 7 8|79 8|9
Device 3 0 1 2 3 4 0 |5 1 |6 2 |7 3 |8 4 |9 5 6 7 8 9 8 9
Device 4 0 1 2 3 0 |4 1 |5 2 |6 3 |7 4 |8 5 |9 6 7 8 9 8 9
Device 5 0 2|10/0|3 1 I 4 2 |5 3 |6 4 |7 5 |8 6 |9 7 8 9 9
Device 6 0 110|0[|2(1]1(3 2 | 4 3 |5 4 |6 5 |7 6 |8 7 |9 8 9 9
Device 7 | olofo]1]1]1]2][2]2]|3] 3 4 4 |5 5 |6 6 |7 7 |8 8 |9 9

ime -~

D FFFFF d l:l Backward D Backward for input I:I Backward for weights I:I Overlapped forward & Backward

Figure 5 | Example DualPipe scheduling for 8 PP ranks and 20 micro-batches in two directions.
The micro-batches in the reverse direction are symmetric to those in the forward direction, so
we omit their batch ID for illustration simplicity. Two cells enclosed by a shared black border
have mutually overlapped computation and communication.

* Accelerated expert parallelism (EP)
* NIC x8, all-to-all 40GB/s
* All-to-all EP implementation, DeepEP
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Intra-node has higher bandwidth

 Bandwidth, intra-node v.s. inter-node = 160GB/s: 40GB/s
* Node-limited routing: up to 4 nodes

token

Node0 Nodel
Expert | |{|-[| [/[]--[] MLl=~1]  Expert [|[}-|]
GPU | GPUO | | GPUI1 | ---| GPU7 GPU | GPUO | GPU1 | ---| GPU7 GPU | GPUO | GPU1 | ---| GPU7

token

Node0 Nodel Node7
Expert LU0 0= 000 Expert B0 B0-0 B0 - Experr QH-0 O0--0 O
GPU | GPUO| |GPU1 |---| GPU7 GPU |GPUO | | GPUI1 | ---| GPU7 GPU | GPUO| |GPU1 |---| GPU7

\ >



Fewer GPU SMs for computing

» Limitation: fewer GPU SM for computing

* Network message handling (e.q., filling QPs and WQESs)
* Data forwarding over NVLink
* Up to 20 SMs

 Tasks can be offloaded to the NIC

* Forwarding data, transport, reduce operations
* Manage memory layout, data type cast
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Fewer GPU SMs for computing

 Limitation: fewer GPU SM for computing

* Network message handling (e.g., filling QPs and WQESs)
* Data forwarding over NVLink

|deally,
e Unified network adapter: Design NICs or I/O dies that are connected to
unified scale-up and scale-out networks

® Dedicated communication co-processor: packet processing offloading
o Support flexible forward, broadcast, and reduce mechanisms
® Support hardware synchronization primitives
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Cannot allocate BW of different traffics on NVLink and PCle

* Inference
* PCle contention, loading KV cache + EP communication

» [deally: Dynamic NVLink/PCle traffic prioritization
 Different priorities of traffic related to EP, TP, and KV cache transfers

* |deally: I/O Die chiplet integration
* Integrate NICs directly to the I/O die and connect them to the compute die

* |deally: CPU-GPU interconnects within the scale-up domain
» Connect CPUs and GPUs with NVLink or dedicated high-bw fabrics
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Abstract

The rapid scaling of large language models (LLMs) has unveiled
critical limitations in current hardware architectures, including con-
straints in memory capacity, computational efficiency, and intercon-
nection bandwidth. DeepSeek-V3, trained on 2,048 NVIDIA H800
GPUs, demonstrates how hardware-aware model co-design can
effectively address these challenges, enabling cost-efficient training
and inference at scale. This paper presents an in-depth analysis of
the DeepSeek-V3/R1 model architecture and its Al infrastructure,
highlighting key innovations such as Multi-head Latent Attention
(MLA) for enhanced memory efficiency, Mixture of Experts (MoE)
architectures for optimized computation-communication trade-offs,
FP8 mixed-precision training to unlock the full potential of hard-
ware capabilities, and a Multi-Plane Network Topology to minimize

cluster-level network overhead. Building on the hardware bottle-
necks encountered during DeepSeek-V3's development, we engage
in a broader discussion with academic and industry peers on po-
tential future hardware directions, including precise low-precision
computation units, scale-up and scale-out convergence, and in-
novations in low-latency communication fabrics. These insights
underscore the critical role of hardware and model co-design in
meeting the escalating demands of Al workloads, offering a practi-
cal blueprint for innovation in next-generation Al systems.
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« Computer systems organization — Architectures.

e Cluster Network
* Looking Forward: Challenges
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* Multi-plane
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Low latency Networks
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Abstract

The rapid scaling of large language models (LLMs) has unveiled
critical limitations in current hardware architectures, including con-
straints in memory capacity, computational efficiency, and intercon-
nection bandwidth. DeepSeek-V3, trained on 2,048 NVIDIA H800
GPUs, demonstrates how hardware-aware model co-design can
effectively address these challenges, enabling cost-efficient training
and inference at scale. This paper presents an in-depth analysis of
the DeepSeck-V3/R1 model architecture and its Al infrastructure,
highlighting key innovations such as Multi-head Latent Attention
(MLA) for enhanced memory efficiency, Mixture of Experts (MoE)
architectures for optimized computation-communication trade-offs,
FP8 mixed-precision training to unlock the full potential of hard-
ware capabilities, and a Multi-Plane Network Topology to minimize

cluster-level network overhead. Building on the hardware bottle-
necks encountered during DeepSeek-V3's development, we engage
in a broader discussion with academic and industry peers on po-
tential future hardware directions, including precise low-precision
computation units, scale-up and scale-out convergence, and in-
novations in low-latency communication fabrics. These insights
underscore the critical role of hardware and model co-design in
meeting the escalating demands of Al workloads, offering a practi-
cal blueprint for innovation in next-generation Al systems.
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* Looking Forward: Challenges

34



Challenge #1: Reliability

 Limitations:
* Interconnect failures
* Single hardware failures
 Silent data corruption

* Suggestions
* Built-in reliability support
* Hardware vendors provide diagnostic toolkits
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Challenge #2: Fast CPU and Memory

* Limitations:
* CPU: handle the PCle transactions
* High memory bandwidth given PCle Gen5/6
» Kernel launch and network processing still rely on the CPU

* Suggestions
* General-purpose computation should also be fast in a balanced system
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Challenge #3: Networking in the Al Infrastructure

» Call for actions:
* Co-packaged optics —> The opportunity for silicon photonics comes
* Lossless network based on credit
* Adaptive routing with a controlled and fast feedback
* Fault-tolerance, including detection, localization, and fix
* Inferences need better networking resource management
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Challenge #4: Memory-Semantic Communication

» Call for actions:
* L oad-store is strongly needed
* Transparent ordering from networking gears
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Challenge #5: In-Network Computation and Compression

o Call for actions:
» Compute-network co-design
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Challenge #6: Memory-Centric Innovations

* Limitations:
* Memory bandwidth is limited

* Suggestions:
* High-bandwidth
* System-on-Walfer
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Summary

* Please teach us!
* We are happy to learn from you!

» See you on Thursday and Tuesday
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