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Background

Benchmark Comparison
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Background

1/20th of the compute power achieved o1 similar
performance

Model architecture

MoE
Multi-headed latent attention

Training Framework & optimizations

Mixed precision training with FP8
hardware optimizations for communication/computation overlap.
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Background

Training Pipeline
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Background

DeepSeek V3 workflow [6]
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DeepSeek V3

Default Attention

Attention(Q,K ,V ) = softmax(
QKT

√
dk

)V (1)
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DeepSeek V3

Multi-head Latent Attention (MLA)[2]

Key and Value in Attention:

cKVt = WDKV kRt = RoPE (WKRht) (2)

[kt,1, kt,2, · · · , kt,nh ] = kCt = W UKcKVt kt,i = [kCt,i , k
R
t ] (3)
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DeepSeek V3

Multi-head Latent Attention (MLA)[2]

Query in Attention:

cQt = WDQht [qt,1, qt,2, · · · , qt,nh ] = qCt = W UQcQt (4)

qRt = RoPE (WQRcQt ) qt,i = [qCt,i , q
R
t ] (5)
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DeepSeek V3

Mixture-of-Experts (MoE)[2]

(a) Standard FFN (b) MoE

h′t = ut +
Ns∑
i=1

FFN
(s)
i (ut) +

Nr∑
i=1

gi ,tFFN
(r)
i (ut) (6)

gi ,t =
g ′
i ,t∑Nr

j=1 g
′
j ,t

, g ′
i ,t = si ,t , si ,t ∈ TopK (sj ,k |1 ≤ j ≤ Nr ) else 0 (7)
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DeepSeek V3

Multi-Token Prediction(MTP)

Better Performance in Long-Form Text Generation

Increased Efficiency & Speed
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SFT

Supervised Fine Tuning(SFT)[3]

What are the benefits of supervised fine-tuning?

Task-specific patterns and nuances

Improved performance

Data efficiency

Resource efficiency

Customization

What are some common supervised fine-tuning techniques?

LoRA (Low-Rank Adaptation)

QLoRA (Quantized LoRA)

Few-shot learning
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SFT

LoRa[5]

Wupdate = W +∆W =⇒ Wupdate = W + AB (8)

We fixed W and replace ∆W with low rank matrix A,B, if W is 1,000,000
dimension, we can use A is a 1000×2 matrix, and B is a 2×1000 matrix.

Alphatec DeepSeek 13 / 21



Group Relative Policy Optimization (GRPO)

GRPO vs Proximal Policy Optimization(PPO)[4]

Advantage of GRPO vs PPO

Unsupervised learning(without labeling)

Avoid Value model (save training cost)

PPO loss:

max
θ

Eq P(Q)[
πθ(oi |q)
πθold (oi |q)

Ai ]− βEq P(Q)[KL(πθ(oi |q), πθold (oi |q))] (9)
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Group Relative Policy Optimization (GRPO)

GRPO loss

πθ: new policy and πθold : old policy, πθref : reference policy(constant).
q is query(input of model), oi is ith output.
ri : reward for output oi , which includes accuracy reward and format re-
ward.
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Group Relative Policy Optimization (GRPO)

DeepSeek-R1-Zero Training Loss
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Group Relative Policy Optimization (GRPO)

Why a Second Round of RL Training

The first RL stage primarily concentrated on accuracy and logical
reasoning

The second round of RL training was essential for refining the
model’s overall performance and ensuring alignment with human
preferences
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BrainStorm

What Can we do with DeepSeek

Automating 510(k) Submission Preparation

Automated Financial Analysis

Automated Report Generation

...
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BrainStorm

Why we need to do it locally

Data Security Compliance

Cost Savings in the Long Run

Faster Processing Efficiency

Full Control Customization

Alphatec DeepSeek 19 / 21



BrainStorm

Question
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BrainStorm

RMS[7] VS LayerNorm

LayerNorm:

āi =
ai − µ

σ
gi µ =

1

n

n∑
i=1

ai σ =

√√√√1

n

n∑
i=1

(ai − µ)2 (10)

RMS:

āi =
ai

RMS(a)
gi RMS(a) =

√√√√1

n

n∑
i=1

a2i (11)
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