DeepSeek LLM: Scaling Open-Source Language
Models with Longtermism

Scaling laws for LLM
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Scaling Laws for Hyperparameters
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Scaling Laws for Hyperparameters
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Scaling Laws for Model and Data
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Scaling Laws for Model and Data
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Scaling Laws for Different Data

Coeff. a where Coeff. b where

Approach

PP Nopt(Mopt) oc C° Dopt C?
OpenAl (OpenWebText2) 0.73 0.27
Chinchilla (MassiveText) 0.49 0.51
Ours (Early Data) 0.450 0.550
Ours (Current Data) 0.524 0.476
Ours (OpenWebText2) 0.578 0.422
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DeepSeek-V2: A Strong, Economical, and Efficient
Mixture-of-Experts Language Model

Architecture
Multi-head Latent Attention (MLA)
DeepSeekMoE
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Figure 3 | Simplified illustration of Multi-Head Attention (MHA), Grouped-Query Atten-
tion (GQA), Multi-Query Attention (MQA), and Multi-head Latent Attention (MLA). Through

jointly compressing the keys and values into a latent vector, MLA significantly reduces the KV

cache during inference.



Architecture

Multi-Head Attention
Multi-Head Attention (MHA)
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Architecture

Multi-Query Attention
Multi-Query Attention (MQA)
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Architecture

Grouped-Query Attention

Grouped-Query Attention (GQA)
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Architecture

Multi-Head Latent Attention

Multi-Head Latent Attention (MLA)
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Multi-Head Latent Attention

Multi-Head Latent Attention (MLA)
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Architecture

Multi-Head Latent Attention
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Multi-Head Latent Attention

VA T
IR A7 B g B4 A Y ROPESTS, WURSA K.

SRR

B RRIF RSy, — U BEREER, O, MM
R4 A] DAKIE B R/ DKV Cache.,

paisis

AL SRR BRAHE: MMHA, MQA. GQAZIMLA, 78Ik https://kexue.fm/archives/10091



Architecture

Multi-Head Latent Attention
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Multi-Head Latent Attention
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Multi-Head Latent Attention
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Architecture

Multi-Head Latent Attention

Attention Mechanism KV Cache per Token (# Element) Capability
Multi-Head Attention (MHA) 2npdpl Strong
Grouped-Query Attention (GQA) 2ngdpl Moderate
Multi-Query Attention (MQA) 2d,,1 Weak
MLA (Ours) (de +dR) ~ 3dyl Stronger

Table 1 | Comparison of the KV cache per token among different attention mechanisms. n
denotes the number of attention heads, d;, denotes the dimension per attention head, [ denotes
the number of layers, n, denotes the number of groups in GQA, and d. and d denote the KV
compression dimension and the per-head dimension of the decoupled queries and key in MLA,
respectively. The amount of KV cache is measured by the number of elements, regardless of the
storage precision. For DeepSeek-V2, d. is set to 4d, and dy is set to %". So, its KV cache is equal
to GQA with only 2.25 groups, but its performance is stronger than MHA.
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DeepSeekMoE
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Auxiliary Loss for Load Balance
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Architecture

DeepSeekMoE
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Experiments

Attention Mechanisms

. Dense 7B Dense 7B Dense 7B
Benchmark (Metric) # Shots w/MQA  w/ GQA (8 Groups) w/MHA
# Params - 7.1B 6.9B 6.9B
BBH (EM) 3-shot 33.2 35.6 37.0
MMLU (Acc.) 5-shot 37.9 41.2 45.2
C-Eval (Acc.) 5-shot 30.0 377 42.9
CMMLU (Acc.) 5-shot 34.6 38.4 43.5




Experiments

Attention Mechanisms

Small MoE Small MoE

Large MoE Large MoE

Benchmark (Metric) # Shots w/ MHA w/ MLA w/MHA  w/MLA
# Activated Params - 2.5B 2.4B 25.0B 21.5B
# Total Params - 15.8B 15.7B 250.8B 247 4B
KV Cache per Token (# Element) - 110.6K 15.6K 860.2K 34.6K
BBH (EM) 3-shot 37.9 39.0 46.6 50.7
MMLU (Acc.) 5-shot 48.7 50.0 57O 59.0
C-Eval (Acc.) 5-shot 51.6 50.9 57.9 59.2
CMMLU (Acc.) 5-shot 52.3 53.4 60.7 62.5




