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Last Week: Fine-Tuning
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Last Week: Prompting
• In-context learning: all the magic starts 

• Chain-of-thought 
• Provided "chain-of-thought" example to let the model think itself

5
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• Choices in the standard transformer 

• Sinusoidal positional encoding 

• FFN with ReLU 
• LayerNorm 
• Residual connection (add ops)

6

Starting Point: Vanilla Transformer
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• Differences: 
• RMSNorm not LayerNorm 
• Norm is in front of the block 

• aka Pre-Norm 

• Rotary position embeddings (RoPE) 

• FFN uses SwiGLU, not ReLU 
• No bias

7

TL;DR: Simple, Modern Variants
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Modern LLM Architecture Variants
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Modern LLM Architecture Variants
• In this lecture, we will talk through 

many major architecture and  
hyperparameter variants

9

image credit: Stanford CS336
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Lecture Overview
• Modern LLM Architecture Beyond Vanilla Transformer 

• Activations, FFN 
• Positional Embedding (Encoding) 
• Hyperparameters 
• Stability Tricks 

• Attention Variants 
• Multi-Head Attention 
• Multi-Query Attention 
• Group-Query Attention 
• Multi-Head Latent Attention

10
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Modern LLM Architecture
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Architecture Variations
• Low consensus 

before LLaMA (2023) 
• Trends toward  

LLaMA-style architecture

12

image credit: Stanford CS336
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Pre-Norm vs. Post-Norm
• Set up LayerNorm so that it doesn't affect 

the main residual signal path 
• Almost all modern LLMs use pre-norm

13

[Xiong+2020]
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Pre-Norm vs. Post-Norm

14

[Salazar+ 2019, Xiong+2020]
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Pre-Norm vs. Post-Norm

• Pre-Norm increases training stability and enables larger LRs for large networks

15

[Salazar+ 2019, Xiong+2020]

Gradient attenuation Gradient spikes
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LayerNorm vs. RMSNorm
• Original Transformer: LayerNorm 

• Normalizes the mean/variance across  
• Usage: GPT-1/2/3, OPT, GPT-J, etc 

• Many modern LLMs: RMSNorm 
• Does not subtract mean or add a bias term 
• Usage: LLaMA-family, Chinchilla, T5, etc

dmodel

16

[Zhang+ 2019]



Generative Computing Lab 
Inha University ECE7115 Multimodal VLM (Spring 2026)

Why RMSNorm?
• Modern explanation: it’s faster (and just as good). 

• Fewer operations (no mean calculation) 
• Fewer parameters (no bias term to store) 

• Does this explanation make sense? 
• Matmuls are the vast majority of FLOPs (and memory)

17

[Ivanov+ 2021]
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Why RMSNorm?
• Modern explanation: it’s faster (and just as good). 

• Fewer operations (no mean calculation) 
• Fewer parameters (no bias term to store) 

• Important lesson: FLOPs are not runtime! 
(we will discuss later)

18

[Ivanov+ 2021]
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Why RMSNorm?
• Runtime (and surprisingly, performance) gains have been seen in papers

19

[Narang+ 2020]
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More Generally: No Bias Terms
• Most modern transformers don't have bias terms 

• Original Transformer 

• Most modern implementations (if they don't use SwiGLU) 

• Why? memory (similar to RMSNorm) and optimization stability

20
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LayerNorm: Summary
• Basically everyone does pre-norm 

• It keeps the good parts of residual connections 
• Nicer gradient propagation, fewer spike 

• Most people do RMSNorm 
• In practice, works as well as LayerNorm 
• But, has fewer params to move, which saves on wallclock time 
• Also drops bias since the compute/param tradeoffs are not good

21
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Activations
• ReLU 

• Notable models: Transformer, T5, Chinchilla 

• GeLU 
• Notable models: GPT-1/2/3 

• SwiGLU / GeGLU 
• Notable models: LLaMA, most recent models 
• We will discuss these mostly

22
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Gated Activations (*GLU)
• GLUs modify the 'first part' of a FF layer 

• Instead of a linear+ReLU, augment the above with an (entrywise) linear 

• This gives the gated variant (ReGLU), note we have an extra param V

23
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Gated Variants of Standard FF Layers
• GeGLU 

• Notable models: Phi3, Gemma 

• SwiGLU 
• Swish is x * sigmoid(x) 
• Notable models: most recent models 

• Note: Gated models use smaller dimensions ( ) by 2/3 
• To match # params to the ReLU-based FFN

dff

24
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Do Gated Linear Units Work?
• Yes, fairly consistently so 

• In conclusion, it said

25

[Shazeer 2020]
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Do Gated Linear Units Work?
• Yes, fairly consistently so

26

[Narang+ 2021]
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Gating and Activations: Summary
• Many variations (ReLU, GeLU, *GLU) across models 

• *GLU isn’t necessary for a good model, but it’s probably helpful 

• But evidence points towards consistent gains from Swi/GeGLU

27
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Serial vs. Parallel Layers
• Normal transformer blocks are serial 

• In other words, they compute attention, then the MLP 

• Can we parallelize the transformer block? 
• A few models do parallel layers (GPT-J, PaLM, Cohere models)

28
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Recap
• Pre-vs-post norm 

• Everyone does pre-norm 

• Layer vs RMSnorm 
• RMSnorm has clear compute wins, 

sometimes even performance 

• Gating 
• GLUs seem generally better, though 

differences are small 

• Serial vs parallel layers 
• No extremely serious ablations

29

image credit: Stanford CS336
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Positional Embedding

30
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Positional Embeddings Variants
• Sine Embedding: add sines/cosines 

• Notable models: Transformer 

• Absolute Embedding: add a position vector to the word embedding 
•                                       is a looked-up vector by the token's position 
• Notable models: GPT-1/2/3 

• Relative Embedding: add a vector to the attention computation 
• No PE addition to the input 
• Notable models: T5, Gopher

ui

31

relative distance between two tokens
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Absolute vs. Relative PE
• Absolute PEs add an encoding to the input in hope that relative 

position will be captured 
• Relative PEs explicitly encode relative position

32

Absolute PE Relative PE
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Relative Embedding

• Good at capturing relative distance, but inefficient at inference 
• Extra step in self-attention layer 
• Difficult to do KV caching (we will cover this later)

33

[Shaw+ 2018, Huang+ 2018, Raffel+ 2019]

added as a bias
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Rotary Positional Embeddings (RoPE)
• Intuitive idea: rotate embeddings by their position

34

[Su+ 2021]

Position independent 
word embedding

Embedding 
"we know that"

Embedding 
"of course we know"

Rotate "we" by '0 positions' 
Rotate "know" by '1 positions'

Rotate "we" by '2 positions' 
Rotate "know" by '3 positions'
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RoPE

35
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RoPE: Math
• For the 2d vector

36

2D rotation matrix Q, K (not V)
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RoPE: Math
• In general, Nd vector case

37
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RoPE: Implementation

38
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Hyperparameters

39
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Hyperparameters
• In Transformer, for example, 

• How much bigger should the FFN size be compared to hidden size? 
• How many heads, and should # heads always divide hidden size? 
• What should my vocab size be? 

• These are also hyperparameters 
• Learning rate scheduling 
• Do people even regularize these huge LMs? 
• How do people scale these models: very deep or very wide?

40
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1. FFN Size
• Model dimension ratio in FFN 

• There are two hyperparameters that conventionally called 

• The feedforward dim ( ) and model dim ( ) 
• i.e. W1 = Linear(d_model, d_ff); W2 = Linear(d_ff, d_model) 

• So, what should their relationship be? 

• This is almost always true with just a few exceptions

dff dmodel

41

dff = 4 × dmodel
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Exception #1: *GLU
• Remember that GLU variants scale down   by 2/3 

• This means most GLU variants have   
• Some notable such examples

dff

dff = 8/3 × dmodel

42
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Exception #2: T5
• As we have (and will) see, most LMs have boring hyperparameters 

• One exception is T5 which has some very bold settings 
• In particular, for the 11B model, they set 
• d_ff = 65,536, d_model = 1024; d_ff / d_model = 64

• Other exceptions: Gemma 2 (8x), SmolLM/Gemma 3 (4x, GLU)

43
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Evidence for 4 or 8/3?
• Empirically, between 1-10 are near-optimal

44

[Kaplan+ 2020]
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2. # Heads in Multi-Head Attention
• Normally, d_model = num_heads * d_head, but some exceptions exist

45
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3. Aspect Ratio
• Should my model be deep or wide? How deep and how wide? 
• Most models are surprisingly consistent on this one too!

46

Sweet 
Spot?



Generative Computing Lab 
Inha University ECE7115 Multimodal VLM (Spring 2026)

Considerations About Aspect Ratio
• Extremely deep models are harder to parallelize and have higher latency

47

[Tay+ 2021]
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Evidence on Aspect Ratio

48

[Kaplan+ 2020]
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4. Vocabulary Size

49

Multilingual / production systems: 100-250kMonolingual: 30-50k vocab
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5. Learning Rate Scheduling
• Normally, cosine schedule with linear warmup is used 

• We will see modern scheduling (WSD) later

50

Cosine schedule + linear warmupScheduler comparison



Generative Computing Lab 
Inha University ECE7115 Multimodal VLM (Spring 2026)

6. Regularization
• Question: Do we need regularization during pre-training? 

• 🤔 🤔 🤔 
• There is a lot of data (trillions of tokens), more than parameters 
• Normally, we do 1-epoch training on a corpus (hard to memorize) 

• This is all quite reasonable... but what do people do in practice?

51
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Dropout and Weight Decay
• In practice,

52

Many older models used 
dropout during pre-training 

Recent models 
(except Qwen) 
rely only on weight decay

* Most of the time papers just don’t discuss dropout. On open models, this closely matches not doing dropout. 
This may not be true of closed models.
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Why Weight Decaying LLMs?
• [Andriushchenko+ 2023] has interesting observations 

• For the under-training regime (like 1-epoch training of LLM)

53

WD doesn't 
control overfitting

WD interacts with LR 
(cosine schedule)

WD increases stability 
when using BF16
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Why Weight Decaying LLMs?
• Weight decay is effective at "grokking" 

• Grokking (delayed generalization): Generalization after overfitting

54

[Power+ 2022, Liu+ 2022, Zhong+ 2023]



Generative Computing Lab 
Inha University ECE7115 Multimodal VLM (Spring 2026)

Why Weight Decaying LLMs?
• Grokking: Pizza and clock algorithms of modulo operation  

•

55

[Power+ 2022, Liu+ 2022, Zhong+ 2023]

Generalization Memorization

But, grokking does not always happen 
(e.g. model is so strong so that memorization can solve all the problems)
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Recap
• FFN Size: Factor-of-4 rule of thumb (8/3 for GLUs) is standard 

• Head Dim: d_head * num_head = d_model is standard 

• Aspect Ratio: Wide range of 'good' values (around 100-200) 

• Regularization: You still 'regularize' LMs but its effects are primarily on 
optimization dynamics

56
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Stability Tricks

57
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Training Stability
• How to stably train the model is very important 

• A lot of modules can reduce stability

58
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Beware of Softmax
• Softmax can be ill-behaved due to exponentials and divide-by-zero 
• But in Transformer, Softmaxes are everywhere!

59
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Safe Softmax
• Problem of Softmax: if  is very large, it produces overflow 

• We want to increase numerical stability 

• Safe Softmax

xi

60

Softmax = 
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Safe Softmax
• Problem of Softmax: if  is very large, it produces overflow 

• We want to increase numerical stability 

• Safe Softmax

xi
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Softmax = 

where, 
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LogSumExp Softmax
• Softmax with LogSumExp Trick 

• nn.CrossEntropyLoss uses 
nn.LogSoftmax

61

Softmax = 
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LogSumExp Softmax
• Softmax with LogSumExp Trick 

• nn.CrossEntropyLoss uses 
nn.LogSoftmax

61

Softmax = 
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Output Softmax: z-Loss Trick
• Google PaLM uses an auxiliary loss to encourage training stability

62

Z

[Chowdhery+ 2022]
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Attention Softmax: QK Norm
• Q, K are layer (RMS) normed before going into the softmax operation 

• Vanilla Attention:  

• QK Norm Attention: 
• : normalized QK 
• : learnable scalar param to compensate the representation power 

• Note:  can be removed

Q̂, K̂
g

1/ d

63

[Henry+ 2020]
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Logit Soft-Capping
• Soft-capping the logits to some maximum value via Tanh 

• Softcap:  

• Hardcap: clip x in [-t, t] 

• Gemma 2 uses t = 30.0 for output softmax, 
and t = 50.0 for attention softmax

64

00-15-15 -10-10 -5-5 55 1010 1515

-10-10

-5-5

55

1010

[Gemma Team 2024]
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Attention Variants

65
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Recap: Auto-Regressive Generation
• Transformer decoder predicts the next token one-by-one

66

https://jalammar.github.io/illustrated-gpt2/
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Recap: Auto-Regressive Generation
• Transformer decoder predicts the next token one-by-one

66

https://jalammar.github.io/illustrated-gpt2/
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Recap: Self-Attention

67

I had a warm and cozy morning today

q = Wqxi

K = Wkx V = Wvx
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Recap: Self-Attention

67

I had a warm and cozy morning today

q = Wqxi

K = Wkx V = Wvx

Query 
New token in this 
decoder step

Key 
Previous context that 
model should attend

Value 
Weighted sum over 
previous context
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Recap: Self-Attention

68

I had a warm and cozy morning today

q = Wqxi

K = Wkx V = Wvx
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Inference: Naive Sampling

69

I had a warm and cozy morning today

Query

Key

Value
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Inference: Naive Sampling

70

I had a warm and cozy morning today

Query

Key

Value
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Inference: Naive Sampling

71

I had a warm and cozy morning today

Query

Key

Value
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Inference: Naive Sampling

72

I had a warm and cozy morning today

Query

Key

Value
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Inference: Naive Sampling
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I had a warm and cozy morning today

Query

Key

Value
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Inference: Naive Sampling

73

I had a warm and cozy morning today

Query

Key

Value

Keys and values 
should be generated 
for each token! 

But it seems that  
we can reuse pre-
computed KV
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Inference: Sampling with KV-Cache

74

I had a warm and cozy morning today

Query

Key

Value
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Inference: Sampling with KV-Cache

75

I had a warm and cozy morning today

Query

Key

Value

Caching KV! 
Store KV in memory 
and no re-compute

cached

ca
ch

ed
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Inference: Sampling with KV-Cache

76

I had a warm and cozy morning today

Query

Key

Value

Caching KV! 
Store KV in memory 
and no re-compute

cached

ca
ch

ed
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Inference: Sampling with KV-Cache

77

I had a warm and cozy morning today

Query

Key

Value

Caching KV! 
Store KV in memory 
and no re-compute

cached

ca
ch

ed
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Inference: Sampling with KV-Cache

78

I had a warm and cozy morning today

Query

Key

Value

Caching KV! 
Store KV in memory 
and no re-compute

cached

ca
ch

ed
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Inference: Sampling with KV-Cache
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Inference: Sampling with KV-Cache
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• Prefil phase: Parallel processing of the entire input sequence 
• Transforms all input tokens into KV pairs to populate the KV cache 

• Decode phase: Sequential generation of tokens, one at a time 
• Reuses KV cache; generates QKV for the current token only 
• Append the new KV pair to the KV cache

Inference: Prefil and Decode Phases

80



Generative Computing Lab 
Inha University ECE7115 Multimodal VLM (Spring 2026)

KV-Caching: Memory Usage

• For example, DeepSeekR1 / V3 
• 2 = key/value 
• precision = 2 bytes per elems 
• KV dim = d_k, d_v = 128 
• # heads = 128 
• # layers = 61 
• # seq. length = 32,768 tokens 

• Total required memory for just KV-cache is 131 GB!

81

2 x precision x KV dim x # heads x # layers x # seq. length
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KV-Caching: Memory Usage

82

https://github.com/rasbt/LLMs-from-scratch/tree/main/ch04/04_gqa
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Multi-Head Attention (MHA)

83

Reference: Prof. Jia-Bin Huang's Youtube

x1 x2 x3 x4 x5 x6 x7

...
Query Key Value Output

WQ WK WV WO∈ Rd × (dq × h) ∈ Rd × (dk × h) ∈ Rd × (dv × h) ∈ R(do × h) × d
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Multi-Head Attention (MHA)

83

Reference: Prof. Jia-Bin Huang's Youtube

x1 x2 x3 x4 x5 x6 x7

...
Query Key Value Output

WQ WK WV WO

Multi-Head Attention

Q = XWQ V = XWVK = XWK

OΔX = OWO

Q1 Q2 Q3 Q4 K1 K2 K3 K4 V1 V2 V3 V4

∈ Rd × (dq × h) ∈ Rd × (dk × h) ∈ Rd × (dv × h) ∈ R(do × h) × d
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Multi-Query Attention (MQA)

84

Reference: Prof. Jia-Bin Huang's Youtube

x1 x2 x3 x4 x5 x6 x7

...
Query Key Value Output

WQ WK WV WO

Multi-Head Attention

Q = XWQ V = XWVK = XWK

OΔX = OWO

Q1 Q2 Q3 Q4 K K K K V V V V

∈ Rd × (dq × h) ∈ Rd × (dk × 1) ∈ Rd × (dv × 1) ∈ R(do × h) × d

[Shazeer+ 2019]
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Multi-Query Attention (MQA)

84

Reference: Prof. Jia-Bin Huang's Youtube

x1 x2 x3 x4 x5 x6 x7

...
Query Key Value Output

WQ WK WV WO

Multi-Head Attention

Q = XWQ V = XWVK = XWK

OΔX = OWO

Q1 Q2 Q3 Q4 K K K K V V V V

∈ Rd × (dq × h) ∈ Rd × (dk × 1) ∈ Rd × (dv × 1) ∈ R(do × h) × d

[Shazeer+ 2019]

KV-cache per token 
• MHA = 4MB 
• MQA = 31KB 



Generative Computing Lab 
Inha University ECE7115 Multimodal VLM (Spring 2026)

Grouped-Query Attention (GQA)

85

Reference: Prof. Jia-Bin Huang's Youtube

x1 x2 x3 x4 x5 x6 x7

...
Query Key Value Output

WQ WK WV WO

Multi-Head Attention

Q = XWQ V = XWVK = XWK

OΔX = OWO

Q1 Q2 Q3 Q4 K1 K1 K2 K2 V1 V1 V2 V2

∈ Rd × (dq × h) ∈ Rd × (dk × ng) ∈ Rd × (dv × ng) ∈ R(do × h) × d

[Ainslie+ 2023]
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Grouped-Query Attention (GQA)
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Reference: Prof. Jia-Bin Huang's Youtube

x1 x2 x3 x4 x5 x6 x7

...
Query Key Value Output

WQ WK WV WO

Multi-Head Attention

Q = XWQ V = XWVK = XWK

OΔX = OWO

Q1 Q2 Q3 Q4 K1 K1 K2 K2 V1 V1 V2 V2

∈ Rd × (dq × h) ∈ Rd × (dk × ng) ∈ Rd × (dv × ng) ∈ R(do × h) × d

KV-cache per token 
• MHA = 4MB 
• MQA = 31KB 
• GQA = 500KB

[Ainslie+ 2023]
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MHA vs. GQA: Memory Usage

86

https://github.com/rasbt/LLMs-from-scratch/tree/main/ch04/04_gqa
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MHA vs. MQA vs. GQA

87

[Ainslie+ 2023]
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Revisit GQA

88

Reference: Prof. Jia-Bin Huang's Youtube

x1 x2 x3 x4 x5 x6 x7

...Query Key Value Output

WQ WK WV WO

Multi-Head Attention

Q = XWQ [V1, V2] = XWV[K1, K2] = XWK

Q1 Q2 Q3 Q4 K1 K1 K2 K2 V1 V1 V2 V2

∈ Rd × (dq × h) ∈ Rd × (dk × ng) ∈ Rd × (dv × ng) ∈ R(do × h) × d
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Revisit GQA

89

Reference: Prof. Jia-Bin Huang's Youtube

x1 x2 x3 x4 x5 x6 x7

...Query Key Value Output

WQ WK WV WO

Multi-Head Attention

Q = XWQ [V1, V2] = XWV[K1, K2] = XWK

Q1 Q2 Q3 Q4 K1 K1 K2 K2 V1 V1 V2 V2

∈ Rd × (dq × h) ∈ Rd × (dk × ng) ∈ Rd × (dv × ng) ∈ R(do × h) × d

[K1, K1, K2, K2] = [K1, K2][
Idk

Idk
0 0

0 0 Idk
Idk] = [K1, K2] W↑

K
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Revisit GQA

90

Reference: Prof. Jia-Bin Huang's Youtube

x1 x2 x3 x4 x5 x6 x7

...Query Key Value Output

WQ WK WV WO

Multi-Head Attention

Q = XWQ [V1, V2] = XWV[K1, K2] = XWK

Q1 Q2 Q3 Q4 K1 K1 K2 K2 V1 V1 V2 V2

∈ Rd × (dq × h) ∈ Rd × (dk × ng) ∈ Rd × (dv × ng) ∈ R(do × h) × d

[V1, V1, V2, V2] = [V1, V2][
Idv

Idv
0 0

0 0 Idv
Idv] = [V1, V2] W↑

V
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Revisit GQA
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Reference: Prof. Jia-Bin Huang's Youtube

x1 x2 x3 x4 x5 x6 x7

...Query Key Value Output

WQ WK WV WO

Multi-Head Attention

Q = XWQ

Q1 Q2 Q3 Q4 K1 K1 K2 K2 V1 V1 V2 V2

∈ Rd × (dq × h) ∈ Rd × (dk × ng) ∈ Rd × (dv × ng) ∈ R(do × h) × d

W↑
K W↑

V

[V1, V2] = XWV[K1, K2] = XWK
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Revisit GQA
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Reference: Prof. Jia-Bin Huang's Youtube

x1 x2 x3 x4 x5 x6 x7

...Query Key Value Output

WQ WK WV WO

Multi-Head Attention

Q = XWQ [K1, K2, V1, V2] = X [WK, WV] = XW↓
KV

Q1 Q2 Q3 Q4 K1 K1 K2 K2 V1 V1 V2 V2

∈ Rd × (dq × h) ∈ Rd × (dk × ng) ∈ Rd × (dv × ng) ∈ R(do × h) × d

W↑
K W↑

V
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Revisit GQA
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Reference: Prof. Jia-Bin Huang's Youtube

x1 x2 x3 x4 x5 x6 x7

...Query Key / Value Output

WQ W↓
KV WO

Multi-Head Attention

Q = XWQ [K1, K2, V1, V2] = XW↓
KV

Q1 Q2 Q3 Q4 K1 K1 K2 K2 V1 V1 V2 V2

∈ Rd × (dq × h) ∈ R(do × h) × d

W↑
K W↑

V

∈ Rd × (dkng+dvng)



Generative Computing Lab 
Inha University ECE7115 Multimodal VLM (Spring 2026)

Revisit GQA

94

Reference: Prof. Jia-Bin Huang's Youtube

x1 x2 x3 x4 x5 x6 x7

...Query Key / Value Output

WQ W↓
KV WO

Multi-Head Attention

Q = XWQ [K1, K2, V1, V2] = XW↓
KV

Q1 Q2 Q3 Q4 K1 K1 K2 K2 V1 V1 V2 V2

∈ Rd × (dq × h) ∈ R(do × h) × d

W↑
K W↑

V

∈ Rd × (dkng+dvng)

MHA:  
GQA: 

K = XWK;
K = XW↓

KVW↑
K; V = XW↓

KVW↑
V

V = XWV
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Multi-Head Latent Attention (MLA)

95

Reference: Prof. Jia-Bin Huang's Youtube

x1 x2 x3 x4 x5 x6 x7

...Query Key / Value Output

WQ W↓
KV WO

Multi-Head Attention

Q = XWQ [K1, K2, V1, V2] = XW↓
KV

Q1 Q2 Q3 Q4 K1 K1 K2 K2 V1 V1 V2 V2

∈ Rd × (dq × h) ∈ R(do × h) × d

W↑
K W↑

V

∈ Rd × (dkng+dvng)

[DeepSeek-AI 2024]
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Multi-Head Latent Attention (MLA)
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Reference: Prof. Jia-Bin Huang's Youtube

x1 x2 x3 x4 x5 x6 x7

...Query Key / Value Output

WQ W↓
KV WO

Multi-Head Attention

Q = XWQ CKV = XW↓
KV

Q1 Q2 Q3 Q4 K1 K1 K2 K2 V1 V1 V2 V2

∈ Rd × (dq × h) ∈ R(do × h) × d

W↑
K W↑

V

∈ Rd × (d × dc)

[DeepSeek-AI 2024]

(compress to cached latent code)
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Multi-Head Latent Attention (MLA)
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Reference: Prof. Jia-Bin Huang's Youtube

x1 x2 x3 x4 x5 x6 x7

...Query Key / Value Output

WQ W↓
KV WO

Multi-Head Attention

Q = XWQ CKV = XW↓
KV

Q1 Q2 Q3 Q4 K1 K2 K3 K4 V1 V2 V3 V4

∈ Rd × (dq × h) ∈ R(do × h) × d

W↑
K W↑

V

∈ Rd × (d × dc)

[DeepSeek-AI 2024]

∈ Rdc × (dk × h) ∈ Rdc × (dv × h)
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Multi-Head Latent Attention (MLA)

97

Reference: Prof. Jia-Bin Huang's Youtube

x1 x2 x3 x4 x5 x6 x7

...Query Key / Value Output

WQ W↓
KV WO

Multi-Head Attention

Q = XWQ CKV = XW↓
KV

Q1 Q2 Q3 Q4 K1 K2 K3 K4 V1 V2 V3 V4

∈ Rd × (dq × h) ∈ R(do × h) × d

W↑
K W↑

V

∈ Rd × (d × dc)

[DeepSeek-AI 2024]

∈ Rdc × (dk × h) ∈ Rdc × (dv × h)

DeepSeek uses 
dc = 576 ≪ 128 × 128 × 2
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Multi-Head Latent Attention (MLA)

97

Reference: Prof. Jia-Bin Huang's Youtube

x1 x2 x3 x4 x5 x6 x7

...Query Key / Value Output

WQ W↓
KV WO

Multi-Head Attention

Q = XWQ CKV = XW↓
KV

Q1 Q2 Q3 Q4 K1 K2 K3 K4 V1 V2 V3 V4

∈ Rd × (dq × h) ∈ R(do × h) × d

W↑
K W↑

V

∈ Rd × (d × dc)

[DeepSeek-AI 2024]

∈ Rdc × (dk × h) ∈ Rdc × (dv × h)

DeepSeek uses 
dc = 576 ≪ 128 × 128 × 2

KV-cache per token 
• MHA = 4MB 
• MQA = 31KB 
• GQA = 500KB 
• MLA = 70KB
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Multi-Head Latent Attention (MLA)
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Reference: Prof. Jia-Bin Huang's Youtube

x1 x2 x3 x4 x5 x6 x7

...Query Key / Value Output

W↓
Q W↓

KV WO

Multi-Head Attention

Q = XW↓
Q CKV = XW↓

KV

Q1 Q2 Q3 Q4 K1 K2 K3 K4 V1 V2 V3 V4

∈ Rd × (dq × dc) ∈ R(do × h) × d

W↑
K W↑

V

∈ Rd × (d × dc)

[DeepSeek-AI 2024]

∈ Rdc × (dk × h) ∈ Rdc × (dv × h)

MLA to query

W↑
Q ∈ Rdc × (dq × h)
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MHA vs. MLA: Memory Usage
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https://github.com/rasbt/LLMs-from-scratch/tree/main/ch04/05_mla
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MHA vs. MQA vs. GQA vs. MLA
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https://magazine.sebastianraschka.com/p/visual-attention-variants
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MHA vs. MQA vs. GQA vs. MLA

101

[DeepSeek-AI 2024]
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MLA at Inference
• It seems that we should compute down/up projection matrices 

• Good for memory reduction, but extra computation at inference 
• Actually, we can avoid extra computation with some trick!

102
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Weight Absorption in MLA
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ΔX = OWO = [O1, O2, …, Oh] WO
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Weight Absorption in MLA

103

ΔX = OWO = [O1, O2, …, Oh] WO

ΔX = ⋯, Softmax ( QiKT
i

dk
+ M) Vi, ⋯ WO Qi = XW↓

QW↑,i
Q Ki = CKVW↑,i

K
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Weight Absorption in MLA

103

ΔX = OWO = [O1, O2, …, Oh] WO

ΔX = ⋯, Softmax ( QiKT
i

dk
+ M) Vi, ⋯ WO Qi = XW↓

QW↑,i
Q Ki = CKVW↑,i

K

cached KV latent
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Weight Absorption in MLA

103

ΔX = OWO = [O1, O2, …, Oh] WO

ΔX = ⋯, Softmax ( QiKT
i

dk
+ M) Vi, ⋯ WO Qi = XW↓

QW↑,i
Q Ki = CKVW↑,i

K

cached KV latent



Generative Computing Lab 
Inha University ECE7115 Multimodal VLM (Spring 2026)

Weight Absorption in MLA

103

ΔX = OWO = [O1, O2, …, Oh] WO

ΔX = ⋯, Softmax ( QiKT
i

dk
+ M) Vi, ⋯ WO Qi = XW↓

QW↑,i
Q Ki = CKVW↑,i

K

cached KV latent

Softmax
X W↓

Q W↑,i
Q W↑,i

K
⊤ C⊤

KV

dk
+ M Vi
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Weight Absorption in MLA

103

ΔX = OWO = [O1, O2, …, Oh] WO

ΔX = ⋯, Softmax ( QiKT
i

dk
+ M) Vi, ⋯ WO Qi = XW↓

QW↑,i
Q Ki = CKVW↑,i

K

cached KV latent

Softmax
X W↓

Q W↑,i
Q W↑,i

K
⊤ C⊤

KV

dk
+ M Vi
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Weight Absorption in MLA

103

ΔX = OWO = [O1, O2, …, Oh] WO

ΔX = ⋯, Softmax ( QiKT
i

dk
+ M) Vi, ⋯ WO Qi = XW↓

QW↑,i
Q Ki = CKVW↑,i

K

cached KV latent

Softmax
X W↓

Q W↑,i
Q W↑,i

K
⊤ C⊤

KV

dk
+ M Vi

= Softmax (
X WQK C⊤

KV

dk
+ M) Vi
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Weight Absorption in MLA

104

ΔX = [⋯, AiVi, ⋯] WO

= [A1V1, A2V2, A3V3, ⋯] WO Vi = CKVW↑,i
V
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Weight Absorption in MLA

104

ΔX = [⋯, AiVi, ⋯] WO

= [A1V1, A2V2, A3V3, ⋯] WO Vi = CKVW↑,i
V

cached KV latent
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Weight Absorption in MLA

104

ΔX = [⋯, AiVi, ⋯] WO

= [A1V1, A2V2, A3V3, ⋯] WO Vi = CKVW↑,i
V

= [A1CKVW↑,1
V , A2CKVW↑,2

V , A3CKVW↑,3
V , ⋯] WO

cached KV latent



Generative Computing Lab 
Inha University ECE7115 Multimodal VLM (Spring 2026)

Weight Absorption in MLA

104

ΔX = [⋯, AiVi, ⋯] WO

= [A1V1, A2V2, A3V3, ⋯] WO Vi = CKVW↑,i
V

= [A1CKVW↑,1
V , A2CKVW↑,2

V , A3CKVW↑,3
V , ⋯] WO

= [A1CKV, A2CKV, A3CKV, ⋯]

W↑,1
V 0 0
0 W↑,i

V 0 ⋯
0 0 W↑,3

V
⋯

WO

cached KV latent
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Weight Absorption in MLA

104

ΔX = [⋯, AiVi, ⋯] WO

= [A1V1, A2V2, A3V3, ⋯] WO Vi = CKVW↑,i
V

= [A1CKVW↑,1
V , A2CKVW↑,2

V , A3CKVW↑,3
V , ⋯] WO

= [A1CKV, A2CKV, A3CKV, ⋯]

W↑,1
V 0 0
0 W↑,i

V 0 ⋯
0 0 W↑,3

V
⋯

WO

cached KV latent
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Weight Absorption in MLA

104

ΔX = [⋯, AiVi, ⋯] WO

= [A1V1, A2V2, A3V3, ⋯] WO Vi = CKVW↑,i
V

= [A1CKVW↑,1
V , A2CKVW↑,2

V , A3CKVW↑,3
V , ⋯] WO

= [A1CKV, A2CKV, A3CKV, ⋯]

W↑,1
V 0 0
0 W↑,i

V 0 ⋯
0 0 W↑,3

V
⋯

WO

cached KV latent

= [A1CKV, A2CKV, A3CKV, ⋯] WO
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MLA with RoPE
• RoPE: 

• MLA with RoPE: 

• With RoPE, we cannot use weight absorption trick!

105

RoPE(X) = XRθ,mOi = Softmax (
RoPE(XWi

Q) RoPE(Wi
KX)⊤

dk
+ M) Vi

Oi = Softmax (
RoPE(XW↓

QW↑,i
Q ) RoPE(CKVW↑,i

K )⊤

dk
+ M) Vi



Generative Computing Lab 
Inha University ECE7115 Multimodal VLM (Spring 2026)

MLA with Decoupled RoPE

106

Query Key / Value

W↓
Q W↓

KV

Multi-Head Attention

Q = XW↓
Q CKV = XW↓

KV

Q1 Q2 Q3 Q4 K1 K2 K3 K4 V1 V2 V3 V4

∈ Rd × (dq × dc)

W↑
K W↑

V

∈ Rd × (d × dc)

W↑
Q

RoPE RoPE

Reference: Prof. Jia-Bin Huang's Youtube
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MLA with Decoupled RoPE
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Query Key / Value

W↓
Q W↓

KV

Multi-Head Attention

Q = XW↓
Q CKV = XW↓

KV

Q1 Q2 Q3 Q4 K1 K2 K3 K4 V1 V2 V3 V4

∈ Rd × (dq × dc)

WKR W↑
V

∈ Rd × (d × dc)

W↑
Q

RoPE RoPE

WQR W↑
K

X

QR
1 QR

2 QR
3 QR

4 KR
1 KR

2 KR
3 KR

4

∈ Rdc × (dR
h × h)

Reference: Prof. Jia-Bin Huang's Youtube
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MLA with Decoupled RoPE
• RoPE: 

• MLA with RoPE: 

• MLA with decoupled RoPE:

108

Oi = Softmax (
XWQKC⊤

KV + RoPE(XW↓
QWQR) RoPE(XWKR)⊤

dk
+ M) Vi

RoPE(X) = XRθ,mOi = Softmax (
RoPE(XWi

Q) RoPE(Wi
KX)⊤

dk
+ M) Vi

Oi = Softmax (
RoPE(XW↓

QW↑,i
Q ) RoPE(CKVW↑,i

K )⊤

dk
+ M) Vi
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MLA with Decoupled RoPE
• RoPE: 

• MLA with RoPE: 

• MLA with decoupled RoPE:

108

Oi = Softmax (
XWQKC⊤

KV + RoPE(XW↓
QWQR) RoPE(XWKR)⊤

dk
+ M) Vi

weight absorption RoPE key cache

RoPE(X) = XRθ,mOi = Softmax (
RoPE(XWi

Q) RoPE(Wi
KX)⊤

dk
+ M) Vi

Oi = Softmax (
RoPE(XW↓

QW↑,i
Q ) RoPE(CKVW↑,i

K )⊤

dk
+ M) Vi
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Summary

109

MHA MQA GQA MLA


