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Lots of developments to the 
transformer block!
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Transformers [2017] https://magazine.sebastianraschka.com/p/the-big-llm-architecture-comparison



PaLM
Architecture 

• SwiGLU activation:   
• Parallel layers 

• Serial:  

• Parallel:  
• 15% faster training speed (degradation for small models 8B, but no degradation at 62B) 

• Attention: Shared key-value across heads, query is still separately projected per head  
• RoPE (rotary position) embeddings 
• Shared input-output embeddings 
• No biases: increased training stability 
• Vocabulary: SentencePiece with 256k tokens 

Training data 
• 780 billion tokens of natural language + source code from github

Swish(xW) ⊗ xV

<latexit sha1_base64="FkThhG+Q5D0eE3zITYleKdVXpDw="></latexit>

y = x+MLP(LayerNorm(x+Attention(LayerNorm(x)))
<latexit sha1_base64="+J4KLE2c9wSayU4KUaZ+MD2A7Ok="></latexit>

y = x+MLP(LayerNorm(x)) + Attention(LayerNorm(x))

PaLM: Scaling Language Modeling with Pathways, Chowdhery et al, Google, 2022



LLaMa

https://pub.towardsai.net/llama-explained-a70e71e706e9

Vaswani et al. LLaMa

Norm Position Post Pre

Norm Type LayerNorm RMSNorm

Non-linearity ReLU SwiGLU

Positional 
Encoding Sinosoidal RoPE

Attention Full Multi-Head 
Attention

Grouped Multi-
Query Attention



Revisiting transformers

• Positional encoding


• Normalization


• Layer normalization vs RMS


• Post vs Pre-Layer norm


• Activation functions


• Attention variations
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Positional encoding

• Original transformer: fixed sinusoidal absolute embeddings


• Learned encoding 


• Absolute vs relative


• In most cases, it is the relative position between two words that matter (not 
their absolute position)


• Relative encoding can be learned [Self-Attention with Relative Position 
Representations, Shaw et al. 2018]


• Rotary embeddings (RoPE)

https://arxiv.org/abs/1803.02155
https://arxiv.org/abs/1803.02155
https://arxiv.org/abs/1803.02155
https://arxiv.org/abs/1803.02155


Learned encoding

• Advantage: Flexible, learned representations


• Disadvantage: bunch of extra parameters that need to be learned


• Disadvantage: impossible to extrapolate to longer sequences 



Learned encoding
What do position embeddings learn?
• Visualize cosine similarity between position embeddings


• GPT-2 learned embeddings are quite good: can effectively predict absolute 
position using linear regression and relative ordering using logistic regression

What Do Position Embeddings Learn? [Wang and Chen 2020]

https://arxiv.org/abs/2010.04903


Learned encoding
What do position embeddings learn?
• Visualize cosine similarity between position embeddings


• GPT-2 learned embeddings are quite good: can effectively predict absolute 
position using linear regression and relative ordering using logistic regression

What Do Position Embeddings Learn? [Wang and Chen 2020]

Absolute Relative

https://arxiv.org/abs/2010.04903


• Learnable relative embeddings


• Modify attention scores to capture relative embedding


• Simplify to just learning a bias term

Relative encoding

Self-Attention with Relative Position Representations 
[Shaw et al. 2018]

Exploring the Limits of Transfer Learning with a Unified Text-to-Text Transformer [Raffel et al. 2018]

https://arxiv.org/abs/1803.02155
https://arxiv.org/pdf/1910.10683


Attention with Linear Biases (ALiBi)

• No explicit position 
embedding


• Bias query-key attention 
scores with fixed penalty that 
is proportional to the distance


• Allows for better 
extrapolation to long 
sequences at test time

Train Short, Test Long: Attention with Linear Biases Enables Input Length Extrapolation [Press et al. 2021]

https://arxiv.org/abs/2108.12409


Attention with Linear Biases (ALiBi)

Train Short, Test Long: Attention with Linear Biases Enables Input Length Extrapolation [Press et al. 2021]

https://arxiv.org/abs/2108.12409


Rotary encoding 

RoFormer: Enhanced Transformer with Rotary Position Embedding [Su et al. 2021]

• Design absolute embeddings so the dot product result in function of relative position


• Rotary Position Embedding (RoPE): Apply rotation to encode positional encoding (vs using 
addition).    

<latexit sha1_base64="fq9B0cRPzntgS2rD6/+Y/JnQ4XU="></latexit>

fq(xm,m) · fk(xn, n) = g(xm,xn,m→ n)

<latexit sha1_base64="nrw37DC5IwKgMpNnRnQq+TstqL4="></latexit>

f{q,k}(xm,m) = Rd
!,mW{q,k}xm

•  For dimension , break down into  2D subspace.  


• For vector of length ,  group into  pairs of numbers - each pair is a vector in 2D.


• Encode positional encoding  on each pair by rotating by an angle  
  

d d/2

d d/2

m mθ

https://arxiv.org/abs/2104.09864
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<latexit sha1_base64="GCCSSzcgtYG09yFaRII+hCFXEF4="></latexit>

Rd
!,m =





cosmω1 → sinmω1 0 0 · · · 0 0
sinmω1 cosmω1 0 0 · · · 0 0

0 0 cosmω2 → sinmω2 · · · 0 0
0 0 sinmω2 cosmω2 · · · 0 0
...

...
...

...
. . .

...
...

0 0 0 0 · · · cosmω d
2

→ sinmω d
2

0 0 0 0 · · · sinmω d
2

cosmω d
2





https://arxiv.org/abs/2104.09864


Rotary encoding 

https://iclr-blogposts.github.io/2025/blog/positional-embedding/

<latexit sha1_base64="8E377Yzfo7ZwmI3i7b+wIE4kTco=">AAACWXicbVFNSwMxEM2uX3X9qvboJVgUL5ZdkepR9OKxglWhWUo2nW2D2eySzIpl8U96EMS/4sG0VtDqQODx3szk5SUplLQYhm+ev7C4tLxSWw3W1jc2t+rbO7c2L42ArshVbu4TbkFJDV2UqOC+MMCzRMFd8nA50e8ewViZ6xscFxBnfKhlKgVHR/XrBVOQYo8lMJS6yjga+fQcMJFbmjEcAfJ+RA/oEWVW6h8UY8Ecc0ApnZ sLGOjB91Jm5HCEcb/eDFvhtOhfEM1Ak8yq06+/sEEuygw0CsWt7UVhgXHFDUqhwHktLRRcPPAh9BzUPAMbV9Nknum+YwY0zY07GumU/TlR8czacZa4TmdzZOe1Cfmf1isxPYsrqYsSQYuvi9JSUczpJGY6kAYEqrEDXBjpvFIx4oYLdJ8RuBCi+Sf/BbfHrajdal+fNM8vZnHUyC7ZI4ckIqfknFyRDukSQV7Jh7fkLXvvvufX/OCr1fdmMw3yq/zGJ6TSspw=</latexit>[
cosmω1 → sinmω1
sinmω1 cosmω1

]

https://iclr-blogposts.github.io/2025/blog/positional-embedding/


Rotary encoding 
Why it works?

RoFormer: Enhanced Transformer with Rotary Position Embedding [Su et al. 2021]

•  For dimension , break down into  2D subspace.  


• For vector of length ,  group into  pairs of numbers - each pair is a vector in 2D.


• Encode positional encoding  on each pair by rotating by an angle  
  

d d/2

d d/2

m mθ
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https://arxiv.org/abs/2104.09864


Rotary encoding 
More efficient form

RoFormer: Enhanced Transformer with Rotary Position Embedding [Su et al. 2021]

• With just element wise multiply and addition

<latexit sha1_base64="ZQZ668U89S187rClQwAYRdkkJZA="></latexit>
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<latexit sha1_base64="/M79Ho+8FLnfd+jSxtRSRy1dNUY="></latexit>

! = {ωi = 10000→2(i→1)/d, i → [1 . . . d/2]}

https://arxiv.org/abs/2104.09864


Rotary encoding 

RoFormer: Enhanced Transformer with Rotary Position Embedding [Su et al. 2021]

https://arxiv.org/abs/2104.09864


Rotary encoding 
Benefits

RoFormer: Enhanced Transformer with Rotary Position Embedding [Su et al. 2021]

• Absolute encoding that captures relative information


• Computationally efficient


• Integrates well into KV cache


https://arxiv.org/abs/2104.09864


Rotary encoding 
Dot product

RoFormer: Enhanced Transformer with Rotary Position Embedding [Su et al. 2021]

<latexit sha1_base64="nrw37DC5IwKgMpNnRnQq+TstqL4="></latexit>

f{q,k}(xm,m) = Rd
!,mW{q,k}xm

<latexit sha1_base64="HGVGAkiInRDFrDdEVIDRXjhVvt8="></latexit>

q↭
mkn = (Rd

!,mWqxm)↭(Rd
!,nWkxn) = x↭

mW↭
q (R

d↭
!,mRd

!,n)Wkxn

Decays as relative distance (m-n) increases

https://arxiv.org/abs/2104.09864


Current LLMs use RoPE

• Advantage of RoPE may not hold for large models


• But can depend on value of theta


• Recent models use  (vs initial ) for long contextθ = 500K θ = 10K

The Falcon Series of Open Language Models 
[Almazrouei et al. 2023]

LLaMa, OLMo

https://arxiv.org/pdf/2311.16867


Comparing RoPE variants

• RoPE with  vs 


• Position interpolation (PI) 


• xPos - Variant of RoPE 

θ = 10K θ = 500K
Adjusted base frequency (ABF)

Effective Long-Context Scaling of Foundation Models 
[Xiong et al. 2023]

Extending Context Window of Large Language 
Models via Positional Interpolation [Chen et al. 2023]A length-extrapolatable transformer [Sun et al. 2022]

f′￼(x, m) = f (x,
mL
L′￼ )

Position interpolation:

Rescale from new length 


to original length 
L′￼

L

https://arxiv.org/abs/2309.16039
https://arxiv.org/abs/2306.15595
https://arxiv.org/abs/2306.15595
https://arxiv.org/abs/2306.15595
https://arxiv.org/abs/2309.16039


Current LLMs use RoPE

• Comparing RoPE with  vs θ = 10K θ = 500K
Adjusted base frequency (ABF)

Effective Long-Context Scaling of Foundation Models [Xiong et al. 2023]

First sentence retrieval

xPos is smoother

ABF decays to a 
higher attention score

https://arxiv.org/abs/2309.16039


How important is positional encoding?
Can we remove them?
• Train 1.3B parameter autoregressive LM on 

the Pile


• LM perplexity comparable to learned 
embedding


• Hypothesis: causal attention allows for 
encoding of absolute position of tokens 

Transformer Language Models without Positional Encodings Still Learn Positional Information [Haviv et al. 2022]

https://arxiv.org/pdf/2203.16634


How important is positional encoding?
Can we remove them?
• Model can learn to encode absolute position


• Train 2-layer FF ReLU network (hooked up 
to transformer layer output representations) 
to predict absolute position (0 to 1023) of 
each token (as multi class classification)


• LM weights are frozen


• Later layers can predict position

Transformer Language Models without Positional Encodings Still Learn Positional Information [Haviv et al. 2022]

https://arxiv.org/pdf/2203.16634


NoPE (no positional embedding)

• Interleave 
NoPE layers 
with layers 
with 
positional 
embeddings

(Annotated version from https://magazine.sebastianraschka.com/p/the-big-llm-architecture-comparison)
The Impact of Positional Encoding on Length Generalization in Transformers [Kazemnejad et al. 2023]

https://magazine.sebastianraschka.com/p/the-big-llm-architecture-comparison
https://arxiv.org/abs/2305.19466


Revisiting transformers

• Positional encoding


• Normalization 

• Layer normalization vs RMS


• Post vs Pre-Layer norm


• Activation functions


• Attention variations



Add & Norm
Residual Connections and Layer Norm

• Combine residual connection and layer norm into a single "Add & Norm" 
component


• Three choices:


• Pre-norm (input): 


• Res-Post-norm (output): 


• (Does not combine well with dropout)


• Post-norm: 


• Pre-norm leads to faster training.  Res-Post-norm has less spikes.

zℓ+1 = f(LN(zℓ)) + zℓ

zℓ+1 = LN( f(zℓ)) + zℓ

zℓ+1 = LN( f(zℓ) + zℓ)

https://arxiv.org/abs/2002.04745

https://arxiv.org/pdf/2111.09883

Original transformer



Layer normalization
Pre- vs Post- layer normalization

Post Pre

Original 
transformer

On Layer Normalization in the Transformer Architecture [Xiong et al. 2020]

• Moving layer normalization to before the MHA 
and FFN block helps improve training stability


• Warm-up of learning rate is critical for training 
when using Post-LN

https://arxiv.org/abs/2002.04745


Layer normalization
Pre- vs Post- layer normalization

On Layer Normalization in the Transformer Architecture [Xiong et al. 2020]

• Warmup very important for Post-LN 


• Gradient for Post-LN varies across layers during warmup, 
and is very small after warmup

https://arxiv.org/abs/2002.04745


Replace LayerNorm with RMSNorm

RMSNorm 
• Simplifies LayerNorm by removing the 

mean and bias terms 

32

LayerNorm 
• changes input features to have mean 0 and 

variance 1 per layer. 
• Adds two more learnable parameters (vectors) 

• Gain g and bias b

<latexit sha1_base64="HBnlfcgVPsYICECnByVfCKLXkU4="></latexit>

µ
l =

1

H

H∑

i=1

x
l

i

<latexit sha1_base64="HOGVwsqAly5ZfBDLlz0DPd7Mc/A="></latexit>

ω
l =

√√√√ 1

H

H∑

i=1

(xl

i
→ µl)2

<latexit sha1_base64="yY9qnavsyJrhQ+lUN7bulY/IfeE="></latexit>

hi =
gi
ωi

(xi → µi) + bi

<latexit sha1_base64="FPxQqxfiNhdYKXlApWnGwTnUJGM="></latexit>

RMS(x) =

√√√√ 1

n

n∑

i=1

x2
i

<latexit sha1_base64="SdbI7juwRBHfYcXcTKs3rD5DXJ8="></latexit>

RMSNorm(x) =
x

RMS(x)
· g

Root Mean Square Layer Normalization 
[Zhang and Sennrich, 2019]

https://arxiv.org/abs/1910.07467


Revisiting transformers

• Positional encoding


• Normalization


• Layer normalization vs RMS


• Post vs Pre-Layer norm


• Activation functions 

• Attention variations



Activation function

SwiGLU = Swish(xW) ⊗ xV

Gated linear unit (GLU) 
• Output of a linear transformation of x is 

modulated by a gate 

Squared ReLU  
Outperforms ReLU, competitive with SwiGLU 

• Sparse computations 
• Used in Primer 

GLU = σ(xW) ⊗ xV



Revisiting transformers

• Positional encoding


• Normalization


• Layer normalization vs RMS


• Post vs Pre-Layer norm


• Activation functions


• Attention variations



QK norm

• Normalize query and key to unit vectors


     


• Variants using LayerNorm 


• Training stability


  

<latexit sha1_base64="DUUxd2PGlJXZi0FAQMr2SPK5LvI="></latexit>

A(Q,K, V ) = softmax

(
QKT

→
dk

)
V

Query-Key Normalization for Transformers [Henry et al. 2020]

<latexit sha1_base64="boB4mVecFYZ/0QqZZDbGRQ5L44U="></latexit>

A(Q,K, V ) = softmax
(
ω ·Q→K →T )V

<latexit sha1_base64="ueoFH934Dm0ndsvfk7GOLbKcdmM=">AAACH3icbVDLSsNAFJ3UV62vqEs3g0V0ISURqW6EohvBTQv2AU0Ik+mkHTt5MDMRSpo/ceOvuHGhiLjr3zhpA2rrheGee8693LnHjRgV0jAmWmFpeWV1rbhe2tjc2t7Rd/daIow5Jk0cspB3XCQIowFpSioZ6UScIN9lpO0ObzK9/Ui4oGFwL0cRsX3UD6hHMZKKcvRqw6HH8ApaHkc4UUWaWGOVrHF6Cu+chx9NFZmmktIcvWxUjGnARWDmoAzyqDv6l9ULceyTQGKGhOiaRiTtBHFJMSNpyYoFiRAeoj7pKhggnwg7md6XwiPF9KAXcvUCCafs74kE+UKMfFd1+kgOxLyWkf9p3Vh6l3ZCgyiWJMCzRV7MoAxhZhbsUU6wZCMFEOZU/RXiAVJuSGVpSZlgzp+8CFpnFbNaqTbOy7Xr3I4iOACH4ASY4ALUwC2ogybA4Am8gDfwrj1rr9qH9jlrLWj5zD74E9rkG4iGoh0=</latexit>

Q→
i =

Qi

→Qi→
,K →

j =
Kj

→Kj→

 is learnable parameterγ

https://arxiv.org/pdf/2010.04245


Parallel attention and QK norm

• Parallel attention


    


• QK norm 

Scaling Vision Transformers to 22 Billion Parameters [Dehghani et al. 2023]

https://arxiv.org/pdf/2302.05442


QK norm

Scaling Vision Transformers to 22 Billion Parameters [Dehghani et al. 2023]

• Prevents exploding attention logits (which leads to almost one-hot attention 
weights with near-zero entropy)

https://arxiv.org/pdf/2302.05442


Sliding window attention

• Limited context / 
local attention 


• Interleave with 
global attention 
layers

https://magazine.sebastianraschka.com/p/the-big-llm-architecture-comparison

Longformer: The long-document transformer.

Longformer: The Long-Document Transformer  [Beltagy et al. 2020]

https://arxiv.org/abs/2004.05150


Sliding window attention

(Annotated version from https://magazine.sebastianraschka.com/p/the-big-llm-architecture-comparison)
Gemma 3 [Gemma Team. 2025]

https://magazine.sebastianraschka.com/p/the-big-llm-architecture-comparison
https://arxiv.org/pdf/2503.19786


Sliding window attention

(Annotated version from https://magazine.sebastianraschka.com/p/the-big-llm-architecture-comparison)
Gemma 3 [Gemma Team. 2025]

https://magazine.sebastianraschka.com/p/the-big-llm-architecture-comparison
https://arxiv.org/pdf/2503.19786


Grouped multi-query attention
• Reduce number of heads used for keys and values


• Shared values and keys across heads

GQA: Training Generalized Multi-Query Transformer Models from Multi-Head Checkpoints [Ainslie et al. 2023]
Fast Transformer Decoding: One Write-Head is All You Need [Shazeer 2019]

https://arxiv.org/abs/2305.13245
https://arxiv.org/pdf/1911.02150


Multi-head latent attention (MLA)

• Use low rank matrix 


• Project from latent space to full KV

CKV

DeepSeek-V2: A Strong, Economical, and Efficient Mixture-of-Experts Language Model [DeepSeek AI 2024]

https://arxiv.org/pdf/2405.04434


Multi-head latent attention (MLA)

https://magazine.sebastianraschka.com/p/the-big-llm-architecture-comparison



Gated value embedding

https://github.com/karpathy/nanochat/discussions/481

• Add gated value embedding 
(at alternating layers)


• Additional expressivity (more 
parameters) with minimal 
compute overhead



LLaMa

https://pub.towardsai.net/llama-explained-a70e71e706e9

Vaswani et al. LLaMa

Norm Position Post Pre

Norm Type LayerNorm RMSNorm

Non-linearity ReLU SwiGLU

Positional 
Encoding Sinosoidal RoPE

Attention Full Multi-Head 
Attention

Grouped Multi-
Query Attention



Impact of these changes

• Transformer: Vaswani et 
al.


• Transformer++: basically 
LLaMa

Figure from https://arxiv.org/pdf/2312.00752 [Gu and Dao, 2023]

https://arxiv.org/pdf/2312.00752


OLMo 2 architecture

2 OLMo 2 Furious [AI2 OLMo team, 2024]

https://arxiv.org/pdf/2501.00656


https://magazine.sebastianraschka.com/p/the-big-llm-architecture-comparison



Development of Open LLMs

50 2 OLMo 2 Furious [AI2 OLMo team, 2024]

https://arxiv.org/pdf/2501.00656


Other aspects of variation

• Training objective


• Scaling up with Mixture-of-Experts


• Optimizer


• Efficient training



Multi-token prediction

• Predict next tokens with shared trunk

Figure from https://arxiv.org/pdf/2404.19737 [Gloeckle et al. 2024]

• Gains due to multi-token prediction

https://arxiv.org/pdf/2404.19737


Multi-token prediction

• Predict in sequence to avoid large 
memory demands

Figure from https://arxiv.org/pdf/2404.19737 [Gloeckle et al. 2024]

https://arxiv.org/pdf/2404.19737


Multi-token prediction

Figure from https://arxiv.org/pdf/2412.19437 [DeepSeek-V3 2025]

• D sequential modules for predicting D tokens

https://arxiv.org/pdf/2412.19437


Mixture of Experts

• Allows for large 
capacity with low 
computational cost per 
token


• Router that selects 
which expert (individual 
neural networks) to use

https://ai.meta.com/blog/llama-4-multimodal-intelligence/

LLama 4 - 17B active parameters, 400B total parameters

Alternating dense and MoE layers


MOE layer: 128 routed expert, 1 shared



Mixture of experts over time

DeepSeekMoE: Towards Ultimate Expert Specialization in Mixture-of-Experts Language Models [Dai et al. 2024]
(Annotated version from https://magazine.sebastianraschka.com/p/the-big-llm-architecture-comparison)

https://arxiv.org/pdf/2401.06066
https://magazine.sebastianraschka.com/p/the-big-llm-architecture-comparison


Optimizer

• SGD: Update in the direction of reducing loss


• Adam: Add momentum and normalize by the stddev of the outputs


• AdamW: properly applies weight decay for regularization to Adam


• Adam with learning rate schedule: 

<latexit sha1_base64="emfqK45vIz1PbAUtSFHVtWHpLbA="></latexit>

learning rate = d→0.5
model ·min(step num→0.5, step num→0.5 ·warmup steps→1.5)



Muon Optimizer

• Orthogonalize the update

https://kellerjordan.github.io/posts/muon/

• Use for weight matrices, use AdamW for embeddings



Resources

• LLM architectures


• https://magazine.sebastianraschka.com/p/the-big-llm-
architecture-comparison


• https://magazine.sebastianraschka.com/p/a-dream-of-
spring-for-open-weight


• Andrej Karpathy - NanoGPT journey


• https://github.com/karpathy/nanochat/discussions/481
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