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Transformers: Recap 



!ÆÔÅÒ 4ÒÁÎÓÆÏÒÍÅÒ ȣ



Yang et al. Harnessing the Power of 

LLMs in Practice: A Survey on 

ChatGPT and Beyond, 2023
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The Phases of Our Understanding 

ñLanguage modeling is a useful subtaskfor many NLP tasksò 
ïeveryone, pre-2018

ñLanguage modeling is a useful supertaskfor many NLP tasksò 
ïeveryone, post-2018
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Chapter Plan 

1. Transformer-based families of Language Models 

2. Architectural variants 

3. Thinking about pre-training data 

4. Practical hacks and variants 

Chapter goal ð extending out understanding of training transformer language 
models. 
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Transformer 
Language Model Families
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Impact of Transformers 

ÁA building block for a variety of LMs 

Decoders

Encoders

Encoder-

Decoders

× Examples: GPT-2, GPT-3, LaMDA

× Other name: causal or auto-regressive language model 

× .ÉÃÅ ÔÏ ÇÅÎÅÒÁÔÅ ÆÒÏÍȠ ÃÁÎȭÔ ÃÏÎÄÉÔÉÏÎ ÏÎ ÆÕÔÕÒÅ ×ÏÒÄÓ

× Examples: BERT, RoBERTa, SciBERT.

× Captures bidirectional context. Wait, how do we pretrain them?

× Examples: Transformer, T5, Meena

× 7ÈÁÔȭÓ ÔÈÅ ÂÅÓÔ ×ÁÙ ÔÏ ÐÒÅÔÒÁÉÎ ÔÈÅÍȩ
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Encoder-Decoder Family of 
Transformers 

Encoder-

Decoders
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Encoder -Decoder models: T5

ÁArchitecture:

o The encoder portion benefits from bidirectional context.

o The decoder portion is used to train the whole model 
through language modeling. 

o Similar to the original Transformer enc-dec architecture.
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Encoder -Decoder models: T5

ÁPretraining objective: Randomly corrupt tokens and replace with sentinel tokens 
(<x>, <y>) that is unique over the example.
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Encoder -Decoder models: T5
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Recap: Enc -dec models

ÁThe most canonical form of Transformers. 

ÁNotable example: T5.
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Encoder-only Family of Transformers 
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Encoder -only models (BERT)

ÁTransformer encoder-only

ÁBERT is trained to uncover masked tokens. 

[BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding, Devlin et al. 2018]

brown 0.92
lazy 0.05

playful 0.03

https://arxiv.org/abs/1810.04805
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Encoder -only models (BERT): 
Probing its predictions 

ÁMasking words forces BERT to use context in both directions to predict the masked 
word.

https://huggingface.co/bert - base- uncased

https://huggingface.co/bert-base-uncased
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Encoder -only models (BERT): 
Probing its predictions 

ÁMasking words forces BERT to use context in both directions to predict the masked 
word.

https://huggingface.co/bert - base- uncased

https://huggingface.co/bert-base-uncased
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Encoder -only models (BERT): 
Pre -training Objectives 

ÁToken masking: Randomly mask 15% of tokens and train the model to recover them. 



19

Encoder -only models (BERT): 
Pre -training Objectives 

ÁToken masking: Randomly mask 15% of tokens and train the model to recover them. 

o Too little masking: Too expensive to train 

o Too much masking: Underdefined

Å (not enough info for the model to recover the masked tokens)

ÁSentence ordering: Predict sentence ordering

o Learns the relationships between sentences

o 50% correct ordering, and 50% random incorrect ones
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Encoder -only models (BERT): 
Fine -tune for tasks 

o Idea: Make pre-trained model usable in downstream tasks (often classification)

o Initialized with pre-trained model parameters

o Fine-tune model parameters using labeled data from downstream tasks

[BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding, Devlin et al. 2018]

Ȱ0ÒÅÔÒÁÉÎ ÏÎÃÅȟ ÆÉÎÅÔÕÎÅ ÍÁÎÙ ÔÉÍÅÓȢȱ

https://arxiv.org/abs/1810.04805


21

Encoder -only models (BERT): One of the 
Early Signs on the Effectiveness of Scale

ÁGoing from 110M -> 340M params helps a lot 

Á Improvements have not plateaued! 

[BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding, Devlin et al. 2018]

https://arxiv.org/abs/1810.04805
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Encoder -only models ( ModernBERT ): 
Recent Reincarnation of BERT

ÁEssentially a BERT-like architecture but a few key changes: 

o Longer context: Trained for context window of 8,192 tokens (vs. 512 in BERT)

o MLP layer: Drop the bias term to save costs.

o More norms: Add an extra normalization layer after embeddings. 

o Replaced activations: Replaced GeLUactivation with GeGLU(will talk about this)

o Pos encoding: Replaced the sine/cosine with rotary embeddings (will talk about this)

[Smarter, Better, Faster, Longer: A Modern Bidirectional Encoder for Fast, Memory Efficient, and Long Context Finetuning and Inference, 2024]
https://huggingface.co/blog/modernbert

https://arxiv.org/abs/2412.13663
https://huggingface.co/blog/modernbert
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Recap: Encoder -only models

ÁTransformer-based decoder-only models trained on massive piles of data. 

ÁCommon use-cases: 

o Provide incredible framework contextualized embeddings of words.

o It also allows fine-tuning on your particular task (usually top layers).

ÁHowever, they were not designed to generate text ïunless you do 
additional work. 
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Decoder-only Family of Transformers 

Decoders
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Decoder -only (GPT)

ÁGenerate sequences where each token is predicted based on the previously 
generated tokens

ÁUse causal masking to ensure the causality

ÁTrained to maximize log-likelihood defined for next -token prediction. 

Figure source: https://peterbloem.nl/blog/transformers

https://peterbloem.nl/blog/transformers
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GPT4

ÁTransformer-based 

o The rest is é. mystery! J

o Rumor: GPT-4 is a Mixture of Experts model (weôll talk about it). 

o If weôre going based on costs, GPT4 is ~15-30 times costlier than GPT3. That 
should give you an idea how its likely size! 

ÁNote, these language models involve more than just pre - training . 

o Pre-training provides the foundation based on which we build the model. 

o We will discuss the later stages (i.e., alignment) in a 2 -3 weeks. 

https://openai.com/pricing

https://openai.com/pricing
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Other Available [Decoder] LMs

EleutherAI: GPT-Neo (6.7B), GPT-J (6B), GPT-NeoX (20B) 

https://huggingface.co/EleutherAI

https://6b.eleuther.ai/

LLaMA, 65B:     https://github.com/facebookresearch/llama

Mistral and Mixtral: 

https://huggingface.co/mistralai/Mistral - 7B- Instruct - v0.2

https://huggingface.co/mistralai/Mixtral - 8x7B- Instruct - v0.1

https://github.com/facebookresearch/llama
https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.2
https://huggingface.co/mistralai/Mixtral-8x7B-Instruct-v0.1
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Summary: Existing models 

ÁThere is a ton of models out there. 

ÁWe talked about a few: BERT, T5, GPT family. 

ÁYou should always check the existing leaderboards (e.g., ChatBotArena) to see 
whatôs the best and latest. 

ÁNext, weôre going to spend a quite a bit of time delving into design decisions for 
training LLMs. 
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LMSys ChatArena https://lmarena.ai/

https://lmarena.ai/
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Pre-training language models: 
Architectures
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Training Pipeline for LLMs

Pretraining Adaptation and Alignment
Model with 

random weights
Pretrained 

model

High-utility model

(general-purpose or 

specialized)

(smaller but labeled data)(Large but unlabeled data)

ÁThere is extensive literature about best practices for pretraining

o What choice of architectures are good? 

o How do you prepare pre-training data? 

o What considerations go into efficient training of the models? 

o é

ÁOur goal in this chapter is to summarizes the latest best and common practices.

Our focus



We will visit a few of 
ǘƘŜǎŜ ōǊŀƴŎƘŜǎ Χ 

Variants of positional 
embeddings 

Architectural choices

Multi-modal models

But there is a lot 
that we do not 
ŎƻǾŜǊ Χ 
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How consistent are the architectures 
used in existing LLMs? 
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Another View of Architectural Variations 

Low consensus
(except pre-norm)

Most try to follow 
previous successful 
choices. 

[Slide credit: TatsuHashimoto] 
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When should we do 
normalization? 
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Quiz: Pre -norm vs Post -norm 

ÁWhich is the original implementation? 

ÁWhich one is your favorite? 

ὒὥώὩὶὔέὶάὼ ὛόὦὒὥώὩὶὼ

ὼ ὛόὦὒὥώὩὶὒὥώὩὶὔέὶάὼ ȟ
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Pre-norm vs Post -norm 

ÁPre-norm (right) is set up so that LayerNorm
does not disrupt the residual stream (in gray). 

Á In theory, both should work fine. 

Á In practice, however, Pre -norm is 
preferred over Post -norm . 

[On Layer Normalization in the Transformer Architecture, 2020]
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Pre-norm vs Post -norm ðExplanation? 

ÁStability, larger LRs for large networks and no need for warm up. 

[Left and right from: On Layer Normalization in the Transformer Architecture, 2020]

[middle from: Transformers without Tears: Improving the Normalization of Self -Attention, 2019] 

Gradient spikes

Gradient attenuation

[Slide credit: TatsuHashimoto] 

Bonus

No need for warm-up stage
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Layer Norm vs RMSNorm

ÁOriginal transformer: LayerNorm

o Normalizes the mean and variance across Ὠ

ÁMany modern LMs: RMSNorm

o Does not subtract mean or add a bias term 

[Slide credit: TatsuHashimoto] 

Notable models: 
GPT3/2/1, OPT, GPT-J, BLOOM

Notable models: 
LLaMA-family, PaLM, Chinchilla, T5
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Why RMSNorm ? 

ÁModern explanation ïitôs faster (and just as good).

o Fewer operations (no mean calculation)

o Fewer parameters (no bias term to store)

ÁDoes this explanation make sense?

o Matrix multiplies are the vast majority of FLOPs (and memory)

o Non-matmul ops only make up 0.2% of our FLOPS

ÅSo perhaps it doesn't matter that GPUs compute non-matmul ops slower.  

[Slide credit: TatsuHashimoto] 

[Data Movement Is All You Need: A Case Study on Optimizing Transformers, 2020]

"Tensor Contraction" := matmuls

Bonus
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Why RMSNorm ? 

ÁRMSNorm runtime (and surprisingly, perf) gains have been seen in papers

[Slide credit: TatsuHashimoto] 

[Do Transformer Modifications Transfer Across Implementations and Applications?, 2021]

Bonus
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Is the ñbiasò term 
in FFNs necessary?  

&&.ὀ Ὢὀ╦ ὦ ╦ ╫
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The Bias Terms 

ÁMost modern transformers donôt have bias terms.

o Original Transformer:

&&.ὀ Ὢὀ╦ ὦ ╦ ╫

and Ὢwas defined as ReLU: Ὢὼ ÍÁØπȟὼ

o Most implementations (if theyôre not gated):

&&.ὀ Ὢὀ╦ ╦

ÁReasons: memory (similar to RMSnorm) and optimization stability.

[Slide credit: TatsuHashimoto] 

╦ ᶰᴙ ȟ
╦ ᶰᴙ
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Recap so far 

ÁBasically, everyone does pre-norm.

o Intuition ïkeep the good parts of residual connections

o Observations ïnicer gradient propagation, fewer spike

ÁMost people do RMSnorm

o In practice, works as well as LayerNorm

o But, has fewer parameters to move around, which saves on wallclock time

ÁBias term: 

o People more generally drop bias terms since the compute/param tradeoffs are 
not great.

[Slide credit: TatsuHashimoto] 



45

What activations ὪȢ
should we use? 

&&.ὀ Ὢὀ╦ ὦ ╦ ╫
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Activations 

ÁNo much consensus: 

ReLU, GeLU, Swish, ELU, GLU, GeGLU, ReGLU, SeLU, SwiGLU, LiGLU, é 
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Activations: ReLU vs GeLU

ÁReLU: 

ÁGeLU: 

Notable models: 
Original transformer, T5,
Gopher, Chinchilla, OPT

[Slide credit: TatsuHashimoto] 

&&.ὀ ÍÁØπȟὀ╦ ╦

&&.ὀ '%,5ὀ╦ ╦
Notable models: 
GPT1/2/3, GPTJ, GPT-
Neox, BLOOM
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GELU, in details 

&&.ὀ '%,5ὀ╦ ╦
'%,5ὁḧὁɮὁ

ÁHere ɮὁ the cumulative distribution function (CDF) of a normal distribution:

ɮÙ ρ ÅÒÆ
Ѝ
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Activations: Gated activations (*GLU)

ÁGated activations modify the first part of the activations:

&&.ὀ ÍÁØπȟὀ╦ ╦

Á Instead of a linear + ReLU, augment the above with an ( entrywise) linear term: 

ÍÁØπȟὀ╦ ᴼÍÁØπȟὀ╦ ἄ ὀἤ

ÁThis gives the gated variant (ReGLU) ïnote that we have an extra parameter ἤ:

&&.ὀ ÍÁØπȟὀ╦ ἄ ὀἤ╦ .

[Slide credit: TatsuHashimoto] 

Bonus
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Activations: Gated activations variants

ÁGeGLU

ÁSwiGLU : swish function is  ὼ ÓzÉÇÍÏÉÄὼ: 

ÁNote: Gated models use smaller dimensions for the Ὠ by 2/3

[Slide credit: TatsuHashimoto] 

Notable models: 
T5 v1.1, mT5, LaMDA

Notable models: 
LLaMa, PaLM

&&. ὀȠ╦ ȟ╦ ȟ╥ '%,5πȟὀ╦ ἄ ὀἤ╦ .

&&. ὀȠ╦ ȟ╦ ȟ╥ 3×ÉÓÈπȟὀ╦ ἄ ὀἤ╦ .

Bonus
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Do Gated Linear Units work? 

ÁYes, fairly consistently so.

[GLU Variants Improve Transformer, 2020]

[Slide credit: TatsuHashimoto] 

Bonus

https://arxiv.org/pdf/2002.05202
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Do gated linear units work? 

ÁYes, fairly consistently so.

[Do Transformer Modifications Transfer Across Implementations and Applications?, 2021]

[Slide credit: TatsuHashimoto] 

Bonus
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Recap: Gating, activations 

ÁMany variations (ReLU, GeLU, *GLU) across models.

Á*GLU isnôt necessary for a good model (see GPT3)

ÁBut evidence points towards somewhat consistent gains from Swi/GeGLU
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Serial vs Parallel layers
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Serial vs Parallel Layer 

ÁNormal transformer blocks are serial ïthey compute attention, then the MLP

o Can they be parallelized? GPT-J introduced a simple change to do so! 

ÁThe standard ñserialò formulation: 

ώ ὼ ὓὒὖὒὥώὩὶὔέὶάὼ ὃὸὸὩὲὸὭέὲὒὥώὩὶὔέὶάὼ

ÁThe parallel formulation:
ώ ὼ ὓὒὖὒὥώὩὶὔέὶάὼ ὃὸὸὩὲὸὭέὲὒὥώὩὶὔέὶάὼ

o Note, LayerNorm can be shared, and matrix multiplies can be fused

ÁFrom PaLMpaper: ñThe parallel formulation results in roughly 15% faster training 
speed at large scales é Ablation experiments showed a small quality degradation at 
8B scale but no quality degradation at 62B scaleò

Notable models: 
GPTJ, PaLM, GPT-NeoX

[PaLM: Scaling Language Modeling with Pathways, 2022]

https://arxiv.org/pdf/2204.02311
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Recap

ÁPre -vs-post norm: 

o Everyone does pre-norm (except OPT350M).

ÁLayer vs RMSnorm :

o RMSnormhas clear compute wins, sometimes even performance.

ÁGating: 

o GLUs seem generally better, though differences are small

ÁSerial vs parallel layers:

o No extremely serious ablations; but parallel layers have a compute win.
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Do you need all those keys? 
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Self -Attention layer variations 

ÁWeôre going to discuss a few variations of standard self-attention that are motivated 
by computational bottlenecks. 

ÁPreviously we talked about one bottleneck: # of arithmetic operations 

ÁNow weôre going to connect that to the # of read/writes from memory (IO)
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Diversion: Arithmetic Intensity  

ÁArithmetic Intensity of a program execution: 

(# of floating -point operations) / (# of data bytes transferred to memory)  

Á It helps determine whether a program is compute-bound or memory-bound:
o If AI is high , performance is limited by how fast the GPU can compute. 

o If AI is low , performance is constrained by how fast data can be transferred between global 
memory and GPU cores.

ÁA good rule of thumb: 

o Memory-bound:  AI < 10 FLOPs/byte

o Balanced:  10 Ò AI Ò 100 FLOPs/byte

o Compute-bound:  AI > 100 FLOPs/byte
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Quiz 

Á If a GPU kernel has high arithmetic intensity, which of the following is true?

o A) Performance is mostly limited by memory bandwidth

o B) Performance is mostly limited by compute throughput

o C) Memory accesses dominate execution time

o D) The workload is not well -suited for GPUs

ÁAnswer: High AI means the GPU spends more time computing per byte of memory 
fetched, making it compute -bound rather than memory -bound . Hence, B. 
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Arithmetic Intensity: An example

ÁWe are going to compute AI for the first operation in Self -Attention.

ÁNote we assume that the full input sequence is given at once (e.g., training time). 

ÁGiven: ὀɴ ᴙ ȟἥ ᶰᴙ we want to compute: ὀἥ . From last week: 

!)ὕ
ὦὲὨ

Ὠ ςὦὲὨ
ὕ

Ὠ ςὦὲὨ

ὦὲὨ
ὕ

ρ

ὦὲ

ς

Ὠ

Dimensions Operation Computations IO

ὀɴ ᴙ ȟἥ ᶰᴙ ὀἥ , ὀἥ , ὀἥ for ά heads ὕὦὲὨ ὕὨ ςὦὲὨ
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Quiz 

ÁGiven: ὀɴ ᴙ ȟἥ ᶰᴙ we know that the AI for computing ὀἥ is: 

!)ὕ
ρ

ὦὲ

ρ

Ὠ

ÁThis process is_____? 

o Memory-bound 

o Balanced

o Compute-bound 

ÁAnswer: Our AI is large - ish . Depending on hyperparams, this is either balanced or 
compute-bound.  

o If ὲ ρπ(sent len), ὦ ρπ(batch size), Ὠ υρς(hidden dim). Then AI 71.  

o If ὲ σπ(sent len), ὦ ςπ(batch size), Ὠ υρς(hidden dim). Then AI 179.  
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Arithmetic Intensity of Training 
Self -Attention

Operation Computations IO Arithmetic Intensity

ὀἥ , ὀἥ , ὀἥ for ά heads ὕὦὲὨ ὕὨ ςὦὲὨ ὕ ρ
Ὠ
ρ
ὦὲ

ὖᴺÓÏÆÔÍÁØ
╠░╚░

Ⱦ
for ά heads ὕὦὲὨ ὕςὦὲὨὦάὲ ὕ ά

Ὠ
ρ
ὲ

ÈÅÁÄNὖ╥ for ά heads ὕὦὲὨ ὕςὦὲὨὦάὲ ὕ ά
Ὠ
ρ
ὲ

ὣ #ÏÎÃÁÔÈÅÁÄȟȣȟÈÅÁÄ╦ ὕὦὲὨ ὕςὦὲὨὨ ὕ ρ
Ὠ
ρ
ὦὲ

ὣ 2Å,5ὣ╦ ╦ ὕρφὦὲὨ ὕςὦὲὨψὨ ὕ ρ
Ὠ
ρ
ὦὲ

https://le.qun.ch/en/blog/2023/05/13/transformer-batching/

All these AI values are large! 

We can continue running our 
GPUs during training! 

ὦ: batch size,

ὲ: sequence length,
ά: number of heads
Ὠ: feature dimension in output of SA

ὨȾά: feature dimension inside each SA head
Ὠ τὨ: feature dimension inside FFN

Bonus

https://le.qun.ch/en/blog/2023/05/13/transformer-batching/
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Self -Attention Cost of Computation During 
Incremental (Autoregressive) Generation

ÁNote that these numbers involve KV-caching. 

Operation Computations IO Arithmetic Intensity

ὀἥ , ὀἥ , ὀἥ for ά heads ὕὦὨ ὕὨ ςὦὨ ὕ ρ
Ὠ
ρ
ὦ

ὖᴺÓÏÆÔÍÁØ
╠░╚░

Ⱦ
for ά heads ὕὦὲὨ ὕὦὲάὦὲὨὦὨ ὕ ρ ά

Ὠ
ρ
ὲ

ÈÅÁÄNὖ╥ for ά heads ὕὦὲὨ ὕὦὲάὦὲὨὦὨ ὕ ρ ά
Ὠ
ρ
ὲ

ὣ #ÏÎÃÁÔÈÅÁÄȟȣȟÈÅÁÄ╦ ὕὦὨ ὕςὦὨὨ ὕ ρ
Ὠ
ρ
ὦ

ὣ 2Å,5ὣ╦ ╦ ὕρφὦὨ ὕςὦὨψὨ ὕ ρ
Ὠ
ρ
ὦ

ὦ: batch size,

ὲ: sequence length thus far,
ά: number of heads
Ὠ: feature dimension in output of SA

Ὠ τὨ: feature dimension inside FFN

These two rows have low AI. For example, if ὲ ςπ(sent len), 

Ὤ ρς(num heads), Ὠ υρς(hidden dim), then AI 0.93. 
Hence, our program is memory bound during inference! 

Note this is partly due to the memory -bandwidth cost of 

repeatedly loading the large "keys" and "values" tensors.

Bonus
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KV-Cache drag  

Try this calculator:

ÁSlowdown of autoregressive decoding.

o As the sequence length grows, KV cache size increases, making cache lookup slower.

o As we generate more output tokens (i.e. chatbot responding to user), throughput will slow 
down. 

ÁFor GPT2, this comes out to a modest ~36 MB assuming 
we use the max sequence length of 1024 tokens and a 
batch size of 1. For larger models, however, the KV 
Cache can take up GBs of memory.

o Try this calculator:

ÁSimple idea: Retain only the last ὒtokens of the 
KV-cache and compute attention using these recent tokens:

o Inference cost will be constant ὕὒ per token. 

https://tinkerd.net/blog/machine-learning/multi-query-attention/
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Sparse / sliding window attention

Á Right: Build sparse / structured attention that trades off expressiveness vs runtime.

Á Left: Just use the main part of the strided pattern ïlet depth extend effective context (Mistral)

[Generating Long Sequences with Sparse Transformers, 2019]

Notable models: 
GPT3 and Mistral

https://arxiv.org/abs/1904.10509
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Quiz 

ÁWhat are the drawbacks of sliding window? 

1. If the model was not trained for sliding window, generation will be out -
of-distribution and unstable.

2.If uses few layers, itôll retains local/recent information and cannot see 
global context.

3. After a while, it will forget the input text (e.g. the original instruction 
provided by the user).

4. All of the above.

[Slide credit: SametOymak] 
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Sliding Window Attention with ñSinksò

Á Idea: We should better retain the initial tokens 

o Intuition: The model should hold on to the user prompt which 
kickstarted/instructed the LLMôs decoding 

o During training: The model always relies on tokens at initial positions.

ÅWe canôt suddenly remove initial positions , , , ... during inference.

Å Removing them results in a less stable inference (position encodings become OOD). 

[Efficient Streaming Language Models with Attention Sinks, 2023]
[Slide credit: SametOymak] 

Bonus

https://arxiv.org/abs/2309.17453
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Sliding Window Attention with ñSinksò

ÁStandard Sliding Window Attention does work well but it requires re -computation 
of KV cache to reset windowôs positional encodings back to initial positions. 

ÁStreamingLLMavoids this by always maintaining few initial positions (referred to as 
sinks). 

o Keeping initial tokens results in faster and more stable inference 

[Efficient Streaming Language Models with Attention Sinks, 2023]
[Slide credit: SametOymak] 

Bonus

https://arxiv.org/abs/2309.17453
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Multi -Query Attention (MQA)

ÁThe idea is to reduce the memory-bandwidth cost of repeatedly loading the large 
"keys" and "values" tensors.

ÁKey idea ïhave multiple queries, but just one dimension for keys and values.

Small PPL w/ MQA [Shazeer2019]

https://arxiv.org/pdf/1911.02150
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MQA in practice 
Bonus

Script

https://gist.github.com/danyaljj/27beda96053623a7499070fa4019c2a4
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Grouped Query -Attention (GQA)

ÁAn interpolation between ñmulti-headò attention and ñmulti-queryò attention. 

ÁSimple knob to control expressiveness (key-query ratio) and inference efficiency

Notable models: 
Llama 2, Mistral, Qwen2

GQA: Training generalized multi-query transformer models from multi -head checkpoints, 2023
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Grouped Query -Attention (GQA)

ÁDoes it actually work? Depends. 

GQA: Training generalized multi-query transformer models from multi -head checkpoints, 2023

Inference speed as a function of GQA group size ð 8 
heads gives you inference speed as good as 1 head! 

Output quality of various models; all these 
SA variants are on-par on quality.
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Recap 

ÁSAôs AI during inference is not good. 

o Weôre doing a lot of IO relative to computations (KV drag). 

ÁSliding window attention: sparsifying attention pattern by looking at nearby things. 

ÁMQA and GQA: sharing attention keys and values. 
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Parameter tying
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Embedding parameter tying 

ÁThe same weight matrix is used for both the input embeddings and the output (projection) 
layer.

ÁWhy? 

o Theoretical justification: The input and output 
embeddings should exist in the same space.

o Memory Efficiency: reduce the # of trainable params.

o Improved Generalization: It enforces consistency between 
input vs output ð the same representations are used in both 
encoding and decoding.

Using the Output Embedding to Improve Language Models, 2017

https://arxiv.org/pdf/1608.05859
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Is there a better way to encode 
positional information? 
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Allows model to learn 
relative positioning

ὴare positional 
embeddings

Positional Embeddings: The Flavors

ÁSine embeddings: add sines and cosines that enable localization
Notable models: 
Original Transformer 
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Positional Embeddings: The Flavors

ÁSine embeddings: add sines and cosines that enable localization

ÁAbsolute embeddings: add a position vector to the embedding

ÁLimitations: 

o We can have fixed encoding for each index training position (e.g., 1, 2, 3,é1000). 

o What happens if we get a sequencewith 5000 words at test time?

ÁWe want something that can generalize to arbitrary sequence lengths. 

Notable models: 
Original Transformer 

Notable models: 
GPT1/2/3 - OPT
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Positional Embeddings: The Flavors

ÁSine embeddings: add sines and cosines that enable localization

ÁAbsolute embeddings: add a position vector to the embedding

ÁRelative embeddings: add a vector to the attention computation
ὗὑ ●░ὡ ὡ ●▒ ╟░▒

o Intuition: encoding the relative positions, for example based on the distance of the tokens in 
a local window to the current token.

Notable models: 
Original Transformer 

Notable models: 
GPT1/2/3 - OPT

Notable models: 
T5, Gopher, Chinchilla
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A Unified Perspective on 
Relative Positional Encoding

ÁYou can rewrite the statement from the previous slide in the following form:

ὗὑ ●░ὡ ὡ ●▒ ╟░▒
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A Unified Perspective on 
Relative Positional Encoding

ÁWe are input sequence ●ȟ●ȟȣand 

o Then the unnormalized attention value between position Ὥȟand Ὦis: 

ὗὑ ὡ●░ ὡ ●▒ ●░ὡ ὡ ●▒

ÁNow also assume that positional embeddings are added to ●░, i.e., theyôre ●░ ▬

ὗὑ ὡ ●░ ▬ ὡ ●▒ ▬ ●░ὡ ὡ ●▒ ●░ὡ ὡ ▬+▬░ὡ ὡ ●▒+ ▬░ὡ ὡ ▬

The original attention term: 

how much attention should we 

pay to word ●▒given word ●░

How much attention 

should we pay to word ●
given the position ▬

How much attention 

should position ▬░should 
attend to position ▬▒
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Relative Positional Encoding

ÁThere have been various choices:

o T5 models simplify this into learnable relative embeddings ╟░▒such that: 

ὗὑ ●░ὡ ὡ ●▒ ╟░▒

o DeBERTalearns relative positional embeddings ▬ such that: 

ὗὑ ●░ὡ ὡ ●▒ ●░ὡ ὡ ▬ +▬ ὡ ὡ ●▒

o Tranformer-XL learns relative positional embeddings ▬ and trainable vectors ◊, ○s.t.: 

ὗὑ ●░ὡ ὡ ●▒ ●░ὡ ὡ ▬ +◊ὡ ὡ ●▒+○ὡ ὡ ▬

o ALiBi learns learns a scalar άsuch that:
ὗὑ ●░ὡ ὡ ●▒ άȿὭ Ὦȿ

Exploring the Limits of Transfer Learning with a Unified Text -to-Text Transformer, 2020

Train Short, Test Long: Attention with Linear Bia4s2es Enables Input Length Extrapolation (2022)
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Recap 

ÁSine embeddings: add sines and cosines that enable localization

ÁAbsolute embeddings: add a position vector to the embedding

ÁRelative embeddings: add a vector to the attention computation

ÁRoPE embeddings:  (next slide)

Notable models: 
Original Transformer 

Notable models: 
GPT1/2/3 - OPT

Notable models: 
T5, Gopher, 
Chinchilla, Deberta
Tranformer-XL, 

Notable models: 
GPTJ, PaLM, LLaMA
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Rotary Positional Encoding (RoPE)

ÁWe want our embeddings to be invariant to absolute position. 

ÁWe know that inner products are invariant to arbitrary rotation.

[Slide credit: TatsuHashimoto] 

Bonus
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Thinking About Rotation Matrix

Á In 2D, a rotation matrix can be defined in the following form: 

Ὑȟ
ÃÏÓά— ÓÉÎά—
ÓÉÎά— ÃÏÓά—

ÁThe rotation increases with increasing —and ά. ●
ὥ
ὦ

●ᴂ ὥᴂ
ὦᴂ

ὼ Ὑȟὼ

ά—

Bonus
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Rotary Positional Encoding (RoPE)

RoFormer: Enhanced Transformer with Rotary Posit ion Embedding (2022) Figure source

ÁDrop the additive positional encoding and make 
it multiplicative. 

ήὯ Ὑȟὡ● Ὑȟὡ ●

● ὡ ὙȟὙȟὡ ●▒

o —: the size of rotation

o Ὑȟ : rotation matrix, rotates a vector it gets 
multiplied to proportional to —and the 
position index ά.  

Á Intuition: nearby words have smaller relative 
rotation .

Bonus

https://colab.research.google.com/github/krasserm/krasserm.github.io/blob/master/notebooks/2022-12-13-rotary-position-embedding.ipynb
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Thinking About Rotation Matrix

Á In practice, we are rotating Ὠdimensional embedding matrices. 

Á Idea: rotate different dimensions with different angles: 

o ɡ —ȟ—ȟ—ȟ—ȟȣȟ—Ⱦ

Bonus
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RoPE in its General Form

ήὯ Ὑȟὡ● Ὑȟὡ ● ȟ

Áwhere Ὑȟ is a Ὠ-dimensional rotation matrix. 

ÁSince Ὑȟ is a sparce matrix, its multiplication is implemented via dense operations:  

Bonus
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Implementation and code for RoPE

ÁNote: embedding at each attention operation to enforce position invariance

[Slide credit: TatsuHashimoto] 

Bonus
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Recap 

ÁSine embeddings: add sines and cosines that enable localization

ÁAbsolute embeddings: add a position vector to the embedding

ÁRelative embeddings: add a vector to the attention computation

ÁRoPE embeddings: uses rotations to encode relative distances. 

Notable models: 
Original Transformer 

Notable models: 
GPT1/2/3 - OPT

Notable models: 
T5, Gopher, 
Chinchilla, Deberta
Tranformer-XL, 

Notable models: 
GPTJ, PaLM, LLaMA
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Which overall architecture 
should I use? 
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Architectures: Different Choices

Exploring the limits of transfer learning with text-to-text transfer transformers, 2020

Bonus
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Architectures: Different Attention Masks 

ÁFully visible mask allows the self attention mechanism to attend to the full input.

ÁA causal mask doesnôt allow output elements to look into the future.

ÁCausal mask with prefix allows to fully -visible masking on a portion of input.

Exploring the limits of transfer learning with text-to-text transfer transformers, 2020

Bonus
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Architectural Variants : Experiments

Exploring the limits of transfer learning with text-to-text transfer transformers, 2020

Evaluated for classification tasks. 

Bonus
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Architectural Variants: Experiments

Input: Thank you for <X> me to your party
<Y>. Target: <X> inviting <Y> last week.

Exploring the limits of transfer learning with text-to-text transfer transformers, 2020

Evaluated for classification tasks. 

Bonus
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Architectural Variants: Experiments

Number of 
parameters

Exploring the limits of transfer learning with text-to-text transfer transformers, 2020

Evaluated for classification tasks. 

Bonus
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Architectural Variants: Experiments

Number of FLOPS

Exploring the limits of transfer learning with text-to-text transfer transformers, 2020

Evaluated for classification tasks. 

Bonus
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Architectural Variants: Experiments

Exploring the limits of transfer learning with text-to-text transfer transformers, 2020

Evaluated for classification tasks. 

Bonus
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Architectural Variants: Experiments

Exploring the limits of transfer learning with text-to-text transfer transformers, 2020

Evaluated for classification tasks. 

Bonus
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Architectural Variants: Experiments

Exploring the limits of transfer learning with text-to-text transfer transformers, 2020

Evaluated for classification tasks. 

Bonus
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Architectural Variants: Experiments

Languagemodel is decoder-only

Exploring the limits of transfer learning with text-to-text transfer transformers, 2020

Evaluated for classification tasks. 

Bonus
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Architectural Variants: Experiments

LM looks at both input and target, while 
encoder only looks at input sequence and 
decoder looks at output sequence.

Exploring the limits of transfer learning with text-to-text transfer transformers, 2020

Evaluated for classification tasks. 

Bonus
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Architectural Variants: Experiments

Exploring the limits of transfer learning with text-to-text transfer transformers, 2020

Evaluated for classification tasks. 

Bonus


