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MORE  DETA I L S  AND  SOME  TH INGS  ABOUT  MOE S



Outline and goals

v Finishing up – tokenizers, attention variants

v Mixture of experts



Tokenizers
The non-google world uses BPE. Google uses the SentencePiece library, which 

(sometimes) refers to a non-BPE subword tokenizer

Model Tokenizer

Original 
transformer

BPE

GPT 1/2/3 BPE

T5 / mT5 / T5v1.1 SentencePiece (Unigram)

Gopher/Chinchilla SentencePiece (??)

PaLM SentencePiece (??)

LLaMA BPE

Important property – all of these tokenizers are invertible 



Whitespace and number related hacks
Multi-whitespace tokenization (GPT-NeoX) Individual digit tokenization (LLaMA/DeepSeek)



What are typical vocabulary sizes? 

Monolingual models – 30-50k vocab

Model Token count

Original 
transformer

37000

GPT 40257

GPT2/3 50257

T5/T5v1.1 32128

LLaMA 32000

Model Token count

mT5 250000

PaLM 256000

GPT4 100276

BLOOM 250680

DeepSeek 100000

Qwen 15B 152064

Yi 64000

Multilingual / production systems 100-250k

Monolingual vocabs don’t need to be huge, but multilingual ones do



Tokenizer: summary

• Everyone uses invertible subword tokenizers (BPE, Unigram) for good reason

• NFKC normalization is a double edged sword (2^5) and many models don’t use it

• For math and code, careful manual handling of whitespace and numbers can help



Attention heads
Most models don’t touch the attention head at all with a few minor exceptions..

GQA / MQA : Saving inference costs by reducing the number of heads

Sparse or sliding window attention (GPT4/Mistral): restricting the attention pattern 
to reduce compute cost



GQA/MQA – Reducing attention head cost
Let’s think about the compute involved for attention

Total arithmetric operations (𝑏𝑛𝑑!), total memory accesses (𝑏𝑛𝑑 + 𝑏ℎ𝑛! + 𝑑!)

Arithmetic intensity is high 𝑂 "
#
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 - we can keep our GPUs running

X softmax projection



GQA/MQA – Reducing attention head cost
What about the incremental case when we generate text?

 Key difference: can’t parallelize the generation process – needs to be step by step

In this case – we need to incrementaly re-compute/update attention via the ‘KV cache’

 

[Animation from https://medium.com/@joaolages/kv-caching-explained-276520203249]



GQA/MQA – Reducing attention head cost

What’s the incremental arithmetic intensity?

Total arithmetric operations (𝑏𝑛𝑑!), total memory accesses (𝑏𝑛!𝑑 + 𝑛𝑑!)

Arithmetic intensity is not good 𝑂 "
#
+ $
%

&$
	- need large batches + short seq length 

(n) or big model dimensions (d) 

X projection

Is there some way around this? The n/d term is difficult to reduce.



MQA – just have fewer key dimensions.
Key idea – have multiple queries, but just one dimension for keys and values

We have much fewer items to move in and out of memory (KV Cache) 

Total memory access (𝑏𝑛𝑑 + 𝑏𝑛!𝑘 + 𝑛𝑑!), Arithmetic intensity 𝑂 $
# +
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[figure from https://blog.fireworks.ai/multi-query-attention-is-all-you-need-db072e758055]



Recent extension – GQA
Don’t go all the way to one dimension of KV – have fewer dims

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



Does MQA hurt? Sometimes..
Small PPL hit w/ MQA [Shazeer 2019] Low/no hit w/ GQA [Ainslie 2023]



Sparse / sliding window attention
Attending to the entire context can be expensive (quadratic). 

Build sparse / structured attention that trades off expressiveness vs runtime (GPT3)

[Child et al 2019]



Sliding window attention
Another variation on this idea – sliding window attention

Just use the main part of the strided pattern – let depth extend effective context (Mistral)



Architecture, hyperparams, and other details
Many aspects (arch, hparams) of transformers are in common across the big LMs

Major differences? Position embeddings, activations, tokenization



Mixture of experts

GPT4 (?) 



What’s a MoE?

Replace big feedforward with (many) big feedforward networks and a selector layer

You can increase the # experts without affecting FLOPs

[Fedus et al 2022]



Why are MoEs getting popular?
Same FLOP, more param does better

[Fedus et al 2022]



Why are MoEs getting popular?

Faster to train MoEs



Why are MoEs getting popular?
Parallelizable to many devices



Some recent MoE results – Mixtral / DBRX / Grok

Performance Inference throughput

MoEs are most of the highest-performance open models, and are quite quick 



Recent MoE results – Qwen 
Chinese LLM companies are also doing quite a bit of MoE work on the smaller end



Recent MoE results - DeepSeek
There’s also some good recent ablation work on MoEs showing they’re generally good



Why haven’t MoEs been more popular?
Infrastructure is complex / advantages on multi node

Training objectives are somewhat heuristic (and sometimes unstable)

[Zoph et al 2022]

[Fedus et al 2022]



What MoEs generally look like

Typical: replace MLP with MoE layer Less common: MoE for attention heads

[ModuleFormer, JetMoE]



MoE – what varies?

v Routing function

v Expert sizes

v Training objectives



Routing function - overview
Many of the routing algorithms boil down to ‘choose top k’

Token chooses 
expert

Expert chooses 
token

Global routing via 
optimization

[Fedus et al 2022]



Common routing variants in detail

Top-k

Used in most MoEs

Switch Transformer (k=1)
Gshard (k=2), Grok (2), Mixtral (2), 
Qwen (4), DBRX (4), 
DeepSeek (7)

Hashing Common baseline

[Fedus et al 2022]



Other routing methods

RL to learn routes Used in some of the earliest work
Bengio 2013, not common now

Linear assignment for routing
Used in various papers like Clark ‘22

Solve a matching 
problem

[Fedus et al 2022]



Top-K routing in detail.
Most papers do the old and classic top-k routing. How does this work?

[Dai et al 2024]

Gating

Gates selected by a logistic regressor

This is the 
DeepSeek router
(Grok does this too)

Mixtral and DBRX 
softmaxes after the 
TopK



Recent variations from Chinese LMs

Smaller, larger number of experts + a few shared experts that are always on.

(Used in DeepSeek / Qwen) 



Various ablations from the DeepSeek paper

More experts, shared experts all seem to generally help



How do we train MoEs?
Major challenge: we need sparsity for training-time efficiency…

But sparse gating decisions are not differentiable!

Solutions? 

1. Reinforcment learning to optimize gating policies
2. Stochastic perturbations
3. Heuristic ‘balancing’ losses.

Guess which one people use in practice?



RL for MoEs
RL via REINFORCE does work, but not so much better that it’s a clear win

(REINFORCE baseline approach, Clark et al 2020)

RL is the ‘right solution’ but gradient variances and complexity 
means it’s not widely used



Stochastic approximations

From Shazeer et al 2017 – routing decisions are stochastic with gaussian perturbations.

1. This naturally leads to experts that are a bit more robust. 
2. The softmax means that the model learns how to rank K experts



Stochastic approximations

Stochastic jitter in Fedus et al 2022. This does a uniform multiplicative perturbation for the 
same goal of getting less brittle experts. This was later removed in Zoph et al 2022



Heuristic balancing losses
Another key issue – systems efficiency requires that we use experts evenly..

The derivative with respect to 𝑝!(𝑥) is "#$! ∑1%&'(%)	+ ) ,! , 
so more frequent use = stronger downweighting 

From the Switch Transformer [Fedus et al 2022]



Example from deepseek
Per-expert balancing – same as the switch transformer

Per-device balancing – the objective above, but aggregated by device.



Training MoEs – the systems side

MoEs parallelize nicely – Each FFN 
can fit in a device

Enables additional kinds of parallelism



Training MoEs – the systems side
MoE routing allows for parallelism, but also some complexities

Modern libraries like MegaBlocks (used in many open MoEs) use smarter sparse MMs



Fun side issue – stochasticity of MoE models
There was speculation that GPT-4’s stochasticity was due to MoE.. 

Why would a MoE have additional randomness?

Token dropping from routing happens at a batch level – this means that
other people’s queries can drop your token!



Issues with MoEs - stability

Solution: Use Float 32 just for the expert router (sometimes with an aux loss)

[Zoph 2022]



Issues with MoEs – fine-tuning
Sparse MoEs can overfit on smaller fine-tuning data

Zoph et al solution – finetune non-MoE MLPs DeepSeek solution – use lots of data 1.4M SFT



Other training methods - upcycling

Can we use a pre-trained LM to initialize a MoE? 



Upcycling example - MiniCPM
Uses the MiniCPM model (topk=2, 8 experts, ~ 4B active params).

Simple MoE, shows gains from the base model with ~ 520B tokens for training 



Upcycling example – Qwen MoE
Qwen MoE – Initialized from the Qwen 1.8B model top-k=4, 60 experts w/ 4 shared.

Similar architecture / setup to DeepSeekMoE, but one of the first (confirmed) upcycling successes



Upcycling example (?) Mixtral
Some people think Mixtral may also be upcycled

[Source: https://twitter.com/tianle_cai/status/1734188749117153684] 

… but since Mixtral is only open weights and not open training code, we don’t really know..



MoE summary

v MoEs take advantage of sparsity – not all inputs need the full model

v Discrete routing is hard, but top-k heuristics seem to work

v Lots of empirical evidence now that MoEs work, and are cost-effective


