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Goal for Today
1. Overview 

2. MoE Design Varies 

3. Summary
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Why scale LLMs?
• Compute-performance scaling laws 

• Empirical relationships between the amount of 
computation and the resulting model 
performance. 

• Problem: training & inference cost grows with larger 
models
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What is Mixture-of-Experts?
• Key Idea 

• Not all parameters need to be active per input 

• Dynamically route tokens to specialized sub-networks (experts)
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What is Mixture-of-Experts?
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What’s a MoE?
• Replace big feedforward with (many) big feedforward networks and 

a selector layer 

• You can increase the # experts without affecting FLOP
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Why are MoEs getting popular?
• Same FLOP, more parameters do better
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Why are MoEs getting popular?
• Faster to train MoEs, confirmed by AI2’s OlMoE
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Why are MoEs getting popular?
• Highly competitive vs dense equivalents, confirmed by 

DeepSeek V2, while using fewer activated parameters
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Why are MoEs getting popular?
• Parallelizable to many devices (GPUs or even machines)



Some MoE Results — from the west
• MoEs are most of the high-performance open models, 

and are quite fast for model inference
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Earlier MoE results from Chinese groups – 
Qwen

• Chinese LLM companies are doing quite a bit of 
MoE work
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Earlier MoE results from Chinese groups – 
DeepSeek

• There’s also some good recent ablation work on 
MoEs showing they’re generally good
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Earlier MoE results from Chinese groups – 
DeepSeek
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Why haven’t MoEs been more popular?
• Infrastructure is complex / advantages on multiple node
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• Training objectives are somewhat heuristics (and sometime unstable)



What MoEs generally look like?
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Typical: replace MLP with MoE layer Less common: MoE for attention heads



MoE - Design Varies
• Routing function 

• Expert sizes 

• Training objectives
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Routing function - overview
• Many of the routing algorithms boil down to ‘choose top k’ (k usually is small, e.g., 2) 

• Token chooses: each token choose the top-K experts 

• Expert chooses: each expert choose the top-K tokens
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Routing Type
• Almost all the MoEs do a standard ‘token choice topk’ 

routing. Some recent ablations
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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)
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Common baseline



Other routing methods
Used in some of the 
earliest work (Bengio 
2013), not common 
now
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Linear assignment for routing 
Used in various papers like Clark ‘22



Top-K routing in detail.
• Most papers do the old and classic top-k routing. How does this work?
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This is the DeepSeek 
(V1-2) router (Grok, 
Qwen do this too) 
 
 
Mixtral, DBRX, 
DeepSeek v3 
softmaxes after the 
TopK



Recent variations from DeepSeek 
and other Chinese LMs

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

• Used in DeepSeek / Qwen, originally from DeepSpeed MoE
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Various ablations from the DeepSeek paper
• More experts, shared experts all seem to generally help
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Ablations from OlMoE
• AI2’s OlMoE: gains from fine-grained experts, no gains 

from shared experts
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Expert routing setups for recent MoEs
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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?
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RL for MoEs
• RL via REINFORCE does work, but not so much better that it’s a clear win 

• RL is the ‘right solution’ but it has high gradient variances and complexity, 
which means it’s not widely used
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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
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This has been explored for a while, but gradually been abandoned



Heuristic balancing losses
• Another key issue – systems efficiency requires that we use experts evenly..
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Example from deepseek (v1-2)
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What happens when removing load 
balancing losses?

32



Issues with MoEs - stability
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Z-loss stability for the router
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Issues with MoEs – fine-tuning
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Summary
• MoEs take advantage of sparsity – not all inputs 

need the full model 

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

• Lots of empirical evidence now that MoEs work, 
and are cost-effective
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Questions?
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