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Last Week: LLaMA-style Models
• 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
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Last Week: RoPE
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Last Week: Hyperparameters
• 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
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Last Week: Reducing KV-Cache
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Lecture Overview
• Introduction to Mixture-of-Experts 

• Deep Dives into Mixture-of-Experts 
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Mixture-of-Experts
• A new architectural trend since late 2024 and early 2025
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Mixture-of-Experts
• MoE is a technique that uses many different sub-models 

(or "experts") to improve the quality of LLMs 

• Two main components: 
• Experts: Replace big FFN with many (but smaller) FFNs 
• Router: Determines which tokens are sent to which experts
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Experts
• In each FFN with MoE, we have (somewhat specialized) experts 

• But experts are not specialized in a specific domain! 
• Rather it learns syntactic information on a word level instead
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Router
• The router selects the expert(s) best suited for a given input 

• Each expert is not an entire LLM but a submodel part of an LLM
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Dense FFN
• FFN without MoE is called a dense layer
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Dense FFN to Sparse Layers (Experts)
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What Experts Learn?
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Mixtral example
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Inference Example
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Router
• Router is used to choose the expert 

based on an input 
• It outputs probabilities which it uses 

to select the best matching expert 
• Router is also a FFN
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Router
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Why MoEs?
• MoE is used because of its 

computational requirements 
• Since only a subset of experts are 

used, we have access to more 
parameters than we are using 

• MoE has more parameters to load 
than dense models (sparse params) 

• Fewer are activated since only some 
experts are activated at inference 
(active params)
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Why MoEs?
• Parameter calculation

18



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

Why MoEs?
• Same FLOPs, more param do better
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[Fedus+ 2022]
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Why MoEs?
• Faster to train MoEs
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OLMoE [Muennighoff+ 2024]
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Why MoEs?
• Highly competitive vs. dense models
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DeepSeek V2 [DeepSeek-AI 2024]
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Why MoEs?
• Parallelizable to many devices
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Typical MoEs
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Typical: Replace dense FFN with MoE Less common: MoE for attention
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Deep Dives into MoEs
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Router
• Many of the routing algorithms to choose top-k
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Router Type
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Router Type: Token Choose
• For each input token, it chooses expert 

• 👍 Straightforward implementation 
• 👍 Good performance 
• 👎 Load balancing 

• Unbalanced expert selection 
• Requires auxiliary load balancing loss

27



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

Router Type: Expert Choose
• For each expert, it chooses token 

• 👍 Good load balancing 
• 👍 Variable token computation 

• Multiple experts compute important tokens 

• 👎 Harder to implement 
• Expert should see all the input tokens 
• Difficult to adapt into autoregressive models
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Router Type: Global Routing
• Solve this as an optimization problem 

• 👍 Optimal case 

• 👎 Computational overhead
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Router Type
• Almost all the MoEs do standard token choice top-k routing 
• Some recent ablations from OLMoE
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OLMoE [Muennighoff+ 2024]
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Common Routing Variants
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Top-K

Hashing

• Used in most MoEs 
• Different models use different k

• Common baseline
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Routing Variants
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[Fedus+ 2022]
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Top-K Routing in Detail
• Most papers do the old and classic top-k routing
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Top-K Routing in Detail
• Most papers do the old and classic top-k routing
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gatingtop-k FFN
router weight

routing logit
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Top-K Routing in Detail
• Most papers do the old and classic top-k routing 

• Pre-Softmax (DeepSeek v1/2, Grok, Qwen)
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Note: Sum of  is not 1gi,t
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Top-K Routing in Detail
• Most papers do the old and classic top-k routing 

• Post-Softmax (Mixtral, DeepSeek v3)
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Note: Now Sum of  is 1gi,t
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Fine-Grained Routed + Shared Experts
• Coarse-grained: Size of dense FFN == MoE FFN (e.g. Mixtral 8x7B) 
• Fine-grained: Segment MoE FFN by m times
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Fine-Grained Routed + Shared Experts
• Recent trends of Chinese MoE models (e.g. DeepSeek, Qwen, etc) 

• Fine-grained experts + a few shared experts
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Fine-Grained Routed + Shared Experts
• Ablation from the DeepSeek paper 

• More experts and shared experts generally helpful
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Fine-Grained Routed + Shared Experts
• Ablation from the OLMoE paper 

• Gains from fine-grained experts, but not from shared experts
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Expert Setting for Recent MoEs
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DeepSeek-MoE 7 1
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How to Train MoEs?
• Major challenge 

• We need sparsity for training-time efficiency 
• But sparse and discrete gating decisions are not differentiable 

• Under vanilla NTP loss, routing becomes a "rich-get-richer" process 
• Expert Collapse: Early-performing experts receive more gradients, 

while others remain under-optimized (so not used forever) 

• Current solutions 
• Add heuristic load balancing losses
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Heuristic Load Balancing Losses
• Our goal: the router assigns experts evenly
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[Fedus+ 2022]

 = # experts 
: balancing hyperparameter

N
α

• fraction of tokens routed to expert i 
• non-differentiable (argmax)

• fraction of the router prob. 
(softmax) for expert i 

• differentiable
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Heuristic Load Balancing Losses
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[Muennighoff+ 2024]
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Issues of MoE: Instability
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stable rununstable run

[Zoph+ 2022]
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Issues of MoE: Instability
• z-loss in MoE helps a lot
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[Muennighoff+ 2024]
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Issues of MoE: Overfitting
• Sparse MoEs can overfit on smaller fine-tuning dataset

46

[Zoph+ 2022]
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Issues of MoE: Overfitting
• Sparse MoEs can overfit on smaller fine-tuning dataset 

• Solution? 
• Fine-tune non-MoE MLP layers only 
• Regularization (expert dropout) 
• Use lots of dataset
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[Zoph+ 2022]
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Sparse Upcycling
• Can we train MoE models from dense checkpoints? - Yes!
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[Komatsuzaki+ 2022]
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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 
• Although there are some issues of MoE
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