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Why do we need MoE?

● Larger models are stronger, but slower; small models are faster, but 
weaker.

● What if we have a sparsified large model?



In parallel (or even before) MoE

● Weight pruning: language models have redundancy
● Trade-off between efficiency and performance:

○ Random sparsity pattern does not save computation time
○ Structured weight sparsity hurts performance
○ Are models redundant?



What if…

● Sparsity is not necessarily in weight, but could also be in activations



In summary, we need…

● Activation sparsity
● Structured sparsity
● Or even better, channel level sparsity (sparsify on the hidden 

dimension)
● Then, we can combine the dense channels in an independent linear 

layer to be…



Congratulations! You’ve invented MoE

- MoE = sparse FFN layer: 
replace one FFN with 
many experts + router

- Capacity >> FLOPs: many 
total params, few active 
per token



OLMoE: Open Mixture-of-Experts 
Language Models





Key decisions in designing an MoE model

● Determining the number of activated and total parameters
● The design of the experts (e.g., granularity, whether or not to include 

shared experts)
● The choice of the routing algorithm
● Initializing from a dense model (sparse upcycling)
● Changing the training objective, such as including auxiliary load 

balancing and router z-losses



OLMoE’s Choice

● 1.3B active parameters out of a total of 6.9B
● 8 activated experts out of 64 per layer
● Dropless token choice routing

○ For each input token, the learned router network determines 8 experts 
to process it

● Train OLMoE from scratch
● Two auxiliary losses

○ Load balancing loss
○ Router z-loss



Mixture-of-Experts vs. Dense

● Compared to dense LM with equivalent active parameters:
○ OLMoE reaches the performance of the dense model with ~3×fewer 

tokens equivalent to ~3×less compute measured in FLOPs
○ But processes fewer tokens per second than the dense model (23,600 

tokens per second per GPU for the MoE vs. 37,500 for dense)
○ Thus reaches only ~2×faster



Mixture-of-Experts vs. Dense



Shared Experts

● Shared experts
○ Training with a shared/fixed expert that is always used in addition to 

the routed experts.
● Compare 1 shared expert + 1 routed expert vs. 2 routed experts
●
●
● Conclusion: Sharing an expert removes flexibility from the model; 

allowing for more expert combinations improves performance.
●



Shared Experts



Expert Choice vs. Token Choice

● For EC, each expert selects a fixed number of tokens from the incoming 
sequence.
○ Advantage: each expert processing the same number of tokens
○ not easily usable for autoregressive generation where a single token is processed at 

each step rather than the entire sequence in one
○ EC can lead to token dropping, where some tokens are not selected by any expert
○

● For TC, each token selects a fixed number of experts.
○ This can lead to many tokens choosing the same expert, hurting training efficiency. 
○ It is common to use TC with a load balancing loss to encourage equal distribution.

●



Expert Choice vs. Token Choice



Sparse Upcycling

● Turning a dense model into a Mixture-of-Experts model via sparse 
upcycling: 
○ (1) The dense MLP is cloned for each desired expert to constitute MoE layers. 
○ (2) A newly initialized router is added in front of each MoE layer. 
○ (3) Pretraining continues with the new model so that the cloned MLPs can 

gradually specialize in different things and the router can be learned.
○ With 120% tokens can train-from-scratch match sparse upcycling

● It only requires 25% of the compute budget of the original dense model to 
catch up as opposed to the 120% reported
○ Dense model has already been significantly overtrained; its parameters are 

likely already in a very optimal range for a dense model, which may limit the 
amount of additional exploration possible after upcycling.

● OLMoE do not use upcycling



Sparse Upcycling



Load Balancing Loss



Router Z-loss

● Improve both the stability and quality of MoE models
● Penalizes large logits coming into the gating network



QK-Norm

● Layer normalization after the query and key projections (“QK-Norm”)
● Prevent the subsequent attention operation from leading to very 

large logits that may lead to numeric overflows and destabilize the 
network

●



Analysis to OLMoE



Router Saturation

● After 1% of pretraining (5000 steps or 20B tokens), up to∼60% of 
routing to the top-8 activated experts has already saturated

● At 40% of pretraining, saturation reaches up to∼80%
● However, which top-1 expert has the highest routing probability 

saturates slower
● We find that routing in later layers saturates earlier during 

pretraining. Layer 0 is an outlier saturating significantly more slowly 
than other layers.



Router Saturation



Expert Co-activation



Domain Specialization



Domain Specialization



Vocabulary Specialization



Vocabulary Specialization

● Vocabulary specialization is higher in later layers, similar to how later 
layers saturate earlier

● Earlier layers there is more uncertainty about which token the model 
will predict



DeepSeek-V3 Technical Report



DeepSeek-V3 Overview

MoE is great for high capacity with low compute per token, but some 
issues include load balancing as well as communication between nodes

Prior Work: OLMoE includes a load-balancing loss – this can hurt quality 
at times if router optimizes for balancing over routing

DeepSeek-V3: loss-free balancing + node-limited routing – total of 671B 
params with 37B active per token 
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DeepSeek-V3 Architecture

- DeepSeek MoE block 
replaces FFN layers for all 
layers except first 3

- Has shared FFN path + 
routed experts (256 total, 8 
activated)

- Experts are sharded across 
devices 

- Motivates why balancing + 
comms b/w devices matter
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Auxiliary-Loss-Free Load Balancing
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- Adds learnable, per-expert bias used only in top-k gating, updated during 
training via token counts

- Avoids coupling LM loss with a balancing loss – easier to tune
- Results show that this strategy achieves consistently better results



Expert Specialization Pattern
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Node-Limited Routing

- Problem: each tokenʼs activations get sent to experts scattered 
across many GPUs → higher latency 

- Solution: Each tokenʼs experts are limited to at most M nodes
- Selected via the sum of the highest k/M experts per node
- Keeps only the top M nodes, then picks the top-k experts from those

- DeepSeek V3 limits this to M = 4, limits communication costs during 
training 

- Leads to slightly less flexible routing
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Branch-Train-MiX: 
Mixing Expert LLMs into a MoE LLM



Why BTX?

Problem: training LLMs to perform well across multiple specialized 
domains in a synchronized manner is costly and hard

Prior Work: BTM (Branch-Train-Merge): branches seed LLM into domain 
models, trains dense models in parallel, then averages weights into one 
dense model

BTX Goal: keep BTMʼs parallel dense expert training, but preserve FFN 
specialization and add a router
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Overview of BTX Method
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BTX Choices vs BTM

BTX preserves domain FFNs as experts, so 
tokens choose specialized paths
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Component BTX Choice BTM Choice

FFN Blocks (per expert) Kept as experts (routed) Averaged

Self-attention/embeddings
/layer norms

Averaged Averaged

New Params Introduced Router None

Inference Path Top-k MoE Single dense model



Router Learning after MiX

- Freeze the shared backbone and train a small router layer which 
outputs scores from all experts in that layer

- Uses the same LM loss on a mixture of all domains 
- Applies load balancing via a standard auxiliary load-balancing loss
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Compute-Performance Tradeoff

41

- At the same compute (X axis), BTX 
beats other approaches (dense, 
BTM, sparse-upcycling) 

- Preserves domain FFN diversity and 
keeps BTMʼs parallel training 
throughput



Overall Performance 
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Routing Performance Ablation w/ Load Balancing
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- With LB: loads 
even out, 
previously “dead” 
experts such as 
Code revive

- Without LB: Math 
expert dominates, 
others are 
underused



MoE Tradeoffs 

- High capacity with lower total 
FLOPs due to sparse expert 
activation 

- Individual experts can learn 
specialized domains, thus more 
efficient capacity usage 

- Requires good load balancing 
across experts 

- Communication overhead since 
experts are sharded across GPUs

- Requires designing the experts, 
picking a routing method, etc

Pros Cons



Critics
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Donghyun Lee, Téa Wright
10/14

Critique of the Branch-Train-Mix (BTX) Paradigm for MoE Models



● Lack of cross-domain learning
○ We want some specialization but 

BTX is too siloed!
○ Experts donʼt share representations 

across domains
● If we hand pick the experts, are we 

missing out on patterns that the 
model could otherwise discover? 

Hand-selected experts
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BTX: 

each domain is tied to a single, 
fixed expert

● # of parameters per domain is 
predefined and cannot grow with 
task complexity

● BTX fixes capacity per domain, while traditional MoEs flexibly 
allocate it

Inflexible resource allocation

Conventional MoE: 

learns to route tokens 
dynamically

● Harder/easier domains naturally 
get more/less expert parameters

● adaptive parameter allocation



● BTX: Only a handful of total experts (4-8)
● Conventional MoEs can scale to thousands of 

experts for maximal parameter capacity 
across domains (e.g., Mixture of a Million Experts*, Outrageously 

Large Neural Networks**) 

● How does explicitly assigning experts for 
thousands of domains scale in practice?

● How does averaging thousands of non-MoE 
weights impact performance?

Scalability concerns

*: He, Xu Owen. "Mixture of a million experts." arXiv preprint arXiv:2407.04153 (2024).
**: Shazeer, Noam, et al. "Outrageously large neural networks: The sparsely-gated mixture-of-experts layer." arXiv preprint arXiv:1701.06538 (2017).



● We don't just want to upcycle a base model.
We want the best MoE for our use case

● Current baseline: Upcycling base models
● Missing baseline: Finetuning a pretrained MoE (that already learned 

emergent expert specialization from scratch)
● Challenge: Fair comparison
● How to test: BTX on Qwen3 vs. Pruning/upcycling Qwen3MoE?

BTX vs Conventional MoEs pretrained from scratch?



Proponents
OLMoE: Open Mixture-of-Experts Language Models
DeepSeek-V3 Technical Report
Branch-Train-MiX: Mixing Expert LLMs into a Mixture-of-Experts LLM
FlexOlmo: Open Language Models for Flexible Data Use
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BTX is easier to train
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BTX is easier to train

● Parallel training of experts 
improves efficiency

● More robust since the failure of a 
single expert training will not 
affect the whole
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BTX is easier to train

● Parallel training of experts 
improves efficiency

● More robust since the failure of a 
single expert training will not 
affect the whole

● Still uses load balancing loss 
during joint training
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BTX paradigm is flexible (easier to deploy and adapt)

Scenario: Amazon customer service

Would you want to use…
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BTX paradigm is flexible (easier to deploy and adapt)

Scenario: Amazon customer service

Would you want to use…
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Deepseek-V3 (671B model)



BTX paradigm is flexible (easier to deploy and adapt)

Scenario: Amazon customer service

Would you want to use…
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Deepseek-V3 (671B model) BTX model initialized with math +  
conversational + legal experts



BTX paradigm is flexible (easier to deploy and adapt)

Scenario: Amazon customer service

Would you want to use…
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Deepseek-V3 (671B model) BTX model initialized with math +  
conversational + legal experts

BTX paradigm is also more natural for continual learning



BTX paradigm opens new possibilities
FlexOlmo: Open Language Models for Flexible Data Use
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BTX paradigm opens new possibilities
FlexOlmo: Open Language Models for Flexible Data Use

59

Shared public model
Merging router embeddings



FlexOlmo vs BTX

● Shared public model
○ Prevents the expert models from deviating too much from the public 

model
● Separate routers during private training

○ No need for continual training for routers
○ No need for a load balancing loss

● Focuses on data privacy
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Concerns from the critics

● Inflexible resource allocation
○ Domain does not necessarily refer to a subject
○ For harder domains, take more data sources               more experts
○ Scale up the expert number by selecting multiple data sources

● Fair comparison
○ A reasonable future direction!
○ Need to control model size and pretraining data to ensure fairness


