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Neural Scaling Laws Kaplan et al 2020

ÅPerformance improve smoothly as we increase the model size 
ÅxċƖŊĲƖШůŸĬĲũƚШӛШƚůŸŸƣőĲƖШũŸƚƚШĦƨƖƻĲƚЯШĤĲƣƣĲƖШŊĲŰĲƖċũŔǍċƣŔŸŰЯШŰĲƽШĲůĲƖŊĲŰƣШċĤŔũŔƣŔĲƚ

Source:ScalingLaws for Neural LanguageModels, Kaplan et al . 2020, Open AI
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Neural Scaling Laws Kaplan et al 2020 

ÅPerformance improve smoothly as we increase the compute, dataset size, or the model size

Source:ScalingLaws for Neural LanguageModels, Kaplan et al . 2020, Open AI



Neural Scaling Laws

ÅPerformance improve smoothly as we increase the compute, dataset size, or the model size
ÅLarge models are more sample efficient -- given a fixed computing budget, training a larger 

model for fewer steps is better than training a smaller model for more steps.

Source:ScalingLaws for Neural LanguageModels, Kaplan et al . 2020, Open AI



Training Resources vs Performance

ÅBased on Nvidia A100 
80GB GPU
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Training Resources vs Performance

ÅBased on Nvidia A100 
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Switch Transformer
1.6 Trillion
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Any efficient way to increase model size?

ÅCan we increase model size while keeping the 
compute constant?



Any efficient way to increase model size?

ÅLLMs as generalists ӛШƣőĲǃШŔůƓũŔĦŔƣũǃШĬŸШmulti-task learning (MTL)
Åsummarization, QA, coding, reasoning, etc.

ÅHow does a general MTL model look like?
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ÅHow does a general MTL model look like?
ÅShared parameters (always active)
ÅTask specific parameters (active based on input/desired 

output)



Any efficient way to increase model size?

ÅLLMs as generalists ӛШƣőĲǃШŔůƓũŔĦŔƣũǃШĬŸШmulti-
task learning (MTL)
Åsummarization, QA, coding, reasoning, etc.

ÅHow does a general MTL model look like?
ÅShared parameters (always active)
ÅTask specific parameters (active based on task)

ÅIn LLMs Ą all parameters active for all tasks
ÅCan we create a model where only few 

parameters are active for a given input?
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Why do experts not collapse in practice?
× All experts have:
ÅSame architecture
ÅSame initialization scheme
ÅTrained with same optimizer

× ÉŸШƽőǃШĬŸŰќƣШƣőĲǃШĦŸũũċƓƚĲеШfЮĲЮ

Expert 1 Expert 2 Expert n -1 Expert n. . . .
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Why do experts not collapse in practice?

VSynthetically generated 50 dim. data

VVisualization in 2-D space

V4 clusters

VEach cluster is linearly separable

VIdeally, a mixture of 4 linear experts 

sufficient for classification 
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ü Exploration stage:
üexperts diverge; router nearly untrained

ü Router learning stage:
ürouter learns to dispatch
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Learning dynamics of experts and router
Exploration

Entropy is high if an input from cluster k is routed uniformly to 
all the experts

Entropy is low if an input from cluster k is routed to one expert

https://home.iitd.ac.in/
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Mixture of Experts as a Layer

Content credits: Switch Transformers: Scalingto Trillion ParameterModelswith Simple and Efficient Sparsity
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Mixture of Experts as a Layer

Dense Transformer Block

Sparsely Activated 
MoE Transformer 
Block

MoE Layer

https://home.iitd.ac.in/


Natural Language ProcessingYatin Nandwani
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Sparse MoE Layer - Noisy Top-K Gating

Content credits:Outrageously Large Neural Networks: The Sparsely-Gated Mixture-of-Experts Layer
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Sparse MoE Layer - Noisy Top-K Gating

Learnable parameter
Mean

Learnable parameter
Std. Dev

ReLU

Softplus

Ensures 0 probability after softmax

Only k non-zero elements; add up to 1
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Mixture of Experts - Chronology
ÅMixture of Experts Model [Jacobs et al., 1991; Jordan and Jacobs, 1994; Jordan et al., 

1997; Tresp, 2001; Collobert et al., 2002]
ÅMoE layer in Deep Learning [Eigen et al., 2013; Shazeer et al., 2017; Dauphin et al., 2017; 

Vaswani et al., 2017]
ÅScaling MoE for NLP / multilingual MT у GShard [Lepikhin et al., 2020] scales a sparse 

MoE Transformer beyond 600B parameters for multilingual NMT across 100 languages 
ÅMoE layer in Transformer-based LLMs [Fedus et al., 2021 (Switch Transformer); Du, 

Nan, et al., 2021 (GLaM)]
ÅMixtral-8x7B [Jiang et al., 2024] у Apache 2.0 license; surpasses GPT-3.5 Turbo, Claude-

2.1, Gemini Pro, and Llama 2 70B on human benchmarks

Content credits: https://www.youtube.com/watch?v=TwHPxUAuqy4
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Mixture of Experts - Chronology
ÅGrok-1 [xAI, 2024] у 314B parameter MoE open-sourced under Apache 2.0 with ~25% 

weights active per token (~70т80B active parameters); no detailed technical report 
released
ÅDeepSeekMoE [Dai et al., 2024; ACL 2024] у introduces fine-grained expert 

segmentation and shared expert isolation; achieves LLaMA2-7B-level performance at 
~40% of the compute
ÅDeepSeek-V2 / V3 [Liu et al., 2024] у V3 uses 671B total / 37B active parameters with 

MLA for efficient KV-cache, auxiliary-loss-free load balancing, and multi-token prediction 
ÅLlama 4 (Scout & Maverick) [Meta, 2025] у first open-weight natively multimodal MoE 

Llama; Scout has 16 experts (fits one H100), Maverick has 128 experts (400B total / 17B 
active), both supporting 10M-token context

Content credits: https://www.youtube.com/watch?v=TwHPxUAuqy4
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Pros and Cons of Sparse MoE Layer
Cons

   Unstable training

Router collapseт router sends all 
tokens to the same expert
  May diverge 

   High memory requirement - all 
parameters need to be loaded in vRAM 
(GPU memory)

Pros

   Increased model parameters 

   Efficient pretraining due to conditional 
(sparse) computation

   Faster inference 

https://home.iitd.ac.in/
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Switch Transformer Layer

Content credits: Switch Transformers: Scalingto Trillion ParameterModelswith Simple and Efficient Sparsity
https://www.youtube.com/watch?v=U8J32Z3qV8s&t=2816s
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Switch Transformer Layer

Content credits: Switch Transformers: Scalingto Trillion ParameterModelswith Simple and Efficient Sparsity
https://www.youtube.com/watch?v=U8J32Z3qV8s&t=2816s
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Switch Transformer Layer

Content credits: Switch Transformers: Scalingto Trillion ParameterModelswith Simple and Efficient Sparsity
https://www.youtube.com/watch?v=U8J32Z3qV8s&t=2816s

ÅGreedy routing to only 1 expert

https://home.iitd.ac.in/
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Expert Parallel for Sparse MoEs
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Expert Parallel for 
Sparse MoEs
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Switch Transformer Layer

Content credits: Switch Transformers: Scalingto Trillion ParameterModelswith Simple and Efficient Sparsity
https://www.youtube.com/watch?v=U8J32Z3qV8s&t=2816s

ÅMoE-fication of T5 models

https://home.iitd.ac.in/
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Switch Transformer Layer
ÅMoE-fication of T5 models - Matched FLOPS per token

T-5 base;  223Mn parameters

Content credits: Switch Transformers: Scalingto Trillion ParameterModelswith Simple and Efficient Sparsity
https://www.youtube.com/watch?v=U8J32Z3qV8s&t=2816s
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Switch Transformer Layer
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Neural Scaling Laws
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Switch Transformer Layer
ÅMoE-fication of T5 models

Sparse Scaling Laws
Matched FLOPS per token

(similar computation budget for all 
models)

Content credits: Switch Transformers: Scalingto Trillion ParameterModelswith Simple and Efficient Sparsity
https://www.youtube.com/watch?v=U8J32Z3qV8s&t=2816s

Neural Scaling Laws
(Unrestricted FLOPS) 
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Switch Transformer Layer

Content credits: Switch Transformers: Scalingto Trillion ParameterModelswith Simple and Efficient Sparsity
https://www.youtube.com/watch?v=U8J32Z3qV8s&t=2816s

ÅMoE-fication of T5 models

On C4 corpus 
(introduced in 

T-5 paper)

× Better asymptotic performance

× Improved sample efficiency

× Diminishing returns as we increase 
#experts

https://home.iitd.ac.in/
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Switch Transformer Layer

Content credits: Switch Transformers: Scalingto Trillion ParameterModelswith Simple and Efficient Sparsity
https://www.youtube.com/watch?v=U8J32Z3qV8s&t=2816s

ÅMoE-fication of T5 models

FLOPS per token are matched, but additional 
clock time due to:
1. Extra communication cost
2. Router computation

https://home.iitd.ac.in/
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Content credits: Switch Transformers: Scalingto Trillion ParameterModelswith Simple and Efficient Sparsity
https://www.youtube.com/watch?v=U8J32Z3qV8s&t=2816s

ÅMoE-fication of T5 models

7x faster than the base model!
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Switch Transformer Layer

Content credits: Switch Transformers: Scalingto Trillion ParameterModelswith Simple and Efficient Sparsity
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ÅMoE-fication of T5 models

But what about comparison with 
a larger dense model?
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Content credits: Switch Transformers: Scalingto Trillion ParameterModelswith Simple and Efficient Sparsity
https://www.youtube.com/watch?v=U8J32Z3qV8s&t=2816s

Comparison with T-5 Large (770M), with 3.5x more FLOPs per token

Comparable sample efficiency
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Content credits: Switch Transformers: Scalingto Trillion ParameterModelswith Simple and Efficient Sparsity
https://www.youtube.com/watch?v=U8J32Z3qV8s&t=2816s

Comparison with T-5 Large (770M), with 3.5x more FLOPs per token

Comparable sample efficiency 2x speedup in clock time!
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Switch Transformer Layer

Content credits: Switch Transformers: Scalingto Trillion ParameterModelswith Simple and Efficient Sparsity
https://www.youtube.com/watch?v=U8J32Z3qV8s&t=2816s

ÅIssues Addressed:

ÅComplexity of MoE

ÅCommunication cost
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ÅIssues Addressed:

ÅComplexity of MoE

ÅCommunication cost

Top-1 greedy routing:  Challenged the belief that we need to 
route to at least 2 experts for meaningful learning of router 
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ÅIssues Addressed:

ÅComplexity of MoE

ÅCommunication cost

ÅTraining Instability

Top-1 greedy routing:  Challenged the belief that we need to 
route to at least 2 experts for meaningful learning of router 

Improved Training Techniques:
1. Differentiable load balancing loss (avoids router collapse) 

https://home.iitd.ac.in/
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Load Balancing Loss
ÅN experts;   T  tokens in a batch 
ÅὪȡ Fraction of tokens dispatched to expert Ὥ

Åὖ: Total Probability of selecting expert Ὥ
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Load Balancing Loss
ÅN experts;   T  tokens in a batch 
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Using sample mean as an empirical estimate
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Load Balancing Loss
ÅN experts;   T  tokens in a batch 
ÅὪȡ Fraction of tokens dispatched to expert Ὥ

Åὖ: Expected Probability of selecting expert Ὥ

Content credits: Switch Transformers: Scalingto Trillion ParameterModelswith Simple and Efficient Sparsity
https://www.youtube.com/watch?v=U8J32Z3qV8s&t=2816s

Prevents router collapse

Improves training efficiency by using all the 

devices equally (remember that each expert 

is on a separate device)
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Switch Transformer Layer

Content credits: Switch Transformers: Scalingto Trillion ParameterModelswith Simple and Efficient Sparsity
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ÅIssues Addressed:

ÅComplexity of MoE

ÅCommunication cost

ÅTraining Instability

Top-1 greedy routing:  Challenged the belief that we need to 
route to at least 2 experts for meaningful learning of router 

Improved Training Techniques:
1. Differentiable load balancing loss (avoids router collapse)  
2. Selective Precision
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Switch Transformer Layer

Content credits: Switch Transformers: Scalingto Trillion ParameterModelswith Simple and Efficient Sparsity
https://www.youtube.com/watch?v=U8J32Z3qV8s&t=2816s

ÅIssues Addressed:

ÅComplexity of MoE

ÅCommunication cost

ÅTraining Instability

Top-1 greedy routing:  Challenged the belief that we need to 
route to at least 2 experts for meaningful learning of router 

Improved Training Techniques:
1. Differentiable load balancing loss (avoids router collapse)  
2. Selective Precision
3. Reduced initialization scale
4. Higher regularization of experts
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