
Modern Large Language Models (LLMs) are generally built using two major architectural
approaches:

Dense Models
Mixture of Experts (MoE) Models

Both approaches aim to improve intelligence, reasoning, scalability, and inference efficiency, but
they solve these problems in different ways.

This document provides a simplified overview focused on:

Gemma 4
Qwen 3.6

A Dense Model is the traditional architecture used in most earlier LLMs.

In a dense model:

Every layer is active during inference.
All parameters participate in every token generation step.
The entire neural network is used for every request.

Imagine a company where:

Every employee joins every meeting.
Every employee works on every task.

This guarantees consistency, but it becomes expensive and inefficient as the company grows.

? Dense model vs MoE model
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Simpler Architecture
Dense models are easier to:

train
optimize
deploy
quantize
fine-tune

Stable Behavior: Because all parameters are always active
outputs are more predictable
reasoning consistency is often stronger
debugging is easier

Better Hardware Compatibility: Dense models typically perform better on
consumer GPUs
smaller inference servers
edge AI systems

High Compute Cost. Every token requires the full model to run, this means:
higher VRAM usage
higher power consumption
slower inference at large scales

Scaling Becomes Expensive. A very large dense model requires:
massive GPU clusters
expensive training costs
large inference infrastructure

A Mixture of Experts (MoE) model divides the network into multiple specialized sub-networks
called:

Experts

Instead of activating the entire model:

Characteristics of Dense Models

Advantages

Disadvantages

What is an MoE (Mixture of Experts) AI Model?



only a small subset of experts are used for each token.

A separate routing system decides:

which experts should process the current token.

Imagine a large company where:

only the relevant specialists join a meeting.
finance experts handle finance problems.
legal experts handle legal problems.
engineers handle technical problems.

This significantly improves efficiency.

Much Higher Parameter Count. MoE models can contain:
hundreds of billions of total parameters while only activating a small portion during
inference. This enables:

stronger knowledge capacity
better specialization
improved scaling efficiency

Lower Active Compute. Even though the model is huge:
only a fraction of parameters run per token. This can reduce:

inference cost
latency
memory bandwidth pressure

Better Scaling Efficiency. MoE architectures scale more efficiently than dense
architectures at very large sizes. This is one of the biggest reasons modern frontier
models increasingly adopt MoE designs.

More Complex Architecture. MoE systems require:
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expert routing
load balancing
token dispatching
communication optimization

Harder Inference Optimization. MoE inference can be difficult on:
smaller GPUs
consumer hardware
low-bandwidth systems

Expert Imbalance Problems
certain experts become overloaded
some experts are underused. This can reduce efficiency or quality if not carefully
trained.

As AI models grow larger, dense architectures become increasingly expensive.

For example:

doubling model intelligence using dense scaling may require massive increases in
compute.

MoE models solve this by:

increasing total parameter capacity
while limiting active compute per token.

This creates a better balance between:

intelligence
scalability
inference efficiency
training cost

MoE is currently considered one of the most important techniques for scaling frontier AI systems.

Dense and MoE architectures represent two different strategies for scaling modern AI.

Dense models prioritize:

Why Do We Need MoE Models?

Conclusion



simplicity
stability
deployment accessibility

MoE models prioritize:

scalability
specialization
compute efficiency at massive scale

Gemma 4 demonstrates how highly optimized dense models remain extremely competitive.

Qwen 3.6 demonstrates how MoE architectures enable next-generation scaling for frontier AI
systems.

Both approaches are likely to continue evolving together rather than replacing each other entirely.
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