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• Why try different language models 
architectures than we use now?



Motivation
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GPT-4 -> GPT-4o

GPT-3 -> GPT-4

No notable progress since GPT-4
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But… GPT-5 is out now!
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So we’ve got AGI now right?

But… GPT-5 is out now!
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No notable progress since GPT-4?
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• Why try different language models than we use now?

• What are (diffusion) language models?

Diffusion Language Models (DLMs)



What are LLMs?
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What do they do: Next-word-prediction

𝑤1 𝑤2 𝑤3 𝑤4

𝑤𝑡+1 = 𝑤5



Predictor
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Neural network

What are LLMs?



Transformer architecture
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What are LLMs?



Prediction
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Prediction

(Transformer) Neural network

What are LLMs?



Considerations
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Pros:
• Well-studied
• Easy to learn goal (only need to predict the next word)
• Efficient learning

Cons:
• Speed
• Reasoning

• Chain-of-thought was promising, but limited and slow
• Error propagation
• Reverse curse (A is B, B is A?)

What are LLMs?



What are diffusion models?
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What are diffusion models?
You might know it from image generation..
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What are diffusion models?
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OpenAI Sora



What are diffusion models?
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Generating images from random noise



What are diffusion models?
Noising
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Noising

X(0) X(1) X(T-1) X(T)…



What are diffusion models?
Denoising
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Noising

Denoising

X(0) X(1) X(T-1) X(T)…
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What are diffusion models?
Diffusion U-net

Noising

Denoising

X(T-1)

X(T)

X(0)

෠𝑋(0)

X(T)
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Recap:

Large language models generate text autoregressively 
(word-for-word)

Diffusion models generate images iteratively (refining the 
whole image in multiple steps)

What are Diffusion Language Models (DLMs)
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Diffusion Language Models use the 
iterative generation of diffusion models to 
refine noisy text in multiple steps.

What are Diffusion Language Models (DLMs)

Recap:

Large language models generate text autoregressively 
(word-for-word)

Diffusion models generate images iteratively (by refining 
noisy images in multiple steps)
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• Why try diffusion language models?

• What are (diffusion) language models?

• How do diffusion language models work?

Diffusion Language Models (DLMs)



How do DLMs work?
Denoising text
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Noising



How do DLMs work?
Denoising text
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Noising

Denoising
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How do DLMs work?
Denoising text

Noising

Denoising

Transformer



Considerations
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Pros:
• Speed
• Reasoning
• Error propagation
• Reverse curse
• Flexible inference time compute scaling

Cons:
• Poorly studied and understood
• Fixed context length
• Can also get stuck on early guesses
• Difficult to change sentence structure

How do DLMs work?
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• Why should we try diffusion language models?

• What are (diffusion) language models?

• How do diffusion language models work?

Diffusion Language Models (DLMs)
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Our study



What did we do?
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Methods



What did we do?
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Methods

Three main contributions:

1. Used a novel noising schedule

2. Used LoRA for training

3. Only performed instruction-tuning



1. A novel training noising schedule
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Methods



1. A novel training noising schedule
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Methods

MASK MASK

Query Response

Masking: 0-100%

Masked noising
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Methods

eat chicken Be cause MASK tastes MASKWhy

Why eat chicken Be cause it tastes de

Query Response

Masking: 0-100%

lic ious

lic ious

Masked noising



1. A novel training noising schedule
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Methods

eat chicken cause be tastes tastes deWhy

Why eat chicken be cause it tastes de

Query Response

Swap Duplication

lic ious

tastes de

Span shift

Structured noising



1. A novel training noising schedule
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Methods

Query Response

MASK MASK MASK

Combined noising



1. A novel training noising schedule
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Methods

        

             

               

              

             

               
          

                  

             

            

                

        

             

               

              

             

               
          

                  

             

            

                

        

             

               

              

             

               
          

                  

             

            

                



2. Using LoRA
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Methods
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Methods
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Methods



2. Using LoRA
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Methods

Model 

(LAD-)

Total 

params

Trainable 

params

Trainable

(%)

LoRA

Rank

Training 

(hours)

1B-r128 1.2B 13.6M 1.1 128 2.5

1B-r512 1.2B 54.4M 4.2 512 2.8

3B-r512 3.4B 146.8M 4.4 512 7.5

3B-r1024 3.5B 293.6M 8.4 1024 8.1

8B-r1024 8.5B 436.2M 5.1 1024 16.0

8B-r2048 8.9B 872.4M 9.8 2048 16.5



3. Only performing instruction fine-tuning
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Methods

Pre-training: 
• General next-word-prediction
• Billions of tokens
• Thousands of GPU hours (millions of euros)
Fine-tuning:
• Only question answering/instruction following
• A few hours on a single GPU



3. Only performing instruction fine-tuning
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Methods

LAD 8B-1024 (Ours) LlaDa 8B Llama 3.2 8B

Training

Training* tokens
200 million
2x106

1x

2.3 trillion
2.3x1012

11,500x

15 trillion
15x1012

75,000x

Trainable params 436 million 8 billion 8 billion

Pre-training: 
• General next-word-prediction
• Billions of tokens
• Thousands of GPU hours (millions of euros)
Fine-tuning:
• Only question answering/instruction following
• A few hours on a single GPU



Does it work?
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Results



Benchmark results
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Results

LAD 8B-1024 (Ours) LlaDa Llama 3.2 8B

ARC-Easy 94% - 94%

GSM8K 44% 79% 80%

ARC-C 79% 89% 80%

MMLU 54% 66% 65%

HellaSwag 80% 74.6% 62%



Training loss
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Results

As model parameters increase:
• Training loss decreases



Fluency metrics
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Results

As inference iterations increase:
• Perplexity decreases
• Distinct 2-gram fraction decreases
• Perplexity without remasking is similar!



Results
Example: inference with remasking
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Example: inference without remasking
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Results



Results
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Demo

https://ruurdkuiper.github.io/tini-lad/

https://ruurdkuiper.github.io/tini-lad/
https://ruurdkuiper.github.io/tini-lad/
https://ruurdkuiper.github.io/tini-lad/
https://ruurdkuiper.github.io/tini-lad/
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Goals
• Train larger models (7B+ parameters)
• Adapt pre-trained autoregressive

models
• Fine-tuning using LoRA
• Prediction without masking
• Faster convergence using smarter

models
• Finetune on medical data

Goals
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Achievements
• 8B  parameter Llama model
• Adapt pre-trained autoregressive

models
• Fine-tuning using LoRA
• Prediction without masking by using

‘structured noising’ 
• Convergence within less tokens than

autoregressive models
• Finetune on medical data

Achievements
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Goals
• Train larger models (7B+ parameters)
• Adapt pre-trained autoregressive

models
• Fine-tuning using LoRA
• Prediction without masking
• Faster convergence using smarter

models
• Finetune on medical data

Achievements
• 8B  parameter Llama model
• Adapt pre-trained autoregressive

models
• Fine-tuning using LoRA
• Prediction without masking by using

‘structured noising’ 
• Convergence within less tokens than

autoregressive models
• Finetune on medical data

Limitations
• Grammar
• Coding and math
• Inconsistency

Limitations



Future directions
A lot of questions remain…
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Larger (better/faster/stronger)
• Train for longer
• Train with more than 8B parameters

• The training and inference objectives are harder, so maybe more 
parameters will help?

Medical finetuning
• Large (44 million tokens) medical general text dataset available



Thank you
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Any questions?
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