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1 Introduction 

Large language models (LLMs) predominantly use an autoregressive (AR) paradigm for text 
generation, which, despite its success, is limited by its left-to-right decoding constraints. This can 
impact efficiency and prevents bidirectional reasoning during generation reasoning [1–4]. Diffu-
sion models, which have shown state-of-the-art performance in continuous domains like image 
synthesis [5], offer a promising non-autoregressive alternative. However, adapting them for dis-
crete text data presents significant challenges, such as decreased inference and training efficiency 
[1, 6]. Our work, LoRA-Adapted Diffusion (LAD), addresses some of these challenges by pro-
posing a novel, parameter-efficient framework that adapts existing AR LLMs for non-autoregres-
sive generation using Low-Rank Adaptation (LoRA) [7]. We introduce a structural noising ob-
jective that combines masking with text perturbations (swaps, duplications, and span shifts), en-
abling full-sequence editing during generation and unifying diffusion adaptation and instruction-
tuning. The main objective of this work is to demonstrate that LAD can be a viable and efficient 
alternative to training diffusion models from scratch, with minimal computational cost. The full 
paper version of this abstract is available from https://openreview.net/pdf?id=h8Zo1K6zpY, and 
two interactive demos are available online through: https://ruurdkuiper.github.io/tini-lad/ 

2. Methods 

We developed LAD by fine-tuning pre-trained Llama 3.2 1B/3B and Llama 3.1 8B models [8]. 
To enable bidirectional generation, we replaced their causal attention mechanisms with bidirec-
tional masks. We applied LoRA to the query and value projections, freezing all other weights to 
ensure parameter-efficient fine-tuning. We trained six variants of LAD with varying model sizes 
and LoRA ranks to study the effects of scaling. The models were trained on a diverse instruction-
finetuning dataset of 951k examples from various domains, including question-answering, mul-
tiple-choice, math and coding. 

Our unique training strategy incorporates a hybrid noising scheme. Instead of relying solely on 
masking as in traditional Masked Diffusion Models (MDMs) [4, 9–11], we introduced a struc-
tured corruption process involving token swaps, duplications, and span shifts. This trains the 
model to correct common structural errors observed during iterative refinement. This combined 
approach allows the model to denoise from a fully masked input, but makes it also able to refine 
partially coherent sequences without masking. For inference, we developed two modes: a sched-
uled denoising approach with intermediate re-masking, and a self-refining approach that omits 
re-masking, allowing the model to continuously refine its output without losing information. 

https://openreview.net/pdf?id=h8Zo1K6zpY
https://ruurdkuiper.github.io/tini-lad/
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3. Results 

The training loss curves showed that models with larger parameter sizes and higher LoRA ranks 
achieved lower final cross-entropy loss, indicating better convergence. The training process was 
highly efficient, with the 8B model being trained on 200 million tokens in just 16.5 hours on a 
single NVIDIA A100 GPU. For comparison, the base model LLaMA 3.1-8B was trained on 15 
trillion tokens, and comparable diffusion models such as LlaDa [4], used 2.3 trillion tokens. This 
means LAD used just 0.001% and 0.008% of their respective token counts. 

Benchmark evaluations on ARC-Easy, MMLU, ARC-Challenge, and HellaSwag demonstrated 
that LAD models performed comparably to their autoregressive base models. However, they 
showed significantly lower accuracy on the complex reasoning tasks in GSM8K. We also ob-
served that increasing the number of iterations at inference led to a decrease in perplexity and an 
improvement in fluency, without significant changes in lexical diversity as measured by the dis-
tinct 2-gram fraction. Finally, our qualitative analysis showed that the self-refining, no-remasking 
inference method is faster but can sometimes result in less polished outputs compared to the re-
masking approach. 

4. Discussion 

This study showed that LAD successfully adapts pretrained AR LLMs into diffusion models with 
efficient training and competitive performance. The structural noising strategy enabled text re-
finement without remasking. The ability to decide between test time compute and quality, con-
trolled by the number of iterations, is a key feature of diffusion networks. While LAD showed 
competitive performance on some tasks, it has as of yet limited capabilities on complex reasoning 
and coding benchmarks. Future work should also focus on exploring the bidirectional reasoning 
capabilities of the model and conducting broader comparative evaluations. In conclusion, LAD 
could be an efficient alternative for scalable, controllable, and efficient diffusion models for text 
generation. 
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