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Overview & Introduction

e [arge Language Diffusion with mAsking (LLaDA) is an 8-billion parameter
generative language model trained entirely from scratch.
e Abandons standard Autoregressive Modeling (ARM) “next-token” prediction

framework
e Employs a forward process that gradually masks text



Motivation

e Question: Is the left-to-right (LTR) autoregressive paradigm the only path to
achieving SOTA language modeling?
e Success of modern LLMs stems from optimization of true data distribution

and generative likelihood.
o Can be achieved through multiple probabilistic frameworks

e ARMSs possess LTR inductive bias

o Restricts generalization — Reversal Curse, failure at bidirectional reasoning
e [LaDA's Solution: Masked Diffusion Models naturally construct distributions

with bidirectional dependencies
o Unexplored perspective for large-scale language modeling



Main Claims of the Paper

1.

2.

Pure masked diffusion models can match zero-shot/few-shot capabilities of
SOTA ARMSs.

Diffusion models can efficiently scale to large parameter counts and
massive compute budgets.

Bidirectional training natively solves the left-to-right reasoning failures in
standard LLMs.

LLaDa is built on a principled training objective that is bounded by negative
log-likelihood.

Core LLM capabilities emerge from massive scale and generative modeling

principles.
a. Autoregression is not the only path forward!



High-level: Diffusion for Language Modeling

e Autoregressive language modeling architectures are dominant
e (Discrete) Diffusion is one non-autoregressive approach to language
generation, where all tokens in a sequence are predicted in parallel
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Background: Diffusion Basics (Latent Diffusion Modeling)

e Dominant architecture in image and e Inference:

video generation
e Training (below):

o Use the Denoising Process to
iteratively remove predicted noise

O Forward Diffusion: incrementa”y add noise from a randomly initialized Gaussian

over t timesteps

o Reverse (Denoising) Process: train a
neural network to predict the noise added at

each t
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o Can use cross-attention to condition
denoising output with, e.g., a prompt

(predict noise added (MSE of actual and
tox Otogetx t) predicted noise residual)
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Background: Bi-directional Encoder Representations (BERT)

e Conceptually similar to LLaDa and e LLaDa s like a fusion of BERT
dlsc_:r_ete diffusion and LDM.
e Training:
(For brevity, o Mask some percentage of tokens in a
excluding sequence
Neponeume) ©  Train a Transformer to do masked token
prediction for each mask position
. CE
h ~ Linear Softmax
Loss
(masked —
token embed) :

Transformer
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LLaDa Inputs and Outputs

What actually goes in and comes out of LLaDa?
o Embeddings, logits, like in autoregressive LLMs.

As well, [MASK] is just another learned embedding in the Transformer’s

embedding matrix.

[MASK]
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Pretraining: Large LAnguage Diffusion with MAsking (LLaDa)

Token
® Equivalent to tin LDM, but in embedding Mask all tokens independently

a discrete setting. \Q _ _
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Post-training: Instruction-tuning and SFT with LLaDa

Like autoregressive LMs, LLaDa
can be post-trained using
supervised fine-tuning (SFT) /
instruction-tuning.
Prompt/instruction is unmasked,
and target response is masked
using random masking schedule ¢,
same as in pretraining.

|[dentical training objective as
pretraining, but conditioned on an
unmasked prompt sequence.
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Fixed-length output,

Inference though predicted
tokens after <EOS>
are discarded.

e The “diffusion-y” part:

o

Start from N fixed, uninformative
[MASK] embeddings
Perform the iterative

from LDM in discrete token
space.
Instead of incrementally denoising using
the predicted noise at a timestep (LDM),
incrementally denoise by predicting all
masked tokens, and then take a small
step by remasking low-confidence
predictions.

(Fig adapted from

" Res&)nse Nie, et. al)
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Lowest-confidence tokens are
remasked at each prediction step.

o With probability ;
Like in LDM, we don’t go straight to
a prediction in one-step (one-step
denoising) - yields poor output. 11



Inference Example (from paper)

Sampling Process

User Lily can run 12 kilometers per hour for 4 hours. After that, she runs 6 kilometers per hour.
How many kilometers can she run in 8 hours?

LLaDA
In , Lily ‘runs 12 * e 48 kilometers After 4
she

hour, runs 6 \* 4 24 kilometers . In total she runs 48

+ /24 = 72 kilometers\ in 8 hours . Result 72

Darker: tokens
“locked-in” later in
inference

Lighter: ...earlier in
inference

The amount of time spent “thinking” about a token is dynamic 12



LLaDa varieties and pre-training/post-training details

e The authors train LLaDa-8b and LLaDa-1b varieties using:

o Pretraining: 2.3T tokens (internet corpora) and a sample sequence length of 4096

m  AdamW with a learning rate scheduler using warmup and decay and weight decay
of 0.1
o SFT: 4.5 million prompt/response pairs covering coding, mathematics, and general
instruction tasks

m  AdamW with similar LR/decay settings

o Number of inference sampling steps is a hyperparameter (e.g. 512 in Math benchmark)

e Sampling Tradeoff - how to choose sampling steps hyperparameter?
o Smaller iterative steps (more sampling steps) — higher quality output — inference takes
longer!
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Experiments: Scalability

At the 1B scale, LLaDA
matched custom ARM
baselines trained on identical
data up to 1023 FLOPs.
LLaDA exhibited stronger
curves on reasoning-heavy
tasks such as MMLU and
GSMB8K.

(Nie, et. al)
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e Even on weaker tasks, the
performance gap narrows as
scale increases.
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Surpassed LLaMA2 7B on nearly all
tasks

Beat LLaMAS3 8B:

o  MMLU (5-shot): 65.9 vs 65.4
o GSM8K (4-shot): 70.3 vs 48.7
o  HumanEval (0-shot): 35.4 vs 34.8

Strong overall performance without
reinforcement learning alignment!

Experiments: Zero/Few-Shot Benchmarking

L
Epyreu, | > logwo (a37) o3 s
1=1

Minimizing expected NLL over all possible
permutations (ir) gives bidirectionality.

| LLaDA 8B* LLaMA38B* LLaMA27B* | Qwen2 7Bf
Model Diffusion AR AR AR
Training tokens 23T 15T 2T T
General Tasks
MMLU 65.9 (5) 654 (5) 459 (5) 70.3 (5)
BBH 49.7 (3) 62.1 (3) 394 (3) 62.3 (3)
ARC-C 45.9 (0) 53.1 (0) 46.3 (0) 60.6 (25)
Hellaswag 70.5 (0) 79.1 (0) 76.0 (0) 80.7 (10)
Truthful QA 46.1 (0) 44.0 (0) 39.0 (0) 54.2 (0)
WinoGrande 74.8 (5) 713 (5) 72.5 (5) 77.0 (5)
PIQA 73.6 (0) 80.6 (0) 79.1 (0) -
Mathematics & Science
GSMS8K 70.3 (4) 48.7 (4) 13.1 (4) 80.2 (4)
Math 314 (4) 16.0 (4) 43 (4) 435 (4)
GPQA 252.(5) 259 (5) 25.7:(5) 30.8 (5)
Code
HumanEval 35.4 (0) 34.8 (0) 12.8 (0) 51.2 (0)
HumanEval-FIM 73.8 (2) 73.3 (2) 26.9 (2) -
MBPP 40.0 (4) 48.8 (4) 232 (4) 64.2 (0)
Chinese
CMMLU 69.9 (5) 50.7 (5) 32.5(5) 83.9(5)
C-Eval 70.5 (5) 51.7:(5) 34.0 (5) 83.2(5)
(Nie, et. al)
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Experiments: Instruction Following & Reversal

Post-trained strictly via SFT

o Improved LLaDA performance on most
downstream tasks
o Native multi-turn dialogue abilities w/o RL

Evaluated on 496-pair Chinese poem
dataset testing forward vs backward

reasoning
o Other models degraded, LLaDA more
balanced

Comparison on Poem
Completion Task

Forward Reversal

GPT-40 (2024-08-06) 82.7 34.3

Qwen2.5-7B Instruct 75.9 38.0

LLaDA-8B Instruct 51.8 45.6
(Nie, et. al)

Classifier-Free Guidance (CFG):

pe(ro|po, "“t)Hw

po(rolm,r:)”

po (ro|po,Tt)

e m is a masked sequence of the same
length as p,

e w is atunable parameter that controls
strength of p,

e Unsupervised CFG balances prompt
alignment and text diversity

Ablation on CFG

ARC-C Hellaswag TruthfulQA  WinoGrande GPQA PIQA

w/o CFG 459 70.5 46.1 74.8 252 73.6
w/ CFG 47.9 72.5 46.4 74.8 26.1 74.4

(Nie, et. al) 1 6




Related Work: Diffusion in NLP

e Early attempts mapped text to continuous embeddings.
o Not scalable — 1B continuous model requires ~64x compute of ARM for similar performance

e Discrete Masked Diffusion Models (MDMs) replaced continuous tracking with

discrete forward/reverse processes.

o Theoretically viable and matched ARM perplexity, but empirical success had a GPT-2 ceiling
o Parallel studies fine-tuned existing ARMs within MDM framework, limited improvements

e LlLaDA s the first pure discrete MDM scaled natively to 8B from scratch.
o Core LLM capabilities are not tied exclusively to autoregression.

17



Limitations & Future

e Inference & Architecture:

o Generation sequence length is a user-defined hyperparameter — No adaptive length control
o lterative global token prediction — No system-level optimizations like KV caching
o More efficient and controllable sampling remains preliminary

e Training:
o Direct comparisons to ARMs were restricted to <1022 FLOPs computational budget

o Sole reliance on SFT — No alignment via RL caps performance and alignment with human
intent

e [LaDA has not been tested on multi-modal data

e Impact on prompt tuning & agent integrated systems not completely
understood

e L|LaDA post-training study needed to further explore diffusion LM potential
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