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Autoregression vs. Diffusion

• Powering image/video 
GenAI products

• Parallel generation

• Superior perceptual quality

AR

• Workhorse of SoTA 
LLMs

• Sequential computation

• Good at compression

Diffusion

Masked 
Diffusion / 
Random-
Order AR



Masked (Discrete) Diffusion Models
Also known as absorbing diffusion, first proposed in Austin et al. (2021)

Austin et al. (2021). Structured denoising diffusion models in discrete state-spaces. 
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Shi et al. (2024). Simplified and Generalized Masked Diffusion for Discrete Data.

Concurrent work MDLM (Sahoo et al., 2024) and RADD (Ou et al., 2024) studied similar models



Continuous-time ELBO

log pθ(x0) ≥ −

• Maximum likelihood is as simple as 
training an ensemble of BERTs 

• Many popular diffusion LLMs are now 
based on masked diffusion and this 
objective (e.g., LLaDA, Dream)

Simplified Masked Diffusion Models (MD4)

Transformer μθ

Logits

Weighted CE loss

Input: ,  x0 t ∼ U[0,1]

masking w/ prob 1 − αt



Faster Generation via Parallel Unmasking

Mayor Muriel Bowser said after meetings with Commissioner Busby on Thursday 
that the new plan will be on board in December.
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Masked Diffusion as Random-Order AR
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Uria, B. et al. (2014). A deep and tractable density estimator. 

Hoogeboom et al. (2021). Autoregressive diffusion models.

Consider the continuous-time reverse process

• : unmasking time of the -th element

• there exists an ordering of the unmasking times

τ(n) n

xσ1

xσ2

xσ3 xσ4

xσ5
xσ6xσ7



Masked Diffusion as Random-Order AR

t

Consider the continuous-time reverse process

• : unmasking time of the -th element

• there exists an ordering of the unmasking times

τ(n) n

CDF of unmasking times: 

• When  is global, all s share the same distribution, 
the unmasking order is uniform across all permutations

• The equivalence is no longer true for generalized masked 
diffusion (Shi et al. 2024) 

P(τ(n) ≤ t) = P(x(n)
t = m) = 1 − αt

αt τ(n)
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Masked Diffusion as Random-Order AR
xσ1

xσ2

xσ3 xσ4

xσ5
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t

• In continuous time (training), all choices of  lead to a 
random-order AR model

• In discrete time (sampling), shape of  determines the 
parallel sampling bandwidth

αt

αt

τ(σ1)

τ(σ2)

τ(σ3)
τ(σ4)



Information Profile 

Lavenant & Zanella (2025). Error bounds and optimal schedules for masked diffusions with factorized approximations.

Chen, S., Cong, K., & Li, J. (2025). Optimal inference schedules for masked diffusion models.

• The result shows we need a slow-to-fast schedule (Shi 
et al., 2024) for a concave information profile.

ϵdisc = 𝔼ν(a) [
N−1

∑
0=1

f(i) −
K−1

∑
k=0

(ak+1 − ak)f(ak)]

• Sampling error: KL(pdata(x)∥psampl(x)) ≤ ϵlearn + ϵdisc

• The discretization error  depends on the data distribution’s “information profile”:
ϵdisc

f (i) = 𝔼pdata(x),σ∼Unif[log pdata(xσi+1
|xσ≤i

)], i = 0,…, N − 1

• Interpretation: how avg. predictability of remaining dimensions grows as we unmask more



Our understanding so far..

• Parallelism in masked diffusion models (MDMs): an artifact of discretization

• Parallelism in AR: came from increasing predictability using observed information

• If parallelism is not unique to diffusion, what about perceptual quality? 
• If this advantage is fundamental, MDM/random-order AR should NOT be able to match 

continuous diffusion in sample quality.



Can MDM/random-order AR match continuous diffusion in 
perceptual quality?
• Seems no: MD4 reports likelihood comparable to strong continuous diffusion, but perceptual quality (as 

measured by FID) is still behind
Perceptual quality (FID)
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Shi et al. (2024). Simplified and Generalized Masked Diffusion for Discrete Data. 



arxiv.org/abs/2511.19664



Continuous Diffusion Loss
Negative ELBO (cont-time limit)  
Derived from maximizing the log-
likelihood of data.

ℒ∞(x) =
1
2

𝔼t∼U[0,1],ϵ∼𝒩(0,I) [λ′￼(t)∥ϵ − ϵθ(zt)∥2]

Reweighted Loss
Practically a “reweighted” version is used

ℒ∞(x) =
1
2

𝔼t∼U[0,1],ϵ∼𝒩(0,I) [w̃(t)λ′￼(t)∥ϵ − ϵθ(zt)∥2]

Kingma, D., & Gao, R. (2023). Understanding diffusion objectives as the ELBO with simple data augmentation. 



Diffusion Models with “Optimal Decoders”

• Consider a modified diffusion model that replaces the learned denoiser with the 
ground-truth reverse transition  for the final  reverse steps.


• Define a sequence of such models  indexed by 

q(x |zt(i)) ∝ q(zt(i) |x)q(x) i

p̃(i) i = 1,⋯, T

Data Noise

q

pθ pθ
x zt(i) zt(T )zt(i+1). . . . . .

pθ
p̃(i) :



Claim 1: More “optimal” reverse steps lead to better ELBOs

<latexit sha1_base64="OFEz9TtN5pRJEcmm+FFBgxwQ3/g="></latexit>
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As we increase , the ELBO improvesi

Since                                                                                          , this implies that incorporating 
an additional optimal reverse step results in a smaller upper bound on data-model KL 
divergence

<latexit sha1_base64="XLPN5c/pASruAcJSHQuEIgg8lxw="></latexit>

KL(q(x)kp̃(i)(x)) = �Eq(x)[log p̃
(i)(x)] + C  �Eq(x)[L(i)(x)] + C



Claim 2: Common diffusion objectives are a weighted sum of the 
improved ELBOs



Reweighted Loss for Masked Diffusion
• The framework is general and can be applied to any diffusion processes

• Applying it to masked diffusion yields:

ℒw̃(x) = − ∫
1

0
w̃(t)

α′￼t

1 − αt
𝔼q(zt|x) [δzt,mx⊤ log μθ(zt)] dt

• Map common continuous diffusion weightings to masked diffusion

• Match in log-SNR ( ) space instead of  space to maintain schedule invarianceλ t

How to choose ?w̃(t)



Impact of Weighting Functions
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Beyond (fixed-order) autoregression and (random-order) diffusion



pθ(y) = ∑
σ

pθ(y, σ) = ∑
σ

pθ(σi |σ<i, yσ<i
)pθ(yσi

|yσ<i
)

Learning-Order Autoregressive Models

: the index of the -th element to generate in sequence σi i y

Distribution of the next position to generate:

Order policy

Wang, Shi, Heess, Gretton, & Titsias (2025). Learning-order autoregressive models with application to molecular graph generation.



The Importance of Insertion
• When the generation order is non-monotonic, model has to guess both the value and the 

absolute position. The latter is very difficult.


if b == ‘<’:
    depth += 1
elif [M] [M] [M] [M]
    depth -= 1 

    

If the model choose to generate depth -= 1 
because it’s easier, it has to know how many 
masks to keep before it

Wu et al. (2026). Dreamon: Diffusion language models for code infilling beyond fixed-size canvas.



Start with empty sequence  

For each step : 

• Sample where to insert: 
 

• Sample what to insert:  
 

•  if not terminate

y = ()

i

zi ∈ {0,..., |y |} ∼ pθ(z |y)

xi ∈ V ∼ pθ(x |y, zi)

y ← insert(y, zi, xi)

( , , )x3 x1 x2

( , , , )x3 x4 x1 x2

..
.

y0

y1

y3

y4

( , )x1 x2y2

z1 = 0

z2 = 1

z3 = 0

z4 = 1

()

( )x1

The Insertion Process

Zhang, Wang, Gretton, Ying, van Dijk, Titsias, & Shi (2016). Variational Learning for Insertion-based Generation.



Variational Learning for Insertion-based Generation
• Exact likelihood is intractable. Standard variational learning maximize the ELBO:





• Challenge: hard to specify the distribution over : different sequences of  that lead to the 
same  do not live in a fixed coordinate system.


• Solution: Use permutation-insertion bijection to reparameterize the likelihood:







• Permutation ELBO:





• A further decomposition allows gradient-based training with low variance (Zhang et al., 2026)

log p(y) − KL(q({zi}L
i=1 |y)∥p({zi}L

i=1 |y))
z z

y

zi = f (σ≤i) ≜ 1 + |{j ∈ σ<i : j < σi} |

p(y) = ∑
σ

p(yσi
|yσ<i

, f (σ≤i))p( f (σ≤i) |yσ<i
) = ∑

σ

p(y, σ)

log pϕ(y) ≥ Eq(σ|y) [log
p(y, σ)
q(σ |y) ]

Zhang, Wang, Gretton, Ying, van Dijk, Titsias, & Shi (2016). Variational Learning for Insertion-based Generation.



Insertion-based Generative Models for Molecular Strings



Goal-conditioned Planning via Insertion



Takeaways: Diffusion vs. Autoregression

• Both properties we believe to separate diffusion from AR are not so fundamental:


• MDM/random-order AR can parallelize sampling as predictability grows during 
generation


• With loss-reweighting, MDM/random-order AR can give diffusion-level 
perceptual quality


• Beyond AR and diffusion:


• From fixed-order and random-order to learning-order


• Insertion is critical for non-monotonic sequence generation


• Scalable learning algorithms exist for these more powerful ways to generate
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Appendix



Variational Learning for Insertion-based Generation
• Define the variational distribution over permutations as a Plackett–Luce (PL) model

L

∑
i=1

𝔼qθ(σ<i|y) [𝔼qθ(σi|σ<i,y)[log
pϕ(yσi

| f (σ≤i), yσ<i
)pϕ( f (σ≤i) |yσ<i

)
qθ(σi |σ<i, y) ]]

Sampling: Parallel Gumbel Top-  
Gradients: REINFORCE Leave-One-Out

k

qθ(σi |σ<i, y) ∝ exp(gθ,σi
)qθ(σ |y) =

L

∏
i=1

qθ(σi |σ<i, y)

• The ELBO further decomposes to
 Exact marginalization


